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Surface defect detection method for the metal casing of solid rocket motor
based on machine vision
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Abstract: The defect detection for the metal casing of solid rocket motor is essential in the assessment of
motor conditions. A machine vision-based method for detecting surface defects on metal casings of solid rocket
motors was proposed in this paper. The method employed data augmentation using deep convolutional generative
adversarial networks (DCGAN), and target detection technique using a convolutional block attention module
(CBAM). By utilizing limited real defect data and deep learning algorithms to augment the dataset, the method
identified and classified defective targets. The method was tested against various types of casing defects, showing
a 5.7% improvement in identification accuracy over conventional detection methods, while maintaining detection
efficiency. The model also exhibits good robustness and generalization, indicating potential for practical
engineering applications.
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Table 2 Comparison of model performance

] Precision Recall Fl mAP50 | mAP50-95 | FPS

Fast R-CNN'" 0.8465 | 06675 | 07464 | 07759 0301 1 10
YOLOvS"” 08247 | 07039 | 07595 | 07846 0.285 6 27
ERPERTES | 08601 | 06751 | 07565 | 07862 03123 27
EROCITES | 08598 | 06613 | 07476 | 07785 0.305 1 26
g mrE™ | 08637 | 06732 | 07566 | 07876 03126 29
MG YOLOVS | 0.8764 | 07368 | 0.8016 | 0.8237 0320 1 29
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Fig. 9 Feature attention heat maps of the improved model
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Fig. 10 Effectiveness of the improved model for detecting defects on metal casings
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Table 3  Ablation study results with the improved model

BE— PRI RN T-BREE H AR I RCR, mAPS0
HH XS EIRTT

J73% Precision Recall F1 mAP50 mAP50-95 FPS
YOLOvV8+DCGAN 0.806 5 0.665 7 0.729 4 0.758 4 0.285 4 28
YOLOv8+i4# i DCGAN 0.824 7 0.703 9 0.759 5 0.784 6 0.285 6 27

B J5 YOLOV8+DCGAN 0.8458 0.692 5 0.7615 0.803 7 0.296 4 28
it J5 YOLOvS+ JE DCGAN 0.876 4 0.738 6 0.801 6 0.823 7 0.320 1 29

4 EWE

AN ST [ 3] 4% K 5 e sh L < i e A R T R
A, Aotk I PR A B 2 1) i) 7, 55 F DCGAN
FINZ RS SOGER P, $2 T — Rk 2
A AR D3RI (R I B, T YOLOVS
BB GIN T ERIE RS, 2 7 — Mkt A H
ARAS AR o G 7E [F) — A s e Mk B i A
S EREATINRER Y, A ST A H T AR R 7 2
BEFT 7%, AN Mk U RO AT HR N, A
FESRTT T 5.7%, SN R S HL 4 7 4 2K I sk
BERIIAE S5, £ R 2RI R IRHE R S . BT
FHRRE Sy B ik JF HE AR by HAf A [F) R 28 A S AL
Fetk RSB AR SR b AT WG, IEMI AT
IRz AR, B B 1 S B AR S A

SE @K (References)

(1] FMEB, ¥, W . 26T HLARHURE 0 4 K i R E L

WS A R A B VR[], LA K R, 2023, 46(1): 119-
127.
SUN X Y, SHEN F, XIE J Y. Measurement method for
nozzle throat diameter of solid rocket motor based on
machine vision[J]. Journal of Solid Rocket Technology,
2023, 46(1): 119-127.

[2] VENGALOOR R, MURALIDHAR R. Deep learning
based feature discriminability boosted concurrent metal
surface defect detection system using YOLOv-5s-FRN[J].
The International Arab Journal of Information Technology,
2024, 21(1): 94-106.

[3] SAMMA H, AL-AZANI S, LUQMAN H,
Contrastive-based YOLOv7 for

et al

personal protective
equipment detection[J]. Neural Computing & Applications,
2024, 36(5): 2445-2457.

[4] ®EJ5, &K, L, 2. 2T DCGAN 5 YOLOVSs )
KT A 2 AR BB R DT VERIE ST ], A K
R, 2022, 45(6): 949-955.

(9]

[10

[11

[12

[13

—_

—

]

—_

GAO H F, JIN Y, CHAI G Q, et al. Defect identification

method of rocket non-metallic shell based on DCGAN and
YOLOVS5s[J]. Journal of Solid Rocket Technology, 2022,
45(6): 949-955.

W ). TR P2 20 [ 52 25% < Jad 2 T S o R 0 e AR
FE[D). 7622 76 %2 Tl K%, 2023. doi: 10.27391/d.cnki.
gxagu.2023.000490.

FE TR, BB, FHFS. BUlE YOLOvSs B 1N &
TH] 5 B¢ 45 U [J/OL]. v BHL. [2024-02-25]. https://doi.
org/10.16180/j.cnki.issn1007-7820.2024.12.008.

CUI J N, HUANG C Y, LI Y L. Improvement of
YOLOVSs algorithm for steel surface defect detection[J/
OL]. Electronic Science and Technology. [2024-02-25].
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008.
JOCHER G, CHAURASIA A, QIU J. Ultralytics YOLO
(Version 8.0. 0)[CP/OL]. [2024-04-24]. https://github.com/
ultralytics/ultralytics.

RADFORD A, METZ L, CHINTALA S. Unsupervised
representation learning with deep convolutional generative
adversarial networks[J].
10.48550/arXiv.1511.06434.
ZHU S, DU B, ZHANG L,

Computer Science, 2015. doi:
et al. Attention-based
multiscale residual adaptation network for cross-scene
classification[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2021, 60: 1-15.

WOO S, PARK J, LEE J Y, et al. CBAM: convolutional
block attention module[C]//15th European Conference on
Computer Vision (ECCV-2018). Munich, 2018: 3-19.
GOODFELLOW 1, POUGET-ABADIE J, MIRZA M,
et al. Generative adversarial nets[C]//Proceedings of the
27th International Conference on Neural Information
Processing Systems. Montreal, 2014: 2672-2680.
MIRZA M, OSINDERO S. Conditional
nets[J].
10.48550/arXiv.1411.1784.

ARJOVSKY M, CHINTALA S, BOTTOU L. Wasserstein

generative adversarial networks[C]//Proceedings of the

generative

adversarial Computer Science, 2014. doi:


https://doi.org/10.7673/j.issn.1006-2793.2023.01.015
https://doi.org/10.7673/j.issn.1006-2793.2023.01.015
https://doi.org/10.7673/j.issn.1006-2793.2022.06.017
https://doi.org/10.7673/j.issn.1006-2793.2022.06.017
https://doi.org/10.7673/j.issn.1006-2793.2022.06.017
https://doi.org/10.27391/d.cnki.gxagu.2023.000490
https://doi.org/10.27391/d.cnki.gxagu.2023.000490
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://doi.org/10.16180/j.cnki.issn1007-7820.2024.12.008
https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics
https://doi.org/10.48550/arXiv.1511.06434
https://doi.org/10.1109/TGRS.2021.3056624
https://doi.org/10.1109/TGRS.2021.3056624
https://doi.org/10.48550/arXiv.1411.1784

108

AN 2 N D

42 %

[14]

[15]

[16]

[17]

(18]

[19]

(20]

— RN

34th International Conference on Machine Learning.
Sydney, 2017: 214-223.

ZHANG H, GOODFELLOW I, METAXAS D, et al. Self-
attention generative adversarial networks[C]//Proceedings
of the 36th International Conference on Machine Learning.
Long Beach, CA, USA, 2019: 7354-7363.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: single
shot multibox detector[C]//14th European Conference on
Computer Vision. Amsterdam, 2016: 21-37.

HE K, GKIOXARI G, DOLLAR P, et al. Mask R-CNN[C]/
Proceedings of the IEEE International Conference on
Computer Vision. Venice, 2017: 2961-2969.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
detection[C]//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Las Vegas, NV, USA, 2016: 779-
788.

JOCHER G, STOKEN A, BOROVEC I, et
Ultralytics/yolov5: v5.0-YOLOvVS-P6 1280 models, AWS,

look once: unified, real-time object

al.

Supervise.ly and YouTube integrations[Z], 2021. doi:
10.5281/zenod0.4679653.

JOCHER G, CHAURASIA A, STOKEN A,
Ultralytics/yolov5: v7.0-YOLOvS SOTA realtime instance
segmentation[Z], 2022. doi: 10.5281/zenodo.7347926.

et al.

[21] FERE, TP, B8, & 2T 00 YOLOvVS 1 k#lL

[22

[24

Fara, B IARNT, EBMEHRRMNEHRML.

]

—

—

—_

5 BB I R I R0 (0. B BT A8 R K 2 2 4. doi:
10.13700/j.bh.1001-5965.2023.0744.

ZHANG D P, WANG Z T, XIA Y ], et al. Aircraft skin
defect detection algorithm based on enhanced YOLOVSJ[J].
Journal of Beijing University of Aeronautics and
Astronautics. doi: 10.13700/j.bh.1001-5965.2023.0744.
TG, F T YOLOVS SSuifi A5 A (1) AL b7 %5 e g Ao il
BB ED). b HRARITNER A, 2023.

DI M BE =t 7 TI I 7 T Rl s
YOLOv8 5% [J/OL]. 1 EMNL L 5N H, 2024(14): 187-
196 [2024-04-24]. http://kns.cnki.net/kems/detail/11.2127.
TP.20240422.1827.012.html.

SUJLJIAZ, QINY C, et al. Improved YOLOVS algorithm
for industrial surface defect detection[J/OL]. Computer
Engineering and Applications, 2024(14): 187-196 [2024-
04-24]. http://kns.cnki.net/kcms/detail/11.2127.TP.202404
22.1827.012.html.

HEUSEL M, RAMSAUER H, UNTERTHINER T, et al.
GAN:Ss trained by a two time-scale update rule converge to
a local Nash equilibrium[C]//Proceedings of the 31st
International ~ Conference Neural Information
Processing Systems. Long Beach, CA, USA, 2017: 6629-
6640.

RUSSELL B C, TORRALBA A, MURPHY K P, et al.

on

LabelMe: a database and web-based tool for image
annotation[J]. International Journal of Computer Vision,
2008, 77: 157-173.

(. TR¥636)


https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.5281/zenodo.4679653
https://doi.org/10.5281/zenodo.7347926
https://doi.org/10.13700/j.bh.1001-5965.2023.0744
https://doi.org/10.13700/j.bh.1001-5965.2023.0744
https://doi.org/10.13700/j.bh.1001-5965.2023.0744
https://doi.org/10.13700/j.bh.1001-5965.2023.0744
https://doi.org/10.13700/j.bh.1001-5965.2023.0744
https://doi.org/10.13700/j.bh.1001-5965.2023.0744
http://kns.cnki.net/kcms/detail/11.2127.TP.20240422.1827.012.html
http://kns.cnki.net/kcms/detail/11.2127.TP.20240422.1827.012.html
http://kns.cnki.net/kcms/detail/11.2127.TP.20240422.1827.012.html
http://kns.cnki.net/kcms/detail/11.2127.TP.20240422.1827.012.html
https://doi.org/10.1007/s11263-007-0090-8

	0 引言
	1 研究背景
	1.1 数据增强基础模型选择
	1.2 缺陷检测方法选择

	2 基于机器视觉的金属壳体缺陷检测方法
	2.1 方案简述
	2.2 数据增强方法
	2.3 金属壳体缺陷检测方法
	2.4 损失函数
	2.4.1 数据增强网络损失函数
	2.4.2 缺陷检测模型损失函数


	3 实验结果与分析
	3.1 数据增强网络实验结果与分析
	3.2 壳体缺陷检测模型实验结果与分析
	3.3 消融实验

	4 结束语
	参考文献

