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Abstract: Millimeter wave (mmWave) has been claimed as the viable solution for high-bandwidth vehicular com-
munications in 5G and beyond. To realize applications in future vehicular communications, it is important to take
a robust mmWave vehicular network into consideration. However, one challenge in such a network is that mmWave
should provide an ultra-fast and high-rate data exchange among vehicles or vehicle-to-infrastructure (V2I). Moreover,
traditional real-time channel estimation strategies are unavailable because vehicle mobility leads to a fast variation
mmWave channel. To overcome these issues, a channel estimation approach for mmWave V2I communications is
proposed in this paper. Specifically, by considering a fast-moving vehicle secnario, a corresponding mathematical
model for a fast time-varying channel is first established. Then, the temporal variation rule between the base station
and each mobile user and the determined direction-of-arrival are used to predict the time-varying channel prior
information (PI). Finally, by exploiting the PI and the characteristics of the channel, the time-varying channel is es-
timated. The simulation results show that the scheme in this paper outperforms traditional ones in both normalized
mean square error and sum-rate performance in the mmWave time-varying vehicular system.

Key words: Massive multiple-input multiple-output; Millimeter wave; Channel estimation; Vehicular
communication; Time-varying
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1 Introduction

To realize reliable communications in fast-
mobility scenarios, such as on high-speed vehi-
cles, the future millimeter-wave (mmWave) mas-
sive multiple-input multiple-output (MIMO) wire-
less communication (the emerging 5G and beyond)
networks of connected vehicles are desired. However,
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mobile network operators face significant growth in
data traffic demand, and this trend is expected to
accelerate over the next decade with the rise of the
Internet-of-Things (IoT) (Brady et al., 2013; Heath
et al., 2016; Rappaport et al., 2017). One of the main
candidates to address high data traffic demand is
mmWave wireless communications (Gu and Leshem,
2012; Brady et al., 2013; Sayeed and Brady, 2013;
Rappaport et al., 2017; Shaham et al., 2018), which
use mmWave technology to provide unprecedented
spectrum and multi-gigabit per second (Gb/s) data
rates for mobile devices in fast variation channels.

Exploiting the high data rate of mmWave
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paves the way for exciting applications, such
as mmWave cellular systems and vehicle-to-
infrastructure (V2I) and vehicle-to-vehicle (V2V)
communications. Moreover, due to that a base sta-
tion (BS) is usually much taller than vehicles, the
existence of line-of-sight (LoS) paths in vehicular
communications makes high-bandwidth technology
more suitable (Brady et al., 2013).

Although mmWave techniques can provide high
performance required by various applications, ve-
hicular communications still face many challenges,
because more and more vehicles are connected to
the IoT and this makes these networks more com-
plicated. For example, vehicular networks operate
under more severe conditions than common cellu-
lar networks due to the time-varying channel, which
significantly reduces coherence time (Brady et al.,
2013). Moreover, it is particularly difficult to achieve
high beamforming, because the beamforming pro-
cess must be completed in an extremely short time.
On the other hand, mmWave relies heavily on find-
ing directional links with high beamforming gains to
compensate for existing defects, which requires fre-
quent and accurate channel estimation (Sayeed and
Brady, 2013). In addition, the complexity of channel
estimation and the number of required feedback bits
increase with large antenna arrays (Shaham et al.,
2018). Furthermore, the high mobility feature of ve-
hicles increases the frequency of channel estimation
even further.

To cope with these shortcomings, numerous
works have been conducted on the applications
of mmWave massive MIMO time-varying channels
(Kabaoglu, 2009; Fernandez et al., 2010; Bourdoux
et al., 2011; Gu et al., 2014; Awad et al., 2015; Choi
et al., 2016; Gao et al., 2017a; Ma et al., 2018; Wu
et al., 2019). Although the complexity of transceivers
is reduced by hybrid analog/digital structures, the
high cost of hardware prevents the transceivers from
exploiting one dedicated radio frequency (RF) chain
for each equipped antenna (Awad et al., 2015; Ma
et al., 2018; Wu et al., 2019; Brighente et al., 2020),
and hybrid beamforming schemes require more pi-
lot overhead for fast time-varying channels (Garcia
et al., 2016; Kong et al., 2017). Although many chan-
nel tracking schemes have been researched in the
applications of mmWave V2I communication (Bour-
doux et al., 2011; Gu et al., 2014; Awad et al., 2015;
Gao et al., 2017a; Mehrabi et al., 2020), however,

those schemes are suitable only for the terahertz fre-
quency band and cannot be applied to fast time-
varying mmWave channels. Apart from that, works
studied by Awad et al. (2015) and Zhang et al.
(2016) have modeled slowly time-varying channels
in adjacent time slots using a one-order Markov pro-
cess, and the classical Kalman filter was used to
track the time-varying channels. However, those
schemes are adopted only at microwave frequencies,
and the mmWave beamspace channels with special
sparse structure cannot be modeled by the one-order
Markov process. Additionally, support detection
based beamspace channel estimation schemes were
designed by Gao et al. (2017b) and Shen et al. (2019).
Gao et al. (2017a) and Bourdoux et al. (2011) pro-
posed channel estimation and tracking algorithms for
time-varying beamspace channels. Unfortunately,
existing channel estimation techniques are designed
mainly for point-to-point, real-time, or slowly time-
varying scenarios, and the pilot overhead is still high
especially for multiuser scenarios.

Importantly, most of those works (Zhou et al.,
1999; Zhang et al., 2016; Palacios et al., 2017) fur-
ther enhance the estimation accuracy for vehicular
networks by assuming point-to-point, slowly time-
varying, or non-mmWave frequency band communi-
cation. However, those schemes are unrealistic in a
dynamic environment since user mobility leads to a
fast variation channel. To the best of our knowledge,
mmWave channel estimation has not been deeply in-
vestigated in V2I communication scenarios, where
the BS simultaneously communicates with multiple
fast-moving users.

To fill this gap, we propose a novel prior in-
formation (PI) based channel estimation scheme for
mmWave massive MIMO time-varying vehicle sys-
tems in an open highway scenario, which can ef-
fectively estimate the LoS path in the V2I com-
munication scenario. Specifically, by considering
the fast-moving vehicle scenario, the mathematical
model of the fast time-varying channel is first estab-
lished. Then, a temporal variation rule of the phys-
ical direction, i.e., the direction-of-arrival (DOA),
between the BS and each mobile user is derived, and
the DOA in the previous time slot is combined with
the temporal variation law to estimate the DOA in
the following time slot. Then, based on the esti-
mated DOA and the special sparse structure of the
time-varying beamspace channel, the support of the
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channel, i.e., the PI, is detected, and the beams are
selected based on the PI. Finally, the correspond-
ing nonzero elements of the channels are estimated
using the least squares (LS) algorithm, and the com-
plete time-varying channel is estimated. Simulation
results show that our proposed scheme offers bet-
ter estimation accuracy for the fast-mobility channel
scenario than that of the conventional support detec-
tion (SD) based scheme, which makes it attractive for
mmWave time-varying vehicular communication.

Our main contributions are summarized as
follows:

1. We propose a novel PI-based channel estima-
tion scheme for the fast time-varying mmWave mas-
sive MIMO vehicular communication system, which
significantly reduces the duration of channel estima-
tion and pilot overhead, making it a viable algorithm
for V2I communication scenarios.

2. The conventional spatial domain is trans-
formed into an angular domain by discrete lens ar-
ray (DLA), which effectively reduces the number of
required RF chains and the dimension of the MIMO
system. Moreover, based on the principle that the
actual space direction is approximately equal to the
predefined one, the time-varying physical direction
can be determined and further refined. It can adap-
tively adjust the residual caused by the moving di-

rection and speed. Thus, our method is suitable for
the nonlinear mobile user model with a time-varying
speed.

3. To achieve the same accuracy, the proposed
method in this study needs much lower pilot over-
head and signal-to-noise ratio (SNR) than the con-
ventional scheme. Our method can accurately es-
timate the LoS paths between the BS and multi-
ple fast-moving users in the V2I communication sce-
nario, which makes it attractive for fast time-varying
mmWave vehicular communication systems.

Notations used in this paper are as follows:
Throughout this paper, vectors and matrices are rep-
resented by boldfaced lower-case and upper-case let-
ters (e.g., a and A), respectively. All vectors are
defined as column vectors. Variables and constants
are denoted in lower-case and upper-case letters (e.g.,
a and A), respectively. AT, AH, A−1, and ‖A‖ rep-
resent the transpose, conjugate transpose, inverse,
and Frobenius norm of A, respectively. |a| denotes
the amplitude of a. 0N×M denotes a zero matrix
of size N × M . CN (u,RRR) is a complex Gaussian
distribution with mean u and covariance matrix RRR.
IN ∈ CN×N denotes an N ×N identity matrix. �a�
denotes the smallest integer no smaller than a. E [X ]

denotes the expectation of random X . In addition,
we summarize the key notations in Table 1.

Table 1 Description of key symbols

Symbol Description

dk(t) Communication distance between the BS and the kth mobile user in time slot t
θlk Physical direction of the lth path of the kth user
˜θk(t) Predicted physical direction of the kth mobile user in time slot t
θk(t) Time-varying physical direction of the kth mobile user in time slot t
ψn Spatial direction predefined by discrete lens array (DLA)
ψl
k Spatial direction corresponding to the angle of arrival of the lth component at the kth user
ψk(t) Spatial direction corresponding to the angle of arrival of the kth user in time slot t
I(N) Index set
a(ψl

k) Array response vector corresponding to the lth path of the kth moving user in time slot t
U Spatial discrete Fourier transform matrix
˜hk Beamspace channel of the kth user
˜hk(t) Time-varying beamspace channel of the kth user in time slot t
˜he
k(t) Time-varying estimated channel of the kth user in time slot t

HHHb Beamspace channel with dimension b predefined by DLA
˜Hb Effective channel matrix with dimension b after beam selection
Fb Digital precoding matrix with dimension b predefining by DLA
˜Fb Digital precoding matrix with dimension b after beam selection
vk, αk Motion speed and motion direction of the kth user, respectively
fk(t) Motion state vector of the kth user in time slot t
G±N (x) Function of x when used recursively N times
ñ∗
k Position of the strongest element of the time-varying channel of the kth user
ñ∗
k(t) Position of the strongest element of the time-varying channel of the kth user in time slot t
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2 System model

In this section, we present a model for mmWave
fast time-varying vehicular communication systems.
First, we explain the overall structure of the
mmWave V2I communication system including the
transmission scheme, physical schematics, and the
transmission characteristics of the scenario. Then,
the channel acquisition model is analyzed.

2.1 Analysis of the structure of the mmWave
V2I communication system

We consider mmWave vehicular communication
in a highway scenario as shown in Fig. 1. The BS is
stationary while the vehicles are moving on an open
highway, where there are few mountains and block-
ages around mobile users. The BS communicates
with multiple vehicles at a short distance simultane-
ously. Since the BS is much taller than the vehicles,
it is very likely that LoS communication is available
in V2I scenarios.

Vehicle C Vehicle B Vehicle A

Vehicle D

Base station

Fig. 1 An mmWave vehicle-to-infrastructure (V2I)
fast vehicular communication system model

For mmWave fast time-varying channels in an
outdoor environment, the number of dominant scat-
ters is limited since scattering in mmWave in-
duces more than 20 dB attenuation (Shaham et al.,
2018). In addition, the energy of the non-line-of-
sight (NLoS) component is far less than that of the
LoS component in mmWave communications, and
the performance penalty caused by the considera-
tion that only the LoS component exists is ignorable
(Garcia et al., 2016). Moreover, the measurements
have shown that paths are sparse in the geometric do-
main and are less likely to overlap, so we can assume
that only one path lies in the main beam direction
while other paths fall into the sidelobes. Addition-
ally, there is severe path loss of mmWave propaga-
tion since vehicles are moving fast, which means that

only the LoS components can provide the reliability
for the high transmission rate in mmWave communi-
cations, while the NLoS components are negligible.
Thus, we assume, without loss of generality, that the
speed of users hardly changes within the BS coverage
time period, and that the vehicles are moving uni-
formly with unknown speed and direction of heading.

2.2 Channel acquisition model

In this study, a novel system structure is intro-
duced. Downlink multi-user MIMO communication
with the BS employs a uniform linear array (ULA)
with N elements and K users with a single receive
antenna. By introducing DLA to reduce the number
of required RF chains, the system model of mmWave
massive MIMO can be expressed by

y = HHFs+n, (1)

where H = [h1,h2, . . . ,hk] ∈ CN×K denotes the
mmWave channel matrix between the BS and the
MS, and hi ∈ CN×1 (i = 1, 2, . . . , k) is the
beamspace channel of the ith user. s ∈ CK×1 is
the original signal vector for all K users with nor-
malized power, and E(ssH) = IK . F ∈ CN×K is the
corresponding dimension-reduced digital precoding
matrix satisfying tr(FFH) ≤ δ, where δ is downlink
transmit power. n ∼ CN (0, σ2Ik) is the Gaussian
noise with variance σ2 corrupting the received signal.
Let ρ(l)k denote the lth path gain from the ULA to
the receive antenna of the kth user, where l = 0 cor-
responds to the LoS component and l = 1, 2, . . . , L

representsLNLoS components. Following the Saleh-
Valenzuela channel model (Awad et al., 2015), we
have

hk =

√
N

L+ 1

L∑
l=0

ρ
(l)
k a(ψl

k), (2)

where the array response vector corresponding to the
lth path is given by

a(ψl
k) =

1√
N

exp(−j2πψl
ki)i∈I(N), (3)

where ψl
k = d

λ sin θ
(l)
k is defined as the spatial direc-

tion of the lth component at the kth user; λ and d are
the signal wavelength and antenna spacing, respec-
tively, usually satisfying d = λ/2; θ(l)k is the physical
direction which is considered uniformly distributed
in the interval [−π

2 ,
π
2 ]. I(N) is an index set, given

by I(N) = {m− (N − 1)/2,m = 0, 1, . . . , N − 1}.
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According to the previous analysis, the number
of dominant scatters in mmWave fast time-varying
channels is limited. It is a reasonable assump-
tion that the LoS component is considered as the
target path for the channel estimation, while the
NLoS paths are ignorable. This assumption is even
more true as the number of antennas increases and
the beam width grows narrower (Shaham et al.,
2018). Therefore, we consider the mmWave fast
time-varying channel with only the LoS component,
and Eq. (2) can be rewritten as

hk = ρka(ψk), (4)

where the superscript l is omitted for simplification.
As the mmWave signals are quasi-optical, the

number of effective prorogation paths in mmWave
communications is very limited, occupying only
a small number of beams, which shows that the
mmWave channel is sparse. To reduce the dimension
of the MIMO systems and the number of required
RF chains, DLA can be exploited to select a small
number of dominant beams based on the sparsity of
a mmWave channel. Such a DLA plays the role of
a spatial discrete Fourier transform (DFT) matrix
U ∈ CN×N , which can transform the conventional
spatial domain into the beamspace channel at the
transmitter (Gao et al., 2017a). U contains the array
steering vectors of N orthogonal directions (beams)
covering the entire space as

U =
[
a(ψ1),a(ψ2), . . . ,a(ψN )

]H
, (5)

where ψn = 1
N (n − N+1

2 ) for n=1, 2, . . . , N are the
spatial directions predefined by DLA. Then, the
mmWave beamspace massive MIMO system can be
presented by

y = HH
b Fbs+ n, (6)

where Hb = UHH ∈ CN×K is the beamspace chan-
nel with dimension b, and Fb = UHF ∈ CN×K is the
corresponding dimension-reduced digital precoding
matrix with dimension b. The number of significant
entries in each hb,k = UHhk (k = 1, 2, . . . ,K) is
considerably smaller than N , which represents the
sparsity nature of the mmWave channel. Since each
beam in the beamspace channel (i.e., Hb) needs
a dedicated RF chain, a few beams are selected
from elements, which can reduce the dimension of
the MIMO system and the number of required RF
chains. In addition, due to the limited number

of dominant scatterers in the mmWave prorogation
environments, the beamspace channel has a sparse
structure (Kabaoglu, 2009; Ma et al., 2018; Shaham
et al., 2018). Thus, as shown in Fig. 2, we can select
only a small number of appropriate beams accord-
ing to the sparse beamspace channel to reduce the
dimension of the MIMO system without significant
performance loss:

ỹ = H̃H
b F̃bn+ n, (7)

where H̃b = Hb(a, :)a∈A with A denoting the spar-
sity mask (Brady et al., 2013) is the effective chan-
nel matrix with dimension b after beam selection,
and F̃b ∈ C

K×K is the dimension-reduced digital
precoding matrix with dimension b after beam selec-
tion. Since the dimension of F̃b in Eq. (7) is much
lower than that of F in Eq. (1), the beamspace chan-
nel can significantly reduce the number of required
RF chains. In addition, the smallest number of re-
quired RF chains should be NRF = K to guarantee
the spatial multiplexing gains of K users. Therefore,
we consider NRF = K without the loss of generality
in the proposed scheme.

User index

Be
am

 in
de

x

Beam with large magnitude

Beam with small magnitude 

Selected beam

Beam selection

Fig. 2 Illustration of the beam selection

Next, we need to select only K LoS paths to
obtain a complete channel, which is equivalent to
estimating K beams. However, since the fast vari-
ation of mmWave beamspace channels is caused by
user mobility, beam selection requires the BS to ob-
tain the accurate channel state information (CSI)
of the beamspace channel with a high dimension. In
particular, conventional real-time channel estimation
schemes involve unaffordable large pilot overhead
(Brighente et al., 2020). For this purpose, a more
efficient channel estimation scheme is designed in
practical fast time-varying mmWave vehicle systems.
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3 Proposed channel estimation algo-
rithm

In the V2I scenario, the benefit of using posi-
tion side information for mmWave beam alignment
will be even greater. Generally, infrastructures lo-
cate at the side of a highway, which provides a wider
angular region for searching the best beam. How-
ever, the NLoS path gain is less than the LoS path
gain, and the number of effective paths is limited,
which shows that LoS communication between the
BS and the mobile user can be used to effectively im-
prove the communication quality for mmWave fast
time-varying channels. Therefore, it is reasonable to
assume that the LoS path is a dominant component,
while the NLoS paths can be ignored for mmWave
V2I fast time-varying vehicular communication on a
highway. Based on the above theoretical analysis,
a novel time-varying channel estimation scheme is
proposed (Fig. 1), which can significantly reduce the
duration of channel estimation, making it a viable al-
gorithm for the mmWave V2I fast time-varying com-
munication scenario.

3.1 Analysis of the temporal variation law of
the physical direction of the moving user in
V2I scenarios

Inspired by the principle of Zhou et al. (1999)
and the theoretical analysis in Section 2, a math-
ematical model of the trajectory of mobile users is
established, as illustrated in Fig. 3. Since the vehicles
are fast moving, the kth user’s trajectory is consid-
ered as an approximate straight line with a constant
speed in every time slot interval. Thus, we collect
only the motion state in the tth time slot for channel
estimation without loss of generality. Specifically,
the channel information of the following time slots
can be estimated by exploiting the motion state in
the first three time slots, and the temporal variation
law of physical direction is derived. This scheme can
be directly applied to other users in the same way.
In addition, it can be seen from Eqs. (3)–(5) that the
physical direction θk (or the spatial direction ψk in
Eq. (3)) of the LoS component is a crucial parameter
for determining the time-varying beamspace channel
hk. Hence, to obtain hk, we need to be aware of the
time-varying rule of physical direction θk(t).

To derive the temporal variation law of physical
direction, a linear user motion model is considered

as shown in Fig. 3, which is the geometrical relation-
ship between the BS and the kth mobile user, and
the directions parallel and vertical to the BS are de-
fined as the x and y axes, respectively. The BS is
set as the origin of the Cartesian coordinate system,
which is equipped with DLA to simultaneously serve
K signal-antenna users, where a user moves from
point P to point Q across different time slots. Since
the channel is fast time-varying, it is a reasonable
assumption that we consider only the trajectory of
the kth user from point U to point W for channel es-
timation. Moreover, νk and αk are the motion speed
and motion direction of the kth user in time slot in-
terval T , respectively, where νk and αk are unknown
but not time-varying. Additionally, the physical di-
rection of the kth user in the tth time slot is denoted
by θk(t), where θk(t) (i.e., DOA) is defined negative
when the user is located on the left side of the origin
O, i.e., θk(t) < 0; otherwise, θk(t) > 0. Because of
the high speed of each user, each user moves linearly
and uniformly, rather than time-varying in a time
slot interval. Finally, U , V , and W are the points
of the kth mobile user in time slots t, t + 1, t + 2,
respectively; dk(t), dk(t + 1), . . ., dk(t + N) are the
communication distances between the BS and the
kth mobile user at the corresponding time slot.

BS

Motion trajectory

x

y

 

O

...
P

U
R

V
W

Q

...

dk(t−N)

dk(t)

dk(t+1) dk(t+2)
dk(t+N)vkT

θk(t+1)
θk(t)

θk(t)

vkT

αk

Fig. 3 Location relationship model between the base
station (BS) and the movement trajectory of the kth

mobile user

Our target is to predict θk(t + 1) using θk(1),
θk(2), . . ., θk(t). For far-field users, the following
state vector is defined to describe the motion state
of the kth target in time slot t:

fk(t) = [θk(t), υk(t), αk]
T, (8)

where the angular speed υk(t) = νk
dk(t)

is defined as an
auxiliary parameter. Then, the temporal variation
law of the physical direction of each mobile user is
derived by exploiting the geometrical relationship in
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Fig. 3, namely, the correlation between the user’s
moving positions in adjacent time slots. Detailed
process is as follows:

First, we focus on the physical direction θk(t).
According to the right triangle ROV in Fig. 3 and
the tangent function, we can obtain

tan
(
θk(t+ 1)

)
=

|RV |
|OR|

=
sin
(
θk(t)

)
+ υk(t)T cosαk

cos
(
θk(t)

)
+ υk(t)T sinαk

,

(9)

where sin
(
θk(t)

)
< 0 and cosαk > 0. From Eq. (9)

we have

θk(t+ 1) = arctan

(
sin
(
θk(t)

)
+ υk(t)T cosαk

cos
(
θk(t)

)
+ υk(t)T sinαk

)
.

(10)
Then, we take the triangle UOV into account,

where θk(t) < 0, θk(t + 1) > 0, and the cosine of
∠OUV is calculated by exploiting the cosine rule:

cos∠OUV =
|UO|2 + |UV |2 − |OV |2

2 |UO| |UV |

=
|dk(t)|2 + |νkT |2 − |dk(t+1)|2

2 |dk(t)| |νkT | . (11)

Then, by substituting υk(t) = νk
dk(t)

into Eq. (11),
Eq. (11) can be rewritten as

sin
[
θk(t) + αk

]
=

|dk(t+ 1)|2 − |dk(t)|2 − |νkT |2
2 |dk(t)| |νkT |

=

|υk(t)|2
|υk(t+1)|2 − 1− |υk(t)T |2

2|υk(t)T |2
.

(12)
By simplifying Eq. (12), the angular speed υk(t+ 1)

in time slot t+ 1 can be derived as

υk(t+1) =
υk(t)√

1 + 2Tυk(t) sin
[
θk(t)+αk

]
+ T 2υ2

k
(t)
.

(13)
Based on Eqs. (10) and (13) and the motion direc-
tion αk as a constant value, the relationship between
fk(t± 1) and fk(t) can be written as

fk(t± 1) = G±(fk(t)
)
, (14)

where G±(fk(t)
)

is a function of fk(t), and
G±(fk(t)

)
is given by

G±(fk(t)
)
=

⎡
⎢⎢⎣

arctan( sin(θk(t))±Tυk(t) cosαk

cos(θk(t))±Tυk(t) sinαk
)

υk(t)√
1±2Tυk(t) sin[θk(t)+αk]+T 2υ2

k
(t)

αk

⎤
⎥⎥⎦ .

(15)

In addition, Eq. (14) can be applied recursively N

times to form the relationship between fk(t ± N)

and fk(t):

fk(t±N) =

N︷ ︸︸ ︷
G±G± · · ·G±(fk(t))

= G±N(fk(t)),

(16)

where

G±N(fk(t))

=

⎡
⎢⎢⎣

arctan( sin(θk(t))±NTυk(t) cosαk

cos(θk(t))±NTυk(t) sinαk
)

υk(t)√
1±2NTυk(t) sin[θk(t)+αk]+N2T 2υ

2

k(t)

αk

⎤
⎥⎥⎦ .

(17)

Eq. (17) shows that once fk(t) has been estimated,
θk(t+N) can be predicted accordingly.

Next, we need to determine the location of the
moving user in time slot t, and use the relationship
in Eq. (14) between fk(t + 1) and fk(t) to obtain
the position of the next time slot. Thus, we use the
physical direction θk(t) to reformulate υk(t) and αk

in fk(t). Based on the triangle UOV and the sine
law, we can obtain

νkT

sin[θk(t+ 1)− θk(t)]
=

dk(t+ 1)

sin[π2 − (−θk(t)) + αk]
.

(18)
The angular speed υk(t+1) is derived by decompos-
ing Eq. (18) as

υk(t+ 1) =
sin[θk(t+ 1)− θk(t)]

T cos[θk(t) + αk]
. (19)

Similarly, by exploiting the sine rule of

νkT

sin[θk(t+ 1)− θk(t)]
=

dk(t)

sin[π2 − θk(t+ 1)− αk]
,

(20)
we obtain

υk(t) =
sin[θk(t+ 1)− θk(t)]

T cos[θk(t+ 1) + αk]
. (21)

In addition, by observing the triangle UOW , the
following is available:

2νkT

sin[θk(t+ 2)− θk(t)]
=

dk(t+ 2)

sin[π2 + θk(t) + αk]
. (22)

Eq. (22) can be decomposed and written as

υk(t+ 2) =
sin[θk(t+ 2)− θk(t)]

2T cos[θk(t) + αk]
. (23)
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Similarly, we can obtain

2νkT

sin[θk(t+ 2)− θk(t)]
=

dk(t)

sin[π2 − θk(t+ 2)− αk]
.

(24)
Furthermore, Eq. (24) can be expressed as

υk(t) =
sin[θk(t+ 2)− θk(t)]

2T cos[θk(t+ 2) + αk]
. (25)

Based on Eqs. (18)–(25), the following observations
can be achieved:

υk(t+ 2) =
sin[θk(t+ 2)− θk(t)]

2T cos[θk(t) + αk]
, (26)

αk =
2ηk cos[θk(t+ 2)]− μk cos[θk(t+ 1)]

2ηk sin[θk(t+ 2)]− μk sin[θk(t+ 1)]
, (27)

where ηk = sin[θk(t + 1) − θk(t)] and μk =

sin[θk(t+ 2)− θk(t)].
By Eqs. (26) and (27) and the relationship

fk(t ± 1) = G±(fk(t)) in Eq. (14), the physical di-
rection θk(t+ 3) in the following t+3 time slots can
be predicted in advance when the physical directions
in time slots t, t+ 1, and t+ 2 have been separately
estimated.

3.2 Characteristics of mmWave fast time-
varying beamspace channels

To estimate the mmWave fast time-varying ve-
hicle channels, we combine the time-varying physi-
cal direction with the characteristics of the mmWave
time-varying beamspace channels to obtain the sup-
port of the time-varying channels (Gao et al., 2017a).
Thus, we first need to know the characteristics of
the time-varying beamspace channels. According to
Eqs. (2)–(4), the time-varying beamspace channel h̃k

of the kth user can be expressed as

h̃k = ρk[χ(ψ1 − ψk), χ(ψ2 − ψk), . . . , χ(ψN − ψk)]
H,

(28)
where χ (x) = sin(Nπx)

N sin(πx) . Fig. 4 shows the normalized
amplitude distribution of the elements in the time-
varying channel.

From Fig. 4, we can observe that when the prac-
tical spatial direction ψk in Eq. (3) exactly equals one
of the predefined spatial directions ψn in Eq. (5),
there is only one strongest element containing most
of the power of h̃k, which is the best case. Con-
versely, the worst case will happen when the distance
between ψk and one of the predefined spatial direc-
tions is equal to 1/(2N). Moreover, it was proved by

 

Worst case

Best case

1/(2N) 1/N 1/N

ψk

⎛ ⎞
⎜ ⎟
⎝ ⎠

1
3πsin
2

⎛ ⎞
⎜ ⎟
⎝ ⎠

1
πsin

2

Fig. 4 Normalized amplitude distribution of the ele-
ments in the time-varying channels

Sayeed and Brady (2013) that by considering the
channel with only the LoS component, the time-
varying beamspace channel h̃k can be regarded as
a sparse channel since most of the power of h̃k is fo-
cused on a small number of dominant elements, and
the energy of other elements is negligible without ob-
vious performance loss. Moreover, most of the power
of h̃k is concentrated on one main peak, and other
elements with weaker energy are uniformly located
around it. From what we have discussed above, we
can draw the conclusion that once the position of the
strongest element of the time-varying channel h̃k(t)

in time slot t is determined, other stronger elements
will uniformly locate around it. In other words, as
long as the position of the main peak is estimated,
the position of other elements of h̃k(t) in time slot t
can be obtained.

After that, the M strongest elements of h̃k(t)

can be obtained when the position ñ∗
k(t) of the

strongest element of h̃k(t) is determined, while the
other M − 1 strongest elements will uniformly lo-
cate around it, where M represents the sparsity of
the channel and is defined as an even integer (M
can also be odd). There is only one strongest el-
ement that contains most of the power of h̃k(t)

in time slot t when the practical spatial direction
ψk(t) = d

λ sin(θk(t)) is exactly equal to one of the
predefined spatial directions ψn = 1

N (n − N+1
2 )

for n = 1, 2, . . . , N , and the position ñ∗
k(t) of the

strongest element of h̃k(t) can be achieved. Detailed
proof can be found in Gao et al. (2017a), in Lemma 2.

Based on the conclusions derived above, the
index ñ∗

k(t) of the strongest element of h̃k(t) is
determined by ψk(t) (or θk(t)), and the relationship
is as follows:

ñ∗
k(t) = argmin

1≤n≤N

∣∣ψn(t)− ψk(t)
∣∣

= argmin
1≤n≤N

∣∣∣∣ψn(t)−
d

λ
sin(θk(t))

∣∣∣∣ .
(29)



Yi et al. / Front Inform Technol Electron Eng 2021 22(6):777-789 785

Thus, the position ñ∗
k(t) of the strongest element of

channel h̃k(t) can be obtained by Eq. (29). How-
ever, since h̃k(t) is the time-varying channel, we
need to reversely compute ñ∗

k(t) by Eq. (29) after
predicting θ̃k(t) in Section 3.1. Furthermore, the
support supp(h̃k(t)) of the sparse channel h̃k(t) can
be uniquely determined by ñ∗

k:

supp(h̃k(t)) =

modN (ñ∗
k(t)−

M

2
, . . . , ñ∗

k(t) +
M − 2

2
), (30)

where modN (·) is the modulo calculation for N ,
which guarantees that all elements in supp(h̃k(t))

belong to {1, 2, . . . , N}. Card(supp(h̃k(t)))=M , and
M determines how much power can be preserved
by assuming that h̃k(t) is a sparse vector. From
Eqs. (29) and (30), we can conclude that ñ∗

k(t) can
be achieved when the physical direction θk(t) is ob-
tained, and that supp(h̃k(t)) can be directly detected
via Eq. (30).

3.3 Channel estimation scheme for mmWave
fast time-varying vehicular channel

The movement of vehicles leads to the fast vari-
ation of mmWave beamspace channels, and the state
vector of the process has evolved. Our aim is to ob-
tain the LoS paths of the time-varying channel. The
main idea of Algorithm 1 is that the estimated phys-
ical directions in the previous time slots are used
to predict the physical direction in the following
time slots. Then, the special sparse feature of the
mmWave fast time-varying vehicular channel and the
physical directions that have been derived to deter-
mine the PI of the channel are combined to estimate
the complete time-varying channel. In the following,
we will explain Algorithm 1 in detail:

The proposed algorithm is divided into two
parts. The first part is to estimate the time-varying
channel h̃k(t) using the conventional SD-based chan-
nel in the previous three time slots in step 2. Then
in step 3, the position n∗

k(t) of the strongest element
of the channel is used to solve the predefined spatial
direction ψn∗

k(t)
= [n∗

k(t) − N+1
2 ] 1N in Eq. (5). Fur-

thermore, according to the property in Eq. (29) that
the actual space direction is approximately equal to
the predefined space direction that is received, we
have

ψk(t) ≈ ψn∗
k(t)

. (31)

Algorithm 1 PI-based channel estimation
algorithm
// Part 1: regular channel estimation
1: for 1 ≤ t ≤ 3 do
2: Estimate channel ˜hk(t) by SD-based channel

estimation
3: Obtain the position of the strongest element n∗

k(t)

based on the estimated channel
4: Detect the physical direction θ̄k(t) according to

the position of the strongest element
5: end for

// Part 2: the proposed channel estimation
6: for t > 3 do
7: Estimate the motion state

fk(t− 1) = [θk(t− 1), υk(t− 1), αk]
T

8: Predict the physical direction ˜θk(t)

9: Reversely compute the position of the strongest
element based on the predicted physical direction
˜θk(t)

10: Obtain the PI of ˜hk(t) based on ˜θk(t)

11: Estimate the nonzero elements of ˜hk(t) by the LS
algorithm

12: Form the estimated channel ˜he
k(t)

13: Refine the physical direction θk(t) according to
the position of the strongest element

14: end for

Next, substitute ψk(t) = d
λ sin(θk(t)) and ψn∗

k
(t) =

(n∗
k(t)− N+1

2 ) 1
N into Eq. (31); then, Eq. (31) can be

written as

d

λ
sin(θk(t)) ≈

[
n∗
k(t)−

N + 1

2

]
1

N
. (32)

Furthermore, in step 4, the time-varying physical
direction can be represented as

θk(t) ≈ arcsin

[
λ

dN

(
n∗
k(t)−

N + 1

2

)]
. (33)

Part 2 exploits θk(t) in Eq. (33) and fk(t± 1) =

G±(fk(t)) in Eq. (14) to estimate the physical di-
rections θk(t − 3), θk(t − 2), and θk(t − 1) in the
previous three time slots. Then in steps 7 and 8,
the time-varying physical direction θ̃k(t) in the fol-
lowing time slot can be predicted by Eqs. (26) and
(27). In step 10, θ̃k(t) and Eq. (29) are combined to
detect the support supp(h̃k(t)) of the sparse channel
h̃k(t) in Eq. (30). Finally, the channel estimation
can be executed. However, it is worth noting that
due to that h̃k(t) is a time-varying channel, we need
to reversely compute the position of the strongest
element of h̃k(t) in time slot t using Eq. (29) in step
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9. Thus, based on the predicted θ̃k(t), the position
ñ∗
k(t) of the strongest elements of h̃k(t) is reversely

calculated using Eq. (29), and the support of h̃k(t) is
detected using Eq. (30) in step 10. Next, we can solve
the support by substituting ñ∗

k(t) into Eq. (30). Ac-
cording to supp(h̃k(t)), K beams ofK LoS paths can
be selected by an adaptive selection network, which
can reduce the dimension of the MIMO systems and
the number of required RF chains. Finally, the LS al-
gorithm is used to estimateK corresponding nonzero
elements and form the time-varying estimated chan-
nel h̃e

k(t) in steps 11 and 12.
After h̃k(t) has been estimated, θk(t) in Eq. (33)

is further refined by ñ∗
k(t). The main reason is

that the residual caused by the approximation in
Eq. (31) when the physical direction θ̃k(t) is solved
can be avoided by our algorithm. Moreover, both the
speed υk(t) and the movement direction αk of users
are time-varying parameters with respect to θk(t) in
Eqs. (26) and (27), respectively. In addition, the de-
viation induced by predicting θ̃k(t) in step 8 can be
adaptively adjusted when αk or υk(t) changes in step
13, until the estimated value is close to the actual
one. Compared with the traditional scheme, the pro-
posed scheme is suitable for the nonlinear mobile user
scenario with time-varying channels, which can sig-
nificantly improve the channel estimation accuracy.

4 Simulation results

In this section, we evaluate the performance of
our proposed method. We consider a time-varying
mmWave massive MIMO V2I system, where the BS
is equipped with a 256-element DLA, and the num-
ber of RF chains is set to 3 to simultaneously serve
K = 3 users. For each user in each time slot, the
beamspace channel is regarded as a sparse vector
with sparsity M = 16, and we assume that complex
channel gain follows CN (0, 1). We totally observe 40
time slots with the time slot interval T = 1. The
motion states of users 1–3 in the initial time slot
1 are set as f1(1) = [π/11, 0.0154, 3π/4]T, f2(1) =

[−π/10, 0.0071,π/6]T, f3(1) = [−2π/11, 0.014, 0]T.
In Fig. 5, the physical direction estimation ac-

curacy of the proposed channel scheme is evaluated
in different time slots, where SNR is set as 10 dB. In
the first three time slots, the conventional real-time
SD-based estimation scheme in Gao et al. (2017a)
is adopted to estimate the beamspace channel with

Q = 128 pilots per time slot. After that, part 2
of Algorithm 1 is used to estimate the time-varying
channel with Q = 16 pilots per time slot. From
Fig. 5, we can see that the DOAs of three mobile
users are estimated by the proposed algorithm with
low pilot overhead, where the deviation between the
estimated path and the true path is negligible, even
for user 3 who moves nonlinearly with a time-varying
moving speed.
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Fig. 5 Direction-of-arrival (DOA) estimation perfor-
mance of our method with SNR=10 dB and Q = 16

Fig. 6 illustrates the normalized mean square er-
ror (NMSE) performance comparison of the channel
estimation against SNR when we set Q = 16 pilots
per time slot for both of the schemes; the SD-based
channel estimation method is used for performance
comparison. The NMSE is calculated as

NMSE =

∥∥∥ĥk − hk

∥∥∥2
||hhhk||2 , (34)

where ĥk denotes the estimated value of the channel
hk. From Fig. 6, it can be observed that the proposed
method outperforms the SD-based estimation tech-
nique. By comparison, the gap between these two
schemes increases as the SNR increases. Obviously,
the estimation accuracy of our scheme has been sig-
nificantly improved under different SNR levels. This
can be explained because the users’ mobility usually
causes the fast variation of the mmWave beamspace
channel, and mmWave signals usually suffer from
serious free-space path loss, which results in most
of the elements of the channel having weak power.
By contrast, our proposed method needs to estimate
only the position of the strongest element. Using the
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characteristics of the mmWave time-varying channel,
the support of channel can be directly obtained with
reliable performance, while the traditional scheme
is suitable only for real-time channels with high pi-
lot overhead. Therefore, the simulation results are
consistent with our previous theoretical analysis.

Fig. 7 shows the NMSE performance compari-
son against the total number of instants Q, where
SNR is set to 10 dB. Fig. 7 shows that, to achieve
the same accuracy, the total number of instants Q
required by the proposed algorithm is much smaller
than that of the SD-based scheme. For example, to
achieve the NMSE of 6 × 10−2, the total number
of instants required by the SD-based channel esti-
mation is about 110, whereas our scheme requires
only 25 instants. Thus, we can conclude that our

100

10−1

10−2

0 5 10 15 20 25 30
SNR (dB)

N
M

SE

Proposed algorithm
SD-based channel estimation scheme

Fig. 6 Normalized mean square error (NMSE) com-
parison between the SD-based channel estimation and
the proposed scheme

  

SD-based scheme
Proposed scheme
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Fig. 7 Normalized mean square error (NMSE) per-
formance comparison against the total number of in-
stants Q for pilot transmission

algorithm can efficiently estimate the time-varying
channels with low pilot overhead.

Finally, we compare the sum-rate performance
of the maximization of capacity (MC) beam selection
with different channels and show the results in Fig. 8,
where we set SNR = 10 dB and Q = 16 pilots per
time slot, and use the performance of the fully digi-
tal zero forcing (ZF) precoder using all beams with
a perfect channel as the benchmark for comparison.
Using our scheme, the sum-rate performance of the
MC beam selection requires only 16 RF chains, which
is quite close to that of the fully digital ZF precoder
using 256 RF chains with perfect channel. This in-
dicates that our method is obviously superior to the
SD-based scheme. On the contrary, since the weak
energy signal is seriously disturbed by noise, MC
beam selection with the conventional scheme suffers
from severe performance loss. This occurs because
the traditional real-time scheme cannot be affordable
with large pilot overhead due to the fast time-varying
channel caused by high-mobility vehicles, whereas
our proposed scheme can overcome the influence of
the time-varying channel and significantly improve
the channel estimation accuracy, which is consistent
with our previous theoretical analysis. Thus, our
scheme is more appropriate for fast time-varying ve-
hicular channels.
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Fig. 8 Sum-rate performance comparison between
maximization of capacity beam selection with differ-
ent channels

5 Conclusions

In this study, we have investigated channel es-
timation in a fast-moving environment for mmWave
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V2I communications. First, we have established the
time-varying vehicle channel model, and focused
on the structure of the system. Next, we have
exploited the derived temporal variation law and the
moving position vector of users in the time-varying
channel to estimate the DOA of multiple mobile
users. Finally, the complete time-varying channel
has been estimated using the PI with low pilot over-
head. Simulation results indicated that our scheme
can significantly improve the channel estimation
accuracy and exhibit superior performance under
time-varying vehicle channel scenarios. Therefore,
the proposed scheme in this paper is more suitable
for mmWave fast time-varying vehicle systems.
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