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N
Abstract: This paper proposes the transformation § — C, where S is a digital gray-level image
—

and C is a vector expressed through the textural space. The proposed transformation is denominated
Vectorial Image Representation on the Texture Space (VIR-TS), given that the digital image S is

represented by the textural vector C Th1s vector C contains all of the local texture characteristics in

the image of interest, and the texture unit T entertains a vectorial character, since it is defined through
the resolution of a homogeneous equation system. For the application of this transformation, a new

classifier for multiple classes is proposed in the texture space, where the vector E is employed as a
characteristics vector. To verify its efficiency, it was experimentally deployed for the recognition of
digital images of tree barks, obtaining an effective performance. In these experiments, the parametric
value A employed to solve the homogeneous equation system does not affect the results of the image
classification. The VIR-TS transform possesses potential applications in specific tasks, such as locating
missing persons, and the analysis and classification of diagnostic and medical images.

5
Keywords: Vectorial Image Representation on the Texture Space (VIR-TS); texture unit T; homogeneous
equation system; multiclass classifier; digital image recognition

1. Introduction

Visual texture is an important element for component classification in scenes and is
commonly used for the processing of visual information. The surfaces of all materials
are characterized through their texture properties, which can be described as follows:
(a) the visual texture is a spatial distribution of gray levels; (b) the visual texture can be
perceived through different scales or resolutions; (c) the texture is an area property and
not a point property; (d) a region is perceived as texture when the number of primitive
objects within it is large. On the other hand, according to reference [1], some important
perceptions in the quality of a texture are uniformity, density, rugosity, linearity, direction,
frequency, and phase. Henceforth, a texture can be considered as fine, rough, soft, regular,
irregular, or linear. The grade of irregularity or the properties of a texture can be found
scattered throughout the entire image. In the field of texture analysis, there exist three
major problems: (a) texture classification, focused on determining to which class the
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sampled texture belongs [2-4]; (b) texture segmentation, where an image is sectioned
into multiple regions and each region has a specific type of texture [5,6]; and (c) texture
synthesis, which focuses on constructing a model that can be employed to produce artificial
textures for specific applications such as computer graphics [7,8]. Furthermore, according to
reference [9], the characteristics extraction techniques can be classified into three categories:
geometrical methods, signal processing, and statistical models. Geometrical methods
are based on the analysis of primitive textures. Some geometrical methods for primitive
extractions include adaptative region extractions, mathematical morphology, structural
methods, and border detection [10,11]. The model-based methods hypothesize the subjacent
texture, constructing a parametric model that can generate the intensity’s distribution of
interest. Ergo, these models can also be employed for texture synthesis. Some of these
models that are applied for texture synthesis are called stochastic spatial interaction models,
random field models, and fractals [12,13]. The signal processing methods perform an
analysis of the frequency components of the images; the latter are also known as filtering
methods, and to mention only some of these, we submit spatial domain filter, frequency
analysis, and spatial /spatial-frequency methods [14,15]. Last but not least, the statistical
methods offer an analysis of the spatial distribution of the local texture characteristics. Such
characteristics are represented through a histogram of a variable dimension depending
on the procedure employed to calculate the texture unit [16-18]. This histogram presents
the occurrence frequency of the estimated texture units within the digital image, and its
dimension is dependent on the unit texture definition. Selection of the texture extraction
method is conducted in agreement with the problem under consideration. There are two
types of classifiers for image classification in an a priori knowledge scheme: one-class and
multiclass. For one-class classifiers [19,20], an unequivocal class is clearly defined, while
the remaining classes are of no interest. In this situation, a region is defined within the
characteristics space; this region represents the textural characteristics of the known class.
This region is the acceptance zone for the class of interest or is employed as a prototype. On
the other hand, in the multiclass classifiers [21-23], the characteristics space is divided into
multiple regions, each region corresponding to the characteristics of a class and, frequently,
the class (image) is represented by a characteristics vector known as a prototype vector.
The classification of multiclass images consists of comparing the characteristics vector of a
test image with the characteristics vectors of the known classes. Henceforth, the test image
is assigned to the class with the most similar characters. This discrimination is performed
by means of finding the distance between the vectors within the characteristics space.

To our knowledge, the texture unit has not been defined through a homogeneous
equation system, which is defined through an observation window. In this paper, the
local texture characteristics are extracted from grayscale images S. To extract the texture
characteristics, a mobile observation window of W = 3 x 3 in size is employed to detect
local random patterns of P pixels across the image. In each detected position, the pixel
values are considered constants within a homogeneous equation system whose solution is

— —
the vectorial unit texture T. This unit T is represented in a new texture space as a vector
—
radius that extends from the origin to the vector position T, such that each random pattern
—
of P pixels has a corresponding texture unit vector T (vector radius). By adding together
—

all of the components of the vector radius, C is calculated; this latter vector contains all
of the local texture characteristics of the image under study, S. Ergo, the transformation

represents a gray-level image S through a vector C, whose direction and magnitude depend
entirely on the textures of the image. This transformation has been denominated Vectorial
Image Representation on the Texture Space (VIR-TS), due to the representation of a digital

2y
image S through the vector C. The efficiency of the VIR-TS transform was experimentally
corroborated through the classification of tree stem images with a multiclass classifier,

A
where the C vector is employed as a characteristics vector.
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The report has the following structure. Materials and methods are presented in Section 2.
In Section 2.1, the texture space is described based on three subsections: Section 2.1.1, the
definition of the texture unit is shown; Section 2.1.2, the definition of the texture unit is
represented graphically; and Section 2.1.3, the representation of a digital image in texture
space is described. In Section 2.2, the procedure to measure the similarity in texture space
between a prototype vector and a test vector is explained. Section 2.3 describes a classifier
for multiple classes in texture space and where the VIR-TS vector is used as a feature vector.
In Section 3, the experimental work is developed. In Section 3.1, a digital image database is
vector-represented in texture space where each vector has its own direction and magnitude.
Furthermore, using the vectors obtained in the transformation, the similarity between
images is measured. In Section 3.2, experimental results of image classification are reported,
which demonstrate the high efficiency of the VIR-TS technique. A discussion of our work
is provided in Section 4. Finally, in Section 5 the most relevant conclusions are presented.

2. Materials and Methods
2.1. Texture Space
2.1.1. Texture Unit Definition

In the texture analysis, a mobile observation window W frequently bears a W =
I x ] =3 x 3size [21,24,25]; it is deployed to extract the local texture characteristics of an
image under study. This window is shifted pixel-by-pixel across the whole image and,
for each position, the window detects a discrete pattern, which is employed to generate a
decimal code called a texture unit. Afterward, the texture unit is interpreted as a discrete
variable and is then taken as an index to generate a discrete histogram h(k). Such a
histogram /(k) is interpreted as a texture spectrum and is then deployed as a characteristics
vector in image classifiers [21].

Now, bearing in mind the structure of the mobile observation window, and considering
the gray-level image such as a random matrix = {s;,,} (mn =1,2,...,M;n=1,2,...,N),
with size M x N, and for each position, a discrete pattern P = {p,»,j} (I=1,2,3]=1,23)is
detected through the window, as shown in Figure 1. If the pattern elements are considered
the coefficient of a homogeneous equation system, the system will be:

pi1 P2 P3| [t 0 piit1 + piatz2 + pi3ts =0
CpT=0 = |pa p2 ps||t2]| =0 = patitpnt2+pstz=0 (1)
ps1 px2 p33l \I3 0 pait1 + paatz + p3ats =0
P11 P12 P13
where Cp— | po1  p22  p23| is termed the coefficient matrix of the homogeneous linear
P31 P32 P33
t
system, represented as a matrix of 3 x 3 real elements, and T = |t | is called the unit
]

texture vector. The trivial solution of the homogeneous equation system occurs when
all of the elements of vector T have a value of zero: t; = 0, t, = 0, {3 = 0. Nonetheless,
this solution is not functional for our interests; thus, a nontrivial solution must be found.
Therefore, based on a linear algebra concept, the nontrivial solution is possible when its
determinant is equal to zero; as a consequence, there will be infinite solutions. To achieve
this, the term K is introduced within the equations and their determinant is equal to zero,
as shown in Equation (2):

P11 P12 P13
det|Cyl = |p21 P22 P23 | =0 2)
ps1 px2 Kpss
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Figure 1. A pattern P detected in the grayscale image S through an observation window of 3 x 3
elements.

Hence, the problem becomes that in finding a K value, so that the condition det|C,| =
0 is satisfied. From Equation (2), in terms of the matrix elements Cp, K has a value of

k — Pa1(piapas — popis) + paa(piapar — paspin) 3)
p33(p21p12 — P11p22)

Once the value K is determined, it is introduced into the equation system; Equation (1)
then takes the following form:

puit1 + piota + p1zts =0
p21t1 + pazta + pasts =0 4)
p3it1 + paata + Kpsztzs =0

where the value K is determined by Equation (3).
Afterward, to determine the texture unit T, the nontrivial solution of Equation (4) must
be found. As a first step, the first two linear equations are left depending on t3:

p11t1 + p12f2 = pists ®)
p21t1 + pazta = pasts

employing the Cramer Rule method, the solution for t; is obtained through:

P13tz p12
b= Dty |pxsts p2|  pipxe — P12,
1= = = 3 6)
D P P12 p11pP2 — P12pP2a

P21 P22
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while the solution for ¢ is:
p11 pists
b Dty  |p21 p2s3t3|  pruips — papis 7
2 = ? = - t3 ( )
P11 P12 p11p22 — P12pP21
P21 p2

where D is the determinant of the 2 x 2 equation system, Dt; is the determinant for ¢4,
and Dt is the determinant for f,. It is noteworthy that 1 and ¢, function on the basis of f3;
accordingly, the infinite solution in parametric form is:

f, = PrPn—pnpn
1 P11P22—P12P21
oo — solutionsq t, = PLP237PAPI3 3 ) ¢ R 8)
P11P22—P12P21
t3 =
Observing Expression (8), for each real value of lambda A, a unique resolution of the
infinite solution is found. For example, when A = 0, the trivial solution of the equation
system is obtained (t; = 0, t, = 0, and t3 = 0); henceforth, the nontrivial solution is

obtained when A # 0.

2.1.2. Graphical Representation

Based on Equation (1) and Expression (8), the unit texture vector is defined by: T =
P13P22 —P23P12 )

f1 P11P22~P12P21 ) )
ty| = |PuPn"PuPi ) | It can be represented through the Cartesian coordinate system
P11P22~P12P21
t3 A
form:

_ P13pP22 — p23pi2 iy + P11P23 — P21P13 Ay + Adts )
pP11pP22 — P12P21 p11pP22 — P12P21

T =1t 01+t 61y + t3 i3

where i1, i1, #13 are the unit vectors that indicate the axis direction in a rectangular coordi-

i i i P13P22—P23P12 \ P11P23—P21P13
nate system of three dimensions (Figure 2a). Hereafter (9), the P11 Pos—Piapt A, P11 P —Piap) A,

A scalars are the components of vector T in the directions u1, up, u3. Finally, from Equa-

tion (8), the magnitude of vector T is:

‘?‘ _ \/(P13P22 — p3p12 /\)2 n <P11P23 - P21P13A>2 a2 (10)
P11P22 — P12P21 P11P22 — P12P21

and its directing cosines are:

P13P22—P23P12
cosy = F11P2"P1P21

T
P11P23~P21P13 )

cosp = PP —P12P21 " (11)

T

cosy = 4

T

where

cos’a + coszﬁ +cos?y = 1. (12)
with ‘ T | being the magnitude of vector T; its graphic presentation is displayed in Figure 2b.

[N

Based on Figure 2b, the texture unit T is a radius vector that extends from the origin to the

i — P13P22—P23pP12 _ Pups—pnpis _
coordinates t; = P11P22—P12P21 A b=, P11P22—P12P21 Aty = A
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It is clear that the direction and magnitude depend on the A value and the elements in
the P pattern.

u3 us3

(a) (b)

TaN
U3
A -
T
Y >ﬁ2 w Y A u
A t3 U3
u1 t1 U1
>
N
2 u2
U1 u1

Figure 2. Representation of unit T in the texture space: (a) graphic representation of unit vec-

tors i1, ilp, i13; (b) graphic representation of texture unit T and its components t i1y + t iy + t3 3.

2.1.3. Image Representation on the Texture Space

Given that, if a grayscale image S has an M x N size and if this image is analyzed
through an I x J window, then there are (M — I+ 1) x (N — J + 1) patterns P. Furthermore,
—

given that each P pattern (in the image domain) generates a texture unit T (in texture
space), then when the image S is analyzed locally through the observation window for
the n — th pattern P, (n =1,2,3,...,Np = (M —1+1) x (N—]J+1)), the n — th texture

%
unit T, is calculated (radius vector in texture space); as a consequence, the image S can be
represented through a series of radius vectors. Thus, adding together all of the components

N
of all of these radius vectors in the texture space, the image S is represented by vector C,

defined as:
N

C = ayiq + apiiy + azils (13)
The directions are given by i1y, i1, ft3 and the components a1, a5, a3 are calculated with:

Np=(M—I4+1)x(N—J+1)
a = L tin
n=1
Np=(M—I+1)x (N—]+1)
ap = Z t2n/ (14)
n=1
Np=(M—I+1)x (N—]+1)
az = L tan
n=1
where t1,, is the n — th component of the elements for ¢4, tp, is the n — th component of
the elements for ¢, and t3, is the n — th component of the elements for t3. Equation (9)
was considered, and Np is the total of the patterns found in the digital image under study.
—

Figure 3 depicts vector C, which is in texture space.
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us3
C(01,02,03)
C
Y
o p
£ uz2

ul1

—
Figure 3. Graphic representation of the texture vector C with its directing cosines.

=
Considering Figure 3 and Equation (13), the magnitude of vector C is:

.
’C‘:\/a%+a%+a§ (15)

where its directing cosines are given with:

cosw = =
R
cosp = 2
il "
cosy = 2
B
and holding the equivalence:
a a a
cos? jl + cos? jz + cos? j?’ =1 (17)
)\

o
Based on the performed analysis, image S can be represented as a radius vector |C| in

the texture space whose magnitude and direction depend on the randomness in the image
under study.

2.2. Similarity Measurement between a Prototype Image and Test Image

5

With the knowledge that the S — C transformation is possible, then the measurement
of similarity between a prototype image and an unknown test image can be performed in
the texture space.

—
Given a digital image S, of a c class whose texture vector is C,, and given an unknown

5
test image St,sr Wwhose vector is Crest, the difference between the S. and Stes; images in the
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_
2’ CTest

—
texture space can be calculated through subtraction of the unknown image Crest minus the
—

vector of the prototype image C.:
— — —
Cdif = Crest — C¢ (18)
-
where Cgjf is the difference vector between the texture images.

— -
Images deploy the C. and Cres vectors. Considering the cosines law and the geometry
present in Figure 4, we obtain:

- |2 — 2 - |2 — —
’Cdif = ‘CTest + ’Cc - 2’ Crest||Ce cos@ (19)
and from (19), we obtain:
— — — 2 - |2 - |2
2‘ Crest || Cc|cosp = ‘CTest + ’Cc - ‘Cdif (20)
Due to the geometry of the problem, if (18) is substituted in (20), we obtain:
— — — N - |2
2’CTest C. COsSQ = ‘CTest + ‘Cc - ‘CTest - C. (21)
On applying the distributive law:
— — - = — — — — - = - =
08¢ = Crest'Crest + Cc*Ce — Crest CTest + Crest Ce — Ce-Ce + Ce Crest (22)
On reducing, we reach
— — — —
2‘ Crest||Cc|cosp =2 (CTest’ Cc) (23)
From (23), the following relationship can be achieved:
Crest:C
cosp = - Test* Hc (24)
‘ CTest Cc
— — —
where the symbol indicates a scalar product, | Cres¢| is the magnitude of vector Crest, | Cc| is

N
the magnitude of vector C., and cosg is the cosine of the angle formed between

— —
the Crest and C. vectors. With the knowledge that Expression (24) is employed to measure
the similarity between vectors, this equivalence is achieved:

Crost-C
Sim(Stest, Sc) = cosg = ’HTESt: (25)

CTest Cc

where sim(S_Test, S_c) is the similarity measurement between the St,st and S, images.
Thus, based on Figure 4 and Equation (25), the following conditions (as points) can be
indicated:

— —
1. If cosp = 0, then sim(Stest, Sc) = 0, because Crest and C, are orthogonal, ¢ = 90°.
Ergo, the St.s: and S; images are completely different (see Figure 5a).
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— —

2. Ifcosp =1, then sim(Stest, Sc) = 1, because Crest and C. have the same direction and

magnitude, ¢ = 0°. For this case, the St.sr and S, images are identical (see Figure 5b).

3. If0 < cosg <1,then0 < sim(Stest, Sc) < 1; consequently, the St and S images
— —

have a certain degree of similarity between them, given that the Cr,s; and C, vectors
are not parallel within the texture space. Therefore, the condition 0° < ¢ < 90° is
satisfied (see Figure 5c).

Figure 4. Geometry employed for the similarity measurement between S, and Stes¢.

Cror (a) (b)

Notes:
ﬁ
C. Black vector

%
Crest Red vector

=0°

=90’
e, —

>5v S
Cc Crest Ce

>

%
Projection zone C.

— —

Figure 5. (a) The Cr,s; and the C. vectors are orthogonal, and the similarity of St,s; and S¢ equals 0.
- —

(b) The Crest and C, vectors are parallel; hence, the St,s and S images are identical, and (c) there is

— —
a certain angle between the Cr,s; and the C, vectors; thus, the Stesr and S, images possess a certain
degree of similarity.
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Based on conditions 1-3 and on Figure 5, it is possible to measure the similarity
between images within the texture space; therefore, texture image classification is also
a possibility.

2.3. Image Classification in the Texture Space

Figure 6 schematically displays the proposed multiclass classifier for image recogni-
tion within the texture space. The classifier consists of two phases: learning and recog-
nition. During the learning phase, a human expert identifies and names a known image
database S. (¢ =1,2,3,...,C), where each image is considered as an independent class;

—

each class has a series of radius vectors T, that are calculated, and with these radius vec-

— —
tors, the prototype vector C. is obtained. This C, vector represents all of the local texture
characteristics of the image S, within the c class. In the recognition phase, an unknown test

image Stest is represented through a series of radius vectors ?t(t = n), and the Ew vector
is calculated with these. Afterward, the similarity between the test image St,s; and the
prototype images S, is measured in the texture space employing Expression (25). The test
image St is then assigned to the most similar class; such a condition is achieved when

— -
the angle y is the smallest of these during the comparison between the Cr,st and C. vectors
(see Figure 5) and when the following condition is satisfied:

— —
CTest' Cc

max (sim(Stest, Sc)) = max(cosg) = ’H - (26)

CTest Cc

Ergo, the image Srt.s: is assigned to the ¢ class when the projection of the vec-

— =
tor Crest above the C. vector is the unit or that closest to the unit.

Learning phase

VIR-TS applied to local texture extraction

| |
| e e
| | '
|
| | Gray level Gray Prototypes: | | : |
| image images C 1 I
| | database, represented C—z‘ T I
: Sc on texture : I I
| space (radio . [ ! |
| vectors) T | | Similitude |
| € | II measurement :
| I between Image
e e e e e e R e 1 prototype | classification
_________________________ J vectors and I
I vector ETest |
: (equation 26) :
| Test Test image Vector |
|I image, represented _— |
2 I
I STest on texture Crrest ‘
| space ‘
| I
| |
| VIR-TS applied to local textura extraction |
L J

Recognition phase

Figure 6. A schematic representation of the multiclass classifier.

The classifier results are displayed in a confusion matrix H = {h}; the rows show
the prototype images, the columns show the test images, the elements of the main diagonal
correspond to the correct classification hits, and the elements outside of the diagonal
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represent the classification errors. The classification efficiency in terms of percentage is
calculated with: ¥ diag({hee))
lag cc
Ef% = =—>———= x 100 27
f Ec Zc hCC ( )
where Ef% is the efficiency in terms of percentage, Y diag({hc}) is the sum of all of the
elements of the main diagonal in the confusion matrix, and ). Y. hicc is the sum of all of the
elements within the confusion matrix.

3. Experimental Work and Results

o
3.1. Transformation of an Image S Onto a Texture Vector C
In this section, a database comprising 10 digital images of tree stems Sc(c = 1,2,...,10) is
—

represented through texture vectors C., employing A = 2 and A = 25 values and an
observation window of W = 3 x 3 size. The database is presented in Figure 7. Each
image S; was acquired with a Smartphone LG 50, and rotation and scale are controlled
under natural illumination and with a fixed resolution of M x N = 3120 x 4160 pixels.

So 7 | S -

Figure 7. Digital images of the tree stems employed in the experiments.

Additionally, the S, — Ec transformation was performed applying the following
steps: (a) the RGB image acquired with the Smartphone LG 50 was transformed into a
grayscale level S, deploying MatLab 2016b® scientific software; (b) an observation window
witha W = 3 x 3 size is selected; (c) the window W is displaced element-by- element across
the entire gray-level image S, witha M x N = 3120 x 4160 size; (d) for each pattern P,a

homogeneous equation system is proposed, then its T unit is calculated; (e) all units T are
represented in the texture space as a radius vector, and (f) by adding together all of the

%
radius vectors, the vector C, is estimated. Exercising steps a—f, the images in Figure 7 were

N
represented through a texture vector C.(c =1,2,3,...,10). The results are presented in
Table 1.
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Table 1. Texture vectors a obtained from the digital images shown in Figure 6.
Transformation from Image N N
to Sc—>8c Vector Vectors C Obtained for A =2 Vectors C Obtained for A = 25

S, — Zl 9.56 x 102 #17 + 1.65x10%1, + 177608 ii3 11.9 x 10° @17 4+ 2 x 10° dip +22.2 x 10° 13

S, — Gy —2.38x10%0 + 1.97x10° i1y + 177608 it —2.98 x 1051 + 2.465 x 10° 115 + 22.2 x 10° it3
S3 — 83 —8.73 x 10* iy +2.09%10° @1, + 177608 13 ~ —10.91 x 10° iy + 2.621 x 10° fip + 22.2 x 10° i3
Sy — ¢ . 444 x 10% 11 + 1.70x10° @1, + 177608 13 5.55 x 10* 11 +2.136 x 100 f1p + 22.2 x 10° i3
[ 85 —6.06 x 103 11 + 1.81x10° i1, + 177608 il3 —7.58 x 10% i1 + 2.275 x 10° @1, +22.2 x 10° @13
Sg — 26 —6.68 x 10* i1 + 2.41x10° f1, + 177608 i3 —8.35 x 10° 17 + 3.021 x 100 f1p +22.2 x 10° i3
S, 87 —2.21 x 10%y + 1.978 x10° i1, + 177608 il3 —2.77 x 10° 11 + 2.472 x 10° @1, +22.2 x 10° 13
Sg — 28 —2.44 x 10%17 + 1.979%10° i1, + 177608 i3 —3.05 x 10° @17 + 2.474 x 100 41, +22.2 x 10° i3
Sy — ?;9 —2.65 x 10* 11 +2.02x10° i1, + 177608 il3 —3.32 x 10° i +2.529 x 10 f1p + 22.2 x 10%115
S0 — 210 —2.97 x 10* @17 + 2.04x10° i1, + 177608 i13 —3.72 x 10° iy + 2.562 x 10° @1, + 22.2 x 10°715

Considering Figure 7 and Table 1, the digital image S, is represented in the texture
—

space through a radius vector C., whose components are dependent on the texture charac-
teristics of the image and on the parametrization value A. During the transformation, the

=
texture characteristics of the image render the C. vector unique in the texture space, while
the parameter A operates as a scale factor.

To verify the uniqueness of each vector in Table 1, the similarity between these is
measured employing the scalar product in Equation (25). The results are displayed in a
confusion matrix, where the elements of the main diagonal correspond to the similarity

- =
measurements of the same vector | C.y C. |; hence, its value is the unit (marked in
blue). Otherwise, the elements outside of the main diagonal correspond to the similarity
- =

measurement between two different vectors | C. y Cy, |; consequently, such elements have

a value lower than the unit. Tables 2 and 3 present these results:

Table 2. Similarity measurement between vectors in the texture space, cosp when A = 2.

Experimental Results for A = 2 (First Confusion Matrix)

Tree stem images (prototypes)

1 2 3 4 5 6 7 8 9 10
1.0000 0.9919 0.9453 0.9997 0.9985 0.9583 0.9923 0.9915 0.9898 0.9880
0.9919  1.0000 0.9759 0.9916 0.9970 0.9868 0.9999 0.9999 0.9998 0.9996
0.9453 0.9759 | 1.0000 0.9424 0.9576 0.9938 0.9745 0.9764 0.9780 0.9803
0.9997 0.9916 0.9424 | 1.0000 0.9986 0.9577 0.9922 0.9912 0.9896 0.9878
0.9985 0.9970 0.9576 0.9986 1.0000 0.9714 0.9973 0.9968 0.9958 0.9945
0.9583 0.9868 0.9938 0.9577 0.9714 1.0000 0.9861 0.9872 0.9890 0.9908
0.9923 0.9999 0.9745 0.9922 0.9973 0.9861 1.0000 0.9999 0.9998 0.9995
0.9915 0.9999 0.9764 0.9912 0.9968 0.9872 0.9999 1.0000 0.9999 0.9996
0.9898 0.9998 0.9780 0.9896 0.9958 0.9890 0.9998 0.9999 | 1.0000 0.9999
0.9880 0.9996 0.9803 0.9878 0.9945 0.9908 0.9995 0.9996 0.9999 | 1.0000

Tree stem images (test)

O O NI Ul WN -~

=
o
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Table 3. Similarity measurement between vectors in the texture space, cosp when A = 25.

Experimental Results for A = 25 (Second Confusion Matrix)

Tree stem images (prototypes)

1 2 3 4 5 6 7 8 9 10
1.0000 0.9919 0.9453 0.9997 0.9985 0.9583 0.9923 0.9915 0.9898 0.9880
0.9919  1.0000 0.9759 0.9916 0.9970 0.9868 0.9999 0.9999 0.9998 0.9996
0.9453 0.9759 | 1.0000 0.9424 0.9576 0.9938 09745 0.9764 0.9780 0.9803
0.9997 0.9916 0.9424 | 1.0000 0.9986 0.9577 0.9922 0.9912 0.9896 0.9878
0.9985 0.9970 0.9576 0.9986 1.0000 0.9714 0.9973 0.9968 0.9958 0.9945
0.9583 0.9868 0.9938 0.9577 0.9714| 1.0000 0.9861 0.9872 0.9890 0.9908
0.9923 0.9999 0.9745 0.9922 0.9973 0.9861 1.0000 0.9999 0.9998 0.9995
0.9915 0.9999 0.9764 0.9912 0.9968 0.9872 0.9999 1.0000 0.9999 0.9996
0.9898 0.9998 0.9780 0.9896 0.9958 0.9890 0.9998 0.9999 | 1.0000 0.9999
0.9880 0.9996 0.9803 0.9878 0.9945 0.9908 0.9995 0.9996 0.9999 1.0000

Tree stem images (test)

O O IO Ul WN -

fuy
o

Based on the results of Tables 2 and 3, both confusion matrixes are identical, given that
the elements in their respective diagonals are the unit, and the elements outside of their
diagonals are fewer than the unit. This corroborates that a digital image S, is represented in

the texture space through a unique vector a, and that the parameter A, operated as a scale
factor and its value, does not affect the results. Furthermore, the similarity measurements
between images above 0.94 are attributed to the parametrization of the homogeneous
equation system due to its resolution. This causes the third component of all of the vectors
to bear the same value A, and the remaining two components (first and second) are the
only components scaled by the value of A (see Equation (8)).

3.2. Image Recognition in the Texture Space

Knowing that each digital image can be represented in the texture space through a
vector, the goal of this section is to prove that the digital images can be classified in the
texture space. As previously presented in Figure 7, the database consists of 10 digital
images with a size of M x N = 3120 x 4160 pixels; these images show the bark of tree
stems and were acquired under natural lighting and controlled scale and rotation. The
classifier employed for image recognition was described in Section 4. In both phases,
the same images are employed for both learning and recognition, along with the same
observation window size of W = 3 x 3 pixels. The similarity measurement in the texture

space is performed considering the maximal likeness between the ETESt and EC vectors
(Equations (25) and (26)). To conclude, the classification results are presented through two
confusion matrixes: Table 4 displays the confusion matrix for A = 2, and Table 5 presents
the confusion matrix for A = 25.

Table 4. Confusion matrix obtained for the image classification when A = 2.

Experimental Results for A = 2

Tree stem images (prototypes)

_ 1 2 3 4 5 6 7 8 9 10
3 1 1 0 0 0 0 0 0 0 0 0
2 2 0 1 0 0 0 0 0 0 0 0
g 3 0 0 1 0 0 0 0 0 0 0
) 4 0 0 0 1 0 0 0 0 0 0
= 5 0 0 0 0 1 0 0 0 0 0
g 6 0 0 0 0 0 1 0 0 0 0
G 7 0 0 0 0 0 0 1 0 0 0
2 8 0 0 0 0 0 0 0 1 0 0

9 0 0 0 0 0 0 0 0 1 0

10 0 0 0 0 0 0 0 0 0 1
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Table 5. Confusion matrix obtained for the image classification when A = 25.
Experimental Results for A = 25
Tree stem images (prototypes)
_ 1 2 3 4 5 6 7 8 9 10
® 1 1 0 0 0 0 0 0 0 0 0
~‘i 2 0 1 0 0 0 0 0 0 0 0
N 3 0 0 1 0 0 0 0 0 0 0
g 4 0 0 0 1 0 0 0 0 0 0
- 5 0 0 0 0 1 0 0 0 0 0
_983, 6 0 0 0 0 0 1 0 0 0 0
o 7 0 0 0 0 0 0 1 0 0 0
é’ 8 0 0 0 0 0 0 0 1 0 0
9 0 0 0 0 0 0 0 0 1 0
10 0 0 0 0 0 0 0 0 0 1

It is worth recalling that the elements of the main diagonal in these matrixes represent
the correct classification hits, and the elements outside of the main diagonal are the identifi-
cation errors. In this manner, based on Equation (27) and Tables 4 and 5, the classification
is:

Ef)\:Z(VO — 14141414141 4+1414141 — 1000/0 (Table 4)

Efras% = 1411141 M 1414141 100% (Table 5 (28)
A=25/0 — 10 = (3 ( able )

where Ef)_,% is the image classification efficiency in terms of percentage for A =
2, and Ef)_»5% is the image classification efficiency for A = 25. The efficiency is 100% in
both cases. This further confirms that the proposed transformation in Section 2, along with
the classifier described in Section 4, entertain a high efficiency and that the recognition of
the images can be performed in the texture space. The high efficiency is attributed to the
following points:

o
1. Inthe S — C transformation, image S is completely characterized through its local
—
texture characteristics, and these are represented by the texture vector C.

2. The digital image is essentially a field of randomness, given the nature of the light
source and the noise detected by the system; henceforth, for each image S;, a unique

5
vector C. is generated in the texture space with a particular direction and magnitude
that differ for each class.

Nonetheless, the efficiency of our proposal can be reduced if the digital images are
classified dynamically (in real time). This is due to the fluctuation in the light source
temporarily and spatially. Consequently, for each instant of time, the pixels of the digital
camera vary in intensity. In other words, the noise during the acquisition of the image

i
increases; thus, the texture vector C changes, causing recognition errors.

4. Discussion

—
In this paper, the S — C transformation is proposed where S is a grayscale image
5

and C is a vector in a new space, which is denominated texture space. Essentially, the
transformation consists of representing the image S through a series of radius vectors in

—
the texture space, with each radius vector a texture unit T, and this is calculated by solving

—
a homogeneous equation system. Afterward, the vector C is calculated by the sum of all
of the radius vectors and, subsequently, all of the local texture characteristics of the image
under study are considered in it. Its direction and magnitude are in agreement with the
—

randomness in the digital image and, for each image S, a unique vector C. is generated.
Additionally, a multiclass classifier is proposed and applied within the texture space where
—

the vector C. is employed as a characteristics vector, demonstrating its potential application
for image classification. Based on these results, the following points are worth mentioning:
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10.

N
The image S is fully characterized in the transformation (S —C ) , where the texture

—
space is represented by the texture vector C. The new transformation can be termed

Vectorial Image Representation on the Texture Space (VIR-TS) because, in the image

—
transformation, the image S comes to be represented by the vector C.
Due to the irregular nature of the light source and the noise during the photodetection
process, the image S is considered a field of randomness; consequently, a unique

A
vector C is generated for each digital image (see Table 1).
—

The vector C withholds all local texture characteristics of the image under study, given
that the vector is calculated by the sum of all of the radius vectors, where a radius
-

vector is defined  as texture unit T.
The texture unit T possesses a vectorial character because it is calculated by solving a
homogeneous equation system of 3 x 3.

—

The texture vector C can be employed as a characteristics vector in classifiers with a
high efficiency (see Tables 3 and 4).

The value A employed for the solution of the homogeneous equation system does not
affect the results of the image recognition.

N
The S — C transformation has a potential application in the development of artificial
vision systems focused on the recognition of digital images.

In the experimental work, the number of classes does not affect the results of the clas-

sification efficiency, given that each digital image is represented by its own vector 2 in
the texture space (see point 2).

Because medical images contain local textural features that can be extracted through
local analysis [3,4,26,27], and knowing that the technique reported in this work also
extracts texture features based on local analysis, then the VIR-TS transform and the
classifier described in Section 2.3 can be applied in medical image recognition. The
benefit would be the development of medical diagnostic systems with high efficiency,
easy to implement because the definition of the texture unit is based on a linear
transformation and not on pattern encoding [21,28], where the overflow of physical
memory of the computer is possible [29].

Comparing the statistical texture extraction techniques reported in reference [21]
with the VIR-TS technique based on linear transformations, both texture extraction
techniques are very different. In statistical techniques, the texture unit is calculated
based on the encoding of discrete random patterns located on the digital image,
its texture unit is considered a random event and the texture characteristics are
represented through a discrete histogram. In our technique called VIR-TS, the texture
unit is calculated based on a linear transformation, its texture unit is a radius vector,
and the texture features are represented in a texture space through a random vector.

The Vector Image Representation on the Texture Space (VIR-TS) transformation is

very different from the statistical techniques reported in reference [21]. In the VIR-TS

transformation, the texture unit is a radius vector, the vector is calculated by solving a
homogeneous system of equations, and its graph can be visualized in the texture space.

With the transformation, the digital image S is expressed in the texture space by the

random vector 8, which consists of three components, a1, a3, a3, and whose addresses
are i1y, i1, t3. Because the image is vector-represented, image classification in texture space
is performed by measuring the similarity between the prototype vectors and the test vector.
Their similarity is calculated through the projection between both vectors. Finally, the
test image is assigned to the most similar class. Based on the experimental work, the VIR-
TS transformation has high classification efficiency because its texture feature extraction
efficiency is very high. Furthermore, its implementation is very easy because the digital
image is represented through a three-component random vector.
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With the knowledge that our proposal has potential application in image recognition,
our future lines of research will include rendering the VIR-TS transform invariant to
rotation and scale; proposing the VIR-TS transform for color image classification; applying
the VIR-TS transform in the recognition of biomedical images; and performing an efficiency
study of classification in images with noise.

5. Conclusions

In this paper, the Vectorial Image Representation on the Texture Space (VIR-TS) trans-
form is proposed and applied. The VIR-TS transform is based on the extraction of local

—
texture characters in the image S and represents these through the vector C in the texture
—

space. Each radius vector is a texture unit T, which is estimated by solving a homogeneous
equation system of 3 x 3. In the texture space, each image has a corresponding unique
H

vector, given that the image is a random field of pixels. Experimentally, the vector C was
employed as a characteristics vector in a new multiclass classifier; thus, the high efficiency
of the VIR-TS transform was corroborated through the classification of tree stem digital
images. The efficiency reached 100%; however, in applications under natural environments,
its efficiency may be significantly less due to the noise in photodetections and the random
nature of light.

The VIR-TS transform has potential application in locating missing persons and
classifying medical images.

Author Contributions: ].-T.G.-B., M.].-R. and A.G.-B. proposed the method and analysis; H.G.-B., M.-
E.S.-M. and M.].-R. generated the digital image database and the formal analysis; ].-T.G.-B., A.G.-B.,
J.A.-S. and M.].-R. developed the numerical experiment; H.G.-B., A.G.-B., ].A.-S., and M.J.-R. analyzed
the results. All authors have read and agreed to the published version of the manuscript.

Funding: This work received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data related to the results that support our conclusions are available
upon request to the authors, which can be carried out via e-mail. We will be pleased to respond.

Acknowledgments: The authors thank Mexico’s National Council of Humanity, Science, and Tech-
nology (CONAHCyT) and Guadalajara University for the support granted. This investigation was
carried out following the line research “Nanostructured Semiconductors Oxides” of the academic
group UDG-CA-895 and “Nanostructured Semiconductors” of C.U.C.E.I., Guadalajara University.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Laws, K.I. Textured Images Sgmentation. Ph.D. Thesis, University of Southern California, Los Angeles, CA, USA, 1980.

2. de Matos, J.; Soares de Oliveira, L.E.; Britto, A.d.S., Jr.; Lameiras Koerch, A. Large-margin representation learning for texture
classification. Pattern Recognit. Lett. 2023, 170, 39-47. [CrossRef]

3. Aguilar Santiago, J.; Guillen Bonilla, J.T.; Garcia Ramirez, M.A.; Jiménez Rodriguez, M. Identification of Lacerations Caused by
Cervical Cancer through a comparative study among texture-extraction techniques. Appl. Sci. 2023, 13, 8292. [CrossRef]

4. Sharma, R.; Kumar Mahanti, G.; Panda, G.; Rath, A_; Dash, S.; Mallik, S.; Hu, R. A framework for detecting thyroid cancer from
ultrasound and histopathological images using deep learning, meta-heuristics and MCDM algorithms. J. Image 2023, 9, 173.
[CrossRef]

5. Almakady, Y.; Mahmhoodj, S.; Bennett, M. Adaptive columetric texture segmentation based on Gaussian Markov random fields
features. Pattern Recognit. Lett. 2020, 140, 101-108. [CrossRef]

6. Qiu, J; Li, B; Liao, R.; Mo, H.; Tian, L. A dual-task regién-boundary aware neural network for accurate pulmonary nodule
segmentation. J. Vis. Commun. Image Represent. 2023, 96, 103909. [CrossRef]

7. Anderson, K; Richardson, J.; Lennartson, B.; Fabian, M. Sinthesis of hierarchical and distributed control functions for multi-
product manufacturing cells. In Proceedings of the 2006 IEEE International Conference on Automation Sciences and Engineering,
Shanghai, China, 8-10 October 2006. [CrossRef]

8.  Elber, G. Geometric texture modeling. IEEE Comput. Graph. Appl. 2005, 25, 66-76. [CrossRef] [PubMed]


https://doi.org/10.1016/j.patrec.2023.04.006
https://doi.org/10.3390/app13148292
https://doi.org/10.3390/jimaging9090173
https://doi.org/10.1016/j.patrec.2020.09.035
https://doi.org/10.1016/j.jvcir.2023.103909
https://doi.org/10.1109/COASE.2006.326902
https://doi.org/10.1109/MCG.2005.79
https://www.ncbi.nlm.nih.gov/pubmed/16060576

J. Imaging 2024, 10, 48 17 of 17

10.

11.

12.

13.
14.

15.

16.

17.

18.

19.

20.
21.

22.

23.

24.

25.

26.

27.

28.
29.

Sanchez Yafiez, R.; Kurmyshev, E.K.; Cuevas, FJ. A framework for texture classification using the coordinated clusters representa-
tion. Pattern Recognit. Lett. 2003, 24, 21-31. [CrossRef]

Fuentes Alventosa, A.; Gomez Luna, J.; Medina Carnicer, R. GUD-Canny: A real-time GPU-based unsupervised and distributed
Canny edge detector. J. Real-Time Image Process. 2022, 19, 591-605. [CrossRef]

Elhanashi, A.; Saponara, S.; Dini, P.; Sheng, Q.; Morita, D.; Raytchev, B. An integrated and real-time social distancing, mask
detection, and facial temperature video measurement system for pandemic monitoring. J. Real-Time Image Process. 2023, 20, 95.
[CrossRef]

Marin, Y.; Miteran, J.; Dubois, ].; Herryman, B.; Ginhac, D. An FPGA-based desing for real-time super-resolution reconstruction. J.
Real-Time Image Process. 2020, 17, 1765-1785. [CrossRef]

Xu, Y.; Fermuller, C. Viewpoint invariant texture description using fractal analysis. Int. |. Comput. Vis. 2009, 83, 85-100. [CrossRef]
Yapi, D.; Nouboukpo, A.; Said Allili, M. Mixture of multivariate generalized Gaussians fr multi-band texture modeling and
representation. Signal Process. 2023, 209, 109011. [CrossRef]

Zou, C.; Ian Kou, K.; Yan Tang, Y. Probabilistic quaternion collaborative representation and its application to robust color face
identification. Signal Process. 2023, 210, 109097. [CrossRef]

Shu, X.; Pan, H.; Shi, J.; Song, X.; Wu, X.J. Using global information to refine local patterns for texture representation and
classification. Pattern Recognit. 2022, 131, 108843. [CrossRef]

Chen, Z.; Quan, Y;; Xu, R;; Jin, L.; Xu, Y. Enhancing texture representation with deep tracing pattern encoding. Pattern Recognit.
2024, 146, 109959. [CrossRef]

Scabini, L.; Zielinski, K.M.; Ribas, L.C.; Goncalves, W.N.; De Baets, B.; Bruno, O.M. RADAM: Texture recognition through
randomized aggregated encoding of dee activation maps. Pattern Recognit. 2023, 143, 109802. [CrossRef]

Sanchez Yanez, R.E.; Kurmyshev, E.V,; Fernandez, A. One-class texture classifier in the CCR feature space. Pattern Recognit. Lett.
2003, 24, 1503-1511. [CrossRef]

Lee, H.H.; Park, S.; Im, J. Resampling approach for one-class classification. Pattern Recognit. 2023, 143, 109731. [CrossRef]
Fernadez, A.; Alvarez, M.X.; Bianconi, F. Texture description through histograms of equivalent patterns. J. Math. Imaging Vis.
2013, 45, 76-102. [CrossRef]

Ghoneim, A.; Muhammad, G.; Hossain, M.S. Cervical cancer classification using convolutional neural networks and extreme
learning machines. Future Gener. Comput. Syst. 2020, 102, 643-649. [CrossRef]

Padilla Leyferman, C.E.; Guillen Bonilla, ].T.; Estrada Gutiérrez, J.C.; Jiménez Rodriguez, M. A novel technique for texture
description and image classification based in RGB compositions. IET Commun. 2023, 17, 1162-1176. [CrossRef]

Kurmyshev, E.V.; Sanchez-Yanez, R.E. Comparative experiment with colour texture classifiers using the CCR feature space.
Pattern Recognit. Lett. 2005, 26, 1346-1353. [CrossRef]

Guillen Bonilla, ].T.; Kurmyshev, E.; Fernandez, A. Quantifying a similarity of classes of texture image. Appl. Opt. 2007, 46,
5562-5570. [CrossRef] [PubMed]

Gonzalez-Castro, V.; Cernadas, E.; Huelga, E.; Ferndndez-Delgado, M.; Porto, J.; Antunez, J.R.; Souto-Bayarri, M. CT Radiomics
in Colorectal Cancer: Detection of KRAS Mutation Using Texture Analysis and Machine Learning. Appl. Sci. 2020, 10, 6214.
[CrossRef]

Park, Y.R.; Kim, Y.J.; Ju, W.; Nam, K; Kim, S.; Kim, K.G. Comparison of machine and deep learning for the classification of cervical
cancer based on cervicography images. Sci. Rep. 2021, 11, 16143. [CrossRef]

Kurmyshev, E.V. Is the Coordinated Clusters Representation an analog of the Local Binary Pattern? Comput. Sist. 2010, 14, 54-62.
Kurmyshev, E.V.; Guillen Bonilla, ].T. Complexity reduced coding of binary pattern units in image classification. Opt. Lasers Eng.
2011, 49, 718-722. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/S0167-8655(02)00185-X
https://doi.org/10.1007/s11554-022-01208-0
https://doi.org/10.1007/s11554-023-01353-0
https://doi.org/10.1007/s11554-020-00944-5
https://doi.org/10.1007/s11263-009-0220-6
https://doi.org/10.1016/j.sigpro.2023.109011
https://doi.org/10.1016/j.sigpro.2023.109097
https://doi.org/10.1016/j.patcog.2022.108843
https://doi.org/10.1016/j.patcog.2023.109959
https://doi.org/10.1016/j.patcog.2023.109802
https://doi.org/10.1016/S0167-8655(02)00389-6
https://doi.org/10.1016/j.patcog.2023.109731
https://doi.org/10.1007/s10851-012-0349-8
https://doi.org/10.1016/j.future.2019.09.015
https://doi.org/10.1049/cmu2.12601
https://doi.org/10.1016/j.patrec.2004.11.028
https://doi.org/10.1364/AO.46.005562
https://www.ncbi.nlm.nih.gov/pubmed/17694100
https://doi.org/10.3390/app10186214
https://doi.org/10.1038/s41598-021-95748-3
https://doi.org/10.1016/j.optlaseng.2010.12.014

	Introduction 
	Materials and Methods 
	Texture Space 
	Texture Unit Definition 
	Graphical Representation 
	Image Representation on the Texture Space 

	Similarity Measurement between a Prototype Image and Test Image 
	Image Classification in the Texture Space 

	Experimental Work and Results 
	Transformation of an Image S  Onto a Texture Vector 0mu mumu CCsubsectionC  
	Image Recognition in the Texture Space 

	Discussion 
	Conclusions 
	References

