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Abstract

In many road detection algorithms from satellite imagesdétected road network
contains many gaps and occlusions. These gaps are primarily deestoshadows, and
other obstructions that block a satellite’'s view of the road. ®atera complete road
network, the various gaps that arise must be detected. We propaskektimat assigns a
probabilistic value to each region that may contain a gap. Taktngaccount several
perceptual factors and the ground truth from aerial imagededreatest the validity and
accuracy of our model, we have altered our model to be as@rasipossible while
considering the many cases that arise when analyzing@traaty. We hope that with
our completed project, it can be used in cooperation with alreadtoped inpainting
methods to close existing gaps, and rule out any possible connectibnsovwdhance of

containing a road network.

Introduction

With the use of satellites, digital aerial images can beaetetdd and further
analyzed using various road detection algorithms to extractrretebrks. One problem
that arises when using aerial images, such as SAR (syn#petiture radar) images, is

the low resolution of the image. Several factors responsiblead¢omplete maps include



vegetation, houses, tall buildings (urban areas), and shadows, which also ¢eotide

the underlying details of the image causing gaps in the mgultbad network

(Figurel.1).

Figurel.la Here we see the ground truth Figure 1.1b Same image as 1.1a but trees
map where all streets are clearly labeled. and shadows along left edge cover the street
[Google Maps 2008] completely from aerial view.

[Google Maps 2008]

Road detection in images has been extensively studied in thepattemxtract
road networks and fill in their gaps. These approaches to road detertiarseful in
gaining insight to detecting gaps. Edge and line detection witiCémay operator and
Hough transform were common in finding road networks in satellitegesiaEdge
detection, as with the Canny mask, entails finding the image grddikehtWherever the
gradient vector finds local maxima there exists an edge [3]. Anwoituétive road model
takes an image and parses it into two states: road and backgumddetection

algorithm parses roads as a logical tree given a stddoagion and direction [2]. More



encompassing models decompose roads into subcategories such asl nodersection.
This approach utilizes peak detection on wavelet transforms terndae the
corresponding road subcategory [13]. Some models use scale gmacepdsition to
vary the resolution of an image in order to distinguish betweeansand non-salient
roads. One scale measures continuity and smoothness while and#renirtes road
width [7,9]. This approach uses a variation on the deformable contour krameh as a
ziplock snake [12]. However, while the main purpose of these previous techmgado
close the gaps resulting from undetected roads, where its isathgrasysumed that the
locations of a gap is known, our main focus is to properly identi&se gaps and

guantitatively describe the probability of existing road.

Detecting Road Formations

The first step in road detection is simply identifying the ragapblem that can be
made fairly simple by getting a line representation of a roatbrB our model can act
upon a road map, roads must be one pixel thick, so the algorithm ndedseal troad
graph. For our purposes and for extended use of MATLAB, the 3-dimensiatiak of
the image can be condensed into a smaller 2-dimensional matresponding to the
binary image with non-roads represented by O; this helps to avoid¢amnglications

when applying a convolution mask.
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Figure 2.1a Convolution mask
with each number raised to a
power of 2 to give unique sums.

(d) Type: Sharp Turn (e) Type: Bump
Sum: 266 Sum: 263

Once a binary roadmap exists, a unique 3x3 convolution mask that utilizes powers
of two can be convolved with the binary map to identify road formatiédnsonvolution
mask is specifically utilized because it can be quickly computaay uast Fourier
transforms. The numbers of the 3x3 mésigure 2.1a)cause each unique configuration
to have a unigue sum. This property allows the convolution value of anyigentify
the pixels around it without specific examination. With this unique, shenlocations of
certain special formations critical to gap detection can be foutid avlinear search
through the convolution matrix for specific convolution values that reptréise desired
special formation. Once identified, the special points at theicehkey formations are
saved in a 4xN matrix which contains the following: the row and columdices, the
pixel's convolution value, and a value 1-4, used to categorize special. ddie
convolution map is used to identify four key categories of formatiordpants(Figure

2.1b) T-intersectiongFigure 2.1c) sharp turngFigure 2.1d)and bumpgFigure 2.1e)



Once the search through the convolution matrix identifies aliapsaints, steps to find

gaps between pairs of these special points can begin.

Eliminating Improbable Connections

After identifying all the special points, unreasonable pairs ohtpomust be
eliminated before performing computationally expensive probability moole them.
For N special points, N(N-1)/2 pairs of special points existrst,Fusing a distance
constraint, all pairs of points farther than a certain distapad,aa distance that no gap
can possibly exist between, can be eliminated from consideratienondly, pairs of
special points that have a road between them can also be elohihaeatellite detects
roads between two special points, then a road directly bettheetwo special points
would not be omitted due to occlusions because the other roads weikedi¢higure

3.1).

Figure 3.1 A pair of points that are blocked by other roads



Using a modified version of Bresenham’s Line Algorithm, each|pixat would be
plotted with the algorithm when creating a line segment betweerpoints is instead
inspected for existing roads. Also, since the algorithm couldilppaniss detections
when it moves to a new height or width at diagonals, the modifggditam checks the
existing road map with double thickness whenever Bresenham’s Lgogithm would
have a diagonal. Once the distance and intersection constraipiea@d on the possible

pairs, only the plausible pairs will then be put into the probability models.

Tracing Roads

Before a probability model can be used on a pair of plausible ptietspads
leading up to each of those points must be identified. Both probabiitielshthat are
discussed later utilized the points on the road leading up to thealspeants. The
MATLAB function bwtraceboundaryakes in the location of a point and then traces back
a continuous line along points connecting to the original point. Expanding on the
concepts obwtraceboundarywe created a new line tracing algorithms that efficiently
traces along the roads and stores the data in a specific maoremuseful to the two
probability models. The algorithm utilizes the unique properties ofdheolution mask
again to efficiently trace back along a roadd(n) time until the road stops, makes a
sharp turn or branches into multiple roads. Every number in the convolusl mhen

added to the number directly across from it, is a multiple of 17.
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Figure 4.1 Sample convolution masks of adjacent pixels

Because adjacent roads identify the location of the other roadheitfwo values across
from each othefFigure 4.1), the total sum of pixels in a road includes the following: a
multiple of 256 for each center value of the convolution mask, a naulbiplL7 for all

values across from each other in adjacent pixels, and one last numtieidentifies the

next pixel in the road that was not included in the sum.

n (x - 256) % 17

i=1

Figure 4.2 Equation used for the line tracing algorithm.

Using the equation aboEigure 4.2) on n sequential points in a road, wheredenotes

the convolution value at each point, the next pixel can be found based onuti@nsol
That pixel can then be added to the collection of sequential poirdsraad and the

equation can be used again to find the next.



Probability Model: Linear Method

The first probability model concentrates on modeling straiglis;aguch as those
found in a city grid. The model gives weighted probabilitieshted factors: distance,
correlation and road momentum. The correlation and road momenturdjasted with
an additional angle check. A probability based on distance ignassiby a decay
function. Based on the scale of the road network, the decaysramjusted, and the

function causes gaps with larger distances to have smaller probabilities.
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Figure 5.1 Distance probability equation

The model then determines correlation using the roads that weed tvack from special
points. All the points from both roads leading up to a gap are margedne data set,
and from that merged data set the model computes the correlation coefficient, @alumer

value between 0 and 1 displaying how well a set of data correlates to a sinaight |

cov(Xy)’
var(x)varfy)

correlation

Figure 5.2 Correlation coefficient equation



Finally, the model takes into account a road momentum concept, wiiet gihigher
probability to longer than average roads. This road momentum corneey® §om the
fact that longer, uninterrupted roads are less likely to suddespy Sthe road pairs are
assigned a probability based on a logistic curve, translatedesinflection point at .5

corresponds to the average road length.

average distance

5 ) 1

momentum 1+ e C,. (distance averagd

Figure 5.3 Logistic equation and its graph

With correlation and momentum, the probability models must be adjtssertount for
the final direction vector of the roads. Some road formationgyma@nhigh values for

correlation and momentum that should low values, such as two pa@iiglroads that



go past each other in opposite directions. The correlation and momardutmerefore

multiplied by an angle ratio, shown bel@kigure 5.4).
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Figure 5.4 Angle ratio used for the angle check

Once the model determines the distance, correlation and momentbabiptes, the
model multiplies the three probabilities by their respective weights ansl them to give
a total gap probability. This probability is then multipliedttwp final constants, either 1
or 0.8, depending on the type of special points the probability modeligats denoted

by C, and C, in Figure 5.5below. Endpoints are given a weight of 1 while everything

else is given a weight of 0.8 because endpoints are more likelgria & gap than the

other special points.
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Figure 5.5 Final probability



Probability Model: Polynomial Method

The second probability model uses polynomials to approximate curves. It
weighted by 3 coefficients. The first measures the distaheesecond measures how
well an estimate matches the data, and the third measures the degre@pifdkienating
polynomial. Other input parameters are used to calibrate theafctle image, manage
clutter resulting from too many matches and to select thenmiax degree of the
polynomial approximation.

The polynomial model is built off the linear model and has been adapted f
detecting larger gaps. Lines can closely approximate veryl segments of road
networks, but the larger segments are more likely to form cuie@spproximate the
curve not only do we need to consider more surrounding road data, wereetsider
the fact that the road might not be straight. Polynomials aleseen for road modeling
because they are the simplest to implement and the MATh&Hit function allows the
ability to specify an arbitrary degree to fit. This makes ploéynomial model very
flexible to change.

The components of the polynomial probability model are distance, mgi@nd
degree. Distance lowers probability for models connecting far aaagidates, matching
lowers the probability for models that do not fit the known data \&etl, degree lowers
the probability for higher order polynomials. The distance function chasged to a
decaying cosine shape. This allows for larger gaps to rethighar probability while
still decreasing toward zero at the maximum range. The meafsargolynomials ability

to match the data is taken to be the L1-norm of the differenceebptthe model and the



data in the approximate range where both data and model exidastimeasure of the

fitness of a model is the inverse of the degree, which tries to minimize the expseént
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Figure 5.6 New distance model and final probability model

One of the downfalls of usipglyfit is that there is no way to ensure the curve of
best fit passes through the endpoints. However, the simplicity and sep&leel polyfit

function make it much more practical to use over a custom best-fit function.

Results

When used on real data, our linear and polynomial models gave promising
results. After considering all possible connections, it labels easnection with a color
indicating its probability. The linear model, better suited fod-ke maps, was able to
make accurate judgments concerning colinearity and dis(aiguere 6.1) However, we
sometimes found Bresenham’s line algorithm eliminated possible amwydpvebable
connections when two terminating collinear roads were at oppositeoéadsther road
(Figure 6.2) If Bresenham’s line algorithm is not used this gives a higbalility to

this connection. Which is why the intersect test is listednagption on the GUI for the



user to decide. Interestingly, our polynomial model gave simitalteewhen using it in

place of the linear modefFigure 6.3) which further reassures that both models

complement each other.

: : Figure 6.2 The 2 pieces of road
Figure 6.1 The "F‘ear mgthod separated by the vertical road
connects two collinear pieces of would not be considered for a
road. The teal color is the linear possible connection if the
match done by the algorithm. Bresenham test were used. When

omitted, the linear model detects
the gap.

The polynomial model was also effective in finding probable connections,
matching roads parametrically with cubic and quadratic functiolisodgh the user can
specify the highest possible degree for a polynomial (highestihmmended 6), this
allows for more far-fetched connections between gaps. Using origia&, the
polynomial model identified regions with high probabilistic values, ardefhcountered
an area with many possible connections, it also gave a probdbiligach connection
(Figure 6.4). The model does however have its limitations. Whenever the region in
consideration is cluttered by many other critical points thezealways more possible

connections.



Figure 6.3

(@) (b)

Here we see results using both, the polynomial method (6.3a) and the
linear method (6.3b). They both yield similar results in this
intersection.

Sometimes, if the area under examination is too cluttered,dgbatbm yields a plethora
of results and the best result is not always intelligibleesimany connections could
suffice. Also, a special case of interest is where thmmegnder examination has no
critical points to identify in its proximity. If this is the s@then no probability will be

assigned to this regiqirigure 6.4)



Figure 6.4

Both pictures contain special points not in the vicinity of other special
points, causing no gaps to be identified where gaps clearly exist.

Conclusion

Throughout our sample data we were able to detect the standardagaps by
trees or similar types of occlusions that left small gapsages. For some regions it was
evident by the results from our algorithm and by human recognitioratigaip exists.
However, sometimes it was difficult to ascertain which conaestiwere the correct
connections. Furthermore, if our algorithm yields a variety of possdneections for a
region, it is a good indicator that a gap does indeed exist. Ourthigasias also able to
identify discontinuities of roads that remained undetected for no eqgp@asons, again
able to recognize the small “hiccups” in road detection. When encogntifferent
types of context regions, such as urban, suburban, or rural, the ieo¢ffieights played

a key role in determining a probable connection for a discontinuisydifficult to set a



universal set of weights for our coefficients since each magiffagent arrangements of
roads, so our default coefficients in our final projects were ®rafly derived from

testing on different map images. For future work in road detethierGaussian filter
could be used for edge detection. The use of snakes, an active contielirthat fuses
the properties of ribbon snakes and ziplock snakes, could also be ugeg figtection.
With our model we hope to set a basis for road detection thiakead to further work

and the implementation of these new methods.
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