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Abstract

In order to realize the image detection and identification of surface defects in the manufacturing
DERER

SCESIH: M, Ik, HEK, R BT 0k YOLOX-S %% () 4 B F TH B S AT D]. BU TR S HR,
2022, 11(4): 384-392. DOI: 10.12677/met.2022.114044


http://www.hanspub.org/journal/met
https://doi.org/10.12677/met.2022.114044
https://doi.org/10.12677/met.2022.114044
http://www.hanspub.org

Rl F

and processing of metal parts, improve the image detection accuracy of unqualified products in
the process of metal parts processing assembly line, improve the automation level of equipment in
the process of metal defect detection, and solve the problems of easy fatigue, low detection effi-
ciency, low detection accuracy, strong subjectivity and inability to adapt to the detection of large
quantities of high-quality parts in manual detection. A convolution neural network model based
on improved YOLOX-S is proposed for metal surface defect image detection. The model changed
the structure of the unit module and introduced the attention mechanism module based on the
original YOLOX-S model, which optimized the model parameters and improved bounding box po-
sition regression loss function and confidence loss function, and then the image detection model of
common defects on the metal surface was constructed and realized. The results showed that the
loss of improved YOLOX-S model could converge faster, the model with bounding box position re-
gression loss function and attention mechanism added, its mAP increased from 94.23% to 96.14%,
and the accuracy improvement effect is the best, while only a small amount of reasoning time is
increased. Compared with the YOLOX-S model and the model with different improved methods, it
is shown that the improved model based on bounding box position regression loss function and
attention mechanism has the best comprehensive recognition effect, which can meet the require-
ments of metal surface defect image detection and reduce the outflow of defective products in the
production process of metal parts.
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BEAE N A2 Tl oy R R, 4@ BUz i pOA A 7= A 3 DL T3 i oy B 1 J5EA kL. 18k
SRS TERNEARARWaH, 5. 8. W% SR LEE SN EZTMRISN T Z 8 TR
REAAS BRI, USRS Aol TR, 7588 BFHE M TR, BT AN REIEA L858
TLTZWRE, SREFASHImER. FR. LR, RE. B, RMmESRIE]. 8 TRIESE
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X 4 B S R AR I ) R o N AR . XS ERARI . R A AR I [2]. LSS AL SR 2
R385, Horb, NTDASI . XS Gotarill B8 P Jper I &8 32 AR T A T R AR B2 ) LR SR
FEAERT I RUZEAR, R AR AR ) B TR B2 2% 2T I BBk 7 32 s iR 1 AN R B BCRFAE R R A, R A% S
P, HEff. BENRIERIGIEO[4]. TR, ST 48 UG I IR FE 5 1 iAWk g, 2020 48, 2
ENISE[SIHR-H T —Fh et (19 YOLOV3 ST FH T 400 3 T R Spa Ao N0 , 368 T 18 268 ) 8% &5 4] 5 A0 AL A AE SR 2 5
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BERS AL FE AN BT iy 51 A B R ROZAE ) K-medians SRS BUEHAE, 7EARAL B [ EL
FEE - mAP IEF] 7 0.9905. 2022 4, Tian Al Jia [7]3&H T —F3EF CenterNet tfuidh i) 2 i Sk [ B ArAs:
M#F(DCC-CenterNet), O i G REAFAEIG BRAs e . BB B0 CIOU %, /& NEU-DET
HHEE L mAP IEE] T 0.7941, 3 JEH 71.37 fpso. LA KARTE YOLO-V3 28 #E MG AS AR 1 3047 ik
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Figure 1. Diagram of the network structure of YOLOX-S model
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Figure 2. Diagram of attention mechanism CBAM
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Table 1. Description of experimental environment configuration

1. ERIMEAE A

AT B 44 FR i L
CPU AMD R5 2600 6 #%0» 3.6 GHz
GPU Nvidia GTX1070 8 GB
A7 16 GB 2666 #i%
BIERG Windows 10
PLAs 2% S HESE Pytorchl.11
RWIEES Python3.9
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Figure 3. Diagram of mAP changes in model training
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Table 2. Improved YOLOX-S index comparison results
% 2. BU# YOLOX-S $E4Rat L 45 R

7k mAP/% Cr/% In/% Pa/% PS/% RS/% Sc/% T/ms
YOLOX-S 94.23 86.78 96.74 96.17 99.68 88.98 97.34 13.79
+Focal_Loss 89.85 82.98 89.94 96.90 93.69 83.48 92.12 15.01
+EIOU_Loss 95.46 89.90 95.15 96.85 97.61 95.69 97.55 14.18
+CBAM 94.54 88.23 97.55 96.15 96.55 93.58 95.17 14.80

+Focal Loss + EIOU Loss 89.87 83.09 89.99 96.84 93.88 83.35 92.08 19.76
+CBAM + EIOU_Loss 96.14 94.12 97.71 96.48 96.77 94.40 97.35 14.24
+CBAM + GIOU_Loss 94.84 88.29 94.01 97.53 98.69 93.66 96.86 14.85
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Figure 4. Diagram of prediction result samples; (a) crazing; (b) inclusion; (c) patches; (d) pitted surface; (e) rolled-in scale;
(f) scratches
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Figure 5. Diagram of real label samples; (a) crazing; (b) inclusion; (c) patches; (d) pitted surface; (e) rolled-in scale; (f)
scratches

5. ELIREMHEARRE; (a) BYG; (b) RZE:; (o) HEHR; (d) BRE; (o) |UEEEN; () ¥R

Ik B HERR IS (B], ARSI 42 8 LA ek TR] o E (S) TR AT e ik R 24 S B 43 B 200 MELE.
Number = 60/7,,, Q)

Ao, T, SR A 48 T S

BRI AN 4 i, SRR, FO0 I B ECShR o BRI 5 s, BT
T A 5 SRR AR T LA Y, 76 TOIRE R 2 SR 0 7 T o L B, Mk A ety . 71
4, ERRR AT TR A T BRI A, 7 E AR 2 Tk T e L U 2
Wk b, R B R R A BB K

4. &5t

ARSCHEH T — MG YOLOX-S 4% 1) 4 Ja 2 T B e BRI 7732, R 9l N T & @ R I sk e H
FRA AP 45 NEU-DET, 2387 78 —1R11 YOLO BL%Y YOLOX [ 4% 2544 5 5545 2o &% YOLOX-S
BT 5 2R T R B 50 4 AT I A7 5 PR 1)L, R 7 WAy 55 WL A A B 5 503 2k o 50 ) B0 A 35
7t NEU-DET #(4f5 4E 138 i 7 [H] FH3d 3 2 4E fE SR MU IAAFAE, LA EIOU_Loss 15 2% bR 250H) FH THUINAE A
SIHE P B8 1 22 S AE BRI LL, RN Focal_Loss fF-UR TRINAE 5] U= Hp (R RE A AN P16 [l i SE2 6 485 R W,
TEA S e SR PE M AR IS LT, 5 SR T T RGO A R B R N BB 23 S HE R 26 A0 8 ARG
HLREAYEEAR mAP [HIEF] T 96.14%, FPS N 14.24 ms, 48 % 1 22 RS 5 R P E k6 M HER R 96%

DOI: 10.12677/met.2022.114044 391 Wbk TR S H A


https://doi.org/10.12677/met.2022.114044

Rt F

A_E DA A 00 <53 a8 T At A 43 23 200 ASRAL o RTINS b T S50 o (R SR e B SR AR AR A A B R, )5
Sy O R SN B B R, ST AR E R, SRR A e

E&WE

3

=

(1]
(2]
(3]

— — e
AN W»n B
[ B R

(8]

(9]
[10]

[11]

[12]

VU A R A R« e T v BEMLAR 015 A AL 5 SRS T3 v 72 5 & GEt i (2020 YFGO113).

%30k

AR BRI ARG S TE WA PRI R A 2 [0]. FEE 4, 2017, 40(5): 87-89.

J7HEAR. P RS DU AR TCAE N T S R I R AET]. RHEA SR, 2019(12): 37-38.

FEOH. HET LSO 4 8 Jr SR T R B S A I 5 - R AL [D]: [ 24 5L, AR R E R R,
2021: 11-23.

2k, ViR, T, & SREARDINER M kSRS R AR LER[I]. B3k, 2020, 46(11): 2319-2336.
2R, IR, BB, S5 FET 0 YOLOV3 BE R AR T B AT [T]. HLT 224, 2020, 48(7): 1284-1292.
NEIL, BES, KB, % HET AM-YOLOv3 A2 (V45 B0 e sk FE A I vk (0], Hoe 5ok 724 e,
2021, 58(24): 360-370.

Tian, R. and Jia, M. (2022) DCC-CenterNet: A Rapid Detection Method for Steel Surface Defects. Measurement, 187,
Article ID: 110211. https://doi.org/10.1016/j.measurement.2021.110211

He, Y., Song, K., Meng, Q., et al. (2020) An End-to-End Steel Surface Defect Detection Approach via Fusing Multiple
Hierarchical Features. IEEE Transactions on Instrumentation and Measurement, 69, 1493-1504.
https://doi.org/10.1109/TIM.2019.2915404

Redmon, J. and Farhadi, A. (2018) YOLOvV3: An Incremental Improvement. CoRR. arXiv:1804.02767.

Redmon, J. and Farhadi, A. (2017) YOLO9000: Better, Faster, Stronger. 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017, 6517-6525. https://doi.org/10.1109/CVPR.2017.690

Lin, T.Y., Goyal, P., Girshick, R., et al. (2017) Focal Loss for Dense Object Detection. 2017 IEEE International Con-
ference on Computer Vision (ICCV), Venice, 22-29 October 2017, 2999-3007. https://doi.org/10.1109/ICCV.2017.324

Zhang, Y.F., Ren, W., Zhang, Z., et al. (2021) Focal and Efficient IOU Loss for Accurate Bounding Box Regression.
CoRR. arXiv:2101.08158.

DOI: 10.12677/met.2022.114044 392 IR N EASE N


https://doi.org/10.12677/met.2022.114044
https://doi.org/10.1016/j.measurement.2021.110211
https://doi.org/10.1109/TIM.2019.2915404
https://doi.org/10.1109/CVPR.2017.690
https://doi.org/10.1109/ICCV.2017.324

	基于改进YOLOX-S网络的金属表面缺陷图像检测
	摘  要
	关键词
	Image Detection of Metal Surface Defects Based on Improved YOLOX-S Network
	Abstract
	Keywords
	1. 引言
	2. YOLOX-S算法模型
	3. YOLOX-S模型改进
	3.1. 添加注意力机制
	3.2. 改进损失函数
	3.3. 实验与分析

	4. 结论
	基金项目
	参考文献

