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ABSTRACT

As biomedical imaging equipment and machine learning algorithms are improved, biomedical image
analysis became a popular topic for both biologists and machine learning researchers. Biomedical image
analysis includes various topics such as classification, segmentation, and registration. All of them are
being actively studied, and there are a lot of remarkable papers on these topics. In this paper, we focus
on recent trend of biomedical image classification. Because researchers use microscopy images for
biological image analysis and use radiological data such as CT, MRI for medical image analysis, we
explain classification methods used in several researches for biological image and medical image
separately, depending on the type of images to be analyzed. In addition to traditional methods based on
feature descriptor, we also introduce methods that apply deep learning in biomedical image classification,
since deep learning is recently used in many researches for image processing. We found that deep
learning based models show great performance in biomedical domain, and state-of-the-art idea of image
processing and computer vision has potential to be applied to biomedical problems. Finally we suggest
future works for better biomedical image classifier, based on the idea that are recently studied in
computer vision, but with few papers in biomedical domain.
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Figure 1. Methods for classifying cell division states in [2]. Adapted by permission from Macmillan
Publishers Ltd: Nature Methods [2], copyright 2012.
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Figure 3. Figure for Subcategory Discriminant Transform (SDT) algorithm. From Figure 3 of [3], under CC-BY license.
(No changes were made.)
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Holel 2 sd CNN &
H

3. 98 Eolg ojmx EF 7|¥

oA oA E4o] Hole FopiME I A

AZ s} A7t HAY g2 AR A7 o

FEOR J1etA o5 Eoplde AR d
0}”' dFE dFsts 5 Hob ZEA 201 ok
o8 #opfMe ABE ART W A= A&

T AESE CT, MRI 59 9493 HolgE F=

A8,

Aerts9} Velazquez®] A6l #ds FAHEY
el CT omAZRE ¢ 2A9 I

(phenotype)e A#FAH oz Yeha EFshe o
& AAET CT olmA e EA(voxe)s

=4 N 7|(ntensity)e] &3, & 2A 9 oy} Az
(texture)e YehE EA 55714 & FE311, 3
A o] &l WsHwavelet transform)S =3

—
=

ojr|A & 879 oW AZ F Pt el Bl 2
RE g 7479 oW Ao A %*é SS7MAE FE
goan F 40709 B4 ghs B4 o] &3
ojHAZRE FEI EA4Y & 249 mdY
Aol ABAFE #E3] Y3 B4 s ¥4
olF, frxA W& doleg vluydch. L A
422 Aoz ojux EAo 3IJE wH(heat
map)e IH< o, Hsd f39 AAEL JE

O

ol 2 ZH2HE 59 5 Ak 7HES-1t
o]o] IA(Kaplan-Meier curve)o.2 A=
E ZE Aol #AE #HT A o
23 EAo] &L FAHCE fron|

‘Riﬁ}. w3 7 7—.‘«] E4 15

Mook NN

rot, =2

>~
Joo
>oox N ooz

it
rio

A
e

3
il
e
&
E
o
r:;l
F_E

4
o

r
>

>
o
o
re
o)
o

o
ofx
=il
re

Zhou?) fi’rfl =87 HZ"@l

=
/J o} BLA| & F(glioblastoma multiforme; GBM) &2}
=9 MRI oA 25H A A7) A& 15H
@7l AE IF0E BRE £AE oY A W
HoE AP o =&dA A B4 F&
PRE IA F A, & 244 st F
Bo] LBP(ocal binary patterns) #< AAtste= A

7, MRI o]m] ¢ B4 87)(voxel intensity)E o] &
A 3| 2~E 1 (histogram)e TEE Zo|th
GBM %372 &3 5(heterogeneous)st”] &,

- 769 -



Journal of Knowledge Information Technology and Systems(JKITS), Vol. 12, No. 5, pp. 765-776, October 2017

1) CT imaging

11} Feature extraction

- |

Tumour intensity

[ X

Tumour shape

1) Analysis

Radiomic features Gene exprassion

N—

3% 6. CT oA Y & 2Hoeiy

{

Clinical data

A& FEsta SAste A4

Figure 6. Workflow for extracting and analyzing features from cancer tissue of CT images. Adapted by permission from

Macmillan Publishers Ltd: Nature Communications [6], copyright 2014.
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