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ABSTRACT

Despite the numerous promising advancements in the field of artificial intelligence, algo-

rithmic bias is pervasive in modern deep learning systems, and it is often ignored. Biometric

AIs have been identified to contain racial bias, gender bias, age bias, and more. This thesis

is a study of the bias that exists in face-based soft biometric systems. Three solutions are

proposed for the purpose of mitigating bias. The first solution involves data augmentation as

a method of mitigating bias. Trained models are usually biased against dataset minorities,

and since data augmentation is essentially a method of manufacturing more training data, it

is proposed that data augmentation will help glean more information from these minorities.

The second solution involves oversampling parts of the dataset. This gives a model a more

even representation across di↵erent classes so that error is not simply optimized for the ma-

jority. The third solution involves the use of generated data to synthetically help balance

the training set. Each of these solutions are explored for their e�cacy of bias mitigation.

State-of-the-art results are obtained for age, gender, and BMI estimation.
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INTRODUCTION

Bias is something that has long divided humankind. Neighbors have started wars over

small cultural di↵erences. Day-to-day interactions between people are modified based on

gender and skin color. None of us are immune to it, we can only strive to do the best we can

to not allow biases to a↵ect our decisions. Recently, a number of large tech companies such

as Amazon, Microsoft, and IBM, have placed a temporary ban on the use of face recognition

technology by law enforcement due to the misuse of the software in due process. Face

recognition, while an impressively powerful tool, is a technology with known biases [2]. AI

has the potential revolutionize nearly every industry, but as we begin to rely more and more

upon it, we need to ensure that it is studied in a way that it will do no harm to mankind.

Systemic bias is a travesty which has plagued, not only our society, but many other societies

as well. Algorithms cannot, and should not, be biased against or favor certain portions of

the population. Succinctly:

Algorithmic bias describes systematic and repeatable errors in a computer system

that create unfair outcomes, such as privileging one arbitrary group of users

over others. Bias can emerge due to many factors, including but not limited to

the design of the algorithm or the unintended or unanticipated use or decisions

relating to the way data is coded, collected, selected or used to train the algorithm

[3].

Taking this into consideration, it doesn’t matter how high the overall accuracy of an

algorithm is, if it still fails considerably in certain situations. AI is a very controversial

topic today because it is sparsely available, largely misunderstood, and there are many new

ethical and philosophical issues to consider. This thesis is a study of algorithmic bias, and

proposes solutions for mitigating such bias. Specifically, this work takes a look at face-

analytic technologies and the biases ingrained within it. Face-image models for age, gender,

and body mass index (BMI) estimation have been the subject of numerous studies in the
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past, but in these studies, bias is often ignored. A wide variety of feature extraction methods

and statistical classifiers have been used to try to get accurate analytic results [4]. This work,

however, focuses specifically on the use of deep convolutional neural networks (DCNNs) to

generate an analysis of a face image: specifically for the inference of age, gender, and BMI.

In this thesis, I will provide historical perspectives on the body of work for facial analytics

with respect to age, gender, and BMI. I will provide an overview of the research literature

regarding facial analytic bias in order to provide a definition of bias and establish the overall

objective of this body of research.1 I will review prior work that investigates the mitigation

of performance di↵erences through data, which is the focus of this work. This work does

not focus on other techniques for bias reduction as a point of focus. This thesis proposes

three novel solutions for mitigating bias in neural networks during the training phase. Using

large public datasets, these solutions are experimentally explored to observe their e↵ects

with regard to age, race, gender, and BMI.

1Although face recognition is discussed, this work does not address the specific tasks of face recognition,
verification, or clustering.
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BACKGROUND

Defining Bias

Historically, bias has had many di↵erent definitions in the realm of neural networks. The

oldest definition originated with the concept of the Perceptron [5]. In 1957, Frank Rosenblatt

of Cornell Aeronautical Lab demonstrated that machines could learn to recognize things

that exist in the “phenomenal world” with a small simulation of the brain composed of

“perceptrons” rather than neurons. Perceptrons operated according to the weights and bias

associated with the perceptron as seen in formula 1 below.

f(x) =
� 1 if

Pj�1
i=0 wixi + b > 0

0 otherwise.
(1)

In formula 1, x is the input to the perceptron while w is the weight associated with each

input, and j is the total number of weights and inputs. b is the bias that is simply added

to the sum of the weight and input products which sometimes causes the perceptron to

activate. Modern day neurons operate in an extremely similar manner, often with the aid of

an activation function such as ReLU (rectified linear unit). ReLU is defined as max(f(x), 0).

An example of a neuron can be seen in figure 1 below.

Another traditional definition of bias deals with the error in a network’s output. In [6],

bias is defined as:

{ED[f(x;D)]� E[y|x]}2 (2)

where ED is the expected output given the training set D and E[y|x] is the error of example

x given label y. As stated in [6], “If, on the average, f(x;D) is di↵erent from E[y|x], then

f(x;D) is said to be biased as an estimator of E[y|x].” However, this definition of bias in

now obsolete because modern neural networks can almost fully memorize any training data,
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Figure 1: The inputs to the neuron are multiplied by their respective weights and the bias is added.
The activation function is applied to produce the output of the neuron which, in this instance, is
zero.

so held-out test sets are used to estimate error.

In this thesis, bias is understood to mean that there is some variation in performance

between di↵erent demographic groups such as race, age, or gender. For example, an age

estimator that produces an average error of 3 years overall, but 9 years for people under age

10, can be said to be negatively biased against children 10 or younger.

Dataset Bias

For a long time, one of the main sources of algorithmic bias has been the dataset itself.

In 2011, Torralba and Efros of MIT and CMU perform a cross-dataset examination of image

classifier performance to reveal the bias that exists within datasets [7]. They studied 12

datasets and found that they are able to train a classifier that can determine which of the

datasets an image belongs to with 39% accuracy – 31% higher than random guessing. The

authors make the striking point that there appeared to be very little cross-dataset general-

ization occurring in academic research published during that time period. For example, a

classifier trained to recognize cars on one dataset cannot easily recognize cars from a di↵erent

dataset. The authors identify and detail 4 types of dataset bias. The first, selection bias,
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is introduced into a dataset because particular types of scenes are preferred such as street

or nature scenes. The second, capture bias, is introduced by photographers tending to take

photos of objects in similar ways. The third, category bias, stems from poorly separated

labelling schemes such as “grass” vs. “lawn” or “painting” vs. “picture”. The fourth, neg-

ative set bias, is an e↵ect produced by imbalanced datasets. The authors also claim that

machine-aggregated data are typically less biased because human bias is introduced into the

dataset when hand-picking examples. Model bias may also be introduced by the existence

of dirty data in a dataset. If a dataset contains a small subgroup that contains many “dirty”

or mislabeled images, the model’s performance for that subgroup might worsen greatly.

Other Sources of Algorithmic Bias

Aside from problems with the dataset, bias can be introduced into an algorithm via other

means. One such source of bias that is identified in this work is classifier bias. Given a clean

and balanced dataset, two classifiers might produce drastically di↵erent results for certain

classes or demographics. For example, the adaboost classifier might produce di↵erent results

than logistic regression, and even if they have the same accuracy, they might misclassify

di↵erent sets of examples. The same can be said about neural networks, which are growing

increasingly more complex, but they are still essentially just classifiers. Not much work has

been put into identifying neural network architectural components that cause bias or loss

of generalization. Another source of bias is misappropriation bias. An algorithm could be

unbiased and yielding very accurate results, but if an end-user finds a way to misuse the

algorithm, then bias could still result from an unbiased algorithm. Timnit Gebru, who is a

Google AI researcher, identifies a final type of bias known as automation bias. The example

she uses to describe automation bias is a scenario in which a law enforcement o�cer is trying

to identify a criminal in a surveillance photo. The o�cer might believe very strongly that

the mugshot matched by a face recognition system is not the same person who is in the

surveillance footage, but if the algorithm reports 99% confidence in the match, the o�cer’s
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opinion could change, and the wrong person could be arrested.

Bias in Face Recognition

Governments, corporations, and academic institutions have all reported bias issues in

face-based image processing technologies. In 2019, NIST conducted a large scale evaluation

of 189 one-to-one and one-to-many face recognition algorithms. Face verification is one-to-

one face matching where two face-images are fed through a network which should report

“match” if they are of the same person, or “non-match” if they are di↵erent people. Face

recognition is a one-to-many procedure in which subjects are enrolled in a template with

several images and then the subject is identified using an unseen face-image. NIST conducted

this study using 18.27 million images of 8.49 million subjects with a particular emphasis on

the demographic performance of the algorithms. The algorithms are evaluated for bias by

examining the false positive and false negative match rates by race, gender, and age. The

study found that most algorithms su↵er from high false match rates (FMR) in countries like

Somalia and Kenya. Additionally, countries with similar demographics would have similarly

poor cross-culture FMRs, such as Vietnam and Thailand. This means that a Vietnamese

person might have a high chance of being confused with a Thai person and vice versa. Some

algorithms were clearly biased by the available training data. Chinese algorithms generally

performed better on Asians than other ethnicities. The Yitu-003 algorithm was one of the

most accurate, and also had the most uniform FMR. For African women, however, the Yitu-

003 FMR was as high as 0.3%, failing on roughly 1 in 300 individuals. It was additionally

demonstrated that face recognition performed worse on women in nearly every culture, and

the FMR for children and elderly people was high when paired with an imposter from the

same age group. Imposters are simply images of a di↵erent subject meant to try to trick the

network into a false match. This thesis does not address bias in face recognition, but it is

currently a very controversial topic, and face recognition bias has led to the investigation of

bias in various other machine learning models, products, and algorithms.
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Age and Gender Estimation

Age and gender estimation from face-images are widely studied tasks due to the growing

need for identifying individuals and gleaning soft biometrics. Soft biometrics are estimated

rather than physically monitored or calculated. For example, age can be inferred from

an image of an individual, but the inferred age might di↵er from the individual’s actual

chronological age. One of the first datasets assembled to study computational age and

gender estimation was FG-NET (face and gesture net). It was released in 2004 and contains

1002 images of 82 individuals at di↵erent points in their lives. FG-NET was most commonly

used as a benchmark for evaluating and comparing age and gender models. Age results are

usually reported as a mean absolute error (MAE) which is essentially the average error for

the test set images. Mathematically, MAE is expressed as:

MAE =
1

n

n�1X

i=0

|yi � ŷi| (3)

where yi is the predicted age and ŷi is the actual age as labeled for that image. MAE is

used for both age estimation and BMI estimation in this study. A 2016 survey found that

FG-NET age results range from MAEs of 3.17 to 6.22 using the LOPO (leave-one-person-

out) testing protocol [8]. LOPO is a variation on LOO (leave-one-out), where models are

trained on every subject in the dataset except for one, and the subject who is left out rotates

each time until all subjects have been left out at least once. This means that a total of 82

models will be trained, and the error on the left-out individual is averaged across all test

results. A number of approaches to face-based age estimation have been taken and, before

deep learning, usually involved a pipeline of feature extraction, dimensionality reduction,

and regression. Since FG-NET, many larger face-based datasets have arisen and, because

of its relatively small size, FG-NET is not used in this study. Gender results are usually

reported as a simple binary accuracy. If the model estimates the test label correctly, then

the prediction is considered to be correct and the final model accuracy is the total number of
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correct predictions divided by the total number of images. Gender recognition results have

exceeded 99% accuracy in several cases [9] [10], although the generalization of these models

has not been studied in great extent.

With the arrival of the MORPH-II dataset in 2008, age and gender estimation could now

be studied on a large scale. A larger dataset meant more training data, yielding results that

were more statistically significant. MORPH-II is a collection of 55k mugshot images which

were cleanly collected – every subject is standing in front of a neutral background roughly

the same distance from the camera, and flash is used to illuminate the face [11].

Human Age Estimation

In contemporary AI studies, there is always a question of man vs. machine. Many vendors

want to know if their algorithm can match or exceed human performance at its designed task.

In 2013, Han et al. gauge human age estimation performance by crowd-sourcing estimates on

both FG-NET and the PCSO (Pinellas County Sheri↵’s O�ce) dataset. PCSO is another

large mugshot dataset with many of the same attributes as MORPH-II, but it is not as

widely studied. Han et al. found human age estimation error on FG-NET to be 4.7 years

overall, but 7.4 years on subjects over the age of 15, since younger individuals are easier to

identify by age. For PCSO, the human MAE was 7.2 years since it does not contain children

under the age of 15. In the study, Han et al. use a combination of SVMs (support vector

machines) and extracted BIFs (biologically inspired features) to obtain an algorithmic age

estimation error of 4.2 years on the MORPH-II dataset [12]. BIFs are an extension of the

Gabor wavelet that are meant to emulate primate visual cortex processing, while SVMs are

trainable classifiers.

Early Bias Studies

Some of the first studies of the impacts of age, gender, and race on classifier performance

was performed by Ricanek and Tesafaye in 2006. They introduce the MORPH dataset which
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challenged the e↵ectiveness of contemporary face recognition and, at the time, was the largest

publicly available face recognition dataset [11]. Challenging leaps in subject ages, however,

were not the only thing that MORPH would be valuable for. Images were also labeled with

gender, race, height, and weight, so now researchers could also begin to consider other factors

that might a↵ect face recognition performance and aging. Using the new dataset, the PCA

FR algorithm was evaluated. Ricanek and Tesafaye found that younger people were the

most di�cult to identify, and the algorithm’s accuracy rate dropped very quickly as the age

span increased. The most easily identified group by far was men aged 40-49 with a span of

5 years or less and a match accuracy of 80%. They suggest that the accuracy rates reported

by the FRVT2002 study were inflated due to a dataset that was too homogeneous in terms

of race and gender and had very low age spans. Shortly later, the MORPH-II dataset would

be released. MORPH-II will be discussed in detail in section since it is an integral part of

this study.

Guo and Mu of West Virginia University [13] [14] [15]. In 2009, they compare the YGA

dataset MAEs across di↵erent age ranges for their own proposed solution as well as three

others [15]. YGA contains 8,000 total images and each age group contains 1,000 images –

500 male, and 500 female. They trained separate SVM models for men and women using

BIFs that were modified to better extract age features. Their models far outperformed

the other 3 with an MAE of 3.69 as compared to the second best solution which had an

MAE of 10.08, however, females had an MAE of 3.91 while males had an MAE of 3.47.

The male and female categories both have 4,000 images each, but the exact same process

for both males and females led to a much higher error for females which seems to indicate

a gender bias in age estimation. In [13], Guo and Mu show that race and gender have a

strong impact on age estimation. They postulate that training a single general model for

age estimation would cause di↵erent races and genders to have negative impacts on each

other. To test this idea, they create two balanced training sets, S1 and S2, that have an

even number of black and white people and are 25% female populated. The remaining
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images are left in test set W . They evaluate their results by training a model on either

S1 or S2, and using the rest of the dataset as test images. This train/test protocol would

become a standard subsetting scheme for MORPH-II that other researchers would follow in

order to compare results. Guo and Mu train age models for each race and gender category

using their modified BIFs and additionally tried applying 4 di↵erent methods of dimension

reduction to the BIFs. The best models were produced by BIF+OLPP (orthogonal locality

preserving projections) in every category except for white females which was narrowly beaten

by BIF+MFA (Marginal Fisher Analysis). As such, they use the BIF+OLPP models for

each category and perform a cross race and gender analysis. In every instance, performance

decreases when using a di↵erent gender or race’s age estimator to make predictions. In

fact, error increases by 97% when feeding test images into the opposite race and gender’s

age estimator. To evaluate the proposed approach as a realistic implementation, they take

the BIF+OLPP features and train one more model for race and gender classification which

turned out to be 96.8% accurate. After training the race and gender model, they were able

to feed the test BIF+OLPP representations into it to determine which age estimator to use.

The final framework yields an MAE of 4.33 which is slightly higher than the 4.28 BIF+OLPP

baseline due to the 3.2% error in race+gender classification. They test their framework on

the rest of the unused images with the opposite training set yielding a MORPH-II MAE

of 4.45. They found race+gender accuracy to be 0.43% higher for whites than for blacks.

In a follow-up paper [16], Guo and Mu attempt to find a way to estimate age, gender, and

ethnicity all at once without having to develop an elaborate framework such as the one

mentioned above to deal with the negative influences that race and gender di↵erences have

on age estimation. They propose that PLS (partial least squares) can be also be used for

regression and not just dimension reduction. They also introduce the KPLS (kernel PLS)

method which yields better race and gender classification, and a better age MAE than PLS as

well as the above framework. They do not go on to evaluate the di↵erences in age estimation

performance by race and gender.
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In 2010, Wang et al. detail the di�culties in classifying the gender of children [17].

Several previous studies suggested that children were di�cult to identify because of their

lack of distinguishable features. Wang’s PCA with sequential selection algorithm yielded an

84.33% overall accuracy, but the accuracy for children aged 0-10 was only 78.1%, while the

accuracy for adults aged 19-55 was 92.16% on FG-NET. Conversely, Ricanek et al. find that

age estimation is easiest for children [18]. They observe that the age estimations made for

FG-NET by the RPK model [19] have very low error with an MAE of 2.3 for 0-9 year olds,

but extremely high error for older people aged 60-69 with an MAE of 33.15. The Ricanek

et al. model balances out the error with minimum and maximum MAEs of 4.08 and 6.90

belonging to the 40-49 and 50-59 age groups respectively. The overall model MAE was 5.70.

They also analyze error by race and find that age estimations are easiest for Caucasians with

an MAE of 5.67, and hardest for African-Americans with an MAE of 6.90.

Deep Learning

In the mid 2000s, Fei Fei Li, who is now at Stanford University, recognized the need

for a large-scale computer vision dataset. Li began assembling the dataset from WordNet,

a hierarchy of words that maps the relations between words. Li used student researchers

and Mechanical Turk to start gathering images depicting the words in WordNet. The re-

sulting dataset came to be known as ImageNet, which is now one of the most important

performance benchmarks in the computer vision industry [20]. The most recent release of

ImageNet contains 14,197,122 images annotated with 21,841 label classes. Starting in 2010,

Li began holding an annual competition known at the ImageNet challenge at the world’s top

computer vision conference CVPR (computer vision and pattern recognition). The dataset

was extended to handle 3 computer vision tasks: Image Classification, Single-Object Local-

ization, and Object Detection. Image classification simply asks the model “What is pictured

in this image?”. For example, a gender classification model would be shown a person’s face

and report “male”, “female”, or “other”. In addition to classification, object detection or
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localization involves recognizing not just what is in an image, but where it is located in the

image and the boundaries of the object. This task requires bounding box labels where a

human has drawn rectangles around the objects in the image to mark the coordinates where

the object exists. In single-object localization, the model attempts to draw a bounding box

tightly around just a single object for which the image is labeled. In object detection, the

model is expected to draw a bounding box around every object that it is trained to recognize

in the image. Detection accuracies are usually reported as an MAP (mean average precision),

which is a calculation of the percentage that the produced labels and bounding boxes match

the ground truth. For example, if an image contains a cat, and the produced bounding

box covers 50% of the ground-truth bounding box that surrounds the cat, then the model

is said to have a 50% MAP for that object. One type of computer vision task that is not

covered by ImageNet is Image Segmentation. Image segmentation is usually regarded as the

most di�cult computer vision task because it is very di�cult to label an image segmentation

dataset and the images are usually processed on a pixel-by-pixel basis.

Figure 2: These are examples of common computer vision tasks. In the image segmentation
example, di↵erent colors represent di↵erent object classes.

In the early days of ILSVRC (ImageNet Large Scale Vision Recognition Challenge), image

classification rates were as high as 75% with the best team scoring a 28.2% error rate. That

all changed in 2012 when Krizhevski et al. of the University of Toronto made a submission

which scored 16.4% on ImageNet, over 11 points lower than the second best competitor. The

submission, which later became known as AlexNet after Alex Krizhevski, the lead author,
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was the first Deep Convolutional Neural Network (DCNN) [21]. The model took advantage of

the highly parallelizable nature of GPUs, running thousands of simultaneous calculations for

each layer on di↵erent threads. The powerful e↵ectiveness of so-called deep neural networks

quickly drew a lot of attention as researchers began seeing huge improvements on a wide

variety of machine learning tasks. In the following years, almost all ILSVRC submissions

would be DNNs, and the top-5 error rate has now dropped to nearly 3% at the time of this

writing.

Age and Gender with Deep CNNs

Jumping on the success of the deep learning approach, Rothe et al. devised a solution

for age estimation that allowed them to win the 2015 ChaLearn LAP (looking at people)

competition. To do so, they collected one of the largest age and gender labeled datasets

known as IMDB-Wiki. The IMDB-Wiki dataset is a collection of 523,051 images of celebrities

crawled from the IMDB and Wikipedia websites. Each of these celebs has a reported date

of birth, and every image is labeled with the year in which it was captured, so approximate

age may be calculated. The dataset was cleaned by running a face detection algorithm on

the raw images, and then a web-app was used to crowd-source gender labels and to verify

celebrity identities. The ChaLearn LAP competition examines a di↵erent concept of age.

Rather than actual age, the competition focuses on predicting apparent age. The small

dataset that they released for the 2015 competition (only 4,699 images) contains labels that

correspond to how old the subject appears to humans (apparent age) rather than the actual

chronological age of the subject. Rothe et al. of Merantix first fine-tune the VGG-16 network

on their cleaned IMDB-Wiki dataset consisting of 260,282 images. VGG-16 consists of 13

convolutional layers followed by two dense layers of size 4096 before handing the final output

to the softmax layer, which gives it a total depth of 16 layers. It was designed by Simonyan

and Zisserman of the Visual Geometry Group at Oxford (hence VGG) and achieved some

of the top ImageNet results in 2012 and 2013 [22]. Its neural architecture components will
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be discussed in greater detail in section . To fine-tune the network, Rothe et al. start

with the learned ImageNet weights, and then use a low learning rate to retask VGG for age

estimation using IMDB-Wiki. Then, the IMDB-Wiki models were further fine-tuned on 20

random splits of the ChaLearn dataset [23].

Fine-Tuning

Following in the footsteps of Rothe et al., Antipov et al. of Orange Labs used fine-tuning

to win the 2016 ChaLearn LAP competition and achieve state-of-the-art results on MORPH-

II [9]. They experimented with di↵erent CNN depths and face-recognition pretraining. Since

Rothe et al. do not distribute the clean version of IMDB-Wiki, the Orange Labs group re-

peated the steps taken to clean the dataset. They trained their di↵erently sized “fast CNNs”

on IMDB-Wiki but find the age and gender error to be unsatisfactory. Then, they work on

fine-tuning both VGG-16 and ResNet-50. ResNet is the 2015 ILSVRC competition winner

developed by Microsoft [24]. In the ResNet paper, the idea of residual connections is in-

troduced which concatenate the output of a layer with its input, helping to stabilize the

network during training. The winning ResNet models were 152 weight layers deep but are

more lightweight than VGG-16. Antipov et al. use face recognition weights in VGG-16 and

ResNet-50 while fine-tuning age and gender models on IMDB-Wiki. Then, they fine-tune

again on MORPH-II to obtain a gender recognition accuracy of 99.4%, and allegedly an age

MAE of 2.35. They found ResNet to be better for gender and VGG to be better for age.

Fine-tuning on smaller datasets allows researchers to obtain very good scores on the datasets,

however, this comes at the cost of loss of generalization. A network fine-tuned on the large

IMDB-Wiki dataset will be broadly generalized and will have good real-world performance

because of the amount of training data, but a network fine-tuned on MORPH-II will lose

generalization because of the size and characteristics of the dataset. This is an example of

the impacts of negative set bias. The exception to this is when a larger dataset is used for

fine-tuning a model to a specific task. Bruveris et al. of Onfido fine-tune a ResNet-100 face
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recognition model on a dataset of 6.8M images for the task of comparing a selfie to an ID

photo. While fine-tuning has a much better accuracy than the baseline, the authors note the

di↵erences in demographic performance and report a high false match rate for people from

African countries. They attempt to mitigate this e↵ect by oversampling Africans during the

fine-tuning process. They report that while they are able to get the model to perform better

on Africans, accuracy is lost for people of other ethnicities. Additionally, the oversampling

process seems to worsen gender bias [25]. 2

Gender Bias in Commercial Algorithms

In 2017, Buolamwini and Gebru introduce the idea that it is much more di�cult to

algorithmically determine the gender of darker skinned individuals from face images. They

also show that performance is usually always worse for women than men. They elucidate

that many types of AI are biased, including a Word2Vec analogy generator that fills in the

results of “man is to computer programmer as woman is to” with the word “homemaker”

[26]. To gauge gender bias in commercial systems, Buolamwini and Gebru assemble the Pilot

Parliaments Benchmark (PPB) dataset which contains 1270 images and is fairly balanced in

terms of gender and Fitzpatrick skin type3. They use the dataset to evaluate the accuracies of

3 gender recognition algorithms produced by Microsoft, IBM, and Face++. IBM’s algorithm

proved to have the worst accuracy, misclassifying the gender of darker skinned people 22.4%

of the time and lighter skinned people only 3.2% of the time. Microsoft’s algorithm was the

best overall with an accuracy of 93.7% but they still misclassified darker skinned people the

most with an accuracy of only 79.2% on dark females [27].

GANs and HRFAE

Generative Adversarial Networks (GANs) are a generative technique for creating photo-

realistic images that appear as if they could be part of a dataset. GANs were conceived in

2Oversampling only seems to shift bias from the better performing groups to the worse ones.
3Fitzpatrick skin types range from 1-6 where 1 is the fairest skin tone and 6 is the darkest.
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2014 by Ian Goodfellow in his seminal work Generative Adversarial Nets [28]. GANs are

essentially competing AIs that play a zero-sum game during the training process. In the

game, a generator G tries to defeat a discriminator D by generating images that appear to

D as if they are part of a real dataset. D will take batches of images from the real dataset,

and also G’s generated images, and attempt to distinguish which images have come from the

generator. This min-max game is formally stated in Goodfellow’s paper as:

minmaxV (D,G) = Ex⇠pdata(x)[logD(x)] + Ez⇠pz(z)[log(1�D(G(z)))].

The above formula implies that the error of the discriminator on the real data will

have the logarithm of its error backpropagated through the discriminator while the error

of the discriminator on the output of the generator will have the logarithm of its error

backpropagated through the generator. Starting out, D will very easily detect examples

created by G, and over time, G’s produced examples will become more refined. The goal

is usually for G to defeat D so that a realistic example which appears to the D as if the

example could fit into pdata’s distribution. pz(z) is a random noise input vector of fixed size

which is essentially the seed for the generated example. In the original paper, Goodfellow

et al. demonstrate examples of generated faces, CIFAR-10 classes, and handwritten digits.

Later that year, Mirza and Osindero introduce the idea of conditional GANs. Conditional

GANs allow one to specify the desired class to be output by the generator network. In

the paper, the authors use a conditional GAN to generate the specified handwritten digit

(0-9). Conditional GANs have been implemented in many other studies for tasks like face

generation [29], face attribute editing [30], and face aging [31].

This work uses the HRFAE GAN [32] in experiment 3 to synthetically augment dataset

examples in underrepresented subpopulations. HRFAE was trained using 70,000 FFHQ [33]

images and uses the Dex [23] age estimator to gauge the e↵ectiveness with which the target
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age is generated. Figure 3 shows an example usage of HRFAE GAN. An important part of

the GAN’s design is reconstruction loss which compares the produced image to the original.

This helps to ensure that minimal edits are made to the image and nothing else about the

image changes and no artifacts are present.

Figure 3: In this figure, HRFAE is used to age a woman from 25 to 55. Generated examples that
are this convincing could be used to augment a dataset.

BMI Bias

Visual BMI estimation has been studied limitedly, but it has also been shown to have

race and gender biases. The first such study was conducted using the MORPH-II dataset,

which, in addition to age and gender, is also labeled with self-reported height and weight.

The authors use the active shape model (ASM) to landmark facial features and calculate

ratios such as cheekbone to jaw width and face width to lower face height. The features were

then fed into three di↵erent regression models to infer estimations about BMI. The authors

observed that age did not seem to have much impact on BMI estimations, however, the

models performed best on white men, and worst on black women, indicating possible racial

bias [34]. In 2017, Kocabey et al. use the VisualBMI dataset crawled from Reddit posts
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to fine-tune deep learning models for BMI estimation. They found that human evaluation

of facial adiposity was slightly better than the deep learning method. They also examined

bias in the models but did not find significant bias against women or African-Americans

[35]. Jiang et al. in 2019 use the FIW-BMI dataset along with MORPH-II to train deep

learning models for estimating BMI. They found that fine-tuning ArcFace [36] on the FIW-

BMI dataset was usually the most e↵ective method, however, it was biased against women.

ArcFace is currently one of the best performing face recognition models. The same methods

applied to the MORPH-II dataset showed that it was clearly the easiest to predict white male

BMI, and the hardest to predict black female BMI. When combining extracted features with

PCA, VGGFace made the best predictions. Jiang et al. also perform a cross-dataset analysis

using FIW-BMI and MORPH-II. They find that FIW-BMI generalizes better, producing an

overall MAE of 3.48 on MORPH-II. The MORPH-II model scored 4.73 on FIW-BMI [37].

This is likely due to the lack of background noise in MORPH-II images.

Mitigation Attempts

Aside from the aforementioned age and gender bias mitigation attempts, bias mitiga-

tion has been studied on more general tasks as well. Usually the strategy is to try to “fix”

the dataset. Proposed techniques such as SMOTE involved generating synthetic data from

dataset minorities as a method of oversampling those minorities. That, combined with

majority undersampling, showed an improvement in performance for a number of binary

classification problems [38]. ADASYN was an attempt to solve data imbalance issues by

learning weights for individual minority examples which a↵ect how often those examples are

to be chosen for synthetic augmentation [39]. ADASYN shows little or no improvement for

some datasets and would be intractable when working with neural networks. GenSample

approaches resampling dataset minorities in a similar way to SMOTE and ADASYN, how-

ever, it uses a genetic algorithm to learn weights for dataset examples [40]. GenSample did

not demonstrate results that were a significant improvement over SMOTE and ADASYN,
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and sometimes, the baseline even beat all three algorithms.
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EVOLUTIONARY ALGORITHMS

Evolutionary algorithms (EAs) fall into the category of metaheuristic informed search

algorithms. Heuristic algorithms attempt an action heuristically and then learn from the

reaction to the attempt. A heuristic anti-virus, for example, will execute a bit of machine

code in a controlled environment and observe the behavior of the code, watching for any

security threats. Informed search algorithms use information to help intelligently reach a

goal. Since EAs are metaheuristic informed search algorithms, they attempt an action,

evaluate the fitness of that action, and then continue working towards their ultimate goal

using the knowledge of the previously attempted action(s). EAs are often used to solve an

optimization problem, or to optimize some process. Optimization problems are typically

NP-hard and may have multiple solutions or an acceptable level of tolerance for a solution.

NP-hard problem solutions lie within a search space that grows very large as the degree of

the problem increases. For example, an NP-hard problem that has a time complexity of

O(n!) increases factorially, so a problem of size 50 could have 3.04⇥ 1064 possible solutions.

That makes exhaustively searching the problem space computationally intractable, so typi-

cally metaheuristic informed search algorithms are used to arrive at an acceptable solution

within a reasonable amount of time. One downside of evolutionary algorithms is that it is

never known whether or not an optimal solution has been arrived upon without exhausting

the search space, nor is it known how close the current best solution is to the true optimum.

Training a neural network in itself is an optimization problem where the network is search-

ing through a huge search space for the right combination of neuron weights which minimize

error on some training set while also minimizing error on a validation set. In this thesis,

a specific evolutionary algorithm is implemented to optimize bias mitigation techniques in

several experiments. Genetic Algorithms (GAs) are a type of evolutionary algorithm that

have emerged from the study of biologically inspired computing. Bio-inspired computing at-

tempts to mimic real-world biological systems within a computer program. As such, genetic
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algorithms are aptly named because they draw from the process of gene expression. GAs seek

to solve optimization problems by breeding two parent genes to produce a child gene with an

optional change of the gene mutating – much like what happens when two organisms procre-

ate. Potential optimization problem solutions can be encoded in these digital genes, so the

child gene represents a new solution. During the evolutionary process, the child gene is eval-

uated for fitness and then is often mutated according to a certain set of rules and probability

which may be fixed or may vary over time. The fitness of a gene is evaluated using a fitness

function. The fitness function uses the “chromosome” of the gene to mathematically produce

a number representing the score for the gene which is either being minimized or maximized

during the evolutionary process. Mutation is a method of introducing genetic diversity into

the population of genes so that they don’t get stuck in a local minimum/maximum and keep

breeding the same solutions over and over again or converge to just one gene. When using

a GA to optimize a problem, typically a random starting population is generated and each

parent gene is evaluated for fitness. The distribution of fitness scores can usually provide

a good idea of what the mean, min, and max scores look like. Then, the population is

selectively bred to produce the next generation of parent genes. Certain weights are given

to the parent genes based on where each gene falls with respect to the other genes’ scores.

For example, the algorithm might only draw from the top 75% of the genes when choosing

parents to mate. Then each parent engages in genetic crossover with another parent where

part of the genetic code is imparted in a child gene from each parent. The resulting child

genes become the new population of parent genes, and typically the best gene found during

the evolutionary process is recorded as the optimal solution. Populations are bred over and

over again until some stopping criteria has been met. Over time, the genetic algorithm will

keep finding better solutions. This strategy allows an extremely large search space to be

traversed in a short amount of time yielding an optimal or near optimal solution in a matter

of seconds as opposed to the potentially trillions of years that it could take to exhaustively

evaluate every single possible solution. The evolutionary algorithm employed in this thesis
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is discussed in more detail later in this chapter and is considered evolutionary but genetic

because there is no actual crossover between candidates in the evolutionary process. Other

examples of bio-inspired evolutionary algorithms are hill-climbing, simulated annealing, and

tabu search [41].

Hill-Climbing

The hill-climbing algorithm is a simple greedy algorithm that involves iteratively search-

ing “nearby” solutions for a better overall solution. Usually a random starting population

is generated for hill-climbing and then the best solution is exploited by testing the fitness of

some or all nearby solutions. If a better solution is found, then it becomes the new candidate

and its nearby solutions are explored and evaluated likewise. The hill-climbing algorithm

is simple, but it is rarely used in practice because of its tendency to get caught in a local

minimum or maximum, and it often will not yield an optimal result [41].

Simulated Annealing

Simulated annealing is a more e↵ective EA that is also considered greedy in nature.

Simulated annealing mimics the process of metal annealing which involves gradually cooling

metal from a high temperature so that the molecules fall evenly distributed into a crystalline

structure which results in better structural integrity for the piece of metal. Simulated anneal-

ing involves choosing a random starting point and mutating the candidate until a simulated

“temperature” is reached. Every time a candidate is mutated, its fitness is evaluated, and a

distance between the fitness score is calculated for the old candidate and the mutated one. If

the new candidate is better, it is always kept. If the new candidate is worse but its distance

is close enough, it will be exchanged for the old candidate. If the new candidate is worse and

too far away it will be discarded. Every time a mutation occurs, the “temperature” drops

and the distance threshold for determining whether the new candidate is kept or discarded

shrinks. This introduces genetic diversity into the search allowing better optimums to be
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discovered unlike in hill-climbing. It might take several tries to find starting temperatures

and decay rates that yield good results for a particular problem [41].

Tabu Search

Tabu (or “taboo”) search is another evolutionary algorithm which is often used to solve

optimization problems. Tabu search is similar to hill-climbing in that it picks the best

candidate and explores a certain number of mutations of that candidate to find a better

one. When a candidate is explored it is marked as “tabu” meaning that it cannot be re-

explored until the number of tabu candidates reaches a certain size, and then the oldest tabu

candidate is removed from the list, allowing it to be explored again. Every time a candidate

is explored, the best mutation is chosen to be explored next whether or not it is better

than the previous candidate. There are many variants of tabu search, each of which o↵ers

some sort of advantage over the other such as arriving at the optimum faster or increased

diversification [41].

A Simple (yet e↵ective) Evolutionary Algorithm

In their paper Regularized Evolution for Image Classifier Architecture Search, Real et al.

demonstrate that evolved neural network architectures can outperform hand-crafted ones.

To do this, they begin with the NASNet search space (NASNet will be described in greater

detail in section ) and experiment with methods of speeding up the evolutionary process.

Firstly, they reduce the set of possible mutations, confining the search space. Secondly, they

compare random search (RS) with reinforcement learning (RL) and a novel evolutionary

algorithm – aging evolution. Aging evolution is a slight modification of a simple tournament

selection algorithm. A typical implementation of a tournament selection algorithm involves

these steps:

1. Generate a random starting population and evaluate the fitness of each candidate.

2. Draw a random sample from the population and select the fittest candidate.
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3. Mutate the candidate and reevaluate fitness.

4. Place the new candidate in the population while removing the least fit candidate from

the sample.

5. Repeat steps 2-4 until you run out of time/funding or meet some other stopping criteria.

Real et al. refer to this as non-aging evolution. In order to introduce genetic diversity

into this process, Real et al. propose taking into account the recency with which the solution

was generated, rather than just the fitness. To do so, they treat the population as a queue,

and kill the oldest member of the population (the last candidate in the queue) rather than

the least fit. Over time, even the most fit candidate will age out of the population, causing

the algorithm to shift focus to other good candidates rather than continuously mutating

very similar candidates. The aging evolution algorithm can be seen in figure 4 below. An

important step I added to this process is checking the history after mutation to ensure

that the candidate has not already been evaluated. For smaller combinatorial problems,

duplicate candidates can result in a lack of genetic diversity and will cause the algorithm to

underperform. In the Real et al. study, aging evolution reached better models faster than

random searches and reinforcement learning.

A Toy Problem

For the experiments documented in this thesis, I wanted to make sure to choose the

most e↵ective EA for quickly arriving at optimal solutions without it being so greedy that

it would get stuck in local minimums. The evolutionary process would involve training

multiple sample neural networks, all of which would take several hours to train even on

expensive equipment. To make an informed choice, several algorithms were compared on a

classical optimization problem. This particular problem, the quadratic assignment problem

(QAP), has existed in research since the 1960s, and has manifested in a number of di↵erent

real-world scenarios. It was first postulated by engineers at MIT who, at the time, were
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Figure 4: The aging evolution algorithm as seen in [1].
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building a computer and trying to figure out which components to place in which positions

in order to minimize the amount of cable needed to bus data from component to component.

This so-called “backboard wiring problem” led engineers to model the computer’s design

mathematically. The locations where a component could be housed were in fixed positions on

the backboard (motherboard), and each component had an associated “flow” which needed

to exist between itself and other components. Randomly placing the components would

result in high cable usage and would drive up the cost of building the computer which, in

turn, would run more slowly because of the excessive cable usage. In his paper discussing the

problem, Leon Steinberg framed it as a linear programming problem and he reached a better

yet sub-optimal solution. The model for the problem showed up in many other instances,

such as in placing facilities with certain capabilities at specific locations in order to minimize

the total number of trucking miles needed to transport items between facilities. The problem

eventually became known as “the quadratic assignment problem” and has been discussed in

many research papers, most of which use a heuristic search algorithm to traverse the large

number of possible combinations. Formally stated, the quadratic assignment problem is the

problem of assigning S facilities to S locations where D is a S⇥S matrix that represents the

distance between each location, F is a S ⇥ S matrix that represents the flow between each

facility, and P is a permutation of enumerated facility locations, in a way that minimizes

the cost C in

C =
S�1X

i=0

S�1X

j=0

DPiPjFij. (4)

As such, the best assignment strategy P would have the lowest cost C and would minimize

the amount of cable needed to accommodate the flows F between the components at positions

with distances D from each other. Notably, the traveling salesman problem is a special

instance of the QAP where all of the flows are equal and the goal is simply to find the shortest

path through the locations given the same start and end point. Many other variations of

the QAP exist and they each address di↵erent scenarios that need to be optimized.
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Algorithm Comparison

In an e↵ort to study the e↵ectiveness of these search algorithms, algorithm performance

was compared on an instance of the quadratic assignment problem. The data for this par-

ticular problem came from a study wherein Danish engineers were consulted to help design

an optimal layout for a German hospital that was built in 1972 [42]. The floor plan for

the hospital was already complete, but the problem was in planning which facilities should

go in specific hospital wings in order to minimize patient transport time. In this instance,

there were 32 facilities to be placed at 32 locations, and the flows between facilities were

estimated by the hospital’s doctors on a scale of 0-4. It is common in the QAP for there to

exist a number of facilities with zero flow between each other, and if several of the flows are

the same, there could be many optimal solutions. Given a size of 32 facilities and locations,

there are 32! possible facility assignments or 2.63⇥ 1035. This makes a metaheuristic search

approach desirable as an exhaustive search would be computationally intractable. Random

search, tabu search, aging evolution, and non-aging evolution were all used to generate one

million solutions to the QAP. 4 Random search involves randomly generating solutions and

evaluating them without using any informed search strategy. An analysis of the random

search indicated that the solution distribution was relatively normal with a mean solution

of 137,100 as can be seen in figure 5. The best solution found during the random search was

115,210 – far higher than the true minimum. Tabu search, aging evolution, and non-aging

evolution were a success, but the greediness and lack of genetic diversity of non-aging evo-

lution caused it to lag behind. The solutions generated by tabu search and aging evolution

were very similar, so a side-by-side comparison was conducted to see which algorithm arrived

at the true optimum the most often. Also seen in figure 5, aging evolution was the clear

winner, probably because tabu search will end up marking a one-o↵ solution as “taboo”

until it is removed from the tabu list. Krarup and Pruzan’s final solution was only one swap

4Hill-climbing and simulated annealing were not compared because, while they quickly get to good solu-
tions, they are too greedy and rarely arrive at the optimum.
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away from optimum [42]. The optimal solution for this instance of the problem was not

proven until the year 2000 when a branch-and-bound algorithm for the QAP was used to

exhaustively eliminate the possibility that a better solution could exist. The algorithm took

nearly 100 days to run [43]. According to Moore’s law, a computer of the same price today

could complete the algorithm in around 2 hours.

Figure 5: Search algorithm results for the Kra32 QAP. Smaller is better. In the top graph, bins
are normalized by dividing each bin count by the total number of runs.
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CONVOLUTIONAL NEURAL NETWORKS

Proposed in 1989 as a method of digital image recognition [44], convolutional neural

networks have become the basis of nearly all deep learning algorithms. In the context of

image processing, convolution is a matrix operation that involves the use of a kernel (often

referred to as a filter) to enhance qualities of the image. Mathematically, a 2-dimensional

convolution can be expressed as:

m�1X

i=0

n�1X

j=0

x(m�i)(n�j)y(i+1)(j+1) (5)

where m is width and n is height. For example given that:

x =

2

66664

0 1 0

1 0 1

0 1 0

3

77775
,y =

2

66664

152 128 201

94 115 167

112 137 122

3

77775
(6)

where x is a convolutional filter and y is a small monochrome image, formula 5 results in

the arithmetic of:

x33y11 + x32y12 + x31y13 + x23y21 + x22y22 . . .+ x11y33 = 535. (7)

Filters are usually small (as in 3x3 or 5x5) because convolution is an expensive process,

especially when it is used repeatedly throughout a network. Convolution has traditionally

been used in digital image processing as a method of edge detection or sharpening/blurring

an image. Figure 6 below is an example of convolution being applied to an image as a

method of edge detection. In the image, Prewitt’s gradient is used to enhance the edges of

objects, making them more easily separable.

In a convolutional neural network, filters are not simple 1s and 0s – they are learned

floating point values. Each value in a filter is a simulated neuron as depicted in figure

1, so while a CNN is being trained, it is learning the convolutional filters that help it
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Figure 6: This image has been convolved using Prewitt’s gradient for the purposes of edge detec-
tion.

best extract features that aid in its designated classification task. Typical modern neural

network architectures consist of many hidden intermediary layers of convolution and pooling

to extract features and reduce feature size. The copious layers led them to be dubbed “deep”

neural networks. Each layer of a DNN relies on the output of the previous layer in order

to begin processing extracted features, so training a DNN is a very time-consuming process.

It is noteworthy that matrix operations like convolution, which make up the vast majority

of a DNNs trainable parameters, are highly parallelizable on computer hardware due to

the numerous multiplication and addition operations. This is part of what fueled the deep

learning revolution in 2012. Prior to 2012, smaller neural networks had been trained with

some success for face-based image processing tasks [45] [46], but with the evolution of GPU

(graphics processing unit) technology, it was soon realized that architectures could grow in

size to increase memorization and generalization. As such, deep CNNs quickly took the

scene since they were able to leverage datasets for a better accuracy overall, which could

keep increasing as more data were seen. Prior strategies, usually involving some form of

dimensionality reduction and linear classification, could not keep improving and adapting

the way that DNNs could. In addition to convolution, pooling is a common building block of

convolutional neural networks. Several filters might be used in a single layer, which causes

the size of the extracted features in memory to grow very quickly. As such, techniques like

pooling are applied to reduce feature size. A typical 2-dimensional pooling filter might have
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a width and height of 2x2. Unlike convolutional filters, however, pooling layers do not have

any weights or biases to apply. Max pooling can be thought of as a window that slides along

feature layers picking the max value in each window. Looking back figure 6, if we were to

apply 2x2 max pooling to y it would result in:

2

64
152 201

137 167

3

75 (8)

because those are the max values in each 2x2 window. Notice that it has reduced the

size of the image from 9 values to 4. There is another common pooling method called global

average pooling which is usually used when there are a large number of smaller features. If

we apply global average pooling to y, the result is 136.44 because that is simply the average

of all the values. With both convolution and pooling, there is the concept of stride. Stride

is essentially the number of pixels to skip between operations. For example, a 2x2 max

pooling filter with a stride of 2 will skip every other “window” of pooling, e↵ectively halving

the output size. This also keeps some values from becoming too prevalent. In the above

example, if we swap 201 with 115, the output becomes:

2

64
201 201

201 201

3

75 , (9)

so a stride of 2 would limit the value of 201 so that it only appears twice rather than

four times. There are a few more concepts necessary for understanding the inner-workings of

modern neural nets. Two basic concepts are epochs and batches. An epoch is simply one pass

through the entire training set. DNNs are usually shown a training set for hundreds or even

thousands of epochs before no more improvement is seen. Improvement is usually gauged on

a validation set, which is a set of unseen examples upon which the model’s accuracy, or lack

thereof, is evaluated after every epoch. A third part of the dataset, the test set, consists of

held-out data which is not used at all until after the model is finished training. The test set
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gives one a realistic sense of how accurate the model is and helps make sure that the model

is not overfit to the validation set. A batch is a small chunk of the training set – maybe 32

or 64 images. During an epoch, data are fed through the network in batches and all images

must reach the top of the network before any error is backpropagated through the network.

Backpropagation is an algorithm that is essentially the way that neural networks learn from

data. At the top of the network, error is calculated using the ground-truth labels of the

data in the batch using a loss function. Many loss functions have been proposed, such as

categorical crossentropy loss and mean squared error loss. The error is typically modified

by a learning rate which can be specified manually, but is usually dictated by an adaptive

gradient descent optimizer. There are many other tweaks and techniques that exist inside

of a network such as batch normalization and dropout regularization. Batch normalization

standardizes feature data between layers, which helps the network stabilize more quickly and

reach better accuracies faster, but it comes at the cost of greater computational complexity.

Dropout regularization specifies a certain probability for neurons to randomly “dropout” of

the network during both the feedforward process and backpropagation. This ensures that

neurons are not becoming codependent on one another. Other newer techniques include

residual connections and skip connections. Residual connections add the features output

by the previous layer to the features output by the current layer, which helps stabilize

the network more quickly. Skip connections are similar except that they may skip many

layers and they concatenate the old features to the new ones rather than adding them.

There are many other DNN building blocks such as dense layers, separable convolution, and

convolutional transpose, but discussing them is not necessary to this thesis.
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THE DATASETS

For this study, five di↵erent datasets are used to train and evaluate age, gender, and BMI

estimators. Every dataset used in this thesis has been studied in the academic community.

The specific datasets used are referred to by the common names of: MORPH-II, IMDB, Wiki,

MORPH-IV, and PPB. Each dataset has di↵erent characteristics, so each can be employed

in di↵erent ways. Before any models are trained, the datasets are cleaned and preprocessed

in a uniform manner. MORPH-II was the starting point for the preprocessing since it is the

most widely studied of the five datasets. First, labels were examined for inconsistencies such

as gender mismatches for the same individual, or inconsistencies in birthdates. These labels

were corrected manually. Then, all images were resized to 200x240 because most images in

the MORPH-II dataset are that size or larger. A face detector was used to calculate the

mean face width and height 5. Only faces larger than 50x50 were considered. Mean width

face W was found to be 113.48px while mean face height H was 130.86px. Next, the images

were surrounded with a border using cv2.BORDER REPLICATE, and faces were centered and

cropped from the image using algorithm 1 below. In algorithm 1, iw and ih are the target

width and height of 200x240 respectively.

The IMDB-Wiki dataset is distributed in raw form so it must be cleaned. To do so, faces

were cropped from each image using algorithm 1, where only one face is detected in the

image with a face score of higher than 60%. If only one face is detected in the image, then it

is likely that the face corresponds with the provided labels. After that, the dataset is cleaned

by identifying all images where the age or gender of the subject is vastly di↵erent from the

provided labels. Pretrained age and gender models from [48] are used to estimate age and

gender to identify potentially mislabeled images. Then, all images which have been identified

as mislabeled are manually verified, and images that are not clearly mislabeled are returned

to the dataset. MORPH-IV is cleaned in a similar manner as MORPH-II. MORPH-IV is also
5The face detector is a Mobilenet-V2 model that was trained on the WIDER-FACE dataset [47]. It is

available at https://github.com/yeephycho/tensorflow-face-detection.
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Algorithm 1: Crop face to mean face size
Result: A face-cropped image.
/* the bounding box corners below are returned by the face detector */

x min; y min
x max; y max
center x = x min+x max

2

center y = y min+y max

2
face width = w = x max - x min
face height = h = y max - y min
/* W and H are defined above. */

if w

h
> H

W
then

resize ratio = rr = W/w
else

resize ratio = rr = H/h
end
center x = rr * center x
center y = rr * center y
/* resize the image in the x and y directions by resize ratio */

img.resize(rr, rr)
/* crop an image of size iw ⇥ ih around the center of the face */

img.crop(center x, center y, (iw, ih))

a collection of mugshots, and is, as could be expected, an extension of MORPH-II, except

that it is more balanced by age, gender, and race. MORPH-IV additionally contains height

and weight labels, so it is used in the BMI bias experiment in section . Some MORPH-IV

labels had to be adjusted in instances where there were improbable heights, weights, or ages.

Additionally, some images do not have height or weight labels, so they could not be used.

PPB was also cleaned using the same face detection algorithm, and every face was visually

verified. Table 1 shows the cleaned dataset sizes along with the labels that are used during

this thesis. Additionally, the female ratio is shown because it’s a very important part of the

trained algorithms.

Table 1: Dataset Sizes and Labels
Name Labels Size Female Ratio

MORPH-II Age, Race, Gender 55,038 15%
IMDB Age, Gender 131,091 43%
Wiki Age, Gender 35,169 24%
PPB Gender 1,166 45%

MORPH-IV Age, Race, Gender, Height, Weight 386,739 34%
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Another important feature of the datasets is the age distribution of each dataset which

can be seen in figure 7 below.

Figure 7: This histogram shows the number of individuals at each age in each age-labeled dataset.
Wiki has the most even distribution but is also the smallest and most challenging dataset.
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PROPOSED EXPERIMENTS

As aforementioned, this thesis attempts to address AI bias by using novel techniques to

mitigate bias. To do so, three di↵erent experiments are proposed that focus on analyzing

bias and reducing it. While bias is often not the topic of contemporary deep learning studies,

techniques from these studies can be utilized to design a system that is more fair. Three

strategies were chosen to take-on the AI bias issue: data augmentation, dataset oversampling,

and synthetically generated data.

Data augmentation has proven to generalize models, while decreasing error, by manufac-

turing more data upon which a model can be trained [49] [50] [51] [52] [53]. Hand-picked

data augmentation strategies will sometimes decrease error, but can also lead to an increase

in error. Thus, for this work, data augmentation policies are adopted from [54], and an

evolutionary algorithm is used to optimize the policies. The main di↵erence between this

work and [54] is that the policies are evolved against a challenge set. The challenge set

contains demographic groups which are known to be di�cult to make estimations for. By

evolving policies against the challenge set, it is presumed that the policies will learn how to

augment data in a way that best reduces error for challenging groups. The application of

data augmentation policies has been shown to reduce error by a significant amount, but this

can actually worsen the bias ingrained in a model by decreasing error for dataset majorities

and increasing error for dataset minorities. The use of the challenge set in the evolutionary

process should mitigate this e↵ect.

Oversampling has long been considered as a method of “fixing” a dataset so that a

machine learning model does not become biased against minorities. This work proposes

using oversampling to mitigate bias by drawing more frequently from groups that are di�cult

to identify. Rather than assigning arbitrary sampling rates to each group, an evolutionary

process is used to learn weights for dataset sampling. Oversampling is also combined with

the data augmentation policies learned in the first experiment to see if it further reduces
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bias.

Synthetic data has been addressed in techniques like SMOTE [38] and ADASYN [39],

however, this work takes a relatively new approach to the idea of training on synthetic

data. Since GANs have recently proven to be capable of generating photorealistic images,

it is proposed that generated images could be used as training data. This third experiment

addresses bias by augmenting dataset minorities using GAN generated images. Specifically

HRFAE GAN [32] is used to fill out the dataset in sparse demographic groups. The next

three chapters cover the details of these proposed experiments as well as their results.
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EVOLVING A DATA AUGMENTATION POLICY

This experiment involves the use of data augmentation to mitigate bias in age and gender

estimators. The MORPH-II, Wiki, and IMDB datasets are combined to produce an age

and gender labeled dataset of 221,298 images. Due to the necessary level of specificity, set

notation is used to distinguish parts of this dataset. The combination of the three datasets S

is used to produce a training set Str which comprises 50% of the dataset. The validation and

test sets Sva and Ste comprise 25% each. This scheme was chosen over the usual 80/10/10

train/validate/test splits for two reasons. Firstly, enough validation data needed to be

present in order to create the challenge set (section ). Secondly, this study was not designed

to achieve the lowest error rates, but to show how a limited amount of data can be augmented

to mitigate the e↵ects of algorithm bias. Subgroups of the dataset can be defined by the

image labels. Every subset is a proper subset of S and |S| = 221, 298. Let Gg be the set of all

gender labeled images where g 2 {m, f}. Gm is all male labeled images and Gf is all female

labeled images. Not all dataset images are gender labeled so |S� (Gm[Gf )| = 2, 812. Dd is

the set of all age labeled images where d 2 {x 2 Z|0  x < 10} and ages for each decade are

in the range [10d, 10(d+1)� 1], so D2 would consist of all 20-29 year-old subjects. The final

subset is Rr which is the set of all race labeled images where r 2 {b, w, o} (black, white, and

other), and R ✓ M . The “other” label refers to all MORPH-II images not labeled black or

white so Ro = R � (Rb [ Rw). In addition to racial bias, error is observed based upon face

illumination. A mean pixel value µ is calculated for the region of the face that exists in 80%

of the mean bounding box (WxH). This tighter face crop helps to exclude background and

hair. In set B, or face brightness, B0 is the set of all of the darkest faces with 0  µ < 85,

B1 is the set of all moderate faces with 85  µ  170, and B2 is the set of all light faces

with 170 < µ  255. See figure 8 for examples.
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Figure 8: Separating the dataset by face brightness illustrates the general trend in accuracy
by skin tone and also tests the model’s performance in poorly-lit conditions.

The Model

The Inception-ResNet-v2 DCNN model was chosen for this project because of its strong

ImageNet challenge [20] performance and its relatively lightweight design. Inception-ResNet-

v2 combines Google’s Inception modules [49] with Microsoft’s residual connections [24] to

yield a 572 weight-layer neural network. Its architecture consists of an input stem which

downsamples the image three times before using several stacks of Inception A, B, and C

modules, separated by Reduction modules, to extract features before passing them to the

final global average pooling and softmax layers. With an age output layer of 100 nodes,

and a gender output layer of 2 nodes, both models consist of about 55 million weights and

biases. Age models use MAE (mean absolute error) loss while gender models use binary

crossentropy loss. Binary crossentropy was chosen for the gender model because training

set loss gets very low and a mislabeled or non-cisgender image could disrupt the weights if

a higher loss penalty is enforced. All models were trained with the adadelta optimizer [55]

because it eliminated the need to tune the learning rate and decay. All input is standardized

to the training set mean and standard deviation after data is augmented (in the non-baseline

models) but directly before being fed into the network. DLDAE (dynamic label distribution

age encoding) [48] is used to encode and decode age labels, and age error is reported as
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an MAE. As such, all age results are an average error in years. Gender recognition (GR)

is interpreted as a binary score. If the gender network output layer node 0 has a value of

greater than .5, then it has rendered a prediction of female, otherwise it has predicted male.

Gender recognition accuracy is reported in terms of binary accuracy and also as an F1 score.

The F1 score is the harmonic average of precision and recall, so it is used to more accurately

observe the change in model bias. If tp is a true positive, tn is a true negative, fp is a false

positive, and fn is a false negative, then precision P = tp
tp+fp and recall C = tp

tp+fn . An F1

score is then calculated via equation 10.

F1 = 2
PC

P + C
(10)

Baseline Examination

To identify sources of bias, separate models are trained on Str \ D for age and Str \ G

for gender. During training, a randomly selected 1
4 of Sva is used as validation data to save

the top 5 models in terms of lowest validation loss. Training is stopped when the model

goes for 10 or more epochs with no improvement. All results are reported only on Ste. Sva

results are ignored although they are very similar to Ste which indicates a lack of validation

set overfitting. The cardinality of each subgroup in the test set is shown in table 6. As

can be seen, some subgroups are severely underrepresented in the dataset and this tends

to be the reason for high error. There is an inverse correlation of �0.3222 between Ste

subgroup count and age error. An age error standard deviation � is also calculated for each

subgroup which shows that estimations can vary wildly for underrepresented subgroups. The

Ste MAE overall was 4.62 years – 4.36 for males and 5.13 for females. The results in tables

2, 3, and 5 help identify the greatest sources of age and gender error by subpopulation. In

almost every category the baseline models perform better on men than women. This is to be

expected since women only comprise 33% of the dataset. Both age and gender models have

a di�cult time on children and the elderly. The gender recognition model tends to identify
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boys and young men as women but the reverse is true for the elderly. Faces that are more

poorly illuminated are also not as easily identifiable by both the age and gender models.

The results for each distinct dataset vary largely as well. The error for MORPH-II is much

lower than Wiki and IMDB for a few di↵erent reasons. MORPH-II contains no children or

elderly past the age of 77, and it was not captured in the wild. Every image is a frontal face

image that was taken with camera flash in-front of a neutral background. Wiki is the most

challenging dataset because of its lower image count and more frequent facial obstructions.

Wiki dataset images tend to be captured by amateur photographers whereas most IMDB

photos are taken from movies or shows. It should be noted that the low counts in some

categories cause a high standard deviation for error depending on the dataset split.

Table 2: Baseline Results by Decade

Ste \Gm Ste \Gf Ste \Gm Ste \Gf

Male Female Male Female

Age MAE — � Age MAE — � GR Error GR Error

D0 9.24 — 12.35 11.12 — 13.16 27.66% 5.80%
D1 3.85 — 6.14 6.43 — 8.35 5.51% 2.83%
D2 3.79 — 5.27 4.18 — 5.50 1.47% 1.50%
D3 3.70 — 4.98 4.03 — 5.24 1.24% 1.15%
D4 4.36 — 5.77 5.96 — 7.52 0.99% 1.67%
D5 5.50 — 7.19 8.26 — 10.40 0.75% 3.06%
D6 6.24 — 8.41 9.34 — 12.38 0.60% 4.14%
D7 8.53 — 10.54 12.77 — 15.62 0.73% 7.45%
D8 13.14 — 14.69 15.24 — 17.53 0.00% 4.35%
D9 16.94 — 18.17 26.02 — 29.78 0.00% 28.57%

Data Augmentation

In this instance, the goal of mitigating bias in a trained AI model involves targeting

subgroups with high error. Ideally, the error for these subgroups can be decreased without

increasing the error for other subgroups. A traditional approach to reducing model bias

in statistical classifiers like SVMs is to partition the dataset into subgroups that are more

balanced [16]. Deep neural networks benefit greatly from being trained on large datasets
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Table 3: Baseline Results by Race and Illumination

Ste \Gm Ste \Gf Ste \Gm Ste \Gf

Male Female Male Female

Age MAE — � Age MAE — � GR Error GR Error

Rb 2.69 — 3.53 3.64 — 4.65 0.59% 1.14%
Rw 2.69 — 3.52 3.46 — 4.54 0.00% 1.52%
Ro 2.78 — 3.64 3.61 — 4.31 0.00% 0.00%
B0 5.58 — 7.41 6.10 — 8.16 2.57% 3.55%
B1 4.22 — 5.84 5.06 — 6.86 1.32% 1.52%
B2 3.27 — 4.69 4.16 — 5.62 0.95% 2.03%

Table 4: Baseline Results by Dataset

Ste \Gm Ste \Gf Ste \Gm Ste \Gf

Male Female Male Female

Age MAE — � Age MAE — � GR Error GR Error

M 2.70 — 3.53 3.58 — 4.61 0.52% 0.96%
I 5.07 — 6.80 5.89 — 7.10 1.96% 1.25%
W 5.34 — 7.18 5.25 — 7.88 1.68% 5.99%

Table 5: Baseline Gender Scores
Ste \Gm Ste \Gf

Male Female

Precision 98.55% 98.23%
Recall 99.10% 97.14%
F1 98.82% 97.68%
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Table 6: Test Set Cardinalities
Ste \Gm Ste \Gf

Male Female

Age — Gender Age — Gender

D0 45 — 47 74 — 69
D1 2443 — 2396 1380 — 1345
D2 8588 — 8630 6000 — 6123
D3 10370 — 10427 6029 — 5988
D4 8352 — 8289 3039 — 3002
D5 3926 — 3984 1048 — 980
D6 1701 — 1667 456 — 483
D7 706 — 686 176 — 188
D8 193 — 199 75 — 69
D9 31 — 27 10 — 14
Rb 9222 — 9276 1413 — 1401
Rw 1937 — 1929 653 — 656
Ro 452 — 430 31 — 36
B0 5495 — 4949 2310 — 1859
B1 28321 — 28127 14707 — 14630
B2 2539 — 3276 1270 — 1772
M 11611 — 11635 2097 — 2093
I 18218 — 18186 14569 — 14014
W 6526 — 6531 2304 — 2154
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given their ability to keep generalizing as more examples are seen. As such, a reduction in

some of the larger male populations such as D2 though D4 would not result in more robust

filters for women, but only less robust filters for men. Since augmenting data has been

identified as an e�cacious method for virtually increasing the size of a dataset, it can be

reasoned that data augmentation techniques could be learned that most e↵ectively augment

data for the targeted subgroups. For this experiment, the data augmentation policies from

[54] are adopted with some minor improvements. The data augmentations policies in [54]

consist of 5 subpolicies with 2 image manipulation techniques per subpolicy. During train-

ing, when an image is loaded, a subpolicy is randomly chosen, and its image manipulation

techniques are applied. This work applies the evolutionary strategy from [1], rather than

the original reinforcement learning technique used in [54], because aging evolution proved

to more quickly arrive at near-optimal solutions in a neural architecture search space. The

evolutionary algorithm also allows for changes in the number of configurable parameters per

data augmentation technique. Rather than using evenly spaced settings for each technique

in the policy, this work chooses a set of reasonable defaults to narrow the valid search space.

The boundaries and increments for these defaults are based on the results of [54] and also

our own prior experimentation with manipulating settings. For example, posterizing image

colors down to 3 bits would eliminate most of the features from the image and would not

make for good training data, so the posterization technique is limited to 4 bits or higher.

The evolutionary algorithm, as opposed to the reinforcement learning strategy, also allows

for the expansion and contraction of techniques within a subpolicy. So while the data aug-

mentation policy (DAP) always maintains 5 subpolicies, the number of image manipulation

techniques applied by each subpolicy can change. This work also introduces the concept of

top-level policies. Some data augmentation techniques have proven to be e↵ective in many

other works, so they are considered with a learned probability to be applied to each image

after applying a subpolicy. The top-level policies selected for this work are horizontal flip-

ping, mixup [56], cutout [53], and DLDAE. DLDAE is not a form of data augmentation but
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it is implemented as a top-level policy in order to optimize e↵ective hyperparameters for it.

Similar to [54], every data augmentation technique, including the top-level techniques, are

applied with a probability p where p 2 {0.1x|x 2 Z, 0 < x  10} except where otherwise

specified in table 7. Some of the image manipulation techniques from [54], such as pixel-wise

inversion, were not considered because, though they might yield valuable information when

considering images of house numbers, they would not improve the quality of a face-image

model. Two new data augmentation techniques are introduced: an improvement to random

crop resampling, and a noise robustness technique called random Gaussian tinting. If these

techniques did not prove e↵ective then they would be eliminated from subpolicies during the

evolutionary process.

Random Crop Resampling

Figure 9: Random cropping with a = 15.

Earlier in the deep learning revolution, image resampling was commonly used as a form

of data augmentation [51] [49]. 12-crop resampling, for example, involved taking a crop from

each corner of an image, the middle of the image, and resizing the full image down to the

target size. Each of these 6 crops would then be flipped horizontally and then all 12 unique

images would be fed into the network as training data. Random crop resampling was devised

as a way to handle minor discrepancies in image center, scale, and translation all at once.

A slight change in a face’s scale should not cause a vastly di↵erent age prediction. When

random crop resampling is applied, a black border of a width learned using the reasonable

defaults seen in table 7 encompasses the image. Then, the image is cropped with a random

center down to a size that is proportional to, but not necessarily equal to, the input size of
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the network. Finally, the image is resized to fit the network.

Algorithm 2: Random Crop Resampling
Result: A randomly cropped image.
def randomly crop(img, border width):

img.add border(border width, color=black)
/* randomly choose a top-left corner for the crop that will cause it to

be larger than or equal to the target size */

x min = randint(0, border width * 2)
y min = randint(0, border width * 2)
/* ratios to iw and ih of potential crop size from the top-left corner */

remaining w ratio = wr = (iw+border width⇤2)�x min

iw

remaining h ratio = hr = (ih+border width⇤2)�y min

ih

width is min = wr ¡ hr ? true : false
if width is min then

crop w = iw + randint(0, iw + border width * 2 - x min)
crop h = crop w * ih

iw

else
crop h = ih + randint(0, ih + border width * 2 - y min)
crop w = crop h * iw

ih

end
x max = crop w + x min; y max = crop h + y min
img.crop(x min, y min, x max, y max)
img.resize(iw, ih)
return img

Random Gaussian Tinting

Figure 10: Random Gaussian Tinting with a = 30 and b = 5.

In addition to random crop resampling, random Gaussian tinting is introduced as a

method of increasing model robustness. A small amount of noise on an image should not

greatly e↵ect the output of a network; nor should a slight variation in the tint of the image.

Random Gaussian tinting works by choosing a subset of the R, G, and B channels, and

adding or subtracting a layer of Gaussian noise from those channels. The mean of the
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Gaussian distribution from which noise is drawn may be shifted by its learned a value, and

the sampled noise will have a standard deviation of b (see table 7). For example, if a = 50

and b = 5, then the average color channel shift for the selected channel will be ±50px and

the noise standard deviation will be 5px. In this way, if the blue and green channels are

selected to be modified, and the sampled noise is added to both layers, then the resultant

image will have a teal tint to it and will appear to be of slightly lower quality due to the

noise.

Figure 11: This figure represents a data augmentation policy proposed by this work. The top
policy learned during evolution is depicted here.

The Challenge Set

The results of the baseline tests are used to partition a challenge set that contains sub-

groups that are high in error. As noted earlier, there is a clear gender bias in the baseline

models. Children and the elderly tend to be particularly di�cult to identify in terms of age

and gender, and darker faces also pose a challenge. As such, the challenge set is comprised

of validation set images that fit these di�cult categories. Only images from Sva are used.

During the evolutionary process, the challenge set is used as validation data to evaluate the
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Table 7: Data Augmentation Techniques

Technique Reasonable Defaults Description

Color a 2 {.3, .5, .7, .9, 1.1, 1.3,
1.5, 1.7}, b 2 {.3, .5, .7,
.9, 1.1, 1.3, 1.5, 1.7}

Adjust the color balance of
the image by a randomly
chosen amount between a
and b.

Contrast a 2 {.3, .5, .7, .9, 1.1, 1.3,
1.5, 1.7}, b 2 {.3, .5, .7,
.9, 1.1, 1.3, 1.5, 1.7}

Adjust the contrast of the
image by a randomly chosen
amount between a and b.

Equalization - Equalize the histogram of
the image.

Posterization a 2 {4, 5, 6, 7} Reduce each pixel value to
a bits.

Random Cropping a 2 {5, 10, 15, 20, 30, 40,
50}

See paragraph .

Random Gaussian
Tinting

a 2 {10, 20, 30, 40, 50,
60, 70}, b 2 {2, 5, 10, 15,
20, 25}

See paragraph .

Random Rotation a 2 {5, 10, 15, 20, 25, 30,
35}

Rotate the image by a num-
ber of degrees between a
and �a.

Sharpening/Blurring a 2 {.3, .5, .7, .9, 1.1, 1.3,
1.5, 1.7}, b 2 {.3, .5, .7,
.9, 1.1, 1.3, 1.5, 1.7}

Sharpen or blur the im-
age by an randomly chosen
amount between a and b.
Image is sharpened if the
value is greater than 1 or
blurred if the value is less
than 1.

Solarization a 2 {192, 208, 224, 240} Invert the pixel values that
are higher than a plus a ran-
dom integer between 15 and
-15.

Cutout p 2 {0, .1, .2, .3, .4, .5,
.6, .7, .8, .9, 1}, a 2 {.1,
.2, .3}, b 2 {.3, .4, .5}

Draw a gray rectangle on
the image whose area cov-
ers a percentage of the im-
age between a and b.

DLDAE p 2 {1}, a 2 {2, 2.5, 3,
3.5, 4, 4.5}, b 2 {5, 5.5,
6, 6.5, 7, 7.5}

Encode age labels with ↵
values between a and b. See
[48].

Horizontal Flipping p 2 {0, .1, .2, .3, .4, .5} Flip the image about the y
axis.

Mixup p 2 {0, .1, .2, .3, .4, .5,
.6, .7, .8, .9, 1}, a 2 {.1,
.15, .2, .25, .3, .35, .4}

Combine two images and
their labels. See [56].
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fitness of the model that’s currently being trained. This forces the algorithm to learn poli-

cies that most e↵ectively reduce error specifically for the groups that make up the challenge

set. These groups can be seen in table 8. The challenge set contains a total of 5,323 images.

79.8% of the selected images are female. Although the error for males aged 60-79 is relatively

high, only 1
3 of these images are included in the challenge set and they are randomly drawn

for each DAP permutation that is tested to help prevent overfitting.

Table 8: The Challenge Set

Subgroup Count

Gm \Gf \D0 114
Gf \ (D1 [D5) 2345
Gf \ (D6 [D7) 625

1
3 Gm \ (D6 [D7) 769

(Gm \Gf) \ (D8 [D9) 329
(Gf \Rb)� (Gf [D0 [D1 [D5 [D6 [D7 [D8 [D9) 1141

Total 5323

Evolving DAPs

The first phase of the evolutionary process involves generating and evaluating a starting

population of randomly initialized data augmentation policies. For these policies, between

one and three image manipulation techniques are chosen for each subpolicy, and every tech-

nique is initialized with settings that are randomly chosen from its reasonable defaults (table

7). Inception-ResNet-v2 is trained for age estimation for 80 epochs on 11,000 images that are

randomly chosen from Str. The reduced training set size allows models to be trained at a rate

of roughly 25 per day using four Tesla V100 video cards. Only age estimation is targeted for

bias reduction because it has a larger output vector and is a more challenging problem than

gender recognition. The policies learned for gender recognition would probably not transfer

well to age estimation because they would allow for stronger data augmentation policies that

would make it di�cult to recognize age. Each epoch, images are loaded and one subpolicy

is applied to each image along with the top-level policies. The challenge set is used as vali-
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dation data in order to record the lowest loss achieved during training. The validation loss

is the fitness score that is used by the evolutionary algorithm to determine which candidate

should be mutated. Aging evolution is used as described in [1] which involves recording a

population and history of DAPs and their fitness scores. The population has a fixed size of

50. During the evolutionary process, 1
3 of the population is drawn, and the most fit candidate

is chosen to be mutated and evaluated. Three di↵erent mutation types are used. The first

is a setting mutation where one of the settings for one technique is randomly redrawn from

its reasonable defaults. The second is a technique mutation where one technique is chosen

to be replaced by a new randomly initialized technique. The third is a size mutation where

the number of techniques per subpolicy is increased or decreased. If the subpolicy size is

decreased, one of its techniques are simply deleted. If the subpolicy size is increased, a new

technique is randomly initialized and appended to the subpolicy. The top-level policies are

included only in the settings mutation. The average, minimum, and maximum validation

losses of the starting population are 0.0141, 0.0122, and 0.0146 respectively. These numbers

for the final population are 0.0092, 0.0086, and 0.0103 which shows a marked decrease in

error through evolution. The best discovered policy is illustrated in figure 11. The most

commonly chosen data augmentation techniques were random rotation and random Gauss.

Random rotation even monopolized an entire subpolicy so, in retrospect, it should probably

become a top-level policy. Every data augmentation technique is used at least once which

indicates that a wider breadth of techniques is optimal for generalizing models. The bounds

on the technique settings are relatively similar for techniques that are chosen more than once.

The settings tend to apply mild image manipulations indicating that stronger manipulations

make the data unusable. Most subpolicies grew larger in size which rapidly increases the

number of potential images that could be generated by a policy.
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Figure 12: A random sample of training images with the top 5 data augmentation policies applied.

Results

Final models were trained for age and gender using the top five learned augmentation

policies. For the final models, while images are being loaded, one of the top five DAPs is

chosen for each image. As shown in [54], using more than five DAPs has little further e↵ect

on the performance of the model. Figure 12 provides some examples of what training images

look like before they are standardized and then fed into the network. The results in tables 9,

10, and 11 show that age error is reduced in every single subgroup except for D3 males and

females, and females in the wiki dataset. Age estimation error decreased more for Rw than

it did for Rb suggesting that it is more challenging to recognize the age of black people. This

correlates with the face brightness results which indicate that darker faces are much more

challenging to recognize even though there is more data available for them than for the light

faces. In fact, although B1 is by far the most populous face brightness subgroup, results

are best for B2 which is the least populous subgroup. Overall, MAE went from 4.62 to 4.21

with a final MAE of 4.13 for males and 4.90 for females. The overall gender accuracy went

from 98.44% to 98.92%. The gender model was additionally evaluated on the PPB dataset
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which was held-out during the entire experiment and was not used as training or validation

data. Results for PPB are reported in table 13 in the same way that they are reported in

[27]. The bias-mitigating e↵ect can be seen to improve gender recognition accuracy by 4.7%

for females without a decrease in male accuracy. It improved the results for darker-skinned

people much more than it did for lighter-skinned people, and the subgroup that showed

the most improvement was dark females. Despite these good results, D6 and Rb females

in our dataset actually showed an increase in error even though they were included in the

challenge set. This indicates that a data augmentation policy may be e↵ectively transferred

from age to gender to improve accuracy and mitigate bias, however, to achieve the strongest

mitigating e↵ects, the evolutionary algorithm would have to be run again to discover policies

that work best for gender.

The final MORPH-II MAE was 2.835 and the gender recognition accuracy was 99.60%.

These are the best known results for generalized age and gender estimation models that have

not been fine-tuned to overfit the dataset [9] [57].

Table 9: Final Results by Decade

Ste \Gm Ste \Gf Ste \Gm Ste \Gf

Male Female Male Female

Age MAE — � Age MAE — � GR Error GR Error

D0 7.33 — 9.69 8.42 — 10.01 17.02% 5.80%
D1 2.82 — 4.79 5.18 — 7.04 2.71% 2.38%
D2 3.27 — 4.80 3.77 — 5.23 0.60% 1.37%
D3 3.79 — 5.10 4.17 — 5.47 0.78% 1.19%
D4 3.86 — 5.40 5.18 — 6.95 0.51% 1.93%
D5 5.05 — 6.67 7.18 — 9.51 0.40% 2.86%
D6 5.75 — 7.84 7.85 — 10.89 0.30% 4.76%
D7 7.29 — 9.54 9.25 — 11.85 0.00% 5.32%
D8 11.16 — 13.18 12.03 — 15.46 0.00% 8.70%
D9 15.66 — 17.01 17.43 — 19.20 3.70% 28.57%
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Table 10: Final Results by Race and Illumination

Ste \Gm Ste \Gf Ste \Gm Ste \Gf

Male Female Male Female

Age MAE — � Age MAE — � GR Error GR Error

Rb 2.43 — 3.25 3.35 — 4.42 0.31% 1.36%
Rw 2.31 — 3.07 2.82 — 3.78 0.00% 0.91%
Ro 2.43 — 3.26 2.85 — 3.63 0.00% 0.00%
B0 5.13 — 7.03 5.75 — 7.76 1.36% 3.66%
B1 3.48 — 5.44 4.57 — 6.33 0.91% 1.52%
B2 2.94 — 4.30 3.67 — 5.17 0.00% 1.69%

Table 11: Final Results by Dataset

Ste \Gm Ste \Gf Ste \Gm Ste \Gf

Male Female Male Female

Age MAE — � Age MAE — � GR Error GR Error

M 2.40 — 3.22 3.18 — 4.22 0.27% 1.10%
I 4.62 — 6.38 4.75 — 6.58 1.03% 1.31%
W 4.92 — 6.74 5.50 — 7.46 0.80% 5.25%

Table 12: Final Gender Scores
Ste \Gm Ste \Gf

Male Female

Precision 99.26% 98.25%
Recall 99.12% 98.52%
F1 99.19% 98.38%
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Table 13: PPB Gender Accuracy

All F M Darker Lighter DF DM LF LM

Baseline 95.8% 90.8% 99.8% 93.9% 97.1% 87.3% 99.6% 93.3% 100%
Final 97.9% 95.5% 99.8% 96.4% 98.9% 92.6% 99.6% 97.5% 100%

Conclusions

The results of this work show that bias in an AI model can be reduced without sacrificing

model performance as a whole. In fact, performance increased for almost every single sub-

group. State-of-the-art results are obtained for age and gender on the MORPH-II dataset,

and results for the IMDB and Wiki datasets are reported for the first time in order to pro-

vide an idea of general performance. Running the evolutionary algorithm and evaluating

hundreds of models is a computationally expensive process, but further tuning of the DAPs

suggested in this paper could result in even better bias-mitigating results. This work shows

that DAPs can be transferred from one task to another on the same dataset to reduce bias

with some success, however, a deeper exploration into this e↵ect is warranted to understand

the dynamics at play. Algorithmic bias should be a standard metric for evaluating data-

driven models. It is not enough to report overall performance measures because, as has been

proven in the popular press, these metrics do not identify algorithmic bias.

54



EVOLUTIONARY OVERSAMPLING

This experiment involves the use of dataset oversampling to mitigate bias in a Body mass

index (BMI) estimator. BMI is a metric that has been commonly used to identify health

risks and to determine a target amount of weight that an individual should lose or gain

to be considered healthy. The WHO (world health organization) reports that 2.8 million

people die each year because of an overweight or obese BMI. An estimated 35.8 million

DALYs (disability-adjusted life years) are lost each year due to overweight [58]. Overweight

and obesity have been associated with ailments such as coronary artery disease, diabetes,

gallbladder disease, hypertension, sleep apnea, and many types of cancer [59]. In addition to

overweight, underweight also possesses associated risks. Underweight individuals may su↵er

acute energy deprivation or bone density loss, as well as requiring more hours of nighttime

sleep [60]. Physical attractiveness has been linked to BMI with the healthiest people being

the most generally attractive [61]. Kocabey et. all examine BMI’s correlation to social

media popularity and find that underweight and obese men have the fewest followers, while

underweight women have the most followers [62]. Some countries have legislation which

mandates that fashion models be at least above a certain BMI to prevent the spread of

eating disorders. BMI is a function of height and weight and can be calculated using the

formula:

BMI =
w

h2
⇥ 703 (11)

where w is weight in pounds, and h is height in inches. The coe�cient 703 converts BMI from

an imperial measurement to metric, thus BMI has the unit su�x of kg
m2 . There have been

some criticisms of using BMI as a metric because it is less accurate as a health indicator

on very short or very tall people and individuals with a very low or very high body fat

percentage. For example, a tall person might have a higher BMI due to weight but might

actually be at a lower health risk than a short person with the same BMI. Because of this,
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alternative variations of BMI have been proposed [63]. Classification of BMI varies between

organizations, mostly dependent upon the demographics of the population they represent or

the treatment objectives of the organization; however, the most commonly recognized BMI

ranges are as seen in table 14.

Table 14: BMI Categories
Category Range

Underweight BMI < 18.5
Normal 18.5  BMI < 25

Overweight 25  BMI < 30
Obese 30  BMI

It has been widely accepted that BMI can be inferred from visual facial cues [64] [65].

Recently, there has been a growing need to estimate BMI from just a photograph. A retail

chain might want to gather demographic information on customers including how BMI a↵ects

buying habits. A social media company might want to correlate BMI with interactions

between users. A life insurance company might want to provide a quote for an interested

customer without the lengthy and intrusive process of running blood tests. In addition, using

using AI to diagnose patients and recommend personalized treatments is becoming more

common. All of these situations require accurate visual verification of BMI, particularly when

the estimate needs to be performed remotely without knowledge of the subject’s true weight

and height. Like other machine learning systems, BMI estimators are prone to algorithmic

bias. Female weight tends to vary more than male weight, and male height tends to vary

more than female height, but BMI estimators typically perform far worse on women [34].

They also tend to perform better on white people than black people, and better on people

with normal BMIs than people with underweight or obese BMIs. Such bias could lead to

higher costs for products or services for people of certain subpopulations, or even a larger

number of health misdiagnoses. This study uses the large MORPH-IV dataset to examine

bias in a BMI estimator. Dataset stats can be seen in figure 13 and tables 15 and 16 below.

It should be noted that the average BMIs are much lower than the WHO averages reported
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for Americans. We believe this is because of the age demographics of arrestees, and the

fact that they usually fall into a lower income bracket. The size of each subgroup can be

seen in table 15. This is important because these are the same categories for which weights

will determine how often to sample a member of one of these subgroups. We propose an

evolutionary strategy for oversampling certain groups from the dataset as a solution for

mitigating bias.

Figure 13: The race and BMI distributions of MORPH-IV. The green sliver in the race chart
represents all other races including Asian, Indian, Unknown, and Other.

Table 15: Subgroup Sizes

Underweight Normal Overweight Obese

Black
Female 1340 10495 6072 5320
Male 1769 74221 47325 22224

White
Female 9715 64022 21654 13094
Male 1565 55764 30282 8851

Hispanic
Female 72 1020 453 335
Male 113 4131 3357 1265

Other
Female 52 447 137 51
Male 55 908 506 178

Baseline Results

Baseline models for BMI estimation were trained using the NASNet-A (6 @ 4032) ar-

chitecture. NASNet was one of the earliest and most successful attempts at evolving a
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Table 16: Average Weights and Heights (Lbs. and In.)

Weight Height BMI
Female Male Female Male Female Male

Black 156.51 178.21 64.82 69.80 26.19 25.71
White 142.74 171.27 64.74 69.83 23.94 24.69

Hispanic 145.00 165.70 63.28 67.09 25.46 25.89
Other 132.48 158.97 63.04 67.2 23.44 24.75

network architecture that had transferable state-of-the-art performance on CIFAR-10, Ima-

geNet 2012, and COCO [66]. The authors use a recurrent neural network (RNN) to sample

architectures from the NASNet search space, which are then trained to a specified accuracy

and the RNN is updated accordingly. NASNet blocks are layered and scaled up to a size

indicated by the trailing notation. For example, NASNet-A (6 @ 4032) has 4032 leading 3x3

2-stride convolutional filters followed by 6 reduction and normal cells (three each). The first

reduction block is doubled presumably so that the tensors don’t grow too large when using

large batch sizes. We replace the top layers with a global average pooling layer followed by

a single ReLU regression node to yield BMI predictions. The dataset is divided into three

parts: 80% for the training set, 10% for the validation set, and 10% as a held-out test set.

There is no overlap between subjects in the dataset splits. The adadelta optimizer is used

alongside mean squared error (MSE) loss. MSE loss was chosen in order to incur a higher

penalty for the most erroneous predictions. In addition to just feeding in raw images, the

data augmentation policies (DAPs) from [10] are applied. Tables 17 - 19 show the baseline

results both with and without data augmentation. Bias is examined by gender, race, and

weight class, but not age, because age did not appear to have an impact on BMI bias even in

sorely underrepresented subgroups. As can be seen, baseline predictions are generally better

for men than women, and the best predictions are made for white men while the worst are

made for black women. Additionally, model performance on obese people is far worse than

the others because of the extensive range that obesity covers and the di�culty in detecting

very high BMIs. Image count is clearly not the only factor in model bias. Predictions are
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better for Hispanic and other females than for black females even though there are nearly

10⇥ as many black females in the dataset as Hispanic and other females combined. Some of

the bias is thought to arise from the self-reported stats. Most people do not keep track of

their weight on a daily basis so it could have changed dramatically from the last time they

were weighed. In addition, men are likely to overreport their weight and height to seem more

formidable to the police, while women might underreport weight out of shame. To determine

how biased a model is, a � score is calculated by simply taking the standard deviation of

the MAEs for each race/gender category along with the weight class categories. A model

with the same overall accuracy but higher bias will have a higher � score. The DAP shows a

slight improvement in overall accuracy, but a great improvement in bias, mostly due to the

drop in obese error.

Table 17: Baseline MAE by Gender

Female Male Overall �

Baseline 2.82 2.39 2.54 0.93
w/ DAP 2.72 2.29 2.45 0.77

Table 18: Baseline MAE by Race

Baseline w/ DAP
Female Male Female Male

Black 3.44 2.43 3.19 2.36
White 2.67 2.33 2.62 2.18

Hispanic 3.10 2.37 2.97 2.43
Other 2.74 2.59 2.64 2.43

Table 19: Baseline MAE by BMI Class

Underweight Normal Overweight Obese

Baseline 3.68 1.87 2.32 5.38
w/ DAP 3.76 1.90 2.21 4.64
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Evolutionary Oversampling

As previously stated, several attempts have been made to combat dataset bias by over-

sampling certain parts of the dataset. Many binary classification datasets contain an under-

represented group, and data scientists found that sampling and/or augmenting those groups

with a higher frequency led to better results. Systems like SMOTE and ADASYN took an

evolutionary approach to learning which individual examples should be sampled the most

often. This work proposes a novel approach to learned dataset sampling with the intent of

reducing model bias. Given the baseline results, there seems to be a strong correlation be-

tween error and BMI standard deviation. White Male BMI standard deviation is the lowest

at 4.06, and black female BMI standard deviation is the highest at 6.44. As such, rather

than naively sampling dataset subgroups at an even rate, we propose optimizing a dataset

sampling weighting scheme against the challenge set described in the next paragraph.

The Challenge Set

A set of particularly challenging images was assembled from the validation set by iden-

tifying all images for which baseline BMI estimation error was greater than 4. There are

7,119 images in the challenge set, and it is more evenly balanced than MORPH-IV. The

female population rises from 33.97% to 43.78% indicating that there are a high number of

largely inaccurate estimations for female BMI. The normal and overweight classes shrink in

size while the obese and underweight classes become more prominent. Additionally, there

are more black people and fewer white people in the challenge set.

Optimizing Weights

The purpose of this work was to reduce bias by gender, race, and weight class, so a

weighting scheme was designed to give a sampling rate to each subpopulation of these cat-

egories. There are two genders, four races, and four weight classes yielding a total of 32

subgroups such as “overweight black male” or “underweight hispanic female”. The dataset
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Figure 14: The race and BMI distributions the challenge set. The challenge set is composed of
validation set images with the highest error.

is oversampled according to the weights. Every time an image is drawn from the training

set, three random values are generated for gender, race, and weight class, and the draw

decision is made by the weights. If a specific category is exhausted from the training set,

for example, no more “obese other females” are left, every example from that category is

added back to the training set and the training set is shu✏ed. There are 10 weights in every

oversampling policy (OSP) – two for gender, and four for both race and weight class. We

chose not to give each individual subgroup a weight to minimize the search space. The aging

evolution algorithm from [1] is used to optimize weights for sampling the dataset. A starting

population of oversampling policies is generated by randomly choosing integers between zero

and twenty. If the weight for male is 8, and the weight for female is 12, then there would

be a 60% chance that a female will be drawn from the dataset. During evolution, 100,000

images are drawn from the dataset, and only those images are used to train a sample model

and evaluate the oversampling policy. Models are trained for 35 epochs, and the best MSE

obtained during training is recorded as the fitness of the policy. During evolution, data aug-

mentation is not applied to the images. Due to the greater variation caused in the training

set by data augmentation, overfitting is delayed for longer which means that models would

have to be trained for many more epochs and the weights would not have as much time to

evolve. Additionally, we wanted to see if the learned weights could mitigate bias without

the use of data augmentation. This also implies that the data augmentation policies are not
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evolved to fit BMI estimation. The evolutionary process consists of keeping track of a pop-

ulation which consists of the most recent 50 evaluated policies and their fitness score which

is simply the MSE of the model on the challenge set. From the population of 50 policies, a

subset of 16 policies are drawn, and the fittest candidate is mutated by adding 1 to a weight

and training a model using the mutated candidate on the dataset subset. Over time, adding

1 to a weight has less of an impact on the sampling rates because the weights grow higher

and higher. This process is evolutionary by nature, but should not be considered a genetic

algorithm since it does not include candidate crossover. A total of 617 oversampling policies

were evaluated during the random sampling and evolutionary process. The fittest candidate

can be seen in figure 15.

Figure 15: The fittest policy discovered during evolution. In this example, obese black females
have the highest chance of being drawn at 12.04%. Interestingly, the female oversampling rate is
close to double that of males, and there are also nearly double the number of males in the dataset.
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Final Policies

Final models were trained using the same NASNet configuration as the baseline with

the top OSP applied. A di↵erent model is trained using the top OSP with the addition of

the same DAP used earlier. During training, 60,000 images are drawn at a time using the

sampling rates determined by the OSP weights. For the DAP model, data augmentation is

applied to all the images. The top OSP has a male:female ratio of 11:20, so roughly 65% of

the images drawn will be female. With the high “other” sampling rate, some individuals will

appear several times in the same training epoch but the images might vary slightly due to

the application of the DAP. Final models are trained until training loss grows very close to

zero and validation error ceases to improve. The top 5 models by validation loss are saved

during training. These models are evaluated on the test set and their � value is recorded.

Model bias tends to shift around during training, so even though the overall results for each

of the top 5 models only di↵ers by an MAE of 0.05, � can change dramatically. For the

top 5 models yielded by training with the OSP but not the DAP, � ranged from 0.96 to

1.02. Training with just the OSP caused overall accuracy to drop slightly, from 2.54 to

2.73, while � went from 0.92 to 0.96 indicating that the model became more biased overall.

Interestingly, however, training with the OSP yielded the best challenge set MAE as seen in

table 23. This e↵ect likely means that the OSP model was strongly overfit to the challenge

set. The baseline model without data augmentation performed the worst on the challenge

set with an MAE of 6.43 while the top unbiased model yielded by training with the top OSP

plus data augmentation had a challenge set score of 4.83. Accuracy for women improved

more than it did for men. Male accuracy improved by 5.4% while female accuracy improved

by 6.0%. The race and gender categories that showed the most improvement were black

women and other men which had error decreases of 7.1% and 10.4% respectively. Hispanic

females also rose by 6.2% but Hispanic male accuracy dropped by 1.9% and was the only

category that did not show improvement. The normal BMI category showed no improvement,

the overweight category showed only slight improvement, but the obese category showed
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dramatic improvement. Notably, the overall performance of the model only drops by an

average error of 0.14 from 2.54 to 2.40, but the final model with data augmentation can be

seen to be much less biased.

Figure 16: Example training images with the top OSP and DAP applied.

Table 20: Final MAE by Gender

Female Male Overall �

Top OSP 3.04 2.60 2.76 0.96
w/ DAP 2.65 2.26 2.40 0.72

Table 21: Final MAE by Race

Top OSP w/ DAP
Female Male Female Male

Black 3.55 2.68 3.20 2.34
White 2.94 2.49 2.54 2.13

Hispanic 3.21 2.37 2.91 2.42
Other 2.52 2.59 2.65 2.32

Reflection

Earlier in this study, we trained a midpoint model on the top discovered policy at the

time and found that it actually caused an increase in accuracy while reducing bias as seen

in figure 17. Needless to say, the authors of this paper were chagrined to find that further
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Table 22: Final MAE by BMI Class

Underweight Normal Overweight Obese

Top OSP 3.91 2.06 2.52 5.65
w/ DAP 3.63 1.87 2.22 4.44

Table 23: Challenge Set Error

Baseline Top OSP Top OSP + DAP

6.43 4.00 4.83

evolution of the oversampling policies caused an overall performance hit. We think it would

be remiss to not explain this e↵ect. The authors chose a large sample size to be drawn during

the evolutionary process so that even the smallest categories, such as underweight “others”,

which only have a total of 107 examples, would contain at least a few dozen examples. This

slowed down the evolutionary process so we chose a low number of epochs (35) for which to

train the sample policies. Because of the high image count and low epoch count, models were

not being exhaustively trained, so the evolutionary algorithm was actually learning which

policies reduced bias the fastest rather than reducing bias the most overall. Also, as seen in

the previous section, it seems that the evolutionary process learned to overfit the challenge

set strongly by drawing the same individuals over and over again. If this experiment were to

be repeated or applied to a di↵erent task, a smaller image count such as 40,000 images would

be used for sample models along with doubling the epoch training time. Additionally, the

low number of mutated policies meant that the evolutionary algorithm did not have very long

to work out a near-optimal policy. Intuitively, the low sampling rates for underweight and

Hispanic people would increase over time, while drawing from the “other” category should

decrease since it contains so few examples and the “normal” category weight should also

decrease since it is the easiest to predict. Further time to run the evolutionary algorithm

should result in much better OSPs. These few tweaks to the experiment should allow OSPs

to increase overall accuracy without the use of DAPs while also having a bias-mitigating

e↵ect.
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Figure 17: Midpoint results.

NASNet BMI Features

In an e↵ort to demystify the black box, we analyze features extracted by NASNet. For

figure 18, we extract features from two sources. The first is the top of reduction block 1. It

produces a 60x50x42 tensor which has undergone the first 3x3 2-stride convolutions followed

by the reduction block, bringing the feature dimensions down to 50x60. The features are

mapped to a monochrome image by subtracting the minimum feature value and multiplying

by a scalar equal to 256
max�min where min and max are the minimum and maximum feature

values. The bottom images are the final 4032 7x8 features that occur at the top of NASNet

before global average pooling is applied. As can be seen, there is slightly more white in the

overweight black male features leading to a higher BMI prediction. The yielded predictions

of 18.37 for the white woman and 27.49 for the black man. We also apply occlusion to test set

images to determine the facial regions that have the most impact on BMI predictions. First,

we look for gender di↵erences. While all regions of the image contribute to the final outcome,

the central region of the face from eyes to chin a↵ects predictions the most. Figures 19 and
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20 show the percentages of errors caused by occluding di↵erent face regions with respect

to the min and max errors. For women, the CNN focuses much more on the nose and lip

regions than for men. Heatmaps are also generated for white and black test images along

with each BMI category. For underweight and normal BMIs, NASNet uses very similar

regions to estimate BMI. The overweight and obese categories also share many overlapping

regions. Interestingly, the lower BMI classes use opposing regions of the face from the higher

BMI classes. Most of the face is used for white females while most of the face is ignored for

black females. This is perhaps why the performance is worst for black women. Black and

white males share overlap in the most prominent regions but for white males, the lower-right

jawbone is given heavier consideration.

Figure 18: Top: The features yielded by reduction block 1 for a normal white female and an
overweight black male. Bottom: The final features yielded at the top of the network for the same
subjects.
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Figure 19: These heatmaps overlaid on male and female mean face images show which regions of
the face are the most important in making BMI estimations.

Conclusions

Visual BMI estimation is an increasing important study that has applications in auto-

mated demographic analyses. In this study, we trained baseline models for BMI estimation

using the MORPH-IV dataset and analyzed the model for bias. We developed a strategy

for mitigating bias and reanalyzed the model bias. While some things didn’t work out quite

the way we wanted them to, we provided a reflection that could aid in designing future ex-

periments. Our final results demonstrate that bias can be reduced by oversampling certain

subgroups from the dataset while also reducing overall error. Our top models have the best

published accuracy reported for estimating BMI from face images.
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Figure 20: Top-left to bottom-right: Black female, black male, white female, white male, under-
weight, normal, overweight, and obese heatmaps.
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SYNTHETIC DATA

This third and final experiment involves the use of a GAN to generate more data for

a dataset to even out the dataset demographics. Specifically, the MORPH-II, IMDB, and

Wiki datasets are augmented using the HRFAE GAN and then gender models are trained on

the combination of real and generated data. In this experiment, two approaches are taken

to balance the dataset: balanced age and balanced gender. Out of the box, HRFAE GAN

supports age editing for 1024x1024 images (hence “high resolution”) and can edit the age of

an individual to appear to be any age between 20 and 70. Because they incorporated Dex

into the loss function of the GAN, it probably does not work that well on ages under 20

or over 70 because of the limited child and elderly data that was used to train Dex. First,

all of the dataset images are cropped down to 200x200 while keeping the face centered in

the image. Then, they are resized to 256x256 using bicubic interpolation. The dataset is

randomly shu✏ed and 5% of it is used as validation while 10% is used as a held-out test set.

The number of validation images is kept small to speed up the training process and 5% is

still enough to get results that are very statistically significant. For the balanced age training

set, images are selected from the more populous age groups and then their ages are edited to

fit into the less populous age groups. Any age group between 20 and 70 with less than 2,800

people will be filled out to 2,800 by selecting random examples from groups with more than

2,800 people. The resulting training set has a size of 221,824 images. The original dataset

has roughly a 2:1 male:female ratio, so to balance gender, every female example between the

ages of 20 and 70 has her age randomly edited and is added to the dataset resulting in a

balanced gender dataset of 245,364 images. Now, not only are their more training images,

but the training set has been balanced for age and gender. Balanced age and balanced gender

models are trained on their distinct training sets while saving the top 5 models. NASNet-A

is used again with the same training parameters as in section except that instead of one

regression node at the top of the network, there are two softmax nodes – one male and one
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female. Data augmentation is also applied using the learned policies in [10]. The biggest

di↵erence between the balanced age and balanced gender models is in D0 females where the

balanced age model had a 4.55% error rate and balanced gender had no error. There is also

a big shift in D6 where male error increases slightly but female error halves. The balanced

gender model had the best performance with an overall accuracy of 99.82%. Looking back

in section , it can be seen that the baseline results on the same dataset were 98.44%, which

is a good starting point, but with the application of data augmentation and synthetic data,

accuracy is raised by 1.38%. Finally, the MORPH-II test set accuracy hit 100% making

these synthetic models the new state-of-the-art.

Table 24: Test Set Gender Error
Balanced Age Balanced Gender
Male Female Male Female

D0 0.00% 4.55% 0.00% 0.00%
D1 0.49% 0.95% 0.49% 0.57%
D2 0.12% 0.28% 0.26% 0.08%
D3 0.15% 0.37% 0.17% 0.12%
D4 0.00% 0.17% 0.12% 0.09%
D5 0.00% 0.80% 0.00% 0.80%
D6 0.00% 1.01% 0.28% 0.50%
D7 0.00% 0.00% 0.00% 0.00%
D8 0.00% 0.00% 0.00% 0.00%
D9 0.00% 0.00% 0.00% 0.00%

Rb 0.00% 0.00% 0.00% 0.00%
Rw 0.00% 0.00% 0.00% 0.00%
Ro 0.00% 0.00% 0.00% 0.00%
B0 0.30% 0.88% 0.47% 0.35%
B1 0.11% 0.35% 0.15% 0.16%
B2 0.06% 0.00% 0.00% 0.00%

M 0.00% 0.00% 0.00% 0.00%
I 0.25% 0.36% 0.31% 0.14%
W 0.08% 1.11% 0.15% 0.62%

Precision 99.86% 99.60% 99.82% 99.82%
Recall 99.80% 99.72% 99.92% 99.63%
F1 99.83% 99.66% 99.86% 99.73%
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CONCLUSION

Bias in production AIs has recently become highly relevant to a number of industries.

While it has been limitedly examined in the past, it has not yet gotten the attention it

deserves. As a people, we cannot allow systemic bias such as racism and sexism to continue

to be propagated by the computer systems we rely on, and the machine learning models

that automate so much of our work. This thesis presented background knowledge related

to bias and AI. It proposed that bias can be mitigated even while using biased datasets

to learn. It examined evolutionary algorithms to pick an e↵ective strategy for evolving

very time-consuming mitigation solutions. Convolutional neural networks were discussed in

order to shine light on their inner workings. The datasets used for the experiments in this

thesis were fully disclosed, and three experiments were performed which proved to e↵ectively

reduce bias without sacrificing quality. In fact, an age MAE of 2.82 is reported for MORPH-

II, along with a gender recognition accuracy of 99.82%, both of which are state-of-the-art.

Additionally, a BMI MAE of 2.40 is reported, which is also state-of-the-art, however, few

visual BMI studies have been performed prior to this one, and they also used far fewer

images. While these results could be deemed impressive, AI bias is not a solved problem.

The topic demands much more extensive work with larger datasets, a wider variety of tasks,

and long-term deployed systems. If we take these steps, we can help ensure fair systems for

future generations.
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Figure 21: Real-world demonstration of an age, gender, and BMI estimator running on a live
webcam feed.
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