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Abstract—In order to mitigate the performance degradation
of intermittent vehicular network caused by traffic mobility and
sporadic connectivity issues, Vehicular Content Centric Network
(VCCN) has been proposed to apply many technologies in
Content Centric Network (CCN) into vehicular ad hoc networks.
The open in-network caching stragegy of CCN enables sharing
and coordination of the cached data among multiple nodes as an
efficient data access without relying on remote fetching. Nonethe-
less, few studies have considered the effective use of overall cache
capacity with these cooperative nodes, especially the issues of
cache duplication. Furthermore, most content replacement po-
lices have ignored the needs of cooperative contents when making
cache decisions. In this paper, we design a novel Cooperative
Caching scheme by using Mobility Prediction and Consistent
Hash for VCCN (called CCMPCH). Specifically, based on the
observation that vehicles with the same trajectory are more likely
to maintain stable communication links, we adopt Prediction
by Partial Matching (PPM) to forecast each vehicle’s path and
cluster the vehicles with similar future path, moving direction
and moving speed into one group. In each cluster, the consistent
hash algorithm is used to allocate contents among cooperative
nodes, thereby reducing unnecessary cache duplication while
maintaining strong content availability. A popularity-based cache
replacement policy is also developed to prioritize cooperative
contents. We evaluate CCMPCH via extensive simulations, which
demonstrate its higher cache hit ratio, shorter content access
delay, and lower hop count compared to other state-of-the-art
schemes.

I. INTRODUCTION

VEHICULAR Ad-hoc Network (VANET) is an important
component of Intelligent Transportation System (ITS),

consisting of vehicles and Road Side Units (RSUs). Besides
improving road safety, VANET is expected to offer com-
merce, information, and entertainment services to drivers and
passengers [1]. Natural movement of vehicles causes rapidly
changing topology, and short lived links between vehicles.
Therefore, traditional TCP/IP protocol based on the static
topology is unsuitable for VANET without the ability of
dealing with its frequent link disruptions. Besides, vehicles
usually maintain communication over the Dedicated Short-
Range Communications (DSRC) based on IEEE 802.11p
standard, which provides a limited communication bandwidth.

Interestingly, recent studies have shown a surprising cor-
relation among interests from different users, leading to the
concept of content caching in local regions to support users’
requests and reduce the average bandwidth consumption, giv-

ing rise to the so-called Vehicular Content Centric Network
(VCCN) by emerging CCN into VANET [1][2][3], In CCN
or VCCN, there are usually two types of message exchanges:
content request packet (called “Interest”) and content return
packet (called “Data”). Users send Interests requesting for spe-
cific contents without knowing target addresses. Such Interests
are then forwarded within a limited scope either in time or
in number of hops (time-to-live) with all intermediate nodes
helping to forward them. Data packets will eventually be sent
back to the requesting users. Each node in the forwarding
path of the Data packet can decide whether to cache it based
on its cache policy. Consequently, an efficient in-network
caching strategy will be needed in order to make this approach
successful.

Figure. 1 VCCN Network Model

Caching schemes in CCN can be classified into non-
cooperative caching and cooperative caching ones [4]. In
non-cooperative caching, each CCN node decides its cache
replacement policy independently, which may lead to problems
of frequent cache updates, cache redundancy, etc. For example,
the same content may be cached among multiple nodes in
close proximity, causing low cache utilization. Cooperative
caching, conversely, allows the content sharing and buffer
resource coordination among multiple nodes, mitigating the
deficiencies of non-cooperative caching. Cooperative nodes
can further support off-path caching under the control of a
centralized manager [5][6] or on-path caching by caching
Data packets along the forwarding path of the corresponding
Interest [7][8][9].

Due to vehicle mobility, off-path caching is not suitable



where a centralized manager must be determined to take
charge of maintaining the cache state of the network. Still, ef-
ficiency of current cooperative caching schemes remains very
low, mainly due to the difficulty of identifying the best nodes
to cache popular contents [10][11]. Though [11][12][13][14]
made use of the past trajectory information of vehicles to pre-
dict their future moving paths in order to select the appropriate
caching nodes, they have not considered how to allocate the
cooperative contents between these nodes. The main issue is
that nodes mostly consider popular contents independently and
there lacks coordination among themselves. To improve the
cache hit ratio and reduce content retrieve delay, the total
cache space in the network must be utilized efficiently and
in a collective fashion. In order to address these challenges,
we incorporate mobility prediction and consistent hashing into
our design of a new content caching scheme with mitigating
cache duplicates. Our design is called Cooperative Caching
scheme based on Mobility Prediction and Consistent Hash
(CCMPCH). The main contributions of this work include:

(1) We propose a novel cooperative caching strategy with
the integrated consideration of bridging centrality as well
as the vehicular moving pattern. Vehicles are clustered
based on their path predictions, current moving direc-
tions, and speeds. Nodes with higher bridging centrality
tend to be elected as the cooperative caching node.

(2) We are the first to perform consistent hashing on co-
operative caching nodes to allocate different contents to
improve the storage utility within the same cluster and
avoid the cache duplication among the adjacent nodes.

(3) We design a popularity-based caching replacement pol-
icy by combining the need for cooperative contents and
the local distribution of Interests. A preference constant
is introduced in popularity calculation on cooperative
contents to raise their priority in the cache decision.
We then optimize the preference constant to achieve the
lowest average hop count for successful retrievals.

(4) CCMPCH is compared with other state-of-the-art coop-
erative caching techniques through extensive simulation-
s. The results show that CCMPCH outperforms others
in terms of cache hit ratio, access delay, and hop count.

The remainder of this paper is organized as follows. In
Section II, we discuss the related work. The detailed design
of the CCMPCH scheme is presented in Section III. In Sec-
tion IV, we derive an analysis of the hop count based on a so-
called preference constant β. We evaluate the performance of
CCMPCH in Section V and conclude the work in Section VI.

II. RELATED WORK

Our review of related work consists cooperative content
caching and consistent hashing.

Cooperative Content Caching: We further divide cooper-
ative caching schemes into ones without a central-controlled
node and those with a central-controlled node.

Cooperative caching schemes without a central-controlled
node can collaborate to complete content distribution within
all the mobile nodes. A caching scheme for Mobile Ad

Hoc Network (MANET) was first proposed in [15], where
the network was divided into several regions and clusters
of mobile devices residing in each region. The cluster head
was responsible for distributing contents within the cluster
members. In [16], K-nearest method was used to cluster
neighbors by adjusting content placement and cluster size
to balance content diversity and spectrum efficiency. A set
of network central locations were chosen to cache contents
based on a probabilistic selection metric, which could be easily
accessed by other nodes [17][18]. In [19], the demands for
documents were not restricted to specific application messages
but they were codified into the messages when the path to the
server was being searched. Furthermore, these messages could
provide useful information about potential localizations of the
documents. In DPC [10], each vehicle independently decided
its caching strategy by taking into account three factors, the
received Interests, its centrality in the network, and its moving
direction. Game theory was adopted to determine optimal
cooperators and the size of cached data in [20]. In [21], an
edge caching scheme was proposed to make full use of the
limited storage space for edge nodes.

Since vehicles are expected to move, their mobility pattern
should be used in cache consideration [12][13][14]. In [11],
a clustering algorithm was proposed to establish and maintain
vehicle clusters based on the prediction of future moving path
and link expiration time, with each cluster head responsible for
content distribution. Social attributes were exploited to design
content caching strategy and determine cooperative nodes in
mobile ad hoc networks [22][23].

A central-controlled caching scheme was proposed for
MANET [24], where a pre-fetch manager was designed to
evaluate the popularity index of the data. If the popularity in-
dex was lower than a threshold, its space would be released to
cache popular contents. Suno et al. [25] proposed a cooperative
caching invalidation scheme along with its enhancement for
VANET, where both a server and location management agent
coordinate for cache invalidation. A server asynchronously
sends an individual report to a home agent rather than blindly
broadcasts to vehicles. The agent could distribute the report
to appropriate gateways, which can answer the validity of
the queried data item to reduce the unavoidable query delay.
Similarly, the gateways in different regions also cooperated to
maintain the invalidate contents so as to reduce the query delay
for urban vehicles in [26]. A central-controlled caching scheme
was proposed for VANET [27], where each RSU maintained
the cache list of all vehicles in its domain and helped to
forward requests. A centralized approach was presented in
which the base station computed an estimate of the popularity
profile based on the requests observed during the time interval
and this estimate was used to optimize the caching probability
for the terminals in its region.

None of the above related works can achieve a balance
for content duplication and cache availability. Any caching
node mobility may disrupt the delicate caching structure of
the entire system. Instead, we propose the use of consistent
hashing in order to ensure a strong balance between content



duplication and cache availability, as well as lower traffic
overhead even when caching nodes move around.

Consistent Hashing is a distributed hashing scheme that
operates independently of the number of servers or objects in
a distributed hash table. It was first proposed in [29] for web
caching to map items to servers. Because it can achieve load
balance and fault tolerance, most solutions based on consistent
hashing focus on file allocation in distributed storage system-
s [30][31][32][33]. To reduce time delay of processing data
and improve the efficiency of cloud computing, a clustering
algorithm based on the principle of minimum distance was
proposed to store user-based and item-based data [34]. In [35],
routers are grouped into multiple autonomous systems and
then consistent hashing is applied in each system.

III. COOPERATIVE CACHING BASED ON MOBILITY
PREDICTION AND CONSISTENT HASHING (CCMPCH)

In this section, an overview of our algorithm is provided
first. Then, our CCMPCH scheme will be introduced in detail
including cluster division in all the vehicles, content allocation
among the cooperative nodes, and design of cache replacement
strategy.

A. Overview

Our VCCN model in Figure. 1 consists of connected
vehicles and RSUs. Each vehicle can communicate with its
neighbors via vehicle-to-vehicle communication or connect to
an RSU via vehicle-to-infrastructure communication within
its wireless communication range. RSUs are connected to
each other via wired communication and are preloaded with
different contents. A pull model is adopted to disseminate
contents in VCCN. A vehicle first sends an Interest containing
the required content name and broadcasts it to its neighbors.
The Interest can be stored, carried and forwarded by vehicles
or RSUs for at most time-to-live (TTL) seconds until the
interested content is reached. Each RSU also acts as a gateway,
responsible of forwarding Interests to other RSUs if the
corresponding contents are unavailable in the local region.

Each vehicle is assumed to maintain three data structures
described in Table I, Content Store (CS) to cache popular con-
tents, Pending Interest Table (PIT) to keep track of forwarded
Interests, and Vehicle Information Table (VIT) to record its
neighbor information. Each RSU only maintains CS and PIT.
When a node receives an Interest, it will first search the
requested content name in its CS and reply with the Data
packet if there is a hit. Otherwise, the vehicle will record the
requested content name in PIT and update the corresponding
counter for popularity calculation. When receiving a Data
chunk, each node will decide whether to cache it based on
its own replacement policy.

The CCMPCH scheme consists of three modules: clus-
ter generation, content allocation, and cache decision, as
illustrated in Figure. 2. In the cluster generation, RSU is
responsible for grouping vehicles with the most common
attributes including moving direction, moving speed and future
trajectory into the same cluster and choosing core nodes to

perform cooperative caching. In the content allocation, we
apply consistent hashing to distribute contents within the core
nodes. In the cache decision, we design the popularity-based
cache replacement policy to make cache decision.

Figure. 2 Architecture of our CCMPCH Scheme

B. Cluster Management

Working with mobile nodes, our clustering algorithm must
be able to deal with cluster dynamics caused by join-
ing/leaving vehicles, while maintaining link stability of co-
operative caching nodes. First, we list the frequently used
notations in Table II.

TABLE I: Three Data Structures

(a) Content Store

Notation Description

ci The i-th cached content
Ni Content name of ci
ξi Popularity value of ci

(b) Pending Interest Table

Notation Description

Ii Counter of requests for ci in the current time slot

(c) Vehicle Information Table

Notation Description

Listn A list recording its neighbors
Listclu A list recording its cluster members
Listcore A list recording core nodes of its cluster

TABLE II: Notations

Notation Description

vk The k-th vehicle
lm The m-th grid in location
L Trip sequence of a vehicle.
gn The number of core nodes in a cluster
Rv Vehicle communication range
RR RSU communication range
µ Duration of each time slice
r Rank of content popularity



1) Cluster Formation: Vehicles are divided into clusters
based on their future trajectory, moving speed, and moving
direction. In order to model vehicular mobility patterns and
obtain accurate predictions, we adopt discrete geographical
regions instead of infinite continuous locations [36][37]. As
shown in Figure. 3, a road network can be divided into multiple
grids. Coordinates of each vehicle can be discretized and
converted into the corresponding grids. Each grid may cover
several roads or even no road depending on the actual city
map. A trip sequence is formed with a set of grids to record
the trajectory of a vehicle, L = {l1, l2, ..., ln, ...}, where ln
refers to the n-th grid.

Figure. 3 Grid Division and Mobility Prediction

First, we use Prediction based on Partial Matching (PP-
M) [38] to make the mobility prediction.

Step 1: Based on a vehicle’s trip sequence, a trie is con-
structed in Figure. 4, where each node except the root includes
two symbols, the n-th grid ln and a counter representing the
number of times that ln appears in all subsequences. Each
element ln and its context form a trip path. If the path has
not appeared before, it will be added into the trie. Otherwise,
all the counters along the path will be incremented. For the
given sequence {l5, l2, l3, l4, l2, l3, l8, l2, l3, l8}, l3 occurs two
times as the leading element with {l3, l4, l2}, and {l3, l8, l2}
which will be added into the trie. Obviously, there are two
sub-branches on the third branch of the tree. Similarly, there
is only one branch of {l2, l3, l8} in this tree, though {l2, l3, l8}
occurs two times in the trip sequence.
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Figure. 4 Trie Constructed by Trip Sequence

Step 2: Given the grid lm−1 in the last slice and lm in
the current slice, we predict lm+1 where the vehicle is the
most likely to go in the next slice if {lm−1, lm} can be
parsed in the trie. For instance, given {lm−1, lm} = {l2, l3},
the probabilities of l4 and l8 being lm+1 are 1/3 and 2/3
respectively according to the second branch in Figure. 4.
Therefore, l8 is the predicted location, which is shown as an
example in Figure. 3.

Step 3: The grid with the highest probability is selected
as the predicted grid whose center coordinate is set to be the
predicted coordinate v̂k for the vehicle vk.

Then, we determine the cluster head as follows:
Step 1: Within its communication range, each RSU chooses

the vehicle with the highest bridging centrality as the initial
cluster head. Bridging Centrality is defined as a measure of the
extent to which a node controls over the information flowing
among neighboring nodes. For a vehicle vk,

bk = dk ·
|Sk|
|S|

, (1)

where dk is the degree of vk, defined as the number of
neighbors that are connected to itself, S is the set of all
possible paths among all neighbors, and Sk is the set of paths
in S that go through vk (therefore, Sk ⊆ S). The |Sk||S| term in
Eq. (1) is the so-called Betweenness Centrality for each node.
To reduce the complexity of centrality calculation, we only
take one-hop neighbors into consideration.

Step 2: If multiple nodes possess the same bridging central-
ity, RSU will calculate the average physical distance from each
node to all its neighbors. The smaller the average distance, the
more compact the node with its neighbors. The node with the
smallest average distance will be chosen as the cluster head.

Each RSU assigns each vehicle in its coverage into the
nearest cluster head while ensuring that the physical distance
between each node and its cluster head is within the commu-
nication range before and after a time slot. If a vehicle lies
in an overlapping area of multiple RSUs, it will choose the
nearest RSU to be its unique RSU.

To maintain stability between cached contents and caching
nodes, each RSU will choose half of all nodes in each cluster
to serve as cooperative caching nodes or core nodes in the
descending order of bridging centrality, because a node with
higher bridging centrality can keep relatively stable relation-
ship with other nodes.

2) Cluster Adjustment: Due to the vehicle mobility, it often
occurs that a vehicle leaves its old cluster and joins a new
cluster. When a node finds itself disconnected from all nodes
in its original cluster, it will declare itself an orphan node
and request the nearest RSU to assign itself to a new cluster.
As soon as receiving such request, the RSU will assign
it into the nearest cluster whose cluster head satisfies the
mobility similarity requirement. When a cluster head departs,
the corresponding RSU will select a core node with the highest
bridging centrality to act as the new head. The leaving of core
nodes will be processed in a similar fashion. As more vehicles
join a cluster, the original number of core nodes may be less
than 1/4 of the total member, which means the number of
nodes is about twice as the original number. In this case, RSU
will split the members into two clusters.

C. Content Allocation by Consistent Hashing

In order to avoid cache duplication among the adjacent
nodes, we adopt consistent hashing on core nodes in each



cluster to allocate different contents1. Though the basic hash
function has been widely used for this purpose, it is not
consistent and creates unbalanced loads [35]. In basic hash,
nodes in a group are used as buckets and modulo of the hash
value is taken with respect to the total number of nodes.
Each node stores the received Data packets based on its
given label from the output value. One member’s leaving
or joining the group can abruptly change these modulus
values. In this case, modulo hashing becomes inconsistent
and most of nodes must be re-assigned new labels and cache
updated. Consequently, this leads to high traffic overhead as
new contents are transferred between nodes. Compared with
the basic hash function, consistent hashing can achieve load
balancing and avoid the modulo operation for all members in
case of a member joining/leaving the cluster [35].

Suppose integers from 0 to 232 − 1 form a hash ring. In
consistent hash, each core node is mapped into a unique
integer which can identify the node’s position on the ring.
Similarly, the global content names are mapped to integers
so that each content has a unique position on the hash ring.
In fact, the contents are allocated to the closest core node
following clockwise direction along the hash ring, forming a
many-to-many mapping between contents and nodes. Further,
a certain number of virtual nodes will be inserted on the hash
ring to achieve cache balance [39].

We take Figure. 5 as a simple example to illustrate the
content allocate process. There are 6 nodes including three
physical nodes v1, v2 and v3 and their corresponding virtual
nodes v′1, v

′
2 and v′3. 6 contents from c1 to c6 are also mapped

on the hash ring. As introduced before, c1 should be allocated
to the closest node v′3 in clockwise direction. Because v′3 is a
virtual node, c1 should be allocated to the corresponding real
node v3. When v3 leaves the cluster, RSU will determine an
actual node along the ring until c1 is assigned. When the Data
packet of c1 arrives at the designated node, this node will
decide whether to cache it based on its cache replacement
policy. However, the cached contents in the other members
still remain the same.

Figure. 5 Consistent Hashing with Virtual Nodes

By following the above steps, each core node as a cooper-
ative member will be pre-allocated some contents. Generally,

1When a node receives a content, the content will only be cached on one
node in the cluster, not on several different nodes. Only the number of packets
delivered is increased in the process of caching a content, and it does not
occupy more cache space.

we divide the cached contents into two categories, cooperative
contents and non-cooperative contents. The contents mapped
to a node from the computation of consistent hashing are called
cooperative ones, while the other contents are non-cooperative.
For example, c4 and c5 are cooperative contents for v1. Similar
to CCN, VCCN also suits pull-based applications where a
given content is transmitted on demand in reply to an Interest,
even though the content might be available from multiple
providers [1]. To improve the storage utility, we should try to
cache more cooperative contents under the same measurement
metric such as the total number of requests in one time slot.
In the next section, we will introduce a preference constant to
give the cooperative contents higher priority in order to make
them remain longer in the buffer.

D. Popularity-based Cache Replacement

We use content popularity as an effective measure for
making caching decision. In this section, we present our
popularity-based cache replacement algorithm in detail.

We define an interest Counter Ii for recording the requests
on ci. As a new Interest on ci is received, both Ii and a total
interest counter A will be incremented. Each node calculates
the content popularity ξi of ci as follows,

ξi ⇐ (1 + β · 1(ci))

[
λ
Ii
A(t)

+ (1− λ)ξi

]
, (2)

where 1(ci) returns 1 if ci is a cooperative content and 0
otherwise, so that preference constant β > 0 could be added
into multiplier to increase the weight of cooperative contents.
A(t) is the total number of interests arrived in time slot t, t
is the current time slot. And we further use the rate between
the request number of ci and the total number of all requests
to suggest the frequency of requests on ci. λ is time average
constant to suggest weight decrease of former popularity. E-
q. (2) is used to compute the comprehensive content popularity
whenever it is necessary to perform cache replacement. The
content popularity values are sorted in descending order and
whether to cache a content is dependent on its popularity value.
When the buffer is full, those contents with lower popularity
values will be replaced.

When receiving a request, if the desired content is already
cached, the content will be directly returned. Else if the request
is over TTL, it will be discarded. Else if the request is within
its TTL, it will be forwarded to the neighboring vehicles.
For occasion of receiving a content, if the node buffer is not
full, the content will be directly cached. Otherwise the node
should first find the mapping node of the content according
to consistent hashing. If the content is a cooperative content
for the node, we add preference constant to improve content
popularity. Then the cached content with the lowest popularity
will be replaced, or the new coming content will not be cached
when it possesses the lowest popularity. Following the above
steps, each node tends to cache more cooperative contents so
as to reduce cache redundancy between nodes and avoid the
overhead of transferring contents between nodes.



IV. ANALYSIS

We optimize the preference constant β in this section. Our
optimization is to achieve the lowest average hop count for
successful retrievals.

Generally, there are three ways to retrieve data for any node:
local buffer (L), core nodes in its cluster (C), or non-core nodes
(N). The hop count for retrieving from local buffer is zero. The
hop count for retrieving from its cluster is one, while retrieving
from non-core nodes can take multiple hops. The average hop
E[h] to get any content is calculated as follows,

E[h] = Pr(C) + Pr(N)h(N), (3)

where h(N) is the expected number of hops when data is
retrieved from non-core nodes, and Pr(C) and Pr(N) represent
the probability that the content is retrieved through C and N,
respectively.

In order to make our analysis more tractable, we assume
that content requests follow the Zipf’s Law distribution [40],

f(r;α, θc) =
1/rα∑θc

n=1(1/nα)
, (4)

where θc is the number of contents, r ∈ {1, 2, · · · , θc} is the
rank of a content, and α is the exponent characterizing the
distribution. We define two ranking thresholds r1 and r2 in
the following way. Each caching node only caches cooperative
contents ranking higher than r1 and non-cooperative contents
ranking higher than r2. These two thresholds are defined
such that the comprehensive popularity of the least popular
cooperative content and non-cooperative content should be the
same,

ξ̄ = ξ2 = (1 + β)ξ1, (5)

where ξ1 is the popularity value of the least popular coopera-
tive content and ξ2 is that of the least popular non-cooperative
content. After some simple rearrangement of Eq. (5), we have
the cooperative to non-cooperative content ratio r1/r2 in any
core node,

r1
r2

= (1 + β)1/α. (6)

If ω is denoted as each caching node’s capacity (i.e. the
number of contents each caching node can cache), there
are roughly r1

r1+r2
ω cooperative contents and r2

r1+r2
ω non-

cooperative contents in each core node. We assume that
cooperative contents have no duplicates, while non-cooperative
contents may duplicate among different nodes. For a cluster
including gn core nodes, the total number of distinctive
contents in each cluster can be estimated as

ωgn

(
r1

r1 + r2
+

r2
gn(r1 + r2)

)
= ω

(
gn(1 + β)1/α + 1

(1 + β)1/α + 1

)
.

(7)
Besides, a node can get the content from its reachable

RSUs within one hop. We further assume there are NR RSUs
in a rectangle region of size X ∗ Y and these RSUs are
randomly placed. Actually, they should be placed strategically,
but we will use this approximation to make our analysis
more straightforward and further evaluate our analysis in

Section V. Each RSU covers a region of πR2
R, where RR

is the transmission range of each RSU and the total coverage
area of these RSUs is πR2

R ·NR. Then, the expected number
of RSUs each vehicle can reach from any random location is
about πR2

R·NR
XY .

As a result, we can get the total capacity of caching nodes
(core nodes and RSUs) that are within one-hop of a vehicle,

ς =

⌊(
gn(1 + β)1/α + 1

(1 + β)1/α + 1

)
ω + Ω

πR2
R ·NR
XY

⌋
, (8)

where b.c is simply the floor function and Ω is the caching
capacity of each RSU. ς represents the total number of unique
contents that have been cached and can be retrievable.

Pr(C) is estimated as

Pr(C) =

ς∑
r=1

f(r;α, θc). (9)

Note that

Pr(N) = 1− Pr(C)− Pr(L), (10)

where Pr(L) is the probability that the content is retrieved
directly from the local cache. Since the local cache has a
capacity of ω, the composition of cache is,

r1 ·
1

gn
+ r2 ·

gn − 1

gn
= ω. (11)

Combining with Eq. (6), we can deduce

r1 =
(1 + β)1/αgnω

gn − 1 + (1 + β)1/α
(12)

and
r2 =

r1
(1 + β)1/α

=
gnω

gn − 1 + (1 + β)1/α
. (13)

Pr(L) can be calculated as

Pr(L) =

r2∑
r=1

f(r;α, θc) +
1

gn

r1∑
r=r2

f(r;α, θc). (14)

To get E[h] in Eq. (3), we need an estimation of h(N).
Assuming that Nv vehicles are randomly distributed in the
area of X∗Y . On an average, each RSU is in range of πR

2
R·Nv
XY

vehicles within its communication range. As discussed before,
the proportion of core nodes is 1/2 in each cluster. We then
estimate the total capacity within the communication range of
each RSU as

πR2
R ·Nv

2XY
·
(

(1 + β)1/α + 1/gn
(1 + β)1/α + 1

)
ω + Ω. (15)

Assuming a perfect zero-duplication in content caching
among RSUs, a request may need to be transmitted through the
following number of RSUs in order to find the corresponding
content:

θc
πR2

R·Nv
2XY ·

(
(1+β)1/α+1/gn
(1+β)1/α+1

)
ω + Ω

. (16)

Under normal operational settings, the number above is
usually rather small. Actually, most requests do not need to



go through the full number of hops to find the corresponding
content, so we can calculate the mathematical expectation as
the expected number of hops. And we can get the average hop
h(N):

h(N) =
1

2
· θc
πR2

R·Nv
2XY ·

(
(1+β)1/α+1/gn
(1+β)1/α+1

)
ω + Ω

. (17)

We further use numerical calculations to identify optimum
β value in Section V-B.

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of CCMPCH
via the Opportunistic Network Environment (ONE) simula-
tor [41]. ONE supports several mobility models, from simple
Random Waypoint to more realistic Map-Based Movement.
We adopt movement models in ONE from the real map of
Helsinki area [42]. In the designed scenario, there are 30 RSUs
and 270 users (including 100 private cars, 100 buses, and 70
taxis) in Figure. 6. Private cars move following the Working-
Day-Movement Model including staying at home, working in
the office, and going shopping after work. Buses run through
fixed routes and taxis follow the Random Waypoint Model
in ONE. Because these models have been constructed by
actual traffic database, so we ignored the road settings such
as the number of lanes and signal setting at intersections.
Furthermore, we adopt 801.11p for PHY and MAC protocols
and spray and wait protocol [43] for routing, which is widely
used in intermittently connected mobile networks. In spray and
wait, real timer instead of hop count is used to measure how
long packets have been traveling in the network and when they
should be discarded. This eliminates the performance issue
inherent in utility-based schemes caused by long wait for the
next hop.

All nodes are assumed to move with a speed random-
ly chosen from a fixed range, the same wireless transmis-
sion/reception range, and transmission data rate. During warm-
up (training), we collect trip sequences of vehicles in working
days for mobility prediction training. In the evaluation stage,
every user generates content requests following the Zipf’s law
distribution [40] as described in Section IV. Each vehicle
updates its physical coordinates every 100 seconds and then
uploads them to the nearest RSU for second order prediction
in its beacon frame. Performance statistics are collected after
8,000 seconds of operation. Important simulation parameters
are listed in Table III, unless specified otherwise.

A. Performance Metrics

We compare our CCMPCH scheme with DPC [10], COM-
P [11], CCMP [13], and CCSAMP [14], all of which are co-
operative schemes. In DPC, each vehicle independently makes
its caching decision taking three factors into account: received
Interests, its centrality in the network, and its moving direction.
In COMP, mobility prediction is used to cluster vehicles using
a Markov model and a cluster head is responsible for content
distribution. In CCMP, hot regions and trajectory of vehicles

Figure. 6 Simulation Map and Location of RSUs

TABLE III: Simulation Parameters

Parameter Description Value

Buffer Size of Each Node 50 MB
Each Content Size 1 MB
Request Interval [450 s, 550 s]
Message TTL 1 minute
Network Area [X*Y] 4 km×3 km
Simulation Time 12 hours
RSU Number NR 30
RSU Transmission Range RR 500 m
Vehicle Number Nv 270
Vehicle Speed [15m/s, 20 m/s]
Vehicle Transmission Range Rv 100 m
Transmission Rate 10 Mbps
Zipf’s Distribution Exponent a 0.8
Number of Contents 2, 000

are used to select cache nodes. In CCSAMP, social attributes
and vehicle’s future trajectory are used to pick caching nodes.

The following performance metrics are used to compare
these schemes:

• Cache Hit Ratio: The probability of obtaining a cache
hit from a caching node. This is defined as the ratio of
the number of cache hits to the total number of Interests
received.

• Average Access Delay: The average delay of obtaining
the requested contents among all successful queries.

• Average Hop Count: The average hop count between
each pair of content requester and provider in successful
queries.

• Average Delivery Ratio: The average ratio of packets
delivered successfully before they are removed from the
network due to an expired TTL. This is necessary to
gauge how efficient a routing scheme is.

• Communcation Overhead: The ratio between the number
of Interest packets plus the number of the generated pack-
ets for saving the cooperative contents and the number of
the corresponding Data packets.

• Content Diversity: The ratio between the number of
different contents cached and the number of total contents
cached within a cluster.

• Prediction Accuracy: The probability of successful pre-
dictions, which is defined as the ratio between the number
of predictions that turn out correct and the total number
of predictions.



B. Effect of β

The preference constant β is an adjustable parameter for
popularity calculation of cooperative contents. We compare
expected hop count under different β values in this subsec-
tion. Numerical calculations are based on Eq. (3). When β
takes a small value, caching nodes suffer from heavy cache
redundancy and Interest packets must go through more hops
to find a hit, resulting in a high hop count, as shown in
Figure. 7. On the other hand, large β values would replace
non-cooperative contents of high popularity values with less
popular cooperative contents (even though cache redundancy
is lower) and this also ends up with higher hop counts. Both
numerical and simulation results show similar trends as β
changes.

Our numerical analysis shows that the hop count reaches
the minimum as β = 2.483, matching well with the trend in
our simulation results. The discrepancy of about 0.15 in hop
counts between numerical results and simulation results should
have been caused by the several simplifications that we made
in Section IV. Consequently, we adopt the optimal β = 2.483
in further simulations.
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Figure. 7 Effect of β

C. Effect of α

Content requests follow the Zipf’s Law distribution, where
α is the exponent characterizing the distribution. Fig. 8 shows
the cache hit ratio increases with α, because the content
distribution becomes dense with α.
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Figure. 8 Effect of α

D. Effect of Content Size

We change the content size from 1MB to 5MB and evaluate
its effect on cache hit ratio. As the content size increases,
each node caches fewer contents and this leads to lower cache

hit ratio in Figure. 9. Our CCMPCH scheme shows the best
performance, improving the cache hit ratio by 4% compared
to CCSAMP, 5% over CCMP, 12% over COMP and 14% over
DPC, because CCMPCH can adaptively distribute contents
more effectively among different nodes, in turn making full use
of cache space. In CCSAMP and CCMP, only selected nodes
are allowed to cache contents, constraining its performance.
In COMP, contents are simply classified into most popular
and less popular type with fixed caching strategies. DPC only
considers the cooperation between providers and receivers, but
lacks of cooperation within neighboring nodes.
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Figure. 9 Effect of Content Size

E. Effect of Cache Buffer Size

In Figure. 10, the cache buffer size varies from 50MB to
250MB. The cache hit ratio increases with the cache buffer
size, because bigger buffer can cache more contents. As can
be observed in this figure, our CCMPCH scheme consistently
outperforms other schemes.
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Figure. 10 Effect of Cache Buffer Size

F. Effect of Maximum Vehicle Speed

To evaluate the effect of vehicle mobility, we set the
maximum vehicle speed as 10m/s, 20m/s and 30m/s, re-
spectively. Figure. 11 demonstrates that the cache hit ratio
declines with the speed in all five schemes, as higher speed
leads to shorter link duration and lower prediction accura-
cy. Nonetheless, CCMPCH still outperforms the other four
references since it takes the moving trajectory, speed, and
direction into consideration. When maximum vehicle speed
is high (30m/s), CCMPCH enjoys a cache hit ratio that is
about 10% better over CCSAMP, 14% over CCMP, 16% over
COMP, and 44% over DPC.
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Figure. 11 Effect of Vehicle Speed

G. Effect of Vehicle Transmission Range

In Figure. 12, we compare the effect of vehicle transmission
range on cache hit ratio. Cache hit ratios for all schemes
increase with the transmission range. A larger transmission
range covers more neighbors, making it easier to retrieve
the cooperative cache contents. As can be seen from this
graph, our CCMPCH scheme consistently outperforms other
schemes.
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Figure. 12 Effect of Transmission Range

H. Effect of RSU Number

In Figure. 13, we compare the effect of RSU number on
cache hit ratio. More RSUs possess more contents, increas-
ing the cache hit ratio in all schemes. Our CCMPCH still
maintains the highest cache hit ratio as more contents can be
accessed inside the cluster.
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Figure. 13 Effect of RSU Number

I. Effect of Grid Size

The cache hit ratio and prediction accuracy of CCMPCH
are evaluated as the grid size varies from 50m to 1, 000m
in Figure. 14 (right label). The total number of grids in the

whole map decreases as the size increases, naturally resulting
in higher prediction accuracy.

Figure. 14 Effect of Grid Size

J. Effect of Path Prediction

In this set of simulations, we measure the impact of path
prediction on the cache hit ratio from the grid size and vehicle
speed. In Figure. 14 (left label), cache hit ratio remains the
same as grid size changes. This is mostly because of the
constant wireless communication range.

In Figure. 15, cache hit ratio decreases as speed increases.
The rapid movement of vehicles causes the instability among
clusters, leading to a lower hit ratio.

Figure. 15 Effect of Moving Speed

K. Comparison of Cache Redundancy

In order to evaluate cache redundancy, we collect the
number of distinct contents. First we made the collection at
simulation time 8, 000s, which is the end of the warmup phase.
This number represents the total number of distinct contents
among all contents that have been cached by all nodes.
Obviously, a large number indicates lower cache redundancy.
On Table. IV, our CCMPCH scheme’s number of distinct
content copies is 15% higher than COMP, 28% higher than
CCMP, 20% higher than DPC, and 23% higher than CCSAMP.
This is because CCMPCH takes advantage of cooperative
caching inside the cluster and makes use of the whole cache
space with high efficiency.

L. Other Performance Comparisons

We evaluate the performance of routing protocols adopted
by these five schemes on protocols’ average access delay,
average hop count, average delivery ratio, communication
overhead, and content diversity. To evaluate each metric, we



TABLE IV: Number of Distinct Contents

Scheme Number

CCMPCH 743
COMP 648
CCMP 589
DPC 617
CCSAMP 623

vary the content size from 1MB to 5MB, set the maximum
vehicle speed to be 10 m/s, 20 m/s, and 30 m/s respectively,
and set the RSU number to be 10, 30, and 50.

Average Access Delay. As the content size increases, the
transmission of each individual content takes longer with
constant bandwidth. Therefore, the access delay shows an
upward trend in Figure. 16(a). As vehicle speed increases, the
link duration between vehicles decreases, which increases the
difficulty of delivering packets. Therefore, the access delay
increases as vehicles move faster in Figure. 16(b). More
RSUs can share more data helping to reduce access delay
in Figure. 16(c). Our CCMPCH has the best performance
because has taken into account the moving trajectory, speed,
and direction to determine the cooperative caching nodes.

Average Hop Count. As the content size increases, each
node caches fewer contents, causing higher hop count in
Figure. 17(a). As vehicles move faster, link instability also
causes higher hop count in Figure. 17(b). More RSUs can
cache more contents and vehicles can obtain more contents
from the nearby RSUs, thus reducing the average hop count
in Figure. 17(c). Our CCMPCH still has the best performance.

Average Delivery Ratio. Compared to average access delay
and average hop count, the average delivery ratio tends to
change more slowly with the content size in Figure. 18(a),
which shows the vehicle can still successfully get contents. In
Figure. 18(b), the delivery ratio decreases with vehicle speed,
because the increasing speed makes it more difficult to deliver
packets successfully. In Figure. 18(c), more RSUs cache more
contents, increasing the average delivery ratio.

Communication Overhead. As the content size increases,
each node caches fewer contents. Therefore, it becomes more
difficult to obtain the requested contents, increasing the com-
munication overhead shown in Figure. 19(a). In Figure. 19(b),
as vehicles move faster, the links between vehicles are more
likely to disrupt, increasing the communication overhead too.
In Figure. 19(c), as more RSUs cache more contents, the
communication overhead becomes lower.

Content Diversity. Figure. 20(a) shows the content diversity
decreases with the content size less than 3MB. Though the
number of total contents cached becomes smaller as the
size increases more than 3MB, the content diversity becomes
larger. As a vehicle moves faster, it can meet more neighbors
and make the forwarded Interest and Data packets possess
more types of contents, making the content diversity increase
in Figure. 20(b). Similarly, more RSUs can share more diverse
contents, leading to larger content diversity in Figure. 20(c).

M. Algorithm Complexity Evaluation

In this section, we first analyze the algorithm complexity of
these five schemes and evaluate them through experiments.

DPC determines the probability of a node caching contents
by considering the demands of users, the importance of nodes,
and the relative movement of vehicles. The requested file
names are divided into different categories first, which incurs
the complexity of O(n2). Node importance is measured as
centrality, which also has the complexity of O(n2). DPC
calculates the distance between the provider and receiver by
combining the vehicle moving direction. The complexity of
this process is O(1). So the overall complexity of DPC is
O(n2).

COMP first predicts the future mobility pattern and link
expiration time with neighbors for each node. This process
incurs the complexity of O(n). Then, vehicles are clustered
based on the prediction results and cluster heads are chosen as
caching nodes, causing the complexity of O(n3). The overall
complexity of COMP is O(n3).

CCMP selects regions with a high density of mobile tra-
jectories as hot regions. The complexity of this process is
O(n2). By predicting each node’s probability of reaching
hot regions, vehicles with longer sojourn time in the hot
regions are chosen as caching nodes. This process incurs the
complexity of O(n3). So the overall complexity of CCMP is
O(n3).

CCSAMP selects the appropriate caching nodes based on
social similarity, bridging centrality, and future trajectory. The
calculation of social similarity and bridging centrality incurs
complexities of O(n) and O(n2) respectively. CCSAMP pre-
dicts the trajectory based on its past trajectory with the hidden
markov model, which incurs the complexity of O(n2). So the
overall complexity of CCSAMP is O(n2).

In our CCMPCH, RSU is responsible for grouping vehicles
with the most common attributes into the same clusters. The
complexity of this process is O(n2). Consistent hashing is
adopted to allocate different contents in each cluster and
the complexity is O(n). Moreover, CCMPCH calculates the
content popularity as its cache replacement, which brings the
complexity of O(1). In total, the complexity of our CCMPCH
is O(n2).

These are shown numerically below (processing time is
measured by the time consumption of handling 10,000 packet-
s.) These results were obtained in a system with a single CPU
(Intel(R) Core(TM) i5-7300HQ CPU @ 2.50GHz) and 8 GB
RAM. As shown on Table. V, our CCMPCH scheme has the
least processing time, 0.243 seconds. Our CCMPCH scheme
also has the lowest CPU usage rate and memory occupancy,
23.2% and 369 MB memory, respectively, while the COMP
scheme has the worst performance in Table. V.

VI. CONCLUSION

In this paper, we have proposed a novel cooperative caching
scheme based on trajectory prediction and consistent hashing.
Vehicles are first clustered based on their similar future tra-
jectory and nodes with higher bridging centrality are chosen
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Figure. 16 Comparison of Average Access Delay
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Figure. 17 Comparison of Average Hop Count
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Figure. 19 Comparison of Communication Overhead

to function as cooperative ones. Then, consistent hashing is
adopted to allocate cooperative contents. Besides, a popularity-
based cache replacement is proposed to give priority to cooper-
ative contents. Extensive performance evaluations have proven
its better performance. In the future, we plan to extend our
algorithm to achieve energy-efficient caching for VCCN.
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TABLE V: Complexity Evaluation

Scheme Complexity Processing
Time

CPU Usage Memory
Usage

CCMPCH O(n2) 0.243s 23.2% 358.37 MB
COMP O(n3) 0.505s 41.7% 512.35 MB
CCMP O(n3) 0.491s 37.0% 501.62 MB
DPC O(n2) 0.325s 24.6% 375.922 MB
CCSAMP O(n2) 0.272s 23.9% 369.21 MB

2020B0101360001).
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