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Abstract

Travel time prediction is an indispensable to many advanced traveler information systems(ATIS)
and intelligent transportation systems(ITS). In this paper we propose a method to predict travel time
using Na ve Bayesian classification method which has exhibited high accuracy and processing
speed when applied to classify large amounts of data. Our proposed prediction algorithm is also
scalable 1o road networks with arbitrary travel routes. For a given route, we consider time-varying
average segment velocity to perform more accuracy of travel time prediction. We compare the
proposed method with the existing prediction algorithms like link-based prediction aigorithm [1] and
Micro T+ aigorithm [2]. it is shown from the perfermance comparison that the proposed predictor can
reduce MARE {mean absolute relative error) significantly, compared with the existing predictors.
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Velocity Class Prior Probability Measure (C)

Input: Velocity Class attributes c& C

Output: Velocity Class Prior Probability (PMc) and Velocity Class
Count(c .count)

{
1) Total Tuple = ft/
2) for each class attribute c& C do
3) for each tuple f in database do
4) if Contain(t ,¢/ then
5) c. count ++;
6) end if
7) end for each tuple
8) end for each ¢
9) for each class attribute c& C do
10) PMclc] = c. count /tt;
11) end for each class
12) return PMc;
}

Procedure Contain (t, ¢/

{
13) Let S=c | c€ C
14) If S &t then return 1 else return 0;
15) end if
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Velocity Class Posterior Probability Measure(X, C)
Input: Road Segment Ids with Start Time Group and Velocityv Class

attribute

Output: Maximized Posterior Probabilitv of Velocityv Class attribute

X={*1 X2 | x; € Road _ Segement _ List z5d x, € Group}

Maximize Velocity Class (PMXc);

1)
2) for each ¢ € C do
3) for each x € X do
4) Mxc= ¢ ;
5) for each t in Database do
6) if c & t&& x £ t) then
7) xc. count ++;
8) Mxc = xc. count/c. counts
9) end if
10) end for each ¢
11) end for each x
12) end for each ¢
13) for each ¢ € C do
14) PMc = Velocity Class Prior Probability Measure (c);
15) CPMXc =1;
16) for each x € X do
17) CPMXc *=Mxc
18) end for each x
19) PMXc = CPMXc * PMc;
20) end for each ¢
21) High _ Velocity _Class =
22) return High _ Velocity _Class,
A8 2> 5 2 ME
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Travel Time Prediction (Start. Time, Road. Segment _List, C)

Input: Start_ Time gives start time for initial road segment.
Road _Segment _List contains all road segments from origin to
destination. C contains all Velocity Class

Cutput: Display predicted travel time for every road segment from origin
to destination

——

1) Group= Convert Start. Time to Group:

2} for (i=0; Road. Segment _List!=NULL ; i++) do

3) X.road _segment _id = Road_ Segment _List .[D;

4) X.group = Group,

5) High_ Velocity. Class = Velocity Class Posterior Probability
Measure (X.C);

6/ End _ Time = End Time Measure (X, High _ Velocity _Class);

7) Group= Convert End _Time to Groups

8) Answer = \U End _Time;

9) end for

}

A8 3 FY AP ox ¢nBE

AZICE - Ao FEE FHle EE = A €185 (End Time Measure Algorithm)2
2 7o tidl, #9 mEg vEcio 9oy =8 THSI rhedim &), oA FHDY & Al
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Algorithm) S LIERACE 39 BE &% 2 T AZE AR oE
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End Time Measure (x, ¢/
Input: Road Segment Length and Highest Probable Velocity Class
Qutput: End time of a Road Segment

1) Cyr =f{cy, c3,0. .- For AN

2) for i =1: | <= k; i++) do

3 if (¢ == Ci) then

4) Velocity = Cj.average _ velocity .
5) End _Time = x-length/ Velocity ;
6) end if

7) end for

8) return End _Time

}
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NN

o]

g £ 3 A 5 A 18 48 BHEE =15t
ot =8E HolHE AYE, QA8 BEREAY

th 5% HolHE 7YCE A 1 28 R
o} 2 RAKE ol AR AHE WQsich(11] B
==l Ae sie 8471 ARS3SHe 3000748 AE
£ J48313it. d8e 98, 3979 Enig glolH
£ E4 HolHE ARSI en, 2870 Egy o
OlH = HAE HolHZE ARSI X Al &
g A7l = 308T 60 29 AlHES TE sk
TS E2 AT 382 1A G992 28Enh
&H 457 tE22E Chen at al[1]olA]
Aeret B 3-71dHlink-based) 12IE1}, Micro
T=[2] LANTEE ASIACL
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4.2 SyntheticBIOIE JEE S8 45 7

<8 6> <8 7> B <FE 459 <FE 5>
il AICERE 242 302 6089 ARIE I
IS o, 4 =8 Al oS SuBIESY s
A Z2IE LB 23 SAIRE 2F 2AI71A,
Aotshs YUEIE2 fFg-7H &81ER Micro
T+ @185 Hl3 258 452 LTk A
gt duEES @8 AT AR 308 AR
A HAolY BQ HHEAREZ 458 HoFn,
AZ7E 602 AT TE F o E QIeES
of HId £2 452 Helt). o g3-7)g &1l
Z1Z0 AL, Micro T+ LS Blal <zt &
A 458 Haoh

@Rtk gaals

RS- RES

e Mico T g mel 3

E- )

<13 6> MARE (AlX} =308, Synthetic H|OE)

(E 4> MARE (MXt =308, Synthetic HJO|H)

Time NBC Link Based | Linear Regression
800 AM 0 0.18693 0.20281
10:00 AM 0 0.05315 0.05315
12:00 PM | 0.10143 0.0658 0.18986
2:00 PM 0 0.125 0.125

BxeelE @l
EEESITTURCT-

mMico T ¢ 215

MARE

> & >
\a 3 \3
®§ 0& K

BHAYD

<J8 7> MARE (AlX} =60%, Synthetic OO|E)

(# 5> MARE (AlX} =60&, Synthetic H|O|&)

Time NBC Link Based | Linear Regression
8:00 AM 0 0.12268 0.1528
10:00 AM 0 0.13413 0.13474
12:00 PM | 0.17989 0.04318 0.13486
2:00 PM 0 0.09286 0.09286

<O8 8> ZF g At o= ¢l EY B
MAREE UEACE AlxIZE 308 B2, ARt
6029 mHErt MAREZF 42%Lt 2489 &
M ARSERE AXE 3089 22, g3
LTS Micro T+ L1BIEol vld 22 75%
9} 81% MARE Z4E LiERACh E3F S Al
OEEE ARV} 602Y 2R RAG 45 B
7t 212 2oFEn, 3-8 g1uB1ET Micro
T+ LB Sal vig 242 58% ¢ 65%% MARE
448 UERACH

| ametsic wnald
01 I D@a-siwgneln
wMicro T" @ 2(F

0.04 : %

AlxHGE)

<13 8> o MARE (8AM~2PM)
4.3 Real HJOIEl J{E B8 Hd= BI)

A A2 @A A~ 2F 64] Alo|9] HAE
UM, ol8 1A7 @92 S7IAZIH MAREE
ZZ89Th <O" o <" 10> 2 AR}
E 3087 608CE JIPE Wi, AVIK dE &1
BIEEd Ui 45 Ert 1€ UERITHL
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@‘;} @‘f f} &‘S @‘f} @‘Z @‘fr &“‘: @q‘b @‘fr &"

LTSk

<d8 9> MARE (ARt =30, Real O|0O|H)

oM woAE
=R SR InE1F -4

MM T e E

<18 10> MARE (AXl =60%, Real HIO|E)

Aeisk= aig|so] 3719 @185 Micro
T+ TEiE0) didl BAECE 245 458 HOl
=3 I-IIQJ’E}: %31131594 AR Ha F0 ERT A

AIRHE)

<J8 11> B3 MARE (8AM~2PM)

<8 11>€ AV & Laplse BYE
MAREE UERATE Alzt7l 308 € m, AQoksh=
LT E, BI-7E EIAE, Micro T+ LTS
9] MARE= ZH} 0.00764, 0.00927, 0.01269

olth. mWtA AQlshks LaidlEe g3 7E il
E}E] g 17%, Micro T* €T|Eol Hidl
39% d80] FAEUCE AR7E 60% Y AR

F RAR 855 UED, Aste L1l
MAREE @3-7)8F ¢gSoll g8 16%,
T+ QTEIS0 H& 31% Zd4HEUATE w2ty A
Clsh= QIEIEol UE £ 38 A dE g
Eoll vist &80l STt

Micro

5. FE o ¥% o3

3 % A8t FEHoI FE Jhstt T Al dE
7] AOHSIZTE ®etshs HHE A

ol EHEH T8 AlZEE o 58 & U ot ouiek
Naijve Bayesian 2738} 7I¥H 2 AIEslY, &% +
7 B 7 SEE SESeEN Hr ZElsl £
8 ANE dEE 4 Aut. A JIHE syntactic
2 real HOIH HEE ARESIC], /&0 HQHE =
8 A oz 21e1E0 @3-71EHlink-based) &
1gE 2 Micro T+ SEIEN 858718 +d6)
Ftt. Hs 8 An, Aok 4algiEol
syntactic BIOIE HH] AL 42~81%, real HO|
B @80 22 17~-31% MAREZUHA &s0|
PrEle Yt 8% ATEE, blolH 2RA A
HOAIZHEDE ohiTh =8 QUK sl = Al
e d &8k Aolth

Acknowledgments
Faosing) AE Hole 848718 A

ALl o2 AMESIESE  slEEiFA Rishl
| OI71& wgAl BAIEGUIT

1o

References

1. Chen, M., Chien, S. ,
travel time prediction using probe vehicle
data: Link-based vs. Path-based..”

“Dynamic freeway

Journal



42 SRINYRA|AHES|=EX] | H10H H3= 2008.9

of Transportation Research Record, TRB
Paper N 0. 01-2887, Washington, D.C., 2001.

2. Kwon, J., Petty, K., “A travel time prediction
algorithm scalable to freeway networks with
many nodes with arbitrary travel routes.,”
Transportation Research Board 84th Annual
Meeting , Washington, D.C. , 2005.

3. Chun-Hsin, W., Chia-Chen ,W., Da-Chun ,S.,
Ming-Hua,C., Jan-Ming, H.,

Prediction with Support Vector Regression.,”

“Travel Time

In: Proceedings of [EEE Intelligent Transportation
Systems Conference, 2003.

4. Park, D., Rilett, L., “Forecasting multiple-
period freeway link travel times using
modular neural networks.,” Journal of
Transportation Research Record., vol.
1617, 1998, pp.163-170.

5. Park, D., Rilett, L.

networks for real-time travel time forecasting.,”

“Spectral basis neural

Journal of Transport Engineering, vol.
125(6), 1999, pp.515-523.

6. Kwon, J., Coifman, B., Bickel, P. J., “Day-
to-day travel time trends and travel time
prediction from loop detector data.,’
Journal of Transportation Research Record,
No. 1717, TRB, National Research Council,
Washington, D.C., 2000, pp. 120-129.

7. Zhang, X., Rice, J.,
Time Prediction.,” Transportation Research
Part C, vol. 11, 2003, pp. 187-210.

8. Van der Voort, M. Dougherty. M.,

Watson, S., “Combining KOHONEN

maps with ARIMA time series models to

“Short-Term Travel

forecast traffic flow.,” Transportation
Research Part C, vol. 4, 1996, pp. 307-
318.

9. Rice, J. , Van Zwet, E.
effective method for predicting travel

[EEE Trans.

“*A simple and

times on freeways.,” In

Intelligent Transport Systems, vol. 5, no.
3, 2004, pp. 200-207.

10. Han, J., Kamber, M. , “Data Mining: Concepts
and techniques.,” Second Edition, Morgan
Kaufmann publishers, 2006.

11. 88, Z8E. O71F, “A37 RAMEE 9
50 TF HEQH A9 RAISH A AM”
SR RER B =824, vol. 13D, no. 03,
2006, pp. 0337-0346

= kok-
20049 M =Ecyst
20064 ®=0i
20069 " Ex M al
T 2o B HiojEHio| &, F7H Mol JXE, GIS
E-mail : jhum@dblab.chonbuk.ac.kr

o]

uste i@ 2242
20049 Chittagong Univercity of Engineering &
Technology (E8A})
2006 ~3M MEHety CHEHd HAFHS
U B
> dlolg{ notoldd
el Yo E
nihad@dblab.chonbuk.ac.kr

i

o AAL

A ZOF

St Hlolgtol~, el

E-mail :

olE=x
20068 MSCHstn #HF
2008 M= & g
2008~ MRS L hotd AFJEHS
g
2 Z0F 1 HIojE Ojold,
Mol =

E-mail : hjlee@dblab.chonbuk.ac.kr

&t HIO|Es| 0], XA

—

N

19861 =B g FAE(S A AL
1991¢ =287 ®Ash(SshetAl)
19969 ~19974  Univ. of Minnesota, Visiting
Scholar
2003 ~2004% Penn State Univ., Visiting Scholar.
19913~ Meistn ZAEHSE} e
2SO0 ¢ ZZF U ERZ diojEdo]la, AZEQIA,
SHREXMETE

E-mail @ jwchang@chonbuk.ac.kr



Na ve Bayesian HMES} 7| 0188t AIZIHE B2 72 & J[0 =Y A7 ofiy SI2HE 43

des
19954 MSchstn HRE S8 D} A
19970 MECLHEW e ZFESEN (SEMAD
1999 MECistn Het@ HRESEa ¢
ey
1999 ~&8 X E3HE 27
B FOF AR HM Xg FE M I 7 oy
Hjof&
E-mail : yjkim@dblab.chonbuk.ac .kr



