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Abstract

Facial recognition is widely employed in identification systems where access restriction is
a desirable quality, providing greater security and preventing the access of unauthorized
parties. With this problem in mind, this paper proposes a new texture descriptor that
works in the RGB, YCbCr and HSV color modes. It obtains perceptual descriptive data
from the photographs; the descriptor considers similarities between neighboring pixels
and diminishing noise interference, making it robust to minor disturbances and bringing
greater stability between similar images. Furthermore, the descriptor achieves good clas-
sification performance when used with both a neural network (NN) and the statistical
classifier Support Vector Machine (SVM) on color images. A performance comparison of
the proposed descriptor against LBP and OC_LBP employing three different face databases
is presented to demonstrate that the proposed descriptor can work with the RGB, YCbCr
and HSV color modes, presenting the best results when employing a neural network as a
classifier with color image databases in the three studied color modes.

Keywords: texture descriptors; SVM; neural networks; YCbCr; RGB; HSV; facial recognition

1. Introduction

Nowadays, facial recognition systems have become of great importance due to their
application in person identification; additionally, they have become more employed in
mobile devices, the authentication of students in virtual classes, employee identification,
access authorization, etc. For facial recognition to be performed correctly, it is necessary to
take the following into consideration: rotation and facial posture, facial expression, lighting,
and contrast, etc. [1]. Image scale must also be taken into consideration; several papers
propose novel techniques for facial recognition, where a genetic algorithm and SVM are
deployed [2]. To perform facial recognition, it is necessary to have at least one descriptor to
generate characteristic vectors, along with a classifier to identify or determine the class, face
or category that the studied part of interest belongs to. Therefore, some papers propose
descriptors where long videos are segmented into smaller ones, employing GLCM to extract
the statistical data from the video, reducing its size. The recognition is performed through
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the Viola—Jones algorithm; face segments are extracted by implementing data mining [3].
In another study, the facial image is cut into different regions, left eye, right eye, nose and
mouth; face regions are embedded in nodes. Considering the relation between two nodes,
a Generative Adversarial Network (GAN) is implemented for facial identification; graphic
convolutional neural networks are employed to detect the relation between facial regions [4].
Angular distance is calculated to find coincidences between two facial images. SVM and
Similarity Metric Learning are deployed as classifiers to verify these coincidences, along
with POEM, LBP, Monogenic Binary Coding, HOG, HASC, GOLD, RICLBP and CLBP as
texture descriptors [5]. Characteristics are extracted from images stored in a database; the
obtained texture characteristic vectors are placed in a repository that contains the color
signature and data regarding the texture shape and measurements. The YCbCr color mode
and GLCM texture descriptor are employed [6]. Two texture descriptors were proposed:
Local Grouped Order Pattern (LGOP) and Non-Local Binary Pattern (NLBP). They are
combined to build the histogram characteristics [7]. A technique for feature extraction
in volumetric images was proposed to discriminate data. Vectors based on Local Binary
Patterns and Gray Level Co-Occurrence Matrices are generated and fused; for classification,
Support Vector Machine, k-Nearest Neighbors and Random Forest were employed [8]. A
texture descriptor working under HSV color mode was designed; the bin number of the
H channel is quantified. Votes are conducted with the saturation values and vice versa;
furthermore, the relation of co-occurrence between the pixels is taken into consideration [9].
A texture descriptor was implemented, combining the representation of complex objects,
employing a cellular automaton with local descriptors based on Local Binary Patterns [10].
Another related approach is RGB pixel N-grams where RGB textures are deployed and
tested with three classifiers [11]. An algorithm was optimized to perform facial recognition,
employing several hybrid-like texture descriptors and a convolutional neural network
called AlexNet [12]. A texture descriptor was developed for facial recognition in images
with controlled and uncontrolled environments, where lighting homogeneity was achieved
employing histogram matching [13]. The combination of a 3D model, the LBP texture de-
scriptor and a simple CNN was deployed to perform facial recognition [14]. Another paper
implements the Local Binary Patterns (LBPs), Local Ternary Patterns (LTPs) and Complete
Local Binary Patterns (CLBPs) texture descriptors in conjunction with a convolutional
neural network to identify facial expressions in people [15]. Two novel texture descriptors
were designed for a paper published in [16], ZigZag Binary Patterns (CZZBPs) and Color
Median Binary Patterns (CMBZZBPs) where zigzag RGB data is taken to calculate medians;
SVM and neural networks are deployed for classification purposes. A new algorithm was
developed to optimize Local Binary Patterns (LBPs), where the data is segmented into
three matrices, of which two are fixed to analyze and optimize through singular value
decomposition [17]. A method employing 2D facial images was presented; Speeded-Up
Robust Features (SURF) and Scaled-Invariant Feature Transform (SIFT) are deployed for
feature extraction while Random Forest and Decision Tree are applied for classification [18].
To perform facial recognition efficiently, some challenges must be overcome beforehand,
such as photographs taken in uncontrolled environments, poor lighting, and different
poses; additionally, as a rule of thumb, texture descriptors have been designed to work
with grayscale images or RGB color mode. Thus, others color modes such as HSV and
YCbCr could be implemented. Skin tones were detected in RGB facial images of different
ethnicities; OpenCV was employed to identify skin colors and recommend makeup bases;
and HSV and YCbCr were used for color detection with delta-E [19]. In [20], an RGB image
is taken as input and then converted into two color spaces to represent skin tones. The S
channel from HSV is employed to detect eyes and nostrils, while lips are identified with
YCbCr. In [21], a technique to detect attacks based on the HSV and YCbCr color spaces was
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designed using a CNN that identifies the characteristics to perform classification. Several
CNNs were tested (ResNet50, VGG16 and MobileNetV2) to detect if facial images are real
or forged. In another study, image quality is taken into consideration. Low quality images
are processed with a CNN in HSV mode; medium-quality images are processed through
SIFT in RGB mode, and high-quality images with SURF in YCbCr mode. For classification,
the Manhattan distance and the Nearest Neighbor classifier were employed for statistical
analysis along with a CNN model [22]. An algorithm was proposed for facial detection
considering the tones of human skin; RGB, HSV and YCbCr space colors are applied to
generate a feature vector which is later employed for gender classification [23]. A facial
recognition algorithm was designed where three new hybrid color spaces is constructed.
These color spaces, namely YSCr, ZnSCr and BnSCr, were formed by employing the com-
ponents Cb and Cr extracted from the YCbCr color space; the S component was extracted
from HSV; and the Zn and Bn components were taken from the XYZ color space. These
features are extracted and then fused together; the resulting vectors are classified with
combinations of Machine Learning classifiers [24]. The YCbCr, HSV and Lab color modes
are integrated for facial detection in difficult or obscured environments [25]. In another
study, the HSV, YCbCr, RGB and L*a*b color modes were also applied for face detection
and the YCbCr space achieved the highest degree of accuracy [26]. In [27], classifiers LDA,
SVM and XGBoost were compared employing the color modes: RGB, HSV, YCbCr and
CIE (Lab); based on this the optimal texture descriptor was selected and applied in face
presentation attack detection. The HSV, RGB and YCbCr are widely deployed for facial
detection considering skin tones or to mitigate phishing attacks; however, the papers limit
exploiting the characteristics of a color space for texture description without proposing a
technique that could perform description through multiple color spaces.

This paper proposes a simple and efficient texture descriptor that can be employed in
different color modes with statistical classifiers and neural networks.

The highlights of this manuscript can be summed up as follows:

1. The descriptor can be deployed to identify any object of interest, such as faces, finger-
prints, healthy or sick plants, and lacerations, etc.

2. The texture descriptor can operate in different color modes: RGB, YCbCr and HSV.

3. The texture descriptor is based in the identification of similarities between subpixels
composing an observation window of 3 x 3 employing the logical operator AND.

4. The subpixel binary values are considered to find coincidences, making it robust
to noise, representing the image structures with more detail and less invariance to
lighting changes or small perturbances, extracting data of greater quality.

5. A comparison between the accuracy levels of the SVM classifier and the NN
is presented.

6. The proposed descriptor was also compared against LBP and OC_LBP with three
databases to determine the efficiency of the proposed descriptor with respect to others
commonly used in the literature.

7. Performs image classification invariably in controlled and uncontrolled environments,
with poses of varying degrees and different expressions.

This paper is structured in the following manner: Section 2 details the methodology
employed in the correct operation of the proposed descriptor and how the classification
techniques are carried over; Section 3 exhibits the obtained results from the different tests,
an ablation study of the NN, confusion matrices and ROC curves; Section 4 details the
conclusion reached in this paper; and last, but not least, the last Section lists the references
considered to sustain the scientific evidence verifying the current state of the art.
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2. Methodology

This paper proposes a novel texture descriptor for image classification in different color
modes (RGB, YCbCr and HSV). Figure 1 illustrates the proposed process in this research:
(1) an expert user organizes images or photographs of a subject or person according to their
class before training; (2) every image of each class is processed; it is divided in the channels
that conform it depending on the color mode of interest (RGB, YCbCr or HSV); (3) the
proposed descriptor found in Section 2.3.3 is employed to generate (4) the feature vectors
of the class and (5) the statistical classifier (SVM) and NN performs the classification; once
training has been completed, a new image is classified, and, lastly, (6) it is decided to which
class it belongs considering the requirements of the selected classifier.

(1) (3) 4 (5) 6

Training Channels Proposed Channel
Images Technique| |Descriptor|

Proposed
Technique-’ l.]
Proposed | .
[Technique] .. ..

L]
Proposed
Technique-» IL‘

Classes Feature Descriptor Classifier Test Output

Image 1

Class 1 Image 2

New
image

v v

Proposed. N

‘echnique] L Cl i Trained Prediction|
model

Proposed.

Proposed'

‘echnique] LLL

Image n

y

Image 1

Class 2 Image 2

Image n

Class n

Figure 1. General operation for image identification.

2.1. Databases
2.1.1. The Georgia Tech (GT)

Database [28] was deployed, an open source dataset consisting of photographs with
the following technical specifications: 15 color images in JPEG color with a 640 x 480 per
subject of 50 different people, giving a total of 750 images; the photographs were taken
with different lighting conditions and scale, against a cluttered background, in two or
three different sessions; the images present frontal faces, sometimes tilted or angled and
with different facial expressions. Figure 2 presents a digital collage with a sample of the
photographs found in the chosen database.

One of the most common challenges found in facial recognition is having enough
images for training; more images result in better accuracy [29]. With this in mind, this
paper deploys the Data Augmentation technique to increase the quantity of images in the
database; this tool applies a series of transformations to the images—rotation, mirroring,
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and brightness adjustments, etc. Data Augmentation was deployed to perform more robust
training to ensure the model operated correctly in uncontrolled environments.

Figure 2. Images from the Georgia Tech face database [28].

2.1.2. FEI

This is a database crafted by the Artificial Intelligence Laboratory of FEI in Sao
Bernardo do Campo, Sao Paulo, Brazil. In total, 14 images were taken of 50 individu-
als, and then Data Augmentation was applied to obtain 192 images for each class, resulting
in a total of 9600 images; the images were re-dimensioned to a 320 x 240 resolution [30].

2.1.3. YALEB

The extended Yale Face Database B contains images of 28 individuals in 9 different
poses and 64 different lighting conditions [31]; these images were also re-dimensioned to
320 x 240.

2.2. Data Augmentation

The procedure to generate new images consists of taking an image of each class,
which is employed as base; from it, another image is generated applying a mirroring
technique; two additional images are obtained by rotating the original image and the mirror
180 degrees in opposite poles; afterwards, three more images are procured varying the
brightness levels; to conclude this process, from the three images with varying brightness,
the other three images are obtained, a mirrored one and two rotated 180 degrees in opposite
directions. This process is showcased in Figure 3.

Once the Data Augmentation procedure has been completed with the Georgia Tech
database, the samples increased from 750 to 12,000 images, from which 11,200 were em-
ployed for training and 800 for testing.

2.3. Texture Descriptors
2.3.1. LBPs (Local Binary Patterns)

Each element of the 3 x 3 observation window holds an integer value p, where P = [p1,
p2, p3, p4, v5, p6, p7, p8, pC], and pC denotes the central pixel; this texture descriptor
compared every neighbor element in the window with the central pixel pC; if it is equal
or greater, a 1 value is assigned to the position of the neighbor it is being compared with;
otherwise, a 0 is assigned instead. Figure 4 illustrates the process performed by LBP,
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generating an 8-bit binary. This binary is turned into its corresponding decimal, obtaining a
value between 0 and 255 which is stored in the feature vector. For this paper, the descriptor
was adapted to generate a 256-element vector for each color channel, i.e., 256 for channel R,
256 for channel G and 256 for channel B; therefore, the resulting characteristic vector bears
768 elements [32].

Mirror
+

rotated 180

Rotated 180, Mirror

brightness 2

brightness 1

brightness 1 brightness 1 brightness 2 brightness 2 brightness 3 brightness 3
+ + + + + +
mirror rotated 180 mirror rotated 180 mirror rotated 180

= e
brightness 1 brightness 2 brightness 3
+ + +
mirror mirror mirror
+ + +
rotated 180 rotated 180 rotated 180

Figure 3. Images generated through the Data Augmentation database GT.

54/ 59 62 | pg | P7 | P6 010 |1 12864/32/126/8 (4|21
48 60 63 p,; pc ps | | 0 60| 1™ p1|p2|p3 pa|ps|pe|p7|ps/— 12
3715959 | p; | p3|pa 0/0]0 o/olojol1|1/0]0

Figure 4. LBP descriptor operational scheme.

2.3.2. OC_LBP (Orthogonal Combination of Local Binary Patterns)

A3 x 3 observation window is taken, composed of p =[p1, p2, p3, p4, p5, v6, p7, p8, pCl,
where pC represents the central pixel, which is compared with its pn neighbors. If the
neighbor pn > pC, a 1 is assigned; otherwise, it will return 0. The components are divided
into 2: V1 = [p1, p3, p5, p7] and V2 = [p2, p4, p6, p8]. A dimensional space of R is
obtained for each component, V1 and V2, which are fused, and henceforth, the resulting
feature vector consists of R*2. This procedure is presented in Figure 5.
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Figure 5. OC_LBP descriptor operational procedure.

2.3.3. Proposed Texture Descriptor

The process used to generate the vector that represents the textural characteristics of
the image under study is explained below. Said vector has a texture space of 768 positions
regardless of the chosen color space where the first 256 positions represent the intensity
corresponding to channel Y (YCbCr), R (RGB) or H (HSV), depending on the color mode.
The following 256 positions correspond to Cb, G or S and the last 256 positions conform to
Cr, B or V. This is illustrated in Figure 6.

The operation of the proposed texture descriptor is explained below.

Phase 1. Data extraction.

1. Enter the input image, Image, and transform it to any of the YCbCr, RGB or HSV color
modes to generate three color matrices or sub-images, one for each channel. The color
space to be used is selected:

ChR, ChG, ChB = ImageRGB
or
ChY, ChCbh, ChCr = ImageYCbCr
or
ChH, ChS, ChV = ImageHSV

Y |[+|Cb|+ ]| Cr|=|768

R|+| G |+| B |[=]768

H|+| S |+|V |=[768

256 | + | 256 | + | 256 | = | 768

Figure 6. Feature vectors dimensions.

2. Employ a 3 x 3 observation window to traverse the subpixels of the sub-image or
matrix of each channel; this process can be observed in Figure 7.

https://doi.org/10.3390/app16126061
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mOde Image matrix Window
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N o 57,59 56 60, 58| 55 48| 60 63
. r 56,53 60| 49, 60| 62 57/ 50| 56

50| 52| 48| 55 62| 58

YCbCr 49, 48| 50, 65 63| 45

Or
RGB

Figure 7. Sub-image pathing with a 3 x 3 observation window.

3. Two data groups of texture information are obtained from the observation window:
the first group considers the data in a plus shape (+), while the second group considers
the data in a cross shape (x), as illustrated in Figure 8.

59
Kernel ,48 |60 |63
Window
.59
,54/.59, 62
48|60\ 6
57.59}.5 54| [62]
60

57| |56]

Figure 8. Observation window, data extraction in a cross or plus shape.

4. Obtain the subpixel values of the observation window in a plus shape, considering
the subpixels P0, P2, P4 and P6 (see Figure 9).

59
48 | 60,63
59

Figure 9. Plus-shape texture data.

A48 +—*,63
,59 «—»{ 59

5. Convert the pixel values PO and P4 to their respective binary value, then apply an
AND operation between them; the resulting value is stored in Plus0; see Figure 10.

PO AND P4
a8 && 63
00110000 00111111
PlusO — 00110000

Figure 10. Obtaining Plus0.

6.  Convert the pixel values P2 and P6 to their respective binary value, then apply an
AND operation between them; the resulting value is stored in Plus1; see Figure 11.
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P2 AND P6
59 && 59
00111011 00111011
Plusl ———» 00111011

Figure 11. Obtaining Plusl.

7.  Determine the number of bits turned on in both Plus0 and Plus1; the results are stored
in BitsPO and BitsP1 respectively. See Figure 12.

Plus0 Bits ON

00110000 2 «—BijtsPO
Plus1 Bits ON

00111011 5 <«—BijtsP1

Figure 12. Determining the number of bits in BitsP0 and BitsP1.

8.  Convert PlusO and Plusl to a decimal to generate integer values between 0 and 255.

See Figure 13.
PlusO Plusl
00110000 00111011
48 59

Figure 13. Converting Plus0 and Plus1 into integers.

9. In case BitsP0 is equal to BitsP1, i.e., they have the same number of lit bits, the
decimal values of PlusO and Plusl are compared and the greater decimal value is
selected instead.

If BitsPO == BitsP1

If PlusO > Plusl
BestPlus = Plus0
If Plusl > Plus0
BestPlus = Plusl
I'f PlusO == Plusl
BestPlus = Plus0
10. In case Plus0 and Plusl are different, BestPlus stores the greater value. See Figure 14.

Plus0=48 Plus1=59
highest value 59 — BestPlus

Figure 14. Selecting BestPlus.

11.  Collect the integer values of the P1, P3, P5 and P7 subpixels, considering the window
values in a cross shape; see Figure 15.

https:/ /doi.org/10.3390/app16126061
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Figure 15. Extract texture data in a cross shape.

12.  Convert the pixel values, P1 and P5, to their respective binary value, then apply an
AND operation between them; the resulting value is stored in Cross = 0; see Figure 16.

P1 AND PS
57 && 62
00111001 00111110
CrossQ — 00111000

Figure 16. Selecting the value of Cross0.

13.  Convert the pixel values, P3 y P7, to their respective binary value, then apply an AND
operation between them; the resulting value is stored in Cross = 1; see Figure 17.

P3 AND p7
56 && 54
00111000 00110110
Crossl—— 00110000

Figure 17. Selecting the value of Crossl.

14. Determine the number of bits turned on in both, Cross0 and Cross1; the resulting
values are stored in BitsC0 and BitsC1 respectively; see Figure 18.

Cross0 Bits ON

00111000 3 <«—BjtsCO
Cross1 Bits ON

00110000 2 <«—RBijtsC1

Figure 18. Obtaining the total number of bits turned on.

15.  Convert CrossO and Cross1 from binary to decimals to generate integer values between

0 and 255; see Figure 19.
Cross0O Crossl
00111000 00110000
56 48

Figure 19. Converting Cross0 and Cross1 to integers.

16. In case BitsC0 is equal to BitsCl, i.e., they have the same number of lit bits, the
decimal values of Cross0 and Cross1 are compared and the greater decimal value is
selected instead.

If BitsCO == BitsCl1
If Cross0 > Cross1

BestCross = Cross0

https:/ /doi.org/10.3390/app16126061
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If Crossl > Cross0
BestCross = Crossl
I'f CrossO == Crossl
BestCross = Cross0

17.  If CrossO and Crossl are different, BestCross receives the greatest value. See Figure 20.

Cross0=56 |  Cross1=48
highest value | 56 — BestCross

Figure 20. Greater value stored in Cross.

18. Determine the number of bits turned on in both BestPlus and BestCross; the results are
stored in bitsBestPlus and bitsBestCross; see Figure 21.

BestPlus BitsOn

59 «———BjtsBestPlus
00111011 5
BestCross Bits ON

56 <«—BijtsBestCross
00111000 3

Figure 21. Obtaining the number of bits turned on for BestPlus and BestCross.

19. The number of bits turned on is compared to select the greater value between bitsBest-
Plus and bitsBestCross; if bitsBestPlus > bitsBestCross, then Best = BestPlus. Otherwise, if
bitsBestCross > bitsBestPlus, then Best = BestCross; see Figure 22.

20. If bitsBestPlus is equal to bitsBestCross, i.e., they have the same number of lit bits, the
decimal values of BestPlus and BestCross are compared and the greater decimal value

is selected instead.
If bitsBestPlus == bitsBestCross

If BestPlus > BestCross
Best = BestPlus

If BestCross > BestPlus
Best = BestCross

If BestPlus == BestCross
Best = BestPlus

21. Increase the value found in position Best of the features vector.

Features_v[Best] = Features_v[Best] + 1

22. Repeat steps 2 to 21 until all values representing each observation window for the
respective channels (Y, R or H; Cb, G or S; and Cr, B or V) are generated, according to
the previously selected color mode.

A feature vector with 768 elements is generated for the chosen color mode (see
Figure 23). When the H, Y or R channel is studied, the values from positions 0 to 255
are modified; when it is the S, Cb or G channel, the values from 256 to 511 are modified;
and when it is the V, Cr or B channel the positions 512 to 767 are modified instead.

A pseudocode of Algorithm 1 is presented:

https://doi.org/10.3390/app16126061
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Algorithm 1: Pseudo-code Descriptor

Input: ImageRGB, ImageYCbCr, ImageHSV
Output: Features vector

Begin
Repeat
Obtain PO, P1, P2, P3, P4, P5, P6, P7 from the image observation window.
Conwvert to binary P0, P1, P2, P3, P4, P5, P6, P7
Plus0 = PO AND P4; Plus1 = P2 AND Pé6; Cross0O = P1 AND P5; Cross1 = P3 AND P7
Set bits to BitsPO = Plus0, BitsP1 = Plus1, BitsC0O = Cross0, BitsC1 = Cross1
Convert to decimal Plus0, Plus1
If BitsPO > BitsP1 Then BestPlus = Plus0
Else BestPlus = Plusl
End If
If BitsP0 == BitsP1 Then
If Plus0 > Plusl Then BestPlus = Plus0
Else BestPlus= Plus1
End If
If Plus0 == Plus1 Then BestPlus = Plus0
End If
End If
Convert to decimal Cross0, Cross1
If BitsCO > BitC1 Then BestCross = Cross0
Else BestCross = Crossl
End If
If BitsCO == BitsC1 Then
If CrossO > Cross1 Then BestCross = Cross0
Else BestCross = Crossl
End If
If Cross0 == Cross1 Then BestCross = Cross0
End If
End If
Conwvert to binary BestPlus, BestCross
Set bits to BitsBestPlus = BestPlus, BitsBestCross = BestCross
If BitsBestPlus > BitsBestCross Then Best = BestPlus
Else Best = BestCross
End If
If BitsBestPlus == BitsBestCross Then
If BestPlus > BestCross Then Best = BestPlus
Else Best = BestCross
End If
If BestPlus == BestCross Then Best = BestPlus
End If
End If
Feature_c[Best] = feature_c[Best] + 1
Until Scan the entire image using the observation window
Return feature_c
End

https://doi.org/10.3390/app16126061
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BitsBestPlus BitsBestCross
BestPlus=59 BestCross=56
5 3
highest value Lower value

\‘ Best=59

Figure 22. Selecting the greatest value to store in the feature vector.

Features Vector

Figure 23. Features vector.

2.3.4. Neural Network Training Method

1.

6.

A human expert selects and groups images according to the subjects’ faces, and then
they are grouped by classes, i.e., for each subject a different cI class is defined.

cl_faces = {cll, cl2, cI3, ..., cln}

Select the color mode (HSV, YCbCr or RGB) to employ.
Employ the texture descriptor in 2.3.3 to generate the vector with the features of a
photograph corresponding to a particular class.

Feature v = cln

Repeat step 3 until all features_v corresponding to the photographs of a particular class
are generated.

Repeat steps 3 and 4 until all Feature_v vectors are generated for all c/_faces of the
classes or subjects found in the database to train an NN.

Store the parameters of the complete neural network.

2.3.5. Neural Network Classification Method

Input a new facial image for authentication.

Select the color mode (HSV, YCbCr or RGB) to employ.

Apply the proposed feature descriptor found in Section 2.3.3 to generate its character-
istic vector, featureyest.

Place the characteristic vector of the user to authenticate, features.s, as an input for the
trained NN.

The trained neural network has an output layer that identifies each of the users or
classes that the neural network was trained with. Therefore, when entering the data
of the vector featuress: of a new person, the model returns the results of all output
neurons, and the neuron with the highest value surpassing an established threshold
must be the class or person corresponding to the data. This threshold is configured
according to the obtained data; for example, if the data is under controlled conditions,
or if it must be adjusted, each neuron has an output with a value of 0 to 1. A zero
value indicates the input does not coincide with the class (not authenticated), and a
one indicates a perfect match. The result is compared against the threshold; if one of
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the neurons passes the threshold, it is taken as the authentication of the corresponding
user of the eigenvector; if two or more neurons pass the threshold, the higher value
must be chosen.

6.  Finally, the class to which the image of the user to be authenticated belongs is indicated;
otherwise, a “user not authenticated” screen is displayed.

2.3.6. Statistical Classification Method Through SVM

This type of classifier allows classification to be performed in a statistical manner
considering probability to assign a class to a set of pattern features. The main advantages
are simplicity and computer efficiency, although its performance depends on adjusting the
classifier parameters correctly and the quality of the input data [33] [34]. SVM is a type of
supervised statistical classifier, amply deployed due to its high accuracy to find the optimal
hyperplane to separate classes; it employs just a subset of the training data, called support
vectors [33].

SVM was implemented for image classification; each class cl consists of a set of images,
i.e., for each image in a c/ class, a characteristic vector is generated and represented by x,
where x; € R"; alabel, y; € {—1,1}, is assigned to it, where i = 1,....,[; the hyperplane is
defined by (1).

wxx+b=0 (1)

From each given pair (w, b), the image x; can be abstracted considering function (2)

f(xi) = sign(w=x+b) = {—1 il z 1—1} ?

where y; indicates the class the image belongs to [35].

3. Results

The texture descriptor proposed in Section 2.3.3 was implemented and coded in the
programming language Python 3.12. Additionally, the neural network belonging to the
Pytorch library was employed for classification and SVM as a statistical classifier with
the Sklearn library. The tests were carried out in an ASUS ProArt PX13 computer with
the following specs: AMD Ryzen™ AI 9 HX 370 processor, integrated NPU with up
to 50 TOPS for artificial intelligence, integrated AMD Radeon™ 890M graphics with a
NVIDIA® GeForce RTX 4060 dedicated graphics card, 32 GB of RAM LPDDR5X, 1TB SSD
NVMe PCle 4.0 and Windows 11 Home operative system.

3.1. Evaluation Metrics

This paper determines the performance of a proposed neural network considering
the true positives (TPs), false positives (FPs), true negatives (TNs) and false negatives
(FNs) [36,37], measuring the following metrics:

Accuracy calculates the proportion of total samples classified correctly:

Accuracy = N+ TP 3)
YT TP+ TN+ FP+FN
Precision is employed to determine the true positive predictions:
TP
Precision = ————— 4
recision TP+ EP 4)

Recall measures the number of real positive cases that were accurate [38]:
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TP
Recall = TP EN (5)

F1-score considers precision and recall to determine the balance between the two metrics,
generating a value between 0 and 1, where 1 indicates greater performance [39]:
Precision * Recall

F1 — =2
score ¥ Precision + Recall ©)

Table 1 exhibits a comparison of the proposed descriptor against other related works
found in the literature. According to the results, the neural network presents a greater
performance in the three color modes, except with the YALE B database due to the
grayscale images.

Table 1. Comparison of evaluation metrics.

Dataset Descriptor Classifier Accuracy Precision Recall F1-Score References
YALEB Proposed YCBCR NN 27.78 58.63 26.79 31.33 Proposed
YALEB Proposed RGB NN 29.46 64.69 29.46 34.75 Proposed
YALEB Proposed HSV NN 25.00 50.86 2411 27.13 Proposed
FEI Proposed YCBCR NN 99.88 99.88 99.88 99.87 Proposed
FEI Proposed RGB NN 99.00 99.10 99.00 98.99 Proposed
FEI Proposed HSV NN 100 100 100 100 Proposed
GT Proposed YCbCr NN 97.50 97.90 97.50 97.47 Proposed
GT Proposed RGB NN 92.50 94.64 92.50 92.42 Proposed
GT Proposed HSV NN 97.50 98.13 97.50 97.41 Proposed
AT&T LBPH 98 +1.24 09740015 098+£0.012 09740015  [40]
Casia LBP NLBP-Net  99.593 99.057 99.224 99.057 [41]

Jaffe LTCP ?‘;ﬁ‘e‘;ﬁm 96.13 [42]
CK+ LTCP Eg?ei?m 97.52 [42]
Ee’ligifﬁon CNN CNN 91.296 92.035 91.296 91.304 [43]
LFW FaceNet 0.9407 0.9410 0.9403 0.9406 [44]
CALFW ArcFace 0.8130 0.8129 0.8129 0.9129 [44]

Table 2 presents the performance of the neural network employed as a classifier with
the Yale B database [31]; a comparative study of the proposed descriptor against LBP and
OC_LBP was performed. The images found in the Yale B database have 64 different lighting
conditions and are only available in grayscale, causing the accuracy degrees to be lower for
all descriptors; in this case LBP grants the greater results in classification.

Table 3 shows the results obtained by the neural network with the three aforemen-
tioned descriptors, but employing the FEI image database instead [30]. It can be observed
that the proposed descriptor delivers greater results for the three color modes compared to
the other two descriptors.

Table 4 presents the results of a comparative study of the three descriptors with the
neural network employing the Georgia Tech database [28]. It can be clearly appreciated
that the proposed descriptor bears greater results when compared with LBP and OC_LBP.
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Table 2. Comparison of NN with Yale B, employing proposed descriptor, LBP and OC_LBP.

Dataset Descriptor Accuracy Precision Recall  F1-Score
PROPOSED YCBCR  27.78 58.63 26.79 31.33
PROPOSED RGB 29.46 64.69 29.46 34.75
PROPOSED HSV 25.00 50.86 24.11 27.13
LBP YCBCR 45.60 55.65 43.93 43.58
YALEB LBP RGB 45.14 55.29 43.53 42.12
LBP HSV 43.98 55.42 42.41 42.10
OC_LBP YCBCR 28.94 50.24 27.90 2691
OC_LBP RGB 27.31 41.30 26.34 23.38
OC_LBP HSV 25.00 44.31 24.11 2221

Table 3. Comparison of NN with FEI, employing the proposed descriptor, LBP and OC_LBP.

Dataset Descriptor Accuracy  Precision Recall F1-Score

PROPOSED YCBCR  99.88 99.88 99.88 99.87
PROPOSED RGB 99.00 99.10 99.00 98.99
PROPOSED HSV 100 100 100 100
LBP YCBCR 94.38 95.44 94.38 94.07

FEI LBP RGB 92.62 94.40 92.62 92.53
LBP HSV 95.50 96.26 95.50 95.41
OC_LBP YCBCR 97.00 97.63 97.00 96.95
OC_LBP RGB 94.38 95.81 94.38 94.20
OC_LBP HSV 95.00 95.95 95.00 95.00

Table 4. Comparative of NN, Georgia Tech, employing the proposed descriptor, LBP and OC_LBP.

Dataset Descriptor Accuracy  Precision Recall F1-Score
PROPOSED YCBCR  97.50 97.90 97.50 97.47
PROPOSED RGB 92.50 94.64 92.50 92.42
PROPOSED HSV 97.50 98.13 97.50 97.41
LBP YCBCR 82.12 82.39 82.12 80.35
GT LBP RGB 72.88 73.74 72.88 69.56
LBP HSV 83.38 84.40 83.38 81.66
OC_LBP YCBCR 89.50 88.24 89.50 87.51
OC_LBP RGB 82.62 82.27 82.62 79.35
OC_LBP HSV 91.12 91.66 91.12 89.55

Table 5 displays the classification results with SVM and the three descriptors, employ-
ing the Yale B Database [31]. Generally, all descriptors present a low performance, but the
proposed descriptor, when employing RGB, yields the best results.

In Table 6, the classification results of SVM and the three descriptors employing the
FEI database can be observed [30]. Parameters are low for all deployed descriptors; the
proposed descriptor yields a greater degree of accuracy with YCbCr and HSV.
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Table 7 presents the classification results obtained with SVM and the three descriptors,
deploying the Georgia Tech database [28]. It can be observed that the proposed descriptor
offers a greater degree of accuracy in the color modes under study.

Table 5. Comparative of SVM with Georgia Tech, employing the proposed descriptor, LBP

and OC_LBP.
Dataset Descriptor Accuracy  Precision Recall F1-Score

PROPOSED YCBCR 7.41 5.39 7.41 391
PROPOSED RGB 21.43 24.78 21.43 19.43
PROPOSED HSV 741 5.39 7.41 3.91
LBP YCBCR 3.70 0.15 3.70 0.28

YALEB LBP RGB 20.32 24.36 19.83 15.62
LBP HSV 3.70 0.15 3.70 0.28
OC_LBP YCBCR 3.70 0.28 3.70 0.52
OC_LBP RGB 10.65 9.13 10.65 8.15
OC_LBP HSV 3.70 0.28 3.70 0.52

Table 6. Comparative of SVM with FEI, employing the proposed descriptor, LBP and OC_LBP.

Dataset Descriptor Accuracy  Precision Recall F1-Score

PROPOSED YCBCR  68.12 74.78 68.12 67.59
PROPOSED RGB 29.12 28.96 29.12 26.57
PROPOSED HSV 69.88 75.67 69.88 69.63
LBP YCBCR 7.00 7.19 7.00 4.87

FEI LBP RGB 5.97 9.97 5.79 4.69
LBP HSV 5.81 5.95 5.69 413
OC_LBP YCBCR 8.25 3.87 8.25 4.69
OC_LBP RGB 6.90 13.24 6.80 5.25
OC_LBP HSV 7.38 528 7.38 4.86

Table 7. Comparative of SVM with GT, employing the proposed descriptor, LBP and OC_LBP.

Dataset Descriptor Accuracy  Precision Recall F1-Score
PROPOSED YCBCR  98.00 98.53 98.00 97.92
PROPOSED RGB 88.00 89.35 88.00 86.10
PROPOSED HSV 97.50 98.13 97.50 97.16
LBP YCBCR 29.25 29.45 29.25 25.36
GT LBP RGB 43.30 55.76 44.82 40.45
LBP HSV 34.00 33.55 34.00 29.24
OC_LBP YCBCR 35.12 35.23 35.12 32.47
OC_LBP RGB 50.88 53.06 50.88 45.79
OC_LBP HSV 42.25 39.04 42.25 37.35
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3.2. Ablation Test

To evaluate the performance and efficiency of the neural network, an ablation study
was conducted, in which the operation of the proposed neural network was analyzed
under different characteristics. The ablation process is presented in Figure 24; a detailed
explanation of how this procedure was performed can be found below:
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Figure 24. Ablation study by neuron.

Input layer

As an input layer for training, which was adapted to have 768 neurons correspond-
ing to the dimensional space of the feature vector generated by the proposed descriptor
(Section 2.3.3), the ReLU (Rectified Linear Unit) activation function was employed; after-
wards, a Dropout layer of 0.2 was applied to prevent overfitting and improve the model.
Finally, the output of the input layer delivers data from 512 neurons.

Hidden layers

The first lineal hidden layer receives 512 neurons, which will be reduced for its
output considering four options: (A) 128 neurons, (B) 256 neurons, (C) 384 neurons, and
(D) 450 neurons for last. The data is processed by other ReLU activation functions and
Dropout layers.
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The second lineal layer receives the number of layers according to the aforementioned
options and reduces them further down—(A) 64 neurons, (B) 128 neurons, (C) 192 neurons
and (D) 250 neurons—employing another ReLU activation function.

Output layers

Finally, the output layer receives the neurons filtered according to options (A), (B), (C)
or (D) as input, processing them for an additional lineal layer; all options were configured
with 50 output neurons, given there are 50 different classes.

This aforementioned process is illustrated in Figure 24 [45,46].

The results obtained with the ablation study employing the RGB color mode, in
accordance with the different test options, are exhibited in Table 8. It can be observed the
best option is B, obtaining an accuracy of 95%.

Table 8. Accuracy levels obtained from the ablation study.

Number of Hidden Neurons

Test (A) (B) (@) (D)
Neurons in each hidden layer 128 64 256 128 384 192 450 250
Accuracy 91.50% 95% 93% 91%

Figure 25 presents the ablation study by incrementing the number of hidden layers to
determine which configuration of the neural network showcases the best performance.

Table 9 presents the accuracy in accordance with the number of layers. As can be
observed, the best performance was obtained with two hidden layers in the neural network.
Based on these results, the neural network structure was implemented with one input layer,
three hidden layers and one output layer.

Table 9. Ablation study according to the number of layers.

Number of Hidden Layers Accuracy
2 93.5%
3 99%
4 93%
5 91.5%

According to the results of the ablation study, the neural network was deployed
with the following architecture (see Figure 26): the input layer consists of 768 neurons,
according to the size of the feature vector serving as input which is generated considering
the data obtained by the proposed descriptor found in Section 2.3.3; afterwards, the data is
processed by three hidden layers, the first with 512 neurons, the second with 256 neurons
and the third with 128 neurons; for last, the output layer which size depends of the database
employed for the study. In this case, the output layer consists of 50 neurons because the
database of Georgia Tech, which has 50 classes, was applied.

The neural network was deployed with the Adam optimizer applying a learning rate
of 0.001 and the ReLU activation function.

Table 10 presents a comparison of the state of the art vs. the tests performed with
our proposed descriptor (Section 2.3.3) and the NN. The database FEI, the structure that
obtained the best results (see Table 2), was applied to the RGB, YCbCr and HSV color
modes, along with the results obtained with our descriptor (Section 2.3.3) and the SVM
classifier. The training times for the NN with each color mode were YCbCr = 23.34 s,
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RGB = 25.03 s and HSV = 27.97 s; for the SVM classifier the times were YCbCR = 6.6927 s,

RGB =10.02 s and HSV = 6.6649 s.
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Figure 25. Ablation study by layers.
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Figure 26. Structure of the neural network.
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Table 10. Comparison between the proposed descriptor and the state of the art.
Reference Classifier Color Mode Accuracy
Proposed Proposed descriptor/Neural network YCbCr 99.88%
Proposed = Proposed descriptor/Neural network RGB 99%
Proposed = Proposed descriptor/Neural network HSV 100%
Proposed Proposed descriptor/SVM YCbCr 68.12%
Proposed Proposed descriptor/SVM RGB 29.12%
Proposed Proposed descriptor/SVM HSV 68.88%
[47] VGG-Face CNN/K- nearest neighbor RGB 96.5%
[47] VGG-Face CNN/SVM RGB 94.3%
[48] LBP/CNN RGB 90%
[49] Haar/ LBPHhi(;At(());L]rSIiSlary Pattern RGB 96%

Loss

400

Training Loss NN YCbCr Proposed 768

As can observed in Table 10, the proposed descriptor performs better with the three
color modes when employing NN as classifiers.

3.3. Loss Function

To determine the proper operation of the neural network, implement the proposed
model, and prevent overfitting, it is essential to study the loss process of the NN vs the
number of epochs. Figure 27a—c exhibit the loss functions vs the epochs for the different
color modes with the descriptor (Section 2.3.3) and the NN. Figure 27d-f display the
function with LBP and the NN; Figure 27g-i display the loss functions of the NN with the
OC_LBP descriptor. The horizontal axis presents the complete iterations over the training
set, while the vertical axis represents the loss function, i.e., the model error is quantified
according to the epochs. At the beginning, the loss function decreases rapidly; the lower
the loss function value of the NN, the more accurate the predictions are, but if the value
is high, the performance is deficient. For this research, 38 epochs were used because it
was determined that the loss functions performed best with this parameter to guarantee a
homogeneous configuration.

Training Loss NN RGB Proposed 768
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20 25 30 25
Epoch

(@) (b)

Epoch

Figure 27. Cont.
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Training Loss NN HSV OC_LBP 768

Epoch
)

Figure 27. Loss functions: (a) Proposed descriptor with YCbCr, (b) proposed descriptor with RGB,

(c) proposed descriptor with HSV, (d) LBP descriptor with YCbCr, (e) LBP descriptor with RGB,

(f) descriptor LBP with HSV, (g) OC_LBP descriptor with YCbCr, (h) OC_LBP descriptor with RGB,
(i) OC_LBP descriptor with HSV.

3.4. Confusion Matrices

The correct classification can be observed through these matrices; the elements cor-
rectly identified can be found through the main diagonal while the elements outside of it
were not identified in the correct class. Figure 28a—f showcase the results obtained from the
classification tests employing the FEI database; it can be observed that the three color modes
with a neural network classifier present an accuracy of 99% to 100% with the proposed
description; on the other hand, the accuracy degree decreases considerably when SVM is
deployed with this database, yielding better results with YCbCr and HSV.

3.5. ROC Curves (Receiver Operating Characteristic)

This test observes a comparison between the true positive rate and the false positive
rate with a measurement unit known as the Area Under the ROC Curve (AUC). The AUC
oscillates with a value between 0 and 1, where an AUC of 0.5 signals a performance akin
to a random classifier, while an AUC greater than 0.5 indicates a superior performance
than that of a random classifier. The best possible case is an AUC of 1, representing a
perfect performance of the classification model, while an AUC of 0 indicates the worst
possible performance. Figure 29a—c presents the ROC curves obtained with the proposed
descriptor in the RGB, YCbCr and HSV color modes; all tests were carried out with an NN
as a classifier deploying the FEI database.
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Figure 28. Confusion matrices using the FEI Database: (a) Proposed descriptor, YCbCr and NN;
(b) proposed descriptor, YCbCr and SVM; (c) proposed descriptor, RGB and NN; (d) proposed
descriptor, RGB and SVM,; (e) proposed descriptor, HSV and NN; (f) proposed descriptor, HSV

and SVM.
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Figure 29. ROC Curve with FEI database: (a) Proposed descriptor with RGB; (b) proposed descriptor
with YCbCr; (c) proposed descriptor with HSV.

4. Conclusions

The descriptor considers the subpixel values that bear the most resemblance, reduces
noise generated by small variances between neighbor pixels, wields a greater focus in
shapes, and, not in isolated pixels, discriminates irrelevant patterns more efficiently. The
descriptor works in all three color modes, YCbCr, HSV and RGB. According to the results
obtained of a comparative between our proposed descriptor and LBP and OC_LBP, em-
ploying NN and SVM as classifiers, it was determined that LBP when paired with NN
works better with the Yale B database; our descriptor yielded better results with the Yale
B database when matched with a SVM classifier; the results returned were generally low
due to the grayscale composition of the images and the 64 lighting degrees. With the FEI
database our descriptor performed better than LBP and OC_LBP with both an NN and
SVM as classifiers, reaching an accuracy of 99% to 100% with the NN; although, with the
SVM, the accuracy ranks were low for the three descriptors even though our proposed
descriptor still returned the best results when employing the YCbCr color mode. In conclu-
sion, the Georgia Tech database yielded the best results for our descriptor in the three color
modes ranging from 92.5% to 97.5% for the NN and between 88% and 97.5% for the SVM.
The proposed descriptor has a wide range of practical applications: biometric security,
self-diagnosis, product quality control, crop disease detection, to mention some, and many
other areas related to computer vision. For future work, it is proposed to evaluate the
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descriptor with other databases of images with different conditions in both controlled and
uncontrolled environments, employing medical and plant photographs.
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