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Complex Texture Contour Feature Extraction
Method of Cracks in Timber Structures of
Ancient Architecture Based on Deep Learning

MA Jian,YAN Weidong , LIU Guoqi

(School of Civil Engineering, Shenyang Jianzhu University , Shenyang,China,110168)

Abstract ; The mainstream target detection methods such as YOLO, SSD and faster RCNN are used
to detect cracks in ancient wooden structures,and an intelligent algorithm is proposed to meet the
requirements of fast speed and high accuracy in detecting cracks in ancient wooden structures.
Firstly, the image dataset of cracks in ancient wooden structures was optimized. Secondly , typical
algorithms in YOLO, SSD and faster RCNN models were used to detect cracks in ancient wooden
structures. In the end, the comprehensive performance of the model was compared and analyzed
from the quantitative indicators of average loss function,accuracy,recall,average accuracy , frames
per second, interfence time, total runtime and weight. In the case of 300 rounds of training, YOLO
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V5s model showed the best comprehensive performance among the four models. The model was

the lightest,the fastest crack detection speed,the smallest loss rate,the highest accuracy rate, and
the highest accuracy rate of crack identification. YOLO V5s model is relatively suitable for crack
detection of ancient wooden structures,which meets the needs of fast speed and high accuracy.
Key words:deep learning ; wooden ancient building ; YOLO ; SSD ; faster RCNN
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Fig.1 Annotated timber structure crack diagram of ancient buildings
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