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ABSTRACT

In this study, a time series analysis technique was applied to calibrate and predict traffic data for
various purposes, such as planning, design, maintenance, and research. Existing algorithms have
limitations in application to data such as traffic data because they show strong periodicity and
seasonality or irregular data. To overcome and supplement these limitations, we applied the SARIMA
model, an analytical technique that combines the autocorrelation model, the Seasonal Auto
Regressive(SAR), and the seasonal Moving Average(SMA). According to the analysis, traffic volume
prediction using the SARIMA(4,1,3)(4,0,3) 12 model, which is the optimal parameter combination,
showed excellent performance of 85% on average. In addition to traffic data, this study is considered
to be of great value in that it can contribute significantly to traffic correction and forecast
improvement in the event of missing traffic data, and is also applicable to a variety of time series
data recently collected.
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<Table 1> Correction method based on consistency with domestic and foreign historical data

Item Methodology
Lee and Shin(2013) Utilize average traffic at the same time before a week

Calculate the weight based on historical correction data and real-time
data and apply it to correct the traffic volume

Zhong and Sharma(2009) Utilize traffic at the same time before a week

Alabama, US, Indiana, US
South Dakota, US

Vermont, US, France, EU, Alberta | Presented by replacing the average monthly traffic volume data

Kim et al.(2010)

Utilize traffic volume at the same time in the previous year and month

London, UK, Oklahoma, US Utilize traffic at the same time before a week
Oversea.s Besearch The average value of the traffic volume at the same time in the month
Institutions Delaware, US L. K
before and after the missing traffic volume is used
Alberta, US Utilize monthly average traffic data
Montanan, US Utilize of similar area traffic volume based on spatial consistency
Netherlands, EU Utilize nearest point data on the same axis

EFE d=3t7] s AR 7146ke dlolg F4le] AT H(data driven approach)©] &
%—E]L? Ao, B (parametric) 4 7'M B Z4(nonparametric) F4 7MW E s F Th WA, B

= 254U A8 & v]Ad3 3] A2 (linear and nonlinear regression)(Steffen and Bartz-Beielstein,
2017; Korea Institute for Health and Social Affairs, 2018; Korea Institute of Civil Engineering and Building
Technology, 2008; Zhou and Meng, 2019), ¥4 37| (historical average algorithms) &2 ©]%H7|H
(moving average), 2~F9 7|*H(smoothing techniques)(Li et al., 2015), A7] &H A& ZZ A (autoregressive
linear processes)(Steffen and Bartz-Beielstein, 2017; Zhou Meng, 2019; Hamed et al., 1995; Lee and Fambro, 1999)
ol EAF HolH Y & Feut A 7], "EAd)el wet By daeE Addo] e AN, B
T FAH 7N A3 Y F 3R gol AHEEHE EEE A7]3]7 ©]5% H(autoregressive moving
average, ©|3} ARMA)I #1718 # FF ©]%5% F(autoregressive integrated moving average, ©]3} ARIMA)©|t}.,

ARIMA B3 At AA9e ARMA 28-S 283 23o|th. ARIMA 232 ANAE AAZRE 44
(stationary)olWt Hd FH EAo] o= ol& AEdKindifference) AAIE-S HAE3|A EAo] Aok F,
ARIMA®| 73-%- ARMA =334} 22] HA/dd (nonstationary)S 7+ Blo]E i % 2 &o] 7hs3tH, o]5 9
3l =59 AHi(difference)= AHE-FTHE o] EAolth &, AAIG vlolElY] AE 9 AEAE AASA
ARMA EdS AE A2l & o5 o5 A AWrgst= 2] ARIMAS] 74 #Ao|th ARIMAS] 74 e <
TE5 5 239 Asol ASHAD neHF AAEY A+e dit AAE vlolE Bt A A (seasonality
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m. a5 2HE
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<Fig. 1> Time series analysis method(Model building and prediction)

1. AlAIE 249 T

AAE AZE(time series data)= 54 W L HEES A7t wel #Z5te] A+ 2ROl o F
7V T3, A3t Ax WskE, A 5 AR AE E40 ARREE thkd WaEe] AAE X}»Jl 3
HZ £ 9 752 5 ok o] dolHE &85 AAE E4ole #ZH AFEo| Azt wE W3}
T FolE 43t ol& VIHte R A E dSFdte Aotk &, FAE FtstAY FE AW F& dS3t
7] Y13 852 AAIE B4o] = &8H 3 k. AAIE FEl(the components of time series)= H©|H %5
Fr&ol wel <Table 2>9F o] B2 Wy, 34 ¥E, <8 WF, Ad H5oE F2 + ok
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<Table 2> The component of time series

Item Contents

.. Unlike regular movements over time in time-series data, it is an unpredictable and accidental variation
Irregular variation .
due to the absence of any regularity.

It refers to the long-term changing trend of time series data.

# At this time, trends mean a tendency to continue to increase or decrease over a long period of
time, or to maintain a constant state, so there are disadvantages that it is difficult to find trends
in a short period of time.

Trend variation

Cyclical variation Usually, it refers to fluctuations that appear cyclically over a fixed period of time.

In time series data, usually according to seasonal influences and social customs. It means that it occurs

Seasonal variation . . .
in a certain cycle. It usually cycles and fluctuates with the seasons.

AN HEE 1Eow AAD HolE: T4 AAds BHH AAD W 4 olek FHA A7
ge Eds Bako] B HolHolr, B3 AAGE EdE 5o Bio] Washs AAY HelH
g 2oy

2. AMAE 24 JIY

AAD HolEe] TEAel Bae BRHYE 2t AL deldd SHF ol mug A gl

FA7 AW A 58 2 AAQ dlolEle] FHAE Polshs PHOZE AR,

MA, ARMA, ARIMA 9% 283 7o) 73 Rl 2eld ok Azole plAlsl sel b A

2 o g3to] AAY BlolE S| ALHE A 222 FohRES S W
o

£49) AAD B4 AHos 2447 ARl FA0 Yets AAD HolEE (23
Apsiel A AADZ ABANY, AvHow A1) F TE FA4, st AR, E

%
£
T
Ao

ol AW AR, A
= Qo e vehit,

HA #ZF dolH -DE A FTFS ¥ A7) 4T Z ¥ (Auto Regression, AR)Y S AEHE) L2 Qg
= WrdE o] FH T EH 0 MAMoving Average, MA)©] A3 = olth A A3 AR} MAE 7317] 913l
71743 3F=(Autocorrelation Function, ACF)$} ¥ 2}7]338<=(Partial Autocorrelation Function, PACF)S ©]-&
o zhEdte Aol 8 4 H3xolth

AR[]WA(p, d, q) .............................................................................................................................. (2)

p is the order of nonseasonal autoregression
- d is the degree of differencing
+ ¢ is the order of nonseasonal moving average of the error
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ARIMAE Box-Jenkins 2 2(ARMA)9] 4uFA¢] FeiES Jehg=
A4 AAIYe] RAHETE 9u|ojH, o]= ARIMAS} ARMA= 22

Yo qkek da} aHio] oo ATHH
o] 23de
23 & Adste] ARIMA E39 448 834 o2 23)74 2t

JERIT) 93 285} ARMA

V/z = [+o¢1y/[_1 +0¢22//z—2 +.“+apy/l,—p+el +0ie,,+ 0.6, +"'+9q€z—q ................................. 3)

A71A e oEE gu]git.

JeY ARIMA 222 A5%g 2da vix7A2 B4 F7] @9 - ¥, €, 27DA" AFEAL 77
(seasonal period, 7148 #&ol| Bag U F7)7t &S A Folwt o] golsith= ©-o] ot 1950
o]F HFHOE &gHol & By 7R Ay R AZ YA Y B4 AHE v, 1 72
A AR A3 HIZol| 2oz AAAY F719 thF ARAL 2 wge A7 9)\‘:} kA e AIZE T
2 A= A5 F F= dolE9 F$ 71E ARIMA 283} 2|+ JE3y 5y Fo| d5H AAE 7|
< 7% 842 74 FAo] Wj§ HARSH w2 dF 45 B4 ofHoh

2) SARIMA

ARIMA 232 77|14 8 Aol st 2% doleo] dAE Holal glo wE Hole e}t 2+
& Agol A&atrlodls AL Atk oldd FAHES FESHAL Beksr] fl8] ARIMA B3l Ap7)d# =
%<2l SAR(Seasonal Auto Regressive)@ Al o]5H o =3 SMA(Seasonal Moving Average)”} A%E 4
7I%o] SARIMA E3o|tt. 2l@2)oll Ad8(m)H 2 FEH EAo] vtgd RPSE & 5 JUth

g
1=}
o

AR[]l/fA(p,d,q)(P, D, Q)m ............................................................................................................. (4)

p is the order of nonseasonal autoregression
+ d is the degree of differencing
+ ¢ is the order of nonseasonal moving average of the error
-+ P is the order of the seasonal autoregression
+ D is the degree of seasonal differencing
+ @ is the order of seasonal moving average of the error
+m is the number of observations in the year(for yearly seasonality)

ARIMA 233} 71 & Aol & Hole BEES AEAG F71(m)7F 9=l Adoke Holoh FA44E o
2(5)eF 2ol 28 QU
b (BS)@I,(B) (1—B)'](1—BS)DY,, — (1+ HQ(BS)H (B)st ........................................................... (5)

P q

2(5NA = LAFaH(aka., white noise), B F& FAArOIH, TeF wFF HolH F717F dolgd 2
< o 20 Zol 28F F Stk

(1_@1))(1_@1312) (1_3)(1_312) y, = (1+913) (1_;'_91312)8[ ................................................. (6)
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<Fig. 2> Results of the 201772019 ftraffic volume <Fig. 3> Results of the 201772019 traffic volume
survey(After calibration data) survey(Before calibration data)

<Fig. 2>9] 7% ‘VTOTAL’°] B4 Fof d¥ AALS YERNH, <Fig. 3> ‘VTOTAL R 24 79|
tolEl & ofugith. B4 de] dHolHe| @] 2% FIHE AuRd 201793 2018d =0l = AFH o] v
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<Fig. 4> Detection of anomaly data
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Traffic per hour, 2010-2020
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=° = o = o = =
Dates

<Fig. 5> Traffic volume survey results by time slot from 2010 to 2019 (data after calibration)

B AdToAE 2y 284 A8 Jheds S ASE] sk 20109 7E 2019 AP wF
F EolHE &t on, I HolEe} viVIAR By 75 Al 71 P2 BA o] HolH

(ground truth) &2 AASI, o] & v o2 YA AS(raw data)e] oY 2R, 25 BA, A nFF dF
H4E st

VTOTAL

20000 A
10000 A

2017-012017-052017-092018-012018-052018-092019-012019-052019-09

15000 -
& 10000 1

2017-012017-052017-092018-012018-052018-092019-012019-052019-09

nd

1000

Seasonal

2017-012017-052017-092018-012018-052018-092019-012019-052019-09
10000 hd

4 'Y
0
2017-012017-052017-092018-012018-052018-092019-012019-052019-09

<Fig. 6> Identify trends, seasons, and residuals in traffic data

Resid

V. SARIMA ¥4 ZA3}

Box-Jenkins®| 37 WHES F3) FoiA vl A3t AAE 2 At 1A, asF b
olH o] F714, AN, FAA, A 54& <Fig. 63 o] A3 Hglt
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L Step1 Step2 Step3
stationarity }—‘ identification | | Estimation | | Model Diagnosis

- Satisfacton Prediction

No

<Fig. 7> SARIMA Time Series Model Estimation Process

W= thak YA AAE I Fg 62 29A)S BH 20179 &S A 9)EA Alxtol] wel wE o] H
WA FFH o eI Q= As & F Aok T3 AAE vlolE e Ak D™ Fig 69 4HA)AA 1
g & %ol EAE o] YA @ RS FR15 ] Heteroskedastic(©]24HY) AE fle AS=E At
HAA 1A 73 FoE & AolE HolA| ot A AALYS AT AT AN 15O E Fof
HA Eahs AVGBEARSE A E Hostr] k] 2717483 (Autocorrelation funtion, ACF), HA}7]
3384 (Partial Autocorrelation Function, PACF)E &3l A 4F ¢tol ghEe] HAS=AE EU3IA

A3 FHE 93 Ljung-Box(LB) HIZEE F3adon 9 &) 0.1 °]3kel 0,042 Yeh} A7)4
#He 3A Yl AoZ st mEkA F/HAQl 2 Ak AR JAS FA5HA 43 SARIMAS] 3

A g HE HFAAHE E83 Auto grid searchings F3) =E3H4th 289 AHES dAdsly] 38t
o] AIC(Akaike’s Information Criterion) 7| %, BIC(Baysian Information Criterion) S, #2Ad A4 5& 1
Aot By HA sen|HE ARSI A= <Table 3>7 2T

<Table 3> The Optimal Parameters Estimation Results for the SARIMA Model

Model: SARIMAX (4,1,3)(4,0,3)12

Type Factor SE Factor P>[7|

AR (Time lagl) -1.1503 0.041 0.000
AR (Time lag2) -0.1593 0.051 0.002
AR (Time lag3) 0.0759 0.061 0.210
AR (Time lag4) -0.2939 0.040 0.000
MA (Time lagl) 0.7886 0.035 0.000
MA (Time lagl) -0.6714 0.034 0.000
MA (Time lagl) -0.7927 0.034 0.000
AR Season (Time lagl) 0.2791 0.309 0.367
AR Season (Time lag2) 0.0555 0.353 0.875
AR Season (Time lag3) -0.7049 0.296 0.017
AR Season (Time lag4) -0.1349 0.049 0.006
MA Season (Time lagl) -0.3960 0.307 0.197
MA Season (Time lagl) -0.0459 0.372 0.902
MA Season (Time lagl) -0.7397 0.316 0.019
AIC 6983 Ljung-Box(Q) 0.04

BIC 7068 Log likelihood -3201
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<Fig. 8> Predictive Results for Model SARIMA (4,1,3) (4,0,3)12

2 vlebu]E 239 SARIMA®4,1,3)(4,03)12 23S 283 n5F o= = <Fig. 8>%} ¢t} <]
¥ 7}A E+ Mean Absolute Percentage Error(MMAPE)E &-83l ZA3tgon ol AAgH dS3hS vlwst
= Az B F 9ok

MAPE = miabs(m) @)
noi=1 Yi

i

f(x,) is predicted value

y,; is actual value

x; is independent variable (time)
n is number of observation

T 15% A= MAPES HolHW ¢33 52 Btk FF dF dool A
$7] AZo ] HAYE 2019d0]H, o= 7]

vi. 2 &
olE 43 2 A% Aol ZAEUA Thka Bopol A HolE] s)uk BAjo] #us) o Fol 1 Q.
E3) = AlzElo] ANz $31HE A HolE e ME} ol FRE 69 DA ek
ool weh AAY wlolE o] AGIG F7140] DoiAAY BatalA s thF AL YehisE @
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