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A general object detection algorithm based on YOLOv7 model
ZHONG Ling, LU Guofang

(School of Software , Shenyang University of Technology, Shenyang 110870, China )

Abstract; In response to the generic target detection domain that extracts wrong target detection region information in the process of
automatic feature extraction, this paper uses YOLOV7 model as the baseline model. An improved attention module is introduced in
the backbone network of YOLOv7, and the upsampling algorithm is changed by using dual triple interpolation in the upsampling
module ; meanwhile, an optimized non-maximum suppression ( NMS) method is implemented in detection, and dynamic IOU
thresholds are designed to achieve dynamic NMS, which solves the problem of redundancy of detection bounding boxes due to fixed
thresholds and reduces the false alarm rate; finally, a pruning algorithm is used to network Finally, the pruning algorithm is used to
lighten the network model and replace the original convolutional model with depth—separable convolution. The experimental results
show that the Acc, F1 values and recall rates of the model in this paper are higher than those of other models on the data set, which
can illustrate the effectiveness of the improved YOLOv7-based general—purpose target detection model established in this paper.
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Fig. 1 YOLOV7 network structure
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Fig. 2 Channel attention structure diagram
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Fig. 3 Spatial attention structure diagram
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Fig. 4 Attention fusion module structure diagram
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B 5 AB-YOLOV7( Attention—Bilbic—Yolov7) 5!
Fig. 5 AB-YOLOV7( Attention—Bilbic—Yolov7) module
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Table 1 MobileVit network structure
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256%x3 conv2d 16 - 2
1282x16 MV2 32 - 1
1282x32 MV2 64 _ 2
64> %64 MV2 64 - 1
64> x64 MV2 64 - 1
642 %64 MV2 96 - /2
322x96 MVIT 96 2 1
322x96 MV2 128 - 2
162x128 MVIT 128 4 1
162x128 MV2 160 - 2
82x 160 MVIT 160 3 1
82x160 Conv2d 640 - 1
8%x640 Avgpool 8x8 - - -
12x640 FC - - -

12xk Conv2d - - -
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Table 2 Experimental environment configuration
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Table 3 Comparison results of sentiment analysis of different models
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Table 4 Ablation experimental results of each ABL-YOLOvV7 module %
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Fig. 8 Comparison of experimental effect
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