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Abstract There are many different heuristic algorithms for solving combinatorial
optimization problems that are commonly described as Nature-Inspired Algorithms
(NIAs). Generally, they are inspired by some natural phenomenon, and due to their
inherent converging and stochastic nature, they are known to give optimal results
when compared to classical approaches. There are a large number of applications
of NIAs, perhaps the most popular being route planning problems in robotics—
problems that require a sequence of translation and rotation steps from start to the
goal in an optimised manner while avoiding obstacles in the environment. In this
chapter, we will first give an overview of Nature-Inspired Algorithms followed by
their classification and common examples. We will then discuss how the NIAs have
applied to solve the route planning problem.

1 Introduction

Man has always looked toward nature as an origin of insight to answer the most
complex of questions that surround us. Many complex physical phenomena that
first seem mystifying or baffling at least, can be found already being produced and
controlled in nature. A careful study of these can lead to the development of algo-
rithms and theories can be used to solve complex problems in our macro world. The
techniques that are inspired either directly or indirectly from processes observed in
nature are called Nature-Inspired Algorithms, and their applications in effective
route planning will be the main focus of this chapter.
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Every natural organism living today has gone through centuries and millennia of
evolution. This has lead to the development of those body organs which are essential
in the survival of the species in the long run, for example, turtles developed shells
to protect against other creatures, birds evolved with wings to fly, and apes and
early humans started using their front limbs to hold things. This several hundreds of
millions of years of evolution are the primary reason we look for inspiration in the
first place—for instance, we can solve complex transportation problems in toady’s
world by taking a closer look at how ants and other species look for their food in the
wild.

This chapter takes a more in-depth look at various Nature-Inspired Algorithms
(NIAs) and how we can apply them in optimisation problems, specifically route
planning. We will also discuss the walk-through of a basic NIA, along with giving
examples of several NIAs used in today’s world. This chapter concludes by giving
some insights into the motivation of taking inspirations from nature.

2 The Problem of Route Planning

Humans have reached a great deal of automation in the twenty-first century. Examples
of programmed robots range from the ones operating forklifts in Amazon warehouses,
to aerial drones supplementing the delivery of medical supplies in Rwanda and Kenya,
and rovers on the surface of Mars, Moon and other celestial bodies. All of these robots
work in complex terrains, and they have to be programmed to automatically detect
obstacles in their route, and take measures to avoid them.

The gist of the route planning problem is as follows—the agent/robot has to move
from a starting location to its goal location while avoiding any/all obstacles in its
route. Since obstacles in real world can be, and often are, random and arbitrary, their
positions cannot be accurately defined beforehand. Thus the robot has to search for
obstacles and develop alternate routes to avoid them on-the-fly. This is what makes
the problem of route planning so tricky (it is actually NP-hard), and its immense
applications in today’s world mean that route planning has become a hot research
topic in recent years.

A formal definition of route planning is given in the following section.

2.1 Overview of Route Planning

Route planning is considered as the process of identifying a sequence of transna-
tional and rotational steps that the robot must take to reach destination location from a
given source location in the shortest possible time and by avoiding collisions within
the environment which contains static as well as moving obstacles. This problem
becomes exceedingly challenging when the environment is made of dynamic obsta-
cles because it requires the route to be re-planned in real time when a new obstacle in
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discovered. Additional complexities include that the route should be simple, smooth
and should be realistic to the degree that it can be followed by an unmanned aerial
vehicle (UAV) in a practical scenario. Researchers generally consider two types of
robots for route planning: land robots are generally restricted to two-dimensional
environments. On the other hand, air and water robots have more degrees of free-
dom and can change their position in any direction in space. Due to their complexity
and immense practical applications, aerial robots have been studied the most.

Route-planning approaches can be classified on the basis of two approaches: (i)
global route planning also called offfine approach, and (ii) local route planning
or online approach [1]. In global route planning, we create a high-level route based
on a map whose current and past perceptive are known to the algorithm. It generally
produces a low-dimensional and optimised route; however, it fails to react to unknown
obstacles. Online route planning algorithms do not input any previous information
based on the environment. The route it gives, which is high-dimensional and low-
level, is only over a fragment of the total environment. This fragment can be re-routed
when a new obstacle arrives without altering the entire route. Hence, local planners
are more suited for highly changing environments.

2.2 Methods to Solve Route Planning Problems

Several methods have been proposed to provide solutions for route planning prob-
lems. These are classified into: classical methods and heuristic methods.

2.2.1 Classical Methods

Many classical methods for route planning have been proposed over the decades.
Here, we will discuss four such methods: Cell Decomposition method (CD), Potential
Field Method (PFM), Sub-goal method (SG) and Sampling-based methods.

Cell Decomposition Method This method is based on the process of dividing the
available free space in a robot’s configuration into smaller regions, also known as
cells. This process gives a simple route collision-free route [2].

Potential Field Method This method takes inspirations from the concept of potential
field in electrostatics. The agent is analogous to a charged particle, and the goal is
assigned an attractive charge. Thus, the agent will be attracted towards the goal.
The obstacles, on the other hand, are assigned a negative force with respect to the
agent. Thus, the agent will be repelled from the obstacles and move towards the goal
[3]. The general formula for finding repelling potential is altered to give a reduced
number of oscillations and avoiding improving practical concerns. An advantage of
this method is that it can be successfully extended to multiple cruise UAVs as well.
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Fig. 1 The classification of robot route planning algorithms

Sub-goal Method This method makes use of different attainable configurations from
start to the goal, while bypassing all obstacles. This method is immensely popular
for applications in robot navigation, as seen in [4].

Sampling-Based Motion Planning These schemes are especially useful in complex
real-life planning scenarios. The most influential sampling-based methods consist of
Rapidly-exploring Random Trees (RRT) and Probabilistic Road-Map (PRM) [5]. The
similarity between these two methods is the concept of randomly sampled connecting
points, however, they are different in the aspect that the graph which connects the
points is created.

Constant efforts are being made for applying classical methods to solve practical
and real-world problems. Some of the algorithms that have shown promise include
Configuration Space Collision Maps and Voronoi Diagrams. The working of these
algorithms is left to the reader as a further study [6—8]. Disadvantages of classical
approaches include their non-ability to produce optimal routes and tendency to get
stuck in local minima. The existence of multiple obstacles provides a hindrance to
well functioning of some of the environments. Hence, heuristic approaches are more
prevalent today (Fig. 1).

2.2.2 Heuristic Methods

Heuristic methods are immensely popular in the field of route-planning research
toady. Some of the standard methods are discussed below.

Neural Networks The various algorithms that come under the umbrella of neural
networks have seen an explosion in popularity in the past few years. These meth-
ods have also been applied to solve route planning problems [9]. Neural networks
are known for finding out the relations between inputs and outputs. Their work-
ing, especially in robot navigation, is categorised as: (i) interpreting input data, (ii)
enforcing techniques of obstacle avoidance, (iii) implementing route planning. A
common neural network paradigm used for training Recurrent Neural Networks
(RNN) is Reservoir Computing. The model is made up of two randomly generated
RNNs—one of which models the localisation ability and the other “learns” the nav-
igation skill. A collision-free route can also be constructed using a combination of
two neural network concepts. These are principal component analysis (PCA) and a
multi-layer perceptron (MLP).
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Fuzzy Logic The robot takes decisions with reference to a set of IF-THEN rules. It
starts by diving the task into simpler problems [10]. The cost function is calculated
and goals such as orientation of target, avoidance of obstacles and rotational move-
ment are included in the above-mentioned cost function in order to determine the
optimum steering angle 6. The mobile robot varies the weights of the cost function
and navigates through the environment.

Hybrid Algorithms Researchers have integrated neural networks with their fuzzy
counterparts in an effort to extract the positives of both the algorithms. This hybrid
is also known to show positive results.

Nature-Inspired Algorithms NIAs are the most recent addition to this vast list
of algorithms. These are generally more complex than the above-discussed algo-
rithms and required more time and computation power. However, NIAs are shown
to give more optimised and accurate answers than the above algorithms. As a result,
NIAs will constitute a major portion of the remainder of this chapter. Most NIAs
include the concept of Swarm Intelligence (SI), which is the property of a system
where the composite demeanour of unsophisticated agents interacting locally with
their environment cause orderly functional global patterns to emerge [11]. Exam-
ples of NIAs may include Particle Swarm Optimisation (PSO), Salp Swarm Algo-
rithm (SSA), Artificial Bee Colony Optimisation(ABC) and Ant Colony Optimi-
sation(ACO) among others. These algorithms, along with the concept of Swarm
Intelligence, will be discussed in further depths in the upcoming sections.

3 Nature-Inspired Algorithms

The scientific field of bionics helps us link biological processes, functions and organ-
isational principles to modern technologies. There is a diverse range of algorithms,
mathematical and meta-heuristic, developed specifically for the process of assign-
ing expertise from the biological lifeforms to human life through technology. As a
result, different kinds of optimisation algorithms have been developed which apply
the concepts found in nature to practical and research life [12]. The techniques -
Nature-Inspired Algorithms—will be the focus of this section.

3.1 Objectives of NIA

NIAs are designed with an objective of optimisation—i.e., of a problem of which
multiple solutions exist, and the interest is to determine the solution with minimum
cost. Usually, the cost here is the lowest time taken, but other factors such as lowest
distance, or a combination of the two can be considered.

Here, we describe two key factors terms useful to understand the constraints of
most optimisation problems: exploration and exploitation. Exploration consists of
finding the global optima by searching the entire search space; as the name suggests,
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we are exploring our surroundings in hopes of finding resources that are better than
what we currently have. Exploitation, on the other hand, consists of finding the local
optima in the explored solution space. We are exploiting what all resources we have
to get the best possible output. It is important to understand that these two processes
are often applied simultaneously—intense exploration does not give optimal solution
while deep exploitation traps an algorithm in local optima. Hence, a balance between
these two processes is necessary [13].

Nature-Inspired Algorithms are broadly classified into two categories: Genetic
Algorithms (GA) and Swarm Intelligence (SI). These two categories are described in
the next sections.

3.2 Genetic Algorithms

Genetic Algorithm (GA) was developed as a tool to understand the natural processes
behind millions of years of evolution. It involves a study of processes like natural
selection, crossover, and mutation, hence, they are also known as evolutionary algo-
rithms. Later these concepts are applied to optimisation problems and have their
applications in route planning.

The major inspiration behind GA has been the theory “Survival of the Fittest”
given by Charles Darwin [14]. These algorithms are able to apply natural selec-
tion, recombination and mutation so as to closely resemble the processes by living
organisms, while at the same time giving impressive results in modern research.

3.3 Swarm Intelligence

Swarm Intelligence (SI) mainly composes of three principles: evaluation, comparing
and imitation. The term evaluation denotes the capability to analyse the positive and
negative effects of property in nature. Comparing comes naturally to living beings,
wherein they compare themselves with other beings. The main purpose of these
comparisons is to bring a sense of motivation to learn and/or modify. Imitation is
defined as an effective form of learning.

Properties of a Swarm Intelligence System Following are the properties generally
seen in a Swarm Intelligence (SI) system:

1. A swarm is generally composed of many individual entities. Hence, the effects
of outliers are diminished.

2. The individuals that make up the swarm are generally homogeneous—they are
either identical or belong to only a few classifications.

3. Individuals interact among each other and share information about themselves
or what they have learnt about the environment; this sharing is either direct or
indirect.
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4. These interactions between the individual “particles” constitute the overall
behaviour of the system—the group behaviour self-organises.

Principles Involved in Swarm Intelligence Swarm Intelligence can be described
by taking into consideration the following principles [15]:

1. Proximity Principle: the individual should be placed such that it can perform
simple space and time computations.

2. Quality Principle: the individual must respond to and satisfy various quality
factors specified in the environment.

3. Diverse Response Principle: the individual should not execute its activity along
extremely limiting channels.

4. Stability Principle: the individual should never change its style of action even
though the environment may change.

5. Adaptability Principle: the individual must have the ability to change its
behaviour mode should the computational price justifies it doing so.

4 Walk-Through of an NIA

In this section, we will discuss in detail the formulations of a general Swarm Intel-
ligence NIA, and how it is applied in practice to tackle optimisation problems such
as route planning.

There are many NIAs which are used for route planning in practice. One of the
recent and most effective ones is called Salp Swarm Algorithm (SSA), proposed by
Mirjalili et al. in 2016 [16]. It is an efficient algorithm that depicts swarm intelligence
by mimicking the behaviour of groups of swarms, which are a sea creature similar to
jellyfish. Although itisrelatively easy to understand, SSA is an effective algorithm for
solving real-world problems. The problems tend to have unknown and challenging
search spaces.

4.1 The Inspiration Behind Salp Swarm Algorithm

Salps are a sea creature. They are members of the Salpidae [16] family. Salps are
known to have a barrel-shaped transparent body similar to jellyfish. Their movement
can also be compared to that of jellyfish—they both pump water through their body
and move forward as a result of the propulsion.

Salps are known to exhibit swarming behaviour, which will be of particular inter-
est to us in this chapter. A group of salps, which is formed during swarming, is known
simply as a salp chain. The primary motivation behind this swarming behaviour is
unclear, but researchers speculate the motive may be better locomotion of an other-
wise vulnerable creature in a hostile environment [17].
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4.2 Mathematical Model of SSA

To mathematically model, a natural phenomenon means to devise mathematical equa-
tions based on the observations and use these equations in software simulation pro-
grams. Before applying SSA, we first divide the salp “population” in two groups:
leaders and followers. The salp at the frontal end of the chain is termed as leader. On
the other hand all the other salps that follow the leader are called followers. The job
of the leader is to guide the salp chain and the others directly (or indirectly) follow
their leader.

We use an m-dimensional search space to characterise the locale of salps, where
m is the number of variables given. We also assume that a two-dimensional matrix,
X, is used to store the position of all salps. If the target of the entire chain is defined
by a food source, Food, then the steps to update the leader’s position is given in
Eq. 4.1

4.1)

X =

1 {Foodj + ri((upper; — lower;)r, + lower;), ifr; >0,
J

Food; —ri((upper; — lower)r, + lower;), ifr; <0,

where the position of the leader in the jth dimension is given as le- , the food source is
given as Food;, and upper; and lower; are the respective upper and lower bounds
of the jth dimension. r, r, and r3 are three random numbers into the equation.

It can be inferred from Eq. 4.1 that only the leader updates its position regarding
the food source. The most important parameter in SSA is actually r;| as it can be
adjusted to balance exploration and exploitation. ry can be obtained from Eq.‘4.2

=20 @, 42)

where N is the maximum number of iterations and » is the current iteration.

The other random numbers in Eq. 4.1, r, and r3, are uniformly generated in an
interval of [0,1]. They define whether the upcoming position in jth dimension would
be towards positive direction, or negative direction. They also indicate the step size.

The position of the followers is updated by utilising Newton’s laws of motion,
Eq. 4.3:

1—lﬂ+ t (4.3)
xj—za vol, .

where xj. is the position of ith follower salp in jth dimension, for all i > 2. Here,

t is time and vy defines the initial speed. The acceleration, a = va—o’, and velocity,
X—Xo
V= ——

=L
This Eq. 4.3 is modified relative to the SSA, and can be written as

| .
@:?4+%5, (4.4)
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where xj shows the position of ith follower salp in jth dimension, for all i > 2.
The positions of all the salps can be simulated now by using Egs. 4.1 and 4.4.

4.3 Working of SSA

To delve into the inner workings of Salp Swarm Algorithm, it is important to realise
that the leader salp alone ’leads’ the chain and the other salps simply ’follow’. The
salps chase the food source. So, if we replace the food source with global optima,
then the salp chain automatically moves in that direction. The pseudocode of SSA
algorithm can be stated as

Algorithm 2: SSA Algorithm
1: Initialise the salp population x; (i =1, 2, ..., m) considering upper and lower
2: while (end condition is not satisfied)
3: Calculate the fitness of each search agent (salp)
4: Food = the best search agent
5: Update r; by Eq. 4.2

6 for each salp (x;)

7 if(==1)

8: Update the position of the leading salp by Eq. 4.1

9 else

10: Update the position of the follower salp by Eq. 4.4

11: end

12: end

13: Amend the salps based on the upper and lower bounds of variables

14: end
15: return Food

We start the algorithm with multiple salps in random positions. We then calculate
the fitness of each salp. The best-fitness salp is assigned to the variable Food, and
it becomes the food source which is then chased by the salp chain. Now, we update
the parameter r; using Eq. 4.2. Subsequently, the position of leader salp is updated
using Eq. 4.1. Similarly, the position of the follower salp is updated using Eq. 4.4, as
described in Sect.4.2. We perform boundary check at every step, wherein we check
if any salp goes outside the boundaries of the environment. If it does, it is brought
back inside the boundary. We execute all the other steps iteratively, until a suitable
satisfaction condition is reached.
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Fig. 2 Methodology of applying SSA to route planning

One thing to note here is that salp chain can determine a better solution to the
problem through exploration and exploitation. Hence, the food source is updated
during this process. Thus, the salp chain should be able to chase a moving food
source, making it useful in a dynamic target environment.

4.4 Route Planning Using SSA

Figure 2 depicts the methodology undertaken when applying SSA to route planning.
In the route planning phase, the robot will sense the environment and broadcast
this information to the semi-centralised server, which is employed for achieving
coordination task among the robots. The received data from the server is used for
route planning and moving towards the target. If there is no collision detected, the
robot is moved to the required position and checked for target reachability. If the
collision is detected collision avoidance algorithm is run, which includes a different
strategy for dealing with the static and dynamic obstacles. After collision avoidance,
the route planning system is kicked again, and it continues.

The results obtained by applying SSA to 3D static environments are depicted in
Fig. 3. Here, the coloured blocks represent the obstacles of varying shapes and sizes,
and the agent moves from left to right, and the blue line traces its route.

SSA for dynamic environment is depicted in Fig.4. Here, the grey blocks are
static obstacles and the black dots contain dynamic obstacles. The red dots represent
the targets and the route is traced by the blue line.
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Fig. 4 Simulation of SSA in 3D dynamic environment [18]

4.5 Comparison of Results

To compare the results obtained by SSA, several other algorithms were also tested
on the same static and dynamic 3D environments: Particle Swarm Optimisation
(PSO, described in Sect.5.1), Glowworm Swarm Optimisation (GSO) and Firefly
Algorithm (FA, described in Sect.5.3). More details about the experimental setup
can be found in [19, 20].
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Table 1 Results in static 3D environment

Algorithm Population Iteration Best cost Time

PSO 20 25 8.32x10? 7.16 x 10!
GSO 20 25 9.67x10? 7.39x10!
SSA 20 25 7.86x10? 7.09x 10!

Table 2 Results in dynamic 3D environment

Algorithm Population Iteration Best cost Time
PSO 20 25 587468 588
GSO 20 25 561287 536
SSA 20 25 548139 271

For the static 3D environment given in Fig. 3, results obtained are tabulated in
Table 1.

For the dynamic 3D environment given in Fig.4, the results when the above
algorithms are applied are tabulated in Table 2.

As we can see from the above table, the SSA algorithm gives better performance
when compared in terms of cost as well as time than all the other algorithms.

5 Other Commonly Used NIAs

Apart from the Salp Swarm Algorithm (SSA), other Swarm Intelligence-based NIAs
are also used widely in practice. A few examples include Particle Swarm Optimi-
sation (PSO), Ant Colony Optimisation (ACO) and Firefly Algorithm (FA), among
others. This section briefly introduces these three algorithms.

5.1 Particle Swarm Optimisation

The PSO technique was proposed by Dr Kennedy and Dr Earhart in 1995. PSO
algorithm uses the swarming or social behaviour of flocks of birds and school of fish,
as inspiration for particle optimisation [21]. In this technique, each bird or fish is
considered as a particle, and together the school or the flock acts as a swarm. As in
the case of SSA, the particles communicate with each other by learning from their
experiences and also update themselves by searching the given space and building
their memory. PSO would find any route existing in the environment.

Researchers apply PSO to many optimisation areas. PSO has a unique and straight-
forward searching mechanism. It is computationally, efficient and relatively easy to
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implement. Briefly, there are four vectors required to represent a particle in high-
dimensional space: the current position, the best position so far, the best position
in the entire neighbourhood, and the velocity. The details of PSO are left as further
study [15].

5.2 Ant Colony Optimisation

Ant Colony Optimisation (ACO), as the name suggests, aims to depict the behaviour
of ants in their natural environment [1]. Ants form colonies, which is analogous to
swarm in case of SSA. The ants communicate between each other, and this allows
them to compute the shortest route. This corresponds to the route between their nest
(hive) and food source. Ants deposit a chemical substance called pheromone along
their route. More ants follow the same route, the quantity of pheromone deposited
grows and hence other ants can check out the higher pheromone-containing route.
Pheromone evaporates with time, so only the most popular routes remain after some
time.

As aresult, the ACO algorithm works best when the source and destination of the
problem are specific and clearly defined. The main steps for the ACO algorithm are
as follows:

We generate and initialise the ants.

Iterate for each ant (break when we find the goal, or a stopping criteria is met).
Accumulate pheromone deposit along the visited route.

Daemon activities.

Evaporate the pheromone content of less popular route after some time.

M

5.3 Firefly Algorithm

The firefly algorithm was given by Xin-She Yang in 2008 [22]. It finds the global
solution of an optimisation problem by swarm intelligence based on the flashing
behaviour of fireflies. The firefly’s flash operates as a signal to communicate with
and warn other fireflies.

Similar to other algorithms of its kind, FA begins by generating random initial
populations that can have feasible candidate solutions. The aim is that knowledge is
collectively shared among all fireflies in the population. This guides the search for
the best solution in the search space. Each particle has the capability to move in a
multi-dimensional space and an attractiveness that is actively updated based on the
knowledge of other fireflies and neighbours [23].
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6 The Motivation from Nature

Now that we have given insights into some of the standard Nature-Inspired Algo-
rithms, it is the right time to discuss the rationale behind using them for optimi-
sation problems. NIAs are often more complex and time taking than conventional
algorithms. Moreover, most NIAs are often less intuitive or require a great deal of
research before devising the mathematical model to use them correctly.

However, NIAs are being used rapidly in many optimisation problems. We as
humans love to explore and exploit the strengths of nature in almost every domain.
A similar act in this domain can help researchers to make the best out of NIA and
identify potential solutions for complex real-world scenarios. Moreover, to discover
new methods and to improve the previous, the potential merits of interdisciplinary
research are highlighted.

In the following sections, we dive a little deeper into the process of evolution
in nature and related consider processes. Further, we describe the importance of
metaphor in algorithm research along with, the way nature attains and provides
encouragement for creativity. This section focuses on the aspects that we recognise
as interesting and relevant, but it should not be considered as the only exhaustive
resource which nature provides us.

6.1 Natural Selection and Optimisation

Darwin’s theory is quite often quoted as, one of, if not the most important scientific
theory in the nineteenth century. This can be attributed to the fact that this theory
uses relatively simple rules of reproduction, mutation and selection, and combines
then in a powerful way.

According to this theory, the fittest animals are ones who have superior problem-
solving abilities. These abilities are the source of strong inspiration for many popular
meta-heuristic-based optimisation algorithms. Although it is hard to say precisely
what is being optimised by natural selection, we do observe it has produced certain
useful features—adaptation, efficiency and generality. A detailed analysis of these
features is left as further study [24].

6.2 Complex Systems and Emergent Behaviour

The presence of high-level function that develops due to the interaction among ele-
ments is termed as emergent behaviour. If the behaviour of the whole and not merely
of its parts (i.e., no-linear aggregate behaviour), then it is said to be a case of
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emergent behaviour. This, however, does not rule out a deterministic relationship
between the parts and the whole.

Nature has the advantage of trial and error—a few hundred million years as such—
and it enables nature for producing useful emergent behaviour by devising some rules.
The rules often can be a student by an algorithm designer—with the possible help
of a biological researcher—and be extracted into mathematical models, useful for
generating computer algorithms.

In this way, algorithms that are simple enough to code can be generated from rel-
atively complex processes. These emergent approaches to optimisation are also well
suited to parallel computation, and as such, capable of utilising recent developments
in the field.

6.3 Natural Metaphors

We, humans, tend to search for patterns in every facade of life. Researchers have
found similar patterns between domain-specific problems and those which exist in
nature. This has made us realise how nature solves a particular problem and harness
that knowledge. Additionally, this natural metaphor enables us to think abstractly
about different solutions.

7 Summary

It may come as no surprise that NIAs have a wide variety of applications in real-
life scenarios. There has been tremendous growth in the domain of nature-inspired
science in recent decades. These algorithms are often used for investigating nature
by using computer simulations. This chapter provided a general walk-through of a
nature-inspired algorithm as well as gives their detailed analysis and implementation
onroute planning problems. We hope that more researchers would take up this topic in
the future, and the development of new and upgraded algorithms to solve fundamental
human problems would be more in commonplace.

In conclusion, we would like to quote David Perkins in Archimedes’ Bathtub by
saying [25]:

Mother Nature may re-purpose, but do we see the full pattern of breakthrough thinking in
nature — the long search, little apparent progress, the precipitating event, some non-mental
equivalent of the cognitive snap, and transformation? Arguably, yes!



230 P. Saxena et al.

References

1. T.T. Mac et al., Heuristic approaches in robot path planning: A survey. Robot. Autonom. Syst.
86, 13-28 (2016)

2. J.Rosell, P. Iniguez, Path planning using harmonic functions and probabilistic cell decomposi-
tion, in Proceedings of the 2005 IEEE International Conference on Robotics and Automation
(IEEE, 2005)

3. F.A. Cosio, M.A. Padilla Castaneda, Autonomous robot navigation using adaptive potential
fields. Math. Comput. Model. 40(9-10), 1141-1156 (2004)

4. N.N. Singh, A two-layered subgoal based mobile robot navigation algorithm with vision system
and IR sensors. Measurement 44(4), 620-641 (2011)

5. J. Lee, O. Kwon, L. Zhang, S.E. Yoon, A selective retraction-based RRT planner for various
environments. IEEE Trans. Robot. 30(4), 1002-1011 (2014)

6. B.Lau, C. Sprunk, W. Burgard, Efficient grid-based spatial representations for robot navigation
in dynamic environments. Robot. Autonom. Syst. 61(10), 1116-1130 (2013)

7. B. Park, J. Choi, W.K. Chung, An efficient mobile robot path planning using hierarchical
roadmap representation in indoor environment, in 2012 IEEE International Conference on
Robotics and Automation (IEEE, 2012)

8. V.R. Desaraju, J.P. How, Decentralized path planning for multi-agent teams in complex envi-
ronments using rapidly-exploring random trees, in 2011 IEEE International Conference on
Robotics and Automation (IEEE, 2011)

9. A.-M. Zou et al., Neural networks for mobile robot navigation: a survey, in International
Symposium on Neural Networks (Springer, Berlin, 2006)

10. H. Chang, T. Jin, Command Fusion Based Fuzzy Controller Design for Moving Obstacle
Avoidance of Mobile Robot. Future Information Communication Technology and Applications
(Springer, Dordrecht, 2013), pp. 905-913

11. N.S. Pal, S. Sharma, Robot path planning using swarm intelligence: a survey. Int. J. Comput.
Appl. 83(12), 5-12 (2013)

12. H.Zang, S. Zhang, K. Hapeshi, A review of nature-inspired algorithms. J. Bion. Eng. 7, S232—
$237 (2010)

13. P. Agarwal, S. Mehta, Nature-inspired algorithms: state-of-art, problems and prospects. Int. J.
Comput. Appl. 100(14), 14-21 (2014)

14. A. Parashar, K.K. Swankar, Genetic algorithm using to the solution of unit commitment. Int.
J. Eng. Trends Technol. 4(7), 2986-2990 (2013)

15. S.Binitha, S. Siva Sathya, A survey of bio inspired optimization algorithms. Int. J. Soft Comput.
Eng. 2(2), 137-151 (2012)

16. S. Mirjalili et al., Salp swarm algorithm: a bio-inspired optimizer for engineering design prob-
lems. Adv. Eng. Softw. 114, 163-191 (2017)

17. P.A.V. Anderson, Q. Bone, Communication between individuals in salp chains. II. Physiology.
Proc. R. Soc. Lond. Ser. B. Biol. Sci. 210(1181), 559-574 (1980)

18. M.D. Solomon, A development of a real-time hierarchical 3D path planning algorithm for
unmanned aerial vehicles, https://github.com/mds1/path-planning/tree/master/paper

19. P.Pandey, A. Shukla, R. Tiwari, Three-dimensional path planning for unmanned aerial vehicles
using glowworm swarm optimization algorithm. Int. J. Syst. Assuran. Eng. Manag. 9(4), 836—
852 (2018)

20. R.K. Dewangan, A. Shukla, W. Wilfred Godfrey, Three Dimensional path planning using Grey
wolf optimizer for UAVs. Appl. Intell. 49(6), 2201-2221 (2019)

21. H.I. Kang, B. Lee, K. Kim, Path planning algorithm using the particle swarm optimization
and the improved Dijkstra algorithm, in 2008 IEEE Pacific-Asia Workshop on Computational
Intelligence and Industrial Application, vol. 2 (IEEE, 2008)

22. X.-S. Yang, Nature-Inspired Metaheuristic Algorithms (Luniver Press, 2010)


https://github.com/mds1/path-planning/tree/master/paper

Route Planning Using Nature-Inspired Algorithms 231

23. D.I. Esa, A. Yousif, Scheduling jobs on cloud computing using firefly algorithm. Int. J. Grid
Distrib. Comput. 9(7), 149-158 (2016)

24. K.C.B. Steer, A. Wirth, S.K. Halgamuge, The rationale behind seeking inspiration from nature,
in Nature-Inspired Algorithms for Optimisation (Springer, Berlin, 2009), pp. 51-76

25. D.N. Perkins, Archimedes’ Bathtub: The Art and Logic of Breakthrough Thinking (W.W. Nor-
ton, 2000). ISBN 10.9780393047950



	 Route Planning Using Nature-Inspired Algorithms
	1 Introduction
	2 The Problem of Route Planning
	2.1 Overview of Route Planning
	2.2 Methods to Solve Route Planning Problems

	3 Nature-Inspired Algorithms
	3.1 Objectives of NIA
	3.2 Genetic Algorithms
	3.3 Swarm Intelligence

	4 Walk-Through of an NIA
	4.1 The Inspiration Behind Salp Swarm Algorithm
	4.2 Mathematical Model of SSA
	4.3 Working of SSA
	4.4 Route Planning Using SSA
	4.5 Comparison of Results

	5 Other Commonly Used NIAs
	5.1 Particle Swarm Optimisation
	5.2 Ant Colony Optimisation
	5.3 Firefly Algorithm

	6 The Motivation from Nature
	6.1 Natural Selection and Optimisation
	6.2 Complex Systems and Emergent Behaviour
	6.3 Natural Metaphors

	7 Summary
	References




