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Abstract. The rapid surge of multimedia and video applications poses
challenges to the content-delivering service in wireless networks. In this
paper, we study the proactive caching problem in unmanned aerial vehi-
cle (UAV)-enabled networks, where a number of UAVs are deployed to
offer content delivery service for user equipments (UEs). In order to
acquire user request information, we first propose a bidirectional long
short-term memory-based user request prediction algorithm. Then, based
on the obtained user content requests, we examine the content fetch-
ing delay of users and formulate UAV deployment, content caching, and
power allocation problems as an overall content fetching delay minimiza-
tion problem. To solve the formulated optimization problem, we decou-
ple it into two subproblems, namely, the UAV deployment and content
caching subproblem, and the power allocation subproblem, and solve
the two subproblems by using an alternate iteration-based algorithm.
Specifically, we first design a modified K-means-based clustering scheme
to group UEs into various clusters, and then develop a UAV deployment
strategy for individual clusters by applying quadratic transformation and
first-order Taylor expansion. A heuristic proactive content caching algo-
rithm is further proposed for individual UAVs. Finally, the Lagrangian
dual method is employed to solve the power allocation subproblem. Sim-
ulation results demonstrate the effectiveness of the proposed algorithms.

Keywords: Unmanned aerial vehicles (UAVs) · user clustering · UAV
deployment · proactive content caching · power allocation

1 Introduction

The proliferation of multimedia and video applications brought rapid growth
of data traffic, which in turn poses formidable challenges to the transmission
performance of the traditional cellular systems [1]. In response, proactive caching
technology which stores popular files at network edge has been proposed as a
promising solution [2]. Recently, unmanned aerial vehicles (UAVs) have garnered
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significant attention as a potential platform for proactive caching. Leveraging the
flexible deployment and scalability of UAVs, UAV-aided caching is capable of
improving the efficiency of the content delivery [3].

In recent years, content delivery problem has been widely studied for UAV-
enabled networks [4–10]. The research works in [4,5] investigate a content caching
algorithm to maximize content availability [4] or to minimize energy consumption
[5]. In [6], the authors propose a long short-term memory (LSTM)-based caching
algorithm to minimize the weighted delivery cost. To address the challenges
associated with LSTM in capturing dependencies and adapting to patterns of
sequential input data in both forward and backward directions, bidirectional
long short-term memory (BiLSTM) have been employed in [7]. By considering
UAV deployment, the research works in [8–10] propose a joint content placement
scheme and UAV deployment strategy to minimize storage cost [8], maximize
throughput [9] and maximize mean opinion score [10].

The research works in [11,12] jointly consider UAV deployment, cache place-
ment and power allocation issues to minimize the average outage probability
[11] or to maximize the hit probability [12]. User clustering and resource allo-
cation are considered along with UAV deployment and cache placement strat-
egy in [13–17]. The authors propose a K-means algorithm for user clusters to
deploy UAVs, and design a resource allocation strategy to fulfill users’ QoS
requirements. The authors in [13] design a quality of experience (QoE) based
user grouping scheme that finds optimal positions of UAVs and stores popu-
lar contents to maximize content delay index. In [14] the authors propose joint
optimization of UAV deployment and resource allocation for UAV-aided relay
systems to maximize the energy efficiency. The research work in [15] introduces
joint UAV deployment and communication resource allocation to maximize the
total long-term QoE of users in multiuser video streaming in UAV relay networks.
The authors in [16] design joint deployment of aerial base stations (ABSs), user
associations, and corresponding bandwidth allocations to minimize total down-
link transmit power in cache-enabled wireless networks. Research work in [17]
presents joint user clustering, UAV deployment, and resource allocation algo-
rithms to minimize transmit power and improve overall spectral efficiency (SE).

Although content caching in UAV-enabled networks have been exploited in
aforementioned research works, yet the existing research mainly design joint UAV
deployment and caching strategy based on user locations and rarely considers
the impact of user request distribution on the UAV deployment. On the other
hand, recent studies assume perfect knowledge of users’ content requests [4,5],
which may not be practical. As the content caching strategy is designed proac-
tively, the difficulty of acquiring explicit user demand information in advance
poses a significant challenge in designing a joint strategy. Few existing solutions
for unknown content popularity are mostly based on conventional predict-then-
optimize schemes (predict the content popularity first and then optimize the
cache policy) [6,8]. While it can achieve good performance when user demand



Joint User Association, Caching and Power Allocation 97

follows clear patterns, it is far less effective when explicit user demand informa-
tion is not available. In this context, the existing content prediction schemes
are not well-suited for addressing the challenges posed by unknown content
request patterns. Thus, the problem of joint UAV deployment, content place-
ment and power allocation with unknown user requests remains open for multi-
UAV-assisted wireless networks.

In this paper, we consider the content delivery problem in a UAV-enabled
network and jointly design UAV deployment, content caching, and power alloca-
tion strategy. Specifically, we first propose a bidirectional long short-term mem-
ory (BiLSTM)-based content request prediction algorithm. Then, based on the
obtained user request information, we examine the overall delay incurred for con-
tent fetching in the network and formulate the joint UAV deployment, content
caching, and power allocation problem as an overall delay minimization prob-
lem. To solve the formulated problem, we transform it into two subproblems and
solve them respectively. Specifically, we first design a UAV deployment strat-
egy through utilizing quadratic transformation and first-order Taylor expansion.
Then, we design a heuristic proactive content caching algorithm for the UAVs.
Based on the obtained local UAV deployment and content caching strategy, we
then design a power allocation strategy by means of the Lagrangian dual method
(Fig. 1).

2 System Model

2.1 Network Model

In this paper, we consider the content delivery service of UEs in a wireless
network. Suppose that UEs have some content fetching requirements. As the
content server is in general deployed at the core network which is far from the
UEs, resulting in undesired transmission performance. To tackle this problem,
we deploy a number of UAVs, which are equipped with certain cache capacity.
The UAVs are capable of retrieving contents requested by users and store the
contents locally in their own storage. By accessing the UAVs, UEs are able to
fetching their requested contents directly from the UAVs instead of interacting
with the core network. We denote the number of UAVs to be deployed as J and
the number of UEs as I. Let UAVj denote the j-th UAV, and UEi denote the
i-th UE, 1 ≤ i ≤ I, 1 ≤ j ≤ J .

To enable multi-user accessing on an individual UAV, we apply orthogonal
frequency division multiple access (OFDMA) scheme which allows multiple UEs
to access one UAV using orthogonal subcarriers. We denote B as subcarrier
bandwidth.
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Fig. 1. The UAV-enabled network: a number of UAVs and several UEs.

Suppose that all the files are stored at the remote content server and each
UAV may cache certain contents. Let F denote the total number of content files
that UEs request, ηf denote the size of file f and ρj denote the cache capacity
of UAVj . We assume that each UE is allowed to associate with one UAV and
denote UE association variable as ξi,j . If UEi is associated with UAVj , ξi,j = 1,
otherwise ξi,j = 0.

Without loss of generality, we assume that the UAVs are deployed at a con-
stant hovering altitude z. Let qj = (xj , yj) denote the two-dimensional coordi-
nate of UAVj and ni = (x̄i, ȳi) denote the coordinate of UEi.

2.2 Communication Model

In this subsection, we discuss the channel model of UAV-UE links and then
formulate the data rate of the transmission links. Assuming the UAV-UE links
experience free-space path-loss. Let hi,j denote the channel coefficient of the link
from UAVj to UEi, which can be expressed as

hi,j =
c

4πf0(‖qj − ni‖2 + z2)
, (1)

where c is the speed of light and f0 denotes the carrier frequency.
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Let Pj denote the total transmit power of UAVj , αi,j denote the fraction of
power allocated to UEi when accessing UAVj , 0 ≤ αi,j ≤ 1. Denote Ri as the
achievable data rate of UEi, which can be computed as

Ri,j = B log2(1 +
αi,jPj |hi,j |

σ2
). (2)

3 Content Request Prediction

In the UAV-enabled content delivery system, the content fetching performance
is expected to be improved by caching user requests. However, user content
requests may vary over time, thus posing challenges to content caching in UAVs.
To resolve this problem, we first predict user requests based on their historical
request information. Specifically, for each user, we propose a BiLSTM-based
algorithm to predict the probabilities for requesting all the files.

In a BiLSTM network, two hidden layers are connected to the same out-
put layer and pass the learned prediction history forward and backward. We
denote hf

t and hb
t respectively as the forward and backward hidden states of

the BiLSTM architecture at time slot t. The final output of the BiLSTM model
is a concatenation of the forward and backward hidden state sequences. Let ŷt

denote the output of the BiLSTM model, which can be given as

ŷt = φ
(
Why

[
hf

t;h
b
t

]
+ by

)
, (3)

where [hf
t;h

b
t ] denotes the concatenation of forward and backward hidden states,

Why is the weight matrix for the output layer, by is the bias vector for the output
layer, and φ(·) is the activation function.

Let γi,f,t denote the content request identifier of UEi at time slot t. We set
γi,f,t = 1, if UEi requires content f at time slot t, otherwise, γi,f,t = 0, 1 ≤ i ≤ I,
1 ≤ f ≤ F . Let xi,f,t denote the number of requests of UEi for content f until

time slot t, we obtain xi,f,t =
t∑

t1=1
γi,f,t1 . Denote xi,t as the content request

vector of UEi at time slot t, which can be expressed as

xi,t =
[
xi,1,t, · · · , xi,f,t, · · · , xi,F,t

]
. (4)

We set the input of the BiLSTM-based prediction model of UEi at time slot
t as xi,t. Given input sequence xi,t, we train the BiLSTM model based on the
historical request data of UEi. Then, the output of the BiLSTM model at t + 1
which is the predicted request of UEi, can be expressed as

ŷi,t+1 =
[
ŷi,1,t+1, · · · , ŷi,f,t+1, · · · , ŷi,F,t+1

]
, (5)

where ŷi,f,t+1 is the probability that UEi requests content f at time slot t+1. To
describe user content request we introduce γi,f . Based on ŷi,t+1, we obtain γi,f .
Specifically, if f∗ = arg max∀f ŷi,f,t+1, we set γi,f∗ = 1, otherwise, γi,f∗ = 0.



100 G. A. Bayessa et al.

4 Problem Formulation

In this paper, we jointly design the UAV deployment, content caching and power
allocation strategy so as to minimize overall delay.

4.1 Objective Function Formulation

Considering that content requests at UAVs follow a Poisson distribution and
request processing at the UAVs follows an exponential distribution, we model
the content request processing at UAVs using an M/G/1 queuing model. Let λq

j

and μq
j denote the request rate and service rate at UAVj , respectively, D is the

overall delay incurred for fetching requested contents, which can be given by,

D =
I∑

i=1

J∑

j=1

F∑

f=1

ξi,jγi,f

(
ηf

Ri,j
+

1
μq

j − λq
j

)

+
J∑

j=1

F∑

f=1

(1 − δj,f )ηfDs
j , (6)

δj,f is the content caching variable of UAVj . We set δj,f = 1, if UAVj caches
content f , otherwise, δj,f = 0. Ds

j is the backhaul delay of UAVj for fetching
unit content from the content server. Without loss of generality, we consider Ds

j

as a constant.

4.2 Optimization Problem Formulation

We formulate the joint UAV deployment, content caching and power allocation
as a delay minimization problem, which is given as follows

P1 : min
{ξi,j},{qj},{δj,f},{αi,j}

D

s.t. C1 :
J∑

j=1

ξi,j ≤ 1,∀i,

C2 :
I∑

i=1

ξi,j ≤ N0,∀j,

C3 : 0 ≤ xj ≤ xmax,∀j,

C4 : 0 ≤ yj ≤ ymax,∀j,

C5 :
F∑

f=1

ηfδj,f ≤ ρj ,∀j,

C6 :
I∑

i=1

αi,j ≤ 1,∀j,

C7 : Ri,j ≥ ξi,jR
min, (7)
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where constraint C1 indicates that each UE can only be associated to one UAV,
constraint C2 limits the maximum number of UEs associated with one UAV,
where N0 denotes the maximum number of UEs associated with UAVs. Con-
straint C3 and C4 are for the UAV deployment, where xmax = max {x̄i} , and
ymax = max {ȳi} denote the maximum values of the positions of users in x and
y coordinates, respectively. C5 is the constraint for the available cache capacity
of UAVs, C6 and C7 are the constraint for power allocation and UEs minimum
required data rate, respectively.

5 UE Clustering, UAV Deployment and Content Caching
Strategy

The aim of problem P1 is to minimize overall delay by jointly optimizing UAV
deployment, content caching and power allocation strategy. However, the cou-
pling of UAV deployment, content caching, power allocation in (7) makes the
optimization problem very challenging to solve directly. To solve this problem,
we decompose P1 into tractable sub-problems. In particular, under the assump-
tions on power allocation, we first formulate and solve UAV deployment and
content caching problem in this section. In the next section, we tackle power
allocation problem.

5.1 Modified K-Means-Based UE Clustering Algorithm

In this subsection, we design a modified K-means clustering algorithm. In par-
ticular, we first define the similarity metrics and discuss the algorithm in detail.

Similarity Metrics. In our considered system model, users may have different
content requests. To jointly consider the similarity of users in terms of geograph-
ical positions and content requests, we define similarity metrics.

Let ψd,i,̂i and ψi,̂i,f respectively denote the position similarity between UEi

and UEî and the content similarity of UEi and UEî on content f , which are
expressed as follows

ψd,i,̂i = 1 − di,̂i

max
i,̂i

{
di,̂i

} ,

ψi,̂i,f =
{

ζ, if γi,f = γî,f ,∀f, i �= î

1, otherwise,
(8)

where di,̂i is the distance between UEi and UEî. Users may have similar con-
tent requests. To describe the similarity of users on contents, we define content
similarity between users. Where ζ is a constant defined to indicate the level of
importance of the content similarity, we set ζ > 1.
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Accordingly, we define the similarity matrix, ψ = [ψi,̂i,∀i �= î], where ψi,̂i

denotes the similarity between UEi and UEî, which is computed as

ψi,̂i =
1
F

ψi,̂i,d

F∑

f=1

ψi,̂i,f . (9)

Steps of the Proposed Algorithm. Based on the similarity metric between
UEs expressed in (9), we define identifier matrix and select the UE with the
highest neighborhood degree as a cluster head to initialize clustering. Then,
neighboring users are added to the candidate cluster. Subsequently, distance
and cluster size constraints are examined. This process continues until all the
remaining users are checked.

The steps of the proposed user clustering algorithm is summarized as follows.

a) Initialization: Let Ωj , Ωc
j and Ωu denote the set of UEs in the j-th cluster,

the j-th candidate cluster and the set of unclustered UEs, respectively. Nj

denotes the number of UEs in Ωj , dmax denotes the maximum radius of the
cluster, N0 stand for the maximum limit of each cluster. We set Ωj = Ωc

j =
Ωu = ∅, 1 ≤ j ≤ J , Ωu = Ωu ∪ {UEi,∀1 ≤ i ≤ I}, and j = 1, where ∅
denotes the empty set. Let Fi denote the clustering flag of UEi, we set Fi =
0, 1 ≤ i ≤ I.

b) Compute similarity metric and identifier index: Compute ψi,̂i based on (8)-
(9), and denote ai,̂i as the identifier index between UEi and UEî. If ψi,̂i ≥ ψth,
we set ai,̂i = 1, otherwise, ai,̂i = 0, ∀i �= î, where ψth denotes the threshold
for similarity.

c) Select the UE with the highest neighborhood degree: Let μi denote the
neighborhood degree of UEi, we define μi as μi =

∑I
î=1 ai,̂i, i �= î. If

μi∗ = arg maxi {μi}, we select UEi∗ as the initial user to start clustering
and update user sets, i.e., put we put UEi∗ in Ωc

j and remove UEi∗ from Ωu,
i.e., Ωc

j = Ωc
j ∪ {UEi∗}, and Ωu = Ωu/ {UEi∗}. If μi∗ = 1, jump to Step f).

d) Form candidate cluster Ωc
j : If μi∗ �= 1, update the candidate cluster Ωc

j .
Specifically, randomly select one UE, say UEî, if ai∗ ,̂i = 1 and Fî = 0, we
check the maximum distance constraint. If di∗ ,̂i ≤ dmax, we put UEî in Ωc

j .
i.e., Ωc

j = Ωc
j ∪ {UEî}, and Ωu = Ωu/ {UEî}. We set Fî = 1 and ai∗ ,̂i = 0.

Repeat this step, until all the remaining UEs are checked.
e) Check the cluster size condition: Compute the size of Ωc

j , i.e., Nj =
∣
∣Ωc

j

∣
∣. If

Nj ≤ N0, we set Ωj = Ωc
j , jump to Step f). If Nj > N0, remove the farthest

UE from the candidate cluster. That is, if î = arg maxî

{
di∗ ,̂i

}
, remove UEî

from the candidate cluster, i.e., Ωc
j = Ωc

j/ {UEî} and Ωu = Ωu ∪ {UEî}, we
set Fi = 0. Repeat this process, until the cluster size condition holds. We set
Ωj = Ωc

j .
f) Check algorithm termination: If Ωu = ∅, the algorithm terminates, otherwise,

we set j = j + 1, return to Step c).
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5.2 UAV Deployment Subproblem Formulation and Solution

In this subsection, based on user clustering strategy, we design UAV deployment
strategy for individual clusters. Under the assumption that the data transmission
in different clusters can be considered independently, we may design the UAV
deployment strategy for various clusters individually. Hence, the UAV deploy-
ment problem in the system is reduced to the deployment problem for one spe-
cific cluster. For convenience, we consider cluster j and design the corresponding
UAV deployment strategy, where UAVj is deployed above cluster j.

Since power allocation strategy may affect the transmission performance
between UAVs and UEs, resulting the difficulty in designing UAV deployment.
For simplicity, we first apply equal power allocation strategy for cluster j. Specif-
ically, we divide the transmit power equally, i.e., α∗

i,j = 1/Nj ,∀UEi ∈ Ωj .

D̄j =
Nj∑

i=1

ξi,j

∑F
f=1 γi,fηf

B log2

(
1 + Pjc

Nj4πf0(‖qj−ni‖2+z2)σ2

) . (10)

UAV deployment subproblem for cluster j can be formulated as

P2 : min
qj

D̄j

s.t. C3 − C4 in (7).
(11)

To solve the problem in (11), we employ the quadratic transformation technique
on the objective function in D̄j . Specifically, the fractional term X/Y is trans-
formed to the form of 2κ

√
X − κ2Y , where κ =

√
X/Y . By defining X, Y and

κ respectively as X = Υi,j . We denote, Υi,j , νj , and χi,j by ξi,j

∑F
f=1 γi,fηf ,

Pjc
Nj4πfm∗σ2 , and ‖qj − ni‖2, respectively. Let χt

i,j is the value of χi,j at the t-th
iteration, the content fetching delay at t-th iteration, D̄t

j can be given as

D̄t
j =

Nj∑

i=1

Υi,j

B log2
(
1 + νj

χt
i,j+z2

) . (12)

We then transform (12) to the form of 2κ
√

X − κ2Y , where κ =
√

X/Y , and X
and Y are respectively the numerator and denominator of the ratio of polynomial
expressions.

As Υi,j and νj are both constants, it can be demonstrated that λt
i,j is concave

with respect to χt
i,j . Therefore, D̄t

j is also a concave function with respect to χt
i,j .

Due to the fact that any concave function is globally upper bounded by its first-
order Taylor expansion [18], we apply the first-order Taylor expansion formula
on D̄t

j . Let q̂t
j denote the local point of q̂t

j at the t-th iteration, applying the
first-order Taylor expansion of D̄t

j with respect to χt
i,j , we obtain
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D̄t
j ≤

Nj∑

i=1

2λt
i,j

√
Υi,j

+
Nj∑

i=1

B(λt
i,j)

2Ht
i,j(‖qt

j − ni‖2 − ‖q̂t
j − ni‖2)

−
Nj∑

i=1

(λt
i,j)

2Gt
i,j = D̂t

j (13)

where D̂t
j denotes the upper bound of D̄t

j , λt
i,j , Ht

i and Gt
i,j are given by

λt
i,j =

√
Υi,j

B log2
(
1 + νj

χt
i,j+z2

) ,Ht
i,j =

νj

‖qt
j−ni‖2 log2 (e)

1 + νj

‖qt
j−ni‖2

,

Gt
i,j = log2

(
1 +

νj
∥
∥qt

j − ni

∥
∥2

)
(14)

At the t-th iteration, given local point q̂t
j , the optimization problem (11) can

be reformulated as
P3 : min

{qt
j}

D̂t
j

s.t. C3 − C4 in (7).
(15)

Problem (15) is a convex optimization problem that can be efficiently solved
by standard convex optimization solvers such as CVX. Let q∗

j represent the
obtained deployment position of UAVj .

5.3 UAV Content Caching Subproblem Formulation and Solution

The UAV deployment strategy q∗
j is obtained under the assumption that users’

requested contents are cached at the UAVs. However, this assumption may not
hold due to the limited storage capacity of the UAVs. Therefore, efficiently
caching the most requested contents and utilizing the limited storage of UAVs
become a crucial problem. Since the caching strategy for different UAVs can be
designed independently, for simplicity, we formulate and solve content caching
problem for UAVj in this subsection.

Following similar assumptions on transmit power and subchannel allocation
strategy in Subsect. 5.2, we compute the content fetching delay of UEs associated
with UAVj . Let Ďj denote the content fetching delay for cluster j, which can be
expressed as

Ďj =
I∑

i=1

ξi,j

( ∑F
f=1 γi,fηf

B log2(1 + νj

‖q∗
j −ni‖2

+z2
)

+
F∑

f=1

(1 − δj,f )γi,fηfDs
j

)

,∀UEi ∈ Ωj . (16)
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Then, we formulate the content caching subproblem for UAVj as follows

P4 : min
{δj,f}

Ďj

s.t. C5 in (7).
(17)

To solve P4, we propose a heuristic algorithm that places popular contents in
the UAVs. Specifically, we examine the required fetching delay from the content

server to UAVj for various contents. To this end, we denote εf =
I∑

i=1

ξi,jηfDs
j

as the overall delay incurred to fetch content f from content server. Then, we
sort εf in a descending order. For convenience, we set εf1 ≥ εf2 ≥, · · · ,≥ εfF

.
In order to reduce the backhaul delay, the highest ranking contents should be
cached in UAVj by fulfilling constraint C5. Specifically, if ηf1 ≤ ρj , we cache
content f1 in UAVj and we set δ∗

j,f1
= 1, otherwise δ∗

j,f1
= 0. We then check

whether content f2 can be cached in UAVj . The above process repeats until
no content can be cached in UAVj under constraint C5 in (7). We use δ∗

j,f to
represent the obtained content fetching strategy.

6 Power Allocation Formulation and Solution

Given user clustering, UAV deployment and content caching strategy, which is
obtained from Sect. 5, the optimization problem P1 in (7) is reduced to a joint
power allocation subproblem. Let D̃ denote the content fetching delay based on
the obtained strategy. The power allocation subproblem can be formulated as

P5 : min
{αi,j}

D̃

s.t. C6 − C7 in (7).
(18)

To solve problem (18), we assume that optimal subcarrier allocation strategy
is obtained based on the assumptions made in Subsect. 5.2. Therefore, given user
clustering strategy, UAV deployment and content caching strategy for individual
clusters, we design power control strategy for users in cluster j, i.e., UEi ∈ Ωj .

It can be shown that problem P5 is convex which can be solved by using
Lagrange dual method. Hence, the corresponding Lagrange function of the prob-
lem P5 can be expressed as
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L (αi,j∗ , λ1, Ωi)

=
I∑

i=1

F∑

f=1

(
ξi,jδ

∗
j,fγi,fηf

B log2
(
1 + αi,j∗ Pj |hi,j∗ |

σ2

)
)

+ λ1

( I∑

i=1

ξi,jαi,j∗ − 1
)

+
I∑

i=1

ξi,jΩi

(
Rmin − Ri,j∗

)
, (19)

where λ1 and Ωi are non-negative Lagrange multipliers. Then, (18) can be refor-
mulated as

P6 : max
λ1,{Ωi}

min
{αi,j∗}

L (αi,j∗ , λ1, Ωi)

s.t. λ1, Ωi ≥ 0. (20)

For a given set of Lagrange multipliers λ1 and Ωi , the allocated power αi,j∗

can be obtained by calculating the derivative of L (αi,j∗ , λ1, Ωi) with respect to
αi,j∗ and setting it to zero. We set α∗

i,j as the obtained power control strategy.

7 Simulation Results

In this section, we evaluate the performance of the proposed BiLSTM-based user
request prediction algorithm, user clustering, UAV deployment, content caching,
and power allocation strategies. In Table 1, we present the detailed simulation
parameters.

We conduct the simulation using the MovieLens dataset [19]. The dataset
comprises movie information, such as movie ID and genres, recorded from Jan-
uary 9, 1995, to September 26, 2018. To accurately simulate users’ content
requests, we selected the eighteen most viewed movie genres based on their view
counts. These genres encompass Action, Adventure, Animation, Children, Com-
edy, Crime, Documentary, Drama, Fantasy, Horror, IMAX, Musical, Mystery,
Romance, Science Fiction (Sci-Fi), Thriller, War, and Western.

To simulate user requests, we first pre-process the dataset, which involves
cleaning the dataset by removing rows with missing values and unnecessary
columns. In this simulation, we consider the view counts for each particular
genre as requests received from the UEs. We record the request counts for each
genre to obtain the request history information for the UEs, as described in (4).
Then, we train our model using the request history of the UEs.
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Table 1. Simulation parameters.

Simulation Parameters Notations Values

Simulation Area 1000 m× 1000 m

Total number of UEs I 60

Carrier frequency f0 2.4GHz

Bandwidth B 4MHz

Noise power σ2 −174 dB

Total number of files F 18

File size ηf [5, 6] Mbits

Request rate λq
j [9, 14] b/s

Service rate μq
j [15, 20]

Maximum number of UEs in clusters N0 10

Content similarity ζ {1, 1.6}
Threshold for similarity ψth 0.7

Maximum radius of clusters dmax 200m

UAV hovering altitude z 100m

Total power of UAV Pj 1W

Cache capacity of UAV ρj 36 Mbits

Minimum data rate Rmin 0.1 Mbps

Learning rate λ 0.1

Fig. 2. User content request prediction vs learning rate (λ = 0.05).
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In Figs. 2 and 3, we plot the predicted request of one UE for nine genres. To
investigate the prediction accuracy of the proposed BiLSTM-based algorithm
versus baseline algorithms, we evaluate the predicted user request versus the
actual demand for different learning rates, λ = 0.05 in Fig. 2, and λ = 0.1 in
Fig. 3. As observed from the figures, the prediction accuracy of the proposed
BiLSTM-based algorithm surpasses the baseline algorithms due to its effective
learning of UE request history. Thereby indicating the potential advantage that
our proposed content caching algorithm achieves compared to the LSTM forward
and LSTM backward-based algorithms. The figure demonstrates that for λ = 0.1
the error difference between the predicted and the actual demands is relatively
small compared with λ = 0.05, which highlights the critical role of the learning
rate in enhancing the accuracy of user request prediction.

Fig. 3. User content request prediction vs learning rate (λ = 0.1).

Figure 4, compares UE cluster results with values of ζ = 1 and ζ = 1.6. In
the figure, the two numbers in the bracket represent the user ID and request
content ID of the user. For instance, Fig. (40, 12) represents that, the content
demand of UE40 is file f = 12. In Fig. 4(a), UE40 is clustered with (7, 14) and
(2, 3), indicating that UE2, UE7, and UE40 are grouped based on their geograph-
ical location despite differences in their requested content. However, in Fig. 4(b),
UE40 is clustered with UEs that are both geographically close and have similar
content demands, such as (15, 12), (30, 12), (31, 12), and (51, 12). Generally, in
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4(b) more UEs with similar content requests are grouped into clusters, empha-
sizing the influence of user content requests on clustering. The black stars in the
figures indicate the positions of the deployed UAVs.

Fig. 4. UE clustering result ((a) ζ = 1 and (b) ζ = 1.6).

Fig. 5. Total content fetching delay vs subcarrier bandwidth.

Figure 5, plots the total content fetching delay versus bandwidth. The figure
presents a comparison of the proposed BiLSTM algorithm against the base-
line algorithms, namely, the caching scheme proposed in [6], least frequently
used (LFU), least recently used (LRU), first-out (FIFO), and random caching
schemes. To evaluate the performance we use the cluster result ζ = 1.6, and
utilize the predicted user requests based on the proposed BiLSTM algorithm.
It can be observed that the total content fetching delay decreases as bandwidth
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increases. Moreover, in comparison to the baseline algorithms, our proposed
algorithm achieves the lowest overall content caching delay. This outcome indi-
cates that our proposed algorithms offer the most efficient caching performance.
The reason is that our proposed content caching algorithm caches contents that
reduce backhaul delay, resulting in an overall reduction of content fetching delay.

In Fig. 6, we evaluate the performance of our proposed algorithms for various
UAV cache sizes. The figure plots the total content fetching delay versus the
total power of the UAVs. As can be seen from the figure, the total content
fetching delay decreases as power increases. Similarly, as the cache size of the
UAV increases the overall content fetching delay decreases.

Fig. 6. Total content fetching delay vs UAVs cache sizes.

Figure 7 plots content fetching delay versus cache sizes of the UAVs for vari-
ous minimum data rates of UEs. As can be seen from the figure, the total content
fetching delay decreases as UAV cache size increases. Similarly, as the cache size
required minimum data rate of UEs increases the overall content fetching delay
of UEs decreases. This is because as the minimum required data rate for each UE
increases our proposed power allocation strategy efficiently allocate transmission
power for the UEs. This, in turn, lead to reduced overall content fetching delay.
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Fig. 7. Total content fetching delay vs UAVs cache sizes.

8 Conclusions

In this paper, we have studied UAV deployment, proactive content caching, and
power allocation problems in UAV-enabled networks. Considering the scenario
where user content requests are unknown, we developed a BiLSTM-based user
request prediction algorithm. Based on the obtained user request prediction and
by introducing a content fetching delay function, the joint UE clustering, UAV
deployment, content caching, and power allocation problem is formulated as a
delay minimization optimization problem, which is solved by applying a heuristic
algorithm. Simulation results have shown the effectiveness of the UE clustering,
UAV deployment, and content caching strategies in reducing the overall con-
tent fetching delay and improving caching performance. In future work, we may
extend our current work to a scenario where UAV mobility is considered, and
their trajectory is optimized to enhance content-fetching services for UEs. As
BiLSTM models rely on fixed-size hidden states, which might not effectively cap-
ture variable-length dependencies in sequences, the BiLSTM-based user request
prediction can be further studied by considering the request history of users that
spans different lengths.
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