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Abstract: The theoretical outcomes and experimental resulteew input interface for ART1
neural network applying in algorithms and softwareimage recognition are presented in this
paper. It is well known that standard ART-1 networky process only binary images. The given
fact limits application of ART-1 network for fulblor images recognition because conversion
from color to binary form causes loss of the infation and as a result two different colors inside
one original image can be represented as the saahes\of binary color that produce a mistake
during recognition. In the current paper, a newarointerface for ART1 neural network has been
developed, implemented in software and testeddhegamples. As it will be shown below, new
interface allow ART1 neural network to deal withotamages in such tasks as image recognition
and image segmentation.

1. INTRODUCTION degree of similarities and how close a new input

image to a stored prototype. During learning new

Adaptive resonance theory was developegatterns may create new classes, but could not
by Carpenter and Grossberg (Fauset, 1994). Thikeform an existing memory [1]. As it was
ART-1 neural network is the first member of thatmentioned before, dealing with binary vectors
theory, where implemented unsupervisedyreatly reduced a number of applications where
learning model. General architecture of ART1ART1 can be applied. In current moment most

represented in the Fig.1. popular applications of ART1 lay in such fields
. . as data mining, data compression, image
e Clser Vi segmentation and image recognition.

In [3], the application of Adaptive
Resonance Theory 1 (ART1) [2, 3], to image

F1(b) Layer

Learsing layer (Interfaoe) data compression was studied, and it showed that
ART1 networks can be a promising alternative.
oput e F1 () Lager In [4] for data compression some modified

(Input)

structure of ART1 applied in the paper [3]. The
network contains a fuzzy controller to
(grayscale) image data compression is presented.
Fig.1 Typical Architecture of ART1. The data mining fields implemented and studied
in paper [5], where proposes a Grid-based 3-tier
The network contains three layers andART1 classifier which operates an ART1
reset unit, the input layer F1 (a) can accept thelustering data mining using grid computational
binary input vector only [1, 2]. It relates input resources with distributed GPCR data sets.
pattern of images to one of the learned classes by
vigilance parameter, which determines the

ISSN — 1453 - 1119




RASHAD J. RASRAS; IBRAHIEM M. M. EL EMARY, D.E. SKOPIN
A New Art-1 Neural Network Interface Model Adopted Foio€bnages Recognition 47

Image segmentation techniques ha®007). This fact plays a main limitation in
studied in [6] where the model, which is basedpplications of ART1 for color image
on the adaptive resonance theory (ART) oprocessing. For adaptation the ART1 network for
Carpenter and Grossberg and on the selfull color image recognition we suggest
organizing map (SOM) of Kohonen. The authorsnodification the network input interface (the S
have designed the network SOMART, based otayer of ART1) according to method described
Fuzzy ART then they proposed the new modelbelow. The color image (24 or 32 bits images or
SmART, which has been experimentally found'true color" format) generally is a bitmap where
to perform well in RGB color space, and iseach pixel is convolution of RGB components
believed to be more coherent than Fuzzy ART[11-13]. In our work we dial only with RGB
Some other methods for image segmentatioimages because this format is "natural” for all
used in [7] where ART has been applied foimage capturing devices like scanners and
multispectral image segmentation of satellitecameras, unlike some other formats (like HSI,
images. According to results of [7] ART1 HSV) that are popular in image processing
structure could classify the obscurity of satellitetechniques. Usually the value of each pixel in
images better than ART2. true color format represented as set of three
ytes and each of them carry the information

many publications where we can underline pape?bom red, green and blue colors, totally formed

. 4 bits per each pixel of source image [12],
[8] where ART used for complex images’ .. . : .
recognition by composing reference imageQOt'Ce that the higher-order bits (D7) contain the

without learning all combinations of the majority of the visually significant data. The

reference images, [9] where described imangther bit planes contribute to more subtle details

processing techniques for extracting the cracks i the image [14]. Separating a digital image into

a concrete surface crack image and the ART its bit planes is useful for analyzing the relative

based RBF network for recognizing the'mportance pIa_Lyeo_I by each_ bit of the image, a
directions of the extracted cracks. ART1 alsg 2c®SS that aids in determining the adequacy of

used in some kinds of mobile communications he number of bits used to quantize each pixel.

so, this type of decomposition we can use for
as example we can represent a paper [10] Whe}%aptaﬁon of ART1 neural network to the

the network was used for channel optimization.reco nition of color images. Let suppose that the
Analysis of modern publications allow to come 9 ges. PP

to a conclusion that ART network most popula#r?;\%’vtgrkoé L']r;ﬁ)ulfl Y:;g;or ir]:(t)(; aS(;[sgSr?[rda §4R-l|3-i%s
for image segmentation and recognition 9 ’ g

techniques and ART1 deal only with binaryfanCOCIing of image _format the I_ength of ART1
images. In this case development of neV\|Input vector WI.|| be mcreased times. If number
interface model that will enable ability of that pf clusters |n§|de r_ec_ognll'luon layer equal M the
network to process a color image will bemcremem of I_|nks |r_1”3|§|e_adapteddn_etworkhan_d
considerable contribution to color image;:omputat;]onftlme Wi i elln'cre?se tltmtgs,t ;it IS
recognition techniques by ART1. 00 much for practical impiementation. —For
simplification of network structure and to
decrease a computation time, let's notice that
color interface, cover all depth of source image
colors that is redundant in practical

implementations.

The image recognition represented b)}J

2. DEVELOPING NEW
INTERFACE MODEL

The minimum number of bits that we can
The aim of our work is adaptation of use in inputinterface for ART1 is three, one each
ART1 neural network for color image for red, green and blue colors; it is most
recognition. It is known, that ART1 model cansignificant bits (MSB) of source image. There is
handle only binary inputs but in real life manya guarantee that MSB alone will be sufficient for
descriptive features are fuzzy, or partially préserrecognition because 3 bits encoding systems was
to some degree (James C Bezdek, James Kellene of the first to be used in the earliest color
Fuzzy models and algorithms for patterncomputers since it can represent not only the
recognition and image processing. Springethree primary colors but also secondary colors as
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well as black and white [8]. In this case, it iswith size MxNx3 bits (MxN pixels of source
usual to refer to the color by the 3-bit valueimage, 3 bits per one color pixel).
ranging from O (binary 000) to 7 (binary 111)

forming totally 8 "basic" colors. In such a way Usually image recognition is performed

using the parameters estimated or features

Lheeco?rlfee I\aLI\IIQgUtbi}[/s?Cme?; "A\‘ART;n Jntﬁrfﬁiextracted from the images, but in some specific
applications like automatic number plate

lerjlrz(;)enti?]l ua;ni?navegt'ggrl]t;ﬁssa ?J”':g?gz' Og—hze ecognition or optical characters recognition
) P ge co : ang irect use of pixel values can be considered as
bits colors, after passing the input interface al :

, : : ffective method.
colors will be interpolated to 8 basic colors
according to the table 1. Ability to color
interpolation is new property in ART1 input

interface that demonstrated in the figure 1. 3. SIMULATED RESULTS

D7, | D74 | D7, Color

meaning To study the practical approaches of new
0 0 0 Black ART1 structure the program implemented a color
0 0 1 Blue interface of ART1 neural network has been
0 1 0 Green created using Borland Delphi 6.0 compiler [15,
0 1 1 Cyan 16]. The program allow to recognize color
1 0 0 Red characters recorded in BMP graphical formats,
1 0 1 Violet size of chars up 8X8 pixels to be able loading up
1 1 0 Yellow 200 input vectors (images) with different
1 1 1 White vigilance parameter in the range 0.1..1 with

Table 1 The colors range of ART1 color interface  maximum number of clusters equal 200. The
graphical user interface of program that was

T colors (24 bit: . . .
rue colors @bt created illustrated in Fig. 3.

R=06
G=50
B=150

@ Interpolated colors ﬂ
R=0
G=0
B=1
Blue

Fig.1. Interpolation Ability of ART1 Input Interface

R=150 R=220
=100 G=190 +I Al Balga Apply University, Dr Rashad&Dr Dmitriy.
B=150 B=80
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Loadimage | Start chustering | Start recognition]

[recoanition laver] = 6.
L] 0,25 0.26 0.28 0.28 0.28 0.28 0.28 0.28 0.28

1 Computation history = Save histors
Formation of input vector is illustrated in |f=aesz, =
the Flg 2 D[DD]SBEBDIDDE1DDDEEDDDGDDDEEDDDGED1000001ﬂﬂDDDﬂDDDGGDDDﬂﬂD1000001GGD

F2 layer
0,25 0.28 0.26 0.28 0.28 0.25 0.26 0.28 0.25 0.28

&3

b[i.j] weights
0.000.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

The source i_mage (3X3 as exa}nple) 000 002 0.02 0.02 002 002 0.02 0.02 0,02 0.02 ~
1 2 3 Fig.3 Graphical User Interface of ART1 Color
! Recognition Program
2
Row 13 Row 3 The graphical user interface is
T 2 31 2 3 171 2 2 representing a_set of program elements: _1. - a
The row image source color image; 2 - the source image

represented in binary form; 3. — the input of
ART1 neural network (here the input is separated
\TEID;‘G\D;H [ ] \D;HDZ?\DTZilThemvﬂtvectorFl(ﬂ) R,G,B components for obviousness reason, but
- in input of ART structure all bits formed single
Fig.2 Formation of Input Vector in Example of 3X3 y,ector 192 bits as showed in the figure 2); 4. —
Image the set of adjusted parameters such as input
As we can see, input image, that has aector size (read only property related to the size
structure of 2D matrix transformed in F1(a) layerof image), vigilance parameter, that is a variable
network's input interface to 1D binary vectorin the range 0.1...1 and will be discussed below,

B
G\ B Row 2 L G
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maximum number of clusters is variable in the 1. Input vector size =64 bits

range 3...200; 5 — the vector of F2 condition of .-
ART1 structure; 6 — computation history that,[O 58) Vigilance parameter (was vary from 0.4

trace all condition of network during all steps of
recognition process. 3. Maximum number of clusters = 104

The output parameter: number of cluster (or
clusters if input char belong to few learning

Ei images)

I: We have provided two researches, first of
them purposed to estimate abilities of the

1o 11 12 npetwork to recognize the patterns with same
object by different colors and second one to

3 estimate statistical properties of the network at

=
I\
[}

various values of vigilance parameter.

= i

101 10z 103 104 . .
The result of first research represented in

Fig. 4 The samples of chars used during network testing Taple 2, input sequence means the numbers of

For testing the accuracy of neural networknput samples (Fig. 4). In first test we used lower
recognition the set of samples representativiigilance parameter equal 0.4 and result shows

letters of the Latin alphabet (A...Z) has beerfhat ever in low vigilance it is possible to
constructed. recognize the colors of pattern. In this test the

_ _ red, green and blue 'A’ chars recognized correctly
The setincludes 26 different chars, 4 randomgyt yellow char (sample number 3) clustered as
colors per each char, it's totally 104 symbolqJreen (sample number 4). We can explain this
located in external graphical files (BMP format).ct that binary representation of red, green and
The appearance of sample chars inside the Sg{,e color is 100,010,001 accordingly (all bits is
showed in Fig. 4, note that each char wagjtferent), yellow 110 - first bit cross linked it
numbered. Thus, initial parameters of thepiggle bit of green color. In second test all chars
network are input vector size equal 192 bitSrecognized correctly due moderate vigilance
number of clusters 104, vigilance parameter fro;Earameter. The third test shows ability of
0.4 to 1 with incremental step 0.1. Experl_ment etwork for color interpolation, so pattern 8
work was broken on 2 parts: clustering of(gark grey) interpolated as pattern 5 (black). This
training set by neural network and recognitiongpjlity is ‘easy to explain in next example: the
During clustering the learning set (chars recordefleyadecimal representation  of black s
in BMP files numbered in as_cendlng Orqer)OOH(Red),OOH(Green),OOH (Blue), for dark grey
forwarded to the network input. During _ ooH (Red), 70H (Green), 70H (Blue), but in 3
recognition initial numbers of files were shuffled pjis notation the bit D7 equal zero for both colors
in random order and then sent to the input agaiRyg as result dark grey color interpolated to black
Recognition set was included 65% percents of, input interface.
training dataset, by other words, the training and
recognition sets was disjoined with overlapping The fourth test also demonstrated good
65%. The output of the network (one output pepetwork cQIor interpolation, during test patterns
one input file) is the number of recognized101-103 interpolated as green, last pattern

cluster. Thus, entrance parameters of a neurBimber 104 recognized as white color because
network are: source color too bright (all D7 bits equal one).
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Test Vigilance L earning Input The network Note
number  parameter sequence sequence outputs
(number of cluster)
1. 0.4 1,2,3,4 1,4,3,2 1,3,3,2 Small vigilance

parameter caused
clustering into 3 clusters

2. 0.75 1,2,34 1,4,3,2 1,4,3,2 All patterns reéoggh
correctly
3. 0.75 5,6,7,8 8,6,5,7 5,6,5,7 Pattern 8 (dar)gre
recognized as pattern 5
(black)
4, 0.75 101,102,103,104 104,101,103, 102,101, All patterns clustered
102 101,101 into two clusters (see

explanation below)

Table 2 Testing the recognition ability of the network

To study the recognition accuracy of theincluded to this set (red, green, blue, yellow).
network we generated additional set of LatinThe statistical parameter sensitivity calculated
alphabet (A...Z), but only native colors wereaccording with equation 1[17-19].

Test Vigilance Learning The number of true The number Sensitivity
number parameter sequence positives of mistakes
1. 0.4 124 files 70 54 0.56
2 0.5 124 files 96 28 0.77
3. 0.6 124 files 112 12 0.90
4. 0.7 124 files 119 5 0.96
5 0.8 124 files 119 5 0.96
Table 3 Testing of recognition ability of the network

Sensivity Numbenf trugpositives proposed work we have shown that in applied

Numbeof trueposites+ Numbeof falseNegative applications is possible to use binary colors that

1) is three bits colors encoding and in this case

The result of our presented paper idART1 neural network has interpolation ability

represented in Table 3. The results shows that th@at allow to interpolate any input color to the

network is able to recognize different colors in"€arest color listed in Table 1.
vigilance parameter ranged 0.7 - 0.8. Less value OUr investigations show, that good results of

of vigilance reducing sensitivity of network, on ART1 recognition (the sensitivity at level 0.96) it

the other hand moderate vigilance can't increadg POossible to get when the value of vigilance

an accuracy of recognition ability of neuralP@rameter located in the range 0.7-0.8. The less
value reducing network sensitivity, high value

network. 4 ) J
cause increment a time of learning and
recognition

4. CONCLUSION AND FUTURE WORK Conducted researches have shown efficiency

_ of proposed approach to color image recognition,
It is known, that the standard ART1 networkpyt suggested method has one disadvantage:
is intended for work with a binary input vector eyen with using binary color images (1 bit
and this fact complicates using of ARTlencoding) the size of ART1 neural network
technology for color images recognition In ourincreased three times to compare with standard
paper we have elaborated a new color interfaC&RT binary network. If we deal with 4 bits
for ART1 neural network and have shownencoding the size of network will be growth up
recognition ability and accuracy in example 0f12 times. That is why we apply this technology
color chars recognition. New interface allow tofor chars recognition because for real images
use any color depth from one (binary colofyjth size more than 100X100 pixels
images) to eight (true color images) but incomputations hold too much time (up few
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