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ABSTRACT Millimeter-wave (mmWave) communication is considered to be a promising candidate to
enable multi-Gbps data rates in future vehicle-to-everything (V2X) communication. Beam alignment is quite
crucial for beam-based mmWave communication and the beam sweeping method is widely adopted for
the alignment at present. However, this kind of method will cause large overhead in beam alignment and
is inefficient in high mobility environment due to Doppler spread. In this paper, we design an overhead-
free vehicular-position-based beam alignment scheme for mmWave V2V communication between neighbor
vehicles in highway scenarios. In the proposed beam alignment scheme, the beam is directly steered to the
estimated vehicular position without any searching steps in beam training. To avoid beam misalignment
caused by localization errors and to maximize transmission throughput, the problem is formulated as a
tailored beamwidth optimization problem. AMonte Carlo based Beamwidth Optimization (MCBO) method
is developed to divide this optimization into two phases and solve this problem statistically. Simulation results
demonstrate that, comparing to the widely-adopted beam-sweeping based beam alignment schemes, the
proposed vehicular-position-based overhead-free beam alignment scheme with MCBO method can provide
significant throughput improvements in general car-following scenarios on the highway.

INDEX TERMS Vehicle-to-vehicle communication, millimeter-wave communication, beam alignment,
beamwidth optimization.

I. INTRODUCTION
OVER the years, to enhance traffic safety and enable driv-
ing automation, there is a considerable growth of embed-
ded sensors inside vehicles [1]. By sharing the local sensor
data with surrounding environment via vehicle-to-everything
(V2X) communication, vehicles can collectively perceive the
environment. For instance, Samsung developed a collective
perception application [2] which provides the vehicle behind
a truck with a see-through vision of the on-coming traffic
situation ahead of the truck via vehicle-to-vehicle (V2V)
communication. As suggested in [3], the collective perception
applications extend the perception range of vehicles beyond
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their immediate field of view, enhancing traffic safety and
efficiency. According to 3GPP TS 22.186 [4] and 3GPP
TR 22.886 [5], the delivery for collective perception of envi-
ronment requires data rates on the order of Gbps. Unfortu-
nately, none of the existing V2X communication standards
can support such Gbps-level data rates. For the Dedicated
Short Range Communication (DSRC), the maximum data
rate is only 27 Mbps [6]. Long Term Evolution (LTE)-V2X
can achieve up to 80 Mbps for downlink and 20 Mbps for
uplink [7]. Facing this challenge, thanks to the ultra-wide
GHz spectrum at the millimeter-wave (mmWave) frequency
band, the mmWave communication becomes a promising
candidate to fulfill this transmission requirement [8].

However, due to the short wavelength, mmWave communi-
cation suffers from severe path loss. Additionally, the inherent
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propagation characteristics also make the mmWave transmis-
sion sensitive to blockage, rainfall, and atmospheric absorp-
tion, which brings large attenuation [9]. Thus, directional
beamforming is often utilized in mmWave communication
system to deal with these impairments [10].

To fully exploit the directivity gain, fine beam align-
ment is crucial for the transmitter (Tx) and receiver (Rx)
beams. In current mmWave communication standards IEEE
802.11ad [11] and IEEE 802.15.3c [12], two-stage beam
training procedures are designed for beam alignment. In the
first phase, a coarse grained sector-level sweep is performed,
then in the second phase, a fine grained beam-level sweep
is implemented [13], [14]. The exhaustive search over all
possible transmission and reception directions is utilized in
both phases, which induces a tradeoff between directivity
gain and beam alignment overhead in the beamwidth opti-
mization. This is because, although narrower beam has a
larger beamforming gain, it increases the beam candidates
that need to be searched, thus raising the overhead in beam
alignment and lessening the time for data transmission [15].

Therefore, with the tradeoff between the directivity gain
and beam alignment overhead, optimizing the beamwidth in
the beam-sweeping-based beam alignment scheme attracts
considerable attention of researchers. The research in [16]
provides a unifying framework which brings beam-searching
and transmission scheduling together, then addresses a joint
beamwidth optimization and power allocation problem to
maximize effective network throughput. On the basis of
this unifying framework, many studies [17]–[22] scrutinize
the tradeoff to improve transmission performance. In par-
ticular, in [20], the aforementioned tradeoff and framework
are extended to the vehicular environment with the pro-
posed radio resource management scheme based on match-
ing theory and swarm intelligence. Then, in [21], a decen-
tralized vehicle association algorithm is developed with the
consideration of the above fundamental beamwidth trade-
off to enhance content dissemination in mmWave V2V
communication. Furthermore, different from the suboptimal
interference-estimation-based algorithms in [16], a deep rein-
forcement learning approach is recently proposed to solve the
joint beamwidth and power control problem in [22].

However, as first suggested in [23], the above widely-
adopted beam-sweeping-based beam alignment is ineffi-
cient for high mobility environment because of the Doppler
spread. Hence, a beam switching scheme leveraging the
position information of the high speed train is designed
in [23] for efficient beam alignment. Moreover, a fundamen-
tal beamwidth design tradeoff is revealed in [23] that wider
beams suffer from insufficient power but narrower beams
are more sensitive to position error. Accordingly, there arises
another beam alignment research direction for vehicle-to-
infrastructure (V2I) mmWave communication where beam
sweeping can be much diminished or even omitted with
estimated position information [24]–[31]. In [24], the study
investigates the beam design to maximize the data rate in
a beam-switching-based V2I system, where the vehicular

position is predicted by the estimated speed with Gaussian
error. In [25] and [26], similar overhead-free beam train-
ing mechanisms are exploited with the estimated vehicu-
lar position and motion information in V2I communication.
In [27], taking into account the position uncertainty of high
mobility users, a joint adaptive beam-frequency allocation
algorithm is developed to balance the tradeoff between sys-
tem performance and robustness to uncertainty. The study
in [28] derives a close-form expression of the optimal receive
beamwidth in V2I downlink transmissions. Accordingly, the
study in [29] answers the question of when the beam should
be realigned in such V2I communication system. Then,
in [30], a mobility-aware subband and beam resource alloca-
tion scheme is proposed for mmWave-based subband-beam
massive MIMO system, which can also be applied in V2I
communication. Moreover, in [31], an IEEE 802.11ad MAC
configuration is proposed to embed the radar functionality
within the standards-compliant operations. Different from the
above overhead-free beam alignment schemes, this mech-
anism uses the same band (IEEE 802.11ad) to obtain the
vehicular positions and thus cuts down the time needed for
classical beam training in V2I communication system.

Besides being applied in V2I communication, the position
information is also utilized in V2V communication. In [32],
a directional mmWave transmission scheme with vehicular
position information is proposed to minimize energy con-
sumption. However, the position error is modeled to be
restricted in a circle of perfect symmetry, which limits its
adaptability in high mobility environment.

From the above literature survey, considering the defi-
ciency of the widely-adopted beam-sweeping-based beam
alignment in high mobility environment, applying overhead-
free beam alignment with estimated vehicular positions and
optimizing the beamwidths to maximize the transmission
rate in the system is appealing to V2X communication in
the upcoming autonomous vehicle era. To the best knowl-
edge of authors, this mechanism has only been proposed for
V2I communication. Therefore, motivated by the aforemen-
tioned works, this paper studies an overhead-free vehicular-
position-based beam alignment scheme and the correspond-
ing beamwidth optimization methods to maximize the sys-
tem throughput for mmWave V2V communication between
neighbor vehicles in the highway scenario. Distinct from V2I
scenario, both Txs and Rxs are of high mobility and with esti-
mated positions in V2V scenario, which brings new research
challenges. The proposed scheme can be applied in the afore-
mentioned collective perception applications in highway sce-
nario to provide enhanced throughput performance for better
traffic safety and efficiency. The main contributions of this
paper can be summarized as the following points:

• A vehicular-position-based overhead-free beam align-
ment scheme is proposed for V2V communication
between neighbor vehicles in the highway scenario in
this paper. In the proposed beam alignment scheme, with
the position information gathered by localization tech-
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nologies, the beam is directly steered to the estimated
vehicular position without any searching steps in beam
training.

• Given the uncertainty of vehicular real positions caused
by localization errors, a tailored beamwidth optimiza-
tion problem is formulated to maximize the sum of the
average transmission throughput in the nearby regions of
the Rxs in the system. Then, due to the intractability of
uncertain real vehicular positions, we develop a Monte
Carlo based Beamwidth Optimization (MCBO) method
to solve this problem.

• In the MCBO method, the optimization is divided into
two phases: 1) Under the assumption that the real posi-
tions of Txs and Rxs are certain, the problem is first
simplified as a conventional resource allocation prob-
lem, which can be proven as a standard difference of
two convex functions (D.C.) problem and handled by
convex optimization approaches. 2) After solving the
beamwidth optimization problem with assumed certain
real positions, considering the uncertainty of vehicular
real positions, Monte Carlo method is utilized to sim-
ulate the real positions of Txs and Rxs. Accordingly,
optimal beamwidth finding algorithms are developed to
find the optimal beamwidths with small computation
complexity.

• Simulation results are presented to validate the capa-
bility of the proposed overhead-free beam alignment
scheme and the corresponding beamwidth optimization
method. From the comparisons between the proposed
scheme and the existing schemes in [16] and [22], which
are inherited from the existing IEEE mmWave stan-
dards, we can see the proposed scheme can provide
significant performance improvements in general car-
following scenarios on the highway.

The remainder of this paper is organized as follows. First,
Section II introduces the system model and the beamwidth
optimization problem formulation. In Section III, MCBO
method is developed to solve the beamwidth optimization
problem. Furthermore, in Section IV, simulation results are
presented to validate the feasibility of the proposed beam
alignment scheme and the corresponding beamwidth opti-
mization method. Finally, Section V concludes this paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION
In this paper, we focus on the mmWave V2V communication
between neighbor vehicles running in the same direction on
the highway scenario. In this scenario, information is deliv-
ered from front vehicles to rear vehicles. Since vehicles run at
a very high speed, the safe inter-vehicle space should be kept
as several tens of meters. For instance, when the velocities
of both vehicles are 100 km/h and the headway is 3 s in the
car-following scenario, the inter-vehicle distance should be
around 80 m, which indicates the communication distance
in this scenario is generally larger than that in the common
mmWave communication cases. It is intuitive to leverage thin

FIGURE 1. The schematic of the proposed overhead-free beam alignment
scheme.

FIGURE 2. The geometric schematic of the proposed overhead-free beam
alignment scheme.

beam to compensate the pathloss of long communication dis-
tance in mmWave communication. However, in the widely-
adopted beam-sweeping-based beam alignment scheme, thin
beam will lead to large overhead. Moreover, due to Doppler
spread, thin beam will make the transmission inefficient in
high mobility environment. Hence, based on mmWave com-
munication and analog beamforming technology, we propose
a new vehicular-position-based overhead-free beam align-
ment scheme for mmWave V2V communication between
neighbor vehicles in the highway scenario.

A. SCHEMATIC MODEL OF THE PROPOSED
OVERHEAD-FREE BEAM ALIGNMENT SCHEME
The schematic of the proposed overhead-free beam alignment
scheme is illustrated in Fig. 1. In Fig. 1, vehicles run on
a multi-lane highway segment, which is modeled as a two-
dimension plane. Then, vehicles are assumed to be able to
obtain the position information of other vehicles, which will
be detailed explained in Section II-D. Next, with the position
information, the Tx and Rx vehicles can directly align their
main beam to the position of their partner without any search-
ing steps, indicating this beam alignment scheme is overhead-
free.

Fig. 2 is the more specific schematic abstracting from
Fig. 1, showing the geometric description of the proposed
overhead-free beam alignment scheme. In Fig. 2, the red dots
denote the real vehicular positions and the blue asterisks refer
to the estimated vehicular positions. The arrow implies the
boresight direction of the antenna, which starts from the real
position of a vehicle and points at the estimated position of
another vehicle. Accordingly, θt and θr are the angles between
the antennas’ boresight directions and the line connecting the
real positions of Tx and Rx, indicating the alignment angle
errors. Furthermore, ϕt and ϕr represent the beamwidths of
Tx and Rx.
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B. CHANNEL MODEL
Considering highway is an open space without many obstruc-
tions and in order to make the channel model tractable,
we simplify the model by ignoring the multi-path propaga-
tions, which may be caused by the presence of other vehi-
cles in the neighbor lanes. Then, in accordance to 3GPP
TR 37.885 [33], the V2V sidelink channel can be classified
into three states, including LOS, NLOS (blocked by build-
ings), and NLOSv (blocked by vehicles). Since we study the
V2V communication of adjacent vehicles on the highway,
there is a dominant LOS path between the Tx vehicle and
its target Rx vehicle. Then, for the channel between the
interfering Tx vehicle and the target Rx vehicle, depending
on whether the LOS path is blocked by a vehicle, it can be
categorized as LOS channel or NLOSv channel. In addition,
without loss of generality, the vehicular antenna is assumed to
be located at the car roof center, and the rear or front antenna
is not considered in this paper.

For both LOS and NLOSv cases, the log-distance pathloss
model of highway cases described in 3GPP TR 37.885 [33]
is adopted for channel modeling in this paper. According to
the channel model, the propagation loss L i,j between Tx i and
Rx j is calculated as

L i,j = 32.4+ 20log10D
i,j
+ 20log10fc, (1)

where Di.j denotes the distance between Tx i and Rx j in
meters, and fc denotes the center frequency in GHz. For
NLOSv cases, additional vehicle blockage loss LNLOSv is
added as

LNLOSv = max(0 dB,ANLOSv), (2)

where ANLOSv is a log-normal random variable. The mean of
ANLOSv equals [5 + max(0, 15 log10(D

i.j) − 41)] dB and the
standard deviation of ANLOSv equals 4 dB.

C. ANTENNA GAIN MODEL
For the sake of mathematical tractability, a widely used
antenna gain piecewise model [16], [20], [34], [35] is adopted
in this paper as following,

Gγ (θγ i,j, ϕi,jγ ) =


2π − (2π − ϕi,jγ )g

ϕ
i,j
γ

, if |θγ i,j| ≤
ϕ
i,j
γ

2
,

g, otherwise,
(3)

where the subscript γ ∈ {t, r}, t represents Tx and r repre-
sents Rx. The angle between the antenna boresight direction
of Tx i and the beam steering direction from Tx i to Rx j is
denoted as θ i,jt , which is also regarded as the alignment angle
error illustrated in Fig. 2. Likewise, we have θ i,jr . ϕi,jγ stands
for the beamwidth of Tx i or Rx j. Besides, the beamwidth of
Tx i can also be denoted as ϕit , and the beamwidth of Rx j can
be denoted as ϕjr . g is a small constant indicating the side lobe
gain of the antenna. 0≤g�1 guarantees most of the antenna
power is dominated by its main lobe.

D. INACCURATE POSITIONING
First, we assume that vehicles are able to get their relative
positions to other vehicles via some other advanced sensing
techniques (eg. LiDAR, Radar, and ultrasonic-based tech-
niques) or Global Navigation Satellite System (GNSS). Then,
vehicles broadcast their basic safetymessages (BSM) through
some lower band V2X communication. Here, the BSM
includes their relative positions to other vehicles, localization
accuracy, velocity, and acceleration information. Addition-
ally, in case of the saturated channel caused by periodic
transmission of BSM, the strategies proposed in [36] can be
adopted in this scenario to control the channel load and ensure
high reception rate.

We generally assume the position error of these different
localization techniques as the Gaussian-distributed position
estimation model and the position error for each vehicle is
independent of each other. Motivated by the Central Limit
Theorem, although the Gaussian assumption may not be
absolutely valid, the large number of small, independent error
sources in a navigation system results in error distributions
that can be accurately approximated as Gaussian [37].

Then, denote (x, y) as a real vehicular position at a given
moment, denote (x̂, ŷ) as an estimated vehicular position, and
the estimated vehicular position coordinates X̂ and Ŷ are
assumed to follow Gaussian distributions X̂ ∼ N (x, σ 2

X ) and
Ŷ ∼ N (y, σ 2

Y ) respectively. σ
2
X and σ 2

Y are the variances of
the localization technology’s Gaussian distributions.

Furthermore, given the mobility of vehicles, after a short
period t , the vehicular coordinates can be updated as

xt = x + vx t,

yt = y+ vyt. (4)

Due to the inaccuracy of velocity approximation caused by
acceleration or deceleration in the short period, vehicular
velocities Vx and Vy in X-axis and Y-axis are also assumed
to follow Gaussian distributions Vx ∼ N (vx , σ 2

Vx ) and Vy ∼
N (vy, σ 2

Vy ).

Thus, the estimated position coordinates X̂t and Ŷt of the
mobile vehicle, which update after a short period t , still follow
Gaussian distributions as

X̂t ∼ N (x + vx t, σ 2
X + t

2σ 2
Vx ),

Ŷt ∼ N (y+ vyt, σ 2
Y + t

2σ 2
Vy ). (5)

Therefore, the position accuracy of the mobile vehicle is
related to the initial localization error, the approximated
velocity error, and the location refresh period.

However, in reality, vehicles can only obtain the estimated
position information of other vehicles while never know their
real positions. Thus, in the following analysis, distinct from
the above description, the real vehicular position coordinates
X and Y turn to be the random variables that follow Gaussian
distributions X ∼ N (x̂, σ 2

X ) and Y ∼ N (ŷ, σ 2
Y ) respectively.

Similarly, the real position coordinates Xt and Yt of a mobile
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vehicle follow Gaussian distributions demonstrated as

Xt ∼ N (x̂ + vx t, σ 2
X + t

2σ 2
Vx ),

Yt ∼ N (ŷ+ vyt, σ 2
Y + t

2σ 2
Vy ). (6)

It is worth noting that, the Gaussian-distributed position
estimation model is an indicator of position error and used for
analytical purpose. If the position error of a specific localiza-
tion technique has a different realistic distribution, it can be
directly substituted into the proposed MCBO method, which
enhances the adaptability of the method.

E. TRANSMISSION RATE
In this paper, suppose there are N independent V2V commu-
nication links running on the highway segment in the system,
the transmitting power pt and bandwidth B are supposed
to be same for each vehicular link. Therefore, the signal to
interference plus noise ratio (SINR) of the ith vehicular link
is calculated as

SINRi(θ i,ϕi)=
ptL i,iGt (θ

i,i
t , ϕ

i
t )Gr (θ

i,i
r , ϕ

i
r )

N0B+
∑N

k 6=i ptL
k,iGt (θ

k,i
t , ϕkt )Gr (θ

k,i
r , ϕir )

.

(7)

Here, N0 is the Gaussian noise density, N is the
number of the vehicular links in the system, θ i =

(θ1,it , · · · , θ
N ,i
t , θ1,ir , · · · , θ

N ,i
r ) denotes the alignment angle

error vector, and ϕi = (ϕ1t , · · · , ϕ
N
t , ϕ

i
r ) denotes the (N +1)-

dimensional beamwidth vector. Thus, the transmission rate of
the ith vehicular link can be calculated as

ri(θ i,ϕi) = B log2(1+ SINRi(θ i,ϕi)). (8)

F. PROBLEM STATEMENT
In the proposed overhead-free beam alignment scheme,
as demonstrated in Fig. 2, only under the circumstances of
|θγ | ≤

ϕγ
2 (γ ∈ {t, r}), can the real vehicular position be

covered by the main beam. Hence, the beamwidth optimiza-
tion problem in the proposed overhead-free beam alignment
scheme comes with a fundamental tradeoff: if the beam is
too wide, the antenna gain will degrade, while if the beam is
too narrow, the real position of the target vehicle may not be
covered by the main beam and misalignment may happen.

Based on the above tradeoff, our goal is to find the optimal
beamwidths that can both maximize transmission throughput
and avoid beam misalignment in the system. To avoid beam
misalignment, the problem is formulated to maximize the
sum of the average throughput in the Rxs’ estimated position
coordinates’ nearby regions, rather than simply maximizing
the sum throughput of the Rxs. Thus, the formulated problem
can be expressed as

max
ϕt ,ϕr

N∑
i=1

E
X,Y

[B · log2(1+ SINRi(θ i,ϕi))] (9a)

s.t. 0 < ϕit ≤ ψ
i
t , ∀i (9b)

0 < ϕir ≤ ψ
i
r , ∀i. (9c)

In (9), ϕt and ϕr are the beamwidth vectors, where ϕt =
(ϕ1t , · · · , ϕ

N
t ) and ϕr = (ϕ1r , · · · , ϕ

N
r ). X and Y are random

variable sets containing the real vehicular position coordi-
nates of all the Txs and Rxs. X and Y can also be replaced by
the random variable sets X t and Y t to calculate the average
throughput with vehicular mobility. For description simplic-
ity, Section III solves the problem based on X and Y . The
extension problem based onX t andY t has identical solutions.
Then, ψ i

t and ψ
i
r stand for the sector widths of the Tx and Rx

in the ith vehicular link. (9b) and (9c) indicate the beamwidths
of the Tx and Rx in the ith vehicular link should be adjusted
within their sector widths.

III. PROPOSED MONTE CARLO BASED BEAMWIDTH
OPTIMIZATION METHOD
In this section, we propose the MCBO method to tackle the
problem in (9). We first analyze the problem and explain the
difficulty of solving it in Section III-A. After that, we elabo-
rate on the two phases of the MCBOmethod in Section III-B.

A. PROBLEM ANALYSIS
To solve the optimization problem in (9), we first exchange
the order of the sum and the mathematical expectation in (9a).
Then, the optimization problem in (9) can be rewritten as the
following equivalent form

max
ϕt ,ϕr

∫∫
(x,y)∈�(x̂,ŷ)

(
N∑
i=1

[B ·log2(1+ SINRi(θ i,ϕi))]

)
f (x, y)dxdy,

s.t. (9b), (9c), (10)

where x and y are 2N-dimensional position coordinate vectors
representing the real position coordinates of all the Txs and
Rxs, expressed as

x = (x1t , · · · , x
N
t , x

1
r , · · · , x

N
r ),

y = (y1t , · · · , y
N
t , y

1
r , · · · , y

N
r ). (11)

Considering the three-sigma (3σ ) rule of Gaussian distri-
bution, which suggests the probability that the statistical data
lie out of the three standard deviations from the mean is less
than 0.3%, the real vehicular position coordinate has the most
probability lying in the 3σ domain of its estimated position.
Thus, �(x̂,ŷ) represents the 3σ domain of (x̂, ŷ), implying
the nearby regions of all the Txs’ and the Rxs’ estimated
positions.

Then, in the optimization object in (10), f (x, y) is the joint
Gaussian probability density function of x and y given by

f (x, y)=
1√

(2π )4N det(3)
exp

[
−
1
2
(p−µ)T3−1 (p−µ)

]
,

(12)

where p is the integrated vector of x and y, expressed as

p= ([x, y])= (x1t ,· · ·, x
N
t , x

1
r ,· · ·, x

N
r , y

1
t ,· · ·, y

N
t , y

1
r ,· · ·, y

N
r ),

(13)
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µ denotes the mathematical expectation vector of x and y,
expressed as

µ = (x̂1t , · · · , x̂
N
t , x̂

1
r , · · · , x̂

N
r , ŷ

1
t , · · · , ŷ

N
t , ŷ

1
r , · · · , ŷ

N
r ),

(14)

3 represents the corresponding covariance matrix, expressed
as

3 = diag(σ 1
X ,t

2
, · · ·, σNX ,t

2
, σ 1

X ,r
2
, · · ·, σNX ,r

2
,

σ 1
Y ,t

2
, · · ·, σNY ,t

2
, σ 1

Y ,r
2
, · · ·, σNY ,r

2
). (15)

Because the position error for each vehicle is assumed to
be independent of each other, the covariance matrix 3 is a
diagonal matrix, whose diagonal elements are the variances
of the position coordinates. Furthermore, it should be noted
that, since vehicles may use different localization technolo-
gies to obtain their own relative positions to other vehicles,
the elements in 3 may have different values. For instance,
in a single link scenario, the localization errors of Tx and Rx
may be different. Therefore, such beamwidth optimization
between Tx and Rx is not reciprocal and the beamwidths
should be optimized for both sides.

As described above, the optimization object in prob-
lem (10) is of high dimension. The piecewise antenna
gain model in (3) makes the numerator and denominator
of SINRi(θ i,ϕi) in (7) become nonconvex functions. Then,
since the numerator and denominator of SINRi(θ i,ϕi) are
both affected by ϕir , the numerator and denominator of
SINRi(θ i,ϕi) are not independent of each other. Moreover,
since the SINRs of all the communication links are affected
by ϕit (∀i), the SINRs of all the communication links are not
independent of each other. Hence, given the reasons above,
the problem (10) is challenging to handle. In our previous
work [38], a discretization-based beamwidth optimization
method is developed to solve this problem by discretizing
the integral into several small grid zones to approximate
the object of the problem. However, in this discretization-
based beamwidth optimization method, mere increment of
discretization zone precision will lead to dramatic increase of
computation. Then, with the increment of the system scale,
the computation complexity will be exponential. Hence,
in order to reduce computation complexity, a new MCBO
method is proposed to solve the problem (10) in this paper.

B. MONTE CARLO BASED BEAMWIDTH OPTIMIZATION
To solve the problem (10), we first scrutinize the optimization
object. Herein, the probability density function f (x, y) does
not contain the optimization variables ϕt and ϕr , which
indicates with the given (x, y), f (x, y) can be recognized as
a constant to ϕt and ϕr . Therefore, we can first set the f (x, y)

aside and solve the problem without regard to f (x, y), which
can be considered as optimizing the beamwidths when the
real vehicular positions are assumed to be certain. Then,
considering f (x, y) is a nonintegrable function of high dimen-
sion, Monte Carlo method is utilized to simulate f (x, y) and
solve the problem (10). Thus, the solution to the optimization
problem (10) is divided into the following two phases in our
proposed MCBO method.

1) BEAMWIDTH OPTIMIZATION WITH CERTAIN REAL
POSITIONS
In this subsection, the probability density function f (x, y)
in problem (10) is firstly set aside and the real vehicular
positions are assumed to be certain, which transfers the prob-
lem (10) into problem (16), as shown at the bottom of the
page. Then, denote the alignment angle error matrix θγ as

θγ =

θ
1,1
γ · · · θ1,Nγ
...

. . .
...

θN ,1γ · · · θN ,Nγ

 , γ ∈ {t, r}. (17)

With the certain positions of Txs and Rxs, the alignment angle
error matrix θγ (γ ∈ {t, r}) is fixed. Then, the antenna gain
in problem (16) becomes the function only depending on the
beamwidth ϕ, expressed as

Gγ i,j(ϕi,jγ )

=


2π − (2π − ϕi,jγ )g

ϕ
i,j
γ

, if ϕi,jγ ≥ 2|θγ i,j|,

g, otherwise,

γ ∈ {t, r}.

(18)

Accordingly, the problem (16) can be solved by convex opti-
mization approaches as follows.

First, the problem (16) is equivalent to

max
ϕt ,ϕr

N∑
i=1

B · log2

(
N0B+

N∑
k=1

ptLk,iG
k,i
t (ϕkt )G

k,i
r (ϕir )

)

−

N∑
i=1

B·log2

N0B+
N∑

k=1,k 6=i

ptLk,iG
k,i
t (ϕkt )G

k,i
r (ϕir )


s.t. (9b), (9c). (19)

In the optimization object of problem (19), the two terms can
be denoted as

h(ϕt ,ϕr ) =
N∑
i=1

B log2

(
N0B+

N∑
k=1

ptLk,iG
k,i
t (ϕkt )G

k,i
r (ϕir )

)
,

(20)

max
ϕt ,ϕr

N∑
i=1

B · log2

(
1+

ptL i,iG
i,i
t (ϕ

i
t )G

i,i
r (ϕ

i
r )

N0B+
∑N

k 6=i ptL
k,iGk,it (ϕkt )G

k,i
r (ϕir )

)
s.t. (9b), (9c), (16)
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g(ϕt ,ϕr ) =
N∑
i=1

B log2

N0B+
N∑
k=1
k 6=i

ptLk,iG
k,i
t (ϕkt )G

k,i
r (ϕir )

.
(21)

More specifically, the logarithmic function in each term in
function h(ϕt ,ϕr ) and g(ϕt ,ϕr ) can be denoted as

hi(ϕt , ϕ
i
r ) = log2

(
N0B+

N∑
k=1

ptLk,iG
k,i
t (ϕkt )G

k,i
r (ϕir )

)
,

(22)

gi(ϕt , ϕ
i
r ) = log2

N0B+
N∑
k=1
k 6=i

ptLk,iG
k,i
t (ϕkt )G

k,i
r (ϕir )

 .
(23)

Note that there is a sum of multiple Gk,it (ϕkt )G
k,i
r (ϕir )

terms in both logarithmic functions hi(ϕt , ϕ
i
r ) and gi(ϕt , ϕ

i
r ),

we first discuss the values of Gk,it (ϕkt )G
k,i
r (ϕir ) terms.

To discuss the values ofGk,it (ϕkt )G
k,i
r (ϕir ) terms, we observe

the piecewise property of Gt (ϕt ) and Gr (ϕr ), which is quite
challenging to handle. Therefore, we try to determine the
ranges of ϕt and ϕr , so that the piecewise property of Gt (ϕt )
and Gr (ϕr ) can be taken off. Then, as suggested at the
beginning of this subsection, the real positions of Txs and
Rxs are assumed to be certain, which implies the alignment
angle error matrix θγ (γ ∈ {t, r}) between Txs and Rxs is
determined. Thus, with the determined alignment angle error
matrix θγ (γ ∈ {t, r}), the piecewise property of Gt (ϕt ) and
Gr (ϕr ) can be removed by choosing appropriate ranges of
beamwidths ϕt and ϕr via the following procedures:

1) In order to ensure the target Tx/Rx is covered by the
main beam, ϕiγ should satisfy ϕiγ ≥ 2|θ i,iγ |, where γ ∈
{t, r}. Then, the antenna gain for the ith link between
Tx i and Rx i is given as

Gi,iγ (ϕ
i
γ ) =

2π − (2π − ϕiγ )g

ϕiγ
, γ ∈ {t, r},∀i. (24)

2) In order not to cover other Txs/Rxs as far as possible, ϕit
should satisfy ϕit ≤ 2|θ i,lt |, where |θ

i,l
t | = min(|θ i,jt |),

|θ
i,j
t | > |θ

i,i
t |, j ∈ {1, · · · ,N }, j 6= i; likewise, we have

ϕir ≤ 2|θ l,ir |, where |θ
l,i
r | = min(|θ j,ir |), |θ

j,i
r | >

|θ i,ir |, j ∈ {1, · · · ,N }, j 6= i. Thus, the antenna gains
Gt i,j(ϕit ) and Gr

j,i(ϕir ) for the link between Tx i and
Rx j can be determined and calculated as (25), which
takes off the piecewise property of antenna gains and
makes the antenna gains become convex functions for
specific links.

Gt i,j(ϕit ) =


2π − (2π − ϕit )g

ϕit
, |θ

i,j
t | ≤ |θ

i,i
t |,

g, |θ
i,j
t | > |θ

i,i
t |,

(25a)

Gr j,i(ϕir ) =

{
2π−(2π−ϕir )g

ϕir
, |θ

j,i
r | ≤ |θ

i,i
r |,

g, |θ
j,i
r | > |θ

i,i
r |.

(j ∈ {1, · · · ,N } and j 6= i) (25b)

Hence, for the functions hi(ϕt , ϕ
i
r ) in (22) and gi(ϕt , ϕ

i
r )

in (23), there are four cases for Gk,it (ϕkt )G
k,i
r (ϕir ):

1) When |θk,it | > |θ
k,k
t | and |θ

k,i
r | > |θ

i,i
r |,

Gk,it (ϕkt )G
k,i
r (ϕir ) = g2. (26)

2) When |θk,it | ≤ |θ
k,k
t | and |θ

k,i
r | > |θ

i,i
r |,

Gk,it (ϕkt )G
k,i
r (ϕir ) = g ·

2π − (2π − ϕkt )g

ϕkt
. (27)

3) When |θk,it | > |θ
k,k
t | and |θ

k,i
r | ≤ |θ

i,i
r |,

Gk,it (ϕkt )G
k,i
r (ϕir ) = g ·

2π − (2π − ϕir )g
ϕir

. (28)

4) When |θk,it | ≤ |θ
k,k
t | and |θ

k,i
r | ≤ |θ

i,i
r |,

Gk,it (ϕkt )G
k,i
r (ϕir ) =

2π − (2π − ϕkt )g

ϕkt

·
2π − (2π − ϕir )g

ϕir
. (29)

According to the above analysis of the possible cases for
Gk,it (ϕkt )G

k,i
r (ϕir ), it can be inferred that, with the determined

alignment angle errormatrix θγ (γ ∈ {t, r}) and appropriately
selected ranges for beamwidths ϕt and ϕr , hi(ϕt , ϕ

i
r ) in (22)

and gi(ϕt , ϕ
i
r ) in (23) can both be denoted as the form

log2(
n∑
i=1

ai
xiyi
+

m∑
i=1

bi
zi
+ c), (30)

where ai, bi, and c are all positive consts, xi, yi, and zi are
positive variables, representing ϕt and ϕr .
Lemma 1: The function f (x, y, z) is a convex function when

variables x, y, z and parameters a, b, c are all positive.

f (x, y, z) = log2(
n∑
i=1

ai
xiyi
+

m∑
i=1

bi
zi
+ c) (31)

Proof: See Appendix A.
Hence, the functions hi(ϕt , ϕ

i
r ) in (22) and gi(ϕt , ϕ

i
r )

in (23) are both convex functions. Moreover, the functions
h(ϕt ,ϕr ) in (20) and g(ϕt ,ϕr ) in (21) are also convex func-
tions.

Thus, the problem in (19) can be rewritten as

min
ϕt ,ϕr

g(ϕt ,ϕr )− h(ϕt ,ϕr ) (32a)

s.t. ϕit ≥ 2|θ i,it |, ∀i (32b)

ϕir ≥ 2|θ i,ir |, ∀i (32c)

ϕit ≤ 2|θ i,lt |, ∀i

(|θ i,lt | = min(|θ i,jt |), |θ
i,j
t | > |θ

i,i
t |,

j ∈ {1, · · · ,N }, j 6= i) (32d)

ϕir ≤ 2|θ l,ir |, ∀i
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|θ l,ir | = min(|θ j,ir |), (|θ
j,i
r | > |θ

i,i
r |,

j ∈ {1, · · · ,N }, j 6= i) (32e)

(9b), (9c).

Since the functions g(ϕt ,ϕr ) in (21) and h(ϕt ,ϕr ) in (20)
are both convex functions, the optimization object in prob-
lem (32) is regarded as a difference of two convex functions,
making the problem (32) a standard D.C. problem.

Thus, we can solve a sequence of convex approximations
of problem (32) iteratively to obtain the solutions. By lineariz-
ing the convex function h(ϕt ,ϕr ), the convex approximation
of problem (32) at κ-th iteration is given as

min
ϕt ,ϕr

g(ϕt ,ϕr )− h(ϕt
(κ),ϕr

(κ))

− 〈∇(ht (ϕt
(κ)), hr (ϕr

(κ))), (ϕt ,ϕr )−(ϕt
(κ),ϕr

(κ))〉

s.t. (32b), (32c), (32d), (32e), (9b), (9c). (33a)

The function h(ϕt ,ϕr )’s gradient is given as

∇h(ϕt ,ϕr ) =
[
∂h

∂ϕ1t
, · · · ,

∂h

∂ϕNt
,
∂h
∂ϕ1r

, · · · ,
∂h
∂ϕNr

]T
, (34)

where

∂h

∂ϕkt
=

B
ln2
·

N∑
i=1

ptLk,iG′
k,i
t (ϕkt )G

k,i
r (ϕir )

N0B+
∑N

k=1 ptL
k,iGk,it (ϕkt )G

k,i
r (ϕir )

,

(35)

∂h
∂ϕir
=

B
ln2
·

∑N
k=1 ptL

k,iGk,it (ϕkt )G
′k,i
r (ϕir )

N0B+
∑N

k=1 ptL
k,iGk,it (ϕkt )G

k,i
r (ϕir )

, (36)

and k, i ∈ {1, · · · ,N }.
In (35) and (36), the G′k,it (ϕkt ) and G

′k,i
r (ϕir ) are given as

G′k,it (ϕkt ) =

{
−

2π (1−g)

ϕkt
2 , if |θk,it | ≤ |θ

k,k
t |,

0, if |θk,it | > |θ
k,k
t |,

(37)

G′k,ir (ϕir ) =

{
−

2π (1−g)
ϕir

2 , if |θk,ir | ≤ |θ
i,i
r |,

0, if |θk,ir | > |θ
i,i
r |.

(38)

Thus, the problem (33) can be efficiently solved by avail-
able convex software packages [39].

Furthermore, since h(ϕt ,ϕr ) is a convex function, we have

h(ϕt ,ϕr )≥h(ϕ
(κ)
t ,ϕ

(κ)
r )

+〈∇(ht (ϕt
(κ)), hr (ϕr

(κ))), (ϕt ,ϕr )−(ϕt
(κ),ϕr

(κ))〉. (39)

This feature provides a well approximated upper bound
of minimization problem (32). As (ϕ(κ)

t ,ϕ
(κ)
r ) is feasible to

problem (33), it can be obtained that

g(ϕ(κ+1)
t ,ϕ(κ+1)

r )− h(ϕ(κ+1)
t ,ϕ(κ+1)

r )

≤ g(ϕ(κ)
t ,ϕ

(κ)
r )− [h(ϕ(κ)

t ,ϕ
(κ)
r )+〈∇(ht (ϕt

(κ)), hr (ϕr
(κ))),

Algorithm 1 The Overall Beamwidth Optimization Algo-
rithm for Problem (16)
Input: Transmitted power pt , noise density N0, bandwidth

B, sector widths ψ t , ψ r , estimated vehicular positions
(x̂, ŷ), alignment angle error matrix θγ (γ ∈ {t, r})

Output: The optimized beamwidths ϕt , ϕr
1: Initialize ϕt and ϕr with feasible values and set κ = 0;
2: while Not convergence do
3: Solve the problem (33) to obtain the solution

(ϕ∗t ,ϕ
∗
r );

4: Set κ = κ + 1, (ϕ(κ)
t ,ϕ

(κ)
r ) = (ϕ∗t ,ϕ

∗
r );

5: end while

(ϕ(κ+1)
t ,ϕ(κ+1)

r )− (ϕt
(κ),ϕr

(κ))〉]

≤ g(ϕ(κ)
t ,ϕ

(κ)
r )− h(ϕ(κ)

t ,ϕ
(κ)
r ). (40)

Since the constraint set is compact, the sequence (ϕ(κ)
t ,ϕ

(κ)
r )

always converges.
The overall algorithm of problem (16) is summarized in

Algorithm 1. Additionally, it should be noted that the compu-
tation complexity of solving problem (33) is O(N 3). Since
this paper studies V2V communication between neighbor
vehicles on the highway, the system size N is very small, the
computation complexity of this algorithm is acceptable [40].

2) FINDING THE OPTIMAL BEAMWIDTHS BASED ON MONTE
CARLO TESTS
The above subsection solves the problem (16), where the
intractable probability density function f (x, y) is set aside
from problem (10), indicating the real positions of Txs and
Rxs are certain. Therefore, in this subsection, considering the
uncertainty of vehicular real positions, Monte Carlo method
is utilized to simulate f (x, y) by generating S different sets
of the assumed certain real positions for Txs and Rxs in
the system. Then, with the beamwidths optimized by the
above proposed Algorithm 1 for S different Monte Carlo
sets, a potential range for the final optimal beamwidths can
be obtained. Furthermore, denote the ιth potential optimal
beamwidths as ϕt,ι and ϕr,ι, substitute ϕt,ι and ϕr,ι into
formula (41), as shown at the bottom of the page, to obtain
the average transmission throughput R(ϕt,ι,ϕr,ι). The poten-
tial optimal beamwidths with the maximal average through-
put are the optimal beamwidths ϕt

∗ and ϕr
∗. Additionally,

it should be noted that, since the probability density function
f (x, y) is simulated byMonte Carlo tests, the probability den-
sity function in the proposed Gaussian-distributed position
error model can be substituted by any realistic position error
distribution in practice, which is of much adaptability.

R(ϕt,ι,ϕr,ι) =
{ S∑
s=1

[ N∑
i=1

B · log2

(
1+

ptL i,is Gt (θ
i,i
t,s, ϕ

i
t,ι)Gr (θ

i,i
r,s, ϕ

i
r,ι)

N0B+
∑N

k 6=i ptL
k,iGt (θ

k,i
t,s , ϕ

k
t,ι)Gr (θ

k,i
r,s , ϕir,ι)

)]}/
S, (41)
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Algorithm 2 A Basic Monte Carlo (B-MC) Based Optimal
Beamwidths Finding Algorithm
Input: The estimated vehicular position coordinates (x̂, ŷ),

the position error variances σ 2
X , σ

2
Y , vehicular link num-

ber N , Monte Carlo Gaussian sampling size S
Output: The optimal beamwidths ϕt

∗, ϕr
∗

1: Generate S sets of the Txs and Rxs’ assumed certain real
position coordinates (x, y), which should follow the cor-
responding Gaussian-distributed position error model;

2: Calculate the optimized beamwidth matrixes 8t and 8r
for the S sets of the N pairs of Txs and Rxs in the system
by Algorithm 1. Matrixes 8t and 8r are of N lines and
S columns;

3: for The beamwidths ϕt,ι and ϕr,ι in the ι
th column of8t

and 8r do
4: With all S sets of alignment angle error matrix
θγ,s (γ ∈ {t, r}), calculate the average transmission
throughput R(ϕt,ι,ϕr,ι) via formula (41);

5: end for
6: The optimal beamwidths (ϕt

∗,ϕr
∗) = argmaxR(ϕt,ι,

ϕr,ι), ι ∈ {1, · · · , S}.

Then, based on the above idea, the Basic Monte Carlo
(B-MC) based optimal beamwidths finding algorithm is pro-
posed in Algorithm 2.

However, since the potential optimal beamwidths scope is
raw from the Monte Carlo tests in Algorithm 2, the optimal
beamwidths finding procedures in B-MC are quite ineffi-
cient. Hence, to improve the optimal beamwidths finding
efficiency, the Modified Monte Carlo (M-MC) based optimal
beamwidths finding algorithm is proposed in Algorithm 3. In
Algorithm 3, S sets of the optimized beamwidths are first cal-
culated same as Step 1-2 in Algorithm 2. Then, the maximal
optimized beamwidth sequences φt and φr are obtained. Con-
sidering the distribution of optimized beamwidths, which will
be demonstrated in Section IV, the final optimal beamwidths
lay in the range of [φt/2,φt ] and [φr/2,φr ]. Thus, U sets
of the potential optimal beamwidths candidates are uniformly
and randomly generatedwithin this range. Next, substitute the
candidate beamwidths into (41) to calculate the average trans-
mission throughput, the one with the maximal average trans-
mission throughput corresponds to the optimal beamwidths.

The proposedMCBOmethod, especially withM-MC algo-
rithm, can lessen the high computation complexity caused
by fine discretization zone precision in the discretization-
based beamwidth optimization method. Nevertheless, with
the increment of system size, the potential optimal beamwidth
candidate space in MCBO method will still experience a
quick growth, which also results in high computation com-
plexity. Therefore, a simple and approximated grouping strat-
egy is proposed in MCBO method to reduce the optimization
scale in the system.

The grouping criterion is illustrated in Fig. 3, where the
estimated vehicular positions are represented by red dots. The

Algorithm 3 A Modified Monte Carlo (M-MC) Based Opti-
mal Beamwidths Finding Algorithm
Input: The estimated vehicular position coordinates (x̂, ŷ),

the position error variances σ 2
X ,σ

2
Y , vehicular link num-

ber N , Monte Carlo Gaussian sampling size S, uniform
sampling size U

Output: The optimal beamwidths ϕt
∗, ϕr

∗

1: Same as the Step 1 and Step 2 in Algorithm 2;
2: Get the maximal optimized beamwidth sequences φt and
φr , whose elements satisfy φt,i = max(8i,1

t , · · · ,8
i,S
t ),

φr,i = max(8i,1
r , · · · ,8

i,S
r ), i ∈ {1, · · · ,N };

3: In the scope of [φt/2,φt ] and [φr/2,φr ], uniformly
and randomly generate U sets of beamwidths
{ϕt,1, · · · ,ϕt,U } and {ϕr,1, · · · ,ϕr,U } for the N
pairs of the Txs and Rxs;

4: for The ιth set of beamwidths ϕt,ι and ϕr,ι in the above
generated U sets do

5: With all S sets of alignment angle error matrix
θγ,s (γ ∈ {t, r}), calculate the average transmission
throughput R(ϕt,ι,ϕr,ι) via formula (41);

6: end for
7: The optimal beamwidths (ϕt

∗,ϕr
∗) = argmaxR(ϕt,ι,

ϕr,ι), ι ∈ {1, · · · ,U}.

FIGURE 3. The grouping criterion.

blue ellipse denotes the potential scope of the real vehicular
position. The yellow area is the overestimated Tx beam cov-
ered area, and the reddish area is the overestimated Rx beam
covered area. These overestimated beam covered areas can
be obtained by geometry approaches. The following are the
detailed explanations of the grouping criterion.
• As shown in Fig. 3 (a), four vehicles run in the same lane
one after the other. The inter-vehicle distances between
Tx1&Rx1, Rx1&Tx2, and Tx2&Rx2 should be kept
as several tens of meters. Considering the accumulated
long distance between Tx1&Rx2, the interference from
Tx1 to Rx2 can be neglected. Thus, the two links can be
separated into two groups.

• As shown in Fig. 3 (b), if the shortest distance between
the potential scope of Tx1’s real position and the poten-
tial scope of Rx2’s real position is larger than a certain
distance, Rx2 is considered to receive little interference
fromTx1. Hence, the two links can be separated into two
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TABLE 1. Simulation parameters.

groups. Otherwise, there is a chance that Tx1 may cause
interference to Rx2 and whether the two links should
stay in one group needs further judgements as below.

• As shown in Fig. 3 (c), the potential scope of Rx2’s real
position is in the overestimated beam covered area of
Tx1. Meanwhile, the potential scope of Tx1’s real posi-
tion is also in the overestimated beam covered area of
Rx2, which implies the potential reception direction of
Rx2. Thus, there is a chance that Tx1 may cause severe
interference to Rx2. Hence, these two links should stay
in one group for beamwidth optimization.

• As shown in Fig. 3 (d), the potential scope of Rx2’s
real position is still in the overestimated beam covered
area of Tx1. However, the potential scope of Tx1’s real
position is not in the overestimated beam covered area
of Rx2. Thus, Rx2 will receive little interference from
Tx1. Hence, these two links can be separated into two
groups.

As aforementioned, since the severe interference only come
from the vehicular links running on the neighbor lanes in a
small distance range, with the above grouping strategy, the
system scale can be limited to a very small size, which can
be considered as the lane number at most. Thus, the potential
optimal beamwidth candidate space in the MCBO method is
of small scale. Moreover, the step 3-5 in B-MC algorithm and
step 4-6 in M-MC algorithm can be calculated using parallel
computing. A new system-on-a-chip (SoC) called Orin devel-
oped by NVIDIA is able to provide 200 trillion operations
per second (TOPS) for autonomous machines [41], which is
adequate for the calculation of our proposed MCBO method
in highway V2V communication.

IV. SIMULATION RESULTS
In this section, simulation results are presented to validate
the effectiveness of the proposed overhead-free beam align-
ment scheme and beamwidth optimization method over the
single-link scenario and multi-link scenario. In the simula-
tion, the evaluation parameters including bandwidth, carrier
frequency, transmit power, and receiver noise figure, are con-
figured in accordance to 3GPP TR 37.885 [33]. Unless stated
otherwise, simulation parameters summarized in Table 1 are
utilized in both single-link and multi-link scenarios.

A. SINGLE-LINK SCENARIO
1) A SIMPLE CASE
For the single-link scenario, this subsection first focuses on a
simple case, where the communication distance is set as 80 m

FIGURE 4. (a) The spatial average throughput surface fitted by
the 2000 sets of data. (b) The contour map of the average throughput
fitted by the 2000 sets of data.

and the position error standard deviations are set as σX = 1m,
σY = 1 m for both Tx and Rx.

To explore the average throughput performance in the raw
potential optimal beamwidths searching scope and present
the result visually, the B-MC algorithm in MCBO method is
first applied in the simple case for beamwidth optimization
with Monte Carlo Gaussian sampling size S = 2000.
Therefore, in Step 3-5 in Algorithm 2, with the optimized

beamwidths of Txs andRxs, 2000 sets of the average through-
puts are calculated. Then, a spatial average throughput sur-
face is obtained in Fig. 4 (a) by fitting the above 2000 sets of
data. Fig. 4 (b) shows the correlated contour map. According
to Step 6 in Algorithm 2, the optimal beamwidths are ϕ∗t =
3.3◦ and ϕ∗r = 3.2◦, which correspond to the highest point
2.64 Gbps in Fig. 4 (a) and the red point in Fig. 4 (b).

To show the comparison between the B-MC algorithm and
M-MC algorithm, Fig. 5 exhibits their convergence speeds in
the final optimal beamwidths and maximal average through-
put finding procedures, which indicates the Monte Carlo
Gaussian sampling size S in B-MC algorithm and the uniform
sampling size U in M-MC algorithm. Apparently, compared
to B-MC algorithm, M-MC algorithm has a faster conver-
gence speed finding the optimal beamwidths and maximal
average throughput, which can lessen much computation
complexity and is more suitable for practice.

2) A SINGLE-LINK WITH DIFFERENT POSITION ERRORS
Fig. 6 illustrates the influences of position error on the opti-
mal beamwidths and the maximal average throughput when
communication distance is set as 80 m. For visual presen-
tation, the optimal beamwidths and the maximal average
throughput are calculated by B-MC algorithm with Gaussian
sampling size S = 2000. As shown in Fig. 6, with the
increment of the position error, the optimal beamwidths of Tx
and Rx will increase while the maximal average throughput
will decrease. This is easy to understand, when the position
error increases, the potential scope of Tx/Rx’s real posi-
tion becomes larger, and the covering beam becomes wider
accordingly, resulting in smaller average throughput.

3) A SINGLE-LINK WITH DIFFERENT COMMUNICATION
DISTANCES
Fig. 7 shows the impacts of communication distance on the
optimal beamwidths and the maximal average throughput
with the position error standard deviations σX = 1 m and
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FIGURE 5. The convergence speed comparison between B-MC algorithm and M-MC algorithm when finding the optimal beamwidths
and maximal average throughput.

FIGURE 6. The influences of position error on the optimal beamwidths and the maximal average throughput.

FIGURE 7. The impacts of communication distance on the optimal beamwidths and the maximal average throughput.

σ Y = 1 m. For visual presentation, the optimal beamwidths
of Tx/Rx and the maximal average throughput are also cal-
culated by B-MC algorithm with Gaussian sampling size
S = 2000. From Fig. 7, it can be inferred that when the
communication distance grows, the optimal beamwidths for
Tx and Rx will be narrowed down. This conforms to our
intuitive expectation, because with the growth of the com-
munication distance, the angle covering the same potential
area will become thinner. In the meanwhile, with the given
position error, in the simulated communication distance range
(20 m to 100 m), communication distance has little effect
on the maximal average throughput. This result indicates
that with the growing communication distance, the increased
antenna gain caused by narrower beam can compensate the
increased pathloss caused by longer communication distance.

4) THE COMPARISONS BETWEEN THE PROPOSED SCHEME
AND THE EXISTING INTERFERENCE UNDERESTIMATION
SCHEME
Fig. 8 compares our proposed scheme and the existing inter-
ference underestimation scheme proposed in [16] over the
throughput performances in the single-link scenario.

The existing interference underestimation scheme pro-
posed in [16] is a typical example of the widely-adopted
beam-sweeping-based beam alignment schemes. In this
scheme, the fundamental beamwidth optimization tradeoff is
between antenna gain and transmission time. It is because
even though narrow beamwidth can bring high antenna gain,
it also lengthens the beam alignment overhead in the trans-
mission slot, which implies to shorten transmission time.
This beamwidth optimization problem can be solved by the
interference underestimation method proposed in [16], which
ignores the interferences in the optimization problem due to
the directionality of narrow beams. Then, in the proposed
single link scenario, according to the evaluation parameters
from [16], suppose the pilot transmission time Tp = 20 µs,
the transmission slot Ts satisfies Tp/Ts = 0.01, the relation-
ship between communication distance and the throughput of
the interference underestimation scheme is exhibited in the
blue line in Fig. 8.

In our proposed scheme, the M-MC algorithm in MCBO
method is applied for beamwidth optimization with Monte
Carlo Gaussian sampling size S=500 and uniform sampling
size U=400. The average throughput performances with dif-
ferent position errors are demonstrated in the red lines in
Fig. 8.
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FIGURE 8. The comparisons of the throughput performances between the
proposed scheme and the interference underestimation scheme
proposed in [16].

In Fig. 8, the communication distance is set from 20 m
to 100 m. Despite the existing interference underestimation
scheme can obtain the real throughput performance, and our
proposed scheme can only obtain the average throughput
performance of the Rx’s nearby region, Fig. 8 still illustrates
that when the communication distance is long, the proposed
scheme has a better performance than the existing interfer-
ence underestimation scheme. For instance, when the com-
munication distance equals 100 m, compared to the existing
interference underestimation scheme, the proposed scheme
can provide 13.44% to 42.78% average throughput incre-
ments in the given four position error cases. Furthermore,
consistent with the aforementioned conclusions, the proposed
scheme with smaller position error or longer communication
distance presents a larger performance gain compared to the
existing interference underestimation scheme.

The above simulation results suggest that the proposed
scheme has a better throughput performance when position
error is small and communication distance is long, which
is suitable for general car following cases on the highway.
In such scene, for instance, when the vehicular speed is
between 60 km/h to 120 km/h, suppose the car-following
headway is 3 s, the inter-vehicle distance is about 50 m to
100 m, where our proposed scheme with small positioning
errors outperforms the existing interference underestimation
scheme. However, when communication distance is short, for
instance, less than 20 m with the parameter configurations in
this simulation, our proposed scheme is no longer suitable.
Therefore, for these small distance cases, we can explore
using a combination of our proposed scheme and the existing
scheme for better beam alignment and beamwidth optimiza-
tion.

B. MULTI-LINK SCENARIO
In the simulation setup of the multi-link scenario, the road
configuration follows the descriptions for highway cases in
3GPP TR 37.885 [33]. As shown in Fig. 9 (a), we model a
three-lane single direction highway road segment. Since we

FIGURE 9. (a) The map of vehicular positions at the beginning of position
refresh period. (b) The real throughput performance for each vehicular
link with different schemes.

study the mmWave V2V communication between neighbor
vehicles, the communication distance is quite limited com-
pared to the road length specified in [33]. Thus, the road
segment length is only set as 200 m in this simulation. Then,
as described in 3GPP TR 36.885 [42], the vehicles of same
size are dropped on the road segment according to spatial
Poisson process and the vehicle density is determined by the
vehicle speed, which is set as 70 km/h in this simulation.
Furthermore, the V2V links are randomly formed between
neighbor vehicles in the same lane or neighbor lanes. After
the simulation setup, Fig. 9 (a) captures the vehicular posi-
tions at the beginning of position refresh period. Then, vehi-
cles move forward, and in each V2V link, the front vehicle
passes its sensor information to the rear vehicle via directional
mmWave communication.

The simulation in this subsection aims to put our proposed
scheme in a realistic scenario and compare our proposed
scheme with the existing schemes, validating its effectiveness
and feasibility in practice. Therefore, the position refresh
period Tr is introduced in this simulation and is set as 100 ms,
conforming to vehicle location update period specified in
3GPP TR 37.885 [33] and the BMS broadcasting period
specified in SAE J2735 [43]. The position error standard
deviations σX and σ Y are set to be 1 m. Then, considering
passenger comfort, the acceleration value is usually below
2 m/s2 [44]. Referring to this acceleration range, the standard
deviations of velocity error are set as σVx = 2 m/s and σVy =
1 m/s. Thus, according to formula (6), when Tr = 100 ms,
the position error standard deviations of the mobile vehicle
can still be approximated as 1 m. Additionally, with the
estimated positions and position errors, the vehicular links in
Fig. 9 (a) are grouped in accordance to the grouping criterion
stated in Section III-B. As a result, all the vehicular links are
separated into single-link cases.
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TABLE 2. The Optimal Beamwidths for Each Vehicular Link of Different Schemes.

Next, the proposed scheme is compared with two baseline
schemes, which are the interference underestimation scheme
proposed in [16] and the deep Q network (DQN) scheme
recently proposed in [22]. The interference underestimation
scheme has been introduced previously and the DQN scheme
still belongs to the widely-adopted beam-sweeping-based
beam alignment category. The DQN scheme inherits the sys-
tem throughput maximization problem from [16] but takes
into account the interference in design and utilizes reinforce-
ment learning to optimize beamwidths with low complexity.
In this simulation, the DQN design is generally in consistence
with that in [22]. The state contains the noise figure and the
interfering channel gains from other Txs to this link’s Rx,
which are all normalized by this link’s channel gain. The
action is the combination of the beamwidths for Tx and Rx.
The reward is set as the instantaneous effective sum rate.
As aforementioned, the vehicular location is updated every
100 ms. Then, the state information is refreshed for each link
at each location update. Moreover, a fully-connected neural
network of three hidden layers with 300, 500, and 200 neu-
rons is utilized. The initial learning rate is 0.001, batch size
equals 32, and the network is updated by AdamOptimizer.
ε-greedy policy is adopted during the training process. The
initial ε value is set as 0.9. The learning rate will decrease
and the ε value will increase gradually in the training process.
The DQN experiments are run on a Linux server with the Intel
Xeon CPU E5-2680 v4 of 2.40 GHz.

Table 2 demonstrates the optimal beamwidths for Tx/Rx of
the interference underestimation scheme, the DQN scheme,
and our proposed scheme with Tr = 100 ms. For our pro-
posed scheme,M-MC algorithmwith Gaussian sampling size
S = 500 and uniform sampling size U = 400 is applied
for beamwidth optimization in this simulation. Since MCBO
is based on Monte Carlo method, the optimal beamwidths
for Tx and Rx of the same link in Table 2 are not exactly
the same. Accordingly, with the map in Fig. 9 (a) and the
optimal beamwidths presented in Table 2, the real throughput
performance for each vehicular link of our proposed scheme
can be calculated by formula (8), where ϕ refers to the opti-
mal beamwidth vector and θ denotes the real alignment angle
error matrix. The obtained real throughput performances for
each vehicular link with different schemes are illustrated in
Fig. 9 (b).

In Fig. 9 (b), the blue bars represent the interference
underestimation scheme, the orange bars represent the DQN
scheme, the yellow bars represent our proposed scheme with
Tr = 100 ms. Because the interference underestimation
scheme and the DQN scheme both belong to the beam-
sweeping-based beam alignment category, which involves

the beamwidth optimization tradeoff between antenna gain
and transmission time, the optimal beamwidths optimized by
these schemes are larger than those optimized by the pro-
posed scheme in this simulation, resulting in lower antenna
gains. Moreover, the beam alignment in these schemes costs
alignment time, which reduces transmission time. Hence,
lower antenna gain and less transmission time both lead to
decreased throughput performances of these two schemes. As
shown in Fig. 9 (b), our proposed scheme with Tr = 100 ms
has 13.99% (V1&V4) to 41.23% (V5&V6) throughput gain
than the interference underestimation scheme, and 18.48%
(V1&V4) to 48.47% (V5&V6) throughput gain than theDQN
scheme. Obviously, our proposed scheme with Tr = 100 ms
achieves superior throughput performance than the baseline
schemes in the proposed realistic highway V2V communica-
tion scenario, validating the effectiveness and feasibility of
our proposed scheme in practice.

V. SUMMARY AND CONCLUSION
In this paper, we focus on the mmWave V2V communication
between neighbor vehicles running in the same direction on
the highway scenario and it is assumed that vehicles are
able to obtain the position information of other vehicles. In
such high mobility environment, the widely-adopted beam-
sweeping-based beam alignment scheme will become ineffi-
cient due to Doppler spread.

To overcome the deficiency of the beam-sweeping-based
beam alignment scheme and improve the throughput perfor-
mance of mmWave V2V communication in highway sce-
nario, we propose a vehicular-position-based overhead-free
beam alignment scheme, in which the beam is directly
steered to the estimated vehicular position without any
searching steps in beam training. Then, a corresponding tai-
lored beamwidth optimization problem is formulated to both
avoid beam misalignment caused by localization errors and
maximize transmission throughput. Afterwards, the MCBO
method is developed to divide this optimization into two
phases and solve this problem statistically.

Simulation results validate the capability of the pro-
posed vehicular-position-based overhead-free beam align-
ment scheme and the MCBO method over single-link
and multi-link scenarios. Comparing to the existing beam-
sweeping-based beam alignment schemes, simulation results
show that our proposed design can provide significant
throughput improvements in general car-following scenarios
on the highway.

Future research will be directed towards applying the
proposed beam alignment scheme with beamwidth opti-
mization method to urban scenarios. Considering the more
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complicated channel and higher vehicle density, we will
explore the combination of the proposed vehicular-position-
based beam alignment scheme and the beam-sweeping-based
beam alignment schemes to improve the system performance
with small computation complexity in urban scenarios.

APPENDIX A
PROOF OF LEMMA 1
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Denote function p(x, y) and q(z) as
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where a and b are both positive consts. It is easy to prove
that the function p(x, y) and q(z) are both convex functions.
Therefore, according to the definition of convex function,
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Thus, from formula (42)(43)(50), it can be proved that
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Hence, according to the definition of convex function, the
function f (x, y, z) is proved to be a convex function.
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