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Abstract

In clothing and particularly in footwear, the variance in the size and shape of people
and of clothing poses a problem of how to match items of clothing to a person. This is
specifically important in footwear, as fit is highly dependent on foot shape, which is not
fully captured by shoe size. 3D scanning can be used to determine detailed personalized
shape information, which can then be used to match against product shape for a more per-
sonalized footwear matching experience. In current implementations however, this process
is typically expensive and cumbersome. Typical scanning techniques require that a camera
capture an object from many views in order to reconstruct shape. This usually requires
either many cameras or a moving camera system, both of which being complex engineering
tasks to construct.

Ideally, in order to reduce the cost and complexity of scanning systems as much as
possible, only a single image from a single camera would be needed. With recent techniques,
semantics such as knowing the kind of object in view can be leveraged to determine the
full 3D shape given incomplete information. Deep learning methods have been shown to
be able to reconstruct 3D shape from limited inputs in highly symmetrical objects such as
furniture and vehicles.

We apply a deep learning approach to the domain of foot scanning, and present meth-
ods to reconstruct a 3D point cloud from a single input depth map. Anthropomorphic
body parts can be challenging due to their irregular shapes, difficulty for parameterizing
and limited symmetries. We present two methods leveraging deep learning models to pro-
duce complete foot scans from a single input depth map. We utilize 3D data from MPII
Human Shape based on the CAESAR database, and train deep neural networks to learn
anthropomorphic shape representations. Our first method attempts to complete the point
cloud supplied by the input depth map by simply synthesizing the remaining information.
We show that this method is capable of synthesizing the remainder of a point cloud with
accuracies of 2.92±0.72 mm, and can be improved to accuracies of 2.55±0.75 mm when
using an updated network architecture. Our second method fully synthesizes a complete
point cloud foot scan from multiple virtual view points. We show that this method can
produce foot scans with accuracies of 1.55±0.41 mm from a single input depth map.

We performed additional experiments on real world foot scans captured using Kinect
Fusion. We find that despite being trained only on a low resolution representation of foot
shape, our models are able to recognize and synthesize reasonable complete point cloud
scans. Our results suggest that our methods can be extended to work in the real world,
with additional domain specific data.
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Chapter 1

Introduction

In the footwear market, there are countless brands and models that come in all shapes and
sizes. Similarly, individual feet vary widely and pairing a person to the best-suited footwear
is not obvious [35]. Finding the optimal footwear can be of importance to consumers as
their �t largely determines performance and comfort. Additionally, ill �tting footwear can
cause pain and various foot deformities [27]. The American Podiatric Medical Association
recommends properly �tted shoes as a preventative measure against foot pain [73].

In footwear, typically the only indicator used to estimate �t is shoe size, which does
not fully characterize the pro�le of a shoe or a foot [33]. Foot morphology for describing
foot shape can be complex and include measures for various lengths, widths, girths and
angles [31]. This makes it di�cult to determine how some footwear will �t without trying
them on. This can be especially inconvenient with the rise of online shopping, where items
cannot be tried-on before purchase. This process could be improved if the precise 3D shape
of a foot could be virtually �tted with the 3D volumetric shape of a shoe cavity.

The �rst step of this process includes determining the shape of a person's feet beyond
what is captured by a simple shoe size measurement. 3D scanning presents a great solution
to this problem, as it can provide an accurate and complete model of a person's foot. Such
systems have already started to hit the retail space, including the Vorum Yeti [18] and the
Volumental scanner [78], however they tend to be expensive or cumbersome to operate.

In developing a cheap and simple 3D scanner, RGBD cameras are compelling as they
are a�ordable with su�cient accuracy and easy to operate [16, 54]. These cameras use
an infrared projector and camera pair that can measure the depth of a surface using
a structured light or a time of 
ight system. 3D scanning using RGBD cameras does
however present a number of challenges. A RGBD camera can only capture points from
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a single viewpoint at a time, and obtaining a full 3D scan of an object requires either a
moving camera or multiple �xed cameras. When scanning a person, stationary cameras
are a better solution, as they are not as mechanically complex but also faster and leave less
opportunity for a person to move during scanning. When using multiple RGBD cameras
however, interference between their projector patterns prevents them from being able to
capture simultaneous images, which can still allow for some movement by the person [46].
Another complication is that in order to form a 3D scan, the data from each view point
needs to be registered to produce a properly aligned scan. This process typically works
best when there is signi�cant overlap between views, thus requiring many views that are
close together. When using �xed cameras, more required views results in more required
camera hardware (e.g., 8 cameras are needed to have just one at each 45 degree interval
around an object).

Many of the described complications in building a 3D scanner have to do with the need
to capture every aspect of an object to reconstruct a model. Humans do not tend to be
limited in this same way. We have the ability to form a complete mental model of an
object from far less information. This has been shown in experiments that demonstrate
our ability to perform \mental rotation" on 3D objects [71]. We seem to be able to leverage
prior information and semantics about objects to more e�ciently create models and to �ll
in missing information. Brain inspired neural networks and deep learning approaches have
been shown to perform well in a multitude of vision related tasks [44] by leveraging abstract
representations to implicitly learn and classify models from large databases. Deep learning
methods have been shown to be able to model 3D shape from limited inputs through voxel
volume representations [14, 22, 66, 75, 81, 83, 84], primitive shapes [91] and with view
synthesis [6, 63, 76, 88, 89] in objects such as furniture and vehicles.

Here we explore how deep learning techniques can be used to address the shortcomings
of current scanning systems. We build deep models which learn to produce complete
foot scans from partial scans given in the form of a single depth map. These models
learn to extract the necessary information, including knowledge about left vs. right foot,
and various foot structures and their measures from a partial representation and apply
it to produce a full 3D reconstruction of the overall foot. Our initial models are based
on previous view synthesis architectures [76], which we subsequently improve upon using
components of ResNet [34].

Due to a lack of freely available foot scan data, a depth map dataset was constructed
from renderings of body models from MPII Human Shape [64] built from the CAESAR
database [67]. The feet of each body model were isolated, and virtually scanned at various
azimuth angles, elevation angles, roll angles and at varying radii around the pro�le of a
foot. We virtually scan using conditions that are representative of a real world scanning
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system, such that systems trained on this data can suggest their capabilities when applied
to the real world.

We implement two methods of complete foot scanning from a single depth map. In
one technique, we use a deep learning model to learn only to complete the point cloud
provided as input. In this method, we keep the process as simple as possible, by requiring
only a single forward pass through a deep network to generate all required points, in such
a way that they are automatically aligned to the input. Using this method, we are able to
achieve point cloud accuracies of up to 2.55� 0.75 mm.

In our second technique, we use a deep learning model to learn to fully synthesize the
foot point cloud. This method requires multiple forward passes through our network and
alignment steps to produce the overall point clould, but is able to produce very accurate
results. Using this method, we are able to achieve complete point cloud accuracies of up
to 1.55� 0.41 mm.

Our models are trained using MPII Human Shape models, which only gives a rough
idea of how the system might work in a real setting. To get a better idea of our methods
in the real world, we collect a small set of real scans using Kinect Fusion [58]. We show
that our models are able to understand real world data however are not fully generalized
to support this domain. We will discuss further work that could be used to adapt our
methods for real world use.

1.1 Contributions

Overall, the aim of this thesis is to describe, implement and demonstrate methods of
producing a complete point cloud foot scan from only a single depth map input.

1. We propose a method for leveraging a pro�le depth map of a foot to produce a
complete point cloud with direct alignment to the input points (Section 3.2).

2. We propose a method for fully synthesizing a complete anthropomorphic point cloud
using view synthesis principles (Section 3.3).

3. We demonstrate the impact and bene�ts of utilizing residual block network architec-
tures in our method of point cloud completion (Section 3.4/4.4).

4. We discover the limitations of how our deep models generalize from MPII Human
Shape data to real world scanning, which primarily revolve around a requirement to
match real foot pose and posture to that seen in training (Section 3.5/4.5).
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5. We are the �rst to apply deep learning to implicitly learn and synthesize 3D shape
of anthropomorphic body parts.

Three publications have resulted from the work presented in this thesis:

1. [49]: Nolan Lunscher and John Zelek. Point Cloud Completion of Foot Shape from a
Single Depth Map for Fit Matching using Deep Learning View Synthesis.The IEEE
International Conference on Computer Vision (ICCV) Workshop - Computer Vision
for Fashion, 2017.

2. [47]: Nolan Lunscher and John Zelek. Deep Learning Anthropomorphic 3D Point
Clouds from a Single Depth Map Camera Viewpoint.The IEEE International Con-
ference on Computer Vision (ICCV) Workshop - 3D Reconstruction Meets Seman-
tics, 2017.

3. [48]: Nolan Lunscher and John Zelek. Foot Depth Map Point Cloud Completion
using Deep Learning with Residual Blocks. Journal of Computational Vision and
Imaging Systems, 2017.

1.2 Thesis Outline

We will review the relevant literature and technologies in Chapter 2. We will then discuss
our various algorithms and methods in Chapter 3. Here we will discuss creating a large
foot shape dataset (3.1), and present our point cloud completion (3.2), and point cloud
synthesis (3.3) methods. We will also discuss improvements to the network architecture
(3.4) and �nally the collection of a small set of real world scans (3.5). In Chapter 4 we
will discuss our results and compare our methods. Here we will present our metrics (4.1)
and discuss the results of each of our methods (4.2, 4.3, 4.4). We will also discuss how
our methods performed on real world data, and suggest how to tune our methods such
that they can be deployed in the real world (4.5). Finally, Chapter 5 will contain our �nal
discussions and conclusions.
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Chapter 2

Background

2.1 Foot Measurements

Foot shape is complex and in order to properly characterize it requires many measures of
lengths, widths, girths and angles [31]. Shoe size systems currently in use typically only
rely on a single length measurement which does not do enough to characterize shape.

Foot measurements classically are done using caliper rules for heights, widths and other
length dimensions, as well as tape measures for various circumferences [31]. The Brannock
DeviceR
 [15], shown in Figure 2.1, is a commonly used foot measuring instrument, which
packages a caliper for foot length and breadth into an easy to use tool. This device is used
in many retail stores as a way to quickly determine a customer's shoe size.

Figure 2.1: The Brannock DeviceR
 [15].
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Pedographs are another simple way to collect measurements of the foot. This tool
measures the shape and pressure distribution under the feet. Originally, this system works
by having a person stand on a pad with ink on its reverse side that would be imprinted
on a pedograph paper placed underneath [31], although more advanced electronic plantar
pressure measurement systems have since been developed. These systems are largely used
for orthotic and footwear design, as well as for foot health monitoring [3]. These machines
have also been used in retail environments, such as the Dr. Scholls Custom Fit Orthotics
Center [37], which recommends orthotic products to customers based on their individual
pressure pro�le. Examples of these systems are shown in Figure 2.2.

Figure 2.2: Examples of pedograph systems. Top-Left: The ink pedograph [57], Bottom-
Left: The emedR
 electronic pedograph system [60], Right: The Dr. Scholls Custom Fit
Orthotics Center [37].

In describing overall foot morphology, a collection of measures are typically used. These
measures are based on anatomical structures and use various landmarks on the foot to de-
�ne the precise areas to measure. The measures used in describing foot morphology are
shown in Table 2.1 and includes 19 measures of various lengths, widths, circumferences,
heights and angles. Another separate set of measures also exists for describing foot pos-
ture and arch structure, which are shown in Table 2.2. This data is valuable in designing
footwear, but typically is not used to �t customers with speci�c shoes that may have been
designed for similar morphology. Statistical analysis of foot morphology among the pop-
ulation has shown that there foot proportions signi�cantly vary between feet of the same
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Table 2.1: Foot measures describing foot morphology. Reprinted by permission from
Macmillan Publishers Ltd: International Journal of Obesity [52], copyright 2008.

Category Measure
Lengths Foot length

Ball-of-foot length
Outside ball-of-foot length
Toe length
Heal to medial/lateral malleolus

Widths Ball-of-foot width
Orthogonal ball-of-foot width
Heel width
Orthogonal heal width
Plantar arch width
Bimalleolar width

Circumferences Ball girth
Minimum arch girth
Heel girth

Heights Medial/lateral malleolus height
Dorsal arch height

Angles Ball angle
Hallux angle
Digitus minimus angle

size [42]. For this reason, more detailed measurements are needed for designing and �tting
shoes, as using the mean measurement values is not suitable for the majority of people.
These measure are unfortunately di�cult and time consuming to measure manually, and
often require repeated measurements to collect, as individual measures can be inconsis-
tent [33]. On top of the many complications in manual measurements, shape can also
change with the load placed on the foot (e.g. standing vs. sitting) [69], adding to the
variability.
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Table 2.2: Foot measures describing foot posture and arch structure [31].
Category Measure
Anthropometric Values Arch height

Plantar arch width
Rearfoot angle
Arch angle

Foot Indices Arch Index
Chippaux-Smirak Index
Staheli Index

2.2 Shoe Shape Design

The shape of a shoe is largely determined by a shoe-last, such as those shown in Figure 2.3,
which are used extensively in the manufacturing process of shoe-making [26]. Traditionally,
lasts were made of wood and were usually based on a small set of reference measurements.
The shoe-last maker would shape and sand the model until the measures were correct,
but the speci�cs of how it was sanded would also impact the �t. This may take several
iterations, and the skill of the shoe-last maker largely determines the quality of the shoe-
last. With modern technologies, CAD software is used to more e�ciently and accurately
design shoe-lasts, with CNC machines used to create the physical last.

Figure 2.3: Examples of shoe-lasts [72].

Shoe-last shape is not necessarily the same as foot shape. Shoe-lasts are a more regular
shape, and are often designed to obtain a speci�c shoe appearance, as well as to make
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Table 2.3: Increments used in various shoe sizing systems [31].
Sizing System Starting Unit Length Increment Girth Increment
English 4 in. = 101.6 mm 1/3 in. = 8.46 mm 1/4 in. = 6.35 mm
American 3 11/12 in. = 99.48 mm 1/3 in. = 8.46 mm 1/4 in. = 6.35 mm
Continental 100 mm 2/3 cm = 6.66 mm 5 mm
Chinese 90 mm 5 mm 3.5 mm
Mondopoint - 10 mm 5 mm

constructing the shoe around the last easier [31]. Shoe-lasts can have many measurements
describing their shape, including those shown in Figure 2.4. The American Footwear
Manufacturers Association de�nes as many as 61 last dimensions [26], however these may
di�er based on designer or manufacturer.

Figure 2.4: Various shoe-last shape measurements [26].

The sizing systems used to describe shoes primarily uses foot length and girth. There
are di�ering systems around the world, with the Continental (common in Western Europe)
and American systems being the most widely used [31]. Table 2.3 describes the standard
increments used in length and width for each system, however these sometimes di�er based
on the individual manufacturer. These measures only encompass one length and one girth
measurement, and neglects any measure of circumference, height, angle or arch.
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2.3 Foot Shape Modeling

Collecting foot morphology measures are used in shoe design, but rarely used in shoe
�tting. This is largely due to practical reasons, as capturing the necessary measurements
is time consuming and requires some skill.

An alternative approach to taking the full set of morphological measurements is to
collect only su�cient information, such that accurate estimates of the overall shape can
be made. It has been shown that the parameters of foot shape can be compacted using
statistical models while still containing su�cient information to reconstruct the overall
shape from as few as 4 input measurements [50]. This was done by characterizing foot
shape by 4 measurements at 99 cross sections along the foot as shown in Figure 2.5. Each
of the 4 measurements for each cross section are used to deform a standard foot, which can
be used to estimate the overall foot shape by predicting the 4 measurements of all cross
sections given the measures from only one cross section. A similar outcome can also be
achieved by using plantar and pro�le foot outlines, which contains information about cross
section widths and heights [51].

Figure 2.5: Model parameters for a foot used by Luximon et al. [50].
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In the application of building body shape models that can be manipulated, such as
for creating personal avatar characters, other works have similarly explored creating pa-
rameterized models of bodies [9, 64, 92]. These methods work by �tting a reduced set of
vertices to a set of complete body scans, and isolate body shape from pose. Using PCA,
the parameters characterizing overall body shape can be even further compressed.

2.4 3D Reconstruction and Scanning

To properly characterize the shape of a foot, it is best to capture its entire surface. This
surface contains all the measurements previously described, while also capturing aspects
not typically measured. This is useful because in feet, with the possible exception of the
space between the toes, all surfaces are important in most cases [31]. Various techniques
exist for capturing 3D information about an object, many of which have been applied to
capturing 3D foot shape.

2.4.1 Passive Triangulation

In passive triangulation techniques, objects or scenes can be reconstructed in 3D by �nding
correspondence of points across images taken from di�erent poses [56]. Based on where
a corresponding point appears in at least two image, as shown in Figure 2.6, its relative
3D position to the cameras can be determined using triangulation. Passive triangulation
typically is done either using stereo cameras, or with a moving camera. In the stereo case,
two cameras with known relative pose, typically with the same orientation but separated
by some baseline distance, are used. With stereo, the 3D position of corresponding points
found in images from both cameras can easily be found. A similar process can be done
using multiple images taken from a moving camera, and is known as structure-from-motion.
In this case, the 3D position of corresponding points found in images across time from
di�erent camera poses can be triangulated (assuming a static object or scene). In either
case however, they rely on the ability to accurately determine corresponding points across
images, which works best on feature rich objects.

Passive triangulation on its own is not popular in the application of foot scanning, as
feet tend to be smooth and featureless. In order to mitigate this issue, a simple solution
has been to apply a texture pattern to the object being scanned, for examples a foot can
wear a feature rich sock. This is the strategy used by the Lightbeam Scanner by Corpus.e,
shown in Figure 2.7. This system works with a yellow and green sock, with a single camera
and light source mounted on an arm which moves around the foot in a circlular path [19].
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Figure 2.6: Passive triangulation where a point is seen in two separate positions in images
taken from di�erent poses. If the relative poses of the images are known, then the relative
3D position of the point can be determined [56].

2.4.2 Active Triangulation

Active triangulation techniques use various methods to simplify the correspondence prob-
lem in stereo triangulation. They do this by replacing one of the cameras in the system
with a light source that projects a point or pattern from a calibrated position into the
environment, where it can be easily found in the image of a paired camera, as shown in
Figure 2.8.

Laser Scanning

Laser scanning is a form of active triangulation, where a calibrated laser and sensor pair
are used to determine 3D geometry. Typical laser scanning works with a combination of
a laser source and camera system. A laser projects a line or set of lines onto an object,
where a camera tuned to the speci�c wavelength is used to measure the deformation of the
line [56]. This information is used to turn each line into a 3D curve. The laser is moved
along the entire surface of the object, such that the captured 3D curves can form the entire
3D surface [31].
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Figure 2.7: The lightbeam 3D scanner [19].

Laser scanners typically come as either stationary scanners or as handheld scanners.
A notable example of a stationary scanner is the Yeti 3D Scanner by Vorum Research
Corperation [18], shown in Figure 2.9. The Yeti scanner uses four laser sources with
eight cameras to capture 3D shape, and has a scanning process that takes around four
seconds [31]. In the handheld scanner segment, a notable example is the scanGogh, also by
Vorum Research Corperation [17], shown in Figure 2.9. This uses a single laser source and
a single camera to capture shape, with a sensor that tracks the position and orientation of
the device using magnetic �elds.

Structured Light

Active triangulation systems can also further simplify the 3D reconstruction using images.
In these systems a projector projects a pattern onto a surface, where a camera at a known
relative position can view and measure the distortions in the pattern to determine 3D po-
sitions. This technique, often referred to as structured light, simpli�es the correspondence
problem by projecting spatially or temporally coded patterns [56]. Using a camera, the
positions of points in the pattern seen on a surface can be easily looked up to �nd their
position in the reference pattern, and thus be used for triangulation.

A notable example of a scanner using structured light is the FotoScan 3D, by Precision
3D [1]. The scanner uses a set of projector camera pairs placed all the way around a foot,
as well as below, for a total of �ve pairs. The system can capture the complete 3D surface
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Figure 2.8: Active triangulation where a light source L projects onto a point P in the
environment, where it can be seen and easily distinguished in image I [56].

of a foot, and takes approximately 3-4 seconds to complete. A similar system was also
produced by Volumental [78]. Both scanner systems are shown in Figure 2.10.

2.4.3 Time of Flight

Time-of-
ight sensors are another method of capturing 3D coordinates. They work by
projecting light into a scene or onto an object, and measuring how long that light takes to
re
ect and return to a sensor [56]. This often uses scanning laser such as LIDAR systems,
which collects individual points from the surrounding environment. This same idea also
exists with time-of-
ight cameras, where each pixel on the camera sensor measures the
time the light takes to reach it. With time-of-
ight cameras, 3D images (depth maps) can
be captured, with a similar result as structured light cameras.

2.4.4 RGBD Cameras

RGBD cameras have become very popular in recent years for many applications, most
notably with the Kinect [54], which was originally developed as an input device for the
XBOX 360 game console. Intel has recently also been developing their own Intel RealSense
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Figure 2.9: Examples of laser scanners. Left: Yeti 3D Scanner [18], Right: scanGogh
scanner [17].

RGBD camera systems, with the intention to equip devices to better understand their
environments [16]. Examples of RGBD cameras are shown in Figure 2.11. These cameras
typically utilize either a structured light or time-of-
ight system to supply a depth map
image, which is paired with an RGB camera to supply color information.

Due to the abilities of RGBD cameras to quickly deliver depth maps, while being
available at a low cost, they have become very popular in 3D scanning. One widely used
method is the Kinect Fusion algorithm [58], which reconstructs a scene from a moving
RGBD camera's video. This system captures many frames from a scene and is able to
produce high quality scans of objects; however, the process can take a long time to complete
as the camera must be moved through all necessary viewpoints. Additionally, these moving
camera scanning algorithms often su�er from tracking stability issues as well as loop closure
problems when circling an object. Multiple RGBD cameras can be used to provide faster
scans [1, 12, 46, 78], however a large camera apparatus is then needed, as well as complex
calibration and registration techniques to produce �nal scans, making these systems less
ideal for a real world use.

RGBD cameras o�er an accessible and capable system for capturing object shape from
one prospective. Extending this to capture whole shape using traditional reconstruction
techniques brings with it various limitations and complications. With the speed of advances
in technology today, recent research demonstrates that limited inputs can be extrapolated
in intelligent ways, which may alleviate some complications, and allow for more e�cient
depth map scanning.
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Figure 2.10: Examples of structured light scanners. Left: FotoScan 3D [1], Right: Volu-
mental scanner [78].

2.5 Deep Learning

Machine learning techniques have been in use for many years and applied to a vast number
of problems. Despite this, these algorithms have been limited in their ability to process
unstructured inputs such as raw natural data. In order to overcome this limitation, the
typical solution has been to collect domain speci�c expertise and to carefully engineer
feature extractors that can transform raw data into a form more suitable to traditional
machine learning methods [53, 70, 90], such as support vector machines [20], random
forests [10] or multilayer feedforward networks [36].

More recently, deep learning has begun to revolutionize the machine learning world,
and enable new applications. Deep learning refers to large neural networks that work by
combining many layers of neurons which can form many levels of representations describing
the input data. The major advantages of deep learning techniques are that they do not
require any designed features or data representations, and instead have a very large capac-
ity to learn powerful representations on their own using only a general purpose learning
process [44].

Deep networks are organized by stacking layers of neurons. Input layers are connected
to the input data, and feed forward into a set of hidden layers (middle layers) which process
the data. The �nal layer of a deep network is the output layer, which tries to predict some
desired output or produce a desired value. Every neuron has a number of input connections,
each of which have an associated learned weight, which is used to transform the data in
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Figure 2.11: Examples of RGBD cameras. Left: Kinect V1, Right: Intel RealSense F200.

some way. In a standard neural network, each neuron's input is fully connected to the
outputs of every neuron in the previous layer. The output of any neuron is computed by
�rst calculating the weighted sum of all inputs, then by applying a non-linear activation
function [44]. This non-linear activation function makes each layer non-linear as well as the
neural network as a whole non-linear, allowing it to approximate non-linear functions and
decision boundaries. In many cases neurons also have a learned bias term that is added to
the weighted sum before applying the non-linearity.

Deep neural networks, like most other arti�cial neural networks are trained using back-
propagation [79]. The backpropogation algorithm allows for errors to be propagated from
the output layers of a neural network in a backwards fashion, such that the amount of
error each parameter in the network is contributing can be determined. This information
is useful, as it can be used to update the parameters of any neuron in the network, in-
cluding those in hidden layers, through optimization algorithms such as gradient descent.
Backpropogation works by computing the derivative of total error, with respect to each
parameter in the network. This is achieved �rst by calculating this derivative for the out-
put layer, and using the chain rule to subsequently calculate derivatives of previous layers
all the way to the input layer. The process was �rst described for use in machine learning
in 1986 [79]. The forward and backward pass processes are shown in Figure 2.13.

Early deep learning neural networks followed architectures where each layer of neurons
were fully connected to previous layers. These networks performed well at tasks such
as speech recognition [21, 55], but are less e�cient when dealing with data that has local
structure such as images. Convolutional Neural Networks (CNN) are a much more e�cient
and easier to train class of deep network [44]. These networks learn weights for each neuron
that are only connected to a local patch of neurons on the previous layer, and all weights
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Figure 2.12: The forward and backward pass processes for a typical neural network. For-
ward pass: each neuron computesz as a weighted sum of its input connections, then
applies a non-linear activation functionf (z) to compute y as its output. Backward pass:
the error derivative with respect to each neuron and parameter is computed using the chain
rule in a backwards direction. Reprinted by permission from Macmillan Publishers Ltd:
Nature [44], copyright 2015.

learned by neurons on a certain layer are shared across the entire layer. In this way, the
neurons of a layer essentially learn a �lter bank which is convolved across the previous
layer's data representation. The weights learning by a CNN layer equate to learning a set
of �lter kernels. In this way, CNNs are naturally translation invariant, and o�er powerful
computations with fewer numbers of parameters than previous fully connected networks.
An example of a CNN is shown in Figure 2.13. This technique has proven to be extremely
powerful on numerous application where data has local structure, most notably in images
for computer vision [34, 43, 44, 45].

Despite the foundations of deep learning having existed for many years, a few factors
prevented these networks from being viable in many tasks until relatively recently. One
of these factors was that deep networks with many parameters took extremely long to
train on conventional computers. It wasn't until 2009 that it was demonstrated that deep
networks could be trained using relatively a�ordable and publicly available GPUs, with
substantial increases in speed [65]. The second major factor holding back deep learning was
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