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Abstract

Various road safety evaluation studies have been conducted for traffic safety management.
To date, traffic safety measures have been primarily focused on reactive safety management
using macroscopically aggregated traffic data collected by infrastructure-based detection
systems. However, the need for proactive safety management has been raised as individual
vehicle driving behavior data is now readily available. Detection of crash prone road segments
allows for realizing more proactive safety management to prevent traffic crashes. This study
applied statistical techniques and machine learning models based on individual vehicle data
capable of analyzing driving behavior. It also aims to implement a more accurate road hazard
identification model using an ensemble learning strategy. Twenty-two driving safety indicators
were derived to characterize vehicle driving behavior from inter-vehicular interaction, longi-
tudinal, and lateral perspectives, based on the data collected from PVD, which provides
individual vehicle driving behavior data.Ten of these indicators, which showed significant
correlation with traffic accident data, were selected through statistical correlation analysis. The
average number of accidents in the analysis section of traffic accident data was used to
categorize road sections into hazardous and normal categories, serving as the target variable.
The ten statistically significant driving safety indicators were used as explanatory variables.
Classification models such as SVM, ANN, and KNN were performed. Ensemble learning,
known for enhancing robustness compared to single models, was employed by combining these
three models to derive the final model. The accuracy of the model by ensemble learning
strategy was 90.8%, showing an improvement of up to 4.8% and at least 2.7% compared to
single models. This indicates that ensemble learning strategies can enable more accurate
implementation of road hazard identification models for proactive traffic safety management.
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Article Identification of Crash-Prone Road Segments Based on an Ensemble Machine Learning Strategy : Use of Driving Behavior Data

The methodology of this study is expected to serve as foundational data for implementing models for real-time
crash prone road segments identification in environments where real-time data collection and utilization are
feasible.

Keywords: crash prone road segments detection model, driving safety indicator, machine learning, ensemble
learner, proactive traffic safety management
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= 59 AL 99 HRE AT 2 AlFoh= AARLS oJu]sitt, vehicle-to—vehicle(V2V), vehicle-to—infra—
structure(V2D) T4 719 A H F-/E S AARE AR 4 Alg 9 42718 A8 2 Algo] 755t C-ITS ©
2719t t21" 2388 7] =4 (digital tacho graph, DTG), & =32t B 2% %] (advanced driver assistance system,
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C-ITS 7149 PVDE] %8 o 82 DTG dlofelst A 55 A1 A28E o) 49 Aol A7)
% 55 o A7HS EFHoH= ADAS Hlo]e] 4:40] 75 tehs Holek(o et al, 2022). PVDSH -2 7 43 5
el =S %611 02 4 9t G BPIEEe] EAG0], BAABE 15 2 tals oj2sid

(Njobelo et al., 2018; Sakhare et al., 2021). B7}x| E= 27| FH 2=ga}o] 452480 o]t ¥, 7HE 2}aF2] &
W 9 9] 63 Jefol the Mo e o] FRseleh, ARt AT L PHNAE 71EA 0L spacing B

headway & Z&otH, 1 ] theft W 5SHd thA| B 7HA] & surrogate safety measure(SSM) o] 7R =] it} o 24
Q1 SSM2 2+ time—to—collision(TTC), stopping distance index(SDI), deceleration rate to avoid crash(DRAC)
o] JJeH(Cooper and Ferguson, 1976; Oh et al., 2006; Hayward, 1971). TTC= & 2F&o] @4 33 efet &
TEF L S FPS B9, T=0] YA 7HA] F-2 Zho] AZte 2 1.5% n|9hd 79 AZHgt A5 e
o= WARTHFHWA, 2003), SDIE A5 213 7 2 Ao 12 452 Beels T2 45 43
JA A7} Sf 2pFe] gA A thiH] &> 7% % 2 IR Oh et al., 2006). DRACS A 919 A=
QARG T AFo] &S AFE o FE Fu FEolH, 3.35m/sE 2IteHe A AFo R Tt
(Archer, 2005). Cunto et al.(2008)-2 2F5F2] DRACO] JJEH B4 S 2913 BHE 2 crash potential index(CP)E
Aolstglet. C-ITS oA AL A 248 % 7HXE 2 CPI7F 288wt )lth(Jang et al., 2020). T
oM & BEEHEAL /MG BEHAL jerk EEFHAL 9 peak—to—peak jerk7}F 21tH(Bagdadi and Varhelyi
2013). ¥ oAM= L 7T B 41} yaw S5 BFEHAZL Qlom, g Y A3 A Al 7 J

A7} Y= AHWang et al., 2015). Arvin et al.(2019)2 7|& AF-=0] A9 22 4-S T WS 139
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= HAE 5ot} SHakat HiekS et 3 W5/ (driving volatility) 7Hd-S -85t Mahdinia
et al.(2021)-2 A|3to]| w2 Y ef o] HH-5A-S WHYSh= time—varying stochastic volatility(VF) 2|25 &85
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2 Aol A= AAA P E et k2 99 A BdS e e EE Foll Ao =A At
& Y50tz Aolth. ol & ol B mAiled Ryt AL shaRdo] A5 diE Hluste] HFHoR ¢
AE shEAEo] A dE dForaleh & A A 38 H2HE Figure 10 AAISHEATE Step 12 o]l A2
7+ 9 YA E A2 dA ol C-ITS 4 olA =39 PVDE HlolH QFIE AA, IHE R o4 Fof b4
SO A Y-S Tt I oh3 PVDE 7[REC 2 7]& A4 HEE Sof &]1eh 22712 598 b4 H7HA]
BE AFESH, U 1M el wEA AkmE k] Tkm ©9I= HASHAT Step 2+= 2|F HlolE A
TS5 Aol AL ASE 7o = 0,102 jF3lt, ojnff WA HolH Edd wAIE LHAET 7
e 55 25k T3t A Y- Y517 A Scaling S35l glo]E& A {3l5 3Tt Step 3= =2 9
7+ Ad ndls LAE dAlolty, SVM(Support Vector Machine), ANN(Artificial Neural Network), KNN

(K—Nearest Neighbors)9] WAlz{d 2dS sty 3712 RElS Voting B4 ol dFE 5 (Ensemble

Learnen)3tIet. o] 941 Bl A S 29 719] 435 vl E Sshsint.

Step 3.
Development of Detection
Model for crash-prone segments

Step 1.
Data collection &
Safety indicator derivation

Step 2.
Final Dataset Construction

Real-world data collection Defining Segment-specific Performing Machine Leaming
Accident Risk

_» ¥ SVM(Support Vector Machine)
v ANN(Artificial Neural Network)
v KNM(K-Mearest Neighbors)

!

Performing Ensemble Learning

PVD (Probe Vehicle Data
( Y ) _, ¥ Above average accdent count
¥  Normal Section 2 0
: v Below average accident count
Data processing . Risk Section = 1

}

Oversampling & Scaling

Elimination of error codes
Generation of additional information
Assignment of milepost

Accident data collection

Input dataset

Basemodell | Basemadel? » » o | Basemadeln

QOversampling - ADASYN

Safety indicator calculation and
correlation analysis
Calculation and
correlation analysis of
22 driving saiety indicators

Normalization
through Scaling

!

Final Dataset Construction

output1 Ouputz e s s outpun

Ercantis Ouvan

Data aggregation

v Target variable : Accident Risk

(0 :Normal, 1 :Risk) i

v Explanatory variable : [ Comparison of Model
Safety indicators L Evaluation Results

Model Performance Evaluation

| Aggregation of drving safety
indicator and accidents data
by Tkm

Figure 1. Overall research framework

1. PVD

2 Aol AREH HlolE= =Wl C-ITS ASAY #1tol A 5 8 Fei2t=2t ADAS(Advanced Driver
Assistance Systems)& Z%6l= PVDo|th. ADASE -5l A Apate] 2xtA 2], S& ol AlRtol tiet ARE
ST £ ook 9A] HlolE = g4, A7 $174 X (deg), FHEE(km/h), FH7HEE(m/s2), yaw & (deg/s) &
= 1% &2 Z3ola k. glolH o] 3314 W ele HEA FAICHH 7|3-s=HIC & s dAledd e
JCRE ZAIC7HA] & T0km= 4751912 ™, Figure 201 A A5kt HlolE 2] A7HA H 9= 2020'd 10€¥ Z 28
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Gyeongbu Expressway Sudogwon Jelsunhwan Expressway

L]
Length 41 km

— et

Figure 2. Analysis sites

PVD A7t & 3eAR Agstley. A WA dAlolA= PVD YA ZtmelA #HE Holg 35
spacing@} TTC gto] 42 4= gle EA gho & =4 glolg & o] AR 2 7HEsto] s 7-e Al Astg . &
A SA N YA A= o] =3 FE F &=, spacing D AHo|2AF I to]E] g 7|gho 2 TR e rhE
&, jerk ¥ headway gt= AFESHATE Al 94 @Al A= ol o] 3714 HAIE flol A A=) 4 5 F
AT FREHFOR 1&L & o] 0.1km TIZEE Folstlth. ol & Fofl 7|& A7 LR gIgh 227H4] 5
3 A BIIREE AFESEL o] 1hkm ©91= HASHAH

2. L5 2 WEAD 2=

PVDe} F Ut 37H4 J ol 'Aet v& e 2 A W wsAtL A4 =g S0k AR H9l= 20174
6EHE 20224 5¢ Ftolot. WEALL A4 AR ME 4 FAE 5 o] &85 PVDE] o <
Tof| oFF 28-S el & 5o R AAstnt WEAL g FAICHE 7| S FHICTHA| o] Ftoll A=
3087, ZHJCHE FLICTIA] 9] F7 el A= 5657 2.2 & 87371 2] A= 7t =3 5]t o] & 22714 3 <t A
B7HA] meto] AHIAl B4 4382 flofl o] 1km TIE FAGHAE 2 AolAE oS Rdo] ofd BF 2l
S APotarz} spH, o]} E-F(Binary Classification) & s=35H7] ol AFL 919 7+ EFoHATh AL 91 +
7 ERE goly] fIsh ohaFet 7ol EASIT thfet 71 Tk B AL S-S Vo2 HEstE 96t
%ﬂ'(Cho etal., 2023, Kim et al., 2023; Jo et al., 2021). o] 1km ©9] & B Al AL 1247402 B4 AL
7 ] =2 7S A9 E27Risk Section), vt ARl 715 tfjH] W2 7718 AR =2 47H(Normal
Sectlon) oz 7‘440}@‘3} WFAFAA= Rarestal Random$t o[flEe]7] fiEe] 918 =277t ARt m 2771
zfo 17P Hgstodet. ol#jgt ZEi A dlolH ME 4= 2ol ol B ol Aot tlolE E+f
15 73l i o] S A= WA ShgE= o] E 4 &) o] it 52 5
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volatility) spacing, headway® & 117}2] B7IA BE 474515 tt. o]uf spacing, headway ] B2 A& gho]

715 A o] SO 2 oA =] spacing, headway—J FEZHAY VF 78t spacing, headway+= 4t

T2 otr o] At Ao s|AHch FukeF B0l BB £5 BFHA, JMEE BFEHA, jerk

ST, peak to peak jerk W VE 718F £ 7155 Jerk 2 & T7HA] H7HA 25 A4S S T H7HA]

= 4HE ghol S7HEE /o] AstEl= Ao ® A S 4 k(Ko et al., 2022). FeF ¥ O] HIHA B

tg-ﬁo 7]'5—\.— T EFUAL yaw £ 0] FFEUAL Y VE 7|9 Y 7HE T yaw S = F 47HA] WA BE AAS
T O W7 B APE glol S7FE5 SHd do] Aote]= A o= s A=, B 215 434 H 7T

3

Z —1,—%!,\—% ZHEE AL A o] sk Ao 2 A5 4= Aok Arvin et al., 2019). 851 53] oFd A Hot
2|3 4=21& Table 1] AXstal, 2|84 7]&5A A3 Table 200 A5t

Table 1. A set of list of driving safety indicators

No. Variable names Indicator description Equation

1 Speed (SD) Standard Speed

2 Acc (SD) deviation Acc

3 Jerk (SD) Jerk

4 Lacc (SD) Lateral acceleration

5 Yaw (SD) Yaw speed x = measurement, ¢ = time step, 7 = total time step
6 Spc (SD) Spacing

7 Hdwy (SD) Headway

8 P2Pjerk Peak to peak jerk Max (jerk) — Min(jerk)

9 Spc (AV) Average Spacing 1

10 Hdwy (AV) headway 7};%

TTC (NC) Number of conflicts by TTC s,
11 If TTC < 1.5s, then conflict
VFV[ VLVt

12 SDI (NC) Number of conflicts by SDI atV—af" I SDI <0, then conflict

13 DRAC (AV) Average of DRAC (VEV—yEh)? , )
14 DRAC (NO) Number of conflicts by DRAC 25, If DRAC> 3.35m/, then con flict
15 Speed (VF) Time-varying Speed 1 Z -,

16 Acc (VF) stochastic Acc T—1 t;(rf—r)

17 Jerk (VF) volatility Jerk

18 Lacc (VF) Lateral acceleration z,

19 Yaw (VF) Yaw speed 7 =n( z,—1 ) X 100%

20 Spe (V) Spacing x = measurement, / = time step, 7 = total time step
21 Hdwy (VF) Headway

2 CPI Crash potential index % XT:Pr (MADR < DRAC)

t=1

Table 2. Descriptive statistics

Speed(SD) Acc(SD) Jerk(SD) Lacc(SD) Yaw(SD) Spc(SD) Hdwy(SD) P2Pjerk  Spc(AV) Hdwy(AV) TTC(NC)
Mean 6.125 0.303 0.429 2.091 3,758  14.091 0.727 1.402 52.274 2.749  1520.900
Standard ~ 2.857 0.055 0.063 3.102 0.864 3.363 0.206 0.290 9.348 0.294  1203.147
deviation
Minimum  0.669 0.146 0.243 0.000 1.145 3.635 0.195 0.536 31.465 0.086 0.000
Maximum 17.498 0.584 0.883 44356  15.690  47.982 2.190 3.346 89.445 2.006 8403

SDIINC) DRAC(AV) DRAOINC) Speed(VF) Acc(VF) Jerk(VF) Lacc(VF) Yaw(VF) Spc(VF) Hdwy(VF)  CPI

Mean 1794300 5.954 3430.298 2.140 34769  663.185 72316 56.961 11.798  11.906 0.150
Standard 1419.469 1.908 2692.21 0.999 8.332 166.470 22.293  14.206 2.684 2.605 0.019
deviation

Minimum 24 0.988 44 0.570 4.586 89.834 32208 15.103 2.618 2.973 0.043
Maximum 9483  14.842 14446 7277  61.679 1361.294 169.968 115.600 21.559 21.211 0.222

[2], A 414 A 65, 2023\ 12€ 745
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4, 4R

71E AT 1S Fol D83 A S oA, SR E R w0 227HA] 98 oFA A UM BE EESH
At o] T FAA o= Fou|Rt B RE A flof] FTHEAS FoH T AyHEAe T W o]
A =S O)EYE Yrtete BAA B o, B4 A Fol F WS 11 A9 H IAIE 1 5 ¢l
o}, ojuf] AAS T2 - 15 174219 /915 7HAH 1of 7Phea-5 235 o] ATHAIE Sfnlsta, —1of 717t
55 735 2 ATIAE vepdth 0ol 7T A7 oFks olnljitt, AuaA BAS sty A
BAt3& T==A] A55H7] 916l Shapiro-Wilk A% &2 Kolmogorov—Smirnov #74< 4-2§5tofof g}, o] &

5. DjAl2ld £8 2Y

AHEAS o EEH FAA SR Fou|eh 10712 588 oHd WA BE wAle Y Rl o] Ay Hes A3
SEATE WFALAL Ahm oA Bt AL S 7102 9 b ARE ko] RS, o] & RRHgR S
of My 25 Rdg APstart. el 7 dgEH 2ol i ste] SVM(Support Vector Machine)

1=
ANN(Artificial Neural Network), KNN(K-Nearest Neighbors) ®@-& Z13)5}3ict,

SVMEZ HloJe] ZRIEE 13t yto = st Ay T vIAY 274 BAE 2= 248 7 7IHold
(Cherkassky and Ma, 2004). Z|tff n}zl-& &-85to] glolE o] 274 AAE 2= A& FH 2= ot o]& &l ¢
1l 5388 A7) IS WA (Yuan et al., 2010). SVM-2 dlo]g] Bixof & mi7dste] o] 4] & 714]
+ Hlolgof gt A= 4 1_155_ AE =5 7 Qlrh SVME 7 obpoll et A2 e 23S 246
A =™, dlol8 9] FAE 24ste utetnlE o wet 2d Aol gt & dAFollA= SVME] stolw ntetn]
B2 kernel, gamma, C& %”%0} Act. kernel2 H]AE SVMe kernel®] FR7E 2Ju|stH rbf, linear, poly,
sigmoid”} ATk, gamma+= kernel |2 2FE F+= Tetn[E 2 shto] Hlole7F 54 e S AR ER5A| Shele B
FE o] A E ouetth. & 24 AAS] TE 28 gnlRith G o/ dA7E Zote 739 bt 2el7t B2
5h7] el 4 2] 2 FE 5]-85h= H-E= ou|git).
ANNZ BESH] A4 ‘—ﬂE HAE 71AISHE IR ks Fofl oA o 2 At RS ofn[jitt, ]‘1‘3%
Y3, 29505 FAE ASA AL2E o|FolA loH, A7 Al et
A2 FHDrew and Monson, 2000). ANN-2 t}efet eh<s a1 a| &t 243} oh
o IAIE ndHsith 2 AL A= ANNE slo|n] mata|e]2 Min Batch size, olver Activation Functlon
Hidden Layer sizeS 285} tt. Min Batch size= A sh&5Ho] Bl S 82| 27| & S85}e] ZFzHo] vlj 2] d|o] €]

w2 0 2 shgoh W olth, Solvere= A7 RE 9] st Ao wpE EAMTE 42 X A8fste stolH

ok m{)h FIO
ol)ll

ol it rlo
fj

wn

Sh5

14'3}‘3] B =24 2 A5} wfgfu]g o]t} Solvere] £3= L-BFGS, SGD, AdamS 12lstth. Activation

Function> Q8% E1= 0]H 9] 2HYS O AHUIEE) S s 5229 S84LS 2ot d=roltt. HAEER
O [e}

A A 5 ARESHH Aol A= thet o A8l 7153t sigmoid(logistic), tanh, relu @& AH-8-5F
Ath. Hidden Layer size= 243 759t S & 7|54E 9Jn|gith

KNN+= H| 25291 717 ot dale|E o=, Aleg Aol RS wf 7Hg 2347t k-0l g2 Haiste] 4
SotAU M7t B2 FH AR ERotke HAA 7ol o= 48t mdo] opd A A5l= kofl whet 24 o]
= A7stal AHE 4SS onjtth(Zhang et al., 2017). 7FeH 7 ot 2|34 Q1 2HE 1WA 0 2 sfjAlo] 42 4
ol Sl T2y "ol o] AFglo] Eobd & ALt H-g-o] F7lstaL, o)/ dA]of v

oi)ll

= [}
WY 5 082 Holee] 54
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v gg & A o] BQsirh= @io] Stk & Aol A= KNN9| sto]5 m2fr]g 2 N-Neighbors,
Weights, Metrice 285ttt N-Neighborse &dalg]EollA] &sfof & o] 9] /|4&E oJu|gtt}, Weightst=
dZo| A AFRE = 715 @42 oJu|shH Uniform, Distance &2 1 # 5kt Metric2 A7 S 245H= v
<€ 9Ju]5}H Minkowski, Euclidean, Manhattan & 11215}t

ot

6. Y= 57|
PR LA AYe M2 T ol o] HRI15Y 282 Bt HE Eaaks 950 thE HR)

A ABRI(MCS; Multiple Classifier System)o|2tal & 4= QIth(Dietterich, 1997; Opits and Mac in, 1999). 1%
tlolg] Alg o]gsto] o7 7o) oS Hulg w1 Fote] Ao RElS FESh= 7|HOoR, oFgt g5
(weak learners)S Agsto] shte] 7F2gt sh57](strong learner) & =&3c dRbH o=z wo]A mdl(base
model) 9] E8-& 7313}15 | T35t 2|F A9E D& 1|l Q14 Fofof] JlofA] e shtel BRI

AFEHS i Hot 245 A2 Holtkyl B 115 IthKuncheva, 2004). Hansen and Salamon(1990)& &+ A2

5ok n7l o] B ]%4 A27F0.5 olstol i, S Aoleal 7P A%, #7719 ol et 7HiH = =
mdlo] o2l Eoj=rhal A&t
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T8 SHA PR BoF AR A4-ete] SAIA fodS ERlst At RS alskTh A
3 Al o] 1km T9I= FAH dlol8AlS Z-8513ith tlolE Y HE = & 7071 = skt A4
“5}7] A A 59 P W7HA 7 B TEsA] Felst] 916l Kolmogorov—Smirnov(K-S)
o}, K-S 24 A3}= Table 30f| AJAI5kATE K-S Zte] wet A4S Th=2& 739 Pearson AT

= 73-%- Spearman “F A BA-E a5 AR Al A1E]4E 90% (p<0.1)S st
A& X9t At 107HA] SAIA o= f-om] gt 5 d H7IABE SRIskoiT). gkl e 98 <k
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Table 3. Result of Kolmogorov-Smirnov (K-S) test

One-sample Kolmogorov=Smirnov test (N=70)

NC DRAC NC_SDI NC TTC ~ CPI  VF_speed VF_acc VF_jerk VF_yaw VF_lacc VF spc VF_hdwy

Kolmogorov-Smirnov  0.10 0.12 0.11  0.09 0.17 0.12 0.09 0.09 0.11 0.10 0.10
Asymp. Sig. (2—tailed) 0.085a 0.011a 0.044a 0.200a,b 0.000a 0.01la 0.200a,b 0.200a,b 0.030a 0.180a  0.083a

SD_speed SD_acc SD_jerk P2Pjerk SD_lacc SD_yaw AV_spc SD_spc AV_hdwy SD_hdwy AV DRAC

Kolmogorov=Smirnov  0.099  0.123  0.107 0.087 0.171 0.123  0.09  0.087 0.112  0.096  0.099
Asymp. Sig. (2—tailed) 0.006a  0.002a  0.000a  0.014a  0.000a 0.200a,b 0.200a,b 0.200a,b 0.056a 0.003a  0.012a

a. Lilliefors Significance Correction.
b. This is a lower bound of the true significance.

Table 4. Correlation between driving safety indicators and number of crashes

Correlations

VF_hdwy VF spc AV_spc VF_speed VF jerk SD_acc SD_yaw VF acc SD_speed NC_SDI

Number Correlation  0.488*  0.485* -0.410* 0.389** 0.329* 0.275** 0.271* 0.270* 0.249** 0.205**
of Sig. (2-tailed) 0.000 0.000 0.000  0.001 0.005  0.021 0.023 0.024  0.038 0.088
crashes N 70 70 70 70 70 70 70 70 70 70

*Pearson correlation is significant at the 0.1 level (2—tailed).
**Spearman correlation is significant at the 0.1 level (2-tailed).
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2. Oldld U Q4E BR 29 2N 2

A AT 229 10719 AR SR fonlRt 73 MY WU R E A Ak, B A A
TE 7o R 9 EE} i R o & HEslste] RRHsR A% & 245 sk HlolE
AL QA A A= 1,9607A(0 : 1,2887 / 1: 6727) 02 FAE| oM, 0|5 @ AIEE 7|H-S S35 HloEl S
SHANA AFZH 22 257170 : 1,2887 / 1: 1,2837) 2.2 745}, o]l 2 MAlE3-L ADASYN(Adaptive

Synthetic Sampling Approach)& AH&-0FTE ADASYN-2 7]& @ Al ES 759 Hlo|H WS &0l &4
o] Aol tigt g4 dlojg MBS 28402 PASIEE 119t HWolth(He et al,, 2008). 18]3 RE W7}
A& Hedor FA T or Aafels WA Aieh= Python o] B3l sklearnoll A A&-5h=
StandardScalerE 285} B2 0, AR 12 X A5} th Train setd} Test set-2 70 3 H| &2 FE5} 0 H,
%)% Train set-2 1,7997, Test set 7227102 FAASIATt HARY B rd2 SVM, ANN, KNN-& Ar&-5}o]
A4S Aottt 2t 25 mdo] X2 9] sto|w uhetn]E g2 Table 5°ﬂ AAstA. 257 2d A Av e
I(Accuracy) 7] SVM-2 88.1%, ANN-2 87.7%, KNN-2 86.0%= &= it

YE 52 Python 2to] B2l <l sklearnol A A& %]+= Voting ClassifierS 2-8-5t%] Hard Voting ¥4
AH8-5FITE Hard Voting 5412 7l REl59] 5940 2 Shast AE vigfo 2 ERE 5 th4rt A st
0] ghe FF oS A= Aok S BAlolth Hard Voting W41 Theshal 2184 ¢ © & o]5fjs}7]
I 33517 ﬂu‘rs}u}l—_ o] itk YAFE e BEl o] Aok = 90.8%= KNN tiH] 4.8%, SVM thH] 2.7%
e AE Btk 28kl Fl1-Score2t 5oz, A& 51 o] Bl §7h At el dl ofjH] 4
£ Horh 3712 e 9 A8 mdlo] el 57t A3E Table 69 Al AIsHAT

oo mlu rulo

Table 5. Optimal hyperparameter settings

Model Hyperparameters settings
SVM Kernel Gamma C
“rbf” 1 10
ANN Min Batch size Solver Activation Function Hidden Layer size
112 “Adam” “relu”, (140,140)
KNN N-Neighbors Weights Metric
4 Uniform “Manhattan”

Table 6. Evaluation results of the classification model

Model Confusion Matrix Accuracy (%) F1-Score (%) Specificity (%) Recall (%)  Precision (%)

SVM Predict (1) Predict (0) 88.1 88.1 87.9 87.9 88.3
Actual (1) 340 47
Actual (0) 45 340

ANN Predict (1) Predict (0) 87.7 87.5 86.6 86.3 88.8
Actual (1) 334 53
Actual (0) 42 343

KNN Predict (1) Predict (0) 86.0 86.5 88.4 89.1 83.9
Actual (1) 344 42
Actual (0) 66 319

Ensemble Predict (1) Predict (0) 90.8 90.7 89.6 89.4 92.0
Actual (1) 346 41
Actual (0) 30 355

ARE oe 2 5 2018 Alsks B 29 4 9ol 2 o
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