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A Lightweight CNN Model for Fast Classification of Wear
Particle Images
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Abstract : Aiming at the disadvantages of CNN model for wear particle analysis, such as too many parameters , slow oper-
ation speed ,and difficulty in practical application ,research on lightweight of the CNN model for wear particle image classi-
fication was carried out.The parameters, computation and pruning sensitivity of each layer in the CNN model were ana-
lyzed , which determined the convolution layer 4 and 5 as the filter pruning targets.The importance of all filters in convolu-
tion layer 4 and 5 was calculated , and the filters were sorted by their importance. A lightweight model was obtained after re-
moving the filters with low importance at 75% pruning rate and retraining. The experimental results show that after light-
weight processing, the number of theoretical parameters and amount of memory usage are reduced by more than 50% , and
the operation speed is increased by more than 20% while the accuracy barely drops.This study provides an idea for the ap-
plication of CNN model on the portable and mobile ferrography equipment.
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Fig. 1 Different level of wear particle images: (a) class 0;
(b) class 1; (c) class 2; (d) class 3
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Fig. 2 Distribution of the samples in dataset
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Tab. 1 Dataset after category balance and data augmentation
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Fig. 3 The loss values during the training of three models
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Tab. 2 Parameter comparison of three models
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Fig. 4 The proportion of parameters and calculation for each layer
of the model: (a) distribution of parameters;

(b) distribution of operation
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Fig. 5 Pruning sensitivity of each layer in the model
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Fig. 6 The principle of filter pruning technology: (a) filter
pruning applying on convolution layers; (b) filter

pruning applying on fully connected layers
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Fig. 7 The process of filter pruning technology
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B DAL TS 1 [ SURCHT G RIS SR KA bR BYRTS BB a S R R
e AR R ZHR/10° AL/ % BRR/10° AL %
Conv—4 64,64 75 0.88 1 0.22 -75.0 71.66 | 17.92 0
Conv-5 192,192 75 0.59 1 0.04 -93.7 37.75 1 9.36 -93.8
FC-1 - 0 37.75 1 9.44 -75.0 37.75 1 9.44 -75.0
SR - - 57.02 | 27.49 -51.8 492.59 | 375.14 -32.8
RS BESTEMERNEREYR
Tab.5 Effect of filter pruning on model compression
VEBS L BRI BEE AR/ %
s S H/10° 57.02 27.49 -51.8
-pth AL K/ /MB 222.7 107.34 -51.8
* AR (19 A7 5 1/ MB 200.0 100.0 -50.0
x CPU BASKIE RN P AE 5 AL/ MB 235.8 122.4 -48.1
* CPU DUSKIE RN P AE 5 AL/ MB 287.2 168.8 -41.2
# GPU BABKHERII 7 5 I {E/ MB 836.6 709.0 -15.3
x GPU U3k B T AF 5 I {8/ MB 871.0 743.0 -14.7

TE: = BRI AT 10 IS TCEME,

RO IBKFBRTRIHER AR R

Tab. 6 Effect of filter pruning on model acceleration

24 BIRGHT  BIROE R %
itz /100 492.6  375.14 -23.84
* CPU BUiRHEFRES Al ¢, /ms  75.3 54.6 -27.44
* GPU Lk HERERA] £,/ ms 1.9 1.5 -21.05

T« BRI BANEST 10 WORBCP MM,

Ry B U AR TR S R ) R 48 FUMGER R, 7F Windows
T R R A A8 #EAT SE BRI, N AE 166,

CPU {#i il AMD Ryzen 5 3600X, GPU {i[{] NVIDIA Ge-
Force RTX 2060 SUPER; #k{1di il Pytorch'™ HEZ42,
MEREE R 3k 5 fk 6 s, LIRTE CPU iR &7
GPU a7, BYRLJS A A 5040 2% 1 1 B S5k 1) 1 4
PEERCR . SR, 7E GPU Lz {7 iy % Ak 8k SR A
WN7E CPU LB, & TR A O 2L
T cuDNNH S5 1] U8 B 1 26 I 4% 1 s )22, AL
X T A At 2 ) R A0 R A A X A B i 485 500
B BV PR Y A (4R R A AU A W



2024 455 10 1]

XE R 2 — DT ER R PO 7 i B CNN A 107

3 ik
(1) BEXFEE KL IR 73 26 CNN AR 1 42 A A
I, B AR SRR T ik, X EORLIEI {8 7 2 CNN
A Conv—4 . Conv-5 |27k, LTI R
B, o b AR R A R L P R R AR ([T B
0.74%) KITEHLT, HSHE iz Bgmd, 5%
PRisfras REH], Bl poAs 8l ok 3 45 w00 T 4
., HAE CPU R GPU i 5 MR T 20% LU I
(2) 2By JERL R 73 28 CNN B R 4 4 7
%, TELEERRNEL T, ARS8 fliz
i, g CNN RS 7 5l 08 485 0k 3% o e o
AR ST PR LR
S 3k

(1] 208, 2R TR A, S HUBUE 0 iR I AR Z 348 [ 1] .9

W5 %E,2018,43(1) :115-124.

PENG P,CHEN L G,WANG J G, et al.A review on detection

technology of mechanical wear [ J ]. Lubrication Engineering,

2018,43(1) :115-124.
[2] BRIGAE, B3R =, "2 A U BE S BRI SE it e [ 1]
LR Tk K224, 2000,22(4) :349-352.
CHEN C Z,BAI B S, YAN A.Development of intelligent fault
diagnosis[ J].Journal of Shenyang Polytechnic University,2000,
22(4) :349-352.
JE B SRR ZEAUAS W b i LA SEAR (R ] AL
T.#%,2000,11(S1) :211-216.
QU L S,ZHANG H J.Some basic problems in machinery diag-
nostics[ J].China Mechanical Engineering,2000,11(S1) :211-
216.
R AR MU A RIS W ROR (W SR B SR [ ] HON
Tl K224z, 1998,24(2) :66-69.
LI W,LUN S X.Present situation and its advance of fault diag-

—
(98)
[

[4

[

nostic technique for equipment[ J ].Journal of Gansu University
of Technology,1998,24(2) :66-69.
[5] RAH: BRI Wi R0 & AR ] &8 ks
Z2W1,1999,19(2) :79-86.
WU J P.Development and prospect of intelligent fault diagnosis
[J].Journal of Vibration, Measurement & Diagnosis, 1999, 19
(2):79-86.
ILEEmT, BRAR  BREAE S5 002 R S LS B 2 B bRl &
W [J] 0288 052440, 2024,39(10) :20220191.
MA J L,CHEN G,KANG Y X, et al.Multi—objective fusion di-
agnosis of aeroengine wear fault [ J].Journal of Aerospace Pow-
er,2024,39(10) :20220191.
[7] BB, Sl G 2AR, 55 5L TR 1 25 & s LI i
ARWFFELI] ¥ 5% Ef,2013,38(1) :87-91.
CHENG Z S,FEI Y W, YANG H W, et al. Research on aero—
engine atlas technology based on ferrograghy [ J]. Lubrication
Engineering,2013,38(1) :87-91.
(8] EDYy, Bk 2k R A B S HOR [ M.t Rl

[6

[}

H AL, 2005.

(9] ik, HA%E W AT , 55 e STRF 1] S WL T2 R 3l
VEARSOE 12 BT [ ] AU R0 28 A R R 2% 2 41, 2017,43(7)
1419-1425.

ZHANG J,LI' Y J,CAO Y Y,et al.Immune SVM used in wear
fault diagnosis of aircraft engine[ J].Journal of Beijing University
of Aeronautics and Astronautics,2017,43(7) :1419-1425.

[10] SCHMIDHUBER J.Deep learning in neural networks:an over-
view[ J | .Neural Networks,2015,61:85-117.

[11] WANG J Q,LIU X L, WU M, et al.Direct detection of wear
conditions by classification of ferrograph images[ J].Journal of
the Brazilian Society of Mechanical Sciences and Engineering,
2020,42(4) .152.

[12] PENG Y P,CAI J H,WU T H,et al. A hybrid convolutional

neural network for intelligent wear particle classification[ J].

Tribology International ,2019,138.166-173.

KRIZHEVSKY A, SUTSKEVER I, HINTON G E.ImageNet

classification with deep convolutional neural networks [ J].

Communications of the ACM,2017,60(6) :84-90.

[14] SUYKENS J A K.Support vector machines:a nonlinear model-
ling and control perspective[ J].European Journal of Control,
2001,7(2/3) :311-327.

[15] LIU X L, WANG J Q,SUN K, et al.Semantic segmentation of
ferrography images for automatic wear particle analysis[ J|.En-
gineering Failure Analysis,2021,122:105268.

[16] CHEN L C,PAPANDREOU G,KOKKINOS I, et al.DeepLab:

semantic image segmentation with deep convolutional nets, at-

—
—_
(98]

[

rous convolution ,and fully connected CRFs[ J].IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2018, 40
(4) :834-848.

[17] SUN K,LIU X L.,CHEN G N, et al. Wer debris recognition and
quantification in ferrography images by instance segmentation
[ J].Tribology Transactions,2022,65(3) :508-518.

[18] HE K M, GKIOXARI G, DOLLAR P, et al. Mask R - CNN
[ C]//Proceedings of 2017 IEEE International Conference on
Computer Vision ( ICCV ). Venice, Italy: IEEE, 2017 2980 -

2988.
[19] Jde, T3 7. CHLIIBIEEE AR [ M ] b st it Tolk AR
#,2011.

[20] HE K M,ZHANG X Y,REN S Q,et al.Deep residual learning
for image recognition[ C]//Proceedings of 2016 TEEE Confer-
ence on Computer Vision and Pattern Recognition ( CVPR).
Las Vegas,NV,USAIEEE,2016.:770-778.

[21] PASZKE A,GROSS S,MASSA F,et al.PyTorch:an imperative
style , high—performance deep learning library [ C ]//Proceed-
ings of the 33rd Conference on Neural Information Processing
Systems ( NeurIPS) , Vancouver, CANADA ,2019.

[22] CHETLUR S,WOOLLEY C,VANDERMERSCH P, et al.cuD-
NN efficient primitives for deep learning[ J].Neural and Evo-
lutionary Computing, ArXiv e—Prints, 2014 ; ArXiv: 1410.0759.



