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Abstract—In this paper, we study the performance of deploying
multiple unlicensed unmanned aerial vehicles (UAVs) to share the
spectrum and the base station of an established primary network
in Multiple-Input-Multiple-Output (MIMO) communications. We
present a novel power allocation scheme based on a combination
of underlay cognitive radio with channel precoding and decoding
to maximize the UAVs sum-rate. In the proposed scheme, we
jointly use space alignment and successive interference cancella-
tion techniques to minimize and avoid the interference caused on
the primary communication. Optimal power allocation scheme
for the proposed system is devised. In our simulations, we show
that the proposed scheme allows the UAVs to achieve a rate that
highly depends on the primary power and interference threshold.
In addition, a supplementary rate is achieved when the UAVs
transmit in the unused parallel channels called free eigenmodes.
The impact of the different system parameters including the
number of antennas and the 3D position of the UAVs are also
evaluated.

Index Terms—5G Cellular Networks, UAV MIMO communi-
cations, underlay cognitive radio, space alignment.

I. INTRODUCTION

The rolling out of Fifth Generation (5G) networks brought
new paradigms to the mobile communications. Besides the
enhanced Mobile BroadBand (eMBB) paradigm, 5G networks
is also enabling Ultra Reliable Low Latency Communica-
tions (URLLC) and massive Machine Type Communications
(mMTC) that are expected to be further improved in next
generations. The mMTC allows a huge number of Internet-
of-Things (IoT) devices to simultaneously and seamlessly
communicate using the 5G Radio Access network (5G-RAN).
However, given the increasing number of devices and the
limited bandwidth, the spectrum resources are threatened with
a high saturation risk that may congest the networks. There-
fore, the Cognitive Radio (CR) concept, where unlicensed
secondary IoT devices are allowed to share the spectrum of
their licensed primary peers, can be adopted to overcome
the spectrum scarcity issue and hence, provides advanced
bandwidth management solutions [1].

Unmanned Aerial Vehicles (UAVs) will soon be one of the
most prominent IoT devices that will be part of mMTC [2].
Indeed, UAVs are becoming utilized in many applications

touching different aspect of our life. Such applications in-
clude surveillance, public safety, traffic monitoring, disaster
management, and mapping, to name a few [3]–[5]. Many of
these applications require massive and opportunistic collec-
tion, exchange, and dissemination of data. However, spectrum
scarcity could affect the operation of UAVs since they are
usually operating at frequency bands that are becoming more
and more crowded as they are permanently occupied by other
wireless technologies. This issue may also rise the interference
level on UAV communications and limit their operations.

On the other hand, UAVs do not necessitate a permanent
access to the spectrum. In fact, they are exploited for short
periods of time in different geographical regions due to their
fast mobility. Moreover, as battery-powered devices, they need
to frequently recharge their energy levels. Finally, many UAVs
will function for temporary applications by users that do not
have the need of purchasing premium access to the spectrum.
Therefore, UAVs can be considered as an excellent candidate
to exploit the CR technology and communicate as a secondary
device in a dense environment where coverage is available but
not the spectrum.

The problem of utilizing CR for UAV-based communica-
tions has been investigated in the literature. Most of the work is
focusing on the trajectory planning of the flying units [6]–[9].
As an example, in [6], the authors developed a UAV placement
strategy to determine the 3D location of a cognitive UAV
operating in the underlay mode. A similar approach for the
cognitive overlay mode has been proposed in [7]. The authors
of [8] focused on the trajectory and power optimization of a
secondary UAV in secrecy communication framework, where
multiple eavesdroppers are considered.

Other studies focused on the energy aspect of UAV in the
CR context [10]–[14]. In [10], a power allocation framework
has been developed to maximize the energy-efficiency of the
CR system composed of ground and flying transmitters. The
optimization of the UAV energy in terms of transmission and
propulsion levels has been investigated in [11], [12]. In [13],
the authors explored a two-UAV system where a moving
following UAV is transmitting data to a leading UAV in the



CR interweave context where the spectrum sensing process is
optimized. Finally, UAVs have been employed as cooperative
flying relays enabling coverage expansion for primary and
secondary devices. In [15], the authors used an amplify and
forward flying relay to forward data of primary and secondary
devices to a cellular base station. A space alignment technique
was proposed to maximize the throughput of the connected
devices. In [16], a decode and forward UAV-assisted relay is
deployed to support the communication of secondary devices,
while respecting a certain interference level to not harm
the primary transmission. Finally, in [17], a UAV-aided non-
orthogonal multiple access network in the context of underlay
cognitive radio and secrecy communications is investigated
where an antenna selection scheme is developed to minimize
the outage probability.

Most of the proposed studies investigated the CR UAV
problem from an energy-efficient perspective and they usually
consider a single antenna system. Cognitive UAV communi-
cations in Multiple-Input Multiple Output (MIMO) channels
has not been well addressed in literature. In fact, employing
multiple antenna systems with UAVs offers additional poten-
tials for the flying units in mitigating the pathloss effect by
exploiting the spatial multiplexing of the channel of the MIMO
communication system [18]. In this paper, we investigate
a novel cognitive UAV sum-rate maximization scheme in
which multiple UAVs are sharing the spectrum with a primary
device. The proposed scheme is based on space alignment
using precoding and decoding matrices as well as successive
interference cancellation to decode the UAV signals after the
primary ones. Finally, we propose a UAV selection procedure
based on the quality of the channel between each UAV
and the base station. Extensive Monte-Carlo simulations have
shown the gains achieved compared to traditional underlay
cognitive communication mode. Moreover, the impact of the
different system parameters, such as power budget, permitted
interference threshold, and 3D position of the UAVs has been
evaluated.

II. SYSTEM MODEL

We consider a primary cellular network serving a ground
primary device (PD). A secondary network is sharing the
spectrum with the primary device using UAVs. We focus
on the uplink communication where K cognitive UAVs are
communicating using the cellular base station BS simulta-
neously with the PD. The UAVs are sharing the primary
device channel using an underlay cognitive radio setting. In
this setting, the primary network owns the full license to use
the spectrum but it allows the unlicensed cognitive to transmit
their communication signals while respecting a certain inter-
ference threshold denoted by IPeak. The choice of IPeak is set
by the primary network such as the cognitive communication
does not to deteriorate the primary operation. We consider
a MIMO communication system where each transmitter is
equipped with Nt antennas and the BS is equipped with NBS

antennas where with NBS ≥ Nt.
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Fig. 1: Multiple cognitive UAVs communicating simultane-
ously with a primary ground user to the same primary BS.

A. Channel Model

We denote by HP and Hk, k = 1, . . . ,K the channel
gain matrices linking the BS with the ground PD and the K
UAVs, respectively. In our case, HP is following a Rayleigh
distribution, while Hk, k = 1, . . . ,K are following a Rice
distribution.

These gains with size NBS×Nt are assumed to be known by
a channel pre-estimation and broadcast at BS hence, ensuring
a perfect Channel State Information (CSI). Therefore, each
transmitter is able to apply a linear precoding matrix Φ to
maximize the achievable throughput. All channel gains Hk

include both fast fading and pathloss effects [19] and can be
expressed as follows:

Hk =
H̃k√
PLk

, (1)

where H̃k is a normalized channel gain and PLk presents
the path loss effect corresponding to the UAVk − BS
link related to the distance dk defined as an Euclidean
distance and is expressed as dk = ||XUAVk

− XBS || =(
(xUAVk

− xBS)
2 + (yUAVk

− yBS)
2 + (zUAVk

− zBS)
2
) 1

2 ,
where XUAVk

and XBS are the 3D coordinates of the kth

UAV and the BS, respectively, and ||.|| is the L2-norm. We
denote by pLoS

k the probability of LoS link. Therefore, the
average pathloss of the UAVk −BS link is given by [10]:
PLk = pLoS

k PLLoS + (1− pLoS
k )PLNLoS, k = 1, . . . ,K, (2)

with PLLoS and PLNLoS are the LoS and NLoS pathlosses in
free space expressed in dB and are given as follows: PLLoS =

10 ν log10

(
4πfd
C

)
+LLoS, and PLNLoS = 10 ν log10

(
4πfd
C

)
+

LNLoS, where ν is the exponent of the path loss, f is the
signal frequency, C is the speed of light, and LLoS and LNLoS
represent additional average free-space propagation losses of
LoS and NLoS links related to the environment, respectively.
In (2), pLoS

k is given by:

pLoS
k =

1

1 + ψ1 exp(−ψ2[θk − ϕk])
, (3)

where θk is the angle of elevation in degrees between UAVk
and BS that depends on the distance dk, while ψ1 and ψ2 are
constants that are dictated by the environment.

On the other hand, the channel gain H̃k, related to the
fast-fading follows the Rician fading channel composed of a
deterministic LoS component and a Rayleigh fading multipath



reflection component as follows [20]:

H̃k =

√
F

F + 1
eiϕkH̃k

LoS
+

√
1

F + 1
H̃k

NLoS
, (4)

where F is the Rician factor such that pLoS = F
F+1 , ϕk is the

signal phase shift between the UAVK and the BS antennas,
H̃

LoS
is a constant related to the LoS, and H̃

NLoS
is the NLoS

fading component. The ground primary channel is also given
by (1) but with pLoS

P = 0 and consequently, F = 0.

B. Received Signal at the Cellular BS

The expression of the received signal at BS is given by:

Y = HPΦP sP +

K∑
k=1

HkΦkϵksk +Z, (5)

where HP and Hk, k = 1, . . . ,K are independent matrices,
Z is a zero mean additive white Gaussian Noise (AWGN)
with a covariance given by the identity matrix times N0 which
is the thermal noise variance given by N0 = kBTB with
kB is the constant of Boltzmann, T is the temperature (in
K), and B is the used bandwidth. The matrices ΦP and
Φk are the precoding matrices of the PD and the UAVk,
k = 1, . . . ,K, respectively. Finally, sP and sk are the
signals transmitted by the PD and UAVk, k = 1, . . . ,K,
respectively, which are independent and identically distributed
(i.i.d.). The corresponding transmit power for i ∈ {p, k} by
Pi = IE[sisi

h] where IE[·] is the expectation operator and .h

is the conjugate transpose. The available power budget at the
PD each UAV is denoted by Ptot,p and Ptot,k, respectively,
and the power constraint is written such as
Tr (ΦiPiΦi

h) ≤ Ptot,i for i ∈ {p, k = 1, . . . ,K}. (6)
where Tr (·) is the trace operator. In (5), we added the
binary diagonal matrices ϵk, k = 1, . . . ,K, to reflect the
UAV selection depending on the available antenna, where
ϵk(j, j) = 1 when the UAVk transmits on its jth antenna,
ϵk(j, j) = 0, otherwise.

III. SIGNAL PRECODING AND DECODING SCHEMES

The objective is to maximize the achievable sum-rate of the
underlay cognitive UAVs while space aligning their transmis-
sion to the primary transmission in MIMO communications.
To this end, we proceed as follows. As a first step, the
PD maximizes its throughput, while considering a certain
interference IPeak to occur. Then, the cognitive UAVs attempt
to maximize their sum-rates while sharing the same spectrum
using two techniques. The first technique is to perform a
precoding and decoding on the channel in a way to extract
the free eigenmodes (FEs) that are unused by the PD and
transmit freely in them, i.e., a space alignment technique. The
second technique is to transmit in the non-free eigenmodes but
without causing an interference higher than IPeak.

A. Space Alignment and PD Achievable Rate

In the SA method, the MIMO channel is decomposed into N
parallel channels (N = min{Nt, NBS}) by using the Singular

Value Decomposition (SVD) operation on the channel gain
matrix HP , such as:

HP = UΛPV h, (7)
where U (NBS × NBS) and V (Nt × Nt) are two unitary
matrices. The matrix ΛP of size NBS × Nt is a rectangular
matrix with a diagonal having the ordered singular values of
HP denoted as λP,1 ≥ · · · ≥ λP,N . Based on this decompo-
sition, the PD applies a precoder such as ΦP = V and the
BS applies a decoder such as Ψ = U . Therefore, the decoded
signal R is given by

Rx = ΨhY = ΛP +

K∑
k=1

UhHkΦkϵksk + Z̃, (8)

where Z̃ = UhZ is also a zero mean AWGN with a covari-
ance given by the identity matrix times N0. Since the PD is tol-
erating an interference level below IPeak, the received signals
of the UAVs, denoted by SUAV =

∑K
i=1 U

hHskdΦskϵksk,
need to be below IPeak at each antenna. We denote by
QUAV the covariance matrix of SUAV given by QUAV =

IEsk

[
SUAV SUAV

h
]
. Therefore, for the jth antenna, the

constraints underlay interference constraint can be re-written
as:

QUAV (j, j) ≤ IPeak, ∀j. (9)
From the PD perspective, the interference will be considered
as noise when maximizing its rate RP . Note that considering
IPeak is a strict condition and results in lower-bound of the
PD rate RP and the real achievable rate can be higher than
RP . The corresponding primary optimization problem is given
by:

maximize
PP

RP = B

N∑
j=1

log2

(
1 +

PP (j, j)λ
2
P,j

IPeak +N0

)
(10)

s.t. Tr (PP ) ≤ Ptot,p, (11)
Since the problem is convex, the solution is easily computed
using the Lagrange method and is given: by

P ∗
P (j, j) =

[
1

µP
− IPeak +N0

λP,j
2

]+
,∀j = 1, . . . , N, (12)

where [.]
+

= max(0, .) and µP is the Lagrangian multiplier
related to the constraint in (11). Note that depending on the
value of λP,j , the power solution P ∗

P (j, j) can be zero if λP,j

is very low meaning the channel is very poor to be able to
transmit. Therefore, in this specific antenna j, the eigenmode
is free and the cognitive UAVs can transmit freely without the
need of respecting the interference threshold IPeak. We denote
by m the number of FEs, and hence, we distinguish two sets
of eigenmodes: N − m non-free eigenmodes constrained by
IPeak and m free, non-constrained eigenmodes.

B. UAV signal decoding

By considering the received signal in (8), we choose the
UAV decoders such as the primary precoder and the UAV
channel are simplified. In other words, for k = 1, . . . ,K, Φk

is chosen such as:
Φk = (Hk)

+
U , (13)



where (H)+ is the pseudo-inverse matrix of H defined as
H+ = (HhH)−1Hh meaning that H+H = I . As mentioned
earlier, since the CSI are broadcast beforehand, all UAVs can
compute the matrix U related to the primary SVD. Therefore,
the received signal (8) can be written, at each antenna j, as:

R(j) = λP,j +

K∑
k=1

ϵk(j, j)sk(j) + z̃(j), if 1 ≤ j ≤ N −m,

R(j) =

K∑
k=1

ϵk(j, j)sk(j) + z̃(j), if N −m+ 1 ≤ j ≤ N.

Considering this decoding scheme, the real PD achievable rate
expression becomes:

Rreal
P = B

N∑
j=1

log2

(
1 +

P ∗
P (j, j)λ

2
P,j

(ϵ∗k(j, j))
2
P ∗
k (j, j) +N0

)
, (14)

where P ∗
k is the optimal power of the kth cognitive UAV

and ϵ∗k denotes whether the UAV is selected for transmission
or not.

IV. UAV CHANNEL ACCESS SELECTION AND SUM-RATE

At the BS, the UAV signals are received as interference
limited by IPeak. Therefore, the UAV signals are decoded
using successive interference cancellation (SIC) on the non-
free eigenmodes. For the m FEs, the signals are directly
decoded as we assume that only one UAV transmits in a given
eigenmode.

A. UAV Sum-Rate Maximization Problem

Once the PD signal is successfully decoded over the N−m
non-free eigenmodes, the remaining part of the signal is given
as follows:

R̃ = R−ΛŝP =

K∑
k=1

ϵksk + Z̃. (15)

Therefore, the corresponding equivalent UAV channel gain
is a unitary matrix and the corresponding UAV sum-rate is
expressed as follows:

RUAV = B

K∑
k=1

N∑
j=1

log2

(
1 +

(ϵk(j, j))
2
Pk(j, j)

N0

)
. (16)

Hence, the optimization problem to maximize the UAV achiev-
able sum-rate is written as:

max
Pk,ϵk

RUAV = B

K∑
k=1

N∑
j=1

log2

(
1 +

(ϵk(j, j))
2 Pk(j, j)

N0

)
(17)

s.t. Tr(ΦkϵkPkϵ
h
kΦ

h
k) ≤ Ptot,k, ∀k = 1, . . . ,K, (18)

K∑
k=1

(ϵ∗k(j, j))
2
Pk(j, j) ≤ IPeak, ∀j = 1, . . . , N −m, (19)

ϵk(j, j) ∈ {0, 1}, ∀k = 1, . . . ,K, ∀j = 1, . . . , N, (20)
K∑

k=1

ϵk(j, j) = 1, ∀j = 1, . . . , N, (21)

where constraint (21) is applied to avoid having UAVs in-
terfering in the same eigenmode. The problem (17)-(21) is a
non-convex combinatorial optimization problem with respect
to ϵk,∀k = 1, . . . ,K. Therefore, we propose to solve this
problem in two steps: the first step finds suboptimal solutions

of ϵk and the second step, when ϵk are fixed, an optimal power
solution for P ∗

k is devised.

B. UAV Channel Access Selection

Choosing the optimal ϵk,∀k = 1, . . . ,K depends on the
values of the transmit power Pk which is also an optimization
variable. Therefore, we propose an intuitive method to deter-
mine the suitable values of ϵk that maximize the UAV sum-
rate. First, we notice that the constraint (18) can be written
as

Tr(AkϵkPkϵk
h) ≤ Ptot,k, (22)

with Ask = Φsk

hΦsk , since the cyclic permutation does not
modify the trace of the product of matrices. Therefore, since
the channel is unitary in (17) and Pk(j, j) is inversely propor-
tional to Ak(j, j) as shown in (22), we choose ϵk(j, j) = 1
when Ak(j, j) is the minimum among all the UAVs, meaning
that the corresponding power is the maximum which con-
tributes to the highest sum-rate. In other words, the UAV
with the best channel conditions in a given eigenmode will
be selected to transmit. Therefore, our proposed UAV channel
selection is such as: ϵk(j, j) are expressed, ∀k = 1, . . . , N , as

ϵk(j, j) =

 1, for min
k∈1,...,K

Ak(j, j),

0, otherwise.
(23)

C. UAV Optimal Power Allocation

With respect to the transmit power level, Pk k = 1, . . . , N ,
the problem (17)-(21) is convex, since the objective function is
convex, the constraints are linear and ϵk(j, j) are fixed. There-
fore, we use the Lagrange method to find the corresponding
solution as follows:

P ∗
k (j, j)=


min

{[
1

µkAk(j,j)
−N0

]+
, IPeak

}
, if 1 ≤ j ≤ N −m,[

1
µkAk(j,j)

−N0

]+
, if N −m+ 1 ≤ j ≤ N.

(24)

V. NUMERICAL RESULTS

In our simulations, we assume an equal number of antennas
at BS, PD and the UAVs denoted by N = Nt = NBS . We also
assume that the total power budget of the UAVs is the same
as the PD power budget, which is denoted by (Ptot = Ptot,p)
and equally divided among the UAVs if they are transmitting
simultaneously (Ptot,k = Ptot

K̃
, where K̃ is the number of

UAVs selected to transmit according to (23). The simulation
parameters are given in Table I unless otherwise stated. In
our simulations, we start first by considering a single-UAV
system (K = 1) to investigate the impact of the different
system parameters (Fig.2-5). Afterwards, we investigate the
case of multiple cognitive UAVs (K = 1, 2, 4, 8, 16) sharing
the primary spectrum (Fig.6). In this study, we perform a
Monte Carlo simulation by averaging the results over 105

channel realizations and compare our proposed framework
with FEs identified by “Proposed” in the figures, with the
conventional underlay cognitive scheme with no FE that we
refer to as “Trad.”.



TABLE I: Simulation Parameters

Parameter Description Value
B Bandwidth (kHz) 200
N0 Thermal noise (dBm) -174
f Carrier frequency (GHz) 2
ν Pathloss exponent 2

PLLoS Additional LoS Pathloss (dB) 3
PLNLoS Additional NLoS Pathloss (dB) 20

Ψ1 Probability parameter, Ψ1 9.6
Ψ2 Probability parameter, Ψ2 0.28

N = Nt = NBS Number of antennas 4
IPeak Interference threshold (dB) -110
Ptot Power budget (dBm) 30

(xBS , yBS , zBS) 3D location of BS (m) (0,0,15)
(xPD, yPD, zPD) 3D location of PD (m) (0,200,1)

(xUAV , yUAV , zUAV ) 3D location of UAV (m) (400,0,70)
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Fig. 2: Cognitive UAV rate vs. primary power Ptot for different
values of Ipeak.

In Fig.2, we plot the UAV rate as a function of the PD
power budget Ptot for three values of IPeak. We show that, as
the PD power increases, the UAV rate increases and reaches
a saturation level, when FE are not considered. This is due
to the fact that the UAV transmission is limited to IPeak

which is clearly visible when we vary IPeak. On the other
hand, when the FE are considered, the UAV rate increases
and reaches a maximum before decreasing to the saturation
level. The addition gain at its maximum is around 20% of the
non-FE rate, which shows that the proposed UAV precoder and
decoder scheme enhances the UAV rate for the same power
budget and the same interference threshold.

To explain the variation of the average FEs on the UAV
rate, we plot in Fig.3 the variation of the number of FEs
as a function of the PD power budget Ptot for the three
values of IPeak. We show that, at low power values, the PD
transmission is limited and 3 out of 4 eigenmodes are available
for the cognitive transmission and for sufficiently high IPeak.
However, as Ptot increases the number of FE decreases until
reaching zero, depending on the allowed IPeak, since the PD
has additional power resources to exploit more the available
eigemodes. Therefore, when comparing the FE variation with
the resulted UAV rates in Fig.2, we can clearly notice the
correlation between the additional UAV rate (comparing to
the non FE UAV rate) and the availability the FE.

In Fig.4, we visualize the achieved UAV rate while varying
its altitude from 50 to 500 meters with different number of
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Fig. 3: Number of used free eigenmodes by the cognitive UAV
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Fig. 4: Cognitive UAV rate vs. the UAV altitude with different
number of antennas N .

antennas N . We show that the UAV rate increases with the
altitude and reaches a maximum (around 175m regardless of
the number of antennas) before decreasing afterwards towards
zero. This variation is related to the diminishing of the NLoS
effect with higher altitudes before 175m then the increase
of pathloss effect beyond 175m. We also highlight that the
proposed FE rate gain with respect to the non-FE rate is
almost the same, regardless for the altitude and the number
of antennas and this gain is around 25%.

In Fig.5, we vary the distance separating the cognitive UAV
and the cellular BS, while keeping fixed power budget Ptot =
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Fig. 5: Cognitive UAV rate vs. the distance separating the UAV
and the cellular BS for different altitude values.
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Fig. 6: Cognitive UAV sum-rate vs. the distance separating the
UAV and the cellular BS for different number of UAVs K.

30 dBm, interference threshold level IPeak = −100 dB, and
number of antennas M = 6. We notice that the maximum
achievable rate does not correspond to the closest distance
due to the NLoS effect. Therefore, placing the UAV, at an
optimized position according to its flying altitude would allow
the achievement of higher data rate by better exploiting the
FEs since for the cases in this figure, the FEs released by PD
is the same. Finally, varying the altitude of the UAV can help
increase its transmission range.

In Fig.6, we investigate the impact of utilizing multiple
UAVs sharing the primary spectrum. The UAVs will transmit
over the free and non-free eigenmodes according to the scheme
developed in Section IV-B. In the Monte Carlo simulation
and for tractability, all the UAVs are placed at the same
distance from the BS in a circular way and for fairness,
the power budget Ptot = 10 dBm is shared among all the
selected transmitters. The UAVs are placed at an altitude
zUAVk

= 100 meters. We show that, although increasing
their number augments the competition to access the primary
spectrum, the cognitive UAVs even with a reduced “shared”
power budget are able to achieve a higher total sum-rate, an
increase of 15% when the number of UAVs goes from 1 to 8.
However, this gain will reach a certain saturation and there is
no need to further increase their number as the gap between
the achieved sum-rate for K = 8 and K = 16 is very small.

VI. CONCLUSION

In this paper, we studied the performance of cognitive UAVs
sharing the spectrum with a primary device in an underlay
cognitive radio setting. We developed a novel UAV selection
and power allocation power allocation schemes to maximize
the UAVs sum-rate based on the space alignment of the MIMO
channel by exploiting the free eigenmodes of the unused
parallel channels. In the numerical results, we studied the UAV
sum-rate with and without the FE and we showed that the
rate gain is 20%-25% which is sensitive to the interference
threshold and power budget but robust against the altitude and
the number of antennas. Therefore, due to their mobility, UAVs
can be excellent cognitive candidates in leveraging the benefits
of MIMO channels by wisely choosing their 3D locations to
achieve the highest throughput.
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