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Defect Detection of Engine Engraved Surface Based on Generative Data Augmentation and
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TAN Jianhui and ZHANG Feng
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Abstract The engraved surface of automotive engine has the functions of carrying engine information, searching for lost,and pre-
venting unauthorized disassembly and modification of the engine. The quality of the engraved surface will directly determine
whether the vehicle can be registered and driven normally. However,in the field of automobile manufacturing, manual visual in-
spection is mainly used for defect detection of engraved surfaces at present, which poses a risk of missed detection. Although there
have been some studies on surface defect detection in the industry, they cannot fully adapt to the defect detection of engine en-
graved surface, which can easily lead to false positives and false negatives. In order to innovate the method of detecting engine en-
graved surface defects, this paper proposes a defect detection method based on generative data augmentation and improved Faster-
RCNN. Firstly,a method for generating engraved surface defect images based on stable diffusion model is proposed to address the
problem of limited samples of engine engraved surface defects. This method controls the location of defect generation and restores
the character features of the image through a dual mask image,thereby completing the generation of engraved surface defect ima-
ges and achieving data augmentation of the dataset. Secondly,a synchronous bidirectional fusion feature pyramid network (SBFF-
PN is proposed to replace the feature pyramid network (FPN) used in the original algorithm,enhancing the multi-scale feature
fusion capability and solving the problem of wide target scale range of engraved surface defects. The experimental results show
that the proposed method achieves mAP of 97. 52% in detecting engine engraved surface defects, which is 34. 73% higher than

the original Faster RCNN model and can meet the detection requirements of engine engraved surface defects.

Keywords Defect detection,Image generation,Data augmentation, Faster-RCNN, Multi-scale feature fusion
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Table 4 Comparative experiment using the proposed data
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No. Backbone enhﬁ::(;:ent enh;:i:r;ent
1 MobileNet 20.98 32.36
2 VGG16 39.14 55.03
ResNet50 62.79 79.63
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methods
No. Methods mAP /%
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Table 6 Experiments of FPNs with various structures

No. FPNtype mAP/ %
1 FPN 79.63
2 CARAFE-FPNL18] 79.70
3 RFP 80. 10
4 BFPL19) 84. 80
5 BiFPN 87.10
6 PANet 89. 40
7 DyFPN[20] 92. 30
8 FPGL2L) 95. 60
9 Our method 97.52
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Fig. 9 Comparison of mAP curves of the model before and

after improvement
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Table 7 Detected results of mainstream model

No. Model mAP/ Y%
1 Faster-RCNN 79.63
2 SSD 84.00
3 YOLOv3L22] 90. 10
4 YOLOx 23] 93.21
5 YOLOVS8 95. 62
6 YOLOv10C24] 95.23
7 Our method 97.52
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