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Abstract

The recent developments in computer vision and deep learning have opened a range of
different application domains, such as object detection, facial recognition, medical imaging,
and smart cities. The focus of this thesis is on object detection. Specifically, we investigate
apparent age estimation and gender classification with apparel detection and classification.

The existing literature does not address the concurrent estimation of apparent age, gender
classification, and attire detection in the wild. To address this limitation, we create a novel
dataset comprising age, gender, and attire labels. After labelling the dataset, we apply face
alignment and image enhancement techniques to improve the existing age estimation and
gender classification algorithms’ efficacy. Our experimental results show that RetinaNet
has the highest precision (1.0) and recall (0.97) among the analysed algorithms for face
detection on our test set. Furthermore, we observe that varying the area around the face
during the training phase impacts the efficacy of the analysed algorithms. We illustrate
that incorporating ~ 40% of the area around the face coupled with image enhancement via
GFP-GAN maximises the efficacy of the analysed algorithms for apparent age estimation and
gender classification. We show that FRCNN is the best performing algorithm for estimating
ages (mean absolute error of 6.85) on our test set, whereas, DETR-Deform is the best
performing algorithm for gender classification (average precision of 0.89 for female and 0.91
for male) and attire detection (mean average precision of 0.83). The experimental results

demonstrate the practicality of our approach in real-world settings.
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CHAPTER 1

Introduction

In the domain of computer vision, a deep understanding of face detection, age estimation,
gender classification, and attire detection is very important to realise real-world applications,
such as security systems (Mohammed et al. 2022), personalised advertisements (ELKarazle
et al. 2022; Kuprashevich and Tolstykh 2023), social media applications (Pandey 2023;
Kuprashevich and Tolstykh 2023), and various visual analytics such as generating real-time

data from people in the real world (ELKarazle et al. 2022).

These advanced face detection and age estimation algorithms can improve public safety
measures in public spaces such as airports, train stations and bus stations. They can also
monitor public events such as conferences and concerts. It can also identify missing people
and monitor persons of interest (De Felice et al. 2023). If properly used, these algorithms can
identify people’s attributes such as age and gender, which can be used to tailor advertisements
according to the customers’ preferences, enhancing customer satisfaction and engagement of

customers (Alhalabi et al. 2021).

Integrating attire with age and gender can help identify and provide useful insights into
cultural trends and social behaviours. This can also help sociologists and market researchers
study consumer behaviour and societal norms (Twigg 2007). Incorporating attire detection
has the potential to revolutionise the retail and fashion industry by gathering analytics on
clothing trends. This can help stores organise in a better and more effective way. This can
aid inventory management, marketing and personalised shopping experiences (Abbas et al.
2024). An Al-based system that can detect faces, estimate age and gender, and identify attire
in real-time can enhance surveillance systems, enabling quicker responses to potential threats
and improving overall security infrastructure (Alhalabi et al. 2021; Pramilarani et al. 2024).

1



2 1 INTRODUCTION

The field of computer vision and machine learning is progressing rapidly, and recently, the
performance of deep learning algorithms has dramatically improved computer vision tasks
(Huang et al. 2022). Computer science has transformed from using simple algorithms for
detecting faces to leveraging deep learning algorithms and developing and refining accompa-
nying datasets to improve the accuracy and performance of these machine learning solutions
(Ghani et al. 2022). Previous work has addressed all three tasks, namely (i) age estimation
(ELKarazle et al. 2022), (ii) gender classification (Kuprashevich and Tolstykh 2023), and (iii)
attire detection (Pandey 2023), individually. However, to our knowledge, no dataset or study
was conducted to tackle all three tasks. Furthermore, the related studies are benchmarked

against their datasets produced in controlled environments (Siddiqi et al. 2022).

Age estimation, gender classification and attire detection are very complex problems. The
reason is that their visual representation is very different. For example, for age and gender,
we have to analyse facial features. In contrast, for attire, depending on the attire and setting,
it becomes a very complex problem. Most researchers have worked on creating datasets in
controlled environments or settings, which fail in the real world (Huang et al. 2022). All three
problems are very complex, as the visual representation of all three is very different. Multiple
studies (Geirhos et al. 2020; Bansal et al. 2021) show that the dataset is the most important

piece in a deep learning solution.

This thesis aims to produce a novel approach to addressing all three tasks integrated into one
deep-learning solution that can be deployed and utilised in real-world scenarios. Besides,
the thesis aims to develop a deeper understanding of these technologies and enhance image
analysis to provide significant theoretical insights into these algorithms and a framework for

practically implementing and deploying these solutions in the real world.

1.1 Thesis Objective

Estimating age, gender, and attire simultaneously in the wild is challenging. The real world
is forever changing and dynamic; computers face different scenarios, such as wilderness,

urban streets, cluttered spaces and poorly lit areas. In these situations, it is very hard to
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estimate age and gender, especially in real-time. If one could develop a system that could
detect age, gender, and attire simultaneously in real time, the engineering application could
be far-reaching. Age and gender are instrumental in identifying human beings, and attire
is a cultural marker, reflecting regional norms and social statuses. Brand affiliations within
clothing further delineate societal hierarchies and reflect individual attitudes toward life.
This recognition holds relevance in numerous sectors, including surveillance, fashion, and
retail analytics. While recent advancements in deep learning algorithms offer promise in this
domain, their effectiveness depends on extensive manual labour for image annotation. In this
thesis, the main problem addressed is to take a raw image, identify if humans are in it, and
then estimate the age, gender, and attire of the people in the image. However, raw images
can be of any type, and the people present in the images may have various orientations. The
people present in the images may be one or many. The distance between the people and the

camera may also vary.

The main objective of this thesis is to develop a solution to detect age, gender, and attire
simultaneously. Another objective of this research is to evaluate how these object detection
algorithms work on multitask computer vision problems. We also aim to analyse the effects
of image quality on age and gender estimation in the wild. We also aim to gather insights on
how face detection and age-gender estimation occurs in the wild. We hope this study will lay
the foundations of practical engineering systems in the real world. We also aim to publish our

results and findings to pave the way for further exploration into the domain.
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1.2 Research Questions

This thesis is motivated by the following research questions:

e RQ1 (Multi-class Labelling - Multi-task Learning): Can deep learning algorithms
simultaneously learn Multi-class labels of (1) age, (ii) gender, and (iii) attire and also
differentiate between problem types successfully in a real-world environment?

e RQ2 (Face to Facial-Peripheral Ratio): How does incorporating different percent-
ages of the area around a face impact the outcome of deep learning algorithms in
predicting age and gender in the wild?

¢ RQ3 (image enhancement techniques): How do image enhancement techniques

affect apparent facial age and gender estimation?

1.2.1 RQ1: Multi-class Labelling - Multi-task Learning

One of the challenges we face while training deep learning algorithms is the difference in the
visual construction of different labels and the variety of multiple labels. One of the important
factors in training these algorithms is the quality of data being used. Based on how complex
and comprehensive the dataset is, the performance of these algorithms can vary. Designing
custom datasets, developing customised loss functions, and distinguishing between multiple
labels is also a complex computer vision task. Developing a carefully curated dataset is crucial

in training deep learning algorithms to address real-world problems.

1.2.2 RQ2: Face to Facial-Peripheral Ratio

The second research question was to see whether incorporating different percentages of the
area around faces impacts the outcomes of deep learning algorithms in predicting age and
gender in the wild. While exploring the field, we came across a study (Rothe et al. 2015)
which mentioned the effect of the area around the face in predicting age; however, after our
initial exploration, we felt that at first, there are not many in-the-wild data sets to predict age

and gender. Identifying feature relevance in which areas around the face are more informative
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for future extraction to predict age and gender requires extensive experimentation. Also,
ensuring that models can work with occluded faces and still predict age and gender is an

unexplored research area.

1.2.3 RQ3: Image Enhancement and its Effects on Age and Gender

Prediction

To our knowledge, image enhancement methods and their influence on age estimation in the
wild is an unexplored domain of computer vision. The potential effects of image enhancements
on age and gender estimation have not been adequately investigated. Ensuring image quality
and consistency has consistently yielded improvements in the performance of deep learning
models across various real-time situations; recently, this field has garnered considerable
research attention. However, incorporating image enhancement techniques into deploying
computationally intensive deep learning algorithms presents an additional challenge that

necessitates further research and exploration.

1.3 Contributions

Addressing the three research questions posed in section 1.2, we will briefly discuss our
contributions to the field of computer science. We not only provide a novel dataset to
tackle the problem of simultaneous age, gender, and attire but also provide insights into the

performance of some state-of-the-art object detection algorithms.

1.3.1 RQ1: Multi-class Labelling - Multi-task Learning

To address simultaneous age estimation, gender classification, and attire detection, we con-
struct a comprehensive dataset incorporating various manually annotated attire annotations
and a comprehensive annotation of faces, identifying the age and gender of different personnel
in the real world (RQ1). Specifically, we select 8000 images from a set of 150,000 images and

annotate 60 different attire labels in the images. The images in our dataset contain different
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settings, such as indoors/outdoors, varied body postures, and people of varying ages. All

wearable items present in the images (even finger rings) were appropriately annotated.

We also provide a comprehensive analysis using quantitative research methods and experi-
mental modelling to address the research questions. Furthermore, we provide multiple insights
into various face detection algorithms that have been applied and tested on our dataset to
gauge their efficiency and precision in the wild, as addressed in Section (4.2.3). Another
contribution is the benchmark of benchmark the-art algorithms on our datasets. We also

compare age, gender, and attire on state-of-the-art object detection algorithms that address

(RQ1D).

1.3.2 RQ2: Face to Facial-Peripheral Ratio

To address the second question, we provide a comprehensive analysis by running extensive
experiments on facial features. Specifically, we conduct training of algorithms for various
input data by varying the area around the face. The algorithms estimate the face’s age and we
identify the most suitable face-surround-area to face ratio for the best age and gender results.
We also provide results from our experiments and a comprehensive sub-dataset carefully

curated to address RQ2 (see Section 4.2.6 for details).

1.3.3 RQ3: Image Enhancement and its Effects on Age and Gender

Prediction

To address image enhancements and their effects on age and gender estimation, we used the
existing work of (Lim et al. 2017) as a starting point. However, after the first few experiments,
we observed that GFP-GAN (Wang et al. 2021) worked well and was better suited for our
problem. We provide a comprehensive sub-dataset with image enhancement applied to the
faces in the images, and we also discuss in detail the effects of image enhancements on age

estimation and gender classification
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Our work offers scale-able solutions that can be deployed in various applications, from
security surveillance to social media platforms, enhancing user experience and safety. The
findings provide a foundation for further research into integrating labels in real-world datasets,

such as emotional recognition and pose estimation.

Our research is a significant step in integrating age estimation and gender classification with
attire detection within a single deep-learning Framework. By providing valuable insights
into these deep learning frameworks and addressing theoretical and practical challenges, this
thesis contributes to advancing computer vision technologies by paving the way for further

research into this field.

1.4 Organisation of Thesis

The remained of the thesis is divided as follows. Chapter 2 gives the background information
and provides the literature review. We present the methodology of our approach in Chapter 3.
Chapter 4 illustrates the results of our methodology. Finally, Chapter 5 concludes the thesis

and discusses the future research directions.



CHAPTER 2

Literature review

2.1 Background

The thesis, “From Pavements to Patterns: Unravelling Trends in Age, Gender, and Attire for
Societal Awareness”, explores the domain of computer vision and deep learning. Reflecting
on human vision, we view the whole field in front of us; however, unconsciously, we filter
out all the unnecessary things and only focus on the objects of interest. For example, if you
are working on a computer, you will only be focused on the computer screen. Although our
eyes take in visual data from all angles, our brains consciously filter out any unnecessary
information. When you work on a computer, you tend to ignore the visual information
around your screen. However, your brain automatically distinguishes between important and
unimportant data by filtering out the unneeded information. If something is important in your

peripheral vision, your brain will process it and alert you.

The quest to emulate the human brain’s intricate processing of visual stimuli has become a
focal point for computer vision-based scientific endeavours. One pivotal aim is to replicate
human-like visual processing artificially, aiming towards achieving the sophistication of
our innate cognitive abilities. Specifically delving into age, gender, and attire classification.
These attributes form the cornerstone of human identification when encountering unfamiliar
individuals. However, deciphering these features in real-world settings presents a formidable

challenge.

The initial phase involves identifying these attributes in an image and separating between

important and peripheral elements. Subsequently, this process selectively retains the essential
8
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facets of the image while discarding extraneous visual information. Let us look at the features
related to age, gender, and attire. While the distinctions of age and gender are independent,
attire and the features that help classify attire are highly correlated. Attire, when it is identified,
has a strong correlation with age and gender. For example, if a random picture is identified
as a 50-year-old man with a casual shirt and pants, if he changes his pants to shorts, then
the same algorithm may identify him as a 30-year-old man, as shorts are more commonly
associated with the youth. Similarly, if hair colour is given priority, then grey or whitish hair
would classify the person as elderly as compared to brown or darker hair colours. In the same

way, any facial hair detection may indicate an adult or older male.

This chapter will overview the relevant field and summarise previous research. We will
begin by discussing object detection, face detection and alignment, age estimation and gender
classification. Lastly, we will cover attire detection and provide details on existing datasets

addressing the above-mentioned topics.

To get a firm understanding of this thesis, it is essential to have a basic understanding of what
images are and how computers perceive these images. Images and video frames represent 3D
scenes in the form of 2D projections. When a computer interprets an image, it perceives an
array of pixel values. So, when we say that the image size is 480x360, there are 480 rows of
pixels and 360 columns of pixels in the form of a grid. To better understand this concept, let

us take a random black-and-white image.

The number of distinct levels between full white and full black defines the image’s bit depth.
For example, in an 8-bit image, there are 28 or 256 levels between white and black. Each
numerical value within this array, ranging from 0 to 255, represents the pixel’s intensity at
that specific location. Although these numerical values might lack inherent meaning during

image classification, they constitute the sole input data accessible to the computer.

In modern video standards, the default aspect ratio (the ratio of the image to height) is 16:9,
and simply indicating the height of the video frame communicates complete information
about the frame unless the aspect ratio is given otherwise. For a colour image, the single

image consists of three separate frames, depending on the model used. So, a 480p image
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What We SEE What Computers SEE

FIGURE 2.1: Images as seen by the computer. Numbers represent pixel values
in images (Deshpande 2016).

consists of three 848x480 pixel arrays. The most common colour models are the RGB model
and the HSB model. RGB model divides the colour image into shades of Red, Green, and
Blue. These three images are stacked to make a colour image, as the combination of red,
green, and blue lights can make any colour. Similarly, the HSB model works where the image
consists of hue, saturation, and brightness arrays. Despite their abstract nature to human
interpretation, these numerical representations ultimately form the foundational input for the

computer’s image understanding and classification processes.

2.2 Object Detection

/ +Keypoint Based Detection / :E End D .

Object Detection Milestones £ Multiresolution Detection ComerNet
/  +Hard-negative Mining (L. Hei et al-18) CenterNet
/ ’ ) SSD (W. Liu Retina-Net = (X. Zhou et al-19)
ppyy | Hheunding BoxRegression etal-16)  (T.Y.Linetal-17)
HOG Det. (P. Felzenszwalb et al-08, 10) YOLO (J. Redmon ﬁwﬁm
(N. Dalal et al-05) et al-16,17) DETR (N. Carion  One-stage
VJ Det. et al-20) detector
i - AlexNet
(P. Viola et al-01) [ xhlexe 2014 2015 2016 2017 2018 2019 2020 2021 2022
4
2001 20042006 2008 2012 \ 2014 2015 2016 2017 2018 2019 2020 2021 2022
Traditional Detection RCNN Two-stage
irshi 3 FPN (T. Y. Lin et al-17) 8
Methods (R. Girshick et al-14) - gpppyey detector
(K. He et al-14) / + Feature Fusion
Deep Learning based Fast RCNN
Detection Methods (R. Girshick-15)  Fester RCNN (. Ren et al-15)

/ = Multi-reference Detection (Anchors Boxes)

FIGURE 2.2: The image shows a rough timeline of the innovation of object
detection algorithms (Zou et al. 2023).

A major research topic in computer vision is focused on detecting objects within images. Most

of the time, computer algorithms are focused on detecting animals, humans, road signs, or
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vehicles. The prime objective of object detection incorporates devising computational models
and methods that address the fundamental question for computer vision applications, such as
identifying objects and their spatial placement in the images. To gauge the effectiveness of
these algorithms, accuracy in classifying different objects and localisation precision alongside

speed stands as the primary yardstick for evaluating object detection methodologies.

Object detection serves as the foundation for numerous other computer vision tasks such as
instance segmentation (He et al. 2017), image captioning (Karpathy and Fei-Fei 2015), and
object tracking (Kang et al. 2017). Deep learning methodologies (LeCun et al. 2015) have
significantly propelled advancements in object detection, breaking barriers and pushing object
detection into a highly sought-after research field and garnering unprecedented attention. One
of the primary reasons is that object detection has a broad engineering application and has
multiple uses in real-world scenarios. Object detection is utilised in autonomous driving,
robot vision, and video surveillance. In the past 25 years, object detection has experienced

exponential growth in publications.

227

256,
CONV Overlapping Overlapping
1x11, Max POOL CONV Max POOL CONV
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FIGURE 2.3: An illustration of the Alex-net deep neural network structure.
Alex-Net comprises 5 convolution layers, 3 max-pooling layers, 2 normalised
layers, 2 fully connected layers, and 1 SoftMax layer. Each convolution layer
involves a convolution filter and the ReLU non-linear activation function.
Max-pooling is applied in the pooling layers, and the input size is maintained
as 224x224x3, though padding results in an effective size of 227x227x3.
With over 60 million parameters, Alex-Net is a substantial neural network
architecture (Al Hassan 2018).
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Gathering background knowledge in the historical development of object detection algorithms
is essential. I have divided the history of object detection research into two parts. I will
briefly discuss both. The first part is the pre Alex-net (Krizhevsky et al. 2012) era. The
second part is the modern object detection algorithm era after Alex-net. In the early 2000s,
the groundbreaking Violet Jones detector significantly improved real-time human face detec-
tion. The detector outpaced other algorithms by tens and even hundreds of times in speed
while maintaining compatible detection accuracy. The detector employs the sliding window
approach by exploring all potential locations and scales within an image to identify human
faces. Although it seemed simple then, the computational demand was challenging to meet
with the available computational resources at that time. The VJ detector improved its speed by
integrating three crucial techniques: integral image, feature selection, and detection cascade

(Viola and Jones 2001).

After Viola Jones in around 2005, N. Dalal and B. Triggs introduced histogram of oriented
gradients (HOGs) feature descriptor (Dalal and Triggs 2005) presented a significant improve-
ment over the scale-invariant feature transform (Lowe 1999), and shape context (Belongie et al.
2002). The HOG algorithm operates on a densely spread grid of cells and applies overlapping
local contrast normalisation on blocks. Pedestrian detection primarily motivated this, and its
flexibility extends to detecting various object classes. This is achieved by rescaling the input
image multiple times while maintaining the size of the detection window. HOG detector was
instrumental in laying the foundations for numerous other detectors (Felzenszwalb et al. 2008;
Malisiewicz et al. 2011) and has found its way into various applications in diverse fields of

computer vision over the years.

Next came the Deformable parts model (DPM) (Felzenszwalb et al. 2008). The DPM won
the Pascal Visual Object Classes competition in 2007, 2008 and 2009 in the object detection
challenges (Everingham et al. 2010). The authors initially proposed it as an extension of the
HOG detector, applying the divide and conquer algorithm. The algorithm decoded the objects
into their individual parts; for example, if you are trying to detect a human, you would try to

individually detect its face, hands, shoulders, and neck and then ensemble them into an object
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FIGURE 2.4: HOG detectors concentrate mainly on silhouette outlines,
particularly on the head, shoulders, and feet. The blocks that exhibit the
highest activity are positioned on the image’s background just beyond the
contour. (a) The gradient image average across the training examples. (b) Each
"pixel" showcases the highest positive SVM weight within the block centred
on it. (c) Similarly, this applies to the negative SVM weights. (d) An image
for testing. (e) The R-HOG descriptor is computed from it. (f, g) The R-HOG
descriptor is adjusted according to the positive and negative SVM weights
(Dalal and Triggs 2005).

you’re trying to identify. The same authors also improved their work by making significantly

more contributions and changes to their proposed work in the following years.

2.2.1 Two Stage Detectors

The Large-scale Image-Net challenge in 2012 was instrumental in propelling a resurgence of
convolution neural networks, especially led by Alex Krizhevsky (Krizhevsky et al. 2012). This
opened a new age of artificial intelligence based on deep neural networks. This innovation
spurred unparalleled growth in the future of object detection. Girshick et al. introduced the
regions with CNN features in 2014, known as RCNNs (Girshick et al. 2014). From this point
onwards, deep learning took over object detection. We categorised deep neural network-based
algorithms into two broad categories. (i) two-stage detectors, (i1) one-stage detectors. The
two-stage detectors looked at the detection problem as going from course to fine features
when it came to detecting objects; alternatively, one-stage detectors looked at detection as a

one-step process.

RCNN adopted a simple approach by initiating object proposals generated by selective search

(Uijlings et al. 2013). Each potential proposal is resized to a fixed size before being passed



14 2 LITERATURE REVIEW

—] Outputs: beX
—iDeep softmax regressor
L IConvNet
. gl Rol . FC FC
- == pooling
==
. Rol LVEL iy
> :l=projection
Rol feature
feature map vector . .och ol

FIGURE 2.5: Figure 2: Fast R-CNN uses a fully convolutional network to
process images and regions of interest (ROIs). ROIs are pooled into a fixed-
size feature map and transformed into feature vectors by fully connected layers,
producing softmax probabilities and bounding-box regression offsets. The
architecture is trained end-to-end with a multitask loss.(Girshick 2015)

through a CNN pre-trained on Image-Net dataset (Deng et al. 2009) for feature extraction.
After feature extraction, linear support vector machine classifiers determine each region’s
object presents and categories. I see an increase in the mean average precision from its
competitors by a whooping ~28%. One of its major drawbacks was the detection time, which
was around 14 seconds per image using a GPU. However, SPP-Net solved the problem the

same year RCNN was proposed.

SPP-Net (He et al. 2015) proposed by K. He et al. in 2014 introduced Spatial Pyramid Pooling
(SPP) layers, enabling a CNN to generate fixed-length representations irrespective of image
or region size without rescaling. SPPNet computer feature maps for the entire image just once
and then generated fixed-length representations for various regions; it was able to achieve
over 20 times faster detection than RCNN, all the same, maintaining the mAP of ~59.2%
in comparison to the accuracy of RCNN of 58.5%. The speed improvement that SPPNet
provided had a couple of limitations, such as multistage training and overlooked previous

layers, which was solved the following year by Fast RCNNS (F-RCNN) (Girshick 2015).

In 2015, R. Girshick proposed Fast RCNN, a refinement of R-CNN and SPPNet. Fast RCNN
allowed simultaneous training of a detector and bounding box regressor in the same network

setup. This new algorithm trained on the VOC07 dataset raised the mean average precision

from 58.5% (RCNN) to 70%, with detection speeds 200 times faster than RCNN. Although it
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FIGURE 2.6: A network structure with a spatial pyramid pooling layer ((He
et al. 2015)).

was a significant improvement from previous works, the detection speeds remained hampered
by proposal detections, which led to the birth of Faster R-CNN (Ren et al. 2015). Faster
R-CNN, proposed by Ren shortly after Fast RCNN, became the first near-real-time deep
learning detector. It achieved a mean average precision of 42.7% considering its intersection
over union of above 50% on the COCO dataset and achieving a mean average precision of

73.2%. Trained on VOCO7dataset, ZF-Net (Zeiler and Fergus 2014) achieved 171fps.

One of the biggest blockades regarding real-time detection was the region proposals for object
detection. Faster R-CNN solved this problem by introducing a region proposal network. From
RCNN to Faster RCNN, many components of object detection systems were combined as
an end-to-end deep learning framework. All these networks were able to solve the problem
of speed. However, there were some issues in terms of different detection stages. One of
the biggest one was redundancy always persisted in subsequent detection stages, leading to

subsequent enhancements like RFCN (Dai et al. 2016) and Light head RCNN (Li et al. 2017).

FPN (Lin et al. 2017a) revolutionised object detection by leveraging a top-down architecture

with lateral connections to form high-level semantics at all scales. FPN’s integration into
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FIGURE 2.7: Faster R-CNN is a unified network for object detection, where
the Region Proposal Network (RPN) acts as the ’attention’ mechanism in this
integrated framework(Ren et al. 2015).

Faster R-CNN systems achieved state-of-the-art single-model detection results on the COCO

dataset, becoming a fundamental component in many recent detectors.

2.2.2 One Stage Detectors

In contrast to the two-stage detectors, where. In the first stage. The detectors detected images
in a broader sense, a refinement process focused on differentiating these objects and helping
these algorithms achieve higher precision. Although these algorithms were exact, they were

not used in engineering applications as they were slow.

One-stage detectors were designed to apply these algorithms in the real world, where these

object detectors performed object detection in a single step. These algorithms were favoured
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FIGURE 2.8: Illustrates different approaches for feature pyramids in object
detection: (a) The traditional method uses an image pyramid, which independ-
ently computes features on each scale, resulting in slow processing. (b) Recent
systems use only single-scale features for faster detection. (c) An alternative
approach reuses the pyramidal feature hierarchy computed by a ConvNet as if
it were a featured image pyramid. (d) The proposed Feature Pyramid Network
(FPN) is depicted as a fast and accurate solution, combining the speed of (b)
and (c) with improved accuracy. The figure uses blue outlines to represent fea-
ture maps, with thicker outlines indicating semantically stronger features.(Lin
et al. 2017a)

for deployment in the real-world environment due to the swiftness of their detection in real-
time. However, compared to the two-stage detectors, they were not as accurate and struggled

to detect tiny objects initially.

In 2015, Redmond Joseph proposed (YOLO) You Only Look Once ushered a new age of
one-stage object detectors in deep learning algorithms (Redmon et al. 2016). It achieved
the mean average precision of 52.7% on VOCO7. The fastest version of YOLO works at
155 frames per second. At the same time, the more precise version works at 45 frames
per second, with a mean average precision of 63.4%. YOLO was very different from the
two-stage detectors because it used one single neural network for the entire image. The
network divided the image into regions and concurrently predicted bounding boxes and the

probabilities of finding objects in each region. This enabled the algorithm to perform at very
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FIGURE 2.9: The YOLO (You Only Look Once) Detection System involves
a straightforward process: (a) Resize the input image to 448 x 448. (b) Run
a single convolutional network on the image. (c) Threshold the resulting
detections based on the model’s confidence (Redmon et al. 2016). Meanwhile,
the SSD (Single Shot MultiBox Detector) model extends a base network by
adding additional feature layers at the end. These layers predict the offsets to
default boxes with various scales, aspect ratios, and associated confidences
(Liu et al. 2016c¢).

high speeds; however, this approach affected its localisation accuracy in comparison to the
two-stage detectors, especially when keeping smaller objects in mind. In the other versions
of (Jiang et al. 2022) and SSD algorithm, researchers were working on solving this problem.
One of the latest versions, YOLOv7 (Wang et al. 2023), outperforms many existing object
detectors in speed and accuracy. It has introduced the concepts of optimised structures, such

as dynamic label assignment and model structure reparameterisation.

Introduced in 2015 by Lou et al., the Single-Shot MultiBox Detector (Liu et al. 2016c¢) brought
significant advancements by incorporating multi-reference and multi-resolution detection
techniques. It has enhanced the accuracy of one-stage detectors, primarily focusing on
detecting small objects. SSD achieved the mean average precision of 46.5% on the Coco
dataset, with another version achieving detection rates of 59 frames per second. SSD was
one of the first object detectors to detect the object at various scales rather than just working

within the top layers.
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It addressed the huge difference in accuracy between the one-stage and two-stage detectors and
formed the basis of Retina Net, which was introduced in 2017 (Lin et al. 2017b). Researchers
proposed the focal loss function, which aimed to diminish the foreground and background
class imbalance encountered by these different algorithms during training. This Cross-entropy
loss function focused on the challenging and misclassified examples during training, enabling
the one-stage detectors to achieve accuracy at par with the two-stage detectors while also
preserving high detection speeds by achieving a mean average precision of 59.1% on the

Coco dataset.

CornerNet, produced by (Law and Deng 2018), was the next breakthrough in scientific
rigour. The algorithm departed from the conventional approach of using anchor boxes for
classification followed by regression for object detection. CornerNet looked at object detection
as a critical point prediction challenge and focused on predicting bounding box corners. It
addressed the drawbacks of category imbalance and manual hyperparameter settings and for
long convergence time by decoupling and regrouping corner points with additional embedded
information. CornerNet was the most superior one-stage detector of its time; it achieved a

mean average precision of 57.8% on the Coco dataset(Lin et al. 2014).

In 2019, Duan et al. proposed the CenterNet (Zhou et al. 2019) using the essential point-based
detection technique. CentreNet streamlined post-processing steps like grouping key point
assignments and non-maximum suppression. CenterNet considered an object representation
as a single point that was its centre and then regressed all the attributes of the object based on
the reference point. CenterNet integrated various tasks such as 3D object detection, human
pose estimation, optical learning, and estimation into a unified framework. It achieved 61.1%

mean average precision on the Coco dataset.

In 2020, N. Carion et al. introduced (Detection Transformer) DETR (Carion et al. 2020a),
marking a shift in object detection by leveraging Transformers in deep learning for computer
vision. DETR Looked at object detection as a prediction problem by relying on Transformers
to replace traditional convolutional operators and enable attention-based competition for a
scale-perceptive field. This made anchor boxes or points useless and ushered in a new phase

in object detection. Later, deformable DETR was also proposed to overcome the limitations
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FIGURE 2.10: DETR employs a standard CNN backbone to acquire a 2D
representation of an input image. This representation and positional encoding
are fed into a transformer encoder. The transformer decoder takes object
queries (learned positional embeddings) and attends to the encoder output.
Each decoder output embedding is then passed through a shared feedforward
network (FFN) to predict either a detection (class and bounding box) or a “no
object” class (Zhu et al. 2020c).
of convergence time and to detect small objects; DETR achieved a mean average precision of
71.9% on the Coco dataset. After DETR, many variations of the DETR algorithm have been

proposed with improved results in object detection.

2.2.3 Basic Building Blocks and Techniques for Object Detection

Most techniques involved in developing object detection algorithms first focused on three
essential factors. Firstly, they were focused on improving the localisation of object detection.
Secondly, they were focused on improving the speed of detection, and the last part was making
sure that the classification was correct. In this part of my thesis, I will discuss some of these

algorithms’ techniques and building blocks and their development in the past few years.

One of the main problems in object detection is that when an image or video is passed through
the computer, there are many different objects with various sizes and labels. Another issue is
that the image being passed through is not the same size. In the beginning, researchers were
using the sliding window approach, where they would slide a window of a particular object,
as the object is just a combination of pixels and different values of those pixels in the window.
Now, the job of the detection algorithm is to say that the object was present in the image at a
particular location to match the pixel values by calculating the difference between the object

pixel values and the pixel values current in the image and finding the difference. Where the
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difference would be minimal, the algorithm would say that there is. This probability that the

object is present in this location of the image.
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FIGURE 2.11: The matching process at a single scale involves computing re-
sponses from root and part filters at different resolutions in the feature pyramid.
These responses are transformed and combined to produce a final score for
each root location. The example illustrates responses and transforms responses
for the "head" and "right shoulder" parts, emphasising the discriminative nature
of the "head" filter. The combined scores reveal two viable hypotheses for the
object at this scale. (Felzenszwalb et al. 2009)

After the development of HOG & DPM algorithms, R. Girshick et al. proposed a ‘Discrimin-
atively Trained Part-Based Model’. It detected more complex objects with different complex

appearances, and what it did was that he trained multiple detectors for objects of various
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aspects, sizes, and ratios. He also used non-maximal suppression post-processing to get a

better result (Felzenszwalb et al. 2009).

Next came another technique of object proposal regions; this algorithm would work on a
group of reference boxes placed strategically on the image likely to contain objects. The main
objective of this technique was to speed up the object detection process and avoid the sliding

window technique, as sliding window would take more time to process (Hosang et al. 2015).

Around 2015, a learning-based top-down approach emerged after the popularity of deep
convolution neural networks to address visual recognition tasks. It demonstrated better results
in addressing object detection problems. However, in future years after the publication of
SSD and YOLO, one-stage detectors, object proposal gradually receded from the forefront of
research (Erhan et al. 2014).

After that, because of the growing computational power of GPUs, most of the research
focused on multi-scale detection methods. Regression had taken the forefront of research
to tackle the multi-scale challenge of object detection. Object detection algorithms directly
predict bounding boxes on images based on deep features extracted using convolution neural
networks (Yang et al. 2007). Around 2018-2019, a new idea arose where researchers started
treating object direction problems as critical point detection problem. Two different methods
primarily took hold in the research community, with one method revolving around a group-
based approach by identifying key points such as corners or centres representative points of
objects and then conducting object-wise grouping (Yang et al. 2019). The second method was
a group-free approach, which treated objects as one or multiple points and then performed
regression based on size and ratio, considering the reference points (Adams and Bischof

1994).

These days, multi-reference detection is the predominant approach for scale detection, widely
used in object detection (Lin et al. 2017a; Liu et al. 2016¢; Tian et al. 2019). This technique
defines a set of references, usually called anchor box points across every location within an
image; after that, bounding boxes are predicted based on these designated references. Another

method coupled with it is multi-resolution detection, which involves detecting objects of
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different scales and sizes across different layers of the convolution network. Both strategies of
multi-reference and multi-resolution have significantly improved the efficiency and accuracy

of object detection algorithms.

The following few parts of this writing are instrumental in driving me to research object
detection algorithms. When we look at different objects, our brain automatically associates
different objects with each other. Our brain then relies on these environments and associations
to enhance visual perception and cognition. In my first few experiments that I performed
back in 2019 when I was about to explore this field, I saw that the success of object detection
algorithms heavily relies on object association, especially when deploying these algorithms in

engineering systems in real-world environments (Divvala et al. 2009).

Now, when it comes to object detection, we use the global context, where the scene configura-
tion adds information to help with object detection. Initially, this was incorporated into object
detection by providing a statistical summary of the scenic elements (Divvala et al. 2009).
However, global context is also incorporated these days by leveraging deep convolution
neural networks, deformable convolution, or pulling operations by acquiring receptive field.
Sometimes even more significant than the input image(Liu and Huang 2018). Attention-based
algorithms and Transformers have also achieved full image receptive fields, improving object
detection accuracy(Zhu et al. 2020c). The other method was detection using local context by

incorporating surrounding visual information, which is beneficial for object detection.

A recently discovered new domain has emerged as the context interactive domain, where
researchers explored the interrelationship between objects and their connectedness that af-
fected the correct classification of objects. For example, we are trying to estimate the age
of a person riding a slide in a playground. Let us say that a person’s age is around 70 years
old. Now, this is unique in the sense that most of the images out there in datasets are of
children riding slides. Suppose the algorithm is trained on such data where there is no instance
of an older adult riding a slide. In that case, there is a high probability that the algorithm
will not correctly estimate the person’s age because of the context and environment. This
was one of the motivations for this work, as we wanted to see the relationship between age

estimation, gender classification, and clothing people wear in different environments and
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contexts. He wanted to see the effects of clothing on age estimation. Also, the relationship
between different types of clothes and the impact of their detection and classification on other

objects (Gupta et al. 2015; Hu et al. 2018; Liu et al. 2018).

I will briefly touch on some other important aspects of object detection. One of the essential
concepts is hard negative mining, which involves identifying and prioritising difficult and
misclassified negative samples during training to improve the accuracy of the classifier.
Imagine a scene with a model that must identify various objects on streets for autonomous
vehicle driving systems. The model needs to differentiate between additional cars, bicycles,
and other objects to ensure safe driving of the vehicle in real-world environments where you’ve
got partial object occlusion and similar patterns, such as shadows of pedestrians. In these
environments, it is hard to differentiate different objects. These challenging negative samples
are identified in hard negative mining, and consecutive training attrition is given more priority.
The model learns from these negatively identified samples to improve its ability to distinguish
between actual objects and challenging background elements, so these misclassified objects
adjust the learning process during training. Hard negative mining makes object detection
models more robust and accurate, especially in the real-world environment(Hosang et al.

2015).

Another concept is bootstrapping during training. In this method, the algorithm is repeatedly
trained using subsets of the primary dataset, sometimes by adding new samples or by removing
old ones, to gauge the model’s accuracy every time. This helps avoid overfitting and improves
the generalisation of the model. For example, consider a dataset you created to detect different
objects on the table. Researchers train SSD, YOLO, or Faster RCNN on any other such

algorithm or any such other algorithm on the dataset.

After initial training, you first create random subsets of the primary dataset and replace your
training data with one of the sample subsets from the primary dataset. He trained the algorithm
again on that dataset and checked its accuracy against the validation set. This creates a new
version of your model with its precision and accuracy. You repeatedly try this method but

the different datasets to see whether the model’s accuracy improves. After multiple iterations
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of this type of training, you can select one of the best-performing models that demonstrates

generalisation and performance on unseen data, and it can be chosen for deployment.

One of the essential concepts in object detection is the loss function, which is defined as the
measure of the dissimilarity between predicted and actual values, and it also serves as an
optimisation objective during training. What we are trying to do during training is to minimise

our loss as much as possible for both classification and localisation.

Different loss functions are used in object detection, and researchers have proposed other loss
functions over time. Cross-entropy loss is one of the main loss functions used for classification,
and it is used to demonstrate one of the primary examples for classifying whether the animal
is a dog or a cat. So, let’s say we pass an image to the model, and it is a cat; however, the
model classifies it as a dog. This means a very high classification loss, and the model is
not trained correctly. The other loss functions that we use are known as localisation loss.
The most common ones are L1, L2, and smooth L1 losses. The model predicts where the
animal is in the image and draws the bounding box with X&Y coordinates and the width and
height of the bounding box. The box should be drawn around the animal or the object being
detected. If the predicted bounding box significantly deviates from the ground truth bombing
box, it means that there is a high localisation loss present in the model. For instance, if an
object’s predicted bounding box is slightly misaligned from its actual position, bounding box

regression will adjust these coordinates to encapsulate the object better.

One of the last steps involved is known as non-maximal suppression. It is a post-processing
technique to filter out redundant bounding boxes predicted by the algorithm by selecting
the most confident ones. For example, an object detector might have predicted several
bounding boxes for an object in an image. NMS will retain only the ones with the highest
confidence scores, while discarding the rest. In most algorithms, the researchers can choose
the confidence score of the detection, and depending on the application, it can be 50% or
95%. That means that all the confidence scores less than 50% or 95% depending upon the
application are discarded, whereas any scores above the set scale are kept. Some learning-

based NMS techniques have recently been introduced in object detection (Desai et al. 2011).
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Researchers are also developing NMS-free detectors to realise the goal of end-to-end object

detection (Zhu et al. 2020c¢).

2.2.4 Speeding up of Detection

One of the primary goals of science and technology is to make life easy for us humans
and to assist us in this world. This is one of the reasons a lot of research has been done
on object detection algorithms. However, one of the most significant issues has been the
real-world deployment of these algorithms. The reason is computers’ limited technology
and computational power, which caused a significant bottleneck in object detection speeds
for several years. In the next section, I will briefly touch on the different processes and
improvements in object detection algorithms that enabled these algorithms to achieve real-
time processing speed. Real-time processing is defined as around 25 to 30 frames per second.
If an algorithm detects and classifies about 25 to 30 frames per second, it is said to have

achieved real-time object detection speed.

Researchers improved the speed thousands of times by targeting various parts of the object
detection algorithms. One of the most computationally time-consuming processes in the
detection predominantly arises from feature extraction. Researchers primarily focused on
shortening the time to extract features from images by removing a feature map from the
entire image, thus significantly improving computational efficiency (Girshick 2015). Another
method that has been widely used is to make convolution networks more efficient by removing
all the unnecessary network structures and by quantifying activations or weights. This is
done by removing a few weights after every training is completed, and recently, network
quantification has focused on binarisation by converting floating point operations to logical
ones (Han et al. 2015). Another way the speeding up of these algorithms has been done by
designing lightweight networks (He and Sun 2015) encompassing various approaches such as
factorising convolutions (Zhang et al. 2015), grouping convolutions incorporating depth-wise
separable convolutions (Chollet 2017), incorporating bottleneck design and employing NAS
techniques (Chen et al. 2019).
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After the publication of attention is all you need (Vaswani et al. 2017). The use of Transformers
overtook the field of artificial intelligence. Initially, Transformers were combined with CNNs
for object detection (Zhu et al. 2020c). This laid the groundwork for using Transformers
for object detection purposes. The performance of DETR based on ResNet50 significantly
outperformed many modern object detectors and matched the performance of Faster-RCNNs.
The main components of DETR were a CNN-based backbone followed by an encoder-decoder
transform that processed the one-dimension feature map obtained from the convolution neural
network and a simple feedforward network for decoding the fixed-level embeddings into
the bounding box ordinates. The feedforward neural network predicts normalised centre
coordinates, height width, and category labels via soft-max layered linear function (Yang et al.

2007).

2.3 Face Detection and Alignment Techniques

This subsection will discuss face detection algorithms, alignment techniques, and our im-
plementation methodology. (Feng et al. 2021b) categorised the deep learning face detectors
into three main groups. Multi-stage face detection frameworks: these were initially inspired
by cascade classifiers in traditional spaces; this was the main point of initial exploration of
applying deep learning techniques to face detection. After that, the two-stage face-detecting
algorithms, in which the first stage involved generating proposals and the second stage con-
firmed whether these proposals had a face or not. Lastly, one-stage face detection frameworks

integrated feature extraction and proposal generation into a unified network.

2.3.1 Multi-Stage Face Detectors

At the beginning of using deep learning for face detection, most deep learning algorithms
were based on detectors designed with multiple stages, also known as a cascade structure.
This is why most of them are known as cascaded face detector algorithms. In these algorithms,
the face undergoes feature extraction and refinement one after the other, before being put

into a classifier and then a regressor. The primary purpose is to discard the sliding window
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technique, enhancing overall efficiency. Li et. Al (Li et al. 2015) demonstrated an early
approach to this type of network. They introduced cascaded CNN, a face detector based on a
convolution neural network, which achieved reasonable results on the FDDB dataset (Jain

and Learned-Miller 2010).

One of the other notable implementations of cascaded CNNs for face detection is widely
recognised as MTCNN (Zhang et al. 2016). It comprises three subnetworks: P-Net for
generating candidate facial windows and layers capable of processing images of different
sizes. R-Net is for discarding false candidates and refining the remaining ones using a
multitasking approach; O-Net produces the final output, including face-bounding boxes
and landmarks. MTCNN achieved significant success by demonstrating state-of-the-art

performance on datasets like WiderFace (Zhang et al. 2016).

2.3.2 Two Stage - Face Detectors

In the context of two-stage network architectures inspired by object detection, a crucial
component is the region proposal network (RPN) (Ren et al. 2015). However, RPN output
features cannot address this problem for tiny faces. CMS-RCNN (Zhu et al. 2017) was

proposed, incorporating a contextual multi-scale design in RPN in the final detection stage.

Face RCNN (Wang et al. 2017) based on the Faster-RCNN architecture incorporates Centre
loss, online hard negative mining, and a multi-scale training strategy. F-DR Net (Liu et al.
2016a) uses multi-scale training and testing and a non-maximum suppression strategy based
on voting faster R CNN. It also features a lightweight design. Face R-FCN incorporates
position-sensitive average pooling assigned by varying weights to different face parts based

on R-FCN (Dai et al. 2016).

2.3.3 One stage - Face detectors:

In contrast to two-stage detectors, one-stage face detectors can carry out feature extraction

and proposal generation and place detection in a single unified convolution neural network.
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These are deployable in real-world environments, as their runtime efficiency is far better
than two-stage detection. Dense anchors (Najibi et al. 2017) replace face-detectors region
proposals in one stage. HR, (Hu and Ramanan 2017) introduced by Hu et al., is among the
pioneering methods to conduct anchor-based face detection within a unified convolutional
neural network. The ResNet-101 (He et al. 2016)serves as the backbone for HR. Contrary to
HR, SSH can detect faces at varying scales of different feature levels. The module has been

widely adopted in subsequent works (Deng et al. 2020; Li et al. 2019; Tang et al. 2018).

One-stage face detectors like S3FD (Zhang et al. 2017a)based on the extended VGG16
backbone incorporated additional convolutional layers to detect various faces at different
scales. Pyramid box also uses the same backbone, enhancing the features with FPN (Lin
et al. 2017a). It also incorporates a deeper neural net with an improved SSH module inspired
by Inception Resnet and DSSD (Fu et al. 2017; Szegedy et al. 2017). DSSD contained the
feature-enhanced module for refined detection. It also inherited the S3FD backbone. SRN
(Chi et al. 2019)employed a Dual shot network, refining low-level features with a 2-step
classification and high-level features with two-step regression using Cascade RCNN (Cai and

Vasconcelos 2018).

Retina-face, another algorithm using anchor-based methods such as FPN adding an extra
pyramid layer and employing deformable convolution neural networks (Dai et al. 2017). The
DCN module was used for lateral connections and context modules, incorporating a 3D mesh
with around 1000 points. It also had a 5 landmark mask and a bounding box using cascade

regression for improved localisation.

After introducing Corner-Net (Law and Deng 2018), research focused on exploring anchor-
free object detection models and designs. CSP models a face with a bounding box and
centre point, leveraging the multi-scale features from modified Resnet-50 (He et al. 2016).
Application of this technique can capture rich local and global features and information
around the face. Progress-Face (Zhu et al. 2020b) improves the one-stage networks by adding
an anchor-free module, addressing the imbalance of positive and negative samples for small

faces.
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Recently, one-stage networks have become more prevalent in face detection for several
reasons. One-stage detectors have gained popularity in face detection due to their runtime
independence from the number of faces, computational efficiency for achieving near-scale
invariance, and adaptability to face detection’s relatively less complex nature than general
object detection. Face detection is a task of relatively low complexity compared to available
object detection, which has allowed researchers to swiftly adapt object detection to face

detection by considering unique patterns of faces.

2.4 Overview of Datasets in Object Detection

In this section, I will start by discussing generic object detection datasets and some collection
methodologies for creating these datasets. This will be followed by a brief discussion of age
and gender datasets that are available and developed by different researchers. Toward the end,

I will discuss attire, which is usually considered fashion detection in computer vision.

In the age of deep learning for object detection, developing sophisticated algorithms heav-
ily depends on creating unbiased, extensive, comprehensive datasets. Over the last few
years, many different object detection datasets have been introduced, including Pascal-VOC
challenges, the ImageNet large-scale visual recognition challenge (Chao et al. 2009), Coco
detection challenge (Lin et al. 2014) Open image dataset challenge (Kuznetsova et al. 2020),

and various others.

The CIFAR-10 dataset (Krizhevsky and Hinton 2009), a subset of tiny images, includes 60,000
32x32 colour images categorised into 10 distinct classes: aeroplane, automobile (excluding
trucks and pickups), bird, cat, deer, dog, frog, horse, ship, and truck (excluding pickups).
Each class comprises 6,000 images, split into 5,000 for training and 1,000 for testing. The
criteria for labelling this dataset were as follows: the annotators asked questions such as, what
is in this picture? Each image should predominantly feature a single instance of the object.
The object could have been partially obscured if its identity was discernible to an annotator

(Krizhevsky and Hinton 2009).
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One of the pioneering datasets in every detection was the Pascal visual object classes, also
known as VOC challenge (Everingham et al. 2010), carried out from 2005 to 2012. Research
in object detection was in its early stages in the computer vision community. This competition
challenged the computer vision research community and motivated researchers to research

this field.

The PASCAL VOC challenge provided two sets of data. One was known as the VOCO7,
which constituted 5000 training images and around 12,000 annotated objects, whereas the
VOC12, the other, consisted of 11,000 training images and about 27,000 annotated objects.
The annotators annotated around 20 common object classes, such as a person, cat, bicycle,
sofa, etc. The scenario in these images was also very similar to everyday, common images.
There were two main challenges in this competition: one was classification, which was to
determine the presence or absence of the 20 classes in test images, and the second one was
detection, which was predicting the bounding box coordinates and labels for each of the

objects amongst the 20 classes within the test image.

Another significant challenge was the image net large-scale visual recognition challenge, also
known as ILSVRC (Krizhevsky et al. 2012), which was very important in propagating the
research in generic object detection. It started in 2010 and ended in 2017. It was featured
as an object detection challenge using internet images with around 200 different classes of
visual objects compared to VOC, a significantly large dataset with many more classes. It had
over 40 million annotated images and annotated bounding boxes available in almost at least
1,000,000 images. The modern ImageNet dataset now contains around 20,000 categories,

each containing several hundred images.

MS-COCO dataset (Lin et al. 2014), also known as Microsoft Common Objects in context
dataset, is one of the most comprehensive and widely used dataset. Since 2015, an annual
competition has been performed on the dataset, challenging computer vision researchers
worldwide. Compared to ILSVRC, it has fewer object categories but a more significant
number of object instances. For example, MS-COCO 17 comprises around 164,000 images

and 897,000 annotated objects distributed across 80 classes.
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MS-COCO-Dataset is unique in its annotation methodology as the annotators meticulously
labelled every different object detection using pre-instance segmentation that significantly
enhance the precision of localisation of these objects. Moreover, in this dataset, there are a lot
of small objects in vision in comparison as the image size is less than 1% of the image, and
they’re also very densely clustered together, which poses a more complex detection challenge
for computer vision researchers. MS-COCO dataset has emerged as a standard in the object

detection domain, pivotal in testing state-of-the-art object detection algorithms and models.

Around 2018, the Open-Image Detection challenge (Krasin et al. 2017) was introduced, which
marked a significant leap in object detection datasets. There were two main challenges in
this dataset. The first was standard object detection, and the second was visual relationship
detection, focusing on identifying objects with specific relations. The dataset had around
1,910,000 images and about 15,440,000 annotated bounding boxes across a range of about

600 object categories.

2.4.1 Face Detection Datasets and related work

FDDB, the face detection dataset and benchmark, emerged around 2010. It was instrumental
in benchmarking different face detectors (Jain and Learned-Miller 2010). The images were
collected from the Yahoo news website, duplicates were filtered out, and around 2845 unique
images were selected. The criteria for choosing the faces were that the minimum height and
width of the face should be more than 20 pixels, both eyes should be visible, and the angle
between the nose and the camera should exceed 90°. Also, it was left out if a human could
not recognise a face. After applying these criteria, annotations of around 5171 faces were
left, annotated by elliptical regions covering the forehead to the chin vertically and from
left to right on the cheeks horizontally. FDDB propelled unconstrained face detection and
addressed expression, pose, scale, and occlusion challenges. This dataset had a strong bias; it

was heavily leaning towards celebrity faces, owing to its collection from news sources.

In 2012, detecting faces in the wild dataset was published (Zhu and Ramanan 2012). This

dataset was constructed by randomly extracting images from Flickr, focusing on images that
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contained at least one sizeable face. The dataset had around 205 images, from which 468
faces were meticulously annotated. The faces were labelled with a bounding box with six

specific landmarks.

This was followed by the Pascal Face dataset, which was driven by selecting 851 images
from the Pascal VOC test set (Yan et al. 2014). It contains around, 1335 annotated faces.
These datasets were introduced by their authors as a benchmark for face detection algorithms.
However, because of the small scale of these datasets, they could not train deep learning

algorithms to detect faces in the wild.

Young introduced the multi-attribute label face, also known as the MALF dataset. This dataset
aimed to comprehensively detect the face and evaluate face detection algorithms in natural
environments. The researchers used Beethoven Flickr to collect a dataset of 5250 images with
around 11,931 labelled faces (Yang et al. 2015). This was far larger than FDDB, AFW (Zhu
and Ramanan 2012), and the Pascal Face dataset. It provided an extensive dataset for face

detection evaluation.

The annotation in this dataset was done using access-aligned square boxes, meaning that the
objective of the annotators was to enclose the entire face in the bounding box, ensuring that
the nose was positioned right in the centre of the box. If somebody looked sideways, the
bounding box on that face would have half of it as background. The dataset also included
other annotations, such as gender pose or collusion, which provided richer information for

comprehensive face analysis and opened other avenues of research.

The research community saw 2016 as the year the Wider Face dataset emerged as a pivotal
face detection benchmark (Yang et al. 2016). It had 32,203 meticulously curated images
across 61 different categories. It was carefully scrapped from popular search engines, and this
dataset was divided into training validation and testing subsets. It set a new standard for face
detection benchmarks. Wider face annotations aimed at diversifying scale, occlusion, and pose
variations; it had bounding boxes encompassing facial features that accommodated occluded
faces. It had around 50% of the faces, ranging from 10 to 50 pixels in width and height. It

had about 393,703 annotated faces, averaging about 12 faces per image. It was also divided
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into three categories, easy, medium and hard levels, to provide detailed testing and evaluation
of different face detection algorithms. The unconstrained Face Detection Dataset (UFDD)
consisted of 6425 images with around 10,897 face annotations. It had various challenging
conditions such as rain, snow, haze lens impediments, blurred illumination variations, and
distractors (Nada et al. 2018). Another dataset known as the VGGFace-2 dataset had about
3.31 million images featuring 9131 individuals. This created an average of 362.6 images
for every subject in the dataset. These images were usually collected from Google image
searches. The dataset had a variety of poses, ages, illuminations, and ethnicities and had a

range of different individuals from actors, athletes, and politicians (Cao et al. 2018).

2.4.2 Age and Gender Datasets and influential works

Dataset Year #Images Age Labels In-the-wild Attire Gender
FG-NET(Lanitis et al. 2002) 2002 1,002 to-year No No Yes
MORPH(Ricanek and Tesafaye 2006c) 2006 1,724 to-year No No Yes
IFP-Y (Ozbulak et al. 2016) 2008 8,000 to-year No No Yes
Gallagher(Gallagher and Chen 2008) 2009 28,231 7 age groups Yes No No
VADANA (Somanath et al. 2011) 2011 2,298 4 age groups Yes No Yes
AdienceFaces(Eidinger et al. 2014a) 2014 26,580 8 age groups Yes No Yes
CACD (Chen et al. 2015b) 2014 163,446 to-year Yes No Yes
IMDb-WIKI(Rothe et al. 2016) 2015 523,051 to-year Yes No Yes
AgeDB(Moschoglou et al. 2017) 2017 16,488 to-year Yes No Yes
IMDb-AGA* (Ours) 2024 8,000 to-year Yes Yes Yes

TABLE 2.1: Age and gender datasets available, compared to our dataset IMDb-AGA.

To create a large-scale age and gender dataset, researchers created a very large dataset focused
on celebrities. They compiled around the top 100,000 actors listed on the IMDb websites
and systematically collected their data, including date of birth, name, gender and associated
images; this dataset was further enriched by the information provided on Wikipedia. They
filtered out the images lacking timestamps to increase the accuracy of the dataset. They
created a dataset of around 460,723 face images from around 20,284 celebrities. Adding the
images from Wikipedia, of approximately 62,328 images, brought the total to about 523,051
face images. To ensure consistency, the researchers created a threshold using photos where the

secondary most robust face detection for below the specified threshold they tried to equalise
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the age distribution within the dataset (Rothe et al. 2015). Researchers created the IMDB
clean dataset using the IMDb dataset, consisting of around 183,886 training images, 45,971
validation images, and 56,086 test images. Researchers used various methodologies to filter

out incorrect labelling and ambiguous annotations(Lin et al. 2022).

Another dataset, CACD, the cross-age celebrity dataset, is available, with around 160,000
facial images representing about 2000 individuals. This is also organised into three subsets
of training validation and test sets containing 1800, 120, and 80 individuals, respectively
(Chen et al. 2015a). Another dataset known as the KAN-face dataset (Georgopoulos et al.
2020) contains around 41,000 and 36 images of about 1045 subjects ranging from 0 to 100
years. This dataset has many images in different orientations, poses, expressions, and lighting.
Another dataset is the Morph dataset (Ricanek and Tesafaye 2006a), which consists of 55,134
mug shot images from around 13,617 subjects aged 16 to 77 years. This is not characterised

as in the wild dataset. However, this can train deep learning algorithms to detect ages.

Another face detection age estimation dataset known as UTK-face dataset (Zhang et al. 2017d)
is very popular amongst the research community. It contains faces of people ranging from
ages 0 to 116 years old. The images showcase various pose variations, facial expressions,
lighting conditions, occlusions, resolutions, and other attributes. The dataset can be used for
multiple applications such as face detection, age estimation, age progression slash regression
and landmark localisation. The researchers captured around 20,000 additional facial images
in natural settings. Each image had a single face. The researchers also provide a detailed an-
notation of 68 points called landmarks to aid in detailed facial analysis. It had comprehensive

labels of age, gender, and ethnicity associated with each facial image.

The Fair Face dataset contains around 86,744 training images and 10,954 validation images.
It also provides comprehensive ground truth attributes, including race, gender, and age, which
are classified into nine distinct classes. It encompasses attributes related to race, gender, and
age, categorised into nine classes ranging from infancy to elderly individuals (0-2, 3-9, 10-19,
20-29, 30-39, 40-49, 50-59, 60-69, 70+). Additionally, the dataset is notably well-balanced

across different racial groups (Kéirkkéinen and Joo 2019).
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One of the first datasets was the Audience dataset (Eidinger et al. 2014b) consisting of around
26,580 facial images portraying around 2284 individuals across eight distinct groups ranging
from infancy zero to 100 years old. It also included binary gender labels and showcased
images captured under diverse conditions encompassing varying head poses, lighting, and

image quality.

The AgeDB (Moschoglou et al. 2017) comprises 16,488 images featuring diverse public
figures like actors, writers, scientists, politicians, and more. The images are annotated with
identity, age, and general information. The dataset has been manually annotated. There are
around 568 unique subjects, with an average of approximately 29 images per subject. The
age range spans from 1 to 101 years old, with an average age of around 50.3 years for every

subject.

Recently, (Bhardwaj and Sengar 2024) presented a real-time system using CNNs and the
Caffe framework. It integrated Google Firebase for real-time management and OpenCV
for image processing. The use of Firebase enhances scalability and real-time capabilities,
making the system ideal for applications like surveillance, marketing, and personalised user
experiences. Another similar study (Arora et al. 2024) developed a framework using deep
learning for object detection, age estimation, and gender prediction. It integrated the Mask

R-CNN model for object detection and the Deep Face library for age and gender estimation.

2.4.3 Attire detection Datasets and influential works

Generally, clothing detection can be divided into categories such as clothing modelling
(Chen et al. 2006; Ng and Grimsdale 1996), segmentation (Hasan and Hogg 2010; Wang
and A1 2011; Yamaguchi et al. 2013), recognition (Yang and Yu 2011), recommendation
systems (Packer et al. 2018; Zhang et al. 2017b) describing people (Chen et al. 2015¢) and
classification and retrieval (Bossard et al. 2012; Chen et al. 2012; Lao and Jagadeesh 2016;
Lin et al. 2017b). Each category has multiple research problems associated with it. We have

decided to focus on the challenge of real-time clothing detection and localisation.
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Most of the current research in attire detection is directed by the online fashion and retail
industry (Lao and Jagadeesh 2016; Liu et al. 2016b; Packer et al. 2018). Recommendation
systems and fashion aesthetics are usually the targets of these works. Their datasets are
mostly synthetic and are created from web scrapping (Liu et al. 2016b) online retail clothing
websites. Most datasets contain only one labelled clothing per image. Researchers have
deployed techniques for detecting clothes or retrieving similar clothing. Most researchers
have benchmarked the results on their dataset. However, very few people talk about real-time
video implementation of their results. We have found that datasets focused on real-world

implementations of attire detection are scarce, so we have decided to address this problem.

In the first half of the last two decades, many attire-related studies have attempted to use
different methods to either identify people through clothes (Chao et al. 2009) or used other
techniques to identify fashion and clothing textures (Chang and Wang 1996; Chao et al.
2009; Freixenet et al. 2002; Zhang et al. 2008). One of the earliest works that addressed
clothing detection in real-time video was presented by (Yang and Yu 2011). The researchers
presented a complete system of detecting and segmenting clothes in real-time video. Their
main contribution was designing a system tailored for clothing analysis and segmentation.
The evaluation included different clothing representations by combining colour (Dalal and
Triggs 2005), bag of word features (Yang et al. 2007), discrete cosine transform responses, and
region growing method (Adams and Bischof 1994; Liu et al. 2016d) (Freixenet et al. 2002).
They devised a complex clothing segmentation method that includes candidate region, canny
edge detection, Voronoi image selection, region merging, region growth, and background
removal. Their work has many limitations, such as clothing segmentation, which requires
proper human figure alignment to feature extraction and classification. They report an average

recall of 80% in the top eight clothing categories.

Another influential study, Deep Fashion (Hadi Kiapour et al. 2015; Liu et al. 2016d), also
presents a dataset of around 800k images. They develop a neural network that jointly trains
and predicts landmarks (their form of annotations) and attributes. The deep Fashion dataset
contains attributes of clothing landmarks and cross-pose/cross-domain correspondence of

clothing pairs. The dataset includes 50 categories and 1000 attributes; they claim that the
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landmark detection is better than the bounding box label presented by (Hadi Kiapour et al.
2015). However, they have branched into many aspects of clothing and fashion representation
rather than focusing on one. Their neural network outperforms two bounding box datasets

(Girshick 2015; Huang et al. 2015).

A new annotated dataset of 120k images was recently created to detect critical apparel key
points, Fashion Landmarks (Ge et al. 2019). Fashion Landmarks are 8 key points that can be
used to identify and detect clothing. They selected a large subset of the Deep Fashion database
(Chao et al. 2009) to create a new dataset of Fashion landmarks (FLD). They compared
the detection of fashion landmarks to the detection of human joints to claim that landmark
detection is more complicated than human joint detection. They also proposed a new neural
network for landmark estimation. They argued that fashion landmark simulation can help
people recognise and retrieve clothes. Researchers used a subset of the deep fashion dataset of
10000 images and 50 clothing attributes. The bounding boxes were manually annotated. The
top 5 recall rates of the 50 attributes for the bounding box is 53%. The top 20 and retrieval

accuracy for the bounding box is 40%.

Studies simulating clothing have been centred extensively on clothing segmentation versus
blank setting (Chen et al. 2006; Hasan and Hogg 2010; Ng and Grimsdale 1996; Yamaguchi et
al. 2013) Attempts have also been made on shop-clothing image sorting, applying conventional
handmade features (e.g. SIFT, HOG) (Chen et al. 2006; Packer et al. 2018; Wang and A1
2011; Yang and Yu 2011) to online images and lately deep learning-based characteristics
(Bossard et al. 2013; Chen et al. 2015c¢; Zhang et al. 2017b) have also been used. Turned off
by the cost of annotations, consequently a deficiency of significant attire attribute annotations
by dissimilar sources, cross-domain dressing attribute learning makes up an intriguing job
and, for the most part, not studied (Bossard et al. 2013; Zhang et al. 2017b). Most datasets
are synthetic and mined from online clothing websites. Therefore, images are mostly labelled
according to their attributes. Other data sets like DCSA, ACWS, DDAN, and DARN (Bossard

et al. 2013) don’t have any bounding box annotations.
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Methods

This chapter explains in detail the construction of the IMDb-AGA dataset. It explains the
image selection process from the core IMDb-WIKI dataset. One challenge was ensuring
randomness to mimic real-world scenarios and avoiding biases in our dataset. We will also
discuss challenges and solutions employed in face detection, alignment, and the manual

annotation of age, gender, and attire.

The chapter highlights the different aspects of our dataset, IMDb-AGA, which stands apart
in its integration of attire annotation alongside age and gender—attributes that significantly
enhances the dataset’s use in the wild. This dataset sets a new standard for future datasets

targeting real-world deployment.

Through detailed discussions, visual aids, and comparative analyses with existing datasets, this
chapter aims to provide a comprehensive overview of our dataset construction methodologies,
the rationale behind our choices, and the anticipated impact of our contributions to the field

of computer vision.

3.1 Construction of Dataset

To address RQ1, we constructed the dataset IMDb-AGA (IMDb-Age-Gender-Attire)', which
was done by a systematic and iterative process to ensure that the annotations were of the

highest quality. The overview of the decision process can be seen in Figure 3.1.

'We have made the dataset and code available at: https://github.com/saadyousuf45/
Age—Attire—-Gender-Detection—-and-Classification
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FIGURE 3.1: The flow chart illustrates constructing a multi-label dataset
integrating age, gender, and attire annotations using the IMDb-Attire dataset.

IMDb dataset was chosen to form the foundation of our dataset. The dataset comprises around
500,000 images with diverse human facial expressions, attire, and environmental settings,
with all the necessary ingredients to build a comprehensive dataset. Firstly, the images were
randomly selected; however, to make sure that We had all different types of persons in the
images, they were selected at an interval of 50 images. We formed a dataset of around 10,000
images, and the randomness helped us capture different scenarios and subjects, reducing
biases. The selected images were manually annotated by annotators, who labelled all items

worn by any person in the image. We decided that if a human can identify any attire in
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the image, it should be labelled. Another annotator checked the labelling to ensure all the

annotations were correct.

To address RQ3, We employed image enhancement techniques such as Enhanced Deep
Residual Networks (EDSR) and Single Image Super-Resolution (SISR) were applied to
improve the quality of the images. Enhanced image quality facilitates better performance in
subsequent face detection and alignment tasks. If the enhancement results were satisfactory,
the process moved forward; otherwise, further adjustments were made. At every stage, it was
ensured that the images were of quality. Adjustments were made if any age or gender results
were of poor quality, consisting of changing scale, trying different variations, or looking at

different face detection and alignment algorithms.

After successfully detecting and aligning the faces, the next step was to tackle apparent age
estimation and gender classification. This involved many experiments with various age and
gender estimation algorithms to determine the best-performing model. A small dataset was
chosen as a test case, and these algorithms were tested on the dataset to ensure accuracy if the

results were unsatisfactory.

Once the best algorithms were identified, they were used to label the age and gender of the
detected faces artificially. This provided the annotators with the initial labels and sped up the
annotation process while maintaining accuracy. Finally, the annotations of age, gender, and
attire were combined from the IMDb-AGA dataset. After that, human annotators manually
check the labels. This step is very important to ensure the dataset is accurate and reliable. The
annotators reviewed and corrected discrepancies, ensuring the final dataset was accurate and

comprehensive.
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FIGURE 3.2: (A) A dataset of ~8000 is randomly created from the IMDb
dataset. (B) Extensive image processing is tested with simultaneously testing
face detection and age and gender Estimation experiments. (C) Face detection
and Alignment are performed. (D) The age and gender of faces are annotated
artificially. Simultaneously, attire is annotated manually. Finally, the labels are
combined and manually checked.
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The dataset’s construction process started with thoroughly examining existing datasets avail-
able at that time. We only looked through the available datasets for age estimation and gender
classification. Among the available datasets, such as (Chen et al. 2014; Moschoglou et al.
2017; Ricanek and Tesafaye 2006b; Zhang et al. 2017c; Zhang et al. 2017e), We chose the
IMDb-wiki dataset, which consisted of approximately 500,000 images (Rothe et al. 2015).
We considered the dataset’s size and performance at the state-of-the-art level. A comparison

between available datasets and ours can be seen in Table 2.4.2.

Including attire annotations in IMDb-AGA enhanced its applicability for real-world scenarios
compared to previous datasets. Attire information provides additional context that can be of
the utmost importance for applications like security surveillance, where identifying a subject’s
appearance beyond just age and gender can be vital. Moreover, the in-the-wild nature of
IMDb-AGA ensures that models trained on this dataset are robust and generalise well to

real-world conditions.

While not the largest, the IMDb-AGA dataset is enough for training advanced models,
especially given its comprehensive labelling. IMDb-AGA significantly advances age and
gender datasets by integrating attire annotations, providing a more holistic approach to visual
recognition tasks. This dataset provides a way to incorporate multi-class labelling and sets a
new standard for future dataset construction, promoting the development of more accurate

and context-aware models.

3.1.1 Threats to Validity

Reflecting on the dataset collection process, certain requirements would have enhanced the
representation and diversity of the final dataset. The absence of stratified sampling raises
concerns regarding the equitable representation of various age groups within our dataset. A
stratified sampling approach would have addressed potential biases and further contributed to

our dataset’s robustness.

Moving forward on this project, the incorporation of stratified sampling techniques is a

prospective avenue that can be explored to enhance the inclusivity and integrity of our dataset.
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In the future, We plan to systematically allocate the number of images per age bracket to
mitigate biases and ensure that our dataset encapsulates the full spectrum of age demographics.
This endeavour provides our commitment to methodological rigour and the pursuit of creating
excellent datasets. It upholds strict dataset-creation practices, enabling other researchers to

contribute to computer vision and Al.
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FIGURE 3.3: The figure shows the annotation tool’s simple yet effective
interface employed in constructing this dataset.

The first annotation task was to decide on a labelling software (Tzutalin 2015). We only
considered free software that gave us annotations in a format that We could use for formats
such as PASCAL VOC and YOLO. Regarding the versatility and compatibility of annotations,
Labellmg supports various annotation formats, such as machine learning frameworks, by
facilitating seamless integration into existing workflows. The software could provide cus-
tomised shortcuts for annotation and supports image zooming and panning. It also supports
collaboration, which ensures that the annotators can effectively collaborate and annotate large

datasets (Russell et al. 2008).
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FIGURE 3.4: The image shows a sample of the type of annotation that was
performed by the Annotators.

3.1.3 Labelling Attire

Building on our previous work (Yousuf et al. 2019) and responding to the challenges, We
assembled approximately 8000 images from the IMDb-wiki dataset. The images were
annotated for classification across 60 different attire classes. This resulted in the creation
of the IMDb-Attire dataset. Our central objective was to cultivate a comprehensive dataset
capable of facilitating entire detection within images that capture from diverse real-world

settings, including but not limited to live street surveillance cameras.

The IMDb-attire dataset exhibits a diverse range of image sizes as seen in Figure 3.5, spanning
from 22.2 megabytes to 8 kilobytes, reflecting the heterogeneous nature of image dimensions
encountered in real-world scenarios. Notably, the smallest image dimension observed within
the dataset measures 225x400 pixels, while the largest image attains dimensions of 2547x5320

pixels. This variance in image sizes stresses the importance of robust image processing



46 3 METHODS

techniques to accommodate diverse resolutions and aspect ratios encountered in practical

applications.
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FIGURE 3.5: Graph shows the size and width of every image in the dataset

In addressing the challenge of selecting appropriate labels for annotation within our research
framework, We explored various strategies to ensure comprehensive coverage of attire cat-
egories. Initially, We established a predefined set of labels, intending to adhere strictly to these
classifications. However, We encountered limitations with this approach, as it risked leaving
certain attire items unlabelled, particularly those that had yet to be anticipated during the initial
label definition phase. In response to this challenge, We adopted a more inclusive approach,
wherein We resolved to label any attire item present in the images, regardless of whether
it had been previously considered within our predefined set of labels. This encompassed a

broad spectrum of items individuals wore, extending beyond traditional clothing articles to
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accessories such as watches, bracelets, and culturally significant items like firearms in specific
contexts. This iterative labelling process unfolded recursively, progressively adding labels as

new attire categories emerged from the image data.

Upon comprehensive annotation, the IMDb-attire dataset revealed insights into the distribution
of attire classes across the dataset. Among the 60 labelled classes, “Coat" emerged as the most
prominently represented class, with 5,319 instances identified within the dataset. This obser-
vation underscores the prevalence and significance of coat-related Attire withinAttirennotated

image samples.

The IMDb-attire dataset (Yousuf et al. 2019) represents a concerted effort to curate a diverse
and comprehensive collection of images annotated for attire classification. The dataset offers
valuable resources for developing and evaluating attire detection algorithms tailored for real-
world applications, such as street-level surveillance and live image analysis, through manual
labelling and inclusion of images sourced from cinematic contexts. Moreover, the dataset’s
diverse range of image sizes and attire classes ensures its relevance and applicability across

various computer vision research and applications.
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3.1.4 Annotations in Detail
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FIGURE 3.6: The image shows Earrings in the foreground. Although the
background is blurred, a human can see that it is a woman, and she is also
wearing Earrings. The Earrings have been labeled.

In this section, We will present some sample images from my dataset. The dataset is an
asset to the computer vision community for developing, testing, and priming object detection
algorithms for real-world deployment. One of the main highlights of the dataset is that a
human can see a face and predict the age and gender. The face has been labelled. All the
different attire have been labelled. The dataset’s images represent various environments.
This includes urban settings, rural landscapes, and indoor and outdoor scenarios, reflecting
real-world conditions. Such diversity enhances the dataset’s versatility, enabling models to

adapt to different contexts and improving their performance across varied situations.
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FIGURE 3.7: The image captures a historical, featuring individuals in period-
specific clothing. Detailed annotations of different coats (person lying on the
ground) emphasise the dataset’s capability to handle diverse attire in different
settings.

Another aspect of the dataset includes images featuring multiple instances of the same or
different objects. This characteristic introduces a layer of complexity that is often encountered
in real-world settings. Also, the dataset includes different object sizes, and the same objects
are occluded. Objects within the images vary significantly in size, and many are partially
occluded, simulating realistic conditions that object detection models must accommodate.
This is crucial for training algorithms that are accurate and resilient to the diverse and

unpredictable nature of real-world environments.

A selection of images is presented so you can glimpse the dataset. These images visually
represent the dataset’s richness and diversity, highlighting its potential to support the advance-
ment of object detection technologies. By showcasing the variety of labels, environmental
diversity, multiple object instances, and the challenges of object size and occlusion, these
sample images highlight the dataset’s importance and its contribution to the field of computer

vision.
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FIGURE 3.8: Depicting a group photo at a formal event. The image highlights
the detection of multiple individuals in various attires, ages and genders,
demonstrating the dataset’s capability to handle diverse clothing styles and

age and gender in group settings.

FIGURE 3.9: Image in a casual indoor setting. The image features three
individuals engaged in a conversation, highlighting the dataset’s ability to
detect and differentiate human figures in natural, accurate, everyday scenarios.
The scene shows the importance of context-aware detection in dynamic envir-

onments.
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3.1.5 Annotation of Age and Gender

FIGURE 3.10: The faces of two men and two women are clearly visible, all
facing forward towards the camera. This image illustrates the dataset’s ability
to accurately detect and label facial features, age, and gender in a formal event
setting in crowded environments and with high visibility and varied facial
expressions.

FIGURE 3.11: The image demonstrates the dataset’s capacity to detect and la-
bel faces from different angles and in various lighting conditions, emphasising
age diversity in a natural environment.
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FIGURE 3.12: Image from the dataset showing a diverse group of individuals
outdoors. The scene includes men, women, and children, with faces visible
from various angles. This image highlights the dataset’s ability to detect and
label faces of different ages and genders in a group setting with varied lighting
and natural environment conditions.

FIGURE 3.13: Image from the dataset featuring three adult men engaged
in playful physical natural interaction in an outdoor setting. The men are
facing each other, with expressions indicating surprise and amusement. This
image demonstrates the dataset’s capability to detect and label faces with
diverse expressions and interactions, highlighting the ages and genders of
facial features in a dynamic context.



3.1 CONSTRUCTION OF DATASET

FIGURE 3.14: This image highlights the dataset’s ability to detect and label
faces of different genders and ages in varied professional contexts, incorporat-
ing diverse expressions and attire.

53
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FIGURE 3.15: Image from the dataset featuring a man in a suit sitting in
a studio setting, smiling towards the camera. This image demonstrates the
dataset’s capability to detect and label faces in professional and media-related
contexts. Also, the face on the screen is labelled, showing the dataset’s
extensive labelling.

The labelling of age and gender annotations depended on successfully detecting faces and
images. We decided to implement and test out Dlib (King 2009), Haar(Soo 2014), OpenCV
Dnn modules(Bradski and Kaehler 2000), retina face(Deng et al. 2020), DSFD (dual shot
face detection)(Li et al. 2019) and EXTD (extremely tiny face detector)(Yoo et al. 2019) on
a small subset of our primary dataset. The objective was to select the best available face
detection algorithm. And detect all the faces in our, 8000 images. After comparing these face
detection algorithms, We decided to use Retina-net as our initial experiment showed that it
was the best algorithm to suit our needs. State-of-the-art DSFD did not outperform retina net

in our experiments on our dataset.

After detecting the faces, We performed experiments where We tested existing age and gender
estimation algorithms on our test dataset. We tried different size bounding boxes on our face
images, including 0% to 60% of the surrounding area around the faces. We saw that most

algorithms worked well around the 40% mark, as pointed out by (Rothe et al. 2015).
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We created a small test dataset of around 150 images and rigorously tested procedures to
assess algorithm performance. We did not have reference ages for the test subjects in a
dataset; therefore, our evaluation primarily relied on subjective assessment and the naked
eye to visually inspect and judge the apparent ages depicted in the images. This qualitative
approach enabled us to gauge the accuracy of the algorithms in accurately estimating ages

relative to human perception.

To ensure the consistency and reliability of the annotation process, the annotations were
subjected to the validation process involving three different human annotators. This approach
enabled us to mitigate potential biases and discrepancies. The final age of the subjects was
determined through the consensus of the annotators. This was done after the artificial labelling
of age and gender by our chosen algorithm. This collaborative validation process enhances
the robustness and accuracy of the annotated dataset. Among the different age estimation
algorithms We evaluated, We found that the Retina net trained on the IMDb-wiki dataset
exhibited superior performance when applied to our dataset. This also demonstrated the
transfer learning in adapting pre-train models to label new datasets. Despite our efforts to
maintain accuracy and consistency throughout the annotation process, it is acknowledged
that human judgement is inherently subjective, and discrepancies may arise. Comprehensive
reviews of the annotated dataset were conducted to ensure accuracy and consistency, with

ongoing efforts to refine the annotation process and address any discrepancies that may arise.



CHAPTER 4

Results

First, we present a comprehensive overview of the evaluation metrics utilised in object
detection. Metrics such as mean Average Precision (mAP), True Negatives (TN), False
Positives (FP), False Negatives (FN), and the F1 score serve as the cornerstone for evaluating
detection performance. Precision, recall, and their interplay are explored alongside precision-
recall curves. This is crucial for assessing detection models’ effectiveness. Towards the end

of the chapter, we will discuss the results of our methodology and experiments.

Secondly, we present the results along with the comprehensive analysis. We then discuss our
dataset (RQ1). Afterwards, we provide detailed statistics on different labels within our dataset,
such as Age and Gender distributions, shedding light on the demographic composition of our
data. Additionally, we explore the diversity of backgrounds in our images while addressing

the challenges encountered during the annotation process across different classes.

We will also discuss some notable findings and insights gained from implementing state-of-the-
art algorithms on our dataset. This is followed by an investigation into image enhancement
techniques and the effect of different Face to Facial-Peripheral Ratio (RQ2) and image
enhancement (RQ3) on Age estimation and Gender classification of different Age and Gender
algorithms. We also offer insights into improving these tasks’ accuracy. Subsequently, we

delve into Age estimation, contrasting apparent Age with real Age detection.

Finally, we shift our focus to object detection algorithms based on our datasets targeting
different classes. We analyse the results of these algorithms regarding Age estimation and
Gender classification. We also provide valuable insights into the efficacy across various

demographic groups. Finally, we share our training parameters, including mean average

56
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precision; we also discuss and compare the accuracy of different algorithms on our datasets.
This also provides valuable insight into how these algorithms estimate Age and Gender in the

wild.

4.1 Metrics for Evaluating Object Detection

Different approaches have been developed to address the increasing demand for precise object
detection models. When evaluating and updating detection models, we look at two things.
First, we look at the coordinates of the bounding boxes, which measures the accuracy of
localisation of the bounding box. Secondly, we look at the correct identification of the object

that is being detected in that box.

Detection results typically contain different bounding boxes, confidence scores, and associated
classes. Object detection in various algorithms can have a different conception when imple-
mented; the standard output format of these files could significantly vary among different
detection algorithms. Nevertheless, bounding box representations are usually represented

with numbers that identify the box’s top left and bottom right coordinates.

Basics of commonly used metrics on which these object detection metrics have been built.
Ground truth: original bounding boxes labelled by annotators on an image with labels of
different classes.

True positive(TP): correctly detected Bounding box identified by an algorithm.

False positives(FP): incorrect detection of a bounding box by an algorithm. It means the
detector says there is a bounding box at this location. However, there is none.

False negatives(FN): Any ground truth bounding boxes not detected by the object detection
algorithm.

True Negative (TN): is not applicable, given the infinite number of bounding boxes not

expected in any image.
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FIGURE 4.1: In the image on the left, you can see the red bounding box as
annotated by the annotators. This is the ground truth for the face in this image.
You can see the green predicted bounding boxes in the image on the right
after the algorithm has been trained and implemented. It is not exactly on top
of the ground truth bounding box. You can also see another predicted green
bounding box, which shows a false positive.

These definitions rely on the Intersection over Union (IOU), a measure based on the Jaccard
Index (Jaccard 1901). IoU calculates the overlapping area between the predicted bounding box

(BoXp) and the ground-truth bounding box (BoX gt) divided by their union. The formula is:

area(BoXp N BoXgt)

BoXp, BoXgt) =1 =
J(BoXp, BoXgt) = 10U = o Xy U BoX gt)

4.1

A detection is considered correct if [oU > t (threshold), and incorrect if it is (oU < t).

Due to the absence of True Negatives (TN) in object detection, metrics relying on TN, such as
True Positive Rate (TPR), False Positive Rate (FPR), and Receiver Operating Characteristic
(ROC) curves, are not commonly employed. Object detection methods are primarily assessed

using Precision (P) and Recall (R) (Padilla et al. 2020). These are defined as:
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TP TP
P = = 4.2
TP+ FP  AllDetections (4.2)

TP TP
R 4.3)

- TP+ FN - AllGroundTruths

For object detection, we use Precision and Recall. Precision is the ability of a model to
correctly identify objects by representing the percentage of accurate positive predictions.
Recall identifies all ground truth bounding boxes indicating the percentage of correct positive

predictions from all provided ground truth.
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area(BoXp N BoXgt)

J(BoXp, BoXgt) = IoU = v
(BoXp, BoXgt) 0 area(BaXpUBngt)

FIGURE 4.2: In the image above, on the left, you can see the intersection of
the ground truth bbox and the predicted bbox. We consider the overlap region
between the ground truth and the prediction to calculate the intersection area
over union. After that, we calculate the area of both the overlapping regions
and add to it the area of the non-overlapping region, which is known as the
union of ground truth and prediction. This can be seen in the image on the
right. After that, we calculate the intersection over union by dividing the areas
of both regions.
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60
The Precision-Recall curve illustrates the trade-off between Precision and Recall at different

confidence levels associated with bounding boxes generated by a detector. An ideal object

detector should achieve high Recall (finding all ground-truth objects) while maintaining high
Precision (identifying only relevant objects). A high Area Under the Curve (AUC) on the
Precision-Recall plot suggests high Precision and Recall.

However, the Precision-Recall plot often exhibits a zigzag pattern in practical scenarios,

making AUC measurement challenging. Two common methods address this limitation: (i)

the 11-point interpolation and (ii) all-point interpolation. These two methods help smooth the

curve and enhance the accuracy of AUC estimation (Padilla et al. 2020).
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FIGURE 4.3: This is one of the results of our training. The left graph shows
the Precision and Recall of the label Coat, and the graph on the right shows
the label Cape. The graph on the left shows a high Recall and Precision with
AP of 85%. On the other hand, the one on the right shows the zigzag pattern

discussed above and AP of 39.11%.

The relationship between Precision and Recall in object detection gives rise to two more

concepts of quantifying the quality of object detection. The first is Average Precision (AP),

and the second is mean Average Precision (mAP).

Average Precision for 11-point interpolation:

1
APll = ﬁ Z Ijinterp (R)

Re0,0.1,....,0.9,1

(4.4)



4.2 DATASET CONSTRUCTION 61

Pinterp (R) = maxg_gs p P(R) 4.5)
All point Average Precision:
1
APall = ﬁ Z (Rn+1 - Rn) Pinterp (Rn—i-l) (46)
Pinterp (Rn+1) - maxﬁzﬁzjg P(é) (47)

The mean Average Precision (mAP) serves as a metric to evaluate the overall accuracy of
object detectors across all classes in a particular database. It is calculated by taking each

class’s average of the Average Precision (AP) values.

N
1
mAP = v z; AP; (4.8)

Here, APi represents the Average Precision for the i-th class, and N is the total number of

classes being evaluated. The mAP is the average of these individual AP values.

4.2 Dataset construction

Developing a dataset to cater to real-world environments posed significant challenges, as the
real world is very dynamic and diverse and comprises spanning wilderness, urban streets,
cluttered areas, and poorly lit places. Despite recent advances, the practical applications of
these algorithms require extensive manual image annotations (Bradski 2000). Attire mirrors
cultural norms and social standings and conveys personal attitudes and brand affiliations. This

attire recognition is useful in surveillance, fashion, and retail analytics.
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A: Original Image without any image Enhancement
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C: GFP-GAN based Image Enhancement

FIGURE 4.4: A: Original Image. B: Effects of EDSR on Image (Lim et al.
2017). C: GFP-GAN (Wang et al. 2021)
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4.2.1 Image Enhancement Techniques

Single-image super-resolution (SISR) has garnered substantial attention due to its ability
to enhance image details and quality. We focus on two particular works, “Enhanced Deep
Residual Networks for Single Image Super-Resolution” (EDSR) (Lim et al. 2017) and
“Towards Real-World Blind Face Restoration with Generative Facial Prior” (GFP-GAN)
(Wang et al. 2021).

Research (Wang et al. 2018) shows that image enhancement techniques can play an important
role in improving the quality of low-resolution and blurry images. Enhancing our images
can improve the accuracy of Age estimation and Gender classification, as they heavily rely
on facial features such as wrinkles in texture and facial contours. These features are not that
prominent in low-resolution images, which could lead to low performance in Age estimation
and Gender classification. Image enhancement, particularly techniques like SISR (e.g.,
EDSR), sharpens these features, making them more distinguishable and allowing the model
to make more accurate Age and Gender predictions. It also helps in the restoration of facial
images that might have been degraded due to noise, blurriness or other distortions. Using
super-resolution techniques can restore important facial features, resulting in better detection

results.

Image enhancement removes biases that may arise from varying image quality across different
age demographic groups. For example, if a dataset contains lower-quality images from a
certain age group, the model might be biased against accurately predicting that group’s age.
Enhancing all images to a consistent quality level ensures the model generalises better across

all age groups, leading to more accurate age predictions (Huang et al. 2017).

The application of the two techniques (GFP-GAN & EDSR) is quite different from each other.
We aimed to examine how the various algorithms will enhance Age estimation accuracy. It is
essential to remember that the EDSR is focused on improving the quality of low-resolution
images. In contrast, the GFP-GAN is more focused on restoring blind faces, such as images
that have gone under degradation or noise due to storage or elements. GFP-GAN is primarily

designed to restore facial features in such images. EDSR is focused on learning how to
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map low-resolution features to high-resolution targets. GFP-GAN has been trained on many
facial images to encapsulate prior knowledge of the intrinsic characteristics of human faces,
enabling the model to restore facial details and features without prior knowledge of the
degradation process. It also incorporates techniques like adversarial training and perceptual
loss to improve the quality of the image restored. Compared to EDSR, GFP-GAN was better
suited to our needs, and a few initial tests proved that, as seen in Figure 4.4. GFP-GAN
provided a better definition and information on facial images, as it was already trained to

address facial image enhancement.

One of the objectives was to enhance images RQ3 so that age estimation algorithms could
estimate age as closely as possible to that of human counterparts. We focused on state-of-the-
art algorithms to achieve this goal. We narrowed down the two best algorithms for the job
and then tested many Age estimation algorithms with many iterations of different scales of
the face image. After visually assessing the results of the best setting, we finalised the image
enhancement process. The significant effects of image enhancement on Gender identification
have been due to the biases in the IMDB dataset. Our experiments showed that GFP-GAN
had a far more significant impact on improving the accuracy of both Age and Gender, as

shown in Figure 4.4.

4.2.2 Dataset Statistics

We chose the IMDB-WIKI Dataset, which stands out as a renowned resource for Age
estimation and Gender-based research. Created by scholars at ETH Zurich, this dataset
comprises images sourced from IMDB.com, spanning movie scenes, backstage glimpses,
and real-life moments of over 100,000 actors across their lifetimes. In total, the dataset
encompasses 460,723 comprehensive images. A pertinent query arises: why choose this
specific dataset? Would it not be more efficient to define labels and then scour the internet
accordingly for targeted images? The rationale behind our choice lies in our research’s broader
implications and practical applications. We chose this dataset because of the availability of
different Age and Gender labels. After labelling Attire, our job of labelling ages and genders

would have been far easier than if we scrapped images from any other source.
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FIGURE 4.5: Bar graph showing statistics of 60 labelled classes in our IMDB-
Attire dataset (Yousuf et al. 2019).

We initially collected 3,500 images for our preliminary experiments, which later expanded
to 8000. Termed the IMDB-attire dataset (Yousuf et al. 2019), our selection was driven by
its diverse array of scenarios. The movie’s multifaceted settings provided a rich tapestry for
our research pursuits. We explored various approaches to address the challenge of selecting
labels for annotation. Initially, we opted to predefined and adhere to a set of labels. However,
this approach posed limitations, as certain things not previously considered would remain
unlabelled. Consequently, we pivoted to labelling anything classified as attire, encompassing
items worn by individuals beyond conventional clothing, such as watches, bracelets, and
culturally significant accessories like guns in specific contexts. Employing a recursive
labelling process, we continually augmented the label set as new attire categories emerged in

the images. After labelling 8000 images, our dataset comprised 60 distinct classes.
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4.2.3 Face Detection Results

We considered both contemporary state-of-the-art methods and classical deep learning ap-
proaches to choose the best face detection algorithm. After exploring the latest face detection
algorithms, we chose DSFD (dual shot face detector) (Li et al. 2019) and EXTD (Yoo et al.
2019)(Extended tiny face detector), as both of these algorithms were ranked very highly
on face detection accuracy. We also looked at deep learning algorithms such as Retina net
(Zhang et al. 2020) and MTCNN (multitasked convolution neural network) (Xiang and Zhu
2017). For comparison, we also looked at SSD (single-shot multi-box detector). We also
investigated four classical OpenCV-based detectors (Bradski 2000) to assess their efficacy on
our dataset. We curated a subset consisting of carefully selected 30 images from our main

dataset, manually annotating each image to establish a ground truth of 136 faces.

Name of Algorithm Faces detected False Positive False Negative
DSFD (Li et al. 2019) 159 14 9
EXTD (Yoo et al. 2019) 141 2 9
MTCNN (Xiang and Zhu 2017) 124 1 27
RetinaNet(Zhang et al. 2020) 132 0 4
DLIB (King 2009) 74 0 57
OpenCV(HAAR) (Soo 2014) 62 3 67
SSD(Liu et al. 2016c) 51 0 73

Ground Truth 136

TABLE 4.1: Comparison of different face detection Algorithms on our dataset

The outcomes of our experiments are provided in the table above. After our experiments
and quiet deliberation, we identified the Retina-Net as a primary face detection algorithm.
Its superior performance detected 132 faces out of the 136, with only four false positives.
DSFD and EXTD also performed well; however, many false positives overshadowed their
performance. The state of the art of algorithms also failed to capture many Faces. Retina-Net,
only missed around four faces, which was extremely hard to detect. On top of that, the

Retina-Net did not have any false positives.
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FIGURE 4.6: Image A and B are results from DSFD (Li et al. 2019), algorithm
performance varies as it fails to detect side poses of the face; it effectively
detects an occulted face.ExtD (Yoo et al. 2019) and Retina-Net (Zhang et al.
2020) miss the same face as shown in Figure F and D. Haar (Soo 2014) are
also not acceptable, as shown in Figure C.

As we can see in Figure 4.6, we can see the detection capabilities of DSFD, EXTD, HAAR,
and Retina-Net. A and B are DSFD results, and C and D are EXTD Results. Our results show
that Retina net performs better than the state-of-the-art algorithm DSFD, as can be seen by
comparing images A and F. Further experiments are required to assess the claims made in the

DSFD paper. As this is not the scope of our research, we will leave this for later.
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4.2.4 Face Alignment Results

Face Detection Alignment, Enhancement Pipeline for Age Estimation and Gender Classification
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FIGURE 4.7: The image shows how the face is detected in images and then
aligned. Afterward, a different ratio of the area around the face is selected,
and image enhancement techniques are applied. These images are then tested
on various Age Estimation and Gender Classification Algorithms.

The main purpose of face alignment is to ensure that the input faces in the images are of
consistent size, centered, and aligned to maintain a central facial position of all faces with
minimal background interference. There are many approaches to do this, from intricate
alignment techniques involving precise facial landmark detection and image wrapping to
applying face transformations to make sure that the nose of each face is in the same location

and the eyes are also in the same location, and so on.

While constructing our dataset, we faced the challenge of working with different datasets for
Age estimation and Gender classification. We also came across different algorithms trained
on these datasets. Most of the faces in these images were in the natural environment, and
in most datasets, people’s faces were in uncontrolled positions rather than centered frontal
poses. Through extensive experimentation, it was evident that each algorithm operated by

its pipeline, unique to its dataset and tailored to the dataset it handled. If we wanted to
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reproduce the same results, we had to follow the pipeline exactly. Initially, we decided to
develop and integrate our facial alignment technique into our solution. The Age estimation
and Gender classification algorithms were applied with disappointing results after applying
our facial alignment technique to the dataset. Recognising our shortcomings, we opted for the
pre-processing pipelines established by individual researchers for their respective algorithms.
This decision showed some improvement in the accuracy of the results of different estimation
algorithms on our dataset. Finally, we decided to use the same algorithm and pre-processing
pipelines because the dataset was a subset of the IMDb-Wiki dataset. Naturally, it produces
the best results when predicting Gender and Age labels on the IMDb attire dataset. Building
upon this insight, we integrated the robust Age alignment technique into the processing

pipeline.

Visual assessment was a crucial validation step in our methodology, affirming the efficacy of
integrating and establishing Age alignment techniques in our framework. These empirical
observations highlighted the importance of visual value in evaluating the performance of
estimation algorithms. The robust face alignment procedure diverged from conventional
methods focusing on pixel-perfect precision. Our experiments demonstrated that it is superior
to the lay and Mark-based approaches. This is also apparent from the LAP challenge (Ponce-
Lépez et al. 2016), where the failure rate is around 1% compared to landmark techniques’ 5%

failure rate.
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4.2.5 Training Charts
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FIGURE 4.8: Training loss curves for various object detection models. The
graphs depict the loss convergence over iterations for AutoAssign, DETR,
RetinaNet, CentripetalNet, FRCNN, SSD, DDOD, Guided Anchoring, TOOD,

YOLO, and YOLOF. Each plot shows the model’s performance during training,

highlighting differences in learning rates and stability across different architec-

tures.
After implementing state-of-the-art algorithms on our datasets and looking at the specific
components of contemporary object detection algorithms, we critically examined the respect-
ive strengths and limitations. We looked at the loss function, which consists of two types
in object detection: the classification loss, typically represented by cross-entropy loss, and
the regression loss. Cross-entropy loss, which is commonly employed, tends to overlook the
inherent class imbalance in most datasets, prompting researchers to investigate alternative loss

functions, such as focal loss, to address this issue. Progressing the bounding box coordinates

helps minimise the disparity between the ground and predicted bounding boxes.

We also looked at prediction methodologies, which looked at two predominant approaches:
Anchor boss prediction and key point-based bounding box prediction. The anchor-based
prediction used by algorithms such as SSD (Liu et al. 2016¢) and YOLO (Jiang et al. 2022)

uses presets and boxes where we expect the object to be present in the images, which prolongs
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the training time; however, they are quicker regarding prediction time. Another issue is that
anchor sizes must be customised according to the dataset. In comparison, key point prediction,
which is used by algorithms such as deter, which are transformer-based, tries to address the
limitations associated with anchor-based strategies. Transformer-based detectors, notably
exemplified by DETR (Carion et al. 2020b) and analogous approaches, represent a paradigm
shift in object detection, leveraging key point-based methodologies to achieve breakthroughs
in accuracy and efficiency. DETR, along with its counterparts such as Center-Net (Duan et al.

2019), embodies the transformative potential of this approach.
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4.2.6 Results of Face to Facial-Peripheral Ratio
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FIGURE 4.9: The image compares different ages at different area ratios around
the face. We can see a clear improvement in Age and Gender results after se-
lecting 40% of the area around the face. Column C and a further improvement
can be seen in column E, where super-resolution is applied to the face image.
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In this section, we discuss RQ1 and RQ2 by referring to Figure 4.9, containing sample figures
generated during the creation process of our dataset. We address the impact of incorporating
different percentages of area around a face and applying image enhancement on images to
see their effects on the results of deep learning algorithms trained to predict age and gender.
Figure 4.9 contains faces of varying ages, incorporating different percentages of the area
around the face, before inputting it into the age estimation algorithm. Figure 4.9 compares
results of age and gender on facial images with different face area ratios with and without

image enhancement techniques.

Our second research question focuses on how incorporating different percentages of areas
around the face helps deep learning algorithms predict age and gender. The sample images
we provided show that incorporating the area around the face before passing the image to
age estimation and gender classification algorithms can greatly affect prediction accuracy, as

shown in Table 4.2.

In Figure 4.9, we can see that in column A, around 0% of the area around the face has been
incorporated. Column B incorporates around 25% of the area around the face. Column C
incorporates around 40% of the area around the face. Column B incorporates 60% of the
area around the face in the wild. Column E is the same as column C but with an image

enhancement technique, the GFP-GAN algorithm.

Age prediction is arguably acceptable in columns A and B, where the minimal area around
the face has been incorporated. However, the Gender classification is very poor, as many
females have been classified as males. The context around the facial features is limited, and

the algorithm struggles with ambiguous features.

In column D, we see that around 40% of the area around the face has been incorporated, and
we noticed that a remarkable improvement in both Age and Gender prediction is observed.
We can conclude that incorporating more contextual information around the face helps these
deep-learning algorithms predict age and gender more accurately. The algorithm looks at
relevant features such as clothing earrings and other background elements, contributing to a

more accurate prediction of Age and Gender.
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When we look at column D, where around 60% of the area around the face has been incorpor-
ated, we still get predictions, but with diminishing returns. There is a balance around how
much area we should incorporate around a face to get the best results in the wild. The study
suggests that too much area around the face might introduce more noise than useful context,
and the algorithm’s ability to estimate age and gender accurately is weakened. The dataset
demonstrates that around 40% of the surrounding area around a face provides a balance

between contextual information and relevant facial features.

4.2.7 Image Enhancement Results on Age and Gender Prediction

Our third research question (RQ3) was how image enhancement techniques such as super-
resolution and GFP-GAN affect apparent Age and Gender estimation. Our experiments show
that image enhancement techniques, especially Generative Facial Prior GAN, are important
in improving the apparent age and gender estimation of faces. Suppose you look at column
C and column E in Figure 4.9. In column C, we have around 40% of the area around the
face, and column E has the same face again where GFP-GAN has been applied. We can
see that in column E images, because of the application of GFP-GAN, there is a significant
improvement in the clarity and detail of facial images. Some black and white images have
also been coloured because of GFP-GAN. Especially when we look at different races, such as
images of females of African descent, who are usually classified as males. However, applying
image enhancement techniques helps deep learning algorithms correctly classify them as
females. In our experiments, we also saw that image enhancement techniques helped Age
estimation and Gender classification algorithms classify faces in the background and also
helped identify images of faces that were blurry or unfocused. It is reasonable to infer that
such advanced enhancement techniques further boost prediction accuracy. GFP-GAN can
generate realistic, high-resolution facial details, enhancing the model’s ability to interpret

age-related features accurately and reduce errors in gender classification.

Concluding, approximately 40% of the surrounding area around the face provides a decent

balance of contextual information and facial features. At the same time, super-resolution
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techniques such as GFP-GAN can also affect the accuracy of the prediction of deep learning-

based age and gender estimation algorithms.
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4.2.8 Age and Gender Results on state-of-the-art algorithms

Method Top 5 Ages Gts Dets Recall AP mAP_5
Guided Anchoring 52 102 821 0.951 0.344 0.310

42 69 614 0971 0.312

25 167 1034 0.898 0.305

40 47 849 0.787 0.294

24 51 534 0922 0.294
Auto Assign 63 8 50 0.5 0.837 0.782

40 69 460 0.87 0.829

52 102 736 0.804 0.761

20 123 823 0.813 0.753

24 51 474 0.843 0.733
DETR-Deform 7 2 10 0.5 0.5 0.415

40 7 216 1 0.443

57 19 239 0947 0407

42 69 589 0.957 0.386

52 103 838 0.961 0.339
DETR 57 19 53 0.737 0.53  0.406

13 2 4 0.5 0.5

40 8 15 0.5 0.361

40 7 50 0.571 035

17 2 28 1 0.292
DDOD 42 69 830 0.899 0.234 0.221

25 167 1084 0.784 0.227

40 7 268 1.000 0.330

20 123 997 0.764 0.164

52 102 1103 0.833 0.151
FRCNN 57 19 39 0.789 0.498 0.377

24 51 160 0.725 0.361

42 69 131 0.638 0.36

52 103 220 0.66 0.334

40 167 416 0.653 0.332
SSD 42 69 498 0.928 0.322 0.289

57 19 117 0.895 0.291

24 51 426 0922 0.29

28 76 595 0.882 0.275

40 7 94 0.714 0.269
TOOD 63 8 91 0.75  0.469 0.402

57 19 109 0.895 0412

40 69 280 0.899 0.406

52 102 555 0971 0.382

37 96 608 0.885 0.342
YOLOV3 40 6 16 0.333  0.333 0.306

52 103 430 0.786 0.325

57 19 83 0.737 0.303

20 124 531 079 0.289

42 69 231 071 028
YOLOF 63 8 131 0.625 0.357 0.313

40 102 811 0.892 0.322

42 69 553 0928 0.314

20 123 1004 0.854 0.3

24 51 603 0922 0.271

TABLE 4.2: mAP of top 5 age labels compared against different methods.
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This section focuses on answers (RQ1) and shows the results of state-of-the-art algorithms
trained on our datasets. We found that most of the algorithms could cater to the diverse nature
of the problem. However, some algorithms, such as DDOD, failed to accommodate all the
different labels as shown by table 4.2. Similar to attire labels, we evaluated the efficacy of
the dataset on various object detection algorithms to see how these detectors would perform
under such a complex task. We also wanted to see the dataset’s effectiveness in the real world.
For Age, we assessed each of the algorithms based on recall, average precision, and mean of
every position in the top five ages, enabling us to comprehensively compare the performance

of these object detectors on our dataset.

The object detected that stood out the most was Auto assigned, which demonstrated a
performance of 0.782 on the top 5 edges predicted on the validation dataset. Remember
that the detector was simultaneously trained on both agenda and 60 different attire labels.

Auto-Assign showcased significant potential for real-world applications.

Transformer base algorithms such as DETR-Deform and DETR also emerged as competitive
performances by consecutively achieving a mean precision of 0.415 and 0.406. DDOD (Chen
et al. 2021), FRCNN (Liu et al. 2016d), SSD, TOOD, YOLOvV3, and YOLOEF. These methods
present varying performance levels in Age estimation, with mAP scores ranging from 0.221
to 0.402. Notably, TOOD (Feng et al. 2021a) stands out with remarkable recall and average
precision values, suggesting its potential suitability for Age estimation tasks requiring high

precision and recall.
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Comparison of Recall, AP, and mAP_5 (Sorted by mAP_5)

Recall
AP
08 MAP_5
0.6
0.4
0.21
00 O © < S & S O Q- Qo
F & & O & T F ¥
o s <9
N &
< Q
\-\}\6
)

FIGURE 4.10: The Chart gives a visual comparison between the different Al-
gorithms. It compares Recall, Average Precision and Mean Average precision
of the top 5 Ages in each Algorithm.

The chart shows a clear ranking among the algorithms. We can see that in the case of Age
estimation, Auto Assign (Zhu et al. 2020a) outperforms all the other algorithms when it
comes to mAP and AP. DDOD algorithm performed the worst in terms of Average precision,
however it had one of the highest Recall. This indicates a gap between its retrieval capability

and precision.

One thing that stood out was how different algorithms achieved recall and average precision
on different ages on the same dataset. Almost all the labels in the top five categories were
identical. These findings lay the groundwork for future research endeavours to advance Age

estimation techniques and improve their applicability in real-world scenarios.
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4.2.8.1 Mean Absolute Error of Ages on facial Images

Method MAE % faces detected
AutoAssign 6.536 66.667
SSD 6.63 62.879
FRCNN 6.852 98.485
DETR 6.901 97.727
DETR-Deform 6.971 82.576
Guided Anchoring 7.309 76.515
YOLOvV3 7.325 61.364
YOLOF 7.593 84.848
Retina Net 7.678 90.909
TOOD 7.876 97.727
DDOD 11.709 85.606

TABLE 4.3: Mean absolute error (MAE) between the human-annotated ap-
parent ages and the predicted ages from different methods on the test set. The
percentage of faces detected is also on the test set.

The table 4.2.8.1 offers a deeper insight into these algorithms’ performance. The analysis
also provides validity to the dataset, and different algorithms are trained on it. The MAE
values across different methods range from 6.536 to 11.709, reflecting the degree of deviation
between the predicted ages and the human-annotated apparent ages. AutoAssign, SSD,
FRCNN, DETR, and DETR-Deform demonstrate relatively lower MAE values, indicating

higher Age estimation accuracy than other techniques.

Overall, Auto-assign stands out with the lowest mean absolute error of 6.536; however, if you
look at the face detection percentage on the test data, it has one of the lowest, 66.667%. this
shows us that although it has a low mean absolute error, the algorithm itself doesn’t perform
well on the dataset as the number of faces it detects is very low. The highest mean absolute
error was presented by DDOD of 11.709. FRCNN of 98.485% achieved the highest accuracy
when it comes to face detection. It also achieved a mean absolute error of 6.852. So, regarding
Age estimation in the wild, Faster RCNN outperformed even transformer-based algorithms

on our dataset.
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4.2.8.2 Gender Precision on Dataset
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FIGURE 4.11: Average precision of different algorithms to predict the gender
on our dataset.

Figure 4.11 compares the average precision of different algorithms in predicting the gender
on our dataset. Notably low average precision is exhibited by YOLOF for both male (0.58)
and female (0.53) genders. This could be attributed to various factors such as the algorithm’s
model complexity, feature requirements, and general prediction tuning. Data augmentation,
feature engineering, and other hyper-parameter fine-tuning can address this slow average
precision on our dataset for YOLOF. When detecting and predicting female genders, DETR-
Deform outperforms every other algorithm. DETR-Deform exhibits an average precision of
0.89 for female and 0.91 for male. Compared to DETR-Deform, DDOD has the same average
precision in predicting the male gender, but a slightly lower average precision (0.87) when
predicting the female gender. DETR and guided anchoring methodology are closest to the

mean of combined prediction capabilities of all the different algorithms.
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4.2.8.3 Attire Detection Results on the state-of-the-art algorithms

Method Top 5 Classes Gts Dets Recall AP mAP_5
Guided Anchoring Coat 348 1181 0.948 0.854 0.785
Tie 161 528 0.882 0.828
Hat 54 245 0907 0.777
Jeans 111 475 0919 0.753
Dress 178 895 0916 0.713
Auto Assign Tie 161 872 0919 0.837 0.765
Coat 348 1952 0.957 0.829
Jeans 111 656 0.883 0.761
Glasses 110 688 0.845 0.753
Hat 54 351 0.889 0.733
DETR-Deform Tie 161 508 0.925 0.871 0.8336
Coat 348 1340 0.931 0.854
Jeans 111 594 0.883 0.779
Glasses 110 525 0.855 0.779
Dress 178 1218 0.904 0.748
DETR Coat 348 5052 0.934 0.835 0.805
Tie 161 541 0.839 0.794
Glasses 110 414 0.791 0.747
Jeans 111 774 0.829 0.71
Dress 178 2855 0.882 0.706
DDOD Coat 348 1275 0.931 0.819 0.785
Tie 161 595 0.888 0.8
Jeans 111 552 091 0.759
Dress 178 967 0.91 0.668
Hat 54 304 087 0.661
FRCNN Coat 348 482 0.899 0.843 0.7414
Tie 161 181 0.857 0.814
Glasses 110 125 0.8 0.742
Hat 54 62 0.778 0.741
Jeans 111 130 0.793 0.727
SSD Coat 348 1802 0.948 0.843 0.7296
Dress 178 1118 0916 0.699
Jeans 111 713 0.901 0.691
Hat 54 471 0.815 0.688
Tie 161 1201 0.851 0.638
TOOD Coat 348 798 0.957 0.881 0.8162
Tie 161 372 0.901 0.848
Jeans 111 295 0928 0.817
Hat 54 191 0.87 0.788
Dress 178 496 0916 0.76
YOLOvV3 Coat 348 773 092 0.84 0.749
Tie 161 337 087 0.793
Glasses 110 338 0.836 0.749
Jeans 111 287 0.829 0.686
Hat 54 176 0.833 0.677
YOLOF Coat 348 773 092 0.84 0.714
Tie 161 337 087 0.793
Glasses 110 338 0.836 0.749
Jeans 111 287 0.829 0.686
Hat 54 176  0.833 0.677

TABLE 4.4: AP of top 5 attire labels for applied object detection methods
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The table 4.2.8.3 focuses on the evaluation of state-of-the-art algorithms for object detection
on the dataset, encompassing analysis of diverse performance metrics such as precision, recall,
and mean average precision, aims to test the algorithms on the dataset and also see whether

the dataset is comprehensive enough to be deployed in the real world.

In table 4.2.8.3, Guided anchoring demonstrated excellent recall rates across the top five
categories, especially when detecting Coats. The mean average Precision score of 0.785
suggests moderate accuracy across the top five attire categories. This also provides insight
into the designing and implementation of the method, highlighting a drawback of relying on
an anchor-based approach, which is susceptible to the challenges of high in-class imbalance
regarding the size of the detected objects as we did not fine-tune these algorithms to our
datasets. As a result, the method may successfully identify instances of coats and ties with
high recall rates. The method’s robustness in detecting smaller objects like Ties and Hats
is evident. The precision of these detections may vary due to inaccuracies in anchor box
placement and sizing, leading to fluctuations in average precision metrics. We believe that by
fine-tuning this algorithm according to our dataset, the average precision can be improved

across all attire labels on our dataset.

Another algorithm, Auto-Assign, With a mean average precision score for the top five attire
labels of 0.765, is attributed to the design of this algorithm. The Auto-Assign approach
to update detection utilises a mechanism that automatically assigns positive and negative
samples during training to optimise detection performance. However, this mechanism might
not have been very effective on our dataset. The reason is that attire items exhibit significant
variations in appearance, texture, and context, and automatically assigning samples might lead
to some optimal training outcomes, resulting in lower Precision levels. One of the algorithms
detected glasses as one of the top attires, which suggests that this method May excel in
detecting certain attire items. However, we believe that carefully optimising and designing the
Auto-Assign architecture to our specific dataset has the potential to achieve higher precision

levels and be more consistent across attire categories.

Transformer-based object detectors such as DETR-Deform and DETR stand out as top

performers, showcasing exceptional performance across all metrics. DETR-Deform achieves
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an outstanding mean for every Precision of 0.8336 in the top five attire classes.The method’s
strong performance across most attire labels, particularly in detecting Dresses and Coats,

shows its adaptability.

Comparing DETR-Deform and DETR with other detectors, such as Guided Anchoring
and Auto-Assign, further elucidates their relative performance. Guided Anchoring, while
exhibiting commendable recall rates, demonstrates a lower mAP with a score of 0.785,
suggesting moderate precision across the top 5 attire categories. Similarly, Auto Assign
showcases a slightly lower mAP score of 0.765, indicating slightly lower precision than
DETR-Deform and DETR. The attention mechanism and the deformable Transformer layers
allow DETR-Deformable to dynamically adjust the sampling location of feature maps and
enable the models to adapt to the different variations in attire shapes and sizes, leading to a
more accurate and precise detection. We aim to develop a dataset that would enable algorithms
to be deployed in real-world scenarios. Transformer-based methods such as DETR-Deform
and DETR, which capture structural information and object relationships, perform better than

their counterparts.

DDOD, FRCNN, SSD, TOOD, YOLOv3, and YOLOF: These methods show varying perform-
ance levels across different attire categories. While some achieve high recall rates for specific
attire items, others show more balanced performance across multiple categories. TOOD
stands out with its high recall and average precision values for coats and ties. One noteworthy
observation is the trade-off between precision and recall in methods like FRCNN, which,
despite having a moderate mAP_5 of 0.714, exhibits lower recall, indicating potential issues
with missed detections. This suggests that while FRCNN might be accurate when it does
detect an object, it is less consistent in finding all instances of an object, which is important in
real-world deployment of attire detection applications.YOLOV3, despite its popularity, lags
behind with a mAP_5 of 0.749, potentially because of its limitations in detecting smaller
or more complex attire objects. The significant performance difference between SSD and
DDQOD further emphasises the importance of modifications in the architecture of modern

deep-learning object detection frameworks.
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Comparison of Recall, AP, and mAP_5 (Sorted by mAP_5)
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FIGURE 4.12: The chart shows a clear Ranking of Algorithms according to
mAP@5. DETR-Defrom was the best-performing Algorithm, followed by
TOOD.

Transformer-based methods such as DETR-Deform and DETR, which capture structural
information and object relationships, perform better than their counterparts. However, further
experimentation and fine-tuning may be warranted to optimise detection performance for

specific attire items, such as dresses and hats, across all methods.

Researchers can further use the findings from this evaluation to assess the practicality of
these object detection algorithms and the promise they hold for real-world applications that
require precise estimation from facial images. In conclusion, We believe that this study offers
valuable insight into the performance of our dataset in real-world scenarios and sheds light on
not only object detection algorithms and their practicality in real-world deployment but also

elaborates and examines face detection, alignment, and image enhancement techniques.
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4.2.9 Applicability in Real-World Settings
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FIGURE 4.13: Snapshots of Implementation System in Mall Setting.

To implement the proposed solution in a mall-like setting, we use a mall video (Stock Mall
Video n.d.) for detecting faces. We then predict ages, gender, and classify attire of the people
in the mall video. The video of the implementation showing the bounding boxes and the
predicted age, gender, and attire is shown in (Mall Video Classification Results 2024). When
it comes to predicting age, the solution works best on the age bracket 20-50 and struggles to
correctly identify children because of the training data it has been trained on. A couple of

snapshots of the video can be seen in Figure 4.13. In addition to testing the deployment in a
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Mall, we also developed an Android App whose APK can be downloaded from (AndroidApp
2024).

4.2.10 Heatmaps Providing Insights

FIGURE 4.14: Top: The top two images are taken approximately 1 second
apart. The left image shows initial predictions, while the right image shows
heatmaps to highlight areas where the model focused its attention as the per-
sonnel moved, offering insight into the detection process. Bottom: Heatmap
visualisation of detections in a busy shopping environment. The model’s focus
on faces and upper bodies is highlighted, with warmer colours indicating
higher attention, aiding in understanding detection patterns and potential bi-
ases.

Looking at our objective of simultaneous Age, Gender and Attire detection in the wild. I
decided to study in depth one of the variations of the YOLO algorithm, you only look one. I

choose this algorithm (YOLOV3) because of its effectiveness in real-time object detection
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scenarios. Its ability to perform accurate prediction quickly in real time made it suitable for

our task of studying in depth how these algorithms would perform in Real-time.

To develop a deeper understanding of how a real-time object detector would make its predic-
tions, I generated heat maps that provided a visual representation of the areas within images
and showed where the model concentrated its attention during detection, as seen in Figure 4.14.
The heat maps allowed us to analyse and visually inspect the features and regions of different
labels that the model deemed most relevant for prediction. This insight was invaluable in
confirming that the model was focusing on appropriate and expected regions—such as facial

features for age and gender prediction and specific attire elements for clothing classification.

The heat maps also showed an important model behaviour of label bias. Looking at the
regions that influence the model’s decisions, I was able to identify potential bias in the
model’s detection process. For example, the model focused its attention on certain attire types,
ignoring the environment (context), which resulted in skewed prediction. Identification of
such biases informed us about the current limitations of our model and also provides with a

direction for future improvement.

In conclusion, the generation of heatmaps provided a powerful combination for both efficient
detection and deep interpretative analysis within our thesis. These tools allowed us to critically
evaluate and understand the underlying behaviour of our models, setting the stage for further

refinement and research in this area.

Future research could explore advanced XAI techniques that go beyond heatmaps, such
as feature importance analysis or counterfactual explanations, to further improve model
transparency. Furthermore, addressing the label bias identified in our model could involve the

development of fairness-aware algorithms or more balanced training datasets.

While our focus has been on real-time detection, future research could investigate how the
findings from this study, particularly the use of XAlI, can be leveraged to optimise models for
low-resource environments. This could involve reducing model complexity without sacrificing

accuracy and ensuring that age, gender, and attire detection systems are both effective and
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accessible in a wide range of deployment scenarios. For our study, we trained and deployed

low-resource variants of YOLO on Android applications.



CHAPTER 5

Conclusion

In the previous chapter, we presented the results of our experiments. In this chapter, we
conclude the thesis by summarising our findings and discussing potential avenues for future

work.

5.1 Concluding Remarks

The research conducted in this thesis and the newly created dataset has the potential to open
new research avenues in computer vision by integrating face, apparent age estimation, and
attire detection into a unified framework. The dataset that has been curated has extensive
labelling present in the wild, and a variety in the number of faces and the ages of faces. Faces
have also been provided in the dataset, cropped and aligned from every image in the dataset,
and a dataset with image enhancement through GFP-GAN is also provided. Datasets and
their implementation on various state-of-the-art algorithms have demonstrated that some deep
learning algorithms can cater to the real-world environment. This is demonstrated through
high average precision values for face detection, gender prediction, attire detection, and low
mean absolute error values for apparent age estimation. This performance of deep learning
algorithms can only be achieved when a carefully annotated dataset is present. Later in this
chapter, we also shed light on extending the current findings of this research and exploring

further challenges that have arisen during this research.

This thesis has extensively examined face detection, age estimation, attire detection, and
related datasets. We have successfully introduced a novel dataset, the first of its kind, that can

be used to train deep learning algorithms to simultaneously estimate age, gender, and attire.
89



90 5 CONCLUSION

This addresses our first research question (RQ1), that whether deep-learning architectures can
cater for multi-task and multi-class labelling. Our experimental results demonstrate that deep
learning algorithms can cater to diverse, multi-labelled, complex data. Furthermore, these

algorithms can perform better with hyper-parameter tuning and customise loss functions.

Our analysis demonstrates that certain deep learning algorithms, namely AutoAssign, SSD,
FRCNN, DETR, and DETR-Deform exhibit superior performance in apparent age estimation,
achieving a mean absolute error of less than 7. Conversely, DETR-Deform, YOLOv3, DDOD,
and DETR-Deform are particularly effective for gender prediction, exceeding an average
precision of 0.85 for both male and female genders. Finally, in attire detection, DETR,
DETR-Deform, and TOOD exhibit a mean average precision of greater than 0.8. Among the
algorithms that we analysed, DETR-Deform is the only one that performed effectively for
each task. This is because the deformable attention mechanisms in DETR-Deform enables
the model to dynamically adjust the spatial sampling locations for attending to features during
object detection tasks. This, in turn, improves the model’s ability to localise objects accurately
in complex scenes. This unique feature contributes to the effectiveness of DETR-Deform in

multi-class labelled object detection tasks compared to other deep learning algorithms.

For our second research question (RQ?2), we observe whether incorporating different percent-
ages of the area around faces impacts the outcomes of deep learning algorithms in predicting
age and gender in the wild. Based on our experimental results, we can conclude that incor-
porating contextual information around the face (~ 40% area around the face) helps these

deep-learning algorithms in predicting age and gender accurately.

Our last research question (RQ3) examines whether image enhancement methods affect age
and gender prediction in the wild. We explored the effects of image enhancements on age and
gender estimation. We notice that the image quality did not only affect the accuracy of face
detection and age estimation, but it was also instrumental in improving the accuracy of gender
classification (see Figure 4.9). Based on our findings, we recommend that image enhancement
techniques should be made a regular part of deep learning-based object detection systems for

real-world applications.
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5.2 Future Work

Researchers can further explore the optimisation and enhancement of algorithms to enhance
performance and efficiency. More efficient deep learning models, such as GAN-based
architectures or Transformers with customised loss functions, can be trained and researched

to further enhance the understanding of these algorithms.

Researchers can further explore and expand the data set. While very comprehensive, the
data set can be changed to include more diverse visual representations, such as clothing from
different cultures and traditions. This internship will improve the accuracy and precision of
algorithm strain on the dataset, and the algorithms can be deployed globally in real-world

environments.

Researchers can focus on refining the algorithms by developing multitasking learning frame-
works capable of efficiently handling diverse labels in real-world environments. The dataset
can be used as a benchmark to test these algorithms and real-world environments. Another im-
portant thing that could be explored is improving the real-time processing of these algorithms
by using this dataset to be deployed in dynamic street scenes or surveillance footage that can

expand various research avenues.

The role of image processing and enhancement of images to improve the accuracy of detec-
tion and classification models was also shown in this research so that researchers can further
explore the effect of image enhancement algorithms on object detection algorithms. Research-
ers can explore various techniques to cater to different lighting conditions, occlusions and
complex backgrounds. Researchers can also explore face alignment methods and techniques

to compare age estimation and gender classification results in the wild.

One of the major concerns that have risen since the application of this research is the ethical
and practical challenges of face detection, agitation gender classification, and attire detection.
Future research should focus on ensuring the privacy and security of all people at all times.
One avenue of research that could be targeted is addressing biases in these datasets and models

to ensure that these algorithms are fair in their judgement across all races. Research into this
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topic can also focus on the deployment of these algorithms on edge devices, mobile devices
and the cloud. Researchers can look to optimise these models to be deployed on low-power
mobile devices. Extensive real-world testing is also required to validate the effectiveness and

reliability of these models.

The integration of age, gender, and attire detection holds immense potential for various
applications. However, it is crucial to prioritise fairness, transparency, and ethical considera-
tions throughout the process. By expanding datasets, refining algorithms, optimising image
pre-processing, and addressing societal implications, we can create robust and responsible
computer vision systems for the future. The research carried out in the thesis lays a promising

foundation for further exploration in this domain.
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