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Abstract— The future sixth-generation (6G) network is
expected to support both sensing and communications. Since the
sensing performance will highly rely on the residual battery of
smart devices, energy efficiency is one of the main concerns in the
design of 6G. Motivated by these facts, we design an energy
efficient data transmission rate allocation approach for 6G
networks. To have a more realistic deployment, we assume that
perfect channel state information is not available. Imperfect
channel state information (CSI) might waste energy sources or
degrade quality of service (QoS). Thus, we apply the maximum
likelihood estimation (MLE) method to estimate the true channel
characteristics for a given set of observations. The proposed
approach is robust against unknown channel statistics and allows
adapting UEs transmission rate to the channel quality which
reduce energy consumption and guarantees QoS. Both
numerical analysis and simulation results confirm the
effectiveness of the proposed work in terms of energy efficiency
and throughput maximization.

Keywords— energy efficiency, maximum likelihood estimation,
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I. INTRODUCTION

Recently, 6G wireless communication network has drawn
considerable attention both from academia and industry [1][4].
6G seems to be a promising technology to overcome the major
constraints of the previous generations of cellular network.
Some of the motivating trends [5][6] of the 6G development
include: higher date rate, higher spectral efficiency, higher
energy efficiency, lower latency, higher reliability and more
QoS guarantees. However, the performance of 6G network will
depend on the available energy at limited battery life devices
such as sensors and smartphones which are tightly integrated in
this autonomous network. Although integration of battery-free
smart devices and wireless information and energy transfer
(WIET) is a new enabling technology for lowering the energy
consumption however, energy efficiency in 6G network is still a
critical issue. According to studies [7], every year, the
information and communications technology (ICT) systems
which consume energy sources for communication and data
transmission increase the global world CO2 emissions by 5%.
This amount will rapidly increase with the advent of 6G
networks comprising of billions of connected devices in the near
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future. Therefore, an energy efficient power optimization
approach needs to minimize overall energy consumption. Power
allocation strategies are efficient techniques for energy
efficiency enhancement in wireless communication networks.
Many power optimization solutions were developed in the
literature. Authors in [8] established a resource allocation
method for multiple access edge computing (MEC)-enabled
heterogeneous networks (HetNets) that reduces the energy
consumption for power-limited wireless devices. Authors in [9]
developed a machine learning-based mobility management
scheme for 6G networks. They also proposed a 6G-based
network in box (NIB) framework with high energy efficiency
that guarantees users’ QoS, and QoE in 6G-based industrial
NIB. Study [10] investigated a QoS-based energy optimization
method for IoT devices in 6G networks. The authors also
established a 6G-based multimedia data structure framework to
evaluate QoE with acquisition time for energy-efficient
transmissions. A successive interference cancellation (SIC)
approach for multi-carrier multi-user 6G networks was
investigated in [11]. The authors proposed a joint user
association, SIC ordering and subcarrier assignment method to
improve the worst-case network energy efficiency. The energy-
efficient power optimization problem for wireless
communication was addressed in [12]. The authors proposed a
monotonic lower-complexity framework based on sequential
programming which obtains suboptimal transmit power
strategies. They claimed that the proposed framework achieves
global optimality transmit power for practical scenarios.
Authors in [13] proposed a robust channel estimation method
which optimizes energy consumption in downlink 5G
communications. They modeled the optimization problem as a
non-cooperative game to achieve the best energy consumption
strategy under the worst-case channel uncertainty. An energy
minimization problem was addressed for industrial 6G
applications in [14]. Authors applied distributed artificial
intelligence (DAI) to cluster the wireless devices for efficiently
resource allocation and then used the back propagation neural
network (BPNN) and convolutional neural network (CNN) for
energy optimization. Study [15] analyzes energy efficiency
optimization problem for multiple-input-single-output (MISO)
communications. The authors used zero-forcing beamforming
method to improve the network energy efficiency under power



and energy consumption constraints. The authors in [16]
developed dynamic resource allocation using the Vickrey—
Clarke—Groves auction game theory. They also consider both
cross-tier interference and users’ QoS requirements in the
resource allocation process.

In this paper, we propose a robust data transmission rate
approach in order to enhance energy efficiency in 6G network.
As we know, optimal rate allocation requires exact information
of channel parameters. On the other hand, we assume that the
perfect channel state information is not available that is a more
realistic scenario for wireless communications. Thus, we use
maximum likelihood estimation method in order to obtain
accurate information of channel characteristics. The proposed
robust estimation approach minimizes the estimation error and
obtains the accurate values of the channel parameters. We also
design a distributed algorithm to achieve the solution of the
optimization problem. In the proposed algorithm, each UE
obtains true channel coefficients and then adjusts the optimal
transmission power level. Then, the optimal transmission rate
allocation strategy is derived as a solution of the problem. The
performance evaluation prove the superiority of the proposed
work in terms of high energy efficiency and throughput.

The rest of this paper is organized as follows. Section II
introduces the system description and problem formulation..
Section III provides the simulation analysis and performance
evaluation of the proposed approach. Finally, the main
conclusions are discussed in Section IV.

II. PROBLEM DESCRIPTION

A. System Model

Consider a multiuser 6G network where there exists M base
stations (BSs), each equipped with Ngg antennas and K wireless
user equipment (UE) with Ny, antennas. We assume that BSs
and UEs are located based on two independent homogeneous
Poisson point process (PPP) with intensity Az and A ,
respectively.

Definition 1. Energy efficiency can be defined [17] as the

ratio of bit rate to the total power consumption
. bit rate (bit/s)
(Eeff [bLt/]oule] = m) . Thus, the total energy

efficiency of a wireless multiuser system can be expressed as:
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Where W denotes the total network bandwidth, P € Pt"
is the transmission power of UE i in which P*" € R**NvE, gft
identifies equalizing gain for UE i from BS; , h; =

[hi,phi,z: ...,hi,NUE]T, h; € H denotes the fading channel
coefficients between UE i and its serving BS in which
H € R¥*NUE  describes Rayleigh fading channel, I; =
Yizi(PE | gfh,|?) is the received aggregate interference from
all interfering users, n; is the white Gaussian noise with
N~(0,I) and Pf°" states the total power consumption of UE i.

For the sake of simplicity, we substitute (%) log, (1 +

Pi"|gf§hz|2 . . .
— with R;(h;) as the data transmission rate of UE i in
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the rest of the paper. The main objective is to maximize the

network energy efficiency (i.e., n;FarX fth o Eerr ().

Remark 1. According to (1), energy efficiency is maximized

if R(H)/ pcon = . Thus, taking the power consumption
P" — 0, the data transmission rate R(H) - o, or a
combination thereof achieves the energy efficiency
maximization. However, Energy efficiency maximization does
not always mean minimizing the power consumption. Energy
efficiency can be maximized by increasing data transmission
rates. Thus, the optimization problem can be expressed as
below:

mg;cEeff(R(H)) = max R((P{, ..., PE); HY)  (2)

Subjectto: C;:0 < P/ < Ppoyx 3)
Cy:Ri(h) = Rypin» i =1,...,K )
Cy: XK, Tr(Z,) <e 5)
Cyi Zp; =0 (6)
Where R((PfT, ..., PET); HY) =

U{ZpiZO,TT(ZPi)SPmaX, vi}{(Ry v Rg): Miex Ry < 10g|I +
Yiex hi Zphy |} ,)s R 1 the minimum data transmission rate
for QoS guarantees, Xp, =P/ (Pf)¥ and %, =
h;(h;)"identify the covariance matrices of transmission power
and channel coefficients, respectively. It is obvious from
remark] that the data transmission rate strongly depends on
channel characteristics (i.e., H). On the other hand, the optimal
data transmission rate can be allocated under known channel
conditions. In the absent of perfect knowledge of channel state,
we estimate the unknown parameters of channel (i.e., H = H +
Ap) using MLE method where A,y~N(0,é2I) identifies the
estimation error and &2 states the error variance. Note that in
estimation process, the objective is minimizing the estimation
error ( ||A4ll, = ||ﬁ—H||2 < e ). Therefore, the above

optimization problem can be reformulated as below:

max Eory (5, H) )

subject to: Tr (7 = 2)%(f = 4)") < Pl (®)

Thus, the optimal data transmission rate can be obtained by
the solution of the optimization problem in (3) as below:



Let fi(yl-|fli) be as the probability density function where

y;(h;)) = FhV/PTs + w denotes the observed signal at UE i, F
states the precoding matrix, s € RNVE*L states the transmitted
symbols vector and ® € RNUEX! indicates Gaussian
observation noise vector. As we know, MLE method obtains the
perfect value of the unknown parameter through maximizing
probability density on the observed data. Our goal is to find the
optimal fl?pt (ie., Afpt - hl-”2 < €,Vi € K ) that maximizes
the probability density of the observed signal y;. Here, we define
the likelihood function as follows:

Li(hily:) = fi(yilhi) (10)

Without loss of generality, consider y; € [yi Vit 6], Jj=
1, ..., Nyg in which § > 0. Therefore, we have:

arg maxL (h |yl) =arg max L (h ly; € [yl-]-,yij + 5])
(11)
Consider § is a constant. We can state that:
arg max % Li(h;ly; € [yij'Yij +6]) =
arg mﬁ(fx % Pr(yij Sy =yt 6|ﬁi) =
i 5 ~

argmax 3 [;07 fi(vilhe)dy, (12)
Then
arg max L; (h ly; € [yu,yu + 6]) =
argmax 5 fy” fl(yl|h )dyl (13)

Using L'Hopital's rule, the following results can be explicitly
expressed:

_'VL]"'

) fiilh)dy;
6_)0+5fy”+6fl(yl|h )dyl _ lim as’yij = -
das
. f(YL +8|h1)
1im L) (o 1R) (14)
And

arg max L; (h |yu) = arg max [llm L; (h ly; €
i i + 5])] argmax [slgggafyy;’ f:(ilhe)dy:| =
arg max f (yy;|h;) (15)

Hence, it can be said that

ﬁ?m =arg mﬁqx Li(fli|yij) =arg mﬁqxf(yijlﬁi) (16)

For the sake of simplicity, we use h instead of ;. Then we
calculate h for a typical UE as follows:
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Where M (ﬁ) is Hessian matrix.

Lemmal. For independent and identically distribution
observations (i.i.d), the proposed estimator (L(ﬁ| y)) uniformly
converges to L(h) onY as:

sup|L(Rly) - L(R)| >0,vy € ¥ (18)
heH

Proof. According to the uniform law of large numbers, there
exists the pointwise convergence since the following conditions
are fulfilled:

e H is compact.
e Yhe HandVy €Y, f(y, h) is continuous.

e There is a dominating function g(y) where E[g(y)] <
c,and Vh € H, ||If (v, Wl < g(»).

Clearly, E[g(y)] is continuous in h .
following can be expressed:

Therefore, the

sup [|£ 20 G ) — BIFGO || S0 19)

On the other hand, L(ﬁ|y) is uniform convergence on Y if
Vh € Hand Vy € Y,3e > 0,|f,(h) — f(h)| <& . In other
word, unif lim f, = f.

y—o0

Without loss of generality, we can express
gy = sup|L(Rly) = L(W)| = sup|f,(R) - F(R)]  (20)
heH YEY

Thus, it can be said that fy(fz) uniformly converges to f(h) if
and only if g, - 0 when y — co.

B. Data Transmission Rate Allocation Algorithm

Here, we introduce a distributed transmission rate allocation
algorithm. In this algorithm, each UE estimate optimal channel
coefficients and then adjust its transmission power to the
channel quality. The UE calculate the received payoff in terms
of data transmission rate per the total power consumption. UEs
change their transmission power level if achievable transmission
rate is less than the minimum UE transmission rate for QoS
guarantees. The UE then updates the current channel state. Table
I provides the pseudo-code for the energy efficient data
transmission rate approach.



TABLE I. TRANSMISSION RATE ALLOCATION ALGORITHM

Initialize H, Y, K, Py, Rpnin, €
Seti =1, Nyg, Ngs = 8
Repeat
Select a BS (e.g., BS; )
Set n;, I;, 9ij
Adjust transmission power for user i according to
0 S PitT S Pmax
Compute y;; € Y
Calculate Pf°"

Find an optimal channel coefficients flzwt € H for user i as
fl?m = arg mﬁaxf(yijlﬁi)
Calculate Tr(Zhi) and R;(h;)

If (XK, TT(Z,”.) < ¢e)or (R;(h;) < Rpp) go tostep 9
Observe payoff of user i as Ef (P, R;(hy)
Update H
i=i+1
Until all users’ transmission power is adjusted

III. SIMULATION RESULTS

In this section, we provide the performance comparison of
our proposed method with a ML-based energy-efficient
mechanism in [9] and SIC ordering energy-efficient resource
management scheme in [11]. The evaluation results were
performed by the CVX package in MATLAB and averaged over
1200 run. Simulation results were obtained based on geometric
programming (GP) mode of CVX which accepts all the special
functions and transforms them into convex form. CVX handles
the problem directly, since the norms are part of the base library
of it. We consider a multiuser 6G network consisting of 9 BSs
that each is equipped with Nzg = 8 antennas and 60 UEs with
Nyg = 4 antennas. Both BSs and UEs are distributed randomly
ina 1600 m x 1600 m area. We set the transmission power of
BSs to 45dBm and initialize UEs’ transmission power based on
the distance to their serving BSs in the range of 7dBm to 30dBm.
Without loss of generality, we also set §2 = 0.01 as the identical
error variance, 02 = 0.01, P, =35 dBm and P, =7
dBm. The fading channel is modeled according to Rayleigh
statistic and the channel matrix is obtained by averaging 800
random channel realizations.

Fig. 1 plots the impact of variation of transmission power on
the energy efficiency of the network under different number of
wireless users. We vary the transmission power of UEs from
5dBm to 35dBm and change the number of users from 15 to 60.
We observe that the energy efficiency first gives rise as the
transmission power increases, then it is saturated when the
transmission power reaches 35 dBm. The major reason behind
the results is that our method adjusts the optimal transmission
power based on the accurate CSI obtained by maximum
likelihood estimator. We know that transmission data rate is
increased as the transmission power of UEs is increased that
leads to energy efficiency enhancement. However, in the absent
of perfect information of channel conditions, UEs consume
higher circuit power to transmit data causing energy efficiency
reduction. The proposed approach effectively adapts the
transmission power to the true channel propagation condition
results in reducing circuit power consumption. However, as

shown, the proposed approach enhances data transmission rate
and outperforms the existing schemes in terms of energy
efficiency.
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Fig. 1. Network energy efficiency for different transmission power.

We investigate the effect of estimation error on the average
power consumption for all existing schemes in Fig.2. The figure
clearly shows that all methods are oriented towards higher and
faster power consumption at higher estimation error. For
instance, in the proposed approach, the average power
consumption is approximately 3800 W for é2 = 0.01 while it
reaches over 4650 W at 2 = 0.1. The total power consumption
for ML-based scheme and SIC-based algorithm are 4950 W and
5215 W under é2 = 0.1, respectively. Consequently, the
average power consumption increases under larger error
variance. The reason is that, in high level of accuracy, smart
devices can reduce their transmission power since they adapt the
transmission power with true channel characterization. We also
study the impact of estimation error on the energy efficiency
performance in Fig. 3.

Fig. 4 illustrates the data transmission rate under various
transmission power for different values of error variances. The
findings explicitly demonstrate that the data transmission rate is
vulnerable to estimation error. For instance, the average data
transmission rate of the proposed approach is almost 8.6 * 10?
bps at §2 = 0.01 while it is about 5.6 * 10 bps for larger error
variance €2 = 0.1 . Thus, we can deduct that the higher
estimation error results in lower data transmission rate. In fact,
As the size of error estimation is increased, the average
transmission rate degrades dramatically.
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Fig. 2. Average power consumption for different 2.
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Fig. 5 demonstrates the mean square error (MSE)
performance of all the methods for comparison.

The graph confirms that the superiority of our approach
compared with the baseline methods. It can be seen that
approximately MSE < 0.27 for our method whereas it is nearly
0.45 in SIC-based scheme and 0.37 in ML-based algorithm.
Therefore, it is evident that the proposed approach provides high
accuracy estimation that leads to lower power consumption and
higher energy efficiency.
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Fig. 5. MSE analysis for the existing methods under different iterations.

IV. CONCLUSION

In this study, we proposed a robust energy-efficient data rate
allocation method for a multiuser 6G system that is less sensitive
to the channel uncertainty. We considered time-varying channel
model since the performance of the rate allocation process
extremely depends on the channel state. Due to the perfect CSI
is not available in realistic scenarios, we used maximum
likelihood estimator to obtain accurate estimation of channel
characterizations. The proposed estimation approach obtained
accurate channel coefficients for optimal rate allocation. We
then established a distributed algorithm to adapt data
transmission rate to true channel conditions and solve the
optimization problem. Eventually, simulation findings revealed
that the proposed method enhances the network energy
efficiency and achieves higher data transmission rate comparing
to the existing schemes. As a future work, we are planning to
develop an antenna selection algorithm in order to switch off a
number of receive antennas based on the channel conditions.
Antenna selection methods emphasize activation of only a few
number of antenna while keeping bit resolution on high. This
reduces circuit power consumption and enhances energy
efficiency in massive MIMO systems while the channel capacity
remains the same. Also, we intend to design an efficient user-
antennas scheduling scheme as it provides higher data
transmission rate and more energy saving for 6G
communications with large number of users.
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