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Abstract: Gender classification is a binary classificationmoplem, which can be stated as
inferring female or male from a collection of facimages. Although there exist different methods fo
gender classification, such as gait, iris, hand phand hair, yet the prominent methods to achieve
the goal is based on facial features.

In this paper, novel methodologies has been praptseachieve the goal of (1) gender classification
and (2) age detection in three step process. Firstiput image set are pre- processed to perform
noise removal, histogram equalization, size noreagion and then face detection is performed.
Secondly, Feature Extraction from facial image éfprmed. Finally to evaluate the performance of
the proposed algorithm, experiments have been peet on various image set that contain equal
proportion of male and female by using suitableabynrSVM classifier which will classify the data set
into two categories i.e male or female. To achitwe second goal, Multi- class SVM have been
employed which will generate three classes i.ed¢laitlult and old. The age of the input images are
detected and classified into one of the three aateg

KeyWOYdS_ZFeature Extraction, Gender Classification, SVM 6iféar, Histogram Equalization,
Multi- Class SVM.

1. Introduction

In Human being the key characteristic feature ésfte. The various emotions of a human can be
determined and easily realized by the differentalaexpressions. The face is considered to be the
most acceptable biometric trait than any other camept as image capturing and prediction of images
is easier to perform than other traits. Faces ammnally classified as semi-rigid, semi-flexible,
culturally significant, and part of our individuanhtity, and thus needs good computing techniques fo
face recognition and classification.

(1) Gender Detection and its classification into mdemale and (2) Age Detection can be
achieved by performing the following steps diliggnFig 1 depicts these steps:

Pre-processin

Feature Extractic



Gender Classification/
Aae Detectiol

Fig 1: Steps involved in Gender Classification
Gender recognition has found its strong applicatiam fields of authentication, search engine
accuracy, demographic data collection, human coempateraction, access control and surveillance,
involving frontal facial imagedt can also be used as indexing technique to rethesearch space
for automatic face recognition.

In this paper an attempt has been made to perfendey classification of human facial image based
on the extracted feature frotime input image set. The feature based on whicheyerecognition has
been performed is the ‘lip’ which has been ideetifand extracted from a human facial image by
following the Region of Interest (ROI) principleh@n the extracted feature is fed as input to the
Support Vector Machine Classifier (SVM) which hhg data set containing a combined set of lip
images of both male and female. Besides this, logeamentioned technique has been implemented
on a group image from which individual images ofl@hé&emale has been extracted. Then the similar
procedure of Feature Extraction and Gender Classifin is performed.

Finally an attempt has been made to perform agectieh of a combined set of images and based on
the age the images has been classified into eithdd’ or ‘adult’ or ‘old’. This classification is
performed using Multi- Class SVM

2. Literature Review

The significance of Gender Recognition and its €ifasmtion has been recognized and greatly
identified in the field of research and developngnte the inception of reseansfork onthis field at
the beginning of 1990s. Initially Golomb et al. [d$ed multi -layer neural network to generate a
solution to the problem of gender classificatiomeTfacial image was manually aligned for the
experimental purpose. Around 900 unit images weyeeszed into 40 images on which the
classification was performed. An error rate of ®@was reporteden-Sheng Chu et al [2] performed
yet another experiment on the same problem by derisg un-aligned face image, which uses only
single face from which various poses were croppetiveere combined into a set. The image set were
converted into subspaces and correlatioafficient was used to generate the similarityveen two
subspaces. They usdiscriminate analysis of Canonical Correlation (D@& finding most accurate
gender. FERET and MORPH face database were us#uefexperiment.

Shobeirinejad and Gao [3] proposed Interlaced @érie Pattern (IDP) to extract facial features. IDP
produces feature vector by extracting distinct dadeatures. The IDP image is a four-channel
derivative image representing four directions thet0°, 45°, 90°, and 135°. Thus this method
contains more important information about gendee fa&ecognition.

Fig 2: The interlaced Derivative Pattern image
is a four channel derivative image
representing four directions - 0°, 45°, 90°,

3 T 135°
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LU et al. [4] detected different facial regionsaccomplish the task of gender classification. Suppo
Vector Machine (SVM) [5] classifier was used ondamages. They used CAS-PEAL database
consisting of grey scale images of size 480 x 838y scale image were transformed to a normalized
whole face image and a normalized internal faceggn&xperiments were carried out on seven facial
regions of varying resolution. They proposed a meéthased on significance of different facial
regions. This methods based on fusion of multiplgdl regions was able to compensate for facial
expressions and lead to better overall performarae. X. et al. [6] used 3D face GavabDB contains
427 three dimensional facial surface images. Tty 61 frontal face images with geometric meshes
(45 males, 16 females) are used. In this caseinearlsupport vector machines (SVMs) were used to
perform gender classification. The SVM was apptiedriangular meshes representing human faces.
They extracted 3-d facial features from correspogdjeometry meshes. The evaluated experimental
error rate was around 17.44%.

Fig 3 : Geometric mesh from which 3-d
facial features were extracted.

Wang Yiding et al. [7] used Feature extraction aassification using Scale Invariant feature

Transform (SIFT) and FSVM. The proposed methodolpggduced accurate and stable result
byreducing the Scale Invariant Feature TransfortfrTBdescriptor dimensions. The results were
observed to be more accurate and robust on perigrithimination change.

Similarly Ravi and Wilson [8] proposed a methodgioghich converted the RGB image into the

YCDbCr colour space in order to identify the skigioms in a facial image. However to detect the
facial features, the RGB images was converted @y gcale images. Then face detection along with
the identification of facial features were combingidh gender classification in order to generate
accurate results. Support Vector machine classifies used to generate the solution to the
classification problem

Thus it can be concluded that Gender Detectioni@n@lassification is a three step process where
each step has its own significance and expediency.

The pre-processing step involve operations likegenaormalization, histogram equalization, and
noise removal. The adequacy of operation is expthlyelow:

Image Normalizatioms aprocess of changing the intensity values of piaabe in an image.
Histogram Equalizatiosiimproves the contrast in an image, in order totchr®ut the intensity
range so that the area with lower contrast careaehiigher contrast. In this way the intensities ca
be better distributed on the histogram.[9]

Noise Removalin animage different type of noise can be incorporateat tesult in pixel values
that do not reflect the true intensities of the gmaThere are several different ways that noisebean
introduced into an image, depending on how the ériagcreated. Howevaroise removal can be
achieved by implementing different techniques likeear Filtering or Median Filtering. [10]

The second phase involves Feature Detection andpjisopriate extraction which can be
achieved by adapting the following approaches:

Geometry-based Approacises geometric information such as features relptigitions and sizes of
the face components as a features measure.

Template-based Approach imhich previously designed standard face pattemmplate is used to
match with the located face components. This uppsogriate energy function. The best match of a
template in the facial image will yield the minimwmergy. Genetic algorithms can be used for more
efficient searching times and achieving more oation in template matching.



| Colour segmentation techniquesakes use of skin colour to isolate the face. Aag-skin colour
region within the face is viewed as a candidatesf@s and/or mouth localization .This method gives
limited performance on facial image databasesdliee diversity of ethnical backgrounds.
Lastly in Appearance-based approachi® concept of “feature” varies from simple fadieatures
such as eyes and mouth. Any extracted charactefistin the image is referred to as a feature.
Traditional statistical techniques such as priricipamponent analysis (PCA), independent
component analysis, and Gabor wavelets are usedttact the facial feature vector. It projects the
data images into Eigen-space that encodes thetigariamong known face images. This gives
eigenvectors of the set of faces, which they doneeessarily correspond to isolated features ssch a

| eyes, ears, and nosEhese approaches are commonly used for face remmgmather than person
identification.
Finally, in the last phase the Support Vector MaehClassifier can be used for solving
binary classification problem where the final réssito be classified into two classes.

A Support Vector Machine can therefore be defineé #&earning algorithm for pattern classification
and regression. The basic training principle bel®wMs is finding the optimal linear hyper plane
such that the expected classification error foreenstest samples is minimized — i.e., good
generalization performance. [11]However if the talasses are not linearly separable, the SVM
makes an attempt to find the hyper plane that m&xeis the margin at the same time, minimising a
quantity proportional to the number of misclassifion errors. Thus to solve multi- class problems
like Age Detection problem where the age is supppdsde categorized into three groups / classes i.e
‘child’, ‘adult’ and ‘old’, a suitable multi- classlassification technique is needed to be suitably
designed and implemented. The approach to solveti-ohats SVM problem has variables
proportional to the number of classes. Thus fortmulclass SVM problem, either several binary
classifiers are to be constructed or a larger apétion problem is needed. [12]

The strategies being adapted to solve a multi-gesislem can be stated as he “One against All”
Strategy: This strategy aims at constructing one SVM pesglavhich is trained to distinguish the
samples of one class from the samples of all ren@iciasses. Therefor®] binary SVM classifiers
may be created where each classifier is trainedigtnguish one class from the remainikz1
classes. [13] This method is also known véisner-take-all classification. (2)One against One
strategyinvolves “pairwise coupling”, “all pairs” or “rouncbbin”. It involves the construction of one
SVM for each pair of classes. Thus, for a probleith w classesc(c-1)/2 SVMs are trained to
distinguish the data points of one class framother class. Finally the classification of an
unknown pattern is done according to the maximutmgpwhere each SVM votes for one class.
[14]

3.Proposed Methodology for Gender Classification
using Linear SVM

In this section we shall discuss about the tectenloping adapted to perform gender classification
of a set of images into male and female.



3.1 Generalized Block Diagram of the Proposed Models

START

Input Jpeg Image Set of
Male and Female

Convert Each Image to Grey Scale Fig 4 : Model developed

for gender prediction

Perform Feature Extraction to
extract ‘lip’ from individual image

Convert the dimension of the
extracted feature from 2D to 1D and
form a feature vector.

Shuffle the content of the feature
vector

Cross validate the data set

Associate a class label with each
row vector and form feature vector

Train a part of the Input data set
along with the class label

Test data along with the trained
model to classify the image set

Output the class labels
of classified data set



END
3.2 Algorithm:

Step 1: Read Image Set of Male and Female
Step 2: Convert each input image to grey scale.
Step 3: Using ROI principle perform feature exti@cfrom individual image.
Step 3.1: for each image perform the followirgpst
Step 3.1.1: Extract the 'lip' from individualage
Step 3.1.2: Reshape the extracted image fromic1CD.
Step 3.1.3: Associate with each image a clalssl.laAssign +1 to female
image and -1 to male image.
Step 3.1.4: Form a Feature Vector consistinthefextracted images and the
class label.
end
Step 4: Shuffle the Feature Vector matrix.
Step 5: Cross- Validate the matrix and generatéréie data set and the test data set.
Step 6: Perform training on the train data sehef$VM classifier.
Step 7: Perform testing on the test data set algtigthe train vector.
Step 8: Obtain the resultant classified data.

The block diagram of the model accepts a set of male and female face image in _.jpeg format. Each
RGB image was then converted to greyscale. Lip feature extraction is performed for each image and
is used for classification of each image into either of the two classes(Male and Female) using a SVM
classifier.

3.3 Implementation

A set of 100 Jpeg images are selected as the im@age set for the experiment of which 50
are of male images and 50 are of female image$ Esage is of size 128*115.

The input image set are pre-processed , as medtioglew and subjected to the svmtrain()
routine for the generation of the train vector nd ghen test images are applied to the
svmclassify() routine where the test data setes®tl and the class labels are determined.

1. Feature Extraction:
Feature Detection and its Extraction is considdcetie an indispensabf@ocess which is
needed to be followed and implemented to accomplishtask of gender detection and its

classification.

The facial feature which has been identifitt extraction is thelip’. The process of
extraction of the selected feature involves thifahg steps.

¢ The Region of Interest (ROI) principle is followel specific window size is selected
and is applied to the input facial image.

* The desired location is identified using the winddimension from where the
required feature can be extracted.

» The feature is then detected and extracted fronsetexted location using the imcrop
() function.



* Each extracted image is then resized into a siggéor of dimension 1581.

« A matrix containing the features of training imagesits column wise is formed
along with the class labels which is associateti w#éch image. A class label of +1 is
assigned to the female image and a class labsladsigned to the male image.

Fig5: Original Grayscale Fig 5.1: DetectedFig 5.2: Extracted
Female Image Region of Interest Feature

Fig 6: Original Grayscale F&1: Detected  Fig 6.2: Extracted
Male Image Region of Insre Feature

2. Shuffling

The feature vector thus obtained is shuffled. Témuitant shuffled matrixs subjected for
further processing.

3. Cross- Validation

The objective of cross- validation is to identifygaod value of (&¢) so as to predict the
unknown data set( test data).[7]

By following one of the cross- validation technigag mentioned below, the data set can be
classified into train set and test set. The tratacet along with class label can be used to train
the SVM by invoking the appropriate routine witlgaed to the training data supplied to it.
Then, the test data along with the trained modilbeitested which will predict the class labels
of the test data.

Besides this, cross- validation also helps to prewger fitting problem. [15]

1. Theholdout method is the simplest form of cross validation. It isalknown as two fold
cross validation. The data set is divided into sets i.ethe training set and the testing set. It
is also known as two-fold cross validation. Thedtion approximation fits a function using
the training set.

The advantage of this method is that its computatiime is low.



However, the challenge is on its evaluation whiah bave a high variance. The evaluation

result highly depends on the data points chosethiotraining set and n the test set, and thus
the accuracy of the final result may significantgry depending on the division made on the

data points.

2. K-fold cross validation technique aims at achieving a higher degree ofiracy over the
holdout technique. In this method the data sedivided intok subsets, and the holdout
method is repeated ‘k’ times. Each time, one ofktkebsets is used as the test set and the
other ‘k-1' subsets are put together to form anireg set.

The advantage of this method is that the evaluatisult does not directly depend on the
division of the data points. The variance of theuléng estimate is reduced as 'k’ is
increased.

The disadvantage of this method is that the contpatéime is high as the training algorithm
has to be rerun for (k-1) subsets.

3. Leave-one-out cross validation is K-fold cross validation taken to its logicaltesme, with
K equal to N, the number of data points in the $&iat means that N separate times, the
function approximation is trained on all the dataept for one point and a prediction is made
for that point.

The advantage of this method is that the evaluadivan by leave-one-out cross validation
error is good.

However, it is computationally expensive. [16]

In the proposed model, the shuffled matrix is crasdidated and appropriate division of the
data points is performed into train set and thedes

Among the three different technique as discussedel(1) the hold- out method and (2) the
K- fold cross validation method has been implem@gnte the resultant shuffled matrix.
Different train set and test set is obtained.

The accuracy level varied with the two techniquiee Bccuracy percentage of the training-
testing combination by using the former cross \al@h technique varied from 76 percent to
84 percent while in case of the latter technigbe, dccuracy percentage was considerably
high. It varied from 80 percent to 90 percent. Aganstance the classification of the test data
set resulted100 percent accuracy. This is achiéyedpplying the K-Fold cross validation
technique where ‘k=5’ .It divides the shuffled nratinto five subsets sets, among which the
four sets are used for the training purpose anddh®ining one set are tested and classified
to obtain the output labels.

4. Train / Test

The cross — validated data points are separatedraih set and set. The train set are trained
by invoking the ‘svmtrain ()’ routine. Based dretoutput labels, the accuracy of the SVM is
determined.

The accuracy for the training- testing combinati@s been discussed in the Experimental
Result section.



4. Proposed Methodology for Gender Classification
on Group Image.

In this section we shall emphasise on the impleatent of the human gender detection and
its classification from a group image which consainset of male and female images.

The technique that has been adapted in this medshiilar to the one as discussed in the
previous section. Except, that the individual imagenale / female is first extracted from a

group image which contain multiple facial imagesvale and female. Once the facial images
are retrieved, the pre-processing of these imaties,feature extraction and finally the

classification of the gender is achieved by follogvithesteps as discussed in the previous
section.

4.1 Implementation

A group image consisting of 30 facial images aaras input .The input image contain 15
male images and 15 female images. Each indivignage is of dimension 300*250.

After the individual images are extracted, eaclginal facial image is resized to dimension
128*115.

Fig 7 : Original group Image

1=

Fig 8 Extracted grey scale Fig 8.1: Detected Fig 8.2: Extracted Feature
Male image from Regidrirdgerest
Group image



Fig 9: Extracted grey scale Fig 9.1 Detgcte Fig 9.2: Extractechftgre
Female image from Regiomnbdérest
Group Image

5. Proposed Methodology for Age Detection using
Multiclass- SVM

This section illustrates the technique which hagnbadapted to perform age detection and
classification of the same from an image set ihted classes i.e ‘child’, ‘adult’, ‘old’. The claier
used for the implementation and the evaluatiorhefgroposed algorithm is the Multi- Class SVM.
Unlike binary classifiers, this type of SVM can effively classify the input data set into multiple
classes.

The design and implementation of the proposed ndellogy is discussed in the following sub-
section.

5.1 Algorithm:

Step 1: Read Input Image Set.
Step 2: Convert individual input image to grey scal
Step 3: Perform Histogram Equalization of the ggegle image.
Step 4: Use ROI principle perform feature extracfimm the individual image.
Step 4.1: for each image perform the followingste
Step 4.1.1: Extract the 'lip' from individual igea
Step 4.1.2: Reshape the extracted image fromi@1DD.
Step 4.1.3: Associate with each image a class.lalssign +1 to child
image, +2 to adult images ando+8ld image.
Step 4.1.4: Form a Feature Vector consistinpefeixtracted images and the
class label.
end
Step 5: Shuffle the Feature Vector matrix.
Step 6: Cross- Validate the matrix and generatéréie data set and the test data set.
Step 7: Perform training on the train data setgiSWM classifier.
Step 8: Perform testing on the test data set algtigthe train vector.
Step 9: Obtain the resultant classified data.

5.2Implementation

A set of 119 Jpeg images have been consideredéoinput image set of which ‘child image’ and
‘adult image’ are of equal ratio of 40 images ealde remaining 39 images are the images of old



people. Each image has been resized to the dinreasi28*115.

On these image set, histogram equalization is pedd which improves the contrast of the input
image set.

G : I A
Fig 10: Image with original contrast Fig 10.1: Resultant Image with enhanu&utrast

Then a similar procedure as discussed in previoethadologies have been employed to perform
Feature Extraction and Age Detection from the irgata points.

In the process of Age Detection and classificatibe, “One against All" Strategyof Multi- class
SVM has been utilized. Based on the principle a$ #trategy, three different SVM classifier is
created for the three classes of data point’shile,cadult and old.

Finally the output class labels of the tested gaiats are obtained which determines the accurécy o
the SVM classifier.

(a) Processing of Child Image

b, 3

Fig 11: Original Grascale 'Fig.]].' Detected Fig 11EXitracted Feature
Image _Region of Interest




(b) Processing of Adult Image

Fig 12: Original Grayscale Fig 2Detected iglR2.2:Extracted €ature
Image Region of Interest

(c) Processing of Old Image

Fig13: Original Grayscale Fig LDetected FigBxtracted Feature
Image Region of Interest

6. Experimental Results

This section demonstrates the result obtained #dfeimplementation of the  proposed models as
discussed in the previous sections. The input image read from different websites. The input
images with which the experiment is carried outach model varies in number.

An attempt has been made to calculate the (a) ACEDR (b) SENSITIVITY and (c)
SPECIFICITY of each input image set of the proposethodology. These calculations are done in
the following way:

Accuracy= (TP+TN)/ (TP+TN+FP+FN).

Sensitivity= (TP)/ (TP+FN).

Specificity = (TN)/ (TN+FP).

The results obtained from the experiment are dgalibelow:



6.1 Results of Gender Classification using distinct input images

Total Input Images: 100
Total male images: 50
Total female images: 50

Image Type: Frontal Facial Images (JPEG Images).
Extracted feature: LIP.
Kernel Type: Linear

Table 1.1: Confusion Matrix depicting the resuligehder classification

Serial | Cross Training | Testing | Output Class Label
No Validation | Set Set
Technique

1. Hold-out 50 50 +1,+1,+1,+1,-1,-1,41,+1,-1,-140,71,-1,+1,-1,+1,+1,-1,-1,-1,+1 -
1,-1,+1,-1,-1,-1,-1,-1,+1,+1,+1,-1,-1,-1,+1,-1,1151,+1,+1,+1,+1,-
1,-1,-1,-1,-1

2. Hold-out 50 50 -1,4+1,+41,+1,-1,+1,41,-1,-1,+1 40+ +1,-1,41,+1 -1, +1 ,+1,-1,+1 ¢
1,-1,+1,+1,-1,-1,+1,-1,+1,+1,+1,+1,+1,-1,-1,+1 3]4+1,-1,+1,-
1,+1,+1,+1,-1,+1,+1

3. K-fold(5) | 8C 20 +1,+1-1-1,+1,+1,+1-1,+1-1-1,+1-1,+1,+1-1-1 +1-1,+1

4. K-fold(5) 80 20 +1,+1,+1,41,-1,+1,+1,+1,+1,-1+1,+1,+1 -1 +1-1,-1 -1 -1

5. K-fold(10) | 9C 10 -1,-1-1-1,+1-1,+1-1 41-1

6. K-fold(10) | 90 10 -1,+1,+1,+1,-1,+1,+1,+1,-1,-1

Table 1.2: Confusion Matrix depicting the resuligehder classification
Serial | True False True False Accuracy | Sensitivity | Specificity
No Positive(TP) | Negative | Negative | Positive | % % %
(FN) (TN) (FP)

1. 17 4 21 8 76 80.95 72.41

2. 23 8 17 2 80 74.19 89.47

3. 9 2 8 1 85 81.81 88.89

4. 10 2 8 0 90 83.33 100

5. 3 0 5 2 80 100 71.42

6. 5 1 4 0 90 83.33 100

6.2 Results of Gender Classification using group image

Total Input Images: Group Image of 30 Images
Total male images: 15
Total female images: 15

Image Type: Frontal Facial Images (JPEG Images
Extracted feature: LIP.




Kernel Type: Linear

Table 2.1: Confusion Matrix depicting result of den classification from group image

Serial Cross Validation Training Testing | Output Class Label

No Technique Set Set

1. Hold- out 15 15 -1,+1,+1,+1,-1,-1,+1,+1,-1,+3:31+1 -
1,+1

2. Hold- out 15 15 +1,-1,-1,-1,-1,-1,-1,+1,-1,+1;31+1 ,+1 -
1

Table 2.1: Confusion Matrix depicting result of den classification from group image

Serial True False True False Accuracy | Sensitivity | Specificity
No Positive(TP) | Negative | Negative | Positive | % % %
(EN) (TN) (EP)
1. 6 2 6 1 80 75 85.71
2. 5 0 8 2 86.67 100 80

6.3 Results of Age Detection using Multi- class SVM

Total Input Images:
Total child images:
Total adult images:
Total old people images: 39

119
40
40

Image Type: Frontal Facial Images (JPEG Images).
Extracted feature: LIP.
Kernel Type: Linear

Table 3.1: Confusion Matrix depicting age detecfimnchild images

Serial | Cross Training | Testing | Output Class Label
No Validation | Set Set
Technique
1. Hold-out 60 59 +1,+1,-1,+1,-1,+1,-1,-1,+1,-240,-1,-1,+1,-1,+1,-1,-1,-1,+1 -1,-

1,+1-1-1,-1,+1,-1,41,-1,-1,-1,-1,-1,-1,+1,-1 4141, +1,+1,+1 -1 -
l,+l,'1,'1,+l,'1,'l,'1,+1,'l,'l,+1,'1,+l,+1,+1,ﬂ',1,'1,'1,+l,'l,'l,'
1-1-1




2. Hold-out 60 59 -1,-1,-1,+1,+1,+41,-1,-1,-1,-1:19:1,-1,-1,+1,+1,-1,-1,-1,-1,-1,-1,-1,
1,-1,+1,-1,+1,+1,+1,-1,+1,-1,+1,-1,+1,-1,-1,-1, #41-3,+1,-1,-1,-1,-
1,+1,-1,41,-1,-1,-1,+41,-1,+1 -1 +1

3. K-fold(5) | 9% 24 -1-1-1-1-1,+1-1-1-1-1-1,+1-1-1-1-1-1-1-1-1, +1-1-1-1

4. K-fold(5) 96 23 -1,-1,-1,-1,-1,-1,+1,-1,-1,+1-1,+1,-1,-1,-1,+1,-1,-1,+1,+1,+1,-1

5. K-fold(10) | 107 12 -1,-1,-1,-1,-1,+1,-1,+1,-1,+41,-1

6. K-fold(10) | 107 12 +1,-1,-1,-1,-1,-1,+1,-1,+1;4,;1

Table 3.2: Confusion Matrix depicting age detecfimnchild images

Serial | True False True False Accuracy | Sensitivity | Specificity

No Positive(TP) | Negative Negative | Positive | % % %

(EN) (TN) (FP)

1. 11 11 28 9 66.10 50 75.67

2. 14 6 33 6 79.61 70 84.6

3. 2 1 16 4 78.33 66.67 80.0

4. 6 2 14 2 83.3¢ 75 87.F

5. 4 0 8 0 100 100 100

6. 2 1 7 2 75 66.67 77.7¢

Table 4.1: Confusion Matrix depicting age detecfimnadult images

Serial | Cross Training | Testing | Output Class Label

No Validation | Set Set

Technique

1. Hold-out 60 59 -1,+1,+1,-1,+1,-1,-1,-1,+1,+1-43+1,+1,-1,+1,-1,-1,-1,-1,-1,-1,-1,-
1,+1,+1,-1,-1,-1,-1,-1,-1,+1,+1,+1,-1,+1,-1,-1,41-1,-1,-1,-1,-1,-1,-
1-1,+1,+1-1-1-1-1-1-1-1-1

2. Hold-out 60 59 -1,-1,-1,-1,-1,-1,-1,+1,+1,-1+0,-1,-1,+1,-1,-1,+1,+1,-1,-1,-1,-1,+1
1-1,-1,+1-1,-1,-1,-1,-1,-1,-1,-1,-1,-1,-1,-1,41;4,-1,-1,-1,+1,-1,-1 -
1-1,-1,-1,+1,-1,-1,-1,-1,-1

3. K-fold(5) 95 24 -1,+1-1-1,+1-1-1,+1-1-1,+1-1-1,+1-1,+1,+1-1-1-1,-1,-1-1,+1

4. K-fold(5) 95 24 -1,+41,-1,+1,+1,-1,+1,-1,-1,-1#1,-1,-1,-1,-1,-1,-1,+1,+1,-1,-1,-1,+1

5. K-fold(10) | 1C7 12 -1-1-1,+1,+1-1-1-1,+1-1-1-1

6. K-fold(10) | 107 12 -1,+1,-1,-1,-1,-1,+1,-1,-1:41,;1

Table 4.2: Confusion Matrix depicting age detecfimnadult images
Serial | True False True False Accuracy | Sensitivity | Specificity
No Positive(TP) | Negative Negative | Positive | % % %
(EN) (TN) (FP)

1. 13 6 29 11 71.18 68.42 72.5

2. 7 4 37 11 74.58 63.63 77.08

3. 2 1 16 4 78.3¢ 66.67 80

4. 5 3 13 3 78.33 62 81.25

5. 3 0 8 1 91.67 100 88.89

6. 2 2 6 2 87.5 50 75




Table 5.1: Confusion Matrix depicting age detecfimnold people images

Serial | Cross Training | Testing | Output Class Label
No Validation | Set Set
Technique

1. Hold-out 60 59 -1,-1,-1,+1,-1,+1,+1,-1,-1,-1,41:1,-1,-1,+1,-1,+1,-1,+1,-1,+1,+1 -
1-1,-1,+1,-1,+1,-1,-1,-1,-1,-1,-1,-1,-1,+1,+1,11;1,-1,-1,-1,-1,-1 -
1,+1,-1,-1,+41,+1,-1,-1,+1 +1,-1,+1

2. Hold-out 60 59 -1,+1,+1,-1,-1,-1,+1,-1,-1,+143:1,+1,-1,-1,-1,-1,-1,-1,-1,+1,-1,-1}
1,+1,-1,-1,-1,-1,-1,+1,-1,+1,+1,-1,+1 +1 +1,+1 041 ,-1,-1,+1 -
1+1-1,+41,-1,+1,-1,-1-1,-1,-1,+1,-1

3. K-fold(5) 95 24 -1,-1,+1,-1,-1,-1,+1,-1,+1,+1 #1+1,-1,+1,-1,-1,+1,+1,+1,-1,-1,+1
1

4. K-fold(5) |95 24 1-1-1-1-1,+1-1-1-1,+1-1-1,+1-1,+41,+1,+1-1-1-1-1-1-1-1

5. K-fold(10) | 107 12 -1,+1,+1,-1,-1,-1,+1 -1,-1#+1,+1

6. K-fold(10) | 107 12 -1,+1,-1,+1,+1,-1,-1,-1,-1,41+1

Table 5.2: Confusion Matrix depicting age detecfimnold people images

Serial | True False True False Accuracy | Sensitivity | Specificity
No Positive(TP) | Negative Negative | Positive | % % %
(EN) (TN) (FP)
1. 12 8 36 3 81.35 60 92.30
2. 17 5 33 4 86.44 77.27 89.18
3. 9 3 11 0 83.33 75 100
4. 6 0 16 2 91.67 100 88.89
5. 4 1 7 0 91.67 80 100
6. 4 1 7 0 91.67 80 100

7. Conclusion

It has been observed and realized that the ndtareviour and social interaction of people is dyeat
dominated by his/ her gender. Therefore an efftcggnder recognition and classification system
would play a pivotal role in enhancing the intel@ecthetween human and the machine.

Moreover, there are several other applications @/gemder recognition plays a crucial role which
includeshiometric authentication, high-technology surveitla and security systenisjage retrieval
and passive demographical data collections.



Identification of the gender and its classificatlmsed on the distinguishable characteristics mtwe
male and female facial image can be achieved ebgilyhe human eye. However, machines cannot
visualize this difference, hence the same task rbesodifficult for the computer to accomplish.
Machines need meaningful data to perform gendessifieation. These data are usually the facial
features based on which a computer classifiesial fiatage into either male or female.

Gender Classification is a binary Classificatioolgem. There exist several algorithms which have
been already implemented to generate a solutidnetstated problem. This study addresses the issue
of gender classification and age detection of tteniified gender using Support Vector Machine
Classifier. Although the stated methodologies hlagen implemented on facial image data set and
results are obtained with a level of accuracy,thiete are areas which are yet to be cultivated and
where further enhancement can be achieved. Thututhee scope of development of the proposed
models have been discussed in the following section

8. Future Scope

In the future, the specified methodologies can bethér improved by incorporating the below
mentioned specifications in the implementationhaf proposed mechanisms.

« The Gender Classification and Age Detection alparg can be implemented with an
increased number of facial image data set. Thiksingtease the accuracy level of the output.

* The Proposed Models have been trained and testddtarsets using Linear Kernel. However
the similar evaluation can be performed using ottemnels of SVM Classifier like ‘rbf
kernel’, ‘quadratic kernel’,etc.

® Gender Classification is performed based on theaetdd feature’ lip’. The same algorithm is
can be implemented on other feature(s) like egese or combination of more than one
feature in human facial image.
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