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In the proposed approach, AOA is used to determine the obstacle

A This paper proposes radio frequency (RF) source localization in a non-line of sight condition using the map of obstacles.
B | Received signal strength indicator (RSSI) and angle of arrival (AOA) measurements are observations obtained from the
S | signal received on the unmanned aerial vehicles (UAV).

T [ onthe map from which the reflection has happened. Then, RSSI information is used to determine the location of the RF source.
R In the basic version of the approach, the RF source is located by triangulation. In the advanced approach, the reflection

angle is also estimated to improve the localization accuracy. The estimation is done using the particle filter approach. In

A addition, it is shown analytically that the maximum localization error for the advanced approach is bounded, but the relative
C | formation of the reflectors with respect to each other can increase the localization error for the basic approach.
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l. INTRODUCTION

Cellphones can be used as RF sources to localize their users
in different applications, especially in search and rescue
missions over a large area. In some projects such as ARVA [1]
and WISCOM [2], RF source localization in disastrous
situations has been developed for search and rescue purposes
in which the typical localization method based on BTS towers
cannot be used. Moreover, in large open areas where network
coverage is not available, such as a desert, RF source
localization can be used for search and rescue missions.
Using UAVs in outdoor search and rescue missions are very
popular due to their maneuverability and fast coverage of the
areas. UAVs can localize an RF source using RSSI [3], TOA
[4], Time Difference Of Arrival (TDOA) [5], and Angle Of
Arrival (AoA) measurements [6]. Hybrid methods have also
been proposed, e.g., a combination of RSSI and AOA [7] and

fCorresponding Author: s.heidari@uoz.ac.ir
Tel: +98-32222023, University of Zabol
Faculty of Engineering, University of Zabol, Zabol, Iran.

TDOA/FDOA measurements [8]. RF source localization is
affected by different types of signal propagation including
Line Of Sight (LOS) and Non-Line Of Sight (NLOS)
propagations. Localization based on LOS signals, which is not
usual in typical environments, is straightforward and already
solved. In some conditions, LOS and NLOS signals happen at
the same time. There are approaches proposed to mitigate the
NLOS effect on localization [9-11]. Also, some approaches are
proposed to consider the LOS and NLOS effects within a
single model [12]. In a research paper on localization in the
indoor environment using reflection and scattered signal, it is
assumed that a LOS signal is also available in addition to a
multipath signal. The locations of reflectors and scatters are
determined using PSO as a searching algorithm [13]. If the
signal path between an RF source and a receiver is blocked by
an obstacle, the signal is received by the NLOS propagation.
For localization in the NLOS condition the fingerprinting
approach can be used. In this approach, a database of received
signals is required. It should be created using experimental data
or propagation model in which each possible location of the RF
source corresponds to a unique receiving signal pattern. This
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approach is usually used in indoor applications [14-15]. For
outdoor fingerprinting-based localization, a large database
should be created [16]. This approach is not applicable for large
outdoor localization as it is very time consuming and sometimes
impossible to provide the required database.

RF source localization based on the NLOS propagation
models has been investigated in the past few years. Dehghan
et al. used the diffraction model for the knife-edge obstacles to
localize an RF source and corresponding obstacle
simultaneously. The diffraction model depends on the height
of the obstacle that is located between the RF source and the
receiver and on the distances of the obstacle from the RF
source and the receiver [17]. Also, Song et al. have used a
reflection-based propagation model, TOA-AOA, and the map
of urban environments for localization in which the orientation
of the buildings as reflectors are vertical to each other [18].
There is an approach that uses TOA/AOA measurements and
a reflection model in a scenario in which a transmitter with a
known location is used for self-localization of a receiver [19],
but it is not applicable for target localization in a search and
rescue scenario. In another research, TDOA/AOA-based RF
source localization is performed using a reflection model in the
NLOS condition. An expectation maximization algorithm is
used to optimize the nonlinear localization equations. The
accuracy of localization depends on the initial value of the
parameters of the optimization including the reflection
parameters [20].

In some new works, the localization is performed using
reconfigurable intelligent surfaces (R1Ss) that can change the
propagation environment for the reflection. The application
includes robots and automated vehicles for the localization and
communication system. The parameters of propagation in the
RISs can be controlled by a microcontroller using feedback.
RISs can be mounted on the wall of the building [21-22].

In another paper, AOA, angle of departure (AOD), and
relative time of flight (rTOF) are used for localization.
Multipath triangulation for localization of target by using
AODs of multipath signals has become possible in which
antenna array is required at the target side, but implementation
is impossible for localizing a target in search and rescue
operation [23].

These approaches employ time-based localization that needs
time synchronization between the RF source and the receivers
using dedicated devices. In addition, they are developed for
urban environments and their assumptions are not suitable for
large outdoor areas. In another work, the authors used fully
reflected RSSI and AOA measurements for RF source
localization by employing an RSSI reflection model. For
localization, two steps are used. In the first step, parameters of
reflection are obtained and in the second step, location of the

RF source is estimated, using the reflection parameters [24-25].

Using RSSI measurement for localization is common due to its
easiness of use and the availability of cheap sensors [26].

The presence of obstacles is a challenge in the robotic field
research, such as obstacle avoidance [27]. Previously detected
obstacles may be used as an aid in navigation. In this paper to
improve the RF source localization, RSSI/AOA in a fully NLOS
condition is used for localization based on the map of the
obstacles and a reflection model. In the studied condition, the
obstacles as reflectors have unknown directions as shown in
Fig.1. In the first step of the proposed algorithm, the AOA of the
signal and the map of the environment are used to determine the
location of the reflection point on the map. The proposed
approach has two versions. In its basic version, the RSSI and
AOA measurements and the map are used for localization. In
this case, three reflections are required for localization. In the
advanced approach, the estimation of the reflection angle from
the RSSI samples is also used. This version needs two
reflections for localization and exhibits higher accuracy of
localization than the basic one.

Reflection point

Fig.1. An illustration of the localization of an RF
source using reflected signal in the outdoor environment.

The Bayes filter is the technique commonly used for
localization in UAV and AUV and robotic field [28]. So, to
estimate the RF source location, a particle filter is used because
of the nonlinearity of the estimation equation and the motion of
the UAV. Afterward, it is analytically shown that using the basic
version may lead to a large localization error but using the
advanced version has a bounded error.

In the next section, NLOS propagation from the reflector is
explained. Then, the proposed approach for map-based
localization is described, and the uncertainty of the localization
for both versions is calculated. Finally, the simulation results
show that the localization with the advanced approach has small
uncertainty in comparison to the basic one.

I1. REFLECTION PROPAGATION

RF signals propagate in the LOS or NLOS manner. The
NLOS signals can be propagated by diffraction, reflection,
and/or scattering mechanisms [26]. For a reflected signal, the
strength of the signal depends on the path length between the
receiver and the RF source. It also depends on the reflection
coefficient magnitude, which is between 0 and 1. If it is equal
to 1, the signal is reflected without any attenuation. If it is zero,



the signal is absorbed. Path loss in dB for a reflection can be
modeled by Equ.(1) [29]:

Path Loss = 20 log(4”/z) + 201log(d) (1)

— 20log(IT(0)1)

inwhich 4 is the signal’s wavelength, d is the path length
between the RF source, the receiver, and 6 is the reflection
angle, 20log(|T'(8)]) is the reflection coefficient loss in dB,
and [T(8)] is the reflection coefficient magnitude, which is a
function of the reflection angle. For a large reflection angle,
the effect of roughness surface on the reflected signal is high
and the reflection coefficient magnitude has a small amount.
The reflection coefficient magnitude for two different
frequencies including GSM frequencies and two different
polarizations of the signal are shown in Fig. 2.

Generally, shadowing, which is a Gaussian random variable,
is added to the path loss with standard deviation (SD) 2.2 to7.7
dB to show the unmolded part of the signal [30].

I11. THE PROPOSED APPROACH

It is assumed that there is no LOS path between the RF
source and the UAV. Thus, the signal is received using the
reflection propagation mechanism. Furthermore, the problem
is solved in 2D, and the effect of the UAV altitude is neglected
because of the large distance between the UAV and the RF
source in comparison with their altitude difference. Moreover,
it is assumed that the reflected signals are based on a single
bounce and the signals with two or more bounces are weak
enough to be neglected. In the proposed approach, RSSI and
AOA observations are used for localization.

The path loss of a reflected RF signal depends on the
distance between the RF source and the reflector (d,;), the
reflection angle (8), and the distance between the reflector and
the receiver (d,ps) as illustrated in Fig. 3.

In the first step of the proposed approach, the UAV moves
in the direction of the received signal and starts to gather RSSI
observations periodically. In this scenario, the angle of
reflection is constant and the path length between the RF
source and the UAV, i.e. d,ps + des Whichis d in Eq. (2),
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Fig. 2 The magnitudes of the reflection coefficients for a
dry ground’s surface with 4 cm SD of roughness [29].
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Receiver a

? RF source

Fig.3. Reflected signal in 2D is illustrated by the
RF source location and the reflector and receiver
location

dPath Loss = 20 log(4”//1) + 20log(d) —
201log(|T|) — 20 log(4”//1) —20log(d + )

Ad) +20log (1) = 20log()

can be estimated using the differential RSSI samples based on
Eq. (2).

in which Ad is a constant distance step size between two
consecutive waypoints in which the UAV takes observations.
In the reflection-based RF source localization, the location
and/or direction of the reflector are also unknown. As shown
in Fig. 4, the loci of the possible locations of the RF source are
circles. For each possible location of the reflector in the
direction of the signal bearing, a circle can be considered as
the locus of the RF source. It is shown in Fig. 4 that the
intersection of these circles does not determine a unique
location for the RF source even if two or more reflections are
used. Consequently, more information is needed to obtain a
unique location for the RF source in addition to the path length
and the AoA of each reflection. In other words, the localization
will not lead to a unique RF source location using the estimated
path length and the angle of arrival even for different reflected
signals.

In Subsection A, more information including the location of
the reflector extracted from the obstacle map is used for

\

Receiver,

Fig.4. For two reflections, possible location of the RF source
is a common area for the RF source locations.
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localization. By this approach, the RF source location will be
estimated uniquely.
A. Localization using map

Localization using the map of the obstacles and RSSI/AOA
observations can lead to a unique location for the RF source.
The intersection of the line of bearing with the obstacles map
determines the location of the reflector. It should be noted that
the orientation of the obstacles on the map are unknown
because they are a natural obstacle (irregular terrain).

By using the reflector location, which is determined on the
map, and the estimated reflection path length from RSSI
samples, a circle is constructed as the RF source locus. In our
basic version, the location of the RF source is estimated using
the intersection of the three loci circles as shown in Fig. 5. It
should be mentioned that the AOA of the signal has an error.
This error leads to uncertainty in the reflection point detection.
But the error is not large if the AOA is accurate.

It should be mentioned that the reflectors have roughness and
the reflected signal with a large reflection angle has weak
strength and it can be neglected. As such, localization using
two reflections with a small reflection angle is also rendered
possible.

To improve the map-based localization, the advanced
approach is proposed, and Eq. (1) is used in which |T|
depends on the reflection angle. So, RSSI observation for a
reflected signal is a function of the reflection angle in addition
to the path length between the RF source and the receiver. As
shown in Fig. 6, for a reflection angle (6,), there are two
possible reflector orientations, so the RF source can be
localized using two reflected signals and the estimated path
length between the RF source and the receiver and the
reflection angle (Fig. 6). The estimation of the RF source

Receiver,

Eeceiverz

Fig.5. The localization of an RF source with the map and
three reflections

location in 2D Cartesian space is performed using particle
filter due to the nonlinearity and complications of Eq. (1).

RF source

Receiver,

Receivers

Fig.6. The localization with two reflections using map
and reflection angle

1)Particle filter development for the map-based localization

As previously mentioned, the particle filter approach is used
as the estimator for the RF source localization due to the
nonlinearity of the reflection coefficient in the path loss
equation. Particles include the location of the RF source in the
Cartesian coordinate, i.e.,(x[, y[i).

X[i](t) =< x[i]’y[i] > (3)
The steps of the particle filter are presented below.

Particle initialization:

The elements of the particles, i.e. x and y, are uniformly
distributed over the possible range, based on the geographical
information of the search area.

Prediction of the next state:

The parameters of the particle are the locations of the RF
source which are time invariant. It is assumed that the motion
model of the UAV is accurate enough and the particles do not
change in the prediction phase. The particles are augmented
with a low SD in the perdition step to prevent the incorrect
convergence of the filter.

Updating particles weight:

The observation model is determined with the path loss
equation (Equ. (1)) which is used to update the particles’
weight. Considering the known transmitted power, the path
loss can be measured using the power received by the UAV.
Based on this description, the observation model can be shown
by Equ.(4):

p(Z@®|xM®) =

p(PLmsr(t)| < x[i](t)'y[i](t) >) = 4)
P(PLyner (O)|PLL (£))

in which PL,,,.(t) is the measured path loss and pLY ®

cal

is the path loss that is calculated based on the location of each

particle. For each particle, PL[Ci(]ll(t) is calculated using Equ.
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PLY, (&) = 2010g(*7/,) - 20l0g I'(6) +
20log(dops, + (5)

JEIO = 5007 + 01O = Yo, ))

inwhich x5, and y,,s, are the elements of the location of
the first obstacle as the first reflector, which is obtained from
the map, d,s, is the distance between the obstacle and the
receiver, which is known, and 6 is the reflection angle, which
can be obtained based on the locations of the RF source, the
receiver, and the reflector. It is calculated using Equ. (6).

2= J(GO) ~ X, + (E) ~ Yons,)’

. . 2
b:\/ (@ = x,)? + GO ~ ) ©
2,42 p2
g = 90 —0.5%cos ™1 (Lt 0y
2*a*dops1

in which (x,.,y,) isthe location of the UAV which is known
considering an accurate navigation system. It is assumed that
the path loss has Gaussian distribution, so Equ. (7) is used to
update the particles’ weights.

. 2
(PLmsry@©-PLE, ©)

205p2 (7)

wll = 71 e

Y1 g xn2m
Because two reflections are required for localization using the

advanced approach, the particles’ weights are updated using

the weights of the measurements for two reflections (Equ. (8)).
Wt[l] = Wt[L]1 * thz (8)
Resampling:

The number of effective particles is named N.gr. When
Nesr is smaller than a threshold, resampling is performed. Equ.
(9) is used to obtain N,z in which @ is the normalized
weight of the particle i. After resampling, the particles weight
will be 1/N.

1

Nerr = Sv_Gme ©)

B. Analytical calculation of the RF source location

uncertainty

The uncertainty of the RF source location depends on the
geometry of the problem, the location of the reflector, and the
variance of the observation noise. The location of the RF
source can be obtained using the parameters of the reflection
path loss including d and 6 . These parameters have
uncertainty around the true values due to the observation
uncertainty and the presence of noise. If the observations have

a bounded error, then the variance of these parameters is

bounded too. To show the effectiveness of the approach, the

uncertainty of the location is calculated based on the variance

of the parameters of the path loss (Equ. (10)) [31].

0(xgF)
d(parameter;)

VAR (xgp)=Y; ( )2 VAR (parameter;) (10)
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9(YrF)
d(parameter;)

2
VAR (ygp) = Z,-( ) VAR (parameter;)

1)Localization uncertainty of the basic version

In the basic version of the map-based localization, the path
length between the RF source and the receiver, i.e. d, is the
only parameter of the path. With this parameter and using the
map, three reflections are required for localization. The
intersection of three circles is the RF source location. The
equations of the three circles are shown in Equ. (11) in which
(xobs' yobs) and (xobs" yobs') and (xobs”! yobs”) are the
location of the reflectors.

(Xrr = Xobs) * + (Vrr = Yobs)® = (d — dops)?

(Xrr = Xops') > + (Vrr = Yobs')® = (@' — dops')? (11)
(Xrr = Xops') 2+ VR = Yobs)? = (A" — dops)?

Thus, the trilateration method is used to the RF source
location and the above nonlinear equations are converted to
linear ones as follows:

Yrr = O Xgr + by
Yrr = Q2Xgp + b,

Xobs — Xobs'

a =—-—
Yobs' — Yobs (12)
Xobs' — Xobs'’

(12 -

B Yobs" — Yobs'
Eg. (12) shows two independent line equations that are

obtained by differentiating the circles equations mentioned in
Eqg. (11). The intersection of the lines is shown by Equ. (13):

by — b,
a; —a

)

_bZ

Xpr = (
(13)

by
yRF=a2(a )+bz

2~

Without the loss of generality, it is assumed that only one of
the lines has uncertainty which is caused by the effect of the
uncertainty of d on the path loss. To calculate the uncertainty
of the localization, the derivative of the RF source location to
this parameter is obtained by using the chain rule. Based on
this description, the MSE of the location is obtained by using
Equ. (14):

MSEl[xy] = VAR(xgp) + VAR (Ygr) =

d—dops)? 1 az \?
(J’ibs’j;;)zs)z [ )2 + (az—zlh) ] VAR(d)

It is obvious that the MSE of the RF source location depends
on the slope of the lines which are shown by a; and a,. If
these slopes are equal, then the error will be very large.

The derivative-based optimization of the MSE function,
which is demonstrated by Equ. (15), leads to a, = —1/a,.
This means that if the second line is vertical to the first one,
then the uncertainty of localization will be minimal. The
minimum value of the MSE is calculated by Equ. (15).

(14)

az—ax
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mm(MSEI[x y])
(d - dobs)2 1

~VAR(d)

B (yobs’ - yobs)z 1+a (15)

= <m) VAR(d)

dreflectors

in Which d,fieceors 18 the distance between two centers of
the locus circles that are determined by the reflector locations.
When the reflectors are close to each other, the minimum of
the uncertainty of the RF source location will be large even if
VAR(d) has abounded value.

2)Localization uncertainty of the advanced version

In the advanced version of the map-based localization, the
RF source localization is performed using the path loss
parameters and AOA as Equ. (16).

Xgr = dopscos(@) + (d — dyps)cos(a — 20)

+ x,
Yrr = dopsSin(a) + (d — dops)sin(a — 26)
+ ¥

in which it is assumed that the error of the parameters has a
known variance. The derivatives of Equ. (16) with respect to
the parameters of the path loss, i.e. d and @, are shown in
Equ. (17).

OXpp
ad

OYrr
= sin(a — 260
ad ( ) @an

Oxgy .
30 — 2(d — dypg)sin(a — 20)

OYgrF
=-2(d- -2
Y (d—d,ps)cos(a 0)

The uncertainty of the RF source location, which is caused
by the variance of the distance, can be calculated using Equ.
(18):

MSE]|,)(d) = VAR(xgp) + VAR(Ygp) = (18)
VAR(d)

Equ. (18) shows that the uncertainty of the localization is
equal to the error of d. Also, it shows that the geometric
relation of the reflectors has no effect on the uncertainty of the
localization.

The error of the RF source location caused by VAR(0) is
calculated using Equ. (19).

MSEl[x y] (6) = VAR(xgr) + VAR(ygr) =
4(d — d,ps)*VAR(0)

In this equation, it is shown that the uncertainty of the RF
source location, which is caused by the reflection angle
uncertainty, depends on the distance between the obstacle and
the RF source. If VAR(8) has a bounded value, the
uncertainty of the RF source localization will be bounded. It
should be mentioned that the above calculation is done for one
reflection.  If two or more reflections are used for the
localization, the localization uncertainty will be equal or lower
than the above-calculated value. In other words, the

(16)

= cos(a — 20)

(19)

summation of the uncertainties calculated by Eq. (18) and (19)
is the maximum uncertainty of the localization by the
advanced approach, which is a bounded error.

The above calculation shows that the maximum uncertainty
of the RF source localization by the advanced approach is
bounded if the errors of its parameters are bounded, but the
minimum localization error of the basic approach for a
bounded error of the path loss parameters can be large when
the reflectors are near each other.

IV. SIMULATION AND RESULTS

In the simulations, it is assumed that the obstacles map is
available. Also, the locations of the reflectors are previously
determined using this map and the AOA of the received signals.
After receiving the first reflected signal, the UAV moves in the
direction of the signal and takes several RSSI samples.
Furthermore, the reflection surface is considered large enough
to use the mentioned propagation equation and the reflector’s
material is assumed to be dry soil. Finally, only horizontal
polarization is used for localization.

In the first simulations, for the localization using the basic
version, it is assumed that three reflections are determined as
shown in Fig.7. The RF source is localized, using the map,
considering three reflections, and employing a least-square
estimator. For each configuration, different SDs of the noise
are applied in which the main part of the noise is shadowing.
In each simulation, it is assumed that the location of the
obstacle or reflector has no error or there is a 400-meter SD
error caused by the map or AOA error. Monte-Carlo
simulation is run with an average of 100 consecutive runs
whose results are presented in Table.l.
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4000¢ -
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3000+

(meters)

2000 -

v

1000

o]
Receiver,

-1000 L I I I L I )
1000 2000 3000 4000 5000 6000 7000 8000

X (meters)

Fig.7. Localization using the basic approach in the first
configuration of the reflectors



TABLE. I. RMSE OF THE LOCALIZATION OF THE BASIC
APPROACH FOR THE FIRST CONFIGURATION
SD of Noise(dB)
1 2 3 4 5

RMSE in meter
(obstacles locations do | 153 | 302 483 679 | 764
not have errors)
RMSE in  meter
(obstacles  locations | 450 | 489 539 689 | 881
have errors)
In the second simulation, the third reflector is considered
closer to the second reflector as shown in Fig. 8. The results
are presented in Table II.
TABLE. II. RMSE OF THE LOCALIZATION OF THE BASIC
APPROACH FOR THE SECOND CONFIGURATION
SD of Noise(dB)

1 2 3 4 5

RMSE in  meter
(obstacles locations 174 364 560 784 855
do not have error)

RMSE in  meter
(obstacles locations 503 579 893 899 932
have error)

6000
5000
4000y - \<<<(<
Receiver,
RF source
= 3000f
F
@
£
-~ 2000
1000
o n
Receiver;
1000 . . L )
1000 2000 3000 4000 5000 6000 7000 8000

X (meters)

Fig. 8. Localization using the basic approach in the second
configuration of the reflectors.

In the third simulation configuration, the third reflector is
close to the second reflector in Fig. 9. The results of the
localization are presented in Table 111

TABLE. Ill. RMSE OF LOCALIZATION OF THE BASIC APPROACH

FOR THE THIRD CONFIGURATION
SD of Noise(dB)
1 2 3 4 5

RMSE in meter
(obstacles locations | 209 | 513 | 857
do not have errors)
RMSE in meter
(obstacles locations | 694 | 679 | 807 | 1151 | 1099
have errors)

922 | 1150
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Fig.9. Localization using the basic approach in the third
configuration of the reflectors

The above simulations show that if one of the reflectors is
close to the other one, the localization error will be large. In
the second set of simulations, the advanced approach for the
localization with the map is evaluated. The localization is done
by using two reflections as shown in Fig. 10. A particle filter
is used for localization. In these simulations, 500 particles are
used to achieve enough estimation accuracy. The Monte-Carlo
simulation is done using an average of 100 consecutive runs.
The results are presented in Table 1V.

TABLE. IV. RMSE OF LOCALIZATION USING THE ADVANCED

APPROACH
SD of Noise(dB)
1 2 3 4 5

RMSE in  meter
(obstacles  location 89 107 | 130 | 175 | 213
does not have errors)
RMSE in  meter
(obstacles  location | 420 | 483 | 554 | 602 | 637
has errors)

6000

5000

4000% <<
Receiverl

3000 RF source

Y [meters)

2000

1000;

Fig.10. Configuration of the two reflectors for the
localization using the advanced approach
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The above simulation shows that the error of the localization,
using the advanced approach, is low when the location of the
reflector has a low error. If the location of the obstacle has a
large error, the error of the RF source localization will be
noticeable though it will be still lower in comparison to that of
the basic version.

Using the advanced approach for one reflection results in
two possible locations of the RF source, the error for
localization with one reflection in the final simulation is
obtained. It is assumed that the localization area is bounded to
one of the possible RF source locations for one reflection. This
is possible when the orientation of the obstacle is determined
without enough accuracy. This simulation shows the
maximum error of the localization using the advanced
approach when the noise variance has a known amount in
Table V.

TABLE V. RMSE OF LOCALIZATION USING THE ADVANCED
APPROACH AND ONE REFLECTOR
SD of Noise(dB)
1 2 3 4 5

RMSE in meter (obstacles
location does not have 271 | 287 | 294 | 343 | 382
errors)
RMSE in meter(obstacles
location has errors)

462 | 465 | 515 | 607 | 655

The above simulations show that map-based localization has
a lower error in all configurations when the advanced approach
is used and the noise has bounded variance. In contrast, the
basic approach could have a large error in some configurations
because of the geometric relation of the reflectors.

The advanced approach is compared with the proposed
approach below for localization in [25] in which two
reflections are needed and the RSSI and AOA are the
observations similar to the advanced approach. The approach
proposed in [25] is simulated in the scenario that is shown in
Fig. 10. In this approach, a fingerprinting is created using the
reflection propagation equation and it is used to estimate the
reflection parameter, i.e., the reflection angle and path length
between the RF source and the receiver. Then, the RF source
localization is done by placing the estimated parameter in the
linear equation of possible locations of the RF source and
solving this equation. Table.\VI presents the results of the
simulation using this approach. In this table the errors of the
parameters estimation are also presented which are obtained in
the step one of the approach.

TABLE V1. RMSE OF THE PARAMETERS ESTIMATION BASED ON
THE RSSI OBSERVATION AND LOCALIZATION OF THE RF SOURCE
USING THE PROPOSED APPROACH IN [25]

SD of RMSE RMS_E RMSE of
. of 6 of din o
Noise(dB) localization(meters)
(deg.) meter
1 1.98 391 489
2 2,53 447 545
3 3.77 583 623
4 4.03 653 722
5 4.69 731 810

In Table.VIl, RMSE of localization for the proposed
approach in this paper and the proposed approach in [25] is
compared. It is shown that the localization accuracy of the
advanced approach when obstacles location has no error or has
error, is more than the basic approach in the best configuration
of the obstacle and the proposed approach in [25] (with out
map) for different SD’s of noise.

TABLE .VIl. RMSE OF LOCALIZATION FOR THE PROPOSED
APPROACH IN [25], THE ADVANCED APPROACH AND THE BASIC

APPROACH.
basic advanced
approach anbroach
SD approach basic (meter) Advanced Frzeter)
of in [25] approach | (obstacle | approach
. . (obstacles
Noise(dB) (meter) (meter) location (meter) .
has location has
error) error)
1 489 153 450 89 420
2 545 302 489 107 483
3 623 483 539 130 554
4 722 679 689 175 602
5 810 764 881 213 637

V. CONCLUSION AND FUTURE WORKS

This paper analyzes the localization in the NLOS condition
using a map of the obstacles in a large outdoor environment.
The RSSI and AOA observations are used and two approaches
are proposed for localization. In the basic approach, RSSI is
used for range estimation and localization is performed using
three reflections. To improve the localization in the advanced
approach, the reflection angle and two reflections are used. It
is shown in the simulation and analytical calculation that the
localization with the advanced approach has a lower error in
comparison to the basic approach for different configurations
of the reflectors.

In future works, an approach can be proposed to obtain the
optimal reflector on the map for improving localization. In
addition, the RF source beacons can be used to obtain the
obstacle map, and localization can be done using the estimated
map. Also, an optimal UAV path should be determined for



taking the RSSI sample and improving localization. In the
NLOS condition, the diffracted signal may also be available.
Using the map in the NLOS condition can be extended for
reflected and diffracted signals simultaneously.
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