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Abstract
This paper proposes the use of redundant features for efficient recognition of faces in still images using a novel system 
framework that offers a detailed systematic workflow for solving the facial recognition problem. It accepts still frontal 
face images, processes and represents salient facial features (face, eyes, nose, and mouth) using facial detection and 
extraction techniques. The extracted features are then modeled by an ensemble of self-organizing maps. The ensem-
ble outputs are later reassembled into a single dataset consisting of a normalized image Euclidean distance matrix to 
enhance the search space for optimal convergence and classification. The feasibility of the framework is tested using an 
experiment facial database captured during the study, and three benchmark facial expression databases, namely the 
Extended Cohn–Kanade (CK+) database, the Japanese Female Facial Expressions database, and the MMI Facial Expres-
sion database. The results suggest that feature redundancy is indeed useful for efficient facial recognition, as the sup-
port vector machine classification recorded high accuracies across the various databases, with the normalized image 
Euclidean distance dataset producing the highest performance, when compared with the localized principal component 
analysis and unnormalized image Euclidean distance datasets. Furthermore, overall classification accuracy of above 99% 
was achieved for the experiment (nonexpressive still face) database, compared with the benchmark facial expression 
databases, which yielded slightly lower results. A future direction of this work is further improvement of the framework 
to robustly handle severe facial variations.

Keywords Biometric · Ensemble SOM · Image Euclidean distance · Face recognition · Redundant feature · Support 
vector machine

1 Introduction

The term “biometric” describes the application of modern 
statistical methods for measuring biological traits. Hence, 
it should include distinctive physiological and behavioral 
characteristics for automatic recognition of a person. To 
ensure the selection quality of biometric characteristics 
for recognition purposes, certain properties are necessary. 
These properties include:

• Robustness—biometric traits should be sufficiently 
invariant over a period of time;

• Distinctiveness—biometric traits should uniquely dis-
criminate any two individuals, i.e., should possess wide 
interclass variability;

• Availability—biometric traits should be universal or 
exist in everyone;

• Accessibility—biometric traits should be easy to acquire.

The science of biometrics has used several approaches 
suitable for automatic identification of a person (using 
personal biological traits and characteristics). The vari-
ous connections between “biometrics” and “forensics” 
primarily hinge on the identification of these biological 
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characteristics. The central question now rests on the 
utilization of biometric data to reliably identify persons 
from a scene, or on the contrary, exclude them with reli-
ability within reasonable doubt. Typical personal charac-
teristics often exploited as biometrics are the face, eyes, 
nose, mouth, chin, finger, palm, gait, iris, ear electroen-
cephalogram (EEG), hand writing, and voice. The face is 
preferred over other biometrics because of the wide use 
of digital cameras via smartphones and close-circuit tel-
evision (CCTV), as well as frequent transmission through 
the internet and mobile devices. In comparison with other 
biometrics, the face offers the following advantages, which 
explain its preference over other personal characteristics:

• Nonintrusion: The face can be captured from a distance 
without physical contact with the person(s) and can 
also be collected in a user-friendly manner, which is 
acceptable by the public, as compared with other 
biometrics such as fingerprints or the iris;

• Easy biological natural recognition: Humans, and even 
animals, recognize objects mostly by facial features. 
This facilitates authentication and authorization pur-
poses, whereas such recognition systems based on fin-
gerprints and iris would require additional professional 
skills;

• Little or no cooperation: Compared with other biom-
etrics that require individual cooperation, the use of 
surveillance applications can identify an individual 
without active participation with the investigator.

Face recognition as a biometric method offers high 
accuracy and low intrusiveness [74], and has attracted 
tremendous interest from not only computer scientists 
but also neuroscientists and psychologists [70]. The fields 
of biometrics, access control, law enforcement, security, 
and surveillance systems are the various application areas 
of face recognition. Biometrics is generally concerned 
with discrimination of persons based on their physical or 
behavioral attributes. So far, biometric techniques have 
predominantly flourished in various sectors such as immi-
gration and customs, and commerce, and are being suc-
cessfully utilized for the purpose of assured identification. 
When comparing a facial image from a crime scene with a 
suspect’s photograph (for instance), forensic experts pay 
close attention to morphologic–anthropologic features, 
in line with prescribed protocol. Biometric face recogni-
tion does not use morphologic–anthropologic features; 
instead, it extracts and compares abstract features, result-
ing in a quantitative similarity score. When above a prede-
termined threshold, the compared faces are accepted as 
being of the same person. Given a still image or video of 
a scene, the problem of face recognition is to identify one 
or more persons in the scene by using a stored database 

of faces [16]. This is mainly a classification problem, and 
involves training of the face recognition system using 
images from known individuals and classifying new test 
images into one of the classes, which constitutes the main 
aspect of face recognition systems.

The face recognition problem can generally be formu-
lated as follows: Given a facial image, identify or verify one 
or more persons, using a (stored or enrolled) facial database. 
Although existing information such as age, gender, race, 
expression, and speech may serve as means to narrow 
the search space or enhance the recognition process, the 
solution to this problem is often accomplished using the 
following steps: segmentation or detection, feature extrac-
tion, and recognition or verification. In identification, the 
input to the system is an unknown face, while in verifica-
tion, the system must confirm or reject the claimed iden-
tity of an input face.

Two most prominent challenges in face recognition are 
the illumination and pose problems [31]. The illumination 
problem occurs when the same face appears differently 
due to a change in lightning, or the changes induced by 
illumination become more pronounced, resulting in an 
incorrect comparison or misclassification of the image 
identity. Difficulties due to illumination and pose variation 
are well discussed in literature [2, 9, 61]. To address the 
illumination problem, several approaches utilizing domain 
knowledge have been proposed [96]. These approaches 
exploit the assumption that all images belong to the 
same face class, and include heuristic image comparison 
as well as class- and model-based approaches [96]. To 
address the pose problem [8], researchers have proposed 
various methods for the rotation problem. The notable 
approaches include multi-image based, single-image 
based, and hybrid approaches.

Applications of face recognition technology have pro-
gressed from still controlled-format images, to uncontrolled 
video images, thereby presenting numerous technical 
challenges, and demanding a range of image processing 
techniques. Furthermore, variations in image quality, back-
ground clutter, availability of well-defined matching crite-
rion, and the nature, type, and amount of input data present 
significant difficulties in categorizing deployed matching 
algorithms. Face recognition is therefore regarded as a pat-
tern recognition problem, performed specifically on faces. It 
is used to classify or discriminate a face as either “known” or 
“unknown,” after due comparison with a collection of known 
faces. The accuracy of a face recognition system therefore 
lies in its ability to optimally learn unknown faces and dis-
cern a particular face using available face information. The 
discernment process is particularly intractable in that all 
faces appear similar and contain the same set of features 
such as eyes, nose, chin, and mouth, positioned roughly at 
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the same places. Hence, some major weaknesses associated 
with face recognition systems include [67]:

• Relatively low accuracy compared with the proven perfor-
mance of a single feature, e.g., fingerprint and iris recog-
nition;

• Robustness against fraud—the relative ease with which 
many systems can be compromized or defeated;

• Existence of inadequate constraints to deal with image 
variability that could further complicate recognition 
(rotation in depth and broad lighting changes as well as 
a personal change in appearance).

Currently, no recognition system can claim to handle all 
these issues effectively, and we also are not claiming a solu-
tion. In particular, not much research has gone into making 
face recognition robust to the effect of ageing, although in 
general, constraints on the application scenario and capture 
situation are often exploited to limit the amount of variance in 
face image samples, which are required to be scaled algorith-
mically. Today, our ability to quickly recognize familiar faces 
and subtle facial gestures continues to be a source of great 
interest to anthropologists, psychologists, neuroscientists, 
and doctors, because discovering whether face recognition 
is a specialized human ability may provide new insights into 
how our cognitive mind functions. This paper is significant 
because it exploits redundant facial features for efficient facial 
recognition. Specifically, the introduction of localized principal 
components and training, as opposed to global training, is 
proposed to help minimize the effect of poor illumination and 
eliminate the unusual outlier effects inherent in most recogni-
tion algorithms. This process assists in reversing the curse of 
dimensionality. To reduce the effect of noise, a Gaussian blur 
(or Gaussian smoothing) is applied. The Gaussian smoothing 
operator is a two-dimensional (2D) convolution operator used 
to “blur” images for removal of noise and unwanted detail.

The remainder of this paper is structured as follows: 
Sect. 2 extensively discusses developments in face recog-
nition approaches; Sect. 3 presents the proposed system 
framework with a practical methodological workflow to 
accomplish the various phases of the framework; Sect. 4 
implements the proposed framework and reports on the 
results obtained from an empirical facial database and three 
benchmark facial databases; Sect. 5 concludes the paper and 
summarizes its contributions.

2  Developments in face recognition 
approaches

Automated facial recognition is a quickly developing 
technology. Its early stages of development date back to 
the 1960s and 1970s [12, 24, 64]. The first semiautomated 

system for facial recognition required an administrator 
to locate salient features such as the eyes, ears, nose, 
and mouth on photographs, before figuring out the 
distances and ratios to a common reference point, then 
comparing these with a reference dataset. Face recogni-
tion therefore measures and matches unique features for 
the purposes of identification or authentication. Often 
leveraging a digital capture tool, facial recognition soft-
ware can detect faces in images, quantify their features, 
then match them against templates stored in a database. 
However, as scientific research into evolving robust face 
recognition algorithms deepened, three main categories 
emerged [97]:

• Holistic matching, where the entire face region is used 
as raw input to the recognition system. Here, one of 
the most widely explored representations of the face 
region is the eigenpicture [37], usually based on prin-
cipal component analysis (PCA);

• Feature-based (structural) matching first extracts local 
features such as the eyes, nose, and mouth, including 
their locations, as well as local statistics (geometric 
and/or appearance) before feeding them into a struc-
tural classifier;

• Hybrid methods use both local features and the whole 
face region to recognize a face.

Different approaches to face recognition abound. 
Most of the current face recognition algorithms can be 
categorized into two classes, namely image template-
based and geometry feature-based methods. Develop-
ments in approaches to face recognition are presented 
in Fig. 1 [4, 7, 45].

Template-based methods compute the correlation 
between a face and one or more model templates to 
establish or estimate the face identity. Brunelli and 
Poggio [14] suggest that the optimal strategy for face 
recognition corresponds to template matching [13, 42], 
and compared a geometric feature-based technique 
with a template (matching)-based system. Their results 
showed very high accuracy, considering a database 
of 97 faces. Support vector machine (SVM), principal 
component analysis (PCA), linear discriminant analysis 
(LDA), kernel methods, and neural networks (NN) are 
statistical tools that have been developed to construct 
a suitable set of face templates [9, 26, 47, 59, 66, 78, 88]. 
Apart from statistical and neural network approaches, 
other approaches are hybrids that combine statistical 
pattern recognition techniques and neural network 
systems. Examples of hybrid approaches include the 
combination of PCA and radial basis functions (RBFs) or 
a neural network [77]. Transformation-based methods 
include the discrete cosine transform (DCT) [68], DCT 
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and hidden Markov model (HMM), DCT and neural net-
works [75], Weber local binary image cosine transform 
(WLBI-CT) [33], and Fourier transform (FT). Khan et al. 
[33] proposed the Weber local binary image cosine trans-
form (WLBI-CT) technique, to extract and integrate the 
frequency components of images obtained using the 
Weber local descriptor and local binary descriptor. The 
frequency components assist accurate classification 
of various facial expressions of the Japanese Female 
Facial Expressions (JAFFE), MMI Facial Expression, and 
Extended Cohn–Kanade (CK+) datasets. Results obtained 
demonstrate the superiority of this technique over 
contemporary techniques, as regards recognition rate 
and computation time. Among other methods, range, 
infrared-scanned, and profile images have also been 
used for face recognition. Evolutionary methods and 
their combinations have also been explored [33–35]. In 
Khan et al. [33, 34], a computationally intelligent method 
based on particle swarm optimization (PSO) utilizing fea-
tures extracted from the texture and wavelet domain 
was developed. An informative wavelet subband was 
selected using the discrete Fourier transform (DFT) to 
compensate for the translational variance problem of the 
discrete wavelet transform (DWT). The results indicated 
robustness to illumination and variation in expressions, 
as the average accuracy obtained over the CK+, MMI, and 
JAFFE datasets yielded impressive performance of 98.6%, 
95.5%, and 98.8%, respectively. Khana et al. [35] pro-
posed an approach where the features collected contain 
local and global face information. The global features 

were obtained using DCT, while the local facial features 
were obtained using the local binary pattern. The local 
and global features were then combined, resulting in 
an increase in features. PSO and genetic algorithm (GA) 
(PSO–GA) was then applied to eliminate the redundant 
features, resulting in optimized feature sets. Their sys-
tem was evaluated using the ORL and Labelled Faces in 
the Wild (LFW) face databases, and the results obtained 
revealed a promising classification accuracy rate of 98% 
with a reduced number of features, making the system 
robust to variations such as facial expression changes, 
illumination effects, and occlusions.

This paper adopts a framework that exploits the 
hybrid form of template-based statistical methods [43]. 
The framework combines a modified form of PCA (LPCA), 
to extract localized features from the global image fea-
tures, an ensemble of SOMs (E-SOMs), to cluster the local 
features, resulting in an image Euclidean distance matrix 
sufficient to establish spatial relationships between the 
pixels, and SVM, to discriminate the group of patterns 
assembled by the E-SOMs. Unlike the last three works, 
the proposed framework robustly handles variant illu-
mination by first identifying salient facial features. Then, 
through the process of image binarization, background 
effects including illumination are completely dissolved, 
leaving only the desired features. This approach improves 
the processing speed (or computational time), avoiding 
the need for a compensation technique. A succinct discus-
sion of notable template-based methods, viz. statistical 
methods, neural network-based approaches, and other 

Fig. 1  Developments in face 
recognition approaches

Face Recognition Approaches

Template Based Methods Geometry Feature Based Methods

Statistical

(i) Feature based 
back-propagation NN

(ii) Dynamic Link Architecture
(DLA)

(iii) Single layer adaptive NN
(iv) Multilayer Perceptron (MLP)
(v) Self-organizing Map (SOM)

PCA and NN (i) Range data
(ii) Infrared Scanning
(iii) Profile Images

(i) Active Shape Model
(ii) Elastic Bunch Graph

Matching (EBGM)
(iii) Local Feature Analysis (LFA)

Neural Network Hybrid Others

Linear Non linear Subspaces Transformation based Others

(i) Eigenfaces (or PCA)
(ii) Probability Eigenfaces (or PPCA)
(iii) Fisherfaces (or LDA)
(iv) Bayesain Methods
(v) Discriminate Common Vectors 

(DCV)

(i) Principal Curves and 
Nonlinear PCA

(ii) Kernel-PCA
(iii) Kernel-LDA

(i) DCT
(ii) DCT and HMM
(iii) Fourier Transform

SVM

(vi) Deep Neural Network (DNN)

PSO
GA
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methods for face recognition, is presented in the follow-
ing subsections.

2.1  Template‑based methods

2.1.1  Statistical approach

Principal component analysis (PCA) The main idea behind 
PCA is to find the best set of projection directions in the 
sample space that maximizes the total scatter across all 
images [78]. This is accomplished by computing a set of 
eigenfaces from the eigenvectors of a total scatter matrix, 
St , defined as

where N is the total number of samples, m is the mean 
face of the sample set X  , and M is the total number 
of pixels in the images. For dimensionality reduction, 
K ∶ K < M eigenvectors, U =

[
u1, u2,… , uK

]
 , correspond-

ing to the first K  largest eigenvalues of St , are selected 
as eigenfaces. The reduced-dimension training samples, 
Y =

[
y1, y2,… , yN

]
 , can be obtained by the transforma-

tion Y = UTX  . Now, when a probe image xt is presented 
for identification or verification, it is projected onto U to 
obtain a reduced vector yt = UTxt . A response vector of 
length C ∈ R

(
xt
)
= [r1, r2,… , rC] ] is then computed by 

measuring the distances from the probe to the nearest 
training samples from each class. The distance function 
between two vectors can then be expressed as

Hence, the desired class label for the probe image can 
be obtained by the minimum membership rule, thus

Linear discriminant analysis (LDA) The objective of LDA 
is to determine the subspace that best discriminates dif-
ferent face classes by maximizing between-class scatter, 
while minimizing the within-class scatter. The eigenvec-
tors chosen by LDA provide the best separation among 
the class distributions; while PCA selects the eigenvectors 
which provide the best representation of the overall sam-
ple distribution, the eigenvectors for LDA can be obtained 
by computing the eigenvectors of S−1

w
Sb . Here, Sb and Sw 

are the between-class and within-class scatter matrices of 
the training samples, defined as

(1)St =

N∑
i=1

(
xi −m

)(
xi −m

)T
,

(2)d
(
yi , yj

)
= yi − y2

j
.

(3)(xt) = argmin
c

rc .

where mi is the mean face for the i  th class and ni is the 
number of training samples in the i  th class. The LDA sub-
space is spanned by a set of vectors W  , which maximizes 
the criterion J , defined as

w can be constructed from the eigenvectors of S−1
w
Sb . In 

most image processing applications, the number of train-
ing samples is usually smaller than the dimension of the 
sample space, which leads to the so-called small-sample-
size (SSS) problem due to the singularity of the within-
class scatter matrix. To overcome the SSS problem, the 
following approaches are usually attempted: a two-stage 
PCA + LDA (PLDA) approach [72], the Fisherface method 
[9], or discriminant component analysis [95]. In all cases, 
the higher-dimension face data are projected onto a 
lower-dimension space using PCA, then LDA is applied to 
the PCA subspace.

Discriminative common vector (DCV) DCV solves the SSS 
problem of LDA by optimizing a variant of Fisher’s crite-
rion. It searches for the optimal projection vectors in the 
null space of within-class scatter Sw [see Eq. (4)] and satis-
fies the criterion

Hence, to find the optimal projection vectors in the 
null space of Sw , the face samples are projected onto the 
null space of Sw , in order to generate common vectors 
for each class, and then obtain the projection vectors by 
performing PCA on common vectors. A new set of vec-
tors, referred to as discriminative common vectors, are 
obtained by projecting face samples onto the projection 
vectors. At the end, each class is represented by a single 
discriminative common vector. Among the two algorithms 
to extract the discriminant common vectors for represent-
ing each person in the training set of the face database, 
one algorithm uses the within-class scatter matrix of the 
samples in the training set while the other uses the sub-
space methods and the Gram–Schmidt orthogonalization 
procedure to obtain the discriminative common vectors. 

(4)Sw =

C∑
i=1

∑
xk�Ci

(
xk −mi

)(
xk −mi

)T
,

(5)Sb =

C∑
i=1

ni
(
mi −m

)(
mi −m

)T
,

(6)J =
tr
(
Sb
)

tr
(
Sw

) .

(7)

J
(
Wopt

)
= arg max|WTSwW|=0

|||W
TSbW

||| = arg max|WTSwW|=0
|||W

TStW
|||.
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These discriminative common vectors are used for the 
classification of new faces.

2.1.2  Neural network approach

Artificial neural networks (ANNs) are powerful tools for pat-
tern recognition problems [25, 89]. The use of neural net-
works (NN) on faces has addressed several problems such 
as gender classification, face recognition, and classification 
of facial expressions. A few NN-based face recognition tech-
niques and their implementation are discussed as follows:

Single-layer adaptive NN (SLANN) A SLANN (one for each 
person) for face recognition, expression analysis, and face 
verification was reported by Stonham [71]. The devel-
oped system was called a Wilke–Aleksander–Stonham 
recognition device (WISARD) and required, typically, 
200–400 presentations to train each classifier—where 
the training patterns include translation and variation 
in facial expressions. A classifier was constructed corre-
sponding to one subject in the database, and classifica-
tion was achieved by determining the classifier with the 
highest response for a given input image. Much of the 
present literature on face recognition using neural net-
works presents results for only a small number of classes.
Multilayer perceptron (MLP) In Demers and Cottrell 
[21], for instance, the first 50 principal components of 
images were extracted and reduced to 5 dimensions 
using an auto associative neural network. The resulting 
representation was classified using a standard multi-
layer perceptron (MLP).
Self-organizing map (SOM) An SOM represents a set 
of high-dimensional data items as an ordered quan-
tized two-dimensional image, where each data item is 
mapped to a unit node on the map, and the distances 
between the items in the map reflect the similarities 
between them [40]. In Lawrence et al. [47], a hybrid 
neural network solution which combines local image 
sampling using a self-organizing map (SOM) and a 
convolutional neural network was presented. The 
SOM provided a quantization of the image samples 
into a topological space (also nearby in the output 
space), thereby providing dimensionality reduc-
tion and invariance to minor changes in the image 
sample. The convolutional neural network provided 
partial invariance to translation, rotation, scaling, 
and deformation. Their recognizer provided a meas-
ure of confidence in its output, as the classification 
error approached zero when rejecting as few as 10% 
of the examples on a database of 400 images which 
contained a high degree of variability in expression, 
pose, and facial details. In Lefebvre and Garcia [49], a 
method that quantifies the visual similarity between 

an image and a class model is presented. They pro-
posed the labeling of a self-organizing map (SOM) to 
measure image similarity, by feeding local signatures 
associated with the regions of interest into the neural 
network. After learning, each neural unit is tuned to a 
specific local signature prototype, and facial recogni-
tion is performed using a probabilistic decision rule. 
The scheme produced very promising results for iden-
tification of faces when dealing with variation in illu-
mination, facial pose, and expression. An evaluation 
of the automatic training samples selection method 
based on a self-organizing map (SOM) in face recogni-
tion systems is presented in [30]. They used PCA and 
SVM, compared the results with random (uncontrolled 
and controlled) training samples selection, and evalu-
ated the recognition accuracy of each method.
Deep neural network DNNs are fast becoming the domi-
nant technique in machine learning [6]. Their perfor-
mance has been most successful for a wide variety of 
tasks, including image classification, speech synthesis, 
speech recognition, and face recognition. For a review 
and application of state-of-the-art deep learning 
approaches to face recognition, see [6, 60, 93]. Recently, 
Facebook employed DeepFace—a deep learning facial 
recognition system created by a research group at 
Facebook. DeepFace identifies human faces in digital 
images by employing a nine-layer neural net with over 
120 million connection weights, trained on four million 
images uploaded by Facebook users [73]. The system 
is said to be 97% accurate, compared with 85% for the 
FBI’s Next Generation Identification system. Such data-
bases have raised serious ethical concerns, and could 
potentially be used (or abused) by governments for 
facial recognition purposes. The largest face recognition 
systems in the world with over 75 million photographs 
are actively used for visa processing and operate in the 
US Department of State. Recently, tools for collaborative 
software development have remarkably improved, with 
the biometrics community enjoying an active field of 
research that has generated algorithms and modalities 
suitable for real-world applications. Klontz et al. [39], 
for instance, motivate the need for more community-
driven software in the field of biometrics, and have 
proposed OpenBR—an open-source face recognition 
software whose architecture considers front-view still 
images, to support open-source software development. 
More details of their research work can be found at: 
http://www.openb iomet rics.org.

2.1.3  Hybrid approaches

Hybrid approaches use both statistical pattern recog-
nition techniques and neural networks. An example is 

http://www.openbiometrics.org
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the use of PCA and RBF [22]. They suggest the use of 
RBF on data extracted by discriminant eigenfeatures—
where a hybrid learning algorithm was used to decrease 
the search space dimension in the gradient method, 
which is crucial for optimization of high-dimensional 
problems. First, they attempted to extract face features 
using PCA and LDA methods, and presented a hybrid 
learning algorithm to train RBF neural networks, such 
that the dimension of the search space was significantly 
decreased in the gradient method. In Thomaz et al. [76], 
PCA and RBF neural network were combined for face 
recognition, with PCA projecting the inputs of a face 
image over the principal components into a RBF net-
work acting as a classifier. More hybrid approaches have 
emerged recently [4].

2.1.4  Other approaches

Other well-known template-based approaches include the 
use of range data, infrared scanning, and profile images. 
When using the range data method in the task of face 
recognition, image data are obtained by scanning the 
individual using a laser scanner. This system also provides 
depth information. Hence, the system processes three-
dimensional data to classify the face images.

In the infrared scanning method, the face image is 
scanned using an infrared light source. Yoshitomi et al. 
[90] employed thermal sensors to detect the temperature 
distribution of a face, where the front-view face in the 
input image is normalized in terms of location and size, 
followed by measurement of the temperature distribution 
to obtain the locally averaged temperature and the shape 
factors of the face. The measured temperature distribution 
and locally averaged temperature were used separately 
as input data to feed a neural network, and supervised 
classification was used to identify the face. The disadvan-
tage of visible-ray image analysis is that its performance is 
strongly influenced by lighting conditions, including vari-
ation of shadow, reflection, and darkness, which can be 
overcome by using the infrared method.

The profile images method was adopted by Lipocak and 
Loncaric [53] instead of frontal images. This method was 
used to represent the original and morphological proper-
ties (the outline that bounds the face and hair) derived 
from profile images. They took a graylevel profile image 
and thresholded it to produce a binary image represent-
ing the face region. Furthermore, they normalized the area 
and orientation of this shape using dilation and erosion, 
and simulated hair growth and haircut to produce two 
new profile silhouettes. From these three profile shapes, 
they obtained the feature vectors, and used the Euclidean 
distance measure to measure the similarity of the feature 
vectors derived from different profiles.

2.2  Geometry feature‑based methods

Geometry feature-based methods exploit facial fea-
ture measures such as the distance between the eyes, 
or the ratio of the distance between the eyes and nose, 
but are significantly different from feature-based tech-
niques in that they construct a topological graph using 
the facial features of each subject. Some such methods 
include the elastic bunch graph matching method, active 
shape model, and local feature analysis. Examples of this 
approach include the graph matching-based method 
(GMM) and feature-based PCA (F-PCA). A typical case of 
GMM is found in Lades et al. [44], where a dynamic link 
architecture for distortion-invariant object recognition 
which employs elastic graph matching to find the closed 
stored graph was presented. The objects are represented 
as sparse graphs with vertices labeled by geometrical 
distances. Individual faces are then represented by a 
rectangular graph, with each node labeled with a set of 
complex Gabor wavelet coefficients, called a jet. Only the 
magnitudes of the coefficients are used for matching and 
recognition. When recognizing a face in a new image, each 
graph in the model gallery is matched to the image sepa-
rately, and the best match indicates the recognized per-
son. With a database of 87 subjects and test images com-
posed of different expressions and faces turned by 15°, the 
matching process was computationally expensive, taking 
roughly 25 s to compare an image with 87 stored objects 
when using a parallel machine with 23 transputers. A case 
of F-PCA is found in Cagnoni and Poggio [15]. They suggest 
a feature-based approach instead of a holistic approach to 
face recognition, and apply the eigenface method to sub-
images (eye, nose, and mouth). Then, a rotation correction 
is applied to the faces to improve the results.

3  Proposed system framework

The proposed system framework as shown in Fig. 2 con-
sists of four phases, namely face image acquisition, pre-pro-
cessing and representation, feature clustering/visualization, 
and feature classification. These phases are discussed in the 
following subsections.

3.1  Face image acquisition

Before any image is processed, it must be captured by a 
camera and then converted into a form that is conveni-
ent for processing. This process is called image acquisi-
tion, and comprises [56]: (1) the energy reflected from the 
object of interest, (2) focusing of the energy by an optical 
system, and (3) measurement of the amount of energy 
by the sensor of the capturing device. On acquisition of 
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the facial images, a database of raw faces is formed. These 
faces must undergo preprocessing and representation to 
enable efficient modeling and classification of facial fea-
tures. During the preprocessing stage, the image is first 
converted into its numerical equivalent to enable easy 
manipulation of the facial features. In our framework, the 
steps to accomplish this process include: (1) image trans-
formation, (2) face detection, (3) feature extraction, and (4) 
dimension reduction and similarity check.

3.1.1  Image transformation

Transforming color images to grayscale is one of the image 
preprocessing steps, and requires extensive knowledge 
about the color image. A pixel color in an image is a com-
bination of three colors: red, green, and blue (RGB). The 
RGB color values are represented in three dimensions: 
XYZ, illustrated by the attributes of lightness, chroma, and 
hue. The quality of a color image depends on the color, 
represented by the number of bits that the digital device 
can support. A basic color image is represented as 8 bits, 
whereas a high-color image is represented as 16 bits, a 
true-color image as 24 bits, and a deep-color image as 
32 bits. Hence, the number of bits determines the maxi-
mum number of colors supported by the digital device, 
and represents the pixel value in the color or grayscale 
image. A grayscale image is represented by luminance 
using 8-bit values, and the luminance of a pixel value of a 

grayscale image ranges from 0 to 255. Consequently, con-
verting a color image into a grayscale image implies con-
verting the RGB values (24 bit) into grayscale values (8 bit). 
Most image processing techniques and software applica-
tions can convert color to grayscale images. However, 
image processing techniques or applications cannot han-
dle the disparity in chromaticity and luminance. Although 
several linear and nonlinear techniques for transforming 
images have been discussed in literature, our goal is to 
eliminate color information that is unlikely to aid in the 
recognition process, as our attention is on specific facial 
features. Figure 3 shows a typical image conversion from 
RGB to grayscale.

On transforming the image from color to grayscale, 
cropping of the image in grayscale is necessary to exclude 
unnecessary background information that would affect 
the recognition process. This step is handled by a face 
detection algorithm [77, 84].

3.1.2  Face detection and feature extraction

Face detection is used to determine the presence and loca-
tion of a face in an image. It requires the absolute distinction 
of a face from other patterns present in a scene, and involves 
the use of appropriate face modeling and segmentation 
techniques. The goal of facial feature detection is to locate 
the presence of facial features such as the eyes, eyebrows, 
nose, nostrils, mouth, lips, and ears, with the assumption that 

Fig. 2  Proposed face recogni-
tion system framework
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only one face exists in the image. The intended approach 
should therefore consider sources of variation of the facial 
appearance, such as the view geometry (pose), illumination 
(color and shadowing), imaging process (focus, effect, and 
resolution), and other factors such as occlusion [80]. Numer-
ous methods have been proposed to resolve the variations 
that exist when detecting faces, and the prominent ones 
include (1) template-matching methods [19, 46]—used 
for locating and detecting a face—by computing the cor-
relation between the input image and the face pattern; (2) 
feature-invariant approaches [50, 57]—used for detecting 
feature such as the eyes, mouth, ears, and nose; (3) appear-
ance-based methods [37, 78]—used for face detection with 
eigenfaces; (4) neural network approaches [32]—used for 
robust modeling of facial features; and (4) information the-
ory approaches [17, 51]. Despite the advancements in face 
detection, implementing these methods still presents great 
challenges due to the variations that exist in face images. 
Using the Viola–Jones algorithm, desired and prominent 
features of the face, such as the eyes, nose, and mouth, can 
be detected and extracted. Facial (feature) extraction is an 
important step in face recognition, but before this process, a 
face image must be registered or enrolled in a standard-size 
frame. To ensure that these features are localized within the 
face boundary, we also extracted the global facial feature 
(a superset of all the salient features in the face). Feature 
selection that aims to identify a subset of features among a 
possible target set of features that are relevant for predict-
ing a response is an important precursor step to machine 
learning (ML). Feature selection (FS) is a process of choosing 
a subset of features that improves the performance of the 
ML method. Formally, for N data samples with M features 
in each, the FS problem is to find from the M-dimensional 
observation space ℝM , a subspace of m features ℝm that 
best predict the target. This is achieved by scaling down the 
number of features, to eliminate irrelevant, redundant, or 
noisy information from the feature set. FS primarily assists in 
alleviating the curse of dimensionality, and this in turn speeds 
up the learning task. In practice, it helps to optimize the data 
collection methodologies by identifying or sieving relevant 

data, and serves as a key preprocessing step to improve 
predictions. The facial features selected for this experiment 
consist of four sets {F: face, E: eyes, N: nose, M: mouth}, where 
F is global (or redundant dataset) or a superset of all other 
facial features, and E, N, and M are subsets of F.

Feature redundancy involves a duplication of features or 
information that contributes to avoiding failure or errors. 
Applying this principle to our problem, we use the (global) 
face feature to optimize the search space of other (local-
ized) facial features. Consequently, we hypothesize that: 
feature redundancy is necessary and sufficient for efficient 
face recognition. The feature redundancy problem can be 
formulated as follows [91, 92]: Given a dataset S including a 
set of relevant features S′ and the set of relevant features Fi , 
S+
i
=
{
Fj|Fj ∈ S�, SUj,c > SUi,c

}
, S−

i
=
{
Fj|Fj ∈ S�, j ≠ i, SUj,c≤ SUi,c , Fj ∈ S+

i

}
, and S(RO)

i
= {Fj|SUi,j ≥ SUj,c , Fj ∈ S−

i
} . To 

achieve minimum redundancy and maximum relevance [5, 
62], the facial features are ranked according to their correla-
tions to the output target vector.

Definition 3.1 (Predominant correlation) The correlation 
between a relevant feature Fi and the class C is predomi-
nantly S(RS)

i
= �.

Definition 3.2 (Redundancy) A relevant feature Fi is 
redundant with respect to the existence of any feature 
Fj (also called the redundant subject) if Fj ∈ S

(RO)

i
 . Con-

sequently, feature Fk (also called the redundant object) 
∈ S

(RO)

i
 is redundant with respect to the existence of Fi .

The Viola–Jones algorithm is considered as one of the 
first robust real-time face detectors being actively used in 
practice. Figure 4 presents images showing the detection 
of features considered in the experiment.

Table 1 presents the average three-dimensional (3D) 
datasets obtained from the various features after applying 
the Viola–Jones algorithm.

The Viola–Jones algorithm employed in this paper inte-
grates three major algorithms: the integral image, Adaboost, 
and cascading. The integral image algorithm is used to effi-
ciently compute the sum of intensity values in a simple rec-
tangular subset of an image, and is defined as

where i
(
x′, y′

)
 represents the intensity of a grayscale image 

at pixel (x, y) . The Viola–Jones algorithm exploits Haar-like 
features [87], and is defined as the difference between the 
sum of the intensities in the dark- and light-shaded regions 
of simple rectangular patterns. Now, let I and P denote an 
image and its corresponding pattern, both of the same 

(8)
ii(x, y) =

∑
x�≤x
y�≤y

i
(
x�, y�

)
,

(a) image in RGB (b) image in grayscale

Fig. 3  Image conversion from RGB to grayscale



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:543 | https://doi.org/10.1007/s42452-019-0525-1

size, say (N × N) . The features associated with pattern P 
are defined by

Hence, consider a rectangle with sides A, B, C, and D; 
then the sum of the intensity of the pixels is calculated as

The computational advantage of the Viola–Jones algo-
rithm is that it enables multifeature scale detection at no 
extra cost, as the same number of operations is required 
regardless of the size. Adaboost [83] is then used to select 
the features and train the classifier. The weak learner is 
designed to select the feature which best separates the 
weighted positive and negative training exemplars. A 
weak classifier wcl(x, f , p, �) is defined as

where f is a feature from a set that spans various sizes of 
the Haar-like features, p is a polarity indicating the direc-
tion of the inequality, � is the threshold, and x is a training 
subwindow of size 24 × 24 pixels. Figure 5 describes the 
Adaboost algorithm used in Viola–Jones.

The process of normalization is achieved by the Ada-
boost algorithm (Fig. 5). Here, there are two intensity fea-
tures associated with the image, viz. a white background 
and a black foreground. The coloration intensity now falls 
between 0 and 255. A binarization of the normalized data 
(transforming the detected face features into numbers 
that fall between 0 and 1) is then performed before dimen-
sion reduction. Table 2 presents 15 binarized sample data 
for the first four (enrolled) faces.

(9)

∑
1≤i≤N

∑
1≤j≤N

I(i, j)1p(i,j) is white −
∑
1≤i≤N

∑
1≤j≤N

I(i, j)1p(i,j) is black.

(10)
∑

(x,y)∈ABCD

i(x, y) = ii(D) + ii(A) − ii(B) − ii(C).

(11)wcl(x, f , p, 𝜃) =

{
1, pf (x) < p𝜃

0, otherwise

3.1.3  PCA dimension reduction and similarity check

Principal component analysis (PCA)—a simple, unsuper-
vised, nonparametric method—has been used success-
fully to extract relevant information from face datasets. 
PCA is advantageous for finding the maximum variance 
in the original space. The linear transformation maps the 
original d-dimensional space onto an s-dimensional fea-
ture subspace. Most discriminating features are then iden-
tified as feature vectors. Another advantage of using PCA 
is its ability to compress data patterns through dimension 
reduction, without loss of information, and it may also 
be exploited in image compression. PCA was employed 
in this paper for the purpose of dimension reduction. 
Assuming that there are some observations on p variables, 
X1, X2,… , Xp , the main goal of PCA is to find a subspace 
with dimension q < p onto which the original data can 
be projected with minimal error. This process is known as 
dimension reduction. Mathematically, we can formulate 
the PCA problem thus: Given a p-dimensional random vari-
able, X = X1, X2,… , Xp , and considering the transformation

(12)Y = m + P(X −m)

Fig. 4  Detection of facial 
features

(a) Face detection (b) Eyes detection (c) Nose detection (d) Mouth detection

Table 1  Average datasets 
obtained from facial features

Face Eye Nose Mouth

Average 3D dataset 448 × 542 × 3 259 × 285 × 3 259 × 285 × 3 259 × 285 × 3

h

h

h h

h

Fig. 5  Adaboost algorithm used in Viola–Jones algorithm. (Source: 
[84])
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where m ∈ ℝ
p and P is an orthogonal projection onto a 

subspace of dimension q < p, we seek m and P such that 
�
(||X − Y||2) is minimal. If p = 2 and q is unity, then the 

problem becomes a search of the line r such that the 
square distance (measured as the orthogonal distance) 
between the distribution of X and the line is minimal. 
Let �(X ) = � , and the covariance matrix, Cov(X ) = S . To 
obtain m and P, we recall some basic properties with trivial 
solutions:

1. If x is a p-dimensional random variable with �(X ) = � , 
then 𝔼

(||X − �||2) ≤ 𝔼
(||X −m||2)∀m ∈ ℝ

p.

2. If X is a p-dimensional random variable with �(X ) = � , 
and Cov(X ) = S , and given A is a matrix k × p , then 
�(AX ) = A� , and Cov(AX ) = ASAT.

3. A projection is an operator such that p2 = P , and the 
projected subspace is V = Im(P) . If P is a projection, 
I − P is thus also a projection. P represents an orthogo-
nal projection if PT = P . As such, the orthogonal pro-
jection onto the subspace V  can be formulated thus: 
Suppose that A is a (p × q) matrix with orthogonal 
columns of base V (i.e., ATA = Iq , the q-dimensional 
identity matrix); then P = AAT.

Manipulating Y in Eq. (12), we obtain

(13)

�
(||X − Y||2) = �

(||X −m − P(X −m)||2)

= �
(||(I − P)X − (I − P)m||2)

≥ �
(||(I − P)X − (1 − P)�||2).

Considering the first property, for any projection P, the 
optimal choice that minimizes �

(||X − Y||2) is m = � . Now, 
consider that

Based on the property that, for all A and B, AB and BA are 
well defined, and tr(AB) = tr(BA) , and that P is an orthogo-
nal projection, then Eq. (14) becomes

Since tr(S) is a known number, minimizing �
(||X − Y||2) 

is the same as maximizing tr(PS) . For simplicity, we restrict 
to a case where q = 1. Hence, P = vvT is a vector of norm 
1 (vTv = 1) , and S is symmetric and positive semidefinite, 
such that S = CT

⋀
C , where C is orthogonal ( CTC = I ) and ⋀

 is a diagonal matrix with elements �1, �2,… , �p , ordered 
as �1 ≥ �2 ≥,… ,≥ �p ≥ 0 . Then,

(14)

�
(||(I − P)X − (1 − P)�||2) =

P∑
i=1

�
(
((I − P)(X − �))2

i

)

=

P∑
i=1

(Cov((I − P)X )ii = tr(Cov((I − P)X))

= tr
(
(I − P)S(I − P)T

)
.

(15)

�
(||(I − P)X − (1 − P)�||2) = tr

(
(I − P)S(I − P)T

)

= tr
(
(I − P)2S

)
= tr((I − P)S)

= tr(s) − tr(PS).

(16)tr(PS) = tr
(
vvTCT

⋀
C
)
=

P∑
i=1

�i
(
Cv
)2
i
.

Table 2  Sample binarized feature data

S. no. Face 1 Face 2 Face 3 Face 4

Face Eyes Nose Mouth Face Eyes Nose Mouth Face Eyes Nose Mouth Face Eyes Nose Mouth

1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2 0.99 0.97 1.00 0.99 0.96 0.98 0.99 1.00 1.00 0.99 0.42 0.99 1.00 1.00 0.49 0.64
3 0.98 0.79 1.00 0.96 1.00 1.00 0.99 0.98 1.00 0.99 0.44 0.97 1.00 1.00 0.48 0.62
4 0.97 0.85 1.00 0.95 1.00 0.99 0.99 0.98 0.99 1.00 0.45 0.48 1.00 1.00 0.48 0.60
5 0.96 0.96 0.99 1.00 1.00 1.00 0.99 0.95 1.00 1.00 0.42 0.49 0.99 1.00 0.48 0.60
6 0.95 0.97 0.99 1.00 1.00 1.00 0.99 0.97 1.00 0.99 0.44 0.50 0.97 0.99 0.48 0.60
7 0.95 0.98 0.98 0.96 1.00 1.00 1.00 1.00 0.99 0.97 0.46 0.50 0.44 0.97 0.48 0.59
8 0.93 0.98 1.00 1.00 1.00 0.99 1.00 0.97 0.97 0.44 0.47 0.50 0.44 0.47 0.48 0.58
9 0.89 0.98 1.00 0.97 1.00 0.98 1.00 0.97 0.47 0.44 0.47 0.51 0.45 0.46 0.48 0.58
10 0.86 0.98 1.00 0.78 1.00 0.98 1.00 1.00 0.49 0.44 0.46 0.50 0.45 0.46 0.48 0.58
11 0.83 0.98 1.00 0.35 1.00 1.00 1.00 0.28 0.49 0.44 0.46 0.49 0.46 0.46 0.48 0.58
12 0.82 0.98 0.98 0.26 1.00 0.98 1.00 0.06 0.49 0.45 0.46 0.48 0.47 0.46 0.48 0.58
13 0.81 0.97 0.97 0.31 1.00 0.84 0.97 0.72 0.50 0.46 0.46 0.48 0.48 0.47 0.48 0.60
14 0.81 0.98 1.00 0.43 1.00 0.11 1.00 0.34 0.51 0.48 0.44 0.48 0.49 0.48 0.48 0.59
15 0.81 0.98 0.98 0.44 0.98 0.11 0.85 0.00 0.51 0.48 0.42 0.48 0.48 0.49 0.47 0.58
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Since v has norm 1, and C is orthogonal, then Cv has 
norm 1, i.e., 

∑P

i=1

�
Cv
�2
i
= 1. It then becomes clear that, if 

�1 ≥ �2 , the choice of Cv that maximizes Eq. (16) is

Besides the maximum value of tr(PS) = �1, we observe 
that v is the eigenvector of S relative to �i , and indeed

It has been proved that:

Theorem  1  Suppose Y is given by Eq.   (1) with 
dim(Im(P)) = 1. Then, 

 where v is a normalized eigenvector relative to �1. Through 
this proof, it has also been proved that, if Z = vTX  (a one-
dimensional random variable), the vector v with ||v|| = 1, 
such that V (Z) is maximal, is the eigenvector of S relative to 
�1. More generally:

Theorem 2 Let Y be given by Eq. (1) with dim (Im(P)) = q. 
Then the projection P̄ that minimizes �

(||X − Y||2) under rule 
(1) is the orthogonal projection with Im

(
P̄
)
, the subspace gen-

erated by the eigenvalues of S relative to �1,… , �q . Then, 

We can then consider projections onto subspaces of 
increasing dimension each time a new eigenvector is 
added and is orthogonal to the previous one. In this paper, 
a localized PCA (LPCA) learning approach is adopted. The 
algorithm concentrates on the salient details extracted by 
the Viola–Jones algorithm (focusing more on specific fea-
ture points and their neighboring region). Precisely, the 
LPCA replaces the binarized features with eigenfeatures 
for enhanced detail. LPCA learning is similar to guided 
training, and assumes a priori knowledge of the facial sali-
ent points {f}, which only feeds the network with the sur-
rounding image patch for learning. In reality, the learning 
represents a specific feature in the localized subset of the 

Cv =

⎛⎜⎜⎜⎝

1

0

…

0

⎞⎟⎟⎟⎠
, such that,CT =

⎛⎜⎜⎜⎝

1

0

…

0

⎞⎟⎟⎟⎠
.

Sv = CT
�

CCT

⎛⎜⎜⎜⎝

1

0

…

0

⎞⎟⎟⎟⎠
= CT

�⎛⎜⎜⎜⎝

1

0

…

0

⎞⎟⎟⎟⎠
= �1C

T
�⎛⎜⎜⎜⎝

1

0

…

0

⎞⎟⎟⎟⎠
= �1v.

(17)
�
(||X − Y||2) ≥ �

(||||X − Ȳ||||2
)
= tr(S) − 𝜆1 with

Ȳ = 𝜇 + vvT(X − 𝜇),

(18)�
(||X − Y||2) = tr(S) −

(
�1,… , �q

)
= �q+1,… , �p.

input facial distribution. So, if we are interested in facial 
features such as the eyes, nose, and mouth, then the learn-
ing statistics is constrained by the statistical distribution in 
these areas—to yield principal components for the feature 
points of interest. Furthermore, the localized approach 
converges more rapidly than the global approach [36], 
because the learning is a one-pass process and the num-
ber of trials is the same as the training set.

3.1.3.1 Localized PCA learning algorithm The procedure 
for implementing the LPCA learning is as follows:

Input  Given {xi}
N
i=1

 of  N  t ra ining faces  and {
f �
}
= {f

�

ij
= (x

�

ij
, y

�

ij
)}N,Q

i=1,j=1
 of feature points, there 

exist a total of N × Q feature points. If there are k 
PCA masks, then the face dataset has N × Q × k 
values.

Step 1  Obtain the average matrix by:

• Selecting the patch x
′

i
 from xi and from 

{
f
′

ij

}
 , where x

′

i
 

is a p × p array, p < n

• Find x̄ �

=
1

N

∑N

i=1
x

�

i
 , across all N image samples

Step 2  Compute the covariance matrix C using the N local 
image patches, thus 

Step 3  Compute the eigenvectors and the associated 
eigenvalues from the covariance matrix C to 
obtain p2 eigencomponents thus C e⃗i = 𝜆i e⃗i , 
where �i represents the eigenvalues and e⃗i the 
associated eigenvector

The LPCA results in a 4 × 4 feature matrix, with each 
column representing a feature dataset for (face, eyes, 
nose, mouth). The feature dataset was then transformed 
into a unit vector, and compiled for all the faces used in 
the experiment. A scatter plot showing the distribution 
of the eigenfeatures for the enrolled faces is given in 
Fig. 6.

A total of 108 faces were used in the experiment. Par-
ticipants willingly accepted to be captured for the experi-
ment and gave their consent. Out of these faces, 100 were 
captured using a Nikon D40 6.1 MP Digital SLR camera, 
while the remaining 8 images (excluded for verification 
purposes) were captured using an Infinix Hot 4 8.0 MP. Fig-
ure 7 presents the enrolled or registered faces with their 
respective face numbers, as well as faces excluded for veri-
fication purposes.

C =
1

N

N∑
i=1

(x
�

i
− x̄

�

)T
(
x

�

i
− x̄

�)
.
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3.2  SOM clustering

Clustering has been widely used in digital image pro-
cessing and face recognition [20, 28], with appreciable 
face recognition accuracies recorded. SOM provides a 
topology-preserving mapping from a high-dimensional 
space to map units. The property of topology-preserv-
ing means that the mapping preserves the relative dis-
tances between nodes. SOM is a neural network model 
and algorithm that implements a nonlinear projection 
from a high-dimensional space of input vectors to a low-
dimensional array of neurons. The experiment is carried 
out on a high-dimensional and sparse space using a 
frontal (still) image database of faces. Each neuron has 
the same dimensionality as the input samples. Suppose 
that the dimensionality of the neurons is d , then each 

neuron can be explained as a combination of linear LPCA 
eigenfeatures. A visualization of each neuron exploits 
the inner product of its weights vector with the sum of 
the eigenfeatures and mean face x̄, thus [38]

where n is the dimension of all faces. SOM is applied to 
cluster and visualize the face data. It is a set of nodes, con-
nected to one another via a rectangular or hexagonal 
topology. The rectangular SOM topology is adopted in this 
paper and is presented in Fig. 8. Here, a circle represents a 
node, and the connections between the inputs and nodes 
have weights, so a set of weights corresponds to each 

(19)x̃ = x̄ +

d∑
j=1

xi,jpj ; i = 1, 2,… ,N,

Fig. 6  Distribution of eigenfea-
tures across faces
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Fig. 7  Facial images used in the experiment
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node. The set of weights forms a vector Mij∶i=1,…,kn ;j=1,…,km
 , 

usually called a neuron or codebook vector. In a rectangu-
lar SOM, the dimension of the codebook vector is equiva-
lent to the number of the inputs Mij = {m1

ij
,m2

ij
,… ,mn

ij
} 

[41]. During training, the input vectors are passed to the 
network, and a set of winning neurons computed. Each 
winning neuron corresponds to one or more input vector 
(i.e., the inputs are distributed among the map elements). 
After training the SOM network, its quality must be evalu-
ated. Two errors (quantization and topographic) are usu-
ally calculated. The quantization error EQE shows how well 
neurons of the trained network adapt to the input vectors. 
The quantization error, as shown in Eq. (20), represents the 
average distance between the data vectors Xp and the win-
ning neurons Mc(p) [41],

The topographic error ETE shows how well the trained 
network preserves the topology of the data, calculated as 
[41]

If the winning neuron vector xp is closer to the neuron, 
the distance from xp to it is smallest, regardless of the win-
ning neuron, then u

(
xp
)
= 0 ; otherwise, u

(
xp
)
= 1.

3.3  Image Euclidean distance

A central problem in image recognition and computer 
vision is the determination of the distance between 

(20)EQE =
1

m

m∑
p=1

|||
|||xp −Mc(p)

|||
|||.

(21)ETE =
1

m

m∑
p=1

u
(
xp
)
.

images [86]. Considerable efforts have been made to 
define image distances that are intuitively reasonable. 
Notable metrics include: (1) tangent distance [69]—
developed specifically for handwritten digit recognition, 
a metric that is locally invariant to seven transformations: 
line thickening, line thinning, X translation, Y translation, 
rotation scaling, and two hyperbolic transforms; (2) gen-
eralized Hausdorff distance [27]—useful for comparing 
shapes (binary images in particular); (3) fuzzy image 
metric [52]—primarily useful for image quality assess-
ment, and specifically useful for compressed images. 
Among these metrics, the Euclidean distance has been 
the most commonly used, because of its simplicity 
[86]. The Euclidean distance of images is the distance 
between their corresponding points in the image space.

L e t  x, y  b e  t w o  i m a g e s  M  a n d  N, 
x =

(
x1, x2,… , xMN

)
, y =

(
y1, y2,… , yMN

)
,  w h e r e 

xkN+1, ykN+1 are the graylevels at location (k, l). The Euclid-
ean distance d2

E
(x, y) is given by

The distance measure is known to suffer from 
high sensitivity, even to slight perturbation or defor-
mation, as a reasonable image metric should pre-
sent smaller distances. Given the metric coefficients 
gij ∶ i, j = 1, 2,… ,MN, defined by

where <·> represents the scalar product and �ij is the angle 
between ei and ej , the Euclidean distance between two 
images x, y becomes

where the symmetric matrix G =
(
gij
)
MN×MN

 is the metric 
matrix. For images with fixed size M × N , every MNth-order 
symmetric and positive-definite matrix G induces a Euclid-
ean distance.

The image Euclidean distance should however satisfy 
the following conditions:

1. The metric coefficient gij depends on the distance 
between pixels Pi and Pj . Let f  represent the depend-
ency, then gij = f

(|||Pi − Pj
|||
)
;i, j = 1, 2,… ,MN.

2. f  is continuous, and gij decreases monotonically as 
|Pi − Pj| increases.

3. f  is universal.

(22)d2
E
(x, y) =

IJ∑
k=1

(
xk − yk

)2
.

(23)gij =
�
ei , ej

� ≥ √⟨ei , ei⟩
��

ej , ej
�
∗ cos �ij .

(24)

d2
E
(x, y) =

MN∑
i,j=1

gij
(
xi − yi

)(
xj − yj

)
= (x − y)TG(x − y),

Fig. 8  A typical SOM topology
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The above conditions imply that the image Euclidean 
distance is characterized by the following properties:

1. Slight perturbation yields small image distance. Hence, 
the stronger the deformation, the larger the distance.

2. The distance between two images remains invariant 
if the same translation, rotation, and reflection are 
applied to the images.

3. The metric (Euclidean distance) applies to images of 
diverse size and resolution.

After regrouping the parallel clusters obtained from the 
ensemble SOMs (E-SOMs), an image Euclidean distance 
matrix is formed. The Euclidean distance metric is chosen 
because it accounts for the spatial relationship between 
pixels and, hence, is robust against perturbation or defor-
mation, and can easily be embedded into most image 
classifiers such as SVM, LDA, and PCA. The embedding 
proposed in this paper is rather efficient, as a standard 
transform of the Euclidean distances is required to obtain 
a domain-smoothing transform. Hence, this study demon-
strates a consistent performance improvement over previ-
ous methods which hitherto ignored domain smoothing.

4  Results and discussion

The face recognition experiment was performed using an 
HP  Intel® Core™ i5-9250, CPU 1.60 GHz laptop. To prove the 
feasibility of the proposed framework, it was tested across 
different face recognition databases. The first database is 
the experiment database of (nonexpressive) still faces col-
lected for the purpose of this study. This database contains 
consented exposures of still faces with several duplicates of 
same faces (Fig. 7). The second database is the CK+ data-
base [54]—a public benchmark dataset for action unit and 

emotion recognition. The CK+ database comprises a total 
of 593 sequences across 123 subjects. Sequences range 
from neutral to peak expression. The third database is also 
a benchmark database known as the JAFFE database [55]. 
This database contains 213 images of 7 facial expressions (6 
basic facial expressions + 1 neutral) posed by 10 Japanese 
female models. The fourth database is another benchmark 
database called the MMI Facial Expression database [79]—an 
ongoing project that aims to deliver large volumes of visual 
data of facial expressions to the facial expression analysis 
community. The MMI Facial Expression database consists of 
over 2900 videos and high-resolution still images of 75 sub-
jects, and is freely available to the scientific community. To 
maintain a test balance, 100 still faces were selected from the 
benchmark databases for comparison. Figures 9, 10, and 11 
show sample faces from the benchmark databases.

4.1  Face similarity measure

A similarity check was performed to discover similar faces 
within the experiment and benchmark databases. We 
achieved this using the Pearson product-moment correla-
tion coefficient ( r ∶ −1 ≤ r ≤ 1)—a measure of the linear 
association between two variables. The Pearson correla-
tion coefficient of two (facial) eigenfeatures i and j can be 
obtained using Eq. (25).

We found that similar face features are contained in

(25)
�ij =

N
∑

fi fj −
�∑

fi
�
(
∑

fj)��
N
∑

f 2
i
− (

∑
f 2
i
)
��
N
∑

f 2
j
− (

∑
f 2
j
)
� .

(26)�ij =

{
1; �i = �j
[0, 1); �i ≠ �j

Fig. 9  Sample faces from the CK+ Facial Expression benchmark database

Fig. 10  Sample faces from the JAFFE benchmark database



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:543 | https://doi.org/10.1007/s42452-019-0525-1

A comparison across all the image data points resulted 
in a 100 × 100 (correlation) matrix. Correlation matrices 
showing similarity matches of facial pairs for the experi-
ment and the CK+, JAFFE, and MMI benchmark databases 
are presented in Figs. 12, 13, 14, and 15, respectively.

A collection of similar face pairs is documented in 
Table 3. Table 3 confirms that, even though the bench-
mark databases (CK+, JAFFE, and MMI) contained 

evidence from same subjects, few cases of similar pairs 
were observed (mainly neutral or with not too severe 
facial distortions) when compared with the experiment 
database. This proves the efficiency of our framework to 
identify similar facial expressions, as severe changes in 
facial features such as the eyes and mouth may contrib-
ute to image dissimilarities.

Fig. 11  Sample faces from the MMI Facial Expression benchmark database
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face1 1
face2 0.0122 1
face3 0.31458 0.36331 1
face4 0.46397 0.36036 0.04124 1
face5 0.00943 0.09923 -0.0339 -0.1707 1
face6 0.05831 0.21585 -0.0612 0.07987 0.4661 1
face7 -0.0474 0.35824 -0.0992 0.46284 -0.0505 0.45198 1
face8 -0.065 0.07 0.45646 -0.004 -0.0447 -0.1411 -0.0464 1
face9 -0.0564 0.04292 0.46519 -0.005 -0.0484 -0.2255 -0.0656 0.98507 1
face10 0.21913 -0.0475 -0.1744 -0.1649 0.64945 0.17497 0.03471 0.24694 0.23423 1
face11 -0.044 0.41726 0.04526 -0.0493 0.46545 0.28209 -0.2009 0.46298 0.4343 0.45068 1
face12 0.17539 0.26162 0.07199 0.44165 -0.0105 0.064 0.37532 0.40686 0.4359 0.2988 0.23842 1
face13 0.26295 0.33878 0.21621 0.38298 -0.0868 0.07114 0.275 0.42857 0.45309 0.23083 0.30211 0.96469 1
face14 0.1405 0.46108 0.44973 0.4261 0.29413 0.42435 0.2113 0.20342 0.14192 -0.0189 0.16999 0.46296 0.46099 1
face15 0.3463 -0.064 -0.244 0.43333 0.49435 0.46413 0.01803 0.03274 0.03744 0.35117 0.45891 0.44901 0.38856 0.37077 1
face16 0.0098 0.11955 -0.0557 0.3215 0.07412 0.46661 0.77449 0.14793 0.05979 0.21547 -0.1497 0.04945 -0.0652 0.19238 -0.0323 1
face17 -0.0198 0.40923 0.45589 0.12566 -0.2938 -0.0524 0.46572 0.44644 0.45179 -0.1078 0.04118 -0.0274 0.02313 -0.156 -0.474 0.46327 1
face18 0.3463 -0.064 -0.244 0.43333 0.49435 0.46413 0.01803 0.03274 0.03744 0.35117 0.45891 0.44901 0.38856 0.37077 1 -0.0323 -0.474 1
face19 -0.1417 0.46652 0.27026 0.43487 -0.1332 0.35709 0.46212 0.28847 0.25308 -0.4074 0.22405 -0.052 -0.0369 0.22941 0.02764 0.45532 0.64994 0.02764 1
face20 0.03526 -0.015 -0.0132 0.00607 0.46653 0.93471 0.45451 -0.0885 -0.136 0.15173 0.11901 0.08691 0.06458 0.3642 0.4657 0.44519 -0.0523 0.4657 0.30136 1
face21 0.46636 0.44311 0.11742 0.94448 -0.1047 0.07765 0.44273 -0.1176 -0.0821 -0.2039 -0.0632 0.51412 0.47822 0.4666 0.44324 0.12931 0.05983 0.44324 0.34484 0.03195 1
face22 0.07941 0.42438 0.46057 0.46612 0.14064 0.32666 0.16754 0.44303 0.36654 -0.0658 0.26518 0.46584 0.46666 0.94148 0.34017 0.24575 -0.0205 0.34017 0.37927 0.25472 0.42384 1
face23 0.01382 0.40207 0.03699 0.40673 0.27184 0.82177 0.45784 -0.1302 -0.2012 -0.2079 0.25288 -0.0654 -0.0657 0.46201 0.41152 0.45132 0.13672 0.41152 0.74306 0.72255 0.37122 0.44508 1
face24 -0.0818 0.11806 0.07843 0.09884 0.42389 0.89957 0.45253 -0.0574 -0.1035 -0.0576 0.14428 0.00777 -0.0146 0.44409 0.41797 0.43088 0.04237 0.41797 0.52668 0.94928 0.12213 0.36821 0.85626 1
face25 0.44967 0.44723 0.0933 0.78221 0.1386 0.36111 0.4294 -0.4028 -0.3762 -0.2331 -0.0647 0.20124 0.18375 0.43121 0.46326 0.14179 -0.003 0.46326 0.39623 0.30926 0.87995 0.29622 0.6223 0.4089 1
face26 0.46657 0.46662 0.01066 0.85834 0.14455 0.27408 0.46051 -0.3748 -0.3575 -0.1121 -0.0634 0.27627 0.22523 0.44365 0.46547 0.21382 -0.0294 0.46547 0.31653 0.19058 0.91957 0.32281 0.52861 0.27137 0.9684 1
face27 -0.0818 0.11806 0.07843 0.09884 0.42389 0.89957 0.45253 -0.0574 -0.1035 -0.0576 0.14428 0.00777 -0.0146 0.44409 0.41797 0.43088 0.04237 0.41797 0.52668 0.94928 0.12213 0.36821 0.85626 1 0.4089 0.27137 1
face28 0.38894 0.44019 0.24009 0.14822 -0.0347 0.42335 0.12489 0.01484 0.01731 -0.054 0.46284 0.03888 0.21837 -0.0656 0.20235 -0.0657 0.38227 0.20235 0.44235 0.30853 0.21454 -0.0633 0.46091 0.3164 0.36506 0.23526 0.3164 1
face29 -0.2837 0.27863 0.03737 0.08494 0.39997 0.86222 0.4611 0.124 0.05631 -0.0276 0.35848 0.05928 0.03302 0.46026 0.36747 0.46626 0.14441 0.36747 0.65101 0.84262 0.06414 0.45985 0.87023 0.9354 0.28283 0.17739 0.9354 0.30974 1
face30 0.43943 0.41686 0.38658 0.67513 -0.0155 0.19779 0.26191 -0.1746 -0.111 -0.3985 -0.0443 0.28867 0.33528 0.44217 0.37766 -0.1074 0.09756 0.37766 0.42271 0.22449 0.83459 0.34271 0.4827 0.35273 0.89189 0.79711 0.35273 0.44891 0.21738 1
face31 -0.1044 0.09458 0.05012 0.05781 0.44376 0.91394 0.45774 -0.0231 -0.0736 0.00563 0.16942 0.04583 0.0186 0.44145 0.42773 0.44624 0.0243 0.42773 0.48488 0.96528 0.07563 0.36827 0.82546 0.9956 0.34895 0.21952 0.9956 0.29266 0.9406 0.28826 1
face32 -0.1376 0.32027 0.09851 0.24843 0.30966 0.83729 0.46666 -0.0171 -0.077 -0.2048 0.2402 -0.043 -0.0525 0.46334 0.35952 0.44928 0.17589 0.35952 0.74536 0.8078 0.23445 0.44884 0.96188 0.94064 0.48978 0.36662 0.94064 0.39424 0.95578 0.41833 0.91994 1
face33 0.46397 0.36036 0.04124 1 -0.1707 0.07987 0.46284 -0.004 -0.005 -0.1649 -0.0493 0.44165 0.38298 0.4261 0.43333 0.3215 0.12566 0.43333 0.43487 0.00607 0.94448 0.46612 0.40673 0.09884 0.78221 0.85834 0.09884 0.14822 0.08494 0.67513 0.05781 0.24843 1
face34 0.00943 0.09923 -0.0339 -0.1707 1 0.4661 -0.0505 -0.0447 -0.0484 0.64945 0.46545 -0.0105 -0.0868 0.29413 0.49435 0.07412 -0.2938 0.49435 -0.1332 0.46653 -0.1047 0.14064 0.27184 0.42389 0.1386 0.14455 0.42389 -0.0347 0.39997 -0.0155 0.44376 0.30966 -0.1707 1
face35 0.05831 0.21585 -0.0612 0.07987 0.4661 1 0.45198 -0.1411 -0.2255 0.17497 0.28209 0.064 0.07114 0.42435 0.46413 0.46661 -0.0524 0.46413 0.35709 0.93471 0.07765 0.32666 0.82177 0.89957 0.36111 0.27408 0.89957 0.42335 0.86222 0.19779 0.91394 0.83729 0.07987 0.4661 1
face36 -0.0474 0.35824 -0.0992 0.46284 -0.0505 0.45198 1 -0.0464 -0.0656 0.03471 -0.2009 0.37532 0.275 0.2113 0.01803 0.77449 0.46572 0.01803 0.46212 0.45451 0.44273 0.16754 0.45784 0.45253 0.4294 0.46051 0.45253 0.12489 0.4611 0.26191 0.45774 0.46666 0.46284 -0.0505 0.45198 1
face37 -0.065 0.07 0.45646 -0.004 -0.0447 -0.1411 -0.0464 1 0.98507 0.24694 0.46298 0.40686 0.42857 0.20342 0.03274 0.14793 0.44644 0.03274 0.28847 -0.0885 -0.1176 0.44303 -0.1302 -0.0574 -0.4028 -0.3748 -0.0574 0.01484 0.124 -0.1746 -0.0231 -0.0171 -0.004 -0.0447 -0.1411 -0.0464 1
face38 -0.0564 0.04292 0.46519 -0.005 -0.0484 -0.2255 -0.0656 0.98507 1 0.23423 0.4343 0.4359 0.45309 0.14192 0.03744 0.05979 0.45179 0.03744 0.25308 -0.136 -0.0821 0.36654 -0.2012 -0.1035 -0.3762 -0.3575 -0.1035 0.01731 0.05631 -0.111 -0.0736 -0.077 -0.005 -0.0484 -0.2255 -0.0656 0.98507 1
face39 0.21913 -0.0475 -0.1744 -0.1649 0.64945 0.17497 0.03471 0.24694 0.23423 1 0.45068 0.2988 0.23083 -0.0189 0.35117 0.21547 -0.1078 0.35117 -0.4074 0.15173 -0.2039 -0.0658 -0.2079 -0.0576 -0.2331 -0.1121 -0.0576 -0.054 -0.0276 -0.3985 0.00563 -0.2048 -0.1649 0.64945 0.17497 0.03471 0.24694 0.23423 1
face40 -0.044 0.41726 0.04526 -0.0493 0.46545 0.28209 -0.2009 0.46298 0.4343 0.45068 1 0.23842 0.30211 0.16999 0.45891 -0.1497 0.04118 0.45891 0.22405 0.11901 -0.0632 0.26518 0.25288 0.14428 -0.0647 -0.0634 0.14428 0.46284 0.35848 -0.0443 0.16942 0.2402 -0.0493 0.46545 0.28209 -0.2009 0.46298 0.4343 0.45068 1
face41 0.17539 0.26162 0.07199 0.44165 -0.0105 0.064 0.37532 0.40686 0.4359 0.2988 0.23842 1 0.96469 0.46296 0.44901 0.04945 -0.0274 0.44901 -0.052 0.08691 0.51412 0.46584 -0.0654 0.00777 0.20124 0.27627 0.00777 0.03888 0.05928 0.28867 0.04583 -0.043 0.44165 -0.0105 0.064 0.37532 0.40686 0.4359 0.2988 0.23842 1
face42 0.26295 0.33878 0.21621 0.38298 -0.0868 0.07114 0.275 0.42857 0.45309 0.23083 0.30211 0.96469 1 0.46099 0.38856 -0.0652 0.02313 0.38856 -0.0369 0.06458 0.47822 0.46666 -0.0657 -0.0146 0.18375 0.22523 -0.0146 0.21837 0.03302 0.33528 0.0186 -0.0525 0.38298 -0.0868 0.07114 0.275 0.42857 0.45309 0.23083 0.30211 0.96469 1
face43 0.1405 0.46108 0.44973 0.4261 0.29413 0.42435 0.2113 0.20342 0.14192 -0.0189 0.16999 0.46296 0.46099 1 0.37077 0.19238 -0.156 0.37077 0.22941 0.3642 0.4666 0.94148 0.46201 0.44409 0.43121 0.44365 0.44409 -0.0656 0.46026 0.44217 0.44145 0.46334 0.4261 0.29413 0.42435 0.2113 0.20342 0.14192 -0.0189 0.16999 0.46296 0.46099 1
face44 0.3463 -0.064 -0.244 0.43333 0.49435 0.46413 0.01803 0.03274 0.03744 0.35117 0.45891 0.44901 0.38856 0.37077 1 -0.0323 -0.474 1 0.02764 0.4657 0.44324 0.34017 0.41152 0.41797 0.46326 0.46547 0.41797 0.20235 0.36747 0.37766 0.42773 0.35952 0.43333 0.49435 0.46413 0.01803 0.03274 0.03744 0.35117 0.45891 0.44901 0.38856 0.37077 1
face45 0.0098 0.11955 -0.0557 0.3215 0.07412 0.46661 0.77449 0.14793 0.05979 0.21547 -0.1497 0.04945 -0.0652 0.19238 -0.0323 1 0.46327 -0.0323 0.45532 0.44519 0.12931 0.24575 0.45132 0.43088 0.14179 0.21382 0.43088 -0.0657 0.46626 -0.1074 0.44624 0.44928 0.3215 0.07412 0.46661 0.77449 0.14793 0.05979 0.21547 -0.1497 0.04945 -0.0652 0.19238 -0.0323 1
face46 -0.0198 0.40923 0.45589 0.12566 -0.2938 -0.0524 0.46572 0.44644 0.45179 -0.1078 0.04118 -0.0274 0.02313 -0.156 -0.474 0.46327 1 -0.474 0.64994 -0.0523 0.05983 -0.0205 0.13672 0.04237 -0.003 -0.0294 0.04237 0.38227 0.14441 0.09756 0.0243 0.17589 0.12566 -0.2938 -0.0524 0.46572 0.44644 0.45179 -0.1078 0.04118 -0.0274 0.02313 -0.156 -0.474 0.46327 1
face47 -0.1417 0.46652 0.27026 0.43487 -0.1332 0.35709 0.46212 0.28847 0.25308 -0.4074 0.22405 -0.052 -0.0369 0.22941 0.02764 0.45532 0.64994 0.02764 1 0.30136 0.34484 0.37927 0.74306 0.52668 0.39623 0.31653 0.52668 0.44235 0.65101 0.42271 0.48488 0.74536 0.43487 -0.1332 0.35709 0.46212 0.28847 0.25308 -0.4074 0.22405 -0.052 -0.0369 0.22941 0.02764 0.45532 0.64994 1
face48 0.03526 -0.015 -0.0132 0.00607 0.46653 0.93471 0.45451 -0.0885 -0.136 0.15173 0.11901 0.08691 0.06458 0.3642 0.4657 0.44519 -0.0523 0.4657 0.30136 1 0.03195 0.25472 0.72255 0.94928 0.30926 0.19058 0.94928 0.30853 0.84262 0.22449 0.96528 0.8078 0.00607 0.46653 0.93471 0.45451 -0.0885 -0.136 0.15173 0.11901 0.08691 0.06458 0.3642 0.4657 0.44519 -0.0523 0.30136 1
face49 0.46636 0.44311 0.11742 0.94448 -0.1047 0.07765 0.44273 -0.1176 -0.0821 -0.2039 -0.0632 0.51412 0.47822 0.4666 0.44324 0.12931 0.05983 0.44324 0.34484 0.03195 1 0.42384 0.37122 0.12213 0.87995 0.91957 0.12213 0.21454 0.06414 0.83459 0.07563 0.23445 0.94448 -0.1047 0.07765 0.44273 -0.1176 -0.0821 -0.2039 -0.0632 0.51412 0.47822 0.4666 0.44324 0.12931 0.05983 0.34484 0.03195 1
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Fig. 12  Face similarity matches for the experiment database

Fig. 13  Face similarity matches for the CK+ database
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4.2  Feature clustering and visualization

Clustering data involves the grouping of data by similari-
ties. The inefficiency of modeling unnormalized data can 
be seen in Fig. 16. The figure shows a scatter plot of a sec-
tion of the unnormalized (raw) facial features generated by 
the Viola–Jones algorithm from the experiment database. 
We observe from the plot that no defined pattern clusters 
exist for the different facial features (face, eyes, nose, and 
mouth). Hence, we seek dimension reduction and clustering 
techniques to reveal the nature of patterns exhibited by the 
respective facial features. The LPCA method as described in 
Sect. 3.1.3.1 was used to locally extract eigenfeatures spe-
cific to the domain where the facial features are. To maintain 
purity of the extracted (redundant) features, an ensemble of 
SOMs was employed to separately cluster these local fea-
tures. The initial condition for the E-SOMs was determined 
as follows: (1) transform the eigenfeatures obtained from the 
LPCA (a 4 × 4 matrix) representing the facial features into 
a ( 16 × 1) unit vector, and cluster them into four groups or 
segments, with each segment containing four eigenfeatures 

describing a facial feature; (2) train the resulting eigenfeature 
dataset ( 16 × 100 ) using the required number of face mod-
els. Each model contained a Kohonen 10 × 20 SOM, and was 
trained using the batch unsupervised weight/bias algorithm 
(trainbu)—where weights and biases are only updated after 
all the inputs are fed into the network. The batch version 
of the SOM algorithm is computationally more efficient [40, 
82].

During each training step, all the input data vectors are 
simultaneously used to update the weight vectors; (3) using 
the SOM results, transform the map into m = 4 clusters of 
minimum Euclidean distance; (4) update the corresponding 
weight vector using each cluster set or cluster. The updated 
weight vectors are computed thus:

where x̄j is the mean of the n data vectors in group j , and 
hij(t) denotes the value of the neighborhood function at 

(27)mi(t + 1) =

∑m

j=1
njhij(t)x̄j∑m

j=1
njhij(t)

,

Fig. 14  Face similarity matches for the JAFFE database

Fig. 15  Face similarity matches for the MMI database
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cluster unit j when the neighborhood function is centered 
on cluster unit i . A constant learning rate is adopted in the 
study, and the performance metric used to evaluate the 
SOM is the mean squared error (MSE). Proofs indicating 
the grid equilibrium, map stability, and convergence are 
provided in the following subsections.

4.2.1  Grid equilibrium

If we denote the mean field in ℝd of the SOM algorithm 
update by h, with a neighboring function ℴ , the stabil-
ity of an equilibrium point depends on the eigenvalues 
of the gradient, h [18]. Hence, the lth component of hi is 
obtained as

where I represents a facial feature dataset, ⋋kj
x (dw) is the 

Lebesgue measure on the Voronoi boundary [11] between 
xk and xj (precisely the median hyperplane), n

kj
x  is the nor-

mal unit vector 
xj−xk

||xj−xk|| to the hyperplane, and 
(
el
)
1≤l≤d is 

the canonical basis of ℝd . The proof of uniqueness of the 
equilibrium point is found in [10]. The outputs of our SOMs 
were the Euclidean distances between the input vectors 
and the network’s weight vectors. At the end of the train-
ing, a regrouping process was performed. Our algorithm 
clustered the data such that a minimal total error criterion 
during regrouping was achieved. Suppose that di

n,k
(r) is 

the Euclidean distance between the nth vector of the kth 

(28)

𝜕hl
i

𝜕xj
=
∑
k � I

ℴ(i, k)𝜇
(
Ck(x)

)
𝛿ijel

+
∑
k≠j∈I

ℴ(i, k) − ℴ(i, j) �
C̄k (x)∩C̄j (x)

(
xl
i
− wl

)

×

(
1

2
n
kj
x +

1
||||xk − xi

||||

(
xk − xj

2
− w

))
f (w)⋋kj

x
(dw),

segment ( vn,k); then the closest centroid in the rth model 
per iteration i  is

At the ith iteration, the total distance between the kth 
segment and the rth model is

Hence, d(m)

k
 for the 100 faces trained in the experiment is 

d
(i)

k
(r) =

∑100

n=1
d
(i)

n,k
(r).

The kth segment, Sk , is assigned to model j
(
SOMj

)
 to 

achieve a minimum total error of

Hence, the iterative sequence is defined by the following 
steps:

1. Retrain the models with new clusters, obtained from 
the previous iteration

2. Regroup the data using Eq. (30)
3. Check for termination criterion; if this criterion applies, 

exit; else, go to step 1.

The above algorithm has been proved to converge [85].

4.2.2  Map convergence and stability

First, we assume that ℴ(i, i) = 1 , and that for i ≠ j,ℴ(i, j) < 1. 
Consider a constant learning rate � , and assume that the 
probability distribution has a positive p.d.f. f  on a compact 
nonempty interior set. We define the distance in varia-
tion between two probability measures on ℝd , P and Q , by 
||P − Q|| = supA⊂ℝd |P(A) − Q(A)|, and arrive at the following 
results [63]:

Theorem 3 Assume: 

1. There exists a set I0 ≠ �, such that at least there is one 
instance of k0 for which ℴ

(
k0, j

)
= 0,∀j ∈ I0.

2. If i ≠ k0, then there exists j ∈ I0, such that ℴ(i, j) > 0.

So, the SOM algorithm xn(t) weakly converges with a uni-
form geometric rate: Let PT

x
 represent the distribution of xn(t) 

when x0(t) = x; there exists a unique stationary probability 
distribution such that

(29)d
(i)

n,k
(r) = d

(
vn,k ,C

(i)(r)
)
=
(
vn,k ,C

(i)(r)
)T(

vn,k ,C
(i)(r)

)
.

(30)d
(i)

k
(r) =

m∑
n=1

d
(i)

n,k
(r).

(31)j =
argmin

r = 0,… , R

{
D
(i)

k
(r)

}
⇒ Sk ∈ SOM.

(32)∃ℝ𝜀𝜖ℝ
+,∃r𝜀, 0 < r𝜀 < 1,

|||
|||P

T
x
− 𝜋𝜀|||

||| ≤ ℝ𝜀r
T
𝜀
.

Fig. 16  A scatter plot showing a section of the unnormalized facial 
dataset from the experiment database
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Remarks The assumptions on the topology of the unit set 
are satisfied in all useful cases, except that the neighbor-
hood function must have a finite range.

Theorem 4 Assuming that the convergence to some sta-
ble state of the SOM is true, we expect that the expected 
values of mi(t + 1) and mi(t) ∶ t → ∞ must be equal [41]. 
Mathematically, 

 where hci is nonzero, c = c(x(t)) is the index of the winning 
node of input x(t) , and Et represents an expected value opera-
tor over t . In the assumed asymptotic state, t → ∞,mi(t) are 
independent of t  and are denoted by m∗

i
. If the expected val-

ues Et(.) are generated as 
�

1

t

�∑
t

(.) ∶ t → ∞, then 

 Equation (34) is still implicit, since c depends on x(t) and mi , 
and must be iteratively solved.

(33)∀i, Et
{
hci

(
x(t) −mi(t)

)}
= 0,

(34)m∗
i
=

∑
t hci(t)x(t)∑
t hci(t).

4.3  SOM results

Using the experiment database, results of clustering (visu-
alization) of the extracted LPCA (clustered SOM) dataset are 
presented in Figs. 17, 18, 19, 20, and 21. The SOM was found 
to converge at a maximum training cycle of 200, and was 
sufficient to guarantee a stable map. The U-matrix gives 
a quantitative summary of the topological relationships 
between neighboring neurons. The result represents the 
Euclidean distances between neighboring neurons. The 
chain of high values in the U-matrix represented by darker 
colors is an indication of prototypes that are far away from 
the groups, probably representing several outliers with very 
distinct face information. The U-matrix shows the relations 
between the neighboring neurons, and can be represented 
mathematically as

(35)U-matrix =

⎡⎢⎢⎣

u11u11�12u12u12�13 ⋯ u1kp
⋮ ⋱ ⋮

ukn1ukn1�12ukn3u12�13 ⋯ uknkp

⎤⎥⎥⎦
,

(a) Enrolled dataset (100 faces) (b) New dataset (identity enrolled (c) New dataset (identity 
and impostor: 8 faces) enrolled only: 4 faces)

(d) New dataset (impostor only: 
four faces)

(e) New dataset (identity enrolled 
only: one face)

(f) New dataset (impostor 
only: one face)

Fig. 17  U-matrices for enrolled and new face datasets
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(a) Enrolled face dataset (100 faces) (b) New face dataset (face  enrolled 
and impostor: 8 faces)

(c) New face dataset (face 
enrolled only: 4 faces)

(d) New face dataset (impostor only: 4 
faces)

(e) New face dataset (face enrolled 
only: 1 face)

(f) New face dataset (impostor 
only: 1 face)

Fig. 18  Face component planes for enrolled and new (identity enrolled and impostor) dataset

(a) Enrolled eyes dataset (100 
faces)

(b) New eyes dataset (face enrolled 
and impostor: 8 faces)

(c) New eyes dataset (face  enrolled 
only: 4 faces)

(d) New eyes dataset (impostor 
only: 4 faces)

(e) New eyes dataset (face enrolled 
only: 1 faces)

(f) New eyes dataset (impostor only: 
1 face)

Fig. 19  Eyes component planes for enrolled and new (for identity enrolled and impostor) dataset
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where the values of the elements uij|i(j+1)uij|(i+1)j are the dis-
tances between neighboring neurons Mij and Mi(j+1)(Mij 
and M(i+1)j ), respectively. Hence, the averages of smaller 
neighbors are computed with smaller numbers of ele-
ments. The SOM is colored by values of the U-matrix ele-
ments—a dark color between the neurons corresponds 
to large distance, while light color between the neurons 
signifies that the codebook vectors are close to each other 
in the input space. Light areas can be thought of as clus-
ters, and dark areas as cluster separators. A color scale is 
displayed near the SOM, where the number denotes the 
values of the U-matrix elements and that of the distances 
between neighboring neurons. The U-matrices of the 
enrolled and new face datasets are presented in Fig. 17. 
From the U-matrices, it is easy to notice the formation 
of clear clusters with sharp boundaries, indicating dis-
tinct separation between the facial features. Figure 17a 
attempts to segment the enrolled facial dataset (consist-
ing of 100 faces) into four clusters, representing the facial 
features selected for the experiment (face, eyes, nose, and 
mouth). Although the cluster segments appear darkened, 
indicating moderately large distances between the neu-
rons, perfect convergence of our SOMs is here confirmed. 
Closer distances between neurons (lighter cluster seg-
ments) with closely similar patterns are observed for the 
SOM maps of the new dataset with (only) enrolled and 
(only) impostor faces, for four faces and one face, respec-
tively (Fig. 17c–f ). However, the distinction of the new 
dataset with enrolled and impostor faces (Fig. 17b) can 
be attributed to the quality of the device used to capture 
the impostor faces, which causes larger variances between 
the neurons, hence forcing the cluster segments to form 
subclusters (e.g., the last few rows of the map). More con-
spicuous are the top three rows of Fig. 17e, f, which form 
large distances between the neurons, compared with 
other segments within the maps.

In Fig. 18a–f, the facial component—a superset of the 
other facial features within the facial domain (i.e., eyes, 
nose, and mouth)—appears to be more dominant with-
out a very useful pattern, as few cluster-like patches are 
noticed in the maps, but the maps of Fig. 18b, d present 
very light and clear segments compared with the maps 
of Fig. 18a, c, e, f, in which the segments appear darker. 
This implies that the extracted facial features of the 
enrolled and impostor faces differ greatly, and confirms 
the difference in quality of the capture devices. Again, 
the facial illumination (grayscale effect) and number of 
faces may have introduced larger distance between the 
neurons and marred the visibility of patterns, as useful 
patterns started emerging in the first three rows of the 
maps—for the new face dataset with only one enrolled 
face and only one impostor face (Fig. 18e, f ), respectively.

Localizing facial features contributes to narrowing the 
iteration space and yields faster map convergence, with 
more informative patterns for each facial component 
plane. Figures  19, 20, and 21 present the component 
(feature) planes for the eyes, nose, and mouth datasets, 
respectively. In these figures, clear and sharp cluster 
shapes are obtained from the different datasets, but with 
distinct pattern dissimilarities, indicating inherent variabil-
ity in the characteristics (or feature patterns). These feature 
component plane results confirm the distinctiveness of the 
biometric (face) characteristics and indicate wide interclass 
variability between the facial features.

The above E-SOMs reveal the existence of similar pat-
tern formation for one face only (Fig. 21e, f ), thus confirm-
ing the appearance of similarity of the facial features (in 
terms of shape) and the position of the same set of fea-
tures (eyes, nose, and mouth) at roughly the same places.

The image Euclidean distance matrix obtained from 
the E-SOMs is symmetric and has dimension of 400 × 400 
with zero diagonal. The full and partial symmetries of the 
image Euclidean distance matrix are presented as three-
dimensional (3D) contour plots in Fig. 22.

As can be seen in Fig. 22, the image distances are well 
distributed with clearly defined clusters. The search con-
sists of eight levels, two of which appear as thin films 
(or shadows of an existing film). To reduce the search 
space, Gaussian blurring (or smoothing) was applied to 
the unnormalized dataset. Gaussian blurring is a spatial 
filtering process for smoothing an image using a Gauss-
ian function, and is widely used as a preprocessing stage 
in computer vision algorithms to enhance image struc-
tures at different scales. Applying Gaussian blur to an 
image is similar to convolving the image with a Gaussian 
function—a 2D Weierstrass transform [94]. The Gaussian 
smoothing operator is a 2D convolution operator used to 
“blur” images and remove unnecessary details and noise. 
The kernel exploited is an isotropic (circularly symmetric) 
Gaussian filter of the form [58]

We observe in Fig. 23 that the blurring process, which 
results in a normalized image Euclidean matrix, indeed fur-
ther compressed the search space into three layers while 
maintaining the fidelity of the data clusters.

4.4  SVM pattern classification

SVM utilizes the statistical learning theory—a framework 
for machine learning drawn from the fields of statistics and 
functional analysis—and can be applied to both classifica-
tion and regression problems. In Farooq et al. [23], feeding 
hybrid features to an SOM for facial (expression) recognition 

(36)
1

2𝜋𝜎2
e
−

1

2𝜎2
(xi−x̄)

2

.
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(a) Enrolled nose cluster (100 faces) (b) New nose cluster (face  
enrolled and impostor: 8 faces)

(c) New nose cluster (face 
enrolled only: 4 faces)

(d) New nose cluster (impostor only: 
4 faces)

(e) New nose cluster (face 
enrolled only: 1 face)

(f) New nose cluster (impostor 
only: 1 face)

Fig. 20  Nose component planes for enrolled and new (for identity enrolled and impostor) dataset

(a) Enrolled mouth cluster (b) New mouth cluster (face enrolled 
and impostor: 8 faces)

(c) New mouth cluster (face 
enrolled only: 4 faces)

(d) New mouth cluster (impostor 
only: four faces)

(e) New mouth cluster (face enrolled 
only: one faces)

(f) New mouth cluster (impostor 
only: one face)

Fig. 21  Mouth component planes for enrolled and new (for identity in enrolled and impostor) dataset
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achieved recognition accuracies of 96.81% and 96.55%, 
superior to state-of-the-art methods. Furthermore, the use 
of hybrid methodologies such as SOM and convolution 
neural network has proven to compare favorably with other 
methods; For instance, the use of the Karhunen–Loève trans-
form in place of SOM and a multilayer perceptron in place of 
a convolution neural network yielded error rates of 5.3% ver-
sus 3.8%, whereas the multilayer perceptron performed very 

poorly (40% versus 3.8%). Sayeed et al. [65] accomplished 
face detection using the Adaboost learning algorithm, and 
individually split up the faces into five segments: forehead, 
eyes, nose, mouth, and chin. Each segment was considered 
as a separate image, and eigenface (PCA) features of each 
segment were computed. The segmental Euclidean distance 
classifier was then used to match the test image with the 
stored one. They achieved an 88% success rate on the CG 

Fig. 22  3D contour plots of unnormalized image Euclidean distance matrix

Fig. 23  3D contour plots of normalized image Euclidean distance matrix
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database created from the databases of the California Insti-
tute and Georgia Institute. However, the performance of 
this approach on the ORL database using the same features 
was only 70%. Mixture-distance and raw images have been 
found to reduce the error rate by up to 73.90% [48]. Abbas 
et al. [1] also found that the cluster method with the squared 
Euclidean distance method produced a higher recognition 
rate than the Euclidean distance method, giving a human 
face recognition rate of 98%, compared with 95% when 
using the city-block distance method.

This paper, in addition to localizing the facial features—a 
case similar to Sayeed et al. [65], introduces a global (redun-
dancy) facial domain or superset to guarantee search opti-
mality. We define a cross-validation procedure—a technique 
used to evaluate predictive models by partitioning the 
original sample into a training set to train the model and a 
test set to evaluate it. Our training and test samples corre-
spond to 85% and 15% of the original dataset, respectively. 
We adopt the radial basis function (RBF or Gaussian) ker-
nel, commonly used in SVM classification, regarded as the 
squared Euclidean distance between two feature vectors, 
and can work without prior knowledge of the problem [29]. 
This Gaussian kernel is given as

(37)K
(
x⃗, z⃗

)
= e−(x⃗−z⃗)

2
∕2𝛿2 ,

where x⃗ and z⃗ are feature vectors and δ is the kernel 
parameter. RBF kernels have proven excellent in facial 
classification [3, 81]. It acts as a prior filter, similar to a 
low-pass filter (an algorithm used in speech processing to 
eliminate the effects of environmental noise)—as it selects 
the smoothest solution from a range of supplied inputs. 
The classification accuracy is adopted as the performance 
metric for discrimination, given by

where CTPI is the number of true-positive instances and CFNI 
is the number of false-negative instances.

Tables  4, 5, and 6 compare the SVM classification 
results for the LPCA, unnormalized image Euclidean 
(UIED), and normalized image Euclidean (NIED) datasets, 
respectively, for the experiment and benchmark data-
bases (CK+, JAFFE, and MMI). We found that the NIED 
dataset produced the least overall classification errors 
for the respective test cases, confirming our hypoth-
esis that feature redundancy and NIED are indeed use-
ful extraction techniques for efficient face recognition. 
Furthermore, the recognition rate for the experiment 
database was higher than the benchmark databases, 
as diverging facial expressions further reduced the 

(38)CLAcc
(
Xi
)
=

CTPI

CCTPI + CFNI
,

Table 4  SVM classification for LPCA dataset

Dataset Classification accuracy

Expt. database CK+ JAFFE MMI

LPCA (new face dataset {face enrolled + impostor} versus enrolled face dataset) 91.70 79.60 82.50 87.00
LPCA (new face dataset {face enrolled only} versus enrolled face dataset) 96.20 82.30 85.40 92.40
LPCA (new face dataset {impostor only} versus enrolled face dataset) 95.20 80.50 83.20 89.70

Table 5  SVM classification results for UIED dataset

Dataset Classification accuracy

Expt. database CK+ JAFFE MMI

UIED (new face dataset {face enrolled + impostor} versus enrolled face dataset) 94.40 80.10 84.30 91.30
UIED (new face dataset {face enrolled only} versus enrolled face dataset) 97.30 85.50 88.60 93.20
UIED (new face dataset {impostor only} versus enrolled face dataset) 96.60 82.70 86.90 92.00

Table 6  SVM classification results for NED dataset

Dataset Classification accuracy

Expt. database CK+ JAFFE MMI

NIED (new face dataset {face enrolled + impostor} versus enrolled face dataset) 99.70 86.00 90.20 94.60
NIED (new face dataset {face enrolled only} versus enrolled face dataset) 99.90 89.50 93.00 96.00
NIED (new face dataset {impostor only} versus enrolled face dataset) 99.80 87.20 92.70 94.90
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recognition accuracy [33, 34]. This implies that more 
images were easily recognized and classified in the 
experiment database—as this database contained more 
duplicates of same faces, compared with the benchmark 
databases, which contained few duplicates but with dif-
ferent variations in facial features. Hence, the greater 
the variations in facial posture, the wider the dissimi-
larity measure and the more difficult the recognition 
process.  

5  Contributions to knowledge

This paper has made the following modest contributions 
to the growing field of face recognition:

Application of feature redundancy to facial recognition: 
Feature redundancy has flourished in the field of soft-
ware engineering and fault tolerance, but not much 
has been heard (of it) in the field of facial recognition. 
This paper exploited feature redundancy to achieve 
an optimal facial features search within the domain 
of salient features. The computationally expensive 
nature of this approach was lightened by using the 
Viola–Jones algorithm—which concentrates only 
on the salient features—by eliminating unnecessary 
background details;
Feature dimension localization: This paper adopted 
localized dimension training as opposed to global 
dimension training—to eliminate unusual outlier 
effects inherent in most recognition algorithms, and 
ultimately reverse the “curse of dimensionality”;
Facial noise reduction: A 2D convolution operator 
(Gaussian blur) was used to “blur” the facial images—
for removal of noise and unwanted detail (e.g., illumi-
nation effects). This method contributed to improving 
the recognition accuracy;
Use of normalized Euclidean distance: Euclidean dis-
tance is a widely explored metric in various fields of 
research and facial recognition. Due to its expensive 
computational cost, this paper adopted the normal-
ized Euclidean distance matrix to distribute the facial 
features into ordered clusters with similar values, as 
well as to reduce the recognition search space by 
almost half. In this way, the recognition processes was 
quickened and the recognition accuracy improved;
Induced scalability: Given the success of this work in 
improving the facial recognition accuracy to above 
99%, there are good prospects for this framework. 
Certainly, the proposed framework could be inte-
grated into larger facial recognition systems, and is 
scalable to other recognition tasks when modified.

6  Conclusions and future work

Recent progress in face recognition technology has 
witnessed a series of standardizations and the applica-
tion of robust techniques to leverage recognition tasks. 
Also, current trends in face recognition accuracy indicate 
that recognition errors have reduced dramatically, with 
appreciable false-acceptance and false-rejection rates. 
This paper has demonstrated the use of redundant fea-
tures for efficient face recognition. Machine-learning 
techniques were applied to avert the curse of dimen-
sionality and reduce the search space for fast solution 
convergence, and the use of the normalized image 
Euclidean distance of the image map greatly reduced 
the search space for faster recognition. Image variations 
can degrade recognition performance, as evidenced in 
the slightly worse performance results achieved for the 
benchmark facial expression databases. Although we 
still achieved high recognition rates for the benchmark 
databases using our framework, further improvements 
are required to handle severe facial variations.
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