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Abstract— Face recognition is considered a primary 

technology in biometric systems. Despite its merits, the systems 

suffer because of the various facial variations. Two-Dimensional 

Principal Component Analysis (2DPCA) limits these variations by 

preserving facial spatial information and, at the same time, 

improves the computational efficiency.  Those features give it an 

advantage in different applications, not only in face recognition but 

also in artificial intelligence (AI) applications. However, the 

distance methods used for classifications associated with 2DPCA 

are a significant issue. This paper explores and modifies various 

distance measures defined in the literature of the PCA approach for 

face recognition. These fourteen-distance metrics are modified and 

compared to the standard Euclidean distance on well-known face 

databases, namely the ORL, AR, and LFW databases. The 

experiments on these databases, which have diverse variations in 

facial images, manifest the superiority of the correlation 

coefficient-based distance method. Additionally, the results also 

show remarkable performance of angle-based and Canberra 

distance methods. These results clarify the importance of this work 

in enhancing distance metrics within 2DPCA algorithms to enhance 

the accuracy and robustness of both traditional and AI-driven 

recognition systems.  

Keywords—Two-dimensional PCA, Face recognition, 

Classification Methods. 

I. INTRODUCTION 
Face recognition has become a cornerstone of 

modern biometric systems. This is primarily because of its 
natural, non-intrusive, and easily deployable attributes in a 
variety of real-world contexts—from security and 
surveillance to access control and human-computer 
interaction [1]. Nevertheless, despite these strengths, 
achieving high levels of accuracy poses significant challenges 
due to substantial variations in facial appearance arising from 
illumination, expression, aging, pose, occlusion, and image 
quality [1], [23]. 
Face recognition algorithms are divided into three groups: 
appearance-based methods, feature-based methods, and 
hybrid methods. Appearance-based approaches examine 
holistic pixel intensity data and encompass famous and well-
known techniques such as Principal Component Analysis 
(PCA), Linear Discriminant Analysis (LDA), and 
Independent Component Analysis (ICA) [2-7]. Feature-based 
methods focus on extracting local or geometric face 
characteristics, such as facial landmarks, whereas hybrid 
methods merge both global and local approaches to enhance 
robustness. 
Among these various techniques, PCA has been widely 
adopted due to its effectiveness in minimizing dimensionality 
while preserving essential key variability in facial data [3-4]. 

PCA transforms high-dimensional face images into a 
compact set of uncorrelated features, referred to as principal 
components, which can be utilized for efficient classification. 
Nevertheless, PCA requires vectorizing two-dimensional 
images, which leads to the loss of crucial spatial information, 
potentially impairing recognition performance [8-10]. 
Following the PCA projection, selecting an appropriate 
distance measure for comparing feature vectors plays a 
crucial role in recognition performance. The Euclidean 
distance is the most frequently employed metric due to its 
simplicity; nevertheless, other distances, such as 
Mahalanobis, cosine-based, and correlation-based distances, 
have proven to offer greater accuracy concerning PCA-based 
systems [13, 20]. 
To mitigate the loss of spatial information, Two-Dimensional 
PCA (2DPCA) is introduced, operating directly on image 
matrices without the requirement for vectorization [9]. 
2DPCA effectively preserves spatial structure and offers 
superior computational efficiency compared with PCA [9, 
10]. Extensions and variants of 2DPCA, including Diagonal 
PCA (DiaPCA) [10], Selected Coefficient 2DPCA [11], 
Variation 2DPCA [12], Relaxed 2DPCA [21], and Joint-norm 
2DPCA [22], have been developed to further improve both 
discrimination and robustness.  
Recently, the integration of 2DPCA and its variants into 
artificial intelligence (AI) pipelines has gained significant 
interest [21-33]. Shallow subspace representations, such as 
2DPCA, are frequently utilized as feature extraction stages 
before feeding data into deep learning models, facilitating 
hybrid systems that combine traditional statistical methods 
and neural networks [26, 27]. The implementation of 
effective distance measures in these intermediate stages can 
enhance performance in various tasks such as identity 
verification, clustering, and few-shot learning [28]. 
Furthermore, they play a critical role in privacy-preserving 
face systems [29]. Beyond the realm of face recognition, 
2DPCA has also been employed as an effective shallow 
feature extraction technique in AI-driven applications, such 
as texture classification [26], where it contributes to the 
enhancement of convolutional neural networks (CNNs) 
performance when combined in hybrid architectures [30]. In 
medical image analysis, 2DPCA has also been used to 
enhance feature representations before feeding them into 
deep classifiers for tasks such as disease diagnosis and lesion 
detection [27, 31]. For hyperspectral image classification, 
2DPCA aids in dimensionality reduction while preserving 
spatial-spectral information, yielding better results when 
integrated with deep learning frameworks [28, 32]. Likewise, 
in handwriting recognition, 2DPCA-based features have been 
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combined with deep neural networks to improve accuracy in 
multilingual character recognition systems [29, 33]. As AI-
driven recognition systems continue to evolve, understanding 
and optimizing these distance measures within 2DPCA 
frameworks has become increasingly crucial for developing 
robust, efficient, and interpretable solutions. 
Thus, studying and optimizing distance measures in 2DPCA-
based algorithms is essential not only for enhancing 
traditional face recognition accuracy but also for advancing 
AI applications that depend on robust similarity measurement 
[21-22, 24-25]. In systems powered by AI, feature extraction 
techniques such as 2DPCA often serve as a bridge between 
raw data and deep learning classifiers or embedding models 
[26-27], 30-31]. The choice of distance metric has a direct 
impact on subsequent tasks such as clustering, identity 
verification, few-shot learning, and adversarial robustness 
[28, 32]. By enhancing the discriminative power of 2DPCA 
feature spaces with optimized distance functions, these 
systems can achieve higher generalization ability and stability 
across diverse datasets and operational conditions [22, 25, 
33]. Furthermore, these enhancements can lead to more 
interpretable and trustworthy AI models, which is particularly 
crucial for applications involving security, healthcare, and 
human-centered AI solutions [31-32, 34]. As a result, 
systematically investigating distance measures within the 
2DPCA framework offers a foundation for building more 
powerful and reliable hybrid AI systems [21, 25, 30, 34]. 
In spite of advancements in feature extraction, most 2DPCA-
based face recognition systems continue to rely primarily on 
Euclidean distance for classification. Nevertheless, 2DPCA-
based studies have shown that alternative distance measures, 
including volume-based, assembled matrix, reweighted 
angle, RowAMD, and row-kNN distances, can lead to 
significant improvements [16–20, 35-36]. Applying these 
advanced distance measures within the 2DPCA framework 
remains an open question for further research. 
Motivated by this gap, this paper explores fourteen distance 
measures, originally developed for PCA-based recognition, 
and modifies them to 2DPCA-based systems. The evaluation 
of their impact on recognition accuracy is conducted using 
standard face datasets under various conditions, including 
changes in illumination and expression. 
The remaining of this paper is organized as follows. Section 
2 briefly explains a 2DPCA algorithm. Section 3 depicts 
modified versions of the distance measures. Section 4 
provides experimental results and discussion on three famous 
face databases. Finally, section 5 introduces the conclusion 
and future work. 

II. 2DPCA ALGORITHM 

Let us consider a random matrix A  characterized by 

dimensions m ×  n , which projects onto an X n-dimensional 

unitary column vector via linear transformation as illustrated 

in Eq. (1): 

                                      𝒀 =  𝑨𝑿     (1) 

Y is referred to as the projected feature vector of the image A. 

To ascertain the most effective projection vector X  which 

encompasses the total scatter of the projection samples, the 

trace of the covariance matrix criterion is employed as 

illustrated in Eq. (2): 

                          𝐽 (𝑿)  =  𝑡𝑟(𝑆𝑥);               (2) 

where, J (X)  represents the trace of Sx, and Sx refers to the 

covariance matrix of the projected feature vectors obtained 

from the training images. Thus, Sx can be expressed as: 

𝑆𝑥 =  𝐸(𝒀 −  𝐸(𝒀))𝐸(𝒀 −  𝐸(𝒀))𝑇 

                     =  𝐸(𝑨𝑿 −  𝐸(𝑨𝑿))(𝑨𝑿 −  𝐸 (𝑨𝑿))𝑇 

     (3) 

       =  𝐸((𝑨 −  𝐸(𝑨))𝑿)((𝑨 −  𝐸(𝑨))𝑿))𝑇 

Hence, 

𝑡𝑟(𝑆𝑥)  =  𝑡𝑟(𝑿𝑇𝐸((𝑨 −  𝐸(𝑨))𝑇  (𝑨 −  𝐸(𝑨)))𝑿)        (4) 

Assuming there are M training face images, the covariance 

matrix, referred to as Gt can be expressed as in Eq. (5): 

𝐺𝑡 =
1

𝑀
∑ (𝑨𝒊 − 𝑨̅)𝑇𝑀

𝑖=1 (𝑨𝒊 − 𝑨̅)                                 (5) 

where, the Ai  represents the ith training images. M denotes 

the number of training images and A̅ is the average image of 

all training images. By calculating the eigenvectors of Gt and 

selecting the eigenvectors X1; ...... :Xd corresponding to the 

largest eigenvalues, we obtain the optimal projection axes. 

Since the size of Gt  is only n ×  n, the computation of its 

eigenvectors proves to be more efficient than that of PCA.  

The feature matrix for each image in the gallery is obtained 

by multiplying it by the selected eigenvectors as outlined in 

Eq. (8): 

                          𝒀 =  𝑨𝑿      (6) 

where, X is the selected eigenvector matrix and Y indicates 

the feature matrix corresponding to the image A . The 

identical equation applies to the test image. Following this, 

the nearest neighbour, which has a defining distance, is 

utilized for classification. 

III. DISTANCE MEASURES 

A range of distance methods have been introduced alongside 

the 2DPCA algorithm. In this paper, different variations of 

distance methods are tailored based on the structure of 

distance methods presented in [20]. Let 𝒀𝑡  is the feature 

matrix of a test image, 𝒀𝑖 is a feature matrix of a train image. 

The definitions of modified distance methods are as follows: 

 

A. Minkowski distance (𝑳𝒑 metrics): it is the same as AMD 

distance methods: 

𝑑𝐴𝑀𝐷 (𝒀𝑡; 𝒀𝑖)  = (‖𝒀𝑡  −  𝒀𝑖‖2
𝑝

)
1

𝑝⁄
  

B. Manhattan distance (𝑳𝟏 metrics, city block distance) 

𝑑2𝑀𝐴𝑁𝐷(𝒀𝑡; 𝒀𝑖) = |(𝒀𝑡 − 𝒀𝑖)| 
C. Euclidean distance (L2 metrics): it is the same as 2D 

Euclidean distance  

𝑑2𝐷 (𝒀𝑡; 𝒀𝑖)  =  ‖𝒀𝑡  −  𝒀𝑖‖2 

D. Squared Euclidean distance (sum square error, SSE), 

mean square error (MSE) 

𝑑2𝑆𝑆𝐸𝐷 (𝒀𝑡; 𝒀𝑖)  =  ‖𝒀𝑡  −  𝒀𝑖‖2
2 

𝑑2𝑀𝑆𝐸𝐷 (𝒀𝑡; 𝒀𝑖)  =  
1

𝑛
‖𝒀𝑡  −  𝒀𝑖‖2

2 

Where 𝑛 is the number of selected eigenvectors. 

E. Angle-based distance 

𝑑2𝐴𝑁𝐺𝐷 (𝒀𝑡; 𝒀𝑖)  =  
𝒀𝑡 .∗  𝒀𝑖

√𝒀𝑡
𝟐 .∗  𝒀𝑖

𝟐

 

F. Correlation coefficient-based distance 
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𝑑2𝐴𝑁𝐺𝐷 (𝒀𝑡; 𝒀𝑖)  =  
𝑛 ∗ 𝒀𝑡 .∗  𝒀𝑖

√(𝒏 ∗ (𝒀𝑡
𝟐 − 𝒀𝑡

𝟐 ).∗ ( 𝒀𝑖
𝟐 − 𝒀𝑖

𝟐)

 

Where 𝑛 is the number of selected eigenvectors. 

G. Mahalanobis distance and Mahalanobis distance 

between normed vectors 

𝑑2𝑀𝐴𝐻𝐷(𝒀𝑡; 𝒀𝑖) = 𝑧 ∗ (𝒀𝑡 − 𝒀𝑖)
𝑇 ∗ (𝒀𝑡 − 𝒀𝑖)                   𝑧

=  √
𝑨

𝑨 + 𝜶𝟐
 

𝑑2𝑀𝐴𝐻𝑁𝐷(𝒀𝑡; 𝒀𝑖) =
𝑧.∗ (𝒀𝑡 − 𝒀𝑖)

𝑇 ∗ (𝒀𝑡 − 𝒀𝑖)

√𝒀𝑡
𝟐√𝒀𝑖

𝟐

              𝑧

=  √
1

  𝑨
 

Where 𝐴 is the sorted eigenvector and 𝛼 = 0.25 

H. Weighted Manhattan distance 

𝒅𝟐𝑾𝑴𝑨𝑵𝑫(𝒀𝒕; 𝒀𝒊) =  𝑧.∗ |(𝒀𝒕 − 𝒀𝒊)|      𝑧 =  √
1

  𝑨
 

Where 𝐴 is the sorted eigenvector. 

I. Weighted SSE distance 

𝑑2𝑊𝑆𝑆𝐸𝐷 (𝒀𝑡; 𝒀𝑖) =  𝑧.∗ ‖𝒀𝑡  −  𝒀𝑖‖2
2           𝑧 =  √

1

  𝑨
 

Where 𝐴 is the sorted eigenvector. 

J. Weighted angle-based distance 

𝑑2𝐴𝑁𝐺𝐷 (𝒀𝑡; 𝒀𝑖) =  
𝑧.∗ 𝒀𝑡 .∗  𝒀𝑖

√𝒀𝑡
𝟐 .∗  𝒀𝑖

𝟐

             𝑧 =  √
1

  𝑨
 

K. Chi square distance 

𝑑2𝐶𝐻𝑆𝐷 (𝒀𝑡; 𝒀𝑖)  =  
(𝒀𝑡 − 𝒀𝑖)

2

𝒀𝑡 + 𝒀𝑖
 

L. Canberra distance 

𝑑2𝐶𝑁𝐵𝐷 (𝒀𝑡; 𝒀𝑖)  =  
|𝒀𝑡 − 𝒀𝑖|

|𝒀𝑡| + | 𝒀𝑖|
 

M. Modified Manhattan distance 

𝑑2𝑀𝑀𝐴𝑁𝐷(𝒀𝑡; 𝒀𝑖) =
|(𝒀𝑡 − 𝒀𝑖)|

|𝒀𝑡|.∗ |𝒀𝑖|
 

N. Modified SSE-based distance 

𝑑2𝑀𝑆𝑆𝐸𝐷 (𝒀𝑡; 𝒀𝑖)  =  
‖𝒀𝑡  −  𝒀𝑖‖2

2

‖𝒀𝑡 ‖2
2.∗ ‖ 𝒀𝑖‖2

2 

O. Weighted modified Manhattan distance 

𝑑2𝑊𝑀𝑀𝐴𝑁𝐷(𝒀𝑡; 𝒀𝑖) =
𝑧.∗ |(𝒀𝑡 − 𝒀𝑖)|

|𝒀𝑡|.∗ |𝒀𝑖|
             𝑧 =  √

1

  𝑨
 

 

P. Weighted modified SSE-based distance 

𝑑2𝑊𝑀𝑆𝑆𝐸𝐷 (𝒀𝑡; 𝒀𝑖) =  
𝑧.∗ ‖𝒀𝑡  −  𝒀𝑖‖2

2

‖𝒀𝑡 ‖2
2.∗ ‖ 𝒀𝑖‖2

2            𝑧 =  √
1

  𝑨
 

 

IV. EXPERIMENTS AND DISCUSSION 

A. Result tested on ORL database 

The ORL database [37] contains 400  images for 40 
individuals, with 10 different images for each one. The image 
measures 112 × 92. The images were captured against a dark 
homogeneous background at different times, with facial 
expressions (open/closed eyes, smiling / not smiling), lighting 
variations, and facial details (glasses / no glasses), while 
allowing for some lateral movement. Some examples of ORL 
are shown in Fig. 1. 
 

 
 

Fig. 1: Examples from the ORL database used in the 

experiments 

 
To evaluate the different distance methods on the ORL 
database, the first 1 to 9 images are selected for training, and 
the remaining images are used for testing. It is evaluated with 
a different number of eigenvectors. Table 1 shows the best 
accuracy with the corresponding number of eigenvectors. 
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Table 1: Best accuracy of ORL database with the corresponding number of eigenvectors for modified distance methods 

 
It can be seen from Table 1 that the angle-based method 
achieves the best accuracy when the number of training 
images is 9, which is 100%. In contrast, for the other sets of 
training images, both Manhattan and modified Manhattan 

demonstrate superior results compared to other distance 
methods. Figure 2 displays the average accuracy outlined in 
Table 1. 

 

 

Fig. 2: Average Accuracy of the ORL database  

It is evident from Fig. 2 that Manhattan and 2D Euclidean 
distance methods yield the best average accuracies. In terms 
of the number of eigenvectors utilized, the chi-square 
distance method requires the fewest eigenvectors; 
nevertheless, it results in the lowest average accuracy. On the 
other hand, Weighted Manhattan and Weighted SSE utilize 
the least number of eigenvectors while still achieving 
satisfactory average accuracies. 

B. Results on AR database 

The AR face database [38] contains 2,600 warped frontal 
color images of 100 persons. Each subject has 26 different 
images registered in two separate sessions; each held in a 
different week. Each session consists of 13 images featuring 
various expressions and conditions: neutral expression, smile, 
anger, scream, left light on, right light on, all side lights on, 
wearing sunglasses, wearing sunglasses with left light on, 

wearing sunglasses with right light on, wearing a scarf, 
wearing a scarf with left light on, and wearing a scarf with 
right light on. The images were captured under controlled 
conditions of illumination and viewpoint using the same 
camera. All images were converted to grayscale and have a 
size of 165×120 pixels. Examples from the AR database are 
shown in Fig. 3. 
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(a) Session 1                                                                                 (b) Session 2 
Fig. 3. Examples of one subject in the AR face database 

 
Natural images of the two sessions are used for training, and 
the rest of the expressions and conditions are used for testing 
individually for both sessions. Table 2 shows the best  

 
accuracy and the corresponding number of eigenvectors for 
each state individually for both sessions.  
 

 

Table 2: Best accuracy of AR database with the corresponding number of eigenvectors for modified distance methods 

 
From Table 2, it can be observed that Canberra provides the 
best accuracy result of 99.5% when the image is normal and 
the person is smiling. Nevertheless, the Correlation 
coefficient-based approach achieves better accuracies in most 

cases. The Chi-square method remains unchanged, as 
observed in the ORL database, which produces the lowest 
accuracies. Figure 4 illustrates the average accuracy outlined 
in Table 2. 

 

 
Fig. 4: Average Accuracy of the AR database 
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It is apparent from Fig. 4 that the Correlation coefficient-
based and Canberra methods yield the best average 
accuracies. Regarding the number of selected eigenvectors, 
the Weighted modified Manhattan distance method requires 
the fewest eigenvectors; nonetheless, it results in a low 
average accuracy. Conversely, the Correlation coefficient 
utilizes more than the average number of eigenvectors while 
achieving the best average accuracy. 
 

V. Results on LFW database 

Labeled Faces in the Wild (LFW) [39] was developed by the 
University of Massachusetts, Amherst. It contains 13,233 
images of 5,749 individuals, featuring significant variations 

in pose, occlusion, illumination, and expression. The database 
comprises images of famous people from the internet, aimed 
at studying the face recognition problem in unconstrained 
environments. Among the individuals, 1,680  have two or 
more distinct images, while the remaining individuals have 
only one image. The images are in JPEG format, each 
measuring 250 × 250  pixels. While some images are 
grayscale, the majority are in color. A sub-database is derived 
from this dataset, selecting individuals with 10 or more 
images, from which 10 images are chosen. Consequently, the 
new database consists of 100 individuals, each with 10 
images. These images are cropped, resized to 80 × 60 pixels, 
and aligned using the method described in [40]. Examples 
from the LFW face database are shown in Fig. 5. 

 

Fig. 5. Examples of three subjects in the LFW database 
 

To evaluate the different distance methods on the LFW 
database, the first 1 to 9 images are selected for training, and 
the rest are for testing. It is evaluated with a different number 

of eigenvectors. Table 3 shows the best accuracy with the 
corresponding number of eigenvectors. 

 
Table 3: Best accuracy of AR database with the corresponding number of eigenvectors for modified distance methods 

 
From Table 3, one can observe that the method utilizing the 
Correlation coefficient-based method delivers the best 
accuracy result of 70%. Furthermore, it also achieves the best 

accuracy in all cases. In contrast, the Weighted modified 
Manhattan produces the lowest accuracies in nearly all cases. 
Figure 6 depicts the average accuracy presented in Table 3. 
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Fig. 6: Average Accuracy of the LFW database 
 

It is clear from Fig. 6 and Table 3 that the Correlation 
coefficient-based and Angle-based methods deliver the best 
accuracies. With respect to the number of selected 
eigenvectors, the Weighted modified Manhattan distance and 
Chi square methods use the fewest eigenvectors; still, they 
yield a low average accuracy. On the other hand, the 
Correlation coefficient utilizes fewer than the average 
number of eigenvectors and concurrently achieves the best 
average accuracy. 

 

Based on the analysis of the three databases, it can be inferred 
that the Correlation Coefficient-based method is superior to 
other distance methods, particularly regarding accuracy and 
the number of eigenvectors. Furthermore, it is apparent that 
both Angle-based and Canberra methods are noteworthy 
distance methods and require additional research in diverse 
situations. 
 

VI. CONCLUSIONS AND FUTURE WORK 

The efficiency of 14 distance methods applied with Two-
Dimensional Principal Component Analysis (2DPCA) in face 
recognition is examined. Different experiments on three well-
known databases are conducted. These experiments show the 
superiority of the correlation coefficient-based method, 
which achieves the highest accuracy. This demonstrates its 
effectiveness under different variations of face conditions.   
Furthermore, the considerable accuracies of both the angle-
based and Canberra distance methods reveal their 
effectiveness in specific variations. 
Several tracks need to be explored to reveal the impacts of the 
different distance methods. Initially, the effect of existing 
specific different pose variations is a particular issue.  
Furthermore, what is the impact of the preprocess algorithms 
with different distance methods? The influence of distance 
metrics in real-time face recognition systems is a crucial issue 
in practical deployment regarding security and surveillance. 
Furthermore, 2DPCA should be explored with advanced 
machine learning approaches, including deep learning, which 
may increase the reliability and accuracy of recognition 
systems. 
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