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ABSTRACT

ROAD EXTRACTION FROM SATELLITE IMAGES BY SELF-SUPER VISED
CLASSIFICATION AND PERCEPTUAL GROUPING

ahin, Eda
M.S., Department of Electrical and Electronics Ewegiring
Supervisor: Assoc. Prof. Dikay Ulusoy

January 2013, 61 pages

Road network extraction from high resolution s#eelimagery is the most frequently utilized
technique for updating and correcting geographforination system (GIS) databases, registering
multi-temporal images for change detection and raatally aligning spatial datasets. This advance
method is widely employed due to the improvementsatellite technology such as development of
new sensors for high resolution imagery. To avdid tost of the human interaction, various
automatic and semi-automatic road extraction mettavé developed and proposed in the literature.
The aim of this study is to develop a fully autoimed method which can extract road networks by
using the spectral and structural features of dae&ls. In order to achieve this goal we set various
objectives and work them out one by one. Firstabje is to obtain reliable road seeds, since trey
crucial for determining road regions correctly hetclassification step. Second objective is finding
most convenient features and classification mefoodhe road extraction. The third objective is to
locate road centerlines which are defines the toadlogy. A number of algorithms are developed
and tested throughout the thesis to achieve thiejgetives and the advantages of the proposed ones
are explained. The final version of the proposegbithm is tested by three band (RGB) satellite
images and the results are compared with othefestuid the literature to illustrate the benefitstiud
proposed algorithm.

Keywords: Anti-parallel Centerline, Gaussian MixuPerceptual Grouping, Classification



0z

UYDU GORUNTULER NDEN 6Z GOZET ML SINIFLANDIRMA VE ALGISAL
GRUPLAMA YONTEMLER LE OTOMAT K YOL CIKARIMI

ahin, Eda
Yuksek Lisans, Elektrik Elektronik MihendisliBolimu
Tez Yodneticisi: Dog. Dr.lkay Ulusoy

Ocak 2013, 61 sayfa

Yuksek ¢6zunurlakli uydu goéruntisiinden yol aespiti yontemi, Corafi Bilgi Sistemi (GIS)
veritaban dizeltimesi ve gincellenmesi, farkl meml goruntilerde dé iklik tespiti icin
goruntulerin hizalanmas, uzaysal veritabanlar mtomatik olarak hizalanmas gibi lemlerde
kullan lan temel bir konudur. Geéin almac kabiliyetleri sayesinde ylksek c¢ozunutlklydu
goruntulerinin elde edilmesi ile bu konu Uzerindenig Olgiide calmalar balam tr. nsan
etkile iminden kaynakl maliyet artn onlemek icin, literatiirde ¢ili otomatik veya yar otomatik
yol ¢ karm yontemleri Onerilmtir. Bu tezin amac, yollarn spektral ve yap satelikleri
kullan larak otomatik olarak yol atespitinin salanmas d r. Bu ama¢ daultusunda cetli hedefler
belirlenerek, bu hedefler tizerinde cedalar gercekldiriimi tir. Oncelikli hedef yollara ait 6rnek
noktalar n guvenilir bir ekilde belirlenmesidir, ¢inki elde edilen 6rnek tatde n dorulu u
snflandrma ad mda dou yol bdlgelerinin belirlenmesindeki en 6nemli extklir. kinci hedef,
s n fland rma yoénteminin ve s nfland rma icin eggun yol 6zelliklerinin belirlenmesidir. Ugiinci
hedef, yolun merkez hatlar nn oturulmas ve yol topolojisinin tan mlanmas dr. Bhedefleri
gercekletirmek igin ceitli algoritmalar incelenmi ve 6nerilen algoritmalar n avantajlar anlat lt.
Onerilen algoritma birgok (¢ bantl (RGB) uydu gdtiisii ile test edilmj literatiirdeki dier
cal malarla kar la t r larak avantajlar belirtilmitir.

Anahtar Kelimeler: Anti-paralel Merkez Hatt , Gal&r m, Alg sal Gruplama, S n fland rma
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CHAPTER 1

INTRODUCTION

Automatic road extraction from satellite imageryaisundamental computer vision operation and this
vision attracted wide attention with the availahilof the high resolution data within last few dées.

It is now possible produce road maps for any gineggion of the earth by using satellite images. Road
extraction is used for many different purposeggdnspatial applications it is used for completind a
updating GIS databases with accurate informatioilewfor the military purposes, it is useful for
transportation, tactical missions, etc.

Although many road extraction methods are proposgttaction from images is performed mostly
manually and this is not effective in terms of caad time. Therefore automatized procedures are
required in order to overcome these drawbacks. tbukis necessity we have worked on algorithms
which are capable of extracting road maps autom@tirom satellite imagery.

Several automatic road extraction methods and idhgas can be found on the literature. Most of

these methods show superiority in certain fieldslavhone of them outperforms all the others in

every extent. In this study, we intend to selea anmbine the eminent parts of these methods in
order to create a fast and effective road extraatiethod.

Therefore we have survey the literature and anmaatic seeding method proposed in [1] is selected
as the initial step. The proposed algorithm is grenied step by step. First, the methods for impmpvin
seed points are examined and perceptual groupisglésted as the seed point grouping algorithm.
Then, the need of linking seeds in the same gregmnerged, so the linking algorithm proposed in [6]
is used since it was appropriate for our purposethke classification step, we have a two-class
problem such as road and non-road, but we havetbalgamples of the road class. The comparisons
of the classification methods [34, 35] are examianad it is seen that the neural network and machine
learning are not appropriate, but the statistiggireach is appropriate for our purpose. After the
classification step, roads must be expressed asorlet and this step requires road topology
construction. Therefore graph based methods angpgrg methods are examined and the perceptual
grouping is preferred based on the conducted axjats for topology construction.

The aim of this thesis is to extract road netwotkomatically from three bands (RGB) satellite
images and for this purpose the 4-band high resoluimages obtained from the IKONOS
observation satellite are used as test objectth&algorithm.

The output of the proposed algorithm is a structilma consists of straight and curvature line

segments that constitute the road network of antiinpage. All the pixels belong to the same line

segments together with the start points and thepes are specified in the same structure. Due to
the construction of the structures, the proposgdriahm is applicable for not only the GIS update,

but also for the navigation and registration pugsos

The contributions of the thesis are summarizedbeWs:

In order to achieve the best performance, we haanmimed methods proposed on the
literature and the self-supervised road classificaalgorithm proposed by Doucette at al. is
preferred as a baseline algorithm. Some steps isf dlgorithm are modified and a

remarkable enhancement at the performance is aahiev

In seed point extraction step, we examined the Hdrensform and perceptual grouping for
linking the ACE responses. Shadow and water remsvakerformed for eliminating non-
road seed points.



In classification step, we have seen some speatidl structural features such as mean,
standard deviation, HSV components, Gabor featares we also use Gaussian mixture
model as an alternative of normal distribution.

In topology construction step, morphological opers are applied to improve the
classification result. Before applying thinning edighm, edges are removed from road class
image for smoothing the borders of the roads. Bin#hinning operation is performed and
road centerlines are constructed with perceptualuging. The centerlines of dual
carriageways can be detected separately by theohéhe edge removal.

The thesis is organized as follows, in Chapterhg, related studies on road extractions and brief
introductions about these studies are presente@hbmpter 3, the techniques used in the proposed
algorithm are described in details. The formulagiographical representations and some visualization
about these techniques are given in this chaptewder to provide a good understanding on the
proposed algorithm. In Chapter 4, the alternativwthods examined in each step of the proposed
algorithm are presented. The customization of tlehods given in chapter 3 is described in this
chapter. In Chapter 5, the details of the perforweaanalysis of the developed system are presented.
The quality metrics, the comparison between altereanethods, the parameter selection criteria and
their effects to the overall system are illustrat@dChapter 6, the summary of the thesis is piteskn
and future work is discussed.



CHAPTER 2

LITERATURE REVIEW

In the field of road extraction, there are a lasgaount of works performed on satellite imagery.
These works are classified as semi-automatic arty fautomatic methods. Semi-automatic
approaches rely on user-provided cues. These #igwiassist the human analyst to execute road
extraction tasks more efficiently under human svigan. The advantage of these approaches is
convenience of on-the-fly editing for the user. @ other hand, fully automatic methods are
intended to extract initial clues automatically,tivaut interactive operation of a human operator.
Although the efficiency from fully automated metlsods potentially enormous, in practice it is
difficult to achieve a reliable performance.

General steps of the road extraction methods amiged in the basis of the survey by Mena[11] and
the literature review of Hauptfleisch thesis[13]igéhprovide an overview of the various extraction
methods. The categorization methods proposed isetheviews are followed to a large extent, but
they have been restructured in this study.

Mena [11] classifies the road extraction technigaesording to the preset objectives and extraction
techniques. We also compose our review accorditigiscstructure.

Table 2-1 The classification of road extraction mogis

Road Extraction Methods

According to Objectives: According to Extraction Techniques:
Road Mask Extraction - Road Seed Acquisition
Road Centerline Extraction - Segmentation Based

Classification

Road Modeling

Road Tracking
Morphology and Filtrate
Multi-spectral Analysis
Grouping and Linking

2.1 According to Objectives

Many road extraction methods focus on detectingpikels which belong to the roads, besides many
methods aims to obtain the numerical and topoldgletinition of the roads. According to the aims,
the road extraction methods are examined in twiemrint classes. In 2.1.1, the road mask extraction
methods which aim to find a road mask containirg ribad areas are introduced. In 1.1.1, the road
centerline extraction methods which detect theeréine points are presented.

2.1.1Road Mask Extraction Methods

The segmentation and classification based algosthenerally aim to detect road network. In [28],
the road class image is obtained with k-means setien and morphological dilation and non-road
area removal. In [20], classification is performbg artificial neural network by using color
information of 3x3 neighborhoods of the pixels[Th a fuzzy classification is performed and thka t
road network is constructed by means of ziploc& Bnakes.

Multi-spectral analyzing methods use edge inforamatio find road segments and group these
segments to complete the road network. [15, 19]
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A road tracking method is proposed in [12] whiclsdm on the intensity profile matching of road
cross sections. The road pixels are detectednmstef the geometric and radiometric parameters.

2.1.2Road Centerline Extraction Methods

Some of the centerline extraction methods extiaetroad topology from the road network. SORM
algorithm in [1,8] are proposed for this purposbeeinary road class image is used to obtain road
centerlines by applying a clustering algorithm gnalph-based grouping method. Mena at al.[17] also
propose a system consists of four different modulega preprocessing and binary segmentation is
performed on the input image by considering textimrmation, and then automatic vectorization
by means of skeleton extraction and system evaluadicarried out.

Most of road tracking and modeling algorithms alltect road topologies. Koutaki at al. [26] uses
the position and direction information of road nsctions to generate a contour for road tracking.
Then, the ribbon snakes are used to extract theetoglogy. In [14, 27], dynamic programming and
active contour models are implemented to extraeidi features.

Hu at al. [4] propose a ribbon line detector toadgbtmain road centerlines and a hierarchical
perceptual grouping for linking fragmented centest.

2.2 According to Extraction Techniques

In section 2.2.1, the road seed acquisition metlyatterally used in fully automatic approaches are
discussed. In section 2.2.2 and 2.2.3, as impogarts of road network construction, segmentation
and classification algorithms are introduced. Intise 2.2.4, the road modeling methods generally
used in the road network updating algorithms apagxed. The road tracking methods are introduced
in section 2.2.5. In section 2.2.6, the morpholabend filtering operations which are preferred for
smoothing the road network, eliminating false regioand extracting the road centerlines are
illustrated. Multi-scale approaches are definedséttion 2.2.7. And finally in section 2.2.8, the

grouping and linking methods used for construcirgpmplete road network are introduced.

2.2.1Road Seed Acquisition

Road seeds are the markers on the roads thatede@aiglentify approximate feature locations arel th
topology of the road class. Most of road extractioethods need to know some certain points on the
road network such as the intersection points ofrtlaels, the high curvature points, the points along
the centers of the roads.

Road following approaches are usually initializedtbe seed points on the roads to determine the
starting points of the algorithms and to define thad directions.[12] Active contour models and
dynamic programming approaches are initialized byew seed points describing coarsely the
roads.[14] In classification based methods, ro&disare used as training data of the road clags.[19

Some of the available road extraction methods séhecseed points manually and some of them find
automatically. Parallel edge detection is the npogiular approach to automatic road seeding. These
approaches are based on the fact that the edgtee afbads are parallel to each other and have
opposing gradient orientations. The seed pointf@raed by locating the road centerlines between
these parallel edges or creating rectangles byemtimy the end points of these parallel edgeq1]in
anti-parallel edge centerline extraction (ACE) sed to detect the road seed points. In [21], the
minimal oriented bounding box (MOBB) method whictetects the homogeneous and long
rectangular regions between parallel edges is issealitomatic seeding.

Geometric model matching is the other popular m#theed for road seed detection. The road
candidates are selected based on the shape aspettieal properties and they are compared with the
pre-defined road models. The correctly matchedilpofire selected as seed points. In [26], spectral
classification is applied to find road candidatesl ahey are compared with the road intersection
models. The overlapped regions are selected agpeded.



2.2.2Segmentation Based

Supervised or unsupervised segmentation is usexlttact the road network which is used as an input
of higher level processes of the road extractionthle road extraction methods, segmentation is
conducted to simplify the classification step o€ thlgorithms. Segmentation forms meaningful
partitions from the image and these partitionscéassified in terms of spectral, textural and geiite
properties of the roads.

Segmentation is a method of grouping similar pixetether to form some subsets on the image. The
distances between some selected features of tledspxe used for grouping these pixels. Various
segmentation algorithms are used in road extractiof26], Iterative Self-Organizing Data Analysis
Technique (ISODATA) is used to participate the imagto connected regions of similar colors and
features. In [17], the color texture informationiatis constructed by fusing proximity, color arme t
texture information is used in segmentation pracésg18], a region growing technique based on
similarity, smoothness and compactness criterignapplied on the classified image to extract the
shape information. In [22], Gaussian mixture maueiis used for segmentation, where the maximum
likelihood estimation is used to model the pixeemsities of the image. In [28], k-means clusteiig
used for image segmentation and the road classtesrdined by selecting the segments that have
elongated structure.

2.2.3Classification

Classification is the method that categorizes thage pixels into different labeled groups on theiha

of a training set of pixels whose category is kno®pectral, textural and geometric properties ef th
image pixels are used for classification. The trajrdata is obtained by the road seed acquisition o
obtained from some training database. Classifinatitethods used in literature are probabilistic
classification, fuzzy classification and artificia¢ural network (ANN). In probabilistic methodsado
pattern is modeled with some specified parametgrasing the training samples. These models are
used to assign road membership values to each ipiagks and the road network is constructed by
thresholding these membership values. In Artifidiural Network, a set of input parameters is
related to an output set by a transformation emgpdiy the network weights. First, the network is
constructed by calculating the network weights bing the road samples and then the image pixels
are classified with the constructed neural netwdnkfuzzy classification, the image pixels have
memberships in many different classes with differdgggrees, such that the membership values are
constrained so that all of the membership values fearticular pixel sum to 1.

Gaussian membership function is used in [19, 4,rtiean and the standard deviation of gray values
are calculated by using the training areas. In,[&8]culation is performed for each training ared a
the results are combined to form a final memberskilpe for every pixel. In [7], parameters are
calculated for each channel and the final membgrghiues of the pixels are found by combining the
membership values of each channel with an AND dpera rank filter is performed to construct the
road class.

Support Vector Machine (SVM) is designed for binatgssification in [18], which obtains good
generalization performance through maximizing tleggim between two classes.

In [20], a neural network is constructed to classifiage to road and non-road classes. The inputs of
the network are a single pixel, single pixel witbrmalized distance value, 3x3 window and a 3x3

window with normalized distance values. 10 neurof hidden layer is used and the network trained
with the road seeds. The road class is generatedlliyg the network for each pixel.

2.2.4 Road Modeling

In the road extraction algorithms with dynamic peogming, generic road models are formulated
taking into account photometric and geometoad properties. A polygon representing the lisad

generated from few seed points describing coarfledy road by using dynamic programming
algorithm.



Gruen and Li [27] uses dynamic programming approadbw resolution images that roads manifest
as lines. They formulate the road model accordingome knowledge about the road object, such
as a road pixel in the image is lighter thamighbors on both road sides, grey values alang
road usually do not change very much within arististance, a road is usually smooth and does
not have small wiggles, the local curvature ofrcad has an upper bound, the width of adro
does not change significantly.

Dal Poz and Vale [16] are modified Gruen and lafgproach to extract the road centerlines from
medium and high resolution images. With the helpoafd edge properties, curve fitting and energy
minimization are used to model the road with a treerd a constraint function.

Active contour modeling (snake) is the other methedd for modeling roads. The main concept of
shakes is curve fitting through an optimization qass. This optimization process is an energy
minimization process that completes the snake cwnidhich is initialized by some seed points
around the curve. The energy function of a snakeadies descriptions of internal and external forces
as well as external constraints. While internatéar emphasize the smoothness of the snake curve,
external forces tends to move curve to edge locsiiio the image.

Agouris et al. [14] presents a different variatwfithe traditional snakes’ solution. To better disz

the complexity of the extracted line, additionaldes are inserted to snake contour, and redundant
nodes are deleted. Along the high curvature atéaspumber of nodes is increased, so the geometry
of the curve is captured better. On linear segmémesnumber of nodes are decreased, so the
complexity of the snake algorithm.

Baumgartner et al.[15] use ribbon shake in higloltggn image to fill gaps between road primitives
that are supplied by line extraction from low resgimn image. Ribbon snake differs from the
conventional snake with an additional parametetterroad width.

2.2.5Road Tracking

Road tracking is an iterative line growing proctsat starts with a seed point and adds new segments
to the road network based on some constraints etkfior the road class. Road trackers typically
consist of the prediction and the matching staldé® possible feature positions are predicted by
considering the current and the preceding stepsetipossible positions are checked to decide if the
prediction has been accurate and also to detertiénerientation of the road.

McKeown and Denlinger [12] proposed a road trackmgthod based on the intensity profile
matching of road cross sections. The road candjplatds are compared with a reference profile and
differences between the two profiles are measuredeims of the geometric and radiometric
parameters.

In [21], Hu et al. span circular regions arounditiigal seed points and observe the absolute sgitgn
changes around the seed points. Sharp intensitygelsaare called as cutting points. By combining
cutting points, footprints around the seeds areeggad. The footprints are compared with normal, L-
shaped, T-shaped, X-shaped templates and theiditeaid the size of road is determined from the
toes of the footprints.

2.2.6Morphology and Filtrate

In road extraction methods, mathematical morpholisggften conducted in binary road class image
to gain a useful representation to the road regibmghe mathematical framework, morphology

provides an approach to the processing of digitahges based on geometrical shapes. Union,
intersection, complementation, dilation, erositining are generally used operators.

In [28], the road network is constructed by applyimorphological operations to the road
classification result. Dilation operation is usedfitl the gaps on the boundaries of the road class
Connected component labeling, area calculationranmbving small areas are the operations that are
used to remove non-road regions such as parkisghaildings.



In [18], morphology is used to extract road ceirted from road-class image. Morphological thinning
which is implemented in a two pass erosion processed to eliminate boundary pixels. In the first
pass, the candidates of erosion are determinednatiet second pass, the ones that don’t break the
connection are removed.

In [15], morphology is used for smoothing road bdames. Closing operation is performed by
applying dilation and erosion operations sequdstial

Doucette et al[1] are also applied morphologicarapors to the road class image for filling gapsd an
eliminating noise by closing and minimum comporsne filtering.

2.2.7Multi-scale Analysis

Multi-scale or multi-resolution based road extrastalgorithms are stent on the approach that roads
show different behaviors in different scales of thages. In low resolution images roads mainly
appear as lines, while in high resolution imagesisoappear as elongated regions.

Baumgartner et al [15] proposed a multi-scale baggmoach which models roads with homogenous
regions and intersections linking these regiongyTéxtract lines in the reduced resolution image an
extract edges in the original resolution images.lgVlines represent possible road positions, edges
represent possible road sides. If a region encldsgdparallel edges is homogenous and a
corresponding line exists in the reduced resolutitege, the region is marked as a road segment.

Gruen and Li [27] built a particular wavelet to ghen roads. By using a special scaling functioayth
derive the scale that linear features are enharidezl maximum gradients in the corresponding scale
represent the ridges and the valleys of the imagietware used as candidate seed points of the road
network.

2.2.8Grouping and Linking

Grouping and linking is the process that is useluitd a complete road network. After extracting th
primitives of the roads, these primitives are gexdiand the gaps on the road network are bridged
based on some features of the roads, namely sityilaontinuity, proximity.

Hu and Tao [4] proposed a strategy based on a fnedtal question in computer vision: “How do we
(i.e., the human visual system) perceive objects.,(roads) in an image?”. They developed a
hierarchical approach for grouping and linking fremted road segments by using Gestalt principles.
A segment connectivity matrix is constructed whicbntains linking probabilities of the road
segments. Based on this matrix, collinear, adjaaadtsimilar lines are detected and the gaps betwee
these lines are bridged.

In [22], grouping and linking is used to completédestructured road segments. The radius rotating
intersection detection method is proposed to deteetintersections of the roads and the linear
discontinuous road segments are extracted befqlgiag the least squares method for detecting road
centerline positions. The extracted road centeslinee grouped in terms of colinearity and the
centerlines that have random directions are remdrat road network. The gaps on remaining
centerline network are bridged based on gap lemgitivature, proximity and colinearity features.






CHAPTER 3

BACKGROUND METHODS

In this chapter, the fundamental subjects useligstudy are explained.
3.1 Canny Edge Detection Algorithm

Canny edge detection algorithm is the most popaygaroach used for detecting edge points [3]. The
algorithm is based on the performance criteriorfindd to extract edges precisely which are good
detection, good localization and only one respdose single edge. Good detection means finding all
true edges while minimizing the number of falseesdgsoo0d localization means finding edge points
as close to the actual positions of the edges. thadthird criterion, one response to a single edge
means finding only a single point correspondingetch true edge point. The algorithm can be
summarized as follows:

Noise reduction: The image is smoothed with a Gaussian filter bingisa specified standard
deviation.

Finding the gradients: Local gradients and the gradient directions arepmded for each pixel. The
horizontal derivative and the vertical derivativee @omputed by using one of the edge detection
operators such as Roberts, Prewitt or Sobel. Thgninale and the direction of the gradients are
determined by using the horizontal and vertical\vdgives.

Non-Maximum Suppression:The gradient directions are grouped with 45 degyseparation and the
local maximums in the same direction of gradieptraarked as candidate edge pixels.

Edge Tracing and Thresholding: The candidate edge pixels are thresholded with different
threshold values, T1 and T2 where T1 < T2. If tredgent of the candidate edge pixel is greater than
T2, it is said to be a strong edge pixel and ifghedient value is between T1 and T2, it is saidd@
weak edge pixel. Beside the strong edges, and #dakwdges in the 8-pixel neighborhood of the
strong edges are marked as true edges.

3.2 Principle Component Analysis

Principle component analysis (PCA) is a variablluntion procedure that analyzes the variances and
redundancies of the variables and reduces the nuafhariables into a smaller number of principal
components.

First, the mean vector of the data set is calcdlated subtracted from the data to form a zero mean
data set. Then, the covariance matrix of the cpmeding data set is calculated and the eigenvalues
and the eigenvectors of this matrix are determiriédee eigenvector with the high eigenvalues are
called the principle components of the data setalli, the data set is multiplied by the principal
components to generate a new data set in the newdinates defined by the principle components
(eigenvalues).

3.3 Anti-Parallel Centerline Extraction

The ACE is designed to identify anti-parallel edgesl extract road center points by finding the
midpoints of these edges[1]. Input of this algaritis the monochrome image which is obtained by
directly averaging the RGB components of the inp#ge.

The gradient signature for roads is demonstratedrigure 3-2(a). A brighter road segment is
elongated on a darker background. The gradienht@atiens of the either side of the road (shown with



arrows) opposes to each other. To find all of tbeeptial road sides, edge detection algorithm edus
and then 3x3 Sobel kernels are convolved with thigiral image to find the gradient orientation
image. For an image A, horizontal and vertical wiive approximations are computed with the
following operations:

(3-1)

The gradient orientation is calculated as follows:
(3-2)

After finding gradient orientation, the edge imaged the gradient orientation image are scanned
horizontally and vertically to obtain successivgegixels p and g that satisfy the following dis&@an
and orientation conditions. Figure 3-1 illustraties horizontal scan. The distance between p asd q i
w and wq is the vector projection in the gradient directi@ince wy represents the road width, it
should be in the range of possible road widths.

L $ (3-3)
" %& " $ (3-4)
Background

Horizontal
Scan line

Figure 3-1 ACE Horizontal Scan Line [1]

For horizontal scan, yyis computed by the equation (3-3) and in vertszain wq is computed by the
equation (3-4). The other condition is about thglardifference between the orientations of the
gradients where the angle difference should be ceqypately equal to 180 The graph in Figure
3-2(d) illustrates the orientation graph of theest#d road profile and the distance between edge
pixels.

When the above conditions are assured, the mid-pbithe pixels p and q is marked as the centerline
which will be used as the seed point. After scagitine image completely, noise filtering is perfotme
by eliminating small sized connected components.
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Figure 3-2 ACE Processing (a) Road Profile and @radrientations of Road on input image (b)
Canny Edge Result (c) Sobel Gradient OrientatidrGamny Edges(Units are degrees) (d) Gradient
Orientation Graph Along Selected Profile (e) Thadidate road seeds from ACE

3.4Hough Transform

The Hough Transform is a technique used to detecarhitrary object (in an image), which is
described with a model. The parameters of the madethe components of the space that the image
is transformed to. As long as the values of thedfiermation parameters that map the model into the
image are known, the position of the model in thage can be determined.

Duda[2] proposed a method that uses normal paraizegien for lines that specifies a straight line b
the angle to its normal and its algebraic distancérom the origin. The line equation is given in
(3-5) and the normal parameters of a line are shiaviaigure 3-3.

SC)ET) (3-5)
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Figure 3-3 The normal parameters of a line

To compute the Hough Transform of the line pixeisa binary image, first the ranges of the
parameters and are specified. The range ofis restricted to the interval [-90, 90) and thega of

is restricted to the interval [-D, +D), where Dilie distance of the corners of the image. Witlsehe
restrictions, every ( ) pair corresponds to a unique line in the imagbe Tesolution of the
parameters (the difference between two successimed values) is also specified in terms of the
scale of the image. If the scale of the image i then the difference between two successive
parameter values is selected lower, else if thie ssfaimage is high then the difference between two
successive parameter values is selected highee. biftary image is scanned through the lines each
corresponds a point;( ;) in parameter space. For each line, the numbpixets lying on that line is
the value of (;, ;) index of Hough Transform matrix.

3.5 Bilateral Filter

Bilateral filtering is a non-linear edge presergadoothing technique which proposed by Tomasi at al.
[36]. The filter combines the pixel values in termf the photometric similarity and geometric
closeness. The weights of the filter coefficients determined with two Gaussian filters, namely
domain filter and range filter. While domain filteneasures the geometric closeness between the
center pixel of the filter window and the neighlmgripixels, the range filter measures the photometri
similarity. Equation (3-6) represents the coeffitgeof the neighboring pixels assigned by rangerfil
where % is the center pixel and f is the function of irggpn Equation (3-7) represents the
coefficients assigned by domain filter, where dhs distance function. Equation (3-8) shows the
bilateral filter generated by combining the ranged adomain filters. This equation contains
normalization constant which is used to maintairozgain.

(' 2 -/ -0 52341 (3-6)
6( & | Cme 37
o+ 2 ( ( 6(, (3-8)
v ze (L 6, (3-9)

(@) (b) (©)
Figure 3-4 Bilateral filter (a) input (b) weighkrd for centre pixel (c) output [36]
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As shown in the figure above, the filter smoothe=akvintensity differences while preserving strong
differences. The coefficients illustrated in Figd€ (b) are formed for the case that the centxelpi
lies in the bright side of the edge.

The standard edge-preserved filters are applietth¢éoeach band of the color image, which causes
corrupted colors close to the edges. However,dydfilter is applied to the three bands of thagm

at once by using the intensity vectors in rangeerfilso the perceptually similar colors are bring
together and the artifacts disappear.

3.6 Gaussian Mixture Model

Gaussian Distribution:

Gaussian distribution is a continuous probabilitstribution that models data in terms of mean and
standard deviation parameters. The distributioratign is specified in (3-10) where k is the length
the feature vector X, is the mean vector, is the covariance matrix of the Gaussian and bhés
number of data. The parameterand are estimated by the maximum likelihood estimafidiLE)
which is formulized with the equations given in {B}. Figure 3-5 shows an example of a data
histogram and corresponding Gaussian distribution.

>(2@ gt —E - °© 3-10
( oA Ba 0 Fo ( 2 ( )
@ ;% (< L e« e (3-11)
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Figure 3-5 Gaussian distribution modeling

Gaussian Mixture Model:

Gaussian Mixture Model (GMM) is a probability dagdiunction constructed by combining Gaussian
components with some weights. This model is propofm modeling different distributions
accurately. A Gaussian mixture model consists cbKiponents is given by the equation (3-12).

( ;L > (k@ (3-12)

The parameters w ; and ; are estimated by the expectation maximization (EM8thod in an
iterative way. The parameters are initiated with #alues w, o and i and iteratively converged
until the likelihood function reaches its maximuralue. In the expectation step, probability of
belonging to component is computed for all xusing the available parameter values. In the
maximization step, new values of the parametercaneputed by using p(ijx Following equations
are the values of parameters at tHe itaration. Figure 3-6 shows an example of the déggogram
and corresponding Gaussian mixture model.
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Figure 3-6 Gaussian mixture modeling

3.7 Features Used for Classification
3.7.1Mean and Standard Deviation

Mean and standard deviation are the basic staideatures of the images. In road extraction,ehes
features are calculated in an image window to d@tex local textures. Mean represents the average
of the pixel intensities in the window and the siaml deviation indicates how much variation exists
from the mean value. Mean and standard deviatiomrninimage window are calculated by the
equations (3-17), (3-18) and where N is the nunadfgrixels in the window, I(xy;) is the intensity
value of pixeli of image I.

V& oW+ (3-17)

YW+ V& Z 2 (3-18)

3.7.2HSV Color Space

HSV is a color space which uses cylindrical repnéstion of colors with the components Hue,
Saturation and Value. Hue is the dominant waveleigg mixture of light, simply the color attribute
that describes pure color like red, purple, yell&aturation is a measurement of the purity, the
amount of white light diluting the pure color. Veluepresents the brightness relative to the white
light. The translation of the HSV color componeintsn RGB color components is given in (3-19).
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3.7.3Gabor Filters

Gabor filtering is one of the textural feature extion methods which has similar characteristidciwit
human perception. Gabor filter is composed of aper sinusoid which is known as the carrier
function and a Gaussian function which is knowihasenvelope function.

Carrier Function: The carrier function serves as sinusoidal filtentered at the origin with the
spatial frequency and the orientation as shown in (3-20).

( + & 2Ak, .ImnoQpn,<o (3_20)

Gaussian EnvelopeThe Gaussian envelope maintains the spatial lat#din of the carrier function,
which is shown in (3-21).

Fqlurl

&(+ & ST (3-21)

The spatial deviation of the Gaussian envelopedepends on the spatial frequency of the carrier
function (). The relationship is given in the equation (3-2&)ere b is the half response spatial
frequency bandwidth.

R (3-22)

Figure 3-7 illustrates decomposition of Gabor filtwhere (a) shows the 2D sinusoidal carrier
function, (b) shows the 2D Gaussian envelope ahds(the Gabor filter supplied by multiplying (a)
and (b).

(@) (b)

Figure 3-7 Gabor Filter Decomposition a) The sindaslocarrier b) The Gaussian envelope c) The
corresponding Gabor Filter [29]

3.8 Relative Neighborhood Graph

Relative neighborhood graph (RNG) is the methoéxdfacting the shape and structure of the point
sets. The structure is described in terms of thgegdhat connect the points. The two points in the
point set are connected by an edge whenever these mbt exist a third point that is closer to both
than they are to each other.
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For points p, g, connectivity condition is defingd (3-23) where d represents the dimension of
feature space that the points are defined in aiglthe set of the points that RNG will be constegict
The lune of the points p and q means the intersgion formed by the intersection of two d-
dimensional spheres that centered at p and q andattius of the spheres are equal to the distance
between p and q as shown in Figure 3-8 (a). Fi@iBe (b) shows an example of RNG that is
constructed on a set of planar points. The integkosv the distances between corresponding points
and the bold lines are the edges that provide ativity condition of RNG.

YW z{] }  ~ee €f wx,} .. TEfWX % 25 (3-23)

Figure 3-8 Relative Neighborhood Graph a) The lofnhe pointg andq b) The constructed
neighborhood graph

3.9 Minimal Spanning Tree

Spanning Tree is a graph-based approach thattisigilse composed of edges between vertices and
forms a tree that includes every vertex. Minimurarspng tree (MST) is a spanning tree that the total
length (or weight) of the edges is less than ofipanning trees. Figure 3-9 shows a MST on a group
of planar nodes. The integers show the distancegeka corresponding points and the bold lines are
the edges that provide connectivity condition of MS

Figure 3-9 Minimal Spanning Tree

There are two algorithms to find MST. One of thenfPiim's algorithm [25] and the other is Kruskal's
algorithm [24].

Kruskal's algorithm starts with a tree consistifig @ingle vertex, continuously adds the shortdgee
which does not form any loops with the edges alygadsent, until there is no edges to add.

Prim's algorithm has two principles that any isethvertex is connected to the nearest vertex, any
isolated sub-tree is connected to the neighbortéxeor another sub-tree) that has the shortest
available link.
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3.10Self Organized Road Map

SORM technique is inspired from Kohonen's self-oigang map [9] and provides an approach to
road centerline delineation from binary road clasage [1, 8]. It is an adaptation of the K-means
algorithms and differs from K-means in some respetihe method works as follows:

Step 1:Initialize K cluster centers {,,...,G) in the road class image such that the nodes remst
grid structure on the image with a grid spacigg.

Step 2: Generate the clusters By finding the closest center for each road pixelThe cluster
generation is formulated in (3-24) where t is thenber of iterations.

(fe " T( € T 4 | Z
" ° ° 6 LLENES] (3_24)
Step 3:Detect the clusters whose number of samples ssthes a threshold value and remove these

clusters by translating their members to the neatasters.

Step 4:Update the cluster centers by finding the mediasamples of each cluster. The median of the
samples is found according to (3-25), whefeasNthe number of samples of or determining the
median of the cluster, the samples of the clustersarted in terms of coordinate values and;ifsN
odd, the middle element of the sorted samples lecwal as the cluster center; if ¥ even the
average of the two middle elements is selectetiasluster center.
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oo 6 (<f € (3-25)

Step 5: There is also a minimum distance thresholg,J between cluster centers. If the distance
between two clusters is less thag,, merge the clusters. If the cluster merging occteturn to
Step2.

Step 6:lterate to Step2 until cluster centers are uncednguch thatg * E -

Step 7:Using the cluster center locations as input, applinking algorithm to construct a consistent
road topology. While a MST-based linking algorithisnused in [8], a gestalt grouping algorithm is
used in [1].

The process defined above is illustrated in Figde.
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(@) (b)

(©)
Figure 3-10 SORM Process a) Cluster InitializatiyrCluster Centers on Voronoi Graph (c) The
result of SORM Algorithm [8]

3.11Perceptual Grouping

Perceptual grouping is based on human visual ghiit extract significant image relations from
primitive image features and to group these refatior supplying meaningful higher level structures
The Gestalt psychologists have proposed a set pbritant principles in perceptual organization,
namely, proximity, continuity, similarity, closuend symmetry [5].

For linking fragmented road segments proximity, toasity and similarity principles are meaningful.
When it is thought in terms of road segment linkidgfinitions of these principles can be expressed
as follows:

1. Continuity: Main roads are continuous, so the reagments tend to continue their shapes
beyond their ending points.

2. Proximity: Road segments are close to each otlettreey are likely to be bridged.

3. Similarity: Segments that have similar directions more likely to be linked.

These constraints comprise both geometric and maetiic similarities of road segments. By defining
continuity, proximity and similarity constraintd)e road segments are grouped and continuous road
network is constructed by linking the road segméanthe same groups.

3.12Fuzzy Organization of Elongated Regions (FOrgER)

Fuzzy organization of elongated region (FOrgER)rizposed by Doucette at al. in order to generate
larger curvilinear networks from binary road regoand construct the road network topology.
FOrgER motivated from the Gestalt grouping prinesp(e.g. similarity, proximity and continuity) for
grouping and linking elongated nodes.

The inputs of the algorithm are SORM centers ardhbilmary road class image. The metrics used to
guide topology construction are proximity, link #@nd orientation angle. The proximity is the
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Euclidian distance between the two given SORM gsnt€he link angle is the angle between the
corresponding SORM centers.

The orientation of each center is the directiothef distributed nodes in its Voronoi region. InUig
3-11, ; is the orientation angle of Voronoi regiorand | is the link between noddsandj. The
difference between link angle and orientation aiglealled deflection angle ), which stands for the
similarity between Voronoi regions.

The calculation of orientation angle and deflectémgle is given in equation (3-26), whetge, , are
standard deviations in x and y directions apds the covariance.

Figure 3-11 The orientation and link angle of SOR&Mters
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The topology construction is organized in term tireximity, link and orientation metrics. The
grouping is defined in three levels.

The rules of low level grouping:
If )y and) gEare small, proximity is close then link_strengfhs high.

If )y or) ;Eare small, proximity is close then link_strengjhs possible.

If )y and) ;Eare large, proximity is close then link_strengjfisi low.
If proximity is far then link_strength ij is impaste.

The rules of middle level grouping:

If link_strength h,i and link_strength j,k are higiten link_strength i,j is high.
If link_strength h,i or link_strength j,k are higfen link_strength i,j is possible.
If link_strength h,i or link_strength j,k are lowen link_strength i,j is low.

In high level grouping, the linking is performedtarm of linking possibilities to construct a netko
closure.
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CHAPTER 4

PROPOSED ROAD EXTRACTION ALGORITHM

The proposed algorithm is a fully automated roadraetion method from high resolution
multispectral satellite imagery. First step of #igorithm is to analyze the image gradient and find
some road centerlines based on this analysis. hergcted centerlines are used for training a road
model based on various features of the multispeotrage. Finally, classification is performed to
separate road regions from non-road regions andrdhd topology is constructed based on the
classification result. The flow diagram of the wdahethod is given in Figure 4-1.

When the methods in the literature are consideced, proposed algorithm is a road centerline
extraction method which bases on classification. e seed point extraction methods to make it a
self-supervised algorithm and grouping and linkmgthods to determine the topology of the road
network.

Section 4.1 introduces the seed point extractiothatewhich consists of edge detection, ACE (Anti-
parallel Centerline Extraction) and centerline ik algorithms. Section 4.2 presents the
classification algorithms which use extracted seeidts as the training data. Section 4.3 expldies t

morphological operations performed for improvingasdification results and determining the
candidates of the road centerlines. In sectiort@pdlogy construction algorithms are discusseddase

on grouping and morphological operations.
$ #
%
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Figure 4-1 Flow diagram of road centerline ext@etlgorithm



4.1 Seed Point Extraction

Most of the available road extraction methods neddiman operator to benefit from the interactive
user-provided information to have some prior infatimn about the road seeds, directions, width,
road intersections and to allow manual editing. &®jing on the need of the human operator, the road
extraction strategies are categorized as semi @hdautomated. The ACE (Anti-parallel Centerline
Extraction) algorithm is proposed by Doucette efHl to minimize the need of human operator by
automatically finding the seed points of the road® main idea is detecting the road center pdints
considering geometric properties of the road stmast

When looking at high-resolution imagery whose gebsample distance is greater than 1.0 m/pixel,

roads are elongated regions bounded by paralledsdthese parallel edges with opposing gradients
are called Anti-Parallel edges. ACE is designedximact road center points by finding the midpoints

of these edges.

Edge detection is the first step of the seed pattaction algorithm, which is followed by the ACE
algorithm. Third step is linking the extracted sgethts. Finally, the seed points belonging to sthad
regions are removed from the seed points set.

4.1.1Edge Detection

Edges are the sharp intensity changes in the imadérese intensity changes correspond to the
boundaries of the objects, surface markings, defpéimges, illuminations changes and so on.

In road extraction, edges are so important that thee clues on structural properties of the images
In low resolution images, roads appear as linesdabiespond to single edges. When looking at high-
resolution imagery, roads are elongated regionsited by parallel edges. These parallel edges with
opposing gradients are called as Anti-Parallel edge

Various edge detectors exist in the literaturehsag Sobel, Laplace, Canny, Nalwa—Binford, Sarkar—
Boyer. In [31], Heath at al. represent a comparibetween four edge detector algorithms. They
demonstrate that if the images to be analyzed iaras in content Canny edge detector is the best
edge detection algorithm amongst the others. Thsyraention that most of the papers that describe
new edge detectors compare the results with thdtsesupplied by Canny. This means that Canny
algorithm is regarded as the best among its copatey. Since we used satellite images that have
similar contents, Canny edge detector is choseheasdge detection algorithm.

4.1.2ACE (Anti-parallel Centerline Extraction)

As mentioned in section 3.3, the ACE algorithm vhhis designed to detect road center points by
considering the geometrical properties of the readctures is preferred as the road seed point
detection algorithm. First, the edges on the imargeextracted with the Canny edge detector. Second,
the gradient orientations of the extracted edgatpaire calculated by applying the Sobel operators
the neighborhood of these points. Third, the edgage is scanned horizontally and vertically to
identify anti-parallel edges and extract road ceptents by finding the midpoints of these edges.

The ACE Algorithm uses two parameters namely thgeaof road width and the angle difference
between edge gradient orientations. The rangeaaf wadth is determined in terms of the scale of the
image. Since a single road lane width is constantéch country (3.6 m in Turkey), the minimum
road width is selected as a single road lane wdditti the maximum road width is selected as the
multiplication of a single road lane width and theximum number of lanes in the image. The angle
difference between edge gradient orientations lscged in the range of [B 5 /2] which shows
good performance for all images.

In [1], multispectral image content is also usedntprove the output of ACE. The ACE algorithm is
applied to each image layer and the result is mietgdind the final result, which is called Disa@et
Layer Gradient Analysis (DLGA). Merging is perforchby finding union of the results of the layers
and morphological thinning is applied to find fimalsult. Another approach for using multi-spectral
content is performing Principal Component Analy§®CA). PCA analysis is applied to supply
monochrome image from RGB layers.
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DLGA increases the number of samples extracted BQE Aut the correctness of the samples
decreases. PCA gives better results than usingréhelevel which is the average of the RGB layers.

To improve DLGA results, merging is performed byrgieg the individual layer ACE results by
intersection. This approach improves the correstnels ACE results; the disadvantage of this
approach is the decrease in the number of samples.

Considering the previously mentioned observatigmi)cipal component image is preferred as the
input of the ACE algorithm.

4.1.3Linking Seed Points

Instead of directly using the ACE results as tla@ntng data, only the straight lines longer than a
predefined threshold on the ACE image are seleatethe training data. The minimum line length

threshold is selected by considering the ACE respaf buildings. Selecting the threshold as longer
than the length of the ACE response of buildingsieltes the seed points belonging to buildings and
some other non-road regions.

To find the straight lines from the ACE output, twethods are applied. One of them is the Hough
transform and the other one is the perceptual gngup

4.1.3.1Hough Transform

As introduced in section 3.4, Hough transform imethod of modeling the image pixels using some
parameters. For straight line modeling, Hough fi@mns is formed in the normal parameter space,
which specifies a straight line by the angl® its normal and its algebraic distancom the origin.

For linking, the seed points are obtained by the&eA@yorithm, the ACE output image is transformed
to normal parameter space and the following stepsparformed to extract the lines in the image:
First, the peak points of the Hough Transform maare found. The maximum number of peaks can
be limited. The locations of the pixels which ha@ntributed to a peak (associated with a line) are
determined. These are the pixels belonging toe [Mihe neighboring pixels are merged to construct
the corresponding line segment. In this step, sgadk are ignored. The line segments longer than th
predefined threshold are labeled as the lines énittege. 3x3 neighborhoods of Hough lines are
selected as road seed points [1].

In Figure 4-2 (a), the edges are shown with redrcahd the ACE results are shown with blue. Figure
4-2(b) shows the extracted Hough lines with bluercon ACE output image.

@) (b)
Figure 4-2 Seed Point Linking a) The output of AQH ines found with Hough Transform
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4.1.3.2Perceptual Grouping

As introduced in section 3.1the perceptual grouping method is used to lirdgifinented line
segments by using proximity, continuity and similarprinciples. For linking seed points, t
grouping is performed on ACE output image and fipotogy construction which is introduced
section 4.4the grouping is performed on the road centeiilimege. Although, the ACE output ima
generally consists of straight line segmenhe road centerline image consists of straight
curvilinear line segments. Therefore, the groupahgprithm is proposed as it is used for both
ACE output and the road centerline im:

In [22], only the straight line segments are labeded groupig is performed on these straight |i
segments. In [4], straight collinear segments, Ipwg, and the curvilinear segments are grot
separately. In this thesis, any connected line segns labeled and grouping is performed on tl
line segments iftte local curvatures around the endpoints are gitdilaach other, which is one of t
contributions of this thesis. With this approaciffedent type of road networks can be extrac
Figure 4-3shows some examples about the proposed groupiningirty method, in (a) unconnect
line segments are illustrated, in (b) the orieotatiof the local curvatures around the endpointhe
lines are shan. Since the orientations are similar and the §sgments are close to each other,
segments are linked and a connected line is forstemlyn in (c)

(@) (b) (©

Figure 4-3Grouping and linking line segments a) labeled §agments b) orientations of loc
curvature around endpoints (c) result of grouping nking

24



The grouping method is proposed for binary imagesiaassumes that segments are one pixel width.
First, labeling line segments algorithm is perfodme determine pixel locations of the road segments
After labeling, the Gestalt grouping principles aied to find the segments that belong to the same
road. Then, gaps between grouped segments ackthlleonstruct a higher level road structure.

Labeling Line Pixels (LLP)

This algorithm produces line segments by labelimg pixels that constitutes a connected line. The
branches of the line segments are labeled witherdifft labels from the main branch, by this way
small line branches may be discriminated from lodige segments.

LLP algorithm assumes that the lines are one pixéé, so morphological thinning on ACE output is
required before applying LLP algorithm to obtairequixel wide lines.

The algorithm is as follows:
Step 0.n is the label number which is initialized with tithe beginning.

Step 1.If there is no line pixel in the line image, go3tep 3. Else, select a pixel in the line image,
label it with label n and delete this pixel fronetlne image.

Step 2.Examine 3x3 neighborhood of the reference pixel.

If there is one line pixel in the neighborhood,dbl with label n, delete this pixel from the
line image and repeat Step 2.

If there is more than one pixel in the neighborhdod each neighboring pixel, increase n,
label the pixel with label n, and delete it fronetline image. Repeat Step 2 for each
neighboring pixel.

If there are no pixels in the neighborhood, incesasnd return to Step 1.

Step 3.Each label represents a line in the image angitkeds having the same label are the pixels
that belong to the same line.

(b)
Figure 4-4 Labeling line pixels a) Labeling conmetbraches b) The result of LLP algorithm

Grouping Based on Gestalt Principles

Gestalt principles namely continuity, proximity asinilarity are used as primary constraints for
linking labeled line segments. Line segments thatcéoser to each other and have similar angles are
concatenated. Considering that line pixel labebigprithm finds not only the straight lines butals
the curvilinear lines, the slopes of the segmengscalculated only near the endpoints because the
local curvilinearity of the road segments is small.
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Figure 4-5 Grouping Parameters

Figure 4-5 illustrates the parameters that are ueedyrouping. ep, ep, ep and ep are the
endpoints of segments of seand seg The gap between the segments is the minimumndista
between endpoints as shown in the equations (4d ) 42).

The line directions are calculated around the spwading endpoints. When it is assumed that ep
and ep are the nearest end points, the direction of (sggds calculated near gpand the direction of
seg( ;) is calculated near gpAs shown in Figure 4-6, the direction of sisgcalculated using the
line from (%1,yi1) to (%2,¥2) and the direction of segs calculated using the line fromj(x;:) to
(Xj2,¥j2) with the equation (4-3).
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The direction of the gap filling segment is alsgortant. Because, short parallel line segmentsrensu
similarity and proximity principles but they do nsatisfy continuity principle. The direction of the
gap filling segment () is calculated using the line fromi(¥i1) to (X1,Yi1)-

(-‘Cf:*,}’;fz) _
T, (v
(xinvil)
(xp2,372)

Figure 4-6 Determining the directions of line segtse
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All of the labeled lines are compared with all athebeled lines. If two lines ensure the groug
constraints shown in (4-1)they are merged and the gap between mergedifirfdied. This proces
is repeated until there are no remainin-compared line pairs left.

Bridging Gaps

Bridging the gaps beten the merged lines is necessary to construecb#eestructure as a whole.
bridge a gap between two lines, one of the neamstpoints of the lines are selected as the st
point of the bridge and the other is selected asetid point of theridge. The bridge direction

calculated from the starting point to the end paintl three neighboring pixels of the starting p
that are compatible with this direction are exardinhe directions from these neighbors to the
point of the bridge r@ also calculated and the neighbor that has atiire nearest to the bridg
direction is added to the bridge [

For instance in Figure 4;Thestarting point is (x y:) and the orientation of the gap filling segmer
in the interval [ -3/8 - /8]. Then, only the points 3+1, V1), ( %1, Y1t+1), and (i1+1; ya+1) are
examined. The point that is appropriate for themmstion is (j;+1, y;+1) so it is added to the bridc
This process is continued until the endpoint ofghp, namely the point,,y,) is reachec

(x1,y1)
P ]

™ > (x2,v2)

Figure 4-7 Bridging gaps between two lines

Figure4-8 ACE Image and Perceptual Grouping Result

After the bridging step, for eliminating n-road responses of the ACE algorithm, the groupéasuilt
is thresholded and the lines smaller than a preddfiine length, are eraserom the seed poir
image.
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When the results of Hough transform are compareh the results of perceptual grouping in term
the correctness of the seed points (belonginggadad), perceptual grouping is better than thegh
transform. Thereforeperceptual grouping method is the preferred metfavdlinking the seec
points.The result of perceptual grouping is usefbtm the training set for the classification. S
the neighbors of the road center pixel also belonthe road, the pixels beten road centers and t
corresponding edges are also added to the trag@nFigure 4-9shows the training seeds on the e
image.

Figure 4-9Selected seed points on the edge ir

4.1.3.3Fuzzy Organization of Elongated RegionsFOrgER)

As explained in section 3.1ZFOrgER is a graj-based method for constructing a road network f
distributed road regions. The algorithm bases ost&eprinciples like perceptual groupi In [1],
Doucette at al. use FOrgeRIliok ACE results to enlarge the training <

In Figure 4-10 (a), the rdihe are highly probable links, greens are possilles and thyellows are
lowly probable links. When these links are organized,fitted network is constructedrigure 4-10

(b).

(b)
Figure 4-10FOrgER Algorithm (a) Link strengths on Voronoi Diag b Linked centers

28



4.1.4Removing Shadow and Water from Seed Points

With the previous steps of the seed point extradilgorithm, the elongated long regions are detiecte
Although these elongated regions generally belanghe road regions, in some satellite images,
shadow and water also exist as elongated regiomsletide whether the seed points belong to the
road region or shadow and water regions, RGB infbion is used.

Usually, in the detection of shadow and water, #dis used. However, in this study, we only used
RGB bands to detect shadow and water pixels. Sisteg RGB representation of the image for
shadow detection gives erroneous results, HSV septation is preferred. Shadow and water have
similar spectral characteristics in HSV space. Theth have higher values of saturation and lower
values of value components.

The image is firstly converted to HSV representafimm the RGB. Then, a mask which filters the
seed points that have higher values of saturatimhl@wer values of value components on the HSV
space. After applying this mask, shadow and waitezlp are removed from the set of seed points.
Figure 4-11 shows an example image that contaiongated shadow regions, with the shadow
detection step these regions are removed from ¢heofsseed points. Figure 4-12 illustrates the
removal of the elongated water regions from theos#te seed points.

uF'L._‘-E.ilEH L I
(@) (b)

Figure 4-11 Shadow removal from the seed poinBefdre shadow removal b) After shadow
removal

(@) (b)

Figure 4-12 Water region removal from the seed tsai) Before water region removal b) After water
region removal

4.2 Classification
4.2.1Smoothing

In order to eliminate noises in the image and olitgi a smooth classification result, a smoothing
algorithm is decided to be experienced. In ordemtintain edge information, an edge preserving
algorithm (bilateral filter) is used. First, RGB age is transformed to Lab color space, which is
suggested in [36] and filter is applied to the sfarmed image. The variance of the range filter is
selected as a small value in order to preserve aoatipely weak edges.
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(b)
Figure 4-13 Bilateral filter (a) input image (b)tput image

4.2.2Modeling and Classifying

There are two different approaches that are usedage classification such as pixel-based and bbjec
based approaches. In pixel-based approaches (RiBAjeatures of each pixel are used as the inputs
of the classification algorithm. In object-basegrgaches (OBA), firstly the image is segmented by
using a segmentation algorithm and the featureseath segment are used as the inputs of
classification. There are many papers comparingetiteo approaches for different data sets, but we
need to know the effects of these approaches iagpect of the road extraction. In [13], Hauptfiais
conducts an experiment about this subject. He pedfgixel-based and object-based classification in
50 different scenes by fusing different classifieith a fusion algorithm and then he applies togglo
construction algorithm on the classification resulthe evaluation which is given in Table 4-1 is
calculated by using the results of topology cortdiom and the manually constructed ground truth
images.

Table 4-1 The evaluation results of PBA and OBA][13

Correctness Completeness Quality
PBA 83.8 73.5 64.4
OBA 83.4 73.4 64

The evaluation results show that using pixel-basedbject based methods for road extraction
purposes gives similar results. Therefore, considethe computational complexity, the pixel-based
approach is selected in the classification step.

Many road extraction methods use spectral stadis{fimean and variance) of the roads for
classification [1, 7, 19]. Textural features arsoalised to improve the classification results [17].
this thesis, four different features and their comations are experienced, such as the mean of 3x3
neighborhood, the variance of 3x3 neighborhoodraff gmage, HSV components and Gabor filters.
Experiments show that HSV and Gabor features aoager classifiers than the gray scale mean and
the variance. HSV features generally produce gesdilts in different images, however if the color
spectrum of the road pixels is similar to othereckg in the image, it produces noisy results. teor

to avoid this artifact, Gabor filters are includaathe classification step to take into account the
textural features of the road pixels.

Gabor filter is a directional filter that consigtfa sinusoidal wave with a frequency and orieotati
Therefore, using a single Gabor Filter gives theure along the corresponding orientation and the
frequency. A circular symmetric version of Gahitief proposed in [32] is used to find a rotation
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invariant texture. Gabor filter responses are dated for 3( angle separations and the freque
values recommended i8%]. The frequency values are calculatec(4-4) where M is the size of tr
image and i =1,2,...,log2(M/¢

7 Yy 2 y* 9 (4-4)
Two alternativanethods th: are used for classification are defined below:

Normal Distribution:

Based on the Gaussian distribution models of raatrer-road training sets, the road and -road
membership values of all image pixels are calcdlafithe pixels that have high road member:
value and low nomead membership value are marked as rdass pixels, and the others are mar
as nonroad class pixels. This rule bases on Bayesiarsideciule, but there is a little difference st
that we subtracted nawad membership from road membership value and acemhis result with

probability thresholdFigure4-14shows the classification result obtained by nordistribution

f i.—"— s ']
Aty
A

.'- B Fah *"‘.ﬁ-ﬂ:
(b)

Figure 4-14Gaussian membership values (a) membership of #eaiass (b) membership of t
non+oad class (c) posterior probabilities for roadssléd) result of thresholdi
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Gaussian Mixture Modeling:

In some images, different road types may be exet,training samples which have differ
characteristics arebtained. Modeling these training samples with rardistributior cause false
responses in classification resulb overcome this drawbar we proposed to use Gaussian mixt
model in classification step.

Figure 4-15shows the classification result of the referencage Since tt roads in the image hav
similar characteristics andeans of the Gaussians are near to each a similar result with norme
distribution is obtained.

Figure 4-16illustrates the classification of the image thangiets of two different roatypes Since
different characteristics can be modeled with GMKkE classification result contains whole rc
network.

Figure 4-15Classification based on Gaussian mixture modei@hnbership of road class (b) 1
classification result
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Figure 4-16Classification based on Gaussian mie model (a) original imag) First cluster (c
Second cluster (d) The final result

4.3 Morphological Operations

Morphological operations are used to obtain a campad noise free classification result bef
topology construction algorithm

In order to avoid noises distributed on the clésaiion result, the regions that have smaller are
removed from imagand to fill small gaps in the road regions, holinfy is performed

Closing operation is used for smoothing the road<image. A square shaped structuring eleme
used for this purpose since the orientation ofrtfeels may be any directic Finding the optimum
size of the structuring elemeis hard such thattge structuring element integrates noisy regio
the road regions ansmall structuring elemeris not enough for smoothing the road regions aec
boundaries. By considering thedges separate roads from surroundings, a soltithis problem i
proposed. A large structuring element is used lasing operation and then edge pixels are subul
from the resulting image for separating roads freamroundings Thinning is performed befor
perceptual grouping. Witthé thinning operation, the skeleton of the roadvoet is generated. TFr
result of the morphological operations is the rotigology where perceptual grouping is used
eliminating noises.

4.4 Topology Construction

Topology construction is used to extract the roativork from the road candidate pixels. One of
methods for topology construction is finding regibmoad clusters with Self Organizing Road M
(SORM) algorithm (introduced in secti3.10 and linking the centers of these regional clss{éf.
Three different methods which are proposed in [1,33 are performed for linking the SORM cels.
These are grapbased methodof generating progressively larger curvilinear natkg, namely
Minimal Spanning Tree (MST), Relative NeighborhoBdaph (RNG) and Fuzzy Organization
Elongated Regions (FOrgE!
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Figure 4-17 shows the MST, RNG and FOrgER edgebheofSORM centers in the voronoi diagram.
RNG algorithm produces better results than the MEgorithm since it allows closed loops within the
network. FOrgER is good in linear regions but nmbdjin curvatures.

Figure 4-17 Linking SORM Centers (a) SORM Centéjsvith MST (c) with RNG (c) with FOrgeR

The other method used for defining the road topplig applying morphology and perceptual

grouping.Grouping and gap filling are performed with the hoets described in section 4.1.3.2. After

grouping the lines, the ones shorter than a mininconmected line threshold are removed from the
image.

In Figure 4-18, (a) is the classified image afteisa removal, closing and gap filling operatiofs,i§
the image after removing edge pixels, (c) is thmulteof thinning and (d) is the result of perceptua
grouping.
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Figure 4-18Morphology and Perceptual Grouping (a) Classifiedge after closing and hole fillir
(b) Subtraction of edg (c) Morphological Thinning (d) Result dhe input imag
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CHAPTER 5

EXPERIMENTAL RESULTS

In this chapter, the experimental results of thpl@mented algorithms are given. The experiments are
conducted on an algorithm which is proposed by [@tecat al. [1]. Figure 5-1 shows the base

algorithm and the alternatives experienced to fihd optimum solution. For each experiment,

previously selected methods are used for previtesssand the methods of baseline algorithm are
used for following steps. After generating proposddorithm, the baseline algorithm and the

proposed algorithm are compared with another expani.

To evaluate the performances of alternative meth@@shigh resolution satellite images with 1m
resolution and 1024 x 1024 sizes are used. Grautll dlata are constructed manually by marking all
main and side road pixels. During the evaluatiosedd point extraction and classification methods,
the classification results are considered, sineectimputational complexities of topology constroicti
algorithms are high for some test images. The pexdoce metrics used in these experiments are
obtained by pixel by pixel comparison.

In the evaluation of topology construction alganithy performance metrics are calculated by defining
a buffer width of 5 pixels around the reference exttacted data. The method is explained in Section
5.1.

Most of the algorithms examined in this thesis nsedthe parameters. In order to obtain most
convenient ones, parameter tuning is performeddiyguthree different images such as urban, sub-
urban and rural.
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BASE ALGORITHM:

SEED POINT EXTRACTION]
Edge detection with
Canny
T
y v v v
ACE from principal ACE from RGB by union ACE from RGB by ACE from gray image
component operation intersection operation gray imag
v v v
Linking with FOrgER Linking seeds with Linking seeds with
Hough transform perceptual grouping
A2 h 4
| CLASSIFICATION|
Training 3x3 neighborhood of HECBESTEET sgeds
Samples : seed points and corresponding
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Morphological
Operations
v
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SORM with FOrgeR Wi Wi erceptual Grouping
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v v v
v
Road
Centerlines

Figure 5-1 Base algorithm and alternative methods
5.1 The Performance Evaluation Metrics

The performance evaluation of the obtained resslessential for determining the reliability of the
proposed algorithm. Heipke at al. [33] proposed ethmd of performance evaluation of automatic
road extraction algorithms by comparing the exedatoad pixels with the manually plotted linear
road axis which is used as the reference data.rméikod consists of matching and calculation stages

The matching stage is performed in two steps; dhatmatching the extracted data and matching the
reference data. The buffering method is used irchiag steps. The buffering means that constructing
a constant predefined width around the data. Infitise step, the buffer is constructed around the
reference data and the region where the extragtdanhd the buffer of the reference data interisect
called as the matched region. In the second dbepbuffer is constructed around the extracted data
and the region where the reference data and tHerboif the extracted data intersect is called as th
matched region.

With the matching stage, the following measurirgnetnts are determined:
True Positive (TP) The number of matched pixels supplied by onéefrhatching steps.

False Positive (FP) The number of extracted pixels that don’'t belémghe buffered region around
the reference data.
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False Negative (FN) The number of the reference pixels that don'bbglto the buffered region
around the extracted data.
’/Q.\'Ii'ﬂﬂzf‘." dara
FP

;__-3/ I buffered region around

the reference data

(@)

buffared region around

X:J’?e extracted data
= — -
W refarence dara

(b)

Figure 5-2 The matching stage of performance etialualgorithm (a) Buffering around the
reference data (b) Buffering around the extractsd d

In the calculation stage, a number of quality messare de ned to interpret the matching results in
an absolute way. The quality measures are basedmwriterions: the correctness of the extracted
road pixels and the completeness of the extractad metwork. The completeness, correctness and the
guality measures are defined in the following.

Correctness: The percentage of the correctly esttlamad pixels, i.e, the ratio of the matched Igixe
to the extracted road pixels.

I£

¢ & & E0E

(5-1)

Completeness: The percentage of the referencespikat overlap the extracted road pixels, i.e, the
ratio of the matched pixels to the reference pixels

I£

CVS&&E o

(5-2)

Quality: The measure of the goodness of the ro&ichetion algorithm, i.e, the ratio of the matched
pixels to the union of the extracted and the refeeeroad pixels.

I£

¢ & & IEQuEQEH

(5-3)
5.2 Analysis of ACE Inputs

Finding anti-parallel centerline points is the ffissep of the road seed point extraction algoritfime
performance of this stage is quite important siatef the following stages of the proposed aldorit
are based on the outputs of the ACE algorithm. &laee four alternative methods of extracting anti-
parallel centerline points: using gray level imdgened by averaging RGB layers as the input of the
ACE, conducting discrete layer gradient analysisGB) by the intersection or the union operations,
or using PCA (Principal Component Analysis) imageaa input. Discrete layer gradient analysis
(DLGA) means conducting the ACE algorithm for edayer of the RGB image and forming the final
result by the intersection or the union of all lesye
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The performance evaluation of the ACE mets is performed by comparing classificati@sults
obtained with each alternative. Figl8®, Figure 5-4, Figure 5-5 show the correctnessnpletenes
and qualities of the results. The performancedtefrative methods are close to each other, bt

one that has highest quality measure is sele Using principal componetats the input of the AC
algorithm is preferred with respect to iTable 5-1.
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Figure 55 The quality of the ACE results
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Table 5-1 The performance comparison of the atére ACE methods

Correctness Completeness Quality

Gray Image 10.38 36.71 8.44
RGB Layers Intersection 10.1C 28.01 7.72
PCA Image 10.47 36.7¢ 8.5¢
RGB Layers Union 10.05 39.22 8.45

The parameters of the ACE algorithm are determipasied on the resolution of the input image.
Since a single road layer has a width about 3nteters, the width of a single layer is 3-4 pixeld.i
m/pixel resolution image. By considering the edgerance and assuming that the number of the road
lanes is between 1 and 3, the minimum road widtelscted as 2 pixels and the maximum road width
is selected as 15 pixels for 1 m/pixel resolutiorages.

To evaluate the parameter selection criteria ofA& algorithm, the variation of the ACE result in
terms of the road width parameters are examingior@e 1 m/pixel resolution images. The images are
selected as rural, urban and sub-urban. Firstnihenum road width parameter is changed while the
maximum road width parameter is hold as constaetofSd, the maximum road width parameter is
changed while the minimum road width parameterakltas constant. Figure 5-6 illustrates the
quality measures in terms of the road width paramsetWhen these graphs are examined, it is seen
that the parameter selection criteria is fair eftoug
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Figure 5-6 The variance of the ACE result in teohsoad width parameters (a) In terms of the
minimum road width (b) In terms of the maximum roeidth

5.3 Analysis of the Seed Points Linking Algorithms

The purpose of seed point linking is eliminatingrmoad ACE responses and increasing the number
of seed points. Man-made objects generally hawégéir boundaries, so the edge detection algorithm
finds these edges too. Since the roads are elahdatg regions, by taking only the long ACE
responses as seeds, the non-road responses danibated.

As the seed point linking algorithm, we suggest tlifferent methods such as Hough transform and
perceptual grouping. The SORM algorithm with FOrg&Bthod which is proposed by Doucette at al.
and the proposed algorithms are compared. As nmexdiin section 4.1.3.2, to increase the number of
samples the neighbors of the road centers lyingdsat the corresponding edges are also added to the
training set. "Perceptual Enlarged" representetii@rged training set after perceptual grouping.

In terms of the quality measures, perceptual groys selected as the seed point linking algorithm.
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Figure5-9 Quality of the linking results

Table 5-2The performance comparison of the alternative figkinethod

Correctness Completeness Quality
No linking 9.42 30.23 7.63
Hough Transform 11.0: 41.5¢ 9.2¢
Perceptual Grouping 11.32 36.57 9.24
Perceptual Enlarged 11.8¢ 36.2¢ 9.5€
FOrgeR 10.47 36.75 8.53

The parameters of the perceptual grouping algoridme the maximum angle between the
segments, the maximum length of the gap betweelinbesegments, the minimucenterlinelength
that is used for tiesholding the grouping resi
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The maximum length of the gap is selected as smidléan the average road width, in order to avoid
bridging the ACE responses of the buildings thaiesp at each side of the roads. The maximum
angle between the line segments is selected asTB@ minimum centerline length is selected as
greater than the average road width by considghaglirectional rectangularity feature of the roads
These parameters are evaluated with the imageshvelnE used for the parameter evaluation of the
ACE algorithm. Figure 5-10 illustrates the qualiteasures of the results in terms of the grouping
and linking parameters. By examining these graplasc@nsidering the criteria mentioned above, the
parameter selection is done as shown in TableT™8.SORM parameters are stated by Doucette et

al. in [1].
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Figure 5-10 The quality variance of linking resutigerms of parameters (a) In terms of the
maximum gap length (b) In terms of the minimunellangth (c) In terms of the maximum angle
difference

Table 5-3 The parameters of the linking algorithm

1 m/pixel
The maximum gap length 15
The maximum angle difference /6
The minimum line length 40

5.4 Analysis of Classification Features

For selecting the best features for the road etitracspectral and textural features are evaludted.
literature, some papers use only the mean filtenéehsity values as a feature; some papers use
features contain mean and variance values. In dodese color information, we experienced HSV
features and in order to use textural featuresexperienced Gabor filters.

43



Therefore, foudifferent features are tested, such as mei3x3 neighborhood of gray image, me
andvariance of 3x3 neighborhood of gray image, HS'mponents of RGB imagé&abor filter: of
RGB image.The intersection of classification results obtaihgdusing HSV and Gabor filters is al
compared with the other classification restDuring the experiments, previously selected algang
and paramets are used. As the classification algoritnormal distribution is used.

As illustrated in the following figures arTable 5-4 using HSV color space shows best performa
therefore HSV color space is selected as the fedturclassificatior
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Figure 5-13The quality of the classification featu
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Table 5-4The performance comparison of the alternative feg

Correctness  Completeness Quality

Mean 10.57 35.12 9.06
Mean + Standard Deviatior 11.8¢ 36.2¢ 9.5¢€
HSV Color Space 26.73 52.62 21.5¢
Gabor Filter 13.72 46.45 12.3:2
HSV + Gabor 24.89 34.93 16.8(

5.5 Analysis of Classification Algorithms

Two different methods are evaluated in the classificastep. First method is modeling the featt
with the normal distribution function for road andr-road class and using Bayesian decision rul
determine road class. Second method is modelingadd class with Gaussian mixture, and dire
using this model for calculating the membershipgalo the road class.

The parameters of classification methodsthe minimum membership values.

The minimum membership thresholds are selecteddbasehe raphics shown irigure5-14 which
are obtained from three different image typThe selected thresholds are: 6ds GMM, 0.7 for
normal distribution.

) )

#* \ #* / \

o . ———

O\ + OO + -4

) T T T T 1 ) T T T T 1
) JA, )A3 )A4 A5 + ) JA, )A3 )A- )A5 +
% 2 % "% 2 %
e O e 02 %0 2 % 2 — Oy e 02 %0 2 % 2
(a) (b)
Figure 5-14The quality variance in terms of minimum memberstdfues (a) In GMM (b) In horm:
distribution

The comparison resutif the classification methods are shown below. Basethese results GMM
selected as the classification mett
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Figure5-15 The correctness of the classification methods
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Figure 5-17The quality of the classification meth¢

Table 5-5The performance comparison of the alternative dlaason method

Correctness Completeness  Quality
Normal distribution 26.73 52.62 21.54
GMM 37.37 38.31 22.26

5.6 Analysis of Smoothing Algorithms

In this step, the smoothing filter is examinedtifimproves the classification results or nohe
parameters of bilateral filter are selected byirtgsthis filter in three different imas. Based on th
graphics given in Figure 5-1&e variance of range filter is selecte 0.3and the variance of doma
filter is selected as 3.
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Figure 5-18The quality variance in terms of the parametersilateral filter (a) In terms of ranc
filter variance value (b) In terms of domain filteariance valu
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The following graphs show that bilateral filter gibetter result thano filtering. Howevel the
computational complexity of filtering is high forigoimages an when the resting images are
observed, it is seen that the results of filtem@dde can be supplied by noise filtering and clo
operations. Therefore, the smoothing filter isinctuded in the proposed algorithm.
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Figure5-19 The correctness comparison for smoothing filter
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Figure 5-21 The quality comparison for smoothing filter

Table 56 The performance improvement with smoothing filter

Correctness Completeness Quality

No smoothing 37.37 38.31 2226
Bilateral filter 48.5¢ 33.9¢ 23.17
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5.7 Analysis of Morphological Operations

Morphological operations are applied to filter resisn classification result and smoothing the r
network. These operations are small area remolading and hole filling as mention in Secti4.3.

The morphological operations improve the classdiitcaresults remarkabl

First, morphological closing is performed and thenmected components (CC) whose areas
smaller than a predefined araa aamovedThen the gaps on the image are filled. When the effé
morphological parameters to the final result isneixeed, it is seen that the area thresholds use
gap filling and connected component removing doatfect the result so much. Hever, the size ¢
structuring element used for closing affects thality In terms of the result giveFigure 522 (c),
the structuring element is selectedlazl1square.
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Figure 5-22The quality variance in terms of parameters usedarphological operations (a) An
threshold used for gap filling (Byrea threshold used for CC removing (c) The sizstafcturing
element used for closil
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Figure 5-23The correctness comparisfor morphological operations
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Figure 525 The quality comparison for morphological operasion

Table 5-7The performancimprovement with morphological operatic

Correctness Completeness Quality

Before morphology 37.37 38.31 22.2¢
After morphology 48.77 39.22 27.0¢

5.8 Analysis of Topology Construction Algorithms

As introduced in Sectiod.4, extracting road topology from road class imager fiifferent method:
are evaluated, suchs SORM with MST, RNG, FOrgEflgorithms and perceptual groupirFor
perceptual groupinghé parareters used in the seed point linking step are ated in topolog
construction stepFor SORM algorithn the parameters are determined by performing paran
tuning, as shown irFigure 5-26.Tke reason of not using parameters in sec5.3 is that the
classification resulincludes road regions but the ACE response incladegerlines
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Figure 5-26 The grid size selection for SORM altjori (a) MST (b) FOrgeR

MST and RNG algorithms link the SORM centers imerof the distance between centers. When the
grid size of the SORM algorithm is selected as §nia¢ linking result contains zigzags; when it is
selected as a high value, different road regioms i included in a Voronoi region, besides false
responses occur at curvatures and intersectionssByg FOrgER algorithm, zigzags are avoided, but
the orientation of the region cannot be detecteénmie grid size is small. Therefore, finding an
optimum grid size for different images is very hafthe MST responses in terms of grid size are
illustrated in Figure 5-27.

@) (b)
Figure 5-27 The linking result of SORM algorithm) (arid = 20 (b) grid = 60

Before applying perceptual grouping, the edge pixale removed from classification result and
morphological thinning operation is applied to fitme rough topology of the road network.

The experimental result of topology constructiogogithms are given below. Based on these metrics,
perceptual grouping is selected as the topologgtcoction algorithm.
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Figure5-30 The quality of the topology construction metsiod

Table 5-8The performance comparison of the topology constmenethod

Correctness  Completeness Quality
Perceptual Grouping 57.13 40.00 32.29
MST 25.74 18.62 11.75
RNG 27.5¢ 26.0¢ 14.8¢
FOrgeER 45.07 12.10 10.42

5.9 Comparison with the Baseline Algorithrr
The analysis of alternative methods are conducted aselimee algorithm but using the optimt

solutions forprevious steps. Therefore, these analyses donfadacthe performance of baseli
algorithm. In this part, the performance of basekifgorithm and the proposed algorithm is compe
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Table 5-9The performance compariswith [1]
Correctness  Completeness Quality
Proposed Algorithm 57.1% 40.0( 32.2¢
Doucette at al. 17.4¢ 16.9¢ 7.8¢

5.10Comparison with Previous Studie:

In this step, we compare the resufour algorithn with a recently proposed algorithm, (M. Durs
2012).1n this study, the input image is segmented by I-shift segmentation algorithm and the s
points are selected from these segments in terragudtural features. Classification is performec
modeling these samples with a modified GMM algoritimally classification results are stren:
with structural verification and morphological opgons.
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The output of Dursun’s proposed algorithm is thadranetwork includes all detected road pixels,
however our proposed algorithm extract the roadtecbnes of the input image. Therefore, we
decided to compare the algorithms in two differdenels. First, the classification results beforetpo
processing are compared. Then, the final resudscampared by enlarging the centerlines with an
average road width extracted from the input ime8jece the database is common, the results are
compared in terms of the average performance rsethis shown in Table 5-10, the classification
results of our proposed algorithm is better thamsDo's. It means that the performance of the seed
point selection algorithm and the classificatiortimoels are better than Dursun's.

Table 5-10 The performance comparison of classifinaesults

Correctness Completeness Quality
Mear Std. Dev Mear Std. Dev Mear Std. Dev
Dursun’s method 19.6¢ 12.81 75.92 6.6C 18.2¢ 11.4¢

Our proposed method 37.37 18.17 38.31 12.33 22.26 9.03

Dursun improves his classification results with sopost processing operations. Our post processing
operations are based on the detection of the der@grand eliminating false responses by perceptual
grouping and linking. In order to compare the alfpons on whole, the results of our proposed
algorithm are enlarged with an average road widththese enlarged images are used to calculate the
performance metrics. As shown in Table 5-11, tlseilte are similar with the algorithm proposed by
Dursun [37].

Table 5-11 The performance comparison of final ltssu

Correctness Completeness Quality
Mear Std. Dev Mear Std. Dev Mear Std. Dev
Dursun’s method 55.8: 14.7 50.7¢ 19.0¢ 34.6¢ 11.32

Our proposed method 58.35 17.93 47.79 13.16 33.51 12.39
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CHAPTER 6

CONCLUSION

6.1 Summary and Conclusions

In this thesis, an unsupervised approach of extrgqatenterlines of the road network has been
presented. Our approach includes automatic seedassgification and topology construction steps.

The ACE algorithm detects the possible seed pdinta the edge response of the input image based
on gradient analysis. With the perceptual grougpgroach, non-road seeds are eliminated and the
number of seed points is extended. In the clasgifin step, by using the Gaussian mixture model
different types of road regions are determined aovad class image is constructed. Topology
construction extracts the road centerlines by fogrthe skeleton of the road network, eliminating
non-road responses and linking the gaps on theanketw

The perceptual grouping generally used for groufimgar features in road extraction and this makes
the concept being proper only for the grid struesutHowever, by defining the co-linearity principle
of the grouping algorithm around the nearest endtpof the road segments, it is shown that the
perceptual grouping is also applicable for nondmmad segments.

As mentioned previously, the classification canpeeformed pixel-based and object based. In the
field of remote sensing, object based classificaisoadvantageous because it provides featuretyarie
and gives the chance of examining pixels as a grdopvever, the classification method used in this
thesis (modeling the features) is not appropriateobject-based classification. Therefore, pixeddzh
classification is preferred based on modeling #audres of the roads. Gaussian modeling is preferre
in most of the papers in the literature. Initiaye try to construct the road and non-road clagk wi
Gaussian model and by applying Bayesian decisitém tau develop the road class. Various tests
showed that Gaussian model is actually not sufiicfer this purpose when different types of road
structures are present in the image and therefstedd of plane Gaussian model we decided to
perform Gaussian mixture modeling.

For topology construction, SORM algorithm is a gadumbice since it doesn’t require morphological
operations and isn't affected very much by the eoithough this algorithm has advantages, it also
creates false responses near the intersectiommd$ and doesn’t perform as expected when the road
regions are close to each other. The SORM algorithmompared with the proposed topology
construction method, which is the combination ofrphmlogical thinning and perceptual grouping
algorithms for many different images and the resshiowed that the proposed topology construction
method has a good performance.

Every step of the proposed algorithm depends orehmin parameters as an input values. In order to
perform a fully automatic road extraction algoriththese parameters also need to be determined
automatically. By taking into consideration thae tinput dataset used for road extraction have a
constant scale it is trivial that the most of thergmeters are obtained in terms of this scale. The
parameters which are not related to the scaleafhgimages are tuned for the test data set and the
most appropriate parameter set is selected.

We have showed at Chapter 4 and 5 that the propakgdithm is capable of extracting road
networks from different satellite images as longhesseed points are detected correctly.

6.2 Future Work

The first step of the proposed algorithm is theométic seeding and the small errors it this step
usually causes to huge errors in the proceedingste
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Therefore new criteria can be added to this stegprdier to improve the performance of the seed point
extraction algorithm. In this thesis, we have usgdy level image for obtaining the road seeds
although RGB images can be employed as well.

Different algorithms together with the RGB imagesgim show superior performance than proposed
one for finding seed points.

In the perceptual grouping step, proximity and ioedrity principles are used for obtaining the line
segments belong to the same group. Other Gestattigdes such as similarity, smoothness, closure
can be used as well. In literature, some of theistudefine weight to each criterion and form a
segment connectivity matrix to select segmentsetgiouped. This type of grouping is stricter than
the proposed one and may be advantageous.

The morphological closing operation is performedobe the thinning operation in order to smooth
the boundaries of road class image and fill smalié$r Instead of the square structuring elemerd use
for closing operation, a structuring element formreterms of the direction of road can be developed
With this adaptive structuring element, smoothihg toad boundaries can be performed better than
now and the road centerlines could be straighter.

In [21], a road tree pruning algorithm is proposed this algorithm shows significant improvement
at the quality of the results. In order to applig tiype of pruning algorithm, a segment based aggro
can be developed in future. After obtaining thensegts in the image, the road class image and the
segments can be combined to detect road segmémsompactness of the segments can be used for
eliminating non-road responses and a road tredéeaonstructed for bridging gaps.
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APPENDICIES

APPENDIX A:  EXAMPLE RESULTS ON GROUND TRUTH

Figure A-2The result of test image 3 (green : TP, blue: FN,:rER)
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Figure A-4 Theesult of test image 5 (green : TP, blue: FN, rE@’
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Figure A-5The result of test image 6 (green : TP, blue: FN,:rER)
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Figure A-6Theresult of test image 12 (green : TP, blue: FN,:reg’
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