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Research for supervised learning based on hyper-parameters selection
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Abstract

To promote the training outcomes, the Grey Wolf Optimizer (GWO) is used in this paper to search the better
hyper-parameter settings used in the machine learning model. And, three machine learning models including
Random Forest (RF), Support Vector Machine (SVM) and K-Nearest Neighbors (KNN) with two standard datasets,
Modified National Institute of Standards and Technology (MNIST) and Boston housing, are used in this paper to
compare training performances. The computation results of the proper hyper-parameter settings used in the
machine learning model are superior to try-and-error. To verify the importance of the hyper-parameter selection
again, this paper finishes the hand gesture dataset and used into Artificial Neural Network (ANN) model. The
image in hand gesture dataset is used to represent the numbers from 0 to 9. And, the hand gesture dataset has 400
images and including a wide age group that under 12 years old has 30 images, the 12-65 age group has 310 images
and over 65 years old has 60 images. This dataset is also divided by gender, male has 170 images and female has
230 images. All original images are rotated clockwise and counterclockwise to achieve the aim of the number of
images augmentation that increases from 400 images to 8000 images. These images are firstly converted to .csv

by using the mediapipe tool. For reconfirm the importance of the hyper-parameter selection, these converted data
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is as input for Artificial Neural Network (ANN). From the computational results, this study not only confirms the

effectiveness of the Grey Wolf Algorithm in hyper-parameter and feature selection but also demonstrates its

practical applicability through concrete image recognition examples.

Keywords: Machine Learning, Optimization Methods, Hyper-parameter Selection, Image Recognition, Hand

Gesture Recognition
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BEISETEHEJI(Chen et al., 2020; Yuan et al., 2023)4}
TR 2 A SRR FE T AY IR 9T (Jordan et al., 2015)
THETR  EPRERGSEEREIIGTH - K%
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al., 2025; Sushil et al., 2025; Sailellah et al., 2025)
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NE[HIR R NV EEA FNES BE R G B
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2. BEEEHhEER(H R BERR) - EERRA
s HBEDA GRS H AT FEARIEF - B85 alpha ~
beta DL Kz delta ={[E<HfH » DAVE RS tlETAS

3. QEBYI(PIREAL B © BReaubiraest -
BT BAR (omega) & 77 i S EFAGHIFE & - {F
Ry CH L BT EERYIF B -

4. BRI EECHEUAWEE) - Bl AR
FARBERVL B &8 - ZEF 4/ NIORE R YR
HYREREE > DU AR B e A BRIy iafe
EEIeERY) - IRRNEEA R AR -
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H A1 AR ek B e i R B AR Y — &2 TR
IRAHE(T - EHAE AT omega BIIRHRIRBEHE ALY
B
23 FIRREAEARNE2HE L

FAREF A E A IE REEESHEN T
Ho ET/ERREE 2 s @ 2 RERIIR
HRANE SRR E L L E - TR EREAE -
S SUBYIIGEE Z S BUE I Rtk B
Al GRIRF AR EAE B > LA R 22 RS m] DA I (T

— A HEREEREEEE2 S ENE

IR es S AL SR 52 Al 1% - BARE BART A A
SENEHEER - EE HEESBER N Z2R
R T T A o] DURIB (SRR R 1 T3 %5 - B
W5 53 J T RE A A R 31140 T DSt P 2B e R Al Ry |
SRECRAY SRR B B T REAY AL R A =]
DB RIS 58575 (Mean Squared Error, MSE) DA K
S 48 5 43 Bh 3R 7= (Mean Absolute Percentage
Error, MAPE)F: {5 Byl SRpCRV B I61E - B8
JESAE Y H Y AT PARE A [RIRYRFAEFE A AR
L BE T &H A G S (o P Z BB 1% A% P (Random  Forest,
RF) ~ 5[ &E1#%(Support Vector Machine, SVM) A
K K3 # E 2 (K-Nearest Neighbors, KNN)Z =
TSR T -

2.4 BEA AR (Random Forest, RF)

Pt A PR (Salman et al., 2024) E A AT
FLUR BIER AT - 27 28 2 AR 5efEl (decision
trees) FTAH AL - PR AR SR B 1L s+ HEBUR &
BHEFTTEM > Z & E A TGS R E B REE
FHEETEPHIET O KGR FHISE R -
RILL - FEME RS B A EE B 22 (ensemble learning)
T3k

. . omega
RO
g*@
™ omega
omega beta

1 BOREFEEPRYH R B (BIZ8R - 2024)
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1. Pt (bootstrap sampling ) = FEFRANEEL
FRIERY B e e sRaet e oh DU 5 288
FEED Y B E R U RS oREE -

2. [EERER #(random feature selection ) : f#4%&F
(EIEFRERE HOFFT AT el » DA /72—
SYRBACHE S -

3. AR SR ERRETE 1 DU 2 A
B RIS AR B -

4. TR SYEBEE IR DS ROAE R

KRS R - B EER R TTIE - RIIEDAGE
FETEAPEETT R SR RS Y TRRISE SR -
2.5 7% a £ (Support Vector Machine, SVM)
iﬁﬁi’f%ﬂ(ﬂmfﬂ et al., 2025) EFZLEHIFL
7y A R AR i o A ) — e e Y U A ﬁﬁf
/Ziﬁ‘*%aEB Tﬁ?ﬁ?ﬂ’]ﬁq:@lﬁ’]ﬁ_ﬁ zaalliSt eI
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SPEAVEIRER - T iE SRR B IR R SRy
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FEERMERIRE © SR B A B ARG
(kernel trick)iy J3 20 HRF4RIEAR 7T 7 [l > B2
ML B 1) B v 4 FE Y 22 ) 2 1 A e 4 2=
HOETER TR
2.6 K Bk B A (K-Nearest Neighbors, KNN)
K-JTE A (Lara et al., 2025) 81575 (] B 1%
— 8 B2 (R o A R RE B AR B o AT Y — e A &
fiiBE H BB BB A E A IR EUEARO O
SRR S AT Y B e B TRORIR R B8 Bk
HURE AN (3 JR ) B (B CEIER FERE) - Fi K400
FLENA TS BE IR E R R 150 - PRI
PR TEIFS R E AL S B A E —ER
S RI(ED RV BRI - K- R A G &
SR B BRI K [EEREE - MG R
15 18 LL B s A A Ay B 2 B FROHIR K& R
HUE R RE -
K- 37 340 5 B0 025 FROHIR RTEDRH Y 5 A B2 B
By =0 R
L AR © — R SR > TRRIHR R 2
R HVERITE E RARHIE R () -
PRI © — ARG TR S B R S EAT P
B TR A B Ry ORI -
K0 BUARR R Z AT
1. HE2EK E: E5RERE K ([EFREFEAVRIT
RS
STHREEHEE | STREEARMERA B S T
FirA BB A Y RERE - T AR B A
BXR% IS PEREE - SR THEREE DL R B A] SRR B R
A5 = -
3. = K EGA BRI E RIETE T B AR E
o AT K (BRI SEREA -
TEOHI i P S B AT oy B R R DURE R
HIE R B2 A K (E s A=Y
SPEME A e R R AT RN -
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3. B TTE
3.1 IR EBA 2 HEE

A S {5 T 55 B (MNIST) J R DL R
1 55 {# (Boston Housing) BB R 58 AS5m
ATt A2 AT B EA LT A R 2t
et A AIA B AR ~ SRR EMEIR. K41
HOERLE S = S EtR SR E A 28
#i[#|(Yang, 2020)41 M7 -
1. FEPEARAE
RSRISTE & (n_estimators) © 10 & 100 [
RANE A K (max_depth) © 5 2 50 ZfH]
PR ERG e/ NUEE ¥ (min_samples_spilt) 12 2
11 ZfH
HERERE R NAUEE B (min_samples_leaf) 1 1 %2
11 Z[H
a4 (criterion) : “gini’ LUK “entropy’
BB E (max_features) * 1 % 64 ZfH]
SCPEFRI B
BEIZH(C) 1 0.1 £ 50 ZfH
¥ 1 ¥ (kernel) © ‘liner’ ~ ‘poly’ ~ ‘rbf’ DL &%
‘sigmoid’
3. K-TAlEEDE -

A= & (n_neighbors) * 1 % 20 ZfH

3.2 REEETTEZ 2BEE

R E R PO BRI T SR
LB S BUEAVEE R B & 48 IR - PR -
BECHEAD RN FEUE R ASE Y RV
{EIT7EIE RN st as 2 E A 2 E » DU
FEgsE HARE AR E R BT MR H Y FfE
REETTEERER R BRAEES 50 (0 #ERiE
TR ISR R S BV ERRE Ry S
Z 1A HAth B LA R EE R/ (population size)¥i%
TEFy 10 -

B4 B85 (Modified National Institute
of Standards and Technology, MNIST) &R} EE(E Kb
a6 MR LT AN HEE R EEREEE—
BEFE 0 FH 9 mEFKEZEER Kt
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Sl SRt Es B E A A SR 60,000 FRE
BRLL R e R R MERERY I ERE 10,000 55

GER BTGB 28x28 HIERER

W RILER ISR G Frbl > B—ERERNE
B 0(fEREE)F] 255 (REERE)ZH - [E 3
AR Ry MNIST ERSE P VB A8 R -

FH A OB E ST ~ BRI ~ BLIAH
Bk Ry BRERAL PR E RS IR (L

ik oy Rlst SRR ~ SR BN KT
HERDAET SRS B A TR S R 2K

EC#E ] MNIST &l » HRfE b2 HER
Z AR ST ROAR B0 2 B - JREAE E]
2 R - RS B A 5 1) (55 FH B A AR R (D
&l 4 A ~ SCERFEECAIE 5 FR) DAUR K-20A
ERLAAOE 6 From)E =M fEE—fEiEs s
AU IR - P 2 HYDRARUE B AER 53 > o3 Al
MRRIEER ~ BRER - BEEEDA T ERVE
DURIRARE RE S IR (R4 WACHR (8%
eI N TR ZAlIREE R 7FHF'§§5EU§#*% 1
L FEHSARME - IR BIE AR - R
EUERDA M T REEEAL R 5-5’%/2%35
TR EAE 7 AR = FIHYE 2 BUE R AR
MRS HIEAERER T A Ry 93.32%93.38%
93.83% ~ 93.73% LLK. 96.52% o
SRR  BIBEREREER - BERER
BECERA - KT BEEEDEA R PRERASE
TR R E T ARTE S BB 2 BUE R S0
A AR 7 ISR Ry Bl Ry 97.44% ~
97.35% ~ 97.44% ~ 97.44% LL ) 98.20% o
K-HTAE A B R IR - IR
BECERDE - R BRERAL R IERAE
HRERFE(ETAR S ERTESBIER KT
A LA M AR 3 Ry 96.22% ~
96.33% ~ 96.83% ~ 96.83% LIK 97.20% o
W0FET AT Al 2 ST R AR W DLAE o AE fE A
MNIST BRI TSR - B PARE R A
Z S HE - FEE M U B A L T R A Y
AR -
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DRz -8 P Ol 10 F5 (E B RHERTE o Bk

il S 7 BT E B L (B S8 B 31
— PR PR » BB R & B e LT M T4
Pt T S B M B3 S B P A 7 2 (A 4
Iy 6 6)0 Rl RIEFSEAT MNIST ZokHEELEH]
ity SRR EE ARSI LT AR (Mean
! _ Square Error, MSE)fift 5 ELeh 2 © AHBEIS4E A0
FEEFE
Riteialy RS TR :
1. BRI BB AR R - BRI R -

S - m%ﬁﬁ &u&fﬁﬁ%fﬁﬂ

AEFHE
0k R AT

TR LT AR = B0 2 BUE T B

& PRILRL Z AR 73 7l By 29.02 ~ 27.92
R 26.95 ~ 25.69 LI 9.603 ¢
A EFARE

&l 5 S E(LITAERR SR A 2 e E

AFEE
Sk AR AT
b

2. HIREER  EBERSERER - BREER -
E@ﬁ%&‘ﬁ?ﬁﬁ%ﬁ%&&ﬁﬁ%&%
TR RE T AR S B VB S BE R %

e

HZW5E

] A RIS CERER S3 Rl fy 67.07 ~ 61.40 -

60.17 ~ 58.72 DAk 24.46 -

3. K-HTASEEEA ERE RN R
E%ﬁ%i‘ﬁ?ﬁﬁ%iuﬁﬁﬁﬁéiﬁ
TRERE(ETAAESEHBESEER K

r S EER SIS RER SRR 81.53
ﬁ‘ﬂxnﬁ_
- 80.77 ~ 80.77 ~ 80.74 LI Kr 21.65 -
EEARE AR M AEH L MNIST Zof 4
4ﬁT% DRy B R % o 7] DS E DL TR
ST E 1IZ§;%‘ :
FEREE
WSE R 1 BB (LT A R S M A
%%é@ﬁﬂ¢nﬁ%ﬂ%ﬁ%ﬁ%ﬁﬁ&@
a0 e (e S A S R 3 SR

e

2. BAREBUEEAG ST AT 2 HAYVRE - HE

R
RN A B WARRENEVE Sk ES
AP EER HREMORE R BT AR o
CRIM 2ZN INDUS CHAS NOX RM AGE DIS RAD TAX PTRATIO B LSTAT Price
.3% i 0 000832 180 2n 0.0 0538 8575 652 4.0000 1.0 2980 153 396.20 498 24.0
1 002731 00 707 0.0 0469 €421 788 48671 20 2420 178 39680 214 216
2 002729 00 707 00 0469 7185 611 49671 20 2420 178 39283 403 347
7 0 0458 €998 458 60622 30 2220 187 38483 294 334
4 006905 00 218 0.0 0458 7.147 542 60622 30 2220 187 396.90 533 382
BBV AFERA HOREE AR E]
& 6 gfE{bE R KR HEEED PIREAC]

[ 7 A E AR B
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4. FhEsTHEER O

TES YT 3 A DARIE - B R IR A =
IR eI S EIE 2 R HEE AT DUEECR
FEAVEESL SRMFTEA 2 MNIST &HED R+
THPEEE R B TS HEN &R 12
S SOR AT Z R IE B B T 2 T3k
Erb DR rme i al T FEEGE
BHERTE s GE R aE 8 For

A UL Z TR EREG LU TG T
2HBF 0 7] O ERELREEHE 400 E2E&
Bk [ERf > BRI B E R R 2R - IR -
B R E TR DU SRl R RE A RS
JimH > Bk 170 FLUR A 230 & AEFHRE
EEfE T - AEE A 10 BELAT 30 =&~ 11 F
20 B 110 221 F| 40 15 130 241 5| 60 1%
70 LUK 61 pRbA b 60 A 400 g
BRMTEARD WA e LUF Ryt as 22 5 AR 6k
Bt AL B RS B HE T TR $1 e (40 [
9 Frm) AR i $ e CantE 10 From) izt DU
FFEE SRRy HAY - fEmig s SR AL 2
SRR - B - FrAE Rias G BRI A
7€ -10 EE +10 EZHE FXEE 1 & RRG
s BRI 400 EHERE ] 8000 2 AIILETE AL
BENSEAG BRI B B S AR 1 - E E Tl SRH T
B (Shorten et al., 2019; Yang et al., 2022) -

Ry 7R HIEWERI BT TS B R TP T8
BRI > 7 TS AT - E el
il Google HJ Mediapipe T_EH#E1T 21 (i F-HRRHHE
FLAIESCHIENTE © Mediapipe /& Google HEH| 2 [
TUFHEHE AR SR EREZS » F e B -
BEURXFESHERER S > B4 &
Mediapipe {42 ETNRERAHAHR > MHEFEAE
B AFGHEAL  BREL R - FE B S E
HESF(0XXO0, 2026) R E DAL » Rt B i 4
axat TH > Hrfr Hands fA4H AT ARG 2G5 2 & T
o FELE 21 (EE T FEN TR EER L
T-ER R o BEHY AR (AIE 11 FroR) > EREE
Mediapipe {HMIF-E1% @ (FEETEETHE LES
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