Fa4k H5H L OPE OB I X ¥ 2 Vol. 44 No.5
2025510 A Journal of Shenyang Ligong University Oct. 2025

XEHS: 1003 - 1251(2025)05 — 0029 - 08

EF MSEF-YOLO WJLZ B E Il & %

B R, FET

(TRBHER TR A ik SR A TR, TEFH 110159)

?ﬁﬁ . APRPILER IR X R EAL P a0 A A AR 8 B 4 i — AP X T YOLOvlin
# %9 MSEF-YOLO ( multi-scale efficient fusion network-YOLO) B #&# | F ik, & &, K =W
%myzy@@%@ R (SCConv) A3k &5 C3k2 AE3k @k o, il it = M &M E 0 (SRU) A=il il &M T
(CRU) AT Z R 5@ 6 A GBS DB R ML, R R IINSREYIREESD
(MSDA) HUh 3 S 4FAER AL /), 3t M 48 SRR AN E 52K A R Y Bk g &
J& MACRE 55 45 4E Gk A ( SSFF) A3k 5 % i+ SSFF-X A3k i@t 3D ARG IR § RF A /e mk
St —FRA S @B R e AR, FREREN, MK TR YOLOvlIn F 3%,
MSEF-YOLO fikx #4945 # % B @ % mAP@0.5 ## mAP@ 0.5 ~0.95 2 A &5 T 3.1% .
3.8% .3.0% #7 3. 5% , MSEF-YOLO L% 6t % A 2 W B s 514 E A 4w L& B 368 37, A &
F RGBT R L,
X B W UERIRIT; S A Al i A AR BV REE N AR
FESES. TP391.4  XHEHRER: A DOI. 10 3969/] issn. 1003 — 1251.2025.05. 005

Pediatric Wrist Fracture Detection Algorithm Based on MSEF-YOLO

GONG Shuo, JIANG Qiang,LI Tingxue

(Shenyang Ligong University , Shenyang 110159 ,China)

Abstract; To address the issue of low detection accuracy for subtle fractures in pediatric wrist X-
ray images,an improved YOLOvI1In-based object detection algorithm called MSEF-YOLO ( multi-
scale efficient fusion network-YOLO)is proposed. First, the spatial and channel reconstruction con-
volution ( SCConv ) module is integrated with the C3k2 module, utilizing the spatial reconstruction u-
nit( SRU) and channel reconstruction unit( CRU) to process spatial and channel redundancy in par-
allel, thereby enhancing the perception of small objects. Second, the multi-scale dilated attention
(MSDA ) mechanism is introduced to improve feature extraction capability, thereby enhancing de-
tection accuracy and generalization ability while effectively reducing missed and false detections. Fi-
nally, the scale sequence feature fusion( SSFF)module is optimized and the SSFF-X module is de-
signed, leveraging 3D convolution to enhance multi-scale feature fusion, further improving the de-
tection performance for subtle fractures. Experimental results demonstrate that,compared to the o-
riginal YOLOvVI11n algorithm, the MSEF-YOLO algorithm improves precision, recall, mAP@ 0. 5,
and mAP@0.5 ~0.95 by 3.1% ,3.8% ,3. 0% ,and 3. 5% , respectively. The MSEF-YOLO algo-
rithm effectively assists radiologists in detecting pediatric wrist fractures, providing technical support

for medical image diagnosis.
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Fig.1 MSEF-YOLO algorithm network structure
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Fig.2 SCConv module network structure
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Table 1 Experimental environment configuration
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L gb HER (CPU) AMD EPYC 7542 2.9 GHz
EIE 4k 345 (GPU) NVIDIA GeForce RTX 4090
PGS BRA Python 3. 11
RIS S HELR PyTorch 2. 1.2
I HESR CUDA Toolkit 11. 8.0
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Table 2 Label distribution of the dataset
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Table 3 Results of ablation experiments
YOLOvlin  C3k2-SCConv MSDA SSFF-X 2 R mAP@0. 5 mAP@0. 5 ~0.95

v 0. 745 0. 556 0.570 0. 366
VvV VvV 0.738 0. 564 0. 575 0.369
v 2 0.743 0. 562 0. 575 0. 369
Y Vv 0.767 0. 553 0.576 0.371
VvV 2 2 0.729 0. 551 0.570 0. 369
vV Y 2 0.722 0. 569 0. 586 0.372
v vV vV 0.714 0.558 0.572 0. 367
VvV VvV 2 2 0. 768 0.577 0. 587 0.379
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Table 4 Experimental results of the SCConv embedded
C3k2 modules at different positions

N A P R mAP@0.5 mAP@0.5 ~0.95
EN N 0.745 0.556  0.570 0. 366
1 0.698 0.558  0.572 0. 365
P2 0.733  0.558  0.570 0. 361
fiE3 0.706  0.559  0.576 0.364

PIE 4(AR)  0.738  0.564 0.575 0.369
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Table 5 Comparative experimental results of different

attention mechanisms

. mAP@ mAP@

Fis P R 0.5 0.5~0.95
YOLOvlIn 0.745  0.556 0.570 0. 366
YOLOvl1n + SCSA 0.735  0.556 0.571 0.367
YOLOvIIn + MLCA 0.722  0.554 0.570 0.362
YOLOvI1n + MSDA(ZR3L) 0.743  0.562 0.575 0. 369
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R B U AR SO AE LR i 3 P kA 55 v
()1 g, % MSEF-YOLO %4 ¥ 5 YOLOv3-tiny .
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Table 6 Comparative experimental results of different algorithms

Bk P R mAP@O. 5 mAP@ P(fracture) R( fracture) mAP@0. 5 mAP@0. 5 ~
0.5~0.95 (fracture ) 0. 95 (fracture)
YOLOV3-tiny 0.678 0.530 0.584 0.333 0. 852 0. 889 0.939 0.532
YOLOV5n 0.737 0.529 0. 557 0. 343 0. 855 0. 891 0.930 0. 542
YOLOv6n 0.728 0.526 0. 547 0.339 0. 850 0. 887 0. 925 0. 539
YOLOV8n 0.750 0. 554 0. 566 0. 348 0. 868 0.902 0.938 0.551
YOLOV9-s 0.724 0. 558 0.576 0. 361 0. 882 0. 897 0.936 0.553
YOLOvIO0n 0.742 0.516 0.551 0.339 0.874 0. 886 0.932 0. 545
YOLOvl1n 0.745 0. 556 0.570 0. 366 0. 882 0.901 0.940 0. 554
MSEF-YOLO 0.768 0.577 0.587 0.379 0. 880 0. 906 0. 946 0. 556
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AR TR RS AR A 1 O, ELAE /DN H AR B 5 S
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Fig.5 Comparison of partial detection results
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