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Abstract

Advanced Traveller Information Systems (ATIS) is one of the functional areas of Intelligent Transportation Systems
(ITS) and it aims at providing real time traffic information to the travellers for making better travel decisions. This
information would be most effective if provided to travellers during or before the start of their trip. Therefore,
accurate prediction models are required in ATIS for conveying reliable information about the future state of traffic.
Different methods used for the prediction of traffic parameters include historic averaging, regression analysis,
Kalman filtering, time series analysis, machine learning, etc. The objective of this research is to explore the use of
automated sensor data and data driven techniques for traffic state prediction under Indian traffic conditions. Travel
time and traffic density (as an indicator of congestion) are used commonly to inform users about the state of a traffic
system. However, these two parameters are spatial in nature and direct measurement from field is difficult.
Therefore, estimation of these parameters from location based data is a challenge in many of the ITS
implementations. The present study addresses the problem of estimation of traffic density with the help of location
based sensors which are capable of measuring parameters such as volume and Time Mean Speed (TMS). Machine
learning techniques namely, k-Nearest Neighbour (k-NN) and Artificial Neural Network (ANN) are selected as the
estimation and prediction tool in this study, based on acceptable performance of the same in earlier studies.
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1. Introduction
Traffic congestion is a major challenge in the area of transportation planning as well as traffic management.
Congestion usually relates to an excess of vehicles on a portion of roadway at a particular time resulting in speeds
that are slower – sometimes much slower – than normal or free flow speeds (FHWA, 2005). Even though congestion
can be solved to some extent, the problem cannot be solved completely. Therefore, informing road users about
congestion conditions of different roadways will be an advantage to them while performing their journey for making
suitable decisions. This can be done only by quantifying congestion using some quantifiable parameters and making
it available for the road users as part of Advanced Traveller Information Systems (ATIS). Travel time and traffic
density are the commonly used traffic measures used for quantifying congestion on roadways. Being spatial in
nature, measurement of these parameters directly from field is very difficult. Travel time can be defined as the time
required for road users to travel from one point of roadway to other. Field measurement of travel time is done using
spatial based sensors such as GPS or vehicle identification devices such as Bluetooth sensors. Traffic density is
defined as the number of vehicles occupying a given length of roadway. Traffic density is considered as the primary
measure for quantifying congestion of roadways other than signalised intersections (HCM, 2000). However, aerial
photography is the direct method for field measurement of traffic density, which is very difficult to implement in
field. Since density is difficult to measure, indirect methods of estimating density from other parameters such as
flow, speed or occupancy is usually adopted. Hence, this problem of estimation of density from location based
parameters is of importance and is attempted in the present study under Indian conditions. Also, the travel decisions
made by road users are more affected by the traffic conditions during the trip than the conditions at the start of the
trip. Therefore, accurate prediction models are also required in ATIS for giving reliable information about the future
state of traffic.
In this study, data mining techniques were implemented for the estimation and prediction of the traffic state
variables. Data mining processes use computational tools to extract useful knowledge from large datasets
(Silwattananusarn&Tuamusk, 2012). Machine learning techniques such as k-Nearest Neighbour (k-NN) and
Artificial Neural Network (ANN) were selected in this study as the tools for data mining, based on acceptable
performance of the same in earlier studies.
The k-NN algorithm is one of the simplest data mining techniques, widely used for classification and regression.
It is a non-parametric and supervised algorithm, which classifies a new record by comparing it to similar records in
the training data set. The most common method of defining ‘similarity’ is based on the Euclidean distance between
the records. Since the algorithm would be used to estimate density based on speed and flow values, the training
dataset would have speed and flow as inputs and density as target. The algorithm will identify the closest/most
significant input values. When a new data is provided, the algorithm looks for the ‘k’ nearest neighbours in terms of
Euclidean distance which is calculated based on the input.
ANN is a popular machine learning tool inspired by biological nervous systems. Neural network can be trained to
perform a particular function by adjusting the weights of the connections between units. Each of these processing
units are known as neurons. Neural networks are trained to adjust the weights of these neurons so that a particular
input leads to a specific target. In each neuron, a scalar input is transmitted through a connection that multiplies it by
the scalar weight and then added by a bias value, and then applies a transfer function to form an output. This weights
and bias values can be adjusted to get some desired output. The output of this neuron will be the input of some other
neurons based on connectivity and will be repeated for every data points for a series of iterations. A network is thus
developed with the corresponding inputs and targets which can give similar outputs when new data is provided.
For the prediction, the same tools are used with the input being the time series of estimated density values to find
out the density values for the future time intervals. The required data for the present study were collected using a
location based sensor namely, TIRTL, which uses infra-red technology for the detection of vehicles. The sensor was
installed near Perungudi toll plaza in Rajiv Gandhi Salai, Chennai facing the northbound traffic. This road is a
representative Indian road with heterogeneous and lane less traffic conditions, i.e. different class of vehicles like 2
wheelers, 3 wheelers, passenger cars, bus and trucks etc. travelling together with zero lane discipline. Volume, speed
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and occupancy at this location were collected for four days of two different weeks each, and density was calculated
from the occupancy by using the occupancy-density relation. One week of data was used for training the machine
learning algorithms and the other week’s data were used for validation.
2. Literature Review
The first part of the literature review covers some of the popular studies in the area of estimation and prediction
of traffic parameters. Studies on estimation and prediction techniques showed the use of various techniques such as
historic average technique, statistical methods, machine learning techniques and model-based techniques as the most
commonly used ones.
Estimation of density from flow data obtained by aerial photography was reported in some of the earlier studies
(NahiandTrivedi, 1973; Chang and Ghazis, 1975). Flow and occupancy data collected using loop detectors were
used for the estimation of density once the loop detectors became popular (Kurkjian et al., 1979; Coifman, 2003).
Wang, Papageorgiou and Messmer (2007) estimated traffic flow variables such as flow, space mean speed and
density using online parameter model estimator, which also discussed about the estimator's tracking ability and
sensitivity to various initial conditions. Studies in the area of speed estimation also showed the usage of loop
detector data for the estimation. Hazelton (2004) estimated traffic speed from volume and occupancy data obtained
from loop detectors using Markov chain Monte Carlo methods. Wang and Nihan (2000) in another study estimated
freeway traffic speed from single loop detector outputs such as volume and occupancy by introducing a relation
between these parameters. Another method has been proposed by Soriguera and Robuste (2011) to obtain space
mean speeds directly from loop detector data with a mean relative error of approximately 0.5%. Thus, it can be seen
that most of the studies in the area of estimation used loop detector data as the main input.
Studies reporting traffic parameter prediction using data driven approaches are discussed here. Zhang and Rice
(2003) used a varying coefficients linear model, which varies as a smooth function of departure time, with past
instantaneous travel time to predict future travel time. Principal component analysis and nearest neighbour approach
were investigated by Rice and Zwet (2004) by combining the historical data and the instantaneous travel time data.
Other methods such as linear regression and Kalman filtering are widely used in the area of prediction. Kwon et al.
(2000) estimated travel time on a freeway using flow and occupancy data obtained from loop detectors and
predicted to future time steps using linear regression. Yu et al. (2008) proposed a variation based online travel time
prediction approach using clustered neural networks. Padiath et al. (2009) compared the performance of a historic
technique, an ANN based technique and a model based technique for the prediction of traffic density under Indian
traffic conditions. However, the study used limited data which were collected manually. Kalman Filter method was
employed by Chen and Chein (2001) to predict travel time using data obtained from probe vehicles. Chein and
Kuchipudi (2003) also used Kalman Filter method for the prediction of travel time. Overall it can be seen that there
are only very few application of data mining techniques in both estimation and prediction problems. Fabrizi and
Ragona (2014) developed a pattern matching method of prediction, which tries to identify patterns in the past data
that describes the actual traffic load, and produces forecasts supposing that the trend will repeat. Valenti et al. (2010)
used and compared five predictive models including ANN and k-NN for the prediction of incident duration. Various
studies on estimation and prediction of traffic parameters using ANN shows that the method is suitable if large
samples of data are available. Some of the related literature are discussed below. Cetiner et al. (2010) reported
prediction of traffic flow from the historical data using ANN and showed a correlation coefficient in the range of
0.85 to 0.95. Ozkurt and Camci (2009) presented an automatic traffic density estimation and vehicle classification
method using ANN and 94% accuracy was reported. Vanajakshi and Rilett (2004) predicted traffic speed ranging
from 2 minutes ahead up to an hour in to future using artificial neural networks and support vector machines and
reported that performance of ANN largely depended on the amount of data. Missing values in traffic data collected
by radar detection systems and loops in three types of rural roads including arterial, highway, and freeway roads in
Iran have been estimated using ANN by Mahmoudabadi andFakharian, (2010). Results of another study from Iran
showed that ANN can be used to estimate the average speed of vehicles (Mahmoudabadi, 2010). Jiang and Wah
(2003) proposed a new approach of constructing and training neural networks for pattern classification. Drakopoulos
and Abdulkader (2005) studied the neural network training of heterogeneous data and proposed data pruning
(removal of noisy data) and ordered training (partitioning of data) as the effective methods to deal with
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heterogeneous data. Zheng and Zuylen (2013) used a three layer artificial neural network for the estimation of urban
link travel time from vehicle positions, link ids, timestamps and speed using the probe vehicle data. Thus, it can be
seen that most of the studies in the area of estimation used loop detector data as the main input.
k-NN has also been used extensively for similar applications. Embreda and Dalagan (2012) explored the use of kNN Algorithm in determining the traffic weight of a given snapshot and they reported that accuracy was highly
dependent on the training data. Dubey and Pathak (2013) studied the application of data mining technique to
automatically extract computer users’ normal behaviour from training network traffic data. Cruz et al. (2012)
studied the problem of processing k-NN queries in road networks considering traffic conditions and the query return
the k points of interest that can be reached in the minimum amount of time. Zhang et al. (2013) presented a method
for short term urban expressway flow prediction system with accuracy over 90% using k-NN. Lin et al. (2013)
applied k-NN method to form the training dataset for local linear wavelet neural network instead of taking the whole
historical dataset for training for the short term prediction of five minutes volume. Xiaoyu et al. (2013) proposed a
two-tier k-nearest neighbour algorithm combined with the actual traffic flow to improve the calculation speed and
the accuracy of the algorithm. Zheng and Su (2014) developed a kNN-LSPC (k Nearest Neighbour - Linearly
Sewing Principle Component) for the prediction of traffic volume, which outperformed eight other algorithms.
The above review shows the use of various model based and data driven approaches for the estimation and
prediction of traffic parameters. However, under Indian conditions, automated sensors were not available and hence
the prediction problems using data driven approaches such as ANN or k-NN were not attempted exhaustively. Based
on the literature, and based on the availability of a good automated database, two data driven approaches namely
Artificial Neural Networks (ANN) and K Nearest Neighbour (k-NN) approach were selected for the estimation of
traffic density in the present study.
3. Test bed and data collection
The required data for the present study were collected using a location based sensor namely, TIRTL, which uses
infra-red technology for the detection of vehicles. The sensor was installed near Perungudi toll plaza in Rajiv
Gandhi Salai, Chennai facing the northbound traffic. This road is a representative Indian road with heterogeneous
and lane less traffic conditions, i.e. different class of vehicles like 2 wheelers, 3 wheelers, passenger cars, bus and
trucks etc. Fig. 1 below shows the location of the sensor.

Fig. 1. Location of data collection point (Source: a. Google maps, b. Photograph).

Traffic density is the most commonly used parameter to indicate the level of congestion on a roadway. However,
the measurement of density directly from field is very difficult as it is a spatial parameter. Therefore, there is a need
to estimate traffic density from available location specific parameters such as volume and speed. The present study
uses kNN and ANN for the estimation of density from speed and volume obtained from automated sensors. For
validating the results, occupancy given by the infrared sensor was used. Occupancy is defined as the proportion of
time a roadway section is occupied by vehicle. It is considered as a surrogate measure of density and is related to
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density as shown in equation 1(May, 1990).
%𝑜𝑐𝑐

𝑘 = 𝐿 +𝐿
𝑣
𝑑

(1)

where, %occ is the percentage of time detector being occupied by vehicles, Lv is the vehicle length and Ld is the
detector length. This parameter is provided by the infrared sensor accurately and hence is used to calculate density
and is used for validation.
4. Methodology
4.1. K-Nearest Neighbour Algorithm (k-NN)
The k-Nearest Neighbour (k-NN) is one of the simplest machine learning algorithms, most widely used for
classification. It is a non-parametric and supervised algorithm, which classifies a new unclassified record by
comparing it to similar records in the training data set. The most common method of defining ‘similarity’ is based
on the Euclidean distance between the records in the feature space. In this paper, the k-NN regression method is
utilized, where the output is not a predefined class, but a continuous value. This is explained with the help of the
Fig. 2 below:

Fig. 2. Demonstration of k-NN algorithm

In the density estimation process carried out in this study, the flow and speed are inputs to the algorithm to get
the corresponding density as the output. The blue triangles are the trained data points positioned in the feature space
based on their input values. When a new input is provided (red circle), based on its speed and flow values, it
occupies a position in the feature space. Next, the algorithm looks for the ‘k’ nearest neighbours, in terms of
Euclidean distance, which is calculated based on the input variables. For example, if k=3, the output density would
be decided by the densities of the three blue triangles shown within the dashed circle as these are the three closest
neighbours. Let 𝑠 , 𝑠 and 𝑠 be the speeds; 𝑣 , 𝑣 and 𝑣 the flows; and 𝑑 , 𝑑 and 𝑑 the density of the data points
indicated by these triangles. For the test data point (red circle), let the speed be s and flow be v which are provided
as input and we are required to estimate the corresponding density d. Then the Euclidean distances are given by
equations (2),
𝑃1 = (𝑠 − 𝑠) + (𝑣 − 𝑣) ,
𝑃2 = (𝑠 − 𝑠) + (𝑣 − 𝑣) ,
𝑃3 = (𝑠 − 𝑠) + (𝑣 − 𝑣) .
(2)
Since triangles 1, 2 and 3 are the closest neighbours, any distance 𝑃 , i ≠ 1, 2 and 3; will only be greater than 𝑃 ,
𝑃 and 𝑃 . And the output density of the new record would be calculated as a simple arithmetic average as given in
equation (3).
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𝑑=

𝑑 +𝑑 +𝑑
3

(3)

In the second application of k-NN algorithm discussed in this paper, the density of the current time step is to be
predicted based on the densities of the previous 5 time steps which are provided as inputs to the algorithm.
4.2. Artificial Neural Network(ANN)
ANN is a popular machine learning tool inspired by biological nervous systems and is composed of units
operating in parallel. Neural network can be trained to perform a particular function by adjusting the weights of the
connections between units. Each of these processing units is known as neurons. Neural networks are trained to
adjust the weights of these neurons so that a particular input leads to a specific target. In each neuron, scalar input p
is transmitted through a connection that multiplies it by the scalar weight w and then added by a bias value b, to
form the result wp+b. This sum is the input for the transfer function f which gives an output f(wp+b). The variables
w and b can be adjusted to get some desired output is the basic idea. The output of this neuron will be the input of
some other neurons based on connectivity. The transfer function f can be hardlim, sigmoid, purelin etc. based on the
requirement. After passing through all the connected neurons, it should be able to produce the desired target. In this
study, back-propagation algorithm was used for training, which automatically recalculates and makes the error
minimum. The training continues till one of the stopping criteria is reached, which may be number of iterations,
maximum number of validation checks, or performance in terms of mean squared error.
4.3. Combining k-NN with ANN
Along with testing ANN and k-NN individually, a model which is a fusion of the two techniques was also
developed. The fusion methodology adopted is as follows: The volume and speed are provided as inputs to the kNN
algorithm. The kNN is required to determine the first k (taken as 100 in this study) nearest neighbours of the new
input record, which in turn would form the training dataset for the ANN. Once the ANN is trained, it can now
predict a value of density for the original record. The description of the fusion model is described in the Fig. 3.

Input variables

k-NN
100 nearest
neighbours

Output

ANN training

Fig. 3. Model for combining ANN with KNN

5. Implementation and results
Traffic density was estimated and then predicted to future using the models already discussed. The comparison of
actual and estimated or predicted density are explained separately in detail. The error in estimation and prediction
models were quantified using the statistical measure, Mean Absolute Percent Error (MAPE), given by the equation
(4).
(4)
MAPE = ∑ (|
|×100)
where 𝑦 is the actual density and 𝑥 is the estimated or predicted density.
5.1. Estimation of traffic density
The available data set were divided in to two subsets- training data set and testing data set. Four days data were
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taken as the training data set, and testing data set was selected as the same days of another week. The training data is
used to identify the pattern of data and the test data set is used for checking the performance. The training set had
speed and flow data at every 5 minute interval as input and the corresponding actual density, obtained from the
occupancy values, as the target variable (Fig. 4). Fig. 5 is a graph that shows the comparison between the actual
density and the density estimated by each of the techniques described in section 4.

Volume(t)
Density(t)

kNN or ANN or Both
Speed(t)
Fig. 4. Model for estimation of density

Density (veh/km)
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6:35
6:45
6:55
7:05
7:15
7:25
7:35
7:45
7:55
8:05
8:15
8:25
8:35
8:45
8:55
9:05
9:15
9:25
9:35
9:45
9:55
10:05
10:15
10:25
10:35
10:45
10:55

0

Time
Actual Density

Estimated using kNN

Estimated using ANN

Estimated using Both

Fig. 5. Sample comparison of actual and estimated density

From Fig. 5, it can be observed that the estimated value of density is in line with the actual density. The errors
were quantified using Mean Absolute Percentage Error (MAPE) and the values obtained are tabulated in Table 1. It
can be seen that the performance of the ANN algorithm is comparatively better. The results of the combined ANNkNN model do not show any improvement in performance. This may be indicating that giving enough training data
set is more important for ANNs performance than giving reduced set of best inputs. ANN process is able to generate
the best network, if enough training sets are provided.
Table 1. MAPE (%) obtained for different days for density estimation.

Day Tested

kNN

ANN

Day1
Day2
Day3
Day4

3.46
4.41
3.74
3.20

1.94
1.78
1.54
1.50

kNN-ANN
(100 neighbours)
2.49
2.61
1.96
2.01
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5.2. Prediction of traffic density
Road users, in general, will be more interested in finding information about future traffic conditions, in order to
know about what they can expect while making the trip, than the present scenario. Therefore, it is always of interest
to predict the estimated values to the future time steps and provide that information to the users. Hence, in this
study, the estimated density values are predicted to future time intervals. This can be carried out by identifying the
evolution pattern of parameters and projecting it to future. Thus, the previous several density values can be used as
input to predict to the next time interval (s). In this study, previous 5 time intervals density are taken as input (which
is equivalent to previous 25 minutes) to predict the density in future time intervals. Figure 6 shows the inputs and
outputs used for density prediction. The scheme was implemented using MATLAB and a sample result obtained is
shown in Fig. 7.

Density(t-1)

Density(t-2)

Density(t-3)

kNN or ANN or Both

Density(t)

Density(t-4)

Density(t-5)
Fig. 6. Model for prediction of density
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0

Time
Actual Density
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Fig. 7. Sample comparison of actual and predicted density
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It can be seen that all the methods performed equally. The performance was quantified using MAPE and the
values obtained are shown in Table 2. It can be seen that the individual methods are performing better than the
combined approach. Here also, the reduction in training set in the combined approach may be the reason for the
increase in prediction error.
Table 2. MAPE (%) obtained for different days for density prediction

Day Tested

k-NN

ANN

kNN-ANN
(100 neighbours)

Day 1
Day 2
Day 3
Day 4

11.69
12.39
10.88
10.02

10.01
11.66
11.41
11.40

14.86
15.93
12.42
14.37

6. Summary and conclusions
Traffic density is the primary measure for quantifying congestion in uninterrupted roadway sections and is
defined as the number of vehicles occupying a given length of roadway. For measuring density directly from the
field, number of vehicles occupying the roadway section has to be measured at a particular instant of time. Aerial
photography is a technique for density measurement but it is very difficult to implement. Hence, it is usually
estimated from other location based parameters such as speed, flow or occupancy and is the topic of the present
study. The data available from automated sensors were utilized for testing the models that were developed. The data
generated by most of the sensors are mainly classified volume and speed. Both these parameters are location based
and hence may not be of much interest to the users. In this study, these data are used for the estimation and
prediction of density, which in turn can be used to inform users about congestion.
The techniques used for the estimation and prediction are based on two machine learning techniques: artificial
neural networks (ANN) and k-nearest neighbour (kNN). A model which uses the output from kNN as a training set
for ANN was also tested. In density estimation, where speed and volume were the inputs to estimate the target
variable density produced MAPE in the range of about 2-5% using 5 minute interval data. In the density prediction,
where the densities of the previous time steps were used to predict the current density, the MAPE was in the range
of 10-12%. Thus, the use of data driven techniques like ANN and kNN along with automated sensor data are
promising for traffic state estimation problems for ITS applications in Indian traffic conditions. However, combining
these two techniques did not show any significant improvement in performance and hence is not recommended. This
may be mainly due to reduction in training set in the combined approach, indicating that for better performance of
ANN more training data is important than providing significant input pairs alone. However, the performance is
comparable and in the case of large scale problems, the training time may be saved by using the reduced training set.
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