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Abstract

In the context of intelligent manufacturing, the traditional saw blade surface defect detection link is
TEEH .

XEFH: BREBIG, TTF, W, ¢E, SO0, 2T U S 04 A R SR nT AL B R EAT ] THHE
PR} 5 8, 2024, 14(5): 23-32. DOI: 10.12677/csa.2024.145111


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.145111
https://doi.org/10.12677/csa.2024.145111
https://www.hanspub.org/

5
CH
I

farey
=¥

still dominated by human eye detection, and this detection method has problems such as low detec-
tion efficiency and poor detection accuracy. For this reason, a saw blade surface defect intelligent
detection system based on deep learning is proposed. A large number of saw blade surface defect
images are processed to construct a dataset, and the dataset is trained using three models, YOLOvVS5s,
YOLOv5m and YOLOvVS5I. After comparing the detection and recognition performance of the three
models according to the comprehensive evaluation indexes and the mean average accuracy metrics,
it is decided to adopt YOLOv5m as the saw blade surface defect detection model, whose comprehen-
sive evaluation indexes, F1, and the mean average accuracy mean mAP reached 0.788 and 0.868, re-
spectively, achieving fast and accurate detection and classification of surface defects such as cracks,
point defects and scars. In addition, the system develops a Ul interface for saw blade surface defect
detection, which realizes the automation and visualization of saw blade surface defect detection.
This approach improves the efficiency of industrial inspection and reduces human errors, which is
of practical significance in the intelligent detection of surface defects on metallurgical saw blades.
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Figure 1. YOLOvV5_6.1 version network architecture diagram
1. YOLOV5_6.1 hit 4% 22 &
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Figure 2. Saw blade defect annotation

B 2. $ERSREiRE

(2) PrZepk e
YOLO 2T IhraEHs 50 txt 1%, BRI R 2R MR AR 25 1) xml A% A HOy oxt i a0, IFH txt 3T

DOI: 10.12677/csa.2024.145111 26 THENUER 5 N H


https://doi.org/10.12677/csa.2024.145111

PEORAT 2T SR

3.1.3. ¥iEiEgE

KEREEET SR E T Z AR R, ENZGERET, SINEZ REIEE R EOR AT DRt E 2
MIREAS ZHENE, HE— DRI AL RE ST - IR RS 51 N Mixup. Mosaic 598 2% (K84 1 56 77 i
Mosaic ¥#fa 3t 3 77 % (1% 00 ARG 2 AR I G BHE R KIEME, JFEIZ KRG L Tigs, W
K 3 78 Mixup Hd 55 A % O AR R U AN R R B GEEAT e VER 75, TR RE E A T AR 2 R 42 1
MR B BEAT IR A =] 4 PR

Figure 3. MOsaic enhancement
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Figure 4. Mlixup enhancement
4. Mlixup 158
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Figure 5. Training results of the YOLOv5s model
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Figure 6. Training results of the YOLOv5s model
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Figure 7. Training results of the YOLOV5I model
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Table 1. Each indicator of the three models in YOLOV5
%2 1. YOLOV5 B9 3 MR £ IiEHR

o (LS R mAP@0.5 F1
YOLOV5s 3 4 7 8
YOLOVSm 4 3 5 9
YOLOVSI 7 6 7 8
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Figure 8. Picture detection interface
8 B RRNFE

DOI: 10.12677/csa.2024.145111 30 TFENUER S N A


https://doi.org/10.12677/csa.2024.145111

BREEREEEENRS
RE EFRE
EIRRE bestpt

X

crack 0.96

Figure 9. Video detection interface
9. LSAEI A E

ERREREEEENRS
RE EFFE

Figure 10. Camera detection interface

& 10. BigENAE

SRAN TR PRSI 7 AT DUOR R Al ) BAR TR SROANA I8, SR B R A RR L PR AR R
et MBI T RE ST, A BT AV AR S SR T h S SE I3
4. B

RGO G TSR BRI A, 8 YOLOVS Syt RAE BB G2t 47 7 BRI Zrad i
W SIRT7 3, Bes B Ak AN 73 R UG BB R0, AN e R P A = AN (R S R 3R T (R
el gk, A T — R A R R FEAIAE 5 R B €L ) YOLOVS H ARKS AR A o 785 ik it £
BEATVRAIN, AP BRS REIA B 1 86.8%, UEH 1 HLAEAE Fy 2 I sk B AL AN 7 28777 T ) R RE

ARGUEIL S UL S SeBL 18 Fr 2R T sk A ) B St A AT A LAk, JEE 2 S e ARSI AR R P
B MIBOE LRGSR, AT RO G GER I, SCHURHE B Se IR 7% . IXph 5 sh e Anar
MALIITT AR T DAL 2R, B> 7 AR, 2t — el 1 A I RE AL AT AT Rl AL

i

DOI: 10.12677/csa.2024.145111 31 TFENUER S N A


https://doi.org/10.12677/csa.2024.145111

MRiEas &

Ko

EEMA
REFARF D IIZERTE R« I TR 2% ST I8 v 3R T sk Fa & Be Al R g 27 (X2023280).

SE K

[1] #isol, BB, REERE, & HETUREES TR Dol BRI ot Fidk e [J/oL].
http://kns.cnki.net/kcms/detail/50.1075.TP.20240221.1709.014.html, 2024-03-27.

[21 ZEs, i, 2, IR, KR, . Bl YOLOVS HIANH R ITEFEAE I AEL]. SE TS ER(E
REBLEEAR), 2022, 23(2): 26-33.

[3] Li, M., Wang, H., and Wan, Z. (2022) Surface Defect Detection of Steel Strips Based on Improved YOLOv4. Com-
puters and Electrical Engineering, 102, Article 108208. https://doi.org/10.1016/j.compeleceng.2022.108208

[4] Wu, Y., Qin, Y., Qian, Y., et al. (2021) Hybrid Deep Learning Architecture for Rail Surface Segmentation and Surface
Defect Detection. Computer-Aided Civil and Infrastructure Engineering, 37, 227-244.
https://doi.org/10.1111/mice.12710

[5] 3. BT IREE S ST AR 2 SRR I 74 [D]: [l A0e 5], RiE: KERR RS, 2023.
https://doi.org/10.26990/d.cnki.gsltc.2023.000538

[6] Xlg#, sk, HMEN, 5. BT LA 0 S8 12 S 40 sk B A I 5 325 B 72 (3], s B AR 5 HUR,
2018(11): 137-140. https://doi.org/10.19287/j.cnki.1005-2402.2018.11.024

[7]1 T3k HEuNEAREE SILE A T AR [J]. SR4ER, 2024, 53(2): 113-116.
https://doi.org/10.13846/j.cnki.cn12-1070/tg.2024.02.009

[8] i, 5K, SR, & WERG SIS R RO Rk 7 LR 0], R4 A%, 2024, 46(2): 366-374.
https://doi.org/10.19562/j.chinasae.qcgc.2024.02.019

[01 JM4kn, JFrt, BR&, 5. T YOLOVS MASEARE A RA[]. MRS, 2022, 18(19): 97-99.
https://doi.org/10.14004/j.cnki.ckt.2022.1304

[10] #F®, 305, Bel, . Sul YOLOVS 3¢ RAEAE KRR 5[], THENL LIRS R A, 2022, 58(4):
237-246.

[11] #RZ3, F4, &R, & ETRESIWBEBIRKE S RITED] Bae@i S8 28w, 2024(1):
160-163. https://doi.org/10.13655/j.cnki.ibci.2024.01.049

[12] AFJ5, TE, b BER/MEREARERIAZU B AL THEURLE, 2021, 48(z1): 67-73+84.

[13] M7k, 2k, it YOLOVS HH B 2R 22 e g maike R[], tHENL TS KA, 2022, 58(9): 201-207.

[14] BRMEBE, 38778, i, RFEEGITRIRAE R STNBGR SETRIART 7T [3]. AR FHR, 2020, 43(1): 93-98.
https://doi.org/10.16652/j.issn.1004-373x.2020.01.024

[15] ‘b, f—, SKERfH. T IEE B R SCRE CRHERLG 1/ B AR I EE L] vHEENLRIA, 2022, 42(21): 281-286.

[16] SEAESC, ¥ B, FEIRSC, 5. BT H0 RTINS O ™ AP BB AE A 0], PR S 3k TR,

2022(11): 258-262.

DOI: 10.12677/csa.2024.145111 32 HEHUR 5 R


https://doi.org/10.12677/csa.2024.145111
http://kns.cnki.net/kcms/detail/50.1075.TP.20240221.1709.014.html
https://doi.org/10.1016/j.compeleceng.2022.108208
https://doi.org/10.1111/mice.12710
https://doi.org/10.26990/d.cnki.gsltc.2023.000538
https://doi.org/10.19287/j.cnki.1005-2402.2018.11.024
https://doi.org/10.13846/j.cnki.cn12-1070/tg.2024.02.009
https://doi.org/10.19562/j.chinasae.qcgc.2024.02.019
https://doi.org/10.14004/j.cnki.ckt.2022.1304
https://doi.org/10.13655/j.cnki.ibci.2024.01.049
https://doi.org/10.16652/j.issn.1004-373x.2020.01.024

	基于深度学习的锯片表面缺陷可视化智能检测系统研究
	摘  要
	关键词
	Research on Intelligent Detection System for Visualization of Saw Blade Surface Defects Based on Deep Learning
	Abstract
	Keywords
	1. 引言
	2. YOLOv5算法原理
	3. 冶金锯片表面缺陷可视化智能检测系统的实现
	3.1. 冶金锯片数据集的建立
	3.1.1. 冶金锯片缺陷的数据采集
	3.1.2. 数据处理
	3.1.3. 数据增强
	3.1.4. 数据集划分

	3.2. YOLOv5模型训练及效果分析
	3.2.1. YOLOv5模型训练
	3.2.2. 模型评价指标
	3.2.3. 模型训练效果分

	3.3. 可视化UI界面的实现

	4. 总结 
	基金项目
	参考文献

