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Skeletal Keypoint-based Behavioral Recognition Model for
Chinese Giant Salamanders

Yang Xinyao Chen Junyi Tian Fang Sun Nanqging Xie Mokai
( College of Intelligent Systems Science and Engineering, Hubei Minzu University, Enshi 445600, China)

Abstract: Aiming to address the challenge of obtaining real-time, accurate behavioral data in the wild
due to the Chinese giant salamander’s nocturnal activity and habitat preferences, a behavioral recognition
method that combined an improved YOLO 11n —Pose keypoint detection model with an LSTM — BP neural
network was proposed. Firstly, a Chinese giant salamander skeleton model comprising 16 keypoints was
constructed. To enhance the model’s detection accuracy in complex environments, a multi-dimensional
collaborative attention ( MDCA ) module was proposed, which collaboratively enhanced feature
representations through three parallel branches: direction-aware, channel-enhanced, and spatially
focused. Concurrently, a Wise — IoU loss function was introduced to optimize bounding box regression
quality, and a channel pruning technique based on the L1 norm was adopted to reduce the model’s size.
Based on this, 42-dimensional features, including keypoint coordinates, joint angles, relative distances,
and the number of keypoints were extracted to form the input dataset for behavior recognition. An LSTM —
BP neural network was employed to classify giant salamander behaviors. Experimental results showed that
the improved YOLO 11n — LWM — Pose model achieved a recall of 93. 69% , a precision of 96. 38% , an
mAP50 of 95.78% , a frame rate of 88. 90 {/s, and a memory footprint of only 6. 35 MB. The LSTM — BP
neural network achieved a recognition accuracy of 96. 3% with a computation time of only 3. 0 ms. This
method met the requirements for real-time monitoring of Chinese giant salamander behavior in the wild,
providing effective technical support for the conservation and behavioral research of wild Chinese giant
salamanders.

Key words: Chinese giant salamander; pose estimation; skeletal landmarks; YOLO 11; behavior
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Tab.1 Key information on common postures of

Chinese giant salamander
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Tab.4 Ablation experiment results
MDCA L1 WloU WK/ % A 0%/ % mAP50/% mAP50:95/% Wi/ (57"  BEENAE S R /MB
x x x 87.93 87.65 88.21 50.61 43.58 25.21
x x VvV 86.32 87.56 86.30 54.53 53.23 25.56
x v x 88.96 89.53 89.91 55.31 65.36 7.13
v x x 92.38 95.76 95.72 56.35 86. 38 35.12
v 4 x 92.39 95. 80 95.69 57.86 88. 69 7.28
v v Vv 93. 69 96. 38 95.78 59.59 88.90 6.35
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705 A & W 4> 18.86 MB, ik | 93.69% .
96.38% .95.78% .59.59% il 88. 90 /s, KL # Py
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Fig. 10 Detection results in different environments
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Tab.5 Performance test results for different models

fi B/ % R B mAPS0/% mAP50.95/% Wiz (fes™')  HERIPNAE 5 A/ MB
SimCC 87.56 83. 60 85.12 48.36 47.13 55. 63
HRNet 86.35 82. 69 86. 17 47.69 52.16 42.16
HigherHRNet 85.13 86. 87 88. 56 46. 58 49. 68 46. 38
YOLO v8n — Pose 88.65 86.45 89. 63 55.21 69. 42 25.69
YOLO v10n — Pose 91.26 92. 68 91. 68 56. 36 65.28 18.28
YOLO 11n—LWM — Pose 93.69 96. 38 95.78 59.59 88. 90 6.35
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Tab.6 Performance test results for behavior

recognition models

BLA KA/ % HIR/ % F1 8/ % TR /ms
KNN 89.2 87.6 88.4 3.8
DT 90. 3 88.9 89.6 2.9
XGBoost 93.5 92.1 92.8 6.2
LSTM - BP 96. 3 95.9 96. 1 3.0
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