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o vEolH B Held 71e] HH o gt A RIt 4 3 2 2851 Stk
E3| NAYE EAS & IBAHE dF RobollA+= 7] WlEE(long short term memory,
LSTM)7} 28] A3 ok LSTMell 48 == AAIE vlolE ] FA|, AdA, 7] Sol &
o]3l7] Wl AAE ElolEE 7N R 3 oS R T HolH e A4 we} slo]n
st E o] A 7S Ze AR o] Byt o]of At stoly dEv|EE Ze
WHEC] AU, AgE7t 52 2d FA0 L85 AME £Y F Atk wepA, B
AToAE T LEER AFHA7] dolHe LSTME 72 nEdR o 2dS 7)
a1 oH, LSTMY] steld stetmleld B/ R HEts 53l oS Ao v 4357t
£ FYAT £F, o5 VYo g aFRoklA &R wEAHR o Fo g3t sty
dtHE g e THES AAEh

A4l0) : LEAR, oI, A% v, solw Hejule], H43
ABSTRACT

With the recent developments in big data and deep learning, a variety of traffic information is
collected widely and used for traffic operations. In particular, long short-term memory (LSTM) is
used in the field of traffic information prediction with time series characteristics. Since trends, seasons,
and cycles differ due to the nature of time series data input for an LSTM, a trial-and-error method
based on characteristics of the data is essential for prediction models based on time series data in
order to find hyperparameters. If a methodology is established to find suitable hyperparameters, it
is possible to reduce the time spent in constructing high-accuracy models. Therefore, in this study,
a traffic information prediction model is developed based on highway vehicle detection system (VDS)
data and LSTM, and an impact assessment is conducted through changes in the LSTM evaluation
indicators for each hyperparameter. In addition, a methodology for finding hyperparameters suitable
for predicting highway traffic information in the transportation field is presented.

Key words : Traffic information, Prediction, Long short term memory, Hyper-parameters, Optimization



LSTME 288 D42 ISHE ofF oY Y YE

1.A &
1. @70l Y U =5

2 WFAA o] gAle} YA BFoA E&AQ it Ae 2 2P S 2%
%L%%E}( and Kim, 2010). 2= IT 719 dg= o o H

S A HIAoH, ol WEAHE d4F, 1
SAR 01]7‘-4 7]‘3}01 He dolHe B2 ¥o] X5 ZX]7](vehicle detection system, VDS)E &85}
FHEt VDSE a3l TR EE tlolEle AAIE tlolElolth AAIE HolH = HolH e A7Hd F
ElQl FA, AEA ajlo] AAIE FFS T+ 54 AEAY, 1489 RIE7} ofd FEHE S7h HAs)
t ESES Hole 3] 59 EAL 7HAX3 JthHyndman and Athanasopoulos, 2018).
oAl FHE AAY HolHE o]&ste dS RYS ATAUA AAYE ALY, A53 AT ol sH Tt

(autoregressive integrated moving average, ARIMA) =& FE] <=3M217 Wrecurrent neural network, RNN)2| %

Q1 A7) v =2 (long short term memory, LSTM), Conv-LSTM(convolutional long short term memory) 5°] U
ok GubEQl AAE G REe tlolEo] FTRER ol FA|, A, F7] 55 AREA AHLE
£ 33 EAES B - AASe WS AHES AthRyu and Kim, 2018). 3F|8E LSTM 7|8 AJAIE
Z 299 Ag FES 702 HolHrt dEEE A FA, AEA, 77 5& TqEE 5 ol d=
ofol| A de] &85 tH(Muzaffar abd Afshari, 2019).
LSTM 222 AAE vlolHe EAS 53 5 e Aol Jou, dEse vlolE o g uje} 249
Aesd £ I=sE 2d Ui sto|3 I}eln]E (hyper-parameter) S ]3] 2F 2 ¥ (trial-error method)S 53 =3
8l oF @ThSohn and Kim, 2021). Y¥HA 0 2 LSTMS] HHsloj|A] A== dto]H 32k El= window size, hidden
layer, unit, batch size, dropout rate, epoch 5-°] T} /\]63?40 o gy 2do AR E o)1, A
AFNE 4HEs] 918 BEA FAo) A, stolH setn|EE AT wnith RS Fsfof st wlwol
B2 /\]7&0] A9 FThH

webA], B AT E LSTMS E83te nEAR oS 2 74 A, Az o] a84% 28-S 9
P W ES AASAL gt o] HF SRR FAL FF U 0)E 8 (http://data.ex.cokr) ol A Al Fd= 1L
2 25% - &% HolHE /Mo LSTMS &83 1452 wEAHR o= mdd /fdsigon,
o

ol

S5 &5 =
o)y ylejue 2 FA3} o) HA A B Urg o5 Aol 3t FF= At HFH o= &
T e Ui 2 8l ostely] wRjulEd oS Aokl tid 4F dHs WMo R SRR wEAR
o= =25 e W Es AT

BARE Qs A0A WZE 1

= =2
£52 Fauoly 2HAA AFsta v AHEERE wEHR F T 37090l sigsts 2020 ~ 20223 &
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A stols| stetrlelo] WES Fol =S % F3hwe] vAE JFS BUI AFHOE, o] £F 7
9 5 74 sk, ol AIES] AN T FFL ABOE THEE NERY AZ mdel A2

P ES AAIZ

I. 34 o] ¢ A7 2%
1. & 0|2 &
1) LSTM
LSTMS 7]& RNNo| 7} 37 8t A#E AdslA] Eshe 7]27] 44 (vanishing gradient) EAE =

Eat7] 9ol 54 AlClEE Fall A9 Huot 2L AR AL ARE AHs= AlJESY 2FS AHE
st Edo|thMalhotra et al., 2016). LSTMS] &+ <Fig. 1>3} 20, forget gate, input gate, cell gate, output
gates TAHOE M2 ARE Fuls 722 TAEH Stk U 71 AlolE F LSTMOIlA 718 4 #<]

AE 3= ACIEE cell gate®]Th Cell gate= ©]F TAS A JejolA] ofE HRE 9y i HJRE =
71 ARIA Y AR T, o] ARE AL A AEi A2 A el TR s ALtste] HE A dEHE
0 A7 AR APehs 98-S =33 tHOlah, 2015; Lee and Han, 2021). Forget gateoll A& U H AR
Z ow ARE WMPA ZAAHSH, input gateo| A= A S HHO|ET AAAA, output gatedl| A= EH S
A3 tHLee and Han, 2021).

S
hiy ;
x

Structure of LSTM Forget gate Input gate Cell gate output gate
Source : Understanding LSTM Networks, Olah(2015)

<Fig. 1> Structure of LSTM and individual gate spheres

LSTM 229 HA A A4t 582 o5 2ot WA, forget gateoll A= EA Y& o] ey 719

= YYo= wol sigmoid e THAZ #he A=) wet HE| BE HEE AAITE ©|F input gate
A A 4 A S cell gatedl] AZE AJAE sigmoid T+ E tanh 55 53l Z2A 3} Cell

gateoﬂf\‘]% forget gateoll Al AlIMHE W AEE 7|Wto = ofd el E Hlo]ESH, input gateol| A A #
S Y8 AMZE cell states AT} vpA| 02 output gateol| A= cell gatedl Al FHOIEH cell state°ﬂ tanh
g ARt @A A 29 e AARH old EYite AlXtelr] ffs) A AR dEie 71

FA 5 AA = sigmoid TS Fdted HF ASgE ZAASTHOlah, 2015).
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stols sdEtulEe HAHY - H3de 2y HHAAM AR A A”INFE 3
(Brownlee, 2018). ¥¥FH 02 LSTM R&oA HAst= dtolw setr]HEL Y vlolEle] Zol& ZAA3
+ window size(Shi et al,, 2022), &4 & HA3el7] 93 WHQA optimizer(Ruder, 2017), 24935 +& 2
A3l hidden layer(dense), 77 & ZA St unit, §HE <5 35E ZA 3= epoch(Goodfellw et al., 2016),
TgFEe AEE VSIS leamning rate, YF FHE TR AASY BHIFE WA S dropout rate
(Srivastava et al., 2014), @ o] g Hol| X3t o9 472 batch size, IZakT AA 7k Alol9] AolE
2435 <=2 loss function 5°] THGoodfellow et al., 2016).

E AFAE LSTM 2o HA 3 9 /E g ES AN 28] stels serEES A Ul 7HA
2 E7dth 9 dolHE e 2l dgste vlolE o] A #yd stoly enldH, B FRE=

B9 egFa YR At B8 sols) vehulE e FASE B, 29 ERE 0% s 9Ug
o Ael, ot A=, LML BAW Sl wetrHE TASGOM, S AR wd o Zghe 3
7¥ete AEE 7T i W82 <Table 1>3} 2T
<Table 1> Categorization of hyper-parameters in a LSTM Model
Categories Hyper-parameters Description
Input data section Window size Hyper-parameters that set the size of the data input to the model
Model structure section Optimizer, hidden layer, unit Hyper-parameters that set the hidden unit and caculations inside
the model
Model Teaming section Epoch(patlence), batch size, Hm—pmetm involved m.the frequencty of mg, processing
learning rate, dropout rate of inputs, degree of learning, overfitting within the model
Leaming outcome section Loss function Hyper-parameter re.tla.ted to setting metrics to evaluate the
predictive value of the model
2. 2y 7 nF

1) nSHE o=

Park et al.2021)> LSTM % CNN-LSTM A4 %-& &85 SAR HER £ oS AFoA AR 7H
A5 U o Y39 U FFF &5 d=S FYSATE LSTM A4 B0 = TAR HERY &5,
AZL FY, 2, A4 dolHE gt on CNN-LSTM A4 AE &5 to|E S Jgwto} f1 4
o &t £ =S FEATh AE 2D o= AHA o] 1208714 9] 52 Y HolHE ¢

AES AT 2l 74 23 LSTM 2o Z$- A

7.43km/he] 228 Z, CNN-LSTM 299 739 7.66km/h2]
&R J St

Park et al. 202002 W& SLFES 123 B2 &5 oS 7Y AFE FYSATH LSTM 718 ¢S
doA A& i E2Y &% Ho|HET ofye} d4d EEY £ HolHE 833 o, o] o4l
MR E AEd dF 9 2d JUtE FsIAh o[HE A e S A A Y £ 5 §E Fo)
23 7SR E 83T L A=) & = dropout, hidden layer(dense), loss functio;
AAREAT Y A A SEEEE 183 dS ARt ol 1skA] &L oS ARt dAF e
RMSE(root mean squared error, v A &2 S HAT

2

o mo wn (m g
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2) LSTM =|X3}

Hossain et al.(2020)2 LSTM=S 7|¥to 2 3t UEYZ 34
LSTM 7|8k 29| slo]s FenE ] gh& vAeHAl 243t HHoE 2d 45 60}: “\] T »)\L W
HE AASATE 249 tely gelv] B &L optimizer, learning rate, loss function, activation function, hidden
layero|th. th¥dt MES T 345 7HE 52 AR A ste B2 leamning ratet™ 0.0001, optimizere
RMSprop(root mean square propagation)= A3 S We 22 eyttt AT A3, stols gebvEgLol
B2 Aol ofH &S nH=A] FAAT = den, JEYI T4 &R 7 s stoly detn
H 2F< 24 ¢ dAuth

Yadav et al(2020)2 LSTM< 7IHtC 2 Qe F24 AZe] AAE dF& st g A odMs
LSTM =29] batch Ale]2] AR 4£A ARE Fa AR L vAA el &= H|al9} hidden layer)]
FE 248 53 =Y v E 5359 M2 299 optimizer= ADAM, batch sizet= 64, loss functione
RMSEE F¥d3dte] BluE T3ttt LSTME] A de 9 A4 Feje o359 vlue SAHSE 9
ShA @thal yEpsto, b2 BIAA LSTM Edo] HE 52 ZA S E eyt X3 hidden layer®]
£ 243 23, 17019 hidden layerE 717 Zdo] 71 & AT R oS3t A2 YERT <Table 2>
+ LSTM HZA3} B =&ollA AAG HAsE mdo] 52 g HA sto]y setrHE R7]8H5AT.

i I

of

<Table 2> Model objectives and optimized hyper-parameters by LSTM optimization study

Hyper-parameters
Authors Purpose of model — ; ; - ;
Epoch | Optimizer | Learning rate | Batch size | Loss function | Hidden layer
Hossain et . categorical_cr
k k RM .0001 12 -

al.2020) Network attack detection 300 Sprop 0.000 5 assentropy 5
Yadav et Indian stock market

al.(2020) prediction 30 ADAM ) 64 RMSE !

3. gi79f Ry

71E AYPAT =8-S A4HEH LSTM, CNN-LSTM & g 2dS 34835 wF5gE oS mdo] 7|
ol o A AFE BT sto|H Febv|Ele] A APy il TN ol o] & A st
= AAZRJ] HH E dF Ayl tig stols Fer|Ele] IF AEE IR & o= BT

Tgh LSTMO] H A sle} B AT GA thfdt WHolA SOy wEAHR S 5HoZ 3 7
do Aol HAstel FHH AT F53 ZoE Helrh

webA, B AT A= LSTMS 7|2 ¢ 1452 WEAR oF Bds /usta, sl ZdoA
ol metrH o =S B3 HH3E TPk HAstE R ol vl FAE F3 JNE st
ol¥ ZetrH 9 oS At it FF AEE G0, ol Bl APALHS FAT wof sto]H
geuE e 2855 HwstuAl gty =3 o]& VNl E 14&5E nEAHE oF 2 e YHES
A ABFA} gt

p‘L

|
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M FHEE A gL, o] ol Bl wEARE Tiohs TR TR A=
shath weEtA, wEAR oS e FAsI AP doly As dAs] fs) AVHA Z1Ee e
2 4% 2d 74 oY 73 FEE ARE SRS
71 A AR w2 A, AdARe] 29 VDS7h AAHA 2 797 wol, aFgRA o4
T dod £ 9ouz, olf FsHA e TR A 7 UAR 1EER AU A9 A5H e
o 550 AIHA Fornw, AEFURE TFst] A&5H VDSTE 370 ol EAIT AL Al AR 20239
71 A2 39 HolE §, wEARIE HHA @ VDS HolE -1’2 #7]H= ©F HolEst 0%t
ApdeF 309g) vt s wAshs dsd 27HL=1 H o] E{ 7} mﬂz} Aoz AAEAT WG 71Ee N=s
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<Table 3> Candidates for the target section

Installation of No. No. of Error Data

Section Name Conzone ID LCS/Bus only lane | of VDS S0 Tl P
Gonjiam JC — Gonjiam IC 0352CZE384 X 5 43214 | 83,145 | 132,483
Gonjiam IC — Gonjiam JC 0352CZS383 X 5 1,437 | 45311 | 139,836
Gyeonggi Gwangju JC — Sinyewol Bridge | 0370CZS030 X 4 684 31,336 105,785
Milyang IC — Milyang JC 0552CZE085 X 4 1,893 2,750 1,343

Ulsan JC — Bumseo IC 0652CZS010 X 6 13,403 | 63,632 59,597
Donggyeongju IC — Nampo Port IC 0652CZS040 X 10 1,348 1,492 127,284

Gumdan Yangchon IC — Daegot IC 4001CZE130 X 4 4,939 5,400 0

2) iy 72 MY & HlolE 7t
ﬂ%aol Xluri]?’ﬂ A& ?7}8 Eﬂ%w‘?rﬂ 3 P& 57} 100kmhE

o A HWHE T 5 ﬂ%—% B FPEETt 1km/h ©)/ 80km/h ©
Attt 7 WA V2= TUT ol fE, IF F 5% V|E nEHo
< Ao=E HAHH.

T 7S 7V E T TR 31 e B &5 HolHE HESAT ZAY IC > ZAYIC,
A IC — ZAY IC 719 B HAE5=E7T 1 3 80km/h ©]atell &8k OB 7} oF 3%0l et
o o 2l FAo FAFsITY AA3G o, T o] fFE LY IC — BY IC 77 YA FAEE
7} 1km/h ©]7F 80km/h ©]3}el &3t HlolH & ¢F 1.3%00 gt ATt o]F F4F IC — S
IC, AY%¥E IC — U2 IC 712 58 7 ko] 100t o]’dol sigst= dolE7} 0.93%, 0.20%Z T

Of
ol
¥ w2 g

g

=
o
-

i

FTN

ol

o]
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<Table 4> Traffic information collection status of Gyeonggi Gwangju JC — Sinyewol Bridge

Year Number of | Length | Average speed traflgze\riﬁzme Percentage of average speed | Percentage of traffic volume
error data (m) (km/h) (veh/5min) between lkm/h and 80km/h over 100veh/5min
2020 684 93.473 117 24,150/316,800(7.623 %) 185,022/316,800(58.403%)
2021 31,336 3,200 84.402 109 46,020/420,480(10.945%) 222,813/420,480(52.990%)
2022 105,785 55.761 71 36,941/420,480(8.785%) 142,916/420,480(33.989%)

9 A 2 slgol S0l EE SE
Westath HolHE HESAS
5% 9 HF 59 o] 2020
] At Tt e® F

AARE A71FF IC — AL¥n 771 2% H 2 £ dHojHe &

o7 3dzte] HolElE FH}AoH, VDSEE {3t HolHE
uj, 20221d9] HlelHEe 2F dlolE7F 109 (2 371Y) oo, m
W|@~2021d dlo]El 9} Aolsitt. webA, o] & A9jskal 20201d~2021 9] Hlo

[ru ME

B

B doMe 1EEE BFAFE = 2d /d HHES AAE] f8 2d 74 FAH S JAIE Kol
A== AL B0 7 uE MAR A7BF IC — AL€Hne 1EYE VDSE A9ty nEF ¢
4% oY 2771 714 AL VDS(0370VDS01650)S thA 77t 2 At mels FAs T

B @_o]]/q.‘:_ 1:11:-11 ‘?L}‘é KH}Z}‘?L
slo)y gElnEES 245, HAFE AHHSE FAHE A2 Bt o]y ety S epoch(patlenoe)—
78 229 Joss function©] ’FEl7} A14:5]= 3147, MSE(mean squared error) 2 437 ¥ loss function->
o] PRl S ksl AlgEon

_]

Sayshs tiaoll A Alstaleith E=a B Aol AN ABze
W 8 Avhe 240 golde Sla) B

dolHE thide= st3ith

1) 22 23 Mol oF 7|zt % 2E 7|2 Y

A% 2hel T4 @A, Rh e} A dlolEe) 1T 3 RS F3l ST 10E WA
BARY, B AFNAE S dolEE £UH 2000820219 F 271d ol R Ueajel Shae

Wain, 63 AL 1Ab AT B8, AR e Sasl] s ndel x
ek webdl, NGRS S olHe] F1E ML thg <Table 59 o] QoI HAFIG O of
Sol5 SAIHE SRSl 2] WS WANES B,

<Table 5> Base setting of the prediction model

Categories Hyper-parameters Setting values
Input data section Window size 8
Hidden layer 1
Model structure section
Unit 16
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Categories Hyper-parameters Setting values

Optimizer Adam

Epoch(patience) 5

Model learning section Batc.h size 10
Learning rate 0.001

dropout Rate 0.2
Learning outcome section Loss function MSE
Evaluation value(volume) - 21.524
Evaluation value(speed) 20.135

2) I3 C|o|H = sto|n m2fo|e HF

e teolH e 743 2o A¥EHE HolEEY A7) 2 AR B9 E 2EE 5 e stely vt
HE 7430 LSIMOA A== tlo]HE2 @9 & al33te window sizew LSTMOA] o5& 3T
ol AZPAER] A& A E AlE2 71Eolt) dE E91, window size?} 1021 7%, 107 tlo|ElE 3t
o

of FHo R dSFE FHsH, ASH A 10709 vlolE Fedl deste HolHZ E¥dn. wetA, o
5 717< oM window size®2 S5 FHD 5 §l7] "2, ol& HeAdos dAH HAHgS e
Aol o] g o B WHos Adsiinh

AT E 5% &9 velHE 7N LSTM EES SEAFoH, IARES d33tes A5

w) Fof] window sizeS 12 ©|3}E HAAHII=E 3lH T Window sizes= 1(5%), 2(1 1"5:) 3(15%), 4(20%), 5(25%),
6(30%), 8(40%), 10(50) S «atz o7 HAs e AP oS B A%5S v usH o™, window size E
MSEE Th& <Table 6>3 2T} %718 533 23, window size 420%)E 7| %w ASAES o =7k
o] AA k3 7P AR 2o E UEhsith

<Table 6> Window size selection by evaluation score

Window sizes Train scores Test scores

1 34.375 15.796

2 31.696 12.592

3 32.264 12.078

4 32.812 11.502

5 31.449 13.384

6 30.982 14.499

8 32.885 17.668
10 31.658 20434

3) Z¥ =2 sjo|n u2iojE HF

md Fxie Jgd dolEEe] AeEe A 9 W #oske stoly ArHER 748
g xR = JgH do]eE A 2l5= hidden layer?} hidden layer WH-oll A 71 & dlo]E &< ?ﬂ’?}
< 9933t unit, 59 W 9 W 55 AASHE optimizer’t FETE F stol¥ FepH|EEL 24
S W W A4k A 421 geir|Elolt). meba, md St oo HAHE Ao] i
stk #eeklth

8 PU=TSYUZ|=EN| 227, M52(2023H 109)
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S

Optimizer+ loss functionS 7Hax
GD)< 7|20 3t} o]& FHAIFS 7

B9 PRI A

8§ 3}= hidden layer®] &
AR

o] 2=
T=

unit2]

A

LIEnAC i

<Table 7> Descriptions of Individual optimizers

A 7)= H sok 2 sko] 213
2AN7IY StEE
(stochastic gradient descent, SGD), RMSprop, Adam(adaptive moment estimation), Adadelta,
2 gkt Atk /N optimizere] ZNEFAQ A U
S5 73 BFE A
layer2] unit &
F Q7] e, A3y gl stolnl sl el 9%
FE BUsel Y5e

==

<Table 7>3} 2t}
A= optimizerE 71 A8 2

Azgsta, A 1

2 == ’S‘HE 7d AFsh7d 4 (gradient descent,
S Zol= wpeko g dkx

shel S8 AR

= N
hidden layer®l| 4] unit
213 hidden layer B2

i=]
Adamax, Nadam, Ftrl 52

220 >~
S5S F

Optimizer Description
SGD Improves on Gradient Descent by selecting random values
Adacrad Optimization techniques based on learning rates specific to certain parameters
& The learning rate is adjusted based on how often that parameter is updated while learning
RMSbro Maintaining a dynamic moving average of the squares of the gradient
PP Standardize the gradient by dividing it by the root of the average
Adam Based on dynamic measurements of first and second order moments
Computationally efficient, has low memory usage, and is immune to diagonal rescaling of the gradient
Adadelta Improves Stochastic Gradient Descent method by an adaptive learning rate per dimension
Advantage of being able to learn stably even if the gradient is updated very often
Adamax As a type of Adam technique, it is based on the infinity norm
Perform better than Adam when utilizing models that use vectorization such as embedding
Nadam Optimization technique applied to Adam using Nesterov momentum instead of regular momentum
Furl Improve Adam to account for tilt in future positions
Address the shortcomings of other optimization in that different dimensions have different learning rates
Source : https://towardsdatascience.com/understanding-rmsprop-faster-neural-network-learning-62e116fcf29a

B Ao e Keras golB oA Algsts=
optimizerE A3} t}. Optimizer ¥ =9 H7}&
SAFEE Ao 7 e
hidden layer & 1

5

X‘]b‘]— _,__ umt«]

PN
TE 24

<Table 7>¢] optimizers
Y3 A3, adamsS 2
©]%, hidden layers= 4 A 178 5704 HAF F7HZ o0 H A<
ST Unite &4 158 128704 APt 2d 7279

2

=
8%

gl

Aok

Ao 2 MSEE Hlws] HA

9] cl=gtol A gt

23} A3} <Table 8>3} 70| optimizer:= Adam, hidden layer= 4, unitS 8¢ woll MSEE 11252 7H4 4
o 719 o=}

<Table 8> The process of optimizing model structure section with hyper parameter tuning

Optimizer Hidden layer(optimizer : Adam) Unit(hidden layer : 4)
Type Train score Test score | Number | Train score Test score | Number | Train score Test score
SGD 33.856 12.350 1 31.994 11.437 1 31.837 11.465
Adagrad 34.358 12.540 2 31.930 11.551 2 31.769 11.766
RMSprop 34.004 12472 3 32.438 13207 3 31.039 12.259
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Optimizer Hidden layer(optimizer : Adam) Unit(hidden layer : 4)
Adam 30.614 11.827 4 31.929 10.719 4 32.106 11.466
Adadelta 34.470 12.661 5 31.902 12.568 8 30.319 11.252
Adamax 33.276 12277 16 30.565 12.588
Nadam 32417 13.028 32 32.469 13.505
Firl 34.304 12.408 ) 64 30.565 12.588
- 128 31.141 11.768

4) 22 =% sfo|y mefolE 43
12

wHl SRR Sl Shrol Fofsh Bhol 7l Thebu]E 2 TASHI) Leaming rate’s 3 A, dropout
1] El
(¢}

rate o] A E 93t i H|ZAI3)} v S, batch sizes 59 T A e 98-S 4333t 2d 9]
SFe Bdo] 7|EAHQ Fx B g5 WEk AA o|Fol| FaEof StERE upA|u &AE AT

2d stgioAe 2Y S5 Ul A 7heA] HlelEY AV]E %El'btﬂ N2 EE FE
ZHoEIQ learning rateE 7MY WA AAIIEE b o]F, md YR 4R FHAE H|EAEHE dropout
rate, PFA 2O 2 batch sizeE AAHIIEE AT}

Learning ratex= 0.0013-E] A|&bate] 712 02 0.17k4] F7HA%] %, dropout rates 0.15-E] A|ZH8ke] Mz
Ho g 087HA, batch size= HEUS 17H 64744 S7HA Adsidtt. 2 sFi A3 23
<Table 9>2} Z+©] learning rate= 0.01, dropout rate= 0.2, batch size= 32% wjo| MSE= 108722 7H¢ W
e EYoh

<Table 9> The process of optimizing model learning section with hyper parameter tuning

Learning rate Dropout rate Batch size

Ratio Train score Test score Ratio Train score Test score Size Train score | Test score
0.001 32.302 13.073 0.1 22.114 11.578 1 28.813 11.926
0.01 31.389 10.525 0.2 29.882 10.810 2 31.617 11.845
0.1 27332 17.332 04 56.488 12.974 4 29.622 10.982
0.6 79.772 22.623 8 30.049 12.123
0.8 109.021 33.019 16 30.026 11.720
_ 3 30.766 10872
) 4 29.251 12.767

3. I =& I}

B AFoE A73F IC — ALAHD 7 20208320219 25F 2 £5 HolHE Yo E uE
AE dF Zd& NSttt LSTM 229 Wi stold strE e Aoy S B8 949 HolHy, =
o LA wd StEH =X 2 Joss functions 7|HFOE HAZS AA, HFE FAH 2P <Table 10> 2+
ot doZ FAE ZA9 test scores WETFO] 21.524, H £S5V} 20.135¢1 Aol v, HA3} 0] F 9 test
score= W EHo] 10955, £=7} 15952F MSE7} & Zo 7 7HAsch

E3h loss function 91¢] B7HARFE Sall M A - $ 2l HUtE Tt HrHAEE AA @3
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o Z7ke] 2= Aakek Ha Ao © xHmean absolute error, MAE), H7} /S HAEZ w33l HFdgv o
ZHmean absolute percentage error, MAPE), MAPEZ} 0 A ollA] il A4S sl4s diAdg+ddn| ot
(symmetric mean absolute percentage error, SMAPE)E A}-8-3}%] .. (Moon et al., 2017), <Table 11>} 2T}, 7|
e WEAE G 2Ee i 3o 5E Ve W wE el 117, Wit 571 881 AS 1HsAE
u, 25%, £5 o= 29 % MAEZ} 7.616, 15324, MAPE7} 16.582, 16.859 SMPAE”} 8.994, 9.266°.%
HrlE Qo nZ Qakgo] 9 15% Wl mdo] FAE

<Table 10> Setting of the optimized prediction model

Categories Hyper-parameters Setting values
Input data section Window size 4
Optimizer Adam
Model structure section Hidden layer 4
Unit 8
Epoch patience 5
Model learning section Leaming rate 001
Dropout Rate 0.2
Batch size 32
Learning outcome section Loss function MSE
Evaluation value(volume) - 10.955
Evaluation value(speed) - 15.952

<Table 11> Model evaluation results before and after optimization

Categories Beforivcc))lputr'nm;zation After(\z);;:lirrrrllgation Before optimization (speed) | After optimization (speed)
MAE 17.581 7.616 19.965 15.324

MAPE 33.482 16.582 21.462 16.859

SMAPE 21.920 8.994 12.038 9.266

stol¥ setvle 43 Pk R AL PEE AA
1. 3t0IH matnle Ak Wt

& AoMe HAS wTF oS T stoly HeprlEE AR £AT F, BIARE 48k St
= = gl

¥ o e 2dof o g

43t FUshl LU FYHES o), A2 9E FUoR 4RSS 249 Y 3
o3 setrlele] WEel WE B =% gt}

min-max scalerS 3| THE FL3 HlwstHoH,

ok, stols wetwlElEe] @)t *Jolé
ke f%h% sk stol¥ dhetm|E o]7)dl G H7tolA 98t

optimizer2] 7%~ loss function®l] 7]%¥3)| <5

AT
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<Table 12> Input data section impact assessment

Window size MSE MAE MAPE SMAPE
1 17.545 12.591 25.823 15.240
2 12.510 9.485 18.500 10.513
3 13.103 9.515 18.698 11.016
4 10.955 7.616 16.582 8.994
5 12.773 9.053 18.397 10.733
6 16.533 11.875 23.103 14.550
7 13.539 11.264 25.636 13.253

k)| ;vaL;Lg] to] ¥ stehwlE ol a|F5H= hidden layer, unitS /i H A gk
AA B7HA LS| Aol s RISk <l A, <Table 13>3 2o HHgE 7

7b S7he gld 4 Utk =3 hidden layert unit®] ®Stol] wE oS Ao wE FF Fris FYI
A3} <Fig. 2>} 2-9] hidden layer®] WH3}7} unite] W Rt} HriA|Fol] & L0 2 YIS FE= Ao =2 YE}

g

<Table 13> Model structure section impact assessment

Hidden layer Unit
Number MSE MAE MAPE SMAPE Number MSE MAE MAPE SMAPE
1 11.342 7.976 17.294 9.449 1 11.881 7.874 16.327 9.390
2 16.548 11.981 24.105 14.312 2 12.353 7.727 15.649 9.266
3 11.290 8.136 17.817 9.552 4 12.734 8.904 18.106 10.602
4 10.955 7.616 16.582 8.994 8 10.955 7.616 16.582 8.994
5 13.907 9.352 18.566 11.325 12 11.701 7.621 15.845 9.068
6 12.647 8.876 17.988 10.535 14 13.518 9.096 18.183 10.959
7 16.822 13.184 26.851 16.737 15 11.744 8.053 16.673 9.508
Standard ” — ridden ayer Standard :: — ridden layer
deviation 20 deviation N
Hidden |, ., /\J\/ Hidden| | oo oo k /\/
|aye|' 10 Iayer 75 — -
Unit |0.767 Unit | 0.571
MSE MAE
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Standard
deviation

Hidden
layer

3.656

Unit  |0.936

0.8 10

Standard
deviation

Hidden
layer

2.687

Unit | 0.719

—— Hidden layer
— unit

MAPE

SMAPE

<Fig. 2> Impact assessment changes by model structure section hyper-parameters

to] sielr|E o) 3|5t learning rate, dropout rate, batch size= 7N &Z 7k 0.01, 0.2,
o F/A BAAAE Aol & FAATE F A, <Table 14>+ 2o] H
39S W, WA E7T 718k

o, =
Hgke 54

I3 learning rate, dropout rate, batch size®] W3lo] WE o= Az}
H7Ve 4345k AF, <Fig. 3> 2] dropout rated] W37} FrlAF| /Mg & o2 IS

<Table 14> Model learning section impact assessment

Elto ], U202 learning rate, batch size 2.2 JFS v|X= HoZ FRIFHJUTH

Learning rate Dropout rate
Ratio MSE MAE MAPE SMAPE Ratio MSE MAE MAPE SMAPE
0.001 11.623 9.164 19.812 10.733 0.01 11.395 9.799 22.901 11.000
0.003 14.349 10.042 19.631 12.016 0.07 11.251 9.583 22.154 10.872
0.006 12.426 8.607 17.633 10259 0.13 11.895 7.601 15.685 9.082
0.01 10.955 7.616 16.582 8.994 0.2 10.955 7.616 16.582 8.994
0.013 12.497 8.679 17.648 10317 0.26 14.369 10.573 21.082 12.753
0.016 11.305 7.556 16.017 8972 0.33 17.438 13.978 28.506 17.851
0.02 11.179 8.955 20.647 10.285 0.4 17.429 14.370 29.573 18.409
Batch size

Size MSE MAE MAPE SMAPE

1 11.926 7.935 19.280 9.658

10 11.120 7.594 16.536 9.006

20 13.396 8.955 18.148 10.849 -

32 10.955 7.616 16.582 8.994

40 12.461 7.887 16.111 9.483

50 11.089 7.680 16.682 9.090

64 11911 7.832 16.123 9.318
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<Fig. 3> Impact assessment changes by model learning section hyper-parameters

2 A, stol gEtrE S IF
17 g 2 Aol A A AEE
AL ALt =g A HE
574 ez FAEIN

Aol 4 epoch(patience), loss function
A& B2d At HES A6t

B S

S ]OlEi—.—«] window size®] 7-F, B9 52 gl o|Z 7|3te] whe} W3 = glo] 7P HA AR S
TP 7 JEE Stk B ATlA AR B A9 AR S-S A0 E SRR window size®] 3
= ’575%‘3}. o|F 7|Wro 2 HEFQI 194 1274419 2& Fall HAge dAsAdth

o]% md FLZHOJA = optimizer, hidden layer, unit % optimizerE 7Fg WA ZHT ¢ UYEEF T
Optimizere= 2@ 9] 35 WakS AAske stoln setr|Elo]n, &2 hidden layer?t unit -9 A4t WakS
Tty gZod WA 2-E F JEE AASAT o], LSTM 29 T2} hidden layer®] WF-ol unit
o] ZAteE TA M, stoly dtrH o FF HIINME unitsh} Hlaste] EFHAES] w el 3uf o

g

ml

A}

&S X2 E hidden layerE WA ZAHSEE 3o} 0} PﬂOE mite] F= 2H@sle] me Fxro H3
#e #& F JEF I} Hidden layerdt wnit®] ¢, HEES 156 AlRet HJap S7HA71H Al
HE A&tk ol HAHRS 2] Ao, HAgdA O VA RAYS Fdste A BHAEE
HAGE AR HA Frkele Fs Belth

g StgRo e 7 WA leaming rates 2HT F RS ) ols, R JHFA| HEHOlES] A
718 AAsted 7 & TS FE FerEo]7] wjio|th. Learning rate= FARHAl, &7k 09 717t
& 0.000157E At F7HA7IH A ee A8, JriARe HAGS AR /P B o] F7t
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A

St S Hlth o] %ol dropout rates ZH Y + UEF ST Dropout ratet= hidden layer W%5-2] unit
£ FALE NG 7= Hlgol7] Wil I 337}°ﬂ/‘1 Y=F o2 2 HAE Bithal Adaqith
WA, learning rated] 2 o] ol o]& FHT 4 JYEE HAS AT Batch sizes BE UlF-olA S5 o
% A9 Blgd Fste stold mhetn|E|o]7] “H-‘?Oﬂ NS TSt T FriA R & FFES T
A o= Ao 2 YegTth Ol batch size®] =719 W} @9 epoch A8 A|ZFo] ZA| Zolrt promg,
ol& APt & Fo= A3 HAHFS FEE dth

HFHoZ A LEER WEAHR oF 2l T PHES <Fig 4>9 2T

Setting basic structure of Model

Configure an arbitrary LSTM model

[ configure LSTM model arbitrarily
- Construct an LSTM model with time series data of selected target section as input data
- Arbitrarily construct the structure of LSTM model to perform Trial-and-error Method
- However, loss function and epoch patience are set to meet the purpose of the model configuration

Window Size Optimizer Hidden layer Unit Epoch(patience)
Batch size Leaming rate Dropout rate Loss function
~
Construct Model and Apply Trial-and-error Method
1 Model structure section — — Model leamning section —

EVah'date different types of optimizers to match the

2 E Set the learning rate from around 0 to the optimal
model’s learning direction

- Leaming rate should be increased little by little

Input data section Optimizer : =
from 00001 in order to control it in detail
E Setting window size as the upper limit of prediction time 29 becg EhSprop e H
e e e o o a0 e e Adadelta Adamax Nadam Ftrl E[ Set the dropout rate from around 0 to the optimal

optimal value so that the window size is induded 1 4 s 1 4 - Dropout rate should be increased from 0.1 to find the

Er Set the number of hidden layers from 1 to the

within the predicted time range optimal optimal value
Window Size - Find the optimal point where the evaluation index

E Set the batch size from 1 to the optimal

increases around the optimal value by increasing from
[ setthe number of unit from 1 to the optimal - The smaller the batch size, the longer the epoch takes,
s increase it significantly to find the optimal value

- Same as hidden layer optimization

Optimizer ) Hidden layer ) Unit i leamingrate W) Dropoutrate )  Batchsize

<Fig. 4> Methodology for developing a predictive model for highway traffic information using LSTM
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