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Keywords:
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ABSTRACT

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

1. Introduction

competition, further exacerbating injuries (Stukenborg et al., 2011).
Therefore, timely intervention during aggressive events is essential to

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

* Corresponding author.

https://doi.org/10.1016/j.compag.2025.110935

reducing injuries and the risk of infection, accelerating hierarchy sta-
bilization, and minimizing economic losses in pig farming.

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

aggressive behaviors. Chen et al. (2020) tested a method based on

CNN and Long Short-Term Memory (LSTM) to recognize aggression.
While these studies have made significant contributions to the

Computers and Electronics in Agriculture 239 (2025) 110935

detection of pig aggression, their use of horizontal bounding box (HBB)
leads to excessive background noise, reducing the precision of aggres-
sion target identification. To address this issue, some researchers (e.g.,
Fu et al., 2025, Li et al., 2025, Lu et al., 2024) have introduced oriented
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Fig. 1. Flowchart of the OKByte-AR for pig aggression relationship identification.
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bounding box (OBB), which more accurately aligns with the object
shape and minimizes redundant information. Inspired by these ad-
vances, this study adopts OBB for the localization of pigs.

Object detection techniques have achieved significant progress in the
study of pig aggressive behavior. However, object detection can only
extract spatial features of aggressive interactions and struggles to cap-
ture the temporal features, making it difficult to analyze the motion
processes of pigs during aggressive interactions. Some studies have
begun to explore the use of multi-target tracking (MOT) techniques to
solve this problem. For instance, Wei et al. (2023) combined EMA-
YOLOvV8 with ByteTrack to track five types of aggressive behavior and
calculate their durations for each pig. Liu et al. (2020) used a combi-
nation of CNNs and recurrent neural networks (RNNs) to extract
spatiotemporal features and proposed a minimal unit tracking method to
analyze aggression trajectories. These studies laid a foundation for dy-
namic behavior analysis; however, they did not identify the aggression
relationships between pigs—i.e., the attacker and the attacked recog-
nition in an aggression interaction.

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

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

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

2. Materials and methods

The overall experimental process for identifying pig aggression re-
lationships is shown in Fig. 1. First, we prepared the dataset by anno-
tating all video recordings using the X-AnyLabeling (Wang 202.3) tool.
The annotation process incorporates three elements: OBBs, keypoints,
and aggression relationship links. Specifically, OBBs are used to repre-
sent the body of each pig, keypoints mark the position of the pig’s
mouth, and aggression relationship links relationship between the
attacker and the attacked. Second, we independently developed the OK
detection model, OKByte tracker, and PARM, which were then inte-
grated into a unified framework named OKByte-AR. Third, we evaluated
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the performance of each component in the OKByte-AR framework and
visualized the corresponding output results.

2.1. Dataset preparation

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

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

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

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

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

2.2. The OKByte-AR framework

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

2.2.1. The OK detection model

Based on YOLO11 (Khanam and Hussain 2024), we developed the
OK detection model, which integrated rotated bounding boxes and
keypoints for joint detection. The overall architecture of the proposed
model is illustrated in Fig. 6.

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

In the head, we propose a novel OBBKpt Detect module, which in-
cludes four parallel branches for predicting object category, bounding
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(b)

Fig. 2. Illustration of dataset annotation.

S. Tu et al.
(a)
Table 1
Definition of aggressive behavior.
Classification Type Description
Aggression Biting The aggressive pig uses its mouth to bite the victims
Knocking The aggressive pig uses its head to hit the victims
Treading  The aggressive pig uses its feet to trample the victims
Chasing The aggressive pig intentionally continues to pursue
and attack other pigs.
Non- others Like feeding, drinking, lying, playing, mounting
Aggression

box size and center, orientation angle, and keypoint location. This
custom detection head enables the model to provide richer spatial cues
for downstream relationship analysis.

2.2.2. The OKByte tracker
We designed the OKByte tracker based on the BYTE framework
(Zhang et al., 2022), retaining its original efficiency while incorporating

Biting

Treading

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

(1) Input preprocessing.

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

T
X=X, Yo, S, @, X, Y, S @

Where (x.,y.) are the 2D coordinates of the object center in the image
plane, s is the bounding box scale (area) and a is the bounding aspect
ratio. The remaining three variables represent their velocities.

Knocking

Chasing

Fig. 3. Example of pig aggressive behavior.
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(a) Undeformed

(b) Moderate deformation
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X</
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(c) Severe deformation

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

(a) Undeformed

(b) Moderate deformation

(c) Severe deformation

Fig. 5. Illustration of the head-tail alignment annotation strategy.

In contrast, our improved KF extends the state vector to 10-dimen-
sions, as shown in Eq. (2).

T
X = |Xobbs Yobbs W, h, Xovb, Yopps Wi R, Xipe, ykpt] @

Where (xobb, y,,bb) are the 2D coordinates of the object center in the
image plane, (w,h) are the width and height of the bounding box, and

the next four variable <3&0bb, Yobps Ws y) represent their velocities. The

remaining two variables <kat, ykpt) represent the coordinates of the

keypoint.

Replacing (s, a) with (w, h) enables more accurate track prediction, as
illustrated in Fig. 8. The green boxes represent the tracking boxes using
the improved KF, while the yellow dashed boxes represent the tracking
boxes before the improvement. The tracking bounding box of the
improved KF can fit the target more accurately.

The coordinates ( Xy, Yip: | are used for keypoint tracking. Instead of
using KF to predict the keypoint positions, we directly embed the
detection results into the tracks, replacing the previous results whenever
new ones are available.

(2) Data association

The first association is performed between the high-score detections
Dpign and the tracklets T;_;, the similarity is computed by the OBB IoU
distances. Then, the unmatched tracks Tremqin from the first association

and the detections Dy, are matched by the second IoU-based associa-
tion. Finally, we get the matched tracks T, unmatched tracks Tre_remain
and unmatched detection Dyemgin @and Dre_remain, and enter them all into
the Tracklet management module.

(3) Tracklet management.

The tracklet management module includes four situations: For the
matched tracks T;, update their trajectories using the improved KF. For
the unmatched tracks Tre_ remqin, move them into the set Tj,. For the
unmatched detections Dyemain, create new tracks and assign them a new
ID. For the unmatched detections Dye_remain, Simply delete them. In the
end, the current frame tracklets are output.

2.2.3. The PARM module

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

(1) Input preprocessing.

The input is the tracklets T; of the current frame t from OKByte
tracker. The aggression filter selects attacker tracks classified as
Aggression from T; and adds them to the queue T,. Each T,;, where i is
the index of queue T, is then sequentially used for aggression
association.

(2) Aggression association

Each attacker track T,; undergoes two rounds of aggression associ-
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Fig. 7. Workflow of OKByte tracker.

ation with all other tracks Ty, where Ty 4 denotes all tracks in frame ¢
except Tg. The first aggression association is performed by matching the
keypoint position of the attacker’s track T, with the OBB positions of
each track Tj in Ty . If the keypoint is inside an OBB or the distance
between the keypoint and the OBB is less than the error margin ¢, the
matched relationship tuple (T, T;) is added to the list AR;.We define
this error margin ¢ because a pig’s mouth is not a single point but a small
area. Based on our camera height, the average mouth area of a pig is
approximately 5 pixels, so ¢ is set to 5.

The keypoint of an attacker track T, may be inside the OBBs of

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

(3) Data analysis.

The PARM outputs identified aggression relationships ARfpq along
with their corresponding durations from AR, which durations lasting at
least 2s. This threshold is introduced to filter out spurious aggression
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Fig. 8. Comparison of the effect before and after KF improvement.
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Fig. 9. The Workflow of PARM module.

Fig. 10. Two scenarios that may be encountered in the second aggression association.
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events.

Algorithm 1: Pseudo-code of PARM

Input: Current frame tracklets T;
Output: Pig aggression relationships and their time duration
ARfing and time
Initialization: T, = [Ty, Ta2, Tas, ]<@AR1 = [(Ta;, Tj), | <@B:ARy =
{(Ta, Tj) : frame, - }<~@;ARpma = (Ta, Tj);time = frame/5
1 for frame in Video do
2 for T; in T, do
3 /* filter out tracks classified as Aggression */
4 To<filter(T,, Aggression)
5 end
6 /* first aggression association */
7 for Ty in T, do
8 /* filter out tracks except Ty */
9 Ty aifilter(T;, Tai)
10 for T; in Ty o do
11 if Ty;.keypoint in Tj.obb or Ty.keypoint to T;.
obb distance < ¢ then
12 ARy (Ta. T))
13 end
14 end
15 end
16 /* second aggression association */
17 for (Tq, Tj) in AR do
18 /* implemented using OpenCV’s pointPolygonTest
function */
19 ARy« (T, Tj) : frame + 1 ifTq; keypointis in the
innermost of Tj.obb
20 end
21 /* output aggression relationships and time duration */
22 for ARfinq, frame in AR, do
23 if frame>10 then
24 time = frame/5
25 Return ARjq and time
26 end
27 end
28 end

3. Results and analysis
3.1. Evaluation metrics

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

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

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

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

3.
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Table 2
Performance comparison of the OK and the baseline YOLO11 detection model.
Detection Class Pt R1T mAP50 1 mAP50-
model 951
baseline Aggression 68.80 % 72.20 % 74.90 % 59.30 %
YOLOv11 NON- 91.70 % 97.00 % 96.70 % 75.50 %
detection Aggression
model ALL 80.20 % 84.60 % 85.80 % 67.40 %
OK detection  Aggression 86.80 % 79.30 % 83.10%  75.00 %
model NON- 97.50 % 98.50 % 98.60 % 90.30 %
Aggression
ALL 92.10 % 88.90 % 90.90 % 82.70 %
FP, + FN,
ARES =1-— M 3)
>.GT;

In frame t, FP, represents falsely identified aggression relationships,
FN, denotes aggression relationships not recognized by PARM, and GT,
is the total number of ground truth aggression relationships.

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

3.2. Experimental results

3.2.1. Performance of the OK detection model

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

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

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

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

Fig. 11. HBB and OBB representation.

Table 3
Performance of keypoint detection.
Class Pt Rt mAP50 1 mAP50-95
A 64.50 % 59.00 % 63.00 % 29.30 %
NON-A 47.50 % 48.00 % 42.00 % 29.10 %
ALL 56.00 % 53.50 % 52.50 % 29.20 %

3.2.2. Performance of the OKByte

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

3.2.3. Performance of the PARM

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

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

Table 4
MOT Performance comparison of OKByte with other MOT algorithms.
Tracker HOTA 1 MOTA 1 IDF1 ¢ IDSW |
ByteTrack 72.63 % 89.96 % 87.45 % 75
OC-SORT 79.05 % 93.89 % 89.43 % 84
Deep OC-SORT 77.54 % 93.10 % 88.22 % 78
BoT-SORT 84.03 % 97.39 % 95.55 % 37
OKByte 85.78 % 98.50 % 99.25 % 2

'/

Fig. 12. Illustration of keypoint detection difficulty for A and NO categories.
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Table 5
Performance of aggression relationship identification.
Sequence 01 02 03 04 05 06 07 08 09 10
ARES 1 85.38 % 60.44 % 71.63 % 68.97 % 52.86 % 69.19 % 58.13 % 57.50 % 60.47 % 84.62 %
Average 1 66.92 %
S I:H *I Total time: 7.6 |legend
Total time: 9.8s
. . Total time: 24.4s _
pig2-pigl . o ‘
Total time: 24.4s | pigl-pig2: pigl attacks pig2
Frame 0
) ) i Total time: 14.2s
pig7-pig8 .
Total time: 12s
) N b Total time: 17.4s
pig8-pig7 .
I . jl Total time: 17s
Frame 0 (b) Video 04 211
pigl-pig3 - .
| 7T BB [ Jowiens
. . Total time: Os
pig2-pig3 .
“I Total time: 1.4s
Frame 0 (c) Video 05 241

Fig. 13. Temporal diagrams of pig aggression relationships in video sequences with the highest, moderate, and lowest ARES value.

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

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

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

4. Discussion

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

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

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

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

Despite the promising results, our method has several limitations
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Fame 19

Frame 25

Fig. 14. Numerous misclassifications in Video 02.

Video 02

Video 07

Video 03

Video 08

Video 04

Video 09

Fig. 15. Some examples of a keypoint within multiple OBBs.

that warrant further investigation.

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

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

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

In this study, we proposed OKByte-AR, a multi-stage framework for
aggression relationship identification, which integrated OBB and key-
point detection, MOT, and post-tracking processing. Experimental re-
sults demonstrated that our approach significantly improved detection
and tracking performance compared to the baseline method while also
proving effectiveness in aggression relationship identification. In terms
of detection performance, our method achieved a 5.10 % increase in
mAP50 and a 15.30 % increase in mAP50-95 compared to the baseline
YOLO11 detection model, reaching 90.90 % and 82.70 %, respectively.
For tracking performance, our approach outperformed four state-of-the-
art MOT methods, achieving the highest HOTA, MOTA, IDF1, and lowest
IDSW of 85.78 %, 98.50 %, 99.25 %, and 2, respectively. In aggression
relationship identification, our method achieved an average ARES of
66.92 %. In conclusion, OKByte-AR has made significant progress in
identifying pig aggression relationships to provide a smarter and more
reliable monitoring system for modern pig farming.
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The precise estimation of passion fruit yield is crucial for efficient orchard management, but it poses challenges
such as occlusion, light variations, and camera shake, which can lead to problems such as missed detection, error
detection, and double counting of small fruits. In this study, we propose a robust computer vision algorithm
named YOLOv8n + OC-SORT + CRCM (Central Region Counting Method) to accomplish three tasks: detection,
tracking, and yield estimation of passion fruits. Firstly, we compare the passion fruit detection results using
various YOLO series detection algorithms and choose YOLOv8n for detector. Then, OC-SORT algorithm is chosen
as the tracker due to its effectiveness in addressing issues like occlusion, vertical shaking, and uneven speeds.
Finally, we design CRCM counting algorithm for fruit counting for addressing challenges in estimating passion
fruit yield. To validate the effectiveness of these methods, a real-world passion fruit video dataset including 24
videos for each with a 1-minute length was established. In the detection results on the test set, YOLOv8n detector
achieved the best results with a mAP@0.5 (mean Average Precision) of 86.3 % and a model size of only 6.2 MB
among YOLOv5n, YOLOv7 and YOLOv8n three detectors. Furthermore, the HOTA (higher order tracking ac-
curacy) of OC-SORT tracker was 67.10 %, surpassing three mainstream trackers named BoT-SORT, Byte Track,
and Strong SORT by 2.98 %, 4.71 %, and 8.82 %, respectively. In the fruit yield estimation, CRCM demonstrated
an average counting accuracy of 87.0 %, surpassing ID number and Single Line Method (SLM) methods by 49.8 %
and 10.5 %, respectively. In conclusion, the YOLOv8n + OC-SORT + CRCM algorithm effectively addresses issues
of misidentification, missed detections of small fruits, and repeated counts, achieving stable, real-time, and
accurate estimation of passion fruit yield.

1. Introduction

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

In fruit yield management, numerous researchers employed multiple
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object tracking (MOT) algorithms such as simple online and real-time
tracking (SORT) or DeepSORT for fruit counting and achieved remark-
able results (Gao et al., 2022; Tan et al., 2022; Villacrés et al., 2023). The
MOT algorithms can implement the count of fruits by locating the fruit
objects in the video and assigning a unique ID to each detected object
(Bashar et al., 2022; Guo et al., 2022). For instance, Leiying He et al.
(2022) utilized YOLO-v3 detection results, coupling detection boxes
with trajectories using Cascade- MOT algorithm, enhancing the accuracy
and robustness of fruit counting. Egi et al. (2022) employed YOLOV5
detector and DeepSORT tracker for counting tomato flowers and fruits.
Yang et al. (2022) developed an advanced anchor-free object detection
model using CenterNet to detect cotton seedlings and extract their
identity embeddings, employing DeepSORT for positional and identity-
based data association. The above proposed many fruit detection or
tracking algorithms have enhanced the performance of automated fruit
counting systems and improved the accuracy of fruit yield prediction in
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orchards.

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

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

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

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

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

(3) A comprehensive comparison and evaluation of three commonly
used counting methods, namely maximum ID number, single line
method (SLM), and central region counting method (CRCM), are
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Fig. 1. Passion fruit cultivation.

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

2. Dataset description
2.1. Dataset collection

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

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

2.2. Data processing

The processing flow of the dataset is shown in Fig. 3. From all 24
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Fig. 2. Part of the dataset.
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Fig. 3. Processing flow of the dataset.

videos, 5 videos were randomly selected for verifying the performance
of the detection model and for the target tracking and counting tasks.

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

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

3. Methods
3.1. Method process and flow chart

We propose a passion fruit yield estimation algorithm based on
YOLOvV8n + OC-SORT + CRCM, the flow of which is shown in Fig. 4.

Initially, YOLOvS8n is used to detect each passion fruit and obtain its
detection box and confidence in each frame of the video. Subsequently,

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

3.2. YOLOv8

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

YOLOV8 was released by Ultralytics in January 2023 (Talaat &
ZainEldin, 2023). Compared to its predecessors, it brings a series of
improvements: closing the Mosaic Augmentation, adoption of new
convolutional modules, and anchor free detection. Firstly, YOLOv8
closes mosaic augmentation in the final ten training epochs. This
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improvement is motivated by the observation that using this enhance-
ment throughout the entire training process could decrease perfor-
mance. Secondly, YOLOv8 replaces the C3 module with the C2f module.

Fig. 5 illustrates the structures of the C3 and C2f modules. The C2f
module is designed based on the C3 module and the efficient layer ag-
gregation networks, allowing YOLOVS8 to acquire richer gradient flow

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

Fig. 6 illustrates the structure of YOLOv8. The YOLOv8 model has
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Fig. 7. Pipeline of OC-SORT.

completed structural adjustments, modifying the model’s backbone, key
building blocks, and fusion layers to render the model more compact and
efficient. The backbone network employs the spatial pyramid pooling
fast (SPPF) module, while the neck network retains the path aggregation
network (PAN)-feature pyramid network (FPN) methods for feature
fusion. In the detection head section, an anchor-free detection head is
utilized. YOLOvV8 was selected as the primary detector to meet the real-
time and accurate detection requirements for passion fruit in practical
scenarios.

3.3. OC-SORT

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

(a) SLM

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

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

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

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

(b) CRCM

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

Zy = U Qjyirnal (20, 22, ), 1 <t <ty (€9)

where z; corresponds to the last observation before the object was
untracked, and zi represents the observation when the object is re-
associated.

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

-1
Ki = Py - H{ (HPy - 1 H! +Ry)
re — update )A(m = )A(t‘Fl +K, <E[ - Ht)A(,‘H> 2)

Pt\t = (I - Kth)Pt\t—l

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

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

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

3.4. Existing counting algorithms for yield estimation

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

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

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

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

4. Experiment and result analysis
4.1. Implementation details

The passion fruit yield estimation experiments in this study were
divided into three parts. (1) Detection of passion fruit using YOLOV5s,
YOLOv5m, YOLOv7-tiny(Wang et al., 2023), YOLOv8n and YOLOv8s
models. (2) Passion fruit tracking using OC-SORT, BoT-SORT, Byte-
Track, Deep OC-SORT, Strong SORT based on YOLOv8n model. (3)
Passion fruit counting using the number of IDs, SLM and CRCM based on
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Table 1

The detection results based on different detectors.
Model P/%1 R/%?T F1/%1 mAP@.5/%1 Size/MB|
YOLOvV5s 81.3 79.7 80.5 86.4 14.4
YOLOv5Sm 79.9 80.6 80.3 86.5 42.5
YOLOV7-tiny 81.0 80.9 81.0 87.1 12.0
YOLOv8n 80.4 80.4 80.4 86.3 6.2
YOLOvVS8s 80.4 81.2 80.8 86.9 22.5

YOLOvV8n and OC-SORT.

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

4.2. Evaluation metrics

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

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

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

4.3. The detection results based on different detectors

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

Fig. 9 showed the detection results of different detectors in a prac-
tical scenario. In the scenario, there were a total of 24 passion fruits,
primarily concentrated in the upper part of the image, presenting a
higher density. There were fruits overlapping, and some fruits were
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Fig. 9. The detection results of different detectors in practical scenario.
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Table 2

The Tracking results based on different tracking algorithms.
Method HOTA/%1 MOTA/%?T IDF1/%1 IDSW| Time/ms|
OC-SORT 67.103 75.874 75.618 354 19.0
BoT-SORT 64.126 74.782 71.889 716 106.6
Byte Track 62.396 72.429 74.644 264 15.4
Strong SORT 58.280 71.864 61.639 578 87.3

partially obscured by leaves. All detection models could detect most of
the passion fruits in this scenario, but misdetections and missed de-
tections were still present, which were marked with yellow boxes.
Firstly, YOLOv5s, YOLOv5m, YOLOvV7-tiny, and YOLOv8n did not detect
the fruit in the upper left due to leaf occlusion. Secondly, on the left side
of the central fruit-dense area, the fruits overlapped each other, resulting
in under-detection by the models YOLOv5s, YOLOv5m, YOLOv7-tiny,
and YOLOvS8n. Finally, in the lower half of the image, all detection
models missed or misidentified leaves as fruits due to the relatively small
size of the fruits and their similar shape to leaves. When we evaluated
the detection performance of passion fruits, we found that detection
accuracy was influenced by various factors, including environmental
lighting, the similarity between leaves and fruits, occlusion issues, and

the small size of the fruits.

4.4. The tracking results based on different tracking algorithms

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

Fig. 10 illustrated the visual results of target tracking in video 41 for
OC-SORT, BoT-SORT, Byte Track, and Strong SORT. According to the
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3rd frame in video 41 303rd frame in video 41 603rd frame in video 41

Fig. 10. Comparison of tracking results for OC-SORT, BoT-SORT, ByteTrack and Strong SORT in video 41.
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Table 3
Tracking results based on YOLOv8n and OC-SORT on all test videos.

Test Fruit HOTA/ MOTA/ IDF1/ IDSW| Time/
Videos Number %1 %1 %1 ms|
10 136 65.776 78.811 81.848 12 17.6
21 329 67.412 77.592 75.360 65 21.4
41 203 70.081 72.808 77.969 97 17.4
61 348 63.365 72.659 71.201 128 18.5
90 188 67.475 78.845 74.612 52 20.2
All 1204 67.103 75.874 75.618 354 19.0

manually labeled ground truth file of video 41, the maximum IDs of the
first frame, 301st frame, and 601st frame were 6, 42, and 120, respec-
tively. At frame 3, the maximum IDs of all tracking algorithms were the
same as the maximum ID in the ground truth. The differences in the
visualization results of the algorithms were mainly found in frames 303
and 603. At frame 303, OC-SORT, BoT-SORT, Byte Track, and Strong
SORT had maximum IDs differing from the maximum ID in the ground
truth file by 4, 20, 5, and 24, respectively. These differences further
increased in the 601st frame. OC-SORT, BoT-SORT, Byte Track, and
Strong SORT had maximum IDs differing from the GT file by 20, 35, 39,

a.530th frame in video 10

d.770th frame in video 21

b.560th frame in video 10

€.800th frame in video 21
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and 44, respectively. From the above results, the maximum ID value
obtained by OC-SORT was closer to the maximum ID value of the GT file
than other tracking algorithms, indicating that it had stability in the
continuous tracking of passion fruit. Based on the tracking evaluation
index and visualization results, we decided to adopt the OC-SORT model
as our main tracking algorithm in the subsequent tracking experiments.

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

Table 3 presented the tracking results of all test videos based on
YOLOvV8n and OC-SORT. While the variation in the number of fruits did
not seem to directly impact the tracking performance of the videos, there
were discernible patterns when classifying videos based on shooting
conditions. videos shot away from the sunlight (test videos 21, 41, 61)
showed a decrease in tracking performance with an increase in the
number of fruits. On the other hand, videos shot toward the sunlight
(test videos 10, 90) exhibited a decrease in IDF1 and IDSW with an in-
crease in fruit quantity. Moreover, despite test video 41 having a higher
number of fruits compared to videos shot in sunlight, it displayed the
best tracking performance. This suggested that the shooting conditions
significantly influenced the tracking performance. In summary, these

¢.590th frame in video 10

£.830th frame in video 21

Fig. 11. OC-SORT tracking results on test video 10, 21.
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Fig. 12. The comparison results of the ground truth and the predicted fruit counting methods including ID number, SLM, and CRCM.

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

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

4.6. Evaluation of counting methods

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

Fig. 13 presented the visualization results of the three different

10

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

5. Discussion

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

It is observed that YOLOv8n can be chosen the best detector for
passion fruit detection according to accuracy and storage size. Specif-
ically, the P, R, mAP50, mAP50-90, and size values of the YOLOv8n
approach are 80.4 %, 80.4 %, 86.3 %,49.2 %, and 6.2 MB, respectively.
Compared to the YOLOv10n method, the adopted YOLOv8n can
improve by 2.0 % for mAP50 and 0.8 % for mAP50-95, while only
adding storage space by 0.5 MB. Compared to Faster R-CNN, the
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Fig. 13. The visualization results of the numbers of ID, SLM and CRCM.

Table 4
The comparison results of YOLOv8n with other detectors.
P/%t R/%1 mAPS50/%1 mAP50-95/1 Size/MB|

Faster R-CNN - - 86.7 41.1 335.3
YOLOv10n 79.8 78.5 84.3 48.4 5.7
YOLOV9s 78.1 80.4 86.0 48.5 15.2
Deformable DETR - - 85.0 44.2 524.2
YOLOv8n 80.4 80.4 86.3 49.2 6.2

YOLOvV8n achieves decline of 0.4 % for mAP50. The size of storage space
for the Faster R-CNN is 335.3 M, which is much larger than that of the
YOLOv8n. Therefore, Faster R-CNN runs slower and does not satisfy
real-time requirements. Additionally, Comparing YOLOv9s and DETR
methods, the YOLOv8n achieves the best performance on all metrics.
These comparative results further validate the effectiveness of the
YOLOv8n in fruit detection and improving the accuracy of yield
estimation.

The accuracy of maximum ID number approach for fruit yield esti-
mation is 37.2 % in our study. There may be 2 main reasons about the
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inefficiency of maximum ID number method. One is that there are
frequent incorrect exchanges of fruit IDs when passion fruit orchard
passion fruit orchards provide a dense fruit production, resulting in low
accuracy of ID counts. And our collected dataset is particularly dense
and there is severe occlusion for the 1-minute video. Whereas in (Wu
et al. 2023), it was shown that when calculating the number of apples in
orchards, the use of removing duplicate fruit IDs and IDs of fruits lying
on the ground makes it possible to achieve an average counting preci-
sion of more than 95 %. The reason may be that the passion fruit
cultivation scenario differs significantly from that of the apple. Passion
fruit is a vine grown graft (like the grape environment), and its fruits are
particularly dense in the orchards with its very similarly colored leaves
and fruits. Apples produce their fruits on a tree, and there is a significant
difference in the color of the leaves and the fruit. Therefore, there is a
relatively significant differences between passion fruit and apple sce-
narios, which can likely result in different results for the ID counting
method for passion fruit versus apples.

Another reason is that the time duration of each video is varied, and
there are more challenges with long video tracking. The average accu-
racy of ID counting method in our previous passion fruit yield estimation
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(Tu S, et al.2024) is 86.19 % and it is not low. The reason may be that
each video in our previous work is about 15 s in length and passion fruit
orchard has sparse fruits. However, the length of each video in this study
is about 60 s and dataset is particularly dense with fruits. When the
illumination variations are sophisticated and mobile phone is employed
for shooting, there may the camera moves quickly, resulting in unclear
image condition, which caused the error ID counts.

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

6. Conclusions

In this study, we actively explored the passion fruit yield estimation
task in a real scenario with various challenging factors such as changes
in lighting, background interference, camera shooting angles, as well as
camera shake. To achieve optimal object detection performance, we
conducted comparative analyses of detectors like YOLOv5, YOLOvV7, and
YOLOVS, ultimately selecting YOLOv8n as the most suitable detector,
achieving precision of 80.4 %, recall of 80.5 %, F1 score of 80.4 %,
mAP@0.5 of 86.3 %, with a model size of only 6.2 MB.

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

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

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

Keywords: In the precision-driven field of intelligent livestock breeding, the accurate monitoring and tracking of individual
Pig behavior tracking pig behaviors are crucial for assessing health and preventing disease. However, the complex environment of pig
YOLOVS

farms and the dynamic nature of pig behaviors can lead to issues such as false positives, false negatives, and
identity switches, which pose significant challenges for the monitoring of individual pig behaviors. To overcome
these challenges, this study proposes a multi-object tracking (MOT) of pigs’ behavior based on YOLOV5 fusion
Byte (YOLOv5-Byte). This method first uses YOLOV5 to detect individual pig behaviors (lie, stand, eat, other) and
uses the Byte method to track the behaviors of individual pigs. According to the behavior tracking results, we
statistically analyze the different behaviors’ time of each pig for one minute. Moreover, we introduce an inno-
vative metric by combining pig behavior information and ID value to make a more specific and precise behavior
analysis of each pig. The experimental results on public and private datasets show that the best tracking results
are achieved based on the YOLOv5-Byte method among the three detectors YOLOv5, YOLOv8 and YOLOX
combing with the Byte tracker. On public datasets, the three MOT methods exhibit only minor differences in
tracking performance between situations with and without behavior classification, with a slight decrease in
metrics. On the private dataset, the YOLOv5-Byte method demonstrates superior performance in higher-order
tracking accuracy (HOTA), multiple-object tracking accuracy (MOTA), and identity switches (IDs), with values
of 76.5%, 94.4%, and 56. Compared to YOLOX-Byte and YOLOv8-Byte, it outperforms them with 4.2 and 9.2
percentage points higher in HOTA, 1.6 and 9.7 percentage points higher in MOTA, and 28 and 14 fewer IDs.
Under varying lighting conditions, the experimental results show that YOLOv5-Byte has best tracking results,
achieving the behaviors tracking accuracy of over 80%. The results demonstrate YOLOv5-Byte can accurately
track pig behavior and conduct statistical behaviors analysis in intricate farm environments, which has the
potential to provide a technical support for assessing the health of pigs.

Behaviors analysis

1. Introduction

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

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

In video surveillance, object detection is a crucial technology that
facilitates the real-time identification and localization of multiple
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Fig. 1. The part examples of the dataset for pigs’ behaviors tracking and analysis.

objects. Deep learning-based object detection algorithms are predomi-
nantly categorized into one-stage and two-stage methods. One-stage
algorithms directly extract features within the network for classifica-
tion and localization. The main mainstream detection algorithms
include YOLOX (Ge et al., 2021) and YOLOv5.For example, Ji et al.
(2022) utilized the improved YOLOX for pig recognition, which ach-
ieved a 90.9 % accuracy in seated pig recognition and an average pre-
cision of 95.7 % in overall posture recognition, effectively meeting the
practical needs of pig farms. Kim et al. (2023) proposed the YOLOv5
model to estimate pig feeding behavior based on their postures. On the
other hand, two-stage algorithms first use RPN (Region Proposal
Network) to generate candidate boxes, and then classify and locate these
candidate boxes. Notable methods include Fast R-CNN (Girshick, 2015)
and Faster R-CNN (Ren et al., 2017). For instance, Xiao et al. (2022)
designed a Cascade Faster R-CNN pig detector to identify individual pigs
and different parts of their bodies, achieving an accuracy of 98.4 % and
providing technological references for group-raised pig behavioral
recognition. The current one-stage target detection algorithm can not
only detect object in real time, but also achieve good performance in
terms of accuracy (Jiang et al., 2022, Diwan et al., 2023). The traditional
two-stage target detection algorithms have good accuracy, while they
are relatively slow and have a complicated training process; thus, the
one-stage method is used as the detector for pig behavior tracking.
Multiple Object Tracking (MOT) is also a key technology in video
surveillance. Most existing MOT algorithms can be broadly classified
into three categories: Tracking By Detection (TBD), Joint Detection
Embedding (JDE), and attention networks based on the Transformer
series (Wojke et al., 2017, Sun et al., 2020, Wang et al., 2020). Re-
searchers have begun to employ MOT technology to observe the be-
haviors of pigs. For example, Tran and Thanh (2023) utilized YOLOV7
and improved DeepSORT for object detection and tracking, analyzing
the daily behavioral patterns of pigs, and constructing activity patterns
for healthy pigs. Using an activity cycle-based approach, they achieved
an accuracy of over 90 % in pig behavior pattern recognition within 30
min. Odo et al. (2023) introduced YOLOv4 and YOLOvV7 to locate ear-
biting regions, achieving detection accuracies of 98 % and 97.5 %,
respectively. By combining these detections with DeepSORT and
centroid tracking algorithms, they achieved 14 % and 34 % false-
positive rates. Cowton et al. (2019) extracted pig behavior-related
metrics from RGB cameras using Faster R-CNN and two different
trackers, Sort and DeepSORT. Liu et al. (2020) simplified group-level

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

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

Addressing the challenges mentioned above, this paper presents a
tracking algorithm based on YOLOv5-Byte for each pig behavior analysis
under real commercial pig farming environments. Firstly, we combined
three different detection algorithms, YOLOv5, YOLOX, and YOLOVS,
with the Byte tracker, and complete their comparison experiments in pig
behavior classification and tracking (Zhang et al., 2022). Secondly, we
assess the tracking performance of three detectors combing Byte tracker
under varying lighting conditions. Finally, we utilized the optimal de-
tector (YOLOV5) combining with Byte tracker to analyze the behavioral
data of pigs, and evaluated the accuracy of behavioral tracking,
providing valuable technical support for the early warning of pig health
status.

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

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

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

(3)We chose the YOLOv5-Byte tracking algorithm to evaluate pig
behavior and conducted statistical analysis, ultimately calculating pig
behavior tracking accuracy
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Fig. 2. Representation the challenges in pig behaviors within a 15-second period.

2. Material and methods
2.1. Materials

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

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

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

2.2. Method

We combine Byte tracker with the most advanced three detectors
YOLOV5, YOLOX, and YOLOVS8. The system process diagram was shown
in Fig. 3. The framework of pigs’ behaviors tracking consists of three
components: (i) pig detection and behaviors classification, (ii) object
tracking, (iii) behaviors analysis.

2.2.1. Detector and classification

YOLO (You Only Look Once) is a fast and accurate object detection
algorithm. The research adopts the TBD paradigm. The TBD paradigm
relies on detection performance, we use three different detectors from
the YOLO series, YOLOv5, YOLOX, and YOLOvS8, as detectors to
compare the behaviors classification and the tracking effects. YOLOV5,
YOLOX, and YOLOvV8 have all achieved excellent results on the COCO
datasets. Their three different detectors can be divided into different
structures according to the depth of the network or the size of the pa-
rameters. To balance speed and accuracy, we selected the medium
model M of detectors for model training. The YOLOv5, YOLOX and
YOLOV8 network structures include four stages. The first stage of the
model is input procedure, which uses a variety of data enhancement
methods to increase the diversity of samples to the model to improve
robustness. The second stage is the backbone network, which is based on
Darknet-53 and enhances the ability to extract backbone features to
varying degrees. The third part is the detection neck (PAFPN), which
adopts the Feature Pyramid Network (FPN) and Path Aggregation
Network (PAN) structures to enhance the model’s feature representation
capability and receptive field. The fourth stage is the decoupled head
(Prediction), used for object detection and classification, aiming to
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Fig. 3. System process diagram.

improve convergence speed and accuracy.

2.2.2. Byte tracker for MOT

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

and their respective velocity change values. It is represented as an 8-
dimensional vector x = [cx, ¢y, 1, h, vx, vy, vr, vh], with all velocity
values initialized to 0. The covariance represents the uncertainty in the
pig’s position information and is represented by an 8x8 diagonal matrix.

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

X = Fx
P =FPF"+Q

The update phase is based on the detected pig positions at time t,
correcting their associated tracks states, and is composed of Eq (3), (4),
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Fig. 4. Examples of statistical methods for pig behaviors.

(5), (6), and (7). In Eq (3), z represents the mean of the detection, z =
[cx, cy, 1, h], where H is the measurement matrix. Its function is to map
the mean vector of the tracks to the detection space and calculate the
mean error between the detection and the tracks values.

y=z—HX

In Eq (4), R is the noise matrix of the detection. This equation first
maps the covariance matrix to the detection space and then adds the
noise matrix R to enhance its reliability. Eq (5) calculates the Kalman
gain, K, which is used to estimate the importance of measurement errors.

S=HPH" +R

K =PH'S™!

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

x=x+Ky

P=(I-KH)P

When the KF has completed the predicting the tracks from time t-1 to
the current time, the IOU distance matrix between the highly scored box
and the predicted trajectory is matched using the Hungarian algorithm.
If the high-scoring detection boxes fail to match and exceed the
threshold for initializing the tracks, new tracks are created. For un-
matched trajectories, matching will continue in the second round. In the
second round, low score detection boxes are matched with the un-
matched trajectories using IOU. If there is no successful match for over
60 frames, the tracks are deleted. Finally, the trajectory T is updated
jointly by the newly initialized trajectory and the matching trajectory.

2.2.3. Behaviors analysis

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

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

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

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

> BT
BTA ==C—
TC

2.3. Evaluation metrics

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

TP

P=—"—
TP + FP
R—_1P
TP + FN
2PR
Fl=—2
P+R
C
mAP = ZL'ZIAP(C)

C

In pig behaviors tracking tasks, we selected three main evaluation
metrics: High Order Tracking Accuracy (HOTA)(Luiten et al., 2021),
Multiple Object Tracking Accuracy (MOTA), and Identification Average
Rate (IDF1) for performance comparison. HOTA decomposes the
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tracking task into three sub-tasks, detection, association, and localiza-
tion, to obtain a more balanced metric that is more consistent with
human visual perception. MOTA provides an intuitive evaluation
method that reflects the tracker’s performance in object detection and
tracks maintenance. IDF1 focuses on the continuity and accuracy of
tracking object.

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

2 A(c)

ceTP

TP+ FN + FP

HOTA = v/ DetA-AssA =

TPA(c)

M) = TPAe) + FPA(e) T FNA)

The MOTA calculation is shown in Eq (15), FP, represents the
number of False Positives at time t,FN, represents the number of False
Negatives at time t,IDSW, represents the number of ID change at time t,
and GT, represents the total number of all objects.

> .(FP + FN, + IDSW,)
>.,GT,
The calculation formula of IDF1 is shown in Eq (16), IDTP represents

the true positive ID number, IDFP represents the false positive ID
number, and IDFN represents the false negative ID number.

MOTA =1—

2IDTP

IDF1 =
2IDTP + IIDFP + IDFN

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

3. Results and analysis
3.1. Experimental platform and parameter settings
To investigate the performance of different detectors in tracking pigs

in natural environments, five experiments were conducted: (1) pigs
behaviors recognition (2) the impact of pig behaviors classification on
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Table 1

Detection results of YOLOv5, YOLOX, and YOLOvS.
Model P /%1 R /%1 F1/%1 mAP/%1
YOLOvVS 92.0 87.8 89.8 91.8
YOLOX 91.0 88.2 89.5 90.5
YOLOv8 89.8 86.1 87.1 89.9

Table 2

Detection results for each category by YOLOV5.
Class P /%1 R /%1 F1/%1 mAP/%?
stand 94.2 90.4 92.2 93.6
lie 97.8 86.6 91.8 92.9
eat 91.8 89.9 90.8 92.5
other 84.2 84.2 84.2 88.4

MOT, (3) pig behaviors tracking based on YOLOv5-Byte, (4) behaviors
tracking comparison under different lighting conditions. (5) statistical
analysis and evaluate pig behavior information of each pig. For this
experiment, we standardized the training image size to 640 x 640 pixels
for three different detectors. The learning rate, batch size, and epoch
were set to 0.01, 8, and 200. The experiments were conducted on a Linux
platform with Ubuntu 18.04 operating system. The hardware configu-
ration included a 12th Gen Intel(R) i19-12900KF CPU, NVIDIA GeForce
RTX 3090 GPU, and 32 GB of RAM. PyTorch version 1.11.1, Python
version 3.7, and CUDA version 11.3 were utilized for the experiments.

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

3.2. Comparison of pig behaviors recognition results of different detector

In Table 1, we presented the performances of three detectors. The
three detectors achieved good results with precision, recall, F1, and
mAP. YOLOV5 obtained 92.0 %,87.8 %,89.8, and 91.8 % in precision,
recall, F1, and mAP, respectively. YOLOV5 surpasses YOLOX by 1 % in
precision and 0.3 % in F1 scores, also outperforms YOLOvS. It is found
that YOLOV5 achieved the best detection results among three detectors.
Then, we chose YOLOVS5 detector to analyze the results of pig behaviors
categories. In Table 2, we provided detailed analysis for these results of
YOLOVS detector. The P and R metrics of the "other’ category both stand
at 84.2 %, markedly differing from the scores of the other categories.
The reason is that the “other” category has fewest samples compared
with three categories. Despite the challenges posed by sample imbal-
ance, the YOLOv5 model still showed excellent performance in key
metrics such as precision and mAP. These results indicate that the
YOLOV5 model provides a good foundation for improving behaviors
tracking accuracy.

3.3. The impact of pig behaviors classification on MOT

To assess the impact of pig behaviors on MOT, we combined the Byte
method with different detectors and compared their performance on
public datasets, as shown in Table 3. Without considering behaviors
classification, YOLOv5-Byte attained 81.1 % and 96.3 % in HOTA and
MOTA, respectively. Compared to the other two methods, YOLOv5-Byte
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Table 3
Tracking results for pigs and its behaviors tracking.
Method Behaviors HOTA/%?t MOTA/%?1 IDF1/%1 IDs| FN| FP| FPST
YOLOvV5-Byte 81.1 96.3 94.5 48 1297 252 100
\/ 80.1 96.0 93.8 54 1578 228 100
ByteTrack 80.6 95.6 95.9 37 956 899 91
\/ 78.9 95.0 92.9 68 980 1130 91
YOLOvVS8-Byte 77.6 92.7 93.0 52 2572 591 68
v 77.3 92.3 92.7 52 2582 755 68

Without
Behavior

ByteTrack

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

With
Behavior
Table 4
Pig behaviors tracking results on the private datasets.
Method HOTA/ MOTA/ IDs| IDF1/ FN|  FP|  FPSt
%1 %1 %1
YOLOV5- 76.5 94.4 56 87.9 1113 119 107
Byte
ByteTrack 72.3 92.8 84 83.0 1055 467 93
YOLOVS- 67.3 85.7 70 81.6 2861 241 86
Byte

improved by 0.5 % and 3.5 % in HOTA and 0.7 % and 3.6 % in MOTA.
Furthermore, YOLOv5-Byte achieved the best results in pig tracking
with behaviors classification, with HOTA and MOTA values of 80.1 %
and 96.0 %, respectively. When considering pig behaviors classification,
its HOTA values decreased by 1.0 %, 1.7 %, and 0.3 %, and MOTA values
decreased by 0.3 %, 0.6 %, and 0.4 %, respectively, compared to results
without behaviors tracking. Overall, YOLOv5-Byte demonstrated good
performance in pig behaviors tracking compared to the other two
methods.

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

We presented some visual results of the YOLOv5-Byte, ByteTrack,
and YOLOvS8-Byte algorithms in Fig. 6. For pig tracking without
behavior classification, all three algorithms correctly identified the
number of pigs (as shown in the upper line of Fig. 5). For pig tracking
with behaviors classification, the maximum ID numbers obtained by the
YOLOv5-Byte, ByteTrack, and YOLOv8-Byte three algorithms were 15
(equal to GT), 16 and 19 (as shown in the bottom row of Fig. 5),
respectively. And only YOLOv5-Byte demonstrated consistent tracking
without any IDs error, whereas both ByteTrack and YOLOvVS8-Byte

Table 5

Pig behaviors tracking results with YOLOv5-Byte.
No. HOTA/%1 MOTA/%1 IDs| IDF1/%1 FN| FP|
0010 79.4 97.9 6 94.7 58 4
0011 73.2 94.6 5 85.4 164 8
0012 62.7 86.3 21 75.1 392 39
0013 74.8 95.4 8 81.6 133 11
0014 84.5 100 0 100 0 0
0015 83.0 94.2 4 89.9 100 0
0016 87.6 100 0 100 0 0
0017 87.1 99.9 0 99.9 0 1
0018 56.5 81.4 12 64.6 266 56
Overall 76.5 94.4 56 87.9 1113 119

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

To evaluate the generalization ability and practical effectiveness of
YOLOV5-Byte, we conducted a comparative analysis on private datasets
under different scenarios, as presented in Table 4. YOLOv5-Byte ach-
ieved 76.5 %, 94.4 % and 56 in HOTA, MOTA, and IDs, respectively,
outperforming ByteTrack and YOLOv8-Byte by 4.2 % and 9.2 % in
HOTA, 1.6 % and 8.7 % in MOTA and decline 28 and 14 in IDs,
respectively. Additionally, YOLOv5-Byte outperformed ByteTrack and
YOLOvV8-Byte in IDF1, FP, and FPS metrics. These results highlighted the
exceptional generalization abilities and precise tracking performance of
YOLOvV5-Byte across various datasets.

The MOT results based on YOLOv5-Byte for each test video were
presented in Table 5. For video 0014, HOTA, MOTA, IDF1, and IDs were
84.5 %, 100 %, 100 %, and O, respectively. In contrast, for video 0018,
the corresponding metrics were 56.5 %, 81.4 %, 64.6 %, and 12,
revealing a notable difference compared to the other video results. This
reason could be attributed to environmental factors. The video 0014 was
recorded on daylight with enough sunlight and slow movement
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condition, while video 0018 was recorded at night as show the upper
line of Fig. 6, leading to strong exposure occurred in the illuminated area
and inadequate lighting in other areas. In conclusion, these observations
demonstrated that lighting conditions pose the significant impact for the
efficacy of MOT results.

3.4. Behaviors tracking comparison under different lighting conditions

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

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

In the 1-th frame of Video 0018 as shown the upper row of Fig. 7, the
YOLOV5-Byte method exhibited a false negative for one pig, as indicated
by the yellow bounding box, the ByteTrack method displayed false
negatives for three pigs, and the YOLOv8-Byte method produced false
positives for two pigs and false negatives for four pigs, successfully
tracking only one pig. When tracking pigs in the 13-th frame of Video
0502 (as shown the bottom row of Fig. 6), the YOLOvV5-Byte method
successfully matched the maximum object ID to the real numbers with 8
without missed target. The ByteTrack failed to accurately track all ob-
jects with IDs, resulting in a maximum pig ID with 13 that differed by 5
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Fig. 9. Representation the visualization of pig activity tracks of three methods.

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

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

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

Table 6

0102 video behaviors tracking accuracy.
Individual 1 2 3 4 5 6 7
Match ID 7 4 6 2 5 1 3
BT 243 194 295 276 300 291 228
BTA(%) 81 64.7 98.3 92.0 100.0 97.0 76.0

3.5. Statistical analysis

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

We calculated the pig BTA values using YOLOv5-Byte according to
Eq (8). The obtained BTA results of YOLOv5-Byte for videos 0102, 0013,
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Table 7
0013 video behaviors tracking accuracy.
Individual 1 2 3 4 5 6 7 8 9 10 11
Match ID 7 9 2 3 1 5 4 10 6 8 11
BT 297 300 189 300 107 291 270 244 118 69 0
BTA(%) 99.0 100.0 63.0 100.0 35.7 97.0 90.0 81.3 39.3 23 0
indoors, and lighting conditions may be unstable. These factors could
gg];ée t';d behaviors tracki easily cause challenges to pig tracking. Guo et al. (2023) studied three
video behaviors tracking accuracy. different tracking methods, JDE, FairMOT, and YOLOv5s with Deep-
Individual 1 2 3 4 5 6 SORT, and optimized pig re-identification (re-ID) which improved
Match ID 2 3 1 6 4 5 tracking performance and reduced the IDs. The studies above focused on
BT 295 277 283 128 273 76 pig tracking and did not consider pig behaviors tracking. In this study,
BTA(%) 98.3 92.3 94.3 42.7 91 25.3
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Fig. 10. Time statistics of four different behaviors for seven pigs in the
video 0102.

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

4. Discussion

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

10

we introduced behaviors tracking of pigs and conducted statistics and
analysis on pig four behaviors. Our previous work explored an improved
DeepSORT algorithm for pig behaviors tracking. Compared to the
original DeepSORT method, the improved approach achieved increases
of 1.8 % in MOTA and 6.8 % in IDF1 while reducing the number of IDs
by 80 % (Tu et al., 2022). However, our previous work did not conduct
corresponding statistics and analysis on pig behaviors tracking.

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

5. Conclusion

In this study, we firstly investigated the task of tracking pig behaviors
in a commercial environment. In our study, we employed three diverse
detectors, YOLOv5, YOLOX, and YOLOVS, to identify pigs’ behaviors
and locate pigs, then combined with the Byte tracker to track the pig
behaviors, to evaluate the performance of each detector in pig behaviors
tracking. we compared the performance of the three methods without
and with behaviors classification under different lighting conditions.
The results show that YOLOv5-Byte performs best compared to the other
two methods. Finally, we selected YOLOv5-Byte as the behavioral sta-
tistics method. In the experiments of pig behaviors classification, we
found that the tracking performance slightly decreased compared to
tracking pigs without behaviors classification, but it did not have a
significant impact. In experiments with different lighting conditions,
YOLOvV5-Byte achieved the best performance compared to the other two
methods. In the statistical analysis of pig behaviors, we proposed a BTA
metrics to evaluate pig behaviors tracking performance and BTA of
YOLOvV5-Byte exceeded 80 %. The proposed model can provide real-time
analysis of pig behaviors and effectively support monitoring in large-
scale pig farms.
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convolutional neural networks (MS-FRCNN) approach using the celor and depth images acquired with an RGB-D
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methods are explored for combining the RGB and depth detector. The detection framewark was demonstrated and
evaluated on two datasets that include passion fruit images under variable illumination conditions and occlusion,
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Abstract

The accurate and reliable fruit detection in orchards is one of the most crucial tasks for
supporting higher level agriculture tasks such as yield mapping and robotic harvesting.
However, detecting and counting small fruit is a very challenging task under variable
lighting conditions, low-resolutions and heavy occlusion by neighboring fruits or foliage.
To robustly detect small fruits, an improved method is proposed based on multiple scale
faster region-based convolutional neural networks (MS-FRCNN) approach using the color
and depth images acquired with an RGB-D camera. The architecture of MS-FRCNN is
improved to detect lower-level features by incorporating feature maps from shallower con-
volution feature maps for regions of interest (ROI) pooling. The detection framework con-
sists of three phases. Firstly, multiple scale feature extractors are used to extract low and
high features from RGB and depth images respectively. Then, RGB-detector and depth-
detector are trained separately using MS-FRCNN. Finally, late fusion methods are explored
for combining the RGB and depth detector. The detection framework was demonstrated
and evaluated on two datasets that include passion fruit images under variable illumination
conditions and occlusion. Compared with the faster R-CNN detector of RGB-D images, the
recall, the precision and F1-score of MS-FRCNN method increased from 0.922 to 0.962,
0.850 to 0.931 and 0.885 to 0.946, respectively. Furthermore, the MS-FRCNN method
effectively improves small passion fruit detection by achieving 0.909 of the F1 score. It is
concluded that the detector based on MS-FRCNN can be applied practically in the actual
orchard environment.

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

Passion fruit is popularly grown in the tropics and sub-tropics, and valued for its captivat-
ing flavour, nutritional benefits and medicinal properties (Pongener et al. 2014). There has
been continuous increase in its area and production in China. Early yield estimation of
immature green fruit is critical for supporting higher level agriculture tasks for robotic har-
vesting. It may also help growers to identify growth conditions of immature passion fruit
and thus implement precise site-specific fertilization based on their conditions and allocate
labor based on yield maps (Han et al. 2016; Hini et al. 2019; Chen et al. 2017). Detection
and counting of immature green passion fruit are essential steps in creating yield maps. So,
there is an increasing demand for automatic detection of fruit and creating accurate early
yield maps at the immature green stage from tree canopy images of passion fruit.
Computer vision may provide a promising tool for agricultural machinery-based fruit
detection and counting of various types of fruit. For fruit detecting, most studies have
been conducted to increase fruit detection accuracies and improve robustness to variable
lighting conditions and occlusions. The fusion of blob analysis and the Circular Hough
Transform (CHT) method was developed by Gongal et al. (2016) for apple detection under
the occlusion of fruit in canopy images by leaves, branches, and other fruits. The method
achieved an accuracy of 0.82 on estimating crop load on trees with dual side imaging. The
Faster R-CNN was developed and used by Bargoti and Underwood (2017) for fruit detec-
tion, including mangoes, almonds, and apples on outdoor orchard images. A framework
was presented by Stein et al. (2016) to identify, track, and localize mango. Fruits were
detected on the test set using a state-of-the-art faster R-CNN detector with a F1 score of
0.89. A method was designed by Lu et al. (2018) to detect the immature green citrus fruit
images under occlusions with F1=0.813 based on local binary pattern (LBP) features and
adaptive boosting (AdaBoost) technology. To reduce the influence of insufficient light on
the segmentation result, a global monomorphic filter was used to conduct image enhance-
ment, 93% of apples were accurately identified in 50 images with uneven illumination dis-
tribution (Xu and Lv 2017). A deep semantic segmentation architecture (MangoNet) which
was a deep convolutional neural network used semantic segmentation was proposed for
detection and counting of mangoes in an open mango field. The MangoNet was capable
of segmenting images of different input sizes, which displayed robustness to various con-
ditions of illumination, scale mango density and occlusion (Kestur et al. 2019). For fruit
counting, an end-to-end computer vision system was developed by incorporating a fully
convolutional network (FCN) to detect a variety of apples under different lighting condi-
tions and estimate fruit counts from apple clusters having arbitrarily complex geometry.
The yield estimation system achieved an overall accuracy of 0.912-0.948 across differ-
ent datasets. Héni et al. (2019) proposed three methods for apple detection and counting
based on recent deep learning approaches and classical methods. These methods achieved
remarkable yield accuracies ranging from 0.956 to 0.978. A fruit detection and counting
method was proposed by Chen et al. (2017) based on a deep learning strategy for variable
unstructured environments Song et al. (2014). proposed a two-step method for recognizing
and counting pepper fruits in cluttered greenhouses, which obtained a strong correlation of
0.946 with manual counting data. MangoYOLO was developed by A. Koirala et al. (2019a,
b) based on features of YOLOvV3 and YOLOV2 for mango fruit, which achieved a F1 score
of 0.968 and average precision of 0.983 on a test set independent of the training set with a
detection speed of 8 ms per 512512 pixel image tile. However, due to the occlusion of
the target fruits by foliage, branches or other fruits and the non-uniform and unstructured
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environment (Anand Koirala et al. 2019a, b; Gongal et al. 2015), recognizing and counting
fruits on tree canopy is a key challenge in developing yield estimation systems.

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

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

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

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

Materials and methods
RGB-D image acquisition

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

Among the 2275 RGB-D images of passion fruit acquired, 1900 RGB-D images were
randomly selected to generate the training dataset and the validation dataset used dur-
ing creation of model, and the other 100 RGB-D images formed the extra test dataset
for different model comparisons. The rest of the 275 RGB-D images formed the dataset
including small objects fruit for testing yield estimation system. An example image of
these classes is shown in Fig. 1, where (a) shows an RGB image with 1 920X 1 080 pix-
els and (b) shows the corresponding depth image with 512424 pixels, under normal
illumination. The depth image in Fig. 1c was pre-processed by applying image enhance-
ment and the median filter, to smooth the objects’ contours in the target image and to
remove the noise interference.

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

Overview of the proposed algorithm

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

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

Fig. 1 An RGB image and the corresponding depth image. a The RGB image, b the depth image and ¢ the
pre-processed depth image
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Fig.2 Flow chart of the detection algorithm based on RGB-D images

Data augmentation

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

The basic Faster R-CNN algorithm

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

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

Type of images Original data Augmented data Number of images in ~ Number of
training set images in test
set
RGB 1900 8 651 6055 2596
Depth 1900 3352 2346 1 006
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from the final convolutional layer is a high- dimensional feature map, which is then
connected to two sibling layers including a box-regression layer and a box-classifica-
tion layer. These layers define the RPN, and they detect and classify Regions of Interest
(Rols) in the image. The Rols are subsequently propagated through the fully-connected
layers which refine their object probability and associated bounding box label. The out-
put from the network is a set of bounding boxes withprobability of fruit. To these, a
probability threshold is applied, followed by non-maximum suppression (NMS) where
a bounding box with the maximum classification score is selected and its neighboring
boxes are suppressed to handle overlapping detections.

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

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

To deal with different scales and aspect ratios of objects, anchors are introduced in
the RPN. For k region proposals, these region proposals are parameterize relative to k
reference boxes, called anchors. An anchor is at each sliding location of the convolu-
tional maps and thus at the center of each spatial window. Each anchor is associated
with a scale and an aspect ratio. The scales (322, 64,1282, 2562, and 5122 pixels) and
three aspect ratios (1:1, 1:2, and 2:1), leading to use of k=15 anchors at each location
in the study.

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

Bounding box
Fe7 NMS B1

Y I Cls1 score
| P(X1|B1)
|
Bounding box || Bounding box
prediction || B2
i | I f A N B ClsTscore |
Class P(X2[B2)
probability || -
T T -
Output | ) =
a Bounding box
Bk

Softmax v L B
| P(Xk|BK)

Feature map Rol pooling

Depth image

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

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

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

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

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

[P AAS ES AN S A AN A = |
top-down I

-7

lateral
connections

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

Fusion of RGB and depth detector

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

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

PreaPp =0
p=3wp+ (1= Dpreapp # 0 Aprgs # 0 1)
PpPree =0

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

Implementation details

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

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

.. TP TP 2 x Precision * Recall
Precision = ———, Recall = ———— = - )
TP + FP TP + FN Precison + Recall

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

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

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

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

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

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

Type of Feature Correctly Missed Incorrectly Precision “Recall F1 "Detection
detector extractor identified  fruit identified speed(s)
(TP) (FN) (FP)
RGB ResNet-50- 930 78 98 0.904 0.923 0913 0.122
MSFE
ResNet-101- 932 76 96 0.907 0925 0916 0.175
MSFE
Depth ResNet-50- 434 93 98 0.816 0.824  0.819 0.101
MSFE
ResNet-101- 445 82 87 0.837 0.845 0.841 0.145
MSFE

*Recall is the ratio of the number of correct detections to that of annotated passion fruits. The total number
of annotated fruits in the RGB and Depth images are 1008 and 527

"Detection speed is the average processing speed (frames per second) for the extra validation dataset con-
taining 100 images

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

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

Fig.5 Precision-recall curves The precision-recall curves of RGB and Depth detector
RGB and Depth detector using 1.0
ResNet-50-MSFE and ResNet-
101-MSFE
0.8
Z 0.6 1 —— Depth-ResNet50-MSFE
& —— Depth-ResNet101-MSFE
g —— Color-ResNet50-MSFE
& 0.4 ] — Color-ResNet101-MsFE
0.2
0.0 - - , ;
0.0 0.2 0.4 0.6 0.8 1.0

RECALL
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PF 05F 0.92

Fig.6 Detection results of passion fruit in RGB-D data under different light. a Weak illumination b normal
illumination ¢ bright light

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

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

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

Examples are shown in Fig. 7, in which confirmed fruit regions are marked with red rec-
tangles by RGB & depth images and confirmed fruit regions are marked using blue rectan-
gles by fusing RGB and depth images. RGB detector can usually achieve better detection
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Table 3 Precision and recall from the detections after information fusion of color and depth images

Manual Correctly Missed Incorrectly Precision Recall F1
fruit count identified (TP)  fruit (FN) identified (FP)

1020 950 70 38 0.962 0.931 0.964

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

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

(a) (b) (c)

Fig.7 Three detection results examples after information fusion. The images a show the results from Faster
R-CNN detection in the RGB images. The images b are the corresponding depth images. The images ¢ are
the detection results after information fusion. In ¢, blue rectangles are confirmed fruit locations from RGB
and depth images
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Performance evaluation of passion fruit detection under occlusion and overlap
conditions

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

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

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

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

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

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

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

Output label Manual Correctly Missed Incorrectly Precision  Recall F1
fruit count  identified fruit (FN) identified (FP)
(TP)
Non-overlapped 643 625 18 25 0.962 0.972 0.967
Occlusion 311 285 26 45 0.864 0.916 0.889
Overlapped 54 40 14 12 0.769 0.741 0.755
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Fig.8 Examples of passion fruit detection by RGB for non-overlapped, occlusion and overlapped condi-
tions. a No overlap, b a relatively strong occlusion, ¢ a relatively strong overlap. The red rectangles with
solid line, blue rectangles with dashed line and yellow rectangles with dotted line indicate the three classes
(No overlap, occlusion and overlap), respectively

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

Method Correctly iden- Missed Incorrectly Precision Recall F1
tified (TP) fruit (FN)  identified (FP)

MS-FRCNN 6 205 827 409 0.938 0.882 0.909
Faster 6 053 979 639 0.905 0.861 0.882
R-CNN(ResNet101)

Some examples are shown in Fig. 9. These test data were collected far from the acquisi-
tion equipment, so fruit objects are small in the image for yield estimation. The bounding
boxes marked in red in Fig. 9 refer to the detection results. The dense small fruit objects
(e.g., Fig. 9a, b) can be well detected within 5 meters from the camera under normal illu-
mination. Furthermore, many small passion fruits in the range of pixels [20x20, 50x 50]
can be correctly detected under normal and weakly illumination. For fruits with resolution
less than 10 % 10 pixels, there were some omissions and errors in the MS-FRCNN method.

Result comparison with other three methods

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

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

Table 6 Comparison of results

for the MS-FRCNN and other Approach Precision  Recall Fl Detection

three methods on RGB-D images speed (5)
HOG + Adaboost 0.927 0.605 0.733  0.215
HOG +SVM 0.851 0.619  0.717 0.504
Faster R-CNN(VGG-16)  0.922 0.850  0.885 0.072
The MS-FRCNN 0.962 0931 0946 0.175

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

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

Discussion

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

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

Conclusions and future perspectives

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

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

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

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

Further improvement will be considered by exploring more effective detection model
such as YOLO-V3 in videos by incorporating adversarial learning strategies (Goodfel-
low et al. 2014) for recognizing passion fruits with less time to locate fruits with higher
precision for yield estimation, especially for those fruits that grow in dense clusters. The
adversary nets framework creates examples on the outdoor scene with different occlu-
sions and deformations, such that these occlusions/deformations make it difficult for
original object detector to classify. In addition, the detection performance of passion
fruit in different growth stages will be involved and analyzed.

Acknowledgements This work was supported by the Science and Technology Planning Project of Guang-
dong Province (2015A020224038 and 2015A020209148), and the National Natural Science Foundation of
China (31600591 and 61772209).

References

Alom, M. Z., Yakopcic, C., Hasan, M., Taha, T. M., & Asari, V. K. (2019). Recurrent residual U-Net for
medical image segmentation. Journal of medical imaging (Bellingham, Wash.), 6(1), 014006. https
://doi.org/10.1117/1.Jmi.6.1.014006.

Bargoti, S., & Underwood, J. (2017). Deep fruit detection in orchards. In Proceedings of the IEEE
International Conference on Robotics & Automation (pp. 3626-3633, https://doi.org/10.1109/
ICRA.2017.7989417.

Cai, Z. W., Vasconcelos, N., & IEEE. (2018). Cascade R-CNN: Delving into High Quality Object Detection.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (pp. 6154-6162,). New York: IEEE.

Chen, S. W., Skandan, S. S., Dcunha, S., Das, J., Kumar, V. J. I. R., & Letters, A. (2017). Counting
apples and oranges with deep learning: A data driven approach. IEEE Robotics and Automation
Letters, 2(2), 781-788.

Dalal, N., Triggs, B., & Schmid, C. (2006). Human detection using oriented histograms of flow and
appearance. In Proceedings of the European Conference on Computer Vision (pp. 886—893, https://
doi.org/10.1007/11744047_33. Graz, Austria.

Deng, J., Dong, W., Socher, R., Li, L. J., & Li, F. F. (2009). ImageNet: A Large-Scale Hierarchical
Image Database. In Proceedings of the IEEE Computer Society Conference on Computer Vision
and Pattern Recognition (pp. 248-255, https://doi.org/10.1109/CVPR.2009.5206848.

Eggert, C., Brehm, S., Winschel, A., Dan, Z., & Lienhart, R .(2017). A closer look: Small object detec-
tion in faster R-CNN. In Proceedings of the 2017 IEEE International Conference on Multimedia
and Expo (ICME) (pp. 421-426, https://doi.org/10.1109/ICME.2017.8019550.

Gan, H., Lee, W. S., Alchanatis, V., Ehsani, R., & Schueller, J. K. (2018). Immature green citrus fruit
detection using color and thermal images. Computers and Electronics in Agriculture, 152, 117—
125. https://doi.org/10.1016/j.compag.2018.07.011.

Gené-Mola, J., Vilaplana, V., Rosell-Polo, J. R., Morros, J.-R., Ruiz-Hidalgo, J., & Gregorio, E. (2019).
Multi-modal deep learning for Fuji apple detection using RGB-D cameras and their radiometric
capabilities. Computers and Electronics in Agriculture, 162, 689—-698. https://doi.org/10.1016/].
compag.2019.05.016.

@ Springer


https://doi.org/10.1117/1.Jmi.6.1.014006
https://doi.org/10.1117/1.Jmi.6.1.014006
https://doi.org/10.1109/ICRA.2017.7989417
https://doi.org/10.1109/ICRA.2017.7989417
https://doi.org/10.1007/11744047_33
https://doi.org/10.1007/11744047_33
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1109/ICME.2017.8019550
https://doi.org/10.1016/j.compag.2018.07.011
https://doi.org/10.1016/j.compag.2019.05.016
https://doi.org/10.1016/j.compag.2019.05.016

1090 Precision Agriculture (2020) 21:1072-1091

Gongal, A., Amatya, S., Karkee, M., Zhang, Q., & Lewis, K. (2015). Sensors and systems for fruit detec-
tion and localization: A review. Computers and Electronics in Agriculture, 116, 8—19.

Gongal, A., Silwal, A., Amatya, S., Karkee, M., Zhang, Q., & Lewis, K. (2016). Apple crop-load esti-
mation with over-the-row machine vision system. Computers and Electronics in Agriculture, 120,
26-35. https://doi.org/10.1016/j.compag.2015.10.022.

Goodfellow, I. J., Pouget-Abadie, J., Mirza, M., Bing, X., Warde-Farley, D., Ozair, S., et al. (2014).
Generative adversarial nets. In Proceedings of the International Conference on Neural Information
Processing Systems (pp. 2672-2680).

Han, L., Lee, W. S., & Wang, K. J. P. A. (2016). Immature green citrus fruit detection and counting
based on fast normalized cross correlation (FNCC) using natural outdoor colour images. Precision
Agriculture, 17(6), 1-20.

Hini, N., Roy, P., & Isler, V. (2019). A comparative study of fruit detection and counting methods for
yield mapping in apple orchards. Journal of Field Robotics,. https://doi.org/10.1002/rob.21902.

He, K., Zhang, X., Ren, S., & Jian, S. (2016). Identity mappings in deep residual networks. In Proceed-
ings of the European Conference on Computer Vision (pp. 630-645, https://doi.org/10.1007/978-3-
319-46493-0_38.

Kestur, R., Meduri, A., & Narasipura, O. (2019). MangoNet: A deep semantic segmentation architecture
for a method to detect and count mangoes in an open orchard. Engineering Applications of Artifi-
cial Intelligence, 77, 59—69. https://doi.org/10.1016/j.engappai.2018.09.011.

Kisantal, M., Wojna, Z., Murawski, J., Naruniec, J., & Cho, K. (2019). Augmentation for small object
detection. Computer Vision and Pattern Recognitionar. https://arxiv.org/abs/1902.07296.

Koen, B. V. (1985). Definition of the Engineering Method. ASEE Publications, Suite 200, 11 Dupont
Circle,Washington, DC 20036: ASEE Publications.

Koirala, A., Walsh, K. B., Wang, Z., & McCarthy, C. (2019a). Deep learning—Method overview and
review of use for fruit detection and yield estimation. Computers and Electronics in Agriculture,
162, 219-234. https://doi.org/10.1016/j.compag.2019.04.017.

Koirala, A., Walsh, K. B., Wang, Z., & McCarthy, C. (2019b). Deep learning for real-time fruit detection
and orchard fruit load estimation: Benchmarking of ‘MangoYOLO’. Precision Agriculture, 20(6),
1107-1135. https://doi.org/10.1007/s11119-019-09642-0.

Le, T. H. N., Zheng, Y., Zhu, C., Luu, K., & Savvides, M. (2016). Multiple Scale Faster-RCNN approach
to driver’s cell-phone usage and hands on steering wheel detection. Proceedings of the Computer
Vision and Pattern Recognition Workshops. https://doi.org/10.1109/CVPRW.2016.13.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436—444. https://doi.
org/10.1038/nature14539.

Lin, T. Y., Maire, M., Belongie, S., Bourdev, L., Girshick, R., Hays, J., et al. (2014). Microsoft COCO:
Common objects in context. In Proceedings of the European Conference on Computer Vision (pp.
740-755, https://doi.org/10.1007/978-3-319-10602-1_48.

Lin, T. Y., Dollar, P., Girshick, R., He, K., & Belongie, S. (2017). Feature pyramid networks for object
detection. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (pp.
2117-2125, https://doi.org/10.1109/CVPR.2017.106.

Lu, J., Lee, W. S, Gan, H., & Hu, X. (2018). Immature citrus fruit detection based on local binary pat-
tern feature and hierarchical contour analysis. Biosystems Engineering, 171, 78-90. https://doi.
org/10.1016/j.biosystemseng.2018.04.009.

Pongener, A., Sagar, V., Pal, R. K., Asrey, R., Sharma, R. R., & Singh, S. K. (2014). Physiological and qual-
ity changes during postharvest ripening of purple passion fruit (Passiflora edulis Sims). Fruits, 69(1),
19-30. https://doi.org/10.1051/fruits/2013097.

Ren, W, Yan, S., Yi, S., Dang, Q., & Gang, S. (2015). Deep image: Scaling up image recognition. Com-
puter Science. https://doi.org/10.1038/nature0693.

Romberg, S., Pueyo, L. G., Lienhart, R., & Zwol, R. V. (2011). Scalable logo recognition in real-world
images. In Proceedings of the Ist International Conference on Multimedia Retrieval. https://doi.
org/10.1145/1991996.1992021.

Sa, I, Ge, Z., Dayoub, F., Upcroft, B., Perez, T., & McCool, C. (2016). DeepFruits: A fruit detection system
using deep neural networks. Sensors (Basel), 16(8), 1222. https://doi.org/10.3390/s16081222.

Simard, P., Steinkraus, D., & Platt, J. C. (2003). Best practices for convolutional neural networks applied
to visual document analysis. In 7th International Conference on Document Analysis and Recognition
(ICDAR 2003), (Vol. 2, pp. 958-962). Edinburgh, Scotland, UK.

Song, Y., Glasbey, C. A., Horgan, G. W., Polder, G., Dieleman, J. A., & van der Heijden, G. W. A. M.
(2014). Automatic fruit recognition and counting from multiple images. Biosystems Engineering, 118,
203-215. https://doi.org/10.1016/j.biosystemseng.2013.12.008.

@ Springer


https://doi.org/10.1016/j.compag.2015.10.022
https://doi.org/10.1002/rob.21902
https://doi.org/10.1007/978-3-319-46493-0_38
https://doi.org/10.1007/978-3-319-46493-0_38
https://doi.org/10.1016/j.engappai.2018.09.011
https://arxiv.org/abs/1902.07296
https://doi.org/10.1016/j.compag.2019.04.017
https://doi.org/10.1007/s11119-019-09642-0
https://doi.org/10.1109/CVPRW.2016.13
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1016/j.biosystemseng.2018.04.009
https://doi.org/10.1016/j.biosystemseng.2018.04.009
https://doi.org/10.1051/fruits/2013097
https://doi.org/10.1038/nature0693
https://doi.org/10.1145/1991996.1992021
https://doi.org/10.1145/1991996.1992021
https://doi.org/10.3390/s16081222
https://doi.org/10.1016/j.biosystemseng.2013.12.008

Precision Agriculture (2020) 21:1072-1091 1091

Stein, M., Bargoti, S., & Underwood, J. (2016). Image based mango fruit detection, localisation and yield
estimation using multiple view geometry. Sensors (Basel), 16(11), 1915. https://doi.org/10.3390/s1611
1915.

Tu, S., Xue, Y., Zheng, C., Qi, Y., Wan, H., & Mao, L. (2018). Detection of passion fruits and maturity
classification using Red-Green-Blue Depth images. Biosystems Engineering, 175, 156-167. https://doi.
org/10.1016/j.biosystemseng.2018.09.004.

Vitzrabin, E., & Edan, Y. (2016). Adaptive thresholding with fusion using a RGBD sensor for red
sweet-pepper detection. Biosystems Engineering, 146, 45-56. https://doi.org/10.1016/j.biosystems
eng.2015.12.002.

Xu, L., & Lv, J. (2017). Recognition method for apple fruit based on SUSAN and PCNN. Multimedia Tools
and Applications, 77(6), 7205-7219. https://doi.org/10.1007/s11042-017-4629-6.

Yang, L., Zhang, L. Y., Dong, H. W., Alelaiwi, A., & El Saddik, A. (2015). Evaluating and improving
the depth accuracy of kinect for windows v2. IEEE Sensors Journal, 15(8), 4275-4285. https://doi.
org/10.1109/jsen.2015.2416651.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

2.3 Behavior Tracking and Analyses of Group-Housed Pigs Based
on Improved ByteTrack

@ Springer


https://doi.org/10.3390/s16111915
https://doi.org/10.3390/s16111915
https://doi.org/10.1016/j.biosystemseng.2018.09.004
https://doi.org/10.1016/j.biosystemseng.2018.09.004
https://doi.org/10.1016/j.biosystemseng.2015.12.002
https://doi.org/10.1016/j.biosystemseng.2015.12.002
https://doi.org/10.1007/s11042-017-4629-6
https://doi.org/10.1109/jsen.2015.2416651
https://doi.org/10.1109/jsen.2015.2416651

Impact Factor 2.7

animals CiteScore 4.9

Indexed in PubMed

ISSN 2076-2615

The Influence of Diet on
Captive-Reared Blue Crabs:
A Focus on Reproduction

Volume 14 - Issue 22 November-2 2024

A

¥

|

J

f
i
i
4



ELQ%@.@J;

Report Information from ProQuest
July 142025 08:45

EI_Q%-—@_SE F1 PROQUEST.COM “L B[ty PDF



BHx

Effect of Dietary Concentrate-to-Forage Ratios During the Cold Season on Slaughter Performance, Meat
Quality, Rumen Fermentation and Gut Microbiota of TIDetan SNEEP......c..ccoivivrineineiee e 1

Comparative Analysis of Acute-Phase Protein Profiles in Cats Undergoing Ovariectomy: Laparoscopic vs.

Conventional Surgery in Short Time After PrOCEAUIE. ..o 3
Evaluating the Pathogenic Potential of IgE Targeting Cross-Reactive Carbohydrate Determinants in Dogs........ 5
Effects of Different Levels of Antarctic Krill Oil on the Ovarian Development of Macrobrachium rosenbergii...... 7

Spatial Ecology of a Resident Avian Predator During the Non-Breeding Period in Managed Habitats of
SOUTNEASTEIN FUTOD ... 9

Association Between Hyperlipidaemia and Selected Cholestatic Markers in 74 Dogs with Suspect Acute

P N T BTITIS s 11
Identification of Recombinant Aichivirus D in Cattle, taly.....o...cooiiiie e 13
Linkage Disequilibrium Decay in Selected Cattle Bre@ds.........coiiiiseeeee e 15
Lactiplantibacillus plantarum Ameliorated Morphological Damage and Barrier Dysfunction and Reduced

Apoptosis and Ferroptosis in the Jejunum of Oxidatively Stressed PIglets. ..., 17
Impact of Supplemented Nutrition on Semen Quality, Epigenetic-Related Gene Expression, and Oxidative

SEATUS TN BOAIS. e 19
Level of Necrosis in Feline Mammary Tumors: How to Quantify, Why and for What Purpose?..........ccccovvvcerrevenne. 21

Optimal Computed Tomographic Arthrography Protocol for Stifle Ligamentous Structure and Menisci in

Dogs 24
Antimicrobial Usage Monitoring Systems and Stewardship of Antimicrobials in Animal Health.........cccccccooeeveeene. 26
Molecular Detection and Genotyping of Chlamydia psittaci in Birds in Buenos Aires City, Argentina........c.......... 28
Comparison of High n-3 PUFA Levels and Cyclic Heat Stress Effects on Carcass Characteristics, Meat Quality,

and Oxidative Stability of Breast Meat of Broilers Fed Low- and High-Antioxidant DietS.........cccocovvorieriioniinnienens 30
Brighton v RSPCA NSW : Appeals and LeSSONS FOUT YEAIS ON........vciviirrirriiresecsresssssesesssessssesssssss s 32

Modulation of Canine Gut Microbiota by Prebiotic and Probiotic Supplements: A Long-Term In Vitro Study
Using a Novel Colonic FErmentation MOGE ..o 34

The Interaction of Microalgae Dietary Inclusion and Forage-to-Concentrate Ratio on the Lipid Metabolism-
Related Gene Expression in Subcutaneous Adipose Tissue of Dairy GOALS........co..ovvvrvierioneeioeseeeieeessseon 36

Livestock Biosecurity from a One Health PErSPECTIVE. ..o 38

Barriers to the Implementation of Max-Profit and Stochastic Feed Formulation Strategies: A Survey of the

AUSETALIAN POUINY INAUSTINY .o 39
Expert Consultation: Factors Influencing End-of-Life Decision-Making for Dairy Cattle Across the United

States Supply

MM s 41
Characterization and Potential Application of Phage vB_PmuM_CFP3 for Phage Therapy Against Avian
PASTEUIEIIA MUITOCIAA. ... 43
Boiling Time to Estimated Stunning and Death of Decapod Crustaceans of Different Sizes and Shapes............. 46

Effects of a Gastroscopic Procedure on Salivary Cortisol Release and Fecal Cortisol Metabolites in Young
RACENOTSES .ttt 48



BHx

The Pharmacokinetics of A 9 -Tetrahydrocannabinol in SHEEP ... 50
Natural Co-Infections of Aeromonas veronii and Yellow Catfish Calicivirus (YcCV) in Ascites Disease Outbreaks

in Cultured Yellow Catfish: An Emerging Fish Disease in ChING.......ccooiiiiiiienieeeseeeeee e 52
Behavior Tracking and Analyses of Group-Housed Pigs Based on Improved ByteTrack.......c.cooovvoorivcinniionrinnenn. 54

Exploring Photoreceptor Gene Expression and Seasonal Physiology in Mediterranean Swordfish ( Xiphias
BLAGIUS )ttt 56

Effect of the Lactation Phases on the Amplitude of Variation in Blood Serum Steroid Hormones and Some
Hematochemical Analytes in Three Dairy COW Bre@aS. ... 58

Exploring the In Vitro Effects of Cassava Diets and Enterococcus Strains on Rumen Fermentation, Gas

Production, and Cyanide CONCENTIIAtIONS. .......ovvrieie s 60
Impact of Growth Rate on the Welfare Of Broilers. ... 62
Talking Dogs: The Paradoxes Inherent in the Cultural Phenomenon of Soundboard Use by Dogs..........ccco..eu...... 64

Evaluation of Nutritional and Health Status in Captive Eastern Indigo Snakes ( Drymarchon couperi) in
Response to Formulated SAUSAZE DIET.........oviiiiie s 66

From Gene to Protein: Unraveling the Reproductive Blueprint of Male Grey Squirrels via Nerve Growth Factor
(NGF) @nd COZNALE RECEPIOIS......ouieiiiieie s 68

Effect of Oat Hay as a Substitute for Alfalfa Hay on the Gut Microbiome and Metabolites of Yak Calves.............. 70

Sustainable Ecosystem Management Strategies for Tackling the Invasion of Blackchin Tilapia ( Sarotherodon
melanotheron ) in Thailand: Guidelines and ConSIAEratioNS. ... oo 72

Effect of Subconjunctival Injection of Canine Adipose-Derived Mesenchymal Stem Cells on Canine
Spontaneous Corneal EPIthelial DEFECES. ... 75

Genetic Diversity, Runs of Homozygosity, and Selection Signatures in Native Japanese Chickens: Insights
from Single-Nucleotide POLYMOIPRISIIS. ... 78

Comparative Efficacy of Plant Extracts and Probiotics on Growth and Gut Health in Chickens with Necrotic

TS e 80
Recognition of Sheep Feeding Behavior in Sheepfolds Using Fusion Spectrogram Depth Features and

ACOUSTIC FOATUIES ... 82
Food and Waterborne Cryptosporidiosis from a One Health Perspective: A Comprehensive Review................ 84
First Detection of Lactococcus petauri in Domestic DOS IN [LalY.......viviiriicri oo 86

Percutaneous Ultrasound-Guided Radiofrequency Ablation as a Therapeutic Approach for the Management
of Insulinomas and Associated Metastases iN DOGS. ... 88

Characterization of Pseudomonas aeruginosa Isolated from Bovine Mastitis in Northern Jiangsu Province

and Correlation to Drug Resistance and Biofilm FOrmability.......c..ccoovoiroriiiioieeeeesee e 90
Effects of 1-Deoxynojirimycin Extracts of Mulberry Leaves on Oxidative Stress and the Function of the

Intestinal Tract in Broilers INAUCEd DY H 2 O 2. 92
Helminth Parasites of Invasive Freshwater Fish in LithUANIa......co.coovorvoiioeeeeeeeee e 95

Distinguishing Doors and Floors on All Fours: Landmarks as Tools for Vertical Navigation Learning in
Domestic DOZS ((CaniS fAMIIIATIS ..o 96

Serum Vitamin D Level Is Unchanged in EQUINE ASTRMa. ... 98



BHx

Efficacy and Safety of a Diet Enriched with EPA and DHA, Turmeric Extract and Hydrolysed Collagen in
Management of Naturally Occurring Osteoarthritis in Cats: A Prospective, Randomised, Blinded, Placebo-
and Time-Controlled

STUAY ot 100
Molecular and Serological Findings in Sheep During Two Coxiella burnetii Outbreaks in Sicily (Southern Italy) 102
Learning to Hunt on the Go: Dietary Changes During Development of Rhinolophid Bats...........cccoocooviiiniiccirci 105
Monitoring Multiple Behaviors in Beef Calves Raised in Cow-Calf Contact Systems Using a Machine Learning
AADPTOBCN e 106
The Vaginal Microbiome of Mares on the Post-Foaling Day Under Field CoNditionS. ..., 108
A Survey on Companion Animal Owners’  Perception of Veterinarians’ Communication About Zoonoses

and Antimicrobial ReSISTANCE IN GEIMBNY ..ot 110
Effects of Acorns on Fatty Acid Composition and Lipid Metabolism in Adipose Tissue of Yuxi Black Pigs............ 113

Research Progress on the Impact of Human Chorionic Gonadotropin on Reproductive Performance in Sows. 114

Effective Survey Methods for the Elusive Data Deficient Black Flying Squirrel ( Aeromys tephromelas ) in
Sabah, Malaysia Facilitate First VOCalisation RECOIT........coo.iiiiirieee e 116

Mitigating the Effects of Maternal Loss on Harbour Seal Pups in Captive Care. ... 118

Comparison Between Medetomidine and a Medetomidine-Vatinoxan Combination on Cardiorespiratory
Variables in Dogs Undergoing Ovariectomy Anesthetized with Butorphanol, Propofol and Sevoflurane or

DESTIUTANE . 120
Energy Metabolite, Immunity, Antioxidant Capacity, and Rumen Microbiota Differences Between Ewes in Late
Gestation Carrying Single, Twin, and Triplet FETUSES. ... 122
Effect of Body Size on Plasma and Tissue Pharmacokinetics of Danofloxacin in Rainbow Trout

ONCOMNYNCAUS MIYKISS ). 124
Regulation of Colonic Inflammation and Macrophage Homeostasis of IFN-y-Primed Canine AMSCs in
EXPEIMENTAL COITIS TN IHCE. ..o 126
The mRNAN 6 -Methyladenosine Response to Dehydration in Xen0opus l@EVIS. ..., 128

Occurrence and Genotypic Identification of Blastocystis spp. and Enterocytozoon bieneusi in Bamaxiang
Pigs in Bama Yao Autonomous County of Guangxi Province,

Differences in the Impact of Left Ventricular Outflow Tract Obstruction on Intraventricular Pressure Gradient
in Feline Hypertrophic CardiomyOPatiy.......coo oo 132

The Role of Dietary Fatty Acids in Modulating Blue Crab ( Callinectes sapidus ) Physiology, Reproduction, and
QUALTEY TrAItS I CAPTIVITY ot 134

Validating Ultra-Wideband Positioning System for Precision Cow Tracking in a Commercial Free-Stall Barn.... 136

Canonical Correlation of Milk Composition Parameters and Blood Biomarkers in High-Producing Dairy Cows
DUTING DIfferent LACTAtION STAZES... ... 138

Growth Performance, Carcass Quality, and Lipid Metabolism in Krkopolje Pigs and Modern Hybrid Pigs:
Comparison of Genotypes and Evaluation of Dietary Protein RedUCTION. .......covvovvevveeveees e 141

Farm and Animal Factors Associated with Morbidity, Mortality, and Growth of Pre-Weaned Heifer Dairy Calves
TN SOUENEIN BIAZIL... e ettt ettt 143



BHx

The Accessory Olfactory Bulb in Arvicola scherman : A Neuroanatomical Study in a Subterranean Mammal.... 145

Measuring and Modeling Mechanical Ventilation for Long-Term Environmental Monitoring in Large
CoOMMETCIAl LAYING HENM HOUSE ... 147

Intestinal Incarceration and Strangulation by the Median Ligament of the Urinary Bladder in a Dog................... 149

Effects of Genetic Polymorphism in the IFI27 Gene on Milk Fat Traits and Relevance to Lipid Metabolism in
Bovine Mammary EPItNEHAL COIIS. ..o 151

Biomechanical Evaluation of a Novel Ceramic Implant for Canine Cranial Cruciate Ligament Rupture
Treatment: A Finite Element Analysis ADDIOACH . ... 153

Evaluation of Recovery Time and Quality After Two Different Post-Operative Doses of Medetomidine in
Spanish Purebred Horses Anaesthetized with Medetomidine-Isoflurane Partial Intravenous Anaesthesia....... 155

In Situ Treatment of Refractory Perianal Fistulas in Dogs with Low-Dose Allogeneic Adipose-Derived

MESENCNYMAL SEEM CEIIS. ... 157
Effect of Different Dietary Doses of Black Soldier Fly Meal on Performance and Egg Quality in Free-Range

REATEA LAY ING HENS e 159
Evaluation of Apparent Metabolizable Energy and Apparent Illeal Amino Acid Digestibility of Spirulina (

Arthrospira platensis ) in Broiler Chickens and Laying HENS........coocviiiiriieese e 161
Sharks and Rays of Northern Australia” s Roper River, with a Range Extension for the Threatened Speartooth
SNATK GIYPINIS GIYPNIS. .. 163
Energy Expenditure and Maintenance Requirements in Non-Pregnant First-Parity SOWS. ..o, 165
A Comparative Metabolomics Study of the Potential Marker Compounds in Feces from Different Hybrid

OFfSPIING OF HUBINAN PIES. ..o 167
Encephalitozoon cuniculi Infection in Rabbits ( Oryctolagus cuniculus ): Data from an International Survey of
Exotic and Small ANIMal VEtEIINATIANS. ... s e 169
Modeling and Application of Temporal Correlation of Grain Temperature during Grain Storage...........coo.ccovveeee... 172

Comparative Accuracy of In Vitro Rumen Fermentation and Enzymatic Methodologies for Determination of
Undigested Neutral Detergent Fiber in Forages and Development of Predictive Equations Using NIRS.............. 174

Influence of Nitrogen Fertilizer Rate on Yield, Grain Quality and Nitrogen Use Efficiency of Durum Wheat (
Triticum durum Desf) under Algerian Semiarid CONAITIONS......c.civiiviriiieese s 177

Analysis of the Effect of Bivariate Fertilizer Discharger Control Sequence on Fertilizer Discharge Performance. 179
Nitrate Increases Aluminum Toxicity and Accumulation in ROOt Of Wheat........coovevvvevcoreiereeceses e 181

Effect of Total Mixed Ratio (TMR) Supplementation on Milk Nutritive Value and Mineral Status of Female
Camels and Their Calves ( Camelus dromedarius ) Raised under Semi Intensive System during Winter............. 183

Differences and Factors of Raw Milk Productivity between China and the United States.........ccccoooovvveriinriceri 186

R&D Performance Evaluation in the Chinese Food Manufacturing Industry Based on Dynamic DEA in the
COVID1 ET@. a2t 188

Effect of Mycorrhiza Fungi, Preceding Crops, Mineral and Bio Fertilizers on Maize Intercropping with Cowpea. 190

A Research on the Evaluation of China” s Food Security under the Perspective of Sustainable
Development—Based on an Entropy Weight TOPSIS MOGEL. ..o 192

Design of 6-DOF Tomato Picking LiftiNg PlatfOrm........ooi.oiiie e 194



BHx

Identification of Optimal Starting Time Instance to Forecast Net Blotch Density in Spring Barley with

MeteorologiCal Data in FINLANG. ... 197
In Arid Regions, Forage Mulching between Fruit Trees Rows Enhances Fruit Tree Light and Lowers Soil

Salinity 199
Analysis and Optimization Test of the Peanut Seeding Process with an Air-Suction Roller Dibbler..................... 201
A Novel Plug-in Board for Remote INSECt MONITOMNG.....vvuuuriieirriieeiieiiseesesrse s 203

Automated Behavior Recognition and Tracking of Group-Housed Pigs with an Improved DeepSORT Method. 205

A Practical Hybrid Control Approach for a Greenhouse Microclimate: A Hardware-in-the-Loop
Implementation 207

Effect of Relationship Quality in Collaboration and Innovation of Agricultural Service Supply Chain under

OMINI=CRENNELMOGEL ..ot 209
Technical Efficiency and Export Potential of the World Palm Oil Market...........ccooovooriioreieseseee e 211
ZnO Nanoparticle Size-Dependent Effects on Swiss Chard Growth and Nutritional Quality.......cccoccooeerieriierins 213
Design and Verification of Crab Steering System for High Clearance Self-Propelled Sprayer........coocoevirnrinnnee. 215

Nutrient Composition and Growth of Yellow Mealworm ( Tenebrio molitor ) at Different Ages and Stages of
TN IO CYCLO e 217

Does Digital Finance Increase Relatively Large-Scale Farmers’  Agricultural Income through the Allocation of
Production Factors? EVIdence from ChiNG.... ..o 220

Risk Assessment of Heavy Metals Contamination in Soil and Two Rice ( Oryza sativa L.) Varieties Irrigated with

PAPEN MILLEFFIUBNT. ..o s 222
Precision Agriculture in Brazil: The Trajectory of 25 Years of Scientific Research..........ccoccoiiniicnriisiicc, 224
Lightweight Corn Seed Disease Identification Method Based on Improved ShuffleNetV2.......c...ccooooovvvvivrrieriinnne. 227
Aquaculture Sustainability Assessed by Emergy Synthesis: The Importance of Water Accounting..........cco.......... 228

Better Performance of the Modified CERES-Wheat Model in Simulating Evapotranspiration and Wheat
Growth under Water Stress

COMTITIONS s 231
Evolutionary Game Analysis of Government and Enterprise Behavior Strategies in Public-Private-Partnership

FarmMIand CONSOUAGLION. coocvvueeeiei e 233
Deep Learning Ensemble-Based Automated and High-Performing Recognition of Coffee Leaf Disease.............. 236
The Sliding Frictional Properties of Untreated and Extrusion-Exploded Wheat and Rice Straw..........cccc.coovevvnee. 238
Approach of Al-Based Automatic Climate Control in White Button Mushroom Growing Hall...........ccco.coevvverrnnnne.. 240
Parameter Optimization and Experiment of a Seed Furrow Cleaning Device for No-Till Maize Seeding............... 242

Addressing Rural-Urban Income Gap in China through Farmers” Education and Agricultural Productivity
Growth via Mediation and INteraction EffECES..........ooiiiee e 244

Alternative Community-Based Village Development Strategies in Indonesia: Using Multicriteria Decision
AANBLYSIS. e 246

Spatial Distribution of Salmonella in Soil near Municipal Waste Landfill Site.........cccocooiioeiieiioiiioisceececeee 248



BHx

Effects of Body-Mounted Inertial Measurement Unit (IMU) Backpacks on Space Use and Behaviors of Laying
HENS TN @ PEICNEIY SYSTEM .ottt 250

CRISPR/Cas9 for Insect Pests Management: A Comprehensive Review of Advances and Applications................. 252

Research on Grape-Planting Structure Perception Method Based on Unmanned Aerial Vehicle Multispectral

IMAEES TN TN FIELA....ooe e 255
Analysis and Testing of Rigid-Flexible Coupling Collision Harvesting Processes in Blueberry Plants................... 257
Effects of Genotype and Diet on Performance, Carcass Traits, and Blood Profiles of Slow-Growing Chicks

Obtained by Crosses of Local Breed with Commercial GENOLYDE...........ovvriioiirieeeeieeeeeeeeeees e 259
Lagging behind the Joneses: Relative Deprivation and Household Consumption in Rural China.........ccccccoevevene. 261

The Effects of Irrigation, Topping, and Interrow Spacing on the Yield and Quality of Hemp ( Cannabis sativa
L.) Fibers in Temperate Climatic

CONAITIONS 1ttt 263
Brachiaria humidicola Cultivation Enhances Soil Nitrous Oxide Emissions from Tropical Grassland by

Promoting the Denitrification Potential: A 15 N Tracing STUAY........o.oivvorierieeies e 266
Impact of Cultivar, Processing and Storage on the Mycobiota of European Chestnut Fruits.........ccocoovoovvoniverenne. 268

Evaluating the Heterogeneous Impacts of Adoption of Climate-Smart Agricultural Technologies on Rural
HouSENOIAS™  WEIFArE IN Mali. ... 270

Analysis and Design of Operating Parameters of Floor-Standing Jujube Pickup Device Based on Discrete
ELEMENTMETNOM. .. 272

Differentiation of Yeast-Inoculated and Uninoculated Tomatoes Using Fluorescence Spectroscopy
Combined with Machine
T N I e 274

Effects of Copper Sulfate and Encapsulated Copper Addition on In Vitro Rumen Fermentation and Methane
P OAUCTION. et 277

Effects of Dietary Phosphorus Deficiency and High Phosphorus Content on the Growth Performance, Serum
Variables, and Tibia Developmentin GOSINES. ... 279

Impacts of the Inoculation of Piriformospora indica on Photosynthesis, Osmoregulatory Substances, and

Antioxidant Enzymes of Alfalfa Seedlings under CadmiUum SIrESS.......oc.iiiiinieenesesee e 281
Chemical and Nutritional Characterization of the Different Organs of Taif" s Rose ( Rosa damascena Mill. var.

trigintipetala ) and Possible Recycling of the Solid Distillation Wastes in Taif City, Saudi Arabia.........ccc.cccooeue.ee. 283
Agri-Environment Atmospheric Real-Time Monitoring Technology Based on Drone and Light Scattering.......... 286

Effects of Shelterbelt Transformation on Soil Aggregates Characterization and Erodibility in China Black Soil

FAINILANG e 288
Grassland Reseeding: Impact on Soil Surface Nutrient Accumulation and Using LiDAR-Based Image

Differencing to Infer Implications for Water QUality........cooiiiiiieee s 290
Improved Random Forest for the Automatic Identification of Spodoptera frugiperda Larval Instar Stages......... 293

Decision Support in Horticultural Supply Chains: A Planning Problem Framework for Small and Medium-
Sized
T T DTSSR 295



BHx

The Impact of Drought, Heat and Elevated Carbon Dioxide Levels on Feed Grain Quality for Poultry
P OUCTION ettt 297

Numerical Simulation of Seed-Movement Characteristics in New Maize Delivery Device........c..cocvorvvervioriinerenn, 300

Degradation Pattern of Five Biodegradable, Potentially Low-Environmental-Impact Mulches under

Laboratory
COMAITIONS ettt 302
Study on the Technologies of Loss Reduction in Wheat Mechanization Harvesting: A Review.........c...ccco.covevv, 304

N Addition Mitigates Water Stress via Different Photosynthesis and Water Traits for Three Native Plant
Species in the Qinghai-Tibet

PLATEAUL oo 306
Sustainability of Farms in EU Countries in the Context of Income Indicators: Regression Analysis Based on a

NEW CLaSSITICATION e 308
Future Scenarios for Viticultural Suitability under Conditions of Global Climate Change in Extremadura,
SOULNWESTEIT SP@IN .ottt 311
Channel-Spatial Segmentation Network for Classifying Leaf DISEaSES. ..o 313

Effect of Aeration on Blockage Regularity and Microbial Diversity of Blockage Substance in Drip Irrigation
T Y DT s 315

Development and Validation of Pesticide Residues Determination Method in Fruits and Vegetables through
Liquid and Gas Chromatography Tandem Mass Spectrometry (LC-MS/MS and GC-MS/MS) Employing

Modified QUEChERS Method and a Centrifugal Vacuum CONCENtrator. ... 317
DNA Barcoding of Endangered and Rarely Occurring Plants in Faifa Mountains (Jazan, Saudi Arabia).............. 319
Establishment of Potassium Reference Values Using Bayesian Models in Grapevings..........ccco.coevvoervoerecerioneeenneone. 322

Growth Performance, Carcass and Pork Quality Traits of Growing-Finishing Pigs with High and Low Breeding
Values for Residual Feed Intake Fed Diets with Macauba (Acrocomia aculeata ) Pulp as Alternative Raw
MBERTIAL. et 324

Does the Agricultural Productive Service Embedded Affect Farmers”  Family Economic Welfare
Enhancement? An Empirical Analysis in Black Soil Region in ChiNa.........ccoooiiorieieseeeseeee e 326

Calibration and Test of Contact Parameters between Chopped Cotton Stalks Using Response Surface
METNOAOLOZY ... 329

Ozone in Droplets and Mist in Inhibition of Phytopathogenic MiCrobiota. ... 331

Sorption-Desorption of Imazamox and 2,4-DB in Acidic Mediterranean Agricultural Soils and Herbicide
Impact on Culturable Bacterial Populations and FUNCtioNal DIVETSitY.........ccoooivorieiireeeeeeee e 333

Effects of Straw Incorporation Years and Water-Saving Irrigation on Greenhouse Gas Emissions from Paddy
Fields in Cold Region of NOMhEaSt ChiNG........oivreiieees e 335

Nutritional Value of New Sweet Pepper Genotypes Grown in Organic SYSTeM. ..., 337

Land Suitability Evaluation of Sorghum Planting in Luquan County of Jinsha River Dry and Hot Valley Based
on the Perspective of Sustainable Development of Characteristic Poverty Alleviation IndUStry......ccc.ccoovevvverenane. 340

WG-3D: A Low-Cost Platform for High-Throughput Acquisition of 3D Information on Wheat Grain........ccc.oo....... 342

FPGA Implementation of a Convolutional Neural Network and Its Application for Pollen Detection upon
ENLraNCe t0 Tt BOENIVE ...t 344



BHx

Pan-Genome-Wide Identification and Transcriptome-Wide Analysis of DREB Genes That Respond to Biotic

ANd ADIOTIC SErESSES TN CUCUMIDET ... e 346
A Single Nucleotide Polymorphism in the WIF1 Promoter Region Regulates the Wool Length in Rabbits........... 348
Effects of Nitrogen Application Strategy on Nitrogen Enzyme Activities and Protein Content in Spring Wheat

GI@IM et 350
NaCl Accumulation, Shoot Biomass, Antioxidant Capacity, and Gene Expression of Passiflora edulis f.

Flavicarpa Deg. in Response to Irrigation Waters of Moderate to High Salinity.......cccoovoovvvovevvioeciiesceecee s 353
Characterization of Polyphenols in a Sicilian Autochthonous White Grape Variety (PDO) for Monitoring

Production Process and Shelf-Life Of WINES........cooiiiii e 355
An Analysis of Livelihood-Diversification Strategies among Farmworker Households: A Case Study of the
Tshiombo Irrigation Scheme, Vhembe District, SOUth AffICa. ... 357
Practical Aspects of Weight Measurement Using Image Processing Methods in Waterfow!| Production............. 359
Automatic Milk Quantity Recording System for Small-Scale Dairy Farms Based on Internet of Things................ 361

Financial Speculation Impact on Agricultural and Other Commodity Return Volatility: Implications for
Sustainable Development @and FOOA SECUITY ... 363

Quality and Nutritional Value of  ‘Chopin® and Clone “JB’ in Relation to Popular Apples Growing in

POLBINA e 365
The Influence of Converting Food Crops to Forage Crops Policy Implementation on Herbivorous Livestock

Husbandry Development—Based on Policy Pilot Counties in Hebel, China.........cccocoiriiiiceeen, 367
Development of a Novel Biomimetic Mechanical Hand Based on Physical Characteristics of Apples.................. 369
Effects of Surface Mulching on the Growth and Water Consumption of M@ize...........ccccvrverrinirriscriinriinnnes 372
The Theory of Agriculture Multifunctionality on the Example of Private Households. ... 374

Effects of Different Planting Densities and Harvesting Periods on the Growth and Major Alkaloids of Anisodus
tanguticus (Maxim.) Pascher on the Qinghai—TibDetan Plat@aU. ..o 376

Comprehensive Evaluation of Paddy Quality by Different Drying Methods, Based on Gray Relational Analysis.. 378

Fruit Quality and Contents of Some Bioactive Compounds in Selected Czech Sweet Cherry ( Prunus avium L.)
Cultivars under Conditions of Central POIANG...... ..o 380

China and Countries along the “Belt and Road” : Agricultural Trade Volatility Decomposition and Food
SBOUTTEY st s kbt 382

Design and Test of a Force Feedback Seedling Pick-Up Gripper for an Automatic Transplanter...........cc.ccco........ 384
Effects of Sphingobium yanoikuyae SJTF8 on Rice ( Oryza sativa ) Seed Germination and Root Development. 387

Assessment of Four-Seasonal Quality and Yield of Cut Flower Roses Grafted onto Rosa Rootstocks.................. 389



e animals

Article

Behavior Tracking and Analyses of Group-Housed Pigs Based on
Improved ByteTrack

Shuqin Tu 1, Haoxuan Ou !, Liang Mao %*, Jiaying Du !, Yuefei Cao ! and Weidian Chen !

check for
updates

Citation: Tu, S.; Ou, H.; Mao, L.; Du,
J.; Cao, Y.; Chen, W. Behavior Tracking
and Analyses of Group-Housed Pigs
Based on Improved ByteTrack.
Animals 2024, 14, 3299. https://
doi.org/10.3390/ani14223299

Academic Editor: Giuseppe De Rosa

Received: 12 October 2024
Revised: 2 November 2024
Accepted: 4 November 2024
Published: 16 November 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China;
tsq5_6@scau.edu.cn (S.T.); ouhaoxuan123@163.com (H.O.); dujiaying2001@163.com (J.D.);
cyf_1208@163.com (Y.C.); chenwd2543@163.com (W.C.)

Institute of Applied Artificial Intelligence of the Guangdong-Hong Kong-Macao Greater Bay Area,
Shenzhen Polytechnic University, Shenzhen 518055, China

*  Correspondence: maoliangscau@szpu.edu.cn

Simple Summary: This study develops a new method to automatically track and analyze pig behavior
in complex environments. We use Pig-ByteTrack algorithm for real-time tracking and perform
trajectory interpolation post-processing on the original algorithm to solve tracking problems caused
by light changes, occlusion, and collisions between pigs. Finally, a set of time statistical algorithms
for behavior categories are designed. The method helps farm managers detect abnormalities and
health problems of pigs in a timely manner. Experimental results show that the method performs
well in behavior recognition and tracking, accurately records pig behavior, and provides technical
support for monitoring the health and welfare of pig herds.

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

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

1. Introduction

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

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

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

In addition, most work regarding pig detection and tracking involves studies on
the pig tracking of short-duration videos or identifying postural behaviors. For example,
Alameer et al. utilized a MOT technique for automated diagnosis and intelligent monitoring
of health status in 1 min videos of pigs on a pig farm [22]. Huang et al. designed the HE-
Yolo (High Effect Yolo) model to identify the postural behaviors of fenced pigs in real-time
from 10 to 100 s of video [23]. Huang et al. proposed an improved pig counting algorithm
(MPC-YD) based on theYOLOV5 + DeepSORT model, which aims to solve the problems of
partial feature detection, tracking loss due to fast movement, and video counting errors of
pigs [24]. Our previously published work proposed an improved DeepSORT algorithm
for multi-target behavioral tracking in 1 min pig videos. The approach could improve
tracking accuracy under complex scenarios and reduce error IDs due to overlapping and
occlusion between pigs [25]. All the above methods demonstrated superior performance in
pigs’ MOT tasks for short-time videos. However, there is little research on pigs’ behavioral
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tracking for long-time videos. This is because in the long-term MOT of pigs, factors such
as the occlusion of objects and influence of light appear with greater probability, which
leads to a decrease in the accuracy and stability of detection and tracking of pigs; it is
very challenging to recognize the behavior of pigs on this basis. Therefore, it is extremely
challenging to record the behaviors of individual pigs for the long term completely by
MOT methods.

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

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

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

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

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

2. Method

To address the challenges of accurate precision in pig tracking and behavioral analyses
under complex environments, we proposed the process of tracking and behavioral time
statistics for group-housed pigs, as depicted in Figure 1. Firstly, we introduced a novel
target tracking algorithm called Pig-ByteTrack, which is used to detect the pigs, classify
the behavior categories, and assign the target pig ID for input video sequences. Then, the
MOT results were generated, which included the following three parts: pig ID, the pigs’
location, and the pigs’ behavioral categories. Additionally, a behavioral analysis algorithm
was designed to calculate the frequency of each behavior for each pig based on the pig’s ID
and behav10r Jcategory 1nf0rmat10n Finally, based on a behav1oral analys1s algorlthm we
) ) for each
pigs behav1ors, thereby obtammg statlstlcal results of pig behav10rs in the V1deos

Input video sequences Pig behavior tracking

Pig-ByteTrack For MOT result
MOT

Pig behavior time

Pig Behavioural
Statistics Calculation
Method

Figure 1. Procesgdiagramsolitaskinganrdbehavieraldine statisticsfos grasp-housed pigs.

2.1. Pig-ByteTrack Algorithm of Group-Housed Pigs

Pig-ByteTrack is divided into two main phases: object detection and multi-target
tracking. The workflow is shown in Figure 2. Firstly, the YOLOX-X detector is used to
detect all pig targets for each frame of input video sequences, and the detection results
contained plgs confldence value, boundmg box (BB) and behav1oral Category Then the
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2.1. Pig-ByteTrack Algorithm of Group-Housed Pigs

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

Track Buffer &_ TraCkO...An (new)

Tracko_ |

YOLOX-X Boxes —
Detector

Input

High Score Detection Filtering

> Hungarian
Match

Output

Low Score Detection
Boxes

Figure 2. Flow chart of Pig-ByteTrack algorithm.

2.1.1. The Original ByteTrack Algorithm

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

The detailed process is as follows:
(1) The object detection results are divided into high-score and low-score detection boxes.

In the detection results, if the confidence value of the detection box is greater than the
high score box threshold, the detection box is placed in the high score detection box set
(Dhign)- If the confidence value of the detection box is less than the high score box threshold
and greater than the low score box threshold, the detection box will be placed in the low
score detection box set (Dj,y,)-

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

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

(3) The low score detection boxes Dj,,, are associated with the unmatched trace-in T},
for the second IoU data.
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appropriate ratio of anchor boxes for pigs. At the same time, four behavioral classes of pigs
(lie, stand, eat, and other) are added to the BYTE tracker for tracking.

The visualization of the Pig-ByteTrack and ByteTrack is shown in Figure 4. The
tracking box of the original ByteTrack in Figure 4a only shows the ID number of each
pig, whereas the tracking box of the Pig-ByteTrack in Figure 4b can reflect the behavioral
categories and ID value of each pig at the same time.

1,stand

(a) Tracking boxes of original ByteTrack (b) Tracking box of Pig-ByteTrack

Figure 4. Comparison of tracking box between Pig-ByteTrack and ByteTrack.

(2) The implementation of the trajectory interpolation post-processing strategy for BYTE
tracker.

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

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

t—1t

Bt = By + (B2 — Bn) —

)

where B; denotes the track box coordinates of the ¢ frame (containing four values, one for
the top left and one for the bottom right coordinates). Moreover, By; denotes the track box
coordinates of the f; frame, B;; denotes the track box coordinates of the t, frame.

2.2. The Behavioral Analysis Algorithm

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

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

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

Alnew Ay a1
Adpew Ay az
Azpew A as @
Atnew Ay a4

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

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

Input: A video sequence V; object detector Det; the k frame fy; the detection BB D; category
includes lie, eat, stand, other; variable 2 and A: one-dimensional array including four elements for
time statistics; T: tracklet information and four behavior category time statistics; tracking score
threshold 7 is set 0.75; Frames per second Fps;

Output: Tracks T of the video

1.  Initialization: T + &

2. forframe f;in V do

3. D « Det(f;)

4. Initialize time-count array including four elements for time statistics a < [0,0,0, 0]
5. Set variable category _index <— D{category}

6. [category_index] < 1

7. Associate T with D using BYTE:

8. if succeed to match then

9. Call the Update or Re-activate function to update the status of tracks
10. Set variable A <— T{category__time_array} +a

11. T{category__time_array} < A

12. end

13. if D failed to match and D > then

14. Call the function to create a new track

15. Initialize time-count array A< [0,0,0,0]

16. T{category__time_array} < A

17. end

18. end

19.  T{category__time_array} = T{category__time_array}/Fps

Return T

3. Experiment

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

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

%A

_ ce

HOTA =\ 7p  FN T FP ®)
where ¢ is a point belonging to TP, according to which we can always determine a
unique Ground Truth trajectory, and A(c) represents the association accuracy. TP refers
to the number of positive samples; FN refers to the positive samples predicted by the
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model to be negative; and FP represents the negative samples predicted by the model as
positive samples.
MOTA calculation is shown in Equation (4) as follows:

Y+(FP + FN + IDS)
Y 8t

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

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

MOTA =1— (4)

2IDTP
IDF1 =
2IDTP + IDFP + IDFN ©)

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

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

3.1. Dataset

For a comprehensive analysis of group-housed pig behavior, this study collected two
sets of pig behavior video datasets from different scenarios, categorized as public and
private datasets. The public dataset [28] comprised video clips of pigs of different breeds,
recorded in both daytime and nighttime environments, with each pigpen house including
7 to 20 pigs, with a total of 4 annotated 10 min videos. The private dataset was collected
in September 2022 from a commercial pig farm in Foshan, where each pigpen houses 6 to
11 black and spotted pigs. Pigs in the study were categorized into three age groups: nursery
(3-10 weeks), early fattening (11-18 weeks), and late fattening (19-26 weeks). Weight
distributions across these stages align with standard growth curves. In the nursery phase,
pigs weighed 7-10 kg at 3 weeks, 10-15 kg at 4-5 weeks, and 15-25 kg at 6-10 weeks. Early
fattening pigs weighed 25-35 kg at 11 weeks, 35-50 kg at 12-15 weeks, and 50-70 kg at
16-18 weeks. In the late fattening phase, pigs weighed 70-90 kg at 19 weeks, 90-110 kg
at 20-23 weeks, and 110-130 kg at 2426 weeks. These estimates may vary due to breed,
husbandry practices, and diet. The study included two breeds: black and spotted pigs.
Welfare principles were adhered to, with each pig allocated 1.2 square meters of pen space.
The housing environment was controlled for temperature and humidity to ensure suitability
for the animals, and the facility was equipped with adequate ventilation for herd density.
Bedding conditions comprised both solid and metal grid flooring. Empirical evidence
suggests that pigs display comparable behaviors on solid and grid floors, indicating that
flooring preferences do not significantly affect basic behavioral patterns and thus do not
impact the study’s findings.

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

Table 1. Test dataset.

Dataset Sequence Day Night Activity Level Number of Pigs

10 Vv Medium 11

1 v - High 10

12 - v Low 11

13 v - High 11

1 min videos 14 Vv - High 6
15 v - Medium 6

16 Vv - Medium 6

17 - vV Low 6

18 - Vv Low 6

01 Vv - Medium 7

L 02 - Vv Low 8

10 min videos 03 J s High 14
04 - Vv Low 15

The “,/” indicates that the value is true, and the “~” indicates that the value is false.

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

3.2. Experimental Results and Performance Comparison

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

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

(2) The Pig-ByteTrack algorithm was designed to track behavioral information for each pig.

(3) The Automated Behavioral Analysis algorithm was developed to calculate the tempo-
ral distribution of behaviors.

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

The results comparison of the Pig-ByteTrack with the ByteTrack and TransTrack in
the private dataset is shown in Table 2. The Pig-ByteTrack achieved the best performance
with HOTA, MOTA, IDF1, and IDs of 72.9%, 91.7%, 89% and 41, respectively. Compared
with the ByteTrack, the results of the Pig-ByteTrack improved by 1.5%, 1.1%, 1.1% and 14 in
HOTA, MOTA, IDF1, and IDs, respectively. Compared with TransTrack, its HOTA, MOTA,
and IDF1 were improved by 23.4%, 4.4%, and 21%, and its IDs decreased 212, respectively,
with significant performance improvement. Combining the above results, we found that
Pig-ByteTrack can achieve stable behavioral tracking of group-reared pigs.
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Videol0

Videoll

Video12

Videol3

Table 2. The performance comparison between Pig-ByteTrack and the other 2 MOT methods.

Algorithms HOTA(%) 1 MOTA(%) 1 IDF1(%) 1 IDs |
TransTrack 49.5 87.3 68 255
ByteTrack 71.4 90.6 87.9 55
Pig-ByteTrack 72.9 91.7 89.0 41

The “1” indicates that a higher value is better, while “|” indicates that a lower value is preferable. and bolded
results represent the method used in this study.

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

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

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

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

Average 729 91.7 89.0 41

The “1” indicates that a higher value is better, while “|” indicates that a lower value is preferable.

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

“10,0ther s,

'iaind

9.0ther

S.stand

4lie

Pig-ByteTrack ByteTrack TransTrack

Figure 6. The visualized tracking results comparison of Pig-BytetTrack, ByteTrack, and TransTrack.

3.2.3. Results of Pig-ByteTrack for 10 min Video Dataset

The results of Pig-ByteTrack in the 10 min videos are shown in Table 4. We found that
the tracking results of the 10 min videos were much less than those of the 1 min videos
by comparing the results with Table 3. Video 02 had the highest HOTA rate, reaching
69.1% precision, while Video 03 had an HOTA rate of only 50.8%. The reason was that
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By the pig behavior statistics algorithm, our research provides professionals with a tool
that enables them to identify and initially determine the cause of abnormal behavior. For
example, if our system monitors a pig not eating for an extended period of time, this may
indicate that the pig is experiencing a loss of appetite. This change in behavior could be due
to a health issue, environmental discomfort, or a feed problem. If a pig is monitored lying
down for an extended period of time without normal activity, this may indicate a possible
injury or discomfort. With this behavioral data, our system helps farm managers and
veterinary professionals quickly identify pigs of concern and provide an initial indication
of the cause of abnormal behavior. This provides valuable time for further diagnosis and
timely intervention.

4. Conclusions

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

Through the analysis of the method in this paper, we could consider that future
research could focus on enhancing the model’s long-term tracking performance. This could
be achieved by delving deeper into the optimization of deep learning models, which entails
refined network structures and fine-tuning hyperparameters. Furthermore, the integration
of advanced data analysis and machine learning techniques presented an opportunity to
develop predictive models for assessing the health status of pigs based on their behaviors.
By continuously monitoring various parameters such as activity levels, feeding patterns,
movement trajectories, and physiological indicators like body temperature and heart rate,
it became feasible to implement real-time tracking systems for monitoring the health
conditions of the pigs.
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The urine formed element instance
segmentation based onYOLOvV5n

Shugin Tu?, Hongxing Liu%, Liang Mao?*, Chang Tu?"“, Wenwei Ye?, Huiming Yu* &
Weidian Chen?

Accurate and efficient detection and segmentation of the urine formed element plays a vital role

in the clinical diagnosis and treatment of many diseases, such as urinary system diseases, kidney
diseases, and other diseases. However, artificial microscopy is subjective, and time- consuming. The
mainstream detection and instance segmentation algorithms lack adequate accuracy and speed for
the urine formed element due to small and dense targets. Therefore, this study proposes a quick
one-stage urine formed element instance segmentation model based onYOLOv5n. The approach first
employs a backbone architecture to extract features named shallow graphical features and semantic
features from urine cells. Next, the neck network combines shallow graphical features with different
deep semantic features, obtaining multi-scale, and multi-level features. Finally, according to these
multi-level features, the head network of YOLOv5n integrates a small FCN network into the YOLOvV5
detector. It obtains the location, classification, and segmentation results of the targets. To validate the
superiority of this approach in terms of speed and accuracy, a special urine formed element dataset
including 500 images was created. Experimental results show that the YOLOv5n method achieves a
Mean Average Precision (mAP) at intersection over the union threshold of 0.5 (mAP50) with 91.8%,
and Frames Per Second (FPS) of 63.3. Compared to Mask R-CNN and YOLOVS, its FPS increased by 62.6
and 60.9, respectively, resulting in nearly a hundred-fold speedup, and its mAP50 also increased by
3.6 and 1.4% points in accuracy, respectively. Additionally, the YOLOv5n obtains a superior balance of
accuracy and speed in comparisons with SOLOv2, BoxInst, and ConvNeXt V2. This study developed a
new automated analysis of urinary particles based on deep learning, and this method is expected to be
used for the automated analysis and detection of the urine formed element. The experimental results
also demonstrate that YOLOvV5nN can achieve more accurate and faster instance segmentation of urine
formed element, providing technical support for clinical disease diagnosis.

Keywords YOLOv5n, Urine formed element, Fast, Instance segmentation

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

Detection and segmentation of cells in microscopic images have received extensive research attention.
However, most existing methods focus only on cell detection or segmentation. For example, Vu et al.® used a
multiscale deep residual aggregation network to fuse the watershed algorithm for cell nucleus segmentation. Kutlu
et al.!® employed the regional convolutional neural networks for white blood cell detection and classification.
Wang et al.!! used an automatic hierarchical patch-based deep learning framework to detect and classify bone
marrow cells. Zheng et al.!? utilized saliency detection and CenterNet for white blood cell detection. While these

1College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China. %Institute
of Applied Artificial Intelligence of the Guangdong-Hong Kong-Macao Greater Bay Area, Shenzhen Polytechnic
University, Shenzhen 518055, China. 3Department of Cardiovascular Medicine, Dongguan Songshan Lake Central
Hospital, Dongguan 523321, China. “Tianjin Hualing Medical Technology Company Limited, Tianjin 301700, China.
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approaches have shown promise in individual detection and segmentation tasks, they face challenges in precisely
distinguishing different cells. Single detection lacks cell contour information, and single segmentation lacks
information about different objects of the same class. However, instance segmentation provides individual-level
segmentation and recognition, allowing quantitative analysis of cell features, making it increasingly important
in cell segmentation.

Instance segmentation is a task that combines object detection and segmentation. Instance segmentation
methods can be divided into two categories: two-stage and one-stage instance segmentation methods. Two-stage
instance segmentation methods have dominated cell instance segmentation'®. For example, Yi et al.'* introduced
an instance segmentation method that combined SSD and U-Net with attention mechanisms for neurons,
achieving an AP@0.5 of 89.06. Lin, Norouzi'® developed a method for cell segmentation using Mask R-CNN
and shape-aware loss, achieving IoU scores of 91.90% and 94.90% on DIC-C2DH-HeLa and PhC-C2DH-U373
datasets, respectively. Atict, Koger'®employed Mask R-CNN for instance segmentation of blood cells, achieving
amAP50 of 91.39%. While these methods achieve high accuracy, they require extensive post-processing and are
not suitable for tasks with high time requirements. To overcome these challenges, some researchers have recently
explored the use of one-stage instance segmentation methods for cell instance segmentation. For example, Luo
et al.'” integrated the Ghost module and enhanced the FPN structure based on YOLACT, introducing a model
called YOLACT-CIS, which achieved an AP of 87.41% on the blood cell dataset. Wang et al.'® proposed an
improved BlendMask method for cell nuclei, attaining an AP50 of 78.3 and an FPS of 7.50 on the DSB2018
dataset.

Building on this foundation, this paper presents a one-stage quick urine cell instance segmentation method
based on the YOLOV5 detector, which integrates a small FCN network into the YOLOv5 detector and achieves
fast and accurate results on urine cell datasets. Compared to traditional methods, this approach achieves
remarkable speed while maintaining accuracy. The contributions of this paper are as follows:

(1) We propose the YOLOV5 instance segmentation and create a urine cell dataset containing 500 images,
which was labeled to make it publicly available.

(2) We compare different variants of the YOLOV5 instance segmentation method and select the most suitable
instance segmentation algorithm for the urine cell dataset.

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

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

Related works

Two-stage instance segmentation method

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

One-stage instance segmentation method

One-stage instance segmentation methods are gaining momentum due to their efficiency. In the field of cell
instance segmentation, Prangemeier et al.>* addressed the limitations in speed and efficiency of existing methods
by combining Transformer and CNN to propose a method dedicated to fast cell instance segmentation called
Cell-DETR. Cell-DETR has two variants, Cell-DETR A and Cell-DETR B, achieved Jaccard coefficients of 0.82
and 0.84, respectively. Priego-Torres et al.? tackled the issue of heterogeneity in breast tumors leading to uneven
distribution and diverse characteristics of tumor cells by using SOLOv2 for tumor cell instance segmentation,
achieving a mAP50 of 68.00%. Zhao et al.? addressed the challenges posed by variations in shape, size, and
color due to different subtypes of white blood cells and staining techniques by proposing a multiscale and multi-
staining WBC instance segmentation network (MISS-WISN) and achieved a mAP50 of 79.96 on datasets with
five white blood cell subtypes. Liu et al.?’ tackled the difficulty of efficient cell segmentation in complex cell image
analysis systems by proposing an efficient end-to-end cell segmentation algorithm, ECS-Net, which achieved an
AP50 of 82.3 on the LIVECell dataset. Although one-stage instance segmentation methods enable real-time
segmentation, they may have slightly lower accuracy compared to two-stage methods.
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Method

The overall structure of YOLOvV5N

This study proposes an instance segmentation approach based on the YOLOv5n detector and FCN segmentation
network, and its overall structure is illustrated in Fig. 1, consisting of four components: the input images, the
backbone network, the neck network, and the head network. Firstly, the backbone network obtains different
types of feature information including shallow graphical features and semantic features from the input images.
Then, the neck network combines shallow graphical features with deeper semantic features to produce multi-
scale and multi-level features. Finally, the head network includes detection and FCN segmentation modules,
generating results for target localization, classification, and segmentation masks.

Detailed Architecture of YOLOvV5n instance segmentation approach

Backbone network

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

Neck network

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

Head network
The head network consists of the object detection head and the FCN segmentation head. The object detection
head is responsible for target localization and classification tasks. It comprises three object detection heads with
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Fig. 1. The overall architecture details of YOLOv5n instance segmentation.
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three different scales: 20 X 20, 40 X 40, and 80X 80 (as shown in Fig. 1). By combining these three heads, more
accurate object detection information can be obtained.

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

Loss function
The overall loss function of YOLOvV5n consists of four components and is defined as in Eq. (1).

Ltotal = Lbo:v + Lcls + Lobj + Lseg (1)

Where L, _is the bounding box regression loss, L, is the classification loss, L, is the object detection loss, and
L is the segmentatlon loss. L, and L , both utilize BCEWithLogitsLoss, shown in Eq. (2).
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Where N is the sample size, Z, represents the raw score, y, denotes the true label, and o(.) represents the sigmoid
function. The objective of this loss function is to minimize the difference between the model’s predicted
probabilities and the true labels for training the model to better classify the data.

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

2 b pIt
Lyoe=1—10U (b, bgt) + LN + av 3)
c

t
Where [ OU (b, bg )Variables are consistent with the description in?%. b represents the predicted box

2 t
coordinates, b& represents the true box coordinates. ,0 (b, bg ) represents the Euclidean distance between

the predicted and true box centers, and ¢ represents the diagonal distance of the smallest enclosing box that can
contain both the predicted and true boxes. Additionally, a serves as a weight coefficient, and v is a parameter
used to measure aspect ratio consistency. The o and v are calculated as in Eqs. (4) and (5).
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Where w_and h_respectively represent the width and height of the predicted box, while w8’ and k8’ represent the
width and height of the true box.

The segmentation loss (Lseg) is defined as in Egs. (6) and (7).
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Fig. 2. FCN Head Structure of YOLOv5n.

Scientific Reports |

(2024) 14:28658 | https://doi.org/10.1038/s41598-024-79969-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1ifb; € R;
Crop (b;) = 0i fb; & R, )

t
Where is the number of masks, A is the area of the predicted bounding box, mZ‘ represents the truth mask,

p
™m i is the predicted mask, C,is the number of pixels contained within the mask, bj is the pixel coordinates, and

R, represents the coordinate region corresponding to the predicted bounding box.

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

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

Code Availability

The code used in this study is publicly available and can be accessed via GitHub at the following link: https://git
hub.com/superman-liu/YOLOv5-cell. This repository includes all the necessary scripts, training configurations,
and setup instructions for replicating the experiments and utilizing the model for similar tasks.

Experiment

Dataset

The dataset was provided by Tianjin Hualing Medical Technology Company Limited, and all data usage has
been granted patient consent. The dataset is available for access at https://terabox.com/s/lafaHP7g_Yd1DnOqL
NMS8AhQ. The dataset consists of 500 images with a resolution of 2048¥1536. The images are obtained using the
RZ1100 urine analyzer as shown in Fig. 3 (a) and the originate image is shown in Fig. 3 (b). We randomly select
400 images for training and 100 images for testing. LABELME software is selected to annotate the instances
of the images, the version of LABELME is v5.3.1. The software can be downloaded from https://github.com/
labelmeai/labelme. The labeling results from LabelMe are shown in Fig. 3(c) and Fig. 3(d). The accuracy of the
annotation is validated by three experts.

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

Evaluation metrics and implementation details

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

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

The results of YOLOv5n instance segmentation

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

WBC also achieves an overall accuracy and recall above 90.0%, with mAP50-95 reaching the highest at
65.6%. While WBCs are stable in shape and size, their internal composition varies, which leads to relatively
lower accuracy compared to RBCs. In contrast, among the three types of urine formed elements, the accuracy for
crystal achieves the lowest value, with a segmentation accuracy of 74.7% and a mAP50 of 79.5%. This is because
crystals are very scarce in the entire dataset and often overlap with other objects.
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Fig. 3. Urine analyzer and the obtained urine images. (a) The RZ1100 urine analyzer. (b) The originate image.
(c) and (d) The labeling results from LabelMe.

Intel Core i5-11400 F

GPU Nvidia GeForce RTX 3060
Operating system Windows10

Accelerated environment | CUDA 11.3. CUDNN 8.9.0

Development environment | Pycharm2022

Table 1. Experimental configuration.

0.929 10980 |0.931 |0.980 |0.983 0.539
WBC 0912 |0.950 |0.918 |0.953 |0.974 0.656
Crystal | 0.695 | 0.757 |0.747 |0.811 |0.795 0.473

Table 2. The experimental results for three types of urine cell instances on YOLOv5n.
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Figure 4 displays the confusion matrix results of YOLOv5n instance segmentation on the test set. From Fig. 4,
it can be observed that the classification performance for RBC is the best, achieving the highest value of 0.980,
meanwhile, it tends to be confused with the background, due to the presence of impurities in the background
that resemble the morphology of RBCs. The classification performance for WBC is the second, with a value
of 0.950, and it is less likely to be confused with other categories. However, the classification performance for
crystal is the worst, with a value of 0.730, but it is not easily confused with the background.

Figure 5 illustrates the segmentation performance of the YOLOv5n instance segmentation approach,
including the F1-Confidence curve, Precision-Confidence curve, Precision-Recall(P-R) curve, and Recall-
Confidence curve. From the F1-Confidence curve (as shown in Fig. 5(a)), it can be observed that the F1 score
reaches its peak at 0.890 when the confidence is 0.275, remains relatively stable between 0.275 and 0.800, and
gradually decreases after surpassing 0.800, with the crystal curve showing relatively poor results. From the
Precision-Confidence curve (as shown in Fig. 5(b)), we find that the precision values increase with the rise of
confidence value, reaching its highest value of 1.00 at the confidence with 0.887. Moreover, the P-R curve (as
shown in Fig. 5(c)) exhibits a high level of performance, with an overall mAP50 value of 0.918. From the Recall-
Confidence curve (as shown in Fig. 5(d)), Recall decreases as the confidence increases, achieving the highest
value of 0.970 at confidence 0.00 and a result of 0.915 at confidence 0.50. From these images, we observe that
YOLOV5n has achieved satisfactory results in the instance segmentation of RBCs and WBCs.

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

Confusion Matrix

0.01 0.05

10.3

10.2

0.01 0.01 0.19 0.00 1 101

1 1 1 1 O
WBC RBC Crystal Background

Fig. 4. Confusion Matrix.
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Fig. 5. The Mask curves of YOLOv5n. (a) F1-Confidence Curve. (b) Precision-Confidence Curve. (c)
Precision-Recall Curve. (d) Recall-Confidence Curve.

Comparative analysis

Comparison of results between different variants of YOLOv5

To investigate the impact of different depths and parameter sizes of the network on experimental results, a
comparative experiment was conducted on the five variants of YOLOV5, including YOLOv5n, YOLOV5s,
YOLOvV5m, YOLOV5], and YOLOvV5x. The comparative experimental results are shown in Table 3. From Table 3,
it can be observed that YOLOv5n achieved results of 84.5% for P(box), 89.5% for R(box), 86.9% for F1(box),
86.5% for P(seg), 91.5% for R(seg), 88.8% for Fl(seg), 91.8% for mAP50, 55.6% for m50-95, and 63.3 for FPS.
YOLOv5n demonstrated good performance in terms of R(box), R(seg), F1(seg), mAP50, mAP50-95, and
FPS. Compared to other variants, YOLOv5n showed slightly inferior detection performance, and it excelled
in segmentation performance among all variants. The F1(box) score of YOLOv5n decreased by 1.3%, 0.3%,
2.6%, and 2.8% compared to YOLOv5s, YOLOv5m, YOLOV5], and YOLOV5X, respectively. However, in terms
of Fl(seg) score, compared to YOLOv5s, YOLOv5m, and YOLOv5], YOLOv5n improved by 1.1%, 3.3%, and
1.3%, respectively, and only 0.3% lower than with YOLOv5x model. YOLOv5n outperformed the other four
variants in mAP50 and mAP50-95 by 2.1%, 4.4%, 2.9%, 1.5%, 5.5%, 4.0%, 5.0%, and 3.8%, respectively. In terms
of speed, YOLOV5n significantly outperformed the other four variants, achieving an FPS of 63.3, which is 27.1,
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Fig. 6. Visualization results of Yolov5n.
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YOLOv5n | 84.5 89.5 86.9 86.5 915 88.8 91.8 55.6 63.3
YOLOv5s | 91.5 85.2 88.2 91.0 84.6 87.7 89.7 50.1 36.2
YOLOv5m | 86.7 87.7 87.2 84.8 85.9 85.5 87.4 51.6 19.0
YOLOvsl | 91.0 88.0 89.5 89.0 86.0 87.5 88.9 50.6 12.7
YOLOv5x | 88.9 90.6 89.7 88.1 89.9 89.1 90.3 51.8 6.9

Table 3. The experimental results of different variants of YOLOV5.

44.3, 50.6, and 56.4 higher than the other four variants, respectively. The YOLOv5n algorithm is superior to
other algorithms in the comprehensive performance of accuracy and speed.

The instance segmentation P-R curves for the five variants of YOLOV5 are shown in Fig. 7. YOLOv5n
achieves the best results, with the P-R curves corresponding to RBCs, WBCs, and crystals obtaining the highest
performance among all variants. Specifically, the P-R curve area for RBCs and WBCs ranks first among all
variants with close-to-1 results of 0.974 and 0.983, respectively. The P-R curve area for crystals, with a result of
0.795, surpasses YOLOv5s, YOLOv5m, YOLOV5], and YOLOv5x by margins of 0.074, 0.030, 0.032, and 0.022,

respectively.
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Fig. 7. P-R Curves for Different Variants of YOLOV5. (a) Results for YOLOv5n. (b) Results for YOLOV5s. (c)
Results for YOLOv5m. (d) Results for YOLOV5L. (e) Results for YOLOvV5x.

Taking all factors into consideration, based on the experimental results, YOLOv5n is a preferable choice that
strikes a balance between accuracy and performance, while YOLOV5s is suitable for applications with lower
efficiency requirements. In the field of medical applications, efficiency is of paramount importance. Considering
the trade-off between speed and segmentation quality, we ultimately choose the YOLOv5n model for urine
sediment segmentation application.

The comparative results of the five variants of YOLOVS5 for crystal detection are shown in Fig. 8. The target in
the red boxes represents the objects of interest (as shown in Fig. 8(a)-(b) and Fig. 8(h)-(i)), and the white color
indicates confidence scores of the classifications. In Fig. 8(b), the object within the red boxe corresponds to the
Ground Truth of a crystal. By comparing Fig. 8(c)-(g) with Fig. 8(b), it is observed that YOLOv5n and YOLOv5x
exhibit excellent performance in crystal sementation. Notably, YOLOv5n is particulary adept at handling edge
details, and although its classification confidence is slightly lower than that of YOLOV5X, it remains above 0.7,
indicating a high level of accuracy. Furthermore, the comparison between Fig. 8(j)-(n) and Fig. 8(i) demonstrates
that YOLOv5n and YOLOvV5x continue to maintain high-quality performance in crystal segmentation, with
their classification confidence scores remaining at an acceptable high level. Figure 9 illustrates the capability of
YOLOV5n in detecting and segmenting red blood cells (RBCs) and white blood cells (WBCs). In terms of both
classification confidence and segmentation quality, YOLOv5n shows outstanding performance.

In conclusion, YOLOv5n not only excels in the detection and segmentation of crystals but also demonstrates
high accuracy and reliability in the detection of RBCs and WBCs. Therefore, YOLOvV5n is highly suitable for
automated detection and segmentation tasks of urinary formed elements.

Comparison of results between YOLOv5n and other methods

The comparison results of YOLOv5n with Mask R-CNN?’, Mask Scoring R-CNN (MS R-CNN)*, MaskDis
R-CNN method?!, and the latest YOLO*? series method named YOLOVS are presented in Table 4. The Mask
R-CNN methods include two backbone networks: Resnet-50-FPN and Resnet-101-FPN. The YOLOv5n
backbone network adopts CSPDarknet53, and the YOLOv8 backbone network adopts Darknet53. From Table 4,
it can be observed that YOLOv5n achieves the highest performance in terms of segmentation quality (represented
by mAP50 and mAP50-95) and speed (measured by FPS) with scores of 91.8%, 55.6%, and 63.3% respectively.
While F1(box) value of YOLOv5n is 86.8%, which indicates that yolov5n has achieved moderate performance in
detection. In terms of mAP50 and mAP50-95, YOLOv5n outperforms Mask R-CNN, MS R-CNN, and MaskDis
R-CNN by 3.6%, 2.9%, 0.8% and 3.6%, 2.3%, 3.3% respectively, and outperforms YOLOVS8 by 1.4% and 4.5%. In
terms of speed, the FPS of YOLOV5n is 63.3, which shows that YOLOv5n significantly outperforms the other 7
methods. YOLOVS achieves the best detection performance, with F1 of 90.4, while its segmentation quality is
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(a) Input Image (b) Ground Truth
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Fig. 8. Visual results of crystal detection for the five variants of YOLOV5.

slightly lower than that of YOLOv5n, and its speed is much slower than YOLOv5n. Overall, YOLOv5n algorithm
is superior to other algorithms in the comprehensive performance of speed and segmentation accuracy.
Furthermore, the urine formed element instance segmentation performance of YOLOv5n is compared
with Mask R-CNN(Resnet-101-FPN), MS R-CNN (Resnet-101-FPN), and YOLOv8n method. Exemplar
segmentations of these methods are shown in Fig. 10. It can be observed that Mask R-CNN, MS R-CNN,
YOLOvV5n, and YOLOVS have achieved quite good segmentation results for WBC and RBC. But Mask R-CNN
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Fig. 9. Visual results of RBC and WBC detection for the five variants of YOLOV5.

Mask R-CNN Resnet-50-FPN 0.7 | 874 52.0 88.2 84.8 84.6
Mask R-CNN Resnet-101-FPN | 0.7 | 88.2 52.0 89.9 85.8 87.7
MS R-CNN Resnet-50-FPN 0.6 | 88.8 52.2 88.4 84.1 86.1
MS R-CNN Resnet-101-FPN | 0.6 | 88.9 53.3 90.7 80.1 84.0
MaskDis R-CNN | Resnet-50-FPN 0.6 | 88.8 52.0 9L.5 85.9 88.4
MaskDis R-CNN | Resnet-101-FPN | 0.6 | 91.0 52.3 91.1 83.5 86.7
YOLOvV8 Darknet53 2.4 904 51.1 92.8 88.2 90.4
YOLOvV5n CSPDarknet53 63.3 | 91.8 55.6 84.5 89.5 86.8

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

missed the detection of the crystal (as shown on the left of Fig. 10(b) of the black arrow), resulting in not
segmenting the object.

YOLOVS8 has missed the left RBC target (as shown in the left of Fig. 10(d)), the segmentation boundaries
in Mask R-CNN and MS R-CNN appear to be relatively rough, whereas YOLOv5n and YOLOv8 have made
improvements in this aspect. The superior performance of YOLOv5n in segmentation tasks can be attributed
to the incorporation of advanced feature extraction and fusion technologies, namely Feature Pyramid Network
(FPN) and Path Aggregation Network (PAN). In contrast, the feature fusion and extraction mechanisms in
the Mask R-CNN series are relatively traditional. This enables YOLOv5n to achieve better results when
handling complex scenes and small objects.Moreover, YOLOv5n integrates the mask confidence scores into
the segmentation evaluation metrics, ensuring not only accurate segmentation but also improving the quality
of the segmentation boundaries. Consequently, among all methods, YOLOv5n exhibits the best performance,
guaranteeing accurate segmentation and enhancing the boundary quality of the segmented regions.

Furthermore, we compare the performance of YOLOv5n with SOLOv23?, BoxInst*, and ConvNeXt V23°
using the metrics mAP50-95, mAP50, and FPS. As show in Table 5, SOLOv2 achieves an mAP50-95 of 39.5,
an mAP50 of 74.1, and an FPS of 14.1. BoxInst performs better with an mAP50-95 of 44.6, an mAP50 of 88.0,
and an FPS of 12.8. ConvNeXt V2 further improves the mAP scores with an mAP50-95 of 55.6 and an mAP50
of 91.0, though it operates at a lower FPS of 5.2. In contrast, YOLOv5n not only matches the highest mAP50-95
score of 55.6 but also surpasses all others with an mAP50 of 91.8. Remarkably, YOLOv5n achieves these results
with an outstanding FPS of 63.3, significantly higher than the other models. This demonstrates that YOLOv5n
not only provides superior accuracy but also offers exceptional speed, making it highly advantageous for real-
time applications in instance segmentation of formed elements in urine.
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() YOLOv5n

Fig. 10. Visualization results of YOLOv5n compared with other methods.

Ablation experiment

In computer vision applications, object detection and segmentation are often interrelated tasks, and the quality
of detection significantly affects the performance of segmentation. To improve the performance of detection
and maintain real-time processing speed, this study improved the basic YOLOv5n model by replacing the
backbone network with the EfficientFormerV23¢ named YOLOv5n-EfficientFormerV2-s0 and EfficientViT>’
(YOLOv5n-EfficientViT-BO and YOLOv5n-EfficientViT-B1) architectures. Experimental results show that
YOLOv5n-EfficientFormerV2-s0(shown in the fifth line of Table 6) decreases the quality of both detection
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Method Backbone mAP50-95 | AP50 | FPS
SOLOv2 Resnet-50-FPN 39.5 74.1 14.1
BoxInst Resnet-50-FPN 44.6 88.0 12.8
ConvNeXt V2 | ConvNeXt V2-B-FCMAE | 55.6 91.0 52
YOLOv5n CSPDarknet53 55.6 91.8 |63.3

Table 5. Comparison of YOLOv5n with state-of-the-art Instance Segmentation models.

Method P(seg) | R(seg) | F1(seg) | mAP50 | mAP50-95 | FPS | F1(box)
YOLOvV5n-Omni-ResNet101-1x | 90.0 87.7 88.8 91.0 50.5 7.8 | 88.8
YOLOv5n-Omni-ResNet101-2x | 86.8 88.2 87.5 91.6 50.7 7.5 |87.3
YOLOv5n-Omni-MobileNet-1x | 90.3 86.6 88.4 89.4 50.0 24.0 | 89.8
YOLOv5n-Omni-MobileNet-4x | 91.6 84.7 88.0 90.9 50.3 23.9 190.0
YOLOv5n-EfficientFormerV2-s0 | 84.0 84.8 84.4 88.9 50.2 14.9 | 84.5
YOLOv5n-EfficientViT-BO 85.3 84.7 85.0 88.1 48.6 41.3 | 86.2
YOLOv5n-EfficientViT-B1 89.2 86.4 87.8 89.7 49.1 299 | 879
YOLOv5n-Context Aggregation | 83.3 85.2 84.2 88.2 48.5 47.8 | 86.4
YOLOV5n 86.5 91.5 88.8 91.8 55.6 63.3 | 86.9

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

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

Compared to YOLOvV5n, YOLOv5n-EfficientViT-B0 (as shown in the sixth line of Table 6) achieves a decrease
in detection and segmentation quality. Its F1(seg) decreased by 3.3%, mAP50 decreased by 3.7%, and FPS
decreased by 22.0. However, the YOLOv5n-EfficientViT-B1 model obtains an improvement in detection quality
of F1(box) and segmentation precision of P(seg), while achieving a decrease in segmentation recall with R(seg)
and processing speed with FPS. Compared to YOLOV5n, its F1(box) increased by 1.0%, its P(seg) increased by
2.7%, its R(seg) decreased by 5.1%, its mAP50 decreased by 2.1%, and its FPS decreased by 33.4. In summary,
replacing the backbone network with EfficientFormerV2 and EfficientViT can improve slightly the quality of
detection and segmentation when using larger network weights, but they also increase computation time.

Additionally, we studied the impact of the small object module on segmentation quality in the urine sediment
dataset. Specifically, we integrated the Context Aggregation® and Omni-Dimensional Dynamic Convolution®
(Omni) modules into the YOLOv5n backbone architecture to evaluate their effects. The YOLOv5n-Context
Aggregation model is formed by adding the Context Aggregation module after the 23rd layer of the neck network
on YOLOv5n. The YOLOv5n-Omni-ResNetl01-1x, YOLOv5n-Omni-ResNet101-2x, YOLOv5n-Omni-
MobileNet-1x, and YOLOv5n-Omni-MobileNet-4x models were built by incorporating Omni, ResNet101 and
MobileNet networks as YOLOv5n backbone networks, with training strategies set to 1x, 2x, and 4x as described
in3¢.

The experimental results show the YOLOv5n-Context Aggregation model hardly improves detection quality
but results in a decrease in segmentation quality and processing speed as shown in the eighth line of Table 6.
Compared to YOLOV5n, using the YOLOv5n-Context Aggregation model, its F1(box) decreased by 0.5%, its
F1(seg) decreased by 4.6%, its mAP50 decreased by 3.6%, and its FPS decreased by 15.5. In contrast, the Omni
module shows more promising effects according to the results in the first to fourth line of Table 6. Whether
using ResNet101 or MobileNet on YOLOv5n, we observe a significant improvement in detection quality and
segmentation precision, although they increase computation time due to additional parameters. Among the four
models, YOLOv5n-Omni-MobileNet-4x achieves the best results. Compared to YOLOv5n, using YOLOv5n-
Omni-MobileNet-4x approach, we observed an increase of 3.1% in F1(box), 5.1% in P(seg), a decrease of
6.8% in R(seg), a decrease of 0.8% in F1(seg), a decrease of 0.9% in mAP50, and a decrease of 39.4 in FPS. In
conclusion, the small object module shows potential for improving small object segmentation precision, but this
improvement comes with increased computational time. The YOLOv5n exhibits slight deficiencies in detection
and segmentation accuracy, but it achieves the highest recall rate. Furthermore, YOLOv5n demonstrates the best
overall segmentation quality and fastest speed.

Conclusion

To achieve rapid and accurate instance segmentation of urine formed elements, this paper efficiently combines
the YOLOv5n detection model with the FCN segmentation network. To validate this method, a dataset
consisting of 500 images was created. By comparing five variants of YOLOv5 models, it was found that the
YOLOvV5n model yielded the best results. When compared with Mask RCNN, Mask Scoring RCNN, MaskDis
R-CNN, and YOLOv8, YOLOv5n demonstrated superior results in terms of speed and segmentation quality.
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Additionally, comparisons with SOLOv2, BoxInst, and ConvNeXt V2 highlighted YOLOv5n’s superior balance
of accuracy and speed, further solidifying its effectiveness for this application. The study also explored the
impact of lightweight methods and attention mechanisms tailored for small objects on YOLOv5n, conducting
experiments that integrated four state-of-the-art methods. While these methods enhanced object detection
accuracy, further improvements are needed in instance segmentation.

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

Data availability
The dataset is available for access at https://terabox.com/s/1afaHP7g_Yd1Dn0gLNM8AhQ.
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Simple Summary: This study developed a new method for automatically tracking and analyzing
pig behavior in complex environments. We use the YOLOvVS algorithm for real-time detection
and behavior classification, and employ the OC-SORT algorithm to address tracking issues caused
by lighting changes, occlusions, and collisions between pigs. This method enables the automatic
analysis of behavior, helping farm managers promptly detect abnormalities and health issues in pigs.
Experimental results show that the method performs excellently in behavior recognition and tracking,
accurately recording pig behavior to provide technical support for monitoring the health and welfare
of pig herds.

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

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

1. Introduction

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

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

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

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

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

The main contributions of this work are as follows:

(1) A pig behavior tracking algorithm based on V8-Sort is proposed to decrease noise
and improve the robustness to occlusions and nonlinear motions.

(2) The V8-Sort is validated on four ten-minute and one sixty-minute video datasets,
exploring the work of recovering the lost trajectory for re-tracking.

(3) An automatic behavior analysis algorithm is designed to record the duration of
four types of behaviors for each pig in each pen based on behavior information from
tracking results.

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

2. Materials

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

Both datasets encompass scenes occurring during day and night, in crowded and
sparse conditions, as well as in scenarios with varying levels of pig activity, ranging from



Animals 2024, 14, 2828

40f18

frequent(H) to moderate(M) and less(L) active situations. Simultaneously, based on manual
observation, videos with a higher quantity of pigs and significant occlusion due to the pigs
clustering together are categorized as dense videos, whereas videos having less occlusion
are categorized as sparse videos. The pigs are of different ages, categorized into a nursery
period (3-10 weeks), growing period (11-18 weeks), and finishing period (19-26 weeks).
Additionally, according to growth curves, the weight varies across different age stages.
Pigs in the nursery period (3-10 weeks) typically weigh between 7 and 25 kg. During the
growing period (11-18 weeks), they weigh around 25-70 kg. And in the finishing period
(1926 weeks), their weight usually ranges from 70-to 130 kg. The specific description of
the test dataset is outlined in Table 1.

Table 1. Description of the test dataset.

Dataset N\;ﬂ;(;r Day Night Sparse Time A]f::elity I:I)?Il?il;zr
0102 Y — J/ 1 min H 7
0402 Vv — X 1 min M 15
0502 — Vv 1 min M 8
0602 Vv — X 1 min H 16
0702 Vv — X 1 min M 12
0802 — v X 1 min L 13
. 0902 Vv — X 1 min M 14
Public 1002 — Ni X 1 min M 14
dataset 110p Vi — x 1 min H 16
1202 Vv — X 1 min L 15
1502 — v x 1 min M 16
2001 Vv — v 10 min L 7
2002 — J J 10 min H 8
2003 J — x 10 min L 16
2004 — v X 10 min M 15
3001 Y — V. 1 min L 10
3002 Vv — X 1 min M 11
3003 — X 1 min M 11
3004 J — J 1 min H 6
Private 3005 Vv — Vv 1 min M 6
dataset 3006 v — v 1 min M 6
3007 J — J 1 min M 6
3008 — v Vv 1 min L 6
3009 — v Vv 1 min H 6
3010 — Vv 60 min H 6

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

Video 0602
a. Public dataset

T —

Video 3001

Video 3008 Video 3006
b. Private dataset

Figure 1. Part of group-housed pig images.

3. Methods

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

Input

Track Output

T

;
il 4
;

racklets t-1

YOLOvE

OC-30RT

Tracklets t

Track Management

Motion Prediction

Detections:
Position coordinates

Behavior categonies
Track Update
Confidence

Kalman Filter

Data Association

Prediction Position
coordinates

. . -—p
. Track R
Frdeim T m—

Figure 2. The overall structure of V8-Sort.

3.1. Pig Detection Based on the YOLOv8n Model

The YOLOVS8n algorithm is employed as the target detector for object detection, and
its model structure is primarily divided into three components: (i) Backbone for extracting
image features; (ii) Neck for fusing multi-scale feature information; (iii) Prediction for
predicting confidence, category, and anchor boxes. The pipeline of the YOLOv8n is shown
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Stage

Stage
Layer3

Stage
Layerd

in Figure 3. The backbone of YOLOv8n consists of 10 layers and is organized into 5 sections,
namely Stem layer, Stage layerl, Stage layer2, Stage layer3, and Stage layer4. The Neck part
consists of 7 layers, which are divided into 6 parts, including TopDown layerl, TopDown
layer2, Down Sample0, Bottom Up layer0, Down Samplel, and Bottom Up layerl. The
Head part is composed of 6 layers and divided into 3 parts, each of which consists of
ConvModule, Con2d, Bbox.Loss, and Cls.Loss. The functional descriptions of each layer
can be found in Table 2. YOLOv8n is trained with specific parameters, including 80 epochs,
an intersection over union (IOU) threshold of 0.7, and a default confidence threshold of
0.25. Compared to older versions of the YOLO algorithm, YOLOv8n maintains high speed
and accuracy while also offering greater versatility, flexibility, and simplicity.
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Figure 3. The pipeline of the YOLOvS8n algorithm.

Table 2. Overview of the YOLOv8n layer functions.

Layer Name

Description

Stem layer
Stage layer1
Stage layer2
Stage layer3
Stage layer4

TopDown layerl

TopDown layer2
Down Sampl0
Bottom Up layer(
Down Samplel

Bottom Up layerl

ConvModule

Con2d
Bbox.Loss
Cls.Loss

Initial layer for feature extraction and input processing.
Processes the input with convolutional layers for feature refinement.
Further refines features, capturing more complex patterns.
Continues to extract and enhance feature representations.
The final stage of the backbone, preparing features for the neck module.
Upsamples features for better spatial resolution.
Continues to upsample and merge features from different scales.
Reduces spatial dimensions for processing efficiency.
Integrates features from previous layers for enhanced information.
Further downsampling to balance speed and accuracy.
Merges features, ensuring a comprehensive representation.
Applies convolution operations for feature extraction.
Standard convolution layer for additional feature processing.
Computes the loss related to bounding box predictions.
Computes the loss for classification accuracy.
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3.2. Pig Tracking Based on the OC-SORT Algorithm

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

‘ OC-SORT
Frame T ~———— Data Association Module - Trajectory Management Module -
,,,,,,,,,,,,,,,,, Motion Prediction Module ... = Unmatched 5 Unmatched :
| o - = - Delete trajectory
- : Detections = Detections
Trajectory o E = §
CYRENT ? =
s Prediction Q Unmatched 2 Unmatched —
3 S © |g Trajectories S Trajectories Init trajectory
Detection 3 18 J 3 J
®o | |\~ b LT
Matched Update Active
Pairs Trajectory Trajectory

Figure 4. The flowchart of OC-SORT.

3.2.1. Pig Motion Prediction

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

x = (u,v,8114,03) (1)

where (1, v) represents the center position coordinates of the target, s is the bounding box
scale (area), and r is the bounding box aspect ratio. The aspect ratio r is assumed to be a
constant value. The other three variables, 7, 9, and $ are the corresponding time derivatives.
Then, the previous frame’s state estimation and the current frame’s detection results
are input to the KF prediction module to obtain an accurate estimation of the target’s state in
the current frame. And, it is obtained using the state estimation (x;;_;) and the covariance
matrix (P;;_1) by Equations (2) and (3). Equations (2) and (3) are shown as follows:

X1 = Frxp )01 2)

Pyioq = FPp_q1 F + Q: 3)

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

3.2.2. Data Association

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

C(X,Z) = Crou(X,Z) + ACy(Z, Z) (4)

where X € RV*7 is the set of object state estimations and Z € RM*5 is the set of observa-
tions on the new time step. A is a weighting factor. Z contains the trajectory of observations
of all existing tracks. C,;(-, -) calculates the negative pairwise IoU (intersection over union)
and Cy (-, -) calculates the consistency between the directions of (i) linking two observations
on an existing track and (ii) linking a track’s historical observation and a new observation.

3.2.3. Trajectory Management

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

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

-1
K = Pt\t—lHtT (Htpt\t—lHtT + Rt) ®)
xt‘t = xt‘t,1 + K(Zt - Htxt‘tfl) (6)
Pt\t = (I - Kth)pt|t—1 @)

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

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

Zt = Trajvirtual(ztertZI t)/tl <t<t2 (8)

Then, along the trajectory of z;(t1 < t < #2), we run the loop of predicting and re-
updating. The re-update operation is as in Equation (9).

-1
re — update R =21 + Kb (zt — Htft\t—l) )
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(3) For tracking trajectories that fail to match, we temporarily retain the trajectory
without updating its status and associate this trajectory with the detected targets in the next
frame. If the trajectory exceeds the predefined frame count (set as a maximum of 30 frames
in this paper) without successfully matching any detection targets, we delete this trajectory.

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

2

Figure 5. OC-SORT tracking process for pigs.

3.3. Pig Behavior Analysis Algorithm

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

(1) A behavioral statistics array named [A1, Ay, A3, A4] for each trajectory is con-
structed to save the four behavioral classifications information. And A7, Ay, A3, and Ay,
respectively, represent the cumulative frame counts for the four categories of lying, stand-
ing, eating, and other behaviors.

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

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

Alnew Al aj
Aopew Ay ap

= + 10
A3new A3 as ( )

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

Algorithm 1: Pseudo-code of pig behavior analysis

Input: A video sequence V; object detector Det; tracking score threshold 7 is set 0.75;
Frames per second Fps;
Output: Tracks T of the video

1 Initialization: T + &

2 forframe f in V do

3 D < Det(fy)

4 Initialize time-count array including four elements for time statistics a < [0,0,0, 0]
5 Set variable category_index <— D{category}

6 a[category_index] < 1

7 Associate T with D using OC-SORT:

8 if succeed to match then

9 Call the update or re-activate function to update the status of tracks
10 Set variable A < T[category_time_array] + a

11 T[category_time_array] < A

12 end

13 if D failed to match and D > # then

14 Call the function to create a new track.

15 Initialize time-count array A < [0,0,0,0]

16 T[category_time_array] < A

17 end

18 End

19 Tlcategory_time_array] = T[category_time_array|/Fps
Return T

3.4. Evaluation Metrics for MOT

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

e |
— . — cc
HOTA DetA - AssA TP+ FN - FP (11)

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

Y+(FP + FN + IDS)
Y 8t

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

MOTA =1 —

(12)
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2IDTP
IDFL = 2IDTP + IDFP + IDFN (13

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

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

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

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

Video Sequence Algorithm HOTA/%1 IDs| MOTA/%T  IDF1/%7T FP| FNJ

Trackformer 70.8 283 88.5 79.5 1048 3719

Public datasets JDE 62.6 473 83.4 71.2 3323 3455
TransTrack 63.8 523 79.3 71.2 3627 4910

V8-Sort 82.0 22 96.3 96.8 658 953

Trackformer 73.5 41 95.7 86.9 426 463

Private datasets TransTrack 57.5 395 82.1 67.2 1292 2279
V8-Sort 74.8 17 93.7 93.1 143 1232

The “1” indicates that a higher value is better, while “|” indicates that a lower value is preferable. and bolded
results represent the method used in this study.

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

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

Figure 7 illustrates the result of the comparison of V8-Sort with other MOT methods
on private datasets. As depicted in Figure 7, Trackformer reaches a maximum tracking
ID of 12 in frame 278 of video 3004, while TransTrack exhibits frequent erroneous IDs
with a maximum number of tracked IDs of 12 and 11 in frames 199 and 278 of video 3004,
respectively. V8-Sort maintains a stable maximum number of IDs of six. This stability is
achieved because OC-SORT incorporates the motion trends of the targets into the similarity
matrix, which helps to maintain the targets” IDs across different frames and thus avoids ID
error switches during the long-time tracking process.
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Figure 6. Comparison between V8-Sort and other tracking methods on public datasets.
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Figure 7. Comparison between V8-Sort and other tracking methods on private datasets.

4.2. Tracking Results of V8-Sort on One-Minute Videos Dataset

The results of the V8-Sort are shown in Tables 4 and 5 on one-minute videos from
the public and private datasets. It can be observed that, in the public dataset, the average
MOTA, HOTA, and number of IDs for V8-Sort are 96.3%, 82%, and 22, respectively. In the
private dataset, the average MOTA, HOTA, and number of IDs for V8-Sort are 93.7%, 74.8%,
and 17, respectively. Among them, the highest MOTA is achieved in video 0802 and 3005,
reaching 99.9%, while the lowest MOTA is in video 3009, at 71.2%. The main reason for
the difference in MOTA among the different videos is due to the complex environmental
conditions, such as video background, daytime or night time, sparse or dense scenarios,
and the activity status of the pigs. In the daytime video 3009, the pigs are more active,
resulting in a lower MOTA. In the night time video 0802, pig activity status is low, and the
background is simple, leading to the highest MOTA. And, V8-Sort detects and tracks each
pig in both daytime and night time scenarios.
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Table 4. The tracking results of V8-Sort on the public dataset.
\nimals 2024, 14. 2828 Video Squences HOTA/%7T IDs| MOTA/%?T IDF1/%1 FP| FN| 14 of 1
’ 0102 85.4 2 98.2 97.1 1 35
0402 84.3 0 95.4 97.7 137 68
0502 84.0 10 99.4 99.7 10 4
0602 73.8 0 90.6 91.9 275 165
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Video 0902 85.8 0 97.5 98.7 45 61
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30@tal/average 72.0 82.0 %2 96.8 95.4 96.8 89@8 % 129
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Figure 9. The tracking results visualization of V8-Sort on the private dataset.

4.3. The Long-Term Tracking Results of V8-Sort

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

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

Video Squences HOTA/%* IDs| MOTA/%?T IDF1/%7 FP| FNJ

2001 56.7 19 97.1 67.6 189 391
2002 67.3 29 90.4 85.1 291 1986
2003 61.2 73 93.6 73.0 1235 1741
2004 59.0 91 84.6 74.5 1737 5436
3010 69.0 9 99.7 75.1 75 201
Total/average 62.6 44 93.1 75.1 705 1951

The “1” indicates that a higher value is better, while “|” indicates that a lower value is preferable.

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

4.4. Results of Behavior Analysis

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

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

video sequence 0402 0.2 Video sequence 0402
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(a) The time allocation for each pig” s ID across four different behaviors. (b) The behavioral changes of each ID-tagged pig.

Figure 11. Time allocation and proportion of pig behaviors.
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Figure 12. The proportional occurrence of the four behaviors.

Overall, the V8-Sort method can achieve the accurate recognition of pigs’ basic be-
haviors, playing a positive role in optimizing breeding environments and enhancing pig
welfare, as well as contributing to the economic efficiency of the breeding industry.

5. Conclusions and Future Work

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

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

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

1. Introduction

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

In recent research, several MOT methods have been applied and expanded to the
livestock industry. For example, Zhang et al. introduced an online method for detecting
and tracking multiple pigs, which removed the need for manual annotations or actual pig
IDs and operated effectively both in daytime and nighttime conditions [4]. Cowton et al. [5]
integrated Faster R-CNN [6] with two online multi-object tracking techniques, namely
SORT and DeepSORT [7], creating a comprehensive system for individual pig localization
and tracking. This system also extracted behavior-related metrics from RGB camera data,
achieving impressive performance with MOTA and IDF1 scores reaching 92% and 73.4%,
respectively. Guo et al. [8] proposed a weighted association algorithm for three multi-
object tracking methods, namely JDE [9], FairMOT [10], and YOLOv5s-DeepSORT, to
optimize pig re-identification, improve tracking performance, and reduce ID switches.
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Tu et al. [11] combined YOLOV5 [12,13] with an improved DeepSORT algorithm to achieve
highly accurate pig tracking, with a re-identification accuracy rate of up to 99.9%. Kim et al.
improved YOLOv4 and DeepSORT to reduce computational expense while maintaining
high accuracy in pig counting, which enabled real-time execution with an accuracy rate of
99.44% [14]. Odo et al. [15] utilized YOLOvV4 [16] and YOLOv7 [17] detectors, combined
with the DeepSORT and centroid tracking algorithms, to quantify ear-biting behavior in
pigs. This approach achieved a detection accuracy of 98% and a tracking false positive rate
of 14%. Han et al. proposed a detection-based tracking approach that utilized a YOLOv5
detector trained specifically for cattle detection to generate detection results. This method
was designed to overcome challenges posed by scale variations, random movements, and
occlusions in farm conditions when tracking cattle [18]. These algorithms all utilized the
appearance information of targets during the association phase. However, due to the high
similarity in appearance among the pigs’ targets in the scenes and the uneven lighting
conditions, the appearance information of the targets might be unreliable. Additionally,
using appearance information is time-consuming and may not yield significant benefits in
such scenarios.

Therefore, there are many studies that do not use the appearance information of targets
in the data association phase for pig MOT under video surveillance monitoring. Yigui et al.
proposed an improved pig-counting algorithm based on the YOLOv5+DeepSORT model,
which achieves stable pig counting in a breeding environment with a 98.4% pig-counting
correlation coefficient [19]. Zheng et al. [20] proposed a MOT method that effectively
addressed the issues of false negatives and false positives resulting from complex envi-
ronmental conditions in individual cow detection and tracking. Van der Zande et al. [21]
combined YOLOV3 [22] with the SORT algorithm to achieve pig detection and tracking to
monitor individual pig activity. These algorithms only used the target’s motion information
during the association phase, combined with the Hungarian algorithm, to achieve cross-
frame target association. Due to the irregular movement patterns of targets in livestock
tracking scenarios, which include variations in speed and sudden changes in direction,
using Kalman Filters (KFs) in the traditional manner may not yield accurate bounding box
positions, leading to the loss of target tracking. Additionally, the above research primarily
focuses on the identification or automatic tracking of pig behaviors, lacking analysis of the
time of the pig’s different behaviors, such as eating, standing, and lying, according to the
post-processing of the tracking results.

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

2. Materials and Methods
2.1. Materials

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

Figure 1. Dataset video scenes.

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

Figure 2. Examples of pig behavior classification. (a) Examples of “stand”, “lie,” and “eat” behavioral
categories. (b) Examples of “stand”, “lie,” and “other” behavioral categories.
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Table 1. Test video environments.
Dataset No. Sparse Dense Day Night Light

0102 Vv — Vv — uniform

0402 — Vv Vv — uniform

0502 Vv — — Vv uniform

0602 — V4 V4 — uniform

0702 Vv — Vv — uniform

0802 — Vv — 4 uniform

0902 V4 Vv — uniform

Public 1002 — V4 — 4 uneven
1102 V4 — Vv — uniform

1202 Vv — Vv — uniform

1502 — Vv — Vv uniform

01 Vv — Vv — uniform

05 V4 — — 4 uniform

11 — Vv Vv — uniform

15 V4 — 4 uniform

0010 — V4 Vv — uniform

0011 — Vv Vv — uniform

0012 — Vv — Vv uneven

0013 — Vv Vv — uniform

Private 0014 V4 — Vv — uniform
0015 Vv — Vv — uniform

0016 vV — 4 — uniform

0017 V4 — — Vv uniform

0018 V4 — — V4 uneven

2.2. Methods

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

Figure 3. RpTrack tracking pipeline.
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2.2.1. Improved Kalman Filter

In the SORT algorithm, the KF [26] state vector used is denoted as x = [x., ¥, s, 4, X, §c, §
Here, (x, y.) represents the center coordinates of the target, s and 4, respectively, denote
the area and aspect ratio of the bounding box, and [%, 7, 3] is the velocity corresponding to
these parameters.

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

]T

KF state vector used in the RpTrack algorithm is denoted by x = [x¢, yc, w, h, %c, Jc, D, ﬁ] T as
in the Bot-SORT [27] algorithm. Here, (x., i) represents the center coordinates of the target,
w and h, respectively, denote the width and height of the bounding box, and [ﬁc, Ge, W, fz] is
the velocity corresponding to these parameters. This state vector can provide more accurate
bounding box shapes.

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

Figure 4. Comparison of visualization results of KF in SORT and RpTrack.

2.2.2. Improved Trajectory Management

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

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

trajectory. The list representing the storage of motion information for a trajectory can be
t

denoted as T = {[(xll, P1), (x2,P2),..., (xK, P, s;, ci}j\il, where k < K. Here, i denotes the
trajectory index, xf.‘ represents the KF state recording the position information of trajectory i for
the last k frames, Pik indicates the corresponding covariance matrix for xf-‘, s; represents the state
of trajectory i (tracked or lost), ¢; denotes the behavior category of trajectory i (“stand”, “lie”,
“eat”, and “other”), N' t represents the number of trajectories in frame ¢, and (xf, Pl.k) denotes
the motion information of trajectory i recording the position information of the last k frames.
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The storage of trajectory information before improvement is depicted in Figure 5a, where each
trajectory stores only one motion information, recording all observed position information for
the trajectory. Additionally, each trajectory does not store the behavior state.

moooTesre=s | ki [ e BB S.G |

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

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

Track i
4’[ KF prediction ]—P{D D| S.G |

=lie = ost ..
| < or § #( Association ]

N

Figure 6. Trajectory prediction process. The red-bordered blocks indicate the motion information

recording the most positional information.

The comparison between the improved and unimproved trajectory prediction results
is depicted in Figure 7. In Figure 7, the green solid line represents the results obtained
with the improved trajectory prediction, while the red dashed line represents the results
without improvement. The more accurately the bounding box surrounds the pigs, the more
accurate the prediction result. Figure 7a—c represent three motion patterns: slow movement,
sudden turning, and fast movement. It can be observed that under all three different motion
patterns, the improved trajectory prediction consistently yields more accurate results.

Figure 7. Comparison of trajectory prediction results with and without the improvement.
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To maintain the accuracy of the stored motion information for trajectories, improve-
ments are required in the trajectory update module. The specific implementation details
are illustrated in Algorithm 1.

Algorithm 1: Improved trajectory update

Input: + = {[(xl, PY), (x%,P?),..., (xk, Pk)},s, c}: represents the storage information for trajectory ¢, xk
represents the KF state recording the position information of trajectory t over the last k frames, with P¥ as the
corresponding covariance matrix, s indicates the trajectory state (lost or tracked), and c represents the behavior
category of trajectory f.

d = {I,¢?}: I indicates the position of detection 4 matched with trajectory ¢, where c? denotes the behavior
category of the detected target.

K: indicates the maximum length of the trajectory information storage list.

Output: t = {[(x, P1), (x2, P2),..., (x, P¥)],s,c}: represents the updated storage information for trajectory t,
xF represents the updated Kalman filter state, P¥ represents the corresponding updated covariance matrix for
xk, ¢ denotes the behavior category of the trajectory, and s reflects the trajectory state.

1 /*update historical KF state vectors and KF covariance matrixes*/

2 Step 1: Initialize an empty set

3 t'+©

4 Step 2: Initialize KF for detection d

5 x, P+ KF initialization d

6 ' <t'U{x, P} /*store current motion information*/

7 Step 3:update motion information

8  if s ==Tracked then

9 fori« 1tokdo

10 if i < K then /*ensure that maximum K frames of position information are recorded*/
10 xt, Pi— KF update xi, P, x /*conduct KF update*/

11 vt u{x, P}

12 t—t

13 c¢—c? /*update trajectory behavior category*/

14 Returnt

2.2.3. BloU (Buffered IoU)

In the MOT task, motion-based target association algorithms commonly employ the
IoU metric. The calculation of IoU is depicted in the left part of Figure 8, where A =
(wa, ha) and B = (wp, hp), respectively, denote the bounding box information for detection
and trajectory, wa and K, respectively, denote the width and height of detection A, wg and
hg, respectively, represent the width and height of trajectory B, and S; corresponds to the
area of overlap between A and B, while S, represents the area of their union.

bw,
A,
WA
A bh, S,
h, S,
S, bh,
hB
S, w, B S, +S, bw, B
IoU = BloU =
S, A S,+s, A
A
S, S,
SZ
B

Figure 8. Calculation of IoU and BloU.

To accurately associate targets with irregular motion patterns and similar appearances,
Yang et al. introduced the BloU (Buffered Intersection over Union) metric [28]. The
computation of BloU is illustrated in the right part of Figure 8, where A/ = (bwy, bhy)
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and B/ = (bwg, bhg) denote the extended bounding box information and b represents
a hyperparameter expansion factor. S| represents the extended area of overlap and S
corresponds to the extended area of their union. (Note that, as in [28], the value of b
defaults to 1.5.)

3. Experiments
3.1. Experimental Platform and Parameter Settings

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

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

3.2. Evaluation Metrics for Multi-Objective Tracking

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

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

3.3. Tracking Results

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

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



Agriculture 2024, 14, 1158 9of 16

Table 2. Results of tracking experiments on the test video.

Dataset Video HOTA/% MOTA/% IDF1/% IDSW/% FPS/(f/s)
0102 90.6 99.9 100.0 0 73.8
0402 90.1 99.8 100.0 0 70.1
0502 84.8 99.8 100.0 0 73.6
0602 80.0 98.6 99.3 0 69.0
0702 875 99.9 100.0 0 71.7
0802 92.1 100.0 100.0 0 713
. 0902 88.8 96.6 98.3 0 70.2
Public 1002 738 97.1 98.6 0 70.3
dataset 1102 88.8 97.1 98.6 0 69.1
1202 86.0 97.1 98.5 2 69.6
1502 77.6 98.4 99.2 0 68.5
01 77.0 96.6 93.9 8 75.4
05 79.0 98.8 94.4 12 73.6
1 61.8 942 71.8 54 68.7
15 66.4 91.8 78.9 69 69.2
0010 80.0 99.0 97.8 2 65.7
0011 81.4 97.1 98.5 0 69.7
0012 79.0 98.2 99.1 0 69.6
. 0013 81.9 97.6 98.8 0 69.6
Private 0014 84.1 99.9 100.0 0 74.7
dataset 0015 85.5 99.6 99.8 0 74.9
0016 86.1 99.8 99.9 0 743
0017 81.2 99.9 100.0 0 73.6
0018 66.2 88.2 90.7 4 74.8

Figure 9. Tracking video environments. (a) Examples of video 11 missed detections. (b) Examples of
video 15 missed detections. (c) Examples of video 0018 missed detections.

3.4. Comparison of Different MOT Algorithms

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

Dataset Method HOTA/%  MOTA/% IDF1/% IDSW FPS/(f/s)
SORT 65.2 95.0 72.8 242 753
ByteTrack 61.6 92.8 72.6 229 73.8
Publi C-BloU 70.1 95.2 79.7 369 79.1
ubie OC-SORT 70.2 95.2 81.0 161 73.1
Bot-SORT 69.1 95.1 78.8 317 19.2
RpTrack 73.2 95.5 85.6 146 70.9
SORT 77.7 97 .4 93.0 29 78.6
ByteTrack 73.3 93.2 90.1 41 79.3
Pri C-BloU 76.8 95.4 91.7 45 80.7
rvate - OC.SORT 78.6 97.4 94.3 18 78.1
Bot-SORT 78.8 97.0 93.4 35 37.4
RpTrack 80.8 97.8 98.4 6 72.9

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

The visualization results of Bot-SORT, ByteTrack, OC-SORT, and RpTrack methods in
both the public and private datasets are presented in Figures 10 and 11. In these figures,
the red-dashed bounding boxes indicate pigs that have lost track, and the yellow arrows
represent pigs with ID switches. In Figure 10, in the 90th frame of video 0102, two pigs in
the upper right corner suddenly move rapidly. In the subsequent three frames, Bot-SORT,
ByteTrack, and OC-SORT lose track of these pigs and exhibit ID switches, while RpTrack
can accurately track both pigs. In Figure 11, in the 152nd frame of video 0018, a pig in the
lower left corner was lost due to uneven light from the 153rd frame to the 163rd frame.
When the pig reappears in the 164th frame, only RpTrack can correctly track it, while the
other algorithms fail to track the pig.

Figure 10. Comparison of RpTrack’s tracking results with other MOT algorithms in the public dataset.
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Figure 11. Comparison of RpTrack’s tracking results with other MOT algorithms in the private dataset.

To further compare the overall tracking performance among different trackers,
Figure 12 displays the pig tracking trajectories in selected videos. Figure 11a,d show
the real activity trajectories and tracking trajectories of all individual pigs in video 0102 and
video 0013, respectively, with labels on the right indicating the trajectory colors and their
corresponding IDs. Figure 12b,c,e depict the real activity trajectories of pigs with IDs 3 and
6 in video 0102 and ID 10 in video 0013. These figures also show the tracking trajectories of
each tracker. Taking video 0102 as an example, in Figure 12a, RpTrack produces tracking
trajectories most similar to the real trajectories (GT). The number of trajectories matches
that in the GT, indicating that RpTrack maintains consistent pig IDs throughout the tracking
process. Additionally, Figure 11b shows the actual trajectory of a pig in video 0102 and
the tracking trajectory of each tracker. It can be observed that Bot-SORT, OC-SORT, and
ByteTrack all show ID switches when tracking a pig with GT ID 3, while RpTrack can
correctly track this pig. A comprehensive analysis combining Table 3 and Figures 10-12
demonstrates that RpTrack exhibits the best tracking performance, accurately tracking pigs
in complex scenarios.

3.5. Behavioral Statistics

To validate the accuracy of individual pig behavior identification and statistical analy-
sis based on the RpTrack tracking method, this study employs the training dataset labeled
with four distinct behavior categories (“stand”, “lie”, “eat,” and “other”) to train a YOLOX
detector. The combination of the YOLOX detector and RpTrack tracker accomplishes simul-
taneous tracking and behavior statistics of pigs. The real behavior statistics of individual
pigs in certain videos and the behavior statistics generated by RpTrack are presented in
Figure 13. The horizontal axis represents pig identities, while the vertical axis indicates
the number of frames in which the behavior duration. Bars with arrows represent the
real behavior statistics, followed by adjacent bars illustrating RpTrack’s behavior statistics.
Different colors, such as blue, orange-red, green, and orange, correspond to the four behav-
ior categories (“stand”, “lie”, “eat,” and “other”), respectively. The greater the similarity
between the actual behavior results and RpTrack’s behavior results, the more accurate
RpTrack’s behavior statistics were considered. For pig ID 5 in video 0902, the real statistics
for the blue, orange-red, and orange parts closely match the RpTrack behavioral statistics,
indicating that RpTrack’s results are accurate. Similar results were observed for other
individual pigs. The experiment results indicate that the tracking method based on the
YOLOX and RpTrack achieved relatively accurate behavior identification and statistical
analysis of pig behaviors in the videos.
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Figure 12. Comparison of target tracking trajectories for different methods.
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Figure 13. Comparison of actual behavioral statistics and tracking behavioral statistics for some videos.

3.6. Ablation Experiments and Analysis
3.6.1. Effect of Different K Values in Improved Trajectory Management

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

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

u

Table 4. Effect of different values of K on tracking performance, where indicates that the improved

trajectory management is not used.

Public Private
K Values HOTA/% MOTA/% IDF1/% IDSW HOTA/% MOTA/% IDF1/% IDSW
- 71.0 95.5 82.6 152 79.4 97.8 96.7 11
1 72.1 95.4 84.2 158 80.1 97.5 97.9 7
2 73.2 95.5 85.6 148 79.4 97.6 96.6 10
3 72.1 95.5 84.6 151 79.9 97.6 97.3 8
4 72.2 95.5 84.8 154 80.7 97.7 98.3 6
5 72.3 95.5 85.1 148 79.5 97.6 96.6 12

Figure 14. Comparison of visualization results on video 01 with and without the improved trajectory
management, where (a) the results without the improved trajectory management and (b) the results
with the improved trajectory management.
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3.6.2. Effect of Each Module in the RpTrack

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

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

Public Private
IKF IT™M BloU HOTA/% MOTA/% IDF1/% IDSW HOTA/% MOTA/% IDF1/% IDSW
65.2 95.0 72.8 242 77.7 97.4 93.0 29
(%4 70.5 95.5 81.8 146 79.7 97.7 96.6 11
v v 70.7 95.5 82.0 142 80.2 97.8 97.2 8
v 4 (4 73.2 95.5 85.6 148 80.8 97.8 98.4 6

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

Figure 15. Comparison of tracking results with and without ITM or BloU.

4. Conclusions and Limitation Discussion

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

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

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

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

RpTrack still has some limitations, as follows:

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

2. BloU still has mismatch problems due to the bounding box extension.

3. The work in this paper focuses on improvements to the tracker, and the problems that
would be faced by behavioral statistics are not studied in depth. Therefore, RpTrack
fails to deal with the effect of ID switches on the results of behavioral statistics, but
this is the direction of our future work.

The RpTrack method proposed in this paper effectively handles the challenges pre-
sented by irregular pig movements and uneven lighting in MOT of pigs. It demonstrates
outstanding performance in tracking stability, accuracy, and behavioral statistics, providing
support for research and applications in intelligent pig farming.
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Abstract

Accurate yield estimation of passion fruits is essential for planning acreage and harvest
timing. However, due to the complexity of the natural environment and tracking instability,
the existing yield estimation methods suffer from excessively large models that are dif-
ficult to deploy or repetitive counting of fruit. Therefore, an improved approach for effi-
cient passion fruit yield estimation was proposed using the lightweight YOLOvVS5s and
improved DeepSORT. First, the video is fed into the proposed lightweight YOLOvSs
called YOLOvSs-little to obtain coordinates and confidence information about the fruits
within each frame. Then, the information obtained from the detection model is input into
improved DeepSORT for continuous frame tracking of passion fruit. Considering the fre-
quent error IDs (ID switching), two improvements based on DeepSORT are proposed:
delaying the creation of tracks and adding a second round of IoU matching. Finally, to
overcome the problem of repetitive counting, a specific tracking counting method based
on the track information and state is used for accurate passion fruit counting. Our method
achieved a competitive result in tests. YOLOvS5s-little detector achieved precision of
98.9%, 98.3% recall, 99.5% mAP, and only 0.9MB model size. The improved DeepSORT
algorithm achieved higher order tracking accuracy (HOTA) of 79.6%, multi-object tracking
accuracy (MOTA) of 92.58%, identification F1 (IDF1) of 95.02%, and ID switch (IDSW)
of 11 respectively. Compared with DeepSORT, it improved by 4.66%, 1.8%, and 9.16% in
HOTA, MOTA and IDF1, respectively, and IDSW improved the most with 85%. Compared
with FairMOT and TransTrack, the HOTA of YOLOvS5s-little +improved DeepSORT
achieved improvements of 11.56% and 25.24%, respectively. The statistical average count-
ing accuracy of our proposed counting method reaches 95.1%, which is a 7.09% improve-
ment over the maximum ID value counting method. The counting results from test vid-
eos are highly correlated with the manual counting results (R>=0.96), indicating that the
counting method has high accuracy and effectiveness. These results show that YOLOvSs-
little + improved DeepSORT can meet the practical needs of passion fruit yield estimation
in real scenarios.
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Introduction

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

With the development of deep learning methods, many researchers have implemented
fruit detection and counting with the help of deep learning-based object detection (Assun-
cdo et al., 2022; Liu et al., 2017; Wang et al., 2022b). For example, Koirala et al. (2019)
developed a new detection model called MangoYOLO based on the features of YOLOv2
(tiny) and YOLOV3. Tu et al. (2020) were able to robustly detect small fruits of passion
fruit by feeding RGB-D images into an improved multiple scale faster region-based con-
volutional neural networks (MS-FRCNN) based model. Qi et al. (2022) used YOLOVS as
a target detection model to detect the main stem of litchi in litchi images and obtain the
accurate location information of the main stem picking point. Liu et al. (2023) proposed a
method based on binocular stereo vision and an improved YOLOv3 model to detect pine-
apples, improved by the optimization of the backbone network and the use of the binocular
camera to get the left and right images. The above methods are used to detect fruits in cap-
turing images for counting. However, the rapid development and widespread use of robots,
mobile terminals, and smart devices in modern agriculture. Many detection models cannot
be deployed on these devices due to limitations in calculating ability and storage capacity
(He et al., 2022a, 2022b).

Therefore, model lightweight has become a trend in fruit detection. In particular, Zhou
et al. (2020) used SSD with two lightweight backbones MobileNetV2 and InceptionV3 for
kiwi detection in the field. Wang and He (2021) developed a small model size based on a
channel-pruned YOLOVS5s deep learning algorithm to accurately detect apple small fruit.
Wang et al., (2022a, 2022b) proposed an improved YOLOvV5 model to detect litchi, the
improved backbone network uses ShuffleNetV2, introduces the CBAM module in the fea-
ture fusion stage, and adjusts the input size to 1280 1280. Shen et al. (2023) obtained a
lighter-weight YOLOVSs cluster detection model based on the channel pruning algorithm,
and soft non-maximum suppression is introduced in the prediction stage to improve the
detection performance of grape overlapping clusters. Inspired by the above studies, a light-
weight network based on YOLOvVS was designed according to the characteristics of passion
fruit.

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

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

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

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

To address these challenges mentioned above, we have proposed an improved pas-
sion fruit yield estimation method based on YOLOvS5s and DeepSORT. The specific
improvements we have made are as follows:

(1) A lightweight network based on YOLOVSs is designed.

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

Materials and methods
Dataset description

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

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

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

Fig. 1 Part of the dataset
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Fig.2 Annotated images of video sequence

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

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

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

—
Object Detector l
|

Detection Results

YOLOvS5s
-little - I_ T T TN
mproved DeepSORT

| Kalman Data Association |
) | filtering Motion |
______ | Information |

_____ -
4 Yield Estimation \ | |
Y

Increase count :
Create Tracklet

/ Management 10U matching

Reduce count : unmatched |
tracklet’ state is tentative

Output Video Sequences

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

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

Object Detection using YOLOvSs-little: A lightweight detector named YOLOvS5s-little
is used to detect each passion fruit and obtain its detection box and confidence in each
frame of the video.

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

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

YOLOvV5s, YOLOv5s-2level and YOLOv5Ss-little detection network

As one of the most widely used one-stage object detection algorithms, YOLO has been widely
applied in industry and agriculture due to its outstanding performance and fast detection speed
(Bochkovskiy et al., 2020; Redmon & Farhadi, 2018). YOLOvVS was developed by Ultralytics
and released in June 2020 as an upgrade to the YOLOv4 model. Compared to the structures
of YOLOvV3 and YOLOv4, YOLOVS has been further optimized to enable fast and accurate
object detection. In addition, YOLOVS5’s tractable network architecture allows for further opti-
mization and enhancement, while also being conducive to use with other multi-target tracking
algorithms. The YOLOVS5 series includes four versions, YOLOvSs, YOLOv5m, YOLOV5x,
and YOLOvS5x], which vary in network depth and width. YOLOv5s was chosen as the detector
for improvement because it can balance the requirements of speed and accuracy.

Two improved YOLOVS detection networks for passion fruit targets are proposed, the
two-layer (YOLOv5s-2Level) and the lightweight network (YOLOv5s-little). YOLOvVSs-
little adopts the same structure as YOLOv5s-2Level. The network architecture of YOLOvSs
and YOLOvS5s-2Level is shown in Fig. 4. As the targets of passion fruit in video tracking are
generally small, the YOLOv5s model has little impact on the accuracy of fruit detection in
high-level feature maps for large targets, and it consumes more detection time. Therefore,
YOLOv5s-2Level mainly removes the P5 layer in the YOLOvSs model. Since passion fruits
are usually round and have little shape variation, based on YOLOvS5s-2Level, YOLOv5s-little
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Fig.4 Network structure of YOLOv5s and YOLOvS5-2level
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further decreases model parameters, compresses network depth and width, and reduces the
number of anchor boxes to shrink the model size, making it less than one-tenth the size of the
YOLOvV5s model while maintaining fast detection speed and good detection accuracy.

Improved deepSORT for passion fruit yield estimation model

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

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

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

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

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

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

Unmatched
Tracks

Unmatched

Tracks condition,

|Improvement2 I
I

|
| Unmatched

First 0U
Matching

Unmatched
Detections

|
Unmatched |

Second 10U
* | Matching

Detections T

eneration Yes
! Detections | gc e

. Casacde

Matched Matched Matched
Tracks Tracks Tracks

Confirmed
Kalman Filter Tracks [P I
Tracks
t

Predict

Tracks

Kalman Filter Update
3 consecutive hits: Unconfirmed tracks —» Confirmed tracks

Fig.5 Flow chart of the tracking process of the improved DeepSORT
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@ (b)

Fig. 6 Illustration of passion fruit frequent IDs

Fig.7 Area map allowing crea-
tion of tracks

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

(1) Delaying the creation of tracks

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

Therefore, we propose a method for the creation of tracks to limit the increase in fruit
ID in the central and boundary regions. This method is shown as improvement 1 in Fig. 5.
Specifically, in Fig. 7, the inner red area is the central area, and the outer red area is the
boundary area. New tracks can only be created in the red area, not in the center area or the
boundary area. During the experiment, we use the two values of coordinates of the bound-
ing box (BB) and the resolution of the current frame to determine whether the bounding
box is in the central region or the boundary region. After the third frame, if the unmatched
detection is in the central area or the boundary area, no track is allowed to be created,
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otherwise a track is created and given an ID. The boundary value is set according to the
size of the fruit (set 25 in this paper). The detailed steps are described in Algorithm 1.

Algorithm 1 The creation of track

Input: [x, y, w, h]: bounding box information

frame_idx: current frame index

img_width: current frame width

img_height: current frame height

next_id: next ID number

total: the total number of passion fruits

Output: next_id; total

1: if frame_idx > 3 then

2: if w <25 and (0 <x <30 or img_width — 30 < x <img_width) then

3: return

4: end if

S: else if 70 <x <img_width - 70 - w and 70 <y < (img_height — 70 — h) then

6: return
7: end if
8: end if

9: create_track (X, y, w, h, next_id)

10: next_id«—next_id + 1

11: total« total+ 1

12: return next_id, total
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(2) The second round of IoU matching
Due to delaying the creation of tracks, new tracks cannot be created in either the cen-
tral region or the boundary region. If a track in these regions fails to match new detec-
tion boxes multiple times, the track is then deleted. In addition, no new tracks could
be created for fruits in these regions, leading to missed detections. Therefore, we add
the second round of IoU matching to achieve better results in associating unmatched
detections with tracks that were not matched in the first two rounds of matching.

Yield estimation algorithm

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

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

Total + 1 if a creation of track
Total = { Total — 1 if unmatched track state is tentative (1)

Total if track’s time-since-update > 30

Experiment and result analysis
Implementation details

The experiments for estimating the passion fruit yield in this study are divided into three
parts:

e YOLOVSs, YOLOvSs-2level, and YOLOvS5s-little models were used to detect passion
fruit.

e Based on the YOLOvSs-little model, passion fruit was tracked using DeepSORT and
the improved DeepSORT.

e Based on YOLOvS5s-little and the improved DeepSORT, MAX-IDVC, and our counting
method were used to count passion fruits.

For the detection experiment, 4000 images with data augmentation were used for model

training. The original resolution of the images was 1280 X 720 pixels, but it was com-
pressed to 640 x 640 pixels after input preprocessing. In the training process, a pre-trained
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model was not used, and the optimizer was set to SGD. The learning rate, batch size, and
epoch were set to 0.01, 32, and 200, respectively.

Twelve annotated videos were used, with three videos used for tracking testing and the
remaining nine videos used for RelD training. The target dataset for ReID training con-
tained 198 passion fruits. The number of images per passion fruit was increased to around
250 through data augmentation. The ratio of the training set to the test set was set at 4:1.

For the tracking experiment, three videos with 28, 42, and 19 passion fruits, respec-
tively, were used, covering both sparse and dense scenes. The max_IoU_distance threshold
was set to 0.7, while other parameters were kept at their default values.

Evaluation metrics

In this section, we have chosen metrics because of their widespread use and comprehensive
nature, which allows for effective comparisons with other studies and ensures the cred-
ibility and comparability of our research. The evaluation metrics used in each of the three
experiments are described below.

The object detection section was evaluated using precision (P), recall (R), mean aver-
age precision (mAP), run time, and model size for YOLOvS5s, YOLOv5s-2Level, and
YOLOv5s-little (Padilla et al., 2020). Among them, P, R and, mAP reflect the overall per-
formance of the detector, and the higher the value, the better the performance. The running
time and model size reflect the lightness of the detector, and the lower the value, the higher
the lightness.

The multi-object tracking part uses higher order tracking accuracy (HOTA), multiple
object tracking accuracy (MOTA), identification F1 (IDF1), ID switch (IDSW) for Deep-
SORT and the improved DeepSORT is evaluated comprehensively (Luiten et al., 2021).
Among them, HOTA, MOTA, IDF1, and IDSW are important to reflect the performance
of the tracking algorithm, the higher the value of HOTA, MOTA, and IDF]1, the better the
performance, and the smaller the value of IDSW, the better the performance.

The counting part uses counting accuracy and Statistical average counting accuracy
(Rong et al., 2023) to evaluate the counting method. The higher the value of these two met-
rics, the closer the predicted value of the counting method is to the true value.

The detection results of YOLOv5s, YOLOv5s-2Level, and YOLOv5s-little

Table 1 displayed the evaluation results of the YOLOvSs, YOLOvSs-2Level, and
YOLOv5s-little detectors. The main difference in precision between the three models is
reflected in the values of mAP@0.5:0.95. And the mAP@0.5:0.95 values for YOLOVS5s-
2Level and YOLOVvS5s-little were 0.856 and 0.782, respectively, representing a decrease of
1.4% and 8.8% compared to the original YOLOvVSs model. Furthermore, the detection time

Table 1 Detection results of YOLOv5s, YOLOv35s-2Level, and YOLOv5s-little

P/% R/% mAP@0.5/% mAP@0.5:0.95/% Time/s Size/MB

YOLOvS5s 99.1 98.8 99.8 87 0.0127 14.4
YOLOvS5s-2Level 98.7 99.6 99.8 85.6 0.0097 3.4
YOLOv5s-little 98.9 98.3 99.5 78.2 0.0079 0.9
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per image for YOLOv5s-2Level and YOLOvS5s-little models were 0.0097 s and 0.0079 s,
respectively, resulting in a speed improvement of 30% and 60%. With a size of less than
1IMB, the YOLOVS5s-little model was more suitable for online, real-time applications and
portable devices than the YOLOvSs and YOLOvS5s-2Level. Considering detection speed,
precision, and model size, the YOLOvS5s-little model was chosen as detector for the later
tracking experiments.

Figure 8 showed the detection results for YOLOv5s and YOLOv5s-little under sparse
(in the left column of Fig. 8) and dense scene (in the right column of Fig. 8). In the former,
nine fruits were present in the original image, and both YOLOvVS5s and YOLOv5s-little suc-
cessfully detected them. In the latter, the original image contained twenty fruits, and both
models also detected all of them with equal accuracy. Taken together, these results demon-
strated the robust detection capability of both YOLOvS5s and YOLOv5s-little across diverse
scene densities.

(a) Original images in sparsely-fruited scenes. (b) Original images in densely-fruited scenes.
Ground labeled result : 9 Ground labeled result : 20

(c) Detection map of YOLOVSs in (d) Detection map of YOLOVSs in

sparsely-fruited scenes. densely-fruited scenes.
Detection result : 9 Detection result : 20

(e) Detection map of YOLOv5s-little in (f) Detection map of YOLOvSs-little in

sparsely-fruited scenes. densely-fruited scenes.
Detection result : 9 Detection result : 20

Fig. 8 The detection results of YOLOvSs and YOLOVvSs-little in different scenes
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The tracking results of improved and original DeepSORT Based on YOLOv5s-little

The comparison results between the improved and original DeepSORT tracking algo-
rithms based on YOLOVvS5s-little were presented in Table 2. The average or total of
each evaluation metric in all test videos is labeled in bold. Five metrics mentioned in
Sect. 3.2 were used to evaluate the tracking performance. The values of the HOTA,
MOTA, IDF1, and IDSW indicators were 74.94%, 90.78%, 85.86%, and 76, respec-
tively using the original DeepSORT, while they were 79.6%, 92.58%, 95.02%, and 11,
respectively using the improved DeepSORT. The improved DeepSORT showed excel-
lent performance in the first four indicators, with improvements of 4.66%, 1.8%, 9.16%,
and 85% in HOTA, MOTA, IDF1, and IDSW, respectively, compared to the original
algorithm. The improvement in IDSW was most significant, effectively reducing the
problem of frequent IDs. This was very helpful for subsequent fruit-counting tasks and
would lead to more accurate fruit-counting results, thus improving the efficiency and
accuracy of crop management. Despite using IOU matching one more time than the
original, the tracking speed of the improved DeepSORT did not decrease significantly.
In conclusion, the improved DeepSORT showed significant improvements in both track-
ing stability and accuracy.

Figures 9 and 10 showed the tracking results of test videos 02 and 03 using the origi-
nal and improved DeepSORT. Both videos had 100 frames. Test video 02 contained 19
fruits which were sparsely distributed, and video sequences were captured from right
to left. Test video 3 contained 42 fruits which are densely distributed, while video 03
sequences were captured from right to left.

In Fig. 9a and c, the highest ID value by the original DeepSORT was 14, while
the maximum ID value by the improved DeepSORT was 10. The original DeepSORT
showed discontinuity in ID in the 50th frame, while the ID value by the improved Deep-
SORT remained continuous. In Fig. 9b and d, the maximum ID value by the improved
DeepSORT was 19, while the maximum ID value by the original DeepSORT was 26.
The maximum ID value by the original DeepSORT differed from the actual number of
fruits by 7 units, while the improved DeepSORT was closer to the actual situation.

In Fig. 10a and c, the maximum ID value of the original DeepSORT reached 65,
which exceeded the ground truth count significantly. However, the maximum ID value
of the improved DeepSORT was 40, which was close to the ground truth count (equal to
42). In Fig. 10b and d, the maximum ID value of the original DeepSORT was 89, which
was more than twice the ground truth count, while the maximum ID of the improved

Table 2 Tracking results of improved and original DeepSORT Based on YOLOvS5s-little

Method Test video  HOTA/%!  MOTA/%! IDFl/%t IDSW| FPS(f-s~')1
Original DeepSORT 01 83.42 96.24 97.06 4 35

02 66.53 87.58 75.05 71 52

03 79.72 88.52 94.08 1 27

All 74.94 90.78 85.86 76 38
Improved DeepSORT 01 84.25 96.73 98.27 2 33

02 75.57 90.29 92.58 9 52

03 80.69 90.46 95.25 0 28

All 79.6 92.58 95.02 1 38
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(¢) Improved DeepSORT, Frame 50 (d) Improved DeepSORT, Frame 100

Fig.9 The tracking results of original and improved DeepSORT of test 02

(b) Original DeepSORT, Frame 100

= s

(c) Improved DeepSORT, Frame 50 (d) Improved DeepSORT, Frame 100

Fig. 10 The tracking results of original and improved DeepSORT of test 03

DeepSORT was 43, which was also close to the ground truth count. In conclusion, the
improved DeepSORT can effectively solve the problem of frequent IDs in fruit sparse
and dense scenarios.
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Evaluation of counting method

The comparison experiments between the MAX-IDVC approach and our counting method
were shown in Fig. 11. The x-axis in Fig. 11 represented the video number, and the y-axis
represented the fruit counts. The blue bars represented the ground truth of the fruit count
value, while the red bars represented the fruit count values between the two methods
including the MAX-IDVC approach and our counting method. The counting accuracy per-
centage values were shown above each bar.

According to the results of Fig. 11, our counting method achieved higher counting accu-
racy than that of the MAX-IDVC method for most videos. In Fig. 11a, the lowest counting
accuracy achieved by the MAX-IDVC method is 52.4%, while the highest counting accu-
racy was 94.7%. In Fig. 11b, our counting method achieved the lowest counting accuracy
of 76.2% and the highest counting accuracy of 100%. Statistical average counting accuracy
using the MAX-IDVC method was 86.19%, while statistical average counting accuracy
using our counting method was 93.28%. Therefore, our counting method can achieve better
result than that of the MAX-IDVC method.

The regression curves between the predicted values and the ground truth count between
the maximum ID value counting and the proposed methods were shown in Fig. 12. Fig-
ure 12a displayed the regression curve between the maximum ID value and the ground
truth count, while Fig. 12b showed the regression curve between the proposed method
count value and the ground truth count. The R? value of the regression curve between the
maximum ID value and the ground truth count was 0.9419, while the R? value of the pro-
posed method was 0.9633, which was higher than that of the maximum ID value regression
curve. In addition, the slope of the regression curve of the proposed method was closer to 1
than that of the maximum ID value. In conclusion, the proposed method was more accurate
in predicting the passion fruit yield.

Comparison with other MOT method

FairMOT and TransTrack were chosen for comparison with lightweight YOLOvS5s-little
and improved DeepSORT. FairMOT (Zhang et al., 2021) consists of two homogeneous
branches—one for predicting pixel-level object scores and the other for re-ID features. This

T T r T T T r
[ Ground Truth 92.9 [ Ground Truth
45 [ The MAX-IDVC 1 45 [ Our method 976

Numbers
Numbers

929 100

Videos

(a) (b)

Fig. 11 The counting results of the ground truth and the predicted value. a The MAX-IDVC method. b Our
counting method
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y=1.1098x+0.2973 | y=1.039x-0.5387
R?=0.9419 R%=0.9633

Predicted Value
Predicted Value

0 5 10 15 20 2 30 35 40 45 50 0 5 10 15 20 25 30 35 0 45 50
Ground Truth Ground Truth

(a) (b)

Fig. 12 The regression curve between the ground truth and the predicted value. a The MAX-IDVC method.
b Our counting method

algorithm addresses the fairness issue between these two tasks and achieves high levels of
detection and tracking accuracy. On the other hand, TransTrack (Sun et al., 2020) estab-
lishes a new joint detection and tracking paradigm. TransTrack fully leverages the advan-
tages of transformer architecture to achieve object detection and object association in a
single shot.

Table 3 shows the comparison of experimental results using our method with FairMOT
and TransTrack tracking methods. The best value for each metric is shown in bold. Our
method performs the best on four metrics of MOT. Specifically, the HOTA, MOTA, IDF1,
and IDSW values of our approach were 79.6%, 92.58%, 95.02%, and 11, respectively.
Compared to the FairMOT method, our method improved by 11.56% for HOTA, 7.91%
for MOTA, and 19.29% for IDF1, while reducing IDSW by 269. Compared to TransTrack,
our method achieved significant improvements of 25.24% for HOTA, 37.22% for MOTA,
and 23.67% for IDF1. Additionally, the IDSW values of TransTrack were 351 higher than
that of our approach. These comparative results further validated the effectiveness of our
method in reducing frequent errors in fruit IDs and improving the accuracy of yield estima-
tion algorithms.

Discussion

While existing fruit counting methods focus on clustered fruits (e.g., tomatoes, etc.), our
study focuses on addressing the challenge of counting passion fruit individually. The char-
acteristics of passion fruit make it similar in color to leaves and occlusion by leaves. To

Table 3 The experimental Method HOTA/%] MOTA/%! IDFI/%] IDSW|
results of comparison with other
tracking methods YOLOVSs- 79.60 92.58 95.02 1
little + Improved
DeepSORT
FairMOT 68.04 84.67 75.73 280
TransTrack 54.36 55.36 71.35 351
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address these challenges, three key improvements for passion fruit counting are proposed:
model lightweighting, delaying the creation of track and adding a second round of IoU
matching to enhance tracking stability, and a counting method based on track informa-
tion and track state. Our study shows that with these improvements, our proposed method
makes significant progress in terms of model lightweight, tracking stability, and counting
accuracy.

First, the YOLOvSs detection model is replaced by a lightweight detector named
YOLOv5s-little. In the test set, YOLOv5s-little can effectively detect passion fruit in dense
or sparse scenes, and the size of the model is only 0.9 MB. Compared to the lightweight
networks such as MobileNet or ShuffleNet (Wang et al., ) based on YOLOvVSs, the model
of the proposed YOLOvS5s-little is smaller in size. While the YOLOvS5s-little performs well
in that scene, it may not perform well when faced with different lighting or angle changes
in different scenes. This may pose a challenge to its application in a wide range of scenes.

Second, we delay the creation of tracks and add the second round of IoU matching dur-
ing passion fruit tracking, effectively reducing the frequent error IDs. Table 4 shows the
results of the ablation study for the tracking improvement method. The best value for each
metric is shown in bold. The original tracker achieved the HOTA of 74.94%, MOTA of
90.78%, IDF1 of 85.86%, and IDSW of 76. The value of HOTA and MOTA using the
second round of IoU matching increases by 2.89% and 1.68% compared with the original
tracker, which indicates that adopting it can get better tracking performance. Delaying the
creation of tracks and the second round of IoU matching can further decrease the IDSW
to 11. At the same time, the values of HOTA, MOTA, and IDF1 can also be enhanced
by 4.66%,1.8%, and 9.16% compared with the original one (Table 4 first row). Therefore,
by reducing IDs and improving tracking performance, the improved DeepSORT can con-
sistently track passion fruit in videos. These enhancements significantly contribute to the
accuracy improvement in subsequent counting results. However, when the restricted area is
set unreasonably, it limits the generation of new tracks within that area, which might lead
to missed detections. Therefore, considering the characteristics of different scenarios, it’s
necessary to adjust the restricted area based on the characteristics of different scenes.

Finally, when using DeepSORT to track each passion fruit, calculating the total number
of passion fruits directly based on the maximum ID value leads to inaccurate counting. To
solve this problem, a counting method based on track information and track state is pro-
posed to overcome the double counting problem, and the number of passion fruits using
our method is close to manual counting.

The different classes of MOT algorithms currently available all have their own char-
acteristics. For example, FairMOT has higher computational efficiency and is able to
perform target tracking in real time, but its performance may be poor in complex sce-
narios. TransTrack is capable of handling large-scale target sets based on Transformer,
it may face computational complexity and speed challenges and is not applicable in real

Table 4 Ablation study of tracking improvement

Delaying the creation The second round of HOTA?® MOTA? IDF11 IDSW|
of tracks IoU matching
74.94 90.78 85.86 76
74.87 86.52 87.94 29
v 77.83 92.46 91.30 33
\/ 79.60 92.58 95.02 11
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production environments. Compared to these two tracking algorithms, the proposed
improved DeepSORT offers an improvement in tracking accuracy while satisfying better
real-time performance and can be adapted for use in practical applications.

When estimating the passion fruit yield, there are two key challenges in video data
collection. Firstly, rapid movement of the camera can result in blurred images, making
it difficult to capture and detect the fruits. Hence, stabilizing the camera is necessary to
ensure accurate fruit detection. Secondly, shooting toward sunlight can result in exces-
sively dark footage, affecting image quality. To better track the fruits, video capture
should avoid shooting toward sunlight.

In passion fruit yield estimation, it is difficult to fully consider agricultural expertise
and specific environmental factors using only machine learning models. In subsequent
studies, incorporating human expertise into machine learning processes, such as inte-
grating the experience of agricultural experts, can significantly improve the accuracy
and interpretability of prediction results (Holzinger et al., 2022). This approach not only
provides yield-related data, but also delves into the factors that influence plant growth
stages, including soil conditions, climate change, and plant pests and diseases. Such
insights help to identify the true causality behind yield fluctuations, providing farmers
with more targeted support and decision-making advice.

Conclusion

This study presents a method for estimating passion fruit yield by combining the light-
weight YOLOvS5s-little detector and an improved DeepSORT algorithm. By adopt-
ing a lightweight detection network and multi-object tracking techniques, our method
achieves accurate passion fruit counting in natural environments. The YOLOv5s-little
detector demonstrates excellent performance with 98.9% precision, 98.3% recall, and
99.5% mAP@0.5, while the model size is only 0.9MB. The improved DeepSORT algo-
rithm achieves HOTA of 79.6%, MOTA of 92.58%, IDF1 of 95.02%, and IDSW of 11
respectively. A specific counting method based on track information and track state
is proposed to overcome the issue of double counting, achieving a statistical average
counting accuracy of 95.1%. And the counting results from test videos are highly cor-
related with the manual counting results (R2= 0.96).

The passion fruit yield estimation method proposed in this study will have a profound
impact on the agricultural industry. Issues of model oversizing and double counting in
existing methods have been successfully addressed, providing a more stable and real-
time means of yield estimation for agricultural production. In the future, further optimi-
zation of the model’s performance will be undertaken by considering additional factors
in real-world planting scenarios, such as changes in light and fruit ripeness. Meanwhile,
the integration of human expertise into the machine learning process is planned to
enhance the accuracy and interpretability of prediction results.
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Abstract

The current instance segmentation method can achieve satisfactory results in common
scenarios. However, under the overlap or partial occlusion between targets caused by the
complex scenes, accurate segmentation of pigs remains a challenging task. To address the
problem, the authors propose an instance segmentation method based on Mask Scoring
region-based convolutional neural networks (R-CNN) (MS R-CNN), which creates the
adversarial network called MaskDis in the head branch of MS R-CNN. The MaskDis is
trained as a discriminator using a generative adversarial network, and the MS R-CNN
model is used as a generator during model training. The adversarial training enables the
generator to learn context information and features at the pixel level, which effectively
improves the segmentation quality under pigs’ overlapping or dense occlusions scenes.
Experimental conducted on the pig object segmentation dataset show that the proposed
approach achieves a precision of 92.03%, a recall of 92.18%, and an F1 score of 0.9210.
Compared with the basic MS R-CNN model, the approach achieved a 2.25% improvement
in precision and 1.18% improvement in F1 score. Furthermore, the improved approach
outperformed advanced instance segmentation methods such as YOLACT, Swin Trans-
former, YOLOv5-seg, and SOLOv2 on COCO evaluation metrics. These experimental
results demonstrate the effectiveness of the proposed approach in instance segmenta-
tion of pigs in complex scenes, providing technical support for non-contact pig automatic
management.

been successful uses of deep learning algorithms for acquir-
ing pig information, providing an efficient, contactless, and

The pig farming industry plays an important role in the national
economy, and the main direction of the pig farming industry is
large-scale and intelligent pig farming, In large-scale intelligent
pig breeding, accurate and timely collection of phenotype
information for controlling pig growth is the key technology
for precision farming [1-3]. Observing animals on an indi-
vidual level to assess their health and welfare is necessary.
However, on a real-world commercial farm, observing pig
contour information by humans is impractical, and subjective
human observation can lead to errors [4]. Techniques based
on deep learning have been adopted in the last few years,
achieving excellent performance in many fields, image inpaint-
ing, natural language processing, and so on [5-7]. There have

non-destructive intelligent method [8—10]. However, objective
factors in the pig farm environment, such as light fluctuations,
high similarity, and pig adhesion, result in decreased accuracy
of detection and segmentation, which fails to meet practical
applications in pig farming. Therefore, designing and devel-
oping an accurate and efficient segmentation algorithm for
large-scale and intelligent pig farming is important. The ability
to automatically detect and segment the contour of individual
pigs can assist in the early detection of potential health or
welfare problems without the need for human observation.
Due to the development of deep learning technology, the
performance of instance segmentation has been significantly
improved. The classical methods rely on object detectors, such
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as Faster region-based convolutional neural networks (R-CNN)
[11] by detecting objects, obtaining bounding boxes, and then
extracting region features for pixel-wise segmentation using
techniques like RoIPooling or Rol-Align. Mask R-CNN [12]
is a representative instance segmentation algorithm that adds
a mask branch on the Faster R-CNN to predict the mask of
the object. Mask Scoring R-CNN [13] modifies the scoring
strategy for mask segmentation based on Mask R-CNN and
Cascade R-CNN [14] progressively improves object localization
using cascade structure to achieve more accurate mask predic-
tion. In addition, a seties of instance segmentation algorithms
are derived from the single-stage fully convolutional one-stage
object detection (FCOS) [15] as the target detection framework.
MElnst [16] and CondlInst [17] extend FCOS by predicting the
encoding mask vector or mask kernel for dynamic convolution
[18]. These methods have achieved satisfactory performance in
instance segmentation and effectively promote the development
of instance segmentation. However, these methods encountered
boundary leakage issues, where they failed to propetly segment
instances of individuals that overlapped within the same class,
and the resulting mask segmentation lacked smoothness in its
details.

Instance segmentation methods have been widely used in
livestock welfare analyses. For example, cattle instances were
segmented from real animal farms using these methods, achiev-
ing an average accuracy of 92% [19]. Mask R-CNN based on
a dual attention guided feature pyramid network was intro-
duced for instance segmentation of group-housed pigs [20],
effectively segmenting individual pigs and achieved an aver-
age precision (AP) of 93.1%. In addition, our previous study
applied Soft-NMS to Mask R-CNN for instance segmentation
of pigs with complex backgrounds [21], achieving a harmonic
average (F1) of 93.74%. Mask R-CNN combined with a sup-
port vector machine (SVM) classifier to identify individual cows
and achieved an accuracy of 98.67% for cows [22]. However,
the above methods do not consider the diversity of samples
and objective factors such as complex light variations, occlu-
sion, adhesion of pigs, and complex backgrounds. Moreovert,
adversarial networks can be used to significantly improve the
performance of the model during training using automatic
annotation of samples, which can solve the problems of instance
segmentation mentioned above.

Adversarial networks [23] have become popular algorithm
because it is capable of learning data distributions without rely-
ing on annotations. And its performance can be significantly
improved if annotations are used in the training, Adversarial
networks were applied to semantic segmentation [24], which
detects and corrects higher-order inconsistencies between seg-
mentation maps generated by segmentation networks and the
ground truth (GT) segmentation maps. It had also been used
for the segmentation of medical images [25], overcoming the
limitation of classical adversarial network discriminators, which
provide a single scalar true/false output, by generating stable
and sufficient gradient feedback for the network. In addition,
adversarial networks have been applied to image in painting.
Repair network and optimization network (RNON) is an effi-
cient image in painting method consisting of two mutually

independent generative adversarial networks, with one network
functioning as an image in painting network and the other as
an image optimization network [26]. Therefore, it can be widely
used in many fields such as image segmentation [27, 28], image
classification [29, 30], and so on [31-33].

To address the issue of unsatisfactory segmentation petfor-
mance in scenarios involving pig overlapping and occlusions,
this paper proposed an instance segment network model com-
bining adversarial network named MaskDis with the basic MS
R-CNN model. Firstly, the MaskDis is used as a discriminator
and the mask head of MS R-CNN is used as a generator; they
are trained using an adversarial training approach. After adver-
sarial learning between the generator and the discriminator, the
generator can learn pixel-level, low-level, and mid-level features,
as well as context information for better segmentation perfor-
mance. Finally, adversarial training makes the prediction mask
close to the GT, resulting in improved segmentation quality in
complex scenarios.

For this paper, the main contributions are as follows: (1)
we proposed an improved instance segmentation algorithm
to enhance the segmentation quality by fusing the adversarial
network in the MS R-CNN model. (2) We designed an adver-
sarial network (MaskDis) model achieving better performance
of instance segmentation under pig overlapping and occluded
scenarios. (3) We completed experimental validation with a vari-
ety of advanced instance segmentation algorithms on the pig
segmentation dataset and proved that our method has better
segmentation performance.

2 | METHODS

2.1 | Overall framework of the instance
segmentation algorithm

The structure of MaskDis R-CNN (shown in Figure 1) includes
two components: MS R-CNN and MaskDis Head. The method
firstly extracted the feature maps from the input images using
a backbone network of ResNet-101and Feature Pyramid Net-
works (FPN), and the resulting feature maps are then fed to
the Region Proposal Network (RPN) to generate Region of
Interests (Rols). Secondly, the RoiAlign layer fixed the ROIs to
the same size and then fed them to the Fully Connected lay-
ers (FC layers) used for classification and detection and Fully
Convolutional Network (FCN) used for segmentation. The pre-
diction mask, the image of individual pig, and the GT are
simultaneously fed into the adversarial network head (MaskDis
head) for adversarial training, and then back-propagated to the
generator(MS R-CNN) by the multiscale loss function.

The following subsections illustrate the process of the MS
R-CNN and MaskDis head model.

2.2 | The basic framework of MS R-CNN

The basic framework of MS R-CNN consists of the following
four components:
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FIGURE 1 The structure of MaskDis R-CNN.

Backbone. ResNet-101 and FPN are a network struc-
ture designed for multi-scale feature extraction. The
ResNet-101 consists of multiple residual blocks, which
effectively reduces the number of parameters in the con-
volution process and prevents the degradation of the
network due to the increase in network depth. ResNet-
101 generates five different scale feature maps, which
are fed into the FPN. In FPN, the pre-processed images
are firstly extracted by the bottom-up forward process
to get feature maps of different scales, and then the fea-
ture maps PG are firstly obtained by down-sampling, and
then the corresponding feature maps are fused by top-
down up-sampling to get multi-scale fused. The features
obtained by fusion have motre robust semantic infot-
mation, and also effectively improve the speed and the
accuracy of detection.

Region Proposal Networks. RPN are efficient in gener-
ating regions of interest because of the advantages of
fast candidate region generation and low computational
cost, the input of RPN networks is the feature map
extracted from the backbone network, and the output is
a batch of candidate frames and region scores, enabling
end-to-end training. The anchor mechanism was used in
the RPN network. The anchor is in the form of a 3 X 3
sliding window (7 = 3) over each layer of the input fea-
ture map, generating £ region boxes of different sizes
and proportions at the centre of the sliding window.

Mask Head. The output of Mask Head includes clas-
sification prediction, bounding-box regression, and
instance segmentation mask prediction. The classifica-
tion branch and bounding-box regtression branch share
the features extracted in the first stage, including pool-
ing the Rols by RolAlign, followed by extracting the
deep features of the Rol feature map by two FC layers,
after which they start to divide into two branches and
perform one full connection each and then output the
results. The principles of classification regression and
bounding-box regression are the same as those of classi-
fication and border regression in RPN. The Rol feature
map used in the segmentation branch of the example
is independent of the two branches mentioned above.
First, Rol is processed by RoIAlign to obtain a 14 X 14 X

256 Rol feature map, where 14 X 14 represents the pix-
els of the feature map and 256 represents the number of
channels of the feature map. Then after passing through
four convolutional layers comprising the FCN, one layer
of deconvolution, and one layer of convolution, the final
result of instance segmentation with a scale size of 28 X
28 is generated.

MaskIoU Head. The input features of the head branch
of MaskIoU Head are obtained from Mask Head. Then,
the MaskloU values are obtained through the calcula-
tion of four convolutional layers and three FC layers. In
the four convolutional layers, the first layer uses a con-
volutional kernel with a size of 3 X 3 X 257, and the
remaining three layers use convolutional kernels with a
size of 3 X 3 X 2506. In the three FC layers, the out-
put of the first two layers is 1024, and the output of
the last layer is the number of categories (set to 2 in the
experiment).

2.3 | MaskDis Head

Figure 2 shows the structure of the adversarial network of the
herd pigs instance segmentation model. The adversarial network
head branch, called MaskDis Head, is added to the MS R-CNN
model. And Mask Head is used as the generator and MaskDis
Head as the discriminator during model training.

Firstly, True/False samples are obtained by dot-multiplying
the true mask or the predicted mask with the Rol of the origi-
nal image, respectively. Then, these True/False samples atre used
as input data and fed into the network for computation. The
input data consists of pixel-level information with dimensions
of 28 X 28 X 3. The output of the first layer has dimensions of
14 X 14 X 64, and the output of the second layer has dimen-
sions of 7 X 7 X 128. The network structure comprises two
convolutional layers, each with a 5 X 5 convolutional kernel
size, 64 and 128 channels, and a stride of 2. Finally, the pixel-
level features extracted from the first convolutional layer output,
and the features from the second convolutional layer are com-
bined to form a one-dimensional vector. Hierarchical features
are extracted from multiple layers of the MaskDis Head to com-
pute the multi-scale L1 loss. This loss effectively captures both
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FIGURE 2 The architecture of the MaskDis head.

ALGORITHM 1

Input: Zruemask,Rol ,Predictionmask; Output: Loss

1. Truesample < Tinemask @ Rol

2. Featuremapl _T < Convolution_layer\(Truesample, (5, 5), 64, 2)

3. Featuremap2_T «— Convolution_layer2( featuremapl _T', (5,5), 128, 2)
4. Fakesample < Predictionmask @ Rol

5. Featuremapl _P < Convolution_layer (fakesample, (5, 5), 64, 2)

6. Leaturemap2_P < Convolution_layer2( featuremapl _P, (5,5), 128, 2)

N
7. Loss « % > smoothI ., (fe(Truesample, Featuremapl _T,
n=1

Featuremap2 _T), fe(Lakesample, Featuremapl _T , Featuremap2_1"))

Return: Loss

long- and short-range spatial relations between pixels by uti-
lizing hierarchical features, including pixel-level, low-level, and
mid-level features.

The generator and discriminator networks are trained altet-
nately in an adversarial manner: the Mask Head is trained to
minimize the multi-scale L1 loss, while the MaskDis Head is
trained to maximize the same loss function. This adversarial
training improves the quality of segmentation as the generator
and discriminator learn pixel-level features, low-level features,
and mid-level features. The relevant pseudo-code is presented in
the table, and the improvements are described in Algorithm 1.

More details including number of feature maps used in each
convolutional layer can be found in Figure 2.

In MaskDis Head, the generator generates # predicted masks
denoted as x,and the corresponding original map Rol and true
masks denoted as 7, and y,, respectively, and the Multi-Scale
Feature Loss function 7y, is defined as

min max Lp;; 6, 6p)
G 91)

N
””00#7[’1/0;; (ﬁ (rﬂ : Xﬂ> ’ ﬁ (rﬂ ]ﬂ))
n=1

1
N

)

8¢ and O represent the parameters for the generator and
the discriminator. 7,,x,is the result of the original map Rol and
the predicted mask dot product, and 7,,y, is the result of the
original map Rol and the GT mask dot product. The formula
smo0thL1 e (T4, 1y) 1 defined as follows:

0oL s (g Ty
2 .
Tt = T /2] | Tys = 1| < 1

= . @
|7}md — Ty | — 1/2, otherwise

In the pig instance segmentation algorithm for fusion adver-
sarial networks, the Rol head branch consists of three parts,
Mask Head, MaskloU Head, and MaskDis Head. /.
value for classification regression, L, is the loss value for bor-

s 18 the loss

der regression, 1., is the loss value for instance segmentation
generatot, L7 is the loss value for MaskIoU regression, and
Ly is the loss value for MaskDis Head regression. When train-
ing the mask generator, the loss function of the Rol branch is

defined as follows:

Lpir = Las + Lpge + Ly + Ly + Ly ©)

3 | RESULTS AND DISCUSSION

In this section, MaskDis R-CNN is compared with Mask R-
CNN and MS R-CNN. In addition, it is evaluated in the
same experimental configuration: (1) comparison of experimen-
tal results in front and top views; (2) comparison of results
on COCO evaluation metrics; (3) comparison in segmentation
quality and scoring; and (4) comparison with other advanced
instance segmentation methods.

3.1 | Experimental parameters and
evaluation indicators

A device configuration is established for the implementa-
tion of the proposed approach, which consists of Python 3.7

85UB01 7 SUOWILLIOD SAIIERID B|dedl[dde 8y} Aq paueAob 812 Sao1Le YO 9SN JO SaINJ 10} AIq1TaUIIUQ AB]1M UO (SUOTPUOD-PUR-SLLBIAL0D" A3 1M ARe.d]jBu JUO//SdiIy) SUORIPUOD Pue SWLB | 8U) 89S [202/70/S2] Uo AkeiqiTauliuo Aoim ‘iminoLBy euiyd yinos Aq 0882T 2.d1/6r0T 0T/I0p/wWod A8 M AIq1jeul U0 Yo essae //Sdy Woly papeojumod ‘2T ‘€202 'L996TSLT



3492

TU ET AL.

FIGURE 3  Part of the dataset.

TABLE 1 distribution of the dataset.

Dataset Front view Top view Total
Train 105 75 180
Test 65 70 135
Total 170 145 315

software PyTorch running on a PC with AMD Ryzen5 2600X
and 3.00 GHz processor, 64 GB RAM and NVIDIA GeForce
RTX TITAN X GPU with 12GB GPU VRAM.

Experimental data were collected randomly over 10 days of
videos, containing 7 h of video per day, from 9:00 to 16:00 in the
‘Lejiazhuang Pig Farm’, Foshan City, Guangdong Province. And
they were recorded by FL3-U3-88S2C-C cameras. The experi-
mental data were saved in the audio video interleaved format
with a video frame rate of 25 fps. To obtain adequate and better
images, we focused on the five pens from the top and front view
angles. And the size of the pens was 7 m X 5 m X 3 m (m rep-
resents the unit of length), respectively, and the number of pigs
in each pen ranged from 3 to 20. Part of the training set and test
set data are shown in Figure 3.

After obtaining the video data, a total of 315 images were
selected according to a certain ratio, and these images were
divided into the train dataset and test dataset. The detailed infor-
mation of the dataset is shown in Table 1. In total, 180 images
were selected as the train dataset, including 105 images collected
by top view and 75 images by front view. And 135 images were
selected as the test dataset, including 65 images collected by
front view and 70 images by top view. Labelling the 315 images
with including 3423 pig objects cost about 135 person-hours.
Moreover, all animal experiments were conducted following
the guidelines provided by the Guangdong Provincial Labora-
tory Animal Welfare and Ethical Review Guidelines and were
approved by the Animal Welfare Committee of South China
Agricultural University (No: 2021F129).

Data pre-processing uses data augmentation, which includes
random horizontal flip, random brightness adjustment, ran-
dom contrast adjustment, random saturation adjustment, and
random hue adjustment. The Resnet-101 and FPN is used as
Backbone, where FPN uses layers 2 to 5 of the Resnet-101 net-
work, and the output of FPN has 256 channels. The number
of foregrounds retained after post-processing NMS is adjusted
in RPN, and its size is set to 1000. The learning rate is set to
0.0025, the epoch is set to 90, the batch size is set to 2, the scale
of degradation is 0.1, and the value of weight decay is set to
0.0001.

To analyze the quality of segmentation results, we used recall,
precision, F1 scores, and Precision-Recall (P-R) curves as eval-
uation metrics. AP is the area under the P-R curve and IoU is
the degree of overlap between the predicted bounding box and
the GT, which can be used to summarize the performance of an
object detection model.

i, TP
Precision = TP+ D Q)
TP
Recall = TP+ FN ©)
2 X Precision X Recall
= Precision + Recall ©
1
AP = / Precision - Recalldr @)
0
detection result N ground truth
ToU )

" detection result U ground truth

where True Positive (TP) is the number of pixels correctly
predicted to be pig category, False Positive (FP) is the num-
ber of pixels incorrectly predicted to be pig category, False
Negative (FN) is the number of pixels predicted to the pig cat-
egory as the background, and F1 is a comprehensive evaluation
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FIGURE 4 Comparison of training loss iteration curves of the model.

metrics of precision and recall rate. In our study, we adopted
the standard COCO style AP0.5:0.95 metric, which computes
the AP across various IoU thresholds ranging from 0.5 to 0.95
with an interval of 0.05. Additionally, we calculated the AP0.5
and APO0.75 metrics, which provide the AP values for different
IoU thresholds. Moreover, we computed AR0.5 and ARO0.75,
representing the average recall (AR) values for different IoU
thresholds, and obtained the mean average recall (nAR) by aver-
aging the AR values at each IoU threshold. The IoU metric
serves to assess the accuracy of object detection by measuring
the overlap between the predicted bounding boxes and the GT.
It is computed as the area of overlap between the two boxes
divided by the area of their union.

3.2 | Experimental results

The comparative training loss iteration curves of the three
instance segmentation models are shown in Figure 4. The blue,
green, and red curves are the segmentation mask loss values
of Mask R-CNN, MS R-CNN, and MaskDis R-CNN, respec-
tively. According to Figure 4, each cutve starts to converge at
approximately 2000 iterations, after which the gap between the

TABLE 2  Statistics of image detection results and comparison.

loss values of the Mask R-CNN model and the MS R-CNN
model gradually decreases, while the gap between the loss val-
ues of both and MaskDis R-CNN model gradually increases.
In general, the loss value of the MaskDis R-CNN is relatively
small, indicating that the segmentation model of the fusion the
adversarial network convergence more easily.

Table 2 shows the statistics of image detection results and
comparisons. The number of pigs is the total of individual
pigs in the test dataset, the test number is the total of indi-
vidual pigs detected by the model, and the correct number is
the total of individual pigs correctly detected by the model in
the test number. The MaskDis R-CNN model detected a total
of 1204 group-housed pigs, of which 1108 pigs are correctly
detected, with a slight improvement in recall to 92.18%, preci-
sion increased by 2.25% to 92.03%, and F1 score increased by
0.0118 to 0.9210 when compared with the MS R-CNN model.
The model shows a larger improvement on the test set from the
front view, where the number of detections is 494, the num-
ber of correctly detected is 413. The F1 score increased by
2.56% to 84.63%. In the test set from the top view, the num-
ber of pigs detected is 710, the number of correct detections
is 695, the recall rate is 96.53%, the precision rate increased by
1.46% to 97.89%, and the F1 score increased only slightly. The
MaskDis R-CNN performs better in Precision and F1 values
than the MS R-CNN. Thus, the MaskDis R-CNN demonstrates
improvements in recall and precision, indicating an improved
segmentation quality compared to the Mask R-CNN and MS
R-CNN models.

The P-R curve (PR curve) of the three models is shown in
Figure 5, with an IoU threshold of 0.75 for the PR curve eval-
uation criterion. The blue line represents the PR curve of Mask
R-CNN, the red line represents the PR curve of MS R-CNN,
and the green line represents the PR curve of the MaskDis R-
CNN. Figure 5 shows that the green line is closest to the right
and covers the largest area, indicating better segmentation pet-
formance. Based on the COCO evaluation metric, higher scores
for correctly detected results lead to a larger area under the PR
curve and higher average accuracy rates. The blue triangle in
Figure 5 represents the intersection point of the three curves.
To the left of the intersection point, the distance between the

Number Number Number of Recall Precision

Model Image type of pigs of tests corrects (%) (%) F1 Time (s)
Front view 482 608 423 87.76 69.57 0.7761

Mask R-CNN Top view 720 707 690 96.83 97.60 0.9671 0.284
Total 1202 1315 1113 92.60 84.64 0.8844
Front view 482 505 405 84.02 80.20 0.8207

MS R-CNN Top view 720 728 702 97.50 96.43 0.9696 0.286
Total 1202 1233 1107 92.10 89.78 0.9092
Front view 482 494 413 85.68 83.60 0.8463

MaskDis R-CNN Top view 720 710 695 96.53 97.89 0.9720 0.288
Total 1202 1204 1108 92.18 92.03 0.9210
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FIGURE 5 Precision-recall curve of herd pig instance segmentation
model with fusion adversarial network.

three curves is relatively similar, but to the right of the intersec-
tion point, the distance between the curves gradually increases.
Due to the fusion of adversarial networks, the quality of detec-
tion and segmentation results is improved, resulting in higher
recall and precision values.

Based on Figure 5, MaskDis R-CNN demonstrates supetior
segmentation effectiveness compated to the other two mod-
els. Figure 6 illustrates the segmentation results achieved by
MaskDis R-CNN. Each detection box in the upper left cot-
ner is labelled with classification (CLS) and MS, representing
the classification and segmentation quality scores, respectively.
Based on the classification scores in Figure 5, the pigs exhibit
a CLS of 1.00, with an average MS score exceeding 0.9.
When dealing with densely packed and closely connected pigs,
MaskDis R-CNN achieves more comprehensive pig segmen-
tation, displaying smooth segmentation boundaries without
fragmentation or missed segments.

3.3 | Comparison of results on the COCO
evaluation metrics

The results of the three models’ segmentation tasks on the
COCO evaluation metrics are shown in Table 3. We compare
the three models in the front view, the top view, and the total
of front view and top view. According to Table 3, the pro-
posed MaskDis R-CNN method performs better in instance
segmentation of objects. The performance of MaskDis R-CNN
reaches 96.09(ARs(), 85.36(AR75), 73.36(mAR), 92.76(APs5),
80.76(AP75), and 68.55(mAP), has a significant promotion
compared to MS R-CNN. Also, compared with MS R-CNN,
the MaskDis R-CNN increases by 2.25%, 2.28%, 1.37%, and
1.9% in the metrics of AR75, mAR, AP-5, and mAP, respec-
tively. Therefore, our method is validated in improving the
segmentation performance.

The ablation experiments of our method ate shown in
Table 4 under the COCO evaluation metrics. The best perfor-
mance is achieved using Resnet-101 as the backbone network
and adopting Stochastic Gradient Descent (SGD) for the opti-
mizer, as shown in Table 4. Our approach’s AP50, AP75, mAP,
and mAR values were 92.8%, 80.8%, 68.6%, and 73.4%, respec-
tively. Therefore, we use this configuration to compare it with
other advanced instance segmentation methods.

3.4 | Comparison of segmentation quality
between MaskDis R-CNN and MS R-CNN

The segmentation result of the MS R-CNN model is shown at
the top of Figure 7. The segmentation result of the MaskDis R-
CNN model is shown at the bottom of Figure 7. According to
Figures 7a and 7b, the segmentation quality of the MS R-CNN
model is flawed in the case of dense ovetlap of pigs, resulting
in the segmentation target’s MS score falling below 0.7, and

FIGURE 6 The segmentation result of the MaskDis R-CNN model.
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TABLE 3  Results of the model under the COCO evaluation metrics.
Model Image type AR;y (%) ARy (%) mAR (%) APj, (%) AP;; (%) mAP (%)
Front view 89.00 64.73 56.64 84.05 55.03 49.86
Mask R-CNN Top view 97.78 93.06 78.40 96.60 92.17 75.79
Total 94.26 81.7 69.68 92.08 77.68 65.67
Front view 91.49 65.35 58.42 82.08 55.43 50.35
MS R-CNN Top view 99.03 95.00 79.56 98.31 93.34 76.80
Total 96.01 83.11 71.08 93.09 79.39 66.65
Front view 92.12 70.12 61.76 82.84 58.61 52.76
MaskDis R-CNN Top view 98.75 95.56 81.13 97.24 93.98 77.95
Total 96.09 85.36 73.36 92.76 80.76 68.55
TABLE 4  ablation experiments under the COCO evaluation metrics.
Model Backbone Optimizer Image type APjy (%) AP;5 (%) mAP (%) mAR (%)
Front view 84.8 47.4 47.1 57.0
Adam Top view 97.3 91.0 76.3 78.9
Total 91.5 75.1 65.4 69.7
R50
Front view 79.2 49.6 52.4 55.8
SGD Top view 97.8 91.6 76.9 78.4
Total 91.2 75.7 68.0 69.3
MaskDis RRCNR Front view 78.4 49.7 46.1 55.0
Adam Top view 97.6 93.5 77.2 79.5
Total 91.9 771 65.9 69.7
Kot Front view 829 58.6 52.8 61.8
SGD Top view 97.2 94.0 78.0 81.1
Total 92.8 80.8 68.6 73.4

[] MSR-CNN

(d)
| MaskDis R-CNN

FIGURE 7 Comparison of the segmentation quality score between MaskDis R-CNN model and MS R-CNN model. MS R-CNN, mask scoring R-CNN.
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FIGURE 8 Comparison of front view and top view segmentation quality between MaskDis R-CNN model and MS R-CNN model. MS R-CNN, mask scoting

R-CNN.

therefore the model has missed detection. According to
7d, the model with the fused adversar-
ial network has improved segmentation quality, increasing the

Figures 7c and

MS score of the segmentation results, thus avoiding missed
detections to some extent and improving the recall rate.

To further demonstrate the effectiveness of our proposed
MaskDis R-CNN, we compare the segmentation quality of the
MaskDis R-CNN model and the MS R-CNN model from the
top and front views. The segmentation result of the MS R-CNN
model is shown at the top of Figure 8, and the segmentation
result of the MaskDis R-CNN model is shown at the bottom
of Figure 8. According to Figure 8, the main problem of MS R-
CNN is the incomplete segmentation of pig bodies (Figures 8a,
8¢, 8d), and a small number of segmented fragments (Figure 8b)
appear on other pig bodies in the case of dense and sticky pig
populations. And the segmentation boundary is not smooth
enough (Figure 8c). However, there are improvements in the
segmentation results of the MaskDis Mask method with the
addition of the adversarial network, such as improved quality of
both segmentation details and segmentation boundaries, more
complete segmented pigs, and fewer segmented fragments.

3.5 | Results comparison with other advanced
instance segmentation methods

We used the proposed model to conduct comparison experi-
ments with the four advanced instance segmentation methods,
including YOLACT [34], Swin Transformer [35],YOLOv5-seg,
and SOLOV2 [30] on the same dataset. The YOLACT is a real-
time instance segmentation model that combines detection and
segmentation, achieving 33.5 fps on the MS COCO dataset.
The Swin Transformer is a transform-based instance segmenta-

tion method that introduces a hierarchical Transformer whose
representation is computed with Shifted windows to better
capture global contextual information. The YOLOv5-seg is a
high-speed instance segmentation algorithm that keeps accu-
racy while achieving real-time performance. The SOLOv2 is a
one-stage instance segmentation method that combines detec-
tion and segmentation, which uses deformable convolution and
a feature selection module with an attention mechanism that can
better adapt to the shape and scale variations of the instances.
The compatison results of our approach with other advanced
instance segmentation methods are shown in Table 5. Our
approach achieved the best performance on the metrics of
COCO. The APsy, AP75, mAP, and mAR values of our
approach were 92.8%, 80.8%, 68.6%, and 73.4%, respectively.
Compared with the YOLACT method, our approach improved
by 4.9%, 12.1%, 8.9%, and 5.9% in APs, AP75, mAP, and mAR.
Compared with the Swin Transformer method, our approach
improved by 2.7%, 20.7%, 16.3%, and 10.6% in APs,, AP7s,
mAP, and mAR. Compared with the SOLOvV2 method, our
approach improved by 0.5%, 6.9%, and 2.9% in AP5y, AP7s,
mAP. Compared with the YOLOv5-seg method, our approach
improved by 2.7%, 2.5%, and 5.5% in APs,, AP75, and mAP.
These comparison tesults demonstrate that our approach can
effectively improve the pig segmentation performance.

4 | DISCUSSION

In this paper, we propose MaskDis R-CNN, a deep learn-
ing algorithm by fusing adversarial networks, for the detection
and instance segmentation of herd pigs in complex scenarios.
The key innovations include designing adversatial networks,
integrating them into MS R-CNN, and then proving their
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TABLE 5  Results comparison with other advanced instance segmentation
methods.

AP,  AP,,  mAP  mAR

Model Image type (%) (%) (%) (%)
Front view 77.8 47.0 447 55.9
YOLACT Top view 93.8 84.5 70.5 75.3
Total 87.9 68.7 59.7 67.5
Front view 83.9 40.8 42.4 54.6
Swin transformer Top view 94.9 77.3 61.2 68.3
Total 90.1 60.1 52.3 62.8
Front view 80.2 66.8 53.6 -
YOLOV5-seg Top view 96.9 86.7 73.1 -
Total 90.1 78.3 63.1 -
Front view 83.5 54.8 51.8 63.3
SOLOv2 Top view 97.7 86.7 75.3 80.6
Total 92.3 73.9 65.7 73.7
Front view 82.8 58.6 52.8 61.8
MaskDis R-CNN Top view 97.24 94.0 78.0 81.1
Total 92.8 80.8 68.6 73.4

effectiveness, for instance, segmentation tasks of group-housed
pigs. The advantage of the MaskDis R-CNN method is the abil-
ity to detect and segment instances of heavily obscured and
overlapping pigs, which can be further developed to perform
tasks such as pig welfare monitoring [37-39].

Previous instance segmentation studies in pigs were chal-
lenged by occlusions, light variations, and background factors
[21]. To address this issue, adding adversarial network can
enhance the quality of instance segmentation, as the training
process uses adversarial training to make the prediction mask
closer to the GT in order to achieve enhanced segmentation
quality. In our work, the adversarial network head branch is
designed and added to the MS R-CNN, called MaskDis Head,
which is used as a discriminator, and Mask Head is used as a
generator during model training. Through the adversarial train-
ing of the generative network, the generator learns pixel-level,
low-level, and middle-level features. The segmentation qual-
ity is improved as the function of the segmentation mask loss
converges more easily during model training.

Mask R-CNN and MS R-CNN are efficient methods in both
the top and front views. However, it does not achieve the
expected results in the situation of the overlapped pigs. When
there is a problem caused by dense overlap and severe occlu-
sion, the problem is more severe in front views. To get better
segmentation results, the MaskDis R-CNN instance segmenta-
tion model creates the adversarial network branch for guiding
the segmentation mask training of the model. The improved
model is compared with the MS R-CNN model for experi-
ments and analysis, and the results show that MaskDis R-CNN
improves the segmentation quality. In the comparative analy-
sis of the segmentation results between MaskDis R-CNN and
the MS R-CNN model, it is found that the MaskDis R-CNN

improves the quality of instance segmentation on the situation
of the overlapped pigs, which indicates that the adversarial net-
work branch of MaskDis R-CNN improves the ability to handle
the detail information of instance segmentation.

The final experimental results have shown that the MS R-
CNN model can achieve detection accuracy with a recall of
92.10% and a precision of 89.78%. And this method sometimes
misses the detection and does not work well for segmentation
of herd pigs in the case of dense and adhesive. However, the
MaskDis R-CNN can void this situation and improve the quality
of intensive herd raised piglets with a precision of 92.03% and
an 1 score of 92.10%. In conclusion, the MaskDis R-CNN sig-
nificantly outperforms MS R-CNN for instance segmentation in
a dense environment of pig pens.

5 | CONCLUSION

To solve the problem of unsatisfactory segmentation perfor-
mance under overlapping or partial occlusion between pig’s
scenes, we propose an approach named MaskDis R-CNN by
fusing the MS R-CNN model and the adversarial network. The
new method solves the problem that MS R-CNN does not
achieve the expected results in specific situations such as pig
dense and occlusion situations. Mask Head is used as a genera-
tor, and MaskDis Head as a discriminator during model training.
Adversarial training of the generated network keeps the pre-
diction mask close to GT for improving segmentation quality
during model testing.

We conducted comparative experiments between Mask R-
CNN, MS R-CNN, and our proposed approach to demonstrate
our method’s effectiveness in the overlapped pigs and occlusion
situation. Our method outperforms the other two approaches,
which can achieve a recall of 92.18%, a precision of 92.03%,
and an F1 score of 0.9210. In addition, by adopting the COCO
evaluation metrics, our approach achieves an mAP of 73.36%
and an mAR of 68.55%, which are higher than the other two
algorithms. In addition, our method performance is better than
other advanced instance segmentation methods. Considering
these results, it is demonstrated that the proposed method
improves the problem of poor segmentation quality due to the
dense and occlusive herd of pigs.

Although this paper achieves accurate segmentation, there
are still some constraints: (1) the proposed model cannot
achieve the characteristics of lightweight, fast speed, and strong
portability, which requires operations such as convolution and
ROI pooling on each candidate region. This leads to higher
computational and memory requirements. (2) In the case of
severe occlusion, the proposed model still suffers from missed
and false detections, resulting in segmentation performance
that does not meet practical needs. Future work will optimize
the network architectute of the proposed approach, which can
reduce the computational requirements and increase the infer-
ence speed. The improved model also provides a theoretical
basis for the intelligent development of pig farming and has
great significance for improving pig welfare and guiding the
production.
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. g R ES SRS A R B35 (1dentity, ID) S5 ZBEAE | 76 YOLO v5s Rl B L 3Eml |- #2117
B DeepSORT 17 R IRERSEVE . X BEBGHEAEPI 5 T . — 41 X2 55 T AR AR08 R, oA R R BB R 1Y)
Bl b S VS AR A TD BB A, B THIR R RE P ; 6 YOLO v5s A vk 94T M 2eBiME B I A RIS B
B TR R R SE SRR A BAT ARG SEIR g R R, 7R B AR I 5 T, YOLO v5s B mAP 25 99.3% ,F1 {H A
98.7% , FEFIRIN 7 1, LU Top — 1 HEHR ZRIK F) 99. 88% , 78 MR I J7 i, ik #£ DeepSORT ¥k 1) MOTA N
91.9% ,IDF1 4 89. 2% ,IDS 4 33 ; 5 DeepSORT 5 #E Xt L, MOTA Al IDF1 43542 F+ 7 1.0.16.9 NH 43 45, IDS T
R T 83.8% ., Bt DeepSORT BIEAEREFR L F REAE YCIURRUE 1D B%E HAT MRS, BENS b T il =X i A 0 A1 3h
WM AR AL AR R

R BEFAENE; BARGIN, 170, 2 HAREREE; DeepSORT LR
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Behavior Recognition and Tracking Method of Group-housed Pigs
Based on Improved DeepSORT Algorithm

TU Shugin' LIU Xiaolong' LIANG Yun' ZHANG Yu’ HUANG Lei' TANG Yinjie'
(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
2. College of Electronic Engineering, South China Agricultural University, Guangzhou 510642, China)

Abstract: Behavior recognition and tracking of group-housed pigs are an effective aid to monitor pigs’
health status in smart farming. In real farming scenarios, it is still challenging to automatically track the
behavior of group-housed pigs by using computer vision techniques due to the pigs’ overlapping occlusion
and illumination change, which cause the identity (ID) of pig to switch wrongly. To improve the
situation,, an improved DeepSORT algorithm of behavior tracking based on YOLO v5s was proposed. The
improvement of the algorithm included two parts. One was that the trajectory processing and data
association were improved in the scene where there was a fixed number of pigs. This reduced ID switch
and enhanced tracking stability. The other was that the behavior information from YOLO v5s detection
algorithm was introduced into the tracking algorithm, thereby achieving behavior recognition of pigs in
tracking. The experimental results showed that YOLO v5s algorithm had a mAP of 99.3% and an F1 of
98.7% in object detection. In terms of re-identification, the Top — 1 accuracy of the experiment was
99.88% . In terms of tracking, the method achieved a favorable performance with a MOTA of 91. 9% ,
an IDF1 of 89.2% and an IDS of 33. Compared with the original DeepSORT algorithm, the proposed
method improved 1. O percentage points and 16. 9 percentage points in MOTA and IDF1 respectively, and
decreased 83.8% in IDS. This showed that the improved DeepSORT algorithm was able to achieve
behavior tracking of group-housed pigs with stable ID. The method can provide technical support for no-
contact automatic monitoring of pigs.

Key words: group-housed pigs; object detection; behavior recognition; multi-object tracking;

DeepSORT
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Tab.2 Network structure of re-identification model
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Tab.3 Experimental results of object detection %

1T7Hh ek HEE FIE AP mAP
SR ih 99.9 99.4 99.6 99.7
DRV 99.2 98.3 98.7 99.5
RE 99. 1 99.6 99.3 99.5
oAl 99.0 95.2 97.1 98.6
AT H 99.3 98. 1 98.7 99.3
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Fig.8 Top — 1 accuracy curves of re-identification model
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Tab.4 Experimental results before and after improvement
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DeepSORT 03 71 66.9 85.2 88.0 7

04 57 77.2 93.3 93.1 8

Bt/ 204 72,30 90.9  90.6 8

01 0 97.2 9.5 9.5 11

02 3 941 950 89.8 7
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Fig.9 Tracking results of DeepSORT algorithm before
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H AR A BR AR B 4> 25 (Separate Detection and Embedding, SDE) #%, A JDE #A47E MOTA #27+ 0.5 1~ 43 A1
FLhit b, FPS $27F 340%, fi#dk 7K SDE L HAREREZSCI PEA R 8. XFLE TransTrack #2%Y, 430 JDE #AYfH
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HER R A X B s, A7 R-CNN (Region Convolution
Neural Network) #7417, Fast R-CNN 5%, Faster
R-CNN SR 4 35 455 1R F 55008 1) Faster R-CNN 51
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ERREF AR BN ALE, FONHER R A]IE 96.7%. —
By B SVEAE R I I TE 75 AR BB X dgk, BB H AR
ML FHBEATIRE, 0 YOLO RAUFEDS, 450
FIF YOLOV3 BP0t A AR HEA T IR, 5 BERE )R
BIKERELIEIE 95.16%. LT —FrEcfiik, —rBuk
PRy ks 0 e P SR

FEZ HFRRERTT I, A 2 H PR ERER S B R
Z TR EREE (Tracking by Detection, TBD) i,
Bl SDE (Separate Detection and Embedding) %4, S
oI gt AR 45 2R, 2R T R R 2 PR IO & 2 A
R G B B AT BRER, @i/ SORT (Simple
Online and Realtime Tracking) P\, DeepSORT P¥ ik
S H AR AR IEHEAT 2 H AR U EAT BRER, Horp
DeepSORT Hy27E SORT HyEIzEAN I, i it FEHUR
FURFESE T 7 2 BASIERER R . dnsk 2eng Z0FR
itk YOLOV3 k454 DeepSORT HiEi 4T A4 £ Hin
PRER, TR LT CenterNet 45 &1Lt DeepSORT
BOE AT WA A8 H bR ERER . EIR B I SR R B B
R, Sekeill R, H A A R R AR H ) B 5 SR

PRIRENE, IR B S ERER SR .

AR B bR IS BRER AL & 7E — N R, SR
—RPSE L AR AR AR IR L 2 HARIREE JDE (Joint
Detection and Embedding) 5%, 8 i — 4™ uif %o wifg X 4% [F]
2 B AR 22505 B IO FUE RS B A IAE B,
DAY /D BV (RS AT I 1), Gk B Se i BRER 2R . 7EAH ]
A TR E i 42 % TDE 5925 SDE Sk 47 % b,
LSS IEAS SCRVE (3, [R5 TransTrack HEM L,
B0 UE AR SR (1) HE A 1 5 SR

1 EHT DE WBEFERZBERRESEE

1.1 ZBRREE AEA

ST IDE W42 Hir s A mE 1 s, %
FEVIBETRAE AT N s R RHE S B X
ANFERBERI UG ARAE, 1531 3 ANAS R R EERAAE B 3k,
T NG G, UK 1K 43 2845 BRI FHE RS B
M TR 2 INER A B 25 5, TERRERE Sy, FIHANIUE B
SEARTMAE, T8I 6075 R R S RO &) 5F P S0 R B0 o
AR, S ARG I S ER R AT 41 45 R

B 1 AT IDE ¢9B R % B 4RIz Fik
Fig.1 Multiple object tracking algorithm for group-housed pigs based on Joint Detection and Embedding (JDE)
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G FERI R, WK 2 FizR . Darknet-53 PG HE 6 NEAR
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Fig.2 Diagram of feature extraction network structure
& 1 Darknet-53 MEERESH
Table 1 Darknet-53 network structure parameters
£ Name LR 2NN VBB AL JEBAR KN s
Output image size/Pixel Number of filters Filters size/Pixel Numbers
HHUZ 1 Conv layer 1 416x416 32 3x3 1
%2 2 Conv layer 2 208x208 64 3%3/2 1
% Z )7 1 Residual layer 1 208%208 32, 64 1x1, 3x3 1
HRUZ 3 Conv layer 3 104x104 128 3x3/2 1
5% #:)Z 2 Residual layer 2 104x104 64, 128 1x1, 3x3 2
HHRZ 4 Conv layer 4 52x52 256 3x3/2 1
5% Z )7 3 Residual layer 3 52x52 128, 256 1x1, 3x3 8
HRUZ 5 Conv layer 5 26%26 512 3x3/2 1
5% #:)Z 4 Residual layer 4 26%26 256, 512 1x1, 3x3 8
HHRUZ 6 Conv layer 6 13x13 1024 3x3/2 1
%2 )7 5 Residual layer 5 13x13 512, 1024 1x1, 3x3 4

1.3 HUIEXERIRR

A3 IDE Sk B N2 ARG A, Ha
AR Ly N RBUR S TLFHE R R NSRS B

AR, W (D Pros.
Lyy=0,L,+o,L,+o,L, (1
K 0 wpn 0, 739858 L FHERNHFISMIAE B 5
SIRBUEAR, L, AEBK, L, RIS B2 60K,
Fo R R Ot %, 1t AR (2) PR,

1 M
L, :L7:_ﬁzczz;y’f lg p,. (2

W M OGN RIECRE, N ORFEARE, vy RFFSEREL (0

D, o NEME WRFEAR NI ESEENET o, W

Vi=ls T =00 pi FMMFEA i J& T2 ¢ B FmEEE
Ly NI FAHERNAHR K, 4 smooth-L1 #12%, HHHE A

mx 3) fir.

0.5x%|x| < 1

{|x|—0.5, Ht

;=
X x ARAFEA.

BER M TAL S WA E M A R L, %
H BB R L WA (4) P

(3)

i
2\ e"

L'V+Syj

Zmzl__( l + 5 j'f‘—(_
a 2 Sy a a 2 Sg

A san spv s, RN IRIRR AR S5 A E 1
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HE AR 38 T 73 S SR AN [ ) 453 2K 2 2] B 20 2RA5 B AN

‘B+Sﬂj+

(e V435 S A A A A A 3 R AT RE AL, AU
IR RAT RIS G B AR SRS AE, 3

BRI, ARG 1D, SEILZ HARERER . A
% HPRERER I BARSEHLRRE I 3 s, B BRInT

1 BUEAIRERERL . XFT45 € FALIIUT 51, 56
— TR AR LA FP 1] B I a5 SR P R 2R 2 DB R B
IREATHIIRAE, FFYEY — S BRER B, 65 BT A T e
5 IME AR SRR IR LI -

2) HlEREE. XN Wi AR, FHRRE
JEPGHAT PUL T, T PN S P b 2 8 (2 3h
SRAVE BASMIRANE R, HA AR A5 BR AR 5%
M T3, BaRAE SRS REEE TR, REH
FH ) 2 R B (AR R AT B2 7 I

3) BRI QR MBLE 2 WPy R IENME B By
FRLE AT — AN B b BB, T8 43K 2% UK B W46
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WOTBTEIIE, SRIE IR 1R /R 298 BHEAT By DL HLIZIR
AR, WIREERPULTEESE 30 WA BA B, W
KALIZINTE, FrA ML R SE RS, AT 8

B3 FREZIRELES AT A Sk ek R B ARRIFAAR
Fig.3 Pig object tracking process of Kalman filter combined with
Hungarian algorithm

2 HURERESTMIER
2.1 HiEE
ARG K I BHEEAIE 2 #7474 Psota 2514

R AFEIEE, BEAFRBE®. Kb HEANAF
IREE R R, Fodr, MU 1. 2. 4. S NGREE 3~
10 &R , W 6. 7. 8. 9. 10 NFEWIFHSE (11~18
JAEED , M 12, 15 AMIHE s (19~26 R o i1
P 1A B AN R A RS slK-Eor N 3 2% ARIMEE
. AR (R FFREES. AR (B PR
3, VER2. FN, RN TIEE, B AR L HEhE
TEPSE DL ™ E AR E OB, R AR
B, W 2. AN H SRR R
ORI B, BT 48k v B SRR s, AN ] i
G BB BN, Rk, 7RG H R A BT
VRN [ 2 G R Y, DA S MR R 52

=2 AFHIESE

Table 2 Public dataset

(e =P " i fiEa
Videos Day Night Sparse Dense

WEEKFE R
Activity  Number of

level pigs
1 N — N — = 7
2 v — V — fi% 7
4 J — — J H 15
5 — J V — E3 8
6 v — — \ = 16
7 \ — — V EH 12
8 — \ — \ 1% 13
9 v — — \ BN 14
10 — \ — v EH 14
12 y — — V 1% 15
15 — \ — \ s 16

%56, M FFmpeg 0158 AR AR BT 46, M Ui
OMBL. AR BRI, 2 HHdERAESL 21 M
Hilo SR JGFIFH DarkLabel A0 5 AT hryE, o, 2
FFEREE 11 AN, 353 300 sk %, B &5dE4E 10 4
g, 351000 5kEGR . HEBIEEWE 4 . Xt
AN 37 5 R R RS I D BR R RE F7 . e BUAN [H] ) AL Ak
ALK, 25N S 5. AR
FEBE 3 AMRLE, HAPRe 1 DA 4. 6. 12 RREE,
XA R, HARMAUNIIZGE. K5 2 B
P 2. 5. 8 IRAR, A diA 5. 8 43 il A e b i
5, I 2 A KRB, HRWSUNIIZE.
RE 3 DLESEEERER 7 NSNS (3. 11,
14, 16+ 18+ 19, 21D , FJ4h 3 MAURNNRLE (R
13, 17, 200 o HA RiEshK- e L. MR
PN EREE R, AR (10:00—12:30) J& H & A
DU AT NEBANE, IR B SO R AR i 3l
KFo FEER (12:30—17:00) HAHE (17:00—20:00)
RIS ESEAT AR A B R (10:00—12:30) 15,
G 1] B s SCA R BOR e B S TR B K. FEER
(7:00—10:00) ELARE (20:00—7:00) & R AR Al dE
AT NE D, WEMTNEZ, SRR B E SN E R BR
M PRI YE 27K P o

B4 ok
Fig.4 Part of the dataset

2.2 RWIME

ARSI RIS AE [F]— TR b 58 R, BEARAC B M 12th
Gen Intel(R) i9-12900KF CPU, NVIDIA GeForce RTX
3090 GPU, 32GB W7, 64 {ii Linux #:/E &4, Pytorch
fA 1.7.1, Python kA 3.8, CUDA KA 11.0.

IR E B RSN 416x416 (BF) , fita
FE K /)N (Batchsize) % B 32, #146%% 2] % (Learning Rate)
4 0.01, ZhE (Momentum) #E A 0.9, LIl 30 4
1 (Epoch) , f#HBENLERE NFE%L (Stochastic Gradient
Descent, SGD) #ATHILAL, PRATIIZRISFE kG FE A e [P AR
TSR AT B A



190 Ll THE2AH (http:/www.tcsae.org)

2022 4

2.3 FFNIERR
LRI (Precision, P) , A[FIZE (Recall, R)
FIF 48 E)MH (mean Average Precision, mAP) 3 ~§g
PR AR Bk M VR e o K A R T A R B ke
MARSFIREEE, Wk (5) , Hrh DTP 244 Es R B Fx
g, DFP &R HirEE
P DTP
DTP+DFP
v 27 AR 6 g O H AR A ) %8 e RE 7, sk
(6) , .+ DFN 2w HbrdcE.
o__ DIP
~ DTP+DFN
ST S51 R S5 R 2 ARG I 1) 28 0 6F 87 () K Y8 (B T
¥, sl (7, H PRYZEVAEIRIR R EZE, K
R P AR ER R

mAP = j; P(R)dR )

x100% (5

x100% (6)

¥ % H bR IR EE RS (Multiple Object Tracking
Accuracy, MOTA) Al IDF1 134 (ID F1 Score) 1ENZ%
H AR RS ) E B VRN P AR . MOTA i SRR S3AG T B A
FIRFE P BRI M RE - IDF 1 R 5] NBREE H Arbs 5 ID [
F1 {8, ®T5IATIREHArbrS 1D, IDF1 =Y H bR
IR ERRE 7). MOTA THE AR WA (8) s,

>, (FP+FN+IDS)

Zzgt

A FP OATESS ¢ ik B bR RS (RFEYED ; FN ONTE

eI HARERSE (BB 5 IDS ATESE ¢ irf ERER

HArtn's ID RAEVIHITIRE g & ¢ B Z0000 21/ B AR
IDF1 iHE AR (9 Friw.

MOTA =1- €P)

~ 2IDTP
2IDTP+IDFP+IDFN

X IDTP A ID fR¥F AR 45 G~ IE i BR 2% 20 1) B
Fr &4, IDFP Jy ID O 47 A2 (45 5L N SR ER B = 1) B
b &40, IDFN O ID {8 A A2 (4% 5L N BRER H A5 & 2%
S

IeAh, HABAH ST AR IS A W £ (Fragmentation,
FMD | FEEREEFIM HAR (Mostly Tracked Target, MT)
PR ER B B LR T 80%) « 2 E K H AR (Mostly
Lost Target, ML) (¢ ERER S| B ELZELLF] /N T 20%) <
BT ERERZIM H bx (Partially Tracked Target, PT) (#7iR
ERRI UL LA KT 80% HAVN T 20%) « —ZKERER
B H bRbRS ID IIKEL (Identity Switches, IDS)
PLSCT- B A0 i, (Frames Per Second, FPS) .

AR B R AR AE B bR PR LAY 1 BRI 2 BTk B
MOTA. IDF1 A1 FPS 14 EZPFH FE bR, HiBILL FPLFN,
FM. IDS. MT. ML Z&4aprit TR R I PERE IS . e

IDF1 D)

MOTA. IDF1. MT F1 FPS {8 1 = A5 AL 1 el s, FP.
FN. FM. IDS 1 ML #{f ek AT 14 G R 4t .

3 ZR55

3.1 JDE #REIRIGLE

JDE #& ARG 45 5 WL3E 3. T RAUR B, A SCEHVEAE
AFFEIEEF K mAP TIIEIET] 92.5%, WIKE 2. 4.
6812 FLHT mAP 43 514 96.2%495.6%+96.1%+98.0%-
92.2%. XFHAR 5, H mAP N 77.0%, I 5 K2 i%A0
AT 3755 5 HABKATUR L 22 S 3, 380 1 B A A il i
MESE, AE E AT H mAP FHEILF] 93.8%, Ak
-3 mAP 1A F 92.9%, KA IDE FZx T A A 5 4%
Yy FLA B A e

% 3 IDE REMBHFMENINIELER
Table 3 Object detection experiment results of the
Joint Detection and Embedding (JDE) model
%

s - " )R 1
Wi s wa ek ek IR
Test set Video Precision P Recall R .. 8
Precision mAP
2 96.0 94.8 96.2
4 84.7 96.1 95.6
AFFEEE 5 81.2 79.2 77.0
Public dataset 6 96.2 95.1 9.1
8 99.2 87.9 98.0
12 83.2 93.6 922
13 99.5 90.9 94.8
H @ HdE R
Private dataset 17 931 99.0 98.6
20 94.5 80.1 88.0

JDE AR EFEE AR 4 Fom. ATBAUREL, A
FFEHREES, A2, 4. 5. 6. 8. 12 ) MOTA 43l A
91.4%. 82.5%+ 59.2%. 90.8%. 94.2%. 74.4%, “T-¥J
MOTA N 82.1%, fEHEHARLES, MM 13, 17. 20 1
MOTA 7514 84.4%. 88.1%. 90.2%, ¥ MOTA N
87.6%, MK MOTA N 83.9%. AN [ #L 40 i) MOTA
7 AR 22 000 1) 2 B TR O RS A PR BN [, A A
B, AR BR. Wgi. %A R 0EsRE,
FEMAE =TI E. R EBCONIE (e,
FLIEAT A T, MOTA MGG, 767 04
8 i, M RE B D B S R Tt E/N, MOTA
W, N 94.2%. ERMEMAT S d, P 5T ™
#H, MOTA 1%, N 59.2%, #R#fE IDF1 1 FPS A L
i, A IDE BETE A HAEEF M IDF1 “F31{E
N 77.7%, FPS TF¥JMH N 74.26 Wi/s, £ B8 &HiE%Eh
] IDF1 T 31E N 83.5%, FPS “Fi#ME N 73.19 Wi/s,
RAKSFY) IDFL EN 79.6%, SAKF14 FPS H N 73.9
Wi/s. n] LLE I, A3 IDE A3 K H AR H 1D BR i
K5 BEAN FPS 343k B4 = KF,  Be % S SE bR 77 5 R 58
THIBETEE 2 B AP S BRI, AP IR S R
3 RS o B PR L BOR ST RR.
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Table 4 Multiple object tracking experiment results of the JDE model
w o i e ThR s BRME BB o e o DFLES i
Video '8 Mostly Partially ~ Mostly lost Fa‘ls_e Fals; ID switch ~ Fragmentation tracking IDFIO Second FPS/
numbers - cked target tracked target target positive  negative accuracy/% score/% (Wis™)
2 7 6 1 0 29 136 14 19 91.4 80.3 77.64
4 15 12 3 0 371 384 26 30 82.5 75.3 72.47
5 8 4 4 0 438 497 40 51 59.2 59.2 76.46
6 16 14 2 0 115 285 39 63 90.8 75.1 71.56
8 13 13 0 0 104 108 15 26 94.2 94.1 73.88
12 15 12 3 0 847 286 14 45 74.4 82.2 73.55
13 14 11 3 0 24 185 9 14 84.4 79.1 71.19
17 5 5 0 0 24 31 9 88.1 88.3 75.73
20 8 6 1 1 6 57 5 90.2 83.1 72.66

R E RGBS 2 Fh oAt Do a] AL 7 A &
RAUNKE 5 PR .

E: B HFRORE R ID 5, SRS — R Rk P oA S R M iC
—/ANA LM ID 5, Bl (1. 20 3.0, X R SR TR I A R R
TR R AR E), ATRE X 3N A ID AR, R AN R
BT R, MR R ID S EASARRE ID 5, HEITA AR
T,

Note: The number in the figure indicates the pig ID No., the first image detection
frame of the algorithm will assign an incremental ID No. from 1 to each pig, for
example (1, 2, 3...), when detecting and tracking the subsequent frames, due to
the movement of the pig, the ID of a pig may be identified incorrectly, at this
time to identify this pig as a new pig, the ID No. of the pig will change to the
wrong ID No. until all video frames are processed. Same below.

B 5 R G RMHAE AL T AL AT R
Fig.5 Results of the visualization analysis of the sparse and dense
distribution of pigs during the day

XT3 R ARG AL 2, A SCRE AT DLER UG
MAER R — R %, WK 5a. {HE, WERARMZH
¥ FORE RS TS DURON ™ B AN 4 fAAETRAS, W Sb
T SAR IR IAE . X BEIATERE R AR T, o
TR R BAs BB, MR 7 RE IR EE R .

P R A R B R B a3 A i 6 s,
ATLLR I, TE4% R AR A B IESR, A3 JDE
R A DR G M BRI — HURE, Wl 6a. FER IR AL

it

TS UG B RS A NE LT, JDE B

A UAHERR R R R — R, W&l eb. (EFERE RS A i
FRLA 5 . B AT R B R R AT, HAL
BUHE SAURE R B AR, S8 75 R 0 25 A PR B B A

AR g L W H bR, U8 s oL, Wikl ec

Jizso kb, AL IDE B ANAL 5O AR AR
W% HFRIRERIE BB KF

B o6 R a KRR 5 1 ILa9 49 TA T 25 R
Fig.6 Results of the visualization analysis of the different
distribution of pigs during the day and night

3.2 SDE {REVA I LER

NIGUEASC JDE #AU 2 HARERERPERE, &M
SDE A3 47 5%F Eb k6 . SDE 4 %% 5 7~ 3 JDE #i %! AH
[, PREZSS{HH DeepSORT, K FAH A A FFEd SE 34T
PGRAMR, RIS R INE 5 Froas. ALK, SDE
) MOTA A1 IDF1 P34 5 54 81.6%F1 78.2%, Lk
# 4, A IDE A MOTA 27+ 7 0.5 NE H. M
MARYEREFE PR K E , A IDE BEAL#) MT. PT. ML. FN.
MOTA Al FPS $54r#548 T SDE f5#4. E3# & J71f, SDE
FERL) FPS ¥{H N 16.88 Mi/s, ASC JDE #EAL[H) FPS 1
EIEF] 74.26 Wi/so SARNUL, 38 76 BRI AE R B AN ER I
FEEHAEE DU, A SC JDE A AL AT A 338 % L SDE
FERURTE T 340%, X0t SEBLIR A% K Tal B 97 A= 0 A0
A S %2 B bR IR A B
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&5 SDEREM% BRREAEER
Table 5 Multiple object tracking experiment results of the Separate Detection and Embedding (SDE) model

FEWREE WO EEEK % HbRERERAE L

wor R mmi mmmis rae ot B e mm Mulipleobien PP pey
Video numbgers Mostly Partially ~ Mostly lost positive  negative ID switch ~ Fragmentation tracking score/% (Mi-s™)
tracked target tracked target  target accuracy/%

2 7 6 1 0 128 138 8 13 87.0 85.1 21.18

4 15 15 0 0 173 215 33 30 90.6 81.3 17.00

5 8 3 4 1 216 824 19 39 55.9 60.4 1528

6 16 13 3 0 22 636 32 53 85.6 742 16.16

8 13 13 0 0 430 74 9 10 86.8 87.1 16.52

12 15 10 3 2 45 1075 8 29 74.9 76.0 15.11
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Fig.8 Visualization comparison of JDE model and TransTrack model
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Multiple object tracking of group-housed pigs based on JDE model

Tu Shugin, Huang Lei, Liang Yun™, Huang Zhengxin, Li Chengjie, Liu Xiaolong
(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)

Abstract: Pig production has been always the pillar of the industrial livestock industry in China. Therefore, the pig industry is
closely related to food safety, social stability, and the coordinated development of the national economy. An intelligent video
surveillance can greatly contribute to the large-scale production of animal husbandry under labor shortage at present. It is very
necessary to accurately track and identify the abnormal behavior of group-housed pigs in the breeding scene. Much effort has
been focused on Multiple Object Tracking (MOT) for pig detection and tracking. Among them, two parts are included in the
Tracking By Detection (TBD) paradigm, e.g., the Separate Detection and Embedding (SDE) model. Previously, the detector
has been developed to detect pig objects. And then the tracking models have been selected for the pig tracking using Kalman
filter and Hungarian (Sort or DeepSORT). The detection and association steps have been designed to increase the running and
training time of the model in the dominant MOT strategy. Thus, real-time tracking cannot fully meet the requirement of the
group-housed pigs. In this study, a Joint Detection and Embedding (JDE) model was proposed to automatically detect the pig
objects and then track each one in the complex scenes (day or night, sparse or dense). The core of JDE model was to integrate
the detector and the embedding model into a single network for the real-time MOT system. Specifically, the JDE model
incorporated the appearance model into a single-shot detector. As such, the simultaneous output was performed on the
corresponding appearance to improve the runtime and operational efficiency of the model. An overall loss of one multiple task
learning loss was utilized in the JDE model. Three loss functions were included classification, box regression and appearance.
Three merits were achieved after operations. Firstly, the multiple tasks learning loss was used to realize the object detection
and appearance to be learned in a shared model, in order to reduce the amount of occupied memory. Secondly, the forward
operation was computed using the multiple tasks loss at one time. The overall inference time was reduced to improve the
efficiency of the MOT system. Thirdly, the performance of each prediction head was promoted to share the same set of
low-level features and feature pyramid network architecture. Finally, the data association module was utilized to process the
outputs of the detection and appearance head from the JDE, in order to produce the position prediction and ID tracking of
multiple objects. The JDE model was validated on the special dataset under a variety of settings. The special dataset was also
built with a total of 21 video segments and 4 300 images using the dark label video annotation software. Two types of datasets
were obtained, where the public dataset contained 11 video sequences and 3 300 images, and the private dataset contained 10
video segments and 1 000 images. The experimental results show that the mean Average Precision (mAP), Multiple Object
Tracking Accuracies (MOTA), IDF1 score, and FPS of the JDE on all test videos were 92.9%, 83.9%, 79.6%, and 73.9
frames/s, respectively. A comparison was also made with the SDE model and TransTrack method on the public dataset. The
JDE model improved the FPS by 340%, and the MOTA by 0.5 percentage points in the same test dataset, compared with the
SDE model. It infers the sufficient real-time performance of MOT using the JDE model. The MOTA, IDF1 metrics, and FPS
of the JDE model was improved by 10.4 and 6.6 percentage points, and 324%, respectively, compared with the TransTrack
model. The visual tracking demonstrated that the JDE model performed the best detection and tracking ability with the SDE
and TransTrack models under the four scenarios, including the dense day, sparse day, dense night, and sparse night. The
finding can also provide an effective and accurate detection for the rapid tracking of group-housed pigs in complex farming
scenes.

Keywords: object detection; object tracking; joint detection and tracking; data association; group-housed pigs
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T FAEEIRE RN 8 MR, 7 2400 KEUE,
e R S AT H0 5, BLFE 08:00—10:00 A1 15:00—
16:00 FIFE RAPIR, BMEER 6~11 kKR, Hi 4
AMNHTFNE, 4 DHFIR. MBI KN 1 min,
WA 5 Wiss, BAIAARE & 300 5K MR . X 2 M4
PEEF S B AR I KANFEE 5 J 0,

FA0102
Video 0102

A, FR (B MR EES) . AR (B
RIS SD. b, 5% FOESACFEY s R . ARAE AR
BN WELE R, FEAKR (10:00—12:30) & KA
DU AT NS, SRR R B e O R AR =G sh
K. FEAKR (12:30—17:000 BRA M (17:00—20:00)
BRI ML EEAT ARA B R (10:00—12:30) &,
I TR) B A R B B T R SR R 3K FE E R
(07:00—10:00) BRI (20:00—07:00) ¥ H KK Al
EEAT AR, HEMT AR, MBS A E R
BRI RS B /KT o PEENAI A A0 2R 1 B

F1 MLHEE

Table 1 Test dataset

Hodhi £

Dataset

MRS AR BR EIIKCE RN
Vedio number Day Night Activity level Number of pigs

0102 \ - ] 7

0402 v - G 15

0502 - \ H 8

0602 v - =1 16

wrmme 00 V5 5
Public dataset

0902 \ - i 14

1002 - \ G 14

1102 v - [ 16

1202 v - fi% 15

1502 - \ o 16

1602 w/ - 1% 11

A B 1604 \/ - Ly 11

Private dataset 1701 ~ - =1 6

1703 N — fi& 6

MA50702
Video 0702

IR BAEFEA I 1 fron, HpE la R AT HUESE
fnBl, B 1o RAAA BE LR RG] RS A E KR
Berb, Slh . R AN LR RAT AW T SRR R SR, X
WA WX AT NREATIE RS, RESE A T AR KSR
ML B BURES, WA BB T R Bk, A
WEFUR A8 AT e 4 A3, a2 BN R
S HAt .

MLA1502
Video 1502

a. ATT AR

a. Public dataset

WLAT1602
Video 1602 Video 1604 Video 1701
b. A AR

HLA1604

MA1701

b. Private dataset

B1 FHosmBEfk
Fig.1 Part of group-housed pig images
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2 M ERIRE (F, Fop, BHAEG N RRHE
KlJE, fba A B NS S5 TransFormer Zwfid#%: 28
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Ja, Fdmtd Ja s 2 i EGEHE (F 4atd, Foi9wm
L) #i N B 2 4> TransFormer f@f5d 28 M 2& , 23 5l 5 N\ Hil
TRNLE, FE R E ARAS I P 28 AR EE R 4%, 72 AR B b Ass il

RFAIE SR BB B

Feature extraction module

HFML%
‘IE‘ a Backbone
EEEPN
Video input

LA
Video output

CIOUVCGL
CIOU matching

Data association

MEFIFRERME: HeJia, Ko MR AR R AE E A7 FE AR A FE L
(complete intersection over union, CIOU) %4} <L UL,
itk 2 BAREREREB T 545 R

Gt e

Encoder

Qoo o

IR CEC N 7 AT
Feedforward network Decoder F, encode

S HAR AW

Query of learnable objectives

1

1

:

1

1 i fRAD A F, 4t i
Feedforward network Decoder F,_, encodet 1
1

i

1

PRERAT ) i

Tracking query i

B 2 ) TransTrack % B ARAERAT A 3RIZ 7 ik
Fig.2 Behavior tracking flow chart of improved TransTrack on group-housed pigs

2.1 TransFormer 4Rhd 25 FNHRALES
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WA 28N 2 IRk 22 e e IE WAL AL 3, X RRAE 47 3 5 Ab 3,
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T Es 5 M &l 3b Firas,  DART— Wi H AR A 24 AT i
22 ) AR EONEREAAT HARE W, R H AR 2 AT BRER & i)
W BER AN 1 UOREEERR MG E, 7555

H s B RRRAE CF 05, FoaZihd) 3E47 58 X%

RV

B, Gnd 2 IR ZEES I WAL M AT I 28 A B, 72 A
BESE ) H AR AE R ERER R AR, FRAT IR IR B AR ARG I 45 2R

{ I 2% H PRIE P H i

a. Jfisas
a. Encoder
D A
l | ! L l
4 Y 'd Y 14 Y 'd 'd N\
[ H bR iy HERN |~ BREEE T B | ks RIRIL, | BRI *[ HARFE ]— At
A\ J & J A J & J & J
l | . J_ l
4 Y 'd N\ ' ™\ N\ 'd N\
‘ PREREW }— HERN R ) e || ks RIRIE:  — BhE iR *[ PREFRFAE ]— At
S J N J & J S - J
b. iS4
b. Decoder
B 3  TransFormer %% 3% Anfif 5l 5%
Fig.3 TransFormer encoder and decoder
TransFormer 2 5 25 FI A 15 2% % FH AH 5] 991 25 43 2%, v = Aas * Yas + A1 - Y1 + Agiou * Yeiou (D

PR R By 150N

2y, Sy TR 174 288 59 1 L 92 38 53 2 1] £ Focal loss™,
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ARSIk TransTrack 2 H ARG 4T N ER IR J5 i 175

Yo NVA—Ab J5 TR 0 s AR BR 5 B S AR 2 ] L,
19, voou A4 G B TR HE 58 B A /55 B 55 0 S HE 8
FERE 2 B ) X ASHE L (generalized intersection over
union, GIOU) K™, Aac, A Al daiou #B 2 [E € R AL
2.2 HIBXRE T

TransTrack /£ MOT 1T 45 {15 L 75 I PE e, 2R 1M,
TransTrack 7£3(4E ST H K H GIOU,  Joik B Y
R A N A5 I R R bR ER R T RE T R P AR
I, ARAEFEAN) TransTrack J7ykFEad b, X6 I AR
ERASEE S 73 BEAT A At

1) AR E 1) i 28 A A2 1 AR g i O R ARV

T, AR H BRI A SRS A 2 1) ) S AR
M4 e BE L B E S 2 REIHE; 25, RIS
B PO T E B A INAE 73 D v 73 A 23 1Y) H FR s DAL o
[FIS, ¥ 4 Mg QAT 8 0E B9l NH R 6. &5,
TEFEERER A, CIOU 43515 i1 2 R 2 H A A il
MEREAT 2 B T, FFAEFUIAAE 3 0 4 FhAT R0
S, SV AT R ER .

2) REFEHR ID 2 IE AL FE

ER AR BRI RT, BT Hbr R el % L%
FA5E R, TransTrack f77EM RAE ) ID #iRLHe . £t
XZHER, A SCIR 3 7= 58 5 A b g R S e e — B[]
PN [T BRRE S, PR B IR AR R AT BR R, s
51D MIRAE J7 i, PR#I ID R, JA g% H ID A%
BRI . XL ID E IEALBRRAR AN & 4 B

FA T 445 5

KEWIHE 2 2 5 KT
11

ZERIAC

f

TE Dunmaten 2 BRELK T 0.4 148010
HEWE F— ANE Tonaien B AT AE
fID%

ZFRTIAE

RERHER D

DI HE Ly N
53 LD

DSHUETHEAT UL RIS YR IT R A DU HE
fic Donaten AN EVEEE Ty

! i

P 5 — YA DT TR i Ko P HE -
D nmaien 1, A VCHC (951 75 Danmateh 1 F Tunmaren R FH BK EG
Tonmaren P D FCHLIE T PR BT IR

I D INEEERS KT BUERIAE, T AL, Dy 1 I —KRIL
BT IHE, T ppmaten NARICEC L, T N EVCFRHZE,  Dypnaten 2 B
ZURR UL R AS U AE

Note: D is the detection box with confidence score greater than the threshold, 7'
is the track, Dyymaen 1 1S the first unmatched detection box, Ty iS the
unmatched track, T,. is the matched track, and D2 is the second
unmatched detection box R

H 4 RIFARIRA ID X3
Fig.4 1D processing for tracking modules
HIPE 4 P, BREFBIERY ID AL AR, 4 HArks
MR, BEEAD KT RERRMERAN D .

N, B NEEE T={T,, -, T,}, 1% D ¥i&En
AL, ny, BT T ID WAE. &0, K D5 Ti#tT
PRIRUCHED, 19 385 — R AR ITEC AT DUHE Dypaen, 1A VE AT
HYIE T e A EVE PRI Toene XF Dunmatch 1 FT Tanmaten
KRR IR PE B AT BRULHE . 7= A2 38 — IR VL IC [y ez
HE D yumaten 2 FICE I T, e A5 D yumateh 2 NE, UL
WAE D AL TUCECHT): B, AKIRE Dypmaien 2 H5F
—/NBERT 0.4 ATIIAE, M/DNBERIR T —MNE Thogen
HAFEAER) ID 55 FFEHT Taieno
2.3 RBWFE

AR R AER — & EHL E5ER, {#H Linux
ERNRK &, KA ubuntu20.04 #:1E 248, AR E
A 12 th Gen Intel(R) i9-12900KF CPU, NVIDIA GeForce
RTX 3090 GPU, 32G W AF, Pytorch iz 1.11.1, Python
F AL 3.8, CUDA FRA 11.3,

gk 7 v e BB ST 1920x1 080 153318 K/,
HEALBE RN BEE N 2, WIIRE 1% N 0.0002, BERE
90.9, YL 40 MERE K, A HBENUELE T ik
(stochastic gradient descent, SGD) #EAT L4k, & {K UL AL R
5378 0.8 F1 0.4, HBREZIHERMEN 0.7, R4
Tk R FRORS FE e B 2R S H0E AT B

Z HARERER AR MR, BB R EREEERA 2 (higher
order tracking accuracy, HOTA) . % H Fx IR i i o K

(multiple object tracking accuracy, MOTA) . i % F1

{ Cidentification F1 Score, IDF1) F1 & {3 4% # (ID
switches, IDs) Z54F N IR EFRPY, HOTA K
RTI CERERER AN B AL TR — &, MOTA fii =
BRI A E R I A A A OR e e BR R R M BB . IDF1 A1 IDs
FEILERER BARPR 5 1D WA TR bR, FOR/ N e
FRERAE J1. MOTA BB =y, ol 5 R R 280 SR B 1
IDF1. HOTA #1 IDs 5 ] =5 J W BR ¢ &% PE &, IDF1
HOTA ¥ M5, TEREERLS, IDs fEH#/, HERERGT.

3 WMEERS O

3.1 B TransTrack FIE fth MOT f5 A %TEE

TN TERFAE a4, Xf b Trackformer. JDE Al
TransTrack, i3t TransTrack 56 25 RNk 2 fros. 1E
O FFBPE S R, 20 TransTrack ) MOTA S 92.4%,
HOTA AN 72.1%, IDs A 147. Xttt Trackformer. JDE
A TransTrack (] MOTA 73 7)) & 3.9, 9.0 Al 13.1 > H 70
#, HOTA 475l 1.3, 9.5 F1 8.3 NE 43 s, IDs 43 AllF%
i 136, 326 1376, {EAAHHHEHED, Bt TransTrack
¥ MOTA N 91.5%, HOTA A 62.5%, IDs N 63. Xflt
Trackformer 1 TransTrack ft] MOTA 43 7 & 14.4 F1 15.8
ANE >R, HOTA 73505 1.8 195 ANF 73w

W5 R, ik TransTrack B ER B2 M Ge L T
Trackformer. JDE Ml TransTrack. J& [N # T ot 3
TransTrack £ LR EESMEG, KM CIOU #1417 2 RE s
KEE, BEH ROBEE R B TR BiE KRy 5 28U 5
Rk, R ID BIEAR S, &5 MOT Hht.
K 0t, et TransTrack 535 (1) P BE Fa AL T HA S V%,
RFARBE I gt kA scht, EHTEA ST
HEFRAESE 2 H bRERER
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#< 2 B TransTrack FEfth 2% BARIRER F7 A S5 RITEL
Table 2 Comparison of experimental results between improved TransTrack and other multiple object tracking (MOT) approachs
IR ik

Test video segment Algorithm MOTA/% IDs HOTA/%  IDFlscore/%  FP FN MOTP
Trackformer 88.5 283 70.8 79.5 1048 3719 0.157

NIBHRE JDE 83.4 473 62.6 71.2 3323 3455 0.221
Public dataset TransTrack 79.3 523 63.8 71.2 3627 4910 0.173
Improved TransTrack 92.4 147 72.1 86.4 1000 2335 0.175

5 Trackformer 77.1 41 60.7 76.0 1415 879 0.238
P*.Aﬁ”%ﬁ% TransTrack 75.7 223 53.0 65.7 1258 994 0.221
rivate dataset s oved TransTrack 91.5 63 62.5 773 515 364 0214

E: MOT A% HisiRE:, MOTA A% BIRIREMHR, IDs HSHEH, HOTA ARMREMFIZ, IDFI HIRG FI1 ., FP oYM, FN NP, MOTP N
Z HARERERRS L. TR

Note: MOT is the multiple object tracking, MOTA is the multiple object tracking accuracy, IDs is identity switches, HOTA is the higher order tracking accuracy, IDF1 is the
identification F1 score, FP is the False positive, FN is the False negative, MOTP is the multiple object tracking precision. Same below.

et TransTrack B4 HAth MOT SEEAFEIEE 201 MR HHIEREE ID 2078 93, 39 F131, S5kEFER
FFAA AR LR T AL 4 B s FiE 6 fros . 18 w16 kAF, HIER ID R E T #, oot
Kl 5 7, JDE. Trackformer A1 TransTrack 7E#LAH 0602 25 TransTrack {5 K ID f&5ELE 16, V%G HIER RN ID A5,

AT0602.55 117
1* frame in
video 0602

A0602551011
101 frame in
video 0602

WATI06025520115
201* frame in
video 0602

a. JDE b. Trackformer c. TransTrack d. Improved TransTrack

B 5 it TransTrack 5 34t MOT £ F #c48 5 b 693k x4 Rt ik
Fig.5 Comparison of tracking results between improved TransTrack and the other MOT algorithms in public dataset

e 6 H1, Trackformer 7E LA 1703 25 278 i+ & S H AR (ground truth, GT) — 2, fRIEFIRES ID faiE .
KHIFREE ID 153 12, TransTrack 7E¥845 1703 25 199 i Mk, giak2. WsME 62508, Mt HAh3
FIZE 278 Wb R IEREE ID 20508 12 11, HEAE ML, ok TransTrack 12 B A5 R ER 48 b5 A1 ER B 80CR
(P45 % IDs. 5033 TransTrack [ K ID FaEfE 6, ML &M, TER 4G50 T o] DLSCHLHERA I A8 AT O ERER o

PAR1703 2 61t

N L
6" frame in video 1703 stand 2

MS1703 5519915
199" frame in video 1703

N

B

D : .!g stand 2 E\ D J:!g

stan:

¥ ¥

Canera 01 Canera 01

WA1703 552781
278" frame in video 1703

stand 2

aaaaa

a. Trackformer b. TransTrack c. Improved TransTrack

B 6 # it TransTrack 5 H4t MOT A4 404 & b o3RIz 45 Rat bk
Fig.6 Comparison of tracking results between improved TransTrack and the other MOT algorithms in private dataset
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VHEESE . O TransTrack 2 H b A5G 1T MR IS 512 177

3.2 Bi# TransTrack 1 TransTrack 7& & 4N 3 41 57
B MOT R 594
FF TransTrack F1#E TransTrack 75 &N 35 A0 4

) MOT 45 R 4Nk 3 F15% 4 Fi7x . TransTrack 7E 0502 Fil
1701 ¥AE - MOTA, HOTA FI IDF1 43514 67.9% Fi
69.9%, 60.0% 1 50.1%, 64.4% F1 57.3%, Ut B PR 4
FEIX 2 NMBE AT R ERER A BRI AR .
TransTrack 2 A 7£ 0802 # #i b, R BF M ge A5,
MOTA HU{H N 91.0%. 7F IDs I, TransTrack 441
SRELH IDs B & KT 20 LA L, 58 TransTrack 7£ ID
BB R, A SEILR E BRER o

# 3 TransTrack B 518 % BFRIREREE R

Table 3 Pig MOT results based on TransTrack

89.5% A 82.7%, XLt TransTrack 455, HAREFRT|.
A, Bk TransTrack 78 2 R ALK IDs. FP Al
FN & gD, 78 RIS I 2% 2R (1) 48 A% MOTA 1 42 Ft
14.6%, TEARILER ER R T Ax HOTA $#27 9.8%, fEIR
E B TE 5% 22 VE I 45 4F IDFL 32 TF 15.9%, 78 I W1 4
0702, 0802 F1 0902 [f1 IDs 735l A 1. 2 fil 2. &R
HH 243 TransTrack A8 58 INF& € st H brFEAT IR EE . 40 #7
FERALET, it TransTrack H T [ E S H bRAMHE,
FEEASI MOTA $845; ARHE =RV AL BE AT 2 KB
Yok, #25 HOTA M1 IDF1 BREFPEREFE bR BREIE R
ID iR, PR T IDs.

R4 B TransTrack BIREFIE S BARIREREGE R
Table 4 Pig MOT results based on improved TransTrack

B

Video MOTA/% IDs HOTA/% IDF1/%  FP FN  MOTP

sequence
0102 74.1 38 43.4 59.0 331 175 0.142
0402 88.7 27 70.3 81.9 239 242 0.147
0502 67.9 38 60.0 64.4 293 439 0.174
0602 73.6 63 56.1 61.3 504 702 0.207
0702 64.8 52 73.8 69.4 771 439 0.162
0802 91.0 40 77.7 82.4 110 202 0.131
0902 83.5 52 71.7 76.0 348 294 0.151
1002 78.0 70 46.3 62.7 317 535 0.249
1102 85.6 49 65.4 72.8 221 418 0.137
1202 74.2 29 67.7 78.7 273 860 0.163
1502 81.6 65 54.5 66.5 216 604 0.225
1602 78.7 54 56.8 75.0 342 306 0.243
1604 74.3 88 475 58.2 443 316 0.206
1701 69.9 59 50.1 57.3 332 150 0.183
1703 78.6 22 58.2 71.3 141 222 0.190

:\:/i?;}gﬁe 77.6 746 60.0 69.1 325.8 393.6 0.181

B
Video MOTA/% IDs HOTA/% IDF1/% FP FN  MOTP

sequence
0102 91.1 5 65.4 86.4 34 148 0.145
0402 97.0 6 78.0 89.5 36 91 0.156
0502 95.6 8 78.8 96.5 51 47 0.176
0602 87.4 25 63.4 833 298 284 0.209
0702 98.5 1 84.7 98.6 22 32 0.146
0802 99.5 2 83.3 96.3 4 12 0.140
0902 95.6 2 80.6 94.5 29 155 0.152
1002 85.5 11 56.0 75.5 157 442 0.251
1102 93.0 22 78.0 87.4 150 161 0.138
1202 83.8 14 71.2 84.9 85 632 0.170
1502 89.2 51 51.0 66.4 134 331 0.224
1602 87.6 34 55.8 74.5 208 168 0.247
1604 90.4 18 59.7 72.3 156 143 0.208
1701 91.6 8 69.7 82.7 110 33 0.184
1703 96.4 3 71.1 86.0 41 20 0.192
R

Average 92.0 210 69.8 85.0 101.0 179.9 0.183

BtitE TransTrack 7E 0502 A1 1701 #4845 B _E MOTA,
HOTA F1IDF1 4354 95.6% #191.6%, 78.8% F11 69.7%,

a. FLA010255 37
a. 37" frame in video 0102

L g
d. FAF040255 1210
d. 12" frame in video 0402

2. 070255451
g. 45" frame in video 0702

j. ALAR080255 1 11T
j. 11* frame in video 0802

b. MLA0102 55841
b. 84" frame in video 0102

e. MLAT040255 1011
e. 101* frame in video 0402

k. FAR080255 1301
k. 130® frame in video 0802

2k TransTrack F #3745 MOT & 43 R E an b 7
s

c. MUAT01025522015
¢. 220" frame in video 0102

£, FLA0402 552301
f. 230" frame in video 0402

i. MLAR07025523 1
i. 231* frame in video 0702

1. F451080255 258
1. 258" frame in video 0802

B 7 it TransTrack B 78 3 B ARIRIZHOR
Fig.7 Pig MOT effect based on improved TransTrack
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o, FUA 0102, 0402, 0702 F1 0802 1% H ek
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ERVERE
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6% frame in
video 0402
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8™ frame in
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a. TransTrack

b. Improved TransTrack

B 8 #i# TransTrack 5 TransTrack #9337 4E ATtk
Fig.8 Comparison of tracking results between improved
TransTrack and TransTrack
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F7R o

PLAF1701 55288 i ‘ P ‘ =
288" frame in N stand(A/ < [ n
video 1701 3 "y b N ]

; ”sfil:‘fis'tund 3 “Lnd 2{‘:
R 5. - Conerg
o TS ot
v (
) . stard =53
B 703587311 e | i
73" frame in i lf]L €] }-L
stand 3'
video 1703 o
|

b. Improved TransTrack

a. TransTrack
B9 #it TransTrack 5 TransTrack £ 7 F) KR8 &4F T 69 3k 95
%R
Fig.9 Comparison of tracking results between improved
TransTrack and TransTrack under different light conditions
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TEAEAE R 1Ds, HigoK ID 435900 18 Al 135 ik
TransTrack N &H WA, &G R IDs, 4580
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R e, AR = 0 DG B0 BB AT P IR B R Bk, $E
PRERVERE, R, FR&IE N ID 452K, KT IDs.

HAR070255 147
147" frame in
video 0702
HLH1703552801 i i s lﬁ
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a. TransTrack
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Fig.10 Comparison of tracking results between improved
TransTrack and TransTrack under different occlusion conditions
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Methods for multi-target tracking of pig action using
improved TransTrack

TU Shugin, HUANG Zhengxin, LIANG Yun™, HUANG Lei, LIU Xiaolong
(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)

Abstract: Pig production is dominated in the livestock industry, particularly for the food safety, social stability, and the
coordinated development of the national economy. An accurate tracking of pig behavior can greatly contribute to the health and
well-being of pigs, in terms of the detection of abnormal conditions, such as diseases and dangerous movements. However,
manual monitoring cannot fully meet the large-scale production in recent years, due to the time consuming, subjective, and
labor intensity. Fortunately, the video surveillance technology has been carried out to detect and track pigs. But it is still lacking
on accurate tracking and detection of pig behavior in various complex scenes (day or night, sparse or dense condition). In this
study, an improved TransTrak multiple object tracking (MOT) was proposed to automatically detect the pigs, and then track the
behavior of each detected pig, with considering the motion information of the behavior. Three improvements included an
improved CIOU matching to remove the overlapping detections, the behavior category learning with MOT, and the data
association. Therefore, the improved TransTrack approach performed better to identify the pig objects during behavior tracking
in complex scenarios. The improved TransTrack was validated on the special dataset under a variety of settings. The specific
dataset included the public dataset with 23 video sequences and 6 900 images, and the private dataset with 8 video segments
and 2 400 images. The experimental results show that the MOT accuracy (MOTA), the higher order tracking accuracy (HOTA),
and ID switches (IDs) on all test videos were 92.0%, 69.8%, and 210, respectively, using the improved TransTrack. On the
public dataset, the improved TransTrack achieved the MOTA with 92.4%, HOTA with 72.1%, and IDs with 147. And the
improved TransTrack improved the MOTA by 3.9, 9.0 and 13.1 percentage points, HOTA by 1.3, 9.5, and 8.3 percentage
points, and decreased in the IDs by 136, 326, and 376, respectively, compared with the Trackformer, JDE, and TransTrack. On
the private dataset, the improved TransTrack obtained the MOTA with 91.5%, HOTA with 62.5%, and IDs with 63. The
MOTA was increased by 14.4, and 15.8 percentage points, and the HOTA was improved by 1.8, and 9.5 percentage points,
respectively, compared with the Trackformer and TransTrack. The improved TransTrack can be expected to obtain the best
performance in the tracking evaluation metrics (MOTA, HOTA, and IDs) among the four methods. Therefore, the improved
TransTrack can also provide the scalable technical support for the automatic monitoring pigs.

Keywords: recognition; multiple object tracking; pigs; TransTrack; data association
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Missing Seedling Localization Method for Sandalwood Trees in Complex
Environment Based on YOLOv4 and Double Regression Strategy

ZHANG Yu' XU Haoran' NIU Jiajun' TU Shuqgin® ZHAO Wenfeng'
(1. College of Electronic Engineering ( College of Artificial Intelligence) , South China Agricultural University, Guangzhou 510642, China
2. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)

Abstract; In the process of planting sandalwood trees on a large scale, there are problems such as low
efficiency, high cost, and difficulty in the supervision of manual ranking of missing seedlings, and the
necessary companion plants for each sandalwood tree and other crops interspersed between the trees,
further deepening the difficulty of checking and replenishing. For these problems, a seedling deficiency
detection and precise localization method in complex environment was proposed based on YOLOv4
algorithm and double regression strategy. Firstly, the YOLOv4 target detection model was used to achieve
sandalwood plant detection from remote sensing images collected by UAV. Then the missing seedling
localization algorithm ( MSL) was constructed based on the double linear regression and extended column
line fixing strategy: arbitrary sandalwood trees were selected as the benchmark, column regions were
divided according to the pixel coordinates, and column lines were fitted to the sandalwood trees in each
column region by using linear regression; for the omitted sandalwood trees that were not classified into
columns after fitting, the attribution was judged again with the extended regression line strategy, and the
column lines were optimized by linear regression again. Finally, the missing seedlings were calculated
and localized according to the spacing at the time of planting. The results showed that the precision was
86.82% , the recall was 82.25% , the Fl-score was 84.47% , and the running time was 8.19 s,
respectively. In summary, this method combined the rapidity of DJI UAV remote sensing image
acquisition system, the accuracy of YOLOv4 algorithm and double regression strategy, which can be used
to achieve real-time intelligent seedling deficiency detection and accurate localization of sandalwood trees
under complex growth conditions.

Key words: sandalwood trees; missing seedling localization; object detection; YOLOv4; double linear

regression
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