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Abstract: Fuzzy logic is a soft computing technique that has been very successful in recent years
when it is used as a complement to improve meta-heuristic optimization. In this paper, we present
a new variant of the bio-inspired optimization algorithm based on the self-defense mechanisms of
plants in the nature. The optimization algorithm proposed in this work is based on the predator-prey
model originally presented by Lotka and Volterra, where two populations interact with each other
and the objective is to maintain a balance. The system of predator-prey equations use four variables
(α, β, λ, δ) and the values of these variables are very important since they are in charge of maintaining
a balance between the pair of equations. In this work, we propose the use of Type-2 fuzzy logic for
the dynamic adaptation of the variables of the system. This time a fuzzy controller is in charge of
finding the optimal values for the model variables, the use of this technique will allow the algorithm
to have a higher performance and accuracy in the exploration of the values.

Keywords: fuzzy logic; Type-2; controller; self-defense techniques; herbivores; predator-prey model;
Jaccard index

1. Introduction

In recent years, the use of dynamic adaptation of parameters in metaheuristics of optimization
is a strategy that has had a very important impact in the area of bio-inspired algorithms. The
results published by the authors who use this adaptation in their proposals show a very significant
improvement in their results. The use of fuzzy logic in the bio-inspired algorithms is an intelligent
technique that enables the algorithm to make an intelligent search of values for the parameters and in
combination with the algorithm select the optimal values for the solution of the problem.

For this paper, a new variant of the optimization algorithm inspired by the mechanisms of
self-defense of plants is presented. In [1], the authors publish the proposal of this algorithm applied to
benchmark functions using different methods of biological reproduction: clone, graft, and pollination.
The main contribution of this paper is the proposal of a new variant of the algorithm using Type-2
fuzzy logic for the dynamic adjustment of parameters used to optimize the trajectory of a mobile robot,
the objective is that the robot can follow a given reference path with a minimum error.

In the literature [2,3], there are many works with dynamic adaptation of parameters using
fuzzy logic for example: In [1,2] the authors use the bee colony algorithm using dynamic tuning of
parameters to optimize a controller applied to a mobile autonomous robot. In [4], the author performs
an improvement of the Ant Colony Algorithm using interval Type-2 fuzzy logic applied to the travel
agent problem (TSP). In [5], the authors propose a new variant of the Particle Swarm Algorithm using
Fuzzy Logic FL applied to optimize mathematical functions benchmark. The works mentioned are
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some of those found in the literature, as we observe the use of fuzzy controllers can be used for multiple
problems, in recent years they are used to improve the performance of the algorithms [6,7].

The main difference in this work is the proposed meta-heuristic that is being used, the control
problems were previously studied by other authors using different optimization meta-heuristics such
as some of the following algorithms: Ant Colony [4], Bee Colony [1,3,8,9], Genetic Algorithms [10],
Particle Swarm, the meta-heuristics mentioned above were used to optimize the robot trajectory
in order to test the performance to complex problems, some of these algorithms were able to find
acceptable results and were published as evidence and challenge for other authors [11–14].

Our main contribution in this work is the modification of the bio-inspired algorithm in the
self-defense mechanisms of plants in nature using fuzzy logic for the dynamic adaptation of values for
the variables of the predator-prey model, as mentioned above this algorithm uses the model proposed
by Lotka and Volterra as a basis [15,16]. In addition, applying this modified algorithm in the design of
the fuzzy controllers for an autonomous mobile robot.

2. Related Work

A search in the literature was performed with the purpose of finding works published by other
authors that are similar to the proposed algorithm and as a result of the search we find the following
works. In the area of fuzzy logic and control, we find the following:

In [2,17–19] ant colony optimization with dynamic parameter based on interval Type-2 fuzzy
logic systems are presented. The authors use a combination of intelligent techniques to optimize the
trajectory of the robot following a given reference, the use of these techniques allowed the algorithm to
have a greater efficiency and stability in the exploration of optimal values.

Also in [16], Ant Colony Optimization using a fuzzy system for TSP problems with dynamic
parameter adaptation. The author performs a modification of the ant colony algorithm, using a Fuzzy
Logic System FLS to dynamically adapt alpha and rho values, applied to the Travelling Salesman
Problem (TSP). Other algorithms have also been combined with FLS for example, in [4] the algorithm
of differential evolution is modified with FL for the adjustment of values and applied to mathematical
functions as a benchmark. Also in [20], an algorithm based on the harmony search was optimized
with fuzzy logic and the performance of the algorithm with fuzzy approach was tested in benchmark
mathematical functions.

A new variant of the bio-inspired algorithm based on bats is presented by the author, in [21]
Interval Type-2 fuzzy logic for dynamic parameter adaptation in the bat algorithm, the author of this
work uses interval Type-2 fuzzy logic to adapt some important parameters in the algorithm and is
used to optimize a set of benchmark mathematical functions. In [22], the authors state that: the plants
are equipped with an array of defense mechanisms to protect themselves against attack by herbivorous
insects and microbial pathogens. Some of these defense mechanisms are preexisting, whereas others
are only activated upon insect or pathogen invasion.

Induced defense responses entail fitness costs. Therefore, plants possess elaborate regulatory
mechanisms that efficiently coordinate the activation of attacker specific defenses so that fitness costs
are minimized, while optimal resistance is attained. In [23], the authors of this paper claim that some
of the chemical reactions that release plants can be used to combat pest problems in agriculture. This
work is a continuation of some previous publications performed by the authors of this proposed
algorithm, for more details see [24].

3. Self-Defense of the Plants

The coping strategies of plants are techniques that protect the individual from threats, it was
recently shown that the plants have different self-defense mechanisms [23] and these techniques are
activated when they detect the presence or a predator attack, some self-defense techniques are as
follows. See Figure 1.
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Figure 1. Graphic representation of self-defense techniques. 

In [23,24], the authors describe that some of these mechanisms can also be called survival 
strategies. For example, if the plant is attacked by a predator, the plant can release into the air 
chemical reactions that attract the natural enemy of that predator, or also activate a mechanism that 
expels seeds or pollen in the air. For more details see [24]. Plants and all living things have different 
methods of reproduction for this algorithm, we only consider three clones, pollination and graft, in 
each method of biological reproduction, a local or global reproduction is determined using 
probability p ∈ [0, 1] [24]. 

4. The Predator Prey Model 

The Lotka–Volterra equations, also known as the predator–prey equations, are a pair of 
first-order, non-linear, differential equations frequently used to describe the dynamics of biological 
systems in which two species interact, one as the predator and the other as the prey. The populations 
change through time according to the following pair of equations [15,16]: 
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β measures the death rate of the predators in the absence of plants.  
δ represents the susceptibility of plants. 
λ represents the ability of predation. 
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In [23,24], the authors describe that some of these mechanisms can also be called survival strategies.
For example, if the plant is attacked by a predator, the plant can release into the air chemical reactions
that attract the natural enemy of that predator, or also activate a mechanism that expels seeds or pollen
in the air. For more details see [24]. Plants and all living things have different methods of reproduction
for this algorithm, we only consider three clones, pollination and graft, in each method of biological
reproduction, a local or global reproduction is determined using probability p ∈ [0, 1] [24].

4. The Predator Prey Model

The Lotka–Volterra equations, also known as the predator–prey equations, are a pair of first-order,
non-linear, differential equations frequently used to describe the dynamics of biological systems in
which two species interact, one as the predator and the other as the prey. The populations change
through time according to the following pair of equations [15,16]:

dx
dt

= αx− βxy (1)

dy
dt

= −δxy + λy (2)

Equation (1) represents the population growth of plants in the absence of predators. Equation (2)
represents the decrease of predator population in the absence of plants at time t.
where:

x is the number of prey (for example plants).
y is the number of some type of predator (for example, insects).
dx
dt and dy

dt represent the growth rates of the two populations over time.
t represents time.
α measures the birth rate of the plants in the absence of predators.
β measures the death rate of the predators in the absence of plants.
δ represents the susceptibility of plants.
λ represents the ability of predation.
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5. Proposed Method

In this work, a new meta-heuristic is presented, our proposal is a variant of the algorithm
bio-inspired in the self-defense mechanisms of plants in nature with dynamic adaptation of parameters
using Type-2 FLS applied to optimize the trajectory of a mobile robot. There is multiple works
using Type-2 FLS applied to different optimization problems, the use of this technique significantly
improves the results, consult in [2,5,20,25]. The principles of Type-2 FLS can be consulted in [17,26–29].
We decided to combine fuzzy logic with our proposal based on works found in the literature, where it
is shown that type 2 fuzzy controllers offer a higher performance when applied to robust problems.
It is important to mention that in this work, our main contribution is the integration of Type-2 fuzzy
logic to the proposed algorithm.

In Figure 2, a flowchart representing the process of the algorithm and we can also observe the
stage of the algorithm where we apply Type-2 FL to adjust the values of (α, β, δ, λ).
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Figure 2. Flowchart with a fuzzy approach.

For this work we are proposing the method of reproduction by pollination, in other previous
works using this algorithm with this method of reproduction the results are acceptable.

Pollination: Pollination is a biological reproduction method used by plants to send grains of
pollen from one plant (flower) to another plant (flower). In order for this process to be performed,
it depends on several factors, in this case the most common are:
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Pollination by insects (biotic): This process of reproduction is totally dependent on birds and
insect pollinators, in fact, pollination is more common using bees, when a bee visits a plant to collect
honey, it also collects pollen and this pollen is transported to the following plants the bee visits on
its way in search for food. This process is also performed by other insects such as butterflies, bats,
ants, and other animals [30]. In Figure 3, we can find an illustration of the process of pollination by
pollinating insects, where an insect randomly decides to visit the neighboring plant.
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Pollination by air (abiotic). In this case, the pollen produced by plants is transported to other
locations using air currents, in this case the air is totally responsible for carrying the pollen from one
flower to another flower [30].

The proposed Type-2 FLS controller is of Mamdani Type [31,32], this controller has two variables
of input (iteration and diversity) and four variables of output (Alpha, beta, delta, and lambda).
In Figures 4 and 5, we can observe the characteristics of the input variables. The variable iteration and
diversity is granulated into three membership functions (low, medium, and high) in a range of [0, 1],
the type of membership functions proposed for this work are: triangular in the center and trapezoid in
the extremes.
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We consider it important to use the iterations value as an input variable of the Type-2 fuzzy
controller proposed, using this input variable we can maintain a balance between the exploration and
exploitation of the algorithm, because when the iterations are Low we can tell the algorithm to explore
and when the iterations are High we can order it to converge in the best region found [5].

The “Iteration” variable is defined by Equation (3), and has a range from 0 to 1; this variable can
be viewed as the percentage of the current iterations. In Figure 5, the second input variable diversity
is presented.

Iteration =
Current Iteration

Maximun O f Iteration
(3)

For the second variable input of the proposed fuzzy controller, we are considering the diversity,
diversity is a metric that helps us measure how much similarity exists between the population and
the best plant found so far. The metric used to measure diversity in this work is the Jaccard index,
proposed by Paul Jaccard, it is a statistic used for comparing the similarity and diversity of sample sets.
The Jaccard coefficient measures similarity between finite sample sets, and is defined as the size of the
intersection divided by the size of the union of the sample sets. The mathematical representation is
shown in Equation (4) [33–35].

J(X, Y) =
|X∩ Y|
|X∪ Y| (4)

where

1. Count the number of members which are similar between both populations.
2. Count the total number of members in both populations. (Similar and no-similar).
3. Divide the number of similar members (1) by the total number of members (2).
4. Multiply the number you found in (3) by 100.

This metric has also been used by other authors in their works, for more details consult in [32–35].
In Figures 6–9 the four output variables are shown.



Algorithms 2017, 10, 85 7 of 16
Algorithms 2017, 10, 85 7 of 16 

 
Figure 6. Output 1 Alpha. 

 

Figure 7. Output 2 Beta 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

low medium high

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
low medium high

Figure 6. Output 1 Alpha.

Algorithms 2017, 10, 85 7 of 16 

 
Figure 6. Output 1 Alpha. 

 

Figure 7. Output 2 Beta 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

low medium high

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
low medium high

Figure 7. Output 2 Beta.



Algorithms 2017, 10, 85 8 of 16Algorithms 2017, 10, 85 8 of 16 

 

Figure 8. Output 3 Delta 

 

Figure 9. Output 4 Lambda. 

The output variables are granulated in three membership functions (Low, Medium, and High) 
with a range of [0–1], with membership functions triangular in the center and trapezoid in the 
extremes, and all variables have the same configuration. It is important to mention that these 
configurations were selected based on prior knowledge of experiments performed and this 
configuration was the one that gave the best result. 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
low medium high

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
low medium high

Figure 8. Output 3 Delta.

Algorithms 2017, 10, 85 8 of 16 

 

Figure 8. Output 3 Delta 

 

Figure 9. Output 4 Lambda. 

The output variables are granulated in three membership functions (Low, Medium, and High) 
with a range of [0–1], with membership functions triangular in the center and trapezoid in the 
extremes, and all variables have the same configuration. It is important to mention that these 
configurations were selected based on prior knowledge of experiments performed and this 
configuration was the one that gave the best result. 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
low medium high

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
low medium high

Figure 9. Output 4 Lambda.

The output variables are granulated in three membership functions (Low, Medium, and High)
with a range of [0, 1], with membership functions triangular in the center and trapezoid in the extremes,
and all variables have the same configuration. It is important to mention that these configurations
were selected based on prior knowledge of experiments performed and this configuration was the one
that gave the best result.
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5.1. Problem to Be Optimized

The case selected to apply the proposed algorithm with Type-2 fuzzy approach is the problem of
the autonomous robot [1,5,8,29,36], the dynamics of this problem is that the robot is able to follow an
assigned trajectory with a minimum error value. In the proposed method an FLS is used to move the
parameters of the membership functions of the fuzzy controller. The description of the problem and
the characteristics of the fuzzy controller are shown below.

Is an autonomous vehicle capable of following predictable paths in uncertain environments and
is illustrated in Figure 10. The robot body is symmetrical around the perpendicular axis and the center
of mass is at the geometric center of the body. It has two driving wheels that are fixed to the axis
that passes through the center of mass “C” represented by {C, Xm, Ym}, and one passive wheel that
prevents the robot from tipping over as it moves on a plane [26,27]. The dynamics of the mobile robot
is represented by the following set of Equations (6) and (7), [5,29,36].
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M(q)
.
v + C

(
q,

.
q
)
v + Dv = τ + P(t) (5)

where
q = (x, y, θ)T is the vector of the configuration coordinates,

υ = (v, w)T is the vector of velocities,
τ = (τ1, τ2) is the vector of torques applied to the wheels of the robot where τ1 and τ2 denote the
torques of the right and left wheel,
P ∈ R2 is the uniformly bounded disturbance vector,
M(q) ∈ R2×2 is the positive-definite inertia matrix,
C
(
q,

.
q
)
ϑ is the vector of centripetal and Coriolis forces, and

D ∈ R2×2 is a diagonal positive-definite damping matrix.

The kinematic system is represented by Equation (6)

.
q =

 cos θ

sin θ

0

0
0
1


︸ ︷︷ ︸

J(q)

[
v
w

]
︸ ︷︷ ︸

υ

(6)
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where

(x, y) is the position in the X–Y (world) reference frame,
θ is the angle between the heading direction and the x-axis, and
v and w are the linear and angular velocities.

Furthermore Equation (7) shows the non-holonomic constraint, which this system has, which
corresponds to a no-slip wheel condition preventing the robot from moving sideways.

.
y cos θ − .

x sin θ = 0 (7)

The system fails to meet Brockett’s necessary condition for feedback stabilization, which implies
that no continuous static state-feedback controller exists that can stabilize the closed-loop system
around the equilibrium point.

5.2. Characteristics of the Fuzzy Controller Used for the Robot

Below the characteristics of the fuzzy controller used in this case study are presented. We chose to
optimize a fuzzy controller of the path for a mobile unicycle robot to test the proposed method in a
more complex problem. The controller is of Mamdani type, so that the input and output parameters
are represented by linguistic variables. The input variables are the error in the linear velocity (ev) and
angular velocity (ew), and the output variables are the right (T1) and left (T2) torques [9,10], which are
represented in Figure 11.
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Figure 11. (a) Lineal velocity error (ev); (b) angular velocity error (ew); (c) left torque (T1); (d) right
torque (T2).

The membership functions of the input variables are of trapezoidal type in the negative (N) and
positive (P) linguistic terms and triangular for the linguistic term for zero (Z). For the output variables
we have three membership functions, negative (N), zero (Z), and positive (P) of triangular type. In the
range of values of [−1, 1] is used for each variable because we have normalized all the variables.
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The fuzzy rules that are used are shown below

1. If (ev is N) and (ew is N) then (T1 is N) (T2 is N).
2. If (ev is N) and (ew is Z) then (T1 is N) (T2 is Z).
3. If (ev is N) and (ew is P) then (T1 is N) (T2 is P).
4. If (ev is Z) and (ew is N) then (T1 is Z) (T2 is N).
5. If (ev is Z) and (ew is Z) then (T1 is Z) (T2 is Z).
6. If (ev is Z) and (ew is P) then (T1 is Z) (T2 is P).
7. If (ev is P) and (ew is N) then (T1 is P) (T2 is N).
8. If (ev is P) and (ew is Z) then (T1 is P) (T2 is Z).
9. If (ev is P) and (ew is P) then (T1 is P) (T2 is P).

The trajectory to be traversed by the robot is shown in Figure 12.
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The path given to the robot is constant (does not change), and in the course of iterations to the
algorithm in combination of Type-2 FLS are responsible for adapting the parameters to direct the robot
in that trajectory.

6. Results Obtained

The proposed algorithm using Type-2 FLS to adapt the values of the variables of the predatory
prey model is used to optimize the trajectory of the problem of the mobile autonomous robot, with
the purpose of measuring their performance and stability in complex problems. It is important
to emphasize that the proposed algorithm takes as a base the functions of the predator-prey
model. In Table 1, we can observe the configuration of parameters used in this work to perform
the experiments.

The parameters shown in Table 1 were selected based on previous results and also are used in
other works where the same algorithm is used, but applied to a different problem. Also, the results
of 30 experiments performed are shown, analyzing the results we observed that the algorithm with
Type-2 fuzzy approach has a higher performance and stability, in the values we can observe that
they are very similar to the others, that tells us that the algorithm is stable since all experiments are
successful, finding acceptable values and we can affirm that the robot is able to follow a trajectory with
a greater performance. In Figure 13, the best robot simulation following the reference is shown.
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Table 1. Results obtained and parameters of the algorithm.

Variables Populations

N Iter α β δ λ Prey Predator Values

1 50

Dynamic with Interval
Type-2 FLS

300 200 7.67 × 10−2

2 50 300 200 1.76 × 10−2

3 50 300 200 1.12 × 10−2

4 50 300 200 7.76 × 10−2

5 50 300 200 7.67 × 10−2

6 50 300 200 1.54 × 10−2

7 50 300 200 1.54 × 10−2

8 50 300 200 9.62 × 10−3

9 50 300 200 8.25 × 10−5

10 50 300 200 2.08 × 10−3

11 50 300 200 1.77 × 10−3

12 50 300 200 2.17 × 10−2

13 50 300 200 3.09 × 10−2

14 50 300 200 3.38 × 10−2

15 50 300 200 1.05 × 10−2

16 50 300 200 1.69 × 10−2

17 50 300 200 3.54 × 10−2

18 50 300 200 2.79 × 10−2

19 50 300 200 5.22 × 10−3

20 50 300 200 1.56 × 10−2

21 50 300 200 1.25 × 10−2

22 50 300 200 3.82 × 10−3

23 50 300 200 1.82 × 10−2

24 50 300 200 2.27 × 10−3

25 50 300 200 7.27 × 10−3

26 50 300 200 3.70 × 10−3

27 50 300 200 6.93 × 10−4

28 50 300 200 2.02 × 10−2

29 50 300 200 4.25 × 10−3

30 50 300 200 6.93 × 10−4

Average: 1.919 × 10−2

σ: 2.20 × 10−2

Best: 8.25 × 10−5

Worst: 7.76 × 10−2

In Figure 11, we can observe a better performance of the fuzzy controller built by the proposed
algorithm using Type-2 FLS (see experiment number 9 in Table 1), the blue line represents the reference
and the green line represents the trajectory traveled by the robot. The proposed approach has greater
stability and adaptation exceeding the expectations of the authors. The errors shown in Table 1 were
calculated using the Equation (5) Mean square error [36].

MSE =
1
N

N

∑
K=1

[x(k)− y(k)]2 (8)

In Equation (5), x(k) represents the actual reference value at time k, y(k) represents the value
delivered by the system at time k, and N represents the total number of samples considered.
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Statistical Comparison

To conclude this work, we consider it important to make a statistical comparison to leave scientific
evidence that the algorithm with a Type-2 FLS approach is successful in this case study compared to
other works published by other authors and show that our proposal offers a significant contribution.
The statistical comparison is made against the Bee Colony Optimization Algorithm with fuzzy logic
(FBCO) [1,9,37]. The statistical test used for the comparisons is the z-test, whose parameters are defined
in Table 2.

Table 2. Statistical z-test parameters.

Parameters Values

Level of significance 95%
Alpha 0.05%

Ha µ1 < µ2
H0 µ1 ≥ µ2

Critical Value −1.645

A significance level of 0.05 is used (that is a usual value), the alternative hypothesis states that
the average of the self-defense of the plant algorithm is lower than the average of FBCO, and the null
hypothesis states that the average of the proposed algorithm is greater than or equal to the average of
FBCO, with a rejection region for all values falling below −1.645. The statistical test results are that:
for the self-defense of the plant algorithm with a fuzzy approach, there is significant evidence to reject
the null hypothesis with a calculated value (from the data) of −3.9163. Clearly this value falls in the
rejection region and the alternative hypothesis is true.

Analyzing the statistical test we can affirm that we have sufficient significant evidence to conclude
that our proposal is better than the bee colony algorithm with a fuzzy approach, there is also enough
statistical evidence to state that in this work we make a successful contribution, and we also observed
that the use of FLS as a complement in optimization algorithms significantly improve performance
and stability in optimization problems in comparison with other previous works published by the
same author of the proposed algorithm [24]. It is also important to mention that the case studies are
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different; in these publications the algorithm is applied to mathematical functions and in this work is
applied to problems of fuzzy controller.

7. Conclusions

After analyzing the results obtained with the new variant of the algorithm proposed using
Type-2 FLS and based on the statistical comparison against the BCO algorithm [37] we have a lot of
statistical evidence to say that the self-defense of the plants algorithm with the fuzzy approach, is stable
and efficient in this case study. Even though it is a recent algorithm, it proved to be successful in the
statistical test; we consider it necessary to test the performance of our new variant in other optimization
problems such as: optimize some parameters in neural networks; optimize functions of CEC-2017;
optimize other problems in the area of fuzzy controllers just to mention some. We also consider it
advisable to use other methods of biological reproduction already integrated in the algorithm, in the
case of this study, we only use the method of reproduction pollination using Levy flights, in this work
we do not focus on exploring other parameters of the algorithm, since our main objective is to prove
that our proposal can be combined with Type-2 FLS to be able to compete against other traditional
algorithms and to affirm that although it is recent it is also efficient.

Author Contributions: For Fevrier Valdez contributed to the discussion and analysis of the results; Oscar Castillo
reviewed the state of the art, analyzed the data and proposed the method; Camilo Caraveo analyzed the original
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