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Cross-attention and adaptive loss based cow identification method
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(1. College of Information Science and Engineering, Hohai University, Changzhou 213200, China;
2. College of Artificial Intelligence and Automation, Hohai University, Changzhou 213200, China)

Abstract: Uniqueness-based identity authentication is crucial for the implementation of agricultural insurance in dairy
farms. However, there is currently no accurate and reliable method for cow identification, leading to incidents of
insurance fraud and difficulties in coverage. To address this issue, this paper proposes a cross-attention mechanism and
an adaptive loss function, built upon the YOLOv7 model framework, to detect cows in the complex environments of
dairy farms. The cross-attention mechanism extracts correlation information from different directions in the images.
integrating both deep and shallow features to adapt to scale variations caused by poor lighting conditions and shooting
angles in farm settings. To tackle the inconsistency in image quality across the dataset, the adaptive loss function
adjusts the weights of easy and hard samples, enabling the model to focus more on challenging samples during training,
thereby enhancing the robustness and generalization performance of the detection model. Experimental results indicate
that the proposed cross-attention mechanism and adaptive loss function model achieved an accuracy rate of 94.63% in
the task of dairy cow detection and recognition, which is an improvement of 11. 42% compared to the original YOLOv7
model.
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Table 1 Comparison of object detection models for cattle recognition tasks
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Fig.4 Henan multiple cow farm dataset
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% 2 Cross Transformer # 2 £ il &

Table 2 Cross Transformer module parameter configuration
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Table 3 Accuracy benchmarking of object detection

algorithms on Cows2021 and proprietary datasets

HL Y Cows2021 ERER €S
MaskRCNN™ 86. 25 89. 27
YOLOv5-ASFF™ 89.71 90. 57
YOLO-BYTE™ 91.91 94. 01
DRN-YOLO™ 91. 70 93. 80
YOLOv5-EMA™ 90. 11 93.12
Mask YOLOv7™" 82. 87 83.21
IYOLO-FAM™ 85. 76 90. 15
LHM 92.44 92. 87
YOLO-World™ 83. 23 85. 45
RT-DERT™" 83. 67 84. 98
Relation DETR™ 88.93 90. 31
DINO™ 81. 60 81. 81
ZN'e 92.17 94. 63
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Table 4 Comparative accuracy analysis of algorithms on easy and hard samples
i Cows2021 ERR g
[ R=N PR A4 A i B AR AR VR M A A

MaskRCNN 89. 47 78. 25 91. 32 84. 51
YOLOv5-ASFEP! 92. 23 82.37 94. 89 88. 39
YOLO-BYTE-" 96. 14 89.11 96. 01 89. 83
DRN-YOLO™ 95. 33 87. 68 93. 39 91.22
YOLOv5-EMA™” 93. 87 86. 14 93.91 90. 19
Mask YOLOv7™" 86.93 79. 31 88. 43 82. 41
IYOLO-FAM™ 89. 45 82. 34 90. 84 87. 90
LHM 98.21 88. 77 95. 98 87. 40
YOLO-World™ 86. 77 80. 16 87. 47 82. 90
RT-DERT"™" 87.37 79. 95 85. 84 80. 71
Relation DETR™ 91.03 82.56 91.12 83.29
DINO™ 84. 60 77. 83 85. 65 76. 43
AL 94. 33 90. 32 93. 48 93.07
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Table 5 Ablation experiments on Cows2021 dataset and proposed dataset

YOLOv? Cross T ELANC ERRINETES Cows2021 B4 B £
J X X X 82. 87 83. 21
J J X X 84. 32 89.93
N/ X N X 88. 28 87. 74
N/ N NG X 91. 42 89. 14
J X X J 83. 86 88. 68
N N4 N N 92.17 94. 63
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Table 6 Ablation experiments on easy and hard samples

YOLOv? Cross T ELANC fajdikEA  [HEREA
N, X X 88. 43 82. 41
N N/ X 91. 34 88. 48
J X N 90. 02 87. 24
N, N N 94. 68 92.07
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