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Sensing Assisted Robust Beamforming for mmWave
Downlink Vehicle-to-Infrastructure Communications

Chong He, Xiaohan Shi, Fuxi Wen, Senior Member, IEEE and Henk Wymeersch, Fellow, IEEE

Abstract—This paper proposes a sensing-assisted robust beam-
forming strategy for millimeter-wave (mmWave) vehicle-to-
infrastructure communications operating in near- and far-field
regions. Near-field and far-field sources classification is not
required. That simplifies system design and reduces latency. Fur-
thermore, by incorporating environmental sensing information,
the proposed beamforming scheme remains robust to sensing
uncertainties, ensuring reliable communication performance un-
der highly dynamic scenarios. Simulation results validate the
effectiveness of the proposed approach in terms of both spectral
efficiency and robustness.

Index Terms—Millimeter-wave communications, vehicular net-
works, near-field beamforming, far-field beamforming, robust
beamforming, sensing-aided communications.

I. INTRODUCTION

Vehicular communication in the millimeter-wave (mmWave)
band is one way to achieve high data rates for applica-
tions like connected and automated driving. It has been in-
creasingly adopted in next-generation vehicle-to-infrastructure
(V2I) communication systems [1]. In mmWave, based on the
accurate channel state information (CSI), a large number of
antennas and directional transmission and reception are used
to achieve a sufficient link margin. With the utility of large-
scale antennas, mmWave V2I communications exhibit hybrid
near-field and far-field propagation characteristics [2]. The dis-
tinction between near-field and far-field channel models further
complicates beamforming optimization, as conventional far-
field assumptions become invalid for vehicles close to the
roadside unit (RSU) [3]. A unified modeling approach is re-
quired. Furthermore, it is challenging to frequently reconfigure
these large antenna arrays with minimal overhead in highly
dynamic scenarios [4]. To address these challenges, sensing-
assisted beamforming has emerged as a promising solution,
leveraging integrated sensing and communication capabilities
to assist channel estimation and enhance beam alignment [5]–
[8]. Here, environmental sensing in V2I scenarios refers to the
ability of the RSU to acquire vehicles ranges and directions
via out-of-band information using its equipped sensing devices
such as camera and LiDAR. Since the channel model depends
on the distance and azimuth between the BS and UE, envi-
ronmental sensing can thereby reduce the channel estimation
overhead and assist in beamforming. Although learning-based
beamforming methods leveraging sensing information [9], [10]
demonstrate potential, they often suffer from performance loss
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Fig. 1: Illustration of near-field and far-field V2I communications.

and are sensitive to sensing inaccuracies. Robust method [11]
can maintain performance under imperfect CSI, but unstruc-
tured estimation is not easy to implement in practice.

In this paper, we propose a sensing-assisted and unified
near-field channel model robust beamforming framework for
mmWave downlink V2I systems that addresses these chal-
lenges through the following key contributions: Since the far-
field model can be treated as an approximation of the near-
field model [12], our approach seamlessly accommodates both
near-field and far-field scenarios by applying the near-field
model to all UEs uniformly, simplifying beamforming design
while maintaining generality. Near-field and far-field sources
classification is not required. Furthermore, the proposed robust
beamforming method is developed by structured modeling
estimation error under sensing uncertainties and maximizing
the average achievable sum-rate lower bound, outperforming
the technique in [13] in terms of robustness.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A downlink vehicular mmWave communication system is
considered, where M vehicles are randomly distributed across
the far-field and near-field regions within the base station
(BS) coverage (as shown in Fig.1). BS employs a full-digital
uniform linear array (ULA) with N antenna elements, while
each vehicle is equipped with a single antenna [14]. Although
this work focuses on single-antenna scenarios, future research
will investigate alternative array configurations.

Let sm denotes the transmitted symbol of vehicle m with
E
[
|sm|2

]
= 1 and wm ∈ CN×1 denotes the precoding vector

for sm. The received signal at the mth vehicle can be written
as

ym = hH
mwmsm +

M∑
i=1,i̸=m

hH
mwisi + nm, (1)

where hH
m ∈ C1×N denotes the channel from the BS to the

m-th vehicle, nm ∼ CN
(
0, σ2

n

)
represents the received noise

with σ2
n representing the noise power.
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Given that the power of NLoS paths is 10-15 dB lower
than that of the LoS path [15], mmWave V2I communication
mainly relies on the LoS path. Thus, we adopt the LoS channel
model in this paper and the channel vector hm of the mth
vehicle can be represented as

hm = αmam (θm, rm) , (2)

where αm and am represent the complex-valued path gain and
steering vector.

To precisely characterize the channels in cross far- and
near-field scenarios, we uniformly use the near-field steering
vector for all vehicles since the far-field steering vector can
be regarded as an approximation of it when the distance
between the BS and the vehicle exceeds the Rayleigh distance.
The near-field steering vector is based on the spherical wave
assumption, which can be represented as [2]

am (θm, rm) =
1√
N

[
e−jk(r0m−rm), · · · , e−jk(rN−1

m −rm)
]H

,

(3)
where rm and θm denote the distance and azimuth of the
m-th vehicle from the first BS antenna, respectively. rnm =√
r2m + (nd)2 − 2ndrm sin θm represents the distance from

the mth vehicle to the nth antenna with n = [0, N−1]. Based
on (1), the achievable rate of the m-th vehicle can be denoted
as

Rm = log

(
1 +

|hH
mwm|2∑M

i ̸=m |hH
mwi|2 + σ2

n

)
, m ∈ M. (4)

In this paper, the BS is assumed to have the capability
to sense the azimuth and range of vehicles in its coverage,
which can be leveraged to facilitate channel estimation. We
aim to design the beamforming vectors {wm}m∈M based
on the estimated CSI that maximizes the achievable sum-rate
with a given transmit power constraint Pmax. The optimization
problem can be written as

max
{wm}

M∑
m=1

Rm

s.t.
M∑

m=1

∥wm∥2 ≤ Pmax, m ∈ M.

(5)

For the general case of M > 1, problem (5) is non-
convex and intractable to solve. One way to solve the above
problem is to transform it into the weighted sum mean-squared
error (MSE) minimization [16], [17]. Considering the nominal
receive filter u∗

m at the mth vehicle as an auxiliary variable
(where ŝm = u∗

mym), the MSE of the received signal of the
mth vehicle can be represented as

em = E [(ŝm − sm)(ŝm − sm)∗]

= 1− u∗
mhH

mwm − umwH
mhm

+

M∑
i=1

|umhH
mwi|2 + |um|2σ2

n.

(6)

The receive filter that minimizes em can be calculated as

uMMSE
m =

hH
mwm∑M

i=1 |hH
mwi|2 + σ2

n

. (7)

Substituting (7) into (6), the MMSE can be obtained as

eMMSE
m =

(
1 +

|hH
mwm|2∑M

i ̸=m |hH
mwi|2 + σ2

n

)−1

. (8)

It is noted that the achievable rate Rm can be expressed as
Rm = − log2

(
eMMSE
m

)
, which illustrates the relation between

achievable rate and MSE. The following Remark can be
derived by further leveraging the relationship between sum-
rate maximization and weighted sum-MSE minimization [16].

Remark: Problem (5) has the same global optimal solution
as the following problem

min
{wm,um,wm}

M∑
m=1

wmem(um, {wm})− log(wm)

s.t.
M∑

m=1

∥wm∥2 ≤ Pmax, m ∈ M,

(9)

where wm denotes the MSE-weight and em(um, {wm}) is
given by (6).

The problem (9) is convex for each optimization variable
when the remaining two are fixed. Hence, the block coordinate
descent method can be applied to solve (9), resulting in the
procedure summarized as Algorithm 1 [13].

Algorithm 1: Alternating Optimization Method
Input: {hm}, σn, Pmax

Initialize: n = 0; w0
m =

√
Pmax

M
hm

∥hm∥ ,∀m;
repeat

Update n = n+ 1;
Update un

m =
hH

mwn−1
m∑M

i=1 |hH
mwn−1

i |2+σ2
n

,∀m;

Update wn
m =

(
em(un

m, {wn−1
m })

)−1
,∀m;

Update wn
m =

un
mwn

m

(∑M
i=1 w

n
i |un

i |2hih
H
i + λIN

)−1

hm,∀m;
until convergence of {wm};
Output: {wm}

In each iteration, the algorithm first calculates the receive
filters {um} that minimize the MSE. Then, the MSE-weights
{wm} are set to be wm = e−1

m ,∀m, leading to the same
gradient of the cost function of the sum-rate maximization
(5) and the weighted sum-MSE minimization (9) for a given
set {wm} [17]. Afterward, the precoding vectors {wm} are
updated to minimize the cost function of (9) with fixed {um}
and {wm} under transmit power constraint.

III. PROPOSED ROBUST BEAMFORMING METHOD

Acknowledge that environmental sensing is susceptible to
inaccuracies, we assume that there exist a direction estimation
error △θm and a distance estimation error △rm for the mth
vehicle, with both having zero mean and variances of σ2

rm and
σ2
θm

, respectively. The actual steering vector expressed using
the presumed direction θ̂m, distance r̂m, and estimation error
△θm, △rm can be written as

am (θm, rm) = am

(
θ̂m +△θm, r̂m +△rm

)
. (10)
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Using the first-order Taylor expansion, the nth element in
(10) can be expressed as

ejk(r
n
m−rm) ≈ ejk(r̂

n
m−r̂m)×[

1+jk

(
∂r̂nm
∂r̂m

− 1

)
△rm + jk

∂r̂nm

∂θ̂m
△θm

]
,

(11)

where r̂nm =

√
r̂2m + (nd)2 − 2ndr̂m sin θ̂m, ∂r̂nm/∂r̂m =

(r̂m − nd sin θ̂)/r̂nm and ∂r̂nm/∂θ̂m = −r̂mnd cos θ̂m/r̂nm. We
define the error for the nth element εnm and the error vector
vm of the steering vector am as

εim = jkejk(r̂
n
m−r̂m)

[(
∂r̂nm
∂r̂m

− 1

)
△rm +

∂r̂nm

∂θ̂m
△θm

]
vm =

1√
N

[
ε0m ε1m · · · εN−1

m

]T
.

(12)

Thus, the error of the steering vector caused by estimation
errors in direction and distance can be expressed as an additive
random deviation

am(θm, rm) = am(θ̂m, r̂m) + vm. (13)

We use ĥm = α̂mam(θ̂m, r̂m) to denote the presumed
channel model. Since the normalized path gain is insensitive to
small-scale changes in the relative position between the RSU
and the vehicle when r > 1.2D [18], we neglect the path gain
estimation error induced by △r and △θ. Then the received
signal at the mth vehicle with receive filter u∗

m is

ŝm = u∗
m

[ (
ĥm + α̂mvm

)H M∑
i=1

wisi + nm

]
. (14)

With random channel error α̂mem, the average MSE of the
received signal of mth vehicle can be derived as

ēm =E (em) = E
[
(ŝm − sm)(ŝm − sm)∗

]
=1− u∗

mĥH
mwm − umwH

mĥm +
M∑
i=1

|umĥH
mwi|2

+ |umα̂m|2
M∑
i=1

wH
i Cmwi + |um|2σ2

n,

(15)

where Cm is the covariance matrix of vm, whose i-j-th
element is

(Cm)ij =
1

N
E
[
εim(εjm)∗

]
=

1

N
k2ejk(r̂

i
m−r̂jm)×[(

∂r̂im
∂r̂m

− 1

)(
∂r̂jm
∂r̂m

− 1

)
σ2
rm +

(
∂r̂im

∂θ̂m

)(
∂r̂jm

∂θ̂m

)
σ2
θm

]
.

(16)
Refering to [19], the expected achievable rate of mth vehicle

R̄m can be lower bounded by

R̄m = E
[
− log2

(
eMMSE
m

)]
≥ − log2

[
E
(
eMMSE
m

)]
= − log2

(
ēMMSE
m

). (17)

We define the expected achievable rate lower bound R̄LB
m

as R̄LB
m = − log2

(
ēMMSE
m

)
. With estimation error, our target

is to maximize the sum of the expected achievable rate lower
bound

max
{wm}

M∑
m=1

R̄LB
m

s.t.
M∑

m=1

∥wm∥2 ≤ Pmax, m ∈ M.

(18)

Based on the previous derivations in Sec.III, (18) can be
solved by implementing a similar procedure to Algorithm 1.
In this case, the updated receive filters {um} minimize the
average MSE ēm, which can be written as

um =
ĥH
mwm∑M

i=1 |ĥH
mwi|2 + |α̂m|2

∑M
i=1 w

H
i Cmwi + σ2

n

. (19)

The updated weights {wm} can be expressed as wm =
(ēm)

−1, where ēm is given by (15). The updated precode
vectors {wm} minimize the cost function of (9) after replacing
em with ēm, leading to the following result:

wm = umwm

[ M∑
i=1

wi|ui|2(ĥiĥ
H
i + |α̂i|2Ci) + λIN

]−1

ĥm.

(20)
Hence, the robust beamforming algorithm considering random
estimation errors of the vehicles’ distance and direction can
be summarized as follows:

Algorithm 2: Robust Alternating Optimization Method

Input: {ĥm}, σn, Pmax, {σrm}, {σθm}
Initialize: n = 0; w0

m =
√

Pmax

M
hm

∥hm∥ ,∀m;
repeat

Update n = n+ 1;
Update un

m|{wn−1
m } by (19), ∀m;

Update wn
m =

(
ēm(un

m, {wn−1
m })

)−1
,∀m;

Update wn
m|{un

m}, {wn
m} by (20), ∀m;

until convergence of {wm};
Output: {wm}

A. Computational Complexity

The computational complexity of the algorithm mainly de-
pends on the number of antenna elements N and the number of
vehicles M . As for Algorithm 1, the computational complexi-
ties of calculating un

m, wn
m in each iteration are both O (MN),

while that of calculating wn
m is O

(
MN2 +N3

)
. Therefore,

the total complexity of computing {un
m}, {wn

m} and {wn
m}for

∀m ∈ M in one iteration is O
(
M2N +M2N2 +MN3

)
=

O
(
M2N2 +MN3

)
.

As for Algorithm 2, an additional term
∑M

i=1 w
H
i Cmwi

needs to be computed. Note that Cm can be written
as Cm = Cmθ

+ Cmr
= cmθ

cHmθ
+ cmr

cHmr
, where

(cmr
)i = 1√

N
kejkr̂

i
m

(
∂r̂im/∂r̂m − 1

)
σrm and (cmθ

)i =

1√
N
kejkr̂

i
m

(
∂r̂im/∂θ̂m

)
σθm . Thus,

∑M
i=1 w

H
i Cmwi is equiv-

alent to
∑M

i=1 |cHmθ
wi|2 +

∑M
i=1 |cHmr

wi|2, and the latter
can reduce the computaional complexity from O

(
MN2

)
to O (MN). In this case, the computational complexities
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Fig. 2: Single iteration runtime comparison.
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of calculating un
m, wn

m and wn
m in algorithm 2 are also

O (MN) and O
(
MN2 +N3

)
, resulting in the computational

complexity of Algorithm 2 being equal to that of Algorithm
1.

Fig 2 compares the single iteration runtimes of the two
algorithms under different numbers of antennas and sensing
errors, and the numerical results are basically consistent with
the complexity analysis. Although the runtime of the proposed
algorithm will slight increase with the growth of σθ because
of the need to calculate additional terms, the improvement in
sum-rate of it compared to the baseline will also become larger
accordingly.

B. Convergence Speed and Stability

Figure 3 is plotted to evaluate the convergence speed of the
proposed algorithm, which illustrates the required number of
iterations until convergence for the algorithms under different
SNR when σθ = 0.01 rad and σθ = 0.1 rad. The convergence
criterion is set to

∑
m ∥wn+1

m −wn
m∥ < 10−3.

The explanation for the increase in the number of iterations
as the SNR rises is as follows: We initialize w0

m using the
results of the matched filter algorithm. MF algorithm does not
account for the interference signals in multi-user scenarios,
while the result of iterative algorithms wopt

m aims to potentially
reduce inter-user interference by optimizing the sum-rate. As
the interference-to-noise ratio (INR) induced by the initial
w0

m grows with increasing SNR, the distance ∥wopt
m −w0

m∥2
between wopt

m and w0
m expands at the same time, resulting in

more iterations.
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Fig. 4: Improvement of the robust algorithm in sum-rate under different
estimation error distributions.

For the convergence stability, since the optimization prob-
lem obtained by replacing em with ēm in equation (9) can
be regarded as the equivalent optimization problem of the
proposed iterative algorithm, the cost function of this problem
is still convex with respect to each of the optimization vari-
ables {wm, um, wm}. Therefore, by updating one variable at a
time while keeping the other two variables fixed, the proposed
algorithm is guaranteed to converge to a stationary point.

IV. NUMERICAL RESULTS

In this section, we evaluate the performance of the proposed
robust beamforming method in Algorithm 2. We consider a
V2I communication system consisting of one base station
equipped with a 256-antenna ULA and M = 4 single-antenna
vehicles. The wavelength is λ = 0.005 meters, corresponding
to a frequency of 60 GHz. The antenna spacing is set to be
d = λ/2. The path gain αm, angle θm and distance rm of
each vehicle are generated as following: αm ∼ CN (0, 1),
θm ∼ U (−1, 1), and rm ∼ U (20, 200). The SNR is set as
Pmax/σ

2
n = 20dB. For the imperfect CSI, we assume that

the estimation errors of distance △rm and direction △θm for
each vehicle are normally distributed with variances σ2

r and
σ2
θ , respectively. With the imperfect CSI, the performance of

the proposed method is compared with that of the iterative
algorithm [13], as well as the classical matched filter (MF) and
minimum mean square error (MMSE) methods. The results are
averaged over 5,000 channel simulations.

Considering that the sensing accuracies of different V2I
systems vary, we plot the performance of the proposed method
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and the iterative algorithm against σθ and σr in Fig. 4. It is
noted in Fig. 4a that the proposed method achieves higher
sum-rates than the iterative algorithm [13] at every σθ, which
validates the effectiveness and robustness of the proposed
method against angular sensing errors. Fig. 4b shows that
when σr exceeds a certain threshold, the proposed method
outperforms the iterative algorithm, demonstrating its ability
to compensate for distance errors. Nevertheless, when σr is
low, the performance of the proposed method is inferior to that
of the iterative algorithm. The reason is that the performance
of the iterative algorithm exhibits lower sensitivity to distance
errors than to angular errors. Specifically, in the scenario where
σr is small, the degree of steering vector mismatch induced
by distance errors remains relatively low, enabling the iterative
algorithm to maintain a satisfactory performance level, while
the proposed method exhibits performance degradation due
to factors such as truncation errors introduced in (11). As
σr increases gradually, the effect of the proposed method
in compensating for the steering vector mismatch becomes
increasingly evident.

Fig. 5 demonstrates the necessity of using the near-field
model in the cross near- and far-field scenario. The average
distance between the vehicles and the RSU is used to reflect
the distribution of vehicles in the near-field and far-field
regions. When the average distance exceeds the Rayleigh
distance, the performance of assuming the near- and far-field
model is close. As the average distance decreases, the near-
field path components in the system become dominant. In such
cases, the far-field model fails to match the near-field channel
features, resulting in significant performance loss.

V. CONCLUSION

We proposed a sensing-assisted, unified near-field channel
model-based beamforming framework for mmWave down-
link V2I systems. The proposed approach eliminates the
requirements for near-field and far-field source classification,
simplifying beamforming design while maintaining general-
ity. We also addressed the impact of environmental sensing
inaccuracies by modeling range and angle estimation errors
and formulated a robust beamforming optimization problem
to maximize the achievable sum-rate under imperfect CSI.
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