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Steel surface defect recongnition based on a lightweight
convolutional neural network

Li Dan, Wang Manman, Liu Junde ,Chen Feng

(College of Electrical and Information Engineering, Anhui University of Technology ,Ma'anshan 243032, China)

Abstract : Recognition of steel surface defect is essential to promote the improvement of steel production quality. However, the traditional
image processing and recognition methods have low accuracy and are easily affected by factors such as light. However, the emerging
algorithms based on deep learning have problems such as large amount of model parameters and difficulty in deployment, which cannot be
widely used in practical production. In this article, a lightweight partial depth mixture separable network ( PDMSNet) is proposed,
which is small model size and floating-point operations ( FLOPs) and is easy to deploy on resource-constrained platforms. The test results
of the standard strip steel surface defect data set NEU-CLS show that the performance of the proposed model is better than other defect
classifiers in strip steel surface defect detection. The recognition accuracy reaches 99.78% , and the number of parameters is only
0.17 M and 272 M FLOPs. The average time of an image recognition on a single low-end GeForce MX 250 GPU is 0. 47 ms, which can
meet the requirements of real-time detection in industrial field.
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Fig. 1 Fire module and m-fire module
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(a) The network architecture of SqueezeNet
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(b) The network architecture of PDMNet
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Fig.2 The overall architectures of SqueezeNet and PDMSNet
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Fig.3 DMS module
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6 b g 7Y B | B2 & ( crazing, Cr) . ¥ 4% (inclusion,
In) BEHR (patches, Pa) . 5 fU T ( pitted surface, PS) %L
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Fig.5 Image examples of different defect categories in NEU-CLS
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ELRAME (TN) 27 B 2 R AR Bl 1 U000 ok 7288 5 f PR
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Table 1 Confusion matrix
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IR T ok
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Precision & X 20 (1) BTN, FoRFERE TN Ry 1IE25 00
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AL AT
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TP + FP (1)

Accuracy Fon o FEEW B REAS & BAEA Y LU, an
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FAY R 30 R U A R R o AT
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HRIESR B
Recall =L (3)
TP + FN

F\ e JE0T RAR ) — AT AR BR , BN N A 2R
BUERAZEEE P& Recall M Precision WY& F1EH)1{E
HARXm=(4) i,

Precision X Recall

F =2

1=score

(4)

Precision + Recall

HESEIE
h T HA A T AT DMS BRI 4 B 3455 He (1
AR, R SqueezeNet 1E 9 FELL M4, i NEU 257 46

3.3

UEAE F AR EE a2 2 Fi7R A, CumnA 4351 R HEH
JE G 25 FN B AU 25 BN I SC 43 B e i 00— 4k Ak
ZiEHE, IWFE 2 PRI LIE H, SqueezeNet 1H 51K BE 1 5l
BRI T 63. 94% M F-BIEmf R, ik, A TAES
A BN A1 SC,f#15% 5 RSLH AN 45 R nAa e, HRE R
e T 35.61% , BRI EGRITIA RRAISHON
744 262 [k 255 942 SR HETR L T 0. 16% . DMS
R e fet P AR B R T T 0. 50% , TAAL S T 5 504
HISE, TR PHERE IR EE T 99. 89% 1 iR 1R 1 HE A
B[ I 2 508 N 261 446 &l 168 014, FLOPs [% Jy
272 M, AT RUE AR TAEA RL 48 1 #5580 14 30 1)
PERE, RIFHEA> TR & S48 I FLOPs,

2 7 NUE JH3I384F & FRY RS0

Table 2 Ablation experiments on the NUE independent validation set

Jr ik 24w TF AR iR THERR 3 25 FRU A
Method Params FLOPs/M Accuracy/% A CumuA
Squeezenet 738 502 743.53 63.94223. 07 0 0
+BN,SC 744 262 749. 61 99. 55+0. 28 +35.61 +35.61
HIRE ] 438 B 255 942 360. 57 99.3920. 11 -0.16 +35.45
HIRBEIR G T T BB 261 446 366. 27 99, 89=0. 09 +0. 50 +35.95
IR DFEEREER 168 014 272.00 99, 89=0. 09 0 +35.95
Jg i DMS b o L% 41 & 77 26 45 50 B 1 . DMSBRHE e 100
FPERER R, SqueezeNet+DMS P45 #5 I £E NEU 19 370F A99'89 ros 199
REge LT SR, 1 6 FUR A KBRAR, SR S ] o P g
DMS A BUZ N 3x3 TF i, 4414 BUZ R < % 4 4 2 364 0627 Tl 97 £
f0 2, k3x3 Fm DMS Bidhh B 3x3 —Ffh BB, %362 360.57 £362.93 1996 3
kSxS FR DMS BB A T 3x3 A1 5x5 PR BRI Bl oo s
k7x7 78 DMS FIEA T 3x3 .5x5 . 7x7 X 3 Fi A%, % 3s6] 1094
kOx9 HFIRE T 4 PR, 9 3x3.5%5.7x7 Fl WMES 155 K77 oo
9x9, IR Lk DMS A8 b AR TR 45 BUR 2 4 07 R I —S—FRALERELROMN. = TETIEAcruracy/%

HERRAG AR, LN FLOPs 845, ME 6 ] LLE R,
bifi %5 & AR AL A g RIS B e s b 5
U A 1 3] 4 Bt 5 R M 99.89% T [
99. 70% ; [A] i} FLOPs M 366. 27 M #H11 371. 03 M, 1
MR P W, Sk T TR A B B TR S S B
RA RS E] 9x9 ANMEE A L THERE, M| T
TERA 210 TR

R T i — 2 WA B ) R DA SR B B () e B
KT AN [ 42 ) K- 40 A AS [R) 46 BRUAZ 1) SqueezeNet +
DMS W45 B HF NEU 27 008 o, 20 S0l et
AN 6 A AL EREE R PERE . NS RN 3 FR,
WL 3 W] LA L B A S B R T g, ke
Z% SUPTET RIR X 3 R R 0 HERS 3 A B3 FL 434

K6 DMs #iHbkaE
Fig. 6 DMS module performance
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WL 6 FEE 3 MTERELER , B R AL A R 3,
5,7 1R L5 ASE R A AU A 3 A YR 31 o it =6 P BUAS: T e v 4
e, ELAE 6 Fh e 1 U0 1 R Hh B T S At A ASUA
IR ARSI R S R 3,5,7 A&,

SqueezeNet+DMS 1 3x3 5x5 7x7 R &4 &
( IR A #R SqueezeNet+DMS) PRAIKS B e iy, {H & 2348 n
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Table 3 Comparison of recognition performance of six kinds of defect in the NUE independent test set
Ry Fde BEBk gyl btk i
ERH
R ﬂf W A Fi i Fl wH A Fi g AR FI M AROFL W AN Fl
- N S T T N S T SN S T S S N O S S
3 99.67 100 99.83  98.33  98.33  98.33  100.00 100.00 100.00  98.33  98.00 9816 100 100 100 100 100.00  100.00
3,5 99.35 100 99.67  99.01  98.00  98.50  99.67  99.67  99.67 98.02  98.67 9833 100 100 100 100  99.67  99.83

3,5,7 9.67 100  99.83 100.00 99.00

3,5,7,9 100.00 100

IR

100.00 97.70 99.00

99.50 100.00 100.00 100.00 99.02 99.67
98.34 100.00 100.00 100.00 99.00 98.00

99.34 100 100 100 100 100.00 100.00

98.49 100 100 100 100 99.67 99.83

/D B I RS R SRR G TN A . R P 28 A g |
AR B E PDMSNet B8 | [l i 1 331 &6 23 Bt
PASRH AR, 76 NEU MBS UESEIEA T 15556, 2558
& 7 i/, T( Ture) F F( False ) 4351357~ DMS Hhn A%
S PHERIRAUN IR 7 PHEZEE . 7E DMS £ 1 Al 2
Fp R B 384 35 20 DF B AR B ( PDMST Il PDMS2 b ) |3
SRR B2 o T RN — AN 8 4 DF B2 H ) N 2% A (7]
B A R BRAR T BRI 280 . B SqueezeNet+DMS A
ZHERM 0.26 M FEH 0. 17 M, RIS T 99. 89% [yiH
MAERRE  FLOPs J{lkh 272 M,

O 2% A Y 2 250 A A 2 0 [

99.95, 0.30
0.26

9990} F e, LB 99.89
< 99,85 P
) ~
g sy
Eos MM B0 -
()
<
¥ 99.75
g 99.70
£ 99,70

99.65

99.60

: S ) S
o S8 R
S S
0 Y
== AEHHZR Accuracy/% --- Z¥EParam/M
Bl 7 P GE

Fig.7 Partial splicing module performance

3.4 HEGZEEELEES

AT K A NEU 4 4 09 oh 5 03k 48 1 58 F
PDMSNet #2837 fb 1 fig, A T AE WL & T )5 45
SqueezeNet, SqueezeNet+ BN, SC, SqueezeNet+?§f§ﬂ§}%
£, SqueezeNet + DMS L) J2 21y R 45 A5 B PDMSNet
(T,T) (LA FR A PDMSNet ) 2K 5 iiF 4 ¥k TAE 1A %%
P, N3k 4 TR JCIR R B IR JE S 8, PDMSNet 1]
g A5 R AR AR T B A B g5 R, HoAR Ch R E 4R
SqueezeNet 5 A1 K5 B A1 Lt , PDMSNet £ AUKS 42 7+ T
43.429% ;2800 M\ 738 502 JE /0K 168 014,45 /N T 4.4
%, 7 H. FLOPs AH He F R if SqueezeNet J8/0 T 2. 7 45 A
1k ; PDMSNet 25— 5K & R B9 F- 20 B A 0. 47 ms, 7843
LA T PDMSNet BB T i i (FUNSCR AT

SRR — B B A AR BT B2 07 0 A AR, R
PDMSNet #6751 28 B (1) 53 2 B B4 . ResNet 18" 0 £,
MixNet"'> P44 F1 MobileNetV3'2" [ 2% £ 17 T ¥ REXT 1 .
ENFR S PR AEH I EE 25 TR A SR I
FIEGf 2000 = R AT 8 T A & B, PDMSNet £ TGI8 /2
KB I 2 HE B R BB L MixNet 285 0.27% 2245 o SR
PDMSNet HZ:%i R A ResNetl8 1) 1/65, KL 2 MixNet
F1 MobileNetV3 11 1/24, JoiJ& A MR A 2 F1 435058
BUS B 45 3 | 254 % & PDMSNet £5 I #E NEU $04E
£ TN MERER LT

F4 NEU ik sEiRG &R
Table 4 NEU independent test set identification results

Tk LirtlEs iR # Il % F1 7% SRR BAREE R
Method Precision/% Accuracy/% Recall/% Flcore” % Params FLOPs/M T/ms
SqueezeNet 56.36+25.92  63.94%23.07  63.94%23.07  56.83%26.86 738 502 743. 53 0. 59
SqueezeNet+BN , SC 99. 56+0. 28 99.55+0. 28 99.55+0. 28 99. 55+0. 28 744 262 749. 61 0.59
SqueezeNet+ I 1] 4385 457 99.39+0. 11 99.39+0. 11 99.39+0. 11 99.39+0. 11 255 942 360. 57 0.51
SqueezeNet+IR LRG3 Btk 99.78+0. 11 99. 78+0. 11 99.78+0. 11 99.78+0. 11 261 446 366. 27 0.55
PDMSNet 99. 78=0. 11 99. 78=0. 11 99. 78=0. 11 99. 78+0. 11 168 014 272.00 0.47
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Table 5 Comparison with advanced network model classification results on the NEU test set
Ik R NTHES FENCIES F1 704 SR eI P ey
Method Precision/% Accuracy/% Recall Fiscore Params/M FLOPs
MobileNetV3 99.03+0. 32 99. 00+0. 33 99. 00+0. 33 99. 00+0. 33 4.21 226. 44M
ResNet18 99.28+0. 13 99.28+0. 13 99.28+0. 13 99.28+0. 13 11.18 1. 82G
MixNet 99.51+0. 27 99. 50+0. 27 99. 50+0. 27 99. 50+0. 27 4.13 251. 82M
ik — 97.62 — — _ _
ikl 98. 50 98.25 98. 10 98. 30 — —
ikt — 99. 05 — — 1.25 —
ikt — 99. 61 — — 41.89 7.3B
PDMSNet 99. 78+0. 11 99. 78+0. 11 99. 78+0. 11 99.78+0. 11 0.17 272. 00M
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Fig. 8 PDMSNet confusion matrix in the NEU

independent test set
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