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Abstract— In this article, we investigate the UAV-aided edge
caching to assist terrestrial vehicular networks in delivering
high-bandwidth content files. Aiming at maximizing the overall
network throughput, we formulate a joint caching and trajectory
optimization (JCTO) problem to make decisions on content
placement, content delivery, and UAV trajectory simultaneously.
As the decisions interact with each other and the UAV energy
is limited, the formulated JCTO problem is intractable directly
and timely. To this end, we propose a deep supervised learning
scheme to enable intelligent edge for real-time decision-making
in the highly dynamic vehicular networks. In specific, we first
propose a clustering-based two-layered (CBTL) algorithm to
solve the JCTO problem offline. With a given content placement
strategy, we devise a time-based graph decomposition method to
jointly optimize the content delivery and trajectory design, with
which we then leverage the particle swarm optimization (PSO)
algorithm to further optimize the content placement. We then
design a deep supervised learning architecture of the convolutional neural network (CNN) to make fast decisions online.
The network density and content request distribution with
spatio-temporal dimensions are labeled as channeled images and
input to the CNN-based model, and the results achieved by
the CBTL algorithm are labeled as model outputs. With the
CNN-based model, a function which maps the input network
information to the output decision can be intelligently learnt to
make timely inference and facilitate online decisions. We conduct
extensive trace-driven experiments, and our results demonstrate
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both the efficiency of CBTL in solving the JCTO problem and
the superior learning performance with the CNN-based model.
Index Terms— Edge intelligence, UAV caching, trajectory
design, deep supervised learning, graph decomposition.

I. I NTRODUCTION
O ACCOMMODATE ever-increasing vehicular traffic
demands especially in the future driverless era,
the Internet of Vehicles (IoV) is envisioned to be vigorously
robust and deliver high-bandwidth contents limitlessly [2]–[4].
As the vehicular network resource is highly dynamic while
the terrestrial network resources (4G/5G) are fixed and rigid,
it is a challenging task to guarantee satisfactory network
performance anywhere at any time, such as at urban busy roads
during rush hours. Unmanned aerial vehicle (UAV) caching [5]
is a promising paradigm to assist the terrestrial network. By
proactively caching popular and repetitively requested content
files with large size (e.g., HD map or the video streaming of
football match, concert, etc.), UAV caching can significantly
alleviate the traffic burden of the terrestrial network.
Particularly, the caching-enabled UAVs are physically free
from the backhaul limitation, which makes the implementation
of UAV communications more feasible considering the high
agility of UAVs. With fully controllable mobility and high
altitude, UAVs can support fast reconfiguration with high lineof-sight (LoS) probability for UAV-to-vehicle (U2V) wireless
links [6]. When content requests are hit by the caching,
the files can be delivered directly without traversing wireless
backhaul, reducing the response delay significantly [7].
Besides, on-demand UAV communications can be dispatched
when the terrestrial network is overloaded, the manner of
which is flexible and cost-effective.
Significant research efforts have been put on the UAVassisted communications. In [8], spectrum trading among the
selfish macro BS manager and UAV operators is investigated
to optimize pricing strategy and bandwidth allocation. In [9],
UAV-assisted edge computing is studied to serve remote IoT
users by jointly optimizing the communication and computing
resources. The problem of UAV deployment is investigated
in [10], where UAVs are dispatched over geographical areas
with intensive service demands. Leveraging the controllable
mobility of UAVs, a hybrid network architecture utilizing
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UAVs as moving base stations (BSs) is proposed in [11], where
a UAV flies cyclically along the cell edge to offload traffic from
cellular BS (CBS). UAV trajectory optimization is studied in
[12]–[14]. In [12], the authors aim to minimize the number
of deployed UAVs to serve the vehicles in disaster situations
by jointly optimizing trajectory and radio resource allocation.
In [13], the UAV trajectory optimization is investigated to
minimize the expired data packets in UAV-assisted wireless
sensor system. To maximize the minimum throughput over all
ground users, multiple UAVs are used as aerial BSs in [14]
with jointly optimized multi-user scheduling and association
as well as the UAV trajectory and power control. UAV-assisted
caching is studied in [15]–[17]. In [15], a UAV with limited
energy is dispatched to facilitate proactive caching at the
ground nodes. In [16], user-centric information is leveraged
for efficient cache-enabled UAV deployment to maximize the
users’ quality of experience using a minimum total transmit
power of the UAVs. One cache-enabled UAV is adopted in [17]
and an online wireless caching scheme is designed via jointly
optimizing UAV trajectory, transmission power and caching
content scheduling.
Despite the extensive existing works, various technical
challenges associated with UAV-assisted caching in vehicular
networks remain. First, most existing works consider UAV
caching in networks with low/no user mobility, which cannot be directly applied to the vehicular scenarios. The high
vehicle mobility causes spatio-temporal variation in vehicle
density and content request distribution, and further affects
the UAV caching performance. Second, the joint decision of
content placement, UAV trajectory, and content delivery in
UAV-assisted vehicular networks has not been well addressed.
The joint optimization is essential to improve the UAV content
delivery performance in vehicular networks as the three decisions interact with each other. Third, as the vehicular network
condition varies significantly with uncertainties, online decisions should be constantly made to keep pace with the dynamic
vehicular environments, posing real-time requirements to the
optimization solution.
In this article, we focus on the joint design of UAV caching
(including content placement and content delivery) and UAV
trajectory in urban vehicular networks that have substantial
content demands. Our objective is to find the optimal solution
to the joint optimization problem in real time to maximize
the overall network throughput under the UAVs’ energy constraints. By partitioning the target area into small regular
areas and representing each area by a point, we construct a
topology graph to find the optimal paths of the UAVs, where
the edge weights are affected by the content placement and
content delivery scheme. As the formulated joint caching and
trajectory optimization (JCTO) problem is intractable directly
and timely due to the coupling of variables, we propose
a learning-based scheme named LB-JCTO to enable edge
intelligence (EI) [18] and make real-time decisions in the
highly dynamic vehicular environments.
LB-JCTO is an offline optimization and learning for online
decision framework, in which deep supervised learning is
conducted to facilitate online decisions under the supervision
of offline optimized target. Particularly, in the first stage

of LB-JCTO, we propose a clustering-based two-layered
(CBTL) algorithm to solve the JCTO problem. Given a content
placement strategy, we jointly optimize UAV trajectory and
content delivery by a time-based graph decomposition method,
where a directed graph is constructed in accordance with the
spatial-temporal variant vehicle densities and content requests.
Resource constrained shortest path (RCSP) algorithms [19]
are then used to find the optimal path, representing the
optimal content delivery and trajectory solution. Based on the
achieved optimal results, we then leverage the particle swarm
optimization (PSO) algorithm to optimize content placement,
further enhancing the network throughput. Although the CBTL
algorithm can achieve a satisfactory performance, the algorithm complexity still cannot meet the real-time requirements
for online decisions. To this end, in the second stage of
LB-JCTO, we adopt a deep learning architecture of convolutional neural network (CNN) [20] to conduct supervised learning at the intelligent edge. Particularly, the spatio-temporal
variant network density and content requests are labeled
as channeled images and input to the learning model, and
the optimized solutions obtained by the CBTL algorithm
are labeled as model outputs. With the well-trained CNN
model, a function which maps the input network information to the output decision can be learnt to enable timely
decision-making.
The merits of LB-JCTO are three-fold: 1) at the offline
optimization stage, we can use a complicated algorithm
with relatively high computation complexity to obtain the
optimized results, which are good learning targets; 2) for
offline training, as EI-based LB-JCTO is trained to learn
from a good target, its performance can be well guaranteed;
and 3) at the online stage, with the well-trained CNN-based
model, LB-JCTO simply runs a matching function in the
UAVs for the up-to-date collected information, which can
output high-quality and real-time decisions. To evaluate the
performance of LB-JCTO, we conduct extensive trace-driven
experiments based on DiDi Chuxing GPS Dataset [21].
Performance results show that: 1) the offline optimization
algorithm CBTL can achieve near-optimal performance
and outperform the benchmark scheme significantly; and
2) guided by the CBTL algorithm, the CNN-based deep
learning approach can also achieve superior performance, and
more importantly, it can react to the network input rapidly.
We highlight our major contributions in this article as follows.
• We study the joint design of UAV caching and trajectory in vehicular networks, which is of significant
importance for future IoVs to deliver high-bandwidth
contents robustly. Specifically, we formulate the JCTO
problem to investigate the interplay between the caching
scheme and UAV trajectory design, where the analysis
and derivation of UAV energy consumption, achievable
throughput of UAV-based moving cells and terrestrial
networks are respectively presented.
• To solve the JCTO problem in real time, we propose a
learning-based scheme named LB-JCTO to make online
inferences in response to the dynamic vehicular networks.
Particularly, in the LB-JCTO scheme, the CBTL algorithm is devised to optimize the JCTO problem offline,
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Overview of UAV-aided edge caching in vehicular networks.

and then a CNN-based learning scheme is designed to
facilitate online decisions.
• Extensive trace-driven experiments are carried out, and
results demonstrate that the CBTL algorithm can efficiently solve the joint optimization problem, and the
CNN-based learning model can well emulate the capability of CBTL while satisfying the real-time requirements.
We organize the remainder of this article as follows. System
model and problem formulation are given in Section II.
Section III presents the proposed LB-JCTO scheme, which
includes the CBTL-based offline optimization as presented in
Section IV, and the offline model training and online decision
as investigated in Section V. Trace-driven experimental results
are carried out in Section VI. In Section VII, we conclude the
article and direct our future work.
II. S YSTEM S CENARIO AND P ROBLEM F ORMULATION
A. Scenario Description
We investigate UAV-assisted edge caching in vehicular
networks by utilizing UAVs to cache content files and then
serve the ground vehicles. Without loss of generality, we focus
on a rectangle area covered by a single CBS, as shown
in Fig. 1. A set K of K rotary-wing UAVs equipped with
caching storage units are dispatched into the system to act as
moving BSs to serve the ground vehicles along with the CBS.
Let F = {f1 , f2 , · · · , fF } be the set of F files requested in
the scenario. The size of the content files is assumed to be
the same1 and denoted by ςf , ∀ff ∈ F. The caching storage
capacity of UAV k is Ck , i.e., UAV k can cache no more
than Ck content files. In addition, the UAV flies horizontally
at a constant altitude H to achieve a lower level of energy
consumption [22].
The ground vehicular networks are highly dynamic with
spatio-temporal variance for vehicle densities and content
request distributions. Constrained by the street-layout, vehicle
densities on the roads (white areas in Fig. 1) are generally
larger than those on the other areas, so as the content request
probabilities. Basically, vehicle density can be estimated based
on position information collected from vehicles equipped
with GPS devices. Content popularity can be modeled as
Zipf distributions according to the analysis for many real
datasets [23]. With Zipf-based content popularity, the request
1 In reality, for files with different sizes, the analysis can be easily extended
by dividing each file into chunks of equal size.

distributions still vary spatially and temporally due to different user preferences. Although there exist many works
modeling and predicting a user’s preference by using learning
methods [24], the statistical modeling of the preference of a
certain user set based on real-world datasets has not been well
investigated [25]. Inspired by the model in [25], we model the
file preference in each grid at time slot t as follows:
• A grid v and a content file ff are respectively associated
with feature values φv,t and ϑf , where φv,t , ϑf ∈ [0, 1].2
• The probability that file ff is requested by users in grid v
at time t is calculated as:
g(φv,t , ϑf )
,
(1)
rv,t,f = pf 
v  ∈V g(φv  ,t , ϑf )
where pf =



1/f ξ
ξ
m∈F 1/m

is the popularity of content ff ,
1

and g(φv,t , ϑf ) = (1 − |φv,t − ϑf |) α3 −1 is a kernel
function representing the correlation between grid v and
file ff .3
Basically, rv1 ,t1 ,f = rv2 ,t2 ,f for v1 = v2 or t1 = t2 due to
its spatio-temporal variance, despite that vehicles may have
similar preferences over some popular content files.
Aiming at maximizing the overall network throughput,
the UAVs should fly to different locations to keep pace with
the network dynamics. To better illustrate the time-varying
locations of the UAVs, we partition the target area into
small square grids with side length w. Each grid square is
represented by its central point and denoted by (i, j), i ∈
[1, Nrow ], j ∈ [1, Ncol ]. This means that the grid locates in the
i-th row and j-th column, and Nrow and Ncol are the numbers
of rows and columns in the target area. We can then construct
a topology graph G = (V, E) representing the whole map,
where V is the set of central points of the grid squares and
E contains the edges connecting the central points. For two
points u = (i, j) and v = (m, n), (u, v) ∈ E if and only if
u, v ∈ V, |i − m| ≤ 1, |j − n| ≤ 1.4
The UAV endurance is equally discretized into TU time
slots, each with a time length of Δt . The UAVs can fly along
2 Features of a location may include weather characteristics, historical park,
upcoming famous events, etc.; a content file is associated with features such as
file type and size, metadata, keywords or tags. To simplify the model, we use
a random value to represent the features of a grid/file, but this basic model
can be easily extended to multi-dimensional feature vectors.
3 The grids and files are correlated due to the underlying correlation between
location and content features.
4 In the remainder of this article, v and (i, j) are used interchangeably to
represent a grid square.
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the points and edges in graph G, where a UAV can move from
point u to v in two continuous time slots only if (u, v) ∈ E.
Notice that the starting and ending points of a trajectory are
the same, i.e., the location where the UAV is dispatched and
collected for battery charging. The starting and ending points
for multiple UAVs can be different. As shown in Fig. 1, two
UAVs fly along different trajectories, which are respectively
marked in red and green, with different starting points. Along
the flying trajectory, the UAVs can keep changing locations
at different time slots (Route 1) or choose to hover above a
certain location for multiple time slots (Route 2).
B. Notation Definition
To facilitate analysis, we define necessary notation and
symbols below.
1) DNrow ×Ncol ×TU is a three-dimensional array showing the
spatial- and temporal-varying vehicle densities. The (i, j, t)-th
entry di,j,t (or dv,t if v = (i, j)) is the average number of
vehicles in the grid represented by point (i, j) ((i, j) ∈ V) at
time slot t (t ≤ Tu ).
2) RNrow ×Ncol ×TU ×F is a four-dimensional array representing the spatial- and temporal-varying content request distributions. The (i, j, t, f )-th entry ri,j,t,f (or rv,t,f if v = (i, j))
is the request probability of file ff in the grid represented by
point (i, j) at time slot t.
3) XK×TU = [x1 , x2 , · · · , xK ] is the flying trajectories
of K UAVs. xk = [xk,1 , xk,2 , · · · , xTU ] is the k-th UAV’s
trajectory within its endurance time, where xk,t is its location
at time slot t. Thus we have (xk,t , xk,t+1 ) ∈ E and xk,1 =
xk,TU = v0,k , where v0,k is the starting point where UAV k
is released.
4) AK×F = [a1 , a2 , · · · , aK ] is an indicator matrix
showing the caching of content files in the UAVs, where
ak = [ak,1 , ak,2 , · · · ak,F ] represents the k-th UAV’s caching
status. ak,f = 1 if content file ff is cached in UAV k;
otherwise, ak,f = 0.
5) SK×TU = [s1 , s2 , · · · , sK ] denotes the content delivery
decision of the UAVs along their trajectories, where sk =
[sk,1 , sk,2 , · · · sk,TU ]. sk,t = 1 if UAV k chooses to serve the
vehicular requests at time t, whereas sk,t = 0 means that UAV
k flies without content delivery at time t.
C. Communication Models
In this part, we introduce the models for U2V and
CBS-to-vehicle (C2V) communications.
1) U2V Communications: In this work, the caching-enabled
UAVs work in Wi-Fi spectrum with a constant transmission
power, which is denoted by PU . Notice that NLoS links
can severely degrade the communication performance and
cannot support efficient U2V content delivery. Therefore, the
UAVs’ coverage radius, denoted by rUAV , can be defined by
constraining the LoS probability and free-space pathloss [26].
With a fixed flying altitude H, we have



2
H
cγmax
 ,


−H 2 ,
rUAV = min
LoS
4πfc
tan a1 − a12 ln 1−ξ
a1 ξLoS
(2)

where a1 and a2 are constant values determined by environment. fc , c, ξLoS and γmax respectively represent the carrier
frequency, light speed, the LoS probability requirement, and
U2V free space pathloss threshold. When partitioning the
target area into √
grid squares, we can set the side length of each
square as w = 2rUAV . With this setting, when a UAV hovers
above a grid square, its coverage area can approximately equal
the square area.
According to IEEE 802.11 standard, the Wi-Fi coverage
area can be divided into zone areas based on the achieved
signal-to-noise ratio (SNR) levels, and the data rates are
calculated based on the Wi-Fi modulation and coding schemes
[27], [28]. Therefore, the coverage area of a Wi-Fi-based UAV
can be divided into L zones. The j-th zone has a distinct
annulus area with width lj and a data rate of Rj . Thus,
a vehicle within a grid area can achieve a mean throughput
of:
⎞
⎛


j=L
2
2
⎜ j=1 Rj (lj + lj−1 ) − lj−1 ⎟
RUAV = ρ ⎝
⎠ , (3)

2
j=L
l
j
j=1
where l0 = 0 and ρ is Wi-Fi throughput efficiency factor.
The Wi-Fi channel is shared by associated vehicles under
a contention-based mechanism. With N vehicles sharing the
Wi-Fi channel in a grid area, each vehicle achieves a data rate
of RUAV /N . When the associated vehicles have a throughput
requirement of Rreq , the number of vehicles that can be
simultaneously served by a UAV should be no more than
NU,max , where


(4)
NU,max = RUAV /Rreq .
2) C2V Communications: In this work, channel inversion
power control is adopted for the CBS, where transmit power is
allocated based on the channel conditions to ensure equal average SNR for all the associated vehicles. The C2V channel gain
is considered as hi,C = i,C d−α
i,C , where i,C is the channel
fading and follows an exponential distribution with unit mean,
di,C is the distance between the vehicle and CBS, and α is the
pathloss exponent. Shadowing and Doppler effects [29] are not
involved in this work for analysis simplicity. Let BC be the
total available cellular bandwidth, which is equally shared by
vehicles using C2V communications. PC,max is the maximum
available transmission power of the CBS. Given that the C2V
channel gains keep changing due to vehicle mobility, it is
costly to perform real-time power allocation based on every
vehicle’s instantaneous channel condition. Thus, the average
C2V pathloss is used for power allocation for vehicles in the
same grid. The average pathloss is dependent on the average
distance to the CBS, which can be calculated referring to
Lemma 1 in [1]. When there are no UAVs in the system,
the overall cellular network throughput at time slot t is



BC
Pv,C (t)hv,C
dv,t log 1+
, (5)
RC (t) = 
BC σ2
v∈V
v∈V dv,t
d



v∈V

v,t

where Pv,C (t) and hv,C are the transmission power and
average channel gain from the CBS to the vehicles
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in v (v ∈ V), and σ 2 is the noise power density. Thus, we have

dv,t Pv,C (t) = PC,max ,
v∈V

Pv1 ,C (t)hv1 ,C = Pv2 ,C (t)hv2 ,C , ∀v1 , v2 ∈ V. (6)
Assuming that K UAVs have caching status A, delivery
decision S, and trajectories X, the set of positions of the K
UAVs at time slot t is Vt = {x1,t , x2,t , · · · , xK,t }. In grid
xk,t , the average number of vehicles that need to be served
by the CBS is derived as:
 

=
(1−s
)d
+
s
d
r
1−
nA,X,S
k,t xk,t ,t
k,t xk,t ,t
xk,t ,t,f .
C,k,t
ff ∈ak

(7)
The cellular spectrum bandwidth allocated to each associated
A,X,S
, is
vehicle, denoted by BC,t
A,X,S
BC,t

BC
= K A,X,S 
.
u∈V,u∈V
/ t du,t
k=1 nC,k,t +

ff ∈ak

where ε(x) is a unit step function, ε(x) = 1 if x > 0;
otherwise, ε(x) = 0. Then we can derive the overall system
throughput as:

TU  A,X,S K
A,X,S
R(A, X, S) =
RU,k,t
RC,t +
. (10)
t=1

2) Communication Energy: When UAV k flies above grid v
at time slot t, the probability that there are n vehicles requesting file ff (with request probability rv,t,f ) is:
d 
n
(1 − rv,t,f )dv,t −n . (12)
Pr(ff , dv,t , n) = v,t rv,t,f
n
Let ak be the caching status of UAV k and Fk =
{fk,1 , fk,2 , · · · , fk,m } be the set of m content files satisfying
ak,f = 1 ∀ff ∈ Fk . Assuming that the requests for different
files are independent, the probability that there are n requests
for files in Fk is
Pr(Fk , dv,t , n)
n−n
n

1
=
Pr(fk,1 , dv,t , n1 )
Pr(fk,2 , dv,t , n2 ) · · ·
n1 =0

k=1

D. UAV Energy Consumption Models
The energy consumption of the caching-enabled UAVs
mainly includes two parts: the propulsion energy required
to support its movement and the communication energy for
content delivery.
1) Propulsion Energy: According to [30] and [1], for a
rotary-wing UAV with speed V , the propulsion power consumption and the propulsion energy consumption during one
time slot can be respectively expressed as:

 12


1
V2
V4 2
3V 3
− 2
1+ 4
P (V ) = P0 1 + 2 + P1
U
4vr
2vr
1
+ AV 3 ,
2

x
x 
Ep (x) = P (V ) + max Δt − , 0 · (P0 + P1 ), (11)
V
V
√
where x ∈ {0, w, 2w} is the flying distance within one time
slot determined by the UAV trajectory planning, P0 , P1 , U , vr ,
and A are constant parameters related to the UAV’s weight,
wing area, air density, etc.

n2 =0

n
n−
m−2

j=1


(8)

The average throughput achieved by the CBS (denoted by
A,X,S
A,X,S
) and UAV k (denoted by RU,k,t
) can be respectively
RC,t
expressed as:




Pu,C (t)hu,C
A,X,S
A,X,S
= BC,t
du,t log 1 +
RC,t
A,X,S 2
BC,t
σ
u∈V,u∈V
/ t



K

(t)h
P
x
,C
x
,C
k,t
k,t
+
nA,X,S
,
C,k,t log 1 +
A,X,S 2
B
σ
C,t
k=1



A,X,S
RU,k,t
= RUAV · ε dxk,t ,t · sk,t ·
rxk,t ,t,f , (9)
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j

Pr(fk,m−1 , dv,t , nm−1 ) Pr(fk,m , dv,t , n

nm−1 =0
m−1


nj ).

−

(13)

j=1

Note that one extreme case is that every vehicle requests all
the cached files, in which case there are m · dv,t requests for
files in Fk . For n > m · dv,t , we have Pr(Fk , dv,t , n) = 0.
Therefore, given UAV k’s caching status ak and its position
xk,t at time t, the average communication energy consumption
to serve the requesting vehicles is:

m·dv,t


n · ςf
Ec (ak , xk,t ) =
Pr Fk , dxk,t ,t , n PU min Δt ,
.
RUAV
n=1
(14)
E. Problem Formulation
To maximize the overall network throughput in the
UAV-assisted edge caching system under UAV energy constraints, A, S, and X should be jointly optimized since they
interact with each other. Based on the network throughput
and UAV energy consumption analysis given in Sections II-C
and II-D, the JCTO problem can be formulated as:
(15)
(JCTO) : max R(A, X, S)
A,X,S

s.t.
ak,f ≤ Ck , ∀ff ∈ F, ∀k ∈ K,
ff ∈F

TU


(15a)

Ep (xk,t −xk,t−1 )+Ec (ak , xk,t )·sk,t

t=1

≤ Ek,max ,
(15b)
xk,1 = xk,TU = v0,k , (xk,t−1 , xk,t ) ∈ E,
(15c)
(15d)
ak,f = {0, 1}, sk,t = {0, 1},
where Ek,max is the overall on-board energy of the k-th UAV.
Constraint (15a) restricts the maximum number of files cached
in the UAVs and constraint (15b) regulates the maximum
allowable UAV energy consumption. Constraint (15c)
represents that UAVs can only fly along the edges in the
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Working diagram of the proposed LB-JCTO scheme.

graph and need to finally return to the starting points. The
JCTO problem in (15) is non-convex and intractable since
A, X, and S should be jointly optimized for all the K UAVs
under spatio-temporal network variations and the energy
constraints of UAVs.
III. D ESIGN OF LB-JCTO
In this work, we propose a learning-based framework named
LB-JCTO to solve the JCTO problem in (15). As shown
in Fig. 2, the LB-JCTO scheme includes two major stages:
1) offline optimization; and 2) offline model training and
online decision.
Offline Optimization: In this stage, network information
(including vehicle density and content request distribution) is
obtained either from collected historical data or from predictions. Then we propose a CBTL algorithm to effectively solve
the JCTO problem and achieve near-optimal solutions to the
content placement, delivery decisions, and UAV trajectories.
Offline Model Training and Online Decision: We leverage
a CNN-based deep learning scheme to learn from the CBTL
algorithm and make fast decisions. The CBTL algorithm works
as a labeler (or supervisor) for the CNN-based learning model.
In specific, the network information and the solution obtained
by the CBTL algorithm work together as labeled data, based
on which a function that maps the input network information
to the output decisions can be learnt with the CNN-based
model. After well-trained, the learning model can be utilized
to output the corresponding JCTO decisions rapidly to react to
new network information. In the meantime, the new network
information can be collected and used to further train and
update the learning model.
Notice that in the LB-JCTO scheme, network information
collection, CBTL-based offline optimization, and CNN-based
offline model training can be conducted at the UAV control
center or edge server with powerful computing and processing
capabilities. Then the well-trained learning model can be
transferred and implemented on the UAVs to perform model
inference locally and make fast response to the dynamic
network information.
A. Offline Optimization
In the offline optimization stage, the proposed CBTL algorithm first groups vehicles into K + 1 clusters, each served

by a UAV or the CBS. The clustering process ensures that
each UAV only needs to fly within a certain area rather than
traveling a long distance. This helps save the limited on-board
energy and prevent potential collisions among different UAVs.
When clustering the vehicles, a new metric combining three
different types of similarities is considered in this work. More
specifically, cellular performance similarity, physical location
similarity, and content preference similarity are considered to
ensure that vehicles in the same cluster have similar C2V
channel conditions, physical locations, and content interests.
After the vehicle clustering, the JCTO problem needs to
be solved for the UAV for each cluster. Since the JCTO
problem is non-convex and difficult to solve, the proposed
CBTL algorithm adopts a vertical decomposition that leads to
the following two-layered structure of the problem:
• Caching-Layer (CL) Optimization: The CL optimization
problem can be reformulated as:
T
(JCTO-CL) : max
R(A, X, S)
(16)
A

t=1

s.t. Constraint (15a).
•

(16a)

Trajectory-and-Delivery-Layer (TDL) Optimization: The
TDL optimization problem can be reformulated as:
T
(JCTO-TDL) : max
R(A, X, S)
(17)
X,S

t=1

s.t. Constraints (15b-15d).

(17a)

In this work, the JCTO-CL problem is solved by leveraging
the PSO algorithm, and a time-based graph decomposition
method is devised to solve the JCTO-TDL problem, which
will be elaborated in Sections IV-C and IV-D. Notice that when
solving the JCTO-CL problem, the quality of a caching policy
(i.e., the achievable R(A, X, S)) is determined by the optimal
achievable performance with the JCTO-TDL problem. In other
words, the JCTO-TDL optimization is embedded within the
JCTO-CL problem in our CBTL-based offline optimization
algorithm.
B. Offline Model Training and Online Decision
Given network information, the CBTL-based offline
optimization algorithm can achieve satisfied throughput
performance. However, in practice it might be difficult to
precisely predict the vehicle mobility and content request
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distributions within each grid. For example, a vehicle collision
can easily change the vehicle density in the accident location
as well as in the surrounding grids. When the network
condition changes unexpectedly after dispatching the UAVs,
the achievable system throughput might decrease if the UAVs
keep moving along the pre-designed trajectories. Under such
circumstances, re-calculating a good trajectory is critical to
guarantee efficient UAV service provision. Since UAVs are
generally energy-constrained and have limited computing
power, our proposed CBTL algorithm is not suitable to be
implemented in the UAVs to continuously update the trajectories and delivery decisions in real time. Therefore, in this work,
we design a CNN-based deep learning model that is trained
offline under the supervision of the CBTL-based algorithm.
Then the UAVs can obtain the trained model from the edge
server and perform real-time model inference locally [18].
CNN is an effective image processing algorithm and has
been widely applied in many fields [31], [32]. With superior
learning ability in image understanding, CNN is suitable for
our problem for the following reasons. First, the convolutional
layers can effectively capture the local dependencies and
extract important features, e.g., network features like the road
layout or dense areas with frequent requests. Second, CNN
also introduces pooling mechanisms to reduce data dimension
while preserving dominant features. With these two characteristics, the CNN-based model is not only good at learning
features but also scalable to large-scale problems.
In the offline training of the CNN-based model, supervised
learning is conducted to learn the matching function from
the input data to the output decisions. Specifically, the input
network information is labeled as channeled images and normalized before fed into the learning model. The optimized
solutions obtained by the CBTL algorithm are labeled as
model outputs to provide supervision to the learning model.
The detailed learning model structure will be introduced in
Section V.
IV. CBTL-BASED O FFLINE O PTIMIZATION
A. Determining the Number of UAVs
With UAV-assisted communications, the network throughput
can be improved and thus each vehicle’s satisfaction with
respect to perceived QoS is enhanced. The optimal number
of UAVs dispatched into the system depends on user service
satisfaction and required resource. In general, users prefer
more UAVs to achieve higher performance satisfaction levels.
The service providers, on the other hand, tend to use the least
resource to achieve the best gain and focus more on cost
efficiency, e.g., the performance enhancement introduced by
each UAV. Fig. 3 shows the impact of the number of UAVs
on users’ satisfaction level (approximated by using sigmoid
function [33]) and throughput improvement by each UAV. It
can be seen that, with more UAVs launched into the system,
the average user satisfaction level increases while the throughput improvement efficiency decreases. Thus, the optimal K
varies in different scenarios with diverse user satisfaction
requirements, the number of UAVs a provider has, and/or the
deployment cost efficiency.
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Fig. 3. Impact of K on user satisfaction level and throughput improvement
efficiency. H = 35 m, PC,max = 43 dBm, BC = 20 MHz, PU = 28 dBm.

In our UAV-based edge caching system, we aim to minimize
the number of UAVs required to satisfy the vehicles’ throughput requirement of Rreq . Recall that channel inversion power
control is adopted for the CBS and the bandwidth is equally
allocated to all associated vehicles. All vehicles served by the
CBS have the same received signal strength γC , which can be
calculated based on (6):
  d 
v,t
.
(18)
γC = PC,max
hv,C
v∈V

When guaranteeing the vehicles’ throughput requirement,
the CBS can serve more vehicles if it serves close vehicles
rather than remote vehicles, since the close ones have better
C2V links and require smaller transmit power. For this reason,
we sort the grids in descending order based on C2V channel
power gain. Let vi be the i-th closest grid to the CBS.
When the CBS serves users in the first NC nearest grids,
the achievable throughput per vehicle should satisfy


NC
PC,max i=1
dvi ,t
BC
log 1 +
NC
NC dvi ,t ≥ Rreq . (19)
BC σ 2 i=1
i=1 dvi ,t
hv ,C
i

The left side of Eq. (19) decreases monotonously with NC .
Let NC,max denote the maximum value of NC that satisfies
Eq. (19). Although the closed-form expression of the optimal NC cannot be derived, NC,max can be determined by
using approaches like bisection method. Therefore, the minimum number of UAVs required to ensure vehicle throughput
requirement is expressed as:
NC,max


dvi ,t
i=1
v∈V dv,t −
Kmin =
.
(20)
NU,max

B. Vehicle Clustering
With K UAVs dispatched into the system, the vehicles can
be clustered into K + 1 groups to be served by the UAVs
and the CBS. In this work, a widely used clustering method,
K-means clustering [34], is adopted to cluster the vehicles by
considering the following similarities:
1) Cellular Performance Similarity: When a UAV is dispatched into the system, the throughput gain increases if it
serves vehicles with poor cellular performance [35]. Thus,
the cellular throughput similarity is an important factor to
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be considered. Vehicles with good C2V channels prefer to
be in the same cluster and served by the CBS, while other
vehicles need to be served by UAVs. When assigned the same
cellular bandwidth B0 and transmit power P0 , vehicles in grid
v achieve a throughput of RC,v = B0 log(1 + P0 hv,C /σ 2 ).
The similarity between vehicles in grids v and u is evaluated
by simu,v,1 = min{RC,v /RC,u , RC,u /RC,v } ∈ [0, 1].
2) Physical Location Similarity: Basically, the grid squares
in the same cluster served by a UAV should be in proximity to
avoid extra UAV propulsion energy consumption. The physical
location similarity among grids is evaluated by simu,v,2 = 1 −
distu,v
maxu,v∈V distu,v ∈ [0, 1], where distu,v is the average distance
between grids u and v.
3) Content Preference Similarity: To improve the utilization
efficiency for the limited UAV caching resources, vehicles
with similar content interests should be grouped and served by
the same UAV. Utilizing cosine similarity to evaluate the file
preference similarity [25], we can express the average interest
similarity between grids u and v during TU time slots as:
rv,t · ru,t
1 TU
,
(21)
simu,v,3 =
t=1 rv,t  · ru,t 
TU
where rv,t = [rv,t,f1 , · · · , rv,t,fF ] is the request distribution in
grid v at time t and simu,v,3 ∈ [0, 1].
Taking the above-mentioned three metrics into account,
the overall similarity between grids u and v can be evaluated
by
α1
α2
α3
simall
u,v = simu,v,1 · simu,v,2 · simu,v,3 ,

(22)

where parameters α1 , α2 and α3 control the relative importance of the three metrics. For example, with α1 > 1, we give
a higher priority to the cellular performance similarity, while
α < 1 indicates that we put more emphasis on the other
two metrics. Targeting at maximizing simall
u,v within a cluster,
the K-means based clustering algorithm can be summarized
as given in Algorithm 1.
C. JCTO-TDL Optimization in CBTL Algorithm
After vehicle clustering, the CBTL algorithm is applied
to solve the JCTO problem for each UAV based on the
vertical problem decomposition as mentioned in Section III-A.
In this subsection, the JCTO-TDL problem is addressed by the
proposed time-based graph decomposition method.
Given the caching policy and the current position of a UAV,
when the UAV flies to any feasible position in the next time
slot, the achievable network throughput and the corresponding
energy consumption can be calculated based on Sections II-C
and II-D. The JCTO-TDL sub-problem, which aims to find
the optimal content delivery and UAV trajectory to maximize
the network throughput under the energy constraint, is similar
to the RCSP problem, which has been investigated in [19].
However, the RCSP algorithm cannot be directly applied to the
JCTO-TDL problem for the following reasons: 1) in each time
slot, sk,t can be either 0 or 1, which corresponds to two edges
between the adjacent grids with different weights (i.e., achievable network throughput) and costs (i.e., energy consumption),
as shown in Fig. 4a; and 2) due to the time-variant D and R,

Algorithm 1 K-Means-Based Vehicle Clustering
TU
TU
Let dv = T1U t=1
dv,t , rv = T1U t=1
rv,t ,
α1 , α2 , α3 = 1.
Step 1: Centroid Initialization: The first cluster centroid
0
is the grid where the CBS is located. Besides,
vC
1
K
randomly choose K grids, denoted by vC
, · · · , vC
,
as the centroids for the remaining K clusters.
Step 2: Grid Clustering: K + 1 clusters, denoted by
C0 , C1 , · · · , CK , are created by associating every grid with
the centroid with maximum similarity based on (22).
Step 3: Centroid Update: Update the K + 1 cluster
centroids:

1
0
0
k
= vC
, vC
= 
dv v,
vC
v∈Ck dv v∈Ck


1
1
RC,vCk = 
dv RC,v , rvCk = 
dv rv .
dv v∈C
dv v∈C
v∈Ck

k

v∈Ck

k

Step 4: Repeat Steps 2-3 until converging.
Step 5: Repeat Steps 1-4 and choose the best for
multiple runs.

the weights and costs of the edges change when visited by the
UAVs at different time slots. Fig. 4b gives two examples of
trajectories from v1 to v4 , which are respectively marked in
red and blue. The network throughput and energy consumption
vary when the UAV flies from v3 to v4 at different times.
To address the above-mentioned issues, we propose a
time-based decomposition method to expand graph G into a
directed graph, as shown in Fig. 4c. The edge exists between
vi at time t1 and vj at time t2 only if t2 = t1 + Δt
and (vi , vj ) ∈ V. An example path is given as the purple
curve in Fig. 4c, which represents a possible UAV trajectory and content delivery decision in each step from source
(v1 at time t0 ) to destination (v1 at time tT 5 ). To this end,
the JCTO-TDL problem is equivalent to finding the optimal
path in the expanded graph to maximize sum weights under
the cost constraint. With given source and destination, RCSP
algorithms can be leveraged to find the optimal path. Given
that the UAV’s energy consumption varies with different trajectories and delivery decisions, it is difficult to determine the
destination tk when the UAV exhausts its energy. To address
this issue, we execute an energy-constrained line-search on
tk to find the optimal JCTO-TDL solution, as described in
Algorithm 2.
D. JCTO-CL Optimization in CBTL Algorithm
The JCTO-TDL optimization provides the optimal X, S,
and the corresponding R(A, X, S) with given caching policy.
In this subsection, the content placement is optimized to further improve the network throughput. However, conventional
linear programming approaches cannot solve the JCTO-CL
5 The UAV returns to the UAV center at time t
T ≤ TU . From time slot
tT +1 to TU , the UAV stays in the UAV center without content delivery and
charges its battery for the next flight.
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Fig. 4. A simple example of trajectory and content delivery design with time-based graph decomposition. (R1i,j (t) and R2i,j (t): achievable throughput when
flying from vi to vj at time t with and without content delivery. e1i,j (t) and e2i,j (t): corresponding energy consumption.)

Algorithm 2 JCTO-TDL Optimization in CBTL
Algorithm
vk : the starting and ending point of UAV k.
Step 1: For any (u, v) ∈ E and t ∈ [1, TU ], calculate the
weights (throughput) and costs (energy consumption).
Step 2: Use shortest path (SP) algorithms (e.g.,
Dijkstra’s algorithm) to find the path with smallest cost.
Let Et0 ,tT denote the sum cost from source to vk at time
slot tT . Find tT such that Et0 ,tT ≤ Ek,all and
Et0 ,tT +1 > Ek,all . Let tmax
= tT .
T
Step 3: Use SP algorithms to find the path with largest
cost. Find tT such that Et0 ,tT ≤ Ek,all and
Et0 ,tT +1 > Ek,all . Let tmin
= tT .
T
max
,
t
]
do
for tT = [tmin
T
T
Construct time-based decomposed graph as shown
in Fig. 4(c).
Apply RCSP algorithms to find the optimal path in
the graph. Record the best path which leads to the
maximum achievable network throughput.
end
Output the recorded best path.

problem because we are not able to provide a closed-form
expression for R(A, X, S). Compared to the exhaustive
searching scheme with exorbitant time complexity, heuristic
algorithms, especially the evolutionary heuristics, are considered as better alternative choices to approach the optima [36].
More specifically, we utilize the PSO algorithm in this work
due to its low computational cost and fast convergence [37].
When applying the PSO algorithm to solve the JCTO-CL
problem, we first generate a group of particles, each of which
has a position indicating a potential caching scheme. Then
the fitness values (achievable network throughput) of these
particles are calculated based on the analysis in Section IV-C.
Based on the particles’ positions and fitness values, there exist

(t)) for each particle  and
a local optimal position ( local
a global optimal position ( global (t)) for the entire particle
swarm at the t-th iteration. Then, at iteration t+1, the position

(t + 1) and velocity ν  (t + 1) of particle  are updated as:

(t) −  (t))
ν  (t + 1) = φν  (t) + c1 φ1 ( local
+ c2 φ2 ( global (t) −  (t)),


(t + 1) =



(t) + ν  (t + 1),

(23)

where φ determines convergence speed, c1 and c2 are local
and global learning coefficients, and φ1 and φ2 are positive
random variables. The iteration terminates when a termination
criterion (e.g., reaching the maximum iterations or minimum
error criteria) is met.
To this end, with given ground vehicle densities and content request distributions, the JCTO problem can be solved
effectively by our proposed CBTL algorithm.
V. CNN-BASED L EARNING FOR O NLINE D ECISION
Based on the offline optimized solutions provided by the
CBTL algorithm, a CNN-based deep supervised learning
scheme is designed in this section to make real-time decisions
under dynamic network conditions.
A. Image-Like Input Data
As stated in Section IV, the JCTO problem is investigated
with dynamic network information (e.g., D and R). In this
section, we adopt an image-based method to present the
spatio-temporal network dynamics as images to facilitate the
learning scheme.
Vehicle density D is a three-dimensional array, which consists of TU two-dimensional matrices. Each two-dimensional
matrix has Nrow × Ncol elements and can be viewed as a
channel of an image. In this way, each pixel in the image
corresponds to one element in the matrix. The input vehicle
density can then be considered as an image with TU channels,
which differs from traditional images which commonly have
three channels, i.e., RGB.
Content request distribution R, on the other hand, is a
four-dimensional array. To make the input dimension consistent without losing useful information about the request
distribution, we use φv,t (as discussed in Section II-A,
v = (i, j), i ∈ [1, Nrow ], j ∈ [1, Ncol ]) to represent the
content request distribution in grid v at time t. Then the
three-dimensional array ΦNrow ×Ncol ×TU , with the (i, j, t)-th
entry being φi,j,t , can also be treated as an image with TU
channels.
Notice that D and Φ are of different scales. Considering that
neural networks are sensitive to the scaling and distribution
of their inputs, proper normalization is critical for convergence [38]. In our CNN-based learning model, the input data
is normalized before fed into the learning model by using the
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Structure of the CNN-based deep supervised learning model.

min-max normalization as follows:
x − min(x)
x =
.
max(x) − min(x)

(24)

With normalized range of the input data, the impact of
D and Φ are re-scaled to approximately the same level to
facilitate the learning process.
B. CNN-Based Model Training
Fig. 5 shows the structure of our CNN-based learning model
with three main parts, i.e., model input, feature extraction, and
decision making and output.
1) Model input contains the image-like network information
arrays with spatio-temporal characteristics, as explained in
Section V-A. Thus, the l-th input data can be written as:


INl = d1 , · · · , dt , · · · , dTU , φ1 , · · · , φt , · · · , φTU , (25)
where dt and φt are Nrow × Ncol matrices with (i, j)-th entry
being di,j,t and φi,j,t , respectively.
2) The extraction of the network features is accomplished
by the combination of convolutional and pooling layers, which
is the core part of the CNN model. In the -th convolutional
layer, there are Nk kernels (or filters) of size Wk × Hk with
stride sk . For instance, as shown in the 1st convolutional layer
in Fig. 5, there are Nk1 kernels of size 3 × 3 with stride 2, then
the input network information of size 2Nrow × Ncol × TU is
fed into the 1st layer to convolve with the Nk1 kernels, pro

−3
ducing an output of size 2Nrow
+ 1 × Ncol2−3 + 1 ×
2
Nk1 . This output is then added by biases and activated by
an activation function (e.g., ReLU, Sigmoid, Softmax, etc),
which introduces non-linearity into the system to improve
the model’s learning capability. After the convolutional layer,
a pooling layer is introduced to downsample the convolved
features by summarizing the presence of features, by using
either a max-pooling function or an average-pooling function. For example, in the second layer (first pooling layer)
in Fig. 5, we use max-pooling with size 2 × 2 and stride
2 to downsample the convolvedfeatures and!the 
output is


 2Nrow −3
Ncol −3

−1

−1
2
2
+1 ×
+ 1 × Nk1 .
of size
2
2
With max-pooling layers, the data dimension can be reduced
whereas dominant features can be preserved, and the level
of distortion invariance can be improved. Basically, the CNN

has more than one convolutional layer. With added layers,
the CNN can capture not only some straightforward features
(e.g., detection of road layout), but also sophisticated features
(e.g., recognizing needy areas with intensive requests or undesired C2V links) of the model input.
3) In the decision making part, the extracted features are
first flattened and concatenated into a column vector. Then
some fully-connected layers are added to map the input data
to the decision output, by learning the combinations of the
extracted network features. Activation functions can be added
after each fully-connected layer to introduce non-linearity and
improve learning capability. Over a series of training epochs,
a possibly nonlinear function between the input and output can
be learnt with the CNN-based model. Notice that the output of
the
 CNN-based model is represented by a column with length
k Ck + K · (TU + TU · 2), which includes:

•
k Ck numbers in the output show the caching status in
the UAVs, with each number in range [1, F ] showing the
index of the files being cached;
• K · TU numbers in the output represent the K UAVs’
delivery decisions, with each number in {0, 1};
• K · TU · 2 numbers in the output describe the trajectories
of the K UAVs in TU time slots, with each tuple of two
numbers (i, j) ∈ [1, Nrow ]×[1, Ncol ] showing the location
of a UAV.
VI. P ERFORMANCE E VALUATION
A. Experiment Settings
In this section, we perform extensive trace-driven simulations to evaluate the proposed LB-JCTO scheme. We adopt
the Didi Chuxing GAIA Initiative dataset, which includes
taxi GPS traces within the second ring road in Xi’an [21].
The dataset logs key attributes of vehicular mobility including
vehicle positions, vehicle ID, and corresponding timestamps.
The traffic data is aggregated every 2-4 seconds from 1 October 2016 to 31 October 2016 (31 days). Specifically, we focus
on a 2000 m × 2000 m square area within longitude range
(108.9169, 108.9300) and latitude range (34.2290, 34.2466).
For UAV communications, the zone parameters and corresponding data rates are calculated as shown in [1]. The default
values of main parameters related to the UAVs are: K = 2,
H = 30 m, V = 15 m/s, Ek,max = 50 KJ, ξLoS = 0.99,
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Comparison between PSO- and ES-based algorithms.
Fig. 7.

and γmax = 37.5 dB. For cellular communications, the default
parameters are: α = 3, BC = 20 MHz, PC,max = 20 W, and
σ 2 = 10−15 W/Hz. The Zipf exponent ξ is set to 0.7 and
time slot length Δt is set to 5s unless otherwise specified. For
learning model training, we implement a learning model with
11 layers detailed as follows. The model has three convolutional layers with channel sizes of 16, 32, and 64, respectively.
The kernel size and strides for each convolutional layer are
(3, 3) and (2, 2), respectively. After each convolutional layer,
a max-pooling layer is added with pool size (2, 2). Four
fully-connected layers are then added with 1024, 1024, 512,
and 256 neurons, respectively, followed by one output layer.
ReLU activation function is added after each layer to introduce
non-linearity and improve learning capability.
B. Evaluation of CBTL-Based Offline Optimization
The following benchmark schemes are used for performance
comparison to evaluate the performance of the offline optimization CBTL algorithm.
• Exhaustive Search (ES) Algorithm: An ES method is used
in JCTO-CL to optimize the content placement decision.
• Greedy Algorithm: UAVs fly and deliver content greedily
in JCTO-TDL optimization, where the UAVs always visit
nearby locations with the best throughput performance in
each step. The UAVs return to the starting points when
the remaining energy is barely sufficient for returning.
Fig. 6 shows the network throughput and execution time
with the PSO- and ES-based algorithms to solve the JCTO-CL
problem. As can be seen in Fig. 6a, applying the PSO-based
method in our CBTL algorithm achieves almost the same
throughput performance as applying the ES method. However,
the PSO-based method is much less time-consuming than

Comparison between RCSP- and greedy-based algorithms.

the ES algorithm, as shown in Fig. 6b. Therefore, instead
of learning from the optimal ES algorithm, the CNN-based
model in this work utilizes the CBTL algorithm as the learning
supervisor to save substantial time in data labelling such that
more data can be used to train the model, which is more
energy-efficient.
Fig. 7 shows the network throughput and corresponding
execution time of applying RCSP-based and greedy-based
algorithms with different values of Δt and H. A small Δt
means a fine-grained CBTL optimization in time domain is
conducted, whereas a large Δt (e.g., Δt equals the UAV
endurance time and TU = 1) is more related to the case
with UAV deployment instead of trajectory design. Besides,
with the simulation setting in Fig. 7, a lower UAV flying
height corresponds to a smaller coverage area and indicates
a refined division of the target area in spatial domain. It can
be seen that, the network throughput and execution time both
increase with smaller Δt and H, which can be attributed to the
more sophisticated design in our CBTL algorithm. Focusing
on the network throughput, we can conclude from Fig. 7a that
applying RCSP-based method in our CBTL algorithm achieves
a better performance. However, it has higher time complexity
than the greedy algorithm, especially in the fine-grained optimization cases with small Δt and H, as shown in Fig. 7b.
Concluding from Figs. 6-7, the proposed CBTL optimization algorithm can achieve near-optimal network throughput
performance with time complexity slightly higher than the
greedy-based algorithm.
Fig. 8 shows the impact of the number of UAVs K and
the available UAV on-board energy Ek,max on the achievable
network throughput. To further demonstrate the effectiveness
of the proposed scheme, we also compare the case of UAV
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Throughput performance vs. K and Ek,max .

deployment. When UAVs are fixedly deployed, the optimal
positions for UAVs are selected based on the network
conditions at the first slot and the UAVs hover in those
positions until energy depletion. As shown in Fig. 8a, the network throughput improvement increases with more UAVs
dispatched into the system. However, throughput improvement
introduced by each UAV diminishes with increasing K. The
UAV trajectory design case outperforms the UAV deployment
case, since the former is able to capture the network dynamics
to ensure effective content delivery. In addition, as shown
in Fig. 8b, a larger Ek,max leads to a higher network
throughput for both UAV trajectory design and deployment
cases since the UAVs can stay in the system longer. Notice that
the throughput performance gap between the UAV trajectory
and deployment cases increases with Ek,max , since UAV trajectory design scheme is adaptive to the network variance and
enables effective utilization of the energy to provide delivery
services.
C. Evaluation of EI-Based CNN Learning Model

Fig. 9.

In this subsection, the achievable performance with the
CNN-based learning model is evaluated. More specifically,
we have trained multiple models by using different sets of
trace data for performance comparison. For instance, “Model:
[20, 50]”, “Model: [50, 80]”, “Model: ≥ 80”, and “Model:
General” are used to represent the models which are trained by
using data where the number of vehicles in the target scenario
is between 20 and 50, between 50 and 80, no less than 80,
and unconstrained, respectively. For all the experiments, we
adopt the trace data that is never used in the model training
process to test the performance.
Fig. 9 shows the network throughput and execution time
with the CNN-based learning model by using vehicle trace
data during 9:15 AM ∼ 10:30 AM on 1 October 2016. The
real-time number of vehicles in the target area is depicted
in Fig. 9a. When using the general model to make online decisions, although the achieved network throughput outperforms
that of the greedy-based algorithm, it is not as satisfactory as
the RCSP-based offline CBTL algorithm. Therefore, it is not

always the best option to train one model to incorporate all
the features in different network conditions where the vehicle
density varies from 40 to 120. To make comparison, in Fig. 9c,
the “Model: ≥ 80” is used to make the JCTO decisions.
Although the throughput performance is far from ideal in the
beginning, the CNN-based learning model provides almost
the same network throughput as the RCSP-based optimization algorithm when the vehicle density increases over 80
(shown within the red rectangle). More importantly, as shown
in Fig. 9d, the CNN-based learning model takes much less time
when compared with the CBTL-based offline optimization
algorithms. Therefore, a well-trained CNN-based model can be
utilized to make online decisions with a satisfactory network
throughput performance and low-complexity. However, how
to select and refine the models to apply to different network
conditions requires further investigation, in order to achieve
the best learning performance.

Performance for CNN-based online decision model.
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about the network features and regularities can be learnt with
the CNN-based model. Among the three different methods
of training data selection, the “Continuous” case achieves the
worst performance since the training data is highly temporally
correlated and it cannot learn all the network dynamics in
time domain. On the other hand, the “Uniform” and “Fixed
Interval” behave well since they are able to capture the
network variance in different time intervals. Thus, to obtain a
well-performed learning model, one should gather and select
enough training data to learn as many potential features as
possible.
Fig. 10.

Throughput performance with density-related CNN models.

VII. C ONCLUSION AND F UTURE W ORK

Fig. 11. Network throughput with different methods of training data selection.

Fig. 10 shows the achievable performance with different models under different density conditions. Specifically,
average throughput percentage loss is used as a metric to
evaluate the performance.6 As shown in Fig. 10, “Model:
[20, 50]” achieves the best performance (i.e., with the lowest
throughput percentage losses) when applied to scenarios with
vehicle densities falling in range [20, 50], but its performance is unsatisfactory in other cases. Similar results can be
found for “Model: [50, 80]” and “Model: ≥ 80”. Therefore,
training multiple density-specified models and applying them
in corresponding scenarios is a decent method to enhance
model performance. However, a fine-grained model training
can inflict significant training and storage cost. Besides, if the
model granularity is too fine, the performance will be impacted
since less training data is available. Therefore, the optimal
number of learning models should be determined based on the
throughput requirements, computing and storage capacities of
devices, data availability, and so on.
Fig. 11 shows the impact of training data on the performance of the CNN-based models. The X axis represents the
cases where 0.1 ∼ 0.9 of the available data is selected for
model training. “Uniform” and “Continuous” indicate that
the training data is selected uniformly and continuously from
the available dataset, respectively. In “Fixed Interval” case,
the training data is selected at fixed intervals, e.g., choosing
the first two out of every ten pieces of data. As shown
in Fig. 11, more data used for model training generally leads
to a better throughput performance, since more information
6 Throughput percentage loss is defined (R̂ − R̃)/R̂, where R̂ and R̃ are
the achievable network throughput of the CBTL-based offline optimization
algorithm and the CNN-based learning model, respectively.

In this article, we have investigated the joint design of
UAV caching and trajectory in highly dynamic vehicular
networks. As the formulated JCTO problem is non-convex
and difficult to solve in a timely manner, we have proposed
LB-JCTO to offline optimize the JCTO problem and train
a learning model at the edge to make online decisions.
Particularly, in the offline stage, the CBTL algorithm has
been devised to solve the JCTO problem. Then a CNN-based
deep supervised learning model is trained to learn the CBTL
algorithm, which can be used in the online stage to make
fast decisions. Extensive trace-driven experiments have been
carried out to demonstrate the efficiency of LB-JCTO. The
problem formulation of JCTO and the optimization process
of CBTL in this work can provide a theoretical basis for
future studies related to the caching-enabled UAV systems.
In addition, we believe the principle of offline optimization
and learning for online decision can also be valuable for other
complicated resource managements in future heterogeneous
or space-air-ground integrated vehicular networks. For our
future work, we will optimize the CNN-based model to further
enhance the learning performance and make it adaptable to
different vehicular environments.
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