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Abstract—Reconfigurable Intelligent Surfaces(RIS) are emerg-
ing technologies to enable enhancing spectral and energy effi-
ciency in the context of wireless communications. Device to Device
(D2D) communication allows devices to communicate directly
with each other, bypassing traditional base stations and reducing
latency and congestion. Combined, RIS and D2D can significantly
boost network performance, facilitate ultra-reliable low-latency
communications, and contribute to more efficient and scalable
wireless networks. Generally, RIS systems are composed of large
number of elements and have a discrete phases shifting. Since RIS
have limited signal processing capabilities, control messages are
provided by a remote control center. Even if RIS can contribute
to energy efficiency, this overhead impacts the transmission rate.
In this paper we consider the case of D2D communications
in the presence of a cellular interferer. We analyze the effect
of RIS number of elements and phase resolution on the D2D
transmit power. We derive the expectation of the transmit power,
then we propose an iterative algorithm to optimize the transmit
power by selecting the RIS configuration. Through extensive
numerical simulation, we found that the obtained results prove
the effectiveness of our analytic analysis.

Index Terms—D2D communication, RIS, RIS Phase error;
Transmit power distribution; Transmit power expectation; Trans-
mit power optimization; RIS configuration selection.

I. INTRODUCTION

THE unprecedented growth in wireless communication

demands has pushed researchers and industry stakehold-

ers to explore innovative technologies for beyond 5G and

6G networks. Among these emerging technologies, Reconfig-

urable Intelligent Surfaces (RIS), also known as Intelligent

Reflecting Surfaces (IRS), have emerged as a promising so-

lution to enhance wireless communication systems’ spectral

and energy efficiency [1]. These metasurface-based structures

represent a paradigm shift in wireless network design, offering

a sustainable and cost-effective approach to manipulating

electromagnetic waves in propagation environments [2].

Traditional wireless communication systems rely heavily

on active components such as amplifiers, mixers, and filters,

which contribute significantly to the overall energy consump-

tion and system complexity. In contrast, RIS technology in-

troduces a nearly passive architecture comprising arrays of

sub-wavelength metallic or dielectric elements that can be

electronically controlled to modify the wireless propagation

environment [3]. By intelligently adjusting the phase shifts

of these elements, RIS can enhance signal coverage, mitigate

interference, and improve the quality of service (QoS) for users

in challenging propagation environments [4].

The integration of RIS in wireless networks aligns with the

growing emphasis on green communications and sustainable

technological solutions. As wireless networks continue to

densify and energy consumption becomes a critical concern,

RIS offers a promising alternative to traditional network den-

sification strategies [5]. Unlike conventional relay systems that

require active power-hungry components for signal processing

and retransmission [6], RIS operates with minimal power con-

sumption, primarily needed only for element reconfiguration

and control signaling [7].

Moreover, the advent of RIS coincides with the evolution

towards intelligent and programmable wireless environments,

where network elements can adapt dynamically to changing

channel conditions and user requirements. This technological

convergence has sparked significant interest in both academia

and industry, leading to numerous research initiatives and

standardization efforts focused on RIS implementation and

optimization [8].

The potential applications of RIS extend beyond traditional

communication scenarios, encompassing diverse use cases

such as millimeter-wave (mmWave) and terahertz (THz)

communications, massive MIMO systems, non-terrestrial

networks, and Internet of Things (IoT) deployments [9], [10],

[11]. The versatility of RIS technology, coupled with its

energy efficiency and cost-effectiveness, positions it as a key

enabler for future wireless networks [12].

The operating principle of RIS is based on the concept of

electromagnetic metasurfaces, which are artificially engineered

structures composed of sub-wavelength scattering elements.

Unlike traditional passive reflectors or relays, RIS offers

unprecedented control over electromagnetic wave propagation

through real-time reconfiguration of its elements. Each element

typically consists of varactor diodes, PIN diodes, or other

tunable components that can modify their electromagnetic

properties in response to external control signals. The key

capabilities of RIS include:

• Beamforming and Beam Steering: RIS can create highly

directional beams and steer them towards desired users,

maximizing signal strength at intended receivers while

minimizing interference to others [8] [13].

• Non-Line-of-Sight (NLOS) Coverage Enhancement: By

creating intelligent reflecting paths, RIS can extend cov-

erage to shadowed areas and improve signal quality in

NLOS scenarios [14] [15].

• Interference Suppression: Through careful phase config-

uration, RIS can destructively combine unwanted signals,

effectively mitigating interference in multi-user scenarios

[1] [13].

• Energy Efficiency: Unlike active relays, RIS operates

without RF chains or signal processing units, offering
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significant energy savings while maintaining performance

benefits [13].

Phase error in Reconfigurable Intelligent Surfaces (RIS)

arises due to discrete phase quantization and hardware im-

perfections that prevent precise phase adjustments, leading to

degraded system performance. Unlike an ideal RIS that can

continuously manipulate the phase of reflected signals, prac-

tical RIS implementations are constrained to a finite number

of phase shifts [1] [2] [16] [17], typically L levels, where

L = 2, 4, 8, etc. This quantization introduces phase noise,

which disrupts constructive signal alignment, increases the bit

error rate (BER), and reduces diversity gain. Studies have

shown that for 1-bit phase quantization (L = 2), the diversity

order is limited to N/2, while for L ≥ 3, full diversity

Gd = N is achieved [18]. Furthermore, research suggests

that higher phase quantization levels mitigate performance

loss, and asymptotic BER analysis confirms that the impact of

phase noise diminishes as quantization levels increase [19]. To

address phase errors, recent advances propose adaptive phase

shift optimization and deep learning-based RIS configurations,

which significantly improve system reliability [1]. However,

achieving near-ideal performance still requires hardware ad-

vancements and better channel estimation techniques to reduce

phase inaccuracies.

Device-to-Device (D2D) communication is a new paradigm

that appears to be a promising component in the 5G. D2D can

be defined as a radio communication technology that permits

mobile terminals to communicate directly with each other even

in a licensed spectrum without the need for base stations(BS).

While in a traditional cellular network, all communications

must pass through the BS even if both communicating equip-

ments are in range for D2D communication. D2D communica-

tion has been considered as a key technology in 5G networks

that could achieve higher data rates [20] [21], [22].

D2D communication provides many merits for cellular net-

works, specifically: (i) high data transmission rate, (ii) energy

efficiency enhancement, (iii) extended cellular coverage, (iv)

support the overloaded cellular traffic, (v) latency reduction,

and (vi) spectral efficiency improvement [23].

D2D communications is a very active topic in research com-

munity. Some recent works tackle the problem of power

assignment and energy handling in this context of underlaid

D2D communications ( [24], [25], [26]). The integration

of RIS technology in D2D communications offers several

compelling advantages that address fundamental challenges

in wireless networks. First, RIS can significantly enhance the

coverage and reliability of D2D links by creating controllable

reflection paths, effectively mitigating blockage issues and

reducing outage probability in urban environments. This is

particularly crucial for millimeter-wave D2D communications,

where line-of-sight paths are often obstructed. Second, RIS en-

ables intelligent interference management by actively shaping

the propagation environment, allowing multiple D2D pairs to

coexist while maintaining high spectral efficiency. The passive

beamforming capabilities of RIS can create focused signal

paths between D2D pairs while minimizing interference to

neighboring devices [27]. Furthermore, the energy efficiency

of D2D communications is substantially improved through RIS

deployment, as the passive nature of RIS elements eliminates

the need for additional power-hungry RF chains while still

providing significant performance gains. The programmable

nature of RIS also introduces unprecedented flexibility in net-

work optimization, allowing dynamic adaptation to changing

channel conditions and user mobility patterns. Additionally,

RIS-aided D2D communications can enhance security by

creating favorable channel conditions for intended receivers

while degrading potential eavesdropping channels. The cost-

effectiveness of RIS implementation, compared to traditional

relay systems, makes it an attractive solution for large-scale

D2D network deployment, particularly in dense urban scenar-

ios where infrastructure costs are a significant concern [1].

While RIS technology shows promising potential, the op-

timization of RIS parameters, particularly the number of

reflecting elements, remains a critical challenge that directly

impacts system performance and implementation costs [1].

Understanding the relationship between the number of RIS

elements and key performance metrics such as achievable rate

and outage probability is essential for practical deployment

considerations [28].

This paper presents a comprehensive analytical framework to

optimize RIS configurations in D2D communication scenarios.

Specifically, we investigate the fundamental trade-off between

the number of RIS elements and system performance metrics,

considering both theoretical bounds and practical constraints

[3]. Our analysis characterizes how the achievable rate scales

with the number of RIS elements while accounting for realistic

channel conditions and implementation imperfections [4]. Fur-

thermore, we derive closed-form expressions for outage prob-

ability as a function of RIS array size, providing insights into

the minimum number of elements required to maintain reliable

D2D communications under various channel conditions [5].

The proposed analytical framework addresses several key

questions: (i) How does the number of RIS elements affect

the achievable rate and outage probability in D2D communi-

cations? (ii) What is the optimal number of RIS elements that

balances performance gains with implementation complexity?

(iii) How do channel conditions and system parameters influ-

ence the optimal RIS configuration? Thereafter we present the

major contributions of this paper:

• We start by characterizing the channel fading between the

D2D sender and the receiver passing through RIS. We

express this channel fading as a non-central Chi-squared

Distribution. Then we proved through numerical study

an approximation of the non-central χ2 using Gaussian

distribution that we define those parameters.

• We express the cumulative density function of the trans-

mit power in general case. A special case of noiseless

was derived then.

• We give the expectation of the transmit power in the

scenario of noiseless environment.

• We propose a greedy optimization algorithm to determine

the number of RIS elements and the phase resolution

based on the acceptable overhead duration and quantiza-

tion penalty. This algorithm presents a lower complexity

since no-differentiation is required.
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• Finally, we provide numerical and simulation results

to show the performance of the proposed approaches.

We find that our proposed analytic results match well

with simulations results that prove the correctness of our

analysis.

The remainder of the paper is as follows; Section II gives

the system model used in this work. Section III develops an

analysis of the transmit power while guaranteeing a SINR

threshold. Section IV gives an algorithm to select the RIS

configuration while minimizing the required expectation of the

transmit power. Section V gives a numerical analysis. And the

last Section concludes the paper.

II. SYSTEM MODEL

In an Orthogonal Frequency Division Multiplexing (OFDM)

framework, we assume that on each subcarrier only a single

pair of D2D users is supported via resource reuse with a

cellular user. We consider also that the LOS path between

D2D users is blocked or the distance between D2D users is

long. So D2D users communicate through an RIS having N

passive reflective elements with an intelligent and ideal phase

shifts . Then the received signal at UEDD, serves as D2D

Fig. 1. D2D communication assisted with RIS in a cellular network (based
on [29]).

destination, can be expressed as :

yD =
√

Ps

[

N
∑

i=1

fid
−α/2
SR ejθigid

−α/2
RD

]

xs+
√

Pchd
−α/2
CD xc+n

(1)

with n ∼ CN(0, N0) is the additive white gaussian

noise(AWGN) with variance N0,Ps is the transmit power

of UEDS (D2D source), PC the transmit power of the

cellular user UEC, xs stands for the UEDS transmit signal

with unit energy and xc for the cellular transmit signal

with unit energy. We assume that all links are affected by

Rayleigh fading, h is the channel between the cellular user

and D2D receiver, and the channels between UEDS and

RIS and between RIS and UEDD, are described as follows:

fi = f̃ie
−jϕi and gi = g̃ie

−jφi , respectively. With, f̃i and

g̃i are the corresponding channel amplitudes, and ϕi and

φi are the channel phases which are uniformly distributed

between (−π, π]. θi is the phase shift introduced by the

RIS nth element. The above distances dSR, dRD and dCD

are between UEDS and RIS, RIS and UEDD, UEC and

UEDD, respectively.

So the received SINR at UEDD is :

γ =
Ps|
∑N

i=1 f̃ig̃ie
j(θi−ϕi−φi)|2d−α

SRd
−α
RD

Pc|h|2d−α
CD +N0

(2)

Under the assumption that the RIS has the full knowledge

of the channels phases of fi and gi , and the RIS can be

smartly configured to fully eliminate the phase shifts by sitting

θi = ∠figi + θϵi where θϵi the phase error follows uniform

distribution between [-π/L, π/L] And we work with BPSK

modulation, so xs, xc ∈ {−1, 1}, hence only the real part of

the signal has an impact on the detection performance, so the

SINR becomes :

γ =
Ps(
∑N

i=1 f̃ig̃ivi)
2d−α

SRd
−α
RD

Pc|h|2d−α
CD +N0

(3)

with vi = cos(θϵi ) as ∠figi = ϕi + φi and f̃i , g̃i follows

Rayleigh distribution with scale parameter 1√
2

.

We consider I = Pc|h|2d−α
co .

III. PERFORMANCE ANALYSIS

A. Transmit Power CDF of Assisted RIS D2D communication

Let: A =
∑N

i=1 f̃ig̃ivi and B = A2.

According to the central limit theorem (CLT) [30], for a large

number of reflecting elements, A converges to a Gaussian

distribution. The Literature stats that from N ≥ 30 [31], [32]

the CLT is applicable. That is A ∼ N(µa, σ
2
a), where µa is

the mean and σ2
a is the variance.

Lemma 1. The parameters of the distribution of A can be

given as follows: µa = NL sin(π/L)
4 and

σ2
a =

NL

4

(

1

2
− 1

π
arcsin(cos(

2π

L
)) +

1

π
sin(

2π

L
)− L

4
sin2(

π

L
)

)

The proof of this lemma is given in Appendix A.

As relationships between probability distributions states : B

has a non-central chi-square distribution with one degree of

freedom k = 1 and non centrality parameter λ =
µ2
a

σ2
a

.

Let γ = β(dSRdRD)α

p , I = Pc|h|2d−α
CD, a =

γPcd
−α
CD

2σ2
a

, b = γN0

2σ2
a

and c = µa

σa

√
2

.

Theorem 1. The cumulative density function (CDF) of the

transmit power Ps can be expressed as:

P(Ps ≤ p) = 1−
erf
(√

b+ c
)

+ erf
(√

b− c
)

2
−

√
a

2
√
a+ 1

e
b
a− c2

a+1

.

[

2− erf

(

(a+ 1)
√
b+ ac

√

a(a+ 1)

)

− erf

(

(a+ 1)
√
b− ac

√

a(a+ 1)

)]

(4)

The error function (also called the Gauss error function),

denoted by erf, is a function erf : C→ C defined as:
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P(Ps ≤ p) = 1−
erf
(
√

τ
p + c

)

+ erf
(
√

τ
p − c

)

2
−1

2

√

ρ

ρ+ p
e

τ
ρ− c2p

p+ρ



2− erf





(ρ+ p)
√

τ
p + cρ

√

ρ(ρ+ p)



− erf





(ρ+ p)
√

τ
p − cρ

√

ρ(ρ+ p)









(5)

erf z =
2√
π

∫ z

0

e−t2 dt.

The proof of this theorem is given in the appendix B.

Let appearing the variable p in the Eq. (4). By changing a by

a = ρ/p with ρ = βPc

2σ2
a

(

dSRdRD

dCD

)α

, and b by b = τ/p with

τ = βN0

2σ2
a
(dSRdRD)

α
, and c remains the same. So, we get

the result in Eq. (5) presented on the top of this page.

In the following, we give another approximation of the

transmit power CDF, using the distribution of B.

Proposition 1. For large RIS elements number, the transmit

power CDF can be approximated as:

P(Ps ≤ p) ≈
e

4rs+1

4r2
(

erf
(

2rs+1
2r

)

− 1
)

− erf (s) + 1

2
(6)

where r =
γPcd

−α
CD

σb

√
2

and s = γN0−µb

σb

√
2

and µb, σ2
b are the Mean

and Variance of B, with: µb = µ2
a+σ

2
a and σ2

b = 2σ4
a+4µ2

aσ
2
a.

The proof of this proposition is given in Appendix C.

We consider the special situation where the noise can be

neglected. The result is given in Proposition 2

Proposition 2. In noiseless case scenario the transmit power

CDF becomes:

P(Ps ≤ p) = 1−
√

ρ

p+ ρ
e−c2p/(p+ρ) (7)

The proof of this proposition can obtained by putting τ to

0 in eq. (5), since when N0 → 0 , b → 0, so the proposition

is deduced.

B. Transmit Power Expectation

In this subsection, we are interested in analyzing the expec-

tation of the transmit power of the D2D device.

Theorem 2. Let ρ = βPc

2σ2
a

(

dSRdRD

dCD

)α

.

In the context of noiseless environment, the expectation of the

transmit power can be derived as (Eq. 8):

E[Ps] = 2ρe−c2
(√

π c erfi (c)−√π c erfi
(

c

√

ρ

Pmax + ρ

)

− ec
2

+
e

c2ρ
Pmax+ρ

√

ρ
Pmax+ρ





(8)

With the imaginary error function erfi : C→ C is defined

as erfi z = −i erf iz, where i is the imaginary unit.

The proof of this theorem is given bellow.

Proof. In the case of noiseless scenario, the CDF of the

transmit power is given as: 1−
√

ρ/(ρ+ p)e−pc2/(p+ρ). Since,

the expectation is the integral of 1− CDF , we can write:

E[Ps] =

∫ Pmax

0

√

ρ

p+ ρ
e−c2p/(p+ρ) dp (9)

By applying the variable replacement x = p+ ρ, the integral

becomes:

E[Ps] =
√
ρe−c2

∫ Pmax+ρ

ρ

x−1/2ec
2ρ/x dx (10)

This concludes the proof.

C. Transmit power and Rate trade-off Optimization

Before the data transmission phase begins, it is essential

to estimate the channels from the transmitter to the RIS and

from the RIS to the receiver, and to configure the optimized

phase shifts at the RIS. The evaluation of the rate in the

previous subsection does not consider overhead to configure

dynamically the RIS.Transmitting the optimized phase matrix

to the RIS before data transmission can introduce significant

overhead, particularly when N is large. We define TF as the

duration of the feedback phase, which relies on the feedback

power and the feedback channel bandwidth. Additionally, TE
is the duration of the channel estimation phase before feedback

and communication. The total slot time T , which includes

channel estimation, feedback, and data communication phase

of duration T − TE − TF , determines the system’s achievable

rate and energy efficiency. So the actualized expression is

given as (11)

Rin =

(

1− TE + TF
T

)

log2(1 + SINR) (11)

Following the model developed in [33], we have:

TE = T0(N + 1)

with T0 the duration of each pilot tone. As for TF , after

resource optimization, the transmitter sends a control signal

to the RIS to configure the phase shifts. Denoting by hF the

scalar feedback channel from the RIS to the transmitter, pF
is the power used during the feedback phase and BF is the

bandwidth of the feedback channel, it holds that:

TF =
NbF

BF log(1 +
pF |hF |2
N0BF

)
, (12)

with bF is the number of feedback bits for each reflecting

element of the RIS. In this work, we consider that:

bF = k.log2(L).
This formulation encapsulates a crucial design challenge in

RIS systems. While increasing the number of RIS elements



5

(N) and (L) can potentially enhance system performance and

reduce the overall power consumption Ps , it simultaneously

leads to increased overhead in terms of channel estimation

time TE and feedback time TF . This creates an inherent ten-

sion between performance optimization and system overhead,

necessitating careful consideration of the trade-off between

these competing objectives.

The optimization problem seeks to determine the optimal

configuration that minimizes the expected power consumption

while ensuring that the total overhead remains within accept-

able bounds defined by Tmax. The joint optimization of N and

L must therefore balance the potential benefits of increased

RIS elements and L against the associated costs in terms of

system overhead and computational complexity.

The fundamental trade-off in RIS-assisted D2D communi-

cations can be formulated as an optimization problem:

min
N,L

E[(Ps)]

s.t. TE + TF ≤ Tmax

The quantization penalty in RIS refers to the degradation

in system performance caused by finite phase resolution in

RIS-assisted communication systems. This penalty is defined

as the increase in the Bit Error Rate (BER) due to phase

quantization, expressed as the ratio of the BER with quan-

tization (Pe) to the BER with infinite phase resolution (P∞
e ).

The quantization penalty is given by the formula:

Ψ(L) = 10 log10

(

Pe

P∞
e

)

where Ψ(L) represents the penalty in decibels (dB), and Pe

and P∞
e are the BERs with finite and infinite phase resolu-

tion, respectively. This penalty arises because RIS elements

can only apply phase shifts with limited precision, which

prevents perfect phase alignment at the receiver and reduces

the constructive combining of signals. As a result, the BER is

higher compared to an ideal RIS with infinite phase resolution.

In [19], the authors state that for higher quantization levels

(L ≥ 3), the penalty behaves as

Ψ(L) = 10 log10

(

L tan(π/L)

π

)

where increasing L reduces the penalty due to finer phase

resolution. As L approaches infinity, the quantization penalty

approaches zero, implying that the BER reaches the ideal case.

For example, with 2 quantization levels (1-bit), the penalty

is severe, but as L increases (e.g., L = 8 or L = 16), the

penalty significantly decreases, improving performance. Thus,

while increasing L reduces the penalty, it does not completely

eliminate it unless L becomes infinitely large .

Our optimization problem becomes:

min
N,L

E[(Ps)]

s.t. TE + TF ≤ Tmax

Ψ(L) ≤ ψ0

The optimization problem at hand exhibits several noteworthy

characteristics:

• The objective function E[(Ps)] (expected power con-

sumption) is continuous and differentiable with respect

to both N and L. However, N and L are integers.

• The problem includes two inequalities constraint i) TE +
TF ≤ Tmax and Ψ(L) ≤ ψ0 that are also differentiable.

• The optimization goal is to minimize power consumption

while satisfying overhead constraints.

Given these characteristics, the system to optimize is a

non-linear integer programming problem. That is, it is clas-

sified as NP-hard. Traditionally, such problems have been

approached using the Karush-Kuhn-Tucker (KKT) theoretical

framework combined with Branch and Bound algorithms. The

KKT conditions provide necessary conditions for optimality

through the Lagrangian function, while Branch and Bound

helps navigate the discrete solution space [34]. However, this

classical approach faces significant limitations in our context;

the differential of the objective function is challenging, and

these approaches often lead to local optima and suffer from

high computational complexity, making them impractical for

real-time RIS configuration.

To overcome these limitations, we propose a new algorithm

based on greedy approach. This novel approach addresses

the aforementioned challenges by searching iteratively the

best solution profiting of the characteristics of the objective

function. Our proposed solution demonstrates superior com-

putational efficiency, making it particularly well-suited for

practical RIS deployment scenarios where rapid adaptation to

changing network conditions is crucial.

There are also other approaches, like using Deep Learn-

ing Constrained Optimization (DL-CO). But, in our model,

the DL-CO approach is unnecessarily complex: it relies on

gradient-based optimization, which is poorly suited for discrete

variables and monotonic objectives, and it is very slow, it needs

O(iterations) to compute the optimal values, and it introduces

approximation errors due to rounding.

IV. GREEDY ALGORITHM FOR RIS CONFIGURATION

It is clear that to enhance the penalty, L have to be large.

The number of RIS elements N is also large. Thus, µa ≈ Nπ
4

and the variance σ2
a ≈ N

4

(

2− π2

4 )
)

. It is clear that TE + TF
is increasing related to N and L. Based on the Proposition

3 and Remark.1, E[Ps(N,L)] can be considered decreasing

with N and slightly decreasing with L.

Proposition 3. For large values of N , the transmit power

expectation decreases as N grows.

Proof. In the following, we present an analysis of the function:

E[Ps](n) =
√
ρ · e−c2 ·

∫ ρ+Pmax

ρ

x−1/2 · exp
(

c2ρ

x

)

dx,

For large values of n, c ∝ √n and ρ ∝ 1/n. We can put:

c = k
√
n, ρ = γ

n .

To do this, we will analyze the behavior of E[Ps](n) as n
changes, focusing on the integral and the prefactors.—
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Start by rewrite E[Ps](n) in terms of n by substituting c =
k
√
n and ρ = γ

n into E[Ps](n):

E[Ps](n) =

√

γ

n
·exp(−k2n) ·

∫
γ
n+P

γ
n

x−1/2 ·exp
(

k2γ

x

)

dx.

Let analyze the integrand: x−1/2 · exp
(

k2γ
x

)

. Since x−1/2

decreases as x increases. And exp
(

k2γ
x

)

decreases as x

increases (since k2γ
x decreases).

Thus, the integrand decreases as x increases, and the integral

is dominated by the region near the lower limit x = γ
n .

For large n, the lower limit γ
n becomes very small, and

the integrand near x = γ
n grows very large. However, the

integral I(n) is bounded and approaches a constant value as

n increases.

Now, we analyze the pre-factors:
√

γ

n
· exp(−k2n).

The term
√

γ
n decreases as n increases. Also, the term

exp(−k2n) decreases exponentially as n increases.

Thus, the pre-factors decay rapidly as n increases.

Combining the results as the integral I(n) is dominated by

the region near x = γ
n and approaches a constant value for

large n. The prefactors
√

γ
n · exp(−k2n) decay rapidly as n

increases.

Therefore, E[Ps](n) is dominated by the decaying prefac-

tors, and it decreases as n increases.

Remark 1. It is worth noting that the impact of L is less

important. However, for large values of L, µa → Nπ/4 and

σ2
a → N

(

1/2− π2/16
)

. So, ρ and c become independent of

L. And by the way, E[Ps] dependents slightly of L.

Since for large L, the transmit power expectation E[Ps]
depends slightly on L, we can solve the problem firstly related

to N , then search the optimal value of L.

min
N,L

E[Ps]

s.t. TE + TF ≤ Tmax

Ψ(L) ≤ ψ0

For the notation simplification, we denote by the following:

f(n, l) = E[Ps], g(n, l) = TE + TF , h(l) = Ψ(L)
For the resolution of this problem, we propose a greedy

algorithm 1. We start with a lower bound for N and L.

Knowing that the objective function decreases with N and

L, we progressively increment N and we seek the best value

for L that guaranties that the constraints still satisfied. The

optimal solution will lie at the boundary of the feasible region

(i.e., the smallest N and L that satisfy all constraints). So, our

algorithm will not fall into local optimums.

Let analyze the time complexity of the algorithm. Denote

by: Np = nmax − nmin +1 and Lp = lmax − lmin +1. The total

number of iterations is:O(Np · Lp). Each iteration performs:

Constraint checks: g(n, l) ≤ Tmax and h(l) ≤ Qmax that is

Algorithm 1 Greedy Transmit Power Optimization

1: Define Functions:

2: µa(n, l), σa(n, l), c(n, l), f(n, l), TE(n, l), TF (n, l),
g(n, l), h(l)

3: Initialize Parameters:

4: Tmax ← Feed back Constraint limit

5: Qmax ← Quantization Constraint limit

6: nmin, nmax ← Valid range for n

7: lmin, lmax ← Valid range for l

8: best n← nmin

9: best l← lmin

10: best value← +∞ ▷ Initially a very large value

11: improved← false

12: for n = nmin to nmax do

13: for l = lmin to lmax do

14: if g(n, l) ≤ Tmax and h(l) ≤ Qmax then ▷ Check

both constraints

15: new value← f(n, l)
16: if new value < best value then ▷ Objective

function is decreasing

17: best n← n
18: best l← l
19: best value← new value
20: improved← true

21: end if

22: end if

23: end for

24: end for

25: Output best solution: best n, best l, best value

O(1), and the evaluation of f(n, l) that involves an integral

calculation.

Assume the integral is approximated using a quadrature

method, such as Gaussian quadrature or Simpson’s rule /

trapezoidal rule. The complexity is O(Q) for Q evaluation

points for fixed accuracy. So, the cost of computing f(n, l) =
O(Q) = O(1) (if Q is constant).

Then, the total time complexity of the proposed greedy algo-

rithm is: O(Np · Lp)

V. NUMERICAL AND SIMULATION RESULTS

In this section, we provide numerical and simulation assess-

ment of our propositions to prove there effectiveness.

A. Simulation Parameters

The values used for parameters considered in this work are

as follows: Pc = 20dBm, dCD = 120m, dSR = 20m, dRD =
20m, β = 20dB, N0 = −100dB and −110dB. We consider,

for values of N , they are taken between 16 and 1100, as stated

by [35], [36]. Also, for values of L, they are from 2 to big

values [19].

B. Simulation Results

For the first simulation, we evaluate the analytic expression

of the cdf of the transmit power as comparison with the
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approximated one and the case of noiseless. The evaluation is

done for N = 300, L = 20, the SINR threshold β = 20dB.

The result is given in Fig. 2 and Fig. 3. The results presented

show that for dense environment, i.e., the path-loss exponent

increases, the transmit power increases. That is, the transmit

power is less than a value p0 decreases, which means that

transmit power increases while α increases. This is real since

with high path-loss, the transmission power have to be larger

to let the receiver required SINR by ensured. Indeed, we can

see that the analytic and approximation results are identical

with path-loss exponent α. The noiseless scenario matches

with analytic and approximation results for lower path-loss

exponents i.e., α = 2 and α = 3. However, in the case of harsh

environments, with high path-loss exponent (here α = 4),

the noiseless presents low transmit power than analytic ans

approximation expressions. This is due to the fact that if α is

important, the impact of the transmit power of the interferer

becomes in the same or even less than the noise. Which means,

that the noise in the denominator of the expression of the

SINR given in Eq. (3) cannot be negligible as compared to

the first term in Pc|h|2d−α
CD +N0. As a result, the cdf of the

transmit power can be approximated reliably by the Eq. (7) in

the case of α is not high and the power of noise N0 is low as

we can see in Fig. 3 for α = 4.

Fig.4 depicts the cdf of the transmit power for SINR β =
20dB of the required SINR. N = 300, L = 20. The transmit

power is constrained by its maximum value to 23dBm. The

noise power is set to N0 = −110dB. As we can observe, the

analytical results given in Eq. (5) match better with simulations

ones. That prove the effectiveness of our analysis.

In the next simulation, we consider a path-loss exponent

α = 2. The rest of parameters are the same as the previous

simulation. Fig.5 gives the expectation of the transmit power

for different values of L and N . As we can see, This

expectation deceases as N or L increase. We observe also

that for low values of N , the simulation values are slightly

over the analytic ones. This is due a condition required by

the CLT. Additionally, we can observe that the impact of

increasing L becomes effective-less as L grows; the impact on

the expectation of the transmit power is relatively important

for L = 4 than L = 20 or L = 40 where the curves become

superposed.

The following experiment is dedicated to the assessment

of the expectation of the transmit power. The simulation

parameters for this experiment are as follows: The pilot

duration is equal to 100µs, the Feedback channel band-

width is set to BF = 10MHz, the Feedback transmit

power is pF = 0.1W , the feedback channel power

h2F = 0.1. The maximum duration of feedback and estimation

Tmax ∈ {0.1ms, 0.2ms, 0.3ms}. The maximum transmit

power Pmax = 23dBm. And the Feed back message length

k = 1.5 of bits used to code L i.e., log2(L) that is the

payload of the packet 1, meaning that an extra bits control

1The feedback is protocol dependent. Exta bits are used to form the
feedback packet. For a half of the bits length coding L for packet control
still acceptable for large L. However, for L coded by a short number of bits,
the packet control can have a length surpassing L bits coding. Reader can
find extensive details in the case of Internet Protocol in [37]
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are used for the message of the feedback for transmitting the

information on the phase quantization. In Table I, we can see

Constrained Tmax(ms) 0.1 0.2 0.3

NOptimal 378 757 1136

LOptimal 58 58 58

Optimal E[Ps] (dBm) 1.0602 -4.9971 -8.5310

TE + TF (ms) 9.9802.10−2 1.9986.10−1 2.9991.10−1

Effective Penalty 1.001 1.001 1.001

TABLE I
EFFECT OF THE Tmax PARAMETER.

the impact of Tmax limitation on the RIS parameters selection

and then on expectation of the transmit power. When Tmax

increases, we have more relaxation on the first constraint

permitting to choose large values on N and then decreasing

the transmit power. Since, the impact of N is important on

the power expectation than L, we observe that the value of L
still constant.

In the case where the constraint on the quantization penalty,

Constrained Ψ 1.00001 1.0001 1.01

NOptimal 245 298 514

LOptimal 580 182 19

Optimal E[Ps] (dBm) -5.1497 -6.8645 -1.5874

TE + TF (ms) 9.9979.10−2 10−1 9.9823.10−2

Effective Penalty 1.0000 1.0001 1.0092

TABLE II
EFFECT OF THE Ψ PARAMETER.

we observe that L decreases with Ψ increasing since this

penalty linked directly to L(see Table II).

In the last experiment, we investigate the evolution of the

transmit power when the distance of the interferer to the

receiver increases for different value of the required SINR
threshold β. In the simulation parameter α = 3. We consider

N = 378 and L = 58. As depicted in this figure, the expected

transmit power decreases as the interferer is so far from the

receiver. This is explained by the fac that when dCD becomes

large, the impact of the transmit power of the interferer on the

receiver decreases as the effect of the path becomes important.

When the required SINR is high, the required expected

transmit power of the D2D sender must increase to guarantee

this requirement. Indeed, we can observe that theoretical and

simulation results are very near and become identical for large

distance or when β decreases.
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Fig. 6. Transmit Power Expectation vs Interferer distance to the D2D receiver.

VI. CONCLUSION

In this paper we considered a RIS assisted D2D com-

munications using uplink frequency band. A cellular user is

considered as interferer. We considered an RIS composed

of N elements and giving a discrete phase configuration,

i.e., a phase error in [−π/L, π/L]. We derived the channels

fading from D2D sender to its receiver. Then we gave the

expression of the SINR at the receiver. We analyzed the

distribution of the transmit power of the D2D transmitter to

meet a required SINR. Then, we express the expectation of

the transmit power. Based on this expectation, we proposed

an optimization algorithm to determine the configuration of

RIS, i.e., the number of elements N and the phase resolution

L to minimize the transmission power while guaranteeing

an acceptable overhead duration with respect to quantization

levels. The simulations results prove the effectiveness of the

analytic studies.

APPENDIX A

Proof of the Lemma 1.

Proof. Let: zi = |f̃i||g̃i|vi. Based on [19], the pdf of zi is

given by:

fzi(z) = L.e−2z − 2L

π

∫ π/2

0

e
−2z

√

1+(
tgπ/L
sinφ )2

dϕ (13)
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We can compute the expectation of zi (denoted as µzi ) as

follows:

E [zi] =

∫ ∞

0

z.fzi(z) dz

=

∫ ∞

0

z

(

L.e−2z − 2L

π

∫ π/2

0

e
−2z

√

1+(
tgπ/L
sinφ )2

dϕ

)

dz

=
L

4
sin(π/L)

(14)

The variation σ2
zi of zi can be expressed as:

σ2
zi =

∫ ∞

0

z2.fzi(z) dz − µ2
zi (15)

Replacing the pdf of zi, we have:

σ2
zi =

∞
∫

0

z2






L.e−2z − 2L

π

π/2
∫

0

e
−2z

√

1+(
tgπ/L
sinφ )2

dϕ






dz−µ2

zi

(16)

Let

I = L.

∫ ∞

0

z2e−2zdz

and

J = −2L

π

∫ ∞

0

∫ π/2

0

z2e
−2z

√

1+(
tgπ/L
sinφ )2

dϕ dz

.

Using integration by parts, we obtain I = L/4.

For the integral J , the two integrations are convergent and

the variables are independent. So we can interchange those

integrals and we can rewrite

J = −2L

π

∫ π/2

0

∫ ∞

0

z2e
−2z

√

1+(
tgπ/L
sinφ )2

dz dϕ

Handling then this integral:

J1 =

∫ ∞

0

z2e
−2z

√

1+(
tgπ/L
sinφ )2

dz

=
1

4

(

1 + (
tg(π/L)

sin(ϕ)
)2
)−3/2 (17)

Now, we calculate the integral

J2 =
1

4

∫ π/2

0

(

1 + (
tg(π/L)

sin(ϕ)
)2
)−3/2

dϕ

Doing the variables change, x = sin(ϕ), J2 becomes:

J2 =
1

4

∫ 1

0

x3√
1− x2(x2 + tg(π/L)2)

3
2

dx

= −
(

2u2 + 2
)

arcsin
(

u2−1
u2+1

)

− πu2 + 4u− π
4(4u2 + 4)

(18)

where u = tan(π/L). Knowing that tan(x)2+1 = 1/cos(x)2,

J2 can be rewritten as:

J2 = − 1

16

(

2arcsin(−cos(2π
L

))− π + 2sin(2π/L)

)

(19)

And J is solved as:

J =
L

4π

[

sin(2π/L)− sin−1(cos(2π/L))− π/2
]

(20)

Then we obtain the following result:

σ2
zi =

L

4
+

L

4π

[

sin(
2π

L
)− sin−1(cos(

2π

L
))− π

2

]

− µ2
zi

(21)

Since A is sum of N independent variables, using Central

limit theorem for large N , A follows a Gaussian distribution

with µa = NE [zi] and σ2
a = Nσ2

zi .

APPENDIX B

Proof. Let β be the SINR threshold. Based on Eq. (3), we

have:

P(Ps ≤ p) = P(B ≥ β(dSRdRD)α(I +N0)

p
)

= EI [ P(B ≥ γ(I +N0) | I)]
(22)

To compute P (B ≥ x), where B = A2 and A ∼ N(µa, σ
2
a),

we can use the relationship between B and A.

Step 1: Express P (B ≥ x) in Terms of A Since B = A2,

the event B ≥ x is equivalent to:

B ≥ x ⇐⇒ A2 ≥ x ⇐⇒ A ≤ −√x or A ≥ √x.
Thus: P (B ≥ x) = P (A ≤ −√x) + P (A ≥ √x).

Since A ∼ N(µa, σ
2
a), we can express the probabili-

ties using the standard normal CDF Φ: P (A ≤ −√x) =

Φ
(

−√
x−µa

σa

)

, and P (A ≥ √x) = 1− Φ
(√

x−µ
σ

)

.

Therefore: P (B ≥ x) = Φ
(

−√
x−µa

σa

)

+ 1− Φ
(√

x−µa

σa

)

.

Based on this result,we can rewrite Eq. (22) as:

P(Ps ≤ p) = EI

[

Φ

(

−
√

γ(I +N0)− µa

σa

)

+

1− Φ

(

√

γ(I +N0)− µa

σa

)] (23)

We can rewrite this using erf function as:

P(Ps ≤ p) = EI

[

1 +
1

2

(

erf

(

−
√

γ(I +N0)− µa

σa
√
2

)

−

erf

(

√

γ(I +N0)− µa

σa
√
2

))]

(24)

Let a =
γPcd

−α
CD

2σ2
a

, b = γN0

2σ2
a

and c = µa

σa

√
2

. Note that the h

follows Rayleigh distribution with scale parameter 1√
2

, which

means that h2 follows the exponential distribution with scale

parameter 2( 1√
2
)2 = 1.

The cumulative density function is given as:

P(Ps ≤ p) =
∞
∫

0

[

1− erf
(√
ax+ b+ c

)

+ erf
(√
ax+ b− c

)

2

]

e−x dx

(25)

Calculating the integral,we got Eq. (26).

And finally, we obtain the result given in Eq. (27), that

concludes the proof.
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P(Ps ≤ p) =
[

(

erf
(√
ax+ b+ c

)

+ erf
(√
ax+ b− c

))

2ex
−

√
a e

b
a− c2

a+1

(

erf

(

(a+1)
√
ax+b+ac√

a(a+1)

)

+ erf

(

(a+1)
√
ax+b−ac

a
√

(a+1)

))

2
√
a+ 1

− e−x









∞

0
(26)

P(Ps ≤ p) =









1−

(

erf
(√

b+ c
)

+ erf
(√

b− c
))

2
−

√
a e

b
a− c2

a+1

(

2− erf

(

(a+1)
√
b+ac√

a(a+1)

)

− erf

(

(a+1)
√
b−ac

a
√

(a+1)

))

2
√
a+ 1









(27)

APPENDIX C

Proof. The random variable B = A2, where A ∼ N (µa, σ
2
a),

follows a non-central chi-squared distribution with 1 degree of

freedom. While this distribution is not normal, it can be ap-

proximated by a normal distribution under certain conditions:

1) The non-centrality parameter λ is large: The non-

centrality parameter is λ =
(

µa

σa

)2

. and When λ is large

(i.e., µa is large relative to σa), the distribution of B
becomes more symmetric and bell-shaped, resembling a

normal distribution. In our situation λ ∝ N . Then the

condition holds.

2) The mean µa is large relative to the standard deviation

σa: If µa ≫ σa, the contribution of the central part of the

distribution (near A = 0) becomes negligible, and the

distribution of B is dominated by the squared term A2,

which behaves more like a normal distribution. Since
µa

σa
∝
√
N . Therefore, for large N , This ratio becomes

large. Then this condition is satisfied.

The above conditions are satisfied, and B = A2 can be

approximated by a normal distribution B ≈ N (µB , σ
2
B) with:

• Mean: µB = E[B] = µ2
a + σ2

a.
• Variance:σ2

B = Var(B) = 2σ4
a + 4µ2

aσ
2
a.

Since we proved that B can be approximated using a normal

distribution, we can rewrite the transmit power cdf as follows:

P(Ps ≤ p) = P(B ≥ β(dSRdRD)α(I +N0)

p
)

= EI [ P(B ≥ γ(I +N0) | I)]

= EI

[

1− Φ

(

γ(I +N0)− µb

σb

) ]

(28)

Knowing that Φ

(

x− µ
σ

)

=
1

2

[

1 + erf

(

x− µ
σ
√
2

)]

, rewrit-

ing the previous equation as:

P(Ps ≤ p) =
1

2

∫ ∞

0

(1− erf(rx+ s)) e−x dx

=
e

4rs+1

4r2
(

erf
(

2rs+1
2r

)

− 1
)

− erf (s) + 1

2

(29)

That gives the result in the proposition.
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