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Neural Architecture Search for Light-weight Medical Image Segmentation Network
ZHANG Fu-chang,ZHONG Guo-giang and MAO Yu-xu

College of Information Science and Engineering, Ocean University of China,Qingdao,Shandong 266100, China

Abstract Most of the existing medical image segmentation models with excellent performance are manually designed by domain
experts. The design process usually requires a lot of professional knowledge and repeated experiments. In addition, the over com-
plex segmentation model not only has high requirements for hardware resources, but also has low segmentation efficiency. An
neural architecture search method named Auto-LW-MISN(Automatically Light-weight Medical Image Segmentation Network) is
proposed for automatic construction of light-weight medical image segmentation network. In this paper, by constructing a light-
weight search space,designing a search super network for medical image segmentation,and designing a differentiable search stra-
tegy with complexity constraints,a neural architecture search framework for automatic search of light-weight medical image seg-
mentation network is established. Experimental results on microscope cell images,liver CT images and prostate MR images show
that Auto-LW-MISN can automatically construct light-weight segmentation models for different modes of medical images,and its
segmentation accuracy is improved compared with U-net, Attention U-net, Unet+ +and NAS-Unet.

Keywords Deep learning, Differentiable neural architecture search, Light-weight convolutional neural networks, Automatic net-

work architecture design,Medical image segmentation
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Fig.1 Topology diagram of search space

TR A K s ), AR SO e IO R S ] P
MEFEFRAE T 256 5 AR AR AR 10 PR S 800 DA RO 58 4
M E, 1, BRI AR AR Z B KN R 33, My ik
B RS AGE F A5 5 X5 HE 7X7T MEFEE M 3X3
BEL BN SHCEE ANE AU R R, IbAh 1 58 B R IR B
YeREHES 3 X3 BN A F S 5X5 HBRMM AR, Hik,
B DR 3 2R 2 18] AR — 3R AR T ik by H b 348 1 O (L 355 s AR
SCHRC15JEIE A A AT o 1 R O Ik g SRR A R 2
LM B A R AR A0 R R i R A G 4
B0 40 - 3 9t A 0 S5 Tt AR BRAE . AR SN T VRS M AR AR A
N [ 45 R 22 18] 0 FH B3 24, M 48 R s ) e Ok e s B B A
Z EILR M BAE . R AR SO 28 R s G 8
R EE R AL R RAE IR 1 A — B TR L 43 ) A A G
3X3 AL 3X 3 WE A 43 i B LI B0
PR S B (3 X 3 IR Uk 41 8 Y 03 X3 e K Ak AN
Zero ¥ AE (RR T HMLER) .

F1 AR E DARTS K25 0 (195 44 54 L

Table 1 Comparison between search space designed in this paper and that used in DARTS
Auto-LW-MISN( & ) Params/kB FLOPs/MB DARTS Params/kB FLOPs/MB
18 % B 4 - - 18 4 B 4t - -
3X3EE A 428 AER 2.81 2.68 5X5 HET 2 HER 2.81 2.68
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Fig. 2 Schematic diagram of medical image segmentation search hypernetwork
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Table 2 Comparison results of different methods on microscope

ToU (15

cell image dataset

I MIoU/Y% DSC/% %% &/MB it 4 E/GB
U-net 80.57 87.77 9.81 20.17
FCN 84,03 90.17 18. 64 25.50
Attention U-net 78.70 86. 54 34. 88 66.23
UNet+ + 83.79 90.12 9.16 35.00
R2U-net 77.50 84. 87 39.09 153.18
DARTS_Based 79.37 86.02 7.01 16.69
NAS-Unet 83.15 89.18 10. 95 17. 43
Ours 85.75 92. 11 0.57 15.76
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Table 3 Comparison results of different methods on liver CT

image dataset

kS MIoU/% DSC/% %% &/MB it HE/GB
U-net 88.00 91.96 9.81 20.17
Attention U-net 91. 60 94. 64 34.88 66.23
R2U-net 91.63 95.13 39.09 153.18
UNet++ 90. 20 93.53 9.16 35.00
AutoDeepLab 92.01 95. 89 15.43 36.18
NAS-Unet 92.32 96. 54 12.33 27.15
DARTS_Based 88.02 90.97 7.11 18.17
Ours 93.17 97.86 0.56 15.03

F 4 ANEITEAARGR MR EREE 5 1) g 3
Table 4 Comparison results of different methods on prostate

MR image dataset

0 MIoU/% DSC/% %% E/MB it HE/GB
U-net 50. 06 57.92 9.81 20.17
Attention U-net 56.22 61.41 34.88 66.23
R2U-net 50.59 57.96 39.09 153.18
UNet+ + 51.66 58.65 9.16 35.00
AutoDeepLab 58.18 68. 20 15.43 36.18
NAS-Unet 64. 82 72.43 12.33 27.15
DARTS_Based 50.16 57.06 6.69 17.65
Ours 66. 88 72.71 0.61 15.98
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Fig.5 Visualization results of part of medical image segmentation
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Fig. 6 Schematic diagram of comparative search hypernetwork
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Table 5 Influence of hypernetworks with different topologies
on medical image segmentation
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