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1 Abstract: A novel metaheuristic optimization method is proposed based on an earthquake that is
> ageology phenomenon. The novel Earthquake Algorithm (EA) proposed, adapts the principle of
s propagation of geology waves P and S through the earth material composed by random density
s to ensure the dynamic balance between exploration and exploitation, in order to reach the best
s solution to optimization complex problems by searching for the optimum into the search space. The
s  performance and validation of the EA are compared against the Bat Algorithm (BA) and the Particle
»  Swarm Optimization (PSO) by using 10 diverse benchmark functions. In addition, an experimental
s  engineering application is implemented to evaluate the proposed algorithm. Early results show a
o feasibility of the proposed method with a clearly constancy and stability. It is important highlight the
10 fact that the main purpose of this paper is to present a new line of research, which is opened from the
u  novel EA.

1z Keywords: Optimization; Metaheuristic; Earthquake Algorithm; Bat Algorithm; Particle Swarm
1z Optimization; PID controller; DC motor; Fuzzy Logic; Mamdani; Geo-inspired computing.

s+ 1. Introduction

"

15 Optimization techniques are used to solve problems choosing the best option between all possible
s solutions, the metaheuristic algorithms are becoming powerful methods tough optimization problems
o [1].

1 According to [2], optimization algorithms can be divided into deterministic and stochastic
1o classes. Deterministic methods are classified into evaluation and gradient-based methods. Evaluation
20 methods, where calculating gradient functions is not necessary but they are extremely slow and
=z ineffective. Gradient-based methods utilize gradients or derivations of the objective function to direct
22 the exploration. Nevertheless, there is not security that the convergence to the global optimum by
2 these methods is realized in objective functions with rough and complex forms. Otherwise, stochastic
2« methods are not required gradient information to try to find the global optimum but they need to
= execute the objective function in order to find the optimum point [3].

26 In real and complex design problems, optimization algorithms may fail or result a local optima.
2z Such problems cannot be resolved by conventional methods that locate local optima when the objective
2e  is to find the global optimum [4].

20 Metaheuristic algorithms offer an effective solution strategies due their distinct mechanisms to
50 avoid from locally optimal solutions [5]. The randomization procedure creates unsystematic solutions,
a1 which objective is to find a global solution through search space. By the local search, convergence and
sz focus on realize good solutions in a region is determined [6].

33 In many instances, metaheuristics optimization algorithms have the same characteristics: (1)
s« nature-inspired (with principles from physics, biology, geography, ethology), (2) stochastic components
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s isused (including random variables), (3) gradient or Hessian matrix of the objective function is not used
s and (4) some parameters need to be adjusted on line with the problem to resolve [7]. Another important
sz characteristic is the strategy for exploring search spaces. A dynamic balance from diversification and
ss  intensification must be given. The first term allude to the examination of the search space, whereas the
s second term refers to exploitation according to search knowledge [8].

40 In four principal categories, metaheuristics algorithms are classified: (1) evolutionary-based,
a1 (2) physical-based, (3) swarm-based and (4) human behavior [9]. Evolutionary-based algorithms
«2 imitate the natural biological evolution and/or social behavior of species [10]. Some techniques
a3 of evolutionary-based are: Genetic Algorithms (GA) [11], Evolutionary Programming (EP) [12],
«s  Evolutionary Strategy (ES) [13], Differential Evolution (DE) [14].

a5 In the second category, physical-based algorithms have some characteristics in rules of physics
s such as gravitational, electromagnetic and inertia force, etc. These rules govern the behavior of the
+z communication or movement through of search agents [15]. Popular algorithms of physical-based are:
« Simulated Annealing (SA) [16], Gravitational Search Algorithm (GSA) [17], Magnetic Optimization
s Algorithm (MOA) [18], Charged System Search (CSS) [19], Central Force Optimization (CFO), Black
so Hole (BH) [20], Galaxy-based Search Algorithm (GbSA) [21], Artificial Chemical Reaction Algorithm
51 (ACROA) [22], Small-World Optimization Algorithm (SWOA) [23].

52 The third category, swarm-based algorithms use the collective intelligence from organisms in a
ss community sharing local information with other individuals, such as ants and bees [24]. The most
s« known methods are: Particle Swarm Optimization (PSO) [25], Monkey Search Algorithm (MSA) [26],
ss  Bat Algorithm (BA) [27], Cuckoo Search (CS) [28], Wolf pack search algorithm [29], Firefly Algorithm
ss (FA) [30], Artificial Bee Colony (ABC) [31], Ant Colony Optimization (ACO) [32].

57 The last category is based from human behavior in different situations or activities such as:
ss education behavior (Teaching-learning-based Optimization, TLBO) [33], neighborhood searching
so (Tabu-search) [34], socio-politically motivated strategy (Imperialist Competitive Algorithm, ICA)
e [35], musicians looking for the best melody (Harmony Search, HS) [36], mimic sport teams competition
o1 (League Championship Algorithm, LCA) [37]. Fig. 1 depicts the broadly classification from
s metaheuristic optimization algorithms.

Metaheuristic
Optimization
Algorithms

N Geology
- based

+-

Figure 1. Classification of metaheuristic optimization algorithm.

o3 Nevertheless, it is important highlight the fact that the main purpose of this paper is to present a
e« new line of research, which is opened from the novel algorithm presented throughout this document.
65 In order to achieve the objective, Section 2 explains the basic concepts of an Earthquake behavior,

es then Section 3 shows the algorithm inspired by it. Later, in order to prove the viability of the proposed
ez algorithm Section 4 shows its performance against some commonly used benchmark functions, and
es Section 5 its behavior against a real implementation (Speed controller optimization of a DC motor).
o Finally, Section 6 opens the discussion of the obtained results and Section 7 explains the conclusions.
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o 2. Earthquake background

7 Earthquakes are located in the “top list" of the most catastrophic and destructive natural disasters
72 provoking fatalities in human life and economic lost [38]. In seismic zones, elastic energy collects
73 around those regions in advance of friction is outdo and unexpected shear movements occurs in form
za as an earthquake, decreasing surrounding strain energy and generating seismic waves that shake the
7 external layer of the Earth [39].

76 From [40], seismological community has been discussing in the last decade that the first few
7z seconds of the P-wave provides information about the final magnitude of an earthquake. This allows
s to use P-wave velocity to make a good exploration by delivering information from search space to find
7o the optimum solution.

80 In [41], mentioned that seismic waves are elastic waves and each earth material must behave this
a1 characteristic to transmit them. Elasticity degree dictates the transmission capacity. By an earthquake,
e2 earth material is submitted to stress (compression, tension and/or shearing). Earth material has
es a ductile characteristic at very slow strain rates, as movements in the order of mm or cm/year.
s« Conversely, the earth acts elastically to fast and small deformations caused by earthquakes. When high
es amplitude of seismic deformations and long-period free-oscillations modes are present, the inelastic
s response of seismic waves must be considered.

87 According to [42], earth material behavior can be defined by Hooke’s Law [43] in elastic range.
ss Above its elastic limit, earth material can be respond with brittle fracturing (e.g. fault by earthquake)
s or ductility.

% Depending on the type of deformation, elastic material endures to stress and can be quantified by
o1 some elastic moduli [41]:

02 o bulk modulus x is described as the ratio of the hydrostatic pressure change to the resulting relative
03 volume change (i.e. k = AP/(AV/V).
0a o Lamé parameter y (shear modulus) is the resistance of the material to shearing, namely, to changing
o5 the shape and not volume (i.e. y = Tyy/2exy or p = (AF/A)/(AL/L)).
% o Young’s modulus E is defined by the response of a cylinder with Length which is pulled on both
o7 ends. Its value is given by E = (F/A)/(AL/L).
o8 e Poisson’s ratio o is the ratio between cylinder lateral contraction being pulled on its ends to its
9 relative longitudinal extension, i.e. o = (AW/W)/(AL/L).
100 o Lamé parameter A does not have explanation physical but it can be defined in terms of the elastic
101 moduli already mentioned A = ¢E/((1+0)(1 —20))
102 o density p of earth material. Denser rocks have faster wave propagation because rigidity increases
103 with density.

1ws  2.1. P and S waves velocities

105 When a earthquake occurs, rocks break and generate waves through interior to surface of the
16 Earth, Fig. 2. There are two types of waves P and S that are generated. The P-wave is the fastest and
10z depends on the earth material compressibility. They are transmitted by compression and tension of the
10s  medium with volume changes. The S-wave is slower than P-wave, depends on rocks elasticity and
10 move the epicenters up and down, perpendicular to the wave direction.

110 Egs. (1) and (2) describe the estimation of P and S waves velocities.
A+2
v, = | F (1)
P
K
Ve
11 where v, and v are the P and S waves speed, A and y the Lamé parameters, and p the density of

1z earth material.
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Figure 2. Earthquake origins.
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Figure 3. Ground acceleration (3-axis) from an earthquake record.

113 Records from ground-acceleration (Fig. 3) shows the waves P and S when an earthquake occurred
us in Chiapas, Mexico (09.15.2010) with an epicenter in 15.59 N, 93.52 W at 95 km of profundity [44].
us  P-waves are the first to appear (due to faster velocity) and are detected by seismograph accelerometers.

16 Seconds after, S-waves are observed.
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Figure 4. Travel of P-wave through an earth material by compression and dilation.

117 In the Fig. 4 can be visualized the movement of the P-waves through a medium by compression
us and dilation with volume changes. These kind of waves can be transmitted by any medium (solid,
1o liquid and gas). Particle motion of earth material are represented by spheres.

120 Representation of the S-waves movement is shown in the Fig. 5, the propagation only occurs in
121 solid medium with shearing deformation (perpendicular movements to the wave direction).

122 3. Earthquake optimization algorithm

123 The Earthquake algorithm initially works with a random population of solutions, which are called
124 epicenters. Besides, it also uses the implementation of a function for the random motion in order to
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Figure 5. Travel of S-wave through an earth material by shearing deformation.

12 produce some members of the epicenters in distant regions of the searching space. The first version of
126 this Earthquake algorithm was proposed in [45].

Figure 6. Population of three epicenters.

127 Then, as will be explained later in this section, some of the parameters used for this novel
126 algorithm can be described using a Poisson ratio, reason that inspired the implementation of an
120 Exponential Distribution, from the relation between a Poisson and an Exponential distribution taken
130 from [46], for the random generation already mentioned.

131 As seen in Section 2, the motion of an earthquake can be parametrized with the velocity equations
132 of the P and S waves, where the principle of operation of the proposed algorithm lies in those
133 parameters. Knowing then, that the transmission of the P-wave is faster than that of the S-wave, the
13 P-wave is used for a quick exploration and the other one for a more detailed one.

Table 1. Principle materials or geologic formations properties [41].

Material or geologic formation  Density (Kg/m®)  Poisson ratio Vp/Vs

Sandstone 2500 0.21 1.65

Salt 2200 0.17 1.59

Limestone 2700 0.19 1.62

Granite 2610 0.25 1.73 (1.65-1.91)
Basalt 2940 0.28 1.8 (1.76-1.82)
Peridotite, Dunit, Pyroxenite 3300 0.29 1.8 (1.76-1.91)

135 In order to determine when to use a wave or the other, it is essential for the algorithm to define an

13 Ooperation range for the S-wave, which will be referred to in this document as the S-range or Sr. Also,
137 as seen in Fig. 7, the Sr is defined around the best solution.

|---'-S-[--|-—-+-S—[-—‘ Previously
i i4— defined
i In In | Isr|
Out of Sr Sr sr 1Out ofSr
— \ AN /—)\ N
frommeemm e Searching area --------------------| |

Figure 7. Procedure to find particles in and out the defined Sr.
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138 The Sr, should be assigned with the previous knowledge of the problem needs, nevertheless it is
130 recommended to implement the range in function of the percentage of error, between the obtained
190 solutions and the expected ones.

Initialize population
of epicenters

Initialize
Position X, Speed
and Density p;

Define Lame 4 and
stiffness 1 constants

Obtain first fitness
values f(x,)

Initialize, update
and rank best
solutions X/**" to
obtain global best
Kbvest

Define range for the
S wave action Sr

Define number of
Iterations max. it.

Recalculate p;

X{ = Xpese + Expy(S)

F

Evaluate f(X;)

Rand > V;?

Update X/t

Or
F(x) > Fexeben?

Update X, 05

Figure 8. Proposed architecture for the Earthquake Algorithm.

181 Thus, in Fig. 6 can be seen a population of three epicenters, where the black epicenters are out of
12 St, reason why they use the velocity of P-waves (black dotted lines), to map where the solution is (red
13 triangle). The blue epicenter is located in smaller distance from the objective, it is also in Sr and that is
14s  Wwhy it uses the S-wave (blue dotted lines) for the mapping.

145 Knowing that the velocity of the P and S waves are given by Egs. (1) and (2) respectively, it is also
1ss  known that the Lamé parameters (A and y) and the density (p), are needed in order to determine the
147 current transmission speed.

148 To contextualize property values analyzed in this work, Table 1 shows the principle values of
s density, Poisson’s ratio and ratio of seismic wave velocities from some earth materials (average and/or
10 ranges).

151 Now, in order to validate the proposed constant for the Lamé parameters, [41] explains that most
152 Of the rocks have a Poisson ratio between 0.2 and 0.3, leaving a mean optimal value on 0.25 for the ratio.
153 As well, also taken from [41], the following equation shows the relation between the Poisson ratio and
15 the Lamé parameters:
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Figure 9. Pseudocode of the Earthquake Algorithm
A
- _ 3
2(A+p) )

where ¢ is the Poisson’s ratio.

According to [41], the Lamé parameters can be the same under some circumstances, so for the
current algorithm it is taken that A = y. In that case, in order to find the optimal Lamé parameters to be
used, several tests were performed with different Lamé values, finding that the only real constant that
worked was 1.5; that is the reason why, for the algorithm purpose, the wave transmission parameters
can be defined as the constant 1.5, taken from Table 1, giving to:

A=pu=15GPa (4)

Where substituting Eq. (4) on Eq. (3):

15
=Y 025
7T 2(15+15)

Which validates the premise developed to obtain Eq. (4).

©)

On the other hand, for the
implementation of the algorithm, the density of the solids (p) is used as a random value, selected from
a range between 2200 and 3300 Kg/m?, also according to Table 1.

Shown the initial position of the epicenters population are randomly selected, however their
speed are initially 0. On the other hand, the update of the current position of the epicenters, is given
by Eq. (6):

Xj =X +V ©)

where X! and Xffl are the current and the previous positions, meanwhile the V; is the current
speed.

Finally, the equation that incorporates the Exponential distribution, to reduce the probability of
visiting points already visited for the epicenters, or epicenters is described in [46]. Where the random
value is generated with the distribution, in a range of + the maximum value of Vp/Vj, thatis + 1.91
taken from Table 1.

d0i:10.20944/preprints201809.0182.v1
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Xlt = Xpest + Exp}l(s> (7)

174 where X, is the global best solution, and the Exp(s) is the random value generated with the
175 exponential distribution from the value of .

176 Whence, the random update for the position with the Exponential distribution for this algorithm,

w7 is given by Eq. (7), and the diagram that describes the proposed architecture for the earthquake
17s  algorithm is shown by Fig. 8.

179 Hence, the Sr is recommended to be +10% from the best solution, but after selecting if the current
10 epicenter is going to use the vs or v, as v; (see Fig. 8), it results very important for the algorithms
11 performance to understand that since both speeds are calculated by a square root, the final result is a
1.2 positive number, but it is also known that the result contemplates a £v;.

183 The above is the reason why the flowchart, that describes the proposed architecture of the
1es  algorithm, contemplates the use of a random selection of a positive or a negative v;, just to give to the
15 EA another degree of freedom.

a) Initial random positions

fix) Update position with v,

A
out Sr out Sr

b) Searching behavior

fix)

Fine search epicenters

New
Global Best
Found

Fine search with v,

X

Figure 10. Behavior of the Earthquake algorithm using ten epicenters.

186 To clarify how the proposed algorithm works, Fig. 9 shows the pseudocode of the Earthquake
1z Algorithm. Meanwhile Fig. 10 shows the generalities of the Earthquake Algorithm behavior, which in
1s  Fig. 10(a) appears an example of how could the epicenters randomly be placed on a function, same as
1es  when evaluated give the first fitness values. After the first rank of the best solutions, it can be known
10 which of the epicenters are in or out the Sr and hence, which of them are going to use the v; or the v,
11 speeds to update their positions.

102 Then, in Fig. 10(b), the searching behavior is shown, where it can be seen that after some iterations
103 the epicenters star to converge, with a fine search around the current global best. In spite of this, it can
10s  be observed that three epicenters took distant routes from the epicenters set, because of the random
105 generation of positions using the exponential distribution (previously explained).

196 As already said, that final generation of some epicenters allowed the algorithm to “escape” the
17 local minimum, what caused that another epicenter found a better solution. Replacing the previous
108 global best solution, the epicenters sooner or later would converge again to begin another fine search,
100 keeping the possibility that another randomly generated epicenter finds another “best solution".
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Figure 11. Surfaces of the Benchmark functions used to compare the performance of the EA against the
PSO and BA [47,48].

Table 2. Parameters obtained for plant models using each optimization algorithm (EA, BA and PSO)

Function Formula Global minimum Search domain
i i 1.393,0) =0.674
K ) = _sin?(x—y)sin®(x+y) Min — f( , ~10< %,y < 10
eane f=) N £(0,1393) =0.674 SHYS
Rastrigin f(x) =10d + Z?Zl[x,z —10cos(27tx;)] where d = 2 £(0,00=0 —5.12 < x; <5.12

Egg holder flx,y) = —(y+47)sin\ /|5 + (y +47)| — xsiny/|x — (y +47)] f(512,404.23) = —959.64 —512 < x,y <512

Sphere flx) = Z?:l x? £(0,0)=0 —o00 < x; < 00
£ (8.05,9.66) =-1921
v/ —8. . =—-19.21
Holder table f(x,y) = —|sin(x)cos(y)exp(|1 — #m Min = ;58(?5(?57,322; _ 71;21 —10<x,y <10
£(—805,-9.66) =—19.21
Schaffer N. 2 =054 SCCoy)-05 (0,0) =0 ~100 < x,y < 100
chatter N floy) =05+ aorer e f(0,0) = sSnys
Easom f(x,y) = —cos(x)cos(y)exp(—((x — )2 + (y — 7)?)) flm,m) =-1 —100 < x,y < 100
Ackley f(x,y) = —20exp[—0.21/0.5(x2 + y2)] — exp[0.5(cos27x + cos2rty)] +e+20  f(0,0) =0 —-5<xy<5
Levy N. 13 fx,y) = sin®3mx + (x — 1)2(1 + sin®37ty) + (y — 1)2(1 + sin®27ty) f(1,1)=0 -10 < x,y <10
Styblinski-Tang  f(x) = 3 ¥4 ; (x} — 1637 + 5x;) where d = 2 f(—29,-29) = —39.166d 5<% <5

200 4. Benchmark functions

To validate the proposed optimization method mentioned in Section 3, the performance of the
Earthquake Algorithm is tested in this section by 10 benchmark functions, and its performance
compared against the Particle Swarm Optimization and the Bat algorithm.

Standard test functions are used to evaluate optimization algorithms, the benchmark functions
selected were as diverse as possible to analyze how the algorithm performs between different
conditions, in a convergence problem as the convex Spheric function, against unimodal and non-convex
functions like the Ackley function, or even under multimodal non-convex functions with several local
or global solutions, like the Egg holder function or the Holder table function.
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Table 3. Optimization algorithms performances from different benchmark functions.

AVG STD BEST
Function EA BA PSO EA BA  PSO EA BA PSO
Keane -0.672  -0.591  -0.672  0.002 0.155 0.002  -0.674  -0.674  -0.674
Rastrigin 0.758 2.117 3.601 0454 3136  5.349 0.007  1.0e™® 1275
Egg holder -744.332 -838.671 -770.183 133461 75523 72.209 -956.917 -956.290 -931.974
Sphere 0.005 0.028  2.8e° 0.005 0.061 4.7e® 95e> 93e° 9.1e 12
Holder table -19.153  -18.324  -17.593  0.057 1434 0992  -19.209  -19.209  -19.19%4
Schaffer N. 2 1.8e4 0.084  7.8e~° 0.002 0130 1.9e 8 26e8 19e7 24e 1
Easom 0772 -0353  -0.793 0412 0393 0175  -0999  -1.000  -0.997
Ackley 0.287 0.812 0.031 0192 1334  0.129 0.007 0.004  83e~*
Levy N. 13 0.053 0.959 0.021 0.050 2197 0.028 79e* 55e° 187

Styblinski-Tang  -75.127  -75.200  -68.614 5878  4.123 5.981 -78.331 -78.332  -78.223

200 The surfaces of the benchmark functions used, are shown in the Fig. 11. Additionally, their
20 Mmathematical representation for each one is given by Table 2, where it is also shown the global
2 solutions and the search domains for each one. Those were the parameters use for the benchmark of
212 the optimization methods.

213 To have the comparison of the optimization methods, every algorithm was implemented with a
zns population of 40 particles for PSO, 40 bats for BA and 40 epicenters for the EA. Also, it is important
215 to mention that the results of the three of them were evaluated after 100 iterations, and repeated 100

216 times.

217 To quantify the results of the algorithms, Table 3 shows the mean values obtained after taking the
ze average of the 100 results of each algorithm after the 100 iterations.

210 Additional to that, the second group of results are for the calculated standard deviation, and

220 finally the best solution found of each algorithm against every function is also shown, to validate their
221 convergence property.

222 Also as it can be seen in Table 3, the standard deviation of the algorithms solutions are very
223 constant, because except against the egg holder function, the STD of the algorithm emphasizes the
224 constant performance of the algorithm.

226 The reason that increases the standard deviation of the algorithm against the egg golder function,
226 is that searching area and the multiple local solutions, make the algorithm to sometimes look for
227 a solution in an area that is out of the possible Sr, that is why above is recommended to search an
22¢ adaptive way to improve the searching area to different problems.

220 On all cases presented in this work (benchmark functions, model optimization and controllers
230 optimizations), the freedom grade given by the exponential distribution random generator, helped the
21 algorithm to send a couple of epicenters to a fast search when it seemed that the group of epicenters
232 started to look for a convergence in a local minimum.

233 Those heuristic “moves" are also fundamental for the performance of the algorithm, because
23s  the capabilities to “escape” from a local solution are improved. Therefore, the paper proves that the
235 proposed algorithm works and that it can be used as an optimization method, knowing its sturdiness
236 against different functions or applications.

237 5. Case study

238 As demonstrated in Section 4, the proposed Earthquake algorithm is able to reach solutions to
230 different benchmark functions. However, in order to discuss the capability of the algorithm against a
2e0 real application, a PID speed controller for a DC motor was implemented.
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21 5.1. Implementation system

242 The experimental system designed for the tests consists of a DC motor with a 5V of nominal
a3 voltage, controlled by an H-Bridge [49] like the one shown in Fig. 12, which also shows the resultant
2as  circuit after activating the transistor Qs, where the red segmented line represents the activation current
s flow, and the green line the resultant energy leading to the motor movement.

Figure 12. Schematic design of the implemented H-Bridge.

246 Additionally, in order to ensure the quality of the RPMs measurements of the DC motor a test
2z environment was designed, where the motor could be fixed to a base, with a disc with a notch
28 that together with an optical sensor of horseshoe type H21A1, allows to obtain a pulse counter per
2e0  Trevolution. Fig. 13 shows the diagram of the testbed designed.

1smm

18mm 20mm
*>
3mm

P—r————> -« @~ <
smm - 13mm 27mm 15mm smm  Smm

Lateral view ‘ Front view | ‘ Rear view ‘

Figure 13. Testbed designed.

250 Thus, Fig. 13 shows the testbed designed to set it (motor in red color and components of the base
=1 in white), being that the shaft was secured to a disk of two millimeters thick (disk in blue), which
=2 passes through an optical horseshoe sensor (gray device) fix to the same base, for the measurement of
23 its RPMs. The dimensions of the motor and optical sensor are found in [50] and [51] respectively.
254 As far as measurements are concerned, a low pass filter was implemented into the circuit according
25 to input and output maximum values, 5 V and 5290 RPM, respectively:

5300 RPM * 1 Hz

fmax = S0 RPM = 83.33 Hz 8)

286 where fy,4x is the maximal frequency expected. Finally, the circuit schematic and board designs
=7 are given by Figs. 14 and 15 using the components in [50-55].

Figure 14. Schematic of the implemented test circuit.

258 In Fig. 14, the jacks connection at the left, are used for data acquisition and control signals. On the
260 other hand, the pins at the right are used for the motor voltage and the optic sensor outputs.
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Figure 15. Board design of the implemented test circuit.

260 Fig. 15 shows the implemented circuit board design, taken from the schematic seen in figure
201 Fig. 14, which also clearly shows a space without components, same that is used to fix the motor base
202 Of figure Fig. 13 to the circuit board.

Figure 16. Testing environment.

263 The complete tests environment designed, is shown in Fig. 16, made for experimental speed
20 analysis and control, implemented with the PPN13KB DC motor [50].

2es 5.2, Model optimization using EA, BA and PSO

266 The data acquisition system and the controllers implemented, where deployed in a FPGA NI
207 cRi0-9068 [56] integrated with an I/O module NI 9381 [57], with a sample time of 6.85uSec. The
26s  principle benefits of using an FPGA, relies on its performance because of the hardware parallelism
200 that it uses, moreover the reliability granted for avoiding the continually risk of a time-critical issue of
270 tasks preempting one another (which is a constant on software tools).

a1 To obtain and later optimize the model of the DC motor, a step input from 0 to 5 volts was taken
22 to acquire the RPM response of the system, obtaining then the behavior shown Fig. 17, where can be
23 seen on the left axis the step input in percentage of duty cycle, and on the right the speed in RPMs,
27a  both against time in seconds.

, , , , , , , ; . 6000
100 F
or /f 45000
80 /
_ ]
X 70f | 4000
® | =
S 60
2 | 3000 <
> 7 >
Si 50 ( g
s 40t 2
E 2000
30+
200 41000
10+
o | | | | | | | | | o
0 02 04 06 08 1 12 14 16 18 2
Time [s]

Figure 17. Experimental behavior of the DC motor.
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275 Taking the data from Fig. 17, the a first experimental the continuous transfer function to be
zre  Optimized (obtained by the Analytical Method (AM) [58]), is given by:

2020

) = s a97 )

277 And with a sample time T = 6.85uS, its discrete representation by:
0.01384
— o~ 1
62 = 09998 {10
278 To obtain a quantitative analysis of the control system performance (plant model and closed loop

N
N

o system) to evaluate and compared the improvement of the optimization algorithms implementation,
20 performance indexes were selected to measure the dynamic and stationary error [59]. The improvement
2e1  Of the implementation were analyzed with four performance indexes:

1. Integral of the square of the error, ISE

ISE = /OT 2 (1)dt (11)

2. Integral of the absolute magnitude of the error, IAE

IAE = /OT le(#)|dt (12)

3. Integral of time multiplied by absolute error, ITAE

ITAE = /OTt- le(t)|dt (13)

4. Integral of time multiplied by squared error, ITSE
T
ITSE = / £ e (1) dt (14)
0

202 To improve the plant model obtained from analytic method, optimization algorithms are used
203 and compared. Such algorithms are: (1) earthquake algorithm (EA), (2) bat algorithm (BA) and (3)
« particle swarm optimization (PSO).

285 The optimization process of the DC motor model is represented in Fig. 18, it shows how the EA is
2es implemented to find the best parameters (gain and pole) with the objective to reduce the error from
207 experimental data.

288 Also its important to mention that the cost function, that evaluates the performance index is based
200 in the model of the Integral of Time multiplied by the Absolute Error (ITAE), which properties lead the
o optimization to an absolute adjustment. The index is calculated with the discrete model of Eq. (10),
201 which is calculated on every iteration with the c2d function of Matlab™.

202 For the model optimization, each algorithm was implemented with a population of 40 particles
s for PSO, 40 bats for BA and 40 epicenters for EA, the three for 50 iterations, and repeated 10 times.

2

-3

2

©

2

©

Gain
s+ Pole
208 The input model for every algorithm is given by the Eq. (15), and the results quantified in Table 4,
s where the best solution obtained from each algorithm is evaluated. Table 4 shows the values obtained
206 for the tests.

207 Fig. 19 depicts the graphic behavior of the optimized transfer functions, where can be seen a
208 comparison between the approximated models against the real measured data, all of them reacting to
200 a step input.

G(s) = (15)

N
©


http://dx.doi.org/10.20944/preprints201809.0182.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 September 2018 d0i:10.20944/preprints201809.0182.v1

14 of 22
Define number of
epicenters
Cost function:
66) = iheie
Initialize EA
parameters
Generate initial
random population
x(Gain, Pole)
Evaluate on G(s) and
discretize.
Obtain response to a
step input
Rank results
obtained with their
AE
Define number of
Iterations max. it.
parameters
Update epicenters
positions
x(Gain, Pole)
Evaluate on G(s) and
discretize.
Obtain response to a
step input
Rank results
obtained with their
ITAE
l
Update personal and
global best
Figure 18. DC motor model optimization process.
300 Besides, Table 5 compares the performance indexes obtained for every algorithm, and also shows
;1 the indexes for the analytic method.
s02  5.3. PID optimization using EA, BA and PSO
303 Knowing that the proposed study case, is the speed control for a DC motor, the controller
;s implemented and optimized by EA, BA and PSO, is a parallel PID controller.
305 Then, from Fig. 20 the fitness function to optimize is given by its transfer function [58]:
de(t)
U(t) = kpe(t) +k; / e(t)dt + kg™ (16)
306 where ky, k; and k; are the proportional, integral and derivative gains, and e(t) the error.
307 Thus the non optimized values, obtained by the Ziegler-Nichols Method [58], are:

Table 4. Parameters obtained for plant models using each optimization algorithm.

Parameters AM EA BA PSO

Gain 2020 1961 2015 2019
Pole 3497 3412 35.05 35.14
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Figure 19. Transient response of DC motor models.
Table 5. Comparative table from indexes of the obtained plant models.
Indexes AM EA BA PSO
IAE 8325 622¢° 5995 639
ISE  952% 590e% 7.00e® 7.00e®
ITAE 56.96  41.04 4260 4381
ITSE  6.52¢> 4.04¢’  4.80e%  4.80¢3
Parallel PID
[
ft) I | | @ Uty
[
Figure 20. Blocks diagram of the classic PID parallel topology. [58]
308 o kp = 8676
309 L] ki = 1976
310 ° kd = 29_8
11 Representation of the optimization process for tuning PID is visualized in Fig. 21 where the

s12 Egs. (15) and (16) in closed loop are evaluated from each iterations obtaining the best parameters (k;,
a3 k;j and k) reducing the dynamic error (ITAE) between the response and reference.

314 In order to strengthen the controller, and have another aspect to compare with the optimization
ais  algorithms, an adaptive PID controller using fuzzy logic was implemented. The topology implemented
as  for the controller is given by Fig. 22.

317 As explained in [60], plotting the possible system inputs against the obtained outputs of the fuzzy
as  sets, results in a control surface that can represent the entire set; reason why from the input and output
a0 sets (Fig. 23), evaluating with the proposed relation matrix (Table 6), the control surface of the system
s20 (Fig. 25) was obtained and implemented as show in Eq. (17).

321 The Fig. 24, shows how the mapping of the inputs against the outputs leads to the surface, which
;22 is finally obtained in Fig. 25. After obtaining the control surface, the curve is modeled to facilitate its
:23  implementation, adjusting it (as already mentioned) to the Eq. (17).

0<e<025 U=183-5%24+1%+51
Ue) =4025<e<05 U=283-2824+18-27° (17)
e>05 U=686"1

324
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Figure 21. PID tuning optimization process.
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Figure 22. Blocks diagram implemented for the fuzzy PID Mamdani type [60].
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Figure 23. The fuzzy sets implemented for the Mamdani fuzzy PID controller.

325 where U (e) is the control surface, evaluated on the error e.

326 The general structure implemented for the PID and the Fuzzy-PID control system, can be resumed
s27  as shown in Fig. 26, where in the HMI Host was implemented the Fuzzy configuration to estimate the
:2¢  surface between inputs/outputs, to optimize the PID controller embedded in the cRio FPGA.
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Table 6. Relation matrix for the input and output fuzzy sets.
e
NGout NPout Zout PPout PGout
NG;, 1 0 0 0 0
NP;, 0 1 0 0 0
Zin 0 0 1 0 0
PP;, 0 0 0 1 0
PG;, 0 0 0 0 1
fe
NG;, 0 0 0 0 0
NP;, 0 1 0 0 0
Zin 0 0 1 0 0
PP;, 0 0 0 1 0
PG;, 0 0 0 0 0
Ae
NG;, 1 0 0 0 0
NP;, 0 1 0 0 0
Zin 0 0 1 0 0
PP;, 0 0 0 1 0
PG;, 0 0 0 0 1
Figure 25. Control surface.
320 Finally, the optimization algorithms already mentioned where implemented using the same

s0  population, iterations and repetitions as in Section 5.2. Nevertheless, in this section the algorithms
a1 were used first to obtain randomly a transfer function, and then its corresponding PID constants.

332 Taking the same criteria as in the model optimization, the selected constants were taken from the
333 best set of solutions. Table 7, shows the values obtained for the tests.

334 The Fig. 27 shows a comparative between the behaviors of the implemented methods, where the
s PID graph represents the non-optimized PID, and the reference plot shows the input step, where the
s3s  reference is placed on 4000 RPM. On the other hand, the quantification is given by Table 8, that shows
sz the performance indexes of every method.

338 Evaluating the obtained parameters on a adaptive controller, Fig. 28 shows a comparative between
330 the behaviors of the implemented methods in a fuzzy PID Mamdani type controller, where the PID
a0 graph also represents the non-optimized fuzzy PID, and the reference plot shows the input step, where
sa1  the reference also for this case is placed on 4000 RPM. On the other hand, the quantification is given by
sz Table 9, that shows the performance indexes of every method.
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Figure 26. General structure of the control System implemented

Table 7. PID constants obtained for plant models using each optimization algorithm.

Gains EA BA PSO

k,  01162e™* 03536e~* 0.1711e~*
k; 0.0907e~*  0.0476e~* 0.0235¢*
k;  0.0040e~* 0.0059e=* 0.0008e*
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Figure 27. Comparisons of transient responses to step change in the reference with conventional PID
structure.

343 Nevertheless, the cost function for this section is also evaluated with the performance index based
;s in the model of the Integral of Time multiplied by the Absolute Error (ITAE), which properties lead the
as  optimization to an absolute adjustment. Resuming in every iteration the global best as the epicenter
ses  with the minimal ITAE.

saz 6. Discussion

248 The Earthquake Algorithm presented in this paper, was tested against two of the most
0 implemented optimization algorithms (PSO and BA), in order to prove and compare how the EA
30 solves optimization problems.

351 As most of the modern metaheuristic optimization methods, the EA is inspired on a behavior
52 that exists in the nature, its strengths are found in the capability of using two kinds of velocity to
ss3  find a solution. In section Section 4, the method was tested with different benchmark functions,
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Table 8. Comparative table from indexes on conventional PID structure.

Indexes PID EA BA PSO

IAE 3.28¢7  9.87¢° 9.97¢5  1.19¢7
ISE 5.68el0 25910 261el0  3.03el0

ITAE 22479  67.62 68.29 81.73

ITSE 3.89¢5 1785  1.79¢5  2.07€5

Fuzzy-PID

4500 T T T
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= 3000
o
E. 2500
>
=
© 2000 [
o©
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= Reference
1000 - Fuzzy-PID
EA
500 —PSO
———BA
0 . . . . . . .
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
Time [s]

Figure 28. Comparisons of transient responses to step change with Fuzzy PID structure.

ssa  demonstrating to have the best performance against the Keane function, Rastrigin function and the
s Holder table, compared to the BA and PSO.

356 Those functions share that they are continuous, non-separable, multimodal, and somehow that
357 their global minimums are surrounded by local solutions. The difference between them and functions
sss  like Schaffer n.2 or Levy, is in the separation of the possible solutions, because the Earthquake
350 Algorithm proved to have a better performance that the other two, in cases where it can exploit more
se0  its versatility to adapt speed for distant searches and subsequently nearby.

361 Talking about convergence, the PSO showed that for functions like the Sphere function it has the
sz best performance, but after adding relief (like in the Keane function) the PSO reduces its performance
ses  and the EA shows a better or equal performance. That property, is improved in the EA by the v;
see parameter, that allows the algorithm to do a finer search when needed.

365 However, against the other benchmark functions, the algorithm also had acceptable performances,
e seeing that the EA never had the worse mean result against any of the functions. Actually, the egg
se7  holder function was the most difficult test for the algorithm, though even that function was perfectly
ses  solved by the algorithm a couple of times.

369 Analyzing the Egg holder function, the BA clearly has the beast mean solution, but the EA also
=70 found great solutions but with a bigger standard deviation. That could be improved, with an adaptive
sn range for the random generation with the exponential distribution, to help the algorithm prevent
sz falling into a local minimum on a bigger range. Here (in the egg holder function) or against the table
s7s holder, the Keane or the Rastrigin functions, the v, parameter shows its strength, because that is the

Table 9. Comparative table from indexes on Fuzzy PID structure.

Indexes PID EA BA PSO

IAE 3.44¢7  1.02¢7  1.05¢7  1.18¢7
ISE 591el0 27110 2.80el0 2.89¢10

ITAE 23540 70.11 7194  80.85

ITSE 405>  1.86e° 1.92¢5  1.98¢°
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s7a  parameter that allow the algorithm to make quick searches at greater distances, to finally switch back
s to fine searches.

376 Besides, in the study case where a speed control was implemented and improved for a DC motor,
s77 it has to be considered that the “calibration” of the optimization was made based on the ITAE, reason
szs - why in the tables of Section 5 it is shown that the responses fits better to that index.

379 On the other hand, the obtained results, show that the algorithm can also be implemented
;0 for an unconstrained search of solutions. Referring then to the ITAE, the founded solutions of the
1 Optimization algorithms did not show big differences, but in the three cases (model optimization, PID
;2 implementation and the adaptive controller) the EA showed a lightly better performance, that the
ses  other two algorithms.

384 For the controllers designs, the BA and the EA had similar behaviors, but both had better solutions
ses  against the PSO optimization. In the model optimization, it can be seen that the indexes are more even
se6  than the gains indexes.

387 Therefore, looking at that index in Tables 5, 8 and 9, is clear that (maybe with not a great difference)
ses  the best solutions quantified are given by the Earthquake Algorithm.
380 By the way, the EA still has improvement opportunities, which mainly consist on the expression

300 that corresponds to the S, because making the S range adaptable to every problem or situation could
301 improve the searching performance.

302 7. Conclusions

303 The proposed algorithm in this paper, opens a new investigation line with a Geo-inspired
s0a metaheuristic algorithm.
205 Nevertheless, it is important to highlight the results obtained against the benchmark functions,

s0s because it clearly highlights the constancy and stability of the method, by showing that it is often close
307 to the best solutions, knowing that the EA obtained the best mean solution against the table holder
ss  function, the Keane function and the Rastragin function. Perhaps it did not have the best solution on
300 every benchmark function (comparing it to PSO and BA), it always had a good performance leaving
s0 aside that the algorithm showed that it never went far from the global minimums. In other words,
an results proved that between the three algorithms, EA had meanly the best solutions according to
a2 Table 3.

403 The implementation of two speed possibilities for the search, and also the exponential distribution
s0s implemented for random epicenters, make the EA more robust against the possibility of falling into a
s0s local solution near to the global best. That property is mainly shown in the table holder function, in
as the Keane function and in the Rastrigin function.

a07 From engineering application results, the optimization using EA for both modeling and
as  PID-tuning proved that the speed control system improved the dynamic response when tracking
a0 changes are presented because the optimization was based on ITAE which objective is reduce the
a0 dynamic error between speed of reference and response. Optimization made by EA presented a better
a1 speed control than BA and PSO algorithms in reference tracking behavior.
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