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Abstract—Cell-free massive MIMO (CF-mMIMO) network
and its user-centric (UC) version are considered as promising
techniques for the next generations of wireless networks. How-
ever, fronthaul and backhaul assignments are challenging issues
in these networks. In this paper, energy efficiencies of uplink
transmission for the CF- and UC-mMIMO networks are studied,
wherein access points (APs) are connected to aggregation nodes
(ANs) through radio frequency (RF) and/or free-space optic
(FSO) fronthauls, and the ANs are connected to a central process-
ing unit via fiber backhauls. The achievable data rates are derived
by taking into account the effects of hardware non-ideality at the
APs and ANs, FSO alignment and weather conditions. To have
a robust and energy-efficient network, especially in the presence
of FSO misalignment and adverse weather conditions, firstly, a
cognitive RF-FSO fronthaul assignment algorithm is proposed
at the cost of sharing the available RF bandwidth between the
access and fronthaul links. Then, optimal power allocations at the
users and APs are investigated, and two analytical approaches are
proposed to solve the non-convex optimization problem. Through
numerical results, we have discussed how utilizing the cognitive
RF-FSO fronthaul assignment achieves higher energy efficiency
compared to that of FSO-only, RF-only, or simultaneously using
RF and FSO fronthaul links, e.g., achieving up to 198% higher
energy efficiency under unfavorable conditions. Moreover, the
effects of FSO misalignment, weather conditions, and power
allocations on the performances of the CF- and UC-mMIMO
networks are discussed.

Index Terms—Cell-free massive MIMO, user-centric massive
MIMO, RF and FSO fronthaul, fiber backhaul, uplink achievable
data rates, energy efficiency.

I. INTRODUCTION

EY features of novel technologies for upcoming wireless
K networks are to answer the immediate increase of mobile
users with high data rates, low latency, and energy-efficient
connection requirements. To this end, a massive multiple-
input multiple-output (mMIMO) network has been proposed
to provide noticeable improvements in spectral and energy
efficiencies by applying near-optimal linear processing thanks
to the weak law of large numbers [1]. In the mMIMO
network, it is sufficient to acquire channel state information
(CSI) at base stations, and due to the channel hardening
and uplink/downlink reciprocity in a time-division duplexing
manner, each user only needs to know the statistical averages
of effective channels. Thus, there is no pilot transmission
overhead in the downlink [2]. Various modifications of the
mMIMO network have been introduced in the literature [2]—
[5]. In particular, a cell-free mMIMO (CF-mMIMO) network,
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which inherits the advantages of both distributed and mMIMO
networks, has been introduced to serve users with almost
the same high spectral efficiency and coverage support by
applying the maximum-ratio detection at access points (APs)
[4]. In the CF-mMIMO setup, the APs simultaneously serve all
user equipment (UEs). Since the access links between the APs
and UEs are shorter, and the UEs experience almost-surely
better channels, the CF-mMIMO network provides higher data
rates and wider coverage support than the cellular one. In this
case, [4] has shown that the CF-mMIMO network outperforms
the small-cell one with about 5-fold and 10-fold improvement
in 95%-likely per-user throughput, under uncorrelated and
correlated shadowing, respectively.

The CF-mMIMO networks have been investigated from
various perspectives. A max-min transmission power control
mechanism that ensures uniformly good service within a cov-
erage area has been proposed in [4]. Similarly, a power control
mechanism for pilot transmission has been studied in [6],
which minimizes the channel estimation’s mean-squared error.
In addition, a user-centric mMIMO (UC-mMIMO) network,
wherein each user merely connects to its nearby APs, has
been introduced and analyzed in [7]. It has been shown that
the UC-mMIMO network provides higher per-user data rates
in comparison to the CF-mMIMO one with less fronthaul and
backhaul overhead [8] and [9]. Moreover, [10] and [11] have
analyzed the energy efficiency and total power consumption
models at the APs and ideal backhaul links in the CF-mMIMO
network. Furthermore, in [12] and [13], spectral and energy
efficiencies have been analyzed for limited-capacity fronthaul
CF-mMIMO networks, and the effects of quantization on the
network’s performance have been studied.

On the other hand, the fronthaul and backhaul links are
mainly deployed by using two well-known optical technolo-
gies; fiber and free-space optic (FSO). The fiber communica-
tion technology provides high data rates and low path-loss,
which comes at the disadvantages of high deployment costs
and digging problems. Conversely, the FSO technology offers
high enough data rates with much lower deployment cost,
rapid setup time, easy upgrade, flexibility, and freedom from
spectrum license regulations. However, it comes at the expense
of some drawbacks such as pointing error, the requirement of a
good-enough line-of-sight (LOS) connection, and sensitivity to
weather conditions [14]—-[16]. To conquer the outage problem
of FSO links in adverse weather conditions, combined radio
frequency (RF) and FSO, namely hybrid RF-FSO, and buffer-
aided RF-FSO solutions have been suggested [14], [17]-
[21]. [22] has presented a cloud-radio access network (C-
RAN) with RF access and hybrid RF-FSO fronthaul links in
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which RF-based fronthaul and access links exploit the same
frequency band with an optimized time-division mechanism.
Furthermore, optimal power allocations and FSO fronthaul
selections in cloud small-cell millimeter-wave networks have
been proposed in [23].

To have a lower-complexity signal processing and skip com-
plete channel decoding and re-encoding at a relay node, in-
stead of utilizing the well-known decode-and-forward relaying
scheme, one can use the classical amplify-and-forward (AF)
scheme. Besides, for converting the received signal at a relay
to another domain, e.g., radio-over-FSO or FSO-over-fiber, a
practical clipping model could be used [24]-[27]. In practice,
communications suffer from various analog and digital non-
idealities, such as phase noise, impedance mismatch, 1/Q
imbalance, and quantization [12]. Despite investing in high-
quality devices and applying more complex signal processing,
some non-negligible errors still remain. These errors are called
hardware impairment (HI) [28]. Therefore, to propose a cost-
efficient mMIMO network, analyzing its performance, subject
to the HI model, has gained research interest [29]-[32].

To the best of our knowledge, the CF- and UC-mMIMO
networks’ performances with two layers of optical fronthaul
and backhaul links, subject to different hardware models, FSO
alignment and weather conditions, have not been investigated
in the literature. In this paper, we study the uplink trans-
missions of the CF- and UC-mMIMO wireless networks in
which RF and FSO fronthaul links connect distributed APs to
aggregation nodes (ANs), and fiber backhaul links connect the
ANs to a central processing unit (CPU). The clipping and HI
models are also used to model the reformations of the radio
and optical signals at the APs and ANs. The main contributions
of the paper are summarized as follows.

¢ Closed-form uplink achievable data rates are derived by
employing maximum-ratio-combining (MRC) and use-
and-then-forget (UatF) techniques for the CF- and UC-
mMIMO networks.

o Optimal power allocations at the UEs and APs are pro-
posed to maximize energy efficiencies of the CF- and UC-
mMIMO networks, subject to maximum transmission and
consumed powers at the UEs and APs. To overcome the
non-convexity of the optimization problem, we suggest
two solutions based on the geometric programming (GP)
and weighted minimum mean-square error (W-MMSE)
approaches.

o A cognitive fronthaul assignment algorithm is proposed
to maximize the energy efficiencies of the CF- and UC-
mMIMO networks under FSO misalignment and adverse
weather conditions. To this end, an AP cognitively de-
cides to transmit data over its FSO-only, RF-only, or
RF-FSO fronthaul. For the case of using RF bands in
the fronthaul links, e.g., RF-only and RF-FSO, the RF
bandwidth is shared between the access and fronthaul.

e Through numerical results, the performances of the CF-
and UC-mMIMO networks and the advantages of the
optimal power allocations and cognitive fronthaul as-
signments are investigated. It is shown that the UC-
mMIMO network outperforms the CF-mMIMO one from
the spectral and energy efficiency viewpoints. It is also

concluded that the optimally allocating the UEs’ and
APs’ transmission powers improves the networks’ perfor-
mances compared to full power allocations. Likewise, the
networks with cognitively-assigned fronthaul links offer
higher energy efficiencies than that of with FSO-only, RF-
only, and simultaneously using both RF and FSO links
(RF&FSO), in unfavorable FSO alignment and weather
conditions.

Organization: Section II introduces the CF- and UC-
mMIMO networks with FSO and RF fronthaul and fiber
backhaul links. Channel training and data transmission are
represented in Section III. Uplink achievable data rates are
derived in Section IV. Section V presents the power allo-
cations and cognitive fronthaul assignments, and Section VI
represents numerical results and discussions. Finally, the paper
is concluded in Section VII.

Notation: © € C™*! represents a vector in an n-dimensional
complex space, E{-} is the expectation operator, and [-]7
stands for the transpose. Also, erf(.) and erfc(.) indicate
the error and complementary error functions, respectively.
Moreover, y ~ N(m,0?) and z ~ CN(m,o?) sequentially
denote real-valued and complex symmetric Gaussian random

variables (RVs) with mean m and variance o2.

II. SYSTEM MODEL

We consider a distributed mMIMO network wherein M
number of N-antenna APs simultaneously serve K single-
antenna UEs at the same time—frequency resources. The users
are distributed over a wide area with different regions, e.g.,
urban and rural areas, industrial estates, and crowded places,
c.f. Fig. 1. To cover the whole area, it is also assumed that
there exists A ANSs to gather data from all the APs via RF-FSO
links, namely the fronthaul links. Every AP is equipped with a
single RF fronthaul antenna and an FSO aperture for sending
signals to the serving AN. Ultimately, each AN re-transmits
its received signals to the CPU via a multi-core fiber (MCF)
link, called the backhaul link. To analyze the performance of
the proposed network, we consider two setups; (a) cell-free
network and (b) user-centric one. Despite the cell-free setup
in which an AP serves all UEs, for the user-centric case, each
AP only serves a portion of its adjacent UEs. Moreover, to
acquire channel state information (CSI), each coherence time
interval is divided into two phases; uplink channel training and
data transmission, where UE—-AP access and AP-AN fronthaul
links are estimated at the APs and ANs, respectively.

Before investigating achievable data rates and optimization
problems, we study data flow and provide channel and hard-
ware models in the following subsections.

A. Fronthaul Signal Flow

Considering the alignment precision and weather conditions
as two main factors affecting the FSO performance, each
AP decides to forward the received signal over its FSO-
only, RF-only, or RF-FSO fronthaul, c.f. Fig. 2, based on
a cognitive fronthaul assignment algorithm. To this end, we
consider four weather conditions—clear, rainy, snowy, and
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Fig. 2. The signal flow over access and cognitively-assigned fronthaul links.

foggy. Also, we suggest three FSO alignment conditions—
poor, moderate, and good alignments. In the case of RF-
only and RF-FSO fronthauling, the available RF bandwidth
is shared between the access and fronthaul links due to its
high cost, and the frequency-division multiplexing (FDM)
method is applied. Let us consider the RF bandwidth as BW,
and define BWy and BW,,, as the bandwidths of the access
layer and the mth AP’s RF fronthaul, respectively. So, we
have BWy, =  min A{BWO“}’ where BW,, = BW,, =

a=1,2,...,
BW/(A,+1), me M(a)'. Herein, A, is the number of the
RF links connected to the ath AN, for a = 1,2, ..., A. Thanks
to beamforming and interference cancellation techniques, the
fronthauls’ RF bandwidths are reused per AN. Besides, M(a)
denotes the set of the APs served by the ath AN, where
S M(a)=M, and M(a) "\M(d )= if a # d.

B. Access Channels
The RF access link between the kth UE and mth AP is
modeled as
Gk = B Py, form =1,2,.. ., Mand k = 1,2, .., K,
(1)

I'Since the received signals at an AP are analogy reformed and forwarded,
its input and output RF signals’ bandwidths are equal.

where 3,1, denotes the large-scale fading, and h,,,;, € CV*1!
represents the small-scale Rayleigh fading coefficients such
that its elements are independent and identically distributed
(i.i.d.) CN(0,1) RVs.

C. Fronthaul Channels

Since the fronthaul link could be FSO-only, RF-only, or
RF-FSO, in what follows, we discuss channel modelings of
RF and FSO links.

1) RF links: For the case of RF link between the mth AP
and ath AN, we have
IEE@ = ﬁzln/n2ham7 for mEM(a), (2)

where (.., and hg,, respectively present the large-scale and
the small-scale fading terms.

2) FSO links:

15781? = IjamIt,amIpam, for mé./\/l(a), 3)

For the case of FSO fronthaul, we have

where I 4., denotes the path-loss [33]

A, e~ Vdam

(¢rdam)2 ’
where A,, dgm, ¢r, and 7 denote aperture area, fronthaul
length, beam divergence angle, and weather-dependent atten-
uation coefficient, respectively. Besides, I; 4y, is the atmo-
spheric turbulence-induced fading, modeled via a log-normal
distribution with the following probability distribution function
(p.d.f) of [24]

7 ef'ydam

l,am ) (4)

Il,am =

fLs,am (It,am) =
2
1 (ln([t,am) + 25l2,am)
————F—— exp|— . (5
21, amn 2702, 807 am

where 5ﬁam = 0.3070721&%? d:M/0 is the log-amplitude variance
for plane waves, and Cﬁ denotes the index of refraction
structure parameter. Herein, kqm = 27/Agm in which Ay, is
the wavelength of the FSO link. Furthermore, I, 4., represents
the boresight pointing error with the following pdf [34]
3 2 21
pr,am (Ip,am) = ?Is,am’ 0 < Ip,am < I(), (6)
I

where Iy = [erf(v)]®, and ¢ = iw, o;' implies the

ratio of the equivalent beam radius to the pointing error
displacement standard deviation at the receiver. Moreover,
wﬁeq = w?/0.257 erf(v)v ™t exp(v?) and v = V0.5rw; 1rg,
where w, is the beam waist at distance z, and 75 depicts the
alignment-based radial distance at the detector. Finally, the pdf
of the IT59 is obtained as [34]

FSO
_ In| —"— | +@am
f[FSO (IFSO) _ 52(157%?)52 ! erfe <IOIl,am) 901
e Al am |

(7)
where ©am =267, (1 +2¢?) and ¢}, =267,,,6%(1 +&€2).



FSO
laser diode
|
RE FSO
out
antenna RF
° antenna
Thermal o
noise Ny,
FSO
photodetector
+B.
. ol B T, Optcal
Tin laser diodes
1

Thermal and

shot noise FSO

out

RF Clipping model (RoF ) —
antenna RF
+B. Tout MCF
IF to BB i
e ?
in

Thermal
noise

(b)

Fig. 3. The simplified hardware models at the (a) APs and (b) ANs. Here,
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D. Hardware Models

The received signals at the APs and ANs are analogy
reformed and forwarded through the fronthaul and backhaul
links, respectively. Two hardware models are employed; clip-
ping and HI models. In general, the noisy distorted signal is
modeled by the Bussgang theorem, as follows [35]

(®)

where (€ {ftm, pta } denotes the distortion gain. Furthermore,
Tin ~ CN(0,6%) is input signal, and ng ~ CN(0,532) is the
distortion noise.

1) Clipping Model: To convert the RF signals to the FSO
form at an AP, we apply a clipping model in which the received
signal is firstly clipped, and then a DC bias is added to make
the optical signal non-negative. Finally, the amplified signal is
transmitted with a laser diode. This technique is called RF-
over-FSO (RoFSO), c.f. Fig. 3 (a). Likewise, the same method
is used for reforming the FSO and/or RF signals to match the
fiber optics at an AN, sequentially named RF-over-fiber (RoF)
and FSO-over-fiber (FSoF), c.f. Fig. 3 (b). For the clipping
model, the distortion gain becomes [24]

f Be

= poerf| ——=1,
H = Ho TL% 5
where 1o denotes the laser’s gain, B, represents the clipping
level, and the variance of the distortion noise is given by [24]

03=B2(2- L) +ude?(1- )L
Ho Mo/ Mo

[iB5a® (B
) ——exp|—= )
T P 20352

Tout = UTin + ng,

©)

(10)

2) Hardware Impairment Model: Since the RF devices
and signal processing are not ideal, the up-conversion of the
received RF signals at an AP and forwarding them over the
RF fronthaul links are subject to the HI, which is named RF-
over-RF (RoR), as shown in Fig. 3 (a). In (8), we set u=¢&1/2,
where £ € [0,1] indicates the hardware quality factor, ng ~
CN(0, (1 — £)6?) is uncorrelated with the input signal, and
we have E {|zou|?} =E {|z:m|* } =62 [12].

ITI. CHANNEL TRAINING AND DATA TRANSMISSION

In this section, we firstly present the uplink channel training
phase to estimate the RF and FSO channel coefficients. Then,
the uplink data transmissions are investigated.

A. Uplink Channel Training

In the channel training phase, the UEs and APs indepen-
dently transmit channel training sequences through their access
and fronthaul links, respectively. The channel coefficients of
the RF access links are estimated at each AP after some
mathematical computations. Likewise, the channel gains of the
RF and FSO fronthaul links are acquired at the corresponding
ANs. Without loss of generality, it is assumed that the CPU
knows the estimated channels derived at the APs and ANs.
Likewise, the estimated channels at each AN are shared with
the served APs, which is required for the fronthaul assignment
algorithm.

1) RF channel estimation at APs: All UEs transmit their
Tp-length mutually orthogonal pilot sequences /7,pp0% €
C™»*! for k = 1,2,..., K, where ||¢x||* =1 and 7, > K.
Therefore, the N x 7, received superimposed pilot matrix at
the mth AP is given by

K
H
Ypm = /TpPp Z EmkP + Wp,m (1 1)
k=1
where p,, represents pilot transmission power, and wp , ~
CN (0,07 ,,In) denotes the additive noise matrix with i.i.d.
elements. Afterward, the received signal is multiplied with the

conjugate transpose of the kth UE’s pilot sequence as
K

gp,mk - yp,msok =V TpPp Z gmk’ﬂogﬂok +wp,m80k- (12)
k'=1

To obtain the wireless channel coefficients at the mth AP, a

linear minimum mean-square error (LMMSE) estimation is
performed as follows

-1
(E{gmk’g;{mk}) (E{gp,mkggmk}) ’gp,mk
vV Tpppﬁmk .

= K Yp,mk = kagp,mka
ToPp Y Bk |92 er|? + Opm
k=1

gmk

13)
and the mean-square of the estimated channel becomes
Ymk =: E{ggkgmk} =V Tpﬂpﬁmk(mk- (14)



2) FSO channel estimation at ANs: To measure the FSO
channel gain between the ath AN and the served mth AP, the
AP sends its 7,-length mutually orthogonal pilot signal ¢,,
through its FSO link, where ||¢,,||> = 1. Thus, the received
signal at the ath AN is modeled as’

_ FSO
Yp,am = \/Tp P[EE?Ia Pm + Up,am,
PFSO

where P2 is the maximum FSO transmission power at
each AP satisfying the eye-safety regulations, and vy, 4y, ~
CN(0, (¢559,,)°I+,) is the additive noise vector with i.i.d.

elements. Similarly, by multiplying ¥y, am with @ and
applying the LMMSE®, we have

T, PO

5)

7FSO __ max ~ . FSO ~
I - Plggxol—\z ( ESO )2 yp,am = Sam yp am» (16)
p,am
where, by use of (7), I';,,
IoLyam)"
F’n, —E IFSO — ( 04l,am
= B} = el

X exp {2 (§2+n)2512)am— (§2+n) <Pam:| Com> (17

and the mean-square of the estimated channel becomes

IS0 = B{IEOPY = \[r, RO T2, (50

3) RF channel estimation at ANs: The mth AP transmits
Tp-length mutually orthogonal pilot sequence ¢/, to the serv-
ing AN via its RF link. Hence, the 7, x1 received pilot vector
at the ath AN is given by

/ RF
yé,am = P[Efxla Som + vp am>
where PRF

nax denotes the maximum wireless transmission power
at each AP, and v}, ,,, ~ CN(0, (¢3%,,,)%I,) represents the
additive noise vector with i.i.d. components Since ||¢’,||*=1,
by multiplying yp um With @21 and applying the LMMSE,

(18)

19)

we have
/7. PRE
jRF _ TP max ﬁam ~/ . RF ~/ (20)
- B ( )2 p,am = amyp am?
max am p,am

and the mean-square of the estimated channel is derived as

Vam = B{IGL 1P} = /75 PRE BamCam @D

B. Uplink Data Transmission

After receiving the UEs’ data signal in the uplink by each
AP, it reforms and forwards the processed signal over its
fronthaul to the dedicated AN. Then, the corresponding AN
reshapes the received FSO and/or RF signals to the optical
ones and delivers them to the CPU via its MCF backhaul
link. Finally, users’ data recovery is performed at the CPU. In
what follows, the details of data recovery are presented.

2We assume that the FSO detectors are sufficiently spaced to avoid optical
interference and cross-talk [22].

3The LMMSE is a sub-optimal estimation technique for the FSO channels
due to their non-Gaussian statistics.

1) User-centric clustering: In the UC-mMIMO network
[8], the mth AP only supports a subset of all UEs, i.e.,
K(m) C {1,2,..., K}. Consequently, M(k) denotes the set
of APs serving the kth UE, which is defined as M(k) =
{m:k € K(m)}. By applying a neighborhood clustering
mechanism [7], the mth AP classifies the estimated channel
coefficients in a descending order and only serves a limited
number of UEs, i.e., [K(m)|<K.

2) Data processing at APs: First, the received signal at
the mth AP is given by

K
Yu,m = /Pu Z VNk8mEkSk + Wy m; (22)
k=1

where s, ~CN(0,1) denotes the information symbol of the
kth UE weighted by power control coefficient 7y, € [0, 1]. Also,
Py, Tepresents the maximum signal transmission power, and
Wy,m ~ CN (0,02 ,.1In) indicates the additive noise vector
with i.i.d. elements. Then, the received signal is reformed us-
ing the RoFSO and/or RoR techniques and forwarded through
FSO and/or RF fronthaul links, respectively, as follows

ju,am = €am (Nmyum + nd,m) = €amTuy,am, (23)

~/
wu,am

= 6:zm (M;nyu,m + nldm) = 6amw; am? (24)

where i, and p!, denote the FSO and RF distortion gains,
respectively. Herein, nqm, ~ CN(0,67,,In) and nj, ~
CN(0, 5&2m1 N) represent the dlStOI‘thl’l noises. In add1t10n
€am €{0,1} and €, €{0, 1} present the fronthaul assignment
indices of the FSO and RF links between the ath AN and the
mth AP, m € M(a), respectively. With ¢4, =1 and €,,,, =0,
the signal is sent over the FSO-only fronthaul, while with
€am =0 and €/, =1, the signal is sent through the RF-only
fronthaul. However, the signal is transmitted over the RF-FSO
fronthaul if €4, =€), =1.

3) Data processing at ANs: The received FSO and/or RF
signals at the ath AN are sequentially presented as below

Yu,am = €am (mu,amjgysr? + 'Uu,am)v (25)
Also, vu am ~ CN(0,( isgm)le) and vy, ., ~
CN(0, (¢§F,,,)%In) are the additive noise vectors at the AN

with i.i.d. elements. Then, the AN applies the FSoF and RoF
techniques to match the FSO and/or RF signals with the optical
forms, respectively, and sends them over the connected MCF
backhaul link.

4) Data processing at the CPU: The CPU acquires the
reshaped and noisy versions of the FSO and/or RF signal
vectors sequentially as below

Tu,am = HamYu,am + €am (nd,am + VCPU)a (27)

,rlu,am = :u’:zmylu,am + 6:zm (nl(i,am + VCPU)7 (28)

where i, and pl,, represent the FSO and RF distor-
tion gains, respectively Also, ng gm ~ CN (0,62, In) and

d, am
7)) g ~ CN(0,07,,,In) illustrate the distortion noises, and



vepy ~ CN (0, ¢gpyln) denotes the additive noise at the
CPU. By using (22)—(28), the received signals at the CPU
are rewritten as

Tu,am = €am ( IFSO Z \/_gmksk + 0, am) (29

K
Tam = ( Lo > TR Gmksk + 9;,am) , (30)

k=1

where Jum = /Pufbmbbams Jom =/ Pulbinbem. and we have

FSO
Gu,am - ,UJm,uamIam Wu,m + ,uamIam ng

+ HamUu,am + Md,am + VCpu,
Ol am umuamfamwu.,m + L Lo Pt m
+ MoV am + T am + Vepu,
where E{®., o} =E{©], .,

/
matrices of @y am and O], .,

,m

} =0. Besides, the covariance
are respectively denoted by

Qi am =2 .amINxn and Qfam Qu amINxn, Where
Qi am :u’gnﬂgml—‘im Ou,m + :u’am m6(21,m
12 (BES0 V2 4 67 o + D2 31)
Ham w,am d,am CPU>»
Q;z am Mfmufmﬁamou m + :u’amﬁllmé
+ Mam( u, am) + 5d am + (bCPU' (32)

One can show that all terms of the overall additive noises are
mutually uncorrelated. Thus, the variances of the noises, given
in (31) and (32), become equal to the sum of the variances of
superimposed noises.

IV. ACHIEVABLE RATES ANALYSIS

The data recovery and uplink achievable data rates, for the
CF- and UC-mMIMO networks, are discussed in the following
subsections.

A. Uplink Data Recovery

By applying the MRC detection at the CPU, data recovery
is performed for the CF- and UC-mMIMO networks.

1) UC-mMIMO network: The CPU gathers the uplink
signals from A ANs, i.e., (29) and (30), and recovers the data
symbol of the kth UE, i.e. si, by applying the following MRC
technique

=y Y 8l
a=1meMy(a)
where My,(a)=M(a) N M(k).
2) CF-mMIMO network: For the CF-mMIMO network,
the data recovery is employed as in (33), only by use of

Miu(a)=M(a).

(IFSO )*Puam + (IRE ) ;am) 33)

B. Uplink Achievable Data Rates

Through this subsection, we derive the uplink achievable
data rates for the CF- and UC-mMIMO networks by em-
ploying the well-known use-and-then-forget (UatF) bounding
technique [2].

1) UC-mMIMO network:
(33) is rewritten as

In the UC-mMIMO network,

K
Tuk = DSisi + BUgsy + Z 1UI; sk + N,

K=1
K £k

(34)

Effective noise
where
e DS, denotes the desired coefficient of the kth UE

A
Dsk = \/U_kE{ Z Z EamJam(fll;SO) IFSOgmkgmk

a=1meMy(a)

Y

€am am IEF) IRF gmkgmk}
a=1meMy(a)

(33)

e BUj, is the beamforming uncertainty coefficient of the
kth UE due to the statistical knowledge of the CSI, i.e.,
UatF bounding,

A
BUy = Vil <Z D CamTum (L) Ton? i

a=1meMy(a)

A
- E{ Z Z eamJam(jgso) IFSOgmkgmk}

a=1meMy(a)

Y

a=1 mEMk(a)

—E{z >

a=1meMy(a)

m(Lam) Lo &k 8mi

am am IgF) Igrl;gygkgmk })

(36)

o IUIg; represents the inter-user interference coefficient
from the k’th UE

A
Ul = i (Z S o (E50) 1080 i
a=lmeMy(a)

Y

)" fszgzkgmk)
a=1meMy (a)

(37)
o Ny indicates the overall additive effective noises
Nk—z Z emn IFSO *Amkguam
a= 1m€./\/lk(a)
+ Z Z IRF keu am* (38)

a=1 mGMk(a)

One can show that all the given terms in (34) are mutually un-
correlated. Thus, from the information theoretic perspective, to
analyze the worst-case scenario, we assume that the effective
noise is modeled by an equivalent Gaussian random variable.
Thus, the uplink achievable data rates of the kth UE becomes

Ry = 10g, (1 + SINR) [bps/Hz], (39)



where the SINRy, is derived in the following Theorem.

Theorem 1. The SINR of the kth UE is computed as follows

e l S X (a)( mA<k>+u:nA'<k>)] 2

SINR), = ——L— "M — :
Sy [ufn (nk8<k>+ 5 nkfcae,k'))
a=1meMy(a) k' Zk

i (B 0+ 5 e/ (6,10) | +D(0)
e 40)
where

A(k) = /PuamblamYos Ymk,

A" (k) = v/ Putym Hoam Yo Ymk

BUR)=pucmbin (Yerd ) (s +2Bru) Yo,

B' (k)= putim o Yo ( R Brnks~+ BamYmk +5amﬂmk) :
Clk, k') =2pu€l bt (Vams )2 ( ok Tpm Yo/ ﬁmk) Bk

C'(k, k)=

pu€:12mﬂ/a2m’7§51 ( §7I; +ﬁam) (Cvznkraz,m +’772nk:/ﬁ77ﬂ<7> Bk s

A
PI=3" 3 (002t R0, ).
a=1meMy(a)

Proof. See Appendix A.

2) CF-mMIMO network: By use of My(a) = M(a) in
(40), the SINR;, of the CF-mMIMO network is derived.

V. RESOURCE ALLOCATION

In this section, we firstly propose a cognitive fronthaul
assignment algorithm used at each AP. Then, the UEs’ and
APs’ optimal transmission powers are obtained to maximize
the energy efficiencies (EEs) of the CF- and UC-mMIMO
networks.

A. Cognitive Fronthaul Assignment

To assign a fronthaul link, e.g., FSO-only, RF-only, and
RF-FSO, for the mth AP, Algorithm [ is proposed by use of
the estimated channels and measured FSO beam at the cor-
responding AN. Under different FSO alignment and weather
conditions, the values of €4, and €, are assigned. For
measuring the received FSO beam’s alignment at an AN, a
quadrant photodiode (QPD) with 4-quadrant detectors (4QD)
is utilized [36], c.f. Fig 4* Based on the measured FSO beam
at the quadrants of the QPD, namely q1, q2, ¢3, and q4, we
obtain the FSO alignment condition. Next, an approximate
value of the attenuation coefficient, i.e., %, is derived in
(41) to estimate the weather condition. Finally, the fronthaul
assignment indices are acquired.

4One can show that the bounds for the s among the ideal alignment and
misalignment are obtained as w, —rq < 1rs < w; +71q. Therefore, we have
1—w trg <wz trs <1+4wz rg.

Fig. 4. The (a) poor, (b) moderate, and (c) good FSO alignments at the ath
AN’s QPD. The bold gray and red dashed circles represent FSO aperture and
beam waist, respectively.

Algorithm 1: Cognitive fronthaul assignment

Input: FSO parameters &, 0;,qm, ] ,,,,; attenuation
factors of the supposed weather conditions,
e.g., v; fronthaul length d,,,; mean-squares of
the estimated channels 7550, ARF . received
signals at the QPD q1, g2, ¢3, 4. Initial
parameters s, Ip.
Output: The fronthaul assignment indices: €4, €5,
1 if ql‘>>E4'Fl q;, Vi or ¢;~q; ~0,Vi#j then poor
2
alignmenjt;;é
else if ¢;~q; >0, Vi#j then good alignment;
else moderate alignment.
Update I using 7.
Using (4)—(6), estimate 4 as below

N R W N

L (ERVARD 2
7 Ao L] o dam

6 Compare the 4 with the ~ of different weather
conditions — clear, rainy, snowy, or foggy.

7 Assign default ¢,,,, =1, €/, =0.

8 if vXI <~I50 then goto 16.

9 if poor alignment then €,,,, =0, €/, =1;

10 else if moderate alignment then

1 L if snowy or foggy weather then €., =0, €, =1,

12

else €, =€, =1;
13 else

14
15

16 return €g,,,

if snowy weather then e, =€, =1;
else if foggy weather then ¢, =0, €, =1.

€l.m; stop the process.

B. Power Allocation

Our goal is to maximize the CF- and UC-mMIMO net-
works’” EEs by optimally allocating the UEs’ and APs’
transmission powers, subject to maximum power constraints.
Thereafter, the optimization problem is presented by

P1: maximize EE
{nk>0},

{Pn>0, P/, >0}
Cl Mk < 17 Vka
subject to ¢ Ca @ P, < PESOvm,

Cs: P, < PRE. VYm,

max?

(42)



where P, and P! are transmission powers at the mth AP’s
FSO and RF terminals, respectively. Also, P59 denotes the

max
maximum FSO transmission power, satisfying the eye-safety

regulations, and PRF represents the maximum RF transmis-

max

sion power at each AP. The EE of the network is defined as

K
BW, 3 log, (1 + SINRk)

T—Tp k=1

EE = — P ;o (43)
such that
K M A
Pt = Pu Z Tk +Z(Pc,m+Pfh,m) + Z (Pc,a+th,a)7
k=1 m=1 a=1
UEs APs and fronthaul links ANs and backhaul links

(44)

where P, ,, and P, , denote the circuit powers at the mth AP
and ath AN, respectively. Besides, P, », indicates the power
consumed by the mth fronthaul link, and P, , depicts the
consumed power at the ath backhaul link. The sum of the
second and third terms in (44) is named as Pp,y, for next usages.

Also, P,,, given in Co, is computed as

Pm = E{w{iamwu,am}
K

= 12pu D Bkt 1O+ 05 < Prse, Y. (45)
k=1

Therefore, we have

K
1o, <pu > kB +a;i,m> <PEO—63 ,, < PrsO Ym. (46)
k=1

Without loss of generality, by replacing Pfs0—5% — with PESO
the feasible set becomes larger or equivalently we can assume
higher maximum power. It is also worth noting that, numerical
result indicates that the value of 5§7m is negligible compared

to PESO. Similar to (45)—(46), C3 is rewritten as

max

K

iy (pu > Bk +o§,m> < P Y.
k=1

(47)

According to (46)—(47), finding the optimal values of p,, and
. is equivalent to obtain the optimal values of P, and P/, .
Therefore, the optimization problem P; is reformulated as

T —17, (BW K
Py :  maximize P O) lo (1 + SINR)
SR e ( Py ; &2 g
{um >0, u;, >0} -

e < 1, Vk
subject to {Cl e =2 T

CQ : (4()), Cg : (47), C4 : Pnet < Po.
(48)

Since the optimization problem Ps is a non-convex and NP-
hard problem, we propose two approaches to solve it; high-
SINR approximation and the equivalent W-MMSE method.
s} %)0) is constant, it can be removed from the

objective function.

Since

1) High-SINR approximation: By applying the high-SINR
approximation, the objective function is approximated with

K
e (BX)O) log, ( 1}:[1 SINRk) . Moreover, because log, (7) <z,

Vx>0, the optimiz_ation problem is reformulated as follows

K
Ps : maximize
{m>0},{wi >0},
{um>0, u;, >0}
Ci:m <1, VE,
SubjeCt toqCo: (46)’ Cs: (/17)7 Cy: Pt < Py,
Cs : wi < SINRg, VEk.

W
k=1
(49)

By inserting (40) into P3 and further algebraic manipulations,
the optimization problem becomes a geometric program (GP)
since the objective function has a monomial form, and all the
inequality constraints are posynomial functions, less than or
equal one. Thus, Ps is solved by using MOSEK in CVX [12].

2) The W-MMSE method: We can derive an equivalent
form of the objective function and break the optimization
problem P5 into subproblems to be solved sequentially [37].
To this end, we have

K

3 (ﬁkek— ln(ﬁk))

k=1

Py : minimize
{ox >0} {pm >0, u;, >0},
{9% >0}, {ur}

. Ci: 08 <1, Vk,
subject to
Co: (4()), Cs: (47), Cy: Pt < P,

(50)

where 07 = 1, and ey, is given in the following Theorem.

Theorem 2. The mean-square error is computed as

K A
o=l Y > X (i) )

k=1 a=1meMyg(a)

A
+2luk|29‘“w{9iz > tmpth, A(k)A' (k)

a=1meMy(a)

A
—|§—Z|Z > (umA(kHuinA’(k))}+Iukl2D(l~c)+1-

a=1meMy(a)
(G

Proof. See Appendix B.

The optimization problem P, is convex for each of the
block variables ok, Mk, %, fim, and u,. Thus, we can apply
the block coordinate descent method to solve P, [38]. In
this regard, by fixing four of the optimization variables and
updating the fifth one based on the closed-form expressions
obtained in Algorithm 2, the proposed algorithm sequentially
converges to the stationary points o}, 1}, 9%, ur,, and u;,*f.

VI. NUMERICAL RESULTS AND DISCUSSIONS

Through this section, we present numerical results to high-
light the advantageous of the optimally allocating the trans-
mission powers and applying the cognitive fronthaul assign-
ments. Conventionally, it is assumed that K = 20 UEs and

5According to the standard steps illustrated in [38, Theorems 1 and 3], one
can show that g} is also a stationary point of P1.
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ATV T (A A )
u™ = a7l meMs(a) (49)
K ey & n—1)\2 1(n—1)\ 2
S S S () e k) (e )
k=1 a=1meMy(a)
A
n— 2 n— n—
+2(e"")" 2 z één DD A(k) A () +D(k)
a=1lme k(a
o) — (M2 n=D) _ gy 1)me{u(n)z 3 <um k)4l Ak )>} 1 (50)
a=1meMy/(a)
(W) e d (M) S (n=1) i(n=1)\2 4/
V) Requ,, ; /\2/(: )(um ) A(k)+ (™) A (k)
o = — y - - (1)
n n—1 I(n—1
SRS 3 (e ) it e k)
= a m Lla
A
n n n—1 n—1
+200" |u >|2me{ .z )(u$n N2 () A(k)A’(k)}
a=lme k(a
() (Mgred () § ()1, ()2 ( (M) 2900 < /(n=1)
U)o Requy” 0 Ak) e =9 [u VP (0) Red 32 X i VA(R)A(K)
_(n) a=1meMy(a) a=1meMy(a)
P = I T : (52)
X O Re) S ek k)
k=1 a=1meMy/(a)
() (Mgred () : (), ()2 (M) 298 ) < :
0y 0y Requy, z_:l A%Z A'(k) =0, " [? (") " 9Re Z_:l /\2/1: Mm A( )A (k)
i = =lme Kk(a) . =1meMy(a) ' (53)
X Re) S X k)
k=1 a=1meMy/(a)
M = 200 APs are uniformly distributed within an area of )
D =1 x 1km?]. Also, A = 4 ANs are uniformly spread w } o
over a circle with radius (backhaul length) of 300 [m] and w0r ® ?° i o5
the constant angle of 7/2 [rad] between adjacent ANs, Fig. 300 - AN, ; &N,
5. For the UC-mMIMO, we assume that |K(m)| =10 UEs are Wl _ g o M } [
served by each AP. For the good, moderate, and poor FSO z 10} i e e
alignments, we initiate w; rs <0.8, 0.8 <w;lry <1.2, and P Supportarea 2 @, cpy Supportareal |
w; 1rs >1.2, respectively. Besides, the clear, rainy, snowy, and ;‘é wl ¢ | o, °
foggy weather conditions have the attenuation coefficients of ' ° AN i AN,
0.44, 0.523, 4.53, and 50 [dB/km], respectively [24]. For the 2007 s H . [
large-scale fading, we have f,,x = PLkx + Osnzmk, Where -300 | AP,, .®
PL,,.x [dB] denotes the path-loss and o2, is the shadowing -400 - .s ¢ aren 3 : Support area 42 ®
with standard deviation oy, =8 [dB] and shadowing correlation 500 urf?o e J ‘ u%’%’o é{ea L
factor z,x ~AN(0,1) [4]. Employing the conventional three- e [mioo w00

slope propagation model, we have

PL,k =4 —L—15log; o (d1) —20logy o (dmk), do<dpmi <d1
—L—15logo(d1)—20logyo(do),  dmr<dp
(54)

where dp = 10 [m] and d; = 50 [m] are distance references,
d1 denotes the distance between the mth AP and the kth

Fig. 5. A distribution shot for the UEs, APs, ANs, and CPU, wherein each
AN merely serves the APs located in its coverage area.

UE, and L [dB] is defined as follows

L = 46.3+33.91og;o(f)—13.8210g,((hap)

— (L.11logyo(f)—0.7)hue+(1.56 log,o(f)—0.8),  (55)



Algorithm 2: Sequential solution for Py

-

s W N

Input: RF large-scale fadings S,,k,Vk, m, Bam, VM, a;
FSO intensities I‘im, Vm, a; power factors py,,
PFSO " PRE Py, Ppn; noise variances o2,
Vm. Stopping accuracy ¢. Initial coefficients
Q;CO), Vk, ;Lﬁfi), ui%o), Vm.

Output: The optimal solutions: o}, :QEC”), vk,

=i pi =i, .

Iteration n:

Update u,(cn) using (49).

Update 9" = (e,(c"))_l, where ¢! is defined in (50).

Update Qggn) as follows

PFSO _2%21 (/ng_l))QUﬁ,m

max

Pu Zn]\le (/ng_l))Qﬂmk

(

ot =mind g™ 1,

M n—1
PRE =S (i )?02 [Py — P
Pu an\{zl (,Uf;gnil))2ﬁmk Pu
where @%n) is obtained as in (51).
s Update jiy, ) as below

PESO
ﬂgg)’ - max2
Pu Y 1 (Ql(cn)) Bk +0%

,usg) =min

(n)

TABLE I
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NETWORK PARAMETERS FOR NUMERICAL RESULTS.

where [im,
/(n

is computed as in (52).
6 Update pip, )

as follows

PRF

~I/(n) max
m n)\ 2

pu Sk (0) Bk t02
where i, is derived in (53).

K pm) & n-1)
if Stopping criterion | > R, — > R, ‘ <e then
k=1 k=1

u;,(l") =min

2

stop the process;
else goto 9.

=)

n)

Save the obtained solution: QEC”), Vk, ugn
Set n=n+1, then goto 1.

i, Y,

o

where f (in [MHz]) represents access RF frequency, hap =
15 [m] and hyg =1.65 [m] are the antenna heights of an AP and
a UE, respectively. Similarly, B, is modeled based on (54)
by replacing the d,x with duy,, hap wWith hany =30 [m], hug
with hap, and so forth. The parameters used for the numerical
results are summarized in Table I; otherwise, they are clearly
mentioned in the paper.

Fig. 6 represents the cumulative distribution function (CDF)
of the CF- and UC-mMIMO networks’ EEs. For depicting this
figure, we assume a clear weather condition and FSO-only
fronthauling with A, =0. In both networks, full power allo-
cation mechanisms are compared with the optimal ones based
on the high-SINR and W-MMSE solutions. It is concluded that
optimally allocating the UEs’ and APs’ transmission powers
enhances the CF- and UC-mMIMO networks’ performances
with averagely 15% and 8% better EEs, respectively, in

Parameter Symbol | Value
Access RF frequency f 1.9 [GHz]
RF bandwidth BW 40 [MHz]
Time coherence interval T 100
Uplink training time interval T 20
Fronthaul FSO wavelength Aam 1550 [nm]
Index of refraction structure c2 5x107 14 [m*%}
FSO displacement deviation os 30 [cm]
FSO beam radius ws 2.5 [m]
FSO receiver’s radius Ta 10 [cm]
Clipping level B 1
Optical RX responsibilities {RFSO7 RO]:} {0.5, 1}
AP’s maximum TX powers {PESO, PRE {16, 20} [dBm]
UE’s maximum TX powers Pps Pu 100 [mWatt]
Circuit powers {Pc,m, Pc,a} {0.2, 0.5} [Watt]
Front/backhaul powers {})fh,m, th,m} {0.1, 0.5} [Watt]
Maximum available power Py 60 [Watt]
02 1 T2 kg-To-BW-F
FSO 12 (yFSO 12| 10— 14 [A2
Additive noise variances wgifM) 2’(¢El’:am> 5 [A°]
(¢p,am) ’(¢u,am) kB'TO'BW””'F
Dpy 1071 [A?)
Boltzmann constant kp 1.381x 10~ 23[J/K]
Noise temperature To 290 [K]
Noise figure F 9 [dB]
1 T ® ':i.'t'mih
0ol ,,. )
o K
08 ,I .l
N 1
0.7 e
1 1
0.6 + R
1 o

T

, —@— CF-mMIMOFul power | |
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Fig. 6. The CDF of EE for K =20, M =200, and A=4. Herein, we assume
clear weather and FSO-only fronthauling.

comparison to the full power allocations. It is also shown that
applying the W-MMSE method, with sensitivity ¢ = 1073,
offers a bit better performance compared to the high-SINR
approximation, at the cost of more complex calculations.
Furthermore, the UC-mMIMO network outperforms the CF-
mMIMO one with an average 83% higher EE for both full and
optimal power allocations. The main reason is that, in the CF-
mMIMO network, the APs perform noisy estimations of far



TABLE 11
FSO ALIGNMENT SCENARIOS WITH M =200.

Scenario| Good | Mod. | Poor || Scenario | Good| Mod. | Poor |

—@— FSO-only .,
- O- - FSO-onlyg
—— FSO-onlijO:\):y
—%— FSO-only,,,,

-

- - - RF-only - @- - Cognitiveg,,,

RF&FSOcjeq—— CogniliveRainy
RF&FSORainy—Q— Cognitiveg, oy
RF&FSOsnowy2¢— CognitiveFoggy
RF&FSOfogey

11

A 20 20 160 C 60 60 80
B 40 40 120 D 80 80 40
Clear Rain; Snow Fo
200 200 200 200
180 180 180 180
160 160 160 160
w 140 140 140 140
a
f 120 120 120 120
5]
s 100 100 100 100
©
E 80 80 80 80!
Z
60 60 60 60!
40! 40 40! 40
20 20 20 20
0 - 0 - 0 0
N »@‘b SN -@v'&‘b o :@Q N »@‘b o o7 »@% '~°C »@0
S &S S &8
o o o o o o o e e o o o o o

(I FSO-only 0 RF-FSO [ RF-only |

Fig. 7. The cognitive fronthaul assignment with different FSO alignment
scenarios and weather conditions. Herein, K =20, M =200, and A=4.

UEs’ distorted channels and imperfectly decode their received
data with low SINRs, unlikely in the UC-mMIMO network.

Fig. 7 is represented to investigate the cognitive fronthaul
assignment proposed in Algorithm 1 under different weather
conditions for the CF- and UC-mMIMO networks. To this
end, we consider four scenarios, wherein the numbers of
FSO links with good, moderate, and poor alignments are
dedicated for each scenario in Table II; scenarios A, B, C,
and D. In Fig. 7, optimal numbers of FSO-only, RF-only,
and RF-FSO fronthaul links, for each weather condition and
alignment scenario, are derived. It is verified that the RF
links replace the FSO ones as the weather condition becomes
unfavorable and the number of poorly-aligned links increases.
For instance, it is suggested to deploy the fronthaul links
using mostly the RF-only technology under the snowy and
foggy states, even though the RF bandwidth is split between
the access and fronthaul links such that the data rates drop.
For intermediate conditions, RF-FSO links are preferred to
enhance the networks’ EEs. For this figure, the transmission
powers at the UEs and APs are optimally allocated by applying
the W-MMSE technique.

In Fig. 8, the EE of the CF-mMIMO network is investigated
and compared for various fronthaul assignment policies and
scenario C; FSO-only, RF-only, RF&FSO, and cognitive as-
signment. The FSO-only links are sensitive to weather condi-
tions and do not offer high EE in snowy and foggy conditions.
Even though the RF-only links are tolerable against adverse
weather conditions, they have lower data rates than the FSO-
only and RF&FSO. Besides, the RF&FSO policy decreases the
EE of the network since the same data are sent in a parallel
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Fig. 8. The CDF of the CF-mMIMO network’s sum-SE for different fronthaul
assignment policies, wherein K =20, M =200, and A=4.
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Fig. 9. EE versus sum-SE for K = 20, M = 200, and A = 4. Here, we
assume clear weather and FSO-only fronthauling.

manner over both FSO and RF links with increased consumed
powers, although it provides high sum-rates. Thus, applying
the cognitive assignment boosts the network’s performance for
all weather conditions. Comparing with the RF&FSO policy,
the cognitive fronthaul assignment delivers 64%, 66%, 97%,
and 198% on average higher EE in the clear, rainy, snowy,
and foggy conditions, respectively. Similarly, the results can be
extended to other scenarios and also the UC-mMIMO network.

The CF- and UC-mMIMO networks’ EEs versus their sum
spectral efficiencies (sum-SEs) are illustrated in Fig. 9. For
presenting this figure, we assume a clear weather condition and
the FSO-only fronthauling with A, = 0. This figure verifies
the results discussed in Fig. 6 for the CF- and UC-mMIMO
networks with full and optimal power allocations based on the
high-SINR and W-MMSE solutions.

Fig. 10 (a) analyzes the CF-mMIMO network’s performance
for variable numbers of the UEs, i.e., K, and APs, i.e., M,
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Fig. 10. Sum-SE vs the numbers of the (a) UEs and APs with A=4 and (b)
APs and ANs with K =20.

with the fixed number of the ANs, i.e., A. It is presented
that increasing the K and M continuously enhances the sum-
SE to its highest point, then the growth rate declines. As an
illustrative example, the sum-SE’s growth rate at M = 60
is 1.2 times more than that at M = 120 with K = 10.
Likewise, Fig. 10 (b) presents the sum-SE of the CF-mMIMO
network versus the M and A for the fixed K. Even though the
network’s performance evolves by increasing the numbers of
the APs and AN:s, it is saturated for larger parameters. Thus,
adding extra APs and ANs does not guarantee better network
operation with high energy and cost efficiencies. The same
conclusion is also hold for the UC-mMIMO network.

VII. CONCLUSION

We studied the uplink of the CF- and the UC-mMIMO
networks, wherein the APs are clustered and connected to
corresponding ANs via their fronthaul links, and the ANs are
connected to the CPU through their fiber backhaul links. For
the uplink data transmission, all APs and ANs convert their
received signals to be well-matched to the radio or optical
links and transmit them to the other ends. After acquiring the
CSI at the APs and ANs and sharing them with the CPU,
uplink achievable data rates were derived for the CF- and UC-
mMIMO networks by applying the MRC and UatF techniques.
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We formulated an optimization problem to maximize the CF-
and UC-mMIMO networks’ EEs via optimally allocating the
transmission powers at the UEs and APs, subject to maximum
transmission and consumed power. Two solutions based on
the high-SINR and W-MMSE approaches were proposed to
overcome the non-convexity of the optimization problem.
Furthermore, a cognitive RF-FSO fronthaul assignment al-
gorithm was suggested to enhance the CF- and UC-mMIMO
networks’ performances under FSO misalignment and adverse
weather conditions. Finally, numerical results were represented
to analyze and compare the performances of the CF- and
UC-mMIMO networks. It was verified that the UC-mMIMO
network overcomes the CF-mMIMO one with 83% on average
higher EE. The optimal power allocations also provide 15%
and 8% increases in the CF- and UC-mMIMO networks’
EEs, respectively. It was shown that even though the RF
bandwidth is shared between the access and RF-only or RF—
FSO fronthaul links, the cognitive assignment algorithm boosts
the CE-mMIMO network’s EE up to 198% in unfavorable
conditions, compared to the one with FSO-only, RF-only, or
RF&FSO fronthaul links.

APPENDIX A
SINR DERIVATION

The SINR of the kth UE is defined as
DSy |2

E{|BU[2} + z E{ ULk |2} + E{|Ng|? }

k;ék

SINRy, =

(56)
After a sequence of mathematical manipulations, the expres-
sions of all terms given in (56) are derived in the following
parts.

A. DSy,

We consider gk = Emk+emr and IRE = RF Lo with
emi and ey, representing the estimation errors modeled as
Zero- mean Gaussian RVs with the variances of 5,5 —Vmir and
Bam — *yam, respectively, where e, L 8,1 and eqy, L I RF
It is assumed that the FSO channels are perfectly estlmated
ie., 2 =49 However, since the channel coefficients are
1.1.d., we attain
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B. E{[BU|*}

Since the variance of a sum of independent random variables
is equal to the sum of the variances, we have

A
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C. E{|IUIkk/ 1>}
Since the pilot sequences are mutually orthogonal, we have
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D. E{N:}

Because the additive noise consists of the i.i.d. elements, it
can be shown that

E{|N:|*} = Z >

a=1meMy(a)

DM R

a=1meMy(a)

2
avaSOE{}gﬁkeu,m\ }

2
ggke);,am ’ }
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By inserting (57), (58), (59), and (60) into (56), with further
mathematical manipulations, (40) is obtained.

APPENDIX B
MEAN-SQUARE ERROR COMPUTATION

The desired signal sj, is decoded by applying a beamforming
coefficient uy, given below

Sj = URTy k- (61)

Therefore, the mean-square error of the decoding is computed

as follows
E{|ukru,k - Sk|2} =

€ = E{|§k - Sk|2} =

A
E{ TS S o (50 1080
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After some algebraic manipulations, (51) is obtained.
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