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Abstract

This paper presents a novel method for locally estimating vehicle density on highways
based on vehicle-to-vehicle (V2V) communication, a communication mode within intel-
ligent transport systems (ITSs), enabled via IEEE 802.11p and 3GPP C-V2X technologies.
Awareness messages (AMs), such as basic safety messages (BSMs, SAE J2735) and coop-
erative awareness messages (CAMs, ETSI EN 302 637-2), are periodically broadcast by
vehicles and can be leveraged to sense the presence of nearby vehicles. Unlike existing
approaches that directly combine the number of sensed vehicles with measured packet
reception ratio (PRR) of the AM, our method accounts for the deviations in PRR caused
by imperfect channel conditions. To address this, we estimate the actual packet reception
probability (PRP)–distance curve by exploiting its inherent downward trend along with
multiple measured PRR points. From this curve, two metrics are introduced: node aware-
ness probability (NAP) and average awareness ratio (AAR), the latter representing the ratio
of sensed vehicles to the total number of vehicles. The real density is then estimated using
the number of sensed vehicles and AAR, mitigating the underestimation issues common
in V2V-based methods. Simulation results across densities ranging from 0.02 vehs/m to
0.28 vehs/m demonstrate that our method improves estimation accuracy by up to 37% at
an actual density of 0.28 vehs/m, compared with methods relying solely on received AMs,
without introducing additional communication overhead. Additionally, we demonstrate a
practical application where the basic safety message (BSM) transmission rate is dynamically
adjusted based on the estimated density, thereby improving traffic management efficiency.

Keywords: traffic management; density estimation; V2X; awareness messages; reliability

1. Introduction
1.1. Research Background

Traffic management is a complex task in the rapidly evolving transportation industry
and expanding urban environments. Its primary objectives are to ensure safety, enhance effi-
ciency, and promote sustainable environmental development [1,2]. Implementation is typically
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carried out within the framework of intelligent transport system (ITS), which encompasses ap-
plications such as congestion estimation, travel time prediction, traffic flow optimization, and
dynamic routing [3]. The core parameters underlying these applications—vehicle speed (v),
traffic flow (q), and vehicle density (k)—are interrelated through the fundamental diagram,
q = v · k [4,5]. According to this relationship, traffic control strategies can mitigate conges-
tion, improve safety, and increase efficiency by maintaining vehicle density below a critical
threshold [3]. For highway traffic management, Malekzadeh et al. [6] proposed a novel
ramp metering approach for connected and automated vehicles (CAVs) in a lane-free traffic
environment. In this method, vehicle density is a feedback parameter to dynamically adjust
ramp vehicle speeds, keeping the mainstream density below the critical thresholds and thus
preventing capacity drops at merge areas. Dynamic speed limit control operates on a similar
principle, adjusting speed restrictions based on density to homogenize flow, minimize density
fluctuations, and prevent congestion [3]. Network-level control approaches, such as model
predictive control (MPC), optimize measures like ramp metering and variable speed limits by
predicting density across the network to maximize overall throughput [3]. These approaches
leverage density information to generate control signals that guide traffic toward stable states
while preventing bottlenecks, congestion, and inefficient routing. Consequently, accurate
vehicle density estimation remains a critical and ongoing challenge in traffic management.

Numerous vehicle density estimation methods have been proposed to determine
vehicle counts. Early vehicle density estimation schemes relied on pre-installed cameras
or sensors (including inductive loop detectors and roadside radars) to collect traffic data
and estimate vehicle density [7]. These infrastructure-based methods have long been
used in traffic engineering and continue to be refined to enhance estimation accuracy.
However, such methods suffer from limitations, including restricted spatial coverage, high
maintenance costs, and limited real-time capability. Moreover, their accuracy is sensitive
to environmental conditions and sensor placement. Furthermore, dependence on fixed
infrastructure constrains adaptability to dynamic traffic patterns, underscoring the need
for more flexible and scalable estimation approaches.

With the advancement of vehicle-to-everything (V2X) technology, intelligent connected
vehicles (ICVs) [8,9] can communicate wirelessly with surrounding road users via vehicle-
to-vehicle (V2V), vehicle-to-infrastructure (V2I), vehicle-to-pedestrian (V2P), and vehicle-
to-network (V2N) links [10]. Through V2V communication, ICVs can locally estimate
vehicle density by periodically receiving broadcast awareness messages (AMs) from nearby
vehicles. These messages typically contain vehicle kinematic information, such as position,
speed, heading, and acceleration [11]. Standardized implementations include basic safety
messages (BSMs) (defined by SAE J2735 [12] in North America) and cooperative awareness
messages (CAMs) (defined by ETSI EN 302 637-2 [13] in Europe). The awareness process,
which involves the periodic transmission and reception of AMs, forms the foundation of
numerous vehicular safety applications and facilitates local situational awareness. The
underlying communication protocols include IEEE 802.11p for dedicated short-range
communications (DSRC) and 3GPP cellular-V2X (C-V2X) for both direct and network-
based communications [10]. Ongoing ITS standardization efforts emphasize the integration
of 5G and beyond (e.g., 3GPP Release 14+) to enable low-latency, high-reliability broadcasts.
These initiatives also aim to harmonize regional differences between DSRC and C-V2X
and to extend communication coverage through non-terrestrial networks, particularly in
highway scenarios. Table 1 summarizes the key terminologies and standards referenced
throughout this paper.

Looking ahead, V2X technology is poised to become an indispensable on-board com-
ponent, driven by increasing demand and continuous technological progress. V2V commu-
nication can be leveraged to estimate vehicle density by exploiting its situational awareness
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ability. Conversely, poor channel quality can disrupt message reception, resulting in an
underestimation of vehicle density. An underestimated vehicle density can diminish the
effectiveness of traffic management systems. This may, in turn, lead to inefficient conges-
tion control [14–16]. Furthermore, it can degrade wireless communication performance by
inducing network overload or signal interference arising from suboptimal communication
parameters [17,18]. Ultimately, these issues may exacerbate traffic congestion, increase
fuel consumption, and compromise traffic safety. In this paper, we focus on the problem
of vehicle density estimation based on V2V communication. Unlike previous studies, we
investigate the distance-dependent characteristic of AM reliability and derive the true
vehicle density from the measured reliability metrics.

Table 1. Summary of key terminology and standards.

Term. Description Standard/Reference

ITS
Intelligent Transportation System: Integrated systems using advanced
information and communication technologies for efficient, safe, and sustainable
transportation management.

ISO/TC 204 [19];
ETSI TC ITS [20];
SAE [12]

V2X
Vehicle-to-Everything: A communication paradigm enabling vehicles to exchange
data with other vehicles (V2V), infrastructure (V2I), pedestrians (V2P), and
networks (V2N) to enhance safety and road traffic efficiency.

3GPP Rel. 14 [21]

ICV

Intelligent connected vehicles: vehicles equipped with advanced sensors,
communication technologies, and computing capabilities that enable real-time data
exchange and autonomous or semi-autonomous driving to enhance safety,
efficiency, and mobility.

[8,9]

AM
Awareness Message: Generic term for periodic broadcast messages that provide
information about the vehicle or its environment, such as position, speed, and
heading, to enhance situational awareness.

[22]

BSM Basic Safety Message: A standardized message format broadcasting essential
vehicle safety data to nearby entities, typically at 10 Hz. SAE J2735 [12].

CAM Cooperative Awareness Message: A message type for periodic broadcast of
vehicle state to support cooperative perception and collision avoidance. ETSI EN 302 637-2 [13]

PRP
Packet Reception Probability: A theoretical probability that a single packet is
successfully received, often modeled as a function of distance and
channel conditions.

[23]

PRR
Packet Reception Ratio: A statistical variable representing the ratio of successfully
received packets to the total transmitted packets, measured through experiments
or simulations.

[24,25]

NAP
Node Awareness Probability: The probability that the host vehicle detects a
specific neighbor vehicle by receiving at least one awareness message within a
predefined observation period.

Proposed in this paper.

AAR
Average Awareness Ratio: The ratio of the number of sensed vehicles (detected via
awareness messages) to the total number of vehicles within the
communication range.

Proposed in this paper.

1.2. Challenges and Innovations

V2V communication takes place over imperfect wireless channels that are susceptible
to interference and fading, potentially resulting in the loss of AMs. Several metrics have
been proposed to quantify the reliability of AM reception. Among these, packet reception
ratio (PRR) and packet reception probability (PRP) are the most widely adopted reliability
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indicators, as summarized in Table 1. PRR is defined as the statistical ratio of successfully
received packets to the total number of transmitted packets, whereas PRP represents the
theoretical probability that a single packet is successfully received. In current practice,
vehicle density is typically estimated from the number of sensed vehicles through V2V
communication. However, imperfect channel conditions can introduce discrepancies:
packet loss may cause some vehicles to go undetected, leading to an underestimation of
vehicle density and, in certain cases, an overestimation of the PRR. Consequently, the
number of sensed vehicles may not accurately represent the actual vehicle count. Therefore,
inferring accurate vehicle density from sensed vehicles and measured PRR remains a
challenging problem that warrants further investigation.

Given the number of sensed vehicles, the ratio of sensed vehicles to the total number of
vehicles on the road can be used to estimate the true vehicle density. To this end, we define
average awareness ratio (AAR) as the ratio of sensed vehicles to the actual number on the
road (see Section 4.3) and derive its relationship with the PRR. As discussed earlier, the
measured PRR may be inaccurate owing to channel impairment. To mitigate this issue, we
examine the characteristics of the fitted PRP–distance curve and refine the measured PRR
values that deviate from the curve trend, aligning them more closely with the true values.

Based on the aforementioned challenges and corresponding solutions, our proposed
approach is summarized as follows. The method estimates local vehicle density using
the received AMs and the measured PRRs. First, the host vehicle computes the PRR of
the AMs received from remote vehicles (neighbors of the host vehicle). The discrete PRR
values are used to fit the PRP–distance curve. Based on this fitted curve, the host vehicle
applies a probabilistic method to derive AAR. Finally, the actual vehicle density is locally
estimated based on the number of sensed vehicles and the derived AAR. The proposed
method introduces no additional communication overhead at either the physical (PHY)
or medium access control (MAC) layer, as it relies solely on the received AMs for vehicle
density estimation.

To calculate the AAR, we introduce an additional application (APP)-layer reliability
metric, termed the node awareness probability (NAP). The NAP represents the probability
that the host vehicle successfully detects a given neighboring vehicle through the received
AMs. Specifically, it is defined as the probability that the host vehicle receives at least one
AM from this neighbor vehicle within a given observation period. The NAP can be derived
from the PRP, which is typically expressed as a function of the packet transmission distance
d [26] between the transmitter and the receiver. The AAR is then computed by summing
the NAP values of neighbor nodes and dividing it by the total number of nodes (derived as
shown in Equation (12)). In a highway scenario, where the vehicle distribution along the
road can be approximated as homogeneous, the AAR can be obtained by integrating the
NAP over the reception distance.

1.3. Contributions

The main contributions of the paper are summarized as follows.

(a) We introduce two application-layer reliability metrics: NAP, which denotes the prob-
ability of a host vehicle detecting a neighboring vehicle through received AMs, and
AAR, which represents the ratio of sensed vehicles to the total number of vehicles
within the communication range. These metrics form the foundation for effective
vehicle density estimation.

(b) We propose a vehicle density estimation method that operates locally on host vehicles
using received AMs without additional infrastructure or communication overhead.
For highway scenarios with homogeneous vehicle distributions, the method com-
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putes AAR by integrating NAP over the receiving distance, enhancing accuracy and
supporting robust traffic management in V2V communication systems.

(c) We analyze the impact of PRR refinement on the accuracy of vehicle density estimation
under imperfect channel conditions. By aligning the measured PRR values with the
PRP–distance curve, the proposed approach mitigates channel-induced distortion and
enhances estimation robustness.

(d) We validate the proposed density estimation method through simulations using the
discrete-event network simulator NS2 (version 2.34) [27] under various vehicle density
scenarios. The results demonstrate higher accuracy compared to methods relying
solely on the number of sensed vehicles, with practical applications exemplified in
congestion control studies.

1.4. Organizations

The remainder of the paper is organized as follows: Section 2 introduces the related
work on vehicle density estimation in vehicular networks. Section 3 presents the proposed
framework for density estimation, the system model, and assumptions. Section 4 describes
the reliability of AM broadcasting and density estimation. Section 5 gives the simulation
settings and results. Section 6 discusses limitations, future developments, and research
scheme. Section 7 concludes the paper.

2. Related Work
As described in Section 1, the traditional method of estimating the density of vehicles

is the infrastructure-based method, which uses pre-installed equipment to count traffic
status information. The commonly used equipment includes cameras, sensors such as
inductive loop detectors, roadside radars, infrastructure, etc. [28–31]. The measurement
coverage of the methods is limited since the cameras and sensors cannot operate in an area
beyond their range and cannot be widely deployed due to cost constraints [32,33]. The
other limitations of sensors include relatively short lifespans and high maintenance costs,
which hinder their widespread adoption for traffic monitoring [7]. As for cameras, factors
such as their height, resolution, distance from vehicles, and weather conditions can affect
the quality of images and the accuracy of vehicle density estimation [7].

Recently, V2X-based strategies have been studied more extensively because vehicular
communication enables a more flexible and timely collection of traffic information while
eliminating the need for additional infrastructure deployment. Some approaches estimate
vehicle density using self-defined observers and messages, referred to as the self-defined
message-based method. For example, Shin et al. [32] proposed an algorithm to explore
vehicle density based on probing packets transmitted by a vehicle sampler. The sampler
broadcasts a HELLO message to the neighbors and counts the number of neighbors ac-
cording to their REPLY messages. Florin et al. [34] proposed a method to estimate vehicle
density on the highway in a privacy-preserving manner by counting and sharing the
number of times vehicles pass each other.

Other approaches for vehicle density estimation were proposed by directly using
awareness messages. In this category, Barrachina et al. [35] proposed a vehicle density
estimation solution for urban scenarios based on the topology of the roadmap and the
number of BSMs received by road side units (RSUs), which is not suitable for fully au-
tonomous networks. Other solutions have been proposed to estimate vehicle density based
on awareness messages broadcast between vehicles, which are completely suitable for
autonomous mode and do not require the participation of RSUs. For example, the number
of vehicles can be estimated by counting the number of message sources based on the
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received beacons [36,37] or the acknowledgment packets [38]. However, the impact of
packet loss is not considered.

In summary, the self-defined message-based method increases the network load to
a certain extent. The AM-based method uses inherent AMs, which neither increases the
network load nor modifies the original protocol, making integration easy to achieve. How-
ever, the estimated density based solely on information in awareness messages represents
the density of sensed vehicles, which may underestimate the actual vehicle density due
to packet loss. Therefore, the reliability of AM broadcasting should also be considered to
ensure a more accurate estimation of vehicle density. Existing literature also points out
this issue [38–41]; however, no solutions have been provided for mapping the number of
sensed vehicles to the total number of vehicles.

3. Proposed Framework, System Model, and Assumptions
3.1. Proposed Framework for Vehicle Density Estimation

The proposed vehicle density estimation can be performed locally on each vehicle in a
distributed manner. For clarity, three kinds of vehicles are defined in this paper:

• Host vehicle is the vehicle that estimates vehicle density, and it is marked as VH.
• Remote vehicles are defined as the neighbors of the VH. The i-th remote vehicle is

marked as VR,i.
• Sensed vehicle is defined as a remote vehicle from which the host vehicle receives at

least one AM within the observation period. The i-th sensed vehicle is marked as VS,i.

Figure 1 illustrates the proposed density estimation procedure performed in the
host vehicle. After receiving awareness messages in a predefined observation period
Tob, the host vehicle calculates two metrics—the number of sensed vehicles NS and the
AAR—to estimate vehicle density. Since awareness messages are generated and broadcast
periodically by each vehicle, the host vehicle calculates the PRR for each sensed vehicle
based on the predefined packet generation interval and the number of messages received.
Next, the PRP–distance curve can be fitted using the discrete PRR values. If the fitted PRP
function does not follow the decreasing trend, or if there are inflection points, the PRR
value at long distances should be reconstructed, and then the PRP–distance function should
be refitted. The fitted PRP–distance function is used to calculate NAP and AAR. On this
basis, the vehicle density can be estimated.

 Compute the density of 
sensed vehicles only 
relying the number of 
successfully received 
awareness messages

Calculate PRR at 
observation distances

Awareness messages 
received during the 
observation period

Calculate 
NAP、AAR

Calculate the vehicle 
density while considering 

the reliability of 
awareness messages

Fit PRP-distance 
function

Reconstruct PRRs at 
long distances 
following the 

changing trend of 
PRPs at close 

distances 

The inflection point 
exists

Yes

No

Start

End

Host vehicle

Figure 1. Density estimation procedure of our proposed method.
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3.2. System Model and Assumptions

Figure 2a illustrates connected vehicles in a highway scenario featuring several lanes
in both directions. The host vehicle VH receives awareness messages from remote vehicles
VR,i (i ∈ Z+) within its communication range dR. Since the communication range (normally
hundreds of meters) is much greater than the road width, the highway can be abstracted
into a one-dimensional (1D) line, as shown in Figure 2b, and the vehicles can be represented
as dots on the line. The following assumptions are given.

(a) Vehicles are distributed homogeneously on the highway, with a real vehicle density β;
(b) All vehicles are equipped with the same on-board wireless transmission devices,

which means the technology penetration rate is 100%;
(c) All devices on the vehicles have the same configurations, including transmit power Pt,

data rate Rdata, and so on;
(d) The received power Pr with distance d away from the transmitter follows a fad-

ing/shadowing channel model, which can be expressed as follows [23]:

Pr(d) = Pt · Gf · Lp(d), (1)

where Lp(d) is the path loss. Gf is a random gain variable representing the effects of
fading and shadowing, characterized by the probability density function (PDF) of the
power Pr: fPr|d(x).

(e) A deterministic communication range dR is assumed, where dR = L−1
p (Pth

r PtG−1
f ) [23],

and Pth
r is the receiving power threshold. According to the path loss law, we have

dR = d0
α

√
Ptη/Pth

r , (2)

where d0 is the reference distance, α is the path loss exponent, and η = (c/4πd0 f ) is
a dimensionless constant in the path loss law determined by the carrier frequency f
and the reference distance d0 for the antenna far field, and c is the speed of light.

The key assumption (a) is the homogeneous distribution of vehicles, which can be
used to eliminate the density parameter in Equation (12). However, in reality, vehicles are
rarely distributed homogeneously. In this case, even if the average vehicle density on a
road segment is applied, the proposed model may experience a reduction in accuracy on
a local road segment. This issue might be mitigated by splitting the road segment into
smaller sub-segments and assuming a homogeneous distribution within each sub-segment.
Nevertheless, there are still several unresolved issues, such as determining the optimal
method for splitting the road segment.

Another noteworthy point is that, in order to improve the simulation speed of network-
level communication, the PHY layer is usually abstracted into several simple factors, such
as the channel model and the signal-to-interference-plus-noise ratio (SINR) threshold,
which are combined to determine whether a packet can be successfully received. In this
paper, although the channel model and the SINR threshold are assumed in the simulations,
the proposed density estimation method is not based on these assumptions. Thus, the
proposed method does not show sensitivity to the assumptions regarding the channel
model and the SINR threshold. However, the statistical range in the method is limited by
the communication range. We employ the path loss model to estimate the communication
range, as shown in Equation (2), which is typically suitable for highway scenarios. In
practice, an appropriate model can be selected based on the scenario to set a reasonable
communication range, or the communication range can be adaptively adjusted according
to the scenario.
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(a)

(b)

dR

 

VH 

VR,2

VR,3

VR,4

The links with 
different qualities

Host vehicle
VR,1

VR,1 VR,2 VH VR,3 VR,4

Remote vehicle

dRdR

Figure 2. Highway scenario and abstract model. (a) Highway scenario; (b) Abstract model.

4. Broadcast Reliability and Vehicle Density Estimation
The density of the sensed vehicles can be estimated based solely on the received

awareness messages. In this section, the broadcast reliability metric AAR is introduced,
defined as the ratio of the number of sensed vehicles to the total number of vehicles.
Incorporating this metric allows the vehicle density estimate to be further refined with
improved accuracy.

4.1. Packet Reception Ratio (PRR) Estimation

PRP is a link-level reliability metric defined as the probability that a packet from the
transmitter Tx is received successfully by the receiver Rx. In contrast, PRR refers to the
ratio of the number of packets successfully received by Rx to the total number of packets
transmitted by Tx. PRR is a statistical metric and serves as an empirical estimate of PRP,
reflecting its observed value through measurements or simulations:

PRR =
NRx

NTx , (3)

where NTx is the total number of packets transmitted by the remote vehicles, and NRx is
the number of packets received successfully by the host vehicle.

In reality, the PRR values are measured by the host vehicle as statistical samples used
to estimate the underlying PRP curve, which remains obscured because the lost messages
caused by channel impairments are unobservable.

4.1.1. Pairwise PRR

The pairwise PRRi,H refers specifically to the case where the remote vehicle VR,i acts as
the transmitter and the host vehicle VH as the receiver. According to the definition of PRR,
the host vehicle can locally compute PRRi,H based on the awareness messages received
from VR,i, as follows:

PRRi,H =
NRx

i,H

NTx
i,H

, (4)
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where NTx
i,H denotes the expected number of packets broadcast by the remote vehicle

VR,i during the host vehicle’s observation period Tob, and NRx
i,H is the number of packets

successfully received out of the total NTx
i,H packets transmitted.

If the awareness messages are transmitted periodically, NTx
i,H can be estimated by:

NTx
i,H ≈ λ · Tob, (5)

where λ is the message rate. It should be noted that even if the message rate is not constant,
the host vehicle can also estimate NTx

i,H by tracking the sequence numbers of the awareness
messages [42].

4.1.2. Observation Distances

Taking the host vehicle as the reference point, the highway is divided into multiple
segments, and the distance from the center of each segment to the host vehicle is referred
to as the observation distance. The j-th observation distance is given by

dobs,j = j · ∆d/2

s.t. j = 1, 2, · · · , n,
(6)

where n = ⌊dR/∆d⌋ is the total number of segments in front of or behind the host vehicle,
∆d is the segment distance increment, and dR is the communication range.

4.1.3. PRR Estimation over Observation Distances

The distance between the host vehicle VH and the remote vehicle VR,i is denoted as the
receiving distance di,H. The host vehicle can compute di,H based on the location information
included in the received awareness messages. The average PRR at the j-th observation
distance dobs,j can be calculated as:

PRRdobs,j
=

∑k
i=1 NRx

i,H

∑k
i=1 NTx

i,H

s.t. dobs,j −
∆d
2
≤ di,H ≤ dobs,j +

∆d
2

.

(7)

where k is the number of vehicles located within the road segment [dobs,j − ∆d
2 , dobs,j +

∆d
2 ].

4.1.4. PRP–Distance Function Fitting

After each observation period Tob, the host vehicle can calculate a set of average PRRs
at different observation distances. The number of calculated PRRs is denoted by m, which
typically does not exceed the total number of segments (n = ⌊dR/∆d⌋), since some road
segments may not contain remote vehicles under normal conditions.

To fit the m discrete PRR–distance points into a continuous PRP–distance curve, the
Savitzky–Golay (SG) filter [43] is used for smoothing and denoising, followed by a polyno-
mial fitting process (as shown in lines 1∼7 of Algorithm 1). Meanwhile, the effectiveness of
the fitting is quantified by the sum of squared errors (SSE):

SSE =
⌊dR/∆d⌋

∑
j=1

(PRP f (dobs,j)− PRRdobs,j
)2, (8)

where PRP f (d) is the fitted PRP–distance function.
Ideally, the PRP–distance function is monotonically decreasing. However, under poor

channel conditions, the calculated average PRRs may exhibit non-monotonic behavior with
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respect to distance. This is because, for some vehicles, all of their awareness messages are
lost, making them unsensed. As a result, the denominator (that is, the number of packets
expected by the host vehicle) in Equation (7) is smaller than the actual number, while the
numerator remains the same as the actual situation, thus overestimating PRR.

The function PRP f (d) is refitted if an inflection point is detected based on the slope.
Since PRRs should decrease with receiving distances, the corresponding point is the in-
flection point when the slope starts to change from negative to positive. Before refitting
the PRP f (d), some PRR–distance points must be reconstructed first, as described in the
following steps (also see lines 8∼14 in Algorithm 1).

(a) Among the m discrete PRR–distance points, the index of the inflection point is denoted
by kinflection.

(b) The index of a specific point is marked as jsatisfy if the NAPs derived from the sub-
sequent points no longer meet the quality of service (QoS) requirement, which is a
threshold θ (e.g., 99.9%).

(c) Another PRR–distance point is marked as jbegin′ by Equation (9)

jbegin′ = 2jinflection − jend, (9)

where jend is the index of the last PRR–distance point.
(d) The PRRs of the points with indices greater than jbegin′ are reconstructed using

Equation (10):
PRR(dobs,j) = s · (dobs,j − dbegin′) + PRRbegin′

s.t. j > jbegin′
(10)

where s is the slope calculated from two PRR–distance points with indices jsatisfy and
jbegin′ , PRRbegin′ and dbegin′ are the PRR and distance of the point jbegin′ .

Finally, the PRP–distance function is refitted using the reconstructed PRRs (line 14 of
Algorithm 1).

Algorithm 1 PRPFunctionFitting().

Require: discrete PRR–distance points calculated within Tob, predefined threshold ϵ and
QoS requirement Req.

Ensure: PRP f is a monotonically decreasing function
1: Smoothed PRR–distance points← linear smoothing filter (PRR–distance points)
2: Initialize SSE← +∞.
3: while SSE ≥ ϵ do
4: PRP f ← polynomial fitting (Smoothed PRR–distance)
5: PRP f (dobs,j)← calculate PRP at the observation distance according to PRP f

6: SSE← calculate the sum of squared residuals by Equation (8).
7: end while
8: if the inflection point exists in PRP f then
9: jinflection ← the index of the inflection point

10: jsatisfy ← the index of the last point that the NAP could meet the required threshold
11: jbegin′ ← the index of the point following the Equation (9)
12: Calculate the slope between the points indexed jsatisfy and jbegin’.
13: Reconstruct the PRRobs,j whose index j > jbegin′

14: redo lines 1 ∼ 7 to refit the PRP f

15: end if
16: return PRP f
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4.2. Node Awareness Probability (NAP) Estimation

NAP refers to the probability that a remote vehicle can be sensed by the host vehicle,
which is defined as one minus the probability that all packets from the remote vehicle are
lost by the host vehicle within the given observation period Tob [44]. NAP can be calculated
as follows:

NAP(d, Tob)

=1− P(all packets are lost)

=
⌊λTob⌋

∑
i=1

(⌊λTob⌋
i )PRP f (d)i(1− PRP f (d))⌊λTob⌋−i,

(11)

where λ is the message rate, d is the distance between the transmitter and receiver, Tob is
the observation period, and (n

k) =
n!

k!(n−k)! stands for the binomial coefficient.

4.3. Average Awareness Ratio (AAR) Estimation

AAR is defined as the proportion of the sensed vehicles to the total number of remote
vehicles within a given distance d from the host vehicle. AAR can be computed as follows:

AAR(d, Tob) =

∫ d
0 β ·NAP(x, Tob)dx

βd
, (12)

where Tob is the observation period, and β is the vehicle density. With the first assumption
that vehicles are distributed homogeneously, the real vehicle density β can be considered
constant, and Equation (12) can be rewritten as:

AAR(d, Tob) =

∫ d
0 NAP(x, Tob)dx

d
, (13)

4.4. Density Estimation

Based solely on the received AMs, the host vehicle can estimate the vehicle density
using the following expression:

β̂AM =
Nsense

2× dR
, (14)

where Nsense denotes the number of sensed vehicles within the communication range dR of
the host vehicle. To enhance this estimate, the metric AAR can be incorporated, yielding a
refined vehicle density:

β̂AM-AAR =
β̂AM

AAR(dR, Tob)
, (15)

5. Simulations
We conducted a series of simulations to evaluate the proposed density estimation

method. In these simulations, SUMO [45] was used for traffic simulation, while NS2 was
employed for network simulation. Traffic snapshots at varying densities were captured
to validate the effectiveness of the proposed approach. The following sections provide a
detailed description of the simulation setup and results.

5.1. Simulation Settings
5.1.1. Traffic Scenario

We adopt the traffic simulation software SUMO to generate mobility traffic on a two-lane,
two-way highway road. Each lane is 5 km long and 3.2 m wide. A total of 14 traffic scenarios
are created by varying the number of vehicles on the road from 100 to 1400, in increments
of 100.



Vehicles 2025, 7, 117 12 of 22

5.1.2. Communication Settings

NS2 is used to simulate V2X based on IEEE 802.11p in the highway scenario. The Nakagami
channel fading model is employed to characterize the wireless channel conditions [23]. The
observation period is set as Tob = 1 s, as recommended in [46,47]. Twenty-five observation
distances are set from 10 m to 490 m, with a step size of ∆d = 20 m. The other communication
parameters are summarized in Table 2. These parameters are configured to comply with the
IEEE 802.11 protocol, with some directly specified in the protocol standards [48]. They have
been commonly used in prior literature [11,44], where the carrier sensing threshold corresponds
to the received power at a communication range of 500 m.

Two kinds of PRR are calculated. One is regarded as the real PRR, evaluated according
to the definition of PRR, that is, by calculating the ratio of the number of successfully
received awareness messages to the total number of awareness messages sent in each link
and then averaging. The other is the estimated PRR over observation distances calculated
by Equation (7). Based on the estimated PRRs at the host vehicle, the PRP–distance function
is fitted according to Algorithm 1. NAP and AAR are further given.

Table 2. The communication parameters of IEEE 802.11p.

Parameters Values Parameters Values

Carrier frequency f 5.9 GHz Channel bandwidth 10 MHz
Carrier sensing threshold Pth −76 dBm Reference distance d0 1 m
Noise floor power N0 −99 dBm Constant η 1.64× 10−5

Transmitter gain Gt 1.0 Receiver gain Gr 1.0
MCS BPSK, 1/2 CW W-1 15
Path loss exponent α 2 AIFS 58 µs
Packet length PL 200 bytes Slot time σ 13 µs
PHY preamble + header TH1 40 µs MAC header TH2 272 bits
PLCP header TH3 4 µs Packet generation interval Tc 0.1 s

5.2. Simulation Process

To facilitate independent verification of the theoretical assumptions in our vehicle density
estimation model, we outline a detailed experimental procedure structured around two key
modules: the simulation module and the analysis module, as illustrated in Figure 3. The
simulation module integrates traffic and network simulations to generate raw data, while the
analysis module processes this data to derive reliability metrics and estimate vehicle density.

We initiate the process within the simulation module, utilizing SUMO for traffic
modeling and NS2 for network simulation. The setup begins with defining a homogeneous
highway scenario (e.g., a 5 km segment with 4 lanes) based on a traffic configuration
file. Vehicle densities are configured to range from 0.02 vehs/m to 0.28 vehs/m, with
an assumed 100% penetration rate of V2V devices. SUMO simulations are executed to
generate trace files capturing traffic flow and mobility patterns, which are then fed into the
NS2 simulation. The NS2 simulation is configured with network parameters, including
IEEE 802.11p protocols, as detailed in Table 2, and it produces a log file recording vehicle
positions, AM broadcast transmission events, AM broadcast reception events, and other
relevant data.
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Figure 3. Simulation process.

In the analysis module, process the generated data to measure key reliability metrics.
For each host vehicle, compute the PRR as the ratio of successfully received AMs to the
total transmitted AMs from remote vehicles within an observation period, grouping values
by distance bins derived from the log file. Fit a PRP–distance curve using a polynomial
fitting process in Python 3.7.16 to refine deviant PRR values, ensuring alignment with
theoretical trends under imperfect channel conditions. Derive the NAP for each remote
vehicle as shown in Equation (11). Then, calculate the AAR by summing the NAP values
over sensed remote vehicles and dividing by the estimated total vehicles, or by integrating
NAP over distance for highway uniformity (as per Equation (12)).

Finally, within the analysis module, estimate vehicle density using the density estima-
tion model. Divide the number of sensed vehicles (unique remote vehicles with at least one
received AM, extracted from the log file) by the AAR to infer the total number of vehicles
in range, and then compute the density. Validate the results by comparing the estimated
densities against SUMO ground-truth data across varying scenarios, employing metrics
such as mean absolute error (MAE) or root mean square error (RMSE) to quantify accuracy.

5.3. Simulation Results
5.3.1. PRP/NAP Estimation in Different Densities

The estimation results corresponding to the actual vehicle densities ranging from
0.02 vehs/m to 0.18 vehs/m are illustrated in Figures 4–7. Each figure includes two subplots:

In subplot (a), the dashed line represents the real values of PRRs. The dots indicate
the PRRs estimated by Equation (7) on the host vehicle. The solid line corresponds to the
fitted PRP–distance curve according to the measured PRRs.

In subplot (b), the dashed line indicates the NAP calculated from the actual PRRs. The
dots represent the NAP derived from the fitted PRP–distance curve.

As shown in Figures 4–7, the actual PRR decreases with increasing receiving distance
due to greater signal attenuation and a higher probability of packet loss. Additionally,
for a given receiving distance, the actual PRR declines as vehicle density increases, since
higher vehicle density leads to greater interference and, consequently, more severe packet
loss. Furthermore, the obtained APP-layer metric, NAPs, closely matches the actual values,
demonstrating the feasibility of our proposed method for estimating NAP.
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Figure 4. Comparisons of actual and estimated reliability metrics (β = 0.02 vehs/m). (a) Comparison
of PRRs; (b) Comparison of NAPs.
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Figure 5. Comparisons of actual and estimated reliability metrics (β = 0.10 vehs/m). (a) Comparison
of PRRs; (b) Comparison of NAPs.
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Figure 6. Comparisons of actual and estimated reliability metrics (β = 0.16 vehs/m). (a) Comparison
of PRRs; (b) Comparison of NAPs.
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Figure 7. Comparisons of actual and estimated reliability metrics (β = 0.18 vehs/m). (a) Comparison
of PRRs; (b) Comparison of NAPs.

5.3.2. Inflection Point Analysis

Figure 7 also shows the results from a fitted PRP–distance curve where the inflection
point (abbreviated as inf. pt. in figures) is retained. The estimated values closely match the
actual values for distances below 300 m; however, at longer distances, the estimates exceed
the actual values. Notably, the PRP/NAP initially decreases but begins to increase beyond
400 m, indicating an inflection point in the fitted PRP–distance curve. This trend deviates
from the expected monotonic decline typically observed under real conditions.

The inconsistency at longer distances arises from the fact that the host vehicle fails
to receive any awareness messages from some remote vehicles. Figure 8 presents the
number of sensed vehicles according to the awareness messages received within each 10 m
receiving distance segment, up to the maximum transmission range dR. As illustrated,
the host vehicle accurately estimates the number of vehicles within 400 m. However,
beyond this distance, the number of sensed vehicles falls short of the actual count. This
phenomenon occurs because, as the distance increases, the probability of successfully
receiving a packet decreases due to higher path loss and interference, leading to more
frequent packet losses. When remote vehicles are not sensed by the host vehicle, the PRR is
overestimated, since the denominator in Equation (7) becomes smaller than the true number
of vehicles. In general, higher vehicle density and longer distances lead to more severe
packet losses caused by interference and channel fading, thereby making the estimation
error more significant.

Therefore, when there is no inflection point in the fitted PRP–distance function, it can
be used directly to compute AAR and subsequently evaluate the vehicle density. However,
if an inflection point is present, the PRP–distance function must be refitted to improve
accuracy. As shown in Figure 7a, the refitted PRP–distance function, with the inflection
point eliminated, reduces the root mean square error (RMSE) relative to the actual PRR
from 0.0379 to 0.0278. Furthermore, Figure 7b shows the Pearson correlation coefficient r
of the two fitted curves relative to the actual NAP, calculated using only the points with
distances greater than 300 m, which reveals a larger deviation. The correlation coefficients
are r = 0.93 and r = 0.66 with and without eliminating the inflection point, respectively.
Together with the estimated NAP, the refitted PRP exhibits a consistently decreasing trend
with respect to the receiving distance, which is consistent with the expected behavior.
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Figure 8. The number of sensed vehicles and the real number of vehicles on the road vs. receiving
distance (β = 0.18 vehs/m).

5.3.3. The Estimated Vehicle Density

Figure 9 compares the actual density with the two types of estimated densities of the
vehicle. The results indicate that the density estimated solely from awareness messages (see
star markers), as described by Equation (14), is accurate when the actual density is below
0.12 vehs/m. However, the estimation error increases noticeably as the density increases.
In contrast, the density estimated by incorporating AAR (see empty square markers), as
defined in Equation (15), is more accurate.
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Figure 9. Comparison between estimated and actual densities.

Furthermore, the accuracy of vehicle density estimation can be slightly improved
by receiving and fusing reliability metrics estimated and shared by other vehicles via
wireless communication (see the filled square markers). Specifically, each vehicle embeds its
estimated reliability metric (either blindly or in response to requests from nearby vehicles)
into the AM information and periodically broadcasts it to neighboring vehicles. Upon
reception, a vehicle updates its reliability estimate by averaging the received metrics
with its own. This collaborative approach enhances the estimation of AAR and vehicle
density; however, it also introduces additional communication overhead, primarily in the
form of a modest increase in AM payload size (i.e., a few extra bytes for the reliability
metric), which may slightly elevate bandwidth usage and processing demands. The
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additional payload depends on the Bmetric bytes required to represent a single reliability
metric and the number of metrics Nmetric transmitted per message. When each metric is
stored as a string with ndecimal decimal places (e.g., “0.999” for ndecimal = 3), the size is
Bmetric = ndecimal + 2 bytes, accounting for the leading digit and decimal point. Thus, the
total overhead is Nmetric · (ndecimal + 2) bytes per AM. For instance, with ndecimal = 3 and
Nmetric = 25, the payload increases by 125 bytes per AM.

The accuracy of the estimated density is computed as follows:

Accuracy = 1− |β̂− β|
β

, (16)

where β represents the actual vehicle density and β̂ is the estimated density, which may
refer to either β̂AM or β̂AM-ARR, as derived in Equation (14) and Equation (15), respectively.

Table 3 compares the accuracy of two types of estimated vehicle density. The proposed
AM-AAR-based density estimation method improves the accuracy by 8%, increasing it
from 84% to 92% when the actual density is 0.16 vehs/m. The accuracy improvement is
even more significant at higher density, with a 37% increase, from 58% to 95%, when the
actual density is 0.28 vehs/m. Simulation results demonstrate that this estimation method
is feasible and does not incur additional communication overhead.

Table 3. The comparison of the accuracy of the estimated vehicle density.

Actual vehicle density [vehs/m] 0.16 0.18 0.20 0.22 0.24 0.26 0.28

Vehicle speed [m/s] 21.7 19.6 17.6 15.5 13.5 11.4 9.4

Accuracy of AM-based density estimation, Equation (14) 0.84 0.87 0.77 0.72 0.68 0.63 0.58

Accuracy of AM-AAR-based density estimation, Equation (15) 0.92 0.95 0.89 0.89 0.99 0.97 0.95

5.3.4. The Impact of Vehicle Speed on Estimation Accuracy

Table 3 also gives the vehicle speed corresponding to the vehicle density in the simula-
tion. Their relationship can be described as the Greenshields model [44]. Furthermore, the
analysis in Table 3 reveals a clear relationship between vehicle speed and estimated vehicle
density accuracy, with speed decreasing from 21.7 m/s to 9.4 m/s as actual vehicle density
increases from 0.16 to 0.28 vehicles per meter. The AM-based density estimation method
shows a significant decline in accuracy from 0.84 to 0.58, likely due to its reduced effective-
ness in high-density, low-speed scenarios where communication or spacing measurements
are disrupted by congestion.

In contrast, the AM-AAR-based method maintains a higher and more stable accuracy
range of 0.89 to 0.95, demonstrating greater robustness across varying densities and speeds.
This suggests that the AM-AAR approach, possibly through adaptive adjustments, better
handles the challenges of low-speed, high-density traffic, making it a preferable choice for
accurate vehicle density estimation in such conditions.

5.3.5. Apply the Estimated Density to Adjust AM Rate

Herein, a potential application of the estimated vehicle density is illustrated. To
alleviate communication congestion in high-density traffic scenarios and reduce data
packet collisions, various congestion control mechanisms adjust transmission parameters
based on vehicle density. In this context, we adopt the idea of the congestion control scheme
defined in SAE J2945/1, in which the message rate is dynamically adjusted according to
vehicle density [49].
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According to the standard, the message transmission interval is set based on the
estimated density as follows:

TTI(k) =


100, if Ns(k) ≤ B

100× Ns(k)
B , if B < Ns(k) < TMaxTIB

100

TMaxTI, otherwise

(17)

where B is the vehicle density coefficient (default: B = 25), Ns(k) = 2Rβ̂AM-AAR, and
TMaxTI = 600 ms is the maximum allowed transmission interval.

Figure 10 compares the estimated AAR before and after adjusting the message rate
(or the message transmission interval). The default message rate is set at λ = 10 Hz. The
results show that AAR improves with the adjusted message rate, and more than 90% of the
vehicles can be sensed by the host vehicle when the density is 0.28 vehs/m.
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Figure 10. Effectiveness of the message adjustment based on the proposed vehicle density
estimation method.

6. Limitations and Future Developments
The model proposed in this paper is designed for homogeneous highway scenarios,

relying on AM broadcasting via V2V communication. However, its application is constrained
by certain limitations. To enhance its usability and generalizability, the model requires further
development. Below, we summarize the key limitations and corresponding future research
directions, providing actionable research plans for validation by the research community.

6.1. Limitations

• Uniform vehicle distribution assumption: The model assumes a uniform vehicle distribu-
tion (Section 3.2), which simplifies the derivation of NAP and AAR (Equations (11)–(13))
but limits its applicability to complex scenarios like intersections, where traffic patterns
are non-uniform.

• Variable communication distance: The communication range (as shown in Equation (2))
varies across channel conditions, requiring specific estimation, as described in Section 3.2.
This variability challenges the model’s performance in diverse environments.

• Idealized simulation environment: The validation relies on SUMO and NS2 simu-
lations (Section 5.1) using idealized channel models (e.g., Nakagami fading), which
do not account for real-world hardware constraints or environmental factors such as
congestion or weather.
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• High penetration rate requirement: The model assumes a high penetration rate of
V2V communication devices (Section 1.1), which may not hold in scenarios with
partial deployment, affecting scalability and performance.

6.2. Future Developments

To address these limitations and broaden the model’s applicability in ITS, we propose
the following research directions, supported by actionable plans for independent verification:

• Extension to non-uniform scenarios: To adapt the model for intersections and urban
environments, future work will incorporate non-uniform traffic patterns and multi-
directional intersections in V2X broadcasts. This can be achieved by modifying NAP
and AAR calculations to account for signal interference at crossings, using SUMO’s
intersection modules for simulation-based validation.

• Real-world validation with hardware-in-the-loop (HIL) testing: To overcome the
limitations of idealized simulations, we plan to conduct HIL experiments and field
trials using real V2X devices (e.g., IEEE 802.11p or 5G NR-V2X). These experiments will
measure PRR and NAP under non-ideal conditions, such as high-density congestion
or adverse weather, to verify the model’s performance in real-world scenarios.

• Enhancement with advanced technologies: The newly introduced NAP and AAR
metrics (Section 4) can be leveraged for theoretical studies in V2X reliability. Future
work will explore integration with 5G NR-V2X or AI-enhanced estimation techniques
to improve density estimation in high-density scenarios and support traffic manage-
ment applications, such as maintaining density below critical thresholds.

• Optimization for partial deployment: To address the high penetration rate require-
ment, future research will evaluate the model’s performance under partial V2V de-
ployment and optimize AM broadcast rates to ensure scalability and robustness in
mixed traffic environments.

The proposed research directions aim to enhance the model’s utility in ITS. These
developments could replace the simulation module in Figure 3 to generate raw data. The
improved model, incorporating refined NAP and AAR calculations along with advanced
estimation methods, would replace the analysis module to provide enhanced vehicle
density estimation.

7. Conclusions
This study introduces a novel local vehicle density estimation method leveraging received

AMs and the reliability metric AAR, validated through simulations. The proposed approach
demonstrates several key advantages: it enables real-time density estimation, achieves high
accuracy (improving by 8% and 37% at density levels of 0.16 vehs/m and 0.28 vehs/m, re-
spectively, compared to methods relying solely on AMs), and is straightforward to implement,
requiring only standard AMs without additional fields. Additionally, the method uniquely
integrates reliability estimation, allowing adaptive parameter tuning to meet varying safety
application requirements while optimizing energy consumption.

The simulation results highlight the method’s potential as a robust and efficient solu-
tion for traffic density estimation, distinct from existing approaches, offering a viable option
for traffic management challenges. Moving forward, we plan to validate this method in
real-world scenarios, including non-line-of-sight (NLOS) and intersection environments,
to further refine its performance and provide actionable insights for practical deploy-
ment. Future work will also explore extensions to non-homogeneous scenarios, aiming
to enhance the method’s applicability and guide the development of advanced traffic
management systems.
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