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Abstract. In order to model traffic stream speed resulting from complex interactions among different vehicle 
types in a heterogeneous/mixed traffic volume, an Artificial Neural Networks (ANN) approach is exploited. 
Two different categories of ANN model are attempted based on input vectors used. The performance of both 
categories of ANN model is evaluated using traditional evaluation framework. In addition, relevant logical test 
is carried out with both categories of ANN model. It is shown that selection of suitable input vectors and carry-
ing out of relevant logical test are the two essential components for ANN model development process. 
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1. Introduction 

The rapid growth of traffic congestion on urban 
roads has become a major concern to transportation 
professionals. The growing congestion level and 
resulting additional time, fuel cost, environmental 
degradation etc. have forced transportation profes-
sionals to think of innovative traffic engineering and 
management measures for mitigation of congestion 
on urban roads. An advance would be the ability to 
estimate the traffic state at present/future time slices 
and if this state was estimated to be congested, suit-
able traffic management and control measures could 
be formulated. Hence, an accurate short-term traffic 
parameters’ estimation has become a crucial step in 
overall goal of better road network management 
especially when substantial change of traffic condi-
tion is perceived over a span of analysis time. The 
accuracy in estimation of traffic state becomes a 
challenge especially for heterogeneous traffic condi-
tion because of the complex interactions among 
different vehicle types.  

The purpose of estimating present traffic state 
is to determine different traffic flow parameters in 
the present time window, using causal parameters of 
at-present time window. Stream speed resulted from 
mixed traffic volume is a fundamental traffic pa-
rameter, and the estimation of the same is necessary 
for formulating suitable traffic management meas-
ures. Stream speed is also used as Measure of Effec-
tiveness (MOE) for defining the Level of Service 
(LOS) for urban roads. 

In urban areas of developing countries, where 
the same traffic facility is utilized by different vehicle 
types, it is indeed needed to induct techniques of 
artificial intelligence as an alternative approach for 
traffic parameters’ estimation [1]. Among existing 
approaches of artificial intelligence, the neural net-
work (NN) approach is commonly used for traffic 
prediction problems [2, 3]. Use of Artificial Neural 
Networks (ANN) techniques is advantageous as it is 
not necessary to predefine relationship between 
causal input vectors and corresponding output vec-
tors. Also, ANN techniques have the capability to 
simulate any degree of non-linear complexities of a 
system in a more direct way by error minimization 
procedure. Therefore, ANN technique is used in the 
present work for short-term estimation of traffic 
stream speed resulting from mixed traffic volume. 

ANN techniques involve selection of suitable 
input vectors. As there are no established rules or 
guidelines for deciding the type and form of input 
parameters, researchers/ practitioners intuition la-
ced with past experience about cause-effect relation-
ship of the systems' behavior is often used for the 
same. In many cases, established past models’ pa-
rameters are considered as a preliminary guideline 
for selecting input vectors. But this method may 
generate erroneous results because those established 
models might have been developed under certain 
constrained environment for avoiding complexities 
of the system. Therefore, it is also necessary to carry 
out relevant logical test along with conventional 
basic statistical tests (like RMSE, Correlation Co-
efficient) for selecting an acceptable ANN model. 
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In the present paper an attempt is made to use 
an ANN approach for the estimation of stream speed 
in a heterogeneous traffic system based on present 
traffic condition in an urban mid-block. Stream speed 
at-present time windows is modeled using logical 
causal parameters like composition of mixed traffic 
system, and vehicles’ static characteristics (i.e. vehi-
cles’ physical dimension/ characteristics). 

2. Background 

In the last decade, a lot of works have been done 
especially in the field of short-term traffic parameters 
forecasting for immediate future time windows based 
on traffic condition of present and a little past time 
windows. A wide range of approaches has been ap-
plied depending on type of data available, forecast 
horizon and end-use of forecast. Significant works 
have been done to develop responsive urban traffic 
control systems [4–8] including traffic parameters’ 
estimation/prediction. Prediction models have also 
been developed based on spectral analysis, time series 
or temporal type approaches [9, 10], Box-Jenkins 
analysis and Kalman filtering [11, 12].  

NN approaches have also been used advanta-
geously for short-term estimation/ prediction of traffic 
parameters [3, 13]. Back-propagation of NN for fore-
casting of traffic has been used by researchers [14, 
15]. Back-propagation of NN was also used to make 
short-term forecasts of traffic flow, speed and occu-
pancy in the Utrecht/Rotterdam/Hague region of the 
Netherlands [15]. A straightforward application of 
NN is possible for forecasting of traffic flows along a 
motorway link [9]. All these works strengthen the 
application of NN approach in estimation of traffic 
stream speed in a mixed traffic environment. 

3. Database 

In order to demonstrate the methodology for 
studying the effect of mixed traffic volume on stream 
speed, an urban mid-block section, M. Karve Road 
in Mumbai Metro city, India is taken as the case 
study. M. Karve road is a four lane divided road with 
7.0 m carriageway width in one direction. Classified 
traffic volumes and corresponding speeds of differ-
ent vehicle types on one side of M. Karve road are 
recorded using Video-graphic technique. Although, 
speed and traffic volume data are extracted for every 
minute interval, the data for an interval of 5 min. is 
used for the present work after carefully observing 
the scatter of speed-flow data and the variation of 
estimated maximum hourly traffic volumes with dif-
ferent durations of counting (i.e. 1 min, 2 min, …, 
15 min). It may be mentioned that traffic on the 
study road was operating predominantly in the sta-
ble flow zone i.e. covering the range of Level of Ser-

vice from A to E. Therefore, traffic stream speed is 
also modeled only for the stable flow zone. 

In the present study, four different vehicle types 
are considered, namely, Heavy Vehicles (HV) (i.e. 
the combination of buses and commercial vehicles), 
Old Technology Car (OC), New Technology Car 
(NC) and Two-Wheeler (TW). The physical plan 
area considered for Heavy Vehicle (HV), Old Tech-
nology Car (OC), New Technology Car (NC) and 
Two Wheeler (TW) are taken as 23 m2, 7.82 m2, 
5.47 m2, 1.44 m2 respectively. 

During the last decade, several new models of 
passenger cars have been launched in Indian market. 
These cars are called as “New Technology Cars”. In 
general most of these cars are smaller in size with 
superior speed capabilities and accelera-
tion/deceleration characteristics as compared to 
traditional cars, which were dominating the Indian 
market in the past [16]. The traditional cars, which 
are still in use (especially as hired taxi), are referred 
to as “Old Technology Cars”.  

A refined dataset with 330 data points, each 
representing 5-minute traffic state, is used for esti-
mating stream speed in the stable flow zone. Classi-
fied traffic counts, composition and physical charac-
teristics of different vehicle types are used for the 
development of ANN model. The stream speed is 
calculated based on weighted speed of individual 
vehicle type. 

4. Modeling stream speed using ANN 

Standard back propagation algorithm is used 
for training neural network, which is of feed-forward 
type. Two different categories of ANN models are 
attempted based on the type of input vectors used. 
From the traditional speed-flow relationships it is 
established that for a roadway and control condition, 
the speed of traffic stream depends on total traffic 
volume [17, 18]. As traffic volume increases, the 
speed is reduced. However, the nature of reduction 
of stream speed with increase in traffic volume also 
depends on the characteristics of traffic stream na-
mely the composition. Therefore, in the first cate-
gory ANN model, total traffic volume (in number of 
vehicles) and composition of different vehicle types 
are used as input vectors for the modeling of stream 
speed. As four different vehicle categories are con-
sidered, a total of five input vectors is used for the 
development of ANN model. 

In traditional speed-flow relationships, the traf-
fic volume is normally expressed in terms of Passen-
ger Car Equivalency (PCE) by using static PCE val-
ues of different vehicle types present in a mixed 
traffic stream. However, static PCE values do not 
explicitly consider the non-linear effect of vehicle 
volume and its compositional variations on stream 
speed. Therefore, if the traffic volume is expressed 
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in standard prescribed PCE values then the basic 
purpose of simulating the non-linear behavior of 
traffic stream using NN model will be lost, as all the 
volume level inputs to NN will be biased by the PCE 
values. On the other hand, expressing traffic volume 
in number of vehicles, especially in a mixed traffic 
stream may also be inadequate. Therefore, another 
alternative form of NN input is attempted by ex-
pressing traffic volume in terms of equivalent area of 
old technology cars. It may be recalled that physical 
plan area of a vehicle type is a static characteristic, 
while the PCE is a modeled value. Total equivalent 
car volume is estimated using Equation: 
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where: EqV  – total equivalent car volume; HVN  – 

number of heavy vehicles per hour; OCN  – number 

of old technology cars per hour; NCN  – number of 

new technology cars per hour; TWN  – number of 

two wheelers per hour. 
The other four input nodes i.e. proportions of 

four different vehicle types are taken as volumetric 
share of different vehicle types in total equivalent 
volume. Therefore, in the second category of ANN 
model, total equivalent volume and volumetric share 
of each vehicle type are used as inputs for modeling 
the stream speed level. For both categories of ANN 
models, several alternative ANN architectures are 
attempted by varying number of hidden layers, num-
ber of nodes per hidden layer, initialization of 
weight matrix, learning rate, momentum factor, nu-
mber of training cycles etc. Suitable values of all 
these parameters are determined through trial and 
error process, which essentially consisted of increas-
ing and decreasing the parameters unless a com-
paratively better model than the previous one is 
obtained. For training purposes 258 training pat-
terns are used whereas for testing the remaining 72 
patters are used. For validation purpose, model out-
puts are compared with both known as well as un-
known patterns using different basic statistical 
measures such as RMSE (Root Mean Square Error) 
and Correlation Co-efficient. 

After developing and comparing several mod-
els, a 5-3-1 (i.e. 5 input nodes and 1 output node 
with a single hidden layer of 3 nodes) ANN architec-
ture is accepted for the first category of ANN model, 
whereas a 5-4-1 ANN (i. e. 5 input nodes and 1 out-
put node with a single hidden layer of 4 nodes) ar-
chitecture is accepted for the second category of 
ANN model. The training as well as testing per-
formance of the best-selected ANN model under 
each category is given in the Table. It is found that 
there is no significant difference between the two 
categories of ANN model in terms of RMSE and 

Correlation Coefficient. A further investigation is 
carried out with the two apparently comparable 
ANN models by observing modeled speed levels at 
incremental traffic volumes. Modeled speed levels as 
obtained from both the ANN models are shown in 
Fig 1. It is observed from Fig 1 that the variation of 
stream speed with traffic volume as obtained from 
each category of ANN model is logical though the 
first category of ANN model is a bit unable to simu-
late the speed level at very high traffic volume. The 
composition of traffic stream used for studying the 
speed-volume relationship included 9.57  % HV, 
51.58 % OC, 13.40 % NC and 25.46 % TW.  

 

Training and testing performance for ANN models 

Best selected first 
category ann model 

Best selected  
second category  

ann model 
Basic 

statistical 
tests On  

training 
patterns 

On test-
ing pat-

terns 

On  
training 
patterns 

On  
testing 

patterns 

RMSE 1.907423 1.966647 2.059474 2.16912 

Correlation 
co-efficient 

0.97063 0.960865 0.964612 0.951291 
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Fig 1. Variation of speed with base traffic volume 

5. Logical test 

A logical test is carried out with the two appar-
ently comparable ANN models to understand if in-
teractions among different vehicle types in a mixed 
traffic stream, as captured by two different ANN 
models, are logical and meaningful. At a given vol-
ume level and composition, speed damage is defined 
as the reduction in stream speed caused by marginal 
increment in traffic volume by a vehicle type. There-
fore, speed damage depends on type of vehicle un-
der consideration. In estimating speed damage, the 
composition of traffic stream before marginal in-
crement is kept the same as used for the develop-
ment of speed–volume curve. With the same base 
composition, speed levels are estimated at different 
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traffic volumes ranging from 500 to 3250 vehicles 
per hour with an increment of hourly traffic volume 
by 250 vehicles per hour. For each base volume, 
marginal increment in total traffic volume is done 
separately by each vehicle type present in the traffic 
stream. As modeling of stream speed is based on 5-
min traffic data, marginal increment in a base vol-
ume implied addition of 12 vehicles of a type in the 
hourly traffic volume. The reduction in stream speed 
at different base volume levels due to the marginal 
increment in volume by different vehicle types are 
observed separately using each ANN model. Speed 
damage ratio of each vehicle type with respect to old 
technology car (i.e. speed damage caused by a vehi-
cle type to speed damage caused by old technology 
car) is estimated at different base volume levels.  

The speed damage ratio of heavy vehicle with 
respect to old technology car at different base vol-
ume levels, as obtained from each ANN model is 
shown in Fig 2. It is well known that heavy vehicles, 
in comparison to old technology cars, are more det-
rimental to traffic stream at higher traffic volume 
levels. Therefore, with an increase in traffic volume, 
speed damage ratio of heavy vehicle should show an 
increasing trend. Fig 2 clearly shows that while the 
second category ANN model has logically captured 
the same, the first category ANN model has failed to 
do so. A similar investigation is made on speed dam-
age ratio of new technology car as well as two-
wheeler with respect to old technology car. Fig 3 
shows that for new technology car, the variation of 
speed damage ratio with traffic volume level, as ob-
tained from the second category ANN model, is 
more acceptable and compatible to traffic engineer-
ing perspective and judgment. Similarly, the speed 
damage ratio of two-wheeler with respect to old 
technology car, as shown in Fig 4, indicates that the 
second category ANN model is more acceptable to 
traffic engineers. It could be noted that traffic engi-
neering perspective and judgment may play a vital 
role while carrying out such logical tests for compar-
ing the performance of two different models at this 
stage. A more formal comparison in terms of the 
closeness of modeled outputs with observed field 
data may not be possible while carrying out such 
logical tests. Fig 2, 3 and 4 altogether show that the 
second category ANN model has captured the inte-
ractions among different vehicle types in mixed traf-
fic stream, in a much more logical and acceptable 
manner than the first category ANN model. 

The logical test carried out clearly shows that 
although traditional statistical validation procedure 
indicated nearly similar performance of two ANN 
models, it is only the second category ANN model 
that has captured the interactions among different 
vehicle types in the mixed traffic stream in a logical 
and acceptable manner. The first category ANN 
model produced the stream speed with an accept-

able accuracy for the dataset used in training and 
testing. But, it has not been able to capture the 
interactions among different vehicle types in a logi-
cal manner, and therefore should not be used for 
formulation of traffic management policy meas-
ures in mixed traffic environment. Although traf-
fic engineering perspective and judgment played a 
vital role at this stage, it  is  shown as  an  essential 
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Fig 3. Speed damage ratio of new tech. car w. R. to old 
tech. car at different base traffic volumes 
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step for ANN model development process. The 
needs for using suitable input vectors laced with 
carrying out of relevant logical test are the two ma-
jor aspects highlighted in the present work in rela-
tion to ANN model development process. 

An ANN model tries to correlate the input vec-
tors, specified by modeler, with corresponding output 
vector in an error minimization procedure. The basic 
difference of two ANN models attempted in the pre-
sent work, is the way the input vectors are defined. 
Physical dimensions of different vehicle types, used 
judiciously in defining input vectors, helped the sec-
ond category ANN model to explain the variation of 
speed with both traffic volume and vehicle types in a 
logical and acceptable manner. Therefore, right selec-
tion of input vectors and their right forms play a piv-
otal role in ANN model development process. Finally, 
it is shown that logical test is useful to judge the ac-
ceptability of an ANN model for the estimation of 
stream speed in a mixed traffic operation. 

6. Conclusions 

An attempt is made to develop a logically ac-
ceptable ANN model for estimating the stream speed 
resulting from complex interactions among different 
vehicle types in a mixed traffic stream. Two different 
categories of ANN models are developed, which are 
found to be comparable in terms of their perform-
ances during conventional training and testing proc-
ess. The fundamental difference between two models 
is the nature of input vectors used. A further investi-
gation is made on both categories of ANN models by 
carrying out relevant logical tests to understand the 
rationality of the relationship captured in models. 
Through logical test, it is found that while the second 
category of ANN model has captured interactions 
among different vehicle types present in mixed traffic 
stream in a logical and acceptable manner, the first 
category of ANN model has failed to do so. ANN is a 
powerful computational tool, which can also be used 
advantageously for traffic engineering applications. In 
the present paper, ANN is applied successfully for 
estimating stream speed resulting from complex in-
teractions among different vehicle types in a mixed 
traffic stream. However, the experience gained from 
the present work highlights the need for using suitable 
input vectors and carrying out relevant logical test 
apart from conventional testing, before accepting an 
ANN model.  
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