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Abstract— There has been recent work on the design of
antenna arrays for beamforming in dynamic evolving environ-
ments such as in vehicle-to-vehicle communication systems. A
key problem is that of determining how to optimally use a
large antenna array to communicate with multiple spatially
located vehicles in dynamically changing channel conditions
with minimal co-channel interference while minimizing overall
power consumption of the wireless system. We envision disjoint
subsets of antennas in the array being used to direct beams
concurrently to different vehicles. The number of antennas,
gain and phase of each RF-chain driving an antenna are
optimized dynamically using a constrained quadratic cost for-
mulation encompassing channel quality, interference and power
consumption. This quadratic optimization problem is solved
using behavior constrained bandit algorithm, a reinforcement
learning based technique. A gaussian kernel is used to perform
data clustering of vehicle environment and resulting solutions,
allowing quick bootstrapping of the bandit solver to find
optimal array configurations in real-time vehicle environments.
Simulation studies prove the viability of the proposed scheme.
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I. INTRODUCTION

Vehicular communication technology has gained impor-
tance in recent years due to increased focus on traffic safety
through use of intelligent traffic systems (ITS) [1]. The
Dedicated Short Range Communication (DSRC) protocol is
based on 5.9 GHz wireless systems with a transmission range
of 1000m. However, noisy dynamically changing channel
conditions in moving multi-vehicle environments necessitate
the use of antenna systems that can be used to focus transmit
energy in a particular direction [2] while minimizing the trans-
mitted energy in other directions. Besides, future vehicular
systems require high throughput, ultra-high reliability and
ultra-low latency. Multiple Input Multiple Output (MIMO)
antenna arrays operating in mm-wave spectrum can be used
to satisfy these stringent requirements under dynamic channel
conditions. But these systems pose several challenges such as
high power consumption of circuitry involved, high path loss
and low signal penetration [3].

Besides, unlike current vehicular communications that
operate based on transmissions which are omnidirectional,
mm-wave vehicular systems need to operate based on direc-
tional transmissions to compensate for the high path loss [4].
MIMO antenna arrays used for vehicular communication can
be divided into fixed sub-arrays to cater to vehicles in multiple
directions located around it or an entire array can be used to

communicate in a given direction. Use of entire array or array
divided into fixed sub-arrays poses challenges such as high
power consumption (as all elements in a given fixed sub-array
are used to communicate with a single vehicle irrespective of
surrounding wireless environment) and limit on number of
simultaneous vehicles an entire array can communicate with.
Further, current research is focused on developing mm-wave
MIMO antenna arrays operating on one mm-wave channel for
all Vehicle-to-Vehicle communications [5]. As a result of this,
the transmissions of pilot vehicle with vehicles other than the
intended vehicle, cause interference at the intended vehicle.
The key goal of this research is to develop learning-assisted
algorithms for optimal usage of beamforming antenna arrays
that operate at 60GHz, to enable a pilot vehicle to communi-
cate with multiple vehicles in its vicinity concurrently, while
minimizing power consumption and signal interference under
dynamically changing channel conditions. We assume that a
multiplexing architecture exists on baseband processing side
that enables switching and processing of data streams across
different radio frequency (RF) chains (each connected to an
antenna element).

With regard to prior work, Use of Alamouti coding and
MIMO techniques in V2V communications is presented in
[6]. There has been significant prior work on energy efficiency
of MIMO systems [7].In [2], a real-time antenna weight op-
timization framework for side-lobe, same frequency, interfer-
ence cancellation using the signal in the main communication
lobe of a linear antenna array as reference (pilot) is developed.
In [8], a neural network is trained to produce antenna weight
factors for a moving beam (number of antennas is fixed) and
a genetic algorithm based beam direction control is presented
in [9]. In contrast to the proposed research, the above algo-
rithms focus on fixed antenna array configurations and limited
numbers of users and are not suited to the automation of
complex dynamic vehicle communication environments that
are envisioned for the future.

II. PRELIMINARIES AND APPROACH

Consider the on-road scenario given in Figure 1. The pilot
car (P) communicates with three other vehicles Vi, V5 and
V3. In general, there could be more communicating vehicles.
The communication channel between P and vehicle V; is
characterized by a 3-tuple [#;, d; and SN R;], where 6; is
the angular position of V; relative to P, d; is the distance and



Fig. 1: Vehicle communica-

tion scenario Fig. 2: Rectangular array

SNR; is the SNR of the communication channel between P
and V; (only 6; is shown in Figure 1 for brevity). We assume
that P is equipped with an antenna array [10] to allow it to
simultaneously communicate with V7, V» and V5 and that each
antenna is associated with a unique RF chain where the gain
and phase of each chain can be adjusted independently. The
problem to be solved is defined as follows:

Optimal antenna array usage problem definition: Given N
neighboring vehicles V;, Vs, ..., Vv and the quality of the
channel between P and Vj, find the number of antennas and
phase and gain of corresponding antenna RF chains such that
effective communication between P and V; is established,
power consumption is minimized and beam side lobes towards
all other vehicles V;, j # ¢, are minimized to specified levels
to mitigate interference, for all 1 < ¢ < N. It is assumed
that the power consumption metric is directly proportional
and scales linearly with number of antenna elements chosen
for communication with V;

There are three aspects to the proposed approach in
solving the above problem. At every time step of the evolving
vehicle environment, we assume that the tuples X; = [0;, d;,
SNR;], 1 < i < N are regenerated and provided to our
algorithm. The vector X = [X;, X3, ..., Xn] of dimension
3N is input to the procedure below.

Step 1. Determining numbers of antennas per V;: First, the
number of antenna elements needed for P to communicate
with each vehicle is determined. Higher the number of an-
tenna elements, better is the antenna array pattern and less is
the interference caused at other vehicular locations [11]. But
higher the number of antenna elements, higher is the power
consumption. Hence, determining the number of antennas
per V; is a result of trade-off between power consumption
of antenna array at P and interference caused at all other
vehicles Vj, j # 4. This relies on a Gaussian kernel based
clustering algorithm that clusters the vector X and tags it
with the corresponding solution to the antenna usage problem
defined earlier. Incoming data X at the current time is mapped
to a cluster and the number of antennas n; per vehicle V;,
1 < i < N, corresponding to that cluster head is assigned
for communication between the pilot car P and vehicle V.
Accordingly, n; antenna elements in the array are selected to
enable the above communication.

Step 2. Finding antenna chain gains and phases: The so-
Iution to the vehicle environment given by the data cluster
generated by the Gaussian kernel to which the given tuple

X is mapped, is used as an initial condition (bootstrap) for
solving quadratic optimization that produces the gains and
phases of each antenna RF chain that solves the antenna
usage problem for communication between vehicles, P and
Vi. For N communicating vehicles, N such problems are
solved concurrently. The quadratic optimization problem is
solved using behavioral constrained bandit (BCB) algorithm
[12] which is a reinforcement learning (RL) method. In our
solution, we model the amplitudes and phases of antenna
array elements along with number of elements per vehicle as
actions. The learning environment is observed by observing
the antenna array patterns generated by choosing any action.
In this solution, there are two steps namely, the constraint
learning step and the online recommendation step. In the
first step, the constraints of quadratic optimization problem
are learned by randomly choosing the actions. In the second
step, the algorithm tries to minimize the power consumption
while satisfying the constraints learnt in previous step. This
is further explained in detail in Section IV.

Step 3. Updating clusters: With every incoming data X,
either a new cluster is formed based on a given similarity
metric or it is mapped to an existing data cluster. If X is
mapped to an existing cluster, the aggregated solution for
that cluster represented by the solution for the cluster head is
updated. The process is repeated from Step 1 for successive
time steps. Note that the objective of clustering is to enable
optimal beamforming solutions in near real-time (fractions
of a second) in dynamically evolving vehicle environments
by providing a known initial solution for unknown vehicular
environment.

III. ANTENNA ELEMENT ASSIGNMENT

At each time step, Gaussian kernel is used to map the
vector X to a cluster from prior iterations or to a new cluster.
Each cluster is associated with configurations that require a
given number of antennas (n;) required for communication
with V;, 1 < ¢ < N. Prior to formation of clusters,
initial number (n;) of antenna elements required for P to
communicate with each V; are determined by solving the
quadratic optimization problem using the BCB algorithm
which is discussed in the next section.

At a given time step, the unassigned elements in the entire
array are assigned in increasing order from left to right and
from top to bottom in a greedy manner, with a wraparound
at the end of each row. It is to be noted that this assignment
results in a pseudo-random element assignment in future time
steps due to the fact that the number of antenna elements
n; assigned for P-to-V; communication depends on SN R;.
Since SN R; changes across time steps, additional elements
are assigned or de-assigned as required, allowing un-assigned
elements to be allocated to other surrounding vehicles.

IV. POWER-OPTIMAL BEAMFORMING ANTENNA USAGE
FOR MULTI-WAY COMMUNICATION

Along with orientation of antenna elements, their input
amplitudes and phases determine the overall beam radiation



pattern. The field of the entire array is given by multiplying
the field of a single element placed at origin with its array
factor which depends on all the above said parameters [11].
For a rectangular array placed at the origin as shown in Figure
2, the array factor (AF) in the direction of 6 (AF(0)) is given
by Equation 1, where the amplitude and phase values of
corresponding RF chains attached to antenna elements located
at (x,y) position are represented by A, and 3, respectively.
A,y is taken to be zero when element at (X,y) is not being
used. The values of A,,, B, along with n; are given as
actions to the BCB algorithm. Each action is represented by
a variable *f’ which takes natural numbers as values.
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The received power (R;) at vehicle V; to detect a transrrgilt2
ted symbol depends on receiver sensitivity and channel SNR
[11]. Friis free space loss equation [13] gives the transmit
power (Sp;) at vehicle (P) required to receive power (R;)
at vehicle V; [13]. With increasing n;, Sp; increases but the
power consumption of entire array increases linearly with n;.
Also, while communicating with vehicle V; in the direction of
6; (see Figure 1), beam side lobe power in the directions 0,
J # % must be minimized for interference mitigation. To solve
the same, an optimization problem is defined as follows:

Minimize n; subject to |AF, (6;)> x K > Sp;,
|AF,,(0;)]> x K < Sp; — 10dB Vj # i In this,
AF,,(6;), AF,,(0;) is array factor of n; antenna elements in
0;,0; directions respectively. K is a multiplicative constant for
transmitted power, n; is number of elements for transmission
between P and V;, Sp; is power transmitted by P in V;
direction.

The first constraint ensures that enough power is being
transmitted in the direction of vehicle V; while the rest of
them ensure that the side lobe power in the direction of other
vehicles (Vj,j # 1) to be less than the main lobe power in
those respective directions by at least 10dB, thus minimizing
interference to a safe threshold value.

Given a vehicular environment X, in the BCB algorithm’s
first step, the agent randomly chooses actions and a feaching
agent determines whether chosen actions are acceptable by
computing the constraints. For an action f chosen at time t,
if all the constraints are satisfied, reward metric r;(t) is I and
otherwise, 0. Based on the reward, the agent updates its policy
(the probability of choosing an action) during this phase as
5. During the second phase of the algorithm, the agent again
randomly chooses an action (f) and gets a reward 7 ¢(t) which
is given by r(t) = —n; in f. This reward is the negative of
number of elements determined by action f to communicate
with vehicle V; and acts as a measure proportional to power
consumption [14]. Based on this reward, the agent updates
its policy of choosing action f during this phase as ;. Then
a weighted combination of p% and dy is calculated for each
action using a parameter & as (r%)+(1—#)ds. The combined
reward is also calculated in similar way. Based on this value

for all actions, given a vehicular configuration, the action
that results in maximum weighted combination of policies
is chosen and the actual reward is observed. The value of
k parameter is varied as shown in Section VI. The entire
algorithm follows [12] and is skipped here.

V. DATA CLUSTERING AND INFORMATION RETRIEVAL

The number of constraints in the optimization problem
increases with increase in number(N) of surrounding vehicles
as given by function f(N) = N(N — 1). With increase
in number of surrounding vehicles, number of optimiza-
tion variables increases leading to a very large dimensional
search space. Hence, clustering based on Gaussian kernels
[15] between vehicle configurations is performed to speed
up reaching the optimal solution for quadratic optimization
problem discussed above.

For clustering, 5000 vehicle configurations are generated
such that, in each configuration, number of vehicles varies
between 1 and 7 and SNR varies between 1 and 20dB.
The number of clusters (C) is chosen to be 64 as the
array considered at vehicle P is 8x8 and number of antenna
elements required for communication between P and V; can
vary between 1 and 64. Given all vehicle configurations, the
cluster heads are randomly assigned initially. A non-linear
Gaussian kernel is applied to calculate the similarity metric
between a given vehicular configuration and every cluster
head. All the vehicular configurations (vectors denoted by X)
are transformed into kernel space and the distance between
a given data point and cluster head in transformed space
is calculated as similarity metric. This similarity measure
criterion is given in Equation 2, in which m,. represents cluster
head of cluster ¢ and (X)) represents X in Kernel space.
The cluster head is updated using Equation 3, every time a
new point is added to the cluster. The Gaussian kernel used
is shown in Equation 4 in which X and X’ represent two
different configurations.

c=C
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VI. RESULTS

The optimization problem defined in Section IV is solved
using the BCB algorithm and the fraction of number of
constraints violated for a given vehicular configuration as
a function of number of configurations used for learning is
presented for varying values of s parameter in Figure 3(a).
The results of using clustering based initial solution is shown
in Figure 3(b). In Figure 3(b), the time taken for convergence
of the optimization of a vehicle configuration with N=7, as
a function of number of vehicles clustered is presented. It
can be seen that as the count of vehicles clustered increases,
the initial solution for new configuration is improved, thereby
improving the optimization time when the solution of cluster
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head is used as initial solution for unknown configuration.
With continuous learning, more number of vehicular config-
urations and updating of clusters, the optimization time can
be further reduced to fractions of a second.

The optimal and un-optimized normalized array factor
patterns for a vehicular configuration with four surrounding
vehicles obtained using proposed approach is given in Figure
4. In this, the antenna patterns are color-coded to represent the
corresponding color-coded vehicle directions. The solution
without optimization indicates the interference due to side
lobes caused when 5 elements each are used to communicate
with every vehicle. 8x8 antenna array assignment of a 4
vehicle scenario with high SNR values (> 10dB) and a 7
vehicle scenario with low SNR values is shown in Figure 5
in which each color represents a different vehicle.

A comparison of our approach with an antenna array (8x8
size) divided into fixed sub-arrays (4x4 size each) is presented
in Table 1. Each sub-array communicates with one vehicle.
For power consumption comparison, it is assumed that each

4 vehicles and SNR 2 10dB | 7 vehicles and SNR < 10dB

|
+
Unassigned elements

Fig. 5: Comparison of 8x8 antenna array assignment

——7 vehicle configuration

(b} Convergence time of 7 vehicle configuration vs

antenna element consumes ‘X’ mW power on average when
the antenna element is switched ON. For example, in [14], the
amount of power consumed per array element is 80mW. In our
approach, the parameters shown in Table 1 vary depending
on given input vehicular configuration.

Table 1: Comparison of this approach with antenna array with
fixed sub-arrays

This
variable
between 2x and 64x

Parameter Fixed sub-array
Maximum no. of vehicles 4
Power consumption 64x

VII. CONCLUSIONS

We present a novel approach of optimizing beamforming
in vehicle-to-vehicle communication systems equipped with
antenna arrays. The proposed approach shows the feasibility
of extending to any number of vehicles and any antenna array
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