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ABSTRACT Previously, we have proposed a pedestrian positioning method that uses vehicles near a
pedestrian as anchors, and combines vehicle-to-vehicle (V2V) communication signals and GPS signals
for high precision positioning. In this method, pedestrian-vehicle distance and angle of arrival (AoA) are
estimated from the channel state information (CSI) of vehicular signals and used in position computation,
but the precision of angle estimation is limited due to the small number of antennas that can be mounted on
a mobile device. To solve this problem, in this paper, we propose a new method to estimate AoA precisely
by jointly using spatial change of CSI at multiple antennas and temporal change of CSI per antenna (caused
by pedestrian/vehicle movement), and on this basis improve pedestrian positioning precision. Specifically,
a two-dimensional antenna array is constructed from CSI acquired from multiple antennas/timings, and the
MUSIC method with spatial smoothing is applied to estimate AoA. 3D ray tracing simulations with real
3D map confirm that the proposed method can effectively improve the precision of angle estimation and
reduce positioning error when only a small number of antennas are available at a pedestrian device, and the
performance increases with the number of antennas.

INDEX TERMS Angle of arrival, virtual antenna array, channel state information, doppler shift, pedestrian
positioning, pedestrian-to-vehicle communication.

I. INTRODUCTION
Technologies for preventing traffic accidents, such as vehicle-
to-vehicle (V2V) and pedestrian-to-vehicle (P2V) commu-
nications, are being actively studied. In V2V communica-
tion, vehicles mutually exchange their position and speed
information to warn drivers of potential collisions based on
the predicted inter-vehicle distance. Actually, V2V, using the
700MHz band, has already been put into practical use in
Japan since 2015 [1]–[3]. In P2V communication, a pedes-
trian’s mobile device notifies its position to nearby vehicles
to prevent collision accidents [4]. This method enables a
vehicle to detect a pedestrian in the blind spot behind a
building, which is impossible for other methods that use
camera or LiDAR sensor and only work in the line-of-sight
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environment. But its reliability heavily depends on the preci-
sion of pedestrian position.

In outdoor environments, generally position information
is computed by using GNSS (Global Navigation Satellite
System) such as GPS (Global Positioning System). In this
method, computing the position of a receiver requires at
least four satellites (by using satellite positions and satellite-
receiver distances acquired from satellite signals). However,
in urban canyons, satellite signals are often obstructed and
reflected by high buildings, which either make it impossible
to compute a position (the number of satellites is not suffi-
cient) or increase the positioning error due to using reflected
signals [5]. The number of satellites can be increased by
integrating GPS with other satellite systems, e.g., Galileo,
GLONASS, Beidou and QZSS (Quasi-Zenith Satellite Sys-
tem) [6], but their performance improvement is still limited
in urban canyons because the available satellites are concen-
trated near the zenith.
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For this reason, a vehicle does not merely rely on GPS to
compute its position, but also corrects its position by using
other methods such as Dead Reckoning, map matching and
lane detection. In this way, the vehicle positioning error can
be reduced to sub-meters even in urban canyons [7], [8].
In addition, an autonomous driving car is expected to have
much higher positioning precision in the future. In compari-
son, a pedestrian device can hardly effectively correct its posi-
tion by other methods due to the constraint of its device size
and low accuracy of its sensors, which accordingly degrades
the performance of P2V communication in urban canyons.

In order to improve pedestrian positioning precision,
we previously proposed methods [9], [10] that use directly
visible vehicles as anchors and combine V2V communi-
cation signals and GPS signals for pedestrian positioning.
In these methods, a pedestrian position is calculated by using
pedestrian-vehicle distances estimated from channel state
information (CSI) of vehicular signals overheard by a pedes-
trian device. On this basis, other methods [11], [12] were also
proposed, which use pedestrian-vehicle angle information in
addition to distance information. In [11], angle of arrival
(AoA) is estimated from spatial differences of CSI inmultiple
receiving antennas, and in [12], angle of departure (AoD)
is estimated from temporal differences of CSI at multiple
receiving timings in a single antenna. But the precision of
angle estimated by these methods is still limited because
(i) only a small number of antennas are available at a pedes-
trian device for the AoA estimation and (ii) only temporal
change of CSI within a short interval is available for the
AoD estimation.

Angle information plays an important role in position-
ing. To improve the precision of angle estimation with a
small number of antennas, some researchers have suggested
the sparsity-based methods [13], using two antenna arrays
(with N1 and N2 antennas respectively) with coprime setting.
But it still requiresN1+N 2−1 antennas to approximateN1N2
antennas, which has a limited performance when N1 and N2
are small.

To solve the aforementioned problem, in this paper, we pro-
pose a new method to precisely estimate the angle between
a pedestrian and a vehicle by introducing a new dimen-
sion. The proposed method jointly exploits spatial change of
CSI (N antenna) and temporal change of CSI (M receiving
timing) to estimate AoA, and uses it to improve pedestrian
positioning precision with a small number of antennas at a
pedestrian device. Specifically, this method constructs a two-
dimensional virtual antenna array (equivalent to MN anten-
nas), by acquiring CSI from multiple receiving timings of
signals at multiple antennas, and estimates AoA from phase
differences between CSI items in the virtual antenna array.

The contributions of this paper are two-fold, as follows.
• A new method is proposed for angle estimation by

jointly using spatial change of CSI (multiple antennas)
and temporal change of CSI (multiple receiving times
per antenna). To the best of our knowledge, this is the
first time to combine the spatial and temporal changes

of CSI for the AoA estimation. The two kinds of infor-
mation complement each other, which enables precise
estimation of AoA with a small number of antennas that
can be mounted on mobile devices.

• The proposed method is extensively evaluated by com-
paring it with the state-of-the-arts, in various environ-
ments using 3D ray tracing simulations, considering the
factors such as the number of antennas, the frequency
band, the number of vehicles as anchors, and vehicle
position error.

This paper uses the following notations. In the distance
estimation, L is signal strength and d is signal propagation
distance. In the angle estimation,N is the number of antennas
and l is the distance between adjacent antennas. X is the
vector of signals received at all antennas, θA is angle of arrival,
and a(θA) is a steering vector. When CSI along the temporal
axis is used,M is the number of CSI acquisitions, 1t is time
interval of CSI acquisition, and θD is angle of departure. In the
position computation, X is a state vector, Y is an observation
vector, F is a state transition matrix, P is a state covariance
matrix, H is an observation model matrix, K is a Kalman
gain matrix, Q is a process noise covariance matrix, and R is
an observation noise covariance matrix. As for the operators,
⊗ is the Kronecker product. The superscript H is complex
transpose, T is transpose, ∗ is complex conjugate, − means
predicted value while + means updated value in the Kalman
filter. Vectors and matrices are represented in the bold font.

In the rest of this paper, Section II reviews related research,
Section III describes the proposed method, and Section IV
presents simulation settings and results of simulation evalu-
ation. Finally, Section V concludes this paper and points out
future works.

II. RELATED RESEARCH
A. BASE METHODS OF PEDESTRIAN POSITIONING
In order to improve pedestrian positioning precision in urban
canyons, previous methods [9], [10] use directly visible vehi-
cles, which are assumed to have precise positions, as anchors
for pedestrian positioning. A pedestrian device overhears
V2V communication signals which contain vehicle position
information sent by nearby vehicles, and calculates its own
position by estimating pedestrian-vehicle distance from CSI
of received vehicular signals. Later, pedestrian-vehicle angle
is also estimated from CSI to further improve positioning
precision [11], [12].

B. DISTANCE ESTIMATION
Signal propagation distance between a pedestrian and a
vehicle is generally estimated from RSSI (Received Signal
Strength Indicator), which represents the overall strength
of a received signal. A signal transmitted by a transmitter
arrives at a receiver through two different types of paths
(Left of Figure 1). One is LoS (Line of Sight) path via which
the signal arrives directly without reflection/diffraction,
and the other is multipath via which the signal is
reflected/diffracted. In order to avoid the impact of reflec-
tion/diffraction, the propagation distance should be estimated
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FIGURE 1. Signal propagation paths and the difference between RSSI
and CSI.

from the LoS path wave. But RSSI is the sum of all
LoS/multipath waves (Upper right of Figure 1), and the dis-
tance estimation from RSSI may cause large errors.

In comparison, CSI is acquired from an OFDM (Orthogo-
nal Frequency Division Multiplexing, which is used in Wi-Fi
and LTE) modulated signal, and indicates the signal strength/
phase of each path in the time/frequency domain (Lower
right of Figure 1) [14]. For this reason, the strength of each
individual LoS/multipath wave can be acquired from CSI if
the time resolution of a receiver is high enough to separate
paths, and the precision of distance estimation is improved
compared with the case where RSSI is used.

Pedestrian-vehicle distance, as the signal propagation dis-
tance of the LoS wave, is estimated based on the relationship
between the strength of the LoS path wave (L) and the prop-
agation distance d , as follows:

L = a · log10 d + b. (1)

Here a and b are constants and can be calculated by a lin-
ear regression from pairs of signal strength and propagation
distance of the LoS wave.

The propagation distance can also be estimated from the
time-of-flight, by exploiting CSI information [15], [16].

C. AOA ESTIMATION IN 2D SPACE
Pedestrian-vehicle angle can be estimated by different meth-
ods, leveraging an ESPAR antenna (using simple RSSI infor-
mation) [17] or an antenna array (using phase information)
[11], [18], [19].When a signal is received by an antenna array,
there is a small difference (1d = l · cos θA) in the signal
propagation distance between two adjacent antennas (Left
of Figure 2), and it causes a signal phase difference 1ϕ =
2π ·1d/λ, where λ is the wavelength of the signal. Then, the
AoA, θA, can be derived by using the phase difference of the
LoS wave obtained from CSI at each antenna.

Many angle estimation methods have been proposed so far
and they can be divided into 3 categories: subspace-based,
sparsity-based, and machine learning based methods.

1) SUBSPACE-BASED METHODS
Subspace-based methods include MUSIC (multiple signal
classification) [20], ESPRIT [21] and Root-WSF [22]. In the
MUSIC method, when K signals (with zero means) arrive
at a one-dimensional antenna array with N antennas equally
spaced by l, the steering vector representing the phase
response to each arrival signal is expressed by a

(
θA,k

)
, where

FIGURE 2. Different methods for pedestrian-vehicle angle estimation.
Using spatial phase difference at multiple receiving antennas (Left). Using
temporal phase difference at multiple receiving timings (Right).

θA,k is the AoA of the k th signal. Further assuming that the
overall received signal of the n th antenna is xn, a vector
representing the signals received at all antennas is defined as
X (t) and its covariance matrix is defined as Rxx . Denote the
eigenvalues and eigenvectors of Rxx as λi and ei, respectively,
in the descending order of λi (i = 1, 2, . . . ,N ). Of these
N eigenvectors, K eigenvectors with large eigenvalues cor-
respond to the signal subspace, and the rest correspond to
the noise subspace. Using the noise-eigenvectors, theMUSIC
spectrum S (θA) is calculated as

S (θA) =
1∑N

i=K+1 |aH (θA) ei|
2 . (2)

Then, θA is estimated from the peak of S (θA).
In this method, the larger the number of receiving anten-

nas, the higher the spatial resolution and the more precise
angle estimation becomes. Currently, many mobile devices
are equipped with 2-4 antennas [23], and it is difficult to
mount a large number of antennas on current mobile devices
due to the size limitation.

a: SPATIAL SMOOTHING
In order to apply the MUSIC method to coherent signals such
as a LoS wave and its multipath replica sent from the same
transmitter, a spatial smoothing method [24] was proposed as
a preprocessing step. A one-dimensional antenna array with
N antennas is divided into P subarrays, each of which has
Ns antennas (P > Ns, P = N − Ns + 1). Here, subarrays
may share common antennas. Then, a vector representing the
signals received at all antennas of the pth subarray is defined
as

Xp (t) =
[
xp (t) , xp+1 (t) , · · · , xp+Ns−1 (t)

]T
,

p = 1, 2, . . . ,P (3)

and its covariance matrix is computed as Rp. Then, the aver-
age of all Rp is computed as

RSSP =
1
P

P∑
p=1

Rp. (4)

If P is no less than D, the number of coherently received
signals, the MUSIC method can be applied.

59422 VOLUME 9, 2021



W. Komamiya et al.: Precise Angle Estimation by Jointly Using Spatial/Temporal Change of CSI and Its Application

A modified spatial smoothing method [25] was also pro-
posed. In this method, RMSSP is defined by

RMSSP =
1
2P

P∑
p=1

{
Rp + JR∗pJ

}
, (5)

and used instead of RSSP, where J is an anti-diagonal identity
matrix. The modified spatial smoothing method has a higher
correlation suppression effect than the original one, and if
P ≥ D/2, the MUSIC method can be applied.
Since it is necessary to create subarrays in these methods,

it is difficult to use spatial smoothing with a small number
of antennas, which is the typical case for a pedestrian device.
In addition, even if it can be applied, the number of available
antennas in each subarray for angle estimation decreases, and
the angle precision may even get lower compared with the
case where all antennas are used simultaneously.

b: APPLICATION TO 2-D VIRTUAL ANTENNA ARRAY
Normally, the MUSIC method is applied to a one-
dimensional antenna array along the spatial axis. Recently,
a method was proposed in [26] that virtually constructs a
two-dimensional antenna array by jointly using frequency
domain of received signal with the spatial antenna array.
Then, the MUSIC method is applied to the two-dimensional
antenna array by separately defining steering vectors that
represent the phase responses for the spatial and frequency
axes and combining them together. It virtually increases the
number of antennas, but the phase change of the frequency
axis is used for estimating the propagation distance of the sig-
nal, not for estimating the AoA. Therefore, its improvement
of angle estimation precision is limited.

2) SPARSITY-BASED METHODS
To improve the spatial resolution with a limited number
of antennas, sparsity-based methods were proposed [13],
which exploit a sparse antenna array under the coarray equiv-
alence. Two uniform linear subarrays are used, one has
N1 antennas with an inter-antenna space being N2 units and
the other has N2 antennas with an inter-antenna space being
N1 units. By choosing N1 and N2 to be coprime, this method
can resolve about N1N2 signals with N1+N 2 − 1 anten-
nas [27], [28], which is useful for separating the LoS signal
from the reflected ones in a reflection-rich environment. But it
can hardly be applied to a mobile device that can only support
about 2-4 antennas.

3) DEEP LEARNING-BASED METHODS
With the emergence of massiveMIMO techniques, the spatial
resolution of AoA can be further improved. But both the
channel estimation and the angle computation become very
complex, not to mention the calibration of the non-perfect
antennas. To solve these problems, deep learning is exploited
in the AoA estimation [29], [30], and has achieved promising
results. But the training stage of a deep model still requires
a traditional method (subspace-based or sparsity-based) to
provide ground-truth.

4) ANGLE ESTIMATION VIA CSI FROM MULTIPLE RECEIVING
TIMINGS
Different from the previous methods that exploit multiple
antennas, AoD is estimated using CSI acquired at differ-
ent timings by utilizing the fact that vehicles move while
transmitting the V2V communication signals [12]. When
acquiring multiple CSI from multiple packets, accurate time
synchronization between the transmitter and the receiver is
required. In order to avoid this problem, a pedestrian device
acquires CSI at multiple timings in the same packet with a
time interval 1t . This leads to a small difference in signal
propagation distance 1d = vr · 1t · cos θD based on the
pedestrian-vehicle relative speed vr , 1t and AoD θD (Right
of Figure 2), and 1d causes signal phase difference 1ϕ =
2π ·1d/λ.1d is calculated from the phase difference of the
LoS wave acquired from the CSI at each receiving timing,
and then it is used for calculating θD.
In this method, the angle can be estimated regardless of

the number of receiving antennas, but the resolution of the
estimation is limited because the phase difference of CSI
acquired in the same packet is smaller than that acquired by
an antenna array and it cannot benefit frommultiple antennas.
Therefore, its precision is inferior to that in [11] if the number
of antennas is increased.

D. AOA ESTIMATION IN 3D SPACE
Recently, with the emergence of drones, 3D AoA esti-
mation starts to attract research interest. With an antenna
array at a ground receiver, the azimuth angle of departure
(AAoD), elevation angle of departure (EAoD), azimuth angle
of arrival (AAoA), and elevation angle of arrival (EAoA) of
a drone (transmitter) is estimated in real-time, mobile envi-
ronment, using initial estimation of these parameters before
the transmitter and receiver start moving [31]. By EMVA
(Electromagnetic vector-sensor array), full polarization infor-
mation of each electromagnetic signal is exploited for more
accurate estimation of 3D AoA [32].

E. A SHORT COMPARISON
CSI from multiple antennas (spatial) [11] and from multiple
receiving timings (temporal) [12] can be acquired simultane-
ously, but were not used together in previous work because
the two methods use different theories for the angle estima-
tion. In this paper, we investigate how to combine the two
to compute more accurate 2D angle information, especially
when the number of antennas is small. As for the spatial
information, although we focus on the MUSIC method [20],
the proposed method can be extended to work with the
sparsity-based method [27], [28], used to train a deep model
to estimate angle more efficiently, and further extended for
3D angle estimation.

III. PROPOSED METHOD
The proposed method exploits directly visible vehicles,
together with GPS satellites, as anchors, and uses both
pedestrian-vehicle distance and angle information for pedes-
trian positioning.
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FIGURE 3. Comparison between the base methods [11], [12] and the proposed method.

A. OVERVIEW
In order to solve the problem of the base methods [11], [12]
that the angle estimation precision is limited with a small
number of antennas, we propose a new method to improve
the angle precision, constructing a virtual two-dimensional
antenna array with spatial/temporal axes by jointly using CSI
acquired frommultiple antennas/receiving timings, and apply
it to improve pedestrian positioning precision. Figure 3 shows
a comparison between the base methods [11], [12] and
the proposed method. Hereafter, for simplicity, the base
methods and the proposed method are referred to as
S(Spatial)-CSI [11], T(Temporal)-CSI [12], and J(Joint)-CSI,
respectively.

B. PREREQUISITES
Since vehicles usually have high-precision sensors (com-
pared with pedestrians), it is assumed that each vehicle has
accurate information on its own position and speed, and
broadcasts the information periodically (every 100ms) based
on the V2V communication [1]. In addition, it is assumed that
pedestrians have mobile devices that can overhear vehicular
signals, detect whether vehicles are in line of sight (directly
visible) [10], and perform position calculations.

C. ESTIMATION OF PEDESTRIAN-VEHICLE ANGLE
1) CSI ACQUISITION
A pedestrian device overhears a signal transmitted from a
surrounding vehicle by a mobile device with N antennas, and
each antenna acquires the CSI at M timings, spaced with an
interval 1t (e.g. 40µs) in the same packet. Then, a virtual
two-dimensional antenna array is constructed from these CSI,
as shown in Figure 4.

2) ANGLE ESTIMATION BY THE MUSIC METHOD
The MUSIC method is applied to the two-dimensional
antenna array on the spatial/temporal axes to estimate the
pedestrian-vehicle angle. In order to enable the application
of the MUSIC method to coherent signals, the N ×M virtual
antenna array is divided into (N − Ns + 1) × (M −Ms + 1)

FIGURE 4. Construction of a virtual two-dimensional antenna array.

subarrays each with Ns × Ms (Ns < N , Ms < M ) virtual
antennas, and the modified spatial smoothing method [25] is
applied.

Denote xn,m as the CSI received at the n th antenna and the
mth timing, and define Xn,m (t) as a vector representing the
CSI of all antennas in a subarray (n th in the spatial axis and
m th in the temporal axis), and Rn,m as its covariance matrix,
as follows.

Xn,m (t) = [xn,m (t) , xn+1,m (t) , . . . , xn+Ns−1,m (t) ,

× xn,m+1 (t) , . . . , xn+N s−1,m+Ms−1 (t)]
T .

(6)

Rn,m =
1

Ns ×Ms
Xn,m (t)XH

n,m (t) . (7)

Then, RMSSP is calculated as

RMSSP =
1

2× (N − Ns + 1)× (M −Ms + 1)

·

N−Ns+1∑
n=1

M−Ms+1∑
m=1

{
Rn,m + JR∗n,mJ

}
. (8)

Let the eigenvalues and eigenvectors of RMSSP be λi and ei
(i = 1, 2, . . . ,Ns×Ms), respectively, in the descending order
of λi. Of the Ns × Ms eigenvectors, the first K eigenvec-
tors correspond to the signal subspace, and the remaining
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Ns × Ms − K ones correspond to the noise subspace (K is
the number of arrival signals).

Unlike the case of the one-dimensional antenna array
mentioned in Sec.II.C.1), the principle of the phase change
between virtual antennas is different in each axis, so the steer-
ing vector expressing the phase response cannot be defined
in a single formula. Instead, the steering vectors are defined
separately for each axis and combined together. The steering
vector a1

(
θA,k

)
representing the phase response along the

spatial axis and the steering vector a2
(
θD,k

)
representing the

phase response along the temporal axis are defined by the
following equations.

a1
(
θA,k

)
= [1, exp

(
−j2π ·

l · cos θA,k
λ

)
, · · · ,

× exp
(
−j2π ·

(Ns − 1) · l · cos θA,k
λ

)
]T . (9)

a2
(
θD,k

)
= [1, exp

(
−j2π ·

vr ·1t · cos θD,k
λ

)
, · · · ,

× exp
(
−j2π ·

(Ms−1) · vr ·1t · cos θD,k
λ

)
]T .

(10)

Here, θA,k and θD,k are the AoA and the AoD of the kth
signal, respectively. Then, the joint steering vector of the
two-dimensional antenna array is defined as the Kronecker
product (⊗) [33] of (9) and (10), as follows:

a3
(
θA,k , θD,k

)
= a1

(
θA,k

)
⊗ a2

(
θD,k

)
. (11)

Focusing only on the LoS wave, the relationship between the
AoA θA,k and the AoD θD,k is expressed by the following
equation.

θD,k = θA,k + φ. (12)

Here, φ is the angle offset between the arrangement direction
of the pedestrian device’s antennas and the direction of the
pedestrian-vehicle relative speed, and can be calculated from
the moving direction of the vehicle and the values measured
by the pedestrian device’s gyro/acceleration sensor. Then,
(11) can be expressed by using only θA,k , as follows:

a3
(
θA,k

)
= a1

(
θA,k

)
⊗ a2

(
θA,k + φ

)
. (13)

Using (13) and ei corresponding to the noise subspace, the
MUSIC spectrum S (θA) related to the AoA is calculated as

S (θA) =
1∑Ns×Ms

i=K+1 |a
H
3 (θA) ei|

2 . (14)

Then, the AoA of the LoS wave is derived from the peak of
S (θA).

D. POSITION CALCULATION
In the position calculation, a Kalman filter is used to
smoothen the position in order to reduce the random error.

1) INITIAL SETTING
Pedestrian position x, y, z, moving speed vx , vy, vz, and
pedestrian-satellite distance error δ due to clock drift form
the state vector X as shown in (15). k satellite-pedestrian
distances ds1, . . . , dsk , n vehicle-pedestrian distances/angles
dc1, . . . , dcn, θ1, . . . , θn, pedestrian moving speed measured
by gyro/acceleration sensor sx , sy, sz are defined as the obser-
vation vector Y in (16). X , as an unknown state, is to be
estimated from Y measured by the pedestrian device.

X =
[
x, y, z, vx , vy, vz, δ

]T
, (15)

Y =
[
ds1, . . . , dsk , dc1, . . . , dcn, θ1, . . . , θn, sx , sy, sz

]T
.

(16)

2) PREDICTION STEP FOR STATE X
At a timestep t , the predicted value X−t of the state X is cal-
culated in (17) from the state X+t−1 at the preceding timestep
t − 1 and the state transition model F defined in (18).

X−t = FX+t−1, (17)

F =



I 1T · I
I 1T · I

I 1T · I
I

I
I

I


.

(18)

1T represents the time difference between adjacent timesteps
(e.g. 100ms). The state covariance P is updated using the
process noise covariance Q, as follows:

P−t = FP+t−1F
T
+ Q. (19)

Next, the Kalman gain K t is calculated by (20) using the
above estimated values, the observation model H and the
measurement noise covariance R of Y .

K t = P−t H
T (HP−t H

T
+ R)

−1
. (20)

H is composed of unit direction vectors from a pedestrian to
all satellites/vehicles calculated using X−t and the position of
each satellite/vehicle.

3) UPDATE STEP FOR STATE X
Denote ρ

(
X−t

)
as a prediction of the distance/angle between

each satellite/vehicle and the pedestrian using X−t . Then, X t
and P t are updated using the observation vector Y t and the
Kalman gain K t at this timestep, as follows.

X+t = X−t + K t
(
Y t − ρ

(
X−t

))
. (21)

P+t = (I − K tH t)P−t . (22)

Here, X+t is the final positioning result at timestep t . At the
next timestep t + 1, the same procedure is repeated.
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E. COMPARISON WITH OTHER METHODS
When estimating the angle with a mobile device, the limita-
tion of the number of mounted antennas becomes an issue.
Subspace based methods such as MUSIC enable precise
angle estimation by using a large number of antennas, but
have performance degradation when only a small number of
antennas (e.g. 2 antennas) are available. Similarly, even with
the deep learning-based methods, it is considered difficult
to estimate precise angle from limited signal information.
High spatial resolution can be obtained from a small number
of antennas with sparsity-based methods, but it is difficult
to apply to mobile devices which usually can only afford
2-4 antennas.

On the other hand, in J-CSI, the CSI in the temporal axis
is jointly used with the CSI of multiple antennas to construct
a two-dimensional virtual antenna array, which compensates
for the lack of spatial information when the number of anten-
nas is small. Similar to J-CSI, the method [26] uses the CSI in
the frequency axis together with the CSI of multiple antennas
to construct a two-dimensional virtual antenna array, but only
the CSI change among multiple antennas is used for the
AoA estimation. In comparison, J-CSI is different in that
it uses CSI in both the spatial/temporal axes for the AoA
estimation by using the relationship between AoA/AoD of
the LoS wave (described in (12)). These features do not exist
in other literature.

Similar to the sparsity-based method in some degree, the
combination of N antennas (spatial CSI) and M receiving
timings (temporal CSI) in J-CSI constructs a virtual antenna
array equivalent toMN antennas, which improves the spatial
resolution of angle estimation and helps to separate reflected
signals from the LoS wave. But it only uses N antennas,
instead of M + N − 1 in sparsity-based methods. It is also
possible to extend the J-CSI method to use spatial CSI by
sparsity-based methods.

IV. SIMULATION EVALUATION
The performance of J-CSI is evaluated by comparing it with
S-CSI [11], T-CSI [12], ESPRIT [21] and Root-WSF [22]
using 3D ray tracing simulation.

A. SIMULATION CONDITIONS
1) SIMULATOR
In the simulation, the software ‘‘RapLab’’1 is used to sim-
ulate the radio wave propagation from satellites/vehicles to
a pedestrian by 3D ray tracing, and the numerical analysis
software ‘‘MATLAB’’2 is used to calculate the pedestrian-
vehicle distance/angle and the pedestrian position.

2) PLACEMENT OF VEHICLES, PEDESTRIANS AND
SATELLITES ON 3D BUILDING MAP
Assuming an urban environment, 3D building map3 around
Ginza, Tokyo is used. In order to evaluate the movement of
vehicles and a pedestrian, 200 continuous scenes at 100ms

1 https://network.kke.co.jp/products/raplab/
2 https://www.mathworks.com/
3 https://www.aw3d.jp/en/

intervals are created, and satellites, vehicles, and pedestrians
are placed in each scene. The placement of satellites is based
on the actual positions of GPS satellites. Figure 5 shows the
trajectories of moving vehicles and a pedestrian on the 3D
building map and an aerial photograph of the same area. Only
one pedestrian is placed, moving at a speed of 4km/h on the
sidewalk. Vehicles are randomly placed on a road with two
lanes on each side at intervals of 5-30m and move at a speed
of 60km/h. On average there are 10 vehicles in each scene.

FIGURE 5. Simulation map. Placement of moving vehicles and a
pedestrian on the 3D building map (Left). Aerial photograph of the same
area (obtained from Google Earth) (Right).

Radio wave propagation information such as CSI is
acquired by 3D ray tracing after the placement of satellites,
vehicles and a pedestrian. The maximum number of radio
wave reflections/diffractions on the terrain or the buildings
is set to 1. Based on the V2V communication standard [1],
the maximum transmission power is set to 20dBm, the trans-
mission signal frequency is set to 700MHz unless speci-
fied otherwise, and vehicular communication is performed at
100ms intervals.

3) SIMULATION OF TIME RESOLUTION
An actual receiver has a limited time resolution. The LoS
wave and the subsequent multipath waves that arrive with
a time difference less than the time resolution cannot be
separated even when CSI is used. In this case, the LoS wave
overlaps with some multipath waves, and an error occurs in
estimated pedestrian-vehicle distance/angle.

RapLab does not consider this limitation, and CSI can
be obtained with all multipath waves separated. In order to
perform a simulation close to the real environment, as shown
in Figure 6, all waves arriving in the same time resolution
(50ns for an off-the-shelf wireless LAN card using 20MHz
bandwidth) are combined together. The composite strength
of n signals that arrive within the same time resolution is
calculated by the following equation.

(γ1 + γ2 + · · · + γn)+ i(δ1 + δ2 + · · · + δn). (23)

4) SIMULATION OF THERMAL NOISE
Since noise in the propagation channel is not simulated in
RapLab, the influence of thermal noise is added to the CSI by
simulating the communication channel. First, using the signal
waveform created from random data and the CSI obtained

59426 VOLUME 9, 2021



W. Komamiya et al.: Precise Angle Estimation by Jointly Using Spatial/Temporal Change of CSI and Its Application

FIGURE 6. Simulation of time resolution of an actual receiver.

in Sec.IV.A.3), the convolution of the OFDM signal and
the simulated channel is computed, to which noise is added
according to the SNR (Signal to Noise Ratio). Then, from this
noisy signal, the CSI is estimated again. Here, the thermal
noise power Pn is computed by the following equation.

Pn =
hfcB

e
hfc
kBT − 1

≈ kBTB (hfc � kT ) .fc (24)

fc and B are the center frequency and bandwidth of the signal,
respectively, T is the temperature, h is Planck’s constant,
and kB is the Boltzmann constant. Assuming a larger noise,
αkBTB (α is a constant) is used as the noise power. In the sim-
ulation, α = 10, the temperature is 25◦C, and the bandwidth
is 20MHz.

5) CSI ACQUISITION SETTINGS
Currently, many mobile devices are equipped with 2-4 anten-
nas [23]. Therefore, the number of antennas used to acquire
CSI in the spatial axis is assumed to be 2-6 for J-CSI,
S-CSI and Root-WSF, 3-6 for ESPRIT, and 1 for T-CSI.
Because J-CSI, S-CSI, and Root-WSF use multiple anten-
nas for angle estimation, at least two antennas are required.
ESPRIT requires at least three antennas because it divides
an antenna array into two sub-arrays for angle estimation.
Because T-CSI does not use multiple antennas, the estimation
is performed with a single antenna. The number of CSIs
acquired in the temporal axis is 6 (at an interval of 40µs) in
J-CSI and T-CSI unless specified otherwise, and 1 in S-CSI,
ESPRIT and Root-WSF.

6) PEDESTRIAN POSITION CALCULATION
Using the obtained CSI, MATLAB is used to estimate the
pedestrian-vehicle distances/angles in each scene and calcu-
late the pedestrian position. The pedestrian-vehicle distance
is obtained by inputting the signal strength of the LoS wave
into a linear regression model defined by (1). Satellites with
an elevation angle of 15 degrees or less are considered to have
a large ranging error, and are not used for positioning.

B. RESULTS OF ANGLE ESTIMATION
1) COMPARISON WITH OTHER METHODS
Figure 7 shows how the average angle error changes with
the number of antennas in J-CSI, S-CSI, T-CSI, ESPRIT and

FIGURE 7. Average angle error and 95% confidence interval for each
method under different numbers of antennas.

Root-WSF. The results for each method are not shown when
the number of antennas is not applicable. In all methods using
spatial information, the estimation precision improves with
the number of antennas. When the number of antennas is 2,
J-CSI reduces the angle error by 68% compared with S-CSI,
by 15% compared with T-CSI (with a single antenna). When
the number of antennas increases to 6, the performance gain
of J-CSI against S-CSI decreases to 9% (and a similar perfor-
mance gain against ESPRIT and Root-WSF), but increases
to 74% when compared with T-CSI.

These results confirm that J-CSI can achieve a particularly
large improvement against S-CSI (ESPRIT and Root-WSF)
when the number of antennas is small. This is because the
low spatial resolution at a small number of antennas is effec-
tively compensated by using CSI acquired at multiple timings
in J-CSI. But the difference between J-CSI and S-CSI
(ESPRIT and Root-WSF) decreases when more antennas are
available, because sufficient angle resolution can be achieved
by only using the CSI from multiple antennas.

The precision of J-CSI with two or more antennas is higher
than that of T-CSI using a single-antenna, which confirms
that the angle resolution, insufficient when only using CSI
from multiple timings, is compensated by using the CSI from
multiple antennas.

2) COMPARISON OF MUSIC SPECTRUM
Figure 8 shows the true AoA of LoS wave and the MUSIC
spectrum of S-CSI and J-CSI calculated for the same signal
when 4 antennas are used.

Multipath signal cannot be separated in S-CSI due to insuf-
ficient spatial resolution, and a large error occurs in the AoA
estimation. In comparison, in J-CSI, the spatial resolution is
improved by using the temporal CSI, and the multipath signal
(peak near 160 degrees) is separated from the LoS wave,
so the error in AoA estimation is small.

3) INFLUENCE OF TRANSMISSION FREQUENCY
The transmission frequency of vehicular signals is changed
from 700MHz to 2.4GHz and 5.9GHz that are used in general
wireless LAN and VANETs, and the angle estimation error
in J-CSI is investigated. The results are shown in Figure 9.
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FIGURE 8. True AoA of the LoS wave and the MUSIC spectrum of S-CSI
and J-CSI with 4 antennas.

FIGURE 9. Average angle error and 95% confidence interval for each
frequency band under different numbers of antennas.

Although the difference in angle error for each frequency is
small, the angle error is the lowest at 5.9GHz, and gets larger
in the other two frequencies. This is because the signal wave-
length λ is in the denominator of the phase difference in (9)
and (10), which makes the phase response of each element
increase with the frequency. The performance in 2.4GHz
is worse than that in 700MHz when 4 or more antennas
are used, indicating that increasing the frequency does not
always reduce the angle error. This is because the attenuation
of the signal increases with the frequency, and the signal
strength decreases at 2.4GHz compared to 700MHz, which
leads to a lower SNR and an increase in the angle error. This
degrades the performance gain brought by the increase of
phase response in some degree, and makes the influence of
frequency band not so large in the angle estimation.

4) INFLUENCE OF PEDESTRIAN-VEHICLE DISTANCE
Figure 10 shows how average angle error changes with
pedestrian-vehicle distance when using 2, 4 and 6 antennas
in J-CSI. The angle estimation error increases with the dis-
tance, regardless of the number of antennas. This is because
the signal strength decreases as the distance increases, which
leads to a reduced SNR and an increased error in angle
estimation.

Considering this result, the positioning precision will be
improved by assigning different weights to vehicles, with a

FIGURE 10. Average angle error and 95% confidence interval for each
range of pedestrian-vehicle distances.

larger weight for a vehicle with a shorter pedestrian-vehicle
distance. This can be achieved by adjusting the measurement
noise R in (20).

5) INFLUENCE OF THE NUMBER OF CSI FROM MULTIPLE
TIMINGS
The number of CSI acquisitions for multiple timings in J-CSI
is changed from 2, 4 to 6, and the average angle estimation
error is shown in Figure 11. For any number of antennas,
the larger the number of CSI acquisitions for multiple tim-
ings, the higher the precision, but the difference is larger when
the number of antennas is small. This is because the spatial
resolution of the angle, computed from the CSI in the spatial
axis alone, is insufficient when the number of antennas is
small. Using the CSI in the temporal axis helps to improve
the performance. But this improvement gradually diminishes
when the number of antennas increases. This is because with
more antennas, the CSI in the spatial axis alone is enough to
obtain high resolution, even without the CSI in the temporal
axis.

6) INFLUENCE OF THE INTERFERENCE WAVE
The influence of the interference wave in J-CSI is investi-
gated. It should be noticed that a signal from a vehicle is
leveraged only when it is correctly received, i.e., when the
SIR (Signal to Interference Ratio) is high enough. In addition,
with the carrier sense mechanism in vehicular communica-
tions, the interference does not always occur.

Figure 12 shows how the average angle error changes with
SIR in J-CSI, assuming that an interference wave always
exists. When the number of antennas is large, the influence
of interference waves is very small. This is because the inter-
ference wave and the target signal are successfully separated
by the MUSIC method. In the MUSIC method, the AoA of
multiple arrival signals can be estimated separately from the
MUSIC spectrum. Therefore, even though an interference
occurs in the received signal, it does not affect the angle
estimation of the target LoS wave, if it comes from a different
direction.

When the number of antennas is small, the angle resolution
is relatively low. The interference waves cannot be separated
sufficiently from the LoS wave, and an obvious error occurs
in angle estimation. This error increases as SIR gets smaller,
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FIGURE 11. Average angle error and 95% confidence interval for each
number of CSI acquired from multiple timings in a same packet.

FIGURE 12. Average angle error and 95% confidence interval for each SIR.

but the impact of SIR is not so large. Considering that the
increase in angle error is small even with a small number of
antennas and that interference waves do not occur every time,
the influence of the interference wave on the angle estimation
is considered to be quite small.

C. RESULTS FOR PEDESTRIAN POSITIONING
1) COMPARISON WITH OTHER METHODS
Figure 13 shows how the average horizontal positioning
error changes with the number of antennas in J-CSI, S-CSI,
T-CSI, ESPRIT and Root-WSF. The results for each method
are not shown when the number of antennas is not applicable.
When positioning is performed using GPS alone, the average
horizontal positioning error is 18.87m. By using vehicular
signals together, the positioning error is significantly reduced
in all methods. When the number of antennas is 2, J-CSI
reduces the positioning error by 59% compared with S-CSI,
by 17% compared with T-CSI (with a single antenna). When
the number of antennas increases to 6, the error reductions
by J-CSI, compared with S-CSI and T-CSI, are 8% and 58%,
respectively. Because other conditions, except the angle esti-
mation function, are the same in all methods, it is reasonable
to attribute the improvement of positioning precision to the
refined angle estimation in J-CSI.

2) INFLUENCE OF TRANSMISSION FREQUENCY
The transmission frequency of the vehicular signal is changed
from 700MHz to 2.4GHz and 5.9GHz, and the horizontal
positioning error in J-CSI is investigated. The results are

FIGURE 13. Average horizontal positioning error and 95% confidence
interval for each method.

shown in Figure 14. Similar to the result in Sec.IV.B.3),
the positioning error is lower in 5.9GHz than in 2.4GHz, but
is relatively low in 700MHz, when compared with the angle
estimation error. This is because the decrease in frequencies
leads to a smaller attenuation of the signal strength at the same
distance, which improves the precision of distance estima-
tion. Therefore, the angle error in 700MHz is compensated
by precise distance information and it leads to a small posi-
tioning error.

FIGURE 14. Average horizontal positioning error and 95% confidence
interval for each frequency band.

3) INFLUENCE OF THE NUMBER OF VEHICLES
In the simulations so far, all the vehicles available for posi-
tioning are used. Here, the number of vehicles used in
each scene is changed in order to investigate its impact on
the positioning precision. Figure 15 shows how the aver-
age horizontal positioning error changes with the number
of vehicles in J-CSI. Regardless of the number of anten-
nas, the positioning precision improves with the number of
vehicles. This is because the distance/angle estimation errors
are smoothed as the number of vehicles increases. This is
similar to GPS positioning where the positioning precision
improves with the number of satellites [34]. However, the
positioning error approaches a stead value (error bound)when
there are 6 vehicles or more. It indicates that the impact of dis-
tance/angle estimation errors cannot be completely removed
by smoothing. This error bound can be further reduced by
improving the distance/angle estimation precision.
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FIGURE 15. Average horizontal positioning error and 95% confidence
interval for each number of vehicles.

FIGURE 16. Average horizontal positioning error of a pedestrian and 95%
confidence interval for each average position error of vehicles.

4) INFLUENCE OF THE POSITION ERROR OF VEHICLES
In the simulations so far, the position of each vehicle is
assumed to be accurate without errors. But in a real system,
vehicles also have position errors, although smaller compared
with that of pedestrians. Here, the vehicular position error
is assumed to follow a standard distribution based on the
average error of each vehicle used for pedestrian positioning,
and its influence is investigated.

Figure 16 shows how the average horizontal position error
of a pedestrian in J-CSI changes with vehicle position errors.
Generally, the positioning error of a pedestrian increases with
the vehicle position error, and has a similar trend for different
numbers of antennas. But the pedestrian positioning error
is not as large as the vehicle position error. This is because
the influence of the vehicle position error is smoothened and
reduced by using multiple vehicles (the average number of
vehicles is 10) at the same time and by using a Kalman filter.

V. CONCLUSION
Based on our previousmethods that exploit V2V communica-
tion signals together with GPS signals for pedestrian position-
ing by estimating pedestrian-vehicle distances/angles, in this
paper, we have proposed to further improve the precision
of estimating pedestrian-vehicle angles by combining the
spatial and temporal changes of CSI. In this method, CSI is
acquired from multiple antennas at multiple receiving tim-
ings in a single packet, and the phase changes in the spatial
axis and the temporal axis are jointly leveraged to estimate

the pedestrian-vehicle angle, by using the modified MUSIC
method. On this basis, the pedestrian positioning perfor-
mance is also evaluated, by considering different factors such
as the number of antennas, the frequency band, the number of
vehicles as anchors, and vehicle position errors.

Extensive 3D ray tracing simulations confirm that the
pedestrian-vehicle angle information plays an important role
in pedestrian positioning, and its estimation, relying merely
on spatial or temporal changes of CSI, leads to a lim-
ited performance. In comparison, combining spatial/temporal
changes of CSI can effectively improve the performance of
both angle estimation and positioning precision. The per-
formance relies more on temporal CSI when the number of
antennas is small and depends more on spatial CSI as the
number of antennas increases. With two antennas available
on most smartphones and tablets, the performance is signifi-
cantly improved compared to the base method that uses only
spatial changes of CSI. A similar effect can be achieved by
the base method that uses only temporal changes of CSI,
but by using spatial changes of CSI together, the perfor-
mance can be further improved when the number of antennas
increases. This is important considering that the number of
antennas mounted on mobile devices is expected to increase
(Some smartphones and tablets already have four antennas
mounted). In the future we will further improve and evaluate
the proposed method in different environments.

Positioning via wireless signals heavily depends on two
key factors, distancemeasurement and angle estimation.With
the widespread of massive MIMO techniques in 5G, it is
expected that higher precision of AoA estimation will be
achieved at the base station, and AoA estimation will be
extended from 2D to 3D to facilitate 3D positioning of flying
objects such as drones. Instead of measuring the distance via
CSI information, fine time measurement, as a new feature in
IEEE 802.11bd, aims to directly measure the flying time from
the round-trip delay. But it faces the problem of real-time
measurement. An aggressive solution to this problem is to
compare the phase difference betweenmultiple frequencies in
wireless signals, so as to compute the flying time in one trans-
mission. But how to solve phase ambiguity will be a chal-
lenge. In the future, we will investigate how to use new tech-
nologies to further improve pedestrian positioning precision.
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