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Evolutionary Tracking Algorithm Based on
Combined Received Signal Strength and Angle

of Arrival Measurements in Wireless
Sensor Networks
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Abstract—This article addresses the target tracking prob-
lem based on the received signal strength (RSS) and angle of
arrival (AOA) in wireless sensor networks (WSNs). The track-
ing problem is formulated in the framework of the maximum
a posteriori (MAP), in which the prior knowledge of moving
target nodes (TNs) is exploited. Due to the fact that the
cost function of the tracking problem is highly nonlinear and
nonconvex, most of the existing algorithms tend to approx-
imate and relax the cost function. As a result, the tracking
accuracy is usually compromised. In this article, we pro-
pose a tracking algorithm based on evolutionary techniques
that do not require an approximation of the cost function,
resulting in a considerable improvement in tracking accuracy.
The proposed tracking algorithm is compared with state-of-
the-art algorithms such as the MAP, particle filter (PF), and
Kalman filter (KF). Simulation and real experiment results
demonstrate that the proposed tracking algorithm provides
an improvement roughly by 16%, 11%, and 18% over the MAP,
PF, and KF, respectively, in the tracking accuracy.

Index Terms— Angle of arrival (AOA), evolutionary algorithms, received signal strength (RSS), tracking, wireless
sensor networks (WSNs).
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I. INTRODUCTION

TARGET nodes (TNs) in wireless sensor networks
(WSNs) can be in a stationary or moving state. According

to the state of the TNs, two types of localization problems can
be categorized: stationary and moving localization problems.
The latter is also known as the tracking problem. For localizing
a stationary TN, several algorithms have been developed based
on linear least squares, convex-relaxation, and machine learn-
ing [1]. Recently, evolution-based localization algorithms have
been proven to be highly efficient and accurate [2], [3]. When
localizing a moving TN (e.g., robots, submarines, and drones),
algorithms based on Kalman filter (KF) and particle filter (PF)
are the norm. The classical KF algorithm is known to be
optimal in the sense of minimum mean square error for linear
models with Gaussian noise distribution. Although variants of
the KF such as the extended KF (EKF) and unscented KF
(UKF) exist for nonlinear models, they have been shown to
be unstable, i.e., they might not always converge [4].

Meanwhile, there exist several measurements that can be
employed to track a TN such as the time of arrival, angle
of arrival (AOA) [5], and received signal strength (RSS).
Among these measurements, the RSS is very popular since

1558-1748 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Korea Institute of Energy Technology (KENTECH). Downloaded on October 18,2023 at 02:17:46 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-2784-0953
https://orcid.org/0000-0002-6874-1556
https://orcid.org/0000-0001-5537-6716
https://orcid.org/0000-0003-4754-805X
https://orcid.org/0000-0002-9173-1575
https://orcid.org/0000-0001-9166-0570


CACERES NAJARRO et al.: EVOLUTIONARY TRACKING ALGORITHM 23735

it is relatively straightforward to obtain without requiring
sophisticated hardware. However, tracking algorithms based
solely on RSS measurements commonly result in large track-
ing errors, especially when there are only a few anchor nodes
(ANs) [6]. To mitigate such an undesirable result, in this
article, we employ the RSS and AOA measurements simul-
taneously. There exist several works dealing with the tracking
problem when only one type of measurement is used [6], [7],
[8], [9], [10], [11], [12], [13], [14]. In contrast, there are only
a few works dealing with the tracking problem when several
types of measurements are employed simultaneously. In [15],
the RSS and AOA were exploited for tracking a TN. Therein,
the highly nonlinear observation model is first linearized and
used with the KF for tracking a TN. Recently, a more sophis-
ticated linearization technique, which uses conversion from
Cartesian to polar coordinates, was employed for linearizing
the observation model [4]. Then, by following the maximum
a posteriori (MAP) criterion, a MAP algorithm was proposed
and shown to provide better performance than the KF in [15].
It is shown in both [4] and [15] that the conventional PF
outperformed the other techniques considered therein. More
advanced PF techniques such as the one introduced in [7] may
perform better. It is worth mentioning that, unlike the KF and
MAP, the PF does not require approximations to deal with the
nonlinearities of the tracking problem: this may be the reason
why the PF usually outperforms the KF and MAP.

In this article, we propose and investigate an evolutionary
algorithm that exploits the RSS and AOA measurements for
tracking a moving TN. The tracking problem is formulated in
the MAP framework which results in a highly nonlinear and
nonconvex cost function of the tracking problem. Such a cost
function cannot be directly handled by conventional techniques
such as those based on KF and MAP which commonly leads
to degradation of the tracking accuracy. We propose an evolu-
tionary tracking algorithm based on the differential evolution
(DE) that directly handles the highly nonlinear and nonconvex
function without requiring any approximation, thus leading
to an improvement in the tracking accuracy. The proposed
algorithm exploits the opposition-based learning [16] and
adaptive redirection [3] to enhance the search capability and
redirection of individuals. A major concern in evolution-based
algorithms is the proper tuning of control parameters on
which the estimation accuracy is highly dependent. The tuning
process is tedious and problem-specific in most of the cases.
To relax such dependency, the proposed approach reformulates
the mutation and crossover processes in such a way that the
two control parameters, crossover probability, and mutation
factor, do not need special care. Additionally, a population
control procedure [17] is considered for possibly further
improvement of the performance. Furthermore, the proposed
approach takes into account the dynamic variation in the cost
function of the tracking problem, resulting in better tracking
accuracy. In summary, the main contributions of this article
can be summarized as follows.

1) We propose and analyze a tracking algorithm based
on the DE when the AOA and RSS measurements are
employed simultaneously. The proposed algorithm does
not require to relax the cost function of the tracking

problem, which results in an improvement of the track-
ing accuracy.

2) The proposed algorithm reduces the dependence on
control parameters, which can lead to an improvement
in the tracking accuracy even in scenarios with constant
variations of the environment.

3) To the best of our knowledge, this work is one of
the very few, if not the first, to employ evolutionary
algorithms for tracking purposes.

4) We validate the effectiveness of the proposed algorithm
by using real data obtained in an indoor scenario.

The remainder of this article is organized as follows.
In Section II, the RSS and AOA measurement models for the
tracking problem of a moving TN are introduced. Section III
presents the MAP framework and provides details of the
proposed tracking algorithm. Simulation and real experiment
results are presented in Section IV, where the proposed
algorithm is compared with the KF, MAP, and PF algorithms
in terms of the tracking accuracy and computational demand.
Finally, Section V concludes this article.

II. TRACKING PROBLEM OF TN
Assuming one TN, we deal with a 2-D WSN tracking

problem as in [6], [7], [8], [9], [11], and [12]. Consider
N ANs with fixed known positions x(n)

= [x (n), y(n)
]
T for

n = 1, 2, . . . , N , and one moving TN with unknown position
xt = [xt , yt ]

T at time t , for t = 1, 2, . . . , T .
Under the widely used path-loss model [3], [4], [18], the

received power P (n)
t at the nth AN from the moving TN at

time t can be expressed as

P (n)
t = ρ(n)(xt ) + µ

(n)
t (dB) (1)

where ρ(n)(xt ) = P0 − 10γ log10∥x(n)
− xt∥ is a function

representing an ideal power decay with γ denoting the path
loss exponent and P0 being the power of the signal transmitted
from the TN, for n = 1, 2, . . . , N . Here, ∥δ∥ = (δ2

1 + δ2
2)

1/2

denotes the Euclidean norm of a vector δ = [δ1, δ2] in the
2-D space R2. The additive noise term µ

(n)
t represents the

log-shadowing effect, which follows a Gaussian distribution
with mean zero and variance σ 2

µ, i.e., µ
(n)
t ∼ N (0, σ 2

µ).
Meanwhile, the AOA measurement φ

(n)
t (in radian) between

the nth AN and moving TN at time t can be modeled as

φ
(n)
t = α(n)(xt ) + m(n)

t (2)

where α(n)(xt ) = arctan((yt − y(n))/(xt − x (n))) is a function
capturing the angular relationship between the TN and AN at
time t , and m(n)

t ∼ N (0, σ 2
m) represents the angular noise.

Taking (1) and (2) into consideration, the unknown position
of the TN at time t can be estimated by solving the optimiza-
tion problem

x̂t = arg min
xt

f̃ (xt ) (3)
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where

f̃ (xt ) =

N∑
n=1

1
σ 2

µ

(
P (n)

t − ρ(n)(xt )
)2

+

N∑
n=1

1
σ 2

m

(
φ

(n)
t − α(n)(xt )

)2
(4)

represents the ML cost function when both the AOA and RSS
measurements are employed simultaneously. Note that, for
solving (3), several techniques developed for the stationary
localization problem can be employed at each time t such as
those based on linear least squares, semidefinite programming,
and evolutionary algorithms [3]. However, such techniques
disregard any prior knowledge that exists due to the movement
of the TN.

In order to take into account existing prior knowledge of
the TN, a constant velocity model is commonly employed [4],
[7], which considers state and observation models. The state
of a moving TN at time t can be defined by a state vector
θ t = [xT

t , vT
t ]

T, where vt = [vt,x , vt,y]
T denotes the speed

of the TN at time t . The transition from state θ t−1 to θ t is
expressed by the state model as

θ t = Fθ t−1 + et (5)

assuming a constant velocity, where

F =


1 0 Ts 0
0 1 0 Ts

0 0 1 0
0 0 0 1

 (6)

is the transition matrix and et ∼ N (0, Q) denotes the state
process noise with Q defined as

Q = q



T 3
s

3
0

T 2
s

2
0

0
T 3

s

3
0

T 2
s

2
T 2

s

2
0 Ts 0

0
T 2

s

2
0 Ts


. (7)

Here, Ts and q denote the sampling period and intensity of
the state noise process, respectively [19].

The observation model is expressed as

st = h(xt ) + r t (8)

where st ∈ R2N denotes the measure-
ment vector, h(xt ) = [ρ(1)(xt ), ρ

(2)(xt ), . . . ,

ρ(N )(xt ), α
(1)(xt ), α

(2)(xt ), . . . , α
(N )(xt )]

T, and r t ∼ N (0, R)

represents the measurement noise vector with the covariance
matrix R = diag(σ 2

µ, σ 2
µ, . . . , σ 2

µ, σ 2
m, σ 2

m, . . . , σ 2
m) ∈ R2N×2N .

Then, the tracking problem consists of estimating the
unknown state θ t of the moving TN from a history s1:t =

{s1, s2, . . . , st } of RSS and AOA measurements up to time t ,
given initial estimates θ̂0|0 and Ĉ0|0 of the state vector and
covariance matrix, respectively. Here, θ̂ τ1|τ2 and Ĉτ1|τ2 denote
the estimates of θ τ1 and covariance matrix Cτ1 , respectively,
at time τ1 based on measurements s1:τ2 , where C t is the
covariance matrix of the prior probability density function
(pdf) of θ t .

III. PROPOSED TRACKING ALGORITHM

Since we have prior information about the position of the
TN provided by the state model, we can formulate the tracking
problem in the framework of MAP.

A. MAP Framework
The MAP framework allows us to estimate the state vector

θ t by maximizing the posterior PDF p(θ t |s1:t ) as

θ̂ t |t = arg max
θ t

p(θ t |s1:t ) (9)

or, equivalently

θ̂ t |t = arg max
θ t

(ln p(st |θ t ) + ln p(θ t |s1:t−1)) (10)

under the Markov condition on st [20], where p(st |θ t ) and
p(θ t |s1:t−1) denote the pdf of the measurement vector st

parameterized by the state vector θ t and the prior pdf of θ t

parameterized by the measurement vectors until time t − 1,
respectively.

From (8), the pdf p(st |θ t ) can be written as

p(st |θ t ) = k2 exp
(

−
1
2

[st − h(xt )]T R−1[st − h(xt )]
)

(11)

where k2 is the normalizing constant. Since the prior pdf of
θ t is difficult to obtain, it is commonly approximated by the
Gaussian pdf as [15]

p(θ t |s1:t−1) ≈ k1 exp
(

−
1
2

[
θ t − θ̂ t |t−1

]TĈ−1
t |t−1

[
θ t − θ̂ t |t−1

])
(12)

where k1 is the normalizing constant. Here, from the state
model (5) we get

θ̂ t |t−1 = Fθ̂ t−1|t−1 (13)

and

Ĉ t |t−1 = FĈ t−1|t−1 FT
+ Q (14)

with the initial conditions θ̂0|0 and Ĉ0|0.
By replacing (12) and (11) into (10), the MAP formulation

for tracking the TN can be rewritten as

θ̂ t |t = arg min
θ t

f (θ t ) (15)

where

f (θ t ) = [st − h(xt )]T R−1[st − h(xt )]

+
[
θ t − θ̂ t |t−1

]TĈ−1
t |t−1

[
θ t − θ̂ t |t−1

]
(16)

is the MAP cost function.

B. Evolution-Based Tracking Algorithm
Instead of resorting to approximating the highly nonlinear

and nonconvex cost function (16) of the MAP for the tracking
problem, we introduce a novel tracking technique based on
the DE. Although there exist evolutionary-based algorithms
for localizing a TN [2], [3], [21], these algorithms cannot be
directly applied to the tracking problem due to the dynamic
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variations in the cost function of the MAP formulation. Addi-
tionally, the performance of such algorithms is affected by
their control parameters. To mitigate aforementioned points,
we propose an evolutionary tracking algorithm that adapts
dynamically its control parameters to avoid possible degra-
dation when locating the TN.

The proposed algorithm produces and exploits the popula-
tion iteratively to find a global optimum. Here, the population
at the gth generation is a set {I (g)

l }
L(g)

l=1 of L(g) individuals,
in which an individual I (g)

l = [I (g)

l,1 , I (g)

l,2 , I (g)

l,3 , I (g)

l,4 ] is a 4-D
vector and is a candidate for an estimate θ̂ t |t of the unknown
state vector θ t .

The proposed algorithm is composed of seven processes,
namely, generation of initial individuals, mutation, crossover,
adaptive redirection, generation of opposite individuals, selec-
tion, and population reduction. It was pointed out that Gaus-
sian sampling is a fine-tuning procedure that balances the
exploitation and exploration paradigm in any evolutionary
algorithm [22]. Based on that idea, the proposed approach
employs Gaussian sampling in the generation of initial individ-
uals, mutation, and crossover. Details of each of the processes
are provided below.

1) Generation of Initial Individuals: Instead of generating
randomly the initial population (at g = 0), we take advantage
of the knowledge of the estimated state vector θ̂ t−1 at time
t − 1 by sampling the Gaussian distribution as

I (0)
l ∼ N

(
θ̂ t |t−1, 1t |t−1

)
(17)

for l = 1, 2, . . . , L(0), where L(0) denotes the size of initial
population and 1t |t−1 = diag(σ 2

1 , σ 2
2 , σ 2

3 , σ 2
4 ) with {σ 2

i }
4
i=1

being the diagonal elements of Ĉ t |t−1.
2) Mutation: The population {I (g)

l }
L(g)

l=1 is employed for cre-
ating a mutant population

Ĩ (g)

l ∼ N
(

�I
(g)

+ I (g)

l

2
, ϒ(g)

)
(18)

by sampling the Gaussian distribution, where

�I
(g)

= arg min
I (g)

l

{
f
(

I (g)

l

)}L(g)

l=1
(19)

is the best individual at the gth generation and ϒ(g)
=

diag(|�I
(g)

1 − I (g)

l,1 |
2, |�I

(g)

2 − I (g)

l,2 |
2, |�I

(g)

3 − I (g)

l,3 |
2, |�I

(g)

4 − I (g)

l,4 |
2).

3) Crossover: The trial population { Ĭ (g)

l }
L(g)

l=1 is obtained as

Ĭ (g)

l,d =

{
Ĩ (g)

l,d , if cl ≤ pC
(g)

l or d = dr

I (g)

l,d , otherwise
(20)

by employing a standard crossover, where dr ∈ {1, 2, 3, 4} is
a random index and cl ∼ U(0, 1), the uniform distribution on
(0, 1).

In many cases, the crossover probability pC
(g)

l is fixed based
on a laborious error and trial process [3]. In contrast, in
this work, the parameter pC

(g)

l is generated by dynamically
sampling a Gaussian distribution as

pC
(g)

l ∼ N
(

exp
(

f́ (g)

l − f̄ (g)

l

)
, 0.12

)
(21)

where f́ (g)

l and f̄ (g)

l represent the minimum and average values
of the MAP cost function (16) over the L(g) individuals at the
gth generation. The parameter pC

(g)

l plays a crucial role in
influencing the exploration and exploitation capabilities of the
algorithm. Lower values of pC

(g)

l promote exploitation, leading
to a faster convergence, while higher values of pC

(g)

l promote
exploration which helps to prevent premature convergence
to local optimum. Therefore, it is important to carefully
control the values of this parameter. A way to do that is to
increase or decrease the value of pC

(g)

l proportionally to the
convergence of the algorithm [23]. To detect the convergence
of the algorithm, we can check the difference between f́ (g)

l and
f̄ (g)

l [24]. Note that we have chosen the exponential function
in (21) because it translates a possible local convergence into a
high value of pC

(g)

l at a higher rate than, for example, a linear
function. The standard deviation in (21) is set up to small value
of 0.1 to guarantee that most of the values of pC

(g)

l generated
by (21) are in the recommended interval [0, 1] [25] even when
pC

(g)

l is near 0 or 1.
4) Adaptive Redirection: This procedure guides the individ-

uals inside solution space is defined as

Z = {(z1, z2, z3, z4) : ai ≤ zi ≤ bi , i ∈ {1, 2, 3, 4}} (22)

where a = [a1, a2, a3, a4] and b = [b1, b2, b3, b4] denote the
vectors of lower and upper bounds, respectively. Specifically,
the redirected population { İ (g)

l }
L(g)

l=1 is obtained as

İ (g)

l,d =


Ĭ (g)

l,d , if ad ≤ Ĭ (g)

l,d ≤ bd

βd

(
b(g)

d − a(g)

d

)
+ a(g)

d ,

if Ĭ (g)

l,d < ad or Ĭ (g)

l,d > bd

(23)

from the trial population { Ĭ (g)

l }
L(g)

l=1 , where βd ∼ U(0, 1), and

a(g)

d = min
I (g)

l,d

({
I (g)

l,d

}L(g)

l=1

)
(24)

and

b(g)

d = max
I (g)

l,d

({
I (g)

l,d

}L(g)

l=1

)
(25)

represent the lower and upper bounds, respectively, of the area
of redirection at the gth generation.

5) Generation of Opposite Individuals: The opposite individ-
ual is generated from the redirected individual as [26]

Ï (g)

l = a(g)
+ b(g)

− İ (g)

l (26)

where a(g)
= [a(g)

1 , a(g)

2 , a(g)

3 , a(g)

4 ] and b(g)
=

[b(g)

1 , b(g)

2 , b(g)

3 , b(g)

4 ].
6) Selection: An individual with the lowest fitness value

among the original, redirected, and opposite to the redirected
individuals is selected as

I (g+1)

l = arg min
I (g)

l , İ (g)

l , Ï (g)

l

{
f
(

I (g)

l

)
, f
(

İ (g)

l

)
, f
(

Ï (g)

l

)}
(27)

for l = 1, 2, . . . , L(g), which is then used as the initial
individual in the next generation.
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Algorithm 1 Evolutionary Tracking Algorithm
Input: MAP cost function (16), RSS and AOA

measurements, number N of ANs, size L(0) of
initial population, covariance Q of the state
process noise, transition matrix F, covariance
R of the observation model, maximum number
G of generations, lower bounds ad , and upper
bounds bd for d = 1, 2, 3, 4

Output: Estimated value of the state vector θ̂ t

1 Initialization: θ̂0|0 by solving (3), Ĉ0|0 = I4
2 for t = 1, 2, . . . , T − 1 do
3 Prediction: Obtain θ̂ t |t−1 and Ĉ t |t−1 by solving

(13) and (14), respectively.
4 Update: Obtain θ̂ t |t by:;
5 → Initialize the population according to (17);
6 while g ≤ G − 1 do
7 for l = 1; l ≤ L; l = l + 1 do
8 → Create mutant individuals with (18);
9 → Generate trial individuals via (20);

10 → Redirect the individuals via (23);
11 → Create opposite individuals with (26);
12 → Select the best individual via (27);
13 end
14 → Adapt the population according to (28);
15 Increase g = g + 1;
16 end
17 Return the estimated value of the state vector θ t ;
18 end

7) Population Control: It was shown that by reducing the
population size in a variant of the DE, an improvement of the
accuracy can be obtained [27]. Additionally, a reduction in
the size of the population relaxes the computational burden.
Inspired by these findings, here we implement a population
size reduction technique that carefully reduces the population
size generation by generation following a parabolic decay
as [17]

L(g+1)
=

[
L(0) − L

−→

G2 (g − G)2
+ L

−→

]
(28)

where L
−→

denotes the pre-defined minimum number of indi-
viduals required in the evolution process. When reducing the
size of the population, the least favorable individuals are
eliminated.

After G generations, the best individual

�I = arg min
I (G)

l

{
f
(

I (G)
l

)}L(G)

l=1
(29)

among {I (G)
l }

L(G)

l=1 is selected and presented as the estimate θ̂ t

of the vector state θ t . The pseudocode of the proposed tracking
algorithm is summarized in Algorithm 1.

IV. TRACKING PERFORMANCE

In this section, we assess the tracking performance of
the proposed algorithm. For comparison, we consider three

recently developed algorithms, the KF [4], MAP [4], and
PF [7]. The tracking accuracy of the algorithms at each time t
is evaluated and compared based on the root-mean-square error
(RMSE) defined as

RMSEt =

√√√√ 1
K

K∑
k=1

∥∥x̂t,k − xt,k
∥∥2

(30)

where K is the number of Monte Carlo trials and xt,k and x̂t,k

denote the actual and estimated positions, respectively, of the
TN at time t in the kth Monte Carlo trial.

For a complete trajectory of the TN, 1000 Monte Carlo
trials are considered. The measurement vector st is generated
with the following considerations: P0 = −10 dBm for the
transmit power of the TN, γ = 3 for the path loss exponent,
and σµ = 9 dB and σm = 4 degrees, respectively, for the
standard deviation of the log-shadowing and angular noise.
Additionally, the noise intensity for the state process is set to
q = 2.5 × 10−3 m2/s3. The RSS and AOA measurements
are sampled at every Ts = 1 s. For the control parameters
of the proposed algorithm, we assume the size L(0)

= 20 of
the initial population and a maximum number G = 50 of
generations as in [28]. For the control parameter of the PF,
we consider 1000 particles as in [7].

A. Effects of Different Trajectories
We have considered three tracking scenarios in which the

TN maintains a straight route performs sharp maneuvers, and
executes moderate maneuvers. These scenarios are represented
by deterministic trajectories of a straight line, rectangle, and
circle as shown in Fig. 1(a)–(c), respectively. An area of
interest of 40 × 40 m with four ANs deployed at fixed
locations (0, 0), (40, 40), (0, 40), and (40, 0) is considered.
The TN starts to move counterclockwise at the positions
(5, 5), (7, 10), and (10, 20), over T = 30 s, T = 80 s,
and T = 40 s with a speed of 1 m/s for the trajectories
illustrated in Fig. 1(a)–(c), respectively. The position of the
TN is bounded by the area of interest with the lower and upper
bounds being a1 = a2 = 0 and b1 = b2 = 40, respectively.
The lower and upper bounds for the unknown velocity are set
to a3 = a4 = 0 and b3 = b4 = 2, respectively.

Fig. 1 depicts the true and estimated trajectories of the
proposed, KF, MAP, and PF for the three scenarios considered
here. Although not completely clear, it is observed that the
estimated trajectory of the proposed algorithm is closer to
the ground-truth than those of the other algorithms, espe-
cially when the TN follows the straight trajectory depicted
in Fig. 1(a). Additionally, it is observed that there is a
deterioration of the performance of all the algorithms when
there exist variations in the trajectory of the TN, especially
sharp ones. This outcome is not surprising as the abrupt change
of the direction of the TN would impair the prior knowledge
of the TN exploited by the algorithms.

Fig. 2 shows the RMSE of the algorithms as a function
of the time for the three trajectories depicted in Fig. 1. It is
clearly observed that the proposed algorithm outperforms the
other algorithms over almost the whole trajectories of the TN.
This figure also shows that all the algorithms are more stable
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Fig. 1. One trial estimated trajectories of the algorithms when the TN
follows (a) linear, (b) rectangle, and (c) circle trajectories (ground-truth).

when there is no or few changes in the direction of the TN.
The proposed algorithm is clearly the most stable one among
the algorithms when there is no changes in the direction of
the TN as in Fig. 1(a). In the meantime, the stability of the
proposed algorithm seems to be affected more than the other
algorithms by changes, especially sharp ones, in the direction
of the TN as shown in Fig. 2(b) and (c). This result implies
that the accuracy of the proposed algorithm is dependent
more on the prior knowledge of the TN than that of other
algorithms is.

The average RMSE over each of the trajectories is shown in
Table I. Based on these results, we can state that the proposed
approach improves the tracking accuracy by approximately
9%–20%, 8%–15%, and 15%–18% with respect to the other
approaches in the scenarios considered in Fig. 1(a)–(c), respec-
tively. Additionally, Table II illustrates the mean and standard
deviation of the RMSE at positions [10, 10], [20, 20], and
[30, 30]. This table shows that the proposed algorithm provides
the smallest mean and standard deviation values of the RMSE

Fig. 2. RMSE of several algorithms at each time for the trajectories
depicted in (a) Fig. 1(a), (b) Fig. 1(b), and (c) Fig. 1(c).

TABLE I
AVERAGE RMSE OF ALGORITHMS OVER THE COMPLETE

TRAJECTORIES CONSIDERED IN FIG. 1

at the three positions of the TN. These results demonstrate
that the proposed algorithm is the most accurate and stable at
the considered positions.

B. Effect of Control Parameters
In contrast to the standard DE, the proposed algorithm has

mainly two control parameters: the size L(0) of the initial
population and the maximum number G of iterations. To see
the effect of these two control parameters on the tracking
accuracy, we vary their values from 5 to 100 and calculate
the average RMSE for a complete trajectory at each of the
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TABLE II
MEAN AND STANDARD DEVIATION OF THE RMSE AT THREE

POSITIONS OF THE TN

Fig. 3. Average RMSE versus the size L(0) of initial population and
maximum number G of iteration for the linear trajectory.

TABLE III
AVERAGE RMSE OVER THE COMPLETE TRAJECTORY CONSIDERED IN

FIG. 1(a) WITH AND WITHOUT INACCURATE PRIOR KNOWLEDGE

values of L(0) and G. Under the same scenario of the tracking
problem with the same distribution of ANs and trajectory of
a TN as in Figs. 1(a) and 3 shows the average RMSE versus
L(0) and G. It is observed that the proposed algorithm provides
better tracking accuracy as L(0) and G increase until L(0)

≈

20 and G ≈ 50 approximately. It is also observed that the
proposed algorithm does not exhibit significant improvement
of the tracking accuracy for L(0) > 20 and G > 50.

C. Effect of Inaccurate Prior Knowledge
To evaluate the impact of inaccurate prior knowledge,

we introduced Gaussian noise with zero mean and a standard
deviation of 0.5 to the estimated positions of the TN for
all compared algorithms throughout the complete trajectory.
Table III shows the average RMSE for the algorithms with
and without inaccurate prior knowledge. Notably, all algo-
rithms show a decrease in tracking accuracy when inaccurate
prior knowledge is introduced. Although the proposed PF
algorithms are the most affected, the proposed algorithm still
provides the best tracking accuracy.

D. Computational Complexity
To describe the complexity of the algorithms, let us adopt

the Big-O notation. By neglecting minor terms, the complexity
of the algorithms is represented only by the dominant terms,

TABLE IV
THEORETICAL COMPUTATIONAL COMPLEXITY

TABLE V
AVERAGE RUNNING TIME (CPU: INTEL CORE2 I5-6600 3.30 GHz.

RAM: 16.0 GB)

i.e., the maximum number G of iteration, size L(g) of pop-
ulation at the gth generation, number N of ANs, number P
of particles, and dimension J of the state vector. Table IV
shows the theoretical complexity of the algorithms compared.
It is observed that the theoretical complexity of the proposed
algorithm, KF, MAP, and PF is of the order of N 3, N 3,
N 2, and N 3, respectively. Similarly, the proposed algorithm,
KF, MAP, and PF is of the order of J 3, J , J 2, and J 2,
respectively.

Assuming the same values of parameters as those shown
in Fig. 2, measurements from real computation time were
secured. The average running time in millisecond is presented
in Table V. The table reveals that the proposed algorithm
requires the longest running time, while the KF algorithm
requires the shortest running time. Despite having the highest
computational demand among the compared algorithms, the
proposed scheme is still acceptable for real-time applications.
Hence, the proposed algorithm offers a good trade-off between
accuracy and computational requirement. It is worth mention-
ing that by adjusting the maximum number G of generations
and the size L(0) of initial population [which is intrinsically
linked with the size L(g) of population at the gth generation
through (28)] the tracking accuracy and the running time of
the proposed algorithm can be controlled to a certain extent.
Increased G and L(0) implies improved tracking accuracy at
the cost of longer running time. Conversely, reducing G and/or
L(0) will result in lower tracking accuracy and reduced running
time. These observations are supported by the results presented
in Fig. 3 and Table IV.

E. Real Tracking Experiment
To verify and validate the performance of the proposed

tracking algorithm, we employ measurements obtained in [29]
for indoor scenarios under real conditions where nonline-of-
sight, multipath propagation, and severe signal attenuation
exist.

Each AN was equipped with a high-performance 2 Mb/s
Lucent-802.11 card, which was connected to a Hyperlink

1Registered trademark.
2Trademarked.
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Fig. 4. Tracking setup in real indoor environment: Seven ANs (blue
squares) and a TN moving clockwise.

Fig. 5. CDF of tracking error of several algorithms under real
measurements.

directional antenna with a gain of 14 dB. The TN is a standard
laptop equipped with an 802.11 Wi-Fi card. The antennas
of the ANs and TN were set up to provide a horizontal
radiation pattern. At each AN, measurements of RSS and AOA
from the TN were obtained. To ensure comprehensive data
representation, the RSS and AOA measurements were taken
at various times throughout the day and night, including peak
hours during busy mornings and afternoons.

Fig. 4 shows the layout of the 56 × 25 m scenario where
the RSS and AOA measurements took place. The seven blue
squares and 23 circles represent the position of the ANs and
the positions (ground-truth) where the RSS and AOA measure-
ments were obtained from the TN. The red circle represents
the initial position of the TN, which moves clockwise.

Fig. 5 shows the cumulative distribution function (cdf) of the
tracking error ∥x̂t−xt∥. It is clearly observed that the proposed
algorithm outperforms the other algorithms. Additionally, the
proposed algorithm achieves a tracking error ≤5 m in 90% of
the cases while the value for the KF, MAP, and PF is lower
than 30%, 30%, and 70%, respectively.

F. Limitations
In Sections IV-A, IV-C, and IV-E, simulations and real

experiments demonstrate that the proposed algorithm provides
higher tracking accuracy. However, we would like to acknowl-
edge that there exist certain factors that may impose limitations
on its performance. For instance, although the proposed
algorithm has fewer control parameters, i.e., only G and L(0),
than standard evolutionary algorithms, such parameters affect
not only the tracking accuracy but also the computational com-
plexity (See Table IV). Therefore, finding appropriate values
for these control parameters requires extra effort. Additionally,

we have shown in Section IV-D that the proposed algorithm
is computationally demanding. Consequently, if we increase
the simulation period, the total required time for the complete
simulation may increase accordingly. Moreover, as in the
other algorithms, an increase in the area of interest may lead
to a degradation of tracking accuracy, particularly in indoor
environments, as the RSS and AOA measurements deteriorate.

V. CONCLUSION

We have addressed the tracking problem of a TN based on
combined RSS and AOA measurements. The tracking problem
has been formulated in the framework of the MAP, in which
the prior knowledge of a moving TN is exploited. We have
proposed a tracking approach based on an evolution algorithm,
which takes advantage of the opposition-based learning and
adaptive redirection. The proposed approach takes into account
the prior knowledge of the position of a moving TN to enhance
the tracking accuracy. The proposed algorithm was compared
with the KF, MAP, and PF algorithms in three particular
trajectories: linear, rectangular, and circular. Simulation results
showed that the proposed algorithm outperformed the other
algorithms over most portion of the trajectories, reducing the
tracking error by more than 8% on average. A real indoor
tracking experiment validates additionally the effectiveness of
the proposed algorithm.
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