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Abstract—Joint Communication and Sensing (JCAS) technol-
ogy facilitates the harmonious integration of communication and
sensing functionalities within a unified framework, enhancing
spectral efficiency, reducing hardware complexity, and enabling
simultaneous data transmission and environmental perception.
This paper explores the potential of holographic JCAS systems
by leveraging reconfigurable holographic surfaces (RHS) to
achieve high-resolution hybrid holographic beamforming while
simultaneously sensing the environment. As the holographic
transceivers are governed by arbitrary antenna spacing, we
first derive exact Cramér-Rao Bounds (CRBs) for azimuth and
elevation angles to rigorously characterize the three-dimensional
(3D) sensing accuracy. To optimize the system performance,
we propose a novel multi-objective problem formulation that
aims to simultaneously maximize the communication rate and
minimize the CRBs. However, this formulation is highly non-
convex due to the inverse dependence of the CRB on the opti-
mization variables, making the solution extremely challenging. To
address this, we propose a novel algorithmic framework based
on the Minorization-Maximization (MM) principle, employing
alternating optimization to efficiently solve the problem. The pro-
posed method relies on the closed-form surrogate functions that
minorize the original objective derived herein, enabling tractable
optimization. Simulation results are presented to validate the
effectiveness of the proposed framework under diverse system
configurations, demonstrating its potential for next-generation
holographic JCAS systems.

Index Terms—Holographic joint communications and sensing,
CRB minimization, rate maximization, hybrid beamforming.

I. INTRODUCTION

THE rapid evolution of wireless technologies is driving
the demand for networks that go beyond conventional

communication functionalities [1]. As we move towards 6G
and beyond, future wireless systems are expected to provide
not only high-speed, ultra-reliable connectivity but also envi-
ronmental awareness and intelligent sensing capabilities [2].
This shift is fueled by the growing need for autonomous sys-
tems, smart cities, industrial automation, and extended reality,
all of which require seamless interaction between the digital
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and physical worlds. Furthermore, as wireless networks be-
come more densely deployed and spectrum resources become
increasingly scarce, there is a critical need for technologies
that can maximize spectrum efficiency while simultaneously
enabling new functionalities [3].

Joint Communication and Sensing (JCAS) represents a
groundbreaking paradigm that seamlessly integrates sensing
and communication into a unified framework [4], [5]. By
enabling real-time situational awareness and adaptive decision-
making, JCAS transcends the limitations of traditional net-
works, which treat sensing and communication as distinct
functions [6]. Instead, it harnesses shared spectrum, hardware,
and signal processing to perform both tasks concurrently,
unlocking unparalleled efficiency in spectrum utilization, en-
ergy consumption, hardware simplicity, and network intelli-
gence. This dual-functionality is particularly transformative for
applications demanding real-time environmental perception,
effectively turning wireless networks into dynamic, perceptive,
and interactive systems. By bridging the digital and physical
realms, JCAS promises unprecedented opportunities across
diverse industries, fundamentally redefining how networks
perceive, interpret, and respond to the world in real-time [7].

Traditional architectures for JCAS typically rely on hybrid
beamforming designs that combine analog and digital pro-
cessing. In such systems, analog beamforming is commonly
implemented using networks of phase shifters, which steer
beams by controlling the phase of the signal fed to each
antenna element [8], [9]. This approach reduces the number
of required RF chains compared to fully digital architectures,
striking a balance between performance and hardware com-
plexity [10]. However, phase shifter-based hybrid beamform-
ing architectures face several practical limitations that make
them less desirable for next-generation transceiver designs
[11]. These architectures rely on bulky analog hardware net-
works that include large numbers of phase shifters, combiners,
and splitters, all of which become increasingly complex and
expensive to implement as array sizes grow [12]. The use
of discrete phase shifters introduces quantization errors and
limited control granularity, which in turn reduces the precision
of beam steering and wavefront shaping [13], [14]. Addition-
ally, these components are inherently lossy and contribute to
increased power consumption, signal degradation, and thermal
management challenges. As a result, such architectures do not
scale well with large arrays and are difficult to integrate into
compact, low-cost, and energy-efficient systems.

The evolution of JCAS is being paralleled by a trans-
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formative shift in reconfigurable holographic surface (RHS)
to implement holographic arrays [15], which are poised to
revolutionize how wireless networks transmit and receive
information. Unlike traditional hybrid beamforming systems
[16], RHS-enabled hybrid beamforming presents a more scal-
able and flexible solution for JCAS systems [17]. An RHS
consists of densely packed, low-cost passive or semi-passive
elements [18]. By applying the holographic principle, RHS can
synthesize arbitrary electromagnetic wavefronts across a quasi-
continuous surface by controlling the interference between a
known reference wave and a reconfigurable surface-induced
response, effectively reconstructing a desired object wave [19].
This enables highly directive, adaptive beam patterns with fine
spatial resolution and broad control over the angular spectrum,
which are critical for both communication and sensing tasks.
Furthermore, RHS-based hybrid beamforming can be imple-
mented using real-valued weights [20], thereby simplifying
the hardware design while enabling effective electromagnetic
control [21]. Compared to conventional phase-shifter-based
designs, this approach provides a more hardware-efficient,
cost-effective, and scalable solution, particularly important
given that the number of holographic elements is typically or-
ders of magnitude larger than in traditional array architectures.
As a result, RHS offers a compelling pathway toward prac-
tical and high-performance holographic JCAS systems [22].
However, despite its significant potential, holographic JCAS
is still in its early stages of development, necessitating further
advancements in algorithm design, performance analysis, and
system optimization to comprehensively evaluate its benefits
and practical feasibility. A comparison with the traditional
hybrid transceiver with phase-shifters and the RHS-enabled
hybrid transcevier is shown in Figure 1.

A. State-of-the-Art

In the subsequent sections, we present a comprehensive
review of the literature, highlighting pioneering contributions
in the field of JCAS.

The work [23] proposed the design of beamforming for
JCAS to jointly optimize target estimation through Cramer-
Rao bound (CRB) minimization while maintaining desirable
communication quality with minimum signal-to-interference-
plus-noise (SINR) constraints. The study [24] explored a
movable antenna-assisted multi-user JCAS system, where op-
timization to minimize CRB is formulated as NP-hard due
to coupled variables. An alternating optimization framework
using semidefinite relaxation (SDR) and successive convex
approximation (SCA) is proposed for an efficient solution. The
paper [25] designed multiple-input multiple-output (MIMO)
beamforming for JCAS that supports both point target and
extended target estimation while ensuring the required SINR
for communication users. A closed-form solution is derived for
the single-user case, while the multi-user case is addressed via
SDR, ensuring global optimality. In [26], the authors proposed
reconfigurable intelligent surface (RIS)-assisted non line-of-
sight (NLoS) wireless sensing. The joint design of base station
(BS) transmit beamforming and RIS reflective beamforming
is achieved using SCA, SDR, and alternating optimization
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Fig. 1: Comparison of hybrid beamforming architectures.

to minimize the CRB. The work [27] proposed a robust
joint beamforming framework for JCAS to enable multi-target
sensing. They ensure reliable target estimation by formulating
the problem as a min-max optimization that minimizes the
maximum CRB for the direction of arrival (DOA) estimation
while maintaining SINR constraints for communication users.

Studies on JCAS aided with reconfigurable intelligent sur-
faces (RIS) are presented in the following. The study [28]
employed RIS to reduce multi-user interference in JCAS
systems under sensing constraints. It jointly optimized the
constant-modulus waveforms and discrete RIS phase shifts
based on alternating optimization. The study [29] utilized RIS
to enhance degrees of freedom (DoF) in JCAS optimization,
proposing two beamforming techniques: one maximizing radar
mutual information under communication constraints and an-
other using a Riemannian gradient approach for weighted
mutual information optimization. In [30], the authors proposed
a joint active and passive beamforming design for RIS-assisted
JCAS, considering target size. They derive a closed-form de-
tection probability based on target illumination and introduce
ultimate detection resolution. The work [31] proposed JCAS
in a full-duplex cell-free (FD-CF) MIMO system with RIS
assistance, using multiple access points for target detection and
uplink communication. In [32], a novel optimization design
for FD JCAS to jointly handle the self-interference with
RIS is proposed. In [33] a joint optimization framework for
beamforming, power allocation, and signal processing in an
RIS-assisted FD uplink system is proposed. The work [34]
investigated a RIS-enhanced cognitive JCAS system for 6G
networks, showing that increasing SNR reduces the position
error bound of mobile sensors.
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Literature on holographic JCAS is available in [22], [35]–
[41]. In [22], the authors proposed an RHS-assisted JCAS
system using holographic beamforming to replace traditional
MIMO arrays, enhancing radar performance while meeting
communication SINR requirements. They develop an iterative
algorithm to optimize digital and analog beamformers and
provide a theoretical lower bound for maximum beampattern
gain. For such work, a prototype was also presented in [35].
In [36], the authors studied the problem of jointly maximizing
the SINR for communication users and radar for an FD holo-
graphic JCAS system operating in the near-field. In [37], the
authors presented simultaneous target tracking while enabling
multi-user communication for a holographic system. The work
[38] proposed an artificial intelligence (AI) framework for
an RHS-assisted holographic JCAS and localization. In [39],
the author extends their AI framework to the case of cell-
free JCAS. In [40], the author derived the closed-form ex-
pression for outage probabilities for the JCAS under perfect
and imperfect channel state information (CSI). The study [41]
presented a novel beamforming design for holographic JCAS
for continuous aperture holographic surfaces. An alternating
optimization algorithm is developed to solve the problem, with
transmit beamforming addressed through feasibility-checking
sub-problems and receive beamforming optimized using a
Rayleigh quotient-based method.

B. Motivation

It is noteworthy that in the field of JCAS, a common prac-
tice has been to address optimization problems by imposing
constraints on one functionality to optimize the other [22]–
[24]. This approach often involves prioritizing either commu-
nication or sensing while treating the other as a secondary
objective, subject to predefined performance limits. While this
method simplifies the problem by partially decoupling the
two functionalities, it inherently limits the system’s overall
potential. By artificially constraining one objective to favour
the other, such designs fail to explore the full spectrum of
possible solutions that could achieve superior performance in
both domains simultaneously. While some works have consid-
ered multi-objective optimization frameworks, such works are
limited to joint mutual-information maximization [42] or SINR
maximization [36]. Such an approach is desirable as due to
similarities, it allows the use of traditional optimization tools to
maximize performance. However, in practice, communications
and sensing can have fundamentally different requirements,
leading to distinct and sometimes conflicting objective func-
tions that cannot be adequately captured by a single metric like
mutual information or SINR. This underscores the necessity
for general multi-objective optimization frameworks capable
of supporting more sophisticated and balanced optimization
tailored to dual-purpose functionality.

The field of holographic JCAS has seen rapid progress in re-
cent years, with notable contributions advancing beamforming
design, algorithm development, and hardware implementation
[22], [35]–[41]. Despite these advancements, a fundamental
theoretical gap remains unaddressed: the Cramér-Rao Bound
(CRB), a foundational concept in estimation theory, has not yet

been explicitly integrated into the design and optimization of
holographic JCAS systems. This omission is particularly sig-
nificant given the unique capabilities of holographic surfaces,
which support high-resolution three-dimensional (3D) sensing
by jointly estimating elevation and azimuth angles with greater
precision than conventional uniform planner arrays (UPAs).
Existing CRB formulations in the JCAS literature [23], [24],
[26], [28] are largely developed for uniform linear arrays
(ULAs) and do not adequately capture the spatial richness
and architectural complexity of holographic arrays, includ-
ing their quasi-continuous apertures due to sub-wavelength
element spacing. Importantly, the CRB serves not only as a
benchmark for assessing estimation performance but also as a
theoretical tool to characterize the fundamental sensing limits
of a given system architecture. In the context of holographic
JCAS, incorporating CRB analysis is therefore essential to
guide system design, evaluate trade-offs between sensing and
communication objectives, and unlock the full performance
potential of next-generation wireless transceivers.

C. Main Contributions

In this work, we investigate an RHS-assisted JCAS system
designed to serve a communication user while simultaneously
detecting a target located in the 3D sensing area. The proposed
system leverages a BS equipped with a hybrid beamforming
architecture, combining a low-dimensional digital beamform-
ing providing the flexibility for adaptive signal processing and
interference management, and the high-dimensional analog
holographic beamforming implemented via RHS, which en-
ables dynamic control over electromagnetic wavefronts with
high precision and flexibility. Firstly, we derive the CRBs
for both the elevation and azimuth angles for the holographic
JCAS system, which remains an open and unexplored problem
in the existing literature. By deriving such bounds, we provide
a theoretical foundation for characterizing the fundamental
limits of estimation accuracy in 3D holographic sensing, which
is linked to the different parameters of the systems such
as sub-wavelength antenna spacing and hybrid holographic
beamformer response. Subsequently, we propose a novel
multi-objective optimization framework which simultaneously
considers the maximization of communication rate and the
minimization of the CRBs for elevation and azimuth angles
as objectives. However, this problem is highly complex due
to the direct relationship between the communication rate and
the optimization variables, which inversely affect the CRBs.

To tackle this complex problem, we propose a novel algo-
rithmic framework based on alternating optimization and the
Minorization-Maximization (MM) principle. This framework
is designed to address the intricate trade-offs between commu-
nication and sensing objectives by decomposing the problem
into manageable subproblems. At its core, the MM approach
enables the construction of surrogate functions (minorizers)
that approximate the challenging inverse terms present in the
CRB expressions with simplified expression, thus enabling
tractable optimization. Based on the simplified structure, the
digital and the analog holographic beamforming are alterna-
tively updated based on the dominant eigenvector solution and
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projected gradient ascent (PGA) optimization, respectively.
Simulation results are presented to validate the effectiveness
and robustness of the proposed framework. These results
demonstrate significant improvements in both communication
and sensing performance compared to the benchmark scheme.
In summary, the main contributions of our work are the
following:

• We investigate an RHS-assisted holographic JCAS system
with a hybrid beamforming architecture, combining dig-
ital beamforming with analog holographic beamforming
implemented with an RHS.

• We derive the exact CRBs for both elevation and azimuth
angles, providing a theoretical foundation for character-
izing the fundamental limits of 3D sensing accuracy in
holographic JCAS systems.

• We propose a novel multi-objective optimization frame-
work to jointly maximize the communication rate and
minimize the CRBs for the elevation and azimuth angles.

• We develop a novel efficient algorithmic framework
based on MM, which simplifies the problem structure
by constructing surrogate functions and enables tractable
optimization through iterative updates.

• We validate the proposed framework through extensive
simulations, demonstrating significant improvements in
both communication and sensing performance.

Paper Organization: The rest of the paper is structured as
follows. Section II presents the system model, derives the
CRBs and formulates the multi-objective optimization problem
for holographic JCAS. Section III develops the MM-based
framework and presents a novel algorithmic design to jointly
solve the multi-objective problem. Finally, Section IV presents
the simulation results, and Section V concludes the paper.

Notations: In this paper, we adopt a consistent set of
notations: Scalars are denoted by lowercase or uppercase
letters, while vectors and matrices are represented by bold low-
ercase and bold uppercase letters, respectively. The transpose,
Hermitian transpose, and inverse of a matrix X are denoted
by XT, XH, and X−1, respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Scenario Description

We consider a holographic JCAS system, where an RHS-
assisted BS transmits signal to a communication user by
employing hybrid beamforming architecture, as shown in Fig.
2. The BS is assumed to have R RF chains and the digital
beamformer is denoted as vd ∈ CR×1. Each RF chain feeds
a corresponding element of the high-dimensional holographic
beamformer, which transforms the high-frequency electrical
signal into a propagating electromagnetic wave. The number
of RF chains R is assumed to be equal to the number of
feeds K at the RHS. The holographic beamformer denoted as
W ∈ CM×K is responsible for generating highly directional
beams at the antenna front-end. We consider a square RHS
consisting of M elements arranged in a two-dimensional grid
with

√
M elements along the x-axis and y-axis. Each element

of the holographic matrix W is of the form wm ·e−jks·rkm [19],
where wm denotes the holographic weight for beamforming

RF Chain 1

RHS

3D Sensing

Communication

Target

User

RF Chain R

      Digital
 processing for
 communication

    Digital
  processing
  for sensing

Fig. 2: An RHS-assisted holographic JCAS with hybrid
transceiver.

for the m-th element and e−jks·rkm represents the phase of
the reference wave, with ks denoting the the reference wave
vector and rkm denoting the distance from the k-th RF feed to
the m-th element of the RHS1.

B. Communications Model

We assume perfect channel state information (CSI)2. The
received signal at user d can be expressed as

yd = hH
d Wvdsd + nd, (1)

where hd ∈ CM×1 represents the channel vector between the
BS and user d , sd denotes the unit variance data stream, and
the additive noise is denoted as nd ∼ CN (0, σ2

n), where σ2
n

is the noise variance.
The achievable data rate for the downlink user is given by

Rd = log2

(
1 +
|hH

d Wvd|2

σ2
n

)
. (2)

This model captures the interplay between the holographic
beamforming matrix W, which defines the spatial control at
the analog level, and the digital beamforming matrix vd. Note
that in this case, the problem of rate maximization is equivalent
to the maximization of Tr(hH

d Wvdvd
HWHhd).

C. Radar Sensing Model

Furthermore, a single target is assumed to be located in
the 3D sensing area at the angular direction (θt, ϕt). To
detect and estimate the target’s direction, the BS leverages the
echoes of the downlink signal, reflected from the target and

1Note that due to sub-wavelength spacing of the reconfigurable elements,
the system can suffer from mutual coupling (MC). In this initial work, we
assume a system without MC effects and focus on the core framework design.
However, the proposed approach can be readily extended to account for
MC by incorporating a mutual coupling response matrix multiplied with the
holographic beamformer.

2Although dedicated channel estimation techniques for hybrid RHS-assisted
systems have not yet been fully explored, conventional methods developed for
phase-shifter-based hybrid beamforming, such as those in [43], can be adapted
to this context with appropriate modifications by replacing the conventional
phase-shifting based analog beamformer with the analog holographic beam-
former.

This article has been accepted for publication in IEEE Journal on Selected Areas in Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSAC.2025.3613282

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: POLO BIBLIOTECARIO DI INGEGNERIA. Downloaded on November 07,2025 at 10:27:12 UTC from IEEE Xplore.  Restrictions apply. 



5

captured at the RHS. By processing these reflected signals, the
BS performs radar-like sensing. The transmitted radar signal
from the BS is shaped by both the holographic and digital
beamformers. Therefore, the signal reflected from the target
and received at the RHS, assuming its elements act as active
sensors, can be modelled as

yr = γ a(θt, ϕt)a
H(θt, ϕt)Wvds+ nsense, (3)

where:

• γ is the complex reflection coefficient of the target,
representing its scattering properties,

• a(θt, ϕt) ∈ CM×1 is the array response vector of the RHS
for the target’s azimuth (θt) and elevation (ϕt) angles,

• nsense ∼ CN (0, σ2
r I) is the additive white Gaussian noise.

By directly including the beamformers W and vd, the
received signal explicitly highlights the influence of the holo-
graphic and digital beamforming matrices on the radar sensing
process. The term γa(θt, ϕt)a

H(θt, ϕt)Wvd represents the
directional energy reflected from the target, shaped by the
hybrid holographic beamforming. We assume the RHS to be
aligned along the x and y-axis. The array response vector
a(θt, ϕt) that captures the spatial signature of the signal
arriving at the RHS from the target can be modelled as a
uniform planner array (UPA) response. For the RHS with√
M elements along the x-axis and y-axis, its response can

be modelled as

a(θt, ϕt) = ay(θt, ϕt)⊗ ax(θt, ϕt), (4)

where ⊗ denotes the Kronecker product and ax(θt, ϕt) and
ay(θt, ϕt) represent the steering vectors along the x- and y-
axes, respectively..

The received signal yr can be processed to estimate the
target’s direction by analyzing the azimuth and elevation
angles, which can be inferred from the phase of the UPA
response a(θt, ϕt). However, the fundamental limits of esti-
mation accuracy for such systems are unknown. Namely, in
contrast to the CRBs derived in the literature limited to the
DoA, RHS requires a more detailed derivation for 3D sensing
which depends on both the elevation and azimuth angles,
which is further linked to the sub-wavelength reconfigurable
antenna elements spacing along the the x and y-axis, and
hybrid holographic beamformers.

Theorem 1. Consider a hybrid holographic JCAS system with
reconfigurable antenna elements arranged along the x- and
y-axes, with sub-wavelength spacings denoted by dx and dy ,
respectively. Let θt and ϕt represent the azimuth and elevation
angle of the target. The CRBs for these angles, denoted as
CRB(θt) and CRB(ϕt), are given by

CRB(θt) =
σ2

r

2|γ|2
Tr
(
vH
d WHAθtA

H
θtWvd

)−1
, (5)

CRB(ϕt) =
σ2

r

2|γ|2
Tr
(
vH
d WHAϕt

AH
ϕt
Wvd

)−1
. (6)

where Aθt and Aϕt represent the partial derivatives of the
steering vector with respect to θt and ϕt, respectively, and

they depend the sub-wavelength spacing dx and dy
3 .

Proof. The proof is provided in Appendix A.

D. Multi-Objective Problem Formulation

In contrast to the available formulation in the literature, we
propose a novel multi-objective problem which directly takes
into account the rate and the CRB in the objective function.
Such a problem can be formally stated as

max
vd,W

Tr
(
hH
d Wvdvd

HWHhd

)
−
(

CRB(θt) + CRB(ϕt)
)
,

(7a)
s.t. Tr

(
Wvdvd

HWH
)
≤ Ptotal. (7b)

0 < wi < 1,∀i. (7c)

where (7b) denotes the total power constraint and (7c) denotes
the real-valued holographic beamforming constraint for the
real-valued holographic weights [19].

Remark: It is noteworthy that although the objective func-
tion combines terms with different physical units, the formu-
lation remains valid from an optimization perspective. Such
combinations are permissible as long as the objective is
mathematically well-defined and continuous with respect to
the optimization variables. Furthermore, each component is
individually evaluated, allowing it to retain its native unit of
measure, thereby preserving the physical meaning and inter-
pretability of each term throughout the optimization process.

The proposed multi-objective optimization problem is in-
herently non-concave due to several interrelated structural
challenges. First, we want to maximize the multi-objective
function which consists of a non-convex part (signal power)
and minimize the CRBs, included as negative quantities in
the maximization objective, are inverse trace expressions of
Fisher information matrices, which are nonlinear and non-
concave with respect to the beamforming variables. Second,
the analog beamformer is constrained to real-valued domain
constraints, leading to a mixed-domain optimization setting
that is structurally unconventional. Third, the total transmit
power constraint introduces a non-separable coupling between
the digital and analog beamformers, further complicating di-
rect optimization. Finally, the integration of two fundamentally
different performance metrics within a single unified objective
leads to a highly non-trivial search space, where the behavior
of one objective cannot be easily predicted in terms of the
other.

III. PROPOSED-SOLUTION

In this section, we present a systematic approach for solving
this challenging problem based on the foundations of MM.
We derive the surrogate functions to minorize the objective
for the challenging inverse quadratic terms present in the

3The CRB expressions derived in this work assume perfect CSI to charac-
terize the theoretical performance limits of holographic JCAS systems. These
expressions can be extended to account for imperfect CSI by incorporating
channel estimation error models into the Fisher Information Matrix, following
standard techniques in estimation theory. This remains an important direction
for future work.
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CRBs expression to simplify the problem structure and enable
efficient and reliable optimization at each step. By iteratively
updating each variable, the proposed method effectively navi-
gates the complex optimization landscape, achieving a robust
holographic JCAS design.

A. Digital Beamforming

In this section, we assume the holographic beamformer fixed
and consider the optimization of the digital beamformer. The
optimization problem with respect to vd can be expressed as

max
vd

Tr
(
hH
d Wvdvd

HWHhd

)
−
(

CRB(θt) + CRB(ϕt)
)
,

(8a)
s.t. Tr

(
Wvdvd

HWH
)
≤ Ptotal. (8b)

To solve this problem directly is extremely challenging
as the objective function depends on the inverse of the
digital beamformer to be optimized. To simplify the ex-
pressions while maintaining the fundamental structure, we
introduce new positive semi-definite matrices that encapsulate
the contributions of the steering vector derivatives and the
weighting matrix. This allows us to rewrite the CRBs in a
more compact form. Namely, let Bθt = WHAθtA

H
θt
W and

Bϕt
= WHAϕt

AH
ϕt
W be positive semi-definite matrices

associated with the azimuth and elevation angle estimation.
Then, the CRBs for the azimuth angle θt and elevation angle
ϕt can be expressed as:

CRB(θt) =
σ2

r

2|γ|2
(
vd

HBθtvd

)−1
, (9)

CRB(ϕt) =
σ2

r

2|γ|2
(
vd

HBϕt
vd

)−1
. (10)

This reformulation provides a structured interpretation of the
CRB expressions and highlights only the impact of the digital
beamformer on the estimation accuracy. Note that the first
term, assuming the holographic beamformer fixed, results to
be concave in vd and therefore can be considered as it is. Cur-
rently, the non-concavity arises from the inverse dependence
on vd in the CRB terms. To simplify the optimization, we
introduce a surrogate function for the inverse quadratic terms
of the form (vd

HBvd)
−1. The derivation of the surrogates is

based on the following more general result.

Theorem 2. Let B be a positive semi-definite Hermitian
matrix, and let vd ∈ CR. Any inverse quadratic term of the
form -(vd

HBvd)
−1 can be lower-bounded by the following

surrogate function

− 1

vd
HBvd

≥ −
(

2

vd
(t)HBvd

(t)
− vd

HBvd(
vd

(t)HBvd
(t)
)2),

(11)

where vd
(t) is a given point around which the surrogate is

constructed.

Proof. The proof is provided in Appendix B

Using the results provided in the theorem, we can construct
the minorizer for the multi-objective function with thesesurro-

gates. Let Sθt and Sϕt
denote the surrogates of the CRBs

CRB(θt) and CRB(ϕt), respectively. Let Sθt and Sϕt be
defined as

Sθt =
2σ2

r

2|γ|2(vd
(t)HBθtvd

(t))
− σ2

r vd
HBθtvd

2|γ|2
(
vd

(t)HBθtvd
(t)
)2 ,
(12)

Sϕt =
2σ2

r

2|γ|2(vd
(t)HBϕt

vd
(t))
− σ2

r vd
HBϕt

vd

2|γ|2
(
vd

(t)HBϕt
vd

(t)
)2 .
(13)

By using them we can restate the original multi-objective
function with its minorizer at iteration t as follows

Q(vd,vd
(t)) = Tr

(
hH
d Wvdvd

HWHhd

)
−
(
Sθt + Sϕt

)
.

(14)

Note that the minorized function Q(vd,vd
(t)) is quadratic in

vd, thus is can enable a simplified and tacktable optimization
of the digital beamformer vd. Once the original function
is minorized, the goal is to maximize the optimal digital
beamformer with an iterative update while adhering to the
total transmit power constraint. Namely, at each iteration t,
the optimization problem can be reformulated as

vd
(t+1) = max

Tr
(
Wvdvd

HWH

)
≤Ptotal

Q(vd,vd
(t)). (15)

Let M(t) denote the effective minorization matrix at itera-
tion t, which encodes the optimization structure based on all
the parameters and constraints of the system for holographic
JCAS. The explicit form of M(t) is given by

M(t) = WHhdh
H
d W − σ2

r

2|γ|2
B

(t)
eff , (16)

where the effective matrix B
(t)
eff contains terms that vary in

time and is defined as a weighted combination of two matrices
obtained from the surrogates of components related to the
parameters θt and ϕt, and is given by

B
(t)
eff = − Bθt(

vd
(t)HBθtvd

(t)
)2 − Bϕt(

vd
(t)HBϕt

vd
(t)
)2 . (17)

To make the optimization tractable, the minorization matrix
is substituted into the problem. This reformulation leads to a
quadratic optimization problem which can be expressed as

vd
(t+1) = max

Tr
(
Wvdvd

HWH

)
≤Ptotal

vd
HM(t)vd. (18)

This quadratic optimization problem seeks to maximize the
quadratic form vd

HM(t)vd under the given power constraint.
This problem has a well-known solution: the optimal vd

(t+1)

is the eigenvector corresponding to the largest eigenvalue of
the matrix M(t), denoted as emax(M

(t)). Once the optimal
solution is obtained, it can be scaled as follows to meet the
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sum-power constraint

vd
(t+1) =

√
Ptotal ·

emax(M
(t))

|Wemax(M(t))|2
. (19)

B. Holographic Beamforming

The holographic beamformer W maps the RF chains to
the M antenna elements, enabling joint optimization of the
communication and sensing functions. In this section, we
consider its optimization assuming the digital beamformer to
be fixed. To do so, we first aim at highlighting the dependence
of the W on the tunable holographic weights. Namely, the
holographic beamformer can be expressed as

W = diag(w)Φ, (20)

where:
• w ∈ RM×1 is the vector of tunable amplitude coeffi-

cients, constrained as 0 ≤ wi ≤ 1.
• Φ ∈ CM×R is a fixed phase-shift matrix with elements

of the form e−jks·rkm .
Therefore, the optimization problem with respect to holo-

graphic beamformer can be formally stated as

max
w

Tr
(
hH
d Wvdvd

HWHhd

)
−
(

CRB(θt) + CRB(ϕt)
)

(21a)
s.t. 0 ≤ wi ≤ 1, ∀i. (21b)

Note that each element of the holographic beamformer does
not amplify further the power transmitted from the digital
beamforming, as its each element assumed values in the range
[0, 1]. Therefore the constraint Tr

(
Wvdvd

HWH
)
≤ Ptotal

for the optimization of w can be omitted. To derive a tractable
solution for W, we first consider rewriting each terms in
the objective function by highlighting its dependence on the
holographic weights w. The first term in (21a) quantifies the
total effective signal power at the intended user. It can be
expressed as a function of w as

Tr(hH
d diag(w)Φvdv

H
d ΦHdiag(w)Hhd), (22)

and by using the cyclic property of the trace operator, we can
arrange it as

Tr(diag(w)HΦvdv
H
d ΦHdiag(w)hdh

H
d ). (23)

By using the property of the diag(·) and the properties of
the Hadamard product, we can define the following matrix

Qc = diag(Φvdv
H
d ΦH)⊙ (hdh

H
d ), (24)

which allows us to rewrite the received signal power at the
user in a quadratic form of w as

Tr
(
hH
d Wvdvd

HWHhd

)
= wHQcw. (25)

Subsequently, our objective is to express the CRBs in a
similar form. To do so, first note that based on the observation
(20), and using the properties of the trace operator, we can
rewrite the CBRs as

CRB(θt)=
σ2

r

2|γ|2
Tr
(
diag(w)HAθtA

H
θtdiag(w)Φvdv

H
d ΦH

)−1

(26)

CRB(ϕt)=
σ2

r

2|γ|2
Tr
(
diag(w)HAϕt

AH
ϕt

diag(w)Φvdv
H
d ΦH

)−1

(27)

To further simplify the CRB expressions and express them
in terms of the holographic weights w, we utilize the prop-
erties of the trace operator, diagonal operator, and Hadmarad
product, which allow us to define the followings matrices

Qθt = diag(AθtA
H
θt)⊙ (Φvdv

H
d ΦH), (28)

Qϕt
= diag(Aϕt

AH
ϕt
)⊙ (Φvdv

H
d ΦH), (29)

and express the CRBs as a function of the holographic weights
as

CRB(θt) =
σ2

r

2|γ|2
(
wHQθtw

)−1
, (30)

CRB(ϕt) =
σ2

r

2|γ|2
(
wHQϕt

w
)−1

. (31)

Thus, we have successfully expressed the CRB in the desired
quadratic form wHQw, where Qθt and Qϕt

incorporate the
spatial structure of the sensing matrices and the impact of the
digital beamforming vector vd.

The holographic beamforming optimization problem with
respect to the holographic weights can be formally restated as

max
w

wHQcw −
σ2
r

2|γ|2
(
wHQθtw

)−1

− σ2
r

2|γ|2
(
wHQϕtw

)−1
(32a)

s.t. 0 ≤ wi ≤ 1,∀i. (32b)

To efficiently solve this highly non-convex problem, we first
develop the surrogates to minorize the objective function in a
tractable form.

Lemma 1. For any real-valued diagonal matrix D ≻ 0 and
a feasible point w(t) ∈ RM , the following inequality holds

− 1

wHDw
≥ −

(
2

w(t)HDw(t)
− wHDw(

w(t)HDw(t)
)2). (33)

Proof. The proof follows directly by applying the results in
Theorem 2.

Applying Lemma 1 to the CRB terms, we obtain the
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minorized objective function

f̃(w|w(t)) = wHDcw

− σ2
r

2|γ|2

[
2

w(t)HQθtw
(t)
− wHQθtw(

w(t)HQθtw
(t)
)2
]

− σ2
r

2|γ|2

[
2

w(t)HQϕt
w(t)

− wHQϕtw(
w(t)HQϕt

w(t)
)2
]
.

(34)
Thus, the optimization problem at each iteration becomes

max
w

f̃(w|w(t)) (35a)

s.t. 0 ≤ wi ≤ 1. (35b)

Let M(t) denote the minorization matrix which captures the
dependence only on the terms varying in time, given as

M(t) ≜ Dcomm −
σ2
r

2|γ|2

(
Qθt(

w(t)HQθtw
(t)
)2
)

− σ2
r

2|γ|2

(
Qϕt(

w(t)HQϕt
w(t)

)2
)
.

(36)

then we can restate the optimization problem at iteration t in
a simplified form as

max
w

wHM(t)w (37a)

s.t. 0 ≤ wi ≤ 1. (37b)

The optimization problem aims to maximize the quadratic
function f(w) = wHM(t)w under the box constraint 0 ≤
wi ≤ 1. To solve this problem, we employ a PGA approach,
iteratively updating w in the direction of the gradient while
ensuring feasibility. Let ∇f(w) denote the gradient of the
objective function, given as

∇f(w) = 2M(t)w. (38)

Using this gradient, we perform an ascent step at each iteration
to update the holographic weights with the following update
rule

w(k+1) = w(k) + η∇f(w(k)), (39)

where η is the learning step size. Since w is subject to the
box constraint, we apply the following projection after each
update on each element

w← min(1,max(0,w)). (40)

This projection ensures that w remains within the feasible
set throughout the iterations. The optimization process can
be repeated iteratively until convergence, which is determined
by monitoring the relative change in w between successive
iterations. Since we are tackling a multi-objective problem,
we impose the convergence condition such that the variation
in the communication rate and in both the CRBs are below a
predefined threshold or a maximum number iterations Tmax

are reached. The iterative procedure to update the holographic
beamformer is formally stated in Algorithm 1.

The final algorithm which jointly optimize the digital beam-
forming and holographic beamforming to optimize the multi-

Algorithm 1 PGA-Based Holographic Beamforming Opti-
mization

1: Input: Initial holographic beamforming vector w(0),
learning step size η0, maximum iterations T

(w)
max, and

convergence tolerance ϵ.
2: Initialize: Set iteration counter t = 0, initial step size

η ← η0, compute Da = diag(|Φvd|2).
3: repeat
4: Compute the matrix M(t)

5: Compute the gradient as ∇wf(w) = 2M(t)w
6: Update the holographic beamformer as

wnew = w(t) + η · Re(∇wf(w(t)))

7: Project onto feasible set as

w← min(1,max(0,wnew))

8: Increment iteration counter: t← t+ 1.
9: until Convergence or maximum iterations reached

10: Output: Optimized W = wΦ.

Algorithm 2 MM-Based Hybrid Holographic JCAS Optimiza-
tion

1: Input: Initial digital beamforming vector vd
(0), initial

holographic weights w(0), maximum iterations Tmax, con-
vergence tolerance ϵ.

2: Initialize: Set iteration counter t = 0.
3: repeat
4: Compute B

(t)
eff based on current vd

(t).
5: Determine the matrix M(t) using B

(t)
eff .

6: Extract the principal eigenvector of M(t)

7: Update vd
(t+1) as (19).

8: Update Holographic Beamforming with Algorithm 1.
9: Increment iteration counter: t← t+ 1.

10: until Convergence or maximum iterations reached
11: Output: Optimized vd and W.

objective function efficiently is formally given in Algorithm
2.

C. Proof of Convergence

To validate the effectiveness and reliability of the pro-
posed MM-based iterative optimization algorithm, we present
a mathematical proof demonstrating its convergence proper-
ties. This proof leverages the foundational principles of the
MM framework, ensuring that each iterative step consistently
improves the objective function and ultimately converges to
a stationary point of the original non-convex optimization
problem.

The optimization problem aims to maximize a combination
of the communication rate and the minimization of the CRBs.
The MM framework facilitates the optimization of such a
complex function by iteratively solving simpler surrogate
problems. At each iteration, a surrogate function that lower-
bounds the original objective function is constructed according
to the MM principle.
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Fig. 3: Typical convergence behaviour of the proposed algo-
rithm for the communications rate.

By maximizing this surrogate function, the algorithm en-
sures that the original objective function does not decrease
with each iteration, promoting a monotonic improvement
towards an optimal solution. To simplify the complex inverse
quadratic terms in the CRB expressions, we introduce sur-
rogate functions derived from a first-order Taylor expansion.
These surrogates effectively lower-bound the inverse terms,
transforming the original objective into a quadratic form that
is more tractable for optimization. Specifically, the surrogate
function replaces the challenging inverse terms with approx-
imated expression around the current iterate, ensuring that
the minorization condition is satisfied. At each iteration, the
algorithm updates the beamforming vectors by maximizing the
surrogate function. Due to the construction of the surrogate,
this step guarantees that the value of the original objective
function either increases or remains unchanged. Consequently,
the sequence of objective function values generated by the
algorithm leads to a monotonic improvement. Given that the
objective function is bounded above by system constraints, this
monotonicity ensures convergence.

A typical convergence behaviour of the multi-objective
function for the rate maximization and CRBs minimization
with an RHS of size 36 and 100 is presented in Figures 3 and
4, respectively.

D. Complexity Analysis

The digital beamforming update involves constructing the
minorization matrix M(t) ∈ CR×R, which requires matrix
multiplications with a complexity of O(R2M). The dom-
inant eigenvector extraction via eigenvalue decomposition
contributes an additional complexity of O(R3), leading to
a total complexity per iteration for digital beamforming of
O(R2M + R3). For the holographic beamformer update,
the optimization problem is solved using PGA, where the
gradient calculation involves the matrix-vector multiplication
∇wf(w) = 2M(t)w, contributing a complexity of O(M2).
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t
) M=36

CRB(
t
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Fig. 4: Typical convergence behaviour of the proposed algo-
rithm for the CRBs of elevation and azimuth angles.

Furthermore, the projection of each element onto the feasible
set adds further complexity of O(M). Since the PGA method
updates the holographic beamformer until convergence, the
number of iterations required denoted as T

(w)
max, leads to a

total complexity for the holographic beamforming update
of O(T (w)

maxM2 + M). Since the overall algorithm alternates
between updating the digital beamforming vector and the
holographic beamformer for a maximum of Tmax iterations,
the total complexity of the proposed MM-based optimization
framework is given by

O
(
Tmax

(
R2M +R3 + T (w)

maxM
2 +M

))
. (41)

IV. SIMULATION RESULTS

In this section, we present the simulation results to inves-
tigate the performance of holographic JCAS. We define the
signal-to-noise ratio (SNR) of the system as Ptotal/σ

2
n and it

is assumed that σ2
n = σ2

r . The transmit power Ptotal is set to 1
and the noise variance is chosen to meet the desirable SNR.
The center of the RHS is assumed at the position (0, 0, 0)
and the system is assumed to be operating at the frequency
of f = 20GHz with element spacing of λ/4 for the RHS
elements. The target is assumed to be located in the direction
of (45◦, 60◦) and the communication channels between the
RHS and the user is Rayleigh distributed, i.e., the each element
of h follows a standard complex Gaussian distribution with
mean 0 and variance 1, as in [22]. The substrate of the
parallel-plate waveguide has a refractive index of

√
3, which

determines the magnitude of the propagation vector. This can
be expressed as: |km| =

√
3|kf (θt, ϕt)| = 2π

√
3f

vc
where

vc denotes the speed of light [22]. The holographic beam-
former optimization is assumed to employ iterative amplitude
optimization with a convergence threshold of ϵ = 10−5 and
a learning rate of η = 0.01. The scattering coefficient |γ|
is set to 1. The holographic beamformer is initialized with
random values, while the digital beamformers are initialized
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Fig. 5: Average communication rate as a function of the SNR
with 3 RF chains.
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Fig. 6: Average CRB as a function of the SNR with 3 RF
chains.

using the dominant right-singular vectors of the sum of the
effective channel responses for communications and sensing,
which include the holographic beamformer.

We define the benchmark scheme to compare the perfor-
mance of the proposed design as such that it optimizes the
digital beamformer with a generalized dominant eigenvector
solution, and the holographic weights are randomly selected in
the interval [0, 1]. This baseline captures a scenario where the
digital processing is optimized under the joint JCAS objective,
while the analog holographic front-end remains unoptimized.
Such a setup highlights the performance gap introduced by not
exploiting the full potential of holographic beamforming and
underscores the advantages of the proposed joint design. The
results are plotted by averaging over 100 channel realizations.

Figure 5 presents the average achievable rate in bits per
second per Hertz (bps/Hz) as a function of SNR for the
proposed and benchmark schemes, with M = 100 and
M = 36, and the number of RF chains R = 3. We can see
that the proposed scheme consistently outperforms the bench-
mark across the entire SNR range, demonstrating its superior
spectral efficiency. Notably, the performance gap between the
proposed and benchmark schemes becomes more pronounced
at higher SNR levels, indicating that the proposed method
is particularly effective in high-SNR regimes. Furthermore,
increasing the number of RHS elements M from 36 to 100
results in a significant improvement in the achievable rate for
both schemes, highlighting the importance of a larger array
size in enhancing the spectral efficiency. Figure 6 presents
the average CRB in dB as a function of the SNR for the
estimation of angles θt and ϕt. The results are shown for
both the proposed and benchmark schemes, with two RHS
element configurations: M = 100 and M = 36, while the
number of RF chains is fixed at RF = 3. It is shown that with
different system parameters, the proposed scheme consistently
achieves a lower CRB compared to the benchmark across the
entire SNR range, demonstrating its superior performance in

parameter estimation. Additionally, it is shown that increasing
the RHS size results in a significant reduction in the CRB for
both schemes, highlighting the advantage of larger holographic
arrays in improving estimation accuracy as well. This is
attributed to the increased spatial degrees of freedom, which
enhances the resolution and precision of angle estimation.

Figure 7 shows the average rate as a function of the SNR
for both the proposed and benchmark schemes, with M = 100
and M = 36, with RF = 6. Compared to Figure 5, we can
clearly see the impact of doubling the number of RF chains to
6, leading to enhanced achievable rate. The proposed scheme
continues to outperform the benchmark across the entire SNR
range, with the performance gap between the two schemes
becoming more pronounced at all the SNR levels compared
to the case of 3 RF chains. This indicates that the proposed
method is more effective in utilizing the additional degrees
of freedom offered by the enhanced number of RF chains to
enhance the communication rate. Furthermore, we can see that
the gain is much more evident for the case of large RHS. This
observation suggest that increasing the number of RF chains
combined with larger RHS can lead to substantial performance
improvements for communication.

A similar conclusion can be drawn also for the sensing case.
Namely, Figure 8 shows the average CRBs as a function of the
SNR for the estimation of angles θt and ϕt. Compared to the
Figure 6, it demonstrates the impact of doubling the number of
RF chains to 6. We can clearly see that the proposed scheme
continues to achieve a lower CRB compared to the benchmark
across the entire SNR range, indicating superior estimation
accuracy from the case presented in Figure 6. We can see that
increasing the number of RF chains pushes further the CRBs
for 3D sensing for both the proposed and benchmark schemes,
highlighting the importance of RF chain count in enhancing
estimation accuracy. This improvement is particularly notable
for larger antenna arrays (M = 100), where the additional
RF chains provide more spatial degrees of freedom, enabling
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Fig. 7: Average communication rate as a function of the SNR
with 6 RF chains.
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Fig. 9: Average rate as a function for the number of RF chains
with M = 36.
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Fig. 10: Average CRB as a function for the number of RF
chains with M = 36

better resolution and more precise estimation of the angles θt
and ϕt. Even with M = 36, the increase in RF chains leads to
a noticeable reduction in the CRB, emphasizing the role of RF
chains in improving further the estimation performance. These
observation indicates that increasing the number of RF chains
combined with a larger RHS can be a key factor in achieving
jointly better parameter estimation and communications rate.

Figure 9 illustrates the average achievable rate as a function
of the number of RF chains for both the proposed and
benchmark schemes, with an RHS of size M = 36. The results
are shown for two different SNR levels: 5 dB and −5 dB.
We can see that proposed scheme consistently outperforms
the benchmark across all numbers of RF chains and at both
SNR levels, demonstrating its superior spectral efficiency. At
SNR of 5 dB, the achievable rate for both schemes increases
significantly as the number of RF chains grows, with the

proposed scheme showing a steeper improvement, highlighting
its efficiency in leveraging additional RF chains. At a lower
SNR of -5 dB, the achievable rate is generally lower for both
schemes due to the increased impact of noise, but the proposed
scheme still maintains a clear advantage over the benchmark,
particularly as the number of RF chains increases. Figure 10
presents the average CRB as a function of the number of RF
chains for both the proposed and benchmark schemes, with
an RHS of size M = 36, with two different levels of SNR.
The proposed scheme is shown to consistently achieve a lower
CRB compared to the benchmark across all RF chains and at
both SNR levels, demonstrating its superior performance in
parameter estimation. At an SNR of 5 dB, the CRB for both
the proposed and benchmark schemes decreases significantly
as the number of RF chains increases, with the proposed
scheme showing a more significant reduction. At a lower SNR
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Fig. 11: Average rate as a function for the number of RF chains
with M = 100.

of −5 dB, the CRB is generally higher for both schemes due
to the increased impact of noise, but the proposed scheme still
maintains a clear advantage over the benchmark, particularly
as the number of RF chains increases.

Figure 11 shows the average achievable rate as a function
of the number of RF chains, with an RHS of size M = 100.
We can clearly see that even in this case the proposed scheme
consistently outperforms the benchmark across all numbers
of RF chains and at both SNR levels, demonstrating its
superior spectral efficiency. Compared to the results shown
in Figure 9, we can see that an increase in the achievable rate
is significant with any number of RF chains. By analyzing
carefully, we can see that at an SNR of 5 dB, the achievable
rate for both the proposed and benchmark schemes increases
significantly as the number of RF chains grows, with the
proposed scheme showing a steeper improvement compared
to the previous case of M = 36. This clearly highlights its
efficiency in leveraging additional RF chains combined with
improved analog holographic beamforming due to an increased
size of the RHS M = 100. At a lower SNR of −5 dB, the
achievable rate is generally lower for both schemes, but the
proposed scheme still maintains a clear advantage over the
benchmark, particularly as the number of RF chains increases.

Finally, Figure 12 presents the average CRB as a function of
the number of RF chains for both the proposed and benchmark
schemes, with an RHS of size M = 100. Compared to the
previous case reported in Figure 10, we can see that the
proposed scheme consistently achieves a significantly lower
CRB compared to the benchmark across all numbers of RF
chains and at both SNR levels, demonstrating its superior
performance with an increased RHS size. Both at the SNR
of −5 and 5 dB, the CRB for both the proposed and bench-
mark schemes decreases substantially as the number of RF
chains increases, with the proposed scheme showing a more
significant reduction, highlighting its efficiency to improve
estimation accuracy, compared to the benchmark scheme.
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Fig. 12: Average CRB as a function for the number of RF
chains with M = 100

From the results presented above, it is evident that the
proposed holographic JCAS framework achieves significant
performance both in terms of communication rate and sensing
accuracy across all SNR levels. A key insight is the critical
role of the RF chain count in system performance - doubling
the number of RF chains from 3 to 6 substantially enhanced
the performance, particularly for larger RHS (M = 100). Even
with smaller arrays (M = 36), increasing the number of RF
chains leads to noticeable improvements, underscoring their
importance in optimizing system functionality. These findings
highlight the potential of integrating large RHS with a well-
designed number of RF chains to maximize spatial resolution
and degrees of freedom, paving the way for high-precision
sensing and high-data-rate communication.

V. CONCLUSIONS

In this work, the authors considered a holographic JCAS
system leveraging RHS to achieve high-resolution beamform-
ing while simultaneously sensing the environment. A compre-
hensive theoretical framework was developed to characterize
the estimation accuracy by deriving exact CRBs for azimuth
and elevation angles, explicitly accounting for arbitrary an-
tenna spacing in holographic transceivers. This result will
allow for a rigorous analysis of 3D holographic sensing per-
formance for the next generation JCAS systems. To optimize
system performance, a novel weighted multi-objective problem
formulation was proposed, aiming to jointly maximize the
communication rate while minimizing the CRBs for enhanced
sensing accuracy. To address this, the study introduced an
algorithmic framework based on the MM principle, employing
alternating optimization techniques. The framework utilized
closed-form surrogate functions to minorize the original ob-
jective function, enabling tractable optimization. Extensive
simulation results validated the effectiveness of the proposed
holographic JCAS framework under various system configura-
tions. From this investigation, we can conclude the larger RHS
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combined with a sufficient number of RF chains can lead to
substantial improvements in the holographic JCAS systems.

APPENDIX A
DERIVATION OF THE CRAMÉR-RAO BOUNDS

In this section, we derive the CRBs for 3D holographic
JCAS, which sets the theoretical limits on the maximum
achievable accuracy for elevation and azimuth angles. The
received radar signal at the RHS is given as:

yr = γa(θt, ϕt)a
H(θt, ϕt)Wvd + nsense. (42)

For the UPA response a(θt, ϕt), the x- and y-axis components
are given as follows:

ax(θt, ϕt) =


1

ejkfdx sin θt cosϕt

ej2kfdx sin θt cosϕt

...
ej(

√
M−1)kfdx sin θt cosϕt

 , (43a)

ay(θt, ϕt) =


1

ejkfdy sin θt sinϕt

ej2kfdy sin θt sinϕt

...
ej(

√
M−1)kfdy sin θt sinϕt

 , (43b)

where kf = 2π
λ is the wavenumber, and dx ≪ λ/2, dy ≪ λ/2

denote the sub-wavelength inter-element spacings along the x-
and y-axes of the reconfigurable antennas. The mean signal is
given by:

µ(η) = γa(θt, ϕt)a
H(θt, ϕt)Wvd, (44)

where η = [θt, ϕt]
T are the parameters to be estimated. To

derive the CRBs, we first defined the elements of the Fisher
Information Matrix (FIM), which given the mean µ, can be
obtained as:

[F(η)]i,j =
2

σ2
r
Re

{
∂µH(η)

∂ηi

∂µ(η)

∂ηj

}
. (45)

The derivative of µ(η) can be written as:

∂µ(η)

∂ηi
= γ

∂a(θt, ϕt)

∂ηi
aH(θt, ϕt)Wvd

+ γa(θt, ϕt)
∂aH(θt, ϕt)

∂ηi
Wvd.

(46)

By computing the derivative, it can be shown that the (i, j)-
th element of the FIM is given by:

[F(η)]i,j =
2|γ|2

σ2
r

Re

{((∂a(θt, ϕt)

∂ηi
aH(θt, ϕt)

+ a(θt, ϕt)
∂aH(θt, ϕt)

∂ηi

)
Wvd

)H
×
((∂a(θt, ϕt)

∂ηj
aH(θt, ϕt)

+ a(θt, ϕt)
∂aH(θt, ϕt)

∂ηj

)
Wvd

)}
.

(47)

The CRB for [θt, ϕt] are the diagonal elements of F−1(η):

Var(η̂i) ≥ [F−1(η)]i,i. (48)

Given the definition of the CRBs and its relationship with
the FIM, we can state that the variances of the estimators θ̂t
and ϕ̂t are lower-bounded as:

Var(θ̂t) ≥ [F−1(η)]1,1, Var(ϕ̂t) ≥ [F−1(η)]2,2. (49)

In this part, we focus on the derivation of the CRB for
angle θt. Let δAθt =

∂a(θt,ϕt)
∂θt

, and to calculate [F(η)]1,1, we
have η1 = θt.We now consider differentiating a(θt, ϕt) with
respect to θt. The derivative of the steering vector is the sum
of the derivatives of ax(θt, ϕt) and ay(θt, ϕt), weighted by
the Kronecker product.

Let cx = jkfdx sin θt cosϕt, then the derivative of
ax(θt, ϕt) with respect to θt is:

∂ax(θt, ϕt)

∂θt
= jkfdx cos θt cosϕt


0
ecx

2e2cx

...√
M − 1e(

√
M−1)cx

 .

(50)
Let cy(θt, ϕt) = jkfdy sin θt sinϕt, and the derivative of

ay(θt, ϕt) with respect to θt is given as

∂ay(θt, ϕt)

∂θt
= jkfdy cos θt sinϕt


0
ecy

2e2cy

...√
M − 1e(

√
M−1)cy

 .

(51)
Using the product rule for differentiation, the derivative of

a(θt, ϕt) with respect to θt is:

δAθt =
∂ax(θt, ϕt)

∂θt
⊗ ay(θt, ϕt) + ax(θt, ϕt)⊗

∂ay(θt, ϕt)

∂θt
.

(52)
Let Aθt be defined as

Aθt = δAθta(θt, ϕt)
H + a(θt, ϕt)δAθt

H (53)

Substituting into the FIM, we get the following final expres-
sion for the first element on the diagonal of the FIM

[F(η)]1,1 =
2|γ|2

σ2
r

(
vd

HWHAH
θtAθtWvd

)
. (54)

and by using the relationship between the FIM and the CRB
for the azimuth angle θt, we can conclude that:

CRB(θ1) = [F−1(η)]1,1 =
σ2

r

2|γ|2
(
vd

HWHAH
θtAθtWvd

)−1

.

(55)
The CRB for the elevation angle ϕt is given by the second

diagonal element of the inverse FIM. For [F(η)]2,2, we have
η2 = ϕt. Let δAϕt

= ∂a(θt, ϕt)/∂ϕt, and we need to compute
the following matrix:

Aϕt
= δAϕt

a(θt, ϕt)
H + a(θt, ϕt)δA

H
ϕt

(56)
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Using the product rule for differentiation, the derivative of
a(θt, ϕt) with respect to ϕt is:

δAϕt =
∂ax(θt, ϕt)

∂ϕt
⊗ ay(θt, ϕt) + ax(θt, ϕt)⊗

∂ay(θt, ϕt)

∂ϕt
.

(57)
They can be computed as

∂ax(θt, ϕt)

∂ϕt
= −jkfdx sin θt sinϕt


0
ecx

2e2cx

...
(
√
M − 1)e(

√
M−1)cx

 ,

(58)

∂ay(θt, ϕt)

∂ϕt
= jkfdy sin θt cosϕt


0
ecy

2e2cy

...
(
√
M − 1)e(

√
M−1)cy

 ,

(59)
Substituting the partial derivatives into the FIM we get

[F(η)]2,2 =
2|γ|2

σ2
r

(
vd

HWHAH
θtAθtWvd

)
. (60)

and CRB for the elevation angle ϕt can be obtained as

CRB(ϕt)[F
−1(η)]2,2 =

σ2
r

2|γ|2
(
vd

HWHAϕt
AH

ϕt
Wvd

)−1

.

(61)

APPENDIX B
PROOF OF THEOREM 2

Proof. The proof relies on the first-order Taylor expansion of
the function f(x) = −x−1 around a point x(t) > 0. Note that
this term can be lower bounded with the Taylor expansion of
f(x) near x(t), given by:

f(x) ≥ f(x(t)) + f ′(x(t))(x− x(t)), (62)

where f ′(x) is the derivative of f(x). Substituting x =
vd

HBvd and x(t) = vd
(t)HBvd

(t), we obtain:

− 1

vd
HBvd

≥− 1

vd
(t)HBvd

(t)
+

1(
vd

(t)HBvd
(t)
)2 · (63)(

vd
HBvd − vd

(t)HBvd
(t)
)
. (64)

This approximation can be rewritten as:

1

vd
HBvd

≥ 2

vd
(t)HBvd

(t)
− vd

HBvd(
vd

(t)HBvd
(t)
)2 . (65)

Thus, the right-hand side defines a valid lower bound
(minorizer) for −(vd

HBvd)
−1, which is tight at vd = vd

(t).
This surrogate function satisfies the requirements for the
MM algorithm: it underestimates the original function and
matches it in value at the expansion point. Therefore, it can be
employed in an iterative MM-based optimization framework
to handle the inverse quadratic term in a tractable manner.
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