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Abstract :  Building materials control is an important part of building intelligent construction, where section steel pose challenges
compared with rebar and steel pipe due to its diverse cross-sectional shapes, mutual stacking and occlusion of end
faces, and complex background environments in intelligent real-time counting. This study proposes a counting model
for non-circular cross-section building materials based on improved YOLOv7. First, a large number of field
photographs of I-beams, square steel tubes, and wooden keels were taken and augmented to 14, 950 photographs,
with a total of 1,290, 210 end faces, using data enhancement. Then, a one-stage instance segmentation module was
added to the YOLOvV7 network to achieve instance segmentation and target detection tasks in parallel. Furthermore,
the original YOLOv7 network was enhanced by refining the backbone network and detection head, introducing an

attention mechanism, modifying the loss function, and implementing training strategy to improve the model’s
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detection accuracy. Finally, a lightweight convolution module was used to reduce feature redundancy, enabling

effective compression of the model and improving the detection time. The results indicate that the detection accuracy

of all three improved building material counting models exceeds 90% , meeting the usage requirements. The above

algorithm was integrated into an applet, which has been successfully deployed so that users can complete the real-time

counting work by taking photos with their mobile phones.
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Fig. 1 Using horizontal frame to label building materials
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Fig.2 Image of building materials after data enhancement
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Fig.3 Schematic diagram of improved YOLOV7 network structure
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Table 2 I-beam clustering results
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Table 3 Results of the effect of various improvements on the detection and segmentation performance of I-beam
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Fig. 10 I-beam detectien results
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Table 4 Results of the effect of various improvements on the detection and segmentation performance of wood keel
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seg) Rk 0.95 0.95
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Fig. 11 Wood keel detection results
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and dimensioning applet
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