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Abstract

In this thesis, e cient deep learning methods are designed and implemented to solve
classi cation and segmentation problems in two major areas of health informatics
domains, namely pervasive sensing and medical imaging. In the area of pervasive
sensing, this thesis focuses only on food and related scene classi cation for health
and nutrition analysis. Recent studies show that it is important to know: where

we eat? and what we eat? for properly monitoring our health conditions. To
address those issues, deep learning models are employed by classifying food and
related places. Moreover, the entire environment (e.g. create new datasets,
models selection, parameter optimization, etc.) is prepared for this research.
To handle the rst issue, where we eat? a new dataset is developed, named
FoodPlaces , which consists of 35 food-related places form di erent public datasets.
Later, dierent state-of-the-art convolutional neural network (CNN) models are
evaluated on this dataset by ne-tuning their parameters using transfer learning.
Inspired by the outcomes of the rst analysis, another dataset is developed, named
EgoFoodPlaces , using the wearable camera with 22 food places where a user of the
camera, called rst-person, often visited. Afterwards, a new architecture based
on multi-scale atrous convolutional networks is designed, named MACNet, for
evaluating image-level classi cation on this dataset. An overall comparable accuracy
is achieved in this experiment for all classes of this dataset, where each class refers
to a dierent food place, such as bar, co ee shop and restaurant, etc. In order
to study the temporal information and correlation between the frames captured by
the egocentric camera, the problem is rede ned based on the appropriate temporal
intervals (period of stay). This period is then split into a set of events which

is a sequence of correlated frames. Thus, a novel attention-based deep network,
named MACNet+SA , is introduced using previously de ned MACNet model with
self-attention mechanism for improving the classi cation rate of food places. The
model MACNet+SA has set a state-of-the-art classi cation result using event-level

analysis of egocentric photo-streams using EgoFoodPlaces dataset. To deal with



the second issuexhat we eat?another new dataset is developed with food attributes,

called Yummly48K , which aims to analyze food nutrition by classifying cuisine and

food avour. Eventually, a multi-scale convolutional network is presented, named

CuisineNet , which is designed by aggregating convolution layers with various kernel
sizes followed by residual and pyramid pooling module with two fully connected
pathway. This model is introduced to solve the multi-modal classi cation problems

for cuisine and avours.

In the eld of medical imaging, this thesis targets skin lesion segmentation
problem in the dermoscopic images. In this research, two novel deep learning
models are introduced to accurately segment the skin lesions. Firstly, a robust
deep learning model is designed as an encoder-decoder network, called SLSDeep .
The encoder network in SLSDeep is composed of dilated residual layers, in turn, a
pyramid pooling network followed by three convolution layers is used for the decoder.
Moreover, a new loss function is formed by fusing both Negative Log-Likelihood
(NLL) and End Point Error (EPE) to accurately segment the melanoma regions.
Secondly, a lightweight and e cient model based on Generative Adversarial Networks
(GANSs), called MobileGAN, is proposed for skin lesion segmentation. The
MobileGAN combines 1D non-bottleneck factorization networks with position
and channel attention modules in a conditional Generative Adversarial Networks
(cGANs) model. The proposed model has only a few (2.35 million) parameters and
is faster than the other state-of-the-art models. The International Symposium on
Biomedical Imaging (ISBI) 2016, 2017 and International Skin Imaging Collaboration
(ISIC) 2018 benchmark datasets are used for the skin lesion segmentation task
for evaluating the proposed models. Both proposed models present comparable
and better segmentation accuracy than the state-of-the-art skin lesion segmentation
models.

Keywords: Deep Learning, Wearable Device, Food Places Classi cation,
Convolutional Neural Network, Recurrent Neural Network, Skin Lesion
Segmentation, Dilated Convolutional Neural Network, Generative Adversarial
Network.
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Chapter

Introduction

1.1 Motivation

Today, Articial Intelligence (Al) is a ourishing area with lots of practical
applications and active research topics. The future application of Al is expanding
dramatically, including more self-driving cars, intelligent robots, healthcare
diagnostics, precision medicine, and others. Recently, the progress in information
and communication technology have made a remarkable revolution in various
disciplines, including medicine and public health. Due to these advances, there
is an enormous amount of data generated daily from individuals. Processing
and obtaining important information from collected data in real-life activities is

a challenging task. The performance of the data analytics in health informatics has
grown promptly with this large in ux of multi-modality data in the last decade.
Health informatics illustrates the use of healthcare information related data to boost
patient care across interactions with the health system. Nowadays, Deep Learning
(DL), an advanced form of traditional Machine Learning (ML), allowed developing
computational models that are made of di erent processing layers based on neural
networks to learn representations of data with various levels of abstraction. In fact,
DL provides state-of-the-art achievement in various elds of Al, in particular for
image or scene classi cation, object detection, semantic segmentation and so on in

computer vision area. Several Deep Neural Networks (DNNs) models (e.g., especially,

1



2 Chapter 1. Introduction

Convolutional Neural Networks (CNNs) based) such as AlexNet (Krizhevsky et al.,
2012), VGGNet (Simonyan and Zisserman, 2014), GoogleNet (Szegedy et al., 2016),
ResNet (He et al., 2016) have successfully performed state-of-the-art performance in
the domain of image classi cation, detection and segmentation. In classi cation,
the goal is to calculate the class probability of a given example referring to
each output class where the output is a vector of class con dence. The popular
models for the image classi cation tasks are including AlexNet (Krizhevsky et al.,
2012), VGGNet (Simonyan and Zisserman, 2014), Inception-V3 (Szegedy et al.,
2016), Inception-ResNet-V2 (Szegedy et al.,, 2017), ResNet (He et al., 2016),
DenseNet (Huang et al., 2017) and so on.

For segmentation, traditionally DL-based semantic segmentation models are used
for the segmentation tasks, such as FCN (Long et al., 2015), SegNet (Badrinarayanan
et al., 2017), U-Net (Ronneberger et al., 2015), Re neNet (Lin et al., 2017b),
DeepLab (Chen et al.,, 2016a), etc. However, all these DL models are performing
better against traditional ML for many research outcomes, such as recently proposed
activation function, Recti ed Linear Unit (ReLU) (Nair and Hinton, 2010) which
resolve the training problem, dropout helps to regularize the networks for e cient
training and various e ective optimization methods for training DL models e ciently.
Moreover, in many cases, the DL models are required large scale datasets for training
and evaluating in di erent problems, such as ImageNet (Russakovsky et al., 2015a),
and MSCOCO (Lin et al., 2014) provides the state-of-the-art performance of DL
models for image classi cation and semantic segmentation. The main advantages
of DL models are that one model can be employed in di erent domains in health
informatics (such as pervasive sensing and medical imaging). The success of CNNs in
the eld of computer vision inspired to apply DL approaches in di erent modalities
in pervasive sensing, such as food and related place classication and human
activity recognition from images or frames using wearable or mobile camera, also in
medical imaging including segmentation, classi cation, detection, registration, and
medical information processing. Meanwhile, these DL models performed tremendous

achievement in the di erent modalities of pervasive sensing, such as a mobile-based
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Figure 1.1: Some examples of the successful DL application domains where DL achieved
state-of-the-art performance.

diet monitoring system (e Silva et al., 2018) and activity monitoring for recognition of
older people's d daily routine in order to improve their lifestyle (Wang et al., 2018), in
medical imaging, Dermatologist-level performance for skin cancer detection (Esteva
et al., 2017), breast cancer segmentation, classi cation and detection (Singh et al.,
2019), lung cancer detection, Neuroimaging for analysis Brain Tumor (Akkus et al.,
2017) and so on. Some examples applications of DL models are shown in Figure 1.1.
Currently, overweight and obesity are major health problems in high-income
countries. The yearly health-care cost of obesity in the US was $147 billion in
2008 and the medical cost for people who have obesity was $1,429 higher than
those of normal weight (Finkelstein et al., 2009). The obesity medical cost (direct
and indirect) in Europe was estimated at arounce 81 billion per year in 2012. In
keeping with the WHO estimates on obesity expenditure, this was 2% 8% of the total
national expenditure in the 53 European countries (Cuschieri and Mamo, 2016).
Moreover, obesity has already been veried as a risk factor for several cancers,
including endometrial, liver, kidney, colorectal, and pancreatic cancer. The most

obvious risk factor for skin cancer is unprotected sun exposure. However, according
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to earlier studies, obesity may also play a role. Recently, researchers set out to
further investigate obesity's role in the risk of melanoma, a quick-growing form of
skin cancer (Newman, 2018). According to Signify Research (Research, 2017), it is
expected that applications of deep learning for medical imaging alone will be funded
more than $300 million by 2021, which is higher than the cost of the whole analysis
industry spent in 2016 (Han et al., 2017). A good example of it is given by IBM
Watson - a rule-based expert system for medical diagnosis developed by the radiology
application of Dr. Watson. Recently, Google also invested billions of the dollar for
their medical imaging project, Deep Mind Health , another giant in this domain.
Global Al based on DL approaches in healthcare spent almost about $8.6 billion in
2017. Finally, the investment is growing on and on for developing DL based system
in every application domain.

However, the main motivation of this thesis is to contribute for developing e cient
DL-based system to be able to prevent obesity and early diagnosis of skin cancer.
The system will help doctors and dermatologists for making a more suitable decision

which nally will secure more careful treatment of the patients.

1.2 Deep Learning

Machine Learning, a subset of Al, has transformed many elds into a new era for
several decades. Arti cial neural networks (ANN) is a sub- eld of ML which leads

to spawned DL. From the beginning, DL has been performing consistently with

outstanding success in mostly every application domain. The taxonomy of Al is
illustrated in Figure 1.2. Since 2006, employing either deep network architecture
of learning or hierarchical learning methods were developed widely onward and
become very popular with the name Deep Learning. Learning is a method
consisting of calculating the model parameters (weights) so that the learned model
can complete a particular task. For instance, the parameters of ANN are associated
with a weight that dictates the signi cance of the relationship in the neuron when

multiplied by the input value, called weight matrices. On the other hand, DL
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consists of di erent layers between the input and output layer which enables many
steps of non-linear information processing units by hierarchical architectures to
be present that are utilized for feature learning and pattern classi cation. The
procedure of learning based on the representations of data is de ned as representation
learning (Schmidhuber, 2015). Recent research outcome states that the DL-based
representation learning includes a hierarchy of features, where high-level features are
perhaps determined from the low-level ones and vice versa. Most of the literature is
explained about DL as a universal learning method and can solve nearly all types of
problems in the di erent application eld. More speci cally, DL is not for solving

a particular task only. Currently, DL is being applied in almost every domain and

performs outstanding outcomes which changed the era of Al.

Figure 1.2: The taxonomy of Al.

DL models are categorized as follows: supervised, semi-supervised and
unsupervised. Supervised Learning is a learning procedure that requires
labeled data. In supervised DL, the context needs a set of inputs with its
corresponding outputs. For example, if the input isx;, the system predicts
% = f(X¢) and it receives a loss valué(y;;¥:), wherey; is target output and ¥
is predicted output. The system then iteratively adjusts the network parameters
for better estimation of the target outputs. The system can get the correct

answer to questions from the context. Several deep supervised learning models are
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available including DNNs, CNNs, and Recurrent Neural Networks (RNNs) (e.g.,
including Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU)).
Semi-supervised Learning is based on partially labeled data, often also called
Reinforcement Learning (RL). Moreover, Deep Reinforcement Learning (DRL) and
Generative Adversarial Networks (GANs) (Schmidhuber, 2015) are sometimes used
as semi-supervised learning models. Furthermore, RNNs including LSTM and
GRU are also utilized for semi-supervised learningUnsupervised Learning is

a learning system that can learn the representation of the data without the presence
of its labels. More precisely, the system learns the internal representation or
essential features to identify unknown associations or distribution within the input
data. In an unsupervised learning system, clustering, dimensionality minimization,
and generative methods are often used. Many deep learning models are good at
clustering and non-linear dimensionality minimization, such as Auto-Encoders (AE),
Restricted Boltzmann Machines (RBM), and also recent GANs (Schmidhuber, 2015).
Besides, RNNs sometimes are additionally used for unsupervised learning in several

application areas (Schmidhuber, 2015).

1.3 Advantages and properties of Deep Learning

The DL approach is often called asiniversal learning approachbecause it can
be implemented to almost every application domain.

The robustnessof DL approaches does not require to design any features in
advance. Features are automatically learned with the variations of data that
is best for the task.

The generalization of deep learning models are that the same models can be
used in di erent applications with di erent types of data by using the transfer
learning property. Transfer learning is the improvement of learning a new task
through the transfer of knowledge from a related task that has already been
learned (Olivas, 2009). Moreover, this method is bene cial to solve the problem

while it has a handful of data.
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The DL method is extremely scalable In 2017, Google presented a deep
network named Inception-V4 (Szegedy et al., 2017) with 779 layers which
was implemented on a supercomputing scale. This article shows how deep
learning can deal with a variety of big data and has several advantages. Deep
learning is a data-driven approach. The performance between traditional ML

and DL approach is illustrated in Figure 1.3 with the evaluation of data scale.

Figure 1.3: Performance of traditional ML and DL with respect to the amount of data.

1.4 Deep Learning in Health Informatics

In health informatics, the generation of automatic feature set without human
intervention has many advantages. Therefore, DL methods (in particular, CNNSs)
have had the greatest impact within the eld of health informatics. In this thesis, we
applied our proposed e cient DL models for food and food-related places analysis
in conventional and egocentric images and skin lesion segmentation that belongs to

the eld of pervasive sensing and medical imaging analysis.

1.4.1 Deep Learning in Pervasive Sensing

Pervasive sensors, such as implantable, wearable, and mobile devices (Yang et al.,
2014) provide continuous monitoring of health and wellbeing. A proper calculation of
food intake, food eating pattern, and energy expenditure during the day, for instance,

can assist to prevent obesity and improve individual well-being. For elderly people
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with chronic disorders, wearable devices have been used to enhance the quality of
care by allowing people to continue living freely in their houses (Malwade et al.,
2018). The supervision of patients with disabilities and undergoing rehabilitation
can also be improved by analyzing patient's activity using wearable and implantable
assistive sensors. For patients with crucial care, constant monitoring of vital
symptoms, such as blood pressure, breath rate, and body temperature, are essential
for advancing therapy outcomes by closely examining the patient's status (Ravi et al.,
2016). Nowadays, physical trackers are becoming more popular in the pervasive
sensor domain that record information such as the number of steps, heart rate,
or social media messages. These lifelogging devices collect data (images, videos,
sounds, speed, location, cardiac frequency, etc.), and investigate them, giving
the user with information about their habits, such as steps walked, hours slept,
social interactions, daily activity, etc. Particularly, wearable cameras, by capturing
images frequently, provide visual information about the user's daily life; performing
activities, participated events, visited places and social interactions of the rst
person. The wearable camera provides the capture of richer information from a
rst-person perspective of the user's daily life experiences. Through the study of the
egocentric sequence of images (photo- streams), di erent methods have attempted to
improve the rst-person quality of life; investigating social interactions (Aghaei et al.,
2018, 2015), important moments to be retrieved Bolanos et al. (2015) or building
story-lines of rst-person days (Bolanos et al., 2017, 2015). Finally, the motivation

Is driving towards the automatically analysis of people's daily health habits and
food intake using the egocentric images captured by wearable camera (Bolafios and
Radeva, 2016).

1.4.2 Deep Learning in Medical Imaging

Automatic medical imaging analysis is essential to modern medicine. Diagnosis
based on the analysis of images can be extremely subjective where the structural
abnormalities are recognized and classi ed into disease categories. Computer-aided

diagnosis (CAD) can provide an accurate and faster estimation of the underlying



1.4. Deep Learning in Health Informatics 9

disease processes and ensure better treatment of a huge number of people
simultaneously.  The medical imaging appears from many imaging systems
such as Microscopic, Histopathology, Computer Tomography (CT), ultrasound,
Mammograms, X-ray, Magnetic Resonance Imaging (MRI), and Positron Emission
Tomography (PET). There are numerous CAD systems developed and launched in
the clinical work ow in early 2010. An e cient automatic CAD system without
human engagement can help to reduce human errors, processing time and cost.

For the slow process of manual segmentation procedures in medical imaging,
there is a signi cant interest in developing fast and accurate automatic segmentation
algorithms that can segment accurately without human interaction. Yet, there
are still some boundaries of medical image processing including data insu ciency
and imbalanced classes. Usually, a large number of labelled data (commonly in
thousands) for training is unavailable for many reasons (Schmidhuber, 2015).
Labelling the sample needs domain specialist for that area which is costly and requires
enough labour and time. However, to deal with this issue, many data transformation
or augmentation methods (rotation, cropping, translation, whitening, and scaling)
are used for increasing the amount of available labelled examples (Litjens et al.,
2017; Greenspan et al., 2016). Sometimes, patch-based methods are applied to solve
class imbalanced issues. In this thesis, we use data augmentation techniques to
manage this problem. Several DL-based methods have been used in di erent areas in
medical imaging including classi cation, segmentation, registration, computer-aided
detection and diagnosis and precision imaging for personalized medicine. DL based
methods have huge success in the medical image classi cation area. In computer
vision area, ImageNet (that consists of 14 million samples with 1000 classes) carried
out a great breakthrough for developing e cient DL models (Russakovsky et al.,
2015b). Now, transfer learning is commonly applied using the DL models developed
by training with ImageNet. The main two reasons to apply transfer learning are the
use of pre-trained weights for feature extraction and use of pre-trained weights to a
current network ne-tuned with a new dataset. For example, various researches have

been conducted where the trained weights are adopted from ImageNet dataset and
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many studies have described the best results for medical image classi cation with
transfer learning (Litjens et al., 2017; Greenspan et al., 2016).

Outstanding work for skin cancer classi cation is used transfer learning with
Google Inception-V3 model and achieved dermatologist-level performance (Esteva
et al., 2017). DL methods are heavily used for neuroimaging of Brain Tumor and
Alzheimer disease classi cation and segmentation based on 2D and 3D convolutional
kernels approaches using MRI and achieved state-of-the-art performance (Zacharaki
et al.,, 2009; Suk and Shen, 2016). Besides, DL techniques are also applied for
the analysis of X-ray images from chest radiographs (Lakhani and Sundaram,
2017). Moreover, the success of DL approaches explored in di erent domain of
medical imaging achieved state-of-the-art performance (Maier et al., 2019), i.e.,
Breast cancer detection and classi cation from histology images (Han et al., 2017),
GAN-based Breast cancer segmentation and classi cation from mammogram (Singh
et al.,, 2019), Double CNNs for Lung cancer segmentation and classi cation from
CT images (Jakimovski and Davcev, 2019), Locality sensitive DL model Colon
cancer segmentation and classi cation from histology images (Sirinukunwattana
et al.,, 2016), Skin lesion segmentation based on GANs (Sarker et al., 2019a),
classi cation-based on transfer learning (Esteva et al.,, 2017) and so on. Finally,
the success story is adding more and more on the application of deep learning in

medical imaging every day.

1.5 Research Contributions

This thesis demonstrates the design, development and application of deep learning
models in two main areas (pervasive sensing and medical imaging) of the health
informatics domain. In pervasive sensing, we mainly focused on food-related places
classi cation for identifying food eating behaviour and intake from conventional and
egocentric images using traditional and wearable cameras. On the other hand, in
medical imaging, we address the skin lesion segmentation in dermoscopic images.

The main contributions of this thesis are summarized in the following:
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We analyzed the performance of dierent state-of-the-art deep learning
models to recognize the food-related scenes in conventional images (see
chapter 3). In chapter 3, we present a new dataset called FoodPlaces
with selecting 35 common food-related scenes from the three public datasets
Places365 (Zhou et al., 2016), ImageNet (Russakovsky et al., 2015b) and
SUN397 (Xiao et al., 2010). We use transfer learning ( ne-tune) approach
with the recent state-of-the-art convolutional neural network (CNNs) models
(VGG-16 (Simonyan and Zisserman, 2014), ResNet-50 (He et al., 2016) and
Inception-V3 (Szegedy et al., 2016)) in order to learn deep features from
images for classifying the food-related scenes. The main results of Chapter 3
is published in a conference in 2017.

We introduced new DNNs models for Food Places Classi cation in Egocentric
Photo-streams (see Chapter 4). In this chapter, we present two models: one is
based on image-level analysis of food-related scenes, and another is based on the
event-level analysis. To develop these two models, we use multi-scale Atrous
convolution networks, called MACNet (Sarker et al., 2018c) for improving
image-level classication rate and MACNet with self-attention mechanism
(MACNet+SA) for improving event-level classi cation rate of food places. In
this chapter, we prove the e ciency of the multi-scale mechanism for improving
the classi cation accuracy. Moreover, we present an ablation study over the
achieved results by every image-level and event-level analysis and describe the
robustness of the event-level analysis over the image-level analysis. The main
results of the Chapter 4 are published in the European Conference on Computer
Vision- ECCV 2018 and IEEE Access journal 2019.

We design a new DNNs model for food attributes classi cation in conventional
images (see Chapter 5). In this chapter, we address the problem of identifying
the food culture of people around the world and its avour by classifying two
main food attributes, cuisine and avour. To solve this problem, we designed

a new multi-scale convolution network ( CuisineNet) by the aggregation of

multi-scale convolution layers with di erent kernel size for extracting more
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accurate features from input images and weighting the features results from
di erent scales. We also introduce a new food attributes classi cation dataset,
called Yummly48K and evaluated our model on this dataset. We show
that the new architecture achieved best results than all other state-of-the-art
methods on this dataset. The main outcome of this chapter is reported in an
international conference (Sarker et al., 2018a).

We proposed two dierent pipelines for solving the problem of skin lesion
segmentation (see Chapter 6 and Chapter 7). In Chapter 6, we present a robust
DNNs model based on dilated residual and pyramid pooling networks for skin
lesion segmentation. We present a robust deep learning SLS model, called
SLSDeep, represented as an encoder-decoder network. The encoder network
is constructed by dilated residual layers, in turn, a pyramid pooling network
followed by three convolution layers is used for the decoder. we also provide an
extensive comparison with the baseline models to highlight the signi cance
of each component of our proposed model. In Chapter 7, we propose a
lightweight and e cient GANs model, called MobileGAN for skin lesion
segmentation. The MobileGAN combines 1D non-bottleneck factorization
networks with position and channel attention modules in a GANs model. To
prove the robustness and e ciency of our proposed models, a comparison with
relevant state-of-the-art models are provided. The main results of Chapter 6
is published in MICCAI 2018 conference and Chapter 7 is submitted to the

journal of IEEE Transactions on Biomedical Engineering.

1.6 Thesis Organization

This thesis aims to develop e cient deep learning models for food-related places

classi cation and skin lesion segmentation. As we discussed, DNNs provides excellent

performance in Section 1.1. Therefore, we also apply DNNs for solving the above

two problems. The principal concept behind DNNs is to learn a representation

that performs classes linearly separable. This thesis starts by presenting an insight
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into the background DNNs in the Chapter 2. The thesis is mainly divided into
two parts based on the application of proposed e cient DL models, for food
and related environment analysis and skin lesion segmentation. For food and
related environment analysis, we initially studied the food-related scene classi cation
problem in conventional images for the rst time and applied dierent popular
DL models with our created dataset ( FoodPlace ) which collected from diered
publicly available datasets in Chapter 3. We design two DNNs models in Chapter 4
based on multi-scale atrous convolution networks ( MACNet) and self-attention
mechanisms ( MACNet+SA ) for image-level and event-level recognizing of food
places in egocentric photo-streams and evaluate them using our own created dataset
( EgoFoodPlaces ). Our model provides more accurate classi cation accuracy than
all other state-of-the-art DNNs models on this dataset. Chapter 5 introduces
a novel multi-scale convolution network ( CuisineNet) for classi cation of food
attributes in Conventional Images using our own dataset ( Yummly48K). For
medical image analysis, we employ the DNNs models for solving the issues of skin
lesion segmentation problem in dermoscopic images. Firstly, we present a robust
deep learning SLS model ( SLSDeep) represented as an encoder-decoder network
based on Dilated Residual Networks (DRNs) and Pyramid Pooling Networks (PPNSs)
in Chapter 6. Later on, we present a novel lightweight and e cient GANs model,
called MobileGAN for skin lesion segmentation and explain it in Chapter 7. The
proposed model is computationally e cient and more accurate than many of the
recent state-of-art models for skin lesion segmentation. Finally, the main conclusions

and discussions about the possible future works are highlighted in Chapter 8.
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Chapter 2

E cient Deep Learning

2.1 Introduction

Inventors have long craved for creating machines that think (Goodfellow et al.,
2016). Historically, these desire periods back to the era of ancient Greece, when
the mythical gures Daedalus, Pygmalion and Hephaestus perhaps interpreted as
legendary creators, and Talos, Galatea and Pandora may all be regarded as arti cial
life (Martin, 2004; Sparkes, 2013; Tandy and Neale, 1996). After the rst invention
of programmable computers by Charles Babbage (Menabrea and Lovelace, 1842),
people are starting to think that such machines might become intelligent. In 1943,
Walter Pitts, a logician, and Warren McCulloch, a neuroscientist, invented the rst
mathematical model of a neural network, called McCulloch-Pitts neurons (McCulloch
and Pitts, 1943). They show that a combination of mathematics and algorithms
can construct a system, which aimed to mimic human thought processes. Later
in 1950, Turing proposed such a machine, even implying at genetic algorithms in
his article Computing Machinery and Intelligence (Machinery, 1950). He designed
what has been designated The Turing Test (The Imitation Game) to decide whether

a computer can think. Afterwards, in 1952, Arthur Samuel creates the rst learning
programs for the computer (Samuel, 1962). The programs were constructed to play
the checker game which based on correcting the mistakes and nding better ways

to win from that data. This was the rst examples of machine learning. Frank
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Rosenblatt, a psychologist, shows that perceptrons will gather if what they are trying
to learn can be represented and is broadly acknowledged as the foundation of Deep
Neural Networks (DNNs) (Rosenblatt, 1957). In (Minsky and Papert, 1969), Minsky
& Papert demonstrates the limitations of perceptron's that stopping research in
neural networks for a decade. Geo rey Hinton renovates the eld by backpropagation
algorithm (Ackley et al., 1985) in 1985. Eventually, a hierarchical neural network
called Neocognitron (Fukushima, 1988), which capable of visual pattern recognition
in 1988. The fruitful application of Convolutional Neural Networks (CNNs) with
backpropagation for document analysis (LeCun et al., 1998) proposed by Yan LeCun
in 1988. Later, Geo rey Hinton lab resolves the training problem for DNNs (Hinton
et al., 2006). The nal breakthrough of DNNs comes after introducing AlexNet by
Alex Krizhevesky (Krizhevsky et al., 2012), which won the rst place in ImageNet:
Large Scale Visual Recognition Competition (ILSVRC) competition, 2012.

The theoretical frameworks of DL are well rooted in the traditional neural
networks (NNs) research. Yet di erent to the more conventional use of NNs, deep
learning considers for the use of multiple hidden neurons and layers, usually more
than two, as an architectural success combined with modern training paradigms.
During resorting to multiple neurons enables an extensive coverage of the raw
data at hand, the layer-by-layer pipeline of a nonlinear sequence of their outputs
produces a lower-dimensional projection of the input space. Each lower-dimensional
projection corresponds to a higher perceptual level. Provided that the network is
optimally weighted, it outcomes in an e cient high-level abstraction of the raw data
or images. This high level of abstraction provides an automatic feature set, which
di erently would have expected hand-crafted or bespoke features. Among numerous
methodological alternatives of DL, many architectures reach out in popularity.
Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) are
two of them, which have the biggest impact within the eld of health informatics.

The details con gurations of both CNNs and RNNs are explained next.
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Figure 2.1: The basic architecture of a CNNSs.

2.2 Convolutional Neural Network

This network formation was rst introduced by Fukushima in 1988 (Fukushima,
1988). It was not broadly used due to lack of computation hardware for training
the network. LeCun et al. implemented a gradient-based learning algorithm
to CNNs and achieved prominent results for solving the problem of handwritten
digit recognition in 1990 (LeCun et al.,, 1998). Afterwards, researchers improved
CNNs models and reported state-of-the-art results in various classi cation tasks.
Currently, CNNs has studied as the common extensively used method of DL,
particularly in vision-based applications and has presented state-of-the-art outcomes
in DL related tasks. However, CNNs controls both, useful feature extraction and
clear discrimination capability. Hence, it is widely applied at feature extraction
or generation and model selection steps in a DL system. A conventional CNNs
architecture commonly includes intermittent layers of convolution and pooling
accompanied by one or more FC layers at the end. A common system architecture
of a CNNs system is shown in Figure 2.1. It mainly consists of two major parts
including feature extractors and a classi er. In the feature extraction layers, every
layer of the network gets the output from its immediate earlier layer as its input
and transfers its output as the input to the next layer. This layer is made of several
convolutions and pooling layers. Every node of the convolution layer obtains the
features from the input images by convolution processes on the input nodes and the
pooling layer helps to reduce the dimension of the generated features propagates

to heights level. The output feature map of the nal layer of the CNNs is used as
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the input to FC layer which is called classi cation layer. In the classi cation layer,
the nal output of feature extraction layers is chosen as inputs corresponding to the
dimension of the weight matrix of the nal neural network. In some instances, the
FC layer is replaced with the layer of global average pooling. Apart from separate
learning stages, several supervisory units such as batch normalization and dropout
are also included to optimize CNNs performance (Bouvrie, 2006). The combination
of CNNs layers and units performs a leading role in creating novel architectures for
obtaining enhanced performance. This section brie y explains the role of these layers

and units in CNNs architecture.

2.2.1 Convolutional Layer

The Convolutional layer is designed by a collection of convolutional kernels (every
neuron performs as a kernel). These kernels are correlated with a small region of
the image recognized as a receptive eld. It acts by splitting the image into little
blocks (known as a receptive eld) and convolving them with a particular set of
weights (multiplying elements of the lter (weights) with equivalent receptive eld

elements (Bouvrie, 2006). Convolution procedure is described in the equation,

Ci = ( Iy K); (2.1)

wherel,., de ned the input image andx;y indicates the spatial locality where

K[ presentedI™ convolutional kernel of theky, layer. Splitting image into little

Figure 2.2: The fundamental operation of a Convolution layer, Iters work on each part of the
image, therefore, they are seeking for the equivalent feature everywhere in the image.
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blocks assists in extracting locally correlated pixel values. This locally aggregated
information is also recognized as feature patterns. By sliding the convolutional kernel
on the image obtained the various set of features with the same set of weights.
Convolution procedure may additionally be classi ed into many kinds based on the
type and size of lters, the type of padding, and the orientation of convolution (LeCun

et al., 2015). An example of the convolution operation is shown in Figure 2.2.

2.2.2 Pooling Layer

The output of the convolution operation is obtained features from the input image.
The pooling layers analyze these features collected by the convolutional layer and
create a compressed version of the features enclosed in them. Pooling layer also called
downsampling layer which is aggregates similar information in the neighbourhood of
the receptive eld and outputs the highest response within this local region (Lee
et al., 2016):

Py = fo(Cy,): (2.2)

The pooling or downsampling operation shows in Equation 2.2, Whe®¢;y and P,
de nes|™ output and input feature map, f, represents the type of pooling operation.
The application of the pooling method helps to obtain a combination of features,
which are invariant to translational changes and little distortions (Scherer et al., 2010;

Marc'Aurelio Ranzato et al., 2007). Moreover, pooling can also help in improving

Figure 2.3: Examples of max and average pooling operations.
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the generalization by decreasing over tting. Including this, decrease in the size
of feature maps controls the complexity of the network. There are several kinds
of pooling operations such as max, mean, average, and L2 pooling are commonly
utilized for extracting translational invariant features (Wang et al., 2012; Boureau

et al., 2010). Examples of max and average pooling operation is shown in Figure 2.3.

2.2.3 Fully Connected Layer

Fully connected (FC) layers also known as classi cation layer is commonly used at
the end of the network for the classi cation task. The FC layers calculate the score
of every class from the extracted features from a convolutional layer in the previous
steps. The nal layer feature maps are represented as vectors with scalar values which
are transferred to the FC layers. More generally, it receives input from the earlier
layer and analyses output of all earlier layers globally (Lin et al., 2013). It creates a
non-linear combination of selected features that are applied for the classi cation of
data. The fully connected layers are used as a soft-max classi cation layer. There are
no speci ed rules on the number of layers which are included in the network model.
Nevertheless, in most scenarios, two to four layers have been introduced in di erent
architectures including LeNet (LeCun et al., 1998), AlexNet (Krizhevsky et al., 2012),
and VGG Net (Simonyan and Zisserman, 2014). In terms of computation, the FC
layers are very costly. For this reason, di erent methods have been introduced during
the last few years, including the average pooling layer and global average pooling

layer which help to decrease the number of parameters in the network signi cantly.

2.3 Advanced Training Methodologies

There are several advanced methods to use for perfectly train a DL model. The
procedures including data pre-processing, a suitable initialization technique, batch
normalization, advanced activation functions, alternative pooling methods, network
regularization techniques, and better optimization method for training. The

following sections are reviewed on di erent advanced training methods.
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2.3.1 Data Pre-processing

Currently, dierent procedures have been used before feeding the data to the
network. The procedure is called data pre-procession or data augmentation
to prepare a dataset for training the DL models. There are several techniques
are available for data pre-processing, including; random cropping, ipping data
concerning the horizon or vertical axis, sample re-scaling, shearing, refection, mean
subtraction, color jittering, principal component analysis (PCA) whitening, and so

on (Miko®ajczyk and Grochowski, 2018).

2.3.2 Network Initialization

The initialization of DL models has a signicant impact on overall network
performance. Earlier, the networks were commonly initialized with random weights.
Training large DNNs models with huge dimensionality data has become a di cult
task because the weights of the network should not be symmetrical due to the
back-propagation process. Hence, e ective initialization methods are necessary for
training this type of DNNs. Since the last few years, several e cient network
initialization techniques have been proposed. LeCun (LeCun et al., 2012) introduced
simple and e cient techniques. In their approaches, the weights are scaled via the
inverse of the square root of the number of input neurons of the layer, which can be
de ned by 1:p N, where N, is the number of input neurons ofi" layer. Another
well-known initialization approach is Xavier based on the symmetric activation
function related to the hypothesis of linearity (Glorot and Bengio, 2010). Recently,
a popular initialization technique has proposed by Kiming He in 2015 (He et al.,
2015a). In this method, the weights are initialized keeping in mind the size of the
earlier layer which supports in achieving a global minimum of the cost function
faster and more e ectively. The weights distribution ofl™" layer will be a normal

distribution with mean zero and variance% which can be represented as follows:

Wi N (0 E): (2.3)
n
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Dmytro M. et al. presented a Layer-sequential unit-invariance(LSUV) (Mishkin
and Matas, 2015) initialization technique that is a data-driven and achieved excellent

recognition performance on many benchmark datasets including ImageNet.

2.3.3 Batch Normalization

Batch normalization is applied to solve the problems associated with internal
covariance shift inside the feature map. The internal covariance shift is a variation in
the distribution of hidden units' values that makes slower the convergence by forcing
learning rate to a small value, which demands precise initialization of parameters.

Batch normalization for transformed feature mapAk is shown in Equation (2.4):
k
Bf = B (2.4)

where Bf de nes normalized feature mapAf is the input feature map and
describes variation in feature map. Batch normalization uni es the distribution of
feature map values by normalizes the activations at each batch and maintains zero
mean and unit variance (lo e and Szegedy, 2015). It allows us to apply enough
higher learning rates and be less careful about initialization during the training of a
very deep network. Moreover, it improves the gradient ow smoothly and plays as a
regulating agent, which enhances the generalization of the network without relying

on dropout.

2.3.4 Activation Function

The activation function helps to introduce non-linearity in the modelling abilities

of the network and serves as a decision function that boosts in learning a
complex pattern. Choice of a suitable activation function can accelerate the
learning procedure. Activation function for convolved feature map is represented

in Equation (2.5):

Al = FA(CH); (2.5)
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where CF is the output of convolution operation that is assigned to activation
function f A(:) which combines non-linearity and produces a transformed outpu#f
for kg, layer. Thus, several activation functions such as Sigmoid, TanH, Recti ed
Linear Units (ReLU), and variations of ReLU such as Leaky RelLU, Exponential
Linear Unit (ELU), and Parametric Recti ed Linear Unit (PReLU) are described in
literature (Nair and Hinton, 2010; Xu et al., 2015a; Gu et al., 2018; Nwankpa et al.,
2018) are applied to instill nonlinear combination of features. Figure 2.4 shows
examples of the activation functions. ReLU and its variations are preferred over
other activation functions as it tackled with the vanishing gradient problem (Nair
and Hinton, 2010).

Figure 2.4: Examples of activation functions.

2.3.5 Dropout

Dropout proposes regularization within the network, which nally enhances
generalization by randomly skipping a few units or connections with a particular
probability. In NNs, many connections that learn a non-linear association are seldom

co-adapted, which produces over tting. This random dropping of some connections
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or units provides many thinned network structures out of which one typical network
is chosen with small weights. This picked architecture is then regarded as an
approximation of all of the proposed networks (Srivastava et al., 2014). Figure 2.5
shows the concept of the Dropout. Dropout randomly drops neurons from a network
while training. Empirically, this method often gives powerful regularization for

network training.

Figure 2.5: Graphical illustration of the Dropout concept.

2.3.6 Special Pooling Layer

The common pooling layers are average, max and mean pooling. There is also
a special type of pooling operations introduced including pyramid pooling (He
et al., 2015b), multi-scale pyramid pooling (Yoo et al., 2015). In (Graham,
2014) presented a new architecture with Fractional max pooling, which gives
state-of-the-art classi cation accuracy on the CIFAR-100 and CIFAR-10 dataset.
Di erent types of pooling approaches are reviewed in the literature (Lee et al.,

2016) including mixed, gated, and tree as a generalization of pooling functions.

2.3.7 Optimization Techniques

Several optimization approaches are available for training DL models including SGD,
Adagrad, AdaDelta, RMSprop, and Adam (Ruder, 2016). The activation functions
have been improved by adding variable momentum with SGD which signi cantly

increased network performance during training and testing. The main contribution
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of Adagrad was to calculate the adaptive learning rate during training. For this
process, the summation of the gradient magnitude is estimated to calculate the
adaptive learning rate. The summation of gradient magnitude become large with
the big number of training epochs. As a result, the learning rate decreases entirely
that induces the gradient to approach zero promptly. The major disadvantage of
this method is that it creates diculties during training. Following, RMSprop
was introduced regarding only the gradient magnitude of the immediately earlier
iteration, which prevents the problems with Adagrad and gives more reliable
performance in some situations. The Adam optimization method is introduced based
on the momentum and the gradient magnitude for estimating adaptive learning rate
as like RMSprop. Adam has increased overall accuracy and supports for e cient
training with the better convergence of deep learning methods (Le et al., 2011).
Recently, the improved version of Adam optimization has been introduced and gives

better performance with fast and accurate convergence (Koushik and Hayashi, 2016).

2.4 Advanced CNNs Architectures

Several popular state-of-the-art CNNs architectures are discussed in this section.
Generally, most of the CNNs architectures consist of stacks of several convolutional
and pooling layers followed by a FC layer and softmax layer at last. For
examples, LeNet (LeCun et al., 1998), AlexNet (Krizhevsky et al., 2012)and VGG
Net (Simonyan and Zisserman, 2014) are composed by the above concept of
CNNs architecture. Many advanced e cient architectures have been introduced
such as GoogLeNet with Inception module (Szegedy et al., 2016, 2017), Residual
Networks (He et al., 2016). The details about some common networks that we used

for this research are present in the next sections.

2.4.1 VGGNet

The runner-up at the ILSVRC 2014 contest is entitled VGGNet by the community
and was developed by the Visual Geometry Group (VGG), from University of
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Figure 2.6: Graphical representation of VGGNet.

Oxford (Simonyan and Zisserman, 2014). VGGNet composed of 16 convolutional
layers and is attractive of its uniform architecture. The key contribution of this work

Is that it proves that the depth of a network is a signi cant part to achieve better
classi cation accuracy in CNNs. The VGGNet architecture used a sequence of two
convolutional layers with ReLU activation function following by a single max-pooling
layer. Afterwards, several fully connected layers also using a RelLU activation
function. Finally, a Softmax layer used for the computes the nal classi cation score.
Three di erent versions of VGGNet were proposed, VGG-11, VGG-16 and VGG-19
with 11,16, and 19 layers respectively. The weight con guration of the VGGNet is
publicly available and has been utilized in many di erent applications and challenges
as a baseline feature extractor. However, VGGNet contained 138 million parameters,
and VGG-19 had 16 convolution layers, the most computational expensive model.

Figure 2.6 shows the architecture of VGGNet.

2.4.2 GoogleNet

The winner of ILSVRC 2014 competition, GoogleNet, proposed by Christian Szegedy
from Google (Szegedy et al., 2016). The main contribution of GoogleNet, the initial
version known as Inception-V1", was reducing computation complexity compared to
the traditional CNNs. The architecture was introduced Inception Module , whereby

it includes multi-scale convolutional transformations applying split, transform and
merge idea for feature extraction. The initial concept of the Inception layer can be
seen in Figure 2.7. This block encapsulates Iters of dierent sizes 1,1 1,

and 1 1) to capture spatial information in aggregation with channel information
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Figure 2.7: Naive version of Inception Module.

at di erent spatial resolutions. GoogleNet, Inception-V1, achived state-of-the-art
classi cation accuracy using a sequence of Inception module shown in Figure 2.8.
The variation between the initial or naive inception module and nal inception
module was the addition ofl 1 convolution kernels. Thesel 1 convolution
kernels are supported for dimensionality reduction before computationally expensive
layers. GoogNet introduced very deep network, Inception-V2, with 22 layers in
total, which is very deep and compare to other networks before it. GoogleNet
had also very fewer (7M) network parameters which was much lower than its
predecessor AlexNet(60M) and VGGNet(138M). GoogleNet also presented the idea
of auxiliary learners to speed up the convergence rate. Inception-V3 or V4 and
Inception-ResNet-V2, which are an upgraded version of Inception-V1 or V2. The

concept of Inception-V3 was to decrease the computational cost of deep networks

Figure 2.8: Graphical representation of GoogleNet (Inception-V1).



28 Chapter 2. E cient Deep Learning

without changing the generalization. Therefore, Szegedy et al. (Szegedy et al.,
2016) replaced large size lters§ 5 and 7 7) with small and asymmetric
lters (1 7and 1 5) and usedl 1 convolution as a bottleneck before the
large size lIters. This performs the conventional convolutional operation similar
to cross-channel correlation. Inception-ResNet-V2 joined the power of residual
learning and inception module (Szegedy et al., 2017). The Inception-V4 with
residual connections (Inception-ResNet-V2) represents that training with residual

connections accelerates the training of Inception networks signi cantly.

2.4.3 ResNet

Residual Network was the winner of ILSVRC 2015 competition, named ResNet (He
et al., 2016), proposed by Kaiming He et al introduced a novel architecture with skip
connections and features large batch normalization. For the rst time, Residual
Network designed with ultra-deep networks that did not su er from the vanishing
gradient problem that previous models had. Such skip connections are also known
as gated units or gated recurrent units and have a powerful relationship to recent
successful components utilized in RNNs. It achieves a top-5 error rate of 3.57%
which overcomes human-level performance on ImageNet dataset. Figure 2.9 shows
the diagram of residual unit. ResNet is developed with multiple numbers of layers:
34, 50,101, and 152. The common ResNet-50 model included 49 convolution layers

and 1 fully connected layer at the end of the network. The number of total weights

Figure 2.9: The diagram of Residual unit.
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Figure 2.10: The architecture of ResNet.

for the entire network is 25.5M. Figure 2.10 illustrates a very deep ResNet with

sequences of Residual unit.

2.5 Recurrent Neural Networks (RNNSs)

Traditionally, RNNs were developed for the analysis of discrete sequences. On the
other hand, they take as their input not only the current input example they see,
but also what they have perceived previously in time. In a classi cation framework,
the model learns a distribution over classeB(y j X1;Xo;::;; Xt; ) given a sequence
X1; Xo; 5 X7 instead of a single input vector x. The traditional RNNs keeps a latent
or hidden stateh at time t that is the output of a non-linear mapping from its input

Xt and the previous statehy;:
ht = (Wx + Rpr + D); (2.6)

where the weight matricesWW and R are shared additionally. For the classi cation,
one or more fully connected layers are commonly combined followed by a softmax

layer to map the sequence to a posterior over the classes:

Py X1 Xz; x5 ) = softmax (hr; Wour; bout) (2.7)

Figure 2.11 shows dierent types of RNNs. Since the gradient requires to be
backpropagated from the output through time, RNNs are inherently deep (in time)
and consequently su er from the same problems with training as regular deep neural
networks (Bengio et al., 1994). To this end, di erent specialized memory units have

been introduced, the earliest and most famous one is the Long Short-Term Memory
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Figure 2.11: Examples of RNNs models.

(LSTM) cell (Hochreiter and Schmidhuber, 1997). A recent simpli cation of the
LSTM, the Gated Recurrent Unit (GRU) is also widely used. Although initially
RNNs are proposed for one-dimensional input but currently its increasingly applied to
images also. For examples, pixelRNNs (Oord et al., 2016) are used as autoregressive
models, generative models that can eventually produce new images similar to samples

in the training set.

2.6 Generative Adversarial Networks (GANS)

In 2014, lan Goodfellow introduced a revolutionary idea (Goodfellow et al., 2014),
make two neural networks compete (or collaborate, it is a matter of perspective)
with each other. One neural network tries to generate realistic data, named
generator (remarks, GANs can be used to model any data distribution, but are
largely used for images nowadays), and the other network tries to discriminate,
named discriminator, between real data and data generated by the generator
network. The generator network uses the discriminator as a loss function and updates
its parameters to generate data that starts to look more realistic. Figure 2.12
shows the basic concept of a GANs model. In the past few years, GANs have
been widely studied. Arguably the revolutionary methods are in the area of
computer vision such as apparent image generation, image to image translation, facial

attribute manipulation and similar domains. Nevertheless, the signi cant success
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Figure 2.12: The basic architecture of a GANs model.

obtained in the computer vision eld by implementing GANs to real-world problems.
Several GANs are introduced, such as Deep convolutional generative adversarial
networks (DCGANSs) (Radford et al., 2015), Conditional GANs (cGANs) (Isola
et al., 2017), stacked Generative Adversarial Networks (StackGANs) (Zhang et al.,
2017), InfoGANs (Chen et al.,, 2016b), Wasserstein GANs (WGANSs) (Arjovsky
et al., 2017) and so on. DCGANSs is an improvement of GANs. It is more stable
and generates higher quality images. In DCGANSs, batch normalization is used in
both networks (the generator and the discriminator network). DCGANs can be
applied for style transfer. For example, the model can use a dataset of handbags to
generate shoes in the same style as the handbags. In conditional GANs (cGANS) used
the same DCGANs and imposed a condition on both generator and discriminator
network inputs. The condition should be in the form of a one-hot vector of the
input. This is correlated with the image to Generator or Discriminator as real
or fake. StackGANs proposed to solve the problem of synthesizing high-quality
images from text descriptions. StackGANs generat&tb6 256photo-realistic images
conditioned on text descriptions. The model decomposes the di cult problem into
more controllable sub-problems through a sketch-re nement method. InfoGANs
is an information-theoretic continuation to the GANs that can learn disentangled
representations in an unsupervised method. It is inspired by the desire to disentangle

and control the features in generated images. It includes the addition of control
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variables to generate an auxiliary model that predicts the control variables, trained
via mutual information loss function. InfoGANs are used when the dataset is
very complex, not well labelled. WGANs modify the loss function to combine a
Wasserstein distance. WGANs add some tricks to allow discriminator network to
approximate Wasserstein distance between real and model distributions. Wasserstein
distance approximately indicates how much work is required to be done for one
distribution to be adapted to match another and is remarkable in a way that it is

de ned even for non-overlapping distributions.



Chapter 3

FoodPlaces: Learning Deep Features for

Food Related Scene Understanding

3.1 Introduction

Obesity, diabetes and heart diseases are counted among the problems caused by the
irregular diet and bad nutrition intakes throughout the world. It is critical to detect

bad nutrition intakes based on the food-related environment to point out unhealthy
eating habits. Therefore, an automated food-related environment recognition system
is needed, which can identify the food intakes in public environments such as, bars,
restaurants and cafeterias. To date, numerous methods have been proposed in
the area of food item detection and recognition. A food recognition system based
on the hand-crafted features using the traditional computer vision algorithms is
proposed in (Yang et al., 2010; Matsuda and Yanai, 2012). These algorithms are
based on comparative spatial interactions of local descriptors, the fusion of features
after extraction, graph-based ranking algorithm and co-occurrence matrices among
the food items. They have large scale, low adjustment rate to big scale, which
leads to high computational cost. Currently, several machine learning approaches
are used for precise food items recognition. A food classi cation method using
mine discriminative elements with random forest (RF) was proposed by Bossard

et al. (Bossard et al., 2014), which was tested on the Food 101 test database. In

33
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this work, RF is used to cluster graph-based super-pixels to train the model. In
this work, the authors have also exploited some other classi cation methods such
as, improved Fisher vectors (IFV) (Sanchez et al., 2013) and randomized clustering
forests (RCF) (Moosmann et al., 2008).

Recently, a modern deep learning-based convolutional neural networks (CNNSs)
approach is used by Mayers et al. in the application of food recognition (Meyers
et al., 2015). In this work, GoogleNet Inception-V1 deep learning model was used
on ve dierent datasets. Later on, Liu et al. used the modi ed Inception model
on UEC-256 and Food-101 food datasets in the food classi cation problem and
generated acceptable results (Liu et al., 2016). Moreover, deep learning models
are also used in di erent mobile based applications such as, Snap-n-Eat (Zhang
et al., 2015), Lose it (Dohan and Tan, 2011) and Platemate (Noronha et al.,
2011) to detect and recognize dierent types of food items. However, no work
has been done in the area of scene recognition related to the food environment.
A novel scene classication method using CNNs deep features was proposed by
Bolei Zhou et al. (Zhou et al., 2014) to compare the density and diversity of images
using the Places dataset. However, this method is proposed to classify the scenes
based on dierent places such as an aireld, art studio, bathroom, classroom,
etc. In this work, we propose a deep learning-based food-related scene recognition
system to classify dierent types of food places by using state-of-the-art CNNs
models. We have used three di erent models: VGG-16 (Simonyan and Zisserman,
2014), ResNet-50 (He et al., 2016) and Inception-V3 (Szegedy et al., 2016). The
classi cation results show that the Inception-V3 model yields the highest accuracy

among the used state-of-the-art models.
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3.2 Proposed Approach

3.2.1 Convolutional Neural Networks

The early fruitful application of Convolutional Networks was developed by Yann
LeCun (LeCun et al., 1998), called LeNet that was applied to read digits and
recognize hand-written numbers on checks by several banks and zip codes. For
image classi cation and recognition CNN's become more powerful after introducing
AlexNet by Krizhevsky et al. (Krizhevsky et al., 2012), which won the rst prize in the
ImageNet Large Scale Visual Recognition Competition (ILSVRC) 2012 competition.
Consequently, in the history of CNNs evolution there are di erent breakthroughs:
VGGNet (Simonyan and Zisserman, 2014) by Simonyan et al., GoogleNet (Szegedy
et al., 2016) by Szegedy et al and ResNet (He et al., 2016) by He et al. VGGNet
architecture is very popular for its simplicity and depth. It yields the best error
rate of 7.3% using ImageNet. It has 19 convolutional layers that exactly used 3x3
Iters with stride 1 and pad 1, and the activation function is 'ReLU’, as well as 2x2
max-pooling layers with stride 2. VGGNet reinforced the perception that CNNs
have to have a deep network of layers to work. He et al. introduced ResNet
in (He et al., 2016)] and it is a version of “tropical architecture' that depends on
micro-architecture modules which are also named “network-in-network architectures'.
The term micro-architecture mentioned to the group of "building blocks' was used to
develop the network. The ResNet architecture illustrated that very deep networks
can achieve satisfactory results being trained by standard stochastic gradient descent
(SGD) through the residual modules. However, ResNet is much deeper than VGG-16
but the model size is signi cantly smaller for the usage of global average pooling
rather than fully-connected layers. ResNet-50 attained 24.7% top-1 and 7.8% top-5
error for 1-crop validation error of ImageNet.

In the year of 2014 GoogLeNet won the ILSVRC-14 competition. The proposed
GoogLeNet improved the top-5 error of ImageNet from 16.4% to 6.7% which achieved
by AlexNet. Here GoogleNet was introduced “Inception’- a deep convolutional neural

network architecture. This model shows better performance of fewer parameters
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Figure 3.1: Inception-V3 model architecture for the food-related scene classi cation.

(4 million) as compared to AlexNet with 60 millions (Szegedy et al., 2016). It
has 22 layers deep network and to ignore the irrelevant parameters the inception
network used an average pooling instead of fully connected (FC) layers at the top
of the ConvNet. It also introduced extra losses xed to the classi cation error
of the intermediate layers. Subsequently, there are various additional progressive
versions of the Inception models. In the Inception-V2 (Szegedy et al., 2016)
introduced a Batch Normalization calling the CNNs as BN-Inception. Afterwards,

in the third emphasis, the model architecture performance was increased by adding
factorization concept that was referred to as Inception-V3. This network has much
more advantages compared to other previous network models. It achieves 21.2%
top-1 and 5.6% top-5 error for single frame evaluation. Finally, it proved very good
classi cation performance at modest computational cost, speci cally, the addition
of residual connections contributed to advance the training signi cantly. Figure 3.1
shows the Inception-V3 model architecture for our 35 food-related scene classi cation
task. We modi ed it by removing the intermediate auxiliary logits output to adopted

with our problem.

3.2.2 Fine-tuning of CNNs for Food Related Environment
Classi cation
In this work, we describe the ne-tunning process of several CNNs state-of-the-art

models to adapt them speci cally to the food-related scene classi cation using the

new dataset described in Section 3.3.1. Moreover, we discuss how we extract the deep



3.3. Experimental Evaluation

37

Table 3.1: Description of the proposed FoodPlaces dataset.

Original no. | Original no. No. of Food No. of Food
Dataset . .
of classes | of images | related scene classesrelated images
Places365 365 1,946,750 35 176,517
FoodPlaces| ImageNet 1000 14,197,122 26 30,600
SUN397 397 108,754 30 11,372

learning features for upgrading their perspective tness. We applied the ne-tuning
method to our proposed network structure which is using the pre-trained model as
a checkpoint and progress to training the neural network.

ImageNet is a rich dataset that contains a huge number of images mainly used for
object classi cation. Its pre-trained model is also well-trained; therefore, it can be
used to classify di erent types of images in di erent applications. In this work, we
have used three di erent pre-trained models from ImageNet: VGG-16, ResNet-50 and
Inception-V3. For these models, we loaded a checkpoint that stored all the tensors
after approximately two weeks of ne-tuning them on our FoodPlaces dataset. The

last layer of the network classi es the classes of the food-related scene images.

3.3 Experimental Evaluation

3.3.1 The FoodPlaces Database

In the deep learning method, it is necessary to have a big image dataset for
learning deep features.
datasets Places365 (Zhou et al., 2016), ImageNet (Russakovsky et al., 2015b)
and SUN397 (Xiao et al., 2010) dataset. We named it FoodPlaces. A detailed

We propose a new dataset by combining three public

description of the proposed dataset is shown in Table 3.1.

In this dataset, we selected 35 common food-related scenes from the above
mentioned public datasets. The collected images from those datasets have large
scene taxonomy, which contains rich classes to cover the various visual surroundings
of our daily life experience. Figure 3.2 shows the food-related scene images from the

proposed database.






	Abstract
	Acknowledgements
	List of Publications
	Contents
	List of Figures
	List of Tables
	Introduction
	Motivation
	Deep Learning
	Advantages and properties of Deep Learning
	Deep Learning in Health Informatics
	Deep Learning in Pervasive Sensing
	Deep Learning in Medical Imaging

	Research Contributions
	Thesis Organization

	Efficient Deep Learning
	Introduction
	Convolutional Neural Network
	Convolutional Layer
	Pooling Layer
	Fully Connected Layer

	Advanced Training Methodologies
	Data Pre-processing
	Network Initialization
	Batch Normalization
	Activation Function
	Dropout
	Special Pooling Layer
	Optimization Techniques

	Advanced CNNs Architectures
	VGGNet
	GoogleNet
	ResNet

	Recurrent Neural Networks (RNNs)
	Generative Adversarial Networks (GANs)

	FoodPlaces: Learning Deep Features for Food Related Scene Understanding
	Introduction
	Proposed Approach
	Convolutional Neural Networks
	Fine-tuning of CNNs for Food Related Environment Classification

	Experimental Evaluation
	The FoodPlaces Database
	Methodology
	Experimental Results

	Conclusion and Future Work

	Recognizing Food Places in Egocentric Photo-streams using Multi-scale Atrous Convolutional Networks and Self-Attention Mechanism
	Introduction
	Related Works
	Methodology
	Image-level Analysis
	Network Architecture

	Event-level Analysis
	Network Architecture


	Experimental Results
	EgoFoodPlaces dataset
	Experimental Setup
	Evaluation
	Results and Discussions

	Conclusions

	CuisineNet: Food Attributes Classification using Multi-scale Convolution Network
	Introduction
	Proposed Model
	Network Architecture
	Multi-task Learning

	Experimental Setup and Results
	Database
	Implementation
	Results and discussion

	Conclusion

	SLSDeep: Skin Lesion Segmentation Based on Dilated Residual and Pyramid Pooling Networks
	Introduction
	Proposed Model
	Network Architecture
	Loss Function

	Experimental Setup and Evaluation
	Conclusions

	MobileGAN: Skin Lesion Segmentation Using a Lightweight Generative Adversarial Network
	Introduction
	Proposed Model
	Network architecture
	The Encoder Network
	The Decoder Network:
	The Discriminator Network:

	Model training

	Experiments
	Conclusions

	Conclusions and Future Work
	References

