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Review Paper for Key Algorithms of Machine Learning and its
Application to Material Processing Problems

Y. S. Kim

1. School of Mechanical Engineering, Kyungpook National University
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Ae Apslel gd Ba @del sl @ ol

- -
on o, A& F, ouA <14, A= A,
Az 7%, 5§ A, F5i 7HE o5 T v
okl A A dEAS H3 =FE  Alartificial
intelligence, AT A7} 9z HE&HL ArH2-4].
I FAAME Al 7]Eworel  shul waleld

(machine learning, 7]7|8}s5)< ANN(artificial neural
network, 14174, Y& J(deep learning)[1] &}
@A HgE AAZA A T L¢‘:01 4
328351 Y= A8 AA T EA

A Ax7E W] EEAoRE _l%E]:]l 9\)\5‘ At

d7F BobAaL JATH5-7].

Al g ANNoA e} o] 343k 39S ALE-
A FOWA QIZto]l FFatE A o]l FFH
(machine)’} @dell gk tlo|HE A8 dags
& Bl 222 ggata w4 RdS 7HEe] &
AR FAE Fhstal FEH A5EEFR A &
ehe dagss SAIdH 1). A71A I

(regression)= AL o] oo}, I HIEE &

 FsHTE dScte A Fo] HI=e AF
& EA0] #HE d S5t Aolal, H-F(classification)
= =3t 3R ES VY BERE S A&
Tue dolstdle A Fo] Ha=e WFE b
o] E](categorical/discrete class data) <42 S o=

AI9F MLe] 732 481} d& F¥(Alan Turing)
o] 1995l “AFo=HY W& F Uv VAE

e od A Aredh MAle g 1950d ) 21
321 7 T (artificial neural networks, ANN)©] =& 3} A
WA AFERon], 1980 T) Rk o] ARG
BANE AQO 20108 ol F AFE Asel o
714l A HEY J 29 (deep learning) ¥
of & A oA g W FH wa ok ML
B3 Ak delH e siyE dstal v E
S 2ARE ) Bel 2RE 23 B
ST W A S8 A Y sEow

skl oh e 1)[8, 9]

o] MAalydS 17 1o YERdH A Fol (1) &
Aol Ao A7 (2) Hely +3 (3) HeolH A
A (AZA, 7+, s F) (4) ERHEE 2EA
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Data Collection Improve Performance

Study Desigr

Data Preprocessing
Cleaning, Extraction
Normalization, PCA

Fig. 1 Workflow of machine learning algorithm
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Machine
2 Learning S 3
Unsupervised Reinforcement
Learning Learning

Madel training with unlabelled data WModel take actions in the environment then
5 ‘\\ ved state uy pdl mr uu ks
~ N

N S

Supervised
Learning

Model training with labelled data

Classification Regression Clustéring

’ .
. . s Emironment
® -

nnnnnnnn

. s Mode!
. i \‘ Agent

Fig. 2 Classification of machine learning

7, Bdg, slo| v vEhvE (% 3y (5) =2
H7F 2 39, +57) (6) 7*‘44 ﬂ 2 A5l

A AYd T ¢
o] wAlgdE THF

(supervised learning) ¥}

learning), “43}3}t

F Ay

dde] Hge AAH F3E
el wel Ak

HIA = gk

=L A~
EIRcs
(unsupervised

% (reinforcement learning, RL) 2.2 -
2). A% &5 = (X data)=h

fei3
=

=2 F(y data I labe)S 7FA I A= UlolEHE
o] &3 S5 T3l AAsA X3 dHolHu mg
o] dlelglo] #3t dqFE st S ovlsiH,
L 39 A o]gHtt.

Ak 8hEel dixA s dagsS AXE W

E| ™Al (support vector machine, SVM), &JAFA AL}
(decision tree), k-2 2% ©]-%-(k-nearest neighbors, kKNN),
to] B o] =(Naive Bayes), ¥ 3 #|2E(random
forest), <1217 W (artificial neural networks, ANN), =
A 2~¥] 3] 7] (logistic regression) 5 °] 1T}

A e S5 28 @S & F fledd dol=
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1=
B8

H| X =359 o)A =
2] (principal component analysis, PCA), k-3 7] 3}

(k-means clustering), GAN(generative adversarial network),

a2 olyg|Zo =

DBSCAN (density-based spatial clustering of applications
with noise) 5 °] )
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Sl
ol 8% Aoz de duxl AIEgES dF
AEst A g ol2or ERE F e Holy
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HIA| =8k, A dhsy, st shso #Alo dis
4] 201611 NIPS 3}3|(neural information processing
system, Al ZH qFRe] A GG R A ~E 53]
oA FEoste] QF =7 (Yann André LeCun) .+
"Ago] AlojAetH Aola e S HALE8E
olar, Aol 9o A2 A LdtFoln, AolA

o] Age A3t gFolttt. #ar sl th(LeCun’ s
cake analogy2}al &%)

Hol  vpekgk FokllA HAYE A Sh(digital
transformation, DX)= ‘do] <¥FAET  HAIFHAI

transformation, AX) & 22| W3sl7} 7}& 5 Q) o]
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QAS] RE Hobl g0l Stjsel s ATk %

o 27 x]¥sked 2021 12
= & (www.kamp-
ai.kr)ol & E.L‘LH AzdgolA FAH Ax dolds
48, TV dy] - 1 SAstE SAE
Al 71&5 fAsgt AtElEH w2 doly
Mol =50} qunt B3 o] FAFoE 7 VY E
o] ddstHv= AxFdFY tgd AAolTr(pain
point)—% Al ﬁfﬂ Al 2=®ls o] gsto] 9 glo]

3 14

SELE

K
Aolub qrHo R Aojux e vdd ALY
AL J% FaoR wAYYdS a84oR A%
a7 fslAe= maled 71wl 4 GaE (1S,
1611 digk o]si7t & a3t}
=AM E g v ZAE
g @853 glE Ay Vs 94 gag
5 BATA B3 AL wjAsta 27 FA
Arste]l A dAYolEe] & 7w oid
ol#| & Folax}t &l
B SRl A E 28l AAHA o e 9
A g Fel gisiA 4] A dsta ghol&l
(python) RIS FajA oJHA daglFe] 4
i JEAE YER AT

(1) Decision Tree (2) Isolation Forest/Random Forest (3)
Principal Component Analysis (4) AdaBoost (5) Gradient
Boosting Machine (6) Support Vector Machine

o] 2] CatBoost, LightGBM, Logistic Regression, k-
Nearest Neighbor, Naive Bayes 5% A5 AF8-5 &= &
AP FolANE =l A= Ashr| = aﬁ}.

o714 7ed dagse] W zRIORES
=29 Colab(https://colab.research.google.com/) °l| Al -
oItk 2 ATl tE dAES] 3 =
13 Z13]H (https://github.com/ yskim9574/DFclass-
2023)°] S#FTh FaE ANNO tiaiAE A
7hEskslel AAE Axbe] s d=E(17, 1815 FaL
&}7] mEkt)

2. HAHY e ¢12F
2.1 Decision Tree

A E 2] (decision tree)™= -+ 2FY(DecisionTree
Classifier-= ¥ 57 RT3 499k 3191 24

off
ot
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Training data
Age Income Class label
27 28K Budget-Spenders

35 36K
65 45K

Big-Spenders
Budget-Spenders

Class label [Budget Spender]

Age Income
Unlabeled data 29 25K —
Numeric value [Budget Spender (0.8)]

Model

Fig. 3 Example of classification and regression
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Fig. 4 Example of binary decision tree

(BEA XTI HYE IME L6t 2HZ HE0I
50,000 =2 Ola0l &2 HelJdb 1 Al2b OILHOIH A
ASE2 == MY HY HASE 2otselCt)

(DecisionTreeRegressor-= = ¥ 57} A48 799
duEE

2% Ag bed AR v

a7l =olek Midh Adolui(19]. ol #EAl 5H
(D)l e delHE sy ks
»dS AAHER Rdolgla sty AAHERZ = AT
AR EL gt BT

U 1§ 32 Yol(age), &5 (income)oll Wl A
HI2E Qg Amdhge et Eduda 75
ARt A& dEkd Zelrh o7} 29401 &Ko
25,0000l °F 80% AHAE FEZ Hef AuA

o}
(budget spenden) = 7 4 Utk A YERATH

AAAEZ S 2EL A AF(growing)TF 7}
A 2] 7] (pruning) ©AIE F3 WEOIFIT o5} A
= ZAEHCA miHE 23 EFAI7IE CART
(Classification And Regression Tree) ¢Fale]& <t A
ol dsiA AR (d 4).

AR EY S Eeeto] dwtHom ER =
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T2 o]Fol AnTx t}. o] Egl=
o] FE wxE=E 7HAH, o] o] A}
2] =T (child node)E Z+=t} I A2 w== E3IF 0
ool A s HE & U
o] X E 2] (binary tree) FENS] AHEZ A=
oA & Mo e wuit W IS F R T
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“(node)gtal H-=w W AL
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°o|H7} w4 “ﬂﬁ}
tlojEj7} R
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Flas AR e PO S S U] e e
(leaf node) T Y LZ(terminal node)ZFil
= 235 YEdTh
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Fig. 5 Geometrical interpretation of decision tree
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Table 1 Information gain for each feature’s separation

Predi Te -
ictors arget | | E(target) == (951001085 Dstow T Past 10820 past)
Slope | Surface | Speed | Speed
limit & = o &
=—(0.51 .5+ 0-51 .
Steep | Bumpy Yes Slow (0:5108,0:5-+0-510g;0.5)
Steep | Smooth | Yes Slow ——(nE o= 1y 0)-1)_
Flat | Burmpy | No = (0-5l0g,(2)"*+0.5l0g,(2)" 1) =1
Steep | Smooth No Fast
El(slope;steep) == (p10w1082 Pstcw T Dsast 1082 D sast)
= (2 logy 2+ T10g, L) = 0.9184
— Vg OBzgtgoBig)— s
E(slope:flat) == (10,1082 D510 + P fast 1082 pust)
ZAt AEl(slope)s 7|20z 2
25t Ao =—(0log,0+1log,1) =0
= é* l*
Speed E(slope) = 7 E(slope.steep) + 1 E(slope. flat)
Slow | Fast
Slope] Steep | 2 1 3 = 3*0»91844‘ l*OZO-GSSS
[Rat [0 [ 1 | 1 4
4 4714 Elslope) & A A 44

el Auel e B ol

AR A £4% 7]

o AR o|5(AERY)
|
I.G(tarqet.slope) = E(tarqet) — E(slove) = 03112

E(surf.bump) == (p;101,1082 Dstow T Psast 1082 Dfast)

1 1.1 1}
== (?logzg+ ?logzg):l

2Y AEi(surface)z 7|1Eo2 E(surf,smooth) == (D510 1082 Dstow T Prast 1082 P ast

este 4% 1 1o 0 1
= (51052?+ ?logz ?): 1

Speed R R

Slow | Fast E(surface) = =* E(surf.bump) + =* E(surf.smooth)
4 4

Surface | Bumpy | 1 1 2

~

| smooth

LG(target.surface) = E(target) — E(surface) =0

Elslyes) == (psi0w1082 Psiow + Pras: 082D fast )
2 2
== (.?logz EJF Olog,0)=0
2% A|$Hspeed limit)E 7|FC )
2 Bejele 7 E(51.:70) == (Ps10,1082 Pstow + Pyast 1082 Prast )
2 2
Speed =— (01og,0+ = log, =) =0
Slow | Fast = =
Speed | Yes [ 2 | 0 | 2 :3 22 =2egi2en=
imit [ - - z = E(sl) E(sl.yes) 7 E(sl.no) 1 E]Jr4 0=0
. 45 AT 442 7Iges FYPE de 1.0WUF9

Au o5e| gk,

LGltarget,sl) = E(target)— E(sl)=1

Dt flagthel F kA FEarh glor, wd
AE S o= bumpy(2-2)9F smooth(E Ehe] F+ 7}
2 ZYP2Tt QA EE AT SAAE yes(SEA 8
A7 no(§12)e F A F 27 Ak

A A, B A, S5 Aske] 7k 4] 7

< Wel AEo|Sy teHd dER
@01 Al

IR SRR

=]
Q

T & 59

uebd AL A &4, 19 dE $4, S5 A
3 £4S VFEoR & A9 7o) HHo|5S
03112, 0.0, 1.0°]t}. SEAT A4S 7Fo 2§
IS w HE o]5o] 7P F 1.00%ernE Hgx
o|50] 74 & A$Qd = Ags A= A
gsto] A 2 How sta o] NP EE E

g]_a A x}}\]ﬁ 7}1:}

AHEGE AT AAFHS BESAL 4

mEo] gk 7hA] HAe] dHolHut AT (B
E7F0) ¥ ol Z} =ES WA g T

AARED ] S HER AERY S HH o]
5SS AT ddls £4 fhol B Zlo] d4xr
2 Agd FEo lc‘jr o] BHg nesly] 9
Nde HER A e AeE dEd
W F2 ARgshE vt 22 AYAIS(Gini Index)
b ek 54 ARE AT olddn. Foj A
AE S

of theiA A A=

GI(S)=1-) p! )

Weighted G.I(S)= ||§||G1(S)+||S ||GI(S) 3)

A7 k= WFY AFola p = HF idd &3
AT Sl A AMEL] HlEo|t
o E W, 75 1071 oAl gt F-&o] 274, %
&0l /N7F Ak AYEEEE 0.320]H,
2, 8,

_((E) +(E) j:osz

ek &3 w3k o] 74z sAZE Aok A
UEEEE .50 0

AY BexE g
A=A

=
=
ARE-gheh. Fgkel 2l

] .

Gl glol A3aA BRel drhd Ay B4

v 9o g4 we A% 02 2 =59 o
tha % A ¥
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Table 2 Dataset example for decision tree
‘ | | : . class
RID age  student = credit—rating
buys computer
1 ¢ youth yes fair yes
2 ¢ youth @ yes fair yes
3. youh  yes fair o .....DO
4 youth | yes I b IO
_ ¢ middle- |
5 no excellent yes
i aged 7 o
6 | senior no fair no
7 senior yes excellent yes

| (decision boundary)RFS- 2t7
T

2 A5 psAel &k ols)

A A E 2 ¢
of W2 Alzte] Il
T 7] witel ARE FEelA EY A4S
dales dof gt o]& 93] JAMAAHEF 9
o Zol(max_length)ys A AU, FHA vid
(min_samples_splityi== FH A AZE S(min_samples_
leal) S A5t WY o] AREHET, o] WS AL
A 7}A A 7] (pre-pruning) 2}l F-ETh Hgh 29
WA etz 98l FastA R =ty she ==
ZreEtdl= AR 7FA A 7] (post-pruning) = E 79| X
TS HA7IE d Ewo] "

P

B o

o mlﬂl rUlO

[oA] 2] AEAHEF gk A A<
o| 2 ol "oy Ale] vERH tfol(age), BHA
F(student), A& %= (credit-rating) ol W& HFH T
o] F-(buy computer)E SJAFAH EE 9] CART &alg]
FOR st AA S olstel At

°] CART ¢i1g|FS o] &3t o], 3tA of F-9f
=7 Aed of HAFHE AleA P AREAE
g 5 o

tlolgAle] Aol SAAAHEZ Y AHS &
A FEREES Yo]& x|, Ao = FA| o

A R=

o]

Al

Ry

o

—

M 2 e op

-

N

]

)y

oft
ofk

Table 3 Decision tree growth based on each feature

(o] 48 7eor Bt 4
no:3, yes:4
age?
youth ; ~_senior
) i:::;e (middle-aged, senior)
2 |
s | S
no:2, yes:2 no:1, yes:1
student? | sl credit-rating?
no yes fair excellent
roi o) (yess
Majority . .
voting — yes(66%)
age student  credit-rating class
youth no fair ?
senior yes excellent (4
(b)shy 48 71Eo Belst 49
no:3, yes:4
student ?
no yes
no:1, yes:1 no:2, yes:3
age? ags? |
young - idle - senior young - iidle . senior
-aged -aged
no:1 yes:1 no:1, yes:2 ‘ no:1, yes:1
credit-rating? credit-rating? |
fair excellent  fair excellent
no:1 yes:1
Majority
voting — yes(66
(CHIEE $4S 720 Bt 2%
no:3, yes:4
credit-rating ?
fair excellent
no:3, yes:2 yes:2
student? |
no yes
no:l no:2, yes:2
age?
young Aiddie~. senior
-aged
no:1, yes:2 no:1
Majority
voting — yes(66%)
Ud Agmz dxel met AHES AT @
hyA =
gtk % 30 FER=E Med wE Ego )
= =z 3F = =
g e, 7k Hit AYUASFE o835t E
2l ZA7) el WA ARkt
= =]
CART 4ig]F2 o|XEF RIE o|&sinz
e = . .
o] &Aoo wel 2w youth, middle, senior®
A 7R R BEekA %3 youth®l (middle, senior),
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Table 4 Weighted gini index for each root node

(a5 wrvt tolel 4

no:3, yes:4
age?

1N
7 N

- & .
yout// middle - senior

\“‘\(@iddle-aged, senior)

= I‘ ______ B i |
oy ]

o= i

_______________ J

2\ 2\
G.I(age.yauth)il—(I) _(I) =05

. . 1hg, oD
G-Ilage,middle/senior)=1— (;) = (§
G-I(age — weighted) = 0.5* %-‘- 0.444*7‘}: 0.476

)2 =0.444

(b)F= wE7t shyel A9

no:3, yes:4
student ?
no P es
//// \\\y\
_ vy 1y
G-I(student.no) =1—(5)* = (5)* =05
~3 2 1 2
G-f(-student-yes)=1*(g) —(x)*=048

+0.4s*%: 0.486

(@FE w=7t Agel A9

ox

no:3, yes:4
credit-rating ?

fair / e

llent
\exce
\
yes2)
Y : Bins 2
G-I(credit rating. fair) = 1—( ?‘“ - ?'“ =048
’ \ i 2 0,
G-I(credit rating.excellent) =1— (5 )= (5)"=0

G-Icredit rating — weighted) = 0-48*

middle?} (youth, senior), senior¥} (youth, middle)S =
Ol FMER g g

olgll ool A= youth®} (middle, senior)= 2|3t
AERES YERIATE Yol &9 7 e sl
A AYAGE AAtsta, E=3 A S A8 e
&0 iM% vl el disiA A YA
& Axbsth dA AFYH 7Y oF classel gk
1470(yes 9, no 5) dloJE] o3t

5 2 _ iz_
1_(ﬁ) (14) =0.459 °|t},

¢

AUV AG=

oft
odk
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Table 5 Dataset example for decision tree

class
RID age student | credit-rating
i i i buys computer

i youth © yes fair | yes

2 | youth | yes | fair | yes

3 - youth i yes fair ) no

4 | youth i yes ~ fair ) no

6 senior no fair no
ool eol, B olRet NEE £4L VFO
= 7h7h 2@ A% U@ b BE AUAS
=

(weighted Gini index)E& Al4HsH A3 4), A E8EE
fair®} excellent® YRS wl XYAF7F 0.3422
7 A7) witoll o] EEelA EwETE 7HE ol
A= S & 5 Ak wepx 2 EGNA 4§
E=E fair® excellent® 7Fg WA Eosly Al&=

FEL=ER i) 9o AHER A

=
=
BEET} 09 A%, F B SYwe] EAFE 3
o
o

|

fog
oX,
N rﬂ
(@]
X
o
@,
o
B
-
Og{:,"
a (
Og‘:,l‘
A
3
Og‘:,l‘
N
tio
M
>

E}l\_
Cvpoll R o ALY 6)E

3 FAG
Sto| A AlLLEE FE Tz o HAe Es}
e ARE JeER I 9SS o 4

https://github.com/yskim9574/DFclass-2023/blob/main/

decisionTree_buy computer

2.2 Isolation Forest/Random Forest

HA E8ks waleld dagss o83 o4y
A](anomaly detection) WHE FTHZE (1) PtEete
H| 2~ 7| 2](Mahalanobis distance)E ©]-&3% WH, (2)
Isolation Forest W'Y, (3) z-score W3 & o]AldolE
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Table 6 Weighted gini index for each root node of table 5

no:3, yes:4
credit-rating ?

P

~ N

fair — S
//// ™~ -
no:3, yes:2 yes:2)
student?
no yes

no

G.I(student.no) = 1— (%)2 — (%)Z =0
242 242
G- I(student.yes)=1— (I) = (IJ =0.5
G-I(student — weighted) = 0* %4— D:5% %2 0-286
no:3, yes:4
credit-rating ?
fair _— - ) excellent
no:3, yes:2 yes:2
age?
young senior
no:2, yes:2 no:1
2.8 2\ .
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Fig. 6 Decision tree growth for classification study
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Table 7 Dataset for isolation forest algorithm
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Table 8-2 Isolation forest algorithm for classification of sub-sampling data 2
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Fig. 9 Isolation forest algorithm result for anomaly
detection

Random Forest Classification with New Data

160 *
* *
L]
140 A
®
120 ® o e @ L] No@al Data ‘
~ * Predicted Anomalies
- ° @® NewDatal
3
2 @ NewData2
o 1007 *
w ° @ NewData3
@ % New Data 4
80 ®
L]
[}
60
*
T T T T T T T T
40 60 80 100 120 140 160 180

Feature 1

Fig. 10 Random forest algorithm result for newdata
classification
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Fig. 11(a) Process of principal component analysis [22]
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Fig. 13 Example of dimension reduction from PCA
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Fig. 14 (a) Original 3-dimentional dataset; (b) PCA
reduced 2-dimentional dataset of lathe cutting
problem

[https://github.com/yskim9574/DFclass—2023/
blob/main/IsolationForest_cutting_process]
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