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LPR-YOLO: A lightweight method for dense rebar section
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(1. School of Civil and Architectural Engineering, Anhui University of Science and Technology, Huainan 232000, Anhui,
P. R. China; 2. National Engineering Research Center of Deep Shaft Construction, Beijing 100013, P. R. China)

Abstract: To address the challenges of dense stacking, mutual occlusion, and the difficulty of deploying heavy
deep learning models on edge devices in prefabricated beam yard rebar inventory scenarios, this paper proposes
a lightweight dense rebar cross-section detection method named LPR-YOLO, based on YOLOvS8n. Firstly, the
method reconstructs the backbone network of YOLOv8n using Ghost modules, which replace standard
convolutions with cheap linear operations to significantly reduce model parameters and computational
redundancy while maintaining feature extraction effectiveness. Secondly, the Convolutional Block Attention
Module (CBAM) is integrated into the neck network to enhance the model’s focus on key rebar cross-section

features from both channel and spatial dimensions, effectively suppressing complex background noise and
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lighting interference. The experimental results show that LPR-YOLO achieved an mAP@0.5 of 94.8% , which

is a 2.2% improvement compared to the original baseline model, while the model parameters and GFLOPs

were reduced by 1.3M and 3, respectively. LPR-YOLO also demonstrates excellent generalization ability under

complex conditions such as strong light interference and mud occlusion.
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Table 2 Ablation experiment results

e Ghost CBAM S /10° GFLOPs P/% R/% mAP@0.5/%
YOLOv8n 3.005 8.1 91.5 87.2 92.6
YOLO-ghost N 1.714 5.0 89.3 84.8 90.1
YOLO-CBAM N 3.008 8.1 94.8 91.3 96. 6
LPR-YOLO N/ N/ 1.717 5.1 93.4 91.6 94.8
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Table 3 Comparative experiments on advanced models

Al SR /10° GFLOPs  mAP@0.5/%  FPS
YOLOVS 7.02 15.9 92.4 157
Faster R-CNN 44,17 108. 5 96.3 7
YOLOv8 3.0 8.1 92.6 142
YOLOV9 2.04 7.7 93.7 91
LPR-YOLO 1.71 5.1 94.8 127
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Table 4 Model accuracy testing at different resolutions

i AR mAP50/ % Precision/ % Recall/ %
640X 640 94.8 93.4 91.6
480X 480 92.3 92.8 88. 4
320 320 78.8 87.5 72.4
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Fig.6 Baseline-Improved model comparison experiment
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Fig.7 Heatmap comparison
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Table 5 Cost-Benefit comparison of different rebar

counting methods
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