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Received 28 August 2018; Accepted 28 August 2018; Published 18 September 2018
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Intelligent Transport Systems are responsible for providing
technology to improve the operation, management, and
safety of land transport in urban, interurban, and rural roads.
With the current interest in the development of autonomous
vehicles, cooperative systems C-ITS can be considered as
catalysts of these, and their implementation, not limited to
independent actions, but adding perception, decision, and
additional actions supported by communications, aiming to
the cooperative autonomous driving.

In this scenario, the European Platform C-ITS approved
the deployment of the first set of cooperative systems, called
Day 1, which will use V2V and V2I communications. At this
time, it is expected that this initial set will be expanded to
the C-ITS Day 1.5, with the intention that, in 2020, 20% of
vehicles have all these capabilities. Therefore, a shared traffic
situation arises among vehicles with cooperative capacities
with autonomous or semiautonomous functions, with others
with purely manual driving. This situation will be the most
common for a long period of time.

For all these reasons, the objective of this special issue
focuses on research and development of technologies of C-
ITS systems, focused on the cooperative autonomous driving.
It is in complex scenarios where C-ITS systems can provide
further solutions to the problems identified. In addition,
studies of the impact of these technologies in drivers are
another important aspect. These studies will focus on both
drivers of vehicles equipped with C-ITS solutions and those
not equipped with them, with the purpose of establishing
the basis to ensure coexistence in shared traffic between

the two types of vehicles, during the transition to the fully
autonomous driving.

C-ITS increase the quality and reliability of information
available to drivers about their immediate environment, other
vehicles, and road users by sharing information such as
vehicle position, direction, and speed, with other connected
vehicles in real-time. This information helps us observe and
assess what is happening on our roads, building a picture of
real-time traffic situations.

This technology can respond to the traffic situation in a
number of ways such as providingwarningmessages to driver
via variablemessage signs, reducing variable speed limits, and
updating available traveler information.

Cooperative Intelligent Transport Systems enable vehi-
cles, infrastructure, personal mobile devices, and transport
management systems to share information about the road
safely through a wireless network.
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Cooperative Intelligent Transportation Systems (C-ITS) make the exchange of information possible through cooperative systems
that broadcast traffic data to enhance road safety. Traffic light assistance (TLA) systems in particular utilize real-time traffic light
timing data by accessing the information directly from the traffic management center. To test the reliability of a TLA system based
on networked intervehicular interaction with infrastructure, we present in this paper an approach to perform theoretical studies
in a lab-controlled scenario. The proposed system retrieves the traffic light timing program within a range in order to calculate the
optimal speed while approaching an intersection and shows a recommended velocity based on the vehicle’s current acceleration
and speed, phase state of the traffic light, and remaining phase duration. Results show an increase in driving efficiency in the form
of improvement of traffic flow, reduced gas emissions, and waiting time at traffic lights after the drivers adjusted their velocity to
the speed calculated by the system.

1. Introduction

Cooperative Intelligent Transportation Systems (C-ITS)
make the exchange of information possible through coop-
erative systems that broadcast traffic data to enhance road
safety. Lab-controlled platforms provide the test bed condi-
tions required to perform realistic experiments with massive
amounts of valuable data. This allows for the evaluation of
a variety of protocols, as well as interaction with in-vehicle
systems and services [1].
According to research developed in the United States

by the National Highway Traffic System Administration
(NHTSA), drivers who did not respect red lights in an
intersection controlled by a traffic light caused from 1997 until
2004 an average of 51% of the fatal traffic crashes [2].
The technology behind traffic light timing programs is

rapidly evolving. The aim is to further develop adaptive
signal control technology (ASCT) in an effort to adapt
traffic light timing programs to the demands of real-time

traffic and thus reduce traffic congestion in urban areas.
However, these technologies have only been implemented
in a small number of road networks, and the majority of
urban areas still have pretimed control systems installed in
their traffic systems. Their preset time intervals are the same
every time the signal cycles, regardless of changes in traffic
volume [3]. This pretimed mode is ideally suited to closely
spaced intersections where traffic volumes and patterns are
consistent. It can be used to provide efficient coordination
with other traffic signals, since both the start and end of green
light phases are predefined. On the other hand, pretimed
control tends to be inefficient at intersections where traffic
arrivals are random. This causes redundant and unnecessary
waiting times, significant traffic jams, and excessive delays
[4].
Some systems use different preset time intervals for

morning rush hour, evening rush hour, and other busy times
based on historical data. Even if the information of the traffic
lights is stored at each traffic management center, it is not yet
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used to help drivers to improve their driving behavior while
approaching an intersection controlled by a traffic light [6].
Some works have demonstrated that visual warning signals
can improve driving behavior [7], and due to the complex
traffic situations at urban intersections there is a need for
more intelligent control solutions.
Along this line of intelligent solutions, vehicle-to-

everything communication (V2X) is applied to Intelligent
Transportation Systems (ITS) to establish not only vehicle-
to-vehicle (V2V) connection, but also to the surrounding
infrastructure. This connectivity enhances traffic situational
awareness across the entire road network and aims at opti-
mizing traffic flow, reducing the number of road accidents,
lowering traffic congestion, and minimizing carbon emis-
sions. V2X technologies require in-vehicle technology (i.e.,
on-board units) and roadside units (RSU) attached to the
infrastructures of the road. The world’s first digital highway
was established in 2015 on the A9 highway in Bavaria,
Germany [8]. Digital highways are stretches of road for
introducing and testing applications based on V2X. More
than 50 car companies, such as Audi, Mercedes, and BMW,
have expressed their interest in testing new technologies on
this digital highway.
ITS provide real-time information for decision-making

algorithms that can be then used by travelers and traffic
management systems. Different advanced driver assistance
systems (ADAS) have been developed to make drivers aware
of their surroundings while driving. Some of the most
common include forward collision warning (FCW), which
detects a leading vehicle and calculates relative speed and
distance in order to generate warning signals based on time
to collision (TTC); traffic sign recognition (TSR) or systems
that recognize different traffic signs to augment the field of
view of the driver; traffic light recognition (TLR), to detect
and recognize traffic lights; and traffic light assistance (TLA)
systems that acquire data related to the signal timing, tailback,
and geometry of intersections and combine it with in-vehicle
data [9]. For each of them, collection of different data is
required, such as speed or distance to the following car or next
traffic light.
As a natural advance in the research in cooperative

systems and automated vehicle development, autonomous
driving technology includes V2X capabilities. We imple-
mented a simulator platform to test those ADAS that rely on
vehicle-to-infrastructure- (V2I-) based communication and
present in this paper a TLA system in a simulated context.The
proposed system retrieves the traffic light timing program
within a range, in order to calculate the optimal speed while
approaching an intersection. The system warns the driver by
displaying a message in the dashboard, showing a recom-
mended velocity based on the vehicle’s current acceleration
and speed, phase state of the traffic light, and remaining
phase duration.Driving efficiency is increased once the driver
adjusts their velocity to the speed calculated by the system. By
retrieving the information from the traffic light predefined
program, it is possible to improve traffic flow and reduce
traffic delays.
In order to develop the approach, Simulation of Urban

Mobility (SUMO) [10], Unity 3D [11], and City Engine [12]

were used for the development of the two different scenarios
for the experiments. Routing directions were displayed in the
user-controlled vehicle (UCV) in both scenarios.

Scenario 1. UCV had the TLA system activated.

Scenario 2. UCV did not have the TLA system activated.

We defined the following research questions that were
tested within the described framework.

(1) Is there a significant amount of time saved at the
light, waiting, and as a consequence travel time from
start to destination, by implementing and using TLA
technology?

(2) DoTLA systems improve the efficiency of traffic flow?
(3) Do TLA systems reduce the amount of CO2 emis-
sions?

We additionally define the following null hypothesis:
H0: the TLA system that conveys the optimal velocity

for approaching an intersection does not reduce the time
waiting at a traffic light or the total time spent to reach the
destination, nor does it result in an improvement of traffic
flow.
The next section considers related work in simulation

approaches. Section 3 describes the development of the simu-
lation platform. Section 4 presents the implementation of the
TLA system. Section 5 describes the experimental procedure
to test the TLA. Section 6 reports on the performance and
validation results of the developed system. Finally, Sections 7
and 8 discuss the results and conclude the paper.

2. Related Work

Several works have reported on the application of TLA
services based on C-ITS standards. For example, the authors
in [14] describe some significant steps for cooperative sig-
naling that involve connecting to the city infrastructure to
generate the service data. They argue that, in most European
cities, traffic light controllers are equipped with inadequate
hardware and do not allow proper communication with the
traffic management center.
The authors in a further work [9] present and test a traffic

light assistant prototype that combines V2X and mobile
communication in real traffic. This TLA prototype extracts
signal timing, tailback, geometry, and hazard information
of intersections and combines it with internal vehicle data.
Concepts for processing, management, and visualization of
V2X and Traffic Signal Information (TSI) messages are also
described.
In order to test V2V and V2I application developments

in a controlled system, [15] combines a traffic and commu-
nication simulator with a multiuser driving simulator for a
low-cost testing environment. In line with this research, we
present in this paper an approach that simulates a visual TLA
system in Unity 3D, using SUMO as the traffic simulator in
order to test the research questions and hypotheses defined
in the previous section.
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Car manufacturers have already announced the first
traffic light information systems based on V2I communi-
cation through 4G LTE connection [16]. The first real life
experiments with V2I services were carried out at the end of
2017.
Regarding the effectiveness of the output modality to

convey information related to traffic lights, both visual and
auditory warnings have been studied in simulation frame-
works. Most of these studies focused on visual warnings for
displaying the messages created by the system. In [7], five
different human machine interfaces (HMI) were evaluated.
Each of the HMI provided the same information that was
displayed in various manners. The study concluded that all
the HMI contributed to augmenting situational awareness
regarding the phase of the traffic light.
A further study that focused on conveying information

based on TTC regarding a vehicle running an upcoming
red light stated that visual warnings distracted drivers [17].
However, the relationship between auditory warning systems
and driving behavior is still ambiguous and requires fur-
ther investigation, although many visual ADAS systems are
already integrated into vehicles and fully accepted by drivers.
TLA systems utilize real-time traffic light timing data by

accessing the information directly from the traffic manage-
ment center and combining it with GPS data. This makes it
possible for vehicles to calculate exactly which traffic light
they are approaching, whether that light is red or green, and
how long it will be until it changes.The vehicle also calculates
if it will be able to drive through an intersection with a green
traffic light based on how fast it is moving. All of these data
alert the drivers of any upcoming situations posed by the next
intersection and help them to adjust their speed in order to
avoid waiting at red lights.
Evaluation of new in-vehicle technology using simulators

has been performed in different works. For example, in
[18] a user interface for a novel traffic regulation system
was assessed. The interface conveyed information to the
driver which was based on the ubiquitous optimized man-
agement of individual intersections where physical devices
were replaced by virtual traffic lights (VTL). However, only a
few works address in-vehicle technology based on simulated
environments with V2I capabilities, and as far as it is known
to the authors, no approach of a visual TLA system has
been implemented in Unity 3D using SUMO as the traffic
simulator.

3. Simulation Framework Implementation

3.1. Generation of the Scenario Network. Using the traffic
network defined in the XML SUMO network file, a complex
network was created to be used as the scenario of the
simulation. SUMO uses an 𝑋-𝑌 coordinate system to locate
all the elements of the network. The selected area was the
Neubaugurtel Strasse inVienna, as the amount of traffic lights
on this road is significant. The source used for extracting
data was Open Street Map (OSM) [19] since it allows the
selection of areas of interest and automatically generates
an .osm file.The desired area was definedmanually as shown
in Figure 1. In order to create the corresponding .net.xml file,

(1) <tlLogic id="joinedS 6" type="static"

(2) programID="0" offset="0">
(3) <phase duration="86" state="GGG"/>
(4) <phase duration="4" state="yyy"/>
(5) </tlLogic>
(6) <tlLogic id="joinedS 7" type="static"

(7) programID="0" offset="0">
(8) <phase duration="88" state="GGGGGG"/>
(9) <phase duration="2" state="yyyyyy"/>
(10) </tlLogic>

Algorithm 1: Errors in the TLS program.

Figure 1: Definition of the area from Open Street Map used in the
experimental scenario.

the application NETCONVERT was used. Additional data
included in OSM regarding buildings, parks, rivers, and so
forth was visualized by using the POLYCONVERT tool.
To edit the network the tool NETEDIT was used, and

the junctions in which there were a significant number of
intersections were merged. Connections between roads were
also edited.

3.2. Modification of TLS Programs for the Created Network.
The .net.xml file generated from the NETCONVERT tool
includes information about the traffic light systems (TLS).
After verifying the .net.xml file, it was found that not all
of the TLS programs with only one intersection had a red
phase. An example of these errors can be found in the code
in Algorithm 1.
In addition, some phases were longer than in reality.

Therefore, this behavior was adapted for real conditions by
shortening the length of the phases and/or adding missing
red light phases. Once these twomodifications were done, the
edition of the network was completed.

3.3. Connection of SUMO with Unity 3D Using the TraCI Pro-
tocol. In order to create a connection between the SUMOand
Unity 3D simulators, an interface was required to implement
the communication. The communication protocol Traffic
Control Interface (TraCI) was used to this end. TraCI’s
architecture is Client-to-Server, so that information that is
required dynamically can be accessible to both SUMO and
Unity 3D. SUMO acts as a TraCI server and it will listen
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for incoming connections from external applications. Once
SUMO has accepted the connection request, the TraCI client
takes control of the simulation, which enables the client to
affect the behavior of the simulation by sending commands
to SUMO. As described in [20], in order to implement the
TraCI protocol the existing library TraCI as a Service (TraaS)
[21] was selected, as it allows remote control of SUMO from
any programming language.

3.4. Scenario Set-Up. The Unity project created to evaluate
the implemented TLA consisted of a set of folders, such
as prefabs (vehicles and roads models), scripts, materials
(characterization ofmodels), Plug Ins (data base connection),
and TraCI library (implementation of TraCI protocol). These
folders were located in the Assets folder to be read.
As previously mentioned, we created an urban scenario

to test the use cases with and without the TLA system
implemented. Once the scenario was initialized, information
about the simulated objects of interest such as buildings
and their shape was retrieved. Additionally, real tree data
were downloaded from the Vienna Municipal Departments
41 [22] and 42 and then imported into CityEngine as an
object file, which was used to create the experiment’s urban
environment. An additional script was implemented to apply
textures to the objects imported to CityEngine. Key buildings
were thus recognized by the participants.
All the described parts constituted the final scenario that

was imported as an .fbx file into Unity 3D as a GameObject.
Once the urban environment was completed, a Mini Cooper
vehicle was imported into the Unity 3D game engine and
defined through scripts that also described the steering wheel
and wheel movement.

4. Traffic Light Assistance Implementation

Vehicles in SUMO automatically follow a defined TLS sched-
ule. In order to represent the traffic lights in Unity 3D, we
usedmodels of traffic lights and created a script tomanipulate
their behavior. Traffic lights are not defined as such in SUMO.
Instead, SUMO uses TLS to control specific intersections.
Consequently, one intersection might have more than one
traffic light within a single TLS. Therefore, traffic lights
were placed manually in their corresponding positions, and
timing was adjusted in accordance with the TLS’s schedule in
SUMO.
We implemented a script that contained a matrix of

Boolean variables describing the differentmodes of the traffic
light. Eachmodewas defined by three variables, one per state,
that were ordered as follows: red-yellow-green. Depending
on the actual phase of the traffic light, the variable duration
was modified according to the phase duration in SUMO. For
changing the color of the traffic light, the three variables of
the actual mode were verified. The color was set depending
on which position of the matrix was true. The code in
Algorithm 2 shows an example in which the traffic light state
is green.
A TLA ADAS system was created and integrated into a

UCV. This system computes the Green Light Optimal Speed
Advisory (GLOSA) algorithm [5] shown in Algorithm 3 in

order to calculate the optimal speed for approaching the next
traffic light.
In order to compute this algorithm, several integral

components of information about the TLS and the UCV
were required. The information collected for each TLS was
as follows:

(i) Time until next green phase.
(ii) Current state of the TLS.
(iii) Complete GreenYellowRed program of the TLS.
(iv) Links controlled by the TLS.

SUMO defines a fixed-time program for each TLS, and
it can be either static or actuated. TLS programs describe
the behavior of all the traffic lights placed at an intersection.
For example, in the following state definition of a TLS phase,
<phaseduration = 25𝑠𝑡𝑎𝑡𝑒 = 𝑅𝑅𝑔𝑔𝑔𝑔𝑅𝑟/> each character in
the string within a phase’s state describes the state of one link
of the TLS (g for green, y for yellow, and r for red). One lane
may containmore than one link, for example, one for vehicles
turning right and one for vehicles continuing straight.
The state of a TLS is defined as a string of characters. Each

character describes one link controlled by the TLS.When the
position of the character and the lane at which the vehicle is
located match, the state is verified. Then, two variables called
𝑡min and 𝑡max are defined. 𝑇min contains the minimum
time until the traffic light is green, defining the exact moment
at which it would change from red to green. 𝑡max contains the
time at which the next green phase will end.
Based on the performed calculations several messages

regarding a recommended velocity for the UCV were dis-
played in the dash board screen. The messages displayed
depended on the value returned by the TLA algorithm and
the corresponding calculated velocity based on the distance
of the UCV to the traffic light. If this distance was smaller
than 80meters, the GLOSA algorithmwas computed and the
correspondent message to reach the traffic light in the green
phase from the list below was conveyed to the driver.

(i) Actual speed is optimal.
(ii) Speed needs to be decreased.
(iii) Speed needs to be increased according to the recom-

mended range.
(iv) The system informs of a necessary stop at traffic

light due to the long duration of the red phase in
combination with the speed calculated by the al-
gorithm.

Figure 2 shows one example for a message that recom-
mends reducing velocity in order to reach the traffic light in
the green phase.

5. Experimental Procedure

In order to test the performance of the TLA system, exper-
iments were performed on drivers under lab-controlled
conditions. After being welcomed, each participant was given
a brief explanation of the tasks to perform in the simulator.
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(1) //--Mode 0:
(2) false, // direction 1 red
(3) false, // direction 1 yellow
(4) true, // direction 1 green
(5) //Mode 0: Direction 1: Green
(6) //
(7) if (traffic lights mode == 0)
(8) {
(9) direction time = 50; //
(10) traffic lights counter += Time.deltaTime
(11) ∗ 2.0f;
(12) if (traffic lights counter >= 2.0f
(13) ∗ direction time)
(14) {
(15) traffic lights mode = 1;
(16) traffic lights counter = 0.0f;
(17) }
(18) }
(19) //-- set direction 1 light green
(20) if (traffic lights status table
(21) [(traffic lights mode ∗ 3) + 2 +
(22) ((int)(crossway direction) ∗ 3)] == true)
(23) {
(24) traffic light renderer.transform
(25) .GetComponent
(26) <Renderer>().materials [4]. color =
(27) new Color (1.0f, 1.0f, 1.0f, 1.0f);
(28) if (use real lights == true)
(29) {
(30) lightsource green1.
(31) GetComponent<Light>()
(32) .enabled = true;
(33) if (traffic light type single
(34) == false)
(35) {
(36) lightsource green2.
(37) GetComponent<Light>()
(38) .enabled = true;
(39) }
(40) }

Algorithm 2: Green light algorithm.

They then drove for five minutes in order to get familiarized
with the simulation platform. The flow chart of Figure 3
depicts the experimental procedure. A total of 25 participants
aged between 21 and 55 completed the experiment (mean age
= 27.5, SD = 9.2, 64% male, 36% female). They were asked to
follow the traffic rules and to not exceed the speed limit for
an urban area of 40 km/h. All participants followed the route
directions displayed on the dash board as they would with a
navigation system.
In Scenario 1, the TLA ADAS system was not activated;

therefore the data were logged for a representation of the
baseline condition. Once the participants reached the end
of the route, Scenario 2 with the activated TLA system was
loaded and the corresponding data logged (see example in
Figure 2). The duration of each phase was 15 minutes. When
the experiment was completed, each participant was asked
to fill out a questionnaire to rate their experience with the

simulator and the efficiency of the system implemented.
Figure 4 shows a participant during the experiment with the
TLA system activated.

5.1. Data Acquisition and Processing. The pertinent data for
testing the hypotheses were logged. First, the state and
remaining phase time of the link at which the UCV was
placed was retrieved and stored. Additional data related to
theUCV regarding speed, distance, and timewere logged and
stored in a SQLite database. The data were then processed to
calculate the main metrics from the simulation experiments:
driver’s average speed, total traveled time, delay or waiting
time at traffic lights, CO2 emissions, and number of stops.
In order to calculate the CO2 emissions, a method was

used relying on the speed-based model proposed by the
National Institute for Land, Infrastructure and Transport
(NILIM) [23]. This model is based on the size and weight
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(1) Find the closest traffic light
(2) Calculate distance and time to traffic light 𝑇TL
(3) Check phase at 𝑇TL
(4) if GREEN then
(5) Continue trip
(6) Target speed (𝑈𝑡) = 𝑈max
(7) else if RED then
(8) Calculate remaining red time (𝑇red)
(9) Calculate target speed for 𝑇red+ 𝑇TL: 𝑈𝑡
(10) else if YELLOW then
(11) Calculate remaining yellow time (𝑇yellow)
(12) Check for possible acceleration
(13) Calculate target speed for 𝑇yellow + 𝑇red + 𝑇TL: 𝑈𝑡
(14) end if
(15) Advisory speed = max(𝑈𝑡, 𝑈min) & min(𝑈𝑡, 𝑈max)

Algorithm 3: GLOSA algorithm [5].

Figure 2: TLA system conveying information regarding a decrease
of the current UCV velocity.

Instructions

Familiarization phase

Scenario 1:
without TLA
system

Scenario 2:
with TLA
system

Posttask
questionnaire

Figure 3: Flow chart of the experimental procedure.

Figure 4: Participant performing experiment with TLA system
activated.

of the vehicle in question (small and large), the average
speed of the vehicle, and the distance traveled. A Mini
Cooper was used as the UCV in the simulation; therefore the
approximation for a small vehicle was used to determine the
CO2 emissions as described in (1) [13].

(i) EFCO2(𝑉𝑖) = emission factor of CO2 per unit distance.
(ii) 𝑉𝑖 = average travel speed of vehicle 𝑖.
(iii) 𝑎1, 𝑎2, 𝑎3, and 𝑎4 = parameter:

EFCO2 (𝑉𝑖) =
𝑎1
V𝑖
+ 𝑎2V𝑖 + 𝑎3V

2

𝑖
+ 𝑎4. (1)

The resulting equation for the total amount of CO2
emissions of a vehicle is as follows: 𝐸CO2𝑖 = EFCO2(V𝑖)𝑥𝑖,
where 𝑥 is the total distance traveled. Figure 5 [13] shows the
relationship between average speed and CO2 emissions.
An approximation of the curve for the small vehicles was

written into theC# program language in order to calculate the
CO2 throughout the evaluation of the simulator.The variables
were logged into the database.
Regarding the collection of data related to the qualitative

evaluation of the system, a Likert scale was used with values
that ranged as follows: 1 = strongly disagree to 5 = strongly
agree. The questionnaire asked the participants to rate the
following four elements:

(1) Effect of the TLA on the driver’s behavior
(2) Satisfaction with the messages displayed by the TLA
system

(3) Performance of the TLA system
(4) Distraction level of TLA
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Table 1: Driving performance depending on the activation of the TLA.

W/o TLA W/TLA 𝑇-test (𝛼 = 0.05)
Mean SD Mean SD 𝑝 𝑡(24)

Travel time (s) 398 52.57 370.2 43.8 3.19 0.0038∗∗

Delay (s) 108.59 35.82 71.38 26.64 6.82 4.69𝑒 − 7∗∗∗

Speed (kmh−1) 19.16 2.57 20.4 2.2 −2.88 0.008∗∗

CO2 (mg) 411.91 28.12 406.33 22.11 1.19 0.24
Stops no. 13.6 3.88 8.88 4.4 5.66 7.69𝑒 − 6∗∗∗
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Figure 5: Relationship between average speed and CO2 emissions
according to [13].

5.2. Data Analysis. Metrics related to driving performance
were compared using the paired 𝑡-test to determine whether
the TLA system improved driver performance and to draw
conclusions about the impact of the proposed ADAS system.
The test calculates the difference within each before-and-
after pair of measurements, determines the means of these
changes, and reports whether this mean of difference is
statistically significant.
The 𝛼 level of significance used for the performance of the
𝑡-test was 0.05. The following steps were followed in order to
test the validity of the null hypothesis [24]:

(i) Calculation of the sample difference mean (𝑑) is as
follows. In order to get this value, the difference
between each value of the observed paired driving
metrics from the different scenarios (𝑋 and 𝑌) was
calculated (see equation (2) [24]).

𝐷𝑖 = 𝑌𝑖 − 𝑋𝑖.

𝑑 = 1
𝑁
∗
𝑛

∑
𝑖=0

𝐷𝑖
(2)

(ii) Calculation of the standard deviation of the difference
(𝑆𝑑) in order to calculate the standard error of the
mean difference (SE(𝑑)) is as follows. SE(𝑑) = 𝑆𝑑/𝑁,
where𝑁 is the strength of the sample.

(iii) Calculation of the 𝑡-statistics (𝑇) is as follows. This
calculation follows a 𝑡-distribution with (𝑁 − 1)
degrees of freedom under the null hypothesis.

𝑇 = 𝑑
SE (𝑑)
. (3)

The 𝑇 value is compared with the 𝑇(𝑁 − 1) distribu-
tion using the table of the 𝑡-distribution, which gives
the 𝑝 value for the paired 𝑡-test.

The 𝑝 value determines whether the results are statis-
tically significant or not. The null hypothesis can only be
rejected when the 𝑝 value obtained is smaller than the
significance value (0.05).

6. Results

6.1. Quantitative Evaluation. The total time traveled, average
speed, total time waiting at red lights, number of stops at traf-
fic lights, and CO2 emissions were the parameters measured
during the experiments. Table 1 shows the comparison of the
mean values and the standard deviation between the scenario
without the TLA and the scenario with the TLA system. The
average values of CO2 emissions were very similar. However,
there was a slight reduction of 3% with the TLA system
activated. By implementing the TLA system the total time
spent completing the route was remarkably reduced. This
difference in time was statistically significant with respect
to the one obtained without the TLA system. Regarding the
number of stops at traffic lights, 20 traffic lights were placed
throughout the scenario. Without the implementation of the
TLA system, the average number of stops per participant was
13.6 (68% of the traffic lights), whereas with the help of the
TLA system, the average number of stops was reduced to
8.88 (44.4%). Due to this fact, the total time spent waiting
for the traffic light to change to its green phase was reduced
in 34.22%.
Figure 6 shows how the activation of the TLA produces

an increase in the average speed and a decrease in the rest of
the indicators. Figure 7 shows the efficiency improvement by
comparing the variables in both scenarios.

6.2. Correlations. Correlation matrices between the moni-
tored indicators in Scenarios 1 and 2 are shown in Tables 2
and 3. The values correspond to the Spearman correlation
coefficient between each pair of variables.
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(a) Scenario 1 (with Traffic Light Assistance (TLA))
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(b) Scenario 2 (without TLA)

Figure 6: Scatter plots for each pair of the results for both scenarios, showing the relationships between each pair of variables. The diagonal
(the relationship between a variable and itself) represents the histogram of the variable on its own domain.

Table 2: Correlation matrix between the monitored indicators in Scenario 1.

Total time Delay Avg. speed CO
2

Stops no.
TotalTime 1.000000 0.757185 −0.986162 0.809822 0.558153
Delay 0.757185 1.000000 −0.730260 0.341748 0.748499
AveSpeed −0.986162 −0.730260 1.000000 −0.820531 −0.516156
CO2 0.809822 0.341748 −0.820531 1.000000 0.228826
Stops no. 0.558153 0.748499 −0.516156 0.228826 1.000000

Scenario 1 Scenario 2

Travel time (s)

＃／2 (mg)
Speed (kmＢ

−1)

500

400

300

200

100

0

Stops no.
Delay (s)

Figure 7: Comparison of the average variable values in Scenario 1
(with TLA) and Scenario 2 (without TLA).

Figure 8 depicts the correlations between the variables
in Tables 2 (Scenario 1) and 3 (Scenario 2). Although both
graphs seem to maintain similar correlations, Figure 8(a)

shows a decrease in the impact of the average velocity on
CO2 emissions in Scenario 1. This behavior is a consequence
of the TLA activation, and it has an effect on the decrease
of delays, producing on the one hand an increase in average
speed and, on the other hand, more constant regimes that
reduce acceleration and jerks, therefore lower emissions and
fuel consumption.

6.3. Qualitative Evaluation. Results regarding the qualitative
evaluation showed that almost all of the participants were
able to understand the messages displayed by the system. 3
participants (12%) did not follow the recommendations of
the system because they were engaged in observing the sur-
rounding scenario. Seven participants (28%) felt distracted by
the TLA system, the mean value obtained for the subjective
distraction level being 3.08 (Likert scale range 1 = strongly
disagree to 5 = strongly agree).
The participants rated the system as helpful and useful,

the mean value obtained being 4.12. A graphical represen-
tation of the ratings obtained from the postquestionnaire
is shown in Figure 9. Some extra comments and possible
improvements to the TLA system were recorded. For exam-
ple, one participant mentioned that speed advice messages
could also be triggered as audio messages instead of visual
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Figure 8: Graphical representation of the correlations depicted in Tables 2 (Scenario 1) and 3 (Scenario 2).

Table 3: Correlation matrix between the monitored indicators in Scenario 2.

Total time Delay Avg. speed CO2 Stops no.
TotalTime 1.000000 0.894721 −0.980759 0.699022 0.734660
Delay 0.894721 1.000000 −0.907758 0.383627 0.725905
AveSpeed −0.980759 −0.907758 1.000000 −0.675797 −0.755984
CO2 0.699022 0.383627 −0.675797 1.000000 0.513207
Stops no. 0.734660 0.725905 −0.755984 0.513207 1.000000
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Figure 9: Ratings obtained from the qualitative postquestionnaire.

messages, even if the information conveyed would have
to be expressed in a more complex manner. Additionally,
20% of the participants made the suggestion of placing
the TLA system in a higher position, to have the mes-
sages at a more optimal point within the driver’s field of
view.

7. Discussion

The driving performance metrics measured and logged
throughout the simulator experiments were total traveled

time, delay orwaiting time at traffic lights, average speed, CO2
emissions, and number of stops.
The travel distance for each participant was around 2.1 km

whereas, in [5], the travel distance was less than 1 km.
The maximum speed permitted for driving was 40 km/h
as the scenario was developed in an urban area. Drivers
were focused on not exceeding this limit. At the beginning
of the experiments, participants were familiarized with the
pedals and steering wheel and became accustomed to the
manner in which the messages that signaled the route were
presented.
The mean number of stops without the TLA activated

was significantly higher than with the system activated, the
TLA system thereby having a significant impact on the drivers
behavior.
With the activation of the TLA system, the waiting time

or delay was drastically reduced by 34%. Previous literature
showed a reduction of 30% [15]. Additionally, the total time
of the journey was reduced because participants were able
to avoid red lights. The total travel time was reduced by
9% when using the TLA system, meaning a shorter time
than in [15]. The difference in the number of traffic lights,
length of the path, and maximum permissive speed in both
experiments were the factors which influenced the difference
in total traveled time.
There was an interrelation between the travel time and

the average velocity. With the implementation of the TLA
system, driving performance metrics like waiting time at
traffic lights or delay and total travel time were reduced in
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comparison with the scenario without the proposed system,
which resulted in an increase in the average speed.
Results regarding CO2 emissions showed that the vari-

ation was proportional to the difference between the mean
speeds obtained. Similar results were obtained in [15] regard-
ing CO2 and average speed.
The purpose of the postquestionnaire was to confirm that

the proposed system was suitable for further experiments.
Based on the opinion of the participants, the experience with
the system was very satisfactory. The lowest value within
the questionnaire was obtained from the level of distraction
caused by the system. However, participants considered the
messages clear and intuitive.

8. Conclusion and Future Work

We presented in this work the design and implementation
of an in-vehicle TLA system which provides speed advice
regarding optimal velocity when approaching an intersection
controlled by a traffic light. In order to implement the TLA
system, a driving simulator was developed. This simulation
consisted of software components based on SUMOandUnity
3D.
The defined hypothesis was tested and according to the

results, the alternative hypothesis H1: the TLA system that
conveys the optimal velocity for approaching an intersection
reduces the time waiting at a traffic light and the total time
spent to reach the destination and also improves traffic flowwas
accepted.
The validation of the simulator was achieved through

the high participant ratings. They did not find the system
irritating and they described it as useful and helpful. In
conclusion, the proposed system had positive effects on the
drivers’ behavior and its performance was satisfactory.
The potential of TLA systems has been demonstrated in

this work. However, opportunities for extending the scope of
this work beyond its current state remain.The UCV retrieves
the data directly from the control management center that
maintains control of the operation of the traffic lights. The
development of a new scenariowith traffic lights and attached
RSU in order to directly communicate with vehicles will
follow in future work. To this end systems that enable the
preparation and execution of V2X simulations (i.e., VSimRTI
[25]) can be used to take advantage of existing libraries to
communicate with SUMO.
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Self-driving cars are attracting significant attention during the last few years, which makes the technology advances jump fast
and reach a point of having a number of automated vehicles on the roads. Therefore, the necessity of cooperative driving for these
automated vehicles is exponentially increasing. One of themain issues in the cooperative driving world is theMultirobot Task Allo-
cation (MRTA) problem.This paper addresses the MRTA problem, specifically for the problem of vehicles and requests allocation.
The objective is to introduce a hybrid optimization-based approach to solve the problem of multiple intelligent vehicles requests
allocation as an instance of MRTA problem, to find not only a feasible solution, but also an optimized one as per the objective
function. Several test scenarios were implemented in order to evaluate the efficiency of the proposed approach.These scenarios are
based on well-known benchmarks; thus a comparative study is conducted between the obtained results and the suboptimal results.
The analysis of the experimental results shows that the proposed approach was successful in handling various scenarios, especially
with the increasing number of vehicles and requests, which displays the proposed approach efficiency and performance.

1. Introduction

Self-driving cars could revolutionize how people get around;
with the introduction of automation into roads, it will
contribute to solving the issues related to the traffic acci-
dents, congestion, and energy consumption. The driverless
vehicle technologies are advancing on a great scale, specifi-
cally the multiple sensors fusion techniques, deep learning,
and computational intelligence. Together, they enable these
vehicles to understand the nearby surroundings and take
appropriate actions to navigate on their own from one point
to another.The technology does not stop at vehicle being fully
automated; however multiple of them cooperate together to
achieve smoother driving operation [1–3].

Researchers in the Intelligent Transportation Systems
(ITS) field are investing more time on the self-driving cars
research and development [4–6]. However, during the last
decade, Multirobot Systems (MRS) fell under the research
attention of the ITS community.This increased interest comes
from the significant advantages andhigher potential provided
by MRS over single robot systems. MRS can be simply

understood to be a group of robots cooperating together
for accomplishing a certain task or mission [7, 8]. With
reference to the literature review survey, the coordination
and cooperation among multiagent systems can be modeled
as Multirobot Task Allocation (MRTA) problem. MRTA is a
NP-hard problem, which concerns the use of the available
resources in an efficient manner. Accordingly, the decision
of which robot will do which task strongly affects the
performance of the system [9, 10].

Accordingly, this paper introduces a hybrid optimization-
based approach to solve the MRTA problem. This approach
can coordinate among several intelligent vehicles and aid in
the cooperation for better overall performance. The algo-
rithm is implemented on automated golf carts and tested
in off-road environments in real-life scenarios. Moreover,
in order to prove the proposed solution efficiency, several
experiments are carried out over well-known benchmarks.
The benchmarks optimal solution is obtained after hundreds
of hours of computations. The proposed approach was able
to obtain a near-optimal solution in a matter of seconds.This
proves the proposed approach high performance.
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The remainder of the paper is organized as follows:
Section 2 presents the previous work in the field of multiple
automated vehicles and the allocation problem, followed
by Section 3, which introduces the problem formulation,
solution constraints, objective function, and the proposed
solving hybrid approach. In Section 4, the used platform
is described, along with the experimental setup in the
designed architecture, selected scenarios, and the evaluation
metrics. Results and discussion are illustrated in Section 5.
Finally, the conclusion and future work are summarized in
Section 6.

2. Related Work

Autonomous cars are becoming more frequent in nowadays
scientific and industrial context, since Google launched
their driverless car project in 2011 [4]. From then onwards,
many other approaches proposed different architectures and
solutions, all of them moving towards the development of
the autonomous vehicle. For instance, Mercedes with the
Bertha project proved the viability of autonomous vehi-
cles in German roads based on advance sensing capabil-
ities [11]. The V-Charge project researches in the direc-
tion of allowing automated valet parking for self-driving
cars [12]. Moreover, several vehicle manufacturers have
proposed different solutions in the field of autonomous
vehicles which are close to markets, such as BMW and
Audi [13], Mercedes-Benz [14], and Volvo [15]. Further-
more, several other proposals offer the possibility of includ-
ing autonomous vehicles in public transportation systems
[5, 6].

The self-driving technology is advancing rapidly, but in
order to safely deploy vehicles on public roads, cooperation
with other road users is mandatory. This cooperation would
allow the safe interaction with other vehicles, whether with a
human driver or driverless. Although some of the proposed
solutions already handle the presence of other vehicles in
the road [16–18], by handling static and dynamic obstacles
and adapting the trajectory accordingly, the cooperative
driving is not yet achieved. Cooperative driving demands the
information exchange and control strategies deployed in all
the vehicles involved following a two-way communication. In
this sense, during recent years many works have addressed
this topic, trying to provide solutions based on different
configuration and solutions.The Grand Cooperative Driving
Challenge 2016 was created with the purpose of boosting
cooperative automated vehicles in the form of a cooperative
based competition [19]. On the one hand, authors in [20] pre-
sented an auction-based cooperative control for autonomous
vehicles; on the other hand, authors in [21] proposed an
approach to enhance common motion planning algorithms;
this proposal allows cooperation with human-driven vehi-
cles. Additionally, a novel concept is presented, based on a
centralized strategy, using maneuver templates, which are
formalized collaborative maneuvers, to select cooperative
driving strategies [22]. All this work proves the importance of
collaboration and communication among vehicles to allow a
safe and efficient deployment of autonomous vehicles really
in driving scenarios.

Since cooperation is essential amongmultiple vehicles on
the road, coordination becomes the first issue to solve. In
the MRS, the question of which robot is going to execute
which task is answered through task allocation problem,
which is commonly known as MRTA problem. By review-
ing the literature, it was found that different optimization
approaches have been used in order to solve the general
task allocation problem and were also used in order to
solve the MRTA problem. In [23], a mixed integer linear
programming optimization approach was used in order to
allocate heterogeneous robots for maximizing the coverage
area of the regions of interest. In [24], a simulated annealing
approach was used to solve the allocation of MRS through
formulating the MRTA problem as multi-Traveling Salesmen
Problem (mTSP). Then in [25], a market-based approach
was proposed to solve the MRTA problem for heterogeneous
robots and task formulated as mTSP. Moreover, the task
allocation problemwas also solved using hybrid optimization
approaches such as the tabu search with random search
method in [26] and tabu search with noising method in
[27].

3. Methodology

In this section, the MRTA problem modeling and formula-
tion are introduced, followed by the selected objective cost
function. Afterward, the proposed algorithm is described,
highlighting the main contribution. MRTA problem [7] is
formulated to allocate multiple robots, in this case, vehicles,
to numerous tasks, in this case, requests. The procedures are
summarized as follows:

(1) Given a set of 𝑛 vehicles, 𝑉 = {𝑉1, 𝑉2, . . . , 𝑉𝑛}.
(2) Given a set of 𝑚 requests, 𝑅 = {𝑅1, 𝑅2, . . . , 𝑅𝑚}.
(3) Allocation of the requests to the vehicles occurs, 𝐴 :

𝑅 → 𝑉.
(4) Output set 𝑆 is the best allocation of the requests to

the vehicles:

𝑆 = {(𝑉1 𝑅1) (𝑉2 𝑅2) ⋅ ⋅ ⋅ (𝑉𝑘 𝑅𝑘)}
for 1 ≤ 𝑘 ≤ 𝑚. (1)

(5) Allocation 𝑆minimizes or maximizes a certain objec-
tive function in order to get the best performance of
the system.

3.1. ProblemFormulation. Avariant ofmTSP is used tomodel
MRTA problem. In the standard mTSP formulation, 𝑛 nodes
are defined with the edges distances and 𝑚 salesmen are
known. The salesmen are required to cover all the available
nodes and return back to their starting node, such that each
salesman makes a round trip. The mTSP can be formally
defined on a graph 𝐺 = (𝑉, 𝐸) where 𝑉 is the set of 𝑛 nodes
and 𝐸 is the set of edges. Let 𝑐 = (𝑐𝑖𝑗) be the distance matrix
associated with 𝐸. Assuming the more general case which is
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an asymmetric mTSP, thus 𝑐𝑖𝑗 ̸= 𝑐𝑗𝑖 ∀(𝑖, 𝑗) ∈ 𝐸. The mTSP can
be formulated as follows [9]:

𝑥𝑖𝑗 = {
{{

1 if edge (𝑖, 𝑗) is used in the tour

0 otherwise
(2)

minimize
𝑛

∑
𝑖=1

𝑛

∑
𝑗=1

𝑐𝑖𝑗 × 𝑥𝑖𝑗 (3)

𝑛

∑
𝑗=2

𝑥1𝑗 = 𝑚 (4)

𝑛

∑
𝑗=2

𝑥𝑗1 = 𝑚 (5)

𝑛

∑
𝑖=1

𝑥𝑖𝑗 = 1, 𝑗 = 2, . . . , 𝑛 (6)

𝑛

∑
𝑗=1

𝑥𝑖𝑗 = 1, 𝑖 = 2, . . . , 𝑛 (7)

𝑥𝑖𝑗 ∈ {0, 1} , ∀ (𝑖, 𝑗) ∈ 𝐸 (8)

∑
𝑖∈𝑆

∑
𝑗∈𝑆

𝑥𝑖𝑗 ≤ |SubTour| − 1,

∀SubTour ⊆ 𝑉 \ {1} , SubTour ̸= 𝜙,
(9)

where (3) represents the objective function which is the
summation of the total distance traveled, (4) and (5) ensure
that exactly 𝑚 salesmen departed their starting node and
returned back. Equations (6), (7), and (8) are the usual
assignment constraints. Finally, (9) is the subtour elimination
constraint.

The proposed formulation is extended and adapted to
the problem, where vehicles represent the salesmen and
requests represent the cities. Therefore, vehicles capabilities
and requests requirements are considered and included in the
mTSP implementation.The added features of the vehicles are
capacity, velocity, energy, efficiency, and sensors, and the ones
for the requests are timestamp, priority, and passengers.

Where the vehicle capacity is the maximum number of
passengers that it can hold, the velocity is a representation of
the maximum speed it can reach, the energy is a representa-
tion of the battery level, the efficiency is a representation of
the aging factor, and finally the sensors are a set of on-board
devices to consider the vehicles as heterogeneous robots. On
the other hand, the request timestamp is the date and time
of the request creation, the priority is a representation or the
request urgency based on the request type, and passengers are
a representation of the number of users for the request.

3.2. Solution Construction. The solution is constructed as a
set that includes a list of all vehicles in the system, followed
by their assigned requests. The order of the list defines the
quality of the solution according to the objective function. For
example, for a problem with three vehicles and five requests,

one of the possible candidate solutions is represented as
follows:

Candidate Solution

= [𝑉1 𝑅1 𝑅2 𝑉2 𝑅3 𝑅4 𝑉3 𝑅5] . (10)

Any combination of this list presents another candidate
solution, and since the mTSP is a permutation problem,
therefore the order of this list affects the quality of the solution
as per the objective function. The order implies that each
vehicle is going to execute all requests succeeding it. In
candidate solution (10), requests 1 and 2 are executed by
vehicle 1, requests 3 and 4 are executed by vehicle 2, and finally
request 5 is executed by vehicle 3.

3.3. Objective Function. Although the MRTA problem is
formulated as an instance of the mTSP, the same objective
function of the mTSP previously explained in (3) cannot
be straightforwardly used as the objective function for the
MRTA problem. Therefore, some variations had to be intro-
duced to the objective function of the mTSP in order to be
effectively used for the MRTA problem [28].

There are three main variations of the MRTA problem
objective function compared with the mTSP objective func-
tion. First, it is a multiobjective function instead of a single
objective function, second, the variable to be minimized is
the time rather than the distance, and, third, the time of
the maximum subtour is minimized rather than the total
time, thus dealing with it as a MinMax problem. Then, for
𝑘 subtours and 𝑟 requests in each subtour, the total traveling
time is calculated as follows:

𝑓 (x)

= arg max
𝑗∈{1,2,...,𝑘}

∑𝑟−1𝑖=1 distance (subtour𝑗𝑖 , subtour𝑗𝑖+1)
vehicle velocity𝑗

+ arg max
𝑗∈{1,2,...,𝑘}

∑𝑟𝑖=1 execution time (subtour𝑗𝑖)
vehicle efficiency𝑗

.

(11)

3.4. Solution Constraints. Although any arrangements of the
vehicles and requests solution set are considered as a candi-
date solution for the mTSP problem, this does not guarantee
that this solution is feasible for theMRTAproblem.Therefore,
few constraints are applied to the obtained solution, to ensure
its validity and feasibility, which means checking whether the
vehicle capabilities and request requirements are matching.

The first constraint is related to the capacity; for example,
a vehicle with a maximum capacity of 4 passengers can-
not handle a request of 6 passengers in one go; thus the
request is decomposed into several requests and reallocated
accordingly. The next constraint is the energy; the vehicle
battery level is always taken into consideration before the
final allocation of the request, since if the vehicle does not
have sufficient energy for a specific request, it is reallocated
to another vehicle. Another constraint is the priority level of
the request, which implies that some requests, maintenance
request, for instance,must be executed first. Last but not least,
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there is a constraint related to themounted on-board sensors,
which check if the request requires the presence of a specific
sensor in the vehicle.

These applied constraints strongly affect the search space
of the problem through decreasing the number of candidate
solutions that can be accepted as feasible solutions. One may
think that this decrease of the number of feasible solutions
among the candidate solutions may make it easier for the
applied algorithm to find the best solution than the case
without the constraints. However, these applied constraints,
in fact, make it more difficult and more time consuming to
find the best solution. This is mainly because the algorithm
will be visiting a large number of solutions that are candidate
solutions of the mTSP but are not feasible to solve the MRTA
problem.

3.5. Proposed Algorithm. The proposed solution is designed
as metaheuristic optimization algorithm. It is a hybrid
approach, which is based on both trajectory-based and
population-based techniques.The trajectory-based one is the
family of optimization techniques that use a single solution
throughout the algorithm, in order to find the near-optimal
solution. While the population-based one is the family of
optimization techniques that iteratively transforms a set of
solutions, in order to generate a new population of solutions
with the aim of finding the near-optimal solution [29].

On the one hand, SA was selected as a trajectory-
based approach, where the neighboring operator is ran-
domly chosen at each iteration for diversity. The mutation
operators are swapping, deletion and insertion, inversion,
and scrambling. On the other hand, genetic algorithm (GA)
was selected as the population-based approach, where the
selectedmutation operators are the same; however, additional
crossover operators are selected, which are partially mapped
crossover and order crossover.

The swapping operator chooses two random elements of
the solution list and swaps them with each other. Deletion
and insertion operator chooses a random element and deletes
it from its current position and randomly inserts it in a
new position. The inversion operator chooses two random
positions and inverts the order of elements between these
two positions. The scrambling operator picks two random
positions and scrambles the elements between these two
positions. Figure 1 illustrates an example of all proposed
operators, where positions 1 and 6 are selected as the two
random elements. At each iteration, one of the four mutators
is randomly chosen in order to generate a neighboring solu-
tion of the current solution. The four methods vary in their
diversification and intensification effect on the generated
neighboring solution.

The crossover operator is the mimicking of the biological
recombination between chromosomes, when some portion
of the genetic material is swapped between chromosomes
producing a new offspring chromosome. On the one hand,
in the partially mapped crossover, two points are selected
at random in both parents solutions and the offspring is
created by exchanging the in-between chromosomes. On
the other hand, in the order crossover a portion of one
parent is mapped to a portion of the other parent; then from

Candidate solution 

Swapping

Deletion & insertion 

Inversion 

Scrambling

V1 R1 R2 V2 R3 R4 V3 R5

V1 V3 R2 V2 R3 R4 R1 R5

V1 R2 V2 R3 R4 V3 R1 R5

V1 V3 R4 R3 V2 R2 R1 R5

V1 R3 R4 V3 R2 R1 V2 R5

Figure 1: Example for the mutation operators.

Parent solution 1
V1 R1 R2 V2 R3 R4 V3 R5

Parent solution 2
V2 R2 R5 V3 R1 R3 R4 V1

Partially mapped crossover

Order crossover

V3 R5 R2 V2 R3 R4 R1 V1

V3 R1 R2 V2 R3 R4 V1 R5

Figure 2: Example for the crossover operators.

the replaced portion onwards, the rest is filled up by the
remaining genes, where already present genes are omitted and
the order one is preserved. Figure 2 illustrates an example of
proposed crossover operators, where positions 2 and 5 are
selected as the two random elements. At each iteration, one
of the two crossover mutators is randomly chosen in order
to generate a neighboring solution of the current solution.
Additionally, the random choice of the used operator gives
the algorithm both the explorative and exploitative features
that are useful in escaping localminimumandfinding a better
solution through searching in the neighbors of elite solutions,
respectively.

The algorithm is used to solve the formulated model of
the MRTA problem. Inputs are the list of the requests with
their requirements, the list of vehicles with their capabilities,
and thematrix of the distances between the points of interests
of the requests locations. At each iteration of the algorithm, a
solution is constructed to be evaluated; initially, it is random.
The initial solution set is always filled with random elements
of the requests list and the vehicles list until both lists are
empty; the only constraint is that the start of the solution
must be an element of the vehicles list. After the construction
of the initial candidate solution or any other neighboring
solution through the algorithm iterations, the feasibility of
this solution must be checked, according to the solutions
constraints that are previously explained in Section 3.4.
As the algorithm progresses, neighboring solutions of the
current solution must be generated in order to explore
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the search space of the problem. Algorithm 1 presents the
proposed algorithm used to solve the MRTA problem in this
paper.

Here the parameters can be defined as follows:

(i) 𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡 is the list with parents solutions.
(ii) 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛𝐿𝑖𝑠𝑡 is the list with children solutions.
(iii) 𝑛𝑒𝑥𝑡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝐿𝑖𝑠𝑡 is the list with next generation

solutions.
(iv) 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟 is the number of iterations.
(v) 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 is the elitism percent.
(vi) 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑆𝑖𝑧𝑒 is the population size.
(vii) 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 is the initial temperature.
(viii) 𝑓𝑖𝑛𝑎𝑙𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 is the final temperature.
(ix) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 is the current temperature.
(x) 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 is the number of iterations

per temperature decrement.
(xi) 𝛼 is the geometric coefficient.
(xii) 𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 is the transition probability.
(xiii) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 is the current allocation solution.
(xiv) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡 is the current solution cost.
(xv) 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 is the neighbor allocation solu-

tion.
(xvi) 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡 is the neighbor solution cost.
(xvii) 𝑏𝑒𝑠𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 is the best allocation solution.
(xviii) 𝑏𝑒𝑠𝑡𝐶𝑜𝑠𝑡 is the best solution cost.

4. Experimental Work

In this section, the real-world platform is described, followed
by the proposed ROS-based architecture for the multiple
vehicle cooperation. Moreover, it presents the selected sce-
narios along with the chosen evaluation metrics.

4.1. Platform Description. In this work, two automated
vehicles were selected as the platforms for the real-world
experiments. Figure 3 shows the vehicles; they are part of
the Intelligent Campus Automobile (iCab) project. They are
electric golf carts, which are modified mechanically and
electronically for the purpose of fully automated vehicles.

Each vehicle is equipped with multiple on-board sensors,
such as GPS and compass module, stereo-camera, laser-
rangefinder, 3D LiDAR, optical encoders, and ultrasonic
sensors. All sensors are connected to the on-board embedded
computers, which are connected to a 4G router with a
constant Internet connection [30].

The on-board embedded computers use Robot Operating
System (ROS) architecture to carry out numerous technolo-
gies. The architecture is divided into three layers. (1) Low-
level commands are executed in the reactive layer, such as
communicating with sensors and actuators. (2) Communi-
cation between the layers and decomposing the complex task

Figure 3: iCab 1 and iCab 2 automated vehicles platforms.

to simple ones are executed in the sequencer layer. (3) Finally,
high-level commands are executed in the deliberative layer,
which ismainly responsible for environment perception, nav-
igation, planning, localization, and mapping among others
[31].

4.2. Communication and Cooperation Architecture. Com-
munication and cooperation among a team of unmanned
vehicles is a crucial task. Since in case of long duration
missions, or vehicle failure, it is unlikely that a single vehicle
is enough to complete the operation [10], therefore, for the
communication among vehicles, the multimaster fkie pack-
age is used [32]. It combines the required nodes to establish
and manage a multimaster network over the implemented
ROS-based architectures. In order to use the aforementioned
package, vehicles must operate under a common network.
Thus, for secure and stable paradigm, a Virtual Private
Network (VPN) is used to overlay the commonly available
one, which is implemented following the ITSCooperative ITS
(C-ITS) ETSI TR 101 607 V1.1.1 (2013-05) protocol. Detailed
description for using the adopted communication schemes is
explained in [33].

For the cooperation, mrta node is implemented as the
one responsible for handling the task allocation problem.The
inputs for the node are vehicle status topic, vehicle pose topic,
and list of requests topic. The allocation output is published
to the task executor node of each vehicle. The idea of this
node is to decompose the requests allocation into executable
tasks, according to the vehicles capabilities. The objective is
to execute the user transport requests by multiple automated
vehicles, using coordination and cooperation mechanisms.
Passengers use their own smartphones to create a request by
selecting the number of the passengers and the pick-up and
drop-off locations. The transport requests are then stored on
a webserver, which is accessible by every vehicle in the system
[34].

To avoid the centralized paradigm, leader token approach
is proposed. Thus, at each iteration, the vehicles run a
token selection algorithm, which determines the leader token
holder for this loop. The algorithm decision is based on
the vehicle status and current computational load. Only the
leader vehicle communicates with the webserver for the
updates of the requests lists and then publishes it to all other
vehicles in the system. Accordingly, this mechanism ensures
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Input: Requests list 𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑠, Vehicles list V𝑒ℎ𝑖𝑐𝑙𝑒𝑠, Distances matrix 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑠
Output: Best allocation 𝑏𝑒𝑠𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

(1) for 𝑖 ← 1 to 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑆𝑖𝑧𝑒 do
(2) 𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡 ← generateValidSolution(𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑠, V𝑒ℎ𝑖𝑐𝑙𝑒𝑠, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑠)
(3) end
(4)𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← minimumOf(𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡)
(5)for 𝑖 ← 1 to 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟 do
(6) if 𝑖 ≤ 25% of 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟 then
(7) 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 = 20%
(8) else if 𝑖 > 25% of 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟AND 𝑖 ≤ 50% of 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟 then
(9) 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 = 30%
(10) else if 𝑖 > 50% of 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟AND 𝑖 ≤ 75% of 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟 then
(11) 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 = 40%
(12) else
(13) 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 = 50%
(14) end
(15) 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛𝐿𝑖𝑠𝑡 ← crossover(least 20% of 𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡)
(16) 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛𝐿𝑖𝑠𝑡 ← mutation(top 80% of 𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡)
(17) 𝑛𝑒𝑥𝑡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝐿𝑖𝑠𝑡 ← minimum 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 of 𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡
(18) 𝑛𝑒𝑥𝑡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝐿𝑖𝑠𝑡 ← minimum 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 of 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛𝐿𝑖𝑠𝑡
(19) for 𝑗 ← 1 to (100% − 𝑒𝑙𝑖𝑡𝑖𝑠𝑚𝑃𝑒𝑟𝑐𝑒𝑛𝑡 × 2) of 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑁𝑢𝑚𝑏𝑒𝑟 do
(20) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← generateValidSolution(𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑠, V𝑒ℎ𝑖𝑐𝑙𝑒𝑠, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑠)
(21) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡 ← getAllocationCost(𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛)
(22) 𝑏𝑒𝑠𝑡𝐶𝑜𝑠𝑡 ← 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡
(23) while 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 < 𝑓𝑖𝑛𝑎𝑙𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 do
(24) for 𝑖 ← 1 to 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 do
(25) 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← generateNeighborSolution(𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛)
(26) 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡 ← getAllocationCost(𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛)
(27) if 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡 < 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡 then
(28) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
(29) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡 ← 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡
(30) if 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡 < 𝑏𝑒𝑠𝑡𝐶𝑜𝑠𝑡 then
(31) 𝑏𝑒𝑠𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
(32) 𝑏𝑒𝑠𝑡𝐶𝑜𝑠𝑡 ← 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡
(33) end
(34) else
(35) Generate: random number 𝑟𝑎𝑛𝑑𝑜𝑚𝑁𝑢𝑚𝑏𝑒𝑟 ∈ ]0, 1[
(36) 𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = exp(−𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡 − 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡

𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 )
(37) if 𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 > 𝑟𝑎𝑛𝑑𝑜𝑚𝑁𝑢𝑚𝑏𝑒𝑟 then
(38) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
(39) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐶𝑜𝑠𝑡 ← 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝐶𝑜𝑠𝑡
(40) end
(41) end
(42) end
(43) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 = 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ∗ 𝛼
(44) end
(45) 𝑛𝑒𝑥𝑡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝐿𝑖𝑠𝑡 ← 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
(46) end
(47) if minimumOf(𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡) < 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 then
(48) 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← minimumOf(𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡)
(49) end
(50) 𝑝𝑎𝑟𝑒𝑛𝑡𝑠𝐿𝑖𝑠𝑡 ← 𝑛𝑒𝑥𝑡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝐿𝑖𝑠𝑡
(51) end
(52) 𝑏𝑒𝑠𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ← 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

Algorithm 1: Proposed hybrid optimization-based algorithm.
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the consistency and synchronization of the requests through
a distributed paradigm.

4.3. Selected Scenarios. In order to test the proposed
approach, several scenarios are selected in both simulation
and real-world. The simulation scenarios are selected from
well-known benchmarks of mTSP; this is in order to have the
optimal cost available for comparison. Each scenario consists
of a different number of cities, which are distributed over the
environment in various locations.

Figure 4 shows the four selected scenarios, where the
top left one is Christofides/Eilon with 51 cities, top right
one is Berlin (Groetschel) with 52 locations, bottom left one
is Christofides/Eilon with 76 cities, and bottom right one
is Rattled Grid (Pulleyblank) with 99 cities [35, 36]. Each
scenario has only one depot, represented by the red marker
in the graphs.

On the other hand, the real-world scenario was designed
in a way to evaluate the functionality of the proposed solution
and the architecture in the platforms. The scenario involved
three users using the application to create transportation
requests. The three users had different starting points and
different destinations; moreover the request time was close
to others to evaluate how the vehicles are going to respond.
Figure 5 shows the environment map with the vehicles and
passengers locations, the two vehicles are represented with
the golf-cart clip-art, and the passengers representation is
marked in three different colors, with a circular shape of the
same color for the desired destination. The experiment was
video recorded and its results discussion is in the next section.

4.4. Evaluation Metrics. The proposed hybrid optimization-
based solution is used to solve each scenario of the MRTA
problem and the results are recorded for evaluation. In order
to evaluate the quality, two evaluationmetrics are introduced,
which are the allocation cost and computational time.

The first evaluation metric is the allocation cost of the
best allocation found. The allocation cost is calculated based
on the objective function. Thus two allocations costs are
computed, one is the MinMax cost, which represents the
length of the longest subtour in the allocation, and the other
is the total overall cost of all subtours.

The second metric is the computational time required
by the algorithm to reach the best solution. The timer starts
after the databases of the vehicles and requests are read and
stops when the algorithm stops; then the elapsed time is
reported. Since the computational time calculation is based
on the machine, the computer used for all experiments has
the specifications in Table 1.

5. Results

In this section, a comparative study is conducted between the
proposed approach results and the reference optimal results
presented in [35, 36]. The optimal results are obtained for
the four well-known benchmarks, which are described in
the scenarios subsection. The authors in [35] adjusted the
benchmark settings, to have all vehicles located at the depot,
where the vehicles are required to visit all locations in the

Table 1: System specifications.

Processor 4 cores, 4 threads @3.8GHz
Memory 16GB DDR4-2133
Storage HDD 1TB 7200 RPM @3Gb/s

scenario. With the condition that each location is visited
exactly once, vehicles must return to the depot afterward.

Table 2 summarizes all the results from both the optimal
solutions costs, compared to the obtained solutions costs, in
addition to the computational time for the obtained solutions
costs. The optimal costs are obtained using IBM CPLEX; it
took 96 hrs for the eil-51 dataset, 120 hrs for the berlin-52
dataset, 168 hrs for the eil-76 dataset, and 216 hrs for the rat-
99 dataset. On the other hand, the reported values of the
obtained costs are the mean of the 25 experiments of each
scenario.

These results show that the proposed approach was able
to converge to the near-optimal values in much less compu-
tational time, which can actually be considered running in
real-time. For the MinMax costs, Table 3 shows the deviation
errors to the optimal costs, presenting the fact that all errors
are less than 10%. However, the more visible contribution
is that the error is actually decreasing with the increasing
number of vehicles. This proves that the proposed approach
is more capable of handling multiple vehicles and obtaining
more accurate solutions in all tested benchmarks.

Since there are several possibilities for the solutions
permutations, when the MinMax solution is optimized, this
does not guarantee the optimization for the total cost as
well. However, the proposed approach objective function
was designed to take this into consideration. Table 4 shows
the deviation errors from the optimal total costs. The same
behavior of the MinMax costs is quite obvious, where the
more the vehicles introduced to the system, the more capable
the proposed approach to find near-optimal allocations.
Moreover, in the case of berlin-52 dataset, the proposed
approach obtained allocations better than the suboptimal
ones in the case of 5 and 7 vehicles.

The conducted comparative study highlighted the high
performance of the proposed approach in different scenarios
and its scalability in handling multiple vehicles. Therefore,
the proposed approach was able to not only obtain near-
optimal allocations inmuch less computational time, but also
outperform the CPLEX approach in one of the scenarios,
under the same set of constraints and conditions.

Additionally, the real-world experiment was successful
in terms of allocation of the requests and the vehicles
performance to pick up and drop off the passengers, along
with the automated navigation from the starting points to the
destinations. The two iCab platforms were connected via the
V2V communication and once the first request was created
on the webserver, the token-holder vehicle collected the
requests and the available vehicles to start the proposed task
allocation algorithm. The first request was allocated to iCab-
1 and while the vehicle is navigating to the first destination
point, the second request came in, at which the allocation
algorithm output was to allocate it to iCab-1, since this
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Figure 4: mTSP selected benchmark scenarios. Red marker is the depot.

Table 2: Benchmarks comparative results.

Benchmark Vehicles Optimal MinMax Optimal total Obtained MinMax Obtained total Comp. time (sec)

eil-51

2 222.73 444.33 236.49 470.97 124.86
3 159.57 477.15 167.11 498.64 137.06
5 123.96 615.19 129.36 629.64 158.86
7 112.07 762.83 116.87 764.24 182.67

berlin-52

2 4110.21 8217.94 4315.83 8630.19 131.94
3 3244.37 9591.15 3387.35 10115.18 140.97
5 2441.39 12084.90 2509.84 11969.61 163.10
7 2440.92 16768.79 2491.83 15628.95 194.21

eil-76

2 280.85 561.48 307.68 613.75 281.89
3 197.34 587.65 210.97 632.07 292.83
5 150.30 748.43 158.24 772.34 333.45
7 139.62 964.69 143.74 970.42 386.62

rat-99

2 728.71 1456.95 801.68 1603.31 442.96
3 587.17 1751.95 636.41 1903.04 495.36
5 469.25 2336.22 487.71 2399.87 555.85
7 443.91 3074.30 462.59 3135.78 645.43



Journal of Advanced Transportation 9

Figure 5: Environment map with the real-world scenario vehicles
and passengers locations.

Table 3: Deviation errors to optimal MinMax costs.

Benchmark/vehicles eil-51 berlin-52 eil-76 rat-99
2 vehicles 6.18% 5.00% 9.55% 10.01%
3 vehicles 4.73% 4.41% 6.90% 8.39
5 vehicles 4.36% 2.80% 5.29% 3.93%
7 vehicles 4.28% 2.09% 2.95% 4.21%

Table 4: Deviation errors to optimal total costs.

Benchmark/vehicles eil-51 berlin-52 eil-76 rat-99
2 vehicles 6.00% 5.02% 9.31% 10.05%
3 vehicles 4.50% 5.46% 7.56% 8.62
5 vehicles 2.35% −0.95% 3.19% 2.72%
7 vehicles 0.18% −6.80% 0.59% 2.00%

optimizes the overall solution. Therefore, iCab-1 continues
the navigation to the first destination point and then picks up
the second request to continue afterward to the second des-
tination point. The last request was communicated while the
vehicle is navigating and this time the allocation algorithm
assigned it to iCab-2, which was free and able to pick up the
passenger. All computations are executed on the on-board
vehicles computers in real-time, and since the problem was
addressing 2 vehicles and 3 requests in an environment with
12 points of interests, the computational time was approx.
1860 milliseconds for each allocation solution.

6. Conclusion and Future Work

In recent years, the MRS has received a significant con-
sideration from various researchers in the ITS field. This
is due to the fact that MRS can improve the concept of
cooperative driving of automated vehicles. Moreover, since
the number of automated vehicles on the public roads is
increasing, the necessity of MRS is also increasing. One of
the main challenges for the MRS is the task allocation, to

identify which task should be executed by which vehicle,
and it is commonly known as MRTA problem. In this work,
the focus on the MRTA problem was from the aspect of
transportation requests, where users make requests through
a mobile application to be driven from one point to another;
then an automated vehicle in the surrounding takes the job
and so on. The idea of task allocation can be extended to
much more than that to improve the quality of cooperative
driving.

The main intentions of this work are to propose a generic
approach for solving MRTA problem, which not only should
be responsible for providing a solution that is feasible, but
also should be optimized. Since the optimized allocation
enables the appropriate use of all available resources and thus
increasing the overall system performance and decreasing
the costs, accordingly, a hybrid metaheuristic optimization-
based approach is proposed, which combines both the sim-
ulated annealing and the genetic algorithm approaches, to
ensure the exploitation and exploration aspects of the search
space and obtain near-optimal solutions in less computa-
tional time.

Several test scenarios were implemented in order to
evaluate the efficiency of the proposed approach. These
scenarios are based on well-known benchmarks; thus a
comparative study is conducted between the obtained results
and the suboptimal results provided in the previous work
over the same benchmarks. The analysis of the experimental
results shows that the proposed approach was successful in
handling various scenarios, especially with the increasing
number of vehicles and requests, which displays the proposed
approach efficiency and scalability. Additionally, the pro-
posed approach was tested on automated vehicles platforms
in a real-world scenario, at which the vehicles performed the
assigned tasks flawlessly, which proves the functionality of the
approach outside the simulation environment.

While the proposed approach was successful in solving
the MRTA problem and optimizing the solutions of the
benchmarks in significantly less time, there are some aspects
that should be considered for future improvement. The
cooperation architecture is designed to handle heterogeneous
tasks, which means that tasks have specific requirements
that constrain specific vehicles to complete it. Moreover,
heterogeneous vehicles, not only in terms of capabilities, but
also in terms of type, for instance, carry out experiments
with both ground and aerial automated vehicles. Last but
not least, it was assumed that the distance matrix includes
the shortest free paths between the points of interests for
the tasks; however, since the vehicles have already on-board
trajectory planning algorithms, the approach should consider
incorporating this work in the distance calculation.
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described in Section 4.3, is included.The video is played at 3x
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[31] P.Maŕın-Plaza, J. Beltrán, A. Hussein et al., “Stereo vision-based
local occupancy grid map for autonomous navigation in ros,” in
Proceedings of the Joint Conference on Computer Vision, Imaging
and Computer Graphics Theory and Applications (VISIGRAPP),
vol. 3, pp. 703–708, Rome, Italy, Feburary 2016.

[32] S. H. Juan and F. H. Cotarelo,Multi-master ros systems , Institut
de Robotics and Industrial Informatics [master, thesis], 2015.

[33] A. Hussein, P. Marin-Plaza, F. Garcia, and J. M. Armingol,
“Autonomous cooperative driving using v2x communications
in off-road environment,” in Proceedings of the IEEE Interna-
tional Conference on Intelligent Transportation Systems (ITSC
’17), pp. 1–6, 2017.

[34] A. Kokuti, A. Hussein, P. Marin-Plaza, A. de la Escalera,
and F. Garcia, “V2X communications architecture for off-
road autonomous vehicles,” in Proceedings of the 2017 IEEE
International Conference on Vehicular Electronics and Safety
(ICVES), pp. 69–74, Vienna, Austria, June 2017.

[35] R. Necula, M. Breaban, and M. Raschip, “Tackling the Bi-
criteria facet of multiple traveling salesman problem with ant
colony systems,” in Proceedings of the 27th IEEE International
Conference on Tools with Artificial Intelligence, ICTAI 2015, pp.
873–880, Italy, November 2015.

[36] R. Necula, M. Breaban, and M. Raschip, “Performance evalua-
tion of ant colony systems for the single-depot multiple travel-
ing salesman problem,” in Proceedings of the 10th International
Conference on Hybrid Artificial Intelligent Systems, HAIS 2015,
pp. 257–268, Spain, June 2015.



Research Article
Leader-Follower Based Locally Rigid Formation Control

Krishna Raghuwaiya, Bibhya Sharma , and Jito Vanualailai

School of Computing, Information & Mathematical Sciences, The University of the South Pacific, Suva, Fiji

Correspondence should be addressed to Bibhya Sharma; bibhya.sharma@usp.ac.fj

Received 4 August 2017; Accepted 5 December 2017; Published 25 February 2018

Academic Editor: Fernando Garćıa
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This paper addresses motion control of a cooperative intelligent transport system (C-ITS) of nonholonomic mobile robots
navigating a dynamic environment while maintaining a locally rigid formation. We consider the design of acceleration-based
control inputs that govern themotion of cooperative intelligent transport system (C-ITS) using the artificial potential fieldsmethod
for the avoidance of obstacles and attraction to designated targets. The control scheme utilizes a new leader-follower strategy
using Cartesian coordinates to accomplish a collision-free locally rigid formation of an autonomous and intelligent transportation
system.The concepts of virtual parking bays andminimum distance technique (MDT) are utilized to attain prescribed orientations
of the formation at the final destination. The robustness of the control scheme is established by considering the effect noise on the
formation, while the effectiveness of the proposed nonlinear control laws is demonstrated through computer simulations.

1. Introduction

Connected and autonomous vehicles play a huge role in
the transportation industry worldwide and will govern
the industry in the coming years. The connectedness is
governed through vehicle-to-vehicle (V2V) and vehicle-to-
infrastructure (V2I) communication, which is facilitated
using wireless and cellular technologies at current times.
Such key communications of the cooperative intelligent trans-
port system (C-ITS) allow respective shareholders to utilize
information and coordinate task transfers in a cooperative
manner. The networked V2V and V2I interactions deliver
substantial social benefits in terms of safer, traffic-efficient,
cooperative autonomous driving and energy-efficient trans-
portation systems on our roads and highways [1, 2].

Cooperative tasks are more efficiently performed with
desired robustness using multiple robots, which may not be
possible with single robots. The benefits become apparent
when considering distributed tasks, dangerous or hazardous
tasks, and tasks that contain redundancies and when provid-
ing flexibility to task execution and robustness of systems [3–
8]. In addition, there is the added advantage that working
with multiple robots is less expensive than with just one spe-
cialized robot. To date there have been various applications
of the control of C-ITS, for example, collaborative mapping

and planning, search and rescue operations, flocking and
schooling, transportation of large objects, undersea and
space exploration, target seeking, competitive games, service
robots, and military reconnaissance and surveillance [4, 8–
13]. The ability of C-ITS to autonomously navigate in stable
configurations while avoiding obstacles and collisions is also
central to real-world applications [8, 14]. In many applica-
tions, the execution of the task requires formation control
[3], and the accomplishment of the overall operation depends
on each mobile robot operating in a prescribed manner.
Typical examples include carrying a heavy load on roads and
highways, hunting, and enclosing on an enemy to name a few.

The concept of formation control of mechanical systems,
an integrated branch of motion planning and control of C-
ITS, is receiving unprecedented attention from researchers all
over the world for real-world applications [14].The basic idea
of formation control algorithms is to ensure that a group of
mobile robots move effectively as a whole to jointly perform
certain task(s). Examples of formation control tasks include
delegation of feasible formations, establishing formations,
maintaining and mobilizing different formation shapes, and
switching between formations [15]. There are numerous
approaches in literature in relation to the observance of a
prescribed formation of a flock during motion [14]; however,
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split/rejoin maneuvers and rigid formations are the prevalent
approaches. The split/rejoin maneuvers are frequently cited
in flocks of birds, swarms of insects and ants, and herds
of animals. The applications of split/rejoin maneuvers in
the field of robotics include reconnaissance, sampling, and
surveillance. In contrast, rigid formations (globally rigid or
locally rigid) are required in many engineering applications,
for example, parallel and simultaneous transportation of
vehicles or delivery of payloads [12, 14, 16]. Alterations or
distortions in formation must be detected early by a system
and allow for reconfiguration for continued operation [7] in
a locally rigid formation.

In recent literature, a variety of control strategies have
been proposed for formation or cooperative control of
mobile robots and have been roughly categorized into virtual
structure, behavior-based, and leader-follower schemes. The
behavior-based approach normally [3] assigns different pos-
sible behaviors (e.g., formation keeping, obstacle avoidance,
collision avoidance, and target attraction) to each individual
robot. The ultimate action of each robot is determined by
evaluating the comparative importance of each behavior.The
limitation of the behavior-based approach is that it is difficult
to analyze its behavioral performance mathematically and
therefore it is difficult to guarantee system stability [17]. The
virtual structures [6, 18–20] consider the entire formation
as a single virtual rigid body. This networked structure can
then be considered similar to a physical body and thus it is
easy to maintain the formation of the whole group during
maneuvers; that is, the virtual rigid body progresses as a
whole in a given course with some given bearing. In the
leader-follower approach [14, 17, 21–24], one robot in the
multirobot formation, a virtual robot, is assigned the role of
the leader to pursue some team objective, while the follower
robots follow their designated leader. The follower robots
then place themselves relative to the leader and maintain
a predefined offset with a desired relative position [17]. In
[25], Sharma et al. proposed a leader-follower scheme in a
Lyapunov-based decentralized formation control planner for
a swarm of 2-link mobile manipulators. The acceleration-
based controllers ensured a locally rigid formation for the
swarm. Locally rigid formation was achieved by integrating
maximum and minimum interrobot distance bounds with
desired headings in the control scheme.

In this paper, we adopt the architecture of the Lyapunov-
based Control Scheme (LbCS) of [14], an artificial potential
field (APF) method to design attractive and repulsive poten-
tial field functions to control the formation of C-ITS. An
extension to [25], this paper presents a new set of nonlinear
time-invariant control laws through an amalgamation of the
LbCS and a new leader-follower scheme to maintain and
mobilize a locally rigid formation. The limitation of the
approach is twofold; firstly it comes with the disadvantages
of APFs, in particular the local minima, and secondly the
dependence on the lead robot and the poor disturbance
rejection properties [26] of the leader-follower scheme.
However, the novelty of the new approach lies in its ability
to design continuous nonlinear control laws to translate
locally rigid formations of nonholonomic systems tagged
with dynamic constraints. The LbCS controllers are elegant
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Figure 1: Kinematic model of the car-like mobile robot.

and very simple to construct compared to themathematically
and computationally intensive ones in literature, and LbCS
has an in-built process of converting these constraints into
artificial obstacles and incorporating them into the con-
trollers. Finally, the virtual connectivity from the new leader-
follower scheme facilitates diverse tasks compared to merely
cooperative agents [26].

The advantage of the proposed scheme is that it uses
Cartesian coordinate representation to avoid any singular
points as encountered when using polar coordinates, even
though polar coordinate representation may still be simpler
to use. Another advantage of the proposed scheme in this
paper is that it has a dual frame methodology, a new leader-
follower approach, and the assignment of a single target
for the group of vehicles. The overarching framework is a
leader-follower scheme for C-ITS to establish, maintain, and
translate the whole team in a locally rigid formation around
the workplace performing a given task through centralized
control laws. Finally, the treatment of several categories of
obstacles is also included within the algorithm.

2. Vehicle Model

In this section, we derive a new kinematic model for the
leader-follower based formation control of multiple vehicles.
We will consider 𝑛 (𝑛 ∈ N) car-like vehicles in the Euclidean
plane. We let A1 represent the leader and A𝑖 for 𝑖 = 2, . . . , 𝑛
take the role of follower robots. With reference to Figure 1,
adopted from [27], and for 𝑖 ∈ {1, . . . , 𝑛}, (𝑥𝑖, 𝑦𝑖) represents
the Cartesian coordinates and gives the reference point of
each vehicle and 𝜃𝑖 gives the orientation of the 𝑖th car with
respect to 𝑧1-axis of the 𝑧1𝑧2-plane. Moreover, 𝜙𝑖 gives the 𝑖th
vehicles steering angle with respect to its longitudinal axis. 𝐿 𝑖
represents the distance between the centers of the front and
rear axles of the 𝑖th robot, and 𝑙𝑖 is the length of each axle.
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Next, to ensure that each vehicle safely steers past an
obstacle, we adopt the nomenclature of [14] and construct
circular regions that protect the robot. With reference to
Figure 1, given the clearance parameters 𝜖1 > 0 and 𝜖2 > 0, we
enclose each vehicle by a protective circular region centered
at (𝑥𝑖, 𝑦𝑖) with radius 𝑟𝑖 = (1/2)√(𝐿 𝑖 + 2𝜖1)2 + (𝑙𝑖 + 2𝜖2)2.

Furthermore, we assume no slippage condition of the
rear and front wheels of the mobile robots of A𝑖 when in
contact with a rigid surface, that is, the lateral (or tangential)
velocities of the wheels of the cars are assumed to be zero.
We have no slippage (i.e., �̇�𝑖 sin 𝜃𝑖 − ̇𝑦𝑖 cos 𝜃𝑖 = 0) and pure
rolling (i.e., �̇�𝑖 cos 𝜃𝑖 + ̇𝑦𝑖 sin 𝜃𝑖 = V𝑖) of the car-like mobile
robot which generate the nonholonomic constraints on the
system. These assumptions of no slippage and pure rolling
of the car-like mobile robots are essential to generate the
nonholonomic constraints on the system. The kinematics of
the system which inherently capture these nonholonomic
constraints, adopted from [14], are

�̇�𝑖 = V𝑖 cos 𝜃𝑖 − 𝐿 𝑖2 𝜔𝑖 sin 𝜃𝑖,̇𝑦𝑖 = V𝑖 sin 𝜃𝑖 + 𝐿 𝑖2 𝜔𝑖 cos 𝜃𝑖,̇𝜃𝑖 = V𝑖𝐿 𝑖 tan𝜙𝑖 fl 𝜔𝑖,
V̇𝑖 fl 𝜎𝑖1,�̇�𝑖 fl 𝜎𝑖2,

(1)

for 𝑖 ∈ {1, . . . , 𝑛}, and, without any loss of generality,
we assume that 𝜙𝑖 = 𝜃𝑖. In system (1), V𝑖 and 𝜔𝑖 are,
respectively, the instantaneous translational and rotational
velocities, while𝜎𝑖1 and𝜎𝑖2 are the instantaneous translational
and rotational accelerations of the 𝑖th robot.

Now, system (1) is a description of the instantaneous
velocities and accelerations of A𝑖. Let the vector x𝑖 fl(𝑥𝑖, 𝑦𝑖, 𝜃𝑖, V𝑖, 𝜔𝑖) ∈ R5 refer to the position (𝑥𝑖, 𝑦𝑖), orientation,𝜃𝑖, and the velocities (V𝑖, 𝜔𝑖) ofA𝑖 at time 𝑡 ≥ 0.

Now, let

f𝑖 (x𝑖) = (𝑓𝑖1 (x𝑖) , 𝑓𝑖2 (x𝑖) , 𝑓𝑖3 (x𝑖) , 0, 0)
fl (�̇�𝑖, ̇𝑦𝑖, ̇𝜃𝑖, 0, 0) ∈ R

5, (2)

and u𝑖(𝑡) fl (𝜎𝑖1(𝑡), 𝜎𝑖2(𝑡)) ∈ R2. Then system (1) can be
written compactly as

ẋ𝑖 fl f𝑖 (x𝑖) + B𝑖u𝑖 (𝑡) , (3)

where B𝑖 is a 5 × 2matrix of the form

B𝑖 =
[[[[[[[[[

0 00 00 01 00 1
]]]]]]]]]
. (4)

Let x fl (x1, x2, . . . , x𝑛) ∈ R5𝑛 refer to the positions,
orientations, and the velocities of all the vehicles in the C-ITS.

Let f(x) fl (f1(x), f2(x), . . . , f𝑛(x)) ∈ R5𝑛 and u(𝑡) fl(u1(𝑡), u2(𝑡), . . . ,u𝑛(𝑡)) ∈ R2𝑛. Then we have the following
initial-value problem forA𝑖:

ẋ = f (x) + Bu (𝑡) ,
x (𝑡0) fl x0, 𝑡0 ≥ 0, (5)

where if 0 is a 5 × 2matrix of all zero entries,

B = [[[[[[[

B1 0 ⋅ ⋅ ⋅ 0
0 B2 ⋅ ⋅ ⋅ 0... ... d

...
0 0 ⋅ ⋅ ⋅ B𝑛

]]]]]]]
. (6)

Now, assume that the final position of A𝑖 is at the point(𝑥𝑖, 𝑦𝑖) = (𝑝𝑖1, 𝑝𝑖2) and final orientation at this point is 𝜃𝑖 =𝑝𝑖3. Its final instantaneous velocity vector is (V𝑖, 𝜔𝑖) = (0, 0).
Then it is clear that the points

x∗𝑖 fl (𝑝𝑖1, 𝑝𝑖2, 𝑝𝑖3, 0, 0) ∈ R
5 (7)

are the components of the equilibrium point of system (5) in
which we are interested; that is,

x𝑒 fl (x∗1 , x∗2 , . . . , x∗𝑛 ) ∈ R
5𝑛. (8)

2.1. Leader-Follower Based Formation Scheme. Next we
define two reference frames: the body frame which is fixed
with the rotating body of the leader, A1, and a space frame,
the inertial frame similar to one proposed in [16].

We assign a Cartesian coordinate system (𝑋-𝑌) fixed on
the leader body, as shown in Figure 2 adopted from [27],
based on the concept of an instantaneous corotating frame
of reference. Thus, when the leader A1 rotates, we have a
rotation of the𝑋-𝑌-axes.

To define the corotating frame of reference, first an origin
is selected on the leader robot at (𝑥1, 𝑦1). An axis of rotation
is then set up, which is perpendicular to the plane of motion
of the leader. Thus, at any selected moment 𝑡, the chosen
rotating frame of reference rotates at an angular rate equal
to the rate of rotation of the leader A1 about (𝑥1, 𝑦1). Let𝑟1𝑘 represent the straight-line distance between the reference
point of the leader and the 𝑘th follower, and 𝛼1𝑘 represents
the angle measured between the straight line joining the
reference points of the leader and the 𝑘th follower and 𝑋-
axis.Thus, given the leader’s position and orientation, as long
as (𝑟1𝑘, 𝛼1𝑘), as shown in Figure 2, is fixed, the 𝑘th follower
robot’s position will be unique. We define the shape of the
formation of the mobile robots as 𝜁 = [𝜁12, 𝜁13, . . . , 𝜁1𝑛]𝑇,
where 𝜁1𝑘 = [𝑟1𝑘, 𝛼1𝑘]𝑇 for 𝑘 ∈ {2, . . . , 𝑛}.
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Definition 1. Let 2𝑟𝑘 < 𝑟𝑑1𝑘 < 2𝑟𝑘 + 𝜍, where, for 𝜍 > 0
and 𝑘 ∈ {2, . . . , 𝑛}, the group of mobile robots make a 𝜁𝑑 =[𝜁𝑑12, 𝜁𝑑13, . . . , 𝜁𝑑1𝑛]𝑇 formation, if ∃𝑇 > 0, ∀𝑡 > 𝑇:

𝑟1𝑘 = 𝑟𝑑1𝑘,𝛼1𝑘 = 𝛼𝑑1𝑘. (9)

This gives then the polar coordinate representation of
the follower’s position relative to that of the leader. However,
such representations using polar coordinates lead to certain
singularities in the controllers [16]. To avoid such singular
points, we consider the position of the 𝑘th follower by
considering the relative distances of the 𝑘th follower from the
leaderA1 along the given𝑋 and 𝑌 directions. Thus, we have𝐴𝑘 = − (𝑥1 − 𝑥𝑘) cos 𝜃1 − (𝑦1 − 𝑦𝑘) sin 𝜃1,𝐵𝑘 = (𝑥1 − 𝑥𝑘) sin 𝜃1 − (𝑦1 − 𝑦𝑘) cos 𝜃1, (10)

for 𝑘 ∈ {2, . . . , 𝑛}, and 𝐴𝑘 and 𝐵𝑘 are the 𝑘th follower relative
positions with respect to the 𝑋-𝑌 coordinate system. If 𝐴𝑘
and 𝐵𝑘 are known and fixed, the follower’s position will be
distinct. Thus, to obtain a desired formation, one needs to
know the design parameters 𝑎𝑘 and 𝑏𝑘 and the desired relative
positions along the 𝑋-𝑌 directions, such that the control
objective would be to achieve 𝐴𝑘 → 𝑎𝑘 and 𝐵𝑘 → 𝑏𝑘. That
is, 𝑟1𝑘 → 𝑟𝑑1𝑘 and 𝛼1𝑘 → 𝛼𝑑1𝑘, where 𝑟𝑑1𝑘 = √𝑎2𝑘 + 𝑏2𝑘 and 𝛼𝑑1𝑘 =
tan(𝑎𝑘/𝑏𝑘), hencemaintaining local rigidity of any formation.

Definition 2. Wedefine a locally rigid formation as onewhich
is maintained but allows for slight changes or distortions in
the distances and angles between any two vehicles temporar-
ily, while enroute to the target and task completion.

Remark 3 (formation initialization). Prescribed formations
can be initialized by assigning appropriately the design

parameters 𝑎𝑘 and 𝑏𝑘. This will initiate the vehicles from their
arbitrary initial positions to move into a desired formation
pattern.

2.2. Formation Control Objective. Design acceleration-
based control laws (𝜎𝑖1, 𝜎𝑖2) which are functions of x𝑖 fl(𝑥𝑖, 𝑦𝑖, 𝜃𝑖, V𝑖, 𝜔𝑖) ∈ R5 for 𝑖 ∈ {1, . . . , 𝑛}, for each vehicle
such that the C-ITS in a prescribed formationmoves towards
a predefined target of the leader in an obstacle cluttered
environment. In addition, we also want the C-ITS to ensure
obstacle and collision avoidance and maintain a prescribed
locally rigid formation.

3. Artificial Potential Field Function

This section formulates collision-free trajectories of the vehi-
cle systemunder kinodynamic constraints.Wewant to design
the acceleration controllers, 𝜎𝑖1 and 𝜎𝑖2, so that the team of
vehicles moves safely towards the target of the leader while
maintaining a prescribed locally rigid formation. We will
design the attractive potential field functions which establish
and translate formation and the repulsive potential field
functions which ensure collision and obstacle avoidances.

In the following subsections, we will design these attrac-
tive and repulsive potential field functions which are sub-
sequently summed to form the total potentials or artificial
potential field of the system.

3.1. Attractive Potential Field Functions

3.1.1. Attraction to Target. A target is assigned to the leader.
When the leader moves towards its defined target, the
follower vehicles move with the leader, maintaining the
formation. We want the leader A1 to start from an initial
position, move towards a target, and finally converge at the
center of the target.

Definition 4. The stationary target for the leader robotA1 is
a circular disk with center (𝑝11, 𝑝12) and radius 𝑟𝑡.

The leaderA1 will move towards its defined target, while
the follower vehicles move with their leader maintaining a
desired relative position, hence a locally rigid formation. For
the attraction of A1 to its target, we consider an attractive
potential function:

𝑉1 (x) = 12 [(𝑥1 − 𝑝11)2 + (𝑦1 − 𝑝12)2 + V21 + 𝜔21] . (11)

The above function is a measure of its convergence to the
target with the inclusion of the velocity components [14]. For
the follower vehicleA𝑖 for 𝑖 = 2, . . . , 𝑛 to maintain its desired
relative position with respect to the leader,A1, we utilize the
following potential function:

𝑉𝑖 (x) = 12 [(𝐴 𝑖 − 𝑎𝑖)2 + (𝐵𝑖 − 𝑏𝑖)2 + V2𝑖 + 𝜔2𝑖 ] , (12)

for 𝑖 = 2, . . . , 𝑛, where 𝑎𝑖 and 𝑏𝑖 will have unique values as
dictated by the shape of the desired formation.
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3.1.2. Auxiliary Function. To guarantee the convergence of
the vehicles to their designated targets, we design an auxiliary
function as𝐺1 (x)

= 12 [(𝑥1 − 𝑝11)2 + (𝑦1 − 𝑝12)2 + 𝜌1 (𝜃1 − 𝑝13)2] , (13)

where 𝑝13 is the prescribed final orientation of the leader
robot,A1, and

𝐺𝑖 (x) = 12 [(𝐴 𝑖 − 𝑎𝑖)2 + (𝐵𝑖 − 𝑏𝑖)2 + 𝜌𝑖 (𝜃𝑖 − 𝜃1)2] , (14)

for 𝑖 = 2, . . . , 𝑛. The function ensures that the controllers
become zero at the leader’s target. The constant 𝜌𝑖 is a binary
constant denoted in (13) and (14) as the angle-gain parameter
for 𝜃𝑖, 𝑖 = 1, . . . , 𝑛. An angle-gain parameterwill take a value of
one only if a final predefined orientation is warranted; else it
takes the default value of zero. This auxiliary function is then
multiplied to the repulsive potential field functions.

3.2. Repulsive Potential Field Functions. We desire each vehi-
cle to avoid all fixed and moving obstacles intersecting its
path. Hence, we construct appropriate obstacle avoidance
functions that measure the Euclidean distances between
mobile robots and the obstacles on our roads. To obtain
the desired avoidance, we generate repulsive potential field
around the obstacles by designing a repulsive potential field
function for each obstacle in accordance with LbCS. The
repulsive potential fields function is an inverse function that
encodes an avoidance function to the denominator and a
control parameter in the numerator [14].

3.2.1. Fixed Obstacles. Let us fix 𝑛 ∈ N solid obstacles on the
roads, such as potholes, distancemarker posts, or road hazard
delineators. We assume that the 𝑙th obstacle is a circular disk
with center (𝑜𝑙1, 𝑜𝑙2) and radius 𝑟𝑜𝑙. For the 𝑖th vehicle to avoid
the 𝑙th obstacle, we consider an avoidance function:

FO𝑖𝑙 (x) = 12 [(𝑥𝑖 − 𝑜𝑙1)2 + (𝑦𝑖 − 𝑜𝑙2)2 − (𝑟𝑜𝑙 + 𝑟𝑖)2] , (15)

where 𝑖 = 1, . . . , 𝑛 and 𝑙 = 1, . . . , 𝑞.
Consider, for example, the presence of three obstacles

(i.e., 𝑞 = 3) within the workspace, with 0 < 𝑧1 < 70 and0 < 𝑧2 < 70. The total potentials, where 𝛼1𝑙 > 0 is a control or
tuning parameter, which govern the motion of the leaderA1
are

𝑉1 (x) + 3∑
𝑙=1

𝛼1𝑙
FO1𝑙 (x) . (16)

Figure 3 presents a three-dimensional view of the total
potentials and Figure 4 presents the corresponding contour
plot produced by (16).

The total potentials are generated for target attrac-
tion and avoidance of three stationary disk-shaped obsta-
cles. For better visualization, the target of the leader is
located at (𝑝1, 𝑝2) = (35, 35), and the disks are fixed at
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Figure 3: A three-dimensional view of the total potentials.
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Figure 4: The contour plot of the total potential.

(𝑜11, 𝑜12) = (15, 35), (𝑜21, 𝑜22) = (20, 20), and (𝑜31, 𝑜32) =(50, 50), with radii of 𝑟𝑜𝑙 = 3, while 𝛼𝑙1 = 1000, for 𝑙 =1, . . . , 3. Also, the velocity and angular components of the lead
vehicle have been treated as constants (V1 = 0.5, 𝜔1 = 0, and𝜃1 = 0).
3.3. Boulevard Limitations

Definition 5. Consider a section of the road defined, for some𝜂1 > 2𝑟𝑖, for 𝑖 = 1, . . . , 𝑛, as
𝑊𝑆 = {(𝑧1, 𝑧2) ∈ R

2 : 0 ≤ 𝑧2 ≤ 𝜂1} . (17)

The boundaries of the road section, illustrated in Figure 5,
are defined as follows:

(a) Lower boundary: 𝐵1 = {(𝑧1, 𝑧2) ∈ R2 : 𝑧2 = 0}
(b) Upper boundary: 𝐵2 = {(𝑧1, 𝑧2) ∈ R2 : 𝑧2 = 𝜂1}

We require the prescribed formation to stay within the
boundaries of the road at all time 𝑡 ≥ 0. In our LbCS, these
boundaries are considered as fixed obstacles. For the 𝑖th robot
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Figure 5: A schematic representation of the road with obstacles.

to avoid these, we define the following potential functions for
the upper and lower boundaries, respectively:𝑊𝑖1 (x) = 𝑦𝑖 − 𝑟𝑖, (18a)𝑊𝑖2 (x) = 𝜂1 − (𝑦𝑖 + 𝑟𝑖) . (18b)

Now, since 𝜂1 > 2𝑟𝑖, each of the functions is positive in𝑊𝑆,
for 𝑖 = 1, . . . , 𝑛. As discussed before, these obstacle avoidance
functions will be combined with appropriate tuning param-
eters to generate repulsive potential field functions for the
boundaries of the workspace.

3.4. Final Orientation of Formation. Although the final
position is reachable, it is virtually impossible to simulta-
neously harvest exact orientations via continuous feedback
controllers of nonholonomic systems [14], a direct result of
Brockett’s theorem [28]. We utilize the concepts of ghost wall
and minimum distance technique (MDT) from [14] to force
final orientations of the vehicles.This is needed to confine the
vehicles to within the lane markings and later for parking a
vehicle into a parking bay. To begin, we construct ghost walls
along the three sides of the final positions of the vehicles,
treated as a parking bay, with the orientation depending on
the desired final orientation of the vehicles. To avoid the ghost
walls of each vehicle’s parking bay, we utilize MDT, which
gives the perpendicular distance between the closest point on
each kth ghost wall and (𝑥𝑖, 𝑦𝑖). The avoidance of these closet
points on a given ghost wall at any time 𝑡 ≥ 0 essentially
results in the avoidance of the entire wall by a vehicle.

Now let us consider the 𝑘th ghost wall in the 𝑧1𝑧2-plane
from the point (𝑎𝑘1, 𝑏𝑘1) to the point (𝑎𝑘2, 𝑏𝑘2). We assume
that the point (𝑥𝑖, 𝑦𝑖) is closest to it at the tangent line which
passes through the point. From geometry, it is known that if(𝐿𝑥𝑖𝑘, 𝐿𝑦𝑖𝑘) is the point of intersection of this tangent, then𝐿𝑥𝑖𝑘 = 𝑎𝑘1 + 𝜆𝑖𝑘 (𝑎𝑘2 − 𝑎𝑘1) ,𝐿𝑦𝑖𝑘 = 𝑏𝑘1 + 𝜆𝑖𝑘 (𝑏𝑘2 − 𝑏𝑘1) , (19)

where𝜆𝑖𝑘 = (𝑥𝑖 − 𝑎𝑘1) 𝑑𝑘 + (𝑦𝑖 − 𝑏𝑘1) 𝑟𝑘,𝑑𝑘 = 𝑎𝑘2 − 𝑎𝑘1(𝑎𝑘2 − 𝑎𝑘1)2 + (𝑏𝑘2 − 𝑏𝑘1)2 ,
𝑟𝑘 = 𝑏𝑘2 − 𝑏𝑘1(𝑎𝑘2 − 𝑎𝑘1)2 + (𝑏𝑘2 − 𝑏𝑘1)2 .

(20)

If 𝜆𝑖𝑘 ≥ 1, then we let 𝜆𝑖𝑘 = 1; if 𝜆𝑖𝑘 ≤ 0, then we let 𝜆𝑖𝑘 = 0;
otherwisewe accept the value of𝜆𝑖𝑘 between 0 and 1, inwhich
case there is a perpendicular line to the point (𝐿𝑥𝑖𝑘, 𝐿𝑦𝑖𝑘) on
the ghost wall from the center (𝑥𝑖, 𝑦𝑖) of the 𝑖th vehicle at
every time 𝑡 ≥ 0.

The leader will be avoiding the 1st, 2nd, and 3rd ghost
walls, while the 𝑖th follower will be avoiding the (3𝑖 − 2), (3𝑖 −1), and (3𝑖) ghost walls for 𝑖 = 2, . . . , 𝑛. Now, for the 𝑖th vehicle
to avoid the closest point of each of the 𝑘th line segments, we
consider an avoidance function

𝐿𝑆𝑖𝑘 (x) = 12 [(𝑥𝑖 − 𝐿𝑥𝑖𝑘)2 + (𝑦𝑖 − 𝐿𝑦𝑖𝑘)2 − 𝑟2𝑖 ] , (21)

for 𝑘 ∈ {3𝑖 − 2, 3𝑖 − 1, 3𝑖} and 𝑖 = 1, . . . , 𝑛.
3.5. Moving Obstacles. To generate feasible trajectories, we
consider moving obstacles in the workspace, in which the
C-ITS has prior knowledge. Here, each vehicle has to be
treated as a moving obstacle for all other vehicles on the
road. The vehicles will have to travel towards their targets
while avoiding another vehicle in their path. For the vehicle
A𝑖 to avoid the vehicle A𝑗, via vehicle-to-vehicle (V-V)
communication, we adopt an avoidance function:

MO𝑖𝑗 (x) = 12 [(𝑥𝑖 − 𝑥𝑗)2 + (𝑦𝑖 − 𝑦𝑗)2 − (𝑟𝑖)2] ,
for 𝑖, 𝑗 = 1, . . . , 𝑛 with 𝑖 ̸= 𝑗. (22)

3.5.1. Dynamic Constraints. Practically, the steering angle of
the 𝑖th autonomous vehicle is limited due to mechanical
singularities, while the translational speed is restricted due to
safety reasons [14]. Subsequently, we have the following;

(i) |V𝑖| < Vmax, where Vmax is the maximal achievable
speed of the 𝑖th vehicle.

(ii) |𝜔𝑖| < Vmax/|𝜌min|, where 𝜌min fl 𝐿 𝑖/tan(𝜙max).
This condition arises due to the boundedness of the
steering angle 𝜙𝑖. That is, |𝜙𝑖| ≤ 𝜙max < 𝜋/2, where𝜙max is themaximal steering angle.

Remark 6. For simplicity, the values of Vmax and 𝜙max will be
kept the same for each vehicle.

As per the LbCS, for each dynamic constraint, we design
a corresponding artificial obstacle. For example, we consider
the artificial obstacle AO𝑖 = {V𝑖 ∈ R : V𝑖 ≤ −Vmax or V𝑖 ≥
Vmax} for the constraint tagged to V𝑖. We can create similar
artificial obstacles for the other limitations as well. Hence, we
consider the following avoidance functions:

𝑈𝑖1 (x) = 12 (Vmax − V𝑖) (Vmax + V𝑖) ,
𝑈𝑖2 (x) = 12 ( Vmax𝜌min

 − 𝜔𝑖)( Vmax𝜌min
 + 𝜔𝑖) ,

for 𝑖 = 1, . . . , 𝑛.
(23)
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4. Design of the Acceleration-Based
Controllers

4.1. Lyapunov Function. We now construct the total poten-
tials, that is, a Lyapunov function for system (1). First, for𝑖 = 1, . . . , 𝑛, we introduce the following control parameters
that we will use in the repulsive potential functions:

(i) 𝛼𝑖𝑙 > 0, 𝑙 = 1, . . . , 𝑞, for the collision avoidance of 𝑞
disk-shaped obstacles.

(ii) 𝛽𝑖𝑠 > 0, 𝑠 = 1, 2, for the avoidance of the artificial
obstacles from dynamic constraints.

(iii) 𝜂𝑖𝑗 > 0, 𝑗 = 1, . . . , 𝑛, 𝑖 ̸= 𝑗, for the collision avoidance
between any two vehicles.

(iv) 𝜅𝑖𝑝 > 0, 𝑝 = 1, . . . , 2, for the avoidance of the lane
boundaries.

(v) 𝛾𝑖𝑘 > 0, 𝑘 = 1, . . . , 3𝑛, for the avoidance of the parking
bays.

The above parameters are determined via heuristics, but
there is also an opportunity to obtain optimal values through
optimization techniques. Using these, we now construct
the following Lyapunov function for system (1) with two
components, namely, the attractive and repulsive potential
field functions:

𝐿 (1) (x) = 𝑛∑
𝑖=1

[𝑉𝑖 (x) + 𝐺𝑖 (x)
⋅ ( 𝑞∑
𝑙=1

𝛼𝑖𝑙
FO𝑖𝑙 (x) + 2∑𝑠=1 𝛽𝑖𝑠𝑈𝑖𝑠 (x) + 2∑𝑝=1 𝜅𝑖𝑝𝑊𝑖𝑝 (x))]

+ 𝑛∑
𝑖=1

𝐺𝑖 (x)( 𝑛∑
𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO𝑖𝑗 (x) + 3𝑛∑𝑘=1 𝛾𝑖𝑘𝐿𝑆𝑖𝑘 (x)) .

(24)

4.2. Nonlinear Acceleration Controllers. The process of
designing the feedback controllers begins by noting that the
functions 𝑓𝑖𝑘 to 𝑔𝑖𝑗 for 𝑖 = 1, . . . , 𝑛, 𝑗 = 1, 2, and 𝑘 = 1, . . . , 3
are defined as in the Appendix (on suppressing x).

Remark 7. Thechoice of total potential𝐿(x) given in (24)with
its terms specified in (11)–(16), (18a), (18b), and (21)–(23) has
the following properties:

(i) It attains a minimum value when the robots are at
their desired locations.

(ii) It goes to infinity whenever one or more robots come
in contact with an obstacle.

Remark 8. With the interrobot bounds (see (12) and (22))
in place, it is guaranteed that the robots reestablish the
predetermined formation if the robot positions are slightly
distorted with the encounter of obstacle(s) soon after the
avoidance and before reaching the target.

So, we design the following theorem.

Theorem 9. Consider 𝑛 car-like mobile robots in the C-ITS,
whose motion is governed by the ODEs described in system (1).
Theprincipal goal is to establish and control a prescribed forma-
tion, facilitate maneuvers of the vehicles within a constrained
environment, and reach the target configuration while main-
taining a desired formation. The subtasks include restrictions
placed on the workspace, convergence to predefined targets,
and consideration of kinodynamic constraints. Utilizing the
attractive and repulsive potential field functions, the following
continuous time-invariant acceleration control laws can be
generated in accordance with the LbCS of system (1):

𝜎𝑖1 = −[𝛿𝑖1V𝑖 + 𝑓𝑖1 cos 𝜃𝑖 + 𝑓𝑖2 sin 𝜃𝑖]𝑔𝑖1 ,
𝜎𝑖2 = −[𝛿𝑖2𝜔𝑖 + (𝐿 𝑖/2) (𝑓𝑖2 cos 𝜃𝑖 − 𝑓𝑖1 sin 𝜃𝑖) + 𝑓𝑖3]𝑔𝑖2 , (25)

for 𝑖 = 1, . . . , 𝑛, where 𝛿𝑖1 > 0 and 𝛿𝑖2 > 0 are constants
commonly known as convergence parameters.

5. Stability Analysis

We utilize Lyapunov’s direct method to provide a mathemat-
ical proof of stability of system (1).

Theorem 10. Let (𝑝11, 𝑝12) be the position of the target of the
leader and let 𝑝𝑖3, for 𝑖 = 1, . . . , 𝑛, be the prescribed final
orientations of the robots. Let 𝑝𝑖1 and 𝑝𝑖2 satisfy𝑎𝑖 = − (𝑝11 − 𝑝𝑖1) cos 𝜃1 − (𝑝12 − 𝑝𝑖2) sin 𝜃1,𝑏𝑖 = (𝑝11 − 𝑝𝑖1) sin 𝜃1 − (𝑝12 − 𝑝𝑖2) cos 𝜃1, (26)

for any given 𝑎𝑖 and 𝑏𝑖, for 𝑖 = 2, . . . , 𝑛. If x𝑒 ∈ R5𝑛 as defined
in (8) is an equilibrium point for (1), then x𝑒 ∈ 𝐷(𝐿 (1)(x)) is a
stable equilibrium point of system (1).

Proof. One can easily verify the following, for 𝑖 ∈ {1, . . . , 𝑛}:
(1) 𝐿 (1)(x) is defined as continuous and positive over the

domain 𝐷(𝐿 (1)(x)) = {x ∈ R5𝑛 : FO𝑖𝑙(x) > 0, 𝑙 =1, . . . , 𝑞; MO𝑖𝑗(x) > 0, 𝑗 = 1, . . . , 𝑛, 𝑗 ̸= 𝑖; 𝑊𝑖𝑝(x) >0, 𝑝 = 1, . . . , 4; 𝐿𝑆𝑖𝑘(x) > 0, 𝑘 = 1, . . . , 3𝑛; 𝑈𝑖𝑠(x) >0, 𝑠 = 1, 2}.
(2) 𝐿 (1)(x𝑒) = 0; �̇� (1)(x𝑒) = 0.
(3) 𝐿 (1)(x) > 0 ∀x ∈ 𝐷(𝐿 (1)(x))/x𝑒.
(4) �̇� (1)(x) = −∑𝑛𝑖=1(𝛿𝑖1V2𝑖 + 𝛿𝑖2𝜔2𝑖 ) ≤ 0, ∀x ∈ 𝐷(𝐿 (1)(x)).
(5) 𝐿 (1)(x) ∈ 𝐶1(𝐷(𝐿 (1)(x))).

Hence, 𝐿 (1)(x) is classified as a Lyapunov function for system
(1) and x𝑒 is a stable equilibrium point in the sense of
Lyapunov.

6. Simulation Results

In this section, we illustrate the effectiveness of the proposed
continuous controllers by simulating a number of virtual
scenarios for the C-ITS on our roads.
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Figure 6: The evolution of C-ITS trajectories and the contour plot
in the presence of obstacles in Scenario 1.
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Figure 7: Orientations ofA1 andA2 for Scenario 1.

6.1. Scenario 1: Line Formation in the Presence of Obstacles.
We consider the motion of two automated vehicles in a line
formation in the presence of obstacles. The follower vehicle
is prescribed a position relative to the leader A1 as seen
in Figure 6. While the leader moves towards its target, the
follower maintains a desired distance and orientation relative
to the leader, therefore maintaining a locally rigid formation
throughout the journey.

Assuming that the appropriate units have been accounted
for, Table 1 provides the corresponding initial and final
configurations of the two vehicles and other parameters
required to simulate Scenario 1.

Figure 6 also depicts the contour plot of the potential
fields of the system enroute to the final destination. Figures
7 and 8 show the orientations and velocities of A1 and A2,
respectively. Figure 9 depicts the time evolution of the non-
linear controllers of the leader A1, and Figure 10 compares
the relative distance 𝑟12 to the desired relative distance 𝑟𝑑12.
It is evident that the formation is slightly distorted when the
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Figure 8: Translational and rotational velocities for Scenario 1.
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Figure 9: Accelerations 𝜎11 and 𝜎12 ofA1 for Scenario 1.
pair of cooperative cars encounter an obstacle; however, the
desired formation is reestablished before the pair reach the
final destination.

6.2. Scenario 2: Effect of Noise on Line Formation. To evaluate
the robustness of the proposed scheme,we look at the effect of
noise on the formation of the C-ITS. It is sufficient to include
the noise parameters in the components 𝐴𝑘 and 𝐵𝑘 which
define the follower vehicles’ relative position to the leader
vehicle, with respect to the 𝑋-𝑌 coordinate system, similar
to the one proposed in [29]. Thus we have𝐴𝑘 = − (𝑥1 − 𝑥𝑘) cos 𝜃1 − (𝑦1 − 𝑦𝑘) sin 𝜃1 + 𝜉𝛾𝑘 (𝑡) ,𝐵𝑘 = (𝑥1 − 𝑥𝑘) sin 𝜃1 − (𝑦1 − 𝑦𝑘) cos 𝜃1 + 𝜉]𝑘 (𝑡) . (27)

The terms 𝜉𝛾𝑘(𝑡) and 𝜉]𝑘(𝑡) are the small disturbances, where𝜉 ∈ [0, 1] is the noise level, while 𝛾𝑘(𝑡) and ]𝑘(𝑡) are ran-
domized time-dependent variables such that 𝛾𝑘(𝑡) ∈ [−1, 1]
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Table 1: Numerical values of initial and final states, constraints, and parameters for Scenario 1.

Initial configuration
Rectangular positions (𝑥1, 𝑦1) = (7, 20) and (𝑥2, 𝑦2) = (7, 17)
Velocities V𝑖 = 0.5 and 𝜔𝑖 = 0, for 𝑖 = 1, 2
Angular positions 𝜃𝑖 = 0, for 𝑖 = 1, 2
Parking bays

(𝑎11, 𝑏11) = (57.5, 21.3) and (𝑎12, 𝑏12) = (60.1, 21.3)(𝑎31, 𝑏31) = (57.5, 18.7) and (𝑎32, 𝑏32) = (60.1, 18.7)(𝑎41, 𝑏41) = (57.5, 18.2) and (𝑎42, 𝑏42) = (60.1, 18.2)(𝑎61, 𝑏61) = (57.5, 15.6) and (𝑎62, 𝑏62) = (60.1, 15.6)
Constraints and parameters

Dimensions of robots 𝐿 𝑖 = 1.6 and 𝑙𝑖 = 1.2 for 𝑖 = 1, 2
Leader’s target (𝑝11, 𝑝12) = (57, 20); 𝑟𝑡 = 0.5
Final orientations 𝑝13 = 𝑝23 = 0
Max. translational velocity Vmax = 5
Max. steering angle 𝜙max = 𝜋2
Clearance parameters 𝜖1 = 0.1 and 𝜖2 = 0.05
Fixed obstacles (𝑜11, 𝑜12) = (15, 16), (𝑜21, 𝑜22) = (25, 24), and (𝑜31, 𝑜32) = (35, 16)(𝑜41, 𝑜42) = (45, 24) and 𝑟𝑜𝑙 = 2 for 𝑙 = 2, . . . , 4

Control and convergence parameters

Collision avoidance

𝜂𝑖𝑗 = 0.001, for 𝑖, 𝑗 = 1, 2, 𝑗 ̸= 𝑖𝜅𝑖𝑝 = 0.1, for 𝑖 = 1, 2, 𝑝 = 1, . . . , 2𝛾𝑖𝑘 = 0.1, for 𝑖 = 1, 2, 𝑘 = 1, . . . , 3𝑛𝛼11 = 1, 𝛼12 = 𝛼14 = 0.1, and 𝛼13 = 2𝛼2𝑙 = 0.01 for 𝑙 = 1, . . . , 4
Dynamics constraints 𝛽𝑖𝑠 = 0.01, for 𝑖, 𝑠 = 1, 2
Convergence 𝛿11 = 3000, 𝛿12 = 100, 𝛿21 = 10, and 𝛿22 = 100
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Figure 10: The relative distance of the follower to the leader vehicle
compared to the desired relative distance in Scenario 1.

and ]𝑘(𝑡) ∈ [−1, 1]. Figure 11 shows the trajectories and the
control signals under the influence of small disturbances, 𝜉 ∈[0, 1]. It is observed that the pair of cooperative cars maintain
the line formation throughout their road journey even under
the influence of the noise terms. There are slight distortions
in their formation when the pair of cooperative vehicles

encounter obstacles but these distortions are temporary. Also,
the disturbances in the controllers at 𝑡 = 11,000 units are
a result of the parking bays. The two cars align themselves
to achieve the desired orientations inside the parking bays.
The final orientations are forced as a result of the repulsive
potentials created by the walls of the parking bays.

6.3. Scenario 3: Diamond Formation. In this scenario, we
have considered the leader vehicle at the center of a Diamond
Formation with the followers positioned at each vertex (see
Figure 12). The figure shows the formation maneuvered from
an initial state to a predefined final state, with collision and
obstacle avoidance.

Figure 12 also depicts the contour plot of the potential
fields and the corresponding collision-free path over the
defined workspace, 0 < 𝑧1 < 40, containing the obstacles
on the road. Figures 13 and 14 depict the time evolution of the
nonlinear controllers of the leader and its follower vehicles.
Assuming that the appropriate units have been accounted for,
Table 2 (if different from Table 1) provides the corresponding
initial and final configurations of the 5-car C-ITS and other
parameters required to simulate Scenario 3. The coordinates
of the parking bays can be obtained from Figure 12.

Clearly the translational and rotational accelerations of
the vehicles decrease as the formation approaches a fixed
obstacle and increase once it is able to evade it. Moreover,
Figures 15 and 16 compare the relative distance 𝐴𝑘 to the
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(d) Control signals, 𝜎𝑖1 and 𝜎𝑖2, for 𝜉 = 0.2
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(f) Control signals, 𝜎𝑖1 and 𝜎𝑖2, for 𝜉 = 0.5

Figure 11: Trajectories ofA1 andA2 and the evolution of control signals under various influences of noise.

desired relative distance 𝑎𝑘 and compares 𝐵𝑘 to the desired
relative distance 𝑏𝑘, respectively. It is evident from the
behavior shown in the figures that the formation gets slightly
distorted when the C-ITS encounters an obstacle; however,
the desired formation is reestablished before the leader A1
reaches its designated target, thus ensuring a locally rigid
formation along the trajectory of the C-ITS.

7. Conclusion

This paper presents a set of nonlinear control laws using the
LbCS to achieve a novel technique of extracting a locally
rigid formation of a C-ITS made up of multiple car-like
autonomous robots. A leader-following strategy is proposed
to operate within the control scheme for the maintenance
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Table 2: Numerical values of initial and final states, constraints, and parameters for Scenario 3.

Initial configuration

Rectangular positions

(𝑥1, 𝑦1) = (7, 20), (𝑥2, 𝑦2) = (4, 20), (𝑥3, 𝑦3) = (7, 23)(𝑥4, 𝑦4) = (10, 20), and (𝑥5, 𝑦5) = (7, 17)(𝑎2, 𝑏2) = (3, 0), (𝑎3, 𝑏3) = (0, −3)(𝑎4, 𝑏4) = (−3, 0), and (𝑎5, 𝑏5) = (0, 3)
Velocity and angular position V𝑖 = 0.5, 𝜔𝑖 = 0, and 𝜃𝑖 = 0 for 𝑖 = 1, . . . , 5

Constraints and parameters
Leader’s target (𝑝11, 𝑝12) = (57, 37); 𝑟𝑡 = 0.5
Final orientations 𝑝𝑖3 = 0 for 𝑖 = 1, . . . , 5

Control and convergence parameters

Obstacle avoidance
𝛼𝑖𝑙 = 10, for 𝑖 = 1, . . . , 5, 𝑙 = 1, . . . , 3𝜅𝑖𝑝 = 0.1, for 𝑖 = 1, . . . , 5, 𝑝 = 1, . . . , 2𝛾𝑖𝑘 = 1.2 × 10−4, for 𝑖 = 1, . . . , 5, 𝑘 = 1, . . . , 3𝑖, 𝑘 = 1, . . . , 3𝑛

Collision avoidance 𝜂𝑖𝑗 = 0.01, for 𝑖, 𝑗 = 1, . . . , 5, 𝑗 ̸= 𝑖
Dynamics constraints 𝛽𝑖𝑠 = 0.001, for 𝑖 = 1, . . . , 5, 𝑠 = 1, 2
Convergence 𝛿11 =20,500, 𝛿12 =10,500, 𝛿𝑖1 = 60, and 𝛿𝑖2 = 60 for 𝑖 = 1, . . . , 5
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Figure 12: The evolution of the 5-robot C-ITS and the contour plot
in the presence of obstacles in Scenario 3.
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Figure 13: Translational accelerations, 𝜎1𝑖 for Scenario 3.
of the locally rigid formation for a C-ITS which navigates
in a constrained environment. This leader-follower scheme
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Figure 14: Rotational accelerations, 𝜎2𝑖 for Scenario 3.
uses a Cartesian coordinate system fixed on the leader’s body
based on the concept of an instantaneous corotating frame of
reference to uniquely assign a position to each follower. The
advantage of such an approach is the complete avoidance of
singularities inherent to the polar coordinate representations.

The new time-invariant acceleration-based controllers
produce feasible trajectories and ensured a nice convergence
of the system to its equilibrium state while satisfying the
necessary kinematic and dynamic constraints. The scheme
enables the vehicles to follow a predetermined leader while
maintaining a locally rigid formation. The robustness of the
proposed scheme is established by considering the effect of
noise on the formation, while stability of the system is guar-
anteed using the directmethod of Lyapunov.The assumptions
of no slippage and pure rolling of the car-like mobile robots
are also considered to generate the nonholonomic constraints
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Figure 15: Relative distance error, 𝐴𝑘 to 𝑎𝑘 for Scenario 3.
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Figure 16: Relative distance error, 𝐵𝑘 to 𝑏𝑘 for Scenario 3.
on the given system. Further, the LbCS utilizes theminimum
distance technique and parking bays to guarantee desired
parking maneuvers and establish feasible prescribed posture
of each vehicle in its designated parking bay.

This paper is a theoretical exposition into the applicability
of an amalgamation of the new artificial potential field
method, LbCS, and the leader-follower scheme. We restrict
ourselves to showing the effectiveness of the control laws
using computer-based simulations of interesting scenarios
and numerical proofs. We shall be undertaking experiential
design of the above system to see its effectiveness in the future.
Future researchwill also address irregular shapedmultimodal
obstacles in partially known or completely known environ-
ments with the adaptive usage of sensing zones and relevant
parameters. The optimization process of parameters within

the LbCS still remains an open problem that warrants a
careful thought.

Appendix

𝑓11 = [[[[1 +
𝑞∑
𝑙=1

𝛼1𝑙
FO1𝑙

+ 2∑
𝑠=1

𝛽1𝑠𝑈1𝑠 + 2∑𝑝=1 𝜅1𝑝𝑊1𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO1𝑗

+ 3𝑛∑
𝑘=1

𝛾1𝑘𝐿𝑆1𝑘]]]] (𝑥1 − 𝑝11) +
𝑛∑
𝑟=2

[1 + 𝑞∑
𝑙=1

𝛼1𝑙
FO1𝑙

+ 2∑
𝑠=1

𝛽1𝑠𝑈1𝑠] [− (𝐴𝑟 − 𝑎𝑟) cos 𝜃1 + (𝐵𝑟 − 𝑏𝑟) sin 𝜃1]
+ 𝑛∑
𝑟=2

[[[[
2∑
𝑝=1

𝜅1𝑝𝑊1𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO1𝑗

+ 3𝑛∑
𝑘=1

𝛾1𝑘𝐿𝑆1𝑘]]]] [− (𝐴𝑟− 𝑎𝑟) cos 𝜃1 + (𝐵𝑟 − 𝑏𝑟) sin 𝜃1]
− 𝐺1 3∑
𝑘=1

𝛾1𝑘𝐿𝑆21𝑘 (x) {[1 − (𝑎𝑘2 − 𝑎𝑘1) 𝑑𝑘] (𝑥1 − 𝐿𝑥1𝑘)− (𝑏𝑘2 − 𝑏𝑘1) 𝑑𝑘 (𝑦1 − 𝐿𝑦1𝑘)}
− 𝐺1 [[[[

𝑞∑
𝑙=1

𝛼1𝑙
FO21𝑙

(𝑥1 − 𝑜𝑙1) + 2 𝑛∑
𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO21𝑗

(𝑥1
− 𝑥𝑗)]]]] ,

𝑓12 = [[[[1 +
𝑞∑
𝑙=1

𝛼1𝑙
FO1𝑙

+ 2∑
𝑠=1

𝛽1𝑠𝑈1𝑠 + 2∑𝑝=1 𝜅1𝑝𝑊1𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO1𝑗

+ 3𝑛∑
𝑘=1

𝛾1𝑘𝐿𝑆1𝑘]]]] (𝑦1 − 𝑝12) +
𝑛∑
ℎ=2

[1 + 𝑞∑
𝑙=1

𝛼1𝑙
FO1𝑙

+ 2∑
𝑠=1

𝛽1𝑠𝑈1𝑠] [− (𝐴ℎ − 𝑎ℎ) sin 𝜃1 − (𝐵ℎ − 𝑏ℎ) cos 𝜃1]
+ 𝑛∑
ℎ=2

[[[[
2∑
𝑝=1

𝜅1𝑝𝑊1𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO1𝑗

+ 3𝑛∑
𝑘=1

𝛾1𝑘𝐿𝑆1𝑘]]]] [− (𝐴ℎ
− 𝑎ℎ) sin 𝜃1 − (𝐵ℎ − 𝑏ℎ) cos 𝜃1] − 𝐺1 [[[[

𝑞∑
𝑙=1

𝛼1𝑙
FO21𝑙

(𝑦1
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− 𝑜𝑙2) + 2 𝑛∑
𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO21𝑗

(𝑦1 − 𝑦𝑗)]]]] − 𝜅12𝑊212 + 𝜅14𝑊214
− 𝐺1 3∑
𝑘=1

𝛾1𝑘𝐿𝑆21𝑘 (x) {[1 − (𝑏𝑘2 − 𝑏𝑘1) 𝑟𝑘] (𝑦1 − 𝐿𝑦1𝑘)− (𝑎𝑘2 − 𝑎𝑘1) 𝑟𝑘 (𝑥1 − 𝐿𝑥1𝑘)} ,
𝑓13 = [[[[

𝑞∑
𝑙=1

𝛼1𝑙
FO1𝑙

+ 2∑
𝑠=1

𝛽1𝑠𝑈1𝑠 + 2∑𝑝=1 𝜅1𝑝𝑊1𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO1𝑗

+ 3𝑛∑
𝑘=1

𝛾1𝑘𝐿𝑆1𝑘]]]]𝜌1 (𝜃1 − 𝑝13) −
𝑛∑
𝑖=2

[[[[
𝑞∑
𝑙=1

𝛼1𝑙
FO1𝑙

+ 2∑
𝑠=1

𝛽1𝑠𝑈1𝑠
+ 2∑
𝑝=1

𝜅1𝑝𝑊1𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂1𝑗
MO1𝑗

+ 3𝑛∑
𝑘=1

𝛾1𝑘𝐿𝑆1𝑘]]]]𝜌𝑖 (𝜃𝑖 − 𝜃1) ,
𝑔11 = 1 + 𝐺1 𝛽11𝑈211 ,
𝑔12 = 1 + 𝐺1 𝛽12𝑈212 ,

(A.1)

and, for 𝑖 = 2, . . . , 𝑛,
𝑓𝑖1 = [[[[1 +

𝑞∑
𝑙=1

𝛼𝑖𝑙
FO𝑖𝑙

+ 2∑
𝑠=1

𝛽𝑖𝑠𝑈𝑖𝑠 + 2∑𝑝=1 𝜅𝑖𝑝𝑊𝑖𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO𝑖𝑗

+ 3𝑖∑
𝑘=3𝑖−2

𝛾𝑖𝑘𝐿𝑆𝑖𝑘]]]] (𝐴 𝑖 − 𝑎𝑖) cos 𝜃1 −
[[[[1 +

𝑞∑
𝑙=1

𝛼𝑖𝑙
FO𝑖𝑙

+ 2∑
𝑠=1

𝛽𝑖𝑠𝑈𝑖𝑠 + 2∑𝑝=1 𝜅𝑖𝑝𝑊𝑖𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO𝑖𝑗

+ 3𝑖∑
𝑘=3𝑖−2

𝛾𝑖𝑘𝐿𝑆𝑖𝑘]]]] (𝐵𝑖
− 𝑏𝑖) sin 𝜃1 − 𝐺𝑖 3𝑖∑

𝑘=3𝑖−2

𝛾𝑖𝑘𝐿𝑆2𝑖𝑘 (x) {[1− (𝑎𝑘2 − 𝑎𝑘1) 𝑑𝑘] (𝑥𝑖 − 𝐿𝑥𝑖𝑘) − (𝑏𝑘2− 𝑏𝑘1) 𝑑𝑘 (𝑦𝑖 − 𝐿𝑦𝑖𝑘)}
− 𝐺𝑖 [[[[

𝑞∑
𝑙=1

𝛼𝑖𝑙
FO2𝑖𝑙

(𝑥𝑖 − 𝑜𝑙1) + 2 𝑛∑
𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO2𝑖𝑗

(𝑥𝑖 − 𝑥𝑗)]]]] ,

𝑓𝑖2 = [[[[1 +
𝑞∑
𝑙=1

𝛼𝑖𝑙
FO𝑖𝑙

+ 2∑
𝑠=1

𝛽𝑖𝑠𝑈𝑖𝑠 + 2∑𝑝=1 𝜅𝑖𝑝𝑊𝑖𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO𝑖𝑗

+ 3𝑛∑
𝑘=1

𝛾𝑖𝑘𝐿𝑆𝑖𝑘]]]] (𝐴 𝑖 − 𝑎𝑖) sin 𝜃1 +
[[[[1 +

𝑞∑
𝑙=1

𝛼𝑖𝑙
FO𝑖𝑙

+ 2∑
𝑠=1

𝛽𝑖𝑠𝑈𝑖𝑠 + 2∑𝑝=1 𝜅𝑖𝑝𝑊𝑖𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO𝑖𝑗

+ 3𝑛∑
𝑘=1

𝛾𝑖𝑘𝐿𝑆𝑖𝑘]]]] (𝐵𝑖
− 𝑏𝑖) cos 𝜃1 − 𝐺𝑖 3𝑖∑

𝑘=3𝑖−2

𝛾𝑖𝑘𝐿𝑆2𝑖𝑘 (x) {[1− (𝑏𝑘2 − 𝑏𝑘1) 𝑟𝑘] (𝑦𝑖 − 𝐿𝑦𝑖𝑘) − (𝑎𝑘2 − 𝑎𝑘1) 𝑟𝑘 (𝑥𝑖
− 𝐿𝑥𝑖𝑘)} − 𝐺𝑖 [[[[

𝑞∑
𝑙=1

𝛼𝑖𝑙
FO2𝑖𝑙

(𝑦𝑖 − 𝑜𝑙1)
+ 2 𝑛∑
𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO2𝑖𝑗

(𝑦𝑖 − 𝑦𝑗)]]]] − 𝜅𝑖2𝑊2𝑖2 + 𝜅𝑖4𝑊2𝑖4 ,
𝑓𝑖3 = [[[[

𝑞∑
𝑙=1

𝛼𝑖𝑙
FO𝑖𝑙

+ 2∑
𝑠=1

𝛽𝑖𝑠𝑈𝑖𝑠 + 2∑𝑝=1 𝜅𝑖𝑝𝑊𝑖𝑝 + 𝑛∑𝑗=1
𝑗 ̸=𝑖

𝜂𝑖𝑗
MO𝑖𝑗

+ 3𝑛∑
𝑘=1

𝛾𝑖𝑘𝐿𝑆𝑖𝑘]]]]𝜌𝑖 (𝜃𝑖 − 𝜃1) ,
𝑔𝑖1 = 1 + 𝐺𝑖 𝛽𝑖1𝑈2𝑖1 ,
𝑔𝑖2 = 1 + 𝐺𝑖 𝛽𝑖2𝑈2𝑖2 .

(A.2)
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The aim of this work is to integrate and analyze the performance of a path planning method based on Time Elastic Bands (TEB) in
real research platform based onAckermannmodel.Moreover, it will be proved that all modules related to the navigation can coexist
and work together to achieve the goal point without any collision. The study is done by analyzing the trajectory generated from
global and local planners.The software prototyping tool is Robot Operating System (ROS) fromOpen Source Robotics Foundation
and the research platform is the iCab (Intelligent Campus Automobile) from University Carlos III. This work has been validated
froma test inside the campuswhere the iCab has performed the navigation between the starting point and the goal pointwithout any
collision. During the experiment, we proved the low sensitivity of the TEBmethod to variations of the vehicle model configuration
and constraints.

1. Introduction

Autonomous vehicles base their decisions on planner mod-
ules that create the collision-free waypoints in the path to
reach the destination point. These modules are capable of
finding the optimal solution minimizing the computational
time and distance covered by the vehicle avoiding static and
dynamic obstacles. Some research groups test these modules
on real vehicles such as PROUD in Parma in 2013 [1] or
Karlsruhe Institute of Technology (KIT) driving around the
cities with advanced technology in perception, navigation,
and decision making [2]. In all cases, the navigation module
is divided into a global planner and a local planner, where
the first one finds the optimal path with a prior knowledge
of the environment and static obstacles, and the second one
recalculates the path to avoid dynamic obstacles.

The main contribution of this work is to demonstrate
the integration of using TEB local planner in an Ackermann
model with real test. The platform used is the iCab (Intel-
ligent Campus Automobile) which works with the software
prototyping tool ROS. Additionally, it has been discovered
that the capacity of the vehicle to follow the local plan with

accuracy is not mandatory. The vehicle is able to reach the
goal with modest errors when following the local plan. This
characteristic is really important in real life when the vehicle
model depends on multiple factors as the pressure of the
tires, the number of passengers, and the battery of the vehicle.
When this mathematical model varies from the nominal
values, the vehicle will not reach point by point the provided
local plan, so TEB local planner ismore robust to face changes
in the configuration of the mathematical model.

In order to prove that theTEB local planner is able towork
along the other processes involved in the vehicle, it is neces-
sary to solve several problems related to the localization in
the environment (initial localization), the ego-motion of the
vehicle (odometry), environment understanding (perception
andmapping), which path should the vehicle take (planning),
and movement (low level control). Hence, this document
gathers all the solutions for each task for navigation and then
tests the Dijkstra method for global planning and the Time
Elastic Bands method used for local planning.

This document is divided into six sections. Section 2
describes current planning methods used in the autonomous
vehicles research field. Section 3 describes the research
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platform and themodules related to the navigation. Section 4
describes the experimental setup. Section 5 summarizes the
results. Finally, the last section contains the conclusions and
the future work.

2. Path Planning

The path planning problem is a well-known NP-hardness
[3] where the complexity increases with the degrees of
freedom of the vehicle. In this work, the ground vehicle is
reduced to a 2D space of a single plane 𝑋-𝑌 where the 𝑍
component is neglected and the vehicle is restricted by some
constraints due to the Ackermann configuration [4].The aim
of solving this NP-hardness is not to find one solution that
connects the start point and the goal point, but the optimal
solution with the minimum distance and the smoothest
maneuvers and without hitting any known obstacles. Usually,
this module is divided into the global planner, which uses
a priori information of the environment to create the best
possible path, if any, and the local planner, which recalculates
the initial plan to avoid possible dynamic obstacles. The
generated plan is a collection of waypoints for global, 𝑃𝑖 =
(𝑥𝑖, 𝑦𝑖)𝑇, and local 𝑃𝑖 = (𝑥𝑖, 𝑦𝑖, 𝜃𝑖)𝑇, ∈ R2 × 𝑆1, where 𝑆 is the
navigation plane where the vehicle is able to move.

2.1. Global Planner. As said before, the global planner
requires a map of the environment to calculate the best
route. Depending on the analysis of the map, some methods
are based on Roadmaps like Silhouette [5] proposed by
Canny in 1987 or Voronoi [6] in 2007. Some of them solve
the problem by assigning a value to each region of the
roadmap in order to find the path with minimum cost. Some
examples are the Dijkstra [7] algorithm, Best First [8], and
𝐴∗ [9]. Another approach is by dividing the map into small
regions (cells) called cell decomposition as mentioned in
[10]. A similar approach by using potential fields is described
in [11], the most extended algorithm used few years ago
rapidly exploring random trees [12] or the new approach
based on neural networks [13]. Some solutions combine the
aforementioned algorithms improving the outcome at the
cost of high computational power.

So, for this work and for testing purposes, the selected
method is the Dijkstra algorithm because of the simplicity for
debugging and its good performance on the experiments. It
is necessary to remark that the goal of this paper is not to find
the best and fastest solution, but it is to prove that all modules
of navigation are working together and the vehicle is able to
navigate from one point to another.

Dijkstra uses the roadmap approach to convert the prob-
lem into a graphic search method using the information of a
grid cellmap.Thismethod starts with a set of candidate nodes
where the vehicle is able to navigate (free space) assigning
a cost value to each of them. From the starting point, this
value is increased by the necessary number of nodes to pass
through to reach each node. For example, in Figure 1, the free
space around the starting point takes the value of one unit
and for the second generation of neighbors takes the value of
two units and so on. For each cell with value, a checked cell is

assigned and the method continues with the next generation
of neighbors until the goal point is reached. The minimum
value of the sum of all nodes from the starting point and the
end point is the shortest path. After the success of finding
the global path from the start to the goal, all the selected
nodes are translated into positions in the reference axes as the
form 𝑃𝑖 = (𝑥𝑖, 𝑦𝑖)𝑇. The global planner divides the map into
nodes for each free cell but the outcome is not smooth and
some points are not compliant with the vehicle geometry and
kinematics.

2.2. Local Planner. In order to transform the global path into
suitable waypoints, the local planner creates new waypoints
taking into consideration the dynamic obstacles and the
vehicle constraints. So, to recalculate the path at a specific
rate, themap is reduced to the surroundings of the vehicle and
is updated as the vehicle ismoving around. It is not possible to
use the whole map because the sensors are unable to update
the map in all regions and a large number of cells would raise
the computational cost. Therefore, with the updated local
map and the global waypoints, the local planning generates
avoidance strategies for dynamic obstacles and tries to match
the trajectory as much as possible to the provided waypoints
from the global planner. Different approaches are based on
trajectory generation using Clothoids lines [16], Bezier lines
[17], arcs and segments [18], or splines [19]. All of them create
intermediate waypoints following the generated trajectory.
The selected method for local planning is Time Elastic Bands
[15, 20] which consists of deforming the initial global plan
considering the kinematic model of the vehicle and updating
the local path based on dynamic obstacles or the possible
deviation from the path. This method has been selected
because of the integration of the trajectory planning and
obstacle detection with avoidance at low computational cost
fulfilling the requirements of the local planner in the research
platform iCab.

Time Elastic Bands (TEB) create a sequence of interme-
diate vehicle poses 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖, 𝜃𝑖)𝑇 modifying the initial
global plan. It requires the velocity and acceleration limits
of the vehicle, the security distance of the obstacles and the
geometric, and kinematic and dynamic constraints of the
vehicle. All of this configuration generates a set of commands
for speed (V) and steering angle (𝛿), as cmd𝑖 = (V𝑖, 𝛿𝑖)𝑇,
required to achieve the intermediate waypoints, while the
vehicle is moving. Figure 2 shows a robot moving from
the starting point to the goal point passing through four
waypoints in the smoothest way possible between obstacles.
One of the drawbacks of this method is the influence of
the dynamic obstacles direction in the generation of the
recalculated local path. For example, when a pedestrian is
crossing from east to west the trajectory generated which
connects a point from the south to the north (Figure 3), the
recalculation of the new trajectory will still be on the left of
the obstacle but further. The solution is the creation of three
elastic bands: one updated each iteration, one is recalculated
from the original path, and the last one is created from scratch
each time. The selected one is the shortest of the three that is
compliant with all requirements.
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Figure 1: Dijkstra method to find the optimal path [14].

Figure 2: Description of Time Elastic Bands from [15].

Goal Goal Goal Goal

Start Start Start Start

Figure 3: Pedestrian crossing from east to west of the trajectory
generated.

Figure 4: iCab with sensors.

3. Platform Description

The research platform is a modified golf cart equipped with
several sensors such as wheel encoders, a Lidar with 16 laser
planes on the top, a single plane laser located in the front, a
stereo camera located in the front, and a GPS-IMU-Compass
located on the top, as shown in Figure 4.Themovement of the
vehicle is done by a 36VDCmotor for the linear acceleration
and another 36V DC motor for the steering wheel. More
information and tools are available in [21–23].

Additionally, the vehicle includes two computers to
gather information from the sensors, process it, and perform
the navigation decisions. The main computer is in charge of
the wheel encoders, images, laser, imu, GPS, and compass
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Figure 5: System communications.

and generates the maps. Therefore, the system provides
wheel odometry, obstacle detection, and maps. The second
computer processes the point cloud generated from the Lidar
and computes the Lidar odometry. The software used, as
aforementioned said, is ROS. This tool allows the vehicle
to share and synchronize messages between nodes in the
same computer and, additionally, with the computers and
microcontrollers in the vehicle by the network using ROS
core master. Furthermore, using a master discovery tool for
all the ROS core masters in the network (one core master for
each vehicle), the systems are able to share messages between
vehicles, infrastructures, and pedestrians [24].The use of one
coremaster for each vehicle allows the inner communications
even when there is no Internet connection, as shown in
Figure 5.

A brief graphical description of the nodes and connec-
tions is shown in Figure 6. From left to right, the nodes are as
follows:

(i) Global map is responsible for loading the global grid
map for the campus as navigation msgs/Occupancy-
Grid.msg. The selected grid size has a resolution
of 0.156m used in the analysis of the previously
recorded point cloud obtainedwith the Lidar (a priori
knowledge).

(ii) Global planner uses the Dijkstra algorithm to create
the/global plan to reach the goal point using the
global map. This path message is a standard type
navigation msgs/Path.msg which contains the way-
points without the orientation.

(iii) Lidar odometry and wheel odometry are in charge
of creating the ego-motion measurements from the
starting point of the vehicle. The messages used are
the type of navigation msgs/Odometry.msg.

(iv) Odometry manager is responsible for the fusion and
adding the initial localization for the conversion
between global and local odometry.

(v) Costmap 2D uses the laser sensor information to
create a local Costmap in front of the vehicle. The
Costmap values represent the proximity of the vehicle
to an obstacle using the geometry of the vehicle.
The resulting map has the obstacles inflated by a
security perimeter where the vehicle should not allow
entering. Additionally, this map is used for TEB local
planner in order tomodify the local path based on the
distance from the vehicle to the obstacles.

(vi) TEB local planner needs a global plan, Costmap,
and vehicle odometry. It publishes the local plan
(at a specific rate) with a configurable lookahead
distance, and additionally, it publishes the control
commands ackermann cmd with the type ackerman-
nDriveStamped.msg. The selected lookahead distance
is 10m because it is suitable to avoid big obstacles like
other vehicles or groups of students.

(vii) Obstacle manager is responsible for sending a warn-
ing message to the movement manager for possible
threats like pedestrians or obstacles in front of the
vehicle. The type of this message is custom and has
a list of obstacles with the information of distance
and area for each obstacle. This node also returns
the distance to the closest obstacle to take into
consideration for emergency brake.

(viii) Task manager is in charge of selecting the task for the
autonomous vehicle. For other projects, it is possible
to configure different behaviors like platooningmode,
drive between boundaries, or manual mode. This
node receives information of the possible threats in
the environment in order to stop the vehicle if nec-
essary. This package publishes the reference velocity
and reference steering angle.

(ix) PID velocity is responsible for creating the PWM
necessary to the rear wheels DC motor. It takes as
input the current velocity. The type of message is
standard as std msgs/Float64.msg.

(x) Movement manager is a driver in charge of checking
all limits and possible wrong velocity messages. It
sends the desired acceleration to the DC motor and
the selected angle for the steering angle.

Transformation Trees (tf). One of the most important aspects
to consider whenworking with vehicle odometry is the frame
of reference and the coordinates. This node is in charge
of transforming the movement of the vehicle from its ego-
motion local reference to the global reference adding the
initial position and orientation. Therefore, global and local
path need the transformation between local coordinates and
global coordinates. The odometry manager module is in
charge of fusing the odometries and publishing the trans-
formation between global and local coordinates using the
initial localization in the map of the vehicle. Figure 7 shows
all the frames involved in the architecture for one vehicle.The
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Figure 7: Transformation Tree for iCab1 showing all the sensors.

appropriate configuration of these transformations allows the
system to collaborate with other coexisting heterogeneous
vehicles under a vehicle namespace such as in this case icab1.

4. Experimental Setup

Aiming to test the path planner in the real platform, a simple
test has been prepared where the vehicle navigates from
a starting point and finishes in a goal point. The selected
location takes place in a zone where a circular building is
occluding the direct path trajectory. The data is recorded
into a bag file, while the vehicle performs the experiment for
posterior offline analysis. In Figure 8, the global map used to

calculate the global plan is shown and the experiment zone is
located inside of the red square.

This map has been generated using the Lidar 3D points
with the Lidar odometry and mapping [25] adapted to work
with the correct axes reference. Afterwards, the point cloud
has been processed to extract the floor at a specific height.
The last step is to project this point cloud to the 2D space to
have all the static obstacles (notice that the cup of the trees is
taken into account as an obstacle due to the possible collision
with the leaves and the top of the vehicle).

The representation of the vehicle, the maps, and the
movements are easily analyzed using the RVIZ tool. Figure 9
describes the localization of the vehicle in the environment
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(a) (b)

Figure 8: Satellite image of the Campus granted by Google Maps on (a). Campus gridmap on (b), the experiment is located inside of the red
square.

(a) (b)

Figure 9: On (a), starting point of the vehicle oriented to the local odometry. On (b), zoom in the details of the vehicle geometry.

where the green rectangular shape represents the geometry
and the red arrow represents the orientation.

After introducing the goal point, the representation of
the lines for the paths is shown in Figure 10 where the
blue line is the global path generated from the global
planning using the current localization and the goal point.
The input goal point is generated from the RVIZ visualizer
using move base msgs/MoveBaseGoal.msg and clicking on
the screen. The orange line is the local path generated
from the TEB local planner and each cycle of the node is
recalculated.

5. Results

All trajectories generated from the TEB local planner are
evaluated offline by the data recorded, while the experiment
is running.

5.1. Evaluation Metrics. The evaluation metrics used in this
section are the Euclidean distance (DGL) between the Global
Plan Waypoints (GPW) and Local Plan Waypoints (LPW)
as shown in (1). The algorithm to find the best local plan is
constantly updating it in order to avoid obstacles in the route

or because the vehicle is not able to follow the previous local
path.

DGL𝑖 = √(GPW𝑖 − LPW𝑖)2 ∀𝑖 ∈ 𝑄. (1)

5.2. Data Analysis. The experiment has been done by the
lookahead distance configured to 10m for the TEB algorithm
because if an obstacle is above the global plan (a dynamic
obstacle or a static obstacle which are not on the global map),
this lookahead distance should be big enough to find another
path even if it is far away from the global plan. Figure 11
represents the global plan generated with Dijkstra method
on blue. In Figure 12, each line represents the local plan
generated from the position of the vehicle while moving.The
representation of multiple lines is due to the recalculation of
the local trajectories. It is possible to appreciate the details
of some lines that do not end into the goal point because
of the lookahead distance configuration. Figure 13 represents
the position of the vehicle at each moment in red dots. It is
possible to appreciate all the graphs combined in the Figure 14
and with the details of the first three meters of the movement
in Figure 15. Each red dot is the current odometry of the
vehicle, the big blue line is the Dijkstra global plan, and each
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Figure 10: Global plan in blue. Local plan in orange. Overlay of global map and local Costmap 2D.

Dijkstra global plan

−10 −5 0 5−15

0

5

10

15

20

25

30

Y
 d

ist
an

ce
 in

 m
et

er
s

X distance in meters

Figure 11: Global path.
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Figure 12: Local path.
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Figure 16: Error local plan, global plan.

thin line in multicolor corresponds to each TEB local plan. It
is possible to appreciate the recalculations of the local plan in
some dots where the vehicle is not able to follow the proposed
trajectory (multicolor lines). Even if the vehicle does not
follow perfectly the path due to the mathematical model
variations configured into the TEB local planner parameters
such as steering angle velocity, it seems that the header of the
vehicle is different than in the calculated plan which follows
into a wrong steering angle velocity configuration.

Euclidean Distance between Local and Global Path. The error
between the global path and the local path determines how
accurate the recalculation of the trajectory is. In Figure 16,
each line represents the distance error for all local trajectories
planned, while the vehicle was moving.

In Figure 16, the Euclidean distance between the first
points of the local trajectory and the first points of the global
trajectory from the position of the vehicle is described for all
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Figure 18: Max error.

paths generated.The reason for this first point is because, after
the recalculation of the new local path, the old path is not
useful anymore. For the analysis, the seven first points have
been selected for each local plan. Regarding this graph, it is
possible to notice the incremental growth of the Euclidean
distance point by point.The reason for this growth is because
the vehicle is not able to follow properly the generated local
path. Figure 17 is the result of computing the mean of the
seven first values for every path. After the initial rise, there is
a tendency around 1.42m.The maximum Euclidean distance
error for all paths generated between local path and global
path is detailed in Figure 18. Due to the avoidance of an
obstacle at the beginning, the local path deviates further from
the global path.

Speed and Steering Angle. For the analysis of the control
commands of the speed and steering angle granted by the
TEB local planner module, Figure 19 shows the values in
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Figure 20: Steering.

real time provided to the vehicle. For the steering angle in
Figure 20, it is possible to appreciate the variations of the
commands each time the local plan is recalculated. At the
beginning of the experiment, the steering angle provided is
positive (turn to the left) until the vehicle reaches the position
in the world where the circular building is left behind and
starts to turn to the right with a negative angle.

6. Conclusions and Future Work

The first conclusion of this work determines that the use of
Time Elastic Bands is a good choice even if the model for the
kinematics of the vehicle is not precisely adjusted or when
the vehicle is out of the path. This algorithm is useful in
both of these events and when a dynamic obstacle is in front
of the vehicle because of the continuous update of the local
path. The second conclusion is that this method has been
tested in a real vehicle where the proper configuration of

the kinematics, dynamics, and geometry model could differ
from the real model. This issue generates trajectories slightly
different because the expected movement of the vehicle
and the real movement of the vehicle are lightly different.
Moreover, the TEB local planner generates the commands of
velocities and steering angles that allow the vehicle to reach
the goal.

For future work, more experiments are planned such
as the comparison between this method and the Dynamic
Window Approach and changing the control over the line
generated with different path followers such as Pure Pursuit,
Optimal Path Controller based on LQR, or Follow the Carrot.
More complex scenarios will be added where pedestrians
intersect with the trajectory generated and the vehicle should
act accordingly, avoiding the pedestrian over the correct side
in order to test the aforementioned solution for the elastic
bands where a pedestrian is crossing in front of the vehicle.
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Supplementary Materials

The supplementary material of this work consists of a video
of the real performance of the vehicle in the place where the
experiment was done. In the video, it is possible to appreciate
the visualizer RVIZ from ROS with two more windows.
The top right window displays the left camera of the stereo
vision system mounted on the vehicle. Below this window,
the laser readings converted into a local map is placed. The
background is composed of the global Costmap 2D and the
overlay of the local Costmap 2D. On this map, the black
squares correspond to obstacles and the color lines describe
the trajectories. The blue line represents the global path
generated by theDijkstra algorithmand the orange represents
the local path generated by the Time Elastic Bands algorithm.
The green square on the bottom of the video represents the
dimensions of the vehicle. As soon as the vehicle moves,
the red arrows represent the movement and orientation of
the vehicle and all of them are superimposed on each other
because of the update of the odometry. The vehicle is able
to navigate from one point to another without any collision.
(Supplementary Materials)
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Driver identification is an emerging area of interest in vehicle telematics, automobile control, and insurance. Recent body of works
indicates that it may be possible to uniquely identify a driver usingmultiple dedicated sensors. In this paper, we present an approach
for driver identification using smartphone GPS data alone. For our experiments, we collected data from 38 drivers for two months.
We quantified the driver’s natural style by extracting a set of 137 statistical features from data generated for each completed trip.
The analysis shows that, for the “driver identification” problem, an average accuracy of 82.3% is achieved for driver groups of 4-5
drivers. This is comparable to the state of the arts where mostly a multisensor approach has been taken. Further, it is shown that
certain behavioral attributes like high driving skill impact identification accuracy. We observe that Random Forest classifier offers
the best results.These results have great implications for various stakeholders since the proposedmethod can identify a driver based
on his/her naturalistic driving style which is quantified in terms of statistical parameters extracted from only GPS data.

1. Introduction

Studies on human behavior are gaining importance and a
large number of theories are originating on this topic [1].
The area of computational social science is emerging as an
important field of study. “Driver profiling” is one such aspect
contributing to human behavior models. In recent times, a
number of studies have been carried out to extract meaning-
ful and actionable insights from driving data. The primary
objective of these studies are to derive an estimate of
risk involved in the very nature of driving a land vehicle.
Wahlström et al. [2] provide us with a very detailed review of
the work done (smartphone based telematics) in the last ten-
year span. A large body of the works referred by Wahlström
et al. relates to the development of industrial applications like
UBI (Usage Based Insurance) and connected car scenarios.
However, a larger question remains to be answered: Will the
estimation of driving risk be sufficient to model the driving
behavior? In an earlier work, Fuller [3] proposed that the

drivers try to estimate and maintain a level of task difficulty.
Fuller [4] had proposed a TCI (Tasks Capability Interface)
model in this regard. This model proposes that the driver
is continuously reacting to the demand of the driving task
and his/her assessment of own capability. Considering that
Fuller’s “driver model” is comprehensive, we are then led to
believe that each individual will demonstrate uniqueness in
driving pattern leading to the possibility of fingerprinting.

Keeping a focus on driver’s operative characterization,
Lin et al. [5] evaluate different methods such as evaluation of
driver’s real-time behavior, vehicle state, or monitoring facial
expressions. Lin et al. also mentioned that such behavior
needs to be classified, before identification. However, the
issues related to driver fingerprinting were addressed by Enev
et al. [6]. In their paper aptly titled “Automobile Driver
Fingerprinting,” Enev et al. investigate “the potential to
identify individuals” by analyzing their natural driving styles.
Here [6], authors demonstrate that, even with a restricted
set of sensors, the drivers can be uniquely identified with

Hindawi
Journal of Advanced Transportation
Volume 2018, Article ID 9702730, 11 pages
https://doi.org/10.1155/2018/9702730

http://orcid.org/0000-0003-3400-2007
http://orcid.org/0000-0001-5131-8850
http://orcid.org/0000-0002-0733-7082
https://doi.org/10.1155/2018/9702730


2 Journal of Advanced Transportation

an accuracy of 87% (99% with top 5 sensors) using just 15
minutes of on-road data. This is a significant advancement
in comparison to the work done by Zhang et al. [7] who
utilized simulated data [multisession, 20 male drivers] and
demonstrated 85% accuracy by using Hidden Markov Model
(HMM). Enev et al. also hypothesized that given an avail-
ability of enough longitudinal data, “everyone can be distin-
guished.” In another related work on driver identification,
Hallac et al. [8] demonstrated that there are unique patterns
in individual driving styles which can be detected even for
a short drive. Hallac et al. experimentally demonstrated that
the vehicle turn signature is often well suited for detecting
individual style. In this case, authors designed an experi-
ment consisting of driving a car (several drivers) along a
road segment of 150-foot radius. They monitored 12 sensor
readings, other than GPS (Global Positioning System). The
result shows an average prediction accuracy of 76.9% for two-
driver classification and 50.1% for five-driver classification.
Authors also mentioned that a fusion approach of prediction
models can lead to an enhanced classifier. In a 2015 survey
article, Engelbrecht et al. [9] have presented valuable insight
in driving behavior analysis. Engelbrecht et al. draw our
attention to the fact that smartphone based sensing links
the behavior to an individual rather than a vehicle. Further,
Engelbrecht et al. note that there are differences between
systems which detect driving maneuvers only and those
which classify driver behavior. In order to predict future
state of maneuvers, it is first necessary to deduce a person’s
naturalistic driving style. Only then an anomalous behavior
can be accurately recognized. In an earlier work,Themann et
al. [10] noted that there is a strong need to identify driver’s
unique preferences and incorporate such models in adaptive
cruise control systems (anticipating driving style) so that a
largely automated driving can fulfill its promise of improving
fuel efficiency.

It is to be noted that there are different objectives formod-
eling specific driving maneuvers vis-à-vis modeling general
driving behavior.The risky suddenmaneuvers like hard brake
happen at an operational level, in a timeframe of millisec,
whereas lane change, turn, and stop are more tactical, on
a timescale of seconds. The long term goals of the driver
have longer time frames and are strategic in nature. Abuali
and Abou-Zeid [11] illustrate the above stated viewpoint with
reference to the proposition by Laapotti et al. [12] that there
exists a behavioral level on top of the above three levels of
hierarchical control model; this layer describes the life skill
and general goal of the individual.Thus taking a cue from the
above statement, we may predict that identifying a driver’s
propensities can lead us to understand the person’s exercise
of choice in different scenarios, whenever she/he is faced with
self-assessment of task difficulty and own capability.

Smartphone continues to be a favorite platform for
sensing a driver’s real-time maneuvers and deriving driv-
ing profile. Vlahogianni and Barmpounakis [13] investigate
smartphone based analytics for driving behavior assessment.
As mentioned by Vlahogianni and Barmpounakis, there is
little knowledge about reliability of such smartphone based
sensing except for the fact that GPS (in a phone) and
accelerometer continue to remain a popular choice. In a

recent work Tanprasert et al. have proposed driver identifi-
cation in real-time using accelerometer and GPS data using
unsupervised anomaly detection and neural networks [14].
Acceleration variation is also investigated for the purpose
of driver identification in [15] by Phumphuang et al. They
also used PCA (Principle Component Analysis) for dimen-
sionality reduction. In another recent work, Junior et al. [16]
investigate driver behavior profiling using different Android
phone based sensors and different types of machine learning
algorithms. In this case, 4 car types and 13 minutes of average
drive time are investigated with primary sensors being
accelerometer, magnetometer, and gyroscope. In conclusion,
authors in [16] mention that Random Forest algorithm “is the
best performing MLA with 28 out of 35 best assemblies.”

Present authors have worked extensively to improve the
reliability of smartphone based GPS measurements [17, 18].
In a recent work [19], we have presented a driver behavior
analysis platform where nearly 50000Kms worth of driving
data, obtained from 38 drivers (in their natural environment),
is analyzed and statistically modeled with 2D factor analysis,
with the factors being aggression and skill. In this work, we
utilize the same dataset and investigate much granularity to
detect variability in natural driving styles of the individual.
We have considered those GPS data as valid where the
horizontal accuracy measure is reported to be less than 16m.
A few incomplete datasets are removed for analysis purpose.
While majority of collected GPS data (speed, heading, etc.)
obtained are found to be quite accurate, we have also applied
filters on raw GPS speed measurements (as outlined in [17,
18]) in order to eliminate spurious values. It is often seen
that sudden brakes and acceleration lead to momentary loss
of data which can lead to wrong estimation of accelera-
tion/deceleration at that instance. However, such instances
are few and these have been corrected. It is also felt that a
few anomalous events will not affect our proposed aggregate
statistical model. In this aggregate model, driver behavior
is quantified based on the statistics associated with the
completed trip rather than individual events. Also, we have
not performed behavior identification with considerations
to different road segments separately. Even though we have
considered lateral acceleration (derived from GPS data) as
an important indicator of driver behavior, our proposed
model does not delve deep into specific horizontal curves.
Authors in [20] have shown that, along horizontal curves, the
perception of the road geometry by drivers affects road safety.
Vaiana et al. [20] conducted experiments with 35 participants
driving around overall 86 curves with different radii and GPS
data was analyzed to understand the driving behavior around
the curves. Thus, it is felt that future works may specifically
investigate this aspect.

The key contributions of this paper are as follows.
We investigate whether unique identification of driver

is possible by using only GPS data measurements. This
entails an investigation into the level of accuracy achievable
under such circumstances. Our objective is to identify the
driver’s natural style and distinguish drivers based on their
naturalistic driving styles. Towards that goal, feature com-
putation and classification have been performed. Drivers are
grouped in groups of 4-5 drivers, based on the proximity
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Table 1: Basic statistics and travelled distance for a representative sample of drivers.

Driver ID Evening trip Day trip Morning trip
Distance
travelled
(Km)

Average speed
(m/s)

Total trip
duration
(minutes)

Total number of
trips

D001 121 26 49 3632 11.85 4638 241
D002 20 5 10 365 8.76 902 37
D003 26 1 28 719 8.92 1738 58
D004 30 7 5 884 12.50 1227 48
D005 41 13 26 1057 10.30 2082 103

of regular driving locations as well as trip timings. Such a
method is assumed to normalize the environment in which
the drivers operate.Then driver identification is studied using
different algorithms and accuracy is validated using k-fold
cross-validation. The results are reported on test sets for
different groups.The presented approach enables us to map a
journey with the most likely driver taking only GPS data into
consideration.

The rest of the paper is organized as follows: in Section 2,
we describe our experiment details and the data set generated.
Section 3 describes our algorithms and methods applied. In
Section 4 we illustrate our results and provide analysis of the
same. Finally, we summarize our conclusions in Section 5 of
the paper.

2. Experimental Setup and Data Collection

2.1. Experimental Setup. For this study, we collected data
from a total of 38 drivers. Majority of the drivers recorded
at least 2 trips on weekdays within an observation window
of two months. It is to be noted that the authors of this
paper played no role in selecting drivers as well as the driving
location. However, the subjects form a peer group based
on geography and it is assumed that they went about their
normal lifestyles, usually travelling from home to work and
back, with one or two additional trips. Overall, we have
around 4000 individual trips. Our method relies solely on
data gathered from smartphone’s GPS modules without any
knowledge of local road and traffic conditions. Overall a
total of 3927 trips are considered from the collected data.
Data were collected on weekdays with one or more trips
per day. In total, 1233 hours of driving data is captured and
the overall car journey length is found to be 50740Km,
covering various regions in the USA. Although the driver’s
geographical location is available from latitude and longitude,
we do not have access to any personally identifiable data
such as name, age, gender, car type, and home address for
privacy protection. Many users enrolled in this program and
were given sequential IDs (D001–D085); we only conducted
our study based on 38 drivers who had considerable number
of complete trips. As can be observed, the trips are found
to be well distributed across different times of the day. A
representative sample is presented in Table 1.

Taking long distance trips and short distance trips sep-
arated across time in a day creates diversity in runtime
condition of the vehicle and thus enriches the data set. Driver

D055 was the least frequent traveller with overall 12 trips
only. That data is utilized to verify the effectiveness of our
algorithm when applied on a relatively low data volume.
Although a high identification accuracy for D055 is not
expected, we explored the possibility that inclusion of a lower
volume data set does not affect the overall result.

2.2. Data Collection and Preprocessing. As mentioned, our
primary data collection module is a GPS receiver. The
participant driver downloads an app for GPS logging on her
smartphone. Each participant is instructed to drive naturally
according to his/her preference. Data is collected only when
that participant is driving his/her own car (a single vehicle
per participant). Smartphone is kept inside car and held fixed
with respect to car’s body. Since only GPS reading is used, the
orientation of smartphone is not important for our work.

In order to evaluate data quality, the knowledge of
measurement Precision is of utmost importance [25]. Such
Precision is dependent on the quality of GPS receiver of
the given smartphone. The integrity and availability of
smartphone’s GPS signal get affected by events like urban
tunneling, sudden change in vehicle speed and direction,
and so forth. Handel et al. [25] discuss GPS data integrity
enhancement andmonitoring in detail. Authors demonstrate
that, in order to ensure robust calculation of different figures
of merit, “data cleansing and integrity monitoring are much
needed.” Handel suggests two techniques, namely, second-
by-second data and whole trip data. It is stated that a direct
differentiation of the GPS speed data will amplify high
frequency noises and outliers. A better option will be to clean
the speed measurements, by fitting a polynomial model.

For our purpose, we have followed the principle outlined
by Handel et al. [25]. To begin with, we eliminate all mea-
surements which offer horizontal accuracy metric of greater
than 16m. Further, we attempt to estimate the true speed (at a
given instance) by building a relationshipwith two immediate
past measurements.Themethod is similar to moving average
filter except that the averaging is done with different weight
coefficients. The method is illustrated in detail in [17] and is
not repeated here. Moreover, it is observed that there are only
few missing data points. Since we use aggregate model where
each completed trip is taken as a set of data values, an outlier
detection algorithm eliminates those which display marked
deviation in the statistical properties associated with both
lateral and longitudinal acceleration. This aspect is explained
in detail in [19]. It is to be noted that the proposed model
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is quite unlike an event based method. In the present case,
a handful of anomalous events are treated as outliers so that
we can deduce the natural driving style of the driver.

Thus, the data recorded consists of attributes like times-
tamp, altitude, course, horizontal accuracy, latitude, longi-
tude, and speed in m/s. All data are collected at 1Hz rate.The
data consists of the following parameters.

(i) Driver ID: a unique ID that distinguishes a driver.

(ii) GPS data: all attributes like speed, location, course,
and horizontal accuracy.

Let us assume that V
1
, V
2
to V
𝑛
be the consecutive speed

measurement samples, at time 𝑡
1
, 𝑡
2
to 𝑡
𝑛
. Similarly, we get 𝜃

1
,

𝜃
2
to 𝜃
𝑛
as consecutive course (heading) measurements. Let

us also assume that 𝑎
1
, 𝑎
2
to 𝑎
𝑛
be the consecutive discrete

acceleration samples (derived from speed measurements) at
time 𝑡

1
, 𝑡
2
to 𝑡
𝑛
, whereΔ𝑡 = 𝑡

𝑛
−𝑡
𝑛−1

for uniform sampling rate.
Then, from these primary GPSmeasurements, few secondary
data are computed. These are as follows:

(i) Longitudinal acceleration:

accLong =
(V
𝑛
− V
𝑛−1
)

(𝑡
𝑛
− 𝑡
𝑛−1
)
. (1)

(ii) Angular speed: rate of change of course:

𝜔 =
𝜕𝜃

𝜕𝑡
∗
𝜋

180
. (2)

(iii) Lateral acceleration [26]:

accLat =
V2

𝑅
= V𝜔. (3)

(iv) Jerk: rate of change of acceleration (m/s3):

𝐽
𝑖
=
(𝑎
𝑖+1
− 𝑎
𝑖
)

Δ𝑡
∀1 ≤ 𝑖 ≤ 3. (4)

(v) Jerk energy [27] for the sth window (using (4)):

JE
𝑠
= 𝐽2
𝑠1
+ 𝐽2
𝑠2
+ 𝐽2
𝑠3
, (5)

Here, “jerk energy (JE)” is computed with 50% overlap
and sliding window (4 seconds) based method. In addition,
we compute 1st and 2nd derivative with respect to time for
speed, acceleration (both longitudinal and lateral), jerk, jerk
energy, and angular speed. From the above list, all redundant
computations are removed. Thus, the primary measured
values and the secondary computed values constitute the trip
level data for further classification. All these data are denoted
as 𝑑 ∈ 𝐷; where𝐷 is the set of all data.
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Figure 1: Distribution of important parameters of journey for 2
drivers. (a) Distribution of average speed. (b) Trips occurring at
various time of day.

3. Method of Analysis

3.1. Basic Analysis and Feature Extraction. It is observed that
the overall dataset is quite diverse, accommodating scenarios
like driving onweekdays (orweekends), different time slots of
the day, and different localities. Basic statistics derived from
the driving data shows variation across drivers. Figure 1(a)
shows the variation in the average speed (for each completed
trip) for two drivers, namely, D017 and D035. For each driver,
multiple trips are available and from every trip the average
speed value is computed.Thus for each driver a set of average
speeds (i.e., average speed per trip) is obtained. From this set,
an empirical distribution of average speed can be computed.
Also D017 and D035 have trips spread throughout different
times of a day, as evident from Figure 1(b).

We have explored the dataset to obtain basic distributions
of the total trip duration as well as the total distance covered
by the participant drivers. This is shown in Figure 2. It can be
seen that the typical distance covered by a driver is less than
1000Kmwhile typical driving time is approximately 20 hours.
In order to statistically explore the dataset, we extracted mul-
tiple features from the driving data. We consider GPS mea-
sured “Speed” and “Heading” as primary data. From “Speed”,
we compute secondary data, namely, jerk, jerk energy, lateral
acceleration, angular speed, and longitudinal acceleration.
The positive and negative acceleration (both longitudinal and
lateral) are segregated and separately treated. Next, the 1st and
2nd derivative (with respect to time) for all the above stated
data are calculated; these also form secondary data. It is to
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Figure 2: Distribution of total journey distance and time for the
participants. (a) Histogram of total distance travelled by the drivers.
(b) Histogram of total trip duration for the drivers.

be noted that, for “Heading,” we take only the derivatives as
secondary data. Subsequently the statistical features of the
primary and secondary data, corresponding to every com-
pleted trip, are extracted. These features are mean, median,
skewness, kurtosis, standard deviation, max, min, 97.5th
percentile, 1st and 3rd quartiles (Q1, Q3), IQR (interquartile
range: Q3–Q1), and 2.5th percentile. Table 2 summarizes the
list of features. Thus, the variations in speed and acceleration
are taken to be the major indicators of how the car is driven.

Some examples of features are median of speed, Q1 of 1st
derivative of lateral acceleration, kurtosis of 2nd derivative
of jerk energy, and 2.5th percentile of 2nd derivative of jerk
energy. Our choice of suitability of the “feature” rests on the
requirement that it should have good individual predictive
ability. Also, the set of selected features should have low
correlation amongst themselves and high correlation with
class (driver in our case) [28]. As the next step, “analysis of
variance” (ANOVA) is performed on the entire feature set in
order to identify the statistically invariant features across all
the drivers. For example, skewness of acceleration is seen to
be very less close to 0 and does not vary with trip or driver.
These are omitted. After such omission, we obtain a set of
137 features that is considered suitable for further analysis.
From here onwards, these 137 features constitute a “set of
all features” hitherto named as “global” feature set. It is to
be noted that the proposed approach is dependent on the
completion of the trip thereby excluding those applications
where real-time identification of the driver is required. That
is why dimensionality reduction methods like PCA are not
considered. Also, the car type for each user is not known
except for the fact that these are owned by the participant

drivers. Hence, ANOVA cannot be performed with respect
to car type. Throughout this study, we assume that the
observed variations are due to differences in driving styles
only. However, if the knowledge on the dynamics of the car
as well as the road condition was available, it could have
enhanced the quality of interpretation.

3.2. Classification for Driver Identification. Driver identifica-
tion is approached as a classification problem, where each
driver represents a class. From the trip data corresponding
to a driver (belonging to a group of 4-5 drivers), the features
are computed and classification is performed. Here, the
classification accuracy with respect to a driver is measured by
the percentage of correctly classified trips for that driver in a
group. Similarly, the group level accuracy is measured by the
percentage of correctly classified trips corresponding to that
group. A drivermisclassification reduces the overall accuracy.

To check the applicability of the global feature set,
we performed Random Forest [29] based evaluation and
observed that the accuracy obtained is good for the purpose
of behavior identification. Throughout this study, for the
purpose of classification, we have used only Random Forest
with 100 trees and a batch size of 100. Maximum depth of the
tree is set to unlimited. Table 3 gives the confusion matrix for
a group of four drivers (a group consisting of drivers D001,
D002,D006, andD009).Metrics like Precision, Recall, and F1
score are used for measuring performance of classifiers [30].

Overall accuracy obtained for this group is 77.7%, where
accuracy is defined as the ratio of total number of correctly
identified trips over the total number of trips.Within a group,
the identification accuracy of individual driver is denoted
by the computed value of Recall, percentage of his/her own
trip identified correctly. Additionally, we compute Precision
which is defined as how many trips (ratio), identified as
belonging to a particular driver, actually belongs to him or
her. For the purpose of multiclass classification, we computed
the macro average (averaging the evaluation measures) per-
formance measure [31]. Macro averages of Precision, Recall,
and F1 score are 0.79, 0.76, and 0.78, respectively. We also
observed that the other techniques like KNN (𝑘-Nearest
Neighbor) and SVM (Support Vector Machine) show lower
accuracy as compared to Random Forest. {SVM is used
with polynomial kernel and tolerance parameter is set to
0.001, iterations continue till convergence happens while
KNN is used with number of nearest neighbors set to 8
and linear search} The models are then validated using 𝑘-
fold cross-validation technique, where 𝑘 = 10 is used.
There is no algorithm that performs better in general; thus
there is a need to choose an appropriate algorithm that
outperforms others for the proposed problem definition.
Random Forest outperformed SVM and KNN each time in
our study. Similar observations have been identified by other
authors [8, 16]. In [8], Hallac et al. mention that as the driver
pool increases, the alternative approaches using Multinomial
Logistic Regression and Support Vector Machines “dropped
off significantly” as compared to Random Forest. In [16],
Junior et al. compared Artificial Neural Networks, Support
Vector Machines, Random Forest, and Bayesian Network
towards driver behavior profiling. Junior et al. conclude
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Table 2: Summary of features for driver identification.

Data Feature
Speed, jerk, jerk energy, lateral acceleration, angular speed, and longitudinal
acceleration

Mean, median, skewness, kurtosis, standard deviation,
max, min, 97.5th percentile, 1st and 3rd quartiles (Q1,
Q3), IQR (interquartile range: Q3–Q1), and 2.5th

percentile
Positive lateral acceleration, negative longitudinal acceleration, positive lateral
acceleration, and negative longitudinal acceleration
All 1st and 2nd derivatives of data in rows 1 and 2

Table 3: Accuracy and confusion matrix on a group (G4) of drivers using global feature set.

Driver ID Predicted Classification accuracy (Recall%)
D001 D002 D006 D009

Actual
D001 31 1 7 0 79.5
D002 1 15 0 10 57.7
D006 11 0 37 0 77.1
D009 1 1 1 32 91.4

Precision (%) 70.5 88.2 82.2 76.2

that Random Forest outperforms others for majority of
assemblies.

In our application, the final accuracy is validated on “test
data” (data from new journey of the drivers). It is found
that the accuracy remains similar to what was obtained in
𝑘-fold cross-validation. Hence, for the rest of this paper, we
present our evaluation using the global feature set together
with Random Forest.

4. Results and Analysis

4.1. Driver Identification Results. For the purpose of driver
identification, we segregated the drivers into different natural
groups and analyzed the trips for each group.While grouping
the drivers, we fundamentally looked at their regions of
operation as well as the trip timings. Mostly, the drivers are
grouped according to geographical similarity. They drive in
the same area of a city with comparable trip timings; that is,
the drivers operating in similar localitywith similar departure
time are grouped together. Figure 3 displays a map outlining
the traversed regions for some of the groups. It needs to be
mentioned that a few drivers fall in multiple groups as they
have overlapping route locations and/or timings.

The blue marks in Figure 3 show the traversed routes by
the participants. The red colored boundaries denote the zone
covered by all the drivers belonging to the specific group.The
underlying premise is that all the drivers in one group will
face very similar external perturbations that may affect their
driving styles. Therefore, the distinctiveness in their driving
data can be attributed to their own propensities only.

In this section, we present the results obtained for
each group of drivers as well as the accuracy obtained for
individual drivers. These results are summarized in Table 4.

The detailed results for G4—the group consisting of
drivers D001, D002, D006, and D009—have been presented
in Table 3. Across all the groups, G1 to G9, we obtain an
average overall accuracy of 82.3%. This in turn confirms the
strength of the selected feature set as well as the classification

G6

Location and timing based driver group formation

G1

G2

G3

G5 USA
Driving location

Figure 3: Map displaying geographical locations for the group
of drivers [typical journey localities for each group of drivers are
circled].

method chosen for the purpose of identification. At group
level, the least average accuracy obtained is 74%, being that
for group 9.The average accuracy in group 9 is affected by one
driver, D055. For driver D055, none of his trips are classified
correctly (total 9 trips are considered). This happened due
to the limited availability of training data. Although the
group level average accuracy is deemed to be high (>78%
except for G9); the same cannot be unequivocally stated for
individual driver identification. Within a group, both Recall
and Precision are observed to vary, with the minimum value
being 0.25 (for G9). However, for all such cases, the available
training data is much smaller than others.

It is seen that the proposedmethodworks quite well when
a group of limited size is formed. Cross-validation results for
a sample group are shown in Tables 5 and 6 for 10-fold cross-
validation and tested on new data.

We have placed D021 in three groups (G1, G3, and G5)
while D014 is placed in two groups (G1 and G2). This is
because the routes traversed by the drivers in these groups lie
in reasonable proximity and the routes undertaken by D021



Journal of Advanced Transportation 7

Table 4: Summary of driver identification scores for all groups.

Group Precision Recall F1 score

True
nega-
tive
rate

Overall
accuracy

G1 0.81 0.79 0.8 0.93 0.82
G2 0.86 0.74 0.79 0.95 0.84
G3 0.80 0.79 0.79 0.93 0.8
G4 0.79 0.76 0.77 0.94 0.78
G5 0.81 0.78 0.79 0.94 0.79
G6 0.86 0.81 0.83 0.93 0.83
G7 0.86 0.90 0.88 0.97 0.9
G8 0.9 0.89 0.89 0.97 0.91
G9 0.45 0.63 0.87 0.89 0.74

Table 5: Accuracy and confusion matrix on group 6 (G6) of drivers
with all features.

Driver ID Predicted Recall (%)
D0068 D0069 D0064 D0066

Actual
D0068 38 2 1 0 92.6
D0069 4 22 1 0 81.4
D0064 3 4 13 0 65
D0066 1 1 0 13 86.6

Precision (%) 82.6 75.8 86.6 100

Table 6: Accuracy and confusion matrix on group 6 (G6) of drivers
for 10-fold cross-validation.

Driver ID Predicted Recall (%)
D0068 D0069 D0064 D0066

Actual
D0068 42 0 22 8 58.3
D0069 0 42 2 0 95.4
D0064 8 0 118 18 81.9
D0066 3 0 25 70 71.4

Precision (%) 79.2 100 70.6 72.9

and D014 fall in any one of these overlapping groups. How-
ever, for the purpose of identification, we have considered all
the trips undertaken by the said drivers (like 14 trips for D021
and 11 trips for D014) in each of their overlapping groups;
else a group wise route segregation would have resulted in
a substantially reduced data for the given drivers in these
groups.

It is also of interest to evaluate the identification accuracy
when all the 38 drivers are placed in a single group. Towards
this objective, we apply Random Forest on the entire dataset.
It is seen that 25 drivers displayed accuracy better than 40%
with 16 of them crossing 50% accuracy level. The median
accuracy obtained is 0.46 with standard deviation being
0.22. Figure 4 represents the confusion matrix in terms of
a heatmap which shows how many (percentage) trips of a
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Figure 4: Accuracy and classification obtained for all 38 drivers
taken together in a single group.

driver are correctly classified and how many of them are
mapped into other drivers.

4.2. Effect of Skill and Aggression on Driver Identification
Accuracy. In our previous work [19], we have quantified
each driver in terms of 2D factor analysis—Aggression and
Skill. High acceleration/deceleration maneuvers induce risk
in driving. These patterns get reflected as heavy tail of the
acceleration distribution obtained from trip level data. Since
kurtosis is a good measure of sharp peak and heavy tail,
it is chosen as a suitable feature to be extracted from the
acceleration profile. Also, the combination of kurtosis and
skewness squared can be used as an identifier of underlying
distribution. For a skilled driver, the basic nature of accelera-
tion will not significantly vary between trips. In our study, it
is found that skewness of acceleration profile is close to 0 (pdf
of acceleration is symmetric).Therefore, only the variation in
kurtosis over all trips of a driver indicates variation in under-
lying distribution of acceleration. The inverse of variation in
kurtosis is quantified as a measure of skill and the median
value of kurtosis is used as an indicator of aggression [19].
Similarly, we consider the median and standard deviation
corresponding to lateral acceleration. Then for a group of
drivers, these measures are normalized to obtain skill and
aggression score. Finally, we form five clusters of drivers with
50% (19) of participants treated as “normal” drivers. From
this analysis, we get 7 drivers in the cluster denoted as “high
skill and low aggression” and 8 drivers in “low skill and high
aggression” cluster. It is be noted that such clustering is only
relative; if the population changes, some drivers may relocate
to adjacent clusters.

Each driver, based on all the available trips, is assigned a
point in two-dimensional space as aggression and skill. We
now investigate whether relative skill and/or aggression can
affect identification accuracy. It is to be noted that the skill-
aggression scores for each driver are derived from the same
GPS data which is used for identification. We have taken a
snapshot of drivers for analysis. In Table 7, we display skill-
aggression score [19] for all 38 drivers. Please note that Table 7
is sorted according to skill score, from highest relative skill
to lowest, with the scores being bounded to ±4: skill score
of +4 is termed as most skillful (or most aggressive) and
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Table 7: Aggression and skill score for drivers.

Driver Aggression Skill Associated group
D018 −1.06 3.87 3
D053 −1.62 1.76 5
D066 −0.98 1.65 6
D071 −1.6 1.58 9
D058 −0.41 1.39 1
D019 0.46 0.9 3
D008 −1.06 0.76 7, 8
D054 −0.53 0.41 7, 8
D068 −0.85 0.35 6
D035 −0.94 0.31 Ungrouped
D012 −0.09 0.23 2
D055 0.33 0.21 9
D006 −0.61 0.1 4
D015 −0.4 0.02 Ungrouped
D059 −1.11 −0.05 8
D063 −0.49 −0.15 9
D064 −0.43 −0.19 6
D069 −0.31 −0.2 6
D003 −0.24 −0.22 Ungrouped
D060 −0.25 −0.28 Ungrouped
D009 −0.05 −0.32 4
D001 −0.82 −0.37 4
D013 0.35 −0.44 2
D057 1.25 −0.47 Ungrouped
D002 0.73 −0.52 4
D034 0.64 −0.55 1
D017 0.61 −0.59 3
D070 3.18 −0.6 7, 9
D056 0.87 −0.69 5
D061 −0.91 −0.69 8
D011 0.46 −0.77 Ungrouped
D022 0.83 −0.82 2
D004 0.92 −0.84 7
D005 1.4 −0.85 Ungrouped
D021 0.22 −0.94 1, 3, 5
D014 2.01 −0.97 1, 2
D050 0.64 −0.97 5
D051 −0.09 −1.03 5

−4 depicting the least skill (or minimum aggression). These
scores are so normalized that an average driver will get a score
of (0, 0).

We take the case of four drivers, namely, D058, D018,
D066, and D071, who display high relative skills and moder-
ate (to low) aggression. In the present case, these drivers got
grouped into G1 (Table 8), G3 (Table 9), G6 (Table 10), and
G9 (Table 11), respectively.

From the results presented in Tables 8 to 11, we observe
that the identification accuracy (% Recall) for each of these
high skilled drivers exceeds 80%, which is deemed very
impressive. Does it therefore mean that certain behavioral

Table 8: Confusion matrix on group 1 (G1) of drivers.

Driver ID Predicted Recall (%) Skill rank
D014 D021 D034 D058

Actual
D014 6 5 0 0 54.4 4
D021 1 13 0 0 92.8 3
D034 0 1 27 3 87.1 2
D058 0 1 5 26 81.2 1

Precision (%) 85.7 65 84.3 89.6
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Figure 5: Identification accuracy obtained in a group with identical
aggression displayed by the drivers.

attributes (like higher skill and low aggression) ensure signif-
icantly better identification in a group? Let us examine this
further by forming arbitrary groups, that is, groups formed
solely based on their relative standing in terms of aggression
and skill.

We investigated the above hypothesis by forming a group
of four drivers (D066, D008, D0059, and D061) who display
similar aggression levels but widely separated in skill scores
(refer to Table 7). Figure 5 shows the results. It is seen that,
for such a group, the driver with highest skill factor can be
identified as accurately as 93%. There is also a monotonic
increase in identification accuracy with respect to increasing
skill factor.

In order to test the hypothesis further, we conducted an
investigation by forming a group with the four most skillful
drivers, namely, D018, D071, D066, and D053. They are also
closely spaced in 2D-aggression/skill plane, meaning thereby
that the key attributes of their driving styles are also similar.
The result is shown in Figure 6. The achieved accuracy for
each of them is very high (>80%)

Considering these results in conjunction with the ones
obtained for the same drivers in their natural groupings,
one may tend to infer that the drivers displaying very high
skill factor (along with moderate aggression) are accurately
identifiable, irrespective of the group composition of similar
size. However the effect of larger group size on the stated
hypothesis needs further study.

In a similar vein, we investigate a group of drivers
displaying lowest skills as well as being closely spaced in the
2D-aggression/skill plane. These are D004, D022, D050, and
D056. The result is shown in Figure 7.

Comparing the results obtained from Figure 7 with their
natural groups, it is found that, for the drivers with lower
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Table 9: Confusion matrix on group 3 (G3) of drivers.

Driver ID Predicted Recall (%) Skill rank
D017 D018 D019 D021

Actual
D017 21 0 0 3 87.5 3
D018 0 13 0 0 100 1
D019 1 2 9 2 64.2 2
D021 4 0 1 9 64.2 4

Precision (%) 80.7 86.6 90 64.2

Table 10: Confusion matrix on group 6 (G6) of drivers.

Driver ID Predicted Recall (%) Skill rank
D064 D066 D068 D069

Actual
D064 38 2 1 0 92.6 3
D066 4 22 1 0 81.4 1
D068 3 4 13 0 65 2
D069 1 1 0 13 86.6 4

Precision (%) 82.6 75.8 86.6 100
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Figure 6: Identification accuracy obtained in a group of drivers with
very high skills.
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Figure 7: Identification accuracy obtained in a group of drivers with
low skills and similar aggression.

skills, onemay not be able to predict a given range of accuracy
measures. These drivers are inconsistent in their driving
styles. For all such cases, group composition does matter.
Therefore we can state that the skill and aggression factors

as seen in driving styles have considerable effect on driver
identification accuracy.

4.3. Discussion. The objective of the presented work is to
investigate whether we are able to uniquely identify a driver
(amongst a group of drivers) solely based on the GPS data
covering the entire trip. Our study shows that, even with
such minimal sensing, it is possible to identify a driver with
an accuracy of nearly 78%. The proposed method is not
envisioned as a replacement for biometric authentication.The
purpose of this study is to accurately identify a driver based
on the statistical features of GPS data alone in contrast with
the multisensor approach taken by previous authors. It is
seen that, for a small group of drivers, an automated driver
identification routine is feasible even with access to GPS data
alone. At the same time, the proposed method throws some
challenges. For example, since trip based feature set is only
considered, its applicability to real-timemonitoring scenarios
remains doubtful.

We now compare our results with relevant prior works.
Driver identification [21] by Burton et al. achieves 95%
confidence interval on 10 drivers using a simulated data set.
Fung et al. [22] achieve 61% accuracy for older (70+ years)
drivers using only acceleration and speed. Moreira-Matias
and Farah [23] achieve 88% accuracy on a large multisensory
data obtained from 217 drivers. Moreira-Matias and Farah
[23] also develop a generic machine learning methodology
and feature reduction process. Mart́ınez et al. [24] give
accuracy above 80% with multisensor data on 11 drivers. A
comparative analysis of our work with others is given in
Table 12.

From Table 12, it is seen that the accuracy attained
through our method is quite comparable to the published
works. While the results are very promising, it is felt that
additional dedicated sensors like brake pedal and steering
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Table 11: Confusion matrix on group 9 (G9) of drivers.

Driver ID Predicted Recall (%) Skill rank
D055 D063 D070 D071

Actual
D055 0 0 2 0 0 2
D063 0 8 1 3 66.6 3
D070 0 0 1 0 100 4
D071 0 4 0 20 83.3 1

Precision (%) NA 66.6 25 86.9

Table 12: Comparison of the proposed method with other existing methods.

Method Sensors Data Obtained accuracy

Our method GPS only 38 drivers,
2 months 82.3%

Enev et al. [6] Brake pedal 15 drivers 87%
Zhang et al. [7] Multisensory 20 drivers, simulated driving 85%

Hallac et al. [8] 12 sensor readings, other than
GPS 10 cars, 64 drivers 76% (for 2 drivers)

50% (for 5 drivers)

Burton et al. [21] Multisensor, brake pedal, gas
pedal, speed, etc. 10 drivers, simulated driving 95% confidence interval

Fung et al. [22] Location and speed 14-old-age drivers 30–61%

Moreira-Matias and Farah [23] Multisensor data Dataset of 217 families collected
over one year 88%

Mart́ınez et al. [24] Multisensor data 11 different drivers 25 Km
(40min.) data Above 80%

wheel will certainly increase the identification accuracy to a
large extent. Our data set does not contain any information
about the traffic and weather conditions, when the trips
were undertaken. Such additional information could have
been utilized for natural group formation possibly leading to
superior results.

5. Conclusions

In this paper, we present the results of our study on driver
identification approach using only smartphone’s GPS. Data
collected from 38 drivers for a duration of two months
and covering a total journey length of 50000Km have been
analyzed. This study demonstrates that a set of 137 features,
extracted from the GPS data corresponding to the completed
trips, can be used to identify the driver of a vehicle. For
the purpose of driver identification, we have segregated
the drivers into natural groups of four to five drivers in
each group where route proximity is used as the deciding
factor for such segregation. The investigations have offered
important insights regarding driving behavior and its role
vis-à-vis our ability to identify the driver accurately. We
have observed that certain behavioral attributes (like higher
skill, low aggression) ensure significantly better identification
accuracy. The analysis presented in this paper shows that, for
the “driver identification” problem, an average accuracy of
82.3% is achieved, where the drivers are grouped intomultiple
groups (each group has 4-5 drivers). Thus using only GPS, a

good accuracy is obtainable and GPS can serve as a backbone
of driver identification system. Further improvements can be
achieved by using other sensors with GPS.

We conclude by stating that it is possible to identify
drivers with reasonably high accuracy even when only the
smartphone GPS is used. At the same time, it is to be noted
that much more investigations are needed in the future in
order to identify a driver with near certainty. It is to be seen
whether the additional sensory information available in a
vehicle’s ECU (ElectronicControlUnit) can be fusedwith this
GPS data so that this accuracy is greatly enhanced.

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.

References

[1] D. J. Watts, “Should social science be more solution-oriented?”
Nature Human Behaviour, vol. 1, no. 1, p. 0015, 2017.

[2] J. Wahlström, I. Skog, and P. Handel, “Smartphone-Based
Vehicle Telematics: ATen-YearAnniversary,” IEEETransactions
on Intelligent Transportation Systems, 2017.

[3] R. Fuller, “Towards a general theory of driver behaviour,”
Accident Analysis & Prevention, vol. 37, no. 3, pp. 461–472, 2005.

[4] J. Fuller, “Psychology and the highway engineer,”HumanFactors
for Highway Engineers, pp. 1–10, 2002.



Journal of Advanced Transportation 11

[5] N. Lin, C. Zong, M. Tomizuka, P. Song, Z. Zhang, and G.
Li, “An overview on study of identification of driver behavior
characteristics for automotive control,”Mathematical Problems
in Engineering, vol. 2014, Article ID 569109, 2014.

[6] M. Enev, A. Takakuwa, K. Koscher, and T. Kohno, “Automobile
Driver Fingerprinting,” Proceedings on Privacy Enhancing Tech-
nologies, vol. 2016, no. 1, 2016.

[7] X. Zhang, X. Zhao, and J. Rong, “A study of individual cha-
racteristics of driving behavior based onhiddenmarkovmodel,”
Sensors & Transducers Journal, vol. 167, no. 3, pp. 194–202, 2014.

[8] D.Hallac, A. Sharang, R. Stahlmann et al., “Driver identification
using automobile sensor data from a single turn,” in Proceedings
of the 19th IEEE International Conference on Intelligent Trans-
portation Systems, ITSC 2016, pp. 953–958, Brazil, November
2016.

[9] J. Engelbrecht,M. J. Booysen,G.-J. VanRooyen, and F. J. Bruwer,
“Survey of smartphone-based sensing in vehicles for intelligent
transportation system applications,” IET Intelligent Transport
Systems, vol. 9, no. 10, pp. 924–935, 2015.

[10] P. Themann, J. Bock, and L. Eckstein, “Optimisation of energy
efficiency based on average driving behaviour and driver’s pre-
ferences for automated driving,” IET Intelligent Transport Sys-
tems, vol. 9, no. 1, pp. 50–58, 2015.

[11] N. Abuali and H. Abou-Zeid, “Driver behavior modeling:
Developments and future directions,” International Journal of
Vehicular Technology, vol. 2016, Article ID 6952791, 2016.

[12] S. Laapotti, E. Keskinen, M. Hatakka et al., “Driving circum-
stances and accidents among novice drivers,” Traffic Injury
Prevention, vol. 7, no. 3, pp. 232–237, 2006.

[13] E. I. Vlahogianni and E. N. Barmpounakis, “Driving analytics
using smartphones: Algorithms, comparisons and challenges,”
Transportation Research Part C: Emerging Technologies, vol. 79,
pp. 196–206, 2017.

[14] T. Tanprasert, C. Saiprasert, and S.Thajchayapong, “Combining
Unsupervised Anomaly Detection and Neural Networks for
Driver Identification,” Journal of Advanced Transportation, vol.
2017, pp. 1–13, 2017.

[15] P. Phumphuang, P. Wuttidittachotti, and C. Saiprasert, “Driver
identification using variance of the acceleration data,” in Pro-
ceedings of the 19th International Computer Science and Engi-
neering Conference, ICSEC 2015, Thailand, November 2015.

[16] J. F. Junior, E. Carvalho, B. V. Ferreira et al., “Driver behavior
profiling: an investigation with different smartphone sensors
and machine learning,” PLoS ONE, vol. 12, no. 4, Article ID
e0174959, 2017.

[17] A. Chowdhury, T. Chakravarty, and P. Balamuralidhar, “Esti-
mating true speed of moving vehicle using smartphone-based
GPS measurement,” in Proceedings of the 2014 IEEE Interna-
tional Conference on Systems, Man, and Cybernetics, SMC 2014,
pp. 3348–3353, usa, October 2014.

[18] A. Chowdhury, A. Ghose, T. Chakravarty, and P. Balamuralid-
har, “An improved fusion algorithm for estimating speed from
smartphone’s Ins/Gps sensors,” Next Generation Sensors and
Systems, vol. 16, pp. 235–256, 2015.

[19] T. Banerjee, A. Chowdhury, and T. Chakravarty, “Mydrive:
Drive behavior analytics method and platform,” in Proceedings
of the 3rd International Workshop on Physical Analytics, WPA
2016, pp. 7–12, Singapore.

[20] R. Vaiana, T. Iuele, V. Gallelli, and D. Rogano, “Demanded ver-
sus assumed friction along horizontal curves: An on-the-road
experimental investigation,” Journal of Transportation Safety &
Security, pp. 1–27, 2017.

[21] A. Burton, T. Parikh, S. Mascarenhas et al., “Driver identifica-
tion and authentication with active behavior modeling,” in Pro-
ceedings of the 12th International Conference onNetwork and Ser-
viceManagement, CNSM2016 andWorkshops, 3rd International
Workshop on Management of SDN and NFV, ManSDN/NFV
2016 and International Workshop on Green ICT and Smart
Networking, GISN 2016, pp. 388–393, Canada, November 2016.

[22] N. C. Fung, B. Wallace, A. D. C. Chan et al., “Driver identifi-
cation using vehicle acceleration and deceleration events from
naturalistic driving of older drivers,” in Proceedings of the 12th
IEEE International Symposium on Medical Measurements and
Applications, MeMeA 2017, pp. 33–38, USA, May 2017.

[23] L. Moreira-Matias and H. Farah, “On Developing a Driver
Identification Methodology Using In-Vehicle Data Recorders,”
IEEE Transactions on Intelligent Transportation Systems, vol. 18,
no. 9, pp. 2387–2396, 2017.

[24] M.V.Mart́ınez, J. Echanobe, and I. Del Campo, “Driver identifi-
cation and impostor detection based on driving behavior sig-
nals,” in Proceedings of the 19th IEEE International Conference
on Intelligent Transportation Systems, ITSC 2016, pp. 372–378,
Brazil, November 2016.

[25] P. Handel, I. Skog, J. Wahlstrom et al., “Insurance telematics:
Opportunities and challenges with the smartphone solution,”
IEEE Intelligent Transportation Systems Magazine, vol. 6, no. 4,
pp. 57–70, 2014.

[26] R. Vaiana, T. Iuele, V. Astarita et al., “Driving behavior and
traffic safety: an acceleration-based safety evaluation procedure
for smartphones,” Modern Applied Science (MAS), vol. 8, no. 1,
pp. 88–96, 2014.

[27] T. Chakravarty, A. Chowdhury, A. Ghose, C. Bhaumik, and
P. Balamuralidhar, “Statistical analysis of road-vehicle-driver
interaction as an enabler to designing behavioral models,”
International Journal of Modeling, Simulation, and Scientific
Computing, no. 2, 2014.

[28] A. HallMark and L. A. Smith, “Practical feature subset selection
for machine learning,” in Computer Science ’98 Proceedings of
the 21st Australasian Computer Science Conference ACSC’98,
Perth, C. McDonald, Ed., pp. 181–191, Springer, Berlin, 1998.

[29] T. K. Ho, “The random subspace method for constructing deci-
sion forests,” IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, vol. 20, no. 8, pp. 832–844, 1998.

[30] D. M. W. Powers, “Evaluation: from precision, recall and F-
factor to ROC, informedness, markedness & correlation,” Jour-
nal of Machine Learning Technologies, vol. 2, no. 1, pp. 37–63,
2011.

[31] V.VanAsch, “Macro-andmicro-averaged evaluationmeasures,”
Tech. Rep., 2013, http://www.cnts.ua.ac.be/∼vincent/pdf/micro-
average.pdf.

http://www.cnts.ua.ac.be/~vincent/pdf/microaverage.pdf
http://www.cnts.ua.ac.be/~vincent/pdf/microaverage.pdf


Research Article
Traffic State Estimation Using Connected Vehicles and
Stationary Detectors

Ellen F. Grumert 1,2 and Andreas Tapani1

1Swedish National Road and Transport Research Institute (VTI), 581 95 Linköping, Sweden
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Real-time traffic state estimation is of importance for efficient trafficmanagement.This is especially the case for trafficmanagement
systems that require fast detection of changes in the traffic conditions in order to apply an effective control measure. In this paper,
we propose a method for estimating the traffic state and speed and density, by using connected vehicles combined with stationary
detectors. The aim is to allow fast and accurate estimation of changes in the traffic conditions. The proposed method does only
require information about the speed and the position of connected vehicles and canmake use of sparsely located stationary detectors
to limit the dependence on the infrastructure equipment. An evaluation of the proposedmethod is carried out bymicroscopic traffic
simulation.The traffic state estimated using the proposedmethod is compared to the true simulated traffic state. Further, the density
estimates are compared to density estimates from one detector-based method, one combined method, and one connected-vehicle-
based method. The results of the study show that the proposed method is a promising alternative for estimating the traffic state in
traffic management applications.

1. Introduction

Density, speed, and flow are important measures for describ-
ing the characteristics of the traffic on a road segment. The
density of traffic is defined as the number of vehicles located
on a road segment.The speed can be defined either as the time
mean speed, which is the mean speed of all vehicles passing
a specific location within a given time interval, or as space
mean speed, which is themean speed of all vehicles travelling
over a road segment at a certain point in time. Finally, the
flow is defined as the number of vehicles passing a specific
location within a given time interval. The three measures
are commonly referred to as the traffic state. The traffic state
is of special interest for traffic management systems based
on automatic control. Examples of such systems are variable
speed limit systems and ramp metering. The purpose of the
trafficmanagement system is to improve the traffic conditions
during, for example, congested periods and incidents. The
systems should be able to detect abrupt changes in the traffic

state, such as lower speeds and flows and higher densities,
and use this information as input to apply a suitable control
strategy. Thus, representative real-time estimation of the
traffic state is of importance.

The traditional way to measure and estimate the traffic
state is by the use of stationary equipment, for example,
loop detectors and radars. Due to recent development in
vehicle technology, different types of connected vehicles are
being introduced and the expectation is that in 2020 75% of
newly produced vehicles will be equipped with technology
that enables the possibility to connect to the surroundings
[1].The connected vehicles facilitate communication between
vehicles and between vehicles and the infrastructure. This
allows for frequent updates of individual vehicle measures
such as their speed and position. Hence, it is possible to use
connected vehicles in combination with stationary detectors,
or as a standalone data source, to estimate the traffic state.
This can also result in improved spatial estimates instead of
the traditionally used point estimates.
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In this study, we propose a method for estimating the
traffic state based on vehicle-to-infrastructure communica-
tion. The required information is speed and positioning
measurements from connected vehicles in combination with
counts from stationary detectors. By assuming that the
connected vehicles have the same distribution of speed as
regular vehicles, the speed is estimated as an average of the
speeds of the connected vehicles. The only connected vehicle
data needed to estimate the density is information about the
current road segment of the connected vehicles. This makes
the method robust with respect to errors in the positioning
data. Each connected vehicle continuously communicates
its location, which is used to estimate the total number of
connected vehicles on a specific road segment. Further, the
number of connected vehicles passing stationary detectors is,
together with the total number of passing vehicles, used to
estimate the penetration rate of connected vehicles. Thereby,
the total number of vehicles located on a segment can be
estimated.

Our hypotheses are that the proposed method will result
in (1) density and speed estimates that can capture the current
traffic conditions on the road, (2) a possibility to use more
sparsely placed stationary detectors without considerably
reducing the performance of the density estimation, given
that the share of connected vehicles is assumed to be approxi-
mately the same over the road stretch, and (3) precise and fast
detection of changes in the traffic state, especially for higher
penetration rates of connected vehicles. In real applications,
the traffic state estimation is one component of a largermodel
system, often including both data assimilation and fusion
techniques. The aim of this paper is to find a straightforward
approach to estimate the density and speed by the use of
connected vehicles and investigate how well the traffic state
estimation can capture the actual traffic situation as a first step
towards using the proposed method as such a component in
traffic management applications.

To study these hypotheses, the proposed method is eval-
uated by the use of microscopic traffic simulation. The den-
sity estimates are compared to one detector-based method,
one combined method, and one connected-vehicle-based
method. The comparisons are done in order to investigate if
the proposed method gives estimates that are comparable to
estimates of existing methods. A simulation scenario with an
incident is analyzed to study how well the proposed method
can capture abrupt changes in the traffic state. Two different
distances between the detectors are applied to examine how
the method performs with sparsely placed detectors. To
isolate the effects related to the method, we use a simple
design of the road network and assume that no measurement
errors exist in detector and connected vehicle data.

The remainder of the paper is organized as follows. In
Section 2, an overview of traffic state estimation methods
is given with focus on density estimation. The proposed
method for estimating the traffic state based on connected
vehicles in combinationwith stationary detectors is presented
in Section 3.The simulation setup and the evaluationmethod
are described in Section 4, including an overview of the
methods used for comparison. In Section 5, the performance
of the proposed method is presented and compared to other

methods. Finally, conclusions from the study and directions
for further research are discussed in Section 6.

2. Traffic State Estimation Using
Connected Vehicles

The traditional way to estimate the traffic state is by the
use of stationary detectors such as loop detectors and radar
detectors, as described by Kurkjian et al. [2], Coifman [3],
and Singh and Li [4]. This is limiting the estimation to
specific points in space, and the conditions in between
detectors remain unknown. Hence, the estimation will be a
good representation of the traffic state on the road section
only under steady-state conditions, that is, when there is no
change in the traffic conditions in space and time. This is
usually not the case, particularly not for bottlenecks or during
incidents, and therefore the density estimated with these
methods will most probably deviate from the true density
on the section. Hence, to give enough information about the
traffic conditions on a longer road section, the detector-based
method does require densely placed detectors (see, e.g., the
method proposed by Singh and Li [4]). Data assimilation
and fusion techniques including a traffic model are common
methods to get a picture of the traffic state also in between
the detectors. A number of studies using different underlying
traffic models and different filtering approaches exist in the
literature (see, e.g., Kurkjian et al. [2], Muñoz et al. [5], Wang
and Papageorgiou [6], Mihaylova et al. [7], Singh and Li [4],
andDuret et al. [8]).Methods have also been proposed, where
no underlying model and no filtering are needed. See, for
example, Coifman [3], where reidentification of vehicles and
the vehicle conservation law is used to estimate the density
between two detectors. Darwish and Bakar [9] conclude that
methods using different types of stationary detectors can esti-
mate the traffic state accurately but they are often expensive
to install and maintain and are limited to small areas. Also,
the information is usually transmitted with delay, since it has
to be processed through a traffic information center.

Lately, when more data sources have become available,
connected vehicles have been used as input to the filtering
approaches in order to update the modeled traffic state. See,
for example, Herrera and Bayen [10], Work et al. [11], Yuan et
al. [12], Seo et al. [13], Astarita et al. [14], and Bekiaris-Liberis
et al. [15]. Other traffic state estimation methods making use
of connected vehicle data without an underlying trafficmodel
are presented by Herring et al. [16], Herrera et al. [17], Van
Lint and Hoogendoorn [18], Qiu et al. [19], Ma et al. [20],
Bhaskar et al. [21], Zhang et al. [22], Seo et al. [23], and
Montero et al. [24].

When speed measurements from connected vehicles are
available, the speed can be estimated by calculating an average
of the speeds of the connected vehicles. This requires that the
connected vehicles have the same distribution of speeds as
regular vehicles, similar towhat has been done in theworks of
Astarita et al. [14] and Bekiaris-Liberis et al. [15]. Otherwise,
the speed estimate would be biased towards the average speed
of the connected vehicles.

The density estimate using connected vehicles requires
some more calculations. One way of estimating the density
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is by using connected vehicles together with traditional sta-
tionary detectors, here referred to as combined methods. For
the combined methods, a weighted estimate based on both
traditional detector measurements and connected vehicle
measurements of, for example, speed, travel time, and/or
location is used. Examples are the methods presented by
Astarita et al. [14], Qiu et al. [19], Ma et al. [20], Bhaskar et
al. [21], Zhang et al. [22], and Bekiaris-Liberis et al. [15]. The
method by Qiu et al. [19], which was later extended by Ma
et al. [20], detects the number of vehicles located within a
segment. The density estimate is calculated by counting the
number of vehicles that have passed the detector upstream
of the segment at the times when a connected vehicle enters
and exits a segment. According to Qiu et al. [19], the accuracy
of the density estimates is better than when only stationary
detector data is used to estimate density. Zhang et al. [22] use
probe vehicle data and detector stations in order to estimate
the space mean speed, and not density, on a road stretch.
Astarita et al. [14] and Bekiaris-Liberis et al. [15] develop
macroscopic cell transmission type models for the dynamics
of the percentage of connected vehicles along the considered
road. It is assumed that the connected vehicles move with
the same average speed as the nonconnected vehicles, and
hence no modeling of the speed dynamics is needed. In
the work of Astarita et al. [14], the density is estimated by
the percentage of connected vehicles based on counts of
connected vehicles moving from one segment to another
in the network and inflows measured at the ramps and at
the boundaries of the network. Similarly, Bekiaris-Liberis
et al. [15] use the penetration rate of connected vehicles,
together with measurements of speed from the connected
vehicles, the boundary flow, and the ramp flows measured
through stationary detectors, to estimate the density. Also the
combined methods do often require densely placed detectors
to get good estimates. The methods are often based on
retrospective measurements, such as travel time at an earlier
point in time (see, e.g., Qiu et al. [19] and Ma et al. [20]).
As a result, the density estimate might not reflect the current
situation.

For the connected-vehicle-basedmethods, the connected
vehicles are used to capture the surrounding traffic conditions
at every point in space, and the methods are therefore not
limited to fixed locations. Recent studies by Seo et al. [13, 23]
investigate how the gap to a leading vehicle can be used to
estimate the density on a road segment.The samemethod has
been applied to an urban area in Montero et al. [24]. Further,
the method is extended to also include measurements of the
gap to the following vehicle. Another method is making use
of vehicle spacings and speed as input data for estimating
density [12]. This method requires a numerical model of
the relationship between the traffic states to describe the
changes in speed, flow, and density. Finally, Seo andKusakabe
[25] propose a method based on the number of vehicles
located in between two connected vehicles to estimate the
traffic conditions on the road. For methods using only
connected vehicle data, the measurements used to estimate
density are local, only including the connected vehicle and its
surroundings, which might not necessarily reflect the density
on a larger section of the road. Also, the methods often

require identification of current lane, speed of the vehicle,
distance to vehicle in front, and so forth.

To conclude, detector-based density estimation tech-
niques make use of measurements from stationary detectors,
usually consisting of flow and speed, to estimate density.
However, the density estimates using stationary detectors are
based on point estimates and are therefore limited due to the
fact that the conditions in between detectors are not known.
Therefore, the methods require densely spaced detectors to
give density estimates that correspond well with the traffic
conditions on the road. The detector-based method can be
improved by including connected vehicle data. For combined
methods, the need for continuous updates from connected
vehicles can be limited; that is, it is enough with low
frequency data communicated from the connected vehicles.
However, the combined methods do usually still require
densely spaced detectors and the information is sometimes
based on retrospective connected vehicle measurements.The
density estimates using only connected vehicle data are based
on local density estimates including precise estimates of the
density surrounding the connected vehicle. The connected
vehicle density estimates are transmitted for further process-
ing and converted to a density estimate of a larger area by
including estimates from many connected vehicles. Hence, a
representative density estimate can often only be reachedwith
a high connected vehicle penetration rate or for a high flow
level. Further, the connected vehicles are assumed to be able
to continuously transmit information about their location,
speed, gap to proceeding vehicle, and so forth.

3. A Method for Estimating the Traffic State by
Using Connected Vehicle and Detector Data

We propose a combined method for estimating the traffic
state on the road. The connected vehicle data is based
on vehicle-to-infrastructure communication. The method
is straightforward and it is possible to estimate the speed
and density accurately based on limited information from
the connected vehicles. Measurements from sparsely placed
stationary detectors can be used without reducing the per-
formance of the estimates. The purpose of the method is
to get fast and representative traffic state estimates that can
also be used to identify changes in the traffic conditions.
Before introducing the method, a few essential assumptions
are given:

(i) The connected vehicles are able to report their posi-
tion, including information about their current road
segment and speed, with a frequency of 1Hz.

(ii) The stationary detectors are able to count and report
the total number of vehicles,𝑁, and the total number
of connected vehicles,𝑀, passing the detector within
a given aggregation time period, 𝑇.

(iii) The connected vehicles are assumed to have the same
distribution of speeds as the nonconnected vehicles.

Hence, neither the equipment used for communication of
information for the connected vehicle nor the type of sta-
tionary detector (radar, Bluetooth, loop, etc.) is defined and
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Table 1: Required measurements for estimating density based on CCV method, SD method, CC method, and GAP method.

Method Connected vehicle data Stationary detector data
Time at detector Position Measurement time stamp Count of vehicles Count of connected vehicles Speed

CCV X X X
SD X X
CC X X
GAP X X

may vary as long as they fulfil the requirements presented
above.

The traffic state estimation consists of two parts, a speed
estimate and a density estimate for each segment on the
considered road stretch. The speed estimates are based on
simple calculations. It is assumed that the connected vehicles
have the same distribution of speeds as the nonconnected
vehicles. By communication of the individual speed of each
connected vehicle 𝑖 located on segment 𝑘 at time 𝑡, the average
speed of connected vehicles, V𝑖𝑘(𝑡), can be calculated. Then,
the average speeds at time 𝑡 are averaged over the aggregation
time period, 𝑇, to get the final speed estimate,

V̂𝑘 (𝑇) = 1𝑇
𝑇∑
𝑡=1

1𝑛𝑘
𝑛𝑘∑
𝑖=1

V𝑖𝑘 (𝑡) , (1)

where 𝑛𝑘 is the total number of connected vehicles on road
segment 𝑘.

The density estimates make use of the position of each
connected vehicle to get the total number of connected
vehicles at each road segment, 𝑘, and for each time step, 𝑡.The
average number of connected vehicles, 𝑃𝑉𝑘(𝑇), in segment 𝑘
and for the aggregation time period,𝑇, is used to estimate the
total density. The stationary detector data is used to estimate
the penetration rate on segment 𝑘 as the number of connected
vehicles,𝑀𝑘, divided by the total number of vehicles,𝑁𝑘.The
penetration rate at the detector station located just upstream
of segment 𝑘 is used as input for the density estimate at
segment 𝑘. The density estimate becomes

𝜌𝑘 (𝑇,𝑋𝑘) = 𝑃𝑉𝑘 (𝑇)𝑋𝑘
1(𝑀𝑘/𝑁𝑘) . (2)

The new speed and density estimates are becoming
available after the latest aggregation time period 𝑇, based on
the measurements within the same aggregation time period
and, hence, the estimates are varying with time.The temporal
indices in the density estimates have been suppressed to
increase readability. The method is hereafter referred to as
the Count Connected Vehicle (CCV) method. By assuming
that the penetration rate is constant over a longer road
section, detectors can be sparsely placed in order to have
as little requirements on detectors as possible. In this case,
each estimate of the penetration rate is applied to many
segments before a new estimate of the penetration rate
becomes available.

The information from the connected vehicles and the
detectors is collected at each time step and communicated

to a central unit, where it is being processed, resulting in
time-dependent speed and density estimates. Finally, the
estimates are aggregated over the aggregation time period 𝑇.
Figure 1 gives an illustration of the process. The local units
are the individual connected vehicles and the detectors. The
central unit can, for example, be a roadside unit or a traffic
management center used for further processing of data.

4. Evaluation Method

The analysis is divided into three parts. First, CCV is evalu-
ated with respect to the aggregation time period, 𝑇, where
the aggregation time period is defined as the time interval
over which the traffic state is estimated. The performance
of the traffic state estimation is examined for four different
time periods. This will indicate for which aggregation time
periods the method gives traffic state estimates that are
representative for the traffic conditions on the road. Both
density and speed estimates are considered. Second, the
density estimates of the CCV are compared to similar meth-
ods: one method using only stationary detector data, one
combined method, and one method using only connected
vehicle data.The comparison is used to evaluate if the density
estimates of the proposed method are comparable to those
of detector-based, combined, and connected-vehicle-based
methods found in the literature. Finally, it is investigated
how well CCV manages to detect changes in the traffic
states at different distances between detectors. Two cases
are included with detectors placed 500 and 2500 meters
away from each other. The results are compared to another
combined method. This section describes the methods used
for comparison, the simulation setup in a microscopic traffic
simulation environment, including the choice of parameters,
and the performance indicators used for evaluation.

4.1. Comparison of the Density Estimates. The density esti-
mates are somewhat more complex to calculate compared
to the speed estimates. Hence, methods with the same level
of complexity are chosen for comparison. However, the
methods require different types of data to estimate the density
and include one stationary-detector-based method, SD, one
combined method, CC, [19, 20], and one connected-vehicle-
based method, GAP [23]. The required measurements for
the different density estimation methods are summarized
in Table 1. The measurements are divided into stationary-
detector-based measurements and connected-vehicle-based
measurements. The methods used for comparison with CCV
are described below.
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Local units: raw data collection

Density and speed for segment k
(i) Average speed of connected vehicles at

(ii) Number of connected vehicles at
segment k,

segment k,

Average density and speed for segment k
(i) Estimated speed at segment k for

aggregation time period T,

aggregation time period T,
(ii) Estimated density at segment k for

Central unit: processing of data

t = [t0 + Δt＃＃６, t0 + 2Δt＃＃６, . . . , t0 + T] t = t0 + T

k(t) =
1

nk

n∑
i=1


i
k(t) =
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nk

n∑
i=1

ki (t)i(t)

nk(t) = ∑n
i=1 ki(t)

ki(t) = {1,
0,

ki(t) = k

ki(t) ̸= k

(2) Detector raw data:

(ii) Mk(t): number of connected vehicles
(i) Nk(t): number of vehicles

(1) Connected vehicle raw data:

connected vehicle i
(ii) i(t): speed of connected vehicle i

(i) ki(t): segment location for

k,i(T) =
1

T

T∑
t=1

k(t)

(1) PVk(T) =
1

T
∑T

t=1 nk

(2) Mk =
1

T
∑T

t=1 Mk(t)

(3) Nk =
1

T
∑T

t=1 Nk(t)

(4) k,i(T,Xk) = PVk(T)

Xk

1

Mk/Nk

Figure 1: The communication flow between the local units (connected vehicles and detectors) and the central unit for the aggregation time
period 𝑇.

A Detector-Based Method: the Stationary Detector (SD)
Method. The detector-based method is using speed and flow
measurements to estimate the density by the fundamental
relationship

𝜌𝑘 (𝑇) = 𝐹𝑘V𝑘 , (3)

where 𝐹𝑘 and V𝑘 are the mean flow and harmonic mean
speed, respectively, detected at a detector station located
just upstream of segment 𝑘 and for the aggregation time
period 𝑇. The method is hereafter referred to as stationary
detector (SD) method. An alternative to using flow and
speed measurements is to use the detector occupancy, that
is, the amount of time a detector is occupied by vehicles.
The occupancy can then be translated to density based on
an estimate of the vehicle length. However, also by using
occupancy, the resulting density will be represented only at
a specific point. Further, the length of the vehicles has to be
estimated or assumed.

A Combined Method: the Cumulative Count (CC) Method.
The combined method is presented by Qiu et al. [19] and
later extended by Ma et al. [20] and here is referred to as
the Cumulative Count (CC) method.Themethod detects the
number of vehicles located within segment 𝑘. Let 𝐶(𝑡𝑚𝑘 ) be
the number of vehicles that have been detected up until time𝑡𝑚𝑘 , where 𝑡𝑚𝑘 is the time connected vehicle 𝑚 enters segment𝑘. The density estimate for connected vehicle 𝑚 is given by
counting the number of vehicles,𝐶(𝑡𝑚𝑘 )−𝐶(𝑡𝑚𝑘+1), which have
passed the detector upstream of the segment at the timewhen
a connected vehicle𝑚 enters, 𝑡𝑚𝑘 , and exits, 𝑡𝑚𝑘+1, the segment.
The resulting density estimate becomes

𝜌𝑘 (𝑇,𝑋𝑘) = 1𝑃𝑘
𝑃𝑘∑
𝑚=1

𝐶 (𝑡𝑚𝑘 ) − 𝐶 (𝑡𝑚𝑘+1)𝑋𝑘 . (4)

Here, the total number of connected vehicles, 𝑃𝑘, which exit
segment 𝑘 within the aggregation time period 𝑇 is used to
get an average density estimate. This means that the travel
time for each connected vehicle within the segment can be
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longer than the aggregation time period. Further, no vehicles
are assumed to overtake the connected vehicle. This means
that, on a segment with more than one lane, overtaking will
result in a deviation from the actual density.

A Connected-Vehicle-Based Method: the GAP Method. The
connected-vehicle-based method is presented by Seo et al.
[23] and is referred to as the GAP method. In this method,
connected vehicles are assumed to measure and communi-
cate the gap to its leader, the position on the road, and time
of the measurement. A set of connected vehicles, P𝑘(𝑇,𝑋𝑘),
are located within the time-space region [𝑇,𝑋𝑘]. For each
connected vehicle 𝑚, the total time, 𝑡𝑡𝑚𝑘 (𝑇,𝑋𝑘), spent on
segment 𝑘 in aggregation time period 𝑇 and the time-
space gap, |𝑔𝑚𝑘 (𝑇,𝑋𝑘)|, between vehicle 𝑚 and its leader is
communicated. The density estimate on segment 𝑘 becomes

�̂�𝑘 (𝑇,𝑋𝑘) = ∑𝑚∈P𝑘(𝑇,𝑋𝑘) 𝑡𝑡
𝑚
𝑘 (𝑇,𝑋𝑘)∑𝑚∈P𝑘(𝑇,𝑋𝑘) 𝑔𝑚𝑘 (𝑇,𝑋𝑘) . (5)

This means that the trajectory of a connected vehicle, and
its leader, within the segment has to be recorded in order to
estimate the density. It should be noted that themeasurement
range of the gap between a connected vehicle and its leader
has to be considered. If the gap is assumed to be measured
through local on-board equipment, longer gaps might not be
included due to a limited measurement range. This will lead
larger gaps to be excluded from the density estimations, and
as a result, the uncertainty in the estimations will increase.
Further, the gap behind the connected vehicle is not included,
which is of importance at platooning, since the gap between
the connected vehicle and the vehicle behind can be long
and maybe even not in the same segment. Since this gap
is excluded, the density estimate becomes higher than the
actual density on the road. Also, the frequency at which the
connected vehicle data is transmitted is important. Between
each time of communication for the connected vehicles, a
linear relation in measured data is assumed. This can result
in discretization errors that are larger at lower transmission
frequencies.

4.2. Simulation Setup. The proposed method, as well as
two of the comparison methods, requires identification and
communication of information from connected vehicles.
Microscopic traffic simulators describe individual vehicles
in the traffic stream, allowing for gathering of information
from single vehicles within the simulation.Thus,microscopic
traffic simulation is suitable for analysis of the proposed
method. In this study, we use the open-source microscopic
traffic simulation tool SUMO (version 0.27.1) [26, 27]. SUMO
is multimodal, space continuous, and time discrete. The
car-following model used to model vehicle interactions is a
further development of the work by Krauß [28] and is based
on the calculation of a safe speed, compared to the approach
of Gipps [29]. The lane-changing model is rule-based. The
core model in SUMO is further described by Krajzewicz
[30]. The connected vehicle and stationary detector data
are accessed during the simulation through SUMO’s Traffic
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Figure 2: Inflow profile for the simulated scenario. The inflow
profile is corresponding to the peak hours on a two-lane urban
motorway in Stockholm.

Control Interface (TraCI). Python scripts [31] are used to
implement the traffic state estimation methods.

The simulated scenario consists of a one-directional
two-lane motorway, divided into ten 500-meter segments.
Further, a segment for loading of vehicles and an end segment
are included to avoid boundary effects, resulting in a 6 km
long simulated road. The maximum allowed speed on the
road is assumed to be 100 km/h. Simulations are performed
with a flow pattern taken from flow measurements on a two-
lanemotorway in Stockholm during afternoon peak hours on
a normalweekday (see Figure 2).The simulation is performed
for a period of 3.75 hours, excluding a warm-up period of
5 minutes to prevent from loading effects. Further, eight
different connected vehicle penetration rates are investigated.
For the investigation of different distances between detectors,
abrupt changes in the traffic state are required. Changes in
the traffic state are modeled as an incident by letting one
vehicle halt on a road segment for tenminutes after one hour.
This is resulting in a temporary drop in capacity, which is
considerably changing the traffic conditions.

4.3. Vehicle Parameters. The data used for calibration is col-
lected through stationary radar detectors from four different
locations on a two-lane urban motorway in Stockholm. The
measurement from each detector consists of speed and flow
measurements averaged over 15 minutes from three days in
April 2016, with a typical pattern and no larger incidents
reported. The flow profile is presented in Figure 2. The speed
measurements, averaged over the three days, at the different
detector locations and for different time instants are given
in Figure 3(a). However, the original road stretch includes
some on- and off-ramps, which have been excluded in this
simulation study. The reason for this is to isolate the effects
of the method by using a simple simulation scenario before
trying more complex scenarios. Additionally, vehicle data
at free flow conditions for four different vehicle classes are
available for calibration of the desired speed distribution.The
composition of vehicles and the speed distribution for each
vehicle class are given in Table 2.

The calibration of a SUMO model of the two-lane
motorway in Stockholm has resulted in calibrated vehicle
parameters that are applied for this study. Figure 3 gives
an overview of the speed at the four detectors and at



Journal of Advanced Transportation 7

Table 2: Free flow speed distribution for the different vehicle classes.

Class Allowed speed limit (km/h) Vehicle length (m) Mean speed (km/h) Std of speed (km/h) Composition (%)
1 110 0–8 109 13.13 91
2 90 8–12.5 92 10.33 5
3 90 12.5–24 90 8.35 3
4 80 24–36.5 88 5.55 1
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Figure 3:Themean speed for the given detectormeasurements (a), the uncalibrated scenario (b), and the calibrated scenario (c).Thedetectors
are represented on 𝑦-axis and the time instants are represented on 𝑥-axis (15min intervals). The mean speed is ranging from 0 km/h (red) to
110 km/h (blue).

15min intervals for the measurements (a), the uncalibrated
simulated measurements in SUMO (b), and the calibrated
measurements in SUMO (c). The speed ranges from 0 km/h
(red) to 110 km/h (blue). The default parameters and the
calibrated parameters in SUMO are given in Table 3. The
lane-changing parameters, lcCooperative and lcSpeedGain,

have been changed substantially compared to the default
values in SUMO. The reason for this is that by using the
default values the throughput becomes much higher than
observed on the motorway in Stockholm (see Figure 3(b)).
Here, lcCooperative parameter controls the degree of coop-
eration with other vehicles when performing a lane-change.
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Table 3: Vehicle parameters based on the calibrated scenario.

Parameter Default Class 1 Class 2 Class 3 Class 4
Accel. ability (m/s2) 2.6 0.8 0.8 0.6 0.6
Decel. ability (m/s2) 4.5 8.0 8.0 6.0 6.0
Imperfection (range: 0-1) 0.5 0.8 0.8 0.8 0.8
Reaction time (s) 1.0 0.85 0.85 0.85 0.85
lcCooperative (range: 0-1) 1.0 0.4 0.4 0.4 0.4
lcSpeedGain (range: 0–inf) 1.0 45.0 45.0 45.0 45.0
lcKeepRight (range: 0–inf) 1.0 1.0 1.0 10.0 10.0

A lower value results in decreased cooperation and thereby a
decreased capacity on the road. The lcSpeedGain parameter
is related to the willingness to increase speed in order to
perform a lane-change. Hence, by increasing this parameter,
the willingness to perform a lane-change is increased. This
results in increased interaction between the vehicles due to
the increased number of lane-changes, which in the end
reduces the capacity on the road. Also, the willingness to
keep right, controlled by the parameter lcKeepRight, has been
increased for trucks and buses, corresponding to classes 3
and 4. The reason for this is that when the willingness to
perform a lane-change is increased, the trucks and buses
will also perform lane-changes more frequently, which is
not the case in reality. The adjustments of the lane-changing
parameters result in a throughput for the simulated scenario
that is comparable to the available detector measurements.
In the car-following model, the acceleration and deceleration
abilities, as well as reaction time and the driver imperfection,
have been adjusted to correspond to the actual capacity on the
road. From Figure 3(c), it can be concluded that, by applying
the final calibrated parameters, the simulated scenario is able
to reproduce the measured scenario in terms of mean speed
levels.

Vehicles are generated with exponentially distributed
headways. The connected vehicles are also assumed to be
generated with exponentially distributed headways and uni-
formly distributed in the total flow and between vehicle types.
The connected vehicle data is collected and transmitted with
a frequency of 1Hz. The connected vehicles are able to detect
a vehicle in front at a maximum distance of 1500 meters.

4.4. Performance Indicators. During the simulation, the
number of vehicles within each segment and at each time
step is counted and averaged over the aggregation time period
to get the “true” simulated density and speed, hereafter
referred to as the reference density. The reference density
is compared to the density estimated using the proposed
method, CCV, and the methods used for comparison (SD,
CC, and GAP). The true simulated space mean speed is
calculated by averaging of the speeds of all vehicles located
within a segment for the considered aggregation time period.
The comparison of both density and speed estimates is done
with respect to the Root Mean Square Error (RMSE) for the
total number of observations𝑁:

RMSE = √∑𝑁𝑛=1 (est𝑛 − obs𝑛)2𝑁 , (6)

where est𝑛 and obs𝑛 are the estimate and the reference value
for observation 𝑛, respectively.The estimate and the reference
value are either speed or density. The difference between
the estimated and the observed values is calculated for each
segment and each aggregation time period and summarized
to get the RMSE.

The RMSE is an aggregate performance measure of the
estimations based on the total number of observations and
it will not therefore capture how changes in the traffic
conditions are reflected in the density and speed estimates.
Therefore, an evaluation of how well the density estimates of
CCV capture the changes in the traffic conditions is done by
examining the estimated density and the reference density
in a time-space diagram for an incident scenario. Further,
a comparison of the time-space diagram of the density
estimates for CCV and the other combined method, CC,
is done. The means and standard errors of the means are
calculated based on 10 replications of the simulation for the
different scenarios.

5. Results

In this section, results from the simulation experiments are
given. First, the aggregation time period is examined. This
is followed by an investigation of the performance of CCV
compared to SD, CC, and GAP. Finally, the ability for CCV to
capture changes in the traffic conditions is presented.

5.1. Aggregation Time Period for CCV. The aggregation time
period has to be chosen carefully. For a short aggregation
time period, changes in the density can be discovered fast.
On the other hand, the estimations become more uncertain
due to a limited amount of data to base the estimation upon,
especially for lower penetration rates. For a large aggregation
time period, the traffic state estimation becomes more stable,
but there is also a risk to smooth out changes and therebymiss
useful and relevant information.Theperformance of CCV for
the aggregation time periods of 15, 30, 60, and 120 seconds is
examined by comparing the estimated density and speed to
the reference density and speed, as explained in Section 4.4.

At low penetration rates and for short aggregation time
periods, it is often not possible to estimate the traffic state due
to no connected vehicle measurements to base the estimation
on. In this case, the missing estimates are excluded from
the RMSE and the resulting RMSE becomes uncertain. To
give an indication of the amount of missing estimates at
different penetration rates, the mean percentage of missing
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Figure 4: Mean percentage of missing estimates per segment for
CCV at different penetration rates. The error bars are 95% confi-
dence intervals, assuming normally distributed missing number of
estimations over the simulation runs.

estimates per segment is given in Figure 4. The mean RMSE
for speed and density for different penetration rates is shown
in Figure 5.

From Figure 5(a), it is observed that the aggregation time
period has limited effect on the RMSE of speed. Further,
the RMSE of speed is highest for low penetration rates and
decreases for higher penetration rates. However, this is the
case only when it can be assumed that the connected vehicles
have the same speed distribution as nonconnected vehicles. If
the distribution of speed for the connected vehicles deviates
from the distribution of speed of nonconnected vehicles, the
proposed method for estimating the speed will be biased
towards the speed of the connected vehicles. This will result
in a higher or lower speed estimate depending onwhether the
connected vehicles are assumed to drive faster or slower than
nonconnected vehicles.

Further, it is observed that the aggregation time period
will have a great effect on the density estimates. As can be
seen in Figure 4, a low penetration rate of connected vehicles
will result in a large percentage of missing measurements.
As a result, no, or only uncertain, traffic state estimates
are available. This does explain the increase in RMSE with
increasing penetration rates observed in Figure 5(b) for low
penetration rates and for the aggregation time periods of
15–60 seconds. Since nonvalue estimates are excluded from
the resulting RMSE at low penetration rates, an increase in
penetration rate leads more observations to become available
and more, but uncertain, estimates contribute to a larger
RMSE. However, at penetration rates above 5–20%, depend-
ing on the aggregation time period, enough measurements
are included in the estimation to give a reliable result and the
RMSE is starting to decrease with increased penetration rate
of connected vehicles.When the penetration rate is 100%, the

RMSE of both speed and density are, as expected, zero due to
the exclusion of measurement errors.

As a conclusion, the RMSE of speed and density are
smallest for the aggregation time period of 120 seconds.
However, by using such a large aggregation time period,
the estimates become smoothed over a longer period. This
might result in the fact that important phenomena in the
traffic conditions are detected late or are even not detected
at all. In order to reduce the uncertainty in the estimations
and at the same time be able to capture the changes in the
traffic flow, which is important for identifying changes in the
traffic conditions, an aggregation time period of 60 seconds
is therefore chosen for further investigations.

5.2. Performance of CCV. The density estimates of the CCV
are compared to the density estimates of GAP, CC, and SD
in order to investigate how the proposed method performs
compared to existing methods. The mean RMSE of density
for the four methods and using different penetration rates are
presented in Figure 6.The aggregation time period is set to 60
seconds based on the results presented in Section 5.1.

As concluded in Section 5.1, the CCV method does
not show a clear relationship between penetration rate and
performance for penetration rates below 10% as a result of
the missing or limited measurements to base the estimations
on. Hence, for a penetration rate of connected vehicles of 1
and 5%, the RMSE of density for the CCV is not trustworthy.
However, since the CCV performs poorly at low penetration
rates as shown in Figure 6, it can be concluded that the
penetration rate must be higher than 10% to give reliable
estimates.

The density estimates based on GAP, CC, and CCV are,
as expected, improved with an increased penetration rate.
The CCV gives density estimates comparable to GAP at a
penetration rate of 20%. It is first at a penetration rate of
40–50%; the accuracy in the estimates of CCV is comparable
to estimates of CC and SD, although after a penetration
rate of 40%, the improvements in the density estimates are
rapid with increased penetration rate. When approaching a
penetration rate of 100%, the estimated density is close to the
reference density, unlike the other methods where a larger
difference still exists. The reason for this is that, for CCV,
a penetration rate of 100% means identifying all vehicles
located within the segment and this is expected to be the
same as the reference density over the same aggregation time
period.

The other combined method, CC, has a larger RMSE of
density at higher penetration rates. One reason for this might
be the fact that it is assumed that no vehicles are overtaking
the connected vehicle. Therefore, when the connected vehi-
cles arrive at the downstream detector, all vehicles arriving
at the upstream detector after the connected vehicle are
assumed to still be within the segment. But since the segment
consists of two lanes and the vehicles within the simulation
have different desired speed, overtaking will occur, especially
for connected vehicles with a low desired speed.

By using only connected vehicles, as is done in GAP,
the local nature of the method does not seem to capture
the traffic conditions in a larger area during inhomogeneous
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Figure 5: Mean RMSE for the estimated speed (a) and density (b) compared to the reference density and speed for CCV at different
penetration rates and for different aggregation time periods. The error bars in (b) are based on 95% confidence intervals, assuming normally
distributed RMSE over the simulation runs. The standard error of mean in (a) is at most 0.44 km/h, and hence the confidence intervals are
excluded from the figure for greater legibility.
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Figure 6: Mean RMSE of the estimated density compared to the
reference density for the different methods and using different
penetration rates. The aggregation time period is 60 seconds.
The error bars are 95% confidence intervals, assuming normally
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traffic conditions where the speed distribution of the vehicles
becomes wider. By only considering the gap to the vehicle
in front, the formation of platoons, with small gaps for the
vehicles within the platoons and larger gaps in between pla-
toons, will decrease the performance and there will be a bias
towards gaps within the platoons. This is especially observed
at medium flow levels where the left lane is mostly used for
overtaking. In this case, a leader is sometimes missing as a
result of the limited measurement range or the time-space
distance behind the platoon is unknown in the overtaking
lane where the traffic flow is more inhomogeneous. This is
why the RMSE for the GAP method does not decrease as
much as the other methods at higher penetration rates.

Finally, it is concluded that the density estimates using
SD are, as expected, independent of the penetration rate. The
difference between the true density and the density estimates
for SD is due to the fact that the density estimates for SD
are based on measurements at specific locations and not
measurements for the whole segment.

As a conclusion, the SD is stable and gives reliable
estimates of the density independent of the connected vehicle
penetration rate and flow level. For the combined methods,
the CC is preferable at lower penetration rates, while the
CCV is more accurate at higher penetration rates. Results
from GAP show that using only local measurements from
connected vehicles gives a lower accuracy in the density
estimates under inhomogeneous traffic conditions as a result
of the inability to measure the gap behind vehicles and
the limited measurement range. Since the accuracy of the
density estimates is higher for the combinedmethods and the
detector-based method, it is preferable to include stationary
detectors when estimating the density.

5.3. Evaluation of Effects of Different Distances between
Detectors. One of the advantages of CCV is that it can
capture changes in the traffic conditions in between detectors,
meaning that even though the detectors are sparsely placed,
smaller segments in between the detectors can be considered
for estimating the density. However, this is based on the
assumption that the connected vehicle penetration rate is
approximately constant in between detectors. For this reason,
CCV is compared to the other combined method, CC, to
investigate how the ability to detect changes in the traffic
conditions, in this case modeled as an incident, is affected
by sparsely located detectors for the two methods. Since CC
has to include the whole stretch between two detectors as
one segment, it is expected that the resulting performance is
improved for the CCV.

Two time-space diagrams of density are presented in
Figure 7. The distances between detectors are 500 and 2500
meters, respectively. An aggregation time period of 60 sec-
onds is used based on the investigation in Section 5.1. A
penetration rate of 40% is used, since CCV and CC are
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Figure 7: Reference density and density estimates using CC and CCV in time (min) and space (km) for a simulated incident scenario. The
aggregation time period is 60 sec and the detector interval is 500 meters and 2500 meters in (a) and (b), respectively. The color map shows
density (veh/km).

comparable in accuracy at this level. The presented results
are means over 10 simulation runs. As can be seen in
Figure 7(a), both CCV and CC manage to capture the tail
of the incident with a distance between the detectors of 500
meters. However, both methods seem to overestimate the
density at the incident and underestimate the density in the
tail of the incident. An explanation to the overestimation
for the CC is that vehicles might overtake the connected
vehicle at an incident and pass to the next segment before
the connected vehicle has exited the considered lane.Thiswill
result in a too large density estimate. Further, the connected
vehicle data is sometimes based on retrospective information
and information smoothed out over a longer time period
than the aggregation time period, which will reduce the

performance of CC especially during congested conditions,
such as an incident. One reason for the deviation in the
estimation for CCV might be due to an uncertain estimate
of the penetration rates caused by the low speed levels at the
detectors. This is further investigated below.

Withmore sparsely placed detectors, as in Figure 7(b), the
same behaviour is seen for CCV, since the segment length is
still 500 meters and the penetration rate in this example is
approximately the same over the whole stretch. However, for
CC, the distance between detectors and thereby the distance
over which the density is estimated is considerably increased,
which will result in decreased accuracy of the density esti-
mates. Further, a consequence of the more sparsely located
detectors is an even longer time delay in the estimates. As a



12 Journal of Advanced Transportation

result, the incident is detected latewhen using theCCmethod
and as a smoothed density estimate over the five segments
without detectors.

It is concluded that CCV seems to capture changes in the
traffic conditions, such as an incident. A benefit ofCCV is that
the estimates are based on the current situation on the road.
This is becoming important during incidents and where the
longer travel times seem to cause delays in the density estima-
tion for CC. A second benefit is that, under the condition that
the connected vehicle penetration rate can be assumed to be
constant over a longer road stretch, as is the case in this study,
CCVmanages to capture changes in the traffic conditions also
for longer distances between detectors. This is seen when the
distance is increased to 2500 meters instead of 500 meters,
whereas the results from CC are affected by even increased
delay, as well as smoothing, resulting in the fact that the
incident is detected late and as a smoothed density over five
segments. However, it should be noted that CC does greatly
limit the dependence of communication equipment, since
reporting is only necessary at specific locations. Hence, when
communication of connected vehicle data can only be done
at specific points in time, or at specific locations, combined
density estimation methods not dependent on continuously
transmission of connected vehicle data are preferable over
CCV.

The Effect of Penetration Rates at Incidents for the CCV. From
Section 5.3, it is concluded that CCV overestimates the den-
sity at incidents and especially in the case of densely placed
detectors. One reason for this could be an incorrect estimate
of the penetration rate close to the incident. Therefore, a
reference penetration rate, gathered by counting the number
of vehicles and the number of connected vehicles on each
segment in the simulation, is compared to the estimates from
the CCV for the simulated incident scenario. Figure 8 gives
an overview of the estimated and the reference penetration
rate over time at the segments close to the incident.

From the figure, it becomes clear that the reference
penetration rate and the estimated penetration rate deviate
more during the incident and for the affected segments.
This confirms that the estimate of the penetration rate is
the reason for the uncertain estimates. It seems like, in
order for the model to perform well under low-to-medium
penetration levels, the traffic condition within a segment has
to be homogeneous. Hence, if the segment can be subdivided
to one congested and one uncongested traffic state, the
penetration rate between those statesmight differ, resulting in
an inaccurate estimate of the penetration rate and as a result
an inaccurate estimate of the density. Further, the estimates
of the penetration rate at detector intervals of 500 meters are
more unstable close to the incident. This is probably due to
the fact that the congestion is moving upstream, resulting
in slow moving vehicles and a more uncertain number of
connected vehicles passing the detectors, which creates local
variations in the connected vehicle distribution in space.
This corresponds well with the larger error in the density
estimates at the incident for more densely placed detectors,
which can be seen in Figure 7(a). For that reason, a more
sophisticated method for estimating the penetration rate
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Figure 8: The reference (black) and the estimated penetration rate
for segments 6–8 with a detector distance of 500 meters (red) and
2500 meters (blue).

would probably increase the performance of CCV even at low
penetration rates. Also the division of the road into smaller
segments can reduce the possibility of having different traffic
conditions within one segment. In this case, the penetration
rate still needs to be estimated individually at each segment
to increase the performance, since the inaccurately estimated
penetration rate is the main problem.

6. Conclusions

We propose the Count Connected Vehicle (CCV) method
for estimating the traffic state using connected vehicles in
combination with stationary detectors. The method provides
a straightforward approach to estimate the speed and den-
sity based on vehicle-to-infrastructure communication. The
purpose of the method is to get fast and accurate traffic state
estimations that can be used to detect changes in the traffic
conditions and at the same time limit the dependence on
detailed measurements communicated from the connected
vehicles using as few stationary detectors as possible. The
only measurements required from the stationary detectors
are the number of passing vehicles and the number of passing
connected vehicles. Hence, the complexity of the stationary
detectors is limited. Moreover, if the penetration rate is
assumed to be approximately the same over a longer road
stretch, the stationary detectors can be sparsely placed. The
limited dependence on measurements from the connected
vehicles is due to the fact that the requirement in precision



Journal of Advanced Transportation 13

in position data can be low. The only requirement is that the
current segment be correctly reported. Hence, the measure-
ment errors for estimating the number of connected vehicles
located on a segment are limited to the boundaries of each
segment.

The method is evaluated by the means of microscopic
traffic simulation. The speed and density estimates of the
proposed method are compared to the true simulated values.
Further, the density estimates are compared to the density
estimates using one detector-based method, one combined
method, and one connected-vehicle-based method. The
results of the study show that the proposed method is a
promising alternative for accurately estimating density and
speed on the road, especially at medium-to-high penetration
rates of connected vehicles. Since themethod is based on real-
time positioning data from connected vehicles, it can capture
abrupt changes in the traffic conditions, such as incidents.
The traffic state can be estimated instantaneously given that
there are at least a few connected vehicles at the segment.
Hence, the aggregation time period can be short. This makes
themethoduseful for trafficmanagement purposes.Note that
the penetration rate can be based on previous knowledge, that
is, a moving average, during short aggregation time periods,
to increase the accuracy in the estimation of the connected
vehicle penetration rate.

Many interesting topics are identified for future research.
First, a low connected vehicle penetration rate and a short
aggregation time period are concluded to result in few or
sometimes missing density estimates. Hence, by including
data assimilation techniques, such as the ones described by
Evensen [32], Wang and Papageorgiou [6], Antoniou et al.
[33], and Seo et al. [13], the performance of the proposed
method can be improved. Second, the penetration rate
becomes inaccurate during inhomogeneous traffic conditions
within a segment. By using a more advanced method to
estimate the penetration rate, the accuracy of the method can
be improved. For example, the dynamics of the penetration
rate can bemodeled using amacroscopicmodel as in Astarita
et al. [14] and Bekiaris-Liberis et al. [15]. Third, the effect
on the traffic state estimation for more complex designs of
the road network and inclusion of measurements errors has
to be further investigated. Finally, the use of the proposed
method in traffic management systems is also a topic for
future research.
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