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Gas Turbine Blade Surface Defect Detection Algorithm
based on Improved YOLOVS

LIU Zhongqiang, WANG Yan, HAO Shenggong, YANG Anning
(No. 703 Research Institute of CSSC, Harbin, China, Post Code: 150078)

Abstract; In order to solve the issue of low efficiency in surface defect detection of gas turbine blades by
using industrial endoscope, an algorithm based on improved YOLOv8 model was proposed for turbine
blade surface defect detection. The deformable convolutions were introduced into the backbone network,
and the C2{_DCNv3 module was designed to enhance the model’s feature extraction capability. The Shuf-
fle Attention module was added to further improve the detection accuracy of the model. The GSCSP mod-
ule was designed in the feature fusion part to reduce the model’s computation and enhance its detection
capability for small targets. A dataset for turbine blade surface defects was established for model training
and testing. Simulation experimental results show that the improved model achieves a mean value of aver-
age precision of 92. 3% for defect detection, which is a 2. 1% improvement over the original YOLOv8
model. Moreover, the number of parameters and computation are reduced by 13% and 17% respective-
ly. In comparison with other algorithms, the proposed algorithm in this study achieves better detection re-
sults and is more suitable for detecting surface defects on turbine blades.

Key words: defect detection, YOLOv8, attention mechanism, deformable convolution, feature fusion
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Tab. 2 The results of ablation experiment
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Tab. 3 Detection results of each defect
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