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Estimating Relevance for the Emergency
Electronic Brake Light Application

Piotr Szczurek, Bo Xu, Ouri Wolfson, Fellow, IEEE, and Jie Lin

Abstract—In this paper, we compare two methods of estimating
relevance for the emergency electronic brake light application:
One method uses an analytically derived formula based on the
minimum safety gap that is required to avoid a collision, whereas
the other method uses a machine learning approach. The applica-
tion works by disseminating reports about vehicles that perform
emergency deceleration in an effort to warn drivers about the
need to perform emergency braking. Vehicles that receive such
reports have to decide on whether the information contained in
the report is relevant to the driver and warn the driver if that
is the case. Common ways of determining relevance are based on
the lane or direction information, but using only these attributes
can lead to many false warnings, which can desensitize the driver.
Desensitized drivers may ignore warnings or completely turn off
the system, thus eliminating any safety benefits of the application.
We show that the machine learning method, compared with the
analytically derived formula, can significantly reduce the num-
ber of false warnings by learning from the actions that drivers
take after receiving a report. The methods were compared using
simulated experiments with a range of traffic and communication
parameters.

Index Terms—Machine learning, vehicle safety.

I. INTRODUCTION

IN 2005, the National Highway Traffic Safety Administra-
tion (NHTSA) released a document that identifies eight

potential safety applications that utilize the Dedicated Short-
Range Communication (DSRC) technology [1], [2]. The ap-
plications were selected based on the potential safety benefits
that they provide. Among these applications, the emergency
electronic brake light (EEBL) application was determined to be
one of the three applications to possess a high benefit potential.
EEBL was defined as an application that alerts drivers of any
hard braking that is done by vehicles in front of them. The idea
was to extend drivers’ visibility through the emergency brake
notifications. This approach was described as most helpful in
situations where the visibility is limited, such as in adverse
weather conditions.
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Interworkings of EEBL and problem motivation: EEBL
works through vehicles that disseminate a report each time they
perform emergency braking, which occurs when the decelera-
tion rate equals a predefined value. When a report arrives at a
vehicle, the system checks whether the information contained in
the report is relevant to the driver, and based on this, the driver
can then be given a warning.

Current approaches for determining relevance in EEBL have
been simple, based either on rules [2], [3] or heuristics [4]. For
example, in [2], it is suggested that a warning could be given
based on the vehicle’s lane. However, using lane information as
the only factor would mean that all drivers of vehicles in the
same lane would see the EEBL warnings, whereas drivers in
the adjacent lanes would never receive a warning. For vehicles
in the same lane, this case could result in many unnecessary
EEBL warnings to be shown to the drivers. Over time, this
may desensitize the drivers and result in drivers ignoring the
EEBL system. Conversely, for vehicles in the adjacent lanes,
the EEBL systems might fail to warn drivers of potentially
dangerous situations and thus reduce the safety benefit of the
application.

Approaches for relevance estimation: To minimize the po-
tential for driver desensitization while maintaining the safety
benefit of the application, the EEBL warnings need to be shown
only to drivers who would consider the warning relevant. This
approach can be accomplished by restricting the warnings to
vehicles for which drivers need to perform emergency decel-
eration. One way that this could be done is by calculating the
required deceleration for the vehicle to avoid a collision, given
certain report attributes such as the distance, the vehicle speed,
or the vehicle density. One example of such an approach was
proposed for a collision avoidance system in [5]. However, the
equations that were developed depend on the knowledge of
other vehicles’ information (e.g., position and velocity), which
is usually not known in EEBL. Even when all the information
is known, the equations do not take into account normal human
driver behavior and might result in drivers to consider the warn-
ings as unnecessary. It may also be difficult to come up with the
proper equations that would take into account all the relevant
factors such as road lane information or weather conditions.

In this paper, we compare two different ways of determining
the relevance for the EEBL system. One approach, the analytic
method, is based on [5]. It uses an analytically derived formula
that tries to estimate the minimal safety gap that a vehicle
would need to avoid a collision. The alternative is our proposed
method of using machine learning techniques for learning the
relevance of reports. In this method, vehicles check whether
emergency braking was done within a fixed amount of time
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after receiving each report. Based on this condition, training
examples are created for a machine learning process that learns
a report relevance model. The learned model can then be used
to determine the likelihood of an arbitrary report being relevant.
The decision to warn the driver is then based on this likeli-
hood, which depends on several factors such as the distance
between the reporting and the receiving vehicles, the density
of the vehicles on the road, and the velocity of the vehicles.
Although the focus of this paper is on the theoretical per-
formance of an EEBL system, for real deployments of the
EEBL technology, the learning of the model can initially be
performed with simulations. This approach would allow the
EEBL device to immediately be used. The models can then
subsequently be modified through the generation of additional
training examples. Therefore, the models can be fined-tuned
toward individual vehicles or drivers.

Advantages of machine learning for relevance estimation in
EEBL: The main advantage of our proposed method is the abil-
ity to easily combine individual factors that affect the relevance
of reports. Moreover, through simulations, we show that the
method can significantly reduce the number of warnings that
drivers would perceive to be unnecessary while maintaining the
safety benefit of the EEBL application in terms of lowering the
number of collisions.

The machine learning method can also be used for relevance
estimation in other transportation safety applications. For ex-
ample, in a pedestrian warning application, the vehicle can
communicate with a pedestrian holding a smartphone and deter-
mine whether the driver should be warned about the pedestrian
crossing the street. Another example could be a curve speed
warning device in which drivers are warned about whether they
should reduce their speed for the curve ahead. In this case, the
learning could be based on whether other vehicles had to reduce
their speed for curves with similar attributes.

The rest of this paper is structured as follows. In the next
section, we review the relevant work. In Section III, we dis-
cuss our assumptions about the environment for the EEBL
application. Section IV describes the EEBL application, and
Section V presents the two approaches for relevance estimation.
Evaluation of the different methods is discussed in Section VI,
followed by a conclusion in Section VII.

II. RELEVANT WORK

In 2006, the Crash Avoidance Metrics Partnership (CAMP)
Consortium, which is composed of major automobile manu-
facturers along with the U.S. Department of Transportation
(USDOT), started the Vehicle Safety Communications—
Applications (VSC-A) project. The goals of this project in-
cluded the development of communication standards and the
identification and testing of potential safety applications that
utilize DSRC. The project resulted in a standardization of the
SAE J2735 Basic Safety Message (BSM) that contains the ve-
hicle state information (e.g., position, speed, and acceleration),
which is important for safety applications [6]. It also identified
EEBL as one of the several important safety applications and
successfully tested its feasibility [7].

The issue of relevance in the EEBL application was men-
tioned in [2], when EEBL was proposed as a potential DSRC
application. The authors wrote that relevance could be based
on lane and direction information determined by the Global
Positioning System (GPS) position. This strategy for determin-
ing relevance was used in [3], where the authors proposed to
disseminate EEBL messages to all vehicles in the so-called
zone of relevance (ZoR). A vehicle was defined to be in the ZoR
if it travels behind the vehicle that originated the EEBL message
and in the same direction. The issue with this definition of
relevance is that some vehicles may be traveling far behind the
EEBL originator and may not need to be warned. As a result,
many false warnings could be created.

A more sophisticated method for estimating relevance was
proposed in [4]. In that work, the authors proposed that the
warnings should be evaluated based on a time–space relevance
factor, which gives higher values to warnings that are recent and
close, and lower values to warnings that are old and far away
from the warning originator. The factor is also based on the
difference in speed between the receiving and the originating
vehicles. However, the exact form of the time–space relevance
factor was not given, and therefore, a direct comparison of this
method cannot be made.

Another possible relevance estimation method was described
in [8]. That paper considered an application where warnings are
given for collisions at intersections. The authors proposed to
show the warnings when the difference between the estimated
time-to-collision (TTC) and the time-to-avoidance values are
within a certain threshold. This computation depends on several
parameters that need to be tuned to consider human factors.
Although such a method could be employed in an EEBL
application, the formulation uses a fixed number of factors and
cannot easily be extended to include additional information
(such as weather).

In [5], equations for a collision avoidance system based on
calculations of the required deceleration necessary to avoid a
collision with the vehicle in front have been developed. To
derive the equations, knowledge of every vehicle’s position, ve-
locity, and acceleration is assumed at all times. This approach is
unlike the EEBL system, which only disseminates information
about the vehicle that performs the emergency deceleration.
Therefore, the equations cannot directly be used. In addition,
the equations need assumptions about driver reaction times and
how the drivers respond to the actions of the other vehicles.
These issues also exist in techniques that are used for threat
assessment [9]–[11]. In these papers, the paths of the vehicles
on the road are predicted, and this information can then be used
to warn the drivers. A similar method is also described in [12],
where, in addition, statistical inference is used in calculating
the expected utility of a warning. However, the authors do not
address the issue of when the warnings should be shown. In
addition, similar to [5], all of the techniques that were described
in [9]–[12] are largely dependent on the knowledge of other
vehicles’ positions and velocities.

The use of machine learning for relevance estimation has
initially been proposed for the dissemination of travel-time
information in [13]. In that work, the use of machine learn-
ing allowed drivers to make better choices about their travel
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paths, therefore lowering their average travel times. In [14],
the technique was adapted for the dissemination of parking
information. The results showed that, by learning of parking
availability, vehicles made better selections among the different
parking availability reports and lowered the time that it took
them to find a parking space. In [15], the machine learning
approach was proposed for use in the EEBL application. This
paper presents the further development of that work by showing
how the machine learning methods can handle multiple lane
roads, presenting further testing of wireless communication
parameters, and providing a methodology for setting the system
parameters.

The impact of false warnings on driving behavior was studied
in [16]. The authors experimented with drivers using a collision
avoidance system, which worked by warning drivers when the
headway to the front vehicle became too close. Tests were
performed to see how well the drivers could maintain a safe
headway. During these tests, false warnings at various rates
were purposely displayed to drivers to test their reaction. It was
discovered that, when the false-warning rate increased by more
than 60%, the drivers began to decrease their headways, which
implies that they started to distrust the system.

Handling of false warnings through machine learning has
been studied in [17], where the authors experimented with
a smartphone application that alerted drivers of slowdowns
in the traffic on the road ahead. The application worked by
collecting the vehicle’s positions using GPS and using the
location of known alert events to warn the driver (see [18] for
a detailed description of the application). Once an alert has
been issued to the driver, the application displayed a feedback
screen in which the users could select whether they thought
the warning was useful. In addition, for each displayed alert,
a set of attributes such as the vehicle’s speed and position
was recorded. These attributes, along with the corresponding
feedback, were then used for machine learning using support
vector machines (SVMs). Results showed that, using the trained
SVM classifier, 80% of unwanted warnings could have been
suppressed for 50% of the users. Although this paper also uses
machine learning techniques for avoiding false warnings, the
key difference is the feedback mechanism. In contrast to the
procedure that was described in [17], our feedback method is
automatic and therefore does not involve users who manually
input their preferences. The advantage of this approach, aside
from eliminating the burden on the users, is that the feedback
is based on the user actions and not a stated preference, which
may be imprecise. In addition, manual feedback would be diffi-
cult to acquire in EEBL, because emergency deceleration events
are rare. Because the major difference between the method that
was presented in [17] and our proposed method is the feed-
back mechanism, the two methods cannot directly be compared.

The use of relevance feedback has extensively been studied
in information retrieval [19]. The goal of information retrieval
systems is to find the most relevant documents that match a
given query, which is expressed as a set of terms. Relevance
feedback is a mechanism in which users identify relevant
documents so that the query itself can be modified to increase
the precision of the results [20]. Because this technique requires
explicit feedback, it can be burdensome to the users. As a

result, pseudorelevance feedback has been suggested [21]. This
technique assumes that all the top retrieved documents are
relevant and uses these documents to modify the query. This
method, however, suffers from the problem of query drift, in
which the terms that were added to the query from the docu-
ments that were assumed to be relevant result in worse retrieval
performance. Another approach for automatic feedback is the
use of implicit feedback techniques. These techniques analyze
user behavior such as clickthrough data [22]–[26] or other
indicators [27] to judge the relevance. Our approach can be
considered a form of implicit relevance feedback.

In general, our method can be thought of as a way of handling
imprecise queries. We can think of the EEBL system in terms
of a driver who makes a query to the system: “retrieve all
EEBL reports relevant to my safety.” The query is said to
be imprecise, because the meaning of the term “relevant” is
vague. Traditionally, handling of imprecise queries has been
done through the use of fuzzy logic [28]. Fuzzy logic assigns
a degree of truth to a fuzzy (i.e., imprecise) concept based on a
membership function [29]. Typically, proper membership func-
tions might be determined through expert knowledge, although
this approach can be problematic [30]. Therefore, automatic
means of determining membership were developed. Examples
include learning parameter values of the membership function
[31], [32] or using fuzzy modifiers [33] with explicit relevance
feedback. Another method used clustering to determine the
membership [34]. A different approach that was described in
[35] used genetic algorithms to find fuzzy rules.

A recent technique for processing imprecise queries that
does not rely on fuzzy queries can be found in [36]. That
technique ranks query results by the expected relevance, which
is computed using a relevance function and a density function.
The relevance function reflects user preferences and can be
found in various ways such as coclick similarities. The density
function is based on the joint probability distribution of the
attribute values and is found using a naive Bayesian classifier.
Our approach uses similar probabilistic methods such as naive
Bayes for learning the relevance but is adapted to the context
of transportation safety applications through the way that it
determines the relevance of information.

III. ENVIRONMENT

The environment consists of a set of vehicles controlled by
human drivers. A subset of these vehicles is equipped with the
following equipment:

• an onboard computer with storage capability;
• a positioning device (e.g., GPS, possibly augmented with

a gyroscope and an accelerometer);
• a short-range wireless communication device (e.g., DSRC

or Wi-Fi);
• an accelerometer;
• a warning indicator;
• a digital map with lane information.
We assume that the storage of each vehicle has unlimited

capacity and the positioning device is accurate at all times.
The short-range wireless communication device is used to
transmit data to nearby vehicles within its transmission range.
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Transmission range is the maximum distance between a send-
ing and a receiving vehicle in which data can be received. We
assume that this range is fixed and is the same for all vehicles.
Not all reports that are sent may be received. We hence define
delivery probability as the probability that a report that was
sent by one vehicle is received by another vehicle within its
transmission range. It may take time for a report to be trans-
mitted from one vehicle to another. The time that is required
for the transmission of a report is the transmission delay.

The accelerometer on the vehicle senses the deceleration (in
g-forces) at any given point in time. The warning indicator is
used to warn drivers about the need to brake. The digital map
contains information about the road on which the vehicle is
driving, including the number of lanes and their exact positions.
This information is necessary for determining the lane number
of each vehicle.

We call the subset of vehicles that are equipped as the
participating vehicles. Vehicles without the equipment, includ-
ing the warning indicator or the communication devices, are
called the nonparticipating vehicles. The ratio between the
participating vehicles and the total number of vehicles is called
the participation rate. In this paper, we consider cases of both
full (100% participation rate) and partial participation (0% <
participation rate < 100%).

In emergency situations, vehicles may perform certain ac-
tions to try to avoid a collision with the vehicle in front of
it. Typically, the first driver reaction will be to press hard on
the brakes, which will cause the vehicle to decelerate with
a maximum deceleration rate, which we call Tsevere_brake.
Observe that Tsevere_brake will vary based on the vehicle type,
load, and weather conditions. We will now define the concept
of emergency deceleration.

Definition 1—Emergency Deceleration: A vehicle emer-
gency decelerates when its deceleration equals Tsevere_brake.

IV. EMERGENCY ELECTRONIC BRAKE LIGHT WITH THE

RELEVANCE ESTIMATION APPLICATION

Our system design for the EEBL application consists of the
following three elements:

• report creation;
• report dissemination;
• report relevance estimation.
Reports are created by the vehicles whenever they emergency

decelerate. After reports have been created, they are dissemi-
nated to nearby vehicles using the short-range communication
device. Once a report arrives at a vehicle, the relevance of the
report is determined. If the report is found to be relevant, the
warning indicator is turned on to alert the driver. Otherwise, no
warning is shown. Note that, in the simple EEBL application,
there is no relevance estimation, i.e., the warning indicator is
turned on whenever the vehicle receives a report. We will now
individually discuss the details of each of the design elements.

A. Report Creation

When a vehicle emergency decelerates, it generates an emer-
gency brake report, each of which contains information about

the time and place when the emergency deceleration occurred.
As the vehicle continues to emergency decelerate, new reports
are generated every 0.1 s. Each emergency brake report includes
the following fields:

• location;
• timestamp;
• vehicle speed;
• vehicle length;
• road and lane identifier.
All these fields, except for the road and lane identifier, are

included as part of the standard BSM [6]. The location is
recorded at the time of the report’s generation using the posi-
tioning device and is stored as coordinates.1 The timestamp is
the current time when the report was generated, and the vehicle
speed is the speed of the vehicle at that time. The road and lane
identifiers correspond to the road and lane on which the vehicle
travels. We assume that this information can be generated from
the digital map and the location information using techniques
such as the approach described in [37]. However, note that,
although our proposed methods can utilize lane information to
increase the performance, they may also be used without this
knowledge.

B. Report Dissemination

Reports are disseminated using the short-range communi-
cation device through broadcast communication. In broadcast
communication, the sent reports can be received by all neigh-
boring vehicles. Neighboring vehicles are vehicles that are
within the transmission range of the sender. New reports that
are received by a vehicle are immediately rebroadcast to its
neighbors.2 A vehicle that receives an emergency brake report
is called a receiving vehicle.

C. Report Relevance Estimation

When a report is received, we determine its relevance to the
receiving vehicle. If the report is determined to be relevant,
the warning indicator is turned on. If a report is found not
to be relevant, no warning is given. The determination of the
relevance can be done through one of the methods presented in
the next section.

V. RELEVANCE ESTIMATION METHODS

In this section, we will present two methods for estimating
the relevance of emergency brake reports. The first method,
which is discussed in Section V-A, determines relevance based
on an analytically derived formula. The second method, which
is discussed in Section V-B, is our proposed method that utilizes
machine learning techniques. Both methods utilize the same
information for determining the relevance. The information that
is used by the methods is information that would be expected

1Note that if the update frequency of the positioning device is lower than
0.1 s, then the locations in the subsequent reports may be identical.

2We have also performed tests without rebroadcasting. The results of these
tests are presented in Section VI-E6d.
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Fig. 1. Scenario for calculating the minimum safety gap. Vehicle C sends a
report to vehicle A, which has vehicle B in front of it.

to be available in an EEBL system, including information about
the vehicle that generated the emergency brake report and the
receiving vehicle. However, specific information about other
vehicles is not assumed to be known.

A. Analytic Method

This method determines the relevance based on an estimate
of the minimum safety gap. We define the minimum safety gap
as the minimum distance in between the receiving vehicle and
the vehicle in front of it that is, required to avoid a collision.
This is based on an assumption that, if the receiving vehicle
is on the same lane as the vehicle that generated the report,
then at the time that the report is received, the vehicle in front
of the receiver will immediately emergency decelerate until
it stops. Given that assumption, if the gap between the two
vehicles is less than the minimum safety gap, a warning will be
shown to the driver (i.e., the report will be considered relevant).
Otherwise, no warning will be shown (i.e., the report will be
considered irrelevant).

The minimum safety gap is dependent on several factors,
including the position and the velocity of the receiving vehicle
and the vehicle in front of it and the driver reaction time.
In EEBL, the information about the vehicle in front is not
known. However, we can approximate its position using the
information contained in the report, along with the road density
information. The density can either be calculated from the
knowledge of the current travel times or locally be estimated
from wireless communication device signals and the knowledge
of the participation rate (see [38]). We assume that all other
properties of the front vehicle, such as its length, velocity,
or maximum deceleration, are equal to the properties of the
vehicle that generated the report.3 For the driver reaction time,
we used a value of 1.0 s based on a study that was described in
[39]. Using these assumptions, we can calculate the minimum
safety gap based on the equations that were derived in [5].

To illustrate how the minimum safety gap is determined,
consider the scenario shown in Fig. 1, where multiple vehicles
are driving on a straight road with a single lane. One of
the vehicles, which we will call vehicle A, receives a report
from one of the downstream vehicles, which we will call
vehicle C.

Assume that the vehicle that is directly in front of A, vehicle
B, will emergency decelerate immediately after A has received
the report. When this case occurs, we want to estimate whether
the distance between A and B is less than or equal to the
minimum safety gap. To do so, we have to estimate the position
of B using the position of C and the density of the vehicles in
between A and C. Let sx(t), vx(t), and ax(t) be the position,
velocity, and acceleration of vehicle X at time t. The position

3This case may obviously not hold; therefore, implications are discussed in
Section VI-E3a.

of the vehicle is its distance from the beginning of the road
segment. Note that deceleration will be indicated by a negative
value of ax(t). Assuming equally spaced vehicles in between
A and C, the initial position of B can be estimated from the
density as follows:

sB(0) =
sC(0)− sA(0)

[sC(0)− sA(0)] · density + 1
+ sA(0). (1)

We assume that the initial velocity and acceleration of B is
equals to that of C. We also assume that each driver has a fixed
reaction time of RT s and that, within the initial RT seconds,
the acceleration of the vehicle will be 0. Therefore, vehicle A
will continue at its initial velocity for RT s, which means that
it may collide with vehicle B within this time. If this is the
case, then the gap is smaller than the minimum safety gap. To
find whether a collision will occur, we have to consider the
following two cases: 1) the collision occurs before B stops or
2) the collision occurs after B stops. Vehicle B stops at the
following time:

tb−stop = −vB(0)
aB(0)

. (2)

The first case occurs when the TTC tcrash occurs before B
stops. The TTC for this case is given by

tcrash =
−ΔvAB(0)−

√
ΔvAB(0)2 − 4 · aB(0) ·ΔsAB(0)

aB(0)
.

(3)

In this equation, ΔvAB(0)=vB(0)−vA(0), and ΔsAB(0)=
sB(0)− sA(0)− lb, where lb is the length of vehicle B. The
length of B can be approximated by the average vehicle length,
or we can assume, as we did in our experiments, that it equals
the length of C.

For the second case, when a collision occurs after has B
stopped, the TTC is given by

tcrash =
ΔsAB(0)
vA(0)

− vB(0)2

2 · aB(0) · vA(0)
. (4)

If tcrash > RT , then it is possible for vehicle A to start
decelerating to try to avoid a collision. To calculate the rate
required, we first assume that the deceleration of a vehicle is
constant during braking. A collision would occur if the velocity
of A is greater than the velocity of B at the point when the
position of B is equal to the position of A plus the length of B.
Under these assumptions, the required deceleration (aA(0)) to
avoid a collision is

aA(0) =
−vA(0)2

2 ·ΔsAB(0)− vB(0)2

aB(0) − 2 · vA(0) ·RT
. (5)

Because the idea of EEBL is to alert drivers when emergency
braking is required, we compare the required deceleration for
collision avoidance to the deceleration defined as emergency
braking Tsevere_brake. A warning is given to the driver when
aA(0) <= Tsevere_brake. Note that both Tsevere_brake
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and aA(0) will be negative for deceleration. This condition
implies that the deceleration required equals or exceeds the
vehicle’s maximum deceleration; in other words, the current
gap is smaller than the minimum safety gap.

B. Machine Learning Method

In this section, we present our relevance estimation method
based on machine learning techniques. The general idea behind
this method is to use the received reports as an input to a
supervised machine learning algorithm. The objective is to
learn a relevance function, which maps the reports to a value
between 0 and 1, with 0 being completely irrelevant and 1 being
completely relevant.

The method works in the following two stages: 1) the
learning stage and 2) the usage stage. In the learning stage,
the relevance function is instantiated using machine learning
techniques. In the usage stage, the learned relevance function
is used to decide on whether to turn on the warning indicator.
Every vehicle starts in the learning stage, which proceeds as
follows. First, the warning indicator is disabled to allow us to
observe how a driver normally reacts after a report has been
received. Then, for every report that is received by a vehicle,
we calculate values for a set of report attributes and determine
whether the report was relevant. We will discuss the selection
and calculation of the attributes in Section V-B1.

We check whether the report was relevant by monitoring
the vehicle’s behavior after the report has been received for
a specified fixed amount of time, called the reaction delay.
Reaction delay is a parameter of the method that refers to
the length of the period of time P after which the method
determines whether the report was relevant. P starts when the
report is generated and its optimal length, reaction delay, was
experimentally found (see Section VI-D2). Having explained
the reaction delay, we will now define a relevant report as
follows.

Definition 2—Relevant Report: A report r that is received by
a vehicle v is relevant if the driver of v performs an emergency
deceleration within reaction-delay seconds after the report has
been received.

This definition stems from the intuition that a temporal corre-
lation (occurrence within the reaction delay) between receiving
a report and undertaking an emergency action implies that
the report necessitated emergency deceleration. Therefore, the
report can be considered relevant.

Once the attribute values are calculated and the relevance
of the report is determined, the system generates a training
example. A training example consists of a set of report attribute
values and a label that indicates its relevance. Labels can be
either positive or negative. A training example is assigned a
positive label when the report was determined to be relevant and
is then called a positive training example. Similarly, a training
example is assigned a negative label when the report was not
relevant and is called a negative training example. The training
examples that are generated are added to a training example set
that is stored by each vehicle.

Once a sufficient number of training examples is generated
(we used thousands in our experiments), the set of all stored

examples is input to a machine learning algorithm, which
uses the training examples to learn the relevance function.
Section V-B2 describes the specific machine learning algo-
rithms that we have utilized. After the machine learning algo-
rithm has found the relevance function, the method proceeds to
the usage stage.

In the usage stage, the warning indicator is enabled, and
new training examples are no longer generated. Instead, when
a report arrives at a vehicle, the report attribute values are cal-
culated, and the learned relevance function is used to calculate
the relevance of the report. The decision to turn on the warning
indicator then depends on a fixed threshold, called Twarning.
When the relevance value of the report exceeds Twarning, the
warning indicator will then turn on. Otherwise, if the value is
less than or equal to Twarning, the report will be ignored. The
determination of the exact value for Twarning will affect the
tradeoff between safety and the number of false warnings. If set
low, the warnings will more frequently appear, possibly causing
many false warnings to be shown. Over time, this condition can
lead to driver desensitization. Setting the threshold high will
have the opposite effect. We discuss the setting of the TWarning
threshold in Section VI.

Note that it is possible to continue to learn in the usage
stage. However, because the EEBL warnings will affect drivers’
behavior, this may introduce a bias in the learning. We will
therefore leave this issue as part of future work. In the next
section, we discuss the selection and the calculation of the
report attributes. In Section V-B2, we present the two machine
learning techniques that we utilized in our experiments.

1) Attributes: Attributes are the features that are used for
machine learning. They are derived from the raw data that were
contained in the report (e.g., vehicle position and velocity) and
other information (e.g., road density) that would be known to
the receiving vehicle. When choosing attributes, care must be
taken to find attributes that best predict emergency deceleration.
The attributes that we used for learning were chosen based on
the factors that affect the drivers’ decision to initiate emergency
deceleration. We identified the following four such attributes.

• Temporal distance d (in seconds) between the locations
at which the report was generated and received. This is
the time needed for the receiving vehicle, traveling at its
current velocity, to reach the location at which the report
was generated. The probability of emergency deceleration
by the receiving vehicle will increase as the temporal
distance decreases, and vice versa.

• Density of vehicles ρ (in vehicles per 1 km). As the
density increases, the average headways between vehicles
decrease. This will, in turn, increase the likelihood of
emergency deceleration.

• Difference in velocities vd (in meters per second) between
the receiving vehicle and the vehicle that generated the
report. Intuitively, when the receiving vehicle travels faster
than the vehicle that generated the report, the likelihood of
emergency deceleration will be higher.

• Lane offset lo. Defined as the number of lanes that separate
the receiving vehicle and the vehicle that generated the
report, this attribute will be used if lane information is
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known to the vehicles. A lower lane offset will increase
the likelihood of emergency deceleration.

Alternative attributes may have been used, but our exper-
iments showed that the aforementioned four attributes have
resulted in the best performance. The tests that we performed
replaced the temporal distance with a spatial distance, which is
the difference in the positions between the vehicle that received
the report and the vehicle that generated it. Similarly, the ratio
of velocities replaced the difference in velocity. These tests
showed that the performance in terms of the average number
of collisions was degraded.

We assume that the values of the attributes are known when
the report is received. The temporal-distance attribute can easily
be calculated based on the location data provided in the report
and the current vehicle speed. This calculation requires only the
following two simple operations: 1) subtraction and 2) division.
Similarly, the difference in velocity can simply be calculated
from the reported vehicle speed and the current vehicle speed
involving one subtraction. Lane offset can be derived from
the reported lane identifier, again using one subtraction. The
calculation of the density was discussed in the previous section
(see Section V-A) and is independently performed and before
the processing of a report. Therefore, when a new report arrives,
its processing involves less than ten machine instructions, and
we assume that the delay in processing the report is negligible.

Although we have used only four attributes, additional at-
tributes such as attributes that are related to weather or road
conditions can also be used to augment the learned relevance
model. Another attribute that may have been used is the age
of the report, defined as the difference between the time that the
report was generated and the time that it was received. However,
we did not include this attribute, because in our simulations, we
showed that, even without the age attribute, the performance
does not degrade when delays are present. It may, however, be
used when significant delays are present, for example, when
the EEBL application has to share bandwidth with additional
applications.

2) Machine Learning Techniques: In this section, we dis-
cuss the following two machine learning techniques that we
have used for learning the relevance function: 1) naive Bayes
and 2) logistic regression. Each technique has its advantages,
and as will be shown later, the choice of which method is used
could affect the performance of the system. In addition to the
two techniques, we have experimented with the classification
and regression trees machine learning technique, but the results
showed that it performed poorly in the key metric (the average
number of collisions).

a) Naive Bayes: The naive Bayes method is a simple
method for learning based on probabilities. It assumes condi-
tional independence among the attributes and uses the Bayes
rule for calculating the probabilities. The algorithm finds a

mapping of the attributes to the probability that the driver will
perform emergency deceleration within reaction-delay seconds
after the report has been received. Given a report with attributes
ρ, d, vd, and lo, we label the conditional probability that a ve-
hicle v performs emergency deceleration as P (vbr|ρ, d, vd, lo).
We label the unconditional probability that a vehicle v performs
emergency deceleration as P (vbr). The probability of relevance
is then calculated as follows (by the Bayes rule):

P (vbr|ρ, d, vd, lo) =
P (ρ, d, vd, lo|vbr) · P (vbr)

P (ρ, d, vd, lo)
. (6)

Using the conditional independence assumption and the law
of total probability, we then get (7), shown at the bottom of the
page.

In this equation, P (vbr′) is the unconditional probability
of not performing emergency deceleration and can be cal-
culated as (1 − P (vbr)). P (vbr) is calculated by counting
all instances of emergency deceleration when a report is re-
ceived. We additionally have to find the conditional proba-
bilities P (ρ|vbr), P (d|vbr), P (vd|vbr), P (lo|vbr), P (ρ|vbr′),
P (vd|vbr′), P (d|vbr′), and P (lo|vbr′). We assume that these
probabilities follow a normal distribution. Hence, to estimate
the probabilities, we only need to compute the following two
parameters for each of the eight distribution functions: 1) the
sample mean and 2) the standard deviation. These values can
be computed using the training examples as follows. During
the learning stage, for each attribute, we maintain two lists
of values: one list for the positive examples and another list
for the negative examples. For each training example, we add
the attribute values to the corresponding list. At the end of
the learning stage, we calculate the mean and the standard
deviation within each list and use these values as the parameters
of the normal distribution for the corresponding probability.
In the usage stage, the two lists are no longer updated. Instead,
the learned distributions are used to calculate (7).

b) Logistic regression: This method assumes that the
probability of emergency deceleration, which we use as the
relevance function, fits a logistic function as

P (vbr|ρ, d, vd, lo) = f(z) =
1

1 + e−z
(8)

where z is a linear combination of the attributes ρ, d, vd, and
lo, i.e.,

z = β0 + β1ρ+ β2d+ β3vd+ β4lo. (9)

The parameters β1, β2, β3, and β4 are the coefficients of the
attributes, and β0 is the intercept value. The values of these
parameters are found based on the training examples, typically
using maximum-likelihood methods. The method that we have
used is ridge estimators [40]. The learned equations for the

P (vbr|ρ, d, vd, lo)=
P (ρ|vbr)·P (d|vbr)·P (vd|vbr)·P (lo|vbr)·P (vbr)

(P (ρ|vbr)·P (d|vbr)·P (vd|vbr)·P (lo|vbr)·P (vbr)+P (ρ|vbr′)·P (d|vbr′)·P (vd|vbr′)·P (lo|vbr′)·P (vbr′))
(7)
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TABLE I
APPROXIMATE 95% CONFIDENCE INTERVALS FOR LOGISTIC REGRESSION

cases of one lane (10), two lanes (11), and three lanes (12) that
we used in our experiments are given as follows (the reaction
delay was set to 9 s):

z = 2.815 + 0.04456ρ− 0.000207d− 0.2787vd (10)

z =−0.3588+0.1028ρ−0.000177d−0.0962vd−0.2007lo

(11)

z =−0.2497+0.2822ρ−0.000179d−0.0271vd−0.217lo.

(12)

To determine the significance of the attributes in each of the
learned models, we approximated the 95% confidence intervals
using the bootstrap method. The resulting intervals are listed
in Table I. These tests showed that, except for the temporal
distance (which includes zero in the interval), all the attributes
are significant.

VI. EVALUATION

In our evaluation, we measured the effectiveness of the EEBL
system in preventing vehicular collisions and measured the
potential for driver desensitization to the warnings. The eval-
uation was done through simulations using a modified version
of the MITSIM software [41]. The next section will describe
the MITSIM simulator. Our modifications to the MITSIM
software are then described in Section VI-B. Section VI-C
explains our simulation environment, and Section VI-D pro-
vides the evaluation procedure. Simulation results are shown in
Section VI-E.

A. Simulation Software

The MITSIM microscopic traffic simulator generates vehicle
movements through a road network using car-following logic.
It allows for different vehicle and driver types to be specified,
which affect vehicle movements on the road. The simulation is
done in discrete time steps of 0.1 s. Vehicles enter the network
from the specified origin and traverse the network toward the
specified destination. Vehicles are introduced into the network
at a rate that is specified by the departure rate, with either equal
or random (Poisson-distributed) spacing. The departure rate
affects the density of the vehicles on the road. The speed and

the position of the vehicle that enters the road are dependent on
the traffic conditions, the speed limits on the given road, and the
required spacing to the vehicle in front. The required spacing
represents the minimum safety gap that drivers are willing to
accept, and it may be different for each driver. If the spacing
is not sufficient at the given time step, vehicles to be placed on
the road are put in a first-in–first-out queue until they can enter
the road.

The control of vehicle movements on the road is handled
by three different cases, depending on the headway time to
the vehicle in front. In the first case, the headway is greater
than hupper and is called the free-flowing regime. In this case,
vehicles accelerate or decelerate to the target speed. The target
speed depends on several factors, including the speed limit,
the driver type, and the vehicle type. In the second case, the
headway is in between hlower and hupper, and the vehicle
enters the car-following regime. In this case, the vehicle tries
to match the speed of the vehicle in front of it by applying a
calculated amount of acceleration or deceleration. This amount
is determined using an equation based on the General Mo-
tors car-following model. When the headway drops to below
hlower, the vehicle enters the emergency deceleration regime.
It then applies sufficient deceleration to increase the headway
above hlower. All the acceleration or deceleration decisions are
postponed by the driver reaction time, which is specified by
a random variable from a truncated normal distribution. The
hupper parameter may be different for each vehicle and, by
default, ranges from 1.7498 s to 4.5979 s. The hlower parameter
is fixed to 0.4 s.

Lane changes are handled by a random utility model that
calculates the probability of whether a mandatory or a dis-
cretionary lane change will be performed for each vehicle. A
mandatory lane change might occur when the current lane on
which the vehicle is driving ends or the lane does not connect
to the next link in the path. A discretionary lane change might
occur if the driver of the vehicle is not satisfied with the
conditions on its current lane and prefers the conditions on one
of the adjacent lanes. The probability of making a discretionary
lane change depends on several factors, including the vehicle’s
current speed, its desired speed, and the speed of the vehicles
on the adjacent lanes. When a driver decides to make a lane
change, a gap acceptance model is used to check whether the
lane change can be performed. The gap acceptance model is
based on the relative speed of the subject vehicle and the leading
and lagging vehicles on the target lane.

B. Modifications to MITSIM

Because the original software mainly focused on evaluating
traffic flow, it did not permit vehicle collisions. To prevent
collisions, MITSIM allowed vehicles to exceed their specified
maximum deceleration in certain situations. The maximum
deceleration of a vehicle is speed dependent and ranges from
3.048 m/s2 to 10 m/s2. To allow collisions to occur, we there-
fore modified MITSIM by making sure that the maximum
deceleration cannot be exceeded at any time during car fol-
lowing. As a result, vehicles may not have enough time to
stop, and collisions can occur. We also implemented the ability
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to immediately stop one of the vehicles, which allowed us to
simulate a worst case emergency braking situation.

For the testing of adverse weather conditions, we modified
the car-following and the lane-changing parameters based on
the study that was presented in [42], which provides calibra-
tion settings for rain conditions. That paper used data from a
freeway corridor in Hampton Roads, VA, to find simulation
parameters that are significantly affected by rain conditions.
The authors found two lane-changing and two car-following
model parameters to be significant. In addition, the desired
speed distribution was changed from fine weather conditions.
The study was performed for driving conditions without inci-
dents and did not assume decreases in road–tire friction. How-
ever, for our tests, we have reduced the maximum acceleration
and deceleration values for each vehicle type by assuming a
road–tire friction coefficient of 0.8.

The EEBL system was implemented by checking the decel-
eration of all vehicles during every time step. If one of the
vehicles reached its maximum deceleration, the EEBL report
was then sent to all the vehicles within the specified transmis-
sion range after a specified propagation delay. A vehicle then
receives the report, with a probability equal to the set delivery
probability. If the report was received by a vehicle that was
upstream the vehicle that generated the report, the relevance
estimator then decided on whether a warning should be given to
the driver. We assumed that drivers react to the EEBL warnings
by braking with maximum deceleration. Therefore, if a warning
was given, then after the driver reaction time, the deceleration of
the vehicle was immediately set to its maximum deceleration.
This approach was done regardless of the movement regime.
Note that this approach is different from what is done in the
emergency deceleration regime. In the emergency deceleration
regime, an equation is used to calculate the deceleration re-
quired to increase the headway above hlower, whereas when
an EEBL warning is given, the deceleration will always be set
to the maximum, regardless of the headway.

C. Simulation Environment

The environment consisted of a 3-mi-long single stretch
of the road with one, two, or three lanes. The roads were
set up as highway segments, unless otherwise noted. Vehicles
entered the road at a rate specified by the mean departure rate.
The mean departure rate is a random number from a normal
distribution and was fixed for the duration of a single simulation
run. Four types of vehicles were used, as specified by the
default parameter settings of MITSIM. The intervehicle spacing
was Poisson distributed, with a mean rate equal to the mean
departure rate. The speed limit and the free-flow speed on the
road were both set to 55 mi/h for the highway segments. To
test the local streets, a lower speed limit of 35 mi/h was used
(see Section VI-E3b). The driver reaction time was based on a
truncated normal distribution with a mean of 1.0 s, a standard
deviation of 0.25 s, a lower bound of 0.4 s, and an upper bound
of 2.7 s. These values were based on the study in [39]. All other
parameter values were set to their MITSIM default (see Table II
for the listing of all parameter values).

TABLE II
PARAMETER VALUES THAT WERE USED IN SIMULATIONS

Each run simulated a single incident on the road in which a
particular vehicle, which we call the incident vehicle, immedi-
ately stopped after traversing 99% of the road length. The lane
on which the incident occurred, which we call the incident lane,
was specified for each run. The incident lane for the two lane
configuration was fixed to be the left lane, whereas the middle
lane was used for the three-lane configuration. The vehicle
that was selected to stop was the first vehicle that reached the
stopping point in the specified incident lane, which was also, at
least, the 100th vehicle that entered onto the road. Waiting until
at least 100 vehicles have entered the road was done to allow
the simulation to initialize. However, note that we have tested
using the first, 10th, 50th, and 200th vehicle instead of the 100th
as the incident vehicle, but the results did not change.

The stopping of the vehicle initiated a possible sequence of
collisions. For each run, we recorded the number of collisions
in each lane for the vehicles in the last 2 mi of the road.
The first mile was not considered, because collisions close
to the road entrance were typically unrealistic. This was due
to the method that MITSIM uses for loading the vehicles onto
the road. To focus on the collisions that occur after the incident,
the EEBL system was initially turned off and then turned on
once the incident occurred.

Each run was executed in either the learning or the usage
mode. In the learning mode, emergency brake reports were
disseminated, but no warnings were given to the vehicles. The
vehicles thus followed their normal MITSIM-specified car-
following behavior. For each report, a timer that is equal to the
reaction delay was started once the report has arrived, and the
attribute values were calculated. Once the timer has expired,
we checked whether emergency deceleration occurred during
the last reaction-delay seconds and output a training example
that consists of the attribute values and the appropriate label
(positive or negative). In the usage mode, no training examples
were output. Instead, vehicles were given warnings based on the
value of the relevance given by the various estimation methods.
These methods will be discussed in the next section.
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D. Evaluation Procedure

The evaluation of the relevance estimation methods was
done in several steps. First, we found the appropriate val-
ues for the reaction-delay and the TWarning parameters (see
Section VI-D2) that were utilized by the machine learning
methods. During this procedure, we also trained the machine
learning models. Second, we tested the potential for driver
desensitization (see Section VI-D3), utilizing the previously
trained machine learning models. Third, we tested the safety
benefit of the system by measuring the average number of
collisions per simulation run (see Section VI-D4). The methods
that were compared are described in the next section.

1) Compared Methods: The following relevance estimation
methods were compared in the evaluation.

• noEEBL: No report is relevant.
• simpleEEBL: All reports are relevant.
• simpleEEBL-lane: All reports with lane offset 0 are

relevant.
• Analytic: Relevance is calculated using the analytically

derived formula based on the minimum safety gap.
• ML-NB: Relevance is based on the model that was learned

through the naive Bayes machine learning algorithm.
• ML-LR: Relevance is based on the model that was

learned through the logistic regression machine learning
algorithm.

In the first method, noEEBL, every report is assumed to be
irrelevant; therefore, this method reflects the conditions without
the EEBL system. The second method, simpleEEBL, assumes
that all the reports are relevant and hence gives warnings to all
vehicles. The third method gives warnings only to vehicles that
are driving within the same lane as the vehicle that generated
the report. The fourth method uses the equations described
in Section V-A. The last two methods utilize our proposed
machine learning approach to learn a relevance model. Each of
the methods used a different learning technique. ML-NB used
the naive Bayesian technique, whereas ML-LR used logistic
regression.

2) Setting of the Reaction-Delay and TWarning Parameters:
To find the best values to use for the two parameters of the
machine learning method, we ran 100 simulation runs for each
of the six departure rate settings (200–1200 vehicles/h/lane) in
the learning mode using the following three different road lane
configurations: 1) one lane; 2) two lanes; and 3) three lanes.
For these runs, the delivery probability and the participation
rate were set to 100%, the propagation delay was 0 ms, and the
transmission range was set to infinity. During each run, training
examples were recorded from every vehicle and added to a set
for the run. We then created the union of all the sets of runs with
one lane, called 1set. Similarly, we created the union of the runs
with two and three lanes, called 2set and 3set, respectively.

The runs were repeated for different values of reaction delay,
from 1 s to 11 s, in 2-s increments, resulting in 15 training
example sets in total. This range of values was chosen, because
the reaction delay has to be greater than the human reaction
time to provide enough time for the driver to react. However, the
value should be small enough to capture only the driver reac-
tions that are related to the received report. Each of the training

example sets was then split 90%/10% among the training and
the test sets. The training set was used to learn the relevance
estimation model, whereas the test set was used to calculate
the false and the missed-warning rates. The false-warning rate
is the number of false warnings divided by the total number
of warnings predicted by the learned model. A false warning
was counted when the model predicted a warning for a negative
training example (see Section V-B for the definition), which
means that the warning should not have been given. The missed-
warning rate is the number of missed warnings divided by
the number of positive training examples. A missed warning
was counted for every positive training example in which the
relevance estimation method would not have given a warning
based on the set of attribute values associated for that example.

The training of the models was done through the Weka
Learning Toolkit software [43] using the corresponding Weka
implementations with default parameters. Naive Bayes training
was done using the NaiveBayesSimple implementation, and
logistic regression was done using Logistic implementation.

With the machine learning approach, we can lower the false-
warning rate to an arbitrary level by controlling the TWarning
parameter value. However, increasing this value will also result
in an increase in the missed-warning rate. Higher missed-
warning rates will likely decrease the safety benefit of EEBL,
because fewer warnings will be shown. Therefore, we set the
value of TWarning such that the false-warning rate equals the
missed-warning rate. This approach achieves a balance between
the false- and missed-warning rates. The two rates can be made
equal, because as TWarning increases, the false-warning rate
decreases, and the missed-warning rate increases.

To find the optimal value for the reaction-delay parameter,
we ran 100 simulation runs in the usage mode and tested the
number of collisions that followed from the simulated incident
scenario. The runs were repeated using different numbers of
lanes (one to three) and different departure rates per lane
(200–1200 vehicles/h/lane). The reaction-delay value that re-
sulted in the lowest average number of collisions per run, when
averaging over all runs, was then used for all following tests.
The trained machine learning models associated with the found
optimal reaction-delay value were used for all subsequent tests
of driver desensitization and safety benefit, except for the
adverse weather tests.

For the tests in adverse weather conditions, a separate rain
model was trained using the same procedure as for the other
models. A separate model allows for better performance under
rain conditions. Such conditions can indirectly be detected by
vehicles by sensing the activation of their windshield wipers.
Upon detection, the rain model is activated.

3) Measuring Driver Desensitization: The potential for
driver desensitization heavily depends on the number of false
warnings that the system will show. A high number of false
warnings will likely increase the possibility of driver desensiti-
zation. Therefore, to test the potential for driver desensitization,
we measured the false-warning rate. This approach was done
using a similar procedure as described in the previous section.
We ran 100 simulation runs in the learning mode, with differ-
ent departure rates, participation rates, delivery probabilities,
and transmission ranges. Note that, although the tests were
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Fig. 2. False- and missed-warning rates for different values of TWarning in
the two-lane case using the logistic regression model (the reaction delay was
set to 9 s).

performed in the learning mode, no additional learning took
place. The learning mode was used only to generate additional
testing examples. This approach resulted in test example sets
for each combination of parameter settings. For each of these
sets, five different relevance estimation methods (simpleEEBL,
simpleEEBL-lane, analytic, ML-NB, and ML-LR) were used
to find whether each method would show a warning for each
test example. This result was then used to find the false-warning
rate for each case. Note that the noEEBL method was not tested,
because the false-warning rate is undefined when no warnings
are given.

4) Measuring the Safety Benefit of EEBL: We measured the
safety benefit of EEBL by simulating the incident scenario and
measuring the number of collisions that followed. The machine
learning methods utilized the previously trained models, with
the TWarning and reaction-delay parameters set according
to the aforementioned procedure. We ran 1000 simulation runs
in the usage mode using all the relevance estimation meth-
ods and repeated the procedure for the same combinations
of parameters, as done for the driver desensitization tests. In
addition, we tested the case when the drivers do not react to
warnings. For every test, we calculated the average number of
collisions per run in each lane.

E. Results

In this section, we present the results of our simulations.
In Section VI-E1, we show results that are related to finding
the optimal value of the TWarning parameter. Section VI-E2
shows the results for finding the optimal value of the reaction-
delay value. In Sections VI-E3–6, we discuss the results of
the driver desensitization and the safety benefit tests under
various departure rates, participation rates, weather conditions,
and wireless communication parameters, respectively. The tests
show the effects of these parameters in terms of the false-
warning rates and the average number of collisions per run.
Last, in Section VI-E7, we show the effects of drivers not
reacting to warnings on the average number of collisions.

1) TWarning Values: Figs. 2 and 3 show the false- and
missed-warning rate curves as they varied with the value of the
TWarning parameter for the two-lane case when the reaction
delay was set to 9 s. The exact values of TWarning for every
machine learning method and road configuration case that

Fig. 3. False- and missed-warning rates for different values of TWarning in
the two-lane case using the naive Bayes model (the reaction delay was set
to 9 s).

TABLE III
VALUE OF THE TWarning PARAMETER FOR DIFFERENT ROAD

CONFIGURATION CASES AND MACHINE LEARNING METHODS

Fig. 4. Average number of collisions per run for different values of the
reaction delay for the naive Bayes and logistic regression methods.

resulted in equal false- and missed-warning rates is shown in
Table III (for a reaction delay of 9 s). The values were found
to be largely dependent on the distribution of the positive and
the negative training examples, generally increasing with higher
values of the reaction delay.

2) Reaction-Delay Value: The results of the reaction-delay
tests are shown in Fig. 4. The results show a significant im-
provement in performance as the reaction delay increases up
to 9 s. As the value increases past 9 s, the average number
of collisions slightly increases. The optimal value was hence
found to be 9 s for both machine learning methods.

Effects of the Departure Rate: In this section, we study
the effects of the departure rate for the following two cases:
1) a highway case and 2) a local-street case. Section VI-E3a
discusses the results of the highway case, and Section VI-E3b
presents the local-street case.
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Fig. 5. False-warning rates for all methods and different vehicle departure
rates: One-lane case.

Fig. 6. False-warning rates for all methods and different vehicle departure
rates: Two-lane case.

Fig. 7. False-warning rates for all methods and different vehicle departure
rates: Three-lane case.

a) Highway case: In this section, we present how the
false-warning rate and the average number of collisions vary
with respect to the departure rate for the five different relevance
estimation methods. For these tests, the transmission rate was
set to infinity, and both the delivery probability and the partici-
pation rate were set to 100%. The propagation delay was 0 ms.

The false-warning rates for the one-, two-, and three-lane
configurations are shown in Figs. 5–7, respectively. Note that
the simpleEEBL-lane and simpleEEBL methods are the same
for the one-lane case; therefore, only one method was shown.
The results show significant improvement in the false-warning
rate with the machine learning methods compared to the other

Fig. 8. Average number of collisions per run for all methods and different
vehicle departure rates: One-lane case.

methods. Averaged over all runs, the ML-NB and ML-LR meth-
ods both had an average false-warning rate of approximately
19%. This value is less than 1/3 of the false-warning rates
for the simpleEEBL (67%) and the simpleEEBL-lane meth-
ods (62%). The analytic method performance matched the
simpleEEBL-lane method, i.e., at 62%. The likely reason for
the poor performance is that the assumptions on which the
analytic method relies may not be valid in every scenario.
For example, the vehicle in front may not always immediately
emergency decelerate at the time that the report is received. In
addition, the length of the vehicle in front could be different
from the assumed length. The approximations of the minimum
safety gap might hence be inaccurate, which will cause false
warnings to be given. However, we have performed additional
tests in scenarios that attempt to maximize the performance of
the analytic method by using only a single vehicle type and by
assuming that this type and its length are common knowledge
among all vehicles, and these tests showed no difference in
relative performance among the tested methods.

Similarly, inaccuracies in the estimation of the density might
also result in additional false warnings. Although the machine
learning methods also rely on the estimation of density, we have
tested4 adding noise to the density measurement, and even in
those tests, the analytic method performance was still inferior.
The machine learning methods were, however, more sensitive
to misestimation of the density.

As suggested in [9] and [44], rates that are higher than
60% will cause the drivers to distrust the system. As such, the
safety benefit of the simpleEEBL, simpleEEBL-lane, and the
analytic methods might degrade over time, because drivers will
be less likely to react to the warnings when they are shown.
With comparably low average false-warning rates, the machine
learning methods will likely avoid the degradation of the safety
benefit.

Figs. 8–10 show the results of the departure rate tests on the
average number of collisions for the one-, two-, and three-lane
cases, respectively (note the logarithmic scale).

As the figures show, the use of the EEBL methods resulted in
substantial decreases in the average number of collisions. When
averaged over all runs, the number of collisions per run without

4Result figures are omitted due to space considerations.
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Fig. 9. Average number of collisions per run for all methods and different
vehicle departure rates: Two-lane case.

Fig. 10. Average number of collisions per run for all methods and different
vehicle departure rates: Three-lane case.

EEBL (the noEEBL method) averaged 28.83 collisions per run.
With the use of EEBL, using any of the relevance estimation
methods, most collisions were avoided. The reason for the large
difference between the noEEBL and the other methods is that
the simulated scenario creates a chain of vehicular collisions,
which is avoided using EEBL.

Comparing the EEBL methods, both the analytic and the
machine learning methods matched the performance of the
simpleEEBL and simpleEEBL-lane methods. Overall, the sim-
pleEEBL method achieved the best performance, with an aver-
age number of collisions of 0.91 when averaged over all runs.
This result was expected, because the simpleEEBL method
warns the driver in every case. Nevertheless, the ML-NB method
had a similar performance, with an average of 0.94 collisions
per run. The simpleEEBL-lane method had a higher average of
1.57, whereas the ML-LR method averaged 1.89. The analytic
method performance was almost identical to the simpleEEBL-
lane method.

The results showed that the proposed machine learning
method maintained the safety benefit of the EEBL application
while significantly reducing the chance of driver desensitization
due to false warnings. Note that, in some cases, the machine
learning methods prevented more collisions than simpleEEBL,
because the simple method caused more false warnings, which
resulted in unnecessary emergency deceleration. Unnecessary
deceleration can cause additional collisions that would not
otherwise happen without the EEBL warning.

Fig. 11. Average number of collisions per run in each lane for all methods:
Two-lane case.

Fig. 12. Average number of collisions per run in each lane for all methods:
Three-lane case.

Looking at the differences across the departure rates, the
results for the one-lane case showed that the average number of
collisions generally decreased with increased departure rates.
This behavior can be attributed to the fact that, at low densities,
vehicles travel at much higher velocities. This condition makes
it harder for the vehicles to stop and avoid a collision. However,
a higher departure rate also implies that there will be more
vehicles making lane changes, which might cause additional
collisions in emergency situations. This effect is evident in the
two- and three-lane cases, where the number of collisions
increased as the departure rate per lane rose. In the one-lane
case, the average number of collisions also slightly increased
above 600 vehicles/h/lane. The behavior is consistent across all
the EEBL methods; therefore, it may be caused by something
inherent in EEBL. However, the increase was very slight and
may therefore be due to the statistical variations in the simula-
tions. Nevertheless, the behavior is not specific to the proposed
machine learning methods; thus, it does not affect our result.
It may, however, be part of future investigations of EEBL in
general.

In addition to measuring the total number of collisions that
occur during each run, we measured the collisions on each of
the lanes. The average number of collisions per run, for each
lane, averaged over all departure rates is shown in Figs. 11 and
12. The figures show, as expected, that the number of collisions
on the incident lane was generally higher than on the adjacent
lane. Exceptions to this case were the simpleEEBL-lane and the
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analytic methods, because these methods did not show warn-
ings on the nonincident lanes and, therefore, had a greater
number of collisions occuring in those lanes. Collisions on the
nonincident lanes can be attributed to the fact that vehicles in
the incident lane will try to change lanes to avoid the stopped
vehicle. This may then cause a collision with an oncoming
vehicle driving in the adjacent lane. Furthermore, there were
more collisions on the left lane than on the right. This is due
to the speed differences in each lane. Because the left lane nor-
mally has higher speed, vehicles are more likely to change into
this lane and also more likely to collide with another vehicle.

b) Local-street case: To test the conditions that would
occur on a local street as opposed to a highway, we reran the
tests for the three-lane case, set the road type in MITSIM to
urban street, and lowered the speed limit and the free-flow
speed to 35 mi/h. The results were similar to the highway case,
with the false-warning rates showing no significant deviations
and the average number of collisions with only a slight decrease
of about 0.67 collisions, on the average, for the EEBL methods.
The results thus indicate that the local-street case did not
significantly affect the performance of the methods.

3) Effects of the Participation Rate: During the initial de-
ployment of the EEBL system, we can expect that the par-
ticipation rate will be low. To test the effect that this will
have on the system, we ran tests using varying participation
rates. In each test, the departure rate per lane was fixed to
600 vehicles/h/lane, the delivery probability was set to 100%,
and the transmission range was infinite. The propagation delay
was 0 ms. The participation rate was varied from 0% to 100%,
in 20% increments.

For the false-warning rates, the results showed almost no
changes in the false-warning rate as the participation rate var-
ied. The exact rates were approximately the same, as shown in
Figs. 5–7 for the 600-vehicle/h/lane departure rate. Although
some small differences were present across the participation
rate range, these were likely due to the randomness of the
simulations. The reason is that the participation rate reduces
only the number of testing examples that are used but not the
proportion of false warnings.

Figs. 13 and 14 show the results of the tests for the average
number of collisions in the one- and three-lane cases. Overall,
the results showed that the machine learning methods matched
or exceeded the performance of the simple methods with vary-
ing participation rates. The analytic method also performed
similar to the other methods. As shown in the figures, the
number of collisions was relatively similar across all the differ-
ent EEBL relevance estimation methods (without considering
noEEBL). Small differences between the methods did exist
and became greater as the participation rate was increased. In
addition, the differences were greater for the multilane cases.
However, compared with the number of collisions that result
from noEEBL, these differences were insignificant.

4) Effects of Adverse Weather: To test the effects of adverse
weather on the methods, we reran the departure rate tests for the
three-lane case under simulated rain conditions. For these tests,
the transmission rate was set to infinity, and both the delivery
probability and the participation rate were set to 100%. The
propagation delay was 0 ms.

Fig. 13. Average number of collisions per run for all methods and different
vehicle participation rates: One-lane case.

Fig. 14. Average number of collisions per run for all methods and different
vehicle participation rates: Three-lane case.

Fig. 15. False-warning rates for all methods and different departure rates
under rain conditions: Three-lane case.

Figs. 15 and 16 show the results of the tests for the
false-warning rates and the average number of collisions,
respectively. Compared with the results in normal condi-
tions, the false-warning rates showed no significant changes
for the simpleEEBL, simpleEEBL-lane, and analytic methods.
However, there was a 6% average decrease for the ML-NB
and ML-LR methods. The improvement can be attributed to a
separate rain model that was used for these tests. In terms of
the safety effects, there were generally more collisions in rainy
situations, with the EEBL methods more affected than noEEBL.
However, for low departure rates, the number of collisions is
slightly reduced for the EEBL methods. This case is because
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Fig. 16. Average number of collisions per run for all methods and different
departure rates under rain conditions: Three-lane case.

vehicles travel at lower speed in rain conditions and, hence, can
stop faster. For higher departure rates, the effect of lower speed
is reduced, because vehicles closely follow each other.

5) Effects of Wireless Communication Parameters: Previous
tests assumed that all vehicles on the road can immediately
receive the reports after they have been generated. In real life,
the wireless communication technologies such as DSRC are
limited by several factors such as the transmission range or the
transmission delays. With a limited transmission range, only a
subset of vehicles (i.e., vehicles that are within the range) can
receive the reports. This case will hence affect the safety benefit
of the EEBL in terms of the average number of vehicle colli-
sions that will occur. Similarly, errors in transmission may mean
that a sent report may not be received. Therefore, the delivery
probability will also limit the safety benefit of the application.
In addition, there may be propagation delays due to the time
needed for a transmission to take place or the time needed
to process a report that has been received. Such delays will
imply that the driver will not immediately receive the warnings,
and therefore, the EEBL safety benefit may also be impacted.

Limited communication can also have an impact on the
false-warning rates, because the communication will determine
which vehicles receive the reports. Therefore, the number of
vehicles for which the report is relevant may increase or de-
crease, depending on the communication, and as a result, the
false-warning rate will be affected.

Last, in our model, we assumed that vehicles will rebroadcast
any newly received reports. Although this condition increases
the chance that a report will be received, it also increases the
communication overhead that would be associated with the
EEBL application. Therefore, in some cases, such as when
bandwidth is shared among several applications, it may be
desirable not to rebroadcast the reports.

In the next section, we present the results of tests when
the transmission range is limited. In Section VI-E6b, we
show the results when varying the delivery probability. In
Section VI-E6c, we present the results of tests of propagation
delays, and in Section VI-E6d, we discuss what happens when
vehicles do not rebroadcast the reports.

a) Effects of the transmission range: To test the impact
of a limited transmission range, we have repeated the vehicle
participation rate tests with a transmission range of 100 m.
Although 1000 m is the approximate range of DSRC, the

Fig. 17. False-warning rates for all methods and different participation rates:
Three-lane case.

Fig. 18. Average number of collisions per run for two methods using limited
and infinite transmission ranges: Three-lane case.

100-m range was used, because the effective reliable transmis-
sion range can significantly be reduced in high-communication-
load areas [45]. Effective reliable transmission range is defined
as the area where the packet loss is less than 10% per receiver.

Fig. 17 shows the results of testing the false-warning rate
when the transmission range is limited to 100 m, using different
values of the participation rate for the three-lane case. The
tests compared the simpleEEBL and the ML-NB methods. An
infinite transmission range is labeled as INF. In these tests,
the delivery probability was set to 100%, and the propagation
delay was 0 ms. The results show that, for the simpleEEBL
method, a limited transmission range decreases the number of
false warnings. The reason is that reports are more relevant
for vehicles in close proximity to where the report originated.
This result can also be shown to a much smaller degree for the
ML-NB method. The one- and two-lane cases are not shown,
but the results were similar to the three-lane case.

The results of the tests for the average number of collisions is
shown in Fig. 18. For the one-lane case, the results showed that
both methods achieved almost identical performance. At low
participation rates, the performance of the methods was signif-
icantly affected by a short transmission range, because not all
vehicles received the reports. The situation was similar for the
one- and two-lane cases. In the one-lane case, the simpleEEBL
method was better than ML-NB with an infinite transmission
range. However, the difference in performance between the
two methods significantly decreased as the participation rate
increased.
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Fig. 19. False-warning rates for two methods with varying delivery probabil-
ities: Three-lane case.

Fig. 20. Average number of collisions per run for two methods with varying
delivery probabilities: One-lane case.

b) Effects of the delivery probability: To test the effects
of the delivery probability, we ran tests for the simpleEEBL and
ML-NB methods and varied the delivery probability from 0%
to 100% in 10% increments. For these tests, the transmission
range was set to 100 m, the propagation delay was 0 ms, the
participation rate was 100%, and the departure rate per lane was
600 vehicles/h/lane.

The results for the false-warning rates are shown in Fig. 19
for the three-lane case. The tests have shown that the delivery
probability has only a minimal effect on the false-warning rates
of both methods. In the two- and three-lane cases, the ML-NB
method significantly outperformed simpleEEBL across the de-
livery probability range. For the one-lane case, the results were
closer. Nevertheless, on the average, the ML-NB method’s false-
warning rate was less than one-third of the simpleEEBL rate.

Fig. 20 shows the results for the average number of collisions
in the one-lane case. Note that the results are shown using a log-
arithmic scale. As shown in the figure, both methods achieved
almost identical performance across the different values of the
delivery probability. For the one-lane case, above 40%, the
delivery probability had only a marginal effect on the number
of collisions. The two- and three-lane cases were similar to
the one-lane case. However, in the multilane cases, 10% was
already sufficient to achieve the safety benefits of EEBL. The
reason that EEBL with relatively unreliable communication
still provides a significant safety benefit is that newly received
reports are always rebroadcast, thus increasing the chance that a

Fig. 21. Average number of collisions per run for the ML-NB method with
different propagation delays: One-lane case.

report will be received. In addition, after a vehicle has received
a warning from the EEBL and starts emergency decelerating,
it will generate a new report that will be broadcast to other
vehicles. Therefore, few reports need to be delivered in each
time step to achieve a low number of collisions.

c) Effects of the propagation delay: To test how propa-
gation delays can affect the performance of the methods, we
ran tests for the ML-NB method and varied the delay. Ten sets
of 100 runs were performed, each with a different delivery
probability parameter value, ranging from 10% to 100% in
10% increments. For all runs, the transmission range was set to
100 m, the participation rate was 100%, and the departure rate
per lane was 600 vehicles/h/lane. The results were averaged
over all runs.

In terms of the false-warning rates, the results showed no
significant changes in the rate as the propagation delay in-
creased. The reason that propagation delays do not affect the
false-warning rate is that the delay does not affect the vehicle’s
reaction after a report has been received.

Fig. 21 shows the results for the average number of colli-
sions. The tests showed that small delays (up to 500 ms) did not
cause any significant degradation of performance, with only a
slight increase at 500 ms. According to [46], such delays are un-
likely to be present. We can therefore conclude that propagation
delays are unlikely to degrade the safety benefit of EEBL.

4) Effects of not rebroadcasting: To test whether rebroad-
casting of newly received reports has an effect on the perfor-
mance of EEBL, we performed tests for the simpleEEBL and
ML-NB methods with and without rebroadcasting. The tests
were done for the three-lane case, with a varying transmission
range of 100 m, 250 m, 1000 m, and infinity. The participation
rate was 100%, the departure rate was 600 vehicles/h/lane, and
the propagation delay was 0 ms.

Fig. 22 shows the results for the false-warning rates. In
general, the results showed that the rebroadcasting of the
reports does not significantly affect the false-warning rate.
However, without rebroadcasting, the ML-NB method achieved
marginally better performance at low transmission ranges. This
result can be attributed to the fact that, without rebroadcasting,
the reports are sent to vehicles within a short distance of where
the report originated. Intuitively, the reports will be more likely
to be relevant for those vehicles.
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Fig. 22. False-warning rates for two methods and varying transmission ranges
for the three-lane case, with and without report rebroadcasting.

Fig. 23. Average number of collisions per run for two methods and vary-
ing transmission ranges for the three-lane case, with and without report
rebroadcasting.

Results for the average number of collisions are shown in
Fig. 23. The tests have shown that, with rebroadcasting, both
methods had no significant deviations in the average number
of collisions across the different transmission ranges. Without
rebroadcasting, the ML-NB method showed some degradation
in performance at lower transmission ranges. This case is
particularly clear at the 100-m range. However, the simpleEEBL
method did not experience any significant change from the no-
rebroadcasting case. The reason is that, when simpleEEBL is
used, every vehicle within the transmission range immediately
sees a warning after a report has been received. Because this
case implies that the vehicle will immediately start to emer-
gency decelerate in our simulations, it will cause additional
reports to be generated. This case does not occur for ML-NB,
because not every report initiates a warning. Therefore, when
the transmission range is very small, rebroadcasting is more im-
portant for that method to maintain the same safety benefit. For
larger transmission ranges, which would be available if DSRC
is utilized, rebroadcasting makes no significant difference for
either method.

6) Effects of the Probability of Reacting to Warnings: So far,
we have assumed that every driver will react when a warning is
given. We have also tested what will occur when drivers may
not react to the warnings. For these tests, we assumed that, for
every time step after a warning has been received, the driver will
react to a warning with a specified probability. The departure
rate per lane was fixed to 600 vehicles/h/lane, the delivery

Fig. 24. Average number of collisions per run for all methods and different
probabilities of reacting to a warning: Three-lane case.

probability and the participation rate were set to 100%, and
the transmission range was infinite. The propagation delay was
0 ms. The results for the three-lane case are shown in Fig. 24.
As expected, for all methods, the average number of collisions
decreased with higher probabilities of reacting to a warning.
However, the relative difference in performance between the
methods was not affected (note the logarithmic scale).

VII. CONCLUSION

In this paper, we have compared two methods for estimating
the relevance of emergency brake reports in an EEBL system.
One method used an analytically derived formula based on
the minimum safety gap. The other method was our proposed
method of using a machine learning approach. The machine
learning method works in the following two stages: 1) the
learning stage and 2) the usage stage. The learning stage is used
to train a machine learning model, which is then utilized in the
usage stage for deciding on whether to warn the driver.

The methods were evaluated in simulations using the
MITSIM software. We compared the methods with the fol-
lowing two simple approaches: 1) the simpleEEBL method,
which shows a warning for every received report, and 2) the
simpleEEBL-lane method, which shows a warning to all vehi-
cles in the same lane as the vehicle that generated the report.
Tests showed that all of these methods drastically reduced
the number of collisions on the road compared with the re-
sults without the EEBL system. However, the machine learn-
ing methods also significantly reduced the number of false
warnings given to the drivers compared to the other methods.
The naive Bayes machine learning method had the best over-
all performance due to its lowest false-warning rate and the
average number of collisions comparable to the simpleEEBL
method. In contrast, the analytic method had a higher false-
warning rate than even the simpleEEBL method.

Although our focus in this paper was on the EEBL appli-
cation, the machine learning approach for relevance estimation
has the potential for being used in other transportation safety
applications. Examples of these applications include intersec-
tion collision warnings, a curve speed warning system, or a
pedestrian warning system. In the future, we will work on
showing how the machine learning method can be applied to
these and other applications.
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