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Abstract: Dynamic channel assignment (DCA) plays a key role in extending vehicular ad-hoc network capacity
and mitigating congestion. However, channel assignment under vehicular direct communication scenarios faces
mutual influence of large-scale nodes, the lack of centralized coordination, unknown global state information, and
other challenges. To solve this problem, a multiagent reinforcement learning (RL) based cooperative DCA (RL-
CDCA) mechanism is proposed. Specifically, each vehicular node can successfully learn the proper strategies of
channel selection and backoff adaptation from the real-time channel state information (CSI) using two cooperative
RL models. In addition, neural networks are constructed as nonlinear Q-function approximators, which facilitates
the mapping of the continuously sensed input to the mixed policy output. Nodes are driven to locally share and
incorporate their individual rewards such that they can optimize their policies in a distributed collaborative manner.
Simulation results show that the proposed multiagent RL-CDCA can better reduce the one-hop packet delay by no
less than 73.73%, improve the packet delivery ratio by no less than 12.66% on average in a highly dense situation,
and improve the fairness of the global network resource allocation.
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1 Introduction

As an important component of intelligent
transportation systems, vehicular ad-hoc networks
(VANETs) provide data interaction services for vehi-
cle infrastructure cooperative systems and automatic
driving. Multichannel technology can significantly
increase the capacity of VANETs and support fu-
ture large-scale vehicle data interaction. Currently,
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the IEEE 802.11p/1609.4 protocol specifies a 75-
MHz bandwidth in the 5.9-GHz frequency band for
vehicular communications and divides the 75-MHz
bandwidth into seven channels, including one con-
trol channel (CCH) and six service channels (SCHs)
(Ahmed SAM et al., 2013) (Fig. 1). Channel assign-
ment plays a key role in reaping the potential benefit
of VANETs. Some works assign the SCHs based on
the publish-subscribe model (Almohammedi et al.,
2017; Ouyous et al., 2017). In other words, the
service provider issues service advertisement with
channel information, and then the user accesses the
corresponding SCH. However, this method does not
consider the interaction between the channel se-
lection decisions made by different communication
node pairs (CNPs) and the evolution of nodes’ lo-
cal environment state. Therefore, the performance
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of this method is greatly limited in the case where
the node density is high. There are many channel
assignment mechanisms based on the assistance of
roadside units (RSUs) such that these mechanisms
may not be applicable to fully distributed scenarios
(Li XH et al., 2015; Atallah et al., 2017).

Frequency (GHz)
5.850 5.855 5.865 5.875 5.885 5.895 5.905 5.915 5.925

75 MHz

SCH172 SCH174 SCH176 SCH180 SCH182 SCH184CCH178

Fig. 1 Multichannel technology based on the IEEE
802.11p/1609.4 protocol

Generally, there exist several significant chal-
lenges that need to be addressed for the practical
fulfilment of distributed and adaptive channel as-
signments under the vehicular direct communication
scenario. First, accurate state information of the
global network may not be practically available to
each vehicular node. Second, it is not feasible to
directly coordinate dynamic decision-making behav-
iors of CNPs in channel selection due to the absence
of a central control. In addition, the complexity of
joint optimization of channel selection and data col-
lision avoidance can be increased with a large-scale
network. However, few efforts have been made to si-
multaneously tackle all these challenges in dedicated
short-range communication (DSRC) based vehicular
direct communications.

In DSRC-based vehicular direct communication
systems, dynamic channel assignment (DCA) al-
gorithms should consider the dynamic communica-
tion requirements, the increased complexity due to
the existence of large-scale transmission pairs, and
the lack of centralized control and infrastructure.
The difficulty lies in accurately modeling this time-
varying multiagent coordination characteristic with-
out global information and in making better channel
allocation decisions. Another difficulty is the max-
imization of system performance over a long-term
period in a dynamic vehicle mobility environment.
The limitation of existing works and the challenges
in connected vehicles as mentioned motivate us to
explore a novel methodological framework.

By carefully looking into the DCA optimization
problem, it is noted that this problem can be mathe-
matically mapped into a sequential decision-making
problem embedded in complicated time-varying mul-
tiagent environments. To handle this issue, we re-

sort to the reinforcement learning (RL) based the-
ory. As we can see, the emerging RL method shows
great prospects in sequential decision-making prob-
lems (Mnih et al., 2013, 2015; Li L et al., 2016; Silver
et al., 2017), and a variety of RL-based solutions have
been applied in dynamic resource management and
other domains (Mao et al., 2016; He et al., 2017;
Liu N et al., 2017; Xu et al., 2017). In particu-
lar, the integration of the RL theory and artificial
neural network has been believed to be a promis-
ing general artificial intelligence (AI) paradigm. For
instance, the program AlphaGo’s 4-1 victory was a
historic stride for computer programmers and AI re-
searchers trying to create software that can outwit
humans in board games (Maddison et al., 2014). The
AI system developed by OpenAI beat the world’s
top professionals at 1v1 matches of Dota 2 un-
der standard tournament rules on August 11, 2017
(https://openai.com/blog/dota-2/). OpenAI Five
won back-to-back games versus Dota 2 world cham-
pions OG at the finals on April 13, 2019, becoming
the first AI system that beats the world champions in
an Esports game (https://openai.com/blog/openai-
five/). To sum up, the success of the RL theory in
various domains, such as game, control, and stochas-
tic optimization, motivates us to resort to the general
AI approach based on the RL theory and artificial
neural network.

In this study, we regard each vehicular node as
a mobile agent. Then, motivated by the RL the-
ory, we propose two cooperative RL models for each
vehicular agent to jointly learn the proper policies
of its channel selection and backoff adaptation with
the goal of avoiding channel collision in a large-scale
vehicular network. Furthermore, we construct neu-
ral networks as Q-function approximators, which are
combined with the RL mechanism such that the ve-
hicular agents can map their continuously observed
state input to the policy output. To drive the agents
to achieve collaborative optimization of their channel
assignments, we propose a novel design of consensus
reward by locally sharing and incorporating individ-
ual rewards. With the consensus reward, multiple
agents are induced to dynamically coordinate their
learning behaviors and policy adaptation in a dis-
tributed manner. To the best of our knowledge,
our work presents the first application of a multi-
agent dual RL framework to jointly optimize the
decision-making behaviors of channel selection and
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backoff adaptation in DSRC-based vehicular com-
munications (Kaelbling et al., 1996; Audhya et al.,
2011; Cheeneebash et al., 2012; Arulkumaran et al.,
2017; Wang W et al., 2017). In particular, formulat-
ing a local consensus reward for the RL of each agent
can induce global agents to dynamically coordinate
their channel access. This facilitates the mapping
of the problem of distributed channel resource opti-
mization into the cooperative decision-making pro-
cess of multiple agents with RL.

The main contributions of this study are sum-
marized as follows:

1. Although the existing RL theory has achieved
success in a variety of domains, its applicability has
previously been focused on gaming or robotic con-
trol domains or other domains where system features
can be handcrafted. Few efforts have been made
to explore the applicability of RL theory in pro-
moting joint channel selection and medium access
control (MAC) layer backoff for vehicle-to-vehicle
(V2V) communication and networking. We present
the first work to demonstrate the effectiveness and
the potential of RL-based methodology in the joint
design of channel selection decision-making and ac-
cess backoff adaptation for enhancement of V2V
communications.

2. Moreover, while our study is based on the
existing RL theory, the methodological framework
proposed in our study is not a direct application of
existing RL algorithms. To facilitate the application
of the RL theory in the field of connected vehicles,
we propose a novel RL model in which two new com-
ponents are designed and combined to adapt to the
dynamically changing V2V communication network
and improve the decision-making performance of RL
agents in V2V communications: a dual Q-network
structure for joint optimization on channel selection
and backoff adaptation and a distributed consensus
reward mechanism for boosting cooperative decision-
making behaviors among learning agents.

2 Related works

Since AlphaGo achieved an overwhelming vic-
tory in the board game Go against a top human
player, AI has once again received wide attention.
As AlphaGo’s core component, RL has been a hot
topic in the field of AI for a long time (Maddison
et al., 2014). The RL agent obtains reward r after

taking action a and updates the action strategy of
state s to adapt to the unknown environment (Barto
and Sutton, 1998).

Extensive applications of RL can be found in
adaptive optimal channel decision-making of wireless
networks (Nie and Haykin, 1999; Louta et al., 2014;
Ahmed T and Le Moullec, 2017; Ahmed T et al.,
2017; Liu SJ et al., 2018). Nie and Haykin (1999)
proposed a classical method using RL for channel al-
location, i.e., Q-learning-based DCA, which uses RL
to solve DCA problems in a cellular mobile commu-
nication system. The cellular network is divided into
many cells with base stations, and neighboring cells
cannot use the same frequency to avoid interferences
induced by co-channels. Due to the limited quan-
tity of channels, a reasonable channel assignment
mechanism is important for reducing interferences
and maximizing channel utilization. The base sta-
tion as the RL agent assigns channels to each CNP
and sets the quantity of available channels in the
cells as state s, channel k assigned for the current
communication request as action a, and the interfer-
ence among neighboring cells as reward r. However,
Q-learning-based DCA is a single-agent RL (SARL)
mechanism, as well as a centralized one. Therefore,
Q-learning-based DCA may not be applicable to the
fully distributed scenario, and the possibility of syn-
ergy between various agents to optimize network per-
formance is neglected.

After studying the performances of both SARL
and multiagent RL (MARL) in cognitive wireless
networks, Yau et al. (2010) concluded that MARL
is more stable than SARL. In a distributed system,
each RL agent improves its own efficiency in a self-
ish manner, which may lead to vicious competition
between each other. On the contrary, multiagent co-
ordination can achieve better system optimization.
Seah et al. (2007) designed a wireless sensor net-
work coverage scheme based on multiagent collab-
orative RL. The agent determines its own action
based on its neighboring nodes’ actions to reduce
power consumption and increase the network life-
time. Agents share local rewards to estimate the
impact of their actions in the global environment.
However, in VANET, due to the rapid movement of
nodes, limited channel coverage, and short data ex-
change time slots, it is almost impossible to obtain a
global reward among agents. Therefore, we propose
a more realistic multiagent coordination scheme to
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replace the global optimization with regional consis-
tency optimization.

In Atallah et al. (2017), deep RL was applied to
VANET. Specifically, it was used to implement the
vehicle-to-infrastructure communication that meets
the quality of service requirements. The roadside
unit can distinguish different system states accord-
ing to its remaining battery, the quantity of mobile
nodes, and the communication requests before as-
signing a suitable SCH to each mobile node. Atallah
et al. (2017) used deep RL to learn the optimal strat-
egy from high-dimensional continuous input states,
proving that deep RL can effectively express a com-
plex VANET environment and learn from experi-
ence. However, the mechanism proposed by Atallah
et al. (2017) is based on the assistance of RSUs,
which may be not applicable to a fully distributed
scenario such as Q-learning-based DCA.

In the research on DSRC-based vehicular com-
munications (Wang Q et al., 2012; Almohammedi
et al., 2017; Ouyous et al., 2017), researchers focused
on the optimization of CCH and SCH intervals. Al-
mohammedi et al. (2017) proposed a measurement-
based congestion detection method, which enables
the RSU to work as follows: estimate the nearby
traffic density at the end of each CCH interval, com-
pare the CCH busy ratio with a predefined threshold,
and finally decide the type of channel access scheme.
Wang Q et al. (2012) proposed a variable CCH in-
terval multichannel MAC scheme, which can dynam-
ically adjust the length ratio between CCH and SCH
intervals. These studies are still based on the tradi-
tional publish-subscribe model in channel selection
and random backoff in channel access. Traditional
channel allocation and channel access are both sim-
ple and mechanical, and cannot optimally adapt to
the external network environment.

At present, there is little research on RL-based
DCA-oriented solutions under a vehicular direct
communication scenario. In this study, we demon-
strate the applicability, effectiveness, and advantages
of the RL-based methodology in this field, and en-
rich the intellectual system of connected vehicles. We
propose a dual-network multiagent RL model and a
consensus reward mechanism to solve the DCA is-
sue, which is not a direct application of existing RL
models.

3 System model and problem formula-
tion

We consider a typical DSRC-based vehicular
network with K available channels K = {1, 2, ...,K}.
According to the IEEE 802.11p/1609.4 specification,
a vehicular source needs to first negotiate with its
destination over the CCH to select a good SCH.
Then, after the source switches to the selected target
SCH from the CCH, the source additionally sched-
ules a proper backoff before actually transmitting
its data over this SCH. In this situation, without
an appropriate channel assignment mechanism, the
source–destination pair may fail in data transmission
or the performance may significantly decrease due to
the potential serious collisions when large-scale com-
munication pairs are activated over the same SCH at
the same time. Therefore, we need to design a chan-
nel assignment mechanism for each communication
pair. Moreover, the following challenging aspects
should be taken into consideration:

1. Dynamic communication requirements. Di-
verse vehicular applications will impose heteroge-
neous and time-varying requirements on vehicular
communications, which can lead to time-varying oc-
cupancy of SCHs. Thus, it is highlighted that the
channel assignment needs to adapt itself to the dy-
namic communication requirements.

2. Increased complexity with existence of large-
scale transmission pairs. The large-scale vehicular
nodes can exacerbate the complexity of the overall
scenario and the intensity of data collisions, which
further results in unpredictable and highly time-
varying channel evolution.

3. The lack of centralized control and infras-
tructure. Each vehicular node can obtain neither
the global information on the network performance
nor the decision-making actions of all the other
nodes. This implies that a direct global optimization
paradigm may be infeasible for the fully distributed
situation.

By incorporating the above considerations, we
map the problem into the RL formulation as follows:

1. State. Let Si = {Si1,Si2, . . . ,SiT } be the
set of time-varying states that can be directly ob-
served by node i ∈ Mt. Specifically, node i ob-
serves SiT by counting the sending and receiving
information of clear-to-send (CTS)/request-to-send
(RTS) frames over CCH, as well as that of receipt
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acknowledgement (ACK) frames over the SCH,
where Sit (1 ≤ t ≤ T ) represents the state in the
tth time slot and Mt is the set of network nodes in
the tth time slot. The duration of each time slot is
set to 100 ms, which is the synchronization inter-
val (SI) specified in IEEE 802.11p/1609.4. Specifi-
cally, Sit = [HHHit, lit, zi(t−1)] consists of three types
of CSI: (1) HHHit is the vector containing the number
of CNPs selecting each channel in the tth SI, i.e.,
HHHit = [h1it, h2it, . . . , hKit], where hkit (1 ≤ k ≤ K)
denotes the number of CNPs intending to transmit
packet over the tth channel; (2) lit denotes the lo-
cal communication requirement of node i; (3) zi(t−1)

denotes the backoff window size of the (t− 1)th SI.
2. Action. Ait = [kit, wit] ∈ Ai = {Ai1,Ai2,

. . . ,AiT }, where kit represents the index of the
SCH selected in the tth SI by node i (kit ∈ K =

{1, 2, . . . ,K}) and wit represents the index of each
type of backoff action. Specifically, we consider that
each transmitter can take three types of backoff ac-
tions, denoted by the set W = {W1,W2,W3}, where
W1 denotes that the transmitter maintains the cur-
rent backoff window size as zit = zi(t−1), W2 denotes
that the transmitter increases the backoff window
size as zit = 2zi(t−1) + 1, and W3 is the action that
the transmitter reduces the backoff window size to
zit = [zi(t−1) − 1]/2.

3. Reward. We use rit(Sit,Ait), rit ∈ Ri =

{ri1, ri2, . . . , riT }, to denote the reward perceived by
a source node i in the tth SI. To be specific, we take
the demand dynamics of the upper-layer application
and the communication performance into considera-
tion, so we formulate the node’s reward by

rit(Sit,Ait) =

(
mrecv

mtrans

)ψ(
mrecv

mtrans +mqueue

)β
,

(1)
where ψ and β are two positive weights, mtrans de-
notes the number of packets transferred by node i
in the tth SI, mqueue denotes the number of packets
waiting in the buffer queue that need to be trans-
ferred in the tth SI, and mrecv denotes the number
of packets successfully delivered to the receiver by
node i in the tth SI. Note that the sum number of the
packets already transferred and those in the buffer,
i.e., mtrans +mqueue, represents the time-varying de-
mand of an upper-layer application, assuming that
the set of other n neighboring CNPs’ local rewards
is R

′
it = {r′it1, r′it2, . . . , r′itN}, where r′itn is the local

reward of node i’s nth (n = 1, 2, ..., N) neighboring

CNP in the tth SI.

4. State transition probability. Given the cur-
rent state Sit and action Ait = [kit, wit] in the tth SI,
the probability that node i transits to another state
Si(t+1) in the (t + 1)th SI is denoted by pit(S ′

i(t+1) |
Sit,Ait), where S ′

i(t+1) ∈ S
′
i = {S ′

1,S ′
2, . . . ,S ′

U} (S′i
is the set of all possible states observed by node i).

To achieve collaborative optimization of multi-
ple agents in a distributed manner, we propose a
novel reward formulation with a weighted sum strat-
egy, termed “consensus reward,” which is motivated
by locally sharing and combining individual rewards.
Specifically, the consensus reward is constructed as
follows:

Rit(Sit,Ait) = rit(Sit,Ait)+
∑

r′itn∈R
′
it

αitnr
′
itn(Sit,Ait),

(2)
where αitn is the weight of the nth neighboring CNP.
Given the current state Si1 observed by node i, we
need to find the best action sequence Ai to maximize
the following overall expected reward:

Vi(Si1,Ai1) = E

[ T∑
t=1

γt−1Rit(Sit,Ait)

]
, (3)

where γ ∈ [0, 1] is the discount factor. Let πi be
a strategy of node i, i.e., a probability distribution
over sequences Si and actions Ai. According to the
transition probabilities, we can further obtain

V πi

i (Si1) =E

[
Ri1(Si1,Ai1)

+ γ
∑

S′
i2∈S

′
i

pi1(S ′
i2 | Si1,Ai1)V

πi(S ′
i2)

]
.

(4)

Finally, the problem of looking for the action
sequence that maximizes Vi(Si1,Ai1) in Eq. (3) is
transformed into finding the action strategy π∗

i that
maximizes V πi

i (Si1) in Eq. (4). That is, π∗
i satisfies

the following expression:

π∗
i = arg max

πi∈Π
V πi

i (Si1), (5)

where Π is the set of action strategies.
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4 The proposed channel assignment
mechanism

4.1 Multiagent RL-CDCA

Here, we resort to the RL theory to solve prob-
lem (5). In reality, there may exist a quite large num-
ber of states and actions in the multiagent system
such that it is impractical to record a Q-table to map
every state–action pair into a Q-value. Thus, the
conventional Q-learning mechanism is impractical to
address the curse of dimensionality. Instead, we re-
fer to the neural network as a nonlinear function ap-
proximator to estimate the large-scale action-value
mapping. Specifically, we construct two neural net-
works, i.e., two dual neural networks, one of which—
denoted by Q(SSSitθ, kit; θ)—is used for channel se-
lection and the other—denoted by Q(SSSitδ, wit; δ)—is
used for backoff adaptation. Here, θ and δ denote the
weights of the dual Q-networks, and SSSitθ = [HHHit, lit]

and SSSitδ = [lit, zi(t−1)] denote the inputs of the
dual Q-networks. Fig. 2 shows our methodological
framework.

Another issue to be handled for implementation
of RL with the dual Q-networks is to guarantee the
convergence of the Q-networks. In this study, we use
experience replay and target networks to improve
the stability of the Q-networks. During the train-
ing process, each newly generated experience tuple

(Sit,Ait, Rit,Si(t+1)) is stored in the replay mem-
ory Ω with a size Ωq. The Q-networks begin to be
trained when the number of tuples in replay memory
Ω reaches a threshold C. To speed up the training,
everyF steps, we randomly sample a set of minibatch
tuples SAi = {(Sis,Ais, Ris,Si(s+1))} from Ω with
a size Iq, where s denotes the SI index of a sample.
Then, each Q-network can be trained by minimizing
the following loss function over the minibatch tuple
SAi:

L(G) = E
{
[YisG −Q(SisG,AisG;G)]

2
}
, (6)

where G = θ or δ and AisG = kis or wis. Thus, YisG
is the target value, and can be evaluated as follows:

YisG = Ris + IAi(s+1)G �=∅(Ai(s+1)G)

· γ max
AisG∈A

Q̂(Si(s+1)G,AisG;G
−), (7)

where A = K or W and IAi(s+1)G �=∅(Ai(s+1)G) =

1 when Ai(s+1)G �= ∅. Otherwise,
IAi(s+1)G �=∅(Ai(s+1)G) = 0, and Q̂(Si(s+1)G,

AisG;G
−) is the target network with the same

structure. The training algorithm is provided in
Algorithm 1.

It is noteworthy that our DCA method fol-
lows a distributed online multiprocess implementa-
tion. In other words, the policy learning process
and decision-making process can be performed in

Fig. 2 Scenario of multiple coexisting communication node pairs (CNPs) driven by multiagent RL-CDCA
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a parallel online manner. The long-term decision-
making experience represented by a series of state ac-
tions and Q-value samples are continuously recorded
based on the continuous interaction between agents
and their environment, and the agents’ policies are
continuously updated according to their learned ex-
perience. Meanwhile, each agent can make decisions
according to its learned policy in successive channel
assignment slots.

Algorithm 1 Multiagent RL-CDCA
Require:
1: Initialize sampling threshold C, training cycle F ,

update cycle J , memory size Ωq, minibatch tuple
size Iq, the ε-greedy policy, Q-networks θ and δ with
random weights, and target Q-networks θ− = θ and
δ− = δ

Ensure:
2: for t = 0 → +∞ do
3: if in CCH interval then
4: Each CNP coordinates SCH kit by RTS/CTS
5: end if
6: if in SCH interval then
7: Each CNP switches to its SCH kit
8: Source randomly backs off t ∈ [0, zit]

9: Source observes Si(t+1)

10: Each CNP transmits service data
11: end if
12: if next CCH interval then
13: Source calculates local reward by Eq. (1)
14: Source broadcasts rit
15: end if
16: if next SCH interval then
17: Source calculates the consensus reward by

Eq. (2)
18: Store tuple (Sit,Ait, Rit,Si(t+1)) in memory Ω

19: end if
20: At every F steps, randomly sample a set of mini-

batch tuples SAi = {(Sis,Ais, Ris,Si(s+1))}
21: Train the dual Q-networks by the root mean

square propagation (RMSProp) algorithm
22: At every J steps, update the target networks with

weights
23: θ− = θ and δ− = δ

24: end for

4.2 Complexity analysis

The training algorithm includes normalization,
replay buffer, dual Q-network approximators each
with four neural networks, and target dual Q-
network approximators, while the trained algorithm

is made up of only normalization and dual Q-network
approximators. Next, we separately analyze the
time complexity (computations) and space com-
plexity (memory) of the training and trained RL-
CDCA, wherein the time complexity is represented
by the number of floating point operations per sec-
ond (FLOPS).

4.2.1 Training

Since the VANET network environment changes
constantly, the normalization has to be conducted
at all steps during the training stage. The time
complexity of state normalization is N(Sit), where
N(Sit) is the number of variables in the state set Sit.
To avoid repeated calculations, the algorithm has
to record the means and standard deviations of the
state variables, so the space complexity of normal-
ization is 2N(Sit). The experience replay buffer in
RL-CDCA occupies some space to store Sit. Hence,
the space complexity is the size of minibatch tuple
N(Iq).

For neural networks, the computation of activa-
tion layers needs to be analyzed. When calculating
FLOPS, addition, subtraction, multiplication, divi-
sion, exponentiation, square root, and so on are usu-
ally counted as a single FLOPS. The computation
is X with X inputs for rectified linear unit (ReLU)
layers, 4X for sigmoid layers, and 6X for tanh layers
(Qiu et al., 2019).

The input Sit is a state set of continuous val-
ues, not an image. Hence, there is no convolution
layer in the channel selection net θ or the backoff
adaptation net δ, and only fully connected layers
are present. Assuming that each net in the dual Q-
network has N(Q) fully connected layers, and con-
sidering the bias of adding in fully connected layers
and the target dual Q-network, the time complexity
can be calculated as follows:

4

[
vact

N(Q)−2∑
n=1

N(Q)n +

N(Q)−1∑
n=0

N(Q)nN(Q)n+1

]

= O

(N(Q)−1∑
n=0

N(Q)nN(Q)n+1

)
,

(8)

where N(Q)n represents the unit number in the nth

layer,N(Q)0 equals the size of Sit, and vact indicates
the corresponding parameter determined by the type
of the activation layer.



1054 Wang et al. / Front Inform Technol Electron Eng 2020 21(7):1047-1058

For a fully connected layer, there is an
N(Q)n ×N(Q)n+1 weight matrix and an N(Q)n+1-
dimensional bias vector. Hence, the memory of one
fully connected layer is [N(Q)n + 1]N(Q)n+1. Be-
cause the activation does not need to save weights,
the space complexity of the dual Q-network and its
target network is formulated as follows:

4

N(Q)−1∑
n=0

[N(Q)n + 1]N(Q)n+1

= O

(N(Q)−1∑
n=0

N(Q)nN(Q)n+1

)
. (9)

For each training step, the computation of the
consensus reward is N(r′itn), where N(r′itn) is the
number of individual rewards shared by neighboring
nodes. Therefore, the overall time complexity of our
training algorithm is represented as follows:

4

[
vact

N(Q)−2∑
n=1

N(Q)n +

N(Q)−1∑
n=0

N(Q)nN(Q)n+1

]

+N(Sit) +N(r′itn) = O

(N(Q)−1∑
n=0

N(Q)nN(Q)n+1

)

+O(N(Sit)) +O(N(r′itn)),
(10)

and the overall space complexity of our training al-
gorithm is as follows:

4

N(Q)−1∑
n=0

[N(Q)n + 1]N(Q)n+1 +N(Sit) +N(Iq)

= O

(N(Q)−1∑
n=0

N(Q)nN(Q)n+1

)
+O(N(Sit))

+O(N(Iq)).

(11)

4.2.2 Trained RL-CDCA

After training, there is no replay buffer, target
dual Q-network, or consensus reward calculation in
the trained algorithm. Only state normalization and
dual Q-network approximators are needed. There-
fore, the time complexity of the trained algorithm is
as follows:

2

[
vact

N(Q)−2∑
n=1

N(Q)n +

N(Q)−1∑
n=0

N(Q)nN(Q)n+1

]

+N(Sit) = O

(N(Q)−1∑
n=0

N(Q)nN(Q)n+1

)

+O(N(Sit)),
(12)

and the space complexity is as follows:

2

N(Q)−1∑
n=0

[N(Q)n + 1]N(Q)n+1 +N(Sit)

= O

(N(Q)−1∑
n=0

N(Q)nN(Q)n+1

)
+O(N(Sit)).

(13)

5 Performance evaluation

5.1 Simulation parameters

We perform extensive comparative simulations
to show the performance of our proposed method.
Specifically, the algorithms and simulations are im-
plemented using a well-known VANET simulator
Veins (http://veins.car2x.org/) and a C++ library
MLPACK (http://www.mlpack.org/) for machine
learning. The simulation scenario (Fig. 3) is a part
of a scenario based on the city of Erlangen in Bavaria,

Erlangen

Fig. 3 Simulation scenario
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Germany. Based on the observation of the simula-
tion, assume N(r′itn) = 10 when analyzing the com-
plexity. The parameter setting and complexity anal-
ysis results are given in Table 1. The major proce-
dures involved in the simulations are shown in Fig. 4.
We compare our method with four existing schemes:

1. Random assignment scheme (Random). Each
CNP randomly selects SCH in each SI.

2. Greedy selection scheme (Greedy). Each
CNP selects SCH with the smallest number of
subscribers.

3. Fixed channel assignment scheme (Fixed).
Every CNP transmits data over an SCH during the
whole simulation and does not change its target SCH.

4. Decentralized Q-learning (DQ). This is a Q-
learning-based decentralized wireless communication
resource allocation method for the V2V communica-
tion scenario. It is a DSRC-based variant of the
method proposed by Ye et al. (2018).
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Fig. 4 Flowchart for simulations

The packet delivery ratio, one-hop packet delay,
and fairness of packet delivery ratio are used as per-
formance metrics. In this study, these three metrics
are defined as follows:

1. Packet delivery ratio. This is the average

Table 1 Simulation parameters

Parameter Value

Channel size K 4
Density ρ [50, 200, 400] (vehicles)
Discount factor γ 0.8
Learning rate α 0.01
Sampling threshold C 10
Training cycle F 100 ms
Number of update steps J 20
Memory size Ωq 100
Minibatch tuple size Iq 10
ε-greedy policy 10%
ψ, β, ∀αitn 1
Number of fully 4

connected layers, N(Q)

Number of units 10
in each layer, N(Q)n

Activation ReLU
Training computation 1296
Training memory 1492
Trained computation 646
Trained memory 674

transmit success rate of service data packets sent
in an SCH interval. We calculate it as %Ratio =

Msgr/Msgs × 100, where Msgr and Msgs are the
service packets that are successfully received and
sent, respectively, by all nodes during the entire
simulation.

2. One-hop packet delay. This is the average de-
lay of service packets transmitted between the source
node and the application layer of the destination
node. We calculate it as Delay = T total/Msgr, where
T total (s) is the total delay of all successfully received
service packets during the entire simulation.

3. Fairness of packet delivery ratio. This is
the fairness of a set of packet delivery ratios where
there are n vehicular connections. We calculate it

as Fairness(x1, x2, . . . , xn) =
(
∑n

i=1 xi)
2

n
∑n

i=1 x
2
i

, where xi

is the packet delivery ratio of the ith connection
(Jain et al., 1998). The fairness ranges from 1/n

(the worst case) to 1 (the best case). The result
is k/n when k connections equally share the chan-
nel resource and the other n− k connections receive
zero allocation. We can use this metric to identify
underutilized channels.

5.2 Results

Fig. 5 shows the convergence of the multia-
gent RL-CDCA. It can be seen that the Q-values
of different actions converge to a steady state
after about 1000 iterations. The average time of each
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iteration is ≤ 10 ms. From Fig. 6a, it can be seen
that increasing vehicle density can reduce the packet
delivery ratio due to the fact that more data colli-
sions occur in a denser traffic situation. Neverthe-
less, our method outperforms the other four methods
even in a highly dense situation. For instance, when
the number of vehicles is set to 400, our proposed
method can achieve a higher packet delivery ratio
of 13.83%, 21.98%, 16.97%, and 12.66% than the
Random, Greedy, Fixed, and DQ methods, respec-
tively. In the Random method, the channel selection
is random and current network conditions are not
considered; therefore, the Random approach is more
likely to choose a congested channel with increas-
ing vehicle density, resulting in significant reduction
in the packet delivery ratio. For the Fixed model,
each node’s SCH is fixed; therefore, compared with
the Random method, it is more difficult for the Fixed
model to avoid congested channels. This result shows
that the packet delivery ratio of the Fixed model is al-
ways lower than that of the Random model. Interest-
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Fig. 5 Convergence performance of the multiagnet
RL-CDCA

ingly, although the Greedy model always selects the
least-congested channel, its packet delivery ratio is
the lowest. This can be explained by the fact that the
Greedy algorithm obtains the congestion information
of each channel by the CTS command, which hardly
reflects the network change in time because of the
delay in CTS transmission; therefore, a large num-
ber of Greedy nodes may access the same channel
(the previous least-congested channel). Then, this
least-congested channel becomes the most congested
channel, and accordingly, the service packets of these
Greedy nodes are more likely to collide. Now, for the
DQ method, we believe that its packet delivery ratio
is lower than that of RL-CDCA mainly because of
the lack of multiagent cooperation; specifically, in the
case of highly dense situations, the nodes’ respective
optimal selections are much more likely to conflict,
which is similar to the Greedy method. Consider-
ing our multiagent RL-CDCA, it learns the channel
selection policy from experience and achieves mul-
tiagent collaborative optimization by the consensus
reward. Obviously, the performance of multiagent
RL-CDCA is significantly better than those of the
four existing mechanisms.

From Fig. 6b, it can be observed that the one-
hop packet delay can be increased by increasing the
vehicle density. This is because the busy duration
of each SCH can be increased when more communi-
cation nodes exist. In addition, Fig. 6b illustrates
that our method can achieve the lowest one-hop
packet delay under each situation. Even when the
vehicle density is high, the one-hop packet delay of
our method is 73.73%, 73.65%, 76.00%, and 74.07%
lower than those of the Random, Greedy, Fixed, and
DQ methods, respectively. The main reason is that
we jointly optimize channel selection and backoff

Fig. 6 Simulation results of different methods: (a) packet delivery ratio; (b) one-hop packet delay; (c) fairness
of packet delivery ratio
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adaptation, which enables the node to select the
optimal channel and access it at the optimal time,
thereby greatly reducing the channel access waiting
time and thus the one-hop packet delay. Moreover,
we compare the fairness of the global nodes’ perfor-
mances by introducing Jain’s fairness index (Jain
et al., 1998). From Fig. 6c, we find that our
method can achieve the best fairness performance.
Note that the Greedy, Fixed, and DQ models have
large variance in fairness in the low-density scenario.
Considering the Greedy and Fixed models, neither
of them balances communication resource allocation
well. Greedy suffers from its “misguided” channel se-
lection, and Fixed suffers from its “limited” commu-
nication resources. Simulation results show that the
smaller the base of resource allocation (the lower the
vehicle density), the more obvious this unfairness. In
the case of DQ, although it is a learning-based algo-
rithm driven by rewards to learn the optimal resource
allocation method, it does not learn a fair resource
allocation policy in the low-density scenario, which
proves the importance of multiagent collaboration in
the low-density scenario. In the Random method,
because of its random allocation of resources, its
fairness in resource allocation is relatively high. RL-
CDCA achieves regional collaborative optimization
by means of the consensus reward, which further im-
proves the fairness of resource allocation. To sum
up, Fig. 6 confirms the advantage of our proposed
method, which can achieve higher efficiency and bet-
ter fairness performance.

6 Conclusions

In this study, we have dealt with the challeng-
ing issue of DCA in VANETs by proposing a multi-
agent RL framework combined with dual Q-network
approximators. In this framework, each vehicular
node can jointly adapt its channel selection decision
and backoff window to the dynamic application de-
mand and channel condition. To achieve collabora-
tive optimization, we formulated a consensus reward
for neighboring nodes. Simulation results showed
that the proposed method significantly outperforms
the four existing methods in terms of efficiency and
fairness performance. To sum up, our main contribu-
tions are as follows: First, we have applied a dual RL
framework to jointly optimize the decision-making
behaviors of channel selection and backoff adaptation

in DSRC-based vehicular communications. Second,
we have used the consensus reward to replace the
global reward, which is difficult to achieve because
of the short CCH interval. The consensus reward
is the key to multiagent collaborative optimization
in DSRC-based scenarios. The results in this study
can be used to develop optimal channel access con-
trol and next node selection strategies for efficient
and reliable multihop routing applications. Another
research direction is to extend the multiagent chan-
nel assignment optimization paradigm to more com-
plex cooperation situations, where multi-hop routing
should be carefully modeled and integrated into the
policy learning and decision-making processes.
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