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A novel algorithm based on fuzzy-rough sets is proposed for the recognition of hand
postures and face. Features of the image are extracted using the computational model of
the ventral stream of visual cortex. The recognition algorithm translates each quantita-
tive value of the feature into fuzzy sets of linguistic terms using membership functions.
The membership functions are formed by the fuzzy partitioning of the feature space into
fuzzy equivalence classes, using the feature cluster centers generated by the subtractive
clustering technique. A rule base generated from the lower and upper approximations of
the fuzzy equivalence classes classifies the images through a voting process. Using genetic
algorithm, the number of features required for classification is reduced by identifying the
predictive image features. The margin of classification, which is a measure of the discrim-
inative power of the classifier, is used to ensure the quality of classification process. The
fitness function suggested assists in the feature selection process without compromising
on the classification accuracy and margin. The proposed algorithm is tested using two
hand posture and three face datasets. The algorithm provided good classification accu-
racy, at a less computational effort. The selection of relevant features further reduced
the computational costs of both feature extraction and classification algorithms, which
makes it suitable for real-time applications. The performance of the proposed algorithm
is compared with that of support vector machines.

Keywords: Hand posture recognition; face recognition; human–robot interaction; feature
selection; fuzzy-rough sets; computer vision; biologically inspired vision.

1. Introduction

Hand posture and face recognition are two important areas of research in visual
pattern recognition, having wide applications in human–robot interaction (HRI),
human–computer interaction (HCI), and virtual reality (VR). Visual interaction is
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an easy and effective way of interaction, which does not require any physical contact
and does not get affected by noisy environments.

Recognition of hand gestures and face is useful for many tasks involving humans
and robots. However, designing a recognition system for a robot is a complex process
requiring adaptation to the varying and complex backgrounds, person-independent
recognition, fast processing speed, low-computational costs, and compatibility with
the system architecture and video interface. The challenge of solving this prob-
lem reliably and efficiently in realistic settings is what makes research in this area
difficult.

Hand gestures can be generally classified as static or dynamic gestures. Static
hand gestures (also called a hand posture) are those in which the hand position does
not change during the gesturing period. Static gestures rely only on the information
about the flexure angles of the fingers. In dynamic hand gestures (also called a hand
gesture), the hand position is temporal and it changes continuously with respect to
time. Dynamic gestures rely not only on the finger’s flex angles but also on the hand
trajectories and orientations. Dynamic gestures can be viewed as actions composed
of a sequence of static gestures that are connected by continuous motions. Therefore,
a dynamic hand gesture can be expressed as a hierarchical combination of static
gestures. In this article, the recognition of static hand gestures is considered.

There are different methods for hand gesture recognition. First attempts to solve
this problem resulted in mechanical devices that directly measure hand and/or arm
joint angles and spatial position, using glove-based devices. Later vision based non-
contact methods developed. The tools used for vision-based hand gesture recognition
can be broadly classified as (i) hidden Markov model (HMM)-based methods,1–6 (ii)
neural network- and learning-based methods,7–15 and (iii) other methods (graph-
algorithm-based methods,16–19 3D-model-based methods,20,21 statistical and syn-
tactic methods,22,23 eigen-space-based method,24 etc.).

The research efforts in face processing include face detection, face recognition,
face tracking, pose estimation, and expression recognition.25 The major recognition
methods applied to face images are eigenface, neural network, dynamic link architec-
ture, HMM, geometrical feature matching, and template matching.26 The surveys
on face recognition27 and face detection25 provide the details of these methods.

The present article considers the multi-class recognition of hand postures and
human faces. It proposes a fuzzy-rough set-based novel classification algorithm that
classifies the images at a less computational cost. The features of the images are
extracted using a cortex-like mechanism.28 The algorithm then partitions the fea-
ture space by fuzzy-discretization into fuzzy equivalence classes. The lower and
upper approximations of the fuzzy equivalence classes are obtained, which are used
to derive the fuzzy if-then rules. These rules are utilized for classifying a new
image, through a voting process. The proposed algorithm has a polynomial time
complexity.

By identifying the decision attributes, the performance of a classification algo-
rithm can be improved. The cost of classification is sensitive to the number of
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attributes/features used to construct the classifier. In the present work, genetic
algorithm (GA) is utilized to reduce the number of features required for classifica-
tion, by identifying and removing irrelevant and redundant features. The proposed
classifier is a margin classifier and it provides margin of classification, a measure of
the distance from the classification boundary. The margin of classification is used
to define the fitness function. The proposed fitness function assists in the feature
selection process without compromising on the classification accuracy and margin.
The reduction in number of features needed for classification reduced the number
of features to be extracted. This increased the speed of both feature extraction as
well as classification processes, which makes the proposed algorithm suitable for
real-time applications.

The proposed algorithm is tested using three face datasets (a subset of Yale
face database B,29 a subset of color FERET database,30 and a subset of CMU face
dataset31) and two hand posture datasets (a newly created dataset namely NUS
hand posture dataset, and Jochen Triesch hand posture dataset32). Moreover, the
algorithm is tested by capturing the hand images online, and the performance is
compared with that of support vector machines (SVM).

Section 2 of this article presents the necessary background information of the
proposed algorithm. Section 3 explains the proposed recognition algorithm. The
algorithm is tested on different datasets and the results are discussed in Sec. 4.
The article is concluded with the remarks provided in Sec. 5.

2. Background

This section presents a review of the concept of fuzzy-rough sets and a brief expla-
nation of the feature extraction system.

2.1. Fuzzy-rough sets

Real-world classification problems often involve continuous data that makes the
design of reliable classifiers difficult. One way to handle continuous data is by par-
titioning the data into crisp or discrete intervals. This process of discretization
determines how coarsely the data is split into intervals. The crisp discretization is
achieved by generating a set of cuts of features within the dynamic ranges of the
corresponding features. The positions of cuts are very sensitive to the subsets of the
information system, which are used to generate the cuts, as well as to the methodol-
ogy adopted. The position sensitivity of cuts may make the classification accuracy
adversely affected. Fuzzy sets, which are generalization of the classical sets, pro-
posed by Zadeh in 1963,33 offer solutions for tackling such difficulties associated
with continuous data. It suggests the fuzzy discretization of the feature space and
solves the problems associated with crisp discretization.

Pawlak introduced the rough-set theory in the early 1980s, as a tool to han-
dle inconsistencies among data.34–36 A rough set is a formal approximation of a
vague concept by a pair of precise concepts, the lower and upper approximations.
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No additional knowledge about the data, such as prior probability in probabilis-
tic approach or grade of membership in fuzzy-set theory, is required in rough sets.
Rough sets handle uncertainty by computing the lower and upper approximations
of the concept under consideration.

Fuzzy and rough sets, which are the two computational intelligence tools used for
decision making in uncertain situations, can be combined to form rough-fuzzy sets or
fuzzy-rough sets.37–44 Fuzzy- and rough-set theories are considered complementary
in that they both deal with uncertainty; vagueness for fuzzy sets, and deal with
indiscernibility for rough sets.38 Combining the two theories provides the concept
of lower and upper approximations of fuzzy sets and it is useful for addressing
the classification problems.40,45–47 The present work utilizes the fuzzy-rough set
approach for the recognition of hand postures and human faces.

A fuzzy similarity relation is used to replace an equivalence relation in the rough
sets, resulting in a deviation of rough-set theory namely the fuzzy-rough sets.37,38 In
fuzzy-rough sets, the concept of crisp equivalence classes, which form the basis for
rough-set theory, is extended to fuzzy-set theory to form fuzzy equivalence classes.38

In fuzzy-rough sets the equivalence class is fuzzy in addition to the fuzziness in the
output class.45

Let the equivalence classes be in the form of fuzzy clusters F1, F2, . . . , FH , which
are generated by the fuzzy partition of the input set X into H number of clusters.
Then, the description of any fuzzy set Cc (output class) by means of the fuzzy
partitions under the form of a lower and an upper approximation Cc and Cc is as
follows:

µCc(Fj) = inf
x
{max(1 − µFj (x), µCc(x))} ∀x ∈ X

µCc
(Fj) = sup

x
{min(µFj (x), µCc(x))} ∀x ∈ X. (1)

The tuple
〈
Cc, Cc

〉
is called a fuzzy-rough set. Here, µFj (x) and µCc(x) are the fuzzy

membership of the input x to the fuzzy equivalence class Fj and output class Cc,
respectively. The fuzzy-roughness appears when a fuzzy equivalence class contains
patterns that belong to different classes.

Fuzzy equivalence classes and fuzzy lower and upper approximations have been
successfully applied in classification problems.48–51 Most of these techniques make
use of pre-defined fuzzy membership functions for the development of the classifier.
The current work proposes an algorithm that automatically generates fuzzy mem-
bership functions and corresponding classification rules for pattern classification,
directly from the training dataset, based on the fuzzy-rough set approach.

2.2. Feature extraction

The features of the image that are to be used for pattern recognition is an ongoing
research topic in computer vision. Gabor wavelet (also known as Gabor function or
Gabor filter) based features have good discriminative power between different tex-
tures and shapes in the image. Gabor filters resemble the receptive fields of neurons



November 8, 2010 11:59 WSPC/S0219-8436 191-IJHR
S0219843610002180

Hand Posture and Face Recognition Using a Fuzzy-Rough Approach 335

in the primary visual cortex of mammals.52 Use of the 2D Gabor wavelet repre-
sentation in computer vision was pioneered by Daugman.53 Serre et al. extended
this approach28,54 with a hierarchical system imitating the primate visual system,
based on a quantitative theory of the ventral stream of the visual cortex.55 The
features proposed by them, namely the C2 standard model features (SMFs), are
scale and position-tolerant, and the feature extraction algorithm does not require
the segmentation of the image. In addition, the number of the extracted features is
independent of the input image size. They used the features for robust object recog-
nition.28,54 Later, these features were used for hand-writing recognition56 and face
recognition.57 The proposed algorithm utilizes the C2 features for the multi-class
recognition of human faces and hand postures.

The visual object recognition is mediated by the ventral visual object-processing
stream in the visual cortex.55,58 Serre et al.28 proposed a computational model of the
ventral stream, based on the standard model of visual object recognition.55 This
model provides an algorithm for feature extraction, which comprises four layers
(Table 1), that imitates the feedforward path of object recognition in the ventral
stream of primate visual cortex.55

Layer 1 (S1) consists of a battery of Gabor filters with different orientations
(4) and sizes (16 sizes divided into 8 bands). This imitates the simple cells in the
primary visual cortex (V1) that filters the image for the detection of edges and
bars. Layer 2 (C1) models the complex cells in V1, by applying a MAX operator
locally (over different scales and positions) to the first layer results. This operation
provides tolerance to different object projection size, its position and rotation in
the 2D plane of the visual field. In layer 3 (S2), radial basis functions (RBFs) are
used to imitate the V4 and posterior inferotemporal (PIT) cortex. This aids shape
recognition by comparing the complex features at the output of C1 stage (which
corresponds to the retinal image) with patches of previously seen visual image and
shape features (in human, these patterns are stored in the synaptic weight of the
neural cells). Finally, the fourth layer (C2) applies a MAX operator (globally, over
all scales and positions) to the output of layer S2, resulting in a representation that
expresses the best comparison with previously seen images. The output of layer 4
is the C2 SMFs, which are used for the classification of the image.

Simple cells in the third layer implement an RBF, which combines bars and
edges in the image to more complex shapes. RBFs are a major class of neural net-
work model, comparing the distance between input and a prototype.59 The response

Table 1. Different layers in the C2 feature extraction system.

Layer Process Represents

S1 Gabor filtering Simple cells in V1
C1 Local pooling Complex cells in V1
S2 Radial basis functions V4 & posterior inferotemporal cortex
C2 Global pooling Inferotemporal cortex
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of each S2 unit depends in a Gaussian-like way on the Euclidean distance between
a new input and a stored prototype. The prototype patches of different sizes (center
of the RBF units) are drawn randomly (random image and position) from the train-
ing images at the level of the second layer (C1). Each patch contains all the four
orientations. The third layer compares these patches by calculating the summed
Euclidean distance between the patch and every possible crop (combining all ori-
entation) from the image of similar size. This comparison is done separately with
each scale-band representation in the second layer.

The final set of shift and scale invariant C2 responses is computed by taking a
global maximum over all scales and positions for each S2 type, i.e., the value of the
best match between a stored prototype and the input image is kept and the rest is
discarded. Each C2 feature corresponds to a specific prototype patch with a specific
patch size (in layer 3). The more the number of extracted features the better is the
classification accuracy. However, when more number of features are extracted, the
computational burden (both for feature extraction and classification) will increase.
In the present work, 250 prototype patches with four different patch sizes are used
for the feature extraction, similar to that done in the object-recognition task.28 The
total number of features extracted is 1000. The relevant features that are good in dis-
criminating different classes are selected from these 1000 features, which reduce the
feature extraction and classification time, by maintaining the classification accuracy.

3. The Proposed Recognition System

The proposed recognition algorithm is discussed in this section. The recognition of a
pattern in the image consists of two processes, feature extraction and classification.
The aim is to come up with a simple algorithm that is computationally less intensive,
while automatically generating a classifier from the training set, using the fuzzy-
rough set approach.

Figure 1 shows an overview of the components of the proposed recognition sys-
tem. The available data is divided into training, validation, and testing datasets.
The classification rules are generated in the training phase, after extracting the
features of the image. The discriminative features of the images are identified and
selected in the feature selection phase. In the testing phase, the images are classified
using the generated classification rules.

3.1. Training phase

This section explains the various steps associated with the training of the classifier.
Figure 2 shows the training phase of the classifier. The features of the image are
extracted using the C2 feature-extraction system explained in Sec. 2.2. The fuzzy
discretization of the feature space is done using the cluster centers identified by the
subtractive clustering technique.60 Then, the lower and upper approximations of the
fuzzy sets are found out and the classification rules are generated. The following
subsections explain each of these phases.
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Fig. 1. Overview of the recognition algorithm.

Fig. 2. Training phase of the recognition algorithm.

3.1.1. Fuzzy membership functions from feature cluster centers

The fuzzy membership functions are created in this step using the feature cluster
centers, and these are utilized to partition the data into fuzzy equivalence classes.
The subtractive clustering technique,60 which is an extension of Yager’s mountain
clustering method,61 is utilized to identify the feature cluster center points. Sub-
tractive clustering assumes that each data point is a potential cluster center and
calculates a measure of the likelihood that each data point would define the cluster
center, based on the density of surrounding data points. The algorithm selects the
data point with the highest potential as the first cluster center and then removes
all the data points in the vicinity (as specified by the subtractive clustering radius
that usually lies within [0.2, 0.5]) of the first cluster center. The second data cluster
and its center point are identified next. This process is repeated until every data
sample is within the radius of one of the cluster centers.
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Fig. 3. Formation of membership functions from cluster center points.

The cluster centers are determined for each feature (in the feature vector corre-
sponding to the training images) of each class. In subtractive clustering, the number
of clusters increases with smaller radius leading to increased computational require-
ments. The clustering radius used in the present work is 0.5. The number of cluster
centers generated varied from 1 to 3. Once the data clusters are identified, the peaks
of the triangular membership functions are placed at these points and, its left/right
sides span to adjacent left/right data cluster centers. The minimum/maximum fea-
ture values position the left/right sides of the leftmost/rightmost membership func-
tions. For example, if a set of cluster points cp1 = {0.35, 0.5, 0.8} are obtained for
a feature A, which is within the range [0.1, 0.9] for class C, then the triangular
membership functions for A, for class C are as shown in Fig. 3.

A set of membership functions is obtained for each feature of every class using
the cluster center points. The training data is then fuzzified using the generated
membership functions and the lower and upper approximations are obtained.

3.1.2. Modified fuzzy membership functions

It is found that the same fuzzy equivalence class contains the samples from different
output classes, which cause the fuzzy-rough uncertainty. The proposed algorithm
finds the lower and upper approximations of the fuzzy equivalence classes. The
limiting values of the memberships that partition the definite and possible members
of the output class are identified. The classification rules are generated utilizing
these membership values. The limiting values of the memberships are calculated as
follows (Fig. 4).

Let MF be the fuzzy set associated with a particular cluster center point of a
feature in a class and,

µmax(Ci) = max{µMF [xCi(l)]}, (2)

where, xCi(l) is a sample from the class Ci, and,

Cmax = argmax
Ci

{µmax(Ci)}, (3)
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Fig. 4. Modified fuzzy membership function.

then,

µ∗ = max
Ci �=Cmax

{µmax(Ci)}. (4)

µ∗ is the maximum of the membership values associated with data samples belong-
ing to classes other than Cmax. This limiting value of membership entails the rule:
if any µMF (x) > µ∗, then the associated class is Cmax. This rule implies that if
the value of the particular feature A is within [AL1, AH1], then the sample belongs
to class Cmax. These membership limits decide whether a particular sample is a
definite or possible member of the output class (Cmax). The rule always holds true
for the training samples. However, some of the rules classify only a small number
of training samples (say one or two), if the samples from various classes are well
mixed. To increase the reliability of the classifier by avoiding the generation of rules
from outlying data points, only those rules that classify two or more number of
training samples are stored in the rule base. In order to classify a new sample, a
generalization of the rule is needed, which is provided in Sec. 3.1.3.

3.1.3. Generation of classification rules

The generalized classification rules are discussed in this section. Let {µ∗
ijk} be the

set of membership values obtained as per Eq. (4), where

i 1, . . . , p : p — number of classes,
j 1, . . . , q : q — number of features,
k 1, . . . , r : r — number of clusters corresponding to the jth feature of the

ith class,

then the following two rules are utilized for classifying the patterns. Rule 1 is a
voting step, whereas Rule 2 is the decision-making step.

Rule 1:

IF [µMFijk
(x) > µ∗

ijk ] THEN [NCi = NCi + 1], (5)
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where x is the sample to be classified and NCi is the number of votes for a particular
class Ci.

Rule 2:

C = argmax
Ci

{NCi}, (6)

where C is the class to which the sample belongs to.
For example, in case of a dataset with three classes, the number of votes in

the three classes namely NC1 , NC2 , and NC3 is calculated for the particular sam-
ple under consideration (Rule 1). Rule 2 then identifies the class with maximum
votes. Rules 1 and 2 serve to form the classifier rule base, keeping the algorithm
computationally simple.

The proposed classifier is a margin classifier that provides the minimum distance
from the classification boundary, namely margin of classification (MC ), for each
sample. The margin of classification of a particular sample for the proposed classifier
is defined as,

MC = number of positive votes − max · (number of negative votes). (7)

For a sample from class 1, let the values NC1 = 90, NC2 = 5, and NC3 = 10 (in
the case of a three-class classification problem). Then, the MC for the sample is
90 − 10 = 80. In this case, the sample received 90 positive votes.a The number of
negative votes are five and ten in classes 2 and 3, respectively. A positive margin
indicates correct classification whereas negative margin indicates misclassification.
In Sec. 3.2, the margin of classification is used to identify the relevant features of
the image.

3.2. Feature selection algorithm

The number of features used to describe a pattern determines the size of the search
space to be explored.62 An abundance of features increases the size of the search
space, thereby increasing the time needed for classification. The cost of classifi-
cation in any classification process is sensitive to the number of features used to
construct the classifier. The available features in a dataset can be categorized into
four. (i) Predictive/relevant: the features that are good in discriminating between
different classes; (ii) Misleading: the features that affect the classification task neg-
atively; (iii) Irrelevant: the features that provide a neutral response to the classifier
algorithm; and (iv) Redundant: the features of a class that have other relevant fea-
tures for the discrimination. The presence of misleading features will reduce the
classification accuracy and the presence of irrelevant and redundant features will
increase the computational burden. It is desirable to remove such attributes from
the dataset. The removal of misleading, irrelevant, and redundant features reduces

aVoting is positive if the voted class and the actual class are the same. Otherwise it is negative.
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Fig. 5. Feature selection and testing phase.

the size of the rule base of a classifier by preserving the relevant and predictive fea-
tures. This process is known as attribute reduction63 or, in the context of machine
learning, feature selection.64

In the present work, the feature reduction is done in two stages. The first stage is
a pre-filter that filters out the misleading features. The second stage is a GA-based
feature selection algorithm that removes the irrelevant and redundant features. The
feature reduction process is depicted in Fig. 5.

Each classification rule in the proposed classifier corresponds to a particular
feature of the image. The classification rules provide positive or negative votes to the
samples. This helps to identify the relevant features (the features that provide more
positive votes) of the image. The proposed margin of classification (7) is utilized
for the feature selection process. The selection of the relevant features improves the
performance of the recognition system and reduces the computational burden of
the overall algorithm.

3.2.1. Pre-filter: weeding out the misleading features

Pre-filter (Fig. 6) identifies and removes the features that give negative votes in the
classification process. The features, which negatively vote for two or more samples
as per Eq. (5), are weeded out. The validation data is sorted in the ascending order
of the margin of classification and those samples that have less MC are considered
(the samples that have less MC have more negative votes and are nearer to the
classification boundary). The features that vote these samples negatively are then
identified and removed from the dataset. For example, if x(1), x(2), x(3), and x(4)
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Fig. 6. Flowchart of the pre-filter.

are the first four samples in the sorted list and A1, A2, A3 and A4 are the subsets of
features (the misleading feature subsets) that give negative votes to these samples,
respectively, then, the set of features eliminated is A′, where A′ consists all the
features that are members in at least any two of the subsets A1, A2, A3, and A4. The
process is iterated a few times by repeating the validation procedure. The number of
iterations needed depends on the nature of the dataset. More number of iterations
are undergone for a dataset with large number of misleading features. In the present
work, the number of iterations used is three. The elimination process is a simple
operation, but it has significant effect in increasing the margin of classification and in
reducing the computational load at the second stage (as the number of classification
rules is reduced).
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3.2.2. Feature selection using GA

GAs are widely used for feature selection and extraction in machine learning.65–69 In
the present work, GA is utilized to remove the irrelevant and redundant features.
A fitness function is defined, which considers the accuracy, cost, and margin of
classification in accordance with the classification algorithm proposed in Sec. 3.1.

Each chromosome in the population represents the set of features used for clas-
sification. A chromosome consists of Np bits and each bit represents a specific fea-
ture. When a particular bit is unity, it indicates the presence of the feature and its
absence is indicated by a zero. In the present work, the value of Np is 200. Elitism
technique is utilized to create a new population and the fitness function Eq. (8) is
minimized.

F = w1 ∗ N1 + w2 ∗ N2 − w3 ∗ N3, (8)

where

N1 number of misclassifications,
N2 number of features used for classification,
N3 minimum MC (minimum of MCs of different samples),
w1, w2, and w3 weighing factors.

N1 represents the accuracy of classification and N2 represents the computational
expense (presence of more features leads to more classification rules and so is the
computational cost). N3 provides preference to chromosomes with better margin of
classification. The minimum margin of classification is the margin of the sample that
is nearest to the classification boundary. w1, w2, and w3 are to be tuned depending
on the dataset. An empirical guideline is to select the weights (w1, w2, and w3)
such that w1 > w2 > w3, which provides the first preference to the accuracy of
classification, second preference to the number of features, and third preference to
the margin of classification. In the present work, the values of w1, w2, and w3 are
1.0, 0.6, and 0.4, respectively.

The cross-over and mutation rate used are 0.9 and 0.01, respectively. The popu-
lation size of the GA is kept 100. Iterations are done until the pre-decided maximum
number of iterations (50 in the present work) is reached or till a nonzero classifi-
cation error is originated. If iteration is stopped after the origination of a nonzero
classification error, then the features used in the previous iteration is selected. The
number of features needed for classification is decided by taking the average over
ten runs of GA.

A detailed flowchart of the classifier development algorithm is provided in Fig. 7.

3.3. Testing phase

Figure 8 shows the flowchart of the testing phase of the recognition system. The
selected features of the unlabeled test images are extracted using the C2 feature-
extraction system. Then, the memberships of these features in different classes are
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Fig. 7. Flowchart of the classifier development algorithm.

calculated using the membership functions formed in the training phase. This mem-
bership values are compared with the limiting value of the membership function (4)
and the classification is done using Rules 1 and 2. Each of the execution steps of
the classifier consists of a few number (which is equal to the number of cluster cen-
ters of the feature) of comparisons, using the classification rules, which makes the
algorithm computationally simple. The classification results are discussed in Sec. 4.



November 8, 2010 11:59 WSPC/S0219-8436 191-IJHR
S0219843610002180

Hand Posture and Face Recognition Using a Fuzzy-Rough Approach 345

Fig. 8. Flowchart of the testing phase.

3.4. Computational complexity analysis

The different parameters at the input of the recognition system are the number of
classes and the size of the input image. The complexity of the recognition algorithm
has two components, complexity due to the feature extraction system and that due
to the proposed classifier. This section discusses the computational complexity of
the classifier algorithm.

The fuzzy-rough pattern classifier is formed using the classification rules gener-
ated in the training phase. The pseudo code of the classifier is shown in Fig. 9. Let
p be the number of classes and q be the number of selected features at the input
of the classifier. The complexity of the algorithm is as follows: O(q) for reading the
image features, O(pq) for reading the trained parameters of the classification rules,
O(pq) for the fuzzy membership calculation and voting process, and O(p) for finding
the class index that received the maximum number of votes. Therefore, the overall
complexity of the algorithm is polynomial time, O(pq). As the feature extraction
algorithm provides a fixed number of features, independent of the input image size,
the effective complexity of the classification algorithm reduces to O(p).
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Fig. 9. Pseudo code of the classifier.

4. Experimental Evaluation

The proposed algorithm is tested using three face datasets and two hand posture
datasets (Table 2). The datasets contain ten classes with equal number of samples.
The dataset is divided into N subsets, with equal number of images. The images
in the first subset are used for the development of the classifier while those in the
remaining N − 1 subsets are used for testing. The classifier development is then
done using the second subset and the algorithm is tested using the remaining N −1
subsets. The experiments are repeated in a similar fashion, N times, until each of
the subset is used for the development, and the average accuracy achieved over the
N runs is reported. The values of N are two and four (N = 2, 4 corresponds to
50%, 25% images in one subset respectively). The data subset used for the classifier
development is equally divided into training and validation sets. The classification
results are compared with that of SVMs with polynomial kernel, implemented using
LIBSVM.70

Table 2. Different datasets used.

Dataset Source # images

Face dataset-1 Subset of Yale face database B29 640
Face dataset-2 Subset of color FERET database30 240
Face dataset-3 Subset of CMU face dataset31 240
Hand posture dataset-1 NUS hand posture dataset 240
Hand posture dataset-2 Jochen Triesch hand posture dataset32 480
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4.1. Face recognition

The proposed recognition algorithm is tested using three different face datasets that
have variation in lighting direction (Yale face database B29), variation in pose (color
FERET database30), and illumination variation (CMU face dataset31).

The first face dataset considered is a subset of the Yale face database B,29

which contains ten classes of face images, taken from different lighting directions
(Fig. 10(a)). It consists of 640 frontal face images. A comparison of the achieved
results with that of SVM using C2 features is provided in Table 3. The fuzzy-rough
classifier provided full classification of the dataset, whereas SVM provided 99.38%
accuracy, when N = 2. The proposed algorithm classified the dataset utilizing only
86 number of features, whereas SVM utilized all the 1000 features.

The second face dataset used is a subset of the color FERET database.30 The
subset contains ten classes of face images, with variations in pose (Fig. 10(b)). It

(a)

(b)

Fig. 10. Sample images from (a) Yale face dataset, (b) FERET face dataset, and (c) CMU face
dataset.
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(c)

Fig. 10. (Continued)

Table 3. Recognition results — face datasets.

Dataset No. of FRC* SVM
Training
Samples Accuracy No. of Accuracy No. of

(%) Features (%) Features

A subset of Yale 160 (N = 4) 99.16 95 98.33
face dataset29 320 (N = 2) 100.00 86 99.38

A subset of color 60 (N = 4) 88.89 111 88.33
FERET database30 120 (N = 2) 91.66 102 90.83 1000

A subset of CMU 60 (N = 4) 99.44 62 98.88
face dataset31 120 (N = 2) 100.00 55 100.00

∗Fuzzy-rough classifier.

consists of 240 images. A comparison of the results with that of SVM is provided
in Table 3. The proposed algorithm needed only 102 features (when N = 2) for the
classification and it provided better accuracy compared to SVM classifier.

The third face dataset considered is a subset of the CMU face dataset.31 It has
good amount of illumination variation as shown in Fig. 10(c). The dataset consists
of 240 frontal face images (24 from each class). The recognition results are provided
in Table 3. Both the proposed algorithm and the SVM classifier classified the dataset
fully. However, the proposed algorithm did the classification with lesser number of
features.

4.2. Hand posture recognition

As the number of available hand posture datasets is limited, a new dataset namely
the NUS hand posture dataset,b with ten classes of hand postures, is created. It

bThis dataset is available on an e-mail request to prahlad@nus.edu.sg.
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(a)

(b)

Fig. 11. Sample hand posture images from (a) NUS dataset and (b) Jochen Triesch dataset.

consists of 24 sample images per posture, which are captured by varying the posi-
tion and size of the hand within the image frame. These are gray-scale images
(160× 120 pixels). The hand postures are selected in such a way that the inter class
variation in the appearance of the postures is less, which makes the recognition task
more challenging. Sample images are shown in Fig. 11(a). The better performance
of the proposed algorithm is evident from the recognition results (Table 4). The

Table 4. Recognition results — hand posture datasets.

Dataset No. of FRC* SVM
Training
Samples Accuracy No. of Accuracy No. of

(%) Features (%) Features

NUS hand 60 (N = 4) 91.66 98 91.80
posture dataset 120 (N = 2) 93.33 92 92.50

Jochen Triesch hand 120 (N = 4) 95.83 72 94.44 1000
posture dataset17 240 (N = 2) 98.75 63 97.91

∗Fuzzy-rough classifier.
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proposed algorithm utilized only 92 number of features (when N = 2) for the clas-
sification. The misclassifications occurred are mostly between the classes that are
similar.

The second hand posture dataset considered is Jochen Triesch hand posture
dataset.32 The ten classes of hand postures (Fig. 11(b)), performed with 24 differ-
ent persons, against light and dark backgrounds, were considered for the classifica-
tion (total of 480 images). The images vary in size of the hand and shape of the
postures. The proposed algorithm achieved better classification accuracy on com-
parison with SVM (Table 4). The classification is done utilizing 63 selected features
(when N = 2), whereas the SVM classifier utilized all 1000 features.

4.3. Online implementation and discussion

The proposed recognition system is implemented online in Windows platform to test
the computational performance. The algorithm is developed using the NUS hand
posture dataset for the recognition of hand postures. The image to be recognized
is accessed using a web-camera, resized and converted to gray scale, similar to the
training images.

The algorithm is tested by showing each hand posture 20 times. The hand
postures are performed by different persons, with variation in size and shape of the
hand posture, and with different lighting conditions. The algorithm recognized the
postures with an accuracy of 94.5%.

Table 5 provides a comparison of the average computational time of the proposed
algorithm with that of SVM. The total time for recognition is divided into two,
the time for the feature extraction, and the time for the classification. In the SVM
classifier, all the 1000 features are utilized for the classification, and so 1000 features
are extracted. The proposed algorithm needs only a subset of the 1000 features. This
reduced both feature extraction and classification time (the proposed classifier took
lesser time for classification even when 1000 features are utilized).

Each of the extracted C2 SMF corresponds to a particular prototype patch
with a specific patch size, as explained in Sec. 2.2. The selection of relevant
features identified the prototype patches those are good in the inter class dis-
crimination. This enhanced the shape selectivity. In addition, it decreased the pro-
cessing time for the feature extraction, which is a major limitation of the feature
extraction algorithm proposed by Serre et al.28 The significant reduction in the
feature extraction and classification time makes the algorithm suitable for real-time
applications.

Table 5. Comparison of computational time.

Proposed Algorithm SVM

Feature extraction 1.92 s 7.43 s
Classification 0.96ms 3.24ms
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5. Conclusion

A hand posture and face recognition algorithm using C2 SMFs, and based on the
concepts of lower and upper approximations of fuzzy equivalence classes, is pro-
posed. The fuzzy membership functions and the corresponding classification rules
are generated from the training images and the classification is done by a simple
voting process. The predictive features in the dataset are selected using a GA-based
feature selection algorithm. The proposed fitness function reduces the number of fea-
tures required for the classification, without compromising on the classification accu-
racy. The performance of the algorithm is evaluated with some well-known datasets.
The recognition results are compared with that of an SVM classifier. The proposed
algorithm provided good recognition accuracy for all the datasets considered, at a
less computational cost, which makes it suitable for real-time applications.
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