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ECC-YOLO: An improved method for detecting surface defects in steel
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Abstract: Aiming at the current problems of low efficiency and poor detection accuracy of steel surface defects, a model, named ECC-
YOLO, is proposed for steel surface defects detection based on YOLOv7. Firstly, in order to improve the capability of feature map
information characterization of the backbone network, a feature enhancement module ConvINeXt is introduced, which enhances the feature
extraction capability of the model for fine cracks by fusing the depth separable convolution and the large kernel convolution, secondly, a
C2fFB module is designed, which enhances the capability of extracting the feature information of the target and at the same time, reduces
the computational volume and parameter complexity of the model significantly. Finally, the MPCE module is designed with the help of
the ECA attention mechanism to weaken the interference of the complex background information on the steel surface defect detection and
improve the detection efficiency. Finally, extensive experimental results show that the mAP of the model of ECC-YOLO reaches 77. 2%
on the NEU-DET dataset, and compared with YOLOv7, the detection accuracy of ECC-YOLO is improved by 10. 1%, and the number of
model parameters is reduced by 9. 3%, which gives the model a better comprehensive performance in steel surface defect detection.
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Fig. 1 ECC-YOLO network structure
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Fig.2  ConvNeXt-B module structure diagram
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Fig. 8 Example of defect images in six categories
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Table 1 Relevant parameters of the experiments

Epoch 200
Batch size 16
Learning rate 0.01
Optimizer SGD
Size 640
TP
pP= (4)
TP + FP
TP
R = (5)
TP + FN
1
AP = [ P(R)dR (6)
0
1 N
mAP = — Y AP(i) (7)
N 5

i P RIRETIRE R £on A 1013 n R TIZE5
g, TP . FP FN %3 53R BAE G fBRIEG], B ],
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R T B UE BACHE T 8 KT B A 2 T R R A AT A
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JETFHIFR 2 1 5 A58, AR LR A0 R — > S HCR )
IR R, Hod s ud 1 o R AT A Bl HF R B
YOLOv7 M%& , 5280 2 3 .4 .5 43513875 051 A ConNeXt
Fie 5] A C2fFB itk 5] A MPCE #i3t 5 ECC-YOLO
[IEE

2 WTLAE W, T2 12 AR AT ] el itk 5 ek A D
i YOLOV7 M 4%, H mAP {H N 70.1%,, HZ 8 &N
36.5 M, SEH: 2 B RS YOLOVT MM 4% L5l AT
ConNeXt i, B4 J5 i W 48 K5 BE$2 T+ T 5. 6%, 7 Cr,
In Ps. Rs, Sc & 3% i i A& W o 6 K 2 22 &5 F )5 46
YOLOv7 [, SEG 2 UEBH & RE 3 50 9 45 X0 b4 22 T
BB AR OE BECRE 7 A2 RO R, S0 R 3 A
SRR FE 45 B 48 6 YOLOV7 1 ELAN 5 B 5 4t oy
c2fFB Bt mAP KT T 1. 7%, BARBE R 17 118
SRR BRSO AP A S 8 B g b T Wb T
20.71% ,WEH] T C2FB A 46 THIE B 19 [ B, o K
REAR T AR 53 2 8, IR AS B R B AL AR AR ) S0 4 2
51 MPCE B8 | iy iy B A 240 J2& 36. 5 M, mAP fy
71. 4% M HF IR YOLOvT M4, mAP {427+ T 1.3%, ,
AR FESE T ECA FER I HLHIH 558 2415 =5 8
X A A SR RSN P TR, X A 2% T ke B R AE LA R AL
VER ., SJETEss S s, BINA T 3 Mtk e ng , mAP
KRBT 77. 2% , B H AP B, L YOLOVT R 28 6 0K i
2T T 10. 1% BRI ECE A T 9. 3%, 45 5 3 B ootk
) ECC-YOLO 4% R LA i %H0 b 2 1 e i 1 5 110 19
W, X F PRI E G AT AN R R A 42 T, Horp Rs Bk
f4 AP (M 54% 32 TH5) T 74. 2% , #2755 1 20. 2%, Tk
T Sc BRFA R mAP AR R m Y, HAE IR 3 T 95.3%,
2 MIIEE LRI, 3 RGBS ECC-YOLO W 4% 1%
THEH, X FARb 2 1 BB R ROR S AR, B B 1R
TR J32 RS 3 3

xR2 HEAXWER
Table 2 Ablation results
Sy mAP Cr In Pa Ps Rs Se Parameters/M
1 0.701 0.327 0.797 0. 873 0.779 0. 540 0. 891 36.5
2 0.755 0.415 0. 808 0. 887 0.796 0. 682 0. 944 39.2
3 0.718 0.303 0. 801 0. 899 0. 765 0. 602 0.934 31.1
4 0.714 0. 346 0.811 0. 865 0. 765 0. 557 0.938 36.5
ECC-YOLO 0.772 0.434 0. 893 0. 843 0. 766 0.742 0. 953 33.13

2.4 ZFEbLEE
1) AR TSI H S 56
AT RUES | A MPCE {3 2 7RO 84 A4 2 11 ik e Ao

W A I 25 S L YOLOvT M 4% #5578 of H 5 SA
SimAM \ECA {3 AL il A5 28 AL A R 25 (1) Head #843-3E4 7
XFH, H7E NEU-DET %0645 F AT 500E, i3k 3 s,

®3 BEAREFEENERIGIESER
Table 3 Comparative experiment of different attention modules
Methods mAP Cr In Pa Ps Rs Se
YOLOv7 0.701 0.327 0.797 0.873 0.779 0. 540 0. 891
YOLOv7+SA 0.709 0. 281 0. 803 0. 875 0.777 0.59%4 0.926
YOLOv7+SimAM 0.709 0.283 0.793 0. 884 0.770 0. 615 0.909
YOLOv7+ECA 0.714 0. 346 0. 811 0. 865 0. 765 0. 557 0.938
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Fig. 9 Comparison of 6 kinds of defect detection result
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