Fa3% HTW BE B ARk Vol43 No7
2023 7 H Tribology Jul, 2023

DOL: 10.16078/j.tribology.2022062

E T YOLOV4RIFAE R 55
FERLE 1R B RE IR 7

IR, R AT R MBS, DA
(1. E AL AR K2 RAUERE, V175 B &L 210016,
2. MU LR S BN 5 AT SRR, YL #N 213300
3. B LAR2ERE VR S HEASE P, VL5 B 211167)

O B TR R A B AR IS O TI0N A A T B N T AR e AR ) B B A AN REAL AR L, SR 1
T S0 YOLOVARY H Ar il 58035, 3 B2 F T A 25 R sh AL 43 8 i 4 B R G OR . & 26, 9 3002 R VoVNetv2-
39% # YOLOV4JE & T M 4% CSPDarknet53, 3 51 ABiFPNHETE 4 7 55 45 ¥ 5 3 = T AR &, 5 i i B A% 8 oh Bir i
IIRAEE TR R 4 B A, LUNGRZ BRI G, MIE R M 4% IR, FI IR % S R Rl e 4 g hr
EUGHEL /D (), SR8 I R 45 N SR BN 2R s e, P SERR R AL 4l e B R R BRI, 25 R 3K
H: B BB T R YOLOVAM 4%, TECRAERE FE AT IR T, 248 S50 KR PR, (R E 3R TH51.1%, 3 2 b
F§ FLE R PR e 7 v AR A B R 75 SR, LA TR A 1Y) TR B

KHEIR): iz R AWML, BETUBURL, 0 BT, TRFE S 2] YOLOv4; B

FESY S THILT.1 RAPRESAD: A XEHHS: 1004-0595(2023)07-0809—12

Intelligent Recognition of Wear Particle Images in Scanning
Electron Microscope Based on Improved YOLOv4

WANG Yuwei', CHEN Guo”, HE Chao', HAO Tengfei’, MA Jiali'

(1. College of Civil Aviation, Nanjing University of Aeronautics and Astronautics, Jiangsu Nanjing 210016, China
2. College of General Aviation and Flight, Nanjing University of Aeronautics and Astronautics,
Jiangsu Changzhou 213300, China
3. School of Automotive and Rail Transit, Nanjing Institute of Technology, Jiangsu Nanjing 211167, China)
Abstract: Wear particle analysis is an effective method for equipment wear fault diagnosis and prediction. In order to
improve the automation and intelligence degree of wear particle detection, a target detection algorithm based on
improved YOLOv4 was proposed to automatically extract and identify target particles from wear particle images with
complex backgrounds. It overcame the error caused by the traditional method of image segmentation in the face of
multi-wear particle images, and was applied to wear particle image recognition in aeroengine Scanning Electron
Microscope (SEM). Firstly, VoVNetv2-39 was used to replace YOLOv4’s original backbone network CSPDarknet53.
Its unique improved OSA module guaranteed the gradient and direction propagation without interference, and
maintained channel information while owning deeper network depth, thus improved the network performance. Secondly,

BiFPN feature pyramid structure was introduced to connect with the new backbone. BiFPN could not only completed the
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feature extraction from top to bottom, but also achieved the weighted fusion of features with different resolutions from
bottom to top. At the same time, BiFPN increased the horizontal connection between the input and output of the same
level, enriching the semantic information of the feature map. Finally, all 3x3 standard convolutions in the model were
adjusted by depthwise separable convolution, in order to build a lightweight network.

The improved YOLOvV4’s network architecture for image target detection consist of three parts. The first part was
the new backbone feature extraction network—VoVNetv2-39. It preliminarily extracted the feature of wear particle
images in SEM with the input size of 416x416x3. Three initial effective feature layers were obtained by convolution,
combination and addition. The second part was the strengthen feature extraction network—SPP and BiFPN. The first
feature layer was passed into BiFPN after OSA Module Stage3 and a convolution block. The second feature layer was
passed into BiFPN after OSA Module Stage4 and a convolution block. The third feature layer was passed into Spatial
Pyramid Pooling (SPP) after OSA module Stage5 and three convolution blocks. SPP used pooling cores with different
scales of 13x13, 9x9, 5x5 and 1x1 for maximum pooling and then merged. The merged results were passed into BiFPN
which realized feature fusion of the three initial effective feature layers to extract more effective features. The third part
was the prediction network-YOLO Head. The feature map was divided into three kinds of grids with different numbers
of 52x52, 26x26 and 13x13. The prior frames of different sizes were generated on each grid. The classification,
confidence and coordinates of the wear particles in SEM images were predicted by the prior frames, and then the
prediction results were output.

In the experimental stage, firstly, wear particle images in SEM with typical wear characteristics were selected. The
data set was expanded by image data enhancement method. The training set, the validation set and the test set were
divided to form the self-built SEM wear particle image set. Secondly, the size of all images was unified as 416x416x%3,
and then these images were input into the improved YOLOv4’s network. Thirdly, the transfer learning was used to solve
the problem of the small number of wear particle images in SEM. The lamgeNet data set was used to pre-train the new
model, and the freezing idea was used to accelerate the model training process and obtain the initial weight and deviation
of the model. The training parameters were set, and the self-built wear particle image set in SEM was used to start
freezing training. In this period, only some parameters of the network were fine-tuned. The unfreezing preparing training
began after the freezing training. In this period, the weight and deviation of the model could be updated. Then, the output
mAP values were compared to obtain the optimal model. Finally, the actual wear particle images in acroengine SEM
were used to verify. The results showed that, compared with the original YOLOvV4 network, the number of the new
network’s parameters was significantly reduced and the recognition speed was improved by 51.1% on the premise of
ensuring accuracy. It could meet the detection requirements of fast, simple and high precision of actual SEM wear

particle images, and had the potential engineering application value.
Key words: aeroengine; wear particle; Scanning Electron Microscope (SEM); deep learning; YOLOv4; image
recognition
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Fig. 1 Improved YOLOvV4 network structure
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Table 1 Detailed structure of VoVNet-39 and outputs of
corresponding modules

Times of repetition Type Filters Size Output
Stem stage 1
Convolutional 64 3x3 -
1 Convolutional 64 3x3 -
Convolutional 128 3x3 208%208
OSA module stage 2
Convolutional 128 3x3 -
Convolutional 128 3x3 -
Convolutional 128 3x3 -
1 Convolutional 128 3x3 -
Convolutional 128 3x3 -
Concat - -
Convolutional 256 1x1 104x104
OSA module stage 3
Convolutional 160 3x3 -
Convolutional 160 3x3 -
Convolutional 160 3x3 -
1 Convolutional 160 3x3 -
Convolutional 160 3x3 -
Concat - - -
Convolutional 512 1x1 52x52
OSA module stage 4
Convolutional 192 3x3 -
Convolutional 192 3x3 -
Convolutional 192 3x3 -
2 Convolutional 192 3x3 -
Convolutional 192 3x3 -
Concat - - -
Convolutional 768 1x1 26x26
OSA module stage 5
Convolutional 224 3x3 -
Convolutional 224 3x3 -
Convolutional 224 3x3 -
2 Convolutional 224 3x3 -
Convolutional 224 3x3 -
Concat - - -

Convolutional 1024 1x1 13x13
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Fig.4 Improved OSA module structure
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Fig. 7 The process of wear particle intelligent recognition
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Table 2 Wear particle images and corresponding characteristic summary
The number of
Wear particles’ Wear particle Wear particles’ ‘Wear mechanism The number of
. o Cause o . expanded
types images characteristics characterization images .
images
The burr of the workpiece is
peeled off in the test.
Strip; The workpiece cleaning is not
o spiral shape, with car marks; ~ All kinds of  thorough, causing that the burr
Machining . . . .
cticl shaving shape; filaments; machine chip  drop from the hole in the 114 570
articles
P the surface has relatively residue processing.
regular processing marks Always find in the early
running period (within 50
hours)
The friction surface is caused
by the hard raised profile of the
Sheet or filaments;
. friction pair or the hard
. the surface has irregular . . . .
Wear particles L . . Abrasive wear particles entering from outside. 258 1290
friction, cutting and extrusion .
Always find in the early
marks
running period (within 50
hours)
The surface of friction pair
deforms under the repeated
action of alternating stress,
resulting in accumulated
Fati The contour is irregular and damage of friction material and
atigue
n'gl flaky; Fatigue wear  crack propagation, and finally 312 1560
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Table 3 Distribution of prior frames of different sizes

Feature maps’ size Receptive field Prior frames’ size

13x13 Large (142x110), (192x243), (459x401)
26%26 Medium (36x75), (76x55), (72x146)
52x52 Small (12x16), (19%36), (40x28)
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Fig. 8 Loss value during model training and validation
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Fig. 9 Feature recognition process of one fatigue wear particle
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Table 4 Ablation experiments’ results

AP/% Average detection
Models — - - - - mAP/% Networks’ sizeZMB  FPS/frame .
Machining particles Wear particles Fatigue particles time per image/s
YOLOv4 95.93 87.96 95.13 93.01 248.62 30.64 0.032 64
YOLOv4-VoVNetv2-39 96.17 85.65 95.32 92.38 217.97 34.82 0.028 72
YOLOv4-VoVNetv2-39-BiFPN 96.94 89.96 96.92 94.61 231.10 32.71 0.030 57
YOLOvV4-VoVNetv2-39-BiFPN-
95.28 89.20 93.45 92.64 120.11 46.31 0.021 59
DConv
Machining
particles
(a) (b) () (d) (e)
Wear
particles
6] (€3] (b ® )
Fatigue
particles
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Fig. 10  Parts of wear particle images’ detection results based on YOLOv4-VoVNetv2-39-BiFPN-DConv
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