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Lightweight gesture recognition algorithm for complex
indoor environments

Shi Hongyu Liu Mengmeng Du Wen Zhang Zheyu Li Yi
(School of Computer Science, Xi'an Polytechnic University, Xi'an 710600, China)

Abstract: To address the low detection rates in gesture recognition algorithms caused by complex indoor environments,
diverse hand appearances, and variable recognition angles, and to facilitate deployment on mobile devices, we propose a
novel SA-YOLOv8 gesture recognition algorithm. Initially, an improved CB-ShuffleNetV2 lightweight network is
utilized as the backbone for extracting gesture features, ensuring accuracy while reducing model parameters and
computational load, facilitating real-time recognition on smart home devices. Subsequently, an asymptotic feature
pyramid network ( AFPN) is integrated into the Neck layer for multi-scale feature fusion of gesture information,
employing adaptive spatial fusion operations to mitigate interference from complex factors and preserve detailed hand
information, thereby enhancing the model’s robustness. Finally, the Shape-IoU loss function is introduced during the
loss calculation phases increasing the model’s sensitivity and accuracy for irregular and small-scale gestures at a distance.
The experiments demonstrate that SA-YOLOvS8 achieves an average detection precision mAP@0. 5 of 99.80% on the
ASL—6 dataset and 99.83% on the full ASL dataset, marking a 4.47% and 4.5% improvement over the original
YOLOvS model, along with an 80.18% reduction in parameter volume and a 77.46% decrease in computational
demand. The improved algorithm shows a significant enhancement in gesture recognition performance and is more
lightweight, making it suitable for deployment on mobile devices.
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home devices
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Table 2 Comparison of ablation experiments

i CB-ShuffleNet V2 AFPN  Shape-loU P/% R/% mAP@O0.5/% Z¥&/(x10%) it+# & /GFLOPs
1 97.10  93.61 95. 33 11.1 28. 4
2 N 98.54  93.90 97.92 3.4 8.3
3 N 98.02  94.30 96. 80 3.1 9.3
4 N 98.71  94.70 98. 34 11.1 28. 4
5 N N 98.92  94.24 98. 46 2.2 6.4
6 N NG 99.01  95.32 99. 50 2.6 6.8
7 N N 97.62  93.11 97. 31 3.1 9.7
8 N N N 99.90  96.63 99. 80 2.2 6. 4
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Table 3 Comparison of backbone networks

F T P/% R/% mAP@0. 5/ % SRR/ (X10%) 5 /GFLOPs
DarkNet-53 97.10 93. 61 95. 33 1.1 28. 4
ShuffleNet V2 97. 91 93. 74 96. 40 3.0 8.1
ECA-ShuffleNet V2 98. 30 93.43 97. 36 3.2 8.3
Sim AM-ShuffleNet V2 98. 17 92. 77 96. 80 3.0 8.1
SA-ShuffleNet V2 98. 35 93. 61 97.53 3.6 8.4
CB-ShuffleNet V2 98. 54 93. 90 97. 92 3.4 8.3
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Table 4 Comparison of AFPN feature heads

(i P/% R/% mAP@0.5/% SHE/(X10%) & & /GFLOPs
AFPN(4) 98. 35 93. 90 97. 26 3.6 9.8
AFPN(3) 98. 02 94. 30 96. 80 3.1 9.3
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Table 5 Comparison results with object detection algorithms(ASL-6)
LAY P/% R/% mAP@0. 5/ % ALK /N / MB M4/ fps
Faster R-CNN 90. 81 90. 31 89. 20 107 39.1
SSD 89. 70 87.82 87.01 85 43
YOLOvS 92.03 91. 34 94.52 21.5 106. 1
YOLOv7 91.73 90. 42 90. 62 71. 4 90. 8
YOLOvS 97. 10 93.61 95. 33 13.8 114. 3
SA-YOLOvS 99. 90 96. 63 99. 80 9.1 157.9
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Table 6 Comparison results with object detection algorithms(ASL)

H A P/% R/% mAP@0. 5/ % ALK N/ MB Wi/ fps
YOLOv5s-ASFF-SE™?] 96. 1 — 96. 8 — 45
CBELU-YOLOv5x"" 97. 8 97.5 98. 8 — —

IMP-YOLOv5M" 93. 8 91. 8 94. 7 — 196
Faster R-CNN 92. 36 89. 20 90. 53 107 38. 6
SSD 90. 21 89.03 88. 20 85 43
YOLOVS 93.41 90. 70 95.0 22 106. 3
YOLOv? 92. 60 90. 14 92. 94 71.5 91.2
YOLOvS8 97.57 94. 0 95. 74 13.8 112.0
SA-YOLOv8 99. 92 96. 10 99. 83 9.1 158. 2
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TR 4 0 A i TR B 15, S P 5 A, L T ) o A SR Table 7 Comparison results with gesture recognition
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