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Abstract—Robust beamforming is used to ensure commu-
nication quality, particularly for vehicle-to-everything (V2X)
communications. Moreover, millimeter waves (mmWaves) are
used in a new era of communication, providing a high data rate
and high spectrum efficiency. However, mmWave links are prone
to short-range communication because of serious free-space path
loss and blockage by obstacles. In addition, owing to constraints
on bandwidth and privacy considerations, it is computationally
difficult to transmit the entire dataset between vehicle users
and road side units (RSUs). As a result, FL-BT, a federated
learning (FL)-based joint radar and communication mmWave
beamtracking with imperfect channel state information (CSI) for
V2X communications, is proposed. FL-BT is a federated module
at vehicle user (local clients) and an RSU (main server) consisting
of support vector regression (SVR) along with an unscented
Kalman filter (UKF) that predicts the distribution of future
channel behavior based on a sequence of input signals available.
The simulation results demonstrate that the proposed FL-BT
approach offers significant improvements in V2X communication
performance by incorporating the UKF and SVR in a state-space
model for precise future channel-value prediction and a federated
learning framework for handling bandwidth and privacy consid-
erations. This leads to a more robust and accurate beamtracking
performance compared to traditional beamtracking methods.

Index Terms—Federated Learning, Imperfect channel state es-
timation, Joint Radar-Communication, Millimeter wave, Support
Vector Regression, Unscented Kalman Filter,

I. INTRODUCTION

A novel networked machine learning (ML) paradigm termed
federated learning (FL), which respects user privacy while
making use of user device data and computational power. FL
has been demonstrated to be a useful technique for helping
millimeter wave (mmWave) communication system establish
a link successfully [1]. MmWave technology is attractive be-
cause it can support large data rates in wireless communication
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networks, such as vehicle-to-everything (V2X) connections.
Modern mmWave communication systems can use machine-
learning techniques to analyze large amounts of wireless traffic
data and learn how to adapt to changing conditions, which is
becoming increasingly important with the rise of more wireless
devices [2].

II. RELATED WORK

Next-gen applications like V2X connectivity rely on both
radar and mmWave communication. MmWave auto radars of-
fer high-res sensing with a wide view, while mmWave comms
provide high-data-rate solutions for connected cars [3], [4].
JRC (joint radar-communication) technology merges mmWave
automotive radars and mmWave communications, resulting in
reusable hardware and similar signaling waveform. This leads
to improved power usage, spectrum efficiency, and market pen-
etration [5]. The authors of [6] proposed ML-BT, a machine-
learning-based beamtracking technique for mmWave vehicle
transmissions that uses long short-term memory (LSTM) net-
works. However, the method has limitations, such as longer
training times, high memory requirements, overfitting risk, and
difficulties in implementing Dropout, which results in less than
optimal outcomes [7], [8].

The estimation of the AoA in a mobile mmWave channel
was proposed by [9] using an extended Kalman filter (EKF)-
based technique known as EKF-BT. The EKF linearizes the
equations by approximating the non-linear functions with their
first-order Taylor series expansions around the current estimate
of the state. This approach can lead to inaccuracies in the
linearization, particularly if the state estimates are far from the
true state of the system [10]. In contrast to those from the EKF
method, the state estimates from the UKF technique reflect the
state uncertainty more accurately UKF because it uses a set
of sigma points to represent the probability distribution of the
system state. These sigma points are chosen such that they
capture the mean and covariance of the state distribution and
are propagated through the system dynamics to estimate the
predicted state. The measurements are then used to correct the
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predicted state, and a weighting factor is applied to each sigma
point to obtain the final estimate of the state [11].

The UKF has two key advantages. Firstly, it can handle
nonlinear systems, unlike the traditional Kalman filter which
linearizes the system dynamics around the mean of the state
estimate. The UKF propagates the sigma points through the
nonlinear system model to obtain the predicted state, resulting
in accurate estimation for nonlinear systems [12]. Secondly,
the UKF can handle systems with higher-dimensional state
spaces, which is difficult for the traditional Kalman filter
that requires a linear relationship between the state and
measurement for estimation [13]. The UKF is widely used
in navigation, target tracking, guidance, control, and signal
processing. It is a popular technique in robotics, automated
vehicles, and aerospace applications, where non-linearity and
high-dimensional state spaces are common [14].

Support vector regression (SVR) effectively handles model
overfitting and poor generalization, resulting in strong gen-
eralization capability and a global optimal solution [15]. It
has gained popularity for predicting time series due to its
ability to handle non-linearity and high-dimensional data [16].
SVR models underlying patterns and trends in time series
data to make predictions about future values. It finds the best
linear regression function that can approximate the data and
can handle both linear and non-linear time series data [17].
Advantages of using SVR for time series prediction include
its ability to handle non-linearity and high dimensional data,
and robustness to noisy or outlier data [18].

As a result, the UKF is used to perform recursive state
estimates on the nonlinear state-space model based on SVR
with significant stochastic uncertainty. The enhanced beam-
tracking method utilizes federated learning to model rapidly
varying mmWave channels, and it uses data from a vehicle
user to illustrate the continuous evolution of the AoA and
AoD. In particular, using the order of previous (past) channel
estimations, the federated module (composed of SVR and
UKF) forecasts the distribution of the AoA and AoD states.
Our findings show that the proposed method outperforms
traditional beamtracking techniques under a variety of high-
mobility and imperfect CSI conditions. The rest of the contri-
butions to this paper are summarized as follows;

• To improve the beamtracking performance of mmWave
systems for V2X communications, our technique com-
bines SVR and UKF as a federated module. The fed-
erated module can appropriate the complicated dynamic
channel behavior brought on by a vehicle’s user mobility
as opposed to commonly utilized basic linear models,
which results in improved beamtracking performance.
Numerical analysis was used to confirm that the proposed
beamtracking approach is better than current methods.

• To study channel dynamics and forecast future channel
states, this study’s fundamental idea is to use a federated
learning architecture. We included the SVR-based pre-
diction model, which was further improved by the UKF
framework. In the measurement update phase, we used a
mathematical model that defines the relationship between

the transmitted beam and the received signal. It should be
emphasized that machine learning models are only able
to reproduce the dynamic behavior of channels.

• A comparison was made with ML-BT [6], EKF-BT was
proposed by [9] and with an approach that has perfect
CSI, called FL-BT-P-CSI.

The rest of the paper is organized as: Section III presents
Federated communication model, Performance evaluation is
explained in Section IV and finally, conclusion is presented in
Section V.

III. FEDERATED COMMUNICATION MODEL

This section elaborates on the proposed system model, along
with the radar communication model, and expands on the
proposed approach by explaining the SVR, UKF, and FL.

A. System and Radar Communication Model

In a V2X scenario, Fig. 1 considers a mmWave MIMO
communication system (communication module) assisted by
a MIMO radar system (radar module). SVR and UKF as
a federated learning architecture (federated module) are also
displayed beside it at each car user (local clients) and at RSU
(main server). Considering RSU and vehicle users (VUs) with
antenna array size of Nr and Nv , respectively with NRF RF
chains. The mmWave channel model for downlink from RSU
to VUs with a channel matrix of H for size Nr ×Nv , [19]

H =

√
NrNv

P

P∑
p=1

ψpa(v)
(
ϕ(v)
p

)(
a(r)

(
ϕ(r)
p

))H

, (1)

where P represents the total number of paths, ψp represents
the complex channel gain for pth path,

(
ϕ
(v)
p

)
represents

AoA, and
(
ϕ
(r)
p

)
represents AoD. The steering vectors

a(r)
(
ϕ(r)

)
and a(v)

(
ϕ(v)

)
are given as a(r)

(
ϕ(r)

)
=

1√
Nr

[
1, e

j2πdrcosϕ
λ , e

j2π2drcosϕ
λ , ...e

j2π(Nr−1)drcosϕ
λ

]T
, and

a(v)
(
ϕ(v)

)
= 1√

Nv

[
1, e

j2πdvcosϕ
λ , e

j2π2dvcosϕ
λ , ...e

j2π(Nv−1)dvcosϕ
λ

]T
,

where λ is the wavelength of the signal, dr and dv is the
distance between adjacent antennas at RSU and VU,
respectively, given as λ

2 . Eq. (1) in the matrix form can be
written as

H = ARHaAH
V , (2)

Fig. 1: Elucidation of System Model
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where Ha =
√

NrNv

P diag (ψ1, ψ2, ..., ψP ),
AR = [ar (ϕr

1) , ar (ϕr
2, ...ar (ϕr

P ))] ∈ CNr×P ,
AV = [av (ϕv

1) , av (ϕv
2, ...av (ϕv

P ))] ∈ CNv×P . In order
to investigate the effect of errors in CSI (imperfect CSI), the
CSI Ĥ is subjected to noise errors. Therefore, the estimated
channel based on the imperfect CSI is represented as [20],

Ĥ = ξH +
√

1− ξ2E which results in H =
Ĥ−

√
1−ξ2E
ξ ,

where ξ ∈ [0, 1] is the CSI accuracy, higher value of ξ
denotes higher accuracy and E is the channel estimation
matrix whose entries follow i.i.d. C N (0, 1).

At the bth beam transmission, RSU apply NB
r different pilot

beam patterns given as fb ∈ CNr×1 for b = 1, 2, ...NB
r and VU

apply NB
v different pilot beam patterns given as wc ∈ CNv×1

for c = 1, 2, ...NB
v , therefore the total number of slots required

by the received beam patterns to scan over is ND
v =

NB
v

NRF
.

Thus, the received vector signal for the bth pilot beam in the
sth time slot is given as

ys,b = WH
s Hfbxtr + WH

s ns,b, (3)

where ys,b ∈ CNRF×1 for s ∈ {1, 2, ...ND
v }, Ws =[

w(s−1)NRF+1, ...wsNRF

]
∈ CNv×NRF is the receive beam

pattern matrix for fb, xtr is the transmitted pilot symbol,
H ∈ CNr×Nv is the channel matrix and ns,b ∈ CNv×1 is
the noise vector.

Combination of the signal vectors ys,b over entire slots s ∈
{1, 2, ...ND

v }, the complete signal yb ∈ CNB
v ×1 for fb pilot

beam pattern is given as

yb = WHHfbxp + diag
(

WH
1 ,WH

2 , ...WH
ND

v

)
×

[
nT
1,b, nT

2,b, ...n
T
ND

v ,b

]T
, (4)

where W =
[
W1,W2, ...WND

v

]
∈ CNv×ND

v . Therefore, for
all NB

r transmit beams, the collection of yb, b ∈ {1, 2, ...NB
r }

gives

Y = WHHFX + N =
√
QWHHF + N, (5)

where X =
√
QINB

r
∈ CNB

r ×NB
r for Q is the

pilot power, Y =
[
y1, y2, ...yNB

r

]
∈ CNB

r ×NB
v ,F =[

f1, f2, ...fNB
r

]
∈ CNr×NB

r N ∈ CNB
r ×NB

v ,N =

diag
(

WH
1 ,WH

1 , ...WH
NB

r

)[[
nT
1,1, nT

2,1, ...nT
NB

v ,1

]T
, ...

[
nT
1,NB

r
, nT

2,NB
r
, ...nT

NB
v ,NB

r

]T]
.

Using (1), results in the formulation of the (5) as

Y =
√
QWH

(√
NrNv

P

P∑
p=1

ψpa(v)
(
ϕ(v)
p

)(
a(r)

(
ϕ(r)
p

))H
)

F + N. (6)

Using the property of Khatri-Rao product, we can get

y =
√
Q
(
FT ⊗ WH

)
· vec (H) + vec (N)

=
√
Q
(
FT ⊗ WH

)
· vec

(
ARHaAH

V

)
+ nϖ

=
√
Q
(
FT ⊗ WH

)
Aνha + nϖ = Zha + nϖ,

where Z =
√
Q
(
FT ⊗ WH

)
Aν , Aν = AR ⊗ AV and ha =

vec(Ha). Therefore, real-valued channel model is

ỹk = Z̃kh̃ak
+ ṽk, (7)

where ṽk ∈ nϖ is additive white Gaussian observation noise
which shows no dependence on the process noise.

Moreover, the channel parameters are ψp, ϕ
(v)
p and ϕ

(r)
p .

Assuming the variation of the channel gain is very slow thus
ignoring the ψp, results in the determination of the parameters
as ϱt ∈ {ϕ(v)

pt , ϕ
(r)
pt } for tth beam transmission period. There-

fore, the discrete time model is given as ϱt = Otϱt−1 + υt,,
where O is the auto-regressive parameter and υt is the complex
Gaussian vector.

B. Support Vector Regression

SVR has been adopted in diverse areas of time series predic-
tion and has also been employed for real-time prediction [21].
The SVR method mainly constructs a linear decision function
in high-dimensional space to realize model prediction. In SVR,
a set of learning samples {(X1, Y1) , (X2, Y2) , ... (Xn, Yn)},
the sample regression function is described as f(X) =
ω1X1 + ω2X2 + ...ωnXn + b = ⟨ω,X⟩ + b where ω =
[ω1, ω2, ...ωn]

T is the regression coefficient, b is the bias and
⟨⟩ represents the dot product. The regression problem can
be solved by the constrained optimization problem [22] as
min 1

2 ∥ω∥
2
+C

∑n
1 (ξi + ξ∗i ), subject to: Yi − ⟨ω,X⟩ − b ≤

ϵ+ ξi, ⟨ω,X⟩+ b− Yi ≤ ϵ+ ξ∗i , ξi, ξ
∗
i ≥ 0, where ξi and ξ∗

represents slack variables to make constraints feasible, C is
the regularization parameter and ϵ is the tolerance threshold.
The optimization problem is easier to solve in its dual for-
mulation, which uses the Lagrange multipliers τi and τ∗i , thus
gives max − 1

2

∑n
i=1

∑n
j=1 (τi − τ∗i )

(
τj − τ∗j

)
K (Xi, Xj)−∑n

j=1 (τi − τ∗i )Yi +
∑n

j=1 (τi + τ∗i ) ϵ, for the condition 0 <
τi, τ

∗
i < C and

∑n
j=1 (τi − τ∗i ) = 0 and K (Xi, Xj) is the

kernel function.
The regression function equation can be obtained as

f(X) =
∑n

i=1 (τi − τ∗i )K (τi, τ
∗
i ) + b, where corre-

sponding regression coefficient and bias can be ob-
tained as ⟨ω,X⟩ =

∑n
i=1 (τi − τ∗i )K (τi, τ

∗
i ), b =

− 1
2

∑n
i=1 (τi − τ∗i ) (K (Xi, Xr) +K (Xi, Xs)), where Xr

and Xs denote identified support vectors. In this study, the
commonly used radial basis function (RBF) is selected as ker-
nel function for SVR model and it is defined as K(X,Xi) =

exp
(
−∥X−Xi∥2

2σ2

)
, where σ is the adjustable parameter to

determine RBF kernel width. SVR is employed to learn motion
(position) based set of training data and the trained SVR model
is used to predict the future position. Therefore, in the lthstep
look-ahead prediction, the training input vector Xi consists
of m position measurements X(i) at time i of the vehicle
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use is given as Xi = [X(i), X(i− 1), ...X(i−m+ 1)]
T .

The corresponding output Yi is X(i + l) and for lthstep
look-ahead prediction X̂k+l|k for the input vector Xk =

[X(k), X(k − 1), ...X(k −m+ 1)]
T as X̂k+l|k = f(X) =∑n

i=1 (τi − τ∗i )K (τi, τ
∗
i ) + b.

C. Unscented Kalman Filter

Owing to the non-linearity associated with the discrete
time model, UKF is used for its solution, which calculates
the posterior distribution of a modified random variable by
extending the prior mean and covariance through the non-
linear functions by way of sigma points [23]. With the initial
estimate of X̂0 and its covariance as R0, the previous estimate
and covariance are given as X̂k−1 and Rk−1, respectively.
Then the predictive state estimate for the covariance at the
kth block is X̂k|k−1 and Rk|k−1, respectively, given as

X̂k|k−1 = AkX̂k−1, (8)

with a priori covariance

Rk|k−1 = E
[
X̂k|k−1X̂

T
k|k−1

]
= AkRk−1AT

k + Qk. (9)

A symmetric set of sigma point vectors {sj}2nj=1 for n =
6P , are propagated through the transfer function F gives
Xj = F

(
{sj}2nj=1

)
. Herein F is the representation of the

channel, therefore Xj = h̃
(
{sj}2nj=1

)
. Therefore, the mean

and covariance for h are approximated using a weighted
sample mean and covariance of the posterior sigma points as

ĥk =

2n∑
j=0

W
(m)
j h̃j , (10)

and

χ̂k =

2n∑
j=0

W
(c)
j

(
Xj − ĥ

)(
Xj − ĥ

)T

, (11)

respectively. The weights are given by W
(m)
0 = λ

n+λ , W (c)
0 =

λ
n+λ +

(
1− α2 + β

)
and W

(m)
j = W

(c)
j = 1

2(n+λ) , k =

1, 2, ...2n, where λ = α2 (n+ γ) − n, for α determines the
spread of the sigma points around the mean value, β is used
to incorporate prior knowledge of the distribution, γ is the
secondary scaling parameter [24].

Given prediction estimates X̂k|k−1 and Rk|k−1, a new set
of N = 2P + 1 sigma points s0, s1, ...sn with correspond-
ing first-order weights Wm

0 ,Wm
1 , ...Wm

n and second-order
weights W c

0 ,W
c
1 , ...W

c
n is calculated [25]. These sigma points

are transformed through a measurement function G giving
yj = G (sj) , j = 0, 1, ...n. Therefore, the empirical mean
and covariance of the transformed point is given as

ȳk = ỹk − Z̃kh̃k, (12)

and
Ŝk = χ̂kZ̃kχ̂

T
k + Ik, (13)

respectively, where Ik is the covariance matrix of the observa-
tion noise ṽk. Moreover, the cross covariance matrix is given
as

Cxh =

2n∑
i=0

W
(c)
i

(
Xi − X̂k|k−1

)(
h̃i − ĥk

)T

, (14)

Therefore, the updated mean and covariance estimates are

X̂k|k = X̂k|k−1 + ιg

(
h̃i − ĥk

)
, (15)

and
Rk|k = Rk|k−1 − ιgŜkι

T
g , (16)

respectively, where ιg is the Kalman gain given as CxhŜ
−1

k .

D. Federated Learning

Considering a wireless multi-user system, which consists
of one server (R) and C number of local clients (vehicle
users). Therefore, the total data size (Td) for each participating
client, c having a data size of dc is given as Td =

∑C
c=1 dc.

The collection of the data samples dc is defined by the set
of input-output pairs as {Xj , Yj}dc

j=1, where the sample input
vector is characterized by d thus Xj ∈ Rd and the output is
characterized by Yj ∈ R for sample Xj .

Therefore, for the input of Xj , a global model parameter
Gm is to found out which characterizes the output Yj , when
the sampled data pair is {Xj , Yj}. This characterization of
the output with a loss function L (fj(Gm)) can be repre-
sented in the form: A). For linear regression: L (fj(Gm)) =
1
2

(
XT

j (Gm)− Yj

)2
, Yj ∈ R and B). For support vector ma-

chine: L (fj(Gm)) =
{
0, 1− YjX

T
j (Gm)

}
, Yj ∈ {−1, 1},

where XT
j (Gm) is linear mapping function.

Therefore, for Gm the global optimization problem can
be written as min

Gm∈Rd
P(Gm) =

∑C
c=1

dc

Td
L (Pc(Gm)),

where for the user u the local loss function is given as
L (Pc(Gm)) = 1

dc

∑
j=dc

L (fj(Gm)), and the loss function
L (fj(Gm)) captures the error of the model parameter Gm

on the input-output pair {Xj , Yj}. Along with it, its solution
is captured by iterative FL-based approach and each iterative
round is indexed by I , and it consists of three steps:

1) Scheduling of participants: The main server, R selects
the initial model parameters Gmp and schedules Rd

for its training and then broadcasts these details to
each client participant Cpi

, i ∈ 1, 2..Nc, where Nc

are a number of clients for an iterative round I . Cpi

receives the current global model parameter, G
SdI−1
mpI−1

from the S on the past scheduling decisions given as
RdI−1

= [Rd1 , Rd2 , ....RdI−1
].

2) Schedule sharing: Each Cpi has its own local data
set, thus using the gradient descent algorithm updates
its local model parameter, G̃mp

∈ Gmp
for a learning

rate of µ, as G̃mp
(I+1) = G̃mp

(I)−µ∇̃fj
(
Gmp

(I)
)
,

where for a mini-batch dCp ⊆ DCp of Cp ∈ c data sam-
ples, the estimate of the gradient ∇fj

(
Gmp(I)

)
is given

as ∇̃fj
(
Gmp(I)

)
= 1

|dCp |
∑

j∈dCp
∇L (fj

(
Gmp

(I)
)
).
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Fig. 2: Effect of SNR on BER

The exchange of the local model parameter is scheduled
and repeated α times, represented as fj(Gmp

(α)) is
uploaded and shared to R.

3) Update global model: Weighted average combination
of the local parameters received is carried out by the
R, which aggregates them to obtain a new global
model parameter, which is represented as Gmp

(I)RdI =∑
c∈RdI

dcGmp (I)
RdI

∑
c∈RdI

dc
.

IV. PERFORMANCE EVALUATION

A frequency band of 28 GHz with ULAs is considered, with
communication between a single RSU and a single VU. Along
with it, BS and VU are equipped with 32 transmitting and
receiving antennas, respectively. In order to predict the channel
vector of vehicular users, the speed range of vehicle users is
considered from 60 km/h to 100 km/h. As the performance
measure normalized mean square error (NMSE) of H which is

given as
E
(
∥Ĥ−H∥2

F

)

E(∥H∥2
F )

, where H is the true channel matrix, Ĥ is

the estimated channel matrix and ∥·∥F is the Frobenius norm.
The accusation of the following mobility parameters: velocity,
acceleration, angular velocity, and angular acceleration is
based on the approach presented by [26], details of which
are not discussed in this paper.

Fig. 2 shows the bit error rate (BER) performance against
the signal-to-noise ratio (SNR) at an average speed of vehicle
user 70 km/h, in which the proposed approach, FL-BT, not
only outperforms the existing methods, but also consistently
pursues FL-BT-P-CSI. This further compounds the persever-
ance of the proposed approach. The BER not only starts from
the lowest value for FL-BT but also decreases almost expo-
nentially to the lowest values as compared to contemporary
approaches, which shows a decrease that is almost negligible.
This demonstrates that a more accurate model is provided by
the SVR-based channel model, which is further supported by
the UKF, thereby compensating for the model’s non-linearities.
As a result, better performance is obtained under conditions
of increased mobility and inaccurate CSI.

Fig. 3 illustrates the variation in NMSE performance with
the vehicle user’s velocity. All algorithms’ performance suf-
fers when the channel gets more dynamic because vehicle
user velocity rises. But this degrading behavior for FL-BT

Fig. 3: Effect of Velocity on NMSE

is marginal, whereas with the existing approach, significant
differences can be observed, and moreover, it follows FL-BT-
P-CSI very closely, thereby proving its fortitude even in the
presence of imperfect CSI. The linear channel model used in
the EKF approach does not adequately describe the behavior of
time-varying channels; hence, EKF-BT’s performance is poor
compared to other methods. In contrast, the suggested solution
for accurate beam tracking successfully predicts complex
channel behavior.

The behavior of the NMSE against the SNR is compared
and presented in Fig. 4 for all three approaches. A significant
gain in performance is observed for the proposed approach as
compared to existing methods, and an impending FL-BT-P-
CSI is anticipated. This endorses the efficient behavior of FL-
BT. The proposed method performs better than EKF because
its prediction results at the prediction update stage are more
accurate. This is further enhanced by the proposed method’s
federated structure, as a result of which it can follow the

Fig. 4: Effect of SNR on NMSE

Fig. 5: Effect of Variance of Angles on NMSE
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channel’s quick variations well.
Fig. 5 shows and compares the performance of the proposed

approach with contemporary methods, in terms of NMSE
against the variance of the angles (for AoAs). As the variance
starts to increase, ML-BT and EKF-BT lose track, which leads
to an increase in the estimation error. The proposed approach
compensates for the degraded channel estimation, thereby
giving exceptional performance by maintaining a course that
is adjacent to FL-BT-P-CSI.

The average estimation error for NMSE is compared be-
tween the proposed approach, EKF-BT and ML-BT, Fig. 6, for
variation in the number of paths. For the FL-BT, the maximum
value is almost 50% lower than the other two approaches and
the mean value of the average NMSE error for the proposed
approach is 0.0037, for ML-BT it is 0.0.0136 and for EKF-BT
is 0.0.0406, this clearly substantiate that SVR and UKF with
the augment of FL is able to lower the NMSE.

Fig. 6: Effect of No. of Paths on NMSE

V. CONCLUSION

This paper proposed FL-BT, which stands for feder-
ated learning-based combined radar-communication mmWave
beamtracking for V2X communication under poor CSI. Be-
cause the vehicle user is moving, the proposed beamtracking
approach was created to track rapidly varying AoD and AoA.
To calculate channel variations and forecast future channel
state estimates, the SVR and UKF-based federated module for
the vehicle user and RSU are used. Our simulation findings
demonstrated that the suggested method outperformed the
current beamtracking methods in the presence of suboptimal
CSI and achieved a sizable performance boost.
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