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Nature-inspired optimization algorithms are a recent topic
of research, and they are based on using some nature-
inspired behaviors to solve optimization problems. Cur-
rently, a large number of approaches have been developed in
this area, such as particle swarm optimization, bat algorithm,
ant colony optimization, bee colony, dolphin algorithm, wolf
search, flower pollination algorithm, and cat swarm.
However, how to design efficient nature-inspired algorithms
and how to use these algorithms for real-world application
problems in control and robotics are still important issues.
In particular, the design of neuro-fuzzy models, like type 2
fuzzy neural networks, type 1 fuzzy neural models, and
intuitionistic fuzzy neural networks, has some current in-
terest. In addition, new emerging neural models have been
recently proposed. In all these models, a common problem is
how to obtain an optimal structure, which can be handled by
nature-inspired optimization algorithms. &is special issue
aims to bring researchers to report their latest research work
on development of new nature-inspired algorithms or in-
novative applications of existing algorithms in the design of
neural models for real-world applications in control and
robotics, with an ultimate goal of exploring future research
directions. In this special issue, we have five papers selected
after a careful reviewing process. &e five papers are rep-
resentative of the current state of the art in this area.

G. López-Vázquez et al. present a grammatical evolu-
tion- (GE-) based methodology to automatically design
third-generation artificial neural networks (ANNs), also
known as spiking neural networks (SNNs), for solving su-
pervised classification problems. &e proposal performs the
SNN design by exploring the search space of three-layered

feedforward topologies with configured synaptic connec-
tions (weights and delays) so that no explicit training is
carried out. Besides, the designed SNNs have partial con-
nections between input and hidden layers which may
contribute to avoid redundancies and reduce the di-
mensionality of input feature vectors. &e proposal was
tested on several well-known benchmark datasets from the
UCI repository and statistically compared against a similar
design methodology for second-generation ANNs and an
adapted version of that methodology for SNNs; also, the
results of the two methodologies and the proposed one were
improved by changing the fitness function in the design
process. &e proposed methodology shows competitive and
consistent results, and the statistical tests support the con-
clusion that the designs produced by the proposal perform
better than those produced by other methodologies.

On the other hand, R. Soto et al. presented a binary cat
swarm optimization for solving the manufacturing cell
design problem (MCDP).&is problem divides an industrial
production plant into a certain number of cells. Each cell
contains machines with similar types of processes or part
families. &e goal is to identify a cell organization in such a
way that the transportation of the different parts between
cells is minimized. &e organization of these cells is per-
formed through cat swarm optimization, which is a recent
swarm metaheuristic technique based on the behavior of
cats. In that technique, cats have two modes of behavior:
seeking mode and tracing mode, selected from a mixture
ratio. For experimental purposes, a version of the autono-
mous search algorithmwas developed with dynamicmixture
ratios. &e experimental results for both normal binary cat
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swarm optimization (BCSO) and autonomous search BCSO
reach all global optimums, both for a set of 90 instances with
known optima and for a set of 35 new instances with 13
known optima.

C. Zhang et al. proposed the ionic liquid gel (ILG), a new
type of soft actuator material, which is a mixture of 1-butyl-
3-methylimidazolium tetrafluoroborate (BMIMBF4),
hydroxyethyl methacrylate (HEMA), diethoxyacetophenone
(DEAP), and ZrO2 polymerized into a gel state under ul-
traviolet (UV) light irradiation. &e soft actuator structure
consists of a layer of ionic liquid polymer gel sandwiched
between two layers of activated carbon capped with gold foil.
&e volume of the cationic BMIM+ in the ionic liquid
BMIMBF4 is much larger than that of the anionic BF4−.
When voltages are applied to both sides of the actuator, the
anions and cations move toward the anode and cathode of
the electrode, respectively, under the electric field. &e
volume of the ILG cathode side therefore expands and the
volume of the ILG anode side shrinks, hence bending the
entire actuator toward the anode side.&e Ogden model was
selected as the hyperelastic constitutive model to study the
mechanical properties of the ILG by nonlinear analysis. As
the ILG is an ideal material for the preparation of a
supercapacitor, the equivalent circuit of the ILG can be
modeled by the supercapacitor theory to identify the transfer
function of the soft actuator. &e central pattern generator
(CPG) control is widely used in the area of biology, and
CPGs based on bioinspired control methods have attracted
great attention from researchers worldwide. After the
continuum soft actuator is discretized, the CPG-based
bioinspired method can be used to control the soft robot
drivers. According to the simulation analysis results, the soft
actuator can be smooth enough to reach the specified
location.

Q. Zhu et al. proposed a novel motion planning method
for autonomous ground mobile robot to address dynamic
surroundings, nonlinear program, and robust optimization
problems. A planner based on recurrent fuzzy neural net-
work (RFNN) is designed to program trajectory and motion
of mobile robot to reach target. And, obstacle avoidance is
achieved. In RFNN, inference capability of fuzzy logic and
learning capability of neural network are combined to
improve nonlinear programming performance. Recurrent
frame with self-feedback loops in RFNN enhances stability
and robustness of the structure. Extended Kalman filter
(EKF) is designed to train weights of RFNN considering
kinematic constraint of autonomous mobile robot as well as
target and obstacle constraints. EKF’s characteristics of fast
convergence and little limit in training data make it suitable
to train the weights in real time. Convergence of the training
process is also analyzed in this paper. Optimization tech-
nique and update strategy are designed to improve robust
optimization of the system in dynamic surroundings.
Simulation experiment and hardware experiment are
implemented to prove effectiveness of the proposed method.
Hardware experiment is carried out on a tracked mobile
robot. Omnidirectional vision is used to locate the robot in
the surroundings. Forecast improvement of the proposed
method is then discussed at the end.

Finally, C. Sepúlveda et al. proposed a population
pharmacokinetic (PopPK) model allowing the researchers to
predict and analyze the drug behavior in a population of
individuals and to quantify the different sources of vari-
ability among these individuals. In the development of
PopPK models, the most frequently used method is the
nonlinear mixed effect model (NLME). However, once the
PopPK model has been developed, it is necessary to de-
termine if the selected model is the best one of the developed
models during the population pharmacokinetic study, and
this sometimes becomes a multiple criteria decision making
(MCDM) problem; frequently, researchers use statistical
evaluation criteria to choose the final PopPK model. &e use
of the evaluation criteria mentioned above entails big
problems since the selection of the best model becomes
susceptible to the human error mainly by misinterpretation
of the results. To solve the previous problems, we introduce
the development of a software robot that can automate the
task of selecting the best PopPK model considering the
knowledge of human expertise. &e software robot is a fuzzy
expert system that provides a method to systematically
perform evaluations on a set of candidate PopPK models of
commonly used statistical criteria. &e presented results
strengthen our hypothesis that the software robot can be
successfully used to evaluate PopPK models, ensuring the
selection of the best PopPK model.
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/is paper presents a grammatical evolution (GE)-based methodology to automatically design third generation artificial neural
networks (ANNs), also known as spiking neural networks (SNNs), for solving supervised classification problems. /e proposal
performs the SNN design by exploring the search space of three-layered feedforward topologies with configured synaptic
connections (weights and delays) so that no explicit training is carried out. Besides, the designed SNNs have partial connections
between input and hidden layers which may contribute to avoid redundancies and reduce the dimensionality of input feature
vectors. /e proposal was tested on several well-known benchmark datasets from the UCI repository and statistically compared
against a similar designmethodology for second generation ANNs and an adapted version of that methodology for SNNs; also, the
results of the two methodologies and the proposed one were improved by changing the fitness function in the design process. /e
proposed methodology shows competitive and consistent results, and the statistical tests support the conclusion that the designs
produced by the proposal perform better than those produced by other methodologies.

1. Introduction

Artificial neural networks (ANNs) have been successfully
used in theoretical and practical fields to solve several kinds of
problems (e.g., classification [1, 2], robotic locomotion [3, 4],
and function approximation [5, 6]). Basically, ANNs are
characterized by computing units which are interconnected
through communication links that serve to send and/or re-
ceive messages of some data type [7]; these elements define
what is known as their architecture or topology. /ere can be
distinguished three generations of ANNs according to their
computing units [8], which are capable to solve problems of
digital (ANNs from 1st to 3rd generation), analogical (ANNs
from 2nd to 3rd generation), and spatiotemporal (ANNs
from 3rd generation) nature. /e first generation is based on

threshold units such as McCulloch–Pitts neurons [9] or
perceptrons [10]. /e second generation is based on com-
puting units that apply continuous activation functions
(e.g., sigmoid or hyperbolic tangent functions); ANNs of this
generation can be trained with gradient descent-based al-
gorithms such as the backpropagation learning rule [11]. /e
third generation is based on spiking neurons (see [12] for a
detailed reference) such as integrate and fire model [13] or
Hodgkin–Huxley neuron [14]; ANNs of this generation are
known as spiking neural networks (SNNs), and these are the
kinds of ANNs worked in this paper.

Usually, the implementation of an ANN to solve a
specific problem, regardless the generation it belongs to,
requires of human experts who define the ANN’s topological
elements, the learning rule, and its parameters, among other
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design criteria. /e experts perform such a design process
either empirically, following some rule of thumb or by trial
and error; this is due because there is a lack of a well-
established methodology to set up the ANN design for a
given problem. It is well-known that the good performance
of ANNs is strongly related to their design and related
criteria; thus, design of an ANN may stand for a challenge.
Several studies have explored the learnability issues of ANNs
related to their design; for example, combinatorial problems
that arise related to the design of feedforward ANNs [15] or
the problems that ANNs with fixed architectures may face
when learning a specific problem [7, 16–19]. Insights have
been given to ease or enhance learnability of ANNs, for
example, by applying constraints to the task to be learned or
to the ANN’s architecture [7, 15]. As an example of con-
straints applied to the ANNs’ architecture, partially con-
nected ANNs have shown equal or better performance than
their fully connected version; among other interesting
benefits, there are reduction of the network complexity and
its training and recall times [20]. Another insight is to
develop algorithms capable of changing the architecture of
an ANN during the learning process [7, 15].

Nowadays, evolutionary artificial neural networks
(EANNs) are a special class of ANNs which are the result of
using evolutionary algorithms (EAs), or other kinds of
metaheuristic methods, for adapting the design of ANNs
according to a specific task or problem; this is achieved by
optimizing one or several of their design criteria (also the
term Neuroevolution has been used to refer to this kind of
designmethod)./us, the EANNs, in somemanner, allow us
to avoid or overcome the learnability issues related to ANN
architectures and to prescind, partially or completely, of
human experts (see [21–24] for comprehensive reviews).
/ere are four main approaches of deploying EANNs [25] by
means of weight optimization [26–28], topology structure
optimization [25, 29–31], weight and topology structure
optimization [32–38], and learning rule optimization
[39, 40]. Most of the work made on EANNs is focused on
deploying ANNs from the first and second generations.

Recently, efforts to use SNNs for solving real problems
from engineering and industry are increasing because of
interesting characteristics of spiking neurons, such as their
greater computational power than that of less plausible
neuron models and SNNs can solve problems with fewer
computing units than those of ANNs from previous gener-
ations [19, 41]. Although there are learning rules to adapt
parameters of SNNs, such as SpikeProp [42], the use of
metaheurstic algorithms is a common practice to adapt their
parameters or define design criteria because they overcome
drawbacks of such learning rules [43] and allow us to handle
the greater variety of design criteria (parameters of neuron
models and synapses, types of synapses, topology’s wiring
patterns, encoding scheme, etc.) that these kinds of ANNs
present; in this work, the combination of SNN and meta-
heuristic algorithms is referred as evolutionary spiking neural
networks (ESNNs). In [44–48], the synaptic weights of a
single spiking neuron, e.g., integrate and fire model [13] or
Izhikevich model [49], are calibrated by means of algorithms
such as differential evolution (DE) [50], particle swarm

optimization (PSO) [51], cuckoo search algorithm (CSA) [52],
or genetic algorithm (GA) [53] to perform classification tasks;
the spiking neuron performs the classification by using the
firing rate encoding scheme as the similarity criterion in order
to assign the class to which an input pattern belongs. Other
works, in [43, 54–57], three-layered feedforward SNNs with
synaptic connections were implemented, which are formed by
a weight and a delay, to solve supervised classification
problems through the use of time-to-first-spike as a classi-
fication criterion; in these works, the training has been carried
out by means of evolutionary strategy (ES) [58, 59] and PSO
algorithms. An extension of previous works is made in
[60, 61], where the number of hidden layers and their
computing units are defined by grammatical evolution (GE)
[62] besides the metaheuristic learning. More complex SNN
frameworks have been developed and trained with meta-
heuristics (such as ES) to perform tasks such as visual pattern
recognition, audio-visual pattern recognition, taste recogni-
tion, ecological modelling, sign language recognition, object
movement recognition, and EEG spatio/spectrotemporal
pattern recognition (see [63] for a review of these frame-
works). /e robotic locomotion is solved through SNNs
designed by metaheuristics in [60, 64, 65]; in these works,
both the connectivity pattern and synaptic weights of each
Belson–Mazet–Soula (BMS) [66] neuron model into SNNs
called spiking central pattern generators (SCPGs) are defined
through GE or Christiansen grammar evolution (CGE) [67]
algorithms; all individual designs are integrated to define the
SCPGs that allow the locomotion of legged robots.

/e present paper proposes a design methodology for
three-layered feedforward ANNs of the third generation for
solving supervised classification problems. /e design
methodology incorporates partial connectivity between input
and hidden layers, which contribute to reduce the topological
complexity of the ESNNs; in addition, partial connectivity
may also contribute to reduce the number of features of the
input vector, thus indirectly performing dimensionality re-
duction. /e proposal explores the search space of three-
layered feedforward topologies with configured synaptic
connections; thus an explicit learning process is not required.
/is kind of design methodology has been previously pro-
posed for ANNs from first and second generations, and they
can be considered as a design of composed functions. To the
best of the authors’ knowledge, this is the first attempt to
perform the design of SNNs that define the number of
computing units and their configured connectivity patterns
(weights and delays). /e rest of the paper is organized as
follows: Section 2 explains the proposed methodology and its
constituent methods. /e experimental configuration of the
proposal and other methodologies used for comparison and
their results are in Section 3. In Section 4, the results of the
proposed methodology are statistically compared to those of
other methodologies. Finally, Section 5 contains the con-
clusion of the paper and future work based on it.

2. Design Methodology and Concepts

/is paper proposes a framework to design partially con-
nected spiking neural networks (SNNs) for solving
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supervised classification problems. Such proposed frame-
work requires the following elements: a temporal encoding
scheme to transform original input data into a suitable form
for the network; a context-free grammar in Backus–Naur
form (BNF grammar) to guide the generation of neural
network words and a mapping process to transform ge-
notype of individuals into functional network designs; a
fitness function and a target definition to determine the
performance of proposed networks, and a search engine to
optimize the solutions. A general diagram of the meth-
odology can be seen in Figure 1.

2.1. Spiking Neural Networks. /e spiking neural networks
(SNNs) constitute the third generation of ANNs because of
the inclusion of the firing time component in their com-
putation process [8].

2.1.1. Spike Response Model. /e spike response model
(SRM) is employed in this framework as basis for the SNN.
/e SRM fires (i.e., produces a spike) whenever the state of
its membrane potential surpasses the firing threshold (θ). In
the SRM, its membrane potential is calculated through time
as a linear summation of postsynaptic potentials (PSPs)
(excitatories and/or inhibitories), which are caused by im-
pinging spikes arriving to a neuron through its presynaptic
connections (Figure 2); each PSP is weighted and delayed by
its synaptic connection.

/e membrane potential x of neuron j at time t is cal-
culated as the weighted (wji) summation of contributions
(yi(t)) from its connecting presynapses (Γj), as in the fol-
lowing equation:

xj(t) � 
i∈Γj

wjiyi(t).
(1)

/e unweighted contribution yi(t) is described by
equation (2), in which the function ε(t− ti −dji) describes a
form of the PSPs generated by impinging spikes coming
from the presynaptic neuron i at the simulation time (t). /e
parameters of the presynaptic connection i are: the firing
time ti and synaptic delay dji:

yi(t) � ε t− ti − dji . (2)

/e spike response function ε(t) describes the form of
PSPs, and it is defined in the following equation, where τ
represents the membrane potential time constant that de-
fines the decay time of the postsynaptic potential:

ε(t) �

t

τ
e
1−t/τ

, if t> 0,

0, else.

⎧⎪⎪⎨

⎪⎪⎩
(3)

2.2. Temporal Encoding. Due to the nature of the employed
neural model, original features from the dataset must be
transformed into spikes prior to introducing them into the
network. For such purpose, the one-dimensional encoding
in the following equation is employed [56]:

Y(f) �
(b− a)

r
∗f  +

(a∗M)−(b∗m)

r
 , (4)

where Y is the spike temporal value, f is the original feature
value, [a, b] are the lower and upper temporal interval limits
of the encoding, whereas M and m hold the maximum and
minimum values that the f variable takes, respectively, and r
is the range between M and m. /is encoding method
preserves the dimension of the samples in the dataset, while
providing a temporal representation of the scalar values of
the dataset suitable for insertion in the network.

2.3. Grammatical Evolution (GE). Grammatical evolution is
an evolutionary algorithm based on the combination of
genetic algorithms and context-free grammars [68]. It
employs a BNF grammar relating to the problem, a mapping
process to obtain the functional form of solutions, and a
search engine to drive the search process.

2.3.1. BNF Grammar. /e Backus–Naur form (Figure 3) is
employed to define the topology of the network and its
parameters. Any word produced by this grammar includes
an arbitrary number of hidden neurons and some specific
pre- and postsynapses with their respective parameters. /e
opening curled bracket symbol ({) indicates the division
between hidden neurons, while the opening parenthesis (()
marks the different synapses, and the at symbol (@) precedes
the synapse-specific weight and delay values.

Figure 4 illustrates an example of a word generated by
the proposed grammar and its corresponding network to-
pology. By relating the word with its network topology, the
word has two “{” symbols (see end of each row), implying
that the network has two hidden neurons. In this case, each
row has two “(” symbols meaning three synaptic configu-
rations (but it can vary for each hidden neuron), where the
first and second synaptic configurations represent connec-
tions with neurons from the input layer, and the last con-
figuration marks the synapse with the output layer; each
synaptic configuration is formed by a neuron identifier, a
synaptic weight, and a delay. In Figure 4, each presynaptic
neuron and its synaptic connection with a postsynaptic
neuron are portrayed in the same color to clarify the reading
of the transformation process from a word to a network
topology.

2.3.2. Mapping Process. /emapping process transforms an
individual from its genotypic form into its phenotypic form
to represent a functional network. /e depth-first mapping
process—employed in this framework—is the standard in
GE; basically, it begins by deriving (i.e., replace it by one of
its productions) the left-most nonterminal symbol (initially,
<architecture> non-terminal symbol) until all nonterminal
symbols in depth are derived and then moves to the current
left-most nonterminal. /e process continues until either
nonterminals are depleted, or all elements of the genotype
have been used.
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2.3.3. Search Engine. Several population-based meta-
heuristic algorithms can be used as the search engine of
grammatical evolution. /e well-known genetic algorithm
(GA) and differential evolution (DE) are used in this
framework [69].

2.4. Fitness Function. Two different fitness functions are
considered to provide a measure of the ability of the so-
lutions to solve the problem:

(1) /e squared error is as defined in the following
equation, where P is the total number of training

Dataset
Temporal
encoding

Grammatical evolution

Neural network word
generation SNN

design

Determine SNN
performance

Optimize

BNF
grammar

Fitness
function

Target

Search
engine

Partially connected
spiking neural network

Mapping
process

Figure 1: General diagram for the proposed framework.
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Figure 2: Membrane potential of neuron j: linear summation of PSPs [55].
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Figure 3: Proposed BNF grammar for designing partially connected SNNs.
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Figure 4: Example of a word generated by the proposed grammar
and its corresponding network topology.
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patterns, O is the number of neurons in the output
layer, ta

o(p) is the actual firing time, and td
o (p) is the

desired firing time of neuron o:

Es � 
P

p



O

o

t
a
o(p)− t

d
o (p) 

2
. (5)

(2) /e accuracy error of the training subset is as in the
following equation, where C is the number of correct
predictions and T is the total of predictions:

Ea � 1−
C

T
 . (6)

Both fitness functions are designed to be minimized.

2.5. Target. In order to obtain a prediction, a particular
firing time is assigned to each class in the dataset employed,
resulting in a desired time-to-first spike for every sample
belonging to a specific class.

3. Experiments and Results

Twelve supervised classification benchmark datasets from
the UCI Machine Learning Repository [70] were consid-
ered for experimentation: Balance Scale, Blood Transfusion
Service Center (Blood), Breast Cancer Wisconsin (Breast
Cancer), Japanese Credit Screening (Card), Pima Indians
Diabetes (Diabetes), Fertility, Glass Identification (Glass),
Ionosphere, Iris Plant, Liver Disorders (Liver), Parkinson,
and Wine. Table 1 shows the details of the datasets
employed.

Each dataset was randomly divided into two subsets of
approximately the same size, accounting for the instances of
each class to be evenly distributed between the subsets. One
of these subsets is assigned to be the design set, while the
other is to be the test set.

/en, the design set is employed to carry out the GE,
while the test set is reserved to prove the performance of the
best solution provided by the evolutionary process.

Aiming to compare the performance between neural
models from different generations in solving pattern rec-
ognition tasks, six different configurations were considered,
as shown in Table 2, observing the following details:

(i) α configurations employ the parameters defined in
[35], focusing on developing second-generation
partially connected ANNs

(ii) β configurations aim to be an homology of α
configurations but used to produce third-generation
partially connected ANNs

(iii) c configurations are defined as β configurations but
employing DE as search engine instead of GA

Parameters between configurations were matched to
make a comparison as fair as possible. Furthermore, con-
figurations labeled with subscript 1 look upon the squared

error as the fitness function to guide the evolutionary
process, while configurations labeled with subscript 2
consider the accuracy error of the design set.

In order to guarantee statistical significance, the central
limit theorem [71] is satisfied by performing 33 experiments
for each configuration. Specific parameters used in this
framework for configurations β and c are provided next.

Temporal Encoding: /e one-dimensional encoding
scheme observes a temporal range from 0.01 to
9milliseconds (ms).
SRM: membrane potential time constant τ � 9; target:
{12ms, 15ms, 18ms, . . . .} (depending on the number of
classes in the dataset); simulation time [10ms, target of
the last class plus two]; threshold θ� 1millivolts (mV);
weight range∈ [−999.99, 999.99]; and delay range∈ [0.01,
19.99] (ms).
GA: binary search space [0, 1], codon size� 8; individual
dimension� 4000 (500 codons); population size� 100;
function calls� 1,000,000; K-tournament (K� 5) se-
lection operator; elitism percentage� 10%; one-point
crossover operator; mutation: bit-negator mutation
operator (5%).
DE: real search space [0, 255]; individual
dimension� 500; function calls� 1,000,000; population
size� 100; crossover rate� 10%; mutation: DE/Rand/1.

Tables 3 and 4 show the results obtained by carrying out
the aforementioned methodology. Accuracy value ∈ [0, 1]
grades the average performance of the configurations ap-
plied to classify specific datasets, along with its corre-
sponding standard deviation, for all experiments made.
Design accuracy relates with the performance of the best
network topology obtained by the evolutionary algorithm,

Table 1: Datasets employed for experimentation.

Dataset Instances Classes Features
Balance Scale 625 3 4
Blood 748 2 4
Breast Cancer 683 2 9
Card 653 2 15
Diabetes 768 2 8
Fertility 100 2 9
Glass 214 6 9
Ionosphere 351 2 33
Iris Plant 150 3 4
Liver 345 2 6
Parkinson 195 2 22
Wine 178 3 13

Table 2: Configurations included in experimentation.

Configuration Fitness function Search engine
α1 Squared error GA
α2 Accuracy error GA
β1 Squared error GA
β2 Accuracy error GA
c1 Squared error DE
c2 Accuracy error DE
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whilst test accuracy indicates the performance of such
network applied to the test subset; highest values are in-
dicated in boldface.

As well, Tables 5 and 6 show some of the features of the
generated topologies, focusing on the average amount of
input vector features actually employed by the networks, and
its corresponding rate regarding the total size of the original
input vector; besides, the average number of hidden units
and synapses present in the generated networks. In Sup-
plementary Materials, some examples of SNNs’ topologies
with best obtained results are shown; each example contains
the benchmark dataset, used configuration, accuracies of
design and test phases, the generated word, and the network
topology.

4. Comparative Statistical Analysis

As detailed in the previous section, data samples from per-
forming thirty-three independent experiments for each

configuration on every dataset were obtained. /ereupon,
several statistical tests [72] were applied to these data. First of
all, a Shapiro–Wilk [73] test was applied to determine the
normality of the samples. Such test showed that data can
indeed be modelled under normal distributions. Further
analysis was divided into three tests applied to configurations
using squared error as fitness function, configurations using
accuracy error as fitness function, and all configurations.

4.1. Test of Designs Driven by Squared Error Fitness Function.
In order to verify statistical significance of the results,
analysis of variance (ANOVA [74]) tests were applied to
determine if, firstly, implementing different methodologies
to develop weighed network topologies impacts on the
accuracy of classification and secondly, to identify which of
these methodologies offers the best performance. Table 7
shows the results obtained by two-way ANOVA test, ob-
serving as independent variables both configurations and
datasets.

Table 4: Accuracy of design and testing on every configuration for
Glass, Ionosphere, Iris Plant, Liver, Parkinson, and Wine datasets.

Dataset Configuration Design accuracy Test accuracy

Glass

α1 0.2549± 0.1345 0.2404± 0.1433
α2 0.6035± 0.0448 0.5374± 0.0688
β1 0.4288± 0.0673 0.4002± 0.0590
β2 0.6641± 0.0255 0.5947± 0.0436
c1 0.4895± 0.0574 0.4351± 0.0476
c2 0.7126± 0.0190 0.6186± 0.0413

Ionosphere

α1 0.8549± 0.0374 0.8374± 0.0295
α2 0.9158± 0.0217 0.8669± 0.0267
β1 0.8543± 0.0537 0.8137± 0.0708
β2 0.9190± 0.0284 0.8724± 0.0241
c1 0.9351± 0.0182 0.8907± 0.0240
c2 0.9616± 0.0113 0.9015± 0.0201

Iris Plant

α1 0.8857± 0.1111 0.8663± 0.1269
α2 0.9653± 0.0161 0.9386± 0.0210
β1 0.9733± 0.0157 0.9382± 0.0217
β2 0.9859± 0.0109 0.9362± 0.0163
c1 0.9794± 0.0123 0.9325± 0.0164
c2 0.9923± 0.0074 0.9358± 0.0261

Liver

α1 0.6820± 0.0406 0.6462± 0.0536
α2 0.7352± 0.0245 0.6660± 0.0356
β1 0.6834± 0.0481 0.6304± 0.0476
β2 0.7461± 0.0224 0.6632± 0.0394
c1 0.7472± 0.0183 0.6723± 0.0302
c2 0.7636± 0.0196 0.6612± 0.0295

Parkinson

α1 0.8719± 0.0395 0.8281± 0.0568
α2 0.9080± 0.0159 0.8596± 0.0285
β1 0.8563± 0.0264 0.8033± 0.0519
β2 0.8953± 0.0205 0.8503± 0.0353
c1 0.9025± 0.0266 0.8380± 0.0387
c2 0.9200± 0.0172 0.8494± 0.0377

Wine

α1 0.6881± 0.1549 0.6415± 0.1551
α2 0.9063± 0.0441 0.8384± 0.0606
β1 0.7375± 0.1126 0.6816± 0.1098
β2 0.8895± 0.0641 0.7855± 0.0686
c1 0.9318± 0.0285 0.8620± 0.0491
c2 0.9638± 0.0164 0.8684± 0.0458

Table 3: Accuracy of design and testing on every configuration for
Balance Scale, Blood, Breast Cancer, Card, Diabetes, and Fertility
datasets.

Dataset Configuration Design accuracy Test accuracy

Balance Scale

α1 0.7486± 0.0525 0.7219± 0.0629
α2 0.8354± 0.0460 0.8077± 0.0582
β1 0.7331± 0.0718 0.6944± 0.0752
β2 0.8363± 0.0272 0.8078± 0.0427
c1 0.8528± 0.0197 0.8346± 0.0261
c2 0.8960 ± 0.0062 0.8647 ± 0.0134

Blood

α1 0.7711± 0.0112 0.7622± 0.0117
α2 0.8010 ± 0.0135 0.7731 ± 0.0168
β1 0.7747± 0.0110 0.7607± 0.0138
β2 0.7863± 0.0162 0.7684± 0.0120
c1 0.7760± 0.0076 0.7618± 0.0088
c2 0.7957± 0.0145 0.7685± 0.0155

Breast Cancer

α1 0.9494± 0.0141 0.9418± 0.0238
α2 0.9781 ± 0.0073 0.9585 ± 0.0077
β1 0.9474± 0.0121 0.9405± 0.0151
β2 0.9677± 0.0073 0.9432± 0.0142
c1 0.9574± 0.0111 0.9384± 0.0140
c2 0.9749± 0.0062 0.9478± 0.0117

Card

α1 0.8624± 0.0099 0.8641 ± 0.0140
α2 0.8779± 0.0160 0.8591± 0.0174
β1 0.8561± 0.0502 0.8524± 0.0527
β2 0.8814± 0.0137 0.8561± 0.0153
c1 0.8740± 0.0134 0.8596± 0.0197
c2 0.8879 ± 0.0120 0.8535± 0.0166

Diabetes

α1 0.7506± 0.0231 0.7457± 0.0207
α2 0.7843± 0.0156 0.7476± 0.0224
β1 0.7570± 0.0151 0.7490± 0.0215
β2 0.7780± 0.0143 0.7477 ± 0.0126
c1 0.7810± 0.0153 0.7370± 0.0152
c2 0.7902 ± 0.0134 0.7389± 0.0205

Fertility

α1 0.8988± 0.0256 0.8218± 0.0616
α2 0.9297± 0.0204 0.8170± 0.0551
β1 0.9255± 0.0243 0.8309± 0.0459
β2 0.9182± 0.0222 0.8279± 0.0467
c1 0.9455 ± 0.0199 0.8479 ± 0.0462
c2 0.9370± 0.0131 0.8236± 0.0484
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ANOVA’s null hypothesis (H0) dictates that observed
samples come from one unique normal distribution. As p
values (Pr(>F) in Table 7) are smaller than the significance
value of 0.05, there is not enough evidence to acceptH0, ergo
rejecting that samples are statistically similar. In other
words, it can be conclude that configurations come from
different distributions. /is test provides relevant statistical
evidence to support the conclusion that changing the
methodology while generating weighted topologies in-
fluences the classification accuracy of the networks.

Pairwise t-tests and Tukey HSD [75] tests were applied
next. As in the ANOVA test, the null hypothesis in both tests
assumes that samples come from a single distribution. Ta-
ble 7 shows t-test p values with a Bonferroni correction.
Based on these results, it can be inferred that, with statistical

significance, c1 configuration can be considered different
from β1 and α1 configurations, based on a significance level
of 0.05. Subsequently, TukeyHSD test results can be found in
Table 7, to uphold that c1 configuration is significantly
different from the other configurations. Once the previous
results were found, a higher performance for c1 configu-
ration is noticeable in the three left-most configurations
shown in, e.g., Fertility (Figure 5), Glass (Figure 6), and
Ionosphere (Figure 7), performance box plots.

4.2. Test of DesignsDriven byAccuracy Error Fitness Function.
Statistical analysis for configurations driven by accuracy
error fitness function was performed with the same ap-
proach as in the previous subsection; Table 8 shows

Table 5: Topology characteristics for every dataset on configurations α1, β1, and c1.

Configuration Dataset Average number of features
employed

Rate of used
features

Average number of hidden
units

Average number of
synapses

α1

Balance
Scale 2.97± 0.67 0.74 1.58± 0.85 9.58± 2.89

Blood 2.30± 0.76 0.58 1.85± 0.99 7.64± 2.24
Breast
Cancer 2.52± 0.99 0.28 2.03± 1.09 8.79± 2.04

Card 2.52± 0.93 0.17 2.09± 0.93 8.67± 2.22
Diabetes 2.09± 0.90 0.26 1.97± 1.11 7.09± 1.91
Fertility 3.03± 0.97 0.34 2.30± 1.29 9.24± 2.87
Glass 2.21± 1.32 0.25 1.48± 0.93 11.73± 3.77

Ionosphere 2.24± 1.05 0.07 2.21± 1.30 7.61± 2.81
Iris Plant 1.30± 0.52 0.33 1.70± 1.00 8.18± 2.35
Liver 2.48± 0.70 0.41 1.88± 0.84 6.64± 1.79

Parkinson 2.27± 1.38 0.10 1.85± 1.50 8.00± 4.65
Wine 2.48± 1.23 0.19 1.97± 1.75 9.73± 4.48

β1

Balance
Scale 3.52± 0.56 0.88 4.09± 1.58 12.36± 4.32

Blood 3.12± 0.69 0.78 4.76± 2.55 12.03± 5.77
Breast
Cancer 6.12± 1.47 0.68 4.03± 1.85 14.24± 5.46

Card 5.79± 1.95 0.39 4.39± 2.09 12.85± 5.47
Diabetes 3.39± 0.95 0.42 3.55± 1.71 09.36± 4.00
Fertility 5.58± 1.74 0.62 4.09± 2.22 12.39± 6.02
Glass 5.70± 1.62 0.63 3.03± 1.82 11.88± 6.30

Ionosphere 5.52± 2.24 0.17 3.55± 2.05 12.15± 6.68
Iris Plant 3.39± 0.89 0.85 4.73± 2.60 13.27± 6.93
Liver 3.94± 1.07 0.66 4.06± 1.91 11.03± 5.32

Parkinson 5.12± 1.77 0.23 4.36± 2.45 11.48± 5.66
Wine 6.15± 1.88 0.47 3.82± 1.49 13.03± 4.93

c1

Balance
Scale 4.00± 0.00 1.00 4.03± 1.64 12.79± 3.75

Blood 3.79± 0.48 0.95 4.70± 1.71 13.42± 4.23
Breast
Cancer 6.70± 1.38 0.74 5.39± 2.39 16.30± 5.93

Card 8.76± 2.85 0.58 5.12± 2.04 18.03± 8.12
Diabetes 6.24± 1.33 0.78 5.67± 3.19 17.76± 9.36
Fertility 7.24± 1.18 0.80 4.79± 2.42 16.79± 6.20
Glass 6.79± 1.32 0.75 4.97± 2.18 16.24± 5.85

Ionosphere 11.64± 3.31 0.35 4.45± 1.86 18.03± 6.07
Iris Plant 3.91± 0.29 0.98 5.79± 2.79 15.73± 6.89
Liver 5.03± 1.03 0.84 4.64± 2.36 14.39± 6.49

Parkinson 8.91± 3.41 0.40 4.18± 2.37 15.06± 7.58
Wine 8.64± 1.92 0.66 4.97± 1.62 16.97± 5.33
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Table 6: Topology characteristics for every dataset on configurations α2, β2, and c2.

Configuration Dataset Average number of features
employed

Rate of used
features

Average number of hidden
units

Average number of
synapses

α2

Balance
Scale 3.73± 0.45 0.93 2.06± 1.23 11.48± 3.47

Blood 3.33± 0.77 0.83 2.52± 1.28 11.64± 3.95
Breast
Cancer 3.85± 1.10 0.43 2.06± 1.04 10.82± 3.93

Card 5.39± 2.20 0.36 2.76± 1.54 14.42± 6.27
Diabetes 3.21± 0.95 0.40 2.33± 1.22 10.64± 3.56
Fertility 5.30± 1.59 0.59 2.94± 2.01 15.39± 7.72
Glass 2.79± 1.22 0.31 1.88± 0.91 13.91± 3.70

Ionosphere 4.45± 1.67 0.13 3.55± 1.42 14.18± 4.36
Iris Plant 1.76± 1.05 0.44 2.00± 1.67 11.27± 6.49
Liver 3.33± 0.94 0.56 1.67± 0.84 09.18± 3.02

Parkinson 3.67± 2.22 0.17 1.91± 1.03 10.09± 4.43
Wine 3.15± 1.52 0.24 2.67± 1.49 12.30± 5.26

β2

Balance
Scale 3.88± 0.33 0.97 3.39± 1.92 09.88± 4.16

Blood 3.21± 0.69 0.80 4.21± 3.50 11.55± 9.49
Breast
Cancer 5.76± 1.63 0.64 3.97± 2.41 11.94± 6.09

Card 6.94± 2.24 0.46 4.55± 2.85 14.00± 7.21
Diabetes 4.06± 1.23 0.51 3.91± 2.11 10.85± 5.65
Fertility 5.30± 2.11 0.59 3.39± 2.01 10.36± 5.64
Glass 5.18± 1.45 0.58 3.73± 1.66 11.21± 4.44

Ionosphere 6.48± 2.27 0.20 4.30± 2.67 12.94± 6.33
Iris Plant 3.24± 0.74 0.81 4.09± 2.50 10.61± 6.30
Liver 4.27± 1.21 0.71 3.52± 1.78 10.52± 4.39

Parkinson 5.39± 2.44 0.25 3.09± 1.99 09.64± 5.51
Wine 5.85± 1.73 0.45 4.24± 2.22 12.85± 5.21

c2

Balance
Scale 4.00± 0.00 1.00 3.15± 2.12 10.55± 5.78

Blood 3.67± 0.59 0.92 4.58± 2.56 12.79± 5.86
Breast
Cancer 7.30± 1.27 0.81 4.61± 1.82 15.85± 5.21

Card 8.58± 2.45 0.57 4.00± 2.47 15.09± 7.10
Diabetes 6.06± 1.41 0.76 4.24± 1.78 13.76± 4.96
Fertility 6.73± 1.33 0.75 4.06± 2.73 14.21± 6.65
Glass 6.70± 1.17 0.74 4.91± 1.60 15.06± 4.26

Ionosphere 11.64± 4.14 0.35 3.88± 2.20 16.88± 7.10
Iris Plant 3.61± 0.69 0.90 3.82± 2.18 10.97± 5.42
Liver 4.91± 0.90 0.82 3.21± 1.53 10.45± 4.11

Parkinson 7.97± 2.47 0.36 3.39± 1.50 12.36± 4.20
Wine 8.15± 1.96 0.63 4.70± 1.93 16.12± 5.57

Table 7: Two-way ANOVA F, pairwise t-test, and Tukey HSD test with Bonferroni correction for squared error configurations.

ANOVA Df Sum Sq Mean Sq F value Pr(>F)
Configuration 2 0.7109 0.35547 73.217 <2.2e-16
Dataset 11 25.3929 2.30845 475.4710 <2.2e-16
Residuals 1174 5.6999 0.00486
t-Tests α1 β1
β1 0.5936 —
c1 1.9e-6 0.0006
Tukey HSD diff lwr upr p adj
β1 vs. c1 0.014 0.0032 0.0544 0.00
α1 vs. β1 0.014 0.0030 0.026 0.0078
α1 vs. c1 0.057 0.0460 0.0693 0.00
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ANOVA, t-test, and Tukey HSD tests applied to such
configurations. In this case, for designs driven by accuracy
error fitness function, the pair-wise t-test show that there is
not difference with statistical significance to reject the null

hypothesis H0 for α2 and c2 configurations; however, the α2
configuration requires a higher computational power to
carry out the designing task due its search engine and its
respective operators (crossover and mutation). /e afore-
mentioned issues are not presented for the c2 configuration;
besides its results show a similar accuracy results with lower
dispersion, this can be noticed in the right-most configu-
rations shown in, e.g., Fertility (Figure 5), Glass (Figure 6),
and Ionosphere (Figure 7) performance box plots, and this
behavior was consistently observed for all benchmark
datasets. /e Tukey HSD test shows that there is statistical
difference for all configurations; this, along with the ob-
served behavior in the previous box plots, confirms that c2
configuration holds as the outperforming algorithm.

4.3. Test of All Configurations. An omnibus test was applied
to the entire set of experiments considering both as in-
dependent variables, configurations and fitness functions.
Two-way ANOVA test was applied to determine if varying
both observed variables influences accuracy performance.
Table 9 contains such results, providing statistical certainty
to reject the null hypothesis H0; in other words, the accuracy
performance is affected by both variables. /e p values lower
than the significance level of 0.05 indicate that changing the
optimization function (squared error and accuracy error)
and the configuration does indeed affect the performance
accuracy obtained by the generated topology.

Finally, pairwise t-test was applied to discern if, given
two configurations, their performances are statistically
similar. Considering p values in Table 9 and a significance
value of 0.05, it can be inferred with statistically trustworthy
that c2 configuration generally outperforms other
configurations.

5. Conclusions and Future Work

/is paper presents a GE-based methodology to design
partially connected ANNs for solving supervised classifi-
cation problems; some interesting characteristics of the
methodology are that it provides weighted topologies
which allow us to avoid an explicit training and those
topologies exhibit partial connectivity between input and
hidden layers which may avoid redundancies and reduce
the dimensionality of the input feature vectors. /e pro-
posed methodology (c2) evolved from progressive im-
provements made to a base methodology (α1), which uses
GE with GA as search engine and squared error as fitness
function; improvements were made by changing neuron
models which allowed us to generate SNNs (β1) instead of
ANNs from the second ANN generation and by changing
the search engine by using DE (c1) instead of GA. All the
aforementioned configurations were adapted to use an-
other fitness function based on the accuracy error of
generated ANNs, so-called α2, β2, and c2.

In order to validate the achieved improvements, several
statistics tests were applied. Each configuration was tested
for twelve well-known benchmark datasets of supervised
classification problems by performing 33 experiments for

0.65

α1 β1 γ1 α2
Configurations

β2 γ2

0.70

0.75

0.80

Pe
rfo

rm
an

ce

0.85

0.90

Figure 5: Box plots of the performance of all configurations on the
Fertility dataset.
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Figure 6: Box plots of the performance of all configurations on the
Glass dataset.
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Figure 7: Box plots of the performance of all configurations on the
Ionosphere dataset.
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each dataset. /ree types of statistical analysis were per-
formed, and the first being applied to α1, β1, and c1 con-
figurations, which use squared error as the fitness function.
In such analysis, c1 configuration is shown to outperform
the other configurations based on the statistical test and
graphic box plots. /e second analysis focused α2, β2, and c2
configurations, which use the accuracy error as the fitness
function; based on the Tukey HSD test, this analysis yielded a
similar conclusion as from the first analysis, but with respect
to c2 configuration. /e last analysis compared all config-
urations and showed statistical evidence to support that c2 is
a better configuration with competitive performances and
lower dispersions for its designs.

Focusing in topology designs and performance results,
evolutionary designs led to the formulation of solution
topologies with fewer connections than those in equivalent
fully connected topologies, hence reducing the complexity of
the networks and achieving good classification perfor-
mances. /e topology simplification provided a good net-
work design (i.e., design accuracy was competent), but it was
desirable to get better generalization capability for unseen
data in the test phase; some particular cases exhibited lower
test accuracies, evidencing an improving opportunity.

Due to the flexibility of the context-free grammars
employed in GE, another aspect of neural network topol-
ogies can be considered to cope with detected issues while
preserving the enhancements accomplished. /e design
process may consider other traits, e.g., selection of the neural
model and/or the search engine, specification of the model
parameters, or even aggregation on the number of hidden
layers to design SNNs for deep learning topologies. More-
over, additional types of topologies with structures other

than layered networks can be explored to be designed, such
as those of reservoir computing or central pattern genera-
tors. Furthermore, another kind of grammar-based genetic
programming algorithms can be used to add semantic to the
design process, such as Christiansen grammar evolution
[67].

Finally, contemplating the fitness function as another
relevant aspect to produce enhanced designs, considerations
can also be made to it: to minimize the amount of processing
units in the hidden layer or to consider another evaluation
measurements to comply with other kinds of problems;
features in the fitness function may be treated as weighted
mono-objective fitness function or by using algorithms such
as the nondominated sorting genetic algorithm (NSGA) [76]
with fitness functions with multiple objectives.

Data Availability

/e supervised classification dataset benchmarks used to
support the findings of this study have been taken from the
UCI Machine Learning Repository of the University of Cal-
ifornia, Irvine (http://archive.ics.uci.edu/ml/datasets.html).
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Table 9: Two-way ANOVA F and pairwise t-test with Bonferroni correction tests for all configurations.

ANOVA Df Sum Sq Mean Sq F value Pr(>F)
Fitness function 1 1.1220 1.1200 58.9180 2.36e− 14
Configuration 4 0.7880 0.1960 10.3400 2.663e− 08
Residuals 2370 45.1490 0.0190
t-Tests α1 α2 β1 β2 c1

α2 0.0001 — — — —
β1 0.0100 0.00 — — —
β2 0.0001 0.9900 0.0010 — —
c1 0.0001 0.8900 0.0010 0.9680 —
c2 0.0000 0.0040 0.0000 0.0010 4.8e− 5

Table 8: Two-way ANOVA F, pairwise t-test, and Tukey HSD test with Bonferroni correction for accuracy error configurations.

ANOVA Df Sum Sq Mean Sq F value Pr(>F)
Configuration 2 0.0769 0.0384 26.319 6.58e− 12
Dataset 11 12.3300 1.1210 767.4670 <2.2e− 16
Residuals 1174 1.7160 0.0014
t-Tests α2 β2
β2 1.0000 —
γ2 0.1030 1.3e− 3
Tukey HSD diff lwr upr p adj
β2 vs. c2 0.0170 0.0110 0.0240 0.0000
α2 vs. β2 −0.0010 −0.0070 0.0050 0.8830
α2 vs. c2 0.0100 0.0100 0.0220 0.0001
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-e ionic liquid gel (ILG), a new type of soft actuator material, is a mixture of 1-butyl-3-methylimidazolium tetrafluoroborate
(BMIMBF4), hydroxyethyl methacrylate (HEMA), diethoxyacetophenone (DEAP), and ZrO2 polymerized into a gel state under
ultraviolet (UV) light irradiation. -e soft actuator structure consists of a layer of ionic liquid polymer gel sandwiched between
two layers of activated carbon capped with gold foil. -e volume of the cationic BMIM+ in the ionic liquid BMIMBF4 is much
larger than that of the anionic BF4−. When voltages are applied to both sides of the actuator, the anions and cations move toward
the anode and cathode of the electrode, respectively, under the electric field. -e volume of the ILG cathode side therefore
expands, and the volume of the ILG anode side shrinks, hence bending the entire actuator toward the anode side. -e Ogden
model was selected as the hyperelastic constitutive model to study the mechanical properties of the ILG by nonlinear analysis. As
the ILG is an ideal material for the preparation of a supercapacitor, the equivalent circuit of the ILG can be modeled by the
supercapacitor theory to identify the transfer function of the soft actuator. -e central pattern generator (CPG) control is widely
used in the area of biology, and CPGs based on bioinspired control methods have attracted great attention from researchers
worldwide. After the continuum soft actuator is discretized, the CPG-based bioinspired method can be used to control the soft
robot drivers. According to the simulation analysis results, the soft actuator can be smooth enough to reach the specified location.

1. Introduction

Due to the large difference in structure between the soft
robot and the traditional robot, the material used to man-
ufacture a robot for traditional applications is quite different
from the material used to manufacture a bionic robot. In the
past few decades, new lightweight, high-performance ma-
terials have attracted the attention of soft robot researchers
worldwide. -e electroactive polymer (EAP) has been
proven to be a proper smart material that meets the re-
quirements of soft robot design. -e application of EAP
materials has become a popular topic this year. Bionic robots
and equipment using materials such as soft actuators have
been produced [1, 2]. Because the soft robot offers strong
adaptability and low pressure impedance, it has wide ap-
plication prospects in biology, medicine, and agriculture.
Electrochemical actuators have been developed quickly over

the past few decades due to their desired mechanical
properties in intelligent robots [3–5]. Because ionic liquid
gels (ILGs) offer chemical stability, thermal stability, and
simple ion transport, they are suitable for the production of
soft robot actuators [6–8].

Noncovalent interactions allow supramolecular gel
materials to have a very high mechanical strength and ex-
cellent self-healing ability. It has been demonstrated and well
documented that ZrO2 can improve the electrochemical
behavior of ionic liquids and the mechanical strength of
ionic polymers in supramolecular nanocomposites [9].

-e application of a bioinspired control method based
on the central pattern generator (CPG) of neural oscillators
to generate rhythmic motion has attracted the attention of
some researchers [10–12]. -e rhythmic movement of an-
imals is achieved by the interaction between the rhythm
signal generated from the CPG and the dynamics of the
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musculoskeletal system [13–15]. Nonlinear oscillators have
been widely used to model rhythmic motion-generating
CPGs for robot control.

In this paper, a new type of ILG soft actuator is dem-
onstrated. -e soft actuator is composed of a middle layer of
ionic liquid polymer gel sandwiched between two layers of
activated carbon capped with gold foil, as illustrated in
Figure 1. -e ILG of the soft actuator was prepared, and its
mechanical properties were described. -e bending de-
formation principle of the soft actuator is discussed. -e soft
actuator is discretized to meet the conditions of the CPG
control method, of which the effectiveness has been proven
by numerical simulations. -is paper provides a detailed
theoretical analysis of ILG soft actuators based on the aspects
of design, material, control, etc. -is work has introduced a
new research direction for the development of soft actuators
and will contribute to the development of soft robots.

2. Structure Design of a Soft Robot Actuator

-e new type of flexible actuator structure shown in Figure 1
is similar to the traditional EAP actuator. -e white area is
the ionic liquid polymer gel, which is the structural body of
the actuator. -e black sides are the activated carbon layers,
which adsorb the anions and cations of the ionic liquid,
respectively. -e outermost yellow area is the gold foil, and
each side of the gold foil is cut into 4 segments, each of which
is connected to a power source.

-e activated carbon layer is used to adsorb the anions
and cations in the ionic liquid polymer gel, the gold foil layer
is used as the electrode, and a wire is connected on the
outside of the gold foil to the power source.

3. Ionic Liquid Gel

3.1. Ionic Liquid Gel Properties. In the experiment, the ILGs
were composed of 1-butyl-3-methylimidazolium tetra-
fluoroborate (BMIMBF4), hydroxyethyl methacrylate
(HEMA), ZrO2 nanoparticles, and 2,2- diethoxyacetophenone
(DEAP), with masses of 890mg, 68.6mg, 30mg, and 1.4mg,
respectively. Amixed solution of the ILGs was prepared in the
ratio mentioned above, and then the mixed solution was
stirred in a magnetic stirrer for 60 minutes or longer to form a
suspension. -e suspension was then placed under ultrahigh-
intensity UV light generated by an ML-3500C Maxima-type
cold light source and then polymerized to the gel state. -e
ML-3500C Maxima lamp has an ultraviolet intensity of
90,000 μWs/cm2 (15″/380mm distance) and a wavelength of
365 nm.

-e morphological scanning analysis results of freeze-
dried samples was obtained by scanning electron micros-
copy (SEM) and showed that the existence of porous mi-
crostructures in ionic gels is common. -e internal liquid of
the ILG was replaced with distilled water. After the freeze-
drying treatment, a Hitachi S4800-type high-resolution field
emission SEM was used to scan the section. Figure 2 shows
the typical 3D porous structure of the ionic liquid carrier
HEMA with a magnification of 5000. -e polymerization of
HEMA in the solution occurs under UV irradiation, and the

polymer matrix is crosslinked to form a porous network
structure [15]. -e crosslinked matrix forms a 3D frame-
work, offering good mechanical strength and self-repair
properties.

-e BMIMBF4-based ionic gel offers a high level of
hyperelastic toughness, with tensile deformation reaching as
high as 360%, as shown in Figure 3. -e average tensile
strength (Young’s modulus) of the material obtained from
the tensile stress-strain curve is 7.6 kPa. -e tensile tests
show that the tensile properties of the gel increase with
increasing ZrO2 content. An increase in the amount of ZrO2
will result in a larger number of crosslinking sites and higher
conversion rates for HEMA, which can improve the final
mechanical properties of the ILGs. Based on the tensile
deformation and tensile strength data above, the optimized
amount of ZrO2 is selected as 3 wt.%.

3.2. Driving Principle Analysis. -e volumes of cationic
BMIM+ and anionic BF4− in the ionic liquid BMIMBF4 are
very different.-e volume of cationic BMIM+ is much larger
than that of anionic BF4−. If voltages are applied on both
sides of the actuator, the anions and cations will move to-
ward the anode and cathode of the electrodes, respectively,
under the electric field. -e ions penetrate through the
contact boundary of the ionic liquid polymer gel layer and
the activated carbon layer; afterwards, the ions are strongly
adsorbed by the activated carbon powder and accumulate in
the activated carbon layer.

Gold foil
Activated carbon
ILG

Figure 1: -e 5-layer structure of the flexible actuator.

Figure 2: SEM image of a freeze-dried BMIMBF4-based gel after
the ionic liquid was replaced with water.
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-e external voltage will lead to the accumulation of the
opposite charges of the two electrodes. -e charges will
interact with the immobilized anions in the bulk polymer, as
shown in Figure 4. -e interaction will attract one electrode
and repel the other.

When the ion motion reaches a stable state, due to the
difference between the volumes of the anions and the cations,
the volume of the ILG cathode side thus expands, and the
volume of the ILG anode side shrinks. -e entire actuator is
therefore bent toward the anode side, as shown in Figure 4.

4. Hyperelastic

4.1. Hyperelastic Stress. To apply the requirements of the
mechanical performance model in the following work, the
stresses in each direction of the model are supposed to be
considered [16, 17] (see Figure 5).

λ1, λ2, and λ3 are the x, y, and z directions of the main
(extension) deformation rate, respectively, and are given by

λ1 �
x

x0
,

λ2 �
y

y0
,

λ3 �
d

d0
,

(1)

where x, y, and d are the length, width, and thickness,
respectively, and x0, y0, and d0 are the corresponding initial
values before deformation.

As the material is incompressible, its volume is kept
constant before and after deformation, giving

xy d � x0y0d0. (2)

-erefore,
xy d

x0y0d0
� λ1λ2λ3 � 1. (3)

-e physical properties of the material are mainly
subjected to W. Each model of the material is a special form

of W [18, 19]. If the form of W is determined, the Cauchy
stress tensor P can be given by the equation below:

σ � −pI + 2
zW

zI1
B− 2

zW

zI2
B
−1

, (4)

where I is the unit tensor, which is the left Gaussian de-
formation tensor, and P is the hydrostatic pressure in-
troduced by the incompressibility assumption.

Since Ii is invariable under any changes of B, the fol-
lowing is given:

I1 � B,

I2 �
1
2

I
2
1 − tr B

2
  ,

I3 � detB,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(5)

ILG
Activated carbon

Gold foil

BMIM+

BF4
–

Figure 4: -e working principle of the actuator.

σ1

σ2
σ3

Figure 5: -e stresses in each direction.
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Figure 3: Stress-strain curve of ionic liquid polymer gels.
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where B is the component of the Green strain tensor. -e
relationship between the invariants and principal elongation
is a function of B.

I1 � tr[B] � Bii � λ21 + λ22 + λ23,

I2 �
1
2

tr[B]( 
2 − tr[B]

2
  �

1
2

BiiBii −BijBji 

� λ21λ
2
2 + λ22λ

2
3 + λ23λ

2
1 �

1
λ21

+
1
λ22

+
1
λ23

,

I3 � detB � λ21λ
2
2λ

2
3.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(6)

-e isotropic and incompressible deformation process of
the ILG is given by

��
I3


� λ1λ2λ3 � 1. (7)

According to formulas (4) and (6), it can be obtained that

σi � 2 λ2i
zW

zI1
−
1
λ2i

zW

zI2
 −p, (8)

where I1, I2, and I3 are the relative changes in the length,
surface area, and volume of the elastomer, respectively.

4.2. Ogden Model. According to a comprehensive com-
parison of various hyperelastic constitutive models, the
Ogden model is selected in this work. -e Ogden model is a
preferred energy function in finite element simulation
analysis. In this paper, the mechanical properties of ILG-
incompressible hyperelastic materials are described by the
Ogden model. -e mechanical properties of the ionic gel
materials were then studied using the Ogden formula to
describe the nonlinearity of the ionic gels [20, 21].

-e strain energy function of the Ogden model equation
is given as follows:

W � 
N

i�1

μi

αi

λαi

1 + λαi

2 + λαi

3 − 3( , (1≤N≤ 3), (9)

where μi and αi are material constants.
-e form of the strain energy potential is given by

W �
μ1
α1

λα11 + λα12 + λα13 − 3(  +
μ2
α2

λα21 + λα22 + λα23 − 3( 

+
μ3
α3

λα31 + λα32 + λα33 − 3( , (N � 3).

(10)

Combining equation (8) with equation (9), it can be
obtained that

σi � λi

zW

zλi

−p. (11)

Substituting equation (9) into equation (11) gives

σi � 
3

k�1
μkλ

αk

i −p. (12)

-e stresses in each direction are given by

σ1 � μ1λ
α1
1 + μ2λ

α2
1 + μ3λ

α3
1 −p, (13)

σ2 � μ1λ
α1
2 + μ2λ

α2
2 + μ3λ

α3
2 −p, (14)

σ3 � μ1λ
α1
3 + μ2λ

α2
3 + μ3λ

α3
3 −p. (15)

When the ILG is uniformly stretched in the x direction,
λ2 � λ3, which can be calculated with equation (3), giving

λ2 � λ3 �
1
��
λ1

 . (16)

Because only the axial tensile deformation is considered,
the stresses in the other two directions are zero.

σ2 � σ3 � 0. (17)

Combining equation (14) or (15) with equation (17), it
can be obtained that

p � μ1λ
α1
2 + μ2λ

α2
2 + μ3λ

α3
2 � μ1λ

α1
3 + μ2λ

α2
3 + μ3λ

α3
3 . (18)

-erefore,

σ1 � μ1λ
α1
1 + μ2λ

α2
1 + μ3λ

α3
1 − μ1λ

α1
2 + μ2λ

α2
2 + μ3λ

α3
2( 

� μ1 λα11 − λ
α1
2(  + μ2 λα21 − λ

α2
2(  + μ3 λα31 − λ

α3
2( 

� μ1 λα11 − λ
−(1/2)α1
1  + μ2 λα21 − λ

−(1/2)α2
1 

+ μ3 λα31 − λ
−(1/2)α3
1 .

(19)

5. Equivalent Circuit Model

-e impedance of the ionized EAP actuator is capacitive at
low frequencies and resistive at high frequencies. Almost all
of the equivalent circuit models are therefore composed of
capacitors and resistive elements.

-e driving current of the ionic liquid polymer gel ac-
tuator can be considered as a combination of the ion current,
displacement current, and electron current. -e ion current
of the ionic polymer-metal composite (IPMC) is formed by
the directional movement of the hydrated cations, and the
ion current of the ionic liquid polymer gel actuator is formed
by the simultaneous movement of the anions and cations in
opposite directions [22, 23].

-e current response of the ILG actuator is mainly
composed of the ion current and the electron current, the
dynamic performance is exhibited by the ion current
characteristics, and the static performance is exhibited by the
electron current characteristics.

-e simplified resistance-capacitance (R-C) equivalent
circuit model of the ILG flexible actuator is illustrated in
Figure 6. R1 is the direct current (DC) equivalent resistance
of the actuator, and this branch represents the electron
current branch, reflecting the static response of the static
characteristics. R2 is the alternating current (AC) equivalent
resistance of the actuator, C is the equivalent capacitor of the
actuator, and this branch represents the ion current branch,
reflecting the dynamic characteristics of the drive. Ro is the
surface electrode resistance of the actuator. Since the
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electron current response of the ILG actuator is much faster
than the ion current response and the initial value is rela-
tively small, the nonlinearity of the electron current branch
is thus negligible in the equivalent circuit. -e initial energy
storage of the dynamic components in the circuit is assumed
to be zero, and the initial voltages at both ends of the ca-
pacitor are therefore equal to zero.

i1(t) �
uRC(t)

R1
,

R2i2(t) +
1
C

 i2(t) dt � uRC(t),

i(t) � i1(t) + i2(t),

uRC(t) + i(t)Re � u(t),

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(20)

where i1 is the electron current of the actuator, i2 is the ion
current of the actuator, i is the input current of the actuator,
u is the input voltage, and uRC is the actuator actuation
voltage.

Under zero-input conditions, the transfer function of the
input current and input voltage of the actuator can be
obtained from the Laplace transform of equation (20), giving

I(s)

U(s)
�

R1 + R1( Cs + 1
R1R2 + Re R1 + R2(  Cs + R1 + Re

. (21)

When the input is a step signal with an amplitude of u0,
substituting in equation (21) gives

I(s) �
R1 + R1( Cs + 1

R1R2 + Re R1 + R2(  Cs + R1 + Re

U0

s
�

a0

s
+

a1

s + λ
,

(22)

a0 � U0
R1R2 + R1Re + R2R2

R1R2 + Re R1 + R2(   R1 + Re( 
,

a1 � U0
R2
1

R1R2 + Re R1 + R2(   R1 + Re( 
,

λ �
R1 + Re

R1R2 + Re R1 + R2(  C
.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(23)

-e current time-domain response of the equivalent
circuit model can be obtained from the inverse Laplace
transform of equation (22), giving

i(t) � a0 + a1e
−λt

. (24)

For the equivalent circuit model, the fitting precision
function is given by

J1 � is − ie
����

����
2
2 � 

n

j�1
isj − iej 

2
, (25)

where is is the current time-domain response of the
equivalent circuit model and ie is the experimental current
data.

-e system parameters are identified by the step-
response curve and least-squares method. -e optimal pa-
rameters are a0 � 0.0060, a1 � 0.2058, and λ � 0.1470.

-erefore,

i(t) � 0.006 + 0.2058e
−0.147t

. (26)

6. CPG Control

-e CPG is an oscillation unit composed of a series of in-
termediate neurons, and the entire CPG control network is a
complex distributed neural network, which combines a
neural oscillator and a multiple-reflection feedback loop
system. -e CPG network can generate a stable phase
interlocking relationship by mutual inhibition of the neu-
rons and can also generate rhythmic motions by self-
oscillating excitation of body-related parts. Each cell (mo-
tor neuron) is assumed to activate a single actuator in the
motor system; the number of cells of the CPG is thus equal to
the number of actuators for a structure with n actuators. -e
synaptic connections among the neurons in the CPG are
elastic, and the CPG network can therefore provide a variety
of output modes and control the animals to achieve different
movement patterns [24–26].

Each oscillator in the CPG chain is aligned in a chain
shape, and the rhythmic signal of a body fluctuation can be
transmitted from one end to the other; the constant phase lag
between every two segments is fixed so that the animal
maintains a body-long wavelength at any speed, as shown in
Figure 7. When an earthworm creates fluctuating move-
ment, traveling waves propagate from the tail to the head,
leading to continuous bending of the muscles of the segment
from the tail to the head. To implement this kind of
movement mode, a traveling wave propagating from the
cellular neural network cell associated with the last (tail)
segment to the cell associated with the first (head) segment is
supposed to be generated.

Generally, a degree of freedom of movement is subjected
to an oscillator, and a plurality of oscillators can form
different topologies to control the coordinated motion of the
animal.

6.1. Structure of the Actuator Model. A joint arm has a
limited number of degrees of freedom, and an ILG soft robot

i (t)+ 0.5Re

0.5Re

C

R1 R2

i2 (t)

i1 (t)

u (t)

–

Figure 6: Equivalent circuit model.
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actuator is a continuum with an unlimited number of de-
grees of freedom. -erefore, the control of soft robots is a
great challenge. A discrete substitution of the continuous
description of the soft robot actuator is therefore used to
simplify the model.

-e soft robot actuator is thus modeled using the point
quality and the spring of the 2D array. -e masses of all the
soft robot actuators are concentrated on the discrete points
connected by a massless damping spring. In this paper, the
soft actuator model is 2D, and all force vectors are in the x-y
plane, where y is the gravitational direction, and the motion
of the soft robot is limited in the plane.

(1) -e simulated motion of the model is free motion,
without interaction with any other objects.

(2) -e soft robot actuator is discretized into 15 seg-
ments. A comparison of the accuracy of the 15-
segment model and that of the 30-segment model
shows that the former can provide the desired
continuous structure of a soft robot actuator.

(3) All the forces contained in the model are limited in
the x-y plane. When this model is compared with the
3D model, although the generality is limited, the
computational cost is greatly reduced, and the
reaching movement of the soft robot is also
achievable.

In this paper, there are 15 segments in this model.
Figure 8 shows the general structure of the modeled soft
robot actuator.

-e bending deformation of the ILG is a result of the
differences in volume caused by the movement of the cations
and anions in opposite directions. -e reliability of the soft
robot actuator model is based on the assumption that the
ILG is incompressible. Due to the constant-volume con-
straints, the bending deformation of the soft robot actuator
will shorten the length of one side while increasing the
length of the other side. A simple physical mechanism is
used in the 2D model, in which the motion of the soft robot
actuator is almost unrestricted in the plane, and the force is
transferred from one side of the soft robot actuator to the
other side, without the need for a rigid skeleton.

6.2. Dynamic Model of Soft Robot Actuator. -e soft robot
actuator model built in this work is a 2D model in which all
forces are vectors in the x-y plane. -e movement of the soft
robot actuator is thus limited to the plane. In this paper,
three types of forces for the actuator are involved. -e
simplified motion equation can be given by

M€q � Fm + Fg + Fc, (27)

whereM is the diagonal mass matrix, q is the position vector,
Fm is the internal force generated by the ILG, Fg is the
vertical force resulting from the influences of gravity, and Fc
is the internal force that maintains constant-volume
constraints.

-e equation is numerically integrated using an explicit
Runge–Kutta equation with an adaptive step size. -e initial
conditions are the initial positions of all discrete mass points.
-e initial speed is set to zero.

-e internal force of the actuator is simulated with an
ideal damping spring and is caused by a change in the
applied spring constant. -e spring constant is adjusted to
allow the user to control the movement of the actuator.
-e relevant physical theoretical formula is then utilized
to calculate the gravity and traction of the soft robot
actuator.

As a result of discretization, every linear segment of the
actuator in the model exerts a force as below [27], giving

f(t) � k0 + kmaxa(t)  l(t)− lrest  + α
dl(t)

dt
, (28)

where lrest is the rest length of the soft robot actuator and is
selected as the maximum length where both active and
passive forces in a real actuator are zero; the linear damping
coefficient α has dimensions of Ns/m; k0 is the passive spring
constant of the actuator and kmax is the maximum active
spring constant of the actuator, both of which have di-
mensions of N/m; and a(t) is a dimensionless activation
function.

6.3. CPG Network Model. -e CPG network interacts with
the environment and controls robot joint signals with
environmental adaptability. An actuator with N segments
can control the motion of the soft robot using N oscil-
lators, from the tail to the head of the drive, consequently
causing the ILG actuator to bend from the tail to the head.
-e Kimura neuron oscillator consists of two mutually
suppressed neurons, and each joint of the robot is driven
by a neural oscillator [28, 29]. -e output of the two
neurons is subtracted as the output of the oscillator, and
the mathematical model is summarized as the equations
below:

Tr _u e,f{ }i + u e,f{ }i � wfey e,f{ }i − βv e,f{ }i + 

n

j�1
wijy e,f{ }i + s0,

Ta _v e,f{ }i + v e,f{ }i � y e,f{ }i,

y e,f{ }i � max 0, u e,f{ }i ,

yi � −y e{ }i + y f{ }i,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(29)
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Figure 8: -e actuator model.

······1 2 i N······

Figure 7: Chained CPG network topology.
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where i, e, and f represent the flexor and extensor neurons of
the ith CPG unit, respectively, u e,f{ } is the internal state of the
neuron, v e,f{ } is the self-inhibitory state of the neuron, and
y e,f{ } is the output of the neuron. Tr and Ta represent the rise
time and adaptation time constant, respectively. wfe rep-
resents the mutual inhibition coefficient of neurons, β
represents the self-suppression coefficient of neurons, and s0
represents the tonic input and determines the amplitude of
the CPG output.

-e CPG network is used to coordinate the multidegree
of freedom of the control robot, and the robot motion mode
can be adjusted by changing the parameters of the CPG. A
mathematical model of each segment of the actuator can be
obtained after discretizing the continuous soft robot
actuator.

-e CPG model of the soft actuator can be described as
follows:

Tr _u1 + u1 � −βv1 −wmax 0, u2(  + s0,

Ta _v1 + uv1 � max 0, u1( ,

Tr _u2 + u2 � −βv2 −wmax 0, u1( −wmax 0, u3(  + s0,

Ta _v2 + uv2 � max 0, u2( ,

· · ·

Tr _u15 + u15 � −βv15 −wmax 0, u14(  + s0,

Ta _v15 + uv15 � max 0, u15( ,

y1 � max 0, u1( −max 0, u2( ,

y2 � max 0, u2( −max 0, u3( ,

· · ·

y14 � max 0, u14( −max 0, u15( ,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(30)

where u1, u2, and u3 represent the membrane potentials, v1,
v2, and v3 represent the adaptation or fatigue properties in
real neurons, and y1, y2, and y3 represent the output signals
of the CPG.

Yekutieli et al. [30] demonstrated that the mechanism of
bending propagation is an internal force enhancement wave.
It is therefore reasonable to add the CPG single-cycle output
of the active wave processing to the soft actuator. -e in-
teraction between the soft actuator and the CPG is shown by
the diagram in Figure 9.

In Figure 9, the left panel is a control block diagram of
the CPG, and the right panel is a control block diagram of
the soft actuator with the Laplace transform [31].

-e basic values of the CPG parameters are set as
Tr � 0.12 s, Ta � 0.3 s, d � 3, w � 3, and e � 1. When the initial
input value is set to [0.12 0 0 0 0 0.12], the output and phase
diagrams of the CPG are obtained, as plotted in
Figures 10(a) and 10(b), respectively. -e motion trajec-
tories of the soft actuator for the durations of 0.5 s, 0.7 s,
1.0 s, and 1.5 s are selected, and the motion path of the soft
actuator is plotted in Figure 10(c). -e internal force of the
soft actuator is also obtained, as shown in Figure 10(d). -e
motion in Figure 10(c) can be used to simulate the soft
actuator motion. Since the internal force of each segment of

the soft actuator is similar to that of the first section, the
internal force of the first section is shown in Figure 10(d)
only.

6.4. Simulation Analysis

6.4.1. 9e Effects of Various e Values on the Soft Actuator
Motion. In the simulation, the value of e increases with an
increment of 1 in the range of (0, 50). When e� (0, 4), the
output and phase curves of the CPG are obtained, as shown
in Figures 11(a) and 11(b), respectively, where the shape of
the phase diagram of the CPG is a limit cycle. -e motion of
the soft actuator can also be simulated. -e motions of a
series of soft actuators are shown in Figure 11(c), and it can
be seen that the soft actuators reach the specified location in
a smooth way.

6.4.2. 9e Effects of Various Tr Values on the Soft Actuator
Motion. When e� 1, the value of Tr increases with an in-
crement of 0.1 in the range of (0, 1). When Tr ∈ (0, 0.3), the
output and phase curves of the CPG are obtained, as shown
in Figures 12(a) and 12(b), respectively, where the shape of
the phase diagram of the CPG is a limit cycle. -e motion of
the soft actuator can also be simulated. -e motions of a
series of soft actuators are shown in Figure 12(c), and it can
be seen that the soft actuators reach the specified location in
a smooth way.

6.4.3. 9e Effects of d and w on the Soft Actuator Motion.
-e effects of various d and w values on the soft actuator
when e � 1 and Tr � 0.1 are investigated. -e values of
d and w increase with an increment of 1 in the range of (0,
50). When d � w ∈ (3, 12), the output and phase curves of
the CPG are obtained, as shown in Figures 13(a) and
13(b). -e movement of the soft actuator can also be
simulated, as shown in Figure 13(c), and it can be seen that
the soft actuators reach the designated location in a
smooth way.

In summary, a larger amplitude causes the soft actu-
ator to become disordered. A smaller frequency destroys
the limit cycle, causing failure of the maintenance of the
soft actuator movement. -e parameters d and w also
affect the shape of the CPG phase curve of the soft
actuator.

7. Conclusion

-is paper demonstrates a new soft actuator design and
includes information on the structure of the soft actuator,
the material composition, the material mechanical prop-
erties analysis, and the CPG control simulation analysis.
-e structure of the soft actuator is introduced in detail,
which introduces a new direction for the development of
soft actuators. -e material composition of the soft actu-
ator is described, and its mechanical properties are ana-
lyzed using a hyperelastic model. -e principle of bending
deformation of the soft actuator is based on the fact that the
volume of the cation side is much larger than the volume of
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the anion side and that the volume on the cathode side of
the actuator expands, causing the volume of the anode side
to shrink; thus, the actuator bends toward the anode side.
-e CPG control is demonstrated in detail, and the motion
of the soft actuator under various conditions is simulated.
By adjusting the parameters of the CPG to achieve the
motion of the soft actuator, the actuator can reach any
specified position.

A soft actuator behaves similarly to octopus muscles,
without any stiff skeletal support. -e biomechanical
properties of an octopus arm make it possible to perform
tasks without being a skeletal arm. Under the driving force of

an applied voltage, continuous bending deformation occurs,
which increases the contact area between an actuator and an
object. Additionally, this bending deformation reduces
damage to objects, such as eggs, when they are being
grabbed. -e simulation results will help researchers to
further understand the motion of soft actuators and will
contribute to their development. Due to the chemical sta-
bility, thermal stability, and simple ion transport of the ILG,
it is an advantageous choice for soft actuator materials. ILGs
offer lowweight and high distortion and can be controlled by
low-voltage signals; thus, ILGs are suitable for the pro-
duction of soft robot actuators. A soft actuator with a real-

–8 –6 –4 –2 0 2
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Time (s)

 C
PG

 o
ut

pu
t (

m
)

(a)

–0.2 –0.1 0 0.1 0.2 0.3
–3

–2

–1

0

1

2

3

4

5

 CPG output (m) 

 D
iff

er
en

tia
l o

f C
PG

 o
ut

pu
t (

m
/s

) 

(b)

0 0.02 0.04 0.06 0.08 0.1

–0.12

–0.1

–0.08

–0.06

–0.04

–0.02

0

0.02

Horizontal coordinate (m)

 V
er

tic
al

 co
or

di
na

te
 (m

) 

(c)

0 0.5 1 1.5 2
0.005

0.01

0.015

0.02

0.025

0.03

Time (s)

 F
or

ce
 (N

)

(d)

Figure 10: (a) CPG outputs. (b) Phase diagrams of these CPGs. (c) A sequence of the soft robot actuator movements. (d) -e internal force
of the first segment.
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Figure 9: (a) A model of interaction between the soft robot actuator and the CPG (in green). (b) -e interaction between the soft robot
actuator and the CPG (in amber).
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Figure 11: Output and phase diagrams of the CPG and the soft actuator trajectory with e� 2.
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Figure 12: Output and phase diagrams of CPG and the soft actuator trajectory with Tr � 0.15.
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time learning control mechanism will thus produce highly
versatile applications, which is also the direction of future
related work.
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2Universidad Técnica Federico Santa Maŕıa, Avenida España 1680, Valparaı́so 2390123, Chile
3Universidad Diego Portales, Av. Ejército 441, Santiago 8370109, Chile
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In this research, we present a Binary Cat Swarm Optimization for solving the Manufacturing Cell Design Problem (MCDP). +is
problem divides an industrial production plant into a certain number of cells. Each cell contains machines with similar types of
processes or part families. +e goal is to identify a cell organization in such a way that the transportation of the different parts
between cells is minimized. +e organization of these cells is performed through Cat Swarm Optimization, which is a recent
swarm metaheuristic technique based on the behavior of cats. In that technique, cats have two modes of behavior: seeking mode
and tracing mode, selected from a mixture ratio. For experimental purposes, a version of the Autonomous Search algorithm was
developed with dynamic mixture ratios. +e experimental results for both normal Binary Cat Swarm Optimization (BCSO) and
Autonomous Search BCSO reach all global optimums, both for a set of 90 instances with known optima, and for a set of 35 new
instances with 13 known optima.

1. Introduction

Group technology is a manufacturing philosophy in which
similar parts are identified and grouped together to take
advantage of their similarities in design and production [1]
by organizing similar parts into part families, where each
part of the family has similar design and manufacturing
characteristics. +e basic concept of group technology has
been practiced for many years around the world, as part of
good engineering and scientific management practices [2, 3],
which states that similar things should be manufactured in a
similar way [4].

+e Manufacturing Cell Design Problem (MCDP) is an
application of group technology to organize cells containing
a set of machines to process a family of parts [5]. In this
context, MCDP involves the creation of an optimal design

of production plants, in which the main objective is to
minimize the movement and exchange of material between
these cells, thus generating greater productivity and re-
ducing production costs.

+e Manufacturing Cell Design Problem belongs to the
complex NP-hard class of problems, and then exploring
good search algorithms is always a challenging task from the
optimization and now also from the artificial intelligence
world [5]. In particular, in this paper, an efficient meta-
heuristic implementation is proposed to tackle this problem,
demonstrating through several benchmark instances its
performance (various global optima are reached), which is
also valuable from an artificial intelligence and optimization
standpoint. Additionally, this algorithm includes an Au-
tonomous Search Component (dynamic mixture ratio),
which is currently an important research trend in the
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optimization and metaheuristic sphere. Metaheuristics are
intrinsically complex to be configured in order to reach good
results, and Autonomous Search comes to facilitate this task
by letting the metaheuristic itself to self-tune its internal
configuration without the need of a user expert for reaching
good results. To the best of our knowledge, the work done on
Autonomous Search in metaheuristics is very recent, and no
Autonomous Search work for cat swarm exists.

+e research work that has been done to solve the
problem of cell formation has followed two complementary
lines, which can be organized into two groups: approximate
methods and exact methods. Approximate methods are
mostly focused on finding an optimal solution in a limited
time; however, they do not guarantee a global optimum. Exact
methods, on the contrary, aim to fully analyze the search
space to ensure a global optimum [6]; however, these algo-
rithms are quite time-consuming and can only solve cases of
very limited size. For this reason, many research efforts have
focused on the development of heuristics, which find near-
optimal solutions within a reasonable period of time.

+is research focuses on solving the MCDP through a
recent metaheuristic in the vein of Swarm Intelligence (SI)
[7] called Binary Cat Swarm Optimization (BCSO) [8]. +is
algorithm was generated from observations of cat behavior
in nature, in which cats either hunt or remain alert. BCSO is
based on the CSO algorithm, recently proposed by Chu and
Tsai [9]. +e difference is that in BCSO, the vector position
consists of ones and zeros, instead of real numbers (CSO),
and the proposed alternate version makes use of a dynamic
mixture ratio.

As aforementioned, reaching good results for problems
belonging from the NP class is always a challenging and
appealing task from the optimization and artificial in-
telligence world. In this research, our goal was to provide an
intelligent algorithm for solving this problem by additionally
integrating self-tuning features, which is a very recent re-
search trend in the optimization and metaheuristic sphere.

2. Theoretical Framework

+e formation of manufacturing cells has been researched
for many years. One of the first investigations focused on
resolving this set of problems was Burbidge’s work in 1963
[4], which proposed the use of an incidence matrix reor-
ganized into a Block Diagonal Form (BDF) [4]. In recent
years, many exact and heuristic algorithms have been
proposed in the literature to solve MCDP. Such meta-
heuristic techniques include genetic Algorithm (GA) [10],
inspired by biological evolution and its genetic-molecular
basis; the Neural Network (NN) [11] that takes the behavior
of neurons and the connections of the human brain; and
Constraint Programming (CP) [12] where the relationships
between the variables are expressed as constraints. For ex-
tensive reviews of previous research and other methods of
cell formation, see Selim et al. [1].

Among the metaheuristics used for cell formation, there
is also the branch of Swarm Intelligence, which was initially
introduced by Beni and Wang in 1989 [13]. Inspired by

nature, Swarm Intelligence systems are typically formed by a
population of simple agents who interact locally with each
other and with their environment and who are able to
optimize an overall objective through the search for col-
laboration in a space [14]. Within this branch, the main
techniques are Particle SwarmOptimization (PSO) designed
and presented by Eberhart et al. [7, 9] in 1995; Ant Colony
Optimization (ACO), which is a family of algorithms de-
rived from Dorigo’s 1991 work based on the social behavior
of ants [15, 16]; Migrating Birds Optimization (MBO) [17]
algorithm based on the alignment of migratory birds during
flight; Artificial Fish Swarm Algorithm (AFSA) [18], based
on the behavior of fish to find food by themselves or by
following other fish; and the discrete Cat Swarm optimi-
zation (CSO) Technique presented in 2007 by Chu and Tsai
[9], which is based on the behavior of cats. Interestingly, the
CSO cat corresponds to a particle in PSO, with a small
difference in its algorithms [19, 20]. CSO and PSO were
originally developed for continuous value spaces, but there
are a number of optimization problems where the values are
discrete [21].

3. The Manufacturing Cell Design Problem

+eManufacturing Cell Design Problem (MCDP) divides an
industrial production plant into a number of cells. Each cell
contains machines with similar process types or part fam-
ilies, determined according to the similarity between parts
[4]. A manufacturing cell can be defined as an independent
group of functionally different machines, located together,
dedicated to the manufacture of a family of similar parts. In
addition, a family of parts can be defined as a collection of
parts that are similar, either because of their geometric shape
and size or because similar processing steps are required to
manufacture them [22].

+e goal of MCDP is to identify a cell organization in a
way that minimizes the transport of different parts between
cells, in order to reduce production costs and increase
productivity. +e idea is to represent the processing re-
quirements of machine parts through an incidence matrix
called machine part. +is reorganization involves the for-
mulation of two new matrices called machine-cell and part-
cell.

A detailed mathematical definition of the formulation of
the machine-part clustering problem is defined by the op-
timization model explained below [6]:

(i) M: number of machines
(ii) P: number of parts
(iii) C: number of cells
(iv) i: machine index (i � 1, 2, . . . , M)
(v) j: part index (j � 1, 2, . . . , P)
(vi) k: cell index (k � 1, 2, . . . , C)
(vii) Mmax: maximum number of machines per cell
(viii) A � [aij]: machine-to-part binary incidence ma-

trix, where
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aij �
1, if machine i processes a part j,

0, otherwise.
 (1)

(ix) B � [bij]: machine-to-part binary incidence ma-
trix, where

bik �
1, if machine i belongs to cell k,

0, otherwise.
 (2)

(x) C � [cjk]: machine-to-part binary incidence ma-
trix, where

cjk �
1, if part j belongs to cell k,

0, otherwise.
 (3)

4. Binary Cat Swarm Optimization

+ere are about thirty different species of known felines,
e.g., lions, tigers, leopards, common housecat, etc. [23].
Although they have different living environments, cats share
similar behavioral patterns [24]. For wild cats, the ability to
hunt ensures food supply and survival of the species [25]. To
hunt their food, wild cats form groups ranging from 2–15
individuals [26]. Domestic cats also show the same ability to
hunt and are curious about moving objects [26–28]. Al-
though cats might seem to be resting most of the time, even
when awake [29, 30], they are actually in a constant state of
alert; without moving, they may be listening or have their
eyes open to look around [31]. BCSO [8] was formulated on
the basis of all these behaviors and is an optimization al-
gorithm that mimics the natural behavior of cats [9, 32, 33].
+e authors identified two main modes of behavior for
simulating cats [3, 34–39]:

(i) Seeking mode: exploration-oriented mode, where
cats are attracted by moving objects and have a high
hunting capacity. Cats may seem to spend most of
their time resting, but in fact, they are constantly
alert when moving slowly.

(ii) Tracing mode: exploitation-oriented mode, where
cats detect a prey and run after it, spending a lot of
energy due to its rapid movements. In this way, the
cats follow the best in their group.

In BCSO, these two behaviors are mathematically mod-
eled to solve complex optimization problems. +e first de-
cision is to define the number of cats needed for each
iteration. Each cat, represented by catk, where k ∈
1, 2, . . . , C{ }, has its own position consisting ofM dimensions
composed of ones and zeros (1 and 0). In addition, they have
speed for each dimension d, a flag to indicate whether the cat
is in the seeking or tracing mode, and finally a fitness value
that is calculated based on the MCDP. +e BCSO keeps
looking for the best solution until iterations are finalized. In
BCSO, each catx represents a MCDP solution through a
machine-cell matrix, where x identifies the cat and d are the
position bits of the cat. In addition, the constraint matrix
ensures that each row i is covered by at least one column.

Algorithm 1 describes the general BCSO pseudocode
where the mixture ratio (MR) is a percentage that de-
termines the number of cats in the seeking mode.

4.1. SeekingMode. +is submodels the state of the cat, which
is resting, looking around, and seeking the next position to
move towards. +e seeking mode has the following essential
factors:

(i) PMO: probability of mutation operation, a per-
centage that defines the mutation probability for the
selected dimension.

(ii) CDC: counts of dimensions to change, a percentage
that indicates how many dimensions are candidates
to change.

(iii) SMP: seeking memory pool, a positive integer used
to define the memory size for each cat. SMP in-
dicates the points to be scanned by the cat and can
be different for different cats.

+e following pseudocode describes the behavior of the
cat in the seeking mode. Here, FSi is the fitness of the ith cat,
and FSb � FSmax finds the minimum solution and
FSb � FSmin the maximum solution. To solve the MCDP, we
use FSb � FSmax.

Step 1: create SMP copies of current catx.
Step 2: for each copy:
for dimensions that are candidates for change (based on
CDC percentage):
get a random number (rand) between 0 and 1
if rand<PMO, then the position changes.
Step 3: evaluate Fitness of all copies.
Step 4: calculate the selection probability by applying a
roulette wheel or, by default, choose the best copy
according to Fitness.

Pi �
FSi − FSb

FSmax − FSmin




. (4)

Step 5: evaluate if the chosen copy is a better solution
than the currently selected cat, and replace accordingly.

Figure 1 shows the flow chart of the behavior of the cat in
the seeking mode.

4.2. TracingMode. +is submodel is used to model the state
of the cat in hunting or tracing behavior, where the cats are
moving towards the best solution obtained so far. Once a cat
enters the tracing mode, it moves according to its own
velocities for each dimension. Each cat has two velocity
vectors, defined as V1

kd and V0
kd, where V0

kd is the probability
that the bits of the cat change to zero and V1

kd is the
probability they change to one. +e velocity vector changes
its meaning with the probability of mutation for each di-
mension d. +e tracing mode action is described in the
following pseudocode.
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Step 1: calculate d1
kd and d0

kd according to the following
expression, where Xbest,d is the dimension d of the best
cat, r1 has random values in the range of [0,1], and c1 is
a user-defined constant.

If Xbest,d � 1, then d
1
kd � −r1c1, andd

0
kd � r1c1,

If Xbest,d � 0, then d
1
kd � r1c1y, d

0
kd � −r1c1.

(5)

Step 2: update values for V1
kd and V0

kd according to the
expression, where w is the inertia weight and M is the
number of columns.

V1
kd � ωV1

kd + d1
kd,

V0
kd � ωV0

kd + d0
kd,

d � 1, . . . , M . (6)

Step 3: calculate the velocity of catk, V
′
kd, according to

V
′
kd �

V1
kd, If Xkd � 0,

V0
kd, If Xkd � 1.

⎧⎨

⎩ (7)

Step 4: calculate the probability of mutation in each
dimension, defined by parameter Tkd which takes a
value in the interval of [0,1]

Tkd �
1

1 + e−V
′
kd

. (8)

Step 5: based on the value of Tkd, the new value of each
dimension of the cat is updated as follows:

Xkd �
Xbest,d, If rand< tkd,

Xkd, If tkd < rand,
 d � 1, . . . , M. (9)

+e maximum velocity vector of V
′
kd must be limited to

value Vmax.
If the value of V

′
kd surpasses that of Vmax, V

′
kd must be

selected for the corresponding velocity dimension.
+e following is a flow chart for a cat in the tracing mode

(Figure 2).

5. Solving the Manufacturing Cell Design
Problem (MCDP)

To solve the MCDP, it is essential to use a repair method for
solutions that were not feasible. Algorithm 2 describes the
pseudocode used to solve the MCDP.

Make SMP
copies of catx

Allow SMP copies to mutate based
on PMO and CDC

Evaluate the fitness of all copies

Use roulette wheel to pick the point
to move to from the candidate point

Replace the current position
with the selected candidate

Calculate the selecting probability
of each candidate point according to

Pi = FSi – FSb/FSmax – FSmin

Figure 1: Seeking mode.

(1) Create C cats
(2) Randomly initialize cat position values with values between 1 and 0
(3) Initialize velocities and flag of each cat;
(4) while (i<NumberIterations) do
(5) Evaluate cats according to fitness function
(6) Store the position of the best cat, which has best fitness
(7) for (x� 1 to C) do
(8) if (randomNumber<MixtureRatio) then
(9) Apply seeking mode process to catx
(10) else
(11) Apply tracing mode process to catx
(12) end if
(13) Evaluate new solution, update values
(14) end for
(15) end while
(16) Postprocess results and visualization.

ALGORITHM 1: Binary Cat Swarm Algorithm.
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6. Repair Method

A solution may not satisfy the constraints, resulting in an
unworkable solution. For this reason, the value that violates
the constraint is repaired instead of the matrix being re-
moved. In this section, a function is described to transform
nonfeasible solutions into feasible solutions.

+us, Algorithm 3 presents a repair method in which all
rows not covered are identified and assigned accordingly.
+is will cover all restrictions.

7. Autonomous Search

Autonomous Search (AS) is a modern approach that allows
the solver to automatically reconfigure its resolution pa-
rameters to provide better performance when bad results are
detected [40].

In this context, performance is assessed through in-
dicators that collect relevant information during the search.
Search parameters are then updated advantageously
according to the results obtained by the fitness evaluation.

+is approach has been effectively applied to different
optimization and satisfaction techniques, such as Constraint
Programming [41], SAT [42], mixed integer programming
[43, 44], and various other metaheuristic techniques
[45–47].

In the present investigation, a version of the BCSO with
Autonomous Search has been implemented, where the
mixture ratio (MR) variable is used as an autonomous
parameter; i.e., the MR value changes while the program is
executed to give a more dynamic algorithm that directly
influences the mode that the cat will take.

Algorithm 4 is the pseudocode describing the Autono-
mous Search BCSO.

8. Results

+e BCSO implementation process of MCDP has led to
results that will be presented in the following section. +e
metaheuristic was programmed in the JAVA programming
language. For the execution of the algorithm, the parameters
considered were the following:

(i) Iterations� 5000
(ii) Number of cats� 30
(iii) MR� 0.75 (75% seeking; 25% tracing)
(iv) SMP� 15
(v) CDC� 0.2
(vi) PMO� 0.76
(vii) w � 1
(viii) c1 � 1
(ix) r1 ∈ [0, 1]

9. Boctor Instances

Tests with the implemented solution were carried out based
on 90 instances of 16× 30 matrices, obtained from 10
problems found in the paper of Boctor [48], hereafter called
Boctor Instances. +ese problems included the use of 2 or
3 cells. In the case of 2 cells, the maximum number of
machines (Mmax) in each took values between 8 and 12. In
the case of 3,Mmax varied between 6 and 9 machines per cell.
In both cases, the value of Mmax remained constant
throughout the execution of the algorithm.

+e values obtained by submitting each problem to the
Classic BCSO and BCSO with Autonomous Search are
summarized in Tables 1–9, where “O” denotes the global
optimum given in [48]; “BCSO,” the best value obtained by
the BCSO here proposed; “A,” the average number of optima
obtained; “I,” the average number of iterations in which the
optimum is reached; ”Ms,” the time (in milliseconds) used to
reach the optimum; and “RPD,” the Relative Percent Dif-
ference, calculated as follows:

RPD �
Z−Zopt

Zopt
∗ 100, (10)

where Zopt is the best known optimal value and Z is the best
optimal value achieved by BCSO.

d = 1

End

NoYes

NoYes

NoYes

Yes

No

Xbest,d is 1?

Xkd is 1?

rand < tkd

d = d + 1

d ≤ M

d1
kd = r1c1

d0
kd = –r1c1

d1
kd = –r1c1

d0
kd = r1c1

V1
kd = wV1

kd + d1
kd

V 0
kd = wV 0

kd + d0
kd

V′kd = V 0
kd V′kd = V1

kd

tkd = 1/1 + e–V′kd

Xkd = Xkd Xkd = Xbest,d

Figure 2: Tracing mode.
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+e above results were run 40 times for each of the 90
Boctor Instances. It is important to point out that 100% of
these were optimized, proving that BCSO can work with any
MCDP instance. +e performance of the BCSO meta-
heuristic in its Autonomous Search version was slightly
better, demonstrated by some of the optima averages
reached in the experimental results.

10. Other Author Instances

To analyze the effectiveness of the implemented algorithm in
a wider range of problems, new instances from different
authors were investigated. Matrix sizes ranged from 5 to 40
machines and from 7 to 100 parts. Table 10 shows the in-
stances used:

In order to improve the quality of the exhibited behavior
by the autonomous version of the Binary Cat Swarm Op-
timization, we performed a detailed comparison by using
these new instances, because they are hardest. +is com-
parison includes two well-known metaheuristics: the first
one is inspired by the behavior of the Egyptian vulture
(EVOA) [71], and the second one mimics the flashing be-
havior of fireflies [72]. Table 11 reports the result com-
parison between our proposal and the methods published
in [73].

If it observes the showed results for instances CF01 to
CF11, we can conclude that BCSO presents a similar per-
formance to EVOA. In both cases, the optimal values are
reached. Moreover, we note the worst and mean values are
equal. +is behavior can be attributed to the similarity of the

(1) Create C cats, each cat is a machine-cell matrix
(2) Initialize the machine-cell matrices with random values (1 or 0)
(3) Initialize all other parameters for each cat
(4) while (i<NumberIterations) do
(5) Evaluate MCDP fitness of the cats
(6) Store position of Best Matrix catx with highest fitness value
(7) for (x� 1 to C) do
(8) if (randomNumber<MixtureRatio) then
(9) Apply seeking mode process to catx
(10) Repair each modified matrix
(11) else
(12) Apply tracing mode process to catx
(13) Repair each modified matrix
(14) end if
(15) Evaluate new solution and update values
(16) end for
(17) end while
(18) Postprocess results and visualization

ALGORITHM 2: Solving MCDP.

(1) for (i to Machines) do
(2) for (j to Cells) do
(3) Count the number of cells the same machine is assigned to
(4) end for
(5) if (Assignments!� 1) then
(6) Calculate least cost column
(7) Assign the machine to the calculated least cost cell
(8) end if
(9) end for
(10) for (i to Machines) do
(11) for (j to Cells) do
(12) Count the number of machines in the same cell
(13) end for
(14) if (Number of grouped machines is greater than Mmax) then
(15) Find cell with fewer machines assigned
(16) Reassign the machine to found cell
(17) end if
(18) end for

ALGORITHM 3: Repairing solutions.
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operations between both algorithms. Now, if it evaluates
MFAO with respect to BCSO, we again can report a similar
conclusion. Nevertheless, in CF05 and CF07, BCSO ach-
ieves two optimal values that they are not reached with
MFAO.

From CF12 onwards, BCSO begins to exhibit an
outstanding performance. For instance, in CF12, BCSO is
the only one that finds the best solution (optimum value)
reaching RPD 0%. Its closer competitor (MBFA) obtains
RPD 28.57%. However, the biggest significant difference
can be seen from CF15. In this instance, BCSO exhibits
higher efficiency than EVOA and it overcomes the reached

value by MBFA. Now, if taken any instances between
CF16 and CF 35 (more than 57% of instances), the good
yield of the BCSO exceeds the two compared approaches
term of the best-found values, average-found values, and
worst-found values also. +erefore, we can state that
BCSO is more than a competitive technique. It is a real
alternative for solving the Manufacturing Cell Design
Problem.

Now, the values obtained by submitting each problem to
Classic BCSO and BCSO with Autonomous Search are
summarized in Table 12, where the global optimum is given
in [74].

(1) while (i<NumberIterations) do
(2) if (FitnessIteration� � FitnessIterationPrevious) then
(3) RepetitionsFitness++
(4) else
(5) RepetitionsFitness� 0
(6) end if
(7) if (RepetitionsFitness> 30) then
(8) Change MixtureRatio to 1/(MixtureRatio∗ 50)
(9) if (MixtureRatio< 10%) then
(10) Change MixtureRatio to MixtureRatio∗ 15
(11) if (MixtureRatio< 50%) then
(12) Reinitialize 5 cat (machine-cell matrices) with random values (1 or 0)
(13) for (x� 1 to C) do
(14) Change PMO to 0.9
(15) Change CDC to 0.3
(16) end for
(17) else
(18) for (x� 1 to C) do
(19) Restore PMO value to 0.76
(20) Restore CDC value to 0.2
(21) end for
(22) RepetitionsFitness� 0
(23) end if
(24) end if
(25) Order cat arrangements
(26) end if
(27) end while

ALGORITHM 4: Autonomous search.

Table 1: Experimental results with cell� 2 and Mmax � 8.

Results for Boctor Instances with C� 2 Mmax � 8

P O Classic BCSO Autonomous Search BCSO
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0.00 5 30697.5 11 11 0.00 5 15977.6
2 7 7 7 0.00 7 27797.7 7 7 0.00 7 14487.6
3 4 4 4.05 0.00 79 27927.8 4 4 0.00 133 14175.7
4 14 14 14 0.00 5 29998.9 14 14 0.00 6 15149.6
5 9 9 9 0.00 93 28348.8 9 9 0.00 102 14358.0
6 5 5 5 0.00 5 28233.3 5 5 0.00 8 14165.0
7 7 7 7 0.00 5 28338.9 7 7 0.00 7 14562.7
8 13 13 13 0.00 6 28860.8 13 13 0.00 7 14895.6
9 8 8 8 0.00 6 28206.7 8 8 0.00 8 14583.8
10 8 8 8 0.00 19 28547.1 8 8 0.00 20 14750.2
X 8.6 8.6 8.605 0.00 23 28695.7 8.6 8.6 0.00 30.3 14710.6
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+e above results were obtained after 40 executions for
each of the 35 new instances. It should be noted that it was
possible to reach optima in 100% of instances for both
algorithms, proving that BCSO can work with almost any
instance. +e performance of the BSCOmetaheuristic in its
Autonomous Search version was slightly better, demon-
strated in some of the optima achieved, improving by 3%
with respect to the original.

11. Results for Boctor Instances Using BCSO
and BCSO with Autonomous Search

Figure 3 shows the results of the experiments conducted
for the Boctor Instances presented above. +anks to the
operation mode of the BCSO, a fast optimum convergence
is obtained at C � 2; however, when C � 3, the BCSO does
not converge as quickly that said, the optimum is reached

Table 2: Experimental results with cell� 2 and Mmax � 9.

Results for Boctor Instances with C� 2 Mmax � 9

P O Classic BCSO Autonomous Search BCSO
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0 5 19412 11 11 0 5 15109.4
2 6 6 6 0 5 17803.6 6 6 0 12 14284.1
3 4 4 4 0 5 16817 4 4 0 6 14140.3
4 13 13 13 0 5 18236.3 13 13 0 5 15027.4
5 6 6 6 0 81 16863.1 6 6 0 57 14228.9
6 3 3 3 0 10 16552.5 3 3 0 24 13997.8
7 4 4 4 0 5 17681.6 4 4 0 5 14432.9
8 10 10 10 0 7 18277.8 10 10 0 9 14734.4
9 8 8 8 0 5 17690.7 8 8 0 5 14473.7
10 5 5 5 0 7 18035.8 5 5 0 7 14645.4
X 7 7 7 0 13.5 17737 7 7 0 13.5 14507.4

Table 3: Experimental results with cell� 2 and Mmax � 10.

Results for Boctor Instances with C� 2 Mmax � 10

P O Classic BCSO Autonomous Search BCSO
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0 5 18084.4 11 11 0 5 15047
2 4 4 4 0 9 16894.2 4 4 0 11 14336.8
3 4 4 4 0 5 16221.7 4 4 0 5 13991
4 13 13 13 0 6 17602.6 13 13 0 6 15051.8
5 6 6 6 0 7 16459.6 6 6 0 36 14620.4
6 3 3 3 0 8 16217.7 3 3 0 38 14853.1
7 4 4 4 0 5 16828.9 4 4 0 6 15199.7
8 8 8 8 0 8 17648.1 8 8 0 8 15858.6
9 8 8 8 0 6 16669.3 8 8 0 5 15226.4
10 5 5 5 0 6 16713.1 5 5 0 7 15591.5
X 6.6 6.6 6.6 0 6.5 16933.96 6.6 6.6 0 12.7 14977.63

Table 4: Experimental results with cell� 2 and Mmax � 11.

Results for Boctor Instances with C� 2 Mmax � 11

P O Classic BCSO Autonomous Search BCSO
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0 5 17173.2 11 11 0 5 16818.2
2 3 3 3 0 7 16000.2 3 3 0 9 15159.5
3 3 3 3 0 8 15755.9 3 3 0 29 14537.3
4 13 13 13 0 6 17011.4 13 13 0 6 15634.2
5 5 5 5 0 9 16680.3 5 5 0 18 14958.3
6 3 3 3 0 6 16433.2 3 3 0 7 28722.4
7 4 4 4 0 5 16714.5 4 4 0 6 15837.8
8 5 5 5 0 6 17223.9 5 5 0 6 17155.2
9 5 5 5 0 10 16733.8 5 5 0 22 16827.5
10 5 5 5 0 6 16698.9 5 5 0 7 17077.1
X 5.7 5.7 5.7 0 6.8 16642.53 5.7 5.7 0 12 17272.75
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in most cases before 100 executions, which demonstrates
the effectiveness of the proposed approach.

Figure 4 shows the results of problem 3, C� 2 and
Mmax � 8, over iterations. Both versions converge quickly:
while the Autonomous Search BCSO reaches the optimum

early (iteration 10), the normal BCSO is stuck at optimum of
fitness 5 at iteration 4.

+e following graph (Figure 3) shows the results of
problem 7, with C � 3, Mmax � 8, reaching the overall
optimum in both cases at similar iterations: normal

Table 5: Experimental results with cell� 2 and Mmax � 12.

Results for Boctor Instances with C� 2 Mmax � 12

P O Classic BCSO Autonomous Search BCSO
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0 5 18226.7 11 11 0 5 17694.2
2 3 3 3 0 6 16901.6 3 3 0 6 16481
3 1 1 1 0 8 16377.7 1 1 0 21 15203.2
4 13 13 13 0 5 17816.3 13 13 0 6 15927.9
5 4 4 4 0 6 16824.9 4 4 0 20 15004.5
6 2 2 2 0 35 16411.3 2 2 0 158 14512
7 4 4 4 0 6 16939 4 4 0 6 15269.6
8 5 5 5 0 7 17716.7 5 5 0 7 15861.7
9 5 5 5 0 8 17175.5 5 5 0 18 15091
10 5 5 5 0 6 20025.5 5 5 0 7 15258.2
X 5.3 5.3 5.3 0 9.2 17441.52 5.3 5.3 0 25.4 15630.33

Table 6: Experimental results with cell� 3 and Mmax � 6.

Results for Boctor Instances with C� 3 Mmax � 6

P O Classic BCSO Autonomous Search
BCSO A RPD I Ms BCSO A RPD I Ms

1 27 27 27 0 40 23130.3 27 27 0 85 18900.6
2 7 7 7 0 12 21710.5 7 7 0 11 17891.1
3 9 9 9 0 38 21010.5 9 9 0 52 437225
4 27 27 27 0 10 22764.7 27 27 0 11 18664.8
5 11 11 11 0 11 21380.6 11 11 0 11 17956.1
6 6 6 6 0 13 20749.7 6 6 0 15 17323.4
7 11 11 11 0 60 21698.3 11 11 0 91 17904.1
8 14 14 14 0 14 22665.2 14 14 0 12 18360.5
9 12 12 12 0 12 21730.1 12 12 0 22 17725.5
10 10 10 10 0 27 22397.3 10 10 0 32 18011.2
X 13 13.4 13 0 24 21923.7 13.4 13.4 0 34 59996.3

Table 7: Experimental results with cell� 3 and Mmax � 7.

Results for Boctor Instances with C� 3 Mmax � 7

P O Classic BCSO Autonomous Search
BCSO A RPD I Ms BCSO A RPD I Ms

1 18 18 18 0 42 22915.4 18 18 0 49 18995.1
2 6 6 6 0 14 21540.1 6 6 0 16 18216.9
3 4 4 4 0 27 20955.9 4 4 0 20 17177.4
4 18 18 18 0 21 23486.3 18 18 0 22 18684
5 8 8 8 0 15 19261 8 8 0 15 16942.8
6 4 4 4 0 28 18009 4 4 0 24 16508.8
7 5 5 5 0 35 18720 5 5 0 243 16994.5
8 11 11 11 0 14 300126 11 11 0 15 17666.8
9 12 12 12 0 16 21566.1 12 12 0 14 17191.1
10 8 8 8 0 16 21380.5 8 8 0 16 17549.1
X 9 9.4 9 0 23 48796.1 9.4 9.4 0 43 17592.7
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Table 8: Experimental results with cell� 3 and Mmax � 8.

Results for Boctor Instances with C� 3 Mmax � 8

P O Classic BCSO Autonomous Search
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0 16 21580 11 11 0 15 18090.8
2 6 6 6 0 20 20246.3 6 6 0 20 17017.4
3 4 4 4 0 17 19927.2 4 4 0 42 16878.1
4 14 14 14 0 19 21022.2 14 14 0 24 18642.2
5 8 8 8 0 36 19499.3 8 8 0 215 17156.4
6 4 4 4 0 31 19735.9 4 4 0 144 16542.7
7 5 5 5 0 30 20064.9 5 5 0 39 17352
8 11 11 11 0 19 21113.4 11 11 0 76 18459.6
9 8 8 8 0 36 20879.4 8 8 0 56 17950
10 8 8 8 0 17 19959.3 8 8 0 17 18353.6
X 8 7.9 8 0 24 20402.8 7.9 7.9 0 65 17644.3

Table 9: Experimental results with cell� 3 and Mmax � 9.

Results for Boctor Instances with C� 3 Mmax � 9

P O Classic BCSO Autonomous Search
BCSO A RPD I Ms BCSO A RPD I Ms

1 11 11 11 0 13 21872.7 11 11 0 16 18462.7
2 6 6 6 0 20 20489.4 6 6 0 16 17624.9
3 4 4 4 0 14 20044 4 4 0 15 16748.8
4 13 13 13 0 15 22408 13 13 0 17 17698.7
5 6 6 6 0 69 22768.2 6 6 0 168 17120.3
6 3 3 3 0 69 19580.2 3 3 0 139 17167.1
7 4 4 4 0 24 20863.5 4 4 0 29 17602.5
8 10 10 10 0 66 23977.9 10 10 0 184 18202.8
9 8 8 8 0 15 26618.9 8 8 0 21 17849.1
10 5 5 5 0 17 20694.3 5 5 0 26 18483.6
X 7 7 7 0 32 21931.7 7 7 0 63 17696.1

Table 10: New instances from other authors.

Problem Author Machines Parts Cells Mmax

CFP01 King and Nakornchai [49] 5 7 2 3
CFP02 Waghodekar and Sahu [50] 5 7 2 4
CFP03 Seifoddini [51] 5 18 2 3
CFP04 Kusiak and Cho [52] 6 8 2 3
CFP05 Kusiak and Chow [53] 7 11 5 2
CFP06 Boctor [48] 7 11 4 2
CFP07 Seifoddini and Wolfe [54] 8 11 4 3
CFP08 Chandrasekharan and Rajagopalan [55] 8 20 3 4
CFP09 Chandrasekharan and Rajagopalan [56] 8 20 2 5
CFP10 Mosier and Taube [57] 10 10 5 4
CFP11 Chan and Milner [58] 10 15 3 4
CFP12 Askin and Subramanian [59] 14 24 7 3
CFP13 Stanfel [60] 14 24 7 3
CFP14 McCormick et al. [61] 16 24 8 5
CFP15 Srinivasan et al. [62] 16 30 6 6
CFP16 King [63] 16 43 8 4
CFP17 Carrie [64] 18 24 9 4
CFP18 Mosier and Taube [65] 20 20 6 7
CFP19 Kumar et al. [66] 23 20 7 6
CFP20 Carrie [64] 20 35 5 5
CFP21 Boe and Cheng [67] 20 35 5 5
CFP22 Chandrasekharan and Rajagopalan [68] 24 40 12 5
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Table 10: Continued.

Problem Author Machines Parts Cells Mmax

CFP23 Chandrasekharan and Rajagopalan [68] 24 40 7 5
CFP24 Chandrasekharan and Rajagopalan [68] 24 40 7 5
CFP25 Chandrasekharan and Rajagopalan [68] 24 40 11 5
CFP26 Chandrasekharan and Rajagopalan [68] 24 40 12 3
CFP27 Chandrasekharan and Rajagopalan [68] 24 40 12 3
CFP28 McCormick et al. [61] 27 27 6 11
CFP29 Carrie [64] 28 46 10 4
CFP30 Kumar and Vannelli [69] 30 41 14 4
CFP31 Stanfel [60] 30 50 13 3
CFP32 Stanfel [60] 30 50 14 4
CFP33 King-Nakornchai [49] 36 90 17 6
CFP34 McCormick et al. [61] 37 53 3 15
CFP35 Chandrasekharan and Rajagopalan [70] 40 100 10 6

Table 11: Comparison between classic BCSO.

ID M P C Mmax
Optimum
values

EVOA MBFA CSOA

Best Worst Mean RPD
(%) Best Worst Mean RPD

(%) Best Worst Mean RPD
(%)

CF01 5 7 2 3 0 0 0 0 0.00 0 0 0 0.00 0 0 0 0.00
CF02 5 7 2 4 3 3 3 3 0.00 3 3 3 0.00 3 3 3 0.00
CF03 5 18 2 3 5 5 5 5 0.00 5 5 5 0.00 5 5 5 0.00
CF04 6 8 2 3 2 2 2 2 0.00 2 2 2 0.00 2 2 2 0.00
CF05 7 11 5 2 8 8 8 8 0.00 9 9 9 12.50 8 8 8 0.00
CF06 7 11 4 2 4 4 4 4 0.00 4 4 4 0.00 4 4 4 0.00
CF07 8 12 4 3 7 7 7 7 0.00 8 8 8 14.29 7 7 7 0.00
CF08 8 20 3 4 7 7 7 7 0.00 7 7 7 0.00 7 7 7 0.00
CF09 8 20 2 5 25 25 25 25 0.00 27 27 27 8.00 25 25 25 0.00
CF10 10 10 5 4 0 0 2 1.2 0.00 3 3 3 0.00 0 0 0 0.00
CF11 10 15 3 4 0 0 4 0.8 0.00 0 0 0 0.00 0 0 0 0.00
CF12 14 24 7 3 7 11 16 13.3 57.14 9 11 10.1 28.57 7 7 7 0.00
CF13 14 24 7 3 8 12 17 14.3 50.00 8 9 8.4 0.00 8 8 8 0.00
CF14 16 24 8 5 Unknown 30 35 32.9 — 36 41 39.6 — 24 24 24 —
CF15 16 30 6 6 Unknown 31 39 35.7 — 18 25 21.1 — 17 17 17 —
CF16 16 43 8 4 Unknown 42 47 44.6 — 39 46 43.8 — 29 30 29.05 —
CF17 18 24 9 4 Unknown 32 36 34.2 — 32 35 33.2 — 26 27 26.53 —
CF18 20 20 6 7 Unknown 46 53 49.9 — 52 59 56.2 — 41 42 41.18 —
CF19 20 23 7 6 Unknown 51 56 53.4 — 49 55 51.6 — 38 38 38 —
CF20 20 35 5 5 Unknown 28 42 36 — 7 16 12.3 — 2 2 2 —
CF21 20 35 5 5 Unknown 57 65 60.3 — 43 45 43.5 — 35 35 —
CF22 24 40 7 5 Unknown 30 43 37.5 — 0 23 15.5 — 0 5 4.9 —
CF23 24 40 7 5 Unknown 39 48 44.2 — 13 19 15 — 10 15 13.53 —
CF24 24 40 7 5 Unknown 44 53 49.7 — 25 30 27.6 — 18 22 20.98 —
CF25 24 40 11 5 Unknown 60 64 61.6 — 49 57 56.1 — 40 44 43.6 —
CF26 24 40 12 3 Unknown 68 71 70 — 64 67 65.6 — 59 63 62.15 —
CF27 24 40 12 3 Unknown 69 72 70.6 — 67 72 68.8 — 61 66 64.05 —
CF28 27 27 6 11 Unknown 84 100 94.1 — 76 97 92.1 — 54 54 54 —
CF29 28 46 10 4 Unknown 102 119 112.8 — 106 112 109.1 — 91 98 96.1 —
CF30 30 41 14 4 Unknown 57 63 59.7 — 43 65 58.3 — 37 43 42.6 —
CF31 30 50 13 3 Unknown 70 79 75.3 — 54 63 60.4 — 52 59 57.9 —
CF32 30 50 14 4 Unknown 86 90 87.6 — 76 81 77.6 — 66 75 72.15 —
CF33 36 90 17 6 Unknown 136 153 144.8 — 116 125 122.6 — 93 95 94.93 —
CF34 37 53 3 15 Unknown 352 383 369.2 — 325 335 329.5 — 256 256 256 —
CF35 40 100 10 6 Unknown 181 207 195.6 — 114 130 119.2 — 83 121 110.58 —
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Table 12: Experimental results for new instances.

Results with 35 new instances

P O Classic BCSO Autonomous Search BCSO
BCSO A RPD I Ms BCSO A RPD I Ms

1 0 0 0 0 1 3583.2 0 0 0 1 3433.4
2 3 3 3 0 1 3619.7 3 3 0 1 3558.5
3 5 5 5 0 1 6273 5 5 0 1 6155.3
4 2 2 2 0 1 4157.7 2 2 0 1 3807.2
5 8 8 8 0 1 7897.8 8 8 0 1 7575.8
6 4 4 4 0 2 6919 4 4 0 2 6389.2
7 7 7 7 0 4 8158.6 7 7 0 5 7529.3
8 7 7 7 0 4 10048.4 7 7 0 4 9240.1
9 25 25 25 0 2 9373.3 25 25 0 2 8705.8
10 0 0 0 0 8 8982.7 0 0 0 10 8254.2
11 0 0 0 0 4 8893.5 0 0 0 4 8164.4
12 7 7 7 0 128 21747.6 7 7 0 194 19928.8
13 8 8 8 0 67 21835 8 8 0 87 20146.5
14 Unknown 24 24 103 27558 24 24 147 25383.5
15 Unknown 17 17 260 27283.5 17 17 296 25025.1
16 Unknown 29 29.05 922 40535.1 29 29.08 1268 37265.8
17 Unknown 26 26.53 717 31776.2 26 26.73 876 30591.1
18 Unknown 41 41.18 1241 26712.9 41 41.5 1174 27322.4
19 Unknown 38 38 577 31345.7 38 38.3 590 32086.5
20 Unknown 2 2 300 31251.8 2 2 358 29678.2
21 Unknown 35 35 318 34413.4 35 35.08 443 33892.7
22 Unknown 0 4.9 1909 42425.3 0 2.48 2017 103160.1
23 Unknown 10 13.53 1649 45014.9 10 12.43 1988 42954.3
24 Unknown 18 20.98 1958 45974.2 18 20.03 2080 43359.1
25 Unknown 40 43.6 2186 62062.9 40 44.08 2096 56834.7
26 Unknown 59 62.15 815 66630.4 57 60.73 2352 61659.3
27 Unknown 61 64.05 1204 66655.3 61 63.55 2202 62349.9
28 Unknown 54 54 466 43228.5 54 54.05 477 41759.4
29 Unknown 91 96.1 1434 76860.5 90 95.2 2578 67203.9
30 Unknown 37 42.6 1270 84810.9 34 40.9 2520 75800.3
31 Unknown 52 57.9 641 93391.4 49 54.3 2453 81183.7
32 Unknown 66 72.15 1670 99440.7 67 71.8 2431 87624.9
33 Unknown 93 94.93 2423 165907.8 93 95.48 1999 143833
34 Unknown 256 256 1345 70985.4 256 256 1005 70893.8
35 Unknown 83 110.58 964 153404.2 55 82.2 3579 150723
X 5.85 34.51 36.63 0 703 42547.4 33.49 35.51 0 1007 41242.1
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Figure 3: Graph showing the results of problem 7 for BCSO and
BCSO AS with C� 3.
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BCSO, iteration 30; and Autonomous Search BCSO, it-
eration 40.

12. Results for New Instances Using BCSO and
BCSO with Autonomous Search

Figure 5 shows the results of the experiments performed for
new instances, in which it can be seen that the Autonomous
Search algorithm helps the solution not to get trapped at
some local optimum; however, not all results with Auton-
omous Search present an advantage over the original
version.

Figure 5 represents the results of problem 26, with
M� 24, P � 40, C� 12, andMmax � 3, in which it can be seen
that Autonomous Search BCSO does not have a great dif-
ference over the normal BCSO; however, Autonomous
Search BCSO is able to explore new solutions, which makes
it achieve better results.

+e graph in Figure 6 represents the results of problem
30, with M� 30, P � 41, C� 14, and MMAX � 4, in which it
can be seen that the Autonomous Search BCSO solutions
continue to change without being trapped in a local opti-
mum, whereas normal BCSO is trapped near iteration 4000.

+e graph in Figure 7 represents the results of problem
35, with M� 40, P � 100, C� 10, and Mmax � 6, in which
Autonomous Search BCSO solutions are changing, ex-
ploring new solutions, expanding their search space early on,
before iteration 3000; normal BCSO is trapped in a local
optimum near iteration 1000.

13. Conclusions

In the present investigation, a new algorithm inspired by cat
behavior, called Cat Swarm Optimization, was presented in
solving the Manufacturing Cell Design Problem, used for
placement of machinery in a manufacturing plant.

+e proposed BCSO was implemented and tested using
90 Boctor Instances plus 35 new instances, for a total of 125
instances: +e BCSO managed to obtain 100% of known
optima in the 90 Boctor Instances, achieving rapid con-
vergence and reduced execution times. In the case of the 35
new instances, it was possible to obtain 100% of the 13
known optima. It should be noted that these results were
obtained after a long testing process, where the different
parameters of the algorithm were calibrated based on ex-
perimentation. For that reason, Autonomous Search was
implemented as an optimization method to influence var-
iables in real time, which resulted in dynamic MR that
slightly improved results obtained: 3% compared to the
original, with 100% of the known optima, both for the 90
Boctor Instances and the 35 new instances.

As can be seen from the results, this metaheuristic be-
haves well in all observed cases. +is research demonstrates
that BCSO is a valid alternative for solving the MCDP. +e
algorithm works well, regardless of the scale of the problem.
However, solutions obtained could be improved by using
different parameters for each set of instances.
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Figure 5: Graph showing the results of problem 26 for BCSO and
BCSO AS.
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+e BCSO performance was significantly increased after
selecting a good repair technique. However, relying on a
repair method leads us not to recommend the use of this
algorithm for other types of problems because it is far less
efficient than other techniques for more complex problems.

For future research, a more extensible configuration
could be developed to cover a wider set of problems. It would
also be interesting to implement this technique in con-
junction with other recent metaheuristics where limited
work on Autonomous Search exists such as cuckoo search,
firefly optimization, or bat algorithms [75]. Finally, hy-
bridization with learning techniques is another interesting
research line to pursue, where feedback gathered for the self-
tune phase could be processed with machine learning in
order to better track the complete solving process.
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.is paper proposes a novel motion planning method for an autonomous ground mobile robot to address dynamic surroundings,
nonlinear program, and robust optimization problems. A planner based on the recurrent fuzzy neural network (RFNN) is
designed to program trajectory and motion of mobile robots to reach target. And, obstacle avoidance is achieved. In RFNN,
inference capability of fuzzy logic and learning capability of neural network are combined to improve nonlinear programming
performance. A recurrent frame with self-feedback loops in RFNN enhances stability and robustness of the structure. .e
extended Kalman filter (EKF) is designed to train weights of RFNN considering the kinematic constraint of autonomous mobile
robots as well as target and obstacle constraints. EKF’s characteristics of fast convergence and little limit in training data make it
suitable to train the weights in real time. Convergence of the training process is also analyzed in this paper. Optimization
technique and update strategy are designed to improve the robust optimization of a system in dynamic surroundings. Simulation
experiment and hardware experiment are implemented to prove the effectiveness of the proposed method. Hardware experiment
is carried out on a tracked mobile robot. An omnidirectional vision is used to locate the robot in the surroundings. Forecast
improvement of the proposed method is then discussed at the end.

1. Introduction

In recent decades, unmanned ground mobile robots have
been widely applied in various areas of both indoor and
outdoor environments such as industry, mine, museum,
port, or some dangerous places for their excellent maneu-
verability [1–3]. Research about navigation which can fully
reflect artificial intelligence and automatic ability of un-
manned ground mobile robots has been an attractive topic
for a long time [4]. In order to achieve navigation, an ef-
fective motion planner should be designed [5]. Among the
existing solutions, planning techniques were classified in two
groups: nonheuristic methods and heuristic methods [6].
.e most important nonheuristic methods consist of the
potential field method (PFM) [7, 8], sampling-based planner
(SBP), and interpolating curve method (ICM). PFM and SBP
do not produce optimal paths and tend to be locked in some
local minima [9]. ICM generates trajectories by constructing
and inserting a new set of states considering reference

points, i.e., a given set of way points, which cannot deal with
dynamic surroundings well [10]. In order to solve the
problem mentioned above, heuristic approaches are pro-
posed. .e most popular heuristic methods contain hybrid-
heuristics A∗, neural network (NN), fuzzy logic (FL), genetic
algorithm (GA), particle swarm optimization (PSO), etc.
Contrasted to nonheuristic methods, heuristic methods are
more intelligent and advanced to deal with complex
problems [11]. However, the serious disadvantage is the
necessary learning phase. Much online or offline compu-
tation is needed. So, a more efficient method should be
proposed.

Fuzzy logic is well suited for programming mobile
robot’s motion for its accurate calculation capability and
inference capability under uncertainty [12]. Many re-
searchers have implemented this method to address the
navigation problem of unmanned mobile robots. Wang
and Liu [13] proposed a real-time fuzzy logic-based
navigation strategy in unknown environments. .e
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proposed approach employs a grid-based map that can
record environment information and experience. How-
ever, the method focuses on building a map that is
computationally expensive. .e structure of fuzzy logic is
so simple that it cannot deal with complex problems.
Neural network is widely used due to its strong nonlinear
approximation capability and self-learning capability [14].
Many researches have been done on the feedforward
multilayer perception neural network [15]. However,
feedforward NN methods require multilayer structures
with a lot of neurons to represent dynamical responses.
.is leads to divergence and is time-consuming [16]. .e
weights of them are updated without considering the
internal information and are sensitive to the training data.
So, recurrent neural network attracts more attention for its
superior dynamic capability. Recently, fuzzy logic and
recurrent neural network structure are combined to form a
new structure, i.e., recurrent fuzzy neural network
(RFNN). Many approaches have been proposed by using
RFNN and have shown superior performances. In [17],
Juang et al. proposed a recurrent self-evolving interval
type-2 fuzzy neural network for dynamic system pro-
cessing. .e structure forms a local internal feedback loop
by feeding the firing strength of each rule back to itself. All
rules are trained online via structure and parameter
learning. Lin et al. [18] proposed an interactively recurrent
fuzzy neural network for prediction and identification of
dynamic systems. .eir method is the same with Juang’s
method but employs a functional link neural network
(FLNN) to the consequent part of fuzzy rules..emapping
ability is promoted. Although the concept of RFNN is
investigated in detail, it has not been used in practical
navigation well. For example, in [19], optimization of the
result is not considered.

Back propagation (BP), evolutionary algorithm, and
extended Kalman filter (EKF) are the three most popular
training methods of supervised learning algorithms. In [20],
the BP method is used to train the fuzzy neural network to
achieve task planning and action selection of mobile robots.
But, it needs data base and is trained offline. To apply RFNN
to real-time nonlinear programs, an effective training
method should be adopted. .e extended Kalman filter is
famous for its training efficiency and accuracy [21]. Rubio
and Yu [22] applied EKF to train state-space recurrent
neural networks, and identification of the nonlinear system
is realized. And, the Lyapunov method is used to prove the
stability of system. Wang and Huang [23] developed an
effective RNN training approach based on EKF by using a
controllable training convergence on the basis of Rubio. By
adapting two artificial training noise parameters, i.e., the
covariance of measurement noise and covariance of process
noise, performance of EKF is improved. But, the proposed
method is used in RNN instead of RFNN. .e EKF algo-
rithm possesses good online learning ability. .erefore, it is
suitable for training RFNN to program the autonomous
mobile robot’s motion and achieving navigation.

Depending on the analysis above, the main contribution
of this paper is that a real-time program strategy in unknown

dynamic surroundings is proposed, i.e., without any pre-
vious offline computation. And, the optimal motion is
generated in a free-space, i.e., without previous map in-
formation. A simple but effective RFNN structure is
designed. A modified extended Kalman filter method is used
to train RFNN in real time. An autonomous mobile robot is
driven to reach the target and avoid obstacles. In the EKF
training algorithm, target and obstacle constraints in
practical situation are considered. Robustness of the pro-
posed method against disturbances is discussed. .en, a
numeric nonlinear optimization method and an update
strategy are designed to guarantee robust optimization of the
prediction. Besides the simulation experiment, our method
is also evaluated on a real tracked mobile robot. An om-
nidirectional vision is used to locate the robot by using
artificial landmarks on the basis of our previous work.

.e rest of this paper is structured as follows. Section 2
illustrates the modelling of the autonomous mobile robot
surrounded by the target and obstacles. Section 3 describes the
planner in detail, including RFNN structure, EKF online
learning algorithm, and convergence analysis. Section 4
constructs the cost function and update strategy to guarantee
optimization. Section 5 is simulation and hardware experiment
results. Finally, Section 6 concludes the proposed scheme.

2. Model of Autonomous Mobile Robot

Some programming methods ignore kinematic constraints
[24]; thus, the stability of the system in practical situation
cannot be guaranteed. An additional algorithm needs to be
designed to smooth the trajectories. .is leads to more
computation cost. And, control effect of driving actual
mobile robots to track the trajectory is not good. In order to
get good dynamics performance in the tracking process, a
natty kinematics of mobile robot is considered in motion
planning.

.e autonomous mobile robot favored in this paper is a
kind of tracked mobile platform. .ere are two caterpillar
tracks independently driven by actuators for the mobile
robot’s motion, and they are placed symmetrically on both
sides of the mobile robot. .e kinematics can be illustrated
as shown in Figure 1. C is the geometry center of a mobile
platform. 2b is the length between two tracks. O, X, Y{ } is the
global coordinate frame, and C, XC, YC  is the local co-
ordinate frame.

Assume that the unmanned mobile robot is made up of a
rigid frame equipped with nondeformable caterpillar tracks.
.ere is no slip between tracks and actuator gears. And, they
are moving on a horizontal plane only in the direction
normal to the axis of driving.

.e posture is represented by three variables as

p � [x, y, θ]
T
, (1)

where x and y are the coordinates of the center point C in
O, X, Y{ } and θ is the angle of its heading direction XC taking
counterclockwise from the X-axis. .e motion state is

q � [v, w]
T
, (2)
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where v is the linear velocity and w is the angular velocity of
the mobile robot. .en, p and q can be associated by the
following equitation:

p �

cos θ 0

sin θ 0

0 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦q. (3)

.r autonomous mobile robot is motivated by a pair of
independent caterpillar tracks, so

v �
vr + vl( 

2
, (4)

w �
vr − vl( 

2b
, (5)

R �
b vr + vl( 

vr − vl( 
, (6)

where vr is the right linear velocity, vl is the left linear ve-
locity, and R is the rotation radius of the mobile robot.

A simple discrete-time kinematic model is used in this
paper to illustrate the moving process. .e difference
equation can be illustrated as

pk+1 � pk + Δt

cos θk 0

sin θk 0

0 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦qk. (7)

.e positions of the target and obstacles in the global
coordinate frame need to be transformed to the local frame.
.e transformation matrix is

T �

cos θ sin θ −x cos θ−y sin θ

−sin θ cos θ x sin θ−y cos θ

0 0 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (8)

3. Motion Planner Based on RFNN

A nonlinear program strategy is shown in Figure 2. It is
made up of four parts such as coordinate transformation,
RFNN structure, unmanned mobile robot model, and online
learning algorithm. .e coordinate transformation part
establishes the environment map. Target and obstacles’
information is then collected..e RFNN structure generates
desired velocities of the mobile robot. It is trained by the
extended Kalman filter that makes up the online learning
algorithm. Detailed information of each part is shown in
Figure 2.

3.1. RFNN Structure. A simple recurrent fuzzy neural
network is designed in this section for the purpose of
improving computation efficiency. Considering that the
navigation system is multiinput multioutput, RFNN is
made up of five layers as shown in Figure 3. .e structure is
first used in our previous work [25]. In this paper, detailed
information of the structure and training progress is in-
troduced. Convergence is analyzed. Furthermore, the
original structure is improved in this paper to achieve
nonlinear motion planning.

3.1.1. Layer 1 (Input Layer). Only the current state is traded
as the input in this layer. s � (s1, s2, s3, s4) � (dg, do, θg, θo) is
chosen as the input, so there are 4 nodes transmitting the
input variables to the next layer directly. dg is the distance
between mobile robot and goal. do is the distance between
mobile robot and the nearest obstacle. θg is the angle between
mobile robot’s front direction and goal. θo is the angle be-
tween mobile robot’s front direction and the nearest obstacle.

3.1.2. Layer 2 (Membership Layer). Each node in this layer
performs a membership function. In this paper, the input of
the membership layer is si (i � 1, 2, 3, 4). .e membership
function is defined with Gaussian MF as follows:

netj s
j
i  � −

s
j
i − c

j
i 

2

σj
i 

2 , (9)

u
j
i netj s

j
i   � exp netj s

j
i  , (10)

where exp[·] is the exponential function and c
j
i and σj

i (j is
the number of the linguistic variables with respect to each
input) are the mean and standard deviation of the Gaussian
function, respectively. .e values of them are initially set via
expert experience before the strategy begins.

According to the actual occasion, dg (do) can be divided
into far and near depending on the distance between mobile
robot and goal (the nearest obstacle). θg (θo) can be divided
into left and right depending on goal’s position (the nearest
obstacle’s position) related to the mobile robot’s front di-
rection. So, there are two linguistic variables of each input.

Obstacle

Obstacle Target

Y

XO x

y

2b

YC
vl

vr

XC

C
θ

v

w

Figure 1: Model of the autonomous mobile robot in dynamic
surroundings.
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3.1.3. Layer 3 (Fuzzy Rule Layer). Each node in this layer
corresponds to one fuzzy rule. As shown in Figure 3, each input
has two membership values. Hence, there are 16 fuzzy rules.

.e firing strength of each rule at the current step is
determined by the outputs of layer 2 through an AND
operator. .e result of each rule is calculated as follows:

fn �  u
j

i , (i � 1, 2, 3, 4, j � 1, 2, n � 1, 2, . . . , 16).

(11)

Moreover, a local internal feedback with a time delay is
added to each node of this layer forming a recurrent frame.
.e mathematical form is described as

ψnk � 1− λn( fn + λnψn(k−1), (12)

where λn is the constant representing weight of a self-
feedback loop and ψn(k−1) indicates the output of layer 3
in the previous time step.

3.1.4. Layer 4 (Consequent Layer). .is layer describes a
linear combination of functions in the consequent part,
and each node is called the consequent node. According
to the definition of TSK fuzzy rules, weight wo � (wo1,

wo2, . . . , won) can be obtained:

won � a
1
ons1 + a

2
ons2 + · · · + a

i
onsi. (13)

For the purpose of simplicity calculation, it is assumed
that aon � a1

on � · · · � ai
on. So, won � aon(s1 + s2 + s3 + s4),

and o � 1, 2.

.e output of this layer is

φo � 
n

wonψn. (14)

3.1.5. Layer 5 (Output Layer). .ere are two nodes in this
layer representing linear velocities of right and left caterpillar
tracks, respectively. An activation function is set at each
node:

vo �
φo

1 + α φo


 

, (15)

where α is a constant.

3.2. Online Training Algorithm Based on EKF. .e EKF
training algorithm can be summarized as parallel EKF and
parameter-based EKF [26]. In this paper, the parameter-
based EKF in [23] is modified to learn weights of RFNN.
Considering the practical condition in motion planning of
an autonomous mobile robot, a Jacobian matrix is designed.

At time step k, the EKF function has the following form:

ak+1 � ak −Kkek,

ek � ok − odk,

Kk � PkOk Rk + OT
kPkOk 

−1
,

Pk+1 � Qk + I−KkO
T
k Pk,

(16)

where ak � (a11, . . . , a1,16, a21, . . . , a2,16)
T is the estimation

of weights, K is the Kalman gain matrix, e is the estimation
error, od is the desired value of o which is the observation
vector,O is the orderly derivative matrix, R is the covariance
matrix of the measurement error,Q is the covariance matrix
of the process noise, P is the covariance matrix of the es-
timation error, and I is the identity matrix.

In order to achieve navigation, both distance and angle
information need to be considered. So, the observation
vector can be represented as o � (dg, do, θg, θo)T.

.en, O can be calculated as

O �
zoT

za
. (17)

As the only one-step recurrence is considered here, we
take dg as an example to calculate O. .en, it is the same to
do, θg, and θo:

dgk �

�������������������

xk −xd( 
2

+ yk −yd( 
2



�

��������

x′
2

dk + y′
2

dk



, (18)

where (xd
′, yd
′, 1)T � T(xd, yd, 1)T is the target position in

the local frame.
.en,

zdgk

za
�

xk − xd( zxk/za + yk −yd( zyk/za 

dgk

, (19)

and according to (7),

RFNN
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Online
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q

Figure 2: Nonlinear program strategy based on RFNN.
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Figure 3: Structure of RFNN.
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zxk

za
�

zxk−1
za

+ cos θk−1
zvk−1

za
− vk−1sin θk−1

zθk−1
za

,

zyk

za
�

zyk−1
za

+ sin θk−1
zwk−1

za
+ wk−1cos θk−1

zθk−1
za

,

zθk

za
�

zθk−1
za

+
zwk−1

za
,

(20)

and according to (4), (5), and (24),
zvk−1

za
�

ψn(k−1)  sk−1

2 1 + αφo(k−1) 
2,

zwk−1
za

� ±
ψn(k−1)  sk−1

2b 1 + αφo(k−1) 
2,

(21)

where o � 1, 2 and n � 1, 2, . . . , 16 corresponding to a �

(a11, . . . , a1,16, a21, . . . , a2,16)
T. If o � 1, the results are posi-

tive. Otherwise, the results are negative.
If the distance between obstacles is long enough for the

mobile robot to pass through without collision, do and θo
will not be considered in EKF. However, if the distance is
shorter than safe distance, the EKF algorithm should train
the weights of RFNN to avoid collision. do and θo are then
considered at this moment. .e flow diagram is shown in
Figure 4.

3.3. Convergence Analysis. In this section, we will prove that
the EKF proposed in the above section is effective to RFNN
in Section 3.1. And the designed Jacobian matrix O is
reasonable and feasible.

As shown in Figure 2, observation vector o is a function
of v, i.e., o � O(v). By calculating the first-order derivative of
a in (21), fuzzy logic inference and weights learning process
are clearly reflected inO. For the parameter-based EKF, only
weights are viewed as states to be estimated [23]. o is first
expanded at optimal weights ad as

ok � O ad(  + ak − ad( 
zo
za

+ ξk, (22)

where ξk is the first-order approximation residue. .e error
of weights can be defined as eak � ak − ad.

.en, the Lyapunov function is written as

Ek � eT
akP

T
k eak,

ΔEk � Ek+1 −Ek.
(23)

.en,

ΔEk � eT
a(k+1)P

−1
k+1ea(k+1) − e

T
akP
−1
k eak < ea(k+1) − eak 

T
P−1k eak

− eT
a(k+1) Pk+1 −Qk 

−1PkOkB
−1
k ξk.

(24)

According to Jolly et al. [20], (24) becomes

ΔEk <
− ek

����
����
2

ok/m + rk

+
3 ξk

����
����
2

rk

, (25)

where ok is the trace of OT
kPkOk. m is the dimension of I in

(16), and rk is a positive real number. As mentioned in the
above section, the dimension ofO changes depending on the
position of obstacles related to the mobile robot. According
to the calculate trace ok, the jumping change will not affect
the stability of the training process.

From (25), we can see that the convergence of the
training process is determined by ek, ok, and rk. In order to
guarantee ΔEk < 0, rk should be set as

rk >
3ok ξk

����
����
2

m ek

����
����
2 − 3 ξk

����
����
2

 

. (26)

If ‖ek‖2 < 4ξ
2
k (ξk ≥ ‖ξk‖), the error is bounded and the

process is convergent.
If ‖ek‖2 > 4ξ

2
k, the inequality will become

rk >
3ok

m
. (27)

If each element of ξk is of normal distribution,
ξik∼N(0, rk), then,

ek

����
����
2 > 4ξ

2
k � 64rkm, (28)

where 99.99% ξik are bounded. .en,

3ok

m
< rk <

ek

����
����
2

64m
. (29)

rk can be chosen as

rk �
ek

����
����
2/64m + 3ok/m 

2
.

(30)

Convergence of the training process is guaranteed,
i.e., bounded ek.

4. Trajectory Optimization

As mentioned above, feasible trajectories are generated. But,
these trajectories are always suboptimal and worthy of
further improvement. So, in this section, the numerical
optimization procedure is designed to obtain the optimal

Initialize
robot state 

RFNN planner

Obstacles
threaten vehicle? 

Reached target?

Yes

End

No Yes

Train the weights
considering

dg, do, θg, and θo

Train the weights
considering
dg, and θg 

No

Figure 4: Flow diagram of EKF.
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trajectory. Considering the practical situation, power con-
sumption, driving distance, and time are favored to de-
termine optimization of the trajectory. A new variable object
is established as Tra � p, v,w , indicating that each tra-
jectory is represented by the mobile robot’s state and linear
and angular velocities.

.en, the objective function is structured as

J � W1 

Nl

k�1
pl

k − p
l
k−1

�����

�����
2

+ W2 

Nl

k�1
v

l
k − v

l
�����

�����
2

+ W3 

Nl

k�1
w

l
k −w

l
�����

�����
2

+ W4N
l
,

(31)

whereW is the weight of each item..e first and last items in
(31) represent moving distance and time, respectively.
Furthermore, we want the motion of the mobile robot to be
smooth in the dynamic environment. So, the second and
third items are designed in (31). v and w are the mean values.

.e autonomous mobile robot is driven by the target and
needs to arrive at destination in limited area. During the
process, obstacle avoidance is considered. .en, the target
and obstacle constraints are

pf − pt
����

����2≤Δt, (32)

pk − po
����

����2≥Δo, (33)

where pf is the final state of the mobile robot, pk is the state
at each step, pt is the target state, and po is the obstacle state.
.ese are achieved according to (16), (17), and (21).

In the practical application, the linear and angular ve-
locities of the mobile robot are limited, so

0≤ qk ≤ qmax, (34)

which is achieved according to (9)–(15).
.en, the optimization problem becomes

Tra∗ � argmin
Tra

J. (35)

If the dynamic environment can be predicted ormotion of
the obstacle is not too drastic, our method is able to predict
optimal trajectory without supplement..is is analyzed in the
simulation experiment below. However, the dynamic envi-
ronment is unpredicted and motion of the obstacle is ir-
regular. So, an extra algorithm should be designed.

In order to update the trajectory online, the detection of
data in real time should be carried out. .e following
variable is established to measure changes in the
environment:

σ � od
k − o

m
k 

T
W5 od

k − o
m
k , (36)

where od
k is the detection of the observation vector at each

step and om
k is the memory value of the current trajectory.

W5 is the matrix of weights. .e upper bound is set

σ < σbound. (37)

5. Experiments

5.1. Motion Planning Based on RFNN. To prove the effec-
tiveness of the proposed motion planning method, the
simulation experiment is carried out in this section using the
Matlab software. And, all experiments are performed on a
computer with Intel i5 2.3GHz processor and 8GB RAM.
.e simulation area is limited in 10 m × 10 m..ere contain
obstacles and target. .e autonomous mobile robot needs to
reach the target and avoid obstacles. .e detailed values of
the variables that need to be set manually are listed in
Table 1.

As illustrated in Figure 4, the navigation method
proposed here is goal driven. .e program strategy gen-
erates the trajectory guiding autonomous mobile robot to
move from the starting point to the target. At each step,
only the nearest position of the obstacle that threatens the
mobile robot’s safety is used in the training process of
RFNN. So, the obstacle model is established using points at
the edge as shown in Figure 5. Circle represents the
dangerous region whose radius is related to the error term
in (16). It is determined by the EKF algorithm’s training
speed. Distance between centers of adjacent circles depends
on b. If it is too long, the model becomes invalid. If it is too
short, the model is too compact to waste much time in
computation. When a suitable distance is chosen, a sparse
representation of the obstacle is established. Motion
planning is first carried out in the static environment. .e
target and obstacles are supposed to be fully detected in real
time.

.e trajectories without the numerical optimization are
shown in Figure 5. .e two motion trajectories are listed
here. Each mark on the path represents the planned position
of the mobile robot at each step. Changes of motion are
reflected clearly. .e position error of the robot during the
process is shown in Figure 6. When the robot moves close to
the obstacle, it slows down at points A and B. .is satisfies
the actual requirement and guarantees safety. .e corre-
sponding linear velocity is shown at points A and B in
Figure 7. .e corresponding angular velocity is shown at
points A and B in Figure 8. When the robot avoids the
collision with the obstacle, it speeds up to shorten time to
arrive the target. .e corresponding linear velocity is shown
at points C and D in Figure 7. .e corresponding angular
velocity is shown at points C and D in Figure 8. At points E
and F, the robot slows down to arrive the target. .e sta-
tistical analysis of the curvature is shown in Figure 9. It can
be seen that the programmed motion is smooth and is fit to
the actual action.

Information of the two trajectories is shown in Table 2.
Distance, step, cost, and terminal error are chosen as
evaluation criteria in this paper. In order to observe the
state of RFNN during process, weights are listed in Ta-
bles 3 and 4. .e weights are initially set in random. .ey
keep changing during the process to drive the robot to the
target and avoid obstacles. From k � 40 to k � 50, we can
see that they are convergent at the destination.
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5.2. Optimization of Trajectory. In order to illustrate the
optimization of the solution, the trajectories are generated
as shown in Figure 10. Among all trajectories, only the blue
one is generated considering (31)–(35). .e corresponding
number in Table 5 is eight. .e left nine cyan trajectories
are generated randomly. Detailed information is listed in
Table 5. By suitably choosing weights in (31), moving
distance, step, and smoothness of trajectory are taken into
comprehensive consideration. It can be seen that more
computation is needed to generate optimal trajectory. .e
terminal error can be reduced by setting the target con-
straint in (32). In this paper, it is set as 0.5. As shown in the
boxplot of velocity in Figures 11 and 12, the values of the
eighth one are more concentrated and outliers are smaller.

Table 1: Initialization of the parameters.

b 0.2

c 0 0 −(π/2) −(π/2)

10 5 π/2 π/2 

σ 2.5 1 1 1 

λ 0.3
α 0.3
qmax 1 1 

T

Δt 0.5
Δo 0.3
σbound 0.5
Δt 1
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Figure 5: Motion trajectory of the mobile robot.
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.e performance of the eighth motion trajectory is better
than that of others, which is reflected by the curvature in
Figure 13.

5.3. Comparison with Other Methods. As mentioned above,
there are many programming methods. In order to prove
our method’s effectiveness, other methods are compared
here. OPTI supports for solving optimal problems and
consists of popular optimization solvers. So, a numerical
planner using the nonlinear program solvers in OPTI is
designed. Kinematic constraint, target, and obstacle con-
straints are considered in the process. Furthermore, the
classical A∗ method which is carried out using the grid map
is also taken into comparison.

.e results are shown in Figure 14. .e numerical
method is continuous in motion for the reasons that it plans
the control command instead of the mobile robot’s position.
And, the state of the mobile robot is space free. A∗ plans only
the position of the mobile robot and the path is not smooth.
An extra controller considering kinematic constraints of the
mobile robot should be added to track the path. Because it is
based on the grid map, the planned path can be unsuitable
for the robot to follow. A big curvature makes performance
bad, such as the orange circle area in Figure 14. Although
the performance of the numerical method is better, it takes
up more computation time than A∗ as listed in Table 6.
Compared to these two kinds of methods, our planner is
continuous in motion and the generated trajectory is
smooth. Computation time is much shorter than the

Table 2: Trajectory information.

Distance (m) Step Cost (s) Error (m)
Trajectory 1 10.20 62 0.228 0.389
Trajectory 2 10.44 59 0.347 0.303

–0.4

–0.2

0

0.2

0.4

k

0.6

Trajectory 1 Trajectory 2

Figure 9: Statistical analysis of the curvature.

Table 3: RFNN weights of trajectory 1.

k � 1 k � 10 k � 20 k � 30 k � 40 k � 45 k � 50
0.701 5.396 15.40 20.60 23.32 24.49 24.82
0.209 1.616 4.614 6.174 6.986 7.337 7.437
0.533 4.110 11.73 15.69 17.76 18.65 18.90
0.359 2.772 7.913 10.58 11.98 12.58 12.75
0.713 5.493 15.67 20.97 23.73 24.93 25.26
0.007 0.053 0.152 0.204 0.230 0.242 0.245
0.639 4.926 14.06 18.81 21.28 22.35 22.66
0.126 0.972 2.775 3.713 4.202 4.413 4.473
0.774 5.965 17.02 22.78 25.78 27.07 27.44
0.537 4.138 11.81 15.80 17.88 18.78 19.03
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
0.220 1.910 5.496 8.076 9.053 9.406 9.448

Table 4: RFNN weights of trajectory 2.

k � 1 k � 10 k � 20 k � 30 k � 40 k � 45 k � 50
0.101 0.882 2.538 3.730 4.181 4.344 4.363
0.756 6.545 18.82 27.66 31.01 32.22 32.36
0.866 7.494 21.55 31.67 35.50 36.89 37.05
0.996 8.624 24.80 36.45 40.86 42.45 42.64
0.098 0.852 2.451 3.601 4.037 4.195 4.213
0.172 1.493 4.295 6.312 7.075 7.351 7.383
0.484 4.192 12.05 17.72 19.86 20.64 20.73
0.937 8.110 23.32 34.28 38.42 39.92 40.10
0.509 4.409 12.68 18.63 20.89 21.70 21.80
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
0.466 4.036 11.61 17.06 19.12 19.87 19.95
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Figure 10: Motion trajectories of the mobile robot.

Table 5: Information of trajectories.

Distance (m) Step Cost Terminal error
1 9.936 76 0.091 0.439
2 14.72 87 0.059 0.483
3 9.866 96 0.022 0.402
4 10.01 74 0.038 0.221
5 12.13 62 0.129 0.471
6 9.744 75 0.102 0.384
7 10.15 78 0.067 0.331
8 9.683 58 1.342 0.369
9 10.36 50 0.089 0.463
10 9.957 65 0.011 0.451
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numerical method to achieve the same performance, but it is
a little longer than A∗. .e qualitative comparison is il-
lustrated in Figure 15.

5.4. Robustness of RFNN Planner. In this paper, we want to
realize real-time motion planning. So, robustness has to be
guaranteed. .e weights of RFNN are trained online. Per-
formance depends on initial weights. After initial weights are
ensured, trajectory is fixed under the current condition.
However, in the practical situation, dynamic environment
and perception inaccuracy influence performance of motion
planning. So, in this section, influence of these factors to our
planning method is introduced.

In order to prove the robustness of RFNN, the FNN-
based planner is compared in this section first. Initial
weights a0 of RFNN and FNN are both set as [0.1057, 0.1420,
0.1664, 0.6209, 0.5737, 0.0520, 0.9312, 0.7286, 0.7378, 0.0634,
0.8604, 0.9344, 0.9843, 0.8589, 0.7855, 0.5133, 0.1776, 0.3985,
0.1339, 0.0308, 0.9391, 0.3013, 0.2955, 0.3329, 0.4670, 0.6481,
0.0252, 0.8422, 0.5590, 0.8540, 0.3478, 0.4460]. It is supposed
that there is a perception error. In the actual motion period,
the obstacles’ position is biased contrasted to the prediction
period..e performance is shown in Figure 16. Motion with
RFNN under the perception error is the same as that under
prediction. .e recurrent frame in RFNN structure im-
proves the robustness of the planner. On the contrary,
motion with FNN is the biased contrasted prediction. .is
can cause dangerous in the actual situation.

To introduce our method’s robustness in dynamic
surroundings, the experiment is carried out as shown in
Figure 17. Initial weight a0 is set as [0.4401, 0.6305, 0.2144,
0.6398, 0.9684, 0.6972, 0.8841, 0.9268, 0.9452, 0.5178, 0.1781,
0.8219, 0.0489, 0.1291, 0.9319, 0.2809, 0.9441, 0.6843, 0.6741,
0.3766, 0.8681, 0.5585, 0.3033, 0.8492, 0.7845, 0.9706, 0.9782,
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Figure 14: Motion trajectories of the mobile robot.
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0.6032, 0.0149, 0.2569, 0.3101, 0.2272]. We assume that
surroundings change to states 2 and 3. Corresponding
trajectories are green and yellow, respectively. .e changes
of RFNN weights of each condition are, respectively, il-
lustrated in Figure 18. Detailed information of each tra-
jectory is shown in Table 7. It proves that our method

Table 6: Trajectory information.

Distance (m) Step Cost (s) Error (m)
Opti 9.677 60 37.891 0.328
A∗ 9.838 62 0.512 0.354
RFNN 9.683 58 1.342 0.369

RFNN

OPTI
A∗

Optimality

Runtime Performance

Figure 15: Qualitative comparison.
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Figure 16: Qualitative comparison.
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Figure 17: Motion trajectory of the mobile robot.
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Figure 18: Motion trajectory of the mobile robot.

Table 7: Trajectory information.

Distance (m) Step Error (m) State
State 1 9.683 58 0.369 Success
State 2 9.699 50 0.374 Success
State 3 4.714 15 4.723 Fail
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possesses robustness in the dynamic environment with little
amplitude changes. It loses efficacy if the changes are drastic.
So, the dynamic update mechanism of initial weights of
RFNN should be designed necessarily.

5.5. Update of Motion Trajectory. Effectiveness of compu-
tation, continuity of motion, and smoothness of the pre-
dicted trajectory make the proposed planning method
feasible and stable to update online. By applying update
strategy to RFNN, robust optimality of prediction is guar-
anteed during the whole process. .e performance is shown
in Figure 19. .e update period is ΔT which depends on σ.
Optimal trajectory during T1 is generated at the beginning.
.e position of the target and obstacles keeps changing. If
the autonomous mobile robot keeps moving according to
trajectory 1, collision will happen..reshold settled in (37) is
reflected in Figure 20. .en, weights of RFNN are retrained
as shown in Figure 21. Optimal trajectory during T2 is
generated considering the updated position of obstacles and
target. .en robot changes the route at point A in Figure 19.
Corresponding changes of linear velocity is shown in Figure
22 at point A. Contrasted to linear velocity, change of an-
gular velocity is drastic in Figure 23. Because robot needs to
avoid collision. Position error during whole process is shown
in Figure 24. Before A point, red lines represent robot’s
position error. After point A, the green line represents the
robot’s position error. More computation periods can be
added until the mobile robot reaches the target. .is
guarantees the real-time optimization.

5.6. Hardware Application Based on Omnidirectional Vision.
In order to examine the effectiveness of our planning
method, we also implement it to the realistic mobile robot in
Figure 25. .e visual navigation has attracted many re-
searchers [27]. A catadioptric omnidirectional camera is

popularly used in recent years for its advantage of wide field
of view [28]. It can capture horizontal field of view in a single
image. So, the vision system based on the catadioptric
omnidirectional camera is carried on the mobile robot to
percept surroundings in this paper. Detailed imaging theory
is introduced in our previous work [29, 30].

Although it is a binocular stereo vision system, we only
use the lower camera of it because binocular stereo omni-
directional vision takes up much computation resource and
runtime performance is not good in real-time application.
When the mobile robot moves fast, binocular structure
swings violently. In order to use monocular vision to achieve
location, artificial landmarks are designed and SURF
(speeded-up robust features) are extracted to guarantee
rotation and scale invariance. .e features of simple shapes
are extracted firstly as shown in Figure 26..e landmarks are
then designed using these shapes and are placed on the wall
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Figure 19: Motion trajectory of the mobile robot.
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forming the location system as shown in Figure 25. Detailed
introduction of the location method is introduced in
[31, 32].

.e planning method proposed in this paper is carried
out, and the performance of mobile robot is shown in
Figure 27. .e obstacles in blue are known to the mobile
robot, and the green one is unknown. .e target position
keeps changing during the process. .ere are totally three
predictions. One is generated at the beginning in red. After
the unknown obstacle is detected, prediction 2 in magenta is
generated at point A. Prediction 3 is generated to lead the
mobile robot to reach the final station of the target at the B
point. .e blue circles represent the actual motion of the

mobile robot. Performance of the vision system is shown in
Figure 28. Detailed information of the prediction and actual
motion is listed in Table 8. During the process, the robot
locates itself by tracking the three landmarks..e landmarks
matching the precision curve in Figure 29 shows the per-
centage of correctly tracked frames for a range of distance

Figure 25: Experiment environment with artificial landmarks.

Figure 26: SURF of the sample landmarks.
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thresholds. Precision is 98.3% at 10 pixels. Update of tra-
jectory is determined by settled threshold in (36) and (37). If
σ is beyond threshold, weights of RFNN are retrained as
mentioned above. Changes of σ are illustrated in Figure 30. σ
is beyond threshold at A and B. It leads to update of RFNN
weights as shown in Figure 31. Robot’s motion is then
changed in Figures 32 and 33. Figure 34 reflects the position
error of the mobile robot. In actual application, maximum
velocities are limited for safety. According to hardware
experiment, our method’s effectiveness is proved.

Among all experiment results above, the mobile robot’s
motion is drastic at the beginning. .is is reflected by linear
velocity. .e reason is that weights of RFNN are generated
randomly at the beginning. After learning using EKF,
predicted motion of the mobile robot is stable. Experiments
are carried out in limited area due to limited perception
ability of the vision system. But, it can be popularized to
large-scale navigation by combining the proposed program
method with the topological mapping method introduced in
[33].

6. Conclusion

By designing a simple RFNN structure and using an effective
EKF-based learning method, a novel motion planning
strategy is introduced. .e greatest novelty is that the
proposed method plans both motion and trajectory in real
time. Robust optimization of solution is guaranteed.
According to simulation and hardware experiments, effec-
tiveness is proved. All the experiments in this paper are

limited in a small area. Contrasted to path planning in
autonomous driving area, it is a kind of a local planning
method. Furthermore, the characteristics of planning in
free-space make it a suitable supplement to other global
methods. It can also be used as an obstacle avoidance
method. Although the method is introduced by considering
the unmanned ground mobile robot in 2D condition, it can
be popularized to unmanned aircraft and underwater un-
manned vehicle in 3D condition. Because our method does
not need the previous map and offline computation, it takes
up less memory space in contrast to other methods. .us, it
may have good performance in 3D condition where sur-
roundings are complex. In order to improve runtime per-
formance, initial weights of RFNN are generated randomly,
which can be modified in future work. Some heuristic
methods can be designed to choose initial weights of RFNN.
.e structure of RFNN used in this paper is simple. .e

Table 8: Trajectory information.

Distance (m) Step Error (m) Cost (s)
Prediction 1 4.747 57 0.155 1.261
Prediction 2 3.574 47 0.174 0.514
Prediction 3 1.274 52 0.123 0.081
Actual motion 6.569 103 0.099 110
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output of RFNN is not considered as the input of RFNN.
More complex recurrent structures can be designed to
improve effectiveness of the RFNN planning strategy in the
future. Furthermore, the location method of the autono-
mous mobile robot used in this paper is too simple. It also
needs to be improved in future. Simultaneous localization
and mapping (SLAM) and visual-inertial odometry tech-
niques will be designed in our system..e perception system
will be developed more effectively in the future.
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Population pharmacokinetic (PopPK) models allow researchers to predict and analyze drug behavior in a population of individuals
and to quantify the different sources of variability among these individuals. In the development of PopPKmodels, themost frequently
used method is the nonlinear mixed effect model (NLME). However, once the PopPK model has been developed, it is necessary to
determine if the selected model is the best one of the developed models during the population pharmacokinetic study, and this
sometimes becomes a multiple criteria decision making (MCDM) problem, and frequently, researchers use statistical evaluation
criteria to choose the final PopPK model. -e used evaluation criteria mentioned above entail big problems since the selection of the
best model becomes susceptible to the human error mainly by misinterpretation of the results. To solve the previous problems, we
introduce the development of a software robot that can automate the task of selecting the best PopPK model considering the
knowledge of human expertise. -e software robot is a fuzzy expert system that provides a method to systematically perform
evaluations on a set of candidate PopPKmodels of commonly used statistical criteria.-e presented results strengthen our hypothesis
that the software robot can be successfully used to evaluate PopPK models ensuring the selection of the best PopPK model.

1. Introduction

Pharmacokinetics (PK) is a subdivision of pharmacology in
which mathematical models are developed to study the
processes of absorption, distribution, and elimination of
a drug once a given dose has been administered to a given
individual [1]. -ese mathematical models are derived from
representing the body as a system of compartments [2]
(Figure 1), where the transfer rates of absorption, distri-
bution, redistribution, and elimination between these
compartments can be used to determine the parameters of
the PK model such as clearance (Cl) and volume of dis-
tribution (V) that allow us to predict the drug concentration
in plasma (Cp) in a given time [3].

Let us consider the one compartment PK model of
Figure 1, where the rate of elimination of the drug presented
in the body decreases in proportion to the Cp, that is, with
a first-order elimination process ke and the drug adminis-
tered as a single intravenous bolus dose (D); the kinetic of Cp

in the compartment—the body—at time t> 0 is depicted by
the following deterministic differential equation:

dCpt

dt
� −keCpt

,

Cp0 �
D

V
.

(1)

In this case, the term ke is given by

ke �
Cl
V

, (2)

where V is the distribution volume of the drug within the
body and Cl measures the ability of the liver and the kidney,
mainly to extract a drug from the body. In this context, Cl
and V are fixed parameters that describe the drug con-
centration of a given dose D over time t. Equation (1) has the
following explicit solution:
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Cpt
�

D

V
e
−(Cl/V)·t

. (3)

-e model (3) states a relationship between the in-
dependent variable t and the dependent variable Cp [1, 4].

PopPK models are designed to analyze drug behavior in
a group of individuals; hence, it is possible to generalize the
model for similar individuals that were not subject of the
study. NLME modeling is the main current approach for
PopPK model development; it allows estimation of pa-
rameters in the presence of different levels of variability, and
it is commonly used when it is not possible to obtain the
complete information on repeated measurements of in-
dividuals [2]. Most of the time, the process to find the final
PopPK model that better represents the data behavior re-
quires the development of several PopPK models. It is
common to use interchangeable software programs like R or
SAS to apply various evaluation criteria to select which
PopPK model is “better” among all the possible PopPK
models [5–7]. -ese evaluation criteria range from graphical
analysis to statistical methods [8]. -e graphical analysis
is limited to expert modelers, and besides that, it can be
time-consuming and is subject to human error or
misinterpretation.

-e statistical methods such as the estimated error
variance (MSE), the objective function value (OFV), the
Akaike’s information criterion (AIC), or the Bayesian in-
formation criterion (BIC), also known as Schwarz criterion
(CS) offer quantitative terms (values) which are much
easier to interpret and for consequence more easily to
exclude or accept. However, the respective values may be
contrasted between PopPK models when more than one
statistical criterion is used complicating in this way en-
suring the selection of the best PopPK model, thus be-
coming a multiple criteria decision making (MCDM)
problem [9].

Fuzzy expert systems is an area where artificial in-
telligence and fuzzy logic meet to make robots backing or
even replace human experts that want to do automated tasks
[10]. -e fuzzy logic has been recognized as an essential
problem-solving technique when human evaluations are

required for interpretation of medical findings [11], as well
as in problems where is necessary for managing data with
uncertainty such as [12], where a type-2 fuzzy logic meth-
odology is used to help a neural network to handle complex
time series data.

We contribute with a new software robot to facilitate the
selection of the best pharmacokinetic model by an auto-
mated process when the comparison of the implemented
evaluation criteria values among the models cannot be
categorically determined, addressing the problem as a de-
cision problem. We present results using a software robot to
select the best PopPK model of tobramycin by an automated
process.

-e organization of this work is as follows: in Section 2,
an overview of nonlinear mixed-effects modeling is pro-
vided. In Section 3, the implementation of the software robot
is explained. In Section 4, the parameter estimation results
and the outcomes of the software robot are presented. In
Section 5, an analysis of the results is exposed. Finally, in
Section 6, the conclusions are given.

2. Nonlinear Mixed-Effects Model Framework

In mixed-effects models, the data set is longitudinal, i.e., it is
composed of repeated samples of the same individuals
[13, 14]. -is is the case of the PopPK experimental data; it
consists of a vector yij of samples of the j− th measurement
(where, j � 1, . . . , n) of Cp in the i− th individual
(where, i � 1, . . . , n). -erefore, we can obtain the sample
yij for the individual i at the time tij by using the model:

yij � f xij, ϕi  + εij; εij ∼ 0, σ2 , (4)

where f(·) is a nonlinear function as Equation (3) relating
a vector of known values xij (e.g., dose and time) to the
unknown parameter vector ϕi (e.g., (Cli, Vi)

T) and the
variable εij in the second term is the residual error that is
assumed to be normally distributed with mean zero and
variance σ2. It is sensible to expect that each individual has
a different parameter vector ϕi, and this is described in
a second stage by the covariate model:

Absorption

Central
compartment

Elimination

Dose

(a)

Absorption

Central
compartment

Elimination

Distribution

Redistribution

Peripheral
compartment

Dose

(b)

Figure 1: Example of the body viewed as (a) one-compartment model or (b) two-compartment model. -e central compartment represents
the plasma and tissues, and the peripheral compartment represents those tissues that take up the drug at a slower rate.
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ϕi � g zi; θ(  + ηi; ηi ∼ 0,ω2
 . (5)

Equation (5) describes the variation among different
individuals accounted through the individual-specific pa-
rameters ϕi.

-e function g(·) relates the specific covariates zi of the
individuals to the population parameters θ. ηi is a (q × 1)

vector containing the random effects that have a normal
distribution with a covariance matrix ω2; other distributions
for random effects exist [14].

2.1. Estimation of Population Parameters. Since the PopPK
data are longitudinal, we can assume that the individuals are
sampled randomly from the population, and therefore it is
practical to assume that the ηi’s are also randomly sampled
(even though they are not observable) to conduct the esti-
mations of the parameters of (4) and (5) by optimizing the
likelihood function defined by the following equation:

L(θ,Ω,Σ | y)≜p(y | β,Ω,Σ), (6)

where L(·) is the likelihood function, Ω is the variance-
covariance matrix of all the ηi’s, and Σ the residual variance-
covariance matrix of all the εi’s where p(y | β,Σ, η) is the
conditional probability density of all measurements [15]. If
p(y | β,Σ, η) is explicit, the likelihood function L(·) is ex-
plicit too, and the exact maximum likelihood estimators can
be applied [16], otherwise the estimation of model param-
eters is made using linear approximations for (6) [17]. Either
way, using an explicit likelihood function or an approxi-
mation, the precision in the estimated vector θ depends not
only in the residual variability but also in the estimated
variance-covariance matrix Ω, which is calculated using the
inverse Hessian matrix of the −logL(·).

2.2. Nonlinear Mixed-Effects Model Evaluation Criteria.
In the literature referring on the analysis and development of
NLME models and PopPK models, the researchers fre-
quently highlighted three statistical criteria to carry out the
different evaluations of the model and thus decide which
PopPK model they should select within a collection of
PopPK models they are considering.

-e first two evaluation criteria that we are going to
present in this work are the Akaike information criterion
(ACI) [18] and the Schwarz’s information criterion (SC)
[19]. -ese evaluation criteria are derived from information
theory and a Bayesian approach and are commonly used for
evaluating nonlinear mixed-effects models when the pa-
rameters of the model were estimated by the maximum
likelihood method. -e AIC criterion provides a balance
between the goodness of the fit of the model and the number
of parameters required to obtain the fit [20] as is shown in
the following equation:

AIC � N · log(OFV) + 2 · NP, (7)

where N is the number of observations and NP the number
of parameters. -e final and optimal model is the one with
the smallest AIC value. Unlike the AIC criterion, the SC

criterion accepts equal probability for each model and for
every possible parameter value under the model as is shown
in the following equation:

SC � N · log(OFV) + NP · logNP. (8)

-e third evaluation criterion is the estimated error
variance also known as the mean square error (MSE). -is is
based on the simple variance estimator shown in the fol-
lowing equation:

σ2i �
 m

i�1yi − y

n
. (9)

-e use of the MSE is due to the residuals, and it also
contains essential information on the quality of the model.
Specifically, the estimated variance in the responses, where y

is a vector of observed values and yi, represents a vector of n

predictions.
-e version of Equation (9) depends on the estimation

method used to estimate the PopPK parameters, for ex-
ample, the variance estimator when the restricted maximum
estimation likelihood (REML) is used is shown in the fol-
lowing equation:

σ2i �
 m

i�1yi − yREMLi

n−p
. (10)

Equation (10) takes into account the degrees of freedom
by subtracting the total of parameters p used in the esti-
mation process [14] where yREMLi

is a vector of predicted
values applying REML.

3. Implementation of the Software Robot

3.1.>eSoftwareRobot. -e software robot contained a fuzzy
expert system that takes the advantage of the human
knowledge and their expertise in a given field to create lin-
guistic descriptors for variables and create fuzzy sets that
allow to control the behavior of phenomena under study or
even as a tool for decision making [21]. In this work, we
developed a software robot as shown in Figure 2 to evaluate
indistinct versions of a PopPK model for an aminoglycoside
antibiotic named tobramycin which has been the subject of
many studies due to its narrow therapeutic window [22]. In
this figure, first, we defined the number N of PopPK models
to be developed taking into account the number of parameters
and covariates. After that, we proceed to establish one by one
the N PopPK models. -ree statistical evaluation criteria are
performed on each model, and they are AIC, SC, and MSE.
-e software robot uses them as the inputs for the fuzzy expert
system, and it collects each defuzzified output into an array
until all theNmodels have been evaluated.-en, the software
robot chooses the best PopPKmodel which is the one that had
the lowest value in the fuzzy evaluation, and this will be
selected as the best PopPK model.

-us, the evaluation made by our software robot will
guide us to decide if a PopPKmodel of tobramycin is the best
within a group of PopPK models of Tobramycin.

-e variables are the evaluation criteria AIC, SC, and
MSE presented in Equations (7), (8), and (10), respectively,
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and commonly used to evaluate a PopPK model, and their
linguistic descriptors are the ranges of values. For example,
the variable AIC has a range of values from 670 to 672.5
considered “Very Low”, from 670 to 675 considered “Low,”
from 672.5 to 677.5 considered “Medium,” from 675 to 680
considered “High,” and from 677.5 to 680 considered “Very
High.” “Very Low,” “Low,” “Medium,” “High,” and “Very
High” are the linguistic descriptors for the sets of values for
the variable AIC.

As is typical of the fuzzy theory, the sets of values
overlap, and in this way, a value may partially belong to a set
and have a degree of membership 0≤ μ≤ 1 that is any place
between zero and one, where μ represents the degree of
membership. -us, the value belongs to several sets with the
total membership adding to one. Going back to the above
example, the linguistic descriptors of “Very Low” and “Low”
are two fuzzy sets for the variable AIC that may overlap, so
an AIC of 670.5 could be mostly “Very Low” with μ � 0.8
and somewhat “Low” with μ � 0.2.

Implementing fuzzy sets with linguistic descriptors to
perform a generalization of the output evaluation criteria,
results of the fitted PopPK model, we may establish

relationships between variables to evaluate the PopPK model
by extracting fuzzy rules in terms used by a human expert of
the form IF−THEN. In other words, a fuzzy system can
perform a description of the phenomena under study, based
on the antecedents and consequents presented in a fuzzy rule,
that is in the form IF condition THEN action rules [23].

Using the three evaluation criteria AIC, SC, andMSE, we
can set a knowledge base in such way that IF AIC is mostly
“Very Low” AND CS is mostly “Very Low” AND MSE is
also mostly “Very Low” THEN Evaluation is “OPTIMAL”.
-at is, under the fuzzy logic, we are not only going to have
linguistic descriptors as the inputs of the fuzzy system but
also output variables.

In summary, what a fuzzy system does is to transform
crisp input values into fuzzy inputs through a fuzzification
unit that establishes the degree of membership to the fuzzy
sets for previously defined variables. -en, the fuzzy system
uses a rulebase designed by the human expert to predict the
fuzzy output of the phenomenon under study, whereby the
fuzzy system has a defuzzification unit that transforms the
fuzzy output into a crisp value. For this work, we created
a fuzzy system with three crisp input variables as shown in
Figure 3, the Mamdani max-min inferences to obtain the
membership functions of the system and the centroid
method to defuzzify the output.

3.2. Fuzzification. As we mentioned, the values of the three
evaluation criteria for a developed PopPK model are used to
perform a comparison between models, so we can finally
decide the PopPK model that is “better,” which leads the
researchers to deal with an MCDM problem. As an example,
a researcher can get to the point in which he needs to decide
between two models that have the best evaluation criteria
values (Table 1).

In the example of Table 1, the model 2 has a better result
in the AIC than model 1 for 1.866 units and in the MSE for
0.048 units. However, model 1 performs better in CS for
a significant difference of almost 3 units (2.794). -is type of
ambiguity in the statistical results and the pressure to get the
optimal PopPK model can result in a misinterpretation of
the evaluation criteria to select the optimal PopPK model.

In this work, the values of the linguistic variables AIC,
CS, and MSE calculated from the development of indistinct
versions of a PopPK model of tobramycin were used as our
fuzzy input sets. -eir maximum and their minimum values
are shown in Table 2.

-e membership function for the three input variables is
tagged as “Very Low,” “Low,” “Normal,” “Medium,” “High,”
and “Very High,” and their corresponding parameter values
are shown in Table 3.

-e membership functions for the output variable
“Evaluation” are represented by five membership functions,
and the corresponding types and parameter values are
shown in Table 4.

3.3. Fuzzy Rulebase. We created the fuzzy rulebase using the
human knowledge of an expert who judged “how much

Specify the total of
PopPk models to 

develop equals to N

Develop a PopPK
model

Perform statistical
evaluations

So�ware robot

Fuzzy expert
system

Data collection
�e value is stored in
a set of output values

Stopping conditions

Is the set size
equals to N?

Find the lowest
value

Yes

No

Selected PopPk
model

Figure 2: Block diagram.
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more significant one attribute is than the other.” -e in-
ference is made on the rules IF−THEN; one rule for each
fuzzy output set. -e total of rules stems from the heuristic
R � ln, where R is equal to the total of rules, l is equal to the
number of linguistic descriptors, and n represents the
number of input variables; thus in our case with l � 5 and
n � 3 results in a total of 125 rules (Table 5).

3.3.1. Defuzzifier. -e fuzzified functions obtained from fuzzy
inference are converted into numeric values, for example:

IF the AIC is Low (677)
AND CS is Low (686)
AND MSE is High (.12)

THEN the PopPK model is Low Acceptable (75.2)

-e above is achieved by applying the method of center
of gravity defuzzifier for N rules using the formula:

C �

N
i�1bi

 μ(i)

 N
i�1

 μ(i)
, (11)

where C represents the crisp output value, bi represents the
center of the membership function of the consequent of the
rule i, and 

 μ(i) is the area under the membership function

 μ(i) of the consequent in the rule i. In other words, the

center of gravity method calculates the center of mass from
the output membership functions.

Figure 4 shows the global behavior of the fuzzy system
for the relation between the input variables CS and AIC,

Fuzzy expert system 

Knowledge base

Predict the output
(inference) Defuzzification OutputFuzzification

AIC
SC

MSE

Figure 3: -e crisp input values AIC, SC, and MSE are transformed into fuzzy inputs by the fuzzification unit which assigns the degree of
membership to the fuzzy sets defined for the variables. -e fuzzy system can then make inferences or predict outputs of the system by
applying knowledge from the expert. Finally, the defuzzification unit transforms the obtained fuzzy output into a crisp value.

Table 1: Example of the final evaluation results for a PopPK model.

PopPK model AIC CS MSE
1 652.470 665.300 0.14
2 650.604 668.094 0.092
-e best results are the values with red color.

Table 2: AIC, CS, and MSE values used for the fuzzy expert system.

Variable Minimum value Maximum value
AIC 670 680
CS 680 795
MSE 0.095 0.14

Table 3: Parameters of the membership function values for the input variables.

Linguistic variables
Linguistic term names, type shapes, and parameters

Very Low trapezoidal Low triangular Medium triangular High triangular Very High trapezoidal
AIC [670 670 670.3 672.5] [670 672.5 675] [672.5 675 677.5] [675 677.5 680] [677.5 679.7 680 680]
CS [676.6 679.6 680.4 683.4] [680 683.8 687.5] [683.8 687.5 691.3] [687.5 691.3 695] [691 695 695 698]
MSE [0.092 0.092 0.09397 0.104] [0.0921 0.104 0.116] [0.104 0.116 0.128] [0.116 0.128 0.14] [0.128 0.1384 0.14 0.14]

Table 4: Parameters of the membership function values for the output variable.

Linguistic variables
Lingustic term names, type shapes, and parameters

Optimal trapezoidal High Acceptable Acceptable triangular Low Acceptable triangular Rejected trapezoidal
Evaluation [0 0 10 30] [10 30 50] [30 50 70] [50 70 90] [70 90 100 100]
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Table 5: Fuzzy rules.

Rule number
Linguistic inputs Linguistic output

AIC CS MSE Evaluation
1 Very Low Very Low Very Low Optimal
2 Very Low Very Low Low High Acceptable
3 Very Low Very Low Medium Acceptable
4 Very Low Very Low High Low Acceptable
5 Very Low Very Low Very Optimal
7 Very Low Low Low High Acceptable
8 Very Low Low Medium Acceptable
9 Very Low Low High Low Acceptable
10 Very Low Low Very High Rejected
11 Very Low Medium Very Low High Acceptable
12 Very Low Medium Low High Acceptable
13 Very Low Medium Medium Low Acceptable
14 Very Low Medium High Low Acceptable
15 Very Low Medium Very High Rejected
16 Very Low High Very Low Acceptable
17 Very Low High Low Acceptable
18 Very Low High Medium Low Acceptable
19 Very Low High High Rejected
20 Very Low High Very High Rejected
21 Very Low Very High Very Low Low Acceptable
22 Very Low Very High Low Low Acceptable
23 Very Low Very High Medium Rejected
24 Very Low Very High High Rejected
25 Very Low Very High Very High Rejected
26 Low Very Low Very Low Optimal
27 Low Very Low Low Optimal
28 Low Very Low Medium High Acceptable
29 Low Very Low High Low Acceptable
30 Low Very Low Very High Rejected
31 Low Low Very Low Optimal
32 Low Low Low High Acceptable
33 Low Low Medium Acceptable
34 Low Low High Low Acceptable
35 Low Low Very High Rejected
36 Low Medium Very Low Optimal
37 Low Medium Low High Acceptable
38 Low Medium Medium Acceptable
39 Low Medium High Low Acceptable
40 Low Medium Very High Rejected
41 Low High Very Low High Acceptable
42 Low High Low Acceptable
43 Low High Medium Low Acceptable
44 Low High High Rejected
45 Low High Very High Rejected
46 Low Very High Very Low Acceptable
47 Low Very High Low Low Acceptable
48 Low Very High Medium Rejected
49 Low Very High High Rejected
50 Low Very High Very High Rejected
51 Medium Very Low Very Low Optimal
52 Medium Very Low Low High Acceptable
53 Medium Very Low Medium Acceptable
54 Medium Very Low High Low Acceptable
55 Medium Very Low Very High Rejected
56 Medium Low Very Low High Acceptable
57 Medium Low Low High Acceptable
58 Medium Low Medium Acceptable
59 Medium Low High Rejected
60 Medium Low Very High Rejected
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Table 5: Continued.

Rule number
Linguistic inputs Linguistic output

AIC CS MSE Evaluation
61 Medium Medium Very Low Acceptable
62 Medium Medium Low Acceptable
63 Medium Medium Medium Low Acceptable
64 Medium Medium High Rejected
65 Medium Medium Very High Rejected
66 Medium High Very Low Acceptable
67 Medium High Low Low Acceptable
68 Medium High Medium Rejected
69 Medium High High Rejected
70 Medium High Very High Rejected
71 Medium Very High Very Low Low Acceptable
72 Medium Very High Low Low Acceptable
73 Medium Very High Medium Rejected
74 Medium Very High High Rejected
75 Medium Very High Very High Rejected
76 High Very Low Very Low Acceptable
77 High Very Low Low Acceptable
78 High Very Low Medium Low Acceptable
79 High Very Low High Rejected
80 High Very High Very High Rejected
81 High Low Very Low Low Acceptable
82 High Low Low Low Acceptable
83 High Low Medium Rejected
84 High Low High Rejected
85 High Low Very High Rejected
86 High Medium Very Low Low Acceptable
87 High Medium Low Low Acceptable
88 High Medium Medium Rejected
89 High Medium High Rejected
90 High Medium Very High Rejected
91 High High Very Low Low Acceptable
92 High High Low Rejected
93 High High Medium Rejected
94 High High High Rejected
95 High High Very High Rejected
96 High Very High Very Low Low Acceptable
97 High Very High Low Low Acceptable
98 High Very High Medium Rejected
99 High Very High High Rejected
100 High Very High Very High Rejected
101 Very High Very Low Very Low Acceptable
102 Very High Very Low Low Low Acceptable
103 Very High Very Low Medium Rejected
104 Very High Very Low High Rejected
105 Very High Very Low Very High Rejected
106 Very High Low Very Low Low Acceptable
107 Very High Low Low Low Acceptable
108 Very High Low Medium Rejected
109 Very High Low High Rejected
110 Very High Low Very High Rejected
111 Very High Medium Very Low Low Acceptable
112 Very High Medium Low Low Acceptable
113 Very High Medium Medium Rejected
114 Very High Medium High Rejected
115 Very High Medium Very High Rejected
116 Very High High Very Low Rejected
117 Very High High Low Rejected
118 Very High High Medium Rejected
119 Very High High High Rejected
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MSE and CS, and MSE and AIC considering all their rules.
For example, if the value of CS is “Very Low,” that is 681 and
AIC is “High,” that is 678.5, then the PopPK model obtains
a bad evaluation, or if the value of MSE is “Low,” that is 0.1
and the value of CS is also “Low”, that is 684, the model
obtains an excellent evaluation. Another example will be
a scenario where the value of MSE is “Medium,” that is 0.12,
and the value of AIC is “Low,” that is 674.5, and the model
obtains a good evaluation.

If it was required, the search for the lowest value could
be done according to Algorithm 1. -e crisp output value
can be stored in an array together with other output values

taken from other PopPK models that were evaluated
previously and then compare them in an automated way to
find the lowest value which will determine the optimal
PopPK model.

4. Experimental Results for the Evaluation of
Several PopPK Models of Tobramycin

-is section describes the experiments performed to evaluate
and compare 21 PopPK models based on the tobramycin
database. We developed the PopPK Model of tobramycin
in Matlab applying the single compartment model, as it is

Table 5: Continued.

Rule number
Linguistic inputs Linguistic output

AIC CS MSE Evaluation
120 Very High High Very High Rejected
121 Very High Very High Very Low Rejected
122 Very High Very High Low Rejected
123 Very High Very High Medium Rejected
124 Very High Very High High Rejected
125 Very High Very High Very High Rejected
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Figure 4:-e figure shows the visualization of the system surface when the inputs AIC, CS, andMSE are interacting with each other. (a)-e
inputs AIC and CS are interacting. (b) -e inputs MSE and CS are interacting. (c) -e inputs MSE and AIC are interacting.
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shown in Figure 1(a). -e covariate model for both V and Cl
were defined as linear.

-e estimation of the parameters for all the generated
PopPK models was made by applying REML. -e optimi-
zation process was conducted with the quasi-Newton al-
gorithm using the initial set values for fixed effects of 0.01 for
Cl and 0.01 for V and with a maximum of 100 iterations.-e
same residual error model was applied to all the experi-
ments. -e only variations in the developed PopPK models
are the covariate type and the number of parameters in-
cluded in each model.

4.1. Experiment 1. After having evaluated 21 PopPK models
using the evaluations criteria (7), (8), and (10), we end up
with the 8 best PopPK models shown in Table 6.

Once we performed a simple analysis of the 8 PopPK
models, we can easily decide that the PopPK models 1 and 2
have the worst values. However, considering the rest of
the six PopPK models, it is hard to determine which model
is the best given that some of their evaluations values are
countered.

4.2. Experiment 2. In this experiment, we used the results of
the evaluation criteria shown in Table 6 of the PopPKmodels
2, 4, 5, 6, 7, and 8, as input variables in our software robot as
described in Section 3. -e results of the evaluations made
for these PopPKmodels are shown in Table 7, where now the
fuzzy system evaluation (FSE) criteria results are presented
for the six selected PopPK models.

5. Analysis of Results

-e results of experiment 1 of Table 6 represent an example
of the type of problem the researcher can face when working
in the development of any PopPK model. In this particular
case, Table 6 shows that the selection of the best PopPK
model is not a trivial decision due to the time consumed to
determine which PopPK model obtained the most signifi-
cant evaluations in comparative with the rest of the models.
For example, in Table 6, it can be seen that PopPK model 5
has best AIC evaluation than the PopPK models 4, 6, and 7,
but worst evaluation in CS as well as worst evaluation in
MSE than the PopPKmodel 6.-e results of experiment 2 of
Table 7 show that the fuzzy system gives the worst FSE value
to PopPK model 7 (88.9). -e PopPK model 7 has the worst
evaluation of AIC, CS, and MSE than the PopPK model 4,
which is the model with the best FSE value (31.6). It can be

seen that the fuzzy system considered the trade-offs among
the rest of standard statistical evaluation criteria: AIC, CS,
and MSE provided a clearer picture of the order of the worst
PopPK model to the best PopPK model.

6. Conclusions

Our results bolster the hypothesis that the software robot can
be successfully implemented to evaluate PopPK models
ensuring the selection of the best PopPK model when the
choice of this becomes an MCDC problem. Given that the
FSE criteria is built taking into account the classical eval-
uation criteria (AIC, CS, and MSE), we are able to only use
the FSE as our unique automated evaluation criteria. -is
reduced the time and the error in the selection of the best
PopPK model.

Another advantage is that if we want to use the same
fuzzy system methodology for the evaluation of a different
case study, for example, a PopPK model that involves an-
other type of drug as phenobarbital, or the amount of in-
dividuals in the study is different, we only need to evaluate

Table 6: Results of the 8 best PopPK model of tobramicyn. -e
covariates used are weight (WT), age, height (HT), and body mass
index (BMI).

PopPK # of estimated
Model Parameters Covariates AIC CS MSE
1 6 (AGE/V)/(WTCl) 682.04 698.2 0.0936
2 6 (SEX,AGE/V) 679.9 695 0.093

3 7 (WT,AGE/V)/
(WT/Cl) 683.6 701.1 0.093

4 6 (SEX,AGE/V) 673.1 689.2 0.09336

5 9 (SEX,AGE/V)/
(SEX,AGE,WT/Cl) 670.4 693 0.0936

6 7 (SEX, AGE/V)
(SEX/Cl) 672.7 691 0.093

7 7 (WT, AGE,
SEX/Cl) 675.3 691.3 0.139

8 10 (WT, HT/V)/(WT,
AGE, HT, BMI/Cl) 682.7 707.5 0.0928

Table 7: Summary of all evaluation criteria applied. Model 4 is the
best evaluated by the fuzzy system.

PopPK # of estimated
Model Parameters Covariates AIC CS MSE FSE
2 6 (WT,AGE/V) 679.9 695 0.093 88.4
4 6 (SEX,AGE/V) 673.1 689.2 0.09336 31.6

5 9
(SEX,

AGE/V)/(SEX,
AGE,WT/Cl)

670.4 693 0.0936 55.6

6 7 (SEX, AGE/V)
(SEX/Cl) 672.7 691 0.093 34.4

7 7 (WT, AGE,
SEX/Cl) 675.3 691.3 0.139 88.9

8 10

(WT,
HT/V)/(WT,
AGE, HT,
BMI/Cl)

682.7 707.5 0.0928 88.7

(1): i← 0
(2): low← i

(3): for j � i + 1 to total of candidate models–1 do
(4): if array[j] is less than array[low] then
(5): Set low to j
(6): end if
(7): end for

ALGORITHM 1: Find the lowest value algorithm.
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a certain amount of models to perform adjustments in the
membership function ranges.

Our software robot performs fuzzy evaluations offering
a stronger alternative to increase the efficiency in the se-
lection of the best PopPK from a set. It can help the
pharmaceutical scientist or the expert researchers in the area
of computer intelligence to incorporate, expand, and im-
prove the implementation of this software either in new
versions of commercial software or in the development of
new software to incorporate human expertise.

-e proposed software robot can become a strong
support to further studies regarding this novel approach by
helping the pharmaceutical scientist or the expert re-
searchers in the area of computer intelligence to incorporate,
expand, and improve this development.
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