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ABSTRACT Edge caching and adaptive bitrate video streaming are two promising techniques to ensure
a good video viewing experience. Edge caching can bring contents closer to users to alleviate redundant
content transmissions, reduce user-perceived delay and improve transmission capability. Adaptive bitrate
video streaming is able to adaptively adjust video quality based on time-varying network conditions and
different users’ preference. Due to the strong coupled relationship between caching and user association,
in this article, we focus on the issue of joint caching and user association optimization for adaptive bitrate
video streaming in UAV-assisted cellular networks. First, we formulate the optimization problem as a
non-linear integer programming (NLIP) tominimize the content delivery delay. To solve this challengingNP-
hard problem, a heuristic algorithm based on quantum-inspired evolutionary algorithm (QEA) is proposed
to obtain the best caching and user association solutions iteratively. Finally, simulations are conducted to
demonstrate that compared with three benchmark algorithms without joint optimization of caching and user
association, the proposed algorithm can greatly improve users’ video viewing experience and achieve better
system performance in terms of reducing the total content delivery delay.

INDEX TERMS Edge caching, adaptive bitrate video streaming, user association, unmanned aerial vehicle,
quantum-inspired evolutionary algorithm.

I. INTRODUCTION
With the rapid development of mobile video technologies,
such as 4K/8K, 3D, augmented reality (AR)/virtual reality
(VR)/mixed reality(MR), high frame rate (HFR) and high
dynamic range (HDR), global data traffic has increased dra-
matically in recent years and is estimated to keep growing
for the next decades. According to a recent report from Erics-
son [1], global mobile data traffic is estimated to reach 282EB
per month in 2027, and nearly 79% of the all traffic is video
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traffic. Thus, providing a good video viewing experience for
users is very important.

Recently, unmanned aerial vehicle (UAV), which is also
known as drone, has become an emerging research filed
because of its small size, low price and high flexibility.
Compared to conventional terrestrial cellular networks, UAVs
transmit videos to ground users over air-to-ground (A2G)
channels, which enhance the probability of line-of-sight
(LoS) radio access links [2], [3]. With these characteristics,
such as flexible deployment and high probability of LoS
links, UAVs can enhance throughput, reduce transmission
latency and improve the quality of video viewing experience.
Because of its promising performance, UAV-assisted cellular
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networks have received extensive attention from both indus-
try and academia [4], [5], [6], [7].

Edge caching [8], [9], [10], [11] is a key enabling technique
to improve content transmission and enhance content delivery
efficiency by caching video contents closer to users. In UAV-
assisted cellular networks, by deploying storage resources at
UAVs, a part of popular video contents can be prestored at
UAVs during off-peak hours. If the requested video content
has be cached byUAVs, it will be transmitted to users directly,
thereby alleviating the traffic pressure of ground base stations
(BSs) during peak hours, relieving the backhaul bottleneck,
reducing network congestion and content delivery latency,
as well as improving users’ quality of experience (QoE).

Adaptive bitrate video streaming is another promising
technique to provide a good video viewing experience for
users. Because of the time-varying wireless network condi-
tions and the heterogeneity of devices’ processing capabil-
ities, users’ preference for the quality of a video might be
different. For example, when network connection is good and
devices are highly capable, users usually prefer high quality
videos. Adaptive bitrate video streaming technology [12],
[13], [14] is able to adaptively adjust video quality according
to the high dynamics of network conditions and different
users’ preference. The basic principle of adaptive bitrate
video streaming is to divide a video into multiple chunks,
each of which is encoded into multiple bitrates. Different
bitrates of a video chunk have different quality levels. Thus,
the appropriate bitrates of video chunks should be selected
and transmitted to users.

In UAV-assisted cellular networks, combining edge
caching and adaptive bitrate video streaming is able to further
improve users’ video viewing experience. However, due
to caching capacity limitation, it is impossible for UAVs
to cache all bitrates of video contents. Thus, designing an
effective caching strategy for adaptive bitrate video streaming
is important. However, caching strategy is strongly coupled
with user association strategy. On the one hand, user asso-
ciation strategy can be affected by both wireless channel
conditions and UAVs’ cache state, i.e., whether UAVs have
cached the requested contents or not, so caching strategy has
a direct influence on user association strategy. On the other
hand, although caching video contents in UAVs can reduce
the content delivery latency, an inappropriate user association
will negatively affect the performance gain of edge caching,
so user association strategy also has an effect on the design of
caching strategy. Thus, there is a strong coupled relationship
between caching strategy and user association strategy. In this
case, to improve the user-perceived network performance and
fully utilize the system resources, the caching strategy and
user association strategy should be considered and optimized
jointly.

In this article, we investigate the issue of joint caching
and user association optimization for adaptive bitrate video
streaming in UAV-assisted cellular networks. Our optimiza-
tion target is to minimize the delay of video streaming service
by designing user association strategy and caching strategy

(caching appropriate bitrates of video chunks at UAVs). More
specifically, the main contributions of this article are summa-
rized as follows:
•By deploying caching and computing resources at UAVs,

we consider the UAV-assisted cellular networks and study
the issue of joint caching and user association optimization
for adaptive bitrate video streaming. Three different cases
for processing the video chunk requests and responds are
considered, including direct hit case, transcoding hit case
and cache miss case. Then, the joint optimization problem
is formulated as a non-linear integer programming (NLIP),
aiming at minimizing the total content delivery delay.
• The formulated problem is a NP-hard problem. To reduce

the computation complexity, a heuristic algorithm based on
quantum-inspired evolutionary algorithm (QEA) is proposed
to iteratively reach the best caching and user association
solutions of our formulated problem.
• Finally, we conduct extensive simulations to evaluate the

convergence and performance of the proposed QEA-based
caching and user association algorithm. Simulation results
show that compared with the other three benchmark algo-
rithms, the proposed algorithm can significantly enhance
content delivery efficiency and achieve better system perfor-
mance in terms of reducing the total content delivery delay.

The rest of this article is organized as follows. In Section II,
we review the related works. In Section III, we present the
system model and formulate the joint caching and user asso-
ciation optimization problem. Then, to solve the formulated
problem, a QEA-based heuristic algorithm is proposed in
Section IV. In Section V, we present the simulation results.
Finally, this article is concluded in Section VI.

II. RELATED WORK
A. UAV CACHING
Edge caching can improve content transmission and enhance
content delivery efficiency. Thus, the optimization of caching
strategy in cache-enabled UAV networks has been widely
studied. In order to maximize users’ QoE and reduce trans-
mission power of UAVs, the authors in [15] use random
waypoint user mobility model to predict the location of
UAVs, and present a dueling reinforcement learning-based
algorithm to optimize the content caching strategy. In [16],
the authors improve the content download delay and energy
consumption by optimizing the caching and dynamic flight
strategy. Literature [17] divides contents into a popular subset
and a less popular subset, and proposes a hybrid caching
strategy to enhance the overall spectral efficiency. Taking
into account the vehicle mobility, request frequency, cache
size and content popularity, an energy-aware coded caching
strategy is presented in [18] to improve energy efficient
performance. Another notable work is [19], which proposes
an alternating iterative algorithm to maximize the mini-
mum throughput by jointly optimizing cache placement,
UAV trajectory and transmission power. The authors in [20]
focus on a UAV-relaying network and investigate the secure
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transmission problem, and optimize the user association,
UAV trajectory, UAV scheduling and transmission power
jointly aiming at maximizing the minimum secrecy rate.
In [21], the content delivery delay is minimized by optimizing
the content caching strategy and UAVs’ positions. However,
these works mainly focus on the video contents with one
bitrate, but rarely consider the video contents with multiple
bitrates.

B. VIDEO CACHING FOR ADAPTIVE BITRATE VIDEO
STREAMING
Given the benefits of adaptive bitrate video streaming in
providing a good viewing experience for users, there are
some studies focusing on video caching for adaptive bitrate
video streaming. Considering the limited caching capacity,
literature [22] proposes a convex optimization-based content
caching scheme for HTTP adaptive bit rate (ABR) stream-
ing aiming at maximizing users’ QoE. In [23], the authors
propose a bitrate version selection and resource allocation
scheme called EdgeDASH, which exploits edge caching to
improve the buffer stalls and cache hits. The authors in [24]
optimize the QoE-driven caching placement aiming at max-
imizing the aggregate average video distortion reduction.
In [25], to improve the system throughput and cache hit
ratio, a Stackelberg game is used to formulate the issue
of joint caching and radio resource allocation. The authors
in [26] propose a polynomial complexity algorithm to solve
the caching problem of video contents with multiple bitrates.
Another notable work is [27], which investigates the caching
and prefetching problem for adaptive bitrate video streaming,
and proposes a QoE-oriented deep neural network model
called CoLEAP aiming at improving users’ QoE. However,
these works do not consider utilizing the computing resources
of edge nodes to transcode a video content from a higher
bitrate version to a lower bitrate version. Therefore, the
potential benefits of adaptive bitrate video streaming have not
been fully exploited.

C. VIDEO CACHING AND TRANSCODING FOR ADAPTIVE
BITRATE VIDEO STREAMING
A few related works have been conducted to consider
caching and transcoding for adaptive bitrate video streaming.
Taking into account the video caching and transcoding
capability in Mobile Edge Computing (MEC) servers, litera-
ture [28] provides low-latency adaptive bitrate video stream-
ing services by optimizing the video caching and transcoding
strategy. In [29], the authors propose a heuristic divide-
and-conquer algorithm to trade off the video caching and
transcoding cost. Another notable work is [30], which pro-
poses a multicast-enabled virtualized heterogeneous network
framework to improve the utilization of communication,
caching and computing resources. In [31], online iterative
greedy-base adaptation (OIGA) algorithm is presented aim-
ing at maximizing the average video bitrate. The authors
in [12] aim at minimizing the video retrieval delay by opti-
mizing the caching placement strategy and video request

FIGURE 1. System model of a cache-enabled UAV-assisted cellular
network.

scheduling strategy. Literature [32] improves the U-video
mean opinion score (U-vMOS) by considering video bitrate
adaptation, computing resource scheduling and traffic engi-
neering jointly. However, these works do not consider the
effect of user association on the content delivery delay.Mean-
while, these works mainly focus on the terrestrial wireless
network scenarios, but ignore the UAV network scenario.
Motivated by this, in this article, we consider video caching
and transcoding for adaptive bitrate video streaming, and
study the issue of joint caching and user association optimiza-
tion in UAV-assisted cellular networks aiming at minimizing
the total content delivery delay.

III. SYSTEM DESCRIPTION
In this section, we first present the system model, and then
formulate the problem of joint caching and user association
optimization for adaptive bitrate video streaming.

A. SYSTEM MODEL
As shown in Figure 1, we focus on the downlink transmission
of a cache-enabled UAV-assisted cellular network, which
consists of one ground BS, L UAVs and K mobile users. Let
L = {1, 2, · · · , l, · · · ,L} and K = {1, 2, · · · , k, · · · ,K }
denote the set of L UAVs and the set of K mobile users,
respectively. UAVs act as relay nodes to communicate with
mobile users and the ground BS. The ground BS is connected
to the core network through high-capacity wired optical fiber
links while UAVs communicate with the ground BS through
wireless backhaul links of limited capacity. Caching and
computing resources are deployed at each UAV. The caching
capacity and computing capacity of UAV l are denoted as
Ccache
l andCcomp

l , respectively. Besides, the radio access links
and wireless backhaul links are allocated with orthogonal
spectrum bands, such that there is no interference between
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the radio access links from UAVs to users and the wireless
backhaul links from the ground BS to UAVs. We assume that
the bandwidth of radio access links isB, which is reused by all
UAVs to communicate with users. The bandwidth of wireless
backhaul links is Bh, which is equally allocated to L UAVs.
We assume that there are total F video chunks in the

network. The set of F video chunks is denoted as F =

{1, 2, · · · , f , · · · ,F}. Each video chunk has Z bitrate ver-
sions and the set of bitrate versions is denoted as Z =

{1, 2, · · · , z, · · · ,Z }, which is indexed by an ascending order
ranging from the smallest bitrate version 1 to the highest
bitrate version Z . The video chunk f with bitrate version z
is denoted as vf ,z. Without loss of generality, we assume that
all video chunks have the same playtime duration. Thus, the
size of each video chunk is proportional to its bitrate.

1) TRANSMISSION MODEL
Here, we will describe transmission channel models between
UAVs and users, as well as the ground BS and UAVs.
We assume that UAVs and users remain static during the
process of data transmission and the hovering altitude of
UAVs is H . Considering the complexity of environment and
the height characteristic of UAVs, we model the radio access
links from UAVs to users and the wireless backhaul links
from the ground BS to UAVs as the probabilistic line-of-sight
(LoS) and non-line-of-sight (NLoS) links. Thus, if user k is
associated with UAV l, the LoS and NLoS path loss from
UAV l to user k can be expressed as (in dB) [33], [34]:

gLoSl,k = 20 log(4π fcd0
/
c)+ 10nLoS log(dl,k )+ ςLoS (1)

gNLoSl,k = 20 log(4π fcd0
/
c)+ 10nNLoS log(dl,k )+ ςNLoS

(2)

where 20 log(4π fcd0
/
c) denotes the free space path loss,

fc is the carrier frequency, d0 is the free space ref-
erence distance and c is the speed of light. dl,k =√
(Xl − Xk )2 + (Yl − Yk )2 + H2 represents the distance

between UAV l located at (Xl,Yl,H ) and user k located at
(Xk ,Yk , 0). nLoS and nNLoS represent the path loss exponents
for LoS and NLoS links, respectively. ςLoS and ςNLoS rep-
resent the shadowing random variables for LoS and NLoS
links, respectively.

In general, the probability of LoS links is impacted by
many factors such as the density and height of buildings, the
location of users and UAVs, as well as the elevation angle
between users and UAVs [35]. The probability of LoS links
can be calculated by

PLoSl,k =
1

1+ κ exp[−ζ (θl,k − κ)]
(3)

where κ and ζ are constant values depending on the envi-
ronment. θl,k = sin−1(H

/
dl,k ) represents the elevation angle

between user k and UAV l. Therefore, the average path loss
is expressed as: gl,k = PLoSl,k g

LoS
l,k + PNLoSl,k gNLoSl,k , where

PNLoSl,k = 1− PLoSl,k is the probability of NLoS links.

Based on the transmission channel model of radio
access links, the received signal-to-interference-plus-noise-
ratio (SINR) of user k from UAV l is calculated by

SINRl,k =
PUAV 10−gl,k

/
10∑

l′∈L,l′ 6=l
PUAV 10−gl′,k

/
10
+ σ 2

(4)

where PUAV is the transmission power of UAVs and σ 2

is the variance of additive white Gaussian noise (AWGN).
Considering the energy constraint of UAVs, we assume that
the number of users associated with each UAV is limited and
the maximum number isM . Thus, the downlink transmission
rate from UAV l to user k can be calculated by

rl,k =
B
M

log2
(
1+ SINRl,k

)
(5)

Using the similar analysis method, we can model the trans-
mission channel model of wireless backhaul links. Because
there are more obstructions between the ground BS and
UAVs, the LoS and NLoS path loss from the ground BS to
UAV l are expressed as (in dB) [36]:

gLoSBS,l = dBS,l−γ (6)

gNLoSBS,l = ηdBS,l
−γ (7)

where dBS,l represents the distance between the ground BS
and UAV l. γ represents the path loss exponent and η rep-
resents the excessive path loss coefficient for NLoS links.
Thus, the received SINR of UAV l from the ground BS can
be calculated by

SINRBS,l =
PBS

10gBS,l
/
10σ 2

(8)

where PBS represents the transmission power of the ground
BS and gBS,l = PLoSBS,lg

LoS
BS,l + PNLoSBS,l g

NLoS
BS,l is the average

path loss between the ground BS and UAV l. Then, the
downlink transmission rate from the ground BS to UAV l can
be calculated by

rBS,l =
Bh
L
log2

(
1+ SINRBS,l

)
(9)

2) CONTENT DELIVERY DELAY MODEL
In this article, let X =

{
xl,k |l ∈ L, k ∈ K

}
denote the

user association strategy and its element xl,k ∈ {0, 1} indi-
cate whether user k is associated with UAV l. If user k is
associated with UAV l, xl,k = 1; otherwise, xl,k = 0.
We assume that one user can only associate with one UAV,
but one UAV can be associated with several users. Let Y ={
yl,f ,z |l ∈ L, f ∈ F , z ∈ Z

}
denote the caching strategy and

its element yl,f ,z ∈ {0, 1} indicate whether vf ,z is cached by
UAV l. If vf ,z is cached by UAV l, yl,f ,z = 1; otherwise,
yl,f ,z = 0. In addition, let pk,f ,z ∈ {0, 1} indicate whether
user k requests vf ,z. If user k requests vf ,z, pk,f ,z = 1;
otherwise, pk,f ,z = 0. Users’ requests for video chunks are
affected by the popularity of video chunks. In this article,
we assume the popularity of video chunks follows a Zipf-like
distribution [37].
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Depending on the caching and computing capabilities,
UAVs can not only cache a part of popular video chunks
with different bitrates but also transcode a video chunk from
a higher bitrate to a lower bitrate. According to whether
UAVs cache the requested bitrate of a video chunk or a
higher bitrate, there are three possible cases to process the
video chunk requests and responds, including direct hit case,
transcoding hit case and cache miss case. In the following,
we will analyze the content delivery delay fromUAV l to user
k denoted as Dl,k of these three cases.

Direct hit case: When UAV l has cached the requested
vf ,z (i.e., yl,f ,z = 1), user k can directly get the requested
vf ,z from UAV l. In this case, the content delivery delay only
contains the downlink radio transmission delay, which can be
calculated by

D1
l,k =

F∑
f=1

Z∑
z=1

pk,f ,zyl,f ,z
sf ,z
rl,k

(10)

where sf ,z represents the size of vf ,z.
Transcoding hit case: When UAV l does not cache the

requested vf ,z (i.e., yl,f ,z = 0), but caches a higher bitrate

(i.e., hl,f ,z = min

{
Z∑

z′=z+1
yl,f ,z′ , 1

}
= 1), it will first

transcode the cached higher bitrate to the requested bitrate,
and then transmit the requested bitrate to user k . In this
case, the content delivery delay contains the downlink radio
transmission delay and the transcoding delay, which can be
calculated by

D2
l,k =

F∑
f=1

Z∑
z=1

pk,f ,z
(
1− yl,f ,z

)
hl,f ,z

×

(
sf ,z
rl,k
+
w0(sf ,z+ − sf ,z)

cl,k

)
(11)

where hl,f ,z ∈ {0, 1} indicates whether UAV l caches the
video chunk f with at least one bitrate version higher than z.
If UAV l caches the video chunk f with at least one bitrate
version higher than z, hl,f ,z = 1; otherwise, hl,f ,z = 0.
z+ =

{
z′
∣∣min(z′ − z), z < z′, yl,f ,z′ = 1

}
represents the min-

imum cached bitrate version of video chunk f higher than
z. w0 represents the computing resources required to process
one bit input. cl,k represents the computing resources allo-
cated to user k by UAV l. Thus, the transcoding delay can
be expressed as

w0(sf ,z+−sf ,z)
cl,k

[38]. Because the computing
capacity of UAV l isCcomp

l and themaximum number of users

associated with each UAV is M , we assume cl,k =
Ccompl
M .

Cache miss case: In this article, we assume all video
chunks with different bitrates are stored in the core network.
Because the ground BS is connected to the core network
through high-capacity wired optical fiber links, all video
chunks with different bitrates are available at the ground BS.
When UAV l caches neither the requested vf ,z (i.e., yl,f ,z = 0)
nor a higher bitrate (i.e., hl,f ,z = 0), it will first obtain the
requested vf ,z from the core network via wireless backhaul

links with the ground BS, and then transmit the requested
vf ,z to user k . In this case, the content delivery delay contains
the downlink radio transmission delay and the backhaul link
transmission delay, which can be calculated by

D3
l,k=

F∑
f=1

Z∑
z=1

pk,f ,z

1−
Z∑
z′=z

yl,f ,z′

( sf ,z
rl,k
+
sf ,z
rBS,l

)
(12)

Therefore, the content delivery delay from UAV l to user k
is given by

Dl,k = D1
l,k + D

2
l,k + D

3
l,k (13)

B. PROBLEM FORMULATION
Based on the above analysis, the total content delivery delay
of all users is expressed as

Dtot =
L∑
l=1

K∑
k=1

xl,kDl,k (14)

Consequently, we formulate the joint optimization problem
of caching and user association for adaptive bitrate video
streaming as follows.

min
X ,Y

Dtot (15)

s.t.
F∑
f=1

Z∑
z=1

yl,f ,zsf ,z ≤ Ccache
l , ∀l ∈ L (15a)

L∑
l=1

xl,k = 1, ∀k ∈ K (15b)

K∑
k=1

xl,k ≤ M , ∀l ∈ L (15c)

xl,k ∈ {0, 1} , ∀l ∈ L, k ∈ K (15d)

yl,f ,z ∈ {0, 1} , ∀l ∈ L, f ∈ F , z ∈ Z (15e)

The target of the optimization problem is to minimize the
total content delivery delay of all users. The constraints of the
optimization problem are specified in (15a)-(15e). Constraint
(15a) indicates that the total size of video chunks cached at
each UAV is less than its caching capacity Ccache

l . Constraint
(15b) indicates that each user can only be associated with
one UAV. Constraint (15c) indicates that the number of users
being associated with each UAV is not greater than M . Con-
straints (15d) and (15e) indicates that the two variables (xl,k
and yl,f ,z) that need to be optimized are both binary variables.

So far, the joint caching and user association optimization
problem for adaptive bitrate video streaming has been formu-
lated and the optimal solution will be described in Section IV.

IV. PROPOSED ALGORITHM
As mentioned in Section III, the joint caching and user
association optimization problem for adaptive bitrate video
streaming is formulated as (15). Apparently, the variables in
this optimization problem are both binary discrete variables.
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Thus, the optimization problem is a non-linear integer pro-
gramming (NLIP), which is NP-hard and difficult to search
the best solution within polynomial time [39]. In order to
reduce the computation complexity, a heuristic algorithm
based on quantum-inspired evolutionary algorithm (QEA)
is proposed to iteratively reach the best caching and user
association solutions. In this section, we first introduce the
basic principle of QEA, and then present the joint caching
and user association optimization algorithm based on QEA.

A. THE BASIC PRINCIPLE OF QEA
Inspired by quantum computing theory and evolutionary
theory, QEA [40] is proposed as an iterative algorithm
to solve various combinatorial optimization problems. The
characteristics of QEA mainly include the representation of
individuals, evaluation functions and population dynamics.
In QEA, each population consists of a group of individuals,
and each individual consists of a string of Q-bits. A Q-bit,
the smallest unit of information in QEA, may be in the ‘‘0’’
state, ‘‘1’’ state, or a linear superposition of the two states.
The probabilistic representation of a Q-bit is defined as

|ψ〉 = α |0〉 + β |1〉 (16)

where |0〉 represents the ‘‘0’’ state, |1〉 represents the ‘‘1’’
state. |α|2 and |β|2 denote the probability of observing
the Q-bit in ‘‘0’’ state and ‘‘1’’ state respectively. Mean-
while, to meet the probability normalization condition,
|α|2 + |β|2 = 1.

To facilitate the analysis, the probabilistic representation of
a Q-bit is simplified as [

α

β

]
(17)

Based on the definition of a Q-bit, an individual with a
string of m Q-bits is expressed as[

α1
β1

∣∣∣∣α2β2
∣∣∣∣α3β3

∣∣∣∣ · · ·· · ·
∣∣∣∣αmβm

]
(18)

where |αi|2 + |βi|2 = 1, i = 1, 2, . . . ,m. QEA is a
generational population-based iterative algorithm. During the
iterative process, quantum gates (Q-gates), such as NOT gate,
Hadamard gate and rotation gate, are employed as a varia-
tion operator to update the individuals, driving the individu-
als towards better solutions. The mechanism of QEA, such
as Q-bit probabilistic representation and Q-gate operation,
allows it to effectively explore and exploit the search space
of a specific optimization problem.

B. THE JOINT CACHING AND USER ASSOCIATION
OPTIMIZATION ALGORITHM BASED ON QEA
According to the basic principle of QEA, we present a joint
caching and user association optimization algorithm based
on QEA, which consists of nine steps and is summarized in
Algorithm 1. Next, we will introduce the details of each step.
• At step 1, set the generation counter t = 0.
• At step 2, initialize Q(t)X and Q(t)Y .

Algorithm 1 The Joint Caching and User Association Opti-
mization Algorithm Based on QEA
Step 1: Set the generation counter t = 0.
Step 2: Initialize Q(t)X and Q(t)Y .
Step 3: Determine X (t) and Y(t) by observing the states
of Q(t)X and Q(t)Y respectively.
Step 4: Repair the obtained X (t) and Y(t) by Algorithm 2.

Step 5: Evaluate X (t) and Y(t).
Step 6: Store the best binary solution into B(t)X and B(t)Y .

Step 7: Update Q(t + 1)X and Q(t + 1)Y by employing
Q-gates.
Step 8: Set t = t + 1.
Step 9: Check whether the termination condition is met.
If t > tMAX where tMAX represents the maximum number
of generations, return B(t)X and B(t)Y ; otherwise, go to
Step 3.

QEA is an iterative algorithm based on generational pop-
ulation. Q(t) =

{
qt1, q

t
2, . . . , q

t
n
}
is defined as a population

with n individuals at generation t . Here n is the popula-
tion size. Because the optimization problem (15) has two
binary variables X and Y , to adopt QEA to the optimiza-
tion problem, we have to define two population Q(t)X ={
qt1X , q

t
2X , . . . , q

t
nX
}
and Q(t)Y =

{
qt1Y , q

t
2Y , . . . , q

t
nY

}
.

Each individual in Q(t)X has L × K Q-bits, while each
individual in Q(t)Y has L × F × Z Q-bits. Thus, the ith
individual in Q(t)X and Q(t)Y are expressed as

qtiX =
[
αti11
β ti11

∣∣∣∣αti12β ti12

∣∣∣∣ · · ·· · ·
∣∣∣∣αtiLKβ tiLK

]
(19)

qtiY =
[
αti111
β ti111

∣∣∣∣αti112β ti112

∣∣∣∣ · · ·· · ·
∣∣∣∣αtiLFZβ tiLFZ

]
(20)

At generation 0, we initialize Q(t)X and Q(t)Y by setting
all α and β to 1

/√
2, which means that the probability of

observing each Q-bit in ‘‘0’’ state and ‘‘1’’ state is the same
at the beginning.
•At step 3, determineX (t) andY(t) by observing the states

of Q(t)X and Q(t)Y respectively.
X (t) =

{
X t
1,X

t
2, . . . ,X

t
n
}
and Y(t) =

{
Y t
1,Y

t
2, . . . ,Y

t
n
}

are both a group of binary solutions and are determined
by observing Q(t)X and Q(t)Y respectively. The ith binary
solutionX t

i andY
t
i are denoted asX

t
i =

[
x ti11, x

t
i12, . . . , x

t
iLK

]
andY t

i =
[
yti111, y

t
i112, . . . , y

t
iLFZ

]
. The binary value x tilk inX

t
i

and ytilfz in Y
t
i are obtained by

x tilk =

{
0, random [0, 1] >

∣∣β tilk ∣∣2
1, random [0, 1] <

∣∣β tilk ∣∣2 (21)

ytilfz =

 0, random [0, 1] >
∣∣∣β tilfz∣∣∣2

1, random [0, 1] <
∣∣∣β tilfz∣∣∣2 (22)
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where random [0, 1] is a uniformly distributed random num-
ber within [0, 1].
• At step 4, repair the obtained X (t) and Y(t) by

Algorithm 2.
Binary solutions X (t) and Y(t) determined at step 3 may

not satisfy constraints (15a)-(15c) of the formulated opti-
mization problem in Section III-B. When X (t) and Y(t)
violate constraints (15a)-(15c), Algorithm 2 is employed
to repair X (t) and Y(t), in order to make them satisfy
constraints (15a)-(15c).

Algorithm 2 Binary Solution Repair Algorithm
1: for each l ∈ L do

2: while
F∑
f=1

Z∑
z=1

ytl,f ,zsf ,z > Ccache
l do

3: Select an item f and z from the sets F and Z
satisfying ytl,f ,z = 1

4: Set ytl,f ,z = 0
5: end while

6: while
F∑
f=1

Z∑
z=1

ytl,f ,zsf ,z ≤ C
cache
l do

7: Select an item f and z from the sets F and Z
satisfying ytl,f ,z = 0

8: Set ytl,f ,z = 1
9: end while
10: end for
11: for each k ∈ K do

12: if
L∑
l=1

x tl,k > 1 then

13: Select an item l from the set L satisfying x tl,k = 1
14: Set x tl′,k = 0,∀l ′ ∈ L, l ′ 6= l
15: end if
16: end for
17: for each l ∈ L do

18: while
K∑
k=1

x tl,k > M do

19: Select an item k from the set K satisfying x tl,k = 1
20: Set x tl,k = 0
21: end while
22: end for
23: for each k ∈ K do

24: if
L∑
l=1

x tl,k = 0 then

25: Select an item l from the set L satisfying
K∑
k=1

x tl,k < M

26: Set x tl,k = 1
27: end if
28: end for

• At step 5, evaluate X (t) and Y(t).
Since our formulated optimization problem aims at mini-

mizing the total content delivery delay, the objective function
in (15) is used as the evaluation function to evaluate binary
solutions X (t) and Y(t).

TABLE 1. Lookup table of 1θ t
ilk .

• At step 6, store the best binary solution into B(t)X
and B(t)Y .

If the generation counter t = 0, the best binary solu-
tion among X (t) is selected and stored into B(t)X , and the
best binary solution among Y(t) is selected and stored into
B(t)Y ; otherwise, the best binary solution among X (t) and
B(t − 1)X is selected and stored into B(t)X , and the best
binary solution among Y(t) and B(t − 1)Y is selected and
stored into B(t)Y .
•At step 7, updateQ(t + 1)X andQ(t + 1)Y by employing

Q-gates.
In this article, the rotation gate is employed to update the

individuals and produce the next generation Q(t + 1)X and
Q(t + 1)Y . Specifically, the Q-bit of the ith individual in
Q(t + 1)X is updated by[

αt+1ilk
β t+1ilk

]
=

[
cos(1θ tilk ) − sin(1θ tilk )
sin(1θ tilk ) cos(1θ tilk )

] [
αtilk
β tilk

]
(23)

where 1θ tilk denotes a rotation angle which affects the speed
of convergence. At generation t , the value of 1θ tilk is deter-
mined according to Table 1, which is recommended in [40].
In Table 1, x tilk represents a value in the binary solutionX

t
i , b

t
lk

represents a value in the best binary solutionB(t)X denoted as
B(t)X =

[
bt11, b

t
12, . . . , b

t
LK

]
, f
(
X t
i

)
and f (B(t)X ) represent

the objective function values of X t
i and B(t)X respectively.

Similarly, the Q-bit of the ith individual in Q(t + 1)Y can
be updated by[

αt+1ilfz

β t+1ilfz

]
=

[
cos(1θ tilfz) − sin(1θ tilfz)
sin(1θ tilfz) cos(1θ tilfz)

][
αtilfz
β tilfz

]
(24)

• At step 8, set t = t + 1.
•At step 9, checkwhether the termination condition is met.

If t > tMAX where tMAX represents the maximum number of
generations, return B(t)X and B(t)Y ; otherwise, go to step 3.

V. SIMULATION RESULTS AND DISCUSSIONS
In this section, we use computation simulation method to
evaluate the performance of our proposed algorithm (i.e.,
QEA-based joint caching and user association optimization
algorithm for adaptive bitrate video streaming), which is
called as ‘‘QEA-based CA and AU’’ for simplicity in the
simulations. For the performance comparison, we consider
the other three algorithms, including ‘‘QEA-based CA only’’,
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TABLE 2. Simulation parameters.

FIGURE 2. Convergence of the proposed algorithm.

‘‘QEA-based AU only’’ and ‘‘Random CA and AU’’. ‘‘QEA-
based CA only’’ algorithm associates users with UAVs ran-
domly and only optimizes video caching strategy by using
QEA. ‘‘QEA-based AU only’’ algorithm caches video chunks
randomly and only optimizes user association strategy by
using QEA. ‘‘Random CA and AU’’ algorithm not only
caches video chunks randomly but also associates users with
UAVs randomly.

In our simulation, we assume that there are one ground
BS and L=5 UAVs in the UAV-assisted cellular network.
K=100 users are randomly distributed in the network. The
hovering altitude of UAVs is set to 100m. The transmission
power of UAVs and the ground BS are set to PUAV= 20dBm
and PBS= 30dBm respectively. The coverage radius of each
UAV is 1km. Besides, we assume that there are F=100 video
chunks, each of which has Z=4 bitrate versions. Each user
requests a video chunk at a time based on the Zipf-like
distribution. The detailed simulation parameters are summa-
rized in Table 2. Note that some of these parameters are
adjusted based on the evaluation scenarios. In the following,
the numerical results and discussions are given.

Figure 2 shows the convergence of all the algorithms.
As we can see, the total content delivery delay of ‘‘QEA-
based CA only’’, ‘‘QEA-based AU only’’ and ‘‘QEA-based
CA and AU’’ are all gradually converge with the number
of iterations increasing. ‘‘QEA-based CA and AU’’ takes
a longer time to converge than ‘‘QEA-based CA only’’.

FIGURE 3. Total content delivery delay under different values of the
caching capacity of each UAV.

‘‘QEA-based CA only’’ takes a longer time to converge
than ‘‘QEA-based AU only’’. This is because ‘‘QEA-based
CA and AU’’ needs to optimize both video caching strat-
egy and user association strategy, ‘‘QEA-based CA only’’
only needs to optimize video caching strategy, and ‘‘QEA-
based AU only’’ only needs to optimize user association
strategy. The number of elements in user association strategy
X =

{
xl,k |l ∈ L, k ∈ K

}
(i.e., L × K = 500) is less

than the number of elements in video caching strategy Y ={
yl,f ,z |l ∈ L, f ∈ F , z ∈ Z

}
(i.e., L×F×Z = 2000), result-

ing in a faster convergence speed. In addition, as shown in
Figure 2, the obtained total content delivery delay of ‘‘QEA-
based CA only’’ is much lower than ‘‘Random CA and AU’’,
which indicates that optimizing video caching strategy can
improve system performance. Similarly, the obtained total
content delivery delay of ‘‘QEA-based AU only’’ is much
lower than ‘‘Random CA and AU’’, which indicates that opti-
mizing user association strategy can improve system perfor-
mance. The obtained total content delivery delay of ‘‘QEA-
based CA and AU’’ is much lower than ‘‘QEA-based CA
only’’ and ‘‘QEA-based AU only’’, which demonstrates the
necessity and advantage of jointly optimizing video caching
strategy and user association strategy.
In Figure 3, we show the impact of caching capacity of each

UAV on total content delivery delay. From the figure, it can
be observed that the total content delivery delay decreases
with the caching capacity of each UAV increasing, which
means that as the caching capacity increases, more bitrate
versions of video chunks requested by users can be cached in
UAVs and are not necessary to be transcoded from a higher
bitrate version or be fetched from the ground BS through
wireless backhaul links. In addition, as shown in Figure 3,
‘‘QEA-based CA and AU’’ achieves the lowest total content
delivery delay compared with the other three algorithms. The
obtained total content delivery delay of ‘‘QEA-based CA
only’’ is lower than ‘‘QEA-based AU only’’. This is because
the caching capacity of each UAV mainly influences video
caching strategy, thus optimizing video caching strategy can
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FIGURE 4. Total content delivery delay under different values of the
computing capacity of each UAV.

FIGURE 5. Total content delivery delay under different values of the
hovering altitude of UAVs.

achieve better system performance than only optimizing user
association strategy.

In Figure 4, we illustrate the relationship between the
total content delivery delay and the computing capacity of
each UAV. From the figure, it can be observed that the total
content delivery delay of ‘‘QEA-based CA only’’, ‘‘QEA-
based AU only’’ and ‘‘QEA-based CA and AU’’ decrease
slowly as the computing capacity of eachUAV increases. This
can be explained as follows. Because each UAV can cache
more than one bitrate version for a video chunk, the number
of video requests requiring transcoding is reduced. Mean-
time, with the computing capacity of each UAV increasing,
transcoding a video chunk from a higher bitrate version to
the requested bitrate version requires lower delay. As a result,
the transcoding delay is relatively small, and the total content
delivery delay is mainly contributed by the downlink radio
transmission delay and the backhaul link transmission delay.

In Figure 5, we illustrate the impact of the hovering
altitude of UAVs on total content delivery delay. From the
figure, it can be observed that the total content delivery delay
increases with the hovering altitude of UAVs increasing. This
can be explained as follows. According to Eq. (1) and (2),

FIGURE 6. Total content delivery delay under different values of the
number of users.

FIGURE 7. Total content delivery delay under different values of the
transmission power of UAVs.

both the LoS andNLoS path loss fromUAVs to users increase
when the hovering altitude of UAVs increases, leading to
the decrease of the downlink transmission rate from UAVs
to users and the increase of the downlink radio transmis-
sion delay. In this case, the total content delivery delay
increases. Besides, as shown in Figure 5, the obtained total
content delivery delay of ‘‘QEA-based AU only’’ is lower
than ‘‘QEA-based CA only’’. This is because the hovering
altitude of UAVs has impact on the downlink transmission
rate from UAVs to users, which mainly influences user asso-
ciation strategy, thus optimizing user association strategy
can achieve better system performance than only optimizing
video caching strategy.

Figure 6 investigates the impact of the number of users
on total content delivery delay. From the figure, it can be
observed that the increase of the number of users leads to the
increase of the total content delivery delay. This is because
the number of video requests increases when the number of
users increases, resulting in the increase of the total downlink
radio transmission delay, the total transcoding delay, as well
as the total backhaul link transmission delay. In this case,
the total content delivery delay increases. Besides, because

VOLUME 10, 2022 106283



J. Xie et al.: Joint Caching and User Association Optimization for Adaptive Bitrate Video Streaming

FIGURE 8. Total content delivery delay under different values of the
bandwidth of radio access links.

the proposed ‘‘QEA-based CA and AU’’ can associate users
with UAVs and cache video chunks smartly, the total con-
tent delivery delay of it increases with the smoothest speed,
which yields better system performance than the other three
algorithms.

Figure 7 shows how the total content delivery delay
changes as the transmission power of UAVs varies. From
the figure, it can be observed that the total content delivery
delay decreases significantly as the transmission power of
UAVs increases. This is because higher transmission power
of UAVs leads to the increase of the downlink transmission
rate from UAVs to users and the decrease of the downlink
radio transmission delay.

Figure 8 illustrates the relationship between the total con-
tent delivery delay and the bandwidth of radio access links.
Similar to Figure 7, the total content delivery delay decreases
significantly with the bandwidth of radio access links increas-
ing. This is because the downlink transmission rate from
UAVs to users increases when the bandwidth of radio access
links increases, resulting in the decrease of the downlink radio
transmission delay.

VI. CONCLUSION
In this article, we have investigated the issue of joint caching
and user association optimization for adaptive bitrate video
streaming in UAV-assisted cellular networks. The problem
was formulated as a non-linear integer programming aiming
at minimizing the total content delivery delay of adaptive
bitrate video streaming service. In order to reduce the com-
putation complexity of the NP-hard problem, we presented
a QEA-based heuristic algorithm to iteratively reach the
best caching and user association solution, which caches the
proper bitrate versions of video chunks at UAVs and selects
the appropriate user-UAV association relationship. Simula-
tion results have been given to demonstrate the convergence
of the proposed algorithm and its better performance than
three benchmark algorithms in terms of reducing content
delivery delay and enhancing content delivery efficiency.
In future works, it would be interesting to jointly consider

UAV deployment, resource allocation, content caching and
user association for adaptive bitrate video streaming to
enhance system performance and improve users’ QoE.
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