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ABSTRACT

In this paper, a novel individual angle-of-arrival (AOA) mea-
surement detection method and extended Kalman filter (EKF)
based tracking algorithm is proposed. The detection method
is used to detect whether an individual AOA measurement
is line-of-sight (LOS) or non-line-of-sight (NLOS). After
the measurement detection, the selected LOS AOA measure-
ments are then used into an dynamic EKF to track a moving
target in mixed LOS/NLOS environments. Different from
some traditional NLOS error detection methods, which de-
termine the estimation result of a set of AOA measurements
collected at every time step is LOS or not, the proposed
method detects each AOA measurement one by one at one
time step. This algorithm makes good use of LOS AOA
measurements and greatly improves the tracking accuracy of
the EKF in mixed LOS/NLOS environments. Simulations
implemented under different NLOS percentage scenarios
demonstrates the improvement of the classical EKF with the
assistance of the proposed measurement detection method for
AOA measurement.

Index Terms— Non-line-of-sight mitigation, measure-
ment detection, target tracking, angle-of-arrival, extended
Kalman filtering

1. INTRODUCTION

Research topic of target tracking consists several different
branches, such as target motion analysis (TMA) with bearing-
only or Doppler-bearing measurements [1, 2], target track-
ing with state constraints or road constraints [3, 4], target
tracking in cluster and multi-target tracking using probability
data association (PDA) techniques [5, 6], target tracking with
time-difference-of-arrival (TDOA) and frequency-difference-
of-arrival (FDOA) [7, 8], target tracking in mixed line-of-
sight/non-line-of-sight (LOS/NLOS) [9, 10, 11] and so on.

Target tacking in mixed LOS/NLOS environments has
been of considerable interest over the past decades. Several
algorithms have been proposed to improve the tracking ac-
curacy. In [9], a semi-parameter modified residual algorithm
is proposed. This algorithm has been greatly improve the

tracking performance of the extended Kalman filter (EKF)
while additional computational cost is introduced. In [10],
an EKF with individual time-of-arrival (TOA) measurement
detection (EKF-IMD) algorithm is proposed to improve the
tracking accuracy without introducing much more additional
computational cost into the tracking strategy. In [11], the
individual measurement detection method based on the prob-
ability density function of the LOS noise is used into the
TDOA techniques. Together with the known road constraint,
the performance of the EKF is also improved.

In this paper, the individual measurement detection (IMD)
approach proposed in [10] for TOA measurement technique is
now expanded to AOA measurement. The proposed IMD ap-
proach can efficiently select LOS AOA measurements from
mixed LOS/NLOS measurements. Then, the selected LOS
AOA measurements are reformulated as a dynamic measure-
ment vector and used into the EKF to track the moving target.
When the number of selected LOS AOA measurements is less
than 2, the prediction state of the moving target obtained from
the state evolution equation is used to instead.

The rest of this paper is organized as follows. Section
2 briefly describes the system model adopted in the tracking
problem based on AOA measurements. Section 3 presents
how to calculate the geometrical estimate position from an
individual AOA measurement and how to detect the pseudo-
position is LOS or not. Section 4 gives the tracking algorithm
based on the dynamic EKF and the proposed IMD algorithm.
Section 5 shows simulation results implemented under differ-
ent percentage of NLOS errors. Section 6 draws the conclu-
sion of this paper.

2. PROBLEM STATEMENT

Here, we consider a dynamic system contains one moving tar-
get in a 2-D plane and M stationary or moving sensors to col-
lect AOA measurements βk. The state of the moving target

at time step k is denoted as xk =
[

xk yk ẋk ẏk
]T

,
containing the instantaneous position (xk, yk) and the instan-
taneous speed (ẋk, ẏk), where k ∈ Z

+. Sensors are located at
(

xS
m,k, y

S
m,k

)

,m = 1, · · · ,M .
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To analyze and make inferences about the dynamic sys-
tem, the state-space model, which consists of a state evolution
equation and a measurement equation, is required. The state
evolution equation describes the evolution of the target’s state
over time and the measurement equation represents the rela-
tionship between the state and the measured data. The state
space model of our dynamic system is defined as

xk = Fxk−1 + uk−1, (1)

βk = h (xk) + ηk, (2)

where F is the state transition matrix and defined as

F =









1 0 Ts 0
0 1 0 Ts

0 0 1 0
0 0 0 1









.

Ts in matrix F is the sampling time interval. The Gaussian
random vector
uk−1 =

[

uk−1,x uk−1,y uk−1,ẋ uk−1,ẏ

]T
is the pro-

cess noise with corresponding covariance matrix Qu. The
non-linear function vectorh (·) =

[

h1 (xk) · · · hM (xk)
]T

is the mapping function vector. ηk =
[

ηk,1 ... ηk,M
]T

is the mixture LOS/NLOS measurement noise vector. The
probability density function for ηk,m is

p(ηm) = (1−εm)pLOS(wk,m)+εmpNLOS(δk,m),m = 1, · · · ,M
(3)

where εm ∈ [0, 1] is the degree of contamination by NLOS
errors at sensor m. The noise is effectively a mixture of LOS
and NLOS noise where pLOS(wk,m) is a zero mean Gaussian
noise and pNLOS(δk,m) is typically a mean-shifted Gaussian
or exponentially distributed noise [10, 11].

3. MEASUREMENT ESTIMATION AND
DETECTION

In this section, we propose a novel individual measurement
estimation and detection approach to detect whether an AOA
individual measurement is LOS or not. To implement the de-
tection, we first estimate a raw position from an individual
AOA measurement. Next, the hypotheses test is used to carry
out the IMD. Details of individual measurement estimation
and detection are given as follows.

3.1. Individual measurement estimation

AOA involves measurements of the angle a signal arrives at
a sensor or a base station. Measuring AOA requires the sys-
tem to be equipped with an antennae array. The AOA mea-
surements can be obtained using algorithms such as the MU-
SIC and ESPRIT [12] [13]. In traditional tracking algorithms,
such as EKF, the minimum number of AOA measurements is
2.

(a) AOA (b) Estimate

Fig. 1. Individual measurement estimate.

In the absence of noise, an accuracy estimation of the po-
sition of the target can be obtained using geometric equations.
For AOA, each measurement points out a direction i.e. an an-
gle to x axis or to y axis, so a line can be drawn starting from
the stationary sensor with the given angle as gradient. The
intersection point of two or more lines indicates the estimate
position of the target. The localization geometry relationship
between the measurements and the position of the moving tar-
get is shown in Fig. 1-(a).

One individual AOA measurement determines a set of
points x

p
k,m on a straight line determined by the sensor’s

position and the measured angle as follows

β̄k,m = arg tan
yk − ySk,m
xk − xS

k,m

, (4)

where x
p
k = (xk, yk) stands for the true position of the mov-

ing target.
When the true position of the moving target is known, the

best estimate pseudo-position from an individual AOA mea-
surement can be obtained

ˆ̃x
p

k,m = argmin
x̃
p

k,m

∥

∥

∥
x̃
p
k,m − x

p
k

∥

∥

∥

l2
. (5)

The pseudo-measured position defined in equation (5) is the
position which minimize the distance between the true posi-
tion of the moving and the pseudo-measured position.

Utilizing the cost function (5) and the geometrical rela-
tionship between the true position and the measured angle,
the estimate position can be easily determined. For AOA mea-
surements, the estimate position of the target is given by the
cross point of two straight line perpendicular to each other,
one starting from (xS,m, yS,m) with an angle of βk,m and the
other starting from the true position of the moving target, as
shown in Fig. 1-(b).

However, in practice, the true position of the moving tar-
get is unavailable. To obtain an estimate position from an
individual AOA measurement, we use the predicted position
x
p,−
k,m to replace the true position.
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3.2. Individual measurement detection

After obtaining the estimate position of the moving target
from an individual AOA measurement, the detection algo-
rithm is introduced to identify the estimate position is LOS
or not. It is easy to know that, for LOS Gaussian noise, all es-
timate positions must be very close to the predicted position
of the moving target. When the NLOS error occurs, the mea-
sured AOA measurement is contaminated, correspondingly
the estimate position. Based on this property, the individual
measurement detection algorithm is proposed.

To identify whether the estimate position by each mea-
surement is LOS or not, a confidence region is defined as

vk,m (γ) =
{

(

ˆ̃x
p

k,m − x
p,−
k,m

)T
(

P
p,−
k

)

−1
(

ˆ̃x
p

k,m − x
p,−
k,m

)

≤ γ

}

(6)

where Pp,−
k is a part of the matrix P−

k = FPk−1F
T , the pre-

dicted position error covariance of the moving target which
defined as

P
p
k =

[

σ2
x,k 0

0 σ2
y,k

]

(7)

σx,k and σy,k are the standard deviations of the position on x
axis and y axis, respectively.

As the position of the moving target xp
k is two dimen-

sional, the volume of the confidence region is

Vk = c2
∣

∣γPp,−
k

∣

∣

1

2 = πγ
∣

∣P
p,−
k

∣

∣

1

2

= πγ
1

2σxσy . (8)

given a threshold γ, the span of the confidence region can be
determined.

If the estimate position from individual AOA measure-
ment fall into the confidence region, it is considered as LOS
and vice versa. Only these AOA measurements correspond-
ing to LOS estimate positions are retained and used into a
modified dynamic EKF to track the moving target. The LOS
AOA measurement vector is denoted as βL

k = {βk}
nk

1 , where
nk is the dynamic dimension of the selected LOS AOA mea-
surements.

4. TRACKING ALGORITHM

Since h (·) in equation (2) is a nonlinear measurement func-
tion, the standard KF cannot be applied and the EKF or other
nonlinear filtering algorithms must be applied. Here, a simple
but efficient EKF algorithm is adopted. To fit for the dynamic
LOS measurement vector, the EKF is also modified as dy-
namic.

For AOA measurements, the nonlinear measurement
function is now rewritten as

h (xk) =











arctan
(

yk−yS,1

xk−xS,1

)

...

arctan
(

yk−yS,nk

xk−xS,nk

)











. (9)

The EKF linearizes the nonlinear measurement function
using a Taylor expansion. At time step k, h (xk) is approxi-
mated around the predicted state x−

k = Fx̂k−1 as follows

h (xk) = h
(

x−

k

)

+
∂h (x)

∂x

∣

∣

∣

x=x
−

k
·
(

xk − x−

k

)

. (10)

The partial derivatives of h (·) with respect to variable x

denotes the Jacobian matrix

H (xk) =
∂h (x)

∂x

=









∂h1,k(x)
∂x

|x=xk

∂h1,k(x)
∂y

|x=xk
0 0

...
...

...
...

∂hnk,k(x)

∂x
|x=xk

∂hnk,k(x)

∂y
|x=xk

0 0









.

(11)

The linearized measurement model is obtained

βk = h
(

x−

k

)

+H
(

x−

k

)

·
(

xk − x−

k

)

+ ek. (12)

Note that, in mixed LOS/NLOS environments, the num-
ber of selected LOS measurements by the IMD is different
at each time step, which leads to the dimension of the recon-
structed LOS AOA measurement vector being dynamic. All
the dimensions of related vectors and matrices are brought
into correspondence with the reconstructed LOS measure-
ment vector. If at some time steps, there are fewer than
two LOS AOA measurements, i.e. the dimension of the re-
constructed LOS measurement vector is less than two, the
predicted state calculated by the state evolution equation (1)
will be used as the estimate position.

5. SIMULATION RESULTS AND DISCUSSION

For comparison, the classical extended Kalman filter (EKF),
the robust EKF (EKF-Hc)[9] and the EKF combined with
the IMD algorithm (EKF-IMD) are implemented. Simula-
tions are repeated over 100 Monte Carlo trails and each filter
is performed over k = 1000 measurements. The sampling
frequency is 5Hz. The initial state x̂0 of the moving target
is set as a Gaussian random vector with a standard devia-
tion of 50m for the positions and a standard deviation of
4m/s for the velocities, around the true initial state x0 =
[

4300m 4300m 2m/s 2m/s
]T

. The sensors are lo-
cated at (xS,1 = 2km, yS,1 = 7km), (xS,2 = 12km, yS,2 = 7km),
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(xS,3 = 7km, yS,3 = 12km), (xS,4 = 7km, yS,4 = 2km),
(xS,5 = 7km, yS,5 = 7km). The NLOS noise is a mean
shifted Gaussian pdf characterized by
(µG,η, σG,η) = (1rad, 0.5rad). The LOS noise is as-
sumed to be zero mean Gaussian pdf with standard devia-
tion σ = 0.2rad. Simulations are done under three different
NLOS percentage scenarios:
Scenario C0: ε =

[

0 0 0 0 0
]

Scenario C1: ε =
[

0 0.25 0 0.25 0
]

Scenario C2: ε =
[

0 0.25 0.1 0.75 0
]

To evaluate the performance of each tracker, the average
mean error distance (MED) of each tracker are summarized
in Table 1. The LOS root mean square error (RMSE) bound,
which is calculated using all LOS measurements, and the RM-
SEs of each tracker under simulation scenario C1 with mean-
shifted Gaussian NLOS error are shown in Fig. 2.

0 200 400 600 800 1000
0

50

100

150

200

250

300

350

400

k

R
M

S
E

 

 

RMSE bound
EKF
EKF−Hc
EKF−IMD

Fig. 2. LOS RMSE bound and RMSEs of each tracker at
NLOS scenario C1.
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Fig. 3. Cumulative distribution functions of different trackers
for Scenario C1.

From Table 1, it can be observed that in LOS environment,

the EKF-IMD performs as well as the classical EKF. In mixed
LOS/NLOS environments, the robust EKF performs better
than the EKF. However, the EKF-IMD performs best than
both the EKF and the robust EKF in all mixed LOS/NLOS
scenarios. It is also easily to see the same conclusion from
Fig. 2.

The cumulative error distribution of the localization error
for the same example, shown in Fig. 3 indicates that the 95-
percentile of the EKF-IMD is less than 150m whereas for the
robust EKF and EKF the 95-percentile increases to more than
250m and 350m respectively.

Table 1. Mean over time MEDs of each tracker with mean
shifted Gaussian NLOS errors.

Algorithms C0 C1 C2
EKF 18.2788 264.0519 605.7763

EKF-Hc 20.8149 167.0978 425.3690
EKF-IMD 18.2788 44.5998 101.9992

6. CONCLUSION

In this paper, we have proposed an approach to improve the
tracking accuracy in mixed LOS/NLOS environments based
on individual measurement detection for angle-of-arrival
technique. Utilizing the individual measurement detection
algorithm, most LOS AOA measurements can be correctly
selected from mixed LOS/NLOS AOA measurements. Then
the dynamic EKF has been implemented to track the moving
target. Simulation results have demonstrated the improved
performance of the proposed EKF-IMD tracker.
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