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Classification of steel surface defects based on lightweight network
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Abstract: Defect classification is an important part of steel surface defect detection. When the Convolutional Neural
Network (CNN) has achieved good results, the increasing number of network parameters consumes a lot of computing cost,
which brings great challenges to the deployment of defect classification tasks on personal computers or low computing power
devices. Focusing on the above problem, a novel lightweight network model named Mix-Fusion was proposed. Firstly, two
operations of group convolution and channel-shuffle were used to reduce the computational cost while maintaining the
accuracy. Secondly, a narrow feature mapping was used to fuse and encode the information between the groups, and the
generated features were combined with the original network, so as to effectively solve the problem that “sparse connection”
convolution hindered the information exchange between the groups. Finally, a new type of Mixed depthwise Convolution
(MixConv) was used to replace the traditional DepthWise Convolution (DWConv) to further improve the performance of the
model. Experimental results on NEU-CLS dataset show that, the number of floating-point operations and classification
accuracy of Mix-Fusion network in defect classification task is 43.4 Million FLoating-point Operations Per second
(MFLOPs) and 98.61% respectively. Compared to the networks of ShuffleNetV2 and MobileNetV2, the proposed Mix-
Fusion network reduces the model parameters and compresses the model size effectively, as well as obtains the better
classification accuracy.
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Fig. 1 Schematic diagram of
channel shuffle network unit
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Fig. 2 Schematic diagram of fusion coding module
2) 73 [ AR o TSR A B BR ) 3 3 S R AR R X
25 5 B AT AL, T A — i 3x3 AL AT 28
A T RO — RO s ) AR A RS 7E A e
7L TE R I O T SR B 22 (0 A S L 2 AT AL AL PR
TEALF Re LU 075
3R . T AL A RRAE 1] 5 SR R P 25 AR SN 5
PIARAT T L DX AP PR RRAIE | P9 46 o) 225 () A i ] 32047 DG i A e
Ty: RO — ROV 22 5 kA7 4 b BB AL N Sigmoid
W A3 5 R RRE P — AR FE A DU RCRAE ] o e H DT



1838 HH AL A

% 41 %

BCHRRAE IR R i 200 RO R 7, 506 I 45 LI T 3R B
ARG G, D PR SR 28 T SRR R ) o 6T B Rl
A, IxL B S S B A X T B — AN 3 09 05 B AR AT
TGt R A B 2 VE BCARRAE [ v, AR s E AR T
K R IERE R — B E RS R, X T B R
EIEE¥SY:HER S
1.3 BESRER

‘?ﬁhﬁfgﬁfﬂ(DepthWise Convolution, DWConv ) 7E ¥/t %
G 245 v ROR TR AT , H 0 R 2 RN A
— AT AR, TR R BER T S5 fi A . SR
& AR R 2 f] B A PR 3x3 B A 2 T BRI K
AN o AT 3 MixConv 2456 MEAH, f FR R XN &
MR AR B, KB B RR IS AE — 2 T IRl P9 48 v e
RURGRE , 26U e 4 = BB TE AN [R] 43 W T I3d N

3 BT, AN ] TR AN YA N T T TR T TR
B RS GFURHE B8 5 A T4, IR A~ R AR
RN N AZ o P 48 B 5 2 KA FRAZ SR Al 31 v o0 B e i =,
T E N PRI AR o FE 2, DUARAS B g (A ARG
JERIROR . AHBET 2203 3 I 45 2 v b A8 i 22 I 2% 1) 2 R 45
AF A TR B9 4 B2 5, U Inception™ A NASNet™, 1R 4 %
FRAEARBUE M S5 R I 00T, BEAE B A 6] /N 5 1 s
TR LA AR B P i

[1]2]3]4]5]6
pm———

KxK
l¢+ww+¢ll
Ll L[l ]o] [az[[s[S[e[ L]

() REEZR (b) A B

B3 RS BRIR S % B

Fig. 3 Principles of deep convolution and

nnNERNERERD
N [ = [ = =y = =y

3x3 5x5 KxK

tll 1 t|1 l Lll

mixed convolution

1.4 Mix-Fusion &1k

BT B HIT, AR T MFREE ., MF & 4 (a)
INAE AT ZA 3 S 53 3 B S0 SRR 4y S b
TE 53 SR FR G FRAE 0 B IR . RS 3 ORI W B %
E2 My B = =34 ) P DR = SRR Al 2 (1 g W N
ZJE P TIE T DA LI b A RS B R, R RRE B
FRES IR0 T8 PR A E 2 )5 R TR & B AR W) 43 BE 3
T R v A O RS T R AR R A S T R
BRI Z MG R 25 S5lG 5 3PS M RHE
EIZEG A TR S 3 MRS 43 I 3t . 58 =2
FEGTUE R TR W E A B AVE PR IS . RilA 43 306 )
LT RS A, A5 = R ARG T S B 243 3 BT
RIFUN XML G, XA B TR =2 BT
A E BBk .

K 4(b) 2 MF B8 T RFERUA AT LN B0 DS
53 IR G A BURIRA 43 32 P 1 3x3 R R PR AR 2,
2)FEARUES A I T AR R 2 89 3x3 AL, I FHOCE BE
% (Concat) B9 A T IC RN b 1 23 SCRIRE 203 3
i Gk, 25T T RAE MEBIYS R AE 04 2 W] 4 55 o sk
2 T E RIS 1 145
1.5 Mix-Fusion PJ%&

BT MF B, A SCHR L T — o #5001 ) 25 245 44 Mix-

Fusion, BVARZSH I 1 T . S50 0 4 4B B BB
— AR RN 21— 3x3 HBFUZ il max pooling 2 , X W )2 X
BN EURAT 450 T RAE AR AR s 22 )5 31> B B
JEHH — R ME ALHORIE T AR 1 MEF BEEL 2 Al . B2
TR 1T A4 AR A R B A A B X3 R X T A R MF
FEHR T B 3R a7k, 12" R KN 2,7 27 1 ME FE 8
PUATFRFEDIRE. 1 22 N RN 7 14
JR AR 2 | 3 et A 42 R 6 FS I BB R, AR

3.
® —

BN ReLU _ BN ReLU _
T il & 43 32 T e 5 3
pILBTERY ol i JE PR

BN ReLU RAB BN ReLU
T 3 x 3 Conv
Ry (tride=?)
BN ReLU —— BN ReL.U
BN 3x 3AvgPool| | oy
- - (stride=2)
- BN Sigmoid
Multiply Multiply | BN Sigmoid
1x 1 HEM 1x 1 20
BN BN
ReLU ReLU
O
(a) MFASEER (b) MFASEHI T RAE M A

K4  Mix-Fusion BiHR & &

Fig. 4 Schematic diagram of Mix-Fusion module
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Tab. 1 Network structure of Mix-Fusion
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Fig. 5 Sample defect images and corresponding labels
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FLOPs) HIR A i FLOPs , 48 ST sl iz B BN 10°0

Sy S E SR AN [ AT T R 25 M RE R S, A SR
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Tab. 2 Comparison of comprehensive performance of different networks

o W S - g«??i@
MFLOPs 10° HiF [ /s
SVM+GLCM — — 90. 81 —
Mix-Fusion(Base) 41.2 0.22 96. 67 0.93
AlexNet 710.6  57.02 95. 00 1.17
GooGleNet 1503.9 5.61 96. 38 1. 54
ResNet-50 4109.5  23.52 95.56 2.33
SE-ResNet-50 4117.5  23.04 97.52 2.59
SE-ResNet-101 7847.7  49.29 98. 07 2.94
Mix-Fusion(3-5) 35.0 0.11 97.22 0.96
Mix-Fusion(3-5-7) 43.4 0.25 98. 61 1.05
Mix-Fusion(3-5-7-9) 52.7 0.41 97. 50 1.22
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M) SENet #EAT LLAL . A1 2 B 7R , )R SE-ResNet-50 Fl SE-
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i LR 10% B LT I 28 PR RE 22O [, Ot R Y it
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F3 AEVIREE S LA M & B EXT

Tab. 3 Comparison of network accuracy with

different training data ratios

IR 5 /% 1%
100 98. 61

50 97.72

25 94.78

10 85.56
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Fig. 6 Performance comparison of
different models
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Tab. 4 Comparison of comprehensive performance of

different lightweight networks

s 1144 J1/MFLOPs SHR/100 K 1%
ShuffleNet 140. 7 0.91 96. 32
ShuffleNetV2 146. 0 2.26 97.25
MobileNetV2 300. 2 3.40 96. 94
Mix-Fusion(3-5-7) 43.4 0.25 98. 61
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