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Abstract—Integrated sensing and communications (ISAC)
has emerged as a promising technology for future vehicular
networks by enabling simultaneous wireless communication and
environmental sensing using shared spectrum and hardware
resources. However, realizing energy-efficient multi-vehicle
operation in millimeter wave (mmWave) environments remains
challenging due to high mobility, inter-vehicle interference, and the
strong coupling between sensing and communication performance.
In this paper, we propose a mobility-aware interference-coupled
ISAC framework for multi-vehicle tracking in mmWave vehicle-
to-infrastructure networks. Accurate sensing and tracking of
vehicle states enables efficient predictive beamforming, while the
associated transmit power allocation is jointly optimized for energy
efficiency under communication quality-of-service and sensing
reliability requirements. To accurately capture dense vehicular
deployments, inter-vehicle interference is explicitly modeled in
both radar sensing and communication links, resulting in a non-
convex fractional optimization problem. An efficient alternating
optimization framework combining Dinkelbach’s method and
successive convex approximation is developed to solve the resulting
problem with manageable computational complexity. Simulation
results demonstrate that the proposed framework substantially
improves energy efficiency while maintaining accurate multi-
vehicle tracking under realistic interference conditions. Compared
with existing predictive beamforming approaches, the proposed
scheme achieves higher average energy efficiency and robust
tracking performance across varying traffic densities, mobility
levels, and noise conditions. Furthermore, the results reveal a
fundamental trade-off between sensing reliability and energy
efficiency that becomes increasingly pronounced in dense
vehicular scenarios, highlighting the importance of interference-
aware resource optimization for next-generation ISAC-enabled
transportation systems.

Index Terms—Integrated sensing and communication, ISAC,
energy efficiency, mmWave, multi-vehicle tracking, interference-
awareness

I. INTRODUCTION

The coexistence of sensing and communication in future
wireless networks offers a pathway beyond traditional spectrum
partitioning. Integrated sensing and communications (ISAC)
unifies these functions within a single hardware and frequency
framework, eliminating redundant components and unlocking
new degrees of freedom in resource utilization [1]. These
features are particularly valuable in vehicular environments,
where infrastructure must simultaneously support high-rate
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communication and accurate vehicle sensing, enabling appli-
cations such as cooperative perception, collision avoidance,
and real-time traffic awareness. In this context, dual-functional
radar and communication (DFRC), a prominent class of ISAC,
enables roadside infrastructure to communicate with vehicles
while continuously tracking their positions and velocities using
the same transmission [2].

The wide bandwidth and high spatial resolution enabled
by millimeter wave (mmWave) and massive multiple-input
multiple-output (MIMO) technologies allow DFRC systems
to simultaneously achieve precise positioning and high-rate
communication [3]. Commercial interest in mmWave has grown
significantly during fifth generation (5G) new radio (NR)
standardization and continues to expand as sixth generation
(6G) takes shape. 5G NR relies on periodic pilot transmissions
and uplink feedback for channel state information (CSI)
estimation, which incurs significant signaling overhead. In
contrast, sensing-assisted beam tracking has emerged as a
promising alternative that enables accurate beam prediction
with reduced pilot signaling [4].

In this work, we propose a mobility-aware interference-
coupled ISAC framework for multi-vehicle tracking in mmWave
vehicle-to-infrastructure networks. Accurate sensing and track-
ing of vehicle states enables efficient predictive beamforming,
while the associated transmit power allocation is jointly
optimized for energy efficiency under communication quality
of service (QoS) and sensing reliability constraints. Because
transmit power directly governs the achievable sensing signal-
to-interference-plus-noise ratio (SINR), the resulting power
optimization in turn influences tracking accuracy, revealing a
closed-loop coupling between sensing performance and energy-
efficient resource allocation. Existing ISAC vehicular systems
typically treat energy efficiency (EE), sensing accuracy, and
communication performance as separable design objectives [5],
[6], [7]. However, in dense mmWave vehicular environments,
inter-vehicle interference creates a tightly coupled system where
sensing quality and communication efficiency jointly degrade in
a non-linear and mobility-dependent manner. This paper studies
and quantifies this coupling. The proposed framework is further
evaluated under dense deployment scenarios to characterize the
trade-offs between EE, sensing reliability, and communication



performance.

Our key contributions can be summarized as follows:

« We develop a system-level mobility-aware ISAC frame-
work in which accurate multi-vehicle tracking drives
predictive beamforming, coupled with an energy-efficient
power allocation scheme under inter-vehicle interference;
a combination absent in prior art, targeting scalable energy-
efficient operation in dense and highly dynamic vehicular
environments.

« We introduce an interference-aware system model that
captures the impact of multi-vehicle interactions on both
sensing reliability and communication performance in a
unified ISAC framework.

« We propose a lightweight alternating optimization (AO)
strategy for adaptive beamforming and power control in
time-varying vehicular environments, designed with low
computational complexity for practical deployment. The
proposed method supports slot-by-slot operation, enabling
adaptation to mobility-induced channel variations.

« Extensive simulation results demonstrate that the proposed
framework significantly improves EE while maintaining
accurate multi-vehicle tracking under interference. In
addition, we provide scalability analysis under varying
traffic density, mobility speed, and interference levels,
and ablation studies with and without sensing constraints,
highlighting the fundamental trade-off between EE and
sensing reliability.

Notations: In this paper, scalars are represented by lowercase
letters (e.g., a, b), vectors by bold lowercase letters (e.g., h, w),
and matrices by bold uppercase letters (e.g., H, W). The
superscripts ()7 and (-)¥ indicate the transpose and conjugate
transpose (Hermitian), respectively. The magnitude of a scalar
or vector is denoted by |- |. The partial derivative of a scalar
or vector function a with respect to b is denoted by %.
The expectation operator denoted by E[-] is used to indicate
statistical averaging, e.g., in SINR expressions.

II. RELATED WORK

A representative work in predictive beamforming is [5],
which introduces a DFRC-based framework where a roadside
unit (RSU) operates as a monostatic radar. Its key contri-
bution is supporting multi-vehicle tracking, unlike single-
vehicle approaches. However, it does not account for inter-
vehicle interference, which becomes critical in dense vehicular
environments. Vehicle states are first estimated, and an ex-
tended Kalman filter (EKF) is used for tracking and beam
prediction. A power allocation scheme is designed to balance
communication rate and sensing accuracy, quantified via the
posterior Cramér—Rao bound. Extensions of this framework
address practical limitations by proposing adaptive beamwidth
strategies to balance sensing coverage and communication
throughput [4]. To better capture realistic road geometries,
Meng et al. [6] propose predictive beamforming on arbitrarily
shaped roads using a curvilinear coordinate system combined
with EKF-based tracking. Although this approach improves
trajectory prediction, it is limited to single-target tracking and

Table 1
COMPARISON WITH PRIOR WORK IN ISAC-BASED VEHICULAR NETWORKS.

Reference Multi- Interf.- EE opt. Pred. beam-
vehicle aware forming

[4], 6], [7], - - - Yes

[81, [9], [10]

[5] Yes - - Yes

[11] Yes Yes Yes -

Ours Yes Yes Yes Yes

does not consider multi-user interference. In contrast, Liu and
Masouros [7] adopt a state-model-free predictive beamforming
method based on kinematic extrapolation, thereby avoiding
the need for explicit state evolution models. Although robust
under certain conditions, this method is sensitive to trajectory
deviations and does not leverage recursive state estimation.

Predictive beamforming in ISAC systems has also been
explored using machine learning. Wang et al. [8] jointly
optimize sensing and communication via deep learning without
explicit state-space modeling. Similarly, Kama et al. [9] demon-
strate pilot-free predictive beamforming, reducing overhead in
beam alignment and motivating low-complexity designs for
multi-vehicle ISAC frameworks. Cooperative sensing-assisted
predictive beam tracking has also been proposed [10], where
multiple base stations collaboratively adjust beam directions
using EKF fusion.

Existing sensing-assisted beam tracking works [4], [6], [7]
focus on single-vehicle scenarios, whereas Liu et al. [5]
consider multiple vehicles but does not account for inter-
vehicle interference. Moreover, the performance metrics in
prior works primarily focus on data rate or the Cramér-Rao
bound (CRB), whereas EE is a key optimization metric in ISAC
systems, capturing the trade-off between achievable data rate
and power consumption [11], [12]. Existing ISAC frameworks
optimize either predictive tracking or EE, but none jointly
address both while accounting for vehicle dynamics and sensing
accuracy, including both strong sensing quality assurance and
EE. For instance, Liu et al. [5] consider CRB minimization
and communication signal-to-noise ratio (SNR), but does not
incorporate interference into the system model, which can
substantially alter the underlying relationships, mathematical
derivations, and resulting performance metrics. On the other
side, He et al. [11] investigate EE optimization for static
targets, where the sensing requirements are characterized by
individual radar beampattern gain. Pursuing both objectives
simultaneously becomes even more challenging in multi-vehicle
scenarios where inter-vehicle interference is present.

As shown in Table I, our framework uniquely combines EE
optimization with predictive power allocation in an interference-
coupled multi-vehicle ISAC system. Existing ISAC frameworks
typically focus on simplified system settings and are often
evaluated under limited system scales, considering only a small
number of vehicles and moderate mobility conditions. As
a result, critical aspects such as scalability to dense multi-
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Figure 1. System model of the proposed ISAC-based tracking approach

vehicle deployments, high-mobility dynamics, and system-
level trade-offs between EE, communication performance,
and sensing reliability remain insufficiently explored. These
limitations become particularly important in realistic vehicular
environments, where traffic density and mobility significantly
affect interference levels and overall system behavior.

III. SYSTEM MODEL

We consider an ISAC-enabled RSU that provides downlink
communication services to K vehicles while simultaneously
sensing and tracking them, as illustrated in Figure 1. The
RSU can simultaneously communicate with and sense the
vehicles using the same waveform. We assume that the RSU
is located at the origin of the Cartesian coordinate system
and is equipped with N transmitting arrays, which equals
the number of receiving arrays Np. The considered scenario
covers a road section consisting of 3 parallel road lanes in
which every vehicle is running in a separate road lane. As
visualized in Figure 1, the RSU is positioned at an orthogonal
distance h from the centerline of the first road lane. Each
additional road lane, running parallel to its neighboring lanes,
is spaced at a distance of 2.75 m. This value corresponds to the
minimum lane width specified by German road traffic licensing
regulations. Each vehicle travels at a distinct velocity vy.

The total frame duration is divided into N time slots, each
of duration 7. During time slot n, the RSU transmits signals
to the vehicles using the predicted beamforming from time slot
n — 1 while simultaneously receiving the echo signals with
the corresponding predicted receive beamforming. From these
received echoes, the RSU estimates the current vehicle states
at the n-th time slot, including the angle, distance, velocity,
and reflection coefficient relative to the RSU, collectively
represented by the state vector Xy, = [0k n, dk,n, Vi,ns Bkonl-
Subsequently, based on the state evolution model described
in [5] and the received signal measurements processed using
the matched filter and multiple signal classification (MUSIC)
algorithms, an EKF is employed to refine the state estimates

and predict future states, thereby enabling continuous tracking
of each vehicle.

The proposed framework focuses on energy-efficient predic-
tive beamforming. To evaluate the sensing capability enabled
by the optimized beam design, we employ a conventional
tracking pipeline similar to [5]. Specifically, the received
sensing signal is processed using the well-known MUSIC
algorithm to obtain angle of arrival (AoA) measurements, which
are then used by a standard EKF to estimate and predict vehicle
states. The resulting state predictions are used to steer the
sensing and communication beams in the subsequent time slot.
Since MUSIC and EKF are adopted as standard benchmark
components, we omit their detailed derivation and focus
instead on how the proposed energy-efficient beamforming
framework influences sensing SINR and, consequently, tracking
performance.

Finally, based on the estimated states at the current time slot
and the state evolution model on the vehicle mobility behavior,
which provides one-step prediction, we predict the vehicle’s
next state, Xy, ,1n, to enable predictive beamforming in the
following time slot, n 4+ 1 [5].

A. Radar Model

The RSU emits several narrow beams towards the direction
of the vehicles and extracts the desired sensing information
from the received echo signals. The transmitted signal from
the RSU at time instant ¢ of the n-th time slot for vehicle k is
denoted by i, (¢). The transmit and received steering vector
of the uniform linear array (ULA) of the RSU in the direction
of vehicle k is given by

a(@km) =
1

Nrp
where 0, ,, is the angle of departure corresponding to vehicle k,
\ is the carrier wavelength, and d denotes the spacing between
two adjacent antennas. The received signal at the RSU side
can be described using the radar signal model, considering
the Doppler shift (ux ) and the propagation delay (7y.,). We
also take into account interference caused by echoes from
the i-th vehicle. We assume the transmit beamforming vector,
ie., frxk,n = @(0) nn—1). Hence, the echo signal received at
the RSU in time slot n after filtering of the other unwanted
directions is given by

[1’ eijﬂ'% COs(akm)7 . 7j27!'%(NT*1) COS(okm,):IT’ (1)

e

K
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a'H (ak,n).fo,i,nSi,n(t - Ti,n)) + Zs (t), (2)

where z,(t) denotes the additive white Gaussian noise (AWGN)
at the RSU, p; ,, is the transmit power of vehicle 7, and Sy,
represents the reflection coefficient. Furthermore, x = /Ny Ng
denotes the antenna array gain. We assume the received
beamforming frx k.n. to limit the caused interference from
the other targets rather than the k-th target, resulting in a



higher SNR and more accurate vehicle state estimations. To
ensure adequate sensing performance, the sensing SINR of
vehicle k£ at time slot n is required to exceed a predefined
threshold eg. The sensing SINR (Ffﬂ;“ ) is calculated as in (3),
where A(Hkn) = a(Hk’n)aT(Hk’n).
B. Energy Efficiency

Based on the communication model, the received signal at
vehicle £ in time slot n is described as

Gk (t) =

'EL\/ Pk,n Qkn eJQﬂ—Mk’nt aH (gk,n) sz,k,n Sk,n(t) + Zc(t)

K
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iz
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and z.(t) ~ CN(0,02) is the AWGN noise at vehicle k.
Consequently, the received SINR of vehicle £ in time slot
n is given by
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The EE is expressed as the ratio between the total achievable
data rate and the total power consumption. Following standard
practice in EE optimization, we express the data rate in
terms of spectral efficiency (bits/s/Hz) to obtain a bandwidth-
independent metric. The data rate is typically determined
according to Shannon’s capacity formula, which specifies the
theoretical upper limit of the achievable data rate. Thus, the
spectral efficiency is calculated as

K
nse = Y _ logy(1+75m). ™
k=1
The total power consumption, which includes static and
dynamic power consumptions for the RSU, is described as

K
Potal = Pyatic + N1 PrEchain + % Zpk,na (8)
k=1
where P denotes the total power consumption of the
considered system. The static component, Pyugc, represents
fixed power requirements, such as those for cooling systems or
power supply losses, and does not depend on any optimization
variables like py, . Note that P, Piatic; PrFchain, and p p,
in (8) are expressed in linear scale (W); the corresponding
values reported in Table II are given in dBm for convenience
and are converted via Piuw) = 10 tapm /10 prior to use in the
optimization. Following [13], [14], Pyatic is assigned a constant
value of 30 dBm. The dynamic part of the power consumption
accounts for both the RF chain-related power, Prpchain, and
the transmit power, Zszl Dk,n- PREchain Tepresents the power
required by hardware components such as signal processors,

A/D converters, and power amplifiers for a single RF chain.
Since these values are determined by hardware specifications,
Prrchain 1 treated as a fixed quantity (20 dBm, following [13],
[14]), and is multiplied by Nantenna, Which corresponds to the
number of transmitting and receiving antennas at the RSU (Np
and Ng in this work). The transmit powers py, ,, in contrast,
are the optimization variables. Finally, the power amplifier
efficiency ( is introduced to account for the conversion losses
between input electrical power and radiated RF power [15].

IV. ENERGY EFFICIENCY OPTIMIZATION

A. Problem Formulation

We aim to maximize the EE for information transmission
and sensing while guaranteeing the QoS of the communication
service and the sensing which leads to more accurate localiza-
tion and tracking. The optimization problem is mathematically
formulated as

K com
é Zk:l 1Og2(1 + r}/k-,,n)

Pl . Ig}fafb{ Objl Rotal
st. CL:TRW > er, Vk,n,
K
C2: Zpk,n < Pbudgen Vn,
k=1
C3:prpn >0, Vkn. 9)

In P, pg,n is the transmit power for the k-th vehicle as
an optimization variable. Constraint C1 guarantees sensing
accuracy in the presence of interference by imposing a sensing
SINR requirement for each individual vehicle at every time
slot. Constraint C2 limits the transmit power of the RSU,
where Phugger denotes the maximum allowable transmit power.
Constraint C3 ensures that the allocated power is valid and
non-negative.

B. Solution of the Optimization Problem

In general, the optimization problem P; is non-convex and
nonlinear due to the non-convexity of its objective function. It
can be observed that the formulated objective function has a
fractional structure, which renders the problem non-convex and
motivates the use of the Dinkelbach algorithm for its solution
[16]. Accordingly, the objective can be expressed as the ratio
of two functions, denoted by L(pg ) and D(py ) as

where L(pin) = YK logy (1 +9") and D(pr.r) = Posat
We define the objective function in (10) as A} Within the
solution algorithm, A denotes the obtained value at the j-th
iteration of the Dinkelbach method, and A} represents the
globally optimal value of the objective function in the current
time slot n, achieved by the sub-optimal power allocation py, r,.

The fractional objective function can be reformulated using
the Dinkelbach method as

max Ob,72 £ L(pk,n) - )\n D(pk,n)a

Pk,n

(10)
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where )\, is the Dinkelbach parameter updated iteratively until
convergence. The objective function Obj, remains non-convex
due to the intrinsic non-convexity of the data rate function. To
address this issue, we express the rate function in a difference-
of-convex (DC) form and solve it using the successive convex
approximation (SCA) algorithm as

Ry n = logy(1+%70)

K
~ 2
= log, (Z Pim | kn @™ (Okn) Frain| + 03)

i=1
Wk,
K
— log, (Z p,-’n|/% Qkm all (Ok.n) sz,i’n|2 + Uf)
iz
9k,n
= Wk,n(Pk,n) = Gren (Ph,n)- (12)

Both sub-functions, wy, ,, and g, are concave with respect
to the optimization variables p; ,,. Employing the DC approxi-
mation, gy, , is approximated as

~ (a) agk n (a)
gk,n(pk,n) —gkn pk TL +Z apln { (a)} pl,’ﬂ pz n)
17516

(13)
where
g 1 Crm|?
Jk,n o _ . | k, L| (14)
Opin 0y I(2) P90y, )2 + 02
Ck,n =K- Qom * aH (ak,n) ' fT:n,i,n (15)

in which a is the SCA iteration index. After applying a sequence
of convex approximations, problem P; can be reformulated as

Py : max Objs £ W n — A Di o,

Pk,n

s.t. C2,C3:
H 2
Cl: ’6k,nfo7k7nA(0k,n)fo,k,n| pk,n_

- gk,n

K
2
€R Zpi,n |ﬁi,nfRHx,kmA(ek,n)fo,i,n| > ERag Vk,n,

7k
which is convex and can be efficiently solved using the proposed
AO-based solution summarized in Algorithm 1. In the inner

2
(ek,n ) .fo,i,n

2
+ o3

loop, the SCA method iteratively solves a sequence of convex
subproblems constructed from the approximated rate function.
The iterations continue until the normalized difference between
the objective function values of two consecutive iterations falls
below a predefined threshold dsca, at which point the SCA
loop terminates, yielding a locally optimal solution. In the outer
loop, the Dinkelbach algorithm updates the auxiliary parameter
A, based on the obtained SCA solution and evaluates the
fractional optimality condition using the convergence threshold
ODinkelbach> T€peating the process until convergence.

Algorithm 1 Solving the optimization problem via Dinkelbach
and SCA
Require: Set initialized power Dk,

JscA-
1: /\(0)

© ) and convergence accuracy

L(pi.),)

D))

2: 5«1

3: while not converged do
4: Seta <+ 1

5 while not converged do
6 Calculate gy, (p,(C 7)1)
7: Solve Po
8
9

|0bj1 (py")) —Obir (i )]

max{(i)bm(pkyn) Obj1(p i’f"l))} < 5SCA then
: Update py, ,, in the Dinkelbach approach
10: break
11: else
12: a<+a+1
13: end if
14: end while 4
15: Solve problem P, for a given YD
16 if [w® — G0 — ATV DO)| < Spingeibacn then
17: return \} = AV and Dhon
18: else e Lol
J
19: An — (p& )
20: j—j+1
21: end if

22: end while

C. Convergence and Computational Complexity Analysis

Next, we analyze the proposed approach in Algorithm 1 in
terms of convergence properties and computational complexity.



The convergence of the proposed algorithm follows from the
monotonic improvement property of each optimization stage
[17]. During each SCA iteration, the surrogate problem provides
a locally tight approximation, ensuring that the objective value
does not decrease between successive updates. Similarly, the
alternating optimization framework sequentially optimizes in-
dividual variable blocks while keeping the remaining variables
fixed, leading to non-decreasing EE values across iterations
such that
EEUHD >~ grO)

Since the Dinkelbach-based fractional programming procedure
guarantees convergence under standard conditions, and the
achievable EE is upper-bounded due to finite transmit power
and communication resources, the objective sequence generated
by the proposed algorithm converges.

Moreover, we analyze the computational complexity of Algo-
rithm 1 based on the SCA method. The computational complex-
ity per SCA iteration is given by O (log(1/dsca)PsC3), where
dsca denotes the solution accuracy [18]. Here, the problem
size and number of constraints are given by Ps = K + 1 and
Cs = 2K + 1, respectively. Within each Dinkelbach iteration,
this complexity corresponds to a single SCA update in one time
slot. Considering I, Dinkelbach iterations per slot, the per-slot
computational complexity becomes O (Ip log(1/dsca)PsC3).
Finally, for a frame consisting of IV time slots, the overall
complexity scales linearly with N.

V. SIMULATION RESULTS
A. Simulation Platform and Parameters

The simulation platform was implemented in MATLAB
R2024a using the CVX modeling framework with the MOSEK
solver. At each slot, the EKF predicts vehicle states, predictive
beamforming is applied, transmit powers are optimized via the
proposed Dinkelbach—SCA algorithm in CVX, and MUSIC
matched filtering extracts sensing parameters for the EKF
update.

Figure 1 illustrates the system model, which consists of
K vehicles. Initially, we consider a low-density setting with
K = 3 vehicles, consistent with settings commonly used
in the literature. We then evaluate the efficiency of the
proposed framework under more densely populated scenarios.
The vehicles start moving from the coordinates (130, 60),
(86,62.75), and (52,65.5) along a straight path from the right
side of the RSU to the left at constant velocities of 60, 50, and
40 km/h, respectively. The y-coordinates are defined according
to a lane spacing of 2.75 m between adjacent road lanes. Unless
specified otherwise, we set the noise power to o7 = —90 dBm
and the maximum transmit power t0 Phygger = 30 dBm, which
is the typical transmit power for mmWave case in 3GPP NR
FR2 standard. The key simulation parameters are summarized
in Table II.

B. AoA Estimation and Tracking Accuracy

We first validate the optimization framework by evaluating its
ability to achieve the required sensing and tracking accuracy.

Table IT

SIMULATION FRAMEWORK PARAMETERS.

Symbol Parameter Value
Nr/Ngr Number of Tx/Rx antennas 8
T Time slot length 0.1s
N Number of time slots 95
K Number of vehicles 3
h RSU orthogonal offset (lane 1) 60 m
A Simulated road segment area (K = 3) ~0.012km?
fe Carrier frequency 60 GHz
A Wavelength 5 mm
Poudget Transmit power budget 30 dBm
€R Radar-related SINR threshold 0 dBm
a2 Communication noise -90 dBm
a? Sensing noise -90 dBm
Vg Vehicle velocities 60, 50,40 km/h
) Steering angle standard deviation 0.02°
o4 Distance standard deviation 0.2 m
o Velocity standard deviation 0.5 km/h
og Reflection coefficient standard deviation 0.1
Pitatic Static power consumption 30 dBm
PRrEchain Power consumption per RF chain 20 dBm
Power amplifier efficiency 20%
dsca Accuracy for the SCA approach 0.01
ODinkelbach ~ Accuracy for the Dinkelbach approach 0.01
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Figure 2. AoA estimation accuracy for three vehicles with and without EKF.
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Figure 3. Range estimation accuracy for three vehicles.

Figures 2a and 2b show the AoA estimation accuracy and
tracking performance of the proposed optimization framework
across all time slots, following the trajectories of the three
independent vehicles described in Figure 1. Figure 2a shows
the angle tracking for three different vehicles, demonstrating a
very high level of accuracy. In contrast, Figure 2b illustrates
the case where the EKF advantages and estimation refinement
are not applied at every time slot, resulting in lower tracking
accuracy. Another important observation is that the estimation
inaccuracy is highest for the first vehicle, who has a higher
velocity and is farther from the RSU, and lowest for the third
vehicle, who has a lower velocity and is closer to the RSU.

Additionally, we evaluate the range estimation accuracy
for the same setup in Figure 3, confirming accurate range
estimation and reliable target tracking throughout the setup. To
better demonstrate the range estimation accuracy, in Figure 4,
we evaluate how increased vehicle velocity (by 30 km/h)
affects estimation performance. Moreover, we use [5] as a
benchmark to evaluate the proposed framework. Although the
benchmark in [5] achieves slightly higher sensing accuracy
under the idealized assumption of interference-free operation,
the proposed framework explicitly accounts for realistic inter-
vehicle interference and still maintains reliable sensing and
tracking performance. Furthermore, the proposed scheme
attains a higher average EE of 5.7663, bits/Joule/Hz over the
considered time horizon, compared with 5.1471, bits/Joule/Hz
achieved by the benchmark in [5]. This indicates that the
proposed optimization framework effectively mitigates the
performance degradation caused by interference. Overall, the
results demonstrate that the proposed interference-aware design
substantially improves EE while preserving reliable sensing
and tracking capabilities.

C. ISAC Trade-Off

Figure 5 evaluates the sensing accuracy of the proposed
algorithm in comparison with a communication-based
optimization scheme where the sensing constraint is removed.
The results demonstrate that the proposed approach achieves
high sensing accuracy due to the enforcement of constraint
C;. Furthermore, we examine the impact of noise power on
the root mean square error (RMSE). It is evident that the
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Figure 4. Range estimation accuracy analysis for different velocity scenarios
(K =3 and N = 130).
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Figure 5. Angle estimation accuracy analysis under sensing and communication
trade-off (K = 3 and N = 130).

RMSE under higher noise power (02 = 02 = —60,dBm)
is significantly worse than that under lower noise power
(62 = 02 = —90,dBm). The figure also validates the
proposed multi-vehicle tracking approach compared with
single-vehicle tracking. To assess network performance
under increased traffic density and varying vehicle velocities,
the total number of vehicles was increased from 3 to
9, with three vehicles assigned to each road lane. The
evaluated range (K = 3 to 9) reflects a moderate-density
scenario consistent with the 3-lane road segment considered,
corresponding to approximately 16-38 vehicles/km, as detailed
in Table II. Without loss of generality, the initial locations
of the added vehicles are {(153,60),(136,62.78), (125,65.5)}
and {(177,60), (156,62.75), (145,65.5)}, with  velocities
{70,75,65,85,80,75} km/h. Moreover, we evaluate the
impact of the number of vehicles on the RMSE in denser
scenarios. As the number of vehicles increases from K =1 to
K =9, the accuracy decreases.

Figure 6 shows the cumulative distribution function (CDF)
of the AoA estimation RMSE for the proposed ISAC-based
predictive tracking framework and a conventional 5G-NR beam
management baseline under multi-vehicle mobility. The 5G-NR
baseline relies on periodic beam sweeping and codebook-based
beam selection without continuous sensing. Results show that
the proposed scheme achieves lower RMSE across the entire



0.8+ |
0.6 |
[T
a
o
0.4 B
0.2 —Proposed framework| |
—5G-NR
0 | | |
0 0.5 1 1.5 2

RMSE
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and tracking with 5G-NR (K = 3 and N = 130).
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Figure 7. Energy efficiency analysis for different numbers of vehicles (02 =
02 = —90dBm).

CDF range. Overall, the results demonstrate that integrating
predictive sensing with beam management improves AoA
estimation accuracy and reliability compared to standard 5G-
NR procedures in dynamic multi-vehicle scenarios.

D. Energy Efficiency Analysis

Figure 7 illustrates the variation of overall EE for scenarios
with different numbers of vehicles. A system with fixed transmit
power is used as a reference to quantify the performance
gains achieved through the proposed optimization approach. In
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Figure 8. Energy efficiency analysis under sensing and communication trade-
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Figure 9. Energy efficiency optimization improvements compared to a fixed
transmit power.

general, the two-vehicle scenario exhibits two local maxima
in EE, which occur approximately when the distance between
a vehicle and the RSU is minimal. This scenario considers
vehicles 1 and 2 as depicted in Figure 7. Notably, the time
instants at which the vehicles reach their minimum distances to
the RSU do not exactly coincide with the local maxima of EE. A
similar behavior is also observed in the three-vehicle scenario.
This effect arises because, when multiple vehicles transmit
simultaneously, the SINR of each link depends not only on its
own distance to the RSU but also on the instantaneous positions
of the other vehicles. Consequently, mutual interference plays
a significant role in addition to distance in determining the
achievable EE. At time slot 41, the maximum system EE
reaches 14.4, bits/Joule/Hz, corresponding to an improvement
of 10.59, bits/Joule/Hz compared to the fixed transmit power
baseline. Aside from the two local maxima observed in the two-
vehicle scenario, the three-vehicle scenario achieves a higher
overall EE in most time slots.

Figure 8 illustrates the trade-off between sensing and commu-
nication. First, we evaluate the EE for 02 = 02 = —60,dBm,
which exhibits greater fluctuations compared to Figure 7 under
the same parameter settings. We further assess the performance
trade-off between the proposed framework and a benchmark
scheme based solely on communication optimization, where the
sensing quality constraint is removed. The results indicate that
when the vehicle is closer to the RSU, the difference in achieved
EE between the two approaches is negligible. However, as the
distance between the Vehicles and the RSU increases, the EE
achieved by the communication-only optimization becomes
higher than that of the scheme incorporating stringent sensing
quality requirements. This observation highlights the inherent
trade-off between sensing and communication, particularly in
long-distance scenarios.

Figure 9 depicts the EE gains obtained by the proposed opti-
mization scheme in the case of three vehicles. To highlight the
benefits of the optimization, the difference in total EE between
the optimized system and the fixed transmit power baseline is
computed and visualized. Moreover, multiple transmit power
budget values are considered to demonstrate their joint impact
with noise power on the system performance. The largest



improvement is observed under a transmit power budget of
40 dBm and a noise power of —60 dBm, where the maximum
gain reaches 8.49 bits/Joule/Hz. For all simulation parameters
listed in Table II, the algorithm consistently converges within
25 SCA iterations per time slot. The outer Dinkelbach loop
typically converges within 3-5 iterations.

VI. CONCLUSION

We proposed a multi-vehicle ISAC framework that jointly
optimizes energy efficiency, sensing accuracy, and communica-
tion performance in mobile networks. Leveraging high-accuracy
signal processing techniques (MUSIC, matched filter, and EKF),
the framework tracks and localizes multiple vehicles while
accounting for interference in both communication and sensing
channels. We formulated a non-convex fractional program and
developed an alternating optimization algorithm combining
Dinkelbach and SCA. Simulation results demonstrate that
the proposed scheme enhances EE and sensing accuracy
simultaneously, enabling reliable multi-vehicle tracking under
interference across scenarios with varying numbers of vehicles.
Future work includes extending the framework to full-duplex
operation and non-line-of-sight scenarios, as well as reducing
algorithm complexity for real-time deployment.
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