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A Species Classification and ldentification Method
Based on Snow Footprint Images: a Case Study of
Six Mammalian Species in Northeast China

Al Haocheng'*, DAI Wenrui**, MA Guangkai’, JIANG Guangshun'®

(1. College of Wildlife and Protected Area, Northeast Forestry University,
National Forestry and Grassland Administration Feline Research Center, Harbin 150040, China;

2. College of Computer and Control Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Northeast China holds a significant position in the country’s biological resources. Influenced by its long, cold
winters and abundant snowfall, field researchers often prioritize using snow footprints for wildlife identification and monito-
ring during the winter months. However, identifying species based on footprints requires highly qualified personnel and re-
mains challenging when distinguishing visually similar footprints. Therefore, developing a simple, efficient, and accurate
method to identify wildlife species through snow footprint images has become crucial for wildlife monitoring in this region.
This study proposed a method for identifying wild animal species based on snow footprints and deep learning. Six mamma-
lian species in northeast China were studied, and a snow footprint dataset was created by manually collecting and proce-
ssing footprint images in the field. The segmentation model SOLOv2 was selected as the segmentation network to automati-
cally extract the contour features of snow footprints, exploring the instance segmentation accuracy and effectiveness of
each species. Selected the Swin-Transformer-Tiny classification model as the classification network to achieve automatic
classification and recognition of snow footprint image contour features, and explored the classification and recognition accu-
racy of various species. The results indicate that the snow footprint recognition and classification method proposed in this
study has good reliability; In classification networks, automatic species classification can achieve an accuracy of 89. 9% by
manually annotating snow footprint contours; In the snow footprint recognition network, the classification network is trained
based on the results of its segmentation network, and the overall automated recognition is completed, achieving a classifi-
cation recognition accuracy of 85. 3%. Overall, by using snow footprint images and deep learning techniques, a snow foot-
print recognition network is constructed using segmentation classification networks, achieving automated species classifica-
tion and recognition based on animal snow footprint images, and it has potential in terms of application prospects in winter,
providing a simple and efficient innovative method for monitoring and protecting wildlife in northern China.
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Figure 1 Animal snow footprint with distinct footprint characteristics
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Figure 2 Manually annotated animal tracks in snow post-processing
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Figure 3 Snow footprint image preprocessing and model construction
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WIS Martes flavigula 68. 6
#i Capreolus pygargus 61.2
MFAERE Cervus nippon 60.7
P54 Sus scrofa 56.0
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Table 3 Recognition accuracy of snow footprint imagery across different

models

) 25 451 HER R /%

Model Accuracy
ConvNeXt-Base 88.7
ResNet50 88.1
MobileViTV2 88.7
MobileNetV3 88. 1
Swin-Transformer-Tiny 89.9
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Table 4 Classification results of Swin-Transformer-Tiny model for vari-

ous species
Pyl HERIA /%
Species Accuracy
ZRALSE Panthera tigris altaica 100
RALR Lepus mandshuricus 100
T IESA Martes flavigula 94
#i Capreolus pygargus 90
MEAERE Cervus nippon 83
Y5 Sus scrofa 63
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A. Panthera tigris altaica; B. Lepus mandshuricus; C. Martes fla-
vigula;D. Capreolus pygargus;E. Cervus nippon;F. Sus scrofa.
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Figure 8 Snow footprint recognition normalized confusion matrix
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Figure 9 Heat map of partial snow footprint image classification results
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Table 5 Classification accuracy of the snow-terrain footprint identification network under identical schemes

a7 R Wkt WA HEG 3 /%

Segmentation method /model Training set Test set Accuracy
Handle Handle Handle 89.9
Handle Handle Auto 81.6
SOLOv2 Auto Handle 78.3
SOLOv2 Auto Auto 82.1
SOLOv2 Handle + Auto Handle 80.2
SOLOv2 Handle + Auto Auto 85.3
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