3% 510 ] HTENMRARAELZRE Vol. 31
2021 410 H COMPUTER TECHNOLOGY AND DEVELOPMENT Oct.

B TRty U-Net M &= B 5 S B 5 B %

£ =8 FH,WER
(PEBEBXF(ER) FENMAFEHRER, LA F5 266580)

B X&MREGAS TR, A LU AR, 25 B 41802 18 (9 10 SR 25 R R, T b S 3k IX 3sl 4 A S 1
B B AR R R AR 200 S R R W R BN T, NEES B4 A 3 A AR X 3k, R DAL )
PR —FNGHE U-Net M RIBETISL  SCI0 A Bk 315000, % S RS AR A R 4548, FF U—Net b &5 i 4519 %
ek ResNet Z544) , 15| A5 25 2% S BB i A E 2% ST R 7 |, SRR 2SR AR TR AN b SRR R AE PRIk A 30 B RS RN i e —
R Z TR TH 2R ) U=Net 2584 ARAAERL G J7 sUPRE . INZRIY B IR 16 25 W S5 B2 I8 ] ResNet50 TRYIZRSEL, XI5
TIO 14 53 T GE R A2 e 45 S A AL B B UR AL B, SEIR 2 SR W] A R T 1 IR B 2 > e AL B 43 BT 55
5 HEIREE  Dice MU REFELE 0. 851, Jaccard REETE 0.769

KR U U-Net; 5k 227 0 518 L0 &) SRS RENL
HhE 4525 . TP391 XERFRIZAD A
doi;10.3969/j. issn. 1673-629X. 2021. 10. 029

XEHE:1673-629X(2021)10-0173-06

Pneumothorax Segmentation Algorithm Based on Improved
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Abstract ; The chest X—ray image itself is quite complex , with low tissue contrast and irregular boundary morphology between organs and
tissues. In addition, the characteristics of pneumothorax lesion area are not significant, so the diagnosis depends heavily on the experience
of radiologists. The traditional segmentation algorithm often needs manual intervention,and cannot fully automatically segment the lesion
area. In view of the above problems,an improved U-Net network model algorithm is proposed to realize the function of automatic pneu-
mothorax segmentation. The network maintains the coding and decoding architecture , replaces the structure in the U-Net encoder with the
ResNet structure, and introduces a residual learning module to improve the feature learning ability. The decoder uses the deconvolution
network to restore the feature map to the original image size. The encoder and decoder are still spliced using the feature fusion method of
U-Net structure. In the training stage, ResNet50 pre —training parameters are invoked to speed up the network convergence. The
segmentation result predicted by the model is subjected to image post—processing using the fully connected conditional random field. The
experiment shows that the proposed algorithm effectively improves the segmentation accuracy of deep learning in dealing with
pneumothorax segmentation tasks. The Dice similarity coefficient is stable at 0. 851 ,and the Jaccard coefficient is stable at 0.769.
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