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Vision-based Cow Tracking and Feeding
Monitoring for Autonomous Livestock Farming

Yangyang Guo, Wenhao Hong, Jiaxin Wu, Xiaoping Huang, Yongliang Qiao, and He Kong

Abstract—Animal tracking and feeding monitoring is crucial
for automatic individual cow welfare measurement and natu-
rally becomes a prerequisite for autonomous livestock farming
systems. The deformable body posture and irregular movement
of cows under complex farming environment make tacking of
individual animals in a herd very challenging. To improve the
performance of face-based cow tracking and feeding monitoring,
a deep learning network based approach, namely, YOLOv5s-
CA+DeepSORT-ViT, was proposed in this paper. In our proposed
approach, Coordinate Attention (CA) integrated YOLOv5 was
developed to capture spatial location information to improve the
face detection performance for overlapping regions. Then the
Vision Transformer (ViT) was embedded in the re-identification
network DeepSORT to enhance feature matching and tracking
accuracy. The comparative results of the multi-cow complex
dataset constructed from a commercial farm show that the ID F1
Score (IDF1) and Multi-target tracking accuracy (MOTA) of the
proposed YOLOv5s-CA+DeepSORT-ViT are 88.5% and 84.4%
respectively. Meanwhile, the ID switching (ID Sw.) times and the
processing time are reduced by 50% and 20% compared to the
YOLOv5s+DeepSORT model. Experimental results also showed
that the overall cow tracking performance of our proposed ap-
proach outperformed the other baselines (e.g. SORT, ByteTrack,
BoT-SORT and DeepSORT).

Index Terms—Cow tracking, YOLOv5s, DeepSORT, Vision
Transformer, Autonomous Livestock Farming.

I. INTRODUCTION

W ITH the continuous progress in modern agricultural
technologies, the application of robots, intelligent sen-

sors, and artificial intelligence makes farm systems more
automated, efficient, safe, and sustainable [1]. Especially, the
progress in Internet of Things (IoT) and information and com-
munication technology (ICT) has promoted the development
of autonomous livestock farming technologies [2], [3]. For
precision livestock farming, multi-cow tracking technology
can realize individual identification and continuous welfare
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and health monitoring, thereby facilitating “per-animal” care
in large-scale dairy farming.

Accurate object detection and tracking of multi-target cows
can provide easy-to-understand image representations for ana-
lyzing cow behavior, extracting behavior features, etc., [4], [5].
Static images often lack temporal and spatial features, making
it difficult to automatically monitor, track, and assess animal
behavior. Tracking technology can be applied to video frames
in order to better capture behavioural trajectories, making
individualized and flock assessment possible [6]. Hence, it can
be a useful tool for improving the efficacy of interventions
and enhancing animals’ welfare in different environments
[7]. However, there are few studies on multi-target real-time
monitoring of cows in actual feeding environments, and the
tacking accuracy still needs to be improved.

In the actual feeding environment, the similarity of the
target and the background, the occlusion of the target, and the
interference of the false target will bring great challenges to
the computer vision task [8]. Common multi-target tracking
algorithms include Simple Online and Realtime Tracking
(SORT) [9], DeepSORT [10], ByteTrack [11], BoT-SORT
[12] etc. SORT uses the Kalman filter (KF) to predict the
target bounding box and performs IOU matching through the
Hungarian algorithm. DeepSORT improves SORT by intro-
ducing the feature information extracted by CNN into the
matching step to enhance performance. ByteTrack first passes
the normal matching method, and then matches the detection
results below the threshold with the unmatched trajectory.
BoT-SORT modifies the state vector and matrix parameters
of KF on the basis of ByteTrack, and uses Global motion
compensation (GMC), which incorporate IOUs with ReIDs.

The above tracking methods have also been used in animal
tracking. Tu et al. [13] used YOLOv5s detector together with
DeepSORT algorithm to realize pig behavior tracking. Zhang
et al. [14] integrated the Mudeep model into DeepSORT to
realize the tracking of beef and its Rank-1 index reached
96.5%. However, there are few studies on multi-target tracking
of cows’ faces. In particular, the detection and re-identification
error in animal multi-target tracking is an urgent problem to
be addressed in precision animal farming.

According to the actual feeding environment of dairy cows,
face detection and tracking were important for further anal-
ysis of the feeding behavior. In this study, we proposed an
YOLOv5s-CA+DeepSORT-ViT approach for face detection
and tracking of dairy cows. The main contributions of this
work are as follows:
• We integrated Coordinate Attention (CA) into YOLOv5

to enhance position sensitivity of the extracted visual
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features, improving cow face detection accuracy under
occlusion and providing a better premise for tracking.

• Vision Transformer (ViT) was embedded into DeepSORT
to better grasp the global correlation and features, thereby
enhancing the accuracy of target recognition and reducing
the number of ID switching.

• Experiments on complex cow dataset show that our
proposed YOLOv5s-CA+DeepSORT-ViT outperformed
other baselines (e.g. SORT, ByteTrack, BoT-SORT and
DeepSORT).

In general, the proposed YOLOv5s-CA+DeepSORT-ViT
algorithm provides a high-precision cow face tracking method
in complex scenes, which is helpful for long-term autonomous
cow monitoring and management in intelligent animal farm-
ing. The proposed framework would also facilitate the de-
ployment, assessment, and development of modern intelligent
technologies in precision livestock farming.

II. THE PROPOSED APPROACH

To detect, track cows, and correlate feeding behavior with
individual cows, an YOLOv5s-CA+DeepSORT-ViT approach
is proposed. As illustrated in Fig.1, the proposed approach
includes tow parts: 1) YOLOv5s was selected as the basic de-
tection framework; CA was also integrated with YOLOv5s for
cow position information exploration and cow face detection
under occlusion situation; 2) The improved DeepSORT model
embedded with ViT was used to grasp the global correlation to
improve the accuracy of target re-identification. Based on the
above pipeline, continuous tracking and movement trajectory
acquisition of cows was realized.

A. YOLOv5s-CA based cow face detection

The YOLO series of models have achieved remarkable
results in the field of object detection [15]. Compared with
the other versions, YOLOv5s is a lightweight model with
advantages of fast speed and high precision [16], which was
selected as basic model for cow face detection.

In this study, the cow face detection and recognition results
are output. Although YOLOv5s is feasible to extract cow face
features, the complex background (e.g. pens, crush, forages)
brings visual occlusions which affect the face detection per-
formance. To further focus on the cow face-related features,
CA was added [17] in the YOLOv5s.

As shown in Fig. 2, CA embeds coordinate information
into channel attention, then generates the so-called coordinate
attention. For input face feature X, the pooled kernels of
dimensions (H, 1) and (1, W) are used to encode each channel
along horizontal and vertical coordinate directions. The two
spatial direction coding output expressions are as follows:

zhc (h) =
1

W

W−1∑
i=0

xc(h, i), z
w
c (w) =

1

H

H−1∑
i=0

xc(j, w) (1)

Then the output tensors of the two spatial directions zhc (h)
and zwc (w) are splicing, with using 1×1 convolution. The final
acquired facial feature output is:

Fig. 1. YOLOv5s-CA+DeepSORT-ViT base on cow tracking and feeding
monitoring.

yc(i, j) = xc(i, j)× ghc (i)× gwc (j) (2)

where ghc (i) and gwc (j) represent the attention weight matrix
of H and W , respectively. Finally, the acquired image yc(i, j)
enhances the sensitivity to position information. As shown in
Fig. 2, CA was added to each C3 module in the Backbone part
of YOLOv5s, and yc(i, j) passed through the Neck and Head
parts to output the cow face detection results for subsequent
tracking.

B. DeepSORT-ViT multi-object tracking

Based on YOLOv5s-CA detection and recognition of cow
face, the multi-face tracking method was further studied.
DeepSORT is an online target tracking algorithm, which
mainly includes track state estimation, association and cascade
matching [10]. The information on track state estimation is
defined in the 8-dimensional state space (xc,yc,γ,h,ẋc,ẏc,γ̇,ḣ).
The first 4 variables are the coordinates of the center of the
face frame, aspect ratio and height, respectively; the last 4
variables are the change rate of the corresponding variables.
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Fig. 2. YOLOv5s-CA model.

The KF algorithm is used to predict the position and state
of the target in the next frame. For association and cascade
matching, the Hungarian algorithm is used to optimally match
the front and rear frame targets; the Mahalanobis distance and
cosine distance are used to measure, and combine movement
information with appearance information. The calculation for-
mula is as follows:

d(1)(i, j) = (dj − yi)T S−1i (dj − yi)
d(2)(i, j) = min

{
1− rTj r

(i)
k | r

(i)
k ∈ Ri

} (3)

where dj is the position of the jth detection frame, yi is the
position of the ith track prediction frame, Si is the covariance
matrix of the ith track prediction position and the detection
position, rj is the appearance feature vector extracted by CNN
for the jth detection frame, r(i)k is the appearance feature
vector successfully tracked by the ith track history k frame.
The final obtained cattle face area tracking representation is:

ci,j = λd(1)(i, j) + (1− λ)d(2)(i, j), λ ∈ (0, 1] (4)

Due to the frequent disturbance of cow face and the usual
occurrence of mutual occlusion and environmental occlusion,
it is particularly important to track cows that reappear after
disappearing for a period. In this regard, this study used the
ViT model to improve the tracking performance of DeepSORT.

C. Vision Transformer

The ViT [18] appearance feature extraction network and
training structure used in cascade matching in this study
are shown in Fig. 3. Firstly, the two-dimensional image was
processed in blocks and flattened into one-dimensional vectors,
and then linear projection transformation was performed on
each vector, and position coding was embedded to send to
the encoder. The encoder contains two sub-layers, consisting
of LayerNorm (LN), Multi-head Attention Mechanism (MSA)
and Multilayer Perceptron (MLP). The encoders were con-
nected according to the coding block structure shown in Fig.

Fig. 3. DeepSORT-ViT structure and workflow.

3. After L-layer coding, the spliced feature map was sent to
the classification header of MLP to predict the image category.
The calculation process of layer l is as follows:

z′l = MSA(LN (zl−1)) + zl−1 l = 1, 2, . . . , L
zl = MLP (LN (z′l)) + z′l l = 1, 2, . . . , L

(5)

where MSA is expressed as:

MSA(z) = Concat (Hhead 1, Hhead 2, . . . ,Hheadil )W
0 (6)

Concat() represents stacking by column vector, and
Hheadi(i = 1, 2, . . . , k) represents:

Hheadi = Attention (Qi,Ki, Vi)

= Attention
(
zWQ

i , zW
K
i , zWV

i

)
= softmax


(
zWQ

i

) (
zWK

i

)T
√
dk

 zWV
i

(7)

where Q is the query matrix, K is the key matrix, V is
the value matrix, WQ , WK and WV are the corresponding
weight learning parameters, respectively. In this study, to
achieve accurate tracking of cow face, ViT was used to obtain
more information of cow face area, and combined with the
last linear layer of the original DeepSORT for training.

III. EXPERIMENT SETUP

A. Data collection and processing

The cow video was collected from Anhui Huahao Ecologi-
cal Breeding Co., Ltd., Lu’an City, Anhui Province, China.
In the actual feeding environment, the video of cows in
natural state was captured and obtained using the camera (DS-
2CD3T56DWD-I5, Hikvision, Hangzhou, China). The video
format was stored as MP4 format with 25 FPS and 1080
× 720 dpi. A total of 400-hour videos were collected. The
video data includes a variety of movements such as departure,
and position switching during the cow feeding process as
well as occlusion. Meanwhile, since the feeding behavior
was monitored in this study, the distant parts of the images
were removed. In order to train YOLOv5s-CA model for
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face detection, 500 images are randomly selected as the face
detection data set, and divided into training set and test set
according to 7:1. For on-line tracking test, five 2-minute
videos were selected using DeepSORT-ViT. Based on cow face
tracking, an exploratory study was conducted on the feeding
monitoring in those 5 videos.

B. Experimental parameters and comparison model

The experimental environment is configured as follows. The
operating system is Windows10; the CPU is Intel (R) Core
(TM) i5-10200H 2.4 GHz; GPU is NVIDIA GeForce RTX
1650 Ti; CPU video memory is 4 GB; Memory is 16 GB; the
acceleration environment is CUDA 10.2.

The model proposed in this study uses a combination
of YOLOv5s-CA and DeepSORT-ViT. The YOLOv5s-CA
model adopts Mosaic data enhancement method, the weight
attenuation is 0.0005, the momentum is 0.937 as the default
value, the initial learning rate is set to 0.01. The input of the
ViT recognition model is processed by random clipping and
random horizontal flipping. The weight attenuation is 0.0005,
the momentum is 0.9, the initial learning rate is set to 0.01,
and the pre-training weight on imageNet21k is used, and the
patch size is 16×16.

C. Evaluation indicators

ID F1 Score (IDF1), Multi-target tracking accuracy
(MOTA), Multi-target tracking accuracy (MOTP), ID Switches
(ID Sw.), and Avg Time were selected to evaluate the tracking
performance of each model. The IDF1 metric represents the
proportion of detected targets that get the correct ID among
the detected and tracked targets. ID Sw. is called the identity
switches when the tracked target’s identity is incorrectly
changed. In the process of tracking the video sequence, ID
Sw. indicates the number of identity exchanges of all tracking
targets. MOTA considers the matching error in the tracking
process. MOTP considers the positioning accuracy of the
detection frame. Avg Time is the time required for the tracker
to process a frame.

IV. RESULTS AND ANALYSIS

A. Effect of different attention mechanisms on tracking effect

In order to verify the effectiveness of attention mechanism
for tracking, three attention mechanisms of CA, CBAM, and
SE were compared for cow identification and tracking.

It can be seen from Table I, the result of YOLOv5s-
CA+DeepSORT (87.6% IDF1, 84.1% MOTA, 96.3% MOTP)
is similar to that of YOLOv5s-CBAM+DeepSORT (87.9%
IDF1, 83.2% MOTA, 95.6% MOTP), and is superior
to YOLOv5s-SE+DeepSORT. Meanwhile, the YOLOv5s-
CA+DeepSORT achieved 84.1% MOTA, which is signifi-
cantly higher than that of YOLOv5s-CA+DeepSORT (81.6%
MOTA). These comparisons illustrate that CA makes the
network pay more attention to the face feature, boosting the de-
tection and tracking accuracy. It is worthwhile further mining
bullhead information or behavior in complex environments.

Fig. 4. Comparison of YOLOv5s-CA+DeepSORT and YOLOv5s-
CA+DeepSORT-ViT tracking results. The red box tracking is the cow ID7
recognition and tracking effect, and the yellow box tracking is the cow ID3
recognition and tracking effect.

B. Results of ViT on tracking effect

Based on YOLOv5s-CA+DeepSORT model, the effect of
the ViT module on the overall tracking performance was
further analyzed, and the results are shown in Table II.

From Table II, the tracking performance of YOLOv5s-
CA+DeepSORT-ViT (88.5% IDF1, 84.4% MOTA, 96.2%
MOTP) is superior to YOLOv5s-CA+DeepSORT and
YOLOv5s+DeepSORT. This shows that combining CA and
ViT is better than that of using each of them alone for cow
tracking.

To further illustrate the ViT contribution in cow face
tracking, multi-cow tracking results with and without ViT
in frames 5, 150, 250 and 500 are shown in Fig. 4. As
can be seen from Fig. 4, in the YOLOv5s-CA+DeepSORT
detection and tracking process, when the faces of cows with
ID7 and ID4 were shielded from each other, the face label of
cows with ID7 was changed to ID4. The cow with ID3 was
mistakenly identified as ID13 after being detected again after
the short detection failure caused by the barrier blocking. But,
YOLOv5s-CA+DeepSORT-ViT can identify and track ID7 and
ID13 correctly.

Furthermore, examples of 4 cows’ track trajectory are
illustrated in Fig. 5. It can be seen that the tracking trajectory
of YOLOv5s-CA+Deepsort-Vit is more accurate than that
of YOLOv5s+DeepSORT, and is more close to the ground-
truth. Especially, for the cow4 tracking, serious target loss
occurred in the YOLOv5s+DeepSORT based approach, while
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TABLE I
DETECTION RESULTS OF DIFFERENT ATTENTION MECHANISM MODELS.

Model IDF1/% MOTA/% MOTP/% ID Sw./% Avg Time(s/f )

YOLOv5s+DeepSORT 86.6 81.6 96.3 4 0.257

YOLOv5s-SE+DeepSORT 85.7 83.2 96.5 6 0.255

YOLOv5s-CBAM+DeepSORT 87.9 83.2 95.6 5 0.272

YOLOv5s-CA+DeepSORT 87.6 84.1 96.3 4 0.261

TABLE II
DETECTION RESULTS OF DIFFERENT ATTENTION MECHANISM MODELS.

Model IDF1/% MOTA/% MOTP/% ID Sw./% Avg Time(s/f )

YOLOv5s+DeepSORT 86.6 81.6 96.3 4 0.257

YOLOv5s-CA+DeepSORT 87.6 84.1 96.3 4 0.261

YOLOv5s+DeepSORT-ViT 84.9 81.6 95.6 7 0.205

YOLOv5s-CA+DeepSORT-ViT 88.5 84.4 96.2 2 0.206

Fig. 5. Examples of cow tracking results.

the proposed YOLOv5s-CA+Deepsort-Vit still successfully
tacked the cow. It can be seen that the proposed method can
better realize the continuous tracking of multiple targets of
cows and reduce individual misidentification, and the motion
trajectory obtained can more accurately reflect the continuous
change of a cow’s state.

C. Comparison of different tracking algorithms

The mainstream tracking algorithms SORT, ByteTrack and
BoT-SORT were compared with our proposed YOLOV5-
CA+Deepsort-Vit, and the results are shown in Table III.

It can be seen from Table III that when the CA model was
introduced into the detection model, the result of YOLOv5-
CA+DeepSORT-ViT (88.5% IDF1, 84.4% MOTA, 96.2%
MOTP, 2 ID Sw., 0.206 s/f Avg Time) is the best, followed by
YOLOv5-CA+DeepSORT and YOLOv5-CA+ByteTrack, then
YOLOv5-CA+SORT and YOLOv5-CA+BoT-SORT. From the
above results, we see that the tracking performance of
YOLOv5-CA+DeepSORT-ViT is better than other tracking
algorithms. Although the processing time is relatively long, the
number of ID switches is significantly reduced, which means
that the probability of mistaken identification of gender in the

Fig. 6. Example of feeding judgment.

cow face area is reduced. In addition, other performance indi-
cators have improved. Hence, the combination of CA and ViT
can enhance the overall detection and tracking performance of
the original model, and improve the detection and tracking of
face occlusion or loss.

D. Feeding monitoring based on cow face tracking feeding

Based on the results of cow face tracking, the feeding
frequency of cows was further explored. In our study, the
judging criteria of feeding behaviour was that if the bottom
edge of the detected face box was lower than the upper edge
of feed trough (red line), the cows were regarded as feeding.
As shown in Fig. 6, cow2, cow3, cow4 and cow7 were in
feeding state, others were in non-feeding state.

To further investigate the accuracy of cow feeding mon-
itoring, five videos of different scenes, each of which is 2
minutes long, were selected as video data sets for tracking and
feeding monitoring. The position information of the tracking
generating box was compared with the coordinates of the red
line to obtain the number of frames number of each feeding
cow.

The accuracy rate of feeding detection in a video is the
number of feeding frames detected divided by the number
of actual feeding frames. The detection accuracy of each
video is shown in Table IV. In addition, the relative error
information, Maximum Tracking Error (MaxTE), Minimum
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TABLE III
COMPARISON OF DIFFERENT TACKING METHODS.

Model IDF1/% MOTA/% MOTP/% ID Sw./% Avg Time(sf−1)

YOLOv5-CA+SORT 83.0 79.8 96.9 10 0.042

YOLOv5-CA+ByteTrack 85.8 84.0 96.6 8 0.040

YOLOv5-CA+BoT-SORT 83.1 83.9 96.6 17 0.042

YOLOv5-CA+DeepSORT 87.6 84.1 96.3 4 0.261

YOLOv5-CA+DeepSORT-ViT 88.5 84.4 96.2 2 0.206

TABLE IV
DETECTION RESULTS OF DIFFERENT ATTENTION MECHANISM

MODELS.
Video

number
Accuracy

/%
MaxTE
(Pixels)

MinTE
(Pixels)

AveTE
(Pixels)

Video 1 91.3 38.3 0 15.3

Video 2 94.5 51.5 0 23.1

Video 3 96.3 55.3 0 23.4

Video 4 90.8 21 0 6.3

Video 5 89.1 10.7 0 4.2

Average 92.4 35.4 0 14.5

Tracking Error (MinTE), Average Tracking Error (AveTE)
between the detected frame centroid and the actual frame
centroid are presented in Table IV.

We can see from Table IV that on average, the accuracy rate
for the 5 videos is above 90%. Note that the accuracy of the
test box will affect the judgment of feeding behavior. Since
the tracking box in this study has a small deviation from the
actual one (MaxTE 35.4 Pixels, MinTE 0 Pixels, AveTE 14.5
Pixels), so it can be further corrected by setting a threshold. In
general, the model proposed in this study can roughly estimate
the feeding frequency of cows. This facilitates the analysis of
feeding behavior of cows by breeders and the realization of
precise feeding and the improvement of feed utilization rate.

V. CONCLUSION

Animal tracking is beneficial for mining individual animal
identity information and welfare. Hence, it is a crucial part of
autonomous livestock farming systems. To achieve high and
real-time cow tracking performance in complex farming envi-
ronment (e.g. occlusion, frequent movement and high similar-
ity of cows), an YOLOv5s-CA+DeepSORT-ViT based tracking
approach was proposed in this study. Experiments on cow
dataset in real farming environments show that the proposed
YOLOv5s-CA+DeepSORT-ViT achieved 88.5% IDF1, 84.4%
MOTA, 96.2% MOTP, and has an reduce in ID switching times
by 50%, and processing time by 20%, compared to state-of-
the-art methods. The cow face tracking performance of the
proposed approach such as continuous tracking and missed
detection is significantly better than that of SORT, ByteTrack
and BoT-SORT. In addition, the feeding tracking relative error
is at a small level, which is beneficial to further estimate the
feeding behavior and feed intake of dairy cows.
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