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In order to solve the problems of tree occlusion, background interference, and difficulty in nighttime
identification encountered in infrared camera monitoring in the wild, this study builds a deep learning model
incorporating attention mechanism as a basic framework for target recognition, providing an efficient and
accurate method for wildlife identification. [Methods] This study captured video images of wild animals by
deploying automatic infrared cameras in the Northeast China Tiger and Leopard National Park. Eight hundred
videos were selected for keyframe extraction. After noise removal, image enhancement, and image calibration,
a dataset composed of 11 020 images was constructed for five species: Amur Tiger, Amur Leopard, Wild Boar,
Sika Deer, and Roe Deer. This study proposed a convolutional neural network model integrating an attention
mechanism module and realizing local cross-channel communication to reduce the impact of complex
background environments on target recognition. This model achieved precise identification of animals in
different scenarios, including day and night, different angles, and different scenes. The recognition
performance of the model was evaluated via metrics such as average precision, recall, accuracy, and F1 score.
[Results] The mean average precision value of the YOLO_v5m algorithm was 86.67%. After introduction of
transfer learning, the mean average precision value was increased to 91.16%, and the time consumption was
shortened by 106 min. Among the four types of attention mechanisms: CA, CBAM, SE, and ECA, the CA
attention mechanism exhibited the best performance, achieving the average accuracy of 93.72%, which was
1.85%, 1.78%, and 1.05% higher than the other attention mechanisms, respectively (Fig. 5). [Conclusion] The
deep learning model proposed in this study, which integrates transfer learning and attention mechanism, has
the advantages of high accuracy and strong robustness, balancing training speed and recognition accuracy. By
deploying infrared cameras to capture images of wild animals, this study can better test the potential of the
model under the real living conditions of wild animals. The improved model in this study is more suitable for
the identification of Amur Tigers and Amur Leopards in complex backgrounds.

Key words: Wild animal; Deep learning; Infrared camera; Transfer learning; Attention mechanism
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The approval number of the base map is GS (2024) 0650, and the base map remains unchanged.
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Fig.2 Complexity of the image background information and data pre-processing results
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a. An animal image taken under ideal conditions; b. A blurred image taken at night; c. An image with a complex background and poor lighting

conditions; d. The image after image enhancement color dithering; e. The image after size transformation; f. The image after random flipping.
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Table 1 Distribution of the wildlife dataset

Btk Y254 Training set TR Test set At

Dataset B[] Day 1A Night ] Day A1 Night Total
ARALER Panthera tigris altaica 1280 960 320 240 2 800
#R1L3Y P. pardus orientalis 1280 960 320 240 2 800
B Sus scrofa 1280 704 320 176 2480
METERE Cervus nippon 672 512 168 128 1480
HF Capreolus pygargus 576 592 144 148 1460
&1t Total 5088 3728 1272 932 11020
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Table 2 Comparison of the performance between
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Fig. 3 Faster RCNN Comparison of the indicators of different animal species
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Table 3 Test results of the three experimental groups

G H AR5 FI A% AREE (%) BHE (% SFRIERE (%) VLRI (b
Test Target species Fl-score Recall Precision Average precision Training length
%ALE Panthera tigris altaica 0.80 86.07 75.00 83.49
%463 P pardus orientalis 0.80 85.11 75.47 82.80 33
HALBE P t. altaica 0.86 90.00 83.08 87.43
? %463 P pardus orientalis 0.85 88.33 81.54 85.90 27
HRACSE P t. altaica 0.86 92.22 80.19 89.17
%L P, pardus orientalis 0.89 93.83 84.92 93.14 230

B4 B EMTNER

Fig. 4 Example of the correct identification results of the test output
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Fig. 5 Evaluation indicators of different attention mechanisms

B 6 BN CA RN KRR IR R B

Fig. 6 Identification heat map of the model integrating the CA attention mechanism for positive samples
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