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Abstract 

Automatic gender identification based on facial images still faces challenges due to spatial variations and 

the complexity of visual features, while deep learning approaches such as Convolutional Neural Networks 

require high computational resources that are unsuitable for resource-constrained devices. This study aims 

to design, implement, and evaluate the performance boundaries of the Local Binary Pattern method for 

facial image-based gender identification integrated into a Python application using the Kivy framework. 

The research methodology utilized facial images from the UTKFace dataset, undergoing preprocessing 

through grayscale conversion, micro-texture feature extraction via the Local Binary Pattern operator, and 

gender classification using a threshold-based decision rule, all of which were fully integrated into the Kivy 

user interface. The system was evaluated across three scenarios with varying numbers of test images (80, 

160, and 320 images). Testing results revealed a peak accuracy of only 43%, with variations in lighting, 

facial pose, and expression identified as the primary factors limiting overall accuracy. It can be concluded 

that while the Local Binary Pattern method was successfully integrated technically within the Kivy 

framework, its simplified mean-value feature representation remains insufficient for reliable gender 

identification under uncontrolled visual conditions, highlighting the need for richer feature representations 

in future research. 
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1. INTRODUCTION 

Rapid advancements in computer vision have established digital image processing as a fundamental 

pillar of modern artificial intelligence[1], [2]. One evolving application in this domain is automatic gender 

identification based on facial image analysis. Human faces inherently convey rich visual information, 

ranging from micro-surface skin texture patterns to local intensity gradient variations. Capturing and 

processing these spatial texture patterns is essential for constructing responsive and robust recognition 

frameworks within human-computer interaction systems[3], [4]. Although deep learning paradigms, 

particularly Convolutional Neural Networks (CNNs), have demonstrated superior accuracy in gender 

classificationa[5], [6], [7], [8], [9], their high computational overhead and memory demands present 

significant practical challenges[10], [11]. These limitations become especially pronounced when deploying 

models to mobile devices or resource-constrained hardware environments. Consequently, exploring classic 

texture feature extraction techniques that operate with low computational complexity remains highly 

relevant for developing lightweight and efficient visual processing workflows[12].  

Various approaches to facial gender recognition have been investigated in recent literature. Fajar 

[13] implemented a CNN model via the TensorFlow framework for gender classification; however, the 

study primarily prioritized network architecture without deeply assessing input preprocessing optimization. 

Similarly, Natun et al. [14] evaluated CNNbased gender identification, but system performance remained 

constrained by substantial computational requirements. Furthermore, Aditia et al. [15] deployed OpenCV 

for real-time gender detection, yet classification accuracy dropped noticeably when evaluated on low-

resolution facial inputs.  From this literature review, a critical research gap emerges: while existing research 

predominantly concentrates on increasing model complexity, limited empirical attention has been directed 

toward rigorously measuring the performance boundaries of baseline texture descriptors, such as Local 

Binary Pattern[16], [17], [18], [19], [20], when directly coupled with lightweight application frameworks
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 like Kivy,[21], [22], [23]. The standard Local Binary Pattern operator provides an efficient 

mechanism for localized micro-texture extraction, whereas the Python-based Kivy framework offers a 

portable and responsive platform for interactive deployment. The novelty of this study resides in its 

application oriented system architecture, which seamlessly unifies a grayscale preprocessing pipeline, 

histogram equalization, Local Binary Pattern micro-texture feature extraction, and a threshold based 

numerical decision rule within a unified Kivy interface. This manuscript explicitly does not claim a novel 

classification algorithm or a modified Local Binary Pattern mathematical formulation. Instead, the primary 

scientific contribution lies in delivering an architectural blueprint and an empirical performance evaluation 

of the classification limitations of standard Local Binary Pattern descriptors within an interactive computer 

vision environment.  

The problem formulation addresses how to structure an end-to-end Local Binary Pattern extraction 

workflow with decision rules and integrate this system into the Kivy framework to evaluate performance 

limits under uncontrolled visual variability. Accordingly, the primary objective of this research is to design, 

implement, and empirically evaluate the performance boundaries of the Local Binary Pattern method for 

facial gender identification using a Python-based Kivy application framework.   

 

2. METHODS 

2.1. Datasets and Research Materials 

Facial image samples from the UTKFace dataset were selected using a random sampling without 

replacement method to ensure no identity leakage; meaning each individual is guaranteed to appear only 

once throughout the evaluation process. Prior to testing, the data was strictly separated into two independent 

groups: the Training Set and the Testing Set. The Training Set was used exclusively to define the reference 

texture mean values for each class. Subsequently, the algorithm's performance evaluation was conducted 

on the Testing Set, which was divided into three balanced and non-overlapping class scenarios: Scenario I 

(80 images), Scenario II (160 images), and Scenario III (320 images). 

2.2. Local Binary Pattern Feature Extraction 

Local Binary Pattern is a local feature extraction method that analyzes the spatial surface 

characteristics of an image by comparing the grayscale intensity of the central pixel against its neighboring 

pixels. This operator is executed on every pixel within the facial image to extract highly detailed local 

texture patterns. 

2.2.1. Local Thresholding 

Local thresholding is the foundational phase within the Local Binary Pattern framework. It computes 

the grayscale intensity variation between neighboring pixels and the central pixel. The thresholding function 

assigns a binary bit of 1 to non-negative intensity variations and 0 to negative variations. The mathematical 

expression for local binary thresholding is defined as: 

𝑆(𝐼𝑛 − 𝐼𝑐) = {
1, 𝐼𝑛 − 𝐼𝑐 ≥ 0
0, 𝐼𝑛 − 𝐼𝑐 < 0

 … (1) 

𝑆(𝐼𝑛 − 𝐼𝑐) : Binary thresholding output (1 or 0). 

𝐼𝑐 : Central pixel intensity. 

𝐼𝑛 : Neighbor pixel intensity. 

(𝐼𝑛 − 𝐼𝑐) : Intensity difference. 

2.2.2. Local Binary Pattern  

Subsequent to local thresholding, the resulting binary bits are aggregated into a single scalar value. 

Each binary bit is scaled by its corresponding binomial weighting factor according to its spatial sequence 

and summed to yield a decimal integer representation for the central pixel. The formulation for Local Binary 

Pattern encoding is expressed as: 

(𝑥𝑐, 𝑦𝑐) = ∑ 𝑆

𝑃−1

𝑛=0

(𝐼𝑛 − 𝐼𝑐) ⋅ 2𝑛  … (2) 

(𝑥𝑐 , 𝑦𝑐) : Central pixel coordinate. 

𝑃 : Number of sampling points (𝑃 = 8). 

𝑅 : Neighborhood radius  

𝑛 : Neighbor index  

2𝑛 : Binomial weighting factor. 

2.2.3. Classification Rule 

Since the Local Binary Pattern method primarily functions to extract facial texture patterns, the 

system requires a clear decision rule to determine gender. This system employs a highly straightforward 
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thresholding approach. In practice, the entire facial texture calculation derived from the Local Binary 

Pattern method is reduced into a single mean value. This mean value is then compared against a threshold 

value (θ), which is obtained from the midpoint between the average of the male facial group and the average 

of the female facial group, calculated separately from the training data. 

 

𝜃 =
𝜇male + 𝜇female

2
… (3) 

𝜃 : Classification threshold parameter. 

𝜇male : Mean LBP intensity value for the male class. 

𝜇female : Mean LBP intensity value for the female class. 

The final gender decision logic (𝑌) is determined as follows: 

 

The classification decision logic is defined as: 

 

𝑌 = {
0 (Male), if 𝑋LBP ≥ 𝜃

1 (Female), if 𝑋LBP < 𝜃
… (4) 

 

Y: Gender identification output label (0 = Male, 1 = Female). 
XLBP: Mean LBP intensity value. 
 θ: Classification threshold parameter. 
 
2.2.4. Evaluation Metrics 

Performance metrics are computed based on the Confusion Matrix parameters, where the 
female category (𝑌 = 1) is defined as the positive class. The evaluation indicators include Accuracy, 
Precision, Recall, and F1-Score, formulated as follows: 
 

Accuracy =
TP + TN

TP + TN + FP + FN
… (5) 

 

Precision =
TP

TP + FP
… (6) 

 

Recall =
TP

TP + FN
… (7) 

 

F1-Score = 2 ×
Precision × Recall

Precision + Recall
… (8) 

 
Where TP (True Positive) is the number of female images correctly classified as female, TN 

(True Negative) is the number of male images correctly classified as male, FP (False Positive) is the 
number of male images incorrectly classified as female, and FN (False Negative) is the number of 
female images incorrectly classified as male. 
2.3. Research Phases 

The gender identification stage is the main process in the designed system to determine a person's 

gender based on a facial image. This stage consists of three important parts: image upload, gender 

identification, and result. 
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Figure 1. Research Methods 

• In the image upload stage, the user inputs a facial image into the system in JPG format. The uploaded 

image becomes the input data to be processed further. 

• The second stage is gender identification, in which the system processes the facial image. This process 

includes converting the image to grayscale and feature extraction using the Local Binary Pattern 

method to recognize facial texture patterns. The results of this processing are then used to determine 

gender. 

• The final stage is the result, where the system displays the output in the form of gender identification 

information. The result is expressed in the form of a numerical label, namely 0 for male and 1 for 

female. If the facial image cannot be recognized, the system displays the information "Unknown". 

 

3. RESULTS AND DISCUSSION 

The Local Binary Pattern values for a grayscale image are determined based on the center position 

within a 3×3 block because only the central pixel has a complete set of eight neighbors and is used as a 

reference for comparison to form the binary pattern. This forms the basis of the Local Binary Pattern 

algorithm to ensure consistency, accuracy, and relevance to local texture patterns in image analysis. Center 

(g0) = 170 (the one in the middle) If a neighbor’s value is ≥ the center (170), set the value to 1; if a 

neighbor’s value is < the center (170), set the value to 0 

Table 1. Local Binary Pattern Values 

 

 

 

 

 

 

 

• 94 < 170 = 0   

• 144 < 170 = 0   

• 98 < 170 = 0   

• 134 < 170 = 0   

• 101 < 170 = 0   

• 134 < 170 = 0   

• 162 < 170 = 0   

• 184 < 170 = 1  

 

94 144 98 

184 170 134 

162 134 101 
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Figure 2. displays the representation of pixel positions, thresholding, and weight calculation. 

The Local Binary Pattern method works by comparing the intensity of the central pixel (𝑔0) with its 

eight surrounding pixels (𝑔1–𝑔8) in a 3 × 3 window, assigning a code of 1 if the neighboring pixel is greater 

than or equal to the central value, and 0 otherwise. After an RGB color image is converted into a grayscale 

matrix, a central pixel with a value of 170 is used as a reference to be compared with its neighbors through 

a thresholding process.  

 

= (1 × 2⁷)  + ( 0 × 2⁶)  + ( 0 × 2⁵)  + ( 0 × 2⁴)  + ( 0 × 2³)  + ( 0 × 2²)  + ( 0 × 2¹)  + ( 0 × 2⁰) 

= 0 + 0 +  0 +  0 +  0 +  0 +  0 +  128 =  128. 
The results of the calculation process show that the image yields a value of 128 based on the 

conversion from RGB to grayscale, followed by the Local Binary Pattern process. This value of 128 is 

obtained by comparing the intensity of the central pixel with that of its neighboring pixels, converting the 

results to binary form, and then converting them to decimal values according to their weighting. 

3.1 Data Processing and Feature Extraction 

 
Figure 3. Code Snippet for Face Detection Using Haar Cascade 

The raw facial images undergo structured sequential preprocessing and extraction. 

 
Figure 4. Illumination Histogram Equalization Process 

Performing histogram equalization to balance the illumination contrast on the face. 

 
Figure 5. Image Color Space Conversion to Grayscale 

Converting a color image (BGR) into grayscale. 

 
Figure 6. Code Structure for Test File Storage Directory Management 

This code functions to organize the test result files by automatically creating new folders based on the 

evaluation status, then copying the images into them so that the processed data is neatly arranged without 

disrupting the original files. 
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Figure 7. Local Binary Pattern Texture Feature Extraction Algorithm on the Facial Region of Interest (ROI) 

This function performs the 3x3 Local Binary Pattern feature extraction process manually on the 

facial image area (Region of Interest). The process compares the intensity of the central pixel against its 

eight neighboring pixels to form a binary code through bit-shift operations, then stores all these values into 

the Local Binary Pattern matrix before returning the mean value of the extracted image texture along with 

the execution success status. 

 
Figure 8. Gender Label Determination Logic Based on Automatic Thresholding 

This code executes the automatic gender labeling process based on the comparison of the Local 

Binary Pattern value against the threshold value. The system compares the predicted label with the actual 

label to evaluate classification correctness, determines the output storage folder, and collects all predicted 

and actual data into an array for model evaluation metric calculations. 

3.2 Implementation of the Application Interface 

 
Figure 9. Interface Kivy 

The application interface display illustrates the sequential workflow stages of system testing, starting 

from the command prompt window when the application is launched, the main user interface menu, the 
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facial image file selection window, the image upload process, to the results screen displaying a green 

bounding box marking the facial area along with the gender identification status. 

3.2.1 Test Scenario I (80 Test Data Points) 

Based on the testing, the following results were obtained: 

• Men: 7 images were correctly recognized, 33 images were misrecognized. 

• Women: 17 images were correctly identified, 23 images were incorrectly identified 

 
Figure 10. Men's Top Results 

 

Table 7. Initial Analysis 
 

  
Identified: 

Male 

Identified: 

Female 

Total 

Actual 

Actual: 

Male 
7 33 40 

Actual: 

Female 
23 17 40 

Total 

Identified 
30 50 80 

 
1. Accuracy 

Measures the proportion of data that was correctly Identified compared to the total data. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
17 + 7

17 + 7 + 23 + 33 
 =

24

80
= 0,3 𝑥 100% = 30% 

2. Precision 

Measures the system’s accuracy in predicting positive results. The higher the precision, the fewer errors 

there are in predicting positive results. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
17

17 + 33
=

17

50
= 0,34 𝑥 100 % = 34% 

3. Recall 

Measures the extent to which the system is able to correctly identify positive data. A high recall indicates 

that the system does not miss many positive data points. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
17

17 + 23
=

17

40
= 0,42 𝑥 100 % = 42% 

 

4. F1-Score 

It is the harmonic mean of precision and recall. The F1-Score is used to evaluate the balance between 

accuracy (precision) and completeness (recall). 

𝐹1 = 2 X
 (34 X 42)

34 +  42
 

𝐹1 = 2 X
1.428 

76
= 37.57 𝑥 100 % = 37% 

 

3.2.2 Test Scenario II (160 Test Data Points) 
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Based on the testing, the following results were obtained: 

• Men: 25 images were correctly recognized, 55 images were misrecognized. 

• Women: 44 images were correctly identified, 36 images were misidentified. 

 
Figure 11. Results for the Two Menu 

 

Table 8. Analysis of the Second Set of Results 
 

  
Identified: 

Male 

Identified: 

Female 

Total 

Actual 

Actual: 

Male 
25 55 80 

Actual: 

Female 
36 44 80 

Total 

Identified 
61 99 160 

 
1. Accuracy 

Measures the proportion of data that was correctly Identified compared to the total data. 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
44 + 25

25 + 44 + 36 + 55 
 =

69

160
= 0.43 𝑥 100 % = 43% 

 

2. Precision 

Measuring the system's accuracy in predicting positive data. The higher the precision, the fewer errors there 

are in predicting positive data. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
44

44 + 55
=

44

99
= 0.44 𝑥 100 % = 44% 

3. Recall 

Measures how well the system can correctly identify positive data. A high recall indicates that the system 

does not miss many positive data points. 

. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
44

44 + 36
=

44

80
= 0.55 𝑥 100 % = 55% 

 

 

4. F1-Score 

It is the harmonic mean between precision and recall. The F1-score is used to assess the 

balance between accuracy (precision) and completeness (recall). 
 

𝐹1 = 2X
 (44 X 55)

44 +  55
 

 

𝐹1 = 2X
 2.420 

99
= 0.488 𝑥 100 % = 49% 
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3.2.3 Test Scenario III (320 Test Data Points) 

Based on the testing, the following results were obtained: 

• Men: 30 images were correctly recognized, 130 images were misrecognized. 

• Women: 69 images were correctly identified, 91 images were incorrectly identified. 

 
Figure 12. Results for the Three Men 

Table 9. Analysis of the Third Set of Results 

 

  
Identified: 

Male 

Identified: 

Female 

Total  

Actual 

Actual: 

Male 
30 130 160 

Actual: 

Female 
91 69 160 

Total 

Identified 
121 199 320 

 
1. Accuracy 

Measuring how much of the data was correctly Identified compared to the total data. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
69 + 30

30 + 69 + 91 + 130 
 =

99

320
= 0.30 𝑥 100 % = 30% 

 

 

2. Precision 

Measuring the system's accuracy in predicting positive results. The higher the precision, the fewer errors 

there are in predicting positive results. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
69

69 + 130
=

69

199
= 0.34 𝑥 100 % = 34% 

 

3. Recall 

Measures how well the system can correctly identify positive data. A high recall indicates that the system 

does not miss many positive data points. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
69

69 + 91
=

69

160
= 0.43 𝑥 100 % = 43% 

4. F1-Score 

It is the harmonic mean of precision and recall. The F1-score is used to evaluate the balance between 

accuracy (precision) and completeness (recall). 

. 

𝐹1 = 2 X
 (34 X 43)

34 +  43
 

𝐹1 = 2 X
1.462 

77
= 0.379 𝑥 100 % = 38% 

 

3.3 Discussion of Results 
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3.3.1 Results per Scenario: 

• Scenario 1 (80 data points): Accuracy 30%, Precision 34%, Recall 42%, F1-Score 37%  

• Scenario II (160 data points): Accuracy 43%, Precision 44%, Recall 55%, F1-Score 49%  

• Scenario III (320 data points): Accuracy 30%, Precision 34%, Recall 43%, F1-Score 38%  

 

These three scenarios utilize mutually exclusive and non-overlapping image datasets, making each 

an independent random sample rather than a gradual expansion of the same dataset. Consequently, this 

inconsistent accuracy pattern (30%, 43%, 30%) cannot be interpreted as evidence that increasing the test 

dataset size improves system performance. Instead, this variation reflects the system's sensitivity to the 

specific composition of each random sample a direct consequence of feature representation that reduces 

facial texture to a single mean value, thereby discarding local texture distribution information. Factors such 

as variations in lighting, pose, and expression were observed as potential influences on the results, though 

they remain hypothetical as they were not evaluated through controlled subgroup experiments. 

Despite these limitations in identification accuracy, all processing pipeline stages from grayscale 

conversion and Local Binary Pattern feature extraction to threshold based decision rules were successfully 

and consistently integrated into a single, functional Kivy application workflow from image input to label 

output. This demonstrates that successful software implementation (the integration of image processing 

stages into a working interface) must be strictly distinguished from the identification effectiveness of the 

Local Binary Pattern method itself, which remains constrained by the underlying feature representation. 

 

4. CONCLUSION 

Based on the implementation stages and technical analysis conducted, this research yields the 

following conclusions. Full Pipeline Integration The complete image processing workflow from grayscale 

conversion and Local Binary Pattern feature extraction to threshold based decision rules was successfully 

and consistently integrated into a fully functional Kivy based application, running seamlessly from image 

input to gender identification label output. Feature Representation Limitations Gender identification 

performance using the Local Binary Pattern method remains limited, achieving a peak accuracy of only 

43% in the 160 sample testing scenario. The accuracy across the three test scenarios (30%, 43%, and 30%) 

showed no consistent correlation with dataset size. Instead, performance was primarily constrained by 

feature representation limitations that reduced facial texture to a single mean value, thereby discarding local 

spatial texture distribution details. Separation of Software and Algorithmic Performance Successful 

software implementation must be strictly distinguished from the identification effectiveness of the Local 

Binary Pattern method itself. This study successfully proves the technical feasibility of system integration; 

however, it demonstrates that the Local Binary Pattern method with the current simplified feature 

representation is insufficient for reliable gender identification under variable visual conditions. 

Uncontrolled Environmental Variables Factors such as variations in lighting, facial pose, and expression 

are suspected to influence identification outcomes. However, these variables were not evaluated through 

controlled subgroup experiments in this study and require further empirical validation. Baseline and Future 

Directions: This study establishes a foundational baseline regarding the performance boundaries of simple 

Local Binary Pattern feature representation within a Kivy framework. It highlights clear avenues for future 

research, such as exploring feature representations with richer information density and incorporating 

comparative baseline identification methods. 
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