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Abstract. This paper investigates consumed power minimization and robust beamforming designs in the base station
(BTS) in Device to Device (D2D) communications underlying 5G cellular network. It is supposed that BTS is not
aware of the channel state information (CSI), and only
an approximation of their covariance is available. Therefore, based on the estimation error of CSI covariance matrices, two optimization models are presented to minimize
the power consumption and robust beamforming designs.
The first model assumes that the upper bound of the estimation errors is limited to their Frobenius norms. So, the
main objective of the first model is to calculate the beamforming at the BTS in such a way that the power consumption of the base station is minimized under the constraint
that the SINR (signal-to-interference plus noise ratio) of all
cellular users is guaranteed to be above a specified predetermined threshold. The second model considers the statistical distribution of the estimation error is known, and a
probabilistic model is considered for the uncertainty of CSI
covariance matrices. In this sense, the power consumption
of the BTS is minimized in such a way that the non-outage
probabilities of users are guaranteed to be above a certain
predefined threshold. Although these optimization problems are non-convex, it is shown that they can be reformulated to a convex form using a semi-definite relaxation
technique to obtain their lower bounds. The simulation
results verify that the proposed methods perform much
better than the Hybrid MRT-ZF, ZFBF and MRT beamforming methods.

Keywords
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1. Introduction
Wireless network traffic is expected to increase
a thousand times within the next ten years. It is estimated
that by 2021, about eighty billion devices requiring ubiquitous data access will be connected to wireless networks.
Due to the rapid growth in the number of users, wireless
telecommunication networks are challenged by limited
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spectrum resources. Therefore, technologies that improve
spectrum efficiency have received many attentions in the
recent years [1], [2]. Device-to-Device (D2D) communication is one of these technologies. In a traditional cellular
network, all communications must pass through the base
station. But D2D communication allows two relatively
close users to communicate directly. It has numerous advantages, including improved spectrum efficiency, increased throughput, enhanced energy efficiency, and delay
reduction. Due to these properties, D2D communication is
regarded as a key technology for the fifth-generation (5G)
communication systems [4]. D2D communications are
divided into in-band and out-band categories. In in-band
communications, D2D users use cellular spectral resources,
while in out-band communications, D2D users use spectral
resources different from cellular spectrums. The in-band
D2D communications can be established using overlay and
underlay methods. In the overlay method, a specific part of
the spectral resources is allocated to the D2D communications; but in the underlay method, D2D users can reuse the
entire resources of the cellular spectrum. The underlay
method is more popular because it allows both cellular and
D2D users to use the spectrum simultaneously, which results in higher spectrum efficiency [3].
In underlay D2D communication, the studies have focused more on reusing the uplink spectrum than the downlink spectrum. Because in most cases, the cellular users
download data from the cellular network rather than upload
it [4]. Therefore, the uplink spectral resources are less engaged than the downlink spectral resources. However, in
the recent years, applications such as voice over internet
protocol (VOIP) and video conference applications that use
the uplink spectral resources have become popular among
cellular users. Therefore, the uplink and downlink spectrums are expected to carry nearly the same traffic in the
future [5]. As a result, the allocation and reusing of the
downlink spectral resources in underlay D2D communication is becoming an increasingly important problem. However, reusing the cellular spectrum in uplink and downlink
modes causes cross-interference between cellular and D2D
users.
As mentioned earlier, the interference management is
a major challenge in underlay D2D communication and
an interference coordination policy is needed to deal with
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this concern. Power control is a method that can be effectively utilized to minimize the interferences between the
cellular and D2D users. Distributed and centralized power
control algorithms for single-input single-output communications are studied in [6]. In this study, the total transmit
power of the users is set to a predefined value that maximizes the SINR of cellular users and simultaneously provides
the minimum SINR required by D2D users. In [7], a dynamic power control mechanism is proposed to minimize
the interferences caused by a pair of D2D users. All of the
abovementioned studies suppose that the base station has
a single antenna, and consider a system with a single cellular user and a pair of D2D users. But the existing mobile
phone networks consist of multi-antenna base stations and
multiple cellular users.
Few works have studied the power control mechanisms for underlay D2D communications in a cellular network with multi-antenna base stations and multiple cellular
users. Minimizing the total transmission power of a multicellular network with uplink routes has been investigated in
[8]. In this paper, a multi-cell network is considered where
each base station supports a given number of cellular and
D2D users. Cellular users are connected only to the base
station, but D2D users can communicate directly or
through the base station. It is proven that this is a non-deterministic polynomial time (NP-hard) problem. Due to its
complexity, the authors have considered power allocation
only in one cell and proposed a heuristic algorithm for this
problem. In [9], a beamforming power control algorithm is
presented. The algorithm aims to minimize the power consumption of the base station to guarantee a minimum QoS
for both the cellular and D2D users. In the majority of
underlay D2D communication investigations, it is assumed
that perfect CSI of all channels is available at the base
station. However, in practice, because of factors such as
estimation error, quantization error, limited channel state
feedback, and so on only imperfect or partial CSI are available at the transmitter. Therefore, providing robust beamforming methods that do not assume perfect CSI is essential to deal with uncertain environmental information.
Imperfect CSI can be divided into two major categories; imperfections in the instantaneous CSI and imperfections in the CSI covariance matrix. Since the changes in the
second-order statistics of a channel vary slower than those
of the channel itself, the covariance-based CSI requires
fewer feedbacks than the instantaneous CSI. Therefore,
using covariance-based CSI is more practical and logical,
especially when experiencing fast fading channels. A partial CSI model is presented in [10], where it has been assumed that the perfect CSIs of the channels between cellular users and base station are available. Accordingly, a power
control algorithm is presented based on game theory to
minimize the interferences caused by D2D users. In [11],
assuming that the instantaneous CSI is imperfect, a robust
beamforming mechanism based on zero-forcing beamforming (ZFBF) is proposed to minimize the power consumption of the base station in an underlay D2D network.
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Despite studies like [10] and [11], power control and
robust beamforming mechanisms in D2D communications
have not received enough attention. Furthermore, the
growing number of wireless devices will increase CO2
emissions [12]. Since 80% of the network energy is consumed by the base station, mechanisms that reduce energy
consumption in the base station are very popular. Therefore, the present study aims to propose a set of power control and robust beamforming scenarios for an underlay
D2D model in downlink mode, assuming that the CSI covariance matrix is imperfect. Our main objective is to define a beamforming mechanism in the base station to
minimize its power consumption while guaranteeing that
the QoS of the cellular and D2D users exceeds a minimum
threshold. In this study two methods are investigated for
modeling the CSI errors. In both methods, the errors are
assumed to be additive in the covariance estimation of all
the channels. In the first method, it is assumed that the
Frobenius norm of the error is upper bounded which yields
to a worst-case approach [13]. While in the second method,
which is more logical and practical, the errors are assumed
to be random with a specific statistical distribution which
yields to outage probability approach. Like other beamforming optimization problems in multi-user systems, we
have to solve a non-convex NP-hard problem due to rankone constraints [14]. However, we will present that the
problem can be reformulated as a convex optimization
problem using a semi-definite relaxation technique in order
to find a suboptimal beamforming and power assignment
solution without loss of optimality.
Considering the previous investigations, our study is
essentially different in the following aspects; firstly, in
most of the earlier studies, there is only a single cellular
user and a D2D pair in the network. Obviously, due to the
popularity of cellular communication and the large number
of cellular users, this assumption is not realistic. In our
model, the network consists of multiple cellular users and
a D2D pair. Also, our model can be easily extended to
include more D2D pairs. Secondly, unlike earlier studies
like [15] and [16] that ignore some of the interference
links, in the present study, we have taken into consideration
all interference signals and none of them have been
ignored. Thirdly, unlike [17], imperfect CSI is not limited
to interference links between cellular users and D2D users,
and all links experience imperfect CSI. Finally, unlike
research study works where same channel model is
considered for cellular users and D2D pairs, a different
individual channel model is considered for cellular users
and D2D pairs in order to prepare a more realistic
framework.
The rest of the paper is organized as follows. The
system model is described in details in Sec. 2. In Sec. 3, the
optimization problems and their solution methodologies are
formulated based on channel covariance estimation for
different proposed scenarios. The proposed algorithm is
also presented in this section. The simulation results are
provided in Sec. 4. Finally, Section 5 concludes the paper.
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2. System Model
As shown in the system model presented in Fig. 1, the
system consists of a cell with N cellular users with downlink communications, and underlay D2D pair. The cellular
users are represented by CUi where i = 1,2,…,N, and the
transmitter and receiver of the D2D pairs are represented
by DT and DR, respectively. It is assumed that all users are
equipped with one single antenna, while the base station is
equipped with M antennas. Moreover, the whole bandwidth
is divided to several frequency sub-channels while orthogonal frequency-division multiple access (OFDMA) technique is employed to let the BTS communicate with cellular users (CUs). According to [9], [7], it is also assumed
that time division multiple access (TDMA) technique is
employed to let D2D pairs reusing the total bandwidth in
different time slots. Therefore, the base station can communicate with multiple cellular users simultaneously using
its multiple antennas. Suppose that the BS has a full control
on D2D communications, and it allows at most one D2D
pair to communicate in each time slot. With no loss of
assumptions, suppose that the ith frequency subchannel is
assigned to the ith CU, where i = 1,2,…,N, and a time slot
is assigned to D2D pair. Considering that in a time slot at
most one D2D pair is allowed to communicate, the received signals at the ith cellular user and DR can be defined,
respectively, as
N

y r  P0 s0 hTR  sk h HR w k  nR ,

(1)

k 1

yi  si hiH w i 

N

sh
k

H
i

w k  P0 s0 hTi  ni , i 1, 2, , N (2)

k 1,k i

where P0 represents the transmission power of DT and s0
represents the signal sent from DT to DR. Also si and
wi M  1, i = 1, 2,…,N represents the transmitted signal
and beamforming weight vector corresponding to the ith
cellular user, respectively. hTR is the channel coefficient
between DT and DR. hTi is the channel coefficient between
D and the ith cellular user. hR and hi indicate the coefficient vectors of the channel between the base station and
DR and the base station and the ith cellular user, respectively. Also, nR and ni represent the additive zero-mean
white Gaussian noise of the DR and the ith cellular user,
with variances of R2 and i2, respectively. It can be assumed that in odd time slots, DT transmits its signals to DR,
while in even time slots DR sends signals to DT. Since the
equations for the received signals are similar, only the odd
time slots are discussed here. It can also be assumed that
there are multiple D2D pairs in a cell and derive similar
equations for the signals received by these D2D pairs and
the cellular users. In this case, the problem can still be
solved by the proposed method. The only difference is that
there will be more interference signals, and thus, the QoS
of the users would be more complicated.
It can be assumed that
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2
2
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Fig. 1. System model presenting communication links in
a single cell; solid lines represent the desired signals,
while the dashed lines show interference signals.

problem. It is also assumed that transmitted signals, channels vectors, and noises are statistically independent.
Therefore, using (1) and (2), instantaneous SINR for DR
and the ith cellular user can be formulated as (3) and (4),
respectively:
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As explained earlier, due to rapid fading, the constantly changing nature of wireless channels, quantization
errors, and other factors, it is difficult to determine the
perfect channel state information in practice. Therefore, it
has been assumed that an estimation of the second-order
statistics of the channels coefficients is available. The average SINR of the signal received by DR and each cellular
user is defined as follows:

 R    R  
 i    i  



P0 RTR
N

w R R w k   R2
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,
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, i  1, 2,..., N (6)

H
where RTR    hTR hTR
 , RTi    hTi hTHi  , R R    h R h HR  ,


and R i    hi hiH  are the estimated covariance of the


channels. The power consumption of the base station is
calculated using the following equation
N

PBS   tr  Wi 

(7)

i 1

where Wi = wiwiH is the beamforming matrix. As can be
observed, this matrix is a positive semi-definite Hermitian
matrix of rank 1.
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3. Problem Formulation
As mentioned earlier, unfortunately, it is too difficult
to practically determine the perfect CSI. Therefore, it is
assumed that the available estimations of the channels’
covariance matrices contain some errors. We have used
two methods to model these errors. The first method uses
an approach inspired by [1] and [19] to describe the error
using a bounded uncertainty model. In this method, it is
assumed that all errors are additive and have bounded Frobenius norms. The second method is more realistic than the
first one and uses an approach inspired by [2], [22]. In this
approach, it is assumed that the errors have a specific statistical distribution. Accordingly, the estimation errors of
the covariance matrices of channels between the base station and cellular users are additive with a Gaussian distribution. Also, the estimation errors of the covariance matrices of other channels are additive with bounded Frobenius
norms, as in the first method.

both cellular users and the DR. Since the error norms are
bounded, the ̄R and ̄i lower bounds can be calculated
using (13) and (14), respectively:
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(8)
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where R̂ i and R̂ Tj are the actual values of the channels’
covariance matrices. Ei and ETj are estimation errors of R̂ i
and R̂ Tj, respectively, and satisfy Ei  εi and ETj  j
conditions. Based on (8) and (9), Equations (5) and (6) can
be rewritten as follows:
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We aim to minimize the power consumption in the
base station, provided that the SINR of all users exceeds
a given threshold. Therefore, the optimization problem can
be written as follows:
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substituting (7), (13), and (14) in the optimization problem
defined by (12) and simplifying the formula results in the
optimization problem defined as follows:
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Assume that channels covariance estimations could be
defined using (8) and (9):
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In the optimization problem defined by (15), the objective function and all constraints, other than the beamforming matrix being rank-one are convex. Therefore, we
can use the semi-definite relaxation method to eliminate
this non-convex condition and get the optimization problem presented in (16), a convex semi-definite programing
(SDP) problem that can be solved using convex optimization algorithms.
N

(12)

Wi  0, Wi  WiH , rank  Wi   1,
i  1, 2,., N
where th represents the SINR threshold. Unfortunately,
there is no closed-form solution for Problem (12) due to its
complexity. However, to ensure that the first two
conditions of (12) are satisfied, we can substitute the lower
bounds of the SINRs to determine the worst-case results for
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As mentioned above, the optimization problem (16) is
convex and can be solved using any software package that
uses interior point methods, including the CVX MATLAB
Toolbox [21], [22]. It is also clear that if the rank of Wi is
one, the optimal solution is achieved; but, if the rank of Wi
is greater than one, a lower bound for the optimization
problem is found.

3.2 Probabilistic Uncertainty Model
In Sec. 3.1, it was assumed that the error has a known
bounded norm. However, such a deterministic and specific
definition of error may not be acceptable in practice. Moreover, assuming the worst-case scenario might be too pessimistic; because the probability of all errors occurring at
their maximum magnitude might be very small. Therefore,
a probabilistic scheme can be a more realistic and flexible
alternative for the worst-case schema.
In this section, we assume that the error matrix Ei is
a zero-mean Hermitian complex Gaussian matrix with
a variance of 2ei [23]. Our objective is to minimize power
consumption in the base station, provided that the nonoutage probability of all cellular users is guaranteed to be
above a predefined specific threshold, and the SINR of the
D2D pair is also above a certain threshold. Therefore, the
optimization problem can be formulated as follows:

(19) can be rewritten as follows:

Pr  yi  ui   i , i  1, 2,, N .

Since R̂ i + Ei and Xi are both Hermitian complex
Gaussian matrix, it is clear that yi is real-valued. In [24], it
is proved that yi has a Gaussian distribution with mean
2
H
̂
i = tr(XiRi) and variance of  eitr(XiXi ). (The proof is
provided in Appendix A). Therefore, Pr is obtained as
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 2
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1
where Q  x  
x 2  exp  2  dv .

As can be seen in (17), our objective is to ensure that
the non-outage probability of the ith user is above pi. We
know that in real-world systems non-outage probability
must be above 0.5 and ideally equal to 1. Therefore, we
assume in (17) that 0.5  pi  1 for i = 1,2,…,N.
Since Q is a strictly decreasing function, the non-outage probability equation in Problem (17) can be simplified
as follows:

min PBS

Xi 

subject to:  R   th

(17)
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Wi  0, Wi  W ,
H
i

rank  Wi   1,

i  1, 2,., N
where Pr() is the probability operator, and pi represents the
non-outage probability threshold of the ith cellular user. As
shown in the above equations non-outage probability of
a user is equal to the probability of the user’s SINR being
greater than the threshold (th). Using (10) and (11) and
assuming that norms of ER, ETR, and ETi are bounded, the
first two conditions of (17) can be rewritten as (18) and
(19), respectively:
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If, as in the previous method, the non-convex
constraint regarding the rank of the beamforming matrix is
relaxed, we can use the previous equations to simplify and
rewrite the optimization problem of (17) as follows:
N
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 pi   0,

Wi  0, Wi  WiH ,

i  1, 2, , N .

The optimization problem presented in (23) is a convex
problem with a linear objective function, which can be
solved using optimization toolboxes such as CVX.

4. Simulation Results
In this section, some simulation results are presented
to verify the performance of the proposed algorithms. It is
assumed in all examples that there are three cellular users
and one D2D pair in a single cell. It is also assumed in all
simulations that the distance of DT and DR from the base
station are T and R, respectively; while the cellular users
(i.e. CU1, CU2 and CU3) are at the distances 1 = 10°,
2 = 1 + α, and 3 = 1 – α, from the antenna array of the
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base station. According to [25], we assume that the base
station is equipped with a uniform linear array antenna with
elements positioned at half-wavelength spacing. Therefore,
assuming that scatterers have a Gaussian distribution, the
normalized channel covariance matrix between the base
station and a cellular user can be estimated as follows:
j  k l  sin i 0.5  k l   cosi  
ˆ
R

e
,
 i i ,    k ,l  e
2

(24)

i  1, 2, , N   .
The coefficients of the other channels are set to random values with normalized Gaussian distribution with
zero mean and identity variance. It has been assumed that
the power of DT is constant and equal to P0 = 0 dB. Also,
noise powers in all cell users and DR are assumed to have
the same value, i.e., n2. Moreover, it was assumed that all
errors have the same bound value of ε; in other words, i=
i = . Also, for i =1,2,…,N we have assumed that 2ei = 2e
and pi = p. The Matlab codes of our proposed algorithms are
accessible via https://github.com/SXB0017/Xiaobo.Shen. The
rest of system level simulation parameters are presented in
Tab. 1 unless otherwise mentioned. In all simulations, the
diagrams are provided only for the cases where the
optimization problem could be solved.
Figure 2 shows the power consumption of the base
station with respect to α for different ε values. Here, it is
assumed that M = 8, th = 3 dB,  = 2, T = 50° and
R = 55°. As expected, increasing ε results in an increase in
power consumption of the base station, while increasing
the value of α reduces the power consumption, which is in
line with our assumptions because increasing the distance
between the users will contribute to more accurate beamforming.
Figure 3 shows the power consumption of the base
station with respect to  for different ε,T, R, th, and M
values, where α = 10°. It can be observed that increasing 
System parameters

Values

Base station antenna

Uniform linear transmitting antenna array
(ULA) with half-wavelength spacing

Cell radius (meter)

420

D2D pair distance
(meter)

25–55

The model for D2D link
path loss

 f 
22 log10  d   42  20 log10  c  26
 5
 f 
16.9 log10  d   46.8  20 log10  c   26 
 5

Carrier frequency (GHz)

1.8

Noise power (dBm)

0

The model for cellular
link path loss

Maximum BTS transmit
power (Pmax)
Maximum D2D transmit
power (PDmax)
Minimum QoS
requirements at CUs (dB)

38
6
2

Tab. 1. System level details of simulation parameters.

Fig. 2. Power consumption of the base station in scenario 1
with respect to α for different ε values, when M = 8,
th = 3 dB,  = 2, T = 50° and R = 55°.

Fig. 3. Power consumption of the base station in scenario 1
with respect to  for different values of ε,T, R, th, M
and α = 10°.

increases the power consumption of the base station. Because the spatial correlation between antenna array elements of the base station corresponding to the spatial channels between the base station and cellular users is reduced,
and the interference is increased from one link to another.
Therefore, the power consumption is increased to guarantee
the SINR. Figure 3 also shows that increasing ε results in
increased power consumption in the base station, while
increasing the number of antennas reduces the power consumption because beamforming using more antennas will
be more accurate. Also, in cases that the D2D pair is not
located between the cellular users (T = 50°, R = 55°), the
power consumption is less than the case where the D2D
pair is between the cellular users (T = 15°, R = 25°). It is
also shown that increasing th increases the power consumption; because achieving greater SINR requires more
power.
Figure 4 compares the power consumptions of the
proposed method with Hybrid MRT-ZF (maximum ratio
transmission-zero forcing) [17], ZFBF (zero forcing beamforming) [11], and MRT (maximum ratio transmission)
[27]. The figure depicts the power consumption of the base
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station with respect to the division angle of the cellular
users α. Here, it is assumed that ε = 0.1, th =3 dB,  = 2,
M = 6, T = 50°, and R = 55°. It can be observed that our
proposed algorithm has a better performance compared to
the other methods. This difference is especially significant
in cases with smaller α values where beamforming is more
complicated due to the close distance between the users.
Figure 5 shows the power consumption of the base station
with respect to α for different non-outage probability p
values. Here, it is assumed that ε = 0.1, th =3 dB,  = 2,
M = 6, T = 50°, and R = 55°. It can be observed that increasing α results in a decrease in power consumption for
all p values because increasing the distance between the
users will make beamforming simpler and more accurate.
Figure 6 shows power consumption in the base station
with respect to α for different 2e, ε, th, and M values,
where p = 80%,  = 2, T = 50°, and R = 55°. As expected, increasing th, 2e and ε result in higher power consumption in the base station. While, increasing M which
contributes to more accurate beamforming, decreases the
power consumption. Figure 7 shows the power consumption of the base station with respect to  for different positions of D2D pair and different 2e values, where
p = 80%,  = 2, ε = 0.1, M = 6 and th =3 dB. Relocating
the D2D pair and positioning them between cellular users
causes more interference for the cellular users and results
in increased power consumption in the base station. It is
also observed that increasing  increases the power consumption of the base station. Since the decrease in the
spatial correlation between the cellular user and the antenna
array elements corresponding to the spatial channels increases the interferences from one link to another, power
consumption in the base station is increased to guarantee
the users' QoS.

Fig. 5. Power consumption of the base station in scenario 2
for different p values where ε = 0.1, th =3 dB,  = 2,
M = 6, T = 50°, and R = 55°.

Fig. 6. Power consumption of the base station in scenario 2
with respect to α for different 2e, ε, th, and M values,
where p = 80%,  = 2, T = 50°, and R = 55°.

The performance of the proposed algorithm is
compared with three beamforming algorithms, including
Hybrid MRT-ZF, ZFBF, and MRT, in Fig. 8. Here, it is as-

Fig. 7. Power consumption of the base station in scenario 2
with respect to  for different positions of D2D pair
and different 2e values, where p = 80%,  = 2,
ε = 0.1, M = 6 and th =3 dB.

Fig. 4. Performance of the proposed algorithm scenario 1
compared to those of other beamforming methods
including Hybrid MRT-ZF, ZFBF, and MRT when
ε = 0.1, th =3 dB,  = 2, M = 6, T = 50°, and
R = 55°.

sumed that p = 80%, e2 = 0.001,  = 2, ε = 0.1, th =3 dB,
and M = 6. The figure shows that our proposed algorithm
consumes less power than the other methods, especially in
smaller values. Figure 9 compares the power consumption of the base station with respect to α for different e2
values in the two proposed algorithms, assuming that
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p = 80%, th =3 dB, M = 6, T = 50° and R = 55°. For this
comparison, in the first method, εi is determined using
a numerical grid search to satisfy the condition p = 80%. It
is also assumed in both methods that i = 0.1. It is observed
that the power consumption of the base station in the second method is less than the first method. This difference is
more evident for smaller α values, where guaranteeing
beamforming and QoS are more difficult to meet because
users are closer to each other. In order to find out which
algorithm is more efficient in terms of computational complexity, a running time comparison is carried out between
the methods.
Considering the configuration of the used system with
Intel Corei2, 8GB RAM in 64Bit-Matlab R2014b platform,
the running time of the proposed methods is compared with
the others in terms of number of users in Fig. 10. The running time of the reconstruction algorithms is partly close to

Fig. 8. Performance of the proposed algorithm in scenario 2
compared to the other methods, with respect to α
where p = 80%, e2 = 0.001,  = 2, ε = 0.1, th =3 dB,
and M = 6.

Fig. 10. Simulations run time (in seconds) with respect to
number of users for different algorithms.

Fig. 11. Achievable solution rate of the optimization problem
for the proposed method versus SNR in colored and
white noisy conditions when M = 8, γth = 3 dB, σθ = 2,
θT = 50°, and θR = 55°.

each other in the less number of users. Moreover, the
proposed algorithm scenario 1 is much faster compared
with especially Hybrid MRT-ZF, ZFBF and MRT. These
results demonstrate that the proposed algorithms have both
satisfactory speed and computational complexity compared
with the state of the art algorithms.

Fig. 9. Comparison two proposed algorithms (norm bounded
(scenario 1) vs. probabilistic method (scenario 2)) for
M = 6 and th =3 dB.

Finally, the impact of non-AWGN (i.e. additive colored Gaussian noise as defined in [28]) with imperfect CSI
estimation on the proposed model is evaluated with AWGN
conditions in terms of achievable solution rate (i.e. when
the optimization problem is solved). The results in Fig. 11
show that the achievable solution rate of the proposed
method in presence of colored noise is lower than the white
noise (i.e. AWGN channel) with decreasing SNR. Based on
the gap between colored and white noise conditions, it is
implied that the proposed model should be improved in
such a way to demonstrate significant performance in more
realistic environments in our future research work.
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5. Conclusion
In this paper, beamforming and minimizing the power
consumption of the base station in a cellular system
underlying D2D communications were investigated in
a more realistic environment. Knowing an imperfect CSI,
only an approximation of their covariance is available in
BTS. Therefore, based on the estimation error two optimization models were proposed to minimize the power consumption and robust beamforming designs. The first model
assumes that the upper bound of the estimation errors is
limited to their Frobenius norms. So, the main objective is
to calculate the beamforming at the BTS in such a way that
the power consumption of the base station is minimized
under the constraint that the SINR of all cellular users is
guaranteed to be above a specified predetermined threshold. The second model considers the statistical distribution
of the estimation error is known, and a probabilistic model
is considered for the uncertainty of CSI covariance matrices. In this sense, the power consumption of the BTS is
minimized in such a way that the non-outage probabilities
of users are guaranteed to be above a certain predefined
threshold. Our proposed scenarios in this work were to
understand first the effect of CSI error in a relatively simpler model, but not straightforward, leaving the general
case to our future work which includes; a generalized
framework that could cover the several cellular users scenario and eventually include out-of-cell interference and
multiple antennas into the analysis in AWGN and nonAWGN channel conditions.
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Appendix A
If G N  M is a random Hermitian matrix, where the
real-valued elements are located on the main diagonal, and
the complex values of the other elements are independent
random Gaussian variables with zero mean and variance of
2, the following equation shall apply to every definite
matrix A N  M



tr  AG  ~ N C 0,  2 tr  AA H 



(A1)

where NC(0,0) is a complex Gaussian distribution. If
MN, the central limit theorem implies that the distribution of tr(AG) is Gaussian, regardless of the distribution of
G elements, because the elements of G are independent and
extracted from the same statistical distribution.
Proof: Please note that,
M

N

i

j

tr  AG   aij g ji .

(A2)

Since G elements are independent and have a zeromean Gaussian distribution, (24) also has a zero-mean
Gaussian distribution, and its variance can be calculated
using (27):



E tr  AG   tr  AG  

*







 E vec  A H  vec  G  vec  G  vec  A H 
H

H

(A3)

 vec  A H   2I NM vec  A H 
H

  2 tr  A H A 
where INM and vec() represent the identity matrix and
vector operator, respectively. Thus, the proof is complete.

