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Abstract: Face recognition is a key computer vision task that focuses on identifying or verifying individuals using
their facial features. This task becomes more difficult with low-resolution images, where the reduced pixel count
and detail make it harder to extract and match features accurately. In this study, we assess the effectiveness of
Multilinear Side-Information-based Discriminant Analysis (MSIDA) on low-resolution images, using the CelebA
database as a reference. The system showed strong performance, achieving 90.60% accuracy on high-resolution

and 88.23% on low-resolution images, highlighting the robustness and effectiveness of MSIDA.
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I. Introduction

Devices are utilized in a multitude of applications, ranging from simple to complex problem-
solving methods. Among such contributions, face recognition technology has emerged as a useful tool
to recognize features of faces through their inherent traits [1-4]. It has been one of the most researched
areas in the field of pattern recognition and computer vision due to its wide use in many applications
such as biometrics, information security, law enforcement, access control, surveillance systems, and
smart cards. However, it presents many challenges for researchers that need to be addressed [5].
Recognizing a face as an object depends on various factors, including facial expressions, which
constitute meaningful features. For instance, pose invariance, lighting conditions, and aging are critical
areas that require further investigation beyond previous work. Research shows that facial expressions
change with aging, making it difficult to permanently model faces for recognition. The face recognition
problem can be categorized into two main phases: 1) face verification and 2) face identification [6-12].
These phases are crucial for developing more accurate and reliable face recognition systems [5].

In real-world face recognition deployment scenarios, particularly in surveillance applications,
the pixel resolution of detected face images is often significantly reduced due to extreme long-range
distances and wide viewing angles of the acquisition devices. These small regions of interest typ-
ically range from 16x16 to 32x32 pixels, resulting in poor pixel resolution. Additionally, they are
affected by various types of noise, including poor illumination, non-frontal poses at extreme angles,
unconstrained facial expressions, blurriness, and occlusions. It is important to note that these very
low-resolution (VLR) face images can degrade the performance of face recognition models that are
trained on high-resolution (HR) counterparts, leading to a lack of generalizability in addressing the
VLR face recognition (VLRFR) challenge [13].

Given the challenges posed by emerging applications, there is an increasing demand for more
efficient dimensionality reduction techniques to manage large-scale multidimensional data . Recently,
there has been growing interest in multilinear subspace learning (MSL) [14-20], which has shown
potential for generating more compact and informative representations. Linear subspace learning (LSL)
remains important for its ability to simplify high-dimensional data into lower-dimensional spaces
while preserving essential information. Techniques Multi-linear Side Information-based Discriminant
Analysis (MSIDA) [9] in MSL and Side-Information based Linear Discriminant (SILD)[21] in LSL are
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anticipated to play crucial roles in advancing novel algorithms and addressing complex problems in
applications that involve extensive multidimensional datasets [22].

In this study, we address the challenge of matching face pairs using tensor representation tech-
niques, specifically MSIDA and SILD, with a particular emphasis on training data comprising low-
resolution images.

*  Multilinear Side-Information based Discriminant Analysis (MSIDA) is employed to reduce
dimensionality and classify tensor data in cases where complete class labels are unavailable.
MSIDA transforms the input face tensor into a new multilinear subspace, enhancing the separation
between samples from different classes while minimizing the variance within samples of the

same class. Furthermore, MSIDA reduces the dimensionality of each tensor mode [9].
*  We empirically evaluate the proposed approach for face based identity verification on four chal-

lenging face benchmark CelebA. Comparisons against the state-of-the-art methods demonstrate
the efficiency of our approach.

The remainder of this paper is structured as follows, Section 2 outlines the proposed Multilinear
Side-Information based Discriminant Analysis for low-resolution images. Section 3 presents the
experimental evaluation, along with the results and analysis. Finally, Section 4 provides the conclusion
and discusses potential future work.

II. Multilinear Side-Information based Discriminant Analysis

This section presents the Multilinear Side-Information based Discriminant Analysis (MSIDA).

In many scenarios, obtaining the precise full class labels for data samples can be challenging.
Instead, it is often more feasible to collect a form of weak labels for the samples. For instance, in face
verification under unconstrained conditions, the only available information might be whether pairs
of face images belong to the same individual or not. These weak labels, typically represented as pair
match/non-match, are referred to as side information. In such cases, traditional Linear Discriminant
Analysis (LDA) is not applicable, as it requires the class label, such as the identity of the person,
for each sample to compute the scatter matrices. To address this limitation, Side-Information based
Linear Discriminant Analysis (SILD) [21] has been introduced. SILD effectively utilizes weak label
information, where positive pairs (matches) are employed to compute the within-class scatter matrix
Sw, and negative pairs (non-matches) are used to compute the between-class scatter matrix Sy, [9].

This section presents the extension of SILD to handle multilinear data. Let X € Ri*k2xxIy
represent the tensor form of the training samples. The training data is organized into two sets: the
match tensor pairs S, = {(Xo,Xp) : [(Xo) = I(Xp)} and the non-match tensor pairs D) = {(Xr, X;) :
1(Xy) # 1(Xs) }, where I denotes the side information [9].

To enhance the discrimination between tensors of different classes, we introduce a Discriminant
Tensor Criterion (DTC). The DTC is achieved by applying multiple interrelated projections of the
tensor across its various modes. The DTC in our framework is defined as:

(Ui, =
kJk=1
n
ZDDpil X, 1 U7+ x yUN—Xs X1 Up -+ x y Uy |2 1)
arg maX{Uk}kN:1 ):;

g
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Equation 1 presents an optimization problem characterized by a high-order nonlinear constraint.
As a result, obtaining a closed-form solution for this problem is a challenging task. An alternative
approach is to employ iterative optimization, as suggested in [23], to estimate the interrelated projection
matrices. Initially, by focusing on a single mode of the tensor, the optimization problem can be
formulated as:
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The optimization problem in Eq. (2) can be reformulated as follows:
+ _ Tr(Uj (S™1);Uy.)
Uk = arg maxy, Tr(UZ(S’”Sid”)}{DUk) (3)

where (S’“Sid“)]g is the between-class scatter matrix for mode k, calculated using the vectors of the
negative pairs as follows:

k,j

(Smsjd”>: = 2111#11‘ (ST”Sid“)l;'j, where Sm5id“>b = @)

]
J Ky k(i
Z(erXs)EDp (xr] — X5 )(xr] — X ])T.

Nk
Similarly, in Eq. (3), ( Sm”d”) represents the within-class scatter matrix for mode k, calculated
w
using the corresponding vectors from the unfolded matrices of the positive sample pairs:

(Smsida)k — Zl}fkli (Smsida)k']l where (Smsida)k'] —
w 1= e w

k, k, ki ki
Z(Xo,Xp)eSp (xo] — Xp]) (xO] — xp])T‘

(5)

x%7 denotes the jth vector of the kth mode-unfolded matrix X*J from the tensor sample X [9].

The iterative process of MSIDA terminates upon satisfying one of the following conditions: (i) the
number of iterations reaches a predefined maximum; or (ii) the norm of the difference between the
estimated projections in two successive iterations falls below a specified threshold,

10" = Ul < e x I x I,

where Ij represents the dimension of mode k, and U}fr denotes the eigenvector matrix in mode k
[9].

The complete procedure for the proposed Multilinear Side-Information-based Discriminant
Analysis (MSIDA) can be found in [9].

II. Face Pair Matching Using MSIDA

A. Features Extraction

Feature extraction plays a crucial role in face verification systems, where it generates a feature
vector or matrix for each database element, functioning as its biometric signature. Deep neural
networks have recently outperformed state-of-the-art in various classification tasks, enhancing the
accuracy and reliability of feature extraction methods [24,25]. Our work utilizes the VGG-face[26]
network, originally trained on a large dataset of 2.6 million images of 2,622 individuals for face
recognition. This network has shown remarkable performance in face verification tasks involving both
image pairs and videos, surpassing other state-of-the-art methods[24].

The VGG-face [26] network takes an RGB face image of size 224 x 224 pixels as input. It consists
of 13 convolutional layers, each followed by a non-linear rectification layer (ReLU). Some of these
rectification layers are also followed by a max-pooling layer. The network further includes two fully
connected layers, each producing a 4096-dimensional vector. At the top of the initial network, there
is a fully connected layer with a size matching the number of classes to predict (2622), followed by a
softmax layer that computes the class posterior probabilities [24].

B. Matching

To determine the similarity between a pair of faces, we use cosine similarity. The approach
involves learning a transformation matrix from the training data and optimizing the cosine similarity’s
performance within the transformed subspace. The effectiveness of this method is evaluated using
cross-validation error[9,27].
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IV. Experiments

To evaluate the effectiveness of our approach, we conducted a series of experiments using the
CelebA datasets. First, we introduce the datasets used in our experiments. We then outline the
parameter settings, followed by a detailed presentation and analysis of the experimental results. The
performance of our proposed approach is specifically evaluated using the VGG-Face network. Finally,
we compare our best results with those of state-of-the-art methods.

A. Datasets

The CelebFaces Attributes Dataset (CelebA) [28] is a large-scale face attributes dataset containing
over 200,000 celebrity images, each annotated with 40 distinct attributes. This dataset features signifi-
cant diversity, encompassing various poses and varied background clutter. CelebA is notable for its
extensive diversity, volume, and detailed annotations, which include 10,177 unique identities, 202,599
face images, 5 landmark locations, and 40 binary attribute annotations per image[28].

B. Parameter Settings

The face images are initially aligned and then cropped to 16x16, 32x32, and 48x48 pixels for the
CelebA dataset Figure 1. Each pair of images is processed using our proposed identity verification
method to extract both handcrafted and deep features, essential for accurately describing the face
images of size 224 x 224. For deep features, we use the VGG-Face network, extracting features from
four specific layers: fc6, relu6, fc7, and relu?.

High-resolution

Downscale
the
matching\ no ¢
F matching
: dataset
\ Low-resolution 16x16
Low-resolution 32x32 i
5

Low-resolution 48x48

Figure 1. Illustrate the low-resolution images from CelebA.

C. Results

The assessment results of the proposed MSIDA and SILD methods using low-resolution images,
along with comparisons to state-of-the-art techniques, are presented in Tables 1 and 2 for the CelebA
datasets. These results emphasize the key observations, further detailed in the following sections.

Table 1. Results regarding the accuracy of face verification.

MSIDA | SILD
High-Resolution 90.60 83.80
LR 16x16 75.97 67.60
LR 32x32 86.50 78.30
LR 48x48 88.23 81.30
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Table 2. Results regarding the accuracy of face verification.

Method HR | 32x32
Jiao, Q.
(2021), [29] CenterLoss 56.2 -
SphereConv w/ linear operator 54.8 -
SphereConv w/ cosine operator | 53.6 -
SphereConv w/ sigmoid operator | 53.3 -
CosFace - 66.2
SphereFace - 66.5
Baseline 57.5 -
CSRI 61.2 -
DDAT 70.6 -
DDAT w/ target domain labels 71.2 -
Proposed MSIDA 90.60 | 86.50

1) Evaluation of Low-Resolution Images

Our study focused on utilizing low-resolution images to assess and demonstrate the robustness
and effectiveness of our face verification system, MSIDA. As detailed in Table 1, the results highlight
the significant performance of MSIDA compared to alternative systems. Our method achieved impres-
sive accuracy across different resolutions, with 75.97%, 86.50%, and 88.23% at 16x16, 32x32, and 48x48,
respectively. These findings underscore the effectiveness of MSIDA across various resolutions and
its capability to maintain strong performance even with lower-resolution images. This demonstrates
MSIDA'’s robustness and practical applicability, making it a valuable tool for face verification in diverse
and challenging conditions.

2) Evaluation of State-of-the-Art in High-Resolution (HR) and Low-Resolution (LR)

As for the comparison, I've included Table 2 showing the effectiveness of our MSIDA system
compared to others. Our system outperformed 86.50% of the competing methods in low-resolution
tasks, with an improvement of approximately 20%. Also, MSIDA achieved an accuracy of 90.60% in
high-resolution tasks, demonstrating a significant difference of 19.4%. This substantial advantage is
attributed to the robustness and adaptability of MSIDA, which excels in extracting and leveraging
both handcrafted and deep features across various image resolutions. This capability allows MSIDA to
maintain high accuracy even in challenging conditions, making it a superior choice for face verification
tasks.

V. Conclusion

In conclusion, the robustness and efficacy of the proposed system have been conclusively demon-
strated, especially when compared to alternative systems. The system achieved an accuracy of 90.60%
on high-resolution images and 88.23% on low-resolution images, reflecting the significant performance
improvements discussed in the previous section. These results affirm the system’s reliability, and
future enhancements are expected to further advance its performance and accuracy.
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