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Abstract-In this paper we present a performance comparison of
two feature extraction methods applied in a gender recognition
system. The gender recognition systems built in this paper consist
of pre-processing steps, feature extraction methods, and
classifiers. The two feature extraction methods compared in this
paper are Principal Component Analysis (PCA) and Linear
Discriminant Analysis (LDA). The classifier used in the system is
nearest neighbor classifier using Euclidean distance measure.
The performances of the systems are expressed by their
accuracies which are measured using 2-, 5- and 10-fold cross
validation. Our experiments.show that the best performance is
achieved by the system using LDA. The performance of the
proposed system is evaluated using two types of data sets, namely
real-world data (from which we create the cropped and non-
cropped data sets) and a controlled environment data from the
VISiO-Lab data set. The system achieves an average of
accuracies of 81.08% for cropped test data set, 62.66% for non-
cropped test data set, 85.90% for VISiO-lab data set using 10-
fold cross validation.

Keywords- gender recognition system; principal component
analysis; linear discriminant analysis; nearest neighbor classifier;
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1
.
 INTRODUCTION

The gender recognition system is a system which is used to
classify data into one of two classes, male or female. The
gender recognition systems built in this paper consists of the
pre-processing, feature extraction method, and classifier. The
pre-processing built in this paper consists of converting images
from RGB to grayscale, histogram equalization, and resizing
images. In this paper, we will compare two feature extraction
methods. The methods are Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA). The classifier
used in this system is the nearest neighbor classifier using
Euclidean distance measure.

Several gender recognition systems have been proposed in
the literature. For example, Cotrell [1] proposed a gender
recognition system using neural network as a classifier. The
proposed system achieved a classification rate up to 63%.
Another system is proposed by Lyons [2], who used Gabor
wavelets with PCA and LDA to implement facial attribute
classifier system and PCA for a gender classifier. He reported

that the system achieved a classification rate up to 91.3%.
Finally, a system proposed by Castrillon and Santana [3] used
Support Vector Machine and PCA. They achieved a
classification rate up to 70-75%.

In this paper, we use PCA and LDA because these methods
work based on dimension reduction. PCA is a technique for
reducing the dimensionality of an object while concentrating
on the aspects that provide the most variation within a group
[4], LDA is a scheme for feature extraction and dimension
reduction which computes a transformation by minimizing the
within-class scatter and maximizing the between-class scatter
simultaneously [5],

The contents of this paper is built up as follow. In Section
II, we shall discuss the PCA and LDA methods in more details
and also the classifier we use, the nearest neighbor classifier. In
Section III we present the overview of the proposed system. In
Section IV we present our experiment setup and results.
Finally, in Section V we present our conclusions and some
pointers to our future work.

II. Feature Extraction and Classification

A
. Principal Component Analysis

Principal component analysis (PCA) is a data analysis
technique which finds linear transformations of data such that
maximal amount of variance is retained [6]. PCA can be used
to reduce the dimensionality of an object while concentrating
on the aspects which provide the most variation within a group.
Principal Components are extracted that represent decreasing
amounts of variation within a group, with the proviso that it is
orthogonal to the first [4].

Let Ah the training image which has been processed by
using the pre-processing methods, be the input of the PCA
method. The steps of implementing the PCA methods are,
presented as follow. The interested reader is referred to [7] for
a more detailed description.

1
. Reshape each matrix A, into a column vector a,.

2
.
 Subtract the mean from each column vector a,

producing vector b, which has zero mean.
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3
. Calculate covariance matrix of vectors b/.

4
. Calculate Eigen vector and Eigen value of covariance

matrix.

5
. Find the principal component of training data (i.e.,

Eigen vector)

B
. Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a technique that is
used to find a linear combination of features which characterize

or separate two or more classes of objects [8], LDA projects
the data onto a lower-dimensional vector space [5]. LDA
computes a transformation by minimizing the within-class
scatter and maximizing the between-class scatter
simultaneously. The transformation in LDA can be computed
by applying Eigen decomposition on the scatter matrices [9],

A summary of the steps needed to implement the LDA
method is presented below. A more detailed description of the
steps can be found in [7].

1
. Find the mean of each class of the training data set.

2
.
 Find the scatter matrix and total scatter matrix of

scatter matrix within class of the training data set.

3
. Find the scatter matrix between classes of training

data set.

4
. Calculate the. Eigen vector and Eigen value of the

product of the scatter between classes and the inverse
of the total scatter within class.

5
. Find the LDA feature vector (i.e., Eigen vector) of

training data set

C
. Nearest Neighbor Classifier

Nearest neighbor classifier is a simple method which can be
used as a machine learning algorithm [10]. Nearest neighbor
classifier assumes that for a given point in the feature space the
surrounding area will share the same class. A nearest neighbor
classifier uses a metric that measures the distance between a

testing data and a set of training data in memory. The testing
data are then classified according to the class of its nearest
neighbor.

In this paper, we use the Euclidean distance metric to
determine similarity. Euclidean distance is the most common
distance metric in which each sample is treated as a point in an
ÿ-dimensional feature space [11],

III. System Description

In this section, we shall discuss the proposed system in
more details. We begin by discussing the pre-processing step
implemented in the system and then proceed to discuss the
system overview.

A
. Pre-Processing

Pre-processing is used to improve the quality of the image
and make it ready for further processing [12], Pre-processing
step implemented in this paper consists of converting images
from RGB to grayscale, histogram equalization, and resizing
images.

1) Converting Images from RGB to Grayscale
Converting images from RGB to grayscale is a process

which works by eliminating color information and saturation
while maintaining lighting (luminance) [13]. Luminance is
energy total of source that are captured by observer [13].

2) Histogram Equalization
The histogram equalization is a transformation process of

pixel intensity values distribution to achieve a uniform pixel
intensity values distribution [13]. The histogram equalization
can help the classification process because it can improve
contrast of an image.

3) Resizing Images

Resizing images is a process to modify pixel of an image
size. The purpose of resizing images is to make a standard size
of the input images. Furthermore, a smaller image size will also
reduce the computational load.

The flow chart of the pre-processing step is shown in
Figure 1.

ÿ Images Data

Z Pre-ProcessedData

Figure 1. Flow Chart of The Pre-Processing Step
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B
. System Overview

The proposed systems operate in two stages, namely the
training and testing stages. During the training stage, the
preprocessed training data is processed using either the PCA or
the LDA methods.

During the training stage of the system using PCA method,

we use PCA to find the principal components (PC's) of the
training data. After obtaining the principal components, we

proceed to project the training data to the principal
components. During the testing stage, we project the testing
data to the principal components obtained during the training
stage. The projected testing data are then classified into one of
two classes, male or female, using nearest neighbor classifier
based on the projected training data.

During the training stage of the system using LDA method,

we extract LDA features of training data. After obtaining the
LDA features, we project the training data to the LDA features.
During the testing stage, we project the testing data to the LDA
features obtained during the training stage. The projected
testing data are classified into one of two classes, male or
female, using nearest neighbor classifier based on the projected
training data.

Figure 2 shows the blo'ck diagram of the system that uses
the PCA method, while Figure 3 shows the block diagram of
the system that uses the LDA method. In these figures, the
training stage is shown on the left side and the testing stage is
shown on the right side.

Training Testing
Data Data

Male/Female

Figure 2. Block Diagram for Gender Recognition System Using
PCA Method

Training Testing
Data Data

Male/Female

Figure 3. Block Diagram for Gender Recognition System Using
LDA Method

IV. Experimental Results

A
. Experimental Setup

In this paper, we will use two different types of data set.
The first data set that we use in this paper consists of the real
world data and the second data set that we use in this paper
consists of controlled-environment data that we obtained from

VISiO-lab [14].

The first data set we use in this paper consists of 500
images. These images are captured using a web camera
connected to computer USB port. We create two variations of
data set. The first variation of data set is a group of images
which were manually cropped such that they consist of only the
facial areas of the subjects. The second variation of data set is a
group of non-cropped images. These images consist of the
subject and the surrounding areas. Each image in the non-
cropped image data set has a resolution of 640 * 480 pixels.
Examples of the images in this first data set are shown in
Figure 4. Each image in the cropped image data set has a
resolution of 96 * 128 pixels. Images from the cropped data set
are resized to a resolution of 24 x 32 pixels while the images
from the non-cropped data are resized to a resolution of 32 f
24 pixels. Examples of the images in this first data set are
shown in Figure 5.

The second data set we use in this paper consists of 100
images. These images are obtained from VISiO-lab data set
[14], All images in this data set have a homogenous white
background. Furthermore, the images were captured under a
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controlled ambient light. Each image in the VISiO-Lab data set
has been aligned and cropped. Each image in the second data
set has resolution 64 x 64 pixels, which are then resized to a
resolution of 32 x 32 pixels. Examples of the images in this
second data set are shown in Figure 6.

Figure 4. Non-Cropped Images Data (a) Male (b) Female

Figure 5. Cropped Images Data (a) Male (b) Female

B
. Analysis of Experimental Result

The experiments conducted in this paper used cross
validation to measure the performance of each system. Cross
validation is a technique for assessing how the result of a
statistical analysis will generalize to an independent data set
[15], We use three types of cross validation, namely the 2-fold,
5-fold and 10-fold cross validation

.
 The total number of

training and testing images is 500 for first data set and 100 for
second data set. Because we have different number of data set
we couldn,

t compare it.

Tables 1, II and III present the average accuracy and the
standard deviation of the system using 2-fold, 5-fold and 10-
fold of cross validation

, respectively, using the first data set as
input. For system using PCA method, the number of the
principal component are 210 for cropped data set and 40 for
non-cropped data set. For system using LDA method, the
number of LDA feature is 760 for cropped data set and non-
cropped data set.

Tables 1, 11, and 111 also show the variation of images data
set used. From Tables 1, II and 111, we can see that the best
accuracy is achieved by the system that implements the LDA
method, because LDA minimizes the within-class scatter and
maximizes the between-class scatter. We can also conclude

from the tables that the use of the cropped image data set yields
better accuracy compared to that of the non-cropped image
data set. The classification results of the non-cropped data set
were lower because of the larger background area. Finally, we

can also conclude that the 10-fold cross validation gives better
classification results since the number of training data used is
larger than the number of training data used in 2- and 5- fold
cross validation.

Table IV present the average accuracy and the standard
deviation of the system using the VISiO-lab data set as input.
For system using PCA method, the number of the principal
component is 20 and for system using LDA method, the
number of LDA feature is 550.

This table also shows the variation of cross validation that

is used, i.e., 2-fold, 5-fold and 10-fold. From Table IV, we can
see that the best accuracy is achieved by the system that
implements the LDA method using 10-fold cross validation.
Furthermore, this table also shows that the system achieves
better performance when the VISiO-lab data set is used. This is
due to the fact that this data set is taken in a controlled

environment, producing images with fewer variations of
background, lighting and orientation.

TABLE 1. Result of Average Accuracy Using 2-Fold Cross
Validation

(b)

Variation of

Data set

PCA LDA

mean STDEV mean STDEV

Cropped 77.14% 1
.

88% 78.54% 1
.
05%

Non-Cropped 58.16% 1
.
27% 58.12% 1

.
35%

Figure 6. VISiO-lab Images Data (a) Male (b) Female
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TABLE 11. Result of Average Accuracy Using 5-Fold Cross
Validation

From the experiment results, we can conclude that the best
result is achieved when the controlled-environment data set is

used. In comparing the real-world data set, we can conclude
that better result is achieved when the cropped data set is used.
Furthermore

, we can also conclude that the LDA method has
better accuracy than PCA and the best accuracy is achieved by
LDA using 10-fold cross validation, namely 81.08% for images
in the cropped data set, 62.66% for images in the non-cropped
data set, and 85.90% for VISiO-lab images data set.

In our future work
, we plan to implement an automatic face

detection subsystem. By implementing an automatic face
detection subsystem, the input image from the camera can be
automatically segmented such that the areas containing a facial
region can be cropped and used as an input for the feature
extraction and classification subsystems.
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Variation of

Data set

PCA LDA

mean STDEV mean STDEV

Cropped 77 32% 1
.
89% 80.38% 1

.
99%

Non-Cropped 58.18% 1
.
63% 61.92% 1 82%

TABLE III Result of Average Accuracy Using 10-Fold Cross
Validation

Variation of

Data set

PCA LDA

mean STDEV mean STDEV

Cropped 77.38% 2
.
24% 81.08% 1

.

45%

Non-Cropped 58.48% 1
.
17% 62 66% 2

.

44%

TABLE IV Result of Average Accuracy for VISiO-Lab Data Set

Variation of

Cross Validation

PCA LDA

mean STDEV mean STDEV

2-fold 81.80% 3
.

77% 84.60% 3
.
24%

5-fold 82.70% 2
.
16% 85.40% 3 37%

10-fold 82.90% 3 84% 85 90% 4
.
41%

v
.
 Conclusion

)
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