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Abstract

The Medical image processing development by Deep learning, which is part of
Artificial Intelligence, proposes for medical image auto segmentation that suitable for
Thai people health management. Due to present medical segmentation must be done
by medical expert which takes long time for the analyzing by time processing for one
patient is around 3-4 days. Nowadays, there are new software which can be used in
medical image auto segmentation with expensive price and unsuitable for Thai

people’s anatomy.

This developed program algorithm will get medical image, which is obtained
from Computerized Tomography Scan (CT scan) or Magnetic Resonance Imaging (MRI),
then image processing for image transform will be processed and get them ready for
the segmentation. Afterward, the segmented data will be further processed in training

by deep learning which resulted for auto segmentation program.
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https://mindphp.com/%E0%B8%84%E0%B8%B9%E0%B9%88%E0%B8%A1%E0%B8%B7%E0%B8%AD/73-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3/3621-motherboard-%E0%B8%A1%E0%B8%B2%E0%B9%80%E0%B8%98%E0%B8%AD%E0%B8%A3%E0%B9%8C%E0%B8%9A%E0%B8%AD%E0%B8%A3%E0%B9%8C%E0%B8%94-%E0%B8%AB%E0%B8%A3%E0%B8%B7%E0%B8%AD-mainboard-%E0%B9%80%E0%B8%A1%E0%B8%99%E0%B8%9A%E0%B8%AD%E0%B8%A3%E0%B9%8C%E0%B8%94-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3.html
https://mindphp.com/%E0%B8%84%E0%B8%B9%E0%B9%88%E0%B8%A1%E0%B8%B7%E0%B8%AD/73-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3/2017-cpu-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3.html
https://mindphp.com/%E0%B8%84%E0%B8%B9%E0%B9%88%E0%B8%A1%E0%B8%B7%E0%B8%AD/73-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3/2389-smartphone-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3.html

2.2 Software
2.2.1 python

Python [2] Aetentsitldlunsilieulusunsuniwinis Fagniaunuinlegligadn
AuknanasL NEMABEINITAVNIUBIUNTY Python 1aTisuNsEUU Unix, Linux, Windows
NT, Windows 2000, Windows XP #3euilufiszuu FreeBSD 8natnenils lneildydnuailans

Tunmd 2.2

python

A9 2.2 Fyanwalueslusunsy python

nwa dilu Open Source mdauatng PHP ¥ilinnauaimnsniagii Python 1
WawnlUsunsuveasilanilaelddoadsenldang wazaanudu Open Source yloidiauLt
wefuianliPythonfiarmausagstuuaslduldasuauiunndnyuralieinsal
29301¥1Python A1 Python ﬁ?ugﬂﬂ’muﬁumimﬁmmﬁgﬂadwﬂﬁﬂummﬁaﬁudm
ffugnosnuuuinlilassairsinesfiuldlnshidudoulnasnagldmlunmsinguluraed
mwduldindemungissaney Yonaanil Python S4esniuaeddasiadrameniwidosnin
N1 C g Pascal Python Interpreter Python interpreter ﬁul,ﬂuﬁ’umimwwmmm
Python Litelwanunsniuléa Python 1¢ daldunfulausimnsgiuiannsoldaulans &
a1ulnanldd https:/Avwvw.python.ore/ 1 ulUsWASULUY source wag binary @MU
unaaesuiilasuauteon uonaind Interpreter Searuayuni1nfoulusunsufy
Interactive shell Fadunisideulénveanion Python adlUuazifunadnsnisvhauvessds

Talusui

Python Interpreter dudtanunsainiinauauisaduilendulmingniauiunain
191 C wag C++ Python duwsngdwmsuiluniwilunisadne Extension wazlannaindui

USuusale



2.2.2 mssenlduega ves Python [3]
2.2.2.1 Mm3zeniduega

mdanldlunisSenlduegande import Inefiun import uaanusledouenad
Aoinsienld wu Benlduegain@e math Fudunegadiiuilsiduilieiiunisiuanms

ANAANERNS
import math

Weawidfasaunsaldilsidunelunega math lauwd endregraguilaidude sin

Faldruwmanlod nadldflimnidousganaidmualsdeilvidutiulaedyaau

q

math.sin(1.57) # 161 0.9999996829318346

uwiveiliidulunilogaaanygs quanadeiuwsen usauasudaldly Unfige

Y

< o/ = v v ¢ ! ! [ ! [ P ! o &
Susvenisnuduiusuuulaseamielvglunmbedngaluniuavendfenduiiiy

& & a =

Henduludsinvosuenalnuiniy sgaslsfnuaisquauegane.duseudndyidani

v O 1 & o I [ ] % < A s ado o (5
(ﬂ\‘iuua’]ﬂu’ﬂﬂﬁl’]Wﬂﬂsﬁumumﬁ@fﬂ%@ﬂm@@jaﬂlﬂL‘UUﬂuLWT]%L?,Jﬁ’eJG‘lﬂﬂ@WQﬂsliu‘iflﬂﬂﬂﬂ@‘aﬂ‘U

Y

'
o @

soulndAataneguues Adtaiunstdniwduinou eraduineduA1in include Ads
. ey ] Yo, a oA g a 9 o o a v
import Tunwlwsauilivisuwlaiu include lun1w@ Aowlunsisenldyndsnazunly

ululusunsy essalun1w luseudsnugiusisgauisalglaviuilaglidessenldnou

CX 4

Rafunw@geinazaaausualunisisenly stdio.h waz conio.h 1uUsedn satiusinlinnsld

¥
v A

uluszauiugiuetalididudes import azlsae udnwedosnisldauluszauaniznig
FunmlesdarBenldmnasalisufieuiunedug fevdiuieild include waz import
wulu php 14 include Tu javascript 19 import Aununewiiounuielslulnazn1w Ly
ssfuvirtiy luamnlwseunegaiiieinduosuiinduianils Aesauiinduiinuona aodld

flafdu type ilevmvdinglst
print(type(math)) # 1 <class 'module’>

] a A [y & [ =3 § a @Y Yav v 1 a ' 1Y
ﬁ’Ju%’NWiﬂﬂU@J@@jauuaﬁﬁlL‘U‘LJEJEJ‘ULﬁ]ﬂﬁ]ﬂlu#mﬂl@]ﬂi@ﬁﬁ’]ﬂ@ﬂ?ﬁ Guummﬁn,mﬂmﬂﬂuaaﬂlﬂ

Tnsdiulvguaraziduilendu wu

print(type(math.sin)) # <class 'builtin_function_or_method">

' [%
= I =

{fosan math Wuneganigludy Auiuiliduinegluifmedviaduilndunsows

Y

a

o i I3 s o A A & A a v = & v Yy
@@Iﬂqﬁiumﬁ] LLGW]’]ﬂLUUWQﬂSUuELUlI@@ja%u@@'Lm@q%u%ummmqﬂﬂu@@ﬂlﬂ GﬁﬂﬂLLaULLW’daiqﬁ



{ &

wegatuaziMmuauenInilsidunamegaionaUsenaumedeyansesaulindnidumdiiay

wseanesnuszAle 1wy

print(math.pi) # 1¢ 3.141592653589793

pi UAeA1 T WWunrrasidnils mamsdanaglaindu float

2.2.2.2 N1IQUNDAA

wnlifesnslduegaluuudafensaviialagldids del ntufagliaunsalduens

Juleanauninansenlall

del math

math.sin(1.57) # 16 NameError: name 'math’ is not defined
viseovauLAlstuluigatuiifes Wy

del math.sin

o 1

wuvilnazlglailawe math.sin @uiladTusulty math.cos Adsldlaag

Y

2.2.2.3 M3AzT0N09a
Ingluilsdtuiiagneslusegaisendnansieds import s3suatuIanzly

o v

wfpslivenonaiIntinae

winT3s gy lilideddtonegauminnld Guilalagldeds from
from math import *

wihilianunsaldilaidunmuaiuuega math lalaglddndusoad math. dhuiudy wufind
WA sin(1.57) $1e9du aenduni * luntidanumneinsenliyndmnegunegaislutens
& 4 S = 14 ! v @ o ! a = a
tueenun Wivua  wididmnesnisenlduausduimilalasualion * [Wutovesddn

ABINITLY LU

form math import sin

e

fviuuiifnagldlewaiandy sin d@uilaiduduazdalalile agnelsAnunisldy from fu * 4

6 o

Ingaluudraglaldinliuiladneglifinansenvezlsionnudazienaeiadiilndunve



'
[y = [ a 14 LY

o v Y Iz A a ya o o
willoufiu FaazviliAnnsdeuriuiuld Tneiliduainuegansenldiivdazluviuvewena

o = o =

Wisennew dmSuEinde eanudaauuniiimsasmdetousnaiuniuelliuiags

&

Ran1ssgusINAIvauluziteg lformusliimportingnss

2.2.2.4 M3taauenanazilaivy

winfegnafaunsageastls Ussasiigamdendngngetioas n1sgeteauisai

Ialneleau as #ViNgAIUMIETONABINITED WU
import random as rd

& a ¥ Az a 4 A 1 1% 14 A & v 1
mnuunmmaﬂwaaau NUNLATDNONYDUAINNAWTONIATU LU

Y

rd.uniform(0,100) # %léjm,aﬁueju%aagﬂusﬁw 099 100

=

wega random dunegafiuszneuseilesiduiiiedesiunsdy faidu uniform tuaghiu

1 [ o a ! ] I &a ¢ o o 1 a a1 A Y 1 1
mLﬂummu%aqumaiu%aaasmwawmmemﬂaaqlﬂ ﬁ\‘i‘V]EJ’eJSU’eJI ‘Ll‘lJliLlLWENLLWUEJ

wegawhiu wideikidunigluteganaunsodelamguiu wu

from random import uniform as unif

¥ ' ¥ [
A ) a =< LY

Weawintnau1sald random.uniform lalaeayike unif (0,100) YouenangnLIunTunil

Y

£
= a U 1

flannuzmeusudsinils wldveiiluiudsvhednoudnluls dldavgnideuviv

import math
math = 100

math.sin(1.57) # 1@ AttributeError: 'int’ object has no attribute 'sin'

tunszweunuaastduuuiinareduindinlsiive math lusue 100 udadufiay
llvdunegante math 8ndely naneslusdnnudusssun wegldiuldlidnaundineg
import  TnsdviSeusiuaanfldvedenwununessy ldlrededuludriuiedulsndesnis
wld wegadeuneluteganan Undudinieluteganilsazusenaulumediaiduinningat

] ¢ v & ] [ [ 2 Ao ! [

vititanduniglunegatiuesionasuuslunuiavysinendedidnuae  wnzdnsiueenly
a4 g & FREE I & ' = = & =
diauwuuiiunwenaidsladnisudategasen  udiudesqadludn  werulusuley
weganilumiiegesatludniuiuninduuega (submodule) sniegatutagatio os oga
Uillidmsudanisivsiinevesiussuudianis wuilesidu os.uname duazAuatoyad

A J

Tgduunusueniaiinieddl os.getcwd azAuABvailnamesnldinnuey (Megvaslnad
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$u) witnglutega os UAdwszneulumenegagesnivedn path ag aneluilfifleidun

'
=

NYIVINUNTGS (L UNNINUST

o

wridseslanIodulsEnaunes) WU os.path.abspath

|

I 3 I~ 1 o 6 ¢ 1 v
Juilsidunasuamsduysaiveslngdiaganmslduega os

import os
print(os.uname())
print(os.getcwd())
print(os.path.abspath('untitled0.py")

suwiuindlosenlduena os Iag import taegraiilld os.path.abspath azdesiinienila
AalseNBRanan AuMmeYeregatey warFsasduteilandu agrslsAniuaiunsadalalag

14 from

from os import path

[

<

wuutazaunseas os. snuntilule path.abspath visedenittufieareusgateslume

from os.path import *

from os.path import abspath

¥

wuuiinazldilandu abspath lalaefiuiuAtia abspath uegagesnaunsavinnisgedela wu

from os import path as op

import os.path as op

goauuuililawviiy Aenansenld abspath awdesiuillu op.abspath agiiulainnis
Senlduegalinadensgrainvats Tanudavdy  deiduanudzainegimivosniwln
sou \ileawsenvvzdondeahenudilaiudnidndes olls wepadestiufensaiivega
| I3 a2 oa I a o v d' a a A9 vy v 1

gosuenianatusn FedsdasNazdsdiumeyn . lUiSeee o1atlgesadlunitunls uaudAu

2NLUUNDNAISDBNLUUNN

2.2.2.5 panafiuniutega
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a Al oy = o & M v A § o A o ! Y w0

aanlaunannsisenlduegaiuliladiieslndulnmiviedudsivg winly wideh
Tiansaldoeudndetialnilamennlunegatuiinnsiiinanuaadlvinmzaunnises

v & = 9 S a & o Ao v : & =
Yosmsasnamaiuazyaiduummaen  dludnmsziluGedndudou  udluuniagyais

AsM9eatunstdeaudndaneanangnastuniely segafienld lunidvesndiegauenga

fractions Faduneganlddnnisiauavdin msviuvesegalifedeuesudng (Mseffe

v
[ 1 A

foua) vialmivusviionis Feide "auevdn’ LLmﬁmawa@aﬁ“ﬂa Unfudiasiiudi
é’f'JLamﬁi’wmuﬁwmqﬁgﬂﬁmmmﬂﬂﬂsLmﬁuﬁ'u%asﬂu sUvedawnaliey  udazdudn
uiBumsdnudgiilainendnfiony Wy 1/3 Aegnanewdu 0.3333333333333333 s
Afldfandufiosdsgnumniy mndundmafeuisarusaaedouiiasdntios
diosestueny  Sudulunisldiarlusuvenasdudienaifstiluvisaniunisnl  wega

fractions 3dladieudeyaviinlye Femsaiusianiviegluguimvdnle dregransly

import fractions
a = fractions.Fraction(1,3)
print(a) # 1¢ 1/3

print(type(a)) # lﬁsﬁﬁmaﬁa%atﬂu <class 'fractions.Fraction'>

Tuntazifiuinginls a narsuesuindutalvi Henmesia fractions.Fraction %®
919agnelUdnnioaInTIwse U UAIEYoNenanay AseEIL a = fractions.Fraction(1,3)

S < Y 1 14 v v a & o £% ad | A9 vas A
dudumsusemadiulsuatldala lngnaasistoyaviinibilavateds wilunildisnineg

NganAsldesiauumduauaemIueay @ Uedguai0193an189eInAesiuineI?

YUt oAl UL AYEI LNV agelsAnuaILNsadale Wy

from fractions import Fraction as fr
a = fr(1,3)

[

Luuiargdetu Wsswihnaauisdesiadoyalne printitype(a) fdagldnaiiu
<class 'fractions.Fraction'> wilowdiy is1zlufiiain fr wasun fractions.Fraction Lite
AsEEAINY Foyatavimydrunaniids print azuanamasensduaviavdIu Aerduiay
s / wimudeavdiu dusedininigrenisaiuarldesusdnduislvl fiase

Y o a & ea o A = v v ] a
LLa'ﬂENQJ@E)‘UL%ﬂG]@ﬂ"U']U'JUlﬂﬂﬂJWUMaWGSUUWGUQ‘ﬂ%G]@QVL@L%@m@‘lﬂ@ﬂ

2.3 Neuron Network
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2.3.1 TasetneUszanmidion (Artificial Neuron Network : ANN) duanansuauamnils

s

vaaneudyausedug (Artifitial Intelligence : Al) 13UuuulAT9a3194a8N1591191UV8INNT
UsgsnanamileufvaneivesdelTindeiuiuasusiesdenismeuaussuesdunnniang
vaansieus (learning rule) ndsniilassineliZousdsifesnisuda Tasstneduazanunso
yhauiiimualilaleseedszamidedldgniaundnduanmshauveseusmyudlag
avewywiUsznaulumenheUssinanaisandt 1seu (wasUseam %se neuron) 91U
ThsealuanemywiilogUssanamarinisideusofuogisnninsassnudisaansana
Igndupeufinnesfiinsususies (adaptive) lidudadu (nonlinear) wasyheuwuy
wu (parallel) lunsguadanisnisvirusuiuvesiiseuluatesnsanindedseaduy

NSANUIUTLE UL UUNIINATTIN YDA DAL TULDY
2.3.1.1 89AUsenoUvaslAsIneUsTan LBy

laswnegdszamiiealdllagninuulesends - venmehouesEtewyed  Feaues
Usnaumeniiglsyaiakaiiugulisendt 9i5ea (Waduseam wse neuron) neluaues

U5ENaUMI8TIToaaWILLMIAYE (Uszanas 101 wardlanmediuiulasiiedssamusenau

q

s

Fudhediudiy 3 dau Ao lodsvam (dendrite) fawad (soma) wazunuuszam (axon) lu
uiarlassnglsramandendetlasgeussaniszam (synapse) Teanansaidguan
Frumnuldnudyaafiassnintumensadusyam  nsdsduamseinssadUszany
Talaunsarewmansusznoulufouuazinmadeon nnlasessvesszuuUszamuanslunin
2.3

ﬁx!jmﬁ

\ iill]ii:iﬁﬂéﬂ‘i':;ﬁﬂ‘l

|\ upulszam
R ‘(‘ ’ \

lualseam

> o O \ N
07\?’ ‘)\o = unufseam

loalszam walssamnlszam ‘//, \

ANYaa

N7 2.3 IaseasnassuuUseam

nsUszanananig o edulumiheUsyinanages 15en11 Inus (node) Falunuadunis
18098N¥UZNITINNUINNRaNTENE YU TenINlnuaFoNsany 9189911990017
A 1 4 a
WousavatleUsyam wazunulszamlussuulssamuesanasywd nelulnun 9l
HsAduminuadyrudioaniiionit HeAdunisuuas (transfer function) Fsvinniiny

) I <] (3
Wisulatiounsguaunisynaulueag
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wandlugufl 2 TassneUssamiientssnaudae 5 asddszneu dall

1. doyadunn (input) iudeyaiduiiay mndudeyadanunin dosdadlieglu
sUdwTinailassieUssamiionsonuld

2. FoyaLeding (output) Ao nadnsiAnTLI MnnsEUINTFeudvettaatne
Uszamidiey

3. Al (weights) Ae usvsuenfamnuddyuesiuusuudrgninantdifions
fsthmiinAvessarududutoyauiiniidoudetuwadusramdeuiiazdndnluin
laftunsedu Feamimiing asgnusuAsudlununiadoudvouuuaeaitelilduadng
anvhevasluuiassiiniuilndifssiuAnouiidesnnsinniign

4. #arfdunasan (Summation function: S) Wunasiuvesteyadowd (p) wawen

Y1Utn (w) Feaunas (1)

S =, piwi (1)

5. ardunsudas (transfer function) faridunisudas udiuiiviminfisiuds

U 3 a v o YU a 1 - (3 & o
Marne1Rnavesiazea uainsinduladiazdsdygraeinneenlulugdle feidu
[ v a v = 1o a v A v [ 2 = (5
mauvasansadulanuuudadunselilududy  nsidenldilandunisulasziuegiv
anwalrvessyuu NunalasssUssamienludssendld Wedtunisulasdisgnanesunuy

WU TU UTs18az B enmUni1san 2.1
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Yoty #UnI5 MATLAB yanval nsmlauduNUS
anuduius | Weddu

y=001 +1
g1indiin n<0 =1 | T
e : o hardlim I
(hard limit) y=1m —0 >n
nz=0 '_'_"_‘_-:i'_‘_’—'
o y=-1 ¥
g1Inaunuy ‘*|
n<0
dUUINTG
g hardlims :I:
(symmetrical i 0 >n
y=+
hard limit) o B ——
01 nz0 -1
A
+1
G . ‘
y y=n purelin
(linear) n
0
=

v=0
LAURIIUIN

. 01 n<0 ! |
(positive poslin _{

s b 1/
linear)

5"! n2pl b/ T " Ag W VY S IEES——

Anuatodsy (W QY W' O 'W FW L) ool |
o 1 g
aonaiy (loe- | y=-—5 logsig p (N S

I'¥e 0
sigmoid)

FnuULUUUEY
v A
e o

{
U I/ v MWK TN S LN e 3 !

J P .
ang W= tansig
€ +B »

(hyperbelic

|

tangent e

sigmoid)

AT 2.1 TATUAITLUBLUUSIN

2.3.1.2 wasiwuaseu (Perceptron) [5]

<@ 1 1 = v 1 a @ @ a v

Jumhedesnisiseuivedlasadigussanniiey dnuaeaunmg 2.4 Usenaume
INABITELAYNDY (X1, X2, X3, ..., xn) FeAEQNUIUMHATITUFULUUA UL AR
wlj, w2j, w3j, ..., wnj aaEau kagiiamealesuy () neunagtAmamun (net)) 1Whg
andunseau fx) WeasteyareenvedeadUsyan j Fuazgninluduameining
AANALAARY (error) TuwUUIaaal L g U UAMBUTNIABINITAIAINLAANNLAZBUN AT ILUILN
Py ° a S @ oA ° o v saad Y  aada '
UM UILN O AN N AT ANLTEMUUVBILUUTIADIA LI HATNSNATL A83TNS8NI

backpropagation n13viuieUsuAmEnLazALTdsuLTesUUTIaearyNuluiTey
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5 AUNIIAIMIUARIALATDUILLDBUIN ¢ WIDAIANUAAIAAGDUINTIUAsULU IR TItDY

1N 9 wuuassivznean1susuruminuazandeduy

vimiin (e szsudszanm)
IUNA (181]“52:61‘]")

Py

andunasu (fauvaa)

Wandumsudas (Guwas)

]p Y 1aena
-—-—> .
. (Fyanmannunudszain)

AND 2.4 1AS9851900 9 Na s UnSa Y
23.13 miﬁauilmuﬁ;@ﬂaau (learning with supervisor)

Supervised Learningl6] wisansizeusivuiifaey Wumaniuvumisly Al vie
Jonvseivg nelévde Machine Learning fifidudiufifealunisfinuiuasideiily
Hagiiu lesanniilding dumuen Wissldreuinesindenisifannsadnwinazyihanuay
Fukalfiasase wdmansumiiinunmnnuddausd 1959 gniauslae Arthur Samuel
widhemalulaiviossuudssnanaluneutudidnatogyinlisiiuitesfintuludagiu

Supervised Learning ﬁamiﬁﬂuiuuuﬁﬂaauﬁu AonsilimauR WO IENTOM
Ameuraslgmldmediles — ndmnniseudanadeyasisdnsliudsvesutls  mnaglit
Wsuitsufndontunisaondn assinamdnsinmdnlidnilieeiiug  uduon
Fienluuien slmlildun Bl 2-3 Tu Whinlsaednivanad Ussian audnisudile
Fufl 4-5 mm%zaaumLLmﬁaﬁLﬁﬂhjmaLﬁuuﬂﬁ@é’ﬂ 10 ¢ iU iaug Sndrununils
Tnsasislduenidniflvufoun dlnulildun ffnreugniuvainsaoureas i
UsrAvsnmluvueafeaty mnsaeudnluaet difdniiuiudu wn wn wiewy

& v ] ' = 9 aa s v v Aa
Lﬂﬂﬂ@qf\]"\]gfﬂ@‘UI@MqﬂﬂﬁqLLﬂ L7 Mi@lﬂ‘mm 'Jﬁu@qf\]f\]gmaﬂisﬂﬂﬁgU'JUﬂqiaau‘ﬂllﬂ')']ll
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[
v Y =

FudouunTuludn 1515enITn1saauLAna 2 wuuilin Classification @9azlanadnsmiunn

7 2.5 hag NN 2.6

o © (»

cat not cat not cat cat not cat not cat

AN 2.5 NEANSNLFAINN1TEDULUY Classification Nlidudau

" g

o ® 00
¥_ =
dog pig

AN 2.6 HaANSNLRANNITERULUY Classification Ndudau

fRUSUNRNDNAULNIERUSDITIANNTT (diamond) 1SvBULNETaRTe U9 2 Nesn
a = % v < 1 % a A =3 [ =
AUE99 STAUANNALDIA VS2 WAIUBNANIT A1 2 81UUIN MBUdNInvUIn 3 nesh v
o % < o o & < 2 a ~
STAUANNAZDIN VST wdusnin 3 duum viwuuilunate o Weaudniialuing #ie
nszuaIunshnlogic) Tunismsmsmvesnystului auduvdunasdialwiduin Aonalw
WNAAANTIATIALEY LS USENATTUIUMTABUANLUULIN Regression LAguanInadnsnis

apulafanInd 2.7 wag A9 2.8

! PPV ¢ 9

20,573% 35,0108 10,120% 25,8608 15,021% 50,702%

AT 2.7 NaansNlAINNITABULUU Regression
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#aNN13 Supervised Learning ansnsatnluussendlduitamla 2 susuu

Regression

Supervised Learning

Classification

i 2.8 MsUssEnALNUamves Supervised Learning

MaTeulusunsaiuusain 519510 Llogic 130 model saAniuan 1HiTou
TUsunsudiielirlé output 910 input 7isudhun wnihldwSeudisudugiegisnisaoudn
Fefu input Aen wdminiacig 9 dau output Aermeuinamisud Uy nds vl
arls madeulusunsunuuiunudululily Wosenenududaures model wie logic #

neadunuAnumnldlulusinsy ieuenueznwdn Iudania g fFenawi 2.9

Computer

Program

Gy ) [ D
Model (Logic)

A1l 2.9 Traditional Programming

314 Supervised Learning diguiuumadeulusunsuiiunnsiseanil Tugiausn i1

Weulusunsulrrouiamesadns model 3o logic ¥8SLUSUATUTULLBIAIN input (ATWERT)

(%
&Y

wag output (A1MeU) Msdesn1siuieatunsaeuan ntus3ei model sl wail
a a Aa ° | a w ¥ Aa
gu57d input wag output NdaUrAINUANELazIIUIUNIAWNLS T“lena”1d model 713
ALNUEININTU ATZVIUNITASI model wuuilisienanig “dn (train)” Fsaiusanu
nanlaRsndnIuIRaudvaIe) U udusnudutourdlangNisdesnIsul wazwasly

N15USEUIANAVD AT DIABUNIADSTLSITNTUAINING 2.10 bag ATNA 2.11
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Computer

Program Al ——»( Model (Logic)

I

Output

o v

ANA2.10 BEAINTEUIUNITINTU LBl model NABINIS

Computer

Program Al ——( Model (Logic)

Output

!

A9 2.11 nsdluwandesnisuivszenaldivluswnsy

IUMUIINTZUIUNTIN - Supervised  Learning  tuflaniududauunnninnisdeu
TUsunsusuuaiy wadesvasiunAeauisavidsmiduldldlelndulule mndindounduly
= o v a sl = a vo & ~ Y
il 10-20 Unau nislireuiiumesiinnuaainnenasienwerdweadladadumiouniany
fu usitagluiisnaninsaasne model wuudnfiduinlaes Wesmemalulading q 1Ay
viualivannvu Jaymiegeinuwaglivendls Namasagnudmenislansnensiiaumnauna

1N

AN Imaﬁzhaﬂizammuhq%’ulﬁmgﬁ (Fully Convolutional Neural Network—
FCNN)

FCNN [7],[25] Qﬂﬁ%ﬁﬁuéf’mmﬂﬁﬂ Convolutional Network Wag Deconvolutional
Network AMULANAINTZHINN CNN- AU FCNN Ao Asldmatia CNN tduagldnsignsianin
Tnemanidlvitunsugarneansadungunmesnuntmbulionm usidhmaneves FCNN
& a ° ] a A aa ] ] v o
AaNINRz T uUN LAz RAaNT 0T NTINITWUSEIUAUAILMNE AL F D901 ABNTS
non59d (Decoding) Tudu Feature Map v8¢ CNN @ailumafiafiisenin Deconvolution Tu
U m e 2015 Long et al. letuguwswasuiausisnis FCNN Taglaiiintu Upsampling
Layer WWluunugiuues Fully connected layer wagldnin Segmentation Ground-Truth Wy

UUAADUVDILUUIIABY FINNT 2,12
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A7 2.12 pwdraeslassieysyavmaouligiuiugy

2.3.2.1 Upsampling Layer

i '
v

Upsampling Layer [8] fio fuiildivain Deconvolution teus18vu1nvee Feature
|qy [ gj a L8 i v < . o o YV
Map Wilvg@umindugunmaudy Inglddeyaviinanasradu Filter wazihlunuiudoya
veen nglihausnudunvivdeutiuues Filter Mnuasivuudoyamaenunsiuiu A9
cs' o ¢ v A 5 4 ~ v v v W
AN 2.13 HaansanvingLiler Uil Upsampling Layer 9¢iluuinfiuninauagamueiiingiy
sUAMRAAL  WARedid1uau Channels whiuduaueaalunisdnwun - @egld Softmax

Function Tun1591uunAaabuwmiasineanIe 18

Sum where
output overlaps

/ Same as backward pass for
Y normal convolution!

3 x 3 “deconvolution”, stride 2 pad 1

pr————
‘ Input gives
weight for
filter

Input: 2 x 2 Qutput: 4 x 4

Al 2.13 Deconvolution Iu%u Upsampling Layer

2.3.2.2 Skip Connections [9]

WeiuAMULug ez kAT nIn1su1anevey feature map LaNIULUUIIAOIY

i '
v A

Funeganiiieaannsvin pooling IrdmalvdoyaiuazidenunIun1sin upsampling Tu

1 a

TunougaTineg  elinaansiiiunsiseusitdn  uanunsoaensiaeanunduiinealiuuy
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MU N3 skip connections Aia 115114819 pooling AiRuUNITUgATINEHYIN upsampling

£
v

HadnsNladsausanensiaeanintikuuaziBeanitielinisdwunveulugunmaau  d

i 2.14

$2x wpsampled

convy poold convd poald convh poods  convl-T prediction (FON-32s}

Y

AN 2.14 Skip Connections e up sampling TutUNAUNINVBIMUUT DS

2.4 deep learning

2.4.1 deep learning [10] A9 =OWLITABURANDINALULUUNITVINIUYDITZUY

TnsavneUszann (neurons) Tuaewywd foiluduiinues machine learning

Algorithm U89 deep learning gﬂa%ﬁﬁumﬂmiﬁ%m neural network va1e layer 11619
i lag layer wsnamagyivinilunissudeya (input layer) layer anvheazyinntindanadns
N15UTUIaNAaBNUN

(Output layer ) d@u layer 58379 layer W3ngn wag layer qm?ha %Qﬂﬁ&ﬂdﬂ Hidden layer

A191 deep learning 8911191AN1591Y layer 909 neural network wanesusuIRBU
(i Hidden layer 1nnnin 2 layer Atoidu deep leamning ud1 ) Lilesan layer wanildu
lassasengnimiuwuuilunestou (stack) JaU3eulddn layer Ndwawmesss Avgyinlid

IAsasenan(deep) Bstutiues lnsuaasluning 2.15
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neuron

Input layer
O0000000000O0000COOENSE

0
0

Hidden layer

OOOOOOOOOébeOOOOOOO

Connections between
different neurons

Output layer

ATl 2.15 hidden layer

Img Hidden layer weosusay layer agSguldiioninusenounie waauseam
(neural) I1waun Palinthilunisuszanana Suteyaan layer Megwmilondn uavdsloya

MUszaanaaiauailudl layer Niodd1andn , Tefivesnisdsdeyauuuiiife layer usax layer

(%
o &Y

aunsafaedl drgasdimtn (weight), A1ALeBEIUOIUaYA ( bias ) wag T5MIUTEIIaNA

NIAfIRFEEAS (activation function) Miudaseaaile

gasleutoyaliiiu model 1nwinlng | layer waias layer fazanunsnanin feature

NTAMUTUTUNINEITY
2.4.2 AFEUIUNTTNNIUYBY deep leamning [23]

Model 7119 deep learning IAnuutugh (accuracy) nasluvaeqlam Aaufn13nI9gy

F0g) (object detection) lUaufisnsidndusnn (speech recognition) lneiisilidndusies

¥
YA

Tinnudiugnilagiviuliasmdnes. dWewalitoyasiegna (input data) dufaginig

Seusandeyauazduaszidussdrnuieonuiliedidnlud®  onfiu msld  deep
. lo & v | W v 1% v oA & o

learning Twasnsiny i lsidndudesasudnaudals waliSeuzangdiaunnedudiuaumn

faunsaseudisnsaunuliegnsdnlud® lnednszuiunisvhausandlunmi 2.16
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Understand Identify S‘TEEt E_}Efp Traingthe Test the
the problem Data carning Model Model
Algorithm

AW 2.16 NSTUIUNITVINUTEY deep learning

ietaidlandnn1sves deep learning N8y , Winndunuin1sisnseuasing wawl
ey anesieazdeu , antosAutudnLIAWIaENATUNAT " DAL Falidnesd
Lun 173

[

B vise giv Ndnvzyauseleatioanun Tugnuerew ynasINgnmasAnAniaIsT

e

f v v
< v

msvennan " ladly duladlguan " wawndsignddudunanasay vengnii "gndes duum

Kl

azuan " devhwuilludes 9 Wnautufaganunsouenueslieddnesnludfinddluufows

Ia &

Yasbnulailouan Inaierakiviuladunaiegritldisldeslsdumnaminenueyinday

d 9§ 1 P V" I a o A v v D O a2 & Y a
wavise il Fafunevavidy e, &, vuinvesdy viseerlsidudeuninuunduls @

1 dyd LY} 1 A o v 3 3 I <

wianlAefieg19vee feature NI uaLenLezees model  Tunisuenteyinduy
wnuselal) |, neural network AfindnmsviIuULRIRUfURIeg1etnsdu Taevnd layer
Awoswinlng Aaraunsadauasest feature Nilanududaulauindsdy fegradu neural
network 15l 4 layer gaNa1unInduAsIedt feature wag yMeulagugousnni1 neural

network M15ies 2 layer
a Y a ‘;’
ﬂﬁiLiEJugLﬂWUumﬂ 2 g

Wawsnfe n1sussynald nmsutaawuuliidu@adu (nonlinear transformation ) fiu

Fouafile§u (input) leuadws (output) eenunegluguveslainayaaii (statistical model)

Wanaes Ao N5ElLAANIHIUASNNSNIIRERANERS 9819 derivative ¥38 A15AN

HULDY

lngva 2 ialazgniingudigiaauninaglaundsumananuuiugaccuracy)lusyiuinui

Wawela T3 N5vigques 2 wail ¥ iteration

gnieg19N1TleU deep learning , NMMNN9A1S Ap TumaTnene N TEUI ALY
laeenals @sldszozanluns train iesua 10 w9l waansilame lunadildasnsaiiaz

duAszivinaueeniils SulalEnNananNILuuLae aakaaslunni 2.17
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- S {
¢ . .
< -
c -
L)
B © Y]
]
(%

AN 2.17 N1558U3V89 deep leamingilausn

89910 48 F71U9989015 train , 913enle1181 model sriutinidusisaasile 39

anunsaviulalunnd 2.18 nsiseuiued deep learning iaass

AT 2.18 N15138U304 deep leaming Ln@ds



2.4.3 Classification of Neural Networks [11]

24

1) TnseteUszamuuuiu (Shallow neural network) : & Hidden layer wa 1 layer

(Weg33l input layer wag output layer UsznutnilauLay )

2) IasengUszannuuudn (Deep neural network) : 3 Hidden layer 11nna 1

layer , nfiaeeadu LeNet model 484 Google Ml¥dmTU N133UIAM (image recognition)

i1 hidden layer 1@y 22 layer

ynIuil 157l deep learning 1Ussyndldaeinsuate 1w sagudliaudu (driverless

car) @nivliu search engine v@sgoogle LA3B9dUIA (Fraud detection) nsvidil uay

UqDNINNUY

2.4.4 vinveslAs3918 deep leamning (Types of Deep Learning Networks) Tagl

Y TAVLATIUNLVUA AR AINA 2.19

D Backfed Input Cell

£ ) mputceu

B noisyinput Cell

. Hidden Cell

@ Probablistic Hidden Call

. Spaking Hiddem Cell

@ output ceul

. Match Input Output Cell

. Recurrent Cell

@ remory cell

. Different Memary Cell
Kernel

) Comvolution or Pool

A mostly complete chart of

N e u ra l- N etw o r ks Deep Feed Forward (DFF)

L2206 Findar van Voen - simovintituteorg

Perceptron (P}

o> |

S

Recurrent Neural Metwork (REINN)
- -

[\

e 8
A
Ve e e

Auto Encoder (AE)

Feed Forward (FF)

5y s

Variational AE [VAE]

Radial Basis Netwoark (RBF)

Long / Short TermMemory (LSTM)  Gated Recurrent Unit (GRU)
- =} - -

YA
‘l' '-f‘\\‘ ‘li'.l
A

"

Denaising AE (DAE) Sparse AE (SAE)

A9 2.19 siinueslasetiy deep leamning
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2.4.4.1 TaseveUszamwuutaulumin (Feed-forward neural networks )

Feed-forward neural networks ﬁaL‘fJthLﬂﬁﬁﬁiﬂiﬂﬁ%’mﬁﬁﬁmdﬂaﬁqm WNS12N ANS

afiunisvesteyasndulilufiemasies Afle Sudeyasin input layer udidalusialudy

[
v =

hidden layer 1&089 aunss¥adie output layer Aazunen (Funalainazlifiinuloop) Wndu

a8 )
2.4.4.2 159918buuIus (Recurrent neural networks : RNN)

Recurrent neural networks #® neural networks uanglalgasNaILIsaLAY

[y

(store)feya(information)l3# - node  Favhliituanasasudeyaiduiuudwiu  (data

L% v 6 I o w v v a 1 1 @
sequences) waglkadnseonudiuvesdayald eSuiwetniieq RNN Afie neural

]
A v U o |

network @oumeiunategdutazdsansasenuluinulloop)latuies fAsandunwi

2.20 ws1gazuu RN Famuzaulunisussuianatoyaiiiudidvagiauan

Chutpan

'
|

Dutput sent back to itselt
RN

NI

Ingaut

A7 2.20 TASIUIERUUILGN
neural lu RNN aglasudaanmueningalnudugasudurenissutoya

3991091 model 1iSuA111 "Do" 10U input fiuagyinsasannnesvesiavnliunuag

U F9 nawes diusuulaiiou memory 489 model RNN

model 983U input 31nAmee lUAERU” you" [ 'want" "a"

1o A 1

lngiilo model iU input anvinevesddu ('a") , neural network AgasAft1aY
annsanfulsylealaloutput)  senunseuiumaNuaslduvessazA Wy §1vn
train model 80NUA TUD1ALAIRNIN "café” w3 "drink” 138 "burger” 1w output AdiAw

! [ Y
UBLUUEI UULDY


https://www.guru99.com/deep-learning-tutorial.html#5
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sldulaesialuves RNN

“UNIAABSIUNTIATIERWANNS A9 (Help securities traders to generate

analytic reports)

-ATERUANURAUNALUAYQYINIRUA9Y (Detect abnormalities in the contract

of financial statement)
-ATvdUNITUasuLlaslnslAsing (Detect fraudulent credit-card transaction)
—L%EJuﬁ’mﬁiEnEﬂﬁgUﬂ'lw (Provide a caption for images)
~a%19 chatbot AiflUszanEAmN (Power chatbots)

-mstdnulunulssiavideseideaiiudeyasgiadiilos (time-series data or

sequences) LU N138ALEYY (audio record)

2.4.4.3 IasangUszanmuuunauligdu (Convolutional neural networks

‘CNN )

cnNBumalaniisvosnisdoudidsdniigniauntuieTnguavasdlununsious

shanmiilesnindnwazssnwluroufimesussnoufmefinigavargngnuseiuns

Aananawenedsnis NN - FeldisAsuiinwavessunwilvietluguuuunisidhsta
(encoding) fhaalaeisnsuilaiteudeldrnutud RGB wnuteyaluusaziinieg Feazdlen
I¥daus 0-255 msdstaasUssneusiesu convolution layer LAz pooling layer ?}gﬂﬂﬁ’u
manetufsgidondiudly NN 41 convolutional base uwéadsiidfuaniinedu Fully
Connected Layer ﬁiw%’agaﬁgﬂwmvﬁﬁwﬁu FeFanstiavaunsasuunUseinm (classify)
amldlaglddoyarndr  (nput  data)  Wugunw  waslinsvihunenadwsioutput
predictions) mﬂLL‘UUR‘]"}aa@lﬂummm%Lﬁuﬁgﬂmwasmqﬁuamﬂ(tabel)ﬁﬁumwé’qmw

fi2.21
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i A, S -
: 00 W :
™~ I/ \

“F& ‘0 [ — sicvens

INPUT CONVOLUTION « RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN (O.lNUP:::HD SOFTMAX
FEATURE LEARNING CLASSIFICATION

it 2.21 IaseeUszamuuuaeulgdu

CNN 1 fnazgnldiiensariin feature anndeyavsenniliresiluszdounielila

flassadaduguuuuamess (unstructured data) aeaugu U0 (image) Wudu

fag1amsldau NN : n1sAnAussenelvzuaw ( predict an image caption )

auuf CNN Suguaw input WWugtuan , sunmwaitiazgninmiuluguuuunes pixel

Falagvaluuds ald 1 layer Tunmaiiudeyalusuuuuwndvim (sreyscale) uazazlddn 3

layer lumsinutoyaluguuuundsieg

521399 model vinnsiseuslearn) ( afia feature tuuvaz ) 9 hidden layer ,
model 2z¥IN1IMT feature NANMEANIBIANZAMETBYS input TIlATU agadu Tunsalil

o1aleu feature M1,M52980UNN9YBILLLL WWUAU

= o = % < % o ¥ o A 4 [

o ‘model ¥in1sguillearm)iaiaieas  fuazansalirmneuuiusassunmdy

| % & a | = s @ o I |
Anutnasdy wasmnguamdugianutasluwuulagafian model asmauidudeiu gy
WNAAIATIEINEIT - JUATudAutiasduinanduwings model Aaglidneuin

SUAMTIUABNMLRTILDS
2.4.4.4 miﬁaujil,uma'%uﬁﬁa (Reinforcement Learning )

Reinforcement learning daLdugunuumnilaves machine learning tngldgunuuves
13 W5197a (reward) wag adlny (punishments) INNSISEUIUUABIRAABIQN (trial and
error) Google's DeepMind Alf Reinforcement Learning Tun1s train model Tunsiau

nunaeuauvuglrndlanulal uenanilddinisyn Reinforcement Learning anlgluaenis

LnaLive train T bot fimnuaainuindsiu lnedinisly algorithm Miaulalaun Q-learning
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Deep Q network , State-Action-Reward-State-Action (SARSA) uag Deep Deterministic
Policy Gradient (DDPG)

2.4.5 ANUd1ALYYas Deep learning

(%
Y

Deep leaming fiotduia3asilefinsandslunisviune(prediction)nadnsmnge 8nvads
awnsan pattern vi3e dumTienveya lawllendnesdanuiiudidley (unsupervised

learning)

Big data AlUSsulaiioudoindsves deep learning MIHANKAUSYWINSEDIRE1958N LA
anunsavibinywen@ielugudntu inesdudueel wandn n1sv1e MIums wae

YINNTTU

(%
Y

= . v o v a a Y 1 ad o a A

9n913 deep learning Swinnuladuszaniainlanninisn1sasiy nanfe deep
learning algorithm 19A21MLLAUEINIATT machine learning algorithm TusTuvesduANIN
(image classification) #1094 41% Auvean1s3ibuntii(face recognition)sIndis 27% way

N153311884 (voice recognition) 11n@e 25%

2.4.6 193911983 deep learning (Limitation of deep learning)
1) flgamsseyiievizedaussiandeya (Data labeling)

Jagu Al daannendenis train Ingldudnnisves supervise learning Jatufivneau

uywdanaaatauazdnUssianvesteyal data labeling ) Mmemilasneuaziily train (Data

'
1 =

labeling professionals : gnaadnvziliuen@ni popular luswipn Wadidenves Al ) &
v | Aga o = ' a a a £ uy o | | ¢ o dll

Joyawmalndduiuann - Fdbiianiionainanuiadula  degiuty sosudtuinfou
Snluilf ( self - driving car ) 99AUMATeTRBAULNEYAE labeling AAlanaglylunis train

STUU
2) 7BIN5YATBYATINIULN (Obtain huge training datasets)

deep learning tdudpstayadnuIuiINlunIg train Yeya enidu desn1stoyadnuiu 1000
A3 wievgvililaluma classification NfiUszavzan wagluuiensdiidesnisuinndt 1
DY) I A A o § v o Yy 1o a a Y v 1 I '
anueguiieagyinlyl model hnulsegedivssansamlndifsaiunyed |, wiueud

deep learning Wulunfeuluusgnnalulagguimilan Fawanwld big data fazaudoya
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all

nfiilefliiteandn petabytes (1 a1u gigabytes ) twdumguaivily vsgnmalulagyu

1"398131130835719 deep learning model MHUsEANSAW way AAuwiugas
3) Yeyulun1se5ue (Explain a problem)

LilHiSeahenuywdisnageduie Al model Ndudauls sndiagratu Aauiivinla model
fafansdindulanuutiu (why a particular decision was obtained ?) fifiJudnweraniiag

il Al faldisumseeusutdin Amsizuegsdueniiuyuedisnazaunsaesuieiues

2.4.7 10 anilnenssy Deep learning Hugs [12]

2.4.7.1 AlexNet

% a

Alexnet AeaoUnenssuwsnivzunauslnedugunidnly Deep learning 3iu

' ¥ ' v & A 1 A o 0o awv
ABUYNZIeLazdulU LATDUENIUADNTIUNNTINGS sﬁﬂ?ﬁ?ﬂiﬂﬂ’]igﬂ’]ﬂﬂﬂ’]iﬂ?ﬁﬁ]ﬁl Deep

learning AU U HOUL

Alexnet willouazidu dn1dmnenssudie93aiinng convolution wag pooling layer ag
uugAkazAIuMEN1s Fully connected layer Tnefinmuanandnnisiulsamil 2.14
Alexnet flo anidlnenssuiiiuguitanuazgniumuludioso Tneagsinisuen model nu
wwsE wagld GPUdwsunsin Tul1980 CPU gnltdmiunisiln neural network
Tuvaigdl Alexnet finnansilunsfinunnadn 10 wh faushnezreuisdafoudlutiogiu
AlexnetigsnsldifioifugaiEuduresnisussandvin deep neural network lunisusvanana

NNNMTO NTINTIFANATIIVUA IAULAAINNANTTRENTIUAININA 2.22

i3 i3 13 p—

" input \
mage 5 s 3 =
(RGS) ot Masx

Ma = Mas

rr pocing pooliny
Stride % L]

A9 2.22 @aatnenITULUU Alexnet

dense dense

cenie
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CY

2472 VGG Net VGG Network gnuugtilaenguiinidonmiaiiousssi

Y

oxford lagiATetneiisusnadeiunseiiseiia  IHwuagalnatunmtuazn el
Y uUgAvaaLE039EaNn tnslanananni1svinnulafinIni 2.23 way 0N 2.24
TolaiUTeuves VGGRe WuamUnunssudifdmsu benchmark wieviauiwentiu

BNNISTULLATEVI8ANS pre trained d195UN1S VGG ansnsamlanaliuudumesiin

Tunmanduiu Tardsves VGGABaMglunIsHnT AU 19t1899yinuuY GPU Anaald

I a 4
Ladusinee

L B B R R S B T |

28X 38x 512 Kﬂi*;?,xﬁli’-
- 131 w096 11 = 1000
1 Y —— ey Gy g
convolution+Relll
r’__—: max poaling
:—5-{] fully somnected-+Hel.U
[ softmax

A7 2.23 @adnenssuluy VGG Net VGG Network



ConvNet Configuration
A A-LRN B C D E
1T weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
mput {224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
| conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | comv3-512 | comv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-1000

soft-max

ﬂ’]‘W‘ﬁl 2.24 ganUnenssuluu VGG Net VGG Network

2.4.7.3 GoogleNet

31

Google Net tu class voe aninenssuiignesnuuvilaetinidei Google wazdl

wugimageNet2014 dnviedadu Model Insenas i aandnanssuuaninisvineu lunwi

2.25

Fiter
ooncatenaton
e N
1x1 corvolutions 33 convolutions Ex5 convolutions 33 max pooling
e / p—
Previous layer

A 2.25 aandnenssunuL GoogleNet

TuandnenssuilazAmpudne@nngziing 22 wawasiilawisunu VGG 19 awwas
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A & ! v )~ N a{' ]
AIUNLAUNINBUAUN llﬂ'ﬁl,ﬂaEJULLUaQ‘lUQJ']ﬂQ']ﬂVILT]L‘Wuaﬂ'ﬁ]mﬂﬂiiuLLU‘U

sequential Twiunowntn lu 1 wawes § feature extractors wianewiln Jsanusavaeli

(% '
Y 1 e

UszanSnmwauesevisfesratiuladn  DnvtaeIevnediinsriueslanuniisdenlviu

a wa Y P

UfUR  duausaiannis convolute input 1383113 pooling lalaemss andnenssy

gavnednisiulugasuusndewiuivlugady 9 eguinune  Gansinasuansniuly

[ (%
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2.4.7.4 ResNet

ResNet fAanilsluannenssuiiiussulanuanuanves an1tnenssuDeep leaming
andnenssuuaninisvinar Tunimi 2.27 439 9 Residual Networksunanlugaangaaie
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X X
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RelU
v
X+ X1
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AN 2.27 @antnenIsuLUy ResNet

ResNet Wﬁ‘ugm"l}aﬂ SGD uwuil fancy adaptive learning technique Fsazvinlwniseilnves
luwmadulaegnsasuiiu Bnitedauaaunszuauns preprocessing ¥a4 inputlagiusinput
gonuariinfAnmeiukasinsdoudidisuy Bwunsananamannsinulannimg
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34-layer residual
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AT 2.28 ATYIIIUVDY ResNet
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2.7.4.5 ResNeXt

ResNeXt Juwafianlaguiulddmsunisiin object recognition azviinisasisnau

WUisuusnuazt ResNet snimwnanlnenssulud amil 2.29 drdmsuasunisinnu

residual module U89 ResNeXt

256-din

256-din

256, 1x1, 64 256, 1x1,4 256, 1x1, 4 total 32 256, 1x1, 4
- v - paths -
64, 3x3, 64 4,3x3,4 4,3x3,4 seee 4,3x3,4
v w 2 v
64, 1x1,256 4, 1x1,256 4, 1x1, 256 4,1x1, 256

256-d out

256-d out

AW 2.29 @0TRENTIULUU ResNeXt
2.4.7.6 RCNN (Region Based CNN)

Region Based CNN architecture (3enladnidnsnaunniiandmsvanilnenssuves
deep learning wanslunmd 2.30 anansarhluussyndld N3yt object detectionls e
uAtleyn N3 detection Tpeiilassaianann1svingu wanslunmwi 2.31 Tag RCNN 924i1n13

NAYBULIATaINFRITIIRgluFUIINTUALIRT TGy 9

R-CNN: Regwns wzth CNN features

aeroplane” no.

l A\ >
tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

R-CNN workflow

ﬂ’]W‘ﬁl 2.30 anUnenssuruy RCNN
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The structure of RCNN is as follows:

classifier

Rol pooling

—

S

Region Proposal Networky

feature maps

Faster R-CNN workflow

ﬂ’]‘W‘ﬁl 2.31 A1$1UNIUVDI RCNN

2.4.7.7 YOLO (You Only Look Once)

YOLO fiosyuufiaiavy deep learing dmsumsundayyn nMsasianuingagui

Y

WAUAUENS TURINLWUIFUBaNMEvBUIINNTWINMIIRddanesiuaugluiunis

nsvdeuingdu class 9nULIENITTINNEBIIIMLARE Y U Auuanslun i 2.32

ﬂ’]W‘ﬁl 2.32 N15V1191UVDe YOLO
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faulagliszdnsfianasnin  RCNN  counterpart  dudspsiidelaussudmnsunis

uAleyuuu real timeld wazfantnenssunsianslunin 2.33
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.ﬂ']W‘ﬁ' 2.33 an1Unenssuluy YOLO

2.4.7.8 SqueezeNet
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2.4.7.9 SegNet

SegNet Aoan1tnanssuves deep learing telglun1suntgyywinis segmentation
fanUnonssuuanin1sineu Tuawmd 2.36 AmeiusinanaIfuued processing layer au

v = U I3 . . a U Y 3 Y A . .
puNSTeNAuYeugNUeg pixelwise Nnsanulagldiusaineldluns classification

Convolutional Encoder-Decoder

Output

Input

Pooling Indices

RGB Image -Canv + Batch Nermalisation + ReLU
I_- Pooling [ Upsampling Softmax |

Segmentation

AT 2.36 A01TRENIIULUY SegNet
2.4.7.10 GAN (Generative Adversarial Network)

GAN_lumsatneszuuysvamaneniusind Tandnenssauansnisyiem luamd
2.37 Geszuuinsetigagyinnisassguium ntwalilalddmsunisilumsuadngm usfe

anunsal i dunidngnle

| / () | real data -
AN & gmoid
Qe e ncon
e | g ~ | Discriminator s
Network
z ~ p.(z) | Generator | | D(x) ~0
® Network B -
prior G(Z) generated
data

ﬂ’]‘W‘ﬁ 2.37 anUnenssuluu GAN
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2.5 1a304n5293daaelsadrenduwiwanlnin Magnetic Resonance Imaging (MRI)

AsRInsINNagelsameraundwantni  [13] WweSedlenlddmsunsineteny
aelusranesanandlalunni  2.38 Ingadendnnisvasndundianinirlunisasranin
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2.5.1 9978390157527 MRI
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6. TonNawnansNelun1smsIa (Gadolinium) wesunn wieweufuansNusIan il
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2.7 n1sudasnn

2.7.1 Histogram Equalization [14]
Aonsusugunmilviiinmsnszaesvesanudiuasesainaue daazvinlving
AudazaL (cumnulative histogram) Wisdududunse 39
AT 2.0 uARsE FoganIwAeuY Histogram Equalization
Al 2.41 uanads fegnansideuyi Histogram Equalization
ATl 2.2 uanade FegnanInmdein Histogram Equalization
AT 2.43 uanad Shegaensan Cumulative Histogram nauyi Histogram Equalization
ATl 2.64 uanede Fognansmvawi Histogram Equalization

AN 2.45 Wansde Aeeensiw Cumulative Histogram %asvin Histogram Equalization

AN 2.40 Ao NNINABUII Histogram Equalization
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Histogram Equalized Image

AN 2.42 Fee 1 9NNREIVIN Histogram Equalization

w1 Curmulative Histogram
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AT 2.43 AIDYNNINUEIVIN Histogram Equalization
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46



47

2.7.2 Type of image [15]

[

amadTanliaslisluuunmsiiuluamEnd  Faesdnsdaiunmusassiiasieiu

YuodiusruudveInInaIinagn lnewussinuasnnlanadl

2.7.2.1 Binary image AIWLUUNIADATNATULAREAILIUISUDINNTLNDILA 2
anuz A9 0 U 1 nandfe Asdledan uzidu 0 wazdvdlefianiuzdu 1 lnen1sudasnin

sesruamninaneduninluuns azdearirune1dawus (Threshold) WiarfuaaAIsEsUAINY

dudmnzgnulasnanaidudunivisedananini 2.46

AINA 2.46 AWLUY Binary %38 NIWY12-

2.7.2.2 Grayscale Image AINTZAUANIABNINTIATIIUIINAIVOIAIULTUE

i & v v o & & rw o a Ay vy o

nnuiazan Insanuduldlaves amszdvdmlunmmvanaziuetivinuiudeily d
v A

wandbunmd 2.47 Faindeuldseauding 8 Uanll seavdmnviavan 256 seau lnelloussy

Wudaunatouseninamig 0-1 ¥Sesududin 0-255 el 0 Wwnudv1inas 255 Wnudan

1-bit color channel
2 possible values

-_ | y eossble i

9 4 possible values

| 4-bit color channel
16 possible values

8-bit color channel

256 possible values

AN 2.47 STAULRAFALNN
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2.7.2.3 RGB Image %38 Truecolor Image 1Huguiifulneldendisd 3 @

YUIA M X N X 3 WEN M ABAMULI kaE N ABAUNINNIBININIUNLIERNLYE dU
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@ 1A a o a
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e e
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0.5004 0.0837 0. 0N O.0WT 0.2P)
© o.0627 Green o, 1m2 0.2368 (
0.1808 0,178 O, 12% 0.

ﬂ’]‘W'ﬁl 2.48 AMNLUY RGB

2.7.2.4 Indexed Image Husuiid

Y

sUkuunIsfiuluy indexed Ao
Usetanilaziuadlu indexed warluumagtosansise aztfiudiimisrasdlu indexed T

13 sananalunini 2.49

e Courtemy of Suman Coten

AN 2.49 AMNLUU Indexed
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2.7.3 Morpholosgical [16]
MaAsuuasdnunirsUT93elATas19189A M (MORPHOLOGICAL PROCESSING)

nswagunladnuaesUT1wselATITNvesnIn . ABNTSUTEINARAYRINNTNIMUlATIAS
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n3ve18 (Dilation) agfintsandeyanmdudunimu-a  Wunsverenwlilve

(% ]
U =

A Weamudbituingiuanmalutuneuaaynedanisveieingasinlalaanisninua
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Futstayan niviiu 1 agvihmseeudiulszneulaseaine Waduteyanin A

2.50

2N 2.50 NSVEIY

2.7.2.2 n15n3auvue (Erosion)

msnsouvwIn (Erosion) {Jun1snssusiausiveuresing  Jan1snseulisady

[
= %

funsvengeie  asisdiuyszneulass@uaudinlunsaniudeyanin lngazideuliyn
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sumialSguimeuiuteyanin fdeyaiiamileududiulszneulasesneasninisnivuae

v -

Poyan niinseiuiumiannsaiuaaisuauvse  Ianuliavesdiudsznaulasesilvivindu 1
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AN 2.51 NITNIDUIUN

2.7.4 REGION-OF-INTEREST (ROI)

Region-of-interest (ROI) Aausiaiiisaula e1vazidutsnalaniglunmils lnensi

o a Ql' v A - a A o
nseUdeNsaUUTIMTaUlY Melnay nsevAWdN wIansausUuwdeulag wWethamanie
diusinanunussiians orasuilaininaunesnisiagliifinansgnuivaIudue o
Tu 1 nw AUNITANIVUAAYaIEE ROI EIDMUUARILAUIAIG9LAI9E 8519 Mask
\Ju Binary Mask dmsuldrmvunveuwanasiimsdeuwdasnmely sunmilug Ingliien

drunaulailu 1 viedun waglvidudug Wu 0 viedm
2.7.5 Softmax Function

Softmax Function [17] #38 SoftArgMax Function %38 Normalized Exponential
Function #is HeAunsu Input 10U Vector ve9 Logit §112u359 a2 Normalize panundu
AU Probability#INa 2311 U 18998 Uaun13n15A It U snLEun157(2)

zi

o(2)i= ﬁ for i=1,...,K and z= (z1,...,zK) € R (2)
j=1

Uselowuve Softmax Function
Softmax dngnilUly Layer gavine wee Neural Network wielsk output eenu iy
Probability luA11U Negative Log Likelihood \Ju Cross Entropy Loss 1t Tuau Single

Class Classification

Softmax gniluldues Tuau Classification aufisvuiniiawsendn Softmax Classifier %38

Softmax Loss
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Joideued Softmax Function
wingAumsldnuiaiania Output Ngnaesduieaviniu (ndlAes Max Function)
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F1u2u Item w0 9 W Output Wy 1 Tu 500,000 A1l Dictionary Tusu NLP

2.7.6 Dropout

luna Deep Neural Network inagdifleynn Overfit Wiowsuiu Dataset 18910
ian ue amnsauAdgywn Overfit 1ngl435n15 Ensembles @31evane 9 Tuinauaiien
Output [18] UQAUAU LAVINLUUEADUTISEUAUUGDMINEINT 1987 UazAoInoy Maintain

naeluma dropout function Fuiaduuivelglunisundamdinann

Dropout awsalfiiisalunaiiss adrassdunaiy 9 lueald lnenisduaenuns
] aa X o i & aaa v @
Node 890 Tuszninen1smsu 35d3en31 Dropout LTUWIENaa10 Uszndaitane uay

nineIng tazfid1Adslisios Maintain ate 9 luiea

Dropout fatuds Regularization Wuunils Hsann1ssrtesdey an Overfit Wagyin

Tluma Deep Neural Network 9 9 aeinenssu Generalization AUuAININA 2.52 uasd

AN error WaRIlUNINA 2.53
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(a) Standard Neural Net (b) After applying dropout.

Al 2.52 (a) neural network ikl dropout (b) neural network ik dropout
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Classification Error %
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Number of weight updates

AT 2.53 nsvlSeuliieu error sEna19 neural network N1lifins1lY dropout

way dn1sld dropout
2.8 Arduuszansanuazinalyisui-lag (Serensen-Dice coefficient similarity) [19]

(Dice, 1945; Sgrensen, 1948) adaidlunisilSeuiisuniuassnevesaeiiogng
LIARNUgIY Tosrduszansauazseln sy ladiundefumduUssansannu
avdhoudnni$a (Jaccard coefficient similarity) 3sgnldadnaunsvmanslunufufiuansaume
name aunsamualiansuuadniinaesheatisuiure s iuIuELNTNTLA LA
WANNISARIUIL Andulsyavseuazielesuwu-ladavannansgnuInnsiiaundn

AUYBINGUAIBE1Y  AaudEinIsansanAmawalnlugugmaiasievestoya

149 Tunuguildmdudssansanuazihelasuau-lagdlunsinnnuasdiesening
Poruluszaud sl MvuaiEuRNTUVRIATAINY1I N, S(A, N) WNUYATBIOULNTH VO

1l
Aluteru A, SB, n) unugavesduinsvesdlutenny B, QSn Jeumunamsves A
aviie (quotient of similarity) seninsdenny A fudermu B azmildanaunisi (3) an
QSn 1udavszning 0 8 1 wWwiedduiua Lesnorm wine1 QSn Wiy 0 wladn Jamau
A uazdoru B liusingyavesdulnsusiuiuae wivinal QSn iy 0 wladn deadu

A wazdonu B mlauiumnusznis

QSn =2|S(An) N S(Bn)| IS(An)| + |S(Bn)| (3)
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2.9 Entropy waz Uncertainty 98953uulu Deep Learning Al [20]
2.9.1 AUMINBYDY Entropy

Entropy [24] %38 toulnsy Wunistaaiuliuiuey (uncertainty) 20958UUN38

1 I PN a a ' = 3 Y =
ANz Uz AnEIRNg o lnedlaunisnIsAIuILASENnI1SA (4)

H@) = - X1e4q pi log (pi) @

dlo p Aeanuuiasiuiiagiiamgniselsng 9 anviaiun N wianial

2.9.2 M5U1 Entropy Tulaiu Deep learning

fegranilaraanisine Entropy luldeuAfe nasiiisnlalingdananisAuiuees

Tuwandl Entropy a9 wanasbilivyedduddndulauwnu nszuaumsiiluwiiladdgues A
Security t91mIsIIndlelnsiinansalinga - vawedulalunsdndulavediwa  uas
dalusmisasazinluwnsnuasnisinaulasiv we Entropy Wuiiesisnsvilsiildinaanala

[

wrnau wiluauluaswa8siisnuninengniaualumiidesi 4

2.9.3 Cross Entropy

'
o w

Cross Entropy Lﬂuaﬂwﬁam‘%aqﬁamwmsﬂu Deep Learning Toed Cross Entropy
lailelFinauiune  wildinenuunnsisiuresmsuanuasnanhasdy nwusdazniwd
ﬁmﬂ%’aaﬂuLma%ﬁﬁhm’mm%Lﬂuﬁuaﬂmiﬁ%’mEgjiu?%ﬂm?mﬁaaa'n%Lf\m 100% LU
U UL Aflaudunin 100% aglufamiifianudunun 80% wazuin 20% angLusqm
Foyadildaou (Training Set) Lﬂmmmaqmsﬁauﬁimﬁ'ﬂﬂﬁﬁa vlviliea Deep Learning

Y

GU?NLﬁqaqﬂqﬁﬂﬁﬂﬁiﬁﬁqmaUﬁjEJﬂ'J']ﬂJ‘lhfﬂgLﬁUﬁLWﬁQUﬁUﬂQWNLﬁUQ%Q (Ground Truth) 11N
a = aa o v ! Y] ! | I3 v a o
‘Vlifjﬂ %Q?ﬁﬂqﬁmiﬁﬂﬂﬂ@ b31EARY € 'Jﬂﬂ'ﬂ']llc‘ﬂ\isﬂaﬂﬂqiLLﬁ]ﬂLL“N@?WNUW“\]SLﬂumaﬂﬂgﬂﬁlaf\]i\i Ny

1 I3 v v 1 g v AR N )~
ﬂ'ﬁLlf\]ﬂLLﬁNﬂ'}WNUT‘U%LUUT@QiNLﬂalﬁ’] LLa'J‘WEJ']‘EJ’]?JTJ?U@']ELWNQ']']NG]']Qﬂuu@ﬂﬂq@ I@Ull

o U dl
AUNIINITATUIUASEUNITN (5)

H(p.q) =-Xplogq (%)
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2.10 YUAVDINN

2.10.1 DICOM file image

Digital Imaging and Communications in Medicine (DICOM) [21] Lﬂummgmﬁ
muun lae National Electrical Manufacturers Association (NEMA) Iﬂaﬁﬁgﬂﬂizmﬁ e
NISLHBLNG NINNNAITENNG 15U CT scans, MRIs, CR, %39 ultrasound wag AN
nsunmd B 9 Tuunil 10 vesnasigiu eSuieis Uuuuves File Aldlunsimua 1o
Husmsgiu deadu wile aMwazaninsn wanidsuiuldlusening wedesilomnanisunme
¥i30 Software mansunnd Wiannsasudeyavesauld faunaniaiesilorsvin niesng
usonla

DICOM File azUsznausmiedoyaludiu wes File v§efi3unin Header (ine
Header agUszneulufetoumAsaiuauld 3o uimana JULUU vosnm dnounm dnvae

YOININ hazdu )

DICOM 1Hunmsgrunigunsainemsunndidu Digital Tusulmlq fesaiuayu
wnsgull win nsesdlslanlifiaudndundesnsrtesiuszuy PACS Alidnduiiazdes
\u DICOM Al§ wamnnaglifmensiamuilueuing Asdeniases fenansunmdli {u

DICOM
2.10.1.1 T9d%n” DICOM file

- DICOM files are not recognized by Windows® as image files astiu 151lsias150

Walnalagly software %39 application vialUle

- IUﬂﬂiﬂsLTJ®@1Wﬁ dndudesld additional software package called “DICOM

browser” 1 3D-Doctor Viewer v 4.0.070803, DCM View etc.

9

- sUamLansazUsEnauluMmeaTIuILIn Senudazatiin “pixels” Fad1uau
pixels TATuagiv ¥linves Digital medical image M54 1w d1duves CT scan 9zl 512
x 512 pixels vaugfvos MRl az1du 256 x 256 pixels Ingiufilun1sdniiu waz Resolution

994 Digital image #1149 Lﬂuiﬂmmm‘i’mﬁ 2.2
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Nuclear medicine 128 x 128 16,384 0.16 MP
MRI 256 x 256 65,536 0.06 MP
USG 512 x 512 262,144 0.25 MP
DSA 512 x 512 262,144 0.25 MP
CT scan 512 x 512 262,144 0.25 MP
CR/DR 2048 x 2048 4,194,304 4 MP

Digital mammography 4000 x 5000 20,000,000 81 MP

Digital cameras User defined User defined 3-20 MP

M9 2.2 wansiuilunisdaiu way Resolution ves Digital image

2.10.2 PNG image

png €a191n Portable Network Graphics [27] 1ugunuugunmdiiamnduunin
NgUsuLTUN N GIF  iiveundymiinunsinsvasninuwuy GIF laedl dnmuwuu PNG
lausa3dmsu PNG #ia libpng Fadigusnen1wd Yaquu PNG aduayulaeiiuiusriwesiieu

lZe

MIME type vaslna3uwuy PNG Ao image/png duiliiantsidau php a1u1sagnu

A1 MIME type @28 PHP 994131



3.1 mawalusunsuwaldlunmsuenatedzlaglddyyussRvgvianisiseuiivean

maaulUsunsuiveldlunisueneleglagldUyy v vinnsieusiddn

[

anunsavhnsuenamiduedeizvesithelaenistham wndisgunntiuilaalssivg

&9

PN TuN lUYN1SR g UM NTULALYINN1SYUIENAve 9 8E iR aIN1seann saulu

[

WendnusidsinauetunsunsiannlusinsielglunsienedeazlaglidayaUsyavs

o«

AN ITEUFTIEN
3.2 msanuwuunisiaUyyivszavginaldlunsuenadan:

nseenukuunsimudagyiuseavgieldlunisuenadeaslinuguuianngiins iy

saa

NUYTENIANITHYITUATUINGIAIARNS ADUN LMD TN T8I “Data Science Bowl 2018”7

Wesannaulsgmansudeduiidunulsemasyavainadailiduiinnil 1 a1uneaansaei

=3 ~

Ideganivlagid1vednuusema sautgiUsEnIndanuyltenenIniennign Jaaiy

LANANIYBITTUUTNONBMAL SE UL LR wiinvastayanindunainiigseuy n1seenwuy

)
szuvandinenssuruiiupeunisesnuuuiiniUszing Insdoyaiidvhanuidedldidy
Yoyaiildanlsmeviadsnedadunmdadisdinvnsdosiosdiudefidslveseion s
meluveshelnsritunisuiladeyalasummduazfiTorvg iedesfunisaziindnives
Fuhoruddlasumssessuiiolflunuidouds Tngludeyasmueiae uiazsoddma
110-127 o Sivaed iy 10 98 Tasgvhnisidetdeyamariundrglasasne U-Net

AN 3.1
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64 64
128 64 64 2
input
imaﬁ;e ol ola || outRLE
: i segmentation
tile =
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5| bf © gl 3l 48
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N Of ©
~| = ©
mw| njw
'128128
256 128
slall S gm% %
[so] Wes) os]
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' 256 256 e 256
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A 2l 3 e
e S - g copy and cro
$ s> sz 004 815 " Py p
il — i e § max pool 2x2
o
¥, -¥W= bz B B # up-conv 2x2
T I T T S5
= & = conv 1x1

™

A9 3.1 UuuulAseaseues U-Net
3.2.1 maudasninananlareuiunin png

INNNN3.1 NINIIUEsEuUves U-Net tadesnisiideyanmiilalusunig
UszRIananInAdsia (Image processing) Instnamilaluidignszuiunisussuiananin
nau (Preprocessing) Wesnnamdladunwlasey 211 danudasdunn png [22] é’agﬂ

732
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import os

import pydicom as pd

import cv2

cwd ='/RAW_DATA'

num_dicom =0

num_dir=0

dicom_files =[]

for dirpath, dirnames, filenames in os.walk(cwd):

for dirname in dirnames:

num_dir += 1

for file in filenames:

if file.startswith('CT"):

file_path = os.path.join(dirpath,file)

dc = pd.read_file(file_path)

x = dc.pixel _array

index = dc.InstanceNumber

number = dc.SeriesNumber

x = cv2.normalize(x,None, 0, 255,cv2.NORM_MINMAX, cv2.CV_8U)

write path = dirpath.replace(RAW_DATA'/RAW DATA images2')

if not os.path.exists(write_path):

os.makedirs(write_path)

filename = os.path.join(write path,'%s_im%.6i.png'%(number,index))

cv2.imwrite(filename,x)

num_dicom += 1 print(num_dir) print(num_dicom)

amil 3.2 gaddsildlunisuvasnnlaneunduds
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3.2.2 MShEnNdIuDILI[16]

s

dialdnmvasdeyanenanuaniundudilsznounilsvesnisaeudyyiuseivg

<9

Y 1o Y] v & [ & =
‘Vi’]ﬂLLG]ENIiILWEJQW@LW?’]BEJQ%’]WU@H&VIL‘IJ‘lJ ATNNYNUBIDIYISUU € Wialdlunisaeu

a

[261JyanUszAvslnetunaun1svina ke nveseisizazldlusun suuumuallasldndnves

<9
(% (%

nsUSuUaInmeetl JULUUUITTINg U SRYUeeNBUmNaLsE wag ANUILILILYRIRinITaYes

Y]

A aa o =i
AWLUBNIUNTETUIUNNTUTEUIDNANINAINA WQE‘U‘VI 3.3

close all

clear

clc

img = imread(' filename,png’;
¢ = histeg(img);

d = imgaussfilt(img,1);

e = imbilatfilt(d,100);

imh = imadjust(e,[0.5,0.6],{0.2,0.9]);
imh = adapthisteq(e);
b = imbilatfilt(imh);
a = imcomplement(b);
img2= imcomplement(a);
for level = 0.3:0.01:0.8
bw = im2bw(img2,level);
label = bwlabel(bw);
stats = regionprops(label,'solidity','Area’);
denisty = [stats.Solidity];

area = [stats.Area];

high_dense area = denisty > 0.85 ; % 0.45colon//0.4pelvic girdle//0.85urinary//0.65 kidney
max_area=max(area(high_dense area));
tumor_label = find(area==max area);
tumor = ismember(label,tumor label);
se = strel('square’,5);
tumor = imdilate(tumor,se);%%imdilate,imerode,imopen,imclose
fig = figure;
%subplot(1,3,1),imshow(img,[) title('Urinary);
subplot(1,1,1),imshow(tumor,[1);%,title('UrinaryAlone);
B = bwboundaries(tumor,'noholes");
%subplot(1,3,3),imshow(img2);
hold on

for i=1:length(B)

a = plot(B{iX:,2),BLi}:,1)); 'y;linewidth';2.5;

end

AN 3.3 gardasnannienadeslulusunsuwaiay [26]
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3.2.3 M3dnnsutstoyanmieldlunisinsy

WalarayazunInifedan158onuIkaIiINIshuIdeyanIuuaveanInin1ung
Uszanananwaaviadu 4 g oadl 1. anilglunisasu 2. AR IUNITaUTRANIY
TUswnsuwunway 3. andlglunisnagauy 4. Mnilglunisnaaausiauiuluswnsukunway

Tasdndauvasnind [dlun1saeudadu 80% vetayanIni anuadsn1ng 3.4

Train Validation Test
Training Set Validation Set Testing Set
(60%) (20%) {20%)
To train the models To make sure the models To determine the
are not overfitting accuracy of the models

= Y I Y !
AN 3.4 ﬂ?ﬁLLUﬂ%@Hﬁ@@ﬂLUU’dﬂﬁ’lu
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3.2.4 NM30RNKUUITNTNARRILAENTINILE9E

WauUsdnadiuvesdoyailioanuinavanudl Yunsudslufanisesnwuuiznis

A o o a & ° o v v o & o Y v v
Vlﬂaa\‘lLwammiaiwﬁmmmimwg IVIEJ"US'VHﬂ']TU']LGU']SU@HQQ']L‘U‘U'VW3@]@\‘1LLﬂaﬂGU@NUaﬂ']WI‘W

'
aad

Juwmdnduaddu 2 dannSeuldnulugluuuiasdaginisdisiawnasinwaidfiv
AmEvRININ mask Fanadwsnldeeninaziuyadeyaumdiiu 2 iR lnedudeyavesnm
viduaznm mask n3inns yadeyaaouaznseyinlaeileidu train Generator #999in
13 import module keras [28] Tun15v1nszUun1s Data augmentation Imaﬁﬁlﬁuﬁa%a

A3 luguuuu dictionary fsil

import os

import sys

import random

import warnings

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
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from tgdm import tgdm

from itertools import chain

from skimage.io import imread, imshow, imread_collection, concatenate_images

from skimage.transform import resize
from skimage.morphology import label

import cv2 as cv

from keras.models import Model, load model

from keras.layers import Input

from keras.layers.core import Dropout, Lambda

from keras.preprocessing import image

from keras.layers.convolutional import Conv2D, Conv2DTranspose
from keras.layers.pooling import MaxPooling2D

from keras.layers.merge import concatenate

from keras.callbacks import EarlyStopping, ModelCheckpoint
from keras import backend as K

import tensorflow as tf

from matplotlib import pyplot as plt

Al 3.5 madslugailusiedddaenin
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BATCH SIZE = 10

IMG_WIDTH = 128

IMG_HEIGHT = 128

IMG_CHANNELS = 3

TRAIN.PATH = "/input/input/train/'

TEST_PATH = '/input/input/test/"

warnings.filterwarnings('ignore', category=UserWarning, module='skimage")

seed = 42

M9 3.6 AmuaALiagnsEUIUNIABUYTEIIaNaN N




3.2.6 Mssuateyauazinluldlusuresuming

nssuateyaveanmlaswUaaduguuuvesuvinduasiilUldlusuvewiouls

64

# Get train and test IDs
train_ids = next(os.walk(TRAIN_PATH))[2]

test_ids = next(os.walk(TEST _PATH))[2]

np.random.seed(10)

train_ids[1]

test ids[1]

for i, value train in enumerate(train ids) :

train_ids[i] = train_ids[i][:-4]

for i, value_test in enumerate(test _ids) :

test ids[i] = test ids[il[:-4]

A 3.7 mMsfuanvenmluguiuuveaamisnduaziiuliludiuwys
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3.2.7 yafdwihnsgevunnnnsaeulvnsamnuiuU sl iwagSudayan i

X_train = np.zeros((len(train_ids), IMG_HEIGHT, IMG_WIDTH, IMG_CHANNELS),
dtype=np.uint8)

Y_train = np.zeros((len(train_ids), IMG_HEIGHT, IMG_WIDTH, 1), dtype=np.bool)
print('Getting and resizing train images and masks ... ")
sys.stdout.flush()
for n, id_ in tqdm(enumerate(train_ids), total=len(train_ids)):
path = TRAIN_PATH + id_
img = cv.imread(path +'.png")

img = resize(img, (IMG_HEIGHT, IMG_WIDTH), mode='constant’,
preserve_range=True)

X_train[n] = img

mask = np.zeros((IMG_HEIGHT, IMG_WIDTH, 1), dtype=np.bool)

for mask_file in next(os.walk('input/' +'train/'+ 'label/'))[2]:
mask_ = imread('input/' +'train/'+ ‘'label/' + mask_file)

mask_ = np.expand dims(resize(mask_,
(IMG_HEIGHT,IMG_WIDTH),mode="'constant', preserve_range=True), axis=-1)

mask = np.maximum(mask, mask )
Y_train[n] = mask
# Get and resize test images

X_test = np.zeros((len(test_ids), IMG HEIGHT, IMG_WIDTH, IMG_CHANNELS),
dtype=np.uint8)

sizes test = []

print('Getting and resizing test images ... ')

sys.stdout.flush()

for n, id_ in tqdm(enumerate(test ids), total=len(test_ids)):
path = TEST PATH + id_

img = cv.imread(path + '.png')
sizes test.append([img.shape[0], img.shape[1]])

img = resize(img, (IMG_HEIGHT, IMG_WIDTH), mode='constant’,
preserve_range=True)

X_test[n] = img

print('Done!")

M9 3.8 YarawihmsgsvuanmnsasulinsmudulsiasaliuagSudeyanimdiin




3.2.8 @314 training Image and Mask generator

66

image_datagen = image.ImageDataGenerator(shear_range=0.5, rotation_range=50,
zoom_range=0.2, width_shift_range=0.2, height_shift_range=0.2, fil_mode="reflect’)

mask_datagen = image.ImageDataGenerator(shear_range=0.5, rotation_range=50,
zoom_range=0.2, width_shift_range=0.2, height_shift_range=0.2, fil_mode="reflect’)

# Keep the same seed for image and mask generators so they fit together
image_datagen.fit(X_train[:int(X_train.shape[0]*0.9)], augment=True, seed=seed)
mask_datagen.fit(Y_train[:int(Y_train.shape[0]*0.9)], augment=True, seed=seed)

x=image_datagen.flow(X_train[:int(X_train.shape[0]*0.9)],batch_size=BATCH_SIZE,shuffle=T
rue, seed=seed)

y=mask_datagen.flow(Y_train[:int(Y_train.shape[0]*0.9)],batch size=BATCH_SIZE,shuffle=Tr
ue, seed=seed)

NN 3.9 YAANFIE399 training Image and Mask generator

3.2.9 @319 the validation Image and Mask generator

# Creating the validation Image and Mask generator

image_datagen_val = image.ImageDataGenerator()

mask_datagen_val = image.ImageDataGenerator()
image_datagen_val.fit(X_train[int(X_train.shape[0]*0.9):], augment=True, seed=seed)
mask_datagen_val.fit(Y_train[int(Y_train.shape[0]*0.9):], augment=True, seed=seed)

x_val=image_datagen_val.flow(X_train[int(X_train.shape[0]*0.9):],batch_size=BATCH_SIZE,s
huffle=True, seed=seed)

y_val=mask_datagen_val.flow(Y_train[int(Y_train.shape[0]*0.9):],batch_size=BATCH_SIZE,sh
uffle=True, seed=seed)

A 3.10 ﬂ;mﬁqé’ﬁa%’w the validation Image and Mask generator
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3.2.10 @314 training and validation generator that generate masks and images

train_generator = zip(x, y)

val_generator = zip(x_val, y_val)

2N 3.11 ﬁqmﬁﬁda%ﬁﬂ training and validation generator for masks and images

32.2.11@579 class@nsun1sMIAIAINULIUENYDINSADULATNAADU

def mean_iou(y_true, y_pred):
prec =[]
for tin np.arange(0.5, 1.0, 0.05):
y_pred_ = tf.to_int32(y_pred > t)
score, up_opt = tf.metrics.mean_iou(y_true, y_pred_, 2)
K.get_session().run(tf.local_variables_initializer())
with tf.control_dependencies([up_opt]):
score = tf.identity(score)
prec.append(score)

return K.mean(K.stack(prec), axis=0)

M 3.12 YAAAIEIN classdmIuNIMIAIALLINE 1IN TARULAEAARY
3.2.12 msadnsasneguuuuanngnssu U-Net

yamdan 3.13 asdunisainsdinves contract pathlagazdsdeann awd 3.1010u
sukuuisddlagrhnisulausasiaweseandu 10 awesleeynawasazld activation
function Elu 131818 LaLeasil 1 2 3 uavd Usznouseflsfurouligiuluguuuu2iia fleddu
Dropout uagilsAtu Maxpooling faulutaleas 5 ﬂizﬂa‘uéhaﬁa%’uﬂau‘la@ﬂﬂugmt,uuz
fiA uarilaridu Dropout gavieiaiees 6 7 8 uay 9 Uszneumeilsiunsulgiulusuuuu2
315 ety Dropout et rouliatu 2 15 wuunsulng uay Wty AoulAniitum Tudiu

gavnevanmm Iaeuligdu 2 iR uayld activation function ¥lla Sigmoid

q
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# Build U-Net model

inputs = Input((IMG_HEIGHT, IMG_WIDTH, IMG_CHANNELS))

s = Lambda(lambda x: x / 255) (inputs)

¢l =Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding='same’) (s)
c1 = Dropout(0.1) (c1)

c1 = Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="'same') (c1)
pl = MaxPooling2D((2, 2)) (c1)

c2 = Conv2D(32, (3, 3), activation='"elu’, kernel_initializer="he_normal’, padding='same')
(p1)

c2 = Dropout(0.1) (c2)
c2 = Conv2D(32, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="'same’) (c2)
p2 = MaxPooling2D((2, 2)) (c2)

c3 = Conv2D(64, (3, 3), activation="elu', kernel_initializer="he_normal’, padding='same')
(p2)

c3 = Dropout(0.2) (c3)
c3 = Conv2D(64, (3, 3), activation="elu', kernel_initializer="he_normal’, padding='same') (c3)
p3 = MaxPooling2D((2, 2)) (c3)

c4 = Conv2D(128, (3, 3), activation='elu’, kernel_initializer="he_normal’, padding='same’)
(p3)

c4 = Dropout(0.2) (c4)

c4 = Conv2D(128, (3, 3), activation="elu', kernel_initializer='he_normal’, padding='same’')
(c4)

p4 = MaxPooling2D(pool_size=(2, 2)) (c4)

c5 = Conv2D(256, (3, 3), activation="elu', kernel_initializer="he_normal’, padding='same')
(p4)

¢5 = Dropout(0.3) (c5)

c5 = Conv2D(256, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding='same’')
(c5)

u6 = Conv2DTranspose(128, (2, 2), strides=(2, 2), padding='same') (c5)
ub = concatenate([u6, c4])

c6 = Conv2D(128, (3, 3), activation='elu’, kernel_initializer="he_normal’, padding="'same')
(u6)
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u7 = Conv2DTranspose(64, (2, 2), strides=(2, 2), padding="'same') (c6)

u7 = concatenate([u7, c3])

c7 = Conv2D(64, (3, 3), activation="elu', kernel_initializer="he_normal’, padding="'same') (u7)
c7 = Dropout(0.2) (c7)

c7 = Conv2D(64, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="'same') (c7)

u8 = Conv2DTranspose(32, (2, 2), strides=(2, 2), padding="'same') (c7)

u8 = concatenate([u8, c2])

c8 = Conv2D(32, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="'same') (u8)
c8 = Dropout(0.1) (c8)

c8 = Conv2D(32, (3, 3), activation="elu', kernel_initializer="he_normal’, padding='same') (c8)
u9 = Conv2DTranspose(16, (2, 2), strides=(2, 2), padding="'same') (c8)

u9 = concatenate([u9, c1], axis=3)

c9 = Conv2D(16, (3, 3), activation="elu', kernel_initializer="he_normal’, padding='same') (u9)
c9 = Dropout(0.1) (c9)

c9 = Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="'same') (c9)

outputs = Conv2D(1, (1, 1), activation='sigmoid') (c9)

AN 3.13 Yadsnsasegukuuandnenssa U-Net
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3.2.13 MMSANAUAAIYBILULAA

dleasguuuuiassiauiesdvihnisiiulunaiilaeninini 3.14 vinisinluee

Tuoi “lorgan.h5” Tunissuassreluaiuisatinmds model.save [28] panlalay

# Fit model
earlystopper = EarlyStopping(patience=3, verbose=1)
checkpointer = ModelCheckpoint('lkidtr.h5', verbose=1, save_best_only=True)

results = model.fit_generator(train_generator, validation_data=val_generator,
validation_steps=10, steps_per_epoch=250, epochs=3, callbacks=[earlystopper,
checkpointer])

AN 3.14 YAANFINIUARNTDILULE
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afURasaU 18YTaNLs 3 SOUSINING 3.15

3.2.14 samnisaeutyanusshivg

model = Model(inputs=[inputs],outputs=[outputs])
model.compile(optimizer='adam’, loss='binary_crossentropy', metrics=[mean_iou])
model.save(‘lorgan.h5’)

model.summary()

il 3.15 sapnnsaeullygussivg
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# Threshold predictions

preds_train_t = (preds_train > 0.5).astype(np.uint8)
preds_val t = (preds_val > 0.5).astype(np.uint8)
preds_test_t = (preds_test > 0.5).astype(np.uint8)

# Create list of upsampled test masks
preds_test_upsampled = []

for i in range(len(preds_test)):

preds_test _upsampled.append(resize(np.squeeze(preds test[i]),

(sizes_test[i][@],
sizes test[i][1]),

mode="'constant"’,
preserve_range=True))

# Perform a sanity check on some random training samples
ix = random.randint(@, len(preds_train_t))
imshow(X_train[ix])

plt.show()

imshow(np.squeeze(Y_train[ix]))

AINT 3.16 YaAdInIsagaeukasAA A nsYaslaynUseavg
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Tudntoyalneliilvigadeteyavasnimiioldlunisliilvinruwivggaydsluingly

'
[

UoYAYAAHIFININ 3.17

# Run-length encoding stolen from https://www.kaggle.com/rakhlin/fast-run-length-
encoding-python

def rle_encoding(x):
dots = np.where(x.T.flatten() == 1)[0]
run_lengths =]
prev =-2
for b in dots:
if (b>prev+1): run_lengths.extend((b + 1, 0))
run_lengths[-1] +=1
prev="b
return run_lengths
def prob_to_rles(x, cutoff=0.5):
lab_img = label(x > cutoff)
foriin range(1, lab_img.max() + 1):
yield rle_encoding(lab_img == i)
new_test_ids =]
rles =]
forn, id_in enumerate(test_ids):
rle = list(prob_to_rles(preds_test_upsampled[n]))
rles.extend(rle)

new_test_ids.extend([id_] * len(rle))

= 1%
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3.2.17 yaddsaguanuuduguagnisgaldeteyaseninaeu

diphnsuansnisuansnsiueveslayyuseAvgudd vnnisagudeyanmuanly

Tumsasuluguuunsm msagdelunisasutazaiuuduglunisituigdnini 3.18

plt.show()
imshow(np.squeeze(preds_train_t[ix]))
plt.show()

# Perform a sanity check on some random validation samples
ix = random.randint(@, len(preds_val t))
imshow(X_train[int(X_train.shape[0]*0.9):][ix])
plt.show()
imshow(np.squeeze(Y_train[int(Y_train.shape[0]*0.9):][ix]))
plt.show()

imshow(np.squeeze(preds_val t[ix]))

plt.show()

plt.plot(results.history['mean_iou'])
plt.plot(results.history['val_mean_iou'])

plt.title('model accuracy')

plt.ylabel(‘accuracy')

plt.xlabel('epoch’)

plt.legend(['train’, 'test'], loc='upper left')

plt.show()

plt.plot(results.history['loss'])
plt.plot(results.history['val_loss'])

plt.title('model loss')

plt.ylabel('loss')

plt.xlabel('epoch’')

plt.legend(['train’, 'test'], loc="upper left’)

plt.show()

AN 3.18 YardsasUANLLLug Az Sa e TeyaTEnIsEou
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loss: 0.6902 - mean_iou: 0.2100.

loss: 0.0520 - mean_iou: 0.7105 - val loss: 0.0560 - val_mean_iou: 0.8098val_loss

Epoch 00001: val_loss improved from inf to 0.05596
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4.1.3 nansnaasiievinnisinluaefiany

loss: 0.0250 - mean_iou: 0.8551

loss: 0.0178 - mean_iou: 0.8676 - val_loss: 0.0280 - val_mean_iou: 0.8780

Epoch 00003: val_loss improved from 0.03723 to 0.02796
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loss: 0.6527 - mean_iou: 0.2193

loss: 0.0712 - mean_iou: 0.6534 - val_loss: 0.0548 - val_mean_iou: 0.7395

Epoch 00001: val_loss improved from inf to 0.05475
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loss: 0.0379 - mean_iou: 0.7677 - val_loss: 0.0451 - val_mean_iou: 0.7861

Epoch 00002: val_loss improved from 0.05475 to 0.04505
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4.2.3 nansnaassiievinisiinluaseiany

loss: 0.0346 - mean_iou: 0.7863

loss: 0.0350 - mean_iou: 0.7967 - val_loss: 0.0491 - val_mean_iou: 0.8046

Epoch 00003: val_loss did not improve from 0.04505
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Abstract—  Convolution filters are used for blurring  and
sharpening to modifying image when combined with the
Histogram equalization for enhancing medical image by adjusting
the contrast of the image. Then, the image will be optimized. So,
use morphological for segmentation. This resenrch has heen
designed the filtering in a part of the convolution filter by using
the triple filter to adjust the threshold of morphological and
sormalization value. The resalts of this experiment are presented
that the accurncy of segmentation is increasing and detecting the
multiple organs. Nevertheless, we also found that each algorithm
can be used for cach organ.

Keywords— Histogram equalization, Normalizatio.,
Morphological, Convolutional filter,

L INTRODUCTION

First process of the cancer treatment diagnosis. the physician
takes the patient to gather the medical image by Crscan, MR1
or Cone-beam CT, which is used for planning to treatment
through radiotherapy, . which increases the efficicocy ~of
treatment and decreases the damage, which the patient gets,
The physician must manual organclle segmentation by himself,
Then the image reconstruction process to gathenng the image
into a 3D-model form. This process will take several fimes per
case.

So, this rescarch has been designed the process of image
processing for auto segmentation in CT scan which can help to
decrease time to organclle contouring and time for cancer
treatment. Also, guin the efficiency to cure the patient.

The image preprocessing technique for preparing the data to
-cgmcumwn by designing the expeniment, first of all, Turns all

image resources into grayscale. then use the grayscale images
to the process of histogram equalization and filtering them into
primary filter and take all images that filtered through the
sccondary filtering. by the pnmary filter must not

be the same filter with-the secondary filter. Next, Getting the
data through the secondary filter and adjust the contrast of
images before wking them to the histogram equalization
process again. Later, Usc the bilateml filter as the tertiary filter
and enhance images by adjusting the normalization value and
mverting them nto bimary images. next, to the process of
segmentation, the organclle by using the region of interest
(ROT) for locating the specific organelle with the vanable
thresholding.

11 RELATED WORK

A, Comvolution filter

Filtening 1sa technique formodifying or enhancing an image.
For example, you can filter an mage to cmphasize certain
features or remove other features. Image processing operations
implemented with filtering include smoothing, sharpening, and
edge enhancement. Fll!mng is a neighborhood operation, in
which the value of any given pixel in the output image is
determined by ing some algorithm to the values of the
pixels in the neighborhood of the corresponding input pixel, A
pixel's neighborhood 45 some set of pixels, defined by their
locations relative to that pixel. Lincar filtening is filtering in
which the valoe of an output pixel is a lincar combination of the
vitlues of the pixels in the input pixel's neighborhood.

1) 2D's convolution
Convolution involving one-dimensional signals is referred to as
1D convolution or just convolution, Otherwise, if the
convolution is performed between two signals spanning along
two mutually perpendicular dimensions, then it will be referred
to ax 2D convolution. This concept can be extended to involve
multidimensional  signals due to which we can  have
multidimensional  convolution. In  the digital  domain,
convolution is performed by multiplying and accumulating the
instantancous values of the overlapping samples corresponding
to two input signals, one of which is flipped. This definition of



ID convolution is applicable even for 2D convolution except
that, in the latter case, onc of the inputs is flipped twice.

This kind of operation is extensively used in the ficld of
digital image processing wherein the 2D matrix representing the
image will be convolved with a comparatively smaller matrix
called 2D kemel

2} Gaussian filter

Gaussian filter is considered as an ideal ime domain filter. It
1s one of the non-uniform lowpass filter. The impulse response
of such filters is a Gaussian function that is gaussian filters are
those filters with Gaussian function. It has a sunimum possible
group delay. The main function of Gaussian filter is to mimmize
thclowamihxghsxgmls&umd‘islahon(l2] lnnnumgc
handling, a gaussian obscurc which is otherwise called gaussian
smoothening is an afterefleet of obscuring of a picture by a
gaussian capacity. This gaussian smoothening administrator s
typically a 2-D convolutional administrator to obscure pictures
and expel subtle elements and clamors. Salt-and pepper arc
usually more challenging for gausstan filter.

3) Median

Median filtering is a nonlmear operation frequently utilized
as a part of prcture handling to decrease salt and pepper and spot
noisc [9]. This sort of scpamting keeps the sharpness of a picture
edge while evacuating clamors. In this filter the neighboring
pixels are rnked sccording to brightness and middle esteens

turn into the new meentive for the focal pixel. While sifting
this filter does not ‘move hmits as can oecur with traditional
smoothing filters, Since the middle is less touchy than the mitend
lounmgmqmlmcsllmunbcma'cvmhlymnnd.
Median filter can be connected over and pgain if essential since
the edges are negligibly debased. Digifization commotions, for
example, straight lines exhibit in yhe dominant part of procured
mammogram images ¢an be sificd wiilzmg a two-dimensional
(2D) median Filtenng approach in a 3-by-3 “aeighborficod
association [ 10][ 1] The fundamentsi inconvenicnces of median
filters are it will make another flag point that does not exist in
unique flag and which might be undesirable insomc application.
The median filter may remove both the noise and the fine detail.
Anything relatively small. compared to -the size of the
ncighborhood will have only minimal ¢ffect on the value of the
median, and will be filtered out that s, the median filter can't
distinguish fine detail from noise.

4) Bilateral filter

Bilstern] filtering was introduced by Tomasi and Manduchi
[14] as an altemative to amsotropic diffusion [15) It 15 a
nonlincar filter which combines domain and mnge filtening
where the output is a weighted average of the input image I It
extends the concept of Gaussian smoothing by weighting the
filter coefficients with their comesponding relative  pixel
intensities, Pixels that are very difference in intensity from the
center pixel are weighted as less influence even though they may
be in close proximity to the central pixel [16].
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B. Histogram equalization

Histogram cqualization is a technique for adjusting the
pixel values in an image to enhance the contrast by making
those intensitics more equal across the board

Fagure | Histogram equalization

C. Marphological

Morphology is a broad sct of image processing operations
that process images hased on shapes. Morphological operations
apply a structuring clement to&n input image, creating an output
image of the same size. In a morphological opemtion, the value
of cach pixel m the output image 1s based on a companson of
the correspanding pixel in the input image with its neighbors.

1 Dilation; The dilation operation makes an object to
grow by size, The extent to which it grows depends on the
natare and shape of the structuring clement, The dilation f an
image A (set) by structuring element B is defined as

AD B = [41(8), 04 » 0} m

1f st B s reflected sbout its origin and shifted by z, then the
dilation o' A by B is the sctofall displacements z such that B and
A have at least one common clement. Dilation, as said above,
adds pixels to the boundary clements. The dilation process
enlarges the nimber of pixels with value one (foreground) and
shrinks the pimber of pixels with value zero (background),

2) Eraosion: The crosion operation is complementing of the
dilatson operation in context with the opermation effect. That is
erosion operation causes object to lose its size. The erosion of
an image A bys structuring clement B is defined as

A©B=(:(B),€ A) @)

The crosion of image A by structuring clement B is the set of
all points z such that the structuring clement B is translated by
z 15 a subset of the image. This operation results in loss of
boundary pixels of the object. The erosion process enlarges the
number of pixels with value zero (background) and shrinks the
number of pixels with value one (foreground)



3) Opening: The opening of an image is a combinational
operation of crosion and dilation. The opening of an image A
by structuring clement B is defined as

AoB=(A©B)DB 3)

The above definition gives the relationship between opening
and crosion & dilation. It states that the opening operation is
nothing but the crosion of an image by a structuring ckement
and the resultant is dilated with the same structuring clement.

4) Closing: The closing of an image 1s also a combinational
operation of crosion and dilation, It differs from the opening
operation in the sense of order of occurrence of erosion and
dilation operations. The closing of an image A by structuring
clement B is defined as

A'B=(ADB)OB )

The relation between erosion & dilation with closing is given in
the above mathematical statement. It shows that closmg
operation is the dilation of an image A by the structuring
clement B and the resultant is croded with the same structuring
clement.

D. Segmentanon
Segmentation is the process that dividing the data of simage into
shrink by the individual section. which is that area stand for
object. Scgmentation will be finished when the target object is
divided completely, and the result of Segmentation process s
measuring the last process of image analytical by computer, in
this papcnr‘wl: thresholding method mcu’u:l.::u Thresholding
methods are the simplest methods for image segmentation.
These methods divide the image pixels with respeet to- their
intensity level. These methods are used over images having
lighter objects than background. The selection of these methods
can be manual op automatic ¢, can be based on prior
knowledge or information of image features, | There arc
basically three types of thresholding:

1) Global Thresholding?, This is~ done by using any
appropriate threshold yalue/T. This value of T wall be constant
for whole image. On the basis of T the output image can be
obtained from original image as;

Lif px, y0>T s
0,ifplx,y)ysT G)

2) Variable Thresholding: In this type of thresholding, the
value of T can vary over the image, This can further be of two
types:

a) Local Threshold: In this the value of T depends upon
the neighborhood of x and y.

b) Adaptive Threshold: The value of T ix a function of x
andy,

qlx,y) =
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3) Mulnple Thresholding: In this type of thresholding, there
arc multiple threshold values like TO and T1. By using these
output image can be computed as:

m,if p(x,y) > T1
qle.y) ={nif p(x.y) =T1 (6)
0.if p(x.y) =TO

The values of thresholds can be computed wath the help of the
peaks of the image histograms. Simple algorithms can also be
generated to compute these.[7]

E. Normalization

nommalization is a process that changes the range of pixel
mntensity values. Applications include photographs with poor
contrast duc (o glare, for example. Normmalization is
sometimes called contrast stretching or histogram stretching,
In more_general ficlds of data processing, such as digital
signal processing, it is referred to as dynamic mange
expansion.  Nommalwzation twansforms an  n-dimensional
grayscale image

XS R") — {Min,... Max) )]
with intensity valucs in the mange (Min, Max), into a new

mage
Iy: (X S R} — (newMin, ..., newMax) (8)

The lincar normalization of-a gmyscale digital image is
performed according to the formula

newMax ~ newMin
Max - Min

Iy = (L~ Min) + newMin (9)

1. EXPERIMENT

We use the Data which has an smount of Medical image 127
dats that gathers from Computerized Tomogmphy. Scan in
range of lower ghdomen to the upper leg. So, we designed the
expeniment. figstly, Turns all image resources into grayscale.
then use the grayscale images to the process of ordinary
histogmm equatization. and filtering them into the primary filter
with 4 kinds of filter, 2D's convolution, Gaussian Blur, Median
und Bilateral filter. Then take all images that filtered to the
secondary filter. The pnmary filter must not be the same filter
with the secondary filter. Example, Primary filter use 2D's
convolution then secondary filter use another filter that must not
be 2D's convolution. Therefore, get all images through the
secondary filter to adjust the contmst. Before, taking them to
the ordinary histogram equalization process. Later, Use the
bilateral filter as the tertiary filter and enhance images by
adjusting the normalization. Inverting all images to binary
images. Lastly, The process of the organ segmentation by
thresholding method segmentation. and using the region of
interest (ROI) detection to locate the organ. by adjusting the



density and the arca of the organ, which has the variable
thresholding for contour the target organ. Workflow of the

experiment in the figure 2.
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Figure 2. Workflow of the cxpetiment

IV, Conerusion

From the expeniment, our process of image processing that we
obtain the best optimization process, Firstly, Uses the Gaussian
filter as the prmary filter and Bilateral filter a5 the sccondary
filter, Then, Uses the Bilateral filter as the tertiary. According
to, Soft tissue throughout the body will have varying waler
contents depending on cell types and the processes going on in
and around those ¢ells [2]. We found that the clectron density
affects the thresholding valve of image and value of
normalization. because of the water levelin individual organs.
So, we have the value of denmty and normalization of
scgmentation individual organelic following the table I the
result image that through the expeniment following i figures 4,
5,6, 7, 8. So, figures that are showed have 3 section. Invthe first
of section is the ongmal image, next is the mask of target
organclle slone, last 1s the image that through the process and
contour organclle. Accordingly, this rescarch can be improved
for future work which can be applicd with deep learning work.
To summanze the Accumcy of this process for organ
segmentation is following this table 11 However, this paper can
be improved. And can be applied with deep learning as the pre-
truining data in the future
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TABLE L. The value of normalization and density mdividaal organclle

Skeleton 0.583 04
Kidneys 09 08
Urinary 091 0.85

Colon 0.89 045

2 Frem bamas phvisbgy

Figure 3. Percentage of water m 4 type of organs

Prgure 8. Skelewon

TABLE 11, ACCURACY OF FACH ORGANS SEGMENTATION
Skeleton i
Kidmeys 9
Usinary 964
Coloa s
. Fovan 1 200 waming wongs o snsh af 4 bypes svpen

Figure9. Accuracy of 4 types of organ segmentation
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2018 Data Science Bowl

Find the nuclei in divergent images to advance medical

discovery

Spot Nuclei. Speed Cures.

The challenge: Create an algorithm to automate nucleus detection

40% 75% 30%

of all deaths are caused byillnesses of rare diseases of affected children with rare
like heart disease and cancer’ affect children? diseases die before age 57

Nuclei are distinctive
in images‘andcan
hefp researchers
locate cells
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SOURCES: ‘'Heart disease and concer causing 40% of all deaths - Warld Health Organization (WHO)
2015 - 56 4 million deaths. hip)/www who int/mediacentre/factsheetw/ (<310 ey

Finding the nucleus helps to...

locate cells in varied
conditions to enable
faster cures

free biologists to focus
on solutions

improve throughput for
research and insight

reduce time-to-market for
new drugs— currently 10 years

increase # of compounds
for experiments

improve health and
increase quality of life

2015 - 17.7 deaths from cardiovascular diseases {CVOs). htp//www.who int/mediacentra/factsheets/fs317/en/

2015 ~ 8.8 miliion deaths from cancer htip// vh: 297/en/

I Childhood diseases - 754 of rare disecses alfect children; 30% die before age S - European Society of Paediatric Oncology (SOPE),
OPE-£L i O

OPE.
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1. shugunsaliedesilefild - CPU : Inter(R) Core(TM) i7-7700HQ , 2.80GHz (8 CPUs)
- Ram: Patriot Viper ddrd 8 gb x 2
- SSD : Sumsung 970 Evo 250 gb M.2 NVMe
- GPU : Nvidia GTX 1060 (3 gb)
- DirectX Version : DirectX 12
2. pulUsunsu - mathlab
- Python 3.7.4 64 bit
- Visual Studio Code

- Keras Tensorflow

35n198m8Y Keras + Tensorflow (GPU version) U4 windows 10
LA5D9LB7LADITE NS UNTANAY Keras kay Tensorflow @wisu GPU

1. Visual Studio 2017 Community Edition Ttd1%3u Compile CUDA library 1ag
uuziTou 4 CUDA oy version 9 usis19¢as version 8 1% Tensorflow
version Tul §3lalaies

2. Anaconda (64-bit) with Python 3.6 wiulud Python version 3 LW31% version
2 LNUAZANTTIIULAD

3. CUDA V8 (64-bit) TS Amuiuuy GPU dvsunisaa Matrix parallel
computing

4. cubDNN v6 d@1m3U CUDA 8.0 1451 Deep Neural Net (convolution neural
networks)

5. Keras 2 + Tensorflow-gpu
- Keras tuduiivil¥iZeu Deep Neural Network avannTudietu wwsnzlsides
AUIUTIUIU input output 1ae keras agtumvili wavadlst Back end Ly
Theano, Tensorflow, or CNTK

6. Tensorflow-gpu (1.4) 1Uu Backend @15uvi Deep Neural Network
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Installation

Outline step:

1. Install Visual Studio 2017 Community Edition
Install Anaconda (64-bit) with Python 3.6
Install CUDA and CuDNN

S

Install Tensorflow-gpu + Keras

1. Installation Visual Studio 2017 Community Edition

11715 Download Visual Studio a1niuyitnsiasiauuu Online 9 ntufviinisinds
1Usunsu3g¥1n15 Download package unAnselinasaInfnsissuiosndliiin1s add

path U84 Visual Studio 2017 ¢1g 35n15A8
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2. install Anaconda

91135 Download Anaconda a3 Download Anaconda version a"lqmﬁ
\Ju python 3.x @130 Anaconda +u fataelunsdanis python wieaain python §
library lWworusgunIaIvin1siaLIe139gly library liwileunuauay version Anaconda
AU15092804 version W83 python @13 9 lnanareaiuisea aaululdaiu python 2 python
3 |§azann donaduas library Auasversion ¢ Sndauisfid1dey eerdu Add path Ty
Anaconda #ne 33Rneuadiideniniiinis Add path 1¥iU Anaconda Anudafuaziduduns

9 annsavasslilaiae

2. 1 install package @1%13U Anaconda



96

A o a 5 < a [ i3 dqy o a 3 Y 1 a
Wevnshndaasatsouiasudn Nagyinn1sanme Package 19U Anacondasgnsiiuentd
Anaconda @11150&319 Environment Tuidduanla aetiuts1agyinnisass Environment 3@

Py3TF 101135n#3 Tensorflow aglaliinsgnuse Environment “8nu84s1

2.1.1 51310 WUa console Fuun vn1s 15en python Aeutiieidnindu
version 013 exit)a1vunansiTlgau python laud drldlaansas
Anaconda Tl wayeg1dun Add path fevinn1sasns Environment Tol

uulaelgads
conda create — name <environment-name> <python-packages>

conda create -name py36tf python=3.6.1 numpy pip scipy mkl

Aaiiuazadng environment e py36tf wazil packages muudadu python version3.6.1 ,numpy, pip,
scipy wag mkl @579 environment luaflsiu Anaconda Wiefnssiadauaiaznduand command nén
35013 @dululd Environment Ms1a5197 vn1siSundds activate py36tf ilevitaefiviinisindaasa

1SuUS0Y @uNT0vinnIs Activate py36tf 1a

3. Install CUDA and CuDNN
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4. Install Tensorflow-gpu + Keras
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pip install --upgrade tensorflow-gpu
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pip install --upgrade keras
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from _future  import print_function

import keras

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten
from keras.layers import Conv2D, MaxPooling2D

from keras import backend as K
batch size = 128
num_classes = 10

epochs = 12

# input image dimensions

img_rows, img_cols = 28, 28

# the data, shuffled and split between train and test sets

(x_train, y_train), (x_test, y_test) = mnist.load_data()

if Kimage data_format() == 'channels_first"



X_train = x_train.reshape(x_train.shape[0], 1, img rows, img cols)
X _test = x_test.reshape(x_test.shape[0], 1, img_rows, img cols)
input_shape = (1, img_rows, img_cols)

else:
x_train = X_train.reshape(x_train.shape[0], img_rows, img_cols, 1)
X _test = x_test.reshape(x_test.shape[0], img rows, img cols, 1)

input_shape = (img_rows, img_cols, 1)

X_train = x_train.astype('float32')
X_test = x_test.astype(‘float32')
X_train /= 255

X _test /= 255

print('x_train shape:, x_train.shape)
print(x_train.shapel0], 'train samples’)

print(x_test.shapel[0], ‘test samples’)

# convert class vectors to binary class matrices
y_train = keras.utils.to_categorical(y_train, num_classes)

y_test = keras.utils.to_categorically_test, num classes)

model = Sequential()

model.add(Conv2D(32, kernel size=(3, 3),
activation="relu’,
input_shape=input_shape))

model.add(Conv2D(64, (3, 3), activation="relu’))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Dropout(0.25))

model.add(Flatten())

model.add(Dense(128, activation="relu’))

model.add(Dropout(0.5))

model.add(Dense(num_classes, activation="softmax’))

model.compile(loss=keras.losses.categorical crossentropy,
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optimizer=keras.optimizers.Adadelta(),

metrics=['accuracy'])

model fit(x_train, y train,

batch size=batch size,

epochs=epochs,

verbose=1,

validation data=(x_test, y test))
score = model.evaluate(x_test, y test, verbose=0)
print('Test loss:', score[0])

print('Test accuracy:', score[1])
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