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ABSTRACT

An Evaluation of Longitudinal Face Recognition Performance throughout the Growth and Development

Stages. Michael Kurt Sodomsky, 2014. Thesis Paper, University of North Carolina Wilmington.

Face recognition is the process of identifying or verifying the identity of an individual based

upon the facial features of the individual. Automated face recognition has received a lot of attention

over the last 15 years. The vast majority of research and development in automated face recognition has

focused on adults. This work will evaluate the performance of automated face recognition of non-adults.

Non-adults are those persons younger than 18 years of age. The changes of the cranium and thus, the

outward appearance of the face, alters significantly from birth to approximately age 16. This period is

composed of the growth and development stages. This work will investigate standard and commercial

face recognition systems against a set of longitudinal images during the growth and development stages.

It is an established fact that face recognition performance degrades against aging, i.e. when the enrolled

face is temporally displaced by the probe face. This fact has been established in adult faces; however, the

question has not been adequately investigated for non-adult periods, i.e. children from birth to adulthood.

Our research has established this is a challenging problem
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CHAPTER 1: INTRODUCTION

Facial recognition has many characteristics that make it a desirable biometric modality. These

characteristics include universality, acceptability, semi-permanence, and easy collectability[17]. Uni-

versality is a character trait which most or all people should possess, such as an iris or a fingerprint.

Acceptability is an individual’s comfort with collection methods being presented, i.e sticking the sub-

ject’s eye up to a sensor is less acceptable than using a fingerprint scanner. Semi-permanence is very

important for longitudinal work. This characteristic is the rate of change of the feature being collected

with slow changing features being better for face recognition. Easy-collectability is the characteristic

in which the sensor collecting the feature is non-intrusive to the individual. The face is a very strong

candidate for all of the features above, which makes this a highly researched topic.

The proposed experiments will leverage the Child Celebrities dataset. This dataset, which was

developed for this work from publicly sourced images on the Internet, contains longitudinal face data

of children and young adults. An example of the images in this dataset are shown in figure 1.1. Face

recognition is a challenging problem, which has not been thoroughly investigated across human aging.

Aging in respect to facial recognition, is the changes within the cranium and face that manifest changes

in the image. These temporal changes will cause performance degradation over a period of time. Mathew

Turk stated that ”developing a computational model of face recognition is quite difficult, because faces

are complex, multidimensional, and meaningful visual stimuli[38];” however, when aging information

is added to this problem, it becomes infinitely more challenging. Evaluation of this problem will be

completed by running multiple baseline and commercial algorithms against a novel dataset developed

for this work. This thesis examines the current state of facial recognition algorithms with a focus on the

growth and development stage of humans.

1.1 Face Processing

Throughout this thesis the term ’face processing’ will be used to generalize all techniques used to

process and understand a face image. This includes but is not limited to face recognition, face-based soft

biometrics, age-estimation, sex-determination, etc. This work will focus on face recognition; although,



the novel dataset and insights rendered from this work can illuminate other areas of face processing.

Face recognition is defined as the following: given a still or a video, the system must identify or

verify one or more persons’ within the given scene against a stored database of face template(s). Face

recognition has two modes of operations, identification and verification. Identification is a one to many

match where an individual is matched against an entire gallery of individuals. Verification is the process

in which a subject is matched against one subject. Identification answers the question ”Who am I?”,

where verification answers ”Am I this person?” Identification can be seen as verification applied over the

set of all enrolled faces.

The identity of a person is not the only usable information that can be extracted from the face.

Soft biometrics are ”characteristics that provide some information about an individual, but lack the dis-

tinctiveness and permanence to sufficiently differentiate any two individuals[18].” All of the information

gathered from this face processing technique is highly valuable for researchers, security professionals

and even marketers as identity may not be relevant information. This is because the person being ana-

lyzed may not exist in the known set. For example, in the Boston Marathon Bombing, April 15, 2013,

the investigation wanted to find the suspects that may have planted the improvised explosive devices.

Providing identity using traditional face recognition does not have the investigational power at the early

stages of investigation. Once a list of possible perpetrators were deduced from the video/still image data,

identity could have been used to locate contact information from DMV data, etc. Soft biometrics can

provide ”rich information about a person: the size and geometry of the chin, lips, nose, eyebrows, and

other face components can be used to distinguish gender, race, and ethnicity, while creases, lines, sagging

and wrinkles can reveal clues about age[19].”

1.2 Development and Aging Effects on Face

The face is a dynamic canvas which changes often throughout a person’s life. As a person devel-

ops and ages many processes occur which can alter the appearance of the face. Development and aging

is a cumulative effect from both facial textural wrinkling of the skin and changes in the underlying 3-D

structure of the cranium[11]. In the context of facial processing, aging is the biological changes that
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manifest in changes in digital images over a period of time.

Changes in the cranium shape and skin texture(wrinkling and sagging) are different for each

person as they age; however, for majority of the populations these aging trends often occur at a particular

year. ”Cranial shape changes are the predominant changes in children and young adults, especial from

birth to age 16, while in later years, reduced muscle tone, collagen, and skin wrinkling and sagging

alters the appearance of the person[31].” Photo-aging is the process in which sunlight alters the face and

expedites aging. People with fair skin or high amounts of sun exposure are particularly at risk for this

type of aging. Some other external factors also alter the appearance of the face. These factors include

”ancestry, gender, health and disease, tobacco and drug use, diet, stress-related sleep deprivation, bio-

mechanical factors, gravity, and hyper-dynamic facial expressions[31].”

1.3 In The Wild Child Celebrity Dataset

The In the Wild Child Celebrity, or ITWCC, dataset was created to assist in the evaluation of

facial recognition tools over a longitudinal span, specifically over the non-adult growth and development

stages. The In the Wild Child Celebrity dataset contains over 1700 images, with the gender ratio being

approximately 50-50. Each subject has at least three images within this corpus and at least two of these

images are of differing ages which are younger than the age of 16. An example of a subject in the In The

Wild Child Celebrity dataset is shown in figure 1.1. The dataset was collected by gathering images on

publicly available websites of individuals, whom have high media exposure. ITWCC contains images of

child celebrities over their career.

Many data corpses exist in the space of facial recognition; however, very few contain images

spanning multiple years of each subject. FG-NET is one of the few datasets in which longitudinal data

contains people younger than 16, but very few subjects, only 82 usable, are present in this dataset[24].

An additional dataset used in this paper is the LFW data corpus[16]. LFW, Labeled Faces in the Wild, is a

data set of unconstrained face images. unconstrained face images contain a ”large amount of variation in

pose, lighting, expression, background, race, ethnicity, age, gender, clothing, hairstyles, camera quality,

color saturation, focus and other parameters[16].” LFW contains over 13000 images, with 5749 subjects
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(a) age 4
(b) age 16

Figure 1.1: Child Celebrities dataset examples

and 1680 subjects that have multiple images. The Chinese Twin Dataset is also used in this work[32].

1.4 Objectives and Contributions

In this work, a challenging dataset is introduced and face recognition performance was evaluated

on non-adult faces. This work will provide an evaluation methodology which can be performed to eval-

uate longitudinal data and an evaluation of commercial and public domain algorithms on a multitude of

datasets. The following metrics are used: verification rate against false matching aka Receiver Operating

Characteristic(ROC) curve and Rank-accuracy. Due to the small number of subjects in the In The Wild

Child Celebrity dataset the identity experiments will be augmented with the LFW dataset and Chinese

Twins dataset. These datasets were selected because they mirror the acquisition methods used for the In

The Wild Child Celebrity dataset, i.e. uncontrolled data capture. This work aims at uncovering if any

problems exist with the facial recognition space against longitudinal data. With the increase of facial

recognition in todays society aging will become a larger and larger problems for algorithms to handle.

4



This thesis is organized as follows: Chapter 2 is an exploration of previous work in the work of

face recognition and child aging. Chapter 3 is an explanation of the design of each of the experiments

performed in this work. Chapter 4 will be the results of each experiment and will discuss the relevance

of each. Chapter 5 is a summary of the work in this paper and finally chapter 6 will discuss future work.

This thesis examines the current state of facial recognition algorithms with a focus on the growth and

development stage of humans.
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CHAPTER 2: BACKGROUND

Facial recognition is a challenging topic that has been researched very heavily recently; however,

human aging, in respect to algorithm performance, has not been evaluated thoroughly enough. The largest

issue with the subject is the vast amount of data that is needed to process to fully understand the face.

Growth, development and aging factors affect how well our methods perform on the face over time. As

the face changes over time, the ability to recognize the person becomes challenging. Human perception is

often studied as clues to how we can fundamentally understand one’s perception of another age. Humans

are very accurate at judging the ages of people, specifically between the ages of 5-70[2]. Mark et al.

evaluated human correlation between general craniofacial remodeling of the face and development of

wrinkles[27]. In his experiments, they created a scenario in which the shape of the face would change

and wrinkles would be applied to the different shapes of the face. They concluded that craniofacial

development and wrinkling does not necessarily correlate to age information, but that the relationship

between the two contain the age information.

2.1 Face Recognition Techniques

Recognizing the face within an image is a multi-step process. Object detection is the first part of

this process and is often considered the most difficult step. Feature extraction occurs once a face has been

found within the image and results in usable data. Facial features vary on the classification method used

which can range from the components of the face such as eyes, nose and mouth to abstract features such

as lines and fiducial points[40]. Finally, the matching process uses the data from the feature extraction

stage to verify or identify the face against a database of face templates. A fully automated system will

accomplish all of these steps. If any of these steps fail the face is not recognized.

Object detection in terms of computer vision is finding an object or class in a digital image. Face

detection is a branch of object detection in which the classifier is trained to detect only faces. Within

an image, any number of faces must be found and segmented from the background. Due to the sheer

amount of data in an image, the detection algorithm must be robust enough to discover the object. Pose,

illumination, distance from the camera, and noisy backgrounds make this a difficult problem. Object



detection provides the location and size of an object within an image, commonly known as a bounding

box. Furthermore, it does not provide any detailed information about the object. For example, if the

detector was designed to locate an apple in an image, it would be able to discover the apple, but it would

not give you information about its ripeness or color. Two common implementations of the face detection

process are below.

2.2 Face Detection

Paul Viola and Michael Jones created an algorithm, commonly known as Viola-Jones, which uses

cascading Haar-like classifiers to detect faces[39]. The system was designed to detect faces very rapidly

by using an ”integral image.” The integral image is a summation of pixels in a region that is used for

classification which bears resemblance to Haar-like objects. This algorithm was trained using a modified

Adaboost which focuses on grouping critical features. The dominant features of the face would become

a weak classifiers for detection. A weak classifier is a feature that is needed to identify a part of an object,

but it does not have enough discriminatory information for it to identify the entirety of the object. An

example of a weak classifier might be the handle on a coffee mug. The weak classifier will show that

the handle exists, but that doesn’t necessarily mean the object in the image is a coffee mug. Viola-Jones

uses a cascade of these weak identifiers in series to eventually prove that a face is found. In figure 2.2,

three possible weak classifiers are shown. In this example if the eyes are found in the red weak classifier,

the algorithm moves onto the green and finally the blue. If any of these regions is not found within the

object, detection fails; however, if each subsequent weak classifier passes its evaluation, the object will

be detected.

This work will leverage the usage of a fully automated face recognition system, Cognitec’s

FaceVacs[10]. Additionally OpenCV’s(Open Source Computer Vision)[9] face detector will be used

in all non-commercial algorithms in the following experiments. OpenCV’s face detector is based on a

version of Viola and Jones’s algorithm(Viola-jones)[39]. While openCV’s source code is open-sourced

for the community, Cognitec’s algorithms are private and not known.

2.3 Face Recognition Algorithms
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Figure 2.2: Example of Facial Features

A face recognition algorithm is the full process of accepting an image in and matching the image

to a template to determine identity. This is completed by registering an image, extracting the information

from the input, and then finally matching the input to a stored face template which will produce a result

which can be evaluated. The feature extraction process of face recognition is very important for accurate

representations of the data. Feature extraction methods can vary from methods based on lines, edges

and curves, facial feature based methods, or geometrical methods[40]. The face contains shape, textural

and other information which must be captured in this step to form a representation of the image. In this

step of the process, factors other than the face itself can influence the data. Lighting and occlusions,

such as glasses or hats, can mask parts of the face. Any Aging between the stored template and the

new input image will now become entered into the system. Methodologies for feature extraction varies

greatly depending on the final goal. Holistic matching methods, feature-based matching methods, and

hybrid methods are used to accomplish this task. Holistic matching methods take the entire face image

as input for the system. Feature-based matching methods take a local feature from the image such as the

periocular region, mouth or nose. A hybrid method would be a combination these two extractor types to
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further mimic the human recognition process. Once these features have been acquired the features then

need to be compared using some sort of metric.

Principle Component Analysys(PCA) is a common method in facial recognition to extract useful

information from an image. PCA is a statistical method that evaluates a set of data and uses an orthog-

onal transformation to produce a set of linear variables known as principle components(eigenvalues and

eigenvectors). PCA simply finds the most important information within an image and in most cases for

facial recognition, these components will describe a face. Turk and Pentland developed an algorithm for

facial recognition that leverages PCA known as Eigenfaces [37]. Turk’s goal with this system was to

provide a fast, simple and accurate method for recognition. The system is set up by first acquiring a set

of face images for training. PCA is used to transform the face images into a set of principle components,

which then can be repeated for new images[37]. The eigenfaces, which is the set of eigenvectors, of

the training information produce a subspace known as the face space. Once the training of algorithm is

completed, whenever a new image is introduced to the system it can be projected into the face space to

see whether it is a face and if it is recognizable. The comparison method used in the algorithm is a simple

euclidean distance measurement within the projected face space. Eigenface algorithm is often considered

very sensitive to unconstrained image sets.

Phillips et al. released a baseline algorithm for evaluation of the Good, the Bad and the Ugly

Face Recognition Challenge(GBU)[29]. Local Region Principle Component Analysis(LRPCA) was de-

veloped for this task and provides refinements to the standard PCA algorithm. According to Phillips

et al., considerable performance refinements which extended PCA were, ”representing a face by local

regions, a self quotient normalization step and weighting eigenfeatures based on Fischer’s Criteron”[29].

LRPCA was designed for the GBU dataset, thus the resulting algorithm is designed to handle structured

frontal faces. The algorithm begins by extracting the face from the image and geometrically normalizing

the face. It is scaled, cropped and rotated so the eyes are in the same position in each image. Once the

face normalization has been completed the algorithm crops out thirteen specific regions which will be

used for recognition. These regions have been preselected by the authors and contain large amounts of
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varying data, such as eyes, nose and mouth. After the 14 images(full face and thirteen face regions) have

been cropped the images are finally normalized for PCA. The images are projected into 14 different sub-

spaces so each region can be matched separately. A template is generated in this system by calculating

250 coefficients from each of the regions to produce a single template for each face. The PCA subspaces

are scaled and then weighted based upon a Fischer Criterion to push different people farther apart in the

space. When a new face is introduced to the system, it uses the same steps as above to produce a template.

The new template is compared to a already computed template by measuring the similarity through the

computation of the Pearson’s correlation coefficients.

Linear Discriminant Analysis(LDA) is a statistical method to separate multi-class data which can

be used for classification. The Fisherface algorithm, created by Peter Belhumeur et al., uses Linear

Discriminant Analysis(LDA) to accomplish facial recognition[5]. The algorithm was proposed as a way

to handle illumination and pose variance. Fisherface is also a linear projection based algorithm, similar to

Eigenface; however, while Eigenface maximizes the separation of all classes within the projected space,

LDA maximizes the between-class separation and minimizes the within-class separation. LDA’s min-

max separation reduces the effects of illumination, expression, and eye wear by clustering within-class

individuals. In the experimental results produced by Belhumeur et al., it was shown to have lower error

rates; however, the dataset used in this experiment was very small[5].

The Spectrally Sampled Structural Subspaces Features(S4F) algorithm[20] is an openly sourced

statistical learning-algorithm used in the OpenBR evaluation system[23]. The algorithm was originally

designed to study demographics[22] and aging[21] within the facial recognition space. The algorithm

begins by using the OpenCV Viola-Jones object detector[39] for face and then a c++ port of the ASEF

eye detector[7] to begin the registration process. The registration process uses a rotation and affine

transformation for scaling and then completes an illumination normalization step. This algorithm uses

both LBPs[3] and SIFT[25] as descriptors. Histograms of the LBP and samples of the SIFT are taken

from local re qgions within the face to be input for a PCA decomposition. The next step uses weighted

spectral sampling in which all feature vectors from the previous step are concatenated and randomly
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sampled. This sampling is performed based upon the variances of each dimension and then LDA is

calculated for each region. The samples are reconcatenated again and are normalized. The matching of

templates in the S4F algorithm is completed by using a L1
byte distance metric[23]. The S4F algorithm was

the first openly sources algorithm that was submitted for NIST FRVT tests[30]. The algorithm ”ranked

13th with a true accept rate of 64.8% on mugshots and 14th with a true accept rate of 76.1% on visas

each at a false accept rate of 0.1%[23].

The CohortLDA, formerly known as LDAIR, baseline algorithm which evaluates the color space

for facial recognition[26]. The algorithm leverages the RGB color space as well as the YIQ color space.

Both the red channel and I channel are used for calculations; however, with illumination changes the red

does not work effectively on its own. The problem was resolved by taking the I channel into account

as the combination of both color channels will be less invariant to smaller lighting gradients. There still

remains a problem with large lighting changes within the image, but this was fixed by using a logarithm

transformation and then applying a zero-mean and standard deviation normalization. Once images have

been normalized, a Fisher LDA is applied to the data. The LDA calculations create a large dimensionality

problem which needs to be reduced. CohortLDA uses a PCA to further reduce the dimensions. After

the system is trained the Cohort normalization process is used to define match thresholds. The cohort

normalization process attempts to adjust the match verification threshold for each cohort set of images.

The CohortLDA algorithm was tested against other algorithms including their LRPCA algorithm[29]

and the this algorithm was proven to be a robust algorithm. When compared to other non-commercial

algorithms this proved to be superior except for the FRVT 2006 fusion algorithm.

2.4 Development and Aging Process

The face develops and ages in numerous ways which pose challenges for face processing tech-

niques. Humans have the ability to recognize a person from years ago; however, the person does look

fundamentally different. These differences will affect facial recognitions algorithm’s ability to match

individuals over periods of time. Natural growth, environmental perturbations and physiological stresses

affect the development and aging of the face[4]. Craniofacial, the combination of the cranium and face,
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(a) child skull (b) Adult Skull

Figure 2.3: Growth And Development Cranial Differences

development and aging rates vary across a persons lifespan. Craniofacial changes generally manifest in

shape changes in younger years and texture deformations in elderly[27].

Childhood craniofacial development is almost solely comprised of cranial growth. As you can

see from figure 2.3, The skull on the left is a child while the skull on the right is a matured adult.

These underlying skeletal changes will alter the appearance of the face. Cranial growth will not greatly

change the features within the face, but they will change the proportions between the major features.

For example, a growth period of the jaw will cause the face to elongate, but will not alter the individual

features shapes. Throughout developmental changes the features of the face will remain alike to their

original. This growth pattern is known as gnomatic growth[35]. The eyes, nose and mouth will alter, but

the growth of the underlying structure will change the geometrical distances between them more then the

feature itself. These distance changes from the underlying skeletal growth will alter the appearance of

the face significantly.

It’s important to note that the highest rates of craniofacial change is in the childhood years. We

this age range to be the most challenging for facial recognition systems matching performance. Factors

such as puberty and the growth of permanent teeth affect craniofacial growth. Maturation is achieved in

males between the ages of 12 and 15 while between 10 and 13 in females[12]. At this age the underlying

structure of the face will not grow as rapidly as before, but changes will continue to occur.

The underlying structure of the face is the largest discriminate factor in the growth and develop-

ment stages of children. As expected in childhood development, there are large jumps in growth at certain

periods, i.e. growth is non-linear. The most significant growth periods in children are between birth and

1 years old and from age 1 to 5[12]. Farkas et al. developed an experiment in which growth patterns
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of the skull were tracked in children over a period of time. Seven measurements where taken from the

face across 1594 Caucasian Americans in this study[12]. The seven measurements in this study are: Face

Height, Upper Face Height, Mandible Height, Face Width, Mandible Width, Middle Third Face Depth,

and Lower Third Face Depth. These growth areas measured where used to show the growth differences

in particular regions of the cranium.

In Karen T. Taylor’s book ”Forensic Art and Illustration” she describes the changes of the cranium

and face year by year from childhood to young adulthood[35]. This book is written for forensic artists,

but the information is just as valuable for computer science and other disciplines.
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Figure 2.4: Taylor, Karen T. Forensic art and illustration. CRC Press, 2010.[35]
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In early adulthood, ages 16-30, minor changes continue to effect the face. The rate of changes

within this period of life are not as rapid as the childhood years. The focus of change in this period of

development begins to more prominently effect the soft tissues of the face, but skeletal changes continue

to occur. Early adulthood shows the first signs of soft tissue stressing. Hyper-dynamic expressions will

start to show wrinkles on the face. Fine facial lines will appear horizontally on the forehead, vertical lines

between the forehead and thin lines around the outside corners of the eyes will appear[4]. The cranium

continues to slightly grow in this period of development, such as mandible length, nose bridge, as well

as other underlying structures[4, 35]. Around 25 years of age the cranium ends its phase of ossification,

or bone growth[35]. With the end of ossification, the cranium will start to change form with age instead

of growing.

While majority of changes of a youthful face manifest with cranial shape changes solely, the adult

face’s soft tissues are the predominant changes. From ages 40 to 50 there are noticeable changes to skin

texture while minimal changes are found in younger years[33]. The aging rate of adults differs heavily

on the individual, which is not the case for non-adults[4]. These differences can be attributed to genetics

and external features. Biological changes in adults alters the shape and texture of a face. As the skull

continues to change with age, the eyes appear smaller as they sink in deeper into their orbits. Noses and

ears can lengthen as cartilage continues to grow through life. As the skins elasticity begins to degrade

winkles form, more notably in the eyelids, and the corners of the mouth[?]. These feature begin to sag

and change in size thus changing the relationships of the features of the face.

2.5 Evaluation Techniques

All biometric systems can be evaluated in the same way. Fundamentally each system will match

at least two biometric templates, one being the stored template and the other being the new users, to

produce a score which will determine acceptance or rejection. This match score is a standardized number

that shows the likeness between two templates. Both genuine users and impostors are used to evaluate a

system. Ideally all genuine users should be accepted while all impostors should be rejected. Important

metrics to note are as follows: true accept rate(TAR), true reject rate(TRR), false accept rate(FAR), and
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finally false reject rate(FRR). True accept rate is the ratio of genuine users whom have been accepted,

while the true reject rate is the the ratio of impostors who have been correctly rejected. The false accept

rate is the ratio of genuine of users whom are rejected and finally the false reject rate is the ratio of

impostors who gain access to the system. A user is rejected or accepted by comparing the match score to

a match threshold. The match threshold is an arbitrary number that each system is tuned to achieve the

results it requires.

2.6 Aging Effects on Performance

Brendan Klare and Anik Jain evaluated multiple facial recognition algorithms on a time lapsed

database[21]. In this study they introduced an algorithm, Random Subspace Linear Discriminant Analysis(RS-

LDA). The data used in this experiment is mugshot data collected from Pinellas County, Florida. The set

of images used for the experiment was over 200,000 and was divided into multiple segments. The divi-

sions of dataset was divided by measuring the time between the initial photograph taken and any repeat

images of that subject. The divisions are as follows: zero to one year time difference, one to five year

time difference, five to ten year time difference and more than 10 years difference. 8000 images where

used for the training sets for each of the divisions, except for the 10 or more, to create a total of 5 systems

which would be evaluated. The evaluation used both Cognitec’s FaceVacs[10] and Pittpatt[15] for the

commercial based benchmark algorithms in this experiment. Their initial experiments used the commer-

cial systems to show a degradation in system performance as the age divisions became more difficult. The

commercial algorithm’s results where masked in order to keep anonymity of their performance. The best

performing algorithm had a 96.3%, 94.3%, 88.6%, and 80.5% true accept rate at 1.0% false accept rate in

the following time lapse peroids respectively: 0 to 1, 1 to 5, 5 to 10, 10+. The experimentation concluded

that the performance does decrease as the time between probe and gallery increases. furthermore, they

also showed that by training a system for non-aging scenarios on aging data will lower performance and

that training a set of data for a particular age range will yield the best performance.

2.7 Datasets

The In The Wild Child Celebrity dataset is the largest longitudinal dataset that has been devel-
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oped specifically for the non-adult growth and development stages. This data corpus focuses on having

large sets of individuals where the subjects development can be observed. The faces in this dataset are

unconstrained, which means that the images are not captures with the same camera, lighting or pose of

the subject. This data corpus is designed to emulate a real-life capture scenario. Images were captured

by exploiting the fame of the subjects and gathered through public media sources. The data was captured

until December of 2013. The requirements used to develop this dataset are as follows:

1. The subject must have at least three images to qualify.

2. The subject must have at least two images less than 16 years of age.

3. The date that the photo was taken must be available.

4. Only images with frontal facing images are used.

5. Images must only contain one face.

In addition to the age information, other meta-data is also captured. Age, race, gender, data of the photo,

name, a unique photo identifier, and a conditional makeup and glasses marker, and the URL of the image

is recorded for each entry. This information can further illuminate the differences in gender specific aging

variation’s and occlusion’s effects on facial recognition systems.

The In The Wild Child Celebrity dataset is compromised of 304 subjects and 1718 images. The

subjects ages within this dataset range from 5 months to 32 years. The dataset contains 872 female

subjects and 846 male images. The average age of all images is 13.418 years with a standard deviation

of 3.432 years. The average age of the subjects for acquisition into this dataset is 10.2119 years with

a standard deviation of 3.986 years; furthermore, the average age of final capture is 16.265 years with

a standard deviation of 4.467 years. Figure 2.5 shows the number of images for each age. Figure 2.6

expresses the number of subjects with a particular longitudinal age range, i.e. the maximum age less the

minimum age. Due to the nature of the images being ”in the wild”, 516 of the images are marked with

the makeup tag and 43 with the glasses tag.
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The LFW, Labeled Faces in the Wild, is used to in particular experiments to augment the In The

Wild Child Celebrity dataset[16]. Similarly to the In The Wild Child Celebrity dataset, LFW contains

completely unconstrained images. The background, lighting, camera all have variances throughout the

images. This dataset was designed to be used with the unconstrained matching problem. The dataset is

split into a training set and testing set to target this problem further. The people in each set are mutually

exclusive to each other, which allows for no model to be built for a certain subject at training time[16].

The The LFW contains 13,233 images with 5749 unique subjects. All of the images in this dataset are

250x250 pixels and mostly in color. 1680 people in this corpus have multiple images. The Viola-Jones

face detector ran through every image in this dataset to make sure a face was present in each image. Each

face is centered and cropped within the 250x250 pixel image.

Additionally, the CASIA Multi-modal Database of twins will be used to augment the In The

Child Celebrity dataset[32]. The database of images collected was developed to explore the impact

on identical twins on biometric systems. This dataset is a combination of face, iris, and fingerprint

modalities. The face database contains 134 subjects and there are approximately 20 images for each

subject. The images were all taken from a USB camera in color; however, like the other databases the

background and illumination of the images are unconstrained. The images are all size 480x640 pixels;

however, the face can range from 280x300 to 300x400 in each image. The images within the face

database were taken in rapid succession so longitudinal information is not present.

2.8 Evaluation Toolkits

Biometric Evaluation Systems are a good way for researchers to uncover information about in-

dividual algorithms. Colorado State University has released an Evaluation system for face recognition

systems to compare against. CSU released a set of baseline algorithms and a methodology for com-

parison. The baseline algorithms that where released are as follows: a standard PCA, a combination

PCA and LDA algorithm[13], a Bayesian Intra-personal/Extra-personal Image Difference classifier[36]

and an Elastic Bunch Graph Matching Algorithm[8]. In 2011, two new baseline algorithms where re-

leased which were shown to work significantly better. This new baseline system included LRPCA[29]
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and LDA with color spaces and cohort normalization[26]. The new baseline’s were designed to be used

with The Good, The Bad, and The Ugly Face Recognition Challenge to be a ”strong lower bound to

performance”[29].

Another biometric evaluation toolkit and API is Open Source Biometric Recognition(OpenBR)

collabroratory[23]. OpenBR is a collaborative tool that provides a method for researchers to compare

algorithms in a controlled environment. Klontz et all stated that ”OpenBR provides tools to design and

evaluate new biometric algorithms and an interface to incorporate biometric technology into end-user

applications”[23]. The system introduces a new language for image processing and algorithm devel-

opment. This algorithm description defines the template enrollment and comparison methods for each

algorithm. Instructions to control detection, normalization, representation, extraction and matching can

all be changed within this algorithm description. The system comes with the Spectrally Sampled Struc-

tural Subspaces Features(4SF) algorithm when installed[20]. OpenBR leverages OpenCV for its already

established algorithms, such as Eigenface[37], Fisherface[5], and LBP[3], and extensive support from

the open source community. The system contains a simple command line interface which can be used

to create and evaluate the algorithms, as well as a API for creating plug-ins. The system’s recognition

evaluation tool provides a set of charts which can be seen within appendix A - N.
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CHAPTER 3: METHODOLOGY

This thesis will evaluate the challenges of using facial recognition techniques on adolescent faces.

The non-adult face goes through many structural and textural changes throughout the growth and devel-

opment stages which pose problems for many systems which require face input. Passport identification,

photo-tagging, law enforcement, and other biometric related tasks use facial recognition to determine

identity; however, due to the large ranges of changes this is very challenging. The objective of this thesis

will be to create scenarios which the In The Wild Child Celebrity(ITWCC) and additional datasets can

be used to examine the difficulty of non-adult aging.

To evaluate the full spectrum of facial recognition techniques, six algorithms where used. The

algorithms are as follows: FaceVacs, S4F, CohortLDA, LRPCA, LDA and PCA[10, 23, 26, 29, 5, 37].

Both commercial and research based implementations where used to conduct the experiments. Cog-

nitec, the only commercial algorithm used in this work, was chosen due to its strength in nearly all

scenarios[10]. The additional five algorithms, where implemented in open-source environments. Open-

Biometrics (OpenBR), implemented the S4F algorithm in its evaluation toolkit[23]. Colorado State Uni-

versity implemented two toolkits used in this thesis, the 2011 Baseline Algorithms and the CSU Face

Identification Evaluation System[29, 26, 6]. The 2011 Baseline Algorithms is comprised of CohortLDA

and LRPCA. The CSU Face Identification Evaluation System implements PCA and LDA which is used

in this work. S4F, LRPCA, and CohortLDA are considered more modern techniques. LRPCA uses local

regions to extract additional information about the face. LRPCA local regions make it more robust to

the orientation of the face across multiple images. CohortLDA is designed around handling illumination

in a robust manor by incorporating the I space. Finally S4F was originally designed for the aging space

by using spectral sampling. LDA and PCA are both traditional algorithms and are sensitive to many

changes, whether this be lighting, background, focal length etc.

Each system used in this work was trained using a predefined set used in their papers. We did

this to be able to compare these algorithms against other works which have used the same algorithm and

training data. OpenBR uses the MEDS dataset for its S4F algorithm. FERET is used in the CSU Face



Identification Evaluation System for LDA and PCA. Finally The Good, The Bad and The Ugly was used

in CSU’s 2011 Baseline Algorithms(LRPCA and CohortLDA).

The creation of the ITWCC dataset was created through the capture of in the wild data. ITWCC

contains temporally distanced data throughout the lives of the subjects. Images in ITWCC range from

adolescent years into adulthood for each subject. The images in this dataset were collected by using open

Internet sources and contains a range of quality, illumination and pose. ITWCC is compromised of 301

subjects and 1705 images. The subjects ages within this dataset range from 5 months to 32 years. The

dataset contains 872 female subjects and 846 male images. The average age of all images is 13.418 years

with a standard deviation of 3.432 years. The average age of the subjects for acquisition into this dataset

is 10.2119 years with a standard deviation of 3.986 years; furthermore, the average age of final capture is

16.265 years with a standard deviation of 4.467 years. Figure 3.7 shows a subset of the ITWCC dataset.

While ITWCC contains a vast amount of non-adult data, it is not large enough to carry out some

experimental scenarios. To conduct these scenarios, ITWCC was augmented with The Labeled Faces in

the Wild(LFW) Dataset as well as the CASIA twins dataset[16, 32]. LFW was choose as the acquisition

of the photos is similar to how ITWCC was created; however, this dataset does not contain any adolescent

data. LFW’s diversity is very similar to ITWCC. CASIA twins was chosen for the inclusion of child data,

and the partially unconstrained image collection.

Four scenarios where conducted in this thesis to begin to understand the impact of non-adult data.

The first scenario is an access control scenario, which includes the ITWCC dataset alone. This scenario

matches all 1705 images against all other images to determine the identity of each match. This scenario

contains 2,907,025 matches that are evaluated. The next scenario is a photo-tagging scenario, in which

ITWCC was used generate a temporally distanced gallery and probe. This scenario is generated by taking

the first photo of each image and placing that into the gallery and placing the remaining into the probe

set. This resulted in a gallery of 301 and a probe of 1404. This scenario contains 422,604 matches. The

following scenario is an augmented photo-tagging scenario in which additional non-ideal images(LFW
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Figure 3.7: In The Wild Child Celebrity Dataset
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and CASIA twins) where used as well. Similarly this set uses the previous gallery and probe; however,

both the LFW and CASIA twins set was included in the gallery. This resulted in a gallery of 14,768

and a probe of 1,404. By augmenting the CASIA Twins and LFW dataset the number of matches in the

augmented photo-tagging scenario climbs to 20,734,272. The final scenario attempts to determine which

growth periods pose the greatest challenge for the selected facial recognition algorithms. This scenario

breaks down the images into three year age spans and individual sub experiments are conducted for all

matches. Due to the size of the ITWCC dataset, some of these sub-experiments did not contain enough

information to be conclusive and where omitted from the results.

The age span experiment was separated into age spans of three. Often large changes in adoles-

cence would occur in these age gaps. As shown in figure 2.4 there are large changes in specific ages[35].

For example, from birth to approximately age three there is a large change in eye shape and from ages

six to nine there are less prominent changes. The temporal information in these features will effect the

performance recognition. The age span scenario will evaluate the different features of the adolescent

face which contains aging data to determine the most difficult ages and features for temporally distanced

facial recognition.

Each biometric system in this thesis preprocess the images into a form which it can extract the

best information from. To achieve this, all the systems use the eye coordinates from each image to extract

the face and register it into a standardized format. Cognitec, OpenBR, and CSU’s 2011 baselines each

use a automated eye detection algorithm to acquire the eye locations. CSU’s 2006 Biometric Toolkit

require eye coordinates to be provides and where completed by hand in this work. If one of the eye

detection algorithms can not find the eyes in an image the image is considered failure to enroll and is not

included into the matching. PCA and LDA do not have any failure to enroll errors. These systems all

continue to process the images after the eye coordinates and the images are registered. An example of

a geometrically registered image is shown in figure 3.8. OpenBR implemented a illumination reduction

technique proposed by Tan and Triggs[34]. The steps for this method are as follows: Gaussian blur, a

difference of Gaussians, gamma correction and finally a contrast equalization. LRPCA uses a registration
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Figure 3.8: Normalized ITWCC images

process which requires very strict coordinate locations. LRPCA’s registration allows it for it crop out the

fourteen sections used in the algorithm. Each of the fourteen sections are then sampled and a self-quotient

normalization is used on each individual section. The final step is a zero-mean and stand deviation

normalization. CohortLDA uses a logarithmic transformation on the red color space to reduce noise.

CohortLDA also uses a zero-mean and standard deviation normalization on both the red and I color

spaces to complete its preprocessing. LDA and PCA algorithms require the format of the images to be in

PGM greyscale. CSU’s 2006 biometric evaluation kit starts by converting the 256 greyscale integers and

converts them to float values. It then registers the images and runs a histogram equalization. The final

step of the tool uses a zero-mean and standard deviation normalization.
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CHAPTER 4: EXPERIMENTAL DESIGN

Four scenarios were used in this work understand the difficulty of temporally displaced data. The

scenarios were developed to replicate real world scenarios where this type of data would be often used.

As previously discussed four biometric systems where used to detect, preprocess, match and finally

evaluate the images. All of the matching information was provided, in this work, to OpenBR’s Face

Evaluation toolkit[29]. This toolkit evaluates the matching information and then plots the information in

a standardized format. Four systems are implemented in this work, to explore the challenges of adolescent

aging for facial recognition. Within these four systems, 6 algorithms are evaluated. The algorithms are

as follows: FaceVacs, S4F, CohortLDA, LRPCA, LDA and PCA[10, 23, 26, 29, 5, 37].

As previously discussed, by leveraging the In The Wild Child Celebrity dataset a understanding

of the non-adult problem can be formed. FaceVacs, S4F, LRPCA, CohortLDA, LDA and PCA are used

to establish a general baseline across a spectrum of algorithm types. Cognitec, the only commercial

algorithm used, shows the industry standard for this problem. Three algorithms, S4F, CohortLDA, and

LRPCA, used in this experiment are considered modern baselines. Finally two traditional algorithms,

LDA and PCA , are used to show a often poor performing system. OpenBR provides an open-source

biometric evaluation suite which will be used for this work. Each experiment is separated into a gallery

and probe set to answer questions about non-adult aging. Each algorithm is used for every experiment to

show the spectrum of techniques.

The first experimental scenario designed for this work mimics an access control scenario. The

purpose of the All-to-All Verification experiment is to determine how effective face verification performs

when matching between temporally displaced non-ideal images. This experiment compares all images

within the ITWCC dataset against all other images. As shown in figure 4.9, images of the same individual

are matched against the same individual and all others. The Access Control Scenario was conducted to

understand how effective or ineffective the selected algorithms perform for matching adolescent faces.

The entire ITWCC dataset was used in this scenario to generate 2,905,320 matches, with 10,652 genuine

matches and 2,894,688 matches. Additionally, images that matched to themselves where masked from



Figure 4.9: Access Control Design

the results. The total number of matches is calculated by: (Probe Images * Gallery Images) - Ignored

Images = Total Matches.

Images Used By Dataset
Dataset Name Gallery Size Probe Size
ITWCC 1705 1705

Table 4.1: All-to-All Verification Experiment Dataset Usage

The second experiment is designed to emulate a photo-tagging across time scenario. The Young-

to-Older Identification experiment’s objective is to determine the effectiveness of the selected algorithms

against monotonically increasing ages. This experiment attempts to setup a scenario in which an end-

user of a photo tagging tool, such as Facebook, Picasa, etc., would begin adding images over a span of
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Matching Comparisons
Genuine Matches Impostor Matches Ignored Matches Total Matches
10,652 2,894,668 1,705 2,905,320

Table 4.2: All-to-All Verification Matching Comparison

time[1, 14]. The ITWCC dataset is used in this experiment similarly to the first experiment; however,

only the first image of each person is used for the gallery and all other images for the individual are used

in the probe. Shown in figure 4.10, the youngest image is matched to all of its elder images. The average

age of the gallery was 11.81 with a standard deviation of 4.23. The remaining images where then placed

in the probe set. The average age of the probe set is 11.61 with a standard deviation of 3.92. These

averages represent the data as a whole and does not reflect the individual age differences between each

subject.

Images Used By Dataset
Dataset Name Gallery Size Probe Size
ITWCC 301 1404

Table 4.3: Young-to-Older Identification Experiment Dataset Usage

Matching Comparisons
Genuine Matches Impostor Matches Ignored Matches Total Matches
1404 421,200 0 422,904

Table 4.4: Young-to-Older Identification Matching Comparison

The augmented Young-to-Old identification experiment further extends the last experiment by

increasing the gallery size. The gallery is augmented with both the CASIA Twins and the Labeled Faces

in the Wild datasets[32, 16]. By expanding the gallery with both of these datasets, the scenario will

be closer to a real world situation in which a user would upload additional data to match against. This

scenario is expected to be much more challenging for identification across non-ideal images. All of the

CASIA Twins and LFW are added to the gallery, which results in a gallery size of 14,764 images versus

301 from the previous Young-to-Old Scenario. LFW does not contain any adolescent data; however, the

data is captured in a similar manor to ITWCC. The CASIA Twins dataset does contain adolescent data,
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Figure 4.10: Photo Tagging Design
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but it is captured in a slightly less varied manor.

Images Used By Dataset
Dataset Name Gallery Size Probe Size
ITWCC 301 1404
LFW 13,233 0
Twins 1,234 0

Table 4.5: Augmented Young-to-Older Identification Experiment Dataset Usage

Matching Comparisons
Genuine Matches Imposter Matches Ignored Matches Total Matches
1404 20,732,868 0 20,734,272

Table 4.6: Augmented Young-to-Older Identification Matching Comparison

The final experiment, Growth Period Verification, attempts to explore the difficulty of each tem-

poral period of adolescence. The scenario is designed around growth periods which where deemed

challenging due to large facial changes. In Karen Taylors work, she describes the facial deformations

of an adolescent male, shown in figure 2.4[35]. Due to the non-uniform facial growth patterns, differing

changes may be more impactful on recognition algorithms than others. By matching difficult growth

period in adolescence we can gain insight on what ages pose the most challenge for modern facial recog-

nition techniques. This was accomplished by separating each images into sets of three years i.e. 0-2, 3-5,

6-8, . . .,18+. Each age set was matched to each other age set as shown in figure 4.12. Individuals where

separated into probe and gallery again by comparing youngest photos in the gallery to the eldest photos in

the probe. The ITWCC dataset was used solely for the Growth Period Verification tests. However, due to

the size of the dataset, some of the experiments where excluded from the results. The size of the dataset

did not allow for certain age to age experiments to have significant enough information to derive any

conclusions. Any age-to-age scenario with less than 1000 total matches between all images are removed

from the results. The number of matches is shown in figure 4.8. Unlike other experiments in this paper,

the arrangement of probe and gallery was chosen based upon the age ranges and not just the youngest

photo. Images within the gallery are acquired from the lowest age set and the probe captured from the

eldest age set.

32



Figure 4.11: Augmented Photo Tagging Design
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Images Used within ITWCC
Age Range Gallery Size Probe Size
0-2 to 3-5 6 5
0-2 to 6-8 4 5
0-2 to 9-11 3 6
0-2 to 12-14 3 6
0-2 to 15-17 6 13
0-2 to 18+ 3 4
3-5 to 6-8 30 33
3-5 to 9-11 27 58
3-5 to 12-14 33 70
3-5 to 15-17 19 32
3-5 to 18+ 9 17
6-8 to 9-11 73 118
6-8 to 12-14 57 94
6-8 to 15-17 29 42
6-8 to 18+ 14 16
9-11 to 12-14 222 265
9-11 to 15-17 84 136
9-11 to 18+ 56 48
12-14 to 15-17 281 319
12-14 to 18+ 120 129
15-17 to 18+ 207 179

Table 4.7: Growth Period Verification Experiment Dataset Usage
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Matching Comparisons
Age Range Genuine

Matches
Imposter
Matches

Ignored
Matches

Total Matches

0-2 to 3-5 9 21 0 30
0-2 to 6-8 5 15 0 20
0-2 to 9-11 6 12 0 18
0-2 to 12-14 6 12 0 18
0-2 to 15-17 13 65 0 78
0-2 to 18+ 4 8 0 12
3-5 to 6-8 43 947 0 990
3-5 to 9-11 73 1493 0 1566
3-5 to 12-14 88 2222 0 2310
3-5 to 15-17 36 572 0 608
3-5 to 18+ 17 136 0 153
6-8 to 9-11 213 8401 0 8614
6-8 to 12-14 160 5198 0 5358
6-8 to 15-17 75 1143 0 1218
6-8 to 18+ 23 201 0 224
9-11 to 12-14 613 58217 0 58830
9-11 to 15-17 225 11199 0 11424
9-11 to 18+ 84 2604 0 2688
12-14 to 15-17 805 88834 0 89639
12-14 to 18+ 247 15233 0 89639
15-17 to 18+ 418 36635 0 37053

Table 4.8: Growth Period Verification Matching Comparison
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Figure 4.12: Growth Period Verification Design
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CHAPTER 5: RESULTS

This work provides four scenarios to begin to understand the challenges of facial recognition

on temporally distanced non-adult faces. The four scenarios are as follows: Access control or All-to-

All Verification, Photo-tagging or Young-to-Old Identification, augmented photo-tagging or Augmented

Young-to-Old Identification and a growth period verification. Due to the size of ITWCC, some exper-

iments where not provided as they did not show any substantial information. I have provided receiver

operating characteristic, detection error trade-off, Score Histograms and other graphs to help in recogniz-

ing patterns where age may become a degrading factor for facial recognition. All graphs where generated

using the OpenBR Biometric Toolkit[23].

Each graph provided in this work shows a particular comparison to determine strengths and weak-

nesses in each algorithm. True accept rates, false accept rates, true rejection rates and false rejection rates

provide insight on the number of correct and false positives for both errors and correct acceptances. Re-

ceiver operating characteristic(ROC) shows the accuracy of a biometric system, by comparing the false

acceptance rate vs. the verification rate. For this particular characteristic, higher values indicate higher

accuracy. Detection Error Trade-off(DET), plots the error rates of each algorithm. The false reject rate

is plotted against the false accept rate to determine the error rates for each algorithm. Score histograms

plot the frequency of verification scores. Values are listed from 0 - 1 and both genuine and imposers

are shown on this chart. An ideal plot would have genuine matches nearing 1 while imposers nearing

0 with a clear division between them. Cumulative match characteristic (CMC) shows the accuracy of a

closed-set identification process. During the identification process all images are scored and ranked in an

acceding order based on their match score. The CMC graph shoes the percentage that the genuine user is

in a rank less than or equal to the current rank being plotted.

Shown in figure 5.9, the true accept rates of the All-to-All Verification, the Young-to-Old Identi-

fication, and the Augmented Young-to-Old Identification provide a way to estimate the performance of

each of the algorithms in this work. This figure gives an estimation of the accuracy of each algorithm,

in particular, how often an impostor gains access to the system vs. how often a true user is accepted



(a) Cognitec (b) CohortLDA

Figure 5.13: Best and Worst ROC curves for All-to-All Verification

when the system is tuned to have a false acceptance rate of 1%. The Access control scenario shows

that Cognitec’s system performed significantly better than any of the others, at 37% true acceptance rate.

Figure 5.13 shows the best, Cognitec, and worst performing, CohortLDA, algorithms for access control.

Once again in the Young-to-old Identification experiment, Cognitec outperforms all other algorithms by

a fairly significant margin and again S4F coming up second with 30.3% and 21.5% true acceptance rates

respectively.

Another approximation of performance is shown through the score histograms. Figure 6.17 charts

the frequency of the verification scores(normalized between 0-1) for All-to-All Verification. A 0 indicates

a poor match and a 1 indicated that its very similar. Figure 6.23 shows the Young-to-Old Identification

Experiment’s score histogram. Again with both the All-to-All Verification and Young-to-Old Identifica-

tion experiment, Cognitec and S4F performed better in terms of clearly separating matches. Cognitec’s

score frequency shows that impostors are generally towards 0. However, the frequency for genuine users

was also distributed closer to 0 with a significant spike in frequency close to 1. CohortLDA, LRPCA,
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LDA and PCA all had very similar frequency in respect to similarity with genuine users and impostors.

Detection error trade-off(DET) demonstrates yet another way to show performance of a face

recognition system. By plotting the false accept rate against the false reject rate, one can determine how

often a individual is miss-classified. shown in figure 6.16. In both the All-to-All verification and Young-

to-Old identification, shown in figure 6.22, Cognitec produced less errors than all the other systems. The

equal error rate(EER) is determined by finding the intersection of the false accept rate and the false reject

rate.

In the All-to-All Verification and Young-to-Old Verification experiments, Cognitec in general

showed better performance; however, when the young-to-old identification experiment was augmented

the with LFW and CASIA Twins, true accept rate dropped to 0.8% from 30.3%.[16, 32] In figure 5.9

you can see that Cognitec’s ability to correctly identify a genuine user plummeted when noise was in-

troduced in the form of the LFW and CASIA Twins datasets. Shown in figure 6.29, the normalized

score histograms for this experiment. While Cognitec often correctly scores impostors, it also incorrectly

scored genuine users. For example, in the Young-to-Old Identification experiment, a 50% retrieval rank

for Cognitec, shown in figure 6.24, is at approximately rank 27 while, in the Augmented Young-to-Old

Identification experiment, at rank 27 the retrieval rate is less than 0.01%.

True Accept Rates
Algorithm Name All-to-All Verif. Young-to-Old Ident. Aug. Young-to-Old

Ident.
Cognitec 37% 30.3% 0.8%
S4F 25% 21.5% 32.1%
CohortLDA 12.1% 8.8% 13.2%
LRPCA 13.5% 10.7% 16.1%
LDA 12.6% 10.8% 19.9%
PCA 15% 12.4% 23.5%

Table 5.9: True Accept Rate at 1% False Accept Rate

The growth period verification experiment was challenging to produce with the small size of the

ITWCC dataset. Figure 4.8 shows the matches for this experiment. All tests provided in the results have

at least 1000 total matches, as any matches below that would be inconclusive. In terms of true accept
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True Accept Rates
Algorithm Name All-to-All Verif. Young-to-Old Ident. Aug. Young-to-Old

Ident.
Cognitec 23.8% 19.1% 0.0%
S4F 5.5% 5.7% 1.7%
CohortLDA 2.7% 2.0% 3.9%
LRPCA 5.9% 4.7% 8%
LDA 4.6% 3.8% 8.5%
PCA 5.4% 4.8% 10.5%

Table 5.10: True Accept Rate at 0.1% False Accept Rate

rates, Cognitec outperformed all other systems for this experiment. Shown below in figure 5.11, are the

true accept rates of Cognitec’s system for each age range used in this work. The table is sorted in by the

average age difference of each range in descending order. You can see on average that as the average age

difference between the age ranges minimizes, the performance increases. Large facial feature changes in

the growth and development stages where expected to have a large impact on performance, i.e. at age

4 pronounced chin growth occurs as well as age 12 where the chin line becomes more defined. These

two features will look significantly different at these ages; however, the findings did not show this. The

only thing difference that seemed to correlate with the results is the age span difference. Due to the

inconsistencies in the dataset size for each of these evaluations may not be conclusive; however, with a

large enough dataset one could prove the significance of this problem.
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True Accept Rates
Growth Period Range TAR Average Age Difference
3-5 to 12-14 27.8% 9
6-8 to 15-17 16.6% 9
9-11 to 18+ 19.1% 8
3-5 to 9-11 13.7% 6
6-8 to 12-14 24.5% 6
9-11 to 15-17 26.3% 6
12-14 to 18+ 29.6% 5
6-8 to 9-11 30.8% 3
9-11 to 12-14 36% 3
12-14 to 15-17 38.3% 3
15-17 to 18+ 45.6% 2

Table 5.11: Cognitc’s FaceVacs True Accept Rate at 1% False Accept Rate

CHAPTER 6: CONCLUSION

This work examined the challenges of facial recognition over temporally distanced non-adult

faces with the introduction of the In the Wild Child Celebrity(ITWCC) dataset. Four experimental scenar-

ios where designed to explore the difficulty of non-adult aging by leveraging the ITWCC, CASIA Twins,

and LFW datasets[32, 16]. The scenarios are as follows: Access control, Photo-tagging, augmented

photo-tagging, and growth period verification. This work compared six algorithms to test the hypothesis:

Cognitec’s FaceVacs, OpenBR’s Spectrally Sampled Structural Subspaces Features(S4F), Cohort Linear

Discriminant Analysis(CohortLDA), Local Region Principle Component Analysis(LRPCA), Linear Dis-

criminant Analysis(LDA), and Principle Component Analysis(PCA)[10, 23, 26, 29, 5, 37]. Results on

this unique, albeit small dataset, shows that aging on non-adults is a challenging task for facial recog-

nition algorithms. The most accurate algorithm for the verification task had a true accept rate of only

37.0% at 1.0% false accept rate. In a similar study conducted by Klare et al., a true accept rate of 96.3%

was achieved on adults with 0-1 years of lapse between images[21]. The difficulty of the aging problem

is further explored within this work by examining performance over age periods. The growth peroid

verification task matches young images of a particular subject to their older images within a specific age

span. The most accurate algorithm had an average true accept rate of only 22.51% at a false accept rate



Figure 6.14: NIST Cognitec Results

of 1.0% within the age span of 5 to 10. Again in Klare et al.’s study, a true accept rate of 88.6% was

achieved in this age span. The National Institute of Standards and Technology conducted an evaluation

of facial recognition algorithms on multiple age groups[28]. Shown in figure 6.14, the study shows the

error rates increase as the age group decreased in age. This detection error trade-off curve displays a

significant performance reduction across the age ranges, where older is the control in this experiment.

This figure displays how often a impostor is allowed into the system in comparison to the rate in which

genuine users are rejected. We can conclude that non-adult facial recognition, specifically when across

temporally shifted images, is a challenge for facial recognition systems. Additional research into this

field will be necessary to uncover the exact causes to this performance degradation.
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APPENDICES A

All-to-All Verification Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.15: Child Celebrity Dataset - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.16: Child Celebrity Dataset - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.17: Child Celebrity Dataset - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.18: Child Celebrity Dataset - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.19: Child Celebrity Dataset - ROC Scores

52



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.20: Child Celebrity Dataset - EER
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APPENDICES B

Young-to-Old Identification Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.21: Photo-Tagging Scenario - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.22: Photo-Tagging Scenario - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.23: Photo-Tagging Scenario - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.24: Photo-Tagging Scenario - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.25: Photo-Tagging Scenario - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.26: Photo-Tagging Scenario - EER
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APPENDICES C

Augmented Young-to-Old Identification Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.27: Augmented Photo-Tagging Scenario - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.28: Augmented Photo-Tagging Scenario - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.29: Augmented Photo-Tagging Scenario - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.30: Augmented Photo-Tagging Scenario - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.31: Augmented Photo-Tagging Scenario - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.32: Augmented Photo-Tagging Scenario - EER
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APPENDICES D

Age Gap 4 - 3-5 to 9-11 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.33: Age Gap 3-5 to 9-11 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.34: Age Gap 3-5 to 9-11 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.35: Age Gap 3-5 to 9-11 - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.36: Age Gap 3-5 to 9-11 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.37: Age Gap 3-5 to 9-11 - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.38: Age Gap 3-5 to 9-11 - EER

74



APPENDICES E

Experiment 4 - 3-5 to 12-14 Results



(a) Cognitec (b) S4F

(c) cohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.39: Experiment 4 3-5 to 12-14 - ROC
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(a) Cognitec (b) S4F

(c) cohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.40: Experiment 4 3-5 to 12-14 - DET
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(a) Cognitec (b) S4F

(c) cohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.41: Experiment 4 3-5 to 12-14 - Score Histogram
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(a) Cognitec (b) S4F

(c) cohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.42: Experiment 4 3-5 to 12-14 - CMC
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(a) Cognitec (b) S4F

(c) cohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.43: Experiment 4 3-5 to 12-14 - ROC Scores

80



(a) Cognitec (b) S4F

(c) cohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.44: Experiment 4 3-5 to 12-14 - EER
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APPENDICES F

Experiment 4 - 6-8 to 9-11 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.45: Experiment 4 6-8 to 9-11 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.46: Experiment 4 6-8 to 9-11 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.47: Experiment 4 6-8 to 9-11 - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.48: Experiment 4 6-8 to 9-11 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.49: Experiment 4 6-8 to 9-11 - ROC Score
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.50: Experiment 4 6-8 to 9-11 - EER
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APPENDICES G

Experiment 4 - 6-8 to 12-14 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.51: Experiment 4 6-8 to 12-14 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.52: Experiment 4 6-8 to 12-14 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.53: Experiment 4 6-8 to 12-14 - Score Histogram

92



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.54: Experiment 4 6-8 to 12-14 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.55: Experiment 4 6-8 to 12-14 - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.56: Experiment 4 6-8 to 12-14 - EER

95



APPENDICES H

Experiment 4 - 6-8 to 15-17 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.57: Experiment 4 6-8 to 15-17 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.58: Experiment 4 6-8 to 15-17 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.59: Experiment 4 6-8 to 15-17 - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.60: Experiment 4 6-8 to 15-17 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.61: Experiment 4 6-8 to 15-17 - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.62: Experiment 4 6-8 to 15-17 - EER
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APPENDICES I

Experiment 4 - 9-11 to 12-14 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.63: Experiment 4 9-11 to 12-14 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.64: Experiment 4 9-11 to 12-14 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.65: Experiment 4 9-11 to 12-14 - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.66: Experiment 4 9-11 to 12-14 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.67: Experiment 4 9-11 to 12-14 - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.68: Experiment 4 9-11 to 12-14 - EER
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APPENDICES J

Experiment 4 - 9-11 to 15-17 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.69: Experiment 4 9-11 to 15-17 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.70: Experiment 4 9-11 to 15-17 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.71: Experiment 4 9-11 to 15-17 - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.72: Experiment 4 9-11 to 15-17 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.73: Experiment 4 9-11 to 15-17 - ROC Scores

115



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.74: Experiment 4 9-11 to 15-17 - EER
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APPENDICES K

Experiment 4 - 9-11 to 18+ Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.75: Experiment 4 9-11 to 18+ - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.76: Experiment 4 9-11 to 18+ - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.77: Experiment 4 9-11 to 18+ - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.78: Experiment 4 9-11 to 18+ - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.79: Experiment 4 9-11 to 18+ - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.80: Experiment 4 9-11 to 18+ - EER
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APPENDICES L

Experiment 4 - 12-14 to 15-17 Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.81: Experiment 4 12-14 to 15-17 - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.82: Experiment 4 12-14 to 15-17 - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.83: Experiment 4 12-14 to 15-17 - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.84: Experiment 4 12-14 to 15-17 - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.85: Experiment 4 12-14 to 15-17 - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.86: Experiment 4 12-14 to 15-17 - EER

130



APPENDICES M

Experiment 4 - 12-14 to 18+ Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.87: Experiment 4 12-14 to 18+ - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.88: Experiment 4 12-14 to 18+ - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.89: Experiment 4 12-14 to 18+ - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.90: Experiment 4 12-14 to 18+ - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.91: Experiment 4 12-14 to 18+ - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.92: Experiment 4 12-14 to 18+ - EER
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APPENDICES N

Experiment 4 - 15-17 to 18+ Results



(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.93: Experiment 4 15-17 to 18+ - ROC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.94: Experiment 4 15-17 to 18+ - DET
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.95: Experiment 4 15-17 to 18+ - Score Histogram
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.96: Experiment 4 15-17 to 18+ - CMC
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.97: Experiment 4 15-17 to 18+ - ROC Scores
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(a) Cognitec (b) S4F

(c) CohortLDA (d) LRPCA

(e) LDA (f) PCA

Figure 6.98: Experiment 4 15-17 to 18+ - EER
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