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Abstract. Most of the practical applications have limited number of
image samples of individuals for face veriﬁcation and recognition process such as passport, driving licenses, photo ID etc. So use of computer
system becomes challenging task, when image samples available per person for training and testing of system are limited. We are proposing
a robust face recognition system based on Tetrolet, Local Directional
Pattern (LDP) and Cat Swam Optimization (CSO) to solve this problem. Initially, the input image is pre-processed to extract region of interest using ﬁltering method. This image is then given to the proposed
descriptor, namely Tetrolet-LDP to extract the features of the image.
The features are subjected to classiﬁcation using the proposed classiﬁcation module, called Cat Swarm Optimization based 2-Dimensional
Hidden Markov Model (CSO-based 2DHMM) in which the CSO trains
the 2D-HMM. The performance is analyzed using the metrics, such as
accuracy, False Rejection Rate (FRR), & False Acceptance Rate (FAR)
and the system achieves high accuracy of 99.65%, and less FRR and FAR
of 0.0033 and 0.003 for training percentage variation and 99.65%, 0.0035
and 0.004 for k-Fold Validation.
Keywords: Face recognition · Tetrolet · Local Directional Pattern
(LDP) · Cat Swarm Optimization (CSO) · 2-Dimensional Hidden
Markov Model (2DHMM) · k-fold validation · Training percentage

1

Introduction

The face of human performs as an essential biometrics because of the characteristics, such as high social acceptability, accessibility, and the nature of nonintrusiveness [1] and having various applications, such as security, surveillance,
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commerce, forensics, and entertainment [2]. The human face recognition is desirable for the applications, where the biometrics of retinal scans, ﬁnger prints, and
the iris images are not available due to non-interactive environment [3]. Though,
2D face recognition is gaining interest since last few years, but still remains
challenging due to the presence of various factors, such as scale diﬀerences, pose,
facial expressions, illumination, intensity, k-fold validation, training percentage
variation and makeup. In addition, at the time of acquisition, the 2D images are
subjected to aﬃne transformation that increases the complexity in the recognition of the 2D images [4].
The face recognition process undergoes three basic steps. The ﬁrst step is the
acquisition of the face, which holds the region of face detection and the localization. The facial data extraction is the second step, where the geometric and the
appearance related features are extracted and ﬁnally the recognition of face. Features of face can be identiﬁed in a local and global manner as per requirements &
applications [1,4]. The algorithms for the existing face recognition system are of
two classes, such as holistic-based and the local feature based algorithms [2]. The
common examples of the holistic algorithms are the extended Gaussian images
[5], spherical harmonic features [6]; Iterated Closest Point (ICP) based surface
matching algorithms [3], and the canonical forms [7]. The main drawback of the
holistic algorithms is the need for the exact normalizations of the 2D faces, and
the more sensitiveness in case of the facial occlusions and the expressions [1,8].
Guo et al. [9] designed the local feature-based shape matching algorithm, which
was capable of providing the global similarity information among the faces using
the face recognition process. In addition, this method was capable to perform
robust even in the presence of the local features, but failed in the detection of
nose tip with enough accuracy.
The variation in the facial expression, availability of training and testing
sample images are considered as the some of the problems in the face recognition
process, due to these problems performance of recognition process degrades.
Most of the recognition methods that perform very well with multiple sample
problem (MSP) and fails completely if few training and testing sample are used
[10]. In most of the real life problems only few sample are available for training.
National identiﬁcation databases such as national ID card, passport or student
ID card all have few samples and should contain enough biometric information
of individuals to be used in recognition purposes. In literature there are number
of methods available to project the training set and converting it into MSP.
Few such methods are one dimension space [11], using noise model to synthesize
new face [12] and geometric views of the sample image [13]. Drawbacks of these
methods are increase in computational & storage costs and at the same time
projected samples have very high correlation and will not fulﬁll the purpose
[14].
k-fold validation is a statistical approach to estimate eﬀectiveness of testing
model. It’s preferred by majority of researches due to simplicity in understanding
& implementation and good results in estimating eﬀectiveness of testing method,
which generally have very low bias and less optimistic estimate compared to other
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approaches such as a simple train/test split. It is basically a resampling method
which evaluated eﬀectiveness of validation models on limited data sample. It
uses single parameter k which represents the number of groups in the data is
to be split into. k-fold validation is an important method in testing of face
recognition techniques on unseen data. Method can estimate how a model will
perform when it is subjected data not used in training of model. The process
of validation starts with shuﬄing dataset randomly, then dataset is split into k
unique groups. One of groups is taken as test dataset and other group as training
datasets. Evaluation of test set can be done by ﬁtting a model on the training set.
After careful repetition, evaluation scores can be summarized by taking mean of
all scores. Each member of data sample is assigned to an individual group and
stays in the group during the entire procedure. That results in each sample to
be used as testing set once and for training k − 1 times [15]. In this approach
dataset is divided into k groups or folds of approximately same size. One set is
used as validation set and method is ﬁt on rest of the k − 1 folds.
The choice of k values must be careful done as if the value of k is chosen
small then this may result in misrepresentation of performance of method such
as high variance or high bias. If chosen value of k high the diﬀerence between
size of training and testing becomes very small and as this diﬀerence decreases
the bias of techniques becomes smaller. So there is always a trade-oﬀ associated
between bias and variance. There is no set formal rule for choosing the value
of k but there are three tactics. The reason behind using HMMs is its ability
to classify faces into meaningful regions which can be converted to probabilistic
characteristics. So the concentrating of speciﬁc facial features can results in
person identiﬁcation. Texture methods are widely applied for face recognition.
As we know that, LBP and Gabor pattern played a major role in face recognition.
After that, LDP proved that it is very eﬀective for invariant facial recognition due
to stability of gradients compared to gray value in the presence of noise and nonmonochromatic illumination change. This is the reason that we considered LDP
for feature extraction. Performance of Tetrolet transform very good in recovering
shape of edges and directional details. Also, it was very eﬀective in image fusion.
For optimizing the HMM structure, genetic algorithm (GA) was applied initial
days. GA is the popular and old technique for optimization. As its faces the local
search issue in ﬁnding the optimal structure. In order to overcome these issues
in structure optimization, we are using Cat Swarm Optimization (CSO); which
proved to be eﬃcient and eﬀective in searching.
In this paper we are introducing an automatic face recognition method based
on Tetrolet LDP along with 2D HMM and optimized by CSO for face recognition,
which is very eﬀective for intrapersonal variation, variation in training percentage
and variation in k-fold validation.

2

Methodology

An automatic face recognition method using the concept of the modiﬁed Hidden Markov Model has been introduced. The three basic steps involved in the

16

M. S. Meena et al.

automatic face recognition are pre-processing, feature extraction, and face recognition. At ﬁrst, the image from the input database is fed to the pre-processing
module, where pre-processing is carried out using the ﬁltering method. The
pre-processed image is then allowed to the feature extraction process using
Tetrolet-Local Directional Pattern (Tetrolet-LDP). The proposed Tetrolet-LDP
is obtained with the combination of the Local Directional Pattern (LDP) [16]
and Tetrolet transform [17] that engage in extracting the features. These facial
features are used in the recognition of the face with the proposed classiﬁcation model, which is obtained from the modiﬁcation of the 2-Dimensional Hidden Markov Model (2D-HMM) and the Cat Swarm Optimization (CSO) [18].
The CSO trains the 2D-HMM, and the performance of the method is analyzed
through inputting the intrapersonal variations, variation in training percentage and k-fold validation. Block diagram of proposed face recognition system is
shown in Fig. 1.

Fig. 1. Block diagram of the proposed face recognition

2.1

Pre-processing of the Input Facial Image

The image from the input database is subjected to preprocessing using the ﬁltering method in order to remove the background of the input sample image
J. For ﬁltering we use skin segmentation to get only facial region in the image.
Following three face databases are taken for experimentation of proposed system:
– Grimaces [19] face database has 20 images per individual for 18 individuals
using a ﬁxed camera, with image resolution 180 × 200 pixels and contains
male and female subjects. Background of images is kept plain. Database
has small head scale variation and considerable variation in head turn,
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tilt & slant. Database also includes major variation in expressions of subject.
From the point of view of testing a face recognition system Grimaces face
database is small but eﬀective as there are a lot of intrapersonal variations.
– Faces95 [19] face database has 1440 images of 72 individuals subjects using a
ﬁxed camera. Subject moves one step forward towards the camera, to introduce head variation between images and lighting changes on face. Database
contains 20 images per subject and has male and female subjects. Image resolution for all the images is 180 × 200 pixels. Background of image is red and
variation is caused by shadow of moving subject.
– The CVL face database [20] considers the features that are obtained from
114 persons with 7 images of each person. The resolutions of the images of
the persons are 640 × 480 pixels in the jpeg format, which are shoot using
the Sony Digital Mavica in the presence of uniform illumination, projection
screen at the background and with no ﬂash. The persons selected are around
18 years of old and around 90% of them are male.
2.2

Feature Extraction Using the Proposed Feature Descriptor

The feature extraction process is carried out with the Tetrolet LDP. The proposed descriptor enables the analysis through inputting the intrapersonal variations, intensity variations, illumination variations, and training data variations.
Figure 2 depicts the process of feature extraction with the use of the proposed
Tetrolet - LDP feature descriptor.

Fig. 2. Feature extraction using Tetrolet LDP

Step 1: Extraction of LDP Image: As shown in Fig. 2 preprocessed image
goes through LDP and binary image J1 is obtained as the output of this step.
Step 2: Extraction of Tetrolet LDP Image: On the other hand, the preprocessed face image is given to tetrolet transform for obtaining the TetroletLDP image. The binary image J2 is obtained as the output of this step Fig. 3(c).
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Step 3: Development of Histogram Features: Image J1 and J2 are EXORed to obtain the Tetrolet LDP image, Jn from which the histogram features
are extracted. These histogram features are fed as the input to the 2D-HMM,
which is then trained using the Cat Swam Optimization in order to perform the
task of face recognition Fig. 3(d).

(a) Original Image

(b) Pre-processed Image

(c) Image after LDP Feture J1 (d) Image after LDP and
Tetrolet Features J2

Fig. 3. Feature extraction steps

2.3

Face Recognition Using 2D-Hiden Markov Model (2DHMM)

The face image that is needed to be classiﬁed is partitioned into various blocks in
the 2D-HMM model, and the feature vectors are obtained as the block statistics.
The image is then classiﬁed based on the feature vectors, which are assumed to
be produced using the Markov model that changes its state from one block to the
other. During classiﬁcation, the classiﬁer ﬁnds the classes of optimal combination
for large number of blocks at the same time.
2D-HMM structure can be obtained by linking 1D left to right HMMs to form
vertical super-state as shown in Fig. 4. Transitions are allowing in horizontal
states of super-state and vertical transitions occur among diﬀerent super-states.
A mathematical deﬁnition of parameters of 2D-HMM is as follows:
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N is the number of super-states in the vertical direction
A = {akj : 1 ≤ k, j ≤ N } is the super-state transition probability matrix
Π = {πj : 1 ≤ j ≤ N } is the initial super-state probability distribution
Λ = {λj : 1 ≤ j ≤ N } is the set of left-right 1D HMMs in each super-state.
Each λj is speciﬁed by the standard 1D HMM parameter
• N j is the number of states
• Aj = {aj kj : 1 ≤ k, i ≤ N j } is the state transition matrix
• B j = {bj i (.) : 1 ≤ i ≤ N j } is the output probability function
• Π j = {π j i : 1 ≤ i ≤ N j } is the initial state probability distribution

Fig. 4. Structure of a 2D-HMM

2.4

Optimal Tuning of the 2D-HMM Parameters

The transition probability of the 2D-HMM are tuned optimally using the CSO
to perform the task of face recognition with increased accuracy and eﬀectiveness.
The size of the 2D-HMM parameters decides the size of the solution. The CSO
algorithm is the one among the recent Swarm Intelligence (SI)-based optimization algorithms developed on the basis of the characteristics of the cats. The cat
takes maximum time to rest, but provides more concern and sharpness on the
objects that moves in their surroundings. This sharp characteristic of the cats
motivates them in catching their prey with the conservation of very less time.
The CSO is developed based on two modes, namely “seeking mode” depending
on the resting time of cats, and the “tracing mode” depending on the chasing
time of the cats.

3

Results

We have compared the results of existing methods of face recognition such as,
Local Binary Pattern based Hidden Markov Models (HMM & LBP) [21], Local
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Directional Pattern based Hidden Markov Models (HMM & LDP) [16], and 2dimension Hidden Markov Models (2DHMM) [22] with our proposed method.
The performance is analyzed using three metrics, such as Accuracy, FRR, and
FAR. Training percentage is varied from 0.4 to 0.8 and value of k varied form
6 to 10 for k-fold validation variation. Experiments are performed using three
face databases namely Grimaces, Faces95 and CVL. To prove the superiority
of proposed method we have compiled the results of existing methods on CVL
database and compared with our proposed method. We have also compared the
results of proposed method for diﬀerent databases.
Comparative results of existing techniques and proposed method in terms of
accuracy are shown in Fig. 5(a) with respect to variation in training percentage,
when the training percentage is 0.4, the accuracy of the methods, such as HMM
& LBP, HMM & LDP, 2DHMM and the proposed method is 0.6861, 0.7402,
0.7554, and 0.9965, respectively; whereas, Fig. 5(b) shows the accuracy in terms
of k-fold validation variation. When the k-fold validation is 7, the accuracy of
HMM & LBP, HMM & LDP, 2DHMM and the proposed method is 0.7166,
0.7199, 0.7316, and 0.9965, respectively. Proposed method is performing better
in terms of accuracy compared to existing methods not only for variation in
training percentage but also for variation in k-fold validation.
Comparative results of proposed and existing technique in terms of FRR are
shown in Fig. 6. Figure 6(a) shows the FRR with respect to variation in training
percentage. When the training percentage is 0.4, the FRR of HMM & LBP,
HMM & LDP, 2DHMM and the proposed method is 0.3139, 0.2598, 0.2446,
and 0.003509, respectively, whereas Fig. 6(b) shows the FRR in terms of k-fold
validation variation. When the k-fold validation is 7, the FRR of HMM & LBP,
HMM & LDP, 2DHMM and the proposed method is 0.2834, 0.2801, 0.2684, and
0.003509, respectively. Performance of proposed method based on FRR is much
better when variation in training percentage and k-fold validation are considered.
The comparative results based on FAR are shown in Fig. 7. Figure 7(a) shows
the FAR with respect to variation in training percentage. When the illumination
variation is 0.4, the FAR of the methods, such as HMM & LBP, HMM & LDP,
2DHMM and the proposed method is 0.0066, 0.0058, 0.0045, and 0.0041, respectively. Similarly, Fig. 7(b) shows the FAR in terms of k-fold validation variation.
When the intensity variation is 7, the FAR of the methods, such as HMM & LBP,
HMM & LDP, 2DHMM and the proposed method is 0.0074, 0.0065, 0.0045, and
0.0041, respectively. Simulation results show that proposed method is better the
existing methods.

4

Discussion

Table 1 shows the comparative results of simulation of proposed method and
existing methods of face recognition in terms of Accuracy, FRR, and FAR under
training percentage variation. The accuracy of the methods, such as HMM &
LBP, HMM & LDP, 2DHMM and the proposed method is 84%, 87%, 90%, and
99.65%, respectively. The FRR of the methods, namely HMM & LBP, HMM &
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(a) Training Percentage

(b) k Fold Validation

Fig. 5. Comparative analysis based on accuracy
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(a) Training Percentage

(b) k Fold Validation

Fig. 6. Comparative analysis based on FRR
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(a) Training Percentage

(b) k Fold Validation

Fig. 7. Comparative analysis based on FAR
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LDP, 2DHMM and the proposed method is 0.156, 0.1283, 0.1012, and 0.0035,
respectively. Similarly, the FAR of the methods, such as HMM & LBP, HMM
& LDP, 2DHMM and the proposed method is 0.0045, 0.0043, 0.0034, and 0.003,
respectively.
Table 1. Comparison of proposed and existing methods of face recognition under
variation in training percentage and k-fold validation
k-fold validation
Accuracy FRR

Methods

Training % variation
Accuracy FRR
FAR

HMM & LBP [21]

84%

0.1560

0.0045 70%

0.2981

HMM & LDP [16]

87%

0.1283

0.0043 72%

0.277

0.0066

2D HMM [22]

90%

0.1012

0.0034 82%

0.1804

0.0051

Proposed Method 99.65%

0.0035 0.003 99.65%

FAR
0.0074

0.0035 0.004

Table 1 shows the comparative results of simulation of proposed method
and existing methods of face recognition in terms of Accuracy, FRR, and FAR
under k-fold validation variation. The accuracy of the methods, such as HMM &
LBP, HMM & LDP, 2DHMM and the proposed method is 70%, 72%, 82%, and
99.65%, respectively. The FRR of the methods, namely HMM & LBP, HMM &
LDP, 2DHMM and the proposed method is 0.2981, 0.277, 0.1804, and 0.0035,
respectively. Similarly, the FAR of the methods, such as HMM & LBP, HMM
& LDP, 2DHMM and the proposed method is 0.0074, 0.0066, 0.0051, and 0.004,
respectively. Table 2 shows the comparative results of simulation of proposed
method for Grimaces, faces95 and CVL face databases in terms of Accuracy,
FRR, and FAR under variation in training percentage. The accuracy of the proposed method is 98%, 98%, and 99.65%, respectively. The FRR of the proposed
method is 0.0235, 0.0225, and 0.0035, respectively. Similarly, the FAR of the
methods, the proposed method is 0.0225, 0.0063, and 0.003, respectively.
Table 2 shows the comparative results of simulation of proposed method for
Grimaces, faces95 and CVL face databases in terms of Accuracy, FRR, and
FAR under k-fold validation variation. The accuracy of the proposed method
is 95%, 98%, and 99.65%, respectively. The FRR of the proposed method is
0.0471, 0.0225, and 0.0035, respectively. Similarly, the FAR of the methods, the
proposed method is 0.0227, 0.0055, and 0.004, respectively. Results form Table 2
shows that proposed method performs very well for diﬀerent face databases.
Thus, from the analysis, it is clear that the proposed method produces high
accuracy, and less FRR and FAR measures, which shows the eﬀectiveness of
the proposed method in face recognition. Proposed method can be utilized in
the area of criminal identiﬁcation, forensic and ﬁnding missing persons where
number of samples available for training is limited.
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Table 2. Comparison of proposed method over various databases under variation in
training percentage and k-fold validation
Database

5

Training % variation
Accuracy FRR FAR

k-fold validation
Accuracy FRR

FAR

Grimace [19] 98%

0.0235 0.0225 95%

0.0471 0.0227

Faces95 [19]

98%

0.0225 0.0063 98%

0.0225 0.0055

CVL [20]

99.65%

0.0035 0.003

0.0035 0.004

99.65%

Conclusion

The accurate face recognition is performed using the Tetrolet - Local Directional
Pattern (Tetrolet - LDP) and CSO. The proposed method achieves high accuracy, and less FRR and FAR of 99.65%, 0.0033 and 0.003 respectively for training
percentage variation and 99.65%, 0.0035 and 0.004 respectively for k-Fold Validation, which shows the superiority of the proposed method in recognizing the
face in an eﬀective manner under limitation of availability samples for training
and testing. The system was tested on three databases and results shows consistent performance over the various databases. Implementation and computation
cost are the major advantages of the proposed system over recent methods like
deep learning.
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