‘/@‘}NDERSCIENCE PUBLISHERS

Linking academia, business and industry through research

|

| INTELLIGENT SYSTEMS

International Journal of Intelligent Systems Technologies
and Applications

ISSN online: 1740-8873 - ISSN print: 1740-8865
https://www.inderscience.com/ijista

Face recognition using threshold string representation
matching under unconstrained conditions

Manisha Kumari Meena, Hemant Kumar Meena, Srikanta Patnaik, Gurpinder Singh

DOI: 10.1504/1J)ISTA.2025.10073419

Article History:

Received: 14 June 2024

Last revised: 15 November 2024
Accepted: 16 December 2024
Published online: 30 September 2025

Copyright © 2025 Inderscience Enterprises Ltd.


https://www.inderscience.com/jhome.php?jcode=ijista
https://dx.doi.org/10.1504/IJISTA.2025.10073419
http://www.tcpdf.org

Int. J. Intelligent Systems Technologies and Applications, Vol. 23, No. 3, 2025

319

Face recognition using threshold string
representation matching under unconstrained
conditions

Manisha Kumari Meena* and
Hemant Kumar Meena

Department of Electrical Engineering,
MNIT Jaipur,

Jaipur, India

Email: 2019ree9078@mnit.ac.in
Email: hmeena.ee@mnit.ac.in
*Corresponding author

Srikanta Patnaik

Department of Computer Science Engineering,
[IMT,

Bhubaneswar, India

Email: patnaik_srikanta@yahoo.co.in

Gurpinder Singh

Department of Electrical Engineering,
MNIT Jaipur,

Jaipur, India

Email: 2019ree9142@mnit.ac.in

Abstract: This paper introduces a new approach called the threshold string
representation matching (TSRM) algorithm, designed to enhance face
identification and verification in scenarios by partial occlusions like sunglasses,
scarves, and caps. The TSRM algorithm innovatively manipulates pixel
features by calculating the difference between the centre pixel and its
neighbours rather than relying on the traditional feature compression method
(CSM-RL), where pixel difference is taken row-wise. This technique also
improves the robustness of facial expression recognition by focusing on
localised spatial relationships within the image patches. Our algorithm provides
a novel feature-matching algorithm which effectively matches the prob image
with the gallery image in the occlusion condition. We evaluated our proposed
TSRM approach on two public face datasets: the AR dataset, which includes
natural occlusion, and the ORL dataset, for synthetic occlusion.
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1 Introduction

Face recognition is a biometric technology that utilises facial features to identify
individuals. This biometric system is employed to verify personal identities (Zeng et al.,
2021). Over recent years, face recognition has become integral to various applications,
including forensic science, driving license and passport verification, locating missing
persons, surveillance systems, social networks, and access control. Despite substantial
advancements in computer vision research, face recognition rates face challenges due to
common issues such as facial expressions (Wallace et al., 2006), pose variations, lighting
changes, partial occlusion, ageing, and appearance alterations in unconstrained scenarios.
In this paper, we mainly focus on the occlusion problem (Liu et al., 2023). In practical
situations, human faces may be occluded by various items such as scarves, hats,
sunglasses, masks or even body parts like hands and hair. Thus, managing occlusion is
essential for secure and accurate analysis in surveillance applications. The sample images
of faces with partial occlusion are illustrated in Figure 1. Addressing the issue of partial
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occlusion requires an effective, reliable, and secure face recognition system (Kortli et al.,
2020; Bommidi and Sundaramurthy, 2021).

Figure 1 Sample images of a person under occlusion condition (see online version for colours)

Effective face recognition in the presence of occlusions requires prior knowledge about
the occlusion. Techniques robust to occlusion necessitate comprehensive training datasets
and tests, complicating the recognition process. Over the past three decades, numerous
facial recognition (FR) techniques have been developed, yielding high accuracy based on
the face recognition pipeline, which includes holistic and part-based (Gupta et al., 2021)
approaches. Holistic methods perform exceptionally well with frontal faces in optimal
lighting conditions, without any obstructions or changes in pose. Nevertheless, these
strategies struggle when objects like scarves, sunglasses, or other facial adornments
partially hide faces. The main cause of reduced accuracy in these situations is the
heightened similarity between different classes and the marked similarity within the same
class due to occlusions. Conversely, part-based approaches effectively handle occlusion
and variations by employing local matching methods to compare gallery and probe
images (Wei et al., 2014).

Our proposed method focuses on robust feature extraction using region-based
matching approaches. In this method, face images are divided into patches of the same
size, and features are extracted by subtracting the neighbouring pixel from the centre
pixel. The dimensionality of these components is reduced using the K-means clustering
machine learning technique, creating approximately 250 cluster centres that are then
represented as sequences of clusters. These cluster sequences are subjected to a
threshold-matching representation method to align the gallery image with the probe
image. Our proposed technique has been compared with advanced methods and
demonstrates superior accuracy. Face recognition accuracy is significantly impacted by
challenges such as the rate and density of occlusion. While various techniques provide
good accuracy up to a 30% occlusion rate, their accuracy drastically declines, or they fail
beyond this threshold. Our proposed method, however, can handle higher occlusion rates
with improved results compared to existing techniques (Chen et al., 2023; Huang et al.,
2012). The key contributions of this work are outlined as follows:

1 Introducing the threshold string representation matching (TSRM) face recognition
technique demonstrates robustness against illumination, facial expression and
occlusion.

2 Face features are extracted by measuring the distance between neighbouring and
central pixels to detect occlusion effects. Unlike existing methods that use
overlapping patches, this paper employs non-overlapping differences of pixels
(DoPs), thereby avoiding an increase in vector size.
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3 The use of the K-means clustering algorithm to represent DoPs as cluster centres,
effectively reducing the dimensions of the feature vectors.

4  Various training-based machine learning classifiers, including SVM, random forest
(RF), and linear regression, need many images to train the data. The proposed
technique classifies by applying a threshold to the normal distribution of cluster
centre faces, effectively working on a single image in training data.

The article is organised as follows: Section 2 reviews the literature relevant to our study.
Section 3 outlines the methodology we propose. Section 4 discusses the results of
experiments conducted on various face databases. Finally, Section 5 concludes the paper.

2 Related work

Three primary strategies are employed for recognising faces with occlusions: identifying
faces despite occlusions, detecting and removing occluded sections, and reconstructing
occluded areas. The holistic and part-based approach focuses on recognising faces under
occlusion.

Classic holistic and part-based methods such as eigenfaces (PCA) (Turk and
Pentland, 1991), ICA (Yu and Yang, 2001), Fisherfaces (LDA) (Belhumeur et al., 1997,
Bartlett et al., 2002), and hidden Markov models (HMM) (Nefan and Hayes, 1998) are
particularly vulnerable to partial occlusions, which compromise their effectiveness in
occluded face recognition scenarios. In response, several alternative strategies have been
devised. Methods based on local features (Tan et al., 2005; Kanan et al., 2008; Tan et al.,
2009; Jia and Martinez, 2009; Weng et al., 2013; Wei et al., 2014; Weng et al., 2016)
exploit local characteristics of the face that remain unaffected by occlusions. Meanwhile,
methods based on sparse representation classification (Wright et al., 2009; Zhou et al.,
2009; Liao and Jain, 2011; Zhang et al., 2011; Jia et al., 2012; He et al., 2014; Yang
et al., 2014; Vu and Monga, 2017; Su et al., 2018) address occlusions through a
reconstructive process.

For instance, self-organising maps (SOM) (Tan et al., 2005) utilise SOM maps to
recognise occluded faces. The AWPPZMA approach (Kanan et al., 2008) employs a
patch-based strategy that adaptively weights patch pseudo-Zernike moment features to
manage occlusions. The partial distance (PD) technique (Tan et al., 2009) detects
similarities in partially visible faces, and partial support vector machines (PSVM) (Jia
and Martinez, 2009) leverage local features to address occlusions. The metric learned
extended robust point set matching (MLERPM) (Weng et al., 2013) employs local feature
matching with SIFT and SURF features to handle partial occlusions. The dynamic
image-to-class warping (DICW) (Wei et al.,, 2014) uses the dynamic time warping
(DTW) algorithm for recognising faces with partial occlusions. Additionally, the robust
point set matching method (RPSM) (Weng et al., 2016) integrates SIFT, SURF, and
scale-invariant LBP features for identifying faces in partially visible images.

Reconstruction-oriented approaches like the SRC (Wright et al., 2009) apply sparse
representation theory for face recognition but necessitate pixel-perfect alignment of face
images. To address this issue, several models have been introduced. The SRC-MRF
model (Zhou et al., 2009) was designed to handle continuous occlusions effectively.
Meanwhile, the MKD-SRC technique (Liao and Jain, 2011) offers an alignment-free
method for facial representation by integrating multi-task sparse representation with
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multi-keypoint descriptors. The CRC-RLS method (Zhang et al., 2011) employs L2-norm
regularisation in its classification framework. The Istruct system (Jia et al., 2012)
specifically aims to tackle challenges related to occlusions, shadows, and alignment
discrepancies. The HQM model (He et al., 2014) addresses robust sparse representation
problems. The FDDL approach (Yang et al., 2014) leverages Fisher discrimination for
facial image classification within an SRC-based framework. Additionally, the LRSDL
model (Vu and Monga, 2017) presents a fast, low-rank shared dictionary learning
technique. Lastly, the SCIP method (Su et al., 2018) has demonstrated improved
capabilities in recognising faces with occlusions. Lastly, the group sparse
representation-based (GSR) (Fritz et al., 2019) method proposes an optimisation
algorithm for managing occlusions within an SRC framework. Despite these innovations,
SRC-based techniques often require a substantial number of training samples per
individual, which limits their utility in real-time face recognition applications where
training data is scarce.

Many face recognition technologies (Chen and Gao, 2013, 2010; Gao and Leung,
2002; Mario, 2014) utilise string matching techniques. The ensemble string matching
(Chen and Gao, 2013, 2010) conceptualises the face as a collection of attributed strings,
each corresponding to a facial component, and performs string-to-string comparisons to
recognise partially occluded faces. Another method involves representing human face
profiles (Gao and Leung, 2002) as a series of strings, each depicting an ordered line
segment of a face profile. However, this approach is less effective when the profile itself
is occluded.

The approximate string matching method (Mario, 2014) captures facial features like
eye width and distances between eyes and nose and encodes them in a sequence of strings
for recognition purposes. This paper introduces the threshold string representation
method (TSRM), which matches gallery and probe images by applying a threshold on the
string sequence generated by replacing cluster centres with features depicted by DoPs.
This method is compared with CSM-RL, which uses pixel differences within the same
patch row-wise. Our approach, however, calculates the pixel difference between
neighbouring and central pixels within the same patches.

3 Proposed work

The proposed work is outlined in a flow chart shown in Figure 2 and divided into three
main parts. Image processing, feature extraction and feature matching. Image
pre-processing is essential for converting raw face data into an appropriate format for
analysis. This process includes steps such as face detection, normalisation, image scaling,
and face alignment. Initially, the dataset is split into two sets: gallery images and probe
images. Each image in these sets is then divided into blocks of equal length, called
patches. The differences between the centre and neighbour pixels of the same patches are
considered the feature vectors for both the gallery and probe images. The K-means
clustering algorithm is applied to the DoPs, replacing these clusters with their centres.
After that, a feature selection algorithm is used for person classification. A detailed
analysis of the proposed flow chart is provided in Figure 2.
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Figure 2 Proposed workflow chart (see online version for colours)
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3.1 Feature extraction

Feature extraction is conducted in two main steps: calculating the DoPs and performing
clustering. Each face image, sized m x m, is divided into n X n patches of equal size. The
features are extracted by determining the contrast within these patches. The number of
pixels in each patch constitutes the facial features of an image. After computing the
differences within the same patches, unique attributes are retained while redundant parts
are discarded. These differences are then represented as cluster centres using the
K-means clustering algorithm, which reduces dimensionality and forms string sequences.

3.1.1 Difference of pixels

The process of creating DoPs is illustrated in Figure 3(a). Patch P(1) is a 3 x 3 matrix
containing nine pixel values, representing one image patch. The central pixel of this patch
is compared with its neighbouring pixels. Similarly, another patch, P(2), with different
pixel values but the same matrix size as P(1), is used. The DoPs are generated by
calculating the difference of pixels of each patch from P(1) to P(n).

Figure 3 (a) Features are extracted by taking the difference between the centre pixel and the
neighbour pixel within the same pattern, (b) Represent the classification threshold value
(see online version for colours)
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3.1.2 Clustering

DoPs capture the variations across image patches. These patches are converted into a
linear sequence by arranging pixels from left to right and top to bottom.

Algorithm 1 K-mean clustering

Input: Y= {Y1, 12, Y3, ..., Yn} be the set of gallery image DOP vectors. C = {Ci, C2, C3, ..., Cs}
be the set of cluster centres. Here, n denotes the number of DOPs in a gallery, and s represents
the number of cluster centres.

Output: cluster centres with  gallery image DOPs.
e Assign s clusters with related DOPs.
¢ Find the local distance between each image DOP vector and cluster centres.

e Select the cluster centre with the minimum local distance and assign it to DOP.

. 1 .
e Compute the new cluster centre using the ¢; = [ j* sum(y;), where y; are DOPs assigned to

a specific cluster centre, R represents the number of DOPs in the it cluster.
¢ Find the distance difference between each image DOP vector and new cluster centres.

e Stop the process when the supposed number of iterations is reached.

Following this transformation, the K-means clustering algorithm is utilised to organise
these DoP sequences into distinct cluster centres. The process of employing K-means
clustering is represented in Algorithm 1. After the clustering algorithm is applied, the
DoP sequences are transformed into clusters. The cluster sequence for the training images
is referred to as the gallery cluster/string sequence. The string sequence for the probe
images is termed the probe string/cluster sequence. The algorithm of the clustering centre
replaced by string sequence is represented in Algorithm 2.

Algorithm 2 Cluster representation of gallery/probe images

Input: Cluster centres and gallery/probe image of S and K difference within the patches,
respectively.

Output: Cluster representation of a gallery/probe image.
Procedure: Cluster representation
Retrieve the cluster labels given to a gallery image’s DoPs.
Represent a gallery image as a single sequence using the cluster labels obtained in step 1.
Find the local distance E(i, j) between probe DoPs and the cluster centres.
Select the cluster centres with minimum distance (min E(i, j)).
Get the labels of selected cluster centres.

Represent a probe image as a cluster sequence using the labels of cluster centres obtained in
step 5.

end procedure

3.2 Feature matching

When the difference of patch vectors replaces the cluster centres, this new vector form is
called cluster sequence. The cluster sequence for gallery images is considered a gallery
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cluster sequence set (GCS); probe images are regarded as a probe cluster sequence set
(PCS). The distance function is applied between each image in GCS and PCS, and each
person’s mean and standard deviation is found. The normal distribution algorithm is
modified to find the mean threshold between similar and dissimilar images. The normal
distribution formula (Ma et al., 2022) is shown below:

Al
= O \/Z

Equation (1) shows the basic formula of normal distribution. This paper y; is considered
the normal distribution of similar persons and y, is considered the normal distribution of
different persons. The threshold is applied between the string sequences of the gallery
image and the probing picture sequence. When:
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In equation (7), the value of x represents the classification threshold.

In Figure 3(b), the red line indicates the distance values for different individuals,
while the black line represents the distance values for the same individual. The
intersection of these lines denotes the classification threshold. An evaluation matrix is
used to assess the accuracy determined by this threshold value. If the distance value for
the same individual is less than the threshold, it is classified as a true positive; otherwise,
it is a true negative. Conversely, if the distance value for a different individual is less than
the threshold, it is also considered a true positive; otherwise, it is a true negative. Using
these criteria, results such as the confusion matrix, F1-score, and accuracy are evaluated.
The proposed work is illustrated in Algorithm 3.

Algorithm 3 Detailed procedure for proposed method

Step 1 Segment training images into patches of uniform size.
Step 2 Assess the difference between adjacent and central pixels in each patch.

Step 3 Linearise the patch pixels, arranging them from left to right and top to bottom to form
a continuous sequence.

Step 4 Implement K-means clustering to establish 250 cluster centres for each individual,
using feature vectors, and compute the average of data points near each cluster
centre.

Step 5 Transform the linear pixel sequences into cluster sequences via K-means clustering,
referred to as the gallery cluster sequence.

Step 6 Apply steps 1, 2 and 3 to the test images.

Step 7 Align cluster centres from the training images with those of the test images, creating
what is known as the probe cluster sequence.

Step 8 Compute the mean values for cases of similar and dissimilar individuals.
Step 9 Establish a threshold to differentiate between similar and dissimilar persons.

Step 10 Evaluate the degree of similarity between gallery and probe cluster sequences.

4 Experiment setup

In this part, we perform experimental evaluations using different facial databases,
particularly the Aleix Martinez and Robert Benavente (AR) and Olivetti Research
Laboratory (ORL) datasets, to evaluate the performance of our proposed model under
uncontrolled conditions. These conditions considered illumination, facial expressions,
and partial face occlusion. The AR dataset includes natural occlusions like sunglasses and
scarves, while the ORL dataset includes synthetic occlusions like back or rectangular
boxes. In the ORL dataset, the synthetic occlusion percentage varies from 10% to 50%,
as depicted in Figures 4(a) and 4(b). The experimental settings for both datasets are
consistent with that used in existing work (Liu et al., 2023). Our proposed method is
applied to these datasets to enhance the performance of FR systems compared to existing
methods. Our proposed TSRM method was evaluated for both natural and synthetic
occlusion using the AR and ORL datasets, respectively. For the comparison with the
existing method, we resized the image to 64 X 64 size and considered less than six images
in the gallery set.
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4.1 Datasets

The AR dataset, as described in Gross (2005), includes approximately 4,000 colour face
images from 126 individuals, comprising 70 men and 56 women. Each individual has 26
face images in the dataset, with 14 images depicting various facial expressions and
lighting conditions without occlusions and the remaining 12 images showcasing two
types of occlusions: sunglasses and scarves. Figure 3 presents sample images from the
AR dataset.

The ORL database, detailed in Boiman et al. (2008), contains images of 41
individuals, each considered a subject or class, with ten greyscale images per subject, a
total of 410 face images. These images exhibit different pose variations from left to right
with minor facial expressions. We introduced synthetic occlusions by randomly
generating rectangular blocks on each face image, varying the block size to test the
model’s effectiveness, with occlusion ratios ranging from 20% to 50%. This dataset also
includes pose variations along with the random rectangular block occlusions, as shown in
Figure 4(b).

Figure 4 Sample images of AR and ORL dataset, (a) AR dataset (Gross, 2008) (b) ORL dataset
(Boiman et al., 2008) (see online version for colours)
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4.2 Results on partial occlusion

Most existing studies present results only when the gallery set contains non-occluded face
images. To thoroughly assess model efficiency in both natural and synthetic occlusion
scenarios, our results are categorised into three conditions:

1 When gallery images are non-occluded, and probe images are occluded.

2 When gallery images are occluded, and probe images are non-occluded.
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3 When both gallery and probe images are occluded.

These conditions allow us to evaluate the robustness of our proposed TSRM method
under different occlusion scenarios. The performance metrics and accuracy across
different scenarios are further elaborated in the following sections. These conditions
allow us to evaluate the robustness of our proposed TSRM method under different
occlusion scenarios. The performance metrics and accuracy across different scenarios are
further elaborated in the following sections.

4.2.1 When gallery images are non-occluded, and probe images are occluded

Our proposed method was compared with existing state-of-the-art techniques, including
HMMs (Nefan and Hayes, 1998), principal component analysis with support vector
machine (PCA-SVM) (Boiman et al., 2008), sparse representation classifier (SRC)
(Wright et al., 2009), original patch Naive Bayes nearest neighbour (OP-NBNN) (Chang
and Lin, 2011), Naive Bayes nearest neighbour (NBNN) (Chang and Lin, 2011), and
dynamic image class warping (DICW) (Chen et al., 2023), for AR and ORL datasets.

Figure 5 Accuracy comparison with existing state-of-the-art methods for the AR dataset,
(a) sunglasses occlusion (b) scarf occlusion (see online version for colours)
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For AR dataset: as shown in Figures 5(a) and 5(b), our TSRM method provides better
performance than the existing methods, such as HMM, PCA-SVM, SRC, NBN and
OP-NBN. The HMM perform very well with zero percent occlusion and when there are
many images in the gallery set. The HMM method provides the worst output under
occlusion. However, NBNN and DICW methods, which are based on the difference
within patches, do not consider pixel differences. SRC is a reconstruction-based method
and accuracy degrades when the occlusion ratio is large. Our TSRM shows better
performance compared to reconstruction-based methods and other state-of-the-art
methods. Table 1 represents the comparison of accuracy with other existing methods,
such as CSM-RL, DICW, MLERPM, Istruct, CRC-RLS, P-CRC-RLS, LRC, P-SRC,
SCIP and RRC-I2. Our TSRm provide the best accuracy compare with other existing
state-of-the-art methods. In all tables, bold values represent the highest accuracy.



330 M.K. Meena et al.
Table 1 Comparison of accuracy (%) on different methods for sunglasses and scarves
occlusion

Methods Sunglasses Scarves
TSRM 100 99.68
CSM-RL (Bommidi and Sundaramurthy, 2021) 98.5 96.6
DICW (Wei et al., 2014) 99.5 97.5
MLERPM (Weng et al., 2013) 98.0 97.0
Istruct (Jia et al., 2012) 99.5 87.5
CRC-RLS (Zhang et al., 2011) 68.5 90.5
P-CRC-RLS (Zhang et al., 2011) 91.5 95.0
LRC (Naseem et al., 2010) 96.0 26.0
P-SRC (Wright et al., 2009) 97.5 93.5
SCIP (Su et al., 2018) 100 99.0
RRC-I2 (Yang et al., 2013) 99.5 96.5

Our proposed method is compared with the other existing state-of-the-art methods, such
as Naseem et al. (2010), Wen (2012), Zhang et al. (2010), Lu et al. (2010) and BoW
(Zhao et al., 2015) for the ORL dataset as represented in Table 2. Our TSRM method
provides the best accuracy for all the methods but not for the BoW method.

Figure 6 Recognition Rate when the number of images in gallery set changes, (a) K= 1, one
image in gallery set (b) K =2, two image in gallery set (¢) K = 3, three image in gallery
set (d) K =4, four image in gallery set (see online version for colours)
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For ORL dataset: the ORL dataset contains the synthetic occlusion where the occlusion
ratio can be varied from 10% to 50% as shown in Figure 4(b). The ORL dataset generates
synthetic occlusion on the human face by imposing a black-and-white rectangular block.
In this paper, we are imposing white rectangular boxes on human faces. Most of the
existing methods have accuracy degradation when the occlusion size increases or if there
is only one image in the gallery set. In contrast, our proposed method performs very well
with a single image per class, even with a high occlusion ratio. Figure 6 shows the
accuracy comparison with the existing methods when changing the number of images (k)
in the training set. The gallery set or training set includes a minimum of one image
(K =1) and a maximum of eight images (K = 8) per class. Here, K represents the number
of images in the gallery set.

4.2.2 When gallery images are occluded and probe images are non-occluded

In most of the literature survey, authors do not consider the part where the training set
contains the occluded images when features are extracted using traditional methods and
deep learning models. However, deep learning-based methods need a large number of
images in the training set to train the occluded image in the training set. Here, our model
efficiently works when the number of images in the training set is less, around 1 to 5 only
as well as occluded present in the training set

Table 2 Comparison of our proposed method with state-of-the-art methods on ORL dataset in
terms of rectangular black box occlusion

Methods Recognition rate (%)
TSRM 97.66

Yang et al. (2013) 95.5

Chang and Lin (2011) 97.25
Naseem et al. (2010) Not evaluated
Yang et al. (2013) 92.02

BoW (Zhao et al., 2015) 99.50

Figure 7 Accuracy comparison with the existing methods when gallery images are occluded, and
probe image is unoccluded for AR and ORL dataset, (a) for AR dataset (b) for AR
dataset (see online version for colours)
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Figure 7 displays the accuracy comparison with the existing and our TSRM methods for
the AR and ORL datasets. Figure 7(a) represents the recognition rate of our method.
TSRM (brown colour in the bar chart) provides the best results (97%) for the AR dataset.
Similarly, Figure 7(b) shows the accuracy comparison between our TSRM and the
existing method on the different occlusion ratios. These comparisons highlight the
effectiveness of our proposed method under different occlusion ratios, showcasing its
robustness and improved performance compared to existing methods.

4.2.3 When both gallery and probe images are occluded

Face recognition accuracy degrades too much when both gallery and probe images are
occluded, especially when the occluded areas differ between the two sets of images. Most
existing methods, such as HMM and NBNN, need to recognise faces under these
conditions. Our model efficiency is tested with gallery and probe images that do not share
the same occlusion part.

As shown in Figure 8, our TSRM method accuracy is much larger than the existing
method. However, our model provides the best performance when both gallery and probe
images are occluded for AR and ORL datasets. This is very important in the recent
scenarios where the occluded face is captured in surveillance applications such as malls,
airports and traffic light signals.

Figure 8 Accuracy comparison with the existing methods when both gallery and probe images
are occluded for AR and ORL dataset, (a) for AR dataset (b) for ORL dataset
(see online version for colours)
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4.3 Results of facial expression

The AR dataset evaluated facial expression recognition, while the ORL dataset is used to
assess illumination recognition. Our TSRM method is not able to identify the facial
expression, as mentioned in Table 3 for the AR dataset. However, our TSRM provides
patch distribution by taking the patch difference across the image, while facial expression
recognition needs local patch differences in the specific portion of the image. Table 4
checks the model efficiency in illumination conditions for the ORL dataset. Similarly, in
the case of illumination recognition, our model cannot meet the BOW method, as shown
in Table 4. Our proposed method does not outperform other existing methods in these
scenarios. However, our method can identify a person’s facial expression with
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approximately 83% accuracy and illumination with 96% accuracy, which is a notable

achievement given the challenging conditions.

Table 3 Accuracy comparison of our proposed method with state-of-the-art methods on AR
dataset for facial expression recognition
Methods Recognition rate (%)
TSRM 83.5
HMM (Yu and Yang, 2001) 66.5
PCA-SVM (Mario, 2014) 89.7
SRC (Weng et al., 2013) 92.0
OP-NBNN (Ogasawara, 2021) 89.3
NBNN (Ma et al., 2022) 85.3
DICW (Bommidi and Sundaramurthy, 2021) 96.7

4.4 Comparison with other training and testing-based methods

Many existing training and testing-based techniques are used for image classification,
such as support vector machine (SVM), RF, decision tree (DT), stochastic gradient
descent (SGD), k-nearest neighbouring (KNN), and logistic regression (LR). Our TSRM
method is based on normal distribution, where we do not need to train and test the images
for classification. Our method performs better than the existing classification methods on

AR and ORL datasets.
Table 4 Comparison of our proposed method with state-of-the-art methods on ORL dataset in
terms of illumination
Methods Recognition rate (%)
TSRM 96.66
Naseem et al. (2010) 95.8
Wen (2012) 94.10
Zhang et al. (2010) Not evaluated
Lu et al. (2010) 90.5
BoW (Zhao et al., 2015) 95.0

Figure 9 Accuracy comparison of different classifier models for AR and ORL datasets, (a) for
AR dataset (b) for ORL dataset (see online version for colours)
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As shown in Figures 9(a) and 9(b), DT classifiers perform worse than all the classifiers
on the AR and ORL datasets, where our TSRM provides the best performance compared
to other training-based classifiers. Our proposed work offers excellent performance on
AR and the ORL dataset.

5 Conclusions

Based on local feature-matching techniques, we propose a threshold string representation
model for reliable face identification under occlusion. While traditional classification
methods like SVM and RFs are employed, our proposed classification method
outperforms other techniques in terms of performance. This approach, called TSRM,
combines feature extraction and feature matching algorithms. The K-means clustering
method generates features by taking the differences between patches and converting these
features into clustering or string sequences. Components are matched by applying a
threshold to a string sequence of gallery and probe images. Our proposed method offers
improved identification accuracy compared to the CSM-RL technique. We evaluated our
methodology using the AR and ORL databases to check the model’s performance under
natural and synthetic occlusion conditions. Moreover, our model outperforms other state-
of-the-art approaches in robust face identification across various scenarios, including
different illuminations, facial expressions, and face occlusions.

While the TSRM algorithm demonstrates promising performance in handling
occlusions like sunglasses, scarves, and caps, there are some limitations to consider. One
limitation is the method’s reliance on image segmentation into patches, which requires
careful tuning of patch size and configuration to achieve optimal results. This can make
the algorithm sensitive to parameter selection, potentially impacting its performance on
different datasets or in varying real-world scenarios. Additionally, the TSRM method has
primarily been tested on controlled datasets like AR and ORL, which may not fully
represent the diversity and complexity of real-world occlusions. Further evaluation on
larger and more diverse datasets is necessary to confirm its generalisability.
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