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Fracture detection in wrist X-ray image using an improved algorithm based on YOLOv8m

PENG Zhibo, CHEN Yong, CUI Yanrong

School of Computer Science, Yangtze University, Jingzhou 434000, China

Abstract: Currently, the fracture detection in wrist X-ray image has high misdiagnosis rates and faces the challenge of

inadequate medical resources. To assist doctors in fracture diagnosis, an improved approach based on YOLOv8m for fracture

detection in wrist X-ray image is proposed: (1) a large separable kernel attention mechanism is introduced to extract crucial

feature information while suppressing insignificant ones; (2) residual block is integrated into the attention mechanism to

enhance its effectiveness and the model's generalization ability; (3) switchable atrous convolution is combined with the C2f

module to expand the model's receptive field, enabling it to capture multi-scale feature information. Experimental results

demonstrate that compared with the improved model based on the advanced YOLOVSI, the proposed approach achieves a

1.3% increase in mAP50. Notably, by adopting the more compact YOLOv8m model as the basic model, parameter count is

reduced by 14.3%, and the floating-point operations per second is lowered by 42.7%. The proposed model can effectively aid

radiologists in detecting fractures in wrist X-ray image.
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Table 1 Comparison of YOLOVS models of different sizes

TR FERIK /N mAPS0  Params/M  FLOPs/B
YOLOv8+LSKA S 0.625 12.4 31.3
YOLOvV8+LSKA m 0.653 37.9 84.3
YOLOvVS+LSKA 1 0.647 46.2 173.8
YOLOv8+ResLSKA S 0.630 16.1 38.9
YOLOv8+ResLSKA m 0.660 33.9 99.5
YOLOv8+ResLSKA 1 0.652 53.9 198.4
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Table 2 Ablation study

il mAP50 Params/M FLOPs/B
YOLOv8m 0.626 25.8 79.1
YOLOv8m+LSKA 0.653 27.9 84.3
YOLOv8m+ResLSKA 0.660 339 99.5

YOLOvV8m+ResLSKA+C2f SAC 0.672 37.6 94.9

3.6 SHM MR RT L
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Pr ks A A M K AR S aE R (YOLOv8m+
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16 LA B 42 R A7 BIR il , JFC A3 Y 31| 25 14 batch-size
32, TEETR K3 PR

3 FRIERE K EERILL

Table 3 Comparison of experimental results of different models

LAY mAP50  Params/M  FLOPs/B i [fl/h
YOLOV9-C+DualDDetect 0.655 51.02 239.0 16.81
YOLOV9-E+DualDDetect 0.656 69.42 244.9 20.08
YOLOv8I+ResCBAM 0.658 53.87 196.2 9.26
YOLOvS8I+Global Context 0.663 43.85 165.6 8.34
YOLOv8m+ResLSKA+C2f SAC 0.672 37.58 94.9 6.57

MNFR 3 AT, 7E A R A Ficd 4 L, AR SCRIRLEY
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N

#4 FEMRBELRRE GPU LRYHEIEEE (FPS)
Table 4 Inference speed (FPS) of different models on different GPU

T RTX-3090 RTX-4090 A-100
YOLOV9-C+DualDDetect 101.83 16921  144.92
YOLOV9-E+DualDDetect 81.35 13297  131.58
YOLOv8I+ResCBAM 149.49 22273 208.46
YOLOvS8I+Global Context 165.57 24871  218.22
YOLOv8m+ResLSKA+C2f SAC 193.18 267.16 22532
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Figure 6 Results (mAP50) of the improved model on the test set
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Figure 8 Detection results of the proposed model for true label 1
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Figure 10 Detection results of the proposed model for true label 2
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