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Fig.2 Improved framework of YOLOV7 object detection algorithm
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Fig.4 Basic neck frame and framework of improved algorithm for enhanced neck feature fusion
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Table 1 Experimental hyperparameters
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Detection for Aircraft Skin Damage Based on Improvement of
Channel Redundancy for YOLOV7

WU Jun, SHAN Tengfei, HUANG Shuo, ZHANG Xiaoyu, CHEN Jiusheng, GUO Runxia
(Civil Aviation University of China, Tianjin 300300, China)

[ABSTRACT] In order to automatically realize detection of aircraft skin damage, a machine vision detection method
based on the improvement of channel redundancy for YOLOV7 is proposed. Firstly, aiming at the characteristics of the
single background for the aircraft skin damage dataset, an improved algorithm of enhanced neck feature fusion is proposed,
which improves the recognition accuracy and detection speed of aircraft skin damage. Secondly, in order to solve the
problem of convolution channel redundancy for the backbone feature extraction network, PConv (Partial convolution)
is introduced, and the lightweight of the backbone feature extraction network is proposed, which reduces the number of
parameters for the model and improves the efficiency of damage identification. In the experimental part, different improved
algorithms of enhanced neck feature fusion were first explored on the aircraft skin damage dataset, and the optimal
improvement method was determined. Then, ablation and comparative experiments were carried out on the aircraft skin
damage dataset, and compared with the original YOLOv7 algorithm, the mAP (Mean average precision) is increased by
2.3%, the FPS (Frames per second) is increased by 22.1 f/s, and the number of model parameters is decreased by 34.13%.
Finally, the improved YOLOv7 model is compared with the mainstream object detection model, which proves the advanced
nature of the improved algorithm.
Keywords: Aircraft skin damage detection; YOLOv7; Channel redundancy; Single background; Partial convolution
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High-Precision Automatic Calibration of Smooth Plug Gauge Diameter
Based on Error Correction

LI Dawei', LIU Zhongyang', ZHENG Wei', WANG Weilong', LIU Hongxia', YU Houyun’
(1. AVIC Shenyang Aircraft Industrial (Group) Co., Ltd., Shenyang 110850, China;
2. Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

[ABSTRACT] In order to address the shortcomings of low calibration accuracy and efficiency, as well as cumbersome
manual operations, in the large-scale calibration of plug gauges in aviation manufacturing enterprises, a method for
measuring the diameter of smooth plug gauges based on machine vision and laser caliper is proposed. The diameter of the
gauge is measured by a laser caliper, and the machine vision module synchronously detects its posture in the light curtain,
and corrects the measured values of the caliper. At the same time, the use of specialized tooling combined with an air
flotation motion mechanism achieves automatic switching of multiple gauges and multi-position automatic measurement of
a single plug gauge. The experimental results indicate that the repeated measurement standard deviation of the system is 0.16
um. Absolute measurement error is less than 0.5 pm compared to the measured value of the vertical optical comparator.
The measurement time for single end of the gauge is less than 45 s, which can meet the fast and high-precision verification
requirements of commonly used plug gauges in production.

Keywords: Automatic calibration; Plug gauge; Error correction; Laser caliper; Machine vision
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