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Construction of a hybrid multi-scale neural network for auto-segmentation of the clinical target

areas in Graves' ophthalmopathy
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Abstract: Objective To construct a hybrid multi-scale neural network (HMnet) to automatically delineate the clinical target volumes
(CTV) for providing a high-precision model for the auto-segmentation in CT images. Methods HMnet which was an end-to-end
convolutional neural network used the deep residual network to extract features, carried out feature processing with multi-scale
feature fusion module composed of 4 convolution layers of different cores to adapt to the clinical target volumes of different scales,
and introduced the attention residual module to enhance the effective features output by the multi-scale feature fusion module.
HMnet was trained and tested using the CT data and CTV contours from 117 cases of Graves' ophthalmopathy. The Dice similarity
coefficient (DSC) and 95% Hausdorff distance (95SHD) were selected as evaluation metrics. Results HMnet (DSC=0.8749, 95SHD
=2.5254 mm) outperformed Unet, Vnet and ResAttUnet3D, and the DSC of HMnet was also higher than the average DSC of two
delineation results from the same oncologists. Conclusion HMnet can accurately achieve the automated CTV segmentation in
Graves' ophthalmopathy, and its clinical application can improve the efficiency of oncologists and the consistency of delineation.
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Figure 2 Structure diagrams of MS and ATT modules used in HMnet

A 91 JR W R E A VR T Bl A, 43 ie ok B1LUB2
Cl1.C2,
1.4 BEGmahER %
TURBE 2 > (1 RMR 53 BT 55, e 2 1) i 11 45

SR A G A T i R VI DG o X TR &
W21 7 L X 4 CT BIMG B AR AUK BEAE B AR I
SO A RN RME, 53 SR 2= R A B 25 T
B SR S B [A) T 5 35 R 2 T AR 7R A K Y
25

ABI 5 felE FH PB15 R A AR TR BG i i
X G A T B4 () IH — A G 5 o 76 % 58l A A
AT ATROERT b U E XN A 399 mm 250 mmx
250 mm AR T , 2R FH Bl AR (E 1% Jy vk i 47 RS
K KE, HMnet % A i (None, 128, 128) . A HF 5% 4 ]
L5 G i b 6 b B 3 N B B I A B R
LA RS 58 07k, B vk AT DA = JR R CT Y 1A
B, R KREGEE D AR E R,
1.5 lgiEiE

ER b S RT S C DN N o] R B A
B AN O ARG O E S SRS B S
AR G i A B R FE 2 2] I 2% v | LRS00 b 45
B BRAE N 0.5 HEAT {EALAb B B )R DA R OR
T3 IR Ry e A A R

A 5T T 8 BT AT I 45 3 7 Tensorflow2.3 #5 £,
PEAL#S 8 FH Adam, {# F DSC 5 2% pR &R, 21 ECh
150, 2% 2 A AE LI N 0.001, 75 20 LA Loss A H
B, WK A ) R AB TE N JEOR 1Y 0.1 4%, 7E NVIDIA
Geforce RTX 2080Ti | Il 251 5 il
1.6 M ERR

SRy A AN ) G35 kB — B i A
FE TIPS 8 A5 R FH i AH B R 21 (Dice
Similarity Coefficient, DSC) Fl 95% 5% 7 & J i &
(95% Hausdorff Distance, 95HD ) 3 PF- A £ 50 X5 ] 4,
o BIREHERE

DSC /R B AN 4544 2 8] /) 55 (8] 8 & K, A
W
DSC=M (2)
|Pr|+ |GT|

Horbr Prob #UN A5 2R, GT N HLShR% .

HD &R P L Z A EE B . 95HD J&— M
fa A8 5, BV 95 [ 43 i ih SR e, AT DAY/ i
EoIRER 2, AT
h(Pr,GT) = max (min (lc - gl)),c € Pr,g € GT (3)
95HD (C, GT)=95% max (4 (Pr,GT), h (GT,Pr)) (4)

2.1 AEIMESEERAILLE

JE F HMnet [ GO IIfii PRI X 53 F 45 L 5 31 F
Unet'*, Vnet' 2l ResAttUnet3D'" [ 343 # 25 S 1 H
L 1, HA, HMnet /) DSC Al 9SHD ¥ i T HiAth
PR [ 3 Sk 5 I 28 X I A b — 1) R 20 I AR A [X
(9 3 #4855, BEAIL A B 1 JH: v 1 23 T TR A Jre s
LN AFIE B,

®1 FRSEIFEERIMLER

Table 1 Comparison of segmentation results with different methods

o0 2% 44 Bk DSC 95HD/mm

Unet 0.8105+0.024 1 3.2809+1.099 9
Vnet 0.8372+0.023 8 2.764 3+0.964 3
ResAttUnet3D 0.8550+0.018 8 2.969 0+1.661 1

HMnet 0.874 9+0.020 5 2.525440.676 7
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Figure 3 Comparisons of contours obtained by different methods
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Table 2 Contribution of each modules in HMnet

g DSC 95HD/mm

without MS 0.852120.0155 2.6100+0.5427
without ATT 0.864 6+0.027 1 2.5488+0.6715
HMnet 0.8749+0.020 5 2.525440.6767
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Table 3 Segmentation results obtained by two oncologists

O A DSC 95HD/mm
Bl 0.8300+0.030 1 3.3031+0.769 7
B2 0.8371+0.027 7 3.1354+0.784 1
Cl1 0.8423+0.030 1 2.986440.2607
2 0.8421+0.030 7 2.9297+0.3555
TFEIE 0.8378 3.0887
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Figure 4 Violin plots of HMnet and two oncologists
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