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Abstract: The formation and development of cracks in brick walls is a gradual process. If the manage-
ment unit ignores dynamic changes during daily inspections, it is highly likely to pose a threat to the
safety of people’s lives and property. To address the problems of high risk, low efficiency, and high cost
existing in traditional manual detection methods, this paper proposes an improved SSG-YOLOv8n
model. Based on the basic architecture of YOLOv8n, this model significantly enhances the recognition
and detection accuracy of the crack patterns of brick walls by introducing the SPD Conv convolution
module, adding a small target detection head, and embedding the SAFM attention mechanism module.
The experimental data showed that the mAP@50 index of the improved model was 4. 3% higher than that
of the original YOLOv8n model. To balance detection accuracy improvement and model complexity con-
trol, the GhostNet lightweight module was further integrated. While maintaining the accuracy advan-
tage, it significantly reduced floating-point operations, parameter count, and model size. The experi-
mental results indicated that the improved model achieved both high detection accuracy and computa-
tional efficiency, providing important technical support for automated crack pattern detection in brick

walls.
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Table 1 Results of ablation experiments

B B mopgg M Mo mane
1 YOLOv8n 6.9 2.7 54 89.9
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YOLOv8n+A+B+C 148 11 6.2 4.3
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Table 2 Model comparison results

o ~ Param- Model mAP@

BRa FLOPSIG ers/ 105 size/MB 50/%
YOLOV3 Tiny 14.5 9.5 183 84.0
YOLOvSn 5.9 22 44 877
YOLOv6n 11.6 42 82 841
YOLOv8n 6.9 2.7 54 89.9
Faster R-CNN(VGG)  200.8 136.7 5216 87.1
SSD(MobileNetv2) 3.1 3.8 145 785
SSG-YOLOv8n 14.8 3.1 62 943
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Fig. 9 Recognition results of crack patterns in brick walls
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