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Fig.3 Convolution operation using different dilation factors
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Fig.4 Multi-resolution convolution fusion block
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Fig.5 Double attention mechanism module
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Fig.6 Images of some wheelset bearings
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Fig.7 Feature extraction network based on feature enhancement
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Fig.8 Iterative process of loss function
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Fig.9 The confusion matrix of test result
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Fig.10 Influence result of different batch sizes
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Fig.11 Influence result of different block numbers
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Fig.13 Comparison results of recognition accuracy
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Wheelset Bearing Fault Detection Based on Multi-resolution Siamese Network

DENG Feiyue', BI Yan', LIU Yongqiang', SONG Chunxue’*, HAO Rujiang'
(1. School of Mechanical Engineering, Shijiazhuang Tiedao University  Shijiazhuang, 050043, China)
(2. CRRC Shijiazhuang Co., Ltd. Shijiazhuang, 050043, China)

Abstract In order to improve the fault detection performance of wheelset bearings under small sample image
conditions, a machine vision inspection method based on a novel multi-resolution siamese neural network
(MrSNN) is proposed for surface defect detection of wheelset bearings. First, the siamese neural network
(SNN) is used as the basic model framework. A multi-resolution convolution fusion block (MrCFB) containing
convolution kernels of different sizes and dilation factors is constructed to comprehensively extract the detailed
features and contour features from images. Then, a dual attention mechanism combining channel and spatial in-
formation is adopted to recalibrate the multi-resolution feature weights, further enhancing the image feature ex-
traction capability of the model. Finally, the algorithm is validated through the detection and analysis of four
types of wheelset bearings images: normal, scratched, pitted and spalled. Experimental results show that the
recognition rate for the three types of faulty images reaches 100%, the recognition rate for normal images is
95% , and the overall recognition accuracy is 98.75%. The recognition accuracy is superior to that of traditional

SNN and YOLO-V5 models.

Keywords rolling bearing; fault diagnosis; neural network; image detection; multi-resolution feature

Simultaneous Full-Field Strain and Temperature Testing on

Welded Structures of Engines

YAN Song'?, ZHANG Zhiwei'*
(1. National Key Laboratory of Aerospace Liquid Propulsion Xi'an, 710100, China)
(2. Xi'an Aerospace Propulsion Institute  Xi'an, 710100, China)

Abstract To investigate the fatigue strength of welded structures under high cyclic loads, a synchronized
coupled testing method combining digital image correlation (DIC) and infrared thermography (IR) is employed
to simultaneously acquire full-field strain and temperature data on the structural surface, explaining the evolution
of structural damage. First, tensile testing is performed on 45% steel specimens, and the patterns of variations in
surface temperature and strain during the tensile process are obtained. The temperature characteristics at various
stages of the damage process agree well with the material load-time curve, reflecting the different stages of dam-
age in 45% steel. Finally, ultra-low cycle fatigue testing is conducted on GH4061 welded structure used in en-
gines, capturing the entire process of crack initiation, propagation, and fracture under cyclic loading, with syn-
chronized full-field strain and temperature testing and analysis performed. The experimental results demonstrate

the feasibility and effectiveness of this method in monitoring fatigue damage in welded structures.

Keywords welded structures; superalloys; infrared thermography; digital image correlation (DIC) ; crack



