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Abstract

Ferrographic image wear type identification is an important method to analyze the wear failure of
mechanical equipment. Aiming at the problem of low classification accuracy caused by the small
number of samples in the abrasive particle dataset and the small differences in texture, shape and
color of different wear types, a wear type recognition algorithm based on improved EfficientNet
network was proposed. In this paper, EfficientNet-B0 is selected as the basic model for wear type
recognition, and the CBAM attention module is integrated into EfficientNet-BO to construct CBAM-
EfficientNet-BO, thereby improving the focusing ability and information expression ability of ab-
rasive particles. In this paper, a dataset of abrasive grain images for five types of wear is con-
structed. The wear type recognition ability of CBAM-EfficientNet-BO is tested on the test dataset.
The experimental results show that the accuracy of the wear type identification algorithm CBAM-
EfficientNet-BO proposed in this paper is 92.55%, which is 2.51% higher than that of the Effi-
cientNet-B0 algorithm before the improvement, which improves the accuracy and efficiency of
mechanical equipment wear state identification. Comparing CBAM-EfficientNet-BO with Mobile-
netV3, Resnet50, VGG16 and ViT classification models, the experimental results show that the
precision, recall and accuracy of CBAM-EfficientNet-BO are higher than other methods in the com-
parative experiments. This research provides new technical options for condition maintenance
and fault diagnosis of equipment.
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B R FE AR RS, AR TIIEFAE . by mRig kR . = sh i mlig ik &0t
Tl &M E R T Em N ER, Hikt, WS W ARSI BAINNEZE. TR,
BB S 12 2 1 R 2 R A B ZE R R, KL 80% ALK B A2 F B 51 52 [ 1] . 7E R R o B s e i
b, BRI BN A AR, BRIRB A I TR WA, k& EHIElT, E2a kAR
MEPES 2], K, B AR FBOS B T A R . Seit S T iR A R e . mAtis A A
HER) SRR .

RIS BT HOR A SRS W I R F B Bl BUE I B RLE 2S5 2 A BE 8 S I 2% 1) BE 40
R BRIE AT BOR AT LIS H7 FG AL BEEART B RLEAT IR0, AT IR 150 26 R BE RS . BT E AN
1k, WFFEN RAEESL R H B R ARG G T T KEM TAE. K Jardine AR FKMHKSHCR
X o B G, SRR, XETERRHEREA R 5 P e MR BB S , (A2 LMK T 20 ek
ST TCIEHER R3] Li Q KA T EE T BRI AR AT I ¥ S e ) ALV [4]. Peng Z NS T
— PR FECNN BB Mg bial, M TR EETIE. BT 9855 Fig sh ROk E A ) A B
i EM&[5]. Fengguang Jia 25 A$EH 17—l FH T8t B 00 RUE 43 AT (R 3 U X 4%, DL DenseNet121 A
Fenb4, RIS ) ik DCNN %I (FWDNet), K73 7 90.15% {2 [6].
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ANTR] Y BE U LB 7= A 1) R % S, ORT T T DS I B L 23 BT S VR a1 5 s R o e P B LB . 59
WA RIBENLIE AT DL N AR LIS R B, BSR40 9857 BE BR BT T S A [ 7] A SO AR T
o AR IR BE AR 2R J R BE 4 o O T B e BE AR IS AL IR T A BE , A SR A EfficientNet-BO [8]
YRR BRI R AR I SE AR RS, B FE = J1B R (Convolutional Block Attention Module, CBAM) [9]##h %
F| EfficientNet-BO ', & CBAM-EfficientNet-B0, M i $2 v W9 45 455 74 B {5 DR IARE J1 . X2
EfficientNet M1 CBAM A B 453 1 LR (15 VO

2. BXH*
2.1. EfficientNet

EfficientNet /& — /MBIt 485 = NS RIEREE . T8 FE RN E2) 1 T R A R R 73 SR 2% o 28 AN
FIRIRAS, M BO 2 B7, Ziin T FHRIEE. RS EfficientNet-BO /E NFFIEIRINES . 7E1Z 4%

F, EINEUR %)y 224 x 224, EfficientNet S22 T MBConv 57 (I 4% . MBConv B 7R B
Bt 1 s, EfficientNet-BO [1) 2% 45 /4 B 1 & 2 Fis .
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Figure 1. Schematic diagram of MBConv module
[& 1. MBConv #E R E R

s 1 R, MBConv BB 24 PSR 7 4L, IR R A0 ), AR iz R 2
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o BN FHEZ T BRZ RN 1 x 1 BRSO T4, SR 5 AT bRvfE b RS R 2. 42
EHATERILR/N A 3 x 385 x 5 MREE A /- BB, R #ATARHEAC RIS B . AT AN B
WL, TEE SHLHEEE S BN ER 2, 2382 SE (Squeeze Excitation)yE i /i, #7342 7 BiRInvE
EAJRRIEZ o 7E SE BiHerh, 1 Je Xt NAFAE 2 HEAT 42 )R P340 Ak, AR5 R R 4R L i 2 e B AT
Ak, LU E B JUHCE AR LR o AR LR, RS A R >, R IRR. B
17 1 x LERPELERN 1 x 1L R H4E, U 3R1S B4R AE 2 1 HOR i NARAE s A S, o LMRER R
FIHHN G N BVRFAE J2 BN 8 AL, g EAT AR IR R A S T i AL e . el — AR
BR/NA L x L BEREAT B4R, ARiE AR Ja 1 0ok 22 100 43 21 55 ) RO HE AR AE 2
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Figure 2. EfficientNet-B0 network structure diagram
2. EfficientNet-B0 4& 5+ [E

EfficientNet B 1 4> Stem. 16 4~ MBConv f&1t., Con2D. GlobalAveragePooling2D F1 Dense 2H j#%. Stem
F T BEATRAE )5 SR, H A AR AR A A FI0E bR B0 B - 12 99 2% (1420 /2 16 > MBConv #52k . MBConv
B EfficientNet R MRFAESE LSS, AERBLHHE S 1 1 75 b 58 B s U RFIE SR AL . Conv2D + Glo-
balAveragePooling2D + Dense ;&% M %5 (173 53k, A e H T & &m0 K.
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2.2. @& CBAM BHREY EfficientNet-B0O Mg

CBAM (Convolutional Block Attention Module)2& —Fi# i1 FAE: & e, b b T il iE = 5
B (Channel Attention Module, CAM) 5 7 [B]7E & /A< (Spatial Attention Module, SAM)f & (17 & AL
il ZIE R IIEH T RIS S R UL A ARG RN R R RN @RI, Ak
ToEETE BT AT A AR A 25 10X 2 rh DU R B] ) S NARFAE 17 TR SRASH IS SR 1% RS ERRFAEIE” AT 3 e D
RGO . CBAM IE5 A 3 iR

RHE

LTIPN
FFAIE

Figure 3. CBAM network structure diagram
[E 3. CBAM WMILE L5

CAM [ W2 251 B <] 4 Bz . CAM L SE i 1B, AN ilid 42 ) P3G KRR IE HEAT T R AFE,
MR NFHE B RN 2 AN RERm e m &, Horh—Am & b2 /P EE R, H— s d e
R R EA . AR 2 R BT RETEEE, MAREKb L )E UL B o Rib 4
ARETHEEFN LTI UEE, WMBRERAMEEEZ ). finse, FROmCEAFEEEE, m
ORI B EGURI RO, (AR IR T X R B RIL . BERRM], 4Rl 2 R
KAl EEAAE P 350045 2 45 R S i . AR5 40 il & ad 3L 2 2 )2 S L (Multilayer Perceptron, MLP).
¥ MLP it 0 RRHEREAT 2 T2 0 R M INANEAE, F20d Sigmoid WG4, A it 28 (i v 22 1 RFAE
Pl B2 IR VR B )RR BRI N AR AE B OE e R I FRVE SR AR, A s () VE B R 55 I S N RRALE

S|
LIPNE] S ENIL

fiEEIF @
= r’@wmf’ s ()
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Figure 4. CAM network structure diagram
[ 4. CAM M4&LEH4[E

SAM KIMILEEERI PEIR ] 5 BT 25 IAIE AR =3 4, 55— NiBiE AL 2, N E o
i B 838 R g Ak RSP 3834k, SRR X AN B IV AR N T — 2. Bk, XANEHER
— AN MEEE AR R . O 2 S bRk £k (BatchNorm, BN))Z, T B AR it 8047 9 — AL AN 45
. HE=H4r 72 Sigmiod WUE)Z . Sigmoid JE — MRS, O ITA LS ) 0 B 1 Z B TEEA . SR
e e R 87 AL ) 0 2R TR AP X A 2 1) 9 A AR B FH 1 3 N 5K B 1 BT R 1

J& EfficientNet-B0 2% 1 B3 A0 £l iE v = /1ML SE, {H CBAM 1) CAM #: SE i 1 oiidt,  [RIA &
W25 oK% B (AME B = /1, 1 CBAM Ha8 Tix—HLil, ¥ CBAM 5| A% EfficientNet-B0O %45 A LA
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Figure 5. SAM network structure diagram
[ 5. SAM WLE L5 E

23 5 Y EfficientNet-B0 ¥ CBAM gl \ 21| T EfficientNet-B0 7, 314 H. 6y 4 2y CBAM-EfficientNet-B0.
CBAM-EfficientNet-BO [¥) 4% #) W1 6 Fiw.
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Figure 6. CBAM-EfficientNet-BO network structure diagram
6. CBAM-EfficientNet-BO P4& 4544 &

4 6 filzr , CBAM-EfficientNet-BO ¥ % EfficientNet-BO £l CBAM #iH4H .. /£ CBAM-EfficientNet-BO
th, EfficientNet-BO #5532 HUEERIAFE, K CBAM KM ALE 16 4~ MBConv #il > J5 HI T4 32 HL
FIMREBEAT A0 . AN SR B I REIE B F fi A\ CBAM FELE, CBAM Bl gy el REiE B F &%
BB IE VR AT AN, 75 3 N B R R B TE VR U RHIEE Me. 285, 1 Mc 5 F ARG E
2 A B I T PR R RRE ] B SRS, R PN R R R, A BB R R A T
JIFHIEE Ms, Ms Fe L F* A2 i CBAM 58 IR 4 tH B br IHGARFAE 18] o i 8 S N O B A 1 22 224 % 224
(1 =3EIE Mg, IR BIEE RAE A .
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3. XN THERERSH
3.1. BuEsE

ASCEVEE [ EIEIEH . OREAE E. EORL AT S PR R o B 5% P T2 B 45 S AR ) A PR
Hnde, — A 3076 SRIEMG, 1% 9:1 ELBIRI S I ZREE AL . B R EE SR AT 2RI 2 7 2K
WZE R R IRE o BRI EEREA I 7 PR BB IR OB 70 A o 1 s

(a) IEH BB (b) M BEH (c) BERHEAR

(d) 5 BE B

Figure 7. Sample images of five wear types

E 7. AFEREREAREG

Table 1. Wear type label data distribution table
F 1 BREAREREN R

i Rt 1B BEIR R AR PR B 45 55 R JE o S A5 =¥
VI[ES 594 510 390 570 730 2794
MR 58 56 41 53 74 282

3.2. SEIG¥FEE

ARHIFIBAT RGN Windows10, SR IR 2= ] FFIFEMESE PyTorch, #2 74 H Python i& 5 #4174 5 ,
FHAEH GPU AL I RASE R (I o B2, A SCRTAE T SEHLIC B AN 56 2 o o fEBUIEF3RET b, T
PyTorch fE4251 8] CBAM-EfficientNet-B0 4%, FILIEIT RIS W% 3 FivR .

Table 2. Computer configuration used in this article

F 2. AXFERBITENEE

ey i 24
WA AR LAPTOP-3UQ8BH10
CPU %15 Intel i7-10870H
NAFA & 16GB
(TSRS 1T
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Continued
BREH NVIDIA GeForce RTX 2070 with Max-Q Design
BAFRE 16GB
AW T LA 7S SR
Table 3. Software operating environment
= 3. MHEBITIHE
B FRA
BERS Windows10
R IRE) Cudal0
Python #EH s # T A Anaconda3
IRPEZ S HESE PyTorch1.6
PyTorch T H Torch Vision
P Ak 2 OpenCV?2
mIEES Python3.7

3.3. T IRIR

9T AN B R B AR SR R A R CBAM-EfficientNet-BO (1) 35 PE R, A 3K I Y 28 (Accuracy) «
R IE M B (Confusion matrix). ##%#f % (Precision). 4[5 % (Recall)fl F1 4% (F1-score) K AE N iFA bRt [10]

XF TR AL, RN MER SR AR VPN AR bR o IRV 2 9 4 40 R IR B AR AR KR DA
BREABE MR E, HEREX W AKXQ) AR,

Accurary = R x100% Q)
ALL

Hrr, P RRBIEFBUN KA ASCRE, P, RN S ARYCE .

TRVEHE M 1R F 2 3 B 23 T AN S0 RS R R 2 805 0 . TRVBHE FE /N A (n, n) I B, e
N RN IR . IR AT RO F 2 ) 2R TR AR R B S .

s B 23 2 R I g T Ay E A AR B B0 P TE A T MR o A [ 2R 3 s MR A v (1 IE R AR
PR TN ORESE . RS 2 A ] e g R IA K A K@) F A X (B) s

TP

Precision = (2)
+FP
Recall = _TP 3)
TP+FN

Horp TP FP A EN 20 AR R BB EAYE . SRR R RIS RN, T 9 B s BB
PEFRIR RGBT, BRI RO RS IR KA GBI, S B E . RS AN 4 ml 2 A .
ZLIRVAC TP Y St U N <R P AT S (P E N TR U/ S U N S AR e 5 (Ao

F1 73 B RS i 3R A4 [0 5 (AP 2580, o 1 IRBRBIIE R RS RE I, i dR RS 5 08 103K
AR RE, HREXMAKXE)T7s.

Flo 2Precision - Recall

~ Precision + Recall

(4)
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SASKENGERERD

M2 I ZRRAFR IS 8 Fvs. B int i N BT TUALBE, (EH I HER BN 224 x 224, H45&
ImageNet THRIZREALNT RGN . LRI FETEA 200 %6 epoch, SRR 5ZIE K [11] 598 HMEFEAT 2 2
HVEE . RSB K EVER I IR AR . WE RS RN 1e-3, B/NF 1% 1e-6. 1 100 %
epoch ] Batchsize ¥ & 4 32, J5 100 % epoch [#] Batchsize ¥ & Jy 16. Jyik— IR THER MERE, K6
I SR P A% 2 S R B G s B mE , IR R BEALER T B AL SR [ L2k R A2 2% pi B

/ﬁ)\i}llé&l@@#ﬂi /

v
BEBH,
ARG

€

BT IS5

Loss/& sk ?

v

/ A BB ) P 2 AR Y /
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Figure 8. Network training flowchart
B 8. MEIIGRIZE

RSNG4 2Kk R A 2R an 1] 9 s AN 9 ATRAE H, ASCHRE I EE ISR A2 Loss {H & 7~F
B, BEIE RIS

P SHAE P BEAS S AL i s 4 5 U4 CBAM-EfficientNet-BO A7 iR Btk fE . F T 76 M 3
£ rh R I R 35258 1Y) CBAM-EfficientNet-BO frIVE S HEFE G0 4 10 iR

VB R B T LAY T Hb At 25 R BRI 0, B 4 288 Y (1 A 1) 3 T R A A R A S 400 R b B 53 2 (1]
X T B R CHE £ HHORG 5 S A0 ek B v [ 1) 22 e il B4 ARk % CBAM-EfficientNet-BO 7E AR
R E RIS R K 4 PR

EHR AT, £ 1) CBAM-EfficientNet-BO il A 48 b (1 B 45 8 BRI UG TR BFIIRCR . MR
ANRAL ) ok, CBAM-EfficientNet-B0 Xf 5 Fl B 4512 8 ) iR Sk K =1 T 86.96%, I & T
85.71%, F1{A =T 90.57%. iR AR U B 2R AN IEF B 45, CBAM-EfficientNet-BO X IE ¥ B 17
BIPIRERR. ARIEA FL 258 100%. 98.28%F1 99.13%. M F iR A i M ERE, FATRI
CBAM-EfficientNet-B0 Xl 245 42 112 31 (1) s A A 5y 92.55%, ~“F-351KE i 92.49%, “FYJH RN
93.12%, “F¥J F1 1t N 92.64%, # 1] CBAM-EfficientNet-BO E. A 5tk 5E IR ) il A BE 512 AL 1 B
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Figure 9. Loss curve of model training

9. #=AYIZRHI Loss BhLk

evAHFE

125

150 175 200

TR AR R AR, JEORHEASY 807 PR JE el PR 451

TiE

Figure 10. Confusion matrix of CBAM-EfficientNet-BO
[ 10. CBAM-EfficientNet-B0 HI3E ;& %6

Table 4. CBAM-EfficientNet-B0 quantitative evaluation result
%= 4. CBAM-EfficientNet-B0 FEEIFEER

60

50

40

- 30

- 20

- 10

B K% T IEI (% F1{f/% TEF%/%
1EH B 100.00 98.28 99.13
R B 96.00 85.71 90.57
R B 45 86.96 97.56 91.95 92.55
9 55 B4R 87.93 96.23 91.89
ek R 45 91.55 87.84 89.66
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AT I HLPEAG CBAM-EfficientNet-BO #E8 [FiRBIPERE, 78 Bk il £ P55 - CBAM-EfficientNet-BO
K 5 HAh 22 i 23 25 2% MobilenetV3. Resnet50. VGG16. ViT F EfficientNet-B0 #H4T T i, ASCF
VIREHARE . PR ABIR . MR NN Fa bR, A FIBAY e B3N 45 SR W 5 FioR

Table 5. Quantitative evaluation results of different models

% 5 FEMERIIE BITHM LR

R EIRER 1% S H % HER 1%
MobilenetV3 82.21 79.84 80.42
Resnet50 83.90 83.08 83.22
VGG16 80.43 80.94 80.07
ViT 81.89 80.91 81.12
EfficientNet-BO 89.29 89.97 90.04
CBAM-EfficientNet-BO 92.49 93.12 92.55

M 5 HE] LG #E A Y, EfficientNet-B0 5 MobilenetV3 [13].Resnet50 [14].VGG16 [15]41 ViT [16]
FHEL, EfficientNet-BO X BEH SR RSP RE M RE . T3 A I Z, HEMZ A2 i mit, Ui EfficientNet-BO
Xof EEAR SR AL (KR 0 A7) B . EfficientNet-BO X 451 58 L I SR TR A ERf % 0 90.04%, LK MobilenetV3.,
Resnet50. VGG16. ViT 73742 1 9.62%. 6.82%. 9.97%F 8.92%. A5 iF:%:T EfficientNet-BO 47
SO, eSOt S R SO R PRS- 3R R R LS5 4 [ 2R R R I i, 23 R T T 3.20%..3.15%F11 2.51%.
KRPINLEM 2% RN CBAM {3 = AL 31 1 30 25 52 i B 40 2R AR PR

4, 4Eip

R R MR IR R BE RN RN 20 SR AR08 I B S BOIRAS s & PR A YR R MU 2 Wi bk 3%« 7EA
WHoeH, g a s TP B A P R UG, ARG IR B R SR, % 55 R ik
EAR . ASOR TR FE % S TR R, 42 T B 2R R 1 CBAM-EfficientNet-BO X} Ti
P BEF R AT IR . LS B I, A SR H ) CBAM-EfficientNet-BO AEWS HERHIR I 5 FlBEHISRA, 7
IR H 5 b 5 50t bE s 56 b (0 LA UM EE . CBAM-EfficientNet-BO 76 P-4 48 x_E HAT W B 34 .

VM R UR P 2 2T B TE B 4 BRAS GRS RN [ 12 W o 0 7 FH AR AL T 37 I S8R s AN R Rt oAy
PERRR L) A B IR AR TR SR, B R TAE R DL — 0 3 & R R AR A, bl g o B4
NAr A, RTEFIRZE =R R, 9053 Fh 2 kG w52 Wit Fe 524 78 4 O BOaE Bt . 7E SRR
Wi, i CBAM-EfficientNet-BO AL R B2, FF 22l FE#8 B gk AT AL 502 .
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