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Abstract

A defect classification method based on the ResNet-18 algorithm is proposed to address the de-
fects of the existing defect classification for aero-engine parts with low detection efficiency and li-
mited applicability. The algorithm uses a deep residual network to extract defect features and
adapts to different defect types by modifying the network structure. In the experimental process,
the original steel strip surface images are first preprocessed and the dataset is augmented using
cropping and rotation angles. Then a convolutional neural network model was built using the Py-
Torch deep learning framework, and the enhanced image data were input into the model for
training to achieve classification of defects. Finally, a public dataset of steel strip surface defects at
Tohoku University is used for training and evaluation. The classification accuracy of the algorithm
in this paper is 97.33% on the Northeastern University public training set of steel strip surface
defects and 95.36% on the test set, which provides the possibility of classifying defects in real in-
dustrial scenarios.
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T AR SRR A MG 88 S8 A R R
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FE U B — AN WS 78 20 MR8 10 R, R ST 080 S N — R AT R 2 ST 1 AllexiNeet 5 B 28 R 25 51784 ,
FHFAERAR AR G2 B b 1 1 3120 2K [8] « Se Wil & AR T — A B IR A B A (MixConv) 2 B 8 [ 2% ) 49
BRMONES . ERRSEL. KN EHE BT [9]. SRTT, xR SHLE B (K B0 23 ST AR 4
Ao XA 5 I 3 SUTTHE

FEARWBEFT T, o T-92BR A P S AR B, Rt T S S R A R A7 LU e, PR LA TR B
TS5 AP B A5 0 P 2R A K S A 2 THT S5 A JE K 58 NEU-DET A5 B 0 5[10], 33 Sy
ff) ResNet-18 B HEATM51%, % ResNet-18 B HI T 6 Fh A AR B BRI ) 7325455 L (0 3 TR
B TRATA BT AE 2R R 20045 2 T S A 080 B 29 KA % 97.33%.

2. FHRER
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%7 LeNet. 7& LeNet W%, 1 T HHUR. MALE. 4Bk sl B RHESRER, IEAF
L A . 7F ResNet-18 £hHrh, ({11 T i Hebi HURIZh 4.

2.1, 1RBEVAR

ResNet-18 B! R E B RZ . WALIE . 482 LSO s B 4Lk
BRI 3 B A AW MBS x 3 3k 5 x 5N R 4G 1 B 3T B AR E, TG SEECH R A6 1
A — S ER R . BRUZ AR TR,
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Hrp, Z 2EHERHH. W 2SS X 2EEMEREERME, b 2GHrkED.
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WAl R — 8 X (2 x 2) N2, PR SR I BB . TP I — 8 X2 x 2) N2, 5 H
U, RETHEEE R AR SEERER, WORE 7R T B mA . e S iR
A .

AR R A R AT — S AR, B B P TR SR B . B OHE S
FE Wi E, RN REAEERER . SIEREMITHREA LW NrR.

Z=W=X+b (2
Hr, Z RedEENST . W 2 EREPRERNSE, o DUE R Z R iR T . X 24
EEZENmA, b REIEREN W E T

WO BR R ] F RIS 2 T MBS R, S Te 2 B — @ IR LSS, A XA EUE R T BI{E,
MBER BT ME T, R WTGIERIG P TC. BUR KAV — BRI E, JEATIRA A, MM
Bl—NEHE . BUSRBINAALE, RRBAIRMAM s E RIFIAELMRIERE I GRE ). WREE
THOERE, BazZHmames R G RERIEGR ), BEMGEERRE. % MBS RECH
sigmoid. tanh. ReLU. leakyRelLU %.
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7 ResNet Z R %%, Ebtin LeNet [11], AlexNet [12], VGG-16 [13]4%, HIT#AKRZER, 4K
RIEHCE KR, 2 HIURA LV e BCE B FERRAE BB O, AT 3 35 4 e LA 2R o T ResNet [14]7 4%
s e T BRI, B BRI R R I 4 T I 1 R IR B S T, AT E TS S B
Pk, CREAAHICIIEUE, FAMEAE TR, FREBIMEWWME 1 FroR. M0 TRERIUS, M4

DOI: 10.12677/csa.2021.115127 1258 MR 5 R


https://doi.org/10.12677/csa.2021.115127

SE

48

I

H R A2 T AN e AR . s HAE WA @) . FEXEIN TR ZERER G, JFOR AR 2R X 245 1
SR LA ER K, I T 1% ResNet-34, ResNet-50. ResNet-101, ResNet-152 [#] X £& &5 14 .

weight layer

F(x) l relu

X

weight layer identity

F(x) +x

Figure 1. Schematic diagram of the residual module
structure
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Z="f(x)+x 3)

BRI, U ARQHHTRBIE, S5 AMEE L, (RIE T BEEERIEAB TR, B2 BTN .
TESCBRIISEIR Y, FM124 T RS PRI, 360 ResNet-18 S5 K — 21 fe-1000 #6480y T
fo-6, EDKSJEAART 1000 KT RIIILG, LI T A 6 NFKBIKEIFLE, MR EIAH N
9 1000 (K BEE WO T /N 6 (O3, FEimiT softmax 19— (L EI[0,1]. BSEUL 6 4 i kT
PRI FRRIE A 05 5 bR . ZEBUR BB, TN THEIL T 3 BUIAE SRR B 5L H
B 2 SURTER M A S A T (4) s
1N K )
Loss =—=-3" 3 yi log i) @
i=1 k=1
Horb, N R B TREARNE, K FORM IR vk JOR 5 T AMRERIE T4 k KRR T-h 1, AR
TR 0). p FRBURBINNE | AR T2 kR,

2.3 RBEIaHE

ResNet-18 HLH! AR LE M A 1] 2 o o, SNFT LA 3 J@IE M Fr, o mT DU SodsE 1 B
B 2% LA B ZAE N —A Block Z5#4 (B2 PO BT HEB AL, Kl 2 & f 1 MEARERZ, 14
RARIALE, 2 NMEGIREZE, 2 M ariRzER, 2 MR EmkZER, 2 MIariRZER LR 1
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MRAE BT B R, FRATBETT T A BBREA S AR, BRI 53 AT 55 IR AAE AL A MR = I dn 1
3 Fzn o FoAr i N 2 BRI FOAN A R B B, 2050 ResNet-18 W48 JEHURFE, fitH 512 x 1 x 1 fy5k
&, SRJGFIA Flatten #{ER Tk B RN — NN 512 &, B TEEOFEEE N 6, Kk, @il
AN, B ANKEER 6 AR, 2t A softmax BEAELLE, ¥iZ i &I —4k [0,1]75 F
WIEE, B EUE R RIS, (ERNRE 2280 L Bk R B, s B o R s 3L
R AR @) R .
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Figure 2. Schematic diagram of the overall structure of the ResNet-18 model
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Figure 3. Defect classification overall framework diagram
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Figure 4. Samples in NEU-DET dataset
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loss and accuracy in train set during the train process
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Figure 5. Schematic diagram of the change of training loss and classifica-
tion accuracy during training (the blue line is the accuracy, the red line is

the loss, and the accuracy rate is calculated based on the training set)
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accuracy in test set during the train process
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Figure 6. Schematic diagram of classification accuracy on test set during

training
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Table 1. Comparison of experimental results
Fz 1. EWMEERNTEL

100

BRI HUETH R (%) Cr In Pa PS RS Sc
ResNet-18 (A F 44 1 512 ) 90.33 100.0 98.0 100.0 46.0 100.0 98.0
ResNet-18 (K FH #5 1 5i%) 97.33 100.0 100.0 94.0 90.0 100.0 100.0
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