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Face recognition systems play a crucial role in security, surveillance, and 

authentication applications. However, traditional deep learning-based 
models, particularly Convolutional Neural Networks (CNNs), often struggle 
with issues such as varying lighting conditions, occlusions, and high 
computational costs. This paper proposes an Adaptive Resonance Theory 
(ART)-based face recognition framework that enhances recognition 
robustness and computational efficiency. Unlike CNNs, ART enables 
incremental learning without requiring retraining, making it suitable for real-
time applications. The study evaluated the proposed system on three 

benchmark datasets: LFW, Yale, and ORL. Experimental results indicate that 
the ART-based model achieved an average accuracy of 96.2%, outperforming 
CNN-based models (93.5%) while reducing recognition time by 25%. 
Additionally, ART demonstrated superior adaptability, maintaining 
recognition accuracy above 94% even under occlusion and low-light 
conditions. These findings confirm the effectiveness of ART-based face 
recognition for security, access control, and smart innovative surveillance 
applications. Future research will focus on integrating ART with deep 
learning techniques for enhanced performance in large-scale datasets.  

This is an open access article under the CC BY-SA license. 

 

Keywords: 

Adaptive Resonance Theory 

Computational Efficiency 

Face Recognition  

Real-Time Applications 

Robustness 

 

1. INTRODUCTION  

 Face recognition systems have become increasingly crucial in various applications, including security, 
surveillance, and user authentication. Despite significant advancements in deep learning techniques, these 

systems often struggle with challenges like varying lighting conditions, occlusions, and facial expressions. To 

address these issues, we propose an innovative approach based on Adaptive Resonance Theory (ART), which 

offers robust and efficient face recognition capabilities. Adaptive Resonance Theory, introduced by Stephen 

Grossberg, is a neural network architecture that addresses stability-plasticity dilemmas, enabling systems to 

learn new information while retaining previously learned patterns without being disrupted [1]. ART's unique 

ability to learn and recognize patterns adaptively and incrementally makes it particularly suitable for the 

dynamic variations encountered in face recognition tasks [2]. The ART-based approach has been successfully 

applied in various fields, demonstrating its versatility and effectiveness. For instance, studies have utilized 

ART to classify hand movements for myoelectric control systems [3], estimate mix proportions in high-

performance concrete [4], and cluster healthcare claims for adaptive drift analysis [5]. These applications 
highlight ART's ability to manage complex and dynamic data environments effectively. In the realm of image 

processing, ART has shown promising results. [6] demonstrated the efficacy of ART in multi-label 

classification tasks, while [7] applied learning-based image synthesis for region-adaptive deformable 

registration of CT/MRI pelvic images. These studies highlight the potential of ART in enhancing image 

https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/


 Hewa Majeed Zangana et al. /VUBETA Vol 2 No 3 (2025) pp. 602~618  603 

 

 

processing and recognition tasks through its adaptive learning capabilities. Our proposed ART-based face 

recognition framework aims to leverage these strengths to improve the robustness and efficiency of face 

recognition systems. By incorporating ART's adaptive learning mechanisms, we anticipate better handling of 

the variations and challenges inherent in face recognition tasks. This paper provides a comprehensive 

evaluation of our approach, demonstrating its superior performance in terms of accuracy, robustness to noise, 

and computational efficiency compared to traditional methods. In the following sections, we delve into the 
methodology of our ART-based approach, present experimental results on benchmark datasets, and discuss the 

implications of our findings for real-world face recognition applications. The objective is to showcase the 

potential of ART to enhance the reliability and effectiveness of face recognition systems in diverse and dynamic 

environments. Adaptive Resonance Theory (ART) has emerged as a significant paradigm in neural network 

research due to its unique ability to address the stability-plasticity dilemma, enabling continuous learning 

without forgetting previously learned information. This literature review provides an overview of ART's 

application across various domains, highlighting its versatility and effectiveness. 

Despite the advancements in deep learning-based face recognition, challenges such as varying lighting 

conditions, occlusions, and facial expressions continue to impact recognition accuracy. Existing methods, 

particularly those based on Convolutional Neural Networks (CNNs), require extensive labeled data and 

computational resources, making them inefficient for real-time applications. Moreover, these models struggle 

to adapt to new patterns without retraining. This paper addresses these limitations by proposing an Adaptive 
Resonance Theory (ART)-based face recognition framework, which provides incremental learning capabilities, 

computational efficiency, and robustness to real-world variations. By leveraging ART’s stability-plasticity 

mechanism, the proposed model mitigates the shortcomings of conventional methods and ensures adaptive 

recognition in dynamic environments. Face detection has been extensively studied, with various approaches 

leveraging color models and skin-tone analysis to enhance accuracy. For instance, (8,9) proposed a novel 

algorithm utilizing skin color tone for human face detection, significantly improving accuracy in varied lighting 

conditions. Additionally, [9] introduced a hybrid approach that combines multiple color model algorithms to 

enhance the robustness of face detection across diverse datasets. 

The key contributions of this paper are as follows: 

1. We propose a novel ART-based face recognition framework that addresses the limitations of CNNs in 

handling variations in lighting, occlusions, and incremental learning. 
2. We present an in-depth comparative analysis, demonstrating that the ART-based system achieves superior 

accuracy (96.2%) and computational efficiency (reducing recognition time by 25%) compared to CNN-

based models. 

3. We evaluate the robustness of ART under challenging conditions, confirming its adaptability to real-world 

variations such as partial occlusions and low-light scenarios. 

4. We provide a theoretical justification for ART’s superiority over CNNs in dynamic learning environments 

and its potential for real-time security applications. By leveraging ART’s stability-plasticity trade-off, this 

study enhances the reliability and efficiency of face recognition systems for practical deployment in security 

and authentication domains. 

1.1. Related Works 

ART's foundational principles have been extensively explored and applied in numerous studies. [10] 

reviewed multimodal image matching methods, highlighting how ART-based approaches can enhance image 

matching across different modalities. [11] proposed a multi-objective lung image detection method based on 

self-regulating sparse representation, showcasing ART's integration with advanced image processing 

techniques. [1] further elaborated on ART's mathematical foundations, integrating it with time scales calculus 

to enhance its theoretical framework. 

ART has shown substantial promise in the field of image processing. [12] developed a metaheuristic FIR 

filter with a game theory-based compression technique for reliable medical image compression. This work 

complements the image synthesis approach used by [7] for region-adaptive deformable registration of CT/MRI 

pelvic images, showcasing ART's ability to handle complex medical imaging tasks. Similarly, [3] employed a 

vague set theory-based segmented image fusion technique, further demonstrating ART's effectiveness in 
analyzing anatomical and functional images. 

ART's adaptability makes it suitable for various pattern recognition and classification tasks. (14) 

introduced a rough set theory and deep learning-based predictive system for gender recognition using audio 

speech, highlighting ART's role in enhancing pattern recognition capabilities. The study by [6] applied ART 

in multi-label classification, illustrating its capability to manage complex classification problems. This study 

was extended by [15] to demonstrate the effectiveness of ART in clustering tasks, further solidifying its role 

in pattern recognition. 
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In engineering and industrial domains, researchers have applied ART to address a wide range of problems. 

[6] used information-theoretic scheduling for robust multi-landmark detection in medical images, which aligns 

with ART's utility in industrial health monitoring. [17] discussed AI-based fault detection and diagnosis 

methods, including ART, for building energy systems, emphasizing ART's utility in predictive maintenance. 

ART's clustering capabilities support various optimization and clustering tasks. [18] proposed a novel 

rough set theory-based method for epistemic uncertainty modelling and analysis, demonstrating its 
effectiveness in data clustering. [19] introduced a topological clustering particle swarm optimizer based on 

ART for multimodal multi-objective problems, showcasing ART's flexibility in handling complex optimization 

problems. 

Studies have employed ART in human–computer interaction research. [20] utilized ART in an eye-

tracking study to assess cognitive load during time-critical interactions, demonstrating its applicability in real-

time user experience evaluation. This study highlights the potential of ART in enhancing user interaction by 

providing adaptive feedback based on cognitive load assessment. 

Beyond the aforementioned domains, ART has been applied in various other fields, showcasing its 

versatility. [21] applied ART in denoising functional magnetic resonance imaging using random matrix theory-

based principal component analysis, illustrating its potential in advanced imaging techniques. [22] explored 

ART-based clustering for crime report categorization, illustrating its potential in social sciences. [23] applied 

ART in sound localization using dynamic-structured reservoir spiking neural networks, highlighting its 
applicability in auditory systems. 

Adaptive Resonance Theory (ART) has been widely explored across various domains, demonstrating its 

adaptability in handling complex learning tasks, particularly in pattern recognition and anomaly detection. 

Several studies have applied ART in neuromorphic computing, intrusion detection, robotics, and medical 

diagnostics, showcasing its versatility and robustness. 

In [24], the authors introduce a memristor-based neuromorphic ART framework, design it for one-shot 

online learning, and apply it to network intrusion detection. This study highlights the potential of ART in 

cybersecurity applications, particularly in environments that require rapid learning without retraining. 

Similarly, [25] explored database security applications of ART, using a role-based profiling system and an 

ART-based intrusion detection mechanism to enhance database security and anomaly detection. Their findings 

confirm the efficiency of ART in detecting unauthorized access patterns with minimal computational overhead. 
Beyond security applications, studies have successfully implemented ART in robotics and autonomous 

systems. [26] leveraged ART for controlling autonomous robot behaviour, demonstrating that ART's ability to 

adapt to dynamic environments makes it suitable for real-time robotic control. [27] further applied ART in 

motion classification, using it to model actuator-level motion patterns and contact episodes in robotic systems. 

Their work illustrates ART’s capability in learning and classifying sequential data with high accuracy. [28] 

also utilized ART as an episodic memory system for an autonomous robot, improving decision-making 

processes in real-time environments. 

In the field of medical diagnostics and biomedical signal processing, [29] analyzed ART’s effectiveness 

in diagnosing epilepsy, demonstrating its capability in understanding neurological patterns from EEG data. 

[30] applied ART in hand movement classification for myoelectric control systems, showcasing its adaptability 

in biomedical signal processing tasks. Additionally, [31] integrated ART with Markov chains and kernel 
smoothing techniques to enhance fingerprint recognition, providing a robust framework for biometric 

authentication. 

Studies have also explored ART in social media analytics and unsupervised learning tasks. [32] examined 

ART’s role in clustering social media data, demonstrating its ability to identify emerging trends and topics with 

minimal supervision. Similarly, [33] introduced ConvART, an improved ART model designed for 

unsupervised image clustering, which showed significant improvements in clustering accuracy for high-

dimensional visual data. 

In computer vision and image processing, [34] applied ART to detect video image modifications, 

demonstrating its utility in image forensics and tamper detection. [35] proposed an infrared dim target detection 

method using fuzzy ART, highlighting its effectiveness in enhancing contrast and improving object detection 

in low-visibility conditions. [36] developed a modified ART neural network for image recognition, which 

improved classification accuracy by integrating ART with convolutional architectures. Computer vision 
research has widely explored motion tracking and object movement detection. Optical flow-based methods are 

particularly effective in detecting object movements with high precision. [37] presented an approach that 

leverages optical flow to detect object movement, demonstrating its applicability in real-time tracking 

scenarios. 

Beyond these applications, ART has been studied extensively in theoretical neuroscience and explainable 

AI. [38] provided foundational research on how ART enables adaptive learning, attention, and conscious 
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recognition, influencing modern AI and cognitive modeling approaches. [39] further detailed ART’s 

mathematical framework, reinforcing its theoretical significance in machine learning. 

Beyond its applications in security, robotics, and medical diagnostics, studies have explored ART in 

unsupervised learning, adaptive clustering, and anomaly detection. [40] introduced iCVI-ARTMAP, an ART-

based model utilizing incremental cluster validity indices to accelerate learning and improve multiprototype 

representations in unsupervised classification. Similarly, [41] developed an ensemble semi-supervised ART 
model with explainability features, demonstrating its effectiveness in pattern classification tasks. [42] proposed 

an ART-based intrusion detection system, enhancing cybersecurity applications by dynamically detecting 

network threats with high precision. [43] further investigated adaptive resonance AI for anomaly detection, 

applying ART concepts to detect advanced persistent threats in network security. These studies highlight 

ART’s capability to learn and adapt to evolving patterns in dynamic environments continuously, making it 

particularly suitable for real-time anomaly detection and clustering applications. 

In addition to clustering and anomaly detection, studies have employed ART in adaptive learning architectures 

and neural networks. [44] proposed a self-organizing memory model based on ART for vision and language 

navigation, demonstrating its ability to enhance AI-driven reasoning in multimodal tasks. [45] introduced 

FIART, an ART-based feature integration model for visual attention, aligning ART with human-like perception 

mechanisms. [46] explored pretrained backpropagation-based ART networks, improving adaptive learning in 

neural networks. Meanwhile, [47] provided a comprehensive review of unsupervised ART models, 
emphasizing their advantages in scalable machine learning applications. These studies reinforce ART’s role as 

a powerful and adaptable learning mechanism, capable of handling various AI, machine learning, and cognitive 

modeling tasks. 

The broad applicability of ART across security, robotics, biomedical engineering, computer vision, and 

artificial intelligence highlights its advantages in incremental learning, the balance of stability and plasticity, 

and computational efficiency. These studies provide strong motivation for applying ART to face recognition 

systems, where adaptability and real-time learning are crucial for achieving high accuracy. The following 

sections explore the proposed ART-based framework and its impact on improving face recognition efficiency 

and robustness. Preprocessing plays a crucial role in face recognition systems by enhancing image quality 

before feature extraction. Denoising techniques, such as the wavelet transform and deep learning models, have 

shown significant improvements in image clarity. [48] proposed a hybrid approach integrating wavelet 
transform and deep learning, effectively reducing noise while preserving essential facial features. In face 

recognition, feature extraction is crucial for determining the distinctiveness of detected faces. Researchers 

employ shape detection techniques to enhance facial landmark identification and classification. [49] introduced 

a novel algorithm for shape detection, which has potential applications in refining facial feature extraction 

methods. 

In summary, ART's adaptability and robustness make it a valuable tool across various fields, including 

medical imaging, industrial maintenance to, pattern recognition, and human-computer interaction. The diverse 

applications and successful implementations of ART underscore its potential to enhance the efficiency and 

effectiveness of systems in dynamic and complex environments. 

While researchers have successfully applied ART in diverse domains such as medical imaging, pattern 

recognition, and clustering, its potential for face recognition remains underexplored. By leveraging ART’s 
adaptive learning mechanism, we address the limitations of CNN-based face recognition models, particularly 

in handling variations in lighting, occlusions, and computational efficiency. The following section provides an 

overview of previous ART applications and their relevance to face recognition. 

2. METHOD  

 This section outlines the methodology employed to develop and evaluate the Adaptive Resonance Theory 

(ART)-based approach for robust and efficient face recognition. The proposed framework leverages the core 

principles of ART to handle dynamic variations in facial images, ensuring high accuracy and computational 

efficiency. 

2.1. Overview of Adaptive Resonance Theory (ART) 

ART addresses the stability-plasticity dilemma, which refers to the trade-off between learning new 
patterns (plasticity) and preserving previously learned information (stability). Traditional neural networks often 

suffer from catastrophic forgetting, where new data overwrites old knowledge. ART mitigates this issue by 

implementing a vigilance parameter that controls how similar new inputs must be to existing patterns before 

learning is triggered. 

To ensure repeatability, the experimental setup follows a structured approach, with data collection and 

preprocessing, proceeding to feature extraction, recognition, and evaluation. The system utilizes three 

benchmark datasets: Labeled Faces in the Wild (LFW), Yale Face Database, and the ORL Database. Each 
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dataset contains images with varying conditions, such as different lighting, facial expressions, and occlusions, 

to assess the system’s robustness. The ART-based framework processes the images through the following 

structured phases: 

• Preprocessing: All images are resized to 128x128 pixels, converted to grayscale, and normalized to ensure 

uniformity across datasets. 

• Feature Extraction: Deep learning-based CNNs extract features such as facial landmarks, texture details, 
and edge characteristics. 

• Adaptive Recognition: The ART module compares extracted features against stored prototypes and updates 

the recognition field dynamically. 

• Classification: The final decision is made based on the ART-based learned representations. 

2.2. Architecture of the Proposed ART-Based Face Recognition System 

The proposed face recognition system incorporates Adaptive Resonance Theory (ART) as a core 

mechanism for learning and recognizing facial patterns. Unlike traditional CNN-based methods that rely on 

static training, ART enables continuous learning without the risk of catastrophic forgetting. The system consists 

of four main components: (i) a preprocessing module to standardize facial images, (ii) a feature extraction layer 
utilizing CNNs, (iii) an ART-based recognition module that adaptively clusters new face patterns without 

disrupting previously learned representations, and (iv) a classification layer for final decision-making. By 

combining deep feature extraction with ART’s adaptive learning, our system ensures high accuracy while 

remaining computationally efficient. 

The proposed face recognition system consists of several key components: 

2.2.1. Input Layer 

This layer receives the input facial images and preprocesses them to a standardized format. 

Preprocessing involves resizing images to a fixed dimension, normalizing pixel values to ensure consistency, 

and applying contrast adjustments to enhance the visibility of features. Additionally, noise reduction techniques 

such as Gaussian filtering and median filtering improve image clarity. Standardization ensures that variations 

in lighting, scale, and orientation do not negatively impact the recognition process. The model then processes 

the images and feeds them into the subsequent layers for feature extraction and classification. By structuring 

the input uniformly, the system enhances recognition accuracy and robustness. 

2.2.2. Feature Extraction Layer 

Convolutional neural networks (CNNs) extract relevant features from the facial images. This layer 

captures important characteristics, including facial landmarks, texture, and edge patterns. Feature extraction 

involves multiple convolutional operations followed by activation functions like such as ReLU, to introduce 

non-linearity. Additionally, pooling layers reduce spatial dimensions while retaining essential information, 
improving computational efficiency. The extracted feature maps represent unique facial attributes, allowing 

the model to distinguish between different identities effectively. Proper feature extraction is crucial as it forms 

the foundation for accurate classification in subsequent layers. 

2.2.3. ART Module 

The core of the system, the ART module, processes the extracted features. It consists of the following 

sub-modules: 

• Comparison Field (F1): This field receives the input pattern and compares it with stored patterns in the 

recognition field. 

• Recognition Field (F2): This field stores the learned patterns and updates them based on the input pattern's 

similarity. 

• Reset Mechanism: This mechanism triggers a reset when the input pattern does not match any stored 

pattern, allowing the system to learn new patterns without interference. 

2.2.4. Classification Layer 

The model feeds the ART module outputs into a classification layer, which assigns the input image to 

a specific class (i.e., identifies the individual in the image). 

Figure 1 presents the overall architecture of the proposed ART-based face recognition system, detailing 

the preprocessing, feature extraction, ART learning, and classification modules. 
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Figure 1.  ART-Based Face Recognition System Architecture 

2.3. Training and Learning Process 

The training process involves two main phases: supervised learning and unsupervised learning. In the 

supervised phase, labeled facial images are fed into the network, allowing it to learn feature representations 

based on predefined classes. Loss functions, such as cross-entropy, are used to minimize classification errors, 

with backpropagation optimizing the network weights. In the unsupervised phase, the system refines its 

recognition capabilities by clustering unlabeled data and identifying patterns without explicit supervision. This 

hybrid approach enables adaptability, ensuring the model performs well on unseen data. The combination of 

both learning methods enhances generalization, reduces overfitting and improves robustness. 

2.3.1. Supervised Learning 

In the initial phase, the system trains on labelled facial images. The ART module adjusts its weights 

based on the similarity between the input patterns and stored patterns. This phase ensures that the system learns 

to recognize known individuals accurately [2]. 

2.3.2. Unsupervised Learning 

Following the supervised learning phase, the system encounters a new, unlabelled facial image. The 

ART module adapts to these new patterns through unsupervised learning, enabling the system to recognize 

new individuals while retaining previously learned faces [3]. 

2.4. Evaluation Metrics 

The study evaluates the proposed ART-based face recognition system using several metrics to ensure its 

robustness and efficiency. These metrics include accuracy, precision, recall, and computational efficiency, each 

of which plays a critical role in assessing system performance. Accuracy measures the proportion of correctly 

identified faces, providing an overall measure of effectiveness. Precision and recall determine the reliability of 

identifications, ensuring the system minimizes false positives and false negatives. Computational efficiency 

evaluates the time required to process each image, which is crucial for real-time applications. By considering 

multiple performance indicators, the evaluation framework provides a comprehensive assessment of the 

system's strengths and weaknesses. 

2.4.1. Accuracy 

T Accuracy refers to the proportion of correctly identified faces out of the total number of faces in the 

dataset. It is a fundamental metric for assessing the overall effectiveness of the recognition system. A higher 

accuracy indicates better performance in distinguishing between different identities. The ART-based model 

achieves superior accuracy by incrementally learning new facial patterns without forgetting previously learned 

ones. Additionally, robustness to variations in lighting, occlusion, and facial expressions contributes to 
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maintaining high accuracy across different datasets. Consistently achieving high accuracy validates the 

reliability of the proposed face recognition framework. 

2.4.2. Precision and Recall 

Precision measures the proportion of accurate identifications out of all identifications, ensuring that the 

system minimizes false positives. Recall, on the other hand, quantifies the proportion of accurate identifications 

out of all actual positives, highlighting the system’s ability to detect faces accurately. A high precision value 

indicates that the model avoids misclassifying non-matching faces, while a high recall value ensures that most 

actual faces are correctly recognized. The balance between precision and recall is crucial for optimizing 

recognition performance, particularly in applications where minimizing false positives and false negatives is 
essential. 

2.4.3. F1 Score 

The harmonic means of precision and recall provides a balanced evaluation metric. 

2.4.4. Computational Efficiency 

Computational efficiency is a crucial factor in determining the practicality of the face recognition 

system for real-time applications. This metric measures the time required to process and recognize each face, 

ensuring the model operates within acceptable speed limits. The ART-based approach significantly reduces 
computational overhead by leveraging adaptive learning, eliminating the need for retraining on new data. 

Additionally, optimized feature extraction and classification mechanisms improve processing speed without 

compromising accuracy. By maintaining a balance between speed and precision, the system remains suitable 

for security, authentication, and surveillance applications requiring quick decision-making. 

2.5. Experimental Setup 

The system was trained and evaluated on a machine equipped with an Intel Core i7-12700 processor, 

32GB RAM, and an NVIDIA RTX 3080 GPU. We implemented the ART model using TensorFlow and Keras, 

and we performed image preprocessing with OpenCV. The datasets used for training and validation include: 

1. LFW Dataset – Contains over 13,000 images of celebrities, captured in natural environments. 

2. Yale Face Database – Includes 165 grayscale images with controlled lighting and expressions. 
3. ORL Database – Comprises 400 images of 40 individuals, varying in pose and expression. 

For each dataset, we applied standardization techniques, including histogram equalization for contrast 

adjustment and Gaussian noise filtering to reduce variations. 

2.5.1. Data Preprocessing 

The system preprocesses facial images from the datasets to a standardized format, including resizing 

and normalization. Resizing ensures that all images conform to a fixed dimension, facilitating uniform feature 

extraction and analysis. Normalization adjusts pixel intensity values to a standard scale, reducing variations 

caused by different lighting conditions. Additionally, contrast enhancement techniques improve feature 

visibility and ensure consistency across images. Noise reduction methods, such as median filtering, are also 

utilized to eliminate artifacts that may interfere with recognition. Proper preprocessing enhances the accuracy 

and robustness of the system by ensuring that input data is clean and standardized. 

2.5.2. Feature Extraction 

Convolutional neural networks (CNNs) extract relevant features. The CNN model utilize multiple 

convolutional layers to detect facial features edges, including contours, and key facial landmarks. Activation 

functions, such as ReLU, introduce non-linearity, enabling the model to learn complex patterns. Pooling layers 

reduce the dimensionality of feature maps while preserving important information, improving computational 

efficiency. Fully connected layers receive the extracted feature representations for further classification. By 

leveraging CNNs, the system ensures robust feature extraction, enhancing the recognition of facial identities 
across varying conditions. 

2.5.3. Training 

The system undergoes supervised and unsupervised training phases. In the supervised phase, labeled 
facial images are used to train the model, allowing it to learn distinctive features for classification. 

Backpropagation and optimization techniques, such as Adam or SGD, are applied to fine-tune network weights 

and minimize error. The unsupervised phase utilizes clustering techniques to identify patterns in unlabeled 

data, thereby enhancing adaptability to new identities. By combining both approaches, the system achieves 
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better generalization, reducing overfitting and improving recognition accuracy on unseen data. This hybrid 

training strategy enhances the model’s robustness across diverse datasets. 

2.5.4. Evaluation 

The study evaluates the system's performance using the aforementioned metrics on test datasets. 

Accuracy, precision, recall, and F1-score provide insights into the reliability of recognition, while 

computational efficiency determines the real-time applicability of the system. The evaluation phase involves 

testing the model on unseen images to assess its generalization capability. Cross-validation techniques help 

ensure that the results are not biased by specific data distributions. Performance comparisons with existing 

state-of-the-art face recognition models help benchmark the system's effectiveness. A comprehensive 
evaluation ensures that the proposed model meets the required standards for practical deployment. 

2.6. Comparative Analysis 

The study presents a comparative analysis between the ART-based face recognition system and 

conventional CNN-based models to validate its effectiveness. The evaluation metrics included accuracy, 

precision, recall, F1 score, and computational efficiency. Statistical significance was determined using a paired 

t-test (p < 0.05). 

 

2.6.1. Data Inclusion/Exclusion Criteria: 

• The study excludes images with extreme distortions (e.g., heavy occlusions covering over 70% of the 

face) to maintain consistency in training. 

• The study removes duplicate images of the same individual from the same session to prevent overfitting. 

• Only frontal face images were considered for the Yale dataset, as side profiles significantly reduced model 

accuracy. 

 The study evaluates the ART-based system across three conditions: standard lighting, low-light 

conditions, and partial occlusions. Results indicated that ART maintained high recognition accuracy 

(above 95%) across all datasets, whereas CNN-based models suffered in low-light scenarios. 

2.7. Summary 

The methodology outlined above leverages the strengths of ART to develop a robust and efficient face 

recognition system. The proposed system's ability to adapt to new patterns and retain previously learned 
information makes it particularly suitable for dynamic and real-world face recognition tasks. The following 

sections will present the experimental results and discuss the implications of these findings for practical 

applications in face recognition. 

3. RESULTS AND DISCUSSION 

 This section presents the results obtained from evaluating the proposed Adaptive Resonance Theory (ART)-

based face recognition system. The study assesses the system’s performance using several benchmark facial 

image datasets, focusing. 

3.1. Dataset Description 

This study tests the system on three widely used facial image datasets. Each dataset presents distinct 

challenges, including variations in lighting, pose, and occlusions, ensuring that the model is remains robust 
under diverse conditions. 

3.1.1. LFW (Labelled Faces in the Wild) 

Contains over 13,000 images of faces collected from the web, presenting natural variations in lighting, 
facial expressions, and occlusions. The dataset serves as a benchmark for evaluating face verification models 

in unconstrained environments. Its diverse nature makes it a benchmark for assessing the model’s 

generalization ability across real-world scenarios. 

3.1.2. Yale Face Database 

Comprises 165 grayscale images of 15 individuals, each captured under different lighting conditions 

and facial expressions. This dataset is useful for studying the impact of illumination changes on recognition 

performance. The variations in shadowing and contrast provide a controlled setting to test the system’s 

resilience to lighting differences. 
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3.1.3. ORL (Olivetti Research Laboratory) Database 

Includes 400 images of 40 individuals, each captured with different poses, expressions, and facial 

details. The dataset features both frontal and slightly angled facial images, making it suitable for evaluating 

pose-invariant recognition. It provides a good balance between controlled conditions and moderate variations 

in expressions and positioning. 

3.2. Performance Metrics 

This study evaluates the system's performance using several key metrics to assess its accuracy, reliability, 

and efficiency. 

3.2.1. Accuracy 

The proportion of correctly identified faces out of the total number of faces in the dataset. Accuracy is 

a fundamental metric for evaluating model effectiveness, with higher values indicating better classification 

performance. 

3.2.2. Precision 

The proportion of accurate identifications out of all identifications. A high precision score indicates that 

the system correctly identifies faces while minimizing false positives. 

3.2.3. Recall 

The proportion of accurate identifications out of all actual positives. A high recall value ensures that the 

model does not miss actual faces, making it particularly important in security applications where missing an 

identity can have significant consequences. 

3.2.4. F1 Score 

The harmonic mean of precision and recall provides a balanced measure of the system’s classification 

performance. It is beneficial when precision and recall need to be optimized simultaneously. 

3.2.5. Computational Efficiency 

The average time taken to process and recognize each face. This metric is crucial for real-time 

applications where quick identification is necessary. Optimized algorithms and efficient hardware utilization 

help reduce processing time without compromising accuracy. 

3.3. Experimental Results 

To evaluate the performance of the proposed ART-based face recognition system, we used five key 

metrics: accuracy, precision, recall, F1-score, and computational efficiency. The definitions of these metrics 

are as follows: 

• Accuracy measures the overall effectiveness of the system in correctly identifying faces: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

 

where TP and TN are true positives and true negatives, respectively, and FP and FN are false positives and 

false negatives. 

• Precision quantifies how many of the predicted positive instances are actually correct: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

 

• Recall (sensitivity) measures how well the system identifies actual positive cases: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

 

• F1-score provides a harmonic mean of precision and recall: 

 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙
 

 

• Computational efficiency is assessed by measuring the average recognition time per face image. 

(1) 

(2) 

(3) 

(4) 
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Table 1 presents the accuracy results of the ART-based face recognition system across three datasets: 

LFW, Yale, and ORL. The system achieved an accuracy of 96.2% on the LFW dataset, demonstrating its 

robustness in handling real-world variations in facial expressions, lighting conditions, and backgrounds. The 

Yale dataset, which includes controlled lighting variations, resulted in a slightly lower accuracy of 94.8%, 

highlighting the model’s ability to adapt to constrained environments. Similarly, the ORL dataset, which 
contains diverse facial poses, showed an accuracy of 95.5%, confirming ART’s stability in learning and 

recognizing face patterns. These results validate that ART can outperform conventional CNN-based models in 

face recognition tasks by continuously adapting to new facial structures without retraining. 

 

Table 1.   Accuracy Results 
Dataset Accuracy (%) Interpretation 

LFW 96.2 High accuracy, demonstrating robustness in real-world images. 

Yale 94.8 Slightly lower due to controlled lighting variations. 

ORL 95.5 Consistent performance despite varying poses. 

 

The system demonstrated consistent performance, accurately identifying faces despite variations in 

lighting, expressions, and occlusions. 

Table 2 provides the precision, recall, and F1-score results for each dataset. The ART-based system 

consistently achieved high precision, recall, and F1-score values across all datasets, with the highest precision 

recorded for the LFW dataset (95.8%). The recall values remained above 94% for all datasets, indicating that 

the system effectively identifies faces with minimal false negatives. The high F1-score of 95.9% on LFW 

suggests a strong balance between precision and recall. These findings demonstrate that the ART-based model 
minimizes both false positives and false negatives, making it a reliable choice for real-world applications where 

accurate recognition is crucial. 

 

Table 2.  The Results of Precision, recall, and F1 Score 
Dataset Precision (%) Recall (%) F1 Score (%) 

LFW 95.8 96.0 95.9 

Yale 94.5 94.7 94.6 

ORL 95.1 95.3 95.2 

 

The high precision and recall values indicate the system's robustness in correctly identifying faces and 

minimizing false positives and false negatives. 

Table 3 presents the average recognition time (in milliseconds) for each dataset. The ART-based system 

demonstrated efficient computation, requiring an average of 45ms per image for LFW, 42ms for Yale, and 
40ms for ORL. The ART-based system represents a significant improvement over traditional CNN-based 

models, which often require longer processing times due to the need for extensive backpropagation and weight 

updates. The ART-based approach’s efficiency stems from its ability to incrementally learn without retraining, 

reducing computational overhead. This real-time capability makes ART highly suitable for applications 

requiring fast and accurate face recognition, such as biometric authentication and surveillance systems. 

 

Table 3. The Results of Average Times 
Dataset Average Time (ms) 

LFW 45 

Yale 42 

ORL 40 

 

The system demonstrated efficient performance, making it suitable for real-time face recognition 

applications. 

Figure 2 visually illustrates the performance metrics comparison of the ART-based system across 

different datasets. The graph highlights the consistent accuracy, precision, recall, and F1-score achieved by 

ART, reinforcing its effectiveness in recognizing faces under various conditions. The minimal fluctuation 
across datasets further confirms ART’s robustness and adaptability. 
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Figure 2. Performance Metrics Comparison 

 
The high accuracy and efficiency demonstrated in the experimental results highlight the advantages of ART 

over conventional CNN-based approaches. To further validate these findings, we present a comparative 

analysis of our method against existing approaches, followed by a robustness evaluation to assess the system’s 

adaptability to real-world conditions. 

 

3.4. Comparative Analysis 

The ART-based system outperforms CNN-based models in accuracy, computational efficiency, and 

adaptability. Table 4 presents a comparative evaluation, showing that ART-based recognition achieves 96.2% 

accuracy on LFW, whereas CNN-based methods reach 93.5%. Furthermore, the ART model processes images 

25% faster, making it more suitable for real-time applications. 

Table 4 provides a direct comparison between the ART-based and CNN-based face recognition systems 
across five key performance metrics: accuracy, precision, recall, F1-score, and computational efficiency. The 

ART-based system consistently outperformed the CNN model in all aspects, achieving a higher accuracy 

(96.2% vs. 93.5%) and better precision (95.8% vs. 92.9%). Notably, the ART-based model processed images 

25% faster than CNNs, making it a more efficient alternative for real-time applications. We attribute the 

improved results to ART’s ability to dynamically update its recognition field without requiring retraining, 

whereas CNNs depend on large datasets and time-consuming training processes. These findings support the 

suitability of ART or scenarios where rapid adaptability and high accuracy are required. 

Table 4. The Comparison of Performance 
Metric ART-Based System CNN-Based System 

Accuracy (%) 96.2 93.5 

Precision (%) 95.8 92.9 

Recall (%) 96.0 93.2 

F1 Score (%) 95.9 93.0 

Average Time (ms) 45 60 

 

The ART-based system outperformed the traditional CNN-based system in all metrics, demonstrating 

higher accuracy, precision, recall, and computational efficiency. 

Figure 3 presents a graphical comparison between the ART-based and CNN-based models in terms of 

accuracy and processing time. The ART-based system demonstrated a higher accuracy rate while significantly 

reducing computational time. The efficiency gain in ART is evident, as it eliminates the need for constant 

retraining, unlike CNNs, which require repeated weight adjustments and extensive labeled data for training. 

The results reinforce ART’s advantage in real-time face recognition tasks. 
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Figure 3. Comparative Analysis of ART-Based vs. CNN-Based Systems 

3.5. Robustness to Variations 

To assess the system’s robustness, we tested it under various conditions, including low-light 

environments, facial occlusions, and pose variations. The ART model maintained high recognition rates above 

94%, even when 30% of the face was occluded, whereas CNN-based methods showed a significant drop in 

accuracy under similar conditions. 

Figure 4 illustrates the robustness of the ART-based model under different variations, including low-light 
conditions, partial occlusions, and facial pose changes. The ART model-maintained recognition accuracy 

above 94% even when 30% of the face was occluded, whereas CNN-based models exhibited a significant drop 

in accuracy. The study demonstrates that ART can learn and generalize effectively, making it more reliable for 

real-world deployments where variations in face images are typical. 

 
Figure 4. Robustness to Variations in Face Recognition 

3.6. Summary 

The results indicate that the proposed ART-based face recognition system significantly improves 

accuracy, precision, recall, and computational efficiency compared to conventional CNN-based methods. Our 

system achieved an average accuracy of 96.2% on the LFW dataset, outperforming CNN-based models, which 

achieved an accuracy of 93.5%. Additionally, the ART-based system demonstrated superior adaptability, 

maintaining high recognition rates even in challenging scenarios such as occlusions and varying lighting 

conditions. The reduced computational complexity—processing facial images in an average of 45 

milliseconds—further underscores the approach’s efficiency, making it highly suitable for real-time 

applications. These results confirm that ART’s adaptive learning capabilities effectively address the limitations 

of existing face recognition models and enhance robustness in real-world deployments. 

3.7. Discussion 

This section discusses the significance of the results obtained from the Adaptive Resonance Theory 

(ART)-based face recognition system, evaluates its performance in comparison to existing methods, and 

explores its potential implications and future research directions. 
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3.7.1. Significance of Results 

The results indicate that the ART-based face recognition system achieves high accuracy, precision, 

recall, and F1 scores across multiple benchmark datasets. The system's ability to maintain consistent 

performance despite variations in lighting, facial expressions, and occlusions is particularly noteworthy. These 

findings suggest that the ART-based approach is robust and effective for real-world face recognition 

applications. 

3.7.2. Comparison with Existing Methods 

CNN-based models are highly effective for feature extraction but rely on extensive training datasets and 

static weight updates, making them less adaptive to new patterns without retraining (50). ART, on the other 

hand, is designed to address the stability-plasticity dilemma, enabling it to learn new patterns incrementally 

while preserving past knowledge. This property is particularly beneficial for face recognition, where variations 

in lighting, facial expressions, and occlusions require dynamic adaptability. 

ART incorporates a vigilance parameter (ρ) that determines how much similarity a new input must have 

to fit into an existing category. If an input does not match any stored patterns within the vigilance threshold, 

ART creates a new category, allowing ART to expand its knowledge base dynamically. This adaptive 

clustering mechanism is defined by: 

‖X − WJ‖ ≤ 𝜌 

where X is the input pattern, Wj is the stored prototype, and ρ is the vigilance parameter. 

In contrast, CNNs rely on backpropagation, where the network minimizes error by adjusting its weights 

in a static structure. This approach renders CNNs computationally expensive and reliant on large, labeled 

datasets. ART’s ability to incrementally adapt without retraining offers a significant advantage for real-time 
applications, particularly in security and surveillance systems where new face patterns continuously emerge. 

3.7.3. Robustness and Adaptability 

One of the key strengths of the ART-based system is its robustness to variations in facial images. The 

system maintained high performance under different lighting conditions, facial expressions, and occlusions, 

demonstrating its adaptability. Researchers attribute this robustness to the inherent properties of ART, 

including its stable learning capabilities and the ability to handle noisy and incomplete data, as discussed in 

(1,3). 

The system's adaptability makes it suitable for a wide range of applications, including security and 

surveillance, to as well as personalized user interfaces. The ability to accurately recognize faces in diverse 

conditions enhances the reliability and applicability of the ART-based system in real-world scenarios. 

3.7.4. Implications for Real-World Applications 

The high performance and efficiency of the ART-based face recognition system have significant 

implications for real-world applications. In security and surveillance, the system can provide accurate and rapid 

identification, enhancing safety and security measures. In user authentication and access control, the system's 

robustness to variations ensures reliable recognition, reducing the likelihood of false rejections or acceptances. 

Furthermore, the system's computational efficiency makes it suitable for deployment in resource-constrained 

environments, such as mobile devices and embedded systems. The ability to operate in real-time with minimal 

computational resources expands the potential applications of the ART-based approach. 

3.7.5. Future Research Directions 

While the results are promising, several areas warrant further research to enhance the ART-based face 

recognition system: 

3.7.5.1. Integration with Other Techniques 

Combining ART with other machine learning and deep learning techniques could further improve 

performance. For instance, integrating ART with transfer learning could leverage pre-trained models for 

specific tasks, as suggested by [51]. 

  

(5) 
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3.7.5.2. Handling Larger Datasets 

As the system scales to handle larger datasets with more diverse faces, optimizing the ART algorithm 

for scalability will be essential. Research into distributed and parallel processing techniques could address this 

challenge. 

3.7.5.3. Improving Robustness to Adversarial Attacks 

Investigating the system's robustness to adversarial attacks and developing methods to mitigate such 

threats will enhance security, especially in sensitive applications. 

3.7.5.4. Real-World Deployment 

Conducting extensive real-world testing in various environments will provide insights into the 

system's performance and usability. Collaborations with industry partners could facilitate the deployment and 

evaluation of the system in practical scenarios. 

3.7.6. Summary 

The ART-based face recognition system presents a robust, efficient, and adaptable solution for face 

recognition tasks. Its high performance across various datasets, combined with computational efficiency, 

makes it a viable candidate for real-time applications. The comparative advantages of ART-based approaches 

over traditional methods highlight their potential in advancing face recognition technology. Future research 

and development will further unlock the system's capabilities and expand its applications in diverse fields. 

4. CONCLUSION  

The proposed ART-based face recognition system demonstrates superior accuracy, robustness, and 

computational efficiency compared to traditional CNN-based approaches. Its ability to incrementally learn and 

adapt to new facial patterns makes it ideal for real-time applications in security, access control, and intelligent 

surveillance. For instance, the ART-based face recognition system can enhance airport security by improving 
automated passport verification or support law enforcement in criminal identification within dynamic 

environments. Moreover, ART’s lightweight computational footprint enables its integration into mobile 

authentication systems and IoT-based intelligent surveillance networks. Future research will investigate hybrid 

models that combine ART with deep learning techniques to enhance performance in large-scale face 

recognition scenarios further. 
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