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Abstract

Addressing the real-time and accuracy requirements for helmet detection in high-risk work scenar-
ios such as construction sites, this paper proposes a lightweight YOLOv9 improved model that
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integrates DualConv and Normalized Attention Module (NAM). Firstly, the DualConv structure is in-
troduced into the sixth layer of the YOLOv9 backbone network, effectively reducing the model pa-
rameter count and computational complexity while maintaining multi-scale feature extraction ca-
pabilities through parallel integration of 3 x 3 and 1 x 1 convolutional kernels. Secondly, the NAM
attention mechanism is embedded at the network output, utilizing the Batch Normalization scaling
factor to dynamically assess channel importance, enhance key feature responses, and suppress re-
dundant information, further improving the model’s feature representation efficiency. Experimental
results on a self-built helmet dataset (approximately 2000 images) show that the parameter count
of the improved model has been reduced from 69.409 million to 59.882 million (a decrease of ap-
proximately 13.7%), and the number of network layers has been streamlined from 1475 to 933,
significantly improving training efficiency. In terms of detection accuracy, the Precision reaches
0.9383 (slightly better than the original model’s 0.9365) and the mAP is 0.9056. Although there is a
slight decrease compared to the original model, overall, a good balance between accuracy and effi-
ciency has been achieved. This study provides a feasible lightweight helmet detection solution for
resource-constrained embedded deployment scenarios. Future improvements will focus on expand-
ing the dataset, optimizing training strategies, and conducting ablation experiments to further en-
hance the comprehensive performance of the model.
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Normalization) 1 [ 4 75 A >R PPfili e B 2%, 7 28 80K @ E AU L3 1045 B . NAM H T
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Figure 1. The network architecture diagram of the improved YOLOV9
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Figure 2. DualConv network architecture diagram
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Figure 3. Channel attention network architecture diagram
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Figure 5. Comparison of visualization results
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I, BEAABHEN BRI IR G R
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Table 1. Comparative experiment with the original model

= 1. 5ERERNXTEEIRIE

Method Precision mAP box_loss cls_loss Parameter Layers
Base Model 0.9364 0.9204 0.6432 0.3459 69.4M 1475
Our Model 0.9383 0.9056 0.6558 0.4058 59.9M 933
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Table 2. Comparative experiments with other models
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Method Precision mAP
Base Model 0.9364 0.9204
Our Model 0.9383 0.9056
YOLOv5m 0.9045 0.8864
YOLOv8n 0.9177 0.9055
YOLOv8s 0.9356 0.8973
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