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Abstract: 

hourly rate using a methodical inquiry over a four-year period 

accurate than the ANN technique. Combination of both the 

data more accurately.

Keywords:

INTRODUCTION

regression model or by applying previously established 

to predict the AADT from short count (i.e. less than 24 

et al., 2013) an attempt 

patterns, and to use these particulars for forecasting 

Moshiri, 2015). There are chaotic and frantic properties 

considered short-term forecasting (Sun et al., 2008). In 

timings, holidays and other periodic events are utilised 

et al., 2010). 

In this study, by applying the short-term forecaster, the 

is obtained from a 2-lane eastbound stretch of the I-494 

in the city are considered (Wang et al., 2006; Cetiner 

et al., 2010; Chiou et al., 2010). Although these studies 

such as India many years ago, so far no such effort in 

this subject has been made in Bangladesh. One of the 

main reasons as stated earlier is the lack of long duration 

complex and intricate in nature as compared to that of 

• The shifting nature of the month of Ramadan and 
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the calendar year.

• During the monsoon season, a substantial portion of 

Since the duration of monsoon is not constant, it is 

• Unusual events such as hartals (political strikes), 

developed countries.

• 

be considered at the same time to evaluate the pattern 

Department, 1994; 2005).

The design considerations and performance evaluation 

et al

inadequately facilitated or over-designed. This problem 

arises due to the unavailability of long duration continuous 

be done and expansion factors or equations can be 

so far providing a good opportunity for the transportation 

short term counts in the North Bengal corridor. The data 

a team of consultants from the Bangladesh University of 

Engineering and Technology (BUET) over a period of 

  Due to the sparse form of short count data from the 

(ANN) and support vector machine (SVM) 

employed to interpolate and extrapolate the short count 

(Yeh, 2004).

et al., 

2002). In the midst of other existing methods in AI, 

et al., 1994; Ledoux, 

Furthermore, ANN techniques take time to process on 

a computer because of its error minimisation strategy, 

techniques have been utilised for short-term estimation 

et al., 1994; 

Ledoux, 1997). Back-propagation of NN for forecasting 

et al., 1996; 

the Hague region of the Netherlands, back-propagation 

et al., 2014). A more direct application of NN is in the 

et al., 1997). Every one of these tasks builds the use 

of the NN approach in the measurement of the rate of 

estimation. Unlike ANN, SVM has a unique solution to 

number of steps. Their success in practice is a result 

of the solid theoretical foundations based on Vapnik-

Chervonenk theory because its abstraction performance 

relies not on the magnitude of the input space. Expert 

users perform many SVM regression application studies 

due to the good understanding of its methodology. 

apply SVM regression is on setting these parameter 

values for a particular set of data, as the quality of SVM 

models depends on a proper setting of SVM meta-

parameters. A serial clustering method based on the 

extended entropy information bottleneck theory has been 

proposed by Yang et al. (2006). This theory is used to 

split a day into different time sections according to the 

to improve the regression precision. In order to gain an 

excellent SVM forecasting model and to understand 

order to improve the parameters of the SVM, a genetic 

algorithm is introduced to optimise the criterion of SVM 

ANN. This is deduced from the experimental results. 

et al

et al., 2007). 
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increased from 5 minutes to 15 minutes and produced 

METHODOLOGY

by the toll collecting authority [Jamuna Operation and 

Maintenance Company (JOMAC)] is continuous over 

hourly data is not continuous over this period. The total 

this hourly data to the daily average data from the toll 

from the BUET consultants’ survey. First, the hourly data 

hours of the missing days. Although the data used for 

Vapnik’s support vector machine (Vapnik, 1995) to 

address the problem of pattern recognition, regression 

problems and the rank learning function. SVMlight 

by Joachims (1998a; 1999a; 2002a). The algorithm is 

assessment of generalisation performance proves to be 

estimation (Joachims, 1998b; 1999b; 2000; 2002a) 

negligible costs. Approximately unbiased computations 

of the results of most leave-one-outs are often exploited 

computation (

2002).

Figure 1: Main interface of the ANN programme used for training 

Figure 2:  

 (Source: 13 surveys conducted by BUET)
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3. Dhaka-North Bengal corridor and 4. Dhaka-Aricha 

road to South Bengal. Different corridors exhibit 

distinct characteristics because of the variations in 

economic activities. All these considerations are to play 

 

public in June 1998. Since then, its operators have 

fashion. Considering that it has taken 6 months for the 

also counted (Rahman, 2002). 

  The selected corridor should not only possess long 

pattern; and also the same is repetitive in nature. Figure 2 

Multipurpose Bridge.

during the surveys repeat a similar nature in the curve. 

This undoubtedly proves the quality of the data and 

characteristics’ analyses and the prediction of ADT 

(abstract data type) at any future date. As such, this set 

of high quality data has been used in this research to 

frames. The data from the 4 corridors are analysed in 

Jamuna Multipurpose Bridge.

  

. The programme uses a general 

input and output data. In this paper, one ANN has been 

used and the data structure is described in Table 1. The 

of the ANN programme.

                          Input                          Output

Year Month Day Hours Hourly  Daily total 

1998 10 24 6 57 2185

1998 10 24 7 67 2185

…. .. .. . .. ….

Table 1: Data structure used for the training of ANN

Table 2: Data structure used for the training of SVM

 Input   Output

1998 10 24 6 57 

1998 10 24 7 67

…. .. .. . ..

 Using the above structured data, the training of back-

propagation algorithm started. It needs quite a long time 

to properly train the data using the interface (Figure 1). 

The learning rate and momentum of the training module 

of the programme can be dynamically adjusted during 

the training session. Here, 24 hidden nodes are used 

training is over, the programme can be used to predict 

the values using existing data patterns.

 

LightDataAgentv21.exe. First, the data is formatted 

data are separated as SVM can handle only one output. 

data are predicted.

RESULTS AND DISCUSSION 

understand the predicting capability of ANN and SVM. 
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for that day over the hours of the day. This should be a 

constant value over the hours as it is a single value (sum 

found that it is not exactly constant in both cases, because 

in data due to the factors discussed earlier. Figures 7 and 

the sudden spike in the data is automatically eliminated.

 In order to determine the accuracy of both methods, 

ANN and measured data, and (ii) predicted data by SVM 

obs
 = 1.380129 

and T
crit

 = - 1.71387. Since T
obs 

> T
crit

, the null hypothesis 

actual data exists. On the otherhand, in the second case, 

that T
obs

 = - 1.0 and T
crit

 = - 1.71387. Since T
obs crit

, the 
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Figure 3: vs hours of a day for the date 

13th February, 1999
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Figure 5: vs hours of a day for the date 

13th February, 1999
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Figure 4: vs hours of a day for the date 

30th May, 2002
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Figure 6: vs hours of a day for the date 

30th May, 2002
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in simulation by SVM and actual data. That means the 

SVM predicted the observed data exactly.

 

  All the predictions of data as presented in Figures 3 

through 8 by SVM is almost 100 % accurate. In these 

simulated points. While predictions by ANN models are 

smooth, it could not capture the sudden jumps in actual 

more accurate.

  The potential of using ANN and SVM models to 

data are plotted.
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Figure 7: vs

of February, 1999)

Figure 9: vs years 

(1999 to 2003)
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Figure 8: vs

of May, 2002)

Figure 10: vs years 

(1999 to 2003)
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CONCLUSION

and predict missing data from the models:

1)  The generated ANN and SVM models can capture 

quite reasonably.

2)  The trained ANN and SVM models can also capture 

3)  The ANN and SVM models predict the variation of 

quite successfully.

4)  Above all, both methods can predict the hourly 

5)  SVM results are more accurate than ANN results in 

all respects.
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