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Abstract. Vehicular Ad Hoc Networks (VANETS) represent a signif-
icant leap forward in the deployment of intelligent transport systems.
These networks enable vehicles to instantly exchange traffic information
with the aim of smoothing traffic flows and intensifying drivers com-
fort. In this context, this study addresses the issue of traffic congestion
description and detection in multi-lane highways. By making use of col-
lected information, a Markov chain based mobility model is proposed
to predict the future road traffic states. Based on the obtained station-
ary distribution probabilities, performance criteria in steady-state are
inferred and computed for different road configurations. The numerical
results validate the model demonstrated in the paper.
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1 Introduction

The advancement of wireless network infrastructure has led to the emergence of
a new type of networks dedicated to supporting intelligent traffic management,
called VANETS. These networks would allow real-time communication and infor-
mation exchange between moving vehicles equipped with wireless communication
devices. Therefore, VANETS can offer a solution to many transportation issues
affecting the efficiency of transport operations such as traffic congestion, safety,
and fuel consumption. Considering that congestion is such a potential threat to
public safety, economy and air quality, there is a strong need for faster detec-
tion of future congestion and saturation points. This depends heavily on the
availability of accurate and realistic traffic forecasts. The classical methods for
traffic prediction such as Google Maps and Waze depend primarily on centralized
approaches to calculate traffic jams using historical and real-time traffic data.
The major drawbacks of these methods is that they perform poorly in areas
with little or no activity and they require a large data storage capacity. With
the benefits granted by VANETS, a shift to a fully distributed traffic estimation
becomes feasible. Based on locally collected traffic information via V2V or V2I
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communications, vehicles can automatically calculate estimates of future traffic
distributions and reacts accordingly.

As such, the main focus of this study is to develop a decentralized traffic
estimation approach in a multi-lane highway environment. Principles of Markov
chain theory are used to build a model able to describe the temporal evolution of
the traffic state as a random process. Markov chain theory has been widely used
in various fields of research [1-3], to study systems characterized by uncertainty.
As events in the system occur in continuous time, the model is constructed
as a continuous-time Markov chain (CTMC) with a finite number of states.
The stationary distribution will be obtained by applying a numerical approach
[3]. Following that, performance indicators such as average density, congestion
rate and average sojourn time will be described and computed. The network
performance is evaluated in terms of the derived performance metrics by varying
different parameters including arrival rate, average speed, and the number of
lanes.

The remainder of this paper is structured as follows. Section 2 provides a brief
literature review. Section 3 comprises the proposed model for highway traffic
forecasting along with the definition of steady-state probabilities. In Sect. 4, the
performance measures are defined and the numerical results of the model are
demonstrated for two different scenarios. Our concluding and suggestions for
future researches are given in Sect. 5.

2 Related Work

In this section, the body of related work that is available on vehicular mobility
modelling is reviewed.

Generally, there are two classes of vehicular mobility models [4]: trace based
mobility models (TBMM) and synthetic mobility models. The trace based mod-
els derive mobility patterns of moving vehicles from real world traces [5-7]. These
models provide more credible spatial and temporal measurements and are more
suitable for large scale and complex scenarios. However, they highly depend on
the availability of large datasets of recorded vehicle trajectories. Several projects
have been conducted to collect mobility traces such as OpenStreetMap [8] and
CRAWDAD [9]. Still, these small-sized GPS datasets require the involvement of
many participants to be more useful in the future.

Synthetic models describe the mobility of vehicles based on mathematical
approaches, and are classified into five categories:

Stochastic models are simplistic models that describe the movements of
nodes as a random process, where speed and paths are usually randomly chosen.
A number of studies have presented stochastic mobility models such as City
section [4], Freeway and Manhattan [10]. Nagel and Schreckenberg [11] addressed
the issue of vehicular mobility in single lane-freeways. This method was extended
in [12] to take into account drivers’ reactions to velocity and headway distance.
These models are widely applied because of their limited data demands and their
easy implementation since they model traffic dynamics with a minimal level of
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details. However, they require further improvements to mimic real-world driving
behaviors such as lane change, queues forming and stop-and-go phenomenon.

Traffic stream models describe traffic flow as a hydrodynamic phenomenon
and they involve the three major macroscopic characteristics of traffic stream:
speed, density and flow. The most extensively used model within this category
is Lighthill-Whitham-Richards (LWR) [13,14]. Based on kinematic waves, the
authors consider that the traffic flow is a continuous function of density and
predict the evolution of traffic flow along arterial roads and near shock waves.
The LWR framework was used as a bedrock in [15] and [16] to study the dynamics
of queues at intersections. Traffic stream models manage to capture the overall
traffic behavior with low details. However, bringing a solution to these models
is time consuming and cumbersome when incoming flow varies continuously in
time.

Car following models take into account measures such as the headway
distance and the speed of nearby vehicles to display the behavior of each indi-
vidual vehicle. Authors in [17] introduced a velocity threshold to maintain the
safety distance from the leading car in single-lane roads. The previous work
was extended in [18] to tackle the issue of lane changing. Another model was
introduced in [19] to emulate the lane-change behavior in multiple-lane roads by
using Bayesian reasoning. Generally, these models are more precise and provide
an accurate description of traffic which increases the computational complexity,
especially for large scale simulations. Besides, the overall dynamics of the system
cannot be captured.

Behavioural models were inspired from the fields of biological physics and
artificial intelligence. They are built based on behavioral rules conducted by
social influences, rational decisions or actions following a stimulus-reaction pro-
cess. Legendre et al. [20] introduced the first behavioral model to describe human
mobility. Later, the model was improved to fit in the case of vehicular traffic.
The work proposed in [21] involves describing the behaviour of the driver such
as the response to the abrupt braking of the preceding vehicle. An improved
behavioural model was proposed in [22] to emulate various mobility character-
istics that can’t be inferred from recorded driving traces. The model allows to
generate simulation measures consistent with real traces. Although the afore-
mentioned models appear to successfully provide a mobility description close to
the actual real world, they cannot be applied for large-scale scenarios as they
require complex calculations.

Queue models are constructed to study queue lengths and delays of vehicles
waiting in queues by applying basic probabilistic distributions. Gawron [23] was
the first to introduce a queuing model dedicated to vehicular traffic. In [24], a
queuing model was developed for signal control optimization at isolated intersec-
tions. Cremer and Landenfeld [25] developed a model for signalized intersections
while capturing the effects of spill-back phenomena. Authors in [26] presented a
model that takes into account the streets topology to describe mobility at inter-
sections and along the streets. The main reason why queue models are used is
their ability to model complex systems. Moreover, they can be easily deployed
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as they are based on restrictive assumptions. Their major drawback is that the
waiting queue in each street are described independently. Thus, they overlook
the importance of coordinating the vehicles crossing the intersection and lane
changing.

Our approach differs from other works as we aim to address the congestion
issue in multiple-lane free-flow highways in the context of VANETSs by imple-
menting a stochastic model that describes and predicts traffic density and travel
time based on traffic information collected by vehicles at the start point of the
highway. The lane change behavior is also described based on the density of the
lanes. The proposed model is to be implemented in vehicles and has shown its
effectiveness to cover all aspects of mobility in highway environments, as it is
demonstrated in Sect. 4 through analytical results of different scenarios.

3 Proposed Model

In this section, the continuous time Markov chain model for future traffic state
prediction is first presented, then the steady state probabilities are derived.

In order to formulate the proposed CTMC, the notations which will be used
throughout the rest of the paper are introduced in Table 1.

Table 1. Notations

Set of road lanes

EIRS

Total number of lanes

Len | Length of a highway section

Sp Average speed on a highway section

7 Index value for lane @

C Lane capacity

o Weight of lane 4

D; Density of lane ¢

R Lane change probability matrix

R;; | Lane change probability from lane i to j

A Arrival rate of vehicles

i Arrival rate of vehicles at lane ¢

I Service/Departure rate of vehicles

i Service/Departure rate of vehicles at lane ¢

t Temporal variable

X (t) | Multivariate random vector representing the traffic condition
of the system at time ¢

Xi(t) | Random variable representing the traffic condition of lane i
at time ¢

(contniued)
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Table 1. (contniued)

N State space
z,y,z | Values of X(t)
P Transition probability matrix

Pxy | Transition probability from state x to state y

T Steady-state probability distribution

L; Average number of vehicles at lane ¢

W, | Average time spent in lane 4

VC; | Average volume-to-traffic ratio of lane &

The developed model considers a highway of N lanes, where it’s assumed
that all lanes are of equal capacity C. The set of lanes will be denoted A/. Each
lane ¢ is assigned a weight o; relative to its position on the road, such as o; > a;
if lane j is at the left side of lane 4, and } a; = 1. The weight of a lane 7 is

ieN
defined by the following formula:
N—-i+1
= (1)

Figure 1 illustrates an example of a single direction highway, while Fig. 2
represents the highway diagram as a queue system.

Studied highway segment

o m _, : o

Fig. 1. An example of a highway road segment.

Similarly to works in [1,2,26], we assume arrivals of vehicles at the start
point occur at a rate A according to a Poisson process and service times have an
exponential distribution with a rate parameter y = %, where Len is the length
of the highway segment and Sp the average speed of vehicles. Arrival rates at
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Fig. 2. A highway road segment as a queue system.

each lane are defined by their position on the road, such that the right lane
has a higher arrival rate than the left lane. This was expressed as the following
formula:

)\i:/\XOli (2)

Similarly to the arrival rates, the service rates are defined in a way that the
right lane has a lower service rate than the one on the left of the road. This
condition can be expressed as:

1
Ni:/ixa (3)
7

The traffic state of the studied segment is represented by a vector of multiple
random variables corresponding to the number of vehicles on each lane as follows:

X (1) ={Xa(t), Xa(1), .., Xn ()} (4)

As each lane can only handle a limited number of vehicles, the following
constraint must be satisfied:

Vie N0 < X;(t) < C (5)

The collection of possible values of X (t) forms the state space {2 of the
Markov chain.
A change in the system’s state can be caused by one of the following events:

— A vehicle arriving at the start point of the highway;
— A vehicle arriving at the end point of the highway;
— A vehicle changing lanes.

P is used to denote the transition matrix of the Markov chain, where its
elements p, is the transition probability of state = to state y. In order to define
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P, R the lane change probability matrix is first expressed. Given D; the density
of lane i which represents the actual number of vehicles travelling on lane i, R;;
the probability a vehicle changes from lane i to an adjacent lane j is defined as
below:

D.

- S Dy ! if i and j are adjacent lanes

Rij = Sy k-L(i—k=1||i—k=-1) (6)
0 otherwise

Given the arrival, service and lane change rates, the transition probability
from each state z to state y ((x,y) € £2? and x # y) can be established:

A if a vehicle arrives at the start point of lane ¢
i if a vehicle arrives at the end point of lane ¢
Pay = R;; ?f a vehicle changes from lane i to lane j (7)
- > pg. ifx=y
ZEQ\{I}
0 otherwise

The stationary distribution vector 7 is defined by the steady-state statement
such as 7P = 7. By applying the rate-conservation principle, 7w can be obtained.
Given the transition probability matrix P defined previously and the equilibrium
vector 7, the balance equation is expressed as follows:

T D (O Nlgmnn + Dl =unt D, Y. Riyle,,—r,) =

yG_(Z\{l} i€EN ieEN 'LGNJGN\{Z}
oo mO Nl man + D pilp =yt Y, Y, Rydg,.—r,)
YERAN (o3  1EN ieN iENFEM (i}

To compute the stationary vector of the transition rate matrix P, the
Grassmann-Taksar-Heyman (GTH) algorithm [27] is applied.

4 Performance Indicators and Numerical Results

To demonstrate the validity of the proposed approach, numerical solutions are
presented in this section.
4.1 Performance Indicators

From the obtained vector 7, L; the long-run average number of vehicles on lane
i is first computed using the following formula:

L;, = Z’/Tz.l’i (8)

zes?
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The average volume-to-capacity ratio V C; of lane i can be inferred from L;
as below:
VO; =L;/C (9)

Based on Little’s law formula, W; the average sojourn time a vehicle spends
on lane i is calculated as follow:

W= L S (10)
TEeS?
4.2 Numerical Results

The values used to find the numerical solution are based on samples extracted
from highD dataset [28] that offers measurement data collected at German high-
ways. Table 2 summarizes the values of the settings used.

Table 2. Values used for numerical resolution

Parameter Scenario 1 Scenario 2

Highway length | 400 m 200 m

Number of lanes |3 Varies from 1 to 4
Per-lane capacity | 18 8

Average speed 33 m/s 25-30-35 m/s

Time unit 1min 1min

Arrival rate Varies from 0 to 10 | 5 vehicles/time unit

First, different values of arrival rates are tested to analyse the impact of this
parameter on the performance of a highway section of 400 m long. The studied
highway is composed of three lanes and only one travel direction is considered
similarly to the configuration previously presented in Fig. 1.

Figure 3 illustrates the average number of vehicles on each highway section
lane. Generally, left lanes are usually used for passing or when traffic on right
lanes is congested. It can be observed from the results that density decreases from
the right lane to left one, which is a clear proof that the information obtained
reflects the realistic behavior of traffic.

The chart in Fig.4 represents the congestion rates corresponding to each
lane. The curves show the same results as the previous one. It can be seen that
the congestion rate on the first lane increases rashly compared to the other two
lanes. The congestion rate of the upper lane grows more slowly. The average
sojourn time per lane is depicted in Fig.5 and shows that the average driven
time grows as the traffic density rises. It can also be noticed that the travel speed
considerably slows down on the most congested lane.
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In a different test, we consider a highway section 200 m that handles at most
8 vehicles at the same time. We derive the performance measures for different
numbers of lanes and average speeds to capture how these settings affect the
performance. The estimated average number of vehicles versus the number of
lanes is shown in Fig. 6, for three different values of the average speed. It’s noted
that having more lanes increases the capacity of the road allowing to handle
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more vehicles. In addition, a significant reduction of density can be noticed
when average speed increases specially for roads with multiple lanes.

As observed in Fig. 7, the overall congestion rate of the freeway is substan-
tially higher for a single-lane highway than a multi-lane. From the results, it can
also be deduced that speed is a major contributor to the congestion. A slight
increase of the speed can allow to drop the congestion rate by 4% for single-
lane highways. The average sojourn time depicted in Fig.8 demonstrates that
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multi-lane roads allow shorter journey times compared to single-lane roads. It
can also be observed that the model accurately reproduces the travel delays
brought on by low velocities.

From the presented results we can assume that the first lane is more seriously
affected by congestion as more drivers tend to stay in the right most lane except
in heavy traffic. The obtained estimates can be used to design lane change assis-
tance to ease congested lanes and increase utilization of fast lanes. Moreover,
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intelligent speed assistance systems can be designed to adapt the velocity of
vehicles depending on the estimated circumstances.

5 Conclusions

Congestion has become a serious issue that the majority of countries are facing.
It does not solely affect the efficiency of transportation systems, but also the
environmental and economic welfare. Thus, methods for congestion detection
are vital to the improvement of transportation infrastructure. The availability
of accurate estimates of future congestion points will make it easier to man-
age traffic flows. This study focuses on developing a mobility model for multi-
lane highways using Markov chains. The proposed model allows to forecast the
distribution of traffic over highway lanes and then derives synthetic measures
that represent important performance indicators for congestion assessment. The
evaluation results highlight the potential contribution of the proposed model
to mitigating traffic congestion. This study was limited to highway traffic. For
future work, it is planned to address the applicability of the model on urban
environments.
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