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   Abstract— Along the security systems and interfaces up to human 
computer interaction, face recognition is implemented in various 
applications and usages. In this domain, the Local Binary Pattern 
Histogram (LBPH) algorithm has come up as probable due to the 
versatility in the texture based features and also due to the inherent 
resistance. In this work, the 34N-LBPH is integrated with CNN, 
further optimization through the machine learning approach to 

enhance face recognition in a restricted illumination condition. A 
comprehensive experimentation was undertaken to evaluate the 
performance of the hybridised algorithms using constrained face 
datasets: ORL Dataset. The hybridised technique was then compared 
with the traditional LBPH technique under constrained environment. 
The performance analysis revealed that the proposed hybridised face 
recognition technique achieved a higher Accuracy of 95.25% than the 
original LBPH of 94.23%, which constitutes a significant 
improvement and indicates that the suggested technique accurately 

classified 1.02% more samples than LBPH normal. The specific 
conclusion drawn therefore posits that the hybridised technique is 
more capable of handling the facial recognition tasks as compared to 
the more conventional LBPH algorithm in cases of varying lighting 
conditions and even variations in pose to improve the face 
recognition system. 
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I. INTRODUCTION 

F ace recognition technology is considered to be one of the 

most important focused research fields within Computer 

Vision and Biometrics with applications in security 

surveillance, access control, personal identity verification, and 

human computer interaction. On the other hand, a major 

difficulty still lies in recognizing faces accurately across 

different conditions including pose variation, occlusions, and 

varying lighting conditions [1]. 

Local Binary Patterns Histogram (LBPH) is commonly 

used in traditional-based methods, and its common features 

are simplicity, computational efficiency and fine-grained 

texture descriptor. While this approach is efficient and has 
some desirable properties, such as being easily parallelizable 

and only requiring a single nearest neighbour for 

classification, it suffers from issues with generalization of 

changes in pose, scale, or lighting which were not present in 

the training set [1].  

To effectively surmount these limitations, researchers have 

identified a combination of LBPH with CNNs through 

concatenation to leverage on the achievements of every 

procedure. Due to their capacity of automatic learning 

hierarchical features from data, CNNs achieved state-of-the-

art performance in image classification and recognition area. 

Hybrid models combine handcrafted texture features from 
LBPH with deep learning capabilities from CNN to enhance 

robustness and precision under different environmental 

conditions [2]. This not only boosts the feature extraction but 

it also helps in generalizing to face recognition problems, 

especially under constrained and challenging condition.  

Recent works have shown that hybrid LBPH-CNN models 

have great advantages over traditional methods, especially in 

environments with poor lighting conditions, occlusions and 

complex backgrounds. For example, [3] demonstrated that an 

improved LBPH-CNN algorithm outperformed the stand-

alone CNN models in recognition accuracy in the adverse 
lighting and occluded conditions. The learned deep features of 

CNN are combined with the local texture descriptors of 

LBPH, to extract fine details and global facial characteristics, 

which makes it robust under real-world conditions. Moreover, 

the availability of computational hardware may have been 

improved by today as well as extensive facial feature 

databases that were able to help in finetuning LBPH-CNN 

models during further development. These hybrid approaches 

are indeed applicable to different domains (e.g. smart 

surveillance systems, autonomous vehicles and mobile 

devices) [4], thus can be generalizable and ready for 

deploying. Current research continued improvement of these 
models for real-time applications, maintaining low 

computational costs, and enhancing accuracy for different 

weather conditions.  

This work propounds the general objective which is to work 

on the enhancement of a new improved LBPH algorithm that 

will work in conjunction with CNN for face recognition to 

operate optimally under various environmental conditions. 

The main goals mainly revolve around the issues of dealing 

with different lighting and occlusions, and other factors that 

affect the recognition capability. By building upon the 

strengths of both LBPH and CNN, this research seeks to 
contribute to the ongoing advancements in robust and reliable 

face recognition technologies. 

II. RELATED RESEARCH WORK 

Facial texture pattern extraction for facial recognition tasks 

in computer vision is often implemented using LBPH. It is 

simple and efficient in extracting facial features. Most of 

the recent studies employ feature extraction techniques like 

the Local Binary Pattern Histogram (LBPH) combined with 

deep learning models including the Convolutional Neural 

Network (CNN) in face recognition systems where the 

environment in most cases is constrained. These 
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environments are often characterized by scenes where only 

mild changes in lighting condition, position of the subject, 

and background are made, which defines more set 

conditions yet still present some issues that must be solved 
in order to improve the recognition rate. 

 

A. Enhancements In The LBPH Algorithm 

The LBPH algorithm, originally introduced by [5], encodes 

local texture patterns by comparing central pixel value to 

neighbour pixel values in a circular form. The results, which 

are binary patterns are then used to construct histograms for 

texture analysis. The LBP operator results in a binary pattern 

with a value ranging between 0 and 1 is generated. [6]. Cells 
are the discrete, smaller sections that make up the image. Each 

of the cell’s eight neighbours is compared to each pixel 

therein. The centre pixel’s value will serve as the threshold 

value [7]. If the value of each of the eight neighbour’s pixel is 

more than or equal 10 to the centre pixel, it will be set to one; 

otherwise, it will be set to zero. As a result, to create the LBP 

code for the centre pixel, the values of its eight neighbours’ 

pixels (either ones or zeros) are concatenated into a binary 

code. This binary code is then conveniently translated to a 

256-dimensional decimal to serve as the centre pixel’s texture 

descriptor. The window of 3*3 defines the first LBP 

algorithm. The median pixel value is employed as the 
window’s threshold, comparing it to the value of each of the 

eight pixels surrounding it. If the pixel value of the 

neighbourhood pixel is greater or equal to the median of the 

pixel values, the pixel location value is recorded as 1 and if it 

is less it is recorded as 0. This method compares 8 pixels in 

the 3*3 neighbours to get 8-bit binary values. After being 

converted to decimal numbers, the LBP values of the 

window’s central pixel points are obtained. The texture 
features of the region are then displayed using these values. 

However, there is a problem with LBPH when it is used 

traditionally, it has low sensitivity to noise problems and does 
not work effectively in cases where there are high 

comparability degrees due to its low discriminative capability. 

In response to minor changes in lighting conditions, [1] 

introduced an adaptive LBPH that adapts the histogram 

construction to intensity changes. They show that their 

approach outperforms others in limited spectral scenarios such 

as offices with limited lighting access while simultaneously 

refine feature extraction for important facial attributes. 

Moreover, [8] proposed an improved LBPH by using a 

preprocessing step of Contrast Limited Adaptive Histogram 

Equalization (CLAHE) to augment contrast in facial pictures. 

This preprocessing technique reduces the effect of the 
consistently lit environments that are common in restricted 

settings, thus enhancing the ability of the modified LBPH to 

generate numerically different feature sets for later 
classification processes. 

A method of image processing based on the LBPH that used 
radius and neighbor values has been suggested in [10]; In [9] 

the author studied window size ranging from 3 x 3 to 5 x 5 to 

7 x 7 obtaining accuracy rates of 86.7%, 91.4%, and 94.09%, 

respectively, but the grid size was never considered during the 

course of the study similar to [10]. Inspired by [9], distinctive 

grid/cell sizes of 5 x 7 along with 3 variable radii to obtain 35 

grid/cells making neighbour cells value of 34 with 1 central 

cell with the focus on enhanced LBPH face recognition 

techniques were introduced by [11]. Despite the fact that 

LBPH models of the present obtain high accuracy, the 

limitation arises with images under constrained conditions; 

shining light.  

 

B. Convolutional Neural Networks (CNN) 

 

The convolutional Neural Networks (CNN) to handle image 

data better and efficiently. This is because convolution 

operations are used to obtain features from images. This is one 

of the main properties of Convolutional Layers, known as 

parameter sharing meaning that same weights help in 

processing different portions within an Input Image. This 

allows us to see feature patterns in the kernels that are 

translation invariant as the kernel traverses the images. Such a 

strategy makes the model much more efficient as it slashes 

down dramatically on the number of total trainable parameters 

compared to that in fully connected layers. CNNs, a Deep 

Learning application, when combined with LBPH algorithm, 

enhances its recognition accuracy [12]. Inspired by [13], 

combining LBPH algorithm with deep learning shows greater 

potential in addressing face recognition tasks. 

Fig. 1: Basic CNN Architecture; Explaining 5 Layers OF CNN [14]. 

 

a. Incorporating LBPH with CNN for Improved Feature 

Extraction 

The incorporation of LBPH and CNN leverages the 

complementary strengths of both methods: While LBPH 

performs effective local texture description, CNN tends to be 

good at learning about complex, high level features. A hybrid 

of LBPH and shallow CNN was proposed by [15], where 

LBPH features are extracted directly from facial images and 

the features are fed into a shallow CNN classifier. The results 

highlighted it lowered CNN dependency on large amounts of 

resource data, which improved performance whenever training 

data was scarce – a situation seen in constrained 

environments. The hybrid model achieved superior accuracy 

on benchmark datasets with minimal lighting and pose 

variations, demonstrating its effectiveness in structured 

settings. However, their system performs poorly when the 

lighting conditions is not well controlled. [16] proposed a 

novel integration method that incorporates LBPH and deep 

CNN features in a late fusion manner. CNN is built to capture 

global facial features, while LBPH is suitable for local texture 

information. Their experimental results indicated that this 

hybrid strategy yields higher recognition rates, especially in 
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constrained environments as dealing with subtle facial 

expressions and minor occlusions but failed in major 

occlusions. Our proposed system performs better with major 

occlusion. 

C. Performance Analysis in Constrained Environments 

Face recognition systems need more constrained 

environments to perform well, specifically controlled lighting 

conditions and front face orientation. Still, even within these 

environments, slight changes in facial expressions or 

occlusions (e.g., wearing glasses) along with minor variations 

in pose can influence recognition performance.  Recent 

research by [3] undertaken to identify the performance of 

LBPH-CNN hybrid models under constraint environment 

scenario. From these results, the authors concluded that one of 

the LBPH component manages the small fluctuation of texture 

due to the facial expression and the second CNN gains 

versatile discriminative features that are helping the overall 

stability. The study also pointed out that this integration could 

deliver optimal performance in terms of traditional methods 

and standalone CNN models in constrained conditions. 

Likewise, [17] understand how the effectiveness of different 

CNN architectures changes and behaves when integrated with 

LBPH. While testing their approach, they showed that 

combining deeper CNN layers and LBPH features resulted in 

diminishing overall performance if the amount of data was 

limited, proving that a proper approach as a balanced one 

without overusing deep learning layers could perform just as 

well. The proposed algorithm performs better in terms of 

occlusion, lighting, facial expressions and even tilted faces. 

D. Mathematical Formulation of 34N-LBP Operator 

The 34N-LBPH operator introduced by [11] 

 
1

0

34 ( )2
n

n

n c

n

N LBP S i i




  
       (1) 

Here, 

in = Value of Neighbour Pixel 

ic = Value of Centre Pixel 

n = sampling points (n = 0, 1. . . , 34 for a 5x7 cell, where n 

= 34) 

r = radius (for 5x7 cell, it is 3) 

           (2) 

Where, S (z)= threshold function 

Equation (1), the 34N-LBP operator, divides the image into 

5x7 pixels forming 35 pixels. The centre pixel is chosen as the 

threshold. Equation (2), the Threshold function, compares the 

value of neighbour pixel to the value of centre pixel, if the 

value of the neighbour pixel is greater or equal to the centre 

pixel value, then allocate a binary digit of 1 and if value of 

neighbour pixel is less than the centre pixel value, allocate a 

binary digit 0. This process is applied to all the 34 pixels and 

the LBP code for each pixel is calculated by concatenating the 

binary values [11]. We then compute the histogram of LBP 

codes for each grid. 

From equations 1 and 2, we get the texture as: 

T ∼ t (34N − LBP) 

by concatenating the histograms from all blocks. 

where, 

T: Texture feature vector 

t: probability distribution 

34N: parameter of the probability distribution 

LBP: Local Binary Patterns (texture descriptor) 

 

 
Fig 2: 34N-LBP Operator 

Fig. 2 illustrates the 34N-LBP operator with 5x7 matrixes of 

cells. Cell 34 being the centre pixel cell and cells zero to thirty 
three being the neighbours. 

III. METHODOLOGY 

 

This section describes how the planned activities were to be 

conducted and how the stated goal is to be accomplished.  

 

A. Framework For Evaluation Of The Proposed 34N-

LBPH+CNN 

 
Fig. 3: Experiment Framework for the proposed 34N-LBPH+CNN 

under Constrained Environment 

 

Fig. 3 summarizes the framework to evaluate the 

performance of the proposed 34N-LBPH+CNN under 

constrained environment using the ORL datasets. The process 

involves the following steps:  

1. Extract Features Using CNN: the input image is fed to 

the CNN extractor whereby the CNN extracts a high 

dimension feature map for containing both spatial as well as 

Hierarchical details.  

2. Extract LBPH Features: Simultaneously, extract LBPH 

features with the proposed 34N-LBPH algorithm from the 

input image. The result will be a 1D histogram that 

summarizes local texture patterns. 

3. Concatenate CNN and LBPH Features: Once both 

feature sets are generated, we combine the CNN’s spatial and 

hierarchical features with the texture information extracted by 
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the proposed 34N-LBPH. By concatenating, the model will 

utilize both local texture information (from 34N-LBPH) and 

spatial patterns (from CNN) for better performance in the face 

recognition tasks.  

4. Pass the Concatenated Features to the CNN 

Classifier: The combined feature vector is then passed to the 

classifier for the final face recognition. 

 

B. The CNN Architecture 

The CNN architecture employed had three convolutional 

blocks, each with a convolutional layer followed by a max 

pooling layer. There are 6 filters in the first block, 16 filters in 

the second block, and 32 in the third block. The filters sizes 

are 5x5 in the first block, 5x5 in the second block, and 3x3 in 

the third block. The existing feature map is down sample by 

max pooling layers to reduce spatial dimensions while 

retaining important features. Figure 4 depicts the layers used 

in the CNN network visually. 

 

Fig. 4: Visual display of the CNN Architecture Used 

 

C. Datasets For The Experiment 

The proposed 34N-LBPH+CNN was implemented on the 

ORL public dataset to evaluate the performance under 

different constrained conditions, such as low lighting, partial 

occlusion, and varying facial expressions? The ORL datasets 

consists of facial images captured under controlled conditions. 

The ORL dataset was collected from the Kaggle website 

which is popular for the availability of machine learning 

datasets. (https://www.kaggle.com/datasets?search=orl). 

Olivetti Research Laboratory (ORL) Dataset contains 400 

facial images from 40 different people with each person 

having 10 different pictures. The photographs were shot in 

different settings and situations; some with normal light and 

some with minimal or maximum light, some with open/closed 

eyes, smiling or not, sometimes with glasses sometimes 

without.  

All the images were taken against a dark same background 

with the face in a frontal position but some side movement 

accepted. All the images are equal size of 92x112 pixels, with 

256 grey levels per pixel. In the experiment, the ORL total 

face images of 400 were carefully split 50% for training and 

the other 50% for validation. The proposed 34N-LBPH+CNN 

was evaluated on a restricted set of evaluation categories with 

focus on performance in specific scenarios. 

The overall performance of the proposed 34N-LBPH+CNN 

algorithm was evaluated and calculated using the following 

metrics and formula. 

 

 

 

 
 

a. Sample Images Of The ORL Dataset 

 

 

Fig. 5: ORL dataset sample images 

 

D. Research Tools And Materials 

The experiment was executed using a well updated 

computer system. The overall specification was as follows:  

Laptop Specifications: HP EliteBook 745 G5, Windows 11 

Pro 64-Bit, Processor: AMD Ryzen 5 PRO 2500U w/ Radeon 

Vega Mobile Gfx (8CPUs), 2.0GHz, Graphics: AMD Radeon 

(TM) Vega 8 Graphics, System Ram 16 GB, Storage 512 GB, 
Camera: HP HD camera.  

Programming languages and Libraries:  

Python 3.9.19 programming language was used to develop 

the module and conduct the whole experiment.  

OpenCV 4.9.0.80- it was used to identify and verify faces, 

and also for extraction of features from the histogram.  

NumPy 1.26.4 - a highly optimized library for numerical 

operations. It was used for handling arrays to the OpenCV 

library and also from the OpenCV library.  

Scikit-Learn 1.4.2 – was used to evaluate the performance of 

the algorithm by splitting the datasets into training and testing 

sets multiple times. Assessment of performance of the model 
was done with the help of metrics such as Accuracy, 

Precision, Recall and F1score. 

SciPy 1.13.0 – it was used for face detection and feature 

extraction  

TensorFlow 2.16.1 – it was used to partition the images and 

train the model  

Matplotlib 3.8.4 – used for plotting and visualising the 

performance of the module graphically.  
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Jupyter IDE was used to combine code, visualisation of 

results, and analysis.  
 

IV. RESULTS 

 

The 34N-LBPH algorithm was incorporated with CNN to 

further extract finer features and perform face recognition with 

the CNN classifier. The proposed 34N-LBPH+CNN algorithm 

was tested on unconstrained images of ORL datasets. The 

novel 34N-LBPH+CNN algorithm was evaluated based on 

metrics such as accuracy, precision, recall, and F1 score. The  

results were compared to traditional LBPH algorithm. Table 1 
and table 2 contains the results of the proposed 34N-

LBPH+CNN algorithm and comparison of the proposed 

algorithm against the traditional LBPH algorithm on the ORL 

dataset respectively. 
 

Table I: Results of the proposed 34N-LBPH+CNN Algorithm 

on ORL datasets 

 

 

 

 

 

 

 
 

Fig. 6: Training vs. Validation Accuracy Curve 

 

 
 

Fig. 7: Training vs. Validation Loss Curve 

 

A. Comparing The Proposed 34N-LBPH+CNN Algorithm To 

Traditional LBPH Algorithm On The ORL Dataset 

 

Table II: Comparing the Performance of the Proposed 34N-LBPH+CNN to 

Traditional LBPH on ORL Dataset 

 
Reference Algorithm Accuracy Precision Recall F1 Score 

Bashir, S. 

(2022). 

LBPH 94.23% N/A N/A N/A 

Allagwail, 

S. et al., 

(2019) 

LBPH 92.05% N/A N/A N/A 

Raj, A. et 

al., (2022) 

LBPH 94.01% 94.20% 94.14% 94.13% 

Proposed 34N-

LBPH+CNN 

95.25% 95.83% 95.32% 94.42% 

 
Fig. 8: Comparing the traditional LBPH and the novel 34N-

LBPH+CNN on ORL Dataset in terms of Accuracy, Precision, Recall 

and F1 Score. 

 

V. DISCUSSION 

 

Results obtained from the test conducted with the proposed 

34N-LBPH incorporated with CNN showed that, the 34N-

LBPH+CNN outperform the traditional LBPH algorithm 

under constrained environment on all the metrics used for the 

evaluation (Table I and II).  

The performance of the proposed 34N-LBPH+CNN in 

terms of Accuracy was 95.21% against the traditional LBPH 

94.01% (Fig. 8), meaning the proposed 34N-LBPH+CNN 

correctly predicts 1.24% more samples than the traditional 

LBPH under constrained environment. Precision of 95.25% 

against traditional LBPH of 94.20%, indicates the 34N-

LBPH+CNN is 1.63% more accurate in its positive predictions 

than the traditional LBPH on the ORL dataset. Recall was 

95.32% against traditional LBPH 94.14%. An indication that 

the 34N-LBPH+CNN correctly identifies 1.18% of the actual 

positive instances than the traditional LBPH. The proposed 

34N-LBPH+CNN has an F1 Score of 94.42%, which indicates 

that the use of the algorithm in terms of f1-score which 

determines the tradeoff between False Positives and False 

Negatives are superior to the traditional LBPH of 94.13%. An 

insignificant gain of 0.29%. 

Looking at the graph of the model accuracy obtained (Fig.6) 

the training and the validation curve increases gradually and 

Metric Result 

Accuracy 95.25% 

Precision 95.83% 

Recall 95.32% 

F1 Score 94.42% 
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this shows that the model is improving and learning as time 

progresses. From the model loss graphs (Fig. 7), decreasing in 

training loss is an indication the model is learning from the 

training data, decreasing in validation loss is an indication the 

model is generalising well to the unseen data. Both training 

and validation loss decreasing to low level values indicates 

that the 34N-LBPH+CNN is a well performing algorithm 

under constrained environments. 

Therefore, it can be concluded that the proposed 34N-
LBPH+CNN achieved better results compared to the 

traditional LBPH from all used metrics on the ORL datasets. 

Thus, it can be said that the usage of the proposed 34N-

LBPH+CNN technique is satisfactory from face recognition in 

a restricted environment.  

A. Conclusion 

The proposed 34N-LBPH+CNN algorithm has 

demonstrated improved performance in constrained 

environment by handling variations in lighting, facial 

expressions, and head poses, better than the traditional LBPH. 

These improvements are the goals of this study, all of which 

are pivotal challenges in real-world face recognition scenarios.  

Therefore, the combination of 34-Neighbour Local Binary 

Pattern Histograms (34N-LBPH) features to Convolutional 

Neural Network (CNN) model is a useful concept towards 

building systems for face recognition under restricted 

conditions. In fact, this hybrid solution takes the advantages 

from both LBPH and CNN which are increased robustness, 

higher accuracy and lower dimension. 

Some of the previous and latest investigations have shown 

that this method makes favourable impacts when approaching 

some benchmark datasets where it displays the parity achieved 

hitherto. But despite these successes there remain open 

questions that must still be surmounted, such as scaling to 

large groups, addressing security issues and remaining 

functional in environments where bandwidth is limited. 

Specifically, in regard to the research directions, direction 

for future work includes the kind of new architectures and 

methods that can be employed to improve the effectiveness of 

the hybrid approach. Moreover, the further extension of this 

approach in different context of biometric modalities including 

fingerprint and iris recognition can be interesting as well as 

beneficial. 

In conclusion, the proposed framework that integrates 34N-

LBPH features into CNN architectures is proven to be an 

effective approach for recognising face under limited 

conditions which is of great importance in security, 

surveillance and identity authentication. 

B. Future Work 

While the incorporation of Local Binary Pattern Histograms 

(LBPH) features into Convolutional Neural Networks (CNN) 

architectures has shown promising results for face recognition 

under constrained environments, there are still several avenues 

for future research: 

Exploring New Architectures: Exploring unknown, up to 

now, deep learning architectures of CNN such as ResNet, 

DenseNet, or MobileNet and further examine the possibility of 

Face Recognition under unconstrained environment. 

Investigating Other Biometric Modalities: When assessing 

the ability of the hybrid method in other biometric modes, for 

example, fingerprint, iris or voice recognition, the 

applicability of the proposed idea of a two-factor approach for 

multimodal biometrics will be investigated. 

Addressing Scalability and Computational Efficiency: 

Introducing methods to increase the applicability and 

computing speed of the hybrid approach, for instance, by 

employing lightweight CNN structures or employing 

concurrent programmed computations. 

Enhancing Security and Privacy: Identifying ways to further 

enhance the security and privacy of the wider hybrid approach 

– enhanced by concepts like homomorphic encryption or 

secure Multi Party Computation. 

Exploring Real-World Applications: Exploring the 

feasibility of the proposed combined method concerning 

further practical uses, including surveillance, identification, or 

security systems. 

Developing More Robust and Generalizable Models: 

Improving the generality of the models to work on different 

poses, illumination and expressions, data coming from 

different sources and domains. 

Investigating the Use of Transfer Learning: To analyse how 

transfer learning enables the use of pre-trained models and 

applies them to face recognition in conditions where resources 

may be limited. That is, learning that allow utilizing existing 

models and further enhancing them for the desired task. 

Developing Explainable and Interpretable Models: Explicit 

in this case is the goal to create models that can produce 

explanations and feature importance scores that would help to 

establish trust in face recognition system. 
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