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Facial recognition of cattle based on wide—baseline
image—matching
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(1. School of Electronic Information Engineering, Inner Mongolia University, Hohhot 010021, China;
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010030, China)

Abstract To enhance the adaptability of the recognition model to non-standardized data, this study
designed a Wide-Baseline cattle facial recognition method based on image matching, using SuperPoint and
SuperGlue to construct the image matching algorithm, and made targeted improvements to improve the
recognition accuracy. In the process of feature point extraction, a dynamic threshold adjustment strategy
based on image quality assessment was introduced to quantitatively assess the clarity, edge density and
texture characteristics of the image, and adjust the threshold value of SuperPoint accordingly to realize high-
quality feature point extraction. Meanwhile, the matching threshold of SuperGlue was adjusted by

evaluating the distribution entropy and spatial coverage of feature points to achieve efficient matching. In
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order to verify the effectiveness of the method, a comparison test was conducted with multiple image

matching methods on the self-constructed cow face dataset. The results showed that: 1) The macro

average precision, macro average recall and macro average F1 of the algorithm on the Narrow-Baseline

dataset were 92.1%, 90.4% and 91.2%, respectively. 2) The macro average precision, macro average

recall and macro average F1 of the algorithm on the Wide-Baseline dataset were 82.8%, 81.0% and

81.9%. 3) The micro F1 score of the algorithm on the public dataset was 86.4%, and all the results were

significantly better than the traditional image matching algorithm. In summary, this study aims to propose a

new image matching algorithm, which effectively improves the adaptability of the cattle facial recognition

model to non-standardized data, and provides technical references for the practical application of cattle

facial recognition methods.
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Table 2 Performance comparison of different algorithm combinations on narrow-baseline dataset

Bk FAFBMER AR/ 0 RFHB IR/ REHEL Y PEECE A /s
Algorithm Marco-P Marco-R Marco-F1 Match time
NN 28.1 21.8 24.6 3.20
NN+GMS 43.9 29.6 35.3 2.62
SIFT
NN-+RANSAC 51.7 50.3 51.0 4.30
OANet 47.7 51.8 49.7 3.71
NN 52.4 48.7 50.5 0.70
ORB NN+GMS 74.8 69.7 72.2 0.68
NN-+RANSAC 43.5 46.0 44.7 1.61
NN 37.2 35.7 36.5 0.52
NN-+GMS 73.1 73.3 73.2 0.49
SuperPoint
NN-+RANSAC 68.8 68.8 68.8 1.92
SuperGlue 92.1 90.4 91.2 0.89

R3 ARAEFAGERERBIRE LARERTLL

Table 3 Performance comparison of different algorithm combinations on wide-baseline dataset

A VB0 BTFHAME/ % RZFHFL Y% PRBECR T /s
Algorithm Marco-P Marco-R Marco-F1 Match time
NN 10.0 7.9 8.8 3.21
NN-+GMS 20.8 12.2 15.3 2.45
SIFT
NN-+RANSAC 29.1 27.3 28.2 4.30
OANet 25.8 30.4 27.9 4.39
NN 27.9 25.6 26.7 0.71
ORB NN+GMS 59.1 49.9 54.1 0.67
NN+RANSAC 22.8 25.1 23.9 1.61
NN 16.3 15.3 15.8 0.51
NN-+GMS 52.1 53.5 52.8 0.49
SuperPoint
NN-+RANSAC 43.9 46.7 45.2 1.93
SuperGlue 82.8 81.0 81.9 1.12
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Table 4 Comparison of algorithm performance on public dataset

5k BOPERES /Y BOPRAR/Y O BOPHFUY BRI/

Algorithm Micro-P Micro-R Micro-F1 Match time
SIFT+NN-+RANSAC 57.9 57.1 57.5 3.86
ORB+NN+GMS 79.4 79.5 79.4 0.83
SuperPoint+ SuperGlue (Ours) 86.3 86.5 86.4 0.97
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Fig. 6 Comparison of partial matching results between the algorithm in this study and classic algorithms
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