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Abstract—Current strategies for joint radar-communication
(JRC) rely on prior knowledge of the communication and
radar systems within the vehicle network. In this paper, we
propose a framework for intelligent vehicles to conduct JRC, with
minimal prior knowledge, in an environment where surrounding
vehicles execute radar detection periodically, which is typical in
contemporary protocols. We introduce a metric on the usefulness
of data to help the vehicle decide what, and to whom, data should
be transmitted. The problem framework is cast as a Markov
Decision Process (MDP). We show that deep reinforcement
learning results in superior performance compared to non-
learning algorithms. In addition, experimental results show that
the trained deep reinforcement learning agents are robust to
changes in the number of vehicles in the environment.

Index Terms—Deep reinforcement learning, resource alloca-
tion, joint radar-communication

I. INTRODUCTION

As the task of driving becomes increasingly autonomous,
vehicles are being equipped with a growing number and
variety of sensors. Vehicles are also being developed to drive
cooperatively with each other [1], which will necessitate high
data-rate transmission of sensory and perception information
between vehicles in the order of gigabits per second [2].

The use of the millimeter-wave (mmWave) band is often
regarded as a method to meet the demand for high data-rate
vehicular communication [2], [3]. However, commercialization
of mmWave technologies has raised concerns over interference
with automotive radar sensing [3]. Methods to jointly conduct
radar sensing and communication functions within a shared
frequency range are referred to as joint radar-communication
(JRC). Existing JRC strategies can be categorized into (i)
methods that use dual-function signals, and (ii) coordinated
transmission of dedicated radar and communication signals
through division in the time, frequency or spatial dimensions
[4]. A major advantage of the second category is that existing
hardware for both radar and communication can be used.

A straightforward approach to coordinated transmission is
to allocate portions of time or frequency in a fixed manner.
More adaptive methods such as deep reinforcement learning
(DRL) were proposed in [5]–[7]. Key advantages of the
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learning-based approach are that prior knowledge of system
parameters is not required, and that the system can respond
to instantaneous changes in the environment. Division of
space, on the other hand, can be achieved through the use
of beamforming. Beamforming has been separately proposed
for both radar detection and communication methods [8], [9].
However, at the time of writing, the authors are not aware of
a unified beamforming technique for JRC that maximizes the
signal-to-noise ratio (SNR) of the network users by exploiting
their changing spatial locations.

In a cooperative driving setting, the need to transmit high
data-rates within the constraints of the allocated frequency
spectrum, time and space raises further challenges. Cooper-
ating vehicles must decide what, and to whom, information
should be transmitted at any given point in time. These
decision-making problems may be guided by the “age of
information” (“AoI”), defined as the duration of time since
the last received packet was generated [10], as a performance
metric. In this paper, we are concerned with a further aspect
of data packets which we term the spatial signature: the
discretized spatial location represented by each packet of data.

The main challenge for intelligent vehicles in the near future
is the competition for wireless resources imposed by radar
sub-systems on surrounding vehicles that operate periodically
and independently. Periodic operation of sensory systems,
typical on contemporary vehicles, potentially causes noise to
the mmWave communication of the ego vehicle. Consequently,
in this paper, we develop a framework for an intelligent vehicle
to conduct JRC in an environment where surrounding vehicles
execute radar periodically.

We propose the framing of our JRC problem as a Markov
Decision Process (MDP) where the ego vehicle simultaneously
decides: (i) how to divide time for JRC, (ii) the content of data
to be transmitted, and (iii) the direction in which the chosen
data is transmitted. To aid decision-making, we propose a met-
ric for the usefulness of a data packet to the receiving vehicle
in terms of the data’s AoI and spatial signature. The overall
objective is for the ego vehicle to maximize the transmission
of useful sensory information (based on our proposed metric),
subject to radar noise generated by neighboring vehicles. We
apply DRL to maximize performance based on the mentioned
objective. Our approach requires minimal prior-knowledge of
the vehicular network, scales linearly with the number of
vehicles, and is applicable to cooperative driving settings.

The paper is organized as follows. We review related work
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in Section II that motivates the system model we propose in
Section III. In Section IV, the system is then formulated as an
MDP. Methods to solve the MDP are proposed in V. Finally,
the performance of these methods are evaluated in Section VI.

II. RELATED WORK

In this section, we review literature in vehicle sensing
and perception, and machine learning for wireless resource
allocation. Based on this, we propose a unified framework for
intelligent time allocation and data sharing for JRC.

A. Vehicle Sensing and Perception

The types of sensors fitted to autonomous vehicles include
cameras, LIDAR and radar. Sensory data is combined through
“sensor fusion”, which results in more certainty [11]. Certainty
in environmental perception can be gained through a number
of mechanisms which we review below.

Complementary strengths: Different sensors have different
strengths. For example, LIDAR and radar are better at measur-
ing the distance of an object to the vehicle, whereas camera
systems are better at object recognition [12]. Radar sensing
also excels at measuring the velocities of surrounding objects,
and is robust to deterioration in visibility due to adverse
weather conditions such as fog or heavy precipitation [12].

Sampling rate: Methods to adjust the sampling rate of indi-
vidual sensors have been proposed by [13]–[15] and reviewed
in [16]. The general strategy is to increase the sampling rate of
a sensor node when it observes an interesting event [13], [14],
or when a proposed error criterion exceeds a predetermined
bound [15]. Motivating factors for adaptive sampling rates
include constraints on energy use, overall system bandwidth,
and computational power. JRC in an automotive setting is
similarly constrained by bandwidth availability.

Sharing data: Sensors on nearby vehicles can provide the
vehicle of concern with higher sensor redundancy, or even
reveal data on objects that are fully or partially obstructed
from view. We illustrate an example in Figure 1.

Fig. 1: A schematic of the dual carriageway environment

Unfortunately, camera and LIDAR sensors produce a high
data rate of 100− 700 Mb/s and 10− 100 Mb/s respectively
[2]. This means that current 4G systems are inadequate for
the transmission of raw sensory data by O(10). On the other
hand, the use of mmWave systems will likely enable sharing
of sensory data on the order of gigabits per second.

B. Machine Learning for Wireless Resource Allocation

The management of finite wireless resources is often for-
mulated as an optimization problem to maximize throughput,
transmission power, or more recently, AoI. These approaches
require an accurate mathematical model of the system. Such
information may be difficult to identify in practice, or result
in non-convex or high-dimensional problems [17]. As such,
recent studies use deep neural networks, which allow for the
learning of high-dimensional problems with minimal prior
knowledge of system parameters. Framing the problem under
the reinforcement learning paradigm offers further advantages.
While supervised learning requires a dataset of correct re-
sponses to environmental inputs, reinforcement learning relies
only on a reward signal given by the system model.

III. SYSTEM MODEL

We consider a vehicular system consisting of a set N of
N = |N | vehicles traveling along a dual-carriageway. All
vehicles within each lane travel at the same speed, with
vehicles on the outer lane traveling at higher speeds. All
vehicles have the same radar and sensory capabilities. As
time advances, each vehicle collects data through its sensory
perception systems, and stores the data in its memory.

At each time step, each vehicle chooses between transmit-
ting sensory data and radar detection. If a vehicle decides to
communicate, it chooses which data in its memory to transmit,
and in which direction (through beamforming). Any received
data deemed as useful is stored in the memory of the receiving
vehicle, and may be re-transmitted in subsequent time steps.
Consequently, the task of communication can be viewed as a
message-passing problem.

In our proposed system, radar sub-systems on surrounding
vehicles that operate periodically and independently, as is
typical on contemporary vehicles. This causes potential inter-
ference to the mmWave communication of the ego vehicle. In
contrast, our proposed intelligent vehicle learns to schedule its
radar and communication operation based on its environment.
The system objectives of our intelligent JRC system are:

1) To decide when to perform radar detection instead of
communication, with the aim of obtaining more accurate
measurements of the speeds of surrounding objects.

2) To predict which data is the most useful to transmit.
3) To predict the direction of vehicles that would find the

transmitted data most useful.
4) To choose the best time step to maximize the SNR for

communication.
The system, from the perspective of the ego vehicle, is
modeled as an MDP, which we describe in Section IV. The
mentioned system objectives are expressed mathematically in
the form of the reward function of the MDP.

IV. PROBLEM FORMULATION

Our proposed problem of real-time radar-communication
scheduling data sharing is formulated as an MDP. Details on
the observation space, environment transition model, action
space and reward function are described further in this section.
Since each vehicle in the environment acts independently, we
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also refer to them as agents. The intelligent vehicle of concern
is referred to as the “ego vehicle”.

A. Observation

The ego vehicle’s observation o, as defined in (1), consists
of several features describing the local environmental condi-
tion, the configuration of its surrounding vehicles, as well as
the sensory data accumulated by the ego vehicle.

o = [α, e,x,v,d,dθ]. (1)

The scalar quantity α represents the age of radar information
last gathered by the ego vehicle (i.e. the number of time steps
elapsed since the vehicle last chose to perform radar detection).
The environmental vector e = {w,m, v} contains three
environmental features that are indicative of how important it
is to perform radar detection at a given time step. The feature
w indicates the weather condition, m indicates the presence of
moving objects nearby, and v is the speed of the ego vehicle.
Each environmental feature is ranked on an integer scale such
that {w,m, v} ∈ {0, 1, . . . , E}. A ranking of zero indicates
the safest possible condition, while higher values represent
increasing levels of risk. For example, w = 0 would indicate
clear and sunny weather with excellent visibility, while higher
values indicate poor visibility due to weather conditions such
as heavy precipitation or fog. Higher values of m and v would
indicate the presence of a moving object nearby, and high
speed of the ego vehicle respectively.

The vectors x ∈ R2(N−1) and v ∈ RN−1 represent the
positions and velocities respectively of each of the other N −
1 vehicles, relative to the ego vehicle. The position of each
vehicle is two-dimensional across the plane of the road, while
the velocity is one-dimensional since we consider only one-
dimensional travel along a straight road.

(a) (b)

Fig. 2: Sample schematics of (a) dθ and (b) d

The features d and dθ represent scalar fields discretized
in the spatial domain that indicate scalar quantities associ-
ated with sensory data available in the memory of the ego
vehicle. Represented as two-dimensional arrays, the origins
of d and dθ correspond to the instantaneous position of
the ego vehicle. The array d ∈ RA×B indicates the AoI
corresponding to locations for which the ego vehicle has
sensory data. Data exceeding a maximum age of αmax is
considered to be expired and is deleted. Thus, each element of
the array dab ∈ [0, αmax]. Feature dθ describes the azimuth,
relative to the traveling direction of the ego vehicle, of each
data point. The azimuth of the available data is discretized
according to the cardinal directions with respect to the ori-
entation of the ego vehicle, so the space for this feature is

dθ,ab ∈ {F,R,B,L, null} = Dθ∪null, where F , R, B and L
represent the directions front, right, back and left respectively,
and null represents the absence of data for the coordinate ab.

B. Action

The set of actions A comprises radar detection aradar and
combinations of decisions on which data to transmit ad, and
in which direction to transmit the data aθ, along with a null
action. The set of choices of data to transmit ad matches the
discrete set of data azimuth states dθ. Points in the vehicle’s
memory with feature dθ that matches the action choice ad are
transmitted. Expressed mathematically, the features of the data
transmitted by a vehicle are:

d<send>
θ = 1ad

(dθ), (2)

d<send> = d<send>
θ ◦ d, (3)

where 1ad
(·) is an indicator function for values equal to ad,

and the operator ◦ is the Hadamard or element-wise product.
The direction of data transmission aθ is selected from

a discrete set, based on the hardware capabilities of the
vehicle. The entire action set can thus be represented as
A = {(ad, aθ)|ad ∈ Ad and aθ ∈ Aθ} ∪ {(aradar, null)}.

When the data selected for transmission by vehicle i is
directed towards neighboring vehicle j, the scalar fields as-
sociated with transmitted data are translated by the positional
difference between vehicles i and j, such that the origin of the
data received by vehicle j matches its instantaneous position.
The features of the data received by vehicle j can be expressed
mathematically as:

d<rec>
ji (x1, x2) = d<send>

ij (x1 + x1,ji, x2 + x2,ji), (4)

d<rec>
θ,ji (x1, x2) = d<send>

θ,ij (x1 + x1,ji, x2 + x2,ji), (5)

where x1 and x2 are the two-dimensional coordinates of the
data field, and x1,ji is the position of vehicle j with respect
to vehicle i. The total data received by vehicle j from all the
vehicles in the environment is the sum:

d<rec>
j =

∑
i∈N\j

d<send>
ij . (6)

C. Transition Model

Vehicle headway is the duration of time between successive
vehicles passing a given point on a lane [18]. We assume free-
flowing traffic that is identically and independently distributed
over the length our road-segment of concern, and so model
the arrival of vehicles using a Poisson distribution [18]. By
assuming that each time step of the MDP is sufficiently small,
the arrival of vehicles into the environment can be modeled by
a Bernoulli distribution. The arriving vehicles are uniformly
distributed across all lanes in the environment.

As a vehicle advances forward into the next time step, its
data increases in age by one, and all data features are translated
by the distance traversed (since their origins are relative to the
vehicle’s instantaneous position). New data may be acquired
by the vehicle’s sensory and perception systems, or received
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from a neighboring vehicle. Expressed mathematically, the
transition function of the data age feature is:

dt+1(x1, x2) =(dt + 1Dθ
(dθ,t))((x1 + vt ×∆t), x2)

+ d<new>
t + d<rec>

t

(7)

dθ,t+1(x1, x2) =dθ,t((x1 + vt ×∆t), x2)

+ d<new>
θ,t + d<rec>

θ,t

(8)

where dt+1 is the data age feature at time t, ((x1 + vt ×
∆t), x2) indicates a translation of the data age scalar field by
the distance vt × ∆t traveled in the last time step, d<new>

t

is the scalar field of ages of newly perceived data on the
environment, and d<rec>

t is the scalar field of the age of data
received from neighboring vehicles.

When a transmission arrives at a targeted vehicle j, the
power received from the ego vehicle i is given by:

Pij =
PtG

2λ2

(4π)2x2
j

, (9)

where Pt is the transmission power at the ego vehicle (the
source), G is the transmission and receiving antenna gain, λ is
the transmission wavelength, and xj is the position of vehicle
j relative to the ego vehicle.

At the receiving device on the receiving vehicle, the SNR
for the signal measured at the receiving vehicle j is:

SNRij =
Pij∑

k∈N\i σk
, (10)

where
∑

k∈N\i σk is the sum of radar noise produced by
other vehicles k. We model communication under a Binary
PSK scheme, and the interfering radar noise as additive white
Gaussian noise (AWGN). It follows that the bit error rate
(BER) of the received signal of concern may be given by
the following equation:

BERij = Q(
√
2× SNRij), (11)

where Q(·) is the Q-function. For our problem, we can
alternatively interpret the success rate of transmissions as:

ηij = (1−BERij). (12)

D. Reward

The reward at each time step t is a weighted sum of two
parts. The first part of the summation encourages the vehicle
to maximize SNR, while also transmitting the most useful data
with the lowest possible age. The last term, rradar, encourages
the vehicle to perform radar detection when necessary.

r(o, (ad, aθ)) = wcomm(rSNR×rdata)+wradarrradar, (13)

where wcomm and wradar are weights that we tune to balance
the relative importance of communication and radar functions.

The term rSNR encourages the ego vehicle i to maximize
the SNR of its data transmission at the intended receivers.

rSNR =
∑

j∈N\i

ηij . (14)

The term rdata encourages the ego vehicle to send data that
is more useful to other vehicles, and is defined as follows:

rdata =
∑

j∈N\i

vj

(∑
a,b

(Wj)ab◦

(
max(0, αmax − (d<rec>

j )ab
))

,

(15)

where Wj is weight array representing how much the re-
ceiving vehicle j values data at each positional coordinate
(a, b). The level of risk vj is linked to vehicle j’s individual
state, and describes how much it values help in perceiving
its environment. In our model, we consider increased vehicle
speed to result in an increased requirement for sensory data.

In our simulated environment, the importance of performing
radar sensing is linked to the environmental condition as
described by the local state vector e, and the age of radar
data gathered by the ego vehicle:

rradar = −1a ̸=aradar

(
exp(eβ)× f(α)

)
, (16)

where 1a ̸=aradar
is the indicator function for actions that are

not radar detection aradar, β is a coefficient vector, and f(α)
is a non-decreasing function of α. The formulation for rradar
shows that when a communication action is chosen instead
of radar detection, a higher penalty is received when the
environmental features indicate more unfavorable conditions.
Similarly, a higher penalty will be received as the time from
the previous radar detection α increases, since this results in
higher uncertainty on the perceived environment. The exact
function f(α) can be selected depending on the system
parameters. In our experiments, we use f(α) = 1Z+(α), a
formulation known to encourage reduction in the average value
of the quantity of concern (i.e. α) in reinforcement learning.

V. METHOD

We propose solving the problem introduced in Section IV
with the DRL algorithms Advantage Actor Critic (A2C) and
Proximal Policy Optimization (PPO). They are compared with
non-learning algorithms that resemble contemporary protocols
on sensing and communication. Both A2C and PPO are chosen
because they do not rely on the Markov assumption and
knowledge of the entire system state s.

A. Deep Reinforcement Learning

Advantage Actor Critic (A2C): The goal of reinforcement
learning is to learn to make decisions within an MDP, so as
to maximize the expected sum of discounted rewards:

J(θ) = Es∼Prπθ ,a∼πθ

[
T∑
t=i

γt−irt

]
, (17)

where Prπ is the probability distribution of states under a
policy πθ, γ is the discount rate, and rt is the reward at time
t as defined in 13. The A2C algorithm directly minimizes this
objective function. It is described in detail by [19].

Proximal Policy Optimization (PPO): Policy-based algo-
rithms such as A2C are known to have high variance, resulting
in fluctuations in the reward obtained. PPO [20] counters this
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problem by limiting the size of each update through optimizing
a surrogate objective function instead. Theoretical assurances
on convergence are discussed in [20].

B. Benchmark Non-learning Algorithms

Round Robin: This non-learning algorithm acts indepen-
dently of the agent’s environmental state, imitating how an
industrially available system might operate. At every kth time
step, the agent performs omni-directional radar detection. For
the (k − 1) time steps in between, the agent cycles through
the set of all possible actions. An example action sequence
is {at=1, at=2, . . .} = (F, F ), (F,R), F,B), (F,L), . . .}. The
other N − 1 non-ego vehicles in the environment are pro-
grammed to act according to this algorithm.

Heuristic: In this algorithm, the agent chooses its transmis-
sion direction aθ such that it transmits to the nearest possible
vehicle. The agent selects the transmitted data to be ad = aθ.
This is based on the heuristic logic that the receiving vehicle,
if positioned to the left of the agent, would prefer receiving
data that was also gathered to the left of the transmitting agent.

VI. EXPERIMENTS

Firstly, in Section VI-A, the performance of our proposed
methods is evaluated in terms of the reward attained in each
episode in an 8-vehicle environment. In both the PPO and A2C
algorithms, the architecture of the neural networks are set to
be identical. Subsequently, in Section VI-B, we examine the
robustness of the trained DRL agents to changes in the number
of vehicles in the environment.

Fig. 3: Average total reward r per episode for each iteration
of the training process.

A. Performance

The training progress in terms of total reward achieved is
shown in Figures 3 to 5. The overall performance of the round
robin agent, as measured by total reward shown in Figure 3
is representative of the reward achieved by the remaining 7
vehicles, since they are configured to operate with the same
policy. Compared to the round robin agent, the agent following
our heuristic policy achieves a slightly lower reward. As shown
by the communication reward rcomm in Figure 5, the heuristic
policy is able to make better decisions on what data should
be transmitted to which vehicle. However, without a strategy

Fig. 4: Average total radar reward rrad per episode for each
iteration of the training process.

Fig. 5: Average total communication reward rcomm per
episode for each iteration of the training process.

for radar detection, the heuristic agent performs less well in
terms of radar reward rrad (see Figure 4). When the ego
agent is trained with either A2C or PPO, it achieves a steady
increase in reward in the training process, and outperforms
both the round robin and heuristic agents by a significant
margin. A higher maximum reward is achieved by the PPO
agent, which also demonstrates better stability than the A2C
agent. The simultaneous increase in communication reward
rcomm achieved by both reinforcement learning agents (Figure
5) indicates that they learned to transmit more information that
is useful to the other agents.

B. Effect of varying the number of vehicles

We devise a set of experiments with the objective of
determining how robust the learned solution of a reinforcement
learning agent is to the number of vehicles in the environment.
Firstly, we train PPO agents separately in environments where
the number of vehicles Ntrain are set to 8, 12, 16, 20 and
24 respectively. Subsequently, we test the trained PPO agents
in an environment with a different number of other vehicles
Ntest. For example, the PPO agent trained in an environment
with 8 vehicles is tested in environments with 12, 16, 20 and
24 vehicles respectively. Since the policy network for PPO
accepts an input size corresponding to Ntrain, we handle the
inputs at test time as follows: when the number of inputs to
the policy network is larger than the number of vehicles in the
environment (i.e. Ntrain > Ntest), the observation features
for non-existent vehicles are set to zero. Conversely, when
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Fig. 6: Total reward per episode obtained by agents trained
with different numbers of vehicles in the environment. The
x-axis shows the number of vehicles in the test environment.

Ntrain < Ntest, the agent only observes only the Ntrain

nearest agents by Euclidean distance.
The results are presented in Figure 6. We note that the

trained PPO agents perform better when Ntest = Ntrain.
Furthermore, they perform similarly when Ntest is close to
Ntrain, even without prior training in the test environment,
indicating that the learned solution has a degree of generality.
This generality is attested by the superior performance of
the PPO agents to the heuristic agent, despite operating in
a different environment. Interestingly, the agent trained in the
24-vehicle environment performed the best when Ntest ≥ 12.
This may be attributed to a wider distribution of observational
data in the training phase due to the presence of more vehicles.
The agent trained with Ntrain = 12 also performs well when
Ntest > 12. This may be attributed to the nearest vehicles
providing more useful information for decision making. Future
work may investigate these effects further.

VII. CONCLUSION

We proposed a problem framework for joint radar commu-
nication (JRC) by an autonomous vehicle that is subjected
to an environment where neighboring vehicles operate radar
detection periodically, as is typical in contemporary protocols.
We defined this as a Markov Decision Process (MDP) where
the ego vehicle simultaneously decides (i) how to divide time
between radar and communication functions, (ii) the content
of data to transmit, and (iii) the direction in which the chosen
data is transmitted, which effectively divides the available
frequency band in the spatial dimension. The overall objectives
were to maximize the throughput of useful data, minimize the
age of information (AoI) of data transmitted, and conduct radar
frequently enough for a sufficiently accurate measurement of
the positions and speeds of surrounding objects. Experiments
showed that solutions computed using deep reinforcement
learning achieved significantly better results than non-learning
algorithms, with the advantage of requiring minimal a priori
knowledge of the environment.
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