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Abstract: Behavioral research on Amur tiger ( Panthera tigris altaica) cubs is critical to conservation biology and develop-
mental ecology. Traditional manual observation is inefficient and susceptible to observer bias, underscoring the need for au-
tomated and objective methods. This study proposes and validates a deep learning framework based on skeletal keypoints
for precise behavior recognition and tracking of Amur tiger cubs. Using surveillance videos from 15 cubs at the Heilongjiang
Siberian Tiger Park and the Hengdaohezi Siberian Tiger Park, we constructed a dataset comprising a pose-estimation set
with 16 manually annotated keypoints and a behavior-recognition set with five common behavior categories. A trained high-
resolution network (HRNet) generated initial pose estimates; sequential keypoint series were then linked to behavior labels
and individual IDs to construct a behavior recognition and tracking dataset. We benchmarked multiple behavior-recognition
networks and applied ByteTrack for multi-object tracking. Results show that the attention-enhanced adaptive graph convolu-
tional neural network (AAGCN) achieved the best behavior recognition accuracy at 76.59%, while ByteTrack reached a
multiple object tracking accuracy (MOTA) of 92. 76% for individual tracking. The proposed approach performs strongly for

behavior recognition and tracking of captive large felid cubs, providing a reliable tool for quantitative behavioral analysis with

direct applications to wildlife conservation and breeding management.
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Table 1 Information of the female Amur tiger and their cubs included in the study

WELE g5 A= H gt/ N WEL AL R H ) pUR 37y B R JITAE b X
Female tiger ID Parturition date No. of cubs Observation start Observation end Location
1522 2019-05-24 4 2019-05-24 2019-08-30 A IR AR L AR
1132 2019-07-03 3 2019-07-03 2019-09-27 A IR AR L AR
1532 2019-06-16 4 2019-06-24 2019-07-13 BT 5 AR b R AR
Z&111 Taishan 2019-06-19 4 2019-06-22 2019-07-15 Ui SIERCI R o Nul 7% N |
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Figure 1 Sample frames from the surveillance video in the tiger enclosure
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1. Right ear; 2. Left ear; 3. Nose; 4. Neck; 5. Right shoulder; 6. Right forepaw; 7. Left shoulder; 8. Left forepaw; 9. Right hip; 10. Right
knee; 11. Right hind paw; 12. Left hip; 13. Left knee; 14. Left hind paw; 15. Tail base; 16. Tail tip.
B2 FRIEEXESEESERTEE

Figure 2 Schematic diagram of keypoints and pose skeleton of the Amur tiger
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Table 2 Definitions and data distribution of five common behaviors in Amur tiger cubs
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Figure 3 Overall flowchart of behavior recognition for Amur tiger cubs based on skeletal keypoints
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Table 3 Keypoint detection experimentasl results B
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Methods MAED
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DARK 18. 60
SimpleBaseline 19.94
ViTPose 19.37
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Table 4 Experimental results of behavior recognition based on skeletal

keypoints %
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Model Accuracy
AGCN 76. 15
AAGCN 76.59
CTRGCN 74. 62
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Figure 4 Evaluation metrics of different methods in the tracking comparison experiment
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Table 5 Errors between automated and manual duration annotation for Amur tiger cub behaviors

FE 1D 1R H iR /s NLHREE /s AHXHR2E 1%
Tiger ID Behavior Automatic recognition Manual annotation Relative error
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