
申

报

系列：教师系列

教学科研并重型

专业：计算机软

件与理论

职称：副教授

业绩成果材料

（申报人的业绩成果材料包括论文、科研项目、获奖以及其他成果等）

单 位（二级单位）__数学与信息学院 软件学院____

姓 名 彭超达

材料核对人： 单位盖章：

核对时间：

华南农业大学制



目 录

一、教学研究业绩

1.教学研究项目：关于“课程思政”视角下的《数字图像处

理》课程建设研究项目的立项通知（合同）及有关佐证材料

........................................................................................................4
2.教材参编：十四五规划教材《C 语言程序设计教程》........9
二、科研项目

1.主持：关于国家自然科学基金-青年科学基金项目的批准

通知书..........................................................................................18
2.主持：关于广州市科技计划项目的合同.............................22
3.主持：关于广州市科技计划项目支持方向为优秀博士“续

航”项目的任务书..................................................................... 33
4.主参：关于国家自然科学基金项目有关佐证材料.............45
5.主参：关于“十四五”国家重点研发计划子课题有关佐证

材料..............................................................................................66
6.主参：关于广东省基础与应用基础研究基金项目有关佐证

材料..............................................................................................70
7.主参：关于广东省基础与应用基础研究基金自然科学基金

项目有关佐证材料..................................................................... 81
三、论文、著作等

1.检索证明（五篇）................................................................. 90
2.以第一作者发表本专业论文情况

2.1. A two-phase framework of locating the reference

point for decomposition-based constrained multi-objec

-tive evolutionary algorithms (Knowledge-Base

1



Systems,2022,中科院 TOP 一区) .........................................95
2.2.Constrained Multi-Objective Optimization for

UAV-Enabled Mobile Edge Computing Offloading Optimiza

-tion and Path Planning (IEEE Wireless Communications

Letters,2022,中科院二区) .................................................114
2.3. A decomposition-based constrained multi-objective

evolutionary algorithm with a local infeasibility

utilization mechanism for UAV path planning (Applied

Soft Computing,2022,中科院 TOP 二区).............................123
2.4.Joint Energy and Completion Time Difference Minimization

for UAV-Enabled Intelligent Transportation Systems: A

Constrained Multi-Objective Optimization Approach (IEEE

Transactions on Intelligent Transportation Systems,2024,中

科院TOP一区)............................................................................ 139
3.以通讯作者发表本专业论文情况

3.1.Code Multi-View Hypergraph Representation

Learning for Software Defect Prediction (IEEE

Transactions on Reliability,2024,中科院二区)...........161
四、科研成果

1.知识产权

1.1.专利授权证书：一种基于改进多目标进化算法的无人机

群路径规划方法....................................................................... 178
1.2 专利实审通知：基于改进约束多目标优化进化算法的

AGA-UAV 路径规划方法........................................................... 180
五、其他业绩

1.指导学生学科竞赛

1.1.蓝桥杯全国总决赛 C/C++程序设计大学 B 组二等奖....181

2



1.2.蓝桥杯全国总决赛 C/C++程序设计大学 A 组三等奖....182
1.3.蓝桥杯全国总决赛 C/C++程序设计大学 B 组优秀奖....183
1.4.蓝桥杯广东省赛区 C/C++程序设计大学 A 组一等奖....184
1.5.蓝桥杯广东省赛区 C/C++程序设计大学 B 组一等奖....185
1.6.蓝桥杯广东省赛区 C/C++程序设计大学 B 组一等奖....186
1.7.蓝桥杯广东省赛区 C/C++程序设计大学 B 组三等奖....187
1.8. 2022 年第二届中国高校大数据挑战赛三等奖.............188
2.指导学生创新创业训练项目

2.1.2022 年全国青年科普创新实验暨作品大赛华南农业大

学校赛优秀奖........................................................................... 189
2.2.2023 年大学生创新训练计划项目立项证明..................190
3.个人荣誉

3.1.2022 年度“十佳工作者”荣誉获得证明......................191

3



 

 

 
 

4



 

 

5



 

 

6



7



8



9



10



11



12



13



14



15



16



17



国家自然科学基金资助项目批准通知

（包干制项目）

彭超达   先生/女士：

根据《国家自然科学基金条例》、相关项目管理办法规定和专家评审意见，国

家自然科学基金委员会（以下简称自然科学基金委）决定资助您申请的项目。项目

批准号： ，项目名称：62202177 面向农业无人机自适应路径规划的约束多目标进化算法

 ，资助经费： 万元，项目起止年月： 年 月至 年 月，有关研究 30.00 2023 01 2025 12

项目的评审意见及修改意见附后。

请您尽快登录科学基金网络信息系统（https://isisn.nsfc.gov.cn），认真

阅读《国家自然科学基金资助项目计划书填报说明》并按要求填写《国家自然科学

。对于有修改意见的项目，请您按修改基金资助项目计划书》（以下简称计划书）

意见及时调整计划书相关内容；如您对修改意见有异议，须在电子版计划书报送截

止日期前向相关科学处提出。

请您将电子版计划书通过科学基金网络信息系统（https://isisn.nsfc.gov.c

n）提交，由依托单位审核后提交至自然科学基金委。自然科学基金委审核未通过

者，将退回的电子版计划书修改后再行提交；审核通过者，打印纸质版计划书（一

式两份，双面打印）并在项目负责人承诺栏签字，由依托单位在承诺栏加盖依托单

位公章，且将申请书纸质签字盖章页订在其中一份计划书之后，一并报送至自然科

学基金委项目材料接收工作组。纸质版计划书应当保证与审核通过的电子版计划书

内容一致。自然科学基金委将对申请书纸质签字盖章页进行审核，对存在问题的，

允许依托单位进行一次修改或补齐。

向自然科学基金委提交电子版计划书、报送纸质版计划书并补交申请书纸质签

字盖章页截止时间节点如下：

1． 提交电子版计划书的截止时间；2022年10月8日16点：

2． 提交修改后电子版计划书的截止时间；2022年10月14日16点：

3． 报送纸质版计划书（一式两份，其中一份包含申请书纸2022年10月19日：

质签字盖章页）的截止时间。

4． 报送修改后的申请书纸质签字盖章页的截止时间。2022年10月28日：

18



国家自然科学基金委员会

2022年9月7日

请按照以上规定及时提交电子版计划书，并报送纸质版计划书和申请书纸质签

字盖章页，逾期不报计划书或申请书纸质签字盖章页且未说明理由的，视为自动放

弃接受资助；未按要求修改或逾期提交申请书纸质签字盖章页者，将视情况给予暂

缓拨付经费等处理。

附件：项目评审意见及修改意见表
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附件：项目评审意见及修改意见表

项目批准号  62202177 项目负责人  彭超达 申请代码1  F0214

项目名称  面向农业无人机自适应路径规划的约束多目标进化算法研究

资助类别  青年科学基金项目 亚类说明  

附注说明  

依托单位  华南农业大学

直接费用  30.00 万元 起止年月  2023年01月 至 2025年12月

 通讯评审意见:
<1>具体评价意见：
一、该申请项目是否面向国家需求并试图解决技术瓶颈背后的基础问题？请结合应用需求详细
阐述判断理由。
农业无人机在数字农业发展中有广泛的应用场景，而无人机路径规划是无人机应用的关键问题
之一。本课题针对现有无人机规划在模型和算法上的若干瓶颈问题，研究维度自适应的无人机
路径规划约束多目标优化方法，能够为农业无人机运用提供有效的技术支撑，面向国家数字农
业需求开展基础技术研究，有很好的资助价值。

二、请评述申请项目所提出的科学问题与预期成果的科学价值。
针对无人机路径规划问题的瓶颈和挑战，申请书提出可变维度进化算子设计、基于历史信息的
约束处理方法设计、约束多目标进化算法下代理模型训练三个关键问题；通过解决这些关键问
题，构建高效自适应的约束多目标优化方法，有望在无人机路径规划能力上取得较大提升，具
有较高的科学意义和实用价值。

三、请评述申请人的创新潜力及研究方案的创新性和可行性。
申请人长期优化算法和无人机路径相关研究，在IEEE Transactions on Cybernetics、Applie
d Soft Computing等领域知名期刊发表了多篇相关研究成果，具有很好的研究基础和创新潜力
。申请书针对自适应维度的决策变量策略、约束多目标进化算法框架、数据驱动的约束多目标
进化算法下代理模型三个主要方面，制定了较为细致的研究方案，技术路线合理可行。

四、其他建议
作为青年基金，预期成果中发表论文数量偏多；建议突出高水平学术成果及其转化价值。

<2>具体评价意见：
一、该申请项目是否面向国家需求并试图解决技术瓶颈背后的基础问题？请结合应用需求详细
阐述判断理由。
该项目面向农业无人机的路径规划，研究约束多目标进化算法。该项目既面向国家数字农业发
展的需求，有助于推广农业无人机的应用，同时具有复杂约束的多目标进化计算也是具有挑战
性的研究课题。因此，本项目符合“需求牵引、突破瓶颈”特征。

二、请评述申请项目所提出的科学问题与预期成果的科学价值。
项目拟将进化计算路径规划和B-Spline曲线路径表达相结合，设计符合无人机路径特征的编码
方式，并研究维度可变的约束多目标进化算法和数据驱动的效率提升。科学问题凝练合理，预
期成果既有学术价值也有实际应用价值。

三、请评述申请人的创新潜力及研究方案的创新性和可行性。
申请人在相关方向有良好的前期成果积累。项目的研究方案合理，技术路线清晰，有一定的创
新性，具体方案可行，有望取得有价值的研究成果。

四、其他建议
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信息科学部

2022年9月7日

<3>具体评价意见：
一、该申请项目是否面向国家需求并试图解决技术瓶颈背后的基础问题？请结合应用需求详细
阐述判断理由。
本项目拟建立一个面向农业无人机自适应路径规划的高效、快速约束多目标进化算法通用框架
。首先，建立的约束多目标进化算法使用了基于决策变量维度可变的策略，能够自动适应不同
农业作业的路径规划场景，同时，目标函数、约束函数、环境条件或者场景的改变不需要重新
进行模型调参。其次，新算法框架设计的优秀进化算子和约束处理方法能高效地求解农业无人
机路径规划问题，提出的基于数据驱动的算法求解效率提升策略可以有效地降低农业无人机路
径规划问题昂贵的计算代价，最终使得整个算法框架对不同的农业作业场景有优秀的求解高效
性与鲁棒性。最后，建立的约束多目标进化算法通用框架可直接服务于农业无人机路径规划，
给出相应的优化方案，提高农业管理效率和生产效益。研究内容与研究方法有新意。

二、请评述申请项目所提出的科学问题与预期成果的科学价值。
该项目使用基于维度可变的决策变量策略，相对于普通进化算子，其设计更为复杂，需要考虑
进行杂交变异操作的父代个体避免因维度不同而无法进行操作的问题。同时，  由于不同维度
的个体所包含的进化有效信息不同，极大地增加了进化算子搜索最优解区域的难度。因此，设
计一种具有针对性的高效进化算子是一个复杂且具有挑战性的问题，等等。该项目所关注问题
的科学价值较高，对相关前沿领域研究有较高参考价值。

三、请评述申请人的创新潜力及研究方案的创新性和可行性。
研究内容具体，研究目标明确，方案设计合理可行，申请人具有较好的前期研究工作的经验和
基础。

四、其他建议
无
 修改意见:
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广州市科技计划项目合同书

项目编号： 202201010576

基础与应用基础研究项目

合同书

项目名称： 面向复杂环境无人机路径规划的约束多目标进化算法研究

承担单位： 华南农业大学

项目负责人： 彭超达

计划类别： 基础研究计划

专题名称： 基础与应用基础研究项目

支持方向： 一般项目（博士青年科技人员类）

组织单位： 华南农业大学

起止时间： 2022年04月01日 至 2024年03月31日

主管处室： 基础研究处

广州市科学技术局

（二〇二二年制）

20
22
01
01
05
76
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广州市科技计划项目合同书

填 写 说 明

一、本合同书的项目编号由市科学技术局（以下简称市科技局）统一确定。

二、本合同书由申报书在后台自动转换生成，如有错漏之处需修正，请联系市科技局项目责

任处室退回承担单位修正。

三、项目经费分为直接费用和间接费用。

基础与应用基础研究专题项目试点实施“包干制”，经费支出不设科目比例限制，由项目研

究团队自主调剂使用，按照市科研项目经费“包干制”管理有关规定执行，同时应符合以下要求

：

（1）经费支出应实际用于项目研究支出，使用范围限于设备费、材料费、测试化验加工费

、燃料动力费、差旅/会议/国际合作与交流费、出版/文献/信息传播/知识产权事务费、劳务费

、专家咨询费、依托单位管理费用、绩效支出以及其他合理支出。

（2）经费支出应按照市级财政科研项目资金开支范围和标准使用；

（3）间接费用是指项目承担单位在组织实施项目过程中发生的无法直接列支的相关费用，

主要用于补偿项目承担单位为了项目研究提供的现有仪器设备及房屋，水、电、气、暖消耗，有

关提高科研管理、服务能力等费用，以及绩效支出等。间接费用按照不超过项目直接费用扣除设

备购置费后的一定比例核定，具体比例按《广州市财政局 广州市科学技术局

广州市审计局关于市级财政科研项目资金绩效提升和管理监督办法》规定确定。

（4）不得列支基建费；

（5）项目验收时应提交经费决算表

四、本合同书仅适用于广州市基础与应用基础研究项目

20
22
01
01
05
76
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广州市科技计划项目合同书

一、基本信息

项
目
负
责
人

姓名 彭超达 证件类型 身份证
证件
号码

4452211990092
01918

性别 男

出生
年月

1990年09月20日 民族 汉族 国籍 中国 学历 博士研究生

学位 博士
学位授予国

家
（或地区）

中国 职务 无 职称 讲师(高校)

所学
专业

控制科学与工程 手机号码
1881945774

3
办公
电话

18819457743
电子
邮箱

chaodapeng@s
cau.edu.cn

项
目
承
担
单
位

单位名称 华南农业大学
统一社会信用代码或组织

机构代码
124400004554165634

注册时间 1952-01-01 单位类型 高等院校

注册地址 广东省广州市天河区五山路483号

办公地址 广东省广州市天河区五山路483号

联系人

姓名 倪慧群

手机号码 15920301530

电子邮箱 kjcgxk@scau.edu.cn

开户银行 广东广州工行五山支行

开户户名 华南农业大学

银行帐号 3602002609000310520

研究平台

项
目
基
本
信
息

项目名称 面向复杂环境无人机路径规划的约束多目标进化算法研究

所属学科 信息-自动化-人工智能与知识工程-进化算法及应用

申请金额 5.00万元 研究期限 2022年04月01日-2024年03月31日

项
目
摘
要

无人机路径规划作为无人机的一个研究重点，对我国经济发展具有重要的战略意义。建立无人机路
径规划数学模型和设计求解算法是无人机路径规划的核心研究问题。现有无人机路径规划数学模型
存在模型通用性低，随着环境复杂化程度增加，模型建立难度增加。同时求解算法存在着约束处理
能力效果差、寻优能力不足等问题。针对上述情况，本项目拟进一步开展：1、建立基于模块化无人
机路径规划约束多目标优化数学模型，降低模型建立的资源投入。2、提出一种融合邻域惩罚和短暂
忽略约束策略的约束多目标进化算法，并设计一种高效的进化算子，减轻求解算法寻优难度大的负
担。最后，将设计的算法用于求解面向复杂环境无人机实际路径规划问题。本项目的研究为无人机
路径规划的实际应用提供强有力的理论支撑，具有较强的创新性和明确的社会需求。
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二、项目预期成果

论文及专著情况

国家统计源刊物以
上刊物发表论文（

篇）
3 科技报告（篇） 0

其中，被SCI/EI/I
STP收录论文数（

篇）
3 培养人才（人） 1

专著（册） 0 引进人才（人） 0

专利情况(项)

发明专利 实用新型专利 外观设计专利 国外专利

申请 授权 申请 授权 申请 授权 申请 授权

0 0 0 0 0 0 0 0

其他 无
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三、项目经费预算

本项目总投入：  ¥（ ）万元，其中，市财政补助经费：¥（5.00）万元，自筹经费：¥（ 5.00 

0 ）万元。

(单位：万元)

1.经费下达计划

资金来源 小计 市科技局经费 自筹资金

2023年 5.00 5.00 /

合计 5.00 5.00 /

注：本项目市科技局经费试点实施“包干制”，经费支出不设科目比例限制，由项目研究团队

自主调剂使用，按照市科研项目经费“包干制”管理有关规定执行。
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四、合同条款

第一条　甲、乙、丙方根据《中华人民共和国科学技术进步法》《广东省自主创新促进条例》

《广州市科技创新条例》及《中华人民共和国民法典》等国家有关法规和规定，经协商一致，特订

立本合同，作为甲、乙、丙方在合同执行中共同遵守的依据。

第二条　甲方、乙、丙三方应当严格履行《广州市科技计划项目管理办法》《广州市级财政科

研项目资金绩效提升和管理监督办法》《广州市科技创新发展专项资金管理办法》《广州市科技计

划项目经费“包干制”改革试点工作方案》《广州市科技计划项目全过程管理简政放权改革工作方

案》的规定要求。

第三条　甲方应：

1.根据财政经费预算安排，及时进行拨付项目经费。

2.赋予乙方和丙方广州市科技业务管理阳光政务平台（以下简称阳光政务平台）的使用权限，

保障丙方进行项目全过程管理的使用需求。

3.根据甲方需要，在不影响乙方工作的前提下，定期或不定期对乙方项目的实施情况和经费使

用情况进行检查或抽查。

4.审核丙方提交的年度工作报告，制定下一年度的资金切块方案。

5.对丙方进行周期绩效考核和检查评估，重新评估丙方资格。

第四条　乙方应：

1.作为项目具体组织实施的责任主体，为本单位提供的与本项目有关的全部材料真实、合法、

有效性负责，同意甲方向行业协会等第三方机构直接调取乙方与本项目相关的数据、信息、材料，

包括但不限于工商登记信息、审计报告等；

2.按照《合同书》规定的内容组织实施项目，接受并配合甲方、丙方以及各级财政、审计部门

，或上述部门委托的机构进行评估、稽查、审计、检查和绩效评价，并按要求提供项目任务与预算

执行情况和有关财务资料；

3.按照市财政科技经费管理“包干制”相关要求对项目经费单独设账，专款专用；

4.保证自筹资金按时到位和其它配套条件的落实；

5.在项目研究开发过程中优先考虑使用“广东省科技资源共享服务平台”的仪器设备，项目购

置的设备仪器若符合入网条件应及时办理入网手续对社会共用共享，提高设备仪器的使用率。按照

《中华人民共和国采购法》要求，对符合政府采购范围的设备仪器，执行政府采购；

6.项目合同执行期内需进行变更的，按照《广州市科技计划项目管理办法》《广州市级财政科

研项目资金绩效提升和管理监督办法》《广州市科技创新发展专项资金管理办法》《广州市科技计

划项目全过程管理简政放权改革工作方案》相关程序办理；

7.项目合同执行期满后3个月内向丙方提出验收申请，并出具在广州注册会计市协会备案的验

收专项审计报告，提前完成合同规定任务的可提前申请验收；

8.按照相关规定，在项目验收时提交科技报告，办理《验收证书》和科技成果登记手续；
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9.在项目实施期间和项目结题验收后3年内，配合甲方开展对财政资金年度绩效跟踪，按照甲

方要求提供相关信息和数据，完成年度报告填报任务；

第五条　丙方应：

1.明确项目管理依据的管理办法或管理规程，承担项目全过程管理职责；

2.自主安排立项评审和结题验收工作，充分利用阳光政务平台，推进项目全过程管理的网络化

电子化，主动配合推行合同电子签章；

3.严格落实信息公开制度，公示遴选和结题验收结果，并及时处理异议；

4.及时报送相关材料，按广州市科学技术局要求，每年按时提交拟立项项目清单，报送年度工

作总结；

5.按广州市科学技术局要求配合开展绩效评价和监督检查工作；

6.主动追回终止项目未使用和不合规支出的市财政科技经费；

7.按照本单位相关项目管理办法组织项目验收工作，并按相关规定做好存档工作；

8.协助甲方对项目的实施过程进行跟踪、检查和提供相关信息，并对所提供信息的客观真实性

负责；

9.负责监管乙方严格遵守本合同规定的任务；

第六条　甲方同意给予乙方人民币（5.00万）的资助, 立项后一次性拨付。

第七条　合同终止：

1.项目因故无法继续进行的，按照相关规定实施合同终止。

2.发现存在以下情况之一的，立即启动终止程序：

①因不可抗拒因素导致项目无法继续进行、没有必要继续进行或无法完成合同预期目标任务的

；

②不接受项目监督检查、检查不合格限期整改后仍未通过的或拒不配合项目验收工作的；

③无正当理由项目合同执行期满后3个月以后仍未提交验收申请的；

④项目承担单位已迁出本市，或已停止经营活动，或已注销的；

⑤发现在项目申报、实施过程中有违法、欺骗等事实的；

⑥存在其他导致项目不能正常实施的原因。

3.合同终止由乙方提出申请，丙方审定，也可由丙方强制实施。具体由丙方按照《广州市科技

创新发展专项项目全过程管理简政放权改革试点工作方案》的规定要求进行办理。

4.合同终止后，乙方或承接乙方法定义务的责任人应停止使用该项目财政经费；上缴尚未使用

和使用不符合规定的财政经费。

第八条 对合同正常执行期及项目整改期之外的经费开支，不属于财政项目经费列支范围。

第九条　在履行本合同的过程中，乙方发现可能导致项目失败或部分失败的情形时，应及时通

知甲方，并采取适当措施减少损失，没有及时通知并采取适当措施，致使损失扩大的，应当就扩大

的损失承担责任。
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第十条　在履行本合同的过程中，如遇到市财政计划改变等不可抗力情况，甲方对所核拔经费

的数量和时间可进行相应变更。

第十一条　成果转化：

1.本项目技术成果及知识产权的归属、转让和实施技术成果所产生的经济利益的分享，除另有

约定外，按国家和省、市有关规定执行；正式发表的论文、论著应标注“广州市科技计划项目资助

”字样及项目编号；项目所取得的技术成果和知识产权应优先广州产业化或推广转让。

第十二条　属技术保密的项目，经协商订立如下技术保密条款：

1.本合同书保密内容范围为：本合同及其补充协议和附件、乙方因履行本合同所接触或知晓的

甲方工作秘密（包括但不限于甲方的任何技术性资料、以及甲方为完成本合同提供的任何其他信息

资料并且在提供时未说明是公开信息的）、在合同履行过程中，乙方接触到的，或履行合同产生的

任何国家、商业、工作信息（包括但不限于计算机系统数据信息、审计工作资料、技术文档及相关

敏感资料等）。

2.本合同书保密期限为：\

3.乙方及乙方人员（包括但不限于项目组人员、乙方雇员、代理人、顾问等工作人员，下同）

采取有效的保密措施以避免泄露给任何第三方；乙方增强对项目组人员的保密教育，每年至少开展

一次保密自查，并与可能知悉保密内容的人员签订技术保密保护协议，确保项目组人员遵守保密协

议，乙方应保密义务不得低于本合同书的约定；甲乙双方应建立技术保密制度。

4.乙方在合同履行的过程中，对接触到的相关信息，乙方及项目组人员承担保密责任；乙方应

将项目组人员的身份证复印件、劳动合同、学历职称证明、项目经验等资料提供给甲方，更换项目

负责人时需事先征得甲方书面同意并提交上述资料。

5.在本合同有效存续期间及合同终止后，未经甲方事先的书面同意，不得以任何方式记录、复

制、拍摄、摘抄、收藏、公布、发表、公开、披露、散播本合同项下保密信息的任何部分，或对其

加以任何形式的利用或使用；乙方及乙方人员未经甲方书面同意不得私自下载、拷贝计算机内项目

相关数据信息，不得擅自携带记载项目内容的载体（例如移动硬盘、U盘等）和打印资料外出，严

禁将工作系统的程序、口令等泄露给他人。

6.属技术保密的项目必须经相关负责技术保密部门审查、批准后，方可发表或用于境外合作与

交流。

7.乙方应当制定泄密应急预案，一旦发现本单位持有的国家科学技术秘密可能泄露或者已经泄

露，应当在24小时内向甲方报告，同时启动应急预案，并协助有关部门查处泄密事件。

8.乙方应严格遵守国家、省市规定的其他技术保密相关法律、法规和政策。

在项目实施过程中，乙方或项目合作单位及其相关人员违反科学技术保密管理相关规定，给国家安

全和利益造成损害的，应当依法追究单位和相关人员的法律责任。

第十三条　廉洁责任

甲方、丙方、评审机构及其工作人员不得索取、收受利益相关方财物或其他不正当利益，严格

遵守中央八项规定精神及其实施细则。

乙方应严格遵守国家、省、市关于科技专项经费使用的有关法律、法规，相关政策以及廉洁建

设的各项规定，积极开展人员廉洁从业教育，防范科技项目组成员在科研活动中出现出现“法律、

行政法规、部门规章或规范性文件规定的其他相关违规行为。
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第十四条 科研诚信和科技伦理要求

乙方应建立健全促进科研诚信和科技伦理的规章制度，落实以下职责：

1.建立健全本单位学术论文发表诚信承诺制度、科研过程可追溯制度、科研成果检查和报告制

度等成果管理制度。对本项目形成的科研成果的署名、研究数据真实性、实验可重复性等进行诚信

审核和学术把关。防范科技项目组成员在项目申报、研发过程中出现提供虚假信息或材料，抄袭、

剽窃他人科研成果，捏造、变造或篡改科研数据等违反科研诚信和科技伦理要求的情形。

2.加强对科技项目参加人员的科研诚信和科技伦理教育，督促科技项目组成员恪守科学道德准

则，遵守科研活动规范。对在科研诚信和科技伦理方面存在问题情节较严重的，应及时调整出项目

团队并及时以书面形式报告甲方；

3.加强对项目合作单位的科研诚信管理，正确履行管理、指导、监督职责，全面落实科研诚信

和科技伦理要求；

4.乙方或项目合作单位及其相关人员被记入科研严重失信行为数据库或相关社会领域信用“黑

名单”， 乙方应及时以书面形式报告甲方；

5.乙方应严格遵守国家、省市规定的其他科研诚信管理和科技伦理相关法律、法规和政策。

6.其他：在项目实施过程中,对乙方或项目合作单位及其相关人员有严重违背科研诚信和科技

伦理要求的行为,甲方和相关部门可依照相关法律、法规规定对乙方采取责令改正、终止或撤销项

目并追回财政性资金、记入科研诚信严重失信行为数据库等处理处罚措施。

第十五条　争议解决

因本合同书所产生的争议，各方应友好协商解决；协商不成的，各方同意由本合同签订地人民

法院管辖。

第十六条　书面通知与送达

甲方在本合同履行过程中向乙方或丙方发出或者提供的所有书面通知、文件、文书、资料等，

均以本合同所列明的乙方或丙方地址送达。乙方或丙方如果迁址，应当书面通知甲方；未履行书面

通知义务的，甲方按原地址邮寄相关材料即视为已履行送达义务。

第十七条　鼓励开展科普工作

鼓励项目承担单位和人员结合科研任务对适合进行科学普及的项目内容加强科普工作。

本合同一式四份，各份具有同等效力。甲方和丙方各存一份，乙方存二份。本合同签订各方均

负有相应的法律责任，不受机构、人事变动而影响。

说明：本《合同书》中，凡是三方约定无需填写的条款，在该条款的空白处划（\）。
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合同书各方签章

广州市科学技术局（甲方）：广州市科学技术局

项目经办人 ：李磊 联系电话：020-83124052

责任处室负责人：莫雪华

（科学技术局公章）  

 2022年06月15日   

项目承担单位（乙方）：华南农业大学

二级部门：华南农业大学数学与信息学院

项目负责人：彭超达

项目经费汇入账号

帐户名：华南农业大学 帐号：3602002609000310520

开户银行：广东广州工行五山支行

财务负责人：肖斐 财务负责人联系电话：02085288032

（承担单位公章）   

 2022年06月09日   

组织单位（丙方）：华南农业大学

项目经办人：倪慧群

（组织单位公章）   

 2022年06月10日   
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任务书编号：2025A04J5508

广州市科技计划项目

任务书

项目名称：
面向时间敏感无人机路径规划的动态约束多目

标进化算 法研究

承担单位： 华南农业大学

项目负责人： 彭超达

计划类别： 基础研究计划

专题名称： 2025年度基础与应用基础研究专题

支持方向： 优秀博士“续航”项目

组织单位： 华南农业大学

起止时间： 2025-01-01 至 2026-12-31

主管处室： 引进智力管理处（科技人才处）

广州市科学技术局制

二〇二五年
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填写说明
1.任务书甲方为广州市科学技术局；乙方为项目承担单位；丙

方为项目组织单位。

2.任务书基于项目申报书转换而成，请按照“广州科技GI（广

州科技大脑）”提示在线填写核实，若存在不填写内容的栏目，请

用“无”表示；任务书中的单位名称应为规范全称，并与单位公章

一致。

3.乙方与合作单位的合作协议自动从项目申报书中读取，如需

变化调整，须待任务书签订后，按要求及时办理重大变更。

4.乙方完成项目任务书在线填写，依次提交丙方和甲方审核确

认后，按要求完成签章。具备电子签章条件的单位，在“广州科技G

I（广州科技大脑）”完成任务书签署；不具备电子签章条件的单位

，经与业务主管处室沟通对接后，可下载电子版项目任务书用A4纸

双面打印装订签章，一式六份报甲方和丙方签章，其中甲方两份丙

方两份，项目承担单位和项目负责人各一份。

5.涉密项目请在“广州科技GI（广州科技大脑）”下载项目任

务书模板，按保密要求离线填写报送。

6.项目申报书是项目任务书填报的重要依据，未经甲方许可，

乙方不得修改考核指标，调整主要研究内容。项目任务书将作为项

目实施管理、验收结题和监督评估的重要依据。

7.项目任务书中的“备注”，包括重要的必须补充的内容。

8.“广州科技GI（广州科技大脑）”是项目管理过程中重要通

知和文书的电子送达平台，电子送达与书面送达具有同等法律效力

。为确保电子送达渠道畅通，乙方和项目负责人应及时更新维护“

广州科技GI（广州科技大脑）”的单位和个人信息。

9.项目涉及科技伦理、科技安全（如临床研究、生物安全、信

息安全等）和科技保密相关问题的，申报单位须严格执行国家有关

法律法规和伦理原则，完成相关审查工作；项目负责人在项目任务

书签订环节，须提供符合国家有关法律法规和伦理准则要求的审查
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批准文件，项目承担单位负责审核批准文件的真实性和有效性。
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一、项目基本信息

项目名称
面向时间敏感无人机路径规划的动态约束多目标进化算 

法研究

申请市财政科

技经费
10(万元)

项目

基本

信息

研究期限 2（年）

项目

摘要

实时路径规划是无人机技术的关键研究领域，提高路径规划的最优性和效

率是重点研究问题。与现有深度、强化学习等主要方法不同，本项目创新

地将该问题建模为动态约束多目标优化问题,并设计一种多分布评价策略

约束多目标进化算法,以提高实时路径规划的最优性。为提高求解效率，

设计一种轻量化代理模型降低算法计算复杂度。本研究为动态约束多目标

优化和实时无人机路径规划提供新的理论和解决策略,具有较高的科学研

究和实际价值。
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二、项目单位情况

单位名称 华南农业大学 统一社会信用代码 124400004554165

634

注册时间 1952-01-01 单位类型 高等院校

注册地址 广东省广州市天河区五山路483号

办公地址

（联系地

址）

广东省广州市天河区五山路483号

姓名 夏杰

手机号码 13711345768联系人

电子邮箱 kjcgxk@scau.edu.cn

开户银行 广东广州工行五山支行

开户户名 华南农业大学

项

目

承

担

单

位

银行账号 3602002609000310520

注：如果办公地址（联系地址）等相关信息有变更，项目单位应当在变更之日起三个工作

日内告知我单位变更后的地址。
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三、项目负责人信息

姓名 彭超达 证件类型 身份证

证件号码 445221199009201918 性别 男

出生日期 1990-09-20 民族 汉族

国籍 中国 学历 博士研究生

学位 博士
学位授予国家

（或地区）
中国

职务 无 职称 中级

所学专业 控制科学与工程 手机号码 18819457743

办公电话 020-85280001 电子邮箱 chaodapeng@scau.e

du.cn
获2021或2022年度

广州市基础研究计

划基础与应用基础

研究(博士青年科

技人员)项目编号

202201010576
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四、项目经费信息

本项目总投入：¥（10）万元，其中，市财政科技经费：¥（10）万元，自筹经费：¥（0
）万元。

（单位：万元）

注：本专题纳入“包干制”，市财政科技经费按市科技计划项目经费“包干制”相关规定

执行。

经费下达计划

资金来源 小计 市财政科技经费 自筹经费

2025 10 10 0

总计 10 10 0
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五、预期代表性成果

项目负责人在项目实施期内，以该项目作为资助项目获得以下5种情形之

一且经费使用符合规定的，由组织单位审核后通过验收。

（一）项目实施期内，以第一作者/通讯作者发表论文1篇或以上（须标注

资助项目编号）；

（二）项目实施期内，以第一完成人申请或授权专利、软件著作1项或以

上；

（三）项目实施期内，获省级以上科技计划项目或人才项目支持1项或以

上；

（四）项目实施期内，获省级以上科技奖励（含列入获奖团队成员名单）

1项或以上；

（五）项目实施期内，获得职称晋升。
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六、备注

专题补充约定条款：

甲方对未履行勤勉尽责义务的相关责任主体，自作出处理结论之日起，依照法律法

规规定或任务书约定实施惩戒5年，取消相关责任主体申报市科技计划项目、申领

市科技计划项目经费的资格。

预期代表性成果需在实施期内获得。
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项目承担单位（乙方）及项目负责人承诺书

承诺书

本单位/本人作为广州市科技计划项目承担单位/项目负责人，将严格遵守

广州市科技计划管理相关规定，严格履行自身责任，加强对项目组人员及合作

单位的管理，在此郑重承诺：

（一）确保与本项目有关的全部材料真实、合法、有效，未侵犯其他方知

识产权等权利，不存在多头申报、重复申报行为；

（二）严格遵守《广州市科技创新条例》《广州市科技计划项目管理办法

》《广州市科技计划项目经费管理办法》《广州市科技计划科技报告管理办法

》等相关规定，实施项目和经费管理；

（三）严格遵守国家、省、市关于科研诚信、科技伦理、科技安全（如临

床研究、生物安全、信息安全等）和科技保密的有关法律、法规，相关政策以

及各项规定，加强项目实施过程中的科研诚信、科技伦理、科技安全（如临床

研究、生物安全、信息安全等）和科技保密管理，恪守科研道德准则。

如有违反，本单位/本人愿意接受相关部门做出的各项处理决定，包括但不

限于终止项目、停拨经费、核减经费、追回经费，取消一定期限广州市科技计

划项目申报资格，记入科研失信行为数据库，将不良行为向社会公开等。

项目承担单位：华南农业大学

日期：2024年12月26日

项目负责人：彭超达

日期：2024年12月24日
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电子送达确认书

告

知

事

项

1.为便于本项目承担单位（受送达人）及时收到相关通知和文书，请受

送达人知悉项目管理过程中重要通知和文书（如：项目验收结果通知书

、配合结余资金审计通知书、项目终止通知书等）的送达方式是通过“

广州科技GI（广州科技大脑）”平台（以下简称平台）电子送达。

2．确认的送达方式适用于行政执法全过程程序。

3．请受送达人在项目管理过程中及时、主动查看平台相应模块，以免

错过相关通知和文书。

4．此电子送达方式，以发送方设备显示发送成功视为送达。但接收方

证明其到达平台的日期与发送方对应系统显示发送日期不一致的，以受

送达人证明到达平台的日期为准。

电

子

送

达

受送达人同意：“广州科技GI（广州科技大脑）”是项目管理过程中重

要通知和文书的电子送达平台，电子送达与书面送达具有同等法律效力

。为确保电子送达渠道畅通，受送达人同意“广州科技GI（广州科技大

脑）”作为电子送达平台。

“广州科技GI（广州科技大脑）”网站地址：https://gzsti.gzsi.gov

.cn。

受

送

达

人

确

认

我单位已阅读本确认书的告知事项，接受并确认了上栏送达方式。

受送达人：华南农业大学

2024年12月26日

备

注

第11页 共12页

广
州

市
科

技
项

目
任

务
书

2024-1
2-3

1

43



任务书签署

甲乙丙三方根据《广州市科技计划项目管理办法》《广州市科技计划项目

经费管理办法》《广州市科技计划科技报告管理办法》等有关文件规定，以及

有关法律、政策和管理要求，签署本任务书。

签订地点：广州市越秀区

广州市科学技术局（甲方）：广州市科学技术局
局项目经办人：陈良          联系电话：83124036
责任处室负责人：洪雪妍

【市科技局盖章处】                                                                          

2024年12月31日
项目承担单位（乙方）：华南农业大学
二级部门：华南农业大学数学与信息学院
项目负责人：彭超达
项目经费汇入账号
账户名：华南农业大学    账号：3602002609000310520
开户银行：广东广州工行五山支行

【承担单位盖章处】                                                                          

2024年12月26日
组织单位（丙方）：华南农业大学
项目经办人：夏杰

【组织单位盖章处】                                                                          

2024年12月27日
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项目批准号 U23A20174

申请代码 C1302

归口管理部门

依托单位代码 51064208A0499-0932

    

国家自然科学基金

 资助项目计划书

（预算制项目）

资助类别：联合基金项目

亚类说明：重点支持项目

附注说明：区域创新发展联合基金

项目名称：稻田杂草信息多尺度感知及机-药协同精准除草机理研究

直接费用：262万元 执行年限：2024.01-2027.12

负 责 人：齐龙

通讯地址：广州市天河区五山路483号华南农业大学工程学院

邮政编码：510642 电 话：话电 020-85283707

电子邮件：qilong@scau.edu.cn

依托单位：华南农业大学

联 系 人：唐家林 电 话：话电 020-85280070

填表日期： 2023年11月27日

国家自然科学基金委员会制

Version：1.006.896
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国家自然科学基金资助项目计划书填报说明

（预算制项目）

一、项目负责人收到《国家自然科学基金资助项目批准通知》（以下简称《批准通知》）

后，请认真阅读本填报说明，参照国家自然科学基金相关项目管理办法和新修订的《

国家自然科学基金资助项目资金管理办法》（以下简称《资金管理办法》，请查阅国

家自然科学基金委员会官方网站首页“政策法规”栏目），按《批准通知》的要求认

真填写和提交《国家自然科学基金资助项目计划书》（以下简称《计划书》）。

二、填写《计划书》时要科学严谨、实事求是、表述清晰、准确。《计划书》经国家自然

科学基金委员会相关项目管理部门审核批准后，将作为项目研究计划执行、检查和验

收的依据。

三、《计划书》各部分填写要求如下：

（一）简表：由系统自动生成。

（二）摘要及关键词：各类获资助项目都应当填写中、英文摘要及关键词。

（三）项目组主要成员：计划书中列出姓名的项目组主要成员由系统自动生成，与申

请书原成员保持一致，不可随意调整。如果《批准通知》所附“项目评审意见

及修改意见表”中“修改意见”栏目有调整项目组成员相关要求的，待项目开

始执行后，按照项目成员变更程序另行办理。

（四）资金预算表：根据批准的项目资助额度，按规定调整项目预算，并按照《国家

自然科学基金项目计划书预算表编制说明》填报资金预算表和预算说明书。

（五）正文：

1. 面上项目、地区科学基金项目：如果《批准通知》所附“项目评审意见及修改

意见表”中“修改意见”栏目没有修改要求的，只需选择“研究内容和研究目

标按照申请书执行”即可；如果《批准通知》中上述栏目明确要求调整研究期

限或研究内容等的，须选择“根据研究方案修改意见更改”并填报相关修改内

容。

2. 重点项目、重点国际（地区）合作研究项目、重大项目、国家重大科研仪器研

制项目、原创探索计划项目：须选择“根据研究方案修改意见更改”，根据《

批准通知》的要求填写研究（研制）内容，不得自行降低、更改研究目标（或

仪器研制的技术性能与主要技术指标、验收技术指标等）或缩减研究（研制）

内容。此外，还要突出以下几点：

（1）研究的难点和在实施过程中可能遇到的问题（或仪器研制风险），拟采用

的研究（研制）方案和技术路线；

（2）项目主要参与者分工，合作研究单位（如有）之间的关系与分工，重大项

目还需说明课题之间的关联；

（3）详细的年度研究（研制）计划。

3. 创新研究群体项目：须选择“根据研究方案修改意见更改”，按下列提纲撰

写：

（1）研究方向；

国家自然科学基金资助项目计划书（预算制项目）
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（2）结合国内外研究现状，说明研究工作的学术思想和科学意义（限两个页

面）；

（3）研究内容、研究方案及预期目标（限两个页面）；

（4）年度研究计划；

（5）研究队伍的组成情况。

4. 基础科学中心项目：须选择“根据研究方案修改意见更改”，根据《批准通

知》的要求和现场考察专家组的意见和建议，进一步完善并细化研究计划，按

下列提纲撰写：

（1）五年拟开展的研究工作（包括主要研究方向、关键科学问题与研究内

容）；

（2）研究方案（包括骨干成员之间的分工及合作方式、学科交叉融合研究计划

等）；

（3）年度研究计划；

（4）五年预期目标和可能取得的重大突破等；

（5）研究队伍的组成情况。

5. 对于其他类型项目，参照面上项目的方式进行选择和填写。

国家自然科学基金资助项目计划书（预算制项目）
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简表

项
目
负
责
人
信
息

姓      名 齐龙 性 别 男
出生
年月

1979年11月 民 族 汉族

学      位 博士 职称 研究员

是否在站博士后 否 电子邮件 qilong@scau.edu.cn

电      话 020-85283707 个人网页
http://yjsglxt.scau.edu.cn/open
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项目摘要

中文摘要：
针对稻田杂草绿色防控的技术瓶颈，本项目创新提出“空地多尺度”感知、“机-药协同”控草的

高效智能精准除草理念，具体研究内容和方法如下：1）引入伪装目标检测思想，解决无人机视角下稻
田杂草弱目标识别的难题，准确获取杂草密度和发生区域信息；2）构建基于注意力机制的杂草视觉表
征提取网络，提出同类杂草表征相互补充、不同种类杂草表征相互区分的深度聚类辨识算法，满足地
面智能除草机具对杂草种类精准辨识的要求；3）通过机械方式改变杂草叶片的表面结构和疏水特性，
阐明除草剂在受损杂草叶面的润湿性能、传导效率及增效机制；4）形成适配于不同繁殖特性杂草的控
草处方策略，创新机-药协同作业的执行机构和视觉伺服控制系统，实现分类精准对靶作业。本项目实
施所构建的模型和方法不仅可以为稻田杂草绿色防控提供技术支撑，减少除草剂的施用量，提高杂草
防控效果，也可以为其他农田杂草精准防控技术的研究提供参考和借鉴。

Abstract：
To break the technical bottleneck of green weed control in rice fields, this project
innovatively proposes a novel solution for efficient, intelligent, and precise weed
control, which includes "ground-air multiscale" weeds perception and "mechanical-chemical
integration" weed control strategy. The methods are described as follows. 1) By
introducing the idea of camouflage object detection, the problem of identifying weeds in
paddy field under the perspective of unmanned aerial vehicles can be effectively
resolved, yielding accurate results on the perception of weed density and location. 2) In
order for the intelligent ground weeding equipment to identify the species of weeds
precisely, a deep neural framework, which complements the same representations and
distinguishes different representations, is established based on the attention mechanism
for feature extraction. 3) By mechanically modifying the surface structure and
hydrophobic properties of weed leaves, the wetting performance, conduction efficiency,
and performance of herbicides on the damaged leaf surface are elucidated；4) The weed
control strategies adapted to different reproductive characteristics of weeds are
proposed accordingly, and then the execution mechanism and visual servo control system
for precise weeding operations are developed based on the "mechanical-chemical
integration" strategy. The models and methods proposed by this project can not only
provide technical support for green weeding in paddy field with improved weeding
effectiveness and reduced herbicide use, but also provide guidance and reference for the
research on the precise weed control of other crop fields.

农艺农机融合；田间信息自动获取；稻田杂草防控；智能精准除草关键词(用分号分开)：
；机械-药剂协同控草

Agricultural machinery and agronomyKeywords(用分号分开): 
integration; Automatic field- information acquisition; Weed control in paddy
fields; Intelligent and precise weeding; Mechanical-chemical integration on
weed control
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项目组主要成员

编号 姓名 出生年月 性别 职称 学位 单位名称 电话 证件号码 项目分工
每年工
作时间
（月）

1 齐龙 1979.11 男 研究员 博士 华南农业大学 020-85283707
23010619791109
2814

项目负责人 6

2 马锐军 1991.03 男 讲师 博士 华南农业大学 15989140276
44520219910305
8530

杂草视觉表征、种
类精准辨识及定位
方法

6

3 冯骁 1988.11 男 讲师 博士 华南农业大学 15017513002
23010719881125
2316

机械作用下杂草叶
片创面形成机理

6

4 彭超达 1990.09 男 讲师 博士 华南农业大学 18819457743
44522119900920
1918

低空高质量稻田杂
草图像快速采集策
略

6

5 安静 1989.11 女 讲师 博士 华南农业大学 15801026018
34062119891129
0328

机械与药剂协同作
用下杂草凋亡机制

6

6 陈瑛 1957.09 女 教授 博士
University of
Manitoba

012043964861 GB331222
稻田杂草叶片本构
模型

4

7 王奇 1990.08 男 副教授 博士 东北农业大学 0451-55190950
23122219900809
4034

执行机构创新设计
与精准对靶作业方
法

6

8 刘敏 1986.03 男 讲师 博士 湖南农业大学 073184618163
43058119860307
2014

基于稻田杂草繁殖
特性的控草作业处
方策略

6

9 冯健昭 1981.10 男 讲师 博士 华南农业大学
020-85280320-6
04

44060219811031
0637

低空稻田图像的杂
草密度与发生区域
信息获取模型

6
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总人数 高级 中级 初级 博士后 博士生 硕士生

21 3 6 0 0 2 10
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国家自然科学基金预算制项目预算表

项目批准号：U23A20174 项目负责人：齐龙 金额单位：万元  

序号 科目名称 金额

1 一、基金资助项目直接费用合计 262.0000

2 1、 设备费 15.0000

3 其中：设备购置费 15.0000

4 2、 业务费 171.0000

5 3、 劳务费 76.0000

6 二、 其他来源资金 0.0000

7 三、 合计 262.0000

注：请按照项目研究实际需要合理填写各科目预算金额。
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预算说明书 

（请按照《国家自然科学基金项目申请书预算表编制说明》等的有关要求，按照政策相符性、目标相关性和经济合

理性原则，实事求是编制项目预算。填报时，直接费用应按设备费、业务费、劳务费三个类别填报，每个类别结合

科研任务按支出用途进行说明。对单价≥50万元的设备详细说明,对单价＜50万元的设备费用分类说明，对合作研究

单位资质及资金外拨情况、自筹资金进行必要说明。） 

 

 

本项目直接经费预算 262 万元，其中外拨资金 20 万元到合作单位湖南农业大学、45 万元

到合作单位东北农业大学。预算说明如下： 

1、设备费：15 万元。 

购买高计算性能计算机工作站 1 台，共 5 万元，用于图像处理、训练深度学习网络、离散元模型仿

真模拟。购置多通道数据采集仪和力传感器，共 6 万元，用于采集杂草叶片创面形成受力数据。购置无

人机 1 台，共 4 万元，用于拍摄稻田杂草图像。 

2、业务费：171 万元（其中湖南农业大学 14 万元，东北农业大学 35 万元）。 

（1）材料费：61 万元（其中湖南农业大学 5.2 万元，东北农业大学 14.3 万元）。 

所需电控及视觉类材料（40.8 万元）：除草机械臂用无刷电机组件（位置编码器、电机驱动器等）0.5

万元*12（套），共 6 万元；机器人底盘用大力矩减速电机组件（位置编码器、电机驱动器、谐波减速器

等）2 万元*4（套），共 8 万元；DSP 及 ARM 控制器开发模块 0.5 万元*16（套），共 8 万元；嵌入式深

度学习开发实验板 0.6 万元*2（套），共 1.2 万元；电子元器件 0.3 万元*6（套），共 1.8 万元；磷酸铁锂

电池材料 0.7 万元*4（套），共 2.8 万元；视觉元器件（镜头、滤光片、光源等）0.8 万元*5（套），共 4

万元；相机定影组件、减震模块等材料 1.8 万元*5（套），共 9 万元。 

所需液力及机械材料（9.2 万元）：高速电磁阀、过滤器，蓄能器，溢流阀，接头等材料，共 3.6 万

元；液压泵 0.3 万元*2（套），共 0.6 万元；型材、标准件、管路等机械材料，4 年共计 5 万元。 

盆栽试验所需耗材（5 万元）：开展室内盆栽试验所需的营养基质和塑料方盒，共 1 万元；开展室内

试验所需的载玻片、枪头、离心管、称量纸、手套、口罩、玻璃器皿等实验室耗材一批，共 3 万元。购

买乙二醇、有机溶剂、表面活性剂等常规化学试剂，共 1 万元。 

田间试验所需耗材（6 万元）：开展田间试验所需的种子、育苗基质、地膜、化肥、除草剂、插地牌

等生产资料，共 6 万元。 

（2）测试化验加工费：56 万元（其中湖南农业大学 0 万元，东北农业大学 10 万元）。 

除草剂在杂草受损表面的润湿性能和传导效率测试（8 万元）：测定除草剂在杂草叶片上的润湿性能

（界面张力仪）4 万元；除草剂在杂草植株中的传导效率（气相色谱仪）4 万元。 

杂草叶片本构模型参数测试（10 万元）：工装夹具制作费用 5 万元；细胞拉力仪测试费用 5 万元。 

六自由度并联机械臂等加工费用（18 万元）：3D 打印零部件加工费用 6 万元；金属零部件加工费用

12 万元。 

末端执行器及药液喷头等加工费用（12 万元）：3D 打印零部件费用 6 万元；金属零部件加工费用 6

万元。 

加工移动式地面载具费用（8 万元）：3D 打印零部件费用 4 万元；金属零部件加工费用 4 万元。 

（3）燃料动力费：10 万元（其中湖南农业大学 2.4 万元，东北农业大学 0.5 万元）。 

用于培养杂草需要用到的人工气候箱、温室等实验室仪器、设备的用电。共需用电 20000 千瓦时/年

×0.6 元/千瓦时×4 年=4.8 万元。用于田间试验的除草装备的能源消耗费用 5.2 万元。 

国家自然科学基金资助项目计划书（预算制项目）

53



 

 

 

预算说明书 

（4）差旅/会议/国际合作与交流费：27 万元（其中湖南农业大学 4.4 万元，东北农业大学

7.2 万元）。 

装置试制发生的差旅费（1.6 万元）：试制装置期间需前往加工企业，按照每年往返 20 次计算，每次

200 元，4 年共计 1.6 万元。 

田间试验发生的差旅费（8 万元）：参加田间试验人员每次 10 人，2 年，早晚 2 季，每人交通费 500

元，计 2 万元；2 年工作共 40 天，每天每人住宿和伙食补助 150 元，计 6 万元。 

国内学术会议差旅费（8.4 万元）：每年平均 6 人次参加国内学术会议，交通费每人 2000 元，每天每

人住宿 500 元（一般会期 3 天），4 年共计 8.4 万元。 

国际交流差旅费（9 万元）：3 人次参加国际会议，差旅费、交通及公杂费共计 9 万元。 

（5）出版物/文献/信息传播费：17 万元（其中湖南农业大学 2 万元，东北农业大学 3 万元）。 

论文出版费：预计发表论文 12 篇，平均每篇 5000 元，共计 6 万元；申请专利 10 件，平均每件 5000

元，共计 5 万元；EDEM 软件使用授权费每年 1.5 万元，4 年共计 6 万元。 

3、劳务费：76 万元（其中湖南农业大学 6 万元，东北农业大学 10 万元）。 

共有 2 名博士研究生和 10 名硕士研究生参与本项目的研究工作，其中博士研究生每月补助 3000 元，

硕士研究生每月补助 1000 元，每年工作 10 个月。4 年总计劳务费为 64 万元；开展田间试验聘请临时工

的劳务费，4 年共计 8 万元。支付聘用专家进行技术咨询和指导费用，预计邀请专家 20 人次，2000 元/

人次。共计 4 万元。 

 

本项目两个合作研究单位分别为湖南农业大学和东北农业大学，为高等学校，具有基础科研资

质。本项目没有自筹资金。 
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报告正文 

 

一、 研究内容、研究目标以及拟解决的关键科学问题 

1.1 研究内容 

1.1.1 基于无人机遥感的稻田杂草密度与发生区域信息快速获取方法研究 

（1）基于无人机遥感的高质量稻田杂草图像快速采集策略研究 

为提高稻田杂草图像质量和采集效率，研究无人机平台下稻田杂草图像的

解译性、采集效率与无人机工作参数的关系，构建低空高质量稻田杂草图像快

速采集的多目标优化模型，设计基于深度神经网络的约束多目标群体智能优化

算法，探索杂草生长期与最优解集的映射关系，形成复杂环境下稻田杂草图像

低空采集策略。 

（2）基于低空稻田图像的杂草密度与发生区域信息获取模型研究 

研究低空稻田图像中弱目标杂草的快速识别算法，构建杂草密度与图像发

生区域信息检测模型；探索无人机平台的“北斗”信息与杂草图像位置的空间

匹配关系，实现稻田杂草发生区域的快速定位。基于上述模型和定位方法，建

立稻田除草作业“底方图”，指导地面作业机具前往草害发生区域进行除草作业。 

1.1.2 基于地面作业机具的杂草视觉表征、种类精准辨识及定位算法研究 

（1）近地稻田杂草图像的视觉表征快速提取算法研究 

利用地面作业机具搭载图像采集系统，构建基于注意力机制的深度网络框

架，研究面向实际稻田环境的杂草图像视觉表征提取算法；利用深度模型中的

表征依存关系，探索杂草表征的关联学习机制，研究稻田杂草关键表征的有效

强化方法；优化所构网络的参数和计算复杂度，形成轻量级近地稻田杂草图像

表征提取网络。 

（2）联合表征融合和深度聚类的杂草种类精准辨识模型研究 

针对稻田杂草种类多样、禾本科杂草与水稻形似难辨、杂草簇生遮叠等问

题，构建表征多尺度融合框架，在此基础上结合深度聚类策略，研究深度表征

融合与聚类学习的协同机制，在深度表征空间中提升不同杂草类型区分度和同

种类杂草汇聚度，建立高精度的杂草种类辨识模型。 

（3）基于深度语义图像建模的稻田杂草定位方法研究 

构建基于深度语义的分割网络，研究面向稻田杂草的语义信息定位方法；

国家自然科学基金资助项目计划书（预算制项目）

55



探索基于语义表征的深度图像学习机制，研究表型信息驱动的杂草立体深度图

像建模方法，实现不同种类杂草形态结构的精准解析。根据上述构建的模型，

测定稻田复杂环境下杂草位置信息及作业定位点，为后续的除草作业提供所需

的执行参数。 

1.1.3 机械-药剂协同作用下不同类型杂草凋亡机制研究 

（1）杂草叶片创面形成机理研究 

研究杂草叶片在拉伸、剪切等作用下的变形和破坏规律，构建稻田杂草叶

片的本构模型；建立杂草叶片的离散元模型，分析不同作业参数条件下机械部

件对杂草叶片的破坏规律，探索精准形成理想叶片创面的机械作用方法。 

（2）机械-药剂协同作用下杂草凋亡机制研究 

采用机械-药剂协同的方式，实现杂草“破而不断”，药剂可在植株体内有效

渗透和传导。研究杂草叶片表面不同组织受损后，除草剂在杂草植株上的润湿

性能和传导效率；分析不同伤口类型对除草剂剂量效应的影响，探索杂草叶片

破损后除草剂的加成及增效规律。 

1.1.4 控草作业处方策略及除草执行机构创新研究 

（1）基于稻田杂草繁殖特性的智能精准控草作业处方研究 

通过小区试验验证单一机械除草及机械-药剂协同除草的杂草防控效果，结

合稻田杂草的繁殖特性，形成适配于不同种类杂草的控草作业策略。在田间作

业时，根据稻田杂草位置信息，形成稻田除草作业的精细“处方图”。 

（2）执行机构创新设计与精准对靶作业方法研究 

创新设计兼具切割、刮擦和喷药功能的除草执行机构，构建机构的运动学

模型，分析其主要结构与工作参数对工作范围、运动速度、负载能力和稳定性

等性能的影响规律，确定最佳参数组合；基于杂草的表征信息及生物力学特性，

构建执行机构与稻田杂草的多相耦合动力学模型，分析运动轨迹、角度和速度

等作业参数对杂草损伤程度的影响规律，探索在稻田复杂环境中，执行机构的

视觉伺服控制与位姿误差补偿方法。 

（3）系统集成及田间除草试验 

开展智能系统匹配与协同作业试验，研制集成无人机遥感和地面作业机具

信息的控制系统及装备原型样机，根据智能辨识的杂草密度、种类、发生区域

信息和控草作业策略，验证田间除草效果。 
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1.2 研究目标 

本项目的申请，旨在构建“空地多尺度”获取稻田杂草密度、发生区域、

种类和位置等信息的感知模型，提出杂草图像信息快速精准解析算法；探明机

械-药剂协同作用下不同繁殖种类杂草的凋亡机制；形成适配于不同杂草类型的

控草作业策略，创新机械-药剂协同作业的执行机构和视觉伺服的控制系统，实

现精准对靶作业；最终形成高效智能精准除草作业体系，在保证除草效果的同

时减少除草剂的使用，为杂草的绿色防控提供理论基础和关键技术支撑。 

1.3 拟解决的关键科学问题 

1.3.1 面向无人机低空遥感的弱目标杂草信息超分辨问题。 

1.3.2 近地稻田杂草图像特征信息的准确表征及有效增强问题。 

1.3.3 除草剂在受损杂草表面的润湿性能、传导效率及增效机制。 

二、本项目拟采取的技术路线和研究方案 

2.1 技术路线 

 

2.2 研究方案 

本项目通过“空地多尺度”感知稻田杂草信息，采用机械除草和化学除草

相结合方式对靶作业，实现高效智能精准除草。具体研究方案如下：在稻田杂

草信息感知方面，利用无人机巡田，获取杂草密度及发生区域信息，引导地面

作业机具到达杂草发生区域进行除草作业，提高机具作业效率；通过作业机具
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上搭载的视觉系统，精准获取杂草的种类和位置信息，指导执行机构按杂草种

类和位置信息分类对靶作业。在除草方式的决策和执行机构的设计方面，开展

机械除草及机械-药剂协同作用下杂草凋亡机制研究，针对稻田不同繁殖特性（营

养繁殖和种子繁殖）的杂草特点，形成适配于不同类型杂草的控草作业策略；

创新设计可实现单一机械除草或机械-药剂协同作业的执行机构及控制系统，实

现精准除草作业。本项目具体研究方案如下。 

2.2.1 基于无人机遥感的稻田杂草密度与发生区域信息快速获取方法 

（1）高质量稻田杂草图像快速采集策略：拟采用分辨率、清晰度、信噪比

等作为指标评价低空稻田杂草图像被识别算法所识别到的图像质量。以无人机

的飞行高度和飞行速度作为决策变量，飞行力学（即转弯半径、飞行高度和飞

行速度）为约束条件，构建图像质量和采集效率的多目标约束函数。设计基于

深度神经网络的多目标函数高效约束模型，根据目标与决策搜索空间设计区域

自适应优化策略，以获取高质量稻田杂草图像快速采集策略。 

（2）杂草密度与发生区域信息获取模型构建：拟将低空稻田杂草检测的问

题转换为伪装目标检测的问题，即将杂草视为伪装在稻田中的弱目标，以优化

杂草伪装目标边界细节模糊问题为出发点，构建基于迭代超分辨的伪装目标检

测网络。拟引入超分辨重建的迭代优化与反馈机制，使模型更关注不同尺度、

更细颗粒度的杂草表征，从而实现杂草弱目标的识别。拟通过带有“北斗”定

位和惯性传感器等设备的无人机，测得无人机相机拍照瞬间相机的高度、经纬

度坐标以及相机三轴方向的角度信息，形成作业底方图，以指导地面作业机具

开展除草作业。 

2.2.2 基于地面作业机具的杂草视觉表征、种类精准辨识及定位方法 

（1）近地稻田杂草图像的视觉表征快速提取算法：拟将输入杂草图像切分

为固定大小的分块，结合位置嵌入，将图像进行序列化输入分层级联 Transformer

网络，以提取更具语义信息的杂草视觉表征；拟从表征的感知融合和表征的局

部-全局耦合两个层面设计增强算法，促使杂草图像视觉信息得到更好的表达。

设计基于知识蒸馏的网络框架，将上述构建的杂草表征的提取和强化网络迁移

到具有较少权值参数的网络中，以实现近地稻田杂草图像表征提取网络的轻量

级优化。 

（2）联合表征融合和深度聚类的杂草种类精准辨识模型：拟利用不同尺度

的卷积核对所提取的杂草表征进行多尺度挖掘。随后，构建深度聚类网络。拟
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采用最小二乘回归理论分别学习同类杂草的汇聚度转换矩阵和不同种类杂草的

区分度转换矩阵。在同类杂草聚类子空间，以区分度转换矩阵为约束进行类内

聚类关系的优化，从而迫使类内聚类产生一致且有判别度的回归；采用相同的

方式，在不同种类杂草聚类子空间，以汇聚度转换矩阵为约束增大类间区分度

距离。最后，将学习到的汇聚度和区分度转换矩阵进行全局表征的聚类优化，

确定最佳的杂草类别归属。 

（3）基于深度语义图像建模的稻田杂草定位方法：拟采用基于改进 U-Net

的深度网络进行杂草语义分割，以获得稻田和杂草像素的分类得到其对应的位

置信息。随后，将提取的杂草表征输入 PatchMatch 模块中，结合语义分割网络

获取的杂草像素轮廓初始化杂草深度图像。在网络迭代训练过程中，拟利用杂

草表型先验信息，结合注意力机制最大化深度层特征之间的相关性。拟将语义

分割网络获取的语义信息与杂草的深度图像表征进行融合，采用最近邻算法快

速查找图像块之间的近似最近邻匹配，从而实现杂草深度图像信息的细节优化，

为对靶除草作业提供精准的深度图像信息。 

2.2.3 机械-药剂协同作用下不同类型杂草凋亡机制 

（1）杂草叶片创面形成机理：拟根据不同稻田杂草特性，构建杂草叶片的

本构模型，使用定制刀具去除杂草叶片上表皮区域形成叶片创面，分析在拉伸

应力和剪切应力作用下的对杂草的叶片变形和破坏规律；测定叶片的弹性模量

和泊松比，使用 EDEM 构建叶片离散元仿真模型，通过试验数据对离散元模型

中键与粒子的参数进行辨识；并分析球形砂轮在不同速度、角度条件下对叶面

造成创口的规律，确定精准形成特定深度和范围的叶片创面所需的作业参数。 

（2）机械-药剂协同作用下杂草凋亡机制：拟通过测定除草剂液滴在杂草叶

片不同伤口上的表面自由能、亲水性、疏水性、接触角和扩散半径，分析除草

剂在杂草叶片不同伤口上的润湿性能。以五氟磺草胺和敌草快作为药剂试样，

在杂草倒 3 叶上进行伤口处理，并涂抹田间推荐剂量的除草剂，分别于处理后

不同时间收取杂草新叶、处理叶片、功能叶、成熟叶及茎部组织，使用气相色

谱仪测定各组织中五氟磺草胺或敌草快含量的变化，解析除草剂在杂草叶片不

同伤口上的传导效率。最后，对供试杂草叶片进行损伤处理后，与不同浓度除

草剂复配组合处理，以用单独机械伤草、除草剂处理及清水为对照处理后测定

其株防效和鲜重防效，评定机械伤草后除草剂的加成及增效规律。 

2.2.4 控草作业处方策略及除草执行机构创新 
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（1）基于稻田杂草繁殖特性的控草作业处方：于水稻播种或插秧后 7d 进

行单一机械除草和机械-药剂协同除草两张不同方式的杂草处理，并在处理后

15d、30d、45d 调查防治效果。对于不同繁殖特性的杂草，采用独立样本 T-test

（双尾）检验的方法分析单一机械除草和机械-药剂协同除草的除草效果差异，

以除草效果显著高者为其除草策略，若无显著差异则以单一机械除草为其除草

策略，从而形成适配于不同繁殖特性杂草的智能精准除草方案。 

（2）执行机构创新设计与精准对靶作业方法：以搭载 9 台独立驱动器的并

联机械臂为基础，创新设计基于多自由度并联机械臂的除草执行机构。设计具

有切割、刮擦和喷药功能的“三合一”末端执行器。研究机械-药剂协同作业集

成控制方法，依据除草策略调整砂轮转速、末端执行器位姿和除草剂喷射压力

等作业参数，确保机械-药剂协同作用达到最佳效果。采用视觉伺服控制的方法

实现执行机构的精确定位和误差补偿。集成运动学、动力学模型以及视觉伺服

控制模型，计算随机动载荷条件下执行机构的位姿误差和补偿量，实现执行机

构在稻田环境下的高精度控制。 

（3）系统集成及田间试验：研制集成无人机遥感和地面作业机具信息的除

草装备原型样机，在华南双季稻区开展田间除草试验，分别采用单一机械除草、

单一化学除草和智能精准除草（本项目提出）三种不同除草方式进行处理，并

设置不除草的对照组。为测定不同除草处理对水稻生长和产量的影响，在水稻

生长的分蘖中期、幼穗分化期、抽穗期和成熟期开展田间试验，测试杂草防控

效果。 

三、研究的难点和在实施过程中可能遇到的问题及拟采取的研究方

案与技术路线 

难点 1：本项目研究内容一和研究内容二的关键问题是面向无人机低空遥感

的弱目标杂草信息超分辨，以及近地稻田杂草图像特征信息的准确表征及有效

增强。现有的深度网络模型（如表征提取、目标检测、深度聚类和语义分割等）

可类比应用并解决上述关键问题。在实施过程中开源的网络模型或软件/框架（如

MATLAB，Pytorch 等）可能被禁用。针对这一问题，我们拟采用的研究方案和

技术路线如下：1）项目参与人在表征提取模型构建、注意力机制和语义分割方

面，具有扎实的研究基础，可基于论文实现代码的复现和算法的创新；2）采用

国产自主研发的深度学习架构/平台（如百度的 Paddle，阿里的 X-Deep Learning，

Truffer 等）进行神经网络模型搭建，确保软件系统的平稳运行。 
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难点 2：本项目内容三在实施过程中可能存在的问题是营养繁殖的杂草难以

用种子繁殖，而不同生长周期的营养枝生长、繁殖能力不同，长势难以控制。

针对这一问题，我们拟采用的研究方案和技术路线如下：1）从田间采集长势良

好的营养繁殖杂草的枝条、地下块茎等营养繁殖体，选择其适宜的土壤介质在

温室中进行种植，对其进行扩繁；2）从扩繁材料中选取长势一致的营养体进行

再次种植，待其生长至可供处理时，挑选生长一致的植株用于试验处理，确保

试验处理时杂草处于同一生长状态，以减少试验误差。 

难点 3：本项目内容四在实施过程中可能存在除草执行机构加工精度不足导

致除草过程中产生较大运动误差的问题，进而影响作业精度。针对这一问题，

我们拟采用的研究方案和技术路线如下：1）在零部件加工过程中，选用高强度

材料（如碳纤维），采用金属增材制造技术，以提高齿轮、铰链等关键部件的稳

定性和加工精度；2）在零部件组装过程中，采用精密的组装工艺减小装配误差。

同时，保持良好润滑降低机械传动部件损耗，以提高除草机构整机运行的可靠

性。 

四、项目主要参与者分工，合作研究单位之间的关系与分工 

本项目牵头单位为华南农业大学，合作研究单位为东北农业大学和湖南农

业大学。 

华南农业大学的齐龙研究员为项目负责人，负责制定项目实施工作方案，

全面掌握项目进展情况。主要参与者来自水稻生产机械化团队和作物生理生态

科研团队，负责稻田杂草信息智能感知、机械与药剂协同作用下杂草凋亡机制、

对靶精准作业控制等研究内容。其中，马锐军博士负责杂草视觉表征、种类精

准辨识及定位方法的研究；冯骁博士负责机械作用下杂草叶片创面形成机理的

研究；彭超达博士负责低空高质量稻田杂草图像快速采集策略的研究；安静博

士负责机械与药剂协同作用下杂草凋亡机制的研究；冯健昭博士负责低空稻田

图像的杂草密度与发生区域信息获取模型的研究。 

项目参与单位东北农业大学的主要参与者王奇博士，长期致力于水田杂草

物理特性测定、机械除草关键技术与除草部件的研究，负责除草执行机构的创

新设计。湖南农业大学主要参与者刘敏博士，是柏连阳院士领衔的杂草生物学

及安全防控湖南省重点实验室的核心成员之一，负责水田杂草精准防控作业处

方策略的研究。此外，项目参与者加拿大曼尼托巴大学陈瑛教授负责稻田杂草

叶片本构模型的构建。  
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综上所述，本项目牵头单位华南农业大学与合作单位研究领域特色明显，

申请团队前期基础扎实，团队人员合理，能共同保证项目按计划高质量完成。 

五、详细的年度研究计划及预期研究结果 

5.1 年度研究计划 

第一年度：2024.1~2024.12 

开展稻田优势杂草种群调查，明确稻田主要防治靶标；研究无人机视角下

高质量稻田杂草图像快速采集策略，并采集低空稻田杂草图像；构建基于深度

学习的稻田杂草表征提取网络框架，实现杂草表征的增强和模型优化算法；分

析杂草叶片力学性能，构建叶片的本构模型；研究除草剂在破损叶片上润湿性

能和传导效率。发表高水平论文 2-3 篇；申请发明专利 2-3 件。 

第二年度：2025.1~2025.12 

构建基于无人机遥感图像的稻田杂草密度和发生区域感知算法；研究面向

稻田杂草辨识任务的聚类优化模型；针对不同繁殖特性的杂草开展除草效果验

证试验，分析杂草受损后除草剂的加成及增效规律；设计机械-药剂协同除草执

行机构及末端执行器，构建运动学、动力学模型，优化设计参数。邀请国内外

专家进行学术交流。发表高水平论文 2-3 篇；申请发明专利 2-3 件。 

第三年度：2026.1~2026.12 

构建面向稻田杂草的深度语义分割模型，实现杂草的位置检测和结构实例

分割；开展小区试验，测试单一机械除草和机械-药剂协同除草对稻田杂草的防

除效果，形成适配于不同繁殖特性杂草的精准智能除草作业策略；开展除草执

行机构与视觉伺服控制系统集成验证试验。参加国际会议与国外本领域专家交

流，或参加国内学术会议。发表高水平论文 3-4 篇；申请发明专利 2-3 件。 

第四年度：2027.1~2027.12 

研制集成无人机遥感和地面作业机具信息的除草装备原型样机；在华南双

季水稻产区开展稻田田间除草试验，验证智能精准除草效果，并根据试验结果

优化执行机构设计；总结研究过程中形成的基础理论、基本方法、关键技术等，

对相关的学术成果、影像、图片资料等进行整理，撰写研究报告，准备验收汇

报。发表高水平论文 3-4 篇；申请发明专利 2-3 件。 

5.2 预期研究结果 

本项目完成后，将形成比较完整的稻田高效智能精准杂草防控理论和方法。
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提出空地多尺度的稻田杂草发生信息精准感知模型和算法，探明机械-药剂协同

作用下杂草凋亡机制，创制出新型的智能除草装置和控制系统。项目研究成果

拟以论文、专利、人才培养等形式体现，具体如下： 

（1）发表高水平学术论文 10~12 篇； 

（2）申请发明专利 8~10 件； 

（3）培养青年骨干教师 5~7 名，研究生 10~12 名。 
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a b s t r a c t

Reference point is a key component in decomposition-based constrained multi-objective evolutionary
algorithms (CMOEAs). A proper way of updating it requires considering constraint-handling techniques
due to the existing constraints. However, it remains unexplored in this field. To remedy this issue,
this paper firstly designs a set of benchmark problems with difficulties that a CMOEA must update the
reference point effectively. Then a two-phase framework of locating the reference point is proposed
to enhance performance of the current decomposition-based CMOEAs by evolving two populations—
the main and external population. At the first phase, the external population evolves along with
the main population to identify the approximate locations of the constrained and unconstrained
Pareto front (PF). At the second phase, a location estimation mechanism is designed to estimate
the best fit reference point between the two PFs for the main population by evolving the external
population. Besides, a replacement strategy is used to drive the main population to the promising
regions. Experimental studies are conducted on 26 benchmark problems, and the results highlight the
effectiveness of the proposed framework.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

Constrained multi-objective optimization problems (CMOPs)
have been frequently encountered in a wide range of domains,
including science, economics and engineering [1–7]. Usually a
CMOP has two or three objectives and a set of constraints. Prob-
lems with no less than four objectives and a set of constraints are
called constrained many-objective optimization problems [8–10].
Without loss of generality, CMOPs can be formulated as :

min F (x) = (f1(x), f2(x), . . . , fm(x))T
s.t.

ci(x) ≤ 0 i = 1, 2, . . . , q
hi(x) = 0 i = q + 1, . . . , l
x = (x1, x2, . . . , xn)T ∈ D

(1)

where x = (x1, x2, . . . , xn) is an n-dimensional decision vector,
F (x) is an m-dimensional objective function. ci(x) is an inequality

∗ Corresponding author.
E-mail addresses: ChaodaPeng@scau.edu.cn (C. Peng), hlliu@gdut.edu.cn

(H.-L. Liu), goodman@egr.msu.edu (E.D. Goodman), kctan@polyu.edu.hk
(K.C. Tan).

constraint, and hi(x) is an equality constraint, l is the number
of the constraints, including equality and inequality constraints.
In this paper, the overall constraint violation is taken as the
constraint violation of a solution x as in [1].

The recent decades have witnessed the fast development of
decomposition-based constrained multi-objective evolutionary
algorithms (CMOEAs) [1–5,7,9,11,12]. These CMOEAs decompose
a CMOP into a set of subproblems with a set of weight vectors,
and collaboratively solve these subproblems. The weight vectors
are taken as reference lines, and a Pareto optimal solution as-
sociated with a reference line is expected to be obtained along
this reference line. Reference point is one of the key components
in decomposition-based CMOEAs as the weight vectors originate
from it. In general, the reference point is unknown beforehand.
Thus it has to be estimated. By taking a minimization problem as
an example, the reference point can be specified by the following
equation.

zmin
i = min {fi (x) , x ∈ D} , i = 1, 2, . . . ,m (2)

Where m is the number of objectives, zmin
i is the ith component

of zmin
=

(
zmin
1 , zmin

2 , . . . , zmin
m

)
, which is the minimum objective

value of fi (x).

https://doi.org/10.1016/j.knosys.2021.107933
0950-7051/© 2021 Elsevier B.V. All rights reserved.
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Fig. 1. Illustration of the constrained and unconstrained reference points.

The most commonly used way of updating the reference point
is using the current population, including feasible and infeasi-
ble solutions. However, due to the existence of constraints, it
may not work well on some CMOPs, especially for a problem
with a characteristic that the extreme points of the constrained
and unconstrained Pareto front (PF) are different. In this paper,
the reference point updated only by feasible solutions is called
constrained reference point, while if it is updated by feasible
and infeasible solutions, it is called unconstrained reference point
as shown in Fig. 1. Usually, the unconstrained reference point
is no worse than the constrained reference point in terms of
objective values. For a problem with the characteristic as shown
in Fig. 1(a), some weight vectors, such as w1, w2 and w3, do not
have intersection with the constrained PF, resulting in a waste of
computational resources.

This leads us to think: can a decomposition-based CMOEA
only use feasible solutions to update its reference point? As
presented in Fig. 1(b), the constrained reference point is taken as
the reference point for a CMOEA, and all the solutions are moved
to the first quadrant except three infeasible solutions A, B and
C . That is, the three solutions are ignored by any of the weight
vectors. Nevertheless, the utilization of them can help the algo-
rithm go through the infeasible region. Apparently, updating the
reference point only with feasible solutions may stop a CMOEA
from traversing through infeasible regions.

Few efforts have been given to address this issue [13,14].
In [13], the authors proposed an estimation method for the refer-
ence point and conducted numerical experiments to verify the
effect of the reference point specified in three different man-
ners, i.e., pessimistic, optimistic and dynamic manner. The ex-
perimental results indicate that the dynamic manner outper-
forms the others. However, it is designed only for unconstrained
multi-objective evolutionary algorithms based on decomposition.
In [14], an estimation method of the ideal and nadir point was
proposed to handle differently scaled objectives by normaliza-
tion and to handle real-world CMOPs with unknown PFs. In this
method, it firstly updates the ideal and nadir point by the feasible
solutions with better non-dominated ranking, following by the
infeasible solutions with smaller constraint violations till at least
95% of the population is inside the area formed by the ideal
and nadir point. However, for the constraint-handling techniques
with an ability of maintaining infeasibility, this method may
not work well since it will waste some of the weight vectors
selecting the same solutions. Actually, a proper way of updating
the reference point relies on what kind of constraint handling
technique that a CMOEA uses, since they have different abilities
to traverse through infeasible regions. To our best knowledge, this
has not been explored in the community of decomposition-based
CMOEAs. Beside, several constrained multi-objective benchmark
problems are proposed recently [1,5,7,8,15,16]. However, none

of them has focused on providing decomposition-based CMOEAs
with difficulties of updating the reference point. Since they may
occur in real-world problems, it is necessary to design such a set
of artificial problems to further help researchers study the be-
haviors of decomposition-based CMOEAs and design appropriate
ones to that domain. Table 1 lists some of the popular and recent
decomposition-based CMOEAs and CMOPs.

Based on the above considerations, we design a set of test
problems called RCMOPs with challenges of updating the ref-
erence point for decomposition-based CMOEAs. A two-phase
framework of locating the referent point is proposed by evolv-
ing two populations, i.e., the main and external population. To
improve the robustness of the proposed method with no need
to consider what kind of constraint-handling technique a CMOEA
uses, the external population with two phases serves this pur-
pose. At the first phase, the external population evolves without
considering constraint violations along with the main popula-
tion, aiming at finding the constrained and unconstrained PF.
During this phase, two reference points, i.e., the constrained and
unconstrained reference point, are updated accordingly. At the
second phase, the proposed method will encounter two scenarios
that the two reference points are different or identical. For the
first case, a location estimation mechanism is proposed to find
the best estimated reference point between the constrained and
unconstrained PF, since the shape of a PF is unknown a priori.
As for the second case, either the constrained reference point or
the unconstrained reference point can be taken as the reference
point since a use of any of them does not waste any weight
vector. The remained computational resources of the external
population are reassigned to evolve the main population. The
major contributions of this paper are summarized as follows.

1. A set of artificial benchmark problems regarding to the
challenges of updating the reference point has been intro-
duced in detail.

2. A local estimation mechanism is proposed to estimate the
best fit location of the reference point for a CMOEA.

3. The proposed two-phase framework can be applied to any
kind of decomposition-based CMOEA without extra param-
eters.

4. Systematic experiments have been conducted on 26 CMOPs
to study performance of three representative
decomposition-based CMOEAs.

The remainder of this paper is organized as follows. Section 2
presents a brief literature review of constrained multi-objective
optimization. Section 3 introduces a set of RCMOPs and discusses
their properties in detail. In Section 4, we introduce the proposed
framework thoroughly. A series of experimental comparisons and
further discussion are presented in Section 5. Section 6 draws the
conclusion.
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Table 1
Summary of the popular and recent CMOEAs and CMOPs.
Algorithm or Proposed CMOPs Main Contributions To consider the reference point

PPS [2] Propose an algorithm with push and pull search for CMOPs by temporarily disregarding
constraint violations.

No

M2M-DW [3] Propose an algorithm with directed weight vectors for CMOPs by considering good
infeasible individuals.

No

CCMODE [17] Propose a cooperative differential evolution framework for CMOPs by taking advantages
of the existing constraint-handling techniques.

No

C-TAEA [9] Propose a two-archive evolutionary algorithm for CMOPs by balancing convergence,
diversity and feasibility simultaneously.

No

CHT-DAE [11] Propose a detect-and-escape strategy to guide the search to the promising regions. No

ToP and DOC [1] Propose a set of CMOPs, i.e., DOC, which considers decision and objective constraints,
and design a framework named ToP for solving DOC.

No

M2M-IDW and DCMOPs [5] Propose a set of CMOPs with deceptive constraints, i.e., DCMOPs, and design a
cooperative evolution framework for solving DCMOPs.

No

UCMOPs [7] Propose a set of CMOPs with unbalanced constraints. No

MW [15] Propose a set of CMOPs which reflect the characteristics of the real-world applications. No

DAS-CMOPs [16] Propose a general toolkit to construct difficulty adjustable and scalable CMOPs. No

2. Related work

Generally speaking, the existing constraint-handling techniques
in CMOEAs can be grouped into the following five categories.

The first category is based on penalty functions [18–22]. They
are one of the most commonly used constraint-handling tech-
niques. But there is a drawback that the penalty factor is a
problem-dependent value. A large penalty factor may result in
heavy selection pressure. The algorithms may easily get stuck
in one of the disjoint feasible regions and converge to locally
optimal regions. A small factor may cause a broad search region,
and the algorithms may converge to an infeasible region at the
end. In [21], a constraint-handling technique based on an adap-
tive penalty function and a distance measure was proposed to
solve CMOPs. The number of the feasible solutions in this method
is used to guide the search process either to find more feasible
solutions or to find more feasible non-dominated solutions. This
method is easy to implement and does not require any parameter
tuning. However, each individual is punished with the same
penalty factor in the current population, which may be too small
or too large for some individuals.

In order to avoid tuning penalty factor, another type of
constraint-handling techniques preferring feasible solutions over
infeasible ones is carried out [1,8,23,24]. This type of methods
prefer feasible solutions in the population, and tend to remove
infeasible solutions. However, infeasible solutions may carry use-
ful information about the optimal direction of objectives, which
can help a CMOEA find potential optimal solutions. In [24], the au-
thors extended or modified two constraint-handling techniques,
i.e., constraint domination principle (CDP) [23] and stochastic
ranking (SR) [25], yielding two CMOEAs, to solve CMOPs. The
experimental results suggest that CDP outperforms SR on the test
problems used in the paper.

The third category is using repair operator to drive infeasible
solutions to feasible regions [6,26,27]. In [27], a simulated an-
nealing algorithm was proposed to solve CMOPs. It can accelerate
progress of the movement from an infeasible individual to a
feasible one. However, this type of methods may not work well
on a problem with small ratio of feasible regions, since finding a
feasible solution itself is an issue.

The fourth category is based on preservation of infeasible
solutions [3,7,28]. In general, infeasible individuals containing
important information cannot be frequently replaced by feasi-
ble individuals, since they may benefit the evolution process. A
constraint-handling technique based on directed weight vectors
was proposed in [3]. In this method, a set of infeasible weight

vectors are used to maintain a number of well-distributed in-
feasible solutions. Furthermore, they are dynamically changed
along with the evolution process, to select the infeasible solutions
with better objective values and smaller constraint violations.
The experimental results show its effectiveness of solving CMOPs
considered in the paper.

The last category of algorithms temporarily disregards con-
straint violations [2,5,9,29], which has drawn great interests of
researchers recently. In [2], a push and pull search framework
consisting of two stages, i.e., the push and pull stage, was pro-
posed to solve CMOPs. In the push stage, the population evolves
without considering any constraint, which can help an algorithm
traverse through infeasible regions quickly. Then in the pull stage,
an improved epsilon constraint-handling technique is applied
to pull the infeasible individuals found in the push stage to
feasible regions. In [5], the authors proposed a cooperative evo-
lutionary framework based on an improved version of directed
weight vectors for handling CMOPs with deceptive constraints
(DCMOPs). Due to the existence of the deceptive constraints,
most of the current constraint-handling techniques do not work
well on DCMOPs, since they may be misled to the less promis-
ing regions. To address this issue, an evolutionary framework
with two switchable phases is proposed. The first phase uses
two sub-populations—one to explore feasible regions and the
other to explore the entire space, respectively. And they pro-
vide useful information about the optimal direction of objective
improvement for each other. The second phase mainly aims at
finding Pareto optimal solutions. The experimental results indi-
cate the superiority of the proposed method over the compared
algorithms.

3. Proposed benchmark problems

As pointed out in [30] that real-world problems cannot be
taken as benchmark problems, since they may need special soft-
ware or hardware. Though several new constrained multi-
objective test suites are designed with different characteristics re-
cently [1,5,7,8,15,16], none of them has provided decomposition-
based CMOEAs with difficulties of updating the reference point.
To further enrich this domain, seven RPCMOPs, including five 2-D
problems and two 3-D problems, are proposed in this paper. They
are introduced one by one in this section. Due to the limitation
of the space, the formulas of the proposed test problems are put
in the supplementary document.

RPCMOP1: In RPCMOP1, there is an infeasible region repre-
sented by the gray area before approaching the PF. Part of the PF
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Fig. 2. Illustration of RPCMOP1.

Fig. 3. Illustration of RPCMOP2.

Fig. 4. Illustration of RPCMOP3.

(the red line segment) is covered by the infeasible region, there-
fore it becomes infeasible, as shown in Fig. 2. A decomposition-
based CMOEA must first have an ability to traverse through
the infeasible region. However, this may lead to an excessive
exploration around the unconstrained PF, resulting in using the
unconstrained reference point as the reference point for the algo-
rithm. A special mechanism of finding the best fit reference point
between the constrained and unconstrained reference point must
be designed to handle the problems with such the characteristics.

RPCMOP2: As presented in Fig. 3, there is an infeasible region
represented by the gray area before approaching the PF in RPC-
MOP2. Two parts of the PF (the red line segments) are covered by
the infeasible region. A decomposition-based CMOEA may suffer
from a waste of a number of weight vectors, especially for an
algorithm with a strong ability to explore infeasible regions, since
some of the weight vectors out of the constrained reference point
select the same individuals.

RPCMOP3: In RPCMOP3, an inner part of the original PF is cov-
ered by an infeasible region. The constrained and unconstrained
reference point are identical, as presented in Fig. 4. It provides

Fig. 5. Illustration of RPCMOP4.

Fig. 6. Illustration of RPCMOP5.

a decomposition-based CMOEA with a difficulty that only using
feasible solutions in current population to update the reference
point may not help the algorithm get through the infeasible
barrier, especially for a constraint-handling technique based on
the preference on feasible solutions over infeasible ones.

RPCMOP4: In RPCMOP4, the original PF (the red line seg-
ment) totally becomes infeasible, and the constrained PF (the blue
line segment) lies in between the feasible region and infeasible
region as shown in Fig. 5. Two reference points, i.e., the con-
strained and unconstrained reference point, are different on axis
f2. A decomposition-based CMOEA may perform poorly on this
test problem due to a waste of computational resources with
a constraint-handling technique based on preserving infeasible
solutions, since usually the solutions found in the population are
used to update the reference point, and infeasible solutions may
have better objective values than the feasible ones, resulting in
taking the unconstrained reference point as the reference point
for the algorithm.

RPCMOP5: As shown in Fig. 6, the original PF (the red line seg-
ment) is rendered infeasible, and the constrained PF (the blue line
segment) lies in between the feasible region and deceptive infea-
sible region [5]. It provides a decomposition-based CMOEA with a
difficulty that the algorithm must handle constraints properly to
locate the reference point, otherwise it may be driven away from
the feasible region by the deceptive constraints, resulting in using
the unconstrained reference point as the reference point.

RPCMOP6: RPCMOP6 is a 3-D test problem, in which part of
the original PF becomes infeasible (the red area) as shown in
Fig. 7. RPCMOP6 is an extension of RPCMOP1, providing
decomposition-based CMOEAs with the same difficulties that
RPCMOP1 has.

RPCMOP7: As shown in Fig. 8, RPCMOP7 is a 3-D test problem,
and the original PF fully becomes infeasible, which is represented
by the red area. The constrained PF lies in between the feasible
and deceptive infeasible area. RPCMOP7 is an extension of RPC-
MOP5, providing decomposition-based CMOEAs with the same
difficulties that RPCMOP5 has.
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Fig. 7. Illustration of RPCMOP6.

Fig. 8. Illustration of RPCMOP7.

4. Proposed framework

In this section, the details of the proposed framework are
presented in the following subsections.

4.1. Pseudo-code of the proposed framework

This paper proposes a two-phase framework of locating the
reference point for decomposition-based CMOEAs. Its pseudo-
code is given in Algorithm 1. To better understand the work-
ing procedure of the proposed framework, we also present the
flowchart as shown in Fig. 9.

The proposed framework includes two phases. The first phase
aims to find the appropriate location of the unconstrained and
constrained reference point. At a generation t during this phase,
we have the main and external population Pt and Et both with
a size N , and a CMOEA denoted as MOEA/D-CHT. Noted that
MOEA/D denotes a decomposition-based multi-objective evolu-
tionary algorithm, and CHT denotes a constraint-handling tech-
nique in the pseudo-code (see line 6, 11 and 29 in Algorithm
1). Two populations are evolved by using the genetic operations
in MOEA/D-CHT when a decomposition-based CMOEA is spec-
ified. Two reference points—the unconstrained and constrained
reference point are updated according to Section 4.2. Besides, the
feasible individuals found in the external population are stored
into the archive A. If the size of A exceeds N , the best N feasi-
ble individuals regarding to the achievement scalarizing function
(ASF) [31] are chosen into A.

ASF (x|w) = max
1≤i≤m

(
fi (x) − zmin

i

wi

)
(3)

where w is a weight vector, zmin
=

(
zmin
1 , zmin

2 , . . . , zmin
m

)
is

the reference point given by Eq. (4). The external population Et
evolves without taking constraints into account (see line 11–15)

with a purpose to maximumly explore the whole region. When
the whole population changes slightly at a generation, which
can be regarded that it does not evolve any more. That is, the
exploration of the two reference points is done at this moment.
The proposed framework will switch to the second phase (see line
35–37).

At the second phase, the proposed framework firstly checks
whether the unconstrained and constrained reference point are
different or not (see line 18). It will undergo two scenarios as
follows:

1. If they are different, then a location estimation mechanism
is designed to find the best estimated reference point be-
tween the unconstrained and constrained reference point
according to Algorithm 2 (see line 21 in Algorithm 1). Due
to the fact that the external population evolves without
considering feasibility at the first phase, it may end up
with getting stuck in the infeasible regions. To draw the
external population back to feasible regions, a replacement
mechanism is designed to use the feasible solutions in A
to replace the solutions in Et+1 (see line 16). Each of the
N weight vectors is associated with the closest individual
in A, and this individual is used to compare with the one
associated with the same weight vector in Et+1 based on
CDP, better one survives.

2. If they are identical, then there is no need to estimate the
reference point between the two reference points. In this
case, the rest of computational resources of the external
population is reassigned to the main population (see line
23).

Remark. The idea of the two-phase strategy has also been ex-
ploited in [1,2,5,9]. However, these papers used the two-phase
strategy to cope with constraints, by which the algorithms can
traverse through infeasible regions quickly. In contrast, this pa-
per uses this idea to estimate the locations of the constrained
and unconstrained referent point, and find the best location of
the reference point for a decomposition-based multi-objective
evolutionary algorithm. Therefore, the idea of this paper is quite
different from these papers.

4.2. The local estimation mechanism

The proposed framework updates the reference point as fol-
lows:

zmin
i = CRPi − λ (CRPi − URPi) , i = 1, 2, . . . ,m (4)

Where λ is a value in [0, 1]. When λ = 0, the constrained
reference point is taken as the reference point, while λ = 1, the
unconstrained reference point is taken as the reference point. The
pseudo-code of updating the reference point is given in Algorithm
2.

Each newly generated individual is used to update the con-
strained and unconstrained reference point. The constrained ref-
erence point is only updated by feasible individuals. While the
unconstrained reference point is updated both by feasible and
infeasible individuals. Finally the reference point for a given
decomposition-based CMOEA is determined by Eq. (4).

The proposed framework consists of two phases. At the first
phase, the unconstrained reference point is used as the reference
point (i.e., λ is set to 1). As discussed in Section 1, the constrained
reference point cannot be used as the reference point at the early
stage of the evolution process since it may stop a decomposition-
based CMOEA traversing through infeasible regions.

At the second phase, when the unconstrained and constrained
reference point are identical, either one of them can be used
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Fig. 9. The flowchart of the proposed framework.

as the reference point since they are the same according to
Eq. (4). However, when they are different, a location mechanism
is proposed to find the most suitable location at the line segment
formed by these two reference points (see line 4–18 in Algorithm
2). k different locations between the two reference points are
investigated. Each of the k locations is corresponding to one λ
in λs, where λs is given in Eq. (5). The rest of the computa-
tional resources of the external population is divided into k equal
parts, in which each part is assigned to evolve Et under the
same experimental conditions except the values of λ. Then the
hyper-volume [32] (HV) values of these k final populations are
calculated. The reference point for calculating HV value is set to
1.1 times of the average maximum values of each objective in k
obtained populations. The value of λ in λs regarding to the best
HV value is used in Eq. (4) at the second phase.

λs =

{
k − i − 1
k − 1

|i = 0, 1, 2, . . . , k − 1, k ≥ 2
}

(5)

4.3. The switching condition

Algorithm 3 presents the idea of the switching condition, in
which the switching condition is triggered when the population
changes slightly at a small range. To serve this purpose, a set
of well-distributed trial weight vectors with a size of ⌊aN⌋ are
used, which are selected from N well-distributed weight vectors
by using the Max–Min method [3].

The switching condition is checked in every 20 generations
according to Algorithm 1. The set old_TA stores the historical
individuals selected by the trial weight vectors, and another set
new_TA stores the individuals selected from Et+1 with the same
trial weight vectors in every 20 generations. Then the inverted

generation distance metric (IGD) [33] is applied to compare the
closeness between these two sets in terms of the convergence and
diversity (see line 3–12). It is noted that a normalization scheme
is applied to these two sets by shrinking the objective values into
[0, 1]. If the IGD value is smaller than a given parameter r , then
the population is considered that it does not evolve any more,
therefore the switching condition is triggered.

4.4. Computational complexity of the proposed framework

The computational complexity of the proposed framework is
analyzed as below. The proposed framework mainly includes
evolving Pt and Et , updating A and two reference points, the
replacement mechanism, the switch condition and the location
estimation mechanism. Therefore, the computational complexity
of the proposed algorithm can be determined by the seven com-
ponents. Suppose the computational complexity of an embedded
algorithm is O (∆). At the first phase, the proposed framework
evolves two populations Pt and Et that consumes O (∆), updates
the archive A that consumes O

(
mN2

)
and two reference points

that consumes O (mN). Thus the computational complexity of the
proposed algorithm at the first phase is max

(
O (∆) ,O

(
mN2

))
.

The second phase includes the local estimation mechanism, the
switching condition, updating two reference points, the replace-
ment mechanism and evolving Pt . For the local estimation mech-
anism, it repeats the same procedure to find the best fit reference
point by evolving Et with K times. It is noted that the proposed
framework preserves the fair comparison with other algorithms,
the generations for finding the best fit reference point are sub-
tracted from the total generations. Hence, it consumes O (∆) for
a generation. The switching condition consumes O

(
mβ2

)
mainly
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Algorithm 1: The Proposed Framework
1: Initialize two populations P0 and E0 , an archive A, a set of trial weight vectors TW , a temporary archive TA, the maximum generation number max_gen, and the

constrained and unconstrained reference point–CRP and URP .
2: Initialize a decomposition-based CMOEA as MOEA/D-CHT.
3: Set the switching condition Flag = 0, the complementary condition CFlag = 0, the stopping condition stop_gen =

max _gen
2 , λ = 1 and t = 1.

4: while t < stop_gen do
5: if Flag == 0 then
6: function MOEA/D-CHT (Pt )
7: Generate a new solution y by genetic operators.
8: updateRefPoint (y, CRP , URP , λ).
9: Select the best N individuals into Pt+1 .
10: end function
11: function MOEA/D (Et ) %Evolving Et without considering constraints..
12: Generate a new solution y by genetic operators.
13: updateRefPoint (y, CRP , URP , λ).
14: Select the best N individuals into Et+1 .
15: end function
16: Update A with the feasible solutions found in Et+1 .
17: else
18: Set IDFlag = 0 if CRP and URP are different.
19: if IDFlag == 0 then
20: Applied the replacement mechanism to update Et by using A.
21: λbest , A = findTheBestRefPoint(Et , CRP , URP , A).
22: else
23: Assign the rest of the computational resources of Et to Pt : stop_gen = max _gen − t .
24: end if
25: CFlag = 1.
26: Applied the replacement mechanism to update Pt by using A.
27: end if
28: if CFlag == 1 then
29: function MOEA/D-CHT (Pt ) %Evolving Pt with the best reference point..
30: Generate a new solution y by genetic operators.
31: updateRefPoint (y, CRP , URP , λbest ).
32: Select the best N individuals into Pt+1 .
33: end function
34: end if
35: if mod(t, 20) == 0 & Flag == 0 then
36: Flag , TA = checkSwitchingCondition (Et+1 , TA, TW ).
37: end if
38: t = t + 1.
39: end while
40: Output the feasible non-dominated solutions in Pt .

Algorithm 2: findTheBestRefPoint(CDP, Et , CRP , URP , A)
1: RP = ∅.
2: r_gen =

stop_gen−t
k + t .

3: Initialize λs by using Eq. (5).
4: for i = 1 : k do
5: TP = Et ;
6: Set c = t .
7: while c ≺ r_gen do
8: function MOEA/D-CDP (TPc )
9: Generate a new solution y by genetic operators.
10: updateRefPoint (y, CRP , URP , λsi).
11: Select the best N individuals into TPc+1 .
12: end function
13: c = c + 1.
14: end while
15: RPi = TPc .
16: Update A with the feasible solutions found in TPc .
17: end for
18: Calculate the HV values of k populations in RP , and return the λ regarding to

the best HV value.
19: Output the value λ related to the best estimated reference point and A.

for calculating IGD value. Having β = ⌊aN⌋, which is at the
scale of N , the computational complexity of the switching con-
dition is O

(
mN2

)
. And the replacement mechanism consumes

O
(
mN2

)
. While the rest of the components has been analyzed

above. The computational complexity at the second phase is
max

(
O (∆) ,O

(
mN2

))
. As a result, the total computational com-

plexity of the propose algorithm is max
(
O (∆) ,O

(
mN2

))
.

5. Experimental studies

In this section, a series of experiments on three sets of con-
strained multi-objective benchmark problems, i.e., the proposed

Algorithm 3: checkSwitchingCondition(Et+1, TA, TW , r)
1: old_TA = TA.
2: Set new_TA = ∅.
3: for i = 1 : ⌊aN⌋ do
4: Obtain the individual y in terms of the best ASF value ASF1 in Et+1 with the

i-th trial weight vector according to Eq. (3).
5: new_TA = new_TA ∪ {y}.
6: Calculate the ASF value ASF2 of the i-th individual in TA with the i-th trial

weight vector according to Eq. (3).
7: if ASF1 ≺ ASF2 then
8: Update the i-th individual in TA with y.
9: end if
10: end for
11: Applied normalization scheme to old_TA and new_TA.
12: Calculate the IGD value: IGD_V = IGD (Old_TA, new_TA).
13: if IGD_V ≺ r then
14: Flag = 1.
15: else
16: Flag = 0.
17: end if
18: Output the switching condition Flag and the temporary archive TA.

test problems, CF test problems [17] and CTP test problems [34],
are conducted to study performance of the proposed framework.
Three CMOEAs, i.e., CMOEA/D-CDP [24], MOEA/D-PPS [2] and
M2M-DW [3], with three ways of updating the reference point—
only using feasible solutions, both using feasible and infeasible
solutions and the proposed method (denoted as OUFS, BUFIS and
TPM), are used in our experiments. Besides, the IGD and HV
metric are used to evaluate performance of the three CMOEAs.
100 and 150 feasible solutions are chosen from the final obtained
population by using the Max–Min method to calculate the IGD
and HV values of 2D and 3D problems respectively. The reference
point is set to 1.1 times of the extremely largest values of the PF.
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Generally speaking, a smaller IGD value implies the population
found by an algorithm is closer to the PF, while a larger HV value
implies that an algorithm achieves better performance in terms
of convergence and diversity.

Due to the limitation of the space, some of the experiments
regarding to the computational time of the proposed frame-
work, strength and weakness of the proposed framework, per-
formance of the proposed framework on a real-world problem
named OSY [35] are presented in the supplementary document.

5.1. Parameter settings

The parameters related to the proposed framework and the
other two CMOEAs are set in this subsection. The proposed frame-
work includes three parameters, i.e., a, r and k. Therein, a in-
dicates the number of the representative points that are used
to measure the similarity between two populations. A smaller
value of a indicates that two populations are easier to get similar.
r controls the similarity of two populations. A smaller value
of r indicates that two populations are more similar. That is,
the proposed framework spends more computational resources
evolving the external population. While k defines the number
of λ (or the size of λs). When the parameter k is specified, λs
can be given by Eq. (5). A larger value of k indicates that more
locations between the unconstrained and constrained reference
point are investigated to find the most suitable reference point
for a decomposition-based CMOEA. Their details are discussed
in Sections 5.4–5.6, respectively.

1. Each of the CMOEAs in this paper runs 30 independent
times, and stops after 3 × 105 and 5 × 105 function evalu-
ations (FEs) for 2D and 3D problems, respectively.

2. The population size N is set to 100 and 300 for problems
with two and three objectives, respectively.

3. The parameter a is set to ⌊15%⌋.
4. The parameter r is set to 0.01.
5. The parameter k is set to 5, and λs is set to {0, 0.25, 0.5,

0.75, 1} by using Eq. (5).
6. The number of the feasible and infeasible weight vectors in

M2M-DW is set to (70, 30) and (180, 120) for 2D and 3D
problems, respectively.

7. The rest of parameter settings of the three CMOEAs remain
the same as in the original papers.

5.2. Comparisons among three variants of updating the reference
point

Tables 2–4 display experimental results of three CMOEAs with
the three variants of updating the reference point over 30 inde-
pendent runs regarding to the mean value and standard deviation
of IGD and HV on RPCMOPs respectively. It is worth noting that
if the number of the runs that the final obtained population of a
CMOP contains no feasible solutions is more than half of the 30
runs, the IGD and HV values of the CMOP will be assigned NAN.
While if it is less than half of the 30 runs, the runs without finding
any feasible solution are disregarded when calculating IGD and
HV values. Besides, the overall ranking (OR) is used to verify the
overall performance of CMOEAs on the test instances. A CMOEA is
ranked 1 on a test instance when it achieves the best result, and
is ranked 2 when it achieves the second best result, and so on.
Afterward, the OR of a CMOEA is calculated by summing up the
rankings of all the test instances. The smaller value indicates an
algorithm has better overall performance among the compared
algorithms. Furthermore, Wilcoxon’s rank sum test [36] at 0.05
significance level is performed between the proposed method and
the other two methods of updating the reference point under the

three CMOEAs. The plus sign implies that the distribution of the
performance metric values achieved by the proposed method is
significantly better than the compared method of updating the
reference point. The asymp sign implies that the distribution of
the performance metric values obtained by the proposed method
and the compared method has no difference. The minus sign
implies that the distribution of the performance metric values
achieved by the proposed method is worse than the compared
method. Better results are highlighted in light gray shade.

The advantages of the proposed framework can be intuitively
observed from Tables 2–4. The proposed framework consistently
achieves better results than the other two methods, i.e., OUFS
and BUFIS, under the three different CMOEAs on each RPCOMP
in terms of the mean values of IGD and HV. The main reason is
given as follows. When only using feasible solutions to update the
reference point, the algorithms may be stopped from traversing
through infeasible regions. As shown in Section 3, each RPCMOP
except RPCMOP3 has an infeasible barrier before approaching
the PF, therefore, the three CMOEAs with the way of updating
reference point only by feasible solutions, i.e., MOEA/D-PPS-OUFS,
CMOEA/D-CDP-OUFS and M2M-DW-OUFS, fail to find the PFs on
these RPCMOPs. From these three tables, we can also see that the
method based on updating reference point both with feasible and
infeasible solutions seems to achieve more comparable results
than OUFS. However, they waste some of the computational
resources since parts of the PF on most of the RPCMOPs become
infeasible, and the weight vectors on these areas are wasted. The
proposed method consisting of two phases can relatively estimate
the right location of the reference point for a decomposition-
based CMOEA. At the first phase, the proposed method aims at
finding the locations of the unconstrained and constrained refer-
ence point. During this phase, the unconstrained reference point
is used as the reference point. Then the most suitable location of
the reference point for a decomposition-based CMOEA is specified
between the unconstrained and constrained reference point at
the second phase.

Fig. 10 presents non-dominated fronts obtained at the median
run based on IGD values of the three different methods of updat-
ing the reference point by M2M-DW. Due to the limitation of the
space, figures obtained by MOEA/D-PPS and CMOEA/D-CDP can
be found in the supplementary document.

The advantages of the proposed method are obvious as shown
in Fig. 10. M2M-DW with the proposed method of updating
the reference point, i.e., M2M-DW-TPM (the first column), ob-
tains a set of better-distributed feasible non-dominated solutions
compared with the other two variants. A closer look at this
figure is that M2M-DW-OUFS updates the reference point only
with the feasible solutions, and prevents itself traversing through
infeasible regions, resulting in a failure on six RCMOPs. While
M2M-DW-BUFIS updates the reference point with infeasible solu-
tions, some weight vectors which have no intersections with the
constrained PFs select the feasible solutions around the bound-
ary between the feasible and infeasible regions with a waste of
computational resources.

5.3. Experimental results on CF and CTP test problems

Table 5 displays the experimental results of M2M-DWwith the
three variants of updating the reference point over 30 indepen-
dent runs regarding to the average value and standard deviation
of IGD and HV on CFs and CTPs. The overall ranking (OR) is used to
verify the overall performance of a CMOEA on the test instances.
A CMOEA achieves the best result on a test instance is ranked
1, the second best result is ranked 2, and so on. Afterward, the
OR of a CMOEA is calculated by summing up the rankings of
all the test instances. The smaller value indicates a better result
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Table 2
Experimental results of MOEA/D-PPS over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on RPCMOPs.
Problem IGD HV

TPM OUFS BUFIS TPM OUFS BUFIS

RPCMOP1 2.6144e−03(2.3194e−04) 2.8289e+00(1.5868e−04)+ 4.4490e−03(6.4465e−05)+ 2.0242e−01(2.0216e−04) 0.0000e+0(0.0000e+0)+ 2.0119e−01(1.0546e−04)+
RPCMOP2 2.1320e−03(1.9304e−04) 2.8288e+00(1.1765e−04)+ 3.1812e−03(6.3402e−05)+ 1.2032e−01(8.8139e−05) 0.0000e+0(0.0000e+0)+ 1.1980e−01(7.1221e−05)+
RPCMOP3 4.5756e−03(3.7371e−05) 4.8496e−02(1.3371e−01)≈ 4.5768e−03(5.1467e−05)≈ 6.5622e−01(1.4835e−04) 6.2365e−01(9.8245e−02)≈ 6.5619e−01(1.8655e−04)≈
RPCMOP4 8.7284e−03(3.9967e−03) 5.1537e+00(1.3259e+00)+ 1.5411e−02(8.2974e−04)+ 9.1534e−01(6.0354e−03) 4.0435e−02(1.7371e−01)+ 9.0058e−01(3.8932e−03)+
RPCMOP5 4.9200e−03(6.3801e−04) 3.7479e+00(3.7947e−05)+ NAN 8.9607e−01(6.6335e−04) 0.0000e+0(0.0000e+0)+ NAN
RPCMOP6 1.5480e−02(1.4388e−03) 5.1979e+00(4.3462e−04)+ 2.5691e−02(5.0323e−04)+ 1.0636e−01(3.2725e−04) 0.0000e+0(0.0000e+0)+ 1.0441e−01(3.7962e−04)+
RPCMOP7 2.9290e−02(1.5718e−03) 3.0618e+00(1.1274e−04)+ NAN 1.3430e+00(1.7055e−03) 0.0000e+0(0.0000e+0)+ NAN
OR 7 20 15 7 20 15

Table 3
Experimental results of CMOEA/D-CDP over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on RPCMOPs.
Problem IGD HV

TPM OUFS BUFIS TPM OUFS BUFIS

RPCMOP1 2.4333e−03(1.7970e−04) 2.8288e+00(1.3319e−04)+ 2.8300e+00(7.6979e−04)+ 2.0265e−01(1.5169e−04) 0.0000e+0(0.0000e+0)+ 0.0000e+0(0.0000e+0)+
RPCMOP2 2.1592e−03(2.3694e−04) 2.8287e+00(7.9596e−05)+ 2.8302e+00(1.0832e−03)+ 1.2035e−01(1.3958e−04) 0.0000e+0(0.0000e+0)+ 0.0000e+0(0.0000e+0)+
RPCMOP3 4.6083e−03(8.4216e−05) 2.4015e−01(2.2053e−01)+ 4.6498e−03(1.4188e−04)≈ 6.5603e−01(3.2676e−04) 4.8030e−01(1.5980e−01)+ 6.5593e−01(5.4614e−04)≈
RPCMOP4 7.2286e−03(2.7467e−03) 5.1345e+00(1.3939e+00)+ 4.9607e+00(1.6228e+00)+ 9.1757e−01(4.2266e−03) 6.1076e−02(2.3243e−01)+ 7.1626e−02(2.3459e−01)+
RPCMOP5 5.0259e−03(6.9180e−04) 3.7479e+00(3.8860e−05)+ 3.7488e+00(3.7914e−04)+ 8.9616e−01(8.1887e−04) 0.0000e+0(0.0000e+0)+ 0.0000e+0(0.0000e+0)+
RPCMOP6 1.4598e−02(8.3405e−04) 5.1977e+00(3.9380e−04)+ 5.1983e+00(1.2166e−03)+ 1.0711e−01(2.2347e−04) 0.0000e+0(0.0000e+0)+ 0.0000e+0(0.0000e+0)+
RPCMOP7 2.8058e−02(1.6255e−03) 3.0617e+00(1.2518e−04)+ 3.0622e+00(5.1018e−04)+ 1.3453e+00(1.5251e−03) 0.0000e+0(0.0000e+0)+ 0.0000e+0(0.0000e+0)+
OR 7 16 19 7 16 14

Table 4
Experimental results of M2M-DW over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on RPCMOPs.
Problem IGD HV

TPM OUFS BUFIS TPM OUFS BUFIS

RPCMOP1 2.4950e−03(1.7856e−04) 2.8286e+00(4.6879e−05)+ 4.7273e−03(2.7477e−05)+ 2.0285e−01(1.3799e−04) 0.0000e+0(0.0000e+0)+ 2.0121e−01(5.2600e−05)+
RPCMOP2 1.8730e−03(2.5975e−04) 2.8285e+00(4.5751e−05)+ 3.8331e−03(2.3356e−05)+ 1.2062e−01(1.3838e−04) 0.0000e+0(0.0000e+0)+ 1.1964e−01(2.9521e−05)+
RPCMOP3 5.0901e−03(1.7336e−05) 6.3450e−02(1.5127e−01)≈ 5.0916e−03(3.6103e−05)≈ 6.5607e−01(1.2221e−04) 6.1308e−01(1.1120e−01)≈ 6.5597e−01(6.7522e−04)≈
RPCMOP4 6.7581e−03(2.4662e−03) 4.9436e+00(1.6741e+00)+ 1.9820e−02(3.3415e−03)+ 9.1960e−01(3.5734e−03) 9.2015e−02(2.8077e−01)+ 8.9892e−01(5.0124e−03)+
RPCMOP5 4.4537e−03(3.4115e−05) 3.4982e+00(9.4973e−01)+ 9.9541e−03(1.3040e−04)+ 8.9697e−01(1.0263e−04) 5.9809e−02(2.2761e−01)+ 8.8931e−01(1.7583e−04)+
RPCMOP6 1.3652e−02(8.7474e−04) 5.1970e+00(1.5982e−04)+ 2.4637e−02(3.1534e−04)+ 1.0792e−01(2.0664e−04) 0.0000e+0(0.0000e+0)+ 1.0506e−01(1.8200e−04)+
RPCMOP7 2.9285e−02(8.1244e−04) 3.0614e+00(7.3466e−05)+ 4.4504e−02(9.9695e−04)+ 1.3461e+00(7.7556e−04) 0.0000e+0(0.0000e+0)+ 1.3294e+00(1.3455e−03)+
OR 7 21 14 7 21 14

among the compared algorithms. Besides, Wilcoxon’s rank sum
test at 0.05 significance level is performed between the proposed
method and the other two methods of updating the reference
point under the three different CMOEAs. The plus sign implies
that the distribution of the performance metric values achieved
by the proposed method is significantly better than the com-
pared method of updating the reference point. The asymp sign
implies that the distribution of the performance metric values
obtained by the proposed method and the compared method has
no difference. The minus sign implies that the distribution of the
performance metric values achieved by the proposed method is
worse than the compared method. Better results are marked in
light gray shade. Due to the limitation of the space, experimental
results obtained by MOEA/D-PPS and CMOEA/D-CDP are put in
the supplementary document.

The superiority of the proposed method can be further ob-
served from Table 5. As for M2M-DW, M2M-DW-TPM works
better than M2M-DW-OUFS and M2M-DW-BUFIS on CF1, CF3,
CF5-CF8, CF10, CTP1, CTP2, CTP6-CTP8 and CF2, CF3, CF5, CF7,
CF8, CF10, CTP1, CTP2, CTP5-CTP8 in terms of mean value of IGD
and HV values respectively. Besides, we can observe that M2M-
DW-TPM achieves the best overall performance on these two test
problems in terms of OR.

5.4. Investigation of the parameter a

We investigate sensitivity of the parameter a in this sub-
section. RPCMOP2 and RPCMOP5 are used since they provide a
CMOEA with different difficulties that are usually used to test
performance of a CMOEA. The proposed framework with M2M-
DW and five values of parameter a (5%, 15%, 25%, 35% and 45%)
are adopted in this numerical experiment, while the rest of the
parameters remain the same as in Section 5.1. The result is
presented in Table 7.

From Table 6, we can see that M2M-DW-TPM is not sensitive
to the parameter a based on the obtained mean values and
deviations of IGD and HV on RPCMOP2 and RPCMOP5.

5.5. Investigation of the parameter r

We investigate sensitivity of the parameter r on RPCMOP2
and RPCMOP5 in this subsection. The proposed framework with
M2M-DW and five values of parameter r (0.001, 0.01, 0.1, 0.5 and
1) are adopted in this numerical experiment, while the rest of
the parameters remain the same as in Section 5.1. The result is
presented in Table 7.

From Table 7, we can see that M2M-DW-TPM is not sensitive
to the parameter r based on the obtained mean values and
deviations of IGD and HV on RPCMOP2 and RPCMOP5.

5.6. Investigation of the parameter k

We investigate sensitivity of the parameter k on two test prob-
lems, i.e., RPCMOP2 and RPCMOP5, in this subsection. The pro-
posed framework with M2M-DW and five values of parameter k
(2, 4, 5, 6 and 8) are adopted in this numerical experiment, while
the rest of the parameters remain the same as in Section 5.1. The
result is presented in Table 7.

From Table 8, we can see that M2M-DW-TPM is not sensitive
to the parameter k based on the obtained mean values and
deviations of IGD and HV on RPCMOP2 and RPCMOP5.

6. Conclusion

We proposed a two-phase framework of locating the refer-
ence point for decomposition-based CMOEAs in this paper. A set
of RPCMOPs which provides decomposition-based CMOEAs with
difficulties of updating the reference point were introduced in
Section 3.

In Section 4, we introduced the proposed framework in de-
tail. To eliminate the difference brought by different constraint-
handling techniques, an external population was used to help
find the most suitable reference point for a decomposition-based
CMOEA. The proposed framework consisted of two phases. At
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Fig. 10. Non-dominated fronts obtained at the median run based on IGD values of M2M-DW-TPM (the first column), M2M-DW-OUFS (the second column) and
M2M-DW-BUFIS (the last column).

the first phase, the external population evolved without con-
sidering constraint violations along with the main population,
aiming at finding the constrained and unconstrained PF. During

this phase, two reference points, i.e., the constrained and uncon-
strained reference point, were updated according to Section 4.2.
At the second phase, the proposed framework firstly checked
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Table 5
Experimental results of M2M-DW over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on CF and CTP test problems.
Problem IGD HV

TPM OUFS BUFIS TPM OUFS BUFIS

CF1 2.0108e−03(3.5171e−04) 2.4403e−03(1.2775e−03)≈ 2.0969e−03(9.1973e−04)≈ 6.8187e−01(5.6626e−04) 6.8166e−01(1.1274e−03)≈ 6.8191e−01(9.3299e−04)≈
CF2 9.3485e−03(4.5410e−03) 6.4137e−03(8.9726e−04)- 6.2910e−03(9.2013e−04)- 8.1470e−01(2.9583e−03) 8.1432e−01(3.5518e−03)≈ 8.1438e−01(2.8475e−03)≈
CF3 6.2946e−02(5.2139e−02) 7.3720e−02(7.6974e−02)≈ 6.4775e−02(8.6692e−02)≈ 4.0740e−01(5.3851e−02) 3.9867e−01(6.9015e−02)≈ 4.0632e−01(8.1452e−02)≈
CF4 1.8614e−02(4.8328e−03) 2.2395e−02(2.3778e−02)≈ 1.7898e−02(3.4187e−03)≈ 6.1829e−01(7.5651e−03) 6.1874e−01(1.9983e−02)- 6.2170e−01(5.5241e−03)≈
CF5 1.6147e−01(8.9643e−02) 2.3305e−01(8.9195e−02)+ 2.1768e−01(9.5343e−02)+ 4.4438e−01(6.7240e−02) 4.0314e−01(6.7446e−02)+ 4.0820e−01(7.2936e−02)≈
CF6 2.0535e−02(3.5100e−03) 4.0260e−02(2.5079e−02)+ 2.0563e−02(5.7258e−03)≈ 8.2012e−01(3.9607e−03) 8.1152e−01(1.6791e−02)≈ 8.2238e−01(4.4747e−03)-
CF7 1.5917e−01(6.7675e−02) 2.4166e−01(1.0372e−01)+ 2.3321e−01(1.3595e−01)+ 6.1416e−01(5.9373e−02) 5.5367e−01(1.0380e−01)+ 5.5840e−01(1.1894e−01)≈
CF8 7.5588e−02(5.9556e−03) 9.0815e−02(6.9417e−03)+ 8.8932e−02(5.9953e−03)+ 6.5586e−01(9.9842e−03) 6.2707e−01(1.0737e−02)+ 6.3030e−01(1.0491e−02)+
CF9 3.5872e−02(2.1164e−03) 3.3121e−02(1.6866e−03)- 3.3327e−02(1.8201e−03)- 7.3134e−01(1.9597e−03) 7.3210e−01(1.8532e−03)≈ 7.3200e−01(2.2714e−03)≈
CF10 2.8013e−01(1.5041e−01) 3.4202e−01(8.4486e−02)+ 3.9575e−01(9.3362e−02)+ 3.4646e−01(1.3620e−01) 3.2476e−01(6.6792e−02)≈ 2.6046e−01(7.2181e−02)+
CTP1 9.7039e−03(9.3018e−04) 1.0438e−02(6.5085e−04)+ 1.0430e−02(1.5706e−03)≈ 4.5149e−01(4.0557e−04) 4.5129e−01(3.7095e−04)≈ 4.5141e−01(5.8826e−04)≈
CTP2 5.6658e−03(1.3146e−03) 6.4802e−03(1.8815e−03)+ 7.2938e−03(2.4913e−03)+ 5.0488e−01(1.1352e−03) 5.0373e−01(1.4393e−03)+ 5.0286e−01(2.3995e−03)+
CTP3 4.2315e−03(5.6957e−04) 3.8948e−03(6.2380e−04)- 3.8531e−03(5.6875e−04)- 4.8187e−01(8.8281e−04) 4.8236e−01(1.1634e−03)≈ 4.8257e−01(1.0606e−03)-
CTP4 4.2904e−02(4.0914e−03) 4.4694e−02(3.7294e−03)+ 3.9724e−02(4.7483e−03)- 4.3084e−01(4.9005e−03) 4.2907e−01(4.2733e−03)≈ 4.3456e−01(6.3116e−03)-
CTP5 6.4862e−03(1.2049e−03) 5.7133e−03(1.1373e−03)- 9.6602e−03(3.2038e−03)+ 4.9828e−01(1.0204e−03) 4.9730e−01(1.5553e−03)+ 4.9757e−01(9.3319e−04)+
CTP6 1.7242e−02(2.2452e−03) 4.8113e−01(1.4185e+00)+ 2.5007e−02(1.0594e−03)+ 2.0670e+00(4.3141e−03) 1.8623e+00(6.3140e−01)+ 2.0528e+00(2.1495e−03)+
CTP7 1.2172e−02(7.8112e−05) 1.2181e−02(7.8439e−05)≈ 1.2189e−02(1.0398e−04)≈ 6.6140e−01(2.9600e−04) 6.6131e−01(4.2599e−04)≈ 6.6139e−01(3.4662e−04)≈
CTP8 1.4652e−02(2.7164e−03) 1.9253e+00(2.2244e+00)≈ 2.1092e−02(1.1025e−03)+ 1.3487e+00(3.4816e−03) 7.6449e−01(6.7997e−01)+ 1.3403e+00(1.2539e−03)+
OR 27 44 37 27 48 33

Table 6
Experimental results on investigation of the parameter a over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on RPCMOP2
and RPCMOP5.
a RPCMOP2 RPCMOP5

IGD HV IGD HV

a = 0.05 1.9300e−03(2.1944e−04) 1.2059e−01(1.3493e−04) 4.4334e−03(2.3776e−05) 8.9702e−01(6.6818e−05)
a = 0.15 1.8730e−03(2.5975e−04 1.2062e−01(1.3838e−04) 4.4537e−03(3.4115e−05) 8.9697e−01(1.0263e−04)
a = 0.25 1.8500e−03(1.7987e−04) 1.2064e−01(1.0201e−04) 4.4408e−03(2.7860e−05) 8.9711e−01(6.2051e−05)
a = 0.35 1.8611e−03(1.7892e−04) 1.2071e−01(1.0225e−04) 4.4501e−03(2.7921e−05) 8.9678e−01(6.1121e−05)
a = 0.45 1.8446e−03(1.8251e−04) 1.2104e−01(1.0437e−04) 4.4346e−03(2.7916e−05) 8.9698e−01(3.6828e−05)

Table 7
Experimental results on investigation of the parameter r over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on RPCMOP2
and RPCMOP5.
r RPCMOP2 RPCMOP5

IGD HV IGD HV

r = 0.001 1.8548e−03(1.8638e−04) 1.2062e−01(1.1216e−04) 4.4804e−03(4.2653e−05) 8.9684e−01(1.1439e−04)
r = 0.01 1.8730e−03(2.5975e−04 1.2058e−01(1.3838e−04) 4.4537e−03(3.4115e−05) 8.9697e−01(1.0263e−04)
r = 0.1 1.7698e−03(1.4973e−05) 1.2066e−01(2.7115e−05) 4.4456e−03(2.0744e−05) 8.9710e−01(8.7405e−05)
r = 0.5 1.7664e−03(1.0738e−05) 1.2067e−01(2.1396e−05) 4.4462e−03(2.0773e−05) 8.9720e−01(8.7417e−05)
r = 1 1.7687e−03(1.0747e−05) 1.2074e−01(2.1446e−05) 4.4826e−03(3.8669e−05) 8.9695e−01(1.7522e−04)

Table 8
Experimental results over 30 independent runs in terms of the mean value and standard deviation of IGD and HV on RPCMOP2 and RCMOP5.
k RPCMOP2 RPCMOP5

IGD HV IGD HV

k = 2 1.7492e−03(5.0695e−06) 1.2071e−01(1.4381e−05) 4.4490e−03(3.2588e−05) 8.9708e−01(9.2871e−05)
k = 4 1.7558e−03(1.3424e−05) 1.2067e−01(3.4456e−05) 4.4754e−03(3.5232e−05) 8.9701e−01(9.1612e−05)
k = 5 1.8730e−03(2.5975e−04 1.2062e−01(1.3838e−04) 4.4537e−03(3.4115e−05) 8.9697e−01(1.0263e−04)
k = 6 2.0594e−03(4.0259e−04) 1.2050e−01(2.0108e−04) 4.6828e−03(5.1765e−04) 8.9664e−01(6.4047e−04)
k = 8 1.9722e−03(2.5965e−04) 1.2052e−01(1.5176e−04) 4.7106e−03(5.5355e−04) 8.9564e−01(2.8808e−03)

whether the unconstrained and constrained reference point were
different or not. And then the location estimation mechanism was
designed to help find the most suitable reference point between
the unconstrained and constrained reference point as shown in
Algorithm 2.

Subsequently, we conducted a series of experiments to study
performance of the three CMOEAs on PRCMOPs, CFs, CTPs and a
real-world problem OSY. All the experimental results highlighted
the advantages of the proposed framework on solving the CMOPs
used in this paper. Furthermore, the parameters of the proposed
framework were studied and the results showed that the pro-
posed framework was insensitive to these parameters on the test
instances studied.
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Constrained Multi-Objective Optimization for UAV-Enabled Mobile Edge
Computing: Offloading Optimization and Path Planning

Chaoda Peng, Xumin Huang , Yuan Wu , Senior Member, IEEE, and Jiawen Kang

Abstract—An unmanned aerial vehicle (UAV) is employed to
sequentially visit the specific waypoints and provide offloading
services for nearby devices. Most of the current works optimized
the UAV-enabled offloading according to a single criterion while
neglecting necessary optimizations and constraints for flight
safety of the UAV. This motivates us to study the optimization
problem of the UAV from a multi-objective viewpoint by con-
sidering the UAV’s flight safety. A constrained multi-objective
optimization problem (CMOP) involving two objective functions
about the energy-efficient offloading and safe path planning is for-
mulated for the UAV. To solve the formulated CMOP, we present a
constrained decomposition-based multi-objective evolution algo-
rithm. To further improve the algorithm, we particularly utilize
the infeasible individuals with great objective values, which pro-
vide useful information for improving the optimized objective
values during the evolution process. Finally, experimental results
demonstrate that compared with the existing works, our scheme
is beneficial to simultaneously reduce energy consumption and
ensure safe flight for the UAV.

Index Terms—Computation offloading, 3D path planning,
constrained multi-objective optimization, and evolutionary
algorithm.

I. INTRODUCTION

DUE TO the flexible deployment and mobility, unmanned
aerial vehicle (UAV) has been widely exploited to

provide various services, e.g., event and data detection [1], [2],
reliable connectivity and proximal computing for users, par-
ticularly in the scenarios where communication infrastructures
are damaged and network congestion is continuously aggra-
vated. This results in a new computing paradigm called by
UAV-enabled mobile edge computing (MEC).
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Many research efforts have been devoted to jointly opti-
mizing the task offloading and trajectory design for the UAV
scheduling. The authors in [3] considered that the UAV was
approximately stationary and used binary offloading deci-
sions for the devices with offloading requests. The similar
problem was extended to jointly optimize the user associ-
ation and horizontal location of the UAV to maximize the
overall data rate for the users [4]. The joint optimization
of resource allocation and 3D trajectory of the UAV from
the viewpoint of energy efficiency was studied in [5]. The
use of the UAV as an aerial communication platform was
proposed to tackle the traffic offloading problems in a vari-
ety of application scenarios such as cellular hotspot areas [6]
and community communications [7]. A dual-role UAV playing
both as an edge-server and a traffic relay was proposed in [8].
Furthermore, wireless power transfer was integrated into the
UAV-enabled MEC to establish the on-demand power links
and communication channels for wireless devices [9].

However, most of the current works formulated the network-
wide optimization problem as a single-objective optimization
problem, while the UAV scheduling could consider both the
efficiency of task processing and the safe path planning of
the UAV as a joint criterion. Toward feasible deployment of
the UAV, there may exist several important yet conflicting
objectives which need to be jointly optimized. Technically,
it is not suitable to simply sum the different objectives
with fixed weights. Moreover, the current UAV’s trajectory
was determined by assigning processing order to the devices
and the trajectory design was based on the straight flight
among the specific locations. The practical UAV path plan-
ning that accounts for the obstacle avoidance and safe flight
requirements has not been widely studied yet.

Motivated by the above considerations, we investigate a
constrained multi-objective optimization problem (CMOP) for
UAV-enabled MEC, which aims at simultaneously achiev-
ing the energy-efficient offloading and safe path planning for
the UAV. Given the locations of the devices, the UAV flies
from one place to another to provide offloading services for
the devices. In this multi-objective optimization, we simul-
taneously optimize the transmission power of the devices,
computing resource, flying velocity and 3D path of the UAV.
The main contributions of this letter are summarized as
follows.

• A CMOP for UAV-enabled MEC is investigated to simul-
taneously study the energy-efficient offloading and safe
path planning for the UAV.

• A constrained multi-objective evolutionary algorithm
with a mechanism of utilizing the useful infeasible
individuals is developed to tackle the proposed problem.
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Fig. 1. System model.

effectiveness of our proposed algorithm, especially its
robustness in obtaining the feasible optimal solutions.

II. PROBLEM FORMULATION

We consider a system model in Fig. 1 where a single UAV
with computing resources is scheduled to sequentially visit I
hovering locations to serve I devices, and finally flies toward
the destination. For simplicity, the UAV flies above the devices
at a constant height H. We denote the location of device i as

Si and computation workloads Wi . Similar to [10], we do not
consider the small output data size compared with the input
data size and the following delay of receiving the output data.

ter power of device i, respectively. Thus, the uplink data rate of

is used, g0 is the received power at the reference distance
d0 = 1 m and σ2 is the noise power. For the UAV, let fUAV,i
indicate the computing resources allocated to device i. The
hovering duration of the i-th hovering location is calculated

respectively. Given a real path between the i-th and the (i + 1)-
th hovering locations, the length of the i-th path segment is

under the assumption that the UAV is flying at a constant
velocity denoted by vi .

At the i-th hovering location, energy consumption for
receiving the offloading data, handling the offloading data and

rxstaying hovering is equal to pUAV
2ti

d, εUAVfUAV,iWi , and
HpUAV

rxτi
H, respectively, where pUAV

H, εUAV and pUAV are the
receiver power, effective switched capacitance of the proces-
sor, and hovering power, respectively. To maintain the stable
flying motion with the constant velocity, the flying power

Fof the UAV is estimated by pUAV according to the method
in [13]. From the i-th hovering location to the (i + 1)-th hov-
ering location, the total energy consumption of the UAV, which
is denoted by Ei , is given as follows:

rxEi = pUAV
2ti

d + εUAVfUAV
H

,iWi + pUAV
Fτi

H + pUAV

The delay constraint is given by:

C1: h1 = Ti − τi
H − τi

F, and h1 ≥ 0 (2)

where Ti is the maximum tolerable time duration required by
the UAV. We try to reduce Ei to achieve the energy-efficient
task offloading in UAV-enabled MEC.

At the same time, we enable the safe flight for the UAV.
Before defining the whole UAV’s path, we simulate the fly-
ing environment of the UAV by considering the existence of
obstacles. Referring to [14], we use the following 3D model:

z (x , y) = sin(y + κ1) + κ2 sin(x ) + κ3 cos(y) + κ4 cos(y)

+ κ5 cos(κ6
√

x2 + y2) + κ7 sin(κ7
√

x2 + y2) (3)

• Numerical results are provided to demonstrate the where κ1, κ2, κ3, κ4, κ5, κ6 and κ7 are experimentally studied
constants, and they can be configured to produce the consistent
surface of the obstacles such as a building, valley and moun-
tain. B-spline curve is used in this letter to model the UAV’s
path since it is defined only by a set of control points that
can represent a complicated path. It has been widely utilized
in industrial applications such as computer graphic repre-
sentations and computer aided manufacturing [14]. Suppose
that we have λ control points CP1 = (x1, y1, z1),CP2 =
(x2, y2, z2), . . . ,CPλ = (xλ, yλ, zλ), and then the corre-
sponding B-spline curve, i.e., the UAV’s path, consists of J

(xi
′, yi′, 0), and the i-th hovering location of the UAV refers to path points B1 = (x1

′ , y1′ , z1′ ),B2 = (x2
′ , y2′ , z2′ ), . . . ,BJ =

(xi
′, yi′,H ). We describe the task of device i by input data size (xJ

′ , yJ
′ , zJ

′ ).
To derive a collision-free path, an objective function with

respect to the safe flight is considered. We project the path
points and mesh points of the obstacles into horizontal plane

Let Bi and pi
tx represent the channel bandwidth and transmit- coordinate, and obtain the mesh points of the obstacles within

the safe distance denoted by ds, which guarantees that the UAV
device i is expressed by ri

UL = Bi log2(1+ pi
txgi/σ

2), where flies away from the known obstacles. By referring to [15], we
the free-space path loss model gi = g0/H

2 in [11], [12] set the objective function which is related to the safe path as:

J

Ds =
∑

j

K

=1 k

∑

=1

(
ds

 

dj ,k

)2

(4)

by τi
H = ti

d + ti
w, where the data transmission and work- where K is the number of mesh points of all obstacles within

load processing time are ti
d = Si/ri

UL and ti
w = Wi/fUAV,i , the safe distance, and dj ,k indicates the Euclidean distance

between the j-th path point and the k-th mesh point. We aim
to reduce Ds since a smaller value of Ds means that the UAV

measured by Li , and the flying time of the UAV is τi
F = Li/vi can reduce the risk of colliding with the obstacles.

In addition, the UAV’s path should satisfy the following
three constraints, i.e., C2, C3, and C4. Constraint C2 ensures
that the UAV flies above the minimum flight altitude, namely,

J

C2: h2 =
∑

j=1

[
dj
min

]−
, and h2 = 0 (5)

where [ • ]− = min(•, 0), djmin = zj
′ − z (xj

′, yj′) − hmin, and
hmin is the minimum flight altitude, and (xj

′, yj′ , z (xj′, yj′)) is
the j-th mesh point regarding to Eq. (3). h2 = 0 means that
each path point is above the minimum flight height. However,
h2 < 0 means that there are some path points below the min-
imum flight height, i.e., violating the feasible conditions of
the safety path. As we will illustrate in Section III, we will

τi
F (1) leverage infeasible individuals for improving the performance

of our evolutionary algorithm. Thus, the value of h2 (when
it is negative) will be used in Eq. (10) at the beginning of
Section III for evaluating how much an individual violates the
feasibility conditions.
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of the UAV:

C3: h3 =
J∑

j=1

[
dmax
j

]−
, and h3 = 0 (6)

where dmax
j = hmax − z ′j , and hmax is the maximum flight

altitude. h3 = 0 means that each path point is under the
maximum flight height.

The constraint C4 ensures that the turning angle of the UAV
along the path cannot surpass the maximum value θmax,

C4: h4 =

J−1∑

j=2

[
Δθj

]−
, and h4 = 0 (7)

where Δθj = θmax − θ(Bj ,j−1,Bj+1,j ), Bm,n means the
vector from point Bm to point Bn , and θ(Bj ,j−1,Bj+1,j ) is
the angle of two vectors Bj ,j−1 and Bj+1,j ,

θ
(
Bj ,j−1,Bj+1,j

)
= cos−1

(
Bj ,j−1 · Bj+1,j∥∥Bj ,j−1

∥∥∥∥Bj+1,j

∥∥

)
(8)

Finally, the proposed CMOP is given as follows.

min

{
G1(x) = Ds

G2(x) =
∑I

i=1 Ei

s .t . C1 ∼ C4, x ∈ D (9)

where G1(x) and G2(x) are the two objective functions
related to the safe path planning and energy consumption,
respectively. x is a (3λ + 3I ) dimensional decision variable
in the given decision space D, which includes two parts: the
first part is a sequence of λ control points in sequence and
the second part refers to {ptxi , fUAV,i , vi , ∀i}. The λ control
points are represented by an one-dimensional vector with the
dimension of 3λ, and the decision variables of offloading
optimization are also represented by an one-dimensional vec-
tor with the dimension of 3I . As a summary, we will use x =
(x1, y1, z1, . . . , xλ, yλ, zλ, p

tx
1 , fUAV,1, v1, . . . , p

tx
I , fUAV,I , vI )

in our proposed system.

III. PROPOSED ALGORITHM

The above problem (9) is a complicated CMOP. Referring
to [16], we calculate the constraint violation of an individual
x according to the constraints from C1 to C4:

CV (x) =

4∑

i=1

|cvi (x)| (10)

where cvi (x) = min(0, hi (x)). cvi (x) = 0, ∀i means that
x is a feasible individual, while cvi (x) �= 0, ∃i means that
x is an infeasible individual. To solve the problem (9), a
multi-objective evolutionary algorithm in [17] with a dynamic
infeasibility allocation mechanism is proposed. It has three
main components, i.e., the initialization, the reproduction, and
the constraint-handling technique with a dynamic infeasibility
allocation mechanism. The details are shown as follows.

Step 1 (Initialization): In the first phase, we initialize a
population P0 with N individuals, and calculate the values of
the two objective functions G1(x), G2(x) and four constraints

Algorithm 1: The Proposed Constraint-Handling
Technique

1Input:
• The combined population Mt .
• The M unit center vectors.
• The N weight vectors.

Output:
• K sub-populations Ω1, . . . ,ΩM .

1: Update α by using Eq. (13).
2: A dominated infeasible individuals trim scheme is applied to Mt by eliminating

the infeasible individuals which do not dominate any feasible individual.
3: The individuals in Mt are decomposed into K sub-populations Ω1, . . . ,ΩM by

using Eq. (11).
4: for each sub-population Ωi do
5: if ‖Ωi‖ < si then
6: Select all the individuals in Ωi and randomly select si − ‖Ωi‖ individuals

from Mt as the next sub-population for Ωi .
7: else
8: δ = αsi . % The number of feasible solutions should be saved in advance.

9: Obtain the number of the feasible individuals in Ωi : δ′.
10: if δ′ < δ then
11: Sort the individuals in Ωi in ascending order of CV (x) regarding to

Eq. (10), and then the best δ individuals are stored into Ωi .
12: else
13: Select the best δ feasible individuals in Ωi by using the weight vectors

V1,V2, . . . ,Vsi according to Eq. (12).
14: end if
15: if δ < si then
16: Select the best si − δ individuals from the rest of the population in Ωi

in terms of ASF.
17: end if
18: end if
19: end for

C1 ∼ C4. The current generation t is set to 1. A set of N
weight vectors V1,V2, . . . ,VN are evenly chosen from the
hyperplane to select a set of individuals, since a weight vector
is corresponding to a Pareto optimal solution in the context of
multi-objective optimization. The N weight vectors are decom-
posed into M sub-populations Ω1,Ω2, . . . ,ΩM by using a set
of M unit center vectors, and the size of a sub-population si
is determined by the number of the weight vectors assigned
into the Ωi . Each weight vector is assigned to its closest unit
center vector according to Eq. (11).

Ωi =
{
u|
〈
u,wi

〉
≤

〈
u,wj

〉
, 1 ≤ j ≤ M

}
(11)

where u is a vector and wi is a unit center vector.
Step 2 (Reproduction): At the generation t, each individual x

is used to produce an offspring by using genetic operators [17].
Afterwards, an offspring population Ot is generated.

Step 3 (Selection with a dynamic infeasibility allocation
mechanism): Combining the parent population Pt with its off-
spring population Ot as Mt , the next step is to select the best
N members from the combined population Mt . To handle the
constraints of problem (9) effectively, how to utilize infeasible
individuals is a significant issue. Hereby, a constraint-handling
technique with a dynamic infeasibility allocation mechanism
is proposed as shown Algorithm 1.

To maintain the population with the same size in each gen-
eration, each sub-population must select the best si individuals
for itself (see lines 5 - 18). This will encounter two scenarios:

1) When ‖Ωi‖ is smaller than si , all the individuals in Ωi

with si −‖Ωi‖ randomly selected individuals are stored
into Ωi (see lines 5 - 7).

2) Otherwise, the δ best individuals regarding to the con-
straint violations are selected into Ωi (see lines 10 - 14).
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Note that when δ is still smaller than si , si −δ individu-
als from the rest of the population are selected into Ωi in
terms of an achievement scalarizing function (ASF) [18]
(see lines 15 - 17).

ASF (x|V) = max
i=1,2

(
Gi (x)− Zi

Vi

)
(12)

where Z = (Z1,Z2) with each element Zi = min(Gi (x)),
Gi (x) is the i-th objective function of problem (9).

Parameter α is used to control the algorithm either towards
exploring more regions or finding feasible optimal solutions
by deciding how many infeasible individuals can be saved
into the next generation, which is given in Eq. (13). When the
current population does not have any feasible individual, α is
set to 1 (see lines 10 - 12). The proposed algorithm will select
the infeasible individuals with smaller constraint violations,
guiding the search towards the feasible regions.

α =

{
1 ξ = 0

t
βtmax otherwise

(13)

where ξ is the ratio of the feasible individuals in the combined
population Mt , tmax is the maximum generation number, and
β is to control the number of the generations to explore the
infeasible regions. When the current population has at least a
feasible individual, the proposed constraint-handling technique
starts to guide the search towards the feasible regions. In other
words, with the increase of α, the algorithm tends to save
more individuals with smaller constraint violations in each
sub-population. To accelerate the convergence of the algorithm
towards the promising feasible regions, we only explore the
infeasible regions in the first βtmax generations.

Step 4 (Output the results): When t < tmax, go to Step 2.
Otherwise, output all the feasible optimal individuals in Pt .

IV. EXPERIMENTAL STUDIES

We perform the experiments to verify performance of our
algorithm. Two recent constrained multi-objective evolutionary
algorithms, i.e., ToP [16] and PPS [19], are used as the baseline
algorithms for the purpose of performance comparisons.

1) Each algorithm runs 30 independent times, and stops
after 3× 104 function evaluations.

2) The parameters related to the terrain with an area of
200× 200× 20 m3 are set as follows: κ1 = 5, κ2 = 5,
κ3 = 1.2, κ4 = 1, κ5 = 3, κ6 = 1.8 and κ7 = 1.

3) λ = 6, ds = 10 m, hmin = 2 m, hmax = 20 m, θmax =
2π/3.

4) For simplicity, we consider I = 1 device. pHUAV =
59.2 W, εUAV = 10−27, B1 = 10 MHz, H = 5 m,
g0 = −30 dB, σ2 = 10−10 W, ptx1 ∈ [0.01, 0.2] W,
S1 = 80 MB, W1 = 10 giga CPU cycles, v1 ∈
[1, 20] m/s, fUAV,1 ∈ [0.1, 1.5] GHz, and T1 is set to
50 seconds.

5) The location of device 1 and the destination is set to
(50, 30, 5) and (165, 165, 5), respectively.

6) Two parameters of the genetic operator F and CR are
set to 0.5 and 0.1 respectively, and let η = 21, N = 100,
M = 10, β = 0.4.

TABLE I
THE MEAN AND STD VALUE OF IGD AND HV METRIC.

BETTER RESULTS ARE MARKED BOLD

Fig. 2. Paths under three different preferences obtained by the proposed
algorithm (the first row), ToP (the second row), and PPS (the third row).

IGD and HV metrics are two commonly used performance
indexes to evaluate the overall performance of multi-objective
evolutionary algorithms in terms of convergence and diver-
sity of the obtained solution set [16] . A smaller IGD value
indicates that an algorithm achieves better performance regard-
ing to convergence, while a larger HV value implies that an
algorithm achieves better performance regarding to both the
convergence and diversity. All feasible solutions are chosen
from the final obtained population to calculate the IGD and
HV values. The reference point for HV metric is (5000, 5000).

Table I presents the mean and standard deviation (STD)
value of IGD and HV metric among the three algorithms.
Compared with PPS and ToP, our method has achieved
better results of IGD and HV values. Specifically, our algo-
rithm obtains a set of better feasible non-dominated solutions
in terms of convergence and diversity, which enables the
algorithm to provide more choices with a wider range of
preferences.

Fig. 2 illustrates the paths derived by three preferences
in terms of the median run of IGD values among the three
algorithms. For the UAV, the first column is obtained by the
weight vector [1, 0], which pays all the attention to the safe
flight. The second column is obtained by the weight vector
[0.5, 0.5], which fairly considers both for the safe flight and
the energy consumption. The last column is obtained by the
weight vector [0, 1], which pays all the attention to the energy
consumption. We can observe that our algorithm is able to find
much smoother paths on three obtained paths with different
preferences compared with the other two algorithms.
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Fig. 3. Convergence graphs of the two objective functions.

TABLE II
INVESTIGATION OF THE SENSITIVITY OF PARAMETER β

TABLE III
INVESTIGATION OF THE DOMINATED INFEASIBLE

INDIVIDUALS TRIM SCHEME

Fig. 3 shows the convergence of the three algorithms in
terms of the two objective functions G1 and G2 under the
condition of the weight vector [0.5, 0.5] at the median run
based on IGD values respectively. Our algorithm can consis-
tently find more feasible optimal solutions when the generation
reaches βtmax. Besides, our algorithm achieves lower energy
consumption for the UAV compared with PPS and ToP.

Finally, we investigate sensitivity of parameter β related to
the constraint-handling ability and effectiveness of the dom-
inated infeasible individuals trim scheme. The experimental
results with the mean value and STD of IGD and HV metric,
and the average values of G1 and G2 among 30 runs are sum-
marized in Table II and Table III respectively. Table II shows
that our algorithm is not sensitive to β according to the mean
values and STD of IGD and HV. The experimental results in
Table III also show that the dominated infeasible individuals
trim scheme (see line 2 in Algorithm 1) is helpful for the
performance improvement of our algorithm.

V. CONCLUSION

We studied a CMOP for UAV-enabled MEC to simulta-
neously reduce the energy consumption and ensure the safe
flight for the UAV. A constrained decomposition-based multi-
objective evolutionary algorithm with the dynamic infeasibility
allocation mechanism was designed as the solution. Both the
feasible and infeasible individuals were utilized for improv-
ing the algorithm performance. Finally, extensive experimental

results were provided to demonstrate the effectiveness and effi-
ciency of our algorithm. In our future work, we will investigate
a joint computation offloading and deployment optimization
scheme for the multi-UAV scenario.
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a b s t r a c t

Unmanned Aerial Vehicle (UAV) path planning problems can be treated as constrained multi-objective
optimization problems, which often have complicated constraints in real-world scenarios. Algorithms
for solving them require a powerful constraint-handling technique to utilize infeasible information.
However, this has seldom been explored in this field. To remedy this issue, this paper proposes
a decomposition-based constrained multi-objective evolutionary algorithm (M2M-DW) with a local
infeasibility utilization mechanism for UAV path planning. Therein, M2M-DW is adopted as a solution
optimizer since it can utilize infeasible individuals. However, this may result in poor performance
due to the arbitrary use of infeasible individuals. To solve this issue, a local infeasibility utilization
mechanism is proposed to effectively utilize the infeasible information. Besides, an improved mutation
scheme is designed to further explore the promising regions. Experimental studies are conducted on
three sets of UAV path planning problems with different difficulties, and the results highlight the
effectiveness of the proposed algorithm in terms of reliability and stability in finding a set of feasible
optimal solutions.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

Unmanned aerial vehicles (UAVs) have been applied to a wide
range of real-world applications, such as search and rescue work,
crop dusting and agricultural surveillance, traffic monitoring, net-
work provisioning, military use and so on [1–3]. For example,
in rush-hour time, the number of mobile devices may rapidly
increase and cause network congestion and high delay, and UAVs
carrying base station with computing resources can be appointed
to the place with an ability to help alleviate network overload
and execution latency. For such an application, how to fly a UAV
to the destination without any collision is one of the critical issues
in drone technologies, i.e., UAV path planning.

In general, UAV path planning problem can be modeled as
a constrained multi-objective optimization problem (CMOP) as
follows:
min F (x) = (f1(x), f2(x), . . . , fm(x))
s.t.

ci(x) ≥ 0 i = 1, 2, . . . , q
hi(x) = 0 i = q + 1, . . . , l
x = (x1, x2, . . . , xn) ∈ D

(1)

∗ Corresponding author.
E-mail address: qiushaojian@scau.edu.cn (S. Qiu).

where x = (x1, x2, . . . , xn) is an n-dimensional decision vector,
F (x) is an m-dimensional objective function. ci(x) and hi(x) are the
inequality and equality constraint respectively, l is the number of
the constraints.

In this paper, the constraint violation of a solution x on the ith
constraint is calculated by the following equation [4]:

Gi (x) =

{
min {0, ci (x)} 1 ≤ i ≤ q
min {0, |hi (x)|} q + 1 ≤ i ≤ l (2)

The constraint violation of a solution x is calculated as:

G (x) =

l∑
i=1

|Gi (x)| (3)

UAV path planning problems can be treated as constrained
single-objective optimization problems (CSOPs) [5–7] or CMOPs
[8–12]. When taking UAV path planning problem as a CSOP,
most algorithms construct an objective function with a weighted-
sum method, which incorporates requirements and constraints
related to the UAVs and their flight path. In [6], a safety-enhanced
UAV path planning with spherical vector-based particle swarm
optimization algorithm was proposed. It firstly converts the path
planning problem into an objective function by weightedly sum-
ming the path optimality, safety and feasibility constraints with
a weight vector. Then a particle swarm algorithm based on a

https://doi.org/10.1016/j.asoc.2022.108495
1568-4946/© 2022 Elsevier B.V. All rights reserved.
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spherical vector is designed to solve the problem. In [7], the
UAV path planning problem is also designed as a weighted-sum
objective function by considering traveling distance, safety, flight
height, flight angle and limited UAV slope. However, determining
a weight vector is a time-consuming task, especially if there are
many requirements and constraints. It is hard to find an appropri-
ate weight vector based on the preference of the decision-makers.
While taking it as a CMOP, the advantage is that it can obtain a
set of optimal solutions with various preferences in a single run.

Constrained multi-objective evolutionary algorithms
(CMOEAs) have stimulated the interest of many researchers dur-
ing the past few decades [4,13–31]. They can be divided into five
groups based on the constraint-handling techniques they use—
i.e., penalty functions [13,14], methods based on the preference
of feasible solutions over infeasible solutions [4,15–17], methods
based on a repair operator [18–20], methods based on preserving
informative infeasible solutions [22–25] and methods based on
temporarily disregarding constraint violations [26–28]. They are
introduced as follows:

(1) Penalty function is one of the most popular constraint-
handling techniques. Nevertheless, the main drawback is
that the penalty factor is problem-dependent. In [32], a
constraint-handling technique based on an adaptive func-
tion and a distance measure was proposed to handle with
CMOPs. Therein, the number of the feasible solutions is
used to decide the search either towards finding more
feasible solutions or finding optimal solutions. The paper
is easy to implement and does not need any parameter
tuning. It however uses the same penalty factor to punish
the individuals in the whole population, which may be too
large or small for some search regions.

(2) To avoid setting penalty factor, methods based on the
preference of feasible solutions over infeasible solutions are
used to deal with CMOPs. They prefer feasible solutions,
which may easily converge to locally optimal regions, es-
pecially there are more than one feasible regions. In [4], a
constraint-domination principle (CDP) was used to select
solutions with feasibility preference. If an individual x is
said to constraint-dominate another individual y if x and
y are feasible individuals and x dominates y, or x has a
smaller constraint violation than y.

(3) Another methods based on a repairing operator are de-
signed to avoid setting penalty factor. They try to fix in-
feasible solutions to feasible solutions. However, for some
problems with small feasibility ratios, finding a feasible
solution itself is a problem. In [19], a Pareto descent repair-
ing operator was designed to drive the infeasible towards
feasible regions. It studies the guidelines for a method
to handle constraints and then explains the concepts and
calculations to meet the guidelines.

(4) Methods based on preserving infeasible solutions have
caught the attention of many researchers since the uti-
lization of the infeasible solutions with better objective
values is beneficial to the evolution process. Peng et al.
proposed a CMOEA based on the directed weight vectors
(M2M-DW) [23]. It designs two types of weight vectors,
i.e., feasible and infeasible weight vectors. The infeasi-
ble weight vectors are used to select a set of infeasible
individuals which participate in the genetic operations.
Besides, they are changed dynamically to select the infea-
sible individuals with better objective values and smaller
constraint violations along with the evolution process. The
experimental results highlight its effectiveness.

(5) The last type of constraint-handling techniques is based on
temporarily disregarding constraint violations during the

evolution process. Fan et al. proposed a CMOEA based on
push and pull search mechanism (PPS) [26]. It divides the
evolution process into two phases. At the first phase, it
does not consider constraint violations while takes it into
account to direct the search to the feasible regions at the
second phase. But it may not guide search back to the
feasible regions, resulting in poor performance on some
CMOPs with complicated constraints.

UAV path planning problems are highly constrained in compli-
cated scenarios, and algorithms for solving must have an ability
to handle constraints with an appropriate manner. However, to
the best of our knowledge, this has seldom been explored in
the community of constrained multi-objective UAV path planning
problems [8,10,12,33,34]. In [8], a 3-D offline path planner for
UAVs by using NSGA-II [15] with CDP was proposed. The pro-
posed algorithm can generate a number of feasible paths, which
allows decision-makers to select a path based on their interests.
Nevertheless, the constraint-handling technique prefers feasible
solutions over the infeasible solutions, which may produce lo-
cal optimal solutions. In [34], the UAV path planning problem
was modeled as a constraint satisfaction problem (CSP). Then a
multi-objective evolutionary algorithm based on the branch and
bound method is used to find feasible optimal paths. These algo-
rithms do not take advantages of the useful infeasible individuals
to improve their performance when solving UAV path planning
problems.

Motivated by the above considerations, M2M-DW with a local
infeasibility utilization method is proposed for solving UAV path
planning problems in this paper. At first, three sets of UAV path
planning problems with different difficulties are presented by
minimizing the traveling distance and the risk of a UAV sub-
jected to four constraints, including the minimum flight alti-
tude, maximum flight altitude, minimum flight angle and min-
imum/maximum flight scope. To effectively handle constraints,
M2M-DW is adopted since it has an ability to utilize the useful
infeasible individuals. However, its manner of utilizing infeasible
solutions is arbitrary, which may result in poor performance. To
solve this issue, a local infeasible utilization method is proposed
to make good use of infeasible solutions, aiming at guiding the
search to the promising regions. Besides, an improved mutation
scheme is designed to enhance the search ability of the proposed
algorithm. The main contributions of this paper are summarized
as follows:

• Three sets of UAV path planning problems with different
difficulties are conducted to verify the performance of the
algorithms related to their constraint-handling ability.

• The proposed constraint-handling technique based on a lo-
cal infeasibility utilization not only maintains a set of well-
distributed infeasible non-domination solutions, but also
makes better use of the informative infeasible solutions,
improving its performance in terms of finding a set of well-
distributed Pareto optimal solutions.

• An improved mutation scheme effectively enhances the
search ability of the proposed algorithm.

• The effectiveness of the proposed algorithm and the sensi-
tivity of the parameters have been experimentally investi-
gated.

The remainder of this paper is organized as follows. Section 2
reviews the literature in the field of UAV path planning. Section 3
presents the details of the UAV path planning problem. Sec-
tion 4 introduces the proposed algorithm thoroughly. Section 5
shows a series of experiments. Finally, the conclusion is drawn in
Section 6.
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2. Related work

Algorithms for solving UAV path planning problems can be
roughly grouped into five categories, including methods based on
geometric search [35–37], methods based on traditional math-
ematics [38,39], methods based on heuristic algorithms [40,41],
methods based on the artificial potential field [42,43], and meth-
ods based on artificial intelligence algorithms [5–12,33].

The first category is the methods based on geometric search.
This type of methods usually divide the whole region into a
number of connected regions, and each of them forms a vertex
of the graph which the UAV path passes through. In [35], the
paper presented an end-to-end solution in the battlefield scenario
for multiple UAVs to strike a number of known targets. The
Voronoi diagram is used to generate a graph as the input for the
algorithms to find the best path. A sampling-based path planning
solver for UAV collision avoidance was proposed in [36]. It uses a
method based on the closed-loop rapidly-exploring random tree
to produce a search graph. The main drawback of these methods
is that they are unsuitable for UAV path planning problems with
constraints.

The second category is the methods based on traditional math-
ematics (such as dynamic programming algorithm, linear pro-
gramming algorithm). A fast-dynamic mixed integer linear pro-
gramming method was proposed for efficient UAV path planning
in various flight formations [38]. An elaborate construction of
constraint equations is designed to enforce the formation to
visit pre-defined waypoints and avoid collisions with obstacles.
In [39], the UAV path planning problem for search and rescue
scenarios was modeled by using the Markov decision process and
solved by dynamic programming algorithms. These methods need
gradient information for the problems, which limits their scalable
capacity.

The third category is the methods based on heuristic algo-
rithms (such as A∗ [40], D∗ [41]). In [40], a minimum-time trajec-
tory planning algorithm under intermittent measurements was
proposed. It presents a robust perception-aware bi-directional
A∗ algorithm for differentially flat systems and a derivative-free
Kalman filter is used to approximate the belief dynamics in the
flat space. The main shortcoming of these methods is that they
easily obtain the local optimal path when there are some obsta-
cles in the way of from the start point to the end point. Besides,
they may suffer from slow speed and execution of running the
algorithms if the search space increases.

The fourth category is the methods based on the artificial
potential field that takes a UAV as a particle moving under the
influence of a potential field related to the objective function and
obstacles. In [42], a UAV path planner with the artificial potential
field updated by the optimal control theory was proposed. It
firstly remodels the UAV path planning problem based on the
artificial potential field into a constrained optimization problem,
then the problem is translated into an unconstrained optimiza-
tion problem, which is later reformed into an optimal control
problem. The UAV path planning problem is solved with the help
of the optimal control method. The experimental results show
that the proposed method finds a shorter and smoother path than
the other compared algorithms based on the artificial potential
field. In [43], a collision-free trajectory planning algorithm for
multi-rotor UAVs in a wind condition based on the modified
potential field was proposed. The modified potential field is used
to avoid collision for multi-rotor UAVs under uncertain environ-
ments. Usually, this type of methods have difficulty to cope with
local minima since they do not take the optimality of the solution
into account.

The last category is the methods based on artificial intelligence
algorithms (such as genetic algorithm, particle swarm optimiza-
tion algorithm, pigeon-inspired algorithm, gray wolf optimizer

and so on). They have attracted the attention of many researchers
in the field of UAV path planning due to their natural advan-
tages that they are cable of handling constraints and can search
the global optimal solutions in complicated scenarios. In [12],
the authors considered the path planning problem as a CMOP
in a three-dimensional terrain disaster scenario. To solve this
problem, an adaptive selection mutation constrained differential
evolution algorithm is proposed to guide the search direction to
the promising regions. However, it uses CDP as the constraint-
handling technique, which may produce local optimal solutions.
In [10], a multi-objective pigeon-inspired algorithm to UAV dis-
tributed flocking among obstacles was proposed. The constraints
related to flight safety are divided into the hard constraints which
must be satisfied and soft constraints which will be optimized.
When an individual does not meet the hard constraints, it will be
reproduced within the search space. UAV path planning under the
complex environments usually contains many constraints, and
the algorithm may not work on this type of problems since gener-
ating an individual that satisfies the hard constraints is a problem.
Although these algorithms achieve competitive results in UAV
path planning problems, their performance however remains an
issue for complicated scenarios with more constraints.

3. UAV path planning problems

3.1. Representation of the terrain and UAV path

Prior to building the UAV path planning model, the flying
environment must be given, which is often represented by a 3-D
model by using Eq. (4) [7].

z (x, y) = sin (y + γ1) + γ2 sin (x) + γ3 cos (y) + γ4 cos (y) +

γ5 cos(γ6
√
x2 + y2) + γ7 sin(γ7

√
x2 + y2)

(4)

Where γ1, γ2, γ3, γ4, γ5, γ6 and γ7 are experimentally studied
constants that a combination of them produces a smooth surface
simulating a terrain with valleys and mountains.

In general, B-Spline curve is used to model the UAV path since
it is defined only by a few number of control points that can
represent a complicated path [8]. Moreover, it is smooth at least
up to the first order and easy to implement. In this paper, the
control points are taken as variables for the proposed algorithm.

Suppose C0 (x0, y0, z0), C1 (x1, y1, z1), · · · , Cr−1 (xr−1, yr−1, zr−1)

are r control points, and then the corresponding B-Spline curve,
i.e., the UAV path, is generated with the r control points. The UAV
path composes of (s + 1) path points B0 =

(
x′

0, y
′

0, z
′

0

)
, B1 =(

x′

1, y
′

1, z
′

1

)
, . . . , Bs =

(
x′
s, y

′
s, z

′
s

)
, and it is generated as follows:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

x′

i =

r−1∑
j=0

Bj,d (ti) · xj

y′

i =

r−1∑
j=0

Bj,d (ti) · yj

z ′

i =

r−1∑
j=0

Bj,d (ti) · zj

, i = 0, 1, 2, . . . , s (5)

Where d is its degree, which reflects the smoothness of the
curve. Larger value of d implies a smoother curve. Bj,d (ti) is the
blending function of the curve and defined recursively in terms
of a non-decreasing sequence of real numbers, i.e., a knot vector
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Fig. 1. Projection of a path point and mesh points to the horizontal plane.

U = {u0, u1, . . . , um}. The uniform non-periodic knot vector is
one of the most commonly used ones as follows:{ uj = 0 j ≤ d

uj = j − d d < j ≤ s − 1
uj = s − d s ≤ j

(6)

Then the blending function Bj,d (ti) is computed as follows:

Bj,1 (ti) =

{
1 uj ≤ ti < uj+1
0 otherwise (7)

Bj,d (ti) =
ti − uj

uj+d−1 − uj
· Bj,d−1 (ti) +

uj+d − ti
uj+d − uj+1

· Bj+1,d−1 (ti)

(8)

Parameter ti is a value in the range between 0 and r + d with a
constant step, therefore providing a set of discrete points of the
B-Spline curve.

3.2. Model of UAV path planning

This paper considers the UAV path planning problem as a two-
objective problem with four constraints, which is presented as
follows.

The first objective function is the overall length of the path:

f1 = ε

s−1∑
i=1

∥Bi+1 − Bi∥ (9)

Where ε is a factor which makes two objective functions have a
similar scale.

The second objective is to ensure a collision-free path. The
objective function is the same as in [12]. It firstly finds the nearest
mesh points with a given path point. To achieve this purpose,
it projects the path point and all the mesh points of a terrain
into the horizontal plane. Then the nearest mesh points that
are within the range of the safe distance (denoted as dsafe) are
obtained as shown in Fig. 1. The second objective is calculated as
follows:

f2 =

s∑
j=0

np∑
i=1

1(
di,j
dsafe

)2 (10)

Where np is the number of the nearest mesh points. di,j is the
distance between the jth path point and ith mesh point. s is
related to the total number of the path points in Eq. (5).

The first constraint is that a UAV must fly above the minimum
flight altitude, it is given as follows:

h1 =

s∑
i=1

h1i = 0 (11)

h1i =

{
dimin dimin ≺ 0
0 otherwise (12)

Where dimin = z ′

i − z(x′

i, y
′

i) − hmin, hmin is the minimum flight
altitude, and (x′

i, y
′

i, z(x
′

i, y
′

i)) is the ith mesh point regarding to
Eq. (4).

The second constraint is the turning angle of a UAV along the
path that cannot surpass its maximum turning angle θmax:

h2 =

s−1∑
i=2

h2i = 0 (13)

h2i =

{
∆θi ∆θi ≺ 0
0 otherwise (14)

Where ∆θi = θmax − θ (Bi,i−1,Bi+1,i), Bi+1,i is the vector from
point Bi+1 to point Bi, θ (Bi,i−1,Bi+1,i) is the angle of two vectors
Bi,i−1 and Bi+1,i as follows:

θ (Bi,i−1,Bi+1,i) = cos−1
(

Bi,i−1.Bi+1,i

∥Bi,i−1∥ ∥Bi+1,i∥

)
(15)

The third constraint is the limited upper flight altitude:

h3 =

s∑
i=1

h3i = 0 (16)

h3i =

{
dmaxi dmaxi ≺ 0
0 otherwise (17)

Where dimax = hmax − z ′

i , hmax is the maximum flight altitude.
The fourth constraint is related to UAV manoeuvrability, i.e.,

the minimum climbing slope S imin and maximum climbing slope
S imax [44], it is defined as follows:

h4 =

s−1∑
i=1

h4i = 0 (18)

h4i =

⎧⎨⎩ 0 Si ∈
(
S imin, S

i
max

)
Si − S imin Si ≤ S imin
S imax − Si Si ≥ S imax

(19)

Where,
Si =

z′i+1−z′i√(
x′i+1−x′i

)2
+

(
y′i+1−y′i

)2 ,
S imin = 2.5063 × 10−9z ′2

i − 6.3014× 10−6z ′

i −0.3257 ,
S imax = −1.5377 × 10−10 z ′2

i −2.6997 × 10−5 z ′

i +0.4211.

3.3. Three sets of UAV path planning problems

In this paper, three sets of UAV path planning problems with
different difficulties are considered by varying the parameters of
the terrain and UAV path planning model. The parameters of the
three sets of UAV path planning problems are listed in Table 1.

For the first set of the problems, i.e., UAV1-1 and UAV1-2, it
considers a simple path planning which the UAV should fly above
the terrain. As for the second set of the problems, i.e., UAV2-1 and
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Table 1
The parameters for three sets of UAV path planning.
Problem (γ1, γ2, γ3, γ4, γ5, γ6, γ7) ε r dsafe θmax hmin hmax start point end point h1 h2 h3 h4

UAV1-1 (1,2,0.3,0,0.2,2,0.1) 5 4 1.2 π
3 2 16 (1,4,10) (17,18,12) ✓ ✓ ✗ ✗

UAV1-2 (1,2,0.3,0,0.2,2,0.1) 5 4 1.2 π
3 2 16 (1,4,10) (17,18,12) ✓ ✓ ✓ ✓

UAV2-1 (1,0.5,1,01,2,0.1) 20 5 1.2 π
3 2 5.5 (4,3,4) (17,16,4) ✓ ✓ ✗ ✗

UAV2-2 (1,0.5,1,01,2,0.1) 20 5 1.2 π
3 2 5.5 (4,3,4) (17,16,4) ✓ ✓ ✓ ✓

UAV3-1 (5,5,1.2,1,3,1.8,1) 15 6 1.2 π
3 2 10 (4,3,5) (17,19,5) ✓ ✓ ✗ ✗

UAV3-2 (5,5,1.2,1,3,1.8,1) 15 6 1.2 π
3 2 10 (4,3,5) (17,19,5) ✓ ✓ ✓ ✓

UAV2-2, it considers a scenario that a UAV should avoid collisions
near the start and end point. While for UAV3-1 and UAV3-2, both
of them need a UAV to avoid collisions along their flight path,
which makes them more difficult for the path planners to find a
feasible path. Besides, from the table, it can be observed that the
second problem of each set has two more constraints than the
first problem, which makes it more dependent on the ability of
handling constraints.

4. The proposed algorithm

4.1. The proposed framework

To effectively handle UAV path planning problems, an algo-
rithm must have an ability to make good use of the infeasible
individuals with better objective values. M2M-DW [23] is adopted
to serve this purpose. However, the manner of utilizing infeasible
solutions is arbitrary, a local infeasibility utilization mechanism
is designed in this paper to further make better use of infeasible
solutions. The detail of the proposed local infeasibility utilization
mechanism can be found in Algorithm 2. Besides, this paper
designs an improved mutation scheme to enhance the search
ability of the proposed algorithm. The pseudo-code1 is given in
Algorithm 1.
Algorithm 1: The framework of the proposed algorithm
1: Generate N1 infeasible weight vectors, N2 feasible weight vectors and K unit

center vectors.
2: Initialize population Q0 with a size of N (N = N1 + N2) and the ideal point

z = (z1, z2, · · · , zm) by zi = min (fi (x1) , fi (x2) , · · · , fi (xN )). Set the stopping
criterion and current generation t = 1.

3: Decompose (N1 + N2) weight vectors into K sub-regions Ωi (i = 1, 2, · · · , K ) by
using Eq. (21). Set si = ∥Ωi∥ as the size of the ith sub-region.

4: while the stopping criterion is not satisfied do
5: for i = 1 to K do
6: for j = 1 : ∥Ωi∥ do
7: if rand < 0.9 then
8: Select three individuals x′ , x′′ and x′′′ according to Algorithm 2.
9: else
10: Randomly select three individuals x′ , x′′ and x′′′ from the current

population.
11: end if
12: Generate an offspring y with xj , x′ , x′′ and x′′′ according to Eqs. (22)

and (24).
13: Mt = Mt ∪ {y}.
14: end for
15: end for
16: Update z with each xj in Mt : zi = min

(
zi, fi

(
xj

))
.

17: Set the combined population Ct = Qt ∪ Mt , and reset Ω1, · · · , ΩK by using
Ct according to Eq. (21).

18: Qt+1 =
K
∪
i=1

Pi .

19: Update the infeasible weight vectors according to Eq. (28).
20: Update the current generation t = t + 1.
21: end while
22: Output all the feasible non-domination individuals in Qt .

At first, M2M-DW transforms an m-dimensional CMOP into an
(m+1)-dimensional unconstrained multi-objective optimization
problem by using Eq. (20). As shown in Fig. 2, the proposed algo-
rithm generates N1 infeasible weight vectors on infeasible region,

1 The Matlab code of this paper can be freely obtained from: https://github.
com/ChaodaPeng/M2M-DW-for-UAV-Path-planning.git.

Fig. 2. Illustration of the feasible, infeasible and unit center weight vector.

i.e., the space above the horizontal plane F1OF2, N2 feasible weight
vectors and K unit center vectors on feasible region, i.e., the
horizontal plane F1OF2 (see line 1 in Algorithm 1). They are evenly
generated from a hyperplane, and the details can be found in [23].
The N1 infeasible weight vectors aim to preserve a set of infeasible
solutions during the evolution process, providing useful genetic
information about the optimal direction of improvement for the
objective functions.

min F (x) = (f1 (x) , f2 (x) , . . . , fm (x) ,G (x))
s.t. x ∈ D

(20)

The (N1 + N2) weight vectors used in the proposed algorithm
are decomposed into K sub-populations Ω1, Ω2, . . . , ΩK , and the
size of each sub-population is set to si. Each weight vector is
assigned to its closest unit center vector according to Eq. (21).

Ωi =
{
u|

⟨
u,wi⟩

≤
⟨
u,wj⟩, j = 1, 2, . . . , K

}
(21)

where
⟨
u,wi

⟩
is the angle between vector u and the ith unit

center vector wi, w1,w2, . . . ,wK are the K predefined unit center
vectors (see line 3 in Algorithm 1).

At a generation t , the proposed algorithm performs genetic
operations on the individuals in each sub-population. To utilize
the informative infeasible solutions, a local infeasibility utilization
mechanism is designed (see line 8 in Algorithm 1), which the
pseudo-code can be found in Algorithm 2.

In this paper, a DE operator named DE/current-to-rand/1 is
performed on individuals xj, x′, x′′ and x′′′ to generate a new
individual y = (y1, y2, . . . , yn) [4]:

y = xj + F ×
(
x′

− x′′
)
+ F ×

(
x′′

− x′′′
)

(22)

Where F is the scaling factor, which is randomly obtained from
the F pool in every generation before performing the genetic
operations. When y violates the boundary constraint, it is fixed
back to its domain:

yi =

{
2Li − yi yi < Li
2Ui − yi otherwise (23)
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Where Ui and Li are the upper and lower boundary of the ith
decision variable yi.

Then an improved version of mutation operator is proposed to
enhance the search ability of the proposed algorithm. It is given
as follows:

yi =

{
yi + σi (Ui − Li) rand ≤ CR

yi otherwise (24)

σi =

{
2rand

1
η+1 − 1 rand ≤ 0.5

1 − (2 − 2rand)
1

η+1 otherwise
(25)

Where CR is the control parameter, which is updated by Eq. (26).
rand is a uniformly distributed random number in (0, 1). Each
component of the individual y is fixed within its boundary con-
straint.

CR = max
((

1 −
t

max _t + 1

)µ

, 0.1
)

(26)

Where t is the current generation number, and max_t is the
maximum generation number. The parameter CR decreases from
1 to 0.1 along with the generation t . That is, a larger value of
CR enlarges the exploration ability of the proposed algorithm at
the beginning stage of the evolution process. As the generation
number t increases, the proposed algorithm starts to focus on the
exploitation with the decreasing CR. The UAV path problems in
complex scenarios have many constraints, which complicates the
feasible search space, therefore the algorithms for solving them
should have a strong ability of exploring more regions at the early
stage in case of getting stuck in the local optimal regions.

The combined population Ct is divided into K sub-populations
by using Eq. (21) (see line 17 in Algorithm 1). For the ith sub-
population with ∥Ωi∥ individuals, if ∥Ωi∥ < si, these individuals
are assigned to this sub-population, and then ∥Ωi∥−si individuals
are randomly selected into the ith sub-population from the com-
bined population. Otherwise, we use the achievement scalarizing
function (ASF) [45] to select the best ∥Ωi∥ individuals.

ASF (x|v) = max
1≤i≤m+1

(
Fi (x) − zi

wi

)
(27)

Where v is a weight vector, z = (z1, z2, . . . , zm+1) is the ideal
point, zi = minx∈D Fi (x). It is noted that when selecting the
individuals x′, x′′ and x′′′ in Algorithm 2, the proposed algo-
rithm calculates ASF value of an individual only with its objective
functions.

Finally, each infeasible weight is updated by decreasing the
angle ω:

ω =
πk
2

(28)

Where k = 1 − rand(1−
t

max _t )
λ

. λ is usually set to a value from 2
to 5. In this paper, it is set to 3 as suggested in [23].

4.2. The proposed local infeasibility utilization mechanism

The proposed local infeasibility utilization mechanism is in-
troduced in this subsection. The pseudo-code is presented in
Algorithm 2.

In the original M2M-DW, it randomly selected individuals for
the genetic operations. Although there is a possibility that an
individual can participate in the genetic operations with other
individuals which have better fitness, the manner is arbitrary.
This may result in poor performance when handling CMOPs with
complex constraints. To make better use of the infeasible individ-
uals with better objective values, the local infeasibility utilization
mechanism is designed in this paper. The pairing individuals

Fig. 3. Illustration of the local infeasibility utilization mechanism.

Algorithm 2: The local infeasibility utilization mechanism
Input:

• The population Qt .

• The ith sub-population Ωi .

• The ideal point z.
• The ith unit center vector wi .
• The jth individual xj .

Output:

• Three selected individuals x′ , x′′ and x′′′ .

1: Calculate the ASF values of the individuals in Qt associated with the ith unit
center vector wi according to Eq. (27).

2: Calculate the ASF value of the individual xj associated with the ith unit center
vector wi according to Eq. (27).

3: Randomly select the first individual x′ that has better ASF values than xj
among the individuals in Qt if exists. Otherwise, randomly select x′ from the
ith sub-population Ωi . The rest of two individuals x′′ and x′′′ are randomly
selected from Ωi .

with better fitness in the same sub-region are likely selected
for the genetic operations. As shown in Fig. 3, for an individual
xj, one of the individuals A, B, C and D will be selected as the
individual x′ in Eq. (22). If there is no any individual that has
better objective values than the individual xj, then x′ is randomly
selected from the current sub-population. The individuals x′′ and
x′′′ are selected randomly from the current sub-population to
preserve the diversity of the genetic information.

5. Experimental studies

In this section, a series of experiments on the three sets of UAV
path planning problems are conducted to verify the performance
of the proposed algorithm. Three decomposition-based CMOEAs,
i.e., M2M-DW [23], PPS [26] and MOEA/D-CDP [16], are used as
the compared algorithms. Due to the unknown Pareto fronts of
these problems, performance metrics prior to knowing the Pareto
front, such as the inverted generation distance metric (IGD) [46],
usually are not suitable for the used problems. Therefore, only
hypervolume metric (HV) [47] is used to evaluate the perfor-
mance of the four algorithms in this paper. All feasible solutions
are chosen from the final obtained population to calculate the HV
values. The reference points are set to (200, 200) for UAV1-1 and
UAV1-2, (800, 1000) for UAV2-1 and UAV2-2, and (800, 800) for
UAV3-1 and UAV3-2, respectively. A larger HV value implies that
an algorithm achieves better performance related to convergence
and diversity.
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Table 2
Comparison of the mean and Std values of HV on six UAV path planning problems.
Problem M2M-DW MOEA/D-CDP PPS Our algorithm

UAV1-1 Mean 8.9053e+03 (3) 1.0537e+04 (2) 8.8971e+03 (4) 1.0593e+04 (1)
Std 2.8138E+02 7.2170E+01 3.1040E+02 6.8103E+01

UAV1-2 Mean 5.5440e+03 (3) 9.2104e+03 (2) 5.5120e+03 (4) 9.4487e+03 (1)
Std 8.5604E+02 3.6969E+02 9.5296E+02 2.3218E+01

UAV2-1 Mean 3.3337e+05 (3) 3.3168e+05 (4) 3.3401e+05 (1) 3.3363e+05 (2)
Std 4.0265E+02 8.7583E+02 3.2944E+02 3.4188E+02

UAV2-2 Mean 3.3538e+05 (2) 3.3434e+05 (3) 1.4791e+05 (4) 3.3571e+05 (1)
Std 1.4982E+02 4.2016E+02 1.1434E+04 2.6744E+02

UAV3-1 Mean 2.9366e+05 (4) 3.0560e+05 (3) 3.0598e+05 (2) 3.0681e+05 (1)
Std 1.6524E+03 9.8659E+02 1.7046E+03 9.9166E+02

UAV3-1 Mean 2.9613e+04 (4) 1.6310e+05 (2) 1.2046e+05 (3) 1.7540e+05 (1)
Std 3.8354E+04 1.7890E+04 5.7912E+04 1.8297E+04

Overall Ranking 19 16 18 7

5.1. Parameter settings

The parameters of this paper are set as follows:

• Each of the algorithms in this paper runs 21 independent
times, and stops after 3 × 104 function evaluations (FEs).

• The population size N is set to 100, N1 and N2 are set to 30
and 70 respectively.

• The F pool is set to {0.5, 0.7, 0.9}, η is set to 20.
• The number of sub-populations K is set to 10.
• The parameter η related to Eq. (25) is set to 25.
• The parameter µ related to Eq. (26) is set to 0.2.
• The rest of the parameters in M2M-DW, PPS, and MOEA/D-

CDP remain the same as in the original papers.

5.2. Experimental results

5.2.1. Comparison of the proposed algorithm with the other algo-
rithms

Table 2 displays the experimental results of the four CMOEAs
over 21 independent runs regarding to the mean value and
standard deviation (Std) of HV on the six UAV path planning
problems. For each UAV path planning problem, a CMOEA that
achieves the best mean value of HV is ranked 1 within a bracket as
shown in the table, the one achieving the second best mean value
of HV is ranked 2, and so for the rest of the CMOEAs. Afterward,
the overall ranking of a CMOEA is obtained by summing up all the
rankings of each UAV path planning problem. The smaller overall
ranking indicates a better result among the compared algorithms.
Better results are marked bold.

The advantages of the proposed algorithm can be intuitively
observed from Table 2. The proposed algorithm consistently
achieves better results than the other three decomposition-based
methods, i.e., M2M-DW, PPS and MOEA/D-CDP, on each UAV
path planning problem in terms of mean values of HV and the
overall ranking except UAV2-1. The main reason is given as
follows. For M2M-DW and the proposed algorithm, it can be
observed that the proposed algorithm is superior over M2M-DW,
even these two algorithms have an ability to utilize infeasible
solutions, the manner of utilizing infeasible solutions of M2M-
DW is arbitrary, which implies the effectiveness of the proposed
local infeasibility utilization and the improved mutation scheme.
Although M2M-DW and PPS can make use of infeasible solutions,
they achieve worse results than MOEA/D-CDP. It is because the
arbitrary manner of infeasibility utilization results in the degen-
eration of finding optimal feasible solutions. A closer look at this
table that MOEA/D-CDP seems to achieve the second best result
according to the overall ranking, however, it obtains the highest
Std values than the other three compared algorithms, especially

on UAV1-2, UAV2-2, and UAV3-2, which are highly constrained
problems. Therefore, MOEA/D-CDP is not stable for solving these
UAV path planning problems.

Figs. 4 and 5 present the paths obtained with two preferences
at the median run of HV values of the four compared algorithms.
Fig. 4 shows the path obtained by the weight vector (0.8, 0.2)
on test instances UAV1-2, UAV2-2 and UVA3-2, which considers
the path with the shorter traveling distance. Fig. 5 shows the
path obtained by the weight vector (0.2, 0.8), which considers
the path with more safety but the longer flight path among the
final obtained Pareto optimal solutions. Besides, a weighted sum
(denoted as WS in the figures) of the two objective functions f1 (x)
and f2 (x) associated with the given weight vector is presented
in each figure. A smaller value indicates the presented figure is
a better choice with the corresponding weight vector. The best
weighted sum value is marked red.

From Figs. 4 and 5, it can be observed that our algorithm
obtained shorter and safer paths under the considerable range
of preferences on most of the UAV path planning problems. The
reason is clear that the proposed algorithm has a strong ability to
utilize the useful infeasible individuals with the local infeasibility
utilization mechanism, which is able to guide the search to the
more promising regions than the other compared algorithms.
Focusing on the last columns of the two figures, as UAV3-2 is
the highly constrained problem, the paths obtained by M2M-
DW, MOEA/D-CDP and PPS are either longer or less safe than
the ones obtained by the proposed algorithm. That is, the three
compared algorithms fail to effectively handle the constraints and
result in poor performance, which implies the effectiveness of the
proposed algorithm again.

Fig. 6 presents the convergence graphs of HV values at the
median run for the four compared algorithms on problems UAV1-
1, UAV1-2, UAV2-1, UAV2-2, UAV3-1 and UAV3-2. The X axis
indicates the generation number t , and the Y axis indicates the
HV values of the obtained population consisting of feasible non-
domination solutions at generation t . It is noted that the reference
point for each problem is set the same as in this paper. When
there are no feasible solutions inside the area formed by the ref-
erence point and two objectives, then HV value will be assigned
to zero, and when there is no any feasible solution in the current
population, the HV value will be assigned to -1.

The advantages of the proposed algorithm can be observed
from these convergence graphs once again. The proposed algo-
rithm stably finds the feasible optimal promising regions for each
UAV path planning problem, and obtains better results on five
out of six problems compared with M2M-DW, MOEA/D-CDP and
PPS. It can be observed that PPS is unstable to find the optimal
solutions since it disregards the feasible solutions during the
push stage. That is, it finds some feasible solutions and suddenly
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Fig. 4. The paths obtained with the safer flight based on the median run of HV value of M2M-DW, MOEA/D-CDP, PPS and our algorithm on UAV1-2, UAV2-2 and
UAV3-2.

Table 3
The sensitivity of the parameter µ.
UAV2–2 µ = 0.05 µ = 0.1 µ = 0.15 µ = 0.2 µ = 0.25

Mean 3.3573E+05 3.3533E+05 3.3564E+05 3.3571e+05 3.3561E+05
Std 1.7260E+02 1.9299E+02 2.1919E+02 2.6744E+02 1.6681E+02

converges back to the infeasible regions since the solutions in the
infeasible regions have better objective values than the feasible
ones.

5.2.2. Investigation of the parameter µ

We investigate the sensitivity of the parameter µ related to
the improved mutation scheme on UAV2-2 in this subsection.
The proposed algorithm with five values of parameter µ (0.05,

0.1, 0.15, 0.2 and 0.25) are adopted in this numerical experi-
ment, while the rest of the parameters remain the same as in
Section 5.1. The result is presented in Table 3.

The parameter µ controls the possibility of the improved mu-
tation scheme. A smaller value of µ indicates that an individual
will have less mutation operation. That is, the ability of exploring
the search space of the proposed algorithm is decreasing. From
Table 3, we can see that the proposed algorithm is not sensitive
to the parameter µ based on the obtained mean and Std value of
HV on UAV2-2.

5.2.3. Investigation of the F pool
We investigate the sensitivity of the parameter F pool on

UAV2-2 in this subsection. The proposed algorithm with five
values of F pool, i.e., {0.1, 0.3, 0.5}, {0.1, 0.5, 0.9}, {0.5, 0.8, 1},
{0.5, 0.7, 0.9} and {0.2, 0.5, 0.8}, are adopted in this numerical
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Fig. 5. The paths obtained with the shorter traveling distance based on the median run of HV value of M2M-DW, MOEA/D-CDP, PPS and our algorithm on UAV1-2,
UAV2-2 and UAV3-2.

experiment, while the rest of the parameters remain the same as
in Section 5.1. The result is presented in Fig. 7.

From Fig. 7, we can see that the proposed algorithm is not
sensitive to the parameter F pool on UAV2-2 since it obtains
similar mean values of HV.

6. Conclusion

M2M-DW with the local infeasibility utilization method and
the improved mutation scheme was proposed for solving UAV
path planning problems in this paper. UAV path planning repre-
sented by B-Spline curve was first formulated as a multi-objective
optimization problem, i.e., minimizing the traveling distance and
the risk of a UAV, with four constraints including the minimum
flight altitude, maximum flight altitude, minimum flight angle

and minimum/maximum flight scope, and then three sets of UAV
path planning problems with different difficulties were presented
in Section 3.

Subsequently, we conducted a series of experiments to study
the performance of the four CMOEAs on the three sets of UAV
path planning problems in Section 4. The experimental results
highlighted the superiority of the proposed algorithm over the
compared algorithms in terms of finding a set of well-distributed
and well-converged feasible non-dominated solutions. Further-
more, the parameters of the proposed algorithm were investi-
gated and the results showed that the proposed algorithm was in-
sensitive to the parameter µ and F pool on the test instance stud-
ied. In conclusion, the proposed algorithm can provide smoother
paths, which makes it more appropriate for UAV path planning.
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Fig. 6. Convergence graphs for the four compared algorithms based on the median run of HV value on six UAV path planning problems.

Fig. 7. Investigation of the parameter F pool on UAV2-2.
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Joint Energy and Completion Time Difference
Minimization for UAV-Enabled Intelligent

Transportation Systems: A Constrained
Multi-Objective Optimization Approach

Chaoda Peng , Member, IEEE, Zexiong Wu, Xumin Huang , Yuan Wu , Senior Member, IEEE,
Jiawen Kang, Senior Member, IEEE, Qiong Huang , and Shengli Xie , Fellow, IEEE

Abstract— An unmanned aerial vehicle (UAV)-enabled intel-
ligent transportation system utilizes a set of UAVs to collect
and process surveillance data for transportation management.
Subsequently, the processing results of the UAVs are transmitted
to a control center that makes a centralized transportation
management decision based on the fusion of all processing results.
When performing the monitoring tasks, the UAVs can access to
an edge server for offloading. To reduce the energy consumption
and improve the fusion performance, the control center schedules
the UAVs to perform the tasks in an energy-efficient manner while
synchronizing the completion time of the UAVs. As a result, the
control center studies a constrained multi-objective optimization
problem (CMOP), in which two objectives, i.e., the total energy
consumption of the UAVs and total completion time difference
among the UAVs, are simultaneously considered. To tackle the
CMOP, we develop an improved constrained multi-objective
evolutionary algorithm. Particularly, we design an improved
genetic operator and repairing constraint-handling technique
to improve the overall performance of the proposed algorithm
in seeking Pareto optimal solutions for the CMOP. Numerical
results demonstrate that compared with the baseline algorithms,
the proposed algorithm has great advantages in finding better
solutions with the enhanced diversity and convergence for the
CMOP.
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I. INTRODUCTION

INTELLIGENT Transportation System (ITS) relies on
recent advances in the area of Internet of Things (IoT)

to facilitate data collection, data analysis, and information
fusion for improving the transportation management. Due
to great advantages of easy deployment, flexible mobility,
and lower cost, unmanned aerial vehicles (UAVs) have been
widely applied in diverse IoT services and applications, e.g.,
performing data collection on land [1] or over the sea [2],
providing aerial edge computing [3], [4], or acting as aerial
base stations [5], [6] for ground IoT devices. UAVs can also
be scheduled to support diverse traffic surveillance applica-
tions in ITS [7]. In UAV-enabled ITS, UAVs serve as aerial
agents for accident reporting, flying police eyes to track target
vehicles, and airborne cameras to monitor traffic flow and road
conditions [8]. In a mission planning period, a control center
employs a set of UAVs to reach specific monitoring locations
and stay hovering to collect and process the surveillance
data. Besides, mobile edge computing brings cloud computing
capability closer to IoT devices and deploys an edge server at
the network edge to support computation offloading with lower
service latency, less bandwidth consumption, and improved
data security [9]. When processing a monitoring task, a UAV
can locally perform or access a nearby edge server to offload
the task. Subsequently, data processing results are transmitted
to the control center for the fusion. To ensure the overall
performance of the mission planning, the control center should
consider a joint optimization problem of UAV association, task
offloading, and resource allocation for UAV-enabled ITS.

However, a number of challenges still need to be addressed.
First, different UAVs have obvious differences in flight dis-
tance and parameters, hardware configuration, and energy con-
sumption profiles while different task executions necessitate
different monitoring locations, service programs, computing
workloads, and time. The association between the UAVs and
tasks is optimized to reduce the total energy consumption of
the UAVs (i.e., the first objective denoted as G1). Second,
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the control center aims at facilitating the unified scheduling
of UAVs and particularly considers the total completion time
difference among all employed UAVs (i.e., the second objec-
tive denoted as G2). In the conventional multi-UAV-enabled
mobile edge computing, the joint optimization problem of task
offloading and resource allocation between multiple UAVs and
the edge server has been investigated for the mission planning
period, according to different optimization objectives. In the
previous works, different UAVs are selected to perform the
tasks within different deadlines, and data processing results
of different tasks are independently utilized. But the control
center in UAV-enabled ITS necessitates to fuse the data pro-
cessing results of all UAVs to make a centralized transportation
management decision. To alleviate the negative effect of tem-
poral asynchronization on the fusion performance, the control
center would like to simultaneously receive the data processing
results from the UAVs. To this end, an effective method is
required to reduce the total completion time difference among
all employed UAVs. This harmonization also ensures that
the employed UAVs concurrently enter the standby state for
quickly joining the next mission together such that the control
center can always handle sufficient UAVs on demand in each
mission planing period. Thus, the control center have two
objectives G1 and G2 that are jointly optimized. Last but not
least, the control center necessitates a set of solutions rather
than a single one to handle different tradeoffs between the
two objectives. We are motivated to study a multi-objective
optimization problem involving with the two objectives such
that a variety of solutions can be provided to satisfy diverse
preferences of the control center. To the best of our knowledge,
such a multi-objective optimization problem has not been
investigated yet in the community of UAV-enabled ITS.

To address the above challenges, we study the joint
optimization of energy consumption and completion time
difference for UAV-enabled ITS from a multi-objective opti-
mization perspective. In a mission planning period, the control
center has a set of standby UAVs for the executions of several
monitoring tasks. UAVs are dispatched to depart from their
start locations and reach to specific monitoring locations to
perform the associated tasks. To facilitate the task processing,
a part of the tasks are offloaded to the nearest edge server
while the residual ones are locally performed. For the above
system model, we investigate a constrained multi-objective
optimization problem (CMOP) that involves the simultaneous
optimization of the two objectives G1 and G2, which are
presented to achieve the energy-efficient data collection and
processing, and balance time consumption for the employed
UAVs, respectively. In the CMOP, we also consider feasible
constraints regarding UAV association, task offloading, and
resource allocation.

Solving the CMOP requires an efficient algorithm to seek
a set of Pareto optimal solutions by satisfying the constraints,
where a Pareto optimal solution refers to a solution which
no improvement can be made in one objective without wors-
ening the other objectives [10]. In practice, we obtain the
non-dominated solutions to approximate the Pareto optimal
solutions. More details of the above two kinds of solutions
are shown in Section IV. Evolutionary algorithms have been

widely developed for solving different CMOPs over the
past decades, owing to the inherent characteristics such as
easy implementation without the need for gradient informa-
tion and the capacity of finding global optima [10], [11].
In an evolutionary algorithm, genetic operators and constraint-
handling techniques are two fundamental components that
significantly affect the performance of the algorithm in terms
of obtaining a set of Pareto optimal solutions [12], [13].
To address the studied CMOP, we develop a constrained
multi-objective evolutionary algorithm based on an improved
genetic operator and repairing constraint-handling technique
under the framework of CMOEA/D-CDP [14]. The improved
genetic operator based on the data types of the optimized
decision variables is designed to enhance the search ability
of the proposed algorithm. The repairing constraint-handling
technique is designed to convert infeasible solutions into
feasible ones, accelerating the convergence of the proposed
algorithm towards feasibility. The main contributions of this
paper are summarized as follows:
• We present a multi-source information fusion system

model for UAV-enabled ITS where the control center
dispatches a set of UAVs to perform the monitoring
tasks. In a mission planning period, the UAVs collect the
surveillance data and collaborate with the edge server to
generate the data processing results. Then the results are
gathered to the control center for the fusion.

• We study a CMOP to achieve the simultaneous opti-
mization on the task and UAV sides. To facilitate the
unified scheduling of the UAVs, UAV association, task
offloading, and resource allocation are jointly optimized
to complete the monitoring tasks in an energy-efficient
manner while achieving the time balancing among all
employed UAVs.

• We propose a constrained multi-objective evolutionary
algorithm with an improved genetic operator and repair-
ing constraint-handling technique to address the CMOP.
The numerical results demonstrate that compared with
the baseline algorithms, the proposed algorithm has great
advantages in seeking a set of better non-dominated
solutions with the enhanced diversity and convergence
for the CMOP.

The remainder of this paper is organized as follows.
Section II provides a comprehensive overview of recent works.
Section III presents the system model and formulates a CMOP
for UAV-enabled ITS. Section IV introduces the proposed
algorithm based on CMOEA/D-CDP to solve the CMOP.
The simulations and performance evaluations are shown in
Section V. Section VI concludes this paper.

II. RELATED WORK

A. UAV-Enabled ITS

Research efforts have been devoted to a variety of opti-
mization schemes for UAV-enabled ITS. For example, a UAV
can be applied as an aerial base station to assist the ter-
restrial communication and perform computational tasks for
vehicles. UAVs were scheduled to serve mobile vehicles
along an optimal path and enhance the downlink throughput
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of the Internet of Vehicles (IoV). A UAV was assumed to
serve a single vehicle in a time slot, where the association
between the vehicles and UAVs with the power allocations
was optimized to improve the UAV-to-vehicle communica-
tion performance [15]. A stable relay selection problem was
generated when a UAV becomes a relay for IoV routing
protocols. Considering dynamic mobility and reputation values
of all UAVs, the problem was tackled by using a matching
game theoretic approach [16]. UAV-assisted communication
was exploited to provide continuous line-of-sight (LoS) links
to vehicles when they prepared to offload the tasks to other
vehicles or nearby edge servers [17]. UAVs could be employed
as flying base stations with caching capability to improve the
efficiency of data dissemination and facilitate the file sharing
process among the vehicles [18].

Besides, the UAV deployment enables ground vehicles to
gain aerial computing services. Computation-intensive tasks
in ITS environment were first collected by task gathering
nodes, and a UAV flied above the nodes to process the tasks
together [19]. Furthermore, a UAV was assigned with a dual
role, i.e., task performer and mobile relay, where the UAV was
scheduled to process offloading tasks of some vehicles, in the
meantime, played as a mobile relay that helps forward offload-
ing tasks of some vehicles to the nearest edge server [20].
When providing aerial computing for platooning vehicles, the
UAV can receive energy replenishment from the vehicles when
necessary [21]. In UAV-assisted aerial computing networks,
UAVs may harvest available computing resources from the
surrounding entities to enhance the computing capabilities.
In this regard, UAVs served as mobile data collectors in
smart cities can offload the data to proper vehicles for remote
processing. The optimal matching between UAVs and vehi-
cles was investigated by modeling the transaction process of
offloading data as a bargaining game [22]. The similar problem
was studied in a post-disaster rescue scenario [23]. In UAV-
enabled traffic monitoring, network nodes with idle resources
were employed to complete a part of computational tasks from
the UAVs [24].

B. Multi-Objective Optimization for UAV Scheduling

Nowadays, UAV scheduling has been investigated from a
multi-objective optimization perspective in diverse applica-
tions. Multiple UAVs were scheduled for data collection, and
a multi-objective optimization problem of UAV deployment
was studied to optimize the network-wide uplink throughput
while reducing the total energy consumption of all UAVs
[25]. In [26], the UAVs were scheduled for collaborative
beamforming, and the tradeoff between the data transmission
performance and energy consumption was also tackled by
using a multi-objective optimization approach. In [27], a single
UAV was dispatched to charge a set of sensor nodes that
further utilized the harvested energy to submit sensory data to
the UAV. The achievable sum rate of all nodes in the uplink
and the total transmit power of the UAV in the downlink were
simultaneously optimized. Compared with the above works,
the following works consider the mobility of a UAV. In [28],
the UAV was scheduled to successively visit target devices
with the fly-hover-fly trajectory. When staying hovering, the

UAV performed the data collection and wireless charging
tasks. The control policies of the UAV over multiple objec-
tives was addressed by using a deep reinforcement learning
algorithm. The authors considered three objectives for the
UAV but transformed the original multi-objective optimization
problem into a single-objective optimization problem by a
weighting-sum method. With the increasing problem size, it is
difficult to determine the weighting parameters among the
objectives. In [29], the UAV was deployed to sequentially visit
the specific waypoints, and perform offloading tasks for local
users. Subsequently, the joint optimization of energy-efficient
offloading and safe path planning for the UAV was studied by
a multi-objective evolutionary algorithm.

C. Performance Comparison

Compared with the previous works, we aim at schedul-
ing the UAVs to collaboratively perform the tasks in an
energy-efficient manner while minimizing the total completion
time difference among the UAVs using a multi-objective
optimization approach. Most of the previous works study a
UAV-enabled task offloading system where the UAVs perform
the tasks that are completely unassociated with each other,
and output results of the tasks are independently utilized.
Different from the works, our work considers a UAV-enabled
multi-source information fusion system where all data pro-
cessing results of the UAVs need to be integrated together
and be temporally aligned before the fusion. The control
center expects the UAVs to complete the task processing in a
synchronized manner such that the temporal aligning operation
on the data processing results is facilitated to ensure the
fusion performance. As a result, our work formulates a CMOP
to simultaneously minimize the total energy consumption
of the UAVs and total completion time difference among
the employed UAVs. After that, we develop a constrained
multi-objective evolutionary algorithm under the framework
of CMOEA/D-CDP to tackle the CMOP. An improved
genetic operator and repairing constraint-handling technique
are designed to improve the performance of the proposed
algorithm in terms of the convergence and diversity of the
non-dominated solutions.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

As shown in Fig. 1, a control center refers to different
information at the different traffic junctions to make a cen-
tralized transportation management decision. According to
the detection demand, the control center dispatches sufficient
UAVs to hover above a number of interesting ground locations
and collect the surveillance data, e.g., image and video. For
example, camera-equipped UAVs are scheduled to detect free
parking spaces in a parking area, issue an accident report of an
intersection, and predict the dynamic traffic flow in a highway.
The UAVs further collaborate with an edge server to process
the data to acquire available information that is gathered to
the control center for the multi-source data fusion. We provide
more details of the network entities as follows:
• Edge server: The edge server provides service caching

for UAV-enabled ITS. Each monitoring task is associated
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Fig. 1. UAV-enabled ITS.

with a surveillance service, in which the task is run
by a service program, including executable.EXE files,
library, and database. A UAV can be assigned with an
arbitrary task in different mission planning periods. The
UAV with limited storage space is difficult to store all
service programs in advance. As an option, the control
center caches popular service programs on an edge server
co-located with a base station and stores the residual ones
on a remote cloud server. Subsequently, the UAVs retrieve
the service programs from the edge/cloud servers when
necessary.

• UAV: A UAV is responsible for the data collection and
processing. When the UAV is assigned with a monitoring
task, the UAV flies to the monitoring location at a
constant velocity, and stays hovering to gather sufficient
surveillance data. After that, the UAV can locally process
the collected data by requesting the service program from
the edge server, or directly transmit the data to the edge
server for remote processing. If the data processing task
necessitates heavy workloads, it is more suitable to let the
UAV offload the task to the edge server so as to avoid
the large task execution delay.

• Control center: The control center is a centralized man-
ager that is responsible for the unified scheduling of
the UAVs. The control center holds prior knowledge of
any UAV, e.g., energy consumption profile, to achieve
the energy-efficient task processing by properly assign-
ing the tasks to the UAVs and allocating the available
bandwidth/computing resources among them. In addition,
the control center collects all data processing results
of the UAVs for the fusion and performs the temporal
aligning operation to alleviate the negative effect of
temporal asynchronization on the fusion performance.
This motivates the control center to take into account
the total completion time difference among all employed
UAVs instead of the specific task completion time of any
UAV. As mentioned above, the control center has two
objectives, i.e., G1 and G1. The control center adopts a
multi-objective optimization method to realize the two
objectives according to different preferences between
them.

B. Mathematical Model

We provide basic mathematical formulations on a UAV and
the edge sever as follows.

The control center has I standby UAVs, where a UAV
is indexed by i , 1 ≤ i ≤ I . There are J monitoring
tasks corresponding to J monitoring locations. A monitoring
task/location is indexed by j , 1 ≤ j ≤ J and I ≥ J in general.
For the UAV scheduling, we introduce two binary decisions
xi and yi, j . xi refers to offloading decision of UAV i such that
xi = 1 means UAV i accesses the edge server for computation
offloading, while xi = 0 means UAV i locally processes the
given task. yi, j refers to the association between UAV i and
task j . yi, j = 1 means that UAV i is scheduled to reach
monitoring location j , while yi, j = 0 means the UAV is not
scheduled to perform task j . To reach a desired location, UAV
i flies at a constant velocity vi . According to the evaluation
method in [30], flying power of the UAV denoted as P F

i is
expressed by

P F
i = c1v

3
i +

c2

vi
, (1)

where c1 and c2 are two coefficients. Considering the straight-
line flight, flying time of the UAV for reaching monitoring
location j is calculated by t F

i, j = di, j/vi , where di, j is the
distance between start location of UAV i and monitoring
location j . We also consider a constant hovering power of
UAV i denoted as P H

i when the UAV stays hovering.
When yi, j = 1, we introduce the communication and energy

models of UAV i . In the data collection process, sampling
frequency is si data samples per second, and sensing power
is P S

i . The UAV needs to collect α j data samples such that
the sensing time of the UAV is t S

i, j = α j/si . When UAV i
keeps the stable hovering state at the monitoring location j ,
the communication channel between the UAV and the nearest
base station is dominated by a line-of-sight link. Similar to the
work [31], we neglect the impact of channel impairments such
as shadowing or small-scale fading, and let the channel power
gain between the UAV and the nearest base station follow
a free-space path loss model as g0d−2

j , where g0 denotes the
channel power at the reference distance of 1 meter and d j is the
distance between monitoring location j and the base station.
Furthermore, we adopt frequency division multiple access to
avoid the co-channel interference among multiple UAVs when
they simultaneously communicate with the base station. Using
the Shannon principle, we measure the achievable uplink and
downlink rates of UAV i at the monitoring location j by

rU L
i, j = bi log2(1+

pT X
i g0d−2

j

N0
) = bi kU L

i, j ,

r DL
i, j = bi log2(1+

pT X
BS g0d−2

j

N0
) = bi k DL

i, j ,

(2)

where bi is the available bandwidth; pT X
i and pT X

BS are the
transmit power of the UAV and base station, respectively;
N0 is the noise power spectrum density. After collecting
sufficient data as the input data, the UAV generates a data
processing task with computational workloads W j . It is noted
that compared with the input data size, the output data size
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is much smaller. Both the time and energy consumption of
delivering the output data are neglected.

If xi = 0, we denote this case as “L”. Since the UAV
chooses to locally process the task, it retrieves the service
program from the edge server or the cloud server. When the
UAV downloads the service program, the data transmission
time and energy consumption are

tC O M,L
i, j =

β j

r DL
i, j
+ (1− γ j )

β j

rE S
,

eC O M,L
i, j = pR X

i
D j

r DL
i, j

,

(3)

where β j is the data size of the service program; γ j is a
binary indicator where γ j = 1 means the service program
is cached on the edge server, and γ j = 0 means that the
service program is stored on the cloud server; rE S refers to
the data rate between the edge server and cloud server; pR X

i
is the receive power of the UAV. It is noted that we neglect
the wired data transmission time between the edge server and
base station. In the case “L”, the workload processing time of
UAV i and energy consumption are tC M P,L

i, j =
W j

f L
i

,

eC M P,L
i, j = κi ( f L

i )2W j ,

(4)

where f L
i is computing capability of UAV i and κi is a

hardware parameter on the effective switched capacitance
depending on the chip architecture. We calculate the total
time consumption and total energy consumption of UAV i
for completing task j , which are expressed by T L

i, j and E L
i, j ,

respectively. They are given as follows:
T L

i, j = t F
i, j + T H,L

i, j ,

T H,L
i, j = t S

i, j + tC O M,L
i, j + tC M P,L

i, j ,

E L
i, j = P F

i t F
i, j + P S

i t S
i, j + eC O M,L

i, j + eC M P,L
i, j + P H

i T H,L
i, j ,

(5)

where T H,L
i, j refers to the hovering time of the UAV with

respect to xi = 0.
If xi = 1, we denote this case as “O” where the UAV

chooses to offload the task. When the UAV transmits the input
data, the data transmission time of the UAV and workload
processing time on the edge server are

tC O M,O
i, j =

α j

rU L
i, j

,

tC M P,O
i, j = (1− γ j )

β j

r E S +
W j

f O
i

,
(6)

where f O
i is the computing capability of the edge server

allocated to this offloading task. The energy consumption of
the UAV and that of the edge server are

eC O M,O
i, j = pT X

i
α j

rU L
i, j

,

eC M P,O
i, j = κE S( f O

i )
2
W j .

(7)

In the case “O”, the total time consumption and energy
consumption of UAV i for completing the task j are expressed
by T O

i, j and E O
i, j , respectively. They are given as follows:

T O
i, j = t F

i, j + T H,O
i, j ,

T H,O
i, j = t S

i, j + tC O M,O
i, j + tC M P,O

i, j ,

E O
i, j = P F

i t F
i, j + P S

i t S
i, j + eC O M,O

i, j + eC M P,O
i, j + P H

i T H,O
i, j ,

(8)

where κE S is the hardware parameter of the edge server and
T H,O

i, j refers to the hovering time of the UAV when xi = 1. For
the edge server, we pay attention to the energy consumption
of performing the offloading workloads.

C. Problem Formulation

In this study, we investigate how to schedule the UAVs
to reach all monitoring locations, and further preform the
offloading optimizations to simultaneously minimize the total
energy consumption of the UAVs and the total completion time
difference among the employed UAVs while satisfying the
feasible constraints. As mentioned above, the two objectives
are denoted as G1 and G2, respectively. To achieve the
satisfactory tradeoffs between G1 and G2, we study the joint
optimization problem of UAV association, task offloading, and
resource allocation problem from a multi-objective optimiza-
tion perspective.

We define a decision variable vector as x =

{xi , yi, j , bi , f O
i }∀i, j . Given x, we calculate G1 by

G1(x) =
∑

1≤ j≤J

∑
1≤i≤I

yi, j [(1− xi )E L
i, j + xi E O

i, j ]. (9)

Let a subset S ⊆ {1, 2, · · · , I } represent the set of J selected
UAVs, S = {i |

∑
∀ j yi, j = 1, 1 ≤ i ≤ I }. For a UAV i ∈ S,

we calculate the completion time by

τi =
∑

1≤ j≤J

yi, j [(1− xi )T L
i, j + xi T O

i, j ], i ∈ S. (10)

During each mission planning period, the control center
gathers data processing results from all employed UAVs for
the fusion. The fusion performance at the control center is
influenced by the differences in completion time of different
tasks assigned to different UAVs. Besides, when the total
completion time difference among the employed UAVs is
reduced, the control center can promptly adopt the unified
scheduling of the UAVs for the next mission planning period.
Hence, the control center aims to balance the total completion
time difference among the employed UAVs, which is expressed
by G2 as follows:

G2(x) =
∑
i∈S

∣∣τi − τ̂
∣∣

ϑ
, (11)

where τ̂ is the average value of {τi }∀i∈S and ϑ is a presetting
reference value.

As a result, we formulate a CMOP for the control center as
follows:

min

{
G1(x),

G2(x),
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s.t. C1 :
∑

1≤i≤I

yi, j ≤ 1, ∀i,

C2 :
∑

1≤ j≤J

yi, j = 1, ∀ j,

C3 :
∑

1≤ j≤J

∑
1≤i≤I

yi, j bi ≤ B,

C4 :

J∑
1≤ j≤J

∑
1≤i≤I

yi, j xi f E S
i ≤ F,

C5 :
∑

1≤ j≤J

∑
1≤i≤I

[yi, j (β j + xiαi )] ≤ S,

C6 : xi ∈ [0, 1], yi, j ∈ [0, 1], bi ≥ 0, f o
i ≥ 0, ∀i.

(12)

Feasible solutions are derived when several constraints are
satisfied. The constraint (C1) ensures that a single UAV is
allocated with one task at most. The constraint (C2) ensures
that each task is completed. The constraint (C3) ensures that
the total bandwidth of all selected UAVs is smaller than a
upper bound B, where B is the entire available bandwidth
of the base station. The constraint (C4) ensures that the total
number of computing resources allocated to those UAVs with
offloading requests is smaller than a upper bound F , where F
is the maximal computing capability of the edge server. The
constraint (C5) ensures that in the worst case, the total data
storage of all the selected UAVs involving with the offloading
input data and requested service programs is smaller than a
upper bound S, where S is the storage capacity of the edge
server. The constraint (C6) ensures the feasible domain of the
decision variables xi , yi, j , bi , and f O

i , respectively.
It is noted that the above problem is a typical multi-

objective optimization problem. Some previous works about
the UAV networks, e.g., [28], also study the multi-objective
optimization problems and propose to transform them into
single-objective ones by using the weighting method. How-
ever, weighting the objectives is not beneficial to achieve the
simultaneous optimization of multiple conflicted objectives,
since the weighting method is not suitable to seek a set
of distinct Pareto optimal solutions for the multi-objective
optimization problems with non-convex Pareto fronts. The
weighting method is not applied in this paper. Moreover, the
control center as the decision maker necessitates a set of
solutions rather than only one solution to handle different
tradeoffs among the objectives according to different pref-
erences. Thus, we are motivated to apply a multi-objective
optimization approach for the control center.

IV. PROPOSED ALGORITHM

A. Preliminary Study

To tackle the proposed CMOP, we propose a multi-objective
evolutionary algorithm with an improved genetic operator to
seek promising solutions by adaptively disturbing the deci-
sion variables according to their data types and a repairing
constraint-handling technique to convert infeasible solutions
into feasible ones. The proposed algorithm follows the frame-
work of the decomposition-based constrained multi-objective

evolutionary algorithm (CMOEA/D-CDP) [14]. Prior to intro-
ducing the proposed algorithm, we present a preliminary study
to show some basic concepts of constrained multi-objective
optimization and give a brief introduction of CMOEA/D-CDP.

A typical CMOP is expressed as follows:

minG(x) = (G1(x), G2(x), · · · , Gm(x))T ,

s.t. gi (x) ≤ 0, i = 1, 2, · · · , q,

hi (x) = 0, i = q + 1, · · · , p,

x ∈ D, (13)

where x is a vector in the decision variable space D, G(x)

is an objective vector that consists of m objective functions,
gi (x) ≤ 0 and hi (x) = 0 are inequality constraints and equality
constraints, respectively. p is the total number of the inequality
constraints and equality constraints. The degree of constraint
violation CV (x) of an individual x is given by Eq. (14).

CV (x) =

p∑
i=1

cvi (x), (14)

cvi (x) =

{
max {0, gi (x)} , i = 1, 2, · · · , q,

max {0, |hi (x)| − δ} , i = q + 1, · · · , p,

(15)

where δ is a small value which means the tolerance value for
equality constraints. It is notable that CV (x) ≥ 0. If CV (x) =

0, x is a feasible solution. Otherwise, x is an infeasible
solution.

The superiority of one solution over another one is defined
by the Pareto dominance, as given in Eq. (16). A solu-
tion is called a Pareto optimal solution when no other
solution can dominate it (see Definition 2). It is worth
noting that the optimal solutions found by multi-objective
optimization algorithms, e.g., evolutionary algorithms, are
the approximae Pareto optimal solutions [14]. In the con-
text of multi-objective optimization, the approximate Pareto
optimal solutions obtained by an algorithm are also called
non-dominated solutions. The set of Pareto optimal solu-
tions in objective space and decision space is called Pareto
front (see Definition 3) and Pareto optimal solution set (see
Definition 4), respectively.

Definition 1 (Pareto dominance): For two solutions x, y ∈
D, if x and y satisfy the following relation:{

Gi (x) ≤ Gi (y), ∀i ∈ {1, 2, · · · , m} ,
Gi (x) < Gi (y), ∃i ∈ {1, 2, · · · , m} ,

(16)

x is said to dominate y, denotes as x <d y.
Definition 2 (Pareto optimal solution): For a solution x∗,

if there is no any solution y ∈ D that y <d x∗, x∗ is called as
a Pareto optimal solution.

Definition 3 (Pareto optimal solution set): The set of all x∗
in D is called Pareto optimal solution set.

Definition 4 (Pareto front): The set of all G(x∗) is called
Pareto front.

The decomposition-based multi-objective evolutionary
algorithm (MOEA/D) is a well-known method for addressing
multi-objective optimization problems, due to its capacity
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Fig. 2. Illustration of CMOEA/D-CDP.

to preserve population diversity and its lower computational
complexity. Furthermore, it has been enhanced with CDP
to tackle different CMOPs, yielding a new algorithm called
CMOEA/D-CDP. CDP is used for the comparison between
two solutions according to the feasibility and fitness. For
any two solutions x, y ∈D, x is better than y if one of the
conditions holds:
• If x is feasible, and y is infeasible.
• If x and y are feasible, and x has smaller fitness.
• If x and y are infeasible, and x has smaller constraint

violation.
The primary concept behind CMOEA/D-CDP, as demon-

strated in Fig. 2, is to decompose a CMOP into a series
of scalar sub-problems, and solve them collaboratively. This
is achieved by a set of N well-distributed weight vectors
(V) denoted as ω1, ω2, · · · , ωN , where N is the popula-
tion size. In this context, each weight vector corresponds
to a sub-problem. CMOEA/D-CDP utilizes a neighborhood
information mechanism to enhance population evolution.
It establishes neighborhood relationships among the sub-
problems by identifying the T nearest weight vectors to
each sub-problem using Euclidean distance. In the updating
scheme, each new individual updates its neighbors using a
decomposition-based method, e.g., Achievement Scalarizing
Function (ASF), as given in Eq. (17). To preserve population
diversity during evolution process, CMOEA/D-CDP maintains
a manner by selecting the mating parents either from the cor-
responding neighbors of an individual or the entire population
based on the probability δ. Additionally, the algorithm updates
the neighbors of each individual at most nr times.

ASF
(
xn
|ωn)
= max

(
Gi (xn)− z∗i

ωn , 1 ≤ i ≤ m
)

, (17)

where z∗ =
(
z∗1, · · · , z∗m

)
is the ideal point used to shift the

population to the first quadrant, z∗i is the minimum value
found so far for objective Gi . The main parameter settings
of CMOEA/D-CDP, as suggested in [14], are given in Table I.

B. Representation of Encoding Scheme

The solution to Problem (12) is encoded as a mixed
integer-float individual, as shown in Fig. 3. An individ-
ual is divided into three parts based on their data types,

TABLE I
MAIN PARAMETER SETTINGS IN CMOEA/D-CDP

Fig. 3. Illustration of genetic encoding scheme.

i.e., integer or float. The first part (denoted as unit1) is
{ρ1, ρ2, · · · , ρJ }, where ρ j is an integer variable representing
the index of a UAV that handles the j-th task. The second
part (denoted as unit2) is {x1, x2, · · · , xJ }, where x j is
a binary variable indicating whether the UAV offloads the
task to the edge server or not. The third part (denoted as
unit3) is {b1, b2, · · · , bJ , f1, f2, · · · , f J }, where b j and f j
are float variable representing the assigned bandwidth and
computing speed to the ρ j -th UAV, respectively. To this
end, the decision variable to Problem (12) is represented
as x = (ρ1, . . . , ρJ , x1, · · · , xJ , b1, · · · , bJ , f1, · · · , f J ).
Throughout this study, χi implies the i-th element of x.

Under this genetic encoding scheme, each region is guaran-
teed to assign at least one UAV. The constraints C1 and C2 are
equally transformed to the following constraint:

C7 :

J∑
j=1

I Fi, j = 1, (18)

I Fi, j =

{
1, if ρi = ρ j ,

0, otherwise,
(19)

where I Fi, j is equal to 1 when ρi = ρ j holds, and 0 otherwise.
It is clear that the aforementioned constraint is met when each
UAV is assigned to only one region, provided that it is selected
to assist in executing the task associated with that region.
In the context of evolutionary algorithm, the constraint C6 is
taken as the decision variable boundary constraint, meaning
that each solution is ensured to be within the range of the
decision variable boundary.

C. Proposed Algorithm

To improve the solution performance, we revise the con-
ventional CMOEA/D-CDP by exploiting an improved genetic
operator and repairing constraint-handling technique. The
improved genetic operator is beneficial to seek promising
solutions by adaptively disturbing the decision variables
{ρi , xi , bi , fi }∀i according to their data types. The repairing
constraint-handling technique is beneficial to improve the
convergence performance of the proposed algorithm towards
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feasibility. Our algorithm is executed generation by generation,
as presented in Algorithm 1.

Algorithm 1 The Proposed Algorithm Framework
Input: The population size: N ,

the neighborhood size: T ,
the probability of selecting manner for the
mating parents: δ,
the times of updating neighbors: nr

Output: The final population Pt
1 Initialize a set of N evenly distributed weight vectors

V← {ω1, ω2, · · · , ωN
};

2 Initialize Bi by finding the T closest vectors to the
weight vector ωi , i = 1, 2, · · · , N ;

3 Initialize a population P1 with size N ;
4 Initialize the ideal point z∗ based on P1;
5 t ← 1;
6 while t ≤ Tmax do
7 for i ← 1 to N do
8 if rand < δ then
9 ωr1, ωr2, ωr3

← three randomly selected
weight vectors in Bi ;

10 xr1, xr2, xr3
← three mating individuals

from Pt , corresponding to ωr1, ωr2, ωr3;
11 else
12 xr1, xr2, xr3

← three randomly selected
mating individuals from Pt ;

13 end
14 x∗ ← Algorithm 2

(
xi , xr1, xr2, xr3);

15 Update z∗ with x∗;
16 ν ← 0;
17 while ν < nr do
18 ω′ ← a randomly selected weight vector in

Bi ;
19 Update the solution in Pt corresponding to

ω′ with x∗ in terms of CDP;
20 ν ← ν + 1;
21 end
22 (x∗, Pt ) ← Algorithm 3 (x∗, Bi , Pt );
23 Pt+1 ← Pt ;
24 t ← t + 1;
25 end
26 end
27 return Pt

At the beginning of the proposed algorithm (see Lines 1 - 5),
it initializes a set of N weight vectors V, where weight vectors
are evenly distributed on the hyperplane, as in [14]. An initial
population P1 =

{
ρ

j
i , x j

i , b j
i , f j

i

}
∀i, j

is also produced, where

ρ
j

i is the index of the UAV, x j
i is the offloading decision, b j

i
is the assigned bandwidth, and f j

i is the assigned computing
speed, all of which pertain to the i-th task of the j-th
individual. The parameters related to CMOEA/D-CDP are
set at the same time. In this study, the maximum generation
number is taken as the stopping criterion.

Subsequently, the proposed algorithm enters the loop.
It maintains a population Pt with size N at each generation.
Therein, each individual xi participates in genetic operations
with its mating parents that are chosen either from the
neighbors of xi or from the whole population according to
CMOEA/D-CDP. As a result, a new individual x∗ is produced
(see Lines 8-13). The detail of the genetic operations is pre-
sented in Algorithm 2. At the same time, x∗ is used to update
its neighbors at most nr in terms of CDP (see Lines 16-21).
When comparing two individuals via CDP, as described in
Section IV-A, the fitness refers to the ASF value, as defined
in Eq. (17). Subsequently, a repairing constraint-handling
technique is applied to x∗ when this individual violates the
constraints of Problem (12) (see Line 22). It is worth noting
that the proposed algorithm aims to obtain Pareto optimal
solutions in a greedy manner to fix infeasible solutions to
feasible solutions by utilizing the constraint information in
Problem (12). The detail of the repairing constraint-handling
technique is presented in Algorithm 3.

When the generation number t reaches the maximum gen-
eration number Tmax , the proposed algorithm stops and takes
all the feasible non-dominated solutions in Pt as the Pareto
optimal solutions. Otherwise, it goes back to Line 6.

D. Proposed Improved Genetic Operator

In this subsection, we introduce the detail of the improved
genetic operator. As described in Section IV-B, an individual
consists of three parts where the first two parts, i.e., unit1 and
unit2, are discrete, while the third part, i.e., unit3, is contin-
uous. An improved genetic operator is designed to deal with
different data types of the decision variables in this study. The
pseudo-code is presented in Algorithm 2.

The differential evolutionary operator (DE) called DE/
current-to-rand/1 [29] and polynomial mutation operator [32]
are adopted due to their effectiveness on solving CMOPs.
When performing DE/current-to-rand/1, as given in Eq. (20),
it requires three mating parents that are randomly chosen
either from the neighbors or from the whole population (see
Lines 8-13 in Algorithm 1) for each individual xi . As a result,
a new individual y = {ρi , xi , bi , fi }∀i is generated, in which y
has J new assigned UAVs with the corresponding offloading
decisions, assigned bandwidth, and computing speed.

y = xi
+ F(xr1

− xi )+ F(xr2
− xr3), (20)

where F is the DE control parameter, its value is within [0, 1].
After the DE operation, if an element of y is out of boundary
constraint, it is randomly fixed back to its inside boundary.

Subsequently, a mutation operation is performed on y. Since
the structure of y is composed of three parts, i.e., unit1, unit2,
and unit3, three different ways of mutating y are executed
accordingly (see Lines 5-24). Each element of y executes the
mutation operation with a probability C R. For the k-th element
of y, if it is in unit1, either replacing a used UAV with a
unused UAV or swapping two randomly chosen tasks of y
is performed with equal probability (see Lines 5-18). If it
is in unit2, the element is a binary variable. The value of
χk is flipped from 1 to 0 and vice versa (see Lines 19-21).
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Algorithm 2 The Improved Genetic Operation

Input: A solution: xi ,
the three mating individuals: xr1, xr2, xr3

Output: An offspring: x∗
1 y ← a new individual generated by xi with xr1, xr2,

and xr3 according to Eq. (20);
2 y ← a solution obtained by fixing it back to the

boundary constraints;
3 for k ← 1 to 4J do
4 if rand < C R then
5 if χk ∈ unit1 then
6 if rand < 0.5 then
7 ρ′ik

← a randomly chosen index of an
unused UAV based on y;

8 x ′ik
, b′ik

, f ′ik
← the values randomly

generated within their domains;
9 /*Replace ρik , xik , bik , fik with ρ′ik

, x ′ik
,

b′ik
, f ′ik

*/
10 ρik , xik , bik , fik ← ρ′ik

, x ′ik
, b′ik

, f ′ik
;

11 else
12 p1, p2 ← two randomly selected

different indexes in [1, J ];
13 /*Swap ρi p1

, xi p1
, bi p1

, fi p1
and ρi p2

,
xi p2

, bi p2
, fi p2

*/
14 ρ∗t , x∗t , b∗t , f ∗t ← ρi p1

, xi p1
, bi p1

, fi p1
;

15 ρi p1
, xi p1

, bi p1
, fi p1

←

ρi p2
,xi p2

,bi p2
, fi p2

;
16 ρi p2

, xi p2
, bi p2

, fi p2
← ρ∗t , x∗t , b∗t , f ∗t ;

17 end
18 end
19 if χk ∈ unit2 then
20 χk ← 1− χk ;
21 end
22 if χk ∈ unit3 then
23 χnew

k ← a decision generated by the
polynomial mutation operator on χk ;

24 end
25 end
26 end
27 y ← a solution obtained by fixing it back to the

boundary constraints;
28 x∗← y;
29 return x∗

While if it is in unit3, the polynomial mutation is used as it
is a continuous variable. The polynomial mutation is given as
follows:

χnew
k =

{
yk + σk (Uk − Lk) , if rand < C R,

yk, otherwise,
(21)

σk =

{
(2 ∗ rand)

1
η+1−1, if rand < 0.5,

1− (2− 2 ∗ rand)
1

η+1 , otherwise,
(22)

where rand is a uniformly random number from [0, 1], η is the
distribution index, and C R is another DE operator parameter

Algorithm 3 Proposed Repairing Constraint-Handling
Technique
Input: A solution: x∗,

the set of the neighbors of ωi : Bi ,
the current population: Pt

Output: A repaired solution: x∗,
an updated population: Pt

1 Calculate the constraint violations C7, C3-C5 of x∗ on
Problem (12);

2 while C7(x∗) ̸= 1 do
3 for i ← 1 to J do
4 I← the UAV indexes regarding the rest of

tasks having the same index with ρi ;
5 Replace the UAV indexes in I with randomly

selected indexes associated with the unused
UAVs;

6 end
7 end
8 if C3(x∗) > 0 then
9 Br ← a randomly generated value in (0, B];

10 bnew
1 , bnew

2 , · · · , bnew
J ← a random division of Br

into J parts;
11 b1, b2, · · · , bJ ← bnew

1 , bnew
2 , · · · , bnew

J ;
12 end
13 if C4(x∗) > 0 then
14 Fr ← a random value in (0, F];
15 f new

1 , f new
2 , · · · , f new

J ← a random division of Fr
into J parts;

16 f1, f2, · · · , f J ← f new
1 , f new

2 , · · · , f new
J ;

17 end
18 while C5(x∗) > 0 do
19 x j ← a random decision in x∗ with the value of 1;
20 x j ← 0;
21 end
22 Update z∗ with x∗;
23 ν ← 0;
24 while ν < nr do
25 ω′ ← a randomly selected weight vector in Bi ;
26 Update the solution in Pt corresponding to ω′ with

x∗ in terms of CDP;
27 ν ← ν + 1;
28 end
29 return (x∗, Pt )

whose value is in [0, 1]. Uk and Lk are the upper boundary and
lower boundary of the k-th element of y, respectively. After
the mutation operation, if an element of y is out of boundary
constraint, it is randomly replaced with a value from its inside
boundary.

E. Proposed Repairing Constraint-Handling Technique

This subsection introduces the proposed repairing
constraint-handling technique that can convert infeasible
solutions into feasible ones. The pseudo-code is presented in
Algorithm 3.
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TABLE II
COMMONLY UTILIZED SIMULATION PARAMETERS

AMONG THE THREE CMOPS

An offspring x∗ is produced after the genetic operation.
When x∗ has positive degree of constraint violations, it implies
that it violates some constraints related to Problem (12). For
example, x∗ is infeasible when one UAV is sent to execute
multiple tasks. A repairing constraint-handling technique is
designed to fix it back to feasibility one by one constraint.

When x∗ violates the constraint C7, it is apparent that the
constraint can be easily handled by substituting the duplicate
UAVs with the unused UAVs (see Lines 2-7). When x∗ violates
the constraint C3, the bandwidth Br is firstly generated, and
is divided into J parts that are used to replace the bandwidth
of x∗ (see Lines 8-12). When it violates the constraint C4,
the same mechanism is used to restrict the total usage of
computing speed without exceeding F for the J tasks (see
Lines 13-17). When it violates the constraint C5, the tasks for
offloading are randomly changed to process the task locally
one by one till the constraint is satisfied (see Lines 18-21).

V. EXPERIMENTAL STUDIES

A. Parameter Settings and Test Instances

We perform extensive simulation experiments to evaluate
the overall performance of the proposed algorithm for UAV-
enabled ITS. We pay attention to an application scenario
of UAV-enabled ITS where UAVs run lightweight object
detection models such as SSD-MobileNet and Yolo-tiny-v3
for traffic surveillance. The current models are of only several
tens of megabytes that are suitable to be deployed on general
embedded devices like UAVs. For example, proper models
are optimized to have rather small model sizes while not
sacrificing the detection accuracy. After that, they are effi-
ciently deployed for vehicle detection [33] and crowd density
detection [34] in the ITS environment. We further consider
three case studies, leading to three CMOPs. The commonly
utilized parameter settings for a UAV i , task j , and the edge
server in the three cases are presented in Table II, while
the distinctive parameter settings are presented in Table III.
In Algorithm 1, three parameters for the genetic operators
are set as follows: F = 0.5, C R = 0.1, and η = 21. During

TABLE III
SIMULATION PARAMETERS AMONG THE THREE CMOPS

TABLE IV
COMPUTATIONAL COMPLEXITY OF THE SIX ALGORITHMS

the comparison experiments, we conduct 30 independent runs
of six algorithms, each with a population size N = 100. The
termination condition Tmax is set to 800.

B. Performance Comparison

Meta-heuristic algorithms, such as particle swarm opti-
mization algorithm [35] and evolutionary algorithm [36],
are the promising methodologies for solving the proposed
CMOP. In this study, we compare the proposed algorithm with
five algorithms particularly designed for CMOPs, i.e., M2M-
DW [37], PPS [32], CMOEAD-CDP [14], ShiP [38], and
CMOPSO [39]. We compare the performance of all algorithms
on the proposed CMOP with the three different parameter
settings, as presented in Table III. The computational com-
plexities of the six algorithms are shown in Table IV, where
m is the number of objectives, N is the size of the population,
J is the number of tasks, nr is the times of updating neighbors,
and Tmax is the maximum generation number. As illustrated
in Table IV, the baseline algorithms such as CMOPSO and
ShiP exhibit a computational complexity of O(m N 2 J Tmax).
This complexity arises from their utilization of non-dominated
sorting and crowding distance to select individuals during
the evolutionary process. In contrast, the proposed algorithm
leverages the framework of CMOEA/D-CDP, wherein each
offspring is updated a maximum of nr times, leading to a com-
plexity of O(m Nnr J Tmax). Given that nr is typically smaller
than N , the computational complexities of PPS, CMOEAD-
CDP, and the proposed algorithm are comparatively lower.

To evaluate the performance of the algorithms, we adopt
two commonly utilized performance metrics, i.e., inverted
generational distance (IGD) [29] and hypervolume (HV) [32],
and focus on their mean values and standard deviation (STD).
To calculate the aforementioned performance metrics, we con-
sider 100 feasible non-dominated solutions from the final
population.
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IGD can measure the distance between the approximate
Pareto front generated by an algorithm and the true Pareto
front. It is defined as the average shortest distance from each
solution in the true Pareto front to the approximate Pareto
front. The smaller IGD value implies that the algorithm obtains
a better approximate Pareto front. The calculation of IGD is
shown as follows:

I G Dt
(
PF∗, PFt

)
=

∑
x∈PF∗ d (x, PFt )∥∥PF∗

∥∥ , (23)

where PF∗ represents the true Pareto front, PFt represents
the Pareto front obtained by an algorithm at generation t , and
d(x, PFt ) is the Euclidean distance between individual x in
PF∗ and the closest individual in PFt to x. Given that the true
Pareto front of the CMOPs is unknown, we use the Pareto front
generated by the proposed algorithm as a proxy. The Pareto
front is subsequently adjusted slightly to the bottom-left to
serve as the reference Pareto front for all algorithms.

HV can measure the convergence and diversity of the
population generated by an algorithm. It is defined as the
volume covered by a reference point and the obtained Pareto
front. The larger HV value implies that the algorithm obtains
a better approximate Pareto front. The calculation of HV is
shown as follows:

H Vt = volume

|PFt |⋃
i=1

vi

 , (24)

where vi represents a hypercube associated each individual
xi in PFt and a reference point. The reference point for
the three cases is set to [15000, 25000], [20000, 30000], and
[33000, 65000], respectively.

Table V shows comparison results of the six compared
algorithms on the three CMOPs. The performance of the
algorithms is measured by the mean values and STD of IGD
and HV, respectively. We find that compared to ShiP, the
proposed algorithm yields an approximate 69% decrease in
the mean value of IGD and approximate 4% increase in the
mean value of HV. The proposed algorithm achieves the best
results among the six algorithms, as highlighted in Table V.
The proposed algorithm obtains the highest mean HV and the
lowest mean IGD on each CMOP. Compared with the baseline
algorithms, the proposed algorithm can seek a set of better
distributed and better converged non-dominated solutions. As a
result, the control center can make a wider choice among
the obtained solutions regarding the preferences on the two
objectives G1 and G2.

Figs. 4-6 illustrate the non-dominated solutions of the six
algorithms obtained at the median run in terms of HV. The
vertical axis represents the first objective G1 while the horizon-
tal axis represents the second objective G2. From the figures,
the proposed algorithm is superior to all baseline algorithms.
As for CMOP1, we can observe that the proposed algorithm
finds more approximate Pareto front than the compared algo-
rithms with respect to less completion time difference and
energy consumption. Although ShiP achieves a part of similar
approximate Pareto front with the proposed algorithm, the
proposed algorithm finds a wider range of non-dominated

Fig. 4. Obtained non-dominated solutions of CMOP1.

Fig. 5. Obtained non-dominated solutions of CMOP2.

Fig. 6. Obtained non-dominated solutions of CMOP3.

solutions. As for CMOP2 and CMOP3, the proposed algorithm
outperforms the baseline algorithms, and consistently finds
better non-dominated solutions for Problem (12). The above
results demonstrate the effectiveness and superiority of the
proposed algorithm on all considered test instances.

Fig. 7 presents the convergence graphs of the six algo-
rithms on the three CMOPs at the median run in terms of
HV. The horizontal axis represents the generation number t
while the vertical axis represents the HV. Although a small
number of monitoring tasks are required to handle in CMOP1,
we find that the proposed algorithm works slightly better
than CMOPSO, M2M-DW, CMOEA/D-CDP, and ShiP. The
advantage of the proposed algorithm is further shown by
the results on CMOP2 and CMOP3, where more monitoring
tasks are required, and the constraints in Problem (12) are
more difficult to satisfy compared with CMOP1. To enhance
solution performance, the proposed algorithm designs an
improved genetic operator for enhancing search capabilities,
along with a repairing constraint-handling technique that uti-
lizes constraint information to transform infeasible solutions
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TABLE V
COMPARISON RESULTS OF SIX COMPARED ALGORITHMS

Fig. 7. Convergence graphs of the six algorithms on the three CMOPs at the median run in terms of HV.

TABLE VI
COMPARISON OF OUR ALGORITHM WITH AND WITHOUT THE IMPROVED

GENETIC OPERATION

into feasible ones, thereby accelerating the convergence of
the proposed algorithm. Unlike the baseline algorithms that
underutilize constraint information, the proposed algorithm
achieves superior results. For example, in CMOP2, our inves-
tigations demonstrate that the proposed algorithm attains a
notably enhanced solution performance, as evidenced by a
reduced mean value of IGD and an augmented mean value
of HV. Specifically, the mean value of HV exhibits a remark-
able increase of approximately 26%, attributing this notable
improvement directly to the utilization of the improved genetic
operator and the repairing constraint-handling technique.

C. Investigation of the Improved Genetic Operator

We study the impact of the improved genetic operator on
the performance improvements of the proposed algorithm.

In this experiment, we consider CMOP2 to investigate the
effectiveness of the improved genetic operator. The proposed
algorithm can adopt the improved genetic operator (denoted as
“Yes”) or the original genetic operator (denoted as “No”). It is
noted that the original genetic operator uses DE/current-to-
rand/1 and the polynomial mutation. The comparative results
are presented in Table VI. The improved genetic operator is

TABLE VII
COMPARISON OF OUR ALGORITHM WITH AND WITHOUT PROPOSED

REPAIRING CONSTRAINT-HANDLING TECHNIQUE

based on our encoding scheme in Section IV-B, in which the
design enables the proposed algorithm to effectively explore
promising regions and seek superior solutions. As a result,
the mean value of IGD decreases by approximately 55%,
and the mean value of HV increases by approximately 15%.
This demonstrates that the improved genetic operator can
enhance the ability of the proposed algorithm for seeking
Pareto optimal solutions.

D. Investigation of the Repairing Constraint-Handling
Technique

In this experiment, we also consider CMOP2 to investigate
the effectiveness of the proposed repairing constraint handling
technique. This design enables the proposed algorithm to
effectively convert infeasible solutions into feasible ones. From
Table VII, we observe that the mean value of IGD decreases
by approximately 20% while the mean value of HV increases
by approximately 2%. This demonstrates that the repairing
constraint-handling technique can enhance the ability of the
proposed algorithm in handling constraints.
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VI. CONCLUSION

We investigated the joint minimization of energy consump-
tion and completion time difference for UAV-enabled ITS
by using a constrained multi-objective optimization approach.
UAVs were employed to collect and process the surveillance
data with the help of the edge server. In the formulated
CMOP, we aimed at simultaneously achieving the energy-
efficient data collection and processing, and reducing the
total completion time difference among the employed UAVs.
We jointly optimized the UAV association, task offloading,
and resource allocation. To tackle the CMOP, we adopted a
constrained decomposition-based multi-objective evolutionary
algorithm. To obtain high-quality solutions, we designed the
improved genetic operator to seek more promising solutions
and repairing constraint-handling technique to accelerate the
proposed algorithm convergence towards feasibility. Extensive
numerical results demonstrated that compared with the base-
line algorithms, the proposed algorithm achieved the better
non-dominated solutions on different test instances. In the
future, we will consider the real implementation of UAV-
enabled ITS applications such as road traffic monitoring,
and discuss the joint optimization of trajectory planning and
computation offloading.
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Code Multiview Hypergraph Representation
Learning for Software Defect Prediction

Shaojian Qiu , Member, IEEE, Mengyang Huang , Yun Liang , Chaoda Peng , Member, IEEE,
and Yuan Yuan

Abstract—Software defect prediction technology aids the
reliability assurance team in identifying defect-prone code and
assists the team in reasonably allocating limited testing resources.
Recently, researchers assumed that the topological associations
among code fragments could be harnessed to construct defect pre-
diction models. Nevertheless, existing graph-based methods only
concentrate on features of single-view association, which fail to
fully capture the rich information hidden in the code. In addition,
software defects may involve multiple code fragments simultane-
ously, but traditional binary graph structures are insufficient for
representing these multivariate associations. To address these two
challenges, this article proposes a multiview hypergraph represen-
tation learning approach (MVHR-DP) to amplify the potency of
code features in defect prediction. MVHR-DP initiates by creating
hypergraph structures for each code view, which are then amalga-
mated into a comprehensive fusion hypergraph. Following this, a
hypergraph neural network is established to extract code features
from multiple views and intricate associations, thereby enhancing
the comprehensiveness of representation in the modeling data.
Empirical study shows that the prediction model utilizing features
generated by MVHR-DP exhibits superior area under the curve
(AUC), F-measure, and matthews correlation coefficient (MCC)
results compared to baseline approaches across within-project,
cross-version, and cross-project prediction tasks.

Index Terms—Code multiview fusion, code representation
learning, hypergraph construction, software defect prediction,
software reliability.

I. INTRODUCTION

THE difficulty of reliability assurance is increasing with the
continuous growth of software scale and complexity [1].

In response, software defect prediction emerges as a technology
to assess the predisposition of new files and modules toward
defects. This facilitates judicious resource allocation by the
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reliability assurance team and aids in determining if the software
aligns with delivery standards [2].

In the defect prediction task, finding out the defect-related
features of the code is the key to building a high-quality pre-
diction model [3]. When delving into code representation, di-
verse features can be derived in accordance with distinct code
metrics. For instance, Halstead features are rooted in operands
and operators, McCabe features stem from code dependencies,
chidamber-kemerer (CK) features are rooted in object-oriented
concepts, and structural-semantics features are based on abstract
syntax trees (AST) [4]. These code feature representations pre-
dominantly encapsulate the intricacies and structural insights in
the code and have gained widespread traction in constructing
defect prediction models [5], [6].

Recently, researchers have focused on intricate linkages
among code fragments. They attempt to extract information from
the correlations between codes (e.g., dependency and similarity
associations) to enhance the comprehensiveness of modeling
data [7], [8], [9]. Qu et al. [10] applied a node2vec embed-
ding technique to encode program dependency structures into a
low-dimensional vector space. Then, these vectors enriched with
code context information were harnessed for constructing a de-
fect prediction model. The literature [11] has explored the anal-
ysis of software defect distributions through class-dependent
networks, using k-core decomposition to further augment the
performance of predictive models. Moreover, Zeng et al. [12]
combined node2vec features with traditional handcrafted fea-
tures to construct data for a graph convolutional network to
obtain a more profound representation of code associations.

In practice, the preceding graph-association-based method-
ologies encounter two challenges. First, intricate multiview as-
sociations exist within the realm of code fragments. However,
the abovementioned methods predominantly concentrate on cap-
turing code dependencies, neglecting the valuable contextual
insights offered by other code views. Second, software defects
may be caused by the collaborative work of multiple (three or
more) code fragments. Nevertheless, the traditional simplistic
graph is tailored solely to representing binary associations rather
than multivariate associations [13], [14], so it is challenging to
discover the interrelationships between multiple code fragments.

To elucidate the context of multivariate associations among
codes, we present a motivation case (an abridged multithreaded
scenario within an actual project) in Fig. 1. On the left side
of Fig. 1, three classes denoted as T, M, and P, are defined.
The T class inherits from the Thread class and overrides the

1558-1721 © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
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Fig. 1. Motivation case of multivariate association between codes.

run method. Within this run method, the parse function of the P
class is executed. Notably, due to the static access modifier of the
variable format, all instances of the P class share this variable.
However, the variable’s data type, DateFormat, is thread-unsafe.
In our scenario, the main method of class M generates two T
threads, each of which executes the run method. Consequently,
multiple instances of P are invoked by diverse threads within
the project concurrently, thereby potentially triggering thread
exceptions. On the right side of Fig. 1, a simplified graph is
employed to depict the dependencies among classes M, T, and
P. Suppose we exclusively consider the dependency between M
and T (i.e., the section encompassed by the green dashed line) or
solely focus on the calling relationship between T and P (i.e., the
portion enclosed by the blue dashed line), the aforementioned
thread-unsafe exception cannot be identified. In this context, the
properties of code multivariate correlations should be exploited
in the defect prediction process.

In summary, code representation learning with the charac-
teristics of both multiple view and multivariate associations
remains an area that has not yet been fully explored. To address
these challenges, we propose an innovative code multiview
hypergraph representation learning method for software defect
prediction (MVHR-DP). This method leverages the capabilities
of hypergraphs to model multivariate associations and extends
its functionality to encompass multiple views for defect informa-
tion mining. First, MVHR-DP constructs the hypergraph struc-
tures of each view in accordance with different feature perspec-
tives. Second, MVHR-DP melds this multiview information into
an adaptable-dimensional hypergraph representation. Finally,
we design a hypergraph neural network with hyperedge convo-
lution operation to mine the multiview and multivar-association
information between the codes, thereby improving the features’
completeness of modeling data and the effect of the defect
prediction model.

The main contributions of this article are as follows.
1) We introduce a novel hypergraph structure tailored to cap-

ture the intricacies of multivariate associations between
codes. Specifically, we put forth a hypergraph-based rep-
resentation learning approach that enhances the efficacy
of the extracted code features.

2) We design a code multiview fusion method to strengthen
the completeness of code features and construct a defect
prediction framework based on multiview and multivar-
association code features.

3) We conduct comprehensive experiments involving 29
pairs of within-project, 19 pairs of cross-version, and 90
pairs of cross-project defect prediction (CPDP) tasks. The
empirical outcomes substantiate our claims, demonstrat-
ing that the prediction model constructed using MVHR-
DP-generated features yields superior area under the curve
(AUC), F-measure, and matthews correlation coefficient
(MCC) results compared to other state-of-the-art defect
prediction techniques.

The rest of this article is organized as follows. Section II
presents related work. Section III presents preliminary knowl-
edge for MVHR-DP. Section IV presents the technical spec-
ification of MVHR-DP. Sections V and VI elaborate on the
experimental design and results. Section VII discusses some ad-
ditional experiments and threats to validity. Finally, Section VIII
concludes this article.

II. RELATED WORK

The key to constructing an effective defect prediction model
is finding the code’s defect-related feature representations. Cur-
rently, the mainstream code features used in software defect
prediction are static and process features. Notably, static fea-
tures revolve around metrics concerning code size and inher-
ent complexity [6], [15]. For instance, the Halstead features
rely on operand and operator counts, McCabe features derive
from control flow complexity, while CK features are rooted
in object-oriented principles. Guided by the assumption that
“greater program complexity correlates with heightened defect
likelihood,” researchers have employed these static features to
construct training data for defect prediction models. However,
static features cannot contain information about code changes.
Consequently, researchers have delved into the realm of code
process features. For instance, Pornprasit et al. [16] quantified
code change content using fine-grained alterations and main-
tainer insights drawn from commit logs. Kondo et al. [17]
conducted defect prediction based on features extracted from
code change paths and context metrics. Similarly, Zeng et al. [18]
extracted attributes from commit messages and code changes,
subsequently employing these features to predict defects.

The utilization of static and process features (referred to
as handcrafted features) in the aforementioned studies can be
influenced by subjective human choices. It might fail to capture
the code’s full structural and semantic intricacies. Consequently,
some researchers have turned to deep learning techniques to
extract defect-related attributes from the internal architecture of
the code. For instance, Wang et al. [19], Li et al. [20], and Dam
et al. [21] have endeavored to derive semantic features from
the code’s AST using deep belief networks (DBNs), convolu-
tional neural networks (CNNs), and long short-term memory
neural networks, respectively. In a different approach, Phan
et al. [22] transformed the source code into a program control
flow graph (CFG) and employed CNNs to conduct convolution
operations on the CFG’s topological sequence. This facilitated
the extraction of more profound semantic features from the code.
In addition, Chen et al. [23] introduced defect prediction using
the software visualization and deep transfer learning (DTL-
DP) method. DTL-DP leveraged a more visualization program
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representation, enhancing the efficiency of defect-related feature
extraction.

The code features employed in constructing defect predic-
tion models above mainly capture intrinsic aspects of code
instances, such as complexity features or structural-semantic
characteristics. However, it should be noted that there is valuable
association information embedded within the programs [7],
[24]. Extracting code features from associated data can signifi-
cantly augment the comprehensiveness of code representation.
Currently, several researchers [10], [11], [12] have ventured
into utilizing network embedding techniques to glean pertinent
insights from the code contextual associations. Qu et al. [10] em-
ployed the node2vec network embedding approach to translate
class-dependent structures into low-dimensional vector repre-
sentations while preserving the code’s topological information.
These vector representations were then harnessed to construct
a defect prediction model. Building upon this, Zeng et al. [12],
[25] fused node2vec features with traditional static attributes
and semantic features derived from ASTs. This amalgamation
was subjected to graph convolution operations to draw out
more intricate association information, thereby enhancing the
comprehensiveness of code feature representation. In addition,
Gong et al. [9] introduced self-ego metrics and global metrics
from social network analysis to further enrich the feature repre-
sentation obtained from the code dependency network.

Despite the advances achieved by these code association-
based feature extraction methods, they often focus solely on
dependencies between codes, inadvertently disregarding the
contextual information encapsulated within other code views. In
addition, defects in the code may involve multiple pieces of code
simultaneously, and such defects cannot be effectively expressed
with a simple graph structure. To address these challenges, this
article proposes the MVHR-DP approach to enhance defect
prediction performance.

III. PRELIMINARIES

A. Software Defect Prediction

Software defect prediction assesses whether new code carries
defects, thereby judiciously aiding developers and the reliability
assurance team in allocating testing resources. A defect pre-
diction task typically unfolds in several stages. First, historical
source code files are gathered from software repositories, and
these files are labeled as either defective or clean based on
released data. Subsequently, corresponding data features are
extracted from the code. These instances and their labels are
then employed to train classifiers (e.g., logistic regression and
random forests). Ultimately, new instances are input into the
trained model to predict whether they possess defects [26].

The set of instances used to construct the classifier model is
known as the training set, while the set of instances employed to
evaluate the trained classifier’s performance is termed the testing
set. This study concentrates on the following three primary
scenarios: within-project defect prediction (WPDP), where both
training and testing sets originate from the same version of the
same project; cross-version defect prediction (CVDP), where
the training and testing sets emerge from consecutive versions
of the same project; and CPDP, where one project is employed as

Fig. 2. Process of hypergraph expansion.

the testing data while another is selected as the training set [27].
In CVDP and CPDP tasks, the training and testing sets are also
called source and target projects, respectively.

B. Multiview Fusion

In reality, objects often possess multiple facets that can
be perceived from diverse angles or approaches. Drawing an
analogy to code representation, the features inherent to code can
be encapsulated through complexity measurements or the view
derived from topological structures. A more comprehensive and
robust information representation can be achieved by fusing
these various views.

Leveraging the benefits offered by knowledge from multi-
ple perspectives, researchers have introduced multiview fusion
methods [28]. This approach entails modeling a specific view
while leveraging insights from other views pertaining to the
same data. This synergistic optimization of data representation
is proven to be beneficial.

In multiview code representation, we denote XXXi to signify
data from the ith view. Within this framework,xxxi

n represents the
nth code instance from the ith view. The ith view of the code
can, thus, be succinctly expressed asXXXi = (xxxi

1,xxx
i
2, . . . ,xxx

i
n). By

extending the process of extracting code features to encompass
the multiview fusion paradigm, we can bolster the comprehen-
siveness of features in the modeling data.

C. Hypergraph Construction

In general, simple graphs are commonly employed to model
data and their interrelations. Illustrated on the left side of
Fig. 2, nodes within a simple graph symbolize data points, while
edges connecting nodes denote associations. Represented by
adjacency matrices, simple graphs are characterized by edges
linking only two vertices—constrained to a degree of 2 per edge.
Nonetheless, in practical situations, multivariate associations
can often exist between nodes. Take the defect prediction task as
an example: a defect might arise from multiple code fragments.
Consequently, finding a more fitting graph structure to depict
such multivariate associations becomes imperative.

To handle the abovementioned case, researchers have intro-
duced the concept of a hypergraph structure [13]. Depicted on the
middle and right side of Fig. 2, hyperedges within a hypergraph
link two or more vertices. Hypergraphs excel in portraying and
mining nonlinear high-order data dependencies. In the con-
text of this article, a hypergraph is defined as G = (V,E,WWW ),
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Fig. 3. Domain adaptation for software defect prediction.

encompassing a vertex set V , a hyperedge set E, and a diagonal
matrix W that captures hyperedge weights. A hypergraph can
be articulated using a hyperedge matrix H, where H is sized
|V | × |E|, and the h in H can be delineated as

h(v, e) =

{
1, if v ∈ e

0, if v /∈ e.
(1)

For a vertex v ∈ V , its degree is defined as

d(v) =
∑

e∈Ew(e)h(v, e). (2)

For an edge e ∈ E, its degree is defined as

E(e) =
∑

v∈V h(v, e). (3)

According to this, the degree matrixDDDv of the hypergraph vertex
and the hyperedge degree matrix DDDe can be obtained.

In our approach, hypergraphs are adopted to represent multi-
variate associations among codes. A comprehensive explanation
of this methodology will be presented in the forthcoming method
section.

D. Domain Adaptation

Illustrated on the left side of Fig. 3, inherent differences
in personnel, functionalities, and coding conventions across
distinct projects give rise to variations in data distribution.
Consequently, a discrepancy emerges between the source project
(P s = {XXXs|YYY s}) and the unlabeled target project (P t = {XXXt}).
Thus, a software defect prediction model fashioned using the
source project often encounters challenges when directly applied
to the target project. To handle this dilemma, domain adaptation
is frequently employed. The primary aim of domain adaptation
is to alleviate the impact of data shift that occurs during the
transference of knowledge from a source domain to a target do-
main [29]. Within the general domain adaptation process, a fea-
ture extractor, denoted as a generator fg , is fine-tuned to acquire
data representations from both the source and target domains.
Concurrently, a domain classifier, functioning as a discriminator,
is trained to differentiate between data representations of the
source domain fg(XXX

s) and the target domain fg(XXX
t). This is

achieved by minimizing the domain classification loss Ld. The
overarching objective of the domain adaptation process can be
encapsulated within the following loss function L:

L = Lc(fg(XXX
s),YYY s) + Ld(fg(XXX

s), fg(XXX
t)). (4)

Domain invariant representations can be obtained when the
model converges loss Lc and domain divergence Ld is mini-
mized [30].

In recent years, graph representation learning has garnered
extensive utilization within the software engineering area.
Demonstrated in Fig. 3, the application of domain adaptation
to the defect prediction task, grounded in graph representation
learning, holds the potential to enhance both the transfer capa-
bility of generated association features and the overall general-
izability of the prediction model. Within our proposed approach,
we apply domain adaptation in code multiview hypergraph
representation learning to improve the performance of CVDP
and CPDP tasks.

IV. METHOD

This article introduces the MVHR-DP approach, a multiview
hypergraph representation learning method, which centers on
amalgamating multiple code views and incorporating multi-
variate associations. Fig. 4 offers a comprehensive view of the
framework of MVHR-DP. The representation learning process
encompasses four pivotal steps, as follows.

1) We extract three distinct categories of metric sets from
files as the basis for building code views. These views
encompass traditional static code metrics (TSM), complex
network metrics (CNM), and low-dimensional network
embedding metrics (NEM).

2) For each code view, we meticulously construct the cor-
responding hypergraph employing the nearest K neigh-
bor algorithm. Subsequently, we amalgamate the hyper-
graph associations gleaned from the three distinct code
views into a multiview hypergraph with an adjustable-
dimensional structure.

3) We introduce a hypergraph neural network that facilitates
the hyperedge convolution operation. By constructing a
hidden layer, we efficiently mine the multivariate associ-
ations amidst code instances.

4) To corroborate the effectiveness of our proposed approach,
we build defect prediction models catering to WPDP,
CVDP, and CPDP scenarios.

Each of these steps is meticulously detailed as follows.

A. Code Multiview Feature Generation

In this step, we introduce three types of code metrics [10],
[12], [25] as the basis for code views. The details are as follows.

TSM: TSM provides a quantitative evaluation by analyzing
various static structures and characteristics of software code.
Compared to alternative metrics, TSM is formulated based
on rules derived from human analysis, thereby encapsulating
specific intrinsic logical information within the code. Notably,
it operates independently of historical software data, enabling
the detection of defects in new software versions that may
have yet to undergo multiple iterations. This study introduces
a comprehensive set of TSM comprising 20 metrics covering
diverse aspects, including the measure of function abstraction,
average method complexity, number of public methods, etc.
We derive these TSM metrics utilizing the widely recognized
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Fig. 4. Framework of MVHR-DP.

tool Understand.1 These metrics are extensively used within
software defect prediction studies [25], [31], [32].

CNM: This category is obtained by analyzing the network of
code dependencies, which implies the information regarding the
three types of connections in code files. The first type pertains to
inherit: when class v1 inherits from class v2 or implements the
interface v2, a directed edge e12 = (v1, v2) is established. The
second type involves aggregation: when class v1 incorporates the
attributes of class v2, a directed edge e12 = (v1, v2) is formed.
The third type revolves around parameter: if the method of class
v1 invokes the method of class v2, a directed edge e12 = (v1, v2)
is created. The category encompasses 17 metrics, including mea-
surements like the number of weak components, neighborhood,
and degree within the code class dependency network. These
code network metrics have also been integral to software defect
detection tasks [12], [33], [34]. The code network and requisite
metrics for generating CNM can be acquired via the publicly
available API Dependencyfinder.2

NEM: NEM arises from class-dependent networks of codes
through network embedding learning. In this context, we lever-
age the node2vec method to map each class node onto a low-
dimensional vector [10], [35]. While there may exist a certain
degree of information overlap with the CNM, NEM goes beyond
by incorporating additional topological insights extracted from
the code network. This incorporation significantly enriches the
comprehensiveness of code feature representation, providing a
more nuanced understanding of the intricate relationships within
the codebase. By leveraging these supplementary insights, NEM
aims to enhance the precision and effectiveness of code defect
prediction models.”

Distinct code metrics inherently carry complementary infor-
mation. To extract code features more comprehensively and
precisely, thereby enhancing the overall effectiveness of the
modeling data, we leverage the three aforementioned feature sets

1Understand:https://scitools.com
2Dependencyfinder: https://depfind.sourceforge.io/

as the foundation for generating nodes and hyperedges within
the multiview hypergraph representation.

B. Multiview Hypergraph Construction of Code

During this phase, we initiate the construction of a hyper-
graph for each distinct view, culminating in the integration of
these individual hypergraphs into a versatile multidimensional
hypergraph, facilitating multiview representation learning.

In our approach, the ith view of each code instance is encap-
sulated by the notationXXXi = (xxxi

1,xxx
i
2, . . . ,xxx

i
n). At this juncture,

each instance is treated as a node within the graph structure. We
proceed by crafting dedicated hyperedges for each view based
on the similarity distances observed between code instances.
Constructing a hypergraph structure based on code similarity
allows us to establish connections among corresponding feature
views, enabling the identification of code fragments with similar
characteristics and the discovery of differences between codes.
We iteratively designate a node as a centroid and employ the
Euclidean distance metric to identify its K nearest neighbors.
Consequently, each hyperedge takes shape by connecting a node
with its closest K nodes. Following traversal of all nodes within
a specific view, we compile the hyperedge correlation matrix
HHH boasting dimensions n× n, wherein a cumulative total of
n× (K + 1) elements equate to 1, while the remainder adopts
a value of 0.

Subsequently, we amalgamate the hypergraph associations
derived from the three code views into an encompassing multi-
view hypergraph and concatenate the hyperedge matrices across
all views. Furthermore, since the preceding method of con-
structing a hypergraph disregards class dependencies, poten-
tially resulting in the omission of pertinent association infor-
mation, we introduce class dependencies as supplementary data
to initialize the hyperedge set E [10], [14]. We then employ
TSM+NEM+CNM as the collective node features, effectively
constituting the hypergraph vertex set V . Ultimately, we con-
struct a fusion hypergraph G = (V,E,WWW ) that incorporates
multiview information.
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Fig. 5. Illustration of the hyperedge convolution.

C. Code Feature Extraction

We construct a hypergraph neural network to extract high-
order code association information. Given the code multiview
hypergraph G = (V,E,WWW ) constructed in the previous step,
where the matrixWWW is regarded as the weight of the hyperedge.
Let θθθ =DDDv

−1/2HWDHWDHWD−1
e HHHTDDD

−1/2
v and ΔΔΔ = III − θθθ, III is the

identity matrix. Since thisΔΔΔ is a semipositive definite matrix, we
can use eigen decomposition ΔΔΔ = ΦΛΦΦΛΦΦΛΦ to obtain orthonormal
eigenvectorsΦΦΦ = diag(φ1, . . . , φn) and nonnegative eigenvalue
diagonal matrixΛΛΛ = diag(λ1, . . . , λn). Then, the Fourier trans-
form for the instance featureXXX = (xxx1, · · ·,xxxn) in hypergraph is
defined asX̂ = ΦTXX̂ = ΦTXX̂ = ΦTX , where the eigenvectors are regarded as the
Fourier bases, and the eigenvalues are interpreted as frequencies.
The spectral convolution of instance feature XXX and filter f can
be denoted as

f ∗XXX = ΦΦΦ
((
ΦΦΦT f

)� (ΦΦΦTXXX
))

= ΦΦΦf (ΛΛΛ)ΦΦΦTXXX (5)

where � denotes the element-wise Hadamard product and
f(ΛΛΛ) = diag(f(λ1), . . . , f(λn)) is a function of the Fourier
coefficients. However, the time complexity of the inverse for-
ward Fourier transform is O(n2). To solve the problem of the
high time complexity, we follow the K-order polynomial pa-
rameterization f(ΛΛΛ) used by [36]. Finally, we get the hyperedge
convolution operation as follows:

f ∗XXX = ααα0XXX −ααα1DDD
−1/2HWDHWDHWD−1

e HHHTDDD−1/2
v XXX (6)

where ααα0 and ααα1 are filter parameters on all hypergraph nodes.
We further use a single parameter ααα to avoid the overfitting
problem, defined as

{
ααα1 = − 1

2ααα

ααα0 = 1
2αDαDαD

−1/2HWDHWDHWD−1
e HHHTDDD

−1/2
v .

(7)

The hyperedge convolution operation can be simplified to the
following expression:

f ∗XXX = αDαDαDv
−1/2HWDHWDHWD−1

e HHHTDDD−1/2
v XXX. (8)

When we have n instance features of dimension C1, XXX ∈
Rn×C1 in hypergraph, our hyperedge convolution can be

expressed as follows:

ZZZ = relu(DDDv
−1/2HWDHWDHWD−1

e HHHTDDD−1/2
v XαXαXα). (9)

As illustrated in Fig. 5, ααα ∈ RC1×C2 constitutes a parameter
that is learned during the training process. The filterααα is applied
across the nodes within the hypergraph to extract features.
Following the hypergraph convolution module, we obtain the
refined high-order code information ZZZ ∈ Rn×C2. Notably, the
hypergraph convolution layer facilitates an information transfor-
mation between node-edge-node, significantly enhancing code
features using the hypergraph structure and effectively extract-
ing high-order association information among code fragments.
In our approach, the weight matrix WWW is set as the unit matrix
III , implying that the weights of all hyperedges are uniform, and
C1 = C2. Multiple hyperedge convolution operations are per-
formed, and the rectified linear unit (ReLU) activation function is
employed to construct a hypergraph CNN module. This module
assists in capturing the multivariate association information
between codes, leading to an enhanced representation of code
features.

D. Defect Prediction

To bolster the generality and efficacy of our proposed
approach, we formulate prediction models for WPDP, CVDP,
and CPDP tasks, respectively. Addressing the class imbalance
issue within the dataset, we employ the SMOTETomek algo-
rithm, as outlined in the literature [37], to enhance the training
effectiveness of the classifier.

1) Prediction Model for WPDP: WPDP technique is instru-
mental in identifying potential defects, enabling development
teams to effect timely improvements and elevate software reli-
ability. Employing the developed multiview hypergraph repre-
sentation, we construct a dedicated model tailored to the WPDP
task. The model’s schematic is depicted in Fig. 6.

This WPDP process unfolds in two primary stages. First, we
employ the methodology elucidated in the preceding section
to generate modeling data by the multiview hypergraph con-
struction. Second, employing cross-validation, we partition the
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Fig. 6. Prediction model for WPDP task.

Fig. 7. Prediction model for CVDP and CPDP tasks.

dataset into distinct training and testing subsets, with 80% of
code instances allocated to the training set and the remaining
20% to the testing set.

Within the hypergraph CNN module, node h signifies
the updated hidden layer representation of node v, while ααα
denotes the parameter steering node updates. Consequently, the
high-order hidden layer features of the code are extracted and
denoted as ZZZ. The crux of the feature extraction procedure
unfolds as shown in (9).

The code instance set and hypergraph adjacency matrix are
XXX , HHH , and project labels YYY . DDDe, DDDv, respectively, represent
the hyperedge degree matrix and node degree matrix of the
multiview hypergraph structure of the code.

The extracted features are passed through a classifier to predict
whether the file is defective. The classifier and its parameters
are fc and θθθc. We use logistic regression as the classifier and
classification cross-entropy lossLC(fc(ZZZ;θθθc), Y ) is as follows:

LC (fc (ZZZ;θθθc) ,YYY ) = − 1

N

N∑

i=1

yi log(fc (ZZZ;θcθcθc)) (10)

where N represents the number of project files and yi denotes
the label of the ith node in the label set YYY .

2) Prediction Model for CVDP and CPDP: In practical sce-
narios, commencing a new project often entails a dearth of
labeled data. Consequently, other projects or historical versions
are frequently employed as the training set (source project) to
train the prediction model. Subsequently, this model is harnessed
to forecast software defects in novel projects, which serve as the
testing set (target project). Nonetheless, such a methodology
encounters challenges rooted in the discordances of structural
information and data distribution across different projects.

To address this quandary while concurrently extracting code
association features, we introduce an inventive joint adaptation
loss during constructing prediction models for CVDP and CPDP
tasks. The model architecture is depicted in Fig. 7.

Leveraging the proposed code multiview fusion representa-
tion learning approach, we construct hypergraph structures for
both the source project (P s = {XXXs|YYY s}) and the target project
(P t = {XXXt}). Perform feature extraction on them, respectively,
and the extraction process is shown in (9). The source and target
projects share a parameter ααα of the update code instances. The
high-order hidden layer features of the code extracted by the
hypergraph CNN module are denoted as ZZZs and ZZZt.

To better learn knowledge and improve the transfer ability of
code-associated features to assist in the CVDP and CPDP task.
We proposed a joint adaptation loss consisting of an adversarial
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module, a source classifier, a domain discriminator, and a tar-
get classifier working together to learn domain invariant code
representations. The overall objective is as follows:

LJ = LC (fc (ZZZ
s;θθθc) ,YYY

s)

+ γ1LD

(
ZZZs,ZZZt

)
+ γ2LT

(
fc
(
ZZZt;θθθc

))
(11)

where γ1 and γ2 are the balance parameters. The LC , LD, and
LT represent the source classification loss, the domain adap-
tation loss, and the target entropy loss, respectively. Also, use
regression as classifier fc with parameterθθθc for source and target
projects classification. The details are introduced as follows.

1) Source classification loss: The classification loss
LC(fc(ZZZ

s;θθθc),YYY
s) is to minimize the cross-entropy loss for

the labeled data in the source project

LC (fc (ZZZ
s;θθθc) ,YYY

s) = − 1

Ns

Ns∑

i=1

yi log(fc (ZZZ;θcθcθc)) (12)

where Ns represents the number of source project files and yi
denotes the label of the ith node in the source project label set
Y sY sY s.

2) Domain adaptation loss: The domain adaptation loss
LD(ZZZs,ZZZt) ensure the similarity of code representations ZZZs

and ZZZt obtained through hypergraph CNN feature extraction,
thereby mitigating the impact of data distribution differences.
To achieve this, we use gradient reversal layer [38] as a dis-
criminator to differentiate code representations

LD

(
ZZZs,ZZZt

)
= − 1

Ns +N t

Ns+Nt∑

i=1

mi log (m̂i)

+ (1−mi) log (1− m̂i) (13)

where mi ∈ {0, 1} denotes the ground truth of the file project
and m̂i denotes the domain prediction for the ith file in the source
and target projects, respectively.

3) Target entropy loss: To utilize valuable information in the
target project. We employ an entropy loss for the target classifier

LT

(
fc
(
ZZZt;θθθc

))
= − 1

N t

Nt∑

i=1

ŷi log (ŷi) . (14)

In other words, it serves to enforce that the decision boundary
does not cross data-dense regions and will prevent information
loss of the target project [39], where ŷi are the classification
prediction for the ith file in the target project.

LC , LD, LT are jointly optimized via our objective function
in (11), and all parameters are optimized using the standard
backpropagation algorithms.

Algorithm 1 provides a pseudocode representation to enhance
the clarity of the MVHR-DP process and details. As depicted in
Step 1, we extract three distinct categories of metric sets, serving
as the foundation for constructing a multiview hypergraph. Sub-
sequently, MVHR-DP commences by establishing hypergraph
structures for each code view, which are then amalgamated into a
comprehensive fusion hypergraph. Following this, a hypergraph
neural network is utilized in Step 2 to extract code features and
intricate associations. Ultimately, as delineated in Step 3, we

Algorithm 1: MVHR-DP.
Input:

The source code of project files P .
The number of code views M .

Output:
Prediction models fWPDP , fCPDP , fCVDP .

Step 1: Multi-View hypergraph construction
1: Initialize the hypergraph G, which to be fused;
2: for all iteration i from 1 to M do
3: Initialize the hypergraph Gi for the i-th view;
4: for j-th file in P do
5: Generate metric xi

j to collection Xi;
6: end for
7: for xi

j in Xi do
8: Create hyperedge ej from top-k neighbors;
9: Add ej to i-th code hypergraph Gi;

10: end for
11: Fuse multi-view hypergraph by appending Gi to G;
12: end for
Step 2: Code feature extraction

13: Construct hypergraph neural network by G;
14: if perform WPDP task then
15: Train network by loss LC , as (10);
16: else if perform CVDP or CPDP tasks then
17: Train network by loss LJ , as (11);
18: end if
19: Generate feature Z through trained network, as (9);
Step 3: Defect Prediction

20: Build fWPDP , fCPDP , fCVDP by extracted feature
representation Z.

build a defect prediction model tailored to specific defect tasks
to perform defect prediction.

V. EXPERIMENT DESIGN

A. Datasets

We carried out experiments on 10 Java open-source projects (a
total of 29 project versions) released on the PROMISE database,
which is widely used in software defect prediction research [12],
[25], [40]. Based on this data repository, a total of 29 pairs of
WPDP tasks, 19 pairs of CVDP tasks, and 90 pairs of CPDP
tasks can be formed. We download the corresponding code
version from each project’s official website for our experiments.
Table I shows detailed information about these projects, includ-
ing project name, version, description, number of files, defect
file number, and defect rate. The dataset consists of projects with
different sizes (the number of project files ranges from 103 to
919) and defect rates (lowest 6.67% and highest 92.89%).

B. Experimental Setup

To verify the effectiveness of MVHR-DP, we focus on the
following three research questions (RQs).

RQ1: How much improvement can MVHR-DP achieve in
WPDP tasks?
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TABLE I
DATASETS

RQ2: Is the proposed MVHR-DP method better than the
comparative methods in CVDP?

RQ3: Do code features learned from MVHR-DP outperform
related methods in CPDP?

In our work, we conduct experiments on three RQs separately.
To evaluate the performance of our end-to-end model MVHR-
DP, we compared eight related defect prediction methods. The
experimental setup and comparison methods for each RQ are as
follows.

1) Traditional: Software defect prediction on traditional
handcrafted code features.

2) DBN: A defect prediction method uses DBN to automat-
ically learn semantic features of code from AST [41].

3) Defect prediction via convolutional neural network
(DPCNN): A method that applies standard CNN to extract
features from source code and combine CNN-learned
features with traditional handcrafted features [20].

4) Code bidirectional encoder representations from trans-
formers (CodeBERT): Recently, bidirectional encoder
representations from transformers (BERT)-based technol-
ogy has been widely used in code representation learning.
We selected the representative method CodeBERT as a
comparison method, a bimodal pretrained model for pro-
gramming language and natural language [42].

5) Node2defect: A network embedding method that adopts
the node2vec technology to extract features from the class-
dependent network of the code [10].

6) DTL-DP: A method that visualizes the program as an
image and applies AlexNet and a self-attention mechanism
to extract semantic features of code [23].

7) Unsupervised domain adaptation for defective prediction
(UDA-DP): A method to adopt the unsupervised domain
adaptation using pseudolabels to learn defective features
from source programs directly [43].

8) Graph convolutional network for defect prediction
(GCN2defect): The graph convolution operation is per-
formed on the class-dependent network to obtain a code
association representation [12]. The node features are
combined with node2vec and handcrafted software code
features.

For RQ1: In the WPDP task, training and testing data are
extracted from the same version of each project. Five-fold cross-
validation is used in WPDP. Specifically, the dataset is randomly
split into five folds. Here, 80% of the instances are used for
training a prediction model, and 20% of instances are used to
evaluate the model. We repeated the experiment 20 times and
finally took the average result.

For RQ2 and RQ3: In the CVDP task, we conduct experiments
involving two consecutive versions of the same project. The
older version serves as the training set or source project, while
the subsequent new versions constitute the testing set or target
project (e.g., using ant-1.5 as the training set and ant-1.6 as
the testing set). We carried out a total of 19 pairs of CVDP
tasks. Shifting to the CPDP task, our experimental dataset
comprises the latest versions of the projects. Each project is
utilized for training a prediction model, leaving the remaining
nine projects for testing (e.g., ant-1.7 serves as the training
set, and the latest versions of the remaining nine projects are
utilized as the testing set). Notably, all models undergo nine
rounds of testing, resulting in 90 pairs of CPDP tasks. To verify
the effectiveness of proposed domain adaptation in CVDP and
CPDP tasks, we introduced a new comparison, MVHR-CVDP,
and MVHR-CPDP represent training with a joint adaptation
loss, while MVHR-DP does not include this modification.

Parameter Setting of MVHR-DP: The hyperparameters of the
MVHR-DP model proposed in this article include the number
of neighbor nodes K for constructing the hyperedge, the feature
dimension extracted by the hyperedge convolution, the threshold
of SMOTETomek, joint adaptation loss balance parameters,
and the network training parameters. Specifically, the K is
set to 5, and the output feature dimension is set to 64. The
SMOTETomek threshold is set to 0.4. Regarding the learning
parameters, the epoch is set to 200, and the learning rate is set
to 0.01. Adam is used as the optimizer, the gamma is set to 0.9,
and the weight decay is set to 5× 10−4. Joint adaptation loss
balance parameters γ1 and γ2 are set to 0.6 and 0.8, respectively.
Except for the traditional method, all other methods involve
some randomness. Therefore, we execute these random methods
20 times and record the average results.

C. Evaluation Indicator

To evaluate the prediction performance, we use evaluation
indicators AUC, F-measure, and MCC, which are widely used
in software defect prediction research [1], [44].

In a defect prediction task, four results can be obtained:
predict the truly defective instance as defective (true positive,
TP); predict the truly clean instance as defective (false positive,
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FP); predict the truly defective instance as clean (false negative,
FN); predict the truly clean instance as clean (true negative, TN).
Then, the evaluation indicator AUC, F-measure, and MCC are
calculated as follows:

AUC =

∫ 1

0

TP(FP)dFP (15)

F -measure =
2× TP

2× TP + FP + FN
(16)

MCC =
TP × TN − FP × FN√

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
. (17)

AUC measures the model’s performance across all possible
classification thresholds. It represents the model’s ability to
distinguish between positive and negative classes, with higher
values indicating better performance. An AUC of 50 denotes
random guessing, while 100 represents perfect performance.

F-measure is the harmonic mean of precision and recall. It
is beneficial in dealing with imbalanced datasets as it takes into
account both the correct identification of the positive class and
the erroneous labeling of negative instances. The best value of
F-measure is 100, and the worst is 0.

MCC is a balanced indicator that provides useful information
even in situations of class imbalance. It ranges from −100
(entirely incorrect predictions) to 100 (perfect predictions), with
0 denoting random guess performance.

D. Statistical Test

In our comparative experiments, we apply the Scott-Knott
ESD test [45] to examine the performance of MVHR-DP. The
Scott-Knott ESD test is a means-comparison method that uses
hierarchical clustering to divide a set of measurements (e.g.,
AUC) into statistically different pairs with non-negligible differ-
ences. The Scott-Knott ESD test consists of two steps: 1) Finding
a partition that maximizes the measurement between pairs;
2) dividing the results into two pairs or combining them into
one pair. For a detailed process description of the Scott-Knott
ESD test, please refer to [45].

VI. EXPERIMENTAL RESULTS

In this section, we will analyze the experimental results of
MVHR-DP for three RQs. The Scott-Knott ESD test results are
shown in Figs. 8–10, which comprehensively demonstrates the
performance and ranking of each method. The horizontal line
in the middle of the box plot represents the median and the blue
diamond indicates the average value of our examined method.

A. RQ1: How Much Improvement Can MVHR-DP Achieve in
WPDP Tasks?

The results of the experimental analysis are concisely depicted
in Fig. 8, which illustrates the performance ranking of nine
distinct methods through the Scott-Knott ESD test across 29
pairs of WPDP tasks under the three evaluation indicators.
Significantly, MVHR-DP stands out as the most effective ap-
proach, demonstrating superior performance with the highest
average values for AUC, F-measure, and MCC. Specifically,
MVHR-DP achieves noteworthy results across all three evalu-
ation indicators, with respective values of 85.0, 68.0, and 50.0.

Fig. 8. Scott-Knott ESD test of 29 pairs WPDP tasks on nine methods (for
RQ1).

The values are improved by 6.92%–26.49%, 6.75%–19.93%,
and 16.28%–87.27% compared to the other eight methods.
Furthermore, the median of MVHR-DP was also higher than all
other methods. As illustrated in Fig. 8, the gap between the upper
and lower edges of our method is smaller than that of the most
compared methods, indicating that MVHR-DP has more robust
stability.
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Fig. 9. Scott-Knott ESD test of 19 pairs CVDP tasks on ten methods (for
RQ2).

Answer to RQ1: The above statistical test results show
that MVHR-DP is better than the baseline methods in WPDP.
The average AUC, F-measure, and MCC are all in the first
echelon, reflecting the superiority and stability of MVHR-DP.

Fig. 10. Scott-Knott ESD test of 90 pairs CPDP tasks on ten methods (for
RQ3).

B. RQ2: Is the Proposed MVHR-DP Method Better Than the
Comparative Methods in CVDP?

We form a pair of CVDP tasks using successive versions of
the same project. A total of 29 versions of ten projects can form
19 pairs of CVDP tasks. Fig. 9 shows the performance ranking
of ten different methods by the Scott-Knott ESD test. Our
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MVHR-CVDP method performs stronger than the remaining
nine methods under AUC, F-measure, and MCC. MVHR-DP
achieves the best average results are 69.9, 59.3, and 23.8,
exhibiting improvements of 8.89%–18.27%, 11.26%–21.77%,
27.96%–66.43% compared to the other nine methods, respec-
tively. It is discernible that the MVHR-CVDP is positioned
among the best-performance echelons based on the Scott-Knott
ESD test ranking. Notably, the experimental results comparing
MVHR-DP and MVHR-CVDP confirm that the performance is
further improved by adding the joint adaptation loss.

Answer to RQ2: The experimental results illustrate that
the code features learned from MVHR-CVDP outperform
compared methods in 19 pairs of CVDP tasks. The code fea-
ture representation learned by MVHR-CVDP has advantages
and performs excellently in most CVDP tasks.

C. RQ3: Do Code Features Learned From MVHR-DP
Outperform Related Methods in CPDP?

In total, the ten latest projects in our dataset can be composed
of 90 pairs of CPDP tasks. As can be seen from Figure, in
the CPDP tasks, our MVHR-CPDP outperforms the other nine
methods under AUC, F-measure, and MCC. In the 90 pairs
of CPDP tasks, MVHR-DP achieves the best average result.
The best results under the three evaluation indicators are 72.5,
56.7, and 23.2, reflecting improvements ranging from 13.46%
to 32.06%, 9.88% to 22.46%, and 20.83% to 357% compared
to the other nine methods, respectively. It can be seen that
the MVHR-CPDP method belongs to the first echelon in the
Scott-Knott ESD test ranking. Simultaneously, it validates that
joint adaptation loss can further enhance model performance,
improving its effectiveness in CPDP tasks.

Answer to RQ3: The experimental results reflect that the
defect prediction model built with MVHR-CPDP outperforms
compared methods in 90 pairs of CPDP tasks. In summary,
MVHR-DP is the preferred method for software reliability
assurance teams performing defect prediction tasks in most
cases.

VII. DISCUSSION

A. Can Mining of Multivariate Associations Help Enhance
MVHR-DP?

In MVHR-DP, we construct the hypergraph for each distinct
view to mine the multivariate association properties of the code.
In this section, we discuss the effectiveness of utilizing multi-
variate association features in defect prediction tasks through an
ablation experiment. We initially considered one of the original
metrics (Ori). Then, we expanded upon it by integrating binary
association data from code dependencies, employing graph con-
volution for feature extraction (+Dep). Lastly, we heightened the
approach by incorporating multivariate associations and utiliz-
ing our constructed hypergraph framework for feature extraction
(+HG).

TABLE II
ABLATION EXPERIMENT OF MULTIVARIATE ASSOCIATION USING AUC

As shown in Table II, we conducted 29 pairs of WPDP ex-
periments by employing the three mentioned feature extraction
methods separately on three different metrics (TSM, CNM, and
NEM) across ten different projects. Considering space limita-
tions, we only listed the average AUC value of the projects. The
results indicate that in most cases, +HG achieved the best results,
demonstrating that capturing code properties of multivariate
associations can improve the effectiveness of code features
learned from MVHR-DP.

B. What is the Improvement Made by the Code Multiview
Features Learned From MVHR-DP?

To verify the effectiveness of multiview association for code
feature extraction, we perform various combinations of the three
code views: TSM (T), CNM (C), and NEM (N). The three
views can be combined to form seven different combinations.
Besides, the abovementioned views do not consider code class
dependencies, so we added code class dependencies based on the
combination of T+C+N views as supplements (MVHR-DP). We
construct a code multiview hypergraph structure for each com-
bination of code views and perform feature extraction for defect
prediction. To ensure fairness, the experimental parameters for
all views are maintained consistently.

Fig. 11 presents the heatmap with different view combinations
based on AUC, illustrating the results for eight view combina-
tions across 29 WPDP tasks. Due to space limitations, we have
calculated the average of the prediction results for all versions of
each project. This manifestation of heatmap effectively shows
the variations in prediction results that arise from different
view combinations [46]. It can be seen that the T+C+N view
combination demonstrates superior performance compared to
the other seven combinations. On this basis, MVHR-DP, which
adds class dependencies on the T+N+C view, has achieved
excellent results. MVHR-DP achieves significant results across
AUC; the average value is 85.0. In general, the effectiveness
of code multiview features learned from MVHR-DP can be
improved by combining code multiview features.
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Fig. 11. AUC heatmap with different view combinations.

Fig. 12. AUC of MVHR-DP under different parameter K.

C. How Does Parameter K Used to Construct the Hyperedge
Affect the Experiment?

This section discusses the K parameter setting of the number
of neighbor nodes used to construct hyperedges in the MVHR-
DP method to achieve the best results. Since we focus on the
effect of K parameters on model performance, we only use
K as a variable for this experiment. Other network parameters
remain unchanged. We conduct WPDP experiments on 29 pairs
of defect prediction tasks for ten projects, recording the average
value of each project with the evaluation metric AUC. Fig. 12
shows the performance of MVHR-DP at different Ks. We set
K between 2 and 11. As shown in Fig. 12, when K = 5, the
F-measure values of most WPDP tasks peak. In addition, for
the remaining WPDP tasks, when K is set to 5, the F-measure
value is not much different from the maximum value. Based
on the abovementioned experimental results, the optimal K is
about 5 in our experiments.

D. Threats to Validity

1) Implementation of Compared Methods: We implement
some of the compared methods in the experiments (e.g., DTL-
DP and GCN2defect) using the source code available online.
For baseline methods that do not provide source code, we try
to ensure implementation by strictly following the responding
details in the original paper. Our implementation may not reflect
all the details in the compared methods.

2) Experimental Results Might not be Generalizable:
We conduct experiments using open-source software defect
datasets, which vary in project scale and the number of defects,
to facilitate the generalization of our method. However, we
cannot guarantee that MVHR-DP will also achieve the same
improvement on other software datasets. To reduce external
validity, more software defect datasets need to be investigated
in our future work.

3) AUC, F-Measure, and MCC Might not be the Only Ap-
propriate Indicators: We selected AUC, F-measure, and MCC,
which are commonly used in software defect prediction studies,
as evaluation indicators. Different metrics may lead to different
results. This article does not compare other performance metrics
(e.g., G-mean and balanced accuracy) and more evaluation
indicators that need to be used in the future.

4) Parameter Selection of Network Does not Take all Op-
tions Into Account: In our experiments, we tried to adjust the
parameters of the network to get better prediction performance.
However, it is impractical to evaluate all possible combinations
of parameters. We evaluated several combinations of parameters
within a specific range based on previous research experience.
There may be a more appropriate combination of parameters for
better predictive performance.

VIII. CONCLUSION

To overcome the challenges of underutilized code multiview
information and the need to uncover multivariate association
code features, this article proposes MVHR-DP to enhance the
effectiveness of extracted code features for defect prediction.
MVHR-DP fuses code multiview information into an adjustable-
dimensional hypergraph, and a hypergraph neural network is
constructed to mine the multiple-view and multivariate asso-
ciation information for improving the feature completeness of
modeling data. Empirical study shows that the prediction model
built with the MVHR-DP-generated features can achieve better
AUC, F-measure, and MCC results in both WPDP, CVDP, and
CPDP tasks. In most cases, we believe that MVHR-DP can be
a good option for reliability assurance teams to perform defect
prediction tasks. The data, source code, and detailed experimen-
tal results supporting this study’s findings are openly available
on GitHub at https://github.com/insoft-lab/MVHR-DP.

Several problems remain to be investigated in future work.
First, we will incorporate more software code data, both open-
source and business projects, to further validate the performance
of our method. Second, we will combine more code views to
improve the effectiveness of MVHR-DP, i.e., the structure-based
and code-visualization-based views.
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关于表彰数学与信息学院  软件学院 

2022 年度“十佳工作者”的决定 

 

各系（中心、室）、各党支部、各教职工： 

2022 年，学院全体教职工坚持以习近平新时代中国特色

社会主义思想为指导，学习贯彻党的二十大精神，坚持以立德

树人为根本，围绕学院实现内涵式高质量发展和助力学校“双

一流”建设，在党的建设、人才培养、学科建设、师资队伍、

科学研究、社会服务、疫情防控等方面均取得了可喜的成绩。

为表彰先进、树立典型，激发广大教职工的积极性、主动性和

创造性，营造积极向上的学院文化氛围，决定对张伟峰等“十

佳教学工作者”、 张娜等“十佳科技工作者”、喻财铃等“十

佳服务工作者”予以表彰。 

希望受到表彰的教职工珍惜荣誉，坚持不忘初心、牢记使

中共华南农业大学数学与 

信息学院 软件学院委员会 
文件 
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191



 

 
- 2 - 

命，坚持谦虚谨慎、艰苦奋斗，坚持持之以恒、再接再厉，在

落实立德树人根本任务和实现高水平科技自立自强以及优化

治理服务体系等工作中取得新业绩。希望全体教职工向“十佳

工作者”学习，不忘立德树人初心，牢记为党育人使命，深入

学习贯彻党的二十大精神，深入学习贯彻习近平总书记关于教

育的重要论述，积极躬行《新时代高校教师职业行为十项准则》，

努力推动学院实现内涵式高质量发展，助力学校“双一流”建

设。 

附件: 数学与信息学院  软件学院 2022 年度“十佳工作

者”名单 

 

 

中共数学与信息学院 软件学院委员会    数学与信息学院 软件学院 

2022 年 12月 26日 
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附件 

数学与信息学院  软件学院 2022 年度“十佳工作者”名单 

（排名不分先后） 

 

一、“十佳教学工作者” 

张伟峰  朱艳科  林利云  杨志程  黄沛杰  殷建军 

林旭东  王国华  黄文玲  严  颖 

二、“十佳科技工作者” 

张  娜  肖  莉  袁利国  郑佳悦  彭超达  王海燕 

张广煜  崔金荣  邓  金  张连宽（科技推广） 

三、“十佳服务工作者” 

喻财铃  陈  思  徐海婵  张秋燕  邱  华  黄小虎 

张  猜  周运华  余平祥  陈炜颖 

 

 

 

 

 

公开方式：主动公开 

数学与信息学院 软件学院党政办公室    2022年 12月26日印发 
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