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fO1 — Sphere Model
fl(x) = _Z(Xi)2

-100 < x; < 100
min (f,) =1, (0, ...,0)=0

f02 — Schwefel’s Problem
30 30

£,00 =%+ I
=1 i=l

10< x < 10
min (f,) =, (0, ..., 0) =0

f03 — Schwefel’s Problem

o 5f5

i=1 \_j=1
-100< x; < 100
min (f3)=f3 ©,...,0)=0

f04 — Schwefel’s Problem
f,(x) = MaXi{x]1<i<30}
-100 < x; < 100

min (f4):f4 ©,...,0)=0

fO5 — Generalized Rosenbrock’s Function

1,00 = /1000, —x7)* +(x,~1)"

30< xi < 30

min (f5 )=f5 (1,...,1)=0
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f06 — Step Function
fo(x)=> (% +05))’
i=l

-100< x; < 100
min (fe ):fe ©,...,0)=0

fO7 — Quartic Function with Noise
30
f,(0) =Y ix/ +random[0,1)

i=1
-1.28< xi < 1.28
min (f;)=1,(0,...,0)=0

fO8 — Generalized Schwefel’s Problem

fo () = Z?jl (Xi Sin( %) ))
500 < x5 < 500
min (fs ) = fa (420.9687, ..., 420.9687) = -12596.5

f09 — Generalized Rastrigin’s Problem
f,(0=3"" [x? ~10cos2m,) +10]

-5.12< x5 < 5.12
min (f9)=f9(0,...,0)=0

10 — Ackley’s Function
1 30

30
flo(X)=—-20e 02—~ x7 |- iZcos(z;zxi) +20+e
30 3045

-32< X < 32
min (f10)=f10 ©,...,00=0

f11 — Generalized Griewank’s Function
1 30 30 X.
f,,(X) :mgxﬁ —HCOS(T'i)+1

i=1
-600 < x; < 600
min (f11 ) = ©,...,0)=0
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el
Min

4 1 13
flz)= E-er —SZIE—ZIf
1=1 =1 =5

glrh =221+ 229 + 110+ T — 10 <0
g(x)a =21y + 223 + Ty + Tyn — 10 <0
glrla=2ra+ 273+ 1+ T2 —10<0
g(r)s = —8ry +T1p <0
glz)s = —8Brg+ 1y <0
g(z)e = —8Bra+ T2 <0
glr)r= 214 — 25+ 710 =0
glr)s = —2rg — 2y + 111 <0
glz)e= 213 —xg+ T2 < 0

D<o <1{i=1,.,9),0<z<1000i=10,11,12) y 0 < 713 < 1

m'i-ﬂllf) = -rtl ].' ]'1 1: 1.' ]'1 1: 1.' ]':3.' 31 3: ]-J =—15

o2
Max

Z:‘=] C‘C"Si[i‘!} -2 H?:l COSEI{I;J
~|

O DHETE |

flz)
g(r)h =075 — [z <0
glzh =31 5 —T5n<0

n=200<r<10i=1,..n)
mar{f) = flr+) = —0.803619
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Micro-algoritmo de evolucion diferencial.

La Evolucién Diferencial es un algoritmo evolutivo propuesto por Storn y Price [10]
para resolver problemas de optimizacion principalmente en espacios continuos y en el
cual las variables se representan mediante ntimeros reales. Actualmente se ha
utilizado en problemas de alta complejidad con muy buenos resultados [11].

En la ED se genera de forma aleatoria una poblacion inicial de individuos (vectores
originales), de los cuales se seleccionan tres, también aleatoriamente y que sean
distintos entre si. A cada uno de estos individuos se le denomina vector objetivo y se
denotan por 71, r2 y r3, en donde 73 es el vector base o principal. Con ayuda de un
operador especial (F) se realiza una combinacion lineal con las diferencias entre r1, r2
y r3, con la intencién de generar nuevos vectores ruidosos, a esta etapa se le conoce
como mutacion. F es entonces, un factor que escala la diferencia entre vectores.
Posteriormente se generan vectores de prueba a partir de la recombinacién de vectores
ruidosos y vectores originales, lo anterior se logra a través de un parametro
denominado tasa de recombinacion (CR). Para finalizar el algoritmo se procede a
seleccionar el vector que se copiara a la generacidn siguiente, comparando los vectores
de prueba con los originales en base a su aptitud.

La version mas comun de la ED es la denominada DE/rand/1/bin; que fue la que se
abordo en este trabajo y se lista en Algoritmo 1, se recomienda referirse a [12] para
mayores detalles del mismo. La cantidad de generaciones, el tamafo de la poblacion y
los parametros CR y F, son definidos por el usuario.
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Algoritmo 1. Evolucién Diferencial estandar, version DE/rand/1/bin

Begin
G=0

Crear aleatoriamente la poblacion micial JfG Vi.i=1.... NP
Evaar f (¥, ) Vi.i=1.....NP
For G=11t0G..Do
Fori=1toNPDe
Seleccionar aleatoriamente 1; # F, F I3
Jrmg =Tndin1D)
For j=11tDDe
If (rand [0,1)=CF. 0T [=j.sas) then

i Y L
3";':-'.?4-1 - xj:e +F le.G Ij).G)
Else
i i
il'j-:G_'_l = HLG
End if
End for
it (flils )< FEL) then
] i
X T Hgy
Else
.!' _ -r'
Xoa = Xg
End if
End For
G=G+1
End For

End

La version con poblacion reducida de este mismo algoritmo se observa modularmente
en la Figura 2. En nuestros experimentos con ED utilizamos una poblacion de 5
individuos, ya que se comprobd funcionalmente que con un menor ntimero de
individuos se obtiene una convergencia prematura y utilizar mas de 5 individuos no
mejora los resultados. Se determind que el criterio para alcanzar la convergencia
nominal fuera al cabo de 5 generaciones, refiriéndose al ciclo interno del algoritmo. En
este rubro también se realizaron pruebas con 10 generaciones, sin observarse alguna
mejoria en los resultados.
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Figura 2. Diagrama a bloques del micro algoritmo de ED.
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Anexo C

En la generacion cero, utilizando una poblacion aleatoria de 5 individuos, se procedio
a copiar los mismos en la poblacion de trabajo y en la poblacidn inicial. Notese que
para el ciclo interno en donde aplica la convergencia nominal, el algoritmo ED se

implementa sin cambios en sus operadores y estrategias para evaluar la metodologia

de manera basica. Al alcanzarse la convergencia nominal es necesario determinar

cuantos individuos se copiardn a la poblacién de trabajo y aplicar el proceso de

reinicializacion. Después de una serie de experimentos, se decidié copiar los 4 mejores

individuos y el restante se genera aleatoriamente. Los experimentos realizados

contemplaron copiar 1, 2, 3 y 4 individuos con la mejor aptitud, sin embargo con 4

individuos se obtuvieron los mejores resultados. En este micro algoritmo la diversidad

se mantiene gracias a las etapas de mutacién y recombinacién del propio algoritmo
base de ED y al individuo aleatorio incorporado en la poblacion de trabajo.

1. Experimentos y Resultados

Para los experimentos se utilizaron las siguientes funciones de alta dimensionalidad,
referidas en [12]. f1 y f2 son funciones unimodales y separables. f5 es una funcion

multimodal y no separable.

f1 — Esfera de De Jong
f(x) = Z(Xi)2

(1)
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-100< xi 100
min (fi )= (0, ..., 0) =0

12 — Funcién techo

f(x) = i(in +05))? )
-100 < xi =100

min (fz )=£2(0,...,0)=0

f5 — Funcidén generalizada de Rosenbrock

f(x)= i‘lOO(xM —X0)?+ (% =)’ 3)

-30 < xi 230
min (s )=f(1,...,1)=0

Anexo C

Las tres funciones fueron probadas en el micro algoritmos ED, realizando 20

ejecuciones para cada una y obteniendo los resultados que a continuacion se
discutiran. Se definieron los parametros indicados en la Tabla 1, los cuales son

sugeridos en [12]:

Tabla 1: Parametros utilizados para el micro algoritmo de ED.

Funcion CR F
Jil 0.9 €[0.30.9]
92 0.0 €[0.30.9]
15 0.0 €[0.30.9]

En la Tabla 2 se indican las generaciones utilizadas para cada funcién, asi como los
resultados experimentales alrededor del valor éptimo.

Tabla 2: 20 ejecuciones del micro algoritmo de ED.

Funcion Ciclo . Ciclo Mejor Peor Media
Externo interno
f1 300 5 0.0 0.0064 0.00010
12 200 5 0.0 1.0 0.20
5 300 5 0.0 0.0010 0.00012
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En la Figura 3, se aprecia el comportamiento del algoritmo de ED estandar en su
version DE/rand/1/bin con respecto a la aptitud, para f2. Se utiliz6 una poblaciéon de
60 individuos, 1000 generaciones y los mismos valores de CR y F listados en la Tabla 1.

ED

120000

100000 -
80000 +
60000 -
40000
20000 L\Lg

1 82 163 244 325 406 487 568 649 730 811 892 973
Generaciones

Aptitud

0

Figura 3. Aptitud para f2 con ED estindar.

Utilizando una poblacion de 5 individuos y los parametros indicados en la Tabla 2, se
obtuvo la grafica exhibida en la Figura 4, para f2 probada en el micro algoritmo de ED.

Micro ED

90000
80000 -
70000 -
60000
50000
40000 ~
30000 ~
20000

10000 Lﬂ\
1 14 27 40 53 66 79 92 105118 131 144 157 170 183 196

Ciclos del micro ED

P

Aptitud

Figura 4. Aptitud para f2 con micro algoritmo de ED.

Es importante notar que para las funciones experimentales, el desempeno del
algoritmo de poblacion reducida es tan eficiente como el del algoritmo en su version
estandar. La cantidad de evaluaciones a la funcidn objetivo es similar, considerando el
ciclo interno del micro algoritmo.

2. Conclusiones

El micro algoritmo de ED (en su version DE/rand/1/bin) gener6 buenos resultado con
base en la metodologia aplicada y con respecto a las funciones seleccionadas. En los
resultados experimentales se obtuvo el 6ptimo para las tres funciones de prueba de
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alta dimensionalidad, lo que denota resultados alentadores para continuar con la
investigacion. Es posible afirmar que el desempefio del micro algoritmo de ED es tan
bueno como el de su contraparte estdndar, aunque con menores requerimientos de
espacio en memoria de datos, lo que permite enfocar el disefio hacia aplicaciones con
un bajo costo computacional o a implementaciones en circuitos embebidos (p. e.
dispositivos de logica programable y microcontroladores convencionales) refiriéndose
al denominado hardware evolutivo. El manejo de espacios restringidos y la optimizacion
con maultiples objetivos se pueden incorporar al esquema bdsico planteado,
seguramente éste sera un trabajo a futuro, al igual que explorar la adaptacion de otros
algoritmos bioinspirados comunes en la resoluciéon de problemas de optimizacion.
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Anexo D

Bio-inspired architecture design for a
PWM module

Abstract

This paper presents the analysis and design of a Pulse Width Modulation embedded unit as
an alternative to convert digital signals to analog signals extrapolating the biological
principle of DNA hybridization. Biological hybridization process is a binding event between
two complementary DNA single strands and that leads to the formation of a double-
stranded helix. The proposed technique to detect the hybridization is based on direct
comparison of data, allowing a high degree of parallelism in the Bio-inspired architecture
specially designed to regulate the light intensity of LED lamps as a home automation
application.

1. Introduction

In digital electronic design, a PWM (Pulse Width Modulation) unit is basically a digital —
analog converter (DAC) which can be used in solutions that do not require a high frequency
of sampling, it converts a binary data into a series of pulses, so that the pulse duration is
directly proportional to the value of binary data. PWM is widely used in different areas of
control systems, such as robotics, industrial process control, power control systems, and
others [1]. With regard to home automation (domotics)) PWM has been very useful in
regulating the light intensity of lamps (LED, fluorescent and incandescent), as well as
regulating valves and small engines that automate some process [2], [3].

When designing with programmable logic devices (FPGA, CPLD), embedded realization of
such converters is common [4], so this paper proposes an alternative to design a PWM unit
simulating the combination of DNA strands in order to regulate the light intensity of a LED
lamp in an application for home automation and so contribute to energy savings. The
artificial DNA hybridization suggests a simple mechanical that compare parallel binary
strands stored in data registers looking for evidence that they are complementary to each
other to validate a subsequent action as a response.
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This approach is very similar to evaluation of inference rules in an expert system that tries to
model the reasoning of a human operator [5].

2. Electronic detection of DNA hybridization

DNA (Deoxyribonucleic Acid) is a chemical substance that is found in the nucleus of cells,
which stores the basic code of all life translated as biological instructions. In the molecular
genetics theory about DNA hybridization, single strands of DNA from two different species
are allowed to join together to form hybrid double helices, much like a twisted ladder. These
hybrid segments of DNA are used to determine the evolutionary relatedness of organisms
by examining how similar (or dissimilar) the DNA base pair sequences are; in other words,
the degree of hybridization is proportional to the degree of similarity between the molecules
of DNA from the two species.

The way to detect the hybridization of two single strands of DNA has been replicated in the
field of electronics through DNA Array, also called DNA chip or Gene array [6]. This chip is
a matrix structure on which are distributed DNA single strands that have been implanted
into a silicon base. These sequences have a simple fixed value that when they are incubated
with strands injected up to the chip, generating helices of DNA that can be detected through
electronic tools. Engineering has shown that DNA chips can be used to store and evaluate in
parallel, Boolean or fuzzy rules [5], [7].

In electronic design, hybridization can be implemented using a reference register that will
be compared in parallel with others test registers, looking for evidence that they are
complementary. In Figure 1 test register represents the simple sequence of DNA with a
fixed value and reference register is the DNA strand that is injected or introduced to chip.
To maintain the analogy with biological hybridization, the reference register is unique and
will be compared with all test registers in parallel form.

Note that to make this comparison, both registers must have the same size and only if they
are complementary, the flag output will be high logical value. To verify that the bits of both
registers are mutually complementary, XOR logic gates are used for bitwise comparison.

3. Pulse width modulation (PWM)

In digital electronic circuits a PWM embedded unit is usually accomplished by connecting a
binary counter and a comparator circuit together; this last one will determine when data
applied to the entrance of the unit is less than the value of binary counter constantly
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changing. At the output of the PWM unit, is necessary to connect a low-pass RC filter to
determine the voltage of the analog signal equivalent to digital data entered [8]. The entire
period of a PWM cycle is equal to the product of the period clock signal reference (system
clock) with 2", where 1 is the number of bits of the counter circuit proposed.

In the particularity of this work were considered 4-bit data registers, so in [8] is
demonstrated that a converter of more than 8 bits does not get more benefits, so 16 different
levels (at a rate of 2¢) of luminous intensity are adequate.

Reference register

HOR - AND

Outpu't‘ﬂag"o

Qutput flag 1
Test register 1

HOR - AND

Output flag 2
Test register 2

l HOR - AND
Qutput flag n

Test register n

Figure 1. Standard model of artificial hybridization with digital electronic.

4. Bio-inspired architecture

We consider a modular design consisting of three parts. First part of this realization uses a
reference register to be compared in parallel with every test registers, simultaneously.
According to the scheme established with 4-bit registers, 16 test registers were designed
with fixed and different values, and a single reference register which establishes the digital
data to convert to their analog equivalent in a range of 0 to 5 V, for example, a binary input
equal to 0000 will get an analog voltage of 0V; in the same way, a binary input equal to 1111
will get the maximum analog value equal to 5V.

The fixed values of the test registers were assigned complementary in correspondence to the
values that they can take at the rate of 2, in other words, for a binary entry 0000, stored in
the reference register, the test register labeled as "0" will store a binary data 1111; for an
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entry 0001, it was assigned 1110 in the test register labeled as "1". Just the only one output
from the module in Figure 1 is a data flag that indicates a successful hybridization through a
high logical level.

In the second part of our design each flag from the previous stage actives individually a tri-
state data register which is connected to a common output bus. This time were considered
16-bit tri-state registers to improve the resolution of the converter. In this scheme, only a
single tri-state register may be enabled at a time. Each tri-state register has a fixed value
assigned according to the binary value that will be delivered as result of modulation.

The third and final stage of architecture, is the stage of control, consisting of a 16-bit
multiplexer that with help of a 4-bit binary counter, performs a binary sweep of the only tri-
state register enabled, starting with the most significant bit. The same binary counter
determines that after 16 pulses clock, when the unit PWM has finished data conversion, the
reference register can receive a new data to process.

Figure 2 shows the schematic diagram of the complete unit designed with the three parts.
All modules were described in VHDL for logic synthesis.

- Il . . ,_iL 5 . Teg _UE . . i 3 4 2 : £ : y Jﬂg:iE .
i e el R — ST
g1 - - ry il J
feg 2 i T Rg_UE
g3 e . . ! : ; ; : : . .
TGLI;* - : mg_;m
Rg_F ey _trls
EH.0 reg_tre CEICE , |
12T : . mg_tnm ill :
teq-= i - g trh — - y
S R — -
feg 8 ” Comg ke : . 4 B
e e e ———]
reg 1o . Corg_tho - - - - I;‘ 2
=l Wl ] ——— T i
reg il : ©rg_tHii
Comgaz T omg_tinz : 5 ; ' . . T .
i W)
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Figure 2. PWM parallel architecture using the principle of hybridization of DNA strands.
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5. Results

The logic synthesis design was carried out using ISE Webpack v.8.1i, to configure a 35200
Spartan 3 FPGA of vendor Xilinx. The PWM Bio-inspired unit implemented uses only 4% of
the amount of internal resources of FPGA.

The PWM unit was tested at different frequencies, in each case calculating the values of RC
filter. They were considering the following clock frequencies: 4MHz, 1IMHz, 700Hz, 320Hz
and 120Hz. Brief details of the conversion can be seen in Figure 3. It verifies the correct
operation of PWM generator.

Tri-state registers  Binary data ot
2
reg_tri0 0000000000000000 | 4.92Volts
reg_tril 1000000000000000
reg_tri2 1100000000000000
reg_tri3 1110000000000000
reg_tri4 1111000000000000
reg_tris 1111100000000000 -
reg_tri6 1111110000000000 ot
reg tri7 1111111000000000 .
reg tri8 1111111100000000
reg_tri9 1111111110000000
reg_tril0 1111111111000000
reg_trill 1111111111100000
reg til2 1111111111110000
reg_tril3 1111111111111000
reg_tril4 1111111111111100
reg trils 1111111111111110 ! ] 0Volts
0000

Digital data
Figure 3. Details of the digital-analog conversion in practical experiments.

It was necessary to design an electronic power stage to attach the PWM output with the
LED lamp used in laboratory. In Figure 4 we show the lamp used in our experiments. This
lamp was designed with similar characteristics as commercial lamps with a panel of 18 x 18
high brightness LEDs.

B

¥
H
15
]
|
|
|
1
i‘

Figure 4. LED lamp used in laboratory.
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6. Conclusions

The artificial hybridization of DNA single strands allows directing a design based on
inference rules, into a natural parallelization that can be explored through implementation
in programmable logic devices. This technique transferred to Bio-inspired hardware has
allowed the completion of a functional PWM generator as an alternative to convert digital
signals to analog signals.

Each tri-state register enabled individually, as a result of a successful hybridization, stores a
value that can be updated in real-time increasing the scope of this proposal. This will allow
attacking the quantification problem, which directly affects the converter resolution and that
a conventional PWM unit could not stand it.

This modular design supports changing the content of the registers according to the needs
of modulation, being possible to increase or decrease the resolution of the conversion.

It will be interesting to explore the capabilities of parallel evaluation of inference rules in
expert systems more complex; in future work we will apply this same technique to create
intelligent systems that allow the automatic regulation of the luminous intensity in
conventional lamps, focusing more specialized home automation applications, encouraging
a systematic energy saving.
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