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Abstract ; Considering the existing problems of traditional X-ray image defect detection method for aluminum alloy
hub castings, such as low manual detection efficiency, high error detection rate, and poor detection accuracy,a
new method for aluminum alloy hub castings was proposed based on deep learning. By introducing the histogram
equalization method, defect feature enhancement of 533 groups of X-ray images of aluminum alloy castings were
achieved. Meanwhile, new image data with multi-scale and different defect types were generated randomly based
on mosaic data augmentation strategy to improve the complexity of the image. The YOLOv5 backbone network
was modified, and the SENet attention mechanism module was introduced to enhance the feature extraction of the
important channels of the input feature map. The results indicate that the average detection accuracy(mAP) for
casting defects reaches 99.6% , which is improved by 9%, 5.1% and 4.2% , respectively, compared with the ma-
instream algorithms of YOLOv3, YOLOv4 and YOLOv5. Compared with the original network model, the aver-
age detection accuracy of the four common types of casting defects(blowhole, porosity, crack and slag inclusion)
is improved by 10.83%. The method possesses desirable generalization ability, which can realize the automatic de-
tection of multiple types of defects in castings, and meet the actual demand of industry.
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Fig.1 Schematic diagram of image defect detection

method for castings
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Fig.2 Comparison before and after image enhancement
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Fig.3 Simplified Mosaic data augmentation method
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Corrosion Behavior of Graphene Nanosheets/AZ91D Magnesium Matrix Composites
Zhang Lulu', Chen Liwen', Li Limin', Hou Hua'*, Zhao Yuhong'
(1 School of Materials Science and Engineering, North University of China;
2.School of Materials Science and Engineering, Taiyuan University of Science and Technology)

Abstract: The corrosion behavior of magnesium matrix composites with different contents of graphene nanosheets
(G, after solid solution treatment was investigated in Simulated Body Fluid (SBF). The results indicate that
with the increase of content of G,,,, the grain refining degree of the solid solution structure in magnesium matrix
composites is firstly increased and then decreased, and the corrosion resistance is also increased. The electrochem-
ical experiment results reveal that the corrosion resistance is optimal when G, content is 0.6 % , and the corrosion
current density ([ ..) is reduced to 1.06X10 " A/cm?”, implying the potential value of G,,, as reinforcement for
the corrosion properties of magnesium alloys.

Key Words: Magnesium Matrix Composites. Graphene Nanosheets, Electrochemical Corrosion. Solid Solution Treat-

ment

Woks B HA:2022-11-26 ;& U A5 W0 B H 87 : 2023-02-10

HETH:H R G %R 234 %W B H (52074246, 22008224, 52275390, 52205429, 52201146 ) 5 [ B %t i B #F % B) 5 H (JCKY2020408B002,

WDZC2022-12) 5 1174 48 5 2 BF % 313 BE ) 3T H (202102050201011)

E—1EEE T KER T 1995 F A B BFSE AR KA (030051) , E-mail : 1453576707 @ qq.com

BEEE BTFE, L, 1974 F A #8% , KJFR (030051) , E-mail ;: zhaoyuhong(@nuc.edu.cn

S| A KR A BRI S5 A BRIEAUR A/ AZIID 3L G A R AT R [T, R R 5 A G 45, 2023,43(4) :463-468.
ZHANG L L, CHEN L W, LI L. M, et al. Corrosion behavior of graphene nanosheets/AZ91D magnesium matrix composites[ ] ]. Special
Casting & Nonferrous Alloys, 2023, 43(4):463-468.

[7] ZHAO X, LIANG J, HE Z, et al. Blowhole detection based on bi- [14] LI W, LI K, HUANG Y, et al. A new trend peak algorithm with
directional enhancement and omnidirectional analysis for X-Ray in- X-ray image for wheel hubs detection and recognition[ A]. Interna-
spection of castings[J]. Mathematical Problems in Engineering, tional Symposium on Computational Intelligence and Intelligent
2019, 12(7) . 1-16. Systems[ C]. Singapore, 2015.

[8] MHwrys, S, (L&A, 406 & HEET X 54 R MR 8 b (150 40, IMET . Fel. BT 2 ROBE 2 By B4 4 4k i B2 27 R
TEFRIRA 1 5 S M LT ] 4 Fh o 1 ROAT 6 & 4. 2021, 41(12): R LT AR AL K 2k CH AR RO » 2020, 52(1) ¢ 88-91.
1472-1 477. [16] REDMON J, FARHADI A. YOLO9000: Better, Faster, Stronger

(9] skFHaE, M, 28204, 4 3 T 0% BF 4 > 050 46 Ui AT Sk B 4G T & [A]. IEEE Conference on Computer Vision and Pattern Recogni-
SIS P L 3 RS, 2022, 4 1-19. tion[C]J. Honolulu, USA, 2017.

[10] 2%, k. M4, % 3T Mask R-CNN fy84 X 44k DR [17] JING J F, ZHUO D, ZHANG H H, et al. Fabric defect detertion
BB G 5E L) ] A 2R 23R, 2020, 41(3): 61-60. using the improved YOLOv3 model[ J]. Journal of Engineered Fi-

(110 SR BN, 4L, S5 5 T U BE 2 o1 10 B 1 Wb A 00 L ). e o bers and Fabrics, 2020, 15(4); 1-10.

s B 04 4x,2021,41(5) :580-584. (18] JRAmd. 3T ot YOLOvA 578k i H ARG I 5T s 5T (D], 05 % . p

[12] MERY D, JAEGER T, FIBERT D. A review of methods for auto- W TR R, 2021,
mated recognition of casting defects [ J]. Insight-wigston Then [19] ZHANG J, KANG X, NI H, et al. Surface defect detection of steel
Northampton, 2002, 44(7); 428-436. strips based on classification priority YOLOv3-dense network[ J].

[13] WU B, ZHOU J, YANG H, et al. An ameliorated deep dense con- Ironmaking &. Steelmaking, 2021, 48(5); 547-558.
volutional neural network for accurate recognition of casting defects [20] XUFEML . F A B, BRA D, S5 35T 5 Km0 B A 48 A BiG iR
in X-ray images[ ] ]. Knowledge-Based Systems, 2021, 226(6) ; 96- W ENLT ] B R G A (A4, 2011, 31(7): 661-664.
th (%98 E T )

463



