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Single Target Tracking Method for Dairy Cows in Natural Scenes

LIU Yuefeng LIU Bo BAO Xiang LIU Haofeng WANG Yue
(School of Information Engineering, Inner Mongolia University of Science and Technology, Baotou 014010, China)

Abstract; The cow single target tracking technology is a new technology proposed for intelligent
management of dairy farms and it is the basis for the research of cow multi-objective tracking. The
presence of padding in the deep network will destroy the translation invariance of the tracking model, the
number of redundant parameters, and other addressing issues such as low quality of positive sample
selection for tracking models, poor generalization ability of tracking models will also affect the cow
tracking performance. Thus a high-performance cow single-target tracking method was proposed. Firstly,
Siamese — remo model was used to extract features by improving Mobileone network to reduce the damage
of tracking translation invariance by deep network to some extent, and different feature fusion parameters
were preseted to train network classification and regression respectively; secondly, traditional method and
go — turn method were combined to design a positive and negative sample selection strategy to improve the
quality of positive sample collection; then special data enhancement was used to increase the
generalization ability of the model; finally, Center —rank loss function was added to optimize the network
classification and regression strategy according to the sample point location affecting confidence and 10U
ranking. The experiment proved that the expected average overlap (EAO) of the cow single target
tracking model in natural scenes reached 0. 475, which was improved by 0. 078 relative to the baseline
model, and achieved better results compared with existing trackers. The number of parameters was only
one-twentieth of the existing mainstream algorithms, which provided strong technical support for the
subsequent cow identification and target tracking system.

Key words: dairy cows; single target tracking; feature fusion; siamese networks; lightweight models
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Fig.9 Visualizations of dairy cow tracking model results



510 M

X A TR EAL AR A LY A R S B0 B bR BRI O ik 289

F1 FEREFRIRMERE EAO FRILE

Tab.1 Comparison of tracking performance EAO results of different trackers
2 PR B2
SiamFC SiamRPN  SiamRPN + + SiamMASK OCean SiamBAN SiamACM SiamRBO  Siamese — remo
HE R/ % 49.2 53.4 58. 4 56. 4 59.5 61.5 60.9 59.6 59. 4
T 0.251 0.223 0. 182 0.201 0. 170 0. 164 0. 157 0. 180 0.172
EAO 0.368 0.419 0. 459 0. 468 0.477 0. 487 0. 494 0.474 0.475
E 8 5.240 x 10° 5.472 x107  5.491 x 107 5.720 x 107 2.700 x 10°
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Fig. 10 Comparison of success plot and precision plot results of different trackers
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Tab.2 EAQO comparison of experimental results for
different positive and negative sample selection and

preprocessing strategies
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Schematics of simulation results of ground truth

center point position after image cropping
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Fig. 12 Positive and negative sample point division method
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Tab.3 Results of tracking performance indicators for different models
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Tab.4 Ablation experiment resultts
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Fig. 14 Tracking results of six different loss function
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original loss function classification calculation results
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Tab.5 Results of data enhancement
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