Identifying Gender from Images of Faces

Project report submitted in partial fulfillment of the requirement for the degree of
Bachelor of Technology
In

Computer Science and Engineering
By

Sanchit Thakur (161340)
Shobhit Sharma (161363)

Under the supervision of

Dr. Amol Vasudeva
To

o oF \N FOR;[,,

Department of Computer Science and Engineering and Information Technology
Jaypee University of Information Technology, Waknaghat, Solan - 173234
Himachal Pradesh



Certificate
Candidate’s Declaration

I hereby declare that the work presented in this report entitled “Identifying
Gender from Images of Faces” in partial fulfillment of the requirements
for the award of the degree of Bachelor of Technology in Computer
Science and Engineering submitted in the Department of Computer
Science and Engineering and Information Technology, Jaypee University
of Information Technology , Waknaghat is an authentic record of my own
work carried out over a period from January 2020 to June 2020 under the
supervision of Dr. Amol Vasudeva , Assistant Professor, Computer
Science/ IT.

The matter embodied in the report has not been submitted for the award of
any other degree or diploma.

o
Sanchit Thakur (161340)

bt
8?\/
Shobhit Sharma (161363)

This is to certify that the above statement made by the candidate is true to
the best of my knowledge.

.

Dr. Amol Vasudeva

Assistant Professor

Computer Science and Engineering/ Information Technology
Dated:


Stamp

Stamp

Stamp


ACKNOWLEDGMENT

Our project “Identifying Gender from Images of Faces” has been a wonderful journey for us. We
got to learn a lot throughout our time we devoted on this project. Also, we are very grateful to
our project supervisor Dr. Amol Vasudeva, Faculty member of Computer Science and
Engineering/ Information Technology Department for his guidance on the project. Rightly so we
also thank our parents for their encouragement. We would also like to thank our peers who have
been a huge part in the project with their valuable suggestions in various phases of this project.
Although, a lot of care has been taken to prepare this report, any kind of suggestion or feedback

is welcomed.

Sanchit Thakur (161340)
Shobhit Sharma (161363)



TABLE OF CONTENT

TITLE

Chapter-1 Introduction
Introduction

Problem Statement

Objective

Methodology

Organization
Chapter-2 Literature Survey
Methods and Techniques developed
Chapter-3 System Development
Pre-processing
Face Recognition
Feature Extraction

Pattern recognition

Chapter-4 Algorithm and results
Chapter-5 Test Plan
Chapter-6 Conclusion

Chapter-7 Future work and Applications

References

PAGE NO.

10
10

11

11

12

13
14
14
18
19
19
20

20

22
48
51

52

54



LIST OF ABBREVIATIONS

ML: Machine Learning

ANN: Artificial Neural Network

RNN: Recurrent Neural Network
LSTM: Long Short-Term Memory
RMSE: Root Mean Square Error

MAE: Mean Absolute Error

MAPE: Mean Absolute Percentage Error
BPTT: Back Propagation Through Time

© o N e Uk W

DL: Deep Learning
10. CSV: Comma Separated Values
11. API: Application Program Interface



LIST OF FIGURES

Gender Classification
Eigen-face Algorithm
K-mean Extraction method
Samples of subjects

Face images in different light
Different expressions

Face with scars

Positioning

© ©® N O U A W N R

Facial images

10. Transformed image

11. Max info.

12.Prediction of gender on cartoon images

13.Proposed method for Gender Identification.

18
25
26
27
27
28
28
29
30
30
30
46
48



e S I S

LIST OF GRAPHS

Base dataset

Face scrub dataset

ICA Accuracy-Euclidean distance

PCA Accuracy-Euclidean distance

ICA L1-Accuracy , L2-Accuracy

PCA L1-Accuracy , L2-Accuracy
Classification Results on cartoon validation set.

Performance of various classifier on test dataset

34
35
36
37
42
44
45
46



LIST OF TABLES

Gender Recognition method
Parameter of the proposed training

Adience dataset

12
21
49



ABSTRACT

Face recognition is one of the most prosperous uses of image investigation and understanding,
which has increased noteworthy consideration, especially in the previous a very long time. In
field of picture handling face is one of the most significant bio-metric attributes and is getting
increasingly prevalent for some. Gender grouping from facial images has increased tremendous
criticality over recent years and has developed into a well-known research field. As of late
applied in numerous territories, for example, security, surveillance, observation and business
profiling. In this project we will talk about various gender orientation characterization techniques
and employments of various facial highlights, for example, eyes, nose, mouth and so forth for
gender order utilizing various Al and machine learning strategies. Automatic facial image gender
recognition has become an enticing area of research in the field of machine learning. Diverse
methods for gender recognition have already been proposed in both controlled and uncontrolled
situations. Problems arise in uncontrolled situations when there is high noise rate, lack of lighting

etc.



INTRODUCTION

1.1 Introduction

One of the basic areas of research in computer vision is gender recognition from face pictures.
Automated gender recognition is important in many areas of application such as interaction with
human computers, bio-metrics, surveillance, demographic statistics etc. Human face contains
important visual information to the perception of gender. Identifying these visual information
which distinguishes male faces from female faces is challenging to a computer. Work is under
way so that a computer can achieve accuracy at the human level. Picture procedures and Al
strategies are utilized in different sorts of utilization, for example, sex grouping, face signal and
outward appearance acknowledgment framework. Sex characterization utilizing facial pictures
has been of enthusiasm for a long while. People are truly adept at deciding sexual orientation
from facial pictures. Regardless of whether the face is trimmed to expel all sexual orientation
signals, we can distinguish sex with exceptionally high exactness. In the ongoing decades PC has
gained consideration and mainstream in distinguishing ethnicity from human faces, sex and age,
so picture preparation has a major job in software engineering fields such as recognition,
applications for bio-measurements, security, picture labeling, and general identity verification.
Although recognizing sexual orientation, there are some discernible highlights that exist among
males and females that are used for characterizing sex through mechanized strategies. Various
methods for classifying gender from multiple controlled and uncontrolled datasets have been
proposed. In uncontrolled situations it is more demanding. Among these several face images are

so ambiguous, the gender from the image is often not identified by a person for most of the time.

So there is ample room for improving gender recognition approaches performance. Sexual
orientation arrangement is a parallel grouping system to characterize male and female, this
procedure has gotten one of the most significant errand because of its numerous applications.
When utilizing the sex grouping intermingling with facial features that help face
acknowledgment task quick, by taking out the quest for a specific sex. Sexual orientation
acknowledgment from face pictures is one of the key research region in PC vision and machine

learning group.
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1.2 Problem Statement

Various techniques have been proposed for separating highlights from face pictures and to
prepare the framework for recognizing sexual orientation. We have probed distinctive
component extraction techniques and received different methodology for our proposed
framework. The human face contains important visual data for observation of the gender
orientation. It is attempting to recognize these visual data by a machine which distinguishes male
appearances from female countenances. Scientists are continuing with the goal that a machine
will be able to achieve precision at the human level. Different techniques for organizing gender
from a few regulated and unregulated data set have been suggested. There are a plenty of fruitful
and powerful face acknowledgment calculations on the web. Rather than utilizing the inbuilt
devices that they give, we begin building different calculations without any preparation to
increase a rich learning experience. It is additionally testing in uncontrolled circumstances. In
addition to these, some face pictures are so confusing that more often than not a human is also
neglected to distinguish the orientation of gender from the picture. And there is a broad degree

that draws closer to boost the exhibitions of gender-oriented recognition.

1.3 Objectives

In this paper we outline in facial pictures the strategies for affirmation of human sexual direction.
With the use of some facial assessment we focus on the human substance. Additionally we
concentrate on strategies using image (2-Dimensions). Generally, all model affirmation issues
could be divided into barely any methods for disclosure of article and pre-treatment feature
extraction course of action when dealing with an oversaw learning methodology. The

accompanying techniques were used for arrangement in this venture:

1. Eigenface Method

2. K-implies

3. GDA that performs administered learning on diminished space of PCA

4. SVM that performs administered learning on diminishes space of PCA
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5. Fisherfaces Method

We take a gander at how these strategies perform on our information, talk about the relative
favorable circumstances and disservices of these techniques and explore the confinements on

exactness presented by the dataset itself.

1.4 Methodology

Several approaches were used for classifying gender-based facial images. This report uses
dimensionality reduction techniques to address few of those approaches. Here are only a few
methods involved in carrying out this project. Accounting for the impact of posture, lighting and
context noise is one of the problems of automatic gender classification. Practical structures need
to be reliable enough to solve these problems. Most research in gender classification assumes
that the frontal views of faces are available, which are pre-aligned and free from distracting
background clutters. In phase 1 it detects and crops the subject of human or face area. Some pre-
processing follows, such as histogram equalization, geometric alignment, or resizing. In Step 2, a
feature vector was extracted from the image using various extraction techniques for the texture ,
structure and geometry of features to obtain the most accurate facial feature. Eventually, the
classification involves taking the extracted feature vectors from the image and using them to

automatically identify a category of images. This is done with the use of various algorithms.
The means available for the proposed strategy can be summarized as follows:

1)Extract descriptions for images.

2) Physically delete unusual photos from beginning and end.

3.) Face district detected from each edge using skin shading division.

4)Extract highlights from each image using a technique based on the geometry.

5)Classify the sexual orientation using neural mechanisms.

12



1.5 Organization

This report consists of five modules and a detailed explanation of every module of this project

has been mentioned for ease of understanding.

Module 1: This module is the formal introduction of the project. Here we are introducing the
reader to various terminologies of the project and we are also discussing the problem or
motivation behind this project. Along with this, we’re also starting our objective and

methodology we will be using to execute the project.

Module 2: This module consists of various researches related to our project that was done in the
recent past. Here, we are more emphasizing on the methodology that was used by the papers.

Along with this, we’re also studying the outcome of their respective projects.

Module 3: In this module, we will go through various stages of our development and will learn
about the design and algorithm implementation. Here we will also develop the model and try to
represent it from various aspects like analytical, computational, experimental, mathematical and

statistical.
Module 4: In this module, we will go through the performance analysis of our project.

Module 5: This would be our last module, here we will discuss the outcome of our project and
also analyze our results. Along with this, we will also discuss future scope of the project and any
upgrades that we can implement in the coming future. Also we will discuss some applications

where the system can be helpful.
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LITERATURE SURVEY

Methods and Techniques that have been developed up to date.

Many researchers have been developing techniques for classifying the gender. Most of these
strategies concentrate on extracting and combining different forms of facial characteristics, such

das:

1. Shan Sung

Shan Sung used neural network to tackle the issue of sexual orientation, distinguishing proof by
spiral premise research and vector quantization learning systems. The findings show that the
distinctive proof of sexual orientation with an accuracy rate of 99% attributable to arrange when
hair data is excluded with a small number of facial images and 95% when hair data is included.
Despite of an agreement, when hair data is excluded the accuracy is 98 per cent. Despite the fact
that data has been provided with high precision, however, in terms of inference data is stronger
and smoother, provided that the investigation adjusts the spread continuously as a parameter to
ensure that the spiral hypothesis neurons are sufficiently protected by complex locations. In a
methodology utilizing a convolution system for continuous sexual orientation grouping
dependent on facial pictures is proposed. This examination utilized databases. The network
engineering proposed decreased to just four layers. The framework is designed using a second

request back generating learning estimate with worldwide learning levels improved.

In any case, the issue with any neural system strategy is that they are computationally costly.
There are numerous looks into utilized the frontal facial pictures to characterize the sexual
orientation, some them utilized nearby element and other utilized worldwide element. Directed

learning, solo learning and profound learning utilized for characterization.
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2. Amit and others.

In Amit et al., acquaint technique with order the sexual orientation with unrivaled execution.
They utilized a component vector to speak to each picture by utilizing (ICA) and taking a shot at
straight extension of the vector to make it free as could be expected under the circumstances. The
precision rateis 95 percent, which depends on most segregating highlights being used, which

attempts to diminish the classifier's unessential feature (such as the lighting).

3. Roope Raismo

Raisamo led an investigation to identify the equally best of class sexual orientation grouping
approaches by using knowledge bases to make sense of their genuine unwavering consistency.
The exam has a detailed and undifferentiated outcome from order for the integration of sex
arrangement approaches with unconstrained constant face exploration and standardization of the

manual face.

4, Nazir and others.

In Nazir exhibited a proficient sexual orientation order system, utilizing Stanford database. Faces
recognition system used some portion of the image for separating the face. Its recognition is
known as the course face. This device looks through the bits of the face to remove face from the
picture. It starts from the top left corner to the base right down ward corner and standardizes the
brightening impact by playing the leveling of the histogram. Facial data strategy pursued by
algorithms in order to individually emphasize characterisation. Tentative methodology achieves
as accuracy 99 per cent. Anyway the proposed technique is not influenced by the set size of the
preparation and testing and the exactness of the arrangement is not influenced regardless of

whether not a few of the all-out highlights were chosen.
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5. Li and others.

In Li et al., turned out for sexual orientation ID from impeded appearances of six of facial
component, for example, hair, temple, eyes, mouth, nose and dress. The general use of a fivefold
approval crossing strategy for non-impeded face was higher than for 96 percent individually

blocked face, 91 percent.

Later he thought of a technique that uses the facial images using database to recognize the sexual
orientations. The test result was a viable technique than other comparative strategies to outline

and explain the recommended methodology.

6. Zhejiang and others.

Similarly on another side in Zhejiang, a proposed analysis of unconstrained face sexual
orientation order based on the various character standardization strategies was proposed. It
incorporates Delaney distorting triangulation and two kinds of disconnected mapping to use
algorithms to perform sex characterisation. The results of the analysis concluded the
appropriateness of an approach focused on and haar-like element-based strategy for worldwide

highlights.

He suggested learning algorithms to link receptacles in sexual orientation. It opted for a

conservative and combined facial portrayal and achieved 95 percent precision in databases.

7. Prite and others.

In Pritee, a strong grouping of sexual orientation was directed to impede by using Gabor based
highlights. Subsequent procedures were used in figure highlights for each sub-picture, using
machines were created by each brightening unfaltering genuine Gabor space. The test results
show that the system can produce more than 91 per cent correctnesses. Other than with remains

in laugher impediment condition by providing at least 87 percent accuracy, the accuracy of the
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frame is basically to be improved at the same time as the size of the highlights vector is to be

kept at a small size.

8. Goure

In Goure, gender and age were determined from a specific label. They used algorithms for their
work to distinguish special picture highlight points. The information collection contains a
number of unique finger impression pictures of different ages which incorporate unique marks of

both male and female. The result shows an age and sex accuracy of 95 per cent.
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SYSTEM DEVELOPMENT

A reliable result for video-face segmentation based on skin color can be achieved with our
process. Face detection quality is crucial to the final outcome of the system as a whole, an
imprecise determination of face position can lead to incorrect decisions at the recognition stage.
A general pipeline of any picture acknowledgment framework includes two fundamental parts,
Selection of highlight type and Selection of classifier type. Both of these are dataset and issue
articulation explicit. In our case, we utilize the picture itself as the component vector. To expel

excess in these highlights to decrease their measurement.

The problem solving in images with visualized method is shown:

Image

[FERET.ESSEX,

Pre-processing
[C ropping, histogram, detection....]

o

Feature extraction

[DCT, DWT, LBP, 2DPCA,...]

Classification

[ KNN, SVM....]

Result

[Calculate accuracy]

Fig: System Of Gender Classification
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A. Pre-processing

For example, some variety brightening is Sensitive to classifiers, or the frame's after-effect, it's
stances or errors. Some pre-processing steps must be done in such a way as to minimize this

effect. These steps to handle include:
1. Standardization of brightness by using the Histogram leveling capacities.

2. Remove the base off the pictures and just remove the district of face. At that point images are
resized.

B. Face-Recognition

A PC innovation application that is used in computerized images on human faces is called face
identification. It also alludes to the mental procedure where in a visual scene human beings can
find and take care of the face. There are various ways some of them are simpler and others are
harder to identify a face in a scene. A rundown of the most common methodologies (strategies)
is coming up next in face recognition. Single picture recognition strategies are characterized into

4 classes.
1) Strategies focused on Information :

These strategy techniques encrypt human data into a particular face and work precisely for face

restriction. The Regular finds out about highlights link.
It can do so by top-down methods and building them up.
2) Methodologies for invariant features:

The strategy here is to find the auxiliary highlights that at that stage reside in deferent

circumstances using it to discover the appearances. Essentially, it used it for face restriction.

3) Template coordinating techniques:
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Standard examples of facial highlights are autonomously put away. The technique here is to
think about doing the reconnaissance between an data concept and the put away one. It applied
for recognition and limitation of both faces. Such methodologies' structure organizing
investigations are: inquiries with predefined formats and other inquiries with deformable

formats.

C. (Extraction) Feature

Extracting the characteristics from the images is the main undertaking of the course of action of
sexual direction and the subsequent stage depends on it. Device presentation will be pattered

with exceptional technique of isolation of components. The sorted out may be named
concealing, form, ownership, edge order, locale, etc.
1) Extraction of a geometric function (local features):

For example, nose, temple and eyes address this technique to the form and territory of the facial
parts. Which vector function is evacuated in structure that addresses the geometry of the face? A

few experts who work in it.
2) Extraction of an appearance-based feature (Global Features):

That applies to the entire base to isolate the facial change in appearance. A few examiners
employed in it, for instance 92 percent precision and others point by point 88 percent precision

rate and 92 percent similarity rate discovered.

D. (Classification) Pattern Recognition

Model affirmation is Al's consistent request that describes data (structures) into different
characterizations or classes at its point. This assessment applied this strategy to gather the

direction of sexuality. There is no such overseer in solo learning, and they have only one data.

The fact is to look for the regularities in the data.
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Fig. 1. (a) Initial Image (b) Extracted Region

Parameter Value

Min. no. of Males 4

Min. Image res. 240 x 360
Total no. of Images 2250

Min. no. of Females 5

Color Space Format RGB

People’s age 8-70 years old
Lighting conditions --

Table : Testing database.
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ALGORITHMS

Here is the list of Algorithms used in the project with their brief application on how does the

algorithm work.

1. Eigenface - based facial recognition

The assignment of facial recognition is separating input signals into a few classes. The
information signals are profoundly loud, yet the info pictures are not totally arbitrary and

regardless of their disparities there are designs which happen in any information signal.

Such examples, which can be seen in all sign could be - in the space of facial acknowledgment -
the nearness of certain items in any face just as relative separations between these articles. These
trademark highlights are called eigenfaces in the facial acknowledgment area. They can be

removed out of unique picture information by methods for a scientific instrument.

By this method one can change every unique picture of the preparation set into a comparing
eigenface. A significant component of this method is that one can remake recreate any unique
picture from the preparation set by joining the eigenfaces. Recall that eigenfaces are nothing not
exactly trademark highlights of the appearances. Subsequently one could state that the first face
picture can be reproduced from eigenfaces on the off chance that one includes all the eigenfaces
(highlights) in the correct extent. Each eigenface speaks to just certain highlights of the face,
which could conceivably be available in the first picture. In the event that the element is
available in the first picture to a higher degree, the portion of the comparing eigenface in the
"aggregate" of the eigenfaces ought to be more prominent. In the event that, opposite, the
specific component isn't (or nearly not) present in the first picture, at that point the comparing
eigenface ought to contribute a littler part to the aggregate of eigenfaces. In this way, so as to
reproduce the first picture from the eigenfaces, one needs to construct a sort of weighted entirety
of all eigenfaces. That is, the remade unique picture is equivalent to a total of all eigenfaces, with
each eigenface having a specific weight. This weight determines, to what degree the particular

element is available in the first picture.
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On the off chance that one uses all the eigenfaces removed from unique pictures, one can
recreate the first pictures from the eigenfaces precisely. In any case, one can likewise utilize just
a piece of the eigenfaces. At that point the remade picture is an estimate of the first picture. In
any case, one can guarantee that misfortunes due to overlooking a portion of the eigenfaces can
be limited. This occurs by picking just the most significant highlights. Exclusion of eigenfaces is

fundamental because of shortage of computational assets.

How does this identify with facial acknowledgment? The piece of information is that it is
conceivable not exclusively to extricate the face from eigenfaces given a lot of loads, yet
additionally to go the contrary way. This contrary way is remove the loads from eigenfaces and
the face to be perceived. These loads tell nothing less, as the sum by which the face being
referred to contrasts from "regular" faces spoke to by the eigenfaces. Hence, utilizing this loads

one can decide two significant things:

1. Determine, if the picture being referred to is a face by any stretch of the imagination. For
the situation the loads of the picture contrast a lot from the loads of face pictures, the picture

most likely isn't a face.

2. Similar faces have comparable highlights to comparative degrees. In the event that one
concentrates loads from every one of the pictures accessible, the pictures could be assembled to
groups. That is, all pictures having comparative loads are probably going to be comparable

countenances.

Commonsense execution to make a lot of eigenfaces:

1. Prepare a selection of facial images for the training.
The pictures of the planning package should have been taken under identical lighting conditions

and should be uniform in order to change the eyes and mouths for all pictures. They should also
all be resampled to a typical target pixel. Each image is treated as a single vector, essentially by

connecting the pixel lines in the first image, creating a solitary section with it. For this execution,
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all pictures of the preparation set are expected to be placed in a solitary network, where each

lattice segment is a picture.

2. Subtract those means.

The normal image a must be determined and subtracted from every single image afterwards.

3. Calculate the network's vectors and covariance values.

Every individual vector has a similar dimensionality to the first pictures, and could itself be
viewed as a picture along those lines. Thus, the vectors of this covariance framework are called
individual faces. These are the headings in which the pictures contrast with the mean image. This
will typically be a computationally expensive advance, but the viable relevance of one's own
faces stems from the likelihood of skillfully figuring own vectors, while never expressly

registering as nitty gritty below.

4. Choose the segments in the centre.
Sort the plunging arrangement of the own values and mastermind the vectors as required.

The amount of head parts k is solved subjectively by setting an edge m on the fluctuation of the

whole out.

5. K is the number that meets most modestly.
These individual faces could now be used to speak to both existing and new faces: we can extend

another picture on the individual faces and thus record how the mean face contrasts with that
new face. The peculiar values associated with each individual face speak to how many of the
images in the preparation set fluctuate from the mean picture to that path. Data is lost by
anticipating the image on a subset of the vectors, however misfortunes are limited by keeping
those faces of their own with the greatest values of their own. Working with a 110 around 110

picture, for example, will deliver 10,001 vectors. In pragmatic applications, most faces can be
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recognized regularly using a projection on somewhere in the range of 110 and 160 individual

faces, with the goal of disposing of most of the 10,001 vectors.

Algorithm overview

E = sigerfeces(traimingSet]

l

W = weag bk E ramningSet)

l

Imeul umkrocesT rmsage X
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"
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1

' End 5]

Fig:Principle of functioning of face recognition system.

2. K-means method

The K-mean algorithm is a classical algorithm based on distances. The distance evaluates the
similitude. The greater the distance between two points, the smaller the resemblance. Otherwise

the greater the similarity. Get one by one class, at last. Divide any group of objects I into groups
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of points K. Calculate the average value of data objects near to point K for supporting high point

group similarity. The mean value of the group of points can be calculated as follows:

Where ci represents the nearest data point group I and K, I = 1 ... n. pk, indicates the point

community middle point. Steps of the process of Face Extraction using K-mean

Selectedsample-set. [—> Targetfacial-features. |=| Extract-local-features. Gabor-transform.

/ Training-samples.
\\ Test:samples.

Analysis-recognitionresult. [€— SVM-classification. | K-meanclustering.

Experimental results

In this paper, the information is from the Face database. As exploratory examples, 120 of the
1000 subjects facial tests were selected. We pick articulation and enlightenment as exploratory
topics in this database. At the same time, to think about the impact of scars on test results, we are

falsely increasing the scars on each subject 's face photos.
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Fig: Subjects for test.

In addition to the standard facial images, movements, expressions, decorations, lighting, context,
distance and time characteristics are included in this sample collection. To simplify, as shown in
Fig this paper is unified as illumination and expression. 3 And with the Fig. 4, whilst the Fig. 5

Randomly add a scar to the facial image of the subject.

Fig: Faces in different luminicense
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Fig: Random added features on the faces.

The choice of the midpoint is a significant advance in the K-mean grouping. It is referenced in
the current research consequences of face recognition that the face image fulfills a specific
conveyance within the dark space. Based on this result, we have accomplished focal division
positioning. As per the general direction of the human face, this paper mainly divides the
significant classifications into eye highlights, nasal highlights, mouth highlights, and cheek
highlights. The highlights of the eyes are isolated into seven sections: understudy, the four

corners of the eye, the vertical convergence point of the student and the separation between right
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and left eyebrows. The nasal highlights are divided into three sections: the nose tip, and two
nostrils. The highlights of the mouth are divided into five sections: the emphasis of the eyes, and
the four endpoints. The highlights of the cheek are isolated into five sections: the jaw, the

convergence of the flat position of the focus of the lip and the right and left cheeks, the crossing

point of the focal point of the eye and the right and left cheeks.

Fig: Positioning of facial features

3. Discrete Cosine Transform(DCT)

(a)  DCT is been profoundly utilized in picture preparing and signal examination because of
its 'vitality compaction' property. It packs most sign data in certain coefficients. Thinking about
this, here DCT is picked for include extraction. First DCT is applied on whole face picture which
is in result gives low and high recurrence coefficients highlight framework of same
measurements, Fig. 1(b). Furthermore, hardly any low recurrence DCT coefficients are chosen as

highlight vector from each
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Fig. 1. (a) A face image from ORL database (b) its DCT transformed image (c)Top-left (low

frequency) rectangle carries maximum information

Introduction: Face recognition technology is used in various applications such as military,
airports, and biomedicine. The test in this procedure is to perceive the face under various

brightening conditions and outward appearances from a general point, e.g., grin, cry, pitiful,
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feeling, etc. Face-recognition uses are control, web-based or disconnected video recognition, for
example, identification of wrongdoing, prescription, computerized libraries, advertising and
excitement. The framework for facial recognition is isolated into two classifications; these are
entomb class and intra class. Entomb class focuses on recognizing the comparative looks. The
presentation of different pictures can be essentially the same as. Intra class focuses on the present
head, light conditions, appearances outward, facial extras, maturing impacts, shading and
brilliance. Face acknowledgement calculation focuses on present reliance, face portrayal and
highlights of coordination. Current reliance, for example, it has two kinds of reliance on present
reliance and invariant stances. Face portrayal model in present reliance and goal-focused model
in present variation has watchers focused image. Three types of systems are accessible in
watcher-focused, e.g., appearance-based or holistic, half and half, and highlight systematic or
based models. An algorithmic procedure has a semi- and half-strategic place. The images from
the database can be recovered in light of these techniques. Descriptors for the shading, shape,
and surface are used for face recognition. Shading highlights depend on the circulation and
quantization of shadows. These are used for recovery of neighborhood shading images. Issues
with shading highlights are the direction of the surface, camera see point, light enlightenment
position. The shape highlights depend on edge bearing histograms, model coordination, and
shape part coordination. Issue with shape-based highlights is form fluctuation ID, for example,
focus probability and diverse focus views. Last surface highlights depend on the administrator of
the neighborhood, factual investigation, and changes estimates. The vast majority of surface
methodologies are based upon wavelets. Expansions and pivots can help achieve this. In face
recognition framework system is well known strategy to recognize face images from database.
One of the unusual function types is wavelet, which is used for a limited timeframe. In this

image, highlights can be divided into guess, vertical, flat and corner to corner.

4. Discrete Wavelet Transform
The Discrete Wavelet Transform (DWT) is a well known and regularly utilized Transform for

picture preparing. The DWT breaks down a picture into a lot of premise capacities called
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wavelets;  deterioration is characterized as the "goals" of a picture.

Feature exttraction
Database (Vertical
+DWT+Horizontally)

h 4

Distance
Measures

F 3

Feature extraction
(Vertical
* +DWT+Horizontally)

Fig: Feature extraction.

5. PCA

Head Components Analysis(PCA) is an outstanding methodology utilized in diminishing

dimensionality

of the information. The dataset is spoken to as a lattice X = [x1; x2; : xn] , where xi is the ith

segment vector speaking to the ith preparing picture. The covariance lattice Q = cov(X) = XXT
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We at that point perform eigenvalue disintegration on this lattice X to locate the most elevated
positioning eigen vectors by utilizing their eigen esteems. These eigen vectors are known as head
parts and they range the low dimensional sub-space. We pick m eigen vectors(el; e2; : ; em)
which best speak to the picture. The estimation of m is picked by thinking about the cumulative
aggregate of the eigenvalues. The picture x is then anticipated onto the space spread over by

these eigen vectors.

6. ICA

Autonomous Component investigation is a procedure to isolate out a sign into better part or into
its direct segments. It can likewise isolate out the commotion/relics from the sign as these are
free of the first sign. Be that as it may, the calculation slacks in recuperating the first adequacy of
the sign because of brightening. The calculation essentially begins with the brightening of the
information which makes the fluctuation of the information identity. Then, we turn the
information to such an extent that it isolates out into its straight parts. At the end of the day the
brightened information is pivoted with the end goal that the gaussianity of the information is

limited.

7. SVM

Bolster vector machines are classifiers that build a maximal isolating hyper plane between two
classes with the goal that the characterization blunder is limited. The information is mapped to
high-dimensional element space for directly non-divisible information where it can be separated
by a hyper plane. By using kernels, this projection into high-dimensional feature space is
effectively done. For example-label pair (xi; yi) with xi Rn and yi 2 f1; 1 g for 1 I n where n is

the number of instances, the following problem for optimization must be solved for SVMs —
min

w;b;_
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wwT + C

Xn

i=1

_i subject toyi(_(xi) +b) _1 _ (1)

C is the penalty parameter for error term in the above equation and maps an instruction instance

xi to space of higher dimensions. The definition of kernel K is- K(xi;xy) = (xi) (xj)

Accuracy, Fl-score vs. n_components
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Accuracy, Fl-score vs. n_components

—— Accuracy
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Figure 1: Results of Gender classification on Face images using SVM on validation datasets

ICA:(a) Base Dataset (b) Face Scrub Dataset

8. KNN

At the point where the preparation models in a multidimensional component space are
vectors(xi), each with a class name. The KNN-calculation planning phase consists simply of
putting away the part vectors and class names of the training tests. In the arrangement phase, k is
a consistent characterized client, and a test vector(x) is ordered by doling out the name that is
usually visited among the k tests that are closest to that test vector(query point). The Euclidean

separation is an ordinarily used separation metric for characterisation.

For the base examination, the division was equivalent to referenced previously. We show the
outcomes utilizing two separation measurements 'Euclidean’ and second 'Minkowski' utilizing
the PCA and ICA as the dimensionality decrease strategies. We have determined the mean f1

score and test precision run for 10 parts for 10 closest neighbors and arrived at the midpoint of
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them. Base Dataset: On the chart, we have plotted for the segment for which we got the most

elevated f1 score and its incentive for expanding neighbors

Minkowski Metric with PCA 20 parts versus Euclidean Metric with PCA 20 segments: As can
be watched, as the quantity of closest neighbor increments, there is an expansion in the exactness
however there are a few plunges yet after NN 8, the precision starts to diminishes somewhat in

the wake of taking the plunge.

Minkowski Metric with ICA 15 parts versus Euclidean Metric with ICA 15 segments: As can be
watched, as the quantity of closest neighbor increments, there is an expansion in the exactness
however there are a few plunges yet after NN 8, the precision starts to diminishes somewhat

subsequent to taking the plunge.

F1Score Vs Nearest Neighbour (Euclidean, ICA = 15)

0.89
0.88 -
0.87
0.86 -
0.85
0.84 -
0.83
0.82
0.81
0.8

0.79
0 2 4 6 8 10 12

FlScaore

Mearest Meighbour

36



FlScaore
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F1Score Vs Nearest Neighbour (Minkowski,PCA =20)

0.86
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Figure 2: Results of Gender classification on Face images using KNN on Base testing dataset
ICA:(a) Accuracy-Euclidean distance (b) Accuracy-Minkowski distance
PCA:(c) Accuracy-Euclidean distance (d) Accuracy-Minkowski distance

FaceScrub: On the chart, we have ploted for the part for which we got the most elevated f1

score and its incentive for expanding neighbors

Minkowski Metric with PCA 80 parts versus Euclidean Metric with PCA 80 segments: As can
be watched, as the quantity of closest neighbor increments, there is an expansion in the precision
however there are a few plunges yet after NN 7, the exactness starts to diminishes.

Minkowski Metric with ICA 30 segments versus Euclidean Metric with ICA 30 segments: As

can be watched, as the quantity of closest neighbor increments, there is an expansion in the

precision and after NN 7 in Minkowski and 9 in Euclidean, the exactness begins to diminish.
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F1Score vs Nearest Neighbor (Minkowski, PCA=80)
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9. Logistic Regression

For both PICS and Face Scrub dataset, we have divided the dataset into 80:20 ratio of training
and

testing. Subsequently, we apply PCA and ICA on the dataset with varying components for both
of them. The choice of the regularization parameter was searched using GridSearchCV function
of

sklearn. We have calculated the mean f1 score and test accuracy run for 10 splits. The plots for
the respective schemas are:

1. L1 Regularization with ICA.

2. L2 Regularization with ICA.

3. L1 Regularization with PCA.

4. L2 Regularization with PCA.

Base Dataset: From the graph plots, it can be observed that Logistic Regression with L2
regularization and L1 performed equally better with L.1 showiung slightly general trend in the

case
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of PCA. For ICA, L1 and L2, both of them gave good results, where L2 gives good accuracy
with

15 components and L1 when components were 20.

Accuracy, Fl-score vs. n_components
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Accuracy, Fl-score vs. n_components
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Figure 4: Results of Gender classification on Face images using Logistic Regression on PICS test
dataset using ICA and PCA

ICA: (a) L1-Accuracy (b) L2-Accuracy

PCA: (c) L1-Accuracy (d) L2-Accuracy
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FaceScrub Dataset: if there should arise an occurrence of PCA, L1 and L2 both acheive the best
aftereffect of roughly 87% around 200 and 100 parts thought about individually. Be that as it

may, for the general

pattern, .2 performs better when contrasted with L.1. On account of ICA, both show plots show
comparative pattern, the precision expanding with the expanding number of segments with a

slight drop when 15 parts were taken.

10. Naive Bayes

For the base trial, we separated the dataset into the split clarified above and performed
GaussianNB utilizing sklearn work. For the two datasets we got the accompanying plots and
expectations:

Base Dataset: For the base dataset, the precision shows a sudden conduct as it tries to increments.
On account of ICA and afterward abruptly abatement to get steady and on account of PCA it

continues diminishing.
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(a) Classification Results on cartoon validation set.
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(b) Performance of various classifer on test dataset

fermale male

(c) Prediction of gender on cartoon images
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fig a.), fig b.), fig c.) and fig d.) show some of the output that was shown by the working project.
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TEST PLAN

First of all we will describe about our datasets in this section. Our proposed system was
evaluated using three different datasets. Before that it will explain experimental findings with

experimental settings and thorough training and testing procedures.

Data set

To evaluate the exhibition of our proposed technique, we used the dataset right off the bat. This
database contains 13,000 face photos of 5,000 distinct individuals. Of these, 4000 are male and
1,400 are female. In addition, pictures in this database containing 10,000 male and 3,000 female
examples are unbalanced in sexual orientation. Each of the pictures were taken from the site in
uncontrolled circumstances. Some sample pictures are given from the dataset. In addition, we
have used a relatively recently resealed dataset to test the impact of our proposed technique. The
first dataset comprises 26,000 face images of 2200 different individuals. We used the front
rendition of this dataset consisting of absolute 13,000 pictures with 5770 pictures for the male
face and 7800 pictures for the male face. female countenances. For all age classes we thought
about sex. Condensation of the dataset representation used. Some examples of pictures from
dataset are also given. Finally, dataset is used to evaluate our framework. Shading dataset
consists of 1200 distinctive subject matter. Full 2700 pictures of the faces are used. All pictures
taken under controlled condition are however diverse in ethnicity, outward appearance,

cosmetics, light condition and so on.

Training and Testing

We isolated appearances of males and females into changed envelopes. We haphazardly chose
one fifth face pictures from each classification for testing reason and the rest of the pictures are
used as photo preparation. Thus, we haphazardly selected 8000 male countenances for the
dataset and 2300 female appearances for the planning and rest of the face images (2000 male and

600 female appearances) for testing. We have rehashed this process many times. We have again
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randomly selected 4600 male and 6200 female faces for the preparation of the frame and the rest
of the pictures (1100 male and 1560 female faces) for checking. Additionally this procedure is
rehashed multiple times. We also arbitrarily chose 1300 male and 800 female countenances for
the shading dataset to prepare the frame and the rest of the images (340 male and 205 female
faces) are used to test each time. Machine is used for ranking. We also considered the overall

accuracy to calculate the performance defined in Equations 1-4, Recall, Precision, FMeasure.

! Numbero fCorrect Detection x 100 (0
Arcuracy = = ; —
- Y Total Numbero fTestInages

Mz
Recall, = ﬁ (2)

o
P Mii x
recision; = E M (3)

- 2 x Recall, x Precision,
F = easure; = — (4)
Recall, + Precision,

here, Mii = No. of detection;
Mij = Total no. of detection ;
Mji = No. of detection of j as i and j.

F-measure used to measure the performance of regression which is the harmonic mean of

Precision and Recall value. The broad F-measure value suggests greater precision.
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Fig. Method which has been put forward for gender identification.
Table . Summary of dataset

Age/Range  0-2 4-6 8-13 15-20 25-32 38-43 48-53 60- Total
Male tests 557 691 738 501 1,602 875 273 272 5,824
Female tests 492 911 956 630 1,692 732 295 309 6,455
Total ground 1,049 1,602 1,694 1,131 3,294 1,607 568 581 13,649
Total 1,843 1,602 1,700 1,132 3,335 1,607 572 585
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FUTURE WORKS

This report can anticipate age, feelings, ethnicity,etc. The sexual orientation order from pictures
of countenances can be utilized to distinguish the sex in uncontrolled ongoing situations, for
example, banks, railroad stations, air terminal, transport stops, and so forth. For instance,
contingent on the quantity of male and female travelers on the railroad station, bathrooms can be

developed to facilitate the voyaging.

In software engineering it is one of the significant fields ,presently a days most application
fundamentally relies upon recognizable proof of gender of a person,so in the future further
studies are being conducted by applying various tecniques, likewise distinguishing the gender

from any feature of the face to be extremely accurate.
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CONCLUSION

In this report, we focuses on the general system in the method of gender identification that uses
pre-processing, face detection, extraction of features and then classification, working on pixels to
classify gender is more expensive so that gender classification prefers to extract face features
rather than pixel work. It also presents a survey of different gender identification techniques and
algorithms that researchers proposed earlier for better classification development. It also offers
an summary of some of the gender identity work underway. For all these steps gender identity

for fully unrestrained settings remains a very difficult activity.

A system of real-time classification using algorithms is described according to the training
algorithms and is used for gender and classification and identification. The established system
implies that by using global geometric features from the picture, we can identify gender , age and
human beings with promising recognition levels. The method developed based on global
geometric facial characteristics achieves a high classification rate of 99 percent in the training set
for all applications, as well as 91 percent for gender and 85 percent for human identification in
the test set. Future work will be devoted to the implementation and examination of the other

features with real-time application extracted from face parts by various techniques.
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APPLICATIONS

A number of applications of gender classification are:

1. Visual Surveillance

2. Content based searching
3. Targeted Advertisement
4. Forensic Science

5. Human Computer Interaction System
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