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附件 2 
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徐锐，万华，方凤美，张春玲， 

立项时间： 2021 年  5  月  7  日 

填表时间： 2022 年  5  月 23   日 

华南农业大学党委组织部 

华南农业大学本科生院 

二 O二二年 

制 

1.2关于“2021百个专任教师党支部思政精品课-数据库应用” 立项通知（合
同）及有关佐证材料
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一、项目既定建设举措执行情况 

1.已完成的既定建设举措：以项目申报表为参照，分条列举已经执行和落实的主要建设（改

革）举措(步骤、计划、措施等) （800字以内），需提供相关证明材料。 

数据库技术是计算机信息系统与应用的核心技术和重要基础。《数据库应用》课程的教学

目标是使非计算机专业学生系统地掌握数据库系统的基本原理和工作机制，掌握数据库设计方

法和步骤，具备设计数据库模式及开发数据库应用系统的基本能力。该门课程的主要特点是理

论与实践联系非常密切，需要培养学生具有较强的计算思维能力及运用数据库专业知识解决实

际工程问题能力。通过课程的学习，使学生理解不忘初心，砥砺前行，勇挑重担，才能成为大

国工匠。 

项目以习近平新时代中国特色社会主义思想为指导，以党的十九大精神为指引，深入学习

贯彻全国全省高校思想政治工作会议精神，深入挖掘专业核心课程的育人功能，落实立德树人

根本任务，把思想政治工作贯穿《数据库应用》教学全过程。该课程教学中的思政实施步骤主

要根据项目申报书分为三步： 

（1） 已经执行融合课程内容挖掘思政元素。例如在讲解数据库技术发展历程中，讲述

我国数据库 40 年的发展历程，探讨科技的发展，传递科技强国的思想，培养学

生的家国情怀和使命担当；在关系数据库查询和 SQL语句时，讲述查询的多种实

现方法；百度、谷歌等搜索引擎的查询效率，培养学生养成认真负责的工作态度、

仔细的工匠精神和求真务实的科学精神；在讲解数据库设计，分析数据库设计步

骤及方法，讨论好的数据库的设计标准，培养学生的创新能力、抗压能力和团队

合作能力。已经设计 5个学时课程教案，包含了这些课程内容及对应的思政元素。 

（2） 已经按照不同时代的学生特点进行科学引导。针对 00后学生，思想活跃，讲课以

幽默诙谐的语言、润物细无声的方式自然和谐地向学生传递社会主义核心价值观，

给学生带来真实的体验感与获得感，关心学生，与学生多沟通，加强学生政治信

仰、社会责任、价值取向的教育。

（3） 已经结合课程教学创新方法进行思政元素的灌输。已经采用线上线下、雨课堂和

腾讯会议新型教学方式，培养学生爱国主义、职业道德规范、精益求精的工匠精
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神和科学思维和自主创新精神。 

项目已经在校内开展了半年的实践应用（2022.2-2022），运行效果良好，附件已提供相关

证明材料。 

2.未完成的既定建设举措：项目申报表已设定的，但目前尚未实施或者未完全实施的建设

(改革)举措，分条列举，并说明未执行相应建设举措的原因。（300字以内） 

无 
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二、项目预期成果达成情况 

1.已完成的预期成果清单：以项目申报表为参照，分条列举已经完成的与本项目密切相关

的主要建设成果清单（500字以内），并附成果证明材料。 

以项目申报表为参照，已经完成的与本项目密切相关的主要建设成果清单如下： 

（1） 修订的数据库应用的课程教案

根据本门课本每章的课程内容，插入对应的思政元素，新建一份修订的课程教案。 

（2） 1次课程思政公开课佐证

   在 2022年 6月 7号上午，本人在院楼 618开展关于数据库融合思政的公开课，由数信学

院组织。 

（3） 设计了 4个典型教学案例

   第一个为：在讲解数据管理技术发展阶段，探讨科技的发展，传递科技强国的思想，培

养学生的家国情怀和使命担当； 

   第二个为：讲解数据库关系查询时，通过引入百度、谷歌等搜索引擎的查询效率，传递

严谨的工作学习态度，一丝不苟的工匠精神； 

   第三个为：讲解数据库完整性，通过从学校的学风建设、制度管理探讨制度约束的重要 

性，进而讨论数据库的完整性约束，引导学生认识制度约束的重要性，强化学风建设； 

   第四个为：讲解数据库设计，通过分析数据库设计步骤及方法，讨论好的数据库的设计

标准，培养学生的创新能力、抗压能力和团队合作能力。 

2.未完成或超期完成的成果清单：项目申报时设定，但尚未完成的建设成果，分条列举

并说明原因。项目申报时未设定，但目前超出预期完成的建设成果（必须与项目建设直接相

关），分条列举（300字以内），并附成果证明材料。 

无 
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三、项目建设成果应用、推广、示范 

项目主要建设成果在校内外的实践应用情况、推广共享情况和对教学改革的示范促进作用 

(600字以内)，需附实证或证明材料。 

项目主要建设成果在校内开展了半年的实践应用，时间为 2022.2-2022.6。开课学生为

2021级艺术学院广电编导和环境设计专业共计 170名。具体地，其推广共享情况和对教学改

革的示范促进作用如下： 

（1）在课程讲解中，通过课程内容引入具体的实例，同时结合当前热点问题和身边发生的

事件，用学生熟悉的语言、感兴趣的方式将思政教育无缝衔接到教学中，让学生在认知、情

感、行为上产生共鸣，更有说服力。之后，发现学生们更加认真上课，对于知识点的吸收也

更好。 

（2）在理论教学过程中，运用多样化的教学方法和手段，如在课堂上通过腾讯视频、案例

讲解、情境教学、雨课堂弹幕投稿、课堂讨论、回答问题等多种教学方法手段，以思政内容

融入并牵引专业知识，运用多媒体和课堂互动讨论，鼓励自由发言，提出创新问题，增加课

堂参与度与趣味性，把政治性过强的内容转为现实案例研讨，在知识传授中弘扬民族精神，

做到以思政促知识、促能力，促进整体教学效果的提升。 

（3）在课程实践与实验中，针对学生不同层次、不同阶段的学习，采用了多层次、递进式 

的数据库实验教学体系，精心设计教学案例。在实践中，让学生组队完成数据库综合创新应

用实验，该部分内容要求学生以小组为单位完成，成员之间分工协作，扮演不同的角色，合

作完成系统的开发。在这个过程中，学生之间相互学习讨论，培养了学生探索研究能力及团

队作能力，形成独立自主思考，探索解决方案。 

   材料包括：2021年 9月以副主编出版了《数据库技术及应用教程》和《数据库技术与应

用教程上机指导与习题》（第 3版） 

四、其他需要说明的问题及后续建设规划 

分析目前项目建设仍然存在的主要未解决的问题及对策，填写后续建设设想或应用推广计划

等（500字以内） 

  在目前项目建设中，仍然存在的主要未解决的问题就是本门课程内容较多，学时较短，

在讲解思政内容时，会不知不觉进行思政元素拓展，导致专业内容没有正常讲解完。因此，

在后续课程建设设想中，思索如何平衡专业知识点和思政内容的讲解，让学生在思政内容中

更好地吸收专业知识点。 
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1.3关于“2022年度华南农业大学课程思政-示范课堂” 立项通知（合同）及有关
佐证材料



1

附件：

2022年省级课程思政改革示范拟推荐项目和校级课程思政示范项目认定结果名单

序号 推荐类型 所属学院 项目负责人 备注

1 课程思政试点学院 资源环境学院 周艳华 拟认定校级

2 课程思政试点学院 经济管理学院 谭莹 拟认定校级

3 课程思政试点学院 兽医学院 鲍金勇 拟认定校级

序号 推荐类型 项目名称 所属学院 项目负责人 备注

1 课程思政示范团队 动物生物化学与饲料生物技术教学团队 动物科学学院 习欠云
拟认定校级，同时拟推

荐省级

2 课程思政示范团队 数学建模课程思政示范团队 数学与信息学院、软件学院 房少梅
拟认定校级，同时拟推

荐省级

3 课程思政示范团队 电子信息工程专业基础课程思政教学团队 电子工程学院 （人工智能学院） 宋淑然
拟认定校级，同时拟推

荐省级

4 课程思政示范团队 食品微生物学课程思政示范团队 食品学院 钟青萍 拟认定校级

5 课程思政示范团队 无机及分析化学课程思政示范团队 材料与能源学院 刘英菊 拟认定校级

6 课程思政示范团队 压花艺术教学团队 园艺学院 陈国菊 拟认定校级

7 课程思政示范团队 刑事法实践教学团队 人文与法学学院 杜国明 拟认定校级

8 课程思政示范团队 水产专业基础课程思政教学团队 海洋学院 王梅芳 拟认定校级
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40 课程思政示范课堂 国兰鉴赏 基础实验与实践训练中心 羊海军 拟认定校级

41 课程思政示范课堂 刑事诉讼的基本原则 人文与法学学院 王琳 拟认定校级

42 课程思政示范课堂 《化学生态学》课程思政的建设与实践 资源环境学院 黎平 拟认定校级

43 课程思政示范课堂 茶树栽培学 园艺学院 晏嫦妤 拟认定校级

44 课程思政示范课堂 《水产动物组织胚胎学》课程示范课堂 海洋学院 范兰芬 拟认定校级

45 课程思政示范课堂 《大学数学 I》 数学与信息学院、软件学院 李凤 拟认定校级

46 课程思政示范课堂 现代汉语课程示范课堂 人文与法学学院 李颖 拟认定校级

47 课程思政示范课堂 兽医外科学 兽医学院 周沛 拟认定校级

48 课程思政示范课堂 数据库应用 数学与信息学院、软件学院 涂淑琴 拟认定校级

49 课程思政示范课堂
“文明互鉴·国际视野·文化自信”--《流

行文化中的世界英语》的课程思政教学课堂
外国语学院 吴章欣 拟认定校级

50 课程思政示范课堂 电路 电子工程学院 （人工智能学院） 张 霞 拟认定校级

51 课程思政示范课堂 太平天国运动第 1节课 人文与法学学院 杨品优 拟认定校级

52 课程思政示范课堂 结构力学思政课堂 水利与土木工程学院 黄欢 拟认定校级

53 课程思政示范课堂 《设计材料与加工工艺》课程思政示范课堂 工程学院 金鸿 拟认定校级

54 课程思政示范课堂 土地利用规划学 公共管理学院 刘光盛 拟认定校级

tu
高亮
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54 课程思政典型案例 兽医外科学课程思政课程思政典型案例-疝 兽医学院 贾坤 拟认定校级

55 课程思政典型案例 融入思政元素的《动物育种学》绪论 动物科学学院 袁晓龙 拟认定校级

56 课程思政典型案例 家蚕的养殖与抽丝 动物科学学院 黄志君 拟认定校级

57 课程思政典型案例
将思政元素融入《蚕桑概论》课程教学中的

探索
动物科学学院 杨婉莹 拟认定校级

58 课程思政典型案例 物理光学 电子工程学院 （人工智能学院） 杨初平 拟认定校级



2.教改论文：
（1）普刊1：全国计算机等级考试二级Access的要点研究与分析
（涂淑琴，万华，张春玲,全国计算机等级考试二级Access的要点研究与分析[J], 计算机教育, 
2017(3), 133-135.）
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1 背 景

全国计算机等级考试 ( National Computer 

Rank Examination，简称 NCRE)是经原国家教育

委员会 (现教育部 ) 批准，由教育部考试中心主

办，用于考查应试人员计算机应用知识与能力的

全国性计算机水平考试体系，其合格证书全国通

用，是持有人计算机应用能力的证明，供用人单

位参考 [1]。教育部考试中心将 Access数据库列为

全国计算机等级考试二级考试的内容之一，作为

数据库应用方向的考核科目，该科目也是华南农

业大学非计算机专业学生参与人数最多的考试之

一，引起广大师生的广泛关注及重视。然而，面

向非计算机专业开设的计算机类课程数量少、学

时短，如何在有限的教学时间内提高该考试通过

率，是非计算机专业数据库人才培养的新挑战。

2 二级Access考试题型分布

二级 Access科目考试时间为 120 分钟，考

试形式为机试，考试环境为Windows 7 + Access 

2010，考试题型及分值分配见表 1。

表 1 二级 Access 的考试题型及分值分配

试题类型 内容 分值

客观选择题
公共基础知识 10

Access 基础知识 30

操作题

基本操作题 18

简单应用题 24

综合应用题 18

在二级 Access数据库科目的考核中，客观

选择题占 40分。其中，公共基础知识占 10分，

主要内容包括基本数据结构与算法、程序设计基

础、软件工程基础；另外 30分是 Access的基础

知识，包括数据库基础理论、关系运算、SQL查

询语句以及 Access的七大对象（表、查询、窗

体、报表、页、宏和 VBA）概念和知识 [2-3]。

操作题占 60分，分为 3类题型：基本操作

题、简单应用题和综合应用题。基本操作题主要

考查数据库中创建表的操作，通常占 18分；简

单应用题主要考查 SQL查询与窗体的结合等操

基金项目：华南农业大学数学与信息学院教育教学改革与研究项目（SXJG201503，SXJG201506）；华南农业大学
教育教学改革与研究一般项目（JG15074）。

第一作者简介：涂淑琴，女，讲师，研究方向为数据库技术、图像处理和智能算法，tushuqin@163.com。

全国计算机等级考试二级 Access 的要点
研究与分析

涂淑琴，万 华，张春玲

（华南农业大学 数学与信息学院，广东 广州 510642 ）

摘 要：二级 Access 作为全国计算机等级考试科目之一，现已成为华南农业大学非计算机专业学生参

与人数最多的计算机水平认证考试。为提高 Access 课程的教学质量，在分析二级 Access 考试题型分布

基础上，总结客观选择题的要点及分值分布，分析 3个层次上机操作题的重点与难点内容，并通过实

例研究对应的实用策略。

关键词：全国计算机等级考试；客观选择题；上机考试 
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作，通常细分为 4小题，占 24分；综合应用题

难度最大，主要考查窗体、报表、宏和 VBA四

大对象之间的综合应用，在该类题中，难点是结

合窗体中的按钮与宏和 VBA操作实现具体功能，

占 18分。

3 客观选择题

客观选择题包含公共基础知识和 Access基

础知识，可分成以下两类进行研究。

3.1 公共基础知识要点

该部分内容是数据结构、程序设计基础和

软件工程的基本知识。其中，数据结构主要考算

法、栈、队列、二叉树和排序的基本概念，要点

包含算法复杂度求解、栈和队列的特点、线性结

构与非线性结构、二叉树的结点个数及遍历排序

和二分查找。队列和栈的特点经常作为考点，例

如栈操作遵循后进先出的特点，队列具有先进先

出的特点。二叉树方面主要考察求解二叉树的深

度。程序设计基础主要考核程序设计方法、对

象、属性、继承、多态等概念。软件工程基础包

括软件生命周期、软件设计、程序测试与调试方

法。公共基础课程共占 10分，分值少且内容分

布广泛，不能投入大量时间研究所有知识点，可

以研究近 5年的真题命题规律，挖掘其重要知识

点及常考点进行高效复习。

3.2 Access 基础知识

Access基础知识包括数据库基础理论，主

要有数据库概念设计、关系运算、SQL查询语

句以及 Access的 7种对象的概念和知识。数据

库概念设计考核内容主要是 E-R图模型，包括实

体、联系、属性等。关系运算考核内容主要包括

选择、投影、自然连接和除法操作。Access基础

知识内容多且庞杂，笔者统计了 5年共 50套题

的数据并进行分析，Access基础知识的考题分布

见表 2。考点集中在 SQL查询和 VBA知识点上，

其中 SQL查询约占 6分，VBA内容约占 11分，

这两个知识点在 Access基础知识方面占据 50%

以上分值，因此要重点对待。

表 2 Access 基础知识分值分布

知识点 分值分布 / 分

表 4

查询及 SQL 语句 6

窗体 3

报表 3

宏 3

VBA 11

4 操作题的要点研究与总结

二级 Access数据库应用的操作题主要考核

学生能否正确处理数据，要求学生掌握数据库的

基本操作技能，掌握窗体、报表、宏和 VBA的

操作技能，并熟练应用这些技术实现数据库综合

应用 [4]。根据操作题的 3个层次，笔者把操作要

点分成以下 3类进行研究。

4.1 基本操作题

这部分内容考核数据库中表的操作，包括

数据表视图和设计视图。数据表视图的要点是数

据格式设置，包括字体大小、行高、隐藏、冻结

列、导入数据等。表设计视图的操作包括表的数

据类型、主键、关联关系、格式、输入掩码、有

效性规则、增删修改表字段等。

这部分操作相对简单，通过随机统计近两年

50套题的数据，考题分布见图 1，其中主键设

置、格式设置、输入掩码和有效规则是基本操作

的常考内容。

4.2 简单应用题

该部分考核查询的操作，查询类型有 5种：

选择查询、交叉表查询、参数查询、操作查询和

SQL查询。选择查询是最常考的查询，根据指定

条件，从一个或者多个数据源中获取数据并显示

结果。交叉表查询主要将查询的字段分成两组，

一组以行标题的方式显示在表格的左边，一组以

列标题的方式显示在表格的顶端，在行和列交叉

的地方对数据进行综合、平均计数或者其他类型
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的计算，实现简单数据统计功能 [5]。参数查询在

执行时会弹出提示框输入参数信息，可查询与该

参数相关的所有记录。操作查询是需要运行才能

执行的查询，可以根据指定条件生产新表、更新

数据表、追加数据表、删除数据表操作。SQL查

询是用 SQL语句创建的査询，上面所有查询功

能都可以用 SQL语句实现。

查询的考查包括查询的建立和查询设计器的

设置。查询的建立最好使用设计视图创建。查询

设计器包括表的字段名称、表名称、排序、是否

显示字段和条件。其中条件的设置比较复杂，包

括单个条件表达式、模糊查找条件、配合逻辑运

算符进行组合条件查找、在查询的条件中使用函

数等。

4.3 综合应用题

综合应用题主要考核窗体、报表、宏和

VBA操作的融合。窗体与报表的控件设置是必

考内容，控件分为绑定控件、未绑定控件和计

算控件 3类。常考的几个控件为：窗体与报表，

包括修改窗体标题、记录选择

器、浏览按钮和分隔线等设

置；在窗体与报表页眉区添加

标签控件，进行修改其名称、

标题、字体、字大小、加粗等

操作；在窗体报表页脚区添加

按钮控件，修改名称、标题、

按钮上文字的颜色和文字加

粗，设置单击按钮事件属性为

某个宏、设置某单选按钮默认

值属于 0。

另外，报表常考点为页脚添加函数与计算控

件，显示时间和页码。当设置计算控件时要注意

设置控件格式，例如，在报表页脚添加一个计算

控件，输出页码，其显示格式为“当前页 /总页

数”，应添加一个文本框，在文本框中或者其控

件来源输入公式：=[page]&”/”&[pages]。宏操

作主要考察将窗体或命令按钮的单击事件属性设

定为给定的宏对象，例如已有宏对象“m1”，将

窗体中名为“Command1”的命令按钮的单击事

件属性设定为宏对象“m1”。

5 结 语

随着计算机等级考试的不断发展和变化，在

教学中教师要不断研究知识点并总结新教学方

法，深入研究教学知识点和考试内容的联系和区

别，在提高教学水平的同时提高二级 Access等级

考试的通过率。最后，为提高等级考试通过率，

考生在备考 Access时应以考试大纲与实际应用为

中心，多练习历年真题和开发实际应用系统。 
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考虑要点的分布概率

图 1 基本操作题要点分布概率
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目前，几乎所有高校都有开设数据库课程。华南农业大
学从2005年开始，《数据库技术》作为艺术类专业学生的计
算机公共基础课。数据库课程具有理论基础强、实践应用
性突出等特点。在本人的教学中，发现艺术类专业学生由
于该课程理论太难而学习积极性不高，普遍厌烦这门课程。
因此，结合艺术类专业学生的特点以及他们专业的要求，必

须进行实践和理论整合，提高教学质量。如何改革、设计数
据库课程，使之适应艺术类专业教育的培养目标，是我们这

些数据库教师需要认真研究的问题。艺术类专业学生的自
身特点：艺术类学生普遍形象思维能力发达，有自我的特

点，在学习、生活中具有较强的自主自由性，易受情绪支配。
心情好，学习积极性就高；如果状态不好，就完全放弃。他们
情感丰富，富于想象力和创造性，对新事物和新技术有较强

的接受能力和学习能力，但同时会出现容易冲动、欠缺理性
的行为，而且他们凭兴趣学习，对于没有兴趣的课程则消极

学习或者直接放弃，缺乏计划性和控制力。同时，艺术专业
学生在文化基础教育方面比较薄弱，因此在计算机基础知

识方面，存在理论知识薄弱的特点，少部分学生实验操作能

力强，大部分学生比较弱。针对艺术类学生的以上特点，以
本人5年艺术专业数据库课程的教学效果来说，主要有以下

问题。
一、学生学习兴趣不浓，缺乏主动学习的热情
《数据库技术》课程概念比较抽象，基本理论知识比较
多[1]，这部分内容又涉及关系数学和数据模型创建，学生不

是很容易掌握，而目前这部分内容对艺术学生的专业没有

任何直接有效的帮助，因此学生缺乏学习的热情，也不会去

主动学习。
二、教材内容不恰当和滞后
目前高校《数据库技术》教学采用的教材大多是依据全

国计算机等级考试大纲进行编写的，里面包含数据库原理

《数据库技术》课程在艺术类专业的教学改革
涂淑琴，薛月菊，黄晓琳，张 晓

（华南农业大学 信息学院，广东 广州 510640）

摘要：针对本校艺术类专业的特点和学习要求，以《数据库技术》课程教学为主题，结合艺术类专业学生的特点，提出
艺术类专业学生在《数据库技术》课程教学内容、教学方式、课程考核上的一些改进设想。
关键词：《数据库技术》；艺术类专业；课程设计
中图分类号：G 642.0 文献标志码：A 文章编号：1674- 9324（2014）25- 0049- 02

三、课堂教学原则创新
课堂教学原则创新体现在以下四个方面。
1.主体性原则。让学生成为课堂教学的主人，让课堂教

学焕发出生命的活力，把学习主动权交给学生，充分调动其

学习的主动性和创造性。
2.开放性原则。创新性课堂教学应该是个开放的教学
空间。学生的心智应是开放的、自由的、不受压抑的；教学
的内容不是单一的、封闭的，不拘泥于教材和教师的知识视
野；教学结果不满足于课本和教师的所谓标准答案。
3.挑战性原则。在课堂教学过程中，提倡学生向教师挑

战，鼓励学生质疑问难，鼓励学生提出与课本不同的看法，

鼓励学生通过自己的探索，否定权威的结论。
4.差异性原则。创新性课堂教学不实行“一刀切”、“齐
步走”，要通过分层教学最大限度地满足学生因智力、个性
特征、学习习惯个体差异发展的需要。
四、课堂教学内容创新
以培养财经类学生学习能力、创新能力、解决问题能力

为目标，创新现有的教学内容体系，就必须改革现有的教学

内容体系，构成新的教学内容体系，把有利于能力的形成作

为筛选的对象，删除陈旧知识，增加训练能力的知识和前沿

新知识，减少记忆性知识分量。减轻学生的课业负担，使学
生有时间、有条件接触自然，参加社会实践，以适应新形势
下的学生就业素质的培养。对教学内容创新可从以下几方
面着手：（1）从教学内容的背景入手。注意教材背景的适当
拓宽，开阔学生的视野。（2）从教学内容的新颖入手。改变教
学内容僵化，课堂气氛死气沉沉的局面，增加贴近学生现实

生活、反映现代科技发展的最新成果的内容，最大限度地激
发学生的创新意识。
五、教学方法创新
废除不利于培养能力的传统教学方法，运用能培养学

生自学能力、分析处理信息能力的启发式教学、讨论式教
学、模拟实验方法和社会实践方法。启发式教学其精髓在于
启发学生积极思考，培养学生的科学思维方式，鼓励学生大

胆质疑，激发学生的学习积极性和创新精神。讨论式教学是
在自学的基础上进行的，并在自学之后对自学成果进行检

验使学生在不断发表见解中得到锻炼，这样可以培养学生

的自学能力、表达能力、应变及创新能力。模拟实验方法是
培养学生专业技能的重要途径，通过模拟实验，将学生置于

现实工作中，使所学的理论知识转化为技能，为毕业后尽快

就业打下基础。模拟实验应在教师指导和示范下，有目的、
有计划地进行，并做到单项练习与综合练习相结合，集中练

习与分散练习相结合。通过教师的指导和示范，既能让学生
获得规范化的技能动作，又能培养学生的观察能力，还可以

采用社会实践的方法进行教学，教师应紧密结合教学内容，

组织学生开展有目的的社会实践活动，使学生认识到掌握

理论知识的重要性和必要性，巩固学习成果，培养学生的动

手能力和运用知识的能力。
六、考试制度创新，推动教学改革
创新考试制度，推动教学改革，要从考试内容、考试方
式、评分和评判方式四个方面进行。考试内容要做到知识、
能力和素质考核都有。根据学科特点，采用闭卷、开卷、笔
试、口试、论文等考试方式。评分方式可采用百分制、五分
制。评判成绩要把终极考核与过程考核相结合，注重过程考
核，把创新作为评判的重要依据。
总之，在财经类教学中只有实施创新，才能提高学生的

理论知识与实践能力，增强其在社会上的竞争能力，使他们

早日成为经济领域中的重要人才。
参考文献：

[1]刘世清，刘家勋.教育信息技术实用教程（全国教育教学法“十
五”规划教育部重点科研成果）[M ].北京：电子工业出版社，2003.
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和计算机编程的理论基本知识。对艺术类专业学生，数据库
中VBA部分和计算机编程一般不要求掌握；另一方面，越来

越多的艺术领域与计算机技术相结合而产生的新技术手

段，必须让艺术类专业学生掌握。艺术类专业的《数据库技
术》教学在教材选择上面临一个两难问题[2]：一方面非计算
机专业数据库及计算机编程的内容比较难；另一方面艺术

专业与计算机数据库相关的内容过少，同时教材更新时间

长，教材内容明显滞后。
三、实验课程和实际应用脱节
传统的实践教学很多都是作为理论课程的补充，理论

知识学习后，通过上机实践验证，完成对相应理论知识的理

解。上机实践内容相互孤立，没有体现出前后知识点之间的
联系和知识的综合应用，没有完成整个工程项目的开发过

程。很多学生完成实验册子上的每个小实验，但不知道融合
各个分知识点，也不知道如何完成整个工程项目。学生很少
有机会实践一个数据库应用系统的设计和完整开发过程，

更谈不上创新能力的培养。
四、《数据库技术》在艺术类专业的教学改革方案
1.根据艺术类专业学生特点，采用合理的教学方式。针
对艺术类专业学生，我们不能采用对理工专业学生的理性

教学方式，否则，很难达到预计的教学效果。我们可以采用
感性教学方式，引导学生在理论与实际应用中理解知识，培

养学生的学习兴趣。例如，在讲解“数据库设计E-R模型理
论”知识时，以服装设计信息管理系统为例，将设计者与服
装作为实体，研究它们之间的关系，提高了学生的学习兴

趣。在讲解窗体与宏应用中，以讲解如何制作大家熟悉的
QQ登陆界面，讲解控件工具箱中文本、标签、图像和按钮各
个工具的作用，这样使学生觉得很有乐趣。课堂上，采用课
堂讲解、回答问题和课堂互动等[3]多种方式学习，鼓励学生
课前预习，课后复习，培养学生主动学习和创新能力。教学
过程中注重示例讲解。例如，讲解参数查询操作时，以学校
学生一卡通充值为例子，将学号设成参数，根据学号参数迅

速找到学生的个人信息并充值，使学生的思维活跃起来，积

极地参与讨论问题。针对艺术类专业学生自主自由性的特
性，在布置实验操作练习的要求上，主张自主性和创新性。
只要求他们实现系统中的某些功能，方法不限制，细节不严

格要求，充分发挥学生的主观能动性，让他们把数据库操作

实验当成自己设计的作品。
2.设计合理和适当的教学内容。《数据库技术》课程主

要帮助学生完成两大任务：一是学习设计数据库（系统软件

开发），二是学习使用数据库（应用软件开发）。教材与课件
是学生学习数据库的主要方式，对教学的作用不言而喻。因
此，要综合考虑教材内容的完整性、易用性以及对新概念、
新技术的反映。针对艺术类专业学生的特点，在保证内容完
整性的前提下[4]，所选教材应实例丰富，课后有满足学生复

习、巩固所学内容要求的适量习题和实验、实训，内容清晰。
而对示例数据库选择，要保证示例数据库内容完整，容易理

解与接受，并要符合他们感性的理解。为此，本人首先根据
学生的接受能力，将所学的难点与实际应用结合阐述，让学

生觉得难点不难。例如对数据模型理论的讲解，本人针对数
据建模的抽象性与难理解性，将其与汽车、轮船等模型做比
较讲解，使学生印象深刻，充分理解数据模型的重要性。对
实验教学内容的安排一般设置上机题和验证题，这些必须

与学生的认知规律相一致，针对不同专业的学生因势利导，

让学生有所收获。以下是本人针对艺术学院学生设计的

Access教学工作执行计划表：

3.设计有效可行的课程考核方法，充分体现应用能力

的培养。制定一套切实可行的评分标准，对于考核学生理论
掌握与应用创新非常重要。针对艺术专业学生，理论知识掌
握较薄弱、动手创新能力较强，并且其学习目标与侧重点不
同，考核方式也有所区别。该门课程本人采用平时考核占主
导地位（70%），期末考试占30% 。平时考核采用课后作业、
上课点名、随堂测试和课内上机实验操作技能考核相结合
的方法（作业：15% ；上课点名：5% ；随堂测试：20% ；上机实

验：30%），这部分主要考查学生平时的学习能力与操作技

能，成绩占70% ；以闭卷考试方式进行期末考试，成绩占

30% ，考查学生平时操作与基本知识的理解。增加平时成绩
的分值，注重日常的学习和积累，通过多次考核综合评定成

绩[5]。对于点名的考核，采取以提问方式代替直接点名的方
法，增强了学生听课的专注程度以及教学中的互动，效果较

好。上机实验成绩提升至30% ，同时增加实验中的随堂上机
考核环节，能提高学生解决实际应用问题的能力。注重加强
学生平时学习情况的考核，课程中相对独立的学习内容结

束后增加单元测试环节，以此作为随堂测验20% 的依据。将
期末考试成绩占总成绩的30% ，这样既可以避免艺术专业

学生死记硬背理论知识的缺点，又可以防止部分学生靠最

后几天复习就过关的情况。探索数据库课程考试内容与方
法的变革，重视理论与实践技能知识的考核，对促进学生主

动学习具有良好的效果。
《数据库技术》课程是一门理论和实践密切结合的学
科。改革《数据库技术》课程的教学方法、教学内容和考核模
式，灵活地并创造性地掌握好教学过程和兴趣切入点，为艺

术类专业学生营造良好的学习热情和氛围，对提高艺术类

专业学生整体的数据库应用水平和综合素质起到了重要的

作用。
参考文献：

[1]王珊，萨师煊.数据库系统概论[M ].北京：高等教育出版社，

2006.

[2]章雁.艺术类专业计算机基础教学的研究[J].海峡科学，2012，
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表9 科研课题情况涂淑琴 主持的课题

序号 项目名称 评审等
级

项目来源
合同经
费/实到
经费

立项时间 结题时间 课题组
总人数

本人排
名

是否结
题

备注

 1

 基于RG
B-D传感
器的百香
果成熟度
判别系统
应用示范

 B  广东省
科技厅

 5.0  2015-07
-31

 2018-01
-01  4  1  是

 2

 尿液细
胞实例分
割算法研
发

 横向  7.0  2022-06
-16

 2024-06
-01  5  1  是

 3
 尿液细
胞多目标
跟踪算法

 横向  8.0  2022-10
-08

 2024-10
-20  6  1  是

 4

 基于多
目标跟踪
的群养生
猪异常行
为研发

 A  横向  150.0  2024-07
-12

 2029-07
-12  15  1  否

 5

 基于Mas
k R-CNN
和Soft-N
MS融合
的群养粘
连猪实例
分割方法
专利转让

 横向  1.0  2024-07
-18

 2024-10
-26  2  1  是

科技处审核人及盖章：

 年      月      日

二、科研项目
1.主持：关于基于多目标跟踪的群养生猪异常行为研发项目的立项通知（合同）及有关佐证材料
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2.主持：基于RGB-D传感器的百香果成熟度判别系统应用示范项目的立项通知（合同）及有
关佐证材料
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The OKByte-AR: a multi-stage MOT framework for identifying aggressive 
interactions in pigs
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A B S T R A C T

Aggressive interactions among pigs play a crucial role in establishing social hierarchies, and severe aggressive 
behaviors also lead to injuries and economic losses in commercial pig farming. Recent advances in deep learning- 
based methods, such as object detection and multi-object tracking (MOT), have enabled accurate pig aggressive 
behavior detection and tracking. However, these methods have difficulty in identifying the attacker and the 
attacked in an aggressive interaction. To address these challenges, we proposed OKByte-AR, a multi-stage MOT 
framework that integrated oriented bounding box (OBB) and keypoint detection, MOT, and post-tracking pro
cessing for pig aggression relationship identification. Additionally, we created a new evaluation metric, 
Aggression Relationship Evaluation Score (ARES), to fill the gap in existing metrics for accurately evaluating pig 
aggression relationship recognition. We constructed a novel dataset annotated with OBBs, keypoints, and 
aggression relationship links. Experimental results demonstrated that our method outperformed the baseline 
YOLO11 in detection performance, with mAP50 and mAP50-95 of 90.90 % and 82.70 %, respectively, which are 
5.10 % and 15.30 % higher compared to YOLO11. For tracking performance, our method achieved the highest 
scores across four key MOT metrics compared to ByteTrack, OC-SORT, Deep OC-SORT, and BoT-SORT, with a 
Higher Order Tracking Accuracy (HOTA) of 85.78 %, Multiple Object Tracking Accuracy (MOTA) of 98.50 %, 
Identification F1 Score (IDF1) of 99.25 %, and only 2 Identity Switch (IDSW). In aggression relationship iden
tification, our approach achieved an average ARES score of 66.92 % across the validation set. These results 
highlight the robustness and practicality of our approach for precision livestock farming and automated 
aggression monitoring. We shared our code at https://github.com/Ultran-cyf/OKByte-AR.

1. Introduction

Aggressive interactions among pigs are vital for establishing social 
hierarchies, as they determine dominant-submissive relationships 
(Meese and Ewbank 1973). Although such interactions are necessary for 
forming the group hierarchy, they often result in serious injuries, 
including skin trauma, infection, and even fatal injuries. The injured 
pigs have more difficulty in feeding, leading to lower growth rates 
(Stookey and Gonyou 1994). In stable social groups, aggressive in
teractions are much lower, and the risk of injury is lower (Jensen 1982). 
However, in commercial settings, it is common practice for pigs to be 
regrouped, which results in an unstable social group. Each time pigs are 
regrouped, a new hierarchy must be formed, which triggers a large 
number of aggressive interactions (Fraser et al., 2023). Moreover, 
intensive feeding environments expose pig groups to intensified 

competition, further exacerbating injuries (Stukenborg et al., 2011). 
Therefore, timely intervention during aggressive events is essential to 
reducing injuries and the risk of infection, accelerating hierarchy sta
bilization, and minimizing economic losses in pig farming.

With the rapid advancement of computer vision, many researchers 
have applied object detection techniques to study pig aggression. For 
example, Xia et al. (2025) proposed a hybrid model, PAB-Mamba-YOLO, 
integrating Mamba and YOLO architectures to detect aggressive be
haviors such as mounting, nose hitting, tail biting, and ear biting in 
weaned piglets. Yan et al. (2024) developed an adaptive dual-modal 
deep neural network to detect the onset and offset of aggressive be
haviors in group-housed pigs. Gao et al. (2023) introduced a CNN-GRU 
hybrid model and Ji et al. (2023) designed a Temporal Shift Module 
(TSM), respectively, to differentiate between four aggressive and five 
non-aggressive behaviors. Similarly, Fraser et al., 2023 employed a CNN 
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with image differentials to recognize six aggressive and three non- 
aggressive behaviors. Chen et al. (2020) tested a method based on 
CNN and Long Short-Term Memory (LSTM) to recognize aggression.

While these studies have made significant contributions to the 

detection of pig aggression, their use of horizontal bounding box (HBB) 
leads to excessive background noise, reducing the precision of aggres
sion target identification. To address this issue, some researchers (e.g., 
Fu et al., 2025, Li et al., 2025, Lu et al., 2024) have introduced oriented 

Fig. 1. Flowchart of the OKByte-AR for pig aggression relationship identification.
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bounding box (OBB), which more accurately aligns with the object 
shape and minimizes redundant information. Inspired by these ad
vances, this study adopts OBB for the localization of pigs.

Object detection techniques have achieved significant progress in the 
study of pig aggressive behavior. However, object detection can only 
extract spatial features of aggressive interactions and struggles to cap
ture the temporal features, making it difficult to analyze the motion 
processes of pigs during aggressive interactions. Some studies have 
begun to explore the use of multi-target tracking (MOT) techniques to 
solve this problem. For instance, Wei et al. (2023) combined EMA- 
YOLOv8 with ByteTrack to track five types of aggressive behavior and 
calculate their durations for each pig. Liu et al. (2020) used a combi
nation of CNNs and recurrent neural networks (RNNs) to extract 
spatiotemporal features and proposed a minimal unit tracking method to 
analyze aggression trajectories. These studies laid a foundation for dy
namic behavior analysis; however, they did not identify the aggression 
relationships between pigs—i.e., the attacker and the attacked recog
nition in an aggression interaction.

Given the complexity of pig aggression, existing metrics are inade
quate for evaluating the identification of aggression relationships. 
Therefore, we created a new metric, the Aggression Relationship Eval
uation Score (ARES). ARES can capture two key characteristics of pig 
aggressive behavior: bilateral alternation and temporality. Bilateral 
alternation describes the phenomenon in which, during aggressive in
teractions, pigs may alternate roles between attacker and attacked or 
play both roles. Temporality refers to the duration of the pig attack 
interaction, which typically lasts several seconds to two minutes 
(McGlone 1985, D’Eath and Turner 2009). In complex scenarios, there 
are currently significant challenges to identifying identities in the 
interaction of aggressive behaviors.

Addressing the challenges mentioned above, we proposed OKByte- 
AR, a multi-stage MOT framework, which incorporated OBB and key
point detection, MOT, and post-tracking processing for pig aggression 
relationship identification. Firstly, we used a combination of OBB and 
keypoint (OK) for pigs’ detection, where OBB indicates the body and 
keypoint marks the mouth. Secondly, we developed the OKByte tracker 
to simultaneously track both the pigs’ body OBBs and mouth keypoints. 
Thirdly, we designed a post-tracking processing module, the Pig 
Aggression Relationship Module (PARM), for pig aggression relationship 
identification and the duration of the aggressive interactions. Finally, we 
create the ARES metric to calculate the accuracy of aggressive re
lationships. Also, we used the OKByte-AR to record the duration of 
aggressive interactions, enabling the filtering of improbable interactions 
to accurately identify aggressive relationships.

The main contributions of this work are as follows: (1) To identify the 
attacker and the attacked in a pig aggression interaction while 
improving the detection accuracy, we designed the OK detection model 
by combining OBB and keypoint detection. (2) We proposed the OKByte- 
AR framework for pig detection, pig tracking, and aggression relation
ships identification. (3) To assess the accuracy of pig aggression rela
tionship recognition, we created a new evaluation ARES metric. (4) We 
constructed a novel dataset for pig aggression identification, annotated 
with OBBs, keypoints, and aggression relationship links.

2. Materials and methods

The overall experimental process for identifying pig aggression re
lationships is shown in Fig. 1. First, we prepared the dataset by anno
tating all video recordings using the X-AnyLabeling (Wang 2023) tool. 
The annotation process incorporates three elements: OBBs, keypoints, 
and aggression relationship links. Specifically, OBBs are used to repre
sent the body of each pig, keypoints mark the position of the pig’s 
mouth, and aggression relationship links relationship between the 
attacker and the attacked. Second, we independently developed the OK 
detection model, OKByte tracker, and PARM, which were then inte
grated into a unified framework named OKByte-AR. Third, we evaluated 

the performance of each component in the OKByte-AR framework and 
visualized the corresponding output results.

2.1. Dataset preparation

In this study, pig aggression behavior videos were obtained from Ji 
et al. (2023). The dataset was collected from the Research Base for Pig 
Nutrition and Environmental Control in Rongchang District, Chongqing 
City. To create a standardized dataset, we preprocessed the raw video, 
retaining only segments that contained aggressive behaviors. Each 
segment includes a 3 to 5-second non-aggressive behavior window to 
enhance contextual information before and after the aggression event. 
We then annotated the dataset as illustrated in Fig. 2(a), each pig is 
labeled with an OBB and a mouth keypoint, both carrying an ID and 
category. If an aggressive interaction occurs, the attacker is linked to the 
attacked with an aggression relationship link as shown by the orange 
line in Fig. 2(b).

We labeled the behavioral categories based on the definitions of 
aggressive and non-aggressive behaviors outlined in Gao et al. (2023). 
The category of Aggression includes biting, knocking, treading, and 
chasing, and the category of NON-Aggression includes feeding, drinking, 
lying, etc. Specific behavioral descriptions and data examples are shown 
in Table 1 and Fig. 3.

Pigs’ non-rigid bodies exhibit varying degrees of deformation during 
interactions (Chen et al., 2018), leading to multiple valid OBB annota
tion options. As shown in Fig. 4(a)–(c), when the pig is undeformed, it is 
easy to align the edges of the OBB with the pig’s body. However, mul
tiple annotation choices become possible under moderate or severe 
deformation, posing a challenge to constructing a standardized dataset.

To address this challenge, we propose a head–tail aligned annotation 
strategy. As shown in Fig. 5, the yellow dashed line represents the hy
pothetical connection between the pig’s head and tail, and the red edge 
of the OBB indicates its long side. By aligning the red edge parallel to the 
yellow dashed line, the OBB can compactly and accurately represent the 
pig’s body, effectively reducing the background, and also provides a 
standard way to construct the dataset.

Finally, we constructed a dataset consisting of 31 video clips with an 
average duration of 39 s, which was randomly split into training and 
validation sets at 7:3.

2.2. The OKByte-AR framework

Building upon the traditional tracking-by-detection (TBD) frame
work, we modified and extended it to develop OKByte-AR, as shown in 
the third row of Fig. 1. The traditional TBD framework consists of a 
detector for object detection and classification recognition tasks, and a 
tracker for ID identifying and behavior tracking task, while our frame
work adds a PARM post-tracking module to support pig aggression 
relationship recognition work after MOT task.

2.2.1. The OK detection model
Based on YOLO11 (Khanam and Hussain 2024), we developed the 

OK detection model, which integrated rotated bounding boxes and 
keypoints for joint detection. The overall architecture of the proposed 
model is illustrated in Fig. 6.

In the backbone and neck, our model follows the original YOLO11 
architecture, which includes convolutional blocks, C3K2 modules, the 
SPPF module in the backbone, and a PAN structure with C2PSA modules 
in the neck. The C3K2 module enhances information flow by splitting 
feature maps and applying efficient small-kernel convolutions. The SPPF 
module captures multi-scale contextual information through sequential 
max pooling, improving small object detection. The C2PSA module in 
the neck introduces spatial attention to emphasize important regions, 
enhancing robustness under occlusion and dense scenarios.

In the head, we propose a novel OBBKpt Detect module, which in
cludes four parallel branches for predicting object category, bounding 
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box size and center, orientation angle, and keypoint location. This 
custom detection head enables the model to provide richer spatial cues 
for downstream relationship analysis.

2.2.2. The OKByte tracker
We designed the OKByte tracker based on the BYTE framework 

(Zhang et al., 2022), retaining its original efficiency while incorporating 

keypoint tracking and improving tracking accuracy. As illustrated in 
Fig. 7, the OKByte tracker consists of three main steps: input pre
processing, data association, and tracklet management.

(1) Input preprocessing.
The inputs consist of the detection results D of the OK detection 

model and the tracklets Tt− 1 of the previous frame t − 1. The detection 
results D are separate into Dhigh and Dlow based on the OBB confidence 
threshold τ. The tracklets Tt− 1 are processed by an improved Kalman 
Filter (KF) to predict tracks. The original BYTE framework inherited the 
7-dimensional state vector from the SORT (Bewley et al., 2016) to pre
dict each track, as in Eq. (1). 

x =

[

xc, yc, s, a, ẋc, ẏc, s
]T

(1) 

Where 
(
xc, yc

)
are the 2D coordinates of the object center in the image 

plane, s is the bounding box scale (area) and a is the bounding aspect 
ratio. The remaining three variables represent their velocities.

Fig. 2. Illustration of dataset annotation.

Table 1 
Definition of aggressive behavior.

Classification Type Description

Aggression Biting The aggressive pig uses its mouth to bite the victims
Knocking The aggressive pig uses its head to hit the victims
Treading The aggressive pig uses its feet to trample the victims
Chasing The aggressive pig intentionally continues to pursue 

and attack other pigs.
Non- 

Aggression
others Like feeding, drinking, lying, playing, mounting

Fig. 3. Example of pig aggressive behavior.
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In contrast, our improved KF extends the state vector to 10-dimen
sions, as shown in Eq. (2). 

x =

[

xobb, yobb, w, h, ẋobb, ẏobb, ẇ, ḣ, xkpt , ykpt

]T

(2) 

Where 
(
xobb, yobb

)
are the 2D coordinates of the object center in the 

image plane, (w, h) are the width and height of the bounding box, and 

the next four variable 
(

ẋobb, ẏobb, ẇ, ẏ
)

represent their velocities. The 

remaining two variables 
(

xkpt , ykpt

)
represent the coordinates of the 

keypoint.
Replacing (s, a) with (w, h) enables more accurate track prediction, as 

illustrated in Fig. 8. The green boxes represent the tracking boxes using 
the improved KF, while the yellow dashed boxes represent the tracking 
boxes before the improvement. The tracking bounding box of the 
improved KF can fit the target more accurately.

The coordinates 
(

xkpt , ykpt

)
are used for keypoint tracking. Instead of 

using KF to predict the keypoint positions, we directly embed the 
detection results into the tracks, replacing the previous results whenever 
new ones are available.

(2) Data association
The first association is performed between the high-score detections 

Dhigh and the tracklets Tt− 1, the similarity is computed by the OBB IoU 
distances. Then, the unmatched tracks Tremain from the first association 

and the detections Dlow are matched by the second IoU-based associa
tion. Finally, we get the matched tracks Tt, unmatched tracks Tre− remain 
and unmatched detection Dremain and Dre− remain, and enter them all into 
the Tracklet management module.

(3) Tracklet management.
The tracklet management module includes four situations: For the 

matched tracks Tt, update their trajectories using the improved KF. For 
the unmatched tracks Tre− remain, move them into the set Tlost. For the 
unmatched detections Dremain, create new tracks and assign them a new 
ID. For the unmatched detections Dre− remain, simply delete them. In the 
end, the current frame tracklets are output.

2.2.3. The PARM module
We created the PARM module to identify aggression relationships 

among pigs. The detailed workflow and corresponding pseudocode are 
presented in Fig. 9 and Algorithm 1. The PARM module consists of three 
main steps: input preprocessing, aggression association, and data 
analysis.

(1) Input preprocessing.
The input is the tracklets Tt of the current frame t from OKByte 

tracker. The aggression filter selects attacker tracks classified as 
Aggression from Tt and adds them to the queue Ta. Each Tai, where i is 
the index of queue Ta, is then sequentially used for aggression 
association.

(2) Aggression association
Each attacker track Tai undergoes two rounds of aggression associ

Fig. 4. Labeling of OBB with different levels of deformation.

Fig. 5. Illustration of the head–tail alignment annotation strategy.
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ation with all other tracks Tt\ai, where Tt\ai denotes all tracks in frame t 
except Tai. The first aggression association is performed by matching the 
keypoint position of the attacker’s track Tai with the OBB positions of 
each track Tj in Tt\ai. If the keypoint is inside an OBB or the distance 
between the keypoint and the OBB is less than the error margin ε, the 
matched relationship tuple 

(
Tai,Tj

)
is added to the list AR1.We define 

this error margin ε because a pig’s mouth is not a single point but a small 
area. Based on our camera height, the average mouth area of a pig is 
approximately 5 pixels, so ε is set to 5.

The keypoint of an attacker track Tai may be inside the OBBs of 

multiple tracks Tj as in Fig. 10(a), or the distance between the keypoint 
and multiple OBBs is less than the error margin ε as in Fig. 10(b). 
Therefore, the second aggression association is to select the relationship 
tuples from AR1, where the keypoint of each attacker track Tai is most 
deeply inside the OBB of a track Tj, and records the corresponding time 
to be added to AR2 as the final aggression relationship.

(3) Data analysis.
The PARM outputs identified aggression relationships ARfinal along 

with their corresponding durations from AR2 which durations lasting at 
least 2s. This threshold is introduced to filter out spurious aggression 

Fig. 6. The OK detection model.

Fig. 7. Workflow of OKByte tracker.
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Fig. 8. Comparison of the effect before and after KF improvement.

Fig. 9. The Workflow of PARM module.

Fig. 10. Two scenarios that may be encountered in the second aggression association.
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events.
Algorithm 1: Pseudo-code of PARM
Input: Current frame tracklets Tt

Output: Pig aggression relationships and their time duration 
ARfinal and time

Initialization: Ta = [Ta1, Ta2, Ta3,⋯]←∅;AR1 =
[(

Tai, Tj
)
,⋯

]
←∅;AR2 =

{(
Tai, Tj

)
: frame,⋯

}
←∅;ARfinal =

(
Tai, Tj

)
;time = frame/5

1 for frame in Video do
2 ​ for Ti in Tt do
3 ​ ​ /* filter out tracks classified as Aggression */
4 ​ ​ Ta←filter(Tt , Aggression)
5 ​ end
6 ​ /* first aggression association */
7 ​ for Tai in Ta do
8 ​ ​ /* filter out tracks except Tai */
9 ​ ​ Tt\ai←filter(Tt , Tai)

10 ​ ​ for Tj in Tt\ai do
11 ​ ​ ​ if Tai.keypoint in Tj.obb or Tai.keypoint to Tj .

obb distance < ε then
12 ​ ​ ​ ​ AR1←

(
Tai, Tj

)

13 ​ ​ ​ end
14 ​ ​ end
15 ​ end
16 ​ /* second aggression association */
17 ​ for 

(
Tai, Tj

)
in AR1 do

18 ​ ​ /* implemented using OpenCV’s pointPolygonTest 
function */

19 ​ ​ AR2←
(
Tai, Tj

)
: frame + 1 ifTai.keypointis in the 

innermost of Tj.obb
20 ​ end
21 ​ /* output aggression relationships and time duration */
22 ​ for ARfinal, frame in AR2 do
23 ​ ​ if frame⩾10 then
24 ​ ​ ​ time = frame/5
25 ​ ​ ​ Return ARfinal and time
26 ​ ​ end
27 ​ end
28 end

3. Results and analysis

3.1. Evaluation metrics

To objectively evaluate the performance of each task in the OKByte- 
AR, we comprehensively utilized detection metrics, MOT metrics, and 
our created aggression relationship accuracy metric.

The detection performance was evaluated using Precision (P), Recall 
(R), mAP50, and mAP50-95, where mAP50 represents the mean Average 
Precision at an IoU threshold of 0.5 and mAP50-95 across IoU thresholds 
from 0.5 to 0.95. In the tracking task, we selected four key evaluation 
metrics: Higher Order Tracking Accuracy (HOTA, Luiten et al., 2021), 
Multiple Object Tracking Accuracy (MOTA, Bernardin and Stiefelhagen 
2008), Identification F1 Score (IDF1, Milan et al., 2016), and Identity 
Switch (IDSW, Milan et al., 2016) for performance assessment.

HOTA decomposes tracking into detection, association, and locali
zation. MOTA offers an intuitive evaluation by considering false posi
tives, false negatives, and identity switches, reflecting the tracker’s 
effectiveness in object detection and trajectory maintenance. IDF1 fo
cuses on the continuity and accuracy of the trajectory, responding to 
whether the objects remain consistently tracked across frames. IDSW 
measures the number of times a tracked object is incorrectly assigned a 
new identity, highlighting failures in identity association. A lower IDSW 
value indicates better tracking robustness, while higher HOTA, MOTA, 
and IDF1 scores suggest good overall tracking performance.

In the aggression relationship identification task, we created the 
Aggression Relationship Evaluation Score (ARES). Considering the 
temporality of pig aggressive behavior, ARES reflects this characteristic 
by summing the per-frame accuracy across time. It was as shown in Eq. 
(3). 

ARES = 1 −

∑
t(FPt + FNt)
∑

tGTt
(3) 

In frame t, FPt represents falsely identified aggression relationships, 
FNt denotes aggression relationships not recognized by PARM, and GTt 

is the total number of ground truth aggression relationships.
Moreover, considering the bilateral alternation characteristic of pig 

aggressive behavior, when two pigs are attacking each other simulta
neously, we split it into two unidirectional aggression relationships for 
evaluation. Specifically, if Pig 1 and Pig 2 are both the attackers and the 
attacked at the same time, it is divided into "Pig 1 attacks Pig 2" and "Pig 
2 attacks Pig 1". ARES provides a balanced evaluation of aggression 
relationship identification by penalizing the incorrectly identified and 
missed relationships, with higher values indicating better performance.

3.2. Experimental results

3.2.1. Performance of the OK detection model
We compared the detection performance of the OK detection model 

with the baseline YOLO11 detection model. The results are shown in 
Table 2. Across all categories, the OK detection model achieved 92.10 %, 
88.90 %, 90.90 %, and 82.70 % for P, R, mAP, and mAP50-95, repre
senting improvements of 11.90 %, 4.30 %, 5.10 %, and 15.30 %, 
respectively, over the baseline YOLO11 detection model. For categories 
Aggression and NON-Aggression, the OK detection model outperformed 
the baseline YOLO11 detection model by an average of 12.30 % and 
6.00 %, respectively, across the four metrics.

We further observed some examples in Fig. 11 where the HBB rep
resentation contained a large amount of information from other pigs 
when the pig engaged in aggressive interactions, as shown by the yellow 
area. In contrast, the OBB representation had almost no redundant in
formation. This is the fundamental reason why the OK detection model 
performs better than the baseline YOLO11 model, which also provides 
an excellent foundation for subsequent tracking and aggressive rela
tionship identification.

In addition to object detection, we also evaluated the keypoint 
detection performance of the OK detection model. The results are 
summarized in Table 3. Across all categories, the OK detection model 
achieved 56.00 % for P, 53.50 % for R, 52.50 % for mAP50, and 29.20 % 
for mAP50-95. A comparison between categories Aggression and NON- 
Aggression revealed that the overall performance was adversely affected 
by the low scores in the NON-Aggression category.

Through video analysis, we observed that compared to aggressive 
pigs, non-aggressive pigs posed greater challenges for mouth keypoint 
localization, as illustrated in Fig. 12. The yellow markings indicate pigs 
whose keypoints are difficult to detect, while the green markings 
represent pigs whose keypoints are easily detectable. Due to camera 
angles and occlusions, the mouths of non-aggressive pigs are often 
partially or fully obscured. In contrast, aggressive pigs primarily use 
their heads or mouths to initiate attacks, making their mouth keypoints 
more prominent and easier to detect. However, since this study pri
marily focused on aggressive pigs, the scores in category Aggression 
were of greater significance.

Table 2 
Performance comparison of the OK and the baseline YOLO11 detection model.

Detection 
model

Class P ↑ R ↑ mAP50 ↑ mAP50- 
95 ↑

baseline 
YOLOv11 
detection 

model

Aggression 68.80 % 72.20 % 74.90 % 59.30 %
NON- 

Aggression
91.70 % 97.00 % 96.70 % 75.50 %

ALL 80.20 % 84.60 % 85.80 % 67.40 %
OK detection 

model
Aggression 86.80 % 79.30 % 83.10 % 75.00 %

NON- 
Aggression

97.50 % 98.50 % 98.60 % 90.30 %

ALL 92.10 % 88.90 % 90.90 % 82.70 %
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3.2.2. Performance of the OKByte
To evaluate the MOT performance, we compared the proposed 

OKByte tracker with ByteTrack (Zhang et al., 2022), OC-SORT (Cao 
et al., 2023), Deep OC-SORT (Maggiolino et al., 2023), and BoT-SORT 
(Aharon et al., 2022). The results are summarized in Table 4. OKByte 
achieved the highest HOTA of 85.78 %, MOTA of 98.50 %, and IDF1 of 
99.25 %, significantly outperforming the other methods. Compared to 
the second-best BoT-SORT, OKByte improves HOTA by 1.75 %, MOTA 
by 1.10 %, and IDF1 by 3.69 %, while reducing IDSW from 37 to 2. These 
results validate the effectiveness of our OKByte in MOT, especially in 
scenarios where pigs frequently interact, overlap, or engage in aggres
sive behaviors. Furthermore, it lays a solid foundation for aggression 
relationship identification.

3.2.3. Performance of the PARM
To assess the effectiveness of our PARM, we evaluated the ARES 

value on the validation set, and the results are shown in Table 5 with an 
average score of 66.92 %. Sequences 01 and 10 achieved the best ARES 
values at 85.38 % and 84.62 %, respectively. In these sequences, the pigs 
involved in aggressive interactions exhibited prolonged, continuous 
attacking behavior, enabling PARM to associate their interactions 
effectively. As illustrated in Fig. 13(a), when pig2 attacked pig1, it 
continued without interruption for 24.4 s. This clear and sustained 
aggression led to a prediction nearly identical to the ground truth, with a 
total duration error of zero.

Sequences 02, 03, 04, 06, and 09 showed moderate performance, 

Fig. 11. HBB and OBB representation.

Table 3 
Performance of keypoint detection.

Class P ↑ R ↑ mAP50 ↑ mAP50-95 ↑

A 64.50 % 59.00 % 63.00 % 29.30 %
NON-A 47.50 % 48.00 % 42.00 % 29.10 %

ALL 56.00 % 53.50 % 52.50 % 29.20 %

Fig. 12. Illustration of keypoint detection difficulty for A and NO categories.

Table 4 
MOT Performance comparison of OKByte with other MOT algorithms.

Tracker HOTA ↑ MOTA ↑ IDF1 ↑ IDSW ↓

ByteTrack 72.63 % 89.96 % 87.45 % 75
OC-SORT 79.05 % 93.89 % 89.43 % 84

Deep OC-SORT 77.54 % 93.10 % 88.22 % 78
BoT-SORT 84.03 % 97.39 % 95.55 % 37

OKByte 85.78 % 98.50 % 99.25 % 2
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with an average ARES of 66.14 %. In these videos, pigs involved in 
aggressive interactions demonstrated a certain degree of intermittent 
attacks. Such discontinuity can make aggressive features less incon
spicuous and affect the accuracy of the aggression association. As shown 
in Fig. 13(b), pig7 and pig8 exhibited different degrees of intermittent 
aggression. When pig7 attacked pig8, the attacks were highly frag
mented, resulting in some deviation between prediction and ground 
truth, with a total duration error of 2.2 s. In contrast, pig8 attacked pig7 
with a relatively low degree of interruption, and the total time error was 
only 0.4 s.

Sequences 05, 07, and 08 had lower performance, with ARES of 
52.86 %, 58.13 %, and 57.50 %, respectively. In these sequences, the 
attack duration of the pigs was shorter and more fragmented compared 
with other sequences. Under such conditions, it is much more chal
lenging to identify aggressive relationships clearly. As shown in Fig. 13
(c), pig2′s attack on pig3 lasted only 1.4 s, which was directly filtered out 
by PARM due to being shorter than the 2-s threshold. Additionally, 
pig1′s intermittent attacks on pig3 led to further prediction inaccuracies.

Despite the average ARES score being 66.92 % on the validation set, 
the qualitative results from Fig. 13(a)–(c) demonstrate a high level of 
alignment between the predicted and ground-truth aggression dura
tions. The prediction errors for start and end frames were also minimal. 
Even in Sequence 05, which had the lowest ARES score, Fig. 13(c) shows 
that the predicted aggression duration still closely matches the ground 
truth, with only a 2-second error in total duration. This indicates that 
our method is sufficiently effective in identifying aggressive interactions 
among pigs.

4. Discussion

With the rapid advancements in computer vision, numerous deep 
learning-based methods have been developed for the analysis of pig 
aggressive behavior. However, most existing studies primarily focus on 
detecting and tracking aggressive actions, without addressing the 
identification of aggression relationships, a critical component for un
derstanding interactive dynamics within group housing systems.

For instance, Xia et al. (2025), Yan et al. (2024), and Ji et al. (2023)
developed detection models that identify general aggression events 
based on posture or motion cues. Wei et al. (2023) used MOT technology 
to record the duration of aggressive behavior in pigs. While these 
methods are effective for coarse-grained behavior classification, they 
can only identify the occurrence of aggressive events, thereby limiting 
their utility in detailed behavior analysis and welfare assessment.

Our previous work (Tu et al., 2024a, Tu et al., 2024b) employed an 
MOT framework to associate pig behaviors with individual identities, 
demonstrating the feasibility of applying MOT to pig tracking and 
behavior monitoring. However, directly applying MOT to the study of 
pig aggressive behavior has limitations, as it cannot capture the in
teractions between individual pigs’ behaviors.

In this study, we developed the OKByte-AR framework, which in
tegrates oriented bounding box (OBB) and keypoint detection, MOT, and 
post-tracking analysis into a unified pipeline for aggression relationship 
identification. The proposed OK detection model enhances robustness in 
crowded and occluded scenes by reducing background redundancy, 
thereby improving identity consistency in downstream multi-object 
tracking tasks and providing a crucial foundation for the task of iden
tifying aggressive behavior interactions in pigs.

Despite the promising results, our method has several limitations 

Table 5 
Performance of aggression relationship identification.

Sequence 01 02 03 04 05 06 07 08 09 10

ARES ↑ 85.38 % 60.44 % 71.63 % 68.97 % 52.86 % 69.19 % 58.13 % 57.50 % 60.47 % 84.62 %
Average ↑ 66.92 %

Fig. 13. Temporal diagrams of pig aggression relationships in video sequences with the highest, moderate, and lowest ARES value.
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that warrant further investigation.
First, as the proposed aggression relationship identification frame

work is built upon the outputs of an upstream MOT pipeline, its per
formance is inherently influenced by errors in detection and tracking. 
Specifically, incorrect classification of behavior categories during 
detection or identity switches during tracking can propagate down
stream and negatively affect the accuracy of relationship identification. 
As shown in Fig. 14, it presents a segment from video 02, in which the 
yellow dashed box indicates that a pig in an aggressive state was mis
classified as non-aggressive for an extended period.

Second, under crowded conditions, a single keypoint can fall within 
the boundaries of multiple oriented bounding boxes, especially when 
pigs are closely packed or overlapping, as shown in Fig. 15. This phe
nomenon is common in many videos, and such spatial positioning errors 
may lead to incorrect association, thereby reducing the precision of 
relationship recognition.

To address these limitations, future work will focus on developing an 
end-to-end aggression relationship identification framework, which 
directly integrates detection, tracking, and interaction recognition into a 
unified model, thereby reducing error propagation between stages. 
Furthermore, we plan to explore multimodal approaches to improve the 

accuracy of aggression relationship identification.

5. Conclusion

In this study, we proposed OKByte-AR, a multi-stage framework for 
aggression relationship identification, which integrated OBB and key
point detection, MOT, and post-tracking processing. Experimental re
sults demonstrated that our approach significantly improved detection 
and tracking performance compared to the baseline method while also 
proving effectiveness in aggression relationship identification. In terms 
of detection performance, our method achieved a 5.10 % increase in 
mAP50 and a 15.30 % increase in mAP50-95 compared to the baseline 
YOLO11 detection model, reaching 90.90 % and 82.70 %, respectively. 
For tracking performance, our approach outperformed four state-of-the- 
art MOT methods, achieving the highest HOTA, MOTA, IDF1, and lowest 
IDSW of 85.78 %, 98.50 %, 99.25 %, and 2, respectively. In aggression 
relationship identification, our method achieved an average ARES of 
66.92 %. In conclusion, OKByte-AR has made significant progress in 
identifying pig aggression relationships to provide a smarter and more 
reliable monitoring system for modern pig farming.

Fig. 14. Numerous misclassifications in Video 02.

Fig. 15. Some examples of a keypoint within multiple OBBs.
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A B S T R A C T

The precise estimation of passion fruit yield is crucial for efficient orchard management, but it poses challenges 
such as occlusion, light variations, and camera shake, which can lead to problems such as missed detection, error 
detection, and double counting of small fruits. In this study, we propose a robust computer vision algorithm 
named YOLOv8n + OC-SORT + CRCM (Central Region Counting Method) to accomplish three tasks: detection, 
tracking, and yield estimation of passion fruits. Firstly, we compare the passion fruit detection results using 
various YOLO series detection algorithms and choose YOLOv8n for detector. Then, OC-SORT algorithm is chosen 
as the tracker due to its effectiveness in addressing issues like occlusion, vertical shaking, and uneven speeds. 
Finally, we design CRCM counting algorithm for fruit counting for addressing challenges in estimating passion 
fruit yield. To validate the effectiveness of these methods, a real-world passion fruit video dataset including 24 
videos for each with a 1-minute length was established. In the detection results on the test set, YOLOv8n detector 
achieved the best results with a mAP@0.5 (mean Average Precision) of 86.3 % and a model size of only 6.2 MB 
among YOLOv5n, YOLOv7 and YOLOv8n three detectors. Furthermore, the HOTA (higher order tracking ac
curacy) of OC-SORT tracker was 67.10 %, surpassing three mainstream trackers named BoT-SORT, Byte Track, 
and Strong SORT by 2.98 %, 4.71 %, and 8.82 %, respectively. In the fruit yield estimation, CRCM demonstrated 
an average counting accuracy of 87.0 %, surpassing ID number and Single Line Method (SLM) methods by 49.8 % 
and 10.5 %, respectively. In conclusion, the YOLOv8n + OC-SORT + CRCM algorithm effectively addresses issues 
of misidentification, missed detections of small fruits, and repeated counts, achieving stable, real-time, and 
accurate estimation of passion fruit yield.

1. Introduction

Passion fruit pulp has great potential for the development of different 
functional products and presents broad prospects in maintaining health 
(Pereira et al., 2023). The passion fruit is cultivated primarily in tropical 
and subtropical regions, which stands as a significant indigenous crop in 
South America, holding substantial economic value. Accurate estima
tion of passion fruit yield is crucial for farmers, aiding them in more 
effectively planning cultivation areas, selecting harvest times, and 
devising sales strategies. However, traditional manual estimation 
methods are tedious and time-consuming. In recent years, the wide
spread application of computer vision technology has offered effective 
support in fruit counting, presenting new possibilities for automating 
passion fruit yield estimation (Farjon et al., 2023; He, Fang, et al., 2022; 
Vasconez et al., 2020).

In fruit yield management, numerous researchers employed multiple 

object tracking (MOT) algorithms such as simple online and real-time 
tracking (SORT) or DeepSORT for fruit counting and achieved remark
able results (Gao et al., 2022; Tan et al., 2022; Villacrés et al., 2023). The 
MOT algorithms can implement the count of fruits by locating the fruit 
objects in the video and assigning a unique ID to each detected object 
(Bashar et al., 2022; Guo et al., 2022). For instance, Leiying He et al. 
(2022) utilized YOLO-v3 detection results, coupling detection boxes 
with trajectories using Cascade- MOT algorithm, enhancing the accuracy 
and robustness of fruit counting. Egi et al. (2022) employed YOLOv5 
detector and DeepSORT tracker for counting tomato flowers and fruits. 
Yang et al. (2022) developed an advanced anchor-free object detection 
model using CenterNet to detect cotton seedlings and extract their 
identity embeddings, employing DeepSORT for positional and identity- 
based data association. The above proposed many fruit detection or 
tracking algorithms have enhanced the performance of automated fruit 
counting systems and improved the accuracy of fruit yield prediction in 
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orchards.
However, tracking fruits in real-world scenarios often faces chal

lenges such as occlusion and varying lighting conditions, leading to 
missed or false detection and frequent ID switches (Miranda et al., 
2023). Improvements are generally pursued either through enhancing 
the detection efficacy of the detection model or the stability of tracking 
algorithms (Li et al., 2023; Xie et al., 2023). In terms of refining detec
tion performance, Ge et al. (2022) introduced a visual object tracking 
network named YOLO-DeepSORT. Leveraging the YOLOv5s model with 
shufflenetv2 and CBAM attention mechanism, this approach aims to 
enhance detection accuracy. Furthermore, Wu et al. (2023) proposed an 
automated fruit counting method known as NDMFCS (Normal Detection 
Matched Fruit Counting System). This method defines fruits behind 
leaves and those on the ground as abnormal fruits and excludes them 
during the detection process to enhance counting accuracy. Concerning 
the stability of tracking algorithms, Farjon et al. (2023) proposed a 
motion displacement estimation algorithm OrangeSort based on the 
SORT algorithm to significantly reduce the error associated with the 
repetitive counting problem. Gao et al. (2022) chose tree trunks as 
single-target tracking targets for apple tracking to achieve higher ac
curacy and faster tracking speed than the commonly used fruit-based 
multi-target tracking methods. Our previous work focused on passion 
fruit yield counting using lightweight YOLOv5s and improved Deep
SORT(Tu et al., 2024). In fruit yield management, with the emergence of 
more and more outstanding MOT algorithms, the fruit yield estimation is 
gaining increasingly in accuracy under natural scenarios.

At present, many studies estimate fruit quantity based on the number 
of IDs obtained from MOT algorithms. However, due to frequent ID 
switches, the resulting count often surpasses the actual number of fruits. 
Consequently, scholars have attempted to mitigate this issue by imple
menting various counting methods during the tracking process. Parico 
and Ahamed. (2021) compared ROI (Region of Interest) and unique ID 
methods. The ROI method counts fruits based on the number of tracked 
objects crossing the horizontal line, and the experimental results show 
that the fruit counts from the ROI method are closer to the artificial true 
counts. Rong et al. (2023) devised a specific tracking area counting 
method to overcome the problem of tracked tomato cluster ID switches. 
Zheng et al. (2023) proposed a nonuniform distributed counter to rectify 
citrus fruit counting during tracking, aiming to reduce counting errors 
resulting. In some fruit yield estimation, it may be inaccurate to adopt 
max IDs counted as the yield result for frequent ID error switches. 
Therefore, there is an urgent demand for researchers to study the 
different types of fruit yield counting algorithms according to the results 
of MOT.

Despite the widespread application of MOT methods in fruit count
ing and numerous improvements made specifically for fruit counting, 
there has yet to be comprehensive research that systematically compares 
and summarizes the mainstream detectors, tracking algorithms, and 
counting methods. This study aims to address common challenges in 
estimating passion fruit yield, including factors such as variations in 
lighting, background interference, camera angles, and camera shaking, 
to identify the optimal detector, tracker, and counting method, thereby 
determining the best strategy for this task. Specifically, the main ob
jectives of this research include the following three points: 

(1) A comprehensive comparison of the current mainstream YOLO 
series detection algorithms is conducted to obtain optimal 
detection performance. And we ultimately select YOLOv8n al
gorithm as the detector for this task.

(2) Mainstream fruit tracking algorithms, including OC-SORT, BoT- 
SORT, Byte Track and Strong SORT trackers, are compared and 
evaluated for passion fruit tracking. The best performing OC- 
SORT tracker is finally selected.

(3) A comprehensive comparison and evaluation of three commonly 
used counting methods, namely maximum ID number, single line 
method (SLM), and central region counting method (CRCM), are 

performed to determine the most suitable strategy for estimation 
of passion fruit yield. And CRCM is selected as the best appro
priate passion fruit yield estimation method among three 
approaches.

2. Dataset description

2.1. Dataset collection

To evaluate the effectiveness of our approach, we collected the 
videos dataset in passion fruit orchards. These videos were captured on 
October 14, 2022, under clear weather conditions in a passion fruit 
plantation located in Zengcheng District, Guangzhou City, Guangdong 
Province, China. They employed the Ridge Cultivation Method to 
cultivate passion fruit, with a spacing of 1.5 m between plants, 1 m 
width for ditches, and a raising bed width of 1 m. Specific details 
regarding the layout of the passion fruit plantation are shown in Fig. 1. 
We used the mobile phones for the video shoot with walking along ditch, 
the angle of mobile phone was vertical with the passion fruit raising bed, 
and the distance of the phone from the fruit was 1 m and the height was 
1.5 m.

The dataset comprises a total of 24 videos, all captured by in
dividuals using smartphones, with each video lasting approximately 1 
min. These videos have a resolution of 1080*1920 and a frame rate of 30 
frames per second. They are divided into two groups: half were shot 
away from the sunlight, while the other half were shot toward the 
sunlight. We were able to capture clear footage of the fruits under 
favorable lighting conditions and appropriate angles, as depicted in 
Fig. 2(a). However, we found the following issues during the collection 
of the dataset: (1) the image would suddenly become dark when 
shooting toward the sunlight, as illustrated in Fig. 2(b). (2) the picture 
will be blurred when the camera moves quickly, as shown in Fig. 2(c). 
The ratio of images taken towards and away from the sun is 5:5. And the 
image taken by camera shake is about 200 images from the total volume 
of frames. We conducted experiments and analyzed results using these 
datasets to evaluation the effectiveness of our approach.

2.2. Data processing

The processing flow of the dataset is shown in Fig. 3. From all 24 

Fig. 1. Passion fruit cultivation.
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videos, 5 videos were randomly selected for verifying the performance 
of the detection model and for the target tracking and counting tasks.

The processing of the detection set began with frame extraction, 
adjusting the video frame rate to 5 frames per second. And the videos 
were labeled using the DrakLabel software and cut into image sequences 
using the FFmpeg software. The labelled files of the videos were then 
converted into labelled file in YOLO and COCO format for the subse
quent detection model training and validation process. Finally, all im
ages and their corresponding labelled files were organized according to 
the division of the training and validation set.

For the five videos in tracking and counting set, they were directly 
labeled using DrakLabel software to be used as validation data for these 
tracking and counting tasks.

3. Methods

3.1. Method process and flow chart

We propose a passion fruit yield estimation algorithm based on 
YOLOv8n + OC-SORT + CRCM, the flow of which is shown in Fig. 4. 
Initially, YOLOv8n is used to detect each passion fruit and obtain its 
detection box and confidence in each frame of the video. Subsequently, 

the detection result is fed into OC-SORT tracker, where the tracking 
information of each passion fruit is achieved through three modules: 
observation-centered updating strategy, data association, and tracklet 
management. After the tracking process, ID number, SLM and CRCM are 
used to count passion fruits for yield estimation. Finally, the MOT 
visualization results are output, along with a text message of the passion 
fruit counting results in the upper left corner of each frame.

3.2. YOLOv8

The object detection algorithms of YOLO series employ a single-stage 
detection approach. This avoids the candidate box generation and 
filtering steps in traditional two-stage detection methods, thereby 
simplifying the algorithmic process (Redmon et al., 2018; Bochkovskiy 
et al., 2020). Over the years, the YOLO algorithm has undergone sig
nificant improvements, with multiple releases that have continually 
improved its efficiency.

YOLOv8 was released by Ultralytics in January 2023 (Talaat & 
ZainEldin, 2023). Compared to its predecessors, it brings a series of 
improvements: closing the Mosaic Augmentation, adoption of new 
convolutional modules, and anchor free detection. Firstly, YOLOv8 
closes mosaic augmentation in the final ten training epochs. This 

Fig. 2. Part of the dataset.

Fig. 3. Processing flow of the dataset.
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improvement is motivated by the observation that using this enhance
ment throughout the entire training process could decrease perfor
mance. Secondly, YOLOv8 replaces the C3 module with the C2f module.

Fig. 5 illustrates the structures of the C3 and C2f modules. The C2f 
module is designed based on the C3 module and the efficient layer ag
gregation networks, allowing YOLOv8 to acquire richer gradient flow 

information while being lightweight. Lastly, anchor-free detection is 
employed. This approach directly predicts the object’s center instead of 
relying on offsets based on known anchor boxes. This improvement 
effectively reduces the number of candidate detections, thus speeding up 
the post-processing step of non-maximum suppression.

Fig. 6 illustrates the structure of YOLOv8. The YOLOv8 model has 

Fig. 4. Passion fruit yield estimation algorithm flow chart based on YOLOv8n + OC-SORT + CRCM.

Fig. 5. C3 module and C2f module.

Fig. 6. YOLOv8 Architecture.
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completed structural adjustments, modifying the model’s backbone, key 
building blocks, and fusion layers to render the model more compact and 
efficient. The backbone network employs the spatial pyramid pooling 
fast (SPPF) module, while the neck network retains the path aggregation 
network (PAN)-feature pyramid network (FPN) methods for feature 
fusion. In the detection head section, an anchor-free detection head is 
utilized. YOLOv8 was selected as the primary detector to meet the real- 
time and accurate detection requirements for passion fruit in practical 
scenarios.

3.3. OC-SORT

Currently, most target tracking methods rely heavily on the Kalman 
filter(KF), which employs a center-based estimation update strategy 
(Bewley et al., 2016; Wojke et al., 2017). These tracking algorithms 
update matched tracks without observation and put complete trust in 
the estimation for tracks. This may make it subject to severe noise when 
it suffers from occlusion or when the object motion is not completely 
linear. In fruit yield prediction work, the KF tracking algorithm achieved 

good performance under unconcluded, or slightly occluded and linear 
motion scenarios for not the long videos. However, in the passion fruit 
dense and target occluded scenario, the KF tracking algorithm may 
affect the tracking performance due to the existence of a certain amount 
of noise and the cumulative error in target tracking caused by long time 
target occlusion.

During the data collection process, we employed a handheld method 
for capturing images with a mobile device for convenience. This method 
easily introduces vertical shaking and uneven speeds, resulting in non- 
linear motions. Additionally, we observed instances where targets 
were occluded by leaves during the shooting process. Therefore, if we 
used the KF tracking algorithm to track passion fruit in heavily obscured 
scenes, the tracking results may be moderately affected.

To address the above issues, OC-SORT introduces three key im
provements: Observation-Centric Re-Update (ORU), Observation- 
Centric Momentum (OCM), and Observation-Centric Recovery (OCR) 
(Cao et al., 2023). These enhancements aim to boost tracking perfor
mance in scenarios involving occlusion and non-linear object motion.

ORU: When a trajectory is re-associated with observations after a 

Fig. 7. Pipeline of OC-SORT.

Fig. 8. Counting areas of SLM and CRCM.
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period of being untracked, ORU strategy is employed to mitigate the 
accumulated errors during this untracked period. Initially, when 
generating a virtual trajectory, considerations are made regarding the 
observations at the beginning and end of the untracked period. The 
calculation for the virtual trajectory is represented by Equation (1). 

Z̃t = trajvirtual(zt1, zt2, t), t1 < t < t2 (1) 

where zt1 corresponds to the last observation before the object was 
untracked, and zt2 represents the observation when the object is re- 
associated.

Subsequently, the parameters of the Kalman filter are readjusted 
based on the virtual trajectory, as outlined in Equation (2). 

re − update

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Kt = Pt|t - 1HT
t
(
HtPt|t - 1HT

t + Rt
)− 1

X̂t|t = X̂t|t− 1 + Kt

(

z̃t − HtX̂t|t− 1

)

Pt|t = (I − KtHt)Pt|t− 1

(2) 

OCM: it uses observations to compute the direction of motion of a 
trajectory as part of the cost matrix. It aims to increase the directional 
consistency of trajectories and thus reduce erroneous associations

OCR: it adds a second round of GIoU-based correlation after the first 
round of correlation to improve the tracking accuracy.

Fig. 7 shows the flowchart of OC-SORT tracker. If any target is lost on 
frame t + 1 but on the next frame, it is recovered by referring to the 
OCR’s observation of frame t. The OCR’s observation of frame t is used 
as a reference for the recovery of the target. Retracing triggers an ORU of 
its KF parameter from frame t to frame t + 2.

3.4. Existing counting algorithms for yield estimation

The three methods, ID number, SLM, and CRCM were employed to 
count passion fruits for yield estimation, and we designed the CRCM 
approach for passion fruit planting scenes based on the specific tracking 
area counting (Rong et al., 2023). 

(1) The ID number Counting method is relatively direct and simple, 
estimating the total number of fruits using the quantity of 
tracklets obtained from tracking algorithms.

(2) The SLM method counts passion fruits based on whether they 
cross predetermined vertical lines. Specifically, when a passion 
fruit is tracked crossing the central vertical line, the total fruit 
count increases by 1. In the experiment, the starting coordinates 
of the line are (540, 0), and the ending coordinates are (540, 
1920), as illustrated in Fig. 8(a).

(3) The CRCM counts passion fruits based on whether the centroid of 
a passion fruit enters a predefined counting area. This method 
contains two counting rules: firstly, if a passion fruit enters the 
counting area from outside, the total count increases by 1; sec
ondly, if a passion fruit that was previously in the counting area 
exits the area in the current frame, the total is added by 1. In this 
experiment, the coordinates of the upper left and lower right 
corners of the counting area are (300, 0) and (780, 1920), 
respectively as illustrated in Fig. 8(b).

4. Experiment and result analysis

4.1. Implementation details

The passion fruit yield estimation experiments in this study were 
divided into three parts. (1) Detection of passion fruit using YOLOv5s, 
YOLOv5m, YOLOv7-tiny(Wang et al., 2023), YOLOv8n and YOLOv8s 
models. (2) Passion fruit tracking using OC-SORT, BoT-SORT, Byte
Track, Deep OC-SORT, Strong SORT based on YOLOv8n model. (3) 
Passion fruit counting using the number of IDs, SLM and CRCM based on 

YOLOv8n and OC-SORT.
In detection experiments, the parameters are set as follows: epoch is 

200, batch size is 32, input image size is 640, learning rate is 0.01, 
optimizer is SGD, conf-thres is 0.25, and iou-thres is 0.45. We used 
migration to train the YOLOv8n model, merging the standard categories 
into a new category ‘passion fruit’. In total, 6445 images were used for 
detection, of which 5051 were used as the training set and 1394 as the 
validation set. And we used the data enhancement operations including 
Mosaic, Mixup, random perspective and HSV augment. In the tracking 
experiments, the parameters used are the default parameters in each 
tracking algorithm. In the counting experiments, the start coordinates of 
the vertical line were set to (540, 0) and the end coordinates were set to 
(540, 1920) in SLC. CRCM sets the coordinates of the upper left corner of 
the region to (300, 0) and the lower right corner to (780, 1920).

4.2. Evaluation metrics

The evaluation of the target detection section involves assessing key 
metrics such as precision (P), recall (R), F-Measure (F1), mean average 
precision (mAP), and model size for evaluating detector performance. 
Precision (P), Recall (R), F1 and mAP collectively indicate the detector’s 
overall performance(Padilla et al., 2020), with higher values signifying 
better performance. Model size serves as indicators of the detector’s 
efficiency, with lower values denoting greater efficiency.

The MOT segment is evaluated using higher order tracking accuracy 
(HOTA), multiple object tracking accuracy (MOTA), identification F1 
(IDF1), and ID switch (IDSW) (Luiten et al., 2021). HOTA, MOTA, IDF1, 
and IDSW are crucial metrics for assessing tracking algorithm perfor
mance, where higher values of HOTA, MOTA, and IDF1 indicate supe
rior performance, while a smaller value of IDSW signifies better tracking 
accuracy.

For the counting component, the evaluation relied on counting ac
curacy and statistical average counting accuracy(Rong et al., 2023). 
Higher values of these metrics suggest that the counting method’s pre
dictions are closer to the true values.

4.3. The detection results based on different detectors

Table 1 presents a comprehensive evaluation of different models in 
detecting passion fruits in practical scenarios. These evaluations include 
metrics such as precision, recall, F1, and mAP@0.5. The performance of 
each model is quite similar, with an average precision of 80.6 %, an 
average recall of 80.56 %, an average F1 of 80.58 %, and an average 
mAP@0.5 of 86.64 %. However, when considering model size, signifi
cant differences can be observed among them. The YOLOv8n model is 
only half the size of the best-performing YOLOv7-tniy model and had 
similar detection performance. This means that the YOLOv8n model 
maintains high accuracy while having a smaller model size, making it 
more suitable for online, real-time applications, and deployment on 
portable devices. Therefore, considering the balance of accuracy and 
capacity, we chose to use the YOLOv8n model as the detector in the 
subsequent tracking experiments.

Fig. 9 showed the detection results of different detectors in a prac
tical scenario. In the scenario, there were a total of 24 passion fruits, 
primarily concentrated in the upper part of the image, presenting a 
higher density. There were fruits overlapping, and some fruits were 

Table 1 
The detection results based on different detectors.

Model P/%↑ R/%↑ F1/%↑ mAP@.5/%↑ Size/MB↓

YOLOv5s 81.3 79.7 80.5 86.4 14.4
YOLOv5m 79.9 80.6 80.3 86.5 42.5
YOLOv7-tiny 81.0 80.9 81.0 87.1 12.0
YOLOv8n 80.4 80.4 80.4 86.3 6.2
YOLOv8s 80.4 81.2 80.8 86.9 22.5
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partially obscured by leaves. All detection models could detect most of 
the passion fruits in this scenario, but misdetections and missed de
tections were still present, which were marked with yellow boxes. 
Firstly, YOLOv5s, YOLOv5m, YOLOv7-tiny, and YOLOv8n did not detect 
the fruit in the upper left due to leaf occlusion. Secondly, on the left side 
of the central fruit-dense area, the fruits overlapped each other, resulting 
in under-detection by the models YOLOv5s, YOLOv5m, YOLOv7-tiny, 
and YOLOv8n. Finally, in the lower half of the image, all detection 
models missed or misidentified leaves as fruits due to the relatively small 
size of the fruits and their similar shape to leaves. When we evaluated 
the detection performance of passion fruits, we found that detection 
accuracy was influenced by various factors, including environmental 
lighting, the similarity between leaves and fruits, occlusion issues, and 

the small size of the fruits.

4.4. The tracking results based on different tracking algorithms

Table 2 presents a comparison of tracking results in test videos for 
OC-SORT, BoT-SORT(Aharon et al., 2022), Byte Track(Zhang et al., 
2022), and Strong SORT(Du et al., 2023). From the perspectives of 
HOTA, MOTA, and IDF1, OC-SORT stands out with scores of 67.103 %, 
75.874 %, and 75.618 %, respectively. Compared to BoT-SORT, Byte 
Track, and Strong SORT, OC-SORT exhibited improvements in HOTA by 
2.977 %, 4.707 %, and 8.823 %, MOTA by 1.092 %, 3.445 %, and 4.01 
%, and IDF1 by 3.729 %, 0.974 %, and 13.979 %, respectively. 
Furthermore, in terms of IDSW and runtime, Byte Track performed 
exceptionally well with an IDSW of 264 and an average runtime of 15.4 
ms per frame. Taking all these metrics into consideration, OC-SORT 
shows significant advantages in comprehensive tracking metrics 
HOTA, MOTA, and IDF1, even though OC-SORT has a slight gap with 
Byte Track in IDSW and runtime. This demonstrates that OC-SORT 
possesses a unique competitive advantage in addressing the associa
tion and identification of passion fruits in practical scenarios.

Fig. 10 illustrated the visual results of target tracking in video 41 for 
OC-SORT, BoT-SORT, Byte Track, and Strong SORT. According to the 

Fig. 9. The detection results of different detectors in practical scenario.

Table 2 
The Tracking results based on different tracking algorithms.

Method HOTA/%↑ MOTA/%↑ IDF1/%↑ IDSW↓ Time/ms↓

OC-SORT 67.103 75.874 75.618 354 19.0
BoT-SORT 64.126 74.782 71.889 716 106.6
Byte Track 62.396 72.429 74.644 264 15.4
Strong SORT 58.280 71.864 61.639 578 87.3
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Fig. 10. Comparison of tracking results for OC-SORT, BoT-SORT, ByteTrack and Strong SORT in video 41.
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manually labeled ground truth file of video 41, the maximum IDs of the 
first frame, 301st frame, and 601st frame were 6, 42, and 120, respec
tively. At frame 3, the maximum IDs of all tracking algorithms were the 
same as the maximum ID in the ground truth. The differences in the 
visualization results of the algorithms were mainly found in frames 303 
and 603. At frame 303, OC-SORT, BoT-SORT, Byte Track, and Strong 
SORT had maximum IDs differing from the maximum ID in the ground 
truth file by 4, 20, 5, and 24, respectively. These differences further 
increased in the 601st frame. OC-SORT, BoT-SORT, Byte Track, and 
Strong SORT had maximum IDs differing from the GT file by 20, 35, 39, 

and 44, respectively. From the above results, the maximum ID value 
obtained by OC-SORT was closer to the maximum ID value of the GT file 
than other tracking algorithms, indicating that it had stability in the 
continuous tracking of passion fruit. Based on the tracking evaluation 
index and visualization results, we decided to adopt the OC-SORT model 
as our main tracking algorithm in the subsequent tracking experiments.

4.5. Tracking results based on YOLOv8n and OC-SORT on all test videos

Table 3 presented the tracking results of all test videos based on 
YOLOv8n and OC-SORT. While the variation in the number of fruits did 
not seem to directly impact the tracking performance of the videos, there 
were discernible patterns when classifying videos based on shooting 
conditions. videos shot away from the sunlight (test videos 21, 41, 61) 
showed a decrease in tracking performance with an increase in the 
number of fruits. On the other hand, videos shot toward the sunlight 
(test videos 10, 90) exhibited a decrease in IDF1 and IDSW with an in
crease in fruit quantity. Moreover, despite test video 41 having a higher 
number of fruits compared to videos shot in sunlight, it displayed the 
best tracking performance. This suggested that the shooting conditions 
significantly influenced the tracking performance. In summary, these 

Table 3 
Tracking results based on YOLOv8n and OC-SORT on all test videos.

Test 
Videos

Fruit 
Number

HOTA/ 
%↑

MOTA/ 
%↑

IDF1/ 
%↑

IDSW↓ Time/ 
ms↓

10 136 65.776 78.811 81.848 12 17.6
21 329 67.412 77.592 75.360 65 21.4
41 203 70.081 72.808 77.969 97 17.4
61 348 63.365 72.659 71.201 128 18.5
90 188 67.475 78.845 74.612 52 20.2
All 1204 67.103 75.874 75.618 354 19.0

Fig. 11. OC-SORT tracking results on test video 10, 21.
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results implied that high fruit quantity and shooting toward the sunlight 
might have posed more challenges for object detection and tracking 
algorithms, such as increased interference between targets, mutual oc
clusion, and problems with frame exposure.

Fig. 11 presented the visual results based on OC-SORT in test videos 
10 and 21. We studied the test videos for two different shooting con
ditions. Test video 10 was shot toward the sunlight, exhibiting occlusion 
of the leaves and darker scenes. Test video 21 was shot away from the 
sunlight, with certain areas showcasing densely packed and smaller- 
shaped fruits. OC-SORT tracked most of the fruits in both test videos 
10 and 21. However, some fruits in the scene could not be tracked due to 
occlusion or inadequate lighting conditions. Fig. 11(a) to Fig. 11(c) 
exhibited the visual results for test video 10, there were untracked fruits 
in all three selected frames, due to leaf occlusion and low light issues. 
Conversely, Fig. 11(d) to Fig. 11(f) displayed the visual results for test 
video 21, with only one fruit not successfully tracked. The comprehen
sive analysis showed that the main reason for the poor tracking results 
was that the fruits in the scene were easily missed and the leaves were 
misidentified as fruits.

4.6. Evaluation of counting methods

Fig. 12 showed the comparison results of the ground truth and the 
predicted fruit counting methods including ID number, SLM, and CRCM. 
The x-axis represented the information for the test videos, while the y- 
axis represented the fruit counts. The text labels on the bar graphs were 
the counting accuracy of each prediction method for the test videos. 
Based on the results in Fig. 12, we found that CRCM method obtained 
highest counting accuracy than ID number and SLM in most videos. 
When compared to the SLM method, the CRCM improved the counting 
accuracy in each test video by 64 %, 19.1 %, 71.4 %, 36.2 %, and 95.2 %, 
respectively. When compared to the SLM method, the CRCM method 
exhibited counting accuracy improvements of 20.6 %, 12.1 %, 12.3 %, 
and 9.7 % in the first four test videos. Moreover, the average counting 
accuracy of ID number, SLM, and CRCM was 37.2 %, 76.5 %, and 87.0 
%, respectively. In terms of counting accuracy and average counting 
accuracy, CRCM outperformed the ID number and SLM.

Fig. 13 presented the visualization results of the three different 

counting methods. Fig. 13(a)- Fig. 13(c) showed the visualization results 
of SLM, the counting results of ID number, and SLM, while Fig. 13(d)-(f) 
showed the visualization results of CRCM and the counting results of ID 
number, SLM, and CRCM. The fruit moved from right to left in the test 
video. In Fig. 13(a), it was clearly observed that the ID number method 
had a serious double counting problem. At frame 1774, the ID number 
count had reached 289, while only 157 fruits had been labeled according 
to the manually labeled ground truth file. In Fig. 13(b)- Fig. 13(c), the 
missed counting problem of the SLM method could be found. The SLM 
method was unable to count the newly detected fruits in the counted 
region, as shown by the yellow circles (fruits with ID 315 and 316), 
which led to missed counting. While the CRCM method effectively 
solved the problems of repeated counting and missed counting. In 
Fig. 13(e)- Fig. 13(f), the CRCM method accurately counted the fruits 
(with IDs 315 and 316) that were missed by the SLM method and was 
closest to the manually counted fruit count. Therefore, the CRCM 
method was more suitable for the passion fruit counting task compared 
to the ID count and the SLM method.

5. Discussion

In fruit yield prediction, target detection models play a key role in 
the performance of fruit yield estimation. There are significant differ
ences in the fruit growing scenarios for various fruits, some of them 
simple and others are complicated. Therefore, in situations where it is 
not determined which target detector model is the most suitable, it is 
generally experimentally validated to choose the most appropriate 
target detector. To select the most suitable detector, this study also 
compared the results of the chosen YOLOv8n detector with those of the 
Faster R-CNN, YOLOv9s, YOLOv10n, and Deformable detection trans
former(Zhu et al., 2021) detectors, and the results are shown in Table 4.

It is observed that YOLOv8n can be chosen the best detector for 
passion fruit detection according to accuracy and storage size. Specif
ically, the P, R, mAP50, mAP50-90, and size values of the YOLOv8n 
approach are 80.4 %, 80.4 %, 86.3 %,49.2 %, and 6.2 MB, respectively. 
Compared to the YOLOv10n method, the adopted YOLOv8n can 
improve by 2.0 % for mAP50 and 0.8 % for mAP50-95, while only 
adding storage space by 0.5 MB. Compared to Faster R-CNN, the 

Fig. 12. The comparison results of the ground truth and the predicted fruit counting methods including ID number, SLM, and CRCM.
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YOLOv8n achieves decline of 0.4 % for mAP50. The size of storage space 
for the Faster R-CNN is 335.3 M, which is much larger than that of the 
YOLOv8n. Therefore, Faster R-CNN runs slower and does not satisfy 
real-time requirements. Additionally, Comparing YOLOv9s and DETR 
methods, the YOLOv8n achieves the best performance on all metrics. 
These comparative results further validate the effectiveness of the 
YOLOv8n in fruit detection and improving the accuracy of yield 
estimation.

The accuracy of maximum ID number approach for fruit yield esti
mation is 37.2 % in our study. There may be 2 main reasons about the 

inefficiency of maximum ID number method. One is that there are 
frequent incorrect exchanges of fruit IDs when passion fruit orchard 
passion fruit orchards provide a dense fruit production, resulting in low 
accuracy of ID counts. And our collected dataset is particularly dense 
and there is severe occlusion for the 1-minute video. Whereas in (Wu 
et al. 2023), it was shown that when calculating the number of apples in 
orchards, the use of removing duplicate fruit IDs and IDs of fruits lying 
on the ground makes it possible to achieve an average counting preci
sion of more than 95 %. The reason may be that the passion fruit 
cultivation scenario differs significantly from that of the apple. Passion 
fruit is a vine grown graft (like the grape environment), and its fruits are 
particularly dense in the orchards with its very similarly colored leaves 
and fruits. Apples produce their fruits on a tree, and there is a significant 
difference in the color of the leaves and the fruit. Therefore, there is a 
relatively significant differences between passion fruit and apple sce
narios, which can likely result in different results for the ID counting 
method for passion fruit versus apples.

Another reason is that the time duration of each video is varied, and 
there are more challenges with long video tracking. The average accu
racy of ID counting method in our previous passion fruit yield estimation 

Fig. 13. The visualization results of the numbers of ID, SLM and CRCM.

Table 4 
The comparison results of YOLOv8n with other detectors.

P/%↑ R/%↑ mAP50/%↑ mAP50-95/↑ Size/MB↓

Faster R-CNN – – 86.7 41.1 335.3
YOLOv10n 79.8 78.5 84.3 48.4 5.7
YOLOv9s 78.1 80.4 86.0 48.5 15.2
Deformable DETR – – 85.0 44.2 524.2
YOLOv8n 80.4 80.4 86.3 49.2 6.2
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(Tu S, et al.2024) is 86.19 % and it is not low. The reason may be that 
each video in our previous work is about 15 s in length and passion fruit 
orchard has sparse fruits. However, the length of each video in this study 
is about 60 s and dataset is particularly dense with fruits. When the 
illumination variations are sophisticated and mobile phone is employed 
for shooting, there may the camera moves quickly, resulting in unclear 
image condition, which caused the error ID counts.

The novelty of our work is not solely based on combining three 
known methods (YOLOv8n, OC-SORT, and CRCM) but on systematically 
evaluating and selecting the best combination of detection, tracking, and 
counting methods to address the specific challenges of passion fruit 
counting in real-world scenarios. The study identifies and implements 
the most effective solutions for overcoming issues like occlusion, light
ing variations, and camera shaking, leading to more accurate and reli
able yield estimation. This comprehensive approach, along with the 
creation of a real-world dataset and the performance validation against 
other methods, distinguishes this work from previous studies.

6. Conclusions

In this study, we actively explored the passion fruit yield estimation 
task in a real scenario with various challenging factors such as changes 
in lighting, background interference, camera shooting angles, as well as 
camera shake. To achieve optimal object detection performance, we 
conducted comparative analyses of detectors like YOLOv5, YOLOv7, and 
YOLOv8, ultimately selecting YOLOv8n as the most suitable detector, 
achieving precision of 80.4 %, recall of 80.5 %, F1 score of 80.4 %, 
mAP@0.5 of 86.3 %, with a model size of only 6.2 MB.

In fruit tracking, we compared tracking algorithms including OC- 
SORT, BoT-SORT, Byte Track, and Strong SORT. The results showed 
that OC-SORT performed the best, achieving 67.103 % of HOTA, 75.874 
% of MOTA and 75.618 % of IDF1 respectively, ensuring more reliable 
fruit tracking.

Regarding passion fruit counting, we designed the CRCM algorithm 
and comprehensively compared with other two counting methods 
including ID count and SLM. In terms of average counting precision, the 
CRCM method performed remarkably well, achieving an average 
counting precision of 87.0 %, which was better than ID count (37.2 %) 
and SLM (76.5 %).

Considering that high fruit quantity and shooting toward sunlight 
may pose more challenges for passion fruit detection and tracking al
gorithms, such as increased mutual obstruction between fruits and frame 
exposure. Therefore, the utilization of the appropriate detectors 
YOLOv8n and tracker OC-SORT, coupled with the CRCM method, 
effectively resolved the issue of repetitive counting in the current pas
sion fruit yield estimation methods. This approach enabled stable and 
real-time estimation of passion fruit yield. This research outcome can 
also be applied to similar fruit yield predictions, contributing positively 
to future fruit cultivation planning, farm management, and market 
supply chain dynamics.
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A B S T R A C T

In the precision-driven field of intelligent livestock breeding, the accurate monitoring and tracking of individual 
pig behaviors are crucial for assessing health and preventing disease. However, the complex environment of pig 
farms and the dynamic nature of pig behaviors can lead to issues such as false positives, false negatives, and 
identity switches, which pose significant challenges for the monitoring of individual pig behaviors. To overcome 
these challenges, this study proposes a multi-object tracking (MOT) of pigs’ behavior based on YOLOv5 fusion 
Byte (YOLOv5-Byte). This method first uses YOLOv5 to detect individual pig behaviors (lie, stand, eat, other) and 
uses the Byte method to track the behaviors of individual pigs. According to the behavior tracking results, we 
statistically analyze the different behaviors’ time of each pig for one minute. Moreover, we introduce an inno
vative metric by combining pig behavior information and ID value to make a more specific and precise behavior 
analysis of each pig. The experimental results on public and private datasets show that the best tracking results 
are achieved based on the YOLOv5-Byte method among the three detectors YOLOv5, YOLOv8 and YOLOX 
combing with the Byte tracker. On public datasets, the three MOT methods exhibit only minor differences in 
tracking performance between situations with and without behavior classification, with a slight decrease in 
metrics. On the private dataset, the YOLOv5-Byte method demonstrates superior performance in higher-order 
tracking accuracy (HOTA), multiple-object tracking accuracy (MOTA), and identity switches (IDs), with values 
of 76.5%, 94.4%, and 56. Compared to YOLOX-Byte and YOLOv8-Byte, it outperforms them with 4.2 and 9.2 
percentage points higher in HOTA, 1.6 and 9.7 percentage points higher in MOTA, and 28 and 14 fewer IDs. 
Under varying lighting conditions, the experimental results show that YOLOv5-Byte has best tracking results, 
achieving the behaviors tracking accuracy of over 80%. The results demonstrate YOLOv5-Byte can accurately 
track pig behavior and conduct statistical behaviors analysis in intricate farm environments, which has the 
potential to provide a technical support for assessing the health of pigs.   

1. Introduction

Pig farming has become a pillar industry in our country’s livestock
sector, and the health of pigs is a key concern in swine farming (Hu and 
Yu, 2022, Papakonstantinou et al., 2023). Numerous studies have 
indicated that pig behavior serves as a crucial indicator for the early 
detection of diseases and their diagnosis (Boyle et al., 2022, Fan et al., 
2022, Mao et al., 2023). Negative interactions, including tail and ear 
biting, not only compromise animal welfare but also detrimentally affect 
the economic viability of the swine industry (Prunier et al., 2020, 
Grandin and Deesing, 2022). Therefore, effectively monitoring and 
analyzing pig behaviors have become a crucial research issue. 

Currently, the traditional swine farming industry has long relied on 
manual monitoring, which are typically inefficient and costly. As 

computer technology continues to advance, monitoring systems have 
been effectively utilized. Monitoring systems can be divided into sensor- 
based contact methods, such as sensors installed on pig ears to collect 
behavioral data or microchips implanted in a pig’s neck to obtain real- 
time body temperature (Larsen et al., 2021, Fuentes et al., 2022, Nee
thirajan, 2023). However, these methods can be stimulating to pigs and 
are not conducive to the management of large-scale pig farms. Video- 
based monitoring is another economical and productive method, 
providing non-contact monitoring. Compared to sensor-based contact 
methods, video-based non-contact monitoring has a lower impact on 
pigs and is more beneficial for animal welfare protection (Qiao et al., 
2022, Yin et al., 2023). 

In video surveillance, object detection is a crucial technology that 
facilitates the real-time identification and localization of multiple 
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objects. Deep learning-based object detection algorithms are predomi
nantly categorized into one-stage and two-stage methods. One-stage 
algorithms directly extract features within the network for classifica
tion and localization. The main mainstream detection algorithms 
include YOLOX (Ge et al., 2021) and YOLOv5.For example, Ji et al. 
(2022) utilized the improved YOLOX for pig recognition, which ach
ieved a 90.9 % accuracy in seated pig recognition and an average pre
cision of 95.7 % in overall posture recognition, effectively meeting the 
practical needs of pig farms. Kim et al. (2023) proposed the YOLOv5 
model to estimate pig feeding behavior based on their postures. On the 
other hand, two-stage algorithms first use RPN (Region Proposal 
Network) to generate candidate boxes, and then classify and locate these 
candidate boxes. Notable methods include Fast R-CNN (Girshick, 2015) 
and Faster R-CNN (Ren et al., 2017). For instance, Xiao et al. (2022) 
designed a Cascade Faster R-CNN pig detector to identify individual pigs 
and different parts of their bodies, achieving an accuracy of 98.4 % and 
providing technological references for group-raised pig behavioral 
recognition. The current one-stage target detection algorithm can not 
only detect object in real time, but also achieve good performance in 
terms of accuracy (Jiang et al., 2022, Diwan et al., 2023). The traditional 
two-stage target detection algorithms have good accuracy, while they 
are relatively slow and have a complicated training process; thus, the 
one-stage method is used as the detector for pig behavior tracking. 

Multiple Object Tracking (MOT) is also a key technology in video 
surveillance. Most existing MOT algorithms can be broadly classified 
into three categories: Tracking By Detection (TBD), Joint Detection 
Embedding (JDE), and attention networks based on the Transformer 
series (Wojke et al., 2017, Sun et al., 2020, Wang et al., 2020). Re
searchers have begun to employ MOT technology to observe the be
haviors of pigs. For example, Tran and Thanh (2023) utilized YOLOv7 
and improved DeepSORT for object detection and tracking, analyzing 
the daily behavioral patterns of pigs, and constructing activity patterns 
for healthy pigs. Using an activity cycle-based approach, they achieved 
an accuracy of over 90 % in pig behavior pattern recognition within 30 
min. Odo et al. (2023) introduced YOLOv4 and YOLOv7 to locate ear- 
biting regions, achieving detection accuracies of 98 % and 97.5 %, 
respectively. By combining these detections with DeepSORT and 
centroid tracking algorithms, they achieved 14 % and 34 % false- 
positive rates. Cowton et al. (2019) extracted pig behavior-related 
metrics from RGB cameras using Faster R-CNN and two different 
trackers, Sort and DeepSORT. Liu et al. (2020) simplified group-level 

behavior into pairwise interactions using tracking and detection algo
rithms. They combined convolutional neural networks (CNNs) and 
recurrent neural networks (RNNs) to extract spatiotemporal features 
and classify behavior categories effectively, enabling the accurate 
localization and identification of tail-biting behavior. 

Due to superior tracking capabilities of trackers using TBD paradigm, 
many researchers utilize them to monitor the status of pigs. Research 
results using the trackers of TBD paradigm for pig tracking are inevitably 
influenced by detectors. However, in real commercial pig farming en
vironments, most detection algorithms are sensitive to changes in 
lighting conditions. The performance of pig tracking largely depends on 
the object detector used, and few researchers have evaluated which 
detectors are best suited for pig tracking. In addition, the above- 
mentioned studies not only concentrate on behaviors classification of 
pigs, but also monitor the status of individual pigs, thereby emphasizing 
the crucial role that detectors play in these processes. 

Addressing the challenges mentioned above, this paper presents a 
tracking algorithm based on YOLOv5-Byte for each pig behavior analysis 
under real commercial pig farming environments. Firstly, we combined 
three different detection algorithms, YOLOv5, YOLOX, and YOLOv8, 
with the Byte tracker, and complete their comparison experiments in pig 
behavior classification and tracking (Zhang et al., 2022). Secondly, we 
assess the tracking performance of three detectors combing Byte tracker 
under varying lighting conditions. Finally, we utilized the optimal de
tector (YOLOv5) combining with Byte tracker to analyze the behavioral 
data of pigs, and evaluated the accuracy of behavioral tracking, 
providing valuable technical support for the early warning of pig health 
status. 

The primary contributions of this paper can be summarized as 
follows: 

(1) We had introduced a novel metric for calculating the behavioral
tracking accuracy of each pig. 

(2) We compared the pig tracking performance under situations with
behavior and without behavior classification using YOLOv5, YOLOX, 
and YOLOv8 three detectors combining with the Byte tracker. 

(3)We chose the YOLOv5-Byte tracking algorithm to evaluate pig
behavior and conducted statistical analysis, ultimately calculating pig 
behavior tracking accuracy 

Fig. 1. The part examples of the dataset for pigs’ behaviors tracking and analysis.  
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2. Material and methods

2.1. Materials

In this study, the dataset used includes two parts: one part is derived 
from the publicly available data set provided by (Psota et al., 2020),and 
the other part is obtained from Leshan City, Sanshui District, Foshan 
City, Guangdong Province, China. The main purpose of using these two 
datasets is to provide enough samples to ensure the validity and accu
racy of our experiments. The public dataset contains 23 videos, and the 
private data set contains 18 videos. Each video is one minute long (5 
frames/second), with a total of 300 frames. All videos have been crop
ped by FFmpeg software. We used the DarkLabel software to annotate 
the position information for each pig, as well as adding corresponding 
behavioral and identity information for each pig. It is worth noting that 
we annotated each pig’s information in scenes with low light or even 
obstructed views. This method differs from that of MOT20, which dis
cards objects under heavy obstructions or unclear visibility. Our pro
cessing method guarantees data accuracy by ensuring the consistent 
number of pigs in every frame. 

we utilized the dataset for pig behaviors identification and for vali
dating multi-object tracking algorithms. Fig. 1 showed some examples of 
the dataset. Fig. 1(A), (B), and (C) present the examples from the public 
datasets, and Fig. 1 (D), (E), and (F) display private dataset. We cate
gorize the pigs’ behaviors status into four types based on their repre
sentative features: ’stand’, ’lie’, ’eat’, and ’other’. The detailed 
classifications aid us to understand pig behaviors patterns. However, 
there are significant challenges in performing behaviors recognition and 
analysis in the complex pig farm environment. Pigs exhibit unstable 
movement speeds, variable postures, and significant occlusions. These 
factors pose major challenges to detection and tracking. As illustrated in 
Fig. 2, four images are captured at 5-second intervals within a 15-second 
period. In Fig. 2 (a), numerous pigs densely clustered together, and pigs 

within the green and red bounding boxes are heavily occluded. Fig. 2 
(a–d), pigs within blue and yellow bounding boxes cover larger activity 
areas, exhibit unpredictable directions, and display varying behaviors. 

2.2. Method 

We combine Byte tracker with the most advanced three detectors 
YOLOv5, YOLOX, and YOLOv8. The system process diagram was shown 
in Fig. 3. The framework of pigs’ behaviors tracking consists of three 
components: (i) pig detection and behaviors classification, (ii) object 
tracking, (iii) behaviors analysis. 

2.2.1. Detector and classification 
YOLO (You Only Look Once) is a fast and accurate object detection 

algorithm. The research adopts the TBD paradigm. The TBD paradigm 
relies on detection performance, we use three different detectors from 
the YOLO series, YOLOv5, YOLOX, and YOLOv8, as detectors to 
compare the behaviors classification and the tracking effects. YOLOv5, 
YOLOX, and YOLOv8 have all achieved excellent results on the COCO 
datasets. Their three different detectors can be divided into different 
structures according to the depth of the network or the size of the pa
rameters. To balance speed and accuracy, we selected the medium 
model M of detectors for model training. The YOLOv5, YOLOX and 
YOLOv8 network structures include four stages. The first stage of the 
model is input procedure, which uses a variety of data enhancement 
methods to increase the diversity of samples to the model to improve 
robustness. The second stage is the backbone network, which is based on 
Darknet-53 and enhances the ability to extract backbone features to 
varying degrees. The third part is the detection neck (PAFPN), which 
adopts the Feature Pyramid Network (FPN) and Path Aggregation 
Network (PAN) structures to enhance the model’s feature representation 
capability and receptive field. The fourth stage is the decoupled head 
(Prediction), used for object detection and classification, aiming to 

Fig. 2. Representation the challenges in pig behaviors within a 15-second period.  
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improve convergence speed and accuracy. 

2.2.2. Byte tracker for MOT 
Compared with the current mainstream tracking algorithms, Byte 

will retain all detection results and track objects according to detection 
scores from high to low, reducing losses during the tracking process. Its 
core is composed of the Kalman Filtering (KF) and the Hungarian al
gorithm. KF is widely utilized in fields such as radar, autonomous 
driving, and MOT tasks. Its function is to update the predicted value 
through its measured value to achieve accurate estimation. Byte tracker 
uses KF to predict the tracks information of the previous frame, matches 
the tracks with the detection box based on the IOU (intersection over 
union ratio) value, and then obtains the final matching result through 
the Hungarian algorithm. In pig behaviors tracking, it is necessary to 
estimate two states of the tracks: the mean and the covariance. The mean 
represents the position information of the pig, which is composed of the 
center coordinates of the bounding box (cx, cy), aspect ratio r, height h, 

and their respective velocity change values. It is represented as an 8- 
dimensional vector x  = [cx, cy, r, h, vx, vy, vr, vh], with all velocity 
values initialized to 0. The covariance represents the uncertainty in the 
pig’s position information and is represented by an 8x8 diagonal matrix. 

KF consists of two stages: first, predicting the trajectory of the next 
frame; second, revising the predicted position according to the detection 
value. The prediction phase is defined by Eq (1) and (2). In Eq (1), x 
represents the mean of the track at time t-1, and F is the state transition 
matrix, which predicts x’ at time t. In Eq (2), P represents the covariance 
of the track at time t-1, and Q is the system noise matrix, which predicts 
P’ at time. 

x′ = Fx  

P′ = FPFT +Q 

The update phase is based on the detected pig positions at time t, 
correcting their associated tracks states, and is composed of Eq (3), (4), 

Fig. 3. System process diagram.  
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(5), (6), and (7). In Eq (3), z represents the mean of the detection, z =
[cx, cy, r, h], where H is the measurement matrix. Its function is to map 
the mean vector of the tracks to the detection space and calculate the 
mean error between the detection and the tracks values. 

y = z − Hx′ 
In Eq (4), R is the noise matrix of the detection. This equation first 

maps the covariance matrix to the detection space and then adds the 
noise matrix R to enhance its reliability. Eq (5) calculates the Kalman 
gain, K, which is used to estimate the importance of measurement errors. 

S = HP′HT +R

K = P′HT S− 1 

The mean x, and the covariance matrix P are updated by Eq (6) and 
(7), where I is the identity matrix. 

x = x′+Ky

P = (I − KH)P′ 
When the KF has completed the predicting the tracks from time t-1 to 

the current time, the IOU distance matrix between the highly scored box 
and the predicted trajectory is matched using the Hungarian algorithm. 
If the high-scoring detection boxes fail to match and exceed the 
threshold for initializing the tracks, new tracks are created. For un
matched trajectories, matching will continue in the second round. In the 
second round, low score detection boxes are matched with the un
matched trajectories using IOU. If there is no successful match for over 
60 frames, the tracks are deleted. Finally, the trajectory T is updated 
jointly by the newly initialized trajectory and the matching trajectory. 

2.2.3. Behaviors analysis 
After the video tracking was completed, we generated a statistical 

chart that included the behaviors information and ID of each pig. To 
evaluate the performance of the tracker and detector, we introduced the 
Behavior-Tracking Accuracy (BTA) metric, which measures the degree 
of agreement between the ID assigned by the tracker and the predicted 
behaviors with the ground truth (GT). The BTA metric had certain dif
ferences from the existing MOTA and IDs metrics. The MOTA metric 
mainly focuses on the accuracy of object detection, and the IDs metric 
focuses on the frequency changes of individual pig ID during the 
tracking process. 

In the construction of our evaluation metric, we incorporated the 
advantages of MOTA and IDs. We combined pig behaviors information 
and ID information into one standard, which allows us to make a more 
specific and precise assessment of each pig. In an ideal tracking scenario, 
the ID of each pig should remain constant, and every pig should be 
tracked. When the ID of a pig changes, it suggests a possible temporary 

loss of tracking. In this scenario, we were only judging its behaviors, and 
couldn’t accurately reflect the unique behaviors pattern of this pig, as its 
individual uniqueness has been lost in the process of ID change. 
Therefore, we only recorded the number of matches between its be
haviors and GT when the pig’s ID remains stable. 

BTA is defined in the equation (8), the variable BT represents the 
total number of pig matches, TC represents the total number of video 
frames. In calculating the BTA value, we needed to note that the ID 
randomly assigned by the tracker may differ from our annotated ID. To 
solve this problem, we used the IOU matching method to confirm the 
unique corresponding ID. For example, in Fig. 4, the pig in the annotated 
purple box was given the ID 12, while the green box assigns the ID 5 by 
the tracker. Through IOU matching, we could conclude that the pig with 
ID 12 and the pig with ID 5 were the same pig, and in the entire 
calculation process, the ID 12 always corresponded to the ID 5. After this 
unique corresponding ID was determined, the behaviors of this pig could 
be evaluated. In all matching processes, if the ID of the pig does not 
change, we will compare its behaviors information with the GT. As 
shown in Fig. 4, if the annotated behaviors of the pig in the purple box is 
’eat’, and the predicted behaviors in the green box was also judged as 
’eat’, then we consider this as a successful BT match. By accumulating all 
successful behaviors matches times, we could calculate the value of BTA. 

BTA =

∑
tBT

TC  

2.3. Evaluation metrics 

This study evaluates the performance of the pig behaviors recogni
tion model using four evaluation metrics: Precision (P), Recall (R), F1 
Score and mean Average Precision (mAP). TP represents True Positives; 
FN stands for False Negatives; FP represents False Positives. The stan
dard for correct detection is set as the ratio of IOU not lower than 0.5. 
The definitions of these metrics are given by Eq (9)-(12). 

P =
TP

TP + FP  

R =
TP

TP + FN  

F1 =
2PR

P + R  

mAP =

∑C
c=1AP(c)

C 

In pig behaviors tracking tasks, we selected three main evaluation 
metrics: High Order Tracking Accuracy (HOTA)(Luiten et al., 2021), 
Multiple Object Tracking Accuracy (MOTA), and Identification Average 
Rate (IDF1) for performance comparison. HOTA decomposes the 

Fig. 4. Examples of statistical methods for pig behaviors.  

S. Tu et al.



Computers and Electronics in Agriculture 221 (2024) 108997

6

tracking task into three sub-tasks, detection, association, and localiza
tion, to obtain a more balanced metric that is more consistent with 
human visual perception. MOTA provides an intuitive evaluation 
method that reflects the tracker’s performance in object detection and 
tracks maintenance. IDF1 focuses on the continuity and accuracy of 
tracking object. 

The HOTA calculation formula is shown in Eq (13), DetA is used to 
evaluate the inspection accuracy, and AssA is used to evaluate the cor
relation accuracy. C is a point belonging to TP, A(c) represents the as
sociation accuracy defined by Eq (14), where TPA(c) represents the 
accuracy of correct association, FPA(c) represents the predicted tracks 
accuracy of incorrect association, and FNA(c) represents none Predicted 
tracks accuracy of correlation prediction. 

HOTA =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
DetA⋅AssA

√
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑

c∈TP
A(c)

TP + FN + FP

√
√
√
√

A(c) =
TPA(c)

TPA(c) + FPA(c) + FNA(c)

The MOTA calculation is shown in Eq (15), FPt represents the 
number of False Positives at time t,FNt represents the number of False 
Negatives at time t,IDSWt represents the number of ID change at time t, 
and GTt represents the total number of all objects. 

MOTA = 1 −
∑

t(FPt + FNt + IDSWt)
∑

tGTt 

The calculation formula of IDF1 is shown in Eq (16), IDTP represents 
the true positive ID number, IDFP represents the false positive ID 
number, and IDFN represents the false negative ID number. 

IDF1 =
2IDTP

2IDTP + IIDFP + IDFN  

Additionally, this study evaluates the methods performance through 
other four metrics: Identity switches (IDs), False Positives (FP), False 
Negatives (FN) and Frames Per Second (FPS). 

3. Results and analysis 

3.1. Experimental platform and parameter settings 

To investigate the performance of different detectors in tracking pigs 
in natural environments, five experiments were conducted: (1) pigs 
behaviors recognition (2) the impact of pig behaviors classification on 

MOT, (3) pig behaviors tracking based on YOLOv5-Byte, (4) behaviors 
tracking comparison under different lighting conditions. (5) statistical 
analysis and evaluate pig behavior information of each pig. For this 
experiment, we standardized the training image size to 640 × 640 pixels 
for three different detectors. The learning rate, batch size, and epoch 
were set to 0.01, 8, and 200. The experiments were conducted on a Linux 
platform with Ubuntu 18.04 operating system. The hardware configu
ration included a 12th Gen Intel(R) i9-12900KF CPU, NVIDIA GeForce 
RTX 3090 GPU, and 32 GB of RAM. PyTorch version 1.11.1, Python 
version 3.7, and CUDA version 11.3 were utilized for the experiments. 

In this study, we adopted a multi-object tracking algorithm based on 
the TBD paradigm. The performance of target detection will directly 
impact the subsequent tracking effect. To effectively train the detector, 
we segmented the video into images, extracting one every ten frames, to 
ensure the diversity of sample features. The obtained images were 
allocated into a training set (889 images), a validation set (254 images), 
and a testing set (128 images), following a ratio of 7:2:1. As depicted in 
Fig. 5, the distribution of samples in the training set is as follows: the 
numbers of samples for the behaviors—’stand’, ’lie’, ’eat’, and ’oth
er’—are 3073, 4566, 1585, and 576 respectively. The number of ’other’ 
samples numerous is nearly 8 times less than the most numerous ’lie’, 
which poses a certain difficulty for training the detector. 

3.2. Comparison of pig behaviors recognition results of different detector 

In Table 1, we presented the performances of three detectors. The 
three detectors achieved good results with precision, recall, F1, and 
mAP. YOLOv5 obtained 92.0 %,87.8 %,89.8, and 91.8 % in precision, 
recall, F1, and mAP, respectively. YOLOv5 surpasses YOLOX by 1 % in 
precision and 0.3 % in F1 scores, also outperforms YOLOv8. It is found 
that YOLOv5 achieved the best detection results among three detectors. 
Then, we chose YOLOv5 detector to analyze the results of pig behaviors 
categories. In Table 2, we provided detailed analysis for these results of 
YOLOv5 detector. The P and R metrics of the ’other’ category both stand 
at 84.2 %, markedly differing from the scores of the other categories. 
The reason is that the “other” category has fewest samples compared 
with three categories. Despite the challenges posed by sample imbal
ance, the YOLOv5 model still showed excellent performance in key 
metrics such as precision and mAP. These results indicate that the 
YOLOv5 model provides a good foundation for improving behaviors 
tracking accuracy. 

3.3. The impact of pig behaviors classification on MOT 

To assess the impact of pig behaviors on MOT, we combined the Byte 
method with different detectors and compared their performance on 
public datasets, as shown in Table 3. Without considering behaviors 
classification, YOLOv5-Byte attained 81.1 % and 96.3 % in HOTA and 
MOTA, respectively. Compared to the other two methods, YOLOv5-Byte 

Fig. 5. Categories distribution of the training Set.  

Table 1 
Detection results of YOLOv5, YOLOX, and YOLOv8.  

Model P /%↑ R /%↑ F1/%↑ mAP/%↑ 

YOLOv5  92.0  87.8  89.8  91.8 
YOLOX  91.0  88.2  89.5  90.5 
YOLOv8  89.8  86.1  87.1  89.9  

Table 2 
Detection results for each category by YOLOv5.  

Class P /%↑ R /%↑ F1/%↑ mAP/%↑ 

stand  94.2  90.4  92.2  93.6 
lie  97.8  86.6  91.8  92.9 
eat  91.8  89.9  90.8  92.5 
other  84.2  84.2  84.2  88.4  
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improved by 0.5 % and 3.5 % in HOTA and 0.7 % and 3.6 % in MOTA. 
Furthermore, YOLOv5-Byte achieved the best results in pig tracking 
with behaviors classification, with HOTA and MOTA values of 80.1 % 
and 96.0 %, respectively. When considering pig behaviors classification, 
its HOTA values decreased by 1.0 %, 1.7 %, and 0.3 %, and MOTA values 
decreased by 0.3 %, 0.6 %, and 0.4 %, respectively, compared to results 
without behaviors tracking. Overall, YOLOv5-Byte demonstrated good 
performance in pig behaviors tracking compared to the other two 
methods. 

The study results indicated that YOLOV5-Byte performs well in pig 
behaviors tracking, and although the tracking performance slightly 
decreased compared to tracking pigs without behaviors, the impact was 
not significantly detrimental. Behaviors tracking provided essential 
technical support for assessing the health of pigs in production and 
farming and was more suitable for practical livestock needs. 

We presented some visual results of the YOLOv5-Byte, ByteTrack, 
and YOLOv8-Byte algorithms in Fig. 6. For pig tracking without 
behavior classification, all three algorithms correctly identified the 
number of pigs (as shown in the upper line of Fig. 5). For pig tracking 
with behaviors classification, the maximum ID numbers obtained by the 
YOLOv5-Byte, ByteTrack, and YOLOv8-Byte three algorithms were 15 
(equal to GT), 16 and 19 (as shown in the bottom row of Fig. 5), 
respectively. And only YOLOv5-Byte demonstrated consistent tracking 
without any IDs error, whereas both ByteTrack and YOLOv8-Byte 

occurred error IDs. Therefore, YOLOv5-Byte achieved the best accu
racy in pig tracking with behaviors classification, and the behaviors 
tracking had a minimal impact on MOT results. 

To evaluate the generalization ability and practical effectiveness of 
YOLOv5-Byte, we conducted a comparative analysis on private datasets 
under different scenarios, as presented in Table 4. YOLOv5-Byte ach
ieved 76.5 %, 94.4 % and 56 in HOTA, MOTA, and IDs, respectively, 
outperforming ByteTrack and YOLOv8-Byte by 4.2 % and 9.2 % in 
HOTA, 1.6 % and 8.7 % in MOTA and decline 28 and 14 in IDs, 
respectively. Additionally, YOLOv5-Byte outperformed ByteTrack and 
YOLOv8-Byte in IDF1, FP, and FPS metrics. These results highlighted the 
exceptional generalization abilities and precise tracking performance of 
YOLOv5-Byte across various datasets. 

The MOT results based on YOLOv5-Byte for each test video were 
presented in Table 5. For video 0014, HOTA, MOTA, IDF1, and IDs were 
84.5 %, 100 %, 100 %, and 0, respectively. In contrast, for video 0018, 
the corresponding metrics were 56.5 %, 81.4 %, 64.6 %, and 12, 
revealing a notable difference compared to the other video results. This 
reason could be attributed to environmental factors. The video 0014 was 
recorded on daylight with enough sunlight and slow movement 

Table 3 
Tracking results for pigs and its behaviors tracking.  

Method Behaviors HOTA/%↑ MOTA/%↑ IDF1/%↑ IDs↓ FN↓ FP↓ FPS↑ 

YOLOv5-Byte   81.1  96.3  94.5 48 1297 252 100 
√  80.1  96.0  93.8 54 1578 228 100 

ByteTrack   80.6  95.6  95.9 37 956 899 91 
√  78.9  95.0  92.9 68 980 1130 91 

YOLOv8-Byte   77.6  92.7  93.0 52 2572 591 68 
√  77.3  92.3  92.7 52 2582 755 68  

Fig. 6. Visual comparison results of pig tracking and its behaviors tracking.  

Table 4 
Pig behaviors tracking results on the private datasets.  

Method HOTA/ 
%↑ 

MOTA/ 
%↑ 

IDs↓ IDF1/ 
%↑ 

FN↓ FP↓ FPS↑ 

YOLOv5- 
Byte  

76.5  94.4 56  87.9 1113 119 107 

ByteTrack  72.3  92.8 84  83.0 1055 467 93 
YOLOv8- 

Byte  
67.3  85.7 70  81.6 2861 241 86  

Table 5 
Pig behaviors tracking results with YOLOv5-Byte.  

No. HOTA/%↑ MOTA/%↑ IDs↓ IDF1/%↑ FN↓ FP↓ 

0010  79.4 97.9 6 94.7 58 4 
0011  73.2 94.6 5 85.4 164 8 
0012  62.7 86.3 21 75.1 392 39 
0013  74.8 95.4 8 81.6 133 11 
0014  84.5 100 0 100 0 0 
0015  83.0 94.2 4 89.9 100 0 
0016  87.6 100 0 100 0 0 
0017  87.1 99.9 0 99.9 0 1 
0018  56.5 81.4 12 64.6 266 56 
Overall  76.5 94.4 56 87.9 1113 119  
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condition, while video 0018 was recorded at night as show the upper 
line of Fig. 6, leading to strong exposure occurred in the illuminated area 
and inadequate lighting in other areas. In conclusion, these observations 
demonstrated that lighting conditions pose the significant impact for the 
efficacy of MOT results. 

3.4. Behaviors tracking comparison under different lighting conditions 

To compare the performance of three methods for MOT under night 
conditions, two nighttime videos were selected for MOT tests. Video 
0018 was recorded at 10:00 PM, where many pigs gathered to sleep, 
with partial exposure. Video 0502 was recorded at 4:00 AM, with 

multiple pigs eating frequently. The visual results of the three methods 
were shown in Fig. 7. 

In the 1-th frame of Video 0018 as shown the upper row of Fig. 7, the 
YOLOv5-Byte method exhibited a false negative for one pig, as indicated 
by the yellow bounding box, the ByteTrack method displayed false 
negatives for three pigs, and the YOLOv8-Byte method produced false 
positives for two pigs and false negatives for four pigs, successfully 
tracking only one pig. When tracking pigs in the 13-th frame of Video 
0502 (as shown the bottom row of Fig. 6), the YOLOv5-Byte method 
successfully matched the maximum object ID to the real numbers with 8 
without missed target. The ByteTrack failed to accurately track all ob
jects with IDs, resulting in a maximum pig ID with 13 that differed by 5 

Fig. 7. Tracking comparison of three algorithms in night scenarios.  

Fig. 8. Tracking comparison of three methods in daytime scenarios.  
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from real numbers. The YOLOv8-Byte method failed to track some pigs 
due to the low confidence of the detector, as shown in the red box. The 
analysis results suggested that the YOLOv5-Byte method achieved su
perior performance in low-light conditions, potentially due to its better 
detection capabilities in night environments compared to the other two 
methods. This enabled it to achieve the best MOT performance. 

The visual results for pig behaviors tracking using the three methods 
under daytime conditions were shown in Fig. 7. The results indicated 
that the YOLOv5-Byte method achieved the best tracking performance 
under enough lighting conditions. The YOLOv5-Byte method success
fully tracked all pigs in both the 7-th frame of Videos 0015 and 0602 
(shown in the first row of Fig. 7), without incorrect IDs appear. How
ever, the ByteTrack method failed to track one pig in both the 7-th frame 
of Videos 0015 and 0602, as indicated by the yellow bounding boxes in 
the middle row of Fig. 8. The YOLOv8-Byte method tracked all pigs in 
the 7-th frame of Video 0015 but missed two pigs in the 7-th frame of 
Video 0602 as shown in the last row of Fig. 7. 

Based on the above analysis of the results under varying lighting 
conditions, it was found that the YOLOv5-Byte method exhibits the best 
MOT performance, regardless of the lighting conditions. Therefore, it 
was more suitable for intelligent analysis of group pigs under video 
surveillance. 

3.5. Statistical analysis 

In addition to quantitative analysis, we presented estimated tracks of 
pig activities for 0102,0013, and 0016 videos. The pig activity tracks of 
three methods and their real tracks were shown in Fig. 9. Among the 
three methods, the pig activity tracks of YOLOV5-Byte were the closest 
to the real pig tracks. In the ByteTrack method, there was a difference 
between the maximum pigs ID and the actual number of pigs in videos 
0102, 0013 and 0016. In the YOLOV8-Byte method, there was a sig
nificant issue of incorrect pig ID change in videos 0102, 0013 and 0016. 
In video 0016, the movement tracks of pigs with ID 6 and 7 are 
discontinuous. 

We calculated the pig BTA values using YOLOv5-Byte according to 
Eq (8). The obtained BTA results of YOLOv5-Byte for videos 0102, 0013, 

Fig. 9. Representation the visualization of pig activity tracks of three methods.  

Table 6 
0102 video behaviors tracking accuracy.  

Individual 1 2 3 4 5 6 7 

Match ID 7 4 6 2 5 1 3 
BT 243 194 295 276 300 291 228 
BTA(%) 81 64.7 98.3 92.0 100.0 97.0 76.0  
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and 0016 were presented in Tables 5, 6, and 7, respectively. In the three 
videos, over half of the object pigs achieved BTA values with over 80 %, 
with a few pigs having BTA equal to 100 %. In Table 6, pigs with ID 3 to 
6 had BTA values of over 92 %. In Table 7, pig with ID 2 and pig with ID 
4 had BTA values of over 92 %. In Table 8, pigs with ID 1, 2, 3, and 5 had 
BTA values of over 91 %. To analyze the different behaviors tracking 
information for each individual pig, we selected video 0102 for four 
behaviors time statistics, as shown in Fig. 10. Pig with ID 5 exhibited a 
single behavior with an accuracy of 100 %, while pig with ID 1 displayed 
varied behaviors with an accuracy exceeding 80 %. These results indi
cate that YOLOv5-Byte achieves a high accuracy in pig behaviors 
tracking. 

4. Discussion

With the continuous development of computer vision, MOT tech
nology is widely used, especially in people and vehicles tracking. Some 
researchers established public datasets such as MOT20 and KITTI 
(Voigtlaender et al., 2019) to evaluate tracking performance. Animal 
tracking was more difficult than human or vehicle tracking due to ani
mals have very similar appearance features and unpredictable behav
iors. Zhang et al. (2023) introduced a dataset specifically designed for 
multi-object animal tracking and evaluated the performance of different 
methods. This research provided a reference for a detailed understand
ing of animal tracking and offered valuable insights for further research 
on animal behaviors tracking. Compared to animal tracking, there were 
fewer studies on pig tracking. In large-scale breeding farms, the number 
of pigs was large, and it was easy to cause occlusion. Farms were usually 

indoors, and lighting conditions may be unstable. These factors could 
easily cause challenges to pig tracking. Guo et al. (2023) studied three 
different tracking methods, JDE, FairMOT, and YOLOv5s with Deep
SORT, and optimized pig re-identification (re-ID) which improved 
tracking performance and reduced the IDs. The studies above focused on 
pig tracking and did not consider pig behaviors tracking. In this study, 
we introduced behaviors tracking of pigs and conducted statistics and 
analysis on pig four behaviors. Our previous work explored an improved 
DeepSORT algorithm for pig behaviors tracking. Compared to the 
original DeepSORT method, the improved approach achieved increases 
of 1.8 % in MOTA and 6.8 % in IDF1 while reducing the number of IDs 
by 80 % (Tu et al., 2022). However, our previous work did not conduct 
corresponding statistics and analysis on pig behaviors tracking. 

Therefore, we proposed an effective YOLOv5-Byte method for 
monitoring pig behaviors, it can achieve real-time tracking performance 
and provide good tracking accuracy. Our study had some limitations, 
which are that the test videos were short and did not cover all time 
periods. We addressed common issues in practical production, including 
changes in night lighting and real-time monitoring of pig behaviors. Our 
study aimed to provide the necessary technical support for continuous 
tracking of pig behaviors, to better assess the health condition of pigs. 
Our next step research work is to study long-term pig behaviors tracking 
and analysis. 

5. Conclusion

In this study, we firstly investigated the task of tracking pig behaviors
in a commercial environment. In our study, we employed three diverse 
detectors, YOLOv5, YOLOX, and YOLOv8, to identify pigs’ behaviors 
and locate pigs, then combined with the Byte tracker to track the pig 
behaviors, to evaluate the performance of each detector in pig behaviors 
tracking. we compared the performance of the three methods without 
and with behaviors classification under different lighting conditions. 
The results show that YOLOv5-Byte performs best compared to the other 
two methods. Finally, we selected YOLOv5-Byte as the behavioral sta
tistics method. In the experiments of pig behaviors classification, we 
found that the tracking performance slightly decreased compared to 
tracking pigs without behaviors classification, but it did not have a 
significant impact. In experiments with different lighting conditions, 
YOLOv5-Byte achieved the best performance compared to the other two 
methods. In the statistical analysis of pig behaviors, we proposed a BTA 
metrics to evaluate pig behaviors tracking performance and BTA of 
YOLOv5-Byte exceeded 80 %. The proposed model can provide real-time 
analysis of pig behaviors and effectively support monitoring in large- 
scale pig farms. 
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Abstract
The accurate and reliable fruit detection in orchards is one of the most crucial tasks for 
supporting higher level agriculture tasks such as yield mapping and robotic harvesting. 
However, detecting and counting small fruit is a very challenging task under variable 
lighting conditions, low-resolutions and heavy occlusion by neighboring fruits or foliage. 
To robustly detect small fruits, an improved method is proposed based on multiple scale 
faster region-based convolutional neural networks (MS-FRCNN) approach using the color 
and depth images acquired with an RGB-D camera. The architecture of MS-FRCNN is 
improved to detect lower-level features by incorporating feature maps from shallower con-
volution feature maps for regions of interest (ROI) pooling. The detection framework con-
sists of three phases. Firstly, multiple scale feature extractors are used to extract low and 
high features from RGB and depth images respectively. Then, RGB-detector and depth-
detector are trained separately using MS-FRCNN. Finally, late fusion methods are explored 
for combining the RGB and depth detector. The detection framework was demonstrated 
and evaluated on two datasets that include passion fruit images under variable illumination 
conditions and occlusion. Compared with the faster R-CNN detector of RGB-D images, the 
recall, the precision and F1-score of MS-FRCNN method increased from 0.922 to 0.962, 
0.850 to 0.931 and 0.885 to 0.946, respectively. Furthermore, the MS-FRCNN method 
effectively improves small passion fruit detection by achieving 0.909 of the F1 score. It is 
concluded that the detector based on MS-FRCNN can be applied practically in the actual 
orchard environment.

Keywords  Multiple scale feature extractor (MSFE) · RGB-D detector · Region proposal 
network (RPN) · Passion fruit
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Introduction

Passion fruit is popularly grown in the tropics and sub-tropics, and valued for its captivat-
ing flavour, nutritional benefits and medicinal properties (Pongener et al. 2014). There has 
been continuous increase in its area and production in China. Early yield estimation of 
immature green fruit is critical for supporting higher level agriculture tasks for robotic har-
vesting. It may also help growers to identify growth conditions of immature passion fruit 
and thus implement precise site-specific fertilization based on their conditions and allocate 
labor based on yield maps (Han et al. 2016; Häni et al. 2019; Chen et al. 2017). Detection 
and counting of immature green passion fruit are essential steps in creating yield maps. So, 
there is an increasing demand for automatic detection of fruit and creating accurate early 
yield maps at the immature green stage from tree canopy images of passion fruit.

Computer vision may provide a promising tool for agricultural machinery-based fruit 
detection and counting of various types of fruit. For fruit detecting, most studies have 
been conducted to increase fruit detection accuracies and improve robustness to variable 
lighting conditions and occlusions. The fusion of blob analysis and the Circular Hough 
Transform (CHT) method was developed by Gongal et al. (2016) for apple detection under 
the occlusion of fruit in canopy images by leaves, branches, and other fruits. The method 
achieved an accuracy of 0.82 on estimating crop load on trees with dual side imaging. The 
Faster R-CNN was developed and used by Bargoti and Underwood (2017) for fruit detec-
tion, including mangoes, almonds, and apples on outdoor orchard images. A framework 
was presented by Stein et  al. (2016) to identify, track, and localize mango. Fruits were 
detected on the test set using a state-of-the-art faster R-CNN detector with a F1 score of 
0.89. A method was designed by Lu et al. (2018) to detect the immature green citrus fruit 
images under occlusions with F1 = 0.813 based on local binary pattern (LBP) features and 
adaptive boosting (AdaBoost) technology. To reduce the influence of insufficient light on 
the segmentation result, a global monomorphic filter was used to conduct image enhance-
ment, 93% of apples were accurately identified in 50 images with uneven illumination dis-
tribution (Xu and Lv 2017). A deep semantic segmentation architecture (MangoNet) which 
was a deep convolutional neural network used semantic segmentation was proposed for 
detection and counting of mangoes in an open mango field. The MangoNet was capable 
of segmenting images of different input sizes, which displayed robustness to various con-
ditions of illumination, scale mango density and occlusion (Kestur et al. 2019). For fruit 
counting, an end-to-end computer vision system was developed by incorporating a fully 
convolutional network (FCN) to detect a variety of apples under different lighting condi-
tions and estimate fruit counts from apple clusters having arbitrarily complex geometry. 
The yield estimation system achieved an overall accuracy of 0.912–0.948 across differ-
ent datasets. Häni et al. (2019) proposed three methods for apple detection and counting 
based on recent deep learning approaches and classical methods. These methods achieved 
remarkable yield accuracies ranging from 0.956 to 0.978. A fruit detection and counting 
method was proposed by Chen et al. (2017) based on a deep learning strategy for variable 
unstructured environments  Song et al. (2014). proposed a two-step method for recognizing 
and counting pepper fruits in cluttered greenhouses, which obtained a strong correlation of 
0.946 with manual counting data. MangoYOLO was developed by A. Koirala et al. (2019a, 
b) based on features of YOLOv3 and YOLOv2 for mango fruit, which achieved a F1 score
of 0.968 and average precision of 0.983 on a test set independent of the training set with a
detection speed of 8 ms per 512 × 512 pixel image tile. However, due to the occlusion of
the target fruits by foliage, branches or other fruits and the non-uniform and unstructured
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environment (Anand Koirala et al. 2019a, b; Gongal et al. 2015), recognizing and counting 
fruits on tree canopy is a key challenge in developing yield estimation systems.

Detecting and counting green fruit is a very difficult task due to the following issues: 
(1) the colours of green fruits and leaves in one image are often very similar; (2) most of
detection algorithms are sensitive to variable lighting conditions and occlusions of fruits
in orchard environment; (3) immature green fruit is smaller size than mature fruits. For
the two problems above, many solutions have been studied by using RGB-D sensors and
information fusion technology (Gongal et al. 2015). To avoid the color similarities between
fruit and leaves, Gan et al. (2018) built a multi-modal system using a thermal camera and
a color camera to detect immature green citrus fruit. They demonstrated that the image
fusion of the two camera types improved fruit detection compared to using a colour image
alone. The study improved the detection precision from 0.866 to 0.955 and recall from
0.781 to 0.904. To overcome the influence of highly variable illumination conditions, an
adaptive thresholding algorithm combined with RGB-D sensor was proposed by Vitzra-
bin and Edan (2016) to detect sweet-peppers with detection rates of 0.909. The thresh-
olding algorithm uses combinations of the nine thresholds where one threshold for each
dimension of RGB images (three dimension) was calculated using three lighting level (low,
medium, and high). A study of fusing RGB-D and radiometric information obtained with
the Microsoft Kinect for Windows v2 (Kinect v2) (Yang et al. 2015) was proposed for Fuji
apple detection. This study achieved an F1 score of 0.898 and an AP of 0.948 when all
channels were used (Gené-Mola et al. 2019). These studies showed that combining depth
images with color images could potentially improve fruit detection.

Moreover, the previous published works have illustrated the use of Faster R-CNN with 
VGG-16 model for fruit detection by fusing RGB and depth images (Tu et al. 2018). The 
emphasis of this paper is on maturity discrimination, which is used for fruit picking by 
robots. So, the collected data were close to the acquisition equipment and small objects 
need no attention in the images. However, the basic Faster R-CNN methods in this paper 
have serious omissions when used in yield estimation system and were not suitable for 
automatic counting. The reason is possibly that the collected data are far from the acquisi-
tion equipment and fruit objects for yield estimation are smaller in the image than ones 
acquired for a fruit-picking robot. Further, the small objects have fewer pixels and the finite 
pixels contain few object features, it is difficult to detect the small fruit by the basic Faster 
R-CNN model when the ROI-pooling layer of Faster R-CNN model builds features only
from one single high-level feature map. So, small object detection is crucial in yield esti-
mation tasks.

In recent years, there is considerable research interest in the application of small object 
detection. Due to the inability of the regional proposal network to accurately detect objects 
for the low resolution from small objects, Eggert et al. (2017) proposed a modification to 
Faster R-CNN model that leverages higher-resolution feature maps and generates anchor 
proposals for small objects. The scheme can improve the performance of small objects 
detection on the Flicker dataset including 32 logo-classes(Romberg et al. 2011). To trade 
off the quality of the detector on large objects with that on small objects, Kisantal et al. 
(2019) proposed to oversample those images with small objects and augment each of those 
images by copy-pasting small objects many times. The approach achieved 9.7% relative 
improvement on the instance segmentation and 7.1% on the object detection of small 
objects. To improve the detection performance for small objects, Cai et al. (2018) devel-
oped a multi-stage object detection architecture (the Cascade R-CNN) by creating a series 
of detectors trained to be sequentially more selective against close false positives. The Cas-
cade R-CNN surpassed all single-model object detectors on the challenging COCO dataset 
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which contains photos of 80 objects types and all objects are labeled using per-instance 
segmentations to aid in precise object localization(Lin et al. 2014). Deep learning methods 
are representation-learning methods with multiple levels of representation, where low-level 
features represent the presence or absence of edges at particular orientations and locations 
in the image and high-level features describe abstract semantic information (LeCun et al. 
2015). To construct the inherent multi-scale features of deep convolutional networks, the 
feature pyramid network (FPN) architecture that has rich semantics at all levels scale was 
exploited by (Lin et al. 2017), which showed significant improvement as a generic feature 
extractor in small objects detection applications (Le et al. 2016).

Detection of small objects in yield estimation system is challenging since their size 
in the input is small and they are more difficult to recognize due to lower resolution. In 
addition, there are few studies, references, and also no standard fruit dataset on automatic 
detection of small objects for yield estimation. Therefore, a multiple scale Faster R-CNN 
(MS-FRCNN) approach was proposed based on color (RGB) and depth images for small 
passion fruit detection and counting the numbers of passion fruits in an image under var-
ying illumination and random occlusion conditions. To test the performance of the MS-
FRCNN according to engineering method (Koen 1985), RGB-D dataset was used to con-
duct extensive experiments and extra dataset focusing on small objects was built for yield 
estimation system. Compared with the faster R-CNN detector of RGB-D images (Tu et al. 
2018), the MS-FRCNN approach combines the features of the 3th, 4th, and 5th convolu-
tion layers to form a multiscale feature vector which contributes to the development of a 
solution for RGB-D and small fruit objects detection used in yield estimation. Detection 
precision, recall, F1 score and the run time of detection were employed to evaluate the 
results of the MS-FRCNN approach.

Materials and methods

RGB‑D image acquisition

RGB-D images were obtained from passion fruit farm in HeYuan from July 29th to August 
12th, 2016 (Tu et al. 2018) and Guangzhou Conghua from Aug. 12th to Sep. 12th, 2017, 
Guangdong Province, CHINA. To evaluate the proposed detection method, 2275 RGB-D 
images were captured using a Kinect v2 device in two natural passion fruit orchards. The 
images were saved in JPG format with 1 920 × 1 080 pixels in RGB and 512 × 424 pixels in 
depth. Fruit size ranged from 10 × 10 to 100 × 100 pixels. The average fruit size per image 
was 50 × 50 pixels. Image acquisition was performed between 8:00 am to 10:00 am and 
6:00 pm local time. The illumination was affected by the sunlight change, wind, and cloud 
in the sky when capturing the images. For the reason that the underlying time-of-flight 
(ToF) technology is unsuitable in strong sunlight conditions, the Kinect V2 sensor was 
used to avoid strong sunlight and work in shady areas (Yang et  al. 2015). Trellis-grown 
vines of the passion fruit can protect the Kinect sensor from a direct source of light. The 
Kinect was moved along Trellis-grown vines such that the camera was positioned approxi-
mately 2 m from the vine.
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Building data library

Among the 2275 RGB-D images of passion fruit acquired, 1900 RGB-D images were 
randomly selected to generate the training dataset and the validation dataset used dur-
ing creation of model, and the other 100 RGB-D images formed the extra test dataset 
for different model comparisons. The rest of the 275 RGB-D images formed the dataset 
including small objects fruit for testing yield estimation system. An example image of 
these classes is shown in Fig. 1, where (a) shows an RGB image with 1 920 × 1 080 pix-
els and (b) shows the corresponding depth image with 512 × 424 pixels, under normal 
illumination. The depth image in Fig. 1c was pre-processed by applying image enhance-
ment and the median filter, to smooth the objects’ contours in the target image and to 
remove the noise interference.

Locations of fruit in the 1900 RGB-D images (5621 RGB fruits and 3352 depth fruits 
image with 50 × 50 pixels) were manually labeled with Labelme software for the class 
name of fruits and stored. The training of the model was run from a workstation (CPU, 
Intel® Xeon(R) CPU E3-1245 v3 @ 3.40 GHz × 8; Memory, 32 GB) equipped with a 
GPU (GeForce GTX TITAN X/PCIe/SSE2). Parameters in the MS-FRCNN model were 
fine-tuned and the final model was used for detecting fruit in images acquired by the 
Kinect2.0 device.

Overview of the proposed algorithm

A flowchart of the detection of passion fruit is shown in Fig.  2. Multiple scale faster 
R-CNN detectors for RGB and depth data respectively were introduced and fused both
detections of RGB-D image linearly. The linear operation was described in Eq. (1).The
implementation of the detection algorithm was based on MS-FRCNN detection.

As can be seen in the Fig. 2, the detection algorithm consists of four phases: RGB-D 
data augmentation, building the RGB-detector and depth-detector based on the MS-
FRCNN algorithm with FPN, fusing the RGB detector and depth detector linearly and 
counting passion fruits only using RGB test images. In the following paragraphs, each 
phase of the image analysis algorithm is discussed in more detail.

Fig. 1   An RGB image and the corresponding depth image. a The RGB image, b the depth image and c the 
pre-processed depth image
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Data augmentation

The limited training dataset was not sufficient to train a deep and robust MS-FRCNN. A 
reasonable way to enlarge the training dataset size was to use data augmentation, which is a 
common way to expand the variability of the training data by artificially enlarging the data-
set using label-preserving transformations with a strong generalization ability (Ren et al. 
2015). Different combinations of transformations are commonly used as data augmentation 
to teach the network the desired invariance and robustness properties. Typical augmenta-
tion techniques used in the computer vision community include left–right flipping, image 
re-scaling, and changes to image colour. This paper applied the left–right flipping, rotation, 
and elastic deformations (Simard et al. 2003) to the fruit images during training. Based on 
those 1900 RGB-D images during training of model, the dataset after data augmentation is 
listed in Table 1.

The basic Faster R‑CNN algorithm

The base model of Faster R-CNN framework is a residual network (ResNet) proposed 
by He et al. (2016),which is easier to optimize, and can gain accuracy from consider-
ably increased depth. The architecture of Faster R-CNN model consists of two modules. 
The first, called the regional proposal network (RPN), is a fully convolutional network 
for generating object proposals that will be fed into the second module. The second 
module is the Fast R-CNN detector which classifies individual proposals and regresses 
a bounding box around the fruits. The key idea is to share the same convolutional layers 
for the RPN and Fast R-CNN detector up to their own fully connected layers. The output 

RGB image

Depth image

RGB -D detection

Record the 
number of all 

fruits

RGB Data 
augmentation

RGB Detector 
based on MS Faster 
R-CNN with FPN

Depth Data 
augmentation

Depth Detector 
based on MS Faster 
R-CNN with FPN

Fusion

Fig. 2   Flow chart of the detection algorithm based on RGB-D images

Table 1   Number of images used for training and testing after data augmentation

Type of images Original data Augmented data Number of images in 
training set

Number of 
images in test 
set

RGB 1 900 8 651 6 055 2 596
Depth 1 900 3 352 2 346 1 006
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from the final convolutional layer is a high- dimensional feature map, which is then 
connected to two sibling layers including a box-regression layer and a box-classifica-
tion layer. These layers define the RPN, and they detect and classify Regions of Interest 
(RoIs) in the image. The RoIs are subsequently propagated through the fully-connected 
layers which refine their object probability and associated bounding box label. The out-
put from the network is a set of bounding boxes withprobability of fruit. To these, a 
probability threshold is applied, followed by non-maximum suppression (NMS) where 
a bounding box with the maximum classification score is selected and its neighboring 
boxes are suppressed to handle overlapping detections.

Figure  3 illustrates the ResNet-based Faster R-CNN detection flowchart based on 
RGB-D images. There are five parts including feature extraction of ResNet, RPN net-
work, two fully-connected networks (Fc6 and Fc7), one softmax classifier layer and 
NMS. ResNet consists of several basic residual blocks which provide a shortcut con-
nection between layers. This shortcut connection makes it possible to train hundreds 
or more layers while achieving enhanced performance. ResNet was developed with 
many different numbers of layers including 50 and 101 which is used in this paper (He 
et al. 2016). The number of output proposals is set at 300. NMS with a threshold of 0.3 
removes duplicate predictions.

In the RPN, the convolution layers of a pre-trained network are followed by a 3 × 3 
convolutional layer. This corresponds to mapping a large spatial window or receptive 
field in the input image to a low-dimensional feature vector at a sliding-window loca-
tion. Two 1 × 1 convolutional layers are then added for classification and regression 
branches of all spatial windows.

To deal with different scales and aspect ratios of objects, anchors are introduced in 
the RPN. For k region proposals, these region proposals are parameterize relative to k 
reference boxes, called anchors. An anchor is at each sliding location of the convolu-
tional maps and thus at the center of each spatial window. Each anchor is associated 
with a scale and an aspect ratio. The scales (322, 642,1282, 2562, and 5122 pixels) and 
three aspect ratios (1:1, 1:2, and 2:1), leading to use of k = 15 anchors at each location 
in the study.

For training RPNs, a binary class label (of being an object or not) is assigned to each 
anchor. A positive label was assigned to two kinds of anchors: (i) the anchor/anchors 
with the highest Intersection over-Union (IoU) overlap with a ground-truth box, or (ii) 
an anchor that has an IoU overlap higher than 0.7 with any ground-truth box. A nega-
tive label to a non-positive anchor is assigned if its IoU ratio is lower than 0.3 for all 
ground-truth boxes. Anchors that are neither positive nor negative do not contribute to 
the training objective.

B1

B2

Bn

Bounding box 
prediction

Class
probability

Bounding box 
B1

Cls1 score
P(X1|B1)

Bounding box 
B2

Cls1 score
P(X2|B2)

Cls1 score
P(Xk|Bk)

Bounding box 
BkFeature extraction

Feature map RoI pooling
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NMS
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Depth image

Output

ResNet-101
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Fc7
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C3

C4
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Fig. 3   The ResNet-based Faster R-CNN detection flowchart based on RGB-D images



1079Precision Agriculture (2020) 21:1072–1091	

1 3

The multiple scale Faster R‑CNN detector

The Faster R-CNN achieves state-of-the-art performance in detecting persons, animals, 
or vehicles. However, the detection network in Faster R-CNN has trouble detecting such 
small objects as fruits in the trees. The main reason is that the ROI-pooling layer and RPN 
build features only from the feature map of the last convolution layer which omitted low-
resolution features maps useful for small object detection. Therefore, a combination of both 
global and local features, i.e., multi scaling, to enhance the global context and local infor-
mation in the ResNet-based Faster R-CNN network can help robustly detect the objects of 
interest. In order to enhance the capability of the network, feature maps from shallower 
convolution feature maps, i.e., conv3, conv4, and conv5 are incorporated for RPN and ROI 
pooling. Then the network was able to detect lower level features containing a higher pro-
portion of information in ROI regions.

Figure  4 shows multiple scale feature extractor which replaces the original feature 
extraction in the basic Faster R-CNN (Fig. 4). The feature extraction involves a bottom-
up pathway, a top-down pathway, and lateral connections. The bottom-up pathway is the 
feedforward computation of the backbone convolutional neural networks (ConvNet), which 
computes a feature hierarchy consisting of feature maps at several scales with a scaling 
step of 2. The top-down pathway generates higher resolution features by upsampling spa-
tially coarser feature maps from higher pyramid levels. These features are then enhanced 
with features from the bottom-up pathway via lateral connections. Each lateral connection 
merges feature maps of the same spatial size from the bottom-up pathway and the top-
down pathway. The detailed process was described in the following.

The output of these last residual blocks from conv1,conv2, conv3, conv4, and conv5 
outputs was defined as {C1,C2,C3,C4,C5,}. First, a coarsest-resolution feature map (P5) is 
generated by attaching a 1*1 convolutional layer on C5, and a feature map is obtained by a 
factor of 2 on P5 up sample operation. The upsampled feature map is then merged with the 
corresponding bottom-up C4, by element-wise addition to obtain the feature map P4 (Fig. 4 
lateral connections). This process is iterated until the finest resolution feature map is gener-
ated. This final set of feature maps is called {P3,P4,P5}, corresponding to {C3,C4,C5} that 
are respectively of the same spatial sizes.

The MS-FRCNN detector adapted RPN and Fast R-CNN by replacing the single-scale 
feature map with multiple scale feature maps. A publically available pre-trained ResNet-101 

2x up

1×1 conv

lateral 
connections

bottom-up

top-down

Conv1

Conv2

Conv3

Conv4

Conv5

P4

P3

P5

P4

Conv4

P5

Fig. 4   Multiple scale feature extractor including bottom-up pathway, top-down pathway and lateral connec-
tions
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model was used (He et al. 2016). The MS-FRCNN detector used the same training process 
and loss function in RPN for bounding box proposal generation and in the Fast R-CNN for 
object detection with the basic Faster R-CNN detector (Lin et al. 2017).

Fusion of RGB and depth detector

The combination of RGB data and depth data appears promising: depth data are robust to 
illumination changes but sensitive to low-signal strength returns and suffer from limited depth 
resolution. Image data are rich in colour and texture, have a high angular resolution but break 
down quickly under non-ideal illumination.

To take advantage of the richness of RGB-D data, late fusion was proposed by Sa et al. 
(2016), which combined the classification information from the two modalities, colour and 
NIR imagery. The RGB-D detector was trained separately by an RGB Faster R-CNN detector 
trained on colour images and a depth Faster R-CNN detector trained on depth images. If no 
depth data are available, the detector degrades to the regular RGB detector. The linear strategy 
described in Eq.  (1) was used to combine the RGB-based Faster R-CNN detector with the 
depth-based Faster R-CNN detector by late fusion.

where p is resulting probability of detecting passion fruit of RGB-D images, λ is adjusted 
by cross validation method in the experiment (used 0.4 in the paper), pD is resulting proba-
bility of detecting depth images and pRGB is resulting probability of detecting RGB images.

Implementation details

The proposed multi-modal object detection networks can be trained end-to-end with back-
propagation and stochastic gradient descent (SGD). For RPN networks, each mini-batch arises 
from a single image that contains many positive and negative example anchors. The input 
image is resized such that its shorter side has 800 pixels. Synchronized SGD is used to train 
the model on 8 GPUs. Each mini-batch involves 2 images per GPU and 512 anchors per image 
with a weight decay of 0.001 and a momentum of 0.9 which is used for the gradient updating 
of weights and bias in the model. These weights are used in convolutional neural network and 
fully connected layers network of model. The learning rate which is a parameter for the gra-
dient descent is 0.01 for the first 6 k mini-batches and 0.001 for the next 1 k, and 0.0001 for 
the next 1 k. To reduce redundancy, non-maximum suppression (NMS) is performed over the 
proposals according to their ensemble objectness scores with an IoU threshold of 0.5, which 
leaves about 300 proposal regions per image. The pre-trained models include ResNet-50 and 
ResNet-101. The input size (network resolution) for MS-FRCNN framework is 1333*800.

(1)p =

⎧
⎪
⎨
⎪
⎩

pRGB pD = 0

�pD + (1 − �)pRGB pD ≠ 0 ∧ pRGB ≠ 0

pD pRGB = 0
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Results and discussion

In this section, the MS-FRCNN method was qualitatively and quantitatively evaluated on 
four experimental settings: (1) the performance of RGB and depth detector under different 
feature extractors was assessed; (2) the performance of RGB-D fusion detector was evalu-
ated; (3) the results of RGB detection in occlusion and overlap situations were analyzed; 
(4) the results of RGB detection and counting in small fruit objects for yield estimation 
system (5) the performance between MS-FRCNN with HOG + SVM, HOG + Adaboost and 
basic Faster R-CNN methods was compared.

Given this threshold, the precision (P), recall (R) and F1 score are computed as:

where TP is the number of true positives (correct detections), FP is the number of false 
positives (false detection), and FN is the number of false negatives (miss).

In this paper, the precision-recall curve with the corresponding F1 score was used as the 
evaluation metric for fruit detection. Fruit is considered as detected if the intersection over 
union (IoU) between the prediction and ground truth bounding boxes is greater than 0.5. 
It is worth noting that this threshold was chosen to be smaller than the ImageNet (Deng 
et al. 2009) challenge due to the relatively small fruit size with respect to the image res-
olution. ImageNet is a large-scale hierarchical image database which include 14 million 
images annotated. Although the threshold affects the performance evaluations (the smaller 
the threshold is, the higher the F1 score produced), the identical threshold is consistently 
used for all experiments and comparisons presented in this paper.

The results and analyzes for RGB and depth detectors based on MS‑FRCNN

The public ResNet-50 and ResNet-101 including 50 and 101 of layers with multiple scale 
feature extractor named as ResNet-50-MSFE and ResNet-101-MSFE were used (Alom 
et al. 2019). The detection performance of RGB and depth detectors based on MS-FRCNN 
was separately demonstrated in Table 2. The extra validation data include 100 RGB images 
with 1008 fruits and depth images with 527 fruit which did not involve in training and test-
ing of the model.

Figure 5 shows the precision-recall curves of the MS-FRCNN systems based on ResNet-
50-MSFE and ResNet-101-MSFE for RGB and depth detection. The markers denote the 
points where precision and recall are identical. RGB detector can achieve better detection 
performance than depth detector which suffered from the depth images containing noise 
from sunlight. The ResNet-101-MSFE model outperforms the ResNet-50-MSFE. It is 
noted that the ResNet-101-MSFE approach contains twice as many conv layers than the 
ResNet-50-MSFE and requires more resources, such as computation time and GPU mem-
ory space. Comparative experiments were conducted to analyse the contribution of MSFE 
between ResNet-101 and ResNet-50.

The results of RGB and depth detectors generated using different kinds of MSFE are 
shown in Table  2. The precision, recall, F1 and detection speed values were calculated 
using ResNet-101 and ResNet-50 for RGB and depth detectors. On RGB and depth fruit 

(2)Precision =
TP

TP + FP
,Recall =

TP

TP + FN
,F1 =

2 ∗ Precision ∗ Recall

Precison + Recall
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detectors, using the ResNet-101-MSFE obtained better detection performance compared 
with the ResNet-50-MSFE. The highest F1 of 0.916 was obtained using ResNet-101-MSFE 
for RGB detector; while the lowest F1 of 0.819 was obtained using ResNet-50-MSFE for 
depth detector. Compared with the depth detector, the RGB detector achieves approxi-
mately 10% and 7% improvement of F1 using ResNet-50-MSFE and ResNet-101-MSFE.

The detection time of RGB and depth detectors is 0.175  s and 0.145  s respectively 
using ResNet-101-MSFE. Compared with ResNet-101-MSFE, the detection time of RGB 
and depth detectors using ResNet-50-MSFE is 0.122  s and 0.101  s respectively, show-
ing the faster detection speed. The detection times of ResNet-50-MSFE and ResNet-101-
MSFE models are fast enough for real-time detection application in the field (Detection 
time < 0.2  s). Comprehensive consideration of detection accuracy and time performance, 
the Faster R-CNN method based on ResNet-101-MSFE would be conducted and analysed 
on RGB-D images.

Table 2    The results of RGB and depth detectors based on ResNet-50-MSFE and ResNet-101-MSFE

a Recall is the ratio of the number of correct detections to that of annotated passion fruits. The total number 
of annotated fruits in the RGB and Depth images are 1008 and 527
b Detection speed is the average processing speed (frames per second) for the extra validation dataset con-
taining 100 images

Type of 
detector

Feature 
extractor

Correctly 
identified 
(TP)

Missed 
fruit 
(FN)

Incorrectly 
identified 
(FP)

Precision aRecall F1 bDetection 
speed(s)

RGB ResNet-50-
MSFE

930 78 98 0.904 0.923 0.913 0.122

ResNet-101-
MSFE

932 76 96 0.907 0.925 0.916 0.175

Depth ResNet-50-
MSFE

434 93 98 0.816 0.824 0.819 0.101

ResNet-101-
MSFE

445 82 87 0.837 0.845 0.841 0.145

Fig. 5   Precision-recall curves 
RGB and Depth detector using 
ResNet-50-MSFE and ResNet-
101-MSFE
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Some examples detected via the MS-FRCNN approach are shown in Fig. 6 where text 
on red rectangle box includes the abbreviation of passion fruits (PF) and their correspond-
ing confidence values. The figure illustrates several passion fruits detected using ResNet-
101-MSFE feature extractor under three different lighting conditions. Both colour and 
depth detectors achieved good detection accuracy. However, for small passion fruit detec-
tion, the colour detector can achieve good better detection accuracy rate than the depth 
detector. This occurred because ResNet-101-MSFE feature extractor can extract low-level 
features for detecting the smaller object; consequently, many small passion fruits were cor-
rectly detected by the RGB detector under normal illumination and bright light conditions 
(e.g., Fig. 6b, c top row). Under Weak illumination, some fruits were not correctly detected 
by the RGB detector (e.g., Fig. 6a top row); while using the Depth detector, fruits (e.g., 
Fig. 6a bottom row) could be detected quite reliably. This suggests that a detection system 
that combines depth and colour detection can be used under different illumination condi-
tions; this further suggests that multimodality can help detect fruits in situations that can-
not be handled by single-cue detectors.

Detection results from fusion of RGB and depth detectors based 
on ResNet‑101‑MSFE

The results of the detection from information fusion were evaluated and compared with 
previous results. Table 3 shows the numbers of the correctly identified fruit, missed fruit, 
incorrectly identified fruit, the computed precision, recall rates and F1 value. Comparing 
these results with Table 2, precision increased from 0.907 using only RGB detector based 
on ResNet-101-MSFE to 0.962; a 0.68% and 3.07% increase in the recall and F1 when 
using RGB-D detector comparing with only RGB detector, respectively.

Examples are shown in Fig. 7, in which confirmed fruit regions are marked with red rec-
tangles by RGB & depth images and confirmed fruit regions are marked using blue rectan-
gles by fusing RGB and depth images. RGB detector can usually achieve better detection 

Fig. 6   Detection results of passion fruit in RGB-D data under different light. a Weak illumination b normal 
illumination c bright light
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performance than depth detector (e.g., Fig. 7a middle and bottom row). However, under 
weak illumination, depth detector can achieve better results than RGB one (e.g., Fig. 7b top 
row). According to Eq. (1), some missed fruit regions in the color images were confirmed 
as fruit after adding depth information (e.g., Fig.  7c top and bottom row). So, RGB-D 
detector improved passion fruit detection compared with RGB and depth detector (e.g., 
Fig. 7c).

Some of the passion fruit samples being heavily occluded by the trunks, branches and 
leaves could yield higher similarities between some positive and negative training samples, 
forcing such test samples to fall on the decision boundaries of the softmax classifiers which 
is a generalization of logistic regression used for multi-class classification (https​://cs231​
n.githu​b.io/linea​r-class​ify/#softm​ax). So, it is difficult to classify positive and negative
samples with high colour similarities correctly, and the detector obtains a lower classifica-
tion accuracy. Therefore, the detection of highly overlapping passion fruits and occluded
regions requires additional research.

Table 3   Precision and recall from the detections after information fusion of color and depth images

Manual  
fruit count

Correctly 
identified (TP)

Missed  
fruit (FN)

Incorrectly 
identified (FP)

Precision Recall F1

1020 950 70 38 0.962 0.931 0.964

Fig. 7   Three detection results examples after information fusion. The images a show the results from Faster 
R-CNN detection in the RGB images. The images b are the corresponding depth images. The images c are
the detection results after information fusion. In c, blue rectangles are confirmed fruit locations from RGB
and depth images

https://cs231n.github.io/linear-classify/#softmax
https://cs231n.github.io/linear-classify/#softmax
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Performance evaluation of passion fruit detection under occlusion and overlap 
conditions

In this study, color images were used as the primary information resource for detecting over-
lapping passion fruits and occluded regions due to their higher reliability compared to depth 
images under normal illumination. The fruits in a color image using MS-FRCNN were 
detected. The numbers of output label are four set as non-overlapped fruit, overlapped fruit, 
occlusion fruit, and background. The confidence value of classifier was set greater than 0.5.

Table 4 shows a summary of the detection results. In the table, the precision and recall 
values were calculated when the output classes were non-overlap, occlusion, and overlap. 
The precision in non-overlapped fruit detection achieved the best precision (0.962) and 
recall (0.972). Compared with the performance of the occlusion and overlapped fruit detec-
tion, the detection performance in non-overlapped status was approximately 10% better in 
terms of the average precision and recall.

Some examples are shown in Fig. 8. The figure illustrates several passion fruits detected 
with different probabilities (p ≥ 0.5), under non-overlapped (No-ov), occlusion (Occ) and 
overlap (Ov) conditions. The detected object is represented using a bounding box, which 
is determined by a minimum enclosing rectangle containing all the foreground pixels after 
Faster R-CNN detection operation. The numeral marked in white under each bounding 
box shown in Fig. 8 refers to the calculated relative probabilities, and higher values of p 
(ranging from 0 to 1) indicate higher localization precision values of the detected citrus 
fruit. The bounding boxes marked in red in Fig. 8 refer to the detection results with higher 
matching results (p ≥ 0.5). False and missed detections still occurred (Table 4) in non-over-
lapped, occlusion and overlap conditions. Most of the false detections and some missed 
detections occurred because it is difficult for the training model to learn all the complex 
occlusion and overlap conditions.

The results of RGB detection and counting in small fruit objects for yield estimation 
system

In this study, the rest of 275 color images including many small objects were used as the 
primary information resource for testing yield estimation system. The total number of 
annotated fruits in the 275 images was 7032 fruits. The number of fruits per image ranged 
from 10 to 100.

Table  5 shows the numbers of the correctly identified fruit, missed fruit, incorrectly 
identified fruit, the computed precision, recall rates and F1 value between the MS-
FRCNN approach and Faster R-CNN(ResNet101). The correctly identified fruit num-
bers are 6205 and the F1 score is 0.909 using MS-FRCNN. Compared with the Faster 
R-CNN(ResNet101), the MS-FRCNN is approximately 3% better in terms of the precision.

Table 4   The results of passion fruit detection under non-overlapped, occlusion and overlap conditions

Output label Manual 
fruit count

Correctly 
identified 
(TP)

Missed 
fruit (FN)

Incorrectly 
identified (FP)

Precision Recall F1

Non-overlapped 643 625 18 25 0.962 0.972 0.967
Occlusion 311 285 26 45 0.864 0.916 0.889
Overlapped 54 40 14 12 0.769 0.741 0.755
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Some examples are shown in Fig. 9. These test data were collected far from the acquisi-
tion equipment, so fruit objects are small in the image for yield estimation. The bounding 
boxes marked in red in Fig. 9 refer to the detection results. The dense small fruit objects 
(e.g., Fig. 9a, b) can be well detected within 5 meters from the camera under normal illu-
mination. Furthermore, many small passion fruits in the range of pixels [20 × 20, 50 × 50] 
can be correctly detected under normal and weakly illumination. For fruits with resolution 
less than 10 × 10 pixels, there were some omissions and errors in the MS-FRCNN method.

Result comparison with other three methods

Histogram of oriented gradients (HOG) proposed by Dalal et  al. (2006) is a powerful 
descriptor for object detection and recognition. In fruit detection, HOG has been widely 
used and frequently achieved excellent performance. The MS-FRCNN approach was com-
pared with HOG + SVM, HOG + Adaboost and Faster R-CNN based on VGG-16 methods. 
For a fair comparison, the same training and test datasets acquired from a passion fruit 
farm in HeYuan from July 29 to August 12, 2016 were select to be used for evaluation. 
Then, a comparison was made by analysing the F1 and the time costs of the different meth-
ods about RGB-D images in Table 6.

Fig. 8   Examples of passion fruit detection by RGB for non-overlapped, occlusion and overlapped condi-
tions. a No overlap, b a relatively strong occlusion, c a relatively strong overlap. The red rectangles with 
solid line, blue rectangles with dashed line and yellow rectangles with dotted line indicate the three classes 
(No overlap, occlusion and overlap), respectively

Table 5   Precision and recall from the detections for MS-FRCNN and Faster R-CNN(ResNet101)

Method Correctly iden-
tified (TP)

Missed 
fruit (FN)

Incorrectly 
identified (FP)

Precision Recall F1

MS-FRCNN 6 205 827 409 0.938 0.882 0.909
Faster 

R-CNN(ResNet101)
6 053 979 639 0.905 0.861 0.882



1087Precision Agriculture (2020) 21:1072–1091	

1 3

Table  6 shows that HOG + Adaboost, HOG + SVM and Faster R-CNN(VGG-16) 
achieve a F1 value of 0.733,0.717 and 0.885, respectively. The highest F1 value of 0.946 
was obtained with the MS-FRCNN approach, which has 0.21 higher than HOG + Ada-
boost and 0.23 points higher than HOG + SVM. HOG + Adaboost and HOG + SVM 
methods obtained low detection accuracy because the HOG method extracted feature 
struggled to deal with occlusion and was sensitive to noise points. Therefore, the HOG 
methods failed to detect most passion fruits in the test dataset where more than half of 
the images were captured under uniform and sufficient illumination conditions. The Faster 
R-CNN(VGG-16) detector was better at detecting passion fruits, possibly because RPN 
can extract not only coarse-to-fine feature information but also their spatial positions 
across deep CNN models. Compared with the performance of Faster R-CNN(VGG-16) 
detector, the MS-FRCNN approach brought approximatel y a 6% enhancement in the F1 

Fig. 9   Examples of passion fruit detection and counting with dense small fruit objects, using MS-FRCNN 
with ResNet-101-MSFE feature extractor. a The high density small fruit objects with the number of fruits 
over 80. b The moderate density small fruit objects with the number of fruits between [50 80]

Table 6   Comparison of results 
for the MS-FRCNN and other 
three methods on RGB-D images

Approach Precision Recall F1 Detection 
speed (s)

HOG + Adaboost 0.927 0.605 0.733 0.215
HOG + SVM 0.851 0.619 0.717 0.504
Faster R-CNN(VGG-16) 0.922 0.850 0.885 0.072
The MS-FRCNN 0.962 0.931 0.946 0.175
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value, which can be significant in image detection tasks. The reason is likely that Faster 
R-CNN(VGG-16) detector had poor performance on small objects.

The average processing time for four methods was also evaluated. The Faster 
R-CNN(VGG-16) takes 0.072 s in total, which is 3 × , 7 × and 2 × faster than HOG + Ada-
boost, HOG + SVM, and the MS-FRCNN approach, as shown in Table 4 (right). The MS-
FRCNN approach tends to lead to slower but more accurate models, requiring 0.175 s per 
image compared with Faster R-CNN(VGG-16) requiring 0.072 s. Although the testing time 
of the MS-FRCNN is acceptable and fits the targets, the number of regions of interest in 
the MS-FRCNN approach requires additional and further research to improve the detection 
efficiency.

Discussion

A new MS-FRCNN method was developed for passion fruit detection by combining color 
and depth information. Although previous studies have demonstrated that the basic faster 
R-CNN method can achieve good detection accuracies with an F1 of 0.885, the method 
does not work well to detect small fruit objects in natural outdoor scenes. To solve the 
problems, a multiple scale feature extractor was developed in this study by combining 
conv3, conv4, and conv5 as feature maps. The method is shown to be successful by signifi-
cantly improving the precision and recall of small fruit detection. Using the MS-FRCNN 
method, the precision, recall and F1 values increase from 0.922 to 0.962, 0.850 to 0.931 
and 0.885 to 0.946, respectively.

RGB detector can achieve better detection performance than the depth algorithm under 
normal illumination. The depth images display more distinguishable features between fruit 
and leaves on some occasions. The depth detector can detect the fruits hidden in dimly 
lighted areas, while in the color images many of them are less visible. Though fruits in 
depth images appeared to be more distinct in the example images, color images are still 
more robust in different situations (such as overlap and occlusion conditions) and provide 
more consistent detection results.

Conclusions and future perspectives

In this paper, a new approach for the detection of passion fruits using RGB-D images 
was developed, and some pilot tests were performed. The major contributions of this 
study can be summarized as follows:

(1)	 The MS-FRCNN is a novel method for fruit detection using colour and depth images. 
The MS-FRCNN method can be used for detection of passion fruits in natural cano-
pies. The deep learning methods seem to generalize well in new conditions and can 
be trained on smaller set of images through transfer learning. Therefore, it should be 
easy to adopt a detection method based on the MS-FRCNN for detection of new fruit 
species.

(2)	 An RGB-D image-based machine vision system was developed and evaluated. In the 
detection step, the fruit detector performed better when RGB information was com-
bined with depth information. The RGB-D detector demonstrated the F1 of 0.946, 
outperforming the RGB and depth detectors by more than 3% and 10%, respectively. 
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The Kinect device might be subsequently used for fruit detection in natural outdoor 
conditions if the device is protected from direct exposure to sunlight.

(3)	 The algorithm developed in this study was able to identify small passion fruits for test-
ing yield estimation system in the canopy with a complex background, under uneven 
non-overlap, overlap and occlusion conditions. In these experiments, the proposed 
MS-FRCNN provides a significant boost in detection performance and average process-
ing time compared with HOG + Adaboost, HOG + SVM, and the basic Faster R-CNN 
methods.

Further improvement will be considered by exploring more effective detection model 
such as YOLO-V3 in videos by incorporating adversarial learning strategies (Goodfel-
low et al. 2014) for recognizing passion fruits with less time to locate fruits with higher 
precision for yield estimation, especially for those fruits that grow in dense clusters. The 
adversary nets framework creates examples on the outdoor scene with different occlu-
sions and deformations, such that these occlusions/deformations make it difficult for 
original object detector to classify. In addition, the detection performance of passion 
fruit in different growth stages will be involved and analyzed.
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Simple Summary: This study develops a new method to automatically track and analyze pig behavior
in complex environments. We use Pig-ByteTrack algorithm for real-time tracking and perform
trajectory interpolation post-processing on the original algorithm to solve tracking problems caused
by light changes, occlusion, and collisions between pigs. Finally, a set of time statistical algorithms
for behavior categories are designed. The method helps farm managers detect abnormalities and
health problems of pigs in a timely manner. Experimental results show that the method performs
well in behavior recognition and tracking, accurately records pig behavior, and provides technical
support for monitoring the health and welfare of pig herds.

Abstract: Daily behavioral analysis of group-housed pigs provides critical insights into early warning
systems for pig health issues and animal welfare in smart pig farming. In this study, our main objective
was to develop an automated method for monitoring and analyzing the behavior of group-reared
pigs to detect health problems and improve animal welfare promptly. We have developed the method
named Pig-ByteTrack. Our approach addresses target detection, Multi-Object Tracking (MOT), and
behavioral time computation for each pig. The YOLOX-X detection model is employed for pig
detection and behavior recognition, followed by Pig-ByteTrack for tracking behavioral information.
In 1 min videos, the Pig-ByteTrack algorithm achieved Higher Order Tracking Accuracy (HOTA) of
72.9%, Multi-Object Tracking Accuracy (MOTA) of 91.7%, identification F1 Score (IDF1) of 89.0%,
and ID switches (IDs) of 41. Compared with ByteTrack and TransTrack, the Pig-ByteTrack achieved
significant improvements in HOTA, IDF1, MOTA, and IDs. In 10 min videos, the Pig-ByteTrack
achieved the results with 59.3% of HOTA, 89.6% of MOTA, 53.0% of IDF1, and 198 of IDs, respectively.
Experiments on video datasets demonstrate the method’s efficacy in behavior recognition and
tracking, offering technical support for health and welfare monitoring of pig herds.

Keywords: behavioral analysis algorithm; multi-object tracking (MOT); long-term video tracking;
Pig-ByteTrack

1. Introduction

With the increasing demand for animal products and the growing social concern
for animal welfare, effective monitoring and analysis of animal welfare is increasingly
becoming a hot research priority. The health status of pigs will determine the development
and economic efficiency of pig farming. Meanwhile, clinical or subclinical signs of most
swine diseases are usually accompanied by behavioral abnormalities before the appearance
of symptoms [1]. Currently, with the development of image processing technology, the
integration of manual observation and computer vision monitoring is the main manage-
ment method in large-scale pig farms, this still requires a large amount of labor. And
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with the rapid development of Multi-Object Tracking (MOT) technology in the field of
video surveillance, the need for manual labor can be significantly reduced through the
application of MOT for the pig industry, improving the efficiency and cost-effectiveness of
pig farm management.

In recent years, several outstanding MOT algorithms have been proposed. For exam-
ple, the prevailing trackers including simple online and real-time tracking (SORT [2]) and
deep simple online and real-time tracking (DeepSORT [3]), have been widely used for the
MOT of pedestrians and vehicles. SORT is a data association method based on a Kalman
filter (KF) and a Hungarian algorithm to associate the detected bounding-box results be-
tween adjacent frames. DeepSORT introduces the comparison of appearance features,
which is added to the motion model in SORT. This enhances the performance for a longer
duration of occlusion. Zhang et al. proposed Fair Multi-Object Tracking (FairMOT) based
on the anchor-independent target detection architecture CenterNet, which obtains high
accuracy in detection and tracking for MOT datasets [4]. Sun et al. proposed an end-to-end
Transtrack MOT method based on TransFormer, which can perform target detection and
tracking tasks simultaneously [5]. The framework performed well in complex scenarios
and achieved excellent performance on MOT16, MOT17, and MOT20 datasets. Zhang et al.
proposed the ByteTrack algorithm, which adds a correlation phase to low-scoring detection
frames to improve tracking performance on many pedestrian tracking datasets [6]. Aharon
et al. proposed the Bayesian online tracking with sorting (BOT-SORT) algorithm, which
achieves accurate tracking of multiple targets by using appearance and motion information
for re-identification [7]. It could effectively deal with challenges such as target occlusion
and appearance changes. Due to the excellent performance of these MOT algorithms, they
are widely applied in various fields, including autonomous driving, traffic management,
drones, aviation, medical image analysis, agriculture [8–17], and so on.

Nowadays, more and more studies of MOT technology have been used in livestock de-
tection and tracking. For example, Guo et al. improved the joint detection and embedding
(JDE), FairMOT, and you only look once version 5 small (YOLOv5s) + DeepSORT algo-
rithms, respectively, to improve the performance of individual animal tracking, especially
to reduce the number of identity switches, thus ensuring timely animal welfare [18]. Zheng
et al. proposed a MOT method (YOLO-BYTE), which aims to address the problem of missed
and false detections caused by the complex environment in the detection and tracking of
individual cows [19]. Lu et al. proposed a MOT method based on a rotating bounding box
detector to recognize the number of pigs and monitor their health status, which improved
the adaptability of the tracking technique in complex scenarios and reduced the switching
of pig identities [20]. Zou et al. proposed an improved YOLOv3+DeepSORT algorithm
to achieve accurate MOT of yellow-feathered broilers in large-scale broiler farms, which
provides a technical reference for analyzing the behavioral perception and health status
of broilers [21]. However, all these methods focused on target detection and tracking
tasks, little research was conducted for further behavioral automated analysis based on the
MOT results.

In addition, most work regarding pig detection and tracking involves studies on
the pig tracking of short-duration videos or identifying postural behaviors. For example,
Alameer et al. utilized a MOT technique for automated diagnosis and intelligent monitoring
of health status in 1 min videos of pigs on a pig farm [22]. Huang et al. designed the HE-
Yolo (High Effect Yolo) model to identify the postural behaviors of fenced pigs in real-time
from 10 to 100 s of video [23]. Huang et al. proposed an improved pig counting algorithm
(MPC-YD) based on theYOLOv5 + DeepSORT model, which aims to solve the problems of
partial feature detection, tracking loss due to fast movement, and video counting errors of
pigs [24]. Our previously published work proposed an improved DeepSORT algorithm
for multi-target behavioral tracking in 1 min pig videos. The approach could improve
tracking accuracy under complex scenarios and reduce error IDs due to overlapping and
occlusion between pigs [25]. All the above methods demonstrated superior performance in
pigs’ MOT tasks for short-time videos. However, there is little research on pigs’ behavioral
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tracking for long-time videos. This is because in the long-term MOT of pigs, factors such
as the occlusion of objects and influence of light appear with greater probability, which
leads to a decrease in the accuracy and stability of detection and tracking of pigs; it is
very challenging to recognize the behavior of pigs on this basis. Therefore, it is extremely
challenging to record the behaviors of individual pigs for the long term completely by
MOT methods.

To address the above challenges, we proposed an approach to complete target detec-
tion, tracking, and behavioral automated analysis of three tasks for group-housed pigs.
First, we used the YOLOX-X detector in the detection task to detect the target and output
for the four behavioral categories (lie, stand, eat, and other), locations, and confidence
values of the pigs. Then, we employed a trajectory interpolation post-processing strategy in
the data association part to minimize ID errors caused by occlusion to improve the tracking
accuracy. Finally, we designed an automated behavioral analysis algorithm to calculate
four behavioral times of each pig in each pen based on its ID and behavioral information.

In this study, our main objective was to develop an automated method for monitoring
and analyzing the behavior of group-reared pigs to detect health problems and improve
animal welfare promptly. Specific objectives include the following:

(1) We proposed the Pig-ByteTrack algorithm, integrating trajectory interpolation to
reduce false alarms and enhance tracking stability, to improve the accuracy of behavior
monitoring in pig farming.

(2) We designed a behavioral analysis algorithm to calculate the temporal distribution
of behaviors for each pig, leveraging tracking IDs and categories, to enable detailed
behavioral analysis within individual enclosures.

(3) We constructed a 10 min long-term pig dataset with real pig house videos and
validated our methodology’s effectiveness through comparative tracking experi-
ments, to ensure the practical applicability and reliability of our approach under
real-world conditions.

2. Method

To address the challenges of accurate precision in pig tracking and behavioral analyses
under complex environments, we proposed the process of tracking and behavioral time
statistics for group-housed pigs, as depicted in Figure 1. Firstly, we introduced a novel
target tracking algorithm called Pig-ByteTrack, which is used to detect the pigs, classify
the behavior categories, and assign the target pig ID for input video sequences. Then, the
MOT results were generated, which included the following three parts: pig ID, the pigs’
location, and the pigs’ behavioral categories. Additionally, a behavioral analysis algorithm
was designed to calculate the frequency of each behavior for each pig based on the pig’s ID
and behavior category information. Finally, based on a behavioral analysis algorithm, we
designed the program to visualize the frame number, categories, and frequency for each
pigs’ behaviors, thereby obtaining statistical results of pig behaviors in the videos.
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2.1. Pig-ByteTrack Algorithm of Group-Housed Pigs

Pig-ByteTrack is divided into two main phases: object detection and multi-target
tracking. The workflow is shown in Figure 2. Firstly, the YOLOX-X detector is used to
detect all pig targets for each frame of input video sequences, and the detection results
contained pigs’ confidence value, bounding box (BB), and behavioral category. Then, the
MOT tracker uses the improved BYTE data association algorithm to match the high-scoring
detection boxes to the trajectory, and the unmatched trajectory is linked to the low-scoring
boxes. The improved Byte includes two operations: the Hungarian Matching Algorithm
and the Kalman Filter (KF) prediction, respectively. Finally, the target trajectory output for
the images of consecutive video frames is obtained by the MOT tracker.
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2.1.1. The Original ByteTrack Algorithm

The ByteTrack algorithm utilized the detector of YOLOX to complete the BB regression
and behavior recognition. The detector of YOLOX is an improved version of YOLO [26,27]
with a simple scheme and better performance without the anchor mechanism. YOLOX
decoupled the YOLO detection head into distinct feature channels for box coordinate
regression and target classification. Then, the ByteTrack algorithm utilized the BYTE data
association strategy for MOT task. Its processing flow chart is shown in Figure 3.

The detailed process is as follows:

(1) The object detection results are divided into high-score and low-score detection boxes.

In the detection results, if the confidence value of the detection box is greater than the
high score box threshold, the detection box is placed in the high score detection box set
(Dhigh). If the confidence value of the detection box is less than the high score box threshold
and greater than the low score box threshold, the detection box will be placed in the low
score detection box set (Dlow).

(2) The high-scoring detection boxes Dhigh are matched with the existing tracks for the
first IoU data association.

The IoU distance matrixes between high-scoring detection boxes Dhigh and the set of
trajectories are calculated and then used to match using the Hungarian algorithm, which
produces three kinds of outputs including matched track set, unmatched high-scoring
detection boxes, and unmatched tracks. The matched track set contains successfully
matched detection boxes updated with their Kalman filter. The unmatched high-scoring
detection boxes and unmatched tracks are placed in Dremain and Tremain sets, respectively.

(3) The low score detection boxes Dlow are associated with the unmatched trace-in Tlow
for the second IoU data.
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We calculate the IoU distance matrixes between Dlow and the unmatched tracks Tremain,
which output three kinds of sets, including unmatched tracks, unmatched low-scoring
detection boxes, and matched track sets. The unmatched trajectories are placed in Tlost set.
The unmatched low-score detection boxes will be considered background boxes and will be
deleted directly. For the set of successfully matched trajectories, its Kalman filter is updated
and placed in the current frame trajectory set.

(4) Trajectories creation, deletion, and merging.

For the detection boxes Dremain, if the confidence values are greater than the tracking
threshold, new tracks are created for them and are merged into the current set of trajectories
for the current frame, if not, they are neglected. The stored trajectories that exceed 30
frames in Tlost are deleted. All trajectories for the current frame are outputted and fed to
the next image frame as the existing trajectories.
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2.1.2. The Pig-ByteTrack Algorithm

To implement stable behavior tracking of group-housed pigs, based on ByteTrack, the
improvement of the Pig-ByteTrack algorithm consists of two steps as follows:

(1) The design of suitable detection anchor boxes and the improvement of tracking boxes.

The anchor boxes of the original detection of the ByteTrack tracker are designed
based on the pedestrian’s features of narrow height which is not suitable for group-housed
pigs. We remove the shape restriction on the pig detection box and implement the most
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appropriate ratio of anchor boxes for pigs. At the same time, four behavioral classes of pigs
(lie, stand, eat, and other) are added to the BYTE tracker for tracking.

The visualization of the Pig-ByteTrack and ByteTrack is shown in Figure 4. The
tracking box of the original ByteTrack in Figure 4a only shows the ID number of each
pig, whereas the tracking box of the Pig-ByteTrack in Figure 4b can reflect the behavioral
categories and ID value of each pig at the same time.
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(2) The implementation of the trajectory interpolation post-processing strategy for BYTE
tracker.

To avoid error IDs due to severe occlusion between group-housed pigs, we propose
the trajectory interpolation post-processing strategy to significantly improve the stable
tracking performance of occluded targets. The process is as follows:

Suppose a trajectory T is lost due to occlusion between t1 frame and t2 frame, if the
current trajectory T is at exactly t frame (t1 < t < t2), the interpolation box Bt of the
trajectory T can be calculated by Equation (1) as follows:

Bt = Bt1 + (Bt2 − Bt1)
t− t1

t2 − t1
(1)

where Bt denotes the track box coordinates of the t frame (containing four values, one for
the top left and one for the bottom right coordinates). Moreover, Bt1 denotes the track box
coordinates of the t1 frame, Bt2 denotes the track box coordinates of the t2 frame.

2.2. The Behavioral Analysis Algorithm

Based on the video sequence tracking results, we design and implement the pig’s four
behavioral time calculation algorithm as shown in Algorithm 1. The algorithm flow is
as follows:

(1) An array of a behavioral category named [A1, A2, A3, A4] is designed for each track,
which creates statistics for the number of all tracks for the four categories of the stand,
lie, eat, and other behaviors. The statistic is added as an attribute in each of the tracks.

(2) For each frame of video, the BYTE data association algorithm first obtains information
about the YOLOX-X detection results of each BB named D, including the category
information mentioned above. Then, the behaviors analysis algorithm creates an
array of frames named [a1, a2, a3, a4] based on the categories (stand, lie, eat, and other
behaviors of each BB) for each pig ID. And if the behavior category belongs to stand,
a1 is set to 1 and the other parameters are set to 0, and so on.
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(3) After Associating T with D using the BYTE operation, we can revise the values
[A1, A2, A3, A4] if the tracklet and detection BB match successfully. The formula of
revised A is as follows: 

A1new
A2new
A3new
A4new

 =


A1
A2
A3
A4

+


a1
a2
a3
a4

 (2)

If there is no match between the detection BB and the track, or if the confidence
value of the detection BB is greater than the high score threshold, we can set the value of
[A1, A2, A3, A4] for this tracklet to 0. Finally, after summing the number of frames obtained
for the four behaviors with different pig IDs, we divide it by the frame rate to obtain the
time for the different behaviors of each pig ID.

Algorithm 1. Pseudo-code of Behavior Category Time Statistics of Pigs

Input: A video sequence V; object detector Det; the k frame fk; the detection BB D; category
includes lie, eat, stand, other; variable a and A: one-dimensional array including four elements for
time statistics; T: tracklet information and four behavior category time statistics; tracking score
threshold η is set 0.75; Frames per second Fps;
Output: Tracks T of the video

1. Initialization: T ← ∅
2. for frame fk in V do
3. D ← Det( fk)
4. Initialize time-count array including four elements for time statistics a← [0, 0, 0, 0]
5. Set variable category _index ← D{category}
6. [category_index]← 1
7. Associate T with D using BYTE:
8. if succeed to match then
9. Call the Update or Re-activate function to update the status of tracks
10. Set variable A← T{category__time_array}+ a
11. T{category__time_array} ← A
12. end
13. if D failed to match and D > then
14. Call the function to create a new track
15. Initialize time-count array A← [0, 0, 0, 0]
16. T{category__time_array} ← A
17. end
18. end
19. T{category__time_array} = T{category__time_array}/Fps

Return T

3. Experiment

All the experiments in this study were conducted on the same computer using Linux
as the experimental platform with Ubuntu 20.04 operating system, using Python 3.7 as the
programming language, Pytorch 1.9.1 as the deep learning framework, and CUDA version
11.1. The GPU server is RTX3090, and the memory is 64 GB. We select HOTA, MOTA, IDF1,
and IDs as the pig MOT evaluation metrics.

HOTA calculation is shown in Equation (3) as follows:

HOTA =

√
Σ

c∈TP
A(c)

TP + FN + FP
(3)

where c is a point belonging to TP, according to which we can always determine a
unique Ground Truth trajectory, and A(c) represents the association accuracy. TP refers
to the number of positive samples; FN refers to the positive samples predicted by the
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model to be negative; and FP represents the negative samples predicted by the model as
positive samples.

MOTA calculation is shown in Equation (4) as follows:

MOTA = 1− ∑t(FP + FN + IDS)
∑t gt

(4)

where FP represents the total number of false detections in frame t; FN represents the total
number of missed detections in frame t; IDS represents the number of times the target label
ID switched during tracking in frame t; and gt represents the number of targets observed at
frame t.

IDF1 calculation is shown in Equation (5) as follows:

IDF1 =
2IDTP

2IDTP + IDFP + IDFN
(5)

where IDTP represents the total number of targets correctly tracked with unchanged ID;
IDFP represents the total number of targets incorrectly tracked with unchanged ID; and
IDFN represents the total number of targets lost in tracking with unchanged ID.

Additionally, the model performance is evaluated with the number of ID Switches
(IDs) in this study. Higher values of HOTA, MOTA, and IDF1, and a lower value of IDs
indicate better model performance.

3.1. Dataset

For a comprehensive analysis of group-housed pig behavior, this study collected two
sets of pig behavior video datasets from different scenarios, categorized as public and
private datasets. The public dataset [28] comprised video clips of pigs of different breeds,
recorded in both daytime and nighttime environments, with each pigpen house including
7 to 20 pigs, with a total of 4 annotated 10 min videos. The private dataset was collected
in September 2022 from a commercial pig farm in Foshan, where each pigpen houses 6 to
11 black and spotted pigs. Pigs in the study were categorized into three age groups: nursery
(3–10 weeks), early fattening (11–18 weeks), and late fattening (19–26 weeks). Weight
distributions across these stages align with standard growth curves. In the nursery phase,
pigs weighed 7–10 kg at 3 weeks, 10–15 kg at 4–5 weeks, and 15–25 kg at 6–10 weeks. Early
fattening pigs weighed 25–35 kg at 11 weeks, 35–50 kg at 12–15 weeks, and 50–70 kg at
16–18 weeks. In the late fattening phase, pigs weighed 70–90 kg at 19 weeks, 90–110 kg
at 20–23 weeks, and 110–130 kg at 24–26 weeks. These estimates may vary due to breed,
husbandry practices, and diet. The study included two breeds: black and spotted pigs.
Welfare principles were adhered to, with each pig allocated 1.2 square meters of pen space.
The housing environment was controlled for temperature and humidity to ensure suitability
for the animals, and the facility was equipped with adequate ventilation for herd density.
Bedding conditions comprised both solid and metal grid flooring. Empirical evidence
suggests that pigs display comparable behaviors on solid and grid floors, indicating that
flooring preferences do not significantly affect basic behavioral patterns and thus do not
impact the study’s findings.

This dataset annotated 18 1 min video segments, with 9 video segments for training
and 9 for testing. Each video segment had a frame rate of 5 frames per second, resulting
in 300 images in a 1 min video and 3000 images in a 10 min video segment. All datasets
were annotated using DarkLabel1.3 software. Our classifications of pig activity levels
were determined by direct observation in cooperation with farm staff. Specifically, the
classifications of ‘low’, ‘medium’, and ‘high’ activity levels were based on daily observations
and empirical judgments of staff on pig behavior. These categories, although subjective,
reflect the routine practice of actual pig farming and provide a practical benchmark for
our study. In future studies, we plan to introduce more objective quantitative methods
to enhance the accuracy and consistency of the categories. We divided the activity level
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of pigs into three categories according to the time period: high activity during the day,
medium activity during the day (or night), and low activity during the day (or night). The
activity level of pigs was defined as follows: during the day (07:00–17:00), pigs have more
frequent behaviors such as eating and walking, this time was defined as a high activity
level. During the day (07:00–17:00) or night (18:00–06:00), pigs have no high activities such
as eating and walking. This time was defined as the medium activity level during the
day or night. During the day (07:00–17:00) or night (18:00–06:00), pigs had few eating and
walking behaviors, mostly lying behavior. This time period was defined as low activity
during the day or night. The detailed test dataset is shown in Table 1.

Table 1. Test dataset.

Dataset Sequence Day Night Activity Level Number of Pigs

1 min videos

10
√

– Medium 11
11

√
– High 10

12 –
√

Low 11
13

√
– High 11

14
√

– High 6
15

√
– Medium 6

16
√

– Medium 6
17 –

√
Low 6

18 –
√

Low 6

10 min videos

01
√

– Medium 7
02 –

√
Low 8

03
√

– High 14
04 –

√
Low 15

The “
√

” indicates that the value is true, and the “–” indicates that the value is false.

The experiment consisted of the following four parts: (1) the comparison of tracking
results of Pig-ByteTrack, ByteTrack, and TransTrack in the private dataset; (2) the analysis
of MOT results using Pig-ByteTrack for 1 min videos in the private dataset; (3) the tracking
results analysis of Pig-ByteTrack for 10 min videos; and (4) the behavioral analysis for four
video segments in the private dataset.

3.2. Experimental Results and Performance Comparison

In this section, we evaluated the achievement of experiment goals in detail. To achieve
these goals, the following research tools and methods were used:

(1) The YOLOX-X detection model was used for target detection and behavioral recogni-
tion in pigs.

(2) The Pig-ByteTrack algorithm was designed to track behavioral information for each pig.
(3) The Automated Behavioral Analysis algorithm was developed to calculate the tempo-

ral distribution of behaviors.

3.2.1. Results Comparison of Pig-ByteTrack, ByteTrack, and TransTrack

The results comparison of the Pig-ByteTrack with the ByteTrack and TransTrack in
the private dataset is shown in Table 2. The Pig-ByteTrack achieved the best performance
with HOTA, MOTA, IDF1, and IDs of 72.9%, 91.7%, 89% and 41, respectively. Compared
with the ByteTrack, the results of the Pig-ByteTrack improved by 1.5%, 1.1%, 1.1% and 14 in
HOTA, MOTA, IDF1, and IDs, respectively. Compared with TransTrack, its HOTA, MOTA,
and IDF1 were improved by 23.4%, 4.4%, and 21%, and its IDs decreased 212, respectively,
with significant performance improvement. Combining the above results, we found that
Pig-ByteTrack can achieve stable behavioral tracking of group-reared pigs.
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Table 2. The performance comparison between Pig-ByteTrack and the other 2 MOT methods.

Algorithms HOTA(%) ↑ MOTA(%) ↑ IDF1(%) ↑ IDs ↓
TransTrack 49.5 87.3 68 255
ByteTrack 71.4 90.6 87.9 55

Pig-ByteTrack 72.9 91.7 89.0 41
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable. and bolded
results represent the method used in this study.

The tracking results for Pig-ByteTrack, ByteTrack, and TransTrack in Videos 10, 11,
12, and 13 were shown in Figure 5. The Pig-ByteTrack method not only provided the ID
number but also the behavioral class of each tracked pig, whereas ByteTrack and TransTrack
only displayed the pig’s ID without behavioral categorization. Pig-ByteTrack consistently
achieved accurate pig behavior tracking across all four videos, with minimal IDs. In Video
10, ByteTrack failed to accurately identify a pig within the red dashed box at frame 17. In
Video 11, ByteTrack incorrectly changed an ID indicated by the arrow in frame 26, where the
pig was changed from ID11 to ID12. TransTrack missed detecting two black pigs within the
red dashed box. Video 12 was captured in a challenging night scene, where the color of the
pig is very similar to the shadow, making it difficult to identify the pig. Pig-ByteTrack had
no missed detection, and ByteTrack and TransTrack both exhibited missed detection within
the red dashed box. In Video 13, the same problem occurred with ByteTrack and TransTrack.
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3.2.2. Results of Pig-ByteTrack for 1 min Video in Private Dataset

Pig-ByteTrack performed well in the various video tests with high averages. Table 3
shows its performance in each test video. Pig-ByteTrack performed well in Videos 14, 15,
16, and 17 with HOTA scores of 77.1%, 81.7%, 82.5%, and 79.6%, respectively, and MOTA
scores consistently above 97%. In Video 17, both HOTA and IDF1 obtained max values of
97.9% and 99.0%, respectively, with zero IDs. These results showed Pig-ByteTrack could
achieve good accuracy in this scenario. However, in Video 18, Pig-ByteTrack performed
relatively poorly with 56.0%, 67.7%, and 64.2% for HOTA, MOTA, and IDF1, respectively,
and the number of IDs was as high as 17. These results suggested that Pig-ByteTrack is
affected in scenes with low lighting at night. Overall, Pig-ByteTrack showed excellent
accuracy and stability in the pig MOT task. Further optimization and improvement is
needed in complex situations such as severe occlusion and insufficient light.

Table 3. The results of each 1 min video tracking for Pig-ByteTrack.

Video HOTA(%) ↑ MOTA(%) ↑ IDF1(%) ↑ IDs ↓
10 80.3 94.5 95.0 4
11 72.5 94.9 87.8 3
12 63.0 88.7 84.9 10
13 66.2 97.9 84.9 6
14 77.1 97.9 95.0 0
15 81.7 97.1 90.9 1
16 82.5 97.6 98.8 0
17 79.6 97.9 99.0 0
18 56.0 67.7 64.2 17

Average 72.9 91.7 89.0 41
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable.

Figure 6 shows the tracking results for Pig-ByteTrack, ByteTrack, and TransTrack from
frames 6 to 116 of Video 11, where the real number of pigs was 11. The Pig-ByteTrack
method achieved good tracking throughout and additionally provided behavioral cate-
gories for each pig tracked. ByteTrack and TransTrack both experienced tracking loss (pigs
in the red dashed box in Figure 6). The tracking performance of Pig-ByteTrack was more
stable and accurate than that of the other two methods.
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3.2.3. Results of Pig-ByteTrack for 10 min Video Dataset

The results of Pig-ByteTrack in the 10 min videos are shown in Table 4. We found that
the tracking results of the 10 min videos were much less than those of the 1 min videos
by comparing the results with Table 3. Video 02 had the highest HOTA rate, reaching
69.1% precision, while Video 03 had an HOTA rate of only 50.8%. The reason was that
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the pig’s active level in Video 03 was the highest among the four videos, as the pig moves
frequently, resulting in frequent problems such as target occlusion, motion blurring, or
lighting changes. The Pig-ByteTrack achieved the best IDF1 value with 67.0% in Video 04
and the worst IDF1 value with 47.8% in Video 01. The reason for this phenomenon is that
Video 04 is in the nighttime period, and most of the pigs are resting.

Table 4. The 10 min video tracking results for Pig-ByteTrack.

Video HOTA(%) ↑ MOTA(%) ↑ IDF1(%) ↑ IDs ↓
01 66.1 90.8 47.8 14
02 69.1 95.1 53.4 29
03 50.8 88.4 50.8 72
04 59.0 87.5 67.0 83

Average 59.3 89.6 53.0 198
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable.

Figure 7 shows the visualized tracking results of Pig-ByteTrack for a 10 min video. The
10 min video had many issues with lost tracking and IDs (as indicated by the red arrow in
Figure 7). We thought that this was because the 10 min video produces the situations such
as many pig occlusions, light changes, and so on. The probability of its problems in the
10 min videos is greater than that of the 1 min videos, which leads to the gap in tracking
results. Therefore, the current method is still difficult to meet the demand of tracking
objects for a long time, which is a direction that needs to be improved in the future.
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3.2.4. Behavioral Analysis for Four Video Segments in Private Dataset Algorithm

The histogram results using our designed behavioral analysis algorithm are shown in
Figure 7. It presented the number of frames and distribution of different behavior classes
indicated by each ID number results for the 1 min time videos, including Videos 14, 15,
16, and 17. In each sub-graph of Figure 7, the horizontal coordinates represented the ID
number of the pigs, and the vertical coordinates represented the number of frames for each
behavior. Four different colors represented the four behavioral classes of pigs: stand, lie, eat,
and other, which were represented by light blue, dark blue, red, and yellow, respectively.

When we used the Pig-ByteTrack method to count the frame numbers of different
behaviors of group-housed pigs, the loss of IDs was encountered, but this did not affect
the consistency of the statistical results with the actual situation. In some time periods,
pigs were masked, resulting in changes in identity, such as id3 and id7 in video15; and
id6 in video16. In video14 of Figure 8, id1~4 mainly performed eat behaviors, while id5
and id6 performed lie and other behaviors, respectively, which proved that the pigs were
highly active in this video. Moreover, in video15 of Figure 8, the pigs mainly engaged in eat
and lie behaviors, with a similar proportion of the two, which indicated that the pigs were
generally active. For video16 in Figure 8, most of the pigs exhibited stand behaviors, and
only id3 and id5 engaged in other behaviors, which inferred that the pigs were medium
active. Lastly, in video17 in Figure 8, the pigs, except id5, mainly exhibited stand behavior,
proving the low activity level of the pigs. According to Table 1, we found that the results of
videos 14~17 are completely in line with the actual situation.
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By the pig behavior statistics algorithm, our research provides professionals with a tool
that enables them to identify and initially determine the cause of abnormal behavior. For
example, if our system monitors a pig not eating for an extended period of time, this may
indicate that the pig is experiencing a loss of appetite. This change in behavior could be due
to a health issue, environmental discomfort, or a feed problem. If a pig is monitored lying
down for an extended period of time without normal activity, this may indicate a possible
injury or discomfort. With this behavioral data, our system helps farm managers and
veterinary professionals quickly identify pigs of concern and provide an initial indication
of the cause of abnormal behavior. This provides valuable time for further diagnosis and
timely intervention.

4. Conclusions

In this paper, a Pig-ByteTrack method was proposed for target detection, behavioral
classification, and multi-target tracking of group-reared pigs. The Pig-ByteTrack method
achieves an HOTA of 72.9%, an MOTA of 91.7%, an IDF1 of 89%, and IDs of 41 for the
behavioral tracking of pigs. Compared with ByteTrack, the HOTA, MOTA, IDF1, and IDs
of the Pig-ByteTrack method were improved by 1.5%, 1.1%, 1.1%, and 14, respectively. The
advantage of the Pig-ByteTrack method was tracking all detection frames and then dividing
the detection frames into high-scoring and low-scoring detection frames. Meanwhile, the
post-processing strategy of trajectory interpolation is used in data correlation to maximize
the accuracy of tracking under occlusion. Based on Pig-ByteTrack, we designed an algo-
rithm for statistical analysis of pig behavior. The algorithm could calculate the number of
times each pig behaves in each pen according to the pig’s ID and category information and
could visualize the behavioral statistics time of pigs. Finally, we conducted a multi-target
tracking study on the 10 min-long video of a pig, which provided a technical reference for
subsequent long-time video tracking studies in this field.

Through the analysis of the method in this paper, we could consider that future
research could focus on enhancing the model’s long-term tracking performance. This could
be achieved by delving deeper into the optimization of deep learning models, which entails
refined network structures and fine-tuning hyperparameters. Furthermore, the integration
of advanced data analysis and machine learning techniques presented an opportunity to
develop predictive models for assessing the health status of pigs based on their behaviors.
By continuously monitoring various parameters such as activity levels, feeding patterns,
movement trajectories, and physiological indicators like body temperature and heart rate,
it became feasible to implement real-time tracking systems for monitoring the health
conditions of the pigs.
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The urine formed element instance 
segmentation based on YOLOv5n
Shuqin Tu1, Hongxing Liu1, Liang Mao2, Chang Tu3, Wenwei Ye3, Huiming Yu4 & 
Weidian Chen1

Accurate and efficient detection and segmentation of the urine formed element plays a vital role 
in the clinical diagnosis and treatment of many diseases, such as urinary system diseases, kidney 
diseases, and other diseases. However, artificial microscopy is subjective, and time- consuming. The 
mainstream detection and instance segmentation algorithms lack adequate accuracy and speed for 
the urine formed element due to small and dense targets. Therefore, this study proposes a quick 
one-stage urine formed element instance segmentation model based on YOLOv5n. The approach first 
employs a backbone architecture to extract features named shallow graphical features and semantic 
features from urine cells. Next, the neck network combines shallow graphical features with different 
deep semantic features, obtaining multi-scale, and multi-level features. Finally, according to these 
multi-level features, the head network of YOLOv5n integrates a small FCN network into the YOLOv5 
detector. It obtains the location, classification, and segmentation results of the targets. To validate the 
superiority of this approach in terms of speed and accuracy, a special urine formed element dataset 
including 500 images was created. Experimental results show that the YOLOv5n method achieves a 
Mean Average Precision (mAP) at intersection over the union threshold of 0.5 (mAP50) with 91.8%, 
and Frames Per Second (FPS) of 63.3. Compared to Mask R-CNN and YOLOv8, its FPS increased by 62.6 
and 60.9, respectively, resulting in nearly a hundred-fold speedup, and its mAP50 also increased by 
3.6 and 1.4% points in accuracy, respectively. Additionally, the YOLOv5n obtains a superior balance of 
accuracy and speed in comparisons with SOLOv2, BoxInst, and ConvNeXt V2. This study developed a 
new automated analysis of urinary particles based on deep learning, and this method is expected to be 
used for the automated analysis and detection of the urine formed element. The experimental results 
also demonstrate that YOLOv5n can achieve more accurate and faster instance segmentation of urine 
formed element, providing technical support for clinical disease diagnosis.

Keywords  YOLOv5n, Urine formed element, Fast, Instance segmentation

Urinalysis reveals many issues and diseases in the human body, and urinary sediment examination, as an 
important part of urine analysis, plays a significant role in the diagnosis, treatment, and cure of kidney diseases1,2. 
Urinary sediment mainly consists of substances such as red blood cells, white blood cells, and crystals3. Among 
these, red blood cell counting helps diagnose hematuria, bladder inflammation, kidney tuberculosis, and other 
conditions4,5. White blood cell counting assists in diagnosing bladder infections, kidney infections, urinary 
system obstructions, urinary retention, and more6. The formation of crystals reflects the oversaturation of 
substances in urine caused by metabolic and hereditary diseases, as well as drug exposure. Accurate analysis 
of crystals in urine helps identify the risk of stones and prevent their recurrence7,8. Manual counting of red 
and white blood cells and crystals in urinary sediment examination images is time-consuming, and complex 
images can lead to subjective errors in judgment. Using computer technology to assist in urine cell instance 
segmentation is crucial for accurate and fast urinalysis.

Detection and segmentation of cells in microscopic images have received extensive research attention. 
However, most existing methods focus only on cell detection or segmentation. For example, Vu et al.9 used a 
multiscale deep residual aggregation network to fuse the watershed algorithm for cell nucleus segmentation. Kutlu 
et al.10 employed the regional convolutional neural networks for white blood cell detection and classification. 
Wang et al.11 used an automatic hierarchical patch-based deep learning framework to detect and classify bone 
marrow cells. Zheng et al.12 utilized saliency detection and CenterNet for white blood cell detection. While these 
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approaches have shown promise in individual detection and segmentation tasks, they face challenges in precisely 
distinguishing different cells. Single detection lacks cell contour information, and single segmentation lacks 
information about different objects of the same class. However, instance segmentation provides individual-level 
segmentation and recognition, allowing quantitative analysis of cell features, making it increasingly important 
in cell segmentation.

Instance segmentation is a task that combines object detection and segmentation. Instance segmentation 
methods can be divided into two categories: two-stage and one-stage instance segmentation methods. Two-stage 
instance segmentation methods have dominated cell instance segmentation13. For example, Yi et al.14 introduced 
an instance segmentation method that combined SSD and U-Net with attention mechanisms for neurons, 
achieving an AP@0.5 of 89.06. Lin, Norouzi15 developed a method for cell segmentation using Mask R-CNN 
and shape-aware loss, achieving IoU scores of 91.90% and 94.90% on DIC-C2DH-HeLa and PhC-C2DH-U373 
datasets, respectively. Atıcı, Koçer16employed Mask R-CNN for instance segmentation of blood cells, achieving 
a mAP50 of 91.39%. While these methods achieve high accuracy, they require extensive post-processing and are 
not suitable for tasks with high time requirements. To overcome these challenges, some researchers have recently 
explored the use of one-stage instance segmentation methods for cell instance segmentation. For example, Luo 
et al.17 integrated the Ghost module and enhanced the FPN structure based on YOLACT, introducing a model 
called YOLACT-CIS, which achieved an AP of 87.41% on the blood cell dataset. Wang et al.18 proposed an 
improved BlendMask method for cell nuclei, attaining an AP50 of 78.3 and an FPS of 7.50 on the DSB2018 
dataset.

Building on this foundation, this paper presents a one-stage quick urine cell instance segmentation method 
based on the YOLOv5 detector, which integrates a small FCN network into the YOLOv5 detector and achieves 
fast and accurate results on urine cell datasets. Compared to traditional methods, this approach achieves 
remarkable speed while maintaining accuracy. The contributions of this paper are as follows:

(1) We propose the YOLOv5 instance segmentation and create a urine cell dataset containing 500 images, 
which was labeled to make it publicly available.

(2) We compare different variants of the YOLOv5 instance segmentation method and select the most suitable 
instance segmentation algorithm for the urine cell dataset.

(3) We conduct comparison experiments of YOLOv5n with YOLOv8, MS R-CNN, SOLOv2, BoxInst, and 
ConvNeXt V2 methods.

(4) We explore the impact of incorporating lightweight methods and attention mechanisms for small objects 
on the proposed method.

Related works
Two-stage instance segmentation method
Two-stage instance segmentation methods have become mainstream due to their high accuracy. Since the 
advent of Mask R-CNN, many researchers have conducted experiments based on it. In the field of cell instance 
segmentation, Ren et al.19 addressed the issues of significant variations in image signal intensity and the blurriness 
of adjacent cell boundary information by modifying the anchor sizes in Mask R-CNN and introducing a multi-
task U-Net network. They also took the union of masks with maximum overlap and achieved an IoU of 45.02% on 
a tumor cell dataset. Loh et al.20 tackled the limitations of traditional microscopes in malaria infection screening 
and rapid diagnostic tests by using Mask R-CNN for automatic red blood cell segmentation, achieving a speedup 
of 15 times compared to manual counting, with an accuracy of 82.00%. Qiu et al.21 addressed the challenges 
posed by the variable shapes and sizes of multiple myeloma (MM) cells, the proximity of the cytoplasm to 
the background, and the overlap between the cells of interest and normal cells. They fused a feature selection 
pyramid structure based on Cascade Mask R-CNN, obtaining a dice similarity coefficient of 85.62 ± 13.95 on 
bone marrow tumor cell data. Mitate et al.22 tackled the challenge of accurately detecting nuclei in oral cytology 
images by using SWM and Mask R-CNN for instance segmentation of oral cell nuclei, achieving the highest 
detection rate of 93.14% and an error rate of 2.70%. Additionally, Bai et al.23 addressed the challenges of the 
significant time and resource demands of mainstream instance segmentation techniques by combining YOLO 
and U-Net for cell instance segmentation, achieving an MIoU of 88.70%. Despite the good results of two-stage 
instance segmentation methods on many datasets, they are challenged by complex post-processing requirements 
and significant time overhead, making them less suitable for tasks with strict real-time requirements.

One-stage instance segmentation method
One-stage instance segmentation methods are gaining momentum due to their efficiency. In the field of cell 
instance segmentation, Prangemeier et al.24 addressed the limitations in speed and efficiency of existing methods 
by combining Transformer and CNN to propose a method dedicated to fast cell instance segmentation called 
Cell-DETR. Cell-DETR has two variants, Cell-DETR A and Cell-DETR B, achieved Jaccard coefficients of 0.82 
and 0.84, respectively. Priego-Torres et al.25 tackled the issue of heterogeneity in breast tumors leading to uneven 
distribution and diverse characteristics of tumor cells by using SOLOv2 for tumor cell instance segmentation, 
achieving a mAP50 of 68.00%. Zhao et al.26 addressed the challenges posed by variations in shape, size, and 
color due to different subtypes of white blood cells and staining techniques by proposing a multiscale and multi-
staining WBC instance segmentation network (MISS-WISN) and achieved a mAP50 of 79.96 on datasets with 
five white blood cell subtypes. Liu et al.27 tackled the difficulty of efficient cell segmentation in complex cell image 
analysis systems by proposing an efficient end-to-end cell segmentation algorithm, ECS-Net, which achieved an 
AP50 of 82.3 on the LIVECell dataset. Although one-stage instance segmentation methods enable real-time 
segmentation, they may have slightly lower accuracy compared to two-stage methods.
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Method
The overall structure of YOLOv5n
This study proposes an instance segmentation approach based on the YOLOv5n detector and FCN segmentation 
network, and its overall structure is illustrated in Fig. 1, consisting of four components: the input images, the 
backbone network, the neck network, and the head network. Firstly, the backbone network obtains different 
types of feature information including shallow graphical features and semantic features from the input images. 
Then, the neck network combines shallow graphical features with deeper semantic features to produce multi-
scale and multi-level features. Finally, the head network includes detection and FCN segmentation modules, 
generating results for target localization, classification, and segmentation masks.

Detailed Architecture of YOLOv5n instance segmentation approach
Backbone network
The primary function of the backbone network is to extract features from input images while gradually reducing 
the feature maps. The backbone network consists of 10 layers, 5 standard Convolution Module (Conv) layers, 
4 cross-stage partial bottlenecks with 3 convolutions (C3) layers, and a terminal Spatial Pyramid Pooling with 
Features (SPPF) layer. The Conv layers consist of a convolutional layer, a normalization layer, and a SiLU activation 
function, which together extract and organize features. The C3 layers include 3 Conv modules and 1 bottleneck 
module, serving as crucial feature extraction modules. The Conv and C3 layers reduce feature dimensionality to 
help the convolutional kernels better understand feature information and then expand dimensionality to extract 
more detailed features. SPPF layer includes 2 Conv, 3 MaxPool2d, and 1 Concat layers, and its primary purpose 
is to integrate features at multiple scales.

Neck network
The neck network structure is illustrated in layers 10–23 of Fig. 1. Layers 10–17 of the neck network use up-
sampling operation to increase the scale of feature maps, enabling feature fusion from bottom to top. Meanwhile, 
layers 18–23 of the neck network use the down-sampling operation to obtain feature maps at different scales, 
facilitating a better fusion of shallow graphical features with deep semantic features. Eventually, the neck network 
forms multi-scale and multi-level features, by acquiring relatively shallow features from the backbone network 
and fusing them with deep semantic features.

Head network
The head network consists of the object detection head and the FCN segmentation head. The object detection 
head is responsible for target localization and classification tasks. It comprises three object detection heads with 

Fig. 1.  The overall architecture details of YOLOv5n instance segmentation.
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three different scales: 20 × 20, 40 × 40, and 80 × 80 (as shown in Fig. 1). By combining these three heads, more 
accurate object detection information can be obtained.

The structure of the FCN, as shown in Fig. 2, includes a small fully convolutional neural network composed 
of three Conv modules and an up-sampling module. The output (C3) from the neck network is first taken as 
input, and deep feature information is extracted using the first Conv modules with 3 × 3 kernel size. Then, the 
up-sampling module with 2× size enlarges the feature map’s size for the extracted depth feature information 
according to the input image’s resolution. Finally, two Conv modules with 3 × 3 and 1 × 1 kernel sizes are used to 
extract features from the upsampled feature map to achieve accurate instance segmentation results.

Loss function
The overall loss function of YOLOv5n consists of four components and is defined as in Eq. (1).

Ltotal = Lbox + Lcls + Lobj + Lseg (1)

Where Lbox is the bounding box regression loss, Lcis is the classification loss, Lobj is the object detection loss, and 
Lseg is the segmentation loss. Lcis and Lobj both utilize BCEWithLogitsLoss, shown in Eq. (2).

BCEW ithLogitsLoss (z, y) = − 1

N

N∑
i=1

(yi · log (σ (zi)) + (1− yi) · log (1− σ (zi)))� (2)

Where N is the sample size, Zi represents the raw score, yi denotes the true label, and σ(.) represents the sigmoid 
function. The objective of this loss function is to minimize the difference between the model’s predicted 
probabilities and the true labels for training the model to better classify the data.

The bounding box regression loss is defined by Eq. (3).

Lbox= 1−IoU
(
b, bgt

)
+

ρ2 (b, bgt)

c2
+ αν (3)

Where IoU (b, bgt)variables are consistent with the description in28. b represents the predicted box

coordinates, bgt represents the true box coordinates. ρ2 (b, bgt) represents the Euclidean distance between 

the predicted and true box centers, and c represents the diagonal distance of the smallest enclosing box that can 
contain both the predicted and true boxes. Additionally, α serves as a weight coefficient, and v is a parameter 
used to measure aspect ratio consistency. The α and v are calculated as in Eqs. (4) and (5).

α =
ν

(1− IoU (b, bgt)) + ν
(4)

ν =
4

π2
(arctan

wgt

hgt
− arctan

wp

hp
) (5)

Where wp and hp respectively represent the width and height of the predicted box, while wgt and hgt represent the 
width and height of the true box.

The segmentation loss (Lseg) is defined as in Eqs. (6) and (7).

Lseg = − 1

N

N∑
i=1

1

Ai

(
mt

i log (m
p
i ) +

(
1−mt

i

)
log (1−mp

i )
) Ci∑

j=1

Crop (bj)� (6)

Fig. 2.  FCN Head Structure of YOLOv5n.

Scientific Reports |        (2024) 14:28658 4| https://doi.org/10.1038/s41598-024-79969-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	

Crop (bj) =

{
1ifbi ∈ Ri

0ifbi /∈ Ri

� (7)

Where is the number of masks, Ai is the area of the predicted bounding box, mt
irepresents the truth mask, 

mp
i is the predicted mask, Ci is the number of pixels contained within the mask, bj is the pixel coordinates, and  

Ri represents the coordinate region corresponding to the predicted bounding box.

Statement
All methods were carried out in accordance with relevant guidelines and regulations.

The experimental protocols involving human participants were approved by Tianjin Hualing Medical 
Technology Company Limited .

Code Availability
The code used in this study is publicly available and can be accessed via GitHub at the following link: ​h​t​t​p​s​:​/​/​g​i​t​
h​u​b​.​c​o​m​/​s​u​p​e​r​m​a​n​-​l​i​u​/​Y​O​L​O​v​5​-​c​e​l​l​​​​​. This repository includes all the necessary scripts, training configurations, 
and setup instructions for replicating the experiments and utilizing the model for similar tasks.

Experiment
Dataset
The dataset was provided by Tianjin Hualing Medical Technology Company Limited, and all data usage has 
been granted patient consent. The dataset is available for access at ​h​t​t​p​s​:​/​/​t​e​r​a​b​o​x​.​c​o​m​/​s​/​1​a​f​a​H​P​7​g​_​Y​d​1​D​n​0​q​L​
N​M​8​A​h​Q​​​​​. The dataset consists of 500 images with a resolution of 2048*1536. The images are obtained using the 
RZ1100 urine analyzer as shown in Fig. 3 (a) and the originate image is shown in Fig. 3 (b). We randomly select 
400 images for training and 100 images for testing. LABELME software is selected to annotate the instances 
of the images, the version of LABELME is v5.3.1. The software can be downloaded from https://github.com/
labelmeai/labelme. The labeling results from LabelMe are shown in Fig. 3(c) and Fig. 3(d). The accuracy of the 
annotation is validated by three experts.

There are three types of instances in the dataset, including 7252 red blood cells (RBCs), 1441 white blood 
cells (WBCs), and 202 crystals. As shown in Fig. 3 (b), the object surrounded by the brown box is a crystal, the 
object surrounded by the red box is a WBC, and the object surrounded by the green box is an RBC. The training 
set includes 6952 instances, including 5725 RBCs, 1102 WBCs, and 165 crystals. The test set includes 1903 
instances, including 1527 RBCs, 339 WBCs, and 37 crystals. We transfer the weights of a backbone network pre-
trained on the ImageNet dataset to our model to improve task performance on a smaller dataset.

Evaluation metrics and implementation details
For the evaluation of instance segmentation algorithms, performance metrics are required to assess the algorithm 
models. In this study, precision (P), recall (R), F1 score, mAP50, mAP50-95, and FPS are used to measure the 
performance of instance segmentation algorithms. Precision and recall are divided into precision (P(box)) and 
recall (R(box)) for object detection, and precision (P(seg)) and recall (R(seg)) for segmentation. For different 
algorithms, in the comparative experiments of the Mask R-CNN series, P(box), R(box), and F1(box) score are 
adopted to evaluate the quality of detection, while FPS is used to assess the inference speed of the algorithm. 
Segmentation quality is evaluated using mAP50 and mAP50-95. In the ablation experiments of the YOLOv5n 
series, detection quality is measured by F1(box) score, while the algorithm’s inference speed is assessed using 
the FPS metric. Segmentation quality, on the other hand, is evaluated using P(seg), R(seg), F1(seg), mAP50, and 
mAP50-95.

The experimental configuration environment is shown in Table 1. The experiments utilize stochastic gradient 
descent (SGD) as the optimization algorithm. The initial learning rate is set to 0.01, SGD momentum is set to 
0.937, and the weight decay is set to 0.0005. Considering the GPU memory limitations during training, the input 
image size is set to 1280, the batch size is set to 4, and a total of 200 epochs are executed.Additionally, the IoU 
training threshold was set to 0.20, the box loss gain was set to 0.05, the class loss gain was set to 0.5, the object 
loss gain was set to 1.0, and the anchor-multiple threshold was set to 4.0.

The results of YOLOv5n instance segmentation
In this section, we will present the experimental results for three types of urine cell instances on YOLOv5n. 
Table  2 presents the results of instance segmentation for the three types of urine formed elements. Overall, 
the segmentation performance is slightly better than the detection performance. Specifically, the segmentation 
accuracy for RBC is 93.1%, with a segmentation recall of 98.0%, and an mAP50 of 98.3%. Although RBCs are 
the smallest among the three instances, their morphology and size are relatively stable, contributing to high 
segmentation performance.

WBC also achieves an overall accuracy and recall above 90.0%, with mAP50-95 reaching the highest at 
65.6%. While WBCs are stable in shape and size, their internal composition varies, which leads to relatively 
lower accuracy compared to RBCs. In contrast, among the three types of urine formed elements, the accuracy for 
crystal achieves the lowest value, with a segmentation accuracy of 74.7% and a mAP50 of 79.5%. This is because 
crystals are very scarce in the entire dataset and often overlap with other objects.
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class P(box) R(box) P(seg) R(seg) mAP50 mAP50-95

RBC 0.929 0.980 0.931 0.980 0.983 0.539

WBC 0.912 0.950 0.918 0.953 0.974 0.656

Crystal 0.695 0.757 0.747 0.811 0.795 0.473

Table 2.  The experimental results for three types of urine cell instances on YOLOv5n.

 

Configuration Parameter

CPU Intel Core i5-11400 F

GPU Nvidia GeForce RTX 3060

Operating system Windows10

Accelerated environment CUDA 11.3、CUDNN 8.9.0

Development environment Pycharm2022

Table 1.  Experimental configuration.

 

Fig. 3.  Urine analyzer and the obtained urine images. (a) The RZ1100 urine analyzer. (b) The originate image. 
(c) and (d) The labeling results from LabelMe.
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Figure 4 displays the confusion matrix results of YOLOv5n instance segmentation on the test set. From Fig. 4, 
it can be observed that the classification performance for RBC is the best, achieving the highest value of 0.980, 
meanwhile, it tends to be confused with the background, due to the presence of impurities in the background 
that resemble the morphology of RBCs. The classification performance for WBC is the second, with a value 
of 0.950, and it is less likely to be confused with other categories. However, the classification performance for 
crystal is the worst, with a value of 0.730, but it is not easily confused with the background.

Figure  5 illustrates the segmentation performance of the YOLOv5n instance segmentation approach, 
including the F1-Confidence curve, Precision-Confidence curve, Precision-Recall(P-R) curve, and Recall-
Confidence curve. From the F1-Confidence curve (as shown in Fig. 5(a)), it can be observed that the F1 score 
reaches its peak at 0.890 when the confidence is 0.275, remains relatively stable between 0.275 and 0.800, and 
gradually decreases after surpassing 0.800, with the crystal curve showing relatively poor results. From the 
Precision-Confidence curve (as shown in Fig. 5(b)), we find that the precision values increase with the rise of 
confidence value, reaching its highest value of 1.00 at the confidence with 0.887. Moreover, the P-R curve (as 
shown in Fig. 5(c)) exhibits a high level of performance, with an overall mAP50 value of 0.918. From the Recall-
Confidence curve (as shown in Fig. 5(d)), Recall decreases as the confidence increases, achieving the highest 
value of 0.970 at confidence 0.00 and a result of 0.915 at confidence 0.50. From these images, we observe that 
YOLOv5n has achieved satisfactory results in the instance segmentation of RBCs and WBCs.

Figure 6 displays the visualization results of the YOLOv5n instance segmentation approach on the test set. 
Among Fig.  6(a) shows the input image, Fig.  6(a) presents the Ground Truth (GT) of the input image, and 
Fig. 6(c) shows the segmentation results using the YOLOv5n instance segmentation approach. From Fig. 6(c), 
it can be observed that YOLOv5n can successfully segment almost all objects, with confidence scores generally 
above 0.80. Whether the cells are individual or adjacent to each other, YOLOv5n instance segmentation approach 
can accurately segment them.

Fig. 4.  Confusion Matrix.
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Comparative analysis
Comparison of results between different variants of YOLOv5
To investigate the impact of different depths and parameter sizes of the network on experimental results, a 
comparative experiment was conducted on the five variants of YOLOv5, including YOLOv5n, YOLOv5s, 
YOLOv5m, YOLOv5l, and YOLOv5x. The comparative experimental results are shown in Table 3. From Table 3, 
it can be observed that YOLOv5n achieved results of 84.5% for P(box), 89.5% for R(box), 86.9% for F1(box), 
86.5% for P(seg), 91.5% for R(seg), 88.8% for F1(seg), 91.8% for mAP50, 55.6% for m50-95, and 63.3 for FPS. 
YOLOv5n demonstrated good performance in terms of R(box), R(seg), F1(seg), mAP50, mAP50-95, and 
FPS. Compared to other variants, YOLOv5n showed slightly inferior detection performance, and it excelled 
in segmentation performance among all variants. The F1(box) score of YOLOv5n decreased by 1.3%, 0.3%, 
2.6%, and 2.8% compared to YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x, respectively. However, in terms 
of F1(seg) score, compared to YOLOv5s, YOLOv5m, and YOLOv5l, YOLOv5n improved by 1.1%, 3.3%, and 
1.3%, respectively, and only 0.3% lower than with YOLOv5x model. YOLOv5n outperformed the other four 
variants in mAP50 and mAP50-95 by 2.1%, 4.4%, 2.9%, 1.5%, 5.5%, 4.0%, 5.0%, and 3.8%, respectively. In terms 
of speed, YOLOv5n significantly outperformed the other four variants, achieving an FPS of 63.3, which is 27.1, 

Fig. 5.  The Mask curves of YOLOv5n. (a) F1-Confidence Curve. (b) Precision-Confidence Curve. (c) 
Precision-Recall Curve. (d) Recall-Confidence Curve.
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44.3, 50.6, and 56.4 higher than the other four variants, respectively. The YOLOv5n algorithm is superior to 
other algorithms in the comprehensive performance of accuracy and speed.

The instance segmentation P-R curves for the five variants of YOLOv5 are shown in Fig.  7. YOLOv5n 
achieves the best results, with the P-R curves corresponding to RBCs, WBCs, and crystals obtaining the highest 
performance among all variants. Specifically, the P-R curve area for RBCs and WBCs ranks first among all 
variants with close-to-1 results of 0.974 and 0.983, respectively. The P-R curve area for crystals, with a result of 
0.795, surpasses YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x by margins of 0.074, 0.030, 0.032, and 0.022, 
respectively.

Method P(box) R(box) F1(box) P(seg) R(seg) F1(seg) mAP50 mAP50-95 FPS

YOLOv5n 84.5 89.5 86.9 86.5 91.5 88.8 91.8 55.6 63.3

YOLOv5s 91.5 85.2 88.2 91.0 84.6 87.7 89.7 50.1 36.2

YOLOv5m 86.7 87.7 87.2 84.8 85.9 85.5 87.4 51.6 19.0

YOLOv5l 91.0 88.0 89.5 89.0 86.0 87.5 88.9 50.6 12.7

YOLOv5x 88.9 90.6 89.7 88.1 89.9 89.1 90.3 51.8 6.9

Table 3.  The experimental results of different variants of YOLOv5.

 

Fig. 6.  Visualization results of Yolov5n.
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Taking all factors into consideration, based on the experimental results, YOLOv5n is a preferable choice that 
strikes a balance between accuracy and performance, while YOLOv5s is suitable for applications with lower 
efficiency requirements. In the field of medical applications, efficiency is of paramount importance. Considering 
the trade-off between speed and segmentation quality, we ultimately choose the YOLOv5n model for urine 
sediment segmentation application.

The comparative results of the five variants of YOLOv5 for crystal detection are shown in Fig. 8. The target in 
the red boxes represents the objects of interest (as shown in Fig. 8(a)-(b) and Fig. 8(h)-(i)), and the white color 
indicates confidence scores of the classifications. In Fig. 8(b), the object within the red boxe corresponds to the 
Ground Truth of a crystal. By comparing Fig. 8(c)-(g) with Fig. 8(b), it is observed that YOLOv5n and YOLOv5x 
exhibit excellent performance in crystal sementation. Notably, YOLOv5n is particulary adept at handling edge 
details, and although its classification confidence is slightly lower than that of YOLOv5x, it remains above 0.7, 
indicating a high level of accuracy. Furthermore, the comparison between Fig. 8(j)-(n) and Fig. 8(i) demonstrates 
that YOLOv5n and YOLOv5x continue to maintain high-quality performance in crystal segmentation, with 
their classification confidence scores remaining at an acceptable high level. Figure 9 illustrates the capability of 
YOLOv5n in detecting and segmenting red blood cells (RBCs) and white blood cells (WBCs). In terms of both 
classification confidence and segmentation quality, YOLOv5n shows outstanding performance.

In conclusion, YOLOv5n not only excels in the detection and segmentation of crystals but also demonstrates 
high accuracy and reliability in the detection of RBCs and WBCs. Therefore, YOLOv5n is highly suitable for 
automated detection and segmentation tasks of urinary formed elements.

Comparison of results between YOLOv5n and other methods
The comparison results of YOLOv5n with Mask R-CNN29, Mask Scoring R-CNN (MS R-CNN)30, MaskDis 
R-CNN method31, and the latest YOLO32 series method named YOLOv8 are presented in Table 4. The Mask 
R-CNN methods include two backbone networks: Resnet-50-FPN and Resnet-101-FPN. The YOLOv5n 
backbone network adopts CSPDarknet53, and the YOLOv8 backbone network adopts Darknet53. From Table 4, 
it can be observed that YOLOv5n achieves the highest performance in terms of segmentation quality (represented 
by mAP50 and mAP50-95) and speed (measured by FPS) with scores of 91.8%, 55.6%, and 63.3% respectively. 
While F1(box) value of YOLOv5n is 86.8%, which indicates that yolov5n has achieved moderate performance in 
detection. In terms of mAP50 and mAP50-95, YOLOv5n outperforms Mask R-CNN, MS R-CNN, and MaskDis 
R-CNN by 3.6%, 2.9%, 0.8% and 3.6%, 2.3%, 3.3% respectively, and outperforms YOLOv8 by 1.4% and 4.5%. In 
terms of speed, the FPS of YOLOv5n is 63.3, which shows that YOLOv5n significantly outperforms the other 7 
methods. YOLOv8 achieves the best detection performance, with F1 of 90.4, while its segmentation quality is 

Fig. 7.  P-R Curves for Different Variants of YOLOv5. (a) Results for YOLOv5n. (b) Results for YOLOv5s. (c) 
Results for YOLOv5m. (d) Results for YOLOv5l. (e) Results for YOLOv5x.
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slightly lower than that of YOLOv5n, and its speed is much slower than YOLOv5n. Overall, YOLOv5n algorithm 
is superior to other algorithms in the comprehensive performance of speed and segmentation accuracy.

Furthermore, the urine formed element instance segmentation performance of YOLOv5n is compared 
with Mask R-CNN(Resnet-101-FPN), MS R-CNN (Resnet-101-FPN), and YOLOv8n method. Exemplar 
segmentations of these methods are shown in Fig.  10. It can be observed that Mask R-CNN, MS R-CNN, 
YOLOv5n, and YOLOv8 have achieved quite good segmentation results for WBC and RBC. But Mask R-CNN 

Fig. 8.  Visual results of crystal detection for the five variants of YOLOv5.
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missed the detection of the crystal (as shown on the left of Fig.  10(b) of the black arrow), resulting in not 
segmenting the object.

YOLOv8 has missed the left RBC target (as shown in the left of Fig. 10(d)), the segmentation boundaries 
in Mask R-CNN and MS R-CNN appear to be relatively rough, whereas YOLOv5n and YOLOv8 have made 
improvements in this aspect. The superior performance of YOLOv5n in segmentation tasks can be attributed 
to the incorporation of advanced feature extraction and fusion technologies, namely Feature Pyramid Network 
(FPN) and Path Aggregation Network (PAN). In contrast, the feature fusion and extraction mechanisms in 
the Mask R-CNN series are relatively traditional. This enables YOLOv5n to achieve better results when 
handling complex scenes and small objects.Moreover, YOLOv5n integrates the mask confidence scores into 
the segmentation evaluation metrics, ensuring not only accurate segmentation but also improving the quality 
of the segmentation boundaries. Consequently, among all methods, YOLOv5n exhibits the best performance, 
guaranteeing accurate segmentation and enhancing the boundary quality of the segmented regions.

Furthermore, we compare the performance of YOLOv5n with SOLOv233, BoxInst34, and ConvNeXt V235 
using the metrics mAP50-95, mAP50, and FPS. As show in Table 5, SOLOv2 achieves an mAP50-95 of 39.5, 
an mAP50 of 74.1, and an FPS of 14.1. BoxInst performs better with an mAP50-95 of 44.6, an mAP50 of 88.0, 
and an FPS of 12.8. ConvNeXt V2 further improves the mAP scores with an mAP50-95 of 55.6 and an mAP50 
of 91.0, though it operates at a lower FPS of 5.2. In contrast, YOLOv5n not only matches the highest mAP50-95 
score of 55.6 but also surpasses all others with an mAP50 of 91.8. Remarkably, YOLOv5n achieves these results 
with an outstanding FPS of 63.3, significantly higher than the other models. This demonstrates that YOLOv5n 
not only provides superior accuracy but also offers exceptional speed, making it highly advantageous for real-
time applications in instance segmentation of formed elements in urine.

Method Backbone FPS mAP50 mAP50-95 P(box) R(box) F1(box)

Mask R-CNN Resnet-50-FPN 0.7 87.4 52.0 88.2 84.8 84.6

Mask R-CNN Resnet-101-FPN 0.7 88.2 52.0 89.9 85.8 87.7

MS R-CNN Resnet-50-FPN 0.6 88.8 52.2 88.4 84.1 86.1

MS R-CNN Resnet-101-FPN 0.6 88.9 53.3 90.7 80.1 84.0

MaskDis R-CNN Resnet-50-FPN 0.6 88.8 52.0 91.5 85.9 88.4

MaskDis R-CNN Resnet-101-FPN 0.6 91.0 52.3 91.1 83.5 86.7

YOLOv8 Darknet53 2.4 90.4 51.1 92.8 88.2 90.4

YOLOv5n CSPDarknet53 63.3 91.8 55.6 84.5 89.5 86.8

Table 4.  Results of the comparison between YOLOv5n and other methods.

 

Fig. 9.  Visual results of RBC and WBC detection for the five variants of YOLOv5.
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Ablation experiment
In computer vision applications, object detection and segmentation are often interrelated tasks, and the quality 
of detection significantly affects the performance of segmentation. To improve the performance of detection 
and maintain real-time processing speed, this study improved the basic YOLOv5n model by replacing the 
backbone network with the EfficientFormerV236 named YOLOv5n-EfficientFormerV2-s0 and EfficientViT37 
(YOLOv5n-EfficientViT-B0 and YOLOv5n-EfficientViT-B1) architectures. Experimental results show that 
YOLOv5n-EfficientFormerV2-s0(shown in the fifth line of Table  6) decreases the quality of both detection 

Fig. 10.  Visualization results of YOLOv5n compared with other methods.
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and segmentation, with a significant reduction in processing speed. Compared to YOLOv5n, using YOLOv5n-
EfficientViT-B0 model, its F1(box) decreased by 2.4%, its F1(seg) decreased by 4.4%, its mAP50 decreased by 
2.9%, and its FPS decreased by 48.4. We did not attempt larger EfficientFormerV2 weights on YOLOv5n, which 
might further decrease processing speed.

Compared to YOLOv5n, YOLOv5n-EfficientViT-B0 (as shown in the sixth line of Table 6) achieves a decrease 
in detection and segmentation quality. Its F1(seg) decreased by 3.3%, mAP50 decreased by 3.7%, and FPS 
decreased by 22.0. However, the YOLOv5n-EfficientViT-B1 model obtains an improvement in detection quality 
of F1(box) and segmentation precision of P(seg), while achieving a decrease in segmentation recall with R(seg) 
and processing speed with FPS. Compared to YOLOv5n, its F1(box) increased by 1.0%, its P(seg) increased by 
2.7%, its R(seg) decreased by 5.1%, its mAP50 decreased by 2.1%, and its FPS decreased by 33.4. In summary, 
replacing the backbone network with EfficientFormerV2 and EfficientViT can improve slightly the quality of 
detection and segmentation when using larger network weights, but they also increase computation time.

Additionally, we studied the impact of the small object module on segmentation quality in the urine sediment 
dataset. Specifically, we integrated the Context Aggregation38 and Omni-Dimensional Dynamic Convolution39 
(Omni) modules into the YOLOv5n backbone architecture to evaluate their effects. The YOLOv5n-Context 
Aggregation model is formed by adding the Context Aggregation module after the 23rd layer of the neck network 
on YOLOv5n. The YOLOv5n-Omni-ResNet101-1x, YOLOv5n-Omni-ResNet101-2x, YOLOv5n-Omni-
MobileNet-1x, and YOLOv5n-Omni-MobileNet-4x models were built by incorporating Omni, ResNet101 and 
MobileNet networks as YOLOv5n backbone networks, with training strategies set to 1x, 2x, and 4x as described 
in36.

The experimental results show the YOLOv5n-Context Aggregation model hardly improves detection quality 
but results in a decrease in segmentation quality and processing speed as shown in the eighth line of Table 6. 
Compared to YOLOv5n, using the YOLOv5n-Context Aggregation model, its F1(box) decreased by 0.5%, its 
F1(seg) decreased by 4.6%, its mAP50 decreased by 3.6%, and its FPS decreased by 15.5. In contrast, the Omni 
module shows more promising effects according to the results in the first to fourth line of Table 6. Whether 
using ResNet101 or MobileNet on YOLOv5n, we observe a significant improvement in detection quality and 
segmentation precision, although they increase computation time due to additional parameters. Among the four 
models, YOLOv5n-Omni-MobileNet-4x achieves the best results. Compared to YOLOv5n, using YOLOv5n-
Omni-MobileNet-4x approach, we observed an increase of 3.1% in F1(box), 5.1% in P(seg), a decrease of 
6.8% in R(seg), a decrease of 0.8% in F1(seg), a decrease of 0.9% in mAP50, and a decrease of 39.4 in FPS. In 
conclusion, the small object module shows potential for improving small object segmentation precision, but this 
improvement comes with increased computational time. The YOLOv5n exhibits slight deficiencies in detection 
and segmentation accuracy, but it achieves the highest recall rate. Furthermore, YOLOv5n demonstrates the best 
overall segmentation quality and fastest speed.

Conclusion
To achieve rapid and accurate instance segmentation of urine formed elements, this paper efficiently combines 
the YOLOv5n detection model with the FCN segmentation network. To validate this method, a dataset 
consisting of 500 images was created. By comparing five variants of YOLOv5 models, it was found that the 
YOLOv5n model yielded the best results. When compared with Mask RCNN, Mask Scoring RCNN, MaskDis 
R-CNN, and YOLOv8, YOLOv5n demonstrated superior results in terms of speed and segmentation quality.

Method P(seg) R(seg) F1(seg) mAP50 mAP50-95 FPS F1(box)

YOLOv5n-Omni-ResNet101-1x 90.0 87.7 88.8 91.0 50.5 7.8 88.8

YOLOv5n-Omni-ResNet101-2x 86.8 88.2 87.5 91.6 50.7 7.5 87.3

YOLOv5n-Omni-MobileNet-1x 90.3 86.6 88.4 89.4 50.0 24.0 89.8

YOLOv5n-Omni-MobileNet-4x 91.6 84.7 88.0 90.9 50.3 23.9 90.0

YOLOv5n-EfficientFormerV2-s0 84.0 84.8 84.4 88.9 50.2 14.9 84.5

YOLOv5n-EfficientViT-B0 85.3 84.7 85.0 88.1 48.6 41.3 86.2

YOLOv5n-EfficientViT-B1 89.2 86.4 87.8 89.7 49.1 29.9 87.9

YOLOv5n-Context Aggregation 83.3 85.2 84.2 88.2 48.5 47.8 86.4

YOLOv5n 86.5 91.5 88.8 91.8 55.6 63.3 86.9

Table 6.  Experimental results of incorporating other methods into YOLOv5n.

Method Backbone mAP50-95 AP50 FPS

SOLOv2 Resnet-50-FPN 39.5 74.1 14.1

BoxInst Resnet-50-FPN 44.6 88.0 12.8

ConvNeXt V2 ConvNeXt V2-B-FCMAE 55.6 91.0 5.2

YOLOv5n CSPDarknet53 55.6 91.8 63.3

Table 5.  Comparison of YOLOv5n with state-of-the-art Instance Segmentation models.
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Additionally, comparisons with SOLOv2, BoxInst, and ConvNeXt V2 highlighted YOLOv5n’s superior balance 
of accuracy and speed, further solidifying its effectiveness for this application. The study also explored the 
impact of lightweight methods and attention mechanisms tailored for small objects on YOLOv5n, conducting 
experiments that integrated four state-of-the-art methods. While these methods enhanced object detection 
accuracy, further improvements are needed in instance segmentation.

Regarding dataset annotation, manual annotation of 500 images, each containing nearly 20 urine formed cells, 
proved to be time-consuming. In the future, efforts will be directed toward weakly supervised or unsupervised 
automatic annotation, the creation of larger datasets, and the adoption of more advanced algorithms to find 
efficient and rapid segmentation methods tailored for urine formed elements. This research marks a significant 
step toward automating urine formed element analysis, offering the potential for improved diagnostic capabilities 
in clinical settings.

Data availability
The dataset is available for access at https://terabox.com/s/1afaHP7g_Yd1Dn0qLNM8AhQ.
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Simple Summary: This study developed a new method for automatically tracking and analyzing
pig behavior in complex environments. We use the YOLOv8 algorithm for real-time detection
and behavior classification, and employ the OC-SORT algorithm to address tracking issues caused
by lighting changes, occlusions, and collisions between pigs. This method enables the automatic
analysis of behavior, helping farm managers promptly detect abnormalities and health issues in pigs.
Experimental results show that the method performs excellently in behavior recognition and tracking,
accurately recording pig behavior to provide technical support for monitoring the health and welfare
of pig herds.

Abstract: Smart farming technologies to track and analyze pig behaviors in natural environments
are critical for monitoring the health status and welfare of pigs. This study aimed to develop a
robust multi-object tracking (MOT) approach named YOLOv8 + OC-SORT(V8-Sort) for the automatic
monitoring of the different behaviors of group-housed pigs. We addressed common challenges such
as variable lighting, occlusion, and clustering between pigs, which often lead to significant errors
in long-term behavioral monitoring. Our approach offers a reliable solution for real-time behavior
tracking, contributing to improved health and welfare management in smart farming systems. First,
the YOLOv8 is employed for the real-time detection and behavior classification of pigs under variable
light and occlusion scenes. Second, the OC-SORT is utilized to track each pig to reduce the impact of
pigs clustering together and occlusion on tracking. And, when a target is lost during tracking, the
OC-SORT can recover the lost trajectory and re-track the target. Finally, to implement the automatic
long-time monitoring of behaviors for each pig, we created an automatic behavior analysis algorithm
that integrates the behavioral information from detection and the tracking results from OC-SORT.
On the one-minute video datasets for pig tracking, the proposed MOT method outperforms JDE,
Trackformer, and TransTrack, achieving the highest HOTA, MOTA, and IDF1 scores of 82.0%, 96.3%,
and 96.8%, respectively. And, it achieved scores of 69.0% for HOTA, 99.7% for MOTA, and 75.1%
for IDF1 on sixty-minute video datasets. In terms of pig behavior analysis, the proposed automatic
behavior analysis algorithm can record the duration of four types of behaviors for each pig in each
pen based on behavior classification and ID information to represent the pigs’ health status and
welfare. These results demonstrate that the proposed method exhibits excellent performance in
behavior recognition and tracking, providing technical support for prompt anomaly detection and
health status monitoring for pig farming managers.

Keywords: pig behavior tracking; OC-SORT; group-housed pigs; YOLOv8; behavior analysis

1. Introduction

With the development of intelligent and efficient animal farming, the automatic moni-
toring of pig health plays a crucial role in the modern livestock industry. Precision livestock
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farming technology uses advanced sensors and data analytic technology to monitor individ-
ual animals in real-time, which provides great potential to improve management efficiency
and production. The specific activity patterns of farmed animals, including standing, lying,
and eating, evidently reflect the consequences of compromised health and welfare. Due to
the large animal-to-staff ratio, conducting manual observation or recording animal behavior
is labor-intensive, subjective, and inefficient. Additionally, human presence can change
animal behavior, making monitoring without humans in the barn necessary for accurate
observations. Therefore, there is an urgent need for effective automatic monitoring methods
to accurately track and analyze pig behaviors under different environmental conditions.
This not only helps in the timely detection of abnormalities such as diseases, stress, or
environmental factors, but also enhances the efficiency of pig farming [1,2].

Regarding existing automated animal monitoring systems, there are two categories.
Firstly, there are contact-based methods with attached sensors, such as utilizing a high-
frequency radio frequency identification (HF RFID) system to register drinking behavior [3],
employing accelerometers for the detection of abnormal gait patterns [4], using pressure
pads to identify limping behavior [5], and using accelerometry and GNSS data to classify
animal behavior [6]. Considering the cost of hardware and maintenance on large-scale com-
mercial farms, contact-based solutions for automated tracking are not preferable. Secondly,
there is contactless monitoring using computer vision and deep learning technologies [7–9],
which has enjoyed growing popularity due to its low cost and sustainability compared to
contact-based sensors. For example, Duc Duong Tran et al. proposed a method using deep
learning for automatically monitoring and detecting abnormalities in pig behaviors [10].
Zhang et al. introduced a transformer-based neural network (TNN) model for recognizing
pig feeding behavior and detecting potential dangers [11]. Alameer et al. utilized deep
learning technology to identify pig postures and drinking behaviors and used drinking
behavior as an indicator of pig health status [12]. Computer vision technology enables
the real-time monitoring and identification of pig behavior through image processing,
achieving accurate health monitoring. Further research is needed to extract behavioral
information from surveillance videos in pig farms for improved monitoring [13].

In video surveillance, tracking and behavior recognition are crucial components for
group-housed pig monitoring applications. In the field of pig tracking research, various
methods have been proposed to achieve an accurate tracking performance. For instance,
Chen et al. introduced a real-time detection and tracking method based on YOLACT,
successfully detecting and tracking the various major body parts of pigs, thereby provid-
ing robust support for pig behavior analysis [14]. Aggaluck et al. achieved accurate pig
tracking by training a faster region-based convolutional neural network to identify the
body and head of pigs [15]. Gong et al. proposed an improved IOU-Tracker pig tracking
algorithm, incorporating the YOLOv5s network for the real-time detection and tracking
of pigs [16]. Zhang et al. employed a tracking method based on discriminative correla-
tion filters for the rapid tracking of multiple pigs [17]. Tu et al. proposed an enhanced
DeepSORT target-tracking algorithm that integrates the YOLOX-S and YOLOv5s detec-
tors. By focusing on trajectory processing and data association tailored to pig-specific
scenarios, they achieved significant improvements in tracking stability [18]. In the realm
of pig behavior recognition, researchers have also made significant strides. Zhou et al.
introduced a method for individual pig identification using the three-dimensional (3D)
point clouds of the pig’s back surface, successfully addressing the challenge of difficult
sample collection in pig face recognition [19]. Hao et al. proposed a novel deep mutual
learning enhanced two-stream pig behavior recognition approach. Their model integrates
two mutual learning networks utilizing RGB and optical flow streams, with each branch
comprising collaboratively learning student networks to capture a robust appearance and
motion features. This innovative method effectively improves the performance of pig be-
havior recognition [20]. To investigate aggressive behaviors in group-housed pigs, Gao et al.
presented a hybrid model that combines convolutional neural network (CNN) and gated
recurrent unit (GRU) to distinguish between aggressive behaviors and other behaviors
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in monitored videos [21]. Ji et al. proposed a method that employs the temporal shift
module (TSM) for the automatic recognition of pig aggression. This approach enhances the
accuracy of identifying aggressive behaviors in pigs by allowing the model to effectively
process both spatial and temporal features [22]. These research methods have allowed sig-
nificant progress in pig health monitoring. However, there are still considerable limitations
when dealing with complex behavior analysis in pigs, especially in specific scenarios. For
instance, collisions between pigs can easily result in target loss, making it challenging to
effectively track pig targets for long periods. In commercial automated farming settings,
variations in lighting conditions and dense occlusion can lead to frequent changes in target
IDs during the tracking process.

Existing research primarily focuses on the identification or automatic tracking of pig
behaviors, lacking specific behaviors’ statistics and analysis. And, the Kalman filter (KF) of
the current mainstream MOT methods is susceptible to noise when utilizing linear motion
for target position estimation, resulting in the inaccurate estimation of the motion direction.
The deviations in KF parameters also result in frequent target loss due to occlusions.
Additionally, there are few studies discussing the work of recovering the lost trajectory for
re-tracking, which has played an important role in long-time tracking.

To address these issues, we propose a pig tracking and behavior recognition algorithm
based on V8-Sort to analyze the different behavioral statuses of group-housed pigs. Firstly,
the algorithm employs the YOLOv8 detection algorithm for pig detection and behavior
classification. Secondly, the OC-SORT algorithm is utilized for pig tracking under chal-
lenging scenarios. To reduce the impact of noise and occlusion during pig tracking tasks,
OC-SORT employs observation-centered momentum (OCM), re-observation update (ORU),
and recovery (OCR) strategies. Especially, when a target is lost for re-tracking, OC-SORT
can employ the ORU strategy for target adjustment through virtual trajectories and utilize
a second correlation to recover the lost trajectory. Finally, we create an automated behavior
analysis algorithm, which records the duration of each behavior for each pig in each pen.
To validate the effectiveness of V8-Sort, we compare it with current mainstream tracking
algorithms, including Trackformer [23], JDE [24], and TransTrack [25], on the same dataset.
Furthermore, a comprehensive evaluation of the proposed tracking algorithm is conducted
on four ten-minute video datasets.

The main contributions of this work are as follows:
(1) A pig behavior tracking algorithm based on V8-Sort is proposed to decrease noise

and improve the robustness to occlusions and nonlinear motions.
(2) The V8-Sort is validated on four ten-minute and one sixty-minute video datasets,

exploring the work of recovering the lost trajectory for re-tracking.
(3) An automatic behavior analysis algorithm is designed to record the duration of

four types of behaviors for each pig in each pen based on behavior information from
tracking results.

(4) The effectiveness of the OC-SORT tracker is demonstrated through comparative
experiments compared with other mainstream trackers.

2. Materials

The study utilizes two distinct datasets. The first dataset, provided by Posta et al. [26],
is a publicly available dataset comprising 19 one-minute video clips and 4 ten-minute
video clips. The videos cover a variety of complex environments, including different pig
quantities, different pig ages, and lighting conditions. For training, 6 one-minute video
clips are randomly selected, while the remaining clips are used for testing. The second
dataset is a private dataset captured from a commercial pig farming facility in Foshan City.
It consists of 19 one-minute video clips and 1 one-hour video clip, with 10 used for training
and 10 used for testing. The resolution of these videos is 2688 × 1520, and each video is
captured and annotated at a rate of 5 frames per second (fps).

Both datasets encompass scenes occurring during day and night, in crowded and
sparse conditions, as well as in scenarios with varying levels of pig activity, ranging from
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frequent(H) to moderate(M) and less(L) active situations. Simultaneously, based on manual
observation, videos with a higher quantity of pigs and significant occlusion due to the pigs
clustering together are categorized as dense videos, whereas videos having less occlusion
are categorized as sparse videos. The pigs are of different ages, categorized into a nursery
period (3–10 weeks), growing period (11–18 weeks), and finishing period (19–26 weeks).
Additionally, according to growth curves, the weight varies across different age stages.
Pigs in the nursery period (3–10 weeks) typically weigh between 7 and 25 kg. During the
growing period (11–18 weeks), they weigh around 25–70 kg. And in the finishing period
(19–26 weeks), their weight usually ranges from 70–to 130 kg. The specific description of
the test dataset is outlined in Table 1.

Table 1. Description of the test dataset.

Dataset Video
Number Day Night Sparse Time Activity

Level
Number
of Pigs

Public
dataset

0102
√

—
√

1 min H 7
0402

√
— × 1 min M 15

0502 —
√ √

1 min M 8
0602

√
— × 1 min H 16

0702
√

— × 1 min M 12
0802 —

√
× 1 min L 13

0902
√

— × 1 min M 14
1002 —

√
× 1 min M 14

1102
√

— × 1 min H 16
1202

√
— × 1 min L 15

1502 —
√

× 1 min M 16
2001

√
—

√
10 min L 7

2002 —
√ √

10 min H 8
2003

√
— × 10 min L 16

2004 —
√

× 10 min M 15

Private
dataset

3001
√

—
√

1 min L 10
3002

√
— × 1 min M 11

3003 —
√

× 1 min M 11
3004

√
—

√
1 min H 6

3005
√

—
√

1 min M 6
3006

√
—

√
1 min M 6

3007
√

—
√

1 min M 6
3008 —

√ √
1 min L 6

3009 —
√ √

1 min H 6
3010

√
—

√
60 min H 6

Some example images of group-housed pigs are illustrated in Figure 1. To ensure
the diversity of pig behavior data, we extracted key frames using the Ffmpeg6.0 [27]
software, and used the Darklabel [28] software to annotate pig behavior classifications,
including standing, lying, eating, and other behaviors. The pigs are categorized into
two breeds: white pigs and black-spotted pigs. Each pig is allocated approximately
1.2 square meters of pen space, and temperature and humidity within the barn are con-
trolled to ensure suitable environmental conditions for the animals. Access to both public
and private datasets facilitates a comprehensive analysis and validation of pig behavior
across different environments. By analyzing various pig behaviors, we can gain deeper
insights into their behavioral status in different scenarios, which is crucial for improving
livestock management and enhancing production efficiency.
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Figure 1. Part of group-housed pig images.

3. Methods

This study introduces the V8-Sort for the target tracking and behavior analysis of
group-housed pigs. The overall structure is illustrated in Figure 2. First, YOLOv8 is
employed as the detector to complete four tasks including target detection, displaying the
target’s bounding box positions, behavior categories, and confidence scores. Secondly, the
OC-SORT algorithm is utilized to track each pig to reduce the impact of pigs’ adhesion
and occlusion on tracking. It contains three key tasks: motion prediction, data association,
and track management. Finally, we create the behavior analysis method to calculate the
frequency of each behavior for each pig based on the pig’s ID and categories information.
Therefore, the behavioral statistics information for all pigs is yield.
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3.1. Pig Detection Based on the YOLOv8n Model

The YOLOv8n algorithm is employed as the target detector for object detection, and
its model structure is primarily divided into three components: (i) Backbone for extracting
image features; (ii) Neck for fusing multi-scale feature information; (iii) Prediction for
predicting confidence, category, and anchor boxes. The pipeline of the YOLOv8n is shown
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in Figure 3. The backbone of YOLOv8n consists of 10 layers and is organized into 5 sections,
namely Stem layer, Stage layer1, Stage layer2, Stage layer3, and Stage layer4. The Neck part
consists of 7 layers, which are divided into 6 parts, including TopDown layer1, TopDown
layer2, Down Sample0, Bottom Up layer0, Down Sample1, and Bottom Up layer1. The
Head part is composed of 6 layers and divided into 3 parts, each of which consists of
ConvModule, Con2d, Bbox.Loss, and Cls.Loss. The functional descriptions of each layer
can be found in Table 2. YOLOv8n is trained with specific parameters, including 80 epochs,
an intersection over union (IOU) threshold of 0.7, and a default confidence threshold of
0.25. Compared to older versions of the YOLO algorithm, YOLOv8n maintains high speed
and accuracy while also offering greater versatility, flexibility, and simplicity.
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Table 2. Overview of the YOLOv8n layer functions.

Layer Name Description

Stem layer Initial layer for feature extraction and input processing.
Stage layer1 Processes the input with convolutional layers for feature refinement.
Stage layer2 Further refines features, capturing more complex patterns.
Stage layer3 Continues to extract and enhance feature representations.
Stage layer4 The final stage of the backbone, preparing features for the neck module.

TopDown layer1 Upsamples features for better spatial resolution.
TopDown layer2 Continues to upsample and merge features from different scales.

Down Sampl0 Reduces spatial dimensions for processing efficiency.
Bottom Up layer0 Integrates features from previous layers for enhanced information.

Down Sample1 Further downsampling to balance speed and accuracy.
Bottom Up layer1 Merges features, ensuring a comprehensive representation.

ConvModule Applies convolution operations for feature extraction.
Con2d Standard convolution layer for additional feature processing.

Bbox.Loss Computes the loss related to bounding box predictions.
Cls.Loss Computes the loss for classification accuracy.
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3.2. Pig Tracking Based on the OC-SORT Algorithm

To reduce the impact of noise, including visual disturbances such as lighting changes
and shadows, environmental interferences from surrounding movements, and data inaccu-
racies during the pig tracking task, we employ the OC-SORT to complete the pig’s real-time
tracking and behavior analysis tasks in video streams. Figure 4 shows the flowchart of
the OC-SORT algorithm. The algorithm consists of three key modules: motion prediction,
data association, and trajectory management. First, OC-SORT uses the KF to achieve the
dynamic prediction of target trajectories in the motion prediction module. Then, it employs
a data association algorithm to associate the detection targets and tracks across different
frames of data. Finally, the trajectory management module of OC-SORT performs the real-
time updating of trajectory information and status maintenance of the associated targets to
ensure the accurate and coherent tracking and behavioral analysis of the pigs. The specific
tracking process is as follows.
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3.2.1. Pig Motion Prediction

The core KF within the motion prediction module is utilized to achieve the state
prediction of pig trajectories. First, we define a seven-dimensional state vector x, as shown
Equation (1) to represent the trajectory state of the pigs.

x = (u, v, s, r, û, v̂, ŝ) (1)

where (u, v) represents the center position coordinates of the target, s is the bounding box
scale (area), and r is the bounding box aspect ratio. The aspect ratio r is assumed to be a
constant value. The other three variables, û, v̂, and ŝ are the corresponding time derivatives.

Then, the previous frame’s state estimation and the current frame’s detection results
are input to the KF prediction module to obtain an accurate estimation of the target’s state in
the current frame. And, it is obtained using the state estimation (xt|t−1) and the covariance
matrix (Pt|t−1) by Equations (2) and (3). Equations (2) and (3) are shown as follows:

xt|t−1 = Ftxt−1|t−1 (2)

Pt|t−1 = FtPt−1|t−1FT
t + Qt (3)

where xt|t−1 is the posterior state estimate at the current frame, xt−1|t−1 is the posterior
state estimate in the previous frame. P is the posterior estimate covariance matrix, F is
the state transition model, and Q is the process noise. After predicting the mean x and
covariance P of the target in the next frame using KF, the matching operation is performed
between trajectories with the newly detected targets in the next frame.

3.2.2. Data Association

Data association enables the continuity of association for the same pig in continuous
frames, ensuring consistency in pig ID value. The Hungarian algorithm [29] is employed
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for data association matching between detected pigs and tracks. We utilize the OCM
strategy of OC-SORT to incorporate the direction consistency of trajectories in the associated
cost matrix operation, facilitating improved matching between tracking trajectories and
observation results. After the usual association stage, the OCR technique of OC-SORT will
initiate a second attempt to associate the final observation results of unmatched tracks
with the unmatched observation values. Given N existing tracks and M detections, the
association cost matrix is formulated as in Equation (4).

C
(
X̂, Z

)
= CIoU(X̂, Z) + λCv(Z, Z) (4)

where X̂ ∈ RN×7 is the set of object state estimations and Z ∈ RM×5 is the set of observa-
tions on the new time step. λ is a weighting factor. Z contains the trajectory of observations
of all existing tracks. CIoU(·, ·) calculates the negative pairwise IoU (intersection over union)
and Cv(·, ·) calculates the consistency between the directions of (i) linking two observations
on an existing track and (ii) linking a track’s historical observation and a new observation.

3.2.3. Trajectory Management

The management of trajectories involves three tasks, including trajectory creation,
updating, and deletion. After completing pig data association matching, trajectories need
to be updated for tracking pigs in the next frame. The management of trajectories includes
the three following steps.

(1) For target pigs that fail to match, a new tracker is created for them, a new ID is
assigned, and the information from the current detected pig is utilized for prediction in the
next frame. For successfully matched tracking trajectories, we assign the detected pig to
the ID of the successfully matched tracking target and update its trajectory information.
The formula for updating the trajectory is as follows in Equations (5)–(7).

Kt = Pt|t−1HT
t

(
HtPt|t−1HT

t + Rt

)−1
(5)

xt|t = xt|t−1 + K
(

zt − Htxt|t−1

)
(6)

Pt|t = (I − Kt Ht)Pt|t−1 (7)

where K is the output values of the KF operation, R is the observation noise, H is the
observation model, z is the observation value, t represents the current step, and t − 1
represents the previous time step. Equation (5) is used to calculate the Kalman gain to
estimate the significance of errors, while Equations (6) and (7) are used to compute the
mean and covariance values for updating trajectories.

(2) If a trajectory can be associated again after a period of being untracked, we employ
the ORU module to reduce the accumulated error during the tracking loss process. First, a
virtual trajectory is constructed for the object, starting from the last detection before tracking
loss and ending at the newly matched detection. By using the last-seen observation before
being untracked as zt1 and the observation triggering the re-association as zt2, the virtual
trajectory ((zt)) is denoted as in Equation (8).

zt = Trajvirtual(zt1, zt2, t), t1 < t < t2 (8)

Then, along the trajectory of zt(t1 < t < t2), we run the loop of predicting and re-
updating. The re-update operation is as in Equation (9).

re− update


Kt = Pt|t−1HT

t

(
HtPt|t−1HT

t + Rt

)−1

x̂t|t = x̂t|t−1 + Kt

(
zt − Ht x̂t|t−1

)
Pt|t = (I − Kt Ht)Pt|t−1

(9)
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(3) For tracking trajectories that fail to match, we temporarily retain the trajectory
without updating its status and associate this trajectory with the detected targets in the next
frame. If the trajectory exceeds the predefined frame count (set as a maximum of 30 frames
in this paper) without successfully matching any detection targets, we delete this trajectory.

When a target is lost for re-tracking, OC-SORT can employ the OCR, OCM, and ORU
strategy to recover the lost trajectory through virtual trajectories. Figure 5 illustrates the
process of pig re-tracking using OC-SORT. The red boxes are detections, yellow boxes are
active tracks, blue boxes are untracked tracks, and dashed boxes are the estimates from KF.
During association, OCM is used to add the velocity consistency cost. Target #1 is lost on
the frame t + 1 because of occlusions. But, on the next frame, it is recovered by referring
to its observation of the frame t by OCR. It being re-tracked triggers ORU from t to t + 2
for the parameters of its KF. Through the OCR, OCM, and ORU modules in OC-SORT, the
robustness during pig occlusion and nonlinear motion has been enhanced.
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3.3. Pig Behavior Analysis Algorithm

We create and implement the pig’s quadruple behavioral time calculation algorithm
(shown in Algorithm 1) based on the video sequence tracking results. The specific imple-
mentation steps in this algorithm are as follows:

(1) A behavioral statistics array named [A1, A2, A3, A4] for each trajectory is con-
structed to save the four behavioral classifications information. And A1, A2, A3, and A4,
respectively, represent the cumulative frame counts for the four categories of lying, stand-
ing, eating, and other behaviors.

(2) Based on the categories (stand, lie, eat, and other behaviors) for each pig ID, we
create a frame counting array named [a1, a2, a3, a4]. If the current detection box is identified
as a “lie” behavior, the “lie” parameter (a1) is set to 1, and the others are set to 0, and so on.

(3) After we associate detection boxes with tracking trajectories, we revise the values
of the array [A1, A2, A3, A4] if the detection box and trajectory match successfully. The
formula for the operation is as follows in Equation (10):

A1new
A2new
A3new
A4new

 =


A1
A2
A3
A4

+


a1
a2
a3
a4

 (10)
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The detection box is initialized as a new trajectory if it does not match the trajectory
and its confidence score exceeds the threshold (equal to 0.7) [30], and the statistical array
[a1, a2, a3, a4] parameters are set to 0. Finally, by accumulating the behavioral frame counts
of all trajectories and dividing by the frame rate, we can obtain the duration of each pig
behavior.

Algorithm 1: Pseudo-code of pig behavior analysis

Input: A video sequence V; object detector Det; tracking score threshold η is set 0.75;
Frames per second Fps;
Output: Tracks T of the video

1 Initialization: T ← ∅
2 for frame fk in V do
3 D ← Det( fk)
4 Initialize time-count array including four elements for time statistics a← [0, 0, 0, 0]
5 Set variable category_index ← D{category}
6 a[category_index]← 1
7 Associate T with D using OC-SORT:
8 if succeed to match then
9 Call the update or re-activate function to update the status of tracks
10 Set variable A← T[category_time_array] + a
11 T[category_time_array]← A
12 end
13 if D failed to match and D > η then
14 Call the function to create a new track.
15 Initialize time-count array A← [0, 0, 0, 0]
16 T[category_time_array]← A
17 end
18 End
19 T[category_time_array] = T[category_time_array]/Fps

Return T

3.4. Evaluation Metrics for MOT

We select HOTA, MOTA, and IDF1 as evaluation metrics for pig MOT. The calculation
of HOTA is shown in Equation (11), where DetA denotes the detection accuracy score, and
AssA represents the association accuracy score. c is a point belonging to TP, from which a
unique ground truth trajectory can be determined. A(c) represents the association accuracy.
TP refers to the number of true positive samples, FN refers to positive samples incorrectly
predicted as negative, and FP refers to negative samples incorrectly predicted as positive.

HOTA =
√

DetA · AssA =

√
Σ

c∈TP
A(c)

TP + FN + FP
(11)

The MOTA calculation is shown as Equation (12), where FP represents the total
number of false detections in frame t. FN denotes the total number of missed detections in
frame t, IDS refers to the number of ID switches that occur during tracking in frame t, and
gt indicates the number of targets observed at frame t.

MOTA = 1− ∑t(FP + FN + IDS)
∑t gt

(12)

The IDF1 calculation is shown as Equation (13), where IDTP represents the total
number of targets correctly tracked with an unchanged ID. IDFP represents the total
number of targets incorrectly tracked with an unchanged ID. IDFN represents the total
number of targets lost in tracking with an unchanged ID.
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IDF1 =
2IDTP

2IDTP + IDFP + IDFN
(13)

Additionally, the model performance is evaluated with the number of identity switches
(IDS). Higher values of HOTA, MOTA, and IDF1, and a lower value of IDs indicate a better
model performance.

4. Results and Analysis
4.1. Results Comparison of V8-Sort and Other MOT Methods

The comparative experimental results on the public and private datasets are shown in
Table 3 using V8-Sort and three widely used object tracking algorithms, namely Trackformer,
JDE, and TransTrack. In the public dataset, V8-Sort achieved a HOTA of 82.0%, a MOTA of
96.3%, and 22 IDs. Compared with the other three methods, the proposed method has the
highest accuracy and the least number of IDs. The HOTA value of V8-Sort is 11.2%, 19.4%,
and 18.2% higher than those of Trackformer, JDE, and TransTrack, respectively; MOTA is
higher by 7.8%, 12.9%, and 17%, respectively; and there are 261, 451, and 501 fewer IDs,
respectively. Moreover, in the private dataset, V8-Sort has a HOTA of 74.8%, a MOTA of
96.7%, and 17 IDs. Comparing Trackformer and TransTrack, the HOTA of V8-Sort is 1.3
and 17.3 percentage points higher, and the IDs are fewer by 24 and 378, respectively.

Table 3. Comparison of V8-Sort with other MOT methods.

Video Sequence Algorithm HOTA/%↑ IDs↓ MOTA/%↑ IDF1/%↑ FP↓ FN↓

Public datasets

Trackformer 70.8 283 88.5 79.5 1048 3719
JDE 62.6 473 83.4 71.2 3323 3455

TransTrack 63.8 523 79.3 71.2 3627 4910
V8-Sort 82.0 22 96.3 96.8 658 953

Private datasets
Trackformer 73.5 41 95.7 86.9 426 463
TransTrack 57.5 395 82.1 67.2 1292 2279

V8-Sort 74.8 17 93.7 93.1 143 1232
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable. and bolded
results represent the method used in this study.

The results show that the tracking performance of V8-Sort outperforms those of
Trackformer, JDE, and TransTrack. This is attributed to the fact that the observation-centered
OC-SORT tracker introduces the momentum of object movement into the correlation phase
and develops a pipeline that is less noisy and more robust to occlusions and no-linear
motions as a means of enhancing the robustness and accuracy of tracking. Therefore, the
V8-Sort method outperforms the other three algorithms, which are able to effectively handle
issues such as target occlusion, intersection, and scale variations in complex scenes, thereby
providing high-quality tracking results for pig behavior.

Figure 6 illustrates the comparison of V8-Sort with other MOT methods on public
datasets. In Figure 6, the yellow arrows indicate the maximum ID for each frame. It can
be observed that JDE (a), Trackformer (b), and TransTrack (c) have the highest tracking
IDs values of 93, 419, and 31 in frame 201 of video 0602. These numbers of IDs differ
from the actual number of pigs in the pigsty (16), leading to frequent pig ID errors. In
contrast, V8-Sort (d) consistently maintained the maximum number of IDs of 16 without
any erroneous ID changes.

Figure 7 illustrates the result of the comparison of V8-Sort with other MOT methods
on private datasets. As depicted in Figure 7, Trackformer reaches a maximum tracking
ID of 12 in frame 278 of video 3004, while TransTrack exhibits frequent erroneous IDs
with a maximum number of tracked IDs of 12 and 11 in frames 199 and 278 of video 3004,
respectively. V8-Sort maintains a stable maximum number of IDs of six. This stability is
achieved because OC-SORT incorporates the motion trends of the targets into the similarity
matrix, which helps to maintain the targets’ IDs across different frames and thus avoids ID
error switches during the long-time tracking process.
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4.2. Tracking Results of V8-Sort on One-Minute Videos Dataset

The results of the V8-Sort are shown in Tables 4 and 5 on one-minute videos from
the public and private datasets. It can be observed that, in the public dataset, the average
MOTA, HOTA, and number of IDs for V8-Sort are 96.3%, 82%, and 22, respectively. In the
private dataset, the average MOTA, HOTA, and number of IDs for V8-Sort are 93.7%, 74.8%,
and 17, respectively. Among them, the highest MOTA is achieved in video 0802 and 3005,
reaching 99.9%, while the lowest MOTA is in video 3009, at 71.2%. The main reason for
the difference in MOTA among the different videos is due to the complex environmental
conditions, such as video background, daytime or night time, sparse or dense scenarios,
and the activity status of the pigs. In the daytime video 3009, the pigs are more active,
resulting in a lower MOTA. In the night time video 0802, pig activity status is low, and the
background is simple, leading to the highest MOTA. And, V8-Sort detects and tracks each
pig in both daytime and night time scenarios.
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Table 4. The tracking results of V8-Sort on the public dataset.

Video Squences HOTA/%↑ IDs↓ MOTA/%↑ IDF1/%↑ FP↓ FN↓

0102 85.4 2 98.2 97.1 1 35
0402 84.3 0 95.4 97.7 137 68
0502 84.0 10 99.4 99.7 10 4
0602 73.8 0 90.6 91.9 275 165
0702 83.7 0 98.1 99.0 13 55
0802 91.9 0 99.9 99.9 0 3
0902 85.8 0 97.5 98.7 45 61
1002 72.2 0 92.2 96.0 93 236
1102 83.1 5 97.6 92.8 29 83
1202 81.6 5 95.0 95.6 26 193
1502 77.3 0 98.4 99.2 29 50

Total/average 82.0 22 96.8 96.8 658 953
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable.

Table 5. The tracking results of V8-Sort on the private dataset.

Video Squences HOTA/%↑ IDs↓ MOTA/%↑ IDF1/%↑ FP↓ FN↓

3001 78.0 2 97.0 97.1 11 87
3002 72.0 2 95.4 89.8 22 129
3003 70.1 3 93.0 93.0 27 202
3004 71.6 5 94.3 91.6 33 149
3005 82.0 0 99.9 99.9 0 2
3006 81.0 0 91.3 95.5 2 154
3007 82.6 0 97.6 98.8 18 25
3008 84.1 0 99.9 99.9 1 0
3009 52.3 5 71.2 70.6 29 484

Total/average 74.8 17 93.7 93.1 143 1232
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable.

To validate the feasibility and reliability of V8-Sort, we selected several segments from
validation videos that were not used for training. From each of these segments, we chose
three frames for presentation, and the tracking results are shown in Figures 8 and 9, which,
respectively, depict the visualization of tracking results for V8-Sort on public and private
datasets. In the video segments 0402, 0802, 3004, and 3008, the maximum numbers of IDs
of pigs in each frame are maintained at 15, 13, 6, and 6, respectively, which match the actual
numbers of pigs. In conclusion, the aforementioned tracking results comprehensively
demonstrate the outstanding accuracy and stability of the method proposed in this study
within the complex environment of pig activity areas. By visualizing the tracking results,
we can intuitively observe changes in pig behavior and trajectory evolution, enabling a
deeper understanding of pig behavioral patterns and activity habits. This can provide
valuable technological support for precision farming management of pigs.
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4.3. The Long-Term Tracking Results of V8-Sort

The long-term tracking results based on V8-Sort are shown in Table 6. It can be
observed that the average HOTA, number of IDs, MOTA, and IDF1 for videos 2001, 2002,
2003, 2004 and 3010 are 62.6%, 44, 93.1%, and 75.1%, respectively. There are significant
differences between the tracking results of long-term and short-term videos. In the four
10 min videos, we achieve the highest values of HOTA, number of IDs, MOTA, and IDF1
(video 2002#) with 67.3%, 19, 97.1%, and 85.1%, respectively. In the 60 min video of 3010#,
V8-Sort performs good, with HOTA of 69.0%, nine IDs, MOTA of 99.7%, and IDF1 of 75.1%.
These disparities are primarily attributed to the duration and environmental conditions
of the videos. Compared to 10 min videos, V8-Sort also makes the 60 min video achieve
a better detection performance with a MOTA of 99.7%, and track the results with HOTA
of 69%. The key reason is that, if a target is lost during long-term tracking, OC-SORT can
employ the OCR, OCM, and ORU strategy to recover the lost trajectory through virtual
trajectories and complete the re-tracking task. Therefore, V8-Sort achieves the more stable
tracking of pig behaviors in long-term videos.

Table 6. The long-term tracking results based on the V8-Sort.

Video Squences HOTA/%↑ IDs↓ MOTA/%↑ IDF1/%↑ FP↓ FN↓
2001 56.7 19 97.1 67.6 189 391
2002 67.3 29 90.4 85.1 291 1986
2003 61.2 73 93.6 73.0 1235 1741
2004 59.0 91 84.6 74.5 1737 5436
3010 69.0 9 99.7 75.1 75 201

Total/average 62.6 44 93.1 75.1 705 1951
The “↑” indicates that a higher value is better, while “↓” indicates that a lower value is preferable.

The visual results of long-term tracking in different scenarios are shown in Figure 10.
In videos 2001 and 3010, the pigs are sparsely distributed with minimal occlusion, and each
pig’s behavior is accurately recognized. And, the maximum number of IDs consistently
remains at eight and six, respectively, which both correspond to the actual number of pigs,
reflecting stable tracking. However, the night time environment in video 2002 has led to
occurrences of pig omissions, as indicated by the dashed boxes in the figure. Compared
to videos 2001 and 2002, videos 2003 and 2004 exhibit a significant rise in the number of
pigs. It can be observed that there are ID switches in frames 827 and 914 of video 2003, as
indicated by the yellow arrows in the figure. In video 2004, substantial occlusion is present,
resulting in a considerable number of omissions and ID switching issues. In these complex
scenarios, the performance of the tracking system faces challenges, necessitating further
algorithm optimization to enhance stability and accuracy.
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4.4. Results of Behavior Analysis

Our proposed behavior analysis algorithm can record the duration of four types of
behaviors for each pig and each pen based on behaviors classification and ID information
to represent the pigs’ health status and welfare. For example, the analysis results of pig
behaviors on test video 0402# are shown in Figures 11 and 12.

In Figure 11a, the time allocation of each pig’s ID for four behaviors (lie, stand, eat, and
other) is depicted. It can be observed that pigs with a different ID value exhibit variations
in time allocation for each behavior, with “lie” and “stand” behaviors occupying a larger
portion of the time, while “eat” and “other” behaviors are less prominent. Figure 11b
illustrates the percentage of four behaviors of all pigs throughout the entire video segment,
with different colors indicating each behavior. It is noticeable that the “lie”, “stand”, and
“eat” behaviors occurred 72.13%, 16.81%, and 10.33% of the time for all pigs, and the ‘other’
behavior occurred the least at 0.72%. This indicates that the entire herd is in a healthy state.
Figure 12 depicts the number of frames occupied by each pig ID, where the horizontal
coordinate is the number of frames and the vertical coordinate is the pig’s ID value. It is
worth noting that the behavior of some pigs varies frequently, such as those pigs with the
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IDs with 3, 5, 7, and there are also cases where several pigs engage in a single behavior for
a long time. For example, pigs with the IDs 2, 6, 9, 12, 13, and 15 are consistently engaged
in “lie” behavior.
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Overall, the V8-Sort method can achieve the accurate recognition of pigs’ basic be-
haviors, playing a positive role in optimizing breeding environments and enhancing pig
welfare, as well as contributing to the economic efficiency of the breeding industry.

5. Conclusions and Future Work

This paper proposes an algorithm for the identification and tracking of pig behav-
iors based on V8-Sort. The algorithm aims to decrease noisy interference and improve
robustness to occlusions and nonlinear motions and explore the work of recovering the
lost trajectory for long-term tracking. On the public dataset, V8-Sort achieved a HOTA
of 82.0%, MOTA of 96.3%, and 22 IDs. Compared to Trackformer, JDE, and TransTrack,
V8-Sort has shown improvements of 11.2, 19.4, and 18.2 percentage points in HOTA, and
improvements of 7.8, 12.9, and 17 percentage points in MOTA, respectively. On the private
dataset, V8-Sort has a HOTA of 74.8%, and 17 IDs. Comparing Trackformer and TransTrack,
the HOTA is 1.3 and 17.3 percentage points higher, and the IDs are fewer by 24 and 378,
respectively. In the long-term videos’ dataset, the average HOTA, number of IDs, MOTA,
and IDF1 of V8-Sort are 62.6%, 44, 93.1%, and 75.1%, respectively. In conclusion, the V8-Sort
can obtain higher accuracy and performance in pig behavior recognition and tracking tasks,
which recover the lost trajectory during long-term tracking. This improves the accuracy
and efficiency of the automatic monitoring of group-reared pigs under conditions of noisy
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interference and scenes with occlusions, providing a more intelligent and reliable solution
for pig farming management.

However, the behaviors analyzed in the current study are relatively simple and basic,
primarily focusing on obvious behavior patterns such as eating and resting. Important
behaviors such as more complex social interactions, stress responses, and environmental
adaptability have not yet been addressed. Through obtaining the group-housed behav-
iors analysis using the MOT method in this paper, we can consider in future research
to complete the accurate discrimination of pig health status and welfare by analyzing
herd behaviors, including daily and abnormal pig behaviors. In addition, by integrating
advanced sensors, data analysis and machine learning techniques, it is possible to establish
predictive models for correlating the health status of pigs with each other based on their
behaviors. By monitoring key information such as the pigs’ activity levels, feeding patterns,
and movement trajectories, combined with physiological parameters like body temperature
and heart rate, we can obtain the real-time tracking of the health conditions of the pigs to
facilitate production management in the modern livestock industry.
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Abstract: Pig behavioral analysis based on multi-object tracking (MOT) technology of surveillance
videos is vital for precision livestock farming. To address the challenges posed by uneven lighting
scenes and irregular pig movements in the MOT task, we proposed a pig MOT method named
RpTrack. Firstly, RpTrack addresses the issue of lost tracking caused by irregular pig movements
by using an appropriate Kalman Filter and improved trajectory management. Then, RpTrack uti-
lizes BIoU for the second matching strategy to alleviate the influence of missed detections on the
tracking performance. Finally, the method utilizes post-processing on the tracking results to generate
behavioral statistics and activity trajectories for each pig. The experimental results under conditions
of uneven lighting and irregular pig movements show that RpTrack significantly outperforms four
other state-of-the-art MOT methods, including SORT, OC-SORT, ByteTrack, and Bot-SORT, on both
public and private datasets. The experimental results demonstrate that RpTrack not only has the
best tracking performance but also has high-speed processing capabilities. In conclusion, RpTrack
effectively addresses the challenges of uneven scene lighting and irregular pig movements, enabling
accurate pig tracking and monitoring of different behaviors, such as eating, standing, and lying. This
research supports the advancement and application of intelligent pig farming.

Keywords: multi-object tracking; pigs; RpTrack; behavioral statistics; uneven lighting scenes;
irregular pig movements

1. Introduction

Pig farming holds a significant position in the livestock industry. In the field of
pig farming, the application of precision livestock farming can reduce production costs,
enhance productivity, improve animal welfare, meet food demand, and boost economic
benefits [1,2]. To achieve precision livestock farming for pigs, MOT technology is crucial
for the pig industry. It enables timely monitoring of the health and behavior of pigs via
individual pig re-identification and behavioral analysis in video surveillance [3]. This
technology provides the foundation for the realization of precision pig farming.

In recent research, several MOT methods have been applied and expanded to the
livestock industry. For example, Zhang et al. introduced an online method for detecting
and tracking multiple pigs, which removed the need for manual annotations or actual pig
IDs and operated effectively both in daytime and nighttime conditions [4]. Cowton et al. [5]
integrated Faster R-CNN [6] with two online multi-object tracking techniques, namely
SORT and DeepSORT [7], creating a comprehensive system for individual pig localization
and tracking. This system also extracted behavior-related metrics from RGB camera data,
achieving impressive performance with MOTA and IDF1 scores reaching 92% and 73.4%,
respectively. Guo et al. [8] proposed a weighted association algorithm for three multi-
object tracking methods, namely JDE [9], FairMOT [10], and YOLOv5s-DeepSORT, to
optimize pig re-identification, improve tracking performance, and reduce ID switches.
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Tu et al. [11] combined YOLOv5 [12,13] with an improved DeepSORT algorithm to achieve
highly accurate pig tracking, with a re-identification accuracy rate of up to 99.9%. Kim et al.
improved YOLOv4 and DeepSORT to reduce computational expense while maintaining
high accuracy in pig counting, which enabled real-time execution with an accuracy rate of
99.44% [14]. Odo et al. [15] utilized YOLOv4 [16] and YOLOv7 [17] detectors, combined
with the DeepSORT and centroid tracking algorithms, to quantify ear-biting behavior in
pigs. This approach achieved a detection accuracy of 98% and a tracking false positive rate
of 14%. Han et al. proposed a detection-based tracking approach that utilized a YOLOv5
detector trained specifically for cattle detection to generate detection results. This method
was designed to overcome challenges posed by scale variations, random movements, and
occlusions in farm conditions when tracking cattle [18]. These algorithms all utilized the
appearance information of targets during the association phase. However, due to the high
similarity in appearance among the pigs’ targets in the scenes and the uneven lighting
conditions, the appearance information of the targets might be unreliable. Additionally,
using appearance information is time-consuming and may not yield significant benefits in
such scenarios.

Therefore, there are many studies that do not use the appearance information of targets
in the data association phase for pig MOT under video surveillance monitoring. Yigui et al.
proposed an improved pig-counting algorithm based on the YOLOv5+DeepSORT model,
which achieves stable pig counting in a breeding environment with a 98.4% pig-counting
correlation coefficient [19]. Zheng et al. [20] proposed a MOT method that effectively
addressed the issues of false negatives and false positives resulting from complex envi-
ronmental conditions in individual cow detection and tracking. Van der Zande et al. [21]
combined YOLOv3 [22] with the SORT algorithm to achieve pig detection and tracking to
monitor individual pig activity. These algorithms only used the target’s motion information
during the association phase, combined with the Hungarian algorithm, to achieve cross-
frame target association. Due to the irregular movement patterns of targets in livestock
tracking scenarios, which include variations in speed and sudden changes in direction,
using Kalman Filters (KFs) in the traditional manner may not yield accurate bounding box
positions, leading to the loss of target tracking. Additionally, the above research primarily
focuses on the identification or automatic tracking of pig behaviors, lacking analysis of the
time of the pig’s different behaviors, such as eating, standing, and lying, according to the
post-processing of the tracking results.

To address the aforementioned issues, based on the SORT algorithm [23], this paper
introduces a robust pig-tracking method named RpTrack. Firstly, in the detection phase, this
method utilizes the robust YOLOX [24] detector to generate detection results for each video
frame. Then, in the association phase, RpTrack effectively deals with ID switches caused
by irregular pig movement in pig tracking scenarios. This is achieved through improved
trajectory management combined with a KF appropriate for pig tracking. Furthermore, it
incorporates BIoU to mitigate the influence of missed detections due to uneven lighting
conditions on tracking performance. Finally, we monitor and analyze the time of the pig’s
different behaviors, such as eating, standing, and lying, according to the post-processing of
the tracking results throughout the video.

2. Materials and Methods
2.1. Materials

The video data were obtained in two parts: one part was provided by T. Psota et al. [25],
and the other part was captured at the Lejiazhuang Breeding Base in Sanshui District,
Foshan City, Guangdong Province, China. The cameras were installed directly above
the central area of the pig breeding zone, capturing the entire area from a downward
perspective. The resolution of the camera was 2560 × 960 pixels, the frame rate was 25 fps,
and the video data were stored in MP4 format. In the subsequent data processing, we
selected 27 videos, with 23 1-min videos and 4 10-min videos cropped from the one part
for the public dataset and 18 1-min videos chosen from the other part for the private
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dataset. Notably, the annotated dataset from T. Psota et al. was labeled with each pig’s
shoulder, tail, and ID for all frames of each video and could not be used for mainstream
MOT tasks. Therefore, we annotated all video segments, including the public and private
datasets, using DarkLabel1.3 software at 5 frames per second (fps) to evaluate the tracking
performance of pig behaviors. The video scenes are illustrated in Figure 1. It includes
daytime sparse and daytime dense scenes, as shown in Figure 1a,b, and nighttime even
light and uneven light scenes, as shown in Figure 1c,d.
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Figure 1. Dataset video scenes.

In this study, all videos in both datasets were manually annotated using the DarkLabel
software. The annotation includes the identity, position, and behavior categories of the pigs.
The behaviors are categorized into four types (“stand”, “lie”, “eat,” and “other”). Examples
of behavioral classification for some pigs are shown in Figure 2. To compare the tracking
performance of the proposed method in different scenarios, this paper selected 15 videos
from the public dataset as test videos. Additionally, 9 videos from the private dataset were
chosen as test videos. Meanwhile, based on manual observations, videos with a higher
number of pigs and more occlusions were categorized as pig-dense videos and vice versa
as pig-sparse videos. Additionally, videos with relatively even lighting conditions were
labeled as even lighting scenes, and videos with uneven lighting conditions were labeled
as uneven lighting scenes, as shown in Figure 1. Table 1 presents a detailed description of
the test video environments in both the public and private datasets. Note: No. 01, 05, 11,
and 15 are 10 min videos; the rest are 1 min videos.
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Table 1. Test video environments.

Dataset No. Sparse Dense Day Night Light

Public

0102
√

—
√

— uniform
0402 —

√ √
— uniform

0502
√

— —
√

uniform
0602 —

√ √
— uniform

0702
√

—
√

— uniform
0802 —

√
—

√
uniform

0902 —
√ √

— uniform
1002 —

√
—

√
uneven

1102
√

—
√

— uniform
1202

√
—

√
— uniform

1502 —
√

—
√

uniform
01

√
—

√
— uniform

05
√

— —
√

uniform
11 —

√ √
— uniform

15 —
√

—
√

uniform

Private

0010 —
√ √

— uniform
0011 —

√ √
— uniform

0012 —
√

—
√

uneven
0013 —

√ √
— uniform

0014
√

—
√

— uniform
0015

√
—

√
— uniform

0016
√

—
√

— uniform
0017

√
— —

√
uniform

0018
√

— —
√

uneven

2.2. Methods

The robust pig tracking method named RpTrack is illustrated in Figure 3. Firstly, dur-
ing the input phase, the YOLOX detector is used to obtain the detection results, including
the bounding box positions, behavior categories, and confidence scores. Meanwhile, the
improved trajectory prediction is applied to predict the current position for each trajectory
in the trajectory set (except in the case of the first frame). Then, during the tracking phase,
the current detection results and the trajectory prediction results are taken as inputs. The
first matching is based on Intersection over Union (IoU). Unmatched detections and tra-
jectories in the first matching are performed in a second matching based on BIoU. Finally,
after completing the entire video tracking process, behavioral statistic information can be
obtained on the behavioral states of the pigs and their activity trajectories within the video.
Compared to the SORT method, RpTrack made improvements in three key components: the
Kalman Filter, the trajectory management, and the BIoU. The following sections describe
each of these components in detail.
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2.2.1. Improved Kalman Filter

In the SORT algorithm, the KF [26] state vector used is denoted as x = [xc, yc, s, a, x̂c, ŷc, ŝ]T.
Here, (xc, yc) represents the center coordinates of the target, s and a, respectively, denote
the area and aspect ratio of the bounding box, and [x̂c, ŷc, ŝ] is the velocity corresponding to
these parameters.

In the pig tracking environment, this type of state vector may struggle to obtain
accurate bounding box shapes. The predicted bounding boxes might not completely and
accurately surround the pigs, thereby affecting the overall performance of the tracker. The

KF state vector used in the RpTrack algorithm is denoted by x = [xc, yc, w, h, x̂c, ŷc, ŵ, ĥ]
T

as
in the Bot-SORT [27] algorithm. Here, (xc, yc) represents the center coordinates of the target,
w and h, respectively, denote the width and height of the bounding box, and [x̂c, ŷc, ŵ, ĥ] is
the velocity corresponding to these parameters. This state vector can provide more accurate
bounding box shapes.

The visualization results of the KF state vector bounding boxes used in SORT and Rp-
Track are compared in Figure 4. The red dashed line and the green solid line represent the
visualization results of the KF state vector bounding boxes in SORT and RpTrack, respectively.
It can be observed that the green solid line can more completely and accurately surround the
pigs. Therefore, RpTrack can enhance tracking performance compared with SORT.
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2.2.2. Improved Trajectory Management

The tracking scenarios for pedestrians typically exhibit different movement patterns
compared to those for pigs. In pig tracking, the irregular movements of pigs make it
challenging to apply pedestrian tracking methods directly. This often results in unsatisfac-
tory tracking results. Most current motion-based MOT methods rely on utilizing position
information observed across the entire trajectory for prediction. However, this approach is
not effective in handling the irregular movement patterns of pigs. Therefore, in this study,
we employ the position information observed in the last K frames of a trajectory (K is a
hyperparameter) to predict the trajectory’s position in the next frame. This approach allows
for more accurate position predictions and addresses the issue of irregular pig movements.
Improvements in the storage of trajectory information are necessary.

The improved trajectory information storage is illustrated in Figure 5b. Each long
block represents a list for storing motion information, where K is the maximum length of
the list. Each colored block in a long block represents the motion information stored in a
trajectory. The list representing the storage of motion information for a trajectory can be

denoted as T =
{
[(x1

i , P1
i ), (x2

i , P2
i ), . . . , (xk

i , Pk
i )], si, ci

}Nt

i=1
, where k ≤ K. Here, i denotes the

trajectory index, xk
i represents the KF state recording the position information of trajectory i for

the last k frames, Pk
i indicates the corresponding covariance matrix for xk

i , si represents the state
of trajectory i (tracked or lost), ci denotes the behavior category of trajectory i (“stand”, “lie”,
“eat”, and “other”), Nt represents the number of trajectories in frame t, and (xk

i , Pk
i ) denotes

the motion information of trajectory i recording the position information of the last k frames.
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The storage of trajectory information before improvement is depicted in Figure 5a, where each
trajectory stores only one motion information, recording all observed position information for
the trajectory. Additionally, each trajectory does not store the behavior state.
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Figure 6 depicts the trajectory prediction procedure. If the trajectory state is “lost” or the 
behavior state is “lie”, KF prediction processing is not applied to the trajectory, which is 
subsequently directly used in the association phase. If not, all the motion information 
stored for the trajectory is processed with the KF prediction, and the results are used in 
the association phase. Note: For each trajectory, only the prediction result of the motion 
information recording the most frames of position information is used for the association 
phase. 

Figure 5. Improved before and after trajectory information storage: (a) the trajectory information
storage before improvement. (b) The improved trajectory information storage.

To achieve accurate trajectory predictions, we made improvements to the trajectory
prediction module. These improvements allowed the position information observed in
the last K frames to be used to predict the position of the trajectory in the next frame.
Figure 6 depicts the trajectory prediction procedure. If the trajectory state is “lost” or the
behavior state is “lie”, KF prediction processing is not applied to the trajectory, which is
subsequently directly used in the association phase. If not, all the motion information stored
for the trajectory is processed with the KF prediction, and the results are used in the association
phase. Note: For each trajectory, only the prediction result of the motion information recording
the most frames of position information is used for the association phase.
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Figure 6. Trajectory prediction process. The red-bordered blocks indicate the motion information
recording the most positional information.

The comparison between the improved and unimproved trajectory prediction results
is depicted in Figure 7. In Figure 7, the green solid line represents the results obtained
with the improved trajectory prediction, while the red dashed line represents the results
without improvement. The more accurately the bounding box surrounds the pigs, the more
accurate the prediction result. Figure 7a–c represent three motion patterns: slow movement,
sudden turning, and fast movement. It can be observed that under all three different motion
patterns, the improved trajectory prediction consistently yields more accurate results.
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To maintain the accuracy of the stored motion information for trajectories, improve-
ments are required in the trajectory update module. The specific implementation details
are illustrated in Algorithm 1.

Algorithm 1: Improved trajectory update

Input: t =
{
[(x1, P1), (x2, P2), . . . , (xk , Pk)], s, c

}
: represents the storage information for trajectory t, xk

represents the KF state recording the position information of trajectory t over the last k frames, with Pk as the
corresponding covariance matrix, s indicates the trajectory state (lost or tracked), and c represents the behavior
category of trajectory t.
d =

{
l, cd}: l indicates the position of detection d matched with trajectory t, where cd denotes the behavior

category of the detected target.
K: indicates the maximum length of the trajectory information storage list.
Output: t =

{
[(x1, P1), (x2, P2), . . . , (xk , Pk)], s, c

}
: represents the updated storage information for trajectory t,

xk represents the updated Kalman filter state, Pk represents the corresponding updated covariance matrix for
xk , c denotes the behavior category of the trajectory, and s reflects the trajectory state.
1 /*update historical KF state vectors and KF covariance matrixes*/
2 Step 1: Initialize an empty set
3 t′← ∅
4 Step 2: Initialize KF for detection d
5 x, P← KF initialization d
6 t′←t′∪{x, P} /*store current motion information*/
7 Step 3:update motion information
8 if s == Tracked then
9 for i← 1 to k do
10 if i < K then /*ensure that maximum K frames of position information are recorded*/
10 xi , Pi← KF update xi , Pi , x /*conduct KF update*/
11 t′←t′∪

{
xi , Pi}

12 t←t′
13 c←cd /*update trajectory behavior category*/
14 Return t

2.2.3. BIoU (Buffered IoU)

In the MOT task, motion-based target association algorithms commonly employ the
IoU metric. The calculation of IoU is depicted in the left part of Figure 8, where A =
(wA, hA) and B = (wB, hB), respectively, denote the bounding box information for detection
and trajectory, wA and hA, respectively, denote the width and height of detection A, wB and
hB, respectively, represent the width and height of trajectory B, and S1 corresponds to the
area of overlap between A and B, while S2 represents the area of their union.
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To accurately associate targets with irregular motion patterns and similar appearances,
Yang et al. introduced the BIoU (Buffered Intersection over Union) metric [28]. The
computation of BIoU is illustrated in the right part of Figure 8, where A′ = (bwA, bhA)
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and B ′ = (bwB, bhB) denote the extended bounding box information and b represents
a hyperparameter expansion factor. S′1 represents the extended area of overlap and S′2
corresponds to the extended area of their union. (Note that, as in [28], the value of b
defaults to 1.5.)

3. Experiments
3.1. Experimental Platform and Parameter Settings

To validate the performance of the proposed RpTrack method in indoor pig tracking
and behavioral statistics, three experiments were conducted: (1) a pig tracking experiment
to analyze the performance of the RpTrack method; (2) a pig behavior statistics experiment
to measure the duration of various behaviors for each pig in the videos; (3) an ablation ex-
periment to evaluate the influences of the improved Kalman Filter, the improved trajectory
management, and the BIoU on the tracking performance.

All experiments in this paper were conducted on the same computer, using Linux as the
experiment platform with the Ubuntu 20.04 operating system. The hardware configuration
included a 12th Gen Intel(R) i9-12900KF CPU, NVIDIA (Santa Clara, CA, USA) GeForce RTX
3090 GPU, 32GB of RAM, PyTorch version 1.11.1, Python version 3.7, and CUDA version 11.3.

3.2. Evaluation Metrics for Multi-Objective Tracking

We selected High Order Tracking Accuracy (HOTA) [29], Multiple Object Tracking Ac-
curacy (MOTA) [30], and Identification F1 (IDF1) as the evaluation metrics for MOT of pigs.
HOTA introduces a higher-dimensional tracking accuracy metric, which comprehensively
assesses the performance of trackers. MOTA is used to measure the performance of the
detector in detecting targets and the tracker in maintaining trajectories. IDF1 is employed
to assess the stability of the tracker.

Additionally, in this study, the evaluation of algorithm performance also used two
other metrics: the total number of identity switches (IDSW) and the frames per second
(FPS) processed by the algorithm.

3.3. Tracking Results

To validate the performance of the proposed RpTrack algorithm, we used the public
dataset, consisting of 11 videos, and the private dataset, containing nine videos, as the
test videos. Due to the different farming environments and large differences in pig breeds
and appearance between the public and private datasets, we used two different YOLOX-X
models to complete the tracking experiments. The tracking experiment results of RpTrack
are presented in Table 2.

As shown in Table 2, in the public dataset, video 0802 achieved the highest HOTA
(92.1%). For all test videos, RpTrack achieved MOTA and IDF1 values of over 96% and
98%, respectively. It also maintained a frame rate (FPS) of 65 or higher. This indicates that
RpTrack performs well in terms of tracking pigs in the public dataset while maintaining
a fast-tracking speed. However, the tracking performance of videos 11 and 15 is much
lower than the other videos, which is due to the existence of a large number of occlusions
in videos 11 and 15, resulting in missed and false detections. This, in turn, results in low
tracking performance, as shown by the red dashed boxes in Figure 9a,b. In the private
dataset, video 0015 achieved the highest HOTA (85.5%). Except for video 0018, all other
videos exhibited MOTA and IDF1 values of 97% and above. Except for videos 0010 and
0018, all videos had an ID Switch (IDSW) count of 0. The average FPS for the test videos was
71 or higher, demonstrating that RpTrack excels in terms of tracking accuracy and speed
in the private dataset environment. Furthermore, video 0018 has a lower performance
compared to the other test videos. This is mainly due to false and missed detections caused
by low lighting conditions, as depicted by the red dashed bounding boxes in Figure 9c. The
results of the RpTrack method in the public and private datasets indicate that the method
has excellent tracking accuracy and real-time performance and can be applied to video
surveillance pig tracking in complex scenarios.
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Table 2. Results of tracking experiments on the test video.

Dataset Video HOTA/% MOTA/% IDF1/% IDSW/% FPS/(f/s)

Public
dataset

0102 90.6 99.9 100.0 0 73.8
0402 90.1 99.8 100.0 0 70.1
0502 84.8 99.8 100.0 0 73.6
0602 80.0 98.6 99.3 0 69.0
0702 87.5 99.9 100.0 0 71.7
0802 92.1 100.0 100.0 0 71.3
0902 88.8 96.6 98.3 0 70.2
1002 73.8 97.1 98.6 0 70.3
1102 88.8 97.1 98.6 0 69.1
1202 86.0 97.1 98.5 2 69.6
1502 77.6 98.4 99.2 0 68.5

01 77.0 96.6 93.9 8 75.4
05 79.0 98.8 94.4 12 73.6
11 61.8 94.2 71.8 54 68.7
15 66.4 91.8 78.9 69 69.2

Private
dataset

0010 80.0 99.0 97.8 2 65.7
0011 81.4 97.1 98.5 0 69.7
0012 79.0 98.2 99.1 0 69.6
0013 81.9 97.6 98.8 0 69.6
0014 84.1 99.9 100.0 0 74.7
0015 85.5 99.6 99.8 0 74.9
0016 86.1 99.8 99.9 0 74.3
0017 81.2 99.9 100.0 0 73.6
0018 66.2 88.2 90.7 4 74.8
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3.4. Comparison of Different MOT Algorithms

For both the public and private datasets, the experimental results for SORT, C-
BIoU [28], ByteTrack [31], OC-SORT [32], Bot-SORT, and the proposed RpTrack are pre-
sented in Table 3. In both datasets, RpTrack outperforms other methods in terms of HOTA,
MOTA, IDF1, and IDSW while maintaining a high FPS.
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Table 3. Comparison of RpTrack results with other MOT methods.

Dataset Method HOTA/% MOTA/% IDF1/% IDSW FPS/(f/s)

Public

SORT 65.2 95.0 72.8 242 75.3
ByteTrack 61.6 92.8 72.6 229 73.8

C-BIoU 70.1 95.2 79.7 369 79.1
OC-SORT 70.2 95.2 81.0 161 73.1
Bot-SORT 69.1 95.1 78.8 317 19.2
RpTrack 73.2 95.5 85.6 146 70.9

Private

SORT 77.7 97.4 93.0 29 78.6
ByteTrack 73.3 93.2 90.1 41 79.3

C-BIoU 76.8 95.4 91.7 45 80.7
OC-SORT 78.6 97.4 94.3 18 78.1
Bot-SORT 78.8 97.0 93.4 35 37.4
RpTrack 80.8 97.8 98.4 6 72.9

The results demonstrate that the proposed RpTrack outperforms SORT, C-BIoU, Byte-
Track, OC-SORT, and Bot-SORT in the pig tracking scenarios. This is attributed to the
improved Kalman Filter, the improved trajectory management, and BIoU in RpTrack. These
improvements effectively handle irregular pig movement, false detections, and missed
detections, reducing ID switches and enhancing tracking performance. Therefore, the
RpTrack algorithm’s performance metrics are superior to other algorithms, indicating the
effectiveness of RpTrack for MOT of pigs in complex scenarios.

The visualization results of Bot-SORT, ByteTrack, OC-SORT, and RpTrack methods in
both the public and private datasets are presented in Figures 10 and 11. In these figures,
the red-dashed bounding boxes indicate pigs that have lost track, and the yellow arrows
represent pigs with ID switches. In Figure 10, in the 90th frame of video 0102, two pigs in
the upper right corner suddenly move rapidly. In the subsequent three frames, Bot-SORT,
ByteTrack, and OC-SORT lose track of these pigs and exhibit ID switches, while RpTrack
can accurately track both pigs. In Figure 11, in the 152nd frame of video 0018, a pig in the
lower left corner was lost due to uneven light from the 153rd frame to the 163rd frame.
When the pig reappears in the 164th frame, only RpTrack can correctly track it, while the
other algorithms fail to track the pig.
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To further compare the overall tracking performance among different trackers,
Figure 12 displays the pig tracking trajectories in selected videos. Figure 11a,d show
the real activity trajectories and tracking trajectories of all individual pigs in video 0102 and
video 0013, respectively, with labels on the right indicating the trajectory colors and their
corresponding IDs. Figure 12b,c,e depict the real activity trajectories of pigs with IDs 3 and
6 in video 0102 and ID 10 in video 0013. These figures also show the tracking trajectories of
each tracker. Taking video 0102 as an example, in Figure 12a, RpTrack produces tracking
trajectories most similar to the real trajectories (GT). The number of trajectories matches
that in the GT, indicating that RpTrack maintains consistent pig IDs throughout the tracking
process. Additionally, Figure 11b shows the actual trajectory of a pig in video 0102 and
the tracking trajectory of each tracker. It can be observed that Bot-SORT, OC-SORT, and
ByteTrack all show ID switches when tracking a pig with GT ID 3, while RpTrack can
correctly track this pig. A comprehensive analysis combining Table 3 and Figures 10–12
demonstrates that RpTrack exhibits the best tracking performance, accurately tracking pigs
in complex scenarios.

3.5. Behavioral Statistics

To validate the accuracy of individual pig behavior identification and statistical analy-
sis based on the RpTrack tracking method, this study employs the training dataset labeled
with four distinct behavior categories (“stand”, “lie”, “eat,” and “other”) to train a YOLOX
detector. The combination of the YOLOX detector and RpTrack tracker accomplishes simul-
taneous tracking and behavior statistics of pigs. The real behavior statistics of individual
pigs in certain videos and the behavior statistics generated by RpTrack are presented in
Figure 13. The horizontal axis represents pig identities, while the vertical axis indicates
the number of frames in which the behavior duration. Bars with arrows represent the
real behavior statistics, followed by adjacent bars illustrating RpTrack’s behavior statistics.
Different colors, such as blue, orange-red, green, and orange, correspond to the four behav-
ior categories (“stand”, “lie”, “eat,” and “other”), respectively. The greater the similarity
between the actual behavior results and RpTrack’s behavior results, the more accurate
RpTrack’s behavior statistics were considered. For pig ID 5 in video 0902, the real statistics
for the blue, orange-red, and orange parts closely match the RpTrack behavioral statistics,
indicating that RpTrack’s results are accurate. Similar results were observed for other
individual pigs. The experiment results indicate that the tracking method based on the
YOLOX and RpTrack achieved relatively accurate behavior identification and statistical
analysis of pig behaviors in the videos.
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3.6. Ablation Experiments and Analysis
3.6.1. Effect of Different K Values in Improved Trajectory Management

In the improved trajectory management, in order to obtain a suitable value for the
hyperparameter K, we performed an ablation study on both the public and private datasets
to analyze the effect of different values of K on the tracking performance and the results
are shown in Table 4.

According to the results in Table 4, the best tracking performance can be obtained
with K = 2 in the public dataset and with K = 4 in the private dataset. The tracking
performance can be improved in all cases after using the improved trajectory management.
Figure 14 shows the visualization results obtained with and without the improved trajectory
management. In the figure, the red-dashed bounding boxes indicate pigs cannot be tracked,
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and the yellow arrows represent pigs with ID switches. In this case, the pig with ID 2
was severely occluded at frame 1755, which led to a switch from ID 6 to 2. When the
occluded pig reappeared at frame 1756, the pig failed to be retrieved correctly without the
improved trajectory management, while it was able to be retrieved correctly after adopting
the improved trajectory management. This demonstrates that the improved trajectory
management is more accurate in predicting the target location.

Table 4. Effect of different values of K on tracking performance, where “-” indicates that the improved
trajectory management is not used.

Public Private

K Values HOTA/% MOTA/% IDF1/% IDSW HOTA/% MOTA/% IDF1/% IDSW

- 71.0 95.5 82.6 152 79.4 97.8 96.7 11
1 72.1 95.4 84.2 158 80.1 97.5 97.9 7
2 73.2 95.5 85.6 148 79.4 97.6 96.6 10
3 72.1 95.5 84.6 151 79.9 97.6 97.3 8
4 72.2 95.5 84.8 154 80.7 97.7 98.3 6
5 72.3 95.5 85.1 148 79.5 97.6 96.6 12
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3.6.2. Effect of Each Module in the RpTrack

To validate the performance of the improved Kalman Filter, the improved trajec-
tory management, and BIoU in tracking, we conducted tests on both public and private
datasets before and after the improvements, as indicated in Table 5. It can be observed
that, compared to the original SORT, the improved Kalman Filter, the improved trajectory
management, and the BIoU all lead to performance improvements.

Table 5. Ablation experiments on the public and private datasets. IKF denotes the improved Kalman
Filter, ITM denotes the improved trajectory management, and BIoU denotes Buffered IoU.

Public Private

IKF ITM BIoU HOTA/% MOTA/% IDF1/% IDSW HOTA/% MOTA/% IDF1/% IDSW

65.2 95.0 72.8 242 77.7 97.4 93.0 29
✔ 70.5 95.5 81.8 146 79.7 97.7 96.6 11
✔ ✔ 70.7 95.5 82.0 142 80.2 97.8 97.2 8
✔ ✔ ✔ 73.2 95.5 85.6 148 80.8 97.8 98.4 6

Figure 15 shows a comparison of tracking results with and without ITM in video 0102
and with and without BIoU in video 0018. In video 0102 (green-dashed box), in the 90th
frame, pigs with IDs 2 and 4 suddenly exhibit rapid movements. Subsequently, in frames
92 and 93, ITM loses tracking (as indicated by the red-dashed box), while ITM maintains
accurate tracking. In video 0018 (blue-dashed box), after frame 152, pig ID 1 is lost due to a
missed detection. When the pig reappears at frame 164, not using BIoU ensures tracking
is lost (as depicted by the red-dashed box), while using BIoU maintains accurate tracking.
This indicates that the improvements are effective in dealing with irregular pig movements
and missed detections, which in turn improves tracking performance.
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4. Conclusions and Limitation Discussion

The RpTrack method proposed in this paper utilizes YOLOX for pig detection and
behavioral classification. It also leverages the improved KF and the improved trajectory
management to address irregular pig movements. Additionally, it introduces BIoU to
mitigate the issue of decreased tracking performance caused by missed detections resulting
from uneven lighting. The summary is as follows:

1. Experiment results on both public and private datasets demonstrate that RpTrack
achieves a competitive execution speed like the SORT method. In the public dataset,
RpTrack achieves a HOTA of 73.2%, MOTA of 95.5, IDF1 of 85.6%, and IDSW of 148.
In the private datasets, RpTrack’s performance achieves a HOTA of 80.8%, MOTA of
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97.8%, IDF1 of 98.4, and IDSW of 6, surpassing other leading tracking methods in all
performance metrics.

2. Visualization results comparisons confirm that the improved KF and the improved
trajectory management effectively address the issue of ID switches caused by irregular
pig movements. Furthermore, It is also demonstrated that BIoU can alleviate the
problem of ID switches resulting from missed detections due to uneven lighting.
These improvements enhance tracking stability.

3. Pig behaviors are categorized into “stand”, “lie”, “eat,” and “other”. Based on Rp-
Track’s more precise tracking results, it achieves more accurate pig behavior statistics.

RpTrack still has some limitations, as follows:

1. The improved trajectory management is sensitive to the hyperparameter K. Different
values of K are used in different tracking environments to achieve better tracking
results, and as K is larger, more computation is required (Section 3.6.1).

2. BIoU still has mismatch problems due to the bounding box extension.
3. The work in this paper focuses on improvements to the tracker, and the problems that

would be faced by behavioral statistics are not studied in depth. Therefore, RpTrack
fails to deal with the effect of ID switches on the results of behavioral statistics, but
this is the direction of our future work.

The RpTrack method proposed in this paper effectively handles the challenges pre-
sented by irregular pig movements and uneven lighting in MOT of pigs. It demonstrates
outstanding performance in tracking stability, accuracy, and behavioral statistics, providing
support for research and applications in intelligent pig farming.
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Abstract
Accurate yield estimation of passion fruits is essential for planning acreage and harvest 
timing. However, due to the complexity of the natural environment and tracking instability, 
the existing yield estimation methods suffer from excessively large models that are dif-
ficult to deploy or repetitive counting of fruit. Therefore, an improved approach for effi-
cient passion fruit yield estimation was proposed using the lightweight YOLOv5s and 
improved DeepSORT. First, the video is fed into the proposed lightweight YOLOv5s 
called YOLOv5s-little to obtain coordinates and confidence information about the fruits 
within each frame. Then, the information obtained from the detection model is input into 
improved DeepSORT for continuous frame tracking of passion fruit. Considering the fre-
quent error IDs (ID switching), two improvements based on DeepSORT are proposed: 
delaying the creation of tracks and adding a second round of IoU matching. Finally, to 
overcome the problem of repetitive counting, a specific tracking counting method based 
on the track information and state is used for accurate passion fruit counting. Our method 
achieved a competitive result in tests. YOLOv5s-little detector achieved precision of 
98.9%, 98.3% recall, 99.5% mAP, and only 0.9MB model size. The improved DeepSORT 
algorithm achieved higher order tracking accuracy (HOTA) of 79.6%, multi-object tracking 
accuracy (MOTA) of 92.58%, identification F1 (IDF1) of 95.02%, and ID switch (IDSW) 
of 11 respectively. Compared with DeepSORT, it improved by 4.66%, 1.8%, and 9.16% in 
HOTA, MOTA and IDF1, respectively, and IDSW improved the most with 85%. Compared 
with FairMOT and TransTrack, the HOTA of YOLOv5s-little + improved DeepSORT 
achieved improvements of 11.56% and 25.24%, respectively. The statistical average count-
ing accuracy of our proposed counting method reaches 95.1%, which is a 7.09% improve-
ment over the maximum ID value counting method. The counting results from test vid-
eos are highly correlated with the manual counting results ( R2 = 0.96), indicating that the 
counting method has high accuracy and effectiveness. These results show that YOLOv5s-
little + improved DeepSORT can meet the practical needs of passion fruit yield estimation 
in real scenarios.

 *	 Yun Liang 
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China
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Introduction

Passion fruit is rich in nutritional and medicinal value, which is mainly cultivated in tropi-
cal and subtropical regions. It is an important local crop in South America with high eco-
nomic value (Bezerra et  al., 2019; Thokchom & Mandal, 2017). However, manual yield 
estimation of passion fruit is a laborious and time-consuming task. This presents chal-
lenges for farmers in planning cultivation areas, determining optimal harvest times, and 
devising sales strategies. Fortunately, recent advancements in computer vision technology 
have provided effective support in addressing this issue (He et al., 2022a, 2022b; Vasconez 
et al., 2020). An automatic counting system for passion fruits can be developed, enabling 
farmers to plan their production and marketing strategies more accurately and maximizing 
their profitability.

With the development of deep learning methods, many researchers have implemented 
fruit detection and counting with the help of deep learning-based object detection (Assun-
ção et al., 2022; Liu et al., 2017; Wang et al., 2022b). For example, Koirala et al. (2019) 
developed a new detection model called MangoYOLO based on the features of YOLOv2 
(tiny) and YOLOv3. Tu et al. (2020) were able to robustly detect small fruits of passion 
fruit by feeding RGB-D images into an improved multiple scale faster region-based con-
volutional neural networks (MS-FRCNN) based model. Qi et al. (2022) used YOLOv5 as 
a target detection model to detect the main stem of litchi in litchi images and obtain the 
accurate location information of the main stem picking point. Liu et al. (2023) proposed a 
method based on binocular stereo vision and an improved YOLOv3 model to detect pine-
apples, improved by the optimization of the backbone network and the use of the binocular 
camera to get the left and right images. The above methods are used to detect fruits in cap-
turing images for counting. However, the rapid development and widespread use of robots, 
mobile terminals, and smart devices in modern agriculture. Many detection models cannot 
be deployed on these devices due to limitations in calculating ability and storage capacity 
(He et al., 2022a, 2022b).

Therefore, model lightweight has become a trend in fruit detection. In particular, Zhou 
et al. (2020) used SSD with two lightweight backbones MobileNetV2 and InceptionV3 for 
kiwi detection in the field. Wang and He (2021) developed a small model size based on a 
channel-pruned YOLOv5s deep learning algorithm to accurately detect apple small fruit. 
Wang et  al., (2022a, 2022b) proposed an improved YOLOv5 model to detect litchi, the 
improved backbone network uses ShuffleNetV2, introduces the CBAM module in the fea-
ture fusion stage, and adjusts the input size to 1280 × 1280. Shen et al. (2023) obtained a 
lighter-weight YOLOv5s cluster detection model based on the channel pruning algorithm, 
and soft non-maximum suppression is introduced in the prediction stage to improve the 
detection performance of grape overlapping clusters. Inspired by the above studies, a light-
weight network based on YOLOv5 was designed according to the characteristics of passion 
fruit.

The input from object detection for counting fruits is images. These counting meth-
ods can only detect a portion of the fruits in that image, and each image has overlap-
ping parts. Therefore, these methods will inevitably double count, leading to inaccu-
rate results. To address the issue, most researchers use the multi-object tracking (MOT) 
technique to perform fruit counting (Egi et al., 2022; He et al., 2022a, 2022b; Liu et al., 
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2019). MOT locates targets in a video and assigns a unique ID to each object (Guo 
et al., 2022; Luo et al., 2021). For example, Gao et al. (2022) used a YOLOv4-tiny net-
work integrated with the CSR-DCF algorithm to count apples, which solved the prob-
lem of losing targets during the tracking process. Tan et al. (2022) used an optical flow-
based tracking method to estimate camera motions. The number of cotton seedlings was 
updated by comparing the positions of bounding boxes predicted by optical flow and 
detected by the YOLOv4 network in the same frame. Yang et al. (2022) used CenterNet 
to detect cotton seedlings, extract their identity embedding, and associate the data based 
on DeepSORT fused localization and identity information.

In addition, there have been studies combining segmentation and multi-objec-
tive tracking for fruit tracking. De Jong et  al. (2022) used MOTS architectures called 
TrackR-CNN and PointTrack and demonstrated the applicability of these methods for 
the joint detection of apples. Ariza-Sentís et al. (2023) applied the PointTrack algorithm 
for the detection and tracking of grape bunches and compared two instance segmenta-
tion algorithms (YOLACT and spatial embedding) to find the most suitable method for 
detecting grape bunches.

However, due to the complexity of the natural environment, there are frequent error 
IDs during the tracking process, leading to double counting. Regarding this issue, many 
researchers have already conducted studies on it. For example, Zhang et al. (2022) pro-
posed OrangeSort to establish a specific tracking region counting strategy and track-
ing algorithm based on motion displacement estimation, aiming to alleviate the dou-
ble counting problem associated with shaded fruits. Ge et al. (2022) obtained tracking 
results and used OpenCV to create a virtual counting line to count tomatoes. Rong et al. 
(2023) designed a specific tracking region counting method to overcome the problem of 
tracked tomato cluster IDs. Since passion fruits are often partially obscured by leaves or 
other fruits as they grow, and some of them are small, this can cause them to be easily 
missed. If the fruit is missed for a long time, it may lose its original ID and be re-iden-
tified as a new ID. This will cause duplicate counting problems in subsequent counting 
tasks. However, Current solutions are complex and not well suited to the problem of 
tracking passion fruit. Therefore, we design a method to alleviate frequent error IDs.

In addition to the challenges of models that are too large to deploy and frequent error 
IDs, we found that the currently proposed counting methods suffer from significant 
errors or cumbersome processes. Presently, the widely adopted approach is to use the 
maximum ID value generated by DeepSORT as the predicted value. While easily obtain-
able, the maximum ID often deviates significantly from manual counts. To address this 
issue, some studies have introduced alternative methods. Parico and Ahamed (2021) 
compared the ROI method with the maximum ID way. The ROI method counts fruits by 
crossing a line horizontally. Tests have shown that this method brings predicted counts 
closer to manual counts. Although the count line method has a high accuracy rate, it 
requires additional steps to be performed after tracking.

To address these challenges mentioned above, we have proposed an improved pas-
sion fruit yield estimation method based on YOLOv5s and DeepSORT. The specific 
improvements we have made are as follows:

(1)	 A lightweight network based on YOLOv5s is designed.
(2)	 We have introduced a delaying the creation of tracks method to avoid frequent error 

IDs and added a second round of IoU matching to improve tracking accuracy.
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(3)	 We have proposed a convenient counting method based on track state and track infor-
mation. We ensure that the estimated values are closer to the actual values and simplify 
the counting process by counting the fruits during the process of track creation and 
deletion.

Materials and methods

Dataset description

The videos used in the experiment were obtained in passion fruit plantations in Heyuan 
City, Guangdong Province, China, and Huadu District, Guangzhou City, China. The rea-
son for choosing these two locations is that they represent typical characteristics of pas-
sion fruit cultivation. Both selected data collection sites are large passion fruit plantations 
using the widely used pergola cultivation technique. The video capture device was a cell 
phone (Huawei Mate30), and the horizontal shot was used. The distance between the cap-
ture device and the passion fruit was kept at 5–8 m in order to effectively capture multi-
ple passion fruit plants and to ensure the passion fruit in the video is at the right size. In 
this acquisition, a total of 12 videos were captured, each video was about 15 s in length. 
The videos were stored in MP4 format with a frame rate of 25 fps and a resolution of 
1280 × 720. Figure 1 illustrates a partial dataset.

The dataset processing mainly includes video annotation, video cropping into images, 
and data augmentation. The following are the specific steps:

(1)	 The videos of 15s with dense fruit content were chosen as the dataset. The length of 
the videos ensures that each video shows a portion of the characteristics of the passion 
fruit orchard and meets the criteria for fruit-densely (videos with 10 or more fruits). 
Then, each video was cut using FFmpeg software, and the captured videos were labeled 

Fig. 1   Part of the dataset
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using DrakLabel software. All the passion fruits in each frame image are annotated 
and each passion fruit is given a unique ID. Figure 2 shows an annotated image of the 
video.

(2)	 After labeling the video, the videos were converted into image frames. A total of 1 287 
image frames were obtained. These images were used for the training of YOLOv5 with 
DeepSORT. Additionally, a Python script was employed to transform the annotated 
files into txt files suitable for detection (COCO dataset) and reidentification (ReID) 
data suitable for DeepSORT. All image frames are randomly divided into training set, 
validation, and test set in the ratio of 7:1:2(900:130:257).

(3)	 When performing data augmentation on the original image for the training set, we 
perform the following steps, including randomly adjusting brightness and contrast, 
adding Gaussian noise, and cropping the image. Finally, the original 900 images used 
for YOLOv5 training were expanded to 1800 images.

Fig. 2   Annotated images of video sequence

Improved DeepSORT
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Track 
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Fig. 3   Passion fruit yield estimation tracking flowchart
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Method process and flow chart

Figure 3 illustrates the flowchart detailing the passion fruit yield estimation algorithm. The 
algorithm encompasses three main steps, each serving a crucial role in the overall process.

Object Detection using YOLOv5s-little: A lightweight detector named YOLOv5s-little 
is used to detect each passion fruit and obtain its detection box and confidence in each 
frame of the video.

Tracking with Improved DeepSORT: Information from the detector is imported into the 
improved DeepSORT algorithm to achieve accurate tracking of each passion fruit in the 
current frame and the next frame. To avoid error frequent IDs and improve tracking accu-
racy, two strategies in the improved DeepSORT are introduced: delaying the creation of 
track and adding the second round of IoU matching.

Passion Fruit Yield Estimation: The counting module completes passion fruit yield esti-
mation according to track information and track state. The output includes the results of the 
MOT sequences and the passion fruit yield estimation.

YOLOv5s, YOLOv5s‑2level and YOLOv5s‑little detection network

As one of the most widely used one-stage object detection algorithms, YOLO has been widely 
applied in industry and agriculture due to its outstanding performance and fast detection speed 
(Bochkovskiy et al., 2020; Redmon & Farhadi, 2018). YOLOv5 was developed by Ultralytics 
and released in June 2020 as an upgrade to the YOLOv4 model. Compared to the structures 
of YOLOv3 and YOLOv4, YOLOv5 has been further optimized to enable fast and accurate 
object detection. In addition, YOLOv5’s tractable network architecture allows for further opti-
mization and enhancement, while also being conducive to use with other multi-target tracking 
algorithms. The YOLOv5 series includes four versions, YOLOv5s, YOLOv5m, YOLOv5x, 
and YOLOv5xl, which vary in network depth and width. YOLOv5s was chosen as the detector 
for improvement because it can balance the requirements of speed and accuracy.

Two improved YOLOv5 detection networks for passion fruit targets are proposed, the 
two-layer (YOLOv5s-2Level) and the lightweight network (YOLOv5s-little). YOLOv5s-
little adopts the same structure as YOLOv5s-2Level. The network architecture of YOLOv5s 
and YOLOv5s-2Level is shown in Fig. 4. As the targets of passion fruit in video tracking are 
generally small, the YOLOv5s model has little impact on the accuracy of fruit detection in 
high-level feature maps for large targets, and it consumes more detection time. Therefore, 
YOLOv5s-2Level mainly removes the P5 layer in the YOLOv5s model. Since passion fruits 
are usually round and have little shape variation, based on YOLOv5s-2Level, YOLOv5s-little 

P4

P5

P3

FPN

PAN

(a) YOLOV5s

Downsample Upsample Keep Resolution

P4

P3

FPN
PAN

(b) YOLOV5s-2level

Downsample Upsample Keep Resolution

Fig. 4   Network structure of YOLOv5s and YOLOv5-2level
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further decreases model parameters, compresses network depth and width, and reduces the 
number of anchor boxes to shrink the model size, making it less than one-tenth the size of the 
YOLOv5s model while maintaining fast detection speed and good detection accuracy.

Improved deepSORT for passion fruit yield estimation model

The DeepSORT algorithm is an improved algorithm based on the SORT algorithm (Wojke et al., 
2017). The SORT algorithm consists of three parts, Kalman filtering, the Hungarian matching 
algorithm, and track management (Bewley et al., 2016). The algorithm first uses Kalman filtering 
(KF) to predict the position of each detected target. Then a data association algorithm is used to 
associate the tracked targets with their detection results in consecutive frames. Finally, tracks on 
matches are updated, tracks that are no longer detected are deleted, and new tracks are created 
for unmatched objects. On top of the SORT, DeepSORT uses a convolutional neural network 
to extract the features of the target and employs appearance similarity for data association. This 
enhances the precision and robustness of multi-object tracking, particularly in complex scenarios.

Figure 5 shows the flowchart of the improved DeepSORT algorithm. The specific track-
ing process is as follows:

(1)	 First, cascade matching is performed between the detection results and the confirmed 
state track predicted by the KF. The Hungarian matching algorithm is used to match the 
previous tracks with the current detection boxes by solving the cost matrix of motion 
and appearance information.

(2)	 For unmatched detection boxes, unmatched tracks, and unconfirmed tracks, the algo-
rithm uses first round of IoU matching to complete trajectory tracking using the Hun-
garian algorithm.

(3)	 The second round of IoU matching is performed to match the unmatched tracks and 
detection boxes from the first round of IoU matching. If an unmatched detection sat-
isfies the track creation condition, a track is created. If an unmatched track satisfies 
the deletion condition, the track is deleted. If an unmatched track does not satisfy the 
deletion condition, it continues to participate in the next round of matching.

(4)	 After all matching in the current frame is completed, the KF update is performed on 
the matched tracks.

Detections Casacde
Matching

First IOU
Matching

Second IOU
Matching

Satisfy the 
generation 
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Tracks
Kalman Filter

Predict

Confirmed
Tracks

Unconfirmed
Tracks
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Fig. 5   Flow chart of the tracking process of the improved DeepSORT
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Two improvements to DeepSORT (as shown in Fig. 5) are proposed to address the prob-
lems encountered in passion fruit tracking, namely delaying the creation of tracks and the 
second round of IoU matching. They are described below:

(1)	 Delaying the creation of tracks
	   Due to the mutual occlusion between fruits and the similarity in color between imma-

ture fruits and leaves, it is easy to cause false detection of fruits, leading to frequent 
IDs. Figure 6 displays the frequent IDs of passion fruit in real-life scenarios. In Fig. 6a, 
the highest ID shown is 47, whereas the manual annotation for this frame indicates 
27. Similarly, in Fig. 6b, the highest ID is 21, but the manual annotation indicates 19. 
After many experiments, we find that frequent error IDs occur mainly in the central 
region and the border region. The reasons for this include two points. First, fruits in the 
central region lose their original ID due to feature significant changes (e.g., illumina-
tion, shape, occlusion, etc.) and are assigned a new ID. Second, leaves and stems in 
the border region are easily error detected as fruits, leading to error frequent IDs.

	   Therefore, we propose a method for the creation of tracks to limit the increase in fruit 
ID in the central and boundary regions. This method is shown as improvement 1 in Fig. 5. 
Specifically, in Fig. 7, the inner red area is the central area, and the outer red area is the 
boundary area. New tracks can only be created in the red area, not in the center area or the 
boundary area. During the experiment, we use the two values of coordinates of the bound-
ing box (BB) and the resolution of the current frame to determine whether the bounding 
box is in the central region or the boundary region. After the third frame, if the unmatched 
detection is in the central area or the boundary area, no track is allowed to be created, 

Fig. 6   Illustration of passion fruit frequent IDs

Fig. 7   Area map allowing crea-
tion of tracks



Precision Agriculture	

1 3

otherwise a track is created and given an ID. The boundary value is set according to the 
size of the fruit (set 25 in this paper). The detailed steps are described in Algorithm 1.

Algorithm 1 The creation of track
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(2)	 The second round of IoU matching
	   Due to delaying the creation of tracks, new tracks cannot be created in either the cen-

tral region or the boundary region. If a track in these regions fails to match new detec-
tion boxes multiple times, the track is then deleted. In addition, no new tracks could 
be created for fruits in these regions, leading to missed detections. Therefore, we add 
the second round of IoU matching to achieve better results in associating unmatched 
detections with tracks that were not matched in the first two rounds of matching.

Yield estimation algorithm

The maximum ID value generated based on DeepSORT can be used to predict the number 
of passion fruits, and the maximum ID value counting method (MAX-IDVC) is commonly 
used. However, the predicted count from MAX-IDVC exceeds the actual count. The single 
line counting method, which counts fruits by tracking them as they cross a line horizon-
tally, can solve the repetition counting problem. But it needs to be counted after each frame 
of tracking, which is a rather cumbersome process. Our proposed method estimates the 
yield of fruits based on the track information and state during the track management pro-
cess. This method not only resolves duplicate counting problems but also simplifies opera-
tions. This yield estimation algorithm is shown as improvement 1 in Fig. 6.

The passion fruit yield count of each video is set as Total. The yield count is estimated 
in three cases based on track information and track state, specifically as shown in Eq. 1. 
Total is added by 1 If there is a creation of the track. The total is subtracted by 1 for the 
unmatched track state is tentative. The total remains unchanged if the number of recent KF 
update (time-since-update) parameters of the track is greater than 30.

Experiment and result analysis

Implementation details

The experiments for estimating the passion fruit yield in this study are divided into three 
parts: 

•	 YOLOv5s, YOLOv5s-2level, and YOLOv5s-little models were used to detect passion 
fruit.

•	 Based on the YOLOv5s-little model, passion fruit was tracked using DeepSORT and 
the improved DeepSORT.

•	 Based on YOLOv5s-little and the improved DeepSORT, MAX-IDVC, and our counting 
method were used to count passion fruits.

For the detection experiment, 4000 images with data augmentation were used for model 
training. The original resolution of the images was 1280  ×  720 pixels, but it was com-
pressed to 640 × 640 pixels after input preprocessing. In the training process, a pre-trained 

(1)Total =

⎧
⎪
⎨
⎪
⎩

Total + 1 if a creation of track

Total − 1 if unmatched track state is tentative

Total if track’s time-since-update > 30

⎫
⎪
⎬
⎪
⎭
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model was not used, and the optimizer was set to SGD. The learning rate, batch size, and 
epoch were set to 0.01, 32, and 200, respectively.

Twelve annotated videos were used, with three videos used for tracking testing and the 
remaining nine videos used for ReID training. The target dataset for ReID training con-
tained 198 passion fruits. The number of images per passion fruit was increased to around 
250 through data augmentation. The ratio of the training set to the test set was set at 4:1.

For the tracking experiment, three videos with 28, 42, and 19 passion fruits, respec-
tively, were used, covering both sparse and dense scenes. The max_IoU_distance threshold 
was set to 0.7, while other parameters were kept at their default values.

Evaluation metrics

In this section, we have chosen metrics because of their widespread use and comprehensive 
nature, which allows for effective comparisons with other studies and ensures the cred-
ibility and comparability of our research. The evaluation metrics used in each of the three 
experiments are described below.

The object detection section was evaluated using precision (P), recall (R), mean aver-
age precision (mAP), run time, and model size for YOLOv5s, YOLOv5s-2Level, and 
YOLOv5s-little (Padilla et al., 2020). Among them, P, R and, mAP reflect the overall per-
formance of the detector, and the higher the value, the better the performance. The running 
time and model size reflect the lightness of the detector, and the lower the value, the higher 
the lightness.

The multi-object tracking part uses higher order tracking accuracy (HOTA), multiple 
object tracking accuracy (MOTA), identification F1 (IDF1), ID switch (IDSW) for Deep-
SORT and the improved DeepSORT is evaluated comprehensively (Luiten et  al., 2021). 
Among them, HOTA, MOTA, IDF1, and IDSW are important to reflect the performance 
of the tracking algorithm, the higher the value of HOTA, MOTA, and IDF1, the better the 
performance, and the smaller the value of IDSW, the better the performance.

The counting part uses counting accuracy and Statistical average counting accuracy 
(Rong et al., 2023) to evaluate the counting method. The higher the value of these two met-
rics, the closer the predicted value of the counting method is to the true value.

The detection results of YOLOv5s, YOLOv5s‑2Level, and YOLOv5s‑little

Table  1 displayed the evaluation results of the YOLOv5s, YOLOv5s-2Level, and 
YOLOv5s-little detectors. The main difference in precision between the three models is 
reflected in the values of mAP@0.5:0.95. And the mAP@0.5:0.95 values for YOLOv5s-
2Level and YOLOv5s-little were 0.856 and 0.782, respectively, representing a decrease of 
1.4% and 8.8% compared to the original YOLOv5s model. Furthermore, the detection time 

Table 1   Detection results of YOLOv5s, YOLOv5s-2Level, and YOLOv5s-little

P/% R/% mAP@0.5/% mAP@0.5:0.95/% Time/s Size/MB

YOLOv5s 99.1 98.8 99.8 87 0.0127 14.4
YOLOv5s-2Level 98.7 99.6 99.8 85.6 0.0097 3.4
YOLOv5s-little 98.9 98.3 99.5 78.2 0.0079 0.9
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per image for YOLOv5s-2Level and YOLOv5s-little models were 0.0097 s and 0.0079 s, 
respectively, resulting in a speed improvement of 30% and 60%. With a size of less than 
1MB, the YOLOv5s-little model was more suitable for online, real-time applications and 
portable devices than the YOLOv5s and YOLOv5s-2Level. Considering detection speed, 
precision, and model size, the YOLOv5s-little model was chosen as detector for the later 
tracking experiments.

Figure 8 showed the detection results for YOLOv5s and YOLOv5s-little under sparse 
(in the left column of Fig. 8) and dense scene (in the right column of Fig. 8). In the former, 
nine fruits were present in the original image, and both YOLOv5s and YOLOv5s-little suc-
cessfully detected them. In the latter, the original image contained twenty fruits, and both 
models also detected all of them with equal accuracy. Taken together, these results demon-
strated the robust detection capability of both YOLOv5s and YOLOv5s-little across diverse 
scene densities.

(a) Original images in sparsely-fruited scenes.
Ground labeled result : 9

(b) Original images in densely-fruited scenes.
Ground labeled result : 20

(c) Detection map of YOLOv5s in 
sparsely-fruited scenes.

Detection result : 9

(d) Detection map of YOLOv5s in 
densely-fruited scenes.

Detection result : 20

(e) Detection map of YOLOv5s-little in 
sparsely-fruited scenes.

Detection result : 9

(f) Detection map of YOLOv5s-little in 
densely-fruited scenes.
Detection result : 20

Fig. 8   The detection results of YOLOv5s and YOLOv5s-little in different scenes
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The tracking results of improved and original DeepSORT Based on YOLOv5s‑little

The comparison results between the improved and original DeepSORT tracking algo-
rithms based on YOLOv5s-little were presented in Table  2. The average or total of 
each evaluation metric in all test videos is labeled in bold. Five metrics mentioned in 
Sect.  3.2 were used to evaluate the tracking performance. The values of the HOTA, 
MOTA, IDF1, and IDSW indicators were 74.94%, 90.78%, 85.86%, and 76, respec-
tively using the original DeepSORT, while they were 79.6%, 92.58%, 95.02%, and 11, 
respectively using the improved DeepSORT. The improved DeepSORT showed excel-
lent performance in the first four indicators, with improvements of 4.66%, 1.8%, 9.16%, 
and 85% in HOTA, MOTA, IDF1, and IDSW, respectively, compared to the original 
algorithm. The improvement in IDSW was most significant, effectively reducing the 
problem of frequent IDs. This was very helpful for subsequent fruit-counting tasks and 
would lead to more accurate fruit-counting results, thus improving the efficiency and 
accuracy of crop management. Despite using IOU matching one more time than the 
original, the tracking speed of the improved DeepSORT did not decrease significantly. 
In conclusion, the improved DeepSORT showed significant improvements in both track-
ing stability and accuracy.

Figures 9 and 10 showed the tracking results of test videos 02 and 03 using the origi-
nal and improved DeepSORT. Both videos had 100 frames. Test video 02 contained 19 
fruits which were sparsely distributed, and video sequences were captured from right 
to left. Test video 3 contained 42 fruits which are densely distributed, while video 03 
sequences were captured from right to left.

In Fig.  9a and c, the highest ID value by the original DeepSORT was 14, while 
the maximum ID value by the improved DeepSORT was 10. The original DeepSORT 
showed discontinuity in ID in the 50th frame, while the ID value by the improved Deep-
SORT remained continuous. In Fig. 9b and d, the maximum ID value by the improved 
DeepSORT was 19, while the maximum ID value by the original DeepSORT was 26. 
The maximum ID value by the original DeepSORT differed from the actual number of 
fruits by 7 units, while the improved DeepSORT was closer to the actual situation.

In Fig.  10a and c, the maximum ID value of the original DeepSORT reached 65, 
which exceeded the ground truth count significantly. However, the maximum ID value 
of the improved DeepSORT was 40, which was close to the ground truth count (equal to 
42). In Fig. 10b and d, the maximum ID value of the original DeepSORT was 89, which 
was more than twice the ground truth count, while the maximum ID of the improved 

Table 2   Tracking results of improved and original DeepSORT Based on YOLOv5s-little

Method Test video HOTA/%↑ MOTA/%↑ IDF1/%↑ IDSW↓ FPS 
(
f ⋅ s−1

)
↑

Original DeepSORT 01 83.42 96.24 97.06 4 35
02 66.53 87.58 75.05 71 52
03 79.72 88.52 94.08 1 27
All 74.94 90.78 85.86 76 38

Improved DeepSORT 01 84.25 96.73 98.27 2 33
02 75.57 90.29 92.58 9 52
03 80.69 90.46 95.25 0 28
All 79.6 92.58 95.02 11 38

https://cs231n.github.io/linear-classify/#softmax
https://cs231n.github.io/linear-classify/#softmax
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DeepSORT was 43, which was also close to the ground truth count. In conclusion, the 
improved DeepSORT can effectively solve the problem of frequent IDs in fruit sparse 
and dense scenarios.

(a) Original DeepSORT, Frame 50

(c) Improved DeepSORT, Frame 50

(b) Original DeepSORT, Frame 100

(d) Improved DeepSORT, Frame 100

Fig. 9   The tracking results of original and improved DeepSORT of test 02

(a) Original DeepSORT, Frame 50

(c) Improved DeepSORT, Frame 50

(b) Original DeepSORT, Frame 100

(d) Improved DeepSORT, Frame 100

Fig. 10   The tracking results of original and improved DeepSORT of test 03
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Evaluation of counting method

The comparison experiments between the MAX-IDVC approach and our counting method 
were shown in Fig. 11. The x-axis in Fig. 11 represented the video number, and the y-axis 
represented the fruit counts. The blue bars represented the ground truth of the fruit count 
value, while the red bars represented the fruit count values between the two methods 
including the MAX-IDVC approach and our counting method. The counting accuracy per-
centage values were shown above each bar.

According to the results of Fig. 11, our counting method achieved higher counting accu-
racy than that of the MAX-IDVC method for most videos. In Fig. 11a, the lowest counting 
accuracy achieved by the MAX-IDVC method is 52.4%, while the highest counting accu-
racy was 94.7%. In Fig. 11b, our counting method achieved the lowest counting accuracy 
of 76.2% and the highest counting accuracy of 100%. Statistical average counting accuracy 
using the MAX-IDVC method was 86.19%, while statistical average counting accuracy 
using our counting method was 93.28%. Therefore, our counting method can achieve better 
result than that of the MAX-IDVC method.

The regression curves between the predicted values and the ground truth count between 
the maximum ID value counting and the proposed methods were shown in Fig. 12. Fig-
ure  12a displayed the regression curve between the maximum ID value and the ground 
truth count, while Fig.  12b showed the regression curve between the proposed method 
count value and the ground truth count. The R2 value of the regression curve between the 
maximum ID value and the ground truth count was 0.9419, while the R2 value of the pro-
posed method was 0.9633, which was higher than that of the maximum ID value regression 
curve. In addition, the slope of the regression curve of the proposed method was closer to 1 
than that of the maximum ID value. In conclusion, the proposed method was more accurate 
in predicting the passion fruit yield.

Comparison with other MOT method

FairMOT and TransTrack were chosen for comparison with lightweight YOLOv5s-little 
and improved DeepSORT. FairMOT (Zhang et  al., 2021) consists of two homogeneous 
branches—one for predicting pixel-level object scores and the other for re-ID features. This 

(a) (b)

Fig. 11   The counting results of the ground truth and the predicted value. a The MAX-IDVC method. b Our 
counting method
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algorithm addresses the fairness issue between these two tasks and achieves high levels of 
detection and tracking accuracy. On the other hand, TransTrack (Sun et al., 2020) estab-
lishes a new joint detection and tracking paradigm. TransTrack fully leverages the advan-
tages of transformer architecture to achieve object detection and object association in a 
single shot.

Table 3 shows the comparison of experimental results using our method with FairMOT 
and TransTrack tracking methods. The best value for each metric is shown in bold. Our 
method performs the best on four metrics of MOT. Specifically, the HOTA, MOTA, IDF1, 
and IDSW values of our approach were 79.6%, 92.58%, 95.02%, and 11, respectively. 
Compared to the FairMOT method, our method improved by 11.56% for HOTA, 7.91% 
for MOTA, and 19.29% for IDF1, while reducing IDSW by 269. Compared to TransTrack, 
our method achieved significant improvements of 25.24% for HOTA, 37.22% for MOTA, 
and 23.67% for IDF1. Additionally, the IDSW values of TransTrack were 351 higher than 
that of our approach. These comparative results further validated the effectiveness of our 
method in reducing frequent errors in fruit IDs and improving the accuracy of yield estima-
tion algorithms.

Discussion

While existing fruit counting methods focus on clustered fruits (e.g., tomatoes, etc.), our 
study focuses on addressing the challenge of counting passion fruit individually. The char-
acteristics of passion fruit make it similar in color to leaves and occlusion by leaves. To 

(b)(a)

Fig. 12   The regression curve between the ground truth and the predicted value. a The MAX-IDVC method. 
b Our counting method

Table 3   The experimental 
results of comparison with other 
tracking methods

Method HOTA/%↑ MOTA/%↑ IDF1/%↑ IDSW↓

YOLOv5s-
little + Improved 
DeepSORT

79.60 92.58 95.02 11

FairMOT 68.04 84.67 75.73 280
TransTrack 54.36 55.36 71.35 351
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address these challenges, three key improvements for passion fruit counting are proposed: 
model lightweighting, delaying the creation of track and adding a second round of IoU 
matching to enhance tracking stability, and a counting method based on track informa-
tion and track state. Our study shows that with these improvements, our proposed method 
makes significant progress in terms of model lightweight, tracking stability, and counting 
accuracy.

First, the YOLOv5s detection model is replaced by a lightweight detector named 
YOLOv5s-little. In the test set, YOLOv5s-little can effectively detect passion fruit in dense 
or sparse scenes, and the size of the model is only 0.9 MB. Compared to the lightweight 
networks such as MobileNet or ShuffleNet (Wang et al., ) based on YOLOv5s, the model 
of the proposed YOLOv5s-little is smaller in size. While the YOLOv5s-little performs well 
in that scene, it may not perform well when faced with different lighting or angle changes 
in different scenes. This may pose a challenge to its application in a wide range of scenes.

Second, we delay the creation of tracks and add the second round of IoU matching dur-
ing passion fruit tracking, effectively reducing the frequent error IDs. Table 4 shows the 
results of the ablation study for the tracking improvement method. The best value for each 
metric is shown in bold. The original tracker achieved the HOTA of 74.94%, MOTA of 
90.78%, IDF1 of 85.86%, and IDSW of 76. The value of HOTA and MOTA using the 
second round of IoU matching increases by 2.89% and 1.68% compared with the original 
tracker, which indicates that adopting it can get better tracking performance. Delaying the 
creation of tracks and the second round of IoU matching can further decrease the IDSW 
to 11. At the same time, the values of HOTA, MOTA, and IDF1 can also be enhanced 
by 4.66%,1.8%, and 9.16% compared with the original one (Table 4 first row). Therefore, 
by reducing IDs and improving tracking performance, the improved DeepSORT can con-
sistently track passion fruit in videos. These enhancements significantly contribute to the 
accuracy improvement in subsequent counting results. However, when the restricted area is 
set unreasonably, it limits the generation of new tracks within that area, which might lead 
to missed detections. Therefore, considering the characteristics of different scenarios, it’s 
necessary to adjust the restricted area based on the characteristics of different scenes.

Finally, when using DeepSORT to track each passion fruit, calculating the total number 
of passion fruits directly based on the maximum ID value leads to inaccurate counting. To 
solve this problem, a counting method based on track information and track state is pro-
posed to overcome the double counting problem, and the number of passion fruits using 
our method is close to manual counting.

The different classes of MOT algorithms currently available all have their own char-
acteristics. For example, FairMOT has higher computational efficiency and is able to 
perform target tracking in real time, but its performance may be poor in complex sce-
narios. TransTrack is capable of handling large-scale target sets based on Transformer, 
it may face computational complexity and speed challenges and is not applicable in real 

Table 4   Ablation study of tracking improvement

Delaying the creation 
of tracks

The second round of 
IoU matching

HOTA↑ MOTA↑ IDF1↑ IDSW↓

74.94 90.78 85.86 76
√ 74.87 86.52 87.94 29

√ 77.83 92.46 91.30 33
√ √ 79.60 92.58 95.02 11
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production environments. Compared to these two tracking algorithms, the proposed 
improved DeepSORT offers an improvement in tracking accuracy while satisfying better 
real-time performance and can be adapted for use in practical applications.

When estimating the passion fruit yield, there are two key challenges in video data 
collection. Firstly, rapid movement of the camera can result in blurred images, making 
it difficult to capture and detect the fruits. Hence, stabilizing the camera is necessary to 
ensure accurate fruit detection. Secondly, shooting toward sunlight can result in exces-
sively dark footage, affecting image quality. To better track the fruits, video capture 
should avoid shooting toward sunlight.

In passion fruit yield estimation, it is difficult to fully consider agricultural expertise 
and specific environmental factors using only machine learning models. In subsequent 
studies, incorporating human expertise into machine learning processes, such as inte-
grating the experience of agricultural experts, can significantly improve the accuracy 
and interpretability of prediction results (Holzinger et al., 2022). This approach not only 
provides yield-related data, but also delves into the factors that influence plant growth 
stages, including soil conditions, climate change, and plant pests and diseases. Such 
insights help to identify the true causality behind yield fluctuations, providing farmers 
with more targeted support and decision-making advice.

Conclusion

This study presents a method for estimating passion fruit yield by combining the light-
weight YOLOv5s-little detector and an improved DeepSORT algorithm. By adopt-
ing a lightweight detection network and multi-object tracking techniques, our method 
achieves accurate passion fruit counting in natural environments. The YOLOv5s-little 
detector demonstrates excellent performance with 98.9% precision, 98.3% recall, and 
99.5% mAP@0.5, while the model size is only 0.9MB. The improved DeepSORT algo-
rithm achieves HOTA of 79.6%, MOTA of 92.58%, IDF1 of 95.02%, and IDSW of 11 
respectively. A specific counting method based on track information and track state 
is proposed to overcome the issue of double counting, achieving a statistical average 
counting accuracy of 95.1%. And the counting results from test videos are highly cor-
related with the manual counting results ( R2 = 0.96).

The passion fruit yield estimation method proposed in this study will have a profound 
impact on the agricultural industry. Issues of model oversizing and double counting in 
existing methods have been successfully addressed, providing a more stable and real-
time means of yield estimation for agricultural production. In the future, further optimi-
zation of the model’s performance will be undertaken by considering additional factors 
in real-world planting scenarios, such as changes in light and fruit ripeness. Meanwhile, 
the integration of human expertise into the machine learning process is planned to 
enhance the accuracy and interpretability of prediction results.
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Abstract

The current instance segmentation method can achieve satisfactory results in common
scenarios. However, under the overlap or partial occlusion between targets caused by the
complex scenes, accurate segmentation of pigs remains a challenging task. To address the
problem, the authors propose an instance segmentation method based on Mask Scoring
region-based convolutional neural networks (R-CNN) (MS R-CNN), which creates the
adversarial network called MaskDis in the head branch of MS R-CNN. The MaskDis is
trained as a discriminator using a generative adversarial network, and the MS R-CNN
model is used as a generator during model training. The adversarial training enables the
generator to learn context information and features at the pixel level, which effectively
improves the segmentation quality under pigs’ overlapping or dense occlusions scenes.
Experimental conducted on the pig object segmentation dataset show that the proposed
approach achieves a precision of 92.03%, a recall of 92.18%, and an F1 score of 0.9210.
Compared with the basic MS R-CNN model, the approach achieved a 2.25% improvement
in precision and 1.18% improvement in F1 score. Furthermore, the improved approach
outperformed advanced instance segmentation methods such as YOLACT, Swin Trans-
former, YOLOv5-seg, and SOLOv2 on COCO evaluation metrics. These experimental
results demonstrate the effectiveness of the proposed approach in instance segmenta-
tion of pigs in complex scenes, providing technical support for non-contact pig automatic
management.

1 INTRODUCTION

The pig farming industry plays an important role in the national
economy, and the main direction of the pig farming industry is
large-scale and intelligent pig farming. In large-scale intelligent
pig breeding, accurate and timely collection of phenotype
information for controlling pig growth is the key technology
for precision farming [1–3]. Observing animals on an indi-
vidual level to assess their health and welfare is necessary.
However, on a real-world commercial farm, observing pig
contour information by humans is impractical, and subjective
human observation can lead to errors [4]. Techniques based
on deep learning have been adopted in the last few years,
achieving excellent performance in many fields, image inpaint-
ing, natural language processing, and so on [5–7]. There have

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited and is not used for commercial purposes.
© 2023 The Authors. IET Image Processing published by John Wiley & Sons Ltd on behalf of The Institution of Engineering and Technology.

been successful uses of deep learning algorithms for acquir-
ing pig information, providing an efficient, contactless, and
non-destructive intelligent method [8–10]. However, objective
factors in the pig farm environment, such as light fluctuations,
high similarity, and pig adhesion, result in decreased accuracy
of detection and segmentation, which fails to meet practical
applications in pig farming. Therefore, designing and devel-
oping an accurate and efficient segmentation algorithm for
large-scale and intelligent pig farming is important. The ability
to automatically detect and segment the contour of individual
pigs can assist in the early detection of potential health or
welfare problems without the need for human observation.

Due to the development of deep learning technology, the
performance of instance segmentation has been significantly
improved. The classical methods rely on object detectors, such
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as Faster region-based convolutional neural networks (R-CNN)
[11] by detecting objects, obtaining bounding boxes, and then
extracting region features for pixel-wise segmentation using
techniques like RoIPooling or RoI-Align. Mask R-CNN [12]
is a representative instance segmentation algorithm that adds
a mask branch on the Faster R-CNN to predict the mask of
the object. Mask Scoring R-CNN [13] modifies the scoring
strategy for mask segmentation based on Mask R-CNN and
Cascade R-CNN [14] progressively improves object localization
using cascade structure to achieve more accurate mask predic-
tion. In addition, a series of instance segmentation algorithms
are derived from the single-stage fully convolutional one-stage
object detection (FCOS) [15] as the target detection framework.
MEInst [16] and CondInst [17] extend FCOS by predicting the
encoding mask vector or mask kernel for dynamic convolution
[18]. These methods have achieved satisfactory performance in
instance segmentation and effectively promote the development
of instance segmentation. However, these methods encountered
boundary leakage issues, where they failed to properly segment
instances of individuals that overlapped within the same class,
and the resulting mask segmentation lacked smoothness in its
details.

Instance segmentation methods have been widely used in
livestock welfare analyses. For example, cattle instances were
segmented from real animal farms using these methods, achiev-
ing an average accuracy of 92% [19]. Mask R-CNN based on
a dual attention guided feature pyramid network was intro-
duced for instance segmentation of group-housed pigs [20],
effectively segmenting individual pigs and achieved an aver-
age precision (AP) of 93.1%. In addition, our previous study
applied Soft-NMS to Mask R-CNN for instance segmentation
of pigs with complex backgrounds [21], achieving a harmonic
average (F1) of 93.74%. Mask R-CNN combined with a sup-
port vector machine (SVM) classifier to identify individual cows
and achieved an accuracy of 98.67% for cows [22]. However,
the above methods do not consider the diversity of samples
and objective factors such as complex light variations, occlu-
sion, adhesion of pigs, and complex backgrounds. Moreover,
adversarial networks can be used to significantly improve the
performance of the model during training using automatic
annotation of samples, which can solve the problems of instance
segmentation mentioned above.

Adversarial networks [23] have become popular algorithm
because it is capable of learning data distributions without rely-
ing on annotations. And its performance can be significantly
improved if annotations are used in the training. Adversarial
networks were applied to semantic segmentation [24], which
detects and corrects higher-order inconsistencies between seg-
mentation maps generated by segmentation networks and the
ground truth (GT) segmentation maps. It had also been used
for the segmentation of medical images [25], overcoming the
limitation of classical adversarial network discriminators, which
provide a single scalar true/false output, by generating stable
and sufficient gradient feedback for the network. In addition,
adversarial networks have been applied to image in painting.
Repair network and optimization network (RNON) is an effi-
cient image in painting method consisting of two mutually

independent generative adversarial networks, with one network
functioning as an image in painting network and the other as
an image optimization network [26]. Therefore, it can be widely
used in many fields such as image segmentation [27, 28], image
classification [29, 30], and so on [31–33].

To address the issue of unsatisfactory segmentation perfor-
mance in scenarios involving pig overlapping and occlusions,
this paper proposed an instance segment network model com-
bining adversarial network named MaskDis with the basic MS
R-CNN model. Firstly, the MaskDis is used as a discriminator
and the mask head of MS R-CNN is used as a generator; they
are trained using an adversarial training approach. After adver-
sarial learning between the generator and the discriminator, the
generator can learn pixel-level, low-level, and mid-level features,
as well as context information for better segmentation perfor-
mance. Finally, adversarial training makes the prediction mask
close to the GT, resulting in improved segmentation quality in
complex scenarios.

For this paper, the main contributions are as follows: (1)
we proposed an improved instance segmentation algorithm
to enhance the segmentation quality by fusing the adversarial
network in the MS R-CNN model. (2) We designed an adver-
sarial network (MaskDis) model achieving better performance
of instance segmentation under pig overlapping and occluded
scenarios. (3) We completed experimental validation with a vari-
ety of advanced instance segmentation algorithms on the pig
segmentation dataset and proved that our method has better
segmentation performance.

2 METHODS

2.1 Overall framework of the instance
segmentation algorithm

The structure of MaskDis R-CNN (shown in Figure 1) includes
two components: MS R-CNN and MaskDis Head. The method
firstly extracted the feature maps from the input images using
a backbone network of ResNet-101and Feature Pyramid Net-
works (FPN), and the resulting feature maps are then fed to
the Region Proposal Network (RPN) to generate Region of
Interests (RoIs). Secondly, the RoiAlign layer fixed the ROIs to
the same size and then fed them to the Fully Connected lay-
ers (FC layers) used for classification and detection and Fully
Convolutional Network (FCN) used for segmentation. The pre-
diction mask, the image of individual pig, and the GT are
simultaneously fed into the adversarial network head (MaskDis
head) for adversarial training, and then back-propagated to the
generator(MS R-CNN) by the multiscale loss function.

The following subsections illustrate the process of the MS
R-CNN and MaskDis head model.

2.2 The basic framework of MS R-CNN

The basic framework of MS R-CNN consists of the following
four components:
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FIGURE 1 The structure of MaskDis R-CNN.

Backbone. ResNet-101 and FPN are a network struc-
ture designed for multi-scale feature extraction. The
ResNet-101 consists of multiple residual blocks, which
effectively reduces the number of parameters in the con-
volution process and prevents the degradation of the
network due to the increase in network depth. ResNet-
101 generates five different scale feature maps, which
are fed into the FPN. In FPN, the pre-processed images
are firstly extracted by the bottom-up forward process
to get feature maps of different scales, and then the fea-
ture maps P6 are firstly obtained by down-sampling, and
then the corresponding feature maps are fused by top-
down up-sampling to get multi-scale fused. The features
obtained by fusion have more robust semantic infor-
mation, and also effectively improve the speed and the
accuracy of detection.

Region Proposal Networks. RPN are efficient in gener-
ating regions of interest because of the advantages of
fast candidate region generation and low computational
cost, the input of RPN networks is the feature map
extracted from the backbone network, and the output is
a batch of candidate frames and region scores, enabling
end-to-end training. The anchor mechanism was used in
the RPN network. The anchor is in the form of a 3 × 3
sliding window (n = 3) over each layer of the input fea-
ture map, generating k region boxes of different sizes
and proportions at the centre of the sliding window.

Mask Head. The output of Mask Head includes clas-
sification prediction, bounding-box regression, and
instance segmentation mask prediction. The classifica-
tion branch and bounding-box regression branch share
the features extracted in the first stage, including pool-
ing the RoIs by RoIAlign, followed by extracting the
deep features of the RoI feature map by two FC layers,
after which they start to divide into two branches and
perform one full connection each and then output the
results. The principles of classification regression and
bounding-box regression are the same as those of classi-
fication and border regression in RPN. The RoI feature
map used in the segmentation branch of the example
is independent of the two branches mentioned above.
First, RoI is processed by RoIAlign to obtain a 14× 14×

256 RoI feature map, where 14 × 14 represents the pix-
els of the feature map and 256 represents the number of
channels of the feature map. Then after passing through
four convolutional layers comprising the FCN, one layer
of deconvolution, and one layer of convolution, the final
result of instance segmentation with a scale size of 28 ×
28 is generated.

MaskIoU Head. The input features of the head branch
of MaskIoU Head are obtained from Mask Head. Then,
the MaskIoU values are obtained through the calcula-
tion of four convolutional layers and three FC layers. In
the four convolutional layers, the first layer uses a con-
volutional kernel with a size of 3 × 3 × 257, and the
remaining three layers use convolutional kernels with a
size of 3 × 3 × 256. In the three FC layers, the out-
put of the first two layers is 1024, and the output of
the last layer is the number of categories (set to 2 in the
experiment).

2.3 MaskDis Head

Figure 2 shows the structure of the adversarial network of the
herd pigs instance segmentation model. The adversarial network
head branch, called MaskDis Head, is added to the MS R-CNN
model. And Mask Head is used as the generator and MaskDis
Head as the discriminator during model training.

Firstly, True/False samples are obtained by dot-multiplying
the true mask or the predicted mask with the RoI of the origi-
nal image, respectively. Then, these True/False samples are used
as input data and fed into the network for computation. The
input data consists of pixel-level information with dimensions
of 28 × 28 × 3. The output of the first layer has dimensions of
14 × 14 × 64, and the output of the second layer has dimen-
sions of 7 × 7 × 128. The network structure comprises two
convolutional layers, each with a 5 × 5 convolutional kernel
size, 64 and 128 channels, and a stride of 2. Finally, the pixel-
level features extracted from the first convolutional layer output,
and the features from the second convolutional layer are com-
bined to form a one-dimensional vector. Hierarchical features
are extracted from multiple layers of the MaskDis Head to com-
pute the multi-scale L1 loss. This loss effectively captures both
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FIGURE 2 The architecture of the MaskDis head.

ALGORITHM 1

Input: Truemask,RoI ,Predictionmask; Output: Loss

1. Truesample ← Truemask ⊗ RoI

2. Featuremap1_T ← Convolution_layer1(Truesample, (5, 5), 64, 2)

3. Featuremap2_T ← Convolution_layer2( featuremap1_T , (5, 5), 128, 2)

4. Fakesample ← Predictionmask ⊗ RoI

5. Featuremap1_P ← Convolution_layer1(Fakesample, (5, 5), 64, 2)

6. Featuremap2_P ← Convolution_layer2( featuremap1_P , (5, 5), 128, 2)

7. Loss ←
1

N

N∑
n=1

smoothL1loss ( fc (Truesample,Featuremap1_T ,

Featuremap2_T ), fc (Fakesample,Featuremap1_T ,Featuremap2_T ))

Return: Loss

long- and short-range spatial relations between pixels by uti-
lizing hierarchical features, including pixel-level, low-level, and
mid-level features.

The generator and discriminator networks are trained alter-
nately in an adversarial manner: the Mask Head is trained to
minimize the multi-scale L1 loss, while the MaskDis Head is
trained to maximize the same loss function. This adversarial
training improves the quality of segmentation as the generator
and discriminator learn pixel-level features, low-level features,
and mid-level features. The relevant pseudo-code is presented in
the table, and the improvements are described in Algorithm 1.

More details including number of feature maps used in each
convolutional layer can be found in Figure 2.

In MaskDis Head, the generator generates n predicted masks
denoted as xnand the corresponding original map RoI and true
masks denoted as rn and yn, respectively, and the Multi-Scale
Feature Loss function LDis is defined as

min
𝜃G

max
𝜃D

LDis (𝜃G , 𝜃D )

=
1
N

N∑
n=1

smoothL1loss

(
fc (rn · xn ) , fc (rn · yn )

)

(1)

𝜃G and 𝜃D represent the parameters for the generator and
the discriminator. rn∙xnis the result of the original map RoI and
the predicted mask dot product, and rn∙yn is the result of the
original map RoI and the GT mask dot product. The formula
smoothL1loss (Tpred , Tgt ) is defined as follows:

smoothL1loss

(
Tpred , Tgt

)

=

⎧⎪⎨⎪⎩
(Tpred − Tgt )2∕2, i f

|||Tpred − Tgt
||| < 1

|||Tpred − Tgt
||| − 1∕2, otherwise

(2)

In the pig instance segmentation algorithm for fusion adver-
sarial networks, the RoI head branch consists of three parts,
Mask Head, MaskIoU Head, and MaskDis Head. Lcls is the loss
value for classification regression, Lbox is the loss value for bor-
der regression, Lmask is the loss value for instance segmentation
generator, LIoU is the loss value for MaskIoU regression, and
LDis is the loss value for MaskDis Head regression. When train-
ing the mask generator, the loss function of the RoI branch is
defined as follows:

LRoI = Lcls + Lbox + Lmask + LIoU + LDis (3)

3 RESULTS AND DISCUSSION

In this section, MaskDis R-CNN is compared with Mask R-
CNN and MS R-CNN. In addition, it is evaluated in the
same experimental configuration: (1) comparison of experimen-
tal results in front and top views; (2) comparison of results
on COCO evaluation metrics; (3) comparison in segmentation
quality and scoring; and (4) comparison with other advanced
instance segmentation methods.

3.1 Experimental parameters and
evaluation indicators

A device configuration is established for the implementa-
tion of the proposed approach, which consists of Python 3.7
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FIGURE 3 Part of the dataset.

TABLE 1 distribution of the dataset.

Dataset Front view Top view Total

Train 105 75 180

Test 65 70 135

Total 170 145 315

software PyTorch running on a PC with AMD Ryzen5 2600X
and 3.00 GHz processor, 64 GB RAM and NVIDIA GeForce
RTX TITAN X GPU with 12GB GPU VRAM.

Experimental data were collected randomly over 10 days of
videos, containing 7 h of video per day, from 9:00 to 16:00 in the
‘Lejiazhuang Pig Farm’, Foshan City, Guangdong Province. And
they were recorded by FL3-U3-88S2C-C cameras. The experi-
mental data were saved in the audio video interleaved format
with a video frame rate of 25 fps. To obtain adequate and better
images, we focused on the five pens from the top and front view
angles. And the size of the pens was 7 m × 5 m × 3 m (m rep-
resents the unit of length), respectively, and the number of pigs
in each pen ranged from 3 to 20. Part of the training set and test
set data are shown in Figure 3.

After obtaining the video data, a total of 315 images were
selected according to a certain ratio, and these images were
divided into the train dataset and test dataset. The detailed infor-
mation of the dataset is shown in Table 1. In total, 180 images
were selected as the train dataset, including 105 images collected
by top view and 75 images by front view. And 135 images were
selected as the test dataset, including 65 images collected by
front view and 70 images by top view. Labelling the 315 images
with including 3423 pig objects cost about 135 person-hours.
Moreover, all animal experiments were conducted following
the guidelines provided by the Guangdong Provincial Labora-
tory Animal Welfare and Ethical Review Guidelines and were
approved by the Animal Welfare Committee of South China
Agricultural University (No: 2021F129).

Data pre-processing uses data augmentation, which includes
random horizontal flip, random brightness adjustment, ran-
dom contrast adjustment, random saturation adjustment, and
random hue adjustment. The Resnet-101 and FPN is used as
Backbone, where FPN uses layers 2 to 5 of the Resnet-101 net-
work, and the output of FPN has 256 channels. The number
of foregrounds retained after post-processing NMS is adjusted
in RPN, and its size is set to 1000. The learning rate is set to
0.0025, the epoch is set to 90, the batch size is set to 2, the scale
of degradation is 0.1, and the value of weight decay is set to
0.0001.

To analyze the quality of segmentation results, we used recall,
precision, F1 scores, and Precision-Recall (P-R) curves as eval-
uation metrics. AP is the area under the P-R curve and IoU is
the degree of overlap between the predicted bounding box and
the GT, which can be used to summarize the performance of an
object detection model.

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
(5)

F1 =
2 × Precision × Recall

Precision + Recall
(6)

AP =

1

∫
0

Precision ⋅ Recalldr (7)

IoU =
detection result ∩ ground truth
detection result ∪ ground truth

(8)

where True Positive (TP) is the number of pixels correctly
predicted to be pig category, False Positive (FP) is the num-
ber of pixels incorrectly predicted to be pig category, False
Negative (FN) is the number of pixels predicted to the pig cat-
egory as the background, and F1 is a comprehensive evaluation
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FIGURE 4 Comparison of training loss iteration curves of the model.

metrics of precision and recall rate. In our study, we adopted
the standard COCO style AP0.5:0.95 metric, which computes
the AP across various IoU thresholds ranging from 0.5 to 0.95
with an interval of 0.05. Additionally, we calculated the AP0.5
and AP0.75 metrics, which provide the AP values for different
IoU thresholds. Moreover, we computed AR0.5 and AR0.75,
representing the average recall (AR) values for different IoU
thresholds, and obtained the mean average recall (mAR) by aver-
aging the AR values at each IoU threshold. The IoU metric
serves to assess the accuracy of object detection by measuring
the overlap between the predicted bounding boxes and the GT.
It is computed as the area of overlap between the two boxes
divided by the area of their union.

3.2 Experimental results

The comparative training loss iteration curves of the three
instance segmentation models are shown in Figure 4. The blue,
green, and red curves are the segmentation mask loss values
of Mask R-CNN, MS R-CNN, and MaskDis R-CNN, respec-
tively. According to Figure 4, each curve starts to converge at
approximately 2000 iterations, after which the gap between the

loss values of the Mask R-CNN model and the MS R-CNN
model gradually decreases, while the gap between the loss val-
ues of both and MaskDis R-CNN model gradually increases.
In general, the loss value of the MaskDis R-CNN is relatively
small, indicating that the segmentation model of the fusion the
adversarial network convergence more easily.

Table 2 shows the statistics of image detection results and
comparisons. The number of pigs is the total of individual
pigs in the test dataset, the test number is the total of indi-
vidual pigs detected by the model, and the correct number is
the total of individual pigs correctly detected by the model in
the test number. The MaskDis R-CNN model detected a total
of 1204 group-housed pigs, of which 1108 pigs are correctly
detected, with a slight improvement in recall to 92.18%, preci-
sion increased by 2.25% to 92.03%, and F1 score increased by
0.0118 to 0.9210 when compared with the MS R-CNN model.
The model shows a larger improvement on the test set from the
front view, where the number of detections is 494, the num-
ber of correctly detected is 413. The F1 score increased by
2.56% to 84.63%. In the test set from the top view, the num-
ber of pigs detected is 710, the number of correct detections
is 695, the recall rate is 96.53%, the precision rate increased by
1.46% to 97.89%, and the F1 score increased only slightly. The
MaskDis R-CNN performs better in Precision and F1 values
than the MS R-CNN. Thus, the MaskDis R-CNN demonstrates
improvements in recall and precision, indicating an improved
segmentation quality compared to the Mask R-CNN and MS
R-CNN models.

The P-R curve (PR curve) of the three models is shown in
Figure 5, with an IoU threshold of 0.75 for the PR curve eval-
uation criterion. The blue line represents the PR curve of Mask
R-CNN, the red line represents the PR curve of MS R-CNN,
and the green line represents the PR curve of the MaskDis R-
CNN. Figure 5 shows that the green line is closest to the right
and covers the largest area, indicating better segmentation per-
formance. Based on the COCO evaluation metric, higher scores
for correctly detected results lead to a larger area under the PR
curve and higher average accuracy rates. The blue triangle in
Figure 5 represents the intersection point of the three curves.
To the left of the intersection point, the distance between the

TABLE 2 Statistics of image detection results and comparison.

Model Image type

Number

of pigs

Number

of tests

Number of

corrects

Recall

(%)

Precision

(%) F1 Time (s)

Mask R-CNN

Front view 482 608 423 87.76 69.57 0.7761

0.284Top view 720 707 690 96.83 97.60 0.9671

Total 1202 1315 1113 92.60 84.64 0.8844

MS R-CNN

Front view 482 505 405 84.02 80.20 0.8207

0.286Top view 720 728 702 97.50 96.43 0.9696

Total 1202 1233 1107 92.10 89.78 0.9092

MaskDis R-CNN

Front view 482 494 413 85.68 83.60 0.8463

0.288Top view 720 710 695 96.53 97.89 0.9720

Total 1202 1204 1108 92.18 92.03 0.9210
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FIGURE 5 Precision-recall curve of herd pig instance segmentation
model with fusion adversarial network.

three curves is relatively similar, but to the right of the intersec-
tion point, the distance between the curves gradually increases.
Due to the fusion of adversarial networks, the quality of detec-
tion and segmentation results is improved, resulting in higher
recall and precision values.

Based on Figure 5, MaskDis R-CNN demonstrates superior
segmentation effectiveness compared to the other two mod-
els. Figure 6 illustrates the segmentation results achieved by
MaskDis R-CNN. Each detection box in the upper left cor-
ner is labelled with classification (CLS) and MS, representing
the classification and segmentation quality scores, respectively.
Based on the classification scores in Figure 5, the pigs exhibit
a CLS of 1.00, with an average MS score exceeding 0.9.
When dealing with densely packed and closely connected pigs,
MaskDis R-CNN achieves more comprehensive pig segmen-
tation, displaying smooth segmentation boundaries without
fragmentation or missed segments.

3.3 Comparison of results on the COCO
evaluation metrics

The results of the three models’ segmentation tasks on the
COCO evaluation metrics are shown in Table 3. We compare
the three models in the front view, the top view, and the total
of front view and top view. According to Table 3, the pro-
posed MaskDis R-CNN method performs better in instance
segmentation of objects. The performance of MaskDis R-CNN
reaches 96.09(AR50), 85.36(AR75), 73.36(mAR), 92.76(AP50),
80.76(AP75), and 68.55(mAP), has a significant promotion
compared to MS R-CNN. Also, compared with MS R-CNN,
the MaskDis R-CNN increases by 2.25%, 2.28%, 1.37%, and
1.9% in the metrics of AR75, mAR, AP75, and mAP, respec-
tively. Therefore, our method is validated in improving the
segmentation performance.

The ablation experiments of our method are shown in
Table 4 under the COCO evaluation metrics. The best perfor-
mance is achieved using Resnet-101 as the backbone network
and adopting Stochastic Gradient Descent (SGD) for the opti-
mizer, as shown in Table 4. Our approach’s AP50, AP75, mAP,
and mAR values were 92.8%, 80.8%, 68.6%, and 73.4%, respec-
tively. Therefore, we use this configuration to compare it with
other advanced instance segmentation methods.

3.4 Comparison of segmentation quality
between MaskDis R-CNN and MS R-CNN

The segmentation result of the MS R-CNN model is shown at
the top of Figure 7. The segmentation result of the MaskDis R-
CNN model is shown at the bottom of Figure 7. According to
Figures 7a and 7b, the segmentation quality of the MS R-CNN
model is flawed in the case of dense overlap of pigs, resulting
in the segmentation target’s MS score falling below 0.7, and

FIGURE 6 The segmentation result of the MaskDis R-CNN model.
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TABLE 3 Results of the model under the COCO evaluation metrics.

Model Image type AR50 (%) AR75 (%) mAR (%) AP50 (%) AP75 (%) mAP (%)

Mask R-CNN

Front view 89.00 64.73 56.64 84.05 55.03 49.86

Top view 97.78 93.06 78.40 96.60 92.17 75.79

Total 94.26 81.7 69.68 92.08 77.68 65.67

MS R-CNN

Front view 91.49 65.35 58.42 82.68 55.43 50.35

Top view 99.03 95.00 79.56 98.31 93.34 76.80

Total 96.01 83.11 71.08 93.09 79.39 66.65

MaskDis R-CNN

Front view 92.12 70.12 61.76 82.84 58.61 52.76

Top view 98.75 95.56 81.13 97.24 93.98 77.95

Total 96.09 85.36 73.36 92.76 80.76 68.55

TABLE 4 ablation experiments under the COCO evaluation metrics.

Model Backbone Optimizer Image type AP50 (%) AP75 (%) mAP (%) mAR (%)

MaskDis R-CNN

R50

Adam

Front view 84.8 47.4 47.1 57.0

Top view 97.3 91.0 76.3 78.9

Total 91.5 75.1 65.4 69.7

SGD

Front view 79.2 49.6 52.4 55.8

Top view 97.8 91.6 76.9 78.4

Total 91.2 75.7 68.0 69.3

R101

Adam

Front view 78.4 49.7 46.1 55.0

Top view 97.6 93.5 77.2 79.5

Total 91.9 77.1 65.9 69.7

SGD

Front view 82.9 58.6 52.8 61.8

Top view 97.2 94.0 78.0 81.1

Total 92.8 80.8 68.6 73.4

FIGURE 7 Comparison of the segmentation quality score between MaskDis R-CNN model and MS R-CNN model. MS R-CNN, mask scoring R-CNN.
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FIGURE 8 Comparison of front view and top view segmentation quality between MaskDis R-CNN model and MS R-CNN model. MS R-CNN, mask scoring
R-CNN.

therefore the model has missed detection. According to
Figures 7c and 7d, the model with the fused adversar-
ial network has improved segmentation quality, increasing the
MS score of the segmentation results, thus avoiding missed
detections to some extent and improving the recall rate.

To further demonstrate the effectiveness of our proposed
MaskDis R-CNN, we compare the segmentation quality of the
MaskDis R-CNN model and the MS R-CNN model from the
top and front views. The segmentation result of the MS R-CNN
model is shown at the top of Figure 8, and the segmentation
result of the MaskDis R-CNN model is shown at the bottom
of Figure 8. According to Figure 8, the main problem of MS R-
CNN is the incomplete segmentation of pig bodies (Figures 8a,
8c, 8d), and a small number of segmented fragments (Figure 8b)
appear on other pig bodies in the case of dense and sticky pig
populations. And the segmentation boundary is not smooth
enough (Figure 8c). However, there are improvements in the
segmentation results of the MaskDis Mask method with the
addition of the adversarial network, such as improved quality of
both segmentation details and segmentation boundaries, more
complete segmented pigs, and fewer segmented fragments.

3.5 Results comparison with other advanced
instance segmentation methods

We used the proposed model to conduct comparison experi-
ments with the four advanced instance segmentation methods,
including YOLACT [34], Swin Transformer [35],YOLOv5-seg,
and SOLOv2 [36] on the same dataset. The YOLACT is a real-
time instance segmentation model that combines detection and
segmentation, achieving 33.5 fps on the MS COCO dataset.
The Swin Transformer is a transform-based instance segmenta-

tion method that introduces a hierarchical Transformer whose
representation is computed with Shifted windows to better
capture global contextual information. The YOLOv5-seg is a
high-speed instance segmentation algorithm that keeps accu-
racy while achieving real-time performance. The SOLOv2 is a
one-stage instance segmentation method that combines detec-
tion and segmentation, which uses deformable convolution and
a feature selection module with an attention mechanism that can
better adapt to the shape and scale variations of the instances.

The comparison results of our approach with other advanced
instance segmentation methods are shown in Table 5. Our
approach achieved the best performance on the metrics of
COCO. The AP50, AP75, mAP, and mAR values of our
approach were 92.8%, 80.8%, 68.6%, and 73.4%, respectively.
Compared with the YOLACT method, our approach improved
by 4.9%, 12.1%, 8.9%, and 5.9% in AP50, AP75, mAP, and mAR.
Compared with the Swin Transformer method, our approach
improved by 2.7%, 20.7%, 16.3%, and 10.6% in AP50, AP75,
mAP, and mAR. Compared with the SOLOv2 method, our
approach improved by 0.5%, 6.9%, and 2.9% in AP50, AP75,
mAP. Compared with the YOLOv5-seg method, our approach
improved by 2.7%, 2.5%, and 5.5% in AP50, AP75, and mAP.
These comparison results demonstrate that our approach can
effectively improve the pig segmentation performance.

4 DISCUSSION

In this paper, we propose MaskDis R-CNN, a deep learn-
ing algorithm by fusing adversarial networks, for the detection
and instance segmentation of herd pigs in complex scenarios.
The key innovations include designing adversarial networks,
integrating them into MS R-CNN, and then proving their
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TABLE 5 Results comparison with other advanced instance segmentation
methods.

Model Image type

AP50

(%)

AP75

(%)

mAP
(%)

mAR
(%)

YOLACT

Front view 77.8 47.0 44.7 55.9

Top view 93.8 84.5 70.5 75.3

Total 87.9 68.7 59.7 67.5

Swin transformer

Front view 83.9 40.8 42.4 54.6

Top view 94.9 77.3 61.2 68.3

Total 90.1 60.1 52.3 62.8

YOLOv5-seg

Front view 80.2 66.8 53.6 –

Top view 96.9 86.7 73.1 –

Total 90.1 78.3 63.1 –

SOLOv2

Front view 83.5 54.8 51.8 63.3

Top view 97.7 86.7 75.3 80.6

Total 92.3 73.9 65.7 73.7

MaskDis R-CNN

Front view 82.8 58.6 52.8 61.8

Top view 97.24 94.0 78.0 81.1

Total 92.8 80.8 68.6 73.4

effectiveness, for instance, segmentation tasks of group-housed
pigs. The advantage of the MaskDis R-CNN method is the abil-
ity to detect and segment instances of heavily obscured and
overlapping pigs, which can be further developed to perform
tasks such as pig welfare monitoring [37–39].

Previous instance segmentation studies in pigs were chal-
lenged by occlusions, light variations, and background factors
[21]. To address this issue, adding adversarial network can
enhance the quality of instance segmentation, as the training
process uses adversarial training to make the prediction mask
closer to the GT in order to achieve enhanced segmentation
quality. In our work, the adversarial network head branch is
designed and added to the MS R-CNN, called MaskDis Head,
which is used as a discriminator, and Mask Head is used as a
generator during model training. Through the adversarial train-
ing of the generative network, the generator learns pixel-level,
low-level, and middle-level features. The segmentation qual-
ity is improved as the function of the segmentation mask loss
converges more easily during model training.

Mask R-CNN and MS R-CNN are efficient methods in both
the top and front views. However, it does not achieve the
expected results in the situation of the overlapped pigs. When
there is a problem caused by dense overlap and severe occlu-
sion, the problem is more severe in front views. To get better
segmentation results, the MaskDis R-CNN instance segmenta-
tion model creates the adversarial network branch for guiding
the segmentation mask training of the model. The improved
model is compared with the MS R-CNN model for experi-
ments and analysis, and the results show that MaskDis R-CNN
improves the segmentation quality. In the comparative analy-
sis of the segmentation results between MaskDis R-CNN and
the MS R-CNN model, it is found that the MaskDis R-CNN

improves the quality of instance segmentation on the situation
of the overlapped pigs, which indicates that the adversarial net-
work branch of MaskDis R-CNN improves the ability to handle
the detail information of instance segmentation.

The final experimental results have shown that the MS R-
CNN model can achieve detection accuracy with a recall of
92.10% and a precision of 89.78%. And this method sometimes
misses the detection and does not work well for segmentation
of herd pigs in the case of dense and adhesive. However, the
MaskDis R-CNN can void this situation and improve the quality
of intensive herd raised piglets with a precision of 92.03% and
an F1 score of 92.10%. In conclusion, the MaskDis R-CNN sig-
nificantly outperforms MS R-CNN for instance segmentation in
a dense environment of pig pens.

5 CONCLUSION

To solve the problem of unsatisfactory segmentation perfor-
mance under overlapping or partial occlusion between pig’s
scenes, we propose an approach named MaskDis R-CNN by
fusing the MS R-CNN model and the adversarial network. The
new method solves the problem that MS R-CNN does not
achieve the expected results in specific situations such as pig
dense and occlusion situations. Mask Head is used as a genera-
tor, and MaskDis Head as a discriminator during model training.
Adversarial training of the generated network keeps the pre-
diction mask close to GT for improving segmentation quality
during model testing.

We conducted comparative experiments between Mask R-
CNN, MS R-CNN, and our proposed approach to demonstrate
our method’s effectiveness in the overlapped pigs and occlusion
situation. Our method outperforms the other two approaches,
which can achieve a recall of 92.18%, a precision of 92.03%,
and an F1 score of 0.9210. In addition, by adopting the COCO
evaluation metrics, our approach achieves an mAP of 73.36%
and an mAR of 68.55%, which are higher than the other two
algorithms. In addition, our method performance is better than
other advanced instance segmentation methods. Considering
these results, it is demonstrated that the proposed method
improves the problem of poor segmentation quality due to the
dense and occlusive herd of pigs.

Although this paper achieves accurate segmentation, there
are still some constraints: (1) the proposed model cannot
achieve the characteristics of lightweight, fast speed, and strong
portability, which requires operations such as convolution and
ROI pooling on each candidate region. This leads to higher
computational and memory requirements. (2) In the case of
severe occlusion, the proposed model still suffers from missed
and false detections, resulting in segmentation performance
that does not meet practical needs. Future work will optimize
the network architecture of the proposed approach, which can
reduce the computational requirements and increase the infer-
ence speed. The improved model also provides a theoretical
basis for the intelligent development of pig farming and has
great significance for improving pig welfare and guiding the
production.
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基于改进 DeepSORT的群养生猪行为识别与跟踪方法
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摘要: 为改善猪只重叠与遮挡造成的猪只身份编号( Identity,ID)频繁跳变,在 YOLO v5s 检测算法基础上,提出了

改进 DeepSORT 行为跟踪算法。 该算法改进包括两方面:一针对特定场景下猪只数量稳定的特点,改进跟踪算法的

轨迹生成与匹配过程,降低 ID 切换次数,提升跟踪稳定性;二将 YOLO v5s 检测算法中的行为类别信息引入跟踪算

法中,在跟踪中实现准确的猪只行为识别。 实验结果表明,在目标检测方面,YOLO v5s 的 mAP 为 99郾 3% ,F1 值为

98郾 7% 。 在重识别方面,实验的 Top 1 准确率达到 99郾 88% 。 在跟踪方面,改进 DeepSORT 算法的 MOTA 为

91郾 9% ,IDF1 为 89郾 2% ,IDS 为 33;与 DeepSORT 算法对比,MOTA 和 IDF1 分别提升了 1郾 0、16郾 9 个百分点,IDS 下

降了 83郾 8% 。 改进 DeepSORT 算法在群养环境下能够实现稳定 ID 的猪只行为跟踪,能够为无接触式的生猪自动

监测提供技术支持。
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Behavior Recognition and Tracking Method of Group鄄housed Pigs
Based on Improved DeepSORT Algorithm

TU Shuqin1 摇 LIU Xiaolong1 摇 LIANG Yun1 摇 ZHANG Yu2 摇 HUANG Lei1 摇 TANG Yinjie1
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Abstract: Behavior recognition and tracking of group鄄housed pigs are an effective aid to monitor pigs爷
health status in smart farming. In real farming scenarios, it is still challenging to automatically track the
behavior of group鄄housed pigs by using computer vision techniques due to the pigs爷 overlapping occlusion
and illumination change, which cause the identity ( ID) of pig to switch wrongly. To improve the
situation, an improved DeepSORT algorithm of behavior tracking based on YOLO v5s was proposed. The
improvement of the algorithm included two parts. One was that the trajectory processing and data
association were improved in the scene where there was a fixed number of pigs. This reduced ID switch
and enhanced tracking stability. The other was that the behavior information from YOLO v5s detection
algorithm was introduced into the tracking algorithm, thereby achieving behavior recognition of pigs in
tracking. The experimental results showed that YOLO v5s algorithm had a mAP of 99郾 3% and an F1 of
98郾 7% in object detection. In terms of re鄄identification, the Top 1 accuracy of the experiment was
99郾 88% . In terms of tracking, the method achieved a favorable performance with a MOTA of 91郾 9% ,
an IDF1 of 89郾 2% and an IDS of 33. Compared with the original DeepSORT algorithm, the proposed
method improved 1郾 0 percentage points and 16郾 9 percentage points in MOTA and IDF1 respectively, and
decreased 83郾 8% in IDS. This showed that the improved DeepSORT algorithm was able to achieve
behavior tracking of group鄄housed pigs with stable ID. The method can provide technical support for no鄄
contact automatic monitoring of pigs.
Key words: group鄄housed pigs; object detection; behavior recognition; multi鄄object tracking;

DeepSORT



0摇 引言

猪只的健康情况决定着生猪养殖业的发展与经

济效益,多数生猪疾病的临床或亚临床体征表现之

前常伴随行为异常[1 - 2],故对猪只的运动、饮食等行

为的监测有助于判断猪只健康情况。 目前人工监测

是猪场的主要管理方式,但需要大量劳动力并且难

以实现长期持续观察,借助无线射频技术 (Radio
frequency identification,RFID)的监测可避免人工监

测的缺陷,但易对猪只造成刺激。 信息技术手段已

成为现代农业发展的重要引擎,通过借助计算机视

觉技术,可以实现低成本、无接触地自动监测猪

只[3],实现生猪智慧养殖。
国内外学者在生猪自动监测方面的研究可分为

两类,分别为猪只行为识别和猪只跟踪。 在猪只行

为识别中,主要采用传统图像处理与深度学习的方

法。 ZHU 等[4]利用阈值分割和形态学处理等机器

视觉技术,实现非接触地对猪只饮水行为进行识别。
李菊霞等[5] 针对猪舍环境下猪只饮食行为自动化

检测程度较低的问题,提出了一种基于 YOLO v4 的

猪只饮食行为检测模型。 ALAMEER 等[6] 基于

YOLO v2 与 Faster R CNN 监测猪只的姿态与饮水

行为,其无需传感器或对个体识别即可监测猪只行

为。 高云等[7]提出使用 3D CONV 对群养猪侵略性

行为进行识别,可为猪场养殖环境中猪只侵略性行

为检测提供参考。 在猪只跟踪方面,近年来也有很

多研究者开展相关工作。 XIAO 等[8] 通过颜色信息

识别猪只,并通过分析二值图像中连接区域消除噪

声,根据 DT ACR 关联规则对猪进行跟踪。 SUN
等[9]提出一种多通道彩色特征自适应融合算法,并
利用目标猪的轮廓信息实时更新比例,提升在目标

形变与尺度变化下的跟踪效果。 ZHANG 等[10] 利用

分层数据关联算法将基于卷积神经网络的检测器与

相关滤波器的跟踪器结合,实现单个猪只跟踪。 张

伟等[11] 基于 CenterNet 设计断奶仔猪目标检测模

型,结合 DeepSORT 算法[12] 实现断奶仔猪的多目标

跟踪,改善猪只外观高度相似与遮挡情况下的跟踪

效果。
目前,视频监控技术由于其设备价格低廉和实

现简单的优点,已广泛应用于生猪的行为识别与跟

踪研究。 但是,在真实养殖场景下,由于光照变化与

猪群的密集遮挡,容易造成跟踪中目标 ID 频繁跳

变;同时, 很多研究只是对猪只的行为进行识

别[13 - 15] 或跟踪[16 - 17],算法获取的猪只信息难以满

足现代化生猪养殖业的要求。 基于此,本文将行为

识别与多目标跟踪进行融合,并改进 DeepSORT 算

法中的轨迹生成与匹配过程,提出基于 YOLO v5s
的改进 DeepSORT 算法。 通过将 YOLO v5s 检测算

法得到的行为类别信息引入 DeepSORT 跟踪算法,
实现跟踪中的行为识别,使得在跟踪中算法可以获

取到目标的行为信息;同时,针对特定场景下猪只数

量稳定不变的特点,改进 DeepSORT 算法中的轨迹

生成与匹配过程,提升跟踪中猪只 ID 的稳定性;最
终在真实群养环境下实现稳定 ID 的猪只行为跟踪,
以期为无接触式自动监测生猪提供技术支持。

1摇 实验数据与数据增广

1郾 1摇 数据集

实验数据从文献[18]的数据集中选择,筛选保

留 15 段猪只移动较多的有效视频,每段视频为

60 s,每秒为 5 帧。 将视频分辨率裁剪为 2 688 像素 伊
1 012像素,在视频段中只保留同一猪舍下的猪只。
使用 DarkLabel 软件对视频段进行标注,构建 3 个数

据集分别用于训练目标检测模块、重识别模块和验

证行为跟踪算法效果,这 3 个数据集中均包含白天

与夜间场景、猪只拥挤与稀疏场景、猪只活动频繁与

较少场景。
选取真实群养环境下 4 段不同条件的视频段作

为行为跟踪数据集,用于验证算法效果,记为序号

01 ~ 04,如表 1 所示。

表 1摇 行为跟踪数据集

Tab. 1摇 Behavior tracking dataset

视频段序号 照明情况 密集程度 活动程度 猪只数量

01 白天 稀疏 频繁 7
02 白天 拥挤 较少 15
03 白天 拥挤 频繁 16
04 夜晚 拥挤 频繁 16

摇 摇 其余视频段利用 ffmpeg 工具分割成图像,使用

脚本将图像与标注信息分别构建目标检测数据集和

重识别数据集,其中目标检测数据集将猪只分为躺

卧、站立、饮食和其他行为 4 种类别。 目标检测数据

集共 3 300 幅图像,按照比例 7颐 2颐 1随机划分为训练

集、验证集和测试集。 重识别数据集包含 137 头猪

只,平均每头猪只 300 幅图像,按照比例 7颐 3随机划

分为训练集和测试集。
1郾 2摇 数据增广技术

为提升模型泛化能力,使用左右翻转、上下翻

转、改变色彩属性的数据增广技术,扩充生猪的目标

检测与重识别训练数据。 其中,对图像进行左右翻

转与上下翻转可以扩大数据集的规模,以获得理想

的训练效果;改变图像色彩属性,如随机改变图像的

色调、饱和度和明度可以模拟光照情况变化对图像
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的干扰,在一定程度上消除光环境的影响[19]。 最终

目标检测训练数据集扩充到 4 620 幅图像,重识别

训练数据集中每头猪只扩充到 420 幅图像。 生猪的

目标检测与重识别图像数据增广后样例见图 1。

2摇 行为跟踪算法原理

采用 YOLO v5s 检测器结合改进 DeepSORT 算

法实现猪只行为跟踪,如图 2 所示,首先图像输入

YOLO v5s 目标检测器,得到检测结果;然后改进

DeepSORT 算法基于卡尔曼滤波与匈牙利算法对前

后两帧之间目标进行匹配,生成跟踪轨迹;最后输出

行为跟踪图像。
2郾 1摇 YOLO v5s 检测算法

在基于检测的跟踪算法中,目标检测的效果对

跟踪算法的效果起着至关重要的作用。 当前基于深

图 1摇 数据增广后结果

Fig. 1摇 Results after data augmentation
摇

图 2摇 行为跟踪算法流程图

Fig. 2摇 Flow chart of behavior tracking algorithm
摇

度学习的目标检测算法中,主要可划分为 One
stage 和 Two stage 两类。 在 One stage 算法中占

主流的是 YOLO[20 - 23]系列等。 Two stage 算法中占

主流的是 R CNN[24]、Fast R CNN[25]、Faster R
CNN[26] 等。 One stage 与 Two stage 算法各有优

劣,前者在检测速度上有明显的优势,后者在检测精

度有更好的效果。 YOLO v5s 算法可以兼顾速度与

精度的要求,本文将其作为目标检测器。 YOLO v5s
网络结构如图 3 所示,该算法主要包括输入端、主干

网络、颈部和输出端 4 部分。 其中,在输入端对数据

进行预处理,采用如 Mosaic 数据增强、自适应图像

缩放和自适应锚框计算等技术实现;主干网络主要

由 Focus 层、CONV 层、C3 层、SPP 层等结构组成;颈
部包含特征金字塔网络(Feature pyramid networks,
FPN) [27]、路径聚合网络( Path aggregation network,
PAN) [28];输出端主要是在 3 个不同大小的特征图

上预测不同尺寸的目标。
2郾 2摇 DeepSORT 算法

DeepSORT 算法是在 SORT[29] 基础上引入重识

别模型,通过外观信息与运动信息增强匈牙利算法

的匹配效果,减少 ID 切换的数量;其通过卡尔曼滤

波器和匈牙利算法,分别处理跟踪问题的运动预测

和数据关联部分。

图 3摇 YOLO v5s 网络结构

Fig. 3摇 Network structure of YOLO v5s
摇

2郾 2郾 1摇 轨迹的状态估计
轨迹中目标对象的状态和运动信息定义于 8 维

状态空间(u,v,酌,h,x·,y·,酌·,h
·
),其中(u,v)表示目

标的中心位置坐标,酌 为纵横比,h 为高度,( x·,y·,酌·,
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h
·
)表示(u,v,酌,h)对应参数在图像坐标中各自的速

度。 算法采用带有等速运动和线性观测模型的标准

卡尔曼滤波器,将边界框坐标(u,v,酌,h)作为目标

对象的直接观测值。
2郾 2郾 2摇 匹配问题

DeepSORT 算法结合运动信息度量与外观信息

度量,使用匈牙利算法解决检测框与轨迹的匹配问

题。 对于运动信息度量,算法表示为

d(1)( i,j) = (d j - yi) TS - 1
i (d j - yi) (1)

式中摇 d(1)( i,j)———第 j 个检测框和第 i 个轨迹预

测得到的边界框的马氏距离

d j———第 j 个检测框

yi———第 i 个轨迹预测后的边界框

Si———第 i 个轨迹预测得到的在当前测量空

间的协方差矩阵

马氏距离用于过滤可能性极低的匹配,当 d(1) ( i,j)
小于指定的阈值,认为匹配成功。

对于外观信息度量,引入重识别模型,用于提取

目标的外观信息。 重识别模型网络结构如表 2 所

示,主要包括 1 个卷积层、1 个最大池化层、8 个残差

层和 1 个平均池化层。

表 2摇 重识别模型网络结构

Tab. 2摇 Network structure of re鄄identification model

摇 摇 名称 卷积核尺寸、步幅 输出尺寸

卷积层 1 3 伊 3、1 64 伊 128 伊 64
最大池化层 2 3 伊 3、2 64 伊 64 伊 32
残差层 3 3 伊 3、1 64 伊 64 伊 32
残差层 4 3 伊 3、1 64 伊 64 伊 32
残差层 5 3 伊 3、2 128 伊 32 伊 16
残差层 6 3 伊 3、2 128 伊 32 伊 16
残差层 7 3 伊 3、2 256 伊 16 伊 8
残差层 8 3 伊 3、2 256 伊 16 伊 8
残差层 9 3 伊 3、2 512 伊 8 伊 4
残差层 10 3 伊 3、2 512 伊 8 伊 4
平均池化层 11 8 伊 4、1 512 伊 1 伊 1

摇 摇 对于外观信息度量,算法表示为

d(2)( i,j) = min{1 - rTj r( i)k | r( i)k 沂Ri} (2)

式中摇 d(2)( i,j)———第 j 个检测框与第 i 个轨迹的

最小余弦距离

rj———第 j 个检测框 d j 相应的外观描述符,
设置椰rj椰 =1

r( i)k ———第 i 个轨迹相应的外观描述符

Ri———第 i 个轨迹的外观信息仓库,保存最

新 100 条目标成功匹配的外观描述符

当 d(2)( i,j)小于指定阈值时,认为匹配成功。
马氏距离提供基于运动目标可能的位置信息,

余弦距离通过考虑外观信息可以在目标发生遮挡重

叠情况下恢复 ID,为提升跟踪效果,将马氏距离与

余弦距离结合作为最终度量,公式为

ci,j = 姿d(1)( i,j) + (1 - 姿)d(2)( i,j) (3)
式中摇 ci,j———第 j 个检测框与第 i 个轨迹的关联

程度

姿———权重系数

沿用原算法将 姿 设置为 0,即运动信息度量用

于限制明显不可行的匹配,关联矩阵中只使用外观

信息度量计算。
2郾 3摇 改进 DeepSORT 算法

2郾 3郾 1摇 跟踪中的行为识别

在原 DeepSORT 跟踪算法的基础上,将猪只行

为类别添加到目标跟踪的轨迹中,其实现效果如

图 4 所示,图 4a 中左上角为目标猪只的 ID 编号,是
原算法效果;图 4b 中左上角为目标的行为类别和

ID 编号,是改进后效果。 首先在 YOLO v5s 目标检

测算法中将检测到的猪只行为类别分为躺卧、站立、
饮食和其他 4 类;然后将行为类别作为 DeepSORT
算法的输入,存储在目标猪只轨迹的参数中,以此实

现猪只跟踪过程中的行为识别。

图 4摇 行为识别效果

Fig. 4摇 Effect of behavior recognition
摇

2郾 3郾 2摇 改进匹配过程与轨迹生成

DeepSORT 算法在跟踪实验中,随着视频帧增

长,同一猪只目标易被分配不同的 ID,导致 ID 最大

值大幅超出真实的猪只目标数量。 主要原因是目标

猪只发生运动或遮挡重叠现象时,检测结果无法与

原轨迹匹配,导致未匹配的检测结果生成新轨迹。
基于上述问题,针对猪舍特定场景,对算法的匹配过

程与轨迹生成进行改进。
由于猪舍为封闭场景,无目标新增或减少,为提

升匹配效果,增加第 2 轮交并比匹配对未匹配的检

测框进行处理。 改进后的匹配过程:第 1 轮交并比

匹配完成初步匹配,第 2 轮放宽交并比最大距离的

限制来尽可能使未匹配的检测框与轨迹匹配成功。
在该场景下通过改进轨迹生成的方式来限制

ID 增长。 具体实现如下:封闭场景下目标总数是稳

定不变的,则 ID 最高数量是已知的,动态存储检测

结果中的目标总数,将其计为 ID 极大值,由于检测
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结果有一定概率出现误检漏检现象,ID 极大值由最

近 3 帧中检测目标数量的平均数决定,若当前生成

轨迹 ID 超过 ID 极大值,不生成新轨迹;若未超过,
则生成新轨迹。

改进后算法匹配过程如图 5 所示,其中虚线框

部分为算法改进内容。 轨迹初始化为未确认态,满
足连续 3 帧都成功匹配,将未确认态转化为确认态。

图 5摇 匹配过程流程图

Fig. 5摇 Flow chart of matching process
摇

算法步骤如下:
(1)首先将检测结果与卡尔曼滤波预测的确认

态轨迹进行级联匹配;级联匹配采用匈牙利算法,对
运动信息与外观信息的关联矩阵求解,从而匹配检

测框与轨迹。
(2)未确认态轨迹、级联匹配中未匹配的轨迹

和未匹配的检测框进行第 1 轮交并比匹配;交并比

匹配采用匈牙利算法,对交并比关联矩阵求解,从而

匹配检测框与轨迹。
(3)进行第 2 轮交并比匹配,将第 1 轮交并比

匹配中未匹配的轨迹和未匹配检测框进行第 2 轮最

大交并比距离匹配;判断未匹配的检测框是否满足

轨迹生成条件,满足则生成轨迹,不满足则不做处

理;最终判断未匹配的轨迹是否满足删除条件,满足

则删除轨迹,不满足则继续参与匹配。
(4)当前帧匹配过程结束后执行卡尔曼滤波

更新。

3摇 实验与结果分析

针对猪舍中群养猪的行为跟踪进行 3 个实验,
分别是:目标检测实验训练 YOLO v5s 检测器;重识

别实验训练 DeepSORT 算法中重识别模块;在生猪

行为 跟 踪 数 据 集 进 行 实 验, 测 试 与 分 析 改 进

DeepSORT 算法的性能。
实验采用 Windows 10 平台,编程语言为 Python

3郾 6,模型框架为 Pytorch 1郾 7郾 1,硬件环境为 AMD
Ryzen5 2600X 处理器、64 GB 内存、NVDIA GeForce
GTX TITAN X 显卡。
3郾 1摇 目标检测实验与结果分析

目标检测实验采用 YOLO v5s 模型,检测生猪

躺卧、站立、饮食和其他行为,其他行为描述猪只行

为转换过程的中间状态。 实验不采用预训练模型,
输入图像尺寸为 640 像素 伊 640 像素,优化器为随

机梯度下降法(Stochastic gradient descent,SGD),初
始学习率为 0郾 01,批量大小为 64,模型迭代 200 次。

为验证检测效果,选取精确率(Precision)、召回

率(Recall)、调和平均数(F1鄄score,F1)、平均精度均

值(Mean average precision,mAP)对模型进行综合评

价。
YOLO v5s 在测试集上的精确率 召回率曲线如

图 6 所示,检测器对猪只的 4 种行为均有较好的检

测效果。

图 6摇 精确率 召回率曲线

Fig. 6摇 Precision recall curves
摇

算法在测试集上全部结果如表 3 所示。 在猪只

的躺卧、站立、饮食行为上检测效果较好,其平均精

确率(AP)均达到 99% 以上,说明检测器对于猪舍

场景中大多数行为的检测效果较好,而在其他行为

上的召回率为 95郾 2% ,说明模型在检测猪只行为转

表 3摇 目标检测实验结果

Tab. 3摇 Experimental results of object detection %
行为 精确率 召回率 F1 值 AP mAP
躺卧 99郾 9 99郾 4 99郾 6 99郾 7
站立 99郾 2 98郾 3 98郾 7 99郾 5
饮食 99郾 1 99郾 6 99郾 3 99郾 5
其他 99郾 0 95郾 2 97郾 1 98郾 6
全部行为 99郾 3 98郾 1 98郾 7 99郾 3
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换过程中存在少量漏检情况。 综合猪只的各个行为

结果,检测器在处理猪舍场景行为检测问题上效果

良好,可为跟踪阶段建立最优的输入。
摇 摇 利用 YOLO v5s 算法对不同条件下群养生猪图

像进行测试,结果如图 7 所示。 图 7a 为白天、猪只

较少和遮挡情况下检测效果,算法对于猪只较少的

情况能达到优越的检测效果;图 7b 为夜晚、猪只较

少和拥挤的情况下检测效果,在拥挤重叠情况下,算
法仍保持着精准的检测效果;图 7c 为白天、猪只较

多和拥挤的情况下检测效果,算法也具有精准的检

测效果;图 7d 为夜晚、猪只较多和拥挤的情况下检

测效果,算法在猪只严重拥挤情况下保持着较强的

性能,无漏检。 不同场景下 YOLO v5s 算法都能准

确识别猪只行为。

图 7摇 YOLO v5s 算法的群养生猪检测结果

Fig. 7摇 Detection results of group鄄housed pigs
based on YOLO v5s algorithm

摇
3郾 2摇 重识别实验与结果分析

实验使用 Market 1501[30] 数据集上预训练得

到的权重文件,为提升对生猪的重识别效果,在本文

数据集上重新训练重识别模型,批量大小为 256,迭
代 100 次,其余参数沿用原算法。

重识别模型可以提取出猪只具有区分度的特

征,实现不同帧中同一猪只的重新识别,使用 Top 1
准确率评价模型效果,其表示模型预测概率最大结

果的正确总数占所有样本的比率,值越接近 1 说明

模型提取特征能力越强,即重识别效果越好。

图 8摇 重识别模型的 Top 1 准确率曲线

Fig. 8摇 Top 1 accuracy curves of re鄄identification model

图 8 为重识别模型的 Top 1 准确率曲线,在迭

代 25 次后,曲线趋于平稳,此时模型基本达到收敛,

迭代 100 次后 Top 1 准确率在测试集上结果为

99郾 88% ,此时重识别模型能够较好地提取出目标的

表观特征,从而准确地实现猪只的重识别。
3郾 3摇 行为跟踪实验与结果分析

3郾 3郾 1摇 行为跟踪算法评价指标

选用 5 个指标评价行为跟踪算法的效果:身份

编号切换次数(Identity switch,IDS),跟踪目标 ID 发

生改变的次数,值越小表示跟踪稳定性越好。 识别

平均数比率( Identification F1,IDF1)是识别精确率

与识别召回率的调和平均数,用于评价跟踪算法的

稳定性,值越大说明算法越能长时间地对某个目标

进行准确地跟踪。 多目标跟踪准确率 ( Multiple
object tracking accuracy,MOTA),同时考虑误报、漏
报和 IDS,衡量跟踪算法在检测目标和保持轨迹时

的性能,与目标检测精度无关,值越大表示算法的性

能越好。 多目标跟踪精确度(Multiple object tracking
precision,MOTP),量化检测器的定位精度越大表示

检测器的精度越高。 帧率(Frames per second,FPS)
是算法每秒处理的视频帧数,值越大表明处理速度

越快。
3郾 3郾 2摇 行为跟踪实验结果与分析

为验证改进算法对性能的提升,沿用原算法的

参数设置,利用生猪行为跟踪数据集测试改进

DeepSORT 算法,改进前后实验结果如表 4 所示。

表 4摇 改进前后实验结果

Tab. 4摇 Experimental results before and after improvement

算法
测试视

频序号
IDS

IDF1 /
%

MOTA /
%

MOTP /
%

FPS /

( f·s - 1)
01 47 52郾 7 91郾 8 92郾 9 11

02 29 82郾 0 94郾 0 89郾 7 7

DeepSORT摇 摇 03 71 66郾 9 85郾 2 88郾 0 7

04 57 77郾 2 93郾 3 93郾 1 8

总计 / 平均 204 72郾 3 90郾 9 90郾 6 8

01 0 97郾 2 94郾 5 92郾 5 11

02 3 94郾 1 95郾 0 89郾 8 7

改进 DeepSORT 03 13 83郾 2 88郾 8 87郾 9 7

04 17 87郾 0 90郾 7 92郾 8 8

总计 / 平均 33 89郾 2 91郾 9 90郾 5 8

摇 摇 在 IDS 方面,改进 DeepSORT 算法为 33,较改进

前的 204,降低了 83郾 8% ,特别是测试视频 01,改进

算法对该测试视频的 IDS 为 0,即不发生 ID 切换,
说明改进算法对跟踪场景条件良好(如猪只较少)
的情况下效果显著。 在 IDF1 方面,改进算法为

89郾 2% ,较原算法提升了 16郾 9 个百分点,在所有测

试视频段均有明显提升,说明改进部分在不同场景

条件下可以明显提升跟踪算法的稳定性。 在 MOTA
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方面,改进算法为 91郾 9% ,较改进前提升了 1郾 0 个

百分点,改进算法对测试视频 01、02、03 的处理均优

于原算法,说明在大多数场景条件下改进后算法均

能提升跟踪准确率。 在 MOTP 方面与 FPS 方面,改
进前后算法基本维持不变。 综上,改进算法在跟踪

准确率与稳定性方面显著提升。
改进前后 DeepSORT 算法在白天、猪群稀疏、猪

只活动频繁场景(视频段 01)下跟踪结果如图 9 所

示,图 9a 中猪只最大 ID 为 20,而图 9b 中猪只最大

ID 稳定在 7,可以看出在猪只剧烈运动的情况下,原
算法跟踪中 ID 频繁切换;图 9c 中原算法最大 ID 已

经增长到 55,而图 9d 中改进算法最大 ID 依旧稳定

在 7,无 ID 切换,跟踪性能优异,且可以准确识别全

部猪只的行为。

图 9摇 改进前后 DeepSORT 算法跟踪结果(视频段 01)
Fig. 9摇 Tracking results of DeepSORT algorithm before

and after improvement (video segment 01)
摇

改进前后 DeepSORT 算法在白天、猪群拥挤、猪
只活动较少场景(视频段 02)下跟踪结果如图 10 所

示,在猪只发生严重遮挡重叠情况下,改进前后算法

均出现少量目标丢失,图 10a 与图 10b 中猪只最大

ID 均为 16;图 10c 中原算法最大 ID 已经增长到

57,而图 10d 中改进算法最大 ID 稳定在 16,可以看

出改进算法可以大幅抑制 ID 切换,在猪只严重密集

拥挤情况下仍可以实现良好跟踪,并且可以识别到

大部分猪只的行为。
改进前后 DeepSORT 算法在夜晚、猪群拥挤、猪

只活动频繁场景(视频段 04)下跟踪结果如图 11 所

示,图 11a 与图 11b 中猪只最大 ID 均为 16,图 11c
与图 11d 为第 246 帧中算法对比结果,光照条件较

弱与猪群发生严重遮挡导致原算法在跟踪中出现大

量 ID 切换,而改进算法能有效抑制 ID 切换,表明在

复杂环境下改进算法仍有良好的跟踪效果,并且可

摇 摇

图 10摇 改进前后 DeepSORT 算法跟踪结果(视频段 02)
Fig. 10摇 Tracking results of DeepSORT algorithm
before and after improvement (video segment 02)

摇

图 11摇 改进前后 DeepSORT 算法跟踪结果(视频段 04)
Fig. 11摇 Tracking results of DeepSORT algorithm
before and after improvement (video segment 04)

摇
以准确识别到大部分猪只行为。
摇 摇 综上,改进 DeepSORT 算法可以有效抑制 ID 切

换,在复杂环境中仍有效,可以良好稳定地跟踪群养

生猪并准确识别其行为。

4摇 结论

(1)在 YOLO v5s 检测算法基础上,将检测结果

中行为信息引入 DeepSORT 算法,并针对猪舍特定

场景改进 DeepSORT 算法中的轨迹生成与匹配过

程,提出了改进 DeepSORT 算法。
(2)实验结果表明,YOLO v5s 目标检测实验的

mAP 为 99郾 3% ,F1 值为 98郾 7% ;生猪重识别实验的

Top 1 准确率达到 99郾 88% ;在跟踪方面,改进

DeepSORT 算 法 的 MOTA 为 91郾 9% , IDF1 为

89郾 2% ,IDS 为 33, MOTA 和 IDF1 比原算法分别提

升了 1郾 0、16郾 9 个百分点,IDS 下降了 83郾 8% 。
(3)所构建群养生猪行为跟踪算法可以满足实

际养殖环境中的需要,能够为无接触式的生猪自动

监测提供技术支持。
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基于 JDE 模型的群养生猪多目标跟踪
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摘  要：为实现群养生猪在不同场景下（白天与黑夜，猪只稀疏与稠密）的猪只个体准确检测与实时跟踪，该研究提出

一种联合检测与跟踪（Joint Detection and Embedding，JDE）模型。首先利用特征提取模块对输入视频序列提取不同尺度

的图像特征，产生 3 个预测头，预测头通过多任务协同学习输出 3 个分支，分别为分类信息、边界框回归信息和外观信

息。3 种信息在数据关联模块进行处理，其中分类信息和边界框回归信息输出检测框的位置，结合外观信息，通过包含

卡尔曼滤波和匈牙利算法的数据关联算法输出视频序列。试验结果表明，本文 JDE 模型在公开数据集和自建数据集的总

体检测平均精度均值（mean Average Precision，mAP）为 92.9%，多目标跟踪精度（Multiple Object Tracking Accuracy，

MOTA）为 83.9%，IDF1 得分为 79.6%，每秒传输帧数（Frames Per Second，FPS）为 73.9 帧/s。在公开数据集中，对比

目标检测和跟踪模块分离（Separate Detection and Embedding，SDE）模型，本文 JDE 模型在 MOTA 提升 0.5 个百分点的

基础上，FPS 提升 340%，解决了采用 SDE 模型多目标跟踪实时性不足问题。对比 TransTrack 模型，本文 JDE 模型的

MOTA 和 IDF1 分别提升 10.4 个百分点和 6.6 个百分点，FPS 提升 324%。实现养殖环境下的群养生猪多目标实时跟踪，

可为大规模生猪养殖的精准管理提供技术支持。 
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0  引  言  

生猪产业一直是国内畜牧业的支柱产业，其发展关

系到国家食物安全、社会稳定及国民经济的协调发展。

生猪养殖业正朝着规模化、专业化、智能化和精细化发

展。目前，在劳动力短缺的情况下，智能与精准畜牧业

对帮助农户实现畜牧业规模化生产具有重要作用[1]。通过

视频摄像头，采用计算机视觉技术获取每头猪每天的体

重变化、运动轨迹、饮食情况和行为变化等数据，监测

猪只行为和健康，预测猪只个体异常情况，实现生猪生产

过程的精确控制[2]，对提高生猪的福利具有重要价值[3]。因

此，采用多目标跟踪技术，准确跟踪群养生猪中的个体，

识别猪只行为变化，对提高农场的智能化管理水平和生

产力具有重要意义。 

目前，国内外研究者在禽畜跟踪的方面进行很多研

究。有些研究者通过给禽畜穿戴自动跟踪设备实现跟踪

禽畜。如 Zambelis 等[4]使用耳标加速计对饲养奶牛的喂
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养和活动行为进行观察。Giovanetti 等[5]将三轴加速度计

传感器安装在羊的身体上，然后测量羊在牧场的行为。

Krista 等[6]将运动能耗仪安装在母羊的项圈上，以此评估

绵羊行为活动水平。这些方法在某些情况下对于禽畜的观

察是可行的，但是，使用可穿戴自动跟踪设备会影响禽畜

的行为，严重情况下会影响其自由活动，降低动物福利。

另外，大量可穿戴自动跟踪设备会增加生产的成本。 

近年来，使用计算机视觉技术进行猪只日常行为监控

取得了多方面的研究成果，例如猪的攻击行为[7-10]、饮食饮

水行为[11-15]、母猪行为检测[16]、攀爬和玩耍行为[17-18]，猪只

姿态识别[11,19-22]，早期发现呼吸道疾病[23-24]。 

多目标跟踪的性能在很大程度上取决于其检测目标

的性能。传统的目标检测算法，如 Zhao 等[25]使用背景减

法来检测移动奶牛目标，Zhang 等[26]提出了一种基于光流

估计的运动目标检测方法，于欣等[27]提出一种基于光流

法与特征统计的鱼群异常行为检测方法，这些算法在速

度和准确性方面不能满足实际场景要求。目前，基于深

度学习的目标检测算法不断完善，其准确性和速度都有

显著提升，能够满足实际应用。深度学习的目标检测算

法主要分为一阶段和二阶段算法。二阶段算法在检测时

首先生成候选区域，之后对候选区域进行分类和校准，

准确率相对较高，典型的有 R-CNN（Region Convolution 

Neural Network）算法[28]，Fast R-CNN 算法[29]，Faster 

R-CNN 算法[30]。如王浩等[31]利用改进的 Faster R-CNN 算
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法定位群养生猪的圈内位置，识别准确率可达 96.7%。一

阶段算法在检测时无需生成候选区域，直接对目标类别

和边界进行回归，如 YOLO 系列算法[32-35]。如金耀等[36]

利用 YOLOv3 算法[32]对生猪个体进行识别，对母猪的识

别精度均值达 95.16%。相较于二阶段算法，一阶段算法

的检测速度更快。 

在多目标跟踪方面，现有多目标跟踪算法的应用大

多是基于检测跟踪（Tracking by Detection，TBD）范式，

即 SDE（Separate Detection and Embedding）模型，先用

检测器输出检测结果，再用基于卡尔曼滤波和匈牙利算

法的后端追踪优化算法进行跟踪，如使用 SORT（Simple 

Online and Realtime Tracking）[37]、DeepSORT [38]算法来

提取目标的表观特征进行多目标重识别进行跟踪，其中

DeepSORT 算法在 SORT 算法的基础上，通过提取深度

表观特征提高了多目标的跟踪效果。如张宏鸣等[39]利用

改进 YOLOv3 算法结合 DeepSORT 算法进行肉牛多目标

跟踪，张伟等[40]利用基于 CenterNet 结合优化 DeepSORT

算法进行断奶仔猪目标跟踪。上述研究的算法是两阶段

过程，先检测再跟踪，目标检测和跟踪模块分离导致跟

踪速度慢，达不到实时跟踪效果。 

本研究将目标检测与跟踪融合在一个过程中，提出

一种实时、非接触的群养生猪多目标跟踪 JDE（Joint 

Detection and Embedding）算法，通过一个端对端网络同

时输出多目标的分类信息、边界框回归信息和外观信息，

以减少算法的运行时间，达到实时跟踪的效果。在相同

的公开试验数据集中将 JDE 算法与 SDE 算法进行对比，

以验证本文算法的速度，同时与 TransTrack 算法[41]对比，

进一步验证本文算法的准确性与实时性。 

1  基于 JDE 的群养生猪多目标跟踪算法 

1.1  多目标跟踪算法概述 

基于 JDE 的群养生猪多目标跟踪算法如图 1 所示。该

算法以群养生猪视频序列为输入；采用特征提取模块提取

不同尺度的图像特征，得到 3 个不同尺度特征图的预测头，

输入数据关联模块；预测头的分类信息和边界框回归信息

用于得到检测框的位置结果，在跟踪部分，利用外观信息

结合检测框，通过包含卡尔曼滤波和匈牙利算法的数据关

联算法，输出检测与跟踪的视频序列结果。 

 
图 1  基于 JDE 的群养生猪多目标跟踪算法 

Fig.1  Multiple object tracking algorithm for group-housed pigs based on Joint Detection and Embedding (JDE) 
 

1.2  特征提取模块 

特征提取模块由 Darknet-53 网络和多尺度模块特征

金字塔构成，如图 2 所示。Darknet-53 网络包括 6 个卷积

层和 5 个残差层，其中卷积层和残差层的大小和数量见

表 1。卷积层由卷积层、批量归一化层和激活函数层共同

构成，残差层由一个 1×1 大小的卷积层和 3×3 大小的卷

积层构成。 

特征金字塔采用同一图像的不同尺度来检测目标，

有助于检测小目标。本文特征金字塔利用 Darknet-53 网

络中的第 3、4 和 5 个残差块进行特征融合，产生 3 个输

出预测头，分别输出分类信息、边界框回归信息和外观

信息。 
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图 2  特征提取网络结构 

Fig.2  Diagram of feature extraction network structure 

表 1  Darknet-53 网络结构参数 

Table 1  Darknet-53 network structure parameters 

名称 Name 
输出图片大小 

Output image size/Pixel 
滤波器个数 

Number of filters 
滤波器大小 

Filters size/Pixel 
数量 

Numbers 
卷积层 1 Conv layer 1 416×416 32 3×3 1 
卷积层 2 Conv layer 2 208×208 64 3×3/2 1 

残差层 1 Residual layer 1 208×208 32，64 1×1，3×3 1 
卷积层 3 Conv layer 3 104×104 128 3×3/2 1 

残差层 2 Residual layer 2 104×104 64，128 1×1，3×3 2 
卷积层 4 Conv layer 4 52×52 256 3×3/2 1 

残差层 3 Residual layer 3 52×52 128，256 1×1，3×3 8 
卷积层 5 Conv layer 5 26×26 512 3×3/2 1 

残差层 4 Residual layer 4 26×26 256，512 1×1，3×3 8 
卷积层 6 Conv layer 6 13×13 1 024 3×3/2 1 

残差层 5 Residual layer 5 13×13 512，1 024 1×1，3×3 4 

 

1.3  数据关联模块 

本文 JDE 算法的学习目标为多任务协同学习，其总

体损失 Ltotal 为分类损失、边界框回归损失和外观信息学

习损失之和，如式（1）所示。 

 totalL L L L           （1） 

式中 ωα、ωβ、ωγ分别为分类、边界框回归和外观信息学

习的权重值，Lα 为分类损失，Lγ 为外观信息学习损失，

其中损失均为交叉熵损失，计算公式如式（2）所示。 

 
1

1
lg
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ic ic
i c

L L y p
N 



     （2） 

式中 M 为类别的数量，N 为样本数，yic 为符号函数（0

或 1），c 为类别数。如果样本 N 的真实类别等于 c，则

yic=1，否则 yic=0。pic为观测样本 i 属于类别 c 的预测概率。 

Lβ 为边界框回归损失，为 smooth-L1 损失，计算公式

如式（3）所示。 
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式中 x 为输入样本。 

算法采用基于任务的不确定性计算加权系数，最终

自动加权的损失 Ltotal 如式（4）所示。 

1 1 1 1 1 1

2 2 2e e e
total s s s

L L s L s L s
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     

 

（4） 

式中 sα、sβ、sγ为每个个体损失的任务依赖的不确定性，

为可学习参数。 

模型通过分类损失和回归损失学习到的分类信息和

回归信息生成检测框对视频帧中每个猪只进行定位，外观

学习损失得到的外观信息包括每个猪只的外观特征，二者

通过数据关联，对每头猪分配 ID，实现多目标跟踪。猪只

多目标跟踪的具体实现流程如图 3 所示，具体步骤如下： 

1）创建初始跟踪轨迹。对于给定的视频帧序列，第

一帧将根据视频帧序列的检测结果利用卡尔曼滤波对轨

迹进行初始化，并维护一个跟踪轨迹池，包含所有可能

与预测值相关联的轨迹。 

2）数据关联。对于下一帧的输出结果，利用卡尔曼

滤波进行轨迹预测，计算出预测值与轨迹池之间的运动

亲和信息和外观亲和信息，其中外观亲和信息采用余弦

相似度计算，运动亲和信息采用马氏距离计算，然后利

用匈牙利算法的代价矩阵进行轨迹分配。 

3）更新轨迹。如果出现在 2 帧内的预测值没有被分

配给任何一个轨迹池中的轨迹，那么这条轨迹将被初始
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化为新的轨迹，然后根据卡尔曼滤波进行所有匹配轨迹状

态的更新，如果某条轨迹在连续 30 帧内没有被更新，则

终止该轨迹，所有视频帧处理完毕后，输出视频帧序列。 

图 3  卡尔曼滤波结合匈牙利算法的猪只目标跟踪流程 

Fig.3  Pig object tracking process of Kalman filter combined with 
Hungarian algorithm 

2  数据准备与评价指标 

2.1  数据集 

本试验采用的数据集包括 2 部分：一部分为 Psota 等[42]

提供的公开数据集，包含不同日龄、大小、数量和不同

环境的猪只视频，其中，视频 1、2、4、5 为保育猪（3～

10 周龄），视频 6、7、8、9、10 为早期育成猪（11～18

周龄），视频 12、15 为晚期育成猪（19～26 周龄）。根

据时间段的不同将猪只的活动水平分为 3 类：白天的高活

动、白天（或夜晚）的中等活动、白天（或夜晚）的低活

动，详表 2。同时，根据人工观察，将猪只个数较多且黏连

遮挡情况较为严重的视频定义为稠密视频，反之为稀疏视

频，见表 2。另外一部分为自建数据集[43]。两部分数据集均

为俯拍视频片段，由于摄像头高度及焦距的影响，不可避

免拍摄到猪圈外的物品，因此，在试验中采用视频裁剪方

法将视角固定为猪圈内，以减少外部环境的影响。 

表 2  公开数据集 

Table 2  Public dataset 

视频 
Videos 

白天 
Day 

黑夜 
Night 

稀疏 
Sparse 

稠密 
Dense 

活动水平 
Activity 

level 

猪只个数 
Number of 

pigs 
1 √ — √ — 高 7 
2 √ — √ — 低 7 
4 √ — — √ 中 15 
5 — √ √ — 中 8 
6 √ — — √ 高 16 
7 √ — — √ 中 12 
8 — √ — √ 低 13 
9 √ — — √ 中 14 

10 — √ — √ 中 14 
12 √ — — √ 低 15 
15 — √ — √ 中 16 

首先，利用 FFmpeg 软件完成视频剪辑，从中截取稠

密、稀疏、白天、黑夜的视频，2 部分数据集共 21 个视

频。然后利用 DarkLabel 软件对数据进行标注，其中，公

开数据集 11 个视频，共 3 300 张图像，自建数据集 10 个

视频，共 1 000 张图像。部分数据集如图 4 所示。为对比

不同场景下模型的检测和跟踪能力，选取不同的视频进

行模型训练和测试，参与训练的视频不参与测试。本文

共设计 3 个试验，其中试验 1 以视频 4、6、12 为测试集，

这些视频均为白天稠密，其余视频为训练集。试验 2 以

视频 2、5、8 为测试集，其中视频 5、8 分别为夜晚稀疏

与夜晚稠密，视频 2 为白天稀疏，其余视频为训练集。

试验 3 以自建数据集的 7 个视频为测试集（视频 3、11、

14、16、18、19、21），另外 3 个视频为测试集（视频

13、17、20）。其中猪只活动水平定义如下：根据视频

的人工观察结果，在白天（10:00－12:30）猪只的饮食和

玩耍等行为较频繁，此时间段定义为猪只白天的高活动

水平。在白天（12:30－17:00）或夜晚（17:00－20:00）

猪只的饮食和玩耍等行为没有白天（10:00－12:30）高，

此时间段定义为白天或夜晚的中等活动水平。在白天

（7:00－10:00）或夜晚（20:00－7:00）猪只的饮食和玩耍

等行为较少，躺卧行为较多，此时间段定义为白天或夜

晚的低活动水平。 

图 4  部分数据集 

Fig.4  Part of the dataset 

2.2  试验环境 

本文所有试验在同一计算机上完成，硬件配置为 12th 

Gen Intel(R) i9-12900KF CPU，NVIDIA GeForce RTX 

3090 GPU，32GB 内存，64 位 Linux 操作系统，Pytorch

版本 1.7.1，Python 版本 3.8，CUDA 版本 11.0。 

训练过程中设置图片尺寸为 416×416（像素），批处

理大小（Batchsize）设置为 32，初始学习率（Learning Rate）

为 0.01，动量（Momentum）设置为 0.9，共训练 30 个时

期（Epoch），使用随机梯度下降法（Stochastic Gradient 

Descent, SGD）进行优化，保存训练过程中精度最高的模

型参数进行模型测试。 
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2.3  评价指标 

选择精确率（Precision，P），召回率（Recall，R）

和平均精度均值（mean Average Precision，mAP）3 个指

标评判模型的检测性能。精确率衡量模型对猪只目标检

测的精确程度，如式（5），其中 DTP 是检测正确的目标

数量，DFP 是检测错误的目标数量。 

DTP
100%

DTP+DFP
P   （5） 

召回率衡量模型对猪只目标检测的覆盖能力，如式

（6），其中 DFN 是漏检的目标数量。 

DTP
100%

DTP+DFN
R   （6） 

平均精度均值是对检测的类别对应的精度均值取平

均，如式（7），其中 P(R)是以召回率 R 为自变量，精确

率 P 为因变量的函数。 

1

0
mAP ( )dP R R  （7） 

选择多目标跟踪精度（Multiple Object Tracking 

Accuracy，MOTA）和 IDF1 得分（ID F1 Score）作为多

目标跟踪的主要评价指标。MOTA 衡量跟踪器检测目标

和保持轨迹跟踪的性能。IDF1 为引入跟踪目标标号 ID 的

F1 值，由于引入了跟踪目标标号 ID，IDF1 更重视目标

的轨迹跟踪能力。MOTA 计算公式如式（8）所示。 

(FP+FN+IDS)
MOTA 1 t

tt
g

 


（8） 

式中 FP 为在第 t 帧中目标误报总数（假阳性）；FN 为在

第 t 帧目标丢失总数（假阴性）；IDS 为在第 t 帧中跟踪

目标标号 ID 发生切换的次数；gt 是 t 时刻观测到的目标

数量。 

IDF1 计算公式如式（9）所示。 

2IDTP
IDF1

2IDTP+IDFP+IDFN
 （9） 

式中 IDTP 为 ID 保持不变的情况下正确跟踪到的目

标总数，IDFP 为 ID 保持不变的情况下跟踪错误的目

标总数，IDFN 为 ID 保持不变的情况下跟踪目标丢失

总数。 

此外，其他相关指标还有碎片数（Fragmentation，

FM）、主要跟踪到的目标（Mostly Tracked Target，MT）

（被跟踪到的轨迹比例大于 80%）、主要丢失目标（Mostly 

Lost Target，ML）（被跟踪到的轨迹比例小于 20%）、

部分跟踪到的目标（Partially Tracked Target，PT）（被跟

踪到的轨迹比例不大于 80%且不小于 20%）、一条跟踪

轨迹改变目标标号 ID 的次数（Identity Switches，IDS）

以及平均每秒传输帧数（Frames Per Second，FPS）。 

本文对群养生猪目标跟踪模型性能的分析选择

MOTA、IDF1 和 FPS 作为主要评价指标，辅助以 FP、FN、

FM、IDS、MT、ML 等指标进行模型的性能评估。其中

MOTA、IDF1、MT 和 FPS 数值越高模型性能越好，FP、

FN、FM、IDS 和 ML 数值越低模型性能越好。 

3  结果与分析 

3.1  JDE 模型试验结果 

JDE 模型的检测结果见表 3。可以发现，本文算法在

公开数据集中的 mAP 平均值达到 92.5%，测试集 2、4、

6、8、12 视频的 mAP 分别为 96.2%、95.6%、96.1%、98.0%、

92.2%。对于视频 5，其 mAP 为 77.0%，主要原因是该视

频的场景与其他视频相比差异较大，增加了目标检测的

难度；在自建数据集中的 mAP 平均值达到 93.8%，总体

平均 mAP 达到 92.9%，表明本文 JDE 算法对于不同复杂

场景具有较好的检测能力。 

表 3  JDE 模型的目标检测试验结果 

Table 3  Object detection experiment results of the 
Joint Detection and Embedding (JDE) model 

% 

测试集 
Test set 

视频 
Video 

精确率 
Precision P 

召回率 
Recall R 

平均精度均值 
Mean Average 
Precision mAP 

2 96.0 94.8 96.2 

4 84.7 96.1 95.6 

5 81.2 79.2 77.0 

6 96.2 95.1 96.1 

8 99.2 87.9 98.0 

公开数据集 
Public dataset 

12 83.2 93.6 92.2 

13 99.5 90.9 94.8 

17 93.1 99.0 98.6 
自建数据集 

Private dataset 

20 94.5 80.1 88.0 

JDE 模型的跟踪结果如表 4 所示。可以发现，在公

开数据集中，视频 2、4、5、6、8、12 的 MOTA 分别为

91.4%、82.5%、59.2%、90.8%、94.2%、74.4%，平均

MOTA 为 82.1%，在自建数据集中，视频 13、17、20 的

MOTA 分别为 84.4%、88.1%、90.2%，平均 MOTA 为

87.6%，总体平均 MOTA 为 83.9%。不同视频的 MOTA

产生差别的主要原因是每个视频的环境不同，如视频

背景、白天、黑夜、稀疏、稠密和猪只的活动状态，

在视频背景干扰严重、猪只活动较为频繁（如饮食，

玩耍等行为）情况下，MOTA 相对较低，在夜晚视频

8 中，猪只活动较少且背景对猪只的干扰较小，MOTA

最高，为 94.2%。在夜晚视频 5 中，视频背景干扰严

重，MOTA 较低，为 59.2%，根据 IDF1 和 FPS 可以

看出，本文 JDE 模型在公开数据集中的 IDF1 平均值

为 77.7%，FPS 平均值为 74.26 帧/s，在自建数据集中

的 IDF1 平均值为 83.5%，FPS 平均值为 73.19 帧/s，

总体平均 IDF1 值为 79.6%，总体平均 FPS 值为 73.9

帧/s。可以发现，本文 JDE 模型对猪只目标的 ID 跟踪

精度和 FPS 均达到较高水平，能够实现实际养殖环境

下的群养猪多目标快速实时跟踪，为实际群养猪养殖

场的精准管理提供技术支持。 
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表 4  JDE 模型的多目标跟踪试验结果 

Table 4  Multiple object tracking experiment results of the JDE model 

视频 
Video 

猪只个数 
Pig 

numbers 

主要跟踪 
到的目标 

Mostly 
tracked target 

部分跟踪 
到的目标 
Partially 

tracked target 

主要丢失 
目标 

Mostly lost 
target 

假阳性 
False 

positive 

假阴性 
False 

negative 

ID 跳变 
ID switch 

碎片数 
Fragmentation 

多目标跟踪精度 
Multiple object 

tracking 
accuracy/% 

IDF1 得分 
IDF1 

score/% 

每秒检测帧数 
Frames Per 

Second FPS/ 
(帧·s-1) 

2 7 6 1 0 29 136 14 19 91.4 80.3 77.64 

4 15 12 3 0 377 384 26 30 82.5 75.3 72.47 

5 8 4 4 0 438 497 40 51 59.2 59.2 76.46 

6 16 14 2 0 115 285 39 63 90.8 75.1 71.56 

8 13 13 0 0 104 108 15 26 94.2 94.1 73.88 

12 15 12 3 0 847 286 14 45 74.4 82.2 73.55 

13 14 11 3 0 24 185 9 14 84.4 79.1 71.19 

17 5 5 0 0 24 31 4 9 88.1 88.3 75.73 

20 8 6 1 1 6 57 6 5 90.2 83.1 72.66 

猪只白天稀疏和稠密 2 种分布情况的可视化分析结

果如图 5 所示。 

注：图中数字表示猪只 ID 号，算法中第一帧图像的检测会对每头猪只分配

一个从 1 递增的 ID 号，例如（1、2、3…），对后续帧进行检测和跟踪时，

由于猪只的移动，可能会对某个猪只的 ID 识别错误，此时把这个猪只识别

为新的猪只，则该猪只的 ID 号就变为错误的 ID 号，直至所有视频帧处理

完毕。下同。 
Note: The number in the figure indicates the pig ID No., the first image detection 
frame of the algorithm will assign an incremental ID No. from 1 to each pig, for 
example (1, 2, 3...), when detecting and tracking the subsequent frames, due to 
the movement of the pig, the ID of a pig may be identified incorrectly, at this 
time to identify this pig as a new pig, the ID No. of the pig will change to the 
wrong ID No. until all video frames are processed. Same below. 

图 5  猪只白天稀疏和稠密分布情况的可视化分析结果 

Fig.5  Results of the visualization analysis of the sparse and dense 
distribution of pigs during the day 

对于猪只白天稀疏的视频 2，本文算法可以准确地检

测和跟踪每一只猪，如图 5a。但是，对猪只白天稠密且

猪只粘连遮挡情况较为严重的视频 4 存在漏检，如图 5b

中箭头标识的猪。这说明在猪只白天稠密的环境下，由

于猪只目标出现漏检，从而影响了算法的跟踪性能。 

对猪只白天和夜晚情况下的可视化分析如图 6 所示，

可以发现，在猪只白天稠密且有遮挡的情况下，本文 JDE

模型可以很好地跟踪到每一只猪，如图 6a。在夜晚视频

背景比较黑暗且猪只密集有遮挡的情况下，JDE 模型也

可以准确地跟踪每一只猪，如图 6b。但在猪只夜晚稀疏

的视频 5 中，由于所有猪只都分布于猪圈的左方，且视

频背景和猪只颜色相似，这使得检测器和跟踪器较难检

测和跟踪这些猪只目标，出现猪只漏检的情况，如图 6c

所示。总体上，本文 JDE 模型对于不同场景下的群养生

猪多目标跟踪达到较好水平。 

图 6  猪只白天和夜晚不同分布情况的的可视化分析结果 

Fig.6  Results of the visualization analysis of the different 
distribution of pigs during the day and night 

3.2  SDE 模型试验结果 

为验证本文 JDE 模型的多目标跟踪性能，与经典的

SDE 模型进行对比试验。SDE 检测器与本文 JDE 模型相

同，跟踪器使用 DeepSORT，采用相同的公开数据集进行

训练和测试，试验结果如表 5 所示。可以发现，SDE 模

型的 MOTA 和 IDF1 平均值分别为 81.6%和 78.2%，对比

表 4，本文 JDE 模型的 MOTA 提升了 0.5 个百分点。从

总体性能指标来看，本文 JDE 模型的 MT、PT、ML、FN、

MOTA 和 FPS 指标均优于 SDE 模型。在速度方面，SDE

模型的 FPS 均值为 16.88 帧/s，本文 JDE 模型的 FPS 均

值达到 74.26 帧/s。总体来说，二者在跟踪准确度和跟踪

精度接近情况下，本文 JDE 模型的视频处理速度比 SDE

模型提升了 340%，这对于实现养殖场长时间群养生猪视

频的实时多目标跟踪有重要意义。 
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表 5  SDE 模型的多目标跟踪试验结果 

Table 5  Multiple object tracking experiment results of the Separate Detection and Embedding (SDE) model 

视频 
Video 

猪只个数 
Pig 

numbers 

主要跟踪 
到的目标 

Mostly 
tracked target 

部分跟踪 
到的目标 
Partially 

tracked target 

主要丢失 
目标 

Mostly lost 
target 

假阳性 
False 

positive 

假阴性 
False 

negative 

ID 跳变 
ID switch 

碎片数 
Fragmentation 

多目标跟踪精度 
Multiple object 

tracking 
accuracy/% 

IDF1 得分 
IDF1 

score/% 

FPS/ 
(帧·s-1) 

2 7 6 1 0 128 138 8 13 87.0 85.1 21.18 

4 15 15 0 0 173 215 33 30 90.6 81.3 17.00 

5 8 3 4 1 216 824 19 39 55.9 60.4 15.28 

6 16 13 3 0 22 636 32 53 85.6 74.2 16.16 

8 13 13 0 0 430 74 9 10 86.8 87.1 16.52 

12 15 10 3 2 45 1 075 8 29 74.9 76.0 15.11 

选取部分数据集进行可视化分析，结果如图 7 所示，

在猪只夜晚稠密的视频 8 中，SDE 模型存在错检情况，

如图 7b 左下角第二头猪出现 2 个跟踪框，而本文 JDE 模

型没有错检情况，如图 7a 所示。在猪只白天稠密的视频

12 中，由于猪只密集躺在一起，检测器较容易发生漏检，

如图 7a、7b，JDE 模型漏检 2 头猪，SDE 模型漏检 3 头

猪，JDE 比 SDE 模型具有更好的检测跟踪结果。 

图 7  JDE 与 SDE 模型对猪只不同分布情况的可视化结果对比 

Fig.7  Comparison of visualization results of JDE and SDE 
models for different distribution of pigs 

此外，文献[40]采用基于 SDE 模型对猪只目标检测

的平均精度均值达 99.0%，多目标跟踪精度 MOTA 为

96.8%，但文献[40]的数据场景单一，无法应对其他场景。

尽管包括白天和黑夜（光照变化），但训练和测试场景

相同。本文数据集包含不同情况下的场景，共有 11 个视

频场景，各个场景环境不同，猪只大小也不同，训练和

测试场景完全不相同。 

3.3  TransTrack 试验结果 

为进一步验证本文算法在群养猪多目标跟踪方面

的性能，与 TransTrack 模型在相同的公开数据集上进

行对比试验，试验结果如表 6 所示。TransTrack 模型

的平均 MOTA、IDF1 和 FPS 分别为 71.7%、71.1%和

17.53 帧/s，与表 4 结果比较发现，本文 JDE 模型比

TransTrack 模型的 MOTA 和 IDF1 分别提升 10.4 和 6.6

个百分点，同时 FPS 提升 324%。从性能指标 MT、PT、

ML、FP、FN、IDS、FM、MOTA、IDF1 和 FPS 的数

值 对 比 可 以 发 现 ， 本 文 JDE 模 型 性 能 均 优 于

TransTrack 模型。 

表 6  TransTrack 模型的试验结果 

Table 6  Experimental results of the TransTrack model 

视频 
Video 

猪只个数 
Pig 

numbers 

主要跟踪 
到的目标 

Mostly 
tracked target 

部分跟踪 
到的目标 
Partially 

tracked target 

主要丢失 
目标 

Mostly lost 
target 

假阳性 
False 

positive 

假阴性 
False 

negative 

ID 跳变 
ID switch 

碎片数 
Fragmentation 

多目标跟踪精度 
Multiple object 

tracking accuracy/% 

IDF1 得分 
IDF1 

score/% 

FPS/ 
(帧·s-1) 

2 7 6 1 0 98 130 19 20 88.2 78.9 17.29 

4 15 14 1 0 487 337 33 67 81.0 84.1 17.64 

5 8 4 3 1 109 621 31 54 68.3 73.9 17.66 

6 16 7 9 0 516 1 370 94 166 58.8 46.6 17.83 

8 13 9 3 1 507 762 41 64 66.4 69.9 17.53 

12 15 11 2 2 546 909 16 33 67.3 73.4 17.21 

对 2 种模型的跟踪结果选取部分数据进行可视化分

析，结果如图 8 所示。对比发现，相较于 TransTrack 模

型，JDE 模型对猪只严重遮挡情况有更好的检测和跟踪

能力，如图 8a。而 TransTrack 模型在猪只严重遮挡情况

下，会出现猪只的漏检或者是猪只追踪的缺失，如图 8b。

可以看出，本文算法在不同场景中，检测框更加贴合猪

只目标，对于严重遮挡的猪只目标具有更强的检测跟踪

能力。 
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图 8  JDE 与 TransTrack 模型的可视化结果对比 

Fig.8  Visualization comparison of JDE model and TransTrack model 
 

4  结  论 

1）本文 JDE 模型在二阶段目标检测和跟踪分离框架

的基础上进行改进，在输出检测框的同时，给网络增加

目标外观信息学习损失对应的输出分支，实现检测和跟

踪的多任务协同学习，实现联合目标检测和跟踪。 

2）本文制作了 2 个数据集，分别为公开数据集和自

建数据集。其数据场景复杂多样，各个场景的猪只大小、

数量、日龄和光照条件都不同，并在公开数据集中与 SDE

模型和 TransTrack 模型进行了对比。 

3）试验结果表明，本文 JDE 模型在 2 个数据集的总

体平均精度均值 mAP 为 92.9%，平均多目标跟踪精度

MOTA 为 83.9%，平均 IDF1 得分为 79.6%，平均每秒检

测帧数 FPS 为 73.9。在公开数据集中与 TransTrack 模型

进行对比，本文 JDE 模型的 MOTA 和 IDF1 分别提升 10.4

和 6.6 个百分点，FPS 提升 324%。在公开数据集中与 SDE

模型进行对比，本文 JDE 模型在 MOTA 和 IDF1 的数值

接近下，FPS 提升 340%，解决了 SDE 模型目标检测和跟

踪模块分离导致目标跟踪速度慢的问题，这对于养殖场

群养生猪长时间视频的实时多目标跟踪具有重要意义。 
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Multiple object tracking of group-housed pigs based on JDE model 

Tu Shuqin, Huang Lei, Liang Yun※, Huang Zhengxin, Li Chengjie, Liu Xiaolong
(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China) 

Abstract: Pig production has been always the pillar of the industrial livestock industry in China. Therefore, the pig industry is 

closely related to food safety, social stability, and the coordinated development of the national economy. An intelligent video 

surveillance can greatly contribute to the large-scale production of animal husbandry under labor shortage at present. It is very 

necessary to accurately track and identify the abnormal behavior of group-housed pigs in the breeding scene. Much effort has 

been focused on Multiple Object Tracking (MOT) for pig detection and tracking. Among them, two parts are included in the 

Tracking By Detection (TBD) paradigm, e.g., the Separate Detection and Embedding (SDE) model. Previously, the detector 

has been developed to detect pig objects. And then the tracking models have been selected for the pig tracking using Kalman 

filter and Hungarian (Sort or DeepSORT). The detection and association steps have been designed to increase the running and 

training time of the model in the dominant MOT strategy. Thus, real-time tracking cannot fully meet the requirement of the 

group-housed pigs. In this study, a Joint Detection and Embedding (JDE) model was proposed to automatically detect the pig 

objects and then track each one in the complex scenes (day or night, sparse or dense). The core of JDE model was to integrate 

the detector and the embedding model into a single network for the real-time MOT system. Specifically, the JDE model 

incorporated the appearance model into a single-shot detector. As such, the simultaneous output was performed on the 

corresponding appearance to improve the runtime and operational efficiency of the model. An overall loss of one multiple task 

learning loss was utilized in the JDE model. Three loss functions were included classification, box regression and appearance. 

Three merits were achieved after operations. Firstly, the multiple tasks learning loss was used to realize the object detection 

and appearance to be learned in a shared model, in order to reduce the amount of occupied memory. Secondly, the forward 

operation was computed using the multiple tasks loss at one time. The overall inference time was reduced to improve the 

efficiency of the MOT system. Thirdly, the performance of each prediction head was promoted to share the same set of 

low-level features and feature pyramid network architecture. Finally, the data association module was utilized to process the 

outputs of the detection and appearance head from the JDE, in order to produce the position prediction and ID tracking of 

multiple objects. The JDE model was validated on the special dataset under a variety of settings. The special dataset was also 

built with a total of 21 video segments and 4 300 images using the dark label video annotation software. Two types of datasets 

were obtained, where the public dataset contained 11 video sequences and 3 300 images, and the private dataset contained 10 

video segments and 1 000 images. The experimental results show that the mean Average Precision (mAP), Multiple Object 

Tracking Accuracies (MOTA), IDF1 score, and FPS of the JDE on all test videos were 92.9%, 83.9%, 79.6%, and 73.9 

frames/s, respectively. A comparison was also made with the SDE model and TransTrack method on the public dataset. The 

JDE model improved the FPS by 340%, and the MOTA by 0.5 percentage points in the same test dataset, compared with the 

SDE model. It infers the sufficient real-time performance of MOT using the JDE model. The MOTA, IDF1 metrics, and FPS 

of the JDE model was improved by 10.4 and 6.6 percentage points, and 324%, respectively, compared with the TransTrack 

model. The visual tracking demonstrated that the JDE model performed the best detection and tracking ability with the SDE 

and TransTrack models under the four scenarios, including the dense day, sparse day, dense night, and sparse night. The 

finding can also provide an effective and accurate detection for the rapid tracking of group-housed pigs in complex farming 

scenes. 

Keywords: object detection; object tracking; joint detection and tracking; data association; group-housed pigs 
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改进 TransTrack 多目标生猪行为跟踪方法

涂淑琴 ，黄正鑫 ，梁　云 ※，黄　磊 ，刘晓龙
（华南农业大学数学与信息学院，广州 510642）

摘　要：高效准确地监测群养生猪的行为变化以获取其生理、健康和福利状况，对于实现生猪智能精细化养殖具有重要

意义。针对猪场自然场景下光照变化和猪只粘连遮挡等因素影响，使得猪只行为跟踪中存在误检、漏检和身份频繁错误

变换问题，该研究提出一种改进的 TransTrack多目标生猪行为跟踪方法。首先，在目标检测模块中，采用改进的并集交

并比的匹配算法，去除猪只遮挡导致的目标误检检测框。然后，在跟踪模块中，根据高低匹配阈值进行 2次数据关联，

提高光照变化下漏检目标的跟踪准确性。最后，针对误检与漏检导致跟踪中猪只身份错误变换，根据猪栏中猪只数量信

息，限制猪只身份编号值的错误增加，提高猪只身份准确识别率。在公开数据集和私有数据集上的试验结果表明，改进

的 TransTrack在多目标跟踪准确率（multiple object tracking accuracy，MOTA），高阶跟踪准确率（higher order tracking
accuracy，HOTA）和身份变换（ identity  switches， IDs）分别为 92.0%、 69.8%和 210。在公开数据集中，对比

Trackformer，JDE和 TransTrack模型，改进的 TransTrack方法在MOTA分别提高 3.9，9.0和 13.1个百分点，HOTA分

别提高 1.3，9.5和 8.3个百分点，IDs分别降低 136，326和 376。在私有数据集中， 对比 Trackformer 和 TransTrack模
型，改进的 TransTrack 方法在MOTA分别提高 14.4和 15.8个百分点，HOTA分别提高 1.8和 9.5个百分点。结果显示，

改进的 TransTrack方法能够更加稳定地实现对群养生猪的行为跟踪，为群养生猪行为识别与智能分析提供技术支持。

关键词：识别；多目标跟踪；生猪；TransTrack；数据关联
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0　引　言

生猪产业作为中国经济的重要组成部分，其降本增

效对经济发展具有重要意义[1]。为了在大规模生猪养殖

中降低成本、提高效益，数字化信息技术被广泛应用，

并成为未来发展的方向。然而，在目前的生猪养殖中，

群养生猪的行为监测主要依赖于人工，这导致管理成本

高、存在人畜交叉感染的风险[2-3]。为应对这些挑战，深

度学习技术已被应用于生猪行为监测中，实现非接触式

和低应激的健康监测，提高猪只福利和经济效益[4-5]。

在猪只行为识别领域，基于深度学习的猪只行为与

姿态识别研究已取得许多成果[6-10]。例如，在猪只行为

识别方面，ZHENG等[6] 研究猪只站立、坐、趴卧和侧

卧识别，CHEN等[7] 研究生猪的攻击性行为。SHAO等[8]

研究生猪站立、俯卧、侧卧和探索行为。在姿态识别方

面，RIEKERT等 [9] 研究生猪姿态检测，平均精度为

80.20%。王鲁等[10] 研究母猪 4种姿态识别，包括跪立、

站立、坐和躺卧姿态， 取得平均精度为 98.20%的性能。

以上研究在特定条件下达到较高精度，猪只行为与姿态

识别取得一定进展，但缺乏对不同光照场景下的充分试

验，在不同光照场景及猪只粘连密集遮挡下，准确识别

猪只姿态行为仍存在一定挑战，且上述研究仅对图像中

猪只行为进行静态识别，无法实现对视频中每头猪只的

行为进行动态的自动跟踪。

多目标跟踪 (multiple object tracking，MOT) 算法在

给定视频中对多个感兴趣的目标进行定位，维持个体 ID
号，跟踪每个个体的运动轨迹[11]。常用的 MOT算法包

括 SORT[12]、 DeepSORT[13]、 JDE[14]、 ByteTrack[15]、
TrackFormer[16] 和 TransTrack[17] 等。近年来，MOT算法

也引入猪只视频监控应用中。例如，张伟等 [18] 利用

CenterNet+DeepSORT模型实现了断奶仔猪的检测和多目

标跟踪，改善了猪只外观相似和遮挡情况下的跟踪效

果。文献 [19-20]提出基于 YOLOv5s及 YOLOX-S的改

进 DeepSORT算法，改善了猪只重叠与遮挡造成的猪只

身份编号（ID）频繁跳变。文献 [21]利用一种 JDE群养

生猪 MOT方法，实现了实时的跟踪效果。文献 [22]提
出改进 ByteTrack多目标跟踪算法用于群养生猪行为跟

踪，该方法提高了跟踪的性能和效率。虽然上述研究在

猪只目标跟踪领域取得了一定的进展，然而这些方法中

的检测器、跟踪器和外观模型是分开训练，在目标检测、

跟踪和重识别任务之间缺乏有效的信息交互利用，在复
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杂场景下，容易出现猪只漏检、错检和 ID频繁跳变等问

题。另外，上述多数研究仅完成了生猪目标跟踪，未将

生猪行为信息与跟踪相融合，因此，需要进一步将猪只

行为与跟踪任务进行融合，以实现对每头生猪行为的准

确自动跟踪。

针对上述问题，本文提出一种改进的 TransTrack多
目标生猪行为跟踪方法。首先，该方法采用 TransFormer
网络实现目标检测、跟踪和重识别的信息交互，同时，

在目标检测模块中采用改进的并集交并比匹配算法，消

除猪只遮挡导致的错误检测框；然后，在跟踪模块中，

引入不同的匹配阈值，进行 2次数据关联，以确保在不

同光照条件下准确跟踪漏检目标。为解决误检和漏检引

起的猪只身份错误变换问题，利用猪栏猪只真实头数的

先验信息，更正猪只身份错误变换，实现准确的猪只身

份识别；最后，在跟踪轨迹中引入猪只行为信息，构建

生猪多目标行为跟踪模型，为实现猪只行为分析提供可

靠的技术支撑。 

1　试验数据

本研究使用公开数据集和私有数据集进行试验。其

中，公开数据集来自文献 [23]，包含 23个猪舍监控视频

段，每个猪舍中的猪只数量不同，范围为 7～16头，涵盖

白天和夜晚的不同时间段，共包含图像 6 900张。其中，

12个视频段用于模型训练和验证，其余 11个视频段用

于测试。私有数据集为 8个视频段，包含 2 400张图像，

在佛山商业猪场进行拍摄，包括 08:00－10:00和 15:00－
16:00的晴天和阴天，每个猪舍有 6～11头猪只，其中 4
个用于训练，4个用于测试。每个视频段的时长为 1 min，
帧率为 5帧/s，每个视频都包含 300张图像。这 2个数

据集中都包含具有不同日龄、大小和数量的猪只视频。

根据时间段的不同将猪只的活动水平分为 3 类：白天的

高活动、白天（或夜晚）的中等活动、白天（或夜晚）

的低活动。其中，猪只活动水平[21] 定义如下：根据视频

的人工观察结果，在白天（10:00－12:30）猪只的饮食和

玩耍等行为较频繁，此时间段定义为猪只白天的高活动

水平。在白天（12:30－17:00）或夜晚（17:00－20:00）
猪只的饮食和玩耍等行为没有白天（10:00－12:30）高，

此时间段定义为白天或夜晚的中等活动水平。在白天

（07:00－10:00）或夜晚（20:00－07:00）猪只的饮食和

玩耍等行为较少，躺卧行为较多，此时间段定义为白天

或夜晚的低活动水平。详细的测试视频如表 1所示。
 

表 1    测试数据集

Table 1    Test dataset
数据集
Dataset

视频编号
Vedio number

白天
Day

黑夜
Night

活动水平
Activity level

猪只个数
Number of pigs

公开数据集
Public dataset

0102 √ − 高 7
0402 √ − 中 15
0502 − √ 中 8
0602 √ − 高 16
0702 √ − 中 12
0802 − √ 低 13
0902 √ − 中 14
1 002 − √ 中 14
1 102 √ − 高 16
1 202 √ − 低 15
1 502 − √ 中 16

私有数据集
Private dataset

1 602 √ − 低 11
1 604 √ − 中 11
1 701 √ − 高 6
1 703 √ − 低 6

部分数据样本如图 1所示，其中图 1a是公开数据集

的示例，图 1b是私有数据集的示例。在生猪各个生长阶

段中, 躺卧、饮食和站立是猪只行为研究的基础需求，对

猪只的这些行为进行追踪，能更好地了解猪只生长过程

的心理和生理状态，满足猪场管理实际需求。因此，本

研究将生猪的行为分为 4个类别，分别是躺卧、饮食、

站立和其他。

a. 公开数据集
a. Public dataset

b. 私有数据集
b. Private dataset

视频0102

Video 0102

视频0702

Video 0702

视频1502

Video 1502

视频1602

Video 1602

视频1604

Video 1604

视频1701

Video 1701

图 1　部分生猪图像

Fig.1    Part of group-housed pig images

2　改进的 TransTrack 多目标生猪行为跟踪方法

针对 TransTrack方法在猪场环境下，由于遮挡和重

复检测导致跟踪性能下降的问题，提出改进的

TransTrack方法，其工作流程如图 2所示。该方法分为

Ft Ft−1

特征提取和检测与跟踪模块两部分，首先，将视频输入

到特征提取模块，利用基于残差网络的骨干网络提取连

续 2帧图像的特征（ ， ），将其组合为全局特征

图后，融合位置嵌入信息输入 TransFormer编码器；然
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Ft Ft−1后，将编码之后的连续 2帧图像特征（ 编码， 编

码）输入到 2个 TransFormer解码器网络，分别输入前

馈网络，形成目标检测网络和跟踪网络，产生目标检测

框和跟踪框；最后，将检测框和跟踪框进行并集交并比

（complete intersection over union, CIOU）数据关联匹配，

输出多目标跟踪图像序列结果。
 
 

...

...

解码器
Decoder

解码器
Decoder

...

...

...

...

编码器
Encoder

位置嵌入
Position embeding

Ft特征
Ft feature

Ft−1特征
Ft−1 feature

特征提取模块
Feature extraction module

骨干网络
Backbone

Ft编码
Ft encode

Ft−1编码
Ft−1 encodet

视频输入
Video input

视频输出
Video output

可学习目标查询
Query of learnable objectives

跟踪查询
Tracking query

前馈网络
Feedforward network

前馈网络
Feedforward network

检测与跟踪模块
Detection and tracking module

CIOU匹配
CIOU matching

卷积网络
CNN

数据关联
Data association

图 2　改进的 TransTrack多目标生猪行为跟踪方法

Fig.2    Behavior tracking flow chart of improved TransTrack on group-housed pigs
 
 

2.1　TransFormer 编码器和解码器

Ft Ft−1

TransTrack的关键模块为 TransFormer编码器和解码

器。TransFormer编码器结构如图 3a所示，首先对输入

的连续 2帧图像特征进行自注意力处理，然后通过前馈

网络和 2次残差连接正则化处理，对特征进行增强处理，

输出增强的特征，分别为 和 编码。TransFormer解

Ft Ft−1

码器结构如图 3b所示，以前一帧的目标特征和当前帧的

可学习目标作为跟踪和目标查询，将目标查询和跟踪查询

通过自注意力学习和 1次残差连接正则化处理，分别与编

码器输出的图像特征（ 编码， 编码）进行交叉注

意力，经过 2次残差连接正则化和前馈网络处理，产生

增强的目标特征和跟踪特征，获得跟踪目标和检测结果。
 
 

a. 编码器
a. Encoder

自注意力 残差连接 前馈网络 残差连接图像特征 输出

b. 解码器
b. Decoder

自注意力 残差连接跟踪查询 交叉注意力 前馈网络残差连接 残差连接 跟踪特征

自注意力 残差连接目标查询 交叉注意力 前馈网络残差连接 残差连接 目标特征 输出

输出

编码器输出

图 3　TransFormer 编码器和解码器

Fig.3    TransFormer encoder and decoder

γ

TransFormer编码器和解码器采用相同的训练损失，

损失函数 计算式为：

γ = λcls ·γcls+λL1 ·γL1+λGIOU ·γGIOU （1）

γcls式中 为预测的类别和真实类别之间的 Focal loss[24]，
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γL1

γGIOU

λcls λL1 λGIOU

为归一化后的预测框中心点坐标与真实坐标之间的 L1

损失， 为归一化后的预测框宽度和高度与真实框宽

度和高度之间的广义交并比（generalized intersection over
union, GIOU）损失[25]， ， 和 都是固定系数。 

2.2　数据关联方法

TransTrack在 MOT任务取得优秀的性能，然而，

TransTrack在数据关联匹配中采用 GIOU，无法应对遮挡

和重复检测等问题造成的目标跟踪性能下降的挑战。因

此，本文在基本的 TransTrack方法基础上，对检测和跟

踪模块两部分进行有效改进。

1）检测模块的重叠框修正和改进数据关联算法

首先，在目标检测中计算检测框之间的重叠程度，

根据设定阈值去除重叠的多余检测框；然后，根据检测

置信度将无重叠的检测框分为高分和低分的目标检测框。

同时，将 4种猪只行为类别信息引入目标分类中。最后，

在轨迹跟踪中，使用 CIOU分别对高分和低分目标检测

框进行 2次数据关联，并在轨迹框中增加 4种行为类别

参数，实现猪只行为跟踪。

2）跟踪模块的 ID修正处理

在群养生猪自然场景下，由于目标误检或者密集遮

挡等原因，TransTrack存在猪只频繁的 ID错误变换。针

对该挑战，本文根据养猪场猪栏中猪只数量在一段时间

内固定的特点，在对群养生猪进行跟踪时，通过优化轨

迹 ID的赋值方法，限制 ID的增长，减少猪只 ID频繁

错误切换。对轨迹 ID的修正处理流程如图 4所示。

目标检测结果

检测框得分是否大于阈

值

N

丢弃检测框

检测框放入D

Y

D与轨迹T进行两次匹

配

是否第一帧

N

Y

按照D的数量给

轨迹分配ID

得到第一次未匹配的检测框

D unmatch _ 1 ,未匹配的轨迹

Tunmatch和已匹配轨迹Tmatch

Dunmatch_1和Tunmatch采用欧氏

距离进行聚类匹配

得到第二次未匹配的检测框

Dunmatch_2和已匹配轨迹Tmatch

Dunmatch_2是否为空

结
束
匹
配

Y

N

在Dunmatch_2中阈值大于0.4的检测

框赋予一个在Tmatch中不存在

的ID号

结束匹配

注：D 为置信度得分大于阈值的检测框，T 为轨迹，Dunmatch_1 为第一次未匹

配的检测框，Tunmatch 为未匹配的轨迹，Tmatch 为已匹配轨迹，Dunmatch_2 为第

二次未匹配的检测框
Note： D is the detection box with confidence score greater than the threshold, T
is  the  track,  Dunmatch_1  is  the  first  unmatched  detection  box,  Tunmatch  is  the
unmatched  track,  Tmatch  is  the  matched  track,  and  Dunmatch_2  is  the  second
unmatched detection box

图 4　跟踪模块的 ID处理

Fig.4    ID processing for tracking modules

由图 4可知，跟踪模块的 ID处理过程中，将目标检

测结果中，置信度得分大于阈值的检测框放入 D 中。若

n
n

为第一帧，创建一个新的轨迹 T={T1,···, Tn}，按 D 数量

从{1,···, }，给轨迹 T 的 ID赋值。否则，将 D 与 T 进行

两次匹配，得到第一次未匹配的检测框 Dunmatch_1,未匹配

的轨迹 Tunmatch 和已匹配轨迹 Tmatch。对 Dunmatch_1 和 Tunmatch

采用欧氏距离进行聚类匹配。产生第二次未匹配的检测

框 Dunmatch_2 和匹配轨迹 Tmatch。若 Dunmatch_2 为空，说明检

测框 D 和轨迹 T 匹配成功；否则，依次给 Dunmatch_2 里每

一个阈值大于 0.4的检测框，从小到大赋予一个在 Tmatch

中不存在的 ID号，并更新 Tmatch。 

2.3　试验平台

本文所有试验在同一台计算机上完成，使用 Linux
作为试验平台，采用 ubuntu20.04操作系统，硬件配置

为 12 th Gen Intel(R) i9-12900KF CPU，NVIDIA GeForce
RTX 3 090 GPU，32G内存，Pytorch版本 1.11.1，Python
版本 3.8，CUDA版本 11.3。

训练过程中设置图片尺寸为 1 920×1 080像素大小，

批处理大小设置为 2，初始学习率为 0.000 2，动量设置

为 0.9，共训练 40个迭代轮次，使用随机梯度下降法

(stochastic gradient descent, SGD)进行优化，高低匹配阈

值分别为 0.8和 0.4，去除重叠框阈值为 0.7，保存训练

过程中精度最高的模型参数进行试验测试。

多目标跟踪器的性能，选择高阶跟踪准确率（higher
order  tracking  accuracy，HOTA）、多目标跟踪准确率

（multiple  object  tracking  accuracy，MOTA）、识别 F1
值（ identification  F1  Score， IDF1）和身份变换（ ID
switches，IDs）等作为主要评价指标[26-27]。HOTA将精

确的检测、关联跟踪和定位进行统一度量，MOTA衡量

跟踪器在检测物体和保持轨迹跟踪的性能。IDF1和 IDs
为体现跟踪目标标号 ID的变换值指标，其大小反映轨迹

跟踪能力。MOTA数值越高，检测与跟踪效果越好；

IDF1、HOTA和 IDs更侧重反映跟踪器性能，IDF1和
HOTA数值越高，性能越好，IDs值越小，性能越好。 

3　试验结果与分析

3.1　改进 TransTrack 和其他 MOT 方法对比

在公开和私有数据集中，对比 Trackformer、JDE 和
TransTrack，改进 TransTrack试验结果如表 2所示。在

公开数据集中，改进 TransTrack的 MOTA为 92.4%，

HOTA为 72.1%， IDs为 147。对比 Trackformer、 JDE
和 TransTrack的 MOTA分别高 3.9，9.0和 13.1个百分

点，HOTA分别高 1.3，9.5和 8.3个百分点，IDs分别降

低 136，326和 376。在私有数据集中，改进 TransTrack
的MOTA为 91.5%，HOTA为 62.5%，IDs为 63。对比

Trackformer和 TransTrack的 MOTA分别高 14.4和 15.8
个百分点，HOTA分别高 1.8和 9.5个百分点。

试验结果表明，改进 TransTrack的跟踪性能优于

Trackformer、 JDE和 TransTrack。 原 因 在 于 改 进

TransTrack在去除重叠框后，采用 CIOU进行 2次数据

关联，能有效地避免由于光线变化或猪只遮挡导致的猪

只漏检情况，并利用 ID修正处理算法，提高MOT性能。

因此，改进 TransTrack算法的性能指标优于其他算法，

表明本研究所提改进算法的有效性，适用于复杂场景下

群养生猪的多目标跟踪。
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表 2    改进 TransTrack和其他多目标跟踪方法结果对比

Table 2    Comparison of experimental results between improved TransTrack and other multiple object tracking（MOT） approachs
测试视频段

Test video segment
算法

Algorithm MOTA/% IDs HOTA/% IDF1 score/% FP FN MOTP

公共数据集
Public dataset

Trackformer 88.5 283 70.8 79.5 1 048 3 719 0.157
JDE 83.4 473 62.6 71.2 3 323 3 455 0.221

TransTrack 79.3 523 63.8 71.2 3 627 4 910 0.173
Improved TransTrack 92.4 147 72.1 86.4 1 000 2 335 0.175

私有数据集
Private dataset

Trackformer 77.1 41 60.7 76.0 1 415 879 0.238
TransTrack 75.7 223 53.0 65.7 1 258 994 0.221

Improved TransTrack 91.5 63 62.5 77.3 515 364 0.214
注：MOT为多目标跟踪，MOTA为多目标跟踪准确率，IDs为身份变换，HOTA为高阶跟踪准确率，IDF1为识别 F1值，FP为假阳性，FN为假阴性，MOTP为
多目标跟踪精度。下同。
Note: MOT is the multiple object tracking, MOTA is the multiple object tracking accuracy, IDs is identity switches, HOTA is the higher order tracking accuracy, IDF1 is the
identification F1 score, FP is the False positive, FN is the False negative, MOTP is the multiple object tracking precision. Same below.

改进 TransTrack算法与其他MOT算法在公开数据集

和私有数据集的部分可视化结果如图 5和图 6所示。在

图 5中，JDE、Trackformer和 TransTrack在视频 0602第

201帧中最大的跟踪 ID分别为 93、39和 31，与猪栏猪只

数量 16头不同，出现猪只 ID错误的频繁切换；改进

TransTrack的最大 ID稳定在 16，没有出现错误的 ID变换。

b. Trackformera. JDE c. TransTrack d. Improved TransTrack

视频0602第1帧
1st frame in

video 0602

视频0602第101帧
101st frame in

video 0602

视频0602第201帧
201st frame in

video 0602

图 5 改进 TransTrack与其他MOT在公开数据集上的跟踪结果对比

Fig.5    Comparison of tracking results between improved TransTrack and the other MOT algorithms in public dataset

在图 6中，Trackformer在视频 1 703第 278帧中最

大的跟踪 ID达到 12，TransTrack在视频 1 703第 199帧
和第 278帧中最大的跟踪 ID分别为 12和 11，出现频繁

的错误 IDs。改进 TransTrack的最大 ID稳定在 6，和真

实的目标数 (ground truth, GT)一致，保持跟踪 ID稳定。

因此，结合表 2、图 5和图 6综合分析，相比于其他 3
种算法，改进 TransTrack的多目标跟踪指标和跟踪效果

均最优，在复杂场景下可以实现准确的生猪行为跟踪。

视频1703第6帧
6th frame in video 1703

视频1703第199帧
199th frame in video 1703

视频1703第278帧
278th frame in video 1703

a. Trackformer b. TransTrack c. Improved TransTrack

图 6　改进 TransTrack与其他MOT在私有数据集上的跟踪结果对比

Fig.6    Comparison of tracking results between improved TransTrack and the other MOT algorithms in private dataset
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3.2　改进 TransTrack 和 TransTrack 在每个测试视频

的 MOT 结果与分析

基于 TransTrack和改进 TransTrack在每个测试视频

的MOT结果如表 3和表 4所示。TransTrack在 0502和
1 701视频段上 MOTA，HOTA和 IDF1分别为 67.9%和

69.9%，60.0%和 50.1%，64.4%和 57.3%，说明跟踪器

在这 2个视频段中，其行为跟踪没有取得很好的效果。

TransTrack只有在 0802视频中，跟踪性能不错，其

MOTA取值为 91.0%。在 IDs上，TransTrack中每个视

频段的 IDs取值都大于 20以上，说明 TransTrack在 ID
具有频繁错误变换，没有实现稳定跟踪。
  

表 3    TransTrack的群养猪多目标跟踪结果

Table 3    Pig MOT results based on TransTrack
视频段
Video

sequence
MOTA/% IDs HOTA/% IDF1/% FP FN MOTP

0102 74.1 38 43.4 59.0 331 175 0.142
0402 88.7 27 70.3 81.9 239 242 0.147
0502 67.9 38 60.0 64.4 293 439 0.174
0602 73.6 63 56.1 61.3 504 702 0.207
0702 64.8 52 73.8 69.4 777 439 0.162
0802 91.0 40 77.7 82.4 110 202 0.131
0902 83.5 52 71.7 76.0 348 294 0.151
1 002 78.0 70 46.3 62.7 317 535 0.249
1 102 85.6 49 65.4 72.8 221 418 0.137
1 202 74.2 29 67.7 78.7 273 860 0.163
1 502 81.6 65 54.5 66.5 216 604 0.225
1 602 78.7 54 56.8 75.0 342 306 0.243
1 604 74.3 88 47.5 58.2 443 316 0.206
1 701 69.9 59 50.1 57.3 332 150 0.183
1 703 78.6 22 58.2 71.3 141 222 0.190
平均值
Average 77.6 746 60.0 69.1 325.8 393.6 0.181

 

改进 TransTrack在 0502和 1 701视频段上 MOTA，
HOTA和 IDF1分别为 95.6%和 91.6%，78.8%和 69.7%，

89.5%和 82.7%，对比 TransTrack结果，具有显著提升。

同时，改进 TransTrack在多个测试视频的 IDs、FP和

FN显著减少，在体现检测效果的指标 MOTA中提升

14.6%，在体现跟踪效果的指标 HOTA提升 9.8%，在跟

踪轨迹连续性的指标 IDF1提升 15.9%，在测试视频

0702、0802和 0902的 IDs分别只有 1、2和 2。结果表

明改进 TransTrack能更加稳定地对目标进行跟踪。分析

原因在于，改进 TransTrack由于去除重叠目标检测框，

提高检测的MOTA指标；根据高低匹配阈值进行 2次数

据关联，提高 HOTA和 IDF1跟踪性能指标；限制猪只

ID错误增长，降低了 IDs。
  

表 4    改进 TransTrack的群养猪多目标跟踪结果

Table 4    Pig MOT results based on improved TransTrack
视频段
Video

sequence
MOTA/% IDs HOTA/% IDF1/% FP FN MOTP

0102 91.1 5 65.4 86.4 34 148 0.145
0402 97.0 6 78.0 89.5 36 91 0.156
0502 95.6 8 78.8 96.5 51 47 0.176
0602 87.4 25 63.4 83.3 298 284 0.209
0702 98.5 1 84.7 98.6 22 32 0.146
0802 99.5 2 83.3 96.3 4 12 0.140
0902 95.6 2 80.6 94.5 29 155 0.152
1 002 85.5 11 56.0 75.5 157 442 0.251
1 102 93.0 22 78.0 87.4 150 161 0.138
1 202 83.8 14 71.2 84.9 85 632 0.170
1 502 89.2 51 51.0 66.4 134 331 0.224
1 602 87.6 34 55.8 74.5 208 168 0.247
1 604 90.4 18 59.7 72.3 156 143 0.208
1 701 91.6 8 69.7 82.7 110 33 0.184
1 703 96.4 3 71.1 86.0 41 20 0.192
平均值
Average 92.0 210 69.8 85.0 101.0 179.9 0.183

 

改进 TransTrack的群养生猪 MOT部分效果如图 7
所示。

 
 

a. 视频0102第37帧
a. 37th frame in video 0102

b. 视频0102第84帧
b. 84th frame in video 0102

c. 视频0102第220帧
c. 220th frame in video 0102

d. 视频0402第12帧
d. 12nd frame in video 0402

e. 视频0402第101帧
e. 101st frame in video 0402

f. 视频0402第230帧
f. 230th frame in video 0402

g. 视频0702第45帧
g. 45th frame in video 0702

h. 视频0702第84帧
h. 84th frame in video 0702

i. 视频0702第231帧
i. 231st frame in video 0702

j. 视频0802第11帧
j. 11st frame in video 0802

k. 视频0802第130帧
k. 130th frame in video 0802

l. 视频0802第258帧
l. 258th frame in video 0802

图 7　改进 TransTrack群养猪多目标跟踪效果

Fig.7    Pig MOT effect based on improved TransTrack
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其中，视频 0102、0402、0702和 0802的猪只最大

ID号分别维持在 7、15、12和 13，与真实 GT值相同，

说明改进 TransTrack能维持跟踪轨迹持续和稳定，具有

较好的跟踪效果。

图 8给出改进 TransTrack和 TransTrack在 3个视频

段的跟踪效果对比图。白色的虚线框表示错误的 ID号，

红色的虚线框表示漏检，从图 8中发现，TransTrack存
在错误的检测和漏检，导致出现错误的 ID变换，改进

TransTrack能避免这些问题，提升群养生猪的多目标跟

踪性能。
  
视频0102第102帧

102nd frame in

video 0102

视频0402第6帧
6th frame in

video 0402

视频0802第8帧
8th frame in

video 0802

b. Improved TransTracka. TransTrack

图 8　改进 TransTrack与 TransTrack的跟踪结果对比

Fig.8    Comparison of tracking results between improved
TransTrack and TransTrack

  

3.3　改进 TransTrack 和 TransTrack 在不同光照和遮挡

下的结果对比

对不同光照强度和遮挡程度的测试视频，给出改进

TransTrack和 TransTrack的对比结果。对不同光照下，

其结果对比图如图 9所示。1 701和 1 703视频段分别拍

摄于同一个猪舍的上午和下午时间段。采用 TransTrack
算法，图 9a中 1 701视频第 288帧和视频 1 703第 73帧
中存在一头猪只发生误检，是左侧窗户的不同光照导致，

而采用基于 CIOU匹配算法的改进 TransTrack算法，能

避免目标丢失并且去除重叠目标检测框，如图 9b中结果

所示。
 
 

视频1701第288帧
288th frame in

video 1701

视频1703第73帧
73th frame in

video 1703

a. TransTrack b. Improved TransTrack

图 9　改进 TransTrack与 TransTrack在不同光照条件下的跟踪

结果对比

Fig.9    Comparison of tracking results between improved
TransTrack and TransTrack under different light conditions

 

在不同遮挡情况下，改进 TransTrack和 TransTrack
结果对比图如图 10所示。图 10a视频 0702第 147帧和

视频 1 703第 280帧中，分别存在一只猪只由于被遮挡，

导致该猪只漏检，同时，图 10a视频 0702和视频 1 703中
存在频繁的错误 IDs，其最大 ID分别为 18和 13；改进

TransTrack中则没有漏检，也没有错误的 IDs，结果如

图 10b所示，视频 0702和视频 1 703中最大的 ID分别为

12和 6，和 GT相同。结果表明，改进 TransTrack提高了

检测性能，根据高低匹配阈值进行两次数据关联，提高

跟踪性能，同时，限制猪只 ID错误增长，降低了 IDs。
 
 

视频0702第147帧
147th frame in

video 0702

视频1703第280帧
280th frame in

video 1703

a. TransTrack b. Improved TransTrack

图 10　改进 TransTrack与 TransTrack在不同遮挡条件下的

跟踪结果对比

Fig.10    Comparison of tracking results between improved
TransTrack and TransTrack under different occlusion conditions

  

4　结　论

本文基于 TransTrack构建了改进群养生猪行为跟踪

模型，实现自然场景下稳定猪只身份的群养生猪行为跟

踪。主要结论如下：

1）针对光照变化及猪只密集遮挡导致的目标误检和

漏检挑战，提出一种改进 TransTrack的猪只行为跟踪模

型。在 TransTrack基础上，首先采用基于改进的并集交

并比，去除重叠目标检测框；然后利用高低匹配阈值进

行 2次数据关联；最后提出猪只身份修正算法，提高改

进 TransTrack在群养生猪行为跟踪的性能。

2）在所有测试视频中，改进 TransTrack方法的多目标

跟踪准确率（multiple object tracking accuracy，MOTA）
为 92.0%， 高 阶 跟 踪 准 确 率 （ higher  order  tracking
accuracy， HOTA） 为 69.8%， 身 份 变 换 （ identity
switches， IDs）次数为 210。在公开数据集中，改进

TransTrack的 MOTA为 92.4%， HOTA为 72.1%， IDs
为 147。对比 Trackformer，JDE和 TransTrack方法，改

进 TransTrack在MOTA上分别高 3.9，9.0和 13.1个百分

点，在 HOTA上分别高 1.3，9.5和 8.3个百分点，在 IDs
上分别降低 136，326和 376。在私有数据集中，改进

TransTrack的 MOTA为 91.5%， HOTA为 62.5%， IDs
为 63。 对 比 Trackformer和 TransTrack模 型 ， 改 进

TransTrack方法在 MOTA上分别高 14.4和 15.8个百分

点，HOTA上分别高 1.8和 9.5个百分点。实现更稳定的

群养生猪行为跟踪。

本文将生猪基本行为识别研究结果整合到多目标跟

踪研究中，后续工作就是在群养环境下统计一段长时间

中（例如一整天），每栏每头猪每种行为的时间及行为动

态变化跟踪结果，用以分析个体行为异常及群体行为变

化，为后续无接触式的生猪监控提供理论和技术支持。
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Methods for multi-target tracking of pig action using
improved TransTrack

TU Shuqin, HUANG Zhengxin, LIANG Yun※, HUANG Lei, LIU Xiaolong

(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)

Abstract: Pig  production  is  dominated  in  the  livestock  industry,  particularly  for  the  food  safety,  social  stability,  and  the
coordinated development of the national economy. An accurate tracking of pig behavior can greatly contribute to the health and
well-being  of  pigs,  in  terms  of  the  detection  of  abnormal  conditions,  such  as  diseases  and  dangerous  movements.  However,
manual  monitoring  cannot  fully  meet  the  large-scale  production  in  recent  years,  due  to  the  time  consuming,  subjective,  and
labor intensity. Fortunately, the video surveillance technology has been carried out to detect and track pigs. But it is still lacking
on accurate tracking and detection of pig behavior in various complex scenes (day or night, sparse or dense condition). In this
study, an improved TransTrak multiple object tracking (MOT) was proposed to automatically detect the pigs, and then track the
behavior  of  each  detected  pig,  with  considering  the  motion  information  of  the  behavior.  Three  improvements  included  an
improved  CIOU  matching  to  remove  the  overlapping  detections,  the  behavior  category  learning  with  MOT,  and  the  data
association. Therefore, the improved TransTrack approach performed better to identify the pig objects during behavior tracking
in complex scenarios. The improved TransTrack was validated on the special dataset under a variety of settings. The specific
dataset included the public dataset with 23 video sequences and 6 900 images, and the private dataset with 8 video segments
and 2 400 images. The experimental results show that the MOT accuracy (MOTA), the higher order tracking accuracy (HOTA),
and ID switches  (IDs)  on  all  test  videos  were  92.0%,  69.8%,  and 210,  respectively,  using  the  improved TransTrack.  On the
public  dataset,  the  improved  TransTrack  achieved  the  MOTA with  92.4%,  HOTA  with  72.1%,  and  IDs  with  147.  And  the
improved  TransTrack  improved  the  MOTA  by  3.9,  9.0  and  13.1  percentage  points,  HOTA  by  1.3,  9.5,  and  8.3  percentage
points, and decreased in the IDs by 136, 326, and 376, respectively, compared with the Trackformer, JDE, and TransTrack. On
the  private  dataset,  the  improved  TransTrack  obtained  the  MOTA  with  91.5%,  HOTA  with  62.5%,  and  IDs  with  63.  The
MOTA was increased by 14.4,  and 15.8  percentage points,  and the  HOTA was improved by 1.8,  and 9.5  percentage points,
respectively,  compared  with  the  Trackformer  and  TransTrack.  The  improved  TransTrack  can  be  expected  to  obtain  the  best
performance in the tracking evaluation metrics  (MOTA, HOTA, and IDs)  among the four  methods.  Therefore,  the improved
TransTrack can also provide the scalable technical support for the automatic monitoring pigs.
Keywords: recognition; multiple object tracking; pigs; TransTrack; data association
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3.以通讯作者发表本专业论文情况
3.1. 基于YOLOv4和双重回归的复杂环境檀香树缺苗定位方法
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基于 ＹＯＬＯｖ４和双重回归的复杂环境檀香树缺苗定位方法
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摘要： 在檀香树大面积种植过程中，存在人工排查缺苗效率低、成本高和难以监管等问题，而且檀香树必备的伴生

植物和树间穿插的其它作物，更加大了查补难度。 针对这些问题，本文提出一种基于 ＹＯＬＯｖ４ 和双重回归的复杂

环境檀香树缺苗检测和精准定位方法。 首先，采用 ＹＯＬＯｖ４ 目标检测算法，处理无人机采集的遥感图像，实现檀香

树植株的智能检测。 然后，以双重线性回归结合延长列线补漏策略为核心，构建缺苗定位算法（Ｍｉｓｓｉｎｇ ｓｅｅｄｌｉｎｇ
ｌｏｃａｌｉｚａｔｉｏｎ ａｌｇｏｒｉｔｈｍ，ＭＳＬ）：选任意檀香树作基准，根据像素坐标划分列区域，对各列区域中檀香树用线性回归拟合

列线；对拟合后仍未归入列的遗漏檀香树，用延长回归线策略重新判断归属，并再次线性回归优化列线。 最后，根
据种植间距规划，实现缺苗检测和定位。 试验结果表明，檀香树缺苗检测精确率 ８６􀆰 ８２％ 、召回率 ８２􀆰 ２５％ 、Ｆ１ 值

８４􀆰 ４７％ 、运行时间 ８􀆰 １９ ｓ。 该方法融合了大疆无人机遥感图像采集系统的快速性、ＹＯＬＯｖ４ 算法和双重回归策略的

精准性，可实现对复杂生长状况下檀香树的实时智能缺苗检测和精准定位。
关键词： 檀香树； 缺苗定位； 目标检测； ＹＯＬＯｖ４； 双重线性回归
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０　 引言

檀香树是一种在亚热带地区种植的农作物，
其生长缓慢，经济价值极高［１］ 。 如果在其生长过

程中，缺苗补种不及时，会造成檀香树生长时差

长、植株差异大，导致更为严重的遮挡死亡，因此

及时检补缺苗，才能保证檀香园产量。 目前，主要

依赖人工进行缺苗排查，该方法成本高、效率低且

效果难以监管，这些问题也同样发生在其它大规

模作物种植园。 因此，亟需一种智能缺苗检测技

术取代人工，进行智能实时缺苗检测和定位，该技

术对智慧种植、作物生长过程智能化监控和提高

作物产量具有重要意义。
近年来，智能缺苗检测逐步成为智慧农业的

一个研究热点，国内外研究团队从穴盘到自然环

境种植场景均取得了研究成果。 在标准穴盘种植

中，王永维等［２］采用灰度化和 Ｏｔｓｕ 阈值分割等数

字图像处理技术，依次获取幼苗和穴盘二值图、穴
孔位置、穴孔内苗的生长情况，实现缺苗判断；张
国栋等［３］采用类似方法识别好苗、坏苗和空穴，并
开发了穴盘苗检测系统；文永双等［４］利用光纤传

感器信号进行缺苗判断，同时设计了穴盘种植移

栽缺苗补偿系统。
在自然环境下，对作物检测［５ － ８］ 、行识别［９ － １５］

是实现缺苗检测的关键。 尽管这些方法对相对规

则、种植单一的自然场景缺苗检测效果良好，然而

却很难适应檀香树种植，原因在于，檀香树人工种

植行列不齐或受台风、暴雨等影响，行列有时会偏

离直线排列很大；必备的伴生植物和插种的木薯

等作物，使檀香树植株处于非常杂乱的环境；另
外，檀香园通常位于不规则的湿热地带，地块边缘

的植株容易出现被漏检或错检等，这种情况需要

算法进一步优化。
基于处于复杂生长环境且需要及时补苗的檀香

树种植需求，本文拟充分运用无人机遥感技术的快

速采集、ＹＯＬＯｖ４ 的精准目标检测，并构建以列线双

重回归及延长补漏策略为核心的缺苗定位算法，以
期为其提供快速、精确、有效的技术支持。

１　 数据获取与处理

１􀆰 １　 数据采集

于 ２０２０ 年 ９ 月 ２９ 日在广东省台山市白沙镇

研究区（２２􀆰 １４°Ｎ，１１２􀆰 ８３° Ｅ，如图 １ 所示），使用

大疆 Ｐｈａｎｔｏｍ４ 型无人机进行了檀香树遥感图像样

本采集。 设置云台拍摄角度为垂直地面，航向重

叠率 ８０％ ，拍摄高度分别为 １０、２０、３０ ｍ，每幅图像

尺寸为 ４ ０００ 像素 × ３ ０００ 像素，航拍区域覆盖略

大于试验区域。 共采集 １ ０５１ 幅遥感图像，其中拍

摄高度 １０、２０、３０ ｍ 的图像分别有 ６９６、１５５、２００
幅。 所有拍摄高度的遥感图像中，随机取出 ５５７
幅用于檀香树目标检测模型训练、验证和测试；从
拍摄高度为 ３０ ｍ 的遥感图像中取 ４０ 幅用于檀香

树缺苗定位任务。

图 １　 研究区示意图

Ｆｉｇ． １　 Ｓｃｈｅｍａｔｉｃ ｏｆ ｓｔｕｄｙ ａｒｅａ
　

１􀆰 ２　 数据集构建

将采集的遥感图像用 ＬａｂｅｌＩｍｇ 工具进行标注，
根据检测和缺苗定位任务，进行 ２ 种不同的标注。

首先，按照 Ｐａｓｃａｌ ＶＯＣ［１６］数据集格式，对检测

任务的 ５５７ 幅遥感图像中的檀香树植株标注，标签

为“ｓａｎｄａｌｗｏｏｄ”，标注文件包含每幅图像目标檀香

树的像素坐标及标签，并划分成训练集、验证集和测

试集，分别占比 ８０％ 、１０％和 １０％ ，用于 ＹＯＬＯｖ４ 模

型的训练、验证和测试任务。

图 ２　 檀香树及缺苗位置

Ｆｉｇ． ２　 Ｓａｎｄａｌｗｏｏｄ ｔｒｅｅｓ ａｎｄ ｌｏｃａｔｉｏｎ ｏｆ ｍｉｓｓｉｎｇ ｓｅｅｄｌｉｎｇｓ

其次，按照 ＹＯＬＯ数据集格式，对进行缺苗定位

任务的 ４０ 幅遥感图像，用 １５０ 像素 × １５０ 像素的框

标注 １ ７４６ 个真实缺苗区域，标签为“ ｅｍｐｔｙ”，同时

对其中的檀香树植株标注与检测任务集一致。 评测

檀香树缺苗定位算法 （ｍｉｓｓｉｎｇ ｓｅｅｄｉｎｇ ｌｏｃａｌｉｚａｔｉｏｎ
ａｌｇｏｒｉｔｈｍ，ＭＳＬ）前，需要根据种植列方向对图像进

行旋转。 两部分数据集的标注示意如 图 ２ 所示。
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２　 研究方法

首先用ＹＯＬＯｖ４目标检测模型检测檀香树目标。
然后构建缺苗定位算法：基于檀香树目标的像素

坐标关系划分列区域；利用双重列线性回归和延

长回归线策略拟合生成、优化檀香树的列回归线

排列；在各条列回归线上，根据檀香树植株间距和

规划距离 ３０ ｃｍ的关系，实现缺苗定位。 算法缺苗

定位方法流程如图 ３ 所示。 图中，［，］表示缺苗位

置信息，如［２，３］表示在第 ２ 列、第 ３ 个位置缺苗。

图 ３　 缺苗定位方法流程图

Ｆｉｇ． ３　 Ｆｌｏｗ ｃｈａｒｔ ｆｏｒ ｍｉｓｓｉｎｇ ｓｅｅｄｌｉｎｇ ｌｏｃａｌｉｚａｔｉｏｎ ｍｅｔｈｏｄ
　

２􀆰 １　 ＹＯＬＯｖ４ 算法

檀香树植株检测是实现缺苗定位的前提，需要

充分利用深层语义特征的深度学习方法进行。 基于

深度学习的目标检测算法分为两类算法：基于候选

区的两阶段算法，主要代表为 Ｒ － ＣＮＮ、Ｆａｓｔｅｒ Ｒ －
ＣＮＮ、Ｍａｓｋ Ｒ － ＣＮＮ［１７ － ２０］算法；基于回归的单阶段

算法，主要代表为 ＳＳＤ［２１］、ＣｅｎｔｅｒＮｅｔ［２２］、ＹＯＬＯ［２３ － ２７］

系列算法。 其中单阶段算法相比两阶段算法，更具

速度优势，因此适用于无人机遥感影像的快速检测

应用。 考 虑 到 运 行 效 率 与 精 度 的 需 要， 选 择

ＹＯＬＯｖ４ 作为檀香树检测器。

　 　 ＹＯＬＯｖ４ 网络结构分为输入端、Ｂａｃｋｂｏｎｅ、Ｎｅｃｋ
和 Ｈｅａｄ。 在输入端，ＹＯＬＯｖ４ 算法创新了 Ｍｏｓａｉｃ 数
据增强和 Ｓｅｌｆ⁃ａｄｖｅｒｓａｒｉａｌ⁃ｔｒａｉｎｉｎｇ（ＳＡＴ），提高了模型

的泛化能力；在 Ｂａｃｋｂｏｎｅ 阶段采取了 ＣＳＰＮｅｔ［２８］的
方法，将基础层的特征映射为两部分，并使用跨阶段

层次结构将两部分合并，减少了计算量，进而从图像

中提 取 丰 富 的 特 征 信 息； 在 Ｎｅｃｋ 阶 段 采 取

ＰＡＮｅｔ［２９］的方法，ＰＡＮｅｔ 采用了一种自下向上路径

的特征金字塔网络（Ｆｅａｔｕｒｅ ｐｙｒａｍｉｄ ｎｅｔｗｏｒｋｓ，ＦＰＮ）
结构，避免信息丢失问题，提高了检测不同尺寸和尺

度物体的能力。 ＹＯＬＯｖ４ 网络结构如图 ４ 所示。

图 ４　 ＹＯＬＯｖ４ 网络结构示意图

Ｆｉｇ． ４　 ＹＯＬＯｖ４ ｎｅｔｗｏｒｋ ｓｔｒｕｃｔｕｒｅ ｄｉａｇｒａｍ
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２􀆰 ２　 缺苗定位算法

遥感图像上可观察到檀香园中植株间距大、种植

列线偏离理想直线、行线混乱问题。 为应对这些问

题，本文充分利用双重线性回归结合延长列回归线补

漏的策略，并在此基础上构建缺苗定位算法（ＭＳＬ）。
完整算法如图 ５所示，主要分为以下 ５个步骤：

图 ５ 缺苗定位算法流程图

Ｆｉｇ． ５　 Ｆｌｏｗ ｃｈａｒｔ ｏｆ ｍｉｓｓｉｎｇ ｓｅｅｄｌｉｎｇ ｌｏｃａｌｉｚａｔｉｏｎ ａｌｇｏｒｉｔｈｍ
　

　 　 （１）基于 ＹＯＬＯｖ４ 预测的檀香树像素坐标确定

列基准位置，并进行列区域分配。
用 ｐ ｉ（ｘ ｉ

ｌｔ，ｙ ｉ
ｌｔ，ｘ ｉ

ｒｂ，ｙ ｉ
ｒｂ）表示 ＹＯＬＯｖ４ 预测的檀香

树目标 ｉ（ ｉ ＝ １，２，…，ｎ）的定位信息，其中 ｘ ｉ
ｌｔ、ｙ ｉ

ｌｔ表

示目标 ｐ ｉ 左上角点的横、纵坐标；ｘ ｉ
ｒｂ、ｙ ｉ

ｒｂ表示目标

ｐ ｉ 右下角点的横、纵坐标；所有檀香树目标定位信

息记为 Ｐ ＝ ｛ｐ１，ｐ２，…，ｐｎ｝，ｎ 为预测的檀香树目标

的个数，檀香树目标 ｐ ｉ 的横坐标范围记为 Ｘ ｉ ＝
（ｘ ｉ

ｌｔ，ｘ ｉ
ｒｂ）。

在 Ｐ 中随机取出一个檀香树目标 ｐｉ，将 ｐｉ 作为

一个列区域的基准，并从 Ｐ 中移除 ｐｉ。 在 Ｐ 中进行

遍历：若存在一个檀香树目标 ｐ ｊ（ｐ ｊ∈Ｐ），且 ｐ ｊ 的横

坐标范围 Ｘ ｊ 与 ｐｉ 的横坐标范围 Ｘ ｉ 有交集，表示为

Ｘ ｉ∩Ｘ ｊ≠⌀，则将该檀香树目标 ｐ ｊ 归属到 ｐｉ 作为基

准的第 ｋ 个列区域 Ｒｋ，并从 Ｐ 中移除 ｐ ｊ；将所有横

坐标范围与 Ｘ ｉ 有交集的檀香树目标分配至同一个

列区域 Ｒｋ，则该列区域 Ｒｋ 由 ｍ 个檀香树目标共同

组成，将该列区域记为 Ｒｋ ＝ ｛ｐｋ１，ｐｋ２，…，ｐｋｉ，…，ｐｋｊ，
…，ｐｋｍ｝；当 Ｐ 中除 ｐｉ 以外的所有檀香树目标均遍

历完成，则随机选取下一个檀香树目标并作为一个

新的列区域的基准，重复上述遍历操作，直至 Ｐ 中

所有的檀香树目标分配至列区域。
（２）对所有列区域进行线性回归，得到相应的

列回归线。
给定任一列区域 Ｒ ｉ ＝ ｛ｐｉ１，ｐｉ２，…，ｐｉｍ｝，Ｒ ｉ 中任

一檀香树目标 ｐｉｋ（ｘｉｋ
ｌｔ ，ｙｉｋ

ｌｔ ，ｘｉｋ
ｒｂ，ｙｉｋ

ｒｂ）的目标中心点记为

ｃｉｋ（ｘｉｋ
ｃ ，ｙｉｋ

ｃ ），其中 ｘｉｋ
ｃ ＝

ｘｉｋ
ｌｔ ＋ ｘｉｋ

ｒｂ

２ ，ｙｉｋ
ｃ ＝

ｙｉｋ
ｌｔ ＋ ｙｉｋ

ｒｂ

２ 。 区域 Ｒ ｉ

的檀香树目标列向分布线性回归表达式为

ｘ^ｉｋ
ｃ ＝ ｆ ｉ（ｙｉｋ

ｃ ） ＝ ｗ ｉｙｉｋ
ｃ ＋ ｂｉ

式中 ｘ^ｉｋ
ｃ———对目标中心 ｃｉｋ利用 ｙｉｋ

ｃ 预测的横坐标

ｆ ｉ（ｙｉｋ
ｃ ）———列区域 Ｒ ｉ 的线性回归表达式

ｗ ｉ———线性回归表达式权重

ｂｉ———线性回归表达式偏置

该线性表达式通过最小二乘法训练得出。
将 ｗ ｉ 初始值设为 ０，ｂｉ 初始值设为该列区域 Ｒ ｉ

的 ｘ 坐标平均值。 若列区域目标数大于 １，则进行

线性回归；否则，将该列区域线性回归表达式 ｆ ｉ的
ｗ ｉ、ｂｉ 固定为初始值。

（３）延长列回归线，将位于延长段上的边缘目

标归属至该直线所属的列区域中。
如图 ５ｃ所示，列区域④仅有一个檀香树目标，

无法与相同列区域中的其他目标共同组成种植列，
而该目标本应属于列区域③，却被列区域③漏拟合。
则将该目标称为边缘目标 ａｋ （ ｋ 表示边缘目标序

号），坐标定位信息记为（ ｘａ（ｋ）
ｌｔ ，ｙａ（ｋ）

ｌｔ ，ｘａ（ｋ）
ｒｂ ，ｙａ（ｋ）

ｒｂ ），且
该边缘目标中心点为 ｃａ（ｋ）（ｘａ（ｋ）

ｃ ，ｙａ（ｋ）
ｃ ）。

此时，若存在一个其他列区域 Ｒ ｉ 相对应的线性

回归表达式 ｆ ｉ，其代表的列回归线触碰到边缘目标

ａｋ，表示为 ｘａ（ｋ）
ｌｔ ＜ ｆ ｉ（ｙａ（ｋ）

ｃ ） ＜ ｘａ（ｋ）
ｒｂ ，则将该边缘目标
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ａｋ 重新归属至列区域 Ｒ ｉ。
实际种植中的檀香树分布存在偏离理想直线的

问题。 在此情况下，步骤（１）中列区域分配并未很

好地找到偏离种植直线的目标，而步骤（２）线性回

归拟合出大致的列向分布规律，在此基础上步

骤（３）进行延长回归直线，将其他边缘目标重新归

属至正确的列区域，一定程度上可以补回偏离种植

直线的目标。
（４）对扩充后列区域中的目标进行第 ２ 次线性

回归，修正线性回归直线，使之更准确表达每列植株

排列分布规律。 同时，未扩充的列区域不参与第 ２
次线性回归，该设定减小了性能浪费，同时保持拟合

精度。
（５）将真实规定种植距离 ３０ ｃｍ 转换为遥感图

像中像素距离（本场景为 ３００ 像素），并在每个列区

域的线性回归直线上进行缺苗定位。
在每一个线性回归函数 ｆ ｉ（ｑ）中，ｑ 表示像素数

且 ｑ∈［０，Ｈ］，Ｈ 表示遥感图像像素高度。 若存在一

个 ｑ，使得位置（ ｆ ｉ（ｑ），ｑ）与其同一回归线上相邻的

檀香树目标或缺苗目标中心像素欧氏距离大于设定

距离，将其设定为缺苗位置，并在遥感图像中标识。
重复上述操作，直至所有列回归线遍历完成，最终输

出带有缺苗位置标识的图像。

３　 试验

３􀆰 １　 试验环境

训练 ＹＯＬＯｖ４模型的 Ｕｂｕｎｔｕ服务器环境配置有

Ｘｅｏｎ Ｅ５ －２６７８ ｖ３ ＣＰＵ，ＮＶＩＤＩＡ Ｔｅｓｌａ Ｋ８０显卡。
　 　 　

　 　 缺苗定位试验所用的计算机硬件环境配置

ＣＰＵ 为 ＡＭＤ ５８００Ｈ，系统环境配置操作系统为

Ｗｉｎｄｏｗｓ １０、科学计算的 Ｐｙｔｈｏｎ 发行版 ａｎａｃｏｎｄａ
（Ｐｙｔｈｏｎ ３􀆰 ８）、Ｐｙｔｏｒｃｈ １􀆰 ８􀆰 ２ 深度学习框架和 Ｃｕｄａ
１０􀆰 ２ 加速程序。
３􀆰 ２　 评测指标

采用精确率（Ｐｒｅｃｉｓｉｏｎ）、召回率（Ｒｅｃａｌｌ）、Ｆ１ 值

（Ｆ１⁃ｓｃｏｒｅ）、运行时间作为评测指标，对本文缺苗定

位方法进行性能评测。
３􀆰 ３　 结果与分析

３􀆰 ３􀆰 １　 完整算法与残缺算法结果对比与分析

对 １􀆰 ２ 节中缺苗定位任务 ４０ 幅遥感图像进行

评测，ＭＳＬ完整算法共判断 １ ６５４ 个缺苗位置，准确

判断 １ ４３６ 个，错误判断 ２１８ 个，漏判断 ３１０ 个。 测

试平均运行时间 ８􀆰 １９ ｓ、精确率 ８６􀆰 ８２％ 、召回率

８２􀆰 ２５％ 、Ｆ１ 值 ８４􀆰 ４７％ 。 从图 ６ 不同图像色调、场
景的缺苗定位结果和表 １ 评测结果可以看出，本文

方法可以针对不同条件的复杂自然环境，精确识别

檀香树真实缺苗位置，同时向种植园工作人员提供

清晰位置（即行、列）信息。

图 ６　 缺苗定位结果

Ｆｉｇ． ６　 Ｌｏｃａｌｉｚａｔｉｏｎ ｒｅｓｕｌｔｓ ｏｆ ｍｉｓｓｉｎｇ ｓｅｅｄｌｉｎｇｓ
　

表 １　 算法评测结果对比

Ｔａｂ． １　 Ｃｏｍｐａｒｉｓｏｎ ｏｆ ｅｖａｌｕａｔｉｏｎ ｒｅｓｕｌｔｓ

算法步骤
列区域

分配

列线性

回归

延长回归

直线

第 ２ 次列线

性回归
缺苗定位 精确率 ／ ％ 召回率 ／ ％ Ｆ１ 值 ／ ％

运行时间 ／
ｓ

ＭＳＬ － ＰＬ √ √ ８０􀆰 ８７ ８１􀆰 １０ ８０􀆰 ９８ ７􀆰 ４８
ＭＳＬ － ＰＲＬ √ √ √ ８５􀆰 ９６ ８２􀆰 ４２ ８４􀆰 １５ ７􀆰 ８４
ＭＳＬ － Ｆｕｌｌ √ √ √ √ √ ８６􀆰 ８２ ８２􀆰 ２５ ８４􀆰 ４７ ８􀆰 １９

　 　 注：“√”表示算法包含的步骤。

　 　 为了验证 ＭＳＬ完整算法的必要性，对完整步骤

算法和残缺步骤算法进行比较。 完整步骤算法中，
经过 了 列 区 域 分 配 （ Ｐａｒｔｉｔｉｏｎ ）、 列 线 性 回 归

（Ｒｅｇｒｅｓｓｉｏｎ）、延长回归线（Ｅｘｔｅｎｓｉｏｎ）、第 ２ 次列线

性回归（Ｒｅｇｒｅｓｓｉｏｎ）和缺苗定位（Ｌｏｃａｌｉｚａｔｉｏｎ），称为

ＭＳＬ － Ｆｕｌｌ 算法；残缺步骤算法为经过列区域分配、
列线性回归、缺苗定位的算法，称为 ＭＳＬ － ＰＲＬ 算

法；仅经过列区域分配和缺苗定位的残缺步骤算法

称为 ＭＳＬ － ＰＬ算法。
算法评测结果对比如表 １ 所示。 其中经过完整

步骤的 ＭＳＬ － Ｆｕｌｌ 算法评测性能最好，精确率较

ＭＳＬ － ＰＲＬ 提高 ０􀆰 ８６ 个百分点，Ｆ１ 值提高 ０􀆰 ３２ 个

百分点；精确率较 ＭＳＬ － ＰＬ提高 ５􀆰 ９５ 个百分点，Ｆ１
值提高 ３􀆰 ４９ 个百分点。

图 ７ 直观地对比了 ３ 种算法的表现。 在图 ７ａ
对比中，如红色框所示，ＭＳＬ － ＰＬ 所预测的植株回

归直线并未拟合种植列线，且斜率为 ０，因而预测的

缺苗区域偏离真实缺苗区域；ＭＳＬ － ＰＲＬ 与 ＭＳＬ －
Ｆｕｌｌ均拟合了真实种植列线，且延长回归直线时并

未检测到边缘目标，所以两者预测的回归直线以及

３０３第 １１ 期　 　 　 　 　 　 　 　 　 　 张宇 等： 基于 ＹＯＬＯｖ４ 和双重回归的复杂环境檀香树缺苗定位方法
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缺苗位置相同。 在图 ７ｂ 对比中，如红色框所示，
ＭＳＬ － ＰＬ、ＭＳＬ － ＰＲＬ 在同一真实种植列区域中均

预测出双列回归线，该误差由列区域分配中随机选

取基准点步骤产生；而 ＭＳＬ － Ｆｕｌｌ 将 ＭＳＬ － ＰＲＬ 产

生的回归直线延长，将该列区域附近的边缘目标纳

入，删除多余列区域及对应的回归直线，再通过第 ２
次线性回归操作，使回归直线更贴合真实种植直线，
最后预测的缺苗位置也较 ＭＳＬ － ＰＬ、ＭＳＬ － ＰＲＬ 算

法更为精确。

图 ７　 完整步骤算法与残缺步骤算法比较示例

Ｆｉｇ． ７　 Ｃｏｍｐａｒｉｓｏｎ ｂｅｔｗｅｅｎ ｃｏｍｐｌｅｔｅ ａｌｇｏｒｉｔｈｍ ａｎｄ
ｉｎｃｏｍｐｌｅｔｅ ａｌｇｏｒｉｔｈｍ

　
综上，完整步骤算法比残缺步骤算法在缺苗定

位的过程中更好地拟合了植株分布规律，因此具有

更好的缺苗定位性能。
３􀆰 ３􀆰 ２　 缺苗定位中檀香树检测训练结果与分析

ＹＯＬＯｖ４ 训练设置如下：
（１）参数设置：设置网络输入图像尺寸为

６４０ 像素 × ６４０ 像素；每次迭代训练的样本数为 ２；
开启冻结训练 １５０ 轮，学习率为 ０􀆰 ００１；关闭冻结训

练后训练 １００ 轮，学习率为 ０􀆰 ０００ １；两阶段训练均

设置余弦退火学习率调整策略。
（２）训练策略：训练前，载入预训练权重；在训

练过程中，通过采用 Ｍｏｓａｉｃ 增强、旋转、翻转、调整

色调等方式在线生成更多训练样本，提高网络鲁棒

性和准确性。
如图 ８ 评测结果所示，在檀香树目标检测任务

测 试 集 中， ＹＯＬＯｖ４ 模 型 平 均 精 度 （ Ａｖｅｒａｇｅ
ｐｒｅｃｉｓｉｏｎ，重叠率 ０􀆰 ５）为 ９６􀆰 ６６％ ；在缺苗定位任务

数据集中平均精度为 ９８􀆰 ５２％ 。 表明该目标检测模

型能够应对复杂的自然环境，精确检测出檀香树目

标，为进一步缺苗定位做好准备。

图 ８　 ＹＯＬＯｖ４ 评测结果

Ｆｉｇ． ８　 ＹＯＬＯｖ４ ｅｖａｌｕａｔｉｏｎ ｒｅｓｕｌｔｓ
　

３􀆰 ３􀆰 ３　 缺苗定位误差分析

本文缺苗定位方法还存在一定误差，误差主要

来源于目标检测算法对檀香树多检和漏检。
如图 ９ａ红框内容所示，目标检测算法无法识别

该位置的檀香树，根据植株距离设定，缺苗定位算法

将该位置判断为缺苗位置，从而造成目标检测漏检

误差。 如图 ９ｂ红框内容所示，对非檀香树误判定为

檀香树，并将该目标所在列判断为种植列，最终对此

列错误地缺苗预测，造成目标检测多检误差。 这两

类误差是因为目标检测模型对小目标识别精度低，
无法区分部分檀香树小苗与周围杂草植株而导

致的。

图 ９　 目标检测漏检、多检误差

Ｆｉｇ． ９　 Ｅｒｒｏｒ ｒｅｓｕｌｔｓ ｏｆ ｔａｒｇｅｔ ｄｅｔｅｃｔｉｏｎ
　

４　 结束语

针对复杂的生长环境，基于 ＹＯＬＯｖ４ 算法和双

重回归策略，提出了一种檀香树实时智能缺苗定

位方法。 通过将遥感技术、ＹＯＬＯｖ４ 目标检测算法

与 ＭＳＬ算法相结合，先定位檀香树目标，再依次使

用列区域分配、列线性回归、延长回归直线、第 ２
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次线性回归方法，最后实现了在回归直线上定位

缺苗位置。 同时，提出了一种根据真实缺苗区域

与预测目标点位置关系验证的评测方法，评测结

果表明，该缺苗定位方法的精确率 ８６􀆰 ８２％ 、召回

率 ８２􀆰 ２５％ 、Ｆ１ 值 ８４􀆰 ４７％ 、运行时间 ８􀆰 １９ ｓ。 相

比人工巡查的传统方案，该缺苗定位方法结合了

遥感技术，利用了快速飞行的无人机与高效的缺

苗定位算法，更体现高效实时优势；与蔬菜穴盘苗

缺苗定位方法对比，无需过多结构化要求，便能解

决复杂的自然环境下檀香树植株缺苗定位问题。
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四、科研成果  

1.科技奖励证书 

（1）可溯源农产品安全监控关键技术推广应用 

 
 
 
 



（2）农产品安全溯源智能化关键技术研究及示范 

 
 

2.知识产权 

2.1.专利授权证书：基于 MaskR-CNN 和 Soft-NMS 融合的群

养粘连猪实例分割方法 
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2.2 专利授权证书：一种基于压缩感知的选择集成人脸识
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2.3 专利授权证书：一种 RGB-D图像分类方法及系统 







2.4 软件著作权：基于 MaskR-CNN 的群养猪关键点检测系

统 

 

2.5 软件著作权：基于 MSR-CNN 算法融合对抗网络的群养



猪实例检测分割系统 
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五、其他业绩 

1.指导学生学科竞赛

1.1. 蓝桥杯 C/C++程序设计 A 组三等奖（T2） 



1.2. 蓝桥杯 C/C++程序设计 B 组二等奖（T2） 
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