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ABSTRACT

Road extraction from aerial images is essential to everyday life having several useful application in for example
urban planning and automotive navigation. Roads are currently extracted using methods that requires a lot
of manual work conducted by humans which is both time consuming and error prone. The aim of this thesis
is to develop a robust algorithm that can automatically extract roads from aerial images. It was concluded,
based on a literature review, that the most suitable method for automatic road extraction is a machine learning
approach based on stacked convolutional neural networks. The method was implemented and evaluated against
four different road images in the vicinity of the motorway E6 in southern Sweden. The best network achieved a
recall of 0.845, precision of 0.878 and quality of 0.760 over a test set of previously unseen images. Considering
that the method used was relatively simple, the result is to be considered competitive compared to other
published works.

Keywords: automatic road extraction, pattern recognition, machine learning, image processing, image analysis,
convolutional neural networks, classified road detection, aerial image analysis
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Chapter 1 Introduction

The process of detecting objects and identifying their properties from aerial images dates back almost one
hundred years when humans first brought their cameras with them on airplanes. Aerial image analysis had its
first major breakthrough during the first world war where the photos mainly were used for reconnaissance.
Since then object recognition from aerial images have found many applications in various fields such as forest
planning, urban development, disaster relief, climate monitoring and mapping.

Due to the development of high resolution imagery from satellites and drones the number of available aerial
images have exploded in recent years. The need of analyzing all of this data has as a consequence grown
immensely. Unfortunately the technology for analyzing all of these images has not been able to keep up and
today much of the work of analyzing the images is still conducted manually by humans which is expensive,
time consuming and error prone. Because of this there is a high demand for fast and reliable methods that are
able to analyze all of this data automatically.

An area where the above issue is prominent is in road mapping. Road maps are essential to everyday
life due to that they are an important tool in many areas such as in urban planning and automotive navigation.
Since the global road network is ever changing they have to be kept-up-to date which is a problematic task
with the currently used methods. The development of a new method for extracting road networks which is
both automatic and reliable is therefore necessary and will be addressed in this project.

1.1 Purpose

The purpose of this thesis is to develop an algorithm that automatically extracts road networks from aerial
images. The work that should be conducted in the thesis can be divided into the following three parts.

e Conduct a literature study of the available research in the field of automatic road extraction. Choose the
most suitable method for automatic road extraction from aerial images.

e Implement the chosen method in the C# programming language and if possible improve it.

e Analyze and evaluate the method.

1.2 Limitations

The developed algorithm was designed to work with aerial images taken from Google Maps using a zoom
level of 16. The aerial images considered was all taken from areas in the vicinity of the swedish highway E6
connecting the cities Oslo and Malmé. This limited to some extent the possible type of road scenes that needed
to be considered i.e. the road scenes was mainly of rural areas taken from the Swedish countryside.

The algorithm was designed to work on a normal personal computer as opposed to a high performance
computer. This imposed several performance restrictions to the algorithm to not require to much memory or
computational power. However no real time requirements was opposed on it relaxing these restrictions to some
extent.



Chapter 2 Literature review

The intention of this chapter is to provide an overview of the field of road network extraction. Basic knowledge
of the most used methods and references to some important works where they have been applied will be given.
At the end of the review a method is chosen which according to the author is the most suitable for automatic
road network extraction. This method will be explored further in later chapters.

2.1 Introduction

Automatic road network extraction from aerial and satellite imagery is an active research field. Research on
the area has been conducted for more than 30 years and during this period many different techniques have
been developed. In a state-of-the-art review in 2003, Mena [24] described nearly 250 papers related to the topic
which can serve as proof for the amount work done in the field. In the article Mena classified the different
methods that have been applied to the problem and gives an exhaustive overview of the existing literature in
the field. A more recent review was conducted in 2010 by Hauptfleisch [15]. In the review Hauptfleisch used
the same method classification as Mena, but also provided in-depth description of the most common methods.
This chapter is in many ways based on the two works mentioned above but formated more compactly and in
turn is not as exhaustive.

2.2 Image sources

The aerial and satellite images, also known as remote sensed images, are mainly provided from the satellites
IKONOS and QUICK BIRD as well as from various airplanes. The satellites provide images with a resolution
of around 0.5 - 1 m whereas the airplane images can have a resolution as small as 0.2m. Images from these
sources are considered to have a very high resolution. Other type of images used for road network extraction
are lower resolution images or images based on LIDAR! or SAR? technology.

2.3 Road extraction methods

At the top level, every road network extraction method is classified as either manual, semi-automatic or fully
automatic. Manual methods require that a human manually extracts the roads. Semi-automatic methods
require some kind of human input to provide important information to an algorithm such as the starting point
or color of a road, whereas fully automatic methods use algorithms that require no human input. Currently
there are two kind of ways that are used to retrieve road networks. The first one is ground surveying conducted
by humans out in the field which is fully manual. The other one is based on semi automatic algorithms using
remotely sensed imagery and relies heavily on human input, an example of such a method is project Ground
Truth by Google [12]. Both of these methods are costly and time consuming which means that the development
of a fully automatic method would save both money and time. Despite significant efforts, no such algorithm
robust enough to replace the currently used ones exist.

In order to get a good overview of the field of automatic road network extraction it is preferable to cat-
egorize the different methods used. In accordance with [15] the following classes of operations will briefly be
discussed.

Automatic seeding | Hough transform

Road tracking Mathematical morphology
Edge detection Snakes

Classification Multi-resolution analysis
Segmentation Road network construction

ILIDAR is a remote sensing technology that measures distance by illuminating a target with a laser and analyzing the reflected
light.
28AR is a form of radar which is used to create images of an object, such as a landscape.



2.3.1 Automatic seeding

Seeding is a method used in road network extraction where one marks specific points of interest called seeds in
an image. The seeds can be starting points for roads, easily detected road segments, intersections etc. The
method is often used as an initial step in many road extraction algorithms such as for example road tracking
and snake algorithms, see Subsect. 2.3.2 and 2.3.8. Seeding can also be used to select road training sets for
learning algorithms. In algorithms that rely on seeding, good seeds usually are of vital importance. Because of
this, a common approach is to have a human operator provide the seeds making them semi automatic. However,
many studies have been carried out to try and produce an automatic way of reliably producing good seeds in
road network extraction systems. The most common approaches to achieve this are parallel edge detection and
model matching.

In parallel edge detection the basic approach is to apply an edge detection filter, such as a Laplacian or
Sobel filter, to the image which assigns gradient values to each pixel. The roads are then assumed to be either
darker or brighter then their surroundings. Based on the assumption road seeds are selected as midpoints
between opposing gradients which are within a specified road width limit. The articles Trinder and Wang [38],
Baumgartner et al. [3], Doucette et al. [10] and Christophe and Inglada [8] all use parallel edge detection for
seeding.

In model matching the image is first segmented, see Subsect. 2.3.5, into pixel groups with similar prop-
erties. These groups are then compared to predefined road models specifying a set of criteria such as shape and
spectral properties of roads. Depending on how well they match, the pixel groups will be selected as either seed
segments or not. In [20], Koutaki and Uchimura used model matching to detect intersections. They segmented
the image using the Iterative Self-Organized Data Analysis Technique (ISODATA) [2]. Intersections were
then obtained by comparing the pixel groups with novel intersection models comprised of rectangles. Another
model matching technique for road network extraction was proposed by Shi and Zhu [35] known as the Line
segment match method. They used a spectral thresholding technique to obtain a segmented binary image.
Road segments were then detected by analyzing how well straight long lines in various directions fitted into the
image segments.

2.3.2 Road tracking

Road tracking algorithms are basically line tracing methods that follow roads from a set of starting points.
Usually they operate by iteratively doing the two operations of choosing the next road point as well as validating
and refining that point. The algorithm for determining the next road point often predicts the next position
based on the current and preceding road points location and orientation. The validating and refining algorithm
uses properties of the road to decide if the new point is accurately placed. It also calculates the orientation
of the road at the new position. In general, road trackers are based on assumptions such as that roads have
homogeneous surfaces, low curvature and are interconnected to form a network. In their most simple form road
trackers are prone to errors when used on real world data due to reasons such as occlusions along the road and
roads that do not fit the assumptions. However, different techniques have been applied to try and make road
trackers more robust.

In [39], Vosselman and Knecht proposed a road tracking method using the recursive Kalman filter [18]
and spectral value matching. A Kalman filter is an algorithm that uses a series of noisy measurements observed
over time to produces estimates of unknown variables which in this case are the future position and shape
of the road. To improve the tracking they also used spectral value matching to a reference road model by
least squares. They found that their algorithm could track a road past obstacles such as highway overpasses
and junctions. In [34], Shen et al. instead used a curve-fitting procedure together with the angular texture
signature, see Subsect. 2.3.4, to determine the next position and direction of a road. Their approach was able
to track roads through curvilinear road segments and could also handle road junctions.

2.3.3 Edge detection

Edge detection is the process of detecting points in a digital image where rapid changes or discontinuities in
brightness occur. Edge detection is a fundamental tool in image analysis and it is common to include edge
detection in road extraction systems. Out of the 217 articles regarding road extraction surveyed in the review



by Hauptfleisch [15], 129 used some form of edge detection to extract road networks.

There exists several edge detection techniques and most of them can be grouped into two categories, searched-
based and zero-crossing based. The searched-based methods detect edges by computing a measure of edge
strength often using a first-order derivative operation. The processed image is then searched for local maximas
to determine edges and their direction. Zero-crossing based methods mainly uses the second-order derivative to
obtain the derivative rate of change. The algorithms will then search for zero-crossings to detect edges. Edge
detection algorithms are sensitive to image noise, therefore some kind of smoothing is almost always applied to
the image prior to the detection. Another common approach is to apply a thinning operation to reduce gradual
edges spanning over several pixels. Some of the most common edge detection methods used in road extraction
systems are Canny [6], Nevatia-Babu [30], Sobel, and Laplace.

Edge detection algorithms are used for many applications in road network extraction such as in automatic
seeding, road tracking and geometric classification. It is a common belief that edge detection is all that is
required for road network extraction. This is however false due to several problems with such a basic approach.
Except for being sensitive for image noise, edge detectors are also sensitive to occlusions such as shadows or
trees blocking the roads which produces many localized edges. In [4], Baumgartner et al. stated that the
precision of road extraction based on parallel edge detection is poor. However, research has been done on how
to improve the accuracy and robustness for edge detection approaches. In [10] for example Doucette et al. adds
a feedback loop to remove unlikely road segments based on their structural and spectral properties.

2.3.4 Classification

Classification is the process of identifying unknown patterns and organize data into categories or classes with
different properties. In image classification specifically the problem is to classify different image features. There
exists a vast amount of different classification methods and going through all of them would take several books.
This section will therefore only serve as a short overview of some common methods and how they can be used
for extracting roads.

In general, classification methods calculate probability values for each image feature and class pair. A
feature is classified as belonging to the class which corresponds to its highest probability value. The classes
may be specified a priori, known as supervised classification, or the features may be automatically clustered,
known as unsupervised classification. In supervised classification the algorithms learn the main properties of
the different classes using a training set consisting of image features whose class membership is known. In
unsupervised classification the algorithms instead rely on clustering operations to automatically segment the
data.

One of the most important aspects of successful image classification is to construct suitable classes which are
discriminatory e.g. the overlap between the classes are as small as possible. Achieving discriminatory classes in
road extraction is often difficult where for example roads can have the same color and geometrical properties as
long buildings. The most common class decomposition in road network extraction is simply road and non-road
features other examples of class decomposition are different kinds of road segments such as intersections and
curves, other man made objects and different vegetation areas.

A common approach for classification is to create a so called feature vector v = (z1, 9, ...,x,) where each
element x specifies a certain property of an image feature such as color, width and curvature. The probability
that a certain feature belongs to a certain class is then related to a defined distance between the feature and the
class in feature space. The properties that road extraction classifiers uses are of spectral, textural, geometrical
or contextual nature.

Spectral classifiers uses the spectral properties of image features such as their raw RGB values to classify
them. Some notable classification methods and related articles used for spectral classifications in road
network extraction are statistical classifiers [25], artificial neural networks [29] and [26], fuzzy classifiers
[28] and support vector machines [36]. Artificial neural networks and statistical classifiers will be further
discussed below.

Textural Classifiers classifies image features based on their textural properties such as spatial structure,



contrast, roughness and orientation. A notable work to mention in the context is [14], where Haralick
suggests a set of important features which can be used for texture classification known as the Haralick
features. Some textural classification methods used in road extraction are texture cubes [25], see
Statistical classifiers, and angular texture signature [9]. The angular texture signature around a pixel
is found by rotating a rectangular window stepwise about the pixel. In each step the variance from the
mean in the window is calculated. A histogram is then set up in which each bin represents a step in
the rotation displaying the variance. By analyzing the valleys of this histogram classification of road
segments can be made. For example road segments should have small variance when the rectangle is
aligned with the road.

Geometrical Classifiers classifies image features based on their structural characteristics. The basis for
geometrical classifiers in road extraction is that roads appear like elongated homogeneous regions in very
high resolution images. Geometrical classifiers usually works on processed images where the structural
information has been derived through low-level operations such as edge detectors, segmentation algorithms
and the Hough transform, see Subsect. 2.3.5 and 2.3.6. Some notable geometrical classification methods
are again the angular texture signature [44] and intensity terrain models [37].

Contextual classifiers uses contextual information to guide several road extraction systems. The idea is
that the road extraction technique can be optimized for different kind of surrounding regions. The most
common contextual classifiers determines if the region in question is a forest, rural or urban area. The
contextual information used can be anything from nearby objects such as cars, road markings and tree
lanes to region color. Some notable works that have used contextual classifiers are [16], where Hinz and
Baumgartner used shadows, buildings and vehicles to classify urban areas and [40], where Yang and Wang
used an edge density histogram model to classify urban, country, montane and hybrid regions.

Statistical classifiers

Statistical classifiers are based on classic probability theory. They are mainly used for their simplicity and
computational efficiency. The most common methods applied are minimum distance matching, correlation
matching and maximum likelihood. A notable work using statistical classifiers for road network extraction is
[25], where Mena and Malpica used three different statistical classifiers to classify pixels based on their spectral
properties. The first two methods were spectral distance measures to road models based on the RGB values
of the pixel and neighboring pixels using the Mahalanobis [23] and Bhattacharyya [5] distance respectively.
The third method used three dimensional texture cubes. These cubes were constructed by the HSI? values of
the pixels in a 3x3 window around the pixel in study. These cubes were compared to road model cubes using
co-occurrence distributions, Haralick features [14] and the Bhattacharyya distance. The outcome from the
three statistical methods were finally fused together using Dempster-Shafer fusion [33] to get an accurate single
result.

Artificial neural networks

Artificial neural networks are a family of statistical learning algorithms which are inspired by biological neural
networks. Artificial neural networks are generally presented as systems of interconnected nonlinear components
known as neurons. The connections between the neurons are adaptive weights which can be tuned by learning
algorithms. One of the most important advantages of neural networks compared to other common classifiers is
that they are distribution free which means that the significance of the sources does not have to be known in
advance as for statistical classifiers.

The most common implementation of an artificial neural networks is a so called feedforward network which are
taught using the backpropagation algorithm. In feedforward networks the neurons are arranged in layers and
the connections between neurons are between these layers. This type of network implementation was used by
Mokhtarzade and Zoej [29] for road extraction from high resolution images. Their approach was to determine if
a pixel was a road pixel or not based on the RGB values of the 3x3 surrounding pixels. Mnih [26] applied a
similar approach but used a different network architecture called convolutional neural network which recently
has shown great potential in the field of image analysis. The network was used in a patch-based framework
where pixels in a 16x16 window was classified based on the surrounding 64x64 pixels.

3The HSI representation of a pixel is an alternative spectral representation to the more common RGB values.



2.3.5 Segmentation

Segmentation is the process of partitioning a digital image into subsets of pixels with similar characteristics.
The characteristics usually are similarities in color, intensity or, texture. The result after segmentation are
collection of pixel clusters where neighboring pixel clusters have different characteristics. The goal of image
segmentation is to add structure to the data which will make analyzing the image by for example a classifier
both easier and faster. Usually the segmentation is of a binary kind which means that the image gets split into
road and non-road segments. As for classifiers there exist a wide range of techniques to segment an image and
to cover them all in this review is simply not possible. Segmentation is suitable for road network extraction
because of the special characteristics of roads in remote sensed images. Therefore many road network systems
utilities segmentation techniques, for example the clustering methods k-means [44] and ISODATA [42].

2.3.6 Hough transform

The Hough transform is a feature extraction technique used to find imperfect instances of objects in an image
within a certain class of shapes through a voting procedure. The classical Hough transform was used to detect
regular shapes such as lines, circles and ellipsoids. The later developed generalized Hough transform uses a
parametric approach and is able to detect arbitrary shapes. The main benefit with the Hough transform is that
it is well suited for dealing with noise and fragmentations.

The Hough transform transforms image features to a point in parameter space and vice versa. An easy
illustrative example of the Hough transform is when it is used for line detection. Think of a line y = mz + b
which can be represented as a point (b,m) in parameter space representing all possible points on that line. Vice
versa a point (z,y) in image space becomes a line in parameter space representing all possible lines that can go
through that point. The general procedure is to apply an edge detection filter to an image and then use the
Hough transform on each detected edge pixel. This will correspond to many crossing lines in parameter space.
The points in parameter space where most interactions occur, i.e. local maximas, represents the parameters for
the lines detected in image space.

The Hough transform has been used in several road network extraction systems for different reasons. The
most common purpose is to detect straight road segments as in [17], where Jin and Davis combines the Hough
transform with the pixels angular texture signature. The transform has also been used for purposes such as
automatic seeding and to connect road segments [1].

2.3.7 Mathematical morphology

Mathematical morphology is a technique for analyzing and processing geometrical structures based on set
theory. The basic idea is to test how a predefined shape called the structuring element or kernel fits or misses
the shapes in the image. Originally mathematical morphology was used solely on binary images but was later
generalized to be able to handle gray scale images. There are two basic morphological operators called dilation
which causes objects to grow in size and erosion which vice versa causes objects to shrink. Based on these two
operations other operations such as opening, closing and thinning of objects can be achieved.

In road network extraction systems mathematical morphology is often used in a preprocessing stage for
feature detection [7] or in a post processing step to extract the final road skeleton [43]. The method has also
been used to enhance or remove certain features as well as closing gaps between road segments.

2.3.8 Snakes

Snakes or active contour models are deformable lines that are adjusted to fit features of interests such as roads.
They were first proposed by Kass et al. in 1988 [19]. The position of a snake is influenced by two forces known
as the internal forces and the image forces. The image forces originates from the image and pulls the snake
towards features of interests such as roads whereas the internal forces makes the snake resist deformations. By
combining these forces into an energy function the problem of aligning the snake to the features is transformed
to finding the minimum of the function. Before the minimization problem can be solved the snake is initialized
into the image. Good initial position of the snake is of utmost importance for successful feature extraction
which is a significant drawback to the method.



The original snakes developed by Kass et al. considers line shaped active contour models which have no width.
A later addition to the concept called ribbon snakes adds a width property to the snake which allows it to align
itself to the boundaries of a feature. This is of course a very good property for road network extraction from
very high resolution images. In [22], Laptev et al. used ribbon snakes to remove spurious features detected by
a line detection algorithm and to connect road segments.

2.3.9 Multi-resolution analysis

Multi-resolution analysis is a theoretical technique where one analyzes an image represented in different
resolutions. In road network extraction multi resolution analysis is useful because of the fact that certain
road features becomes more apparent at different resolutions. In a course resolution roads looks like long
lines whereas in high resolution images roads are represented as long homogeneous regions where cars and
other nearby objects are visible. The general approach is to apply either different or the same road extraction
techniques at different resolutions and then combine the results to achieve an accurate road extraction. In
the road network extraction literature there exists many variations of multi-resolution analysis approaches.
An example is [13], where Gruen and Li used the Wavelet transform combined with dynamic programming to
extract road networks.

2.3.10 Conclusion and motivation

Based on the above literature review the method which was chosen to be most suitable for detecting roads from
remote sensed images was the artificial neural network approach used by Mnih [26]. Mainly the method was
chosen due to the previously achieved results which were very promising. Secondly it was chosen due to the
distribution free property that artificial neural networks possess, i.e. they do not rely on assumptions on how
roads look like. This property makes artificial neural networks superior in many aspects compared to the other
methods which usually are based on criteria for the appearance of roads. The problem with these methods is
that they fail as soon as the roads do not fulfill their criteria which often happens in real world data. In the
coming chapters the method developed by Mnih [26] will further be investigated.



Chapter 3 Theory

In this chapter a short introduction to artificial neural networks using supervised learning is presented. Basic
knowledge about the network architecture known as convolutional neural networks which is used in the
implemented road network extraction algorithm is also given.

3.1 Artificial neural networks

Artificial neural networks are a family of statistical learning algorithms which are inspired by biological neural
networks. The goal of an artificial neural network is that provided a set of input values it should produce
desired output values. Artificial neural networks are generally presented as systems of interconnected nonlinear
components known as neurons. The connections between the neurons are known as weights which can be tuned
by learning algorithms. The most common implementation of an artificial neural network is a fully connected
feedforward neural network (FFNN). In a fully connected FFNN the neurons are arranged in layers and each
neuron is connected to all of the neurons in the previous layer. There are three kind of layers: the initial
input layer, the intermediate hidden layers, and the last output layer. The input to the network is provided by
assigning values to the neurons in the input layer and the output of the network are the calculated values of
the output neurons. There can be arbitrary many hidden layers in a network and if the network has more
then one hidden layer it is said to be a deep neural network. See Fig. 3.1 for a schematic illustration of a fully
connected feedforward artificial neural network with one hidden layer.

An artificial neural network computation is called a forward pass where values for every neuron is calculated
sequentially layer by layer starting from the input layer. By numbering the layers in increasing order starting
from the input layer the neuron values of a fully connected FFNN are calculated according to

NG
NONRUY (YO Z w0y (3.1)

where N(=1 is the number of neurons in layer (I — 1), yf ) is the output value of neuron ¢ in layer (1), y](»l_l) is

(-1 ;
ij

i in layer (1), bV is an adaptive bias term for layer (1) and o) is an activation function for layer (I). The
activation function exists to add non linearity to the network which makes it able to solve non-linearly separable
problems. The most common activation functions are the sigmoid function, hyperbolic tangent function and
the rectified linear function.

the output value of neuron j in layer (I — 1), w is the weight connecting neuron j in layer (I — 1) to neuron

Sigmoid function: o(z) =1/(1+e™7) (3.2)
Hyperbolic tangent function: o(x) = tanh(z) (3.3)
Rectified linear function: o(x) = max(x,0) (3.4)

To make an artificial neural network able to produce the desired outputs one has to apply a learning algorithm
that adapts the weights and biases of the network accordingly. A learning algorithm trains the network using
training data consisting of a set of inputs I and a corresponding set of desired outputs O. For every input-output
pair (I;,0;) the algorithm does a forward pass through the network. The resulting network output f(I;) is then
compared to the desired output O; using an evaluation function called the loss function L(f(I),O). The goal
of the learning is to minimize the value of this function. Based on the result of the loss function the weights
and biases are adapted to make f(I;) more similar to O;. To avoid overfitting! of the training data a separate
data set known as the validation set (I O) is used to evaluate how well the neural network is doing during the
training. The training process is iterative and one learning pass of the full training set is known as an epoch,
usually several epochs are required to sufficiently train an artificial neural network. To avoid cycles the order
in which the learning algorithm runs through the training set is randomly shuffled between each epoch. The
training is terminated when no more improvements can be seen on the validation set.

LA neural network which overfits the training data is bad at generalizing to other data.
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Figure 3.1: Schematic illustration of a fully connected feedforward neural network with one hidden layer. The
circles represents the neurons and the lines represents the connection weights between the neurons.

The most common learning algorithm is called the backpropagation algorithm using gradient descent [32]. The
learning is conducted by calculating the gradient for the loss function for every weight and bias in the network
i.e

OL(f(I),0 OL(f(I),0
UD.0) g PUD.0) .
w;;
The weights and biases are then updated according to the update rule
OL(f(1),0)
. 1) = w. s _n. .
wylt 1) =wy(t) =0 =500 3
_ OL(f(1),0)
b(t+1)=5b(t) —n (1) (3.7

where w;;(t+ 1) and b(¢t + 1) are the new weights and biases and 7 is a parameter called the learning rate which
controls the speed of the learning. The learning can be done using stochastic learning, full-batch learning or
mini-batch learning. In stochastic learning the network weights gets updated after each single training example.
In full-batch learning the weight gradients gets added together over an entire epoch before the network weights
gets updated. Finally in mini-batch learning, which is a compromise of the previous two, the network weights
gets update using weight gradients added together from small random subsets of the training set. The size of
these subsets is known as the batch size.

Note that the introduction given in this section is only scratching the surface of the field of artificial neural
networks. Many different types of network architecture and methods for improving the learning of a network
exist. An example of such an architecture is a so called convolutional neural network which is used in the road
extraction algorithm and will be explained more in detail in the next section.
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Figure 3.2: Schematic illustration of the used convolutional neural network architecture.

3.2 Convolutional neural network

In [26], Mnih tested different kinds of neural network architectures and found that an architecture known
as convolutional neural networks produced the best results for road network extraction. Hence this network
architecture was used in this project.

Convolutional neural networks were first proposed by Fukushima in 1980 [11] and have since been improved
making the technique state-of-the-art for several image analysis tasks [21]. The inspiration for convolutional
neural networks comes from the visual cortex of animals which utilizes the concept of replicated features. This
means that if a feature detector is useful in one place of an image it is likely to be useful somewhere else in
the image as well. Traditionally a convolutional neural network consists of three types of layers known as
convolutional layers, pooling layers and fully connected layers. The network is built up by alternating between
convolutional layers and pooling layers starting from the input layer. The output of the network is produced by
one or more fully connected layers. In this project the network implementation included only one convolutional
layer followed by a fully connected output layer and can be seen in Fig. 3.2. The reason for this relatively
simple choice of network architecture is that building up a larger network would require more implementation
and computation time which simply was out of the scope of this project. A deeper network would however
probably produce better results, which was shown by Mnih [26].

A convolutional layer differs from a fully connected layer by utilizing the two concepts of local connectivity and
weight sharing. By local connectivity it is meant that each neuron is only connected to a small subset of the
neurons in the previous layer and weight sharing means that several weights to the layer are restricted to be
identical. To understand the connection pattern of a convolutional layer it is beneficial to organize the layer
and its previous layer as rectangular prisms of neurons as in Fig. 3.2. View the previous layer as an image of
size wg X wg X Wee- 1f the previous layer is the input layer the rectangular prism depth w,. corresponds to the
number of color channels, i.e. three in the case of a RGB images, and the neuron values are processed pixel
values. The weights to a convolutional layer are also organized into a set of rectangular prisms known as filters
or kernels of size w, X w, X we.. The biases are organized so that each filter has its own bias parameter.

To conduct a forward pass through the network each of these filters are moved, both vertically and hor-
izontally, over the previous layer using a set step size known as the stride wgi,. This results in a total of
((ws — wq) /wstr — 1)? number of different filter sites N2, .. At each filter site the weights of the filters are con-

sites*
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volved with the neurons in the previous layer resulting in the rectangular prism of neurons of the convolutional
layer with the size Ngjtes X Nsites X N according to

1 1 SRR -1
yz(a)f =0 (zij) = o (b(f) + Z Z Z Weabf - y§i+ag(j+b)c> (3.8)
a b c

where Ny is the number of filters, yl(;)f is the value of neuron ijf in the convolutional layer, y((ijrigo +bye is the
value of neuron (i 4+ a)(j + b)c in the previous layer, and b}l) is the bias of filter f for the convolutional layer.
One of the big advantages of a convolutional layer compared to a fully connected layer is that the number of
parameters for the layer, i.e. number of weights and biases, are reduced significantly which saves both memory
and speeds up the learning.

Pooling layers essentially are down sampling filters which reduces the number of neurons from one layer
to the next. A pooling layer divides the previous layer into separate regions of neurons. Each neuron region in
the previous layer produces one neuron in the next layer. The produced neuron value is usually calculated
using max pooling where simply the maximum neuron value in each region is propagated forward or by mean
pooling where the mean value of each neuron region is propagated forward. Pooling layers are usually used
in deep neural networks to reduce the number of neurons from one layer to the next. The reason for that no
pooling layer is used in the road extraction network in Fig. 3.2 is due the fact that they result in loss of spatial
information which is not wanted in a road labeling system.

Getting meaningful network output using only convolutional and pooling layers is often very hard. Be-

cause of this the final layer or layers of a convolutional neural network are fully connected layers which can
more easily produce the wanted output.
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Chapter 4 Method

The method which was chosen in Chapter 2 was proposed by Mnih [26]. It is based on a patch-based framework
using one or several artificial neural networks to extract road networks from an aerial image, see below.

4.1 Method overview

The patch-based framework uses the artificial neural networks to label road and non-road pixels in a remote
sensed image. As described in Sect. 3.1 a training set is needed to train an artificial neural network. For
the task of labeling road and non-road pixels the training set consists of a set of input remote sensed images
(S = SM ., S(N)) and a corresponding set of desired road maps which in this thesis are known as the gold
images (G = G, ..., GM)). The remote sensed images are usually normal RGB images but can have arbitrary
number of image channels. The gold images are binary images where road pixels are labeled 1 and non-road
pixels are labeled 0, see Fig. 4.1 for an example of such an image pair. To teach an artificial neural network able
to handle a complex image analysis task such as this a lot of labeled training data is needed. Fortunately, in
the area of road extraction there is an abundance of labeled data available. The main sources for road labeled
data currently are Google Maps or Open Street Map. In this project data were taken from Google Maps. An
important remark to make is that even though a lot of training data exist, the data are pretty noisy meaning
that mislabeled pixels are a common occurrence. This will be discussed further in Chapter 6.

The idea of the patch-based framework is that the satellite input images are divided into a set of square map
patches S of size wg X wg. Based on these map patches road labels are predicted for the inner most pixels
located in square patches G of size wg x we centered at the middle of the patches S. Since information about
the surrounding area to the predicted pixels is important wg is set to be larger then wg. This results in that
the S patches will overlap and that the resulting road map image will be smaller then the input image. See
Fig. 4.2 for an illustration of the patch-based framework approach. Let g and § be the vectors consisting of the
pixels of a gold image patch G and the corresponding satellite input patch S respectively. The neural network
uses the patch § as input to calculate output values f;(§) € [0, 1] representing the probability that a pixel is a
road pixel. If f;(§) > 0.5 the predicted road pixel p; is set to 1 otherwise 0.

4.2 Network details

As stated in Sect. 3.2 the used artificial neural network consisted of a single convolutional layer followed by a
fully connected layer, see Fig. 3.2.

The activation function used in the convolutional layer was the rectified linear function given in Eq. (3.4). The
reason for this choice is simply that it has been shown that the rectified linear function outperform the other
common activation functions in convolutional neural networks [21]. Since the wanted output is probability
values for road pixels the sigmoid function given in Eq. (3.2), which ensures f;(§) € [0, 1], was used in the fully
connected output layer.

The loss function used for training the network was chosen to be the negative log likelihood function L(S, M)
since it has been shown to outperform other common loss functions for training an artificial neural network
[27].

LA =— 3 (rlog fi(d) + (1 — i) log(l — fi(8)) (4.1)
Vpatches k=1

Backpropagation with gradient descent using momentum, L2 weight decay and mini-batch update was used as
the training algorithm for the network. Momentum is a technique used for speeding up the training of a neural
network. Weight decay is an approach which is used to make a neural network generalize better to other data.

12



Figure 4.1: Example of a satellite image and the corresponding gold image taken from Google maps. The gray
arrows seen in the gold image displaying the direction of the road are set to road pixels in the algorithm.

Figure 4.2: Tllustration of the patch-based framework. Pixels in the outer patch S are used as input to an
artificial neural network which output are road label prediction for the pixels in the inner patch G.
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This resulted in the weight update rules

w(t+1)=w(t)+ (aw(t) — Aqw(t) — 773181)[(;5)) (4.2)
b(t+1) =b(t) + (ab(t) — Anb(t) — 778(?)([2/%)) (4.3)

where 7 is the learning rate, A is the L2 weight decay, and « is the momentum parameter. The weight and bias
gradients are calculate using the backpropagation algorithm according to Subsect. 4.2.1. At the end of the
derivation there is a summary of the resulting set of equations.

4.2.1 Backpropagation derivation

Using the notation and knowledge from Chapter 3 the following equations are known

Niites Nsites NV
out __ out(xout) __ _out wout con + bout (4 4)
Yo =0 E)=0 ki fYij f :
i

Wq Wp Wee

vt = o (@f) = <Zzzwcabfy (i-+a)(+b)c b°°n> (4.5)

where fj(8) from Sect. 4.1 has been renamed to yp"* for simplicity. The superscripts in, con and out stands for
input layer, convolution layer and output layer.

Output layer:
Using the chain rule for the bias and weight gradients one gets

oL oL o™ . L
Owout (9 out 9, ,out = Yisr Hout (46)
Wiij f L~ OWgsr Lk

OL 9L o™  OL (@)
bt Dt ot Qg '

where

oL dL 6y011t dL out’ 7, out
= = = 5 4.8
31’21“ d zut 31’2‘” dyguta (z™) k (4.8)

This gives the following bias and gradient equations for the output layer

oL _ ycon(sout oL — gout (49)

owpys, I otk

By inserting the sigmoid function, given in Eq. 3.2, as the activation function and the negative log likelihood
function, given in Eq. 4.1, as the loss function it follows that

ou ou ! ou ou ou gk 1 - gk ou ou ou
B = 0 ) =1 0] = - (2 - P ) = ) (0
Yr — Y

Convolutional layer:
Using the same technique as for the output layer it follows that

U oL dxlyp N AL
awcon axcon awcon = Hpcon Y(ita)(j+b)e
irj if

(4.11)

WS —Wgq n WS —Wq
oL _ 8fon a1 R R (112)
b DSy b oy

14



where

oL oL Oy} 0L

= o (2597) (4.13)
8332;? T oygpoxgy oy
2
wg Wg
OL 0z oL WO
b3 4.14
8le]0? Z ox° ut aycon % arzut Whij f ( )
Setting 677} = co,, gives the following bias and gradient equations for the convolutional layer
con
ws—Wq WS —Waq
oL
AP IILLCEE (4.15)
cabf f i.7

Inserting that the activation function for the convolutional layer is the rectified linear function, given in Eq. 3.4,
gives
Wg
con _ 0 20wy i 27 >0 (4.16)
0 if z7p <=0
Summary:
The above derivation lead to the following weight and bias gradient equations

oL  __ gout con oL  __ n
owRty T g “Yijr oweep, Z 52Jf y(l+a)(7+b)c
w 1)
oL __ 5out oL __ R con
about T k abn}on - L ’L]f
2,7
wg,
out, out con
out __ out con __ ) w if z >0
5k (gk - ) ijf = % k kij f ijf
0 if 289 <=0

i f

where in, con and out stands for input layer, convolution layer and output layer.

4.3 Implementation

The road network extraction algorithm was implemented using C#. Since a neuron calculation is independent
of the other neuron calculations in the same layer in both the forward and backward propagation step, high
parallelism can be achieved in neural networks. By using the Task Parallel Library in the .NET framework the
road extraction algorithm was implemented to run on parallel processor cores. This increased the performance
of the algorithm almost linearly by the number of available processor cores. Even higher parallelism could
have been achieved by implementing the network on a graphical processing unit (GPU) instead of an central
processing unit (CPU). A project was started implementing this using NVIDIAs compute unified device
architecture (CUDA). However due to the time limit of the project and the relatively small network used this
implementation was not finished.

The neural network was trained using a training set consisting of 172 images and a validation set consisting of 10
images of size 416 x 416 taken from areas surrounding motorways in the southwestern part of Sweden. The size
of the validation set might seem small but one should remember that 10 images of size 416 x 416 corresponds
to 5290 validation patches. Since the images mainly were taken of highways the roads in the different images
often had the same general heading. Using these images directly would probably teach the network to detect
roads better if they had a certain direction. To avoid this effect the images in the training set were all randomly
rotated before used for training. The maximum image size available from Google Maps is 640 x 640. The
cropping effect of rotating an image of this size is the reason for the seemingly arbitrary used input image size of
416 x 416. To try and teach the network many different road types the training set was chosen to be as large as
possible. Therefore, the full training set could not be loaded into the main memory all at once. In order to still
achieve a mini-batch training scheme, the training set was in the beginning of each epoch randomly divided into
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several smaller sets. An epoch consisted of loading these image sets one at a time into memory. For each loaded
image set, the algorithm could then perform stochastic mini-batch learning, as described in Sect. 3.1 and Sect. 4.1.

During training it is beneficial to have a decreasing learning rate to limit the search range and an increasing
momentum to speed up the learning. Thus, the learning rate and the momentum were adapted during the
training to achieve better performance. The learning rate n was halved and the momentum « was increased by
0.1 for every other epoch until the final parameter values were reached. The following neural network parameter
values were used during the training.

wg: 64 n: 25-1076 —3.125-10""
wa 16 a: 0.6—0.9
Wy @ 12 A 0.0001
Ny : 80 || batchsize: 100
Wstr : 4

Table 4.1: Parameters used for the convolutional neural network seen in Fig. 3.2.

The classification error of the validation set, i.e. the number of incorrectly classified pixels, of the validation set
was calculated after each epoch. The parameters of the network which achieved the lowest error were saved.
The training was conducted on a laptop with a Intel Core i7-2650M (2.80 Ghz) processor with four cores. A
full network training took around 24 hours to complete using this computer.

4.3.1 Incorporating structure

Many of the methods discussed in Chapter 2 used a post-processing step to incorporate structure in their
road extraction algorithms. Since the patch-based framework method classifies individual pixels, such a
post-processing step which smooths and cleans up the result of the neural network would probably improve
the extracted road network. To achieve this effect a second artificial neural network known as the structuring
network was used. The structuring network had the same architecture as the first road extraction network but
it was trained using different input data. Instead of using the raw Google Map images as input the structuring
network was trained using the road probability maps produced by the fully trained road extraction network
P while keeping the original gold images G as the desired output. Note that the road probability maps were
not thresholded before they were used as input to the structuring network. A flowchart of the entire road
extraction system can be seen in figure 4.3.

As stated above the hope is that this second network will learn to clean up and improve the results from the
first network. One reason it is able to do this is that the structuring network is able to incorporate higher level
dependencies between the Google Map pixels then the first network. The reason is that the probability map
pixels already are based on surrounding pixel information which gives that information from a larger patch is
used for the second network. More precisely, if the structuring network uses the same patch sizes as the first
network, patches of size (2ws — wg) X (2ws — wg) is used to predict the pixels in the second network.

Input image Probability map Output roadmap

— [Road extraction|__, »| Structuring
network network —

Figure 4.3: Flowchart of the road extraction algorithm using a structuring network.
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Chapter 5 Results

The road extraction system was evaluated using four previously unseen remote sensed images taken from areas
around the motorway E6 connecting the cities Malmé and Oslo, see Fig. 5.1. The images will be referred to as
from top to bottom in Fig. 5.1 "Lindome”, "Lomma”, "Malmé” and ”"Helsingborg”. The evaluation images
where chosen to display the algorithms performance on some common type of urban Swedish road scenes. In
"Lindome” a motorway can be seen running through a tree covered area, in "Lomma” a motorway is running
through a field area with buildings, in "Malmé6” a big motorway exit can be seen and in "Helsingborg” a
suburban area in the vicinity of a motorway can be seen.

To evaluate road extraction systems the following quantities are calculated.
o True positive (TP): Number of correctly predicted road pixels.
o True negative (TN): Number of correctly predicted non road pixels.
o False positive (FP): Number of incorrectly predicted road pixels.
o False negative (FN): Number of incorrectly predicted non road pixels.

These are then combined into the evaluation metrics precision, recall and quality where the first two also are
known as correctness and completeness.

Precision is the fraction of predicted road pixels which was correctly labeled i.e. the percentage of the
extracted road network which was covered by the road network taken from the gold images.

TP
TP+ FP

precision =

Recall is the fraction of true road pixels that were correctly labeled i.e. the percentage of the gold image road

network that was extracted.
TP

TP+ FN

Quality is a combination of of the precision and recall metrics .

recall =

TP
TP+ FP+ FN

quality =

The following results for the road extraction algorithm with and without a structuring network were found for
the four evaluation images in Fig. 5.1. The numbers in parenthesis are the results for the algorithm using no
structuring network.

Image name: | Recall: Precision: Quality:

Lindome 0.86 (0.88) 0.93 (0.93) 0.81 (0.82)
Lomma 0.78 (0.61) 0.92 (0.93) 0.73 (0.59)
Malmé 0.90 (0.85) 0.91 (0.92) 0.83 (0.79)
Helsingborg | 0.84 (0.74) | 0.75 (0.75) 0.66 (0.59)
Average 0.845 (0.77) | 0.878 (0.883) | 0.76 (0.70)

Table 5.1: Results of the road extraction algorithm for the four images which can be seen in Fig. 5.1. The
numbers in parenthesis are the results for a single network algorithm which used no structuring network.

Based on visual analysis of the evaluation images and the table above it can be concluded that the algorithm
does fairly well on most type of road images. Even though the extracted roads are a bit jagged the algorithm
manages to extract the major part of them while at the same time filter out the different type of backgrounds
such as forests, fields and buildings. The algorithm is even able to handle suburban areas fairly well, as can
be seen in the "Helsingborg” image. This is a bit surprising since only a small amount of training images
contained such road networks. The algorithm is far from perfect though. For example an area where the
algorithm fails can be seen in the "Lomma” image where a road blocked by heavy shadows from nearby trees is
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Figure 5.1: The four aerial images used for evaluating the road extraction system. In the left column are the
unprocessed Google Map images, in the middle column are the gold images taken from Google Maps and in the
right column are the predicted road maps. The images will be referred to as, from top to bottom, "Lindome”,

"Lomma”, "Malmé6” and "Helsingborg”.



not extracted at all. The algorithm also has some problems in the vicinity of roads that crosses over the motorway.

Comparing the results achieved with and without a structuring network it can be seen that the prepro-
cessing step made a significant improvement for the recall and quality metrics while roughly performing equally
on the precision metrics. This means that by using the structuring network the algorithm labeled more pixels
as road pixels which made it extract a higher percentage of the road network giving it a higher recall value.
At the same time a few of those newly labeled road pixels were mislabeled making the precision metric stay
the same. Overall however the quality of the road map increased by quite a margin. This shows that the
structuring network achieved the wanted result and managed to incorporate some structure to the data by
filling out various holds in the road network.

The choice of training set and evaluation set greatly impacts the results of a road extraction system. The
images which are shown in Fig. 5.1 where chosen to give a fairly accurate evaluation of the algorithm even
though both better and worse examples exists. In fact for most road extraction systems almost any results can
be achieved depending on which type of road images are chosen for evaluation. Since different road extraction
systems in almost all cases are trained and evaluated against different data sets a fair comparisons between the
systems are almost impossible to make. Despite this a few published results of fully automatic road extraction
system compared to this road extraction system (Sirefelt) can be seen in table 5.2.

Methods: Recall: | Precision: | Quality:
Hauptfleisch (Spectral classifier) [15] | 0.71 0.70 0.54
Yuan (LEGION) [41] 0.77 | 0.66 *

Mnih (DCNN) [26] 0.90 | 0.90 *
Moktarzade (ANN) [29] * 0.75 *
Baumgartner (Multi-Scale) [3] * 0.76 *
Poullis (Tensor Cuts) [31] 0.68 0.64 0.62
Sirefelt (CNN) 0.845 0.878 0.76

Table 5.2: Results of various published road extraction algorithms. A * symbol means that no result was
published for that metric.
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Chapter 6 Discussion and Conclusion

In table 5.2 it can be seen that this thesis road extraction system (Sirefelt) outperforms all of the other methods
except the one developed by Mnih [26], on which it was based. Except for the fact that it is hard to compare
road extraction systems there are a few probable reasons why Mnih got a better result. One is that Mnih
trained a deeper neural network with several layers which could detect more complex features. He also used
more training data which probably made his network able to generalize better to different road scenes. Both
of these factors do however increase the computation time by a significant margin. It is noticeable that the
Sirefelt road extraction system almost has the same performance results as Mnih using a simpler algorithm
which could be trained on a normal laptop. Since both of the methods, Sirefelt and Mnih, which was based on
convolutional neural networks outperformed the others by a significant margin it is pretty safe to say that the
currently best method for automatic extraction of road networks was chosen.

Despite the good result the method does have a few downsides which should be addressed. First of all
training a convolutional neural network requires a large amount of correctly labeled training data. As already
stated in the field of road extraction it is easy to get a hold of a large amount of labeled data but it is often noisy
and not perfect. The gold images taken from Google Maps for example have several mislabeled road pixels. This
mislabeling error gives rise to two sources of error for the algorithm. The obvious one is that the neural network
sometimes are taught that a non-road pixel is a road pixel and vice versa which makes it perform worse. How
much and which type of harm this does to the performance of the algorithm is hard know for certain. A good
guess is that it has no effect on the algorithms ability to extract the centerline of a road but has an effect on its
ability to extract road pixels that are close to the road edge making them a bit jagged. The reason is simply
that the road pixels close to the centerline of roads is almost never mislabeled compared to the road pixels close
to a road edge. The other factor is that the evaluation of the predicted road maps gets inaccurate. This can for
example be seen in the "Helsingborg” gold image where roads at certain places have the wrong width when
compared to the satellite image. Driveways is another problem since it is debatable if they are roads or not and
are not always labeled as such. There will therefore sometimes be a discrepancy between the algorithm and gold
image if a driveway is a road or not which can be seen in the "Helsingborg” images. Because of the above it would
be interesting to see how much better the algorithm would perform if all of the gold images were perfectly labeled.

Another downside to the method which was noticed is that it has a problem to generalize to roads that
are located far from the roads which it was trained on. For example a network trained to extract Swedish
roads performs quite poorly on American roads and vice versa. The reason is simply that roads have different
appearances on separate places on earth. The lightning conditions of satellite images taken of different places
can also vary quite a bit making the roads look even more different. A solution to the problem is to have more
training data that teaches the network to detect roads in as many different places and lightning conditions as
possible. This however, would require enormous amounts of training data and computation time. It would
also probably require a quite large network. Another solution to this problem is to add a little training on an
already trained network whenever it is required to extract roads from a new location. According to Mnih, only
a small amount of extra training is required using roads from the new location to make it perform just as well
for the new place as for the place it was originally trained on.

Since the deep neural network used by Mnih loses spatial information due the use of pooling layers and
that the shallow neural network used in this thesis is not able to detect complex features it would be interesting
for future work to combine the two. A network architecture where a deep neural network which can detect
complex features is combined with simpler single layer convolurional neural network which preserves spatial
information would hopefully outperform the road extraction algorithm by Mnih and Sirefelt. Due to several
reasons such as time and resource constraints this was not tested in this project.

A final conclusion is that the currently best method for detecting road network from aerial images is us-
ing some type of machine learning technique which do not depend on previous knowledge on how roads look
like e.g. one which uses convolutional neural networks. Even though the algorithm developed in this thesis is
quite good it is not good enough to replace the currently used manual methods. However, since a very large
amount of research is currently conducted in the fields of machine learning and image analysis an algorithm
which outperforms the manual road extraction method is not far from being a reality.
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