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Abstract—In this article, we propose a cooperative edge caching
scheme, which allows vehicles to fetch one content from multiple
caching servers cooperatively. In specific, we consider two types of
vehicular content requests, i.e., location-based and popular contents, with different delay requirements. Both types of contents
are encoded according to fountain code and cooperatively cached
at multiple servers. The proposed scheme can be optimized by
finding an optimal cooperative content placement that determines
the placing locations and proportions for all contents. To this end,
we first analyze the upper bound proportion of content caching
at a single server, which is determined by both the downloading
rate and the association duration when the vehicle drives through
the server’s coverage. For both types of contents, the respective
theoretical analysis of transmission delay and service cost (including content caching and transmission cost) are provided. We then
formulate an optimization problem of cooperative content placement to minimize the overall transmission delay and service cost.
As the problem is a multi-objective multi-dimensional multi-choice
knapsack problem, which is proved to be NP-hard, we devise an
ant colony optimization-based algorithm to solve the problem and
achieve a near-optimal solution. Simulation results are provided
to validate the performance of the proposed algorithm, including
its convergence and optimality of caching, while guaranteeing low
transmission delay and service cost.
Index Terms—Cooperative edge caching, vehicular network,
differential content placement, ant colony optimization.

I. INTRODUCTION
ECENT development of vehicular technologies has led
to the era of autonomous vehicles, and both consumers
and government authorities are looking forward to autonomous
vehicles. Yet, it is challenging to meet the stringent requirements of autonomous vehicles solely based on the on-board
sensors in hazardous conditions, e.g., collision avoidance with
poor visibility [1]. Information exchange with external entities
is also necessary, such as hazard broadcasting and high-quality
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maps downloading [2]. In addition to driving-related applications, passengers also have strong demands for mobile applications in connected vehicles [3]. Newly developed vehicular
applications (e.g., in-car entertainment and mobile advertising)
require high-volume data transmission, imposing substantial
pressure on vehicular networks that solely rely on cellular networks to fetch data from the Internet. To improve the network
capacity, Heterogeneous Vehicular Networks (H-VNets) have
been proposed, in which both base stations (BSs) and roadside
units (RSUs) can provide network connections, resulting in
significantly reduced vehicular communication cost [4], [5].
Edge caching is proposed to reduce both the backhaul traffic
and the transmission time for high-volume data delivery [6]. To
facilitate content delivery, it is essential to develop a content
placement scheme for edge caching servers [7], considering
the intermittent connection of moving vehicles. In particular,
to satisfy the service delay requirements of the vehicles driving
through different edge nodes (e.g., RSUs), edge cooperation has
been introduced and the cooperative content placing scheme
has been proposed [8], [9]. However, as edge resources are
constrained, to adapt to the high mobility of vehicles, caching on
both vehicles and RSUs should be considered [10], [11]. Both
the cooperation among RSUs and the cooperation between RSUs
and vehicles have been investigated. However, as vehicular
connections are intermittent due to the limited coverage range
of edge servers, content downloading time can be unacceptable.
Within the interlaced coverage of multi-tier edge caching servers
(e.g., BSs and RSUs) in H-VNets, the cross-tier cooperation
among different servers can provide seamless connections to
facilitate content downloading. Meanwhile, within the overlapping coverage, differential communication features and caching
capacities of multiple servers are considered in content caching.
Hence, compared with cooperation between RSUs, a more finegrained content placement scheme is required, e.g., determining
the proportions of cached contents on multi-tier edge servers.
In addition, vehicle’s high mobility renders the design further
intractable, as it constrains the vehicular connection duration. A
precise vehicle mobility model is thus required for the connection duration analysis.
Besides, most existing works consider vehicular downloading
applications with a single quality of service (QoS) metric, such
as the delivery deadline or the downloading rate. However, the
QoS metrics for different applications are diverse [12]. For
instance, the safety-related vehicular applications call for low
latency, while entertainment services desire high throughput.
Therefore, different QoS metrics for two content services need
to be considered: 1) the location-based contents (e.g., HD map
downloaded for driving assistance applications), which require
a stringent downloading time, and 2) popular contents (e.g., live

0018-9545 © 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Waterloo. Downloaded on November 24,2020 at 03:24:11 UTC from IEEE Xplore. Restrictions apply.

10292

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 69, NO. 9, SEPTEMBER 2020

video streaming), which require to be delivered before a less
stringent service deadline. Moreover, through placing the contents on edge servers equipped with low-cost wireless resources
(e.g., WiFi), the cost of data transmission can be saved as well.
Due to the differential QoS metrics, the objective functions for
diverse services should be derived separately, and both cost and
QoS should be considered in the content placement problem
formulation. This lead to the high complexity of problem formulation and difficulty of multi-objective solution.
In this article, based on the H-VNets with multi-tier edge
caching servers (i.e., BS and RSU), a cooperative edge caching
scheme is proposed to accommodate the delivery services for
both location-based and popular contents. In particular, one content can be cached at multiple servers cooperatively. Considering
the cross-tier cooperation and vehicle mobility, the duration
of vehicles driving through the coverage of RSU and BS is
first analyzed, which determines the upper bound of vehicular
downloading time from a single server. To meet differentiated
QoS requirements, the content placement schemes of the two
services are designed respectively. For a location-based content
requiring minimal downloading time, the delay and service cost
for each possible content placement scheme are derived. For
popular content delivery with a service deadline, we analyze the
delay guaranteed minimum content placing requirement for all
possible caching modes, i.e., placing one content at both BS and
RSU, only at BS, or only at RSU. Accordingly, the service cost
is also derived for each mode.
Based on the theoretical analysis, a cooperative content placement problem is then formulated to jointly minimize the transmission delay of the location-based contents and the service cost
of both types of contents. The formulated problem turns out to
be an NP-hard multi-objective multi-dimensional multi-choice
knapsack problem (MMKP), and we propose an ant colony
optimization (ACO) based algorithm to solve it. Then, the finegrained cooperative content placement is obtained, including the
caching proportions of each content at different caching servers,
which can achieve a near-optimal performance in terms of delay
and service cost.
The contributions in this article are as follows:
1) Cooperative edge caching scheme – We propose a cooperative caching scheme, in which a vehicle in H-VNet can
fetch a content from multiple edge servers while driving
along the road. This cooperation among edge servers can
not only reduce transmission delay through seamless content delivery, but also save service cost by caching contents
in low-cost servers.
2) Theoretical analysis of delay and cost – We analyze and
derive the content transmission delay for two types of
contents. For location-based contents, given a content
placement scheme, we derive the delay under the vehicle
mobility and communication models, which can be optimized by determining an optimal content placement from
the available set. For popular contents with a specified
delay requirement, we analyze the delay guaranteed minimum content placing requirement for all possible caching
modes. Thus, the placement scheme of each popular content can be optimized by selecting an optimal caching
mode. Likewise, the service cost is also derived.
3) Cooperative content placement algorithm design – Based
on the delay and cost analysis, we formulate an optimization problem of cooperative content placement to
jointly minimize the delay and the cost, which turns out
to be a multi-objective MMKP. To solve the optimization

problem with low complexity, we devise an ACO based
algorithm, which can achieve a fine-grained cooperative
content placement with near-optimal performance.
The remainder of this article is organized as follows. We
review the related work in Section II and describe the system
model in Section III. The delay and cost of cooperative content caching are theoretically analyzed in Section IV, followed
by the cooperative content placement problem formulation in
Section V. In Section VI, we devise the ACO-based algorithm
to solve the optimization problem. Simulation results are presented in Section VII to demonstrate the performance of the
proposed algorithm. Finally, conclusions and our future work
are drawn in Section VIII. Important mathematical symbols are
listed in Table I, where V2I stands for vehicle-to-infrastructure
communication.
II. RELATED WORK
In this section, we review the related work in two categories:
the cooperative caching in vehicular networks and the cross-tier
cooperation enabled edge caching.
A. Cooperative Caching for Vehicular Network
Yao et al. predicted the probability of vehicles arriving at
different hotspots, and selected the vehicles with longer sojourn
time as caching nodes [13]. Then, the decision of content replacement is made, considering the file popularity. Zhao et al.
proposed to cache content at RSUs instead of on the vehicles, and
a mobility prediction based content prefetching mechanism was
proposed to improve content hit rate and reduce content delivery
latency [14]. The frequent disconnection between vehicles and
edge nodes makes it difficult to download the complete file
during one connection. Thus, coded caching strategies (e.g.,
maximum distance separable (MDS) code and fountain code
[15], [16]) are widely used, since they can improve the delivery
reliability/flexibility and cache utilization by dividing the files
into small fragments.
B. Cross-Tier Cooperation in Edge Caching
The cooperative caching in vehicular networks mainly focuses
on the cooperation between vehicular cloud and RSU cloud
[11], while the cooperative caching in mobile user networks
takes advantage of multi-tier cellular networks (i.e., macro-cell
and small-cell) [17], [18]. The caching strategy was proposed
by leveraging the cross-tier cooperation, including the vertical
cooperation between a macro base station (MBS) and a small
base station (SBS), and the horizontal cooperation between
SBSs [19]. Then, the mobile user can download its requested
content from one or several BSs that have cached the content. To
reduce the content provisioning cost and delivery delay, a cooperative caching strategy was designed, which considers content
placement at the centralized MBSs and distributed SBSs [20].
Most existing works on edge caching in H-VNets consider
the cooperation between edge caching servers (e.g., RSUs or
BSs) and vehicular caching nodes, instead of the cross-tier
cooperation between multi-tier servers (e.g., between RSUs and
BSs). The cooperation between MBSs and SBSs have been
widely investigated for mobile users in low-speed scenarios, in
which intermittent connection rarely happens within the course
of downloading one content. However, for vehicular users, the
high mobility poses challenges to the cooperation, considering
the frequent handover between different caching servers. Thus,
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TABLE I
SUMMARY OF MATHEMATICAL SYMBOLS

Fig. 1.

H-VNet system model.

to guarantee delay requirements and save costs for vehicular content delivery service, we focus on placing contents on cross-tier
caching servers cooperatively.
III. SYSTEM MODEL
A. System Overview
As shown in Fig. 1, we consider a highway multi-tier H-VNet,
including vehicular, RSU, and cellular tiers. For cellular tier, it
includes MBS and the backhaul link that connects to the Internet
and the remote server. To support the content delivery services
for vehicles, we develop a cooperative edge caching scheme for

the H-VNets with multi-tier edge caching servers (i.e., at MBS
and RSUs), in which one content can be cached at multiple
servers cooperatively. If the requested content has been cached
at the MBS and/or RSUs, it can be delivered to the vehicle by the
MBS and/or RSUs, depending on the trajectory of the vehicle
and the locations of cached contents. Compared with fetching
content from the remote server, downloading content from edge
servers can effectively reduce both delivery delay and cost. Due
to the mobility of vehicles, cooperatively caching one content
at multiple servers can further improve the caching efficiency,
where vehicles can download content when they drive through
the coverage area of edge nodes.
Without loss of generality, we focus on the coverage area of
one MBS, within which W RSUs are deployed along the road
using WiFi access technology. The coverage areas of different
RSUs are assumed to be nonoverlapping, and the communication ranges of RSU and MBS are denoted by DR and DB , respectively. Let W be the set of RSUs, i.e., W = {W1 , W2 , ..., WW }.
Let V be the set of N vehicles within the coverage of the MBS,
i.e., V = {V U1 , V U2 , ..., V UN }. MBS, RSUs, and vehicles are
equipped with caching capability, with the storage capacity
denoted by SM BS , SRSU , and SV U , respectively. A network
management controller is deployed at MBS, which collects
information from vehicles and edge servers and makes decisions
on content caching [21]. To proceed, the vehicle mobility model
and the communication model of H-VNet will be introduced,
followed by the content request and caching mechanism.
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B. Vehicle Mobility Model
We consider H-VNet with N moving vehicles requesting
file downloading services. We assume the arrival of vehicles
follows Poisson distribution with arrival rate λ, and the arriving
time interval between two adjacent vehicles, ΔT , follows an
exponential distribution, i.e., ΔT ∼ exp(1/λ) [22].
In our model, N vehicles are moving towards the same direction. To characterize the real highway environment, free driving
vehicles with speed constrained in [Vmin , Vmax ] are considered
[23], and the speed is updated periodically. In particular, consider
the time span is slotted with equal slot duration Δt, the speed
is updated at the beginning of each slot, and remains invariant
subsequently. The speed update of V Ui is
(1)
vi (t + Δt) = vi (t) + αi (t) · a · Δt,
where vi (t) is the speed of V Ui at time t, αi (t) ∈ {1, 0, −1}
is a uniformly distributed random parameter that represents the
adjustment of acceleration or deceleration, and a is a constant
representing the amount of speed variation [23].
This update process can be described as a state transition following Markov model, in which all available speed levels of vehicles are extracted as a set of ordered states with equal transition
probabilities. To describe the statistical characteristics of vehicle
mobility, we obtain the expectation, E[v] = (Vmin + Vmax )/2,
and the variance (V ar[v]) of vi (t) based on the analysis of the
state transition probability matrix,
n3 − 2n2 + 3n − 2 2
(2)
V ar [v] =
a ,
12n − 8
where n = (Vmax − Vmin )/2.
We consider the headway distance from V Ui to V Uj as a
directional variable D(t), which is positive if V Ui is behind
V Uj in the moving direction. A G/G/1 queue model is built to
predict headway distance, in which the queue length represents
the distance [22]. Given the initial headway distance, d0 , the
probability density function of D(t) at time t is
fD (x; d0 , t) = P r {x ≤ D(t) ≤ x + Δx|D(0) = d0 }


(x − d0 )2
1
. (3)
exp −
=
4V ar [v] t
4πV ar [v] t
C. V2I Communication Model
1) V2B Communication Model: If V Ui is served by the
MBS, the wireless transmission rate at t, denoted by RB,i (t), is


PT · L (Ri (t))
RB,i (t) = Bi (t) · log2 1 +
,
(4)
σ2
where Bi (t) is the allocated bandwidth for V Ui at time t, PT
is the transmit power density of the MBS, σ 2 is the additive
Gaussian noise power density, Ri (t) is the distance between
V Ui and MBS in kilometers at time t, and L(Ri (t)) is the path
loss between V Ui and MBS [24] given by
L (Ri (t)) = 40(1 − 4 · 10−3 · Dhb) log10 (Ri (t))
(5)
− 18 log10 (Dhb) + 21 log10 (f ) + 80dB + X,
where f is the carrier frequency in MHz, Dhb is the antenna
height of infrastructure in meters that measured from the average
rooftop level, and X in dB represents shadowing channel fading, which follows Log-normal distribution. Note that, vehicles
download content through orthogonal channels and the coverage
area of different MBSs along the highway are non-overlapping,

TABLE II
ADAPTIVE TRANSMISSION RATE OF WiFi ACCESS POINT [25]

so the interference is negligible in vehicle to MBS (V2B) communication model.
We assume the number of vehicles that enter and leave the
B
MBS are equalized, so we use N = 1 D
· NL to denote the
λ ·E[v]
number of vehicles in MBS coverage, where DB is the MBS
coverage range and NL is the number of lanes of the highway.
Considering the worst case that all the vehicles in the MBS
coverage request MBS access, we can get the lower bound of
L
RB,i (t) as RB,i
(t), where Bi (t) = B/N and B is the available
bandwidth of MBS. We use this lower bound to estimate the
L . Considering the fixed
average transmission rate of MBS as RB
relative location of MBS and the midpoint of highway, we
replace L(Ri (t)) by Ľ(x), where x is the distance from vehicle
to the midpoint, x ∈ [0, DB /2], it holds that


 DB /2
B
2
PT · Ľ(x)
L
· log2 1 +
RB =
dx.
(6)
DB 0
N
σ2
If the vehicle is connected to the Internet through MBS and
its wired backhaul link, the transmission rate is determined by
the backhaul link RW .
2) V2R Communication Model: The communication model
between vehicles and RSUs with WiFi access technology is
investigated in [25] as an adaptive vehicle to RSU (V2R) transmission model, in which the coverage area is divided into K
zones as shown in Fig. 1, and the transmission rate achieved
within the k-th zone is denoted as Rk . According to the IEEE
802.11b standard [26], K = 7 and the rates through the RSU
coverage is symmetric, which is given in Table II with the range
of each zone (dk ). To simplify the analysis, we consider a MAC
protocol that the connection time for all the vehicles within the
coverage is equally allocated, which means the transmission
rate of the k-th zone is equally allocated to the associated
vehicles. Therefore, the bit rate of V Ui at instant t is expressed
k
as RR,i (t) = NRk (t)
, where V Ui is driving through the k-th zone
at time t and Nk (t) is the number of vehicles in the k-th zone
at time t. Similar to MBS, the number of vehicles that enter and
leave the k-th zone are considered to be equivalent, so we use
Nk to replace Nk (t) in the following analysis.
Each RSU provides download service to all the vehicles
within its coverage, and the amount of data it can provide is
7
7


Rk
dk · R k
dk
TR =
·
,
(7)
Nk ·
=
E [v] Nk
E [v]
k=1

k=1

where the duration of V Ui staying in the k-th zone is estimated
by dk /E[v].
Assume that there is an admission control buffer with a
size of TR in each RSU, which stores the content that will be
downloaded by vehicles in its coverage. If a new request of a
vehicle is accepted, the requested content will be added to the
buffer. Then, during the content transmission, downloaded data
will be removed from the buffer. Thus, the admission decision of
each vehicle to the RSU can be determined by this buffer. When
a new request arrives, it will be accepted if there is enough buffer
space for the requested content. A vehicle can always download
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the content within the RSU coverage as long as the buffer is not
overflowed.
D. V2V Communication Model
When a vehicle requests for content download, it firstly
estimates the probability of successful transmission through
vehicle-to vehicle (V2V) communication, and then makes the
decision on downloading the content either from other vehicles
or from edge servers, e.g., the MBS or RSUs.
We consider the V2V communication on the DSRC spectrum
from 5.850 to 5.925 GHz. In particular, the physical layer
operation is specified by the IEEE 802.11p standard, while for
the MAC layer, the IEEE 802.11b DCF scheme is applied for
channel contention model. Given that the file size of requested
content by V Ui is Fi , the data amount, Aji , transmitted from
V Uj to V Ui during the time period of Td (Td > 0), can be
evaluated following [22]. Then, the successful probability of
transmitting at least Fi bits of data from V Uj to V Ui with the
time constraint Td is bounded by
P r {Aji ≥ Fi } ≥

[E (Aji ) − Fi ]2
V ar (Aji ) + [E (Aji ) − Fi ]2

,

(8)

where E(Aji ) is the mean of Aji , and V ar(Aji ) is an upper
bound of the variance of Aji . Both mean and variance are
dependent on the headway distance in (3). This successful
probability indicates whether the content can be downloaded
from neighboring vehicles within Td . For location-based content, Td is set to be proportional to the file size, representing
the average transmission delay through V2I connections. For
popular content, Td is set as the delivery delay requirement.
E. Content Request and Caching Model
1) Content Popularity Model: We consider two types of
contents that are requested by vehicles: popular contents (e.g.,
news and video service) and location-based contents (e.g., HD
map and local commercial information), denoted by PF and
LF, respectively. The location-based contents provide local information, which is always needed by the vehicles around the
location. For example, if an RSU is deployed near a shopping
center, the advertisements are very likely to be requested by
the vehicles driving into the RSU coverage. Thus, we assume
a vehicle may request for location-based content when it enters
the coverage of an RSU, which is dependent on the location.
Within the coverage of RSU Ww , there are Nw location-based
content files, and the sets of these files and the corresponding sizes are denoted by LF w = {LF1w , LF2w , ..., LFNww } and
Lw
SLw = {S1Lw , S2Lw , ..., SN
}, respectively. However, the rew
quest for popular content may be generated within MBS coverage, and the sets of all the M popular files and the corresponding sizes are denoted by P F = {P F1 , P F2 , ..., P FM } and
PF
SP F = {S1P F , S2P F , ..., SM
}, respectively.
Due to the features of LF contents, the file set for a vehicle is dependent on location. If a vehicle sends a content
request within the coverage of RSU Ww , an integrated file
set F w = {1, ..., Fw } is established as its overall content set,
consisting of LF w and P F. The number of files in F w is
denoted by Fw = M + Nw . If a vehicle sends a request at a
location not covered by any RSUs, which means the vehicle is
not going to request for a location-based content, the file set
F 0 = P F = {1, ..., F0 } is established for the vehicle, where
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F0 = M . All the file sets are constantly updated by adding
new files. For F j , j = 0, 1, ..., W , the corresponding file request
probability is P j = {Pj,1 , ..., Pj,Fj }, which follows Zipf-like
distribution [27]. The request probability of the k-th popular
content file can be calculated as
Pj,k = P rj ·

1
ks
Fj
1
n=1 ns

,

(9)

where P rj is the probability of vehicles sending the request
within RSU Wj if j = 1, ..., W or out of RSU if j = 0, Fj is the
number of files, k is the rank of popularity, s is the parameter
characterizing the skewness of the Zipf distribution.
2) Fountain Coded Caching: Due to the limited transmission
range of each edge caching server, it is difficult for the vehicles to
download the whole file within the coverage of one single server,
especially when the vehicles are with high speed or the size of
file is large. By employing coded caching, which divides one
content into separated coded packets, it has a higher probability
to successfully deliver a coded packet with smaller size within
one contact duration between the vehicles and the edge servers.
In our coded caching scheme, through random linear fountain
coding [16], each content is encoded into independent packets
with a size of l bits, which is fixed and equivalent for all contents.
If a content has a size of Kl bits, it can be recovered from any set
of K  encoded packets, where K  = K · K
d=1 z(d) is no less
than K, and z(d) can be calculated as follows
⎧1
S
d=1
⎪
K + K·d
⎪
⎪
⎨ 1 + S
d = 2, 3, ..., (K/S) − 1
K·d  
z(d) = d(d−1)
1
S
S
d = K/S
+
ln
⎪
⎪
d(d−1)
K
δ
⎪
⎩ 1
d = (K/S) + 1, ..., K
d(d−1)
(10)
√
where S = c · ln(K/δ) · K, and δ is the bound on decoding
failure probability after receiving K  packets. We set c = 0.2
and δ = 0.05 for the fountain code scheme [16].
IV. DELAY AND COST ANALYSIS FOR COOPERATIVE
EDGE CACHING
In this section, we perform the theoretical analysis of content
delivery delay and service cost under the cooperative caching
scheme. Particularly, we first elaborate on the workflow of
cooperative content caching and content delivery. Then, we
present the analysis of both location-based and popular contents,
considering the differential delivery requirements.
A. Cooperative Content Caching
Denoted by F = {1, 2, ..., f, ..., F }, the ground content set
consists of LF w and P F. The size of F is given by F =
M+ W
w=1 Nw . The data size of each file is represented by
the required number of encoded packets for data recovery,
S = {S1 , S2 , ..., Sf , ..., SF }. The caching capacities for each
MBS, RSU, and vehicle, SM BS , SRSU , SV U , are divided by
packet size (l bits) to make packet as the unit. Similarly, the
size of admission control buffer, TR , for RSU is modified to
packets.
Let the MBS and RSU Ww precache sfB (≤ Sf ) and sfRw (≤
Sf ) independent encoded packets of file f , respectively.
Considering the limited caching capacities of the MBS and
RSUs, the total number of packets cached by each server
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f
F
has to satisfy the constraint, i.e.,
f =1 sB ≤ SM BS and
f
F
f =1 sRw ≤ SRSU , w = 1, 2, ..., W . In addition to capacity
overhead, caching content also leads to a management cost. We
define the price of caching one packet at MBS as CPB , and
CPR for the RSU.

B. Content Delivery
If a target vehicle sends a content request, the request will
be processed by the controller. Based on content placement
and network access states, the controller makes the decision on
association and content downloading for the vehicle. Then, the
vehicle fetches the content following the instruction, including
how many packets should be downloaded from other vehicles
or edge caching servers.
PF content request can be raised by the vehicle at any locations within the coverage area of MBS. However, due to the
dependency between location-based popularity of LF content
and RSU coverage, the LF request can be raised by the vehicles
entering the coverage of RSU Ww . The request is processed by
the controller with the following steps:
1) Availability of V2V transmission – Check whether it is
possible to transmit the content through V2V connections.
Find the nearest vehicle holding the requested content
and calculate the successful V2V transmission probability
based on (8).
2) Availability of edge cached content – Obtain the list of
MBS or RSUs that simultaneously cache the requested
content and are available to the vehicle. Based on the
moving speed and the duration of request, the edge caching
servers (MBS and/or RSUs) that the vehicle will drive
through can be determined. For an RSU, if serving the
newly requested content makes its admission buffer overflow, the RSU should not be included in the list.
3) Access to the remote server – Make the decision on
whether the target vehicle needs to fetch content from the
remote server. Based on the total available cached content
in the list, if the vehicle does not get sufficient packets for
decoding by the transmission deadline, it will download
the content from the remote server regardless of which
connection is being utilized currently.
Next, we analyze the average download delay and cost for
the request, which are taken as performance metrics for content
placement scheme. Note that, content delivery through V2V connection is not considered when designing the content placement
scheme, because V2V transmission performance is not affected
by the content placement.
We assume contents held in the vehicles follow the file
popularity distribution. If the content is available from neighboring vehicles, the successful V2V transmission probability is
given by the lower bound in (8). Accordingly, the probability
that the vehicle downloads file f through V2I communication
(PVf 2I ) can be calculated. If the lower bound is higher than
a threshold ξ, the vehicle is arranged to download from the
other vehicles, PVf 2I = 1 − P r{Aji ≥ Sf }. Otherwise, the target vehicle needs to fetch content through V2I connections, i.e.,
PVf 2I = 1.

Fig. 2.

Flowchart of downloading content through V2I connection.

on the handover of data providers. Ntf denotes the number of
segments that the vehicle can get connected, which is determined
by the size and delay requirement of file f , and the list of edge
servers caching the file f . In addition, the duration of each segment is defined as Tnf , n = 1, 2, ..., Ntf and the downloaded data
volume in packets during Tnf is denoted as Snf , n = 1, 2, ..., Ntf .
Based on the analysis of V2R communication, a vehicle
can download the requested content from RSU Ww within the
coverage, once it successfully accesses to the RSU. Thus, if
the vehicle accesses to RSU Ww during the n-th segment, the
amount of downloaded data of the n-th segment is Snf = sfRw
and the transmission delay for each packet can be defined as
tfRw = Tnf /sfRw . If the vehicle accesses to MBS during the n-th
segment, the transmission delay for each packet can bedefined as

L , and the downloaded data volume S f = T f /tf ,
tfB = l/RB
n
n B
where · is the floor function.
If the remaining required data, s (packets), is less than Snf ,
which means the transmission will terminate during segment
Tnf , the transmission delay for remaining s can be calculated as
s · tfB or s · tfRw , depending on the n-th vehicle access server.
Otherwise, if s > 0 after the vehicle goes through all Ntf segments, the vehicle will download remaining data from the remote
f
server, and the transmission delay is Tn+1
= s · tfBL , where
tfBL = l/RW is the backhaul link transmission delay for each
packet. The delay D can be derived by the process shown in
Fig. 2. Considering the coverage ranges of RSU and MBS [23],
we deploy two RSUs along the highway as an example, but the
analysis method and the content placement scheme design can
be extended to scenarios with more RSUs.
For LF content downloading, the vehicle is expected to fetch
the content as soon as possible, so we evaluate the average
download delay and design the caching scheme to minimize the
delay. In order to evaluate the delay performance, we calculate
the mean of total content download delay for LF files (D),
the details are given in Appendix A. However, for PF content
downloading, the vehicle always prefers to download the content
within a latency requirement. We define three caching modes for
PF content: Mode 1 - only caching at MBS, Mode 2 - caching at
both MBS and RSUs, and Mode 3 - no packet cached at MBS or
RSUs. In Appendix B, for each mode, we evaluate the volume
of downloaded data before the deadline of data delivery, and a
content placement scheme is designed to ensure it is sufficient
for data recovery.
D. Cost Analysis of Content Delivery

C. Delay Analysis of Content Delivery
For a vehicle served by V2I connections, the transmission
process of file f can be divided into several segments depending

The cost of content service can be divided into two parts, the
cost of caching the content and the cost of transmitting the data
to vehicles.
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In terms of caching cost, the prices for MBS, RSU Ww caching
one packet are denoted as CPB , CPR , and CPB > CPR . Thus,
f
the caching cost for file f , CC
, is given by
f
= CPB · sfB + CPR ·
CC

W


sfRw .

(11)

w=1
f
The total caching cost is denoted as CC = F
f =1 CC , where F
is the total number of files.
In terms of data transmission cost, the prices for MBS, RSU
Ww and the remote server transmitting one packet are denoted
as T PB , T PRw , T PBL , and T PBL > T PB > T PRw . In order
to calculate the total transmission cost, numbers of packets
downloaded by vehicle through these three methods need to
f
be evaluated, which are denoted as T NBf , T NRf w , T NBL
,f =
1, 2, ..., F . In addition, the number of vehicles requesting file
f is N · Pf , where Pf is the probability of file f requested by
vehicle.
For the vehicle requesting file f ∈ LF w , it firstly downloads
the cached packets, then from the remote server if necessary,
f
thus we have T NBf = sfB , T NRf w = sfRw , T NBL
= Sf − sfB −
f
W
w
w=1 sRw , f ∈ LF .
For vehicle requesting file f ∈ P F, we first evaluate
the average download duration of each method, Hif , i ∈
{B, Rw , BL}, w = 1, 2, . . . , W , which can be determined by
f
DR
and handover duration sequences. Then, we can obtain its average number of downloading packets, T Nif =

min(Hif /tfi , sfi ), i ∈ {B, Rw , BL}, w = 1, 2, . . . , W .
Thus, the average transmission cost for file f , CTf , is given by

T Pi · T Nif .
(12)
CTf = N · Pf ·
i∈{B,Rw ,BL}
f
Then, the total transmission cost, CT , is CT = F
f =1 CT , where
F is the total number of files.
Based on (11) and (12), the service cost, including both the
caching and transmission cost, of all the files can be obtained. To
reduce the total service cost, popular contents need to be cached
at and transmitted from low-cost servers. In what follows, we
achieve a low-cost content placement scheme via solving an
optimization problem.

V. COOPERATIVE CONTENT PLACEMENT PROBLEM
A. Multi-Objective Cooperative Content Placement Problem
For each file, its content placement is denoted as sf =
= 1, 2, ..., W . With the objective of jointly minimizing service cost and delay requirement of content service,
the cooperative content placement problem can be formulated
as P1. Since the objective of popular content service is downloading before the deadline, mode-based content placement
schemes are designed for popular contents based on the delay
analysis in Section IV-C. In P1, the solution set for each popular
content consists of its mode-based placements, which guarantee
the delay requirements. For location-based contents, to achieve
minimal downloading delay, we consider D obtained from delay
analysis in the objective function. Meanwhile, the service costs
for both types of contents are considered, and jointly minimized
with the delay for location-based contents. In P1, (13a) and
(13b) are set to avoid redundant content caching for the MBS and
RSUs, (13c) and (13d) reflect the caching capacity constraints
(sfB , sfRw ), w
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of the MBS and RSUs, respectively, while (13e) is based on the
admission capacity discussed in (7).


(13)
(P1) : min D, CC + CT
{sf }

⎧ f
(13a)
⎪
⎪sB ≤ Sf , f = 1, 2, ..., F
⎪
f
⎪
⎪
≤
S
,
w
=
1,
...,
W,
f
=
1,
2,
...,
F
(13b)
s
f
⎨ Rw
f
F
(13c)
s.t.
f =1 sB ≤ SM BS ,
⎪
f
⎪
⎪ F
s
≤
S
,
w
=
1,
...,
W
(13d)
RSU
⎪
⎪
⎩ fF=1 Rw
f
N
·
P
·
T
N
≤
T
,
w
=
1,
...,
W
(13e)
f
R
f =1
Rw
In order to solve the problem, content placement design
should consider the tradeoff between content diversity, service
cost, and download delay. For the RSUs, if more packets for
one file (sfRw ) are cached, the vehicle can download each packet
with lower delay (tfRw ). Thus, larger sfRw contributes to faster
download rate for the vehicle, but it reduces the content diversity
of the RSU, resulting in a low cache hit rate. For the MBS, it
guarantees a high hit rate by providing a large access coverage whereby vehicles can fetch the content anywhere, but the
transmission cost of the MBS is higher than that of the RSU.
In addition, the intermittent connection during transmission
should be considered. For RSU transmission, the caching resource would be wasted if excessive packets of one file are
cached but only part of these packets can be downloaded for
vehicles within the RSU’s coverage.
To achieve the objective of PF and LF content delivery
services, we design content placement for these two types of
content in different ways. For LF content, the objective is a
joint minimization of delay and service cost. To minimize the
transmission cost, the LF file f ∈ LF w , w = 1, 2, ..., W should
be cached at RSU Ww , because RSU has a lower transmission
cost price than the MBS. However, the transmission delay of
RSU may be larger than that of the MBS for files with small
Sf . For PF content, the objective is to minimize the service cost
within the download latency constraint. Based on the analysis in
Section IV, given a delay constraint, the required caching data
placement is deterministic for each case. Then, the service cost
can be determined accordingly. Thus, the content placement for
PF content is simplified to a selection of caching mode.
Although the content placement principle is different for
PF and LF content, they share both the caching capacity and
access resources. Thus, a joint design of PF and LF content
placement is a requisite. Another challenge of this problem is
the cooperation, as the MBS and RSUs may cooperatively cache
different packets of one file. Therefore, the placement problem
has an unacceptable solution set, which causes the curse of
dimensionality.
1) LF Content Cooperative Placement Subproblem: The objective of LF content caching is to jointly minimize the transmission delay and service cost, considering the limited caching
capacity of both MBS and RSUs, and admission limitation of
RSUs. For f ∈ LF w , w = 1, 2, ..., W , since the delay, service
cost, required caching capacity, and access resources are determined by the content placement (sfB , sfRw ), w = 1, 2, ..., W ,
we build a matrix for each file to record the delay, service cost,
and required access resources. Note that, for f ∈ LF w , w =
2, ..., W , content transmission start under RSU Ww , so sfRw =
0, w = 1, ..., w − 1. To reduce the size of this matrix, the following principles are applied to build the matrix elements:
f
1) Avoid redundant content caching, sfB + W
w=1 sRw ≤
Sf ;

Authorized licensed use limited to: University of Waterloo. Downloaded on November 24,2020 at 03:24:11 UTC from IEEE Xplore. Restrictions apply.

10298

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 69, NO. 9, SEPTEMBER 2020

2) Satisfy the caching capacity constraint, sfRw ≤ SRSU and
sfB ≤ SM BS ;
3) Satisfy the admission capacity, N · Pf · sfRw ≤ TR .
Based on the principles, we get the matrix for file f ∈
LF w , in which each column represents a possible placement scheme. We use NCf to denote the number of possible content placement schemes for file f . Then, we calculate the average delay, service cost, and access resources for
each scheme. Given a placement scheme (sfB (n), sfRw (n)), w =
1, 2, ..., W, n = 1, 2, ..., NCf , the corresponding average delay
f
D (n) is calculated according to Section IV-C. The average serf
f
f
vice cost C (n) = CC
+ CTf , where CC
and CTf are discussed
in Section IV-D. The required access resources TRf w (n) =
N · Pf · T NRf w , w = 1, 2, ..., W . In addition, required caching
resources can be determined by the content placement scheme.
This matrix will be utilized as input information in the cooperative content placement algorithm.
2) PF Content Cooperative Placement Subproblem: Different from LF content, the objective of caching PF content is
minimizing the service cost with guaranteed delay. Based on
previous discussions, the content placement for PF content is
simplified to a selection of caching modes. We get the matrix for
file f ∈ P F , in which each column corresponds to one caching
mode. Firstly, for each mode n, based on latency requirement, we
determine its content placement scheme (sfB (n), sfRw (n)), w =
1, 2, ..., W, n = 1, 2, 3 (NCf = 3). Then, the average service
f
cost, C (n), and the access resources, TRf w (n), for each mode
f

are calculated. In addition, D (n) is set to 0 in accordance with
the LF matrix.

Dynamic programming (DP) is a widely used method to
solve the knapsack problem. However, DP is inefficient for
large scale problems due to the complex constraint calculation
and considerable state storage requirements, which is known
as the curse of dimensionality. In what follows, we propose a
content placement algorithm based on ACO to find near-optimal
solutions to the multi-objective MMKP. Furthermore, to evaluate
the gap between this near-optimal solution and the optimum, we
obtain a lower bound of the objective value by relaxing P2 to a
linear programming (LP) problem.
VI. ACO BASED ALGORITHM DESIGN
The ACO was first proposed as an approximate method for
solving complex optimization problems, inspired by how ant
colonies find the path from food source to the nest [28]. At the
beginning stage of foraging, the ants explore paths randomly and
leave pheromone when they move on the ground. The quantity
of pheromone is inversely proportional to the length of the path,
which means a shorter path has more pheromone. Then, the
ants can choose a path according to the pheromone, and they
always prefer the path with stronger pheromone. This is how
ants exchange information with each other through pheromone,
and find the shortest path cooperatively. Note that, heuristic
information, such as the potential gain of choosing a certain
step along the path, will be also used by the ants in addition to
pheromone. The problem formulated in P2 is a multi-objective
minimization problem, which can be solved by multi-objective
evolutionary algorithms (MOEAs). The concept of dominance
is widely used in MOEAs through establishing a non-dominated
solution. We will first introduce the concept of dominance and
non-dominated solutions, then present the dominance-based
ACO algorithm for cooperative content placement problem.
A. Non-Dominated Solution

B. Multi-Objective MMKP Formulation for Cooperative
Content Placement
The cooperative content placement problem P1 can be transferred to a multi-objective MMKP, as shown in P2, which is a
variant of the knapsack problem. There are F groups of items,
and the f -th group includes NCf items.
The objective function requires the joint minimization of delay and service cost, where xf,n is a binary variable representing
the designed content placement scheme for file f , and xf,n = 1 if
scheme n is selected, and xf,n = 0 otherwise. Due to the limited
resources, 2W + 1 constraints are considered in P2, including
the caching capacity of MBS in (14b) and RSUs in (14c), and
admission limitation for RSUs in (14d).
⎛
⎞
f
f
NC
NC
F 
F 


f
f
(P2) : min ⎝
D (n) · xf,n ,
C (n) · xf,n ⎠
{xf,n }

⎧
⎪
⎪
⎪
⎪
⎪
⎨
s.t.

⎪
⎪
⎪
⎪
⎪
⎩

f =1 n=1

f =1 n=1

(14)
f
NC

n=1
F
f =1
F
f =1
F
f =1

xf,n = 1, xf,n ∈ {0, 1} , f = 1, 2, ..., F ;
f
NC
n=1
f
NC
n=1
f
NC
n=1

sfB (n) · xf,n ≤ SM BS ;
sfRw (n) · xf,n ≤ SRSU , w = 1, ..., W ;
TRf w (n) · xf,n ≤ TR , w = 1, ..., W.

(14a)
(14b)
(14c)
(14d)

Consider a multi-objective minimization problem with n objectives (g = {g1 , g2 , ..., gn }) and m decision variables (x =
{x1 , x2 , ..., xm }). Thus, the solution can be denoted by x and its
corresponding objective vector is g(x). Based on the definition
in [29], if x1 is not worse than x2 in any objective and strictly
better than x2 in at least one objective, the solution x1 is
defined to dominate x2 . If a solution is not dominated by any
other solutions, it is defined as a non-dominated solution. The
corresponding objective points of all non-dominated solutions
form a front in the objective space, which is the Pareto optimal
front [30]. Thus, the multi-objective minimization problem can
be solved by finding the non-dominated solution set, which is
also the set of Pareto optimal solutions.
B. Dominance-Based ACO Algorithm
In order to find the solution to P2, we propose a dominancebased ACO algorithm, which optimizes multiple objectives by
combining dominance with the ACO. Multiple objectives and
dominance are incorporated in the following phases:
1) Pheromone update: The pheromone is updated every
iteration, including general pheromone evaporation and
additional pheromone that is incrementally deposited by
the selected solutions from the non-dominated set;
2) Definition of pheromone and heuristic information:
Pheromone and heuristic information are used by ants
to make probabilistic decisions at each step. Due to the
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multiple objectives, pheromone and heuristic information
can be stored in multiple matrices, each of which corresponds to one objective. Since the ant has to aggregate
the pheromone/heuristic matrices when making the decisions, we calculate a weighted sum of multiple matrices
to aggregate multiple objectives.
C. Dominance-Based ACO Content Placement Algorithm
Consider an ant colony with XA ants, each ant has the
capability of constructing a feasible content placement scheme.
After all XA ants constructing their schemes, the non-dominated
content placement scheme set, ND, can be updated, in which the
delay and cost for each newly established scheme are compared
with the schemes in current ND to determine the updated
non-dominated scheme. Then, based on ND, we can update the
pheromone matrix to simulate the evaporation and accumulation
of pheromone, and the updated pheromone will be used during
the next iteration. The proposed algorithm terminates after XI
iterations.
A set of pheromone vectors [τf,1 , τf,2 , ..., τf,N f ], f =
C
1, 2, .., F are built at the initialization stage, and each element
is set to be τmax , which is the upper bound of pheromone value.
At the end of each iteration, the pheromone vectors are updated.
First, in order to simulate the pheromone loss caused by evaporation, all elements are decreased by multiplying (1 − ρ), where
ρ ∈ [0, 1]. Then, based on the updated non-dominated scheme
set, all the pheromone values of elements (f, n) (selected by the
scheme xi , xi ∈ ND) are increased by multiplying (1 + γi ). γi
describes how good the performance of xi , i.e.,
F (xi )
,
(15)
γi =
xj ∈ND F (xj )
where F(xi ) = 1/(WD · D(xi ) + WC · C(xi )) is the performance evaluation function of the scheme (i.e., the reciprocal of
weighted summation of delay and service cost after applying
the scheme xi ), and WD and WC are the weights for delay and
service cost, respectively.
Therefore, the update of pheromone follows

τf,n (t + 1) = τf,n (t) · (1 − ρ) ·
(1 + γi ) , (16)
xi ∈NDf,n

where τf,n (t) is the pheromone value in the t-th iteration, and
NDf,n ⊆ ND is the subset of non-dominated schemes that
contains the choice of (f, n). Thus, the pheromone value τf,n
represents how good the performance achieved by the element
(f, n) in previous iterations, which can be used to guide the
selection for the next iteration.
In order to balance the exploitation and exploration (i.e.,
selecting the known good-performance scheme and choosing the
under-explored schemes), we set the upper and lower bound of
pheromone value as τmax and τmin , respectively. This can avoid
the ACO algorithm entering a stagnation situation by bounding
the level of exploration. A pseudo-random proportional rule is
also used in content placement construction for balancing exploration and exploitation. With the exploitation probability q0 , the
ant selects the content placement scheme with the best potential
performance; otherwise, the decision is made probabilistically,
where the probability of a scheme being selected is proportional
to its potential performance.
In terms of heuristic information, we combine the two objectives (delay and service cost) together as a weighted sum.
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In addition to the objective functions, heuristic information
ηf,n (representing the preference of mode n is chosen by the
file f ) also depends on the resources (including caching and
admission) consumed by this choice. The ratio between the
consumed resources and the remaining resources is defined as
RCf,n , which represents the tightness of selecting mode n on
resource constraints.
 f

W
f

SRw (n) TRf w (n)
SB
(n)
+
+
. (17)
RCf,n =
RSM BS w=1 RSRw
RTRw
Then, ηf,n is calculated as



f
f
ηf,n = 1/ WD · D (n) + WC · C (n) · RCf,n . (18)
From (18), if the mode achieves better performance (i.e., lower
weighted summation of delay and cost) and consumes less
resource (i.e., lower RCf,n ), then ηf,n will be higher.
Probabilistic decisions are made by ants to construct a content
placement scheme. For file f , the ant first finds out its feasible
mode set Of , which are determined by resource constraints, (i.e.,
the remaining caching and admission resources are sufficient for
mode n ∈ Of ). After that, the probability of selecting feasible
mode n is
pf,n =

β
α
τf,n
· ηf,n
l∈Of

α · ηβ
τf,l
f,l

,

(19)

where τf,n and ηf,n are the updated pheromone and heuristic
information, respectively, and α and β determine the impact of
pheromone and heuristic information on the decision.
It has been proved that, when applied to combinatorial optimization problems, ACO algorithms can achieve the best performance in conjunction with random local search method [31].
Starting from an initial solution, local search method tries to
find an optimal solution within the predefined neighborhood
of the initial point. Since ACO algorithms perform a rather
coarse-grained search for the optimal solution, quality of the
solutions can be enhanced with the aid of local search. The
initial solution is the content placement scheme produced by
each ACO iteration, then it can be locally optimized through
local search. Since the pheromone is utilized by following ACO
iterations, its update based on the locally optimized solutions
will have a long-term impact on the performance.
The proposed ACO algorithm for solving P2 is described in
Algorithm 1, and the ant constructs content placement scheme
following Algorithm 2.
VII. PERFORMANCE EVALUATION
In this section, we first evaluate the convergence performance
of the proposed algorithm. Then, we compare the caching performance, including the average delay and the service cost, of
our algorithm with the benchmark methods.
A. Simulation Setup
In our simulation scenario, 2 RSUs are deployed in the coverage of one MBS along the highway. For V2R communication,
the setting of RSU follows [23], and the transmission rates for
each zone are shown in Table II. The configurations of V2B
and V2V communication follow the 3GPP standard and [22],
respectively. The detailed parameters of V2B communication
and vehicle mobility are given in Table III.
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TABLE IV
PARAMETERS OF FILES AND CACHING CAPACITIES

To evaluate the service cost of caching and transmission,
we set the price of caching at MBS and RSU to be 0.3 and
0.5, respectively, and the price of transmission to be 0.8, 0.5,
and 1.5, corresponding to the MBS, RSU, and backhaul link,
respectively. In addition, we set the equal weights of delay and
service cost in the objective function, i.e., WD = WC = 0.5. In
our simulation results, we use cost to represent this weighted
summation of delay and service cost.
We compare the proposed cooperative content placement
scheme (denoted by coop) with two benchmark methods. In
noncooperative caching scheme (denoted by noncoop), there is
no cooperation between MBS and RSUs, which means a file can
be cached at either MBS or RSUs. In greedy caching scheme
(denoted by greedy), PF and LF files are greedily cached at MBS
and corresponding RSUs based on file popularity, respectively.
Then, we compare the caching performance of our algorithm
with the lower bound achieved by the LP method (denoted by
LP). Comparing P2 and its linear relaxation (P3), we can see
that the feasible solution set of P2 is a subset of the feasible
solution set of P3 [32]. Thus, the solution to P3 can be used as
the lower bound for the solution to P2.
Linear relaxation can be achieved by replacing (14a) with
(20a), shown at the bottom of this page. Multiple constraints
are combined in (20b), shown at the bottom of this page, where
ωB , ωRS , and ωRT are surrogate multipliers for MBS caching,
RSU caching, and RSU access resources, respectively, which
are positive real numbers. These multipliers can be obtained
through the method proposed in [32], and they can be seen as
the shadow price of its related constraint in the relaxation.

TABLE III
PARAMETERS OF SYSTEM MODEL

B. Simulation Results

The files requested by the vehicles are classified as three sets,
i.e., P F and LFw , w = 1, 2. We consider the same data size
for files belonging to one set and their packets are encoded by
fountain code. To analyze the impact of different file size and
caching capacity, we conduct simulation under several cases,
as shown in Table IV, both file size and caching capacity are
in the unit of packet and s is the parameter characterizing
the skewness of Zipf-like popularity distribution. These cases
represent varying proportions of PF and LF files (by changing
the size of LF files) at different levels of caching capacity.
⎛
(P3) : min ⎝WD ·
{xf,n }

⎧
⎨
s.t.

⎩

f
NC
n=1
F
f =1

f

NC
F 

f =1 n=1

⎞

f

f

D (n) · xf,n + WC ·

NC
F 


We first illustrate the convergence of the proposed method.
Then, we evaluate the performance of the proposed algorithm via
both numerical results and Monte Carlo simulation results. Furthermore, the impacts of caching capacity resource allocation,
weight parameters, and file set on the performance are analyzed.
Caching performance is evaluated by the value of the objective
function in P3, a lower value reflects a better performance.
1) Convergence Performance: For the ACO-based cooperative content placement algorithm design, the number of ants
has an impact on the convergence. We can observe from Fig. 3
that how the convergence speed changes with the number of
ants, i.e., 10, 30, and 50. Both ACO with and without local

C (n) · xf,n ⎠
f

(20)

f =1 n=1

xf,n = 1, xf,nc ∈ [0, 1] , f = 1, 2, ..., F ;


f 
NC
f
f
f
W
xf,n ≤ ωB SM BS +2ωRS SRSU + 2ωRT TR
n=1 ωB · sB (n)+
w=1 ωRS · sRw (n)+ωRT · TRw (n)
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Fig. 5.
Fig. 3.
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Performance changing with weights: (a) delay weight; (b) cost weight.

Convergence speed.

Fig. 6. Performance changing with file parameters: (a) popularity skewness
s; (b) cost; (c) computation complexity.
Fig. 4. Performance changing with caching capacity: (a) MBS caching; (b)
total caching; (c) service cost performance; (d) delay performance.

search are simulated with file assumption following Case 1 in
Table IV. Since the convergence of ACO is mainly dependent
on the number of solutions generated, i.e., number of ants ∗
number of iterations, more iterations are required if we use
fewer ants, as shown in Fig. 3. In addition, we can also observe
that the ACO algorithm with local search (denoted by ACO+LS)
achieves a much better result than ACO without local search,
due to the effectiveness of local optimization. In our following
simulation, we set the number of ants to be 30 and run the ACO
algorithm with local search for 35 iterations, which is sufficient
to achieve the convergence.
2) Impact of Caching Capacity: The total caching capacity
is defined as the ratio of total capacity, i.e., the summation
of caching capacities at MBS and RSUs, to the total size
of PF and LF files. To study how caching capacity affects
the performance, we consider both the proportion of different
edge caching servers’ caching capacity and the amount of total
caching capacity. We use the setting of Case 2 in Table IV.
In Fig. 4(a), the total capacity is fixed at 0.78, and the
proportion of MBS varies from 0.05 to 0.9. With an increased
proportion of MBS caching capacity, the performance keeps
improving until the MBS proportion reaches over 0.7. Due to
the limited admission resources of RSU, the bottleneck of RSU
caching performance is admission resources when the MBS
proportion is under 0.7 (i.e., RSU proportion is over 0.3). In this
region, more caching resources should be allocated to the MBS
to improve the caching resource utilization efficiency. However,

if the MBS proportion is over 0.7, increasing the MBS proportion
will cause a slight performance degradation, which is caused
by the higher transmission cost of MBS compared with RSU.
Thus, the optimal performance can always be achieved at the
point where caching and admission resources for one RSU are
matched.
We show the impact of total caching capacity in Fig. 4(b). For
each point, the performance is the best value that can be achieved
by the specific total capacity. When the total capacity grows from
0.56 to 1, the performance improves by 33%. The average service
cost (i.e., (CC + CT ) divided by the data volume of transmitted
PF and LF contents) and delay (i.e., D divided by the data
volume of transmitted LF contents) for the vehicle downloading
through V2I are evaluated in Fig. 4(c) and 4(d) respectively,
where we compare the numerical results (coop, LP) and the
Monte Carlo simulation results (Test). In both subfigures, the
numerical results of the proposed algorithm are slightly higher
than the lower bound from the LP method. With the increase
of caching resources, more files can be precached at MBS and
RSUs, hence less data is transmitted through backhaul link,
saving both service cost and downloading time. In addition, the
Monte Carlo simulation results show similar trends to the numerical results, so we can design the caching scheme according
to the numerical analysis.
3) Impact of Weight Parameters: Since the total cost is a
weighted sum of the service cost and delivery delay, the weights
influence the preference between different files and caching
servers. In Fig. 5(a), we compare how the performance of
different methods change with delay weight, keeping WC = 0.5.
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We use the setting of files and caching capacity as Case 3 in
Table IV. Without cooperative caching between MBS and RSUs
for LF files, it leads to a higher cost than that of the cooperative
caching method. Since the greedy method prefers to cache the
PF files at MBS, it has the largest cost with high delay weight.
This is because vehicles have to download the low-popularity LF
files, that are not cached by both the RSUs and MBS, through the
backhaul link. The service cost weight of PF file also affects the
performance, as shown in Fig. 5(b). Since the greedy method
has a fixed priority of caching, its performance is degraded
when weight parameters change. However, the proposed method
can adapt to variable weights, which keeps the small gap with
performance lower bound obtained by the LP method.
4) Impact of File Parameters: In order to analyze the impact
of file popularity on performance, in Fig. 6(a), we plot the performance as a function of parameter s of popularity distribution
in (9), using the setting of files and caching capacity as Case 2 in
Table IV. We observe that the performance of caching improves
as s increases. This is because popularity distribution becomes
more skewed towards higher popularity contents, and these
contents are given more priority during the resource allocation.
If the distribution becomes more skewed, the resources allocated
to high popular contents will be utilized more efficiently, which
can improve the performance. From Fig. 6(a), we also obtain
that the performance achieved by the proposed ACO-based
algorithm and the lower bound from the LP method is very
close, indicating that the ACO-based algorithm can achieve the
near-optimal solution.
To evaluate the scalability of the content placement algorithms, we design the content placement scheme for an increased
number of files. On the basis of Case 3 in Table IV, we scale
up the number of files and caching capacities, and compare
different content placement algorithms in Fig. 6(b). Compared
with the LP method, the proposed cooperative algorithm always
achieves near-optimal performance, while the performance gap
for the noncooperative method is increased with larger file set.
This means the noncooperative method suffers performance
degradation for large file sets. Without cooperation between
the MBS and RSUs, there are less feasible content placement
schemes for the noncooperative method, which leads to lower
computation complexity than the cooperative method, as shown
in Fig. 6(c). For the cooperative algorithm, due to the polynomial
relationship between computation complexity and the number
of files, its efficiency and scalability are verified.
VIII. CONCLUSION
In this article, based on a multi-tier H-VNet, we have proposed a cooperative caching scheme to improve content delivery

services for connected vehicles. Considering the differential
delivery requirements for location-based and popular contents,
a cooperative content placement algorithm has been devised
to reduce both the transmission delay and the service cost.
We have evaluated the convergence speed of the proposed algorithm, and demonstrated that it can effectively improve the
overall performance. Besides, the robustness of the algorithm
has been validated under various parameter settings. For the future work, we will further investigate the inter-layer cooperation
among terrestrial and aerial caching servers to further enhance
the system performance in terms of coverage, reliability, and
robustness.

APPENDIX A
DELAY ANALYSIS OF LF CONTENT DELIVERY
Since content of LF w is requested right after the vehicle
enters coverage of RSU Ww , the duration of vehicle staying
in each RSU is determined by its average speed and the RSU
coverage range, i.e., TRw = DR /E[v]. According to Fig. 1,
the time duration under the MBS can be divided into three
segments, denoted by TB1 = DM1 /E[v], TB2 = DM2 /E[v] and
TB3 = DM3 /E[v].
For f ∈ LF 1 , its content placement scheme is [sfR1 , sfR2 , sfB ].
Without loss of generality, we classify the caching states into
four types, based on the caching conditions of two RSUs (i.e.
sfRw > 0 or sfRw = 0, w = 1, 2). The effective transmission time
segments for MBS and RSU can be defined correspondingly.
For instance, if sfR1 > 0 and sfR2 > 0, we have T1f = TR1 , T2f =
TB1 = TB2 , T3f = TR2 , T4f = TB2 = TB3 , where TBn means the
duration of VU accessing to MBS at the n-th time slot. The
n
volume of 
downloaded
 data from MBS during TB is denoted

by sfB,n = TBn /tfB . For f ∈ LF 2 , since file only needs to be
cached at RSU W2 and MBS, there are two types of caching
states (i.e. sfR2 > 0 or sfR2 = 0).
In addition to the connection duration and transmission rate,
the number of packets downloaded during the n-th time segment, Snf , n = 1, 2, ..., Ntf , is bounded by the content placement
scheme, [sfR1 , sfR2 , sfB ]. Based on the time segments sequence
and the content placement, the average transmission delay of
f
file f , D , can be calculated following the content downloading
f
process shown in Fig. 2. Here, we calculate the D in the case
of caching file f , f ∈ LF 1 , at both RSUs as an example, shown
as (21), shown at the bottom of this page.

⎧
S · tf
⎪
⎪
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⎪
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f
f
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⎪
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⎪
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if sfR1 ≥ Sf



else if sfR1 + min sfB,1 , sfB ≥ Sf


else if sfR1 + min sfB,1 , sfB + sfR2 ≥ Sf


else if sfR1 +min sfB,1 + sfB,2 ,sfB +sfR2 ≥ Sf
else
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TABLE V
HANDOVER DURATION SEGMENTS

In order to evaluate delay performance, we calculate the mean
of total content download delay for LF files (D)
⎤
⎡
w
f ∈LF
W


 
f
⎣
(22)
N · Pf · PVf 2I · D ⎦ ,
D=
w=1

where N · Pf · PVf 2I is the average number of VUs fetching file
f
f
, SR
, and
f through V2I connection. Through optimizing SR
1
2
f
, we aim to minimize D for LF services.
SB
APPENDIX B
DELAY ANALYSIS OF PF CONTENT DELIVERY
We assume that the number of vehicles driving into the
coverage follows Poisson process and PF contents are requested
according to content popularity. Thus, the locations where vehicles raise the request and start the transmission are uniformly
distributed within MBS coverage. We consider the file download
f
, and evaluate the average
latency requirement for file f as DR
f
f
as SD
.
data volume that can be downloaded during DR
The content placement scheme for file f , f ∈ P F, is
[sfR1 , sfR2 , sfB ]. Without loss of generality, we classify the caching
states into four types, the possible handover locations for vehicles can be demonstrated by a duration sequence for handover
segments in Table V, the duration of each segment is defined
as Hnf . Different from LF, since the PF transmission may start
at any location, the time segment is not fixed for each case.
Thus, we calculate the average Tnf for each case, considering
Nf

f
t
latency constraint, n=1
Tnf = DR
, where Ntf is the number of
segments that the vehicle can go through. To guarantee successf
for all possible
ful file transmission, we should make sure SD
combinations of time segments are larger than Sf , so we need
f
. Based on the handover
to calculate the minimum value of SD
duration sequences in Table V and the content placement, the
minimum downloaded data volume for file f within the delay
constraint can be calculated for each case.
To evaluate the minimum downloaded data volume within
f
, we need to compare transmission rates between the MBS
DR
and RSU Ww (w = 1, 2) to determine the worst case. To compare with RSU Ww , the average MBS transmission delay
(tfM,Ww ) of each packet can be calculated as the weighted
average of tfB and tfBL


sfB · tfB + max sfRw − sfB , 0 · tfBL


tfM,Ww =
.
(23)
sfB + max sfRw − sfB , 0

Fig. 7.

Illustration of possible combinations of handover segments.

f
The minimum SD
corresponds to the download data volume
of the worst case, which is defined as vehicle downloading from
edge caching server with the lowest transmission rate, following
by higher ones. We build a tree diagram to obtain the possible
f
. In Fig. 7,
combinations of handover segments, with a given DR
we set a child node as the extension of its parent nodes. Then,
each path from a layer 1 node to the last layer node is a possible
f
. The tree
segment combining process to achieve a given DR
diagram with 5 layers illustrates the handover for Case 4. Since
there are 3 segments, (H1f , H2f , H3f ), for Case 2 and Case 3,
a 3-layer tree diagram can be built accordingly. For instance,
the green line in Fig. 7 represents a possible combination of
handover segments for Case 4, when the ascending order of
transmission time for one packet follows W1 > W2 > MBS. The
order indicates the worst case is downloading from RSU W1 , so
f
> H2f , the vehicle can drive
the path starts from H2f . If DR
out of the coverage of W1 during the service, so it can extend
to layer 2, i.e., (H2f − H3f ). Since the transmission from RSU
W2 is more time consuming than MBS, the extension directs
f
> H2f + H3f + H4f ,
to H4f , i.e., (H2f − H4f ) of layer 3. If DR
we consider the combination of all handover segments, i.e.,
f
with the length of each
(H1f − H5f ) of layer 5. We compare DR
node in one path from layer 1 to the last layer, the first node
f
is one possible combination for transmission
longer than DR
segments, which determines the specific transmission pattern.
All possible combinations can be found by searching paths in
the diagram. Next, we need to calculate the downloaded data
volume of all possible transmission patterns and find the required
[sfR1 , sfR2 , sfB ] for successful transmission.

A. Case 1
If sfB > 0, a vehicle firstly downloads content from caching
server at MBS, then from the remote server if necessary. Otherwise,
the vehicle directly downloads from the remote server. If

f
DR
/tfB < Sf , file f cannot be successfully downloaded for
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this content placement case regardless of the value of sfB . Otherwise, file f may be successfully downloaded, which depends
f
≥ sfB · tfB as the necessary
on sfB . Since sfB ≤ Sf , we have DR
condition for successful transmissions.



f
f
(24)
= sfB + DR
− sfB · tfB /tfBL .
SD
f
In order to guarantee successful transmission, we let SD
≥ Sf ,
f
then we can obtain the required sB .


f
DR
tf
f
s B ≥ Sf + 1 − f
(25)
· f BL f
tBL
tBL − tB
f
≥ Sf · tfB .
where DR

B. Case 2 and Case 3
For Case 2, vehicles can download content from caching
server at the MBS or RSU W2 , then from the remote server if necessary. If tfR2 ≥ tfM,W2 , the worst case is that vehicles download
from W2 as much time as possible, so the segments combination
f
lead
path is (H2f → (H1f + H2f + H3f )). Different ranges of DR
f
to different transmission patterns. For each pattern, the SD can
be estimated, then the required sfR2 and sfB can be obtained.
f
≤ H2f
1) Pattern-1 – W2 : if DR


⎧
f
f
⎨ SD
= DR
/tfR2
(26)
f
⎩sf ≥ Sf · Hf2 , sf ≥ 0
R2
B
D
R

H2f

f
DR

≤
≤
2) Pattern-2 – W2 & MBS: if



⎧
f
f
f
f
f
⎨SD = sR + DR − H2 /tB
2
⎩ s f ≥ Sf + 1 −
R2

f
DR
−H2f
tfB

, sfB ≥

sfB

·

tfB

f
DR
−H2f
tfB

+

H2f
(27)

f
3) Pattern-3 – W2 & MBS & backhaul: if DR
> sfB · tfB +
H2f



⎧
f
f
⎨ SD
= sfR2 + sfB + DR
− H2f − sfB · tfB /tfBL

⎩ sf + sf ·
R2
B

tfBL −tfB
tfBL

≥ Sf + 1 −

f
DR
−H2f
tfB

(28)
If tfM,W2 ≥ tfR2 , the worst case is that vehicles download
from the MBS as much time as possible, so the segments
combination path is max(H1f , H3f ) → max(H1f , H3f ) + H2f →
(H1f + H2f + H3f ). The analysis of the required sfR2 and sfB is
similar to the case of tfR2 ≥ tfM,W2 .
f
, we first find the possible transmission
With a given DR
patterns for the worst case considering two possible relationships
of tfM,W2 and tfR2 . Then, we get the required sfR2 and sfB . For
f
and analysis of the required sfR1
Case 3, the estimation of SD
and sfB are similar to Case 2.
C. Case 4
Vehicles can download content from caching server at the
MBS or RSU W1 , W2 , then from the remote server if necessary.
By sorting tfR1 , tfR2 , and tfM,Ww in ascending order, we get
the edge server order for the worst-case path. There are six
possible paths for different orders. Two examples of segment

combination paths are given as follows, in which Path-1 (green
line) and Path-2 (red line) are shown in Fig. 7. The corresponding
transmission pattern path for each segment combination path
can be obtained, we use WwW and WwP denote vehicle driving
through whole or part of RSU Ww .
1) If W1 > W2 > MBS:
H2f → (H2f − H3f ) → (H2f − H4f ) → (H1f − H5f )
Pattern:
W1P → W1W + M BS → W1W + M BS +
P
W
W2 → W1 + M BS + W2W ;
2) If W2 > MBS> W1 :
H4f → (H3f − H5f ) → (H2f − H5f ) → (H1f − H5f )
Pattern:
W2P → W2W + M BS → W2W + M BS +
P
W
W1 → W2 + M BS + W1W .
Then, we can calculate the required content placement for
guarantee of successful transmission.
Different from LF content caching, the objective of PF content placement is to satisfy latency requirements rather than
to achieve the lowest download latency. Thus, when design
the caching scheme for file f ∈ P F with specific latency requirement, the required content placement scheme for it is
[sfR1 , sfR2 , sfB ], which can be obtained by the lower bound of
content placement for each case.
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