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Abstract 

In this paper, an RGB image with 𝑺 is separated by its channels, obtaining an image in 

each color channel 𝑺𝑅, 𝑺𝐺 and 𝑺𝐵. The Vectorial Image Representation on the Texture 

Space (VIR-TS) transform is calculated for each channel; ergo, each image is represented 

with a given vector, 𝑺𝑅 → 𝑪⃗⃗ 𝑹 , 𝑺𝐺 → 𝑪⃗⃗ 𝑮  and 𝑺𝐵 → 𝑪⃗⃗ 𝑩 . Employing the 𝑪⃗⃗ 𝑹 , 𝑪⃗⃗ 𝑮 , and 𝑪⃗⃗ 𝑩 

vectors in a multi-class classifier, a database of RGB images was identified with the aim of 

verifying the classification efficiency of the VIR-TS transform. Based on the experimental 

results, the VIR-TS technique presents high efficiency when the noise is not added to the 

class and when the signal-to-noise ratio is high. For both instances, the efficiency pre-

sented is 100%. Nonetheless, if the class noise is high, the efficiency diminishes from 100%, 

to 95%, to 90% until it decreases to 10%. Based on the results obtained, the VIR-TS trans-

form can be efficiently applied for the development of security systems and access control 

and can also be implemented in computer vision systems for medical diagnosis, drones, 

etc. 

Keywords: RGB image; Vectorial Image Representation on the Texture Space (VIR-TS) 

transform; multi-class classifier; texture space; classification efficiency 

 

1. Introduction 

Computer vision is frequently employed to identify points of interest within images, 

applied in facial recognition, medical areas or in the classification of any type of object. To 

perform these tasks, it is necessary to determine the texture characteristics of images with 

regions of interest. This task is commonly performed with texture descriptors that work 

closely with statistical classifiers or neural networks, and these are in charge of identifying 

the class to which the region of interest being studied belongs. Texture descriptors and 
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statistical classifiers or neural networks have been deployed in previous papers to cease 

identity theft by applying facial recognition [1–3]. The biometric identification of people 

is performed by facial recognition through a multilevel hierarchy representation that ap-

plies a set of local classifiers to make decisions [4]. One of the most commonly used de-

scriptors is the Local Binary Pattern (LBP) [5–7], which works with binary patterns; it is 

applied by dividing the data in three arrays, where two remain fixed, to carry out an in-

depth analysis with the intention of optimizing them considering the decomposition of 

singular values [8]. A study was performed to compare the characteristics of 10 texture 

descriptors employed for facial and palmprint recognition [9]. A new method to detect 

facial expressions was presented where Local Binary Patterns (LBP), Local Ternary Pat-

terns (LTP) and Completed Local Binary Patterns (CLBP) were deployed with a Convolu-

tional Neural Network [10]. An optimized Histogram of Oriented Gradients (HOG) algo-

rithm is applied to extract facial characteristics along with a Tree-structured Parzen Esti-

mator (TPE)-based Bayesian optimization technique [11]. An MB-ZZLBP descriptor was 

deployed for face analysis to perform facial recognition with SVM and NN [12]. Multi-

Resolution Multi-Threshold Local Binary Patterns (MRMT-LBPs) were applied to empha-

size shades of gray, and the authors of that study proposed systematically generating 

multiple LBP representations to perform facial recognition [13]. Even employing excellent 

descriptors and texture classifiers, there exist great challenges that can affect the perfor-

mance of facial recognition methods, such as lighting variance in the photographs, pose 

and facial expressions, occlusion or data loss; additionally, there could be disturbances or 

failures in facial recognition techniques when the images present noise. To mitigate these 

problems, modifications to the LBP method were proposed to improve the virtual electri-

cal binary pattern descriptor against noise [14], and Support Vector Machine (SVM) was 

applied for classification. Furthermore, a multi-level adaptative mining model was ap-

plied for filtering and a pyramidal block was used to capture the inconsistent characteris-

tics provoked by regional noise [15]. To perform facial expression recognition, a hybrid 

framework was proposed applying MobileNetV2 deep learning and LBP and HOG de-

scriptors [16]. Facial recognition is employed to determine the drowsiness state of drivers 

using the HOG descriptor and SVM classifier [17]. Variations in the LBP texture descriptor 

were performed to generate a Multiscale Discriminative Binary Pattern (MDBP), which 

was deployed for facial recognition; the central pixel is replaced by a threshold value gen-

erated with the mean and the median [18]. A paper presented an investigation of how 

noise can propagate from the source domain to the target domains where it cannot be 

detected, causing a decrement in performance [19]; noise alters image quality, which in 

turn influences facial recognition [20,21]. Without a doubt, any degradation present in 

facial recognition techniques when images present noise is a subject of great interest. 

In reference [22], the Vectorial Image Representation on the Texture Space (VIR-TS) 

transform was described and applied. The VIR-TS transform extracts the local texture 

characteristics of a grayscale image, and these are represented in the texture space as vec-

tors on which the direction and magnitude depend on the image under study. The vector 

was employed in a multi-class classifier where each class belonged to a tree trunk bearing 

a very high classification efficiency, reaching up to 100% when images had no additional 

noise. In this paper, facial recognition in RGB images is performed considering their local 

texture characteristics. The RGB images are analyzed for each color channel and the Vec-

torial Image Representation on the Texture Space (VIR-TS) transform is applied for ex-

traction of the local texture characteristics. Each class is represented on the texture space 

by three random vectors, 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, and 𝑪⃗⃗ 𝑩, where each vector corresponds to a channel 

and its magnitude and phase are functions of the texture. These vectors are deployed in a 

multi-class classifier to measure the similarities with the classes in the texture space 
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through the projection of a prototype vector and a test vector. Using a facial image data-

base, the images are identified with and without added noise to their respective classes. 

The VIR-TS transform yields an efficiency of 100% if and only if the classes bear no added 

noise and if the signal-to-noise ratio is very high in the class. Otherwise, if the signal-to-

noise ratio is small, the VIR-TS transform becomes less efficient at identifying the class. 

Taking in consideration these results, the VIR-TS transform can be employed to build 

highly efficient machine vision systems. These systems would be based on the identifica-

tion of textural characteristics and they could be applied in several fields, for example, 

medical diagnosis, security, access control, analysis of medical images, and the location of 

missing persons, among other applications. 

2. Theory 

2.1. Previous Work 

The Vectorial Image Representation on the Texture Space (VIR-TS) transform repre-

sents an S grayscale digital image through a 𝑪⃗⃗  vector in the texture space [22]. In the VIR-

TS transformation, the grayscale image in a random 𝑺 = {𝑠𝑚𝑛} (𝑚 = 1,2, … ,𝑀; 𝑛 =

1,2, … , 𝑁) array, with a size of 𝑀 × 𝑁 pixels and where every position has a discrete pat-

tern 𝑷 = {𝑝𝑖,𝑗} (𝐼 = 1,2,3; 𝐽 = 1,2,3), is detected by an observation window with a size of 

𝑊 = 𝐼 × 𝐽 = 3 × 3. Each  𝑷 pattern is employed to calculate a texture unit vector 𝑻⃗⃗ , and 

thus all texture unit vectors are measured to estimate the 𝑪⃗⃗  vector. 

2.1.1. Texture Unit 

Given a grayscale image 𝑺 = {𝑠𝑚𝑛} (𝑚 = 1,2, … ,𝑀; 𝑛 = 1,2, … ,𝑁)  where a random 

pattern is detected with an 𝐼 × 𝐽 = 3 × 3  mobile observation window 𝑷 = {𝑝𝑖,𝑗} (𝐼 =

1,2,3; 𝐽 = 1,2,3), the texture unit is calculated in the VIR-TS transform, and next a homo-

geneous equation system is considered [22]: 

𝑪𝑷𝑻 = 𝟎   ⟹    [

𝑝11 𝑝12 𝑝13

𝑝21 𝑝22 𝑝23

 𝑝31 𝑝32 𝑝33

] (

𝑡1
𝑡2
𝑡3

) = [
0
0
0
]    ⟹ 

𝑝11𝑡1 + 𝑝12𝑡2 + 𝑝13𝑡3 = 0
𝑝21𝑡1 + 𝑝22𝑡2 + 𝑝23𝑡3 = 0
𝑝31𝑡1 + 𝑝32𝑡2 + 𝑝33𝑡3 = 0

 (1) 

where 𝑪𝑷 = [

𝑝11 𝑝12 𝑝13

𝑝21 𝑝22 𝑝23

 𝑝31 𝑝32 𝑝33

]  is called the coefficient matrix of the homogeneous linear 

system, represented with a 3 × 3 matrix of real elements, and 𝑻 = [

𝑡1
𝑡2
𝑡3

] is called a texture 

unit vector. The homogeneous equation system yields a trivial solution 𝑡1 = 0 , 𝑡2 = 0 , 

𝑡3 = 0, though this solution is not functional for texture recognition. Consequently, a non-

trivial solution must be obtained. Based on fundamental linear algebra concepts, a non-

trivial solution can be found for an equation system if and only if the matrix determinant 

is equal to zero, 𝑑𝑒𝑡|𝑪𝑷| = 𝟎; ergo 

𝒅𝒆𝒕|𝑪𝑷| = 𝒅𝒆𝒕 |

𝑝11 𝑝12 𝑝13

𝑝21 𝑝22 𝑝23

 𝑝31 𝑝32 𝐾𝑝33

| = 𝟎 (2) 

where the 𝐾 term must satisfy condition (2). Thus, our problem is to find the value of 𝐾 

as a function of the elements of the pattern 𝑃. To find the value of 𝐾, the determinant of 

the matrix 𝑪𝑷 is calculated and the result is set equal to zero, 

𝑑𝑒𝑡 |

𝑝11 𝑝12 𝑝13

𝑝21 𝑝22 𝑝23

 𝑝31 𝑝32 𝐾𝑝33

| = 𝐾𝑝33𝑝22𝑝11 + 𝑝12𝑝23𝑝31 + 𝑝13𝑝21𝑝32 − 𝑝13𝑝22𝑝31 − 𝐾𝑝33𝑝12𝑝21 − 𝑝11𝑝23𝑝32 = 0 (3) 

From this result the parameter 𝐾 can be determined, obtaining 

𝐾 =
𝑝13𝑝22𝑝31 + 𝑝11𝑝23𝑝32 − 𝑝12𝑝23𝑝31 − 𝑝13𝑝21𝑝32

𝑝33𝑝22𝑝11 − 𝑝33𝑝12𝑝21
 (4) 
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Calculating the parameter 𝐾, it is introduced to the equation system: 

𝑝11𝑡1 + 𝑝12𝑡2 + 𝑝13𝑡3 = 0
𝑝21𝑡1 + 𝑝22𝑡2 + 𝑝23𝑡3 = 0
𝑝31𝑡1 + 𝑝32𝑡2 + 𝐾𝑝33𝑡3 = 0

 (5) 

The solution of the homogeneous equation system can be calculated via parameteri-

zation, obtaining [22] 

∞ − 𝑠𝑜𝑙𝑢𝑐𝑖𝑜𝑛𝑒𝑠

{
 
 

 
 𝑡1 =

𝑝13𝑝22 − 𝑝23𝑝12

𝑝11𝑝22 − 𝑝12𝑝21
𝜆

𝑡2 =
𝑝1,1𝑝2,3 − 𝑝21𝑝13

𝑝11𝑝22 − 𝑝12𝑝21
𝜆

𝑡3 = 𝜆               

𝜆 ∈ ℝ. (6) 

Observing expression (6), for each real value of λ, a unique solution from the infinite 

solutions is found. Based on Equations (1) and (6), the texture unite vector can be defined 

by 

𝑻 = [

𝑡1
𝑡2
𝑡3

] =

[
 
 
 
 
𝑝13𝑝22 − 𝑝23𝑝12

𝑝11𝑝22 − 𝑝12𝑝21
𝜆

𝑝11𝑝23 − 𝑝21𝑝13

𝑝11𝑝22 − 𝑝12𝑝21
𝜆

𝜆 ]
 
 
 
 

 (7) 

And its cartesian representation yields the form 

𝑻⃗⃗ = 𝑡1 𝒖̂𝟏 + 𝑡2 𝒖̂𝟐 + 𝑡3 𝒖̂𝟑 =
𝑝13𝑝22 − 𝑝23𝑝12

𝑝11𝑝22 − 𝑝12𝑝21
𝜆𝒖̂𝟏 +

𝑝11𝑝23 − 𝑝21𝑝13

𝑝11𝑝22 − 𝑝12𝑝21
𝜆 𝒖̂𝟐 + 𝜆𝒖̂𝟑. (8) 

where 𝒖̂𝟏, 𝒖̂𝟐, 𝒖̂𝟑 are the unitary vectors of a three-dimensional rectangular coordinate 

system. Parting from (8), the scalars 
𝑝13𝑝22−𝑝23𝑝12

𝑝11𝑝22−𝑝12𝑝21
𝜆,

𝑝11𝑝23−𝑝21𝑝13

𝑝11𝑝22−𝑝12𝑝21
𝜆 and 𝜆 are the compo-

nents of vector 𝑻⃗⃗  with 𝑢1, 𝑢2, 𝑢3 as their directions. Lastly, in Equation (8), the magni-

tude of vector 𝑻⃗⃗  is calculated by 

|𝑻⃗⃗ | = √(
𝑝13𝑝22 − 𝑝23𝑝12

𝑝11𝑝22 − 𝑝12𝑝21
𝜆)

2

+ (
𝑝11𝑝23 − 𝑝21𝑝13

𝑝11𝑝22 − 𝑝12𝑝21
𝜆)

2

 + 𝜆2. (9) 

and their cosines are 

𝑐𝑜𝑠𝛼 =

𝑝13𝑝22 − 𝑝23𝑝12

𝑝11𝑝22 − 𝑝12𝑝21
𝜆

|𝑻⃗⃗ |

𝑐𝑜𝑠𝛽 =

𝑝11𝑝23 − 𝑝21𝑝13

𝑝11𝑝22 − 𝑝12𝑝21
𝜆

|𝑻⃗⃗ |

𝑐𝑜𝑠𝛾 =
𝜆

|𝑻⃗⃗ |

. (10) 

The following condition is satisfied: 

𝑐𝑜𝑠2𝛼 + 𝑐𝑜𝑠2𝛽 + 𝑐𝑜𝑠2𝛾 = 1, (11) 

where |𝑻⃗⃗ | is the magnitude of vector 𝑻⃗⃗ . In simpler terms, the texture unit 𝑻⃗⃗  is a radius 

vector that goes from the origin to the coordinates 𝑡1 =
𝑝13𝑝22−𝑝23𝑝12

𝑝11𝑝22−𝑝12𝑝21
𝜆, 𝑡2 =

,
𝑝11𝑝23−𝑝21𝑝13

𝑝11𝑝22−𝑝12𝑝21
𝜆, 𝑡3 = 𝜆. 

2.1.2. Representation of a Gray-Level Image in the Texture Space 

Given an image 𝑺 with a size of 𝑀 × 𝑁 pixels and if this image is studied applying 

a 𝐼 × 𝐽  window size, then there are (𝑀 − 𝐼 + 1) × (𝑁 − 𝐽 + 1)  patterns 𝑷 . Conversely, 

knowing that a texture unit vector 𝑻⃗⃗  is calculated for each pattern based in a homogenous 

system equation, it follows that if the 𝑺 image is analyzed with the observation window, 

for the 𝑛 − 𝑡ℎ  pattern 𝑷𝒏 , where (𝑛 = 1,2, … , 𝑁𝑃 = (𝑀 − 𝐼 + 1) × (𝑁 − 𝐽 + 1)) , the 𝑛 −
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𝑡ℎ texture unit 𝑻⃗⃗ 𝒏 (radius vector) is calculated. Consequently, the 𝑺 image can be ex-

pressed through a series of radius vectors, such that by summing their components on the 

texture space, the 𝑺 gray-level image is represented by a 𝑪⃗⃗  vector defined as 

𝑪⃗⃗ = 𝑎1𝒖̂𝟏 + 𝑎2𝒖̂𝟐 + 𝑎3𝒖̂𝟑, (12) 

where 𝒖̂𝟏, 𝒖̂𝟐, 𝒖̂𝟑 are the unitary vectors and 𝑎1, 𝑎2, 𝑎3 are the components, and they are 

calculated by 

𝑎1 = ∑ 𝑡1𝑛

𝑁𝑃

𝑛=1

𝑎2 = ∑ 𝑡2𝑛

𝑁𝑃

𝑛=1

𝑎3 = ∑ 𝑡3𝑛

𝑁𝑃

𝑛=1

, (13) 

𝑁𝑃  is the total patterns found in the digital image. 𝐴 = (𝑀 − 𝐼 + 1) × (𝑁 − 𝐽 + 1) 

and 𝑡1𝑛, 𝑡2𝑛, 𝑡3 are the 𝑛 − 𝑡ℎ component of the elements for 𝑡1, 𝑡2, 𝑡3, respectively. Fig-

ure 1 illustrates the 𝑪⃗⃗  vector. 

 

Figure 1. Graphic representation of the texture vector 𝑪⃗⃗  with its cosines. 

Based in Figure 1, the 𝑪⃗⃗  vector has a magnitude of 

|𝑪⃗⃗ | = √𝑎1
2 + 𝑎2

2 + 𝑎3
2, (14) 

The cosines are 

𝑐𝑜𝑠𝛼 =
𝑎1

|𝑪⃗⃗ |

𝑐𝑜𝑠𝛽 =
𝑎2

|𝑪⃗⃗ |

𝑐𝑜𝑠𝛾 =
𝑎3

|𝑪⃗⃗ |

 (15) 

And it is fulfilled by 

𝑐𝑜𝑠2 (
𝑎1

|𝑪⃗⃗ |
) + 𝑐𝑜𝑠2 (

𝑎2

|𝑪⃗⃗ |
) + 𝑐𝑜𝑠2 (

𝑎3

|𝑪⃗⃗ |
) = 1. (16) 
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Considering the analysis, the grayscale image 𝑺 can be represented like a radius vec-

tor 𝑪⃗⃗  in the texture space, the direction and magnitude of which depend on the random-

ness of the digital image. 

2.2. VIR-TS Applied to RGB Images 

As it is known, digital images can be in color, grayscale or binary. All three types are 

commonly employed in texture recognition. In particular, RGB images are conformed by 

three channels, where each channel corresponds to a basic color: red, green and blue. 

When these images are classified based on their local texture, their identification is imple-

mented by performing the recognition for each color channel. The recognition efficiency 

depends on the texture extraction technique. Taking this into consideration, in this section, 

the recognition of RGB images is implemented with the VIR-TS technique. To achieve this, 

the procedure described in Section 2.1 is applied to each color channel, conforming the 

RGB image. 

2.2.1. Texture Unit Definition for Each Color Channel 

In this section, our proposal is that the color image 𝑺 can be separated by channel; 

thus, 𝑺𝑅 is the red channel image, 𝑺𝐺 corresponds to the green channel image and 𝑺𝐵 

contains the blue channel image. The three images 𝑺𝑅, 𝑺𝐺 and 𝑺𝐵 have a size of 𝑀 × 𝑁 

(𝑚 = 1,2,3, … ,𝑀; 𝑛 = 1,2,3, … , 𝑁) pixels, and each pixel yields a value within the interval 

of 0 to 255. Under these conditions, the Vectorial Image Representation on the Texture 

Space (VIR-TS) transform can be applied to each channel of the RGB image. Developing a 

process for each color channel of an RGB is performed following the approach in Section 

2.1, Therefore, if the 𝑊𝑅 , 𝑊𝐺 , 𝑊𝐵  windows detect 𝑹 = [

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

 𝑟31 𝑟32 𝑟33

] , 𝑮 =

[

𝑔11 𝑔12 𝑔13

𝑔21 𝑔22 𝑔23

 𝑔31 𝑔32 𝑔33

] , 𝑩 = [

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

 𝑏31 𝑏32 𝑏33

]  patterns from the RGB image, then the texture 

unit for each channel can be defined by a homogenous linear equation system [22]: 

𝑹𝑻𝑹 = 𝟎 ⟹ [

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

 𝑟31 𝑟32 𝑟33

] (

𝑡𝑟1
𝑡𝑟2
𝑡𝑟3

) = [
0
0
0
] (17) 

𝑮𝑻𝑮 = 𝟎 ⟹ [

𝑔11 𝑔12 𝑔13

𝑔21 𝑔22 𝑔23

 𝑔31 𝑔32 𝑔33

] (

𝑡𝑔1

𝑡𝑔2

𝑡𝑔3

) = [
0
0
0
] (18) 

𝑩𝑻𝑩 = 𝟎 ⟹ [

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

 𝑏31 𝑏32 𝑏33

] (

𝑡𝑏1

𝑡𝑏2

𝑡𝑏3

) = [
0
0
0
] (19) 

Equation (17) is the texture unit definition for the red channel: 𝑻𝑹 = (

𝑡𝑟1
𝑡𝑟2
𝑡𝑟3

)  is the 

unity, and the components are 𝑡𝑟1, 𝑡𝑟2, 𝑡𝑟3. Equation (18) is the texture unit definition for 

the green channel: 𝑻𝑮 = (

𝑡𝑔1

𝑡𝑔2

𝑡𝑔3

) is the unity, and the components are 𝑡𝑔1, 𝑡𝑔2, 𝑡𝑔3. Finally, 

Equation (19) is the texture unit definition for the blue channel: 𝑻𝑩 = (

𝑡𝑏1

𝑡𝑏2

𝑡𝑏3

) is the unity 

and the components are 𝑡𝑏1, 𝑡𝑏2, 𝑡𝑏3. Analyzing Equations (17)–(19), each color channel is 

analyzed independently; thus, the condition 𝑻𝑹 ≠ 𝑻𝑮 ≠ 𝑻𝑩 is satisfied because each color 

channels bear different intensity values in their pixels due to the random nature of the 

light source. From Equations (17)–(19), the texture unit definition is fundamental in a ho-

mogeneous equation system with a trivial solution defined by 𝑡𝑟1 = 0, 𝑡𝑟2 = 0, 𝑡𝑟3 = 0 

(red channel), 𝑡𝑔1 = 0, 𝑡𝑔2 = 0, 𝑡𝑔3 = 0  (green channels) and 𝑡𝑏1 = 0, 𝑡𝑏2 = 0, 𝑡𝑏3 = 0 

https://doi.org/10.3390/jimaging12070295


J. Imaging 2026, 12, 295 7 of 24 
 

https://doi.org/10.3390/jimaging12070295 

(blue channel). However, this trivial solution it not applicable in our texture recognition 

problem. Consequently, it is proposed to find an infinite solution for our homogenous 

equation system and, afterwards, find a unique solution based on the resolution of the 

equation system through parameterization. As a first step, the equation systems (17)–(19) 

are structured as follows: 

𝑹𝑻𝑹 = 𝟎 ⟹ [

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

 𝑟31 𝑟32 𝐾𝑅𝑟33

] (

𝑡𝑟1
𝑡𝑟2
𝑡𝑟3

) = [
0
0
0
] (20) 

𝑮𝑻𝑮 = 𝟎 ⟹ [

𝑔11 𝑔12 𝑔13

𝑔21 𝑔22 𝑔23

 𝑔31 𝑔32 𝐾𝐺𝑔33

](

𝑡𝑔1

𝑡𝑔2

𝑡𝑔3

) = [
0
0
0
] (21) 

𝑩𝑻𝑩 = 𝟎 ⟹ [

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

 𝑏31 𝑏32 𝐾𝐵𝑏33

] (

𝑡𝑏1

𝑡𝑏2

𝑡𝑏3

) = [
0
0
0
] (22) 

where 𝐾𝑅, 𝐾𝐺 , 𝐾𝐵 are constant values to be determined such that the determinants of the 

systems of equations are equal to zero: 

𝑑𝑒𝑡⌈𝑹⌉ = 𝑑𝑒𝑡 ⌈

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

 𝑟31 𝑟32 𝐾𝑅𝑟33

⌉ = 0

𝑑𝑒𝑡⌈𝑮⌉ = 𝑑𝑒𝑡 ⌈

𝑔11 𝑔12 𝑔13

𝑔21 𝑔22 𝑔23

 𝑔31 𝑔32 𝐾𝐺𝑔33

⌉ = 0

𝑑𝑒𝑡⌈𝑩⌉ = 𝑑𝑒𝑡 ⌈

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

 𝑏31 𝑏32 𝐾𝐵𝑏33

⌉ = 0

. (23) 

Resolving the determinants, we obtain 

𝑑𝑒𝑡 ⌈

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

 𝑟31 𝑟32 𝐾𝑅𝑟33

⌉ = 0

= 𝐾𝑅(𝑟33𝑟22𝑟11 − 𝑟33𝑟12𝑟21) + 𝑟12𝑟23𝑟31 + 𝑟13𝑟21𝑟32 − 𝑟13𝑟22𝑟31 − 𝑟11𝑟23𝑟32 = 0

𝑑𝑒𝑡 ⌈

𝑔11 𝑔12 𝑔13

𝑔21 𝑔22 𝑔23

 𝑔31 𝑔32 𝐾𝐺𝑔33

⌉ = 0

= 𝐾𝐺(𝑔33𝑔22𝑔11 − 𝑔33𝑔12𝑔21) + 𝑔12𝑔23𝑔31 + 𝑔13𝑔21𝑔32 − 𝑔13𝑔22𝑔31 − 𝑔11𝑔23𝑔32 = 0

𝑑𝑒𝑡 ⌈

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

 𝑏31 𝑏32 𝐾𝐵𝑏33

⌉ = 0

= 𝐾𝐵(𝑏33𝑏22𝑏11 − 𝑏33𝑏12𝑏21) + 𝑏12𝑏23𝑏31 + 𝑏13𝑏21𝑏32 − 𝑏13𝑏22𝑏31 − 𝑏11𝑏23𝑏32 = 0

 (24) 

From Equation (24), the constant values, 𝐾𝑅 , 𝐾𝐺 , 𝐾𝐵, are calculated with 

𝐾𝑅 =
𝑟13𝑟22𝑟31 + 𝑟11𝑟23𝑟32 − 𝑟12𝑟23𝑟31 − 𝑟13𝑟21𝑟32

𝑟33𝑟22𝑟11 − 𝑟33𝑟12𝑟21

𝐾𝐺 =
𝑔13𝑔22𝑔31 + 𝑔11𝑔23𝑔32 − 𝑔12𝑔23𝑔31 − 𝑔13𝑔21𝑔32

𝑔33𝑔22𝑔11 − 𝑔33𝑔12𝑔21

𝐾𝐵 =
𝑏13𝑏22𝑏31 + 𝑏11𝑏23𝑏32 − 𝑏12𝑏23𝑏31 − 𝑏13𝑏21𝑏32

𝑏33𝑏22𝑏11 − 𝑏33𝑏12𝑏21

 (25) 

Once the constant values are known, the system of Equations (20)–(22) can be ex-

pressed by 
𝑟11𝑡𝑟1 + 𝑟12𝑡𝑟2 + 𝑟13𝑡𝑟3 = 0
𝑟21𝑡𝑟1 + 𝑟22𝑡𝑟2 + 𝑟23𝑡𝑟3 = 0

𝑟31𝑡𝑟1 + 𝑟32𝑡𝑟2 + 𝐾𝑅𝑟33𝑡𝑟3 = 0
 (26) 

𝑔11𝑡𝑔1 + 𝑔12𝑡𝑔2 + 𝑔13𝑡𝑔3 = 0

𝑔21𝑡𝑔1 + 𝑔22𝑡𝑔2 + 𝑔23𝑡𝑔3 = 0

𝑔31𝑡𝑟1 + 𝑔32𝑡𝑟2 + 𝐾𝐺𝑔33𝑡𝑟3 = 0

 (27) 
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𝑏11𝑡𝑏1 + 𝑏12𝑡𝑏2 + 𝑏13𝑡𝑏3 = 0
𝑏21𝑡𝑏1 + 𝑏22𝑡𝑏2 + 𝑏23𝑡𝑏3 = 0

𝑏31𝑡𝑏1 + 𝑏32𝑡𝑏2 + 𝐾𝐵𝑏33𝑡𝑏3 = 0
 (28) 

If the constants indicated in (25) are taken into consideration in the homogenous sys-

tem of Equations (26)–(28), consequently, there are infinite solutions for each equation 

system. To find a unique solution, the system of equations can be resolved through pa-

rameterization, as was done in Reference [22], in a manner such that we reach 

∞ − 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

{
 
 

 
 𝑡𝑟1 =

𝑟13𝑟22 − 𝑟23𝑟12

𝑟11𝑟22 − 𝑟12𝑟21

𝜆

𝑡𝑟2 =
𝑟11𝑟23 − 𝑟21𝑟13

𝑟11𝑟22 − 𝑟12𝑟21

𝜆

𝑡𝑟3 = 𝜆              

𝜆 ∈ ℝ (29) 

∞ − 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

{
 
 

 
 𝑡𝑔1 =

𝑔13𝑔22 − 𝑔23𝑔12

𝑔11𝑔22 − 𝑔12𝑔21

𝜆

𝑡𝑔2 =
𝑔11𝑔23 − 𝑔21𝑔13

𝑔11𝑔22 − 𝑔12𝑔21

𝜆

𝑡𝑔3 = 𝜆              

𝜆 ∈ ℝ (30) 

∞ − 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

{
 
 

 
 𝑡𝑏1 =

𝑏13𝑏22 − 𝑏23𝑏12

𝑏11𝑏22 − 𝑏12𝑏21

𝜆

𝑡𝑏2 =
𝑏11𝑏23 − 𝑏21𝑏13

𝑏11𝑏22 − 𝑏12𝑏21

𝜆

𝑡𝑏3 = 𝜆              

𝜆 ∈ ℝ (31) 

From (29)–(31), for each 𝜆 value, there is a unique solution for the homogeneous 

equation system. In this way, in the texture space, each texture unit calculated for each 

color channel is represented like a radio vector conformed by three components and then 

the texture unit can be defined in vector form as follows: 

𝑻⃗⃗ 𝑹 = 𝑡𝑟1𝒖̂𝟏 + 𝑡𝑟2𝒖̂𝟐 + 𝜆𝒖̂𝟑 (32) 

𝑻⃗⃗ 𝑮 = 𝑡𝑔1 𝒖̂𝟏 + 𝑡𝑔2𝒖̂𝟐 + 𝜆𝒖̂𝟑. (33) 

𝑻⃗⃗ 𝑩 = 𝑡𝑏1 𝒖̂𝟏 + 𝑡𝑏2 𝒖̂𝟐 + 𝜆 𝒖̂𝟑 (34) 

Considering this, when an RGB image is analyzed with the VIR-TS transform, the 

texture unit is constituted by three vectors, 𝑻⃗⃗ 𝑹, 𝑻⃗⃗ 𝑮, 𝑻⃗⃗ 𝑩, where their magnitude and di-

rection depend on all elements in the patterns. 

2.2.2. Magnitude and Cosines 

Once the texture unit has been defined in vector form for each channel (see Equations 

(32)–(34)), its magnitude and phase can be measured through 

|𝑻⃗⃗ 𝑹| = √(𝑡𝑟1)
2 + (𝑡𝑟2)

2 + 𝜆2 (35) 

|𝑻⃗⃗ 𝑮| = √(𝑡𝑔1)
2
+ (𝑡𝑔2)

2
+ 𝜆2. (36) 

|𝑻⃗⃗ 𝑩| = √(𝑡𝑏1)
2 + (𝑡𝑏2)

2 + 𝜆2 (37) 

where |𝑻⃗⃗ 𝑹|, |𝑻⃗⃗ 𝑮|, |𝑻⃗⃗ 𝑩| are the magnitude for each texture unit and the cosines are esti-

mated through 
𝑟𝑒𝑑 𝑐ℎ𝑎𝑛𝑛𝑒𝑙

𝑐𝑜𝑠𝛼𝑟 =
𝑡𝑟1

|𝑇⃗ 𝑅|

𝑔𝑟𝑒𝑒𝑛 𝑐ℎ𝑎𝑛𝑛𝑒𝑙

𝑐𝑜𝑠𝛼𝑔 =
𝑡𝑔1

|𝑇⃗ 𝐺|

𝑏𝑙𝑢𝑒 𝑐ℎ𝑎𝑛𝑛𝑒𝑙

𝑐𝑜𝑠𝛼𝑏 =
𝑡𝑏1

|𝑇⃗ 𝐵|

𝑐𝑜𝑠𝛽𝑟 =
𝑡𝑟2

|𝑇⃗ 𝑅|
𝑐𝑜𝑠𝛽𝑔 =

𝑡𝑔2

|𝑇⃗ 𝐺|
𝑐𝑜𝑠𝛽𝑏 =

𝑡𝑏2

|𝑇⃗ 𝐵|

𝑐𝑜𝑠𝛾𝑟 =
𝜆

|𝑇⃗ 𝑅|
𝑐𝑜𝑠𝛾𝑔 =

𝜆

|𝑇⃗ 𝐺|
𝑐𝑜𝑠𝛾𝑏 =

𝜆

|𝑇⃗ 𝐵|

. (38) 

Satisfying these conditions: 
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𝑐𝑜𝑠2𝛼𝑟 + 𝑐𝑜𝑠2𝛽𝑟 + 𝑐𝑜𝑠2𝛾𝑟 = 1

𝑐𝑜𝑠2𝛼𝑔 + 𝑐𝑜𝑠2𝛽𝑔 + 𝑐𝑜𝑠2𝛾𝑔 = 1

𝑐𝑜𝑠2𝛼𝑏 + 𝑐𝑜𝑠2𝛽𝑏 + 𝑐𝑜𝑠2𝛾𝑏 = 1

. (39) 

By the analysis, we can determine that noise affects the direction and magnitude of 

the texture unit, and such changes yield an effect on the classification efficiency of the VIR-

TS transform. 

2.2.3. Algorithm 

This section describes the algorithm to calculate the Vectorial Image Representation 

on the Texture Space (VIR-TS) transform of a color image and then represent it on the 

texture space. The algorithm consists of the following steps: (a) the color image 𝑺 is sep-

arated in channels, obtaining the images 𝑺𝑅 , 𝑺𝐺  and 𝑺𝐵 ; (b) three mobile observation 

windows are defined, 𝑊𝑅 = 𝐼 × 𝐽 = 3 × 3 , 𝑊𝐺 = 𝐼 × 𝐽 = 3 × 3 , and 𝑊𝐵 = 𝐼 × 𝐽 = 3 × 3 ; 

(c) the windows are displaced pixel by pixel across the image under study, with the 𝑊𝑅 

window moving over the 𝑺𝑅 image, the 𝑊𝐺 window traversing image 𝑺𝐺 and the 𝑊𝐵 

windows displacing over the 𝑺𝐵 image; (d) for each position over the images, the 𝑊𝑅, 

𝑊𝐺, and 𝑊𝐵 windows find a pattern 𝑹𝑘 = [

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

 𝑟31 𝑟32 𝑟33

], 𝑮𝑘 = [

𝑔11 𝑔12 𝑔13

𝑔21 𝑔22 𝑔23

 𝑔31 𝑔32 𝑔33

], 𝑩𝑘 =

[

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

 𝑏31 𝑏32 𝑏33

]  , where 𝑘 = 0,1,2,3, … , 𝑁𝑝 − 1 ; (e) the texture units 𝑻⃗⃗ 𝑹𝑘
 , 𝑻⃗⃗ 𝑮𝑘

 , 𝑻⃗⃗ 𝑩𝑘
  are 

calculated according to Sections 2.2.1 and 2.2.2; (f) the procedure is repeated from (a) to 

(e) for each position on the image under study, all possible texture units 𝑻⃗⃗ 𝑹𝒌, 𝑻⃗⃗ 𝑮𝒌, 𝑻⃗⃗ 𝑩𝒌 

are calculated, and thus every color channel is represented by a series of radio vectors [22]; 

(g) the 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 vectors are calculated, and thus the 𝑺 image is represented by three 

vectors where each vector corresponds to an image channel: 

𝑪⃗⃗ 𝑹 = 𝑎𝑟1𝒖̂𝟏 + 𝑎𝑟2𝒖̂𝟐 + 𝑎𝑟3𝒖̂𝟑 (40) 

𝑪⃗⃗ 𝑮 = 𝑎𝑔1𝒖̂𝟏 + 𝑎𝑔2𝒖̂𝟐 + 𝑎𝑔3𝒖̂𝟑. (41) 

𝑪⃗⃗ 𝑩 = 𝑎𝑏1𝒖̂𝟏 + 𝑎𝑏2𝒖̂𝟐 + 𝑎𝑏2𝒖̂𝟑 (42) 

where the components for the vectors, 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩, are calculated employing (43). 

𝑟𝑒𝑑 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠

𝑎𝑟1 = ∑ 𝑡𝑟1𝑘

𝑁𝑃−1

𝑘=0

𝑔𝑟𝑒𝑒𝑛 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠

𝑎𝑔1 = ∑ 𝑡𝑔1𝑘

𝑁𝑃−1

𝑘=0

𝑏𝑙𝑢𝑒 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠

𝑎𝑏1 = ∑ 𝑡𝑏1𝑘

𝑁𝑃−1

𝑘=0

𝑎𝑟2 = ∑ 𝑡𝑟2𝑘

𝑁𝑃−1

𝑘=0

𝑎𝑔2 = ∑ 𝑡𝑔2𝑘

𝑁𝑃−1

𝑘=0

𝑎𝑏2 = ∑ 𝑡𝑏2𝑘

𝑁𝑃−1

𝑘=0

𝑎𝑟3 = ∑ 𝑡𝑟3𝑘

𝑁𝑃−1

𝑘=0

𝑎𝑔3 = ∑ 𝑡𝑔3𝑘

𝑁𝑃−1

𝑘=0

𝑎𝑏3 = ∑ 𝑡𝑏3𝑘

𝑁𝑃−1

𝑘=0

. (43) 

The total radio vectors will be 𝑁𝑃 = (𝑀 − 𝐼 + 1) × (𝑁 − 𝐽 + 1) , as was aforemen-

tioned. In Figure 2b, the vectors (40)–(42) are represented in the texture space. It can be 

noted that the vectors yield a unique position because the image is noiseless. In this case, 

if 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 are deployed as feature vectors in a classifier, the efficiency of the VIR-TS 

transforms will result in 100%. This maximum efficiency is attributed to the lack of ran-

domness in the bidimensional signal (RGB image). 

https://doi.org/10.3390/jimaging12070295


J. Imaging 2026, 12, 295 10 of 24 
 

https://doi.org/10.3390/jimaging12070295 

  

Figure 2. Texture space representation of the RGB image: (a) 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 vectors with added 

noise; (b) 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 vectors without present noise. 

On the other hand, when an RGB image is acquired through an artificial vision sys-

tem, this contains noise produced by the light source, photodetection, and the algorithm 

for signal and instrumentation processing, causing randomness in texture of the units 𝑻⃗⃗ 𝑹, 

𝑻⃗⃗ 𝑮, 𝑻⃗⃗ 𝑩; as a consequence, randomness is found in 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩. Ergo, when the VIR-TS is 

calculated for the RGB image, the vectors 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 will wield additional noise, and 

then they can be expressed through 

𝑪⃗⃗ 𝑹𝒏 = 𝑪⃗⃗ 𝑹 + 𝒏 (44) 

𝑪⃗⃗ 𝑮𝒏 = 𝑪⃗⃗ 𝑮 + 𝒏. (45) 

𝑪⃗⃗ 𝑩𝒏 = 𝑪⃗⃗ 𝑩 + 𝒏 (46) 

where 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 are the vectors with noise and 𝑛 is the random noise of the light 

source, photodetection, signal and instrumental processing, as was mentioned above. In 

Figure 2a the three vectors 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 are represented in the texture space, where the 

black dots are an indicator of a possible random position caused by the noise present in 

the image. This randomness leads to errors in texture recognition, and consequently, the 

efficiency of the VIR-TS transform is reduced due to the noise in the RGB image. 

2.3. Classifier 

In reference [22], a multi-class classifier on the texture space was proposed and em-

ployed for gray-level image classification. The characteristic vector developed was named 

𝑪⃗⃗ , which represents a grayscale image in the texture space. This section proposes a scheme 

deploying this classifier to classify RGB images on the texture space where 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 

are employed as feature vectors. Likewise, it consists of two phases: learning and recog-

nition. Figure 3 presents a scheme of its structure. 
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Figure 3. RGB image classifier based on VIR-TS transform. 

2.3.1. Learning and Recognition Phases 

From Figure 3, in the learning phase prototype vectors are generated from RGB im-

ages previously identified by a human expert, 𝑺𝒄 (𝑐 = 1,2,3, … , 𝐶) , where 𝑐 − 𝑡ℎ is the 

c-nth class and 𝐶 is the total number of classes. For each class, the 𝑪⃗⃗ 𝑹𝒄, 𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄 vectors 

are calculated. These vectors are generated with the following procedure: (a) the 𝑺𝒄 im-

age is separated by its color channels, obtaining separated channel images 

(𝑺𝑅𝑐, 𝑺𝐺𝑐 and 𝑺𝐵𝑐) for the 𝑐 − 𝑡ℎ class; (b) by applying the algorithm from Section 2.2 to 

the 𝑺𝑅𝑐, 𝑺𝐺𝑐 and 𝑺𝐵𝑐 images, its VIR-TS transform is calculated and then the prototype 

vectors for the 𝑐 − 𝑡ℎ class are obtained, 𝑪⃗⃗ 𝑹𝒄, 𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄; (c) the procedure indicated in 

steps a and b is repeated for each class. 

In the recognition phase, an unknown test image 𝑺𝑻𝒆𝒔𝒕 is separated by its color chan-

nels, obtaining 𝑺𝑅𝑇𝑒𝑠𝑡, 𝑺𝐺𝑇𝑒𝑠𝑡 and 𝑺𝐵𝑇𝑒𝑠𝑡 images. (a) Each 𝑺𝑅𝑇𝑒𝑠𝑡, 𝑺𝐺𝑇𝑒𝑠𝑡 and 𝑺𝐵𝑇𝑒𝑠𝑡 im-

age has its VIR-TS transform calculated, and then the 𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕 vectors are 

obtained. (b) The similarity between the test image 𝑺𝑻𝒆𝒔𝒕 and the prototype image 𝑺𝒄 is 

measured in the texture space by means of a projection between vectors: 

𝑚𝑎𝑥(𝑠𝑖𝑚(𝑺𝑅𝑇𝑒𝑠𝑡 , 𝑺𝑅𝑐)) = 𝑚𝑎𝑥(𝑐𝑜𝑠𝜑𝑅) =
𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕 ∙ 𝑪⃗⃗ 𝑹𝒄,

|𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕||𝑪⃗⃗ 𝑹𝒄|
 (47) 

𝑚𝑎𝑥(𝑠𝑖𝑚(𝑺𝐺𝑇𝑒𝑠𝑡 , 𝑺𝐺𝑐)) = 𝑚𝑎𝑥(𝑐𝑜𝑠𝜑𝐺) =
𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕 ∙ 𝑪⃗⃗ 𝑮𝒄,

|𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕||𝑪⃗⃗ 𝑮𝒄|
 (48) 

𝑚𝑎𝑥(𝑠𝑖𝑚(𝑺𝐵𝑇𝑒𝑠𝑡 , 𝑺𝐵𝑐)) = 𝑚𝑎𝑥(𝑐𝑜𝑠𝜑𝐵) =
𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕 ∙ 𝑪⃗⃗ 𝑩𝒄,

|𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕||𝑪⃗⃗ 𝑩𝒄|
 (49) 

where 𝑚𝑎𝑥(𝑠𝑖𝑚(𝑺𝑅𝑇𝑒𝑠𝑡, 𝑺𝑅𝑐)), 𝑚𝑎𝑥(𝑠𝑖𝑚(𝑺𝐺𝑇𝑒𝑠𝑡, 𝑺𝐺𝑐)), 𝑚𝑎𝑥(𝑠𝑖𝑚(𝑺𝐵𝑇𝑒𝑠𝑡 , 𝑺𝐵𝑐)) is the max-

imum similarity between images, 𝑐𝑜𝑠 is the trigonometric function cosine, 𝜑𝑅. 𝜑𝐺, 𝜑𝐵 
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yield the angle formed between vectors, |𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕|, |𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕|, |𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕| are the vector magni-

tudes for the test image, |𝑪⃗⃗ 𝑹𝒄|, |𝑪⃗⃗ 𝑮𝒄|, |𝑪⃗⃗ 𝑩𝒄| represent the magnitude for the prototype 

images and the dot operator is the scalar product between two vectors. In the classifier, 

the 𝑺𝑻𝒆𝒔𝒕 image is assigned to a 𝑐 class if and only if the projection between the test vec-

tors and the prototype is close to the unit (or it is the unit). 

2.3.2. Decision Criteria 

Given that the RGB images are classified by color channels, the classifier yields three 

possible Boolean outputs: 𝐴𝑅 = 1  or 𝐴𝑅 = 0  is the acceptance or rejection of the red 

channel, 𝐴𝐺 = 1 or 𝐴𝐺 = 0 is the acceptance or rejection of the green channel and 𝐴𝐵 =

1 or 𝐴𝐵 = 0 is the acceptance or rejection of the blue channel. If the classifier outputs are 

considered Boolean variables, their possible combinations are in concordance with Table 

1, where all input variables are 𝐴𝑅, 𝐴𝐺, 𝐴𝐵, and the output variable, 𝑂𝐷, is the classifier’s 

decision. 

Table 1. Decision criteria employed in the texture space multi-class classifier. 

Classifier Output by Channel Classification Decision Case 

𝐴𝑅 𝐴𝑅 𝐴𝑅 𝐴𝑅 Not applicable 

0 0 0 0 Not applicable 

0 0 1 0 Not applicable 

0 1 0 0 Not applicable 

0 1 1 1 Not rigorous (2) 

1 0 0 0 Not applicable 

1 0 1 1 Not rigorous (2) 

1 1 0 1 Not rigorous (2) 

1 1 1 1 Rigorous (1) 

Note: 1 indicates acceptance and 0 indicates rejection. 

Based on Table 1, two cases are considered. 

Case I: The classifier has a rigorous criterion if and only if the condition 𝐴𝑅 = 1, 𝐴𝐺 =

1, 𝐴𝐵 = 1 is satisfied. 

Case II: The classifier has a not rigorous criterion if and only if the images of two 

channels are accepted and then the decision of the classifier satisfies the Boolean equation 

𝑂𝐷 = 𝐴𝑅𝐴𝐺𝐴𝐵 + 𝐴𝑅𝐴𝐺𝐴𝐵 + 𝐴𝑅𝐴𝐺𝐴𝐵 (50) 

Applying Boolean algebra, Equation (32) can be reduced to 

𝑂𝐷 = 𝐴𝐺𝐴𝐵 + 𝐴𝑅𝐴𝐵 + 𝐴𝑅𝐴𝐺  (51) 

Equation (33) becomes the decision criterion of the multi-class classifier when two 

color channels are classified correctly and one is rejected. 

2.3.3. Texture Descriptors and Classifiers 

LBPs (Local Binary Patterns) 

LBPs are designed to describe grayscale images employing an observation window 

of 3 × 3 to obtain numeric values between 0 and 255 considering the patterns 𝑃𝑖,𝑗 =

[𝑃1,1, 𝑃2,1, 𝑃3,1, 𝑃3,2, 𝑃3,3, 𝑃2,3, 𝑃1,3, 𝑃1,2, 𝑃2,2] , where 𝑃2,2 is the central pixel (see Figure 4); this 

descriptor compares 𝑃2,2  against each of its neighboring pixels 𝑃 =

[ 𝑃2,1, 𝑃3,1, 𝑃3,2, 𝑃3,3, 𝑃2,3, 𝑃1,3, 𝑃1,2, 𝑃1,1] . If the condition 𝑃𝑖,𝑗  ≥  𝑃2,2  is satisfied, a 1 is as-
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signed, otherwise, 𝑃𝑖,𝑗 < 𝑃2,2, and a 0 is assigned instead. An 8-bit binary value is gener-

ated, which is later converted to its respective decimal value between 0 and 255, which is 

stored in the resulting feature vector of 𝑅256 [23]. 

 

Figure 4. LBP descriptor. 

CS_LBPs (Center-Symmetric Local Binary Patterns) 

CS_LBPs are descriptors that, contrary to LBPs, discard the central pixel 𝑃𝐶; instead, 

pairs of symmetric pixel values are considered by ignoring the center: (𝑃0, 𝑃4 ), (𝑃1, 𝑃5 ), 

( 𝑃3, 𝑃7), ( 𝑃2, 𝑃6) (see Figure 5). 

 

Figure 5. Symmetric pairs. 

A threshold is applied to the gray tone differences employing the parameter Δ; then, 

a set of 24 patterns is generated. Its kernel function is expressed by 

𝑓(𝑥) = ∑2𝑗𝑠(𝑃𝑗 − 𝑃𝑗+4 − Δ − 1)

3

𝑗=0

 (52) 

where 𝑃𝑗  represents the intensity of the neighbor, 𝑃𝑗+4  represents the intensity of the 

symmetric neighbor and 𝑠 corresponds to the threshold function defined by 

𝑠(𝑥) = {
1, 𝑥 ≥ Δ
0, 𝑥 < Δ

 (53) 

As a result, 4 bits are extracted, defining a dimensional space of 𝑅16 [24]. 

SVM (Support Vector Machine) Classifier 

SVM is a statistical classifier commonly deployed for image classification. Give a class 

𝑐 composed by a set of images of a single individual, a texture descriptor (such as LBP or 

CS_LBP) is applied to generate a vector with textural characteristics, which is represented 

by 𝑥 , where 𝑥𝑖={𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑖} ; the class labels are defined by 𝑦𝑙 ∈ {−1, 1} , becoming 

𝑦𝑙={𝑦1, 𝑦2, 𝑦3, … , 𝑦𝑙}. Equation (36) defines the hyperplane: 

𝑤 × 𝑥 + 𝑏 = 0 (54) 

Considering (𝑤, 𝑏) of the image 𝑥𝑖, it can be described with Equation (37): 

𝑓(𝑥𝑖) = 𝑠𝑖𝑔𝑛(𝑤 × 𝑥 + 𝑏) = {
1    𝑦𝑙 = 1

−1    𝑦𝑙 = −1
} (55) 

where 𝑦𝑙  determines the class 𝑐 of the image 𝑥 [25]. 

Random Forest Classifier 

Random Forest is a popular classifier used to perform the regression and classifica-

tion of datasets. It builds multiple individual classifiers to generate a prediction. Given a 

set of data 𝑥𝑖={𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑖} , where 𝑦𝑙={𝑦1, 𝑦2, 𝑦3, … , 𝑦𝑙}  represents the classes 𝑐  [26], 

the classifier determines to which class 𝑐 the set of data 𝑥 belongs. 

https://doi.org/10.3390/jimaging12070295


J. Imaging 2026, 12, 295 14 of 24 
 

https://doi.org/10.3390/jimaging12070295 

3. Experimental Work 

Numerical experiments are presented in this section. The image classification effi-

ciency is tested for the VIR-TS transform, and the database employed contains face im-

ages, which were previously classified by a human expert. For the first experiment, an 

image is selected from the database, and random noise is added to it; hence, when the 

VIR-TS transform is calculated, 𝑪⃗⃗ 𝑹 , 𝑪⃗⃗ 𝑮 , 𝑪⃗⃗ 𝑩  and 𝑪⃗⃗ 𝑹𝒏 , 𝑪⃗⃗ 𝑮𝒏 , 𝑪⃗⃗ 𝑩𝒏  vectors have different 

positions due to noise. For the second experiment, the image database is recognized ac-

cording to the classifier described in Section 2.3. In this experiment random noise is not 

added; therefore, the efficiency of the VIR-TS transform without additional noise can be 

verified. For the third experiment, the classification efficiency of the VIR-TS transform is 

studied considering the effects of noise. The results are presented in a behavior graphic of 

efficiency vs. SNR. For experiments 2 and 3, the decision criterion is rigorous, called case 

1. 

3.1. Database 

The Georgia Tech (GT) database was employed [27]. It contains images captured by 

the signal and image processing center of the Georgia Institute of Technology. Each indi-

vidual had 15 images taken in uncontrolled environments; thus, some have frontal or 

tilted faces, with different facial expressions, in addition to different lighting and scale and 

with an approximate resolution of 150 × 150 pixels. To perform the tests of this paper, 20 

pictures (shown in Figure 6) were selected, where each individual image is considered as 

a class. 

 

Figure 6. Collage of selected images [27]. 
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3.2. FEI Database 

The FEI Database consists of a collection of photographs of 50 different individuals, 

where each individual has a set of 15 pictures. This database was compiled by the Artifi-

cial Intelligence Laboratory of FEI in São Bernardo do Campo, São Paulo, Brazil [28]. 

3.3. Experiment 1: Effect of Noise on 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 Vectors 

Based on reference [29], Gaussian distributed noise was added to the color image. 

The procedure is described below: (a) image 𝑺 in RGB format is taken as input; (b) the 

RGB image is divided in the channels that compose it, generating the 𝑺𝑅, 𝑺𝐺 and 𝑺𝐵 im-

ages, where 𝑺𝑅 is the red channel image, 𝑺𝐺 is the green channel image and 𝑺𝐵 is the 

blue channel image; (c) random noise with Gaussian distribution, σ=6, is generated; (d) 

the noise is added to 10% of each 𝑺𝑅, 𝑺𝐺 and 𝑺𝐵 image, where 𝑛 is the noise in the color 

image, 𝑛𝑟 is the noise added to the red channel, 𝑛𝑔 is the noise added to the green chan-

nel and, lastly, 𝑛𝑏 is the noise added to the blue channel, resulting in 𝑺𝑅 + 𝑛𝑟, 𝑺𝐺 + 𝑛𝑔 

and 𝑺𝐵 + 𝑛𝑏. Figure 7a presents the RGB image with no additional noise, and Figure 7b 

presents the result after the addition of noise: 𝜎 = 6 and (signal-to-noise ratio) 𝑆𝑁𝑅 =

33.85. 

(a)

 

(b)

 

Figure 7. Segment of class 3: (a) RGB image without additional noise; (b) RGB image with noise: 

𝜎 = 6 and (signal-to-noise ratio) 𝑆𝑁𝑅 = 33.85. 

Following the procedure described in Section 2.2, the VIR-TS transform was calcu-

lated for class 3, obtaining the result in Figure 8. Figure 8a presents the 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 vec-

tors when class 3 has no additional noise. Meanwhile, Figure 8b presents the 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 

𝑪⃗⃗ 𝑩𝒏  vectors, but in this case, class 3 has noise. Comparing Figure 8a,b, when noise is 

added to the RGB image in every channel, the vector position changes in the texture space, 

increasing its randomness. This can be observed in Table 2, where the values of the 𝑪⃗⃗ 𝑹, 

𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩, 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 vectors are displayed: Column 1 shows class 3; Column 2 presents 

the component values of the 𝑪⃗⃗ 𝑹 and 𝑪⃗⃗ 𝑹𝒏 vectors; Column 3 displays the component val-

ues of the 𝑪⃗⃗ 𝑮 and 𝑪⃗⃗ 𝑮𝒏 vectors; and last, Column 4 shows the component values for the 

𝑪⃗⃗ 𝑩 and 𝑪⃗⃗ 𝑩𝒏 vectors. 
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Figure 8. Texture space representation of class 3: (a) 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 vectors; (b) 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 vec-

tors. 

Table 2. Vector positions in the texture space when class 3 has no additional noise and with addi-

tional noise. 

Class 3 

𝐶 𝑅, 𝐶 𝐺, 𝐶 𝐵 vectors calculated for class 3 without additional noise 

𝐶 𝑅 𝐶 𝐺 𝐶 𝐵 

Components Components Components 

𝑡𝑟1 𝑡𝑟2 𝑡𝑟3 𝑡𝑔1 𝑡𝑔2 𝑡𝑔3 𝑡𝑏1 𝑡𝑏2 𝑡𝑏3 

802,100 549,400 105,600 852,300 570,400 103,300 833,500 563,800 104,400 

𝐶 𝑅𝑛, 𝐶 𝐺𝑛, 𝐶 𝐵𝑛 vectors calculated for class 3 with additional noise 

𝐶 𝑅𝑛 𝐶 𝐺𝑛 𝐶 𝐵𝑛 

Components Components Components 

𝑡𝑟1 + 𝑛𝑟 
𝑡𝑟2
+ 𝑛𝑟 

𝑡𝑟3 + 𝑛𝑟 𝑡𝑔1 + 𝑛𝑔 𝑡𝑔2 + 𝑛𝑔 𝑡𝑔3 + 𝑛𝑔 𝑡𝑏1 + 𝑛𝑏 𝑡𝑏2 + 𝑛𝑏 𝑡𝑏3 + 𝑛𝑏 

724,200 528,100 109,700 764,900 548,900 107,900 754,300 545,400 104,400 

Analyzing Figure 8 and Table 2, on the texture space, the 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 vectors have a 

different position from the 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 vectors due to the noise added to class 3, caus-

ing a greater randomness in the 𝑪⃗⃗ 𝑹𝒏, 𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 vectors. These position changes account 

for errors in image classification when the VIR-TS transform is employed for recognition. 

3.4. Experiment 2: Image Classification of RGB Images Without Added Noise 

This section verifies the efficiency of the VIR-TS transform when random noise is not 

added to any of the 20 classes, as shown in Figure 6. The multi-class classifier was de-

scribed in Section 2.3, and its characteristic vector is defined by three (𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩) vectors. 

In the multi-class classifier, each RGB image is considered a class, and the 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 

vectors are calculated for each 𝑺𝒄 class with the following procedure: (a) the 𝑐 − 𝑡ℎ class 

is separated by channels, obtaining the 𝑺𝑹𝒄, 𝑺𝑮𝒄 and 𝑺𝑩𝒄 images; (b) the VIR-TS trans-

form is calculated for the 𝑺𝑹𝒄, 𝑺𝑮𝒄 and 𝑺𝑩𝒄 images, resulting in the 𝑪⃗⃗ 𝑹𝒄, 𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄 vec-

tors; (c) steps a and b are repeated for each class until all prototypes are generated for the 

classifier; (d) a test image 𝑺𝑻𝒆𝒔𝒕 is divided in channels to generate the 𝑺𝑅𝑇𝑒𝑠𝑡, 𝑺𝐺𝑇𝑒𝑠𝑡 and 

𝑺𝐵𝑇𝑒𝑠𝑡 images; (e) each 𝑺𝑅𝑇𝑒𝑠𝑡, 𝑺𝐺𝑇𝑒𝑠𝑡 and 𝑺𝐵𝑇𝑒𝑠𝑡 image has its VIR-TS transform calcu-

lated to obtain the 𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕 vectors; (f) the resulting 𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕 

vectors are compared against the prototype vectors, 𝑪⃗⃗ 𝑹𝒄, 𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄, where the similarity 

between vectors is calculated by means of vector projection; (g) the test image 𝑺𝑻𝒆𝒔𝒕 is 

assigned to a 𝑐 − 𝑡ℎ class based on Equation (8), i.e., the vectors that bear the most simi-

larity on the texture space. 

Evaluation Metrics 
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The effectiveness of the classification model is measured to evaluate the efficiency, 

taking into account the following [30,31]: TP, correctly classified positives; TN, correctly 

classified negatives; FP, negatives classified as positives; and FN, positives classified as 

negatives. 

Precision identifies positive simples of the positive prediction results. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (56) 

Accuracy identifies the correctly classified classes through all the predictions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁 + 𝑇𝑃

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (57) 

Recall identifies correct predictions of the positive results. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (58) 

F1-Score identifies the mean harmonic between recall and precision. 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (59) 

The image classification results were obtained through a confusion matrix where the 

successes appear in the main diagonal and the classification errors are the elements out-

side of the scope of the main diagonal. Figure 9 illustrates the classification efficiency of 

the VIR-TS transform if the classes have no added noise. 

 
 

(a) (b) 

Figure 9. (a) Image classification results implementing VIR-TS transforms when classes have no 

added noise. (b) Confusion matrix. 

In Figure 9, the classification efficiency can be calculated with 

𝐸𝑓% =
1

𝐶
∑𝑑𝑖𝑎𝑔(𝑀)

𝑐

× 100 (60) 

where 𝐸𝑓%  is the classification efficiency in a percentage, 𝑀  is the confusion matrix, 

∑ 𝑑𝑖𝑎𝑔(𝑀)𝑐  is the sum of all elements within the confusion matrix and 𝐶 is the total of 

classes from the image database. 

𝐸𝑓% =
1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1

20
× 100 (61) 

The efficiency, EF, is 100% when noise is not added to the classes. Hence, we can 

confirm that the VIR-TS transform is efficient in image recognition applications; nonethe-

less, its effectiveness is due to the sensibility of random noises in the classes. 

Table 3 displays a comparative study to verify the evaluation metrics of the de-

scriptors and classifiers proposed in this paper against LBP and CS_LBP descriptors with 

the SVM and RF classifiers. It can be noted that the proposed technique surpasses the 

results in all the measured metrics. 
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Table 3. Classification comparison between the different descriptors and classifiers. 

  FEI Face DB GT Face DB 

P
ro

p
o

se
d

 Accuracy 100 100 

Precision 100 100 

Recall 100 100 

F1-Score 100 100 

L
B

P
-S

V
M

 Accuracy 80.00 80.00 

Precision 70.00 70.00 

Recall 80.00 80.00 

F1-Score 73.33 73.33 

C
S

-L
B

P
-

S
V

M
 

Accuracy 80.00 80.00 

Precision 70.00 70.00 

Recall 80.00 80.00 

F1-Score 73.33 73.33 

L
B

P
-R

F
 Accuracy 80.00 80.00 

Precision 71.67 70.00 

Recall 80.00 80.00 

F1-Score 74.17 73.33 

C
S

-L
B

P
-R

F
 

Accuracy 80.00 80.00 

Precision 71.67 70.00 

Recall 80.00 80.00 

F1-Score 74.17 73.33 

3.5. Experiment 3: Classification of RGB Images with Added Noise 

In this section, the face images presented in Figure 6 are classified with the VIR-TS 

transform after each class received a Gaussian distributed random noise addition in 10% 

of their pixels. The images were catalogued by employing the multi-class classifier de-

scribed in Section 2.3. The procedure is detailed as follows: (a) each class 𝑺𝒄 was sepa-

rated by its color channels, 𝑺𝑅𝑐, 𝑺𝐺𝑐 and 𝑺𝐵𝑐 , and each extracted image had a Gaussian 

distributed random noise added to them, obtaining 𝑺𝑹𝒄 + 𝑛𝑟 , 𝑺𝑮𝒄+𝑛𝑔, 𝑺𝑩𝒄+𝑛𝑏 as a result; 

(b) from each image 100 sub-images with randomly added Gaussian noise were extracted, 

obtaining a total of 5000 images from the 50 original ones; (c) afterwards, a mean was 

calculated for each image and the VIR-TS transform was applied to it, obtaining the 𝑪⃗⃗ 𝑹𝒄, 

𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄 vectors for the 𝑐 − 𝑡ℎ class; (d) an 𝑺𝑻𝒆𝒔𝒕 test image was acquired and separated 

by the component channels to generate 𝑺𝑅𝑇𝑒𝑠𝑡, 𝑺𝐺𝑇𝑒𝑠𝑡 and 𝑺𝐵𝑇𝑒𝑠𝑡; (e) the VIR-TS trans-

form was calculated for the 𝑺𝑅𝑇𝑒𝑠𝑡 , 𝑺𝐺𝑇𝑒𝑠𝑡  and 𝑺𝐵𝑇𝑒𝑠𝑡  images, and, consequently, the 

𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕, 𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕 vectors were obtained; (f) the 𝑪⃗⃗ 𝑹𝒄, 𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄 prototype vectors and 

the 𝑪⃗⃗ 𝑹𝑻𝒆𝒔𝒕 , 𝑪⃗⃗ 𝑮𝑻𝒆𝒔𝒕 , 𝑪⃗⃗ 𝑩𝑻𝒆𝒔𝒕  vectors were compared; then, the 𝑺𝑻𝒆𝒔𝒕  test image was as-

signed to the class it was closer to. The similarity between classes was measured by means 

of vector projection on the texture space, as indicated in Equation (31). Figure 10 illustrates 

the behavior of classification efficiency (%) vs. the signal-to-noise ratio. 
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Figure 10. Behavior graphic: classification efficiency vs. signal-to-noise ratio. 

In Figure 10, for 𝑆𝑁𝑅 = 54.36 or greater, the VIR-TS transform presents an efficiency 

of 100%, and this value is equal to the results obtained with images with no added noise, 

as can be seen in the results in experiment 2. Under these conditions, the classes do not 

have enough noise to disturb the position of the 𝑪⃗⃗ 𝑹𝒄 , 𝑪⃗⃗ 𝑮𝒄 , 𝑪⃗⃗ 𝑩𝒄  vectors on the texture 

space. Contrary to this, if the SNR value diminishes due to an increment of the noise in 

the class, then the classification decreases given the randomness of the 𝑪⃗⃗ 𝑹𝒄, 𝑪⃗⃗ 𝑮𝒄, 𝑪⃗⃗ 𝑩𝒄 vec-

tors higher on the texture space. Ergo, the vision systems built through the VIR-TS trans-

form yield an efficiency lower than 100%. 

Training and Testing Classification Procedure with Noise (Figure 11) 

The model of the sub-images without added noise is generated as follows: 

1. Take an image of each class 𝑆𝑐. 

2. Generate sub-images. 

3. Apply a texture descriptor (proposed, LBP or CS_LBP) to generate the feature vec-

tors. 

4. Train the model with 80% of the generated sub-images. 

5. Perform a classification procedure with the remaining 20% with the proposed classi-

fier, SVM and RF. 

6. Generate the trained model. 

Evaluation of the classification procedure of sub-images with noise was performed 

as follows: 

7. Take an image from each class 𝑆𝑐 and add a Gaussian noise with the function np.ran-

dom.normal of the NumPy library and a parameter of σ = 6, resulting in SNR = 

38.3947. 

8. Generate sub-images from the images with added noise. 

9. Implement the descriptors (proposed, LBP or CS_LBP) to generate the feature vec-

tors. 

10. Train the model employing the feature vectors generated with noise as input. 

11. Predict which class the studied sub-image belongs to. 
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Figure 11. Training and testing procedure. 

The procedure described in Training and Testing Classification Procedure with Noise 

(Figure 11) was performed to evaluate the classification accuracy. Table 4 presents a com-

parative study where the evaluation metrics with descriptors proposed in this paper are 

measured considering the LBP and CS_LBP descriptors and the SVM and Random Forest 

classifiers. From the experimental results reported in Table 4, VIR-TS is better that LBP-

SVM and CS-LBP, but its efficiency is lower than the LBP-RF. Therefore, our proposal can 

be applied because its efficiency is higher that some texture extraction techniques re-

ported. 

Table 4. Comparison of evaluation metrics. 

  FEI Face DB GT Face DB 
  Noise Noise 

P
ro

p
o

se
d

 Accuracy 60.00 80.00 

Precision 47.17 72.00 

Recall 60.00 80.00 

F1-Score 51.13 74.67 

L
B

P
-S

V
M

 Accuracy 5.64 91.98 

Precision 1.11 92.29 

Recall 5.64 91.98 

F1-Score 1.49 91.94 

C
S

-L
B

P
-

S
V

M
 

Accuracy 14.54 76.24 

Precision 19.02 77.99 

Recall 14.54 76.24 

F1-Score 10.12 75.87 

L
B

P
-R

F
 Accuracy 17.38 98.64 

Precision 4.33 98.66 

Recall 17.38 98.64 

F1-Score 6.58 98.64 

C
S

-L
B

P
-R

F
 

Accuracy 96.80 98.88 

Precision 96.84 98.89 

Recall 96.80 98.88 

F1-Score 96.80 98.88 

4. Discussion 

In this paper, facial RGB images are classified on the texture space of the Vectorial 

Image Representation on the Texture Space (VIR-TS) transform. The RGB images were 

identified based on the color compositions of their channels given that each channel was 
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represented by a vector, 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩. Here, 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, 𝑪⃗⃗ 𝑩 were employed as characteristic 

vectors in a multi-class classifier, and the similarity between classes was measured by 

means of a projection between prototype vectors and test vectors. Experimentally, the 

classification efficiency of the VIR-TS transform was evaluated. Based on theoretical anal-

ysis and experimental results, the following points are worth noting: 

(a) The VIR-TS transform can classify RGB images on texture space, performing a recog-

nition based on the color channels. 

(b) The VIR-TS transform returns a 100% efficiency in image identification when the clas-

ses have no added noise and if the signal-to-noise ratio is a greater value. 

(c) By reducing the signal-to noise ratio in the class, the efficiency of the VIR-TS trans-

form decreases due to the increment of the randomness in the position of the 𝑪⃗⃗ 𝑹𝒏, 

𝑪⃗⃗ 𝑮𝒏, 𝑪⃗⃗ 𝑩𝒏 vectors on the texture space. 

(d) Efficient artificial vision systems can be built based on the VIR-TS transform if and 

only if the SNR is high. 

(e) The VIR-TS transform is not invariant to scale or rotation, and these effects on the 

class could reduce its image classification efficiency. 

(f) The VIR-TS transform can be applied in security systems, medical diagnosis, image 

reconstruction, and locating people, among other applications. 

(g) The VIR-TS is founded by concepts of linear algebra, as it is a homogeneous system 

of equations based on a pattern 𝑃  detected by the observation window 𝐼 × 𝐽 =

3 × 3 . On the other hand, other texture extraction techniques (LBP and CCR) are 

founded in probability and statistic concepts; ergo, the resulting texture unit is em-

ployed as an index for discrete histograms. 

(h) The foundation of the VIR-TS transform is based in linear algebra, while other trans-

forms are founded in filtering processes (texture extraction techniques by signal pro-

cessing), statistical events (statistical texture extraction techniques), fractals and/or 

polynomials (texture extraction techniques using mathematical models). Thus, the 

VIR-TS technique is a novel methodology used to represent the texture data, and this 

representation is, in fact, a texture space. 

Comparing the VIR-TS technique against the statistical texture extraction techniques 

(LBP and CCR), the VIR-TS represents an RGB image through three vectors, 𝐶 𝑅, 𝐶 𝐺, and 

𝐶 𝐵, where each vector corresponds to a color channel with three components. Meanwhile, 

the statistical techniques generate a discrete histogram, 𝑝(𝑘) ( 𝑘 = 0.1.2, … , 𝐾 − 1), with a 

𝐾 length depending on the codification method and the observation window size 𝐼 × 𝐽. 

Considering the aforementioned, our method offers advantages over the statistical tech-

niques because the computer operations required for classification are significantly re-

duced when two images are compared. This reduction in computer operations is noticea-

ble when the similarity between two images is measured: VIR-TS measures the similarity 

comparing three vectors, 𝐶 𝑅 , 𝐶 𝐺 , 𝐶 𝐵 , while the LBP and CCR techniques measure the 

similarity with discrete histograms [23], rendering the possibility of a buffer overflow. 

Comparing our image classification proposal with the one reported in reference [22], 

both papers performed image classification employing the VIR-TS transform. However, 

our proposal applies the VIR-TS transform in RGB images where classes received random 

noise to demonstrate its high classification efficiency. Furthermore, comparing the VIR-

TS transform with the techniques reported in references [22,32,33], our proposal analyzes 

the texture through a transformation, but in the references the texture is studied by its 

frequency components. Conversely, comparing our proposal with references [34–37], our 

proposal is founded in linear algebra, and the literature analyzes the texture with statisti-

cal fundaments. Considering the aforementioned, our future work has the following lines 
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of interest: (a) study the invariance to rotation and scale for the VIR-TS transform; (b) im-

plement artificial vision systems based on the VIR-TS transform; (c) develop a mathematic 

formality for the VIR-TS transform; (d) develop statistical analysis regarding the efficiency 

and behavior of classifiers versus noise; (e) improve the classification efficiency of the VIR-

TS with techniques based on noise reduction. 

5. Conclusions 

In this paper, facial recognition was implemented by employing RGB images. Each 

color channel had its local texture characteristics extracted with the Vectorial Image Rep-

resentation on the Texture Space (VIR-TS) transform, representing every RGB image by 

three random vectors, 𝑪⃗⃗ 𝑹, 𝑪⃗⃗ 𝑮, and 𝑪⃗⃗ 𝑩, on the texture space. Experimentally, by deploy-

ing a multi-class classifier, the efficiency of the VIR-TS transform was corroborated con-

sidering two cases: without noise added to the class and with noise added to the class. In 

the first case, when an image had no added noise, the VIR-TS transform returned an effi-

ciency of 100%. For the second case, when the face images had noise, the efficiency re-

turned 100% if and only if the 𝑆𝑁𝑅 = 50.36 or greater; otherwise, the efficiency decreased 

proportionally to the lower value of the SNR. 

Based on these results, the VIR-TS transform can be implemented to design artificial 

vision systems with high efficiency. It can be applied in medical diagnosis, security, access 

control, medical image analysis, image reconstruction, and locating people, to mention 

some examples. 

Our future work will consist of strengthening and improving this area of research to 

further our contribution with techniques to allow the descriptor to work with images in 

uncontrolled environments that present different degrees of rotation, brightness and oc-

clusion. 
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