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Abstract In recent years, we have witnessed a rapid surge in ambient assisted
living (AAL) technologies due to a rapidly aging society. The aging population, the
increasing cost of formal health care, the caregiver burden, and the importance that
the individuals place on living independently, all motivate development of
innovative-assisted living technologies for safe and independent aging. Among all
areas, the development of assistive robots with potential application to health and
elderly care is drawing a lot attention from both industry and academia. Several
such prototypes (e.g., wearable assisted-walking device designed by Honda, and
personal transport assistance robot designed by Toyota) have been made. These
robots are inevitably supported by various algorithms and computational tech-
niques. In this work, we provide an overview of applying emerging CI (i.e.,
non-conventional CI) approaches to various smart robot control scenarios which,
from the author’s viewpoint, have a great influence on various ambient assisted
living (AAL) robot related activities, such as location identification, manipulation,
communication, vision, learning, and docking capabilities. The innovative CI
methods covered in this chapter include bacteria foraging optimization (BFO), bees
algorithm (BA), glowworm swarm optimization (GSO), grey wolf optimizer
(GWO), electromagnetism-like mechanism (EM), intelligent water drops (IWD),
and gravitational search algorithm (GSA). The findings of this work can provide a
good source for someone who is interested in the research filed of AAL robot.
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1 Introduction

Technology and automation have made a great number of labour-saving robots
become possible. For example, numerous monotonous and dangerous tasks such as
sheet metal painting and oil pipelines cleaning used to be completed by humans
have been substituted by robots. More recently, the implementation of ambient
assisted living (AAL) robots that are capable of assisting human beings, in par-
ticular in the scenario of offering assistance to the disabled and the elderly, has
become more and more popular (e.g., MOVAID system [1, 2]). However, there are
times that these automated devices poorly perform, especially in the situation of
when they really needs to interact with another human being [3]. At present, dif-
ferent computational intelligence (CI) approaches such as neural networks [4],
reinforcement learning [5–7], and fuzzy logic [8] are helping us to enable a higher
level of robot intelligence. Nevertheless, in spite of these algorithms’ tremendous
success, none of them performs predominant over the rest. To overcome this issue,
researchers come up two solutions: one is to use the hybridized version of these
algorithms in which the strengths of each algorithm is enhanced while the weak-
nesses are largely compensated or eliminated (e.g., [9–14]); the other one is to
develop new intelligent algorithms which can perform more powerful than their
predecessors. Although the first trend is currently well-documented, the second
trend is being less mentioned in the literature. The focus of this study is thus placed
on the latter trend that is, exploring the novel CI methods and pinpointing their
applications in the field of robot control with a particular emphasis, if possible, on
AAL robot relevant studies.

With this in mind, the remainder of this chapter is organized as follows: First,
Sect. 2 briefly introduces the relevant terms used in this study; Second, the inno-
vative CI algorithms (i.e., biology- and physics-based CI) and their selected
applications in smart robot control are detailed in Sects. 3 and 4, respectively; an
experimental study that implementing an innovative CI algorithm (i.e., grey wolf
optimizer) for the heterogeneous robot swarm control has been described in Sect. 5,
which is followed by future work highlighted in Sect. 6; Finally, Sect. 7 draws the
conclusion of this study.

2 Background

2.1 What Is Ambient Assisted Living (AAL) Robot?

The main purpose of introducing AAL robots is to assist the disabled and elderly
people at home [15–17]. In general, they can be categorized into three categories:
robots assisting with daily living activities (such as feeding and dressing), robots
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assisting with instrumental activities of daily living (such as housekeeping and
preparing food), and robots assisting with enhanced activities of daily living (such
as communication and engaging in hobbies) [16]. Nowadays, a number of assistive
robots are being deployed. For example, “Care-O-bot” [18–20], a robot developed
by Fraunhofer IPA, is able to fetch and carry objects, communicate with older
people, and supply emergency support; “RIBA” [21, 22], a robot developed by
RIKEN-TRI Collaboration Center, can help patient transfer; “uBot5” [23], another
robot from the University of Massachusetts Amherst, is capable of achieving
multiple postures for the purpose assisting elderly in compensating for impaired
upper extremity function; “PerMMA” [24–26], a research outcome from the
Carnegie Mellon University and the University of Pittsburgh, can assist persons
with disabilities; “PaPeRo” [27–29], another case developed by NEC, is used to
communicate; and “Emiew” [30–32] developed by Hitachi, can interact with human
beings; and “Hospi-R” [33, 34], an autonomous delivery robot developed by
Matsushita, can even perform complex service tasks.

2.2 What Is Robot Control?

As we know, designing assistive living robots is a multi-dimensional, interdisci-
plinary challenge, which including design challenges, pervasive computing chal-
lenges, social challenges, safety challenges, etc. Among these challenges, the
control of an autonomous mobile robot is a complex, usually non-linear and partly
unpredictable process. The most distinguished difference, between robots and other
technologies, lies in that robots’ capability to combine automation with action, and
in the meantime a considerable amount of mobility. Static tasks only form part of
their job can-do list, robots can also do lots of dynamic jobs such as exploration,
walking, and lifting. Robots are playing an increasingly important role in both
scientific and our daily life. The ultimate goal of the robot control is thus to let
robots seamless integrated into a human environment, or in other words, to become
more and more humanoid.

2.3 What Is Novel Computational Intelligence?

Computational intelligence (CI) is a fairly new research field, which is still in a
process of evolution. At a more general level, CI comprises a set of computing
systems with the ability to learn and deal with new events/situations, such that the
systems are perceived to have one or more attributes of reason and intelligence [35].
According to their popularity, the CI methods can be roughly classified into two
categories, namely, traditional CI and novel CI. Typically, traditional CI approaches
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include such as simulated annealing, genetic algorithm, particle swarm optimiza-
tion, ant colony optimization, Tabu search, and artificial neural network. In terms of
novel CI approaches [36], this overview covers the following candidates: bacterial
foraging optimization (BFO), bees algorithm (BA), glowworm swarm optimization
(GSO), electromagnetism-like mechanism (EM), and intelligent water drops (IWD).

3 Biology-Based CI

In this section, we detail a group of biology-based algorithms which get their
inspiration from different animals. The representative applications of these algo-
rithms in dealing with various robot control problems are also highlighted.

3.1 Bacteria Foraging Optimization (BFO) Algorithm

Bacterial foraging optimization (BFO) algorithm was originally proposed in
Passino [37] where the foraging strategy of E. Coli bacteria has been simulated.
Typically, the BFO consists of four main mechanisms: chemotaxis, swarming,
reproduction, and elimination-dispersal event. The main steps of BFA are outlined
as below [37]:

• Chemotaxis: The movement of E. coli bacteria can be performed through two
different ways: swimming which means the movement in the same direction,
and tumbling refers the movement in a random direction. The movement of the
ith bacterium after one step is given by Eqs. (1) and (2), respectively [37]:

hi jþ 1; k; lð Þ ¼ hi j; k; lð ÞþCðiÞ/ðjÞ: ð1Þ

hi jþ 1; k; lð Þ[ hi j; k; lð Þ; swimming in which /ðjÞ ¼ /ðj� 1Þ
hi jþ 1; k; lð Þ\hi j; k; lð Þ; tumbling in which /ðjÞ 2 0; 2p½ �

:

(
ð2Þ

where hiðj; k; lÞ denotes the location of ith bacterium at jth chemotactic, kth
reproductive and lth elimination and dispersal step, CðiÞ is the length of unit
walk, and /ðjÞ is the direction angle of the jth step.

• Swarming: Under the stresses circumstances, the bacteria release attractants to
signal bacteria to swarm together, while they also release a repellant to signal
others to be at a minimum distance from it. The cell to cell signalling can be
represented by Eq. (3) [37]:
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Jcc h;P j; k; lð Þð Þ ¼
XS
i¼1

Jicc h; hi j; k; lð Þ� �
¼
XS
i¼1

�dattract exp �xattract

XP
m¼1

hm � him
� �2 !" #

þ
XS
i¼1

hrepellant exp �xrepellant

XP
m¼1

hm � him
� �2 !" #

: ð3Þ

where Jcc h;Pðj; k; lÞð Þ is the objective function value to be added to the actual
objective function, S is the total number of bacteria, P is the number of variables
to be optimized which are present in each bacterium, h ¼ h1; h2; . . .; hP½ �T
denotes a point in the P-dimensional search domain, dattract is the depth of the
attractant released by the cell, xattract is a measure of the width of the attractant
signal, hrepellant is the height of the repellant effect (i.e., hrepellant ¼ dattract), and
xrepellant is the measure of the width of the repellant.

• Reproduction: After Nc chemotaxis steps, the reproduction step should be
performed. The fitness value of the bacteria is stored in an ascending order. The
working principle is the least health bacteria eventually die and the remaining
bacteria (i.e., healthiest bacteria) will be divided into two identical ones and
placed at the same location.

• Dispersion and elimination: For the purpose to avoid local optima, dispersion
and elimination process is performed after a certain number of reproduction
steps. According to a present probability ðpedÞ; a bacterium is chosen to be
dispersed and moved to another position within the environment.

Taking into account the key phases described above, the steps of implementing
BFO can be summarized as follows [37–40]:

• Step 1: Defining the optimization problem, and initializing the optimization
parameters.

• Step 2: Iterative algorithm for optimization. In this step the bacterial population,
chemotaxis loop ðj ¼ jþ 1Þ; reproduction loop ðk ¼ kþ 1Þ; and elimination and
dispersal operations loop ðl ¼ lþ 1Þ are performed.

• Step 3: If j\Nc; go to the chemotaxis process.
• Step 4: Reproduction.
• Step 5: If k\Nre; go to reproduction process.
• Step 6: Elimination-dispersal.
• Step 7: If l\Ned ; then go to elimination-dispersal process; otherwise end.

Smart Robot Control using BFO. Based on the basic BFO, an improved
version was proposed in [41] to deal with robot navigation problem. Two simu-
lation scenarios, namely, (i) fixed obstacle and target; and (ii) randomly moving
obstacles and fixed target, were considered by the authors of [41]. 10 standard
deviation values of path lengths were assigned to each testing scenarios where the
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obtained results are classified into three groups, i.e., best, worst, and average. By
comparison the experiment results, both BFO algorithms (improved and basic
version) outperform the traditional particle swarm optimization algorithm. At the
end of their study, the authors claimed that BFO is very powerful in fulfilling the
robot path navigation task.

3.2 Bees Algorithm (BA)

Inspired by natural foraging behavior of honey bees, the bees algorithm (BA) was
proposed by the authors of [42]. The basic working principles of BA are listed as
follows:

• Step 1: Initializing population with random solutions. At this stage, the BA
requires several parameters to be set such as number of scout bees ðnÞ; number
of sites selected out of n visited sites ðmÞ; number of the best sites out of m
selected sites ðeÞ; number of bees recruited for the best e sites ðnepÞ; number of
bees recruited for the other ðm� eÞ selected sites ðnspÞ; and initial size of
patches ðnghÞ which includes the site, its neighborhood, and the stopping
criterion.

• Step 2: Assessing the fitness of the population.
• Step 3: Forming new population while stopping criterion is not met.
• Step 4: Selecting sites for neighborhood search. The bees with the highest fitness

values are chosen as “selected bees” at Step 4, and accordingly, the sites visited
by them are chosen for neighborhood search.

• Step 5: Recruiting bees for selected sites (more bees for best s sites), and
evaluating the fitness value. In Step 5, the BA conducts search in the neigh-
borhood of the selected sites. More bees will be assigned to search around the
best e sites. The bees can either be selected directed based on the value of fitness
associated with the sites they are visiting, or the fitness values will be used to
determine the probability of the bees being selected. Exploration of the sur-
roundings of the best e sites represents more suitable solutions can be made
available through recruiting more bees to follow them than the other selected
bees. This differential recruitment mechanism, along with scouting strategy, is
the core operation of the BA.

• Step 6: Choosing the fittest bee from each patch. The authors of [42] introduced
a constraint at this stage that is for each patch, only the bees with the highest
fitness value can be selected to from the next bee population. The purpose of
introducing such restriction is to reduce the number of points that are going to be
explored.

• Step 7: Assigning the remaining bees to do random search, and evaluating their
fitness. In the bee population, the remaining bees are assigned randomly around
the search space looking for new possible solution candidates.
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• Step 8: Terminating the loop when stopping criterion is met. All aforementioned
steps will be executed repeatedly until a stooping criterion is met. At the end of
each iteration, the population of bee colony consists of two parts: representatives
from each selected patch, and other scout bees performing random searches.

Smart Robot Control using BA. Mobile robots for public service have always
been a great research interest both for academic and industry. During the past few
years, the study of robot swarm and its related topic has become a hot area. In [43],
the authors utilized BA to study a group of reconfigurable mobile robots which are
designed to provide daily service in hospital environments for different kinds of
tasks such as guidance, cleaning, delivery, and monitoring. The fulfilment of each
job requires an associated functional module that can be installed onto various robot
platforms via a standard connection interface. Since the classic BA focuses mainly
on single-objective functional optimization problems, a variant called binary BA
(BBA for short) was proposed by the authors of [43] to deal with the
multi-objective multi-constraint combinatorial optimization task. In BBA, a bee is
describe as two binary matrixes MR and RH; standing for how to assign the M
tasks to the R robots and the R robots to the H homes, respectively. The size of MR
is M � R in which its R columns represent the R robots, while the M missions is
represented by the M rows.

The authors evaluated the BBA with an example problem (20 missions, 8 robots,
and 4 homes) with a size of 820 � 48 ¼ 276 combinations. At first, 12 stochastic
solutions are obtained by scout bees through global search in which six elite bees
survive after the non-dominated selection. The final experiments demonstrated that
BBA is a suitable candidate tool in treating workload balancing issue among a team
of swarm robots.

3.3 Glowworm Swarm Optimization (GSO) Algorithm

The glowworm swarm optimization (GSO) algorithm was proposed by the authors
of [44]. This algorithm gets its inspiration from the behavior from glowworms and
it shares some common points with other population-based algorithms such as ant
colony optimization and particle swarm optimization. The agents in GSO are a
group of glowworms that carry a luminescent quantity call luciferin. Normally,
GSO starts by randomly placing n glowworms in the search space so that they are
well distributed. Initially, all glowworms carry an equal quantity of luciferin l0.
Typically, each iteration of GSO algorithm consists of three rules, namely,
luciferin-update rule, movement rule, and transition rule. The details are listed as
below.

• Luciferin-update phase: It is the process by which the luciferin quantities are
modified. The quantities value can either increase, as glowworms deposit
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luciferin on the current position, or decrease, due to luciferin decay. The luci-
ferin update rule is given as follows [44]:

liðtþ 1Þ ¼ ð1� qÞ � liðtÞþ c � J � xi � ðtþ 1Þ½ �: ð4Þ

where liðtÞ denotes the luciferin level associated with the glowworm i at time t; q
is the luciferin decay constant ð0\q\1Þ; c is the luciferin enhancement
constant, and JðxiðtÞÞ stands for the value of the objective function at glowworm
i’s location at time t.

• Movement phase: During this phase, glowworm i chooses the next position j to
move to using a bias (i.e., probabilistic decision rule) toward good-quality
individual which has higher luciferin value than its own. In addition, based on
their relative luciferin levels and availability of local information, the swarm of
glowworms can be partitioned into subgroups that converge on multiple optima
of a given multimodal function. The probability of moving toward a neighbour
is given as follows [44]:

pijðtÞ ¼ ljðtÞ � liðtÞP
k2Ni tð Þ lkðtÞ � liðtÞ½ � : ð5Þ

where j 2 Ni tð Þ; NiðtÞ ¼ j : dij tð Þ\ridðtÞ; liðtÞ\ljsðtÞ
� �

is the set of neighbours
of glowworm i at time t; dijðtÞ denotes the Euclidean distance between
glowworms i and j at time t; and ridðtÞ stands for the variable neighbourhood
range associated with glowworm i at time t.
Based on the above equation, the discrete-time model of the glowworm
movements can be stated as follows [44]:

xiðtþ 1Þ ¼ xiðtÞþ s
xjðtÞ � xiðtÞ
xjðtÞ � xiðtÞ
�� ��
" #

: ð6Þ

where xi tð Þ 2 Rm is the location of glowworm i at time t in the m-dimensional
real space, �k k denotes the Euclidean norm operator, and s (>0) is the step size.

• Neighbourhood range update rule: In addition to the luciferin value update rule
that is illustrated in the movement phase, in GSO the glowworms use a radial
range (i.e., ð0\rid � rsÞ) update rule to explore an adaptive neighbourhood (i.e.,
to detect the presence of multiple peaks in a multimodal function landscape). Let
r0 be the initial neighbourhood range of each glowworm (i.e., ridð0Þ ¼ r0 8i),
then the updating rule is given as follows [44]:

ridðtþ 1Þ ¼ min rs; max 0; ridðtÞþ b nt � NiðtÞj jð Þ� �� �
: ð7Þ

where b is a constant parameter, and nt 2 N is a parameter used to control the
number of neighbours.
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Smart Robot Control using GSO. In [45], the authors built a team of four
wheeled-mobile robot named Kinbots, and employ GSO algorithm to fulfill the
collective robot control. In the work, they equipped their Kinbots with infrared
sensor-based interaction modules which can offer a hardware capability to perform
luciferin emission or detection and a behavior of leader-following. In a subsequent
study [46], the same authors conducted a preliminary experiment to demonstrate the
performance of GSO in robot swarm control. A set of three glowworms (i.e.,
Kinbots) A, B and C are initially located at the corners of an equilateral triangle
(side is 50 cm). Kinbots A and B remained stationary during the study, and emitted
a luciferin value of 128 and 60, respectively, while a luciferin value of 40 was
glowed by the Kinbot C. At each iteration, the sweep platform performs three tasks:
First, homes by turning clock-wise until it make a proper angle with the heading
direction of the Kinbots; Second, does a 180° scanning to acquire intensity samples
and localize the neighbors; and Third, aligns along the line-of-sight of each
neighbor to receive the luciferin value emitted by itself. The sensing phase of the
first cycle is completed at 10 s. For simplicity, the authors of [46] introduced a
maximum-neighbor selection rule that is a Kinbot chooses to move toward a
neighbor which emits maximum luciferin. The simulation results demonstrated the
suitability of applying GSO in dealing with the problem of multiple source local-
ization encountered in the domain of robot control.

4 Physics-Based CI

This section introduces a physics-based algorithm, named electromagnetism-like
mechanism (EM), which gets its inspiration from electromagnetism theory. The
representative application of EM in addressing the issue of smart robot control is
also highlighted.

4.1 Electromagnetism-Like Mechanism (EM) Algorithm

Similar to that in the elementary electromagnetism, the authors of [47] regarded
teach sample point as a charged particle that is released to a space. In the proposed
electromagnetism-like mechanism (EM) approach, the objective function value is
associated with the charge of each point which determines the magnitude of
attraction/repulsion of the point over the sample population. In other words, the
higher the magnitude of attraction, the better the objective function value. Once we
get the value of these charges, we can use them to look for a direction, usually
obtained through the evaluation of a combination force that exerts on the point via
other points, where each point can move toward in the subsequent iterations. Like
the electromagnetic forces, by adding vectorially the forces from each of the other
points, we can obtain the required force. Typically, the EM algorithm consists of
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four phases, namely, initialization, local search, total force calculation, and the
movement. For the rest of this section, we will explain them in detail.

• Initialization: This procedure is used to sample m points randomly from the
feasible domain, which is an n-dimensional hyper-cube. Each coordinate of a
point is assumed to be uniformly distributed between the corresponding upper
and lower bound. After a point is selected from the space, the objective function
value for that point is calculated using the function pointer f ðxÞ. The initial-
ization phase ends after identifying m points, and the point that carries the best
function value is stored in xbest.

• Local search: This phase is used to collect the local information for a point xi.
First, the maximum feasible step length is computed according to the parameter
d. Second, for a given i; the improvement in xi is searched coordinate by
coordinate. For a given coordinate, the point xi is assigned to a tentative point y
for storing the initial information. Third, a random number is chosen as the step
length and the point y moves along that direction. If the point y finds a better
point within local search iterations, the point xi is replaced by y and the
neighborhood search for points i terminates. Finally, updating the current best
point.

• Total force calculation: In EM, according to the superposition principle of
electromagnetism theory, point i’s power of attraction/repulsion is determined
by the charge of each point iðqiÞ via Eq. (8) [47].

qi ¼ exp �n
f xið Þ � f xbest

� �Pm
k¼1 f xkð Þ � f xbestð Þ½ �

� �
; 8i: ð8Þ

Unlike the electrical charges, no signs are attached to the charge of an individual
point in Eq. (8). Instead, the authors of [47] decided the direction of a particular
force between two points based on the comparison of their objective function
values. Accordingly, the total force Fi exerted on the point i can be calculated
via Eq. (9) [47].

Fi ¼
Xm
j 6¼i

x j � xið Þ qi � q j

x j�xik k2 if f x jð Þ\f xið Þ

xi � x jð Þ qi � q j

x j�xik k2 if f x jð Þ� f xið Þ

8><>:
9>=>;; 8i: ð9Þ

• Movement: After assessing the total force vector Fi, the point i can move in the
direction of the force by a random step length as shown in Eq. (10).

xi ¼ xi þ k
Fi

Fik k ðRNGÞ; for i ¼ 1; 2; . . .;m: ð10Þ

where k denotes the random step length and is assumed to be uniformly
distributed within ½0; 1�; and RNG is a vector whose components represent the
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allowed feasible movement toward the upper bound ðukÞ or the lower bound
ðlkÞ; respectively, for the corresponding dimension.

Smart Robot Control using EM. Autonomous mobile robots have many
possible and promising applications in routine or dangerous tasks such as inter-
planetary and underwater exploration, dust suction, and mail delivery. In the area of
assistive living robots research, one of the essential problems is the path tracking
problem which consists of designing control techniques for the purpose of assuring
that the robot can follow a predetermined path. Due to the multivariable and
nonlinear nature of this problem, the control strategies design for mobile is a very
complex task. In order to deal with this issue, in [48], the authors employed EM to
minimize the mobile robot controller’s cost function in real time manner. In mobile
robot control, the kinematic model is widely used. Normally, in the 2-dimentional
Cartesian space, the pose of the robot can be represented through Eq. (11) [48].

q ¼ ðx; y; hÞT : ð11Þ

where ðx; yÞT is the coordinate of Or in the reference coordinate system, and h is the
heading direction.

In an ideal condition, the wheels of a mobile robot are assumed non-slidable, and
thus, the kinematics model can be expressed through Eqs. (12), (13), and (14) [48].

q0ðtÞ ¼ SðqÞVðtÞ: ð12Þ

SðqÞ ¼
cos hðtÞ �d sin hðtÞ
sin hðtÞ d cos hðtÞ

0 1

24 35: ð13Þ

VðqÞ ¼ vðtÞ
wðtÞ
	 


: ð14Þ

where vðtÞ and wðtÞ denotes the agential and angular velocities of mobile robot,
respectively.

The goal of their study is to guarantee that the vehicle follows a pre-determined
referent path without the displacement error. Nevertheless, since the destination
coordinates vary with time, the authors thus placed a reference virtual robot with the
same mathematical shown in Eq. (15) [48] mode on the track.

x0ref ðtÞ ¼ vref ðtÞ cos href ðtÞ
� �

y0ref ðtÞ ¼ vref ðtÞ sin href ðtÞ
� �

w0
ref ðtÞ ¼ ahref ðtÞ=dt

:

8><>: ð15Þ
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After linearizing Eq. (15) around an operating point and subtracting Eq. (13)
from the obtained values, the proposed kinematic model of the error is stated as in
Eq. (16) [48].

~x0ðtÞ ¼ AðtÞ � ~x0ðtÞþBðtÞ � eUðtÞ: ð16Þ

where ~x ¼ x̂� x̂ref stands for the error to the reference robot, eUðtÞ ¼ UðtÞ �
Uref ðtÞ represents the control input error, matrices AðtÞ and BðtÞ are the Jabocian of
(13) in relation to ~xðtÞ and UðtÞ; respectively. By utilizing the Euler’s method and
considering the distribution, a time-variant discrete linear model can be expressed
in Eq. (17) [48].

~x0ðkþ 1Þ ¼ AðkÞ � ~x0ðkÞþ eBðkÞ � eUðkÞ: ð17Þ

where eBðkÞ is BðkÞ when adding disturbance �sed from dynamic system to this
system.

Built on aforementioned analysis, the path tracking problem considered in [48] is
interpreted in Eq. (18) [48].

�MðqÞV 0ðtÞþ �Vm q; q0ð ÞVðtÞþ �F VðtÞð Þþ�sd ¼ �Bs: ð18Þ

The authors made the comparisons between two algorithm, namely, EM and ref-
erence algorithm. From the simulation results, it is observed that the linear and
angular velocities of the target mobile robot optimized by EM method have a faster
convergence speed. The study of [48] successfully demonstrated that the EM
approach present a good performance in minimizing the cost function. The major
advantage of employing EM algorithm was, concluded at the end of [48], the ability
to provide an effective and simple predictive control strategy.

4.2 Intelligent Water Drops (IWD) Algorithm

The inspiration of intelligent water drops (IWD) algorithm comes from the water
drops that flow into rivers, lakes, and seas. The core concept is that gravitational
form of the earth drags the water drops in a river to flow towards their final
destination. The author of [49] invented this algorithm in 2007. The basic working
principles of the IWD algorithm are explained as follows [50].

• In IWD algorithm, each intelligent water drop is assumed to carry a certain
amount of the soil, soilðIWDÞ, and to flow at a current velocity, velocityðIWDÞ.
Suppose that an IWD wants to move to the node j from its current node i. The
velocity of an IWD is updated through Eq. (19) [50] which is based on the
amount of the soil on the arc between these two nodes, represented by soilði; jÞ.
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velIWDðtþ 1Þ ¼ velIWDðtÞþ
av

bv þ cv � soilb i;jð Þ if soilb i; jð Þ 6¼ bv
cv

0 otherwise
:

(
ð19Þ

where velIWDðtþ 1Þ stands for the updated velocity of an IWD at the node j,
while av; bv; and cv are constant velocity parameters which are adjustable
according to focal problems.

• Meanwhile, the time required for an IWD flowing with the velocity of to move
from its current node i to the next j; denoted by time i; j; velIWD tþ 1ð Þð Þ; can be
calculated via Eq. (20) [50].

time i; j; velIWD
� � ¼ f ði; jÞ

velIWD
: ð20Þ

• In IWD algorithm, a fast water drop removes more soil from the path it flows on
than a slower water drop which is similar to what happens in nature: fast rivers
always make their beds deeper than the slower ones. Therefore after an IWD
travels from node velIWD to node velIWD; the soil, velIWD; on the path between
these two nodes is computed through Eq. (21) [50].

soilði; jÞ ¼ q0 � soilði; jÞ � qn � Dsoilði; jÞ: ð21Þ

where q0 and qn are positive numbers fall within the interval of ½0; 1�. Another
important strategy that every IWD must have is how to select its next node. It is
assumed in the algorithm, an IWD prefers to take a path which has less amount
of soil than the other paths. Let node i be the current position of an IWD, then
the probability pIWD

j ðjÞ of choosing the path from node i to node j is calculated
using Eq. (22) [50].

pIWD
j ðjÞ ¼ f soilði; jÞð ÞP

k 62vc IWDð Þ f soilði; kÞð Þ : ð22Þ

where the inverse of the soil between nodes i and j is computed by through
Eq. (23) [50].

f soilði; jÞð Þ ¼ 1
es þ g soilði; jÞð Þ : ð23Þ

where the parameter of es is a small positive constant number (usually
es ¼ 0:01) from preventing a potential division by zero, and g soilði; jÞð Þ is
normally used to shift the soilði; jÞ on the path connecting nodes i and j towards
positive values. The mathematical expression of g soilði; jÞð Þ can be found in
Eq. (24) [50].
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gðsoilði; jÞÞ ¼
soilði; jÞ if min

l 62vc IWDð Þ
soilði; lÞð Þ� 0

soilði; jÞ � min
l 62vc IWDð Þ

soilði; lÞð Þ otherwise :

8<:
ð24Þ

• In the proposed algorithm, every created IWD is designed to move from its
initial node to the next ones until it finds a solution. At the end of each iteration,
the best solution TIB found by the IWDs within such iteration is obtained
through Eq. (25) [50].

TIB ¼ arg max
8TIWD

q TIWD
� �

: ð25Þ

• It means that the iteration-best solution TIB is the dominant solution over all
other solutions TIWD. At the end of each iteration of the IWD algorithm, the
current iteration-best solution TIB is used to update the total best solution TIB as
shown in Eq. (26) [50]:

TTB ¼
TTB if q TTBð Þ� q TIBð Þ
TIB otherwise

:

(
ð26Þ

Smart Robot Control using IWD. With the recent technological advancement,
the development of unmanned vehicular systems, in particular the unmanned
combat aerial vehicle (UCAV), have been proved to be beneficial in both military
and civilian applications. Nevertheless, the complete benefits of such unmanned
systems can only be fulfilled and utilized when their operations could achieve an
autonomous level. One of the key requirements for realizing such autonomy is the
ability of detecting internal and external changes, and reacting to them in a safe and
efficient manner, especially without the intervention from their human operators.
Under such circumstance, the trajectory planning becomes a nontrivial task.
Typically, the goal of trajectory planning is to generate a space path between an
initial location and the desired destination that has an optimal or near-optimal
performance under different constraint conditions. In [51], the authors made an
attempt to solve this imperative task by utilizing IWD algorithm. According to [51],
the focal problem can be briefly described as follows:

Suppose the flight task for an UCAV is from node TIB to node TIB. The
mathematical expression of the path connecting these two nodes is shown in
Eq. (27) [51].

Path ¼ o; L1 x1; yk1ð Þ; L2 x2; yk2ð Þ; . . .; Lm�1 xm�1; yk m�1ð Þ
� �

;A
� �

: ð27Þ

where ki ¼ 1; 2; . . .; 2nþ 1:
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The objective function used in single UCAV trajectory planning can thus be
defined according to Eq. (28) [51].

J ¼
Ztf
0

x1 � C2 þx2 � h2 þx3 � frw
� �

dt: ð28Þ

where C denotes the large cross-track deviations from the line joining the starting
and target points, frw penalizes the penetration trajectories that come dangerously
close to the known threat sites, and h minimizes the UCAV’s altitude above level h.
Since only the horizontal path optimization is taken into account in the study of
[51], the objective function is thus simplified to the form shown in Eq. (29) [51].

J ¼ Lk þ d
Xm�1

i¼1

1
dimin

: ð29Þ

where Lk is the flight distance, dimin stands for the distance from the node to the
closest threat, d is an threat avoided coefficient (in general, it is an environmental
dependent factor).

The flight distance, from node a xi; yg
� �

in vertical line Li to node b xiþ 1; yj
� �

in
vertical line Liþ 1 can be found in Eq. (30) [51].

dab ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ABj j
m

� �2

þ yj � yg
� �2s

; for j; g ¼ 1; 2; . . .; 2nþ 1: ð30Þ

Accordingly, the possible UCAV flight distance can be calculated via Eq. (31) [51]:

Lk ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ABj j
m

� �2

þ yki � 0ð Þ2
s

þ
Xm�2

ki¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ABj j
m

� �2

þ yk iþ 1ð Þ � yki
� �2s

þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ABj j
m

� �2

þ yk m�1ð Þ � 0
� �2

:

s
ð31Þ

Suppose that the number of threats is q; and each one of them is described by a
circle with the center point denoted by xi; yj

� �
and the radius of rj, the distance

between the node xi; ykið Þ and the threat j can be computed through Eq. (32) [51].

d ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xi � xj
� �2 þ yki � yj

� �2q
� rj: ð32Þ

The distance between the node xi; ykið Þ and the nearest threat can thus be computed
via Eq. (33) [51].
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dimin ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xi � xj
� �2 þ yki � y1ð Þ2

q
� r1

� �
; . . .;

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xi � xq
� �2 þ yki � yq

� �2q
� rq

� �	 

:

ð33Þ

Since the generated UCAV optimal trajectory using the proposed IWD algorithm is
normally difficult to be implemented in real flying environment due to the potential
turning points on the optimized trajectory, the authors of [51] further adopted a
class of dynamically feasible trajectory smooth strategy named k-trajectory. Finally,
a series of case studies were conducted in their study under complicated combating
environments. From the experimental results, it can be observed that the proposed
IWD algorithm can find a feasible and optimal trajectory for the single UCAV.
Meanwhile, the adopted k-trajectory approach is also every effective in smoothing
the UCAV trajectory with a small computational load and real-time simulation
possibility.

4.3 Gravitational Search Algorithm (GSA)

Gravitational search algorithm (GSA) was originally proposed by Rashedi,
Nezamabadi-pour [52]. In GSA, all the individuals can be mimicked as objects with
masses. Based on the Newton’s law of universal gravitation, the objects attract each
other by the gravity force, and the force makes all of them move towards the ones
with heavier masses. In addition, each mass of GSA has four characteristics:
position, inertial mass, active gravitational mass, and passive gravitational mass.
The first one corresponds to a solution of the problem, while the other three are
determined by fitness function. The details of GSA can be summarized as follows.

• First, considering a system with N masses (agents) where the ith mass’s position
is defined by Eq. (34) [52]:

Xi ¼ x1i ; . . .; x
d
i ; . . .; x

n
i

� �
; i ¼ 1; 2; . . .;N: ð34Þ

where xdi is the position of the ith agent in the dth dimension, and n is the search
space’s dimension.

• Second, the gravitational force ðFd
ijðtÞÞ that acting on mass i from mass j at time t

can be defined by Eq. (35) [52]:

Fd
ij tð Þ ¼ G tð ÞMpi tð Þ �Maj tð Þ

Rij tð Þþ e
xdj tð Þ � xdi tð Þ
� �

: ð35Þ

where Maj is the active gravitational mass related to agent j;Mpi is the passive
gravitational mass related to agent i;GðtÞ is gravitational constant at time t; e is a
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small constant, and RijðtÞ is the Euclidian distance between two agents i and j
defined by Eq. (36) [52]:

RijðtÞ ¼ XiðtÞ;XjðtÞ
�� ��

2: ð36Þ

• Third, for the purpose of computing acceleration of an agent i, total forces (from
a group of heavier masses) can be defined by Eq. (37) [52]:

Fd
i ðtÞ ¼

XN
j¼1;j6¼i

randjFd
ijðtÞ: ð37Þ

where randj is random number in the interval 0; 1½ �.
• Fourth, based on the total forces, the acceleration of the agent i at time t, and in

direction dth, is given by Eq. (38) [52]:

adi ðtÞ ¼
Fd
i ðtÞ

MiiðtÞ : ð38Þ

where Mii is the inertial mass of ith agent.
• Fifth, an agent’s next velocity can be computed as a fraction of its present

velocity added to its acceleration. Both agent i’s new velocity and position are
given by Eqs. (39) and (40), respectively [52]:

vdi ðtþ 1Þ ¼ randi � vdi ðtÞþ adi ðtÞ: ð39Þ

xdi ðtþ 1Þ ¼ xdi ðtÞþ vdi ðtþ 1Þ: ð40Þ

where vdi ðtÞ and xdi ðtÞ are the velocity and the position in dth dimension of agent
i at time t, respectively, and randi is an uniform random variable in the interval
0; 1½ � which adds a randomized characteristic to the search.

• Finally, after computing current population’s fitness, the gravitational and
inertial masses can be updated via Eqs. (41) and (42), respectively [52]:

miðtÞ ¼ fitiðtÞ � worstðtÞ
bestðtÞ � worstðtÞ : ð41Þ

MiðtÞ ¼ miðtÞPN
j¼1 mjðtÞ

: ð42Þ

where fitiðtÞ denotes the fitness value of the agent i at time t; bestðtÞ and worstðtÞ
are defined by Eqs. (43) and (44), respectively [52]:
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For a minimization problem:

bestðtÞ ¼ min
j2 1;...;Nf g

fitjðtÞ

worstðtÞ ¼ max
j2 1;...;Nf g

fitjðtÞ

8><>: : ð43Þ

For a maximization problem:

bestðtÞ ¼ max
j2 1;...;Nf g

fitjðtÞ

worstðtÞ ¼ min
j2 1;...;Nf g

fitjðtÞ

8><>: : ð44Þ

• Furthermore, to balance the exploration and exploitation of GSA, an agent
called kbest is employed. It is a function of time which with the initial value k0 at
the beginning and decreasing with time. In GSA, k0 is normally set to N (i.e., the
total number of agents), and kbest is decreased linearly. Finally, there will be just
one agent applying force to the others. Therefore, the Eq. (37) can be modified
as Eq. (45) [52]:

Fd
i ðtÞ ¼

XN
j2kbest ;j 6¼i

randjF
d
ijðtÞ: ð45Þ

where kbest is the set of first k agents with the best fitness value and biggest mass.
• Meanwhile, an initial value of G0 is always allocated to the gravitational con-

stant, G, which will be reduced with time as defined by Eq. (46) [52]:

GðtÞ ¼ G G0; tð Þ: ð46Þ

The steps of implementing GSA can be summarized as follows [52]:

• Step 1: Determining the system environment.
• Step 2: Randomized initialization.
• Step 3: Fitness evaluation of agents.
• Step 4: Updating the parameters, i.e., GðtÞ; bestðtÞ;worstðtÞ; and MiðtÞ for

i ¼ 1; 2; . . .;N:
• Step 5: Calculation of the total force in different directions.
• Step 6: Calculation of acceleration and velocity.
• Step 7: Updating the position of agents.
• Step 8: Repeat Steps 3–7 until the stop criteria is reached. If a specified ter-

mination criteria is satisfied stop and return the best solution.

Smart Robot Control using GSA. Although legged robots are slower and more
complicated, they have many advantages under certain conditions, such as better
adaptability to irregular terrain conditions, and better climbing and obstacle over-
crossing capability, which enable them to be more flexible than other types of
locomotive mechanisms and can thus be deployed in multitude of dynamically
changing situations. While building walking robot, stability is a key factor that
needs to be considered since it is fundamental to the overall performance of
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terrestrial locomotion. In [53], the author made an attempt to use the characteristics
of genetic and GSA to generate gait for a hexapod walking robot. The experimental
results demonstrated that, in general, the increase of fitness of transformed gaits can
be achieved in comparison with the fitness of the initial gait population. At the end
of the study, the author of [53] suggested that supplementary mechanisms can be
added for compensating the deviation of the robot path from preset trajectory.

5 Experimental Study

5.1 Scenario Settings

Since the main focus of this study falls within AAL robot, we also establish our
case study in the context of such theme. It is well known that one of the AAL
robots’ main applications is in the older person’s home, such as healthcare robots
[54–58] that are capable of monitoring health (both psychological and medical),
detection of falls, medication dispensing, communicating with older people, and
assisting physical tasks. Over the decades, the main stream of the existing studies
are focused on homogeneous robots (i.e., all individual behaviours are the same),
since it becomes easier for one robot to model other robots in the group, which in
turn can enhance the whole group’s robustness against the failure of individual
robot [59]. Nevertheless, there is much to concern the heterogeneous robot groups
[60–65] in order to provide more complicated services, such as task assignment,
distribution, and rescue. Other examples like robot soccer [66, 67] which involves a
variety of agent types, would more easily be solved with a suitable heterogeneous
oriented control approach. As a result, this study focuses on a heterogeneous robot
group in the AAL environment (i.e., smart home) with each responsible for separate
tasks, e.g. cooking, cleaning, maintenance, entertainment, etc. Under this circum-
stance, when an elderly person suddenly falls down, different functionality equip-
ped robots will form a swarm and try to help by pulling him/her to a comfortable
location.

5.2 Core Challenges Faced by the Experimental Study

In general, a heterogeneous robot group consists of robots with different designs or
functionalities that usually complement each other in order to complete tasks effi-
ciently [68]. Unfortunately, turning such concept (i.e., a heterogeneous swarm of
robots) into reality is not very easy. The core challenge for that is how the
underlying control schemes will operate, which must deal with the level of beha-
vioural control and the hardware design [68].
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Normally, the main inspiration for such swarm robots’ behavioural control
comes from the observation of social animals (e.g., ants, birds, herd, and fish), since
they are capable of self-organizing, decentralization, and emergence of collective
behaviour [69]. For example, the behaviour of ants [70] has inspired a number of
researchers in collective robotics, such as [71–75]. An interesting initiative is
“Swarmanoid” project [68, 76], which provides a modular framework for hetero-
geneous robot groups’ control. Also, a number of researchers (e.g., [65]) have
explored heterogeneity at the hardware level (e.g., different sets of sensors or
effectors). As such, in this work, we make an attempt to study the effects of a newly
developed social animal inspired algorithm (i.e., grey wolf optimizer) in controlling
a heterogeneous swarm of AAL robots.

5.3 Employed Novel CI Algorithm

In this case study, we will employ a newly developed algorithm called grey wolf
optimizer (GWO) [77] which is inspired by the grey wolves hunting and searching
behaviours. In [77], the authors classified the wolves into 4 groups, i.e., alphas,
betas, deltas, and omegas. In addition, they assumed that among the groups, alpha
(the fittest solution), beta, and delta have better knowledge about the potential
location of prey [77]. Overall, the GWO can be seen as a two-stage method, i.e.,
encircling the prey during the hunting process using hyper-cubes framework and
then employing an intensive local search mechanism for optimization. Like many
other novel CI algorithms, GWO also includes a balance between
exploitation/exploration. This offers the advantage of enhanced search ability while
maintaining adequate exploitation capability.

In the following, we describe the steps to be taken for obtaining an efficient
implementation of GWO.

• Step 1: Generate the initial the grey wolf population, Xiði ¼ 1; 2; . . .; nÞ:
• Step 2: Initialize the algorithm parameters ða;A; and CÞ via Eq. (47) [77]:

A
!¼ 2 a!� r!1 � a!

C
!¼ 2 � r!2:

ð47Þ

where A
!

and C
!

are coefficient vectors, the components of a! are linearly
decreased from 2 to 0 over the course of iterations, and r!1 and r!2 are random
vectors in ½0; 1�.

• Step 3: Evaluating the fitness value, i.e., Xa;Xb; and Xd:

• Step 4: Position correction-cooperation between current search agents by
Eqs. 48, and 49, respectively [77]:

48 B. Xing



D
!

a ¼ C
!

1 � X!a � X
!��� ���

D
!

b ¼ C
!

2 � X!b � X
!��� ���

D
!

d ¼ C
!

3 � X!d � X
!��� ���

:

8>>>><>>>>: ð48Þ

X
!

1 ¼ X
!

a � A
!

1 � D
!

a

� �
X
!

2 ¼ X
!

b � A
!

2 � D
!

b

� �
X
!

3 ¼ X
!

d � A
!

3 � D
!

d

� � :
8>>>><>>>>: ð49Þ

where D
!

is the distance of each candidate solution from the prey,

X
!

a; X
!

b; and X
!

d are the positions vector of the prey, t represents the current

iteration, and X
!

indicates the position vector of a grey wolf.
• Step 5: Updating the best location of the hunting wolves through Eq. (50) [77]:

X
!ðtþ 1Þ ¼ X

!
1 þ X

!
2 þ X

!
3

3
: ð50Þ

• Step 6: Evaluating the stopping criteria. If yes, generate output; otherwise, go
back to Step 2.

Although the GWO is designed in a very simple manner, i.e., only three main
parameters need to be adjusted, each parameter has its own functionalities. For
example, the objective for parameters a and A is to find a reasonable balance
between a too narrow focus of the search process, which in the worst case may lead
to stagnation, and a too weak guidance of the search, which can cause excessive
exploration, i.e., when Aj j\1, the wolves will attack towards the prey; otherwise,
the wolves keep searching for prey. In addition, parameter C has two features: First,
it provides random weights for prey in order to stochastically emphasize ðC[ 1Þ or
deemphasize ðC\1Þ the effect of prey in defining the distance; Second, it repre-
sents the effect of obstacles to approaching prey in nature [77].

5.4 Testing Results

To solve the focal heterogeneous robot swarm control problem, GWO is utilized to
optimize the group performance. We have four kinds of robots, namely,
inchworm-type, wheel type, crocodile-type, and caterpillar-type (see Fig. 1 for
illustration).

Initially only two types robots were employed and the time of completing the
pulling task is recorded. Later on, another type of robot was added and the duration
of task finishing is again recorded. Finally, we add one more type of robot into the
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recue group and write down the cost of time in this situation. The experimental
results are show in Fig. 2. As we can see, different time consumption and task
accuracy can be achieved in distinct robot deployment. In general, according to our
experiment, the more robots involved, the less time required and the higher task
accuracy obtained. Nevertheless, we believe this is scenario dependent and interest
readers need to tailor their own arrangement to reach the best overall system
performance.

Fig. 1 The schema of wheel-type and crocodile-type robots

Fig. 2 Preliminary experimental results
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6 Future Work

The limitations of the present work are twofold: On one hand, a widespread survey
of the applications of innovative CI presents a difficult task, because of the
extensive background knowledge that is required during the process of collection,
study, and classification of these publications. Although acknowledging a limited
background knowledge, this research makes a brief overview of literature con-
cerned with using biology- and physics-based innovative CI algorithms to deal with
robot control. On the other hand, there are also some algorithms that falls under the
other categories such as chemistry-, mathematics-based innovative CI. However,
the present study does not take them into account. This would be an immediately
research direction that need to be considered in future study. Additionally, the
presented experimental study is limited to one specific AAL scenario. The future
work of this study can be expanded to more general situations with the assistance
more comparable novel CI algorithms.

7 Conclusion

Assistive living robot development has for sure not reached its limits and there is
still a lot of work need to be done to bridge the gap between academic research and
real-world deployment. In this work, we make an attempt to take a quick investi-
gation of several innovative CI techniques and their applications in the area of robot
control which is, from the author’s perspective, the key to a successfully AAL robot
implementation. As the main contribution of this work, we aim at providing a
picture about what emerging CI algorithms are being developed and applied to
smart robot control area. It is believed that this overview can, through the scattered
literature, offer a useful research guide to other scholars who share the similar
research interests. The presented demo case also illustrates how these novel CI
algorithms can be applied to real world AAL cases.
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