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Nighttime cattle face recognition based on cross-modal
shared feature learning
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Information Perception and Intelligent Service, Yangling 712100, China)

Abstract: [Objective] To address the challenge of effectively recognizing cattle identity in the nighttime, and
lay the technical foundation for 24-hour monitoring of cattle. [Method] A nighttime cattle face recognition
method based on cross-modal shared feature learning was proposed. The model framework adopted a shallow
dual-stream structure to effectively extract shared feature information from different modalities of cattle face
images. Additionally, a triplet attention mechanism was introduced to capture intermodal interaction information
across dimensions, enhancing the extraction of cattle identity information. Finally, an embedded extension

module was utilized to further explore the representation of cross-modal identity information. [Result] The
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nighttime cattle face recognition model proposed in this article achieved a mean average precision, the first order

cumulative matching eigenvalue (CMC-1) and the fifth order cumulative matching eigenvalue (CMC-5) of

90.68%, 94.73% and 97.82% on the test set, respectively. Compared to the model without cross-modality

training, the three indexes improved by 19.67, 18.91 and 12.00 percentage points, respectively. [ Conclusion]

The proposed method provides a reliable solution for nighttime cattle identity recognition, laying a solid

technical foundation for the application of continuous 24-hour monitoring of cattle.

Key words: Cattle; Identification; Heterogeneous face recognition; Cross-modality; Attention mechanism; Shared

feature; Nighttime
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Table 1 Overview of RGB-IR cross-modal cattle face recognition dataset
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Table 3 Comparative experimental result of cross-modal training effect

7 Model mAP/% CMC-1/% CMC-5/%
RHAT RS INZR A Model without cross-modal training 71.01 75.82 85.82
2 94 Proposed model 90.68 94.73 97.82

1) mAP: “F 345 B 348 ; CMC-1: — - R AR I Bedd 4218 ; CMC-5: LW R AR L BLA¥ AR (A

1) mAP: Mean average precision; CMC-1: Cumulative match characteristic at rank 1; CMC-5: Cumulative match characteristic at

rank 5
Fz 4 ENMRBGERLAGER"
Table 4 Result of ablation experiment for each model
M Tripleti¥: & 7ML MY B
T A 4 Ky . X X .
Triplet attention ~ Embedding extension mAP/% CMC-1/% CMC-5/% Parameters’M FLOPs/G
Model structure .
mechanism modules

H 77.23 84.55 91.64 9.18 4.73
Single-stream y 81.13 86.91 92.36 9.24 475
v 79.00 85.09 92.36 9.18 473

V R 81.42 87.09 92.91 9.24 475

AR 80.73 88.73 94.00 9.18 473
Full dual-stream v 84.88 87.45 95.09 9.24 475
v 82.75 89.27 93.64 9.18 473

N R 87.96 91.64 96.17 9.24 475

HE X 81.86 89.45 94.73 9.18 473
Shallow dual-stream V 89.60 92.00 95.09 9.24 475
v 86.19 89.64 96.55 9.18 473

V R 90.68 94.73 97.82 9.24 475

1) mAP: “F 345 B 3944; CMC-1: —F- R AR IE BeAFAE4E ; CMC-5: Z - R AR I8 Be45 4244 ; Parameters: 54L& ; FLOPs: i% %5 &
1) mAP: Mean average precision; CMC-1: Cumulative match characteristic at rank 1; CMC-5: Cumulative match characteristic at
rank 5; Parameters: Number of parameters; FLOPs: Floating point operations
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