Genetic Selection
of Biologically Inspired Receptive

Fields for Pattern Recognition:
handwritten digit classification
and face recognition



Objectives

Propose a method for automatic design of
biologically inspired receptive fields in a
neural network model for pattern recognition.

Show that Genetic Algorithms allow to
determine an appropriate configuration of the
receptive fields.

Apply the method to the problems of handwritten
digit classification and face recognition.

Show that biologically inspired receptive fields
Improve the classification performance of neural
networks.



Introduction:Visual Path in Mammals

‘)ﬁ +«— Complex cell

ﬁ «— Lower-order hypercomplex cell

2’ «————— Higher-order hypercomplex cell




Introduction: Simple Cell Receptive Field
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Perceptron Architecture
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Faces
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Convolutional Network’s Units
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Receptive fields as filters &
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Receptive Fields Construction
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Genetic Algorithm

Fitness: The fitness f; is the classification performance on a
validation database of 918 handwritten digits. The
training set is composed of 1,837 handwritten
digits.

Coding: The parameters encoded for the genetic algorithm
for each plane of each hidden layer are the X, Y,,

X;, and Y; dimensions, the orientation o and bias as
well the number of planes per layer.

Selection: Proportional Selection.
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Genetic Algorithm 2 o

Sampling : Stochastic Universal Sampling.

Uniform Crossover

1]ol1]ojofof1{1][1]o]o]o[1]0] 004 oo fod1/1f04of0o]o]1]
A A A

oJojojoj1]of1]|1fofof1]o]1]1] 1 [0y 1 Jod o [l 1 o 1 [0 1
Mutation

1lol1jof1]of1{1]{1]o]1]0][1]1] 1| o 80N 0| 1o 0N 1{1]o0[1 |8l 1]1]

! f !



Genetic Selection & Training
Parameters

Genetic Selection

* Population size : 20 individuals
 Uniform crossover probability : 0.5
» Mutation probability : 0.001

Training
* Training algorithm : Backpropagation
* Learning rate : 0.2
* Momentum : 0.2
* Training epochs per individual : 200
* Perceptron activation function :
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MLP - Handwritten Digit Problem (HDP):
Classification Performance versus
Number of Hidden Units

Validation 85.3%
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MLP - Face Recognition Problem (FRP):
Classification Performance versus
Number of Hidden Units

Validation: 84.9%
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Genetic Selection of Receptive Fields: HDP

Valldatlon 91 3% Testlng 90. 8%
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Genetic Selection of Receptive Fields: FRP A
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Ranked Individuals: FRP
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Ranked Individuals: FRP




Comparison among
different models

Fully Connected MLP FEN+MIP Classifier
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s Maps: HDP
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Confusions: HDP
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One individual HDP
(example)

SR

®
@ o—>
[
o o—>
® o—>

o




Database Transformation: HDP
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Genetic Design of Biologically Inspired Receptive
Fields for Neural Pattern Recognition

Claudio A. Perez, Member: JEEE. Cristian A. Salinas, Pablo A Estevez, Member: IEEE. and Patricia M. Valenzuela

Abstract—This paper proposes a new method to design, through
simulated evolution, biologically inspired receptive fields in feed
forward neural networks (WNINs). The method is intended to en-
hance pattern recognition performance by creating new neural ar-
chitectures specifically tuned for a particular pattern recognition
problem. It is proposed a combined neural architecture composed
of two networks in cascade: a feature extraction network (EEN) fol-
lowed by a neural classifier. The FEN is composed of several layers
with receptive fields constructed by an additive superposition of ex-
citatory and inhibitory fields. A genetic algorithm (GA) is used to
select the receptive fields parameters to improve the classification
performance. The parameters are the receptive field size, orienta-
tion, and bias as well as the number of different receptive fields in
each laver. Based on a random initial population where each indi-
vidual represents a different neural architecture, the GA creates
new enhanced individuals. The method is applied to the problems
of handwritten digit classification and face recognidon. In both
problems, resulis show sirong dependencyv beitween the NN clas-

sification performance and the receptive fields architecture. The

ceeds from the retina to the inferotemporal cortex in the visual
pathways [2]. [7]. [41].

A receptive field 1s the region of the sensor where an ad-
equate stimulus elicits a response [8]. The receptive fields of
retinal ganglion cells in mammals are organized in center/sur-
round configurations [28]. The receptive fields from retinal and
lateral gemiculate nmucleus (LGN) neurons have circular sym-
metry and they respond almost equally to all stimulus orienta-
trons [20]. Hubel and Wiesel built a comprehensive picture of
the basic functional architecture of the visual cortex [27]. They
defined “simple cells™ as cells where it 15 possible to map the
excitatory and mnhibitory regions of the receptrve field by momni-
toring the cell s response to a spot of light. The receptive fields
of simple cells were implementad by overlapping the receptive
fields of center/surround cells from LGN [25]. [26]. Sumple cells
at the visual cortex have onented receptive fields. and hence they
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 [1] J. Zou, Q. Ji, and G. Nagy, “A
comparative study of Local Matching
Approach for Face Recognition,” IEEE
Trans. on Image Processing, Vol. 16, No.
10, pp. 2617 — 2628, Oct. 2007.



Dizaigrame de ologuss

Alineamiento, Extraccion de Matching local y

combinacion por
conteo Borda

escalamientoy caracteristicas
recorte de caras con Gabor Jets




1) Allnezamizsnto v facoris

Los 0jos se posicionan en puntos fijos estimados con
el promedio de las marcas de una base de
entrenamiento ((67,125) y (135,125)). Esto implica

escalamiento y rotacion

Se hace recorte de 203x251. Se incluye mayor area
facial de lo habitual

SN | (135,125)

3 251




2) Ganor Jeis

« Gabor Jet: Conjunto de funciones Gabor 2-D
complejas que coinciden en posicion y longitud de
onda (A), pero difieren en orientacion

(X, Vi, 00, 6) = L

TO O

2 2
. exp[—; r Y ]cos(a)0 (xcos@+ ysing))



=

iros Gaoor

* Sinusojde modulada por una Gaussiana

,,,,,,,,

100

y j[exp<jwo<xcos¢+ysm¢>>]



Larnel

S

The Log







Cnanding Scalz at 0 E
Dagrezs




2) Gabor Jais

« Para un Gabor Jet se utilizan 8 orientaciones,
equiespaciadas en el circulo. Se usa s6lo amplitud,
por lo que resulta vector de largo 8

 Los Gabor Jets se localizan uniformemente sobre la
Imagen, separados por una longitud de onda

* 4172 regiones a cinco escalas: 2420 a A=4, 1015 a
A=4~2, 500 a A=8, 165 a A=8 V2 y 72 A\=16



3) Clasificacion vy
Comolnacion

« Cada Gabor Jet se compara con todos los candidatos
utilizando el producto interno normalizado

 Los resultados de los 4172 clasificadores se
combinan con Borda count

— Se suman los puntajes asignados a cada
candidato segun ranking de cada clasificador



Método Dupn1 Dup?2
EBGM 95 82 59 52
LBP Weighted 97 79 66 64
LGBPHS 98 97 74 71
Local Matching 99,5 99,5 85,0 79,5

Gabor [1]




Consirucclon de Gaoor Jais
Datos paper [1]:

— 5 longitudes de onda (A = 4, 4V2, 8,82, 16) y 8
orientaciones (¢ = n11/8 con n=0,..,7)
— 4172 de Gabor Jet: N

NO
4 2420
4\2 1015
8 500
8V2 |[165
16 72

— Jets separados en un A




Constriucelorn da Gaoor Jars

« Grillas
— Se llenaron partiendo del centro de la imagen
— Distancia entre nodos = A (entremedio hay A-1 pixeles)




Construcoclion Gaoor Jats

 Parametros filtros Gabor
—0=A
— Tamano ventana = 6o +1 por lado



i’r = (=) o) e -
. Imagenes e25?3x3"8j4 én fonos de rTs)es\J'rJ"J/‘l_l"f‘/“

* 5 subconjuntos:
— Fa: 1196, 1 foto/individuo. Se utiliza como galeria
— Fb: 1195, 1 foto/individuo, mismo dia, camara e iluminacion
— Fc: 194,~1 foto/individuo, mismo dia, diferente camara e
iluminacion
— Dup1: 722, ~2 fotos/individuo, hasta 34 meses de diferencia

— Dup2: 234, ~2 fotos/individuo, por lo menos 18 meses de
dlferenc:|a




resuliados LG, PCA v Mezoracse
o an (zl=
— N°individuos: 15

— Galeria: 1 fotos/individuo
— Prueba: 9 fotos/individuo
— N° pruebas: 10

%ldentificaci %ldentificacion %ldentificac

on NeoFace con ion
PCA* Coordenadas LocalGabor

Sin pre-proc 74,7 +12,4 77,0+ 11,1 98,4 +1,8
Pre-proc basico 82,1 +8,0 76,3+ 13,0 97,5+ 2,0
C-LUX 83,571 78,0+ 15,7 98,3+ 14
SQI sin 775+7,8 79,1 £ 16,6 98,3+ 1,5
optimizacion

I'N*N° componentes pri Pip2§p8q’qzlt 9’7 98’7 . 1’6




resuliados LG, PCA v Meoracse
—
21 rarsi

— N°individuos: 127

— Galeria: 1 fotos/individuo
— Prueba: 3 fotos/individuo
— N° pruebas: 4

%ldentificaci %ldentificacion %ldentificaci

on NeoFace con on
PCA* Coordenadas LocalGabor

Sin pre-proc 77,6 x0,9 85,9+ 1,1 96,2+ 1,5
Pre-proc basico 79,121 78,7 +1,7 9054+14
C-LUX 75,0+1.1 86,121 96,1 + 1,3
SQl sin 68,8 £ 3,2 80,8+2,0 954 +1,6
optimizacion

LN*[ o | . mlm :}% .8 79.7+1,0 97,2+15
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