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Abstract — Subspace-based direction of arrival (DOA) estima-
tion algorithms, such as MUSIC and ESPRIT, are designed
for adaptive smart antenna arrays. However, these subspace
methods require a large number of signal snapshots and suffi-
cient angular separation between signals to provide an accurate
DOA estimation of RF signal sources. Moreover, their resolu-
tion degrades significantly in severe noise scenarios. This study
proposes a swarm intelligence (SI) algorithm, known as horse
herd optimization (HOA), to address these limitations. An op-
timizer is employed as a direction-finding method to estimate
the directions of arrival (DoAs) of incident signals impinging
on a linear array of half-wavelength dipole (HWD) antennas
by examining the global minimum of a non-linear cost func-
tion. This cost function is defined as the difference between the
actual and estimated angles and is used to evaluate candidate
solutions. Simulation results of the proposed algorithm have
been compared with other recognized algorithms, including ES-
PRIT, root-MUSIC, and PSO, to verify estimation accuracy,
convergence behavior, robustness against the number of ele-
ments, noise, and snapshots over Monte Carlo trials. It has been
observed that the suggested HOA achieves better performance
with a few snapshots, outperforms PSO and subspace-based
methods when it comes to estimating DOA of incoming signals,
particularly in a low signal-to-noise ratio (SNR) environment,
and even when only fewer snapshots are available.

Keywords — DOA estimation, horse herd optimization, linear dipole
arrays

1. Introduction

Over the past two decades, we have witnessed impressive
growth in wireless communication systems. In light of this
growth, advanced-generation wireless communication tech-
nologies, known as beyond 5G (B5G) or 6G networks, are
emerging as powerful solutions to enhance system capacity,
ensure reliable connectivity, and increase spectral efficien-
cy [11, [2]. In such systems, smart dipole array antennas play
a crucial role in supporting higher data rates and wider band-
widths, while enhancing system performance and capacity by
increasing the gain in the desired direction of arrival (DOA)
of the signal [3]—[5].

In general, a smart antenna system consists of an array of
antenna elements arranged following a specific geometric
pattern and equipped with a signal processor to accomplish
two essential tasks: DOA estimation of all incoming signals
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and computation of optimal weights for adaptive beamform-
ing [6], [7]. Before the beamforming process, the DOAs must
be accurately estimated from the information received by
the antenna array elements using an appropriate DOA esti-
mation algorithm. The estimated directions then enable the
beamforming technique to extract the signal of interest in
the presence of interference and noise by forming a narrow
beam toward the signal of interest (SOI) and placing nulls to-
ward interfering signals, referred to as signals not of interest
(SNOIs). Therefore, DOA estimation is a critical process in
smart antenna systems, as it provides accurate directional in-
formation about signal sources in wireless communication
networks [8], [9].

Estimation is a research domain in array signal processing,
and DOA algorithms are an important part of this field. In
general, these algorithms can be classified into two categories:
those of deterministic and stochastic variety [10]. Although
they differ in terms of accuracy, computational complexity,
and convergence speed, several deterministic DOA estimation
algorithms have been investigated in the literature for adaptive
smart antenna arrays.

These algorithms can be mainly divided into three classes:
conventional methods, subspace-based methods, and maxi-
mum likelihood techniques [11]. Owing to their simplicity
and ability to accurately and efficiently resolve incoming
signals, subspace-based DOA algorithms, such as multiple
signal classification (MUSIC) and estimation of signal pa-
rameters via rotational invariance techniques (ESPRIT), have
achieved significant success within the scientific community.
These high-resolution algorithms share similar underlying
principles [12]—[14]. They estimate the DOA by applying
eigen-decomposition to the sample covariance matrix (SCM)
of the received signals, exploiting orthogonality between the
signal and noise subspaces. However, ESPRIT relies solely
on the signal subspace.

Despite their advantages, these algorithms fail to provide
accurate estimates in challenging scenarios, such as low
signal-to-noise ratio (SNR) conditions and closely spaced
sources [9], [15]. Moreover, they require a large number of
signal snapshots to reliably estimate the SCM [9], which may
not always be available in dynamic environments. There-
fore, stochastic algorithms are employed to address these
limitations.
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Stochastic algorithms are predominantly metaheuristic meth-
ods. Techniques of this kind are generally flexible, provide
reliable solutions, are easy to implement and are adaptable
to a wide range of optimization problems [16], [17]. High-
level metaheuristic search methods explore the search space
randomly to avoid local optima and to identify the global opti-
mum solution. They are typically inspired by natural behaviors
observed in humans and animals, physical phenomena, evolu-
tionary concepts, or other optimization paradigms [18], [19].
For this reason, they are referred to as nature-inspired meta-
heuristic algorithms and are commonly classified into four
main categories according to their sources of inspiration:
evolution-based, physics-based, swarm-based, and human-
based algorithms [18], [20].

The swarm intelligence (SI) algorithms have gained signif-
icant popularity among researchers in recent years. These
algorithms mimic the collective behavior of animals by em-
ploying multiple interacting agents that cooperate to solve
optimization problems. The search process usually begins
with a population of randomly generated candidate solutions
which are subsequently refined through an iterative improve-
ment process.

In the field of array signal processing (ASP), several SI algo-
rithms have been proposed for DOA estimation, e.g. particle
swarm optimization (PSO) [21], genetic algorithms (GA)
[22], ant colony optimization (ACO) [23], bee colony opti-
mization (BCO) [24], flower pollination algorithm (FPA) [25],
squirrel search algorithm (SSA) [26], grey wolf optimization
(GWO) [27], and chicken swarm optimization (CSO) [28].
SI algorithms typically begin with a population of randomly
generated candidate solutions. Each algorithm employs a fit-
ness function to evaluate the population, update candidate
solutions, and search for the optimal solution using stochastic
mechanisms.

According to the no free lunch (NFL) theorem [29], no single
algorithm is capable of solving all optimization problems
effectively, despite the wide diversity of existing metaheuristic
approaches. Consequently, the primary challenge for these
algorithms lies in achieving an appropriate balance between
exploration and exploitation throughout the search process.
A recently proposed algorithm, known as the horse herd
optimization algorithm (HOA), is inspired by the natural be-
haviors of horses belonging to different age groups [30]-[32].
This algorithm has demonstrated excellent performance in
solving several real-world optimization problems. Owing to
its effective exploration—exploitation strategy, HOA shows
strong potential for addressing complex optimization prob-
lems across various application domains.

It is important to emphasize that the proposed approach strict-
ly follows the conventional mathematical formulation of DOA
estimation, while HOA is employed solely as a numerical
global optimization tool to solve the resulting non-linear opti-
mization problem. In this framework, each candidate solution
represents a possible set of DOA estimates, and the optimiza-
tion process aims at minimizing a signal-model-based cost
function that quantifies the mismatch between the received
signals and their reconstructed counterparts.
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The novelty of this paper lies in the use of a HOA metaheuris-
tic algorithm that is deployed as an estimator for determining
the DOAs of multiple incident signals. Performance of the
proposed algorithm is evaluated using simulation and mea-
surements, with a particular emphasis placed on estimation
accuracy, resolution capability, robustness to noise, robust-
ness with respect to the number of snapshots through Monte
Carlo simulations, and convergence speed.

Simulation results show that the proposed HOA-based esti-
mator achieves excellent DOA estimation performance under
extremely challenging conditions, including closely spaced
sources, a limited number of snapshots, and severe noise,
when applied to a linear array of HWD antennas. Moreover,
the proposed method is compared with particle swarm opti-
mization (PSO), root-MUSIC, and ESPRIT algorithms. The
results demonstrate that the HOA-based approach outper-
forms these conventional methods in estimating the DOAs of
incident signals impinging on a linear HWD antenna array.

In addition, a computational complexity analysis is provided
to clarify the practical usefulness of the proposed method.
Unlike subspace-based techniques, the proposed approach
does not require the computation of the spatial covariance
matrix nor spectral peak searching, which contributes to
areduced computational burden.

2. Problem Formulation

In a smart antenna system (SAS), DOA estimation refers
to the process of extracting the directional information of
multiple electromagnetic waves from the outputs of several
receiving antennas using array signal processing techniques.
These techniques exploit the fact that an electromagnetic wave
impinging on an antenna array reaches each array element at
different time instants.

In this work, an adaptive dipole array system is considered,
which represents a type of smart antenna equipped with
adaptive beamforming and DOA estimation capabilities, as
illustrated in Fig. 1. The system consists of an array of half-
wavelength dipole antennas, complex weighting coefficients,
a summation unit, and a signal processing module [6], [9].
The smart antenna system employs a dipole array combined
with advanced signal processing algorithms to estimate the
DOAs of the incoming signals and subsequently compute
the beamforming vectors, enabling electronic steering of the
array output.

2.1. Objective Function

We consider L uncorrelated narrowband source signals im-
pinging on an array of M antennas with different time delays.
These sources generate plane waves, denoted by s;(t), arriv-
ing from distinct directions {61, 65, ..., 01}, and they also
include additive zero-mean Gaussian noise (AWGN). For
narrowband signals, the propagation time delays across the
antenna elements can be equivalently represented as phase
shifts.
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Fig. 1. Functional block diagram of an adaptive dipole array system.

Under ideal conditions, the steering vector is assumed to be
perfectly known and depends solely on the array geometry
and the directions of arrival. Consequently, the received signal
vector of dimension M X 1 can be written as:

L
. 27wd(m—1)sin(0;)
Tn(t) =Y €T A si(t) + (D), 0
i=1

m=1,2,...,M.
We can express Eq. (1) in matrix form as follows:
x(t) = A(0)s(t) + b(t) , @

where 5() represents the original signals from the L sources
with directions of arrival (DOASs) 61,65, ...,0r, and b(t)
denotes an additive noise vector whose components have

zero-mean and variance 0'2.

The matrix A () represents the steering vectors correspond-
ing to the L sources for an array of M antennas, defined
as:

x(t) = [@1(t), w2(t), ..., 2mr(t)]", 3)
b(t) = [bi(t), ba(t), ..., bar(t)]" )
s(t) = [s1(2), s2(t), -, se(t)]" ®)
A(9) = [a(61), a(62), . .., a(eL)] . ©)

The steering vector a(6;) is given by:

27d sin(6;)
X

a(0;) =1, e’ @)

c2rd(M—1)sin(8;) ] T
y e, €7 p)

This study examines an array of M dipole elements, each half
a wavelength long, spaced equally at a distance d. When an
incoming wave carrying a baseband signal s(¢) impinges on
the antenna array at an incident angle 6;, the steering matrix
A () of the linear array corresponding to the source arriving
from direction 6; (i = 1, ..., L) is given by:

1 1
27dsin(67) 2mdsin(0r)
B 67]# . eij%
A(0) = )
2md(M—1)sin(07) . 27d(M—1)sin(0)
el A
M XL
(¢))
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where the dimension of A () is an M x L matrix, with each
column corresponding to one of the M directional antennas.

The spatial covariance matrix R, of the observed signal
vector X(t), based on IV signal samples at the array output, is
given by:

N
R.. = E xxH Z )

where (-)# denotes the Hermitian transpose operation.

By substituting Eq. (2) into Eq. (9), and assuming that 5(¢)
and b(t) are uncorrelated and statistically independent, the
covariance matrix can be written as:

Ruz = A@)Res A7 (0) + 07 1, (10)

where Iy, is the M x M identity matrix, and R, =
E[s(¢)s*(t)] is the signal covariance matrix.

To solve any problem using the HOA algorithm, a fitness
function has to be defined first, which will be used to evaluate
the quality of possible solutions. For the purpose of DOA
estimation, HOA can be employed to optimize the directions
of arrival of the incident signals impinging on the antenna
array by making the estimated angles approximately match
the actual angles.

Accordingly, the following fitness function is applied for the
evaluation, defined as:

£(8) = [|%a(t) — %c(t,0)% , (11)

where X, (t) represents the actual received signal, which is
expressed as:

%a(t) = A(84)5(t) + (1) (12)

The estimated received signal, denoted by X. (¢, 8), can be
expressed after obtaining the optimal solution as follows:

Re(t,0) = A(0)5(t) . (13)

It should be noted that the vector §(¢) is unknown but com-
mon to both the actual and the estimated received signals. Its
contribution is implicitly accounted for through the minimiza-
tion of the fitness function f(0). Accordingly, the SI-based
estimator aims to determine the optimal DOA parameter vec-
tor @ by searching for the values that minimize the objective
function.

Therefore, the DOA estimation problem formulated in Eq.
(11) can be rewritten as follows:

min f(0), (14)

oes

where S C R¥ denotes the solution space.

The performance of each candidate solution is evaluated based
on its corresponding fitness value. The initial population
is randomly generated with a predefined population size.
The HOA evaluation process is performed iteratively over
T iterations using a population of N individuals until the
stopping criterion is satisfied when the maximum number
of iterations is reached (¢ = T"). Accordingly, the population
at the ¢-th iteration can be represented as a collection of

112026

JOURNAL OF TELECOMMUNICATIONS
AND INFORMATION TECHNOLOGY



DOA Estimation of Linear Dipole Arrays Based on Horse Herd Optimization Algorithm

L-dimensional vectors, given by:
0" =6, 0.0, ....0\}. (15)

The HOA-based approach is well suited for solving multidi-
mensional optimization problems. Therefore, the position 8*
corresponding to the minimum value of the fitness function
£(8@) represents the estimated directions of arrival of the im-
pinging signals. The DOA estimate at iteration ¢ can thus be
expressed as:

0(0

bont F00). (16)

=arg min
(%)
0;”e{o(®)}

2.2. DOA Estimation with HOA

Horse herd optimization algorithm (HOA) is a modern swarm
intelligence-based metaheuristic approach proposed in [30].
This algorithm is inspired by the behavioral patterns of hors-
es in a herd, in their natural habitat, throughout their lifetime.
During different stages of their lives, horses exhibit distinct
behaviors that can be categorized into six primary groups:
grazing (G), hierarchy (H), sociability (S), imitation (I), de-
fense mechanism (D), and roaming (R). Their typical lifespan
is approximately 25 — 30 years [33]. In this context, horses
are labeled based on their age categories: d represents hors-
es between 0 and 5 years old, y represents ages from 5 to
10, 3 represents ages ranging from 10 to 15, while « denotes
horses that are over 15 years old. The emulation of the horses
movement during each iteration is described in [30].

Xslitcr,agc) _ Vstcr,agc) + )(’(nitclr—l,agc)7 age = a, ﬂ7 5, 5 ,

(17
where Xster’age) indicates the position of the n-th horse,
viterage) gonotes the velocity vector of the considered horse
during movement, while iter, age represent the current itera-

tion and the age category of each horse, respectively.

In each iteration, horses within the herd are organized, in the
response matrix, from best to worst based on their fitness
values. The selection process of horse ages in each iteration
is guided by the rules of the HOA algorithm according to the

following criteria [30]:

e « group horses are the most experienced and achieve the
best response — they comprise the top 10% of the sorted
population,

e (3 group horses follow, representing 20% of the total horse
population,

e ~ and § group horses account for 30% and 40% of the
remaining population, respectively.

Six distinct horse behaviors are specifically used to identify

the velocity vector. Accordingly, the velocity vector of horses

at different ages during every iteration of the algorithm is

formulated as [30]:

Vgliter,a) _ Gsliter,a) + Dgliter,oz)7 (18)

Vstcr,ﬁ) _ Gstcr,ﬁ) + Hstcr,ﬁ) + Sgtcr,ﬁ) + Dslitcr,ﬁ)’ (19)
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yitery) _ glterm) | pplterm) | gitery)

+I$Liter,w) + D’(niter,'\/) + ]R"(niter,'y)7 (20)

Vgter,é) _ GSter,é) + I’(niter,é) + Rgliter,6) ) (21)

In the following, we describe the primary steps related to
individual and social intelligence of horses, including the
mathematical model for each behavior pattern.

2.3. Grazing

As herbivorous animals, horses primarily obtain their food
from plants, grasses, and forages. The grazing behavior is
exhibited by horses throughout their entire lives, at all age
stages. As part of their daily routine, they spend most of
their time grazing on pastures, devoting up to 16 — 20 h
per day to this activity [33], and rest for only a very short
period. The HOA optimizer emulates the grazing region
around every horse by using a coefficient denoted as g, such
that every horse grazes at specific locations. Equations (19)
and (20) are employed to describe the grazing behavior of
horses mathematically [30].
(iter,age) _ (iter,age) /1~ | T3 iter—1,age
G, =9n (a+P;) x X ) 22)
age =a, 3,7,0,

ggriter,age) _ gﬁliterfl,age) X Wy . (23)

Here G(*"**8%) refers to the parameter of describing grazing
movement of the horse, which reflects the horse’s proclivity
to graze. This parameter decreases linearly with a reduction
coeflicient w, per iteration.

P is arandomly generated number between [0, 1], while land
1 denote the lower and upper boundaries of the grazing area,
respectively, as recommended in [30], and are set to 0.95 and
1.05. Also, the coefficient g is set to 1.5 at the start of the
search process for all age ranges.

2.4. Hierarchy

The second behavior of horses considered by the HOA algo-
rithm is hierarchy. Horses are social animals and typically
live under the guidance of a leader, similar to certain human
social structures. In the wild, the herd is led by the domi-
nant leader, who is the most experienced and strongest horse,
often a mature stallion or mare, responsible for supervising
and guiding the herd. In the HOA algorithm, the parameter h
illustrates the proclivity of horses to pursue the most experi-
enced and strongest horse. Studies have shown that horses in
the middle age groups, (3 and -, adhere to the hierarchy rule.
The mathematical expressions describing this behavior are as
follows [30]:

Hgter,age) — hgliter,age) % (Xiiterfl) _ ngter71>)
(24)

a’ge:a75777

hslitcr,agc) _ hstcrfl,agc) X Wh . (25)
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Here, H{""* signifies the level of the horse’s hierarchy,
indicating how the best horse’s location impacts the velocity
parameter. X =1 denotes the position of the best horse
in the previous iteration. At the start of the search process,
the parameter h is initialized to 1.5, 0.9, and 0.5 for horses
of ages «, (3, and =, respectively, while wj, represents the
hierarchy reduction coefficient [30].

2.5. Sociability

Horses typically exhibit social behavior, allowing them to
coexist with other livestock, including cattle and sheep, and
they often enjoy their company rather than being solitary in
their natural environment. Since the hunting habits of preda-
tors threaten the safety of wild horses, herd life significantly
enhances their security, reduces their likelihood of predation,
and facilitates escape from predators.

Horses may occasionally engage in disputes and can display
irritability due to their individuality. Notably, the sociability
behavior is most commonly observed in horses aged between 5
and 15 years. In the HOA algorithm, this behavior is modeled
as the tendency of a horse to move toward the average position
of other horses, as expressed in the following mathematical
formulas [30]:

N
(iter,age) __ _(iter,age) i (iter—1) _ ~r(iter—1)
S = s, N E X; X,

2 (26)
age € {ﬁ?fy} ’
S’(niter,age) _ S’(niter—lyage) Ws - (27)

In Eqs. (26) and (27), giter,age) represents the social move-
ment vector of the n-th horse, while sS}t‘*f’age) denotes the
horse’s tendency to move toward the herd during the ¢-th iter-
ation. The parameter s'"*"*¢%) s reduced in each iteration
by a sociability reduction coefficient, ws. Here, IV represents

the total number of horses.

2.6. Imitation

The social nature of horses within a herd allows them to share
and learn both positive and negative behaviors by imitating
one another [34], such as identifying suitable grazing loca-
tions. Juvenile horses have the propensity to mimic the more
senior ones, and such an instinct pattern lasts until they reach
adulthood. This behavior is commonly observed in horses
up to 10 years old (i.e., v horses). In the HOA algorithm, the
parameter ¢ represents the imitation behavior of horses, as
described below [30]:

pN
i . 1 e )
Ig;ter,age) _ if’;ter,age) L X(.lter 1) XSter—l) 7
pN ; ! (28)
age =17,
ister,age) _ igliter—l,age) X Wi . (29)

iter, .
where T8 28¢) denotes the imitation movement vector of

the n-th horse toward the average position of the best horses
with estimated locations X, and w; represents the imitation
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reduction coefficient. Moreover, p/N denotes the number of
horses with the best positions, where p is typically set to 10%
of the herd size. It is also suggested that w; be set to 0.3 for
age 7y [30].

2.7. Defense Mechanism

Another behavioral aspect of horses considered in the HOA
algorithm is defense. Horses’ defensive reactions reflect their
natural status as prey animals. Instinctively, horses compete
for water and nourishment to eliminate rivals and avoid dan-
gerous areas and predators. When confronted with a threat-
ening situation, horses exhibit a fight-or-flight response to
protect themselves, with fleeing being their primary reaction.
They may also buck violently and neigh loudly when caught
in a trap.

In the HOA optimizer, the horses’ defense mechanism is
modeled such that a horse moves away from other horses
with inferior positions that are far from the optimal solution.
This defensive behavior is maintained throughout the entire
lifespan of both young and adult horses. Equations (30)
and (31) describe the defense mechanism of horses using
a negative parameter d, which forces the current horse to stay
away from unsuitable locations [30].

qN
A (iter,age) __ (iter,age) 1 o (iter—1) (iter—1)
D = —d{ <qNZXj - X > ,

j=1
age € {ay ﬂv ’Y}y

(30)

dster,age) _ dgterfl,age) wd (31)

where D™ #8%) represents the escape vector of the n-th
horse from those with the worst locations, which are indicated
by the vector X. The term ¢/N denotes the number of horses
occupying the worst positions in the current population,
with a recommended value of 0.2V according to [30]. The
parameter w, represents the defense reduction coefficient at
each iteration. It is also suggested that the initial value of
the parameter d for «, 3, and y be set to 0.5, 0.2, and 0.1,
respectively, at the beginning of the search process [30].

2.8. Roam

The final behavioral pattern incorporated in the HOA algo-
rithm is roaming. Horses naturally graze and move from one
pasture to another in search of nourishment. Although the
majority of horses are retained in stables, they preserve an in-
nate tendency to roam. A horse may unexpectedly change its
grazing location. Their curious nature drives them to explore
new grasslands and learn their positions. To accommodate
this curiosity, the side walls of stables are designed to al-
low horses to see one another [30]. A stochastic movement is
more pronounced in young horses and gradually decreases as
they reach full maturity. The HOA algorithm models this be-
havior as a random movement characterized by a parameter r.
This process is expressed as follows [30]:

r(iter,age) _  (iter,age) (iter—1,age)
R, =Tn PX; )

age=-,0 (32)
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iter,age) __ iter—1,age
7 ) =yl )y (33)

In the above equations, Rliter.age) represents the random

velocity vector of the n-th horse used for local search and

to escape from local minima. The parameter w, denotes the

.. . . . iter,age . .
imitation reduction coefficient for rfl 2ge) at each iteration.

For ages 7 and 4, it is recommended to set the initial values
of r to 0.05 and 0.1, respectively [30]. By substituting Egs.
(23) — (33) into Egs. (19) — (22), the velocity vector for each
age group can be obtained.

Velocity of § horses at the age of 0 — 5 years:
‘_/‘éliter,ﬁ) _ I:grsyilter—l,é) wg (fl + ]-Sl) Xgrilter—l):l

pN

+ I:iT(:Lterfl,5) w; (I% Zx§icer—1) . X7(1i1ter71)):|

j=1

+ I:Tgrilterfl,é) wr PXS’Lterfl)} )
(34

Velocity of v horses at the age of 5 — 10 years:

vyster,w) _ [gslterfl,w) Wy (fl + ]:f)l) XgifePU]
+ l:hgliterfl,’y) wn (X’(‘iterfl) _ Xg]iterfl))]

N
+ [Sgliterfl,-y) We (% Z X;iterfl) _ Xgliterfl))]

Jj=1

pN
4 [Z-’(niterfl,"/) w; (L X(_iter—l) . Xsteril))]
pN ; J

gN
_ [dglitcr—l,’y) W (QLN in.iterfl) . Xg:tcr—l))]
j=1

+ [rstcrfl,'y) w, PXglitcrfl)] )
(35)

Velocity of 5 horses at the age of 10 — 15 years:

‘_/’éiter,ﬁ) _ I:g;iter—l,ﬁ) wg (ﬁ + 151) X’(ﬂiter—l)]
+ [hster—l,ﬁ) wh (ngiter—l) _ Xgliter—l))]

+ I:Sgliter—l,ﬁ) Ws (% ixgiter—l) _ Xster—l))}

j=1
1 &
(iter—1,3) o (iter—1) (iter—1)
j=1
(36)
Velocity of « horses older than 15 years:
‘_/’éiter,a) _ g;iter—l,a) W (ﬁ + Pl) XSter-—l)
1 &
(iter—1,c) o (iter—1) (iter—1)
—d} wd(q—Nij - X )
j=1
€]

The pseudo-code and the flowchart of the HOA algorithm are
illustrated as Algorithm 1 and in Fig. 2.
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Fig. 2. Flowchart of the HOA algorithm.

3. Numerical Results and Discussions

A comprehensive comparative analysis is performed against
root-MUSIC, ESPRIT, and PSO algorithms to validate the ef-
fectiveness of the proposed optimizer. This study includes four
major evaluation criteria: estimation accuracy, convergence
behavior, robustness against the number of elements, noise,
and snapshots, and RMSE performance based on Monte Carlo
simulations.

To perform these simulations, a uniform linear array (ULA) of
isotropic point sources consisting of M = 8 half-wavelength
dipoles is considered, with an inter-element spacing of half
a wavelength. This spacing is selected to mitigate mutual
coupling effects between adjacent dipoles. In all scenarios,
the narrowband sources impinging on the ULA from different
directions are assumed to be uncorrelated, and the added
noise is Gaussian white noise. The simulations are carried out
using 20 snapshots and 2400 Monte Carlo trials. For DOA
estimation using the HOA algorithm, the fitness values are
evaluated by searching for the global minimum of a non-linear
cost function corresponding to the adopted ULA array, as
defined in Eq. (11).

The HOA and PSO algorithms are implemented in Matlab
with a maximum of 100 iterations. The search space for the
uniform linear array is defined over the angular range of 0
to 180°. For the HOA algorithm, the number of horses is set
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to N = 50, and the control parameters h°, h7, s°, 57, 77,
d®, dP, d7, r®, and r7 are assigned values of 0.9, 0.5, 0.2,
0.1,0.3,0.5,0.2,0.1, 0.1, and 0.05, respectively. For the PSO
algorithm, the swarm size is set to 200 particles, the cognitive
and social acceleration coefficients are fixed at C; = Cy = 2,
and the inertia weight is linearly varied between W; = 0.9
and Wy = 0.4.

In the first simulation, histograms of the DOA estimates ob-
tained using the HOA optimizer are presented for L = 3
sources with DOAs at [30°, 60°, 120°], and for L = 4 sources
with DOAs at [30°, 50°, 70°, 90°], as illustrated in illustrated
in Fig. 3. These histograms represent the probability of a sig-
nal arriving from a given direction. Averaging the histograms
over consecutive data blocks improves both the accuracy and
reliability of the analysis. The peaks of the resulting angular
probability distributions provide estimates of the DOAs.

Algorithm 1 Pseudo code of the horse herd optimization
algorithm

Start

1: Define input parameters specific to the problem, including their
corresponding constraints and algorithm parameters

2: Set [tr =1

3: Initialization: Generate initial horse positions randomly and
uniformly distributed throughout the search space between 6,
and O paa

4: Fitness evaluation: Evaluate the fitness of each horse’s position
according to the objective function described in Eq. (11)

5: while I'tr < Itr,q. do

6: for ¢ = 1 to total number of horses do

7: Sort the locations of horses in ascending order based on
their fitness values

8: Organize the horses into «, 3, 7, and § classes according
to their age ranges

9: Compute the velocity vectors for horses in each class
using Eqgs. (22) to (25)

10: Update the positions of all horses by applying the corre-

sponding movement vectors according to Eq. (21).
11: end for
12: Fitness evaluation: Evaluate the fitness of each horse’s
updated position using the objective function in Eq. (11).
13: Update best solution:

14: if new fitness value < the previous best fitness value then
15: o Set the new position as the best position

16: o Set the new fitness value as the best fitness value
17: end if

18: Itr =1Itr +1
19: end while
20: Return the best solution

End

The results indicate that the proposed algorithm yields highly
accurate joint DOA estimates, with distinct peaks occurring
precisely at the true angles. Moreover, estimation accuracy
of the HOA algorithm is comparable to that reported in
[12]. However, unlike subspace-based methods which require
a large number of snapshots to construct the covariance
matrix (CM), the proposed approach achieves accurate DOA
estimation with a significantly smaller number of snapshots.
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Fig. 3. Histogram of DOA estimations for HOA algorithm: a) L = 3
sources located at [30°, 60°, 120°] with SNR = [5, 5, 5] dB, inter-
element spacing d = \/2, and an array of M = 8 elements, and
b) L = 4 sources located at [30°, 50°, 70°, 90°] with SNR =
[5,5,5,5] dB.

In the second simulation experiment, a statistical analysis
is performed for the HOA, PSO, root-MUSIC, and ESPRIT
algorithms to evaluate their ability to precisely and efficiently
resolve incoming signals. The performance assessment is
based on several statistical metrics, including the best, worst,
mean, standard deviation (STD), and variance, which enhance
the reliability of the experimental results.

This analysis examines the DOA estimation accuracy of
the considered algorithms under three different scenarios:
two sources with directions L = [60°,65°], three sources
with directions L = [60°,70°, 80°], and four sources with
directions L = [60°, 70°,80°,90°], all at an SNR of —5 dB.
The corresponding histograms are illustrated in Figs. 4, 5,
while the statistical results obtained from 2400 Monte Carlo
trials are summarized in Tabs. 1 — 3.

From Fig. 4a, it is evident that distinct peaks appear around
60°and 65°without any estimation failure when using the
HOA algorithm. In contrast, the PSO algorithm successfully
estimates the two DOAs, as indicated by the presence of
two clear peaks around 60° and 65° in Fig. 4b. However, an
undesired spurious peak appears at 115°, suggesting that PSO
converges to a suboptimal solution during the DOA estimation
process.

Furthermore, no dominant peaks corresponding to the true
directions of arrival are observed in Figs. 4c-d. Instead, the
estimated angles are widely dispersed over the range of 0 to
180°, indicating that the ESPRIT and root-MUSIC algorithms
fail to provide reliable DOA estimates under this scenario.
The statistical results reported in Tab. 1 further confirm the
superiority of the proposed approach. The HOA algorithm
consistently yields more accurate DOA estimates across mul-
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Tab. 1. Statistical results obtained from the comparative algorithms with two signal sources.

’ Angle ‘ Algorithm Best [°] Average [°] Worst [°] STD [°] Variance
HOA 60.0003218 60.0084690 62.0928421 0.50195 0.251962
60° PSO 60.0002743 59.9963548 63.5189249 0.87261 0.761442
ESPRIT 60.0030129 55.1508742 1.1694029 11.8465 140.3399
root-MUSIC 60.0228375 55.1782856 1.2533743 14.0110 196.3082
HOA 64.9993400 64.9979923 63.4006353 0.46555 0.216737
65° PSO 65.0006115 85.7792229 118.1794532 24.6773 608.9697
ESPRIT 64.9922174 82.5666223 179.1887797 26.8622 721.5804
root-MUSIC 65.0031988 100.3000588 179.5411878 31.1882 972.7084

Tab. 2. Statistical results obtained from the comparative algorithms with three signal sources.
’ Angle ‘ Algorithm Best [°] Average [°] Worst [°] STD [°] Variance
HOA 70.0003199 70.0027179 71.9030490 0.483988 0.234245
700 PSO 69.9997522 70.0841697 74.8310570 1.330736 1.770858
ESPRIT 69.9993590 66.9298423 139.974860 11.81534 139.60224
root-MUSIC 69.9980060 60.7203797 1.2675782 17.10490 292.57776
HOA 80.0004090 79.9888340 81.8906260 0.472660 0.223407
20° PSO 79.9985383 80.9648580 102.110770 4.156118 17.27331
ESPRIT 80.0003768 80.7862460 157.564900 8.075658 65.21624
root-MUSIC 80.0205634 82.0559765 131.482520 7.951755 63.23040
HOA 90.0002380 90.0080280 92.1217950 0.439226 0.192919
90° PSO 89.9999996 90.3872096 103.745127 4.528096 20.50365
ESPRIT 90.0013500 95.1284890 176.143860 14.40636 207.54317
root-MUSIC 89.9975326 110.933836 179.261060 24.60050 605.18449

Tab. 3. Statistical results obtained from the comparative algorithms with four signal sources.
| Angle |  Algorithm Best [°] Average [°] Worst [°] STD [°] Variance
HOA 59.999858 60.015577 58.064286 0.521405 0.271863
60° PSO 60.000583 60.001719 57.074942 0.855451 0.731797
ESPRIT 60.017033 55.614013 0.346814 11.88656 141.2903
root MUSIC 60.000541 50.870238 0.665556 16.57344 274.6788
HOA 69.999971 69.999257 68.186362 0.484881 0.235110
700 PSO 69.999927 70.054767 75.944602 1.299854 1.689620
ESPRIT 69.998388 70.449175 45.331282 6.557652 43.00281
root MUSIC 70.011308 71.892475 95.026589 8.179528 66.90468
HOA 79.999460 80.003784 81.610049 0.454403 0.206482
20° PSO 79.999663 80.793881 101.15362 4.088790 16.71820
ESPRIT 80.004837 82.124547 105.91682 6.549457 42.89539
root MUSIC 79.987492 87.897832 132.00127 10.37003 107.5375
HOA 90.000030 90.106479 154.89177 2.632250 6.928739
90° PSO 90.000004 90.550814 103.67308 4.535886 20.57426
ESPRIT 89.996200 101.91026 179.00447 20.29290 411.8016
root MUSIC 90.000406 121.50774 178.77402 23.78936 565.9337
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Fig. 4. Histogram of DOA estimations for L = 2 sources located at
[60°, 65°], with SNR = [-5, —5] dB, inter-element spacing d = A/2,
and an array of M = 8 elements, using: a) HOA, b) PSO, c) root-
MUSIC, and d) ESPRIT.

tiple independent Monte Carlo simulations, achieving the
best performance in terms of best, average, and worst esti-
mated angles, while also exhibiting the smallest variance and
standard deviation relative to PSO, ESPRIT and root-MUSIC.

Figure 5a illustrates that the proposed SI-based algorithm
provides the most accurate DOA estimations with high reso-
lution, where three distinct and well-defined peaks are clearly
observed around 70°, 80°, and 90°. In comparison, the PSO
algorithm is able to estimate the three DOAs, as shown in
Fig. 5b. However, an undesired spurious peak appears at an
unintended angle, indicating suboptimal convergence.

On the other hand, the root-MUSIC algorithm does not con-
sistently yield accurate DOA estimates, for scattered estimates
are observed around the true DOA peaks, as illustrated in
Fig. 5c. Moreover, the ESPRIT algorithm completely fails to
provide reliable DOA estimations in this scenario, since no
dominant peaks are observed near the actual angles and the
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Fig. 5. Histogram of DOA estimations for L = 3 sources located at
[70°, 80°, 90°], with SNR = [-5, -5, —5] dB, inter-element spacing
d = )\/2, and an array of M = 8 elements, using: a) HOA, b) PSO,
¢) root-MUSIC, and d) ESPRIT algorithms.

estimated directions are widely dispersed, as shown in Fig.
5d.

Table 3 summarizes the performance comparison among PSO,
root-MUSIC, and ESPRIT for this scenario. Once again, the
HOA algorithm demonstrates significantly better performance
by achieving the most accurate DOA estimates, with best,
average, and worst estimated angles closely matching the true
directions. Furthermore, it exhibits the lowest variance and
standard deviation.

Figure 6a shows that the proposed algorithm achieves highly
accurate joint DOA estimation by producing sharp histograms
for the corresponding DOA estimates. As can be clearly
observed, the exact peaks occur at [60°, 70°, 80°, 90°] without
any estimation failure. In contrast, the results obtained using
the PSO algorithm, shown in Fig. 6b, are inferior to those of
the HOA algorithm, as an additional spurious peak appears
around 97°, indicating suboptimal estimation performance.
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Fig. 6. Histogram of DOA estimates for L = 4 sources located at
[60°, 70°, 80°, 90°], with SNRs of [-5,-5,-5, —=5] dB, inter-element
spacing d = A/2, and M = 8 antenna elements, using: a) HOA, b)
PSO, c) root-MUSIC, and d) ESPRIT algorithms.

Furthermore, as shown in Figs. 6¢-d, no clear peaks are
observed around the true angles of arrival, revealing that the
DOA estimation performance of the ESPRIT and root-MUSIC
algorithms is very poor and suffers from large estimation
errors.

The statistical results presented in Tab. 4 further confirm the
superiority of the HOA algorithm.

Tab. 4. Computational complexity analysis.

Algorithm ‘ Computational complexity ‘
HOA / PSO O(M - K - L-Tter- N)
ESPRIT O(M? + M?*K)
MUSIC O(M3 + M?K + M?Q)
root-MUSIC O(M? + M?K)
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In the third simulation, we evaluate the performance of the
proposed algorithm using the root mean square error (RMSE)
as the performance metric, which quantifies how close the
estimated angles are to the true angles of the signal sources.
The RMSE is calculated using the following equation:

\% L
1 N
RMSE = VI § E (01,0 — 01)?, (38)

v=1 I=1

where 0, ,, denotes the estimated DOA of the {-th source, and
V represents the number of Monte Carlo trials, set to 200,
used to average the performance.

The evaluation is conducted by varying the signal-to-noise
ratio (SNR), the number of snapshots, and the number of
array elements.

In the first case, the effect of SNR on the performance of
the algorithms is evaluated. Figure 7 illustrates the RMSE
curves of the algorithms under different SNR conditions. We
consider a scenario where the SNR varies in the range of [-30,
30] dB, with 20 snapshots and /M = 8 antenna elements.
According to the RMSE values, the error rates of the different
algorithms are very high when SNR is —30 dB. As the SNR
increases, the RMSE of all algorithms gradually decreases,
leading to more accurate DOA estimates. Moreover, the
proposed algorithm consistently exhibits lower RMSE than
the PSO, root-MUSIC, and ESPRIT algorithms under the
same noise conditions. Specifically, under low SNR conditions
(SNR < 0 dB), the proposed algorithm outperforms all other
algorithms, demonstrating excellent robustness against noise.
In the second case, the impact of the number of snapshots
on the performance of each algorithm is examined. Plots
of the RMSE as a function of the number of snapshots for
all algorithms are illustrated in Fig. 8, where the number of
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Fig. 9. Root mean square error versus number of antenna elements
for DOA.

snapshots varies in the range of [20, 1000], with M = 8 and
SNR = -5 dB.

The results indicate that the accuracy of DOA estimation
using the HOA, PSO, root-MUSIC, MUSIC, and ESPRIT al-
gorithms is heavily influenced by the number of snapshots.
Under conditions with few snapshots, the error rate of the
subspace algorithms is very high, demonstrating a signifi-
cant deterioration in estimation resolution. In contrast, the
proposed HOA algorithm consistently demonstrates greater
robustness when fewer snapshots are available for DOA esti-
mation, with its error reduced to zero above just 20 snapshots.
This makes the method particularly well-suited for situations
with limited data. As the number of snapshots increases (be-
yond 10 snapshots), RMSE gradually decreases, indicating
improved estimation accuracy. This improvement is expected
because subspace methods require a large number of station-
ary time samples to capture the statistical properties necessary
for accurately estimating the covariance matrix.

In this third scenario, we evaluate and compare the estimation
accuracy of all previously mentioned methods by monitoring
RMSE against the number of antenna elements. This scenario
considers seven different values for antenna elements (M =
6,7,8,9,10,11,12) at SNR of 25 dB, using 20 snapshots.
The relationship between RMSE and the number of antenna
elements M is depicted in Fig. 9. It is evident that as the
number of antenna elements M incresase, the error decreases,
exhibiting substantial improvement in estimation accuracy for
all techniques. Furthermore, the HOA and CSA algorithms
provide better estimation resolution, outperforming the PSO,
ESPRIT, and root-MUSIC methods across the simulated range
of antenna elements.

Finally, the process of finding the optimal solution using
the proposed algorithm is illustrated through convergence
graphs which track the progression of the best solution at each
iteration. Figure 10 presents the normalized average fitness
values against the number of generations for the HOA and
PSO algorithms. The figure shows that the proposed HOA
algorithm converges faster than the PSO algorithm and can
typically obtain near-optimal solutions more quickly when
estimating the angles of incoming signals.

Table 4 provides a comparative summary of computational
complexity, including subspace-based algorithms (ESPRIT,
MUSIC, and root-MUSIC), PSO, and the proposed HOA ap-
proach. The main contributors to the computational complex-
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ity of the subspace-based algorithms are covariance matrix
estimation, eigenvalue decomposition, and angular spectrum
scanning.

However, ESPRIT and root-MUSIC avoid the spectral peak
searching required by MUSIC. Therefore, the parameters
associated with these algorithms are the number of array
elements M, the number of signal snapshots K, the num-
ber of sources L, and the number of scanning angles (). The
complexity of ESPRIT primarily comes from the covari-
ance estimation O(M? K) and the eigen-decomposition pro-
cess O(M?3), resulting in an overall complexity of O(M?3 +
M?K). On the other hand, the computational complexity of
the MUSIC algorithm mainly stems from covariance matrix
estimation O(M?K ), eigenvalue decomposition O(M?3), and
angular spectrum scanning O(M?2(Q), giving a total complex-
ity of O(M?3 + M? K + M?Q). Root-MUSIC avoids spectral
peak searching by converting the MUSIC spectrum into a
polynomial rooting problem. Its computational complexity
is dominated by covariance estimation and polynomial root-
ing, resulting in O(M?3 + M? K). Consequently, MUSIC has
higher computational complexity due to its peak-searching
approach in the spatial pseudo-spectrum.

In contrast, swarm intelligence (SI) algorithms such as PSO
and HOA avoid matrix eigen-decomposition and spectral
peak searching. These approaches are primarily governed by
the number of times the cost function is evaluated and the
size of the operations in each evaluation.

In each iteration of the SI-based algorithm, a set of candidate
solutions is generated. Evaluating each candidate requires
constructing a steering matrix based on the estimated angles,
estimating the source signals, and calculating the received
signal reconstruction error. These operations involve ma-
trix operations whose complexity is proportional to M and
K. Consequently, the overall complexity increases linearly
with the number of antenna elements M, snapshots K, and
sources L, and also depends on the number of iterations and
population size, resulting in O(M - K - L - Tter - N)

Although the HOA-based approach incurs higher complexity
than the subspace algorithms, the overall complexity remains
polynomial and can be adjusted by selecting the population
size and the number of iterations. This offers a favorable
trade-off between estimation accuracy and computational
cost, particularly in multi-source and low-SNR scenarios.
According to the literature, a qualitative comparison among
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the maximum likelihood (ML) algorithm [35], subspace-
based methods, swarm-intelligence-based approaches, and
the proposed HOA algorithm can be summarized as follows.

The ML algorithm achieves very high accuracy under ideal
conditions but suffers from low robustness in noisy environ-
ments and has very high computational complexity. Subspace-
based methods, such as MUSIC, root-MUSIC, and ESPRIT,
provide high accuracy under favorable conditions. However,
their performance degrades at low SNR and with a limit-
ed number of snapshots due to their reliance on covariance
matrix estimation.

Swarm-intelligence-based approaches, such as PSO, offer
moderate accuracy and robustness but remain computational-
ly demanding because of their iterative optimization process.
In contrast, the proposed HOA algorithm demonstrates high
accuracy with strong robustness in low-SNR and limited-
snapshot scenarios while maintaining moderate computation-
al complexity, thus providing a favorable trade-off between
performance and computational cost.

4. Conclusions

The performance of most DOA estimation algorithms, such as
MUSIC and ESPRIT, deteriorates significantly in challenging
scenarios, such as high noise levels or when sources are
closely spaced. Moreover, these algorithms require a large
number of snapshots to maintain the accuracy of the estimated
DOAss of incident signals.

In this paper, we propose a DOA estimation method to address
these challenges. Through extensive simulations, the proposed
method is compared with several well-known algorithms,
including ESPRIT, root-MUSIC, and PSO. Simulation results
show that HOA achieves the highest resolution, particularly at
low SNRs and for small angular separations between sources.
Additionally, experimental results confirm the robustness
and effectiveness of the HOA algorithm. They also prove
that is consistently outperforms these methods in terms of
RMSE across various scenarios, including different SNR
levels, numbers of snapshots, and numbers of array elements.

Opverall, the main advantage of the proposed HOA-based DOA
estimation lies in its ability to accurately detect signal angles
with a limited number of snapshots, making it particularly
suitable for real-time implementation when data collection is
constrained.
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