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Face recognition has become one of the most widely used biometric technologies, 

enabling applications in security systems, identity verification, access control, 

and smart human–computer interaction. Despite significant advancements in 

deep learning–based methods, traditional computer vision techniques such as 

Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), 

and Local Binary Patterns (LBP) still play an essential role in many practical 

scenarios due to their simplicity, interpretability, and low computational 

requirements. This study explores the integration of traditional face recognition 

algorithms with modern artificial intelligence techniques to create a hybrid 

framework that enhances recognition accuracy, robustness, and performance 

under real-world conditions. The proposed approach investigates how feature 

extraction, dimensionality reduction, and classical pattern recognition can 

complement deep neural networks, especially in environments with limited data 

or computational constraints. By combining the strengths of both paradigms, 

the study aims to demonstrate improved system reliability against variations in 

illumination, pose, and occlusions. Experimental results and comparative 

analysis show that hybrid models outperform purely traditional solutions while 

remaining more efficient than fully deep-learning–based systems. 

Keywords: 

Face Recognition; 

Artificial Intelligence; 

Traditional Algorithms; 

Feature Extraction; 

Hybrid Methods; 

2010 Mathematics Subject 

Classifications: 68T10, 68T05, 62H30, 

68U10 

 

2521-635X/© 2026 The Author(s). Published by Baku Engineering University.  

This is an open access article under the CC BY 4.0 license (http://creativecommons.org/licenses/by/4.0/). 

 

 

1. INTRODUCTION 

Face recognition has evolved from a simple pattern-matching problem into one of the most 

advanced and widely implemented biometric technologies of the modern digital era. Its rapid 

growth is driven by increasing security requirements, the expansion of intelligent systems, and 

the need for contactless and seamless authentication in both public and private sectors. Today, 

face recognition forms the backbone of numerous applications ranging from mobile phone 

unlocking and border control to law enforcement, smart surveillance, and personalized digital 

services. The fundamental challenge of any face recognition system is to accurately identify or 

verify individuals under changing environmental and visual conditions. These challenges 

include variations in illumination, pose, occlusions, camera quality, facial expressions, and image 

noise — all of which make the task far more complex than early controlled laboratory studies 

suggested. 
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Historically, face recognition research began with traditional computer vision approaches that 

relied on handcrafted features and statistical transformations to represent the human face. 

Techniques such as Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), 

and Local Binary Patterns (LBP) provided the foundation for early automatic recognition 

systems, offering low computational cost and practical interpretability. These algorithms 

operated effectively on small datasets and in controlled environments, making them suitable for 

early security applications and academic research. However, their performance deteriorated 

significantly in real-world scenarios due to their sensitivity to illumination, background 

variation, and pose differences. Traditional methods lacked the representational power needed 

to capture intricate facial features and nonlinear variations, limiting their deployment in large-

scale or unconstrained environments. 

The emergence of artificial intelligence — particularly deep learning — revolutionized the field 

by enabling automatic extraction of hierarchical and highly discriminative facial features from 

raw pixel data. Convolutional Neural Networks (CNNs) and models such as FaceNet, VGGFace, 

and ArcFace surpassed traditional methods by learning robust embeddings capable of handling 

extreme variations in real-world conditions. These models achieved near-human or even 

superhuman accuracy on benchmark datasets and set new standards for modern biometric 

systems. However, their impressive performance comes at the cost of substantial computational 

requirements, large annotated datasets, and training complexity. This creates practical barriers 

for edge computing, real-time surveillance systems, IoT devices, and other environments with 

limited hardware resources. 

As a result, hybrid face recognition approaches have gained significant attention for their ability 

to combine the strengths of traditional algorithms with those of deep learning models. By 

integrating classical feature extraction techniques with modern AI-based embeddings, hybrid 

frameworks aim to improve recognition accuracy while reducing computational overhead. Such 

integration not only enhances robustness in uncontrolled environments but also facilitates 

interpretability and reduces dependency on massive datasets. Hybrid models represent a 

promising middle-ground solution for developing scalable, efficient, and reliable face 

recognition systems. This study investigates the potential of such integration and explores how 

combining traditional and AI-based methods can lead to a more balanced and effective facial 

recognition pipeline suitable for both cloud-based and edge-based deployment scenarios. 

 

2. PURPOSE 

The primary purpose of this study is to investigate how traditional face recognition algorithms 

and modern artificial intelligence–based methods can be effectively integrated into a unified 

hybrid framework to enhance the overall accuracy, robustness, and computational efficiency of 

face recognition systems. Traditional algorithms such as PCA, LDA, and LBP provide valuable 

structural and statistical insights into facial features but lack the representational depth needed to 

handle uncontrolled environments. In contrast, deep-learning-based models capture complex, 

nonlinear facial patterns and achieve state-of-the-art performance, yet they require extensive 

computation and large annotated datasets. This research aims to bridge these contrasting 

characteristics by combining their complementary strengths. 

A key objective of the study is to analyze the specific limitations of traditional and AI-based 

approaches when used independently and to determine how these limitations can be mitigated 

through careful integration. The proposed investigation focuses on identifying which 

handcrafted features contribute positively to deep embeddings, how pre-processing techniques 



Integration of Face Recognition Algorithms Based on Traditional Computer Vision and Artificial Intelligence Approaches 

173 

can stabilize neural network performance, and how hybrid feature fusion can increase 

recognition accuracy under challenging lighting, pose, and occlusion scenarios. Additionally, the 

study aims to explore how hybrid systems can reduce computational load, making them suitable 

for real-time applications and deployment on resource-constrained devices such as smart 

cameras, embedded processors, and IoT platforms. 

Ultimately, the purpose of this work is to provide a systematic, evidence-based justification for 

using hybrid face recognition models as a practical alternative to purely traditional or purely AI-

based solutions. By demonstrating their advantages in accuracy, efficiency, and scalability, the 

study seeks to contribute to the development of next-generation biometric systems capable of 

operating reliably in diverse real-world environments. 

 

3. METHODOLOGY 

The methodology of this study is designed to analyze, compare, and integrate traditional face 

recognition algorithms with artificial intelligence–based approaches in order to develop a hybrid 

model with enhanced robustness and efficiency. The methodological framework consists of 

several stages, each addressing a specific aspect of face recognition pipeline design. The first 

stage involves a systematic review of existing literature, focusing on both classical and modern 

techniques used in image-based biometric recognition. Research papers, benchmark datasets, 

experimental evaluations, and comparative studies are examined to identify the strengths and 

weaknesses of widely used algorithms such as PCA, LDA, LBP, and CNN-based models 

including FaceNet, ArcFace, and VGGFace. This review provides a scientific basis for 

determining which algorithmic components are most suitable for integration. 

The second stage focuses on a detailed comparative analysis of traditional and AI-based 

algorithms. Traditional methods are evaluated based on their feature extraction mechanisms, 

dimensionality reduction techniques, interpretability, and computational requirements. Their 

sensitivity to noise, illumination, pose variation, and occlusions is also assessed. In parallel, deep-

learning-based approaches are analyzed by examining their training complexity, dataset 

dependency, ability to learn discriminative embeddings, and generalization capacity across 

different environments. This comparative evaluation highlights the complementary strengths of 

both paradigms and forms the rationale for designing a hybrid model. Special attention is given 

to how traditional texture or structural descriptors may serve as stabilizing or enhancing pre-

processing techniques for deep models, especially in low-quality imaging conditions. 

The third stage of the methodology involves the conceptual design of a hybrid face recognition 

framework. In this design, traditional algorithms such as LBP and PCA are utilized in the early 

stages of the pipeline to extract local texture patterns or reduce redundant information, thereby 

generating compact and discriminative feature vectors. These handcrafted features are then 

combined with deep-learning-based embeddings generated by a pretrained CNN model. 

Feature fusion approaches—such as concatenation, weighted averaging, or principal component 

fusion—are considered to combine the outputs of both methods effectively. A lightweight 

classifier, such as Support Vector Machine (SVM) or a fully connected neural layer, is used for 

final identity recognition. The hybrid architecture is modeled to maintain high recognition 

accuracy while reducing computational load, making it suitable for real-time applications. 

The fourth stage focuses on evaluating the proposed hybrid approach using well-established 

performance metrics and experimental scenarios reported in existing literature. Metrics such as 

accuracy, precision, recall, F1-score, inference time, and robustness against environmental 

variations are analyzed to assess the efficiency of the hybrid system. The evaluation process also 



Ravan Mammadov 

174 

considers the performance trade-offs between purely traditional, purely AI-based, and hybrid 

models. Furthermore, controlled experiments described in the literature—such as testing models 

on images with varying illumination, resolution, pose, and occlusions—are used to understand 

how the hybrid approach performs under real-world constraints. 

Finally, the methodology includes a discussion and interpretation stage, where the outcomes of 

each experimental comparison are synthesized to determine the practical viability of hybrid face 

recognition systems. The advantages of integrating handcrafted features with deep embeddings 

are examined from both theoretical and application-oriented perspectives. This includes 

assessing deployment feasibility on edge devices, scalability for large datasets, and adaptability 

to uncontrolled environments. The methodological approach ultimately provides a structured 

pathway for demonstrating how hybrid models can achieve a balanced trade-off between 

accuracy, efficiency, and resource usage, offering valuable insights for future research and 

practical implementations in biometric technologies. 

 

4. UTILIZED DATASET 

The study utilizes publicly available face recognition datasets commonly used in biometric 

research to analyze the performance of traditional and AI-based algorithms. Standard datasets 

such as Labeled Faces in the Wild (LFW), CASIA-WebFace, and Yale Face Database provide a 

diverse range of images with variations in illumination, pose, expression, and background 

conditions. These datasets contain thousands of labeled facial images captured under both 

controlled and uncontrolled environments, making them suitable for evaluating robustness and 

generalization. Their balanced distribution and high inter-class variability allow meaningful 

comparison between traditional feature-based methods and modern deep-learning-driven 

embedding models within the hybrid framework. 

 

5. DATA PREPROCESSING 

Data preprocessing plays a crucial role in ensuring the reliability and consistency of face 

recognition algorithms, particularly when combining traditional and AI-based approaches. The 

preprocessing pipeline begins with face detection, where algorithms such as MTCNN or Haar 

Cascades are used to locate and crop facial regions from raw images. Following detection, all 

images are resized to a standardized resolution to maintain uniformity across the dataset. 

Illumination normalization techniques, such as histogram equalization, are applied to reduce 

lighting variations, while alignment methods correct rotation and pose inconsistencies by 

positioning key facial landmarks in standardized locations. For deep-learning-based models, 

pixel values are normalized to a fixed range (e.g., [0,1] or [-1,1]) and optionally standardized per 

channel. In traditional methods, additional preprocessing—such as grayscale conversion or 

smoothing—may be performed to emphasize texture and structural details. These steps 

collectively enhance feature extraction and ensure robust, comparable input data for the hybrid 

system. 

 

6. GENERAL ARCHITECTURE 

The general architecture of the proposed hybrid face recognition system is designed to integrate 

traditional feature extraction techniques with modern deep-learning-based embedding models. 

The pipeline begins with face detection and alignment, ensuring that all inputs share a consistent 

geometric structure. Traditional modules such as PCA or LBP are applied in the early stages to 
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extract low-level statistical or texture-based features, providing compact representations that 

enhance robustness under varying lighting or noise conditions. These handcrafted features are 

then combined with high-level deep embeddings generated by a pretrained CNN model such as 

FaceNet or ArcFace. A feature fusion layer merges the two representations, either by 

concatenation or weighted integration. Finally, a classification module—typically an SVM or 

fully connected neural network—performs identity recognition. This layered architecture allows 

the system to benefit from both computational efficiency and high discriminative power. 

 

7. USED MODEL 

The hybrid face recognition framework employs a combination of traditional feature extraction 

algorithms and modern deep-learning-based embedding models to achieve a balance between 

accuracy and computational efficiency. For the deep learning component, a pretrained 

Convolutional Neural Network (CNN) model such as FaceNet, VGGFace, or ArcFace is utilized 

due to their strong ability to generate highly discriminative face embeddings. These models 

transform each facial image into a compact numerical vector located in a high-dimensional 

embedding space, where distances between vectors correspond to identity similarity. Their 

pretrained nature allows the system to benefit from large-scale training performed on millions of 

images, enabling robust generalization even with smaller datasets. 

To complement the deep component, traditional models such as Principal Component Analysis 

(PCA) or Local Binary Patterns (LBP) are integrated into the early stages of the pipeline. PCA 

reduces the dimensionality of input images and highlights dominant facial structures, whereas 

LBP captures local texture variations useful in uncontrolled environments. The outputs of these 

traditional models are fused with the deep embeddings, either by concatenation or weighted 

integration, producing a richer and more stable feature representation. 

Finally, a lightweight classifier such as a Support Vector Machine (SVM) or fully connected 

neural layer performs identity recognition. This combination of models ensures a robust, 

scalable, and efficient system suitable for both high-performance servers and edge-computing 

devices. 

 

8. EVALUATION METRICS 

The performance of the proposed hybrid face recognition framework is evaluated using a set of 

well-established metrics that comprehensively assess accuracy, robustness, and practical 

usability. Recognition accuracy serves as the primary metric, measuring the proportion of 

correctly identified or verified faces across test samples. To provide deeper insight into error 

distribution, precision, recall, and the F1-score are calculated, capturing how effectively the 

model distinguishes true matches from false positives and false negatives—an essential 

requirement for security-critical applications. 

Additionally, Receiver Operating Characteristic (ROC) curves and the Area Under the Curve 

(AUC) metric are used to evaluate threshold-dependent performance and the model’s ability to 

separate genuine and impostor samples. For real-time and embedded applications, inference 

time and computational cost are analyzed, including metrics such as latency per image, memory 

usage, and model size. These practical measures indicate whether the system is suitable for 

deployment on resource-constrained devices. 

To test robustness, experiments incorporate variations in illumination, pose, occlusion, and 

resolution, assessing the hybrid model’s stability under uncontrolled conditions. By combining 
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accuracy-oriented and efficiency-oriented metrics, the evaluation process provides a balanced 

assessment of how well traditional and AI-based techniques complement each other within the 

hybrid architecture. 

 

9. CONCLUSION 

This study demonstrates that integrating traditional face recognition algorithms with modern 

artificial intelligence–based approaches provides a powerful and balanced solution for building 

robust biometric systems. Traditional methods such as PCA, LDA, and LBP offer simplicity, 

speed, and interpretability, making them suitable for environments with limited computational 

resources. However, their performance is significantly affected by variations in illumination, 

pose, occlusions, and image quality. In contrast, deep-learning-based embedding models such as 

FaceNet and ArcFace achieve state-of-the-art accuracy through automatic hierarchical feature 

extraction, yet require substantial training data and computational power. 

 

 
 

The hybrid architecture proposed in this work effectively combines the strengths of both 

paradigms by integrating handcrafted structural or texture-based features with high-level deep 

embeddings. This fusion leads to more discriminative and stable feature representations, 

improving recognition accuracy while maintaining computational efficiency. Experimental 

results reported in the literature indicate that hybrid methods achieve superior robustness under 

real-world conditions, especially when data quality is inconsistent or hardware resources are 

constrained. 

Overall, the study concludes that hybrid face recognition frameworks represent a practical, 

scalable, and efficient alternative to purely traditional or purely deep-learning-driven systems. 

By leveraging complementary feature representations, these models enhance reliability, support 

deployment on edge devices, and provide a promising direction for future development in 

secure and intelligent biometric technologies. 
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