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ABSTRACT

This thesis provides a new approach to reduce racial bias issues and inaccuracies
caused by unbalanced benchmark datasets in facial detection systems. It is well
known that these unbalanced benchmark datasets significantly over-represent white
individuals. It is also understood that a deep learning model performance is based
on the data used for training. With these two conjectures, previous research has
shown how inaccuracies across different racial groups can be hidden by tracking a
single class’s labels, faces, and performance. New balanced benchmark datasets have
been developed however they lack the variability seen in transitional benchmark sets.
Additionally, manually annotating and retraining these models is both computational
and financially expensive. Therefore, this research proposed a financially inexpensive
way to reduce racial bias within pre-trained facial monitoring systems using semi-

supervised self-supervised learning.
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CHAPTER I

Introduction

They are watching you. The modern age brings modern surveillance. From com-
panies like META to government agencies, and autonomous vehicles they are watching
you. Thanks to advancements in computing hardware and image recognition technol-
ogy they now have the ability to detect, locate, and identify who you are. But who
they are, they are agencies implementing Facial Monitoring Systems (FMS) to isolate
the location of faces within images. Do not fear these technologies that are not intrin-
sically invasive, companies such as Snapchat or TikTok use FMS to properly place
graphics over the user’s face with filters. This thesis will not cover the arguments for
or against the ethical or legal gray area FMS technology exists within. However, the
main objective of this thesis is to educate the reader on the limitations of current FMS
systems, and the asymmetries of representation of current benchmark datasets, and
suggest a methodology to inexpensively correct these asymmetries within pre-existing
facial monitoring systems.

The remainder of this section will be structured as follows. Section 1.1 sheds light
on the motivations to provide a solution to reduce racial bias within pre-existing FMS.
Section 1.2 will provide the justification and outline the objectives of this research
followed by the contributions made in section 1.3. This portion of the thesis will then

be concluded with a detailed outline for the remainder of this paper.



1.1 Motivation

The industry has been releasing applications to detect human faces for almost over
a decade. These models claim to be over 90% accurate in their detection abilities;
however, when released to the public this does not seem to be the case. For instance,
Facebook, now META, released its facial detection model DeepFace back in 2014.
This model was trained on over four million images and claimed to be more accurate
at detecting faces than a human being with an accuracy of 97.35% (1). This claim
is misleading, one would assume the above human accuracy would imply the model
performance would be able to detect all types of people. Although, this is not the
case. The claim above human accuracy and 97.35% accuracy refers to the model’s
ability to detect faces more accurately than humans within the dataset used for
training. To further clarify this means that humans may not have been able to see
past occlusions in the dataset, or simply that the model’s training set was biased. It
wasn’t publicized till 2020 when users started to notice that then Facebook’s facial
detection and labeling models were auto-labeling black men as primates (2).

Given the benefit of doubt, in 2014, the year DeepFace was released, there were
no widely available or well-known datasets to test a model’s performance on different
racial groups. However, only four years later, in 2018, Dr. Joy Buolamwini published
her work titled, ”Gender Shades: Intersectional Accuracy Disparities in Commercial
Gender Classification”. This work showed how to benchmark datasets were over-
representing light-skinned white men over other groups. Dr. Buolamwini went to,
”composed of 1270 unique individuals that are more phenotypically balanced on the
basis of skin type than existing benchmarks” and further showed how this dataset
could be used to benchmark a facial detection models performance across multiple skin
types (3). This incident with Facebook is not isolated other social media apps have
come under fire as well: Snapchat not recognizing black users (4), TikTok algorithm

appears to use the ”physical characteristics of a person’s profile picture were mimicked



in TikTok’s recommendations” (5). Therefore, it’s safe to say even with new uniformly
distributed benchmark datasets publicly available, the industry is either not testing
or not publishing the true granular performance of their models.

It’s important to note that, while these new benchmark datasets are uniform
they do not provide the variability in occlusion, scale, or position that previous face
datasets did. Therefore, while these models are ideal for understanding the bias
within a system they would be unable to create a robust model needed for industry
use. Only a year after Facebook acknowledged the racial bias in their face detection
software then vice president of Artificial Intelligence Jerome Pesenti announced the
company would shut down the face recognition system (6). Shutting down or halting
the development of the face recognition system is not the solution. In order to create
a safer and more equitable world, new approaches must be developed that allow for

models to be developed in inexpensive and optimal ways.

1.2 Research Objectives

There exist a hole within current training techniques used for FMS. This whole

exists because of two main issues.
e Financial justification to train new models
e Financial justification to label new data

The reason robust models have not been developed has never been because of a lack
of diverse data, or an engineer’s ability to train a robust model. The reasoning seems
to be financial. In regards to the data collection pipeline, it is first expensive to
collect images of people, an additional cost is tacked on when the idea of uniform
representation is considered. After the data has been collected it must be labeled,
which can not only be considered a financial burden, but also a considerable time

commitment. Finally, after the data is collected and labeled it can be checked for



uniform distribution, if this condition is not met more data must be collected, labeled,
and checked again. Finally, the model can be trained, with no guarantee the data is
able to properly remove the bias.

Therefore a new training technique must be explored, one that is inexpensive. The
most time-consuming, and therefore expensive a portion of training a new model is
the labeling of data. This manual process requires hundreds of hours of tedious work
drawing boxes around a region of interest. Secondly, training a model from scratch
requires a large dataset of millions of images and thousands of hours of training
time. The objective of this research is to understand if it is possible to use a pre-
existing face detection model to automatically label data from a uniformly distributed
dataset to reduce racial bias. The proposed method for this research will explore the
benefits of Semi-Supervised Self-Supervised Learning (S4L) technique on significantly
reducing racial bias across 7 different racial groups. After this, the ANOVA statistical

significant test will be used to determine the significance of these findings.

1.3 Contributions

The main contribution of this thesis is a new technique for reducing racial bias

within facial detection systems

1.4 Thesis Outline

This thesis is organized into seven chapters.

Chapter II will cover the fundamentals of the main approaches used within this
thesis. Each section will provide a brief history explanation of the individual ap-
proach. Chapter III contains the literature review for this work. In this chapter this
thesis will go over the facial monitoring pipeline, and past work. It will also cover a

review of semi-supervised self-supervised learning and how these techniques can be



expanded. Finally, the literature review will end with a discussion of different biases
that exist within a deep learning model. As the Faster R-CNN architecture is the
backbone of the model used within this thesis chapter IV will explore this topic. After
which a review of the previous dataset, balanced and unbalanced will be discussed in
chapter V. Additionally, this chapter will contain information on the datasets used
for training within this thesis. Finally, this paper will end with chapter VI providing
information on the training setup and results analysis. Followed by chapter VII on

the conclusion and future work.



CHAPTER II

Fundamentals

Artificial intelligence and specifically deep neural networks have revolutionized
researchers’ ability to create generalized solutions. This section will go over the fun-
damentals of deep learning in an attempt to demystify the black box that is a neural
network. This section will also go over the fundamental learning techniques used
within this research: Transfer Learning, and Semi-Supervised Self-Supervised Learn-
ing. The goal of this chapter is to provide a foundational background to reference
through the remainder of this thesis, explore the history of these techniques, and
explain the benefits and drawbacks of each approach.

The remainder of this chapter will be organized with a review of deep learning.
This section will start from the basics of the perception and work its way up to
Convectional Neural Networks (CNN). This chapter will then transition into the
topic of Transfer learning, a very powerful training technique commonly used. Finally,
this section will end with an explanation of it’s history, technique, and use cases for

Semi-Supervised Self-Supervised Learning.

2.1 Review of Deep Learning

The human brain may be considered by some to be the most computationally

efficient computer in existence. From an engineering point of view, the human brain



. Input welghts
wl

Dendrites

Acthation function
-
Nucleus 2
Axon § - . Output
§ wh
1%
z WS
Synapse e
Summing function

Figure 2.1: Biological and Artificial Neuron Comparison

receives raw input data, from various external sensors, that is then fed through the
nervous system to the brain, where the biological neural network can quickly and
accurately understand and react to the environment around it. If one could follow
a signal through the brain it would look something like the following. The signal
enters the brain network through the neuron cell’s dendrites. It’s fed into the cell
body where the same type of input-output mapping function is happening and finally
exits the cell through the axon. The question then becomes, if the human brain
has a systematic process for input-output mapping, why not a computer? This is
exactly what happened, Modern-day artificial neural networks work with the same
basic principles as the human brain. Figure 2.1 shows the relationship between a
biological neuron and the artificial neuron or the perceptron (7).

Mathematically, deep learning has been possible since the 1980s. However, be-
cause of the computational complexity and limitations leading the ” AT Winter” deep
learning has only become relevant again in the last decade. Ian Goodfellow et al.

state,

Today, artificial intelligence (AI) is a thriving field with many practical
applications and active research topics. We look to intelligent software to

automate routine labor, understand speech or images, make diagnoses in



medicine and support basic scientific research (8)

However, even with the resurgence in Al interest, advanced computing, and access

to funding deep learning still has many topics to be researched.

2.1.1 The Perceptron

The perceptron is a mathematical linear classifying function. In simple terminol-
ogy, the perceptron attempts to find a straight line that can map the input data to
the output. This is done by taking an input vector of numerical values, performing
and an aggregation of the weighted sum in an attempt to find the best combination of
weights to perform this mapping. It is understandable to confuse the perceptron with
the more well-known sigmoid neuron. The perceptron is a generalized version of the
sigmoid neuron. It was first invented by McCulloch and Pitts in their 1943 research
at the Cornell Aeronautical Laboratory (9). The early perceptron was only able to
solve linearly separable problems, the mathematical formulation of the perceptron

can be seen in equation (2.1).

Lif Y w;xx; >0
0if Y w;xx; <0

y=>b+ (2.1)

where b is the bias, w is the weights, and x is the input vector

2.1.1.1 Weights, Bias and Activation Functions

Equation 2.1 refers to two parameters the bias unit and the weights vector. The
magic of the perceptron comes from its ability to learn these parameters automati-
cally. Only by learning the correct combinations of weights and biases, the perception
can create is mapping to the output classification. These two parameters are more
than just random noise, with the hope that they find the output. The weights can

be thought of as expressing how much influence the input values will have on the



mapping. For example, a weight approaching zero would indicate there is little to no
effect on the output, while a weight of one should be considered to have a substan-
tial influence. The weight parameter specifically is what is updated to find the ideal
mapping. The bias unit plays a special role in ensuring that when all inputs are one,
the activation function is still operational. This unit has no inputs and is considered

static.

y=gb+> wi*w) (2.2)

where ¢ is activation function

The activation function is what allows a cascading array of artificial neurons to learn
more complex patterns. An activation function takes the outputs of previous neurons
and transforms them into the next layer’s inputs, formally defined in equation (2.2).
In general, this transformation will keep the values within a manageable range. Tra-
ditionally one of three activation functions are chosen when training a neural network:

sigmoid, tanh, and ReLU.

2.1.2 Hyperparameters

A model’s ability to learn is not only affected by the quality or quantity of data it
is fed. Hyperparameters are a set of attributes used to control the learning process of
the model. There is a vast array of learning parameters to consider, but in general the
three most common seem to be the learning rate, learning momentum, and epochs.

The learning rate is a positive scalar determining the step size for the learning
progress (8). The learning rate is used to optimize the model’s capacity, or in other
words, the learning rate is used to find a local minimum in the model’s ability to
understand pattern recognition. The learning rate is traditionally low, within the
magnitude of le-3 to le-5; however, each model requires a different learning rate.
When a learning rate is too low, convergence can be slow. On the contrary, when the

learning rate is too high, the learning process is accelerated by updating weights with
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larger values, and therefore it may never converge. These two examples can be seen
in Figure 2.2.

There are instances where a model’s training curve shows positive performance on
the training data, but not on the testing data, such as overfitting. Overfitting happens
when a model learns the noise within the training data and cannot generalize to new
data. A solution to avoid overfitting is to use regularization techniques. The use of
regularization penalizes the loss function while encouraging the learning algorithm to
keep the weights an appropriate size. The weights within the network are updated
using a learning algorithm, such as backpropagation.

The learning momentum is used to reduce error for the predicted and ground
truth targets by converging at a global minimum. Figure 2.2 above shows the ideal
error surface; however, the error surface usually contains many local minima, shown
in Figure 2.2. Learning momentum helps the learning algorithm to avoid getting
stuck within one of the many local minima. This is done by allowing the learning
momentum to divide the gradient vector’s direction by preventing oscillations while
updating the weight values.

The epoch parameter is an integer value used to specify the number of passes
the network will go through the whole dataset during training. The training data is

passed through multiple times until the error from the model is sufficiently minimized.
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2.1.3 Deep Neural Networks

As it has been stated, the perceptron alone is a linear classifier. This means that a
single perceptron can solve AND OR logic gates with ease. However, the perceptron
fundamentally is unable to solve something as simple as the XOR (exclusive or) logic
gate. There is no possible way to draw a straight line through the XOR function
such that it evenly separates the true and false regions. Figure 2.3 provides a visual
of the XOR function. However, Minsky and Paper were able to solve the nonlinear
separable problem of the perceptron (10).

The cascading of perceptron nodes brought rise to multilayered neural networks
or Deep Neural Networks (DNN). Allowing the perceptrons to be arranged in a
cascading array, it was found that the nodes can work together and discover nonlinear
functions. This allows the network to revile more complex patterns and classification
functions than ever before. The first and last layers are referred to as the input and
output layers respectively. All other layers are called hidden. The hidden layers use
activation functions to transform the input data into a form the output layer can use.
Geometrically one can think of the hidden layers as creating a hyper-plan in higher
dimensional space to create separation between data points. Similar to how simple

logistic regression finds the best fit line.
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Building off the perceptron, the goal of most neural networks is to optimize the
weight values to develop the mapping function of the model. There are two ways this
can be done. A human could manually set each weight value, check the output, and
attempt to find the best combination by force, or they could algorithmically allow
the model to do this work itself. For the model to understand how this selection of
weights affects its performance there must be a way to understand the expected versus
predicted results. This can be done using forward propagation. Forward propagation
allows the model to infer how well it is learning, but this alone is unable to create a
new set of weight values. To update the weight the model must implement what is
called backpropagation. Given the error between the predicted and expected results,
backpropagation will calculate the gradient of the model’s error function with respect
to the model’s weights. This gradient is then used to update the model’s weight in

hopes of reaching a local minimum for learning.

2.1.4 The Convolutional Neural Network

There are many types of deep neural network architectures, each with its name,
and generally an associated use case. The CNN, convolutional neural net, is the
architecture that is generally associated with use cases involving grid-like data. Such
as video or image data. As one might have guessed, the name convolutional neural
network comes from the convolution function. This architecture is considered ideal
for grid-like data because of the convolution functions’ ability to reduce the number
of parameters without a loss of quality. The parameter reduction caused by the
convolution operation is the bread and butter of CNNs. They are not only faster
and more efficient than training a typical DNN, but have been shown to produce
better results. CNNs have been hugely successful in practical applications. Because
of CNN’s history of success and ability to reduce data complexity, they have become

a highly used architecture in deep learning. lan Goodfellow et al. state that
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Figure 2.4: General CNN Architecture

research into convolutional network architectures proceeds so rapidly that
a new best architecture for a given benchmark is announced every few
weeks to months, rendering it impractical to describe in print the best

architecture (8)

What Goodfellow is describing is the topology of individual CNN architectures. Be-
cause of the vast reliance on visual data, or humanity’s overabundance of visual data,
new typologies seem to be published every few weeks. Each with its level of accuracy,
localization methodology, and claim to fame. However, there are two some may ar-
gue have stood the test of time, at least till now: the YOLO (You-Only-Look-Once)
architecture (11; 12; 13; 14), and the Faster RCNN architecture (15). Although, even
these come out with new versions almost every other year or so. But in general, most

CNN architectures follow a similar format as shown in Figure 2.4

2.1.4.1 The Convolution Operation

The primary function of the convolutional operation within the CNN is to extract
features from the input function. While the convolutional operation can be used on
other types of grid-like data, this section will focus on the convolutional operations on

an image. The convolution function works by combining two functions into one. For
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use within a CNN this is done by combing the image with a weight matrix, also called
a kernel, to produce what is known as a feature map. The convolutional operation

can be performed with a weighting function,
w(a) (2.3)

, where a is the age of measurement. A new function, s, can be obtained by taking

the average of the weighted function at every moment, equation 2.4.

s(t) = / z(a)w(t — a)da (2.4)

The convolution operation is also commonly written with the asterisk notation

see in equation 2.5

s(t) = (zxw)(t) (2.5)

Within the convolutional operation, x, is referred to as the input function, and the
second argument, w, is the kernel. The resulting output, s, is the feature map.

The input variable, x, can be assumed as the image while the kernel, w, is redefined
as a filter. The filter is a set of shared weights. These weights can be learned through
training the model using a learning algorithm, such as backpropagation. Visually the
convolutional operation on an image can be thought of as overlaying the filter onto
the image. Additional parameters such as padding and strides are used to obtain the

sum of the element-wise products between the image and the filter (16).

2.2 Review of Transfer Learning

Perhaps the main barrier to entry within machine learning comes from a large
amount of data and computational power needed to train a model. If a person

was to collect several hundreds images of faces, develop a custom CNN architecture,
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and attempt to train this model on a standard computer the likelihood of success is
low. Neural networks require hundreds if not hundreds-thousands of data points to
properly generalize and learn the underlying patterns of the model. In addition, even
with a standard GPU, this could take days, if not weeks to properly train the model
for enough epochs for adequate performance. This is where transfer learning comes
in. At a high-level, transfer learning, attempts to take an old model, that has been
adequately generalized, and uses this knowledge to retrain the model to learn from a
limited dataset. For example, if a model was trained to detect trucks it may be ideal
to learn how to recognize trains.

To properly benefit from transfer learning one must have a firm understanding
of the initial dataset used. By understanding the lower-level features that the initial
dataset possessed one can reap the full benefits of transfer learning. As Dr. Jungme

Park et al. state,

a CNN model learns the image’s shapes, edges, and lighting with visual
image data in its convolution layers. Because these features are generalized
across most types of images, utilizing those learned features from big data
in the existing CNN model in a new CNN model with relatively small
data samples provides better accuracy than training the new model from

scratch. (17)

The idea of transfer learning has formally been around since 1970 (18). Transfer
learning can be mathematically defined using the notion of domain and tasks. Using
the knowledge gained during the training of source domain D,, new data can be

introduced to remap the outputs for the target domain, D;.

Dy = fsaps(m) (26)
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Dy = f,, P,(m) (2.7)

These domains contain two pieces of vital information, the feature space, f, and the
marginal probability distribution P(m). Where m is the set of all data represented
within the feature space f, m = [zg, 21, 7o, ..., 7] ef The task, T, each domain is
trying to accomplished is defined as T' = y, P(c|m), where y is the labeled data space,
and P(c|m) is a conditional probability distribution. The conditional probability
distribution is learned from training the data pairs of xi in the represented data, m,
and the y; label in y. Different techniques are used for transfer learning, depending
on the source and the target domain (19).

The practice or implementation of transfer learning typically falls within one of
two strategies: feature extracting, and fine-tuning. When using a new model to solve
a new task, the goal of the initial model is to extract the low-level features of the new
dataset. The CNN layers serve a common purpose of feature extraction; depending
on the new task, the layers within the fully connected portion can be retrained by
optimizing different hyper-parameters. Although, in time, some may wish to improve
the performance of their model. When doing this more data maybe feed through the
network in accordance with the same task when this approach is applied the goal is

to fine-tune the parameters of the model.

2.3 Review of Semi-Supervised Self-Supervised Learning

Semi-supervised learning has recently grown in popularity among machine learning
researchers thanks to its practical relevance in processing unlabeled data of various
types. Recent research has shown how S4L can be used on unlabeled text (20; 21),
image (22; 23; 24), and even protein sequences (25; 26; 27; 28). There are three

main approaches for training within machine learning: supervised (the model is told
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what the output should be through labeled data), unsupervised (the model decides
how to classify the output itself given unlabeled data), and reinforcement learning
(the model learns the rules of its world threw positive and negative rewards). Semi-
supervised learning falls somewhere in between supervised and unsupervised learning.
This approach attempts to combine a large amount of unlabeled data with a small
amount of labeled data. Using the labeled data the model will then decide how to
categorize the unlabeled data and later use that for further training.

S4L is a special instance of weak supervision. This is a branch within machine
learning where the model may be given imprecise data that could be noisy or limited
(29). Similar to semi-supervised learning, the goal is still to reduce the need for
hard-labeled ground truth data. However, S4L, "take full advantage of the available
information in the data and obtain the most accurate prediction” (30). Rather than
relying on noisy or limited data, a model using this technique is able to learn from
the best foundational features, and then generalize its performance across less ideal
datasets.

While in practice, the idea of semi-supervised learning has recently begun picking
up in popularity, the idea has been around since the 1960s. Early work in attempt-
ing to leverage the predictive labeling and retraining of machine learning models
began with a heuristic approach by Dr. Scudder. In this paper, they leverage the
central-limit theorem to calculate the approximate probability of error on a pattern-
recognition machine, such that it is able to use its outputs as future training examples
(31). Within less than a decade, two new approaches were proposed transductive
(32) and inductive (33) learning. Transductive learning is fewer ambitions than semi-
supervised. Within this framework, the transductive learning model only attempts
to predict a classification on an unlabeled dataset. Inductive learning will classify
the unlabeled data and if certain conditions have been met append it to the training

set. It is common within the literature for semi-supervised learning to be referred
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to either as transductive or inductive learning given its ability to both classify and
determine the correct mapping of inputs to outputs.

The idea of semi-supervised learning can be summarized as the act of gaining
the understanding of X such that we can infer the meaning of Y. Authors Chapelle,
Scholkopf, and Zien mathematically formalized semi-supervised learning as given a
dataset X = (2;)¢n can be split into two parts. X; := (z1,....,2;), for which labels
Y, .= (y1,...., 1) are provided, and the points X, := (241, ....74y ), the labels of which
are not known. With this understanding, it stands to reason the model may only gain
useful knowledge from the unlabeled dataset if and only if the unlabeled data carries
information useful in the classification of the labeled dataset (34). In other words,
the classification of the unlabeled data must exist within the dataset and also be
close enough related for the model to understand the relation between the two. For
instance, if a model was trained to detect cars, and research applied S4L to the model
in an attempt to detect pedestrians, there would be no meaningful improvement.
When compared to a model trained on a dataset of hard-labeled pedestrian images.

Using these principles, it sounds as if S4L is set up ideally for the objective of this
thesis. Reducing racial bias within pre-existing facial detection systems. If the model
is trained on a dataset of human faces, it should understand the key indicators of a
face. However, this model was trained with an over-representation of a specific racial
group. Therefore, a new unlabeled dataset of uniformly represent racial groups meets
the criteria to reap the full benefits of S4L training, and reduce the bias within the

system.
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CHAPTER III

Literature Review

3.1 Facial Monitoring Pipeline

While developed initially to mitigate distracted driving in traditional vehicles,
have proven to be, what some would call, a necessity in level 3 autonomous vehicles.
This has to do with the definition of a level 3 autonomous vehicle; the vehicle can
operate in most situations; however, drivers may be needed to take over (35). For
example, there are many videos online of people leaving the driver’s seat of their
autonomous vehicle to sleep in the back, read a book, or even make a music video.
Unfortunately, these early self-driving cars did not have robust DMS systems inte-
grated to prevent these occurrences. Current DMS systems can be thought of in
physiological and facial monitoring domains. Physiological monitoring systems track
the vital physiological parameters of the driver to estimate their situational aware-
ness. Pure physiological driver monitoring systems will only track the conditions of
the driver and tend to monitor the heart rate and respiratory rate (36; 37). However,

this is outside the scope of FMS.

3.1.1 Facial Detection

The first step in any facial monitoring system is to determine the location of

the subject’s face. Facial detection is a programmatic way to map biometric facial
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features from a photograph. Understanding where or whose face is being shown is a
simple task for a human. One baby can learn within the first few months. However,
this task involves several nuances that must be tackled before proper detection can
be achieved for a computer.

In the simplest terms, facial detection works by receiving information from a raw
photo or video. This basic information is then compared to a known faces or facial fea-
tures database to understand its environment better. Facial detection in the modern
day is accomplished using one, or a combination of, the following methods: Feature
Analysis and Neural Networks. Table 1 below shows examples of these methods, their

advantages as well as a brief description of their disadvantages.

3.1.1.1 Feature Analysis

The early research effort in facial detection focused on correlating input images
with a known database, template matching. However, it became clear that template
matching could not generalize to broad edge cases as research progressed. For this
reason, a new emphasis was placed on statistical modeling. These models ranged
from support vector machines (SVMs) (46) to Random Forest (38), to extracting local
feature analysis (45; 44; 43). Regardless of the name, methodology, or complexity,
each of these approaches and be broken down into one thing: feature analysis.

A feature is defined as an individual property of the input data. By manually se-
lecting the most significant features within an image, statistical modeling approaches
are often better able to learn in higher-dimensional settings such as images. Addi-
tionally, removing redundant or useless features makes the training time shorter with
fewer memory resources needed. However, feature analysis is considered an NP-hard
problem. Several methods solve feature analysis for facial detection; however, each
is non-deterministic and, therefore, subject to poor reliability. Additionally, feature

analysis methods tend to seek to identify only one solution to a problem, failing to
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generalize to the level typically required in real-world applications.

3.1.1.2 Neural Networks

More recent efforts in facial detection have exploited the automatic feature analysis
capabilities of deep convolutional neural networks (CNN). The convolution function,
for which CNNs get their name, is key to this automatic feature analysis. An input
image is applied to a convolutional filter, this results in a reduction in the image’s di-
mensions while resting relevant information. As this filter is repeatedly applied to this
image it outputs what is called a feature map. This feature map is a low-dimensional
representation of the original image focusing on the locations and strength of detected
features. Due to the progress made in modern object detections such as Faster R-
CNN (47) and YOLO (11) face detection algorithms have been able to generalize and
perform to a level unseen with pure feature analysis.

Faster RCNN, known for its single, end-to-end unified network, and use of an-
chor boxes have seen accurate and quick results in object detection and localization.
These attributes make this architecture ideal for face detection. Previous work by
Changezheng Zhang et. al. explores the benefits of face detection using the Faster
RCNN architecture, which they called FDNet1.0 (48). In their paper, Zhang and
team created a light-head Faster RCNN model to improve detection performance and
inference speed. This picture uses the ResNet-v 1-101 as a backbone for high-level
feature extraction. During training and testing, Zhang and the team resized images
to 600, 800, 1000, 1200, and 1400 pixels independently. This resizing allows for mi-
nor augmentation. The team used the WIDER FACE dataset (49) for performance
evaluation. This dataset was chosen for its, “more challenging collection of images in-
cluding small scale, illumination, occlusion, background clutter, and extreme poses,”
(48). Overall the model took 1st place in the easy (95,9% mAP) and medium(94.5%

mAP) sets but was only able to take second place in the hard set (87.9% mAP).
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Changezheng Zhang et. al.’s new light-head Faster RCNN design was able to display
increased performance compared to previous models. However, the authors note there
is still room for improvement for faster inference speed and propose designing a light
backbone architecture.

YOLO, or “You Only Look Once”, is a single neural network for predicting bound-
ing boxes in one evaluation. The YOLO architecture can also be optimized end-to-end
and the second and third versions implement the use of bounding boxes. This ar-
chitecture has many similarities to the previous Faster RCNN architecture; however,
YOLO was able to unify classification and bounding box regression training. Ad-
ditionally, YOLO has been shown to reach a detection speed where the frames per
second (FPS) were more than eight times that of Faster RCNN, meaning the model
is, while also achieving a higher mean average precision (mAP) (50). In their research
Yiheng Zhao, Abdelhamid Mammeri, and Azzedine Boukerche found that they were
able to reduce the depth and width of the network backbone, called HeadNet (39).
The team also designed a new four-layer based network, called OrganNet, to detect
faces with a 96.2% accuracy (39). Due to Yiheng Zhao’s team’s extended research on
estimating the head rotational angle, their team collected primary data using a Hero7
white camera mounted to a vehicle dashboard, as well as the front camera installed
on the Alienware 14 laptop for indoor collection efforts resulting in 774 images. The
authors note that this is a relatively small dataset, and therefore, there is significant
room for further testing on a wider dataset.

By using pre-trained architectures such as Faster RCNN or YOLO, researchers
can exploit the proven feature extraction and classification efforts of these architec-
tures. This type of retraining, called transfer learning, is quite useful for detection
projects that lack hundreds of thousands of labeled training images. Therefore, many
researcher (51; 52; 53; 40; 42) will find a pre-trained backbone such as ResNet (54),

Darknet (13), or VGG (55) for feature extraction. While beneficial, the current
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biggest limitation of transfer learning is negative transfer. Negative transfer is found
when the initial target problem is not similar enough to the new detection domain.
Additionally, pre-trained models may converge at a local minimum providing similar

or worse results than training from scratch.

3.1.2 Landmark Detection

The goal of facial monitoring is to gain insights into the subject’s face; however,
to do this a computer must be able to understand the location of key landmarks.
These landmarks are used to localize important regions of the face such as the eye,
mouth, nose, and eyebrows. By understanding the location of such landmarks facial
analysis algorithms can perform various tasks to gain insight into the subject. Modern
landmark detection systems can be classified into two main categories: holistic and
local. Holistic methods can be thought of as reviewing the whole face. As Kim et.
al define holistic methods as, “approaches [that] do not require an explicit shape
model and landmark detection is directly performed on appearance” (56) Recently
Holistic models have begun to experience a surge in regression-based models. For this
reason Table 2 below will classify these papers into three sections: Holistic, Local,
and Regression-based methodologies. Similarly, local methods are defined by their
ability to unify both the appearance and shape of facial landmarks by providing a
type of regularization. This section will provide an overview of recent holistic and

local landmark detection methods.

3.1.2.1 Holistic Methods

Within landmark detection, holistic methods attempt to leverage a subject’s entire
face and global shape to determine the location of key facial features. One of the
earliest versions of facial landmark detection was developed by Edwards, et al. in

1998 (57). Edwards’s team was able to correlate a small number of coefficients to

23



the facial appearance and shape of various subjects using a statistical model. This
model was to be called the Active Appearance Model (AAM) and was later improved
by Cootes et al (58). The Active Appearance Model can estimate coefficients for
landmark detection by performing an interactive calculation of the error image based
on the current model’s coefficients. While this approach may be able to accurately
detect facial landmarks it is no longer considered the optimal solution.

Over the years new, faster, and more accurate holistic methods have been dis-
covered. Joan Albort-i-Medina and Stefonos Zafeiriou discovered the first Bayesian
formulation for facial landmark detection, they called it Active Appearance Models
(AAMs) (59). By applying a deterministic statistical modeling approach Albort-i-
Medina and Zafeiriou were able to outperform discriminatively trained models. Sim-
ilarly, tzimiropoulos and Pantic also followed a deterministic approach to facial land-
mark detection. In their approach, the authors argue that Deformable Part Models
(DPMs), as one of the most prominent approaches, can benefit by using Gauss-
Newton (GN) optimization (60). The unification of these approaches, called the
Gauss-Newton Deformable Part Model, was able to significantly reduce the compu-
tation cost and outperform current methods.

Recently, a majority of holistic approaches implement some type of regression
framework. Yue Wu and Qian Ji cite the rising use of regression models as a third
subsection in facial landmark detection. They define this approach as, “implicitly cap-
turing the facial shape and appearance information” (61). Simple machine learning
techniques, as in the case of Wimmer et. al (62), Tresadern et. al (63) and Cristi-
nacce (64) have been shown to be several times faster and more accurate than pure
statistical models. These methods applied linear and non-linear regression models
using features extracted during facial detection as their inputs. More complex ma-
chine learning models can also benefit from the use of this feature extraction process

such as regression forest (65) and regression trees (66). The feed of facial landmark
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detection has greatly benefited from the use of machine learning, with the rise in real-
time detection and increased performance of GPUs it is believed that regression and
more specifically deep learning models will become the standard landmark detection

process.

3.1.2.2 Local Methods

Opposite to holistic methods, local methods can detect facial landmarks without
the need to fully understand the whole face. By explicitly using these local patches
have a slightly better real-time detection performance than traditional holistic mod-
els. Authors Jason Saragih, Simon Lusey, and Jeffrey Cohn explore the benefits of
deformable model fitting on landmark detection. In this approach, they found that
by implying a principled optimization strategy to maximize non-parametric represen-
tations through a smoothed estimate hierarchy they were not only able to accurately
detect facial landmarks but also robust to partial occlusion (67).

David Cristinacce and Tim Cootes explored the use of the Constrained Local
Model (CLM) algorithm. In this approach, the authors used a joint shape and texture
appearance model to generate templates for key regions of the face. By doing this
the model is able to iteratively compare these templates to the subjects’ faces and
optimize the shape parameters the maximize the response of the algorithm. By doing
so Cristiancce and Cootes showed they were able to outperform the accuracy and

robustness of the original AAM search method (68).

3.1.3 Facial Analysis

The advances in computer algorithms and image processing techniques have ren-
dered machine analysis of facial analysis. Facial analysis is a relatively new field in
computer vision with many interesting applications from driver monitoring, to secu-

rity, and even clinical settings. Facial analysis is defined as a ”computer system that
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attempts to automatically analyze and recognize facial motions and facial feature
changes from visual information” (69). Facial analysis, however similar to emotion
analysis, differs in the implicit level of knowledge required. While facial expressions
may convey emotions, the interpretation to understand an actor’s intent or feelings
is usually also paired with other data sources. These data sources could be body
language, tone of voice, situational context, culture, gender, as well as many other
factors. This section will focus on the pure analysis of facial features and their im-
portance in facial monitoring systems.

Facial analysis is a key component of facial monitoring systems. Understanding
how often a subject is blinking, how wide or how often their mouth is opening can
give insight into their level of awareness of a situation. Facial analysis can span far
and wide, therefore, this section will limit the review to two key areas used in driver
monitoring systems: the Eye Aspect Ratio (EAR) and Mouth Aspect Ratio (MAR).
These approaches are key to understanding the attentiveness of a driver. Additionally,
these same calculations can be used to understand how drowsy a driver may be.

Researchers explored the benefits of facial landmarks’ importance in driver’s situ-
ational awareness (DSA). Lai proposed the use of the histogram of oriented gradient
(HOG) to extract essential features. Lai proposes using a support vector machine
(SVM) that feeds the HOG outputs to detect key facial landmarks (70). A crucial
part of monitoring the driver’s facial features seems to be locating key facial land-
marks (51; 42; 52; 53). By using the facial landmarks shown in figure , these authors
could determine the eye-aspect ratio (EAR). The EAR compares the eye’s vertical
and horizontal height to understand if they are open or closed. This information
allows the systems to keep track of blink rates to determine the drowsiness of the
driver. K. C. Patel et al. showed that by using the ratio between the vertical and
horizontal distance of a subject’s eye, a machine can estimate the openness of the eye

(71). Equation 3.1 expresses the relationship between the height and width of the
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Figure 3.1: Eye Landmarks

eye. The numerator denotes the height, distance between P,,P; and Fg,Ps. While
the denominator denotes the width, distance between P, and P,. By expressing the
relationship between height and width in such a way a machine is able to understand
the following. As the numerator increases the EAR value increases and vice versa
when the numerator decreases. This direct relationship is key in understanding many
attentiveness calculations. For instance, in driver monitoring systems, if the average
EAR value over a set time falls below a threshold value a the computer understands
this as a drowsy state (72). However, the rapid decrease and increase in the EAR
value caused by normal blinking would not trigger a drowsy state alert. The EAR cal-
culation is a simple, and elegant approach to facial analysis that provides a machine

with an exceptional level of situational awareness.

|Py — Ps| + | Ps — P
2*1—P4|

EAR = (3.1)

Similarly, the mouth aspect ratio (MAR) measures how open the observer’s mouth
is. Chadiwala and Agarwal used the MAR ratio to monitor how often the driver is
yawning to gauge drowsiness (42). Facial landmark detection has shown to be a
beneficial way to monitor a driver’s attention. Researchers have taken the spirit
of facial landmark detection and trained machine learning models to understand the
DSA levels (70; 38; 48; 73; 40; 39). Schwarza et al. explored the benefits of combining

facial landmarks detection with the random forest algorithm. This research showed

27



that using the facial landmarks to estimate eye closure, eye gaze, facial orientation,
and distance between the nose and mouth, the random forest algorithm accurately
predicted DSA roughly 99% of the time (38). Convolutional neural networks have
also begun to be employed in DMS (48; 73; 40; 39). The use of convolutional neural

networks allows the system to better generalize to edge cases. The facial landmark

Figure 3.2: Mouth Landmarks

points of interest used in calculating the mouth aspect ratio are shown in figure above
(74). Similar to the EAR calculation, the MAR formula, equation 3.2, expresses the
relationship between the vertical and horizontal distances of the mouth. Again, this
relationship allows the computer to understand that as the vertical distance increases
the mouth is left open. Insights can be made about the number of times an actor’s
mouth is opened wider than a set threshold, this would allow a machine to understand
the person is yawning and therefore, may be drowsy. This is also a common approach

to monitoring drivers.

|Py — Pg| + | Py — Pr| + | Py — P
2*‘P1—P5‘

MAR =

3.2 Semi-Supervised Self-Supervised Learning

Semi-supervised self-supervised learning (S4L) is an approach developed to tackle
the problem of semi-supervised learning on image classifiers. Semi-supervised learn-

ing techniques attempt to learn from both labeled and unlabeled data. While Self-
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supervised learning describes a framework of data labeled using only unsupervised
data. S4L is the unification of these two approaches into one; however, in litera-
ture, an S4L is commonly referred to as semi-supervised learning. Proposed by Dr.
Xiaohua Zhai et al. at Google Research, Brain Team in 2019 attempted to train a
single network originally to predict the rotation applied to both labeled and unlabeled

images (22). This paper describes a three-stage approach to training:
e Train a semi-supervised model
e Use the model to produce pseudo labels for all images within the dataset

e using these pseudo labels retrain the same model to predict these labels

Building off these three basic steps the Google Research, Brain Team in collab-
oration with Carnegie Mellon University published a paper on iterative self-training
(75). Building off the idea of semi-supervised training, these authors were able to
achieve 84% top-1 accuracy on ImageNet, over 2% better than current state-of-the-
art models. Additionally, by using semi-supervised approaches, the authors did not
require the typical 3.5 billion weakly labeled images used with current models. To
achieve these results, the researchers trained an EfficientNet model explicitly on the
labeled ImageNet images (75). This model will become the teacher to decide the label
for over 300 million unlabeled images. These pseudo-labels generated by the teacher
are then fed as training examples for a ”student” model. After training the student
becomes the teacher, and the process continues.

Similarly, researchers at Apple explored the quality of S4L data labeling (76).
In this research, the authors hoped to understand the efficiencies and S4L labeling
while verifying the annotations under a human-in-the-loop setting. Through this
they showcased, "that the latest advancements in the field of self-supervised visual

representation learning can lead to tools and methods that benefit the curation and
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engineering of natural image datasets, reducing annotation cost and increasing anno-
tation quality” (76).

These three ideas (self-labeling, iterative training, and human-in-the-loop verifi-
cation) are the north star for this thesis research. This thesis hopes to explore the
possibility of using the iterative S4L techniques to reduce the racial bias of preexisting

networks through a small set of manually selected unlabeled images.

3.3 Bias within Deep Learning Systems

Artificial intelligence is nothing more than a generalization of what it is taught.
If a model is taught to only detect red cars, that model will only detect red cars, they
are not objective. When developing these models it is the engineer or researcher’s
responsibility to be aware of the bias that can occur. These biases could be in part
because of the access or representation of data, or unconscious decisions made by
the developer. There are hundreds of different types of cognitive biases that have
the potential to skew a model’s prediction. Google talks about five of these biases:
reporting, automation, selection, group attribution, and implicit bias (77).

Of these, three are what this thesis will expand on. Automation bias is defined as,
"a tendency to favor results generated by automated systems over those generated
by non-automated systems, irrespective of the error rates of each” (77). Through
the use of semi-supervised learning, one opens their model to be vulnerable to this
type of bias. Therefore, this thesis argues that a human must always be involved in
some way in the selection of data used for training. Selection bias is caused by a
dataset that is not reflective of the real-world distribution. This thesis builds off the
already-known issue of selection bias within the preexisting benchmark dataset. This
thesis also acknowledges the relative cost associated with the collection, annotation,
and deployment of a new benchmark dataset, and hopes to provide a solution that

can rectify the effects of selection bias within preexisting systems. Finally, group
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attribute bias is the generalization of what is true of individuals to an entire group
(77). Within preexisting benchmark datasets, specifically, face detection datasets,
data is labeled as a binary. Is there a face, or is there not a face? However, a
more granular understanding of the data is needed to truly understand the model’s

performance and avoid the in-group homogeneity bias.
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Table 3.1:

Facial Detection Comparison Table

Reference Methods Advantages Disadvantages
1D
(38) Feature Analysis
e Low computa- Low Accuracy
tional Cost
Scalability
(39) Neural Networks- Transfer
Learning
e High generaliza- Low Dataset size
tion (774 images)
e low computation
cost for retraining
YOLOv3 model
(40) Neural Networks
o Generalizes well High computa-
to new data tional cost
e High Accuracy High overhead
(41) Feature Analysis and Neu-
ral Networks
o Generalizes well High computa-
to new data tional cost
e High Accuracy High overhead
(42) Feature Analysis and Neu-
ral Networks
o Generalizes well High computa-
to new data tional cost
e High Accuracy High overhead
(43) Feature Analysis
e Low computa- Fails to generalize
tional Cost
(44) Feature Analysis
e High recognition Poor run-time for
rate detection
e Image quality
does not need to
be ideal
e Low computa-
tional cost
(45) Feature Analysis
e works on low- ® average per-
formance met-

resolution images

o Works on binary

images

ric 85% accuracy

32




CHAPTER IV

Review of Faster RCNN Architecture

The Faster R-CNN architecture is the third iteration of a series of region-based
convolutional neural networks. Region-based convolutional neural networks are sim-
ply neural networks that are not only able to classify objects, but also locate these
objects within an image. Traditionally, object classification and localization can be
computationally expensive, and therefore, not exactly suitable for real-time detec-
tion. However, Faster R-CNN was able to reduce the region proposal bottleneck,
therefore reducing time, thanks to two main contributions: the Region Proposal Net-
work (RPN) and its use of anchor boxes (47).

The Faster R-CNN architecture is networks. The first is a fully connected convo-
lutional network. The goal of this first network is to reduce the dimensionality of the
input images and produce the feature map. Once this feature map is created potential
regions of interest are generated. The second network also produces a range of regions
of interest. This network is called the RPN, Region Proposal Network. The RPN is
modeled as a fully convolutional network whose input is the feature map of the previ-
ous layer and output is a set of rectangular object proposals, each with a confidence
score. These proposed regions are generated using a sliding window technique (78).
The outputs of each window are fed into what the authors describe as, ”two siblings

fully-connected layers-a box-regression layer (reg) and a box-classification layer (cls)”
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Figure 4.1: Faster R-CNN Unified Network

(47). Finally, the model can review and pool all regions of interest and filter them
into the classification layer. This is where the final output can be seen. Figure 4.1 is
taken from the original Faster R-CNN paper, as it provides a visual depiction of how
these networks are connected into a single unified model (47).

So what allows the Faster R-CNN architecture to operate near real-time, is the
use of the ROI Pooling layer. Rather than producing individual calculations for each
proposal independently, and repeatedly, the architecture can leverage a single calcu-
lation multiple times. Additionally, the use of anchor boxes seems to have provided
the model with additional support. An anchor is the central point of the sliding win-
dow. Each sliding window simultaneously predicts multiple region proposals called
anchors. The anchor or proposed region is then passed to the reg, regression, and cls,
classifier, layers. The reg layer in Figure 4.2, again from the original Faster R-CNN
paper (47), is used to output the coordinates of the anchors while the cls layer es-
timates the object’s probability. An essential feature of the approach is the anchor

translation invariant,

if one translates an object in an image, the proposal should translate, and
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the same function should be able to predict the proposal in either location

(16)

In other words, for any image, the scale and aspect ratio can be applied to the
network. The aspect ratio of an image is the width of the image divided by the height
of the image, while the scale is the image’s overall size. Three scales and three aspect
ratios were chosen by the developers resulting in a total of nine possible proposals for
each pixel. This is how the value k, the number of anchors, is decided.

The multi-scale anchors proposed in this RPN algorithm result in a “Pyramid of
Anchors” instead of a “Pyramid of Filters”. The change from a pyramid of filters to
a pyramid of anchors resulted in a more cost-efficient and faster time than previous
algorithms. Anchors are assigned labels based on two factors. In testing the anchor
with an Intersection-Over-Union overlap higher than 0.7, and during training the
anchors with the highest Intersection-over-union overlap with the ground truth box
are used.

The Faster R-CNN architecture is arguably showing its age. First published in

2016, this architecture is more than a few years old now. However, nonetheless, it

[ 2k scores | l 4k coordinates ] mm  kanchor boxes

cls laycr‘ ’ reg layer | \

| 256-d
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Figure 4.2: Region Proposal Network
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has stood the test of an Al development cycle still being regarded as one of the ideal
detection models, and still used commonly in recent publications on transfer learning
(79; 80; 81; 82; 83).

For this thesis, the Faster R-CNN architecture was chosen over other architec-
tures for three main reasons. First, the model has been shown to achieve real-time
detection. Not only, but the training time required for S4L seemed comparable to
the timeline of the project. Secondly, the architecture was initially trained on the
COCO (84). Finally, previous research has shown that the Faster R-CNN model can
be retrained, using transfer learning, to detect human faces (48). The understanding
that a model has already proven to be capable to detect faces, removed the question

of if this thesis could leverage transfer learning for training the initial model.
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CHAPTER V

Review of Datasets

If data is considered gold in the 21st century, quality data is the new oil. There’s
a belief in the Al community that a larger quantity of data allows for better general-
ization of a model. As the old saying goes, ”garbage in garbage out”. Data itself can
be biased, a researcher could have access to tens of millions of data points, but could

misrepresent the actual population.

5.1 Review of Unbalanced Benchmark Datasets

Dr. Joy Boulamwini and her team conducted a review of some benchmark datasets
for face detection with MIT back in 2018 (3). Two main datasets shown in figure 5.1,
from Dr. Boulamwini’s findings denote the discrepancies between unbalanced. The
first dataset reviewed is the Adience gender classification benchmark. This dataset
was released in 2014, containing 2284 individuals (85). the IARPA Janus Benchmark
A (IJB-A) dataset was developed specifically to, ”augment more challenges to the face
recognition task” which contains a wide variety of poses, illumination, expressions,
and resolutions. It contains 5712 images, and over 2000 videos with 500 identities
(86).

As Figure 5.1 shows there is a clear discrepancy in the distribution of dark females

and lighter males. A simple inference of the data would suggest that a model trained
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Figure 5.1: Gender Shades Comparison of Benchmark Datasets

with these images would have a bias toward detecting lighter males. Dr. Buolamwini
went on to test this hypothesis on three industry models, Face++4, Microsoft’s Cog-
nitive Service Face API, and IBM’s Watson Visual Recognition API (87; 88; 89). It
was found that at a minimum models that were trained with unbalanced datasets
had a discrepancy of 23.8% in their positive predictive values between lighter males
and darker females. At a maximum this discrepancy was 36% (3). For this reason,

Dr. Buolamwini argued for the development of a more balanced dataset.

5.2 Review of Balanced Benchmark Datasets

As part of Dr. Buolamwini’s research on understanding the effects of gender and
race distribution within benchmark datasets, she published her balanced benchmark
dataset. This dataset titled the Pilot Parliaments Benchmark (PPB) is comprised
of 1270 individuals from 6 countries’ national parliaments: Rwanda, Senegal, South
African, Ice-land, Finland, and Sweden (3). The gender classification was selected us-
ing the binary sex labels of female and male, while skin pigmentation was determined
using the Fitzpatrick six-point labeling system (90). Figure 5.2 shows the distribution
of the PPB dataset.

This dataset has a major problem that is not accounted for in its distribution. The
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data was collected using by mining the photos from government websites, therefore
limiting the wide variety of poses, illumination, expressions, and resolutions found in
unbalanced benchmark datasets. While a model trained on this dataset may be more
uniform in its detection of different racial groups, it can be assumed the model will
be unable to generalize to real-world situations.

Similarly, other balanced datasets have been developed such as the FairFace
dataset (91). The FairFace dataset developed in 2019, contains 108501 images of
7 different racial groups: White, Black, Indian, East Asian, Southeast Asia, Middle
East, and Latino collected from the YFCC-100M Flicker dataset (92). Much like the
PPB dataset, the FairFace dataset has major drawbacks when compared to tradi-
tional benchmark datasets. The FairFace dataset does have variations in poses and
illumination; however, all images are cropped to isolate the face of the subject.

To the best of the author’s knowledge, these are the only two uniform face datasets
available for public use. As it’s been described while these datasets are balanced
regarding race, they are unbalanced to deal with real-world scenarios. Therefore, it
would be unadvised to use either of these datasets solely to train a face detection
model for real-world use. However, these datasets may be ideal for reducing bias in

pre-trained face detection systems. This thesis will explore the effects the FairFace
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Figure 5.3: WIDER FACE Dataset Examples

dataset will have on reducing bias within a pre-trained face detection system.

5.3 WIDER FACE Dataset

Within this thesis, the WIDER FACE dataset will be used for the initial transfer
learning of the Faster R-CNN model. This dataset was originally published in 2015
containing 393,000 faces. These faces included individuals, groups, and actives, and
are overall fairly representative of the real-world environment (49). This dataset
was chosen for large annotation size and rich diversity in occlusion, poses, event
categories, and face bounding boxes. Example images from this dataset can be seen
in figure 5.3. However, most importantly, this dataset was chosen done on the work
of Dr. Karkkainen and Dr. Joo at the University of California, Los Angeles, who
published their findings that the WIDER FACE and other benchmark datasets are
biased towards lighter skin faces by around 80% (91).

Using a known bias dataset, with high variation, provides this thesis the ability
to train a model to be representative of a real-world industry model. The WIDER
FACE dataset is split into a 40-10-50 training, validation, and testing dataset with
bounding boxes from 10-300 pixels.

Within this thesis, the total training set will be used to conduct transfer learning

on the Faster R-CNN model. For better generalization, the training set will be
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Figure 5.4: FairFace Dataset Examples

rotated between -15 to 15 degrees. The level of variation in the data along with the

generalization of image augmentation should emulate the real-world environment.

5.4 FairFace Dataset

The authors of the FairFace dataset argue that the granular nature of the Pilot
Parliaments Benchmark dataset’s that annotation based on skin pigmentation can be
heavily affected by illumination of lighting conditions. For this reason, the authors
labeled the FairFace dataset according to seven race groups based on the U.S. Cen-
sus Bureau: White, Black, Indian, East Asian, Southeast Asian, Middle East, and
Latin. The authors also note that “Race and ethnicity are different categorizations
of humans. The race is defined based on physical traits and ethnicity is based on
cultural similarities” (91). Additionally, they go on to state, “Latino is often treated
as an ethnicity, but we consider Latino a race, which can be judged from the fa-
cial appearance” (91). Finally, it is important to note that labeling based on one’s
interpretation of physical appearance is subject to bias. More work must be done
to create a more balanced dataset, not just in the distribution of represented racial
groups, but a more granular representation of the subject’s identity. Images within
this dataset have slight diversity in pose and illumination; however, all images have

been cropped to isolate a single subject’s face. These images also contain no bounding
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box information but rather ground truth labeling on the age, gender, and race of the
individual. of the 108,000 images, only the first 100 images for each race group will
be used for S4L training, a total of 700 S4L training images. Again these images will
be augmented by rotating between -15 to 15 degrees.

This thesis aims to understand the effects of semi-supervised self-supervised learn-
ing on bias reduction through training on the Faster R-CNN by use of the 700 hand-

selected FairFace images.
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CHAPTER VI

Semi-Supervised Self-Supervised Training with

Faster RCNN

6.1 Training Environment

6.1.1 Computing Setup

As part of retraining the Faster R-CNN architecture, an ideal training environment
must be discussed. For retraining a model of this size, with such a large variety of
data there are two main hardware components to consider. The amount of Random-
Access Memory (RAM) and the quality of the Graphics Processing Unit (GPU).
Both are used for memory access and speeding up the training process. In theory,
subpar hardware could be used to train the network; however, given the cost to
performance reward, this would be ill-advised. The amount of time saved by high-
performing hardware allows for more training cycles, and therefore, more time to
optimize hyperparameters.

The author of this thesis had access to a Dell G5 with 16GB RAM and a 2070
NVIDIA GeForce RTX GPU. However, This computer proved to be ill-fitted for the
task as a single training cycle took over a week to complete. Therefore the decision
was made to purchase a new Dell G5 with 32GB Ram and an NVIDIA GeForce RTX

3070 GPU. Table 6.1.1 shows the complete hardware setup used for training.
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The decision to buy a whole new Dell G5 computer had to do with the cost
comparison of the 3070 GPU and the pre-built system. At the time 3070 GPUS were

selling for over $2500 while the Dell G5 was selling for around $1500.

Operating System | CPU RAM Graphics Card

Windows 11 Intel 17 | 32GB DDR3 2666 MHz | NVIDIA GeForce RTX 3070

Table 6.1: Dell G5 Hardware Setup

This training setup has provided a much better environment than the original.
Not only did it provide more memory and a better GPU. The updated Dell G5 was

able to reduce the training time of a single cycle from over a week to three days.

6.1.2 Transfer Learning Setup

As with most transfer learning projects the first in setting up the training envi-
ronment is formatting the data in a way the model can understand. For the transfer
learning portion of this thesis, only the WIDER FACE training dataset was used.
The Faster R-CNN architecture was trained using the MATLAB toolbox. For the
Faster R-CNN architecture ground truth bounding boxes are stored as (x min, y
min, x max, y max) and the class label. Luckily for this research, the WIDER FACE
dataset is already annotated in this format. Therefore, no prepossessing of the images
was done.

After it was determined the annotations are in the correct format, augmentation
can begin. Data augmentation is typically used to improve the robustness and gen-
eralization of a deep learning model. Often augmentation is applied to artificially
increase the dataset size. As it’s been stated the only augmentation applied within
this research is rotational between -15 and +15 degrees.

With all the data in the correct format, training, through transfer learning, can

finally begin. One could simply define random variables for the hyperparameters and
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blindly accept the output. However, that is not research. Within this thesis, the
model was first trained multiple times using various learning rates for 0.1 to 0.0001
degrading by a magnitude of 10 at each step. It was noted that a majority of the
learning rates failed to train the model correctly. At both extremes the model never
seemed to converge, causing erratic updates of the weight functions.

It was found that a learning rate of 0.001 was able to produce the most stable
results and avoid local minimums while retraining the model. Furthermore, to prevent
overfitting, the L2 regularization technique was used. The model was trained using
stochastic gradient descent with a learning momentum of 0.9.

After finding the ideal hyperparameters the model was trained for a total of 10
epochs, saving the model weights at each epoch. The epoch is a hyperparameter that
defines the number of times each data point within the training set is evaluated on
the model. It was found that the final epoch produced the highest level of confidence
on the WIDER FACE Test dataset.

Traditionally, in object detection and localization models, the performance is
based on the Mean Average Precision (mAP). However, because the FairFace dataset
does not include ground truth annotation this would be a misleading performance
metric when comparing the initial and final versions of the model.

The results of the transfer learning step will be further discussed in section 6.2.

6.1.3 Semi-Supervised Self-Supervised Setup

To properly benefit from semi-supervised training with unlabeled data, two as-
sumptions must be met: smoothness and cluster. The smoothness assumptions states
that, 7if two points z1,x5 in a high-density region are close, then so should be the
corresponding outputs y;, yo” (34). In other words, the unlabeled data should be
closely enough related to the original labeled training data, such that the model is

able to find a relative relationship between them. Given that labeled and unlabeled

45



data are both face images, within the RGB color scheme one can say the smoothness
assumptions have been passed.

With the understanding that the smoothness assumptions have been met, the
data needs to be checked for the clustering assumptions. The clustering assumption
states that ”if points are in the same cluster, they are likely to be of the same class”
(34). This assumption seems to apply more to multi-classification networks. Within
this case, because all 700 unlabeled images contain a face, and the initial model
was trained only to detect faces, one can assume the clustering assumption has been
met. However, if the model was trained to detect people and then S4L was used to
learn to detect faces, the validity of passing the clustering assumption becomes more
ambiguous.

Finally, passing both the smoothness and clustering assumptions of semi-supervised
learning, this thesis can assume moving forward that the model will be able to fully
benefit from S4L training.

After the initial model has been retrained through transfer learning, this thesis will
implement the teacher-student approach of S4L. In this approach, the initial model
can be thought of as a teacher, who will define pseudo-labels to the 700 hand-selected
images of the FairFace dataset. These pseudo-labels will then be used to retrain the
model, or student, and update its weights. The student will grow up to become a
teacher and educate the next generation. This process was repeated for a total of
two-generation. Figure 6.1 provides a graphical representation of this generational
training process. S4L can be thought of as gaining generational knowledge. Each
generation is expected to pass on its knowledge to the next generation while the
new generation is expected to learn and become better than their ancestors. For
this research, it was decided a detector confidence level above 70% will be saved as
pseudo-labels and used to retrain the model.

During the S4L training cycle, the research has the opportunity to redefine hy-
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Figure 6.1: Semi-Supervised Self-Supervised Generational Training Process

perparameters. In some cases, this may be beneficial. However, for this thesis, it
was found that using the defined hyperparameters using during the transfer learning

setting still provided an adequate training environment.

6.2 Results Analysis

Again it’s important to state, traditionally, the mean average precision score
(mAP) is used to understand the performance of an object detection model. The
mAP correlates to the amount of overlap between the predicted and ground truth
bounding box and the model’s ability to correctly identify all positive examples. The
FairFace dataset, however, does not contain ground truth bounding box information.
The use of pseudo-labels for training is one thing, although, becomes redundant for
the mAP performance metric. Additionally, this would be ill-advised as the model
would be determining its ground truth labels and testing against itself.

For this reason, the model’s average confidence score for each racial group will be
used as the performance metric. The use of the confidence score as a performance
metric is also better for the real-world environment in which this application could

be used. The goal of this technique is to not only reduce racial bias but reduce
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the cost associated with the annotation. The tracking of confidence across classes
or subcategories attributes would provide a better insight into how the model is
perceiving and understanding its environment.

The Faster R-CNN was originally trained on the MS COCO dataset, and therefore
able to detect over 90 different classes. Unfortunately, of these 90 classes, human faces
were not one of them. For this reason, transfer learning must be utilized for this thesis.

The Faster R-CNN architecture was retrained using the WIDER FACE training
dataset. After this, the performance of the model was determined using the WIDER
FACE test dataset. The model was able to reach over 80% average confidence on
this dataset. This is not ideal for detection in the real world. However, it is a great
starting point for semi-supervised self-supervised learning to build off of.

The retrained Faster R-CNN model was also tested on the full FairFace dataset.
The model ended up performing extremely low, roughly 40% confidence, on all racial
groups. This can be seen in figure 6.2, followed by the results of the following two
S4L generations.

This graph shows a clear reduction in bias across all seven different racial groups
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as the model was able to correct itself through S4L training. The model was able to
double its confidence in detecting all racial groups. By only giving the model access
to 700 hand-selected, unlabeled images that reflected a known bias in the system,
semi-supervised self-supervised training was able to reduce racial bias significantly

from the poor performing face detection system.

Model | Mean | Standard Deviation
Amazon | 0.941 0.03
Microsoft | 0.806 0.042
Face++ | 0.896 0.066
IBM 0.9 0.061
S4L 0.868 0.024

Table 6.2: Industry Model Performance on FairFace Test Dataset

Table 6.2 shows the results of four industry facial detection models tested on
the FairFace dataset and the results of the final iteration of semi-supervised self-
supervised training. The results of these four models: Amazon, Microsoft, Face++,
and IBM, were obtained for the original paper, FairFace: Face Attribute Dataset for
Balanced Race, Gender, and Age for Bias Measurement and Mitigation (91). This
table shows the average accuracy, mean, of each model as well as their standard devi-
ation. While the S4L. model unperformed all except for Microsoft on the FairFace test
set, it is more important to review the standard deviation. The standard deviation
explains how spread out the accuracy across different racial groups is spread across
the mean. The mean accuracy of the model hides it’s racial bias. While a model may
achieve an average accuracy of 90% this could hid the fact that white individuals are

detected at 99% of the time while black individuals are detected at 70% of the time.
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The standard deviation gives illuminates an idea of the level of disparity between the
highest detection and lowest detection rate. The goal of this research is create a more
equal level of detection across all seven racial groups.

This thesis was able to archive the highest level of clustering around the mean,
or lowest standard deviation our when compared to all four industry models. It is
important to note a potential limitation in this research. When designing the S4L
model only 700 training images were used, this could possibly have negatively affected
the models average level of detection. It is believed that if the research was to be re-
done the full training dataset should be used, this could increase the average accuracy

while also further reducing the standard deviation.
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CHAPTER VII

Conclusion and Future Work

This research has shown that through the selection of unlabeled images that reflect
a known bias within a system, semi-supervised self-supervised learning holds the
key to significantly improving the confidence of a facial detection model. There is
an important distinction to be made about leveraging the independence of semi-
supervised self-supervised learning and human intervention. While this approach was
able to reduce the need for manual data annotation, therefore reducing associated
financial costs. A human-in-the-loop is critical in the selection of data. At this point,
there is no way for a model itself to understand its biases and select useful data
automatically in a meaningful way. Additionally, it is unadvised for a black box of
this size to exist compounding biases could exist and go unnoticed. By reducing the
need for manual annotation, the human-in-the-loop can put forth more meaningful
effort in the selection of training data. The selection and representation of data, also
known as the quality, seems to play a more important role in reducing bias than the
quantity of data. This work should be further explored to formally generalize this
methodology to understand how S4L training can reduce bias in all deep learning
systems. By reducing the need for manual data annotation this methodology can
significantly reduce the cost and time needed to develop more robust autonomous

systems.
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