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Design of lightweight dynamic gesture recognition network based on
YOLOv8n and RexNet
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Abstract: To address the challenges of dynamic gesture human-computer interaction in the operating
room environment, a gesture recognition algorithm named YOLO-RexNet, based on deep learning, was
proposed. The dynamic gesture detection component utilized YOLOv8n, incorporated the DualConv
convolution module into the network, reconstructed the C2f module with GhostNetV2, and applied
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model pruning techniques to reduce parameters and computation while maintaining high detection

accuracy. Experimental results demonstrate a 70.9% reduction in parameters, a 69.7% reduction in

computation, a 66.2% reduction in model size, and a 41.3% decrease in inference latency, with dynamic

gesture-recognition accuracy reaching 99%. In the hand key point detection component, the Huber Loss

function was employed to enhance the precision of key point predictions. The proposed algorithm

achieves lightweight design while ensuring the accuracy of dynamic gesture recognition, aiming to

facilitate the gesture-controlled medical operations. When deployed on Jetson orin nano embedded edge

devices, the frames per second can reach 65, which demonstrates practical potential.
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Tab.2 Performance comparison of ablation experiment
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Tab.3 Comparison of Ghost_C2f module placement positions

IS P R mAP@0.5 ZHEM HHAE/G EFR/NM Hal P R IR /ms
1 0.988 0.979 0.991 2.40 6.5 4.92 2.8
2 0.984 0.970 0.990 2.58 73 5.13 2.9
3 0.990 0.977 0.991 2.56 7.1 5.10 2.9
4 0.988 0.981 0.992 2.66 7.8 5.28 2.9
5 0.986 0.977 0.990 2.20 6.4 4.42 2.6
6(&30) 0.983 0.967 0.989 1.90 55 3.85 2.5
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Tab.4 Comparative analysis of pruning experiment results

Praeiis BIRGRN P R mAP@0.5  BEE/M  HHEEG  RERAVM EERE R RN /ms
X X 0.990 0.979 0.992 3.16 8.9 5.94 2.66
R X 0.986 0.975 0.991 1.90 55 3.85 2.33
\/ LAMP-2.0 0.983 0.969 0.990 0.92 2.7 2.01 1.57
3 LAMP-3.0 0.977 0.966 0.988 0.62 1.8 1.44 1.43
J Group_taylor-2.0 0.983 0.978 0.990 0.92 2.7 2.01 1.65
R Group_taylor-3.0 0.979 0.966 0.989 0.62 1.8 1.44 1.43
R Filter pruning-2.0 0.986 0.978 0.990 0.92 2.7 2.01 1.56
J Filter pruning-3.0 0.972 0.966 0.987 0.62 1.8 1.44 1.44
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Fig.12 Comparison of fine tuned models after pruning
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Tab.5 Comparison of different lighting environments

S HRGR P R mAP@0.5

-50% 0.982 0.971 0.987
-40% 0.985 0.974 0.989
-20% 0.986 0.978 0.990

- 0.986 0.978 0.990
20% 0.983 0.970 0.988
40% 0.967 0.929 0.970
50% 0.917 0.848 0.907

YOLOv5n, YOLOv8n., YOLOv8s, YOLOvV9c,

YOLOv8n( ShuffleNetv2™% 3 + ) . Faster-
Renn™, SSD""! 25 [ bR M 5535 76 4.1 19 92 50 4%
TF . 4.2 BB BB A T AT X L SE g, B
SEE RN 6 PN

R6 ARIELMERERTLL

Tab.6 Performance comparison of different algorithms

o AP@O.S S R NE FABRE R
mAP@OS  pMt BIG KRAVM AR /ms

SSD 0907 2546 613 117.00 50.00
Faster Renn 0921 4139 2156 316.00 90.90
YOLOv5n 0.988 251 72 530 236
YOLOvSn 0.992 316 89 594 2.66
YOLOVSs 0992  11.14 287  22.50 5.99
YOLOV9c 0994 2554 1038  51.60 18.18
YOLOvEn 0.986 186 57 3.46 232

(ShuffleNetv2) ' ' ' ' :
73T 0.990 092 27 201 1.56

M 6 Rl LI Y, A SCHR H B R 5 2 ¢
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Tab.7 Embedded edge device deployment experiment
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Fig.13 Comparison of loss trend of models after applying different loss functions
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Fig.14 Comparison of dynamic gesture key point detection

effects before and after improvement
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Fig.15 Dynamic gesture recognition and hand key point detection results
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