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X-ray Defect Detection Technology of Aluminum Castings Based on YOLO11
YIN Cong', XU Shoushuai*, FU Mingrui’*, MU Baoyan®, YANG Song'
(1. Shenyang University of Technology, Shenyang 110003; 2. Shenyang Institute of Automation, Chinese Acad-
emy of Sciences, Shenyang 110016)
Abstract: Aiming at the challenge of achieving high accuracy in defect detection for X-ray inspection of aluminum cast-
ing using deep learning, particularly in scenarios where multiple-scale defects coexist, an internal defect detection sys-
tem for aluminum castings based on high-resolution X-ray image processing technology combined with YOLO11
improved algorithm was designed. The high-definition processed data was put into model training to improve the model
performance, and a deformable convolution DCNv4 was utilized to improve SPPF and C3k2 module to maintain the
lightweight of model and simultaneously improve the accuracy. Moreover, MSCA module was added to backbone net-
work to enhance the ability to extract small defect features. Finally, an intelligent detection system was developed. The
results indicate that the system achieves an average mean accuracy (mAP) of 93.2% , meeting the requirements of

intelligent manufacturing and industrial detection.
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Fig.3 Original and HD processed X-ray images
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Tab.l1 Category adjustment for defects
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Tab.2 Experiment environment
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BERG Ubuntu 22.04.5 LTS 6413
CPU Intel (R) Xeon (R) Silver 4410T
GPU NVIDIA GeForce RTX4090*4
Python Python 3.12
TRIE 7 S HE LR Pytorch2.2.2 CUDA12.1
DCNv4 1.0.0.post2

33 EEAEHERIERE

T X L R ECE S R T Ak P S B AR A TR AR A -
(ARG B LG IR X SR 2 81 R v T Ak BB AR X T AR 11 %
R E S S AE A T | A A5 B I SR 4 40 W] — A B A
o MRS 1o 10 o4 o3 I 2R AR 30k A A a4
FE T S BR B Tb G I 75 5K, X St v RS R A A e Y
TR LA B s R 00 S AR XoF 3k R a5 A S kT
PR Y BORE RS, BRI (S8 L T3 S i v 1 LA BB B H
T G 00 A5 Y D K — A~ 2 45] 43 HI R AL AN - TIN5k By
B HARK ALY i B A9 A R PR 5E T labelme Bl
T T R B8 SC A R json A% 3K, 5 B 5 4 B0 43 ) e Ry
YOLO fr 5 i txt#% 305 RT-DETR i 77 # coco 4% 20
BABTIYN LR, 250 032 3, MR 30T, M X B4
T8 A B R JE B BCHE | X A SRR 04 1 e S A RT 4
T+, 4 YOLOv5m ., YOLOvS8m #l YOLO11m, A k. F Ji
B mAP o B E T 48%.3.6%.3.8%. X T
YOLO11m Al YOLOvI2m B mAP{E 35 5] T 90% LA
bR UL T AL S R WY AR T TR A P RE

x3 S

Tab.3 Parameter comparison

o _ AP

Jib i b PR
YOLOvom 79.1 82.9
YOLOv8m 82.6 85.6
YOLOv12m 87.8 91.1
YOLOIlIm-seg 83.6 84.8
RT-DETR(HGNETv2I) 84.9 86.5
YOLOIIm 87.1 90.4
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Tab.4 Model ablation test

" SPPFif MSCA  C3k2 il GFLOPs(J%
B e mme w7 s
SR AT 90.4 68.2
58 @ N 91.6 68.5
R 6 N N 92.3 145.4
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M2 4 7] A, R 5 o B9 mAP (E A R B4R T T
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Tab.5 Performance comparison for model

" mAP- mAP- mAP-

i SC/% MFM/% FT/% mAP/% GFLOPs
YOLOv5m 66.5 82.6 99.5 82.9 64.4
YOLOv8m 70.7 87.7 98.4 85.6 79.1
YOLO11lm 82.5 89.3 99.4 90.4 68.2
YOLOv12m 81.6 92.3 99.4 91.1 68.1

YOLO11m-seg 69.8 86.2 98.4 84.8 123.6
RT-DETR _
(HGNET+2D) 72.6 88.0 98.9 86.5 108.0
YOLO11 (a) 82.6 92.8 99.4 91.6 68.5
YOLO11(b) 85.4 92.1 99.5 92.3 145.4
YOLO11(¢) 86.8 93.3 99.4 93.2 136.4
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