e A A P 1S 2 2 5 2022 4F 1 4524 855 18] T Clin Ultrasound in Med , January 2022, Vol.24, No.1

- T F£ -

E T ResNet34-UNet B 75k 8 /= Bl 5 53 8 77 7 52

AEZ ARMAE K K TEHR A @ R R

W OE #Iols BURTAEME S 2 B 2 B8ORS 0] B, % A BF 9 45 ) —Fh L T ResNet34 32 T M 45 114
ResNet34—UNet 5351 5 5 570 | FI| FH ResNet34 [ 25 5% 22 % > B S5 M0 o5, 76 B UE 0 45 B 0 B U A MG RS AE A RITE F
7 A5CRE G ST SR A 5 R AL ), L 34 2 14 PR 28 TR B AR5 T 488/ N 14 D 28 RS 5 1) ] U—Net 25 ¥ 598 1 1 BERR B 15
T IR 7 T B TR 2 R A 5 8 2 R A 55l B (X 7 P A R SIS A 1 A R g A B T, S B T e ki 2 A~ 1 43
E o 300 sk KB P SR IIZRAE , 200 SRVE RS |8 it BEHLIER: B B8 SR E U TR AR 1 50k , 285 1048
SEARYINZE 5 15 BB A HET F8 3K 96.3% , 85 4 45 TR 28 W 28 155 5.9% , ¢ DeepLab v3+ 1 5.2%, 4% %W 3L T ResNet34-
UNet 1953 #1535 RE RS AR o3 F @ BIORE 75 R, b 5 S 7 52 A8 T ki A sh iR SRR L T HR S %,

KEEIR ARG Bk E 355 ResNet; U-Net

[HEESES IR445.1 [ ZERFRIZAG ]A

Research on vein ultrasound image segmentation method based on ResNet34—-UNet

QIN Zhiyuan,ZHU Junlong,ZHANG Chen, DING Siqi, CONG Rui,SONG Wei
College of Artificial Intelligence and Computer, Jiangnan University , Jiangsu 214122, China

ABSTRACT Vein ultrasound images have the problem of too much noise and poor threshold segmentation.In this regard,
this paper proposes a ResNet34-UNet segmentation network model based on the ResNet34 backbone network, using the
structural characteristics of the ResNet34 network, on the premise of ensuring that the network can extract sufficient images
features , the problem of gradient disappearance and network degradation was effectively avoided , while the network depth of 34
layers maintains a small network scale.Then using the unique long connection module of the U-Net structure , the deep features
and shallow features of vein ultrasound images were effectively merged, so that the recognition accuracy of veins can be greatly
improved , and the smooth segmentation of vein edges was realized. Using 300 venous ultrasound images as the training set and
200 as the test set, the data set was enhanced by random rotation, flip, projection and other operations. After ten rounds of
iterative training, the accuracy of the model was 96.3%, which was 5.9% higher than that of fully convolutional neural network
(FCN) and 5.2% higher than that of DeeplLab v3+.The results showed that the vein segmentation method based on ResNet34—
UNet can accurately segment the vein ultrasound image , which provides a technical reference for the automatic identification and
tracking of the vein under the ultrasound image.
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