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Data Augmentation for Medical Image Segmentation
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Semantic segmentation of medical images aims to associate a pixel with a label in a medical image without human
interaction. The success of semantic segmentation using deep learning techniques is contingent on the availability of a large
amount of imaging data with corresponding labels provided by experts. In contrast, a large amount of labeled medical
image data is not available in many cases. In this study, we investigate an efficient data augmentation method using
various filters. The experimental results showed that the combination between Gaussian and Median filters is adequate

for semantic segmentation for bone images.
Key words : Semantic Segmentation, U-Net, Diagnostic Imaging, Data Augmentation

F=D—=K: kv rT4 v 7T T—ar, U-Net, BIEZE, 57— XKHEL

EHM{GE 7 X 27— a DR DMi§KY LiEONGE

I & - HER SEsR - N R - MR RREDR - RED BUE - W R

1. 1ELHIC ANE72 0 OBBEREHADI RS 20 23, Ziucthu,
1 A DERZMNICE LT 2 L AT E MR L 72
b, B LR ofE@Erl 33, Y, A CT
M2 TIEZ2HE 1 NS LT 100 B Lo B E % iR
T3 EARR, RIS D BIHAKE W LA
HINTVD., X512, B E BRI s
TRZMATERV VS MEBIERHIhTED, #
TEEENC & o THIGZIZ1TS 2 & CEMOME(EE
BERARNT 72 BD $HADHEA TS, 2D X S 28
ZIRRT 27212 U-Net?) ZHWEE~S YT 4 v 2
IR T MPEHEIRTWS., LarLl, K&

I, ERBESGTRARENMEE ZoTED, #
B OERICER STV, BB TS
ZHW3 22T, AFRROMEHS NMEEOHIE, &
B — U RO LR A RIAD 5. ERBEEIC
B 2 HEWAE OMERG e UCERAESRZE 2T
54, CT AF v >% MRI 72 ¥ OEHGEZENICH W S h
5. F7z, HRBALONZD O CT HEFa st it —
TH2MY, NN D OBEHFRIEOBUI R ¥
BLTAhRV. 8 pEICOWT CT OBREBEROARTHE
HUERRRZWE OB L L U 7235800, EHRZHIE 1

* Graduate School of Science and Engineering, Doshisha University, Kyoto
Telephone:+81-90-4214-9852, E-mail:yamakawa.sohei@mikilab.doshisha.ac.jp

** Faculty of Science and Engineering, Doshisha University, Kyoto
Telephone:+81-774-65-6930, E-mail:kono@mail.doshisha.ac.jp

*#* Faculty of Advanced Science and Technology, Ryukoku University, Kyoto
E-mail:datawara@rins.ryukoku.ac.jp

(17)



214 W S - o A e o5
DYT LIVIZF NANT SN EEPBETD 57
B, ARIBPRZEWVIHENETFOLNS. £ T
AL CIRERBERICERNREGR 7 4 V2 OMHAED
BEEASLPICT 5. HEERRETIE, JeATHIZE Y IV
5NTW3, Accuracy % Dice fREUCINZ, ARIFSET
¥ IoU (Intersection over Union) ZiBHIL, HED
AHEERE COMEEZATS 2 & T, HEf§ROKE LFED

BRI X 28T — ZHIBDFEBIATRENE 2 AL S 5.
2. BTV IRIAIT—aY

T4 v IR T R T =2 a Vi, BROKHE
TR A T3 BEEMT 2 FIETH S 0. R
B A7 3V ZERT 2 EHZEDOEE D 25l T 2
7o X, BBNEER R A EGLE, T3EM
BEZECHHENS. BEERICHW NS~
TAvITETA T —2aykEFigllioRd. K&,
g HEEA SN TE D, ELLEESESA
TWBZehbhd. BAAA=2—FLFy FT—
2 (CNN) ZHWEtwr T4 v 287X 05— 1
VITE, FILEEAAASR Y b7 —2 (FCN) 8 %
SegNet?), U-Net 2 ¥ OFESHVLRTWS. &<
VTA v ITRTRAY T a EE a2 LI
R

HZRIZ 7 XD T N BB OE D & .

T4 IR IR T a DRy P T —
7 wAERK.

[ LiES
DEEEITD

IVICHET 27DFy bT—7

Fov bV — 27 DFEEE & SHi

3. U-Net

3.1 #BE

U-Net &iF, ¥ T4 v 72T R T—=2arD
—MTHY, AMEREHGO L IR T —>a vk
TO27DITRRBINLFETDHS. Kz LT, ¥
ReEDIEE IR N e T o 5. MO E
EHORBRICBVWTRDBVREEZELTED Y,

INEP R F -

(18)

- R

BeE - H R OK

Fig. 1. Semantic segmentation for self-driving.”
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Fig. 2. Structure of U-Net.
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Fig. 3. Example of before(a) and after(b) segmenta-

tion pro-cessing by Overlap-tile method.™)
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Fig. 4. Comparison of data augmentation.
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(a) Input image

(b) Ground Truth

Fig. 5. Input image and Ground Truth.

Table 1. Impact of data augmentation on evaluation

indicators.

R LT Accuracy Loss  IoU
ALY SR L 0.995 0.011 0.924
n—ar k3R +b 0.994 0.009 0.938
H <2 (E 0.75) 0.993 0.011 0.921
B~ (FE 0 1.5) 0.995 0.010 0.919
XF4TVT4NAR 0.994 0.012  0.929
L 2 275 a¥g—1k 0.995 0.010 0.920
HIST7Y ) AR 0.991 0.014 0.898
a4 X 0.994 0.011 0.919
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7Y b3 5. 2L, ToU DR TIEE RIS 2E R
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Fig. 6. Comparison between without padding re-

moval and with gaussian noise removed.
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Table 2. Verification of accuracy in combination with

gaussian noise.

BEFULI Accuracy Loss  IoU
NAaAY SR b 0.995 0.015 0.935
n—ay kIR 0.994 0.013  0.920
T2 (B 0.75) 0.994 0.019  0.900
Ay~ (HE :1.5) 0.994 0.013  0.921
XFL 7T 4NR 0.996 0.010 0.948
v 2+ 277 aE—b 0.994 0.012 0.921
I AR 0.994 0.020 0.884

H A B

Fig. 7. Output result of the combination of gaussian

noise and median filter.
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