
06 May 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

ENERGY-EFFICIENT MIMO COMMUNICATION ASSISTED BY METASURFACES WITH GLOBAL REFLECTION
CONSTRAINTS / Tunal, Ilay; Kuku Fotock, Robert; Zappone, Alessio; Taricco, Giorgio; Ali Cirpan, Hakan. - (2025), pp.
131-136. ( International Conference on Electromagnetics in Advanced Applications 2025 Palermo (Ita) 8-12 September
2025).

Original

ENERGY-EFFICIENT MIMO COMMUNICATION ASSISTED BY METASURFACES WITH GLOBAL
REFLECTION

IEEE postprint/Author's Accepted Manuscript

Publisher:

Published
DOI:

Terms of use:

Publisher copyright

©2025 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any
current or future media, including reprinting/republishing this material for advertising or promotional purposes, creating
new collecting works, for resale or lists, or reuse of any copyrighted component of this work in other works.

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3002895 since: 2025-09-13T20:19:31Z

IEEE



Energy-Efficient MIMO Communication Assisted by
Metasurfaces with Global Reflection Constraints
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Abstract—This paper investigates the design of a MIMO
communication system enhanced by a reconfigurable holographic
surface (RHS) positioned near the transmitter. The system is
optimized through the joint design of the transmit covariance
matrix and the RHS reflection coefficients. The RHS is configured
using sequential fractional programming, while two strategies
are explored for optimizing the transmit covariance matrix:
one based on fractional programming, and the other involving
a search over a standard-compliant codebook. A performance
comparison between the two methods demonstrates that the
codebook-based approach achieves results close to those of the
more computationally intensive fractional programming method.
Both passive and active RHS implementations—where the lat-
ter includes analog amplification—are considered, providing a
comprehensive analysis of system performance under varying
hardware capabilities.

Index Terms—Holographic beamforming, reconfigurable holo-
graphic metasurfaces, reconfigurable intelligent surfaces, energy
efficiency, radio resource allocation.

I. INTRODUCTION

ENHANCING the Energy Efficiency (EE) is essential
for the development of future 6G wireless networks, as

existing systems that utilize active antennas demand significant
energy, which is increasingly unsustainable in light of the
rising demand for mobile connectivity and the introduction
of new services. With EE as a key objective, metasurfaces
offer a promising solution—particularly in massive Multiple-
Input Multiple-Output (MIMO) communication scenarios—by
enabling a reduction in the number of antennas needed at
both the transmitter and receiver, while still maintaining array
gain due to the high density of surface elements. Exist-
ing literature on metasurface-assisted communication systems
primarily concentrates on scenarios involving Base Stations
(BSs) with multiple antennas and mobile terminals with a
single antenna, mainly because this setup offers greater an-
alytical simplicity (see, e.g. [1]–[3]). These systems provide
array gain but lack multiplexing gain, which significantly
limits both the achievable data rate and energy efficiency.
Furthermore, most prior studies on EE optimization assume
that the metasurfaces are positioned in the far-field region
of the transmitting array. Among the few studies focused
on EE optimization in metasurface-aided MIMO systems, [4]

provides upper and lower bounds on the EE of a single-stream
transmission MIMO link, while [5] investigates the trade-off
between EE and spectral efficiency, employing the weighted
minimum mean squared error method to tackle the problem.
In [6], for a MIMO link employing Simultaneous Information
and Power Transfer (SWIPT), the problem of minimizing the
difference between rate and power is addressed, with the aim
of improving the EE of the link. Finally, in [7], a MIMO
network with finite block-length transmissions is considered,
and the network EE is optimized through sequential fractional
programming. The main contribution of this work can be
summarized as follows:

• We address the problem of maximizing the EE in a
MIMO link using holographic beamforming through a
metasurface. In our scenario, both the transmitter and
receiver are equipped with multiple antennas, and the
metasurface is positioned close to the transmitter. Here,
we refer to the metasurface as a Reconfigurable Holo-
graphic Surface (RHS). The proposed model incorporates
both far-field and near-field signal propagation, allowing
for the deployment of the metasurface within the near-
field of the base station antennas.

• In the proposed setup, we introduce a new, provably
convergent, optimization algorithm to maximize the EE,
built on a novel reformulation of rank-one constraints
combined with sequential programming. Unlike exist-
ing optimization methods for metasurface-aided MIMO
systems that work with matrix-valued functions, our
approach optimizes a vector-valued function sequentially.
As a result, the complexity of our algorithm is signifi-
cantly reduced.

• The optimization of the transmit covariance matrix is
approached by conducting a search within standard-
compliant codebooks.

• In this work, we focus on metasurfaces with global
reflection constraints, which are more general than the
traditional metasurfaces with local reflection constraints.
Specifically, while the latter focus on each reflecting
element individually, ensuring that the modulus of each
local reflection coefficient does not exceed one, the



former focus on ensuring that the total power reflected
by the entire metasurface does not exceed the total power
incident on it.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We focus on a single-user MIMO link, where an NT -
antenna equipped BS communicates with a mobile terminal
with NR antennas, through a nearly-passive RHS, equipped
with N reflecting elements. Both transmit and receive antenna
arrays, and RHS elements, are arranged in a rectangular pat-
tern, with horizontal and vertical spacing given by (∆h,t,∆v,t)
for the transmit antenna array, by (∆h,r,∆v,r) for the receive
antenna array, and by (∆h,∆v) for the RHS. The RHS is
deployed in the proximity of the transmit antennas, namely in
the near-field zone of the transmit antenna array.

A. Channel model

Let H and G be the N×NT and NR×N channel matrices
corresponding to the links between the BS and the RHS and
between the RHS and the receiver, respectively. Since the
RHS is in the near-field of the transmit array, the entries of
the BS to RHS channel matrix can be written exploiting the
spherical wave equation, i.e. the (n,m) element of H , with
n = 1, . . . , N and m = 1, . . . , NT , is expressed as

H(n,m) =
λ

4π

√
αRHS
n,m αBS

n,m

e−[j(2π/λ)∥r
RHS
n −rBS

m ∥]

∥rRHS
n − rBS

m ∥
. (1)

Here, the vectors rRHS
n and rBS

m represent the positions of
the n-th RHS element and m-th BS antenna, αBS

m,n denotes
the transmit gain of the m-th transmit antenna towards the
n-th RHS element and αRHS

m,n denotes the receive gain of the
n-th RHS element from the m-th transmit antenna, expressed
by:

αBS
n,m =

4π

λ2
∆h,t∆v,tρ

BS
n,m (2)

αRHS
n,m =

4π

λ2
∆h∆vρ

RHS
n,m , (3)

with ρBS
n,m and ρRHS

n,m the standard directivity factors of the BS
antenna array and RHS, respectively [8], [9].

A traditional far field model holds, instead, for the channel
between the RHS and the receiver; therefore, we consider that
each entry of G is a realization of a Rice random variable
with factor K, scaled by the path-loss coefficient

PL = PL0

(
d

d0

)−ν

, (4)

with PL0 the path-loss at the reference distance d0, d the RHS-
receiver distance, and ν the path-loss exponent.

Additionally, we denote by Q the transmit covariance
matrix, by Γ = diag(γ1,1, . . . , γN,N ) the RHS matrix, by s
the NT × 1 vector of transmit symbols, with E[ssH ] = INT

,
by n ∼ CN (0, σ2I) the thermal noise at the receiver, and,
finally, by B the communication bandwidth. Then, the signal
impinging on the RHS can be expressed as

y = HQ1/2s , (5)

and, in turn, the signal received at the final destination,
reflected on the RHS represented by Γ, and propagating over
the channel G, can be written as

y = GΓHQ1/2s+ n (6)

(notice that the metasurface does not introduce noise ampli-
fication, being a passive device). The total hardware power
consumed in the system, say Pc, is given by

Pc = NPc,n +NTPc,t +NRPc,r + Pc,0 , (7)

where Pc,n is the static power used by each metasurface
element, Pc,t is the static power used by each antenna of the
transmit array, Pc,r is the static power used by each antenna of
the receive array, and Pc,0 is the static power used by all other
circuitry in the system. Then, denoting by µ ≥ 1 the inverse of
the transmit amplifier efficiency, the total power consumption
of the system amounts to Pt = µtr(Q) + Pc, and the system
capacity and EE are given by

C = B log2 det

(
I +

1

σ2
GΓHQHHΓHGH

)
, [bit/s]

(8)

EE =
C

Pt

= B
log2 det

(
I + 1

σ2GΓHQHHΓHGH
)

µtr(Q) + Pc
, [bit/J] (9)

In this work, we consider a metasurface with global reflection
constraints, i.e. the reflection matrix Γ is required to satisfy
Pout ≤ Pin, where Pout is the power that departs from
the metasurface and Pin is the power that impinges on the
metasurface. These powers are given by

Pin = E[tr(HQ1/2ssHQ1/2HH)] = tr(HQHH) (10)

Pout = E[tr(ΓHQ1/2s)(sHQ1/2HHΓH)] (11)

= tr(ΓHQHHΓH)

Thus, the global reflection constraint at the metasurface is
expressed by:

tr(ΓHQHHΓH) ≤ tr(HQHH) . (12)

Moreover, denoting by Pmax the maximum transmit power at
the BS, the problem of EE maximization with respect to the
metasurface matrix and the transmit covariance matrix can be
cast as

max
Q,Γ

B
log2

∣∣∣I + 1
σ2GΓHQHHΓHGH

∣∣∣
µtr(Q) + Pc

(13a)

s.t. tr(ΓHQHHΓH) ≤ tr(HQHH) (13b)
tr(Q) ≤ Pmax , Q ⪰ 0 (13c)

Problem (13) is a non-convex fractional program, which
cannot be solved by basic convex optimization or fractional
programming theory, due to the fact that, with respect to
(Q,Γ): i) the numerator of (13a) is not concave and ii) the
constraint (13b) is not convex. To solve problem (13) we
resort to a reformulation of the RHS optimization problem,
and optimize the covariance matrix Q by a search in finite



set, which is a standard-compliant codebook. Perfect channel
state information (CSI) is assumed to be available for resource
allocation purposes. This assumption applies to a situation in
which both the transmitter and the receiver are static or moving
at low velocity (e.g., the case of a channel between a BS and a
pedestrian user), which leads to a channel coherence time that
contains a large number of symbol intervals. In this scenario,
traditional channel estimation techniques can be employed to
to track G, while, as previously discussed, the channel matrix
H , is perfectly known.

The proposed approach to solve problem (13) leverages on
the alternating optimization framework by treating separately
the optimization of the reflection matrix Γ and of the transmit
covariance matrix Q. The optimization of the metasurface will
be treated in Section III, while the optimization of the transmit
covariance matrix will be discussed in Section IV.

III. RHS OPTIMIZATION FOR EE MAXIMIZATION

Since the denominator of the EE does not depend on Γ, the
optimization of Γ, for fixed Q, reduces to the maximization
of the system capacity, namely

max
Γ

log2

∣∣∣∣I +
1

σ2
GΓAΓHGH

∣∣∣∣ (14a)

s.t. tr(ΓAΓH) ≤ tr(A), (14b)

where we defined A ≜ HQHH . Problem (14) is non-convex,
due to the non-concavity of1 (14a). In order to address this, we
express the matrix A by its eigenvalue decomposition, namely

A =

N∑
ℓ=1

λℓuℓu
H
ℓ , (15)

with λℓ and uℓ the ℓ-th eigenvalue and eigenvector of
HQHH . Then,

ΓAΓH = Γ

(
N∑
ℓ=1

λℓuℓu
H
ℓ

)
ΓH =

(
N∑
ℓ=1

λℓΓuℓu
H
ℓ ΓH

)

=

(
N∑
ℓ=1

λℓU ℓγγ
HUH

ℓ

)
. (16)

Here, U ℓ = diag(uℓ), γ = [γ1,1, . . . , γN,N ]T , and we used the
fact that Γuℓ = diag(uℓ)γ = U ℓγ. As a result, Problem (14)
can be restated as follows:

max
γ

log2

∣∣∣∣∣I +
1

σ2
G

(
N∑
ℓ=1

λℓU ℓγγ
HUH

ℓ

)
GH

∣∣∣∣∣ (17a)

s.t.
N∑
ℓ=1

λℓtr
(
U ℓγγ

HUH
ℓ

)
≤ tr(A) . (17b)

Problem (17) is still unsolvable because the objective function
is not concave with respect to γ. However, it is concave
with respect to γγH , which suggests to resort to the method
of semidefinite relaxation. However, this approach has the

1Indeed, in the special case of a single-antenna system and a metasurface
with only one reflecting element γ, (14) would reduce to log2(1+g2a2|γ|2),
with ga the equivalent SISO channel gain. Clearly, not even in this simplified
special case (14) is concave in γ.

disadvantage of potentially requiring a rank reduction step,
which could impair performance and provides no guarantee
regarding the efficiency of the optimized matrix Γ. Therefore,
we resort to a different approach.

We still introduce the new variable R = γγH , but, unlike
the previous method, we do not relax the rank-one constraint
on R but we reformulate it in a more tractable way. Namely,
defining R = γγH , leads to the following problem:

max
R⪰0,γ

log2

∣∣∣∣∣I +
1

σ2
G

(
N∑
ℓ=1

λℓU ℓRUH
ℓ

)
GH

∣∣∣∣∣ (18a)

s.t.
N∑
ℓ=1

λℓtr
(
U ℓRUH

ℓ

)
≤ tr(A) (18b)

rank(R) = 1 (18c)

Then, we resort to the following proposition, whose proof is
contained in the extended journal version of this work, see
[10], for space limitation.

Proposition 1. Consider the following optimization problem.

max
R⪰0,γ

log2

∣∣∣∣∣I +
1

σ2
G

(
N∑
ℓ=1

λℓU ℓRUH
ℓ

)
GH

∣∣∣∣∣ (19a)

s.t.
N∑
ℓ=1

λℓtr
(
U ℓRUH

ℓ

)
≤ tr(A) (19b)[

R γ
γH 1

]
⪰ 0 (19c)

tr(R) ≤ ∥γ∥2 (19d)

Then, any R that is feasible for Problem (19), has rank equal
to 1 and so is feasible for Problem (18), too.

Despite the application of Proposition 1, Problem (19) is
still non-convex, due to the non-convexity of constraint (19d).
However, this problem is more tractable than Problem (18),
because the function in the non-convex constraint (19d) are
differentiable, while the rank function in (18) is not. This
allows us to resort to the sequential programming framework 2

to develop an iterative algorithm that monotonically improves
the objective value of Problem (19), eventually converging to
a first-order optimal point of (19). To this purpose, we notice
that

∥γ − γ̄∥2 ≥ 0 =⇒ ∥γ∥2 ≥ 2ℜ{γ̄Hγ} − ∥γ̄∥2. (20)

This allows to replace Problem (19) by Problem (21), which
satisfies the sequential optimization framework requirements3.
Finally, the sequential optimization Algorithm 1 yields a first-
order optimal solution of Problem (19), while monotonically

2The fundamentals of sequential programming can be found in [11].
3Notice that inequality (21d) implies (19d), according to the requirements

of the sequential method.



increasing the objective function after each iteration. Problem
(21) is expressed as follows:

max
R⪰0,γ

log2

∣∣∣∣∣I +
1

σ2
G

(
N∑
ℓ=1

λℓU ℓRUH
ℓ

)
GH

∣∣∣∣∣ (21a)

s.t.
N∑
ℓ=1

λℓtr
(
U ℓRUH

ℓ

)
≤ tr(HQHH) (21b)[

R γ
γH 1

]
⪰ 0 (21c)

tr(R)− 2ℜ{γ̄Hγ}+ ∥γ̄∥2 ≤ 0 , (21d)

Algorithm 1 RHS optimization
1: Choose ε > 0;
2: Set γ̄ to a feasible value;
3: repeat
4: Solve (21) and denote its solution by

(R⋆,γ⋆);
5: Err = |γ⋆ − γ̄|;
6: γ̄ = γ⋆;
7: until Err ≤ ε

IV. TRANSMIT COVARIANCE OPTIMIZATION

This section addresses the optimization of the covariance
matrix Q according to two different approaches.

A. Optimization by fractional programming

The optimization with respect to Q, for fixed Γ, can be
stated as follows:

max
Q

log2 det(I + 1
σ2GΓHQHHΓHGH)

µtr(Q) + Pc
(22a)

s.t. tr(ΓHQHHΓH) ≤ tr(HQHH) (22b)
tr(Q) ≤ Pmax. (22c)

Problem (22) is a fractional maximization program, in which
the fractional objective has concave numerator and affine
denominator. The constraint equations are also affine. Thus,
(22) can be solved by direct use of fractional programming
methods [12], e.g., an adaptation of Dinkelbach’s algorithm4.
The performance of such a factional programming algorithm,
coupled with an alternating optimization algorithm for Prob-
lem (13) whose full description is relegated to the extended
version of the work [10] due to space limitation, is later
reported for comparison with the codebook-based covariance
optimization addressed by Section IV-B.

4The modification of standard Dinkelbach’s approach takes into account the
fact that Problem (22) does not allow the diagonalization of the covariance
matrix Q, as a direct consequence of the consideration of RHSs with global
reflection constraints, which leads to (22c).

B. Optimization by codebook search

The suboptimum (lower-complexity) approach to covariance
matrix optimization proposed in this section is based on the use
of standard-compliant Type-I and Type-II codebooks. These
codebooks define unit-rank covariance matrices based on a
discrete Fourier transform construction. Specifically, let us
consider a cross-polarization single-panel antenna array with
(N1, N2) denoting the number of antenna elements along
horizontal and vertical axes in a single polarization. Thus,
the aggregate count of transmit antenna elements is 2N1N2,
accounting for polarization diversity. Introducing the oversam-
pling factors (O1, O2) enables the construction of a beam grid
based on two-dimensional (2D) DFT principles [13]. Practical
implementations typically limit Oi to moderate values (e.g.,
Oi ≤ 4) to maintain reasonable feedback overhead while
still achieving good performance [14]. For i = 1, 2, the
oversampled DFT beams in one orientation can be formulated
as follows:

µi(θi) =
[
1 e

j
2πθi
NiOi · · · e

j
2πθi(Ni−1)

NiOi

]T
,

θi ∈ {0, 1, . . . , NiOi − 1},
(23)

where θi are beam indexes along the horizontal (i = 1) and
vertical (i = 2) directions. Based on the antenna configuration
and oversampling ratios specified in [14], a series of 2D DFT
spatial domain beams is generated:

D =
{
bθ1,θ2 | bθ1,θ2 = µ1(θ1)⊗ µ2(θ2)

}
, (24)

with ⊗ denoting the Kronecker product. Here, bθ1,θ2 ∈
CN1N2×1 represents an oversampled 2D DFT beam, and
|D| = N1O1 ×N2O2.

Through beam selection and phase tuning, the Type-I code-
book CI is derived, whereas the Type-II codebook CII emerges
by selecting a subset of beams and adjusting their linear
combination coefficients for beam fusion [15], employing
identical subsets across polarizations. The Type-II codebook
offers superior adaptability by combining multiple beams
with optimized weights, effectively creating beam patterns
tailored to the channel’s dominant directions while maintaining
reasonable feedback overhead.

For single-stream transmission, the Type-I codebook vectors
are written as:

wI(θ1, θ2) =
1√

2N1N2

[
bθ1,θ2
φbθ1,θ2

]
, (25)

where the scalar φ ∈ {1, j,−1,−j} accounts for the phase
difference across two polarization directions. The definition
of wI relies on the parameters φ, θ1, and θ2, leading to a
codebook with a total of 4×N1O1 ×N2O2 possible vectors
wI, with the factor 4 accounting for the fact that φ takes values
in the set {1, j,−1,−j}.

For single-stream transmission based on the combination of
K beams, the Type-II codebook is represented by:

wII(θ1,θ2) =

 ∑K−1
k=0 b

θ
(k)
1 ,θ

(k)
2

pWB
1,k pSB1,kc1,k∑K−1

k=0 b
θ
(k)
1 ,θ

(k)
2

pWB
2,k pSB2,kc2,k

 , (26)



where θ1 ≜ (θ
(k)
1 )Kk=1 and θ2 ≜ (θ

(k)
2 )Kk=1. Each element

encapsulates a linear blend of K beams from D for a given
polarization. The coefficients pWB

ℓ,k , pSBℓ,k, and cℓ,k correspond to
the wideband amplitude combination, subband amplitude com-
bination, phase combination for polarization ℓ, where ℓ = 1, 2,
and beam k, θ(k)i being the kth DFT beam direction indices.
The procedure for merging K beams to approximate the
wideband channel information as closely as possible involves
the use of a wideband beam combining coefficient matrix.
The amplitudes of this matrix are normalized according to the
strongest beam, which is quantized using a 3-bit scheme to
produce pWB

ℓ,k [14].
Finally, we can build the transmit covariance matrix by

searching in the codebook (either Type-I or Type-II) the opti-
mal beamforming vector. To elaborate, for any beamforming
vector in the codebook, we can form the covariance matrix
Qℓ = aQ̃ℓ, with Q̃ℓ = wℓw

H
ℓ , with ℓ = 1 for Type-I

codebooks and ℓ = 2 for Type-II codebooks. We also notice
that the codebook is constructed in order to have tr(Qℓ) = a,
which means that the EE can be rewritten as

EE =
log2

∣∣∣I +
a

σ2
GΓHQ̃ℓΓ

HGH
∣∣∣

µa+ Pc
, (27)

Thus, Q̃ℓ and the scalar a can be found by solving

max
a,Q̃ℓ

log2

∣∣∣I +
a

σ2
GΓHQ̃ℓΓ

HGH
∣∣∣

µa+ Pc
(28a)

s.t. tr(ΓHQ̃ℓH
HΓH) ≤ tr(HQ̃ℓH

H) (28b)
a ≤ Pmax. (28c)

Problem (28) can be solved by searching for Q̃ℓ in the code-
book (either Type-I or Type-II) with cardinality N1N2O1O2 =
NTO1O2/2. For each candidate matrix Q̃ℓ the scalar a can be
determined by solving a simple scalar problem. The resulting
alternating optimization method based on codebook search is
summarized in Algorithm 2.

Algorithm 2 EE maximization by codebook search
Choose ε > 0;
Set (Q0,Γ0) to feasible values;
repeat
Let Γ be the output of Algorithm 1,
given Q0;
Let Q be the solution of (28), given Γ;
Err = |EE(Γ,Q)− EE(Γ0,Q0)|;
Q0 = Q; Γ0 = Γ;

until Err ≤ ε

Remark 1. Algorithm 2 can be specialized to perform capac-
ity maximization instead of EE maximization by simply setting
µ = 0 in (28a).

Remark 2. Since the codebook cardinality is NTO1O2/2, the
complexity of Algorithm 2 can be evaluated as

CCB = O
(
Ialt,CB

(
Iseq,CBN

4 +NTO1O2

))
. (29)

Here, Ialt,CB and Iseq,CB are the number of iterations until
convergence of the Algorithm 2 and of the sequential algorithm
that is run inside Algorithm 2. Moreover, the complexity of the
codebook search can be tuned by choosing O1 and O2 in order
to have a finer or coarser resolution of the codebook.

V. NUMERICAL RESULTS

For our numerical analysis, we have considered a base
station with NT = 4 antennas that communicates with a
single-antenna user equipment placed at a distance of 100m.
The BS is placed at a height of 10m from the ground,
while the user equipment is placed at a height of 1.5m.
The carrier frequency is 3.5GHz, the communication band-
width is 20MHz, the thermal noise power spectral density is
−174 dBm/Hz, the noise figure at the receiver is 5 dB. The
RHS has N reflecting elements, each consuming a power
of Pc,n = 0 dBm. The rest of the system static power
consumption is NTPc,t +NRPc,r + Pc,0 = 57 dBm.

Fig. 1 shows the capacity versus the number N of RHS
reflecting elements, achieved, for Pmax = 40 dBm, by the
following schemes:

• Optimization of Q and Γ for capacity maximization by
the Dinkelbach’s Algorithm (labeled Opt. Q - Opt. RHS).

• Optimization of Q and Γ for capacity maximization by
the proposed Algorithm 2.

• Optimization of Q for capacity maximization by Dinkel-
bach’s algorithm and random Γ (labeled Opt. Q - Ran-
dom RHS).

• Optimization of Q for capacity maximization by code-
book search and random Γ.

• Optimization of Γ for capacity maximization and uniform
and independent power allocation among the transmit
antennas.

• Random Γ and uniform and independent power allocation
among the transmit antennas.

As expected, the capacity increases with the number of reflect-
ing elements, and the best results are provided by reference
Dinkelbach’s Algorithm. Nevertheless, Algorithm 2 entails a
limited performance degradation compared to the the former
one. Moreover, it is shown that both algorithms increase the
capacity with respect to simpler schemes that do not perform
any optimization, or that optimize only either the RHS or Q.

Finally, Fig. 2 shows the EE versus the number N of
RHS reflecting elements, achieved, for fixed Pmax = 40 dBm,
by the same resource allocation schemes of Fig. 1. Similar
observations to those for Fig. 1 can be made, with the
notable difference that the EE obtained with uniform power
allocation (i.e. no optimization of Q) and RHS optimization
is significantly worse than the corresponding capacity that
is shown in Fig. 1. This is explained because the uniform
power allocation is a strategy that employs all the available
power Pmax, and in Fig. 2 it was set Pmax = 40 dBm,
which is a rather high power value. Thus, adopting uniform
power allocation with Pmax = 40 dBm is entails a greater
degradation of the EE, as shown in Fig. 2, than the capacity
(shown in Fig. 1). Moreover, it can be noticed that the EE
increases with N at a lower rate than the capacity. This is



due to the fact that, as N increases, both the capacity and the
hardware power consumption increase. Eventually, for larger
values of N , the EE decreases with N since the numerator
increases only logarithmically while the denominator increases
linearly with N .

Fig. 1. Capacity versus number of reflecting elements of the RHS for different
resource allocation policies.

Fig. 2. EE versus number of reflecting elements of the RHS for different
resource allocation policies.

VI. CONCLUSION

In this work, we considered a wireless MIMO link where
data transmission was supported by an RHS placed in the
near field of the transmit antenna array. The objective was
to optimize both the system’s EE and capacity by jointly
allocating the transmit covariance matrix and the RHS reflec-
tion matrix. To optimize the RHS, we employed a sequential
optimization approach, which allowed for the efficient tuning
of the reflection matrix. For the optimal transmit covariance
matrix, we explored two approaches: one based on sequential
fractional programming and another involving a search within
a standard-compliant codebook. These two algorithms offered
distinct trade-offs in terms of performance and complexity.
The codebook-based method, while simpler and computation-
ally less demanding, incurred a small performance penalty.
In contrast, the fractional programming approach, although
more complex and requiring greater computational resources,
provided higher performance. This comparison highlights the
balance between computational efficiency and performance
optimization in the system design.
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