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Improved YOLOvVSs's window detection algorithm of indoor spraying robot
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Abstract: An indoor window detection is very important for spraying robot to realize automatic spraying operation. The existing
window detection model is greatly affected by the illumination environment and cannot identify the local window image, which has
a large number of parameters and a large amount of calculation, so it is not suitable for deployment on the spraying robot with
limited computational power. To solve the above problems, this paper proposes a lightweight indoor window detection algorithm
based on improved YOLOVSs network. Based on YOLOvS5s network, PP-LCNet and GhostNetv2 networks are introduced in this
algorithm to reduce the number of parameters and computation and improve the real—time detection speed of the model. Then the
C3TR module based on Transformer encoding is added to the Backbone network to enhance the feature extraction ability of the
model. The SIoU loss function is used to accelerate the convergence of the network and retain favorable features. The experimental
results show that the improved algorithm reduces the number of parameters by 77.7% and the weight file by 75.7% ,improves the
detection speed by 77.8% , and the average accuracy rate is increased by 2.9%.
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Fig. 1 Diagram of network structure for YOLOvV5s
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Fig. 7 Diagram of network structure for improved YOLOVSs
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Table 1 Light weight comparison experiment results

PN TR AR

Py
Param/ M Weights/ MB FLOPs/ G mAP@ 0.5

YOLOvSs 7.01 14.4 15.8 94.4
ShuffleNetv3 2.87 6.1 5.6 77.1
MobileNetv3 3.36 7.1 5.9 94.6
PP-LCNet 2.92 6.2 5.7 94.3
Ghostv2 5.43 11.6 12.4 97.2
PP-LCNet +Ghostv2 1.56 3.5 3.2 94.8
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Table 2 Ablation experiment results

P

i
Param/ M FLOPs/ G mAP@0.5 FPS
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YOLOvS5s+PP-LCNet+
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GhostNetv2+SiOU
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1.56 3.2 97.3 16
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Fig. 13 Comparison of window recognition under dim conditions
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Table 3 Comparison of test results on different algorithms

PN TR AR

iny
Param/ M Weights/ MB  mAP@ 0.5 FPS
YOLOv4—tiny 6.12 22.3 91.6 7
YOLOvSs 7.01 14.4 94.4 9
YOLOv6s 18.24 44.8 94.9% 10
YOLOv7—tiny 6.17 12.3 94.6% 12
Ours 1.56 3.5 97.3 16
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