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Abstract— The present article proposes a new human leg local-
ization (HLL) algorithm using ultrasonic sensors in human-robot
coexisting environments. The algorithm estimates the motion
of a human leg pair between two successive sonar scans by
using a new static cluster elimination (SCE) method, an edge
feature-based leg recognition algorithm, and an advanced scan
matching technique. We also propose a novel, robust approach
to overcome bad initialization problem in sonar scan matching,
by introducing a metaheuristic search (MHS)-based optimization
algorithm for the sonar normal distributions transform (sNDT)
method. The recently proposed dynamic neighborhood learning-
based GSA (DNLGSA) has been successfully utilized in real-life
scenario to solve this problem. The work also proposes a new
chaos enhanced DNLGSA (CEDNLGSA) to further improve real-
life performance and the proposed novel variant of the sNDT
method based on CEDNLGSA, called chaotic MHS-based sNDT
(CMHS-sNDT), has been demonstrated to achieve superior leg
detection performance in various real-life case studies, compared
to different contemporary state-of-the-art methods.

Index Terms— Chaos enhanced DNLGSA (CEDNLGSA),
dynamic neighborhood learning-based GSA (DNLGSA), leg
detection, likelihood field (LF), scan matching, sonar sensing.

NOMENCLATURE

ABC Artificial bee colony.

ARM Advanced reduced instruction set computer
(RISC) machine.

BFO Bacterial foraging optimization.

CEDNLGSA  Chaos enhanced dynamic neighborhood
learning-based gravitational search
algorithm.

CMHS Chaotic metaheuristic search.

CMHS-sNDT CMHS-based sonar normal distributions

transform.
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PRNG PRN generator.

PSO Particle swarm optimization.

RANSAC/GD Random  sample  consensus/Gaussian
determination.

RANSAC/GF Random sample consensus/Gaussian
filtering.

RCF Reading coordinate frame.

RDPSO Random drift PSO.

RPF Robot pose frame.

SCE Static cluster elimination.

SDRAM Synchronous  dynamic  random-access
memory.

SIM Short jump.

sNDT Sonar NDT.

SRCC Spearman’s rank correlation coefficient.

TLA Two legs apart.

TLT Two legs together or single leg.

WOA Whale optimization algorithm.

I. INTRODUCTION

VER the past two decades, HRI has become a rapidly

emerging research subject [1], accomplishing objectives
like detecting and tracking human supervisors [2], [3], [4],
[51, [6], [7], especially using range sensing [5], [6], [7]. The
present work proposes a new range sensing-based approach
which estimates the motion of the legs of a walking person
between two successive time instances, using scan match-
ing [8]. Although laser range sensors are known to provide
more precise solutions, sonar sensors still continue to offer
acceptable alternatives, especially from size, cost and power
consumption perspectives, which can be very useful in devel-
oping countries.

Among the scan matching algorithms, NDT [9], probabilis-
tic laser scan registration [10] approach, and sNDT, a sonar-
based variant of NDT [8], are quite popular. In SNDT, NWM
is utilized to minimize a score function [8]. In NWM, the
score function should belong to class C' (i.e., continuously
differentiable) and computation of first- and second-order
derivatives in each iteration involve high computational costs.
More importantly, NWM’s performance degrades if the initial
solution is far from the true minimum point. In this work,
we propose to overcome this bad initialization problem by
using metaheuristic-based non-gradient type, global optimiza-
tion algorithms [11], suited for complex optimization prob-
lems. However, determining the global optimum remains a
challenging job for MHS-based algorithms [11] too, which
requires a judicious balance of exploration and exploitation.

Some of the popular MHS algorithms include GA, PSO,
DE, ABC, BFO, and so on [11]. However, till date, the search
for new, improved MHS algorithms remains a hot research
topic. For example, Wang et al. [12] proposed CoBiDE,
a novel variant of DE based on covariance matrix learning
and bimodal distribution parameter setting, which improved
the balance between local exploitation and global exploration
abilities of DE. Cui et al. [13] introduced a novel ABC variant
with depth-first search framework and elife-guided search
equations, called DFSABC_elite, to achieve a better tradeoff
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between exploration and exploitation. RDPSO [14], a novel
efficient PSO variant, was proposed based on the free electron
model in metal conductors exposed to an external electric field.
Later, an IRDPSO [14] was presented to further improve the
performance of RDPSO. EPSO [15] introduced an ensemble
of PSOs with self-adaptive mechanism. New algorithms like
GWO [16] and WOA [17] are attracting significant attention
too.

The GSA [18], inspired by the law of gravity and mass
interactions, became very popular in a very short time, show-
ing superior performance in solving various real-life complex
optimization problems, such as [19], and is often adopted due
to its several significant features [18].

1) A particle in GSA is guided by the sum of gravitational
forces acting on it from all its neighbors stored in an
elite archive Ky, rather than only one fittest particle in
algorithms like canonical PSO model. This endows GSA
with a unique attribute, i.e., diverse search directions.

2) The gravitational constant is reduced exponentially with
time to judiciously balance the exploration and exploita-
tion and speed up the convergence process. Also, the
size of Kpes, With the initial value Ky = P (P is the
number of particles), decreases linearly over time and
thus, exploration gradually disappears and exploitation
begins to appear. By adjusting the size of Ky, the trade-
off between both phases can be approved for GSA.

3) Better particles have larger gravitational masses which
cause higher intensities of attraction and, as a conse-
quence, the particles tend to move toward the fittest
particle. This permits a faster convergence. Conversely,
particles with heavy inertial mass move at a slower pace
and therefore search the problem space more locally and
precisely, giving the flavor of an adaptive learning rate.

4) GSA is memory-less. However, it functions efficiently
like the methods with memory. The seminal paper [18]
demonstrates superior convergence rate of GSA over
PSO and Real GA, two of the most popular MHS
algorithms.

Various GSA variants, such as an improved GSA proposed
in [20], adaptive gbest-guided GSA [21], etc., have shown
improved performance vis-a-vis basic GSA. However, very
few studies have addressed the problems caused by the Kpes
model [22]. Recently, proposed DNLGSA [22] incorporated
the local and global neighborhood topologies to effectively
balance the exploration and exploitation and enhance the per-
formance of GSA. The K.y model is replaced in DNLGSA.
Moreover, our experimental studies reveal that DNLGSA is
significantly faster and more accurate than the GSA, when
implemented for our real-life problem.

However, in the practical engineering applications of meta-
heuristics, obtaining acceptable solutions in a very short time
always remains a point of focus. To find an acceptable or
near-optimal solution fast and efficiently in a real-life problem,
a MHS algorithm must possess a superior exploration capa-
bility. Population diversity is very crucial in MHS algorithms
to enable efficient global exploration and to avoid abysmal
performance because of premature convergence [22]. Now,
population diversity in DNLGSA gets noticeably influenced
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by the degrees of uniformity and correlation of the random
numbers involved in the calculation of the particle velocities.
If a random number generator which generates sequences of
numbers showing superior statistical properties can be used,
then the optimal performance of DNLGSA can be further
improved. The present work introduces an advanced variant
of DNLGSA called CEDNLGSA where the authors propose
to utilize a new PRNG based on the state-time histories of
a FOChS [24], to generate random numbers for calculating
the particle velocities. Various statistical tests for distribution
and independence also confirm the superiority of the pro-
posed FOChS-PRNG over one of the most extensively used
general purpose PRNG, namely MT-PRNG [23]. Fractional-
order extensions of the integer-order chaotic systems demon-
strate more abundant dynamic characteristics compared to the
original integer order versions, due to their nonlocal features
and significant nonlinear behavior [25], and the sequences of
PRNs produced with them show further improved degrees of
uniformity and independence.

In this work, we propose an inexpensive, yet appealing new
sonar-based solution for human localization in human-robot
coexisting environments that can be particularly effective for
solving the bad initialization problem encountered by the
traditional local optimizer-based sonar scan matching meth-
ods. Our main aim is to accurately estimate the motion of
the leg-pair of a walking human between two successive
sonar scans gathered by the onboard sonar arrangement of
a mobile robot with respect to a specific RPF [26], during
people tracking. For this purpose, we first utilize density-
based clustering, followed by our proposed SCE method and
recently developed EFBLR algorithm, to filter the scans by
eliminating noises, discarding the readings indicating the static
and nonhuman moving objects, and preserving the readings
representing the target legs. Then we employ a novel vari-
ant of sSNDT based on CEDNLGSA, called CMHS-sNDT,
to determine the roto-translation of the target legs between the
filtered scans, a robust solution that can specifically overcome
bad initialization problems. This overall proposed approach
for HLL is named here as HLL-CMHS-sNDT. This cycle
of gathering two successive sonar scans at a certain RPF,
removing outliers, static, and nonhuman moving objects and
extracting target leg-pair from each sonar scan, and then
accurately matching the two filtered scans using CMHS-
sNDT to estimate the human motion between them, can be
repeatedly implemented for subsequent pairs of scans, thus
making the proposed approach suitable for following people in
real-life.

The significant contributions of this research work are as
follows.

1) In this work, a novel, robust approach is proposed
to solve the bad initialization problem encountered in
sonar scan matching, by embedding a MHS-based opti-
mization mechanism in the SNDT method, a popular
LF-based sonar scan matching technique. In this context,
we develop a new MHS algorithm in the genre of
GSA based on the state-time histories of a FOChS,
named CEDNLGSA, which is aimed at improving the
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convergence performance and search ability of GSA,
as well as maintaining a healthy population diversity.
2) We believe that this is the first study to demonstrate how
a global search strategy can be effectively utilized to
perform sonar scan matching and also the first research
work to show how a global optimization-based sonar
scan matching framework can be utilized to achieve
accurate and robust human localization. Moreover, this
is, to the best of our knowledge and belief, the first work
to demonstrate a successful real-life implementation of
a FOChS-based metaheuristic for solving sonar scan
matching-based human localization problems.

Extensive experimentations and performance evaluations
demonstrate superiority of the proposed method compared to
the basic NWM-based sNDT and other popular metaheuristics-
based variants of SNDT formulated in this work itself.

This article is organized as follows. Section II presents
the basic framework of the HLL-CMHS-sNDT approach.
Section III discusses the mechanism for the extraction of target
leg points, using the SCE method in conjunction with the
EFBLR algorithm. Sections IV and V describe CMHS-sNDT
and CEDNLGSA, respectively. Real-life performances are
evaluated in Section VI. Finally, the article is concluded in
Section VIIL.

II. BAsiCc FRAMEWORK OF HLL-CMHS-sNDT

In the HLL-CMHS-sNDT approach, for a specific robot
pose, a couple of sonar scans are gathered corresponding to
two distinct human leg poses at two successive time instants,
and hence both scans are referred to two different RCFs! but
a single and unique RPF? [7]. The first scan is called the raw
reference scan and the second scan is called the raw current
scan. Let a raw reference scan (denoted as RY) be described
by a set of By, 2-D points RYyy = {nry, ..., nrg } acquired
at a RCF Cr at a sampling instant s with respect to a specific
RPF o and a raw current scan (denoted as RY¢) by a set of
A, 2-D points RY¢ = {mry,..., mr, } at RCF Cc at the
next sampling instant s 4+ 1 with respect to the same RPF a.

The goal of our HLL-CMHS-sNDT approach is to estimate
the motion of the legs of a walking person between the RCFs
Cr = rc, and Cc = rcy,y, with respect to a particular
RPF o = rpj 4> by using an advanced scan matching
technique [7]. Firstly, we employ DBSCAN, a density-based
clustering method [27], separately on RY s and RY ¢, to form
arbitrarily shaped significant clusters of the data points charac-
terizing static and moving objects, including the target person’s
legs and remove outliers. Then, the data points representing the
moving objects are extracted using the SCE method, resulting
in refined RY s and refined RY ¢ . Next, the EFBLR algorithm
is used to identify the target leg patterns in the refined Rt and
refined RY¢r, and subsequently, extract the leg points from the
corresponding scans. Accordingly, the refined RY} and refined

'The RCF rc, represents the coordinate frame that is located at the set of
range measurements constituting a scan acquired at an instant of time ¢ by
the onboard ultrasonic sensing configuration.

>The RPF rp, represents the coordinate frame that is located at the robot
pose at an instant of time ¢ [26].
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RY ¢ are modified to reference and current scans, represented
by Yyt = {ni, ..., ng}and Y¢r = {my, ..., my}, respectively.

Next, a novel scan matching algorithm based on the theory
of LF is proposed, named here CMHS-sNDT algorithm,
to determine the best estimate of the relative position of the
target person’s leg pair between the two LRFs [7] Fr = Ir
and Fc = Iry,, with respect to the RPF «. In the context
of scan matching here, we redefine the original RCF as
the LRF [7]. In the CMHS-sNDT algorithm, we first build
several overlapping SNDT grids having different positions of
the origin from the set of target leg points belonging to Yi.
For each cell of a specific grid containing at least a certain
number of points, a model which optimally fits the inliers
(and discards the outliers) of the set of data points contained
in the corresponding cell is discovered by making use of the
RANSAC/GD method. Then, with the help of RANSAC/GF
technique, we extract the points in Y¢ which render the
generative process assumption valid [8]. After constructing
the overlapping sNDT grids and filtering Y, we perform the
scan matching process by using our proposed CEDNLGSA.
The corresponding scan matching estimate is indicated by
FrZ(FO::) , represented as a multivariate Normal distribution
q2) = N2, o PY), where Z%) indicates the mean
vector of the form [d,, d,, @17 (d, and dy symbolize the trans-
lations in the x- and y-directions, respectively, and ¢ stands
for the rotation), and FrP(F? denotes the covariance matrix [7].
The scan matching problem here estimates the motion of the
leg pair of a target person Frz,(fc) which maximizes the overlap
between Yy and Y.

The proposed HLL-CMHS-sNDT approach can be utilized
in human-robot coexisting environments for estimating the
trajectory of a walking person using scans within an angular
span of 180° obtained from a sonar sensor mounted on a
wheeled mobile robot. Our proposed HLL algorithm finds
scan matching estimate between a pair of scans gathered at
successive sampling instants, and this algorithm is repeatedly
run for subsequent pairs of scans so that the mobile robot can
follow a walking person in real-life. At first, a pair of scans is
gathered for a specific robot pose at two consecutive sampling
instants, which are used by the proposed CMHS-sNDT to
estimate the motion of the target person’s leg-pair between
the two time instants. Next, the robot moves and another pair
of scans is acquired at successive sampling instants and again
the human motion between the corresponding time instants
is estimated. This sequence of events is then performed in
an iterative fashion. Inspired by our recent work in [7], the
flowchart of the proposed HLL-CMHS-sNDT approach for
HLL and following is presented in Fig. 1.

III. TARGET LEG POINTS EXTRACTION
A. Moving Object Recognition With SCE Method

For each raw reference scan RYy and raw current scan
RY¢, the DBSCAN algorithm first clusters sonar data
points using the notions of density-reachability and density-
connectivity, characterized by a distance threshold ¢ > 0 and
a density threshold MinPts [27]. Next, to extract the moving
objects from both the noise-free scans and eliminate the
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Fig. 1. Flowchart of the proposed HLL-CMHS-sNDT approach for HLL
and following.

remaining points (basically characterizing static obstacles),
we propose a method called SCE method. Here, we compute
the centroids of all the clusters associated with both the
scans RYy and RY¢, and then evaluate the displacements
of the cluster centroids belonging to RYy from their orig-
inal initial positions by using the locations of the cluster
centroids belonging to RY¢,. This facilitates detection of the
movement of the moving objects between RY\; and R, and
identification of the points representing those objects in both
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Fig. 2. (a) and (b) Data points in a representative Rt and a representative
RY¢r, respectively. (c) and (d) Significant clusters of the data points in
Ryt and RY¢r, respectively, formed with DBSCAN and the corresponding
cluster centroids. A red contour: a cluster and a magenta dot: its centroid.
(e) and (f) Data points representing the moving objects, extracted from R
and RYgr, respectively, using SCE method. Accordingly, RYs and RY ¢ are
transformed into the refined RYt and refined RY¢r, respectively.

the scans. However, due to uncertainties involved in sonar
sensing, a cluster centroid belonging to RYs which has not
actually moved with respect to its original initial position, may
report spurious displacement in RY¢. A radius threshold rdy,
signifying a tolerance level has been introduced to overcome
this problem.

Let Cn, = {Cnri}iJ:1 and Cn, = {Cncj}f-(:l be the sets of
cluster centroids associated with Rt and RY¢, respectively.
For a Cn,, € Cn, if there exists a Cnc, € Cn, such that

|Cn;, = Cng, || < rdu (D

then the pair {Cn,,, Cnc,} is referred to as the static centroid
doublet and both the centroids Cn,, and Cng; are queued into
a list Gy Once the tasks of detecting the static centroid dou-
blets and inserting them into %y, are completed, we populate
the remaining centroids from both the scans into another list
%mov and designate the group of the centroids belonging to
Gmov as the moving centroid combination. Next, the clusters
corresponding to the centroids in %y, are removed and the
clusters corresponding to the centroids in %oy (i.e., the mov-
ing objects) are preserved. The proposed SCE method, which
outputs the refined RY s and refined RY ¢, is illustrated with
a representative real-life example in Fig. 2, where the walking
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target person, a walking cat, and several static obstacles are
present in the scanned environment.

B. Target Leg-Pair Identification With EFBLR Algorithm

Then to recognize the moving target leg-pair, we employ
our recently developed EFBLR algorithm [7] that detects the
target person’s legs in a sonar scan acquired during human
following within a leader-follower framework. The algorithm,
for specific leg poses, identifies typical leg patterns, which
are readily distinguishable from other objects in a real-life
human-robot coexisting environment. The refined RY; and
refined RY¢ comprising the readings of the moving clusters
(objects) are next input to the EFBLR algorithm. In this
algorithm, a set of range measurements .7g is maintained
as [7]

r’-//,-’ if r’w,- # NaN
maxs if T|, = NaN
Vi

g =1{rg,,..., rges}, with rg; =

where the constant term FS denotes the maximum possible
number of readings in a scan in our work and f|,, represents
the range measurement in the direction y;. The maximum
sonar range Smay, in this case, is set at 70 cm.

From the set .74 of range readings, the identification of
different leg patterns can be performed efficiently by utilizing
a method based on the geometric features of vertical edges.
Details of the methodology for detecting and listing vertical
edges are given in [7]. Given vertical edges are classified
into two categories: falling and rising edges, we elicit a
subset from the complete list of connected edges, which
might correspond to one of the four possible leg patterns:
TLA, SJM, FWS, and TLT. To best represent these human
leg patterns, four ordered sequences comprising falling/rising
edges are defined as: 1) TLA: a quadruplet {.%, Z, .7, #};
2) SIM: a quadruplet {#, Z, F, #}; 3) FWS: a triplet
(7, F, B}y or {F, Z, #}; and 4) TLT: a doublet {F, Z},
with .% and % denoting a falling edge and a rising edge,
respectively. It is worth mentioning that, considering the short
valid measurement distance of the sonar sensor, we have
introduced a new pattern into the original EFBLR framework,
namely SJM, to capture the forward jump motion of the target
person because, on occasion, he/she may be required to jump
once or twice while walking. The SIM pattern is based on
the consideration that when one leg is swinging within the
vertical field of view of the onboard sonar arrangement, the
other one is in a stance state. Fig. 3 shows the four typical leg
patterns, where several dimensional constraints are specified
for the measures wid, sin, stp(J/F), and tog, respectively,
denoting the single leg-width, the spatial interval between
two legs, the step length for SIM/FWS pattern, and the
collective width of two legs. For the settings wid € [10, 20]
cm, sin € [7, 17] cm, stp(J) € [10, 20] cm, stp(F) €
(20, 40] cm, and tog € [10, 40] cm, the optimal results are
obtained.

The EFBLR algorithm for identification of the target leg
pattern corresponding to a single sonar scan is detailed in [7].
The subroutines for the detection of SIM and TLA patterns
are similar, except that instead of considering the geometric
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Fig. 3. Typical human leg patterns identified by the EFBLR algorithm.

constraints of the TLA pattern, one needs to adopt those of the
SJM pattern. Now, once the leg pattern for a scan is recognized
using the EFBLR algorithm, the corresponding sequences of
F /% edges and edge-indices [7] can be utilized to retrieve
the set of data points representing the target leg-pair.

The EFBLR-based module for extracting the target leg
points, which outputs the reference scan (denoted as Yyf) and
current scan (denoted as Y¢), comprising B and A points,
respectively, is illustrated in Fig. 4, where the module takes
the refined RY and refined RY¢ in Fig. 2 as its inputs.

IV. DEVELOPMENT OF THE CMHS-SNDT

The proposed CMHS-sNDT method presents an accurate
and robust LF-based solution to the sonar scan matching
problems, where the original NDT [9] is suitably adapted
to deal with the uncertainty and sparseness associated with
sonar readings [8]. CMHS-sNDT introduces a grid-building
mechanism [8], where each cell is modeled with a Normal
distribution. Also, CMHS-sNDT introduces a scan-filtering
procedure [8] and proposes a new chaotic metaheuristic opti-
mization framework to perform scan matching.

A. Constructing the CMHS-sNDT Grid by Using
RANSAC/GD

In CMHS-sNDT, the distribution of a sonar point cloud is
modeled by a grid of Normal distributions constructed from
n;_i g € Yy The 2-D data space containing Yy is divided
into M square-shaped cells and the set of points n; € Yy lying
within each cell is then searched. Based on the position of
the origin of the grid, the points belonging to Yy are divided
into different groups. Then, for a given cell k of a specific
grid with origin ¢ consisting of no less than three points,
we calculate the mean @, ; and the covariance matrix C, &
of the set of points ¥, ; contained in that cell, required to
obtain a bivariate Normal distribution N/ (@,.1> Co, k). For our
sonar-based approach, where a significant number of outliers
are usually present and due to these sensors’ low angular
resolution, dense regions of outliers (called artifacts) tend to
be formed, we use RANSAC/GD [8] to estimate o, , and Cox
of N'(e, 4, Co«) that optimally fits the inliers of ¥, ;.

B. Defining the LF Associated With the CMHS-sNDT Grid

Next, we model the probability of having a sonar reading at
2-D point x located inside the cell k by N'(e, ;, Co ). The
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Fig. 4. (a) and (b) Cartesian graphs representing the remodeled range-arrays

gs corresponding to the refined RYys [given in Fig. 2(e)] and refined RYer
[given in Fig. 2(f)], respectively (with range on the ordinate, and angle on
the abscissa). (c) and (d) Target leg-pair patterns corresponding to the refined
Ry and refined RY¢r, respectively, identified by the EFBLR algorithm. The
blue patterns indicate the pairs of the target person’s legs. (e) and (f) Target leg
points extracted from RY s [given in Fig. 2(a)] and RY¢ [given in Fig. 2(b)],
respectively, based on the outputs of the EFBLR algorithm. Eventually, the
refined RYy and refined RY¢r are modified to Yy and Y¢r, respectively,
comprising the data points representing the moving target leg-pair.

LF corresponding to the cell k is defined as [8]
T
. (X - Qa,k) ca,lk (X - Qa,k)
2

Then the LF L, (x) associated with the Yt and the SNDT
grid’s origin ¢ can be given as [8]

La, 1 (X),

L, 1 (X) = exp 2)

X € LPa,l
L;(x) = 3)

LU,M(X), X € \PU,M'

Following the seminal NDT approach, we also use four
overlapping grids [9], to compute the LF at position x [8]

L(x) = Z L, (x).
1<o<4
Fig. 5 depicts the results of constructing the CMHS-sNDT
grid using the RANSAC/GD algorithm with various values
of narrowness factor [8]. In fact, the LF gets narrower as
the narrowness factor decreases and a narrow LF may be
problematic if bad initialization data is provided.

“)
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Fig. 5. (a) Sample sonar scan containing noisy and spurious leg point data.
The results of building the CMHS-sNDT grid from the scan in Fig. 5(a) by
using the RANSAC/GD with various narrowness factors: four overlapping
grids with narrowness factor set to (b) 0.001 (usually used for laser counter-
part) and (c) 0.5.

0
—25—-20—-15-10 —¢ 20 25

C. Filtering Sonar Scans

In the CMHS-sNDT approach, Y; is used to construct the
LF, whereas Y is used as a point cloud. Hence, it is crucial
for Y¢r to posses the similar characteristics as Y. Now, the
inliers chosen from Y, by the RANSAC/GD algorithm are
used to construct the CMHS-sNDT grid. A similar approach,
referred to as RANSAC/GF [8] is employed for Y which
filters the sonar readings in Y such that the generative
process assumption [8] holds valid. Hence Y gets split into
two subsets: 1) the adopted readings comprise data fulfilling
the generative process assumption and 2) the rejected readings
comprising the rest data [8].

D. Performing Sonar Scan Matching

Next, CMHS-sNDT computes the scan matching estimate
by minimizing a score function SF(z) with the CEDNLGSA.
The score function SF(z) is defined according to [8] as

SF(z) = — Z Z L, (z®my)

m; Y 1<o<4

)

where z = [d,, d,, #]7 indicates a roto-translation between
the LF and the Y, LRE and the operator & indicates
composition of transformations. The score function SF(z)
evaluates the goodness of the roto-translation z = [dy, d,, P17
between Yy and Y and when it achieves its mini-
mum value, the CMHS-sNDT designates the correspond-
ing roto-translation as the scan matching estimate Frz,(:‘f:).
In our proposed CEDNLGSA, we represent a roto-translation
with the position of a particle. Fig. 6 demonstrates the
CMHS-sNDT approach with a representative real-life case
study.

Because of space limitations, real-life case studies showing
the successful implementation of our proposed methodologies
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Fig. 6. (a) Set of readings in Yy [given in Fig. 4(e)] selected as inliers by

RANSAC/GD (output: cyan leg points). (b) Filtering Y¢r [given in Fig. 4(f)]
with RANSAC/GF (output: magenta leg points). (c) Filtered sets of leg points
in Yyt and Y¢r with respect to a specific RPF «, on which CMHS-sNDT is
implemented. The blue triangle represents the robot’s position. The resulting
scan-matching estimate: Frz,(:ac) = [—2.87 cm, 15.21 cm, 0.59 rad]”.

for human leg points extraction and human leg motion estima-
tion are presented in Section S-I of the “Supplementary File.”

V. PROPOSED CEDNLGSA

A. Chaos-Based PRN Generation for the Proposed CMHS
Algorithm

In order to generate sequences of PRNs for CEDNLGSA,
we propose to use the state-time histories of a popular FOChS,
namely FOVIS, which are calculated by making use of the
well-established G-L definition [24] of fractional calculus.
This is the first work, according to the best of our knowledge
and belief, to demonstrate a successful real-life implementa-
tion of these concepts for sonar scan matching-based human
localization problems.

1) Fractional Order Volta’s System: The state-time histories
of FOVIS have been utilized to develop our proposed chaos-
based PRNG. The fractional order version of Volta’s system
is given as [24]

02 yi(t) = D1 (31 (1), y2(1), y3(0), 1)
=y1(t) — ay2(t) — y3(1) y2(t)
02 ya(t) = 23 (1), 2(1), y3(0), 1)
=y2(t) = by (1) — y1 () y3(t)
D3 (y1(1), y2(1), y3(1), 1)
= cy3(t) + 1 (0)y2(1) + 1 (6)

where 0 < S, f2, B3 < 2 are the fractional derivative orders
and (a, b, ¢) € R? are system parameters.

The numerical solution of the FOVIS (6) based on the
G-L definition can be given by the following expression,

02! y5(t)
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as described in [24]:

yi(t;) = ®@i(yi(tj=1), v2(tj=1), ya(tj=1), tj—1)h”
J
. Z %(ﬂi)yi (l‘j—k) 7
k=1

wherei =1,2,3; j=1,2,..., W, for W = |T;/h], Ty is
the simulation time and / is a significantly small step size;
[v1(t0), y2(to), y3(to)] are the initial conditions. The binomial
coefficients 2, ) , Vi, are computed as follows [24]:

21, g = (1 _ lzﬁ’)%(f’i). ®)

A significant number of different combinations of (a, b, c¢)
and (B, f», f3) can be chosen experimentally, for which
the necessary stability condition for the general incommen-
surate fractional order nonlinear system to exhibit chaotic
behavior [24] is satisfied by FOVIS (6). For example, when
we consider the system parameters a = 5, b = 85, ¢ =
0.5 and the fractional derivative (incommensurate) orders
p1 = 0.89, pfr = 1.10, 3 = 0.91 [24], FOVIS satisfies the
necessary stability condition to remain chaotic.

2) Proposed Chaotic PRNG: We now propose a new
FOChS-PRNG, which employs the time histories of the state
variables y;, y, and y; of FOVIS to generate three distinct
sequences of PRNs, denoted as Y;, Y, and Y3, by using the
following equation:

Yi(ts) = {(|yi (1) | < 107) = (Ui ()] x 10"])}
for i =1,2,3; j=0,1,...,|T,/h]; nei{l,2,3}
)

where, Y;(#;) indicates the PRNs generated with the 64-bit
floating point values of y;(#;). The PRNs belonging to an
array Y;, i € {1,2,3} lie in the interval [0, 1], and are
uniformly distributed throughout the interval with virtually
zero correlation. We can arbitrarily select the initial conditions
for the purpose of generating the pseudorandom sequences.

The results in Table I demonstrate without vagueness that
our FOChS-PRNG, for three benchmark statistical tests of
distribution and independence, namely Chi-square test (y?),
K-S test and SRCC test [4], is consistently superior to
MT-PRNG, which encouraged us to formulate CEDNLGSA,
a novel chaos-based variant of DNLGSA, for the purpose of
solving our scan matching problem.

B. Dynamic Neighborhood Learning Scheme

Let Z = [zy, ..., zp] represents the positions of P particles
constituting a GSA population, where z; = [z}(, e, z,?], k =
1, ..., P indicates the position of the kth particle moving
through a 0-dimensional search space with the velocity #; =
[19k1, ..., ¥2]. Also, let the velocities of z at iterations 7 and
7+ 1 in the oth dimension be denoted by ﬁ,f(r) (referred to as
current velocity) and 19,f (r 4+ 1) (referred to as next velocity),
respectively. In the dynamic neighborhood learning strategy,
the entire population is first randomly divided into Q non-
overlapping local neighborhoods, LN = (LN, ..., LN o},
each comprising S = P/Q number of particles [22] (here,
we have set P = 50 and Q =5).
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TABLE I
COMPARISON OF THE MEAN RESULTS OF VARIOUS STATISTICAL TESTS
BETWEEN FOCHS-PRNG AND MT-PRNG. THE CRITICAL VALUES
Xf(cy A(c), AND Zsc) ARE CONSIDERED AT A LEVEL OF SIG-
NIFICANCE ¢ = 0.05 [4]. WE FAIL TO REJECT THE NULL
HYPOTHESIS Ho [4] IF 12 < xlc» A < A, AND
_ZS(C) < Z; < ZS((;), WHERE ){3((:) = 233.99,
Ay = % =0.03512, AND Z(c) = 1.96 [4]. HERE,
x =200 AND £ = 1500 [4]

PRNG Chi-Square Test [4] K-S Test [4] ~ SRCC Test [4]

X% [4]  p-value [4] A 4] pl4l  Zs[4]
MT-PRNG ~ 209.16  0.3793 0.0317  0.0425 1.1289
FOChS-PRNG 185.48 0.7618 0.0121  0.0059 0.1566

The particle k in the local neighborhood LN; at iteration
7 [denoted as LN;(7)] experiences gravitational forces from
the remaining particles of LN/ (7), and its next local velocity
is computed as [22]

5 _ . A (7) SN _ .0
wk(rm;%;l IO Gy g @O —E@)
2 F 2

(10)

where Y; € [0, 1] is a uniform PRN. ¥(7), the gravitational
constant, is calculated as [18]

Y(t)=% - exp(—y . TNTAX)

where %, represents the initial value of the gravitational
constant, y is the attenuation coefficient, and Tyax is the
maximum number of iterations cycles.

(1), the mass of particle [ at iteration 7 is [18]

(1)

(7)
My(r) = — LD (12)
e 21],):1 ﬂp(T)
for
ui(c) = fit;(r) — worst(r) (13)

"~ best(r) — worst(r)

where fit;(7) is the fitness value of particle / at iteration 7.
For a minimization problem [18]

best(r) = pe{flzi,l,l,,,;’}ﬁtp(r) (14)

orst(r) = pe{rll,lf,),(,,p}ﬁt”(r)' (15)

Also, the scalar Z;(7r) indicates the Euclidean distance
between two particles k and [ at iteration 7 and is represented
by: Z(r) = ||zi(7), z;(7)]l2; o is a small positive constant;
z9(r) and z{(r) indicate the positions of the particles k and [
at time 7 in the Jth direction, respectively.

The particle k£ also gets guidance from the historically
best experience of the entire population, denoted by gb =
[gb', gb?, ..., gb®]. Apparently, the gb model is analogous
to a global neighborhood topology. For the particle k, its next
global velocity, is defined as [22]

GI(x + 1) =Yz - (gb°(x) — (1))
where Y, € [0, 1] is a uniform PRN.

(16)
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The next resultant velocity of the particle k is computed
as [22]

I +1) =Y 9 () +a - LIt +1)
tay -G (t + 1) (17)

where Y3 € [0, 1] is a uniform PRN, and two acceleration
coefficients, a; and a,, are arbitrary non-negative numbers.
If a1 > a,, exploration dominates, while if ay > a;, exploita-
tion dominates. Inspired by the adaptive adjustment in [22],
we set a; = 0.5 —0.5¢"/6/T/° and ay = 1.5¢"/9/7,/%. . The

position of particle k in the Jth dimension is updated as [22]
T+ 1) =) + 9z + ). (18)

Here, Y1, Y, and Y3 are uniform PRNs corresponding to a
value of the states y;, y, and y3 of the FOVIS, respectively.

The local neighborhood topology drastically reduces the
computational complexity while maintaining the search
diversity of GSA. Also, the global neighborhood topology
is beneficial to accelerate the rate of convergence. There-
fore, by proficiently combining both topologies, CEDNLGSA
strengthens the balance between exploration and exploitation.

C. Framework of Dynamic Local Neighborhood Formation
and gb Mutation

1) Convergence Criteria: The problem of particles getting
trapped in local optima is addressed by using a dynamic
local neighborhood formation strategy and a gb mutation
mechanism based on two convergence criteria: the limiting
threshold and the population diversity [22].

If the gb cannot better the self-solution after a definite
number of successive iterations (cjyq), it may cause population
stagnation and premature convergence. A limiting threshold
Crg is introduced to check the possibility of falling into
stagnation. Once the risks of stagnation are identified, dynamic
reformulation of the local neighborhoods and mutation of the
gb are carried out to overcome it, based on the population
diversity indicator. For computing population diversity at itera-
tion 7 [denoted as PDV(7)], we first calculate the geographical
clustering centroid of each local neighborhood at iteration 7

zz,-ec./\f,»(r) Z
— s
Then the distribution diversity of the centroids is given as [22]

CLN () = (19)

o _
PDV(r) = é jZ;\/ZZZI(CﬁN(;(” _ C£N5(z))2 (20)

where

>0 CLN (@)
a—

2) Dynamic Reorganization of Local Neighborhoods and
Mutation of gb: If c¢ug > Crg, we compute population
diversity and compare it with a threshold of population
diversity v which is employed to distinguish between explo-
ration and exploitation [22]. Based on the result, Evolutionary
State 1 or 2 is executed.

CLN?(7) = 1)
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Fig. 7. Wheeled mobile robot employed for testing and implementing the
proposed HLL-CMHS-sNDT method.

EVOLUTIONARY STATE 1 (PDV > v): Here, the particles
need to concentrate more on exploration in order to prevent
the potential hazards of population stagnation. So, we carry
out reformulation of the local neighborhoods and introduce
the mutation of gb with large jump steps, given as [22]

nextgb’(z) = gb’(r) + PDV - % .4, if PDV > v (22)

where % .4 is a uniform PRN with range [—1, 1], ensuring
mutation in diverse directions.

EVOLUTIONARY STATE 2 (PDV < v): Here CEDNLGSA
should concentrate on exploitation. We introduce a mutation
scale ¢ € (0, 1) to adjust the step size of the population
diversity-based mutation mechanism as follows [22]:

nextgb’(z) = gb’(z) + ¢ - PDV - % .4, if PDV <v.
(23)

Furthermore, with the aim of promoting the evolution of
our MHS algorithm to the global optimum, we adopt the next
global best particle (nextgb) if it is better than the preceding
one, otherwise we preserve the previous gb.

VI. EXPERIMENTAL RESULTS AND PERFORMANCE
EVALUATIONS

A. Experimental Setup

Keeping the requirements in developing countries in mind,
a low-cost, lightweight system has been implemented on an
indigenously developed DD-WMR, shown in Fig. 7. The
onboard computer is a Raspberry Pi 3 (in short: RPi) model
B+ containing a 1.4 GHz 64-bit quad-core ARM Cortex-A53
processor along with 1 GB of LPDDR2 SDRAM [28]. The
robot is equipped with an RPi Camera Module v2 comprising
a Sony IMX219 8-Mpixel sensor [29] and an HC-SR04
ultrasonic sensor [30] for acquiring real-world visual and
range data, respectively. Our DD-WMR is driven by only two
motors, with a third servo motor rotating the ultrasonic sensor
to collect sonar readings within a 180° wide angular range.

Our DD-WMR is built with ultrasonic and vision sensors
with an aim of developing a human detection and tracking
framework in which the sensors will work in both independent
and cooperative manners so that the robot can either use
a single sensor or a combination of both [5]. With such
a provision, the system becomes potentially robust to the
failure of any one sensing unit. In this research work, the
ultrasonic ranging module HC-SR04 has been independently
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used to perform localization of a person walking in front of our
DD-WMR. The economical HC-SR04 ultrasonic sensor [30]
whose weight is 10 g (approximately), reads, in practice,
from 2 to 80 cm within a 30° cone, and is accurate to the
nearest 0.3 cm. The operating voltage and working current
of the sensor are +5 V dc and 15 mA (max), respectively
(hence can be directly powered via the RPi’s 5 V output). For
the purpose of real-life implementation, the whole software
has been written in Python in combination with Cython.
Performance evaluations are carried out with the NumPy and
SciPy libraries in Python, whereas the experimental results
are plotted with the Python library Matplotlib.

Our HLL-CMHS-sNDT approach is quantitatively com-
pared with the HLL approach using the original NWM-based
sNDT (referred to as HLL-sNDT) and the human localiza-
tion approaches using six popular contemporary MHS algo-
rithms, namely DNLGSA [22], GWO [16], CoBiDE [12],
DFSABC_elite [13], IRDPSO [14], and EPSO [15] based
variants of SNDT formulated by us in the context of this article
(referred to as HLL-Y-sNDT where Y is DNLGSA, GWO,
CoBiDE, DFSABC_elite, IRDPSO, and EPSO, respectively).
The values of the parameters used for the competing MHS
algorithms are the same as those reported in the corresponding
seminal papers. The experiments discussed in this section are
performed using real-world sonar data sets gathered in four
diverse real-life environments: 1) a corridor with multiple
door frames and smooth concrete walls; 2) an unstructured
room incorporating tables, chairs, and cardboard boxes; 3) an
enclosed space comprising a combination of concrete walls,
concrete structures, wooden walls and wooden doors; and
4) an enclosed space containing stone walls, glass doors, and
steel furniture. The acquired data sets thus involve structured
and unstructured regions, posing various challenging difficul-
ties to our sonar sensing system. In each environment, two
raw sonar scans RY'y and RY» are acquired for a specific leg
posture at two successive sampling instants 7 and 7+ 1, respec-
tively, with respect to a certain RPF o, and a third scan RY3 is
acquired for a different leg posture at the subsequent sampling
instant ¢ + 2 with respect to the same RPF «. Then, the
scans RYy and RY», based on the SCE method and EFBLR
algorithm, were transformed to Y1 and Y3, respectively, with
the help of RY’3. Moreover, the set of readings in Y selected
as inliers by RANSAC/GD is adopted and Y>» is filtered with
RANSAC/GF. Clearly, the roto-translation between Yy and
Y, is perfectly known to be [0cm, Ocm, Orad]” [8]. That is
to say, the ground truth is available. Note that, although the
scans RY¢1 and RYy are gathered in similar real situations,
Yy and Y, are not necessarily identical, thus setting up a
realistic test bench for the sonar scan matching methods [8].
Furthermore, by considering two scans acquired for the same
human pose with respect to a specific RPF, the experiments
essentially focus on the matching capabilities of the methods.

A group of five experiments has been carried out in each
environment, incorporating various initial location errors. The
error values are randomly chosen according to uniform dis-
tributions ranging from —0.05 to 0.05 m in d, and d,, and
from —9° to 9° in ¢ in Experiment 1. The initial location
error rises as we gradually move toward Experiment 5, where
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Fig. 8. Robustness of the competing HLL approaches: (a) HLL-sNDT,
(b) HLL-CoBiDE-sNDT, and (c) HLL-Z-sNDT (Z: CMHS, EPSO, GWO,
IRDPSO, DFSABC_elite, and DNLGSA).

the random errors lie between —0.25 and 0.25 m in d,
and d,, and between —45° and 45° in ¢. These introduced
errors correspond to the values assigned to the initial scan-
matching estimate in Newton’s algorithm. On the other hand,
in the case of a single run of an MHS algorithm, randomly
initializing the positions of P number of particles in a specific
search space of d,, d, and ¢ can be viewed as analogous to
introducing initial location errors lying within the same search
space. To alleviate stochastic errors, the procedure is repeated
50 times for each experiment and scan, thus constituting
5 x 4 x 50 = 1000 trials per algorithm and a total of
8 x 1000 = 8000 runs.

B. Scan Matching Performance Comparisons

We first compare, in statistical terms, the performances of
the competing optimization algorithms in optimizing the score
function SF(z) (5) (for details, see Section S-II of the “Sup-
plementary File”). Next, we evaluate and compare the scan-
matching performances of the HLL approaches based on
those optimizers, in terms of robustness, accuracy, speed
of convergence, and computation time [8]. Here, the term
convergence refers to the ability of a method to satisfy
numerical convergence criteria in a certain limited number of
FEs. Considering real-life implementation, the computational
budget for all the HLL methods has been limited to 1000 FEs.

1) Robustness: The robustness results for the competing
HLL approaches are reported in Fig. 8. A trial is considered
successful and a correct estimate is obtained if the absolute
error is less than 0.075 m in d,, 0.075 m in d, and 0.075 rad
in ¢, and these threshold values are used to differentiate
among frue positives, true negatives, false positives, and false
negatives [26]. Fig. 8 shows that the MHS-based HLL methods
outperform HLL-sNDT and achieve superior robustness in
the face of variations in initial error in different experiments
conducted. As we can see, all the MHS-based HLL methods
except HLL-CoBiDE-sNDT achieve 100% of true positives
even in the most challenging situation of Experiment 5.

2) Accuracy: For measuring accuracy, we have considered
the MAE of the positive estimates with respect to the ground
truth roto-translation. By concentrating on the positive esti-
mates, the experiment can assess the accuracy in real-life
scenarios where ground truth may not be available and the
method only can differentiate between positives and negatives.
For this test, we have selected the angular error over the trans-
lational errors because the accurate computation of the former
is considered a more critical component in the context of
localization. As can be seen from Table II, HLL-CMHS-sNDT
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TABLE 11
COMPARISONS OF THE AVERAGE SCAN MATCHING PERFORMANCES OF THE COMPETING HLL APPROACHES

2520412

EXPERIMENT 1 EXPERIMENT 2 EXPERIMENT 3 EXPERIMENT 4 EXPERIMENT 5
Human Leg Accur- | Speed [Computat-| Accur- | Speed [Computat-| Accur- | Speed [Computat-| Accur- | Speed |Computat-| Accur- | Speed [Computat-
Localization acy of |ion Time | acy of |ion Time | acy of |ion Time | acy of |ion Time | acy of |ion Time
Approaches Conve- Conve- Conve- Conve- Conve-
rgence rgence rgence rgence rgence
MAE | (FEs) (in s) MAE | (FEs) (in s) MAE | (FEs) (in s) MAE | (FEs) (in s) MAE | (FEs) (in s)
(in rad) (in rad) (in rad) (in rad) (in rad)
HLL-sNDT 2.31E-2| 016 0.671 |3.28E-2| 021 0.674 |4.61E-2| 025 0.676 |6.02E-2| 029 0.678 |7.64E-2| 032 0.679
HLL-DNLGSA ||3.17E-8| 050 0.685 |4.78E-8| 100 0.705 |7.42E-8| 150 0.726  |1.19E-7| 200 0.747 |1.95E-7| 250 0.769
-sNDT
HLL-GWO 4.62E-8| 060 0.708 ]31E—7/ 090 0.731 |2.70E-7| 150 0.776  |4.82E-7| 210 0.820 |7.86E-7| 300 0.888
-sNDT
HLL-CoBiDE 1.14E-2| 120 0.771 2.01E-2’ 180 0.825 |3.26E-2| 300 0.933 |4.68E-2| 420 1.041 |6.37E-2| 540 1.149
-sNDT
HLL-DFSABC_elite||4.54E-6| 050 0.719 |8 27E—6’ 150 0.787 |1.69E-5| 150 0.861 |2.86E-5| 250 0.943  |4.63E-5| 350 1.055
-sNDT
HLL-IRDPSO 8.41E-7| 040 0.691 1.02E—6’ 080 0.719 |1.45E-6| 140 0.761 |2.33E-6 200 0.803 |4.24E-6| 280 0.859
-sNDT
HLL-EPSO 7.76E-4| 047 0.692 |1.25E-3 ’ 102 0.725 |2.05E-3| 176 0.769 |3.50E-3| 273 0.827 |[5.99E-3| 397 0.901
-sNDT
HLL-CMHS 1.11E-8| 050 0.688 [1.67E-8| 100 0.704 |2.59E-8| 100 0.721 |4.10E-8| 150 0.740  |6.43E-8| 200 0.764
-sNDT
consistently achieves the best MAE performance between the TABLE III

rotations in the positive estimates and the ground truth rotation
for all the experiments conducted.

3) Speed of Convergence and Computation Time: Here,
the speed of convergence of a scan matching method is
defined as the number of FEs until convergence in the case
of true positive estimates. Table II summarizes the con-
vergence speed and computation time results for the eight
competing HLL approaches. It can be seen that, overall, our
HLL-CMHS-sNDT only came second best in terms of both
the convergence rate (in terms of FEs) and the computation
times, where HLL-sNDT, a non-population-based algorithm,
came first in both cases. However, in terms of robustness and
accuracy, HLL-sNDT produced the worst result, as evident
from Table II. Note that, in terms of convergence speed,
some MHS-based HLL methods show better or compara-
ble performances than CEDNLGSA-based approach when
the initial error is low, primarily because of the variation
in their population sizes. However, HLL-CMHS-sNDT out-
performs those methods as the error increases. Similarly,
although HLL-CMHS-sNDT requires fewer number of FEs
than HLL-DNLGSA-sNDT as the initial error goes up,
its computational time does not improve too much than
HLL-DNLGSA-sNDT due to the involvement of chaos-
based computations. However, HLL-CMHS-sNDT outper-
forms HLL-DNLGSA-sNDT in terms of accuracy in all the
experiments, owing to the fact that the former one with its
better exploration ability finds the promising region more early
and then efficiently exploit the knowledge about the region to
find the solution until exhaustion of the computational budget.
Hence, overall, the supremacy of HLL-CMHS-sNDT is firmly
established compared to other competing approaches, taking
all performance indices into consideration.

C. Human Following Performance Evaluation

We also perform four experiments involving real motion in
real scenarios to qualitatively evaluate the human following
performance of HLL-CMHS-sNDT, by visual observation.

ASSESSMENT OF THE HUMAN FOLLOWING PERFORMANCE OF
HLL-CMHS-sNDT

Experimental || Path length | Time taken for MAE RMSE

scenario traversed Completion (in m) (in m)
(in m) (in min) T n

Mapl 13.01 3.88 0.0647 | 0.0655 | 0.0652

Map2 22.49 6.76 0.0681 | 0.0662 | 0.0673

Map3 21.11 6.44 0.0668 | 0.0657 | 0.0663

Map4 11.09 3.37 0.0629 | 0.0645 | 0.0636

—— Ground truth trajectory of target person
—— Trajectory of robot during pursuit

—— Ground truth trajectory of target person

—— Ground truth trajectory of target person
Trajectory of robot during pursuit

Ground truth trajectory of target person
Trajectory of robot during pursuit

Fig. 9. Visual maps obtained during people following in four various real-
life environments with our proposed HLL-CMHS-sNDT method: (a) Mapl,
(b) Map2, (c) Map3, and (d) Map 4. The gray areas indicate the spaces taken
up by the stationary objects.

Results in Fig. 9 show that HLL-CMHS-sNDT is able to
yield the human following results very close to the ground
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truth maps. The corresponding quantitative results, obtained
considering a corner in each experimental environment as the
reference point with coordinates (0, 0), is given in Table III,
which clearly demonstrates that the RMSEs and MAEs (in
x-, y-directions), obtained between the points of the ground
truth path and the path of the robot, are considerably small in
comparison to the path lengths traversed.

VII. CONCLUSION

This work showed how metaheuristic-based search
algorithms can be successfully utilized for solving sonar
sensor-based HLL problems in human-robot coexisting
environments. This approach is particularly useful in
solving sonar scan matching algorithms suffering from
bad initialization problems. The work also showed a
successful real-life implementation of recently proposed
DNLGSA for this purpose and proposed a new CEDNLGSA
to achieve further improved performances. This novel
HLL-CMHS-sNDT approach, when implemented in several
real-life case studies, could, overall, sufficiently outperform
various other state-of-the-art algorithms.
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