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Surface defect detection on printed circuit boards based on
improved YOLO11
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Abstract: To address the challenges of low accuracy, false detections, and missed detections in PCB
defect inspection under scenarios with small defect sizes, complex circuit backgrounds, and irregular defect
shapes, this paper proposes a surface defect detection method based on an improved YOLOvI1l
architecture. First, a multi-scale convolutional attention (MSCA) mechanism is integrated into the
backbone to enhance the model’s sensitivity to subtle defects. Second, the neck structure is replaced with
the high-level screening feature pyramid network (HS-FPN) , which improves defect detection across
sizes by using channel attention (CA) and selective feature fusion (SFF). Third, the original C3K2
module is enhanced by combining ConvFormer with a convolutional gated linear unit (CGLU) , which

improves feature representation while reducing computational cost. Furthermore, the unified-IoU (UloU)
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loss function is applied to dynamically adjust the weighting of candidate boxes, enhancing both localization

accuracy and convergence speed. Extensive experiments are conducted on a self-constructed PCB dataset

with six defect categories. The proposed model achieves a mean average precision (mAP) of 89.1%,

surpassing the baseline YOLOv11 by 5. 3% in mAP. In addition, the precision and recall are improved by

2.3% and 6.1%, respectively, while the model’s parameter count is reduced by 28.3%. The results

demonstrate the effectiveness and practical potential of the proposed approach for real-world PCB defect

detection tasks.

Key words: image processing; PCB defect detection; YOLOI11; multi-scale convolutional attention;
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Fig. 6 Example of dataset images
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Tab.1 Classification and number of targets in the dataset

Defect type  Training set Validation set ~ Total

Missing_hole 10 049 2341 12 390
Mouse_bite 1819 549 2 368
Open_circuit 1976 436 2412
Short 1784 392 2176
Spur 1753 426 2179
Spurious 1751 521 2272
A2 (Spur) o
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Tab.2 Ablation experiments

MSCA  HS-FPN (BkZZZTg”mM' Unified-oU mAP/% P/%  R/% Params/M GFLOPs/G
83.8 89. 1 78.1 2.58 6.4
N 85.3 88.8 79.2 2.75 7.4
N 85.8 92.3 79.1 1.82 5.6
NG 85.6 89.6 79.6 2.31 6.1
NG 85.0 88.8 79.1 2.58 6.3
NG NG 86.4 91.2 80.6 1.99 6.7
NG N N 86.9 90. 4 82.1 1.85 6.5
NG NG N NG 89.1 91. 4 84.2 1.85 6.5
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AL, SR, YOLOvVO A5 Y B (Y 558 4 35 SR AR K
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Tab.3 Detection results of different algorithm models

mAP/ P/ R/

Model Params/ GFLOPs/

% % % M G
YOLOvS 83.6 89.4 78.7 1.77 4.2
YOLOvV6 83.5 90.5 77.7 4.23 11.8
YOLOv7-tiny 67.9 83.7 62.9 6.03 13.2
YOLOvS  82.9 88.4 78.3 3.01 8.1
YOLOv9t 85.0 88.2 80.8 2.66 11.0
YOLOvIOn 82.1 89.3 76.1 2.70 8.2
YOLOI11n
. 83.8 89.1 78.1 2.58 6.4
(Original)
YOLO11n
89.1 91.4 84.2 1. 85 6.5
(Improved)
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Fig.7 Example diagram of different algorithm detection results
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Tab.4 Detection results of different datasets

Datasets Models mAP/ % P/% R/%  Params/M GFLOPs/G
Ours YOLO11n(Original) 83.8 89.1 78.1 2.58 6.4
Ours YOLO1In(Improved) 89.1 91.4 84.2 1.85 6.5
PKU-Market-PCB YOLO11n(Original) 74.4 86.1 66.8 2.58 6.4
PKU-Market-PCB YOLO1In(Improved) 81.2 89.0 75.4 1.85 6.5
DeepPCB YOLO11n(Original) 91.5 90. 3 85.1 2.58 6.4
DeepPCB YOLOTIn(Improved) 94.1 93.6 84.8 1. 85 6.5
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