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¥. Support vector machine (SVM)
8. Nearest neighbours
#. Decision tree
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) .Autoregressive integrated moving average
y. Seasonal autoregressive integrated moving average
v. Artificial neural network (ANN)
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Feature Name

Description

Season

Including spring, summer, fall, and
winter

Solar month

Including 12 solar months

Lunar month

Including 12 lunar months

Day of a solar month

Including 29-31 days of a solar
month

Day of a lunar month

Including 29-30 days of a lunar
month

Time of day Including 24 hours a day
6  hours before | Equal to 1 if it is 1 to 6 hours
holidays before holidays
6 hours after | Equal to 1 if it is 1 to 6 hours after
holidays holidays
Day or night Including day and night
Number of holidays | The number of sequential holidays

. Includes 1 for holidays and 0 for
Holidays

other days

Holiday type Type of holidays
Holiday in three | Equal to 1 if three days later is a
days later holiday

Type of holidays in
three days later

Including the holiday type of three
days later if it is a holiday,
otherwise equals 0.

Holiday in three

days ago

Equal to 1 if three days ago is a
holiday

Type of holidays in
three days ago

Including the holiday type of three
days ago if it is a holiday,
otherwise equals 0.

Holiday in two days
later

Equal to 1 if two days later is a
holiday

Type of holidays in
two days later

Including the holiday type of two
days later if it is a holiday,
otherwise equals 0.
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Table 2. Statistical description of train and test datasets

80

60

g S g

40

20

(Cele p feelS)

0 500 1000 1500

(Celo padis dlewg) Sl g

Fig. 1. Histogram of average speed and traffic volume changes
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Holiday in two days
ago

Equal to 1 if two days ago is a
holiday

Type of holidays in
two days ago

Including the holiday type of two
days ago if it is a holiday,
otherwise equals 0.

Holiday in a day
later

Equalto 1 if a day later is a holiday

Type of holidays in a
day later

Including the holiday type of a day
later if it is a holiday, otherwise
equals 0.

Holiday in a day ago

Equal to 1 if a day ago is a holiday

Type of holidays in a
day ago

Including the holiday type of a day
ago if it is a holiday, otherwise
equals 0.

Weather condition

Including sunny, rainy, and snowy

Blockage

Blockage of the road by police

Blockage of the
opposite direction

Blockage of the opposite direction
by police

Table 1. General description of variables in the database

(Judans Glagg) sl e 5 edipd s S Sla e > 4
Ol G Liloas iy a5 ( _als) Sastlos oy somt W iz ol
W v.a\fe ol layate Sl eslaad Ul )le Jue ol
Sl 5 0k L it Sl o g Fal ) s 50 90 (s
S oo s 5L 658 Glaedisly 4 adde sty

JL)‘}AT o3l3 Q‘jﬁo‘b \Y4v JL..»: J}jﬂ BE ol ‘_;)‘5]@;.- o3l3
“ \YAA JL..»: S oo £ BE ol LQ)}T(:“’.' o3ls 9 LQJ.LA
BE Q‘}A)i oals )‘ sl ol enlaul Lhd.l.a u}a)i o3ls Q‘jﬁo
oslital 5550 o3ls ol oS eslinal adde 33sel dul
V- S s s SaSann fad Ol i Sl o3l a by
L}S:.‘?\JJLQLQJ?*JJJ.'LQJJ\Jﬁbw‘\cawul}ﬁ;‘o)b)}‘jw\
)L:&A &J\qul B U’-:’<'L~w Olaalie sluss (Y) J}J} .JJ\JJ
= QLL; ‘)fu)}aij Q)A)T oals &:g.ﬁ LE \) é}‘j LSL&_):";"‘
5 gt S Sl ol S s (1) S e s
.MJ& olid b ealaa! S48 e:\;JS‘_;\f. b &:3\‘,-' =

Qjﬂ)T B m)jﬁ] Ls\.ha}l: AL game d)\.ﬂ] Sledbl LY d}u\?

v. Moving average
f. Autoregressive moving average

Traffic volume Average traffic
Number of speed
Data . Standar Standar
observatio
set s Mean d Mea d
deviatio n deviatio
n n
Trai ¢760 6383'8 360.76 493'2 9.23
Test 4380 70;‘ T 35704 477'6 10.06
\. Dummy

Y. Autoregressive
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v. Radial Basis Function

¢

) .Sigmoid transform function
y. Kernel function
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Traffic parameter Traffic Average
volume traffic speed
Augmented Dickey— -23.63 -22.64
Fuller test
Level 1% -3.43
Level 5% -2.86
Level 10% -2.57

Table 3. T statistic in the Dickey Fuller test to determine the
stationarity of the traffic parameters
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Model Traffic Data R RMSE
parameter set

Volume Train  0.839 143

SARIMA Tes:t 0.811 158
Speed Train  0.767 6
pee Test  0.712 8

Volume Train  0.843 107

ANN Tegt 0.820 192
Speed Train  0.782 4
Test 0.753 5

Volume Train  0.937 88

SVM Tes:t 0.837 139
Speed Train 0.876 5
Test 0.769 7
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¥. Total sum of square
8. Augmented Dickey-Fuller

\. Root Mean Square Error
Y. Mean Square Error
v. Error sum of square
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Fig. 2. Changes in speed and volume of observed traffic,
estimated based on the least error model and average
observations
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SARIMA 8.5 8.4 174 166
ANN 9.8 6.1 202 220
SVM 7.7 7.5 169 162

Table 5. Average speed and traffic volume prediction error for
the first and fourth quarter of observations
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Abstract

One of the information needed for all planning problems and specifically transportation planning is to have
accurate prediction about the future. Traffic variables prediction is one of the efficient tools in travel demand
management. Using this tool and advanced traveler information systems (ATIS), the predicted traffic variables
are informed to users and transportation system operators to make plans and set policies. In this study, the
average speed and traffic volume of the Karaj to Chalus suburban road with the high variation of traffic
variables in the north of Iran is predicted. The Karaj to Chalous road is part of the route from Tehran as the
capital of Iran to the country's northern coast. Along the Karaj to Chalous road, three parallel roads, with
different lengths, connect Tehran with the cities of the north. In general, finding the pattern of non-mandatory
trips is more complicated than mandatory trips. Generally, the predictive methods are divided into three
groups, naive, parametric and non-parametric methods. Among the various predictive models, the SARIMA
as a parametric model and the artificial neural network and the support vector machine as nonparametric
models are employed. In the data pre-processing step, the variables affecting the average speed and traffic
volume are extracted and added to the dataset as predictor variables. These variables are related to time,
calendar, holidays, weather, and roads blockage. Also, because of the importance of the maximum and
minimum values of traffic speed and volume, as critical values and rare events, models are evaluated with
emphasis on the prediction of rare events compared to normal values. The results show that, for the test data,
the lowest root mean square error of predicting the average traffic speed and traffic volume are obtained using
artificial neural network and support vector machine models equals 139 vehicles per hour and 5 kilometers per
hour, respectively. In terms of R? of prediction-observation plot, the performance of SARIMA for predicting
the average speed and traffic volume is the same for the test dataset. In contrast the R? of hourly traffic volume
prediction is higher for the training data. The R? of artificial neural network model and the support vector
machine for traffic volume prediction is higher than traffic speed prediction. The lowest root mean square error
of predicting the first and fourth quartile of the observed average traffic speed values is obtained by support
vector machine models and artificial neural network, respectively. Also, predicting the first quartile and fourth
quartile of the observed traffic volume values by the support vector machine model is more accurate than two
other models. Using predicted traffic parameters and providing them to travelers and transportation agencies
by intelligent transportation systems leads to make a balance between travel demand and travel supply in the
near future which is the main aim of this study. Travelers can have a better personal plan for their future trips
based on these predictions. Also, the transportation agencies are more prepared to deal with critical traffic
situations and can prevent traffic congestion.

Keywords: Traffic variables prediction, Rare event prediction, SARIMA, Artificial neural network, Support
vector machine.
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