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In the last two decades, deep learning, an area of machine learning has made exponential progress
and breakthroughs. Currently, it is used in many devices and machines and is becoming more and
more common in our everyday lives. This ranges from self-driving cars to real time speech translation,
machine learning continues to inspire different fields of sciences. Additionally, innovation and
experiments in machine learning are shared in conferences, media and workplaces.
This thesis is an overview of the progress made in traditional machine learning methods. It
specifically discusses a major architecture, convolutional neural networks within deep learning,
machine learning. Emphasis is given to the progress in convolutional neural networks and the
different architectures such AlexNet, VGG net, ZF Net, Google Net, Microsoft Net and SENet. The
application of these architectures in image classification problems is discussed in detail with
comparison among different architectures.
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1. Introduction
Deep learning has become a popular term over for the past several years. Its ability to outperform
humans in many areas has raised human expectations of what a machine can do. In this thesis we will
explore deep learning networks generally and Convolutional Neural Networks specifically to
determine how these AIs solve image classification problem.
Deep learning falls under the domain of machine learning, and Convolutional neural network is part
of deep leaning. Chapter one gives a brief overview of machine learning and a quick glance at its
development over the years. Chapter two discusses types of machine learning, the difference between
supervised and unsupervised learning, and some of related algorithms. The goal is to give a basic
theoretical knowledge of machine learning and the different methods used to solve the problems.
Next, Artificial Neural Networks (ANN), which works as a stepping stone to deep learning, types of
ANN methods, and their limitations are explored.
Chapter three focuses on deep learning and four of its main architectures including unsupervised
pretrained networks, recurrent neural network, recursive neural network, and convolutional neural
network. These architectures form the basis of current deep learning domain. Therefore, the theory
and architecture are discussed in detail. Similarly, we explain how each type of network can solve
specific types of problems. We go through researches and study their applications.
Chapter four discusses convolutional neural networks and related image classification problem.
Additionally, it explores some of the most popular networks built so far in the area of convolutional
neural networks, including Alex Net, VGG Net, ZF Net, GoogLe Net, Microsoft ResNet and SENet.
In chapter five we present the different frameworks that are used for deep learning including
Tensorflow, Keras, Pytorch and FastAI. The selection of these framework is based on criteria such
as having greater learning curve, speed of development, size of contributing community, number of
papers, the long-term growth, and stability of the framework.
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2. Machine Learning
Machine learning is an overlap between Computer Science and Statistical Methods. Through machine
learning, computer actions modify or adapt to become more accurate and its accuracy depends on
how well the changes reflect on the correct results [1]. Put differently, machine learning is using
algorithms on raw data to extract features in the form of a model and to use that model to infer on
data that is not tested yet. In a nutshell, we want machines to learn from the data until it becomes
intelligent enough to learn from experiences like humans do.
ML continuously evolves as does the blend of pattern recognition and computer learning theory in
artificial intelligence [4]. Mohri et al. (2012) and Trucker (2004) mention two types of machine
learning; Supervised and unsupervised learning. These two types of learning are based on the theory
that learning is constructed on previous experience as well as on testing new information. In this new
information, data are tested on similarities between the data points that help us in learning. ML is
also classified based on the type of output produced. The following are the different types of machine
learning.

2.1 Supervised Learning
In supervised learning, learning data altogether with the corresponding labels are fed to the program.
The aim is to devise a function that relates the data to its correct class. In this type of learning, a set
of examples with known correct responses are used for training [1]. The algorithm uses the
information from the training data to generalise and respond correctly to all given inputs [1]. The
training set consists of a set of input data attached with the answers that the algorithms are envisaged
to produce. The function model is as given in equation 1:
𝑦𝑖 = 𝑎 + 𝐵𝑥𝑖
1
Where 𝑥𝑖 is the input, 𝑦𝑖 is the target, and 𝑖 iterates from 1 to N, 𝑎 is the y-intercept and 𝐵 is the input
feature.
Within supervised learning, when unlabelled data are used with labelled data as part of the training,
it is called a semi-supervised learning. Again, within the supervised learning, when data is fed to the
algorithm from the dynamic environment as rewards and/or punishment, it is called reinforcement
learning. For example, it could be flying a plane in a simulated environment or an autonomous car
driving on a given path.
Supervised learning is the most common learning technique [1]. It is used in computer games such
that computers learn and form experiences from previous games that were played. The more games
are played, the more intelligent it becomes. K-nearest neighbourhood is an example of supervised
learning algorithm. Statistical methods such as regression models use supervised learning widely.
Bayesian networks, support vector machines and Markov models are also some examples of
supervised learning.
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Vapnik’s (1995) seminal Support Vector Machine (SVM) is a supervised learning model, which is
widely used in modern machine learning. SVM fits an optimal hyperplane between two clusters in
multidimensional dataset with the aim to find marginal lines that are separate enough so that not a
single data point exists between the marginals and find a direction so the margin is as wide as possible
[2].

2.2 Unsupervised Learning
In unsupervised learning, the algorithm depends mostly on hidden patterns and structures in the data
and is not provided with labels. So, the algorithm tries to determine similarities and underlying
relationships between the input data points [1]. The outputs for any test data point are unknown and
it is hard to build models such as regression [1]. Therefore, similar inputs are clustered together. The
aim also includes finding out the intrinsic patterns, dimensionality reduction, outlier detection and
learning feature of the data.
Method k-means clustering is a classic example of unsupervised learning. In k-means clustering
algorithm, k is defined first. The algorithm then creates k clusters and puts the test data randomly to
different clusters. It then sets the data point values to the means of the clusters as a starting point and
puts the values to clusters that is closest to the means. The algorithm keeps updating the cluster means.
After clustering all the data points, the algorithm restarts and keeps clustering until the clusters mean
values do not change anymore.
Unsupervised learning is also used in neural computing such as self-organizing maps (SOM) and
adaptive resonance theory (ART).

2.3 Machine Learning by Types of Desired Output
There are different categories of machine learning with respect to desired output. Here are some of
the main examples discussed briefly. The first category is classification. In classification, the
algorithm learns to divide the input data into two or more classes by a mapping function during the
training. It then assigns one or more classes to new data points either during testing or in production
(Alpaydin, 2010). As a supervised learning method, the support vector machine is a kind of
classification method that divides the input data points into two regions using linear boundary (Cortes
& Vapnik, 1995). The second category is Regression. When it comes to other supervised learning,
regression is the output where the variable is continuous (Freedman, 2009). The third category is
called clustering, which is an unsupervised learning method. In clustering the input is divided into k
number of clusters using different clustering algorithms (Bailey, 1994). The fourth is Density
Estimation. Density estimation finds the output distribution in some space [5]. The last category is
Dimensionality Reduction. Dimensionality reduction is a process to reduce high dimensional data
to lower dimension (Roweis et al., 2000).
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2.4 Neural Networks
Neural Network consists of similar parts. These parts are layers of nodes with at least one input and
an output with a black box between them. Neural networks are supervised or unsupervised depending
if the expected output is specified or not [8]. In a supervised neural network, the expected output is
specified while in an unsupervised neural network it is not [8]. In supervised learning, neural networks
are taught to give ideal outputs while in unsupervised learning the network learns to group the input
data [8]. A neural network must be trained before it learns to adapt to make predictions from data [8].

Figure 2-1. A Neural Network consists of input, black box and output layer.

2.4.1 Artificial Neural Network (ANN)
Driven by the works of human brain and inspired by biological neural networks, artificial neural
networks come under the domain of artificial intelligence [8, 9]. ANN learns gradually by minimizing
the cost function [10]. The layers are stacks of artificial neurons, that may differ from each other in
their size and transformation function applied on the inputs. The output of each artificial neuron is a
nonlinear function of the sum of its inputs. The inputs are multiplied with weights of the neurons [10].
Then sum of the products are passed to the activation function 𝑓 as shown below.

Here 𝑥𝑖 is the ith input, 𝑤𝑖 the ith weight of the neuron, 𝜑 is the activation function and
nType equation here. is the number of inputs. The nonlinear function is partially weighted as shown
in figure 2-2, which modulates as the signal over a connection. This is an iterative step, from the first
layer to the last layer, the wights of the neurons are adjusted optimally during each iteration [10].
Artificial neural network is as depicted in figure 2-2.
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Figure 2-2. A neuron structure in ANN [52]
Some of the fields that use ANNs include, speech recognition, computer vision and video games.

2.4.2 Feedforward Neural Network (FFNN)
Usually a common type of artificial neural network, Feedforward neural network processes and
recalls patterns, therefore, is called feedforward [8]. These connections move to the next layer but do
not move backward or self-loop [3]. Thus, FFNN does not contain reverse connections which
differentiates it from recurrent neural network. A Simple FFNN is as given in figure 2-5.

Figure 2-3. A simple FFNN with one hidden layer [54]

2.4.3 Recurrent Neural Network (RNN)
In recurrent neural network which is a type of fee-forward neural networks, the connections are not
forced to only go from inputs to outputs [8]. Therefore, the connections are flexible in going back to
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the previous layer or form a self-loop. These connections are called recurrent connections [9]. One
challenge that can be faced in RNN is endless looping such that if the network is not taught when to
stop, it can create an endless loop. This challenge can be prevented with the use of either context
neurons, or calculating output over a fixed number of iterations, or calculating outputs until neuron
output stabilizes [3, 9]. A simple architecture of RNN is as given in figure 2-3.

Figure 2-4. A simple architecture of RNN [53]
Though RNNs learn through training, they differ from other feed-forward networks in their ability to
remember the prior outputs which are used to generate the output for the next input in the neural
network [9]. RNNs are discussed in more detail in chapter three, section 3.2.

2.4.4 Elman Neural Network
Elman introduced this neural network back in 1990. It is a three layers network (input, hidden, output)
with a context layer. This neural network predicts patterns in time series events by using an input
neuron (stream that is used to predict) and an output neuron for each time slice is to be predicted [9,
56]. The context neural layer which keeps track of the prior state of the hidden layer feeds it back to
the same hidden layer for the next iteration of input. Therefore, the number of neurons are equal in
the hidden layer and context layer [9]. The works of Elman neural network is as given in figure 2-4
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Figure 2-5. A common Elman network [56]

2.4.5 Self-Organizing Map (SOM)
Kohonen introduced SOM in 1988. SOM is a type of ANN that uses unsupervised learning to train
to produce a low-dimensional representation called map. SOM classifies the input data points into
one of several groups. It is provided with training data and the number of groups the data needs to be
classified [8]. SOM classifies the data with similar characteristics [8]. During training the weights of
the neurons are updated based on smallest distance to the input and the topological neighbourhood.
Therefore, SOM figures the data group by itself during the training and keeps performing the
grouping on further data and puts them in similar groups [8]. With the map built from the training
data, new input data are classified to one of the output classes based on similarity of its weights in the
map [8].
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Figure 2-6. SOM transforms high-dimensional input into two-dimensional map [55]

3. Deep Learning
Machine learning has been a field of building models to extract patterns from data/inputs for decades.
However, it required a thorough knowledge of statistical methods, computation and data which were
not easily available. But, during the last two decades things have changed significantly. With
statistical modelling and programming, powerful machine learning models that perform with high
accuracy can be built. Deep learning is an automated way of extracting useful patterns from data
using neural network and optimization. Currently, there are several libraries like Tensorflow and
Pytorch, which make it possible to build powerful models in less time than ever before. These libraries
are powered by the easy availability of data, massively parallel implementation of the neural network
computation, often using GPU based parallel processing. In addition to computation hardware, there
are also a lot of efficient initialization and computation tricks that help the learning. Similarly, with
deep learning a lot of progress has been made with face recognition, image classification, speech
recognition, text-to-speech generation, self-driving cars, recommendation systems, games and
machine translation. In this chapter we will focus on the main architectures in deep learning that have
empowered these developments.
Yann Le Yunn (1998) introduced LeNet, one of the early successful CNN architecture to classify
numbers in images. Since the last two decades deep learning has become a widely used phenomena.
Within deep learning, deep networks differ from neural networks if: Deep networks have more
neurons and more deeper layers; The layers are connected in more complex ways and that means the
number of parameters has risen from thousands to even millions; and Automatic feature extraction.
The architecture over the last two decades has evolved and new research continue in the field of deep
networks. In this chapter, four major architectures of deep networks are focused including

8

Unsupervised Pretrained Networks, Recurrent Neural Networks, Recursive Neural Networks and
Convolutional Neural Networks.

3.1 Unsupervised Pretrained Networks
Instead of starting with random weights for each layer of deep networks, Unsupervised Pretrained
Networks use unlabelled data to pretrain each layer of deep networks. Three architectures in
unsupervised pretrained networks are: Deep Belief Networks (DBNs), Generative Adversarial
Networks (GANs), and Autoencoders.

3.1.1 Deep Belief Networks (DBNs)
DBNs consist of stacks of Restricted Boltzmann Machines (RBMs) for learning higher level features
connected to a feed-forward network [11].

Figure 3-1. DBN architecture [11]
RBMs shown in figure 3-1 are used for classification, feature learning, and dimensionality reduction.
The idea behind RBMs is, given an input vector, it reconstructs a vector close to the input vector in
an unsupervised way [11]. RBMs operate on binary-valued inputs and the hidden layers are also
binary-valued. RBMs are optimized to maximize probabilities of the input data with respect to the
weights connecting input to hidden neurons. Hinton (2007) used the term how machines ‘dream about
data’. So, using RBMs in DBNs to learn the high-level features from the dataset in an unsupervised
fashion is termed as pretraining phase of DBNs [12]. RBMs learn more complex features
progressively from data which are then combined non-linearly to do automated feature engineering
[12].
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RBM consists of an input or visible layer and a hidden layer. Each node is connected to every node
in the next layer. There is no connection between the nodes on the same layer [11].

Figure 3-2. RBM network [11]
Here (figure 3-3 to 3-5) is an example of how RBMs do feature construction on MNIST
(Modified National Institute of Standards and Technology ) dataset. MNIST is an image dataset of
handwritten digits (from 0 to 9) containing 60 000 training images and 10 000 test images [23].

Figure 3-3. Activation Render at the beginning of the training [11]

Figure 3-4. Features emerge during training [11]

Figure 3-5. Portions of MNIST digits emerge after training [11]
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As can be seen from figure 3-3 to 3-5, each layer of the RBM uses a generative modelling process to
model the data. Thus, the network is able to get increasingly higher-level features. These features
then add up together to give an elaborate feature. The RBMs layers are then connected to a feedforward neural network with backpropagation which uses it as initial weights. This helps training of
a neural network for better parameters, also known as fine-tune phase of DBNs [12].

3.1.2 Generative Adversarial Networks (GANs)
GANs are a type of generative models which can generate novel data based on the input dataset [13].
They are mainly used in images. This idea can be applied to sounds and videos. GANs use two models
that are trained in parallel in an unsupervised way [13]. The goal is to generate new data or image in
case of input image with similar characteristics as the training data. An important aspect of GAN is
its fewer number of parameters as compared to other deep networks. The first network also called
generative network creates images from the input images while the second network called the
discriminator network classifies these generated images as synthetic or real [13]. The idea is to train
the GAN so that the generated images are as close as possible to the real image such that the
discriminator would mistake.
During training GANs, the parameters get updated as more realistic images of the training set are
generated. In this way, it becomes hard for the discriminator network to distinguish between real and
synthetic images [11]. By structure, a discriminator network is usually a standard CNN (discussed in
section 3.4) [11]. The discriminator network takes input images and classifies them. GAN trains both
networks in parallel in unsupervised way. Figure 3-6 shows GAN architecture processes.

Figure 3-6. GAN architecture [11]
The generative network in GANs on the other hand generates images from the training dataset with
a layer known as deconvolutional layer [14]. The deconvolutional layer (“deconvnet”) is used to show
relation between feature activations and input images. Deconvolution allows generating images as
output from output by mapping features to pixels (see figure 3-7).
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Figure 3-7. Visualizing deconvolutional layers [14]
Backpropagation is used to update the parameters of the generative network. The training continues
until generated images are realistic enough for discriminator network to make a mistake [14]. There
are several variants of GANs and one of them is Deep Convolutional Generative Adversarial Network
(DCGAN) [15]. The convolutional network in DCGAN does not use max pooling instead it has
convolutional stride for spatial downsampling. Similarly, fully connected layers are removed [15].
Another change in convolutional network architecture is using batch normalization in both generators
and discriminators to stabilize learning. The model also uses ReLU (discussed in section 3.4.1.2)
function in each layer except the output layer of the generator which is hyperbolic tangent tan. While
in the discriminator LeakyReLU activation is used [15]. Figure 3-8 shows DCGAN generator
architecture.

Figure 3-8. DCGAN generator architecture [15]
Below (figure 3-9) figure of bedrooms is generated from DCGAN after training of five epochs.
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Figure 3-9. Bedroom images generated from DCGAN [15]

3.1.3 Autoencoders
Autoencoders are mainly used to learn compressed representations of datasets by applying
dimensionality reduction [11]. Dimensionality reduction is a reproduction of the input data with fewer
dimensions. They are also used in other deep networks. The key thing about autoencoders is that the
target value of the output layer is the same as the value of the inputs in the input layer (or possibly a
noiseless version of the input). As shown in figure 3-10, autoencoders consist of an input layer, hidden
layers, and output layer. This resembles a multilayer perceptron network except that in autoencoder,
the number of neurons of input and output are the same. Other features of autoencoders include
unlabelled data in unsupervised learning. Thus, autoencoder learns from unlabelled data. Like RBMs,
autoencoders rely on backpropagation for training. However, the gradients are calculated in a
different way [47].

Figure 3-10. Autoencoder network architecture [11]
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There are two main variants of autoencoder. One is compression autoencoders. Compression
autoencoders pass the input through a narrow hidden layer before expanded to the output layer. The
second is denoising autoencoders. Denoising autoencoders take a noisy input (some features
removed) and the network must learn the denoised output [47].
Variational autoencoders (VAE) by Kingma and Welling (2013) is similar to compression
autoencoder and denoising autoencoder since it is also unsupervised. However, the training process
is different. In compression and denoising autoencoders, activations are mapped to activations
throughout the layers, whereas, a VAE uses probabilistic approach for the forward pass.
Autoencoders are used to detect anomaly in applications in which the correct output is known. Figure
3-11 below illustrates a VAE Network,

Figure 3-11. A VAE network [11]

3.2 Recurrent Neural Network (RNN)
Recurrent Neural Networks (RNNs) are a type of feed-forward neural networks. Compared to other
feed-forward networks, RNNs have recurrent layers that can pass information over time-steps [18].
This allows parallel and sequential computation. It emulates the human brain by considering time as
part of the network [18].
Although, training RNNs was hard when they were first introduced in the 1980s but advances in
processing power and optimization have made it possible. RNNs take a sequence of input and model
them one element at a time. In this way the network retains a state while modelling each input element
across the sequence of inputs. This makes RNNs unique [18].
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RNNs are applied in modelling functions for which input and output are composed of sequences and
are time dependant. Additionally, many classification algorithms (support vector machines) exist that
do not consider time. Other models that consider time have short-range considering only a few timesteps (previous, current, next) also known as sliding window. Recurrent Neural Networks use loops
in the network to model temporal behaviour with better accuracy in the field of time-series, audio,
and natural language processing (NLP) [18,20].
RNNs are used for data that are ordered, context sensitive, and dependant. The design of RNN allows
feedback in such a way that it is possible to capture temporal effects. RNN has a feedback connection
that it uses to learn from input sequences [53]. To keep track of the time-steps connections a parameter
matrix is used [6]. RNNs take a sequence of inputs e.g. in video analysis and generate a series of
output e.g. in natural language translation. The output at each time-step depends on the current input
and the input of the previous time-steps [16]. The gradient is computed using a backpropagation
through time (BPTT) algorithm. The application of RNN requires the input or output or both to be in
sequence. For example, speech synthesis, music generation, time-series prediction and natural
language translation. The input/output format for RNNs makes it unique from other deep networks.
In most of the machine learning models, the input and output sizes are fixed. Whereas in RNNs the
size can vary for the input and output at each time-step [16]. RNNs input/output relation can be of
three types. The first is one-to-many: single input and a sequence of outputs, e.g. creating an image
caption form an image. The second is, many-to-one: sequence input and single output, for example
in sentiment analysis replace a sentence with a word. The third type is, many-to-many: for example
take a video and label each frame.
Similarly, the input of an RNN has three dimensions including batch size or number of records,
number of columns in vector per time-step, and number of time-steps. Figure 3-12 and figure 3-13
show a normal input vector vs recurrent neural networks input, and the time-step in RNN input
processes respectively.

Figure 3-12. Normal input vector vs recurrent neural networks input [11]

15

Figure 3-13. The time-step in RNN input [11]
As shown in figure 3-14, at each time step, the values of a vector column do not have to be the same.
Markov models is also an option when time is considered as a dimension as they are used in modelling
sequences. However, with Markov model, computation becomes impractical for wider dependencies
as their context window grows rapidly [11]. RNN hidden layers can model the states thus as the
number of time-steps increases so do the hidden layers.

Figure 3-14. Recurrent Neural Network unrolled on the time axis [11]

3.2.1 LSTM
One of the most known type of Recurrent Neural Networks is Long Short-Term Memory (LSTM)
networks (Schmidhuber, 1997) that addresses vanishing gradients problem of RNNs. It consists of
memory cell that keeps important information learnt over several time steps and gates that control the
flow of information in the network. Memory cell contents are controlled via the gates (input and
forget gates). Gating mechanism allows information to be retained across multiple time-steps. This
also address the vanishing gradient problems faced in many RNNs. LSTM are used in applications
like generating sentences, speech recognition and handwriting recognition [19]. LSTM block is
illustrated in figure 3-15.
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Figure 3-15. LSTM block diagram [11]
As illustrated in figure 3-15, a LSTM block consists of several units. These units include three gates
(input, forget and output), block input, memory cell, output activation function, and peephole
connections. The input gate controls the memory cell to retain previous learnt information. Whereas,
the forget gate helps cell memory to erase stale contents from previous time steps and the output gate
exposes the contents of the memory cell at the output of the LSTM block [17]. Furthermore, the
LSTM block output loops back to the input and all the gates. The gates use sigmoid activation
functions whereas the input and the output use tanh activation function [17]. LSTMs are used in text
generation, handwriting recognition, music generation and natural language translation.

3.3 Recursive Neural Network
The idea behind Recursive Neural Networks (RNNs) comes from recursive nature of objects like
images and sentences. It is similar to images are sum of segments, and words make a sentence
(Richard Socher, 2011). RNNs allow to reconstruct the input so that an image can be classified based
on the content. Recursive Neural Networks use a binary tree structure to map two children to a parent
recursively using a score for each node. It is used in natural language processing due to its ability to
parse sentences [22]. Similarly, it can be used to parse scenes in images. Recursive Neural Networks
employee backpropagation through structure (BPTS). Recursive Neural Networks have a sharedmatrix and a tree structure, while the feed-forward pass happens bottom-up the backpropagation is
top-down. The input is at the bottom of the tree and target at the top.
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Figure 3-16. Recursive neural network for sentiment analysis [59]
In the above figure 3-16, the compositional function g( ) which is tanh function in standard recursive
neural networks, is applied on the words to compute the representation of the parent nodes p1 and p2.
There are two main variations of Recursive Neural Networks. One is recursive autoencoders (RAE),
a semi-supervised approach which learn how to reconstruct the input. They are used to break up
sentences into segments for NLP. Second, Recursive Neural Tensor Network (RNTN) is a
supervised neural network with a tree structure which computes vectors for the parent nodes in the
tree [19]. Similarly, RNTN can segment image objects and label them.

Figure 3-17. Recursive Neural Tensor Network for sentiment analysis [59]
In figure 3-17, a RNTN predicts five classes in sentiment analysis on Stanford Sentiment Treebank
dataset [59]. The classes include very negative (--), negative, neutral, positive and very positive (++).
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Recursive Neural Networks are used for scene decomposition, NLP and auto to text transcription.

Figure 3-18. Multi-class image segmentation and pixel-wise labelling with recursive neural
networks [19]

3.4 Convolutional Neural Network (CNN)
CNN architectures are discussed in detail in chapter 4. This is a summary of CNN in general. CNN
is used to learn higher-order features in the data using convolutions. They perform exceptionally well
with object recognition in images [11]. Similarly, CNN can be used for text analysis with character
recognition, and analysing words as discreet textual units. Similarly, CNN works well with voice
data. However, CNN is better known for image recognition. Today CNN is used in several
applications including self-driving cars, robotics and drones. CNN tends to work well with data that
has some structure and spatial correlation. Figure 3-19 shows CNNs used in computer vision.
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Figure 3-19: CNNs and computer vision [11]
The intuition behind CNN comes from the fact that traditional neural networks do not scale well with
image data [11]. Image data allows to change the network architecture. That is why with CNNs, the
neurons can be aligned in a three-dimensional structure using length, height and depth and these
attributes can be mapped with the image width pixel, height pixel and the RGB channels. To put it
simple, CNNs transform the input image through several connected layers and output a set of class
probabilities. All CNN architectures share some common layers as given in the Figure 3-20.

Figure 3-20: High-level CNN architecture [11]
As seen in figure 3-21, the CNN input data is loaded to the input layer for processing. The input
layer takes three dimensions (width, height and RGB channel) of the image data.
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Figure 3-21: 3D data input

3.4.1 Feature Layer of CNN
The featured layers of CNN include convolutional layers, ReLU layer, Pooling Layer, and Fully
Connected Layer. Following a detail discussion of the different layers.

3.4.1.1 Convolutional Layers
Convolutional layers are the main components of CNN architectures. Convolution layers transform
the input image by applying a filter or kernel. The layer performs dot product between the region of
the neurons in the input layer and the filters to generate the feature map. Figure 3-22 shows
Convolution layer with input and output volume.

Figure 3-22: Convolution layer with input and output volume [11]
The output generated after the convolution has the same dimensions usually as the input as seen in
figure 3-23.
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Figure 3-23: The convolution operation [11]
As show in figure 3-23, the filter or kernel has a smaller size than the input size slid. It uses a given
stride value on the input data to produce convolved feature. This process is also known as feature
detector. The feature map or activation map (as shown in figure 3-24) for each filter is summed along
the depth dimension to construct the 3D output. The learning of the feature detector is reflected from
the activation value. Therefore, each filter learns to detect a certain feature. The sliding of filter on
the input generates a two-dimensional activation map for that filter.

Figure 3-24: Convolution and activation maps [11]
The staked activation maps form output volume. The values in activation volume correspond to
neurons outputs that cover a small area of the input volume.

Figure 3-25: Activation volume output of convolutional layer [11]
Receptive field is the connection of neurons to the input layer. It is used to set the size of filter maps.
For example, if the size of the filter is set to 5 x 5 x 3, the number of the weights for a neuron is 5 *
5 * 3 = 75. CNNs use parameter-sharing to limit parameter counts, thus save computation time during
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training data. Each filter learns one feature. As show in figure 3-26 once a feature for example a
horizonal line is learnt by a filter in one space of the input, it does not need to learn it for another
location in the image, which makes CNN position invariant.

Figure 3-26: Example filters learned [35]

3.4.1.2

ReLU Layer

The network uses the Rectified Linear Unit nonlinear (ReLU) function as the output of the neuron for
the input x, 𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥). CNNs with ReLUs train in lesser time than their equivalents with
tanh function [35]. Not only this, the CIFAR-10 dataset reaches 25% training error in much lesser
iterations [35]. Another reason for ReLUs use is that it does not need normalized inputs. Inputs with
positive values show learning happening in those neurons. Thus, local response normalization helps
to reduce error rate [35].

3.4.1.3

Pooling Layer

Pooling layers are added after successive convolutional layer. A pooling layer in CNNs aggregates
the outputs of neighbouring neurons in the same filter or map to reduce spatial size of the feature
maps. Pooling layers reduce data representation and help control overfitting. Each pooling
summarizes the area they cover. Max pooling uses the max() operation to resize input spatially. For
example with a 2 x 2 filter, max() takes the largest value out of the four values. The result is a compact
feature map.

3.4.1.4 Fully Connected Layer
This layer is used to calculate the probabilities of the output classes for the input data. The output is
a vector with N numbers representing the probability of each of the N output classes.
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4. Convolutional Neural Network (CNN)
Image classification in machine learning is evolving and researchers are developing new architectures
and algorithms for image classification problems. There are various architectures of CNNs, which
are key in building algorithms. In this chapter, we will go through some of the most important
architectures chosen as the winner of the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) competition [30,32], convolutional neural network (CNN). ILSVRC can be called the
Olympic of computer vision. The ImageNet is an image repository with about 15 million images with
over 22000 categories. The models are evaluated based on a benchmark known as top-1 error rate
and top-5 error rate. Top-1 error rate is the percent of test images or inputs classified incorrect whereas
top-5 error rate is the percent of test inputs that were not classified in one of the top-5 most probable
classes. The different architectures of Convolutional Neural Network are LeNet, Alex Net, VGG Net,
GoogLe Net, ResNet, ZF Net and SENet. In this section, we go through each of these architectures
in detail.

4.1 AlexNet
Even though Yann LeCun’s (1998) paper was the pioneer in introducing Convolutional Neural
Networks (CNN), AlexNet [35], the winner of the 2012 ILVRC [33], is an important work in the
field. Increasing the depth of the network and using millions of input images dataset was a milestone
achievement with AlexNet [24]. The model performs well as CNN has the ability to collect prior
knowledge about images [25, 26, 28] and as compared to Feedforward Neural Networks, CNNs
require fewer connections and parameters.
The model consists of five convolutional layers, max-pooling layers, dropout layers and three fully
connected layers. The output of the fully connected layer is input to a 1000 node SoftMax layer which
gives the probability distribution for each class [35]. The images are all set to 224 x 224 x3 dimension
which are fed to the first convolutional layer having 96 kernels of size 11 x 11 x 3 with a stride of 4
pixels [35]. The second convolutional layer takes the normalized and pooled output from the first
layer and filters with 256 kernels of size 5 x 5 x 48. Next three convolutional layers are connected to
each other without any normalization or pooling layers in between. The third convolutional layer has
384 kernels of size 3 x 3 x 256 connected to the second layer. The fourth and fifth convolutional layer
have 284 and 256 kernels with 3 x 3 x 192 size. The fully connected layers have 4096 neurons each.
Since the model uses two GPUs, the layers in each interact only at certain points [35].
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Figure 4-1: Alex Net architecture [35]
The ReLU activation function in this model performs much faster than their equivalents with tanh
function as shown in the below image [35].

Figure 4-2: ReLU (solid line) vs Tanh (dashed line) [35]
Similar to the architecture built by Ciresan et al [31], the columns in the Alex Net model are not
independent [35]. Overfitting is a common phenomenon in machine learning models especially in
deep convolutional neural networks. Alex Net uses data augmentation to overcome overfitting. This
model uses image translation and horizontal reflections by extracting random 224 x 224 patches from
the images. Thus, increasing number of training set by 2048 times. Another augmentation method
alters the RGB intensities of the images in the training data. To each image, the multiples of PCA
(Principal Component Analysis) of the RGB channels in the training set is added with magnitude
proportional to the corresponding eigenvalues times a random variable from a Gaussian with mean
zero and standard deviation 0.1. So, to each image pixel the following values are added [35].
[𝑃1 , 𝑃2 , 𝑃3 ][𝛼1 𝜆1 , 𝛼2 𝜆2 , 𝛼3 𝜆3 ]𝑇
2
Here P is an eigen vector, 𝜆 is eigen value, 𝛼 is a random variable and the indexes 1…3
corresponds to the RGB channels.
Adding results from different models reduces the test errors [1,3]. However, in case of large datasets
it is time consuming. Introducing dropout reduces the factor by a huge margin [36]. This model
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contains dropout layers which force the network neurons to learn more robust features what work
well on different sample datasets. Dropouts are added to the first two connected layers otherwise the
model tends to overfit [35]. As shown in table 4-1, The results are exceptionally remarkable. These
results were not reached before with top-1 and top-5 test set error rates of 37.5% and 17.0%. Sparse
coding [31] the winner of ILSVRC-2010 competition from NEC team [31] used six sparse-models
trained on different features and averaged the prediction. While XRCE team used an improved Fisher
vector representation [49] for two classifiers with data compression and PCA and averaging the
classification score.

Table 4- 1: Top-1 and Top-5 error rate result of best three models on ImageNet dataset from 2010
to 2012 [35]
Model

Top-1

Top-5

Sparse coding [31]
SIFT + FVs [48]
CNN

47.10 %
45.70 %
37.50 %

28.20 %
25.70 %
17.00 %

The model is trained with batch stochastic gradient descent with specific values for momentum and
weight decay [35]. The training took around 6 days on two GTX 580 GPUs. This model is an
important milestone as it performed exceptionally well on the ImageNet dataset.

4.2 ZF Net
Though AlexNet [35] performance has been exceptional on the ImageNet dataset, Mathew Zeiler and
Rob Fergus (2014) show Alex Net performed well and improved. With some alterations to the Alex
Net, Zeiler et al. (2014) came up with ZF Net which won 2013 ILSVRC competition with 11.2%
error rate. The model uses visualization technique, which gives insight of the inner feature layers.
This helps in optimizing the model more specifically than doing random trial and error. With Alex
net, it became evident that larger dataset, GPU and dropouts make the model highly accurate.
However, with ZF Net, it was possible to decrease dataset and achieve even better results in lesser
time [37]. Visualization of features to understand the network is a common practice but has not helped
beyond 1st layer. For the hidden layers fewer methods exist for examining activity [37]. Using the
visualization technique, ZF is able to show the inputs responsible for each feature map activation
[37].
The model uses a supervised convnet as defined by (Krizhevsky et al., 2012). Input coloured images
are mapped via multiple layers to a probability vector using SoftMax function [37]. Each inner layer
is a result of convolution of the previous layer output with a set of activation maps. Rectified linear
function (𝑟𝑒𝑙𝑢(𝑥) = max(𝑥, 0)) is used as activation function. The model differs from the
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Krizhevsky’s AlexNet as the layers split across two GPUs are replaced with dense connections in ZF
model. Below is the architectural diagram of the ZF Net [37].

Figure 4-3: ZF net architecture [37]
The model is trained with a large labelled image dataset by ‘back propagating the derivative of the
loss with respect to the parameters throughout the network by updating the parameters of the network
via stochastic gradient descent’ [37].
The main work in ZF network (2013) is the introduction of visualization technique called
‘deconvolutional network’. Deconvolutional network, helps to examine different feature activations
by mapping the input space. ‘Deconvnet’ the reverse of convolution is used to map feature activities
back to the input pixel space, showing which input patterns caused which activation in the feature
maps. Then, unpooling to get an approximate inverse of pooling by recording the locations of the
maxima within each pooling region. Similarly, the filter is inverted by taking transpose of the filter
[37]. ‘Deconvnet’ is attached to each layer of the trained convolutional network as a probe to identify
the patterns in the image that are more discriminative [37]. The output of the deconvnet chain is a
small patch of the input image. The below figure 4-4 shows how the ‘deconvnet’ works.

27

Figure 4-4: A deconvnet layer (left) attached to a convnet layer (right). [37]
The model was trained on the ImageNet 2012 training set with 1.3 million images over 1000 classes
[34].

Figure 4-5: Filters and the features in the image activated strongly by the filters [37]
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As seen in the above figure 4-5, the 1st layer of the CNN detects low level feature such as edges and
colours while in the 2nd layers more circular features are detected.

Figure 4-6: Visualization of layers 3, 4 and 5. [37]
The later layers in in figure 4-6 show more high-level features such as faces and flowers. As shown
in figure 4-6, ZF Net improved performance by utilizing filters size 7 x 7 instead of 11 x 11 in the 1st
convolutional layer and changing the stride in the 2nd layer to 2 strides from 4 in AlexNet [37]. Thus,
making the filter smaller, ZF Net is able to out-perform AlexNet.

4.3 VGG Net
As the research continued to refine the original architecture of Krizhevsky et al. (2012), using more
datasets for training and using smaller size filters and stride of the initial convolutional layers
improved the result [14]. Karen Simonyan and Andrew Zisserman [38] of the University of Oxford
determined how to increase the depth of the ConvNet. Karen et al. (2014) made it possible as the
filter used in the convolutional layers is small (3 x 3). This model managed to achieve a test error rate
of 7.3% almost half of the ZF Net.
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Table 4- 2: VGG net architecture variants named A to E [38]

The architecture design follows the same principle of stacking convolutional layers as used by Ciresan
et al. (2011) and Krizhevsky et al. (2012). First pre-processing the input images by subtracting the
mean of the training set RGB value from each. Then these images are passed through the
convolutional layers with a filter size (3 x3) with stride 1 which retains the spatial resolution after
convolution (Karen et al. 2014). Unlike AlexNet, max-pooling is used sparely on the convolutional
layers. Max-pooling uses a 2 x 2 pixel dimension with stride 2.
The layers of convolution are followed by three fully-connected layers. First two layers have 4096
channels each and the last has 1000 nodes for each class [38]. However, this model differs from its
predecessors in that it does not utilize softmax function. In all five models with different depths (1119 layers) have been tested. The dimension for first convolutional layer is kept small, 64, and
increases by factor of 2 after each max-pooling layer until it reaches 512. Interestingly, the number
of parameters remain smaller as compared to smaller depth networks with bigger convolutional layer
dimensions (144M in Sermanet et al., 2014). One main reason for the performance VGG model is the
3 x 3 sized filters. Combining two 3 x 3 convolutional layers has a receptive field of 5 x 5 [38], which

30

behaves like a larger filter while keeping the benefits of smaller filter sizes. VGG net architecture
calculations are as given table 4-2.
In the above table 4-2 (previous page) shows five different VGG net architecture configurations (from
A with 11 layers to E with 19 layers) built by Karen et al. (2014). For example, ‘A’ variant of VGG
has 3 fully-connected layers and 8 convolutional layers. E.g. in ‘conv3-64’ 3 represents the number
of fully-connected layers and 64 is the width or channel of the first convolutional layer. Which
doubles in the next layer after max pooling. The width of the end convolutional layers is 512. FC4096 stand for fully-connected layer with 4096 channels. Another variation of ‘A’ is ‘A-LRN’ which
uses a normalisation technique known as Local Response Normalisation. However, this does not
improve the performance of the network. Table 4-3 shows the number of parameters for the model
with varying depth (A being the smallest with 11 layers and E with 19 layers).
Table 4-3: Number of parameters in millions [38]

The ImageNet dataset used in this experiment contains three subsets; training (1.3M images),
validation (50K images) and testing (100K images) [38].
Table 4-4: Error rate for each type of VGG net configurations [38]

As seen from table 4-4 the model (E with 19 layers) was able to achieve an error rate of 7.5%. Table
4-5 is a comparison of top models for the ILSVRC competition.

31

Table 4-5: List of the top performing models on Imagenet dataset [38]

Convolution filters with a smaller size were used before by Ciresan et al. (2011) but due to the low
depth it could not evaluate on the ILSVRC (Karen et al. 2014). However, depth of the network
improved, as shown by Goodfellow et al. (2014) who used deep ConvNets (11 layers) to street number
recognition task. GoogLeNet (Szegedy et al., 2014), another top competitor in the ILSVRC-2014 did
use 22 weight layers but its structure is more complex. Hence, this work shows that very deep
ConvNets can be built which perform exceptionally.

4.4 GoogLe Net
Researchers from Google came up with a project codenamed Inception which was the winner of the
ILSVRC14 [38]. Inception was able to achieve a top-5 test error rate of 6.1% with less computing
resources and even lesser parameters than Alex net [34]. This work is important as it went away from
previously followed principle in CNN of stacking layers on top of each other. Instead, Szegedy et al.
(2015) introduced the Inception module inspired from Hebbian principle; ‘neurons that fire together
wire together’. The fundamental idea behind Inception module to approximate locally sparse
structures of a CNN with available dense components [40]. Inception uses parallel stacks and their
output are concatenated as input for the next layer.
The network uses three different convolutional filter sizes,1 x 1, 3 x 3 and 5 x 5. The network employs
a 1 x 1 convolutional layer for two reasons. One is dimensionality reduction to reduce the size of the
input for the next layers and hence lesser computation. The other is allowing the network to grow in
depth and size as shown by (Karen et al. 2014). In addition, the network uses a similar approach as
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in R-CNN by Girshick et al [41] to divide the detection task into two. First locating the regions for
the objects using colour and texture then using CNN to classify objects in those regions. The other
two convolutional layers extract features at larger receptive field. Each convolution is followed by
the ReLU function to keep the nonlinearity of the network. These are then combined. Instead of fully
connected layers as used in previous models, Inception uses average pooling to keep the network
sparse and hence less parameters as CNN models tend to improve with higher depth and bigger width
size in each layer. However, that means a large number of parameters and computational resource
which is one of the issues addressed in this model. This has been done by replacing fully connected
layers with sparse ones.

Figure 4-7: Naïve Inception module [40]
As illustrated in figure 4-7, the input is passed to multiple convolution layers and max pooling layer
in parallel and the output is concatenated in the next layer. However, there is an issue with the naïve
Inception model. As the number of filters increases for 5 x 5 convolutions, it becomes
computationally expensive and is evident when max pooling layer is added as it increases the number
of outputs in the next layers. To overcome this problem, another version of Inception is introduced
(as shown in figure 4-8); to reduce the dimensions when the computation requirements are exceeded
[40].

33

Figure 4-8: Full Inception module [40]

These Inception modules are stacked on top of one another to build the network as shown in below
figure 4-9.

Figure 4-9: GoogLe Net architecture built by stacking Inception modules [40]
The GoogLe Net is built with 9 inception modules. It is of 22 layers deep and includes 27 pooling
layers. Overall, it has over 100 layers. Below table 4-6 summarizes the features of the most optimal
instance of GoogLe Net.
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Table 4- 6: GoogLeNet a type of the Inception architecture [40]

The model was able to achieve 6.67% top-5 error rate. The table 4-7 shows the error rate for each top
performing model on ImageNet.
Table 4-7: The winners of ILSVRC [40]
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4.4 Microsoft ResNet
Researchers from Microsoft came up with deep residual learning for image recognition incorporated
in ResNet model which won the ISRVC2015[42] with 3.57% top-5 error which is even lower than
the measure for humans (5-10%). The ResNet is significantly deeper than its predecessors AlexNet
and VGG nets. One of the models built with residual network contains 152 layers almost 8 times
VGG nets [42].
Since CNN model tends to higher accuracy with increased depth [38, 39] but training deep networks
would experience the vanishing/exploding gradient problem [43,44] which hinders convergence.
However, this problem is handled by normalized initialization [43, 46] which enables deep networks
converging for stochastic gradient descent (SGD) with backpropagation [45]. While deeper networks
are able to converge a degradation, another problem arise [47] i.e. with increasing depth the accuracy
of the training set saturates and degrades consistently as depicted in figure 4-10. This does not come
from overfitting or increased depth. This concludes that all models do not behave similarly in
optimization.

Figure 4-10: Error rate increase as the depth of plain networks increase [42]
ResNet introduced a deep residual learning framework to address this degradation problem. Instead
of stacking layers to fit a mapping, ResNet allows the layers to fit a residual mapping as shown in
figure 4-11. Let 𝑥 be the input that goes through a conv-ReLU-conv blocks. Denoting that mapping
as 𝐻(𝑥), we let the stacked nonlinear layers fit the residual function 𝐹(𝑥) ≔ 𝐻(𝑥) − 𝑥. The original
mapping is recast into 𝐹(𝑥)+ 𝑥 with feedforward neural networks, whereas 𝐹(𝑥) is the residual
function [42]. In this way it is easier to optimize the residual mapping than to optimize the original,
unreferenced mapping, whereas in the predecessor CNN models the 𝐻(𝑥) would be equal to 𝐹(𝑥).
So, each residual block computes a delta change to the original input x. Below there is a diagram of
residual block [42].

36

Figure 4-11: Residual learning: A building block [42]
As shown in figure 4-12 (c), a residual network with 34 layers.
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Figure 4-12: a) VGG-19 model, b) Plain network c) 34-layer residual net [42]
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Residual block is effective as during the backpropagation the gradient will easily flow through the
graph because it is an addition operation which distributes the gradient. Also, plain CNN with the
same depth would concede more error [42]
With only 3.6% error rate ResNet is one of the best CNN networks so far and the idea of residual
learning is an innovative step to boost the performance of CNN models. Table 4-8 lists the error rates
for the top performing models.

Table 4-8: The list of top models on ImageNet dataset [42]

4.5 SENet
In previous architectures of CNN, data representation by learning spatial information has improved
tremendously with increasing network depth. This hierarchy of features from each layer forms CNN
models representation of the input dataset. Improving and introducing better methods in deep learning
continues with new research. Jie Hu et al. (2017) introduced a new network structure called “Squeezeand-Excitation block” (SE) that incorporates channel-wise response and models their
interdependency. The activation responses from channel-wise features form the base of SE blocks
[50]. SENet built from stacks of SE blocks won the ISLVRC 2017 challenge with an accuracy of
2.251 % top -5 error rate [50].
The main idea behind SE blocks is to model the relationship between the channels of the convoluted
features. Thereby, allowing the network to learn more important features and suppress the trivial ones.

Figure 4-16: SE block [50]
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4.5.1 Squeeze and Excitation
The SE block as given in figure 4-16, takes input X with dimensions (H´, W´, C´) that undergoes
convolution operation Ftr to generate the feature map U. The feature map is first passed to squeeze
operation. Squeeze operation squeezes the more useful features in the feature map of each channel
and supressing the least important ones [50]. Extracting only the useful features gets handy in lower
depth of network where the receptive field is small as given in below equation [50].
′

𝑢𝑐 = 𝑣𝑐 ∗ 𝑋 = ∑𝑐𝑠=1 𝑣𝑐𝑠 ∗ 𝑥 𝑠

(3)
Here 𝑣𝑐 is the set of learned filters V = [𝑣1 , 𝑣2 , , , , , 𝑣𝑐 ] convoluted with the input X. while 𝑣𝑐𝑠 is the
filter for one channel and U = [𝑢1 , 𝑢2 , , ,𝑢𝑐 ] is ouput. However, these learned filters are limited to
the local field and do not infer any information outside its region. To overcome this issue, more
important features are squeezed into channel descriptors as embedded vectors [50]. The squeeze
operation uses global average pooling across the spatial dimension (H x W). Other pooling methods
can be applied including average pooling. The result are channel descriptors as given in the below
formula.
1

𝑧𝑐 = 𝐹𝑆𝑞 (𝑢𝑐 ) = 𝐻 𝑥 𝑊 ∑

𝐻
𝑖=1

∑𝑊
𝑗=1 𝑈𝑐(𝑖, 𝑗)

(4)

Here 𝑧𝑐 is the c channel descriptor.
Next excitation step is used to recalibrate the descriptors to get the channel-wise dependencies. The
excitation step is characterized to learn nonlinear interaction of the channels and allow unshared
weights [50]. A sigmoid activation is used to achieve the excitation as given in the bellow equation.

𝑠 = 𝐹𝑒𝑥 (𝑧, 𝑤) = 𝜎(𝑔(𝑧, 𝑊 )) = 𝜎(𝑊2𝛿 (𝑊1𝑧))

(5)

Here 𝛿 is the ReLU function, W1 and W2 are weights for each channel. These weights are applied to
the channel descriptors to generate the output that is passed to the next layer. The excitation step
employs two fully connected layers, a dimensionality-reduction layer, a ReLU and rescaling
dimension to the channel size of U. The output from the excitation is 𝑥̃𝑐 = 𝐹𝑠𝑐𝑎𝑙𝑒 (𝑢𝑐 , 𝑠𝑐 ) = 𝑢𝑐 . 𝑠𝑐 ,
where 𝑋̃=[𝑥̃1 , 𝑥̃2 , 𝑥̃3 , . , 𝑥̃𝑐 ] and 𝐹𝑠𝑐𝑎𝑙𝑒 (𝑢𝑐 , 𝑠𝑐 ) is the output of the scalar product of 𝑠𝑐 and feature map
𝑢𝑐 .
SE blocks tend to work differently at different depth of the network. At top layers, SE blocks excite
low-level feature that are shared between the classes [50]. At the depth of the network, SE blocks
produce more class specific responses. Thus, giving a richer representation of the input data. SE
blocks can be used in other deep network models simply by replacing components with SE blocks
after ReLU of a convolution layer. In addition, SE blocks are computationally light and require lesser
parameters [50]. As illustrated in figure 4-17, SE block is added to a VGGNet’s Inception module to
build a SE-Inception network. The SE block contains five layers; pooling layer, fully-connected layer,
ReLU layer, fully-connected layer and a sigmoid function followed by a rescale operation [50].
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Figure 4-17: Inception module(left) and SE-Inception module [50]
The results for Inception-ResNet-v2 network on ImageNet dataset are more accurate than their
original counterpart as given in table 4-9 [50]. Similarly, in the below diagram (figure 4-18), SE block
is added to a Residual network. Similar networks can be built for other networks as well including
MobileNet, ResNeXt and ShuffleNet [50].

Figure 4-18: ResNet and SE-ResNet module [50]
The error rate for ResNet build from SE blocks are far lower than the original implementation as
shown in table 4-9 [50]. In addition to ImageNet dataset, SENet tends to work well on other datasets
as well. By stacking SE (Squeeze-and-Excitation) blocks to form a SENet architecture that performs
exceptionally well on different datasets. As can be seen in result for COCO and CIFAR-10 dataset.
Below table shows how the reimplementation of different variants of ResNet with SE blocks exceeds
in performance to the original ResNet results.
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Table 4-9: ResNet variants with original results, re-implementation using original variant and SE
blocks used in ResNet Variant [50]

The values in bracket in SENet section of the table represent the difference in result from the reimplemented section. SENet variant of ResNet shows significant improvement over the original
architecture. However, this leads to an increased computation steps noted as giga floating point
operations per second (GFLOPs).
Similarly, SENet performance on CIFAR-10 image dataset exceeds the previous best results as shown
in table 4-10. Original column contains the actual result as given in the published papers, while SENet
column contains the result for the SENet variant of the models. For each of the models SENet
architecture results exceed the result of original implementation.
Table 4-10: ResNet original implementation results vs SENet classification error % on CIFAR-10
dataset [50]

As shown in table 4-11, SENet-154 variant with 154 SE blocks achieved the best result of 18.68%
top-1 error rate and 4.47% top-5 error rate with crop size of 224 x 224. While with crop size of 299
x 299 the same model outperformed with top-1 error rate of 17.28% and top-5 error rate of 3.79%.
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Table 4-11: Top CNN models with two crop size error rate % on ImageNet dataset [50]
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5. Deep Learning Software Frameworks
As deep learning continues to grow so are related frameworks changing rapidly. Some of the most
popular frameworks developed since last 10 years are discussed in this chapter. These frameworks
are selected based on learning curve, speed of development, size of contributor community, number
of papers implemented in these frameworks, the long-term growth, and stability of each framework
[51]. All the frameworks are opensource and most of these frameworks use Python and some allow
R language as well. The following is brief discussion on each framework.
Tensorflow, backed by Google, is currently the most used deep learning frameworks having most
google search, articles, books and GitHub repositories [51]. It supports a wide range of deep learning
and reinforcement learning algorithms. It is also one of the most in demand skill in job listings. Some
of the major reasons for its popularity include its accessibility to all, build and deploy at scale deep
learning architectures and with help of Tensorboard one can visualize neural network. Tensorflow is
widely used by many companies. Airbnb uses Tensorflow for guest experience improvement by
classifying images at scale. Similarly, Google uses Tensorflow in their products; Gmail, Search and
Translate. The models build in Tensorflow follow a graph structure [51].
Keras is the second most used application programming interface (API) that runs atop of Tensorflow,
Theano or CNTK. Keras was built by a google engineer Francois Chollet. It is also one of the easy to
learn framework for deep learning. It is preferred for fast development of convolutional networks and
recurrent networks [51]. Keras simplifies building neural networks by combining standalone modules
[51]. Keras is highly adopted in several industries including Netflix, Uber, Yelp and many others.
Similarly, it is popular among research communities and organizations including NASA and CERN
[57].
PyTorch from Facebook’s AI group is another framework that is getting popular rapidly in recent
years. Since, it provides greater flexibility to create, combine and process tensors which are the core
of Pytorch in a neural network [51]. It uses high-level API which makes learning and development
faster. One of the main advantages of using Pytorch is its ‘define-by-run’ methodology [51]. This
allows debugging and changing the network on run-time [51]. It supports Python and C++. Pytorch
is popular in research labs however, its not used in production as much as Tensorflow. But Pytorch
is gaining in popularity.
Caffe has been around for six years. In Caffe neural network models are built using configuration
files instead of hard-code programming. It is mostly used for image processing and feedforward
networks, otherwise, it does not support recurrent networks. Therefore, it cannot be used for text,
audio, and time series data [51]. However, its usage has decline over the years with slow development
of new features [51].
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Theano is one of the oldest frameworks. It was developed in 2007. However, its usage and
community contribution declined over the years and since 2017 development on Theano has stopped.
Theano framework allows building neural network models. However, it does not provide pre-built
models like in Tensorflow. It does support high level wrapper API Keras to ease development of
neural networks [51].
Apache MxNet from Amazon is another popular deep learning library. It comes with several libraries
for natural language processing, reinforcement learning, computer vision, and time series modelling.
Mxnet supports several languages including R, Scala, JavaScript and Python. to build deep neural
networks [51].
Microsoft Cognitive Toolkit (CNTK) is a distributed deep learning framework with support for
feed-forward NNs, CNNs, and RNNs. However, CNTK has remained less adopted as compared to
Tensorflow and Pytorch due to its limited community support. However, with the new version of
Cognitive Toolkit 2.0, which comes with several deep learning models, it has gained popularity and
can be used in Azure [58].
FastAI is a new framework that came around 2018. Its built atop PyTorch adding more functionality
and requires little code. It comes with many state-of-the-art training techniques and requires fewer
lines of code to implement any deep learning model [51]. Though it is still new but its adoption is
increasing significantly.
Overall, Tensorflow is the top used framework followed by Keras, and PyTorch [51]. Figure 5-1
shows score for each deep learning framework. Scores are calculated using criteria such as google
search, GitHub repositories, job listings, research paper implementation, and medium articles [51].

Figure 5-1: Deep learning framework scores for 2018 [51]
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6. Conclusion
Machine learning is clipping together computer science and statistical methods to train computers in
learning, modifying and adapting data analysis functions by using logarithms on raw data. Machine
learning (ML) works like human brain of getting exposure to new experience, learning from the
experience, and becoming expert in the realm of what was experienced. Pattern recognition is one
such experience for MI.
As is the case with many sciences, MI is evolving continuously using computer learning theory and
artificial intelligence. There are two types of MI. One is supervised learning and the other is unsupervised learning. Supervised learning works with labelled data i.e. data with known correct
responses. While un-supervised learning happens with data which has hidden and unstructured
patterns and has no patterns.
The types of supervised learning depend on the condition or environment the learning techniques is
being used. For example, semi-supervised learning and reinforced learning are few of supervised
learning types. In case of semi-supervised, the data is either incomplete or has missing label. In
reinforced learning, data is fed to algorithm as a reward or punishment from the dynamic
environment. statistical models such as K-nearest neighbourhood, regression models, and Vapnik’s
(1995) seminal Supportive Vector Machine (SVM) is used in supervised Machine learning.
Unsupervised machine learning has many types. Some depend on the types of desired outputs. The
unsupervised MI which depends on types of desired outputs include clustering, density estimation,
and dimensionality reduction. Other machine learning neural network models include artificial neural
network, recurrent neural network, Elman neural network, feedforward neural network, and selforganizing map.
Within MI, deep learning is determining pattern in data using programming language and statistical
modelling, which is done automatedly using neural network and data optimization. The paper
discussed four architectures of deep network including unsupervised pertained network, recurrent
neural network, recursive neural network, and convolutional neural network.
Unsupervised pretrained network uses unlabelled data and it has three architectures including deep
belief network, generative adversarial network, and autoencoders. Deep belief network is used for
classification, feature learning, and dimensionality reduction. A generative adversarial network
generates new images based on input image data set. Autoencoders apply dimensionality reduction
idea to learn compressed representation of datasets.
Recurrent neural network (RNN) is another neural network learning method. It is a feedforward
neural network and uses recurrent layers passing information over time-steps. Thus it allows parallel
and sequential computation by factoring time in the learning. Long Short Term Memory (LSTM), a
RNN type consists of memory cells that keep track of learning in multiple time steps and information
flow control gates. Deep learning also includes recursive neural network, which builds on the idea of
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recursive nature of images and sentences. It takes images as a sum of segments and sentences as a
sum of words.
Convolutional neural network (CNN) is used to learn high-order feature in data. CNN is not only
exceptional in object recognition in images, it also analyses text and words using character
recognition and discreet textual units. Additionally, it also works with voice data. The key feature
layers of CNN include convolutional layers, pooling layers, and fully connected layers. Convolutional
layers use filters (also called kernel) to transform input images. ReLU layer uses rectified liner unit
nonlinear function. Pooling layers aggregate outputs to neighbouring neurons in similar maps to a
reduced special size and produce a compact feature map.
Using the criterion of winning ILSVRC competition, this thesis also discusses some of the most
important architecture of CNN. AlexNet is one of winners. AlexNet increases the depth of network
by using millions of input image data. It also requires fewer connections and parameters as compared
to feedforward neural networks. ZF net is another ILSVRC winner. ZFNet builds on the features of
AlexNet and reduces the error rate to 11.2% (from 17%). As compared to AlexNet, ZFNet helps
reduce datasets and give even better results.
VGG Net outperforms ZF Net by reducing the error rate to 7.3%. with the help of smaller size filter
and stride of initial convolutional layers. Another ILSVRC winner which outperforms AlexNet and
its predecessor, is GoogleNet. GoogleNet codenamed as Inception, approximates locally sparse
structures with available components. Thus, reduces the error rate to 6.1%. Microsoft ResNet even
went further by reducing the error rate to 3.5% by introducing a deep residual learning framework.
This addressed the degradation problem in the predecessors such as AlexNet and VGG net. In 2017,
SENet won ISLVRC award with an accuracy of 2.25%, which incorporates channel-wise response
and models of interdependency.
Different deep learning frameworks developed in the last ten years have been tremendous and new
innovations are being made. These frameworks include Tensorflow, Keras, PyTorch, Caffe, Theano,
Apache MxNet, Microsoft Cognitive toolkit, and FastAI. These frameworks have a great learning
curve, speed of development, size of contributing community, number of papers, the long term
growth, and stability of the framework.
As the field of deep learning keep growing unlike before, more and more techniques and innovations
are disrupting various areas of human machine interaction. Thus, machine learning and deep learning
will have significant impact on our lives in future.
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