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Abstract- The rapid growth of advanced applications and services (A&Ss), particularly video streaming, imposes stringent
latency and quality-of-experience requirements on vehicular ad hoc networks (VANETSs). Although edge caching at roadside
units (RSUs) can reduce service time, its effectiveness is limited in highly dynamic environments characterized by uneven
vehicular user (VU) distributions, constrained caching resources, and sparse roadside infrastructure. To address these
challenges, this paper proposes a caching and hovering (CAHO) optimization design for cooperative video streaming in
VANETs assisted by unmanned aerial vehicles (UAVs). In the proposed CAHO design, VU distributions are modeled
as independently thinned one-dimensional homogeneous Poisson point processes, and RSU-to-VU and UAV-to-VU
communication models together with video popularity characteristics are incorporated. Based on this modeling, the CAHO
problem jointly optimizes video caching at RSUs and UAVs as well as UAV hovering positions to minimize the service time
under limited storage resources. The CAHO optimization problem is efficiently solved using genetic algorithms combined
with a penalty function and a divide-and-conquer strategy. Simulation results demonstrate that the proposed CAHO scheme
outperforms benchmark schemes under various system scenarios in terms of service time and storage resource utilization,
highlighting the effectiveness and practical potential for video streaming A&Ss in UAV-assisted VANETs.

Keywords— Edge caching, unmanned aerial vehicles, UAV-assisted VANETSs, vehicular ad-hoc networks, video streaming
applications and services.

1 INTRODUCTION load and reducing the end-to-end latency. Efficient edge
caching-enabled techniques play a crucial role in sup-
porting latency-sensitive services, e.g., video streaming
A&Ss, by storing popular video contents at the network
edge to simultaneously lower service latency and en-
ergy consumption [3]. Another study in [4] considers a
highly dynamic environment characterized by uneven
and dense distribution of VUs, where caching and of-
floading techniques deployed at roadside units (RSUs)
struggle to guarantee quality of service (QoS) under
massive and diverse content demands. To address this
challenge, the authors designed a joint computation
offloading and content caching framework to minimize
the overall network delay while satisfying the long-term
energy constraints.

The proliferation of advanced applications and services
(A&Ss) imposes stringent requirements for wireless
network infrastructures, posing particular challenges to
intelligent transportation systems based on vehicular ad
hoc networks (VANETSs). The accelerated development
of the Internet of Things (IoT), autonomous vehicles,
and smart devices, together with multimedia Aé&Ss,
has driven mobile data traffic to exhibit exponential
expansion. A statistical report in [1] estimates that
approximately 300 million A&Ss will serve 12.3 bil-
lion mobile users (MUs), among which video traffic
accounts for a dominant share, contributing up to 79%
of mobile data traffic [2]. Consequently, the demand for

enhanced quality of experience (QoE) from the MUs has For more efficient edge techniques in VANETs,

grown substantially.

In this context, integrating VANETs with edge tech-
niques emerges as a promising approach to bringing
contents and computational resources closer to vehic-
ular users (VUs), thereby mitigating the core network

timely studies have proposed cooperative strategies
that jointly exploit storage and communication re-
sources at RSUs, macro base station (MBS), and VUs
to reduce network congestion and latency [5-7]. Par-
ticularly, the authors in [5] proposed a caching scheme
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for VANETSs that leverages location-based and popular
contents, where each content is cached either at both the
macro base station (MBS) and RSUs, only at the MBS,
or only at RSUs. The objective is to minimize overall
transmission delay and service cost. Another work
in [6] combines caching at RSUs with broadcast trans-
mission scheduling and transmission rate adaptation
to maximize the offloaded traffic. In [7], a joint deter-
ministic and probabilistic caching strategy is proposed
for deployment at both RSUs and VUs. Moreover, a
cooperative communication framework enabling video
delivery from RSUs and VUs to VUs is developed to
achieve minimal service time while efficiently utilizing
the storage resources of both RSUs and VUs.

Recently, unmanned aerial vehicles (UAVs) have been
utilized as an effective augmenting component for
VANETs due to their flexibility in selecting hovering
positions with a high line-of-sight (LoS) probability,
extended communication coverage, and rapid deploy-
ment. UAVs can act as aerial base stations to assist
VANETs in delivering contents over areas where RSUs
are overloaded or terrestrial infrastructure is insuffi-
cient [8, 9], [10-12]. In line with this approach, sev-
eral studies [13-15] have exploited UAVs to design
routing protocols and temporal data dissemination al-
gorithms for mitigating post-disaster communication
disruptions and delay-sensitive constraints in VANETs.
When caching considered, the work [16] deploys UAVs
with limited bandwidth resources to assist VANETSs.
The proposed scheme facilitates content dissemination
among VUs through network coding-based cooperative
caching to improve bandwidth efficiency. In [17], a UAV
is employed to cache content and serve dynamic VUs,
with joint trajectory planning and cache management
considered to improve the data download amount and
energy efficiency. Furthermore, caching can be per-
formed at both UAVs and VUs by jointly utilizing
user preferences together with incentive-driven caching
and replacement schemes [18]. This solution effectively
reduces the request latency and energy consumption.

Other UAV-assisted VANETs with caching have been
investigated in the context of human-centric consumer
applications, computation offloading, and task offload-
ing [19-21]. However, existing studies in [19, 20] have
not fully addressed the joint caching of contents at both
RSUs and UAVs for cooperative video streaming A&Ss.
Moreover, the determination of UAV hovering posi-
tions across diverse wireless propagation environments
remains insufficiently investigated, particularly when
minimizing service time under constrained caching
storage resources. Although caching and replacement
schemes at RSUs and UAVs are considered in [21], the
hovering positions of UAVs are not taken into account,
which limits the achievable delivery efficiency.

In this paper, by modeling the VUs using indepen-
dently thinned one-dimensional homogeneous Pois-
son point process (T1D-PPP), incorporating RSU-to-VU
(R2V) and UAV-to-VU (U2V) communication models,
and capturing video popularity patterns, we propose
a caching and hovering optimization (CAHO) design
for cooperative video streaming A&Ss. In particular,

Table I
NotATIONS

Notations | Specifications
Number of UAVs
Number of RSUs

Number of zones covered by each RSU

Rz

Number of videos

Size of video 7,1 =1,2,...,1
Popularity of video i

Caching radius of video i in RSUs

=3 0~

Sn Average speed of VUs in road segment n
covered by RUn, n=1,2,..,N

by Hovering index, b, = 1 if a UAV hovers at
RSU n, otherwise b, =0

Cp i Caching index of video i in a UAV hovering
at RSU n, ¢, ; = 1 if a UAV caches video i and
hovers at RSU n, otherwise ¢, ; = 0

Distance of a road segment

Distance of zone k in a road segment
Transmission rate in zone k in a road segment
Density of VUs

Skewed access rate (popularity) exponent
among videos

System bandwidth
Transmission power of UAVs
Additive white Gaussian noise power

B> s

LT

a CAHO optimization problem is formulated and
solved to determine which videos are cached at RSUs
and which videos are cached at UAVs associated with
their hovering positions to compensate for the caching
gaps among RSUs. The objective is to minimize the
service time and guarantee continuous video stream-
ing sessions under limited caching storage resources
at both RSUs and UAVs. The CAHO optimization
problem is solved by using genetic algorithms (GA),
combined with a penalty function method and a divide-
and-conquer strategy applied to each chromosome-
encoded individual. Simulation results show that the
CAHO outperforms the other schemes across various
system scenarios, thereby demonstrating the effective-
ness and practical potential of the proposed solution
for video streaming A&Ss in UAV-assisted VANETs.
The rest of this paper is organized as follows. We
introduce the system model and describe how it works
in Section II. Section III formulates the system model to
derive the objective function of the CAHO optimization
problem. The CAHO optimization design, i.e., CAHO
optimization problem and its solution with GA, is
presented in Section IV. In Section V, we evaluate the
proposed CAHO method in comparison with other
schemes. Finally, Section VI concludes the paper.

2 SysTEM MODEL

In this paper, we deploy a CAHO model for cooperative
video streaming in UAV-assisted VANETS as illustrated
in Figure 1. The main notations used throughout the
paper are summarized in Table I. Along the road, VUs



26

REV Journal on Electronics and Communications, Vol. 16, No. 1, January-March, 2026

emmeseeneeneess > U2V link

- T @B ) 'y, e, iy
Ao : ; go--

B _,_.J&n[&u))_\ ) o, (g
i R
! [ T T oOPm T i e
: Lo = o | D '
; RSU 1 .- RSUn, - | RSU N T
N d__ bl — d____ J
‘ s B S ‘ Sy !

Figure 1. CAHO model for cooperative video streaming in UAV-assisted VANETs.

are spatially distributed according to T1D-PPP & with
density A [22, 23]. The road is divided into N segments,
and the vehicle speed is assumed to be constant within
each segment while varying across different segments,
thereby capturing the realistic speed variations caused
by traffic conditions, intersections, and driving behav-
iors. The model consists of N RSUs assisted by M UAVs
for video streaming applications and services. There
are [ videos in the content library, where each video i
is characterized by its popularity p; and size S;. Each
RSU covers a segment of length d meters, which is
further divided into K zones. The videos can be cached
in both the RSUs and the UAVs. The VUs entering
segment n, n =1,2,..., N, travel with an average speed
of s, kilometers per hour (km/h). Among the VUs, a
subset is defined as requesting vehicular users (RVs)
that request the videos.

In this context, to improve the QoS of video stream-
ing A&Ss in VANETs, a CAHO optimization problem
is formulated and solved for the optimal results of
(i) caching placement (h;) of video 7 in the RSUs, (ii)
caching placement (c, ;) of video i in a UAV hovering
over segment 7, and (iii) hovering index (b;) over
segment 7 at altitude h;,. The objective is to minimize
the service time while efficiently utilizing the caching
storage resources of RSUs and UAVs. The service time
is defined as the average duration for the RVs to receive
the requested videos from the RSUs and the UAVs
while on the move. After deploying the CAHO method,
when an RV requests video i, i = 1,2,...,I, and enters
a road segment, it is served by an RSU or a UAV
that has cached video i to ensure a more continuous
streaming session.

It is noted that if video i (i.e., of large size) can-
not be completely transmitted after the RV traverses
all N RSUs, the transmission will be continued by a
subsequent set of RSUs associated with another MBS.
In this work, under moderate network scales, a single
MBS can reasonably act as a centralized controller that
aggregates network information and disseminates the

optimization decisions to associated RSUs and UAVs.
For large-scale systems with a high number of RSUs,
UAVs, and videos, practical implementation indeed
faces two main challenges: (i) the difficulty of collecting
timely and accurate system information (e.g., channel
state information), and (ii) the increased computational
complexity of the optimization algorithms. In such
scenarios, the number of RSUs, UAVs, and videos man-
aged by each MBS should be appropriately constrained
in accordance with the processing capability of the
MBS. Moreover, for larger-scale and highly dynamic
VANETs, the proposed CAHO model can be extended
to a distributed or cooperative multi-MBS architecture,
where multiple MBSs coordinate to serve vehicular
users in a scalable manner, similar to the multi-MBS
settings considered in prior studies such as [24]. This
scenario is beyond the scope of this paper and is left for
future investigation. The detailed system formulations
for CAHO design and optimization are presented in
the sequel.

3 SYsTEM FORMULATIONS

3.1 T1D-PPP Model for RVs

The use of the T1D-PPP model is primarily motivated
by its analytical tractability and its ability to provide
fundamental insights into the performance trends of
large-scale vehicular networks [25, 26]. Several prior
works have demonstrated that more complex vehicular
models, such as Cox-based models with random road
geometries, are equivalent to one-dimensional or two-
dimensional PPP models under certain regimes of line
density, vehicle density, or signal-to-interference ratio
(SIR), particularly in the low-SIR region [27, 28]. In
the considered UAV-assisted VANET with caching and
video streaming, LoS-dominated links and relatively
dense vehicular deployments lead to an interference-
limited regime where the SIR thresholds of interest
are moderate to low. Furthermore, VUs are associated
with nearby caching entities, including road-side units
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and UAVs, following proximity-based association rules.
As a result, both the desired signal and the dominant
interference originate from nearby transmitters along
the same road, which aligns well with the assumptions
underlying the T1D-PPP model. Given the T1D-PPP
model for the spatial distribution of VUs on the one-
way roads [22, 23], let p; be the probability of video i,
the distributions of RVs also follow the T1D-PPPs &RV
of density ARV, expressed as

AR = pid, 1)

where the popularity video i modelled by a Zipf-like
distribution [29] is given by

l’*lX

L i 2

Pi= ST (2)
where & > 0 denotes the coefficient characterizing
the skewness of the video popularity distribution;
for example, « = 0 indicates that all videos have
identical popularity.

3.2 Caching at RSUs and UAVs

3.2.1 Caching at RSUs: For caching in RSUs, we de-
fine h; as the caching radius of video i to identify that
video i is cached after every h; hops in RSU n; ;, which
is computed as

nij=h(—=1)+1j=12..] (3)
where J; is the number of RSUs caching video i,
given by
N-1
]iZL W J+1, (4)
1

where the operator |.] is used to return the greatest
integer less than or equal to a given real number. An
example of caching radius h; = 5 is illustrated in
Figure 2.

3.2.2 Caching at UAVs: We can see that for particular
video i, the number of RSUs that do not cache it is
(N — Ji), namely, caching gaps. It is challenging to
deploy a large number of UAVs just for caching video i
to fulfil the caching gaps. So, given M UAVs, each UAV
has to selectively cache a number of videos and hovers
above a proper RSU which does not cache them to
ensure continuous video streaming sessions (Figure 2).
For caching in UAVs, a UAV hovers above RSU n # n; ;
to transmit video i to the associated RVs if ¢,; = 1,
otherwise ¢, ; = 0.

UAVs UAVs

¢piand b, ¢y and b,
| T ] T ]

RSU; RSU, RSU; RSU,; RSUs RSUs RSU; RSUg RSUs RSU1oRSU1; RSU:,

SR G RS O D O DT DI ¢ D I D G ORI G ORI
Vi | | Vi | L) Vi
Vil N ""';;i) A/ =2 n/:n P A
n=ng; Y / = iy Yo7 n=ni;
n—n,/+h—l n=nj;+h—1
™~ Mm=5hops "~ M=5hops

Figure 2. An example of caching placement and hovering with /; = 5.

Table II
ZoNEs COVERED BY AN RU
Zones 1 2 3 4 5 6 7
d(m) 25 30 40 60 40 30 25
r(m) 125 100 70 30 70 100 125
Rx(Mbps) | 1 2 55 11 55 2 1

3.3 R2V Transmission Capacity

To derive the R2V transmission capacity, we apply
the R2V channel model with WiFi access technology
given in [5, 30]. In this model, the range d of a road
segment covered by an RSU is divided into K zones.
The parameters of zone k, k = 1,2,...,K, K = 7, are
listed in Table II. The capacity per RV requesting video i
in zone k served by RSU n is given by

RV

Pei Re . o

cRv = ¢ v o Hm=mg (5)
0, ifn 75 Tli,j,

where pXY and V;; denote, respectively, the probablhty
that at least one RV in zone k requests video i from
RSU 7 and the number of RVs requesting video i within
zone k, expressed as

ARV
poy =1—e N, ©)

and

Vii = diARY. 7)

3.4 U2V Transmission Capacity

At RSU n # n;;, a UAV hovers above the centerline
of the road at altitude h, and transmits video i to
the RVs by following the air-to-ground probabilistic
path loss channel [12, 31-33]. We assume that each
UAYV, which is treated as a common cellular user, is
allocated an orthogonal downlink spectrum resource
for transmission. Moreover, due to the favorable LoS
propagation of U2V links, the impact of interference
can be neglected. Under this assumption, mutual inter-
ference among U2V links is further mitigated, and thus
is not considered in this work. This channel, which is
shown in Figure 3, consists of LoS and non-LoS (NLoS)
links. The path loss of LoS and NLoS links between a
UAV and a typical RV in zone k belonging to RSU n is
given by

2
17[);1‘5{ - (47Tf2d"'k> 17;\,./4 € {LoS,NLoS}, (8)

where fc is the carrier frequency, ¢ is the speed of
light, 77! is the attenuation factor of LoS link or NLoS
link, and similar to the R2V channel model, the worst
channel with the longest distance d,, x from the UAV to
the RVs remains unchanged when moving in zone k of
segment n as shown in Figure 3.

By further considering the occurrence probabili-
ties of the LoS link (PLOS) and of the NLoS link

(P};TLOS =1- PLOS) we can derive the following average
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Figure 3. Communication coverage model of a UAV in segment 7.

path loss
lIJ IPLOS LoS + anNLOS PN]EOS (9)

n

4rtf.d,
:(%) (5 SPLES + 17

NLOS NLOS)
7

where the occurrence probability of the LoS link is
given by

1
PLOS — , (10)
nk T+ xnexp [ — vn(Enk — *n)]
where «x;,, and v, are the constants related to the envi-
ronment of segment 7, &, ; = 12 arctan(h") [11, 34].

We assume that the UAYV, Con51dered as a conven-
tional cellular user, is allocated a downlink spectrum re-
source for transmission. In the absence of interference,
the signal-to-noise ratio of the channel for transmitting
video i from the UAV to the RVs in zone k of segment n
is given by [31]

bncl’l,i (@n,k) P

> ) 11)

Ynki =

where b, is the hovering index used to decide that a
UAV hovers at RSU n # n;; (b, = 1) or does not
(by = 0), Y Lt bp = M,1 <M <N, and P is the
transmission power of the UAV. From (11), we obtain
the corresponding capacity expressed as

cU2v _ { PRy Wlogy(1+ ki), if n # nij,
0,

nki = ifn= I’li,]', (12)

where W is the system bandwidth.

3.5 Average Service Time

In addition, the transmission time to serve the RVs
in zone k, ie., the so-called average time to drive
throughout zone k covered by RSU n or a UAYV, is

Algorithm 1 Computing ¢;.

Require: S;
t;=0
Ensure: t;
1: forj=1:]; do

2: ni,j:hi(j—l)—l—l

3: fork=1:Kdo

4: if S; > 0 then

5: S;i=8;— c}j%‘{wn,]k
6: t; =1t + t"'!’

7: else

8: break

9: end if

10:  end for
11: forn:ni,]-—i-l:ni,j—i-hi—l do

12: if n < N then

13: fork=1:K do
14: if 5; > 0 then
15: Si=Si—Civtnk
16: b=t +tk
17: else

18: break

19: end if

20: end for

21: end if

22:  end for

23: end for

simply computed as

L= —. 13
nk S ( )

By using (13), the average service time for I videos,
which is the objective function to be minimized by
finding h;, c,;, and by is given by

I
T=1) pit, (14)
i

where t; is the time to cooperatively transmit video i
by the RSUs and UAVs presented in Algorithm 1.

In Algorithm 1, lines 2-10 describe the transmission
of video i by RSU n; ;. For each zone k, the remaining
size S; is reduced by CE,Z\;: itni,j/k based on the achievable
R2V capacity, and the fransmission time t; is updated
(lines 5-6), using (5) and (13). Subsequently, lines 11-22
extend the same procedure to hovering UAVs, where
S; is reduced following the achievable U2V capacity
CU2V as defined in (12), and t; is updated accordingly
(hnes 15-16). If S; > 0, the transmission time f#; is
cumulatively updated in lines 6 and 16, otherwise,
Algorithm 1 terminates.

4 CAHO OrtiMI1ZATION DESIGN

4.1 CAHO Optimization Problem

Based on the objective function (14) and by further
taking the constraint on the caching storage resources of
RSUs and UAVs into account, the CAHO optimization



Q. A. Nguyen et al.: Joint CAHO Minimized Service Time for Cooperative Video Streaming in UAV-assisted VANETs 29

problem is formulated as

min T, (15a)

hircn,ilbn
st.1<h<N-1Yi (15b)
SRSU 4 SUAV < sNYL . S, (15¢)
Yniibn <M, (15d)

where (15c¢) is used to limit the total storage consump-
tion for caching in RSUs and UAVSs, and SRV and SUAY
are the caching storage resources consumed by RSUs
and UAVs, respectively computed as

I
SRU =y IS, (16)
i=1
and
N I
SUA = ¥ ¥ ¢,ibuS,. (17)
n=1i=1

4.2 GA Solution

GA has been widely applied as an effective solution
for complicated optimization problems in a broad range
of real-world domains [35], spanning from communica-
tion systems [36-38] to video streaming A&Ss [39—42].
The effectiveness of GA derives from the evolutionary
principles inspired by natural selection and genetic
variation. Leveraging these principles, GA can flexibly
search for exact or near-global optimal solutions in both
unimodal and multimodal search spaces. By exploring
multiple peaks of the search space in parallel, GA can
avoid local convergence and thus enhance the likeli-
hood of reaching globally optimal solutions [39, 40].
Owing to its robustness, adaptability, and strong global
search capability, GA has been extensively used to over-
come the challenges of practical optimization problems.

In this paper, we apply GA [43] to solve (15). How-
ever, the problem is that GA supports only simple
constraints in the form of lower and upper bounds,
such as (15b), but not more complex ones like (15c)
and (15d). This problem is addressed by using the
penalty method [39]. To this end, we convert (15) into
an unconstrained optimization problem by reformulat-

ing (15c) and (15d) as

{ AS =0NY! S, — SRSU _ gUAV >

AM=M-YN b, >0. (18)

Then, we derive the penalty function as
F —p1 (min{0,AS})? + p2 (min{0,AM})?,  (19)

where p; and p; are the constraint violation degrees
used to adjust the degree of punishment if the individ-
uals in GA violate the constraints.
Finally, GA is capable of solving the following un-
constrained CAHO optimization problem
min Tr =T+ F. (20)

i/Cn,is/On

The detailed GA used to solve (20) is presented in
Algorithm 2. In Algorithm 2, the two integer and binary

Algorithm 2 GA for CAHO.

Require: System and GA parameters in Tables III and Table
v
Gen = 1: Generation count
Ensure: Tj(h},c’ ., b;)
1: Randomly generate

1) Np sub-strings {X%Z)}, z=1,2,.., Np, each of I integer
optimization variables {;}.

2) Np sub-strings {Xéz)}, each of (N x I + N) bits to
characterize a set of N x I binary optimization variables
{¢y,i} and N binary optimization variables {b;}.

2: Compute Np fitness values based on (20) to have {T;Z)},
ie, T (x{, x{)).

3: while TC does not hold do

4 Put {X®)} = [{X%Z }{Xéz)}] associated with Téz) into
the mating pool for ranking.

5. Select Npg = Np x Pg best individuals with low-
est fitness values by using stochastic universal sam-
pling operator [43] for breeding to obtain {X()} =
(X HxY, £=1,2,..., Nec.

6:  Choose a pair of parents to create the offsprings by
using single point crossover with probabilities Py and
Py, applied to {th)} and {th)}, respectively.

7. Mutate the offsprings {X|} and {X}} respectively
with probabilities Pp; and Py, by using complement
operation so that the positive genetic features probably
lost in the previous steps can be recovered to obtain

{xO) = [{x{ 1),

8:  Repeat step 2 to obtain Tét)'* (Xit)'*,Xéw’*).

9:  Reinsert {X()*} and T;t)’* into the present generation
to obtain the new sets of {X(?)} and Téz).

10:  Gen = Gen +1

11: end while

12: Find the best fitness Tj (k] ¢k, by;) € {Téz) (X;Z), X£Z>) 1.

n,i’

optimization variables (OVs) cannot be represented by
the same chromosome (string) within an individual,
nor can they be handled using the same crossover and
mutation schemes. Therefore, they are separately pro-

cessed in two sub-strings ng) and Xéz) of individual z.

It is noted that for ng), a base-(N — 1) operation [43]
is used to generate the integers from 0 to (N — 2), and
then added by 1 to satisfy the constraint (15b). GA is
implemented by a sequence of main operators includ-
ing reproduction/selection, crossover, and mutation,
repeatedly until satisfying one of the two termination
conditions (TC) given as follows:

o The average penalty value per individual derived
from (19) is less than 1073 in 10 consecutive gen-
erations.

« Generation count (Gen) is equal to a given number
of generations (Ng = 100).

As an adaptive heuristic search algorithm, the time
and memory complexity of Algorithm 2 is primarily
determined by the population size Np and the number
of generations Ng. The values of Np and Ng may vary
depending on several factors, including: 1) the system
scale characterized by M, N and I; 2) the computa-
tional burden associated with the objective function,
constraints, and optimization variables in (15); and 3)
the accuracy requirements of video streaming Aé&Ss.
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Table III
SysTEM AND GA PARAMETERS

Symbols Specifications

5 UAVs

25 RSUs

7 zones covered by each RSU

10 videos

Uniformly random distributed from 0.25 to 2.5
(Gbit)

Uniformly random distributed from 30 to 60
(km/h)

250 m

0.025 VUs/m

1

0.5

10 MHz

5W

10-2w

3 x10% m/s

¢ 2 GHz

{p1,02} {107%,1}, constraint violation degree properly
determined based on the approach proposed
in [40]

Np 3000 individuals

Ng 100 generations

Pg 0.9, 90% of the individuals with the lowest
fitness values are selected for breeding

{0.9, 0.6}, set to sufficiently high values to
ensure effective crossover and convergence
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Moreover, the overall complexity is also affected by the
implementation of genetic operators such as selection,
crossover, and mutation. Consequently, the complexity
of Algorithm 2 is on the order of O(NpNg) [36, 40].

In practice, Algorithm 2 is more suitably executed at
a single MBS, which centrally implements the CAHO
strategy for all RSUs, UAVs, and popular videos
within a limited road. Nevertheless, when the system
scales up with longer road consisting of larger values
of M, N, and I, practical deployment of CAHO faces
two major challenges. On the one hand, acquiring the
system information, such as channel state information,
for formulating the CAHO optimization problem be-
comes increasingly difficult. On the other hand, the
complexity of Algorithm 2 grows substantially. To over-
come these challenges, the number of RSUs, UAVs,
and popular videos assigned to each MBS should be
carefully selected in accordance with the system scale
and the processing capability of the MBS. Moreover,
for scenarios involving large-size videos, multiple MBSs
can collaboratively provide continuous video streaming
A&Ss to RVs [24].

5 PERFORMANCE EVALUATION

5.1 Parameters Setting

The system and GA parameters are detailed in
Table III. The propagation features of communication

Table IV
PROPAGATION FEATURES [11, 34]
Parameters LoS |. NLoS
Environments K Vo | M | On
Suburban 488 | 043 | 0.1 21 | 20.34°
Urban 9.61 | 0.16 1 20 | 42.44°
Dense urban 12.08 | 0.11 | 1.6 23 | 54.62°
High-rise urban 2723 | 0.08 | 2.3 | 34 | 75.52°
Table V
OVs OF DIFFERENT SCHEMES
OVs

Schemes hi | cui | bn

RAHO v v X

RACR X v v

RACU v X v

NUAV v X X

CAHO v v v

500
—O©— Best
450 | —*%— Mean
—+— Penalty

Fitness

100

50

0 10 20 30 40 50 60 70 80 90 100
Generation

Figure 4. Convergence rate of GA.

environments in different segments, which are ran-
domly selected, are shown in Table IV. To evaluate
the performance of CAHO method, we compare it
with the other four schemes, including (i) random
hovering (RAHO), (ii) random caching at RSUs (RACR),
(iif) random caching at UAVs (RACU), and (iv) none-
UAYV deployment (NUAV), with different considered
optimization variables as listed in Table V. In RAHO,
h; and c,,; are optimized, but b, is randomly generated.
In RACR, ¢, ; and by, are optimized, but /; is randomly
generated. In RACU, h; and b, are optimized, but ¢, ;
is randomly generated. And in NUAYV, no UAVs are
deployed (M = 0). Obviously, the constraints in all
RAHO, RACR, RACU, and NUAYV have to be satisfied.
Furthermore, we force the RAHO, RACR, RACU, and
NUAV to cache as much storage as or (a little bit
higher storage than) the CAHO method does to ensure
a fair comparison.

5.2 GA Evaluation

Figure 4 illustrates the convergence behavior of GA
in terms of the best fitness value (Best), the mean fitness
value (Mean) defined in (20), and the average penalty
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Figure 5. Convergence rate of GA.

value (Penalty) defined in (19) across all individuals,
versus the number of generations Ng. In the early
generations, the large gap between the Best and Mean
values indicates a high population diversity, reflecting
that GA is strong capability to effectively explore the
searching space. As Ng increases, both the Best and
Mean values gradually decrease and approach each
other, demonstrating the convergence process of GA.
Although the Best and Mean values become sufficiently
close from around the 30th generation, the GA con-
tinues to further minimize the fitness function while
driving the penalty term to zero, thereby ensuring
that all constraints of the CAHO optimization problem
are satisfied. After about 45 generations, the Mean
converges to the Best and remains stable until the final
generation, indicating that the GA reaches an optimal
or approximately optimal solution. In addition, the
rapid decrease of the Penalty toward zero confirms
the feasibility of the final solution with respect to the
system constraints.

Besides the aforementioned convergence behavior
for identifying the optimal solution, the stability and
accuracy of GA are validated by executing the algo-
rithm 100 independent tries for each population size
(Np = {500, 1000, 2000, 3000, 4000,5000}), as illustrated
in Figure 5. In Figure 5(a), for a small population size
(Np = 1000), the service time becomes more unstable
and frequently takes higher values compared to the
other two population sizes (Np = 3000,5000). As Np
increases to 3000 and 5000, the service time demon-
strates significantly improved stability, with more ac-
curate minimum values observed. To investigate the
accuracy of GA, we further compute the maximum
(Max), average (Ave), and minimum (Min) service time
values over 100 independent tries for different popu-
lation sizes as shown in Figure 5(b). For Np = 500,
the number of individuals is too small such that it
cannot yield any accurate minimum values. A larger
population size leads to a higher occurrence of accurate
minimum values within 100 tries, thereby reducing the
gap between the Ave and the Min. The results show
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Figure 7. Caching storage performance versus a.

that this improvement is marginal when Np > 3000.
Increasing the population size beyond 3000 does not
yield significant gains in service time, while incurring a
rapidly increasing computational cost. The elbow point
at Np = 3000 indicates an appropriate population size,
at which GA achieves high accuracy with a reasonable
cost. These results confirm the feasibility and effective-
ness of GA in practical scenarios, achieving a good
balance between accuracy and computational cost.

5.3 CAHO Performance Evaluation

5.3.1 Performance versus a: Figure 6 plots the service
time of different schemes versus «. As « increases,
the service time of all schemes decreases, demonstrat-
ing the benefit of utilizing the caching resources for
the most popular videos. CAHO achieves superior
performance with the lowest service time by jointly
optimizing all the three key OVs: caching radius at
RSUs (h;), caching placement at a UAV when it hovers
over segment n (c,;), and hovering positions (by).
Next to CAHO, RAHO and RACR provide comparable
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Figure 8. Service time performance versus M.

performance, suggesting that UAV hovering and RSU
caching play equivalent roles in service time reduction.
From the performance of RACU, it can be observed
that UAV caching is more critical than UAV hovering
or RSU caching, as random UAV caching incurs a
longer service time compared to random UAV hovering
(RAHO) and random RSU caching (RACR). Finally,
the assistance of UAVs contributes the most to system
performance, since the NUAV scheme, which excludes
both UAV hovering and UAV caching, yields the worst
service time among all schemes.

Concerning caching storage consumption, Figure 7
plots the relationship between storage consumed by
CAHO, RAHO, RACR, RACU, and NUAV versus «.
The five schemes achieve similar total storage con-
sumption amounts, in which CAHO provides a slightly
lower level, ensuring the fairness in comparison. The
main difference lies in how the total storage resource is
allocated between RSUs and UAVs among the schemes.
As a increases, UAVs equipped with hovering and
caching tend to concentrate their caching on a smaller
set of highly popular videos, thereby shifting storage
usage toward RSUs rather than UAVs, except for the
NUAV scheme. Among the schemes, CAHO utilizes
the storage resource most efficiently. In contrast, RAHO
suffers the lowest efficiency because the UAV hovering
positions are randomly selected, which forces the UAVs
to cache more videos trying to reduce the service time
and compensate for the inefficiency in hovering.

5.3.2 Performance versus M: Figure 8 shows the ser-
vice time of CAHO, RAHO, RACR, RACU, and NUAV
versus the number of UAVs M. It is evident that the
service time decreases as the number of UAVs increases
for all UAV-assisted schemes. When M becomes large,
further increasing the number of UAVs leads to service
time saturation due to the limited storage resource and
caching gaps. RAHO reaches saturation more quickly
because the UAV hovering positions are not optimized,
which hinders the effective utilization of a large number
of UAVs for service time reduction compared with
RACR. Since NUAV does not employ UAVs, its per-
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formance remains unchanged with respect to M. Com-
pared with other schemes, CAHO exploits additional
UAVs more effectively, resulting in the lowest service
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time. Importantly, the number of UAVs should be
chosen carefully for each VANET scenario, ideally at
the saturation elbow point (e.g., M = 5). The caching
storage consumption of all schemes with respect to
M is investigated in Figure 9, in which the behavior
is similar to that in Figure 7. In addition, it is clear
that as M increases, UAVs utilize more opportunities
to achieve better U2V transmission capacity for filling
the caching gaps, leading to an increase in the caching
storage consumed at UAVs.

5.3.3 Performance versus A: The service time perfor-
mance of all schemes versus the density of VUs A
is presented in Figure 10. The results show that for
UAV-assisted schemes, the service time generally de-
creases with increasing A. However, NUAV exhibits the
opposite behavior because expression (5), divided by
Vki, increases as A grows. A higher density of VUs
increases the probability of having RVs and enables
leveraging the advantages of U2V channels in UAV-
assisted schemes, thereby compensating for the limi-
tations of R2V channels in NUAV. Consequently, UAVs
consume more caching storage resources as A increases,
as shown in Figure 11. Overall, the comparisons and
analyses of system performance for all schemes with
respect to «, M, and A indicate similar behaviors,
where CAHO consistently provides the RVs with the
lowest service time and efficiently utilizes the caching
storage resources.

6 CONCLUSION

In this paper, we have proposed the caching and hover-
ing (CAHO) optimization design for cooperative video
streaming in UAV-assisted VANETs. By jointly deter-
mining the cache placement at RSUs and UAVs along
with UAV hovering positions, CAHO addresses the
caching gaps and adapts to varying content popularity
pattern, number of UAVs, and vehicle distributions.
Comparative evaluations against the other benchmark
schemes including RAHO, RACR, RACU, and NUAY,
demonstrate that CAHO consistently achieves the low-
est service time and efficiently balances the storage
allocation between the RSUs and UAVs. GA employed
to solve the CAHO optimization problem enables ef-
fective exploration of the joint optimization space and
provides stable convergence behavior with high accu-
racy under appropriate population sizes, facilitating
performance evaluation of the proposed framework.
The results further highlight that UAVs are effectively
utilized to complement RSU caching without overuse
and can adapt well to system variations in latency-
sensitive video streaming A&Ss in dynamic VANET en-
vironments. As a promising direction for future work,
learning-based, lower-complexity and adaptive opti-
mization algorithms will be investigated with insightful
comparison to further capture the fast time-scale dy-
namics in highly mobile vehicular environments and
to enhance system adaptability under rapidly changing
network conditions.
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