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Abstract

Semantic segmentation of the distal radius and ulna images can extract the region of interest (ROI)
for Ulnar radius, which counts a great deal for bone age recognition. In this work, we propose a
fully convolutional network based model for semantic segmentation. Experimental results show
that the proposed model can precisely segment the ulna and radius from distal radius and ulna
images. We also discussed the influence of different network structures. For ulna, we get an accu-
racy of 97%, recall of 97%, IoU of 95%. For radius, we get an accuracy of 98.5%, recall of 98%, IoU
0f 96.6%.
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Figure 1. Image semantic segmentation flow chart
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Figure 2. Network structure diagram
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Figure 3. X-ray image of DRU
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Figure 4. Images after preprocessed

[ 4. maLEERES

"

Figure 5. Data annotation
B 5. #iEtRE

1) PRBHTE(FP): TN FEME, LB YR
2) EPBHYE(TP): TRIVBHME, A AP

3) ELBIME(TN): FUARATE, FSAE NI,
4) PARAPE(EN): TR B, FLAE A RATE .
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Figure 7. Train loss varies with the number of iterations increases
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Figure 8. Test accuracy varies with the number of iterations increases
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Figure 9. Test loss varies with the number of iterations increases
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