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Abstract—Video streaming in vehicular ad-hoc networks
(VANETs) faces significant challenges due to the dynamic nature
of vehicles, frequent disconnections, and huge demands for high
data rate communications. These challenges make it longer for
vehicle users (VUs) to complete their sessions in video applications
and services (VASs). In this paper, we fully utilize the benefits
of both deterministic and probabilistic edge caching (DPC)
techniques for cooperative transmission to minimize the service
time in VASs. To do so, a DPC optimization problem is formulated
and solved for the optimal results of 1) caching placement in
roadside units (RUs) and 2) caching probability in VUs under the
constraint on caching storage resource. Genetic algorithms are
modified to deal with the complexity of two types of optimization
variables, i.e., integer variable for deterministic caching and
real variable for probabilistic caching, and thus ensuring high
stability and accuracy. Simulation results demonstrate that the
DPC method outperforms the other conventional schemes in
terms of service time while efficiently utilizing the storage of
RUs and VUs. Important findings are also analyzed and discussed
to provide more useful insights into the design of edge caching
techniques for VASs in VANETs.

Keywords—Caching networks, deterministic caching, probabilis-
tic caching, vehicular ad-hoc networks, video streaming applications
and services.

I. INTRODUCTION

Vehicular ad-hoc networks (VANETs) have become an in-
dispensable component of modern intelligent transportation
systems, enabling various communication applications and
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services among vehicle users (VUs) and roadside infrastructure
in sixth-generation (6G) networks [1]. Consequently, auto-
motive manufacturers have developed a wide range of in-
vehicle applications and services, e.g., infotainment, automated
driving, over-the-air update, and advanced driver assistance [2].
The crucial role of in-vehicle applications and services triggers
the proliferation of data dissemination in VANETs, resulting
in a substantial backhaul workload for macro base stations
(MBSs), small-cell base stations, and roadside units (RUs) [3]–
[7]. In VANETs, it is more challenging due to the movement
of vehicles, the frequent disconnections, and especially the
huge demands for high data rate amongst delay-sensitive
communications in video applications and services (VASs).
To address these challenges, instead of deploying costly high-
speed backhaul links, software-defined edge techniques can be
efficiently adopted as an alternative [8].

One of the most promising software-defined edge techniques
that has attracted considerable attention in 6G VANETs re-
search is caching [9]–[11]. In the 6G era, driven by the disrup-
tive advancements in big data, data science, high-performance
computing, and artificial intelligence, prediction models for
caching have become increasingly accurate, thereby enhancing
the overall performance of VANETs. A significant benefit of
caching is that it provides high resource efficiency and reduces
infrastructure investment costs for Internet service providers
and content providers, while also improving the quality of
experience for mobile users. To this end, emerging caching
methods have been proposed for both terrestrial and dynamic
air networks — ranging from VANETs to content delivery,
device-to-device, Internet of Things, unmanned aerial vehicles,
and satellite networks [8], [12]–[16].

In fact, caching in VANETs differs from other networks
due to diverse factors of applications and services, complex
characteristics of VUs, highly dynamic environments, and
non-ubiquitous roadside infrastructure [7], [17]. Therefore, to
enhance the performance of VANETs, caching involves various
contents, tasks, and services (CTSs), each associated with
specific popularity patterns. It also accounts for the mobil-
ity, distribution, social relationships, incentives, and available
resources of VUs. Caching is categorized into deterministic
and probabilistic methods. These methods can be combined
and then assisted by other techniques (e.g., clustering [18],
[19], cooperative transmission (CoT) [4]–[6], [20]–[22], and
broadcast transmission scheduling (TrS) and transmission rate
adaptation (TrA) [23]) to address the highly dynamic environ-
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ments and non-ubiquitous roadside infrastructure.
By caching, the frequently accessed CTSs are stored in the

edge of VANETs, closer to the VUs, to facilitate the delivery of
in-vehicle applications and services. This approach can relax
the workload on the backhaul links through offloading, im-
prove the quality of service (QoS) by shortening the transmis-
sion distances, and provide high accessibility to more cached
CTSs. It also enables the efficient use of energy, spectrum,
and storage resources. In deterministic caching (DC) methods,
the CTSs are placed in stationary RUs [19] to leverage the
infrastructure-to-vehicle communications and reliable storage
resources along the roads [4]–[6], [19], [20], [23]–[26]. This
approach enables the pre-planned and systematic optimization
of content placement. However, limited roadside infrastructure
— mainly due to costly deployment [7], hinders seamless
applications and services, particularly for high data rate and
delay-sensitive VASs requested by VUs in dense VANETs.
By contrast, probabilistic caching (PC) allows caching in the
dynamic VUs [22], [27]–[31]. Here, because the VUs are
dynamic and intermittently connected while moving together
for a certain duration, the PC strategy is widely used to adapt
to the mobility patterns of VUs. More importantly, the PC
methods can effectively compensate for the limitations of DC
methods — the higher density of VUs offers more caching
opportunities, thereby enabling more seamless applications and
services, even when the VUs join or leave randomly [13].

To elaborate on the advantages and disadvantages of the DC
and PC methods, a comparative summary of their key features
is presented in Table I. In particular, it is certain that most
methods utilize the mobility of VUs and the popularity of CTSs
for optimally caching in the MBS, RUs, or/and VUs. Some of
them further consider other techniques (i.e., clustering, CoT,
TrS, and TrA) to improve the caching performance. However,
most of these studies relied on a small number of RUs, which
is impractical. Furthermore, although optimization algorithms
and solutions have been proposed, their convergence, stability,
and accuracy have not been thoroughly investigated. More im-
portantly, the caching methods are deployed separately, which
prevents them from fully exploiting the combined benefits of
DC and PC to enhance the performance of applications and
services in VANETs.

In this paper, motivated by the aforementioned discussions,
we propose a joint deterministic and probabilistic edge caching
(DPC) method that fully leverages DC at the RUs and PC
at the VUs for cooperative video transmission in VANETs.
The objective is to minimize the service time and utilize the
caching storage resource. The main contributions of this paper
are summarized as follows:

• We propose a DPC model for VASs in VANETs. The
DPC model exploits the storage resources in both RUs
and VUs to enable a cooperative video transmission via
RU-to-VU (R2V) and VU-to-VU (V2V) communica-
tions. This approach reduces the service time for the
VUs who simultaneously access the VASs while driving.

• In DPC model, the DC and PC methods are applied
to the stationary RUs and the dynamic VUs. The DPC
optimization problem is formulated to find the optimal
results of 1) where to cache the video contents in the

RUs and 2) caching probabilities of video contents in
the VUs. For more practical purposes, we take into
account various aspects of VASs in VANETs including
the mobility of VUs, the popularity of videos, a large
number of RUs, and the CoT technique.

• Due to the complexity of optimization variables, GA is
modified to solve the DPC optimization problem with
respect to (w.r.t) integer optimization variable for DC
and real optimization variable for PC. The convergence,
stability, and accuracy of the GA in the DPC optimiza-
tion problem are also provided.

• Simulation results are presented to demonstrate the fea-
sibility of GA and the benefits of DPC method compared
to other schemes. Detailed analyses and discussions are
provided with interesting findings and more useful in-
sights into designing edge caching techniques for VASs
in VANETs.

The rest of this paper is organized as follows. In Section
II, we elaborate on the related work of caching in VANETs.
Section III introduces the system model for VASs in VANETs,
describes how it works, and present the formulations to derive
the objective function of the DPC optimization problem. The
DPC optimization problem is formulated and solved by GA in
Section IV. Section V provides simulation results and findings
to evaluate and demonstrate the benefits of the proposed DPC
method compared to other schemes. Finally, we conclude the
paper in Section VI.

II. RELATED WORK

In this section, we elaborate on the related work of caching
methods in VANETs, as summarized in Table I. First, cache-
enabled applications and services in VANETs are introduced
to highlight the role of caching in improving the QoS and the
system resource utilization. Then, the DC and PC methods
are examined to identify the existing limitations, reinforce the
motivation, and clarify the contributions of our work.

A. Cache-enabled Applications and Services in VANETs
When the resources in VANETs are fully leveraged, vehicle-

as-a-service can emerge as a platform to offer diverse ap-
plications and services to the VUs, particularly in smart
cities [1]. By utilizing the storage of VANETs, caching is
designed as a means to facilitate the delivery of massive
data generated by applications and services such as public
safety, advanced driver assistance, autonomous driving, over-
the-air update, handover management, infotainment, digital
twins (DT), and even emerging metaverse [5], [9], [38]–[45].
Each of the applications and services has its own appropriate
role of caching, which is described in detail below.

For public safety and advanced driver assistance in VANETs
[1], [38], responses to frequent safety instruction requests can
be cached as much as possible in the VUs to reduce the
workload on the backhaul links. In autonomous driving with
over-the-air update [2], [5], [9], [39], caching is integrated
with edge computing to offload the highly reusable contents,
services, and computation-intensive tasks to the edge servers.
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TABLE I. FEATURES OF DC AND PC CACHING METHODS.
````````Ref. No.

Features DC PC Caching placement Mobility Popularity No. of RUs Convergence Stability Accuracy Assisted technique

[24] Yes No RUs Yes Yes 3 N/A N/A Fairly good No
[26] Yes No RUs Yes Yes 6 N/A N/A N/A No
[18] Yes No RUs Yes Yes 10 Fairly good Fairly Fairly good Clustering
[19] Yes No RUs Yes Yes 30 N/A N/A N/A Clustering
[20] Yes No RUs Yes Yes 10 N/A N/A N/A CoT
[23] Yes No RUs Yes Yes 7 N/A N/A N/A TrS, TrA
[4] Yes No RUs, MBS Yes Yes 2 Good N/A N/A CoT
[5], [6] Yes No RUs, MBS Yes Yes 30, 2 Fairly good N/A Fairly good CoT
[25] Yes No RUs, MBS Yes Yes 10 Fairly good N/A Fairly good No
[21] Yes No RUs, VUs Yes Yes 4 N/A N/A N/A CoT
[32] Yes No RUs, VUs No Yes 4 Fairly good N/A N/A CoT
[33] Yes No RUs, VUs Yes Yes 2 N/A N/A Fairly good Clustering
[34] Yes No RUs, VUs Yes Yes 6 N/A N/A N/A No
[35] Yes No VUs Yes Yes 0 N/A N/A N/A No
[36] Yes No VUs Yes Yes 0 Fairly good N/A Fairly good No
[37] Yes No VUs Yes Yes 0 Fairly good N/A Fairly good No
[27] No Yes VUs Yes Yes 0 N/A N/A N/A No
[28] No Yes VUs Yes Yes 0 N/A N/A N/A No
[22] No Yes VUs Yes Yes 0 N/A N/A N/A CoT
[31] No Yes VUs Yes Yes 30 N/A N/A N/A No
[30] No Yes VUs Yes Yes 0 N/A N/A N/A No
[29] No Yes VUs Yes No 0 N/A N/A N/A No
Our proposed DPC Yes Yes RUs, VUs Yes Yes 25 Good Good Good CoT

This approach improves both the quality of experience and
the functionality of connected autonomous vehicular systems.
For infotainment in VASs, caching is deployed in the VUs to
assist handover management with minimum cache size, while
maximizing the average rate to ensure continuous transmission
[40]. To ensure high-quality video streaming over time-varying
VANETs, a video can be divided into multiple quality versions
and cached in the MBS for adaptive delivery to the VUs [41].

Regarding DT applications, due to massive content and
service delivery, caching in VANETs plays a powerful role
in facilitating the delay-bounded content transmission and
improving the hit rate. The cache-assisted DT applications
can model the inter-vehicle social dynamics, anticipate the
vehicular and service request flow patterns, and intelligently or-
chestrate the communications and storage resources to ensure
continuous and efficient content delivery [42]–[44]. In the con-
text of metaverse-driven autonomous vehicles and intelligent
transportation systems, caching becomes increasingly complex,
requiring careful decisions on what, where, when, and how
to cache in order to achieve high hit rate and successful
transmission [45].

B. DC Methods
Widely studied in the literature, DC methods are consid-

ered as a core strategy for building a caching platform to
deliver applications and services in VANETs [4]–[6], [18]–
[21], [23]–[26], [32]–[37]. In [24], the authors introduced an
mobility prediction module that can estimate the connections
between the VUs and the RUs in advance. Then, a learning-
based algorithm is applied to find which popular contents to
cache and when and where to cache them in the RUs for
optimal resource utilization, especially reducing the bandwidth
consumption. Similarly, by predicting the mobility of VUs
and the popularity of contents, the authors in [26] proposed
a flexible method that can enable the RUs to cooperate with

each other for caching. Due to the complexity of caching
optimization problem, practical algorithms are developed into
the form of knapsack problem and suboptimal relaxations for
close-to-optimal caching decision.

Caching in the RUs becomes considerably more effective
when assisted by clustering techniques [18], [19]. In [18], the
VUs with similar trajectory behavior are clustered for caching.
The proposed approach formulates a delay-aware clustering-
based caching optimization problem and solves it by using
a multi-agent deep Q-network (DQN), aiming to minimize
energy consumption while ensuring low delay. As shown in
[19], clustering the RUs based on the mobility pattern of VUs,
download deadline, and storage resources leads to improved
caching efficiency. By employing a Markov clustering-based
maximum visit probability algorithm for joint optimal caching
and clustering solution, the hit ratio is significantly increased
while satisfying download deadline constraint.

The performance of caching in the RUs can be improved
by the CoT technique between VU-MBS mode and VU-RU
mode as studied in [20]. It means that the decision to cache
in the RUs depends on the channel quality under both modes,
aiming to achieve high hit ratio and low delay. This centralized
cooperative caching, which is converted into the form of a
multiple-choice knapsack, is solved by using greedy algorithm
for approximate optimal results. In [23], caching in the RUs
assisted by broadcast TrS and TrA techniques is optimized
under the constraints on storage and transmission rate by using
a heuristic algorithm. This way can efficiently enhance the
system throughput. Numerical results show that the proposed
cooperative caching in the RUs gains the lowest latency, and
thus it can be applied to delay-sensitive applications.

Interestingly, the work in [4] considers caching in the MBS
to cooperate with caching in the RUs. Based on the mobility
of VUs and the popularity of contents, an arbitrary content
can be cached in both MBS and RUs, only MBS, or only
RUs, so as to gain low transmission delay and service cost.
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As a multi-objective multi-dimensional multi-choice knapsack
problem, an ant colony optimization-based algorithm is used
for near-optimal solution. Similarly, caching in MBS and RUs
is also proposed in the studies [5], [6], [25] to optimize the
latency, delay, and hit ratio. To address the challenges posed by
high-dimensional state and hybrid continuous–discrete action
spaces, a deep deterministic policy gradient-based approach
is employed to solve the latency optimization problem [5].
Meanwhile, a combination of asynchronous federated learning
(FL) and deep reinforcement learning (DRL) is utilized to
further protect the privacy of VUs and enhance the hit ratio
[6]. And in [25], to address the complexity arising from
mobility and polularity prediction, data privacy, and dynamic
cooperative caching, the authors simultaneously employed long
short-term memory (LSTM), hierarchical FL, and adaptive
gradient descent algorithm to enhance the caching performance
in terms of hit ratio and delay.

Furthermore, the DC methods can be deployed in both
RUs and VUs, or purely in VUs [21], [32]–[37]. In [21], the
authors analyzed the features of contents (popularity and size),
mobility, and traffic density to optimally cache in the RUs
and VUs by applying cross entropy algorithm. The objective
is to improve the hit ratio, reduce the delay, and remain
low overhead. Meanwhile, the authors in [32] leveraged the
social relationship among VUs to minimize the access latency
through DRL and the authors in [33] utilized the clustering
technique to maximize the hit ratio and reduce the delay by
employing LSTM-based reinforcement learning. Similarly, the
objective of the work [34] is to improve the hit ratio and
reduce the delay while remaining low cost. A cooperation-
based greedy algorithm is also proposed to solve the joint
caching in the RUs and VUs in large-scale systems with low
time complexity. When caching is performed exclusively in the
VUs, incentive policy, privacy protection, and high accuracy
are strictly required to enhance the caching performance. These
issues can be addressed by Stackelberg game [35] and FL-
based DQN [36], [37].

We can see that as shown in Table I, the mentioned DC
methods are implemented in different configurations, including
RUs only, RUs and MBS, RUs and VUs, or VUs only. They
all leverage mobility, popularity and other assisted techniques
to enhance the content delivery performance. However, the
problem is that most of them do not exploit the available
storage resources of VANETs to cache the contents in the
VUs nor the benefits of PC methods. In addition, the number
of RUs deployed is relatively small, without fully investigating
the convergence, stability, and accuracy of solutions (except for
[18]). As a result, the current DC methods fail to efficiently
utilize the caching storage resources or improve the system
performance.

C. PC Methods
In contrast to DC methods that rely on predefined caching

placements in the MBSs, RUs, and VUs, PC methods adopt
dynamic strategies in the VUs using probabilistic models [22],
[27]–[31]. So, the PC methods allow the caching VUs to join
or leave the system randomly to meet the real-time and dy-
namic conditions of VANETs. Particularly in [27], the authors

proposed a distributed PC method by considering the demand
and importance of VUs, popularity, and relative movement
to determine caching probabilities. NS-3 based simulator is
implemented to show that the proposed method can improve
the cache hit ratio while ensuring low delay and high caching
utilization. Similarly, the work in [28] further considers the
privacy ratings of VUs to achieve not only low delay and
high cache hit ratio, but also reduced cache redundancy, by
conducting simulations in the OMNeT++ environment.

The PC method can be used for serving the common mobile
users (MUs) as studied in [22]. To formulate the energy effi-
ciency based PC optimization problem, this method employs
Markov process to model the interactions between the VUs
and the MUs. The popularity of contents is also considered
to make the solution more efficient. The CoT technique from
the MBS and VUs to the MUs is utilized to improve the
system gain. Nonlinear fractional programming and Lyapunov
optimization theory are used to solve the problem for optimal
caching probability with high hit ratio and energy efficiency.
In [31], the social relationship of VUs is taken into account
besides the mobility of VUs and the popularity of contents. The
RUs are responsible for collecting the movement information
of VUs and updating the VUs on new contents by hidden
Markov model. Opportunistic network environment simulator
is deployed to demonstrate the benefit of the proposed PC
method with social relationship in terms of hit ratio, average
access delay, average hop counts, and average storage usage.

The joint solution of named data networking and proba-
bilistic spatial content caching is studied in [30] to propose
a communication scheme for content delivery in VANETs.
Interestingly, a convolutional neural network (CNN) is applied
to capture the complicated relationship between the mobility of
VUs and the content requests. The CNN-based PC method is
formulated to optimize the caching probabilities for achieving
a better target of hit ratio and delay compared to non-CNN ap-
proach. Another promising extension of PC is the incorporation
of both moving and parked VUs into caching decision policy
as explored in [29]. This work pays attention to traffic density,
road centrality, and popularity of contents for making decision
of which probability to cache a content in the VUs. Simulation
results show the effectiveness of the proposed solution with
high hit ratio and low content retrieval delay.

Concerning the aforementioned PC methods [22], [27]–[31],
we can see in Table I that most of them are deployed in
simple systems by caching in the VUs only. The MBS and
RUs are in charge of cooperatively transmitting the contents
[22] or collecting the mobility of VUs [31]. Furthermore, the
convergence, stability, and accuracy of the proposed algorithms
and solutions have not been investigated, and thus the optimal
results remain unconvincing. Although the social relationship
of VUs and CNN approach is leveraged [30], [31], the lack
of utilizing the powerful caching storage resource and stable
wireless communications of the RUs in VANETs makes the
conventional PC methods become less efficient.

III. SYSTEM MODEL

In this paper, we consider a DPC model associated with the
main notations for VASs in VANETs as shown in Fig. 1 and
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Fig. 1. DPC model for VASs in VANETs.

TABLE II. NOTATIONS

Symbols Specifications
N Number of RUs
K Number of zones covered by each RU
I Number of videos
Si Size of video i, i = 1, 2, ..., I
hi Caching radius of video i in DC
ρi Caching probability of video i in PC
sn Average speed of VUs in road segment n covered by RU n, n =

1, 2, ..., N
rn Transmission range of vehicles covered by RU n
d Distance of a road segment
λ Density of vehicles
τ Percentage of vehicles which are willing to act as CVs
α Skewed access rate (popularity) exponent among videos
η Path loss exponent
κ Rician factor
P Transmission power of CVs
N0 Additive white Gaussian noise power

Table II. The model includes N RUs and I videos. In addition,
a number of VUs are spatially distributed according to an
independently thinned one-dimensional homogeneous Poisson
point process (T1D-PPP) Φ with density λ [46], [47]. Each
RU covers a road segment of d meters divided into K zones.
The videos can be cached in both the RUs and VUs. The VUs,
which enter the road segment n, n = 1, 2, ..., N , should drive
at an average speed of sn kilometers per hour (km/h). There
are two types of VUs: caching VUs (CVs) which are willing
to cache the videos and requesting VUs (RVs) which request
the videos.

To facilitate the implementation of the proposed model,
but without loss of generality, we assume that the RUs and
VUs have limited storage resources available for caching;
therefore, a constraint is introduced to ensure efficient resource
utilization. Additionally, given the selfish nature of the VUs,
an incentive mechanism is applied to motivate them to cache
the popular videos [35]. In terms of channel state information
(CSI), we further assume that the statistical knowledge of the
CSI can be periodically estimated by the RUs [48], [49]. In
this context, to improve the QoS of VASs in VANETs, a DPC
optimization problem is formulated and solved for the optimal
video caching placement in the RUs by DC and the optimal

video caching probability deployed in the CVs by PC. The
objective is to minimize the service time while utilizing the
caching storage resources of RUs and CVs. The service time
is defined as the average duration for the RVs to receive the
requested videos from the RUs and the CVs while on the move.
After deploying the DPC method, suppose an RV requests
video i, i = 1, 2, ..., I , and enters a road segment covered
by RU n, it is served by one of the following two situations:

1) If RU n does not cache video i, the RV receives
video i from any CVs caching video i within a given
transmission range rn over V2V communications.

2) If RU n caches video i, it has the opportunity to serve
the RV over R2V communications in cooperation with
the CVs.

It is noted that if video i (i.e., of large size) cannot be
completely transmitted after the RVs traverse all N RUs, its
transmission will be continued by a subsequent set of RUs
associated with another MBS. This scenario is beyond the
scope of this paper and is left for future investigation.

A. Homogeneous Poisson Point Process for VUs
For the VUs, without loss of generality, we apply the

T1D-PPP to model the spatial distribution of the CVs for
transmitting and the RVs for receiving on the one-way roads
[46], [47]. Let τ and ρi respectively be the percentage of
VUs acting as CVs and the caching probability of video i,
the distributions of CVs and RVs also follow the T1D-PPPs
ΦCV

i and ΦRV
i of densities λCV

i and λRV
i , expressed as

λCV
i = τρiλ, (1)

λRV
i = (1− τρi)λ. (2)

B. DC and PC
In DC, along the road consisting of N RUs, we define

the caching placement of video i by a caching radius hi,
which is measured in hops and is inversely proportional to
the caching density [50]. It means that video i is cached in the
RUs separated by every hi hops. If hi = 1, video i is cached in
all RUs. Meanwhile, in PC, we find the probability ρi to cache
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video i in the CVs. While driving, the RVs are cooperatively
served by both RUs and CVs using the DPC method, which
considers the popularity pattern of video i, following a Zipf-
like distribution [51], given by

pi =
i−α∑I
i=1 i

−α
, (3)

where α ≥ 0 is the skewed access rate coefficient representing
the popularity pattern of a set of videos, e.g., α = 0 yields the
same popularity for all videos.

C. V2V Communications

1) V2V Capacity: If video i is requested by an arbitrary RV,
in the worst case, it takes the RV a driving time to go through
hi − 1 hops for reaching the RU where video i is cached.
During the driving time, the RV is served by the CVs. In the
T1D-PPP model, the probabilities that a typical CV caches and
a typical RV requests video i within the range rn in segment
n are given respectively by [47]

pCV
i,n = 1− e−2rnλ

CV
i , (4)

and

pRVi,n = 1− e−2rnλ
RV
i . (5)

The V2V channel between CVs and RVs is modelled as
a Rician-based line-of-sight small-scale fading [52]–[54]. The
channel capacity between CV a (a ∈ ΦCV

i ) and RV b (b ∈
ΦRV

i ) is therefore given by

Ca,b = W log2

(
1 +

P |h|2d−η
a,b

N0

)
, (6)

where W is the system bandwidth, η is the path loss exponent,
and da,b is the distance from CV a to RV b. Also, h denotes
the channel expressed as

h =

√
κ

1 + κ
ejθ +

√
1

1 + κ
ω, (7)

where κ is the Rician factor, θ is the random variable uniformly
distributed in the range [0, 2π], and ω is the complex Gaussian
random variable with a zero-mean and unit-variance CN (0, 1).

In this paper, we assume that within the given transmission
range rn, only one CV, which caches video i, is responsible
for serving the associated RV over D2D communications in
overlay mode [55], [56]. Based on (6) and in the worst case,
the capacity for transmitting video i to an arbitrary RV over
the maximum transmission range da,b = rn, is given by

Ci,n = pCV
i,n p

RV
i,nW log2

(
1 +

P |h|2r−η
n

N0

)
. (8)

Fig. 2. An example of caching placement in DC with hi = 5.

TABLE III. ZONES COVERED BY AN RU

Zones 1 2 3 4 5 6 7

dk(m) 25 30 40 60 40 30 25
Rk(Mbps) 1 2 5.5 11 5.5 2 1

2) V2V Transmission Time: We can see that the number of
RUs caching video i is given by

Ji =

⌊
N − 1

hi

⌋
+ 1, (9)

where the operator ⌊.⌋ is used to return the greatest integer
less than or equal to a given real number.

In other words, video i is cached in RU ni,j = hi(j−1)+1,
j = 1, 2, ..., Ji. Once the RVs move out of the coverage of RU
ni,j , the time to receive video i from the CVs in segment mi,j ,
mi,j = ni,j + 1, ni,j + 2, ..., ni,j + hi − 1, is given by

ti,mi,j
=

d

smi,j

. (10)

Fig. 2 explains (10) in case of hi = 5. We assume that there
is no transmission gap between two adjacent RUs. However, if
the caching radius hi is greater than 1 hop, there is a caching
gap between the two adjacent RUs which cache video i.

D. R2V Communications

1) R2V Capacity: To derive the R2V capacity, we apply
R2V transmission model given in [4]. In this model, the range
d covered by an RU is divided into K zones. The parameters
of zone k, k = 1, 2, ...,K, K = 7, are listed in Table III. The
capacity per RV requesting video i in zone k served by RU n
is given by

R
(k)
i,n =

{
0, if n ̸= ni,j ,
(1−pCV

i,n)pRV
i,kRk

Vi,k
, if n = ni,j ,

(11)

where pRVi,k and Vi,k are respectively the probability that a
typical RV in zone k requests video i from RU n and the
number of RVs requesting video i within zone k, expressed as

pRVi,k = 1− e−dkλ
RV
i , (12)

and

Vi,k = dkλ
RV
i . (13)
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Algorithm 1 Computing ti.
Input: ti

ti = 0
Output: ti

1: for j = 1 : Ji do
2: ni,j = hi(j − 1) + 1
3: for k = 1 : K do
4: if Si > 0 then
5: Si = Si − tni,j ,k(Ci,ni,j

+R
(k)
i,ni,j

)
6: ti = ti + tni,j ,k

7: else
8: break
9: end if

10: end for
11: for mi,j = ni,j + 1 : ni,j + hi + 1 do
12: if Si > 0 and mi,j ≤ N then
13: Si = Si − ti,mi,jCi,mi,j

14: ti = ti + ti,mi,j

15: else
16: break
17: end if
18: end for
19: end for

2) R2V Transmission Time: In addition, the transmission
time of RU n to serve the RVs in zone k, i.e., the so-called
average time to drive throughout zone k covered by RU n, is
simply computed as

tn,k =
dk
sn

. (14)

E. Average Service Time
The overall average service time for I videos, which is the

objective function to be minimized by finding hi and ρi, is
given by

T =

I∑
i=1

piti, (15)

where ti is the average time to cooperatively receive video i
from the CVs and the RUs presented in Alg. 1.

In Alg. 1, line 1 checks all the RUs, from the first to the last,
which cache video i. Line 3 to line 10 are used for transmitting
video i in different zones of the corresponding RU. If the
transmission is incomplete within the RU’s coverage, the CVs
take over and continue transmitting video i as the RVs move
beyond the RU (lines 11–18). It is noted that ti is cumulatively
added in line 6 and line 14 while the transmission of video i
is still ongoing (i.e., Si > 0).

IV. DPC OPTIMIZATION PROBLEM AND GA SOLUTION

A. DPC Optimization Problem
Based on the objective function (15) and by further taking

the constraint on the caching storage resource of RUs and CVs

Algorithm 2 GA for DPC.
Input: System and GA parameters in Tables IV

Gen = 1: Generation count
Output: T ∗

F (h
∗
i , ρ

∗
i )

1: Randomly generate
1) NP sub-strings {X(z)

1 }, z = 1, 2, ..., NP , each of I integer
optimization variables {hi}.
2) NP sub-strings {X(z)

2 }, each of I×PR bits to characterize a
set of I real optimization variables {ρi}, here PR is the number
of bits used to represent the precision of a real optimization
variable which is valued at 2PR quantization levels.

2: Compute NP fitness values based on (16) to have {T (z)
F }, i.e.,

T
(z)
F

(
X

(z)
1 , X

(z)
2,R

)
.

3: while TC does not hold do
4: Put {X(z)} = [{X(z)

1 }{X(z)
2 }] associated with T

(z)
F into the

mating pool for ranking.
5: Select NPG = NP × PG best individuals with lowest fitness

values by using stochastic universal sampling operator [57]
for breeding to obtain {X(t)} = [{X(t)

1 }{X(t)
2 }], t =

1, 2, ..., NPG.
6: Choose a pair of parents to create the offsprings by using

single point crossover with probabilities Pci and Pcr applied
to X

(t)
1 and X

(t)
2 , respectively.

7: Mutate the offsprings {Xt
1} and {Xt

2} respectively with prob-
abilities Pmi and Pmr by using complement operation so that
the positive genetic features probably lost in the previous steps
can be recovered to obtain {X(t),∗} = [{X(t),∗

1 }{X(t),∗
2 }].

8: Repeat step 2 to obtain T
(t),∗
F

(
X

(t),∗
1 , X

(t),∗
2,R

)
.

9: Reinsert {X(t),∗} and T
(t),∗
F into the present generation to

obtain the new sets of {X(z)} and T
(z)
F .

10: Gen = Gen+ 1
11: end while
12: Find the best fitness T ∗

F (h
∗
i , ρ

∗
i ) ∈ {T (z)

F

(
X

(z)
1 , X

(z)
2,R

)
}.

into account, the DPC optimization problem is formulated as

min
hi,ρi

T , (16a)

s.t. 1 ≤ hi ≤ N − 1,∀i, (16b)

SCR + SCV ≤ δN
∑I

i=1 Si, (16c)

where (16c) is used to limit the total storage consumption for
caching in both RUs and CVs with 0 < δ < 1, and SCR and
SCV are the caching storage resources consumed by RUs and
CVs, respectively computed as

SCR =

I∑
i=1

JiSi, (17)

and

SCV = τλd(N − 1)

I∑
i=1

ρiSi. (18)

B. GA Solution
GA has demonstrated strong capabilities in solving complex

optimization problems across various domains [58], ranging
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from communication systems [59]–[61] to VASs [62]–[65].
The key strengths of GA lie in its foundation on the evolu-
tionary principles of natural selection and genetic variation.
This enables GA to flexibly provide either exact or near-
optimal global solutions, regardless of whether the search
space is unimodal or multimodal. It means that GA excel at
escaping local optima by simultaneously exploring multiple
peaks in the search space [62], [63]. Thanks to its robustness,
adaptability, and powerful global search capability, GA has
become a widely adopted approach for solving real-world
complex optimization problems.

In this paper, we apply GA [57] to solve (16). However,
the problem is that GA supports only simple constraints in the
form of lower and upper bounds, such as (16b), but not more
complex ones like (16c). This problem is addressed by using
the penalty method [62]. To this end, we convert (16) into an
unconstrained optimization problem by reformulating (16c) as

∆S = δN

I∑
i=1

Si − (SCR + SCV) ≥ 0. (19)

Then, we derive the penalty function as

F = ρ
(
min{0,∆S}

)2
, (20)

where ρ is the constraint violation degree used to adjust the
degree of punishment if the individuals in GA violate the
constraints.

Finally, GA is capable of solving the following uncon-
strained DPC optimization problem

min
hi,ρi

TF = T + F. (21)

The detailed GA used to solve (21) is presented in Alg. 2. In
Alg. 2, the two integer and real optimization variables 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 X

(z)
1 and X

(z)
2 of individual z. It

is noted that for X
(z)
1 , a base-(N − 1) operation [57] is used

to generate the integers from 0 to (N − 2), and then added
by 1 to satisfy the constraint (16b). Furthermore, for X

(z)
2 ,

it is converted into real optimization variables X
(z)
2,R by using

the b2r operation [57]. GA is implemented by a sequence of
main operators including reproduction/selection, crossover, and
mutation, repeatedly until satisfying one of the two termination
conditions (TC) given as follows:
• The average penalty value per individual (F ) derived

from (20) is less than 10−3 in 10 consecutive genera-
tions.

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

It is evident that, as an adaptive heuristic search algorithm,
the complexity of Alg. 2 is directly influenced by the size
of search space (NP ) and the number of iterations (NG).
Meanwhile, the selected values of NP and NG can be large or
small, relying on 1) the scale of system (N and I), 2) the com-
putational complexity of objective function, constraints, and

TABLE IV. SYSTEM AND GA PARAMETERS

Symbols Specifications
N 25 RUs
K 7 zones [4]
I 10 videos
Si Uniformly random distributed from 10 to 200 (Mbps)
sn Uniformly random distributed from 30 to 60 (km/h)
rn Uniformly random distributed from 50 to 200 (m)
d 250m [4]
λ 0.025 vehicles/m
τ 0.2, 20% of VUs opt to act as CVs
δ 0.5, 50% of the total RU storage capacity is set as the upper bound

for combined caching by RUs and VUs
α 1, skewed popularity exponent among videos [8], [19]
η 4, path loss exponent [10]
κ 4, Rician factor [52]
P 0.1W
N0 10−9W
ρ 10−2, constraint violation degree properly determined based on

the approach proposed in [63]
NP 3000 individuals
NG 100 generations
PG 0.9, 90% of the individuals with the lowest fitness values are

selected for breeding
PR 5 bits, using 25 quantization levels to represent the real optimiza-

tion variable ρi in the range [0, 1]
{Pci, Pcr} {0.6, 0.8}, set to sufficiently high values to ensure effective

crossover and convergence
{Pmi, Pmr} {10−12, 10−10}, set to sufficiently low values to ensure effective

mutation and convergence

optimization variables in (16), and 3) the accuracy requirement
for VASs. In addition, the complexity of Alg. 2 depends on
the selection, crossover, and mutation operators. As a result,
it is generally of the order of O(NPNG) [59], [63].

Commonly, it is more feasible for Alg. 2 to be executed by
a single MBS, which then applies the DPC method across
all RUs and CVs. However, in a larger-scale system with
higher values of N and I , the main challenges in practically
implementing the DPC method are twofold. First, it becomes
difficult to collect the system information, such as the CSI,
required to formulate the DPC optimization problem. Second,
the complexity of Alg. 2 increases significantly. To address
these challenges, the number of RUs managed by an MBS
must be carefully determined based on the system scale and
the processing capability of the MBS. It is further noted
that if the requested videos are too large, as discussed in
Section III, multiple MBSs can cooperate to continuously serve
the RVs [25].

V. PERFORMANCE EVALUATION

A. Parameters Setting

The system and GA parameters are detailed in Table IV. To
evaluate the performance of DPC method, we compare it to
the other four schemes, including only caching in VUs (OCV)
[22], only caching in RUs (OCR) [20], DPC with average per
individual (DAV), and DPC with worst individual (DWO). In
OCV and OCR, PC and DC are separately deployed in VUs
and RUs and combined with the CoT technique, making them
equivalent to the approaches in [22] and [20], respectively, as
shown in Table I. Meanwhile in DAV and DWO, GA is applied
to DPC optimization problem, but instead of finding the best
individual as presented in Alg. 2, we find all the individuals
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that satisfy the constraints (16b) and (16c). Then, we compute
T in (15) w.r.t each individual. The overall average value of
T per individual and the highest value of T in all individuals
are obtained for DAV and DWO, respectively. Furthermore,
we force the OCV, OCR, DAV, and DWO to cache as much
storage as the DPC method does to ensure a fair comparison.

B. GA Convergence Evaluation
Fig. 3 plots the convergence rate of GA by computing the

values of Best, Mean, and Penalty in each generation. Best
represents the lowest fitness value associated with the best
individual, while Mean and Penalty stand for the mean of
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Fig. 5. Service time versus α.

fitness value and the mean of penalty value per individual.
The results in Fig. 3 show that GA gets converged from the
45th generation. In convergence situations, Mean equals Best
leading to the fact that all individuals are characterized by
the best genetic material. Simultaneously, Penalty decreases to
zero to satisfy the constraints.

In Fig. 4, we further investigate the stability and accuracy
of GA by carrying out it 100 tries w.r.t different population
sizes (NP). The stability of GA is realized in Fig. 4a) when
increasing NP from 1000, 3000, to 5000. The higher value
of NP we deploy, the higher stability GA achieves. The
higher stability provides more possibilities of accurate results
occurred, i.e., at T = 20s, within 100 tries. The accuracy
of GA is elaborated in Fig. 4b) by computing the maximum
(Max), average (Ave), and minimum (Min) values of 100 tries
for each NP. We can see that the value of Min (T = 20s) or
the accurate result of GA always occurs within 100 tries even
if the population size is very small (NP = 500). Increasing
NP provides more accurate results and thus lower values of
Ave and Max. However, we cannot deploy GA with a large
population size due to high time and memory complexity. In
this paper, the proper value of NP is 3000 at the elbow point
of Ave, which makes GA not only highly stable and accurate
but also able to achieve reasonable complexity.

C. DPC Performance Evaluation

1) Service time: We evaluate the performance of DPC
method and other schemes versus the skewed popularity expo-
nent α as shown in Fig. 5. As α increases, a smaller number
of videos become significantly more popular than the rest.
Therefore, more storage resources are utilized for caching the
most popular videos with higher caching probabilities in CVs
and lower caching radiuses in RUs to obtain shorter service
time. In this system, OCV plays a more important role in
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reducing the service time than OCR does. If α is too low
(α ≤ 0.4), i.e., all videos have the same or similar popularity,
it is difficult for DPC (a combination of OCV and OCR) to
outperform the pure OCV because OCR is extremely bad. It
is even impossible to make DPC equal to OCV due to the
fact that in Fig. 9, GA cannot completely eliminate the role of
such an extremely bad OCR from DPC by forcing the storage
consumption of DPC-CR (SCR) to be null and the storage of
DPC-CV (SCV) up to that of OCV. For the ease of deployment,
the system designers prefer OCV to DPC if α is low. However,
if α is high enough (α > 0.4), the combination of OCV and
OCR works well to make the DPC more efficient and thus it is
much better than the others schemes. Owning the advantages
of DPC, DAV and DWO provide lower service time compared
to OCV and OCR.

In Fig. 6, the performance is investigated versus the density
of VUs λ. For DPC, OCV, DAV, and DWO, they partially
or completely rely on PC, and thus the service time decreases
w.r.t the increase of λ. This is because increasing λ enables the
system to cache the videos in the CVs more successfully for
serving the RVs faster. The service time is reduced to a certain
saturated value due to the limits of (4) and (5). Obviously,
if λ is low (λ ≤ 0.0125), the PC-based DPC, OCV, DAV,
and DWO are not good and even worse than the OCR — an
alternate solution for low density of VUs. However, for OCR,
the service time gets higher w.r.t the increase of λ because of
the division of channel capacity according to the number of
RVs computed by (11). When λ is higher, it is important to
conclude that DPC always surpasses the other schemes.

Fig. 7 illustrates the service time performance versus τ ,
i.e., the percentage of VUs which are willing to act as the
CVs. We can easily reveal that the pure DC-based OCR keeps
unchanged due to the simultaneous decrease in the numerator
and denominator of (11) as τ increases. Meanwhile, the other
PC-based DPC, OCV, DAV, and DWO show that there is an
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optimal range of τ for achieving the minimum service time.
The optimal range of τ occurs when (4) and (5) are optimally
balanced to maximize (8) or minimize the service time. This
interesting finding provides a useful method to assign the
optimal percentage of VUs acting as the CVs to serve the
RVs with the fastest service time. In comparison, the proposed
DPC gains the best performance in terms of service time if τ
is high enough (τ ≥ 0.05). If τ is low (τ < 0.05), DPC
certainly approaches OCR, while the other OCV, DAV, and
DWO become worse than OCR.

2) Storage consumption: For storage consumption evalua-
tion, the total caching storage consumed by DPC method,
which includes caching in CVs (DPC-CV) and caching in RUs
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Fig. 9. Storage consumption versus λ.

(DCP-CR), is equivalently utilized by OCV, OCR, DAV, and
DWO to ensure a fair comparison. It is noted that because
DAV and DWO schemes are based on DPC method, the total
caching storage consumption of DAV (or DWO) similarly
includes DAV-CV and DAV-CR (or DWO-CV and DWO-CR).
Fig. 8 plots the caching storage consumption versus α. We can
see that in Fig. 8(a), the storage resources consumed by DPC
(DPC-CV and DPC-CR), OCV, and OCR are equivalent. This
also happens to DAV and DWO in the same manner of DPC
as shown in Fig. 8(b).

Similarly, Fig. 9 plots the caching storage consumption
versus λ. It can be seen that the storage resources consumed
by all DPC, OCV, OCR, DAV, and DWO are still equiva-
lent to ensure the fair comparison. Importantly, in Fig. 9(a),
DPC optimally allocates a consistent percentage of storage
consumption between DPC-CV and DPC-CR regardless of
increasing λ for the fastest service time. Meanwhile, in Fig.
9(b), the storage resources consumed by DAV and DWO
naturally change without any optimal storage allocation. DAV
and DWO can exploit more available storage resources of
CVs when λ becomes higher to provide faster service time
by increasing the storage consumption of DAV-CV and DWO-
CV but decreasing that of DAV-CR and DWO-CR.

Finally, we investigate the caching storage consumption
versus τ as illustrated in Fig. 10. The results in Fig. 10(a)
show that the optimal storage resources of DPC allocated to
caching in CVs and in RUs are realized more explicitly. If τ
is low (τ ≤ 0.07), the role of OCV is less important, thus
stimulating the role of OCR. As a result, the difference in
the storage consumption between DPC-CV and DPC-CR is
not as significant as that shown in Fig. 9(a). DAV and DWO
schemes in Fig. 10(b) are shown in a similar manner with DPC
method in Fig. 10(a). It is clear that when τ is sufficiently high
(τ > 0.07), the behavior of DPC, OCV, OCR, DAV, and DWO
in Fig. 10 becomes similar to those in Fig. 9.
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VI. CONCLUSION

We have proposed the DPC model for VASs in VANETs.
The DPC model exploits the advantages of DC and PC to
cache the videos in the stationary RUs and the dynamic VUs,
respectively. The combination of DC and PC enables the
cooperative video transmission from the RUs and the CVs
to serve the RVs efficiently. Furthermore, many features of
RUs (quantity), VUs (density and speed), videos (popularity
and size), CoT, and GA are studied to formulate the DPC
optimization problem for finding the optimal results of caching
radius and caching probability. The total caching storage
resources of RUs and CVs are considered as a joint constraint
in the DPC optimization problem so that the separated storages
consumed by DC and PC are properly balanced depending on
the situation of VANETs. GA is modified to deal with the
complexity of integer and real optimization variables of the
DPC problem. Consequently, simulation results are shown to
demonstrate the convergence, stability and accuracy of GA
and the benefits of DPC method in terms of minimum service
time while utilizing the storage resource. The key findings are
further discussed to provide deeper insights into the design of
edge caching techniques for VASs in VANETs.
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