ABSTRACT

The estimation of face age isprimarily based on a human's face stays an
enormous hassle in smart devices imaginative and prescient and sample
recognition. For estimating the truthful period or the period organization of
any face icon, maximum of the active algorithms requires a massive data set
connected with the labels of the age. This will imposes constraint at the
exploitation of the enormously unlabelled or weakly labelled training
statistics, for an example, very large amount of photos in the social
networking sites. These photos can also provide no age label, however then it
is simple to develop the age distinction for an photograph pair of the alike
individuals. To enhance the accuracy of the estimation of age, we can endorse
a unique scheme to take the advantage of such weakly labelled records
through the profound CNN.For every photograph couple, divergence of
Kullback Leibler 1s then hired to embed the age difference
statistics. The entropy losses and the second loss that is cross entropy loss are
adaptively carried out on every image to make the allocation show off a single
top price. Their mixture is designed to pressurize the community of neural to
recognize the age progressively from most effective the age distinction
information. We also contribute a statistics set, which include hundreds of
face snap shots attached with their taken dates. Each picture is both labelled
with the timestamp and those identification. Experimental effects on two
getting old face databases display the advantages ofthis proposed age

distinction studying machine, and then the trendy performance is gained.



CHAPTER 1

INTRODUCTION

1.1 FACIAL AGE

The human face holds some imperative measure of data and qualities, for
example, behaviour, age and sex. The extremely huge individuals' dominant
part of individuals can wundoubtedly perceive human qualities like
enthusiastic states, where they can tell if the individual is cheerful, dismal or
irate from the face. Moreover, it is anything but difficult to decide the sex of
the individual. In any case, knowing individual's age just by taking a gander
at old or late pictures for them is regularly a greater test. Our objective in
this thesis is to develop a human age estimator from facial images. Given a

facial image of the person, we label it with an estimated age.

Aging is non-reversible process. Human face characteristics change with
time which reflects major variations in appearance. The age movement signs
shown on faces are wild and customized, for example, hair brightening,
muscles dropping and wrinkles. The maturing signs rely on upon numerous
outer elements, for example, way of life and level of stress. For instance
smoking causes several facial characteristics changes. A 30 years old person

who smokes a box of cigarettes each day will look like a 42 years old one.

Compared with other facial characteristics such as identity, expression and

gender, aging effects then displays three main unique characteristics:

. The maturing progress is natural. Nobody can progress or postpone

maturing voluntarily. The strategy of maturing is moderate and irreversible.



. Personalized maturing varieties. Diverse individuals age in various
ways. The maturing variety of every individual is controlled by his/her
qualities and in addition numerous outside elements, for example, wellbeing,

way of life, climate conditions, and so on.

. The maturing varieties are worldly information. The maturing
progress must comply with the request of time. The face status at a specific
age will influence every more seasoned face, yet won't influence those more
youthful ones. Each of these qualities adds to the challenges of programmed

age estimation.

1994

2014

fig 1:
Photos of same person at different years. This shows the picture of the same person and
below the photos are their taken years.



1.2 AGE ESTIMATION

Human age can be specifically gathered by particular examples from the
facial appearance. For a similar individual, the photographs taken at various
years uncover the maturing procedure on their countenances. The more
extended the interim is, the more clear changes there will be. Age data
assumes an essential part in human PC cooperation and Artificial
Intelligence frameworks and offers numerous in other face-related
assignments, for example, confront discovery and acknowledgment. Picture
based human age estimation has wide potential reasonable applications, e.g.,
statistic information gathering for grocery stores or other open zones, age
particular human PC interfaces, age-arranged business commercial, and
human distinguishing proof in view of old ID-photographs. Assessing age
from pictures has been generally a standout amongst the most difficult issues
inside the field of facial examination. With the quick advances in PC vision
and example acknowledgment, PC construct age estimation in light of
appearances turns into an especially intriguing subject. Nonetheless, human
estimation of facial age is normally not as exact as different sorts of facial
data, for example, character and sex. It is extremely testing to precisely
foresee the age of a given facial picture since human facial maturing is for
the most part a moderate and convoluted process affected by numerous
inward and outer elements. As of late, the enthusiasm for human facial age
estimation has fundamentally expanded .

There are two central issues moving the advancement of these procedures.



. Face picture production: Render confront pictures with modified
single or blended facial characteristics (personality, expression, sex, age,

ethnicity, posture, and so forth.).

. Face picture investigation: Interpret confront pictures regarding facial
properties (personality, expression, sexual orientation, age, ethnicity,

posture, and so on.).

A common pipeline of the current strategies for age estimationas a rule

comprises of two modules:

(1) extricating picture highlights/portrayals for age,

(2) taking in an age estimator with these picture highlights.

Different facial age highlights have been created for facial age estimation.

We have to then make a distinction between two smart vision problems. Age
synthesis which aim at simulating the special aging effects on human faces
(i.e. replicate how the face would look like at a definite age ) with
customized single or mixed facial attributes (identity, age, gender, ethnicity,
pose and so on .) which is the inverse procedure of age estimation as shown
in Figure. While, age estimation aims at labelling a face image automatically

with the exact age (year) or the age group (year range) of the individual face.

fig 2: The processing of human face aging



Among them, naturally roused highlights (BIF) demonstrates the best
execution on age estimation and has been fiercely utilized. With the got
picture highlights for age, different techniques have been proposed to take in
an age estimator. In the vast majority of these techniques, age estimation is
viewed as either an order issue or a relapse issue Recently, profound
learning plans, particularly Convolutional Neural Networks (CNNs), have
been effectively utilized for some assignments identified with facial
investigation, including face location, confront arrangement , confront
confirmation , and statistic estimation . Highlight maps are separated and
gotten in various layers as age highlights in light of the profound learning
model. An exhaustive assessment on profound learning is accommodated the
estimation of the age and it is then contrasted and the high quality
combination highlights. Age estimation is the assurance of individual's age
in view of  biometric highlights. Despite the fact
that age estimation can be refined utilizing diverse biometric characteristics,

this thesis is centered around facial age order that depends on biometric
highlights extricated from a man's face. Age estimation will be more
precise when shape and skin highlights are mulled over. The premise of
this thesis is a measurable examination of facial components with a
specific end goal to order the facial pictures as indicated by relating age interi

ms.



1.3 AGE SYNTHESIS

The synthesis of Age, likewise called age movement, is frequently actualized
by first building a non specific face display. Face displaying has been

predominant for quite a while in both the PC designs and PC vision fields.
Age Synthesis by utilizing maturing capacities:

In propose a model-based age-movement calculation that utilizations
maturing capacities for demonstrating maturing variety inside a preparation
set. Amid the preparation stage, they produce a factual appearance confront
show that depicts the real wellsprings of changeability inside the preparation
set. Amid the procedure, each face shape in the preparation set is spoken to by
the directions of 68 points of interest. All preparation shapes are adjusted and
the mean shape among the preparation setis built up. Picture twisting is
utilized for distorting preparing appearances to the mean shape so that the

shape-standardized surface from each face is removed.

A factual appearance confront display is produced by applying central segmen
t investigation on preparing shapes and shapestandardized face forces. Since

all preparation faces are twisted to a similar shape, data identified with the
supreme size of preparing faces is disposed of. Despite the fact that scaling is

an essential viewpoint in agemovement, the utilization of scale data requires
earlier learning with respect to the size of countenances in the preparation
and test pictures—such data is typically not accessible in pictures
experienced in most face picture handling applications. A standout amongst
the most vital components of PCA-based face models is the capacity to
speak to confronts utilizing few model parameters. The coding accomplished

in light of this approach is reversible empowering the reproduction of new



faces once the estimations of model parameters are
settled. More points of interest identified with the preparation and utilization

of measurable models of this sort are displayed somewhere else. It change
over all preparation tests into the low dimensional model based portrayal and
characterize a polynomial capacity (the purported maturing capacity) that

relates the model-based portrayal of each subject to the real age;
f(X)=age of aperson,

Where X is the vector of the model parameters and f'is the maturing capacity.
Once a maturing capacity is built up, it can be utilized for assessing the period
of appearances in pictures and furthermore to generate average pictures
demonstrating a face at sought age. Figure demonstrates engineered faces at
various ages delivered by utilizing a maturing capacity prepared utilizing

pictures from the databases.

fig 3: This Image is showing the synthetic faces of ages between the years 0-50



1.3 MOTIVATION

Automatic age estimation from facial images has recently emerged as a
technology with multiple interesting applications. The following examples

demonstrate some beneficial uses of facial age estimation.

1.3.1 Electronics and Customer's Relationship Management (ECRM)

The ECRM is an administration methodology that utilizes the most recent
PC vision calculations and ways to deal with assemble cooperation devices
for adequately building up various associations with all clients and serving
them independently. Clients are characterized to various age gatherings, for
example, babies, youngsters, grown-ups and senior grown-ups. It is essential
to take their propensities, inclinations, responsiveness, and desire to
advertising in thought, organizations can acquire more cash by recognizing
this reality, reacting straightforwardly to all customers™ particular needs in
view of their age gatherings, and redoing items or administrations as
indicated by every client age gathering. The most difficult part is to keep up
enough individual data records or histories from all customers™ age
gatherings, where organizations need to contribute a lot of cost contribution
to build up long haul client connections. For instance, the proprietor of a fast
food shop needs to know the most prevalent sandwiches or dinners for each
age gathering; the publicizing organizations need to target particular crowds
(potential clients) for particular ads as far as age gatherings; portable makers

need to know which age aggregate is more inspired by their new item



models appearing in an open stand; garments stores may show reasonable

styles for guys or females as indicated by their age gatherings.
1.3.2 Surveillance Monitoring and Security Control

Surveillance monitoring and Security control systems are now becoming
increasingly important in everyday life especially with the rise in number of
crimes and terrorist threats. With the help of a monitoring camera, a human
age estimator application can generate a warning sound or alarm when
underage drinkers are entering bars and preventing them from purchasing
tobacco products from vending machines if the IDs are faked or another, then
image face estimation can be a second check point; stopped the aged when he/
she wants to play roller coaster in An amusement Park; and deny nonadult per
sons to access internet pages with adult materials. So, it is clear that age estima

tion from surveillance cameras can be useful in many situations.

1.3.3 Biometrics

The Age estimation is a type of soft biometricsthat provides ancillary
information of the users’ identity information. It can be used to complement
the primary biometric features, such as face, fingerprint, iris, and hand
geometry, to improve the performance of a primary (hard) biometrics system.
In real face recognition or identification applications, it is often the case that
the system needs to recognize or identify faces after a gap of several years,
such as passport renewal and border security, which reveals the importance of
age synthesis. Integrated with a dynamic aging model, the face recognition or
identification system can dynamically tune the model parameters by
considering the shape or texture variations during the aging process. System

robustness to time gap can be significantly improved.



1.3.4 Health care systems

Age estimation applications are not constrained to keep criminals from
carrying out wrongdoings, but rather likewise can be utilized as a part of
medicinal services frameworks, for example, mechanical attendant, wise
emergency unit, redid administrations. For instance, customized Avatar
will  be chosen naturally from the custom manufactured
database to collaborate with patients from various age bunches with specific

inclinations.

1.3.5 Information extraction

The internet system is now considered as the largest image database that ever
existed, it allows access to billions of face images uploaded by regular users
with descriptive tags and titles, albeit noisy in many cases. One of the most
famous websites are facebook.com, flickr.com and other regular sites, where
the users can benefit from an age estimation application that can estimate
human face accurately, and retrieve face images based on the estimated age

image query for friendship requests and face image collection.



CHAPTER 2

PREVIOUS WORK

2.1 AGE PROGRESSION

Human face maturing is a non-reversible process, making human face
attributes change after some time as muscles drop , hair brightening, and
wrinkles, despite the fact that some magnificence beauty items may
marginally turn around minor photograph maturing impacts. Individuals
have distinctive patterns of maturing, with time human face begins to take
diverse structures in various ages, and there is general discriminative data
we can simply depict. Past work on maturing can be separated into two

noteworthy classifications; (a) age estimation and (b) age progression.

To modify and enhance the photographs manually or by the computers for
the purpose of suspects all victims or any lost people identification. With the
enforcement of law facial each progression is used for investigating the work
and art throughout history eight progression is considered as the best
technique and for this purpose this technique has evolved. Then after each of
the subject face can be predicted by the professionals and they can produce
the updated facial image by utilising all the available information of an
individual such as lifestyle facial attributes genetics and occupation
synthesis of age by machines can efficiently enhances the professionals
effectiveness while provides more realistic photographic ageing affects

which can satisfy the needs of aesthetic.

Here discussed two popular synthesis algorithms as follows:



e Implicit Statistical Synthesis: This concentrates on the looks inspecti
on, which considers shape and contrast all the while and frequently

utilizes quantifiable strategies.

e Explicit Mechanical Synthesis: The express automatic incorporation
concentrates on the face analysis, which is more known with skin

maturing.

2.1.1 Implicit Statistical Synthesis

AAM was used by Lanitis et al. to construct the aging function of young
facials under the age of 30 years, in which separate the surface and shape
varieties from an arrangement of preparing illustrations PCA is connected.
The PCA coefficients for the straight recreation of preparing tests are
considered as model parameters, which control distinctive sorts of
appearance varieties. The maturing model can be the utilized for the
standardization of the picture and further change is achieved in the
performance of facial age recognition. Figure 2.1 shows the example of

AAM and the aging appearance model results by Lanitis's method.

Another new approach was proposed by Chellappa and Ramanathan
regarding appearance-based on the framework of adult aging . The profile
maturing is then controlled by a physically-based parametric muscle
illustrate, while the surface maturing is controlled by a photo slope basically
based wrinkle extraction work. This model will anticipate and reenact facial
maturing in 2 cases: weight-put on and weight reduction. The wrinkle
reproduction module will create totally extraordinary impacts like fragile,

direct, and solid.



(b)

fig 2.1: Facial age by using active appearance model and the principal component

analysis. (a) Active appearance model. (b) Aging appearance simulation result

Then Suo et al. proficiently displayed a dynamic facial maturing model
with multi-determination and multi-layer picture portrayals. At the point
when related with a layered And-Or diagram, every one of the a huge
number of preparing facial pictures are disintegrated into totally unique
parts. the last maturing impacts are found out from world state of and styles

of person's hairs changes, facial parts disfigurements, and facial wrinkles

geology.

Figure 2.2 demonstrates this model and a couple of maturing reproduction

comes about that display to a great degree.
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fig 2.2: Multi-layer dynamic facial aging model and results

M-Facial framework was presented by Fu and Zheng for the appearance
based photo realistic face modelling. The age data bases provides the Aging
Ratio Image (ARI) for texture description. The shape is included from
associated shape twist . And then it is derived from average young facial
image, the exaggerating individual distinctiveness wrapped the caricatured
shape, while the re-rendered texture then it multiplies the ARI during the
process of caricaturing. Then the anticipated 2D parameter driven model is
able to manipulate the chronological aging or rejuvenating with fulfilling

photorealistic effects were very avoiding tiresome 3D modelling of the faces




Shan et al. displayed a photos based strategy to exchange geometric subtle
elements between two objects surfacials.
They found that geometric subtle elements can be caught without knowing
the surfacial reflectance. After arrangement, the geometric points of interest
can be cloned to render different surfacials. Both facial maturing and revivi
ng can be recreated utilizing this strategy. The first and third segments in

Figure 2.4 demonstrate the first pictures of two people with various age.

The second and fourth segments demonstrate the two rendering comes
about for facial maturing and reviving (trade the age between the two

facials)

(a) Subject 1 (original facial in the left fb) Subject 2 (01'igilial facial in the left
picture, simulated facial in the right picture, simulated facial in the right
picture picture

Figure 2.4: Facial aging and rejuvenating results using
pictures-based surfacial detail transfer results



2.2 AGE ESTIMATION

The already existing age estimation frameworks that were using facial
pictures normally consist of two most important stages: age estimation and

age pictures representation techniques.

2.2.1 Pictures representation
2.2.1.1 Anthropometric models

Kwon and Lobo successfully studied facial-cranio theory of development.
The theory of facial-cranio uses one mathematical model to describe the
growth of a person's head from infancy to adulthood. A comprehensive
overview was provided by Farkas of facial anthropometry. Facial
anthropometry is known as the science of measuring the sizes of human face
and proportions on it. For the characterization of age growth, rather than
straightforwardly utilizing the scientific models, individuals use the
separation proportions habitually measured from facial milestones. There are
two reasons why individuals don't utilize the of science for the estimation of

age:

(1) The numerical model can't normally break down the development of the

head particularly when the ages are near grown-ups

(2) it is hard to measure the growth of the head from 2D facial pictures.

Kwon and Lobo arranged human facials into three gatherings: babies,
youthful grown-ups and senior grown-ups. The analysis was done on a little
database of 47 facials. The creators did not report the general execution on
this little database. Age estimation approaches in view of the anthropometry

model can just manage youthful ages, since the human head shape does not



change excessively in its grown-up period. Kwon and Lob registered
wrinkles from facial pictures for separating youthful grown-ups from senior
grown-ups. The wrinkles were registered in a few locales, for example, on
the brow, alongside the eyes, and close to the cheek bones. The nearness of
the wrinkles within an area depends on the discovery of bends in that locale.
In entirety; the anthropometry model may be helpful for youthful ages,
however not proper for grown-ups. Up until this point, there are no
detailed outcomes on a vast database for human age estimation utilizing the
anthropometry show. At last, the anthropometric model based portrayals just
consider the facial geometry however no face data, and the anthropometric

estimations.

1. Active appearance models

The dynamic appearance model is a measurable facial model proposed at
first to code facial pictures. Given an arrangement of preparing facial
pictures, a factual shape display and a force model are found out
independently, in view of the vital part investigation. The AAMs were
utilized effectively for facial encoding. Lanitis et al. amplified
the AAMs for facial maturing by proposing a maturing capacity, f(b) = age

of a person to clarify the variety in age. In the maturing capacity, age is the

genuine age of a person in a facial pictures, b is a vector containing 50
model parameters gained from the AAMs, and f is the maturing capacity.

The maturing capacity characterizes the connection between the time of peo
ple and the parametric portrayal of the facial pictures. The examinations we

re performed on a database of 500 facial pictures of 60 subjects.

Lanitis et al. additionally attempted diverse classifiers for age estimation in

light of their age pictures portrayal, particularly the quadratic maturing



capacity. In examination with the anthropometry display based
methodologies, the AAMs can manage any ages by and large, instead of
simply youthful ages. Likewise, the AAMs based ways to deal with age
pictures portrayal consider both the shape and face as opposed to only the
facial geometry as in the anthropometric model based strategies. These
methodologies are material to the exactage estimation, since each test
pictures will be marked with a particular age esteem browsed a persistent

territory. The further changes on these maturing design portrayal strategies :

(1) to give proves that the connection amongst facial and age can be
basically spoken to by a quadratic capacity;
(2) for the management of anomalies in the age labeling space; and

(3) for the management of high-dimensional parameters

2. Aging pattern subspace

Geng et al. presented AGing pattErn Subspace (AGES), which manage an
arrangement of an individual's maturing facial pictures that will be utilized
all together to demonstrate the maturing procedure. Rather than managing
each maturing facial pictures independently. A maturing example is
characterized as a succession of individual facial pictures, originating from a
similar individual, sorted in the fleeting request On the off chance that the
facial pictures of any age are accessible for an individual, the comparing
maturing example is known as a total maturing design; else, it is then called
as an incomplete aging pattern. The AGES method also can simulate the

missing ages by using an EM-like continuously learning algorithm.

This AGES strategy works in two phases: the learning stage and the age
estimation organize. In learning of the maturing design subspace, the PCA

method was utilized to get a subspace portrayal. The distinction from the



standard PCA approach is that there are conceivably some missing age
pictures for each maturing design. The proposed EM-like iterative learning
strategy is utilized to limit the remaking mistake portrayed by the distinction
between the accessible age pictures and the remade facial pictures. The
underlying esteems for missing facials are set by the normal of accessible
facial pictures. At that point the eigenvectors of the covariance lattice of all
facial pictures and the methods can be registered. Given the eigenvectors
also, mean facial, the propagation of the facials can be handled. The
methodology rehashes until the point that the changing bumble is nearly
nothing.

As to the AAMs for encoding facial pictures, Geng etal. used 200 AAMs
segments to encode each facial pictures. The investigation for evaluating the
AGES strategy was performed on the FGNET developing database. The Mean
Absolute Error (MAE) was represented as 6.77 years. In helpful use of the
AGES method, an issue is that in order to gage the age of a data facial pictures,
the AGES technique acknowledge there exist facial photos of a comparative
individual yet at different ages or if nothing else a tantamount developing
outline for that facial pictures in the arrangement database. This
supposition won't not be satisfied for some developing databases. What's
more, besides it 1s hard to assemble a broad database
containing facial photos of a comparable individual at an extensive variety of
ages with close imaging conditions. Another issue of the AGES system is
that

the AAMs facial depiction won't not encode facial wrinkles well for senior pe
ople,inlight of the way that the AAMs procedure just
encodes the photos forces

without utilizing any spatial neighborhood to figure face examples. Powers of

single pixels describe local texture information.In order to signify the



facial wrinkles for elder adults, the texture patterns at limited regions needs

to be measured.

3. Appearance models

Maturing related facial part extraction is more drawn in by the appearance
illustrate. Both worldwide and neighborhood components were used as a
piece of existing age estimation systems. The convincing surface descriptor,
Local Binary Patterns (LBP) , has been used for appearance incorporate
extraction in a modified age estimation structure. It fulfills 80% accuracy
on the FERET database with nearest neighbor arrange, and 80%-90% on the
FERET and PIE databases with AdaBoost.

Yan et al. proposed to use Spatially Flexible Patch (SFP) as the component
descriptor. Since SFP considers neighborhood patches and their position
information, facial pictures with little misalignment, obstacle and head pose
assortments can even now be dealt with reasonably. Also, it can moreover
propel the isolating typical for the rundown of capacities while lacking cases
are given. Shown by a Gaussian Mixture Model (GMM), their system can
achieve a MAE 0f4.95 years on the FG-NET developing database, and
MAEs of 4.94 years and 4.38 years for female and male on the YGA
database independently.

Suo et al. proposed to diagram graphical facial features such as topology,
photometry, geometry, and configuration—based on their underlying made
multiassurance different leveled facial model Basically, inside the dynamic

model, they apply specific channels to different parameters at different level



s for highlight extraction. Their system can fulfill a MAE of 5.974 years on
the FGNET developing database using MultiLayer Perceptron (MLP), and
MAE of 4.68 years (with botch resistance of 10 years estimation rate accom

plishes 91.6%) in solitude database exclusively.

Guo et al. proposed to use the Biologically Inspired Features (BIF)] for age
estimation by methods for facials. The theory behind this procedure will be
cleared up in purposes of enthusiasm for the accompanying portion. BIF
can achieve MAE of 4.77 years on the developing database, and MAEs of
391 years and 3.47  years for female and male on the YGA database
independently. By considering both age and sex estimation in a customized
structure , the BIF+Age Manifold component joined with SVM can finish
MAEs of 2.61 years and 2.58 years for female and male on the YGA
database independently. These results demonstrate the predominant

execution of the BIF for the undertaking of age estimation.



2.3 TECHNIQUES FOR AGE ESTIMATION

When aging feature representation is given then the next step is  estimating
ages. Age estimation is of two categories: a) classification-based; and b)

regression based

2.3.1 Classification-based

Lanitis et al. surveyed the execution of different classifiers for age
estimation, including the nearest neighbor classifier,the Artificial Neural
Networks (ANNSs), and a quadratic capacity classifier. The facial pictures
are spoken to by the AAMs system. From examinations on a little database
containing 400 pictures at ages reaching out from 0 to 35 years, it was
represented that the quadratic capacity classifier can accomplish 5.04 years
of MAE, which is barely lower than the nearest neighbor classifier,however
higher than the ANNs. The SVM was associated with age estimation by
Guo et al. on a considerable YGA database with 8,000 pictures. The MAEs
are 5.55 and 5.52 years for females and folks, independently. The MAE is
7.16 for the FG-NET developing database. Kanno et al. acquainted with use
fake ANN for the 4-class age-assemble arrange which achieved 80%

exactness on 110 young male facials.

Ueki et al. developed 11 Gaussian models in a low-dimensional 2D LDA
+ LDA component space using the EM Algorithm. The age-gather
gathering is directed by fitting the test pictures to each Gaussian model and
differentiating the probabilities. For the 5-year broaden age-assemble
portrayal, their system finishes exactnesses of around half for male and 43%
for female. For 10-year run age-gather portrayal, it finishes exactnesses of

around 72% for male and 63% for female. For 15-year go age-amass course



of action, it fulfills correctnesses of around 82% for male and 74% for

female.

2.3.2 Regression-based

Lanitis et al. investigated three formulations for the aging function:,
quadratic, linear and cubic, respectively, with 50 raw model
parameters. The optimal model parameters are learned from training facial
pictures of different ages based on a genetic algorithm. The SDP is an
effective tool but computationally very expensive . The solution to SDP
may be difficult to achieve, when the size of the training set is large. The
regression problem was solved by using an expectation Maximization
Algorithm and the optimization process was boosted up. The MAEs are
reported as 6.95 years for both male and female on the YGA database, and
5.33 for FG-NET aging database.

Zhou et al. presented the generalized Pictures Based Regression (IBR)
aiming at multiple-output settings. Features are selected from unnecessary
Haar-like feature set by using a boosting scheme. The computational cost
can be reduced by the proposed training algorithm. The IBR can accomplish
5.8 MAE of a 5-folds cross rationale test on the FGNET aging database.
Suoet al. then compared Age set definite Linear Regression (ALR), MLP,
SVR, and logistic regression (multi-class Adaboost ) on FG-NET and their
very own databases and he finally achieved the best performance with MLP

in his experiment.

Later by Guo et al. ,as a representative classifier the SVMs was chosen, and
SVR was chosen as a representative regressor and then he compared their
performance by using the same input data. By their experiments SVM
performs far better than SVR on the YGA database(,5.52 versus 7.47 years
and 5.55 versus 7.00 years, for males and females, respectively), But SVM
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did not perform efficiently than SVR on FG-NET database (7.16 vs 5.16
years). So from the experimental results we can say that the age estimation
based on classification can be far better or worse than the approach based on

regression in different cases.

A method was proposed by Guo et al. which was called Locally Adjusted
Robust Regressor(LARR). They proved that by combining a regressor and a
classifier a continuous better performance can be achieved. By using this

combination ,MAEs

reach upto 5.30 years on FG-NET database and 5.25 years for male and
female on YGA database respectively. The proposed idea of LARR is to
firstly do a regression by using all the available data sets of the persons at
different ages and then uses the result of this regression to the constraint
classifier with a very small local search range which will then help to
improve the age estimation performance  efficiently.  The range of local
search cannot be determined for the classifier automatically by LARR
method. It has to try on different age ranges such as 3,7 15,31 and 63 and
also requires the user to choose the best solution among every possible

result.

For combinining the classification and the regression results Guo et al.
proposed a probabilistic approach. The idea of using a uniform distribution
is to interpret or transform the results of regression in two probabilities, And
then the probabilities from the results of classification are then cut off by
the uniform distribution. In addition to improve the accuracy the parameters
are also determined automatically in a data driven fashion. The MAEs are
5.12 years for male and 5.11 for females on YGA database and on FG -NET
ageing database MAE is found to be 4.97 years.


https://www.researchgate.net/publication/3328909_Image-Based_Human_Age_Estimation_by_Manifold_Learning_and_Locally_Adjusted_Robust_Regression?el=1_x_8&enrichId=rgreq-50722d78c7e94da8c3f2f95f0c389cd7-XXX&enrichSource=Y292ZXJQYWdlOzIzMzM0MTU5ODtBUzo5OTE0NTg4MDcwMjk4N0AxNDAwNjQ5NjI4NjY0

2.3.3 DEEP LEARNING

Deep learning methods were used to learn the effective facial image
representation automatically. And in object classification these methods
have achieved great success. In recent years these deep learning schemes,
especially CNNs have been significantly employed for many other tasks
related to facial image analysis which includes face alignment, face

detection, face verification and demographic estimation.

Wang et al extracted the feature maps that are obtained as age features in
different layers based on the models of deep learning. Huerta at al then
provides a rigorous evaluation for the estimation of age on deep learning
and then compare the results with hand crafted fusion features. The
upcoming trend is that high quality learning features will replace those hand
crafted features. These hand crafted features may not be efficiently
compatible with the biological ageing process as these features are fixed.
Ideally it is expected that age information is significantly preserved by
facial age image representation. The depth of network were increased by
latest deep learning trends. GoogleNet is one of the new inception style
architecture which is now used to increase the network's representational
power. This inspired us at such an extent that we use these deep learning
methods to learn the age estimation and the representation of the image
simultaneously . We then demonstrate that the switching to the deep learn
features from hand crafted image features together with the improvement
in the objective function and a huge amount of data that is unlabeled video

information, leads us to age estimation performance.



CHAPTER 3

PROPOSED METHOD

3.1 OVERVIEW

The main method includes three-fold:

1)We propose a way to deal with adventure human age data through the age
contrast. To our best learning, it is the first occasion when that the age

distinction data has been utilized for the human age estimation.

we examine the issue of age estimation without adequate ground truth ages
and propose a method to estimate the age with the help of age difference

data.

2) We investigate the age difference information with three kinds of loss
functions, i.e. entropy loss , cross entropy loss and KL divergence distance.
These loss functions can not only force the probability distribution of age
classes to have one single peak value but also make the probability
distribution locate within the correct range.

The proposed approach will be an important component in practical systems
for age estimation, which is able to address the human faces with arbitrary

poses, arbitrary age, and arbitrary ethnicity.

3)We also contribute a dataset attached with their taken dates. Each image is

labeled with both the time stamp and people identity.
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fig 4: An overview of the proposed deep architecture for robust age estimation.



3.2 TRAINING OBJECTIVE FOR AGE-LABELLED IMAGES

To begin with, we prepare an age estimator that is based on the current ageing
dataset. Given facial pictures with their ages, the age model ought to give
steady evaluated ages to these pictures. In this progression we will investigate
the name appropriation in the loss function. The benefits of label distribution ,
particularly for age estimation undertaking, has been exhibited in many
research works. All the current maturing datasets are marked with given
ages. Therefore most calculations treat the age estimation as a solitary mark
characterization issue. Nonetheless, human maturing is by and large a
moderate and smooth process actually. The faces look very comparable at
close ages. The typical label discrete distribution , e.g., Gaussian distribution,

has been proposed for the facial pictures. label distribution not exclusively can
expand the number of named information additionally has a tendency to take

in the comparability among the neighboring ages.

(b) (d)

fig 5: The face alignment steps of face data pre-
processing. (a) Original image. (b) Face detection. (c) Face landmark. (d) Face alignment.
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fig 6: The age difference dataset construction

In our approach we use Gaussian distribution to model the label distribution of
ages. Let C = {1, 2, ..., ¢} denote the set of possible ground truth ages

Ly = (3, 12 o 1)

is the label distribution of the mth image. m is the representation of the image
Given a chronological age ae C ,we calculate the label distribution Lm as

follows . The distribution of ages {a—2, a—1, a, a+1, a+2} is calculated as

a —(a-ay)®
Lt = l% xe 20

m
where Gaussian function has mean a; and variance 0. For rest of the other
ages, we will just let [} = 0.
Finally, a normalization process is calculated to ensure that 3¢ Uy=1.

n the proposed profound engineering, the Kullback Leibler (KL)

divergences separation is set to measure the uniqueness between the



predicted label distribution to the ground truth distribution. As indicated
by the meaning of KL divergences, the separation between two

probabilities P and, Q is

DkL(PQ) = ZP log
- Z P; log Qi) — 0;log(Q)).

Specifically
, given the training data with the Gaussian label distribution, after through the

shared sub-network, an 1mage m 1s mapped to a c-dimensional probability

score Q,, eR° (Qn.@ = exp (fn];) /Y51 fKY), where f;, is intermediate feature

of shared sub network for image m and it is defined by

j=1

minloss = Z/,{, log(l) — 1/ log(Qh)

J
S E —lip log Qm

We will now optimize the network parameters via back propagation method. It

is the common sense that the gradient of the softmax function is

00}
= = 0,(1 - 0%).
Cfm

Now we provide the gardient of loss with respect to f,,];:

oloss oloss Q3
Oofin 0Qm  Ofin
j |
=.—[. T m(l Q

m

Q#J‘ - jm




3.2 Training Objective for Non-Age-Labeled Images

In this progression, we plan to evaluate the age contrast between two
appearances. For the pictures without age label, we use the age contrast to
prepare an age distinction estimator. Given a combine of pictures n and m
with year labels, we consider the distinction of years K as the age contrast. In
this area, all the match pictures are from a similar individual. Through the
mutual subconnect with stacked convolution layers, two pictures are both map
ped into c-dimensional likelihood distributions Qn what's more, Qm crosswise
over C classes of ages. With a specific end goal to investigate the age data
from the age contrast, we painstakingly plan three sorts of misfortune
capacities to use the age likelihood distributions. As indicated by softmax

definition,

Quic = ex0 )/ D _exp (fue)

fn 1s intermediate feature of shared sub network for image I,, and Q,is the

probability that image n is in the age k.

Entropy loss loss,

Cross entropy Final loss:
loss loss, Ailoss, + A,loss, + Aslossy

K-L divergence
distance lossy

fig 7: The illustration of loss in networks



A. ENTROPY LOSS : Since output of system is the likelihood distribution
over a possible age range, each section demonstrates the likelihood of the age
class. Given an age likelihood vector, the cluster ought to have an entropy loss,
rather than be consistently disseminated. We pick the entropy loss to fulfil this
prerequisite. Since the entropy loss will be 0 if and only if one single entry is 1
and all others are 0. For uniform probabilities , the loss will be biggest. The

entropy loss for the picture n is characterized as

loss, = — Z Onk log(Qnk).

k=1
Before deriving the backward function, the gradient of Q,,; with respect to f, is

Plnk _ o3 it g — Bk
Ofnp

The notation ¢ (k=p) is 1 iff k= p; otherwise 0. This equation is formulated

according to the definition of the softmax function.

To optimize the network parameters, the gradient of loss, with respect to f;,, is
dloss, dloss, 0Q

afnp B aan 'afnp

= an(d(k = p) - an) - 2;=1(10g(an) + 1)

Cc

— k:1an(6(k = D) — Qup)10g (Qni) + Qni(6(k = p) — Qnp)

= an 1Og(an) - an zk:1anlog (Qnk)



B: CROSS ENTROPY LOSS: In the event that the age contrast between a
couple of face pictures n and m is K years, accepting the picture n is K years
younger than the picture m, at that point the time of picture n ought to be
close for c-K years old and the time of picture m ought to be more older than
K years old. As per this, we can gather that the probability values from c-
K to ¢ components of picture n ought to be zero and the same for picture m fr
om 0 to K components. Take the picture n for instance. We split the output of
softmax layer into two sections and include the estimations of components
from 0 to c-K as Q;, while the summation of remains is Q,,. This is identical
to a binary classifier. At that point we set a parallel vectorb = (1, 0) and execute
the cross entropy loss to measure the separation between the (Q,,, Q,,) and

the binary vector b. The cross entropy loss for picture n is characterized as

g
loss, = — Z bilog(Q,) = — IOS(Q}:)'

i=1

Here Qp = Zli;lé Qnk

oloss, oloss, & Q}L

aﬁ:p c Q;lq (F-\'ﬁﬂ'p

c—K
1
= i Onk(0(k = p) — Onp)
Z;:f an (Z : )

k=1

Oudk=1,---,c—K)

c—K
;(:1 Qﬁk

= an =

where o(k=1, = - - ,c—K)is 1 if value of k is greater than 1 and smaller
or equal to ¢ -K and is 0 otherwise. The output of image m is processed in the

same way into (Q},, Q,Zn) and compared with b'=(0,1)

C: TRANSLATION K-L DIVERGENCE LOSS



Given a pair of images with age difference K of the same person, the age
probability distributions should be approximate after a translation of all
entries with K steps. In this step, we design a translation KullbackLeibler
(KL) divergence loss function to quantify the dissimilarity between the
distributions of image n and the translated distribution of image m.We expect

Qnic = Qi » Quuk = Qm+k)> 0 <k <c-Kand then K-L divergences distance

between these two the probabilities is defined as

KL(Q,, O - Z Qi log

Qm(kH()

As K-L distance is asymmetric, we make it as symmetric as

Onk Omk+K
)+ Qm(k+K) IOO(M
Omk+K) nk

loss; = Z Qi log(———— 2

and for image m the K-L divergence loss is

Onk—K Omk
n ) ) + ka 102( "
mk On(k—K)

lossy = Z Onk—k) log(———= |2

Here theQy_x) 18 the translated probability distribution of image 7.

The gradient for backward for image » is

olossy  oOlossy 00k
i Onk
= D Quk @k = p) = Qnp) log(=""—)
- " Omk+k)

+ Onk (()(1\ = p)— an)
_ %Qnm(k = p) — Onp)

nk

an
Omk+K)

Q nk

) — On nk log
= pZQ £ (Qm(k+K)

= anl g(————



Finally, the overall loss of the whole age difference estimation network is

min y = min(Aloss, + Axloss. + Azlossy)

where 41, 42 and 43 are terms of trade-off between the errors. We set 21
= 0.3.

CHAPTER 4




RESULTS

On the age databases , the method of age estimation is being proposed by us and
we then compared the results with the several start-of-art with age estimation

algorithms.

For all the algorithms performance is being calculated and for that purpose we
use Mean Absolute Error(MAE) and also CS (Cumulative Score) as the measure
of evaluation. Then absolute error is then calculated between Ground age also
called labelled age and Estimated Age. Then the MAE is calculated on
the basis of the average of absolute errors. The MAE is represented by

N
. |
MAEaps = 5 2l = yall,

mel

where,
[, = ground truth age of n-th image

Y, = estimated age
N = number of test samples
MAE of difference is calculated as
| N
MAEdifr = + Dy —lg) = p — Yl

=1

l, and l; represents ground truth year ageandy, and y, are the estimation

ages for the pair of the images.

The Cumulative Score is represented by



e=]

Cs(l) = % 100%,

CS is also called the accuracy rate for the error of estimation.

Methods MAE

Alex-Net 3.62

VGG-16 943
Goog Le Net 3.14

Table1:MAE (years old) comparison with different Deep CNN architectures on t
he datasets.

GoogLeNet is generally used as shared sub network and the size of the output of
the last completely connected layersis then changed to 1000 dimensions to 3
dimensions. We trained our network with 0.9 momentum and weight of the decay

parameter is 0.0001.

fig 4.1: The CS curve of age estimation on the datasets




There are three key reasons for the best performance of age estimator. First one
we used deep network for the learning of image representation instead of using
hand crafted traditional visual features, which increased the power of
representation of an 1image. Second, is learning based on label
distribution. Third one is the advantage of the information onthe advantage of
age difference. On the basis of data set represented by year label, deep network
will learn the estimation of age difference and the representation of an
image. We chose soft max loss instead of multi label learning on the top of the net
work.

The pre trained loss curve comparison between single label and Gaussian label is
shown in the figure. For the evaluation of the effectiveness of the information on a

ge difference we compared the results between without year label data and with

year label data.
METHODS MAE
GoogleNet with year label data 2.79
Gaussian label GoogLeNet 3.14
Single label GoogLeNet 3.16
Huerta 3.89
Wang 3.80
Wang 4.79

Table 2: MAE Comparison With Age Estimation Algorithms On The Year-
Labeled Databases
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fig 4.2: The CS curve comparison between with and

without year-label dataset.

In this thesis we mainly investigated the problem of the estimation of age without
the age label and then proposed an approach to find the human facial age with the
help of the information on age difference..We are given a pair of facial images
taken at different ages and different years of he same subject. We then exploit the
information from the age difference by deep convolution neural network. First,
we made a deep estimator which is based on standard data set then symmetric KL
diver gens laws function is placed at the top most layer of CNN. To design the
loss function we utilise the label distribution. Then three kinds of losses are
designed on the top of soft max layer for the learning of representation of age.
In the future work we aim to explore more biological features of

people such as height, gait, appearance, pose, hairstyle.



