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Defect detection of aluminum profiles with attention

mechanism incorporation
LI Feng
(Chinese Flight Test, China Flight Test Research Institute, Xi'an 710089, China)

Abstract: In the field of industrial material production and management, traditional detection methods are
difficult to meet the diverse detection requirements for surface coating cracks and other defects of aluminum
profiles. Moreover, existing detection models have problems of missed detection and false detection of small
targets. This paper proposes a surface defect detection method for aluminum profiles based on YOLOv8n-SE. By
embedding the SE attention mechanism in the neck network of the YOLOv8n model, the feature extraction ability
is enhanced, improving the positioning accuracy and defect sensitivity of the defect area. Experiments were
conducted using an aluminum profile defect dataset, and the proposed method was compared with lightweight
models such as Faster R-CNN and YOLOv5n combined with different attention mechanisms. The research results
show that the average precision (mAP) of the improved model reaches 75.0%, a 4.2% higher than the original
YOLOv8n model, with the number of parameters remaining basically unchanged and the inference speed only
decreasing by 0.3%. The improved YOLOv8n model with the embedded SE attention mechanism can effectively
improve the recognition effect of surface defects of aluminum profiles, solve the problem of missed detection and
false detection of small targets, and maintain the efficient inference advantage of lightweight models, making it
suitable for the defect detection requirements of aluminum profiles in industrial scenarios.
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Tab.2 environmental parameter configuration
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Tab.3 main training parameters
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Fig.7 F1 under different confidence thresholds
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Tab.4 model evaluation results

eSSl H b HE£L p R mAP . mAP, .
FEILS 211 0.763  0.661  0.750 0.449
R 11 1.000 0818  0.909 0.653
U1K 20 0.788  0.743  0.807 0.276
ANFH 95 0.860  0.684  0.811 0.507
K iz 18 0.580  0.778  0.781 0.680
Rakas 45 0.800 0533  0.704 0.373
ok 22 0.551  0.409  0.485 0.203
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Tab.5 model performance comparison

i mAP,,  ZHit/M 5 44E/GFLOPS
YOLOv8n 0.72 11.13 28.4
YOLOv8n+SE 0.75 11.13 28.5
YOLOV5n 0.66 2.50 7.1
YOLOvSn+SE 0.65 2.57 7.1
YOLOvlln 0.57 20.18 66.4
YOLOV11n+SE 0.58 3.59 11.1
YOLOv1In+tCBAM  0.64 25.92 87.8
YOLOvI2n 0.66 1.38 53
YOLOV12n+SE 0.56 1.54 6.6
Faster R-CNN 0.64 28.48 474.2
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