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Multi-object Tracking Method for Cows Based on YOLOX — BT
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Abstract; Cow tracking is an essential technique for obtaining positional and behavioral data of cows,
playing a vital role in intelligent farm management. To tackle challenges such as missed and false
detections, as well as track fragmentation caused by small object sizes, occlusion, and overlap in farm
videos, the YOLOX — BT algorithm was proposed. This method enhanced both detection and tracking
performance. Specifically, the YOLOX — s model was improved by replacing the original CSP2 _1
structure with the CFP_EVCBlock, boosting small object detection capability. Within CFP_EVCBlock, a
feature refinement module ( FRM ) was designed by integrating multiple feature enhancement
mechanisms, enabling prioritized extraction of important features and effectively mitigating occlusion and
overlap issues. In the tracking phase, appearance similarity was introduced into the data association
process, and the weights between appearance and IoU matching were dynamically adjusted, improving
cow identity matching accuracy. Experimental results showed that the improved detector achieves an
average precision of 94.9% , precision of 94. 2% , recall of 92. 7% , and an inference speed of 22. 9 {/s,
representing gains of 1.2, 0.8, 2.3 percentage points, and 29.4% , respectively, over the baseline.
Additionally , the number of parameters and FLOPs were reduced by 9.3% and 16. 7% , respectively. In
the cow multi-object tracking task, YOLOX — BT achieved a MOTA of 93.2% , IDF1 of 95.2% , 13 ID
switches, and a MOTP of 5.3% . Compared with commonly used methods, the proposed algorithm
showed significant improvements in both tracking accuracy and identity consistency, providing robust
technical support for intelligent cow management.
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Tab.2 Experimental comparison results of different detection models

R mAP50/% K2/ % A/ % SR B R WU 2/ (fes ")
YOLO v7 92.7 92.2 89.6 1.02 x 107 2.79 x 10" 16.2
YOLO v8 —s 93.8 92.7 88.9 1.11 x 107 2.84 x10" 19. 1
YOLO v9 —s 93.5 92.1 88.8 7.77 x10° 2.67 x10" 17.5
YOLO v10 90. 1 90.2 87.6 8.04 x10° 2.44 x10" 13. 4
YOLO 11 —s 92.6 91. 1 89.2 9.41 x10° 2.13x10" 17.9
YOLO 12 89. 6 89.6 85.4 9.23 x10° 2.12 x 10" 15.8
YOLOX — s 93.7 93.4 90. 4 7.96 x10° 2.33x10" 17.7
ik YOLOX — s 94.9 94.2 92.7 7.22 x10° 1.94 x 10" 22.9
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YOLO v8 —s, H7E P R 4865 7 H LT YOLO v8 —s, 7E
i R A 22 R K AE B R, YOLO v9 — s 451 B8 SR 7
ST E AL T YOLOX — s {HH Al 5 45, YOLOX —
sHFEME R, YOLO 11 —s L4}z YOLO 12 £
R BARTETH S & L T YOLOX —s,{H YOLOX — s
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Tab.3 Cow MOT results based on ByteTrack

A 51 IDF1/% AR/ % %/ % GT MT ML IDs MOTA/ % MOTP/ %
95.7 91.8 97.9 23 20 2 7 91.8 2.6
68. 1 82.5 80.5 12 7 0 9 72.1 9.2
96. 1 99.5 97.17 18 18 0 6 98.1 6.3
D 90. 6 84.4 95.7 9 8 1 7 82.4 3.2
EEJEN 89.2 90.7 95.4 62 53 3 29 88.1 5.0
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Tab.4 Cow MOT results based on YOLOX - BT

AT ) IDF1/% B/ %  KEWR/ % GT MT ML IDs MOTA/ % MOTP/%
A 96.3 92.9 98.9 23 21 1 2 92.8 3.0
B 90. 1 93.2 95.6 12 11 0 6 92.7 8.4
C 98.9 98.0 97.9 18 18 0 1 97.9 7.0
D 92.6 86.3 96.9 9 8 1 5 86.3 3.8
Ak 95.2 92. 1 97.8 62 58 2 13 93.2 5.3
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Fig.9 Partial tracking results of the YOLOX — BT algorithm
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Tab.5 Experimental comparison results of different

tracking models

Z HARBREERER IDF1/% IDs MOTA/% MOTP/%
DeepSORT 75. 4 44 86.2 5.1
GTR 73.7 42 85.7 5.1
Transtrack 72.2 61 83.5 4.6
FairMOT 75.1 53 84. 4 4.6
CenterTrack 76. 4 66 85.6 5.3
QDTrack 73.5 54 82.3 4.4
MotionTrack 77.1 76 77.9 3.9
BoT — SORT 88. 4 28 87.6 5.0
ByteTrack 89.2 29 88. 1 5.0
YOLOX — BT 95.2 13 93.2 5.3

ByteTrack 1 Jg A SCHY B 25

TE XF F 52 36 A, DeepSORT ., GTR ., Transtrack .
FairMOT | CenterTrack , QDTrack , MotionTrack , BoT —
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IDs {2 13, 7 R 5 3k 72 op ) AR SCRE Y ID 1) 46 YR 450
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RS o R Ak 45 0500 1 8 ) 8 v T LA RBE Y, R SRR
R MOTP {H AR SR Fe O, 28 W1 A SCRE Y 1) 2 £ g 7 o
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AR RE S BRI R T LA B A R 3 B L A
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WY B 7E YOLOX — s H i f i #8584 rp 5] A
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Tab.6 Comparison of ablation results of YOLOX — s model

YOLOX -s FRM  CFP-EVCBlock  mAP50/% KR/ % A2/ % EY ¢ REEEE O WOER/ (s
vV 93.7 93.4 90. 4 7.96 x 10° 2.33 x10" 17.7
vV vV 94. 1 93.9 91.5 8. 11 x 10° 2.44 x 10" 16. 1
vV vV 93.5 91. 1 90. 5 7.05 x10° 1.86 x 10" 19.2
v \ vV 94.9 94.2 92.7 7.22 x10° 1.94 x 10" 22.9
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Tab.7 Comparison of ablation experimental results of SimilarityFuser module fusion strategy

SimilarityFuser

ByteTrack AL 45 E IDF1/% B R/ % K2/ % IDs MOTA/ %
! i il W "
Vv 89.2 90. 7 95.4 29 88. 1
Vv Vv 91.2 90.9 94.7 25 88.8
Vv Vv 94.5 91.1 95.3 16 90.9
[R1 B R B EFE YOLOX — BT £ H b i i 5 vk # 8 i,

448 B R0 S R LA B 44 HCR L 1L ByteTrack
kR SR AT I L SE R, 7E SR ST A T
S P RS R B U AR 2 5T R (AL B 28
e T T S 56 R A A A £ R L 4 R

AHEE T JEA R X L 5] A FRM Fi i, 46 T0ORS
PETH 0.5 A H 4 a5, ID D) B0 > T 16, MOTA
P 2.6 A E 4r N X R R T AEAL FREE B, R A
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Tab.8 Comparison of ablation results of YOLOX — BT model
ByteTrack FRM CFP SimilarityFuser IDF1/% I 2%/ % K 0%/ % IDs MOTA/ %
vV 89.2 90. 7 95.4 29 88. 1
v % 92.8 91.0 95.9 13 90. 7
vV Vv 92.3 93.9 95. 1 11 91.0
vV Vv 94.5 91.1 95.3 16 90.9
VvV Vv vV 93.6 92. 4 96.7 13 92.0
4 v vV 92.9 93.3 96. 2 13 92.5
vV Y Vv 93.3 93.0 95.2 14 92.8
v vV Vv 2 95.2 92. 1 97.8 13 93.2
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