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Research on part target detection of improved YOLOv7
SUN Kexin, WANG Ying

(College of Information and Control Engineering, Jilin Institute of Chemical Technology, Jilin 132022, Jilin, China)

Abstract: In order to significantly enhance the recognition accuracy of various parts without increasing the overall computational
complexity, an advanced part target detection methodology predicated on the improved YOLOvV7 algorithm was introduced. This
method incorporates several key advancements to optimize performance. In the first place, the Shuffle Attention Mechanism is
introduced to help the model better focus on key features in the image and suppress unnecessary features. This adjustment allows the
model to focus more precisely on the most important aspects of the image, leading to improved detection accuracy. Futher more, the
efficient ConvNeXt convolutional module is introduced to replace some ELAN modules to reduce the computational complexity of
the model. The ConvNeXt module helps streamline processing, making the model more efficient and faster. In conclusion, the
NAM attention mechanism is introduced to construct MP—-NAM module to improve the detection ability of the algorithm. The
effectiveness of the improved YOLOv7 algorithm is clearly demonstrated through comprehensive experiments conducted on a custom
dataset. The results show that the enhanced algorithm achieves a precision of 0. 964 and a mean average precision (mAP) of 0. 925.
These metrics indicate a substantial improvement over the original YOLOv7 model. At the same time, the computational complexity
of the improved model is reduced to approximately 37. 4% of that of the original, highlighting a significant reduction in resource
usage. Compared to other mainstream target detection algorithms, the improved YOLOv7 algorithm demonstrates notably superior
detection performance, which effectively proves the high effectiveness and reliability of the improved algorithm in parts target
detection.
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Fig. 2 ConvNeXt module structure
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Table 1 Comparison of results with different attention mechanism

TR IHLH K5 FENE S BN
YOLOV7+SA 0. 892 0.883 0.928
YOLOV7+GE 0.950 0.819 0.918
YOLOv7+MLCA 0. 909 0. 862 0.922
YOLOV7+SE 0.919 0.849 0.926
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Table 2 Comparison of ablation study results

4 SA ConvNeXt  MP-NAM Kt FEuES WETVRE  FREEIR
1 0. 940 0. 836 0.917 103.2
2 Y 0. 892 0. 883 0.928 103.2
3 Y v 0.918 0. 867 0.916 38.7
4 % Vv Vv 0. 964 0. 848 0.925 38.6
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Table 3 Comparison of results from different object detection algorithms
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Fig. 6 Precision comparison of YOLOv7 before and after the
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Fig. 7 Heatmap visualization results
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