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Fig.5 Detection results of different algorithms for aircraft skin defects
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Aircraft Skin Defect Detection Method Based on Improved EfficientDet

BU Xiaoyan, ZHANG Xianfa, LI Minghui, GE Ende, FENG Jingxuan, CAO Jialing
(COMAC Shanghai Aircraft Manufacturing Company, Shanghai 200120, China)

[ABSTRACT] In the aviation field, the detection of surface defects on aircraft skin is crucial for ensuring flight safety.
In response to the shortcomings of existing aircraft skin defect detection algorithms in small object detection, this paper
proposes an aircraft skin defect detection algorithm based on an improved EfficientDet model. First, the convolutional
block attention machine (CBAM) was integrated into the backbone EfficientNet to enhance the model's attention to defect
areas. Second, the hierarchical structure and feature fusion strategy of bidirectional feature pyramid network (BiFPN)
were optimized and adjusted to further enhance the ability of feature extraction and multi-scale feature fusion for small
target defects. Finally, a scale aware loss function was adopted to enhance the robustness of the model in defect detection
at different scales. The experimental results on the self built aircraft skin defect image dataset show that the improved
algorithm achieves an average detection accuracy of 91.32%, which is 3.69 percentage points and 2.05 percentage
points higher than EfficientDet-D0 and YOLOVS5s, respectively. It has significantly improved the detection accuracy and
performance for aircraft skin defect types such as paint peeling, scratches, and dents.

Keywords: Aircraft skin; Defect detection; Attention mechanism; Multi-scale feature fusion; Scale perception
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Reflective Surface Feature Extraction and Vision 3D Measurement of Pipeline

YANG Lemiao', ZHOU Fugiang', TAN Haishu®
(1. Beihang University, Beijing 100191, China;
2. Foshan University, Foshan 528225, China)

[ABSTRACT] Vision 3D measurement is an important non-destructive testing method in pipeline machining and
performance monitoring. In order to apply the measurement system to the restricted space in the pipeline and ensure
measurement accuracy, the existing 3D measurement methods mainly focus on the study of the measurement principle
and the sensor structure, there is a lack of research on pipeline image processing and feature extraction algorithms, and
the metal material of pipeline leads to the problem of reflection in the image, which seriously affects the accuracy of
feature extraction and pipeline measurement. In order to study the feature extraction of reflective surfaces in vision 3D
measurement of the pipeline, a method of reflection removal based on dynamic region segmentation and a method of laser
center extraction are proposed. A dynamic annular mask is designed according to the morphological characteristics of the
projected laser of the measurement system to eliminate the reflection interference, and an automatic selection method of
Gauss kernel and extremum points is designed to overcome the interference of uneven feature width in the laser center
extraction. The accuracy of the method is verified by experiments, and the characteristic coordinates are provided for the
vision 3D measurement of the pipeline. The diameter and coaxiality of the pipeline are measured, and the measurement
accuracy is higher than 0.1 mm.

Keywords: Vision measurement; Pipeline measurement; Reflection removal; Dynamic region segmentation;

Laser center extraction
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