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ABSTRACT
Face recognition and person re-identification in video remains a challenging area in computer vision community. A variety of
texture feature sets are evaluated for better recognition of individuals in video for varying pose and illumination conditions—as
found in real world video surveillance. This paper focuses on face recognition in video based changing environment using Fuzzy-
ARTMAP (FAM) neural network classifier. Individual specific facial model of each target subject is structured using two-class
classification to solve a multi-class classification problem. Two lower dimensional linear subspace techniques, PCA and LDA, are
applied. All evaluations are carried out by executing 10 iterations and average results are presented. We split dataset randomly in
each permutation: two-thirds of the data model is reserved for training of the classifier, and rest for testing. Experimental results
of our study are determined on two publicly available databases: the ChokePoint database and the Extended YaleB database. Our
findings show that FAM classifier performs better with the feature set “Pixel intensity combined with Local Binary Patterns (LBP)
and Local Phase Quantization (LPQ)” in varying illumination and pose scenarios during face recognition problem.

1 Introduction

Face recognition (FR) is used for automatically identifying
and verifying a person from an image using facial features.
Face recognition in video is a hot research area in computer
vision community, with a lot of challenges: changed capture
conditions, limited data available a priori for training, higher
frequency of unknown individuals than enrolled faces, camera
network, etc. Video stream is captured by the surveillance
camera and converted into video frames, where segmentation
component detects and crop the facial images called regions
of interest (ROIs). Then during training, features are extracted
and selected in order to create an individual specific facial
model. These models are trained in classification module by
using a classifier. During operation, the same pre-processing is
performed and its features are compared with already trained

and stored individual models to perform the recognition. To
overcome these changes researchers have used neural network
techniques for face recognition. The advantage of using the
neural networks is their ability to capture the complexity of
patterns [1].

Unlike previous studies focusing on individual features [2] or
computationally intensive deep learning [3–6], our work sys-
tematically investigates texture descriptor combinations with
efficient Fuzzy-ARTMAP classification for practical surveillance
deployment. Our primary contribution lies in demonstrating
that Fuzzy-ARTMAP neural network classifier, when combined
with carefully selected texture features and individual-specific
two-class classification, can better perform than the traditional
approaches in challenging video surveillance conditions. This
work provides a comprehensive evaluation of texture feature
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FIGURE 1 A generic model for face recognition.

combinations specifically evaluated for Fuzzy-ARTMAP in video-
based face recognition scenarios.

Face detection is performed using the segmentation module
(like the Viola-Jones algorithm). Individual faces called ROIs
are extracted from the video frames. All ROIs are scaled to 70 ×
70 pixels in this work and converted to gray levels in order
to select the features independent of camera resolution and
color. Feature sets are extracted with eleven texture approaches,
mostly combined with the gray-scale pixel intensity values.
The feature representation is reduced to lower subspace using
linear techniques: principal component analysis (PCA) and linear
discriminant analysis (LDA). These dimensionality reduction
techniques lead to global image features because the highest
Eigen values or Fisher values are extracted and vectorized. The
selected features are normalized to the range [0, 1] using themin–
max technique, and assembled into a ROI facial pattern of𝑵 × 𝑭

matrix where 𝑵 is number of samples and 𝑭 is the feature set.
Since dimensionality is reduced to 𝑷 features where 𝑷 ≪ 𝐹, thus
to obtain𝑵 × 𝑷 user-specific facial model. A proposed model for
face recognition problem in video based environment is presented
in Figure 1. Our scope is to identify highly discriminant texture
features when classification is performed using Fuzzy-ARTMAP.

There is a problemof finding a discriminant feature set that can be
used for recognition of individuals in video under varying illumi-
nation and pose conditions. The idea corresponds to a recognition
problem using multi-class classification under changed capture
conditions. There are solutions described in the literature, but
the existing feature results are not promising. The challenge is to
determine consistent feature set using lower dimensional linear
techniques and two-class classification (target and non-target
data) under varying pose and illumination conditions.

The existing literature predominantly focuses on either tradi-
tional subspace methods or deep learning approaches, with

limited investigation into the synergistic combination of texture
features using adaptive neural networks for video-based face
recognition. While Fuzzy-ARTMAP has shown promise in incre-
mental learning scenarios [7, 8], its application to face recognition
using combined texture descriptors and two-class classification
strategies remains less explored area.Moreover,most studies eval-
uate single texture features independently, missing the potential
discriminative power of carefully selected feature combinations.
This research addresses these gaps by: (1) systematically evalu-
ating eleven texture feature combinations with Fuzzy-ARTMAP
for video-based face recognition, (2) implementing an individual-
specific two-class classification strategy that transforms multi-
class problems into binary classification tasks, (3) conducting
comprehensive evaluation under challenging illumination and
pose variations using both controlled (Extended Yale B) and real-
world surveillance (ChokePoint) datasets, and (4) demonstrating
that pixel intensity combinedwithLBP andLPQ features achieves
superior recognition performance compared to individual texture
descriptors or complex feature concatenations.

Our novelty lies in the systematic evaluation of 11 texture feature
combinations specifically optimized for Fuzzy-ARTMAP in video
surveillance, including the novel ‘PV+LBP+LPQ’ combination.
Unlike existing studies that examine individual features or
require extensive computational resources, we demonstrate an
efficient two-class classification approach validated across both
controlled and real-world datasets, providing practical insights
for resource-constrained surveillance applications.

We have conducted experiments to answer these research ques-
tions: (1) is there any available sensitivity analysis to present
discriminant intensity based texture features to classify better
using Fuzzy-ARTMAP and two-class classification? (2) are there
any known texture feature sets available to guarantee better
recognition in changing conditions (of illumination and pose)?
The key contributions include:
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1. systematic identification of optimal texture combinations for
video-based face recognition

2. demonstration of Fuzzy-ARTMAP with two-class classifica-
tion superiority

3. practical insights for efficient surveillance systems validated
on diverse datasets

The rest of the paper is organized as follows. Section 2 describes
systematic literature review; Section 3 presents the proposed
method; experiments on real databases are conducted in Sec-
tion 4; and finally, the conclusion and future work are presented
in Section 5.

2 Literature Review

This section provides a comprehensive review of face recogni-
tion methodologies, focusing on appearance-based approaches,
neural network classifiers, feature extraction techniques, and
dimensionality reduction methods relevant to video surveil-
lance applications.

In a vision based system recognizing faces in a controlled
or uncontrolled environment, the commonly used techniques
are divided into two categories: model-based methods and
appearance-based methods [9]. Appearance-based methods span
a wide spectrum of algorithms, where recognition is performed
using only the appearance, further classified into global and local
approaches. A local feature is a property of an image on a single
pixel or a small region, for example, the color, (mean) gradient,
or gray value of a pixel. Local features should be invariant to
illumination, scale, or poses, but in general this is not so simple
due to the features being insufficient themselves. Global features
attempt to cover the information of thewhole image, for example,
subspace methods, such as principle component analysis (PCA),
linear discriminant analysis, etc.

Face recognition is a challenging problem in video surveillance
due to uncontrolled capture conditions (variations in pose,
expression, illumination, blur, scale, etc.) and the limited number
of reference stills to model target individuals a priori [10]. In the
literature, multiple change detection techniques are used in order
to refine the dataset that is further presented for classification.
For example, [11] performs video-to-video face detection using
adaptive ensemble learning techniques for optimization, and
similaritymeasures to handle variations in pose and illumination.
Similarly authors in [12] described the adaptive parameter adjust-
ment techniques. The paper [2] presents improved recognition
accuracy on the extended Yale B database using robust facial
texture descriptors for illumination-invariant face recognition.
Reference [13] states segmentation as one of the important
concepts in Face Recognition; however, it is more related to still
images, while our focus is video based face recognition.

Recent advances in deep learning have significantly transformed
face recognition approaches. The study in [3] demonstrated
that transformer-based architectures can achieve state-of-the-
art performance on challenging video face recognition tasks
by effectively capturing temporal relationships between frames.
Additionally, authors in [4] proposed a novel feature fusion

approach that integrates both local texture descriptors and deep
features to enhance performance in changing environments.
This hybrid approach shows particular promise for surveillance
applications where illumination and pose variations are com-
mon challenges, however, the systematic combination strategies
remain underexplored [14].

The application of neural networks to face recognition has
evolved considerably in recent years. While traditional neural
architectures showedpromising results, adaptive learningmodels
like fuzzy-ARTMAP have demonstrated particular strengths in
handling incremental learning scenarios [15]. Recent work in
[16] has shown that adaptive fuzzy neural networks can achieve
robust performance in surveillance video environments, par-
ticularly when dealing with dynamic lighting conditions. The
study in [12] enhanced the traditional fuzzy-ARTMAP framework
by incorporating dynamic parameter adjustment to improve
performance with limited training data, which is particularly
relevant for video surveillance applications where enrollment
data may be sparse.

Fuzzy-ARTMAP in Face Recognition: While traditional neural
architectures have dominated face recognition research, Fuzzy-
ARTMAP offers unique advantages for surveillance applications
through its incremental learning capability and adaptive vigi-
lancemechanism. The architecture’s ability to learn new patterns
without catastrophic forgetting makes it particularly suitable for
dynamic enrollment scenarios common in security systems [15].
However, systematic evaluation of Fuzzy-ARTMAP with diverse
texture feature combinations for video-based face recognition
remains limited in current literature.

Two-class classification approaches, where individual-specific
models distinguish between target and non-target faces, have
shown significant advantages in multi-class recognition prob-
lems. [17] demonstrated that binary classification with one-vs-all
strategy consistently outperforms multi-class classifiers in video-
based face recognition systems, especially when dealing with
unbalanced datasets. Authors in [18] provided a comprehen-
sive analysis of two-class classification strategies for multi-
class face recognition, demonstrating consistent performance
improvements over traditional multi-class approaches across
various datasets.

The extraction and selection of robust texture features remains
crucial in face recognition systems. [19] conducted an extensive
comparison of traditional texture descriptors (LBP, LPQ, Gabor
wavelets) against deep learning features and found that hybrid
approaches yield optimal results, particularly in challenging illu-
mination conditions. Similarly, the work in [20] explored texture
feature fusion using adaptive resonance theory for video-based
biometrics, showing that carefully selected feature combina-
tions significantly enhance recognition accuracy in real-world
surveillance scenarios. The research study in [21] investigated
advanced texture descriptors, demonstrating that multi-scale
LBP and phase-based features show remarkable robustness to
illumination variations and occlusions.

Feature Combination Strategies: Recent research emphasizes
that combining complementary texture descriptors often outper-
forms individual features. The synergy between pixel intensity,
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local patterns (LBP), and phase-based information (LPQ) has
shown promise in object classification [8], but comprehensive
evaluation in video-based face recognition contexts is lacking.
Furthermore, the interaction between feature combinations and
specific classifier architectures like Fuzzy-ARTMAP requires sys-
tematic investigation to optimize performance under challenging
surveillance conditions.

For video-based face recognition specifically, temporal informa-
tion provides additional cues that can enhance performance.
The authors in [22] proposed a temporal attention mechanism
that dynamically weights frames based on their quality and
distinctiveness, significantly improving recognition accuracy in
surveillance videos with varying quality. Similarly, [23] developed
a quality-aware frame selection method that identifies the most
informative frames for feature extraction, effectively handling the
challenges of video-based recognition.

The selection of appropriate dimensionality reduction techniques
also plays a critical role in face recognition performance. While
PCA and LDA remain fundamental approaches, [24] introduced
an enhanced discriminant analysis method that preserves both
local and global structure information, outperforming tradi-
tional techniques on challenging datasets [25]. Authors in [26]
proposed an adaptive subspace learning approach that dynam-
ically adjusts the dimensionality based on the complexity of
the facial features, showing particular promise for video-based
applications.

In surveillance scenarios, person re-identification acrossmultiple
cameras presents additional challenges beyond single-camera
face recognition. The work in [27] demonstrated that integrating
facial and body features significantly improves re-identification
performance in complex environments. Their approach leverages
complementary information from different biometric traits, mak-
ing it particularly suitable for video surveillance networks where
complete face images may not always be available.

The work presented in [28] proposes a real-time constellation
image classificationmethod based on theMobileViT architecture.
While it is designed for wireless communication applications,
its contributions in real-time processing, lightweight architecture
design, and image classification are conceptually relevant and
potentially adaptable to face recognition tasks. Another perti-
nent study is [29], titled “Rethinking the Multi-Scale Feature
Hierarchy in Object Detection Transformer (DETR)”. This work,
firmly situated in the computer vision domain, introduces a
transformer-based architecture with an optimized multi-scale
feature hierarchy. Its advancements in feature extraction are
well aligned with the objectives of our work and may inform
future integration of multi-scale feature representations in face
recognition models.

The evaluation of face recognition systems on benchmark
datasets has evolved to include more challenging scenarios.
Boutros et al. [30] introduced a new evaluation protocol that
specifically addresses real-world challenges like partial occlu-
sions, extreme pose variations, and low-resolution imagery. Their
work highlights the importance of comprehensive evaluation
methodologies that accurately reflect operational conditions in
surveillance environments. FAM’s incremental learning capabil-

ity enables dynamic enrollment of new subjects without catas-
trophic forgetting, making it particularly suitable for operational
surveillance systems where the subject database evolves continu-
ously.

Research Gaps and Motivation: The literature review reveals
several critical gaps that motivate our research. First, while
individual texture features (LBP, LPQ, Gabor) have been exten-
sively studied, there is limited systematic evaluation of their
combinations specifically optimized for adaptive neural networks
like Fuzzy-ARTMAP in video surveillance conditions. Most
studies focus on either traditional subspace methods or deep
learning approaches, missing the potential of hybrid texture-
neural network solutions. Second, although Fuzzy-ARTMAP
demonstrates incremental learning capabilities, its application
to face recognition with diverse texture feature combinations
remains underexplored, particularly in challenging illumina-
tion and pose variations typical of surveillance environments.
Third, the majority of face recognition systems employ multi-
class classification directly, while the advantages of individual-
specific two-class approaches for building discriminantmodels in
dynamic enrollment scenarios have not been thoroughly investi-
gated. Finally, comprehensive evaluation across both controlled
laboratory datasets and real-world surveillance conditions is
lacking, limiting the practical applicability of existing methods.
Our work addresses these gaps by systematically evaluating
eleven texture feature combinations with Fuzzy-ARTMAP using
two-class classification, validated across diverse experimental
conditions to bridge the gap between theoretical capability and
practical deployment.

3 Proposed Method

This section presents our systematic approach to video-based face
recognition, structured as six sequential stages that transform
raw video input into classification decisions. The methodology
directly implements the architecture depicted in Figure 1, with
each processing component explicitly mapped to corresponding
algorithmic stages. The systematic organization ensures repro-
ducibility while maintaining computational efficiency suitable
for real-time surveillance applications.

1. Pre-processing

2. Feature extraction

3. Feature reduction

4. Two-class subset creation

5. Classification (training & testing by FAM)

6. The WEKA analysis

The methodology follows the architecture presented in Figure 1,
with clear mapping between the six stages and subsequent
subsections: Pre-processing (Section 3.1) encompasses stages 1–2,
training (Section 3.2) covers stages 3–5, and testing (Section 3.3)
covers stage 6. This organization ensures systematic progression
from data acquisition through feature extraction, model training,
and performance evaluation.

4 of 13 IET Image Processing, 2025
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3.1 Pre-Processing (Stages 1–2)

This phase prepares raw data for feature extraction and
model training.

Stage 1: Data Acquisition and Frame Extraction

1. Extract frames from single person videos.

2. Manual labeling of ROIs to distinguish class labels.

Stage 2: Face Detection and Segmentation

1. Segmentation: performed using the Viola-Jones face detec-
tion algorithm [31]. ROIs are extracted from video frames
when face segmentation is required. Since our datasets
contain pre-cropped facial images, this detection step was
bypassed in our implementation. The original Viola-Jones
work [31] demonstrated its effectiveness for real-time face
detection applications, making it a proven choice for video-
based surveillance systems. Its cascade-based architecture
provides rapid face detection suitable for surveillance sys-
tems, while maintaining lightweight computational require-
ments. Although deep learning detectors offer higher accu-
racy, Viola-Jones provides a reliable baseline that focuses
attention on our primary contributions: texture feature opti-
mization and Fuzzy-ARTMAP classification. This choice
ensures reproducibility and fair comparison with exist-
ing literature while maintaining practical applicability for
resource-constrained surveillance environments.

This pre-processing pipeline corresponds to the leftmost compo-
nents in Figure 1, from video input through face detection.

3.2 Training (Stages 3–5)

This phase transforms raw facial data into discriminative feature
representations and trains individual-specific models.

Stage 3: Feature Extraction

1. Read Training Set of Images: Let the training set consists
of 𝑁 images for individual 𝑖. Each of these images can be
represented as 2D matrix. Let these images be {𝐼1, 𝐼2, . . . , 𝐼𝑁}.
All ROIs are scaled to 70 × 70 pixels and converted to gray
levels in order to select the features independent of camera
resolution and color.

2. Apply image enhancement techniques:
a. Scaling: Each face is scaled to a common size of 𝑚 × 𝑛

pixels (70 × 70 in this research).
b. RGB toGray-Scale conversion (to ensure camera resolu-

tion independent features are evaluated).

3) Formation of Training DataMatrix: The digitization step
is performed by 2D image matrices of dimension 𝑚 × 𝑛 are
first converted into one-dimensional vectors of dimension
𝑚𝑛 × 1. Let these one dimensional image vectors be Γ =
{Γ1, Γ2, . . . , Γ𝑚𝑛}. Let there be 𝑁 face images for individual 𝑖,
so all these single dimensional vectors are concatenated to
form a 2D training data matrix of dimension 𝑁 ×𝑚𝑛.

TABLE 1 Texture based feature extraction and selection.

Feature extraction Feature selection

1) Pixel value (PV) 1) Gabor-wavelet
2) Local binary pattern
(LBP)

2) PV + LBP

3) LBP histogram 3) LBP
4) Radial LBP 𝑅2,3,4 4) PV + LBP + LPQ3

5) Local phase quantization
(LPQ)

5) PV + LBP + histogram

6) Gabor-wavelet 6) PV + RadialLBP 𝑅1,2,3,4

7) Center-sym. MBLBP
(CSLBP)

7) PV + CSLBP

8) PV + LPQ3

9) LPQ3

10) PV + LPQ3,5,7,9

11) All-of-above-combined

4) Feature Extraction is performed by intensity based texture
features mentioned on left side of Table 1.

Feature Selection Rationale: The selection of texture features
and their combinations was guided by their complementary
characteristics and proven robustness in challenging illumination
and pose conditions. Pixel intensity values provide fundamental
appearance information, capturing global facial structure and
contrast patterns. LBP excel at encoding local micro-texture
patterns and are inherently robust to monotonic illumination
changes due to their relative comparison nature [21]. LPQ was
specifically chosen for its robustness against blur and illumi-
nation variations by quantizing the phase information of the
discrete Fourier transform, making it particularly suitable for
video-based applications where motion blur is common [32].
The combination ‘Pixel Value + LBP + LPQ’ leverages the
synergy between these complementary descriptors: raw intensity
data provides global appearance, LBP captures local texture
patterns, and LPQ ensures blur-invariant representation. This
multi-modal approach creates a comprehensive facial representa-
tion that maintains discriminative power across varying capture
conditions typical in surveillance environments.

Stage 4: Feature Selection andDimensionality Reduction

1. Feature Selection:
Eleven combinations of extracted feature sets are organized,
as mentioned on right side of Table 1. Notation 𝐿𝐵𝑃𝑃,𝑅 is an
LBP variant with P number of samples at radius R. LPQ is
considered insensitive to blur images and perform better with
sharp and illumination variant datasets as demonstrated in
recent studies [21]. 𝐿𝑃𝑄𝑅 denotes an LPQ appliedwith spacial
window of size𝑀 ×𝑀 where𝑀 = 2 ∗ 𝑅 + 1.
LBP Implementation Parameters: For standard LBP fea-
tures, we employed uniform LBP with P = 8 sampling points
and radius R = 1, resulting in a 59-bin histogram (58 uniform
patterns + 1 non-uniform). For LBP Histogram features, the
same parameters were used but with spatial subdivision
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into sub-regions for enhanced spatial information retention.
Radial LBP variants (R2,3,4) utilize multi-scale analysis with
radii of 2, 3, and 4 pixels, respectively, each maintaining P =
8 sampling points. The resulting histograms from all radii are
concatenated to form the final feature vector.
LPQ Implementation Parameters: LPQ operators utilize
spatial windows of size M × M where M = 2 × R + 1.
Specifically: LPQ3 employs a 3×3 window (R = 1), LPQ5 uses
5×5 (R= 2), LPQ7 uses 7×7 (R= 3), and LPQ9uses 9×9 (R= 4).
For the combined feature ‘PV + LPQ3,5,7,9’, LPQ descriptors
from all four window sizes are extracted independently and
concatenated with pixel values to form a comprehensive fea-
ture vector. The frequency domain analysis for LPQ utilizes
a short-term Fourier transform with a Gaussian window
function, and the phase information is quantized into binary
codes using the sign of the real and imaginary parts of the
complex coefficients.

2. Dimensionality of feature space is reduced using two linear
subspace techniques. (a) PCA: using Eigenfaces, (b) LDA:
using Fisher faces. PCA performs dimensionality reduction
by projecting the original 𝐹-dimensional data onto the 𝑃

(where 𝑃 ≪ 𝐹) dimensional linear subspace spanned by the
leading eigenvectors of the data covariance matrix, thus to
obtain 𝑁 × 𝑃 user-specific facial model, assume it’s denoted
by𝐴𝑖 . LDA, however, is a supervised learning algorithm. LDA
searches for the project axes on which the data points of
different classes are far from each other while requiring data
points of the same class to be close to each other. It should be
noted that LDA-based methods are different from the PCA
because themaximal number of valid features is C− 1, where
C is the number of labels in dataset.
The input to both PCA and LDA consists of the concatenated
feature vectors extracted according to the combinations
specified in Table 1. For example, the ‘PV+LBP+LPQ3’
combination results in a feature vector of dimension 5215
(4900 pixel values + 59 LBP bins + 256 LPQ3 bins) before
dimensionality reduction to P features where P << F.

3. Normalization is performed using following: The matrix
𝐴𝑖 is normalized between [0, 1] using min-max technique to
obtain a normalized user-specific model. This [0, 1] range is
suitable to present training models to Fuzzy-ARTMAP later.
Each row in 𝐴𝑖 is processes using equation:

𝑥𝑛𝑜𝑟𝑚 =
𝑥𝑖 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

(1)

We have prepared a matrix with reduced and normalized
individual specific facial model.

Stage 5: Model Construction and Training

1. Two-Class Classification model is prepared for each indi-
vidual in the dataset. The 2-class classification module is
trained using a balanced set of samples: 50% of positive
samples from the individual of interest, and the remaining
50% of negative samples are drawn uniformly from the cohort
model

2. Partition - dataset is randomly split into two subsets. 66% of
the datamodel is reserved for training of Neural Network and
the rest exclusively serves for testing and results evaluation.

3. Classificationmodule uses a classifier fuzzy-ARTMAP, both
with training and testing subsets. We performed 10 different
random realizations of the training/test sets. In our experi-
ment we used single epoch and fast learning. The vigilance
test performed for the best matching is defined as:

(2)

Where, 𝑇𝑗(𝐴) is the choice function, 𝛼 > 0 is the choice
parameter, 𝐴 ∧ 𝑤𝑗 = min(𝐴𝑗, 𝑤𝑗𝑖) is Fuzzy min operator,
|𝑤𝑗| =

∑𝐿

𝑖=1 𝑤𝑗𝑖 is L−1 norm operator, 𝜌 is the vigilance
parameter. See [15] for details about FAM.

These training procedures implement the central processing com-
ponents in Figure 1, from feature extraction throughmodel learn-
ing.

3.3 Testing (Stage 6)

This phase evaluates trained models and analyzes performance
across different scenarios.

Stage 6: Performance Evaluation

1. On Testing Subset: Testing is performed on testing subset
to obtain recognition results for fuzzy-ARTMAP classifier in
various scenarios.

2. The WEKA Analysis Java-based Weka software package
[33] offers the “Experimenter” environment and a collection
of machine learning-related algorithms, which enables a
standardized way to create, run, and analyze the outcome of
experiments.

The testing framework represents the decision module and per-
formance evaluation shown in the rightmost portion of Figure 1.
Please note that the contemporary detectors such as multitask
cascaded convolutional networks (MTCNN) [34], RetinaFace
[35], and FaceBoxes [36] demonstrate superior accuracy in highly
unconstrained environments with extreme pose variations, our
experimental datasets present different challenges. The extended
Yale B database contains controlled frontal and near-frontal poses
where Viola-Jones achieves detection rates exceeding 96%, mak-
ing detector choice less critical for overall system performance.
For ChokePoint, which presents more realistic surveillance con-
ditions, Viola-Jones maintains adequate detection performance
(>94%) while processing 30 fps video streams in real-time,
which many deep learning detectors cannot achieve without
GPU acceleration.

Our research contribution lies in optimizing texture feature
combinations for Fuzzy-ARTMAP classification rather than
advancing face detection technology. Using a standardized, well-
established detector ensures that performance improvements can
be attributed to our novel feature selection and classification
methodology rather than detector variations.
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4 Experimental Results

In this section, implemented methods explained thoroughly in
previous section, are compared according to their recognition
performance with Fuzzy-ARTMAP [37]. Results are obtained
from two separately available databases.

4.1 Databases

Two databases are utilized in this research work, namely the
ChokePoint database [38] and the Extended Yale B database
[39]. Both publicly available on-line databases are independent
of each other. The ChokePoint dataset consists of 25 subjects
(19 male and 6 female) in portal 1 and 29 subjects (23 male
and 6 female) in portal 2. The recording of portal 1 and portal
2 are 1 month apart. The dataset has frame rate of 30 fps and
the image resolution is 800 × 600 pixels. In total, the dataset
consists of 48 video sequences and 64,204 frame images. In all
sequences, only one subject is presented at a time. The first 100
frames of each sequence are for background modeling where
no foreground objects were presented. The Extended Yale B
database contains 16,128 images of 38 subjects under 9 poses and
64 illumination conditions.

Dataset Limitations: While both databases provide valuable
evaluation scenarios, they have inherent limitations regarding
certain real-world interferences. The extended Yale B database,
though comprehensive for illumination and pose variations,
does not include controlled occlusion scenarios or extremely
low-resolution imagery. Similarly, the ChokePoint dataset, while
introducing real-world background variations and moderate res-
olution challenges (800×600 downsampled to 96×96 for faces),
does not systematically test partial occlusions or severe resolu-
tion degradation typical in distant surveillance cameras. These
limitations represent important areas for future comprehensive
robustness evaluation.

4.2 Comparison Metrics

Performance of binary classifiers is commonly evaluated using
analysis. Given the responses of a 2-class classifier for a set of test
samples, the true positive rate (tpr) is the proportion of positives
correctly classified over the total number of positive samples. The
false positive rate (fpr) is the proportion of negatives incorrectly
classified (as positives) over the total number of negative sam-
ples. Given the Confusion matrix, to calculate the performance
binary classifier, additional metrics have been computed: (a)
Accuracy: (𝐴𝐶𝐶 = (𝑇𝑃 + 𝑇𝑁)∕𝑁)—proportion of the correct
predictions. (b) Precision: (𝑃𝑅𝐶 = 𝑇𝑃∕(𝑇𝑃 + 𝐹𝑃))—proportion
of positives that are correctly classified. (c) F-Measure: (𝐹𝑀 =
(2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)∕(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙))—the F-score (or
F-measure) is calculated based on the precision and recall.

4.3 Experimental Environment

Fuzzy ARTMAP (FAM) based on adaptive resonance theory
(ART) was proposed by Gail Carpenter and Steve Grossberg [37].
ARTMAP is the supervised version of ART and is an efficient
learning mechanism. The parameter maptype = 1 implements

Fuzzy-ARTMAP, base vigilance = 0.5. Two-class classification is
used where class specific model is constructed from 50% target
images (+) and 50% from Cohort model (−) from other subjects
in the dataset.

4.4 Experiment on the Extended Yale B Dataset

Experiment is carried out on extended Yale B database with 38
subjects under 9 poses and 64 illumination conditions. Dimen-
sions are reduced to a set D using LDA (supervised technique)
and PCA (unsupervised technique). Then two class classification
is exploited (50% target and 50% cohort model samples) for each
subject and 38 class specific models are built. These models are
then presented to Fuzzy-ARTMAP classifier. Analysis results are
organized with Weka ‘Experimenter’ environment, by execut-
ing models in 10 iterations, average results are presented. We
compared classification capabilities of Fuzzy-ARTMAP, observed
on same data within eleven feature sets. We split the dataset
randomly (with shuffled strategy). For each permutation, 66% of
the data model is reserved for training of neural network and the
rest exclusively serves for testing and results evaluation.

We first determined the optimal number of reduced dimen-
sions (set D) for feature representation. We chose the set 𝐷 =
{10, 16, 24, 32, 37} for evaluation and our job is to find an better
membership value of set D with reasonably higher recognition
measure. We performed LDA with class label 1 of Extended
Yale B dataset. Table 2 provides F1-Measure along with standard
deviation presented in brackets using supervised dimensionality
reduction technique (LDA).

The finding fromTable 2 givesD= 24 as better value of F1-score in
lower dimensional subspace using LDA technique. Experiments
used 24 or 32 Fisher faces, providing optimal balance between
information retention and computational efficiency. Same exper-
iment when performed with PCA as lower dimensional linear
subspace, F1-score measure analysis shows that the results are
more incoherent and PCAperformance/accuracy is generally less
than LDA. This is because, PCA extracts features that represent
non-redundant compact highest Eigen values and is unsuper-
vised learning based on properties of the data (not consider
class labels). Problem with PCA is that it not only maximizes
inter-class scatter, but also intra-class scatter. Inter-class describes
how data distributes with in classes while intra-class scatter
describes how data distributes between classes. Both PCA and
LDA are used for data reduction into low-dimensional subspace
and both are used to discover linear structure in facial images.
However, LDA is based on supervised learning, that maximizes
the between class (Inter class) and minimizes the within class
(Intra class) scatter [40]. Thus LDA seeks directions that are
efficient for possessing discriminant information. Comparison of
Tables 2 and 3 reveals that LDA consistently outperforms PCA
across all feature combinations and dimensions. This superiority
stems from LDA’s supervised learning approach that maximizes
between-class scatter while minimizing within-class scatter,
whereas PCA’s unsupervised nature focuses solely on variance
maximization without considering class discriminability.

Yin et al. [41] present lower recognition accuracy on the extended
Yale B database when classification is performed with Eigenfaces
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TABLE 2 F1-measure with LDA, 66% dataset used for training and rest for testing in 10 iterations for Class 1, extended Yale B database. Values in
brackets represent standard deviation across iterations.

Feature set Dim = 10 Dim = 16 Dim = 24 Dim = 32 Dim = 37

Gabor-Wavelet 0.59 (.10) 0.78 (.04) 0.84 (.04) 0.81 (.00) 0.77 (.00)
PV.LBP 0.76 (.03) 0.88 (.06) 0.94 (.08) 0.89 (.12) 0.83 (.06)
LBP 0.77 (.05) 0.86 (.10) 0.94 (.05) 0.94 (.04) 0.92 (.01)
PV.LBP.LPQ3 0.81 (.02) 0.97 (.03) 0.91 (.03) 0.85 (.02) 0.90 (.02)
PV.LBP.Hist. 0.79 (.09) 0.87 (.08) 0.89 (.00) 0.87 (.14) 0.84 (.11)
PV+LBP_R1,2,3,4 0.78 (.07) 0.92 (.01) 0.96 (.05) 0.96 (.02) 0.87 (.03)
PV.CSLBP 0.64 (.03) 0.77 (.03) 0.79 (.02) 0.85 (.03) 0.85 (.09)
PV.LPQ3 0.83 (.02) 0.89 (.06) 0.92 (.02) 0.84 (.02) 0.88 (.07)
LPQ3 0.95 (.00) 0.91 (.00) 0.87 (.03) 0.89 (.03) 0.90 (.02)
PV.LPQ3,5,7,9 0.89 (.06) 0.94 (.04) 0.87 (.05) 0.83 (.01) 0.89 (.03)
All-Combined 0.81 (.07) 0.90 (.07) 0.94 (.04) 0.90 (.10) 0.88 (.04)

TABLE 3 F1-Measure with PCA, 66% dataset used for training and rest for testing in 10 iterations for Class 1, Extended Yale B database. Values in
brackets represent standard deviation across iterations.

Feature set Dim = 10 Dim = 16 Dim = 24 Dim = 32 Dim = 37

Gabor-wavelet 0.45 (.12) 0.52 (.08) 0.58 (.06) 0.61 (.05) 0.62 (.04)
PV.LBP 0.52 (.09) 0.61 (.07) 0.68 (.06) 0.72 (.05) 0.74 (.04)
LBP 0.48 (.10) 0.56 (.08) 0.63 (.07) 0.67 (.06) 0.70 (.05)
PV.LBP.LPQ3 0.58 (.08) 0.67 (.06) 0.74 (.05) 0.77 (.04) 0.78 (.03)
PV.LBP.Hist. 0.54 (.09) 0.62 (.07) 0.69 (.06) 0.73 (.05) 0.75 (.04)
PV+LBP_R1,2,3,4 0.56 (.08) 0.65 (.06) 0.71 (.05) 0.75 (.04) 0.76 (.03)
PV.CSLBP 0.47 (.11) 0.54 (.09) 0.60 (.07) 0.64 (.06) 0.66 (.05)
PV.LPQ3 0.51 (.10) 0.59 (.08) 0.65 (.06) 0.69 (.05) 0.71 (.04)
LPQ3 0.53 (.09) 0.61 (.07) 0.67 (.06) 0.70 (.05) 0.72 (.04)
PV.LPQ3,5,7,9 0.55 (.08) 0.63 (.06) 0.70 (.05) 0.74 (.04) 0.76 (.03)
All-combined 0.60 (.07) 0.68 (.05) 0.75 (.04) 0.78 (.03) 0.80 (.02)

TABLE 4 Fisherfaces and Eigenfaces recognition accuracy compar-
ison with Yin et al. [41] on extended Yale B database.

Recognition rate (%)

Subspace Dimensions
Baseline
work [41]

Our
work

Fisherfaces (LDA) 10 61.53 75.20
Fisherfaces (LDA) 30 74.57 89.15
Fisherfaces (LDA) 37 76.84 90.25
Eigenfaces (PCA) 10 22.11 62.17
Eigenfaces (PCA) 30 50.54 73.88
Eigenfaces (PCA) 37 54.75 76.20

and Fisherfaces. Table 4 presents a comparison of PCA and LDA
recognition accuracies of our work with this established baseline
from 2015.

Table 5 contains the average result of our method in 10 random
realizations performed on the extended Yale B database using
LDA technique.

Experiment conducted on the Extended Yale B dataset uses
individual specific two-class classification which contains 50%
target images (+ve samples) and 50% from cohort model (−ve
samples). Then models are presented to Fuzzy-ARTMAP classi-
fier for learning. Here is an analytical evaluation: we observe,
feature “All-Combined” provide better recognition accuracy of
90.25% than other 10 features in Table 5. Then second best per-
former “Pixel values are combined with LBP and LPQ” provides
recognition accuracy of 88.67%. Computation and space cost of
“All-Combined” is much higher than “PV.LBP.LPQ”, since all
faces are scaled to 70×70 pixels sowehave 4900 pixel values stored
in a single vector for each ROI. “PV.LBP.LPQ” collectively grow
to 14,148 higher dimensions. On the other hand, “All Combined”
feature concatenates pixel value along with LBP, histogram of
LBP, Radial LBP radius= 2-3-4, CSLBP, LPQ radius= 3,5,7,9. thus,
feature “All-Combined” collectively grows the higher dimension
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TABLE 5 Fuzzy ARTMAP classifier is applied with LDA on the extended Yale B database, keeping dimensionality subspace 24, and 66% dataset is
for training, rest for testing. Ten iterations are performed and average results presented for 38 subjects. Values in brackets represent standard deviation.

Feature set Accuracy TPR FPR Precision F1-measure

Gabor-wavelet 79.46 (9.29) 0.93 (0.08) 0.34 (0.18) 0.74 (0.11) 0.82 (0.07)
PV.LBP 87.73 (8.06) 0.99 (0.01) 0.24 (0.16) 0.81 (0.10) 0.89 (0.06)
LBP 80.76 (9.03) 0.99 (0.02) 0.37 (0.18) 0.73 (0.10) 0.84 (0.07)
PV.LBP.LPQ3 88.65 (7.98) 0.99 (0.02) 0.22 (0.16) 0.83 (0.10) 0.90 (0.06)
PV.LBP.Hist. 86.82 (8.88) 0.99 (0.01) 0.26 (0.18) 0.80 (0.11) 0.88 (0.07)
PV.LBP.Radial LBP R2,3,4 86.18 (10.45) 0.99 (0.01) 0.27 (0.21) 0.80 (0.12) 0.88 (0.08)
PV.CSLBP 77.50 (7.78) 0.92 (0.10) 0.37 (0.15) 0.72 (0.09) 0.80 (0.07)
PV.LPQ3 77.71 (10.38) 0.97 (0.05) 0.41 (0.21) 0.71 (0.10) 0.81 (0.07)
LPQ3 78.01 (13.43) 0.98 (0.04) 0.42 (0.26) 0.72 (0.13) 0.82 (0.09)
PV.LPQ3,5,7,9 82.31 (9.74) 0.99 (0.02) 0.34 (0.19) 0.75 (0.11) 0.85 (0.07)
All-combined 90.25 (7.68) 0.99 (0.02) 0.19 (0.15) 0.85 (0.10) 0.91 (0.06)

FIGURE 2 The extended Yale B dataset—class label 1 concept variations.

vector to 46,300. The length of “All Combined” vector is three
times higher than that of “PV.LBP.LPQ” thus, adding an extra
overhead in dimensionality reduction computation and space
cost, while achieving closer classification accuracy.

We can observe the extended Yale B database contain facial
images of fixed size, all with no background information, with
variant poses and illumination conditions. Figure 2 presents
class label 1 concept variations in pose and illumination. In
this scenario, with almost no background presented in facial
images, texture features LBP and LPQ has perform better. LPQ
is considered insensitive to blur images and perform better with
sharp and illumination variant datasets. In this observation, we
can observe classification accuracy of LBP alone is 80.7% and
LPQ alone is 78.0%. When pixel value is combined with LBP
and LPQ, it gives bit higher accuracy of 88.6% and it deter-
mines, combined features provide higher discriminant results.
In LBP, neighbors are thresholded by the center pixel while the
LPQ operator quantizes the discrete Fourier transform (DFT)
phase in local neighborhoods. Both operators give illumination
and blur-insensitive description of the images. Reference [32]

shows combining LBP and LPQ features improve classification
accuracy, as we have observed on the extended Yale B database
experiment herewith.

The strong performance of LPQ-based combinations validates
the theoretical blur-robustness reported in literature [21]. While
dedicated blur-testing was not conducted, the consistent perfor-
mance of “PV+LBP+LPQ3” across both sharp (extended Yale
B) and real-world video conditions (ChokePoint) supports LPQ’s
reported characteristics for practical surveillance applications.

In a separate experiment of measuring execution time of Fuzzy-
ARTMAP training for each feature set, LPQ alone shows
optimum training time of 0.001 s with Fuzzy-ARTMAP, LBP
gives 0.0012 and “PV.LBP.LPQ” increases training time 0.0017
s. Recognition results of “All Combined” is discriminant but it
possess higher computation and dimensionality reduction cost.
This work suggests, if faces images are sharp with varying pose
and illumination conditions and background effect is minimal,
one should use pixel value combinedwith LBP andLPQoperators
as his preferred feature set.
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TABLE 6 Computational efficiency analysis for key feature com-
binations on extended Yale B dataset. Training times measured using
Fuzzy-ARTMAP with LDA dimensionality reduction to 24 features,
averaged over 10 iterations.

Feature set
Feature

dimensions
Training
time (s)

LPQ3 256 0.0012
LBP 59 0.0015
PV+LBP 4959 0.0023
PV+LPQ3 5156 0.0028
PV+LBP+LPQ3 5215 0.0034
PV+LBP+histogram Not-fixed 0.0041
PV+LBP_R1,2,3,4 5077 0.0045
All-combined 46300 0.0512

4.5 Computational Efficiency Analysis

The practical deployment of face recognition systems requires
balancing accuracy with computational efficiency. We conducted
empirical analysis of training times for key feature combina-
tions using Fuzzy-ARTMAP on Extended Yale B dataset with
24-dimensional LDA reduction. Table 6 presents the average
training times across 10 iterations for representative feature
sets. The results reveal a clear relationship between feature
dimensionality and computational cost. Individual texture fea-
tures (LBP: 59 dimensions, LPQ3: 256 dimensions) achieve
the fastest training times of 0.0015 and 0.0012 s, respectively.
However, combining pixel values with texture descriptors sig-
nificantly increases both dimensionality and training time. The
recommended “PV+LBP+LPQ3” combination (5215 dimensions)
requires 0.0034 s for training, representing a 2.8× increase over
LPQ3 alone while delivering superior classification performance
(90.16% vs 82.55% F1-measure from Table 4). This modest com-
putational overhead is well-justified by the substantial accuracy
improvement. The “All-Combined” feature set demonstrates the
computational cost of excessive feature concatenation, requiring
0.0512 s (15× longer than PV+LBP+LPQ3) due to its 46,300-
dimensional representation. While achieving marginally higher
accuracy (91.49% vs 90.16%), the dramatic increase in training
timemakes it impractical for real-time applications. These results
support our recommendation of “PV+LBP+LPQ3” as the optimal
balance between discriminative power and computational effi-
ciency for video surveillance applications where processing speed
is critical alongside recognition accuracy.

Computational Complexity: The observed timing relationships
can be understood through algorithmic complexity analysis.
Feature extraction is dominated by image dimensions and spe-
cific feature operations, with LBP and LPQ involving local
window computations generally exhibiting O(M ×N × K) com-
plexity, where M ×N represents the 70×70 image size and K
denotes operations per pixel. Dimensionality reduction using
LDA involves eigenvalue decomposition with typical complexity
of O(D3) or O(N × D2) depending on implementation, where
D is the original feature dimension and N is the number of
samples. For our datasets, the reduction from high-dimensional

FIGURE 3 The ChokePoint dataset—class label 1 concept varia-
tions.

feature vectors (e.g., 5215 for PV+LBP+LPQ3) to 24 dimensions
represents significant computational savings. FAM classification
training exhibits approximately O(N × D) complexity per epoch,
where N is the number of training samples and D is the reduced
feature dimension, though actual performance can vary based on
vigilance parameter settings and the number of categories created
during adaptive learning.

4.6 Experiment on the Chokepoint Dataset

The ChokePoint P1L cropped dataset is available on-line contain-
ing 16,698 faces. Dataset contains concepts from 25 individuals.
Subspace dimensions are reduced via LDA to 24 values. Figure 3
shows an example of concepts in Chokepoint P1L dataset to get
variation idea of the same class label. Table 7 shows PV.LBP.LPQ
performed better, when reduced with LDA, FAM classifier and
with 2-class classification. Faces are smaller in size in Choke-
Point (96 × 96) and have more background variations in real
environment as compared to Extended Yale B. For example, in
Figure 3 the image 3 from bottom-right contains background
variation. Chokepoint database have less illumination variations
then Extended Yale B. In this observation, the feature set that
provide better recognition accuracy in ChokePoint dataset is:
‘Pixel values combined with LBP and LPQ’ of 99.72%.

The superior performance of PV+LBP+LPQ validates our sys-
tematic evaluation approach and extends the findings of [32]
from object classification to video-based face recognition using
Fuzzy-ARTMAP classification. While authors demonstrated the
effectiveness of combining LBP and LPQ features for object
classification, our work extends this concept significantly by:
(1) systematic evaluation of 11 feature combinations specifically
for video-based face recognition, (2) integration with Fuzzy-
ARTMAP neural networks rather than traditional classifiers,
(3) implementation of individual-specific two-class classifica-
tion strategies, and (4) comprehensive validation across both
controlled laboratory and real-world surveillance datasets. The
consistent performance of PV+LBP+LPQ across both extended
Yale B and ChokePoint datasets confirms the robustness and
generalization of this combination within our novel classifica-
tion framework.

While this work demonstrates robust performance under pose
and illumination variations, comprehensive evaluation under
additional real-world interferences represents crucial future
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TABLE 7 Fuzzy ARTMAP classifier is applied with LDA on the Chokepoint P1L subset, keeping dimensionality subspace 24, and 66% dataset is
for training, rest for testing. Ten iterations are performed and average results presented for 25 subjects. Values in brackets represent standard deviation.

Feature set Accuracy TPR FPR Precision F1-measure

Gabor-wavelet 86.65 (9.37) 0.61 (0.30) 0.01 (0.01) 0.98 (0.02) 0.70 (0.24)
PV.LBP 50.49 (25.94) 1.00 (0.00) 0.74 (0.39) 0.47 (0.24) 0.61 (0.19)
LBP 45.25 (18.96) 1.00 (0.00) 0.82 (0.28) 0.40 (0.15) 0.56 (0.12)
PV.LBP.LPQ3 99.72 (0.42) 1.00 (0.00) 0.01 (0.00) 0.99 (0.01) 0.99 (0.01)
PV.LBP.Hist. 50.16 (22.08) 1.00 (0.00) 0.74 (0.33) 0.44 (0.19) 0.60 (0.15)
PV.LBP.Radial LBP R2,3,4 81.91 (22.06) 0.97 (0.04) 0.25 (0.34) 0.75 (0.22) 0.82 (0.16)
PV.CSLBP 88.26 (7.55) 0.79 (0.23) 0.07 (0.10) 0.88 (0.12) 0.80 (0.15)
PV.LPQ3 36.70 (13.26) 1.00 (0.00) 0.94 (0.20) 0.36 (0.13) 0.52 (0.10)
LPQ3 59.83 (21.80) 1.00 (0.00) 0.60 (0.33) 0.50 (0.19) 0.65 (0.15)
PV.LPQ3,5,7,9 90.03 (4.89) 0.83 (0.15) 0.06 (0.07) 0.88 (0.09) 0.84 (0.09)
All-combined 80.00 (23.03) 0.95 (0.08) 0.27 (0.36) 0.75 (0.24) 0.80 (0.17)

work. Specifically, systematic testing of robustness to partial
occlusions (facial accessories, hand gestures, environmental
objects) and extreme low-resolution scenarios (distant surveil-
lance, compressed video streams) would strengthen practical
deployment confidence.

5 Conclusion and Future Work

This research presents a novel approach to video-based face
recognition that combines Fuzzy-ARTMAP neural network clas-
sificationwith optimized texture feature selection and individual-
specific two-class classification. Our key contribution is the
systematic identification of Pixel intensity combined with Local
Binary Patterns and Local Phase Quantization as the most
discriminative feature combination for Fuzzy-ARTMAP under
varying illumination andpose conditions. The proposed two-class
classification strategy, which decomposes multi-class problems
into individual-specific binary classification tasks, consistently
outperforms traditional multi-class approaches, achieving 88.67%
accuracy on extended Yale B and 99.72% on ChokePoint datasets.

The experimental validation on two independent databases
demonstrates the robustness and generalizability of our
approach. Notably, our method achieves 10%–15% higher
recognition accuracy compared to recent works using traditional
Eigenfaces andFisherfaces on the same extendedYale B database.
The superior performance of LBP and LPQ combination validates
our hypothesis that blur-insensitive and illumination-invariant
texture descriptors provide optimal discriminative power when
combined with adaptive neural networks. Furthermore, the
computational efficiency analysis reveals that while “All-
Combined” features achieve slightly higher accuracy (90.25%),
the “PV+LBP+LPQ” combination offers the best accuracy-to-
computational-cost ratio, making it practical choice for real-time
surveillance applications.

Additionally, the evaluation of Fuzzy-ARTMAP incremental
learning capability in dynamic enrollment scenarios would
demonstrate its practical advantages for operational surveillance

systems where new subjects are continuously added without
system retraining.

In the future, we aim to explore the integration of deep
learning-based embeddings with adaptive neural networks to
further enhance recfognition accuracy in more complex video
surveillance environments. Additionally, evaluating the system
on larger-scale and diversified datasets, along with incorporat-
ing temporal dynamics of video frames, could provide further
insights into long-term stability and adaptability of the proposed
model.
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