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FC_Densenet-based autosegmentation of organs-at-risk in lung cancer radiotherapy
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Abstract: Objective To introduce a method for the end-to-end autosegmentation of organs-at-risk in chest CT images based
on dense connection deep learning, and to provide a high-precision autosegmentation model for reducing doctors’ workload.
Methods The CT images of 36 lung cancer patients were analyzed in this study. Twenty-seven cases out of 36 cases were
randomly selected as training set, 6 cases as validation set for cross validation, and 9 cases as testing set. The training time

was about 5 hours, and the segmentations of 4 organs-at-risk including the left and right lungs, spinal cord and heart were
completed. The testing set was evaluated by Dice coefficient, HD95 distance and average surface distance. Results
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Compared with U-Net ResNet50, DenseNet was better in Dice coefficient, HD95 and average surface distance. However,

T

there was no significant difference in segmentation results among 3 networks. The highest Dice coefficient of DenseNet was
0.98 for the left lung, while the lowest was 0.84 for the heart. Conclusion The left and right lungs, spinal cord and heart can
medical image segmentation based on deep learning.

be accurately segmented by dense connection deep learning model. The idea of feature map reuse provides a new idea for
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Fig.1 Original image and mask map (labeled)

N ZRBE AL A 27 (783 1 3 803 5K CT 4, I
GRAEREHLAH BOR 249 20% B9 Bl fose e 4k, S

1 6 1911 F 3 650 TR EIG , MR 4R A 45 9 i) £ 35 1Y 567
ik G o 2 ak B I R R 1 5 S 3% AR AT Y
FC DenseNet #£17I1%%: .
1.2 FC DenseNet B M £&i% it

A Ad FH DenseNet56 1 A 52t Ak A5 Y 512 B i 35
A4 fa K4 B 1 A 8)153-#], DenseNet56 [ 2 AR S5 4 4
B2 7R o o #2280 MR oy, e i wk ok o
Mt 4% , HH Dense Block %4t Fil Transition down 5 £t
AR H R LAY, £ ] Short cut B2 7% %, F LAFR HUA]
PGAFAE 5 A7 2B B B %42, 38 3 Transition up %
AR LR B E G RE R RS B
ST B AR AR )RS B REAE A B R A N T — )2
i) Dense Block 4t A , A4 /& S04 Ji5 1 EIGORG B2, fin sk
W 26 SE IR ST FE

512X512X1 512X512X1
Y
—(C__Conv(3x3) ) softmax
512X 512X 16 512X512X6 &
\
(__Dense Block ) :Con\: 1x1
A
Y
. A 512X512X36 512X512X56 4
> >
\
Transition down Dense Block
Dense Block Transition u
A
Y
‘f\256><256><56 256X 256X 76 L
> LN
v A

Transition down Dense Block
Dense Block Transition u
Y 128X128X76 128 X 256 X 96
> >
Y

y
Transition down Dense Block
Dense Block Transition u,

)
>

A
oo 64X64X96 64x64X116 L
LN D
A
y
—: Transition down i Dense Biock
Dense Block Transition u
A
;r"\ 32X32X116 32X32X136 A~
LN V\“J
\

Transition down Dense Block
bottleneck - Transition u
16X 16X 120

[#]2 FC_DenseNet 2513 [&]
Fig.2 FC_DenseNet framework

Dense Block £ — 2 9% A 1 H: 51 181 )2 (1 10T 4§
W AR AR (K 3) . B — 20 AR
T 2 A B A DL XN PR R

X, =H(X, X,, -+, X)) (1)



2 , . FC_DenseNet

H1 H2
BN+Relu+Conv N=5

H3 H4

3 Dense Block Z5#4[&
Fig.3 Dense Block framework

Hrp HO) FoRAE LMk i, B IUR— A G
1E , 1 45 — Z 51 19 41t 45 1 {k (Batch_ Normalization,
BN).ReLU(Rectified Linear Units)# i it fk . &4
FRAE o R B R AE 1 RS KN a0 3 3 2
o 75 R 3 9 AR % i R o Ol 3 T B O
I 25 ME BE B4 ) ) B AR RS 4 b
Bottleneck 4514 , Bottleneck fifi Fi 1x1 A3 FUA% S B 15
T JE YRR R, 1 0 0 28 i REAE 2 B RE

Transition Block 3% 2% I 1> #H 4K 1) Dense Block,
FH K I8 3 R AR B R /N 3 ) R 46 - 6(0e [0, 1))k
i FRAE K, AL m A FRAE B 5 1Y Dense Block i i3
Transition Block Ji5 iy ) 6%m I~ FRAE B GS o  [oRAE
Transition up #& Bt 5 T >R #£ Transition down £ £t A
[A] , Transition up XJ FRfE B 47 B REAE G w25
BRJZ 35 R AR B AT i 1 DR I 75 SRR R 2
PR RIS o i B RRAE B 26 A Softmax bR
£, 2% Softmax i 1 IEECH 5 BFREIE] R 2R ST
XV ) 5 A 38 18 503 AR e 28 ask I &4 At 7 S A4S
i A f O IR R 4 OAR Y JF SR

W 4 A ABE 23 v g R 1A ARE 38 28 0 % g P K A
VERZAR ZR s WK B i, B S I 2k LA — B0
T JE K BE RS R MR Y B Lo, 1]
22 (8] (R AR 2R A, 328 BB ) v R 23R e K ) 28 I S i
RN, 780 N K BE AR, 2B AR R iR X
/AT
1.3 MRS AR B G b 2

ABIF5E B UR JBE 2% 2 HEZE Oy PyTorch, Python it 4
3.5, kb AR N intel corei7 8700, i K5 GTX1070t,
WAE32 G, B IE BB A A IR A SR8 2 1Y
SEARGT W 48 S 800 4k, R B He S8 4R HE A 45 7R
WIEZH, 51 A ZE T 3 SR BR300 Se 35 L, A
I X /N AS X TR AR I RO R R PR TR) R, 284 9]
GRA R g D AR AN 1 4 R o

BRI A /NI A mini_batch 7E A 9 26 1
N, 28 ik BOPE U TR R RS 26 A =

4 EBEYIRK
Fig.4 Model initialization

FC_DenseNet #4711 25, {8 FH 28 SURE 43 2 RSN 0 26
LR R O o AT T . 58 UM K bR EK (Softmax
Cross-Entropy Loss) , $02# R UNF .

L, :—Zle(ylog;/+(1—y)log(1—)A/)) (2)

y=(1+ ey (3)
ot x FR ARG Ay FoR 2 19 VTR 1)
Jo SRR kR RN E R . S R I ZR ARk
Adam fit 1k #% . Adam 1t 4k #% £ ] 3 & &
(Momentum ) F 4 B B2 VAR, S350 0 3 A9 i AR
SR 4 AT - T Ab 2 )5 8 RMSProp BH )
Pt S B RS B Ao AT S4BCR R, i
S R s S S R DN ) 2 TSP AR S B 4 SRy
MR AR T R B A B A RS Y [R] A

YIZRAE 135 43 FI B[] R 12.576 min/epoch, H
i 512x512 CT BRI F- 35 43 FI i H] 2k 0.168 s, X —
A7 B3 A3 CT KR4 T 20 W A B[R] 29 13.4 s, AR
A5 308 A T 3 A VR R o A v %) T 4% A 3 A
O R ECE L in A T 4155 (Early Stop) #5 He , & B
DenseNet56 7£ 4 3018 (epoch ) 22 47 i (1 I 25 2544, 55
S8 Grad B i BTG 2 2T R R 1e-3, B & Y 25
AL (epoch) B 1E IS Wi 3 ek , — 7 TR AR GIE T 9 45 7



- 262 -

N e

538 %:

Y ZxA) 301 RE PR WS, 53— T T 3k A o o) R R
W 28 N Z Ak o $ B A2 AL R 22 R gk 23|
SR R I 190 2% 3t D5 [ R

BAR R LRI B 45 5 7 B AR
3 DI MR 5 A S XA B Y BAR R AL
BNOL e D T {700 PG A i 235 8 T 01 TR
B, AR SO S e R e RS it frsi .
b/ Sk Ll SUR D) AL E e (IR
B =S T R R IR AE  Je R ik R R b A i 1 1A
18 TR AR AL A, R 25

AL ] OpenCV S 2527 25 M | 25 MR iy 190 2%
P 4 Sa B, KA B R AnTE 5b froi , aT L
A B PGS W sk, RS

a: KIRAE]

El5 BESFEBRBRAEN

Fig.5 Images before and after morphological denoising

b: X

1.4 S ERBTEITEMN

A% 30K F Dice 580, 95% 5230 22 K M B (95%
Hausdorff Distance, HD95) | *f- ) 3 1f] [ %5 (Average
Surface Distance, ASD)3 MEFRENT B s EIZ5 5, If
43T DenseNet56 [% 24 (1) i OAR 73 #1455 5 1T
ResNet50 [#£5 F1 U-Net 25 1 1 2l 43 F1 45 R4 7 AL
1.5 GEit=aHh

K HI SPSS 24.0 A4/ 17 ANOVA H [N ZT7
22T, W VIR 0=0.05, P<0.05 F /R 22 54 4i it

2 & B

T DenseNet56 [ 25 A fili OAR 4331 25 5 55 5t
T ResNet50 X 2% F1 U-Net [ 4% ) H s1153 50 25 5 137740
645 Dice (HD95 . ASD 73l 1~ 3 i, 3P 2%
(- 247 3 1] 43530 A (13.63+2.9) 5. (12.86+2.7) s
(12.2442.6) s,P=0.57. H-f /& % BT DenseNet % 4%
OAR H 3l 73 HIFI T2l 73 #1485 Foxk &l 6 s .

AR R n] LU 31 3 ol I 46 7 il 55 4 i #9351

=1 3FMLEHI Dice FEARELER (x = 5)

Tab.1 Comparison of Dice parameter among 3 networks

(Mean+SD)
EE i LI i fiti 7 fiti
DenseNet56  0.89+0.01  0.84+0.10  0.93+0.06  0.97:+0.01
ResNet50 0.8740.03  0.79+0.15  0.92+0.09 0.97+0.01
U-Net 0.86+0.05  0.82+0.12  0.92+£0.07  0.96:0.02
P{E 0.255 0.752 0.904 0.141
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Tab.2 Comparison of HD95 among 3 networks (mm, Mean+SD)

eq 2 i JIE A il 7 fiti
DenseNet56 1.85£0.36  15.95£16.0 9.48+5.50 6.97+3.41
ResNet50 2.03£0.61 20.31£12.1 12.8+12.1 7.16+2.39
U-Net 2.42+0.66 18.65+15.2 13.2+8.99  9.56+4.62
P{E 0.109 0.930 0.642 0.255
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Tab.3 Comparison of average surface distance among 3

networks (mm, Mean+SD)

e i I Al ZEJiii
DenseNet56 ~ 0.69+0.13  6.98+5.55 1.81+1.61 1.11+0.51
ResNet50 0.8540.33  8.16£6.10 2.59+338 1.19+0.49
U-Net 0.86+0.26  7.5244.65 2.55+2.82  1.72+0.60
Pd 0.304 0.900 0.789 0.053
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Fig.6 DenseNet—based autosegmentation of organs—at-risk
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