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Abstract—Intelligent omni-surfaces (IOSs) have been consid-
ered for assisting outdoor-to-indoor millimeter-wave (mmWave)
communications. Nevertheless, the existing works have not ade-
quately investigated how the number or the deployment locations
of IOSs should be optimized for serving multiple indoor users.
In this paper, we study IOS-assisted outdoor-to-indoor mmWave
communications where IOSs are installed in an exterior wall
of a building to refract mmWave signals from an outdoor base
station (BS) to indoor users that locate among indoor blockages.
Given a fixed total number of refracting elements, we formulate
an optimization problem to maximize the downlink energy
efficiency of the outdoor BS while satisfying the dowlink data
rate requirements of the indoor users by jointly optimizing the
number, locations and phase shifts of IOSs and the beamforming
vectors of the BS. To address the varying dimensionality and
the non-convexity of the optimization problem, we decompose
it into two subproblems that optimize the IOSs’ phase shifts
together with the BS beamforming vectors and the number
and locations of IOSs, respectively, and devise successive convex
approximation and Continuous Population-Based Incremental
Learning-based algorithms to solve them alternately. Simulation
results demonstrate that the proposed algorithms can obtain the
optimal number and locations of IOSs, resulting in significantly
enhanced energy efficiency of the outdoor BS compared to
benchmark schemes.

Index Terms—Beamforming, energy efficiency, intelligent
omni-surface, deployment, millimeter-wave.

I. INTRODUCTION

Nowadays, with over 80% of mobile data traffic generated
or terminated indoors [1], the deployment of indoor small-
cell base stations (BSs) for wireless coverage faces challenges.
Managing large numbers of indoor BSs and their associated
wired or optical backhaul involves high costs and complexity
[2]. Moreover, their performance is hindered by inter-cell
interference, especially in dense deployment scenarios [3].

To address these issues, outdoor-to-indoor communication
utilizing existing outdoor BSs to serve indoor users is gaining
prominence as a promising alternative solution to meet indoor
mobile service demand [4], [5]. Simultaneously, the rise of
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millimeter-wave (mmWave) communications is anticipated to
play a crucial role in 5G and future 6G mobile networks [6].

Recent studies have focused on outdoor-to-indoor mmWave
communications, aiming to mitigate severe penetration losses
and attenuations experienced by mmWave signals propagating
through walls, windows, or other building materials [2], [7]–
[9]. In a relay-aided outdoor-to-indoor mmWave downlink
system, as demonstrated in [10], the authors found that it
achieves a higher indoor coverage probability compared to
systems without relays.

In [2], outdoor-to-indoor penetration losses were addressed
by deploying customer premise equipment (CPE), comprising
a pair of connected outdoor and indoor units. The outdoor unit,
installed on an exterior window or wall, received mmWave
signals from an outdoor BS, while the indoor unit down-
converted and transmitted them to indoor users. However,
the deployment and maintenance of CPE, involving signal
frequency conversion and active components, can be costly
and power-consuming [2].

In another study [11], the authors focused on maximizing
the downlink received signal-to-noise ratio (SNR) by jointly
optimizing the active and passive beamforming of both an
outdoor and an indoor hybrid reconfigurable intelligent surface
(RIS). These RISs sequentially reflect an outdoor mmWave
signal to an indoor receiver. Unfortunately, the study did not
consider penetration losses through building materials in [11],
resulting in signal strength attenuation when reflected by two
RISs.

To address the issues mentioned above, intelligent omni-
surfaces (IOSs) and reconfigurable refractive surfaces (RRS)
have been proposed [12]–[14]. An IOS/RRS is a constructed
surface composed of many nearly passive reconfigurable ele-
ments. Unlike RISs, an IOS/RRS can refract an incident signal
while changing its amplitude and phase, making it possible
to install IOS(s)/RRS(s) on an exterior wall of a building to
refract signals from an outdoor BS to indoor users [12], [14].

The authors in [15] designed new IOS elements and ar-
ranged them in a hexagonal lattice structure. Simulation results
showed that substituting a part of a wall with an IOS can
improve the coverage probability for the outdoor-to-indoor
mmWave communication system. In [16], simulation results
also demonstrated that replacing a part of a concrete wall with
an IOS that refracts the mmWave signals from an outdoor



BS to indoor users can significantly increase the coverage
probability compared with a relay-aided counterpart. The
authors in [17], maximized the downlink received data rate in
an IOS-assisted outdoor-to-indoor mmWave cellular network
by jointly optimizing the precoding matrices of both the BS
and the IOS. In [18], analytical results showed that, for a
fixed total number of reconfigurable elements, distributing
them to multiple small IOSs evenly spaced at the same
height on a selected wall resulted in a higher indoor coverage
probability than deploying one large IOS on the same wall.
This performance gap becomes more evident for higher indoor
blockage density and/or a lower SNR threshold. It is worth
noting that, however, only one IOS is considered in [16] and
[17]; interference between the users was not considered in [16]
and [18]; and the optimization of the number and locations of
IOSs were not considered in any of these works.

In this paper, we explore an outdoor-to-indoor mmWave
communication system, where an outdoor BS transmits
mmWave signals to indoor users through multiple IOSs de-
ployed on the exterior wall between the BS and the users,
taking into account the impact of indoor blockages. Our
goal is to maximize the transmission energy efficiency of the
outdoor BS by investigating whether a fixed number of passive
elements should be distributed across a large number of small
IOSs or centralized in a small number of large IOSs, while
maintaining reliable downlink communications for all indoor
users.

The contributions of this paper can be summarized as
follows:

• We formulate an optimization problem to maximize the
transmission energy efficiency of the outdoor BS while
ensuring that the downlink data rate of each user remains
above a threshold. This optimization problem involves a
joint optimization of the number, positions, and phase
shifts of the IOSs, as well as the beamforming vectors of
the BS. The challenges in solving this problem primarily
arise from the intricate coupling of variables, the non-
convexity, and the varying dimensionality of the problem.
This is distinct from existing works that considered only
a single IOS [12], [13], [15]–[17], or where the number
or locations of IOSs were not optimized [12], [13], [15]–
[18].

• We address the varying dimensionality of the joint op-
timization problem by decomposing it into two sub-
problems. The first subproblem involves optimizing the
phase shifts of the IOSs and the beamforming vectors
of the BS for a given number and locations of IOSs.
For this, we devise an Energy Efficiency Maximization
(EEM) algorithm to solve the non-convex subproblem by
iteratively optimizing the phase shifts of each IOS and the
beamforming vector of the BS. The second subproblem
involves optimizing the number and locations of IOSs
for a given set of phase shifts and beamforming vectors.
To maximize the BS’s transmission energy efficiency, we
propose an IOS Locations and Number (IOSLN) Algo-
rithm to determine the optimal number, locations, and

phase shifts of the IOSs and beamforming vectors of the
BS by iteratively leveraging the Continuous Population-
Based Incremental Learning (PBILc) algorithm and the
developed EEM algorithm. The proposed algorithms are
applicable for any distribution of users as long as the
distribution of users are predetermined.

• Our simulation results demonstrate that the proposed
algorithms identify suitable numbers and deployment
locations of IOSs that maximize the energy efficiency
of the outdoor BS, while maintaining reliable downlink
communications for all indoor users. The results also
indicate that, for a fixed total number of reconfigurable
elements, the optimized number and locations of IOSs
lead to higher energy efficiency of the BS compared to
either centralized or evenly distributed IOS deployment.
The optimal number of IOSs increases with the number
of indoor users, and the optimized IOS locations cluster
in a vertical central area of the wall.

The rest of the paper is organized as follow. In Section II, we
introduce the system model and the channel model. In Section
III, we formulate the BS’s downlink transmission energy
efficiency maximization problem and propose algorithms to
solve it. Section IV presents simulation results. Finally, we
conclude the paper in Section V.

II. SYSTEM MODEL

As shown in Fig. 1, we consider an outdoor-to-indoor
mmWave communication system, where an outdoor BS trans-
mits signals to K indoor users through I IOSs deployed on
the wall between the BS and the users. The BS is equipped
with a uniform linear array (ULA) of M(> 1) antennas.

Fig. 1: An IOS-assisted outdoor-to-indoor mmWave commu-
nication system.

The K users are evenly distributed on the floor of a room,
which has a length of Lr, width of Wr, and height of Hr along
the x-axis, y-axis and z-axis in Fig. 1, respectively. Each user



is equipped with a single directional antenna. The locations
of the users are denoted by qk = [q1, · · · , qK ], where qk =
(xk, yk, zk) is the location of the k-th user, and zk is the k-th
user’s height that follows an independent uniform distribution
from 1m to 2m. In the room, there are R static blockages
that are distributed on the floor following a 2D homogeneous
Poisson point process (PPP) with a density of κ blockage/m2

[20]. We assume that the blockages are cubes with lengths
Lo = [Lo1 , · · · , LoR ], widths Wo = [Wo1 , · · · ,WoR ], and
heights Ho = [Ho1 , · · · , HoR ], where the elements of Lo and
Wo follow independent uniform distributions from 1m to 2m,
and those of Ho in the range [1.5m, Hr]. Each IOS contains N
elements that form an uniform rectangular array (URA). The
locations of the IOSs are denoted by qIOS = [q1, · · · , qI ],
where qi = [qi1, · · · , qiN ] contains the locations of the N
elements on the i-th IOS, qin = (xin, yin, zin). For simplicity
in optimizing the locations of the IOSs, the location of the
central element of an IOS’s array is used to present the location
of the IOS, which is denoted by qci = (xci , yci , zci) for the
i-th IOS, i ∈ {1, · · · , I}, with qIOSc = [qc1 , · · · , qcI ]. Each
IOS is connected to a smart controller that adjusts its phase
shifts and reflection amplitudes via a separate wired link.

A. Channel Model

The channel from the BS to the i-th IOS is modeled as a
Rician channel, and is denoted by Gi ∈ CN×M . The (n,m)-th
element in Gi denotes the channel between the m-th antenna
at the BS and the n-th element on the i-th IOS, and is given
by [19]

Gi,mn =

√
ϵ

1 + ϵ
GLoS

i,mn +

√
1

1 + ϵ
GNLoS

i,mn (1)

where ϵ is the Rician factor, GLoS
i,mn and GNLoS

i,mn are the LoS
and NLoS component, respectively, and GLoS

i,mn is given by
[19]

GLoS
i,mn =

√
JBS
m JIOS

i,n KA
i,mnK

D
i,mne

(−j2πdi,mn
λ

)

(4π)
3
4 (di,mn)

α
(2)

where JBS
m and JIOS

i,n are the maximum antenna gain of
the m-th antenna element at the BS and the maximum an-
tenna gain of the n-th element on the i-th IOS, respectively,
di,mn =

√
(xm − xin)2 + (ym − yin)2 + (zm − zin)2 is the

distance between the m-th antenna at the BS and the n-th
element on the i-th IOS, λ is the signal wavelength, α is
the path loss exponent, KD

i,mn and KA
i,mn are the normalized

radiation pattern of the m-th antenna element at the BS in
the direction of the n-th element on the i-th IOS and the
normalized radiation pattern of the n-th element on the i-th
IOS in the direction of the m-th antenna at the BS, and are
given by

KD
i,mn =

∣∣cos3 ϕD
i,mn

∣∣ , (3)

KA
i,mn =

∣∣cos3 ϕA
i,mn

∣∣ (4)

where ϕD
i,mn and ϕA

i,mn are the angle of departure (AoD) from
the m-th antenna at the BS to the n-th element on the i-th IOS

and the angle of arrival (AoA) at the n-th element on the i-th
IOS from the m-th antenna at the BS, respectively.

The NLoS component in (1) is given by

GNLoS
i,mn = h̃i,mn, (5)

where h̃i,mn ∼ CN (0, 1) follows independent complex Gaus-
sian distribution with zero mean and unit variance.

The channel from the i-th IOS to the k-th user is given by

ĥik = bik ⊙ hik, (6)

where ⊙ denotes the element-wise multiplication, bik =
[bik,1, · · · , bik,N ] contains N binary indicators, where bik,n =
1 indicates that the link between the n-th element of the i-th
IOS and the k-th user is LoS [16], otherwise bik,n = 0, and
hik = [hik,1, · · · , hik,N ], where hik,n is the channel coefficient
between the n-th element on the i-th IOS and the k-th user,
and is given by [19]

hik,n =

√
ϵ

1 + ϵ
hLoS
ik,n +

√
1

1 + ϵ
hNLoS
ik,n , (7)

where hLoS
ik,n is the LoS component and is given by

hLoS
ik,n =

λ
√
JIOS
i,n JkKD

ik,nK
A
ik,nδxδzγn,ie

(−j2πdik,n
λ

)

(4π)
3
4 (dik,n)

α
, (8)

where Jk is the maximum antenna gain of the k-th user,
δx and δz are the sizes of each element on the respective
IOSs, γn,i is the power ratio between the signal re-emitted
by the n-th element of the i-th IOS and the incident signal,
dik,n =

√
(xin − xk)2 + (yin − yk)2 + (zin − zk)2 is the

distance between the n-th element on the i-th IOS and the k-th
user, KD

ik,n and KA
ik,n are the normalized radiation pattern of

the n-th element on the i-th IOS in the direction of the k-th
user and the normalized radiation pattern of the k-th user’s
antenna, and are given by

KD
ik,n =

∣∣cos3 ϕD
ik,n

∣∣ (9)

KA
ik,n =

∣∣cos3 ϕA
ik,n

∣∣ , (10)

where ϕD
ik,n and ϕA

ik,n are the AoD from the n-th element on
the i-th IOS to the k-th user and the AoA at the k-th user
from the n-th element on the i-th IOS, respectively.

The NLoS component in (7) is given by

hNLoS
ik,n = h̃ik,n, (11)

where h̃ik,n ∼ CN (0, 1).
The LoS probability of the link between the n-th element

on the i-th IOS and the k-th user is given by [16]

Pik,n = Pr [bik,n = 1] = Γ(zin)e
−(βd̂ik,n+p), (12)

where Γ(Hi,n) is given by

Γ(Hi,n) =
1

2
×
(
1 +

Hi,n − E [Ho]

Hr

)
, (13)



where E [Ho] is the average height of the blockages, d̂ik,n =√
(xin − xk)2 + (yin − yk)2 is the horizontal distance be-

tween the n-th element on the i-th IOS and the k-th user,
and β is given by

β =
2κ (E [Lo] + E [Wo])

π
, (14)

where κblokages/m2 is the density of blockages, E [Lo] and
E [Wo] are the average length and width of the blockages,
respectively, p in (12) is the fraction of the room’s floor area
covered by blockages and is given by

p = κE [Lo] E [Wo] . (15)

B. Downlink data rate

The signal received at the k-th user is given by

yk =

(
I∑

i=1

ĥikΘiGi

)
wksk + ιk (16)

where k = 1, · · · ,K, Θi = diag
(
ejθi1 , · · · , ejθiN

)
is a N -by-

N diagonal matrix, θin is the refraction phase shift applied
by the n-th element on the i-th IOS, sk is the information
symbol with a zero mean and unit variance (i.e., normalized
power) transmitted by the BS to the k-th user, wk ∈ CM×1

is the BS beamforming vector towards the k-th user, and∑K
k=1 wk

Hwk = PT , where PT is the transmit power at the
BS, and ιk is the additive white Gaussian noise (AWGN) at
the k-th user with zero mean and the variance of σ2.

The downlink data rate at the k-th user is given by

rk = Blog2

1 +

∣∣∣∣∣
(

I∑
i=1

ĥikΘiGi

)H

wk

∣∣∣∣∣
2

∑K
j=1,j ̸=k

∣∣∣∣∣
(

I∑
i=1

ĥikΘiGi

)H

wj

∣∣∣∣∣
2

+ σ2

 ,

(17)
where B is the bandwidth of the BS transmission to a single
user.

Letting ĥk =
[
ĥ1k, · · · , ĥIk

]
, G = [G1, · · · ,GI ]

H ,

and Λ = [Λ1, · · · ,ΛI ]
H ∈ CIN×1, where Λi =[

ejθi1 , · · · , ejθiN
]H ∈ CN×1,Λin = ejθin ,Θ̂ = diag(Λ) ∈

CIN×IN, the expression of rk is rewritten as

rk = Blog2

1 +

∣∣∣∣(ĥkΘ̂G
)H

wk

∣∣∣∣2∑K
j=1,j ̸=k

∣∣∣∣(ĥkΘ̂G
)H

wj

∣∣∣∣2 + σ2

 .

(18)

III. PROBLEM FORMULATION AND SOLUTION
ALGORITHMS

A. Problem Formulation

We formulate an optimization problem to maximize the
downlink transmission energy efficiency of the BS by jointly
optimizing the number and locations of IOSs, the refraction
phase shifts of all the IOS elements, and the beamforming

vectors of the BS, subject to the constraints on the downlink
data rate of each user and the maximum transmission power
of the BS, i.e.,

(P1) : max
I,qIOSc ,Θ̂,w1,···,wK

∑K
k=1 rk∑K

k=1 wk
Hwk + PC

(19)

s.t. C1 :
∑K

k=1
wk

Hwk ⩽ PT max, (19a)

C2 : 0 ⩽ θin < 2π,∀i,∀n, (19b)
C3 : rk ⩾ rmin,k,∀k, (19c)
C4 : I ⩾ 1, (19d)

C5 :
dI
2

⩽ xci ⩽ Lr −
dI
2
,∀i, (19e)

C6 : E[Ho] +
dI
2

⩽ zci ⩽ Hr −
dI
2
,∀i, (19f)

C7 :
∣∣zci − zcj

∣∣ ⩾ dI , or
∣∣xci − xcj

∣∣ ⩾ dI , i ̸= j,∀i,∀j,
(19g)

where I is the number of IOSs and qIOSc
contains the locations

of the IOSs, PT max is the maximum transmit power of the BS,
rmin,k is the minimum downlink data rate required of the k-th
user, dI is the size of an IOS, and the minimum distance we
set between two IOSs to avoid overlapping, PC denotes the
total power consumed by the active transceivers at the BS and
by the circuits of the BS and the users, and it is given by [22]

PC = PBS +NTRPTR +
∑K

k=1
Pk, (20)

where PBS is the circuit power consumed by the BS, NTR is
the number of active transceivers at the BS, PTR is the power
consumed by each active transceiver at the BS, and Pk is the
circuit power consumed by the k-th user. In (P1), constraint
C1 specifies the upper bound of the transmit power at the
outdoor BS, C2 imposes the value range of the phase shift
for each element on the IOSs, C3 ensures that the received
signal-to-interference-plus-noise ratio(SINR) at each user is
above the minimum SINR required, C4 guarantees that at least
one IOS is deployed, C5 and C6 delineate the permissible
spatial boundaries for the placement of IOSs, and C7 precludes
the overlap of these IOSs, ensuring their distinct and non-
intersecting distribution.

B. EEM Algorithm
We note that it is hard to solve (P1) directly due to the

varying number of variables involved and its non-convexity.
Hence, we first study the case with the number I and the
locations of IOSs fixed, for which (P1) reduces to

(P2) : max
Θ̂,w1,···,wK

∑K
k=1 rk∑K

k=1 wk
Hwk + PC

(21)

s.t. C1, C2, C3.

Since (P2) is still a non-convex problem and is difficult to
solve directly, we decompose (P2) into two subproblems that
optimize the IOSs’ refraction phase shifts for given beamform-
ing vectors of the BS and the BS’s beamforming vectors for
given refraction phase shifts of the IOSs, respectively.



1) Refraction phase shifts:
For given beamforming vector wk, k = 1, · · · ,K, (P2)

reduces to

(P3) : max
Θ̂,η

∑K

k=1
log2 (1 + ηk) (22)

s.t. C2

C8 : ηk ⩽

∣∣∣∣(ĥkΘ̂G
)H

wk

∣∣∣∣2∑K
j=1,j ̸=k

∣∣∣∣(ĥkΘ̂G
)H

wj

∣∣∣∣2 + σ2

, (22a)

∀k ∈ {1, · · · ,K} ,

C9 : ηk ⩾ 2
rmin,k

B − 1, ∀k ∈ {1, · · · ,K} . (22b)

where η = [η1, · · · , ηK ] ∈ C1×K is a slack vector that returns
the optimal solution when the equality in constraint C8 holds,
and C9 ensures the minimum rate required of each user. Let-

ting
(
ĥkΘ̂G

)H
wj = ςHkjΛ, where ςkj = diag

(
ĥk

)
Gwj ,

C8 can be rewritten as

C8′ : ηk ⩽

∣∣ςHkkΛ∣∣2∑K
j=1,j ̸=k

∣∣∣ςHkjΛ∣∣∣2 + σ2

, ∀k ∈ {1, · · · ,K} .

(23)
To deal with the non-convexity of C8′, we introduce the

auxiliary variables ζk, k = 1, · · · ,K, ζ = [ζ1, · · · , ζK ], and
convert C8′ to C8.1′ and C8.2′ as follows

C8.1′ :
∣∣ςHkkΛ∣∣2 ⩾ ζkηk =

1

4

(
(ζk + ηk)

2 − (ζk − ηk)
2
)
,

(24)

C8.2′ :
∑K

j=1,j ̸=k

∣∣ςHkjΛ∣∣2 + σ2 ⩽ ζk, (25)

By substituting C8.1′ and C8.2′ into (P3), we have

(P4) : max
Λ,η,ζ

∑K

k=1
log2 (1 + ηk) (26)

s.t. C8.1′, C8.2′, C9

C2′ : |Λin| = 1, ∀i ∈ {1, · · · , I} ,∀n ∈ {1, · · · , N} .
(26a)

C10 : ζk ⩾ 0, ∀k ∈ {1, · · · ,K} . (26b)

By applying the penalty method, (P4) can be rewritten as

(P5) : max
Λ,η,ζ

∑K

k=1
log2 (1 + ηk)+A

∑I

i=1

∑N

n=1

(
|Λin|2 − 1

)
(27)

s.t. C8.1′, C8.2′, C9, C10,

C2′′ : |Λin| ⩽ 1, ∀i ∈ {1, · · · , I} ,∀n ∈ {1, · · · , N} .
(27a)

where A is a positive constant, and the optimal solution will be
achieved when |Λin| = 1, ∀i ∈ {1, · · · , I}, ∀n ∈ {1, · · · , N}.

Then, we use successive convex approximation (SCA) to
solve (P5) iteratively as follows. In the s-th iteration, where
s ⩾ 1, the objective function of (P5) is approximated by

max
Λ,η,ζ

∑K

k=1
log2

(
1 + η

(s)
k

)
+ 2A

∑I

i=1

∑N

n=1
Λ
(s−1)
in

(
Λ
(s)
in − Λ

(s−1)
in

) (28)

where 2A
∑I

i=1

∑N
n=1 Λ

(s−1)
in

(
Λ
(s)
in − Λ

(s−1)
in

)
is the first or-

der Taylor polynomial of A
∑I

i=1

∑N
n=1

(∣∣∣Λ(s)
in

∣∣∣2 − 1

)
at

Λ
(s−1)
in , and Λ

(0)
in is the initial value of Λin.

Although C8.2′ is convex, C8.1′ is still non-convex. Since∣∣ςHkkΛ∣∣2 and (ζk − ηk)
2 are convex and any convex function is

globally lower-bounded by its first order Taylor polynomial at
any point [23], we approximate both sides of C8.1′ by their
first order Taylor polynomial at Λ(s−1), ζ

(s−1)
k , and η

(s−1)
k

and have

C8.1′′ : 2ℜ
((

ςHkkΛ
(s−1)

)H
ςHkkΛ

(s)

)
−
∣∣∣ςHkkΛ(s−1)

∣∣∣2
⩾
1

4

[(
ζ
(s)
k + η

(s)
k

)2
−
(
ζ
(s−1)
k − η

(s−1)
k

)
(
ζ
(s)
k − η

(s)
k

)
+
(
ζ
(s−1)
k − η

(s−1)
k

)2]
(29)

Based on (28) and (29), (P5) can be approximated to the
following convex problem:

(30)
(P6) : max

Λ(s),η(s),ζ(s)

∑K

k=1
log2

(
1 + η

(s)
k

)
+ 2A

∑I

i=1

∑N

n=1
Λ
(s−1)
in

(
Λ
(s)
in − Λ

(s−1)
in

)
s.t. C8.2′, C8.1′′, C9, C2′′, C10.

Since (P6) is a convex problem, it can be solved by CVX
toolbox [26]. With the optimal Λ obtained by solving (P6),
we have the optimal Θ̂.

2) Beamforming vector:
Continuing from the previous subsection, with the Θ̂ ob-

tained by solving (P6), (P2) reduces to

(P7) : max
η̃,w1,···,wK

∑K
k=1 Blog2 (1 + η̃k)∑K
k=1 wk

Hwk + PC

(31)

s.t. C1,

C11 : η̃k ⩽

∣∣ς̃Hk wk

∣∣2∑K
j=1,j ̸=k

∣∣ς̃Hk wj

∣∣2 + σ2
, ∀k ∈ {1, · · · ,K} ,

(31a)

C12 : η̃k ⩾ 2
rmin,k

B − 1, ∀k ∈ {1, · · · ,K} , (31b)

where η̃ = [η̃1, · · · , η̃K ] contains K slack variables, and ς̃k =
ĥkΘ̂G.



To deal with the non-convexity of C11, we introduce the
slack variable ζ̃k > 0, k = 1, · · · ,K, ζ̃ =

[
ζ̃1, · · · , ζ̃K

]
. Since

we can express ς̃Hk wk as a real number by arbitrarily rotate
the phase of wk [21], we convert C11 to

C11.1 :

√
η̃k ζ̃k ⩽ ℜ

(
ς̃Hk wk

)
, (32)

C11.2 :
∑K

j=1,j ̸=k

∣∣ς̃Hk wj

∣∣2 + σ2 ⩽ ζ̃k. (33)

Since C11.1 is still non-convex, we apply SCA to it, i.e., by

substituting
√

η̃k ζ̃k with its first order Taylor polynomial, and
in the s-th iteration we have

(34)

C11.1′ : ℜ
(
ς̃
(s)
k w

(s)
k

H
)

⩾
√
η̃
(s−1)
k ζ̃

(s−1)
k

+
1

2

√√√√ ζ̃
(s−1)
k

η̃
(s−1)
k

(
η̃
(s)
k − η̃

(s−1)
k

)

+
1

2

√√√√ η̃
(s−1)
k

ζ̃
(s−1)
k

(
ζ̃
(s)
k − ζ̃

(s−1)
k

)
Replacing C11 by C11.1′ and C11.2, (P7) converts to

(P8) : max
η̃(s),w

(s)
1 ,···,w(s)

K ,ζ̃(s)

∑K
k=1 Blog2

(
1 + η̃

(s)
k

)
∑K

k=1 w
(s)
k

H
wk

(s) + PC

(35)

s.t. C1,C11.1′, C11.2, C12.

We note that (P8) is a convex problem and can be solved by
the Dinikelbach method [24].

Algorithm 1 EEM Algorithm

Input: ĥk, ∀k ∈ {1, · · · ,K} ,G, I, qI , ε
Output: Θ̂opt,w1opt, · · · ,wKopt, EEopt

1: Set the iteration index s = 0 and initialize Θ̂(0),w
(0)
k and

EE(0) ∀k ∈ {1, · · · ,K}.
2: repeat
3: Update s = s+ 1.
4: Obtain Θ̂(s) by solving (P6).
5: Obtain w

(s)
k , ∀k ∈ {1, · · · ,K} by solving (P8).

6: Obtain EE(s) by calculating (21)
7: until EE(s) − EE(s−1) < ε.
8: EEopt = EE(s), Θ̂opt = Θ̂(s),wkopt = w

(s)
k , ∀k ∈

{1, · · · ,K}

Based on the above solutions to (P6) and (P8), we propose
an iterative algorithm to solve (P2) by solving (P6) and
(P8) alternately in each iteration as shown in Algorithm 1,
where ε is a very small positive value used to terminate the
iteration. It is not difficult to verify that the introduction of the
slack variables does not lose the optimality of the optimization
problem, since all the constraints that include slack variables
can be met with equality.

For subproblem (P6) and (P8), the optimal solutions are
obtained in each iteration, which means the objective function

in (P2) is non-decreasing over iterations. Moreover, the ob-
jective function of (P2) is upper bounded by C1. Thus, the
proposed EEM algorithm is guaranteed to converge.

The complexity of Algorithm 1 is analyzed as follows. In
each iteration of Algorithm 1, the complexity of solving (P6)
is O((2K + IN)2(4K + IN)) [25], where 2K + IN and
4K + IN are the number of variables and the total number
of constraints in (P6), respectively; and the complexity of
solving (P8) is O(DQ) [24], where D is the number of
iterations required by the Dinkelbach method and Q is the
complexity per iteration of the Dinkelbach method. The num-
ber of iterations required by the SCA to converge in solving
(P5) is O(

√
4K + IN log2 (1/ε)) [26], where 4K + IN is

the total number of constraints in (P5); while the number of
iterations required by the SCA to converge in solving (P7) is
O(

√
2K + 1 log2 (1/ε)), where 2K + 1 is the total number

of constraints in (P7). So, the complexity of Algorithm

1 is O
(
log2 (1/ε)

[√
4K + IN(2K + IN)2(4K + IN) +

√
2K + 1DQ

])
[21].

C. IOSLN Algorithm

For given phase shifts of IOSs and beamforming vectors of
the BS obtained by Algorithm 1, (P1) reduces to

(P9) : max
I,qIOSc

∑K
k=1 rk∑K

k=1 wk
Hwk + PC

(36)

s.t. C3, C4, C5, C6, C7.

To solve (P9) is to obtain the optimal number and locations
of IOSs that maximize the downlink transmission energy
efficiency of the BS. To this end, we divide the wall area
where the IOSs will be deployed (as defined by C5 and C6)
into Lr

dI
columns each of the same length Hr − E[Ho] and

width dI , where Lr

dI
is assumed to be an integer for simplicity.

This is because dI is much smaller than Lr and we allow
the outermost column at either edge of the wall to be slightly
wider than dI . Each IOS is deployed within a column (not
across any two columns). More than one IOS is allowed to
be deployed in a column. Without loss of generality, if one
of the top corners of the wall is assigned the value of 0 and
its diagonally opposite corner of the considered wall area is
assigned the value of Lr(Hr−E[Ho])

dI
, then all possible IOS-

deployment locations on the wall form a continuous range
from 0 to Lr(Hr−E[Ho])

dI
. To obtain the optimal locations of

I IOSs for given I , we employ the Population Based Incre-
mental Learning for continuous space (PBILc) [27], where
a probabilistic model that characterizes a population evolves
over generations instead of the individuals in the population.
Hence, PBILc is more efficient than traditional evolutionary
algorithms such as the genetic algorithm (GA) and particle
swarm optimization (PSO).

In the following, we present the PBILc-based IOSLN al-
gorithm to solve (P9). First, we set the number of IOS(s)
I = 1 and the iteration index s′ = 1, and randomly initialize



a population of Nind individuals, where Nind is an even
number and each individual contains the location(s) of I
IOS(s), qIOSc = [qc1 , · · · , qcI ]. The initialized location of each
IOS follows an independent, identical Gaussian distribution
N (X(s′), σ

(s′)
X ), where the initialized mean value X(s′) =

Lr(Hr−E[Ho])
2dI

(i.e., the centre of the considered wall area),

and the initialized standard deviation σ
(s′)
X = Lr(Hr−E[Ho])

4dI
.

An individual will be discarded and generated again if any two
of its IOS locations are in the same column and the distance
between them is smaller than dI . Then, Algorithm 1 is used
to obtain wkopt, Θ̂opt, k ∈ {1, · · · ,K} for each individual
and EEopt is taken as the fitness value of the corresponding
individual. The individual with the largest fitness value in
the population is identified, and its wkopt, Θ̂opt and EEopt

are denoted by w
(s′)
koptI , Θ̂(s′)

optI and EE
(s′)
optI , k ∈ {1, · · · ,K},

respectively.
Update s′ = s′ + 1, and a new half-population of Nind

2

individuals are generated by selecting the Nind

2 individuals of
the highest fitness values from the previous population. Next,
the mean value of the Gaussian distribution is updated as

X(s′) = (1−χ)X(s′−1)+χ(Xbest1+Xbest2−Xworst), (37)

where χ ∈ (0, 1) is a constant relaxation factor, Xbest1

and Xbest2 are the mean values of the two individuals with
the largest two fitness values in the new half-population,
and Xworst is the mean value of the individual with the
smallest fitness value in the new half-population. The standard
deviation of the Gaussian distribution is updated as

σ
(s′)
X = (1− χ)σ

(s′−1)
X + χ

√√√√∑Nind
2

j=1 (Xj − X̄j)2

Nind

2

, (38)

where Xj is the mean value of the j-th individual of the
new half-population, and X̄j is the average value of all Xj ,
for j = 1, · · · , Nind

2 . Afterwards, another new half-population
of Nind

2 individuals are generated independently following the
updated Gaussian distribution. An individual will be discarded
and generated again if any two of its IOS locations are in the
same column and their distance is less than dI . The two half-
populations form a new population. Then, for each individual
in the new population, Algorithm 1 is used to obtain wkopt,
Θ̂opt and EEopt, k ∈ {1, · · · ,K}. The individual that has the
largest fitness value among the population is identified, and
its wkopt, Θ̂opt and EEopt are labeled as w

(s′)
koptI , Θ̂(s′)

optI and

EE
(s′)
optI , k ∈ {1, · · · ,K}, respectively.

The above procedures repeat until EE
(s′)
optI −EE

(s′−1)
optI < ε.

Once the iteration terminates, the individual of the largest
fitness value among the latest population is identified as the
optimal locations of the I IOSs, labeled as qoptI , and its
w

(s′)
koptI , Θ̂

(s′)
optI , and EE

(s′)
optI are labeled as wkoptI , Θ̂optI ,

and EEoptI , k ∈ {1, · · · ,K}, respectively. The above iterative
algorithm for any given value of I is ensured to converge when
the iteration number is large enough [27].

Update I = I + 1 and repeat the above procedures until
EEoptI − EEopt(I−1) < ε. Finally, the value of I that is

associated with the highest value of EEoptI is identified as
Iopt and its corresponding qoptI , EEoptI , wkoptI , Θ̂optI , k ∈
{1, · · · ,K} return the optimal IOS locations, energy efficiency
of the BS, BS beamforming vectors and IOS phase shifts,
respectively.

The above IOSLN Algorithm is summarized in Algorithm 2.

It has a complexity of O

(
Iopt∑
I=1

(
log2 (1/ε)

[√
2K + IN(2K+

IN)2(4K+IN)+
√
2K + 1DQ

]
Nind

NPI+1
2

))
, where NPI

is the number of iterations required for the PBILc to converge
for I ∈ {1, · · · , Iopt}.

Algorithm 2 IOSLN Algorithm

Input: Nind, ε, K.
Output: Iopt, qoptI , EEoptI , wkoptI , Θ̂optI , k ∈

{1, · · · ,K}.
1: Initialize I = 0 and EEopt0 = 0.
2: repeat
3: Update I = I + 1
4: Set the iteration index s′ = 1, and randomly initialize

a population of Nind individuals, where each indi-
vidual contains I independent IOS locations, qi ∼
N (X(s′), σ

(s′)
X ), i ∈ {1, · · · , I}, where X(s′) =

Lr(Hr−E[Ho])
2dI

and σ
(s′)
X = Lr(Hr−E[Ho])

4dI
. Run Algo-

rithm 1 for each individual and take EEopt as its
fitness value.

5: repeat
6: Update s′ = s′ + 1.
7: A new half-population is formed by the Nind

2
individuals with the largest fitness values of the
previous population.

8: Update X(s′) and σ
(s′)
X based on (37) and (38),

respectively.
9: Generate Nind

2 individuals independently following
N (X(s′), σ

(s′)
X ). The two half-populations to form

a new population.
10: Run Algorithm 1 for each individual in the new

population. The individual that has the largest
fitness value returns w

(s′)
koptI , Θ̂(s′)

optI and EE
(s′)
optI ,

k ∈ {1, · · · ,K}.
11: until EE

(s′)
optI − EE

(s′−1)
optI < ε.

12: wkoptI = w
(s′)
koptI , Θ̂optI = Θ̂

(s′)
optI , EEoptI =

EE
(s′)
optI , k ∈ {1, · · · ,K}.

13: until EEoptI − EEopt(I−1) < ε.
14: Iopt = arg

I
max {EEoptI} and return its qIopt, EEoptI ,

wkoptI , Θ̂optI , k ∈ {1, · · · ,K} as output.

IV. SIMULATION RESULTS

In this section, we present simulation results to evaluate
the performance of the proposed algorithms. The simulated
system model aligns with the description in Section II, and the



TABLE I: Parameter Values Used in the Simulation

Parameter Value

M number of antennas at the BS 16
NTR number of active transceivers at the BS 4
PTR circuit power of each active transceiver 30dBm
PBS circuit power of the BS 35dBm
PTmax maximum transmit power at the BS 35dBm
IN total number of elements on IOSs 120
qB location of the BS (−50, 5, 5)m
K number of users 40
Pk circuit power of each user 10dBm
σ2 noise power −85dBm
B bandwidth 1GHz
rmin minimum data rate required 5Mbps
κ blockage density 0.15blockages/m2

Lr room length 10m
Wr room width 10m
Hr room height 10m

parameter values used in the simulation are listed in Table I
unless otherwise specified. In the simulations, we compare the
performance of Algorithm 2 with three benchmark schemes:
(i) an evenly distributed IOS deployment scheme [18], where
the IOSs are evenly spaced on the wall at the same height, and
the number and height of IOSs are optimized using Algorithm
2; (ii) centralized deployment (i.e., a single IOS) with an
optimal location on the wall obtained by Algorithm 2 using
I = 1; and (iii) the case without deploying any RIS. In all
compared schemes, the IOSs are deployed on the same wall,
as shown in Fig. 1, and the total number (IN ) of elements on
IOS(s) is kept constant.
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Fig. 2: Energy efficiency versus the iteration number.

In Fig.2, we plot the energy efficiency of the outdoor BS
versus the number of iterations in Algorithm 2. The energy ef-
ficiency of the outdoor BS increases with the iteration number.
Cases with larger number of individuals Nind converge faster,
because cases with more individuals have greater possibility
to obtain larger fitness value in each iteration.

In Fig. 3, we present a plot of the downlink transmission

5 25 45 65 85 105 125 145 165

Number of Users

0

1

2

3

4

5

6

E
n

e
rg

y
 E

ff
ic

ie
n

c
y
 (

M
b

it
/J

o
u

le
)

25

2.2

2.4

2.6

10
-3

X 25

Y 0.0023

Fig. 3: Energy efficiency versus the number of users.

energy efficiency of the outdoor BS against the number of
users in the indoor environment under consideration. The
energy efficiency for all four schemes is observed to decrease
as the number of users increases, given that a larger number
of users necessitates higher transmit power at the BS. For a
specific number of users, the proposed algorithm consistently
achieves significantly higher energy efficiency compared to the
benchmark schemes. It is noteworthy that the energy efficiency
of the BS without deploying any IOS is notably low due to
severe penetration losses and attenuations of signal strength at
mmWave frequencies.

51020 40 80 160 320

Number of users

3

6

15

24

36

40

45

O
p

ti
m

a
l 
n

u
m

b
e

r 
o

f 
IO

S
s

Fig. 4: Optimal number of IOSs versus the number of users.

In Fig. 4, the optimal number of IOSs obtained by Al-
gorithm 2 is plotted against the number of users. The total
number of elements of the IOSs is fixed at 360. As the number
of users increases, the optimal number of IOSs also increases,
albeit at a diminishing rate as the user population grows larger.
This trend is attributed to the need for more distributed IOSs



to establish LoS links with a larger number of users. However,
increasing the number of IOSs while maintaining a fixed total
number of elements results in a reduction in the refraction
beamforming gain per IOS.
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Fig. 5: Optimal number and locations of IOSs and locations.

In Fig. 5, we illustrate the optimal locations of the ideal
number of IOSs on the wall for different numbers of users,
with a total of 360 elements in the IOSs. Observing the figure,
it is evident that, for each considered number of users, the
optimized IOS locations converge in the vertical central area
of the specified wall. This concentration is attributed to the
likelihood that IOSs deployed in the vertical central area are
more likely to establish LoS links for a greater number of users
compared to those deployed on the left or right side of the wall.
Furthermore, the outdoor BS’s antenna array is positioned at
(−50, 5, 5), facing the center of the wall. Deploying an IOS
closer to the center results in a shorter distance from the BS
antenna array to the IOS, thereby reducing the path loss of
the link. It is noteworthy that some IOSs are deployed above
the height of the BS antenna array due to the presence of
blockages and the locations of users. In other words, certain
IOSs need to be positioned higher than the blockages to
establish LoS links for users obstructed by tall obstacles.

In Fig. 6, we depict the transmission energy efficiency of
the outdoor BS against the minimum rate requirement of each
user. Across all schemes compared, the energy efficiency of
the BS decreases as the user rate requirement increases. This
trend is attributed to the heightened transmit power needed at
the BS to meet the higher minimum rate requirement, resulting
in a reduction in energy efficiency. Notably, the proposed
algorithm consistently outperforms the other schemes for each
considered value of the user rate requirement due to the
optimized number and locations of IOSs.

In Fig. 7, we illustrate the transmission energy efficiency
of the outdoor BS against the blockage density. Across all
considered schemes, the energy efficiency of the BS experi-
ences a decline with increasing blockage density. This decline
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Fig. 6: Energy efficiency versus minimum rate requirement per
user.
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Fig. 7: Energy efficiency versus the blockage density.

is attributed to the reduction in LoS links between the IOSs
and the users as the blockage density rises. The proposed
algorithm outperforms the other schemes significantly due
to the optimized number and locations of IOSs, ensuring a
larger number of LoS links between the IOSs and the users.
The performance gap between the centralized IOS deploy-
ment scheme and the proposed algorithm/even deployment
scheme becomes smaller for higher blockage densities. This
is because, under scenarios of the proposed algorithm/even
deployment scheme, the number of LoS links significantly
decreases with the increase in blockage density. In contrast,
for the centralized IOS deployment scheme, the decrease is
slight since many LoS links have already been blocked even
for a small blockage density.

In Fig. 8, we present the transmission energy efficiency of
the outdoor BS against the total number of elements on the
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Fig. 8: Energy efficiency versus IOSs’ total number of ele-
ments.

IOSs for the three IOS deployment schemes. Notably, for each
scheme, the BS’s energy efficiency increases with the total
number of elements on the IOSs, as the channel gain of the
IOSs grows with the total number of elements. For a given
total number of elements, the proposed algorithm consistently
achieves the highest energy efficiency for the BS, followed by
the evenly distributed IOS deployment [18]. The centralized
IOS deployment (i.e., the proposed algorithm with I = 1)
achieves the lowest energy efficiency for the BS. This order is
attributed to the proposed algorithm having the most LoS links
between the IOSs and the users, enhancing the utilization of
the increased elements in the IOSs, while the centralized IOS
deployment scheme has the fewest LoS links.

V. CONCLUSION AND FUTURE WORK

In this study, we explored the dynamics of multiple IOSs
in outdoor-to-indoor mmWave communications for multiple
indoor users in the presence of indoor blockages. To maximize
the transmission energy efficiency of the outdoor BS while
ensuring each user’s downlink data rate surpasses a specified
threshold, we introduced the EEM algorithm and the IOSLN
algorithm. These algorithms jointly optimize the number, lo-
cations, and phase shifts of IOSs, along with the beamforming
vectors of the BS. Simulation results demonstrate that the pro-
posed algorithms significantly enhance the downlink energy
efficiency of the BS compared to benchmark schemes that
either neglect IOS deployment or do not optimize the number
or locations of IOSs. The optimized number and locations of
IOSs play a crucial role in maximizing LoS links to users.
The optimal number of IOSs increases with the number of
users, but the rate of increase diminishes as the user population
expands. This is attributed to the trade-off, as distributing
a fixed total number of refracting elements to an increasing
number of IOSs results in a reduced refraction beamforming
gain per IOS. Optimal IOS locations concentrate in the vertical

central area of the wall. This strategic placement allows central
IOSs to create LoS links for more users compared to those
on the left or right sides. Additionally, central IOSs are
closer to the outdoor BS, which faces the center of the wall.
Furthermore, the transmission energy efficiency of the BS
exhibits a positive correlation with the total number of IOS
elements but experiences decreases with the number of users,
user rate requirements, and blockage density. These findings
provide valuable insights into optimizing multiple IOSs for
efficient outdoor-to-indoor mmWave communications.

In our future work, we will study the energy efficiency
maximization problem of the BS and the IOSs’ deployment
strategy for mobile users. We will also extend our work to
more complex scenarios, e.g., the outdoor BS serves both out-
door and indoor mobile users. This will require the utilization
of both the reflective and refractive function of the IOSs. It will
also be interesting to consider the realtime channel conditions
due to the mobility of users.

REFERENCES

[1] ABI Research, “ABI research anticipates in-building mobile data traffic
to grow by more than 600% by 2020,” Jan. 2016.

[2] A. Schumacher, R. Merz and A. Burg, “A mmWave bridge concept
to solve the cellular outdoor-to-indoor challenge,” 2020 IEEE 91st Ve-
hicular Technology Conference (VTC2020-Spring), Antwerp, Belgium,
2020, pp. 1-6.

[3] G. Larson, “Deployment options for providing indoor coverage in high
frequency bands,” Master Thesis, KTH Royal Institute of Technology,
Stockholm, 2015.

[4] D. W. K. Ng, M. Breiling, C. Rohde, F. Burkhardt and R. Schober,
”Energy-efficient 5G outdoor-to-indoor communication: SUDAS over
licensed and unlicensed spectrum,” in IEEE Transactions on Wireless
Communications, vol. 15, no. 5, pp. 3170-3186, May 2016.

[5] C. Umit Bas et al., ”Outdoor to indoor propagation channel measure-
ments at 28 GHz,” in IEEE Transactions on Wireless Communications,
vol. 18, no. 3, pp. 1477-1489, March 2019.

[6] M. Xiao et al., “Millimeter wave communications for future mobile
networks,” in IEEE Journal on Selected Areas in Communications, vol.
35, no. 9, pp. 1909-1935, Sept. 2017.

[7] J. Lee, K. Kim, M. Kim and J. Park, “32-GHz outdoor-to-indoor channel
measurement of propagation losses and delay spread,” 2019 IEEE
International Symposium on Antennas and Propagation and USNC-
URSI Radio Science Meeting, Atlanta, GA, USA, 2019, pp. 2071-2072.

[8] A. B. Zekri, R. Ajgou, A. Chemsa and S. Ghendir, “Analysis of outdoor
to indoor penetration loss for mmWave channels,” 2020 1st International
Conference on Communications, Control Systems and Signal Processing
(CCSSP), El Oued, Algeria, 2020, pp. 74-79.

[9] M. I. Rochman, V. Sathya and M. Ghosh, “Outdoor-to-indoor perfor-
mance analysis of a commercial deployment of 5G mmWave,” 2022
IEEE Future Networks World Forum (FNWF), Montreal, QC, Canada,
2022, pp. 519-525.

[10] K. Ntontin and C. Verikoukis, “Relay-aided outdoor-to-indoor communi-
cation in millimeter-wave cellular networks,” in IEEE Systems Journal,
vol. 14, no. 2, pp. 2473-2484, June 2020.

[11] R. Liang, J. Fan, H. Liu, Y. Ge and J. Zhang, “Dual-hop hybrid IRS-
aided outdoor-to-indoor mmWave communications,” in IEEE Commu-
nications Letters, vol. 26, no. 12, pp. 2979-2983, Dec. 2022.

[12] H. Zhang et al., “Intelligent omni-surfaces for full-dimensional wireless
communications: Principles, technology, and implementation,” in IEEE
Communications Magazine, vol. 60, no. 2, pp. 39-45, February 2022.

[13] Y. Zhang, B. Di, H. Zhang, Z. Han, H. V. Poor and L. Song, “Meta-wall:
Intelligent omni-surfaces aided multi-cell MIMO communications,” in
IEEE Transactions on Wireless Communications, vol. 21, no. 9, pp.
7026-7039, Sept. 2022.

[14] S. Zeng, H. Zhang, B. Di and L. Song, ”Reconfigurable refractive
surface-enabled multi-user holographic MIMO communications,” in
IEEE Transactions on Wireless Communications, Oct. 2023.



[15] V. Singh, M. Khalily, S. B. Amlashi, J. D. Carey and R. Tafazolli, “Fully-
transparent transmission surface for outdoor-indoor mmWave coverage
enhancement,” 2020 International Conference on UK-China Emerging
Technologies (UCET), Glasgow, UK, 2020, pp. 1-4.

[16] M. Nemati, B. Maham, S. R. Pokhrel and J. Choi, “Modeling RIS
empowered outdoor-to-indoor communication in mmWave cellular net-
works,” in IEEE Transactions on Communications, vol. 69, no. 11, pp.
7837-7850, Nov. 2021.

[17] X. Xie, C. He, X. Ma, F. Gao, Z. Han and Z. J. Wang, ”Joint precoding
for active intelligent transmitting surface empowered outdoor-to-indoor
communication in mmWave cellular networks,” in IEEE Transactions on
Wireless Communications, vol. 22, no. 10, pp. 7072-7086, Oct. 2023.

[18] Z. Li, H. Hu, J. Zhang and J. Zhang, “Coverage analysis of multiple
transmissive RIS-aided outdoor-to-indoor mmWave networks,” in IEEE
Transactions on Broadcasting, vol. 68, no. 4, pp. 935-942, Dec. 2022.

[19] S. Zhang et al., “Intelligent omni-surfaces: Ubiquitous wireless trans-
mission by reflective-refractive metasurfaces,” in IEEE Transactions on
Wireless Communications, vol. 21, no. 1, pp. 219-233, Jan. 2022.

[20] T. Bai, R. Vaze, and R. W. Heath, “Analysis of blockage effects on urban
cellular networks,” IEEE Trans. Wireless Commun., vol. 13, no. 9, pp.
5070–5083, Sep. 2014.

[21] Z. Yang, J. Shi, Z. Li, M. Chen, W. Xu and M. Shikh-Bahaei, “Energy
efficient rate splitting multiple access (RSMA) with reconfigurable intel-
ligent surface,” 2020 IEEE International Conference on Communications
Workshops (ICC Workshops), 2020, pp. 1-6.

[22] L. You, J. Xiong, D. W. K. Ng, C. Yuen, W. Wang and X. Gao, ”Energy
efficiency and spectral efficiency tradeoff in RIS-aided multiuser MIMO
uplink transmission,” in IEEE Transactions on Signal Processing, vol.
69, pp. 1407-1421, 2021.

[23] S. Boyd and L. Vandenberghe, Convex optimization. Cambridge Uni-
versity Press, 2004.

[24] W. Dinkelbach, “On nonlinear fractional programming,” Management
Science, vol. 13, no. 7, pp. 492–498, 1967.

[25] M. S. Lobo, L. Vandenberghe, S. Boyd, and H. Lebret, “Applications of
second-order cone programming,” Linear algebra and its applications,
vol. 284, no. 1-3, pp. 193–228, 1998.

[26] M. Grant, S. Boyd, and Y. Ye, “CVX: Matlab software for disciplined
convex programming,” 2008.

[27] M. Sebag and A. Ducoulombier, “Extending population-based incremen-
tal learning to continuous search spaces”, International Conference on
Parallel Problem Solving from Nature, pp. 418-427, 1998.


