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Improvement of the YOLOV7-tiny visual-assisted lightweight algorithm
based on high-channel convolution

OUYANG Yuxuan, PENG Yaopan, ZHANG Rongfen” , LIU Yuhong
(College of Big Data and Information Engineering, Guizhou University, Guiyang 50025, Guizhou, China)

Abstract ; In response to the issues of large parameter size, low detection performance, and inconvenience for deployment on mobile
devices in most existing visual assistance system algorithms, a lightweight visual assistance algorithm is designed based on YOLOV7-
tiny. The receptive field block (RFB) is used in the network to fuse the feature information of different scales to improve the
detection accuracy of objects of different resolution sizes. The non-linearity of activation function sigmoid linear unit ( Silu) is used
to enhance the fitting ability of the model, improve the learning speed and detection accuracy of the model. Finally, the depth-wise
convolution (DWConv) with better performance is selected by comparison experiment to achieve the lightweight of the model. The
experimental results show that the parameters of the improved lightweight model are reduced by 52.1% compared with the original
model, and the best detection performance is obtained. Compared with other mainstream object detection algorithms, this algorithm
achieves more accurate real-time detection of indoor objects with 2.90 M parameters.
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Fig.1 Diagram of improved YOLOvV7-tiny network structure
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Table 1 Comparative experiments of feature fusion module

UE S RRAIE A A R BRHE/M mAP@ .5/ % mAP@ .5:.95/% FPS
1 SPP 5.85 67.6 44.4 313
2 SPPF 5.85 67.5 445 313
3 SPPCSPC 6.05 67.7 44.4 244
4 RFB 5.88 68.5 46.0 250
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Table 2 Comparison experiment of activation function

VES T PR SHE/M mAP@ .5/ % mAP@ .5:.95/% FPS
1 baseline 6.05 67.7 44 .4 244
2 Mish 6.05 68.7 46.1 130
3 Elu 6.05 68.6 45.4 227
4 PRELU 6.05 67.4 443 233
5 Silu 6.05 69.4 46.3 243
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Table 3 Lightweight experiments

WS TREAY SR/ M mAP@ .5/ % mAP@ .5..95/% FPS
1 baseline 6.05 67.7 44.4 244
2 YOLOV7-tiny+RFB+Silu 5.88 69.5 46.9 132
3 GhostConv-512 4.99 69.2 46.5 294
4 GhostConv-512-256 3.88 68.6 46.1 270
5 GhostConv-512-256-128 3.42 67.6 453 250
6 DWConv-512-256 1.85 65.0 423 250
7 DWConv-Head 4.29 68.4 455 326
8 DWConv-(512-256) * 3 2.90 68.3 45.4 333
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Table 4 Compare with other object detection algorithms

PES Ay ZH/M mAP@ .5/% mAP@ .5:.95/% BERIR /N MB
1 Faster R-CNN-resnet50 136.96 47.93 — 114.0
2 SSD-vgg 25.35 49.33 — 102.0
3 Retinanet 36.60 62.25 — 146.7
4 Fcos 31.14 66.22 — 123.0
5 YOLOV3- tiny 8.70 50.10 26.2 17.5
6 YOLOV5s 7.06 66.50 43.7 14.4
7 YOLOvV8n 3.01 66.30 44.6 6.2
8 YOLOV7-tiny 6.05 67.70 44 .4 12.3
9 Ours 2.90 68.30 45.4 6.0
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Fig.7 Visualization of test results of improved model
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