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ABSTRACT

Accurate traffic information prediction is considered to be one of the most important aspects of
intelligent transport systems(ITS), as it can be used to guide users of transportation facilities to avoid
congested routes. Various deep learning models have been developed for accurate traffic prediction.
Recently, ensemble techniques have been utilized to combine the strengths and weaknesses of various
models in various ways to improve prediction accuracy and stability. Therefore, in this study, we developed
and evaluated a traffic information prediction model using various deep learning models, and evaluated
the performance of the developed deep learning models as a stacking ensemble. The individual models
showed error rates within 10% for traffic volume prediction and 3% for speed prediction. The ensemble
model showed higher accuracy compared to other models when no cross-validation was performed,
and when cross-validation was performed, it showed a uniform error rate in long-term forecasting.

Key words : Traffic Information, Time-Series Prediction, Deep Learning, Ensemble, Cross Validation
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A’s¥ E A Al(ntelligent transport systems, ITS)= TLE-Fol A wEWA o]27|7FA] FAlF<Q

25 AFsh, AHEAE Yl (internet-of-things, IoT) 7]1&2] &8¢ 715 wet Al7|g-dsty 1 53kH AH]
22 AFT 5 AA FAH(Zheng et al., 2019). LEAR ] =2 TS WEXFT nEAR AF| =
AA HAAR d&s Fasin, wEAE o] 8} FFA BFA AHl2~E AlF st EEEI ¢

H K

o
3

(Fink, 1995). =3+, A7} & WEAHH =& [TSE &83 wEAA o] g5 &3 A= 3|9 A

ToAA E&E7], ITSAA 718 8% F& F U2 AAZ T (Zheng et al., 2021).

47 AEAR g2rde AAE HolHE 7Wo g = 7 712A e AR F el AEIH
o]5% T X (autoregressive moving average, ARMA)F-E] H&d& 7|Hto2 3l= a7tz goFsit. &3
g S 7o R = 2d2 7124 FAH 417 P (convolutional neural network, CNN), 7] | &g
(long short term memory, LSTM), LSTM-S Itd3}Al 7143k Alo|E &8 -4 (gated recurrent unit, GRU), ¥
% LSTM, CNN#Z} LSTMS Z 3 Conv-LSTM, ©% ¥4} E-&(multi-layer perceptron, MLP) 2@} 7}-53] 7|
72 0] 5% T (autoregressive intergrated moving average, ARIMA)S Z23g 24 5 oY md 31k ofyg, o
Fet 71 BES At AT 52 A5E FYste FHE EAFTH(Zheng et al,, 2021).

oA, HeldolAe Tkt RS AHES Ak HOE Agste o5 BEE S =
ol1z} 3ta Yom oleldt A& Y (ensemble)©]2} FTHEom et al, 2020). YFE 7HLS HFH o
#17) (bagging), 2Bl % (stacking), 228 (boosting) &% -F¥ Thlang, 2022). WA 78 A L35S 53
HEy S EF 2AHE EEste 7IHelH, £ o8 g ZdE AXY dF 7MedE Eole Tt
% 85 tlolH RaS AAste 7IH, v oE 2HF 7Ee N Hed 22| o5 AHE ARete
oAl E<5 dolHZ &8-3l= 7]¥olth(Jang, 2022; Creamer and Freund, 2010; Kang and Noh, 2022). 2B <
g8t RS StEA7IH Bd AREE YA F dou, 9T tolHE FHEd et A &
A7F TAsTY, o] & A Y3l A Z(cross validation) 71HF 2Bl 7]Ho] SASF O, wAHFS
tlolEle] BE RES AMEste R3S AF 9 Hrlerld #AdE Ay ASEE FFA 7= Tl
°Jm) 7} QlTh(Seo, 2022).

39] AFollAe Tk o 23S B8l B2 45 wBAR dSRAS dsta Jon, wAdEE

B3l HAE WA AT @3] o] Fo]X| 1 UTHZheng et al., 2021; Liu et al., 2020; Del Ser et al., 2019).

.

ohl, S ZEAR dZEde 9 Bd Ee i Faue B8 md ] $8 o1

Webd, £ AT Held P4 71N F 204 Bede] AsERe] REAN SRIL )Y
A Atk o2 913 71E AAD dZoA del AL JUT RUSS JNoR REAN dFRd
2 eta, o)F ~H4 Bl muE A% B SRS £, Tkt 267 PRl g
@A ZY o o] BE mde] 45 nastel mAdFol FAR dZEa e NXE GFE B4
T 5 =g s

2 aTolq ALSA S REAR ASRddE FFERTA TIUCE ELeld AT A%

2 OIZTSYQ=27 223, M62(2023H 129)
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Z]7](vehicle detection system, VDS) 718t X w5 9 &% do]H7} &&EHT o]
2 W9lE VDS tlolErE FREE g AEEE EXRoln, A7 Wels 14ER
370l sigals 2020 ~ 20223 0.2 A A3

A7 VDS HolE £ 2 BXa g7t A4, a5 o 2nd 3 s v A AR Gt

£ 2 grhvla 02 FYH

rLJ o}ﬂn_\d

B A okt g8 REE F, 92 ATt =1, guldA dd] AlsEE e g
of /= LSTM, FHaF LSTM, GRUZ YEste] mdg sfdstc) =31 thofdl a5 1 o= 2d
2 gAE #AH Ao uES B Ao AEHS =EIG

1) Ha2ld =22

LSTM2 A7] W=2g g &83 dad Zd=, AAE dSo g €855 Zdo|th LSTM-2 RNN¢]
742 71€7] &% EA|(vanishing gradient problem)E 7]A1¢r Zdlo|t}, 249 shte] A5 gt =4
3l RNNF} ©2] LSTM cell state, forget, input, output Al°|EE F7}ste] A KO ALGdE FAFo=ZH T
0] IAPHE= =F 71277t 248 £AE Z2SUTHKim and Park, 2021). LSTM| T-ZE cell state,
forget gate, input gate, output gateS SACZE MZ FARE Fu= T2 FTAE oM, forget gateol A
= Ygd AR F o' ARE HIA, input gatel A= ol Fhs HHCIEZ ZIIA, output gated A= =
H 78 A3 HKim and Lee, 2020a)

Sk LSTM2 dut =349 4= 477 A fes 7|foez 4
dY= = dHolE e o7t A Fo] oW A Ryt EHHE 7
8 Aoty L EZo]thKo et al., 2018). ¥ LSTMS Ao 2 sh&al=
+ LSTMS F718te FEHE 745t A5 A3t A4 sjds 7wto g s e EA-S 433t

GRUT LSTMO| A& 7FeAslAl 71418k reset gate, update gate T 7N gates &-83H= ZE 0|t} Reset
gate= ©|F A9 719 HEE AA3= Alo|EclH, update gate= LSTM®] forget gate$} input gateS 2
Gste] o]d F HA AlEz] HE G HEE AASHE gate]Th. GRUE LSTMEL 7Hg 25 714
I oy, Asel vty AHeE 57 6L wE 242 HI7FETH(Chung et al., 2014).
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& oIy 2dS Ak 7W, iAo g ~EF S i R oF AAE At g S5 HolH
2 &gste 7]m°]E}(Jang, 2022; Creamer and Freund, 2010; Kang and Noh, 2022).

£AUE TEIAE SE G L) A3 AT AP U, w8 YA volrf ot 2
do] 29 Wk 3} zd
< 2

1) DS of=

Kim et al.(2020b)2 LSTM E2-& 7[Hko 2 ty] B84 s o2 wdS /aalgdnt Al 37hd oy
5 Qe 2mUS T 3 o T 29 Wi $5E 4 HelHE Fgnt e =Y
2 2719 LSTM 010}, 3719] dense Ho]o12 TAE R OM, 1d7He] 5B 9 HWFE 52 gleulo} 521
B A 8 8] BPEEE oS3tk wle] Brt A, ex&L 5 AZdA AA 55%, 0% o
ZolA A 135%7HA Z71eH3T

oR

Park(2022) Held 2AlS Bg3te] 5B TS YREEE /MO 1A BAEE o ZRdS sfua
%tk CNN, GRUS &435te] =29 373 EA4 AAD 548 <53k, Sk Aol o &l M(attention) 7]
e 43 7FeAE FAFOZN Aes FIAAT AFHE EALS YT & AEE E4 g 73
AT 27 FA°] B 55 Y tolHE &8stk 4% ¥la A7, CNN/GRU ©¢ 223 CNN/GRU
A% ZPET CNN/GRU 2% 2do] ofdldg 243 o] S 958 9% A%< Yehdct

Kim et al.2023)2 SAF £29] tgd A8E st TP&E Wsle tigk S EA80H,

GRU 2d< 7uto g dy] Bg&n o2 nalS spdsigity, 2de 3709 GRU #ojolS &gs) 743
Row, 45s Hrtelr] Al AH F7]9] FAEEE 7O R baseline BES FE3HATh 22| HUt
Az}, B ABD gi}(root mean squared error, RMSE)& 5.08% #4] th72F 157] 5 14707} baseline =2
B % 435 des Yt

e,
rlo
i

g

2) L= 7Y

Zheng et al.(2021)2 YE 2ES &83) @] wFFE dS3TE £ AT A= ARIMA, LSTM, stacked
autoencoder(SAE), 74& U|E$| F(capsule network, CAPSNET) Ed-& Z33s ALLSCP ZdS A QkslSitTh
ALLSCP 298 U3 3 Ho]EE 7|HHo 2 o =3} support vector regression(SVR), CNN 2 E} Ao RUl=
I HluEoH, AAEZA 96.14%, AR A 9553%2] HEEE TS 3 AeS EAuTh

Del Ser et al.(2019)E 3] ﬂﬁ“@l 952l echo state network(ESN)S B35t} F4¢ el e-ESN
2dg JPEete =A UE 25 FS 9359t 2dS K-F 2 0] 2(K-nearest neighbor, KNN), 2JAHEH
U5 319, A3 39, SVR, MLP, LSTMS &8s, 48 WHoe= Ay X E, adaboost, gradient
boosting= 83t Bt AL 2EHF 7HE 838 eESN Edo] 127] A nFF F 107] AH A
B RdHt & 3 A E Bk

3. 917 Ay

WEHE o Soll= duk ¥ SFZFFH CNN, LSTM, GRUS} &2 Hed Zd=0] s &850

4 DIFTSYR|=FN| 223, M62(2023H 129)
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shoh &9 AFell A s Tkt mdlo] 23S 53 =& A5 uEAR dSrdEo] /s gloH, bR
o BdEo] wAAEE 53l A4S Th(Asencio-Cortés et al., 2016; Yang et al., 2017; Zhong
et al,, 2020; Del Ser et al., 2019). TH3F, 5] WEA R SR T 2l S w73} R8s 4835 =9
o] & JME 1 JE A E YeldtJeon et al, 2021; Kim et al., 2020b; Park, 2022; Kim et al,. 2023).
A, B AFo s LSTM, 9HaF LSTM, GRU 2dS 7|Hko 2 thokdl x§o] 287 YAFES 3
of TheFst wE AR AqSEAS AP grigith =3k B AT 54 S 1E5EE wEHRE 953
FEE BE AL E Gl JoBE S 1EEE Tz olE A&ty thkdt ~HH
H F T E2% Biste 2de i 2 PJrisiith

§9 rlo

(=N
[e] =

o rlr ok
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bt
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K
ofrt
o,
.
2
Ay
o
e
=
(23
e
o
A

TEEE WEAHE '&%Ei%/\} ié?—_‘?_i THlole]l EE (https://data.ex.cokr)ol A AF3te= 58 T
=, = Tl o] TR A dA E A7, WEH,
UTE B AFolA U%‘ Aol &-&st= vlolEle ME 731 84, €, 2%
o, VDS Elo|ElE A gste] &84t
o
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2 SR )5S GTRE HOE 3] dEe, T REER] WEF EEL WET 5
Sl F2HE AASG o8 A AT MY T DEEE WFYRE VT PP A AFE
2 ATk 3 WA AFe Hx AEAE D AARZAT AP e 2o HYsA mx A
A2 % AAARA AW FIHE VDSTE AR HAHA gol, B mEFo] HATA &) Wl 45
8 3F Pl LEPe] FEHE W AT 5 A7) WEolth F WAl AES B Frel Al ol
el vpsz T4l 9) Wl o)

Ao Atk i T1kel AEPFIAE BEFO] 55
A
o

KN s A
= 1=}
GFE 718 & Q] Rl vpATto R, AR UG P FARGE o)F2

2ol WERN o 2o = g
BERRI} FHHA S Al Qe 2Ed) AR 22 V1Y Hold F IR B7HE oF Helg
7 108 Apd mes WS 70 Aoz Agad

T AEER 7 T, o5 dolHz 7P AE 49 A 7E oidTRies A
Aottt AAE FE F4F IC > FEF IC, 471985 IC — 43w, IY IC —» B IC T3belH,

2
o
i)
o
W,
it
A
rlr
N
>
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v
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mL
O

<Table 1> Target section details

. Installation of LCS/Bus |Number of| Number of Error Data | Selected VDS
Section Name Conzone ID
only lane VDS 2020 | 2021 | 2022 LD
Donggyeongju IC — Nampo Port IC | 0652CZS040 X 10 27268 | 1,492 | 127,284 |0652VDS04702
Gyeonggl Gwa;i?zgjec = Sinyewol | 70075030 X 4 684 | 31,336 | 105,785 |0370VDS01700
Milyang IC — Milyang JC | 0552CZE085 X 4 1,893 | 2,750 | 1,343 |0552VDS01190
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=

2. MY 29 74 ! I}

Hed e 2d Y5 Fxo et A A4 A"l gkl stol st E(hyper parameter) 2]
2H4& B3l HH3E 5 AchBrownlee, 2018). 3to]H Fepu|Ele] HAs= AP F3l T,
g g JEE= tolEEE AolatA o] FolXith
2 Aol A eys T3 FAEHE stold st HE Bd YioA A2lEE vlolEEe ©eldl

window size(Shi et al., 2022), ©4Y352] 422 hidden layer N 42 HolHEY d4HE F35tE unit, SH59
Wk gl Wk 5 A3 optimizer(Ruder, 2017), &h+o] HZol Y5 learning rate(Lee et al., 2023), 3
gk A E Y3l 9 FHE &4 slsl= H-E-2l dropout rate®] TH(Srivastava et al., 2014). Epoch(patience)
£ B9 vy ShE A oA o] o] FojA2] Fow S5E FRa=T, oju JjAo] o] FoiAA] ¢

of

AA 3o, loss functione FF2 02 A F 2 2Hmean squared error, MSE)Z A5} 7] W&ol A3
2k oA A skA] Fokth

2 AFoME RAEE AP Tt HA Y HeS d g e RS FASAT 229 9
Z 713k 1A R A7 “H-—Oﬂ 5% &9 1279 HolHE A &g tlo|E & Sl &8sttt N
Wk Rl train HloJE ol HEst A AFEHJEA AR, S AAY RS G1EH7] A8, train HIOJH 9} test

dolE & 82% Haste] 345S syt

w3 ZEAR golEe EA A mEZo| o)A £57} 02 HolHEo] EAjaty] WEe] PriAwE
o) %% v+ T 1] 2 X}(symmetric mean absolute percentage error, SMAPE) = A| A3}t SMAPEE A A gte] 00]
U= HolHolA 7/t WA sk WAt H] 2 XHmean absolute percentage error, MAPE)S X $Hgk Qa}-&-0]
o SMAPES] 4H42 (1) 2.

SMAPE = %LOX Y ﬂ .......................................................................................... D

where, n = total number of sequences
Y, = actual value

i

IA/; = predicted value

1) LSTM 2& 74

LSTM =g Tl AAE HoleE &83 dZo] 71532, LSTM 2] /M oid+7te] 8¢,
Y, 5, FHEE BFE gl 6023t d5E AL 7 UEE At A Es AX 74
H FPE LSTM 2H 8 sto|y uatu|E 9f B7FA| E+ <Table 2>9F 2T

<Table 2> Optimized LSTM models by target sections

Hyper-parameters Donggyﬁ'/onl%iolit I;ZC — Nampo G}’eorsligr;g;es(\)}&lfar];%]j:gglc — Mll\ld}l’f;li gICJCH
Window size 4 4 3
Hidden layer 2 4 >

Unit 16 8 0
Optimizer Adam Adam Adam

6 QIITSYR|=FN| 227, M62(2023H 129)
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gt | D O v e | Mipmg 10

Batch size 32 64 64

Learning rate 0.001 0.01 0.01

dropout Rate 02 0.2 0.2

Test SMAPE(volume) 12.57 9.78 10.26
Predict SMAPE(volume) 16.14 10.53 12.46
Test SMAPE(speed) 11.31 11.29 10.50
Predict SMAPE(speed) 10.75 12.35 11.37

2) YuIsF LSTM 22 2A

oFubsl [STM 2d-& LSTM Rl ZU3&1A
%’JE—:‘,%A‘_E ME 73] 84, ¥, 15%, 3
o AR oS AX FAAE FE e

<Table 3> Optimized Bi-LSTM models by target sections

Rt | D O v e | Miymg 10
Window size 4 4 3
Hidden layer 3 3 2

Unit 8 32 32
Optimizer Adam Adam Adam

Batch size 32 128 128
Learning rate 0.01 0.01 0.001
dropout Rate 02 0.2 0.2

Test SMAPE(volume) 11.55 8.04 10.38
Predict SMAPE(volume) 15.61 9.25 12.90
Test SMAPE(speed) 3.10 2.78 2.30
Predict SMAPE(speed) 1.74 1.55 1.80

3) GRU =& 74

GRU ¥ % LSTM =23 FUsA oA
o= N oY 8, 9, wEY, B

F AAD telHE

5 REE el 0uxe] o3E £UT & YT 39

o AWM e AH TAT 78 GRU mde| sholn seelEsh WA

<Table 4> Optimized GRU models by target sections

283 2 $9F 5 onz, Y

£ <Table 4>9} 2t}

Window size 6 4 4
Hidden layer 3 3 3
Unit 16 16 8

Vol.22 No.6 (2023. 12)
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g | DS O Brdge | Mg 1C
Optimizer Adam Adam Adam
Batch size 128 128 32
Learning rate 0.001 0.001 0.01
dropout Rate 02 0.2 0.2
Test SMAPE(volume) 13.42 10.36 10.28
Predict SMAPE(volume) 13.90 12.78 12.46
Test SMAPE(speed) 3.01 2.78 231
Predict SMAPE(speed) 1.99 151 1.88

BYS TN odel, L mdvtel A% muE U Y LSS WA WA

i=]
= e
LSTM 242 #7135 IC — /‘J%Zﬂil T W5 F =S A9)SlaL test SMAPES} predict SMAPE =5

e LSTM E%«l 45, wEE A5 A71%F IC
predict SMAPE 10 ©]49] o= 10% o]de] 2a31&8< BT
A NAE] BE 719 test SMAPEE 3 o] ZEOE 3% o|ifje
2 °J3tE 2% ol3te] eAatES HATh

GRU 249 5% =& ZE F7to| A test SMAPES} predict SMAPEZ} 10 ©]42] #Eo. 2 10% ©]742
2AEE HAY &5 952 U LSTM a7 5Y3HA LSTM 23 vlwsle] 34 A=tk =
E 7t test SMAPES} predict SMAPE7} 3 o] 9] Zto 2 3% o] 2A8S X O™, predict SMAPEE
2 oJ3tE 2% ol3te] eAatES HATh

3R

Dl

=

[
to b

t

2

=

rlo

0

2

g

7

jus)

E

ol

2

LSTM =23} 22 ofl3f LSTM, GRU B2 L &5 o= AHox Aso] A MAFE, ol 9Hd
T Y &5+ Bln 3 AP 15/ 589 WAL FEEY, LSTMY 452 A gk & 93

IAAE et HolE] Sl A3 0383 Al A% 2580 Ao|E 2L, ol 29
o] HAF R FAAFHYS] FEOIT. Test HolE] At 6 2L 1d7ke] Holg % of Qo] =L

S
2 T
3] el W Bl ATHE dSgt) mEbA, test score EAQ HAHQ HEEE TS WY,
predict score= ARFC] gt ol SE A7) FAT WYY AS G2 Hrishy] wjEolth
gas g 74 3 EI}

YGE R U RS9 dF AAE 7|R0E - oS5 Fshy] vl Al ek -8
7F EAGT. B AFA FAAEE GE REL Kfold XAH S-S 83t o] & dA3tuA dFH o,
WAHFE TS 2% TR @S RIS A4S Bt Kfold A FS 2o Y= Ho]
HES Eddle g3 oS &8sl A4S WHoE RE HoHE g% 439 & 5 J3 AHES
WAS 4= th(Lee et al, 2019). TRk, S50l FEH= 1EEE WEAHR HolE = AALE E4E 7HA
37 Wz, AAIEA B4 18T F IEE d&5d HolHE foldE T8It

GHE 2d9 =9 &&E= EFE D (meta model)> MLP, JAPEAH U, KNN 3| A% thofsh mdS

8 PU=TSYUZ|=EN| 227, M62(2023H 129)
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83 4 9l O H(Al-Hajj et al., 2019), ¥ A= Al-Hajj et al.2019)2] AollA 49 2702] Wef=2d
KNN 3|7 223 MLP 22 F KNN 3|#E &3t} o=, KNN 37 &arg]Fo] 7 717ke k9] H)
olE 59 BHS Fote WA og A4k 8] wlEol(Hwang and Jo, 2021), THF3 N o <5
AAE BEE 5 ds Aolg} Besialr] wiolth

I %, wx5Y oo et Rds RS wAHSES FHA de dAE 2L pE 2l
& A Fo} g5 HolElE AN, ol e BP9 g HolEE &3ttt uAdFS St
A BE YFE 2 FREE <Fig >3 2ok AAHSTES FYSe PHE 2 /8 22 K-fold
WAHSE T3l KW S5 HolHE A5k, ol e BP9 g5 HolHE &3tk s 2l
A K9 =7k g e mdo] HAE HolEHZ 8L B AT FAS nxHdETs §
PBote e BP9 TREE <Fig 2>9F ZTh

Model #3(GRU) Ensemble Model(KNN Regressor)
| Model #2(BiLSTM) [ Ensemble Model Train Data J
MOdEI #1 (LSTM) Model #1 predicted data
[ Train ] Model #2 predicted data
Train model through train data set Model #3 predicted data
4
{ Validate ] l
Validate train model through test
data set [ Predict test data J
‘ Predict through every models tested predicted
{ predict ] data set

Predict preset period

<Fig. 1> Not Validated Ensemble Model Structure Diagram

Ensemble Model(KNN Regressor)

Model #3(GRU) [ -
Make ensemble train set
Model #Z(Bi LSTM) Concatenate prediction data from validation data

of individual models k-fold
Model #1(LSTM)

{ Train folded data ] [ Make ensemble test set ]
- Build an ensemble model test set based on the test
Train model throqgh .k"old data set data prediction results of individual models
except validation fold 1

—

[ Validate train model ] m [ Train through validated data

Validate train model through non Train model through every models

trained fold } validated data(concatenated)
[ Predict test data ] [ Predict test data ]
Predict through test data and make Predict through every models tested predicted
predicted data set data set

<Fig. 2> Cross Validated Ensemble Model Structure Diagram

Vol.22 No.6(2023. 12) The Journal of The Korea Institute of Intelligent Transport Systems 9



AfjZ gNE JIHS $BY DEEE DENE 52Y A% Y DAABO €2 M5 ulD

1) Window size & 3 M5} xj+gy

YEFE 7S r/]'ookfﬁ' 2dlo] oF ARES 7|WO R Sk Agdystr] i), 7]vto] e g
9] window size’} & , 7 2d o] window sizeE 1A Fof] AP QHS F3sta] A
s B7HE oA Tﬁgﬁ}ﬁiq. 4Y dHolHE 5% 92 FHEANY] W&o, window sizeE H4 1(5w)FH
Al 6(30)7HA F7HA B SMAPES 7IWte® muld H{rks ok 7iE oA e A
2d ZF b 2o mdo] HA SMAPEES Xo|+= window sizeE #HZ window sizeZ A3 oH, /i
tableol A SFHe)E FEo] AAHE A window sizeo|th. T3 ZAE H7} HAi}= <Table 5>9F Zth

FUE
::4‘
(o]
o
g
A
£
&
>

Window sizeE 1914 6742 S7HAZ A3, 5745 IC — 23 IC, 47|35 IC — A€ddn 73k
window size 47} % & window sizeZ A EH NS H, ‘on IC — HoF JIC F7F2 window size 6©] &4 window

sizeZ AAF AT

<Table 5> Train score of a trial-and-error method application(fixed window size)

Evaluation score(SMAPE)
Window Model Donggyeongju IC Gyeonggi Gwangju JC — Milyang IC
size — Nampo Port IC Sinyewol Bridge — Milyang JC

Volume Speed Volume Speed Volume Speed

Lstm 19.20 13.05 1151 11.42 13.69 12.05

1 Bi-Lstm 14.98 324 10.53 291 18.79 243
GRU 17.84 327 11.48 1.47 15.50 224

Lstm 14.56 14.06 14.18 10.15 27.54 12.83

2 Bi-Lstm 13.53 3.14 9.08 2.82 16.95 235
GRU 13.87 3.05 9.61 1.48 14.48 191

Lstm 16.10 11.66 10.13 11.39 13.03 12.03

3 Bi-Lstm 1323 323 8.63 2.80 15.58 225
GRU 13.94 2.09 9.08 143 19.17 1.99

Lstm 12.57 11.31 9.78 11.29 15.80 11.18

4 Bi-Lstm 11.55 3.10 8.04 278 21.44 228
GRU 13.42 3.01 10.36 278 10.44 231

Lstm 15.11 13.36 14.63 1222 16.21 11.73

5 Bi-Lstm 13.03 3.06 8.35 2.69 16.44 2.30
GRU 12.81 2.38 10.73 1.45 23.07 1.70

Lstm 12.13 11.52 10.51 11.29 11.44 10.71

6 Bi-Lstm 13.24 3.06 8.18 2.79 10.71 234
GRU 12.19 2.19 12.38 291 13.11 226

2 Y= =E Y
B2 wees] pE 2Hlo o5 Ads oR d5s s Eéﬂr K-fold Lx} %% 3
she B2 Fste] AEeiith wAd S-S 3T RAE 4719 foldS

& FYHBL, 3 foldol T BHE FAD F, o B
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HFAo=, e TR ATF EE SELLS )9 HFE 2R NTEHNoH, F 48719 &

e BdS FASAT ME ZdE <Fig 3>3 2] fold E FrF A3 9 T2} HA = gyt Az
RIS & JEE FASAUT B Aol TAE AA P4E 2d H7} A= <Table 653 2o0, &

Gyeonggi Gwangju JC — Sinyewol Bridge average speed prediction through GRU:Bi-LSTM ensemble model

Not validated model
SMAPE

1.47

Comparison graph
between actual value and
prediction value

Sort Fold_1 comparison graph Fold_2 comparison graph Fold_3 comparison graph
SMAPE 3.17 3.10 3.55
Validated model SMAPE 3.27
<Fig. 3> Example of evaluation results and graphs by fold and ensemble model evaluation results
<Table 6> All ensemble model evaluation results
— SMAPE(%)
ediction
Target section Ensembeld model i i
& type Not validated Fold 1 | Fold 2 | Folds Validated
model model
1 LSTM, GRU Bi-LSTM 8.26 12.26 12.23 12.14 12.21
2 LSTM, GRU 8.26 12.14 12.27 12.51 12.31
Volume
3 LSTM, Bi-LSTM 8.32 12.47 12.31 12.35 12.38
4 | Donggyeongju IC GRU, Bi-LSTM 7.98 1227 | 1214 | 12.14 12.18
—
5 Nampo Port IC LSTM, GRU Bi-LSTM 1.37 4.72 3.63 3.56 397
6 Average LSTM, GRU 131 440 372 343 3.85
7 speed LSTM, Bi-LSTM 1.34 3.83 375 3.50 3.69
8 GRU, Bi-LSTM 1.58 3.87 379 3.52 3.73
9 LSTM, GRU Bi-LSTM 8.82 8.22 8.21 9.17 8.53
10 LSTM, GRU 7.80 8.18 8.39 9.17 8.58
Volume
11 LSTM, Bi-LSTM 8.24 8.19 8.45 9.36 8.67
12 Gyeonggi GRU, Bi-LSTM 8.80 8.36 8.23 931 8.63
Gwangju JC — -
13 Sinyewol Bridge LSTM, GRU Bi-LSTM 1.40 3.07 3.05 3.56 323
14 Average LSTM, GRU 1.57 298 3.13 3.54 322
15 speed LSTM, Bi-LSTM 1.34 3.00 329 3.55 3.28
16 GRU, Bi-LSTM 147 3.17 3.10 3.55 327
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. Prediction SMAPE(Z)
Target section . Ensembeld model Not n\l,;;ijated i 1| Ehl D | ke Villjo({::d

17 LSTM, GRU Bi-LSTM 6.65 10.94 10.32 9.46 10.24

18 LSTM, GRU 6.62 10.68 10.33 9.56 10.19

19 Volume LSTM, Bi-LSTM 6.53 11.05 10.45 9.92 10.47

20 | Milyang IC — GRU, Bi-LSTM 6.49 11.34 10.31 9.62 10.42

21 Milyang JC LSTM, GRU Bi-LSTM 118 2.75 2.44 2.47 2.55

22 Average LSTM, GRU 115 271 2.44 2.36 2.50

23 speed LSTM, Bi-LSTM 1.01 2.66 243 2.52 2.54

24 GRU, Bi-LSTM 1.01 2.66 2.49 2.39 2.51
3) A2 RE HIt

e B9 Hrhe WA wAAFY o mE e B A%s WU 283 FE
288 ME 2y GdE RS v

A, kg Fe] o fo mE 2d Ui wadEs T B2 o QAkEo] A UEsTh o
+ WA Fe o] gEd BE HolHE Edste] RE HolE7t S, A5 tolHE Z8EES 53
7] gZolth. &, A S TS Bd2 dSate Azt MYl Aol ddE S HAgEE RAT
T UEE FAEHJT. BAHSE APeA] G2 s Bl uFF 952 ¥ LSTM-GRU 473
£ 2do] /Mg @ &S BYon, wAAE S AP ddE Bl 8 LSTM-GRU 4/d&
293} LSTM-GRU Y 2do] vhe 93188 Byt

0202 713 B 2388 B AL 2de /i mdo A vu- 248 Festgon, 2
<Table 7>3 2ttt WAASE T84 & B2 oS 2ab+= AE &84 /M 2dd Rlusis s
2 Z02 NMAFNEY, ole ME REEY 2A4ES UE T e YFOZ KNN 3AE &85 53l
7] &R AR At wAHSE A 2l AE 2dS HWEH-S e LSTM 229 4% 4
=& AYslae IA HEA gL 23S B

<Table 7> Comparison between ensemble model and individual models

Evaluation score(SMAPE)
Model Donggyeongju IC Gyeonggi Gwangju JC — Milyang IC
— Nampo Port IC Sinyewol Bridge — Milyang JC
Volume Speed Volume Speed Volume Speed
Not validated ensemble 7.98 1.31 7.80 1.40 6.49 1.01
Validated ensemble 12.18 3.69 8.53 322 10.19 2.51
Lstm 12.57 11.31 9.78 11.29 11.44 10.71
Bi-Lstm 11.55 3.1 8.04 2.78 10.71 2.34
GRU 13.42 301 10.36 2.78 13.11 2.26
4. 2&
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