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Abstract—This paper proposes techniques for Beam Alignment
(BA) in millimeter wave (mm-wave) Vehicle-to-Everything (V2X)
communications with realistic modeling of the dynamic space-
time multipath channels. Starting from existing mm-wave chan-
nel models, an extension to simulate consistent dynamics of the
multipath parameters as vehicles move is introduced. Different
BA techniques are then presented, where side location informa-
tion is used to assist the selection of the optimal pair of beam-
pointers. We claim the possibility to exploit the low-rank (LR)
structure of the sparse mm-wave channel matrix, jointly with
location-related long-term statistics, to avoid time-consuming
scanning of the beamformer codebook. The proposed method
uses pre-computed eigen-beamformers based on predicted vehicle
location and pre-acquired dataset of geo-referenced long-term
channel state information to align the beams. Performance
analysis in realistic dynamic channel scenarios indicate that
the proposed method outperforms conventional BA strategies,
avoiding time-consuming beam sweeping procedures.

Index Terms—channel modeling, beam alignment, subspace
methods, V2X

I. INTRODUCTION

The very next years should represent a game-changer for
mobile communications, especially in vehicular applications
due to a radical transformation of transportation systems.
The demand of Connected Autonomous Vehicles (CAV) and
Advanced Driving Assistance Systems (ADAS) is pushing
the telecommunication industry to rapidly evolve. The fifth
generation (5G) of cellular network technology [1] represents
the first step of this revolution, providing a ultra-reliable, high-
speed and low-latency communication channel for Vehicle-to-
Everything (V2X) connectivity. Indeed, the automotive sce-
nario represents one of the key use cases addressed by 5G.

Millimeter wave (mm-wave) communications represent a
promising solution to meet the challenging CAV requirements
[2], due to the availability of large bandwidths [3]–[5]. How-
ever, mm-wave systems have two main issues, i.e., the lack
of extensive experimental measurements in highly dynamic
scenarios (due to the very recent hardware availability) and
the necessity of using massive Multiple-Input Multiple Out-
put (MIMO) systems with fast dynamic adaptation of the
beamforming to confine the radiated power towards the V2X
link. To address these issues, recently a number of mm-wave
channel models [6]–[9] and Beam Alignment (BA) techniques
have been proposed, see [10]–[12] and references therein.
However, only few of them are purposely intended for V2X
applications and use side information extracted from on-board
sensors [13]–[15]. A complete modeling of mm-wave V2X
channels embedding also the evolution over space in vehicular
scenarios is still a main issue to be solved. Moreover, a

Fig. 1. V2I communications at two different time instants, with beampointing
depending on vehicle location. Blue refers to LOS path, red to NLOS ones.

reliable and time efficient V2X BA technique has not been
standardized yet.

In this work, we approach both of the above mentioned
issues by the following contributions. We first propose an
extension of the New York University Channel Simulator
(NYUSIM) [16] channel model to incorporate the dynamics
over space of the multipath parameters in the considered V2X
scenario. We then use the extended NYUSIM model to design
and test BA techniques. In particular, we develop a novel BA
approach that exploits the Low-Rank (LR) algebraic structure
[17], [18] of the mm-wave MIMO channel to select the best
pair of eigen-beamformers at the two link sides based on
long-term channel statistics (i.e., Angles of Arrival/Departure,
AoA/AoD, and average power of dominant paths). Compared
to conventional geometric BA approaches, this method does
not require the computation of AoA/AoD, which is com-
putationally expensive and highly sensitive to antenna array
calibration errors. We focus on a Vehicle-to-Infrastructure
(V2I) use case and we harness the repetitiveness of the
geometrical multipath pattern when vehicles travel through a
same road segment several times. With this assumption, we
propose to pre-compute BA codebooks constituted from the
dominant eigen-beamformers of the V2I MIMO channel for
each given road segment, by averaging over multiple vehicle
passages. For real-time BA, location information is predicted
based on Global Navigation Satellite System (GNSS) track-
ing, while eigen-beamformers are selected from pre-computed
codebooks. In this way, the sequential and periodical research
of the optimal beamformer is substituted by a subspace-based
precoding (and combining) vector that takes into account the
historical data.
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II. V2I MM-WAVE SCENARIO

We focus on the V2I scenario in Fig. 1, with a vehicle
communicating with a Road Side Unit (RSU). For BA we
consider a two-dimensional (2D) geometry, neglecting the
vertical dimension, but the methodology is general enough to
be extended to the 3D domain. The vehicle is moving along
a straight lane at a constant velocity v. A mm-wave time-
slotted uplink communication is considered where the V2I
transmission runs over time according to the scheduled trans-
mission frames of duration Tf . The communication devices at
the transmitter (TX) and the receiver (RX) are equipped with
antenna arrays of, respectively, NTX and NRX elements. The
multipath MIMO channel between the vehicle and the RSU
at discrete time t (sampling interval is ∆t) is described as
the superposition of C(t) clusters of MPc(t) paths each. The
NRX ×NTX complex-valued baseband channel matrix is thus

H (w, t) =

C(t)∑
c=1

MPc(t)∑
p=1

αc,p(t)A(θc,p(t))g(wT − τc,p(t)) (1)

where w = 0, . . . ,W − 1 denotes the channel tap (at symbol
rate 1

T ) and W is the maximum temporal support of the
channel response. Each path p in cluster c has complex fast-
fading amplitude αc,p(t) (including Doppler), AoA and AoD
θc,p(t) =

[
θRX
c,p, θ

TX
c,p

]
, and delay τc,p(t). The path mean

power Pc,p(t) = E[|αc,p(t)|2] (averaged over fast fading)
accounts for path-loss and shadowing effects, while the cluster
mean power is Pc(t) =

∑
p Pc,p(t). The matrix A(θp,c) =

aRX(θRX
p )aTX(θTX

p )H ∈ CNRX×NTX embeds the antenna array
responses at TX and RX, respectively aRX(θRX

p ) and aTX(θTX
p ),

while g(τ) is the impulse response of the cascade between the
TX and RX filters. We observe that the number of clusters,
paths, angles and delays are slowly varying compared to the
fast fading amplitudes. In next section we will introduce a
framework to model these different dynamics over space and
we will use the model to design the BA strategy in Sec IV.

III. MODELING THE MM-WAVE LOS/NLOS V2I CHANNEL

In this section we briefly recall the NYUSIM model [16]
used as basis for channel simulation and we then present an
extension to adapt it to the specific V2I scenario.

The NYUSIM model provides a stochastic description of
the multipath parameters in (1) based on massive amounts of
experimental data at mm-wave frequencies. It groups multipath
components that are close in time in temporal clusters and
those that are close in space in spatial lobes (SL). The
model comprises a number of parameters that are, in general,
dependent on the specific propagation scenario (e.g., LOS or
NLOS) and frequency, and evolve over time according to the

TABLE I
NYUSIM LARGE- AND SMALL-SCALE CHANNEL PARAMETERS.

Class Parameters
N. of clusters C(t), of paths per cluster MPc(t) and of

LSP spatial lobes; cluster shadowing and multipath shadowing;
cluster delay spread; cluster angle spread.

SSP Cluster mean delay and angle; multipath amplitude αc,p(t)
delay τc,p(t), and angles θc,p(t).

…

` = 1 ` = L

u = 1 u = 2 u = 3 u = U
∆uf = vTf

RSU

∆u∆θ
∆τ

1
Fig. 2. Grid-based modeling of the road with U road segments of length ∆u,
each comprising L transmission frames of spatial duration ∆uf = vTf .

wide-sense stationary uncorrelated scattering assumption. In
particular, Large Scale Parameters (LSP) model the cluster-
related features while Small Scale Parameters (SSP) model
the variations due to multipath propagation. The main LSP
and SSP are listed in Tab. I. For a complete characterization
see [16].

The NYUSIM channel model is here extended to include
spatially consistent parameter dynamics, as the vehicle trav-
els along the road. The aim is to capture fast and smooth
transitions of the channel characteristics, such as the slow
variations of angles, delays and cluster mean powers when the
surrounding scattering scenario is stationary, and the sudden
variations that occur when scattering objects appear/disappear
generating cluster birth and death (B&D). The challenge is
to extend a static channel model to a dynamic one, which
takes into account for the fast mobility [19]. In this work, the
channel coefficients are updated in an iterative way along the
vehicle trajectory, differentiating LSP and SSP as follows.

A grid-based approach is used to model the evolution of
the LSP. The trajectory plane is divided into U road segments
(see Fig. 2) and the LSP are simulated as spatially correlated
over the road segments by applying an exponential spatial
filter with correlation distance dcorr that depends on the
specific scenario. 3GPP Release 14 [6] indicates that the LSP
correlation distance for LOS and NLOS UMi scenarios is 12
m and 15 m, respectively, but measurements at 73 GHz in a
LOS street canyon scenario suggests it decreases down to 2-5
m [20]. Here we set dcorr = 5 m.

The road segment dimension ∆u (see Fig. 2) is chosen
so that angles and delays, that are typically slowly-varying
[18], can be assumed as constant within ∆u (this property
will be exploited for BA design in Sec. IV). In particular,
for the delays, assuming the worst case of motion along
the LOS path, the delay variation ∆τ is constrained to be
lower than the system temporal resolution: ∆τ = ∆u

c < 1
B ,

where c is the propagation speed and B the signal bandwidth.
Similarly, for the angles, in case of motion orthogonal to the
LOS path, at distance d from the RSU, the angle variation
∆θ is set to be lower than the antenna array resolution
∆θ ≈ ∆u

d < 2
N (here we assumed an Uniform Linear Array -

ULA of N antennas with half-wavelength spacing). This leads
to ∆u < min(2 d

N ,
c
B ). As an example, for d = 10 m, B = 400

MHz, N = 20, we get ∆u < 0.75 m. Assuming a time frame
Tf = 10 ms (or 1 ms for most dynamic applications) and a
vehicle velocity v = 50 km/h, this road segment of length



∆u corresponds to L = 5 (or 50) transmission blocks of
spatial length ∆uf = v Tf . Notice that fading amplitudes are
fast varying and are assumed to change block by block. The
update of main channel parameters over the road segments is
described in the following.

Path Loss. Following the path loss model in [21], the
evolution of path loss varies with the TX-RX distance d as

PL(d)[dB] = 20 log10

4π

λ
+ 10n̄ log10(d) + χSF , (2)

where n̄ is the Path Loss Exponent (PLE) and χSF is the log-
normal shadow-fading with mean 0 dB and variance σ2

SF.
Time Clusters and Spatial Lobes. These LSP do not rapidly

change in time and they are pre-computed for each road
segment. Their evolution from a road segment to the other
is spatially correlated with correlation distance dcorr and thus
it depends on the scenario and frequency. A B&D Poisson
process has been adopted to model the change of the number
of clusters C(t) over the road segments. We assume that
B&D always happens to the weakest or oldest cluster with
a probability of occurrence Pr(t) = 1 − exp(−λc(t − t0)),
where λc is the B&D mean rate here set to λc = v/dcorr
[22]. Assuming only one occurrence of B&D per time instant,
the following three cases can occur: (i) birth, a new cluster
appears alone; (ii) death, a cluster disappears without a new
appearance; (iii) regeneration, a cluster disappears and a new
one appears with different mean angle, delay and power.

Cluster Mean Delay and Power. When the terminal moves,
the excess delay of each cluster c evolves according to the
3GPP specifications in [6], where the update is based on the
velocity, direction, and the time-variant AoA and AoD. This
procedure is valid for each cluster c, except for the LOS one
(if present) that has null delay. Vehicle mobility introduces
variations also on the cluster power according to [6]. Thus,
the shadowing factor of each cluster is generated as correlated
over the road segments by applying a spatial exponential filter
with correlation distance dcorr.

Cluster Mean Angles. According to [20], the cluster mean
angles for AoA (θc,AoA) and AoD (θc,AoD) evolve as:

θc,AoD(t) = θc,AoD(t0) + Sc,AoD · (t− t0) , (3)
θc,AoA(t) = θc,AoA(t0) + Sc,AoA · (t− t0) , (4)

where Sc,AoA and Sc,AoD are the slopes of the changing rates:

Sc,AoD =
v sin

(
φv(t0)− φc,AoD(t0) + ψc,AoD

)
d

, (5)

Sc,AoA =
v sin

(
φv(t0)− φc,AoA(t0) + ψc,AoA

)
d

, (6)

with ψc,AoA and ψc,AoD cluster specific reflection surface
angles which, for NLOS clusters, are modeled as uniform
random variables ψc,AoD ∼ U(0, π), ψc,AoA ∼ U(−π, 0), while
they are set to 0 for the LOS cluster. φv(t0) is the vehicle
motion direction on the horizontal plane.

To summarize, the evolution of SSP and LSP is simulated
using different space scales, as illustrated in Fig. 2. LSP are
constant within each road segment u and spatially correlated

from segment to segment, while SSP evolve also within the
road segment according to the above models. The length of the
road segment ∆u is selected such that angles, delays and mean
powers are almost invariant within the road segment itself,
while fading amplitudes change rapidly within the segment
and also from one transmission block to the other. These
different varying rates are used in next section to propose
channel-based BA techniques. A visual representation of the
evolution over space of some LSP/SSP is in Sec. V.

IV. BEAM ALIGNMENT STRATEGIES

This section is dedicated to the proposal of a subspace-
based BA strategy that, exploiting the sparsity of the channel
and its location-related structure, can be an alternative to
Conventional Beam Sweeping (CBS) techniques. In CBS, TX
and RX perform a scanning procedure over a pre-defined set of
precoding and combining vectors to find the optimal pair that
maximizes the received power. Here we propose an approach
that avoids time-consuming CBS by taking advantage of
vehicle on-board location sensors and LR channel structure
[17], [18]. We suggest to explore long-term channel state
information (CSI) to estimate the dominant channel eigen-
components and accordingly tune the BA. Since the geomet-
rical structure of the multipath channel is strongly correlated
to the location (i.e., the road segment) and is slowly varying
over time, these eigen-beamformers can be pre-computed from
geo-referenced long-term CSI data within each road segment.
As a reference, we also consider geometrical location-aided
BA approaches that use as codebooks the canonical steering
vectors associated with equispaced AoA/AoD [11].

According to Sec. III, the MIMO channel (1) within the road
segment u and the transmission block ` is reparametrized as:

H`(w, u) =

C(u)∑
c=1

MPc(u)∑
p=1

αc,p,`(u)A(θc,p(u))g(wT − τc,p(u))

(7)

where the slow index u = 1, . . . , U runs over the road seg-
ments, while the fast index ` = 1, . . . , L over the transmission
blocks within the road segment (see Fig. 2). Angles θc,p(u),
delays τc,p(u) and average powers Pp,c(u) are approximated
as constant within the road segment for BA design, while
fading amplitudes αc,p,`(u) change block by block. We also
assume that the sparse mm-wave channel matrix has a LR
structure, with spatial and temporal subspaces (depending
on slowly-varying angles and delays, respectively) that are
constant within the road segment [17], [18].

To motivate the use of the LR model, in Fig. 3 we give an
example of three snapshots of the NYUSIM mm-wave V2I
LOS channel with dynamics modeled as in Sec. III (referring
to the scenario in Fig. 1-2, further details in Sec. V) at three
different time instants corresponding to the starting, middle
and ending point of the considered road. From the figure, it
can be seen that the channel is characterized by a dominant
cluster (the LOS one) and few secondary clusters with much
lower power (red areas). This motivate the use of a BA LR
codebook with one or few eigen-beamformers.
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Fig. 3. An example of three temporal snapshots of the mm-wave V2I channel
corresponding to the vehicle positions indicated in the figure.

A. Sensor-Assisted LR BA (SA-LR)

The sensors-assisted LR (SA-LR) method herein pro-
posed uses the eigen-beamformers associated to the dominant
TX/RX channel components as precoding/combiner vectors
according to the model (7) and the LR assumption. Eigen-
beamformers can be precomputed by exploiting the repetitive-
ness of channel conditions occurring when vehicles pass over
a same road segment, facing similar LSP conditions. Under
this assumption, we claim the availability of a dataset (de-
noted with URX(u) and URX(u)) containing geolocalized pre-
computed eigen-beamformers to be used at both TX and RX
sides. This dataset is obtained by computing channel sample
correlations over repeated vehicle passages m = 1, ...,M on
a same road segment. Though channel realization of the m-
th passage H(m)

` (w, u) differs from another due to fast fading,
they share similar trajectories and LSP conditions, as dominant
cluster components are likely not to change significantly
over time. To enable this method, a V2X communication is
supposed to connect each vehicle to a common data center. In
the end, any vehicle that goes through that specific portion
of the road at a given time can query the database and
use the given eigen-beamformer. The optimal precoding and
combining vectors at road segment u are thus obtained by

ŵRX(u) = arg max
wRX∈URX(u)

wRXH
(u)RRX

S (u)wRX(u) = uRX
1 , (8)

ŵTX(u) = arg max
wTX∈UTX(u)

wTXH
(u)RTX

S (u)wTX(u) = uTX
1 , (9)

where URX(u) and URX(u) denote the eigenvectors of the
sample spatial correlation matrices RRX

S (u) and RTX
S (u), while

uRX
1 and uTX

1 are the dominant ones.

The sample spatial correlation matrix are computed as

RRX
S (u) =

1

MLW

M∑
m=1

L∑
`=1

W−1∑
w=0

H(m)
` (w, u)H(m)H

` (w, u) ,

(10)

RTX
S (u) =

1

MLW

M∑
m=1

L∑
`=1

W−1∑
w=0

H(m)H

` (w, u)H(m)
` (w, u) .

(11)

The underlying assumption is that the geometrical configura-
tion of the main clusters of scattering/shadowing objects in
the surroundings of road segment u remains quasi-stationary
over vehicle passages. The approach can be extended so as
to exploit multiple eigen-beamformers rather than a single
one, to account for possible slight changes in the environment
(e.g., the LOS cluster is blocked and the second one becomes
dominant). This increases the complexity but better exploits
the channel properties as shown in Sec. V. Precise position
information has to be available at vehicles to select the correct
road segment and the related precoding codebook [23].

B. Sensor-Assisted Long-Term Geometrical BA (SA-LTG)
The Sensor-Assisted Long-Term Geometrical BA method

(SA-LTG) is the geometrical equivalent of the SA-LR one.
As SA-LR, it uses the location information to select the opti-
mal precoding/combiner vector among pre-defined codebooks
WTX and WRX. This time the codebooks do not contain the
long-term eigen-beamformers but the canonical equi-spaced
steering vectors than span all over the angular space (e.g.,
180 deg for a uniform linear array, ULA) [11]. Similarly to
CBS, BA is based on the geometrical steering vectors but, in
this case, it is road-segment dependent as

ŵRX(u) = arg max
wRX∈WRX

wRXH
(u)RRX

S (u)wRX(u) , (12)

ŵTX(u) = arg max
wTX∈WTX

wTXH
(u)RTX

S (u)wTX(u) . (13)

As for SA-LR, the codebooks are pre-computed using the
long-term sample correlation matrices (11)-(11) that average
over L blocks and M vehicle passages.

C. Sensor-Assisted Geometrical (SA-G)
The SA-G BA technique is based on the exchange of loca-

tion information between the vehicle and the RSU, extracted
from on-board sensors. In this way, TX and RX are able to
compute estimates of the LOS directions here modeled as

θ̂RX
` (u) = θRX

` (u) + εRX
` (u) , (14)

θ̂TX
` (u) = θTX

` (u) + εTX
` (u) , (15)

where εRX
` (u) and εTX

` (u) define angle estimate errors as a con-
sequence of inaccurate vehicle self localization. Precoding and
combining vectors are selected as ŵRX

` (u) = aRX(θ̂RX
` (u)) and

ŵTX
` (u) = aTX(θ̂TX

` (u)), coinciding with conventional steering
vectors for that estimated AoA and AoD (approximately with
a spatial granularity of 180

N deg). Clearly, this method relies
only on the geometry of the LOS link connecting TX and RX,
without considering multipath and possible NLOS conditions.
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1Fig. 4. mm-wave V2I communication in LOS (left) and NLOS (right) conditions: scenario, BA performance, evolution of cluster angle, power and delay.

V. NUMERICAL RESULTS IN LOS/NLOS SCENARIOS

The mm-wave V2I channel is simulated between a vehicle
and a RSU in a 2D NYUSIM UMi environment as in Figs. 1-
3. The vehicle drives along 150 m on a straight road at v = 50
km/h. The RSU is located in the middle of the simulated
lane, 10 m apart the road. The whole scenario is divided into
road segments of ∆u = 0.7 m to guarantee both spatial and
temporal consistency, while the channel is updated every ∆t =
Tf = 10 ms (frame duration of 5G systems). The bandwidth
is B = 400 MHz at the carrier frequency of fc = 73 GHz,
while the TX power is 40 dBm. Half-wavelength spaced ULAs
of NTX = NRX = 20 elements are used at both TX and RX.
The mm-wave dynamic MIMO channel is simulated according
to the NYUSIM model extended as in Sec. III for both LOS
and NLOS scenarios, with simulation parameters as in [16].
The pulse waveform g(τ) is a raised cosine pulse with roll-
off 0.3. The performances of BA algorithms are evaluated in
terms of power loss with respect to an ideal clairvoyant system.

For the selected BA techniques, the received power is com-
puted as PRX(u) = E[

∣∣ŵRXH
(u)H`(u)ŵTX(u)

∣∣2], where the
precoding/combining vectors are chosen for each BA method
as described in Sec. IV. The impact of position accuracy for all
methods is considered by simulating a Gaussian localization
error with standard deviation of 10 cm (for all methods but
CBS, which is position-independent). This value is chosen to
match CAV requirements [2].

Fig. 4 shows the channel dynamics and the BA perfor-
mances versus the vehicle location over the road in LOS (left)
and a NLOS (right) propagation conditions, respectively. The
reported channel parameters are the number of clusters, the
cluster mean power (normalized with respect to the LOS one),
the cluster mean delay (with respect to the LOS one) and
the cluster mean angle. The performance analysis is provided
for SA-G, SA-LR, SA-LTG and CBS methods. For SA-RG,
results for both solutions with one or two dominant eigen-
beamformers are provided.



In order to distinguish between the LOS and NLOS sce-
narios, a first and straightforward intuition is to observe the
evolution of the cluster mean angles: the permanent presence
of a cluster (i.e., the LOS one) with time continuous evolution
of the mean angle is prevailing. Such a dominant effect is also
confirmed by the power ratio: in the left column (LOS) the
secondary clusters have a normalized powers which are order
of magnitude lower, while in the right column (NLOS) all the
cluster mean powers are comparable. Similar considerations
can be made for the cluster mean delay.

Analyzing the BA performance in LOS and NLOS cases,
it is of interest to examine the behavior in the most critical
condition, where the LOS angle most rapidly evolves. This is
verified in the middle of the road (at location 0 m), where the
vehicle is in front of the RSU. The SA-G technique is suited
only for LOS environments, where it provides meaningful
gain with respect to CBS. The most reliable BA technique
in LOS/NLOS scenarios, on the other hand, is the SA-LR, as
it is able to capture the dominant rank-1 channel component
(which typically does not reduce to a single AoA/AoD) and it
is more robust to space-varying multipath channel conditions
(e.g., the disappearance of the LOS cluster). Furthermore, SA-
LR does not require time-consuming AoD/AoA computation
and it is not sensitive to array calibration errors. This confirms
that the adoption of eigen-beamformers instead of classical
angle-based steering vectors could strongly improve the BA
performance. Moreover, we would also like to remark that a
SA-LR BA technique does not require a beam sweeping pro-
cedure as CBS, thus reducing the signaling overhead and the
latency due to BA, improving the communication efficiency.

We also simulated a non-stationary environment where vari-
ations of the mean AoD and AoA (with standard deviation of
10 deg) differentiate one vehicle passage from another. In this
case, similar results for LOS scenario have been obtained, thus
omitted. On the other hand, for NLOS a constant performance
degradation for all methods (5-10 dB) is experienced, still
preserving the ordering of curves. This confirms that, despite
environmental variations can occur, the statistical mean over
repeated passages is robust enough to extract the dominant
components of the channel.

VI. CONCLUSIONS

In this paper, we adapted the NYUSIM channel model to
describe a mm-wave V2I scenario and design BA algorithms.
The extension accounts for spatial consistency and different
space/time scales of the channel parameters’ dynamics. The
extended channel model has been used for designing and
assessing the performance of a number of BA techniques.
Results show that the exploitation of the sparse LR structure
of the channel, jointly with the repetitiveness of channel
statistics over multiple vehicle passages, allows to avoid time-
consuming beam sweeping procedures. The proposed SA-
LR BA, relying on eigen-beamformers obtained by averaging
over multiple available datasets and using precise location
tracking, was shown to provide meaningful performance gains
compared to conventional geometrical techniques. This benefit

could be used in future researches for evaluating the method-
ologies on massive vehicular datasets.
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