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ABSTRACT Vehicular Internet-of-Things applications require an efficient Vehicle-to-Everything (V2X)
communication scheme. However, it is particularly challenging to achieve a high throughput and low
latency with limited wireless resources in highly dynamic vehicular networks. In this article, we propose
a scheme that enhances V2V communications through integration of vehicle edge-based forwarding and
learning-based edge selection policy optimization. The proposed scheme has three main characteristics.
First, the Hierarchical edge-based preemptive route creation is introduced to create hierarchical edges and
conduct efficient packet forwarding as well as route aggregation. Second, Two-stage learning is introduced
to select efficient edge nodes using big data driven traffic prediction and reinforcement learning-based edge
node selection. Third, Context-aware edge selection is employed to improve the performance of edge-based
forwarding in various contexts. We use real traffic big data and realistic vehicular network simulations to
evaluate the performance of the proposed scheme and show the advantage over other baseline approaches.

INDEX TERMS Edge computing, traffic big data, vehicular ad hoc networks, V2X communications.

I. INTRODUCTION

Vehicle-to-everything (V2X) communications are required
for emerging Internet-of-Things (IoT) applications, such
as intelligent transport systems, autonomous driving, colli-
sion avoidance systems and so on [1]-[3]. Two main chal-
lenges exist in enforcing vehicular IoT. First, the mobility
of vehicles results in a spatial change for network ele-
ments including communication node, available wireless
resources and network density. Second, the temporal change
of network environment makes the problem particularly
complex. As vehicular IoT systems involve multiple types
of network nodes and different wireless communication
approaches, the network environment could change upon
time frequently, and therefore we have to design a more
intelligent communication protocol that has self-evolving
capability. To cope with these challenges, we need a new
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scheme that takes into account the efficiency of V2X commu-
nications when facing various spatial and temporal dynamics,
including vehicle mobility, vehicle distribution, and resource
limitations. Meanwhile, the scheme should be able to conduct
efficient prediction of environment and adapt quickly to the
change of environment.

Three different types of communications are considered
as the main technologies supporting V2X communications.
First, as the default standard for V2V communications, IEEE
802.11p would continue to show its importance in V2X
communications. Second, by using high frequency spectrum,
millimeter wave (mmWave) communication [2] is able to pro-
vide up to several Gbps throughput, which could be an emerg-
ing solution to achieve high data rate information exchange
between vehicles in vicinity. Third, cellular communication
operating at Sub-6 GHz has special advantages over other
approaches as it can provide long range Internet connec-
tivity to the vehicles. Although mmWave communications
could achieve high data rate, it only works in a line-of-sight
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environment. While IEEE 802.11p supports non-line-of-sight
scenarios, the throughput is limited. It is also unpreferable to
rely fully on cellular communications as it could be difficult
for supporting high-density scenarios, or too expensive in
terms of infrastructure development. Moreover, in a collision
avoidance system that requires broadcasting of safety mes-
sages, IEEE 802.11p is the best candidate. This is because the
mmWave communication technology is only helpful for uni-
cast applications, and cellular communications could increase
the latency due to some signaling overheads. Therefore,
a seamless integration of these three communication tech-
nologies would be a new trend in V2X communications.

In recent studies, many efforts have been made to solve the
performance degradation problem in mobile and high-density
scenarios. These studies include vehicular routing protocols
[4], broadcasting protocols [5], an integration of different
wireless spectrums [6], and clustering [7]. Recent studies on
the temporal challenges include the prediction of vehicular
communication channel [8], and online adaptive routing pro-
tocols [9]. However, none of these studies addresses the use
of vehicular big data in the online decision making process.
A real-time collection of vehicle information requires a large
amount of wireless resources, which is unrealistic. Moreover,
since the network topology changes with the vehicle move-
ment, a simple collection of sensor information cannot meet
the application requirement. As a result, a prediction is always
required to provide a high quality-of-service (QoS) for V2X
communications.

Mobile edge computing (MEC) has been attracting special
interests in recent years due to its capability of conducting
data caching and computing in the vicinity of end users
[10], [11]. Although there have been many studies discussing
about the advantages of using MEC in vehicular networks,
most of them discuss how to conduct computation offloading
and data caching at edge nodes, and do not seriously address
how to use vehicles as edge nodes to improve the communica-
tion performance. In terms of the network layer perspective,
V2X communications can be broadcast or unicast, which
have different characteristics and require different levels of
QoS. The context information, such as the communication
type, should be considered in the edge node selection.

In this paper, we propose an intelligent edge-based scheme
for V2X communications. First, we introduce a hierarchical
vehicle edge-based architecture to solve the high-density and
mobility issue in vehicular networks where some vehicles
are used as edge nodes to improve the routing performance.
The edge nodes are selected by considering vehicle velocity,
vehicle distribution, and signal quality based on a fuzzy logic
algorithm using a decentralized approach. We then use a deep
neural network-based approach to predict the average vehicle
velocity and traffic density. The prediction is conducted at the
roadside unit (RSU) or cloud, and the prediction result is used
to initialize the edge selection algorithm at each vehicle. Each
vehicle employs a reinforcement learning to further tune the
fuzzy parameters by interacting with the environment, which
ensures that the proposed scheme is adaptable to the frequent
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change of vehicular environment. The proposed scheme also
chooses different edge nodes for broadcast and unicast appli-
cations in order to consider different QoS requirements of
these applications. This paper is an extension of our previous
conference paper [12]. While [12] only discusses a multi-
hop broadcast problem, this work generalizes the problem
by including V2X unicast communication problem and also
presents new simulation results.

The main contributions are briefly summarized in the fol-

lowing.

o We propose a V2X communication scheme that inte-
grates vehicle edge-based forwarding and learning-
based edge selection policy optimization.

o Hierarchical edge-based preemptive route creation is
introduced to create hierarchical edges and conduct effi-
cient packet forwarding.

o Two-stage learning is proposed to select efficient edge
nodes using big data driven traffic prediction and rein-
forcement learning-based edge node selection.

o Context-aware edge selection is employed to improve
the performance of edge-based forwarding according to
different application requirements.

« We conduct exhaustive simulations to show the advan-
tage of the proposed scheme over other baseline
approaches solutions for both broadcast communica-
tions and unicast communications.

The remainder of this article is organized as follows.
A brief introduction of related work is given in Section II.
We describe our scheme in Section III. Simulation results are
presented in Section IV. Finally, we point out future research
directions and then draw our conclusions in sections V and
VI, respectively. !

Il. RELATED WORK

From the perspective of networking, the existing studies
on V2X communications can be classified into two types,
namely, broadcast protocols and unicast protocols. Broad-
cast protocols focus on solving the multi-hop information
dissemination between vehicles and vehicles/infrastructures.
The studies on unicast communications try to solve whether
spatial challenges or temporal challenges for V2X communi-
cations.

A. BROADCAST PROTOCOLS

Vehicular Internet-of-Things applications [13], [14] require
efficient broadcast communications where a traffic alert
message should be delivered to multi-hop distances. How-
ever, due to the uncertainty of the receivers, the design of
a multi-hop broadcast protocol is challenging [15]. Exist-
ing studies on multi-hop broadcast protocols are whether
sender-oriented or receive-oriented. In the sender-oriented
approaches, the sender nodes specify the next forwarder
nodes [5], [16], [17]. In order to ensure efficient packet

IWe use the words “vehicle” and “node” interchangeably in the rest of
this paper.
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forwarding, the forwarder node selection algorithm should
consider vehicle mobility, signal quality, and multi-hop for-
warding efficiency, which is a complicated problem.

In the receiver-oriented protocols, a packet forwarding
decision is made at the receiver side [18]-[21]. The simplest
receiver-based approach is to conduct packet rebroadcasting
according to a certain probability. However, the choice of for-
warding probability is a difficult problem as a low probability
fails to provide a good reliability and a large forwarding prob-
ability makes the message overhead high. As an enhanced
approach, the inter-vehicle distance and node density could
be considered in the forwarding probability determination.
In this paper, we will show that based on an accurate pre-
diction of vehicle density, we can achieve much better multi-
hop broadcasting. Meanwhile, some geocast protocols use
position information to improve the performance of multi-
hop broadcasting [22]-[24]. However, a location service is
required to know the position of other vehicles, which is not
seriously considered in the existing studies.

B. SPATIAL CHALLENGES FOR V2X COMMUNICATIONS
Spatial challenges in vehicular networks include mobility and
high-density issue. Due to the mobility of vehicles, the route
selection and quality-of-service guarantee problem become
more difficult. Recently, mobile edge computing (MEC)
based approaches attract great interest in solving the perfor-
mance problem in dynamic vehicular networks by caching
the content near the vehicles or conducting some processing
in vicinity [25]-[31].

A complete survey on the recent studies about edge com-
puting has been conducted by Wang et al. [28]. In addition
to the definition, architecture, and advantages of MEC, [28]
also describes the research issues on computing, caching, and
communication techniques at the edge. The key enablers, pos-
sible applications, main technologies, and existing problems
are also discussed. Liu et al. [29] have conducted a review on
the mobile edge computing for vehicular networks in terms
of system architecture, interesting applications, and security
issues. Khattak et al. [30] have introduced an intelligent
transport light control system where road-side-units are in
charge of conducting computation and generating notifica-
tions based on edge computing. In [31], the edge computing
and software defined networking technology are integrated
to support network functions visualization in order to enable
more enhanced services in vehicular networks. Computing
tasks can be processed whether on the edge servers or cloud
servers based on the computing, storage, and bandwidth
resources.

A highly dense distribution of vehicles limits the available
bandwidth for each vehicle, resulting in a difficulty in pro-
viding good performance. There have been some studies on
handling the high-density issue in vehicular networks. In [32],
a backbone approach has been proposed to reduce the MAC
layer contention delay by using the same backbone nodes
for different traffic flows. Since the backbone approach can
reduce the number of sender nodes, a significant reduction
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of delay can be expected. Chen et al. [33] have proposed
a geographic routing protocol based on a similar backbone
approach. In [33], a backbone link composed of a series of
backbone nodes is built in each road segment. Then, each road
segment is evaluated by a weight considering the real-time
link information and historical traffic information, which is
used to select the best routing path.

C. TEMPORAL CHALLENGES FOR V2X COMMUNICATIONS
The studies on temporal challenges in vehicular networks
cover two main research directions. The first type of study
has been focusing on some predictions based on existing big
data. The other type of research has put efforts into the use
of online learning algorithms to improve the adaptability of
communication protocols in a frequently changing network
environment. Lin et al. [34] have proposed a social data based
localization algorithm (SBL) for vehicular networks. They
classified the vehicles into different social clusters by explor-
ing the social relationship between them. Liu and Shoji [35]
have proposed an edge-assisted vehicle mobility prediction
approach that adopts hybrid architecture of convolutional and
recurrent neural networks. However, in these studies, the use
of prediction information in V2X communications is not
discussed adequately.

In the recent years, the use of deep reinforcement learn-
ing in the resource management for vehicular networks has
attracted a great interest. Chen et al. [36] have discussed the
radio resource management problem for vehicular networks,
and proposed an online algorithm to handle the difficulty
incurred from the high-vehicle mobility and data traffic vari-
ations. In [37], the authors proposed a deep deterministic
policy gradient approach to solve the joint optimization prob-
lem of content placement and content delivery in vehicular
edge computing. These works do not discuss how to utilize
prediction information in the resource allocation. Therefore,
in this paper, we will discuss how to efficiently integrate the
big data driven intelligence and online intelligence.

Ill. EDGE-BASED V2X COMMUNICATIONS WITH BIG
DATA INTELLIGENCE

A. OVERVIEW OF THE PROPOSED SCHEME

We assume that each vehicle is equipped with a positioning
device and three wireless interfaces, namely, cellular, IEEE
802.11p and mmWave. The proposed scheme first uses a
hierarchical edge based forwarding approach to handle the
spatial challenge. A decentralized clustering of vehicles is
conducted in the approach, and the cluster head vehicles are
used as edge nodes to improve the communication perfor-
mance in a highly mobile or dense environment. We then
tackle the temporal problem from two perspectives. First,
big data based traffic prediction is conducted to estimate
the traffic density and vehicle velocity, which can be used
to enable a better clustering (better edge node selection).
Second, an online reinforcement learning approach is used
to adjust the fuzzy parameters in order to adapt quickly to
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the change of environment, ensuring the self-evolvability of
the proposed scheme. Finally, we introduce a context-aware
edge node selection approach that uses different criteria for
broadcast and unicast communications which have totally
different QoS requirements. On the network layer, an edge-
based approach is used to achieve efficient forwarding, and
on an upper layer, the number of edge node is adjusted based
on the application context.

B. HIERARCHICAL EDGE-BASED PREEMPTIVE ROUTE
CREATION

We introduce a hierarchical edge-based preemptive route
creation approach to facilitate the packet forwarding process.
First, we use two-tier edge nodes to enhance the packet for-
warding process. As shown in Figure 1, the tier-1 edge nodes
are connected to the Internet with cellular interface. Each
tier-2 edge node is connected to a tier-1 edge node through
mmWave communications. The tier-2 edge nodes are used
to provide the end users with high throughput connectivity
through multi-hop mmWave communications. By connecting
tier-1 edge nodes, a backbone for data delivery is constructed,
and the backbone is used to create routes or aggregate differ-
ent communication flows. The packet forwarding process at
the tier-1 edges is as follows: if the current node is a neighbor
of the destination node, then the node transmits the packet
directly to the destination node; else, the packet will be deliv-
ered to the tier-1 node that is closer to the destination node
than the current node (see Algorithm 1 and Algorithm 2).
By using hierarchical edges, different wireless spectrums,
namely, cellular, IEEE 802.11p and mmWave, can be effi-
ciently integrated. Algorithm 1 and Algorithm 2 conduct
packet forwarding based on the hierarchical edge structure,
which improves the possibility of conducting caching and
computing at the edge nodes. The main purpose of using
edge nodes in this paper is to achieve efficient packet for-
warding by improving the wireless spectrum usage efficiency,
and aggregating different traffic flows. The computing and
caching can be done at the edge nodes to further improve the
performance. However, the computing task offloading and
data caching strategies are outside the scope of this paper.

This paper focuses on how to select the edge nodes in a multi-
access environment.

Before a packet send request is initialized, the packet
forwarding path is basically determined. Therefore, we call
this scheme as hierarchical edge-based preemptive route cre-
ation. As the same backbone is used for different traffic flows
initiated from different source nodes, route aggregation is
also possible by using the same tier-1 edge nodes for packet
delivery. The preemptive route creation is different from
proactive routing protocols in that it does not require creating
routes between all possible communication pairs in advance,
resulting in much lower communication and management
overheads.

Algorithm 1 Algorithm at a Vehicle for Sending a Packet to
the Cloud
Check the status of the current node.
if The current node is a tier-1 edge node then
Directly send the packet to the cloud.
Exit.
end if
if The current node is a tier-2 edge node then
Send the packet to the tier-1 edge node that the current
has a direct access.
Exit.
end if
if The current node is an ordinary node then
Send the packet to the tier-2 edge node (or tier-1 edge
node) that the current has a direct access.
Exit.
end if

The selection of edge nodes is as follows. The tier-1 edge
nodes are created by exchanging hello messages among
neighbors. Based on the clustering method of [9], each node
evaluates its suitability of a tier-1 edge node by using a fuzzy
logic-based approach. The vehicle velocity, vehicle distribu-
tion (leadership factor), and signal quality are calculated for
each one-hop neighbor that is within a reference distance
where this reference distance is dependent on the types of

& Source T - &) Tier-1 edge
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FIGURE 1. Two-tier vehicle edges.
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from high vehicle density or velocity. Temporal challenges
incur from the difficulty in achieving a satisfactory perfor-
mance due to the frequent changes of environment. An accu-
rate estimation of vehicle density and velocity information
could significantly improve the packet forwarding perfor-
mance. However, it is difficult to collect this information in a
real time manner due to the high communication cost. In order
to solve these problems, we propose a two-state learning
approach to enhance the V2X communications. As shown
in Figure 2, based on traffic big data, deep neural networks are
used to predict the vehicle velocity and density information.
The prediction is conducted at the RSU or cloud, and the
information is used to initialize the fuzzy parameters for
the hierarchical edge selection process at each vehicle. Each
vehicle then employs a reinforcement learning (Q-learning)
algorithm to tune the fuzzy parameters online by evaluat-
ing the reward from the environment [38]. The deep neural
network-based prediction approach could accurately estimate
the vehicle density and velocity without incurring a high
communication overhead. The reinforcement learning-based
parameter tuning approach could improve the adaptability
of the edge-based forwarding mechanism, making it self-
evolvable.

The fuzzy logic-based approach for the edge selection
jointly considers the stability factor, topology factor, and
connectivity factor. These factors are defined as follows.

1) STABILITY FACTOR
Stability factor of node x is calculated as follows.

[lv()] — avgyey, [V

SF(x)=1—
maxyen, [V(y)|

ey

2Without any specific explanation, the reference distance is set as the half
of the transmission range; see Subsection III-D for details.
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FIGURE 3. Fuzzy membership functions (left: SF, middle: TF, right: LF).

where a higher value means a higher stability. Since hello
messages are exchanged between neighbors, each vehicle can
calculate its neighbors’ SE. Here, avg .y |u(y)| is predicted
from the traffic big data. SF is updated periodically (one sec-
ond interval) based on a weighted exponential moving aver-
age with smooth factor of 0.7.

2) TOPOLOGY FACTOR
Topology factor is calculated as follows.

c(x) ) )

" Number of neighbor vehicles

TF (x) = min (1

where c(x) denotes the number of vehicles traveling to the
same direction as the node x in its neighbors. The higher
the number, the higher chance the vehicle be elected as an
edge head. Here, the number of vehicles in one-hop region
is acquired from the traffic big data based prediction of
vehicle density. TF is updated periodically (one second inter-
val) based on a weighted exponential moving average with
smooth factor of 0.7.

3) LINK FACTOR

Connectivity factor can be calculated by the ratio of ‘“‘the
number of hello messages received from all one-hop neigh-
bors” to “‘the number of hello messages sent by all one-hop
neighbors” as

Num of hellos received from all NBs
Num of hellos sent by from all NBs

LF(x) = 3

The fuzzy membership functions for the factors are defined
as shown in Figure 3. Based on the fuzzy membership
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Algorithm 2 Algorithm at a Vehicle for Sending a Packet to
Another Vehicle
Check the status of the current node.
if The current node is a tier-1 edge node then
if The destination vehicle is connected to the current
node directly then
Send the packet to the destination vehicle directly.
else
if The destination vehicle is connected to the current
node through a tier-2 node then
Send the packet through the tier-2 node.
else
Send the packet to a neighbor tier-1 edge node that
is closer to the destination vehicle.
end if
end if
end if
if The current node is a tier-2 edge node then
if The destination vehicle is connected to the current
node directly then
Send the packet directly to the destination vehicle.
else
Send the packet to the tier-1 edge node it connects.
end if
end if
if The current node is an ordinary node then
if The destination vehicle is connected to the current
node directly then
Send the packet directly to the destination vehicle.
else
Send the packet to the tier-2 edge node (or tier-1 edge
node) it connects.
end if
end if

TABLE 1. Fuzzy rules.

| Stability | Topology | Link Rank
Rulel Good Good Good Perfect
Rule2 Good Good Medium Good
Rule3 Good Good Bad Unpreferable
Rule4 Good Medium Good Good
Rule5 Good Medium Medium Acceptable
Rule6 Good Medium Bad Bad
Rule7 Good Bad Good Unpreferable
Rule8 Good Bad Medium Bad
Rule9 Good Bad Bad VeryBad
Rulel0 Medium Good Good Good
Rulell Medium Good Medium Acceptable
Rulel2 Medium Good Bad Bad
Rulel3 Medium Medium Good Acceptable
Rulel4 Medium Medium Medium Unpreferable
Rulel5 Medium Medium Bad Bad
Rulel6 Medium Bad Good Bad
Rulel7 Medium Bad Medium Bad
Rulel8 Medium Bad Bad VeryBad
Rulel9 Bad Good Good Unpreferable
Rule20 Bad Good Medium Bad
Rule21 Bad Good Bad VeryBad
Rule22 Bad Medium Good Bad
Rule23 Bad Medium Medium Bad
Rule24 Bad Medium Bad VeryBad
Rule25 Bad Bad Good Bad
Rule26 Bad Bad Medium VeryBad
Rule27 Bad Bad Bad VeryBad

functions and the fuzzy rule defined in Table 1, the fitness
value for each vehicle being an edge node can be calculated.
The output membership function is the same as [38]. A vehi-
cle that has a larger fitness value gets a higher chance for
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FIGURE 4. Action (left: Move left, middle: Maintain, right: Move right).

the edge selection. The number of edge node is dependent on
the type of applications, which will be explained in the next
subsection. In order to design an approach that could work
for various situations, we also use a Q-learning algorithm to
tune fuzzy parameters in an online manner.

For the sake of simplicity, we only adjust the fuzzy mem-
bership function for link factor. In our Q-learning algorithm,
edge nodes are the agents, and the state space is the set
of all possible actions. As shown in Figure 4, a maximum
of three different actions, namely, ‘“Move left,” “Maintain”
and “Move right,” are available at each state. Here, “Move
left” or “Move right” actions are limited to move hori-
zontally the membership function by 0.05. By doing action
“Move left” or “Move right,” we can tune the weight of link
factor on the final fitness value, making the edge selection
more suitable for dynamic vehicular environments.

Each node has to maintain a Q-value for each state and
action. The Q-Table is updated periodically with hello inter-
val. The initial value for each Q-value is 0. The Q-table is
updated periodically for each hello interval as

O(ss, a) < a x {R +y x m;lXQm(st, y)}
+(1—a)x QO(ss,a) 4
The reward R is calculated as

o 1, if HRR satisfies the threshold
R= . )
0, otherwise.

where HRR is the average hello message reception ratio at
the edge node from its members (non-edge nodes connected
to this edge). Then each agent selects the next action (choose
the action with the highest Q-value with probability 1 — p,
and do exploration with probability p). Note that the thresh-
old, @, ¥y and p are configurable parameters according to
the application requirements, and set as 0.8, 0.7, 0.9 and
0.1 respectively by default. In order to ensure the synchro-
nization between edge evaluation criteria, each edge nodes
announces its best action periodically with hello messages.
By using this Q-learning algorithm, the proposed criteria is
able to select the best edge nodes in a time-varying vehicular
environment.

D. CONTEXT-AWARE EDGE SELECTION
Different kinds of applications have different levels of QoS
requirements. It is unrealistic to adjust the edge nodes
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TABLE 2. Simulation environment.

Topology 2000m, 4lanes
Number of nodes 100-500
Maximum velocity 100 km/h
Mobility generation | Ref. [41]

MAC IEEE 802.11p MAC (3 Mbps, 27 Mbps)
Propagation model Nakagami model
Simulation time 1500 s

according to a specific application. However, the applications
in vehicular networks could be classified into two categories
in terms of the routing requirements, specifically, broadcast
and unicast applications. In the broadcast applications, since
there is no reception status check for a MAC frame, we have
to select more reliable forwarder nodes as compared to the
unicast communications which can conduct retransmissions
at the MAC layer. Thus, as shown in Figure 5, we introduce
a context-aware edge selection approach that selects different
edge nodes for broadcast and unicast communications.

More specifically, we define different reference distances
for broadcast and unicast applications as they have different
requirements on the link condition between a sender and
receiver. The reference distance in unicast is larger than the
broadcast communications. The reference distance values of
the unicast and broadcast communications are set as § and
§, respectively, where R is the transmission range of IEEE
802.11p communication. By differentiating the edge nodes
between broadcast and unicast communications, the proposed
scheme could better fulfill the application needs.

IV. PERFORMANCE ANALYSIS

We conducted three different types of evaluations for the pur-
pose of analyzing different functions of the proposed scheme.
First, we used real vehicle traffic data in order to evaluate the
performance of the prediction algorithm. Then, we evaluated
the communication performance of the proposed scheme in
the network simulator ns-2.34 by using both broadcast and
unicast communications. We incorporated the result from
the prediction algorithm into the network simulations. The
Nakagami propagation model was integrated to simulate a
realistic vehicular communication channel [39]. There were
three different types of communications available for vehi-
cles, namely, LTE (200 Mbps), IEEE 802.11p and mmWave.
The average transmission range of IEEE 802.11p was 250m.
In the following figures, the error bars show the 95% confi-
dence intervals.

A. TRAFFIC FLOW PREDICTION ACCURACY
We used real road traffic data of road US101-N, Dis-
trict 4, Santa Clara Country, City of San Jose from Caltrans
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TABLE 3. Parameters of nakagami model.

gammal_ | gammal_ | gamma2_ | dO_gamma_ | dl_gamma_
1.9 3.8 3.8 200 500
mO_ ml_ m2_ dO_m_ dl_m_
1.5 0.75 0.75 80 200
1
_ o~ - N
0.8 - B
3» 0.6 - B
<
St
=
5}
Q
< 04| E
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RRN ——=—
LSTM
Proposed (T‘CN) —— ‘ ‘
0
5 10 15 20 25

Forecast period (min)

FIGURE 6. Prediction accuracy for different periods (traffic density).

Performance Measurement System (PeMS) [41]. The data
were collected with five minutes intervals, and one month
traffic data were used for our training. Experiments were
conducted on a computer cluster that consists of 16 personal
computers (each with 16GB memory and 6th gen Intel quad-
core processor). In order to show the effect of learning algo-
rithms in the prediction, we compared three deep learning
algorithms, namely, LSTM [42], RRN [42], and TCN [43].
The comparison results of traffic density and vehicle velocity
for different traffic forecast periods are shown in Figure 6 and
Figure 7 respectively. We found that TCN outperforms other
candidates in the prediction accuracy for various forecast
periods. Moreover, as compared with the recurrent neural
network approaches, such as LSTM and RRN, TCN is more
suited for parallelism. This is the reason why we use TCN for
the traffic data prediction.

B. BROADCAST COMMUNICATIONS
In order to simulate a realistic multi-hop broadcast scenario,
we used a freeway with two lanes in each direction. In each
broadcast process, two source nodes (which were neighbors)
sent broadcast messages simultaneously. This is to simulate
the case of two collided vehicles sending incident messages
at the same time. The proposed scheme was compared with
“EMPR” [17], “Weighted p-persistence” [17], and “Edge
without learning”. Here, “Edge without learning” denotes
the edge-based forwarding without traffic flow prediction and
online learning.

Figure 8 shows the data dissemination ratio comparison for
various vehicle densities. It is clearly shown that the conven-
tional sender-based broadcast (“EMPR’") and probabilistic
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FIGURE 8. Data dissemination ratio for multi-hop broadcast
communications.

broadcast (‘“Weighted p-persistence’) are not capable of pro-
viding a high data dissemination ratio. This is due to the
dynamic topology and limited wireless resources. By aggre-
gating routes using edge nodes, ‘“‘Edge without learning” can
achieve a better performance. However, without any knowl-
edge on the vehicle density and velocity, it is difficult to con-
duct a satisfactory edge node selection. The proposed scheme
can achieve the best performance by combing the traffic flow
prediction and online reinforcement learning-based parame-
ter tuning. From the end-to-end delay comparison as shown
in Figure 8, we can observe that the proposed scheme is able
to provide a low latency by constructing efficient edge nodes
that improve the wireless resource utilization efficiency.

C. UNICAST COMMUNICATIONS

In the simulation of unicast applications, we used a road as the
same as in [39]. The proposed scheme was compared with
“LTE-only”, “Random edge (10%)”, and “Edge without
learning”. Here, “LTE-only” denotes that every node uses
LTE for the V2X transmissions. In “Random edge (10%)”’,

8610

0.9 T T T
EMPR +———
08 Weighted p-persistence ——%— .
Edge without learning

Proposed +—=—

0.7

Delay (s)

n n n n
0
100 200 300 400 500 600
Number of Vehicles

FIGURE 9. End-to-end delay for multi-hop broadcast communications.

35 T T T
LTE-only +--e---*
30 + Random edge (10%) —— |
—_ Proposed +-®--
&, 25 L Edge without learning & |
=] oo
-~ 20 r R
=)
. S
'gb 15 F ‘ I b
3 - @
E 10 —\\\ e g
\\\\ N B CH--
5+ - - Ee L]
©- S
0 9 (04 @ - oo 4
100 200 300 400 500
Number of Vehicles

FIGURE 10. Throughput for various numbers of nodes.

ten percent of vehicles are randomly selected to work as
edges and the others are connected to the edges through
mmWave or IEEE 802.11p. The number of base stations (BS)
was 1. The data traffics were from the BS to the vehicles,
and all the vehicles were considered as intended receivers.
We conducted the performance evaluation for various vehicle
densities.

As shown in Figure 10, the poor performance of “LTE-
only” shows the importance of utilizing different wireless
resources and edge computing. As shown by “Random edge
(10%)”, the edge node selection algorithm could signifi-
cantly affect the performance. The advantage of the proposed
scheme over “Edge without learning” explains the effect of
the proposed two-stage learning algorithm. By an accurate
prediction of vehicle velocity and traffic density, the proposed
scheme is able to select efficient edge nodes for packet for-
warding, resulting in the best performance.

V. FUTURE RESEARCH DIRECTIONS
The fast varying topology of vehicular networks and the
limited V2X communication resources could open up some
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interesting research topics about big data intelligent network-
ing, such as:

« Data driven optimization based on wireless resource
usage big data— In this article, we used traffic big data
to predict the vehicle density and velocity. If we could
predict the future user communication behavior, a much
better performance would become possible. However,
the V2X technology is still in the research stage, and
the user traffic big data will be only available after the
technology itself is widely used. Therefore, currently,
although we can look at a user traffic big data-based opti-
mization approach, it is difficult to rigorously analyze
the approach. The optimization of V2X edge architec-
ture based on wireless resource usage big data could be
an important research topic in near future.

o Optimizing the network performance by using
deep neural networks— In the reinforcement learning,
an agent is able to find the best action by interact-
ing with environment. However, most reinforcement
learning approaches, such as Q-learning, require an
explicit mapping between state and action. In vehicu-
lar networks, the overall communication performance
is affected by many factors, including the user traffic
pattern, vehicle density, vehicle mobility and available
wireless resources, resulting in that the simple mapping
approach is insufficient for representing the complex
decision making. Therefore, the use of deep neural
networks in the representation of complex state space,
namely, deep reinforcement learning, could be a way to
solve the resource allocation issue based on an online
learning approach.

« Edge-assisted distributed caching— With the maturing
of autonomous driving technology, customers require
more entertainment applications on the drive. Therefore,
the V2X communications are required to satisfy a large
amount of content delivery with certain QoS. Efficient
caching at edge nodes could have a remarkable improve-
ment on the V2X communications, especially for the
video data downloading or sharing applications. How-
ever, distributed caching and packet forwarding with
different types of wireless spectrums are not discussed
adequately. Distributed caching technologies that take
into account user QoS and network connectivity would
be an interesting research topic towards a better con-
nected vehicle society.

« Management of control messages based on accu-
rate prediction— The management of control messages
is always an important topic for all network proto-
cols. In vehicular networks, the control of beacon inter-
vals could have a great impact on the networking over-
head. In a decentralized system, the exchange of control
messages among neighbor nodes is a main way to share
the knowledge about the network topology. By predict-
ing network density and traffic pattern, a better control
message management strategy could be possible.

VOLUME 8, 2020

« Intelligent cycle of prediction, control, sensing- It is
also interesting to explore an efficient cycle of predic-
tion, control, and sensing. This article discussed the use
of prediction information in the initialization of packet
forwarding control where each agent employs a rein-
forcement learning algorithm to improve own behavior
based on the results of control. If the knowledge about
the control result can be shared between different agents,
it could tremendously improve V2X communications.
This requires a lightweight sensing mechanism that is
able to measure user QoS requirements, network traffic,
and wireless resource utilization ratio. The integration
issue of prediction, control, and sensing should be care-
fully addressed as well.

VI. CONCLUSION

In the paradigm of big data driven intelligent solutions for
V2X communications, this article addressed an integration
of learning algorithms with edge-based forwarding mecha-
nism, and proposed an intelligent edge-based scheme. The
proposed scheme first introduces a hierarchical vehicle edge-
based preemptive route creation framework where edge nodes
are selected by using a fuzzy-logic algorithm. Then, a big data
driven approach is used to estimate the traffic density and
vehicle velocity which are used in the initialization process
of the fuzzy edge selection algorithm. The fuzzy parameters
are tuned online by employing a reinforcement learning-
based algorithm. Finally, a context-aware approach is used to
improve the packet forwarding based on the context informa-
tion. We used realistic computer simulations and real traffic
data to show that the proposed scheme achieves better per-
formance than other baselines for both broadcast and unicast
communications. Finally, we discussed some possible future
research directions.
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