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ABSTRACT

OUTDOOR LOCALIZATION OF A ROBOTIC PLATFORM USING
PANAROMIC IMAGES

Ekinci, G¢l -in Ceren

Master of SciengeMechanical Engineering

SupervisorAssoc. Prof. Dr. A. Bujra
July 2021 87 pages

Advances in robotics liberated robots from factory floors by the end of 20th
century. Use of robots in our daily lives is only expected to increase & tim
Robots, while relieving us frorthe burden of tedious, hard and dangerous tasks,
most of them are still expected to be territorial, i.e. they will operate in a predefined
or rather bounded environment. For enhanced performance, a robot should be
familiar with its territory. In this workuse of skylines extracted from panoramic
images is studied in order to provide localization in a square region. In order to
achieve localization in a specific territory, firstly, a map is formed in that area
using skylines which are extracted from captuphotographs. Then, different
images are obtained in the territory and skyline signals are extracted for the
purpose of matching with the ones of map. As a result of matching process,
localization is performed in that certain territory. In order to oles@erformance

of localization algorithm, photographs are captured in diferent environments,
seasons and times of day. Also, artifical occlusions are added to skyline signals in

order to observéilure pointof algorithm.

Keywords:Outdoor LocalizationPanoramic Images, Skyline, Spherical Camera
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CHAPTER 1

INTRODUCTION

Autonomous robots working in specific territories are getting more and more
indispensable each day since they are ideal for dangerous, tedious and repetitive
works. Territorial autonomous robots have been useful to humanity in a large
amount of applicatioln Some examples could include space exploration [1],
military applications [2] or more recently domestic use [3], highway driving [4]

and agriculture applications [5].

Since the beginning of autonomous robot applications, localization has been an
importmt chall enge. Localization is defined
position with respect to an environment which the robot might or might not have
prior knowledge. One of the first solutions to localization problem with the
knowledge of environménis sonar applications [6]. It is considered for indoor
applications by matching straight segments in the sonar range data with the existing
room model. Without having prior knowledge, robot has to form its own map
which can be metric or topological. Mietrmaps are used in case of accurate
position estimation such as vehicle localization or obstacle avoidance. They
represent the environment in a more structured way with details such as distances
or measures. However, this kind of information requires baghputational needs.
Therefore, in the case of abstract representation of an environment, topological
maps are used. They are represented by graphs where nodes and arcs are defined in

order to describe distinctive places in the environment and relatwsdn them.
[7]
Whether metric or topological maps are used, environment must be formed using a

localization method. Different approaches regarding localization have been



presented over the years. One common method global positioning system (GPS)
[8], is used for outdoor applications. Even though accurate position estimations can
be obtained using GPS, it is known that it can be distorted from time to time [9].
Therefore, more reliable choices have been searched throughout years. As
technology evolves andameras become affordable, visioased methods are
being widely used in both indoor and outdoor applications. Extracting global [10]
[11] or local features [12] [13] from images are two techniques. For global feature
methods, only one component is ob&nand matched, which results in less
storage and CPU needs. However, methods of local features, such as SURF, SIFT
and FAST, require more storage and CPU needs due to matching of a large amount
of features. In spite of advantages in storage needs,tétexighat solutions based

on global descriptors are not able to cope well with situations such as partial
occlusions or camera rotations [7]. Even though local feature extraction seems to

be robust, they can fail due to extreme seasonal changes [14].

Consdering advantages and disadvantages of several localization methods; in this
study, a computationally efficient and reliable method is investigated. Regarding

downsides of previous methods; the method is aimed to be operational in spite of
seasonal changeocclusions and camera rotations. For the scope of this thesis,

skylines obtained from panoramic images are used in order to form map and
perform localization. Even though whole image is used for evaluations, it is only

for obtaining 1D skyline signalsSince matching process is performed with 1

signals, the method is computationally efficient. Camera rotations are also

ineffective for skyline signals as they

ar



CHAPTER 2

SCOPE OF THESIS

It is crucial for mobile robots to locate themselves within a territory in order to
accomplish their mission. Accuracy of localization depends on requirements of
operation and abilities of the robot. For example, a border tracking robot does not
necessally need localization with millimetric accuracy if it has obstacle avoidance
and local target tracking algorithms which provide a smooth interaction with its
close neighborhood. As an extension of this observation, this study focuses on
robotic applicatios where the accuracy of localization is less important than
whether a robot gets close enough to targets where local behaviors can complete
the task at hand. Therefore, this work is similar to topological and qualitative

navigation problems rather than meimap applications [24].

In this study, as explained before, skylines extracted from panoramic images are
used for localization purposes. Skyline is defined as the line which separates sky
and everything else. The reasons why skylines are used rdig @bs$ervation that

skylines are very similar at points that are close to each other and skylines become

less and less similar as reference padnif$ apart as shown iRigure2.1.



Figure2.1. Change of Skyline as Real Location of Robot Changes

Skylines come less similar as the distance between the points they are extracted
from increase. Therefore, skylines can be wsethndmarks to tell the points that

are close to each other apart from those that are not. Also it is worth noting that the
skyline (which indeed is a 1D signal) depends on the extraction algorithm;
however, this work does not focus on optimizing skylex@raction. The main
purpose of this study is to continue on the work by Koku [23] where the author
showed that skylines can be used as a landmark to encode points on straight or
curved paths. This work extends the work of Koku by offering a localization
method within polygonal regions. A collection of skylines extracted from images
systematically taken within this region (a.k.a. the territory of the robot) is used as a
map where skylines of the images taken at a later time are compared to the ones in
this map to localize the robot. Therefore, localization in our perspective is not
absolute like GPS; it is rather a relative localization with respect to a map which is

formed beforehand.



CHAPTER 3

LITERATURE REVIEW

Several sky segmentationcamatching methods have been studied for the purpose
of localization. The first known article about skyline localization is [15]. Stein et al
focuses on dropff problem in which a robot is left at an unknown location and
localization is performed usingpographic map of an area which is also provided

to the robot. Digital elevation models are used as topographic maps. For this study,
panoramic horizon contours are obtained and these are computed offline from the
map. Stein et al also would like to addresxlusion problem by stating that
portions of skyline are used for localization and this would allow algorithm to
tolerate occlusions. However, no test data with occlusion is given. The algorithm
does not perform correctly when the robot is put in a iocawhere drastic
changes occur in horizon line even with small changes of the viewpoint. Stein et al
concluded that the system gives good performance as the view is further away.
Therefore, this method might be usable for only mountainous area as sonilar
[16]. Saurer et al also represent the visible skyline by a set of contour words and
use digital elevation models. They assume no camera roll. For large scale location
recognition problem, success rates of 88% and 76% are achieved on two different
sets.Those datasets are collected at different seasons, landscapes and altitudes.

Studies conducted only in urban areas are also present. In [17], Johns et al do not
use panoramic cameras. The goal is to match a test view with other images taken
from known positions. The challenge would be to identify specific buildings in the
test view Johns et al work on skyline contours which are described by a continuous
piecewise linear function. In order to obtain those, edgeection is used.
Matching process of skylines is performed by using segment similarity in the
length and angle dimensia@ontours. During this process, an amount of ambiguity

might occur due to vertices since they can occur because of different reasons or



noise. Also, rotation of camera is not considered during this study. To conclude,
Johns et al use very few dataset ofrB@ges, all captured at the same time. Out of

30, 17 are used for test purposes and 2 of them are incorrect matches.

As another example for urban localization, in [18] Ramalingam et al use 300
fisheye i mages captured wi tkyscrapenicls e s 183A
environment. The goal is to perform localization by matching skylines obtained

from omnidirectional images to skyline features from coarse 3D city models.

Skylines are extracted from images using graph method and then fisheye

synthesisis performed. As a result of experiments, Ramalingam et al concluded

that it is possible to outperform GPS based localization in urban areas. However,

there might be possible problems due to insufficient 3D models and loss of skylines

due to sun positiorsnd weather conditions.

A different approach for skyline matching is represented in [19]. In this paper,
experiments are also conducted in an urban place. However for this study,
panoramic skylines are obtained from laser scans instead of images. Possible
advantages of lasers could be obtaining skylines which are not affected from
weather conditions and different sun positions. The beam of a laser scanner is
reflected by the buildings and forms skyline. However, invalid measurements could
also occur due tonaxrange measurements. In order to match skylines, longest
common subsequence problem is considered. The solution is to test all possible
subsequences from one skyline string, and search for correct matches in other
strings. Therefore, matching would rze affected by rotation of skyline. The two
experiments are conducted roughly half a year in between. Then, scans from those
two different times are tried to match. Although scans are performed in different
times, since there are no trees in the areaosah changes would not affect the
matching procedure. However, changes due to construction occur in those different

times, which seem to have minor effects on skyline matching.

In [20], Stone et al try a different approach for obtaining skyline. They use
panoramic UV images, getting inspired by ant navigation. It is shown that UV

images show better performance for skyline segmentation than visible images by



studying datasets over a range of different locations and conditions. Stone et al did
not considerseasonal changes or occlusions in the scope of this study. One
example in which visible images give bad results is white minaret with white
clouds. It is stated that UV based skyline is robust to changing light and weather
conditions as similar to skylinesbtained from laser scans in [19]. However, there
are certain cases where UV images give bad performance. For example, when
ground objects have particular kinds of metal roofing which has high UV
reflectivity, it adversely affects sky segmentation. Nenaddss, Stone et al state
that for the purpose of navigation, it is less important to find the skyline exactly
than it is to find it consistently. The navigation potential is studied in an urban area
of 2 km route on two different days with different weatleonditions. Matching of
skylines obtained from UV images from one day against other shows successful

localization.

Another paper using UV images is [21]. For this study, Stone et al use UV sensitive
fisheye lens camera mounted on top of a rough teplaitiorm. Experiments are
conducted at three places; urban, forested and industrial areas. Aside from studying
variable conditions, Stone et al also make tilt evaluation of camera by stating that
when a camera is mounted on a platform performing on a r@ugdin, it is most

likely to experience yaw, roll and pitch change. In order to overcome changes due

to tilt, spherical harmonic amplitudes are used for matching UV images.

A useful potential application of skyline localization is given in [22] wherestHal
represent the results of experiments conducted on freeways. Eleven video datasets
are recorded via a single forward facing canierat panoramic mounted on the

dash of a vehicle on the same route of 24.6 km. The conditions during data
collection ae varying in terms of weather, seasons and occlusions. However,
seasonal changes are not expected to cause a big difference since videos are
recorded during winter and autumn which means the trees are most likely in the
same condition, without leaves. Ahet challenge is yaw, pitch, roll rotations. In
order to obtain skyline, Ho et al make use of the fact that sky is always of a lighter

intensity than the ground and as the image is scanned from top to bottom, the first



pixel that has a blue intensity valbhgher than a threshold value is marked as the

skyline pixel. This is also the method that is used in this thesis. As skylines are

obtained, in order to match the lines, msamof-absolutedifference (MSAD)

with shift correction is used. Again, for tperpose of this thesis, both MSAD and

shift correction are used; however, the procedure is quite different than the

aut hor séo. As for the results of experiment :
dataset are compared with the reference, which is theléitaset, the best match is

82%. The weather and seasonal conditions are the same in both dataset. The worst

is 27% because of truck occlusions on the freeway.

The predecessor of this thesis is [23]. Panoramic skylines are obtained using the
same logic a explained for [22]. Then Koku checks for the similarity of skyline
signals obtained in the same location during different times of the day and with
different weather conditions. Before starting matching process, a crucial step which
is shift corrections applied using the concept of crassrelation. Then, MSAD is

used for finding similarity values between two skyline signals. The experiments are
conducted on a line basis. Koku forms the map by capturing photographs on a line
and tries to match test plographs obtained from two sides of the line with map
photographs. Despite getting good results from this study, Koku does not work
with seasonal changes or occlusions and he only obtains data from two different
environments. As an extent of his study,tims thesis, different environments,
weather conditions, seasonal changes and occlusions are investigated. Also, the
localization is performed on a-2 area, not a line, resulting in prominent

differences for the method of matching skyline signals.



CHAPTER 4

METHOD

Localization process starts by mapping of an area, meaning that capturing
photographs at previously decided map points. In this study, different maps are
formed at different locations and all of them are created as 10 meters x 10 meters
square. The distarcbetween map points is decided as 1 meter which gives 121
map points in one map. Test points are located betweerpomags, that is, inside

of 1m x 1m areas as shownFigure4.1.

Once all the images are obtained, the first thing to do is to extract skylines from
those images. Then, a set of similarity values between the skyline obtained from
the test image and all skylines in the map are calculated. These simitdtigs

range from 100 to 0. As the value decreases, similarity between two skyline signals
also decreases. Finally, the map point with the highest similarity value is found as
the center of 2 meters x 2 meters localization square. It is stated thesttipeint

is inside of 2 meters X 2 meters squar e
example, as illustrated iRigure4.1, true location of test point is shown withue

circle. If the highest similarity value of that test point with the map is at point
shown with green circle, then the localization is achieved. However, if the highest
similarity value is at one of the map points shown with red circles, then loaatizati

is not achieved since 2eters x 2meters area around those map podudss not

include the test point.



121 100 99 78 77 56 55 34 33 12 11

120 (101 |98 79 57 54 135 32 13 10

119 (102 |97 80 53 (36 31 14 9

~

118 [103 |os |81 5\ 52 37 3o |15 |8

7775

117 104 |95 82 60 |51 |38 29 16 7
116|105 |94 83 |72 |61 |50 S\ \ 17 6

115 106 |93 |84 [71 |62 4/ >i 18 5
N \ 4

114 1\2 85 |70 |63 / 1 / 26 |19 4

113 hxsu 86 |69 |p4 |47 |42 |25 |20 3

112 109 |90 87 |68 |65 |46 |43 24 21 2

111 [110 (89 88 67 b6 |45 |44 23 22 1

Figure4.1. Map and Test Points With Correct and Incorrect Localization Points

Next subsections @kain the process of extracting skylines in order to form map
and test signals and matching of skylines extracted from neagds taken at

different times and weather conditiongh the ones on the map.

4.1  Extraction of Skylines

Skylines are extracted froimages as -D signals. Width of these signals is equal
to width of images which is 5376 pixels. In order to perform extraction, a number

of transformations are applied to images. Pseudo code is given in Algorithm 1.

10



Algorithm 1: Skyline Extraction Pr ocess

function get_skyline_signal( image, cloud )
hsv = RedGreenBlueFormatToHueSaturationValueFormat( image )
hsv(:,:,2)=hsv(:,:,2)*5 %Saturation multiplied by 5
hsv(hsv >1) =1
img = HueSaturationValueFormatToRedGreenBlueFormat( hsv )

if cloud ==true %iIf user input is true for cloud prompt
image = HistogramEquilization{image)

imgBlue =image( :, :, 3) %Blue channel is extracted
imgBW = ImageBinarization( imgBlue )

StructuringElementl =[010;111;010]
StructuringElement2 =[000;010;111]
imgBW = ErosionAndDilation( imgBW , StructuringElementl , StructuringElement2 )

forl=1:ImageWidth
forj=1:ImageHeight
if imgBW(i , j) == 0|
SkylineSignal(i) =]j

return SkylineSignal

1 Redgreenblue images are converted to kesturationvalue images.
Saturation values are multiplied by five. This process is helpful in
distinguishing white buildings from sky and dark clouds from ground.

1 Image is reconverted to repeenblue fomat. The original andhe latter
are given inFigure4.2.

1 If image has dark clouds, then with the help of user input, histogram
equalization is performed as shownhkigure 4.3. One important point is
that histogram equalization must be performed when the image is not

cropped.

11



Red-Green-Blue Image

Figure4.2. a) RedGreenBlue Image

b) RedGreenBlue Image with Saturation Increased Five Times

RGB Image with Saturation Increased Five Times

Figure4.3. a) RedGreenBlue Image of a Dark Cloudy Environment With
Saturation Increased Five Times
b) RedGreenBlue Image of a Dark Cloudy Emanment With Saturation

Increased Five Times and Histogram Equalized

12



1 Grayscale image is obtained directly from the blue channel since blue is the
most dominant color in sky. Binary i m;

thresholding methof25] as shown irFigure4.4.

Greyscale Image

Black and White Image

Figure4.4. a) Greyscale Image b) Binary Image

1 Erosion and dilation is applied to binary image in order to geifrrdndom
disturbances which can distort the skyline.

1 Binary image is scanned horizontally to search for the first ground pixel
when scanned from top to bottom. Skyline signal is formed by using the

location of those as given Figure4.5.

Black and White image and Skyline

Figure4.5. Skyline Signal Shown With Binary Image

13



1 The final step is to make the mean of signal zero. Test and map skylines are

obtained as shown in Algorithm 2. Signals are giveRigure4.6.

Algorithm 2: Obtaining M ap and Test Skyline Signals

s_map = ZeroMean( SkylineSignal_map )
s test = ZeroMean( SkylineSignal_test )

Test and Map Signals

200

Test

Map

|\ i
150 / K

/7 |

1: ( l o~ *M [ 1

-50 | M

1KY M

-150

Image height

pe_== =
—
=

0 1000 2000 3000 4000 5000 6000
Pixel number

Figure4.6. Test and Map Skyline Signals

4.2  Skyline Signal Similarity

As skylines from map and test photographs are extracted, the next step is to obtain
similarity values between them in order to perform localization. For this purpose, a
simple shift correction and similarifynction as given in Algorithm Between two

1-D signals could be sufficient; however, this method would have given false
results if the occlusion between signals is high due to inaccurate shift corrections.
Therefore, as a new method, skyline signals are divided into pieces in order to
search for occlsions and similarity values are found as the shift between them are

corrected as explained in the subsectionu@se&ode is given in Algorithm. 3

14



Algorithm 3 : Matching Algorithm for Skyline Signals

function skyline_signal_similarity( s_test, s_map )
slice_no =20

forf=1:slice_no
s_test_cut{f} = SliceOfSignal( s_test , f)
s_test_cut_zm{f} = ZeroMean( s_test_cut{f} )

forf_p =1:1ImageWidth
s _map_shift = ShiftSignal( s map ,-(f p—1))
s_map_shift_cut = SliceOfSignal( s_map_shift , 1)
s_map_shift_cut_zm =ZeroMean( s_map_shift_cut )

simVal slice(f , f_p) = similarity_function( s _test cut zm{f} , s map shift cut zm )
mean_diff(f , f_p) = Absolute( Mean( s_map_shift_cut ) — Mean( s_test_cut{f}} )

sum_simVal_slice = ShiftSignal{ simVal_slice(f , :), (- (f— 1) * SliceWidth + ImageWidth /2))
+ sum_simVal_slice

sum_max = MaximumValue( sum_simVal_slice )
sum_indexMax = IndexOfMaximumValue( sum_simVal slice )

index_low = sum_indexMax - 110
index_high = sum_indexMax + 110

forf=1:slice_no
simVal_slice_shift{f} = ShiftSignal( simval_slice(f , :), ( - (f — 1) * SliceWidth + ImageWidth /2 ))
max_simVal_slice(f) = MaximumValue( simVal_slice_shift{f} , index_low : index_high )
indexMax_simVal_slice(f) = IndexOfMaximumValue( simVal_slice_shift{f} ,
index_low : index_high )
mean_diff_shift{f} = ShiftSignal( mean_diff(f ,:), (- (f— 1) * SliceWidth + ImageWidth /2))

if max_simVal_slice(f) <29 or mean_diff_shift{f}{ indexMax_simVal_slice(f) +index_low ) >
(60 or 70)
slice_quality(f) = "Unusableslice”
else
5_test_new = Concatenate( s_test_cut{f} )

shift_no = 800

fora =1 :shift_no
forf=1:slice_no

if slice_quality(f) ~= "UnusableSlice”
s_map_shift_new = ShiftSignal( s_map , -a + shift_no )
s_map_shift_new_cut{f} = SliceOfSignal( s_map_shift_new ,f)
s_map_shift_new_cut_tm{f} = MeanToTestSliceMean( s_map_shift_new_cut{f} )
s_map_new = Concatenate( s_map_shift_new_cut_tm{f} )

simVal_new(a) = similarity_function( s_test_new , s_map_new )

simVal_raw = MaximumValue( simVal_new )
FinalSimilarityValue = simVal_raw * CorrectionFactor(“NumberOfUsableSlices”)
return FinalSimilarityValue

15



Algorithm 4: Basic Similarity Function for Skyline Signals

function similarity_function( 51,52 )
area_s1 = AbsoluteAreaUnderSignal{ s1)
area_diff = AbsoluteAreaUnderSignal( 52 —s1 )
simVal = MaximumValue( 0, 100 — area_diff / area_s1 * 100 )
return simVal

1 Test signal is cunt20 slices as shown Figure4.7.

Test Signal Cut to 20 Slices
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Figure4.7. Test Signal Cut to Twenty Slices

1 Mapsignal is shifted pixel by pixel along the width of imageibontally as
shown inFigure4.8. At each shift, the first slice of map signal is compared
to the slice oftest signal in zero meaversions as shown iRigure 4.9.
Then, a similarity value is calculated using a similarity function as given in
Algorithm 4. The differencdbetween mean of a slice of map signal and

mean of a slice of test signal is also saved.

1 As a result of shifting and comparing signals, 20 similarity gragies
formed as shown ifrigure 4.10. Each of them has a width equal to the

width of image meaning that map signal is shifted through the whole image

16



width. For highly similar two images, it is expected to have noticeable
peaks m each graph. The location of these peaks should also be in alliance
with each other. The distance between the location of maximum values and
the starting point of slices as shownHRigure 4.7 should be close to each
other. These starting points are 0, 268, 536, 804, 1072, 1340, 1608, 1876,
2144, 2412, 2680, 2948, 3216, 3484, 3752, 4020, 4288, 4556, 4824, and
5092. For the example givem Figure4.10, shifts of the slices ard5,-19,

-14, 2,-19, 2, 5, 7, 11, 22, 26, 27, 22, 15, 11, 14, 10, 11, 29,-b2d
Although similarity values are also important, these values show that the
two images are very much similar since the shift values are closelo e
other meaning that drifting of landmarks in skylines does not occur in a
noticeable manner.

After evaluating all test signal slices, a connection between similarity
graphs should be established in order to estimate the original shift between
test andmap signals. If the map and test signals are both shifted with the
same value, the locaticof maximum values d&igure4.10 would also shift

with that value. Using 1B concept, firstly each graph is shifted

Af *slice_wi (totheleft(as shawRidure4.11. It mBans that

for every test signal slice comparison, both raad test signals are shifted

so that always the first slice of test signal is being compared.

Since the amount of shifting ifigure 4.11 might be confusing while
finding the original shift value because of circularity of image, all graphs
are now shiftedeWndt hg2 akFigde4l18h dwmai n

17
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After evaluating all test signal slicessammation as shown figure4.13

is obtained using the similarity graphs giverFigure4.12. The location of
maximum value of the summation graph gives a good estimate about the
shift between test and map signals. For the example givEigime 4.13,

the shift between map and test signal is 10 pixels.

Depending on images, there might be peaks close to the maximum value.
Peaks which have amplitude of 85% of the maximum value are also
examined whildinding the final similarity value between the test and the
map signal.

The maximum value found iRigure 4.13 gives a nearly perfect estimate
about similarity of twosignals. It means that without executing the
following steps and by using the beforehand calculations in order to
contemplate the maximum value, localization may be succeeded as
presented IEXPERIMENTS AND RESULTSWi t h ASum_max0o met
Although the location of maximum value givenkigure4.13 represents a
good estimate for the value of shift between test and map signals, not every
slice has to have a maximum value in the close vicinity of that value. The
reason why is that some s may have occlusions or may be similar to
other slices due to repeating features in skgline. Therefore, irFigure

4.12, maximum values and indices are search&Htinvthe limits of +110

of the location ofmaximum value given ifrigure4.13. For this example, it

is [2568, 2788].

If the maximum similarity value is less than 29 out of 100, that slice is
assumed to be unusable for similarity calculation purposes. It may be
unusabledue to occlusions or too many indentations that map and test
signal could not match as for this case giveRigure4.14.

The other limiting factor is mean differemwalue between map and test
signal slices. If it is more than 60 or 70 (The value depends on mean and
standard deviation of mean difference of other slices with correspondent

map signal slices.), that slice is also assumed to be unusable. The reason
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why is that as map and test signal slices are compared in zero mean form as
shown in Figure 4.9, it might be possible for two slices to give high

similarity value even ifltey are far from each other when the whole image
signals are considered.

Summation of Similarity Values
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1 A new test signal is formed by eliminating unbigaslices as shown in
Figure4.15.

Test Signal With Useless Slice
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Figure4.15. a) Test Signal with Soeto-be Eliminated Unusable Slice
b) Test Signal without the Unusable Slice

1 Although map signal is assumed to be perfect, it has to have the same width
with test signal for comparison. Therefore, slices have to be eliminated
from map signal until the widths are the same size. However, new map
signal cannot be formed easily by eliminating slices corresponding to
unusable test signal slices since there is a possible shift between test and
map signals. Therefore, shift and congarethod is used.

Map signal is shifted along the width of image and the slices corresponding
to the unusable slices in test signal are eliminated from map signal. While
doing that, instead of just eliminating the slices, new signal is formed slice
by slice in order to adjust mean of map signal slices to corresponding test

signal slices as given ikigure 4.16. Mean adjustment is performed in
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order to get rid of Sike shape on horizon due to horizon correction issues
of camera as shown Figure4.17.

Similarity values are obtained for each shifted and eliminated version of
map signalFinally, the one with the highest similarity is chosen.

Right-Shifted Map Signal with Extra Slice
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Figure4.16. a) Map Signal Shifted Certain Amounts
b) The Most Suitable Shift Of Map Signal

Figure4.17. Photographs Taken at the Same Location
a) Successful Horizon Correction b) Unsuccessful Horizon Correction
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The highest similarity value is multiplied by a correntfactor as given in
Figure4.18. It depends on the number of usable slices of a test signal. This
is applied in order to avoid high similarity values with low usable slices.

As a result, new test and map signals are formed as givagure4.19.
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Figure4.18. Usable Slice Number Versus Correction Factor
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It is important to note that parameters (20 for slice numbers, 85% for peak search,
+-110 for search limit, 29 for unusable slice elimination, 60 or 70 for mean
difference limit) used foalgorithm are found by common trial and error processes.
After obtaining approximate values for parameters, fine work is performed by
investigating skylines whichgive unexpected unsuccessful localizations. The
unexpected situations are usually when test photograph is obtained under the same
conditions with the map as will be explained later. Also, if ohthe adjacent test
signals resultgh an unsuccessful logahtion, then this situation Elso examined.

Complexity of algorithm regding map points and runtime can be obtained as
linear. Algorithm 3 is executed for each map signal comparison with the test signal.
That means as the number of map points (nees®, runtime of algorithm would
increase linearly with the number of map points (O(n)). However, it is important to
note that since map area is defined as square region in this study, number of map
points cannot increase one by one. It would increasertgr mf square with
respect to number of points on one edge of square. For example, one bigger size of
10 meters x 10 meters area with 121 map points is 11 meter x 11 meters area with
144 map pointsBesides localization complexity with respect to numidgoaints,

it should also be noted that number of slices in each image is an important
parameter that affects localization performance, especially against occluded
regions. Given that each slice from a test image is compared with all other slices in
the map, localization complexity is quadratic (G(nwith respect to the number of

slices being used.

28



CHAPTER 5

EXPERIMENTS AND RESULTS

An autonomous territorial robot is expected to become familiar with its
environment by capturing photographs in an area, then by extracting skyline
signals in order to use them as references for localization purposes. This process is
called as mapping. Athe map is established, robot is expected to match a test
signal, which is defined as a skyline signal obtained at any point inside the map
area, with the skyline signals of map and perform localization. In order to simulate
this process, photographs forapping and testing purposes are captured with
Ricoh Theta S spherical camera manually by a human. Five different maps are

formed for five different environments.

Al l the environment s, ABo, AGo, AK A, 0T
shown inFigure51. GPS coordinates are 39A 5306 2C
22060 N 32A 4606 47606 E, 39A 586 2966 N 32
and 39A 5306 36066 N 3\Nhik buddng to BBeb it isElose e s p e ¢
to one for ABO and AGO, this value 1incre
The distinctive factor for ABO and AGO I
feature. While in AKO bnuerlad,i nigns faTrce tfhaery
closer. Also ATO has more trees than AKO

METU campus. Google earth images of environments are giveigume5.2.
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Figure5.2. Google Earth Images of Environmefit8 0 ,

respectively
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Total of 1018 photos are captured and used for the purpose of this thesis. While
605 of them are used for forming map, 413 are used for test purposes. In addition
to natural test skyline signals, artificial occlusioasdistort skyline are applied in
order to observe at how much occlusion does the algorithm gives unreliable results
for localization. With those, localizations of overall 1394 skyline signals are

performed using the algorithm.

5.1 Map and Test Points

As explaned inMETHOD, maps are collections of points within a 10 meters x 10

meters region that are tessellated with 1 meter x 1 meter squares, where corners of

the squares correspond to the reference pomtde map as given ikigure5.3.

Since five different maps are formed for five different environments, points are

labelled using environment and map location informatiorfias ( Ma ghere) 0
X=ABo, AGOo, AK A, 0To, AUO and i=1,2,¢é,121.

121 100 99 78 77 56 55 34 33 12 11

120 [101 |98 79 |76 |57 [54 |35 32 13 10

119 102 |97 80 [75 58 |53 |36 31 14 9

118 |103 |96 81 74 |59 |52 7 30 15 8

117 |104 |95 82 |73 |60 |51 38 29 16 7

116|105 |94 83 72 |61 |50 |39 28 17 6

115 |106 |93 84 71 |62 (49 140 27 18 5

114 107 |92 85 [0 |63 |48 |41 26 19 4

113 |108 |91 86 69 o4 |47 |42 25 20 3

112|109 |90 87 b8 |65 |46 |43 24 21 2

111|110 |89 88 67 66 |45 44 23 22 1

Figure5.3. Map Area and Points

Test sets are chosen with the purpose of covering different areas of map region.
These sets are | abel EBighre84 nbHDlagla/46Daagdo
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given in Figure 5.5a n d

points

either

for

AHor z o,
A410
information asi X ( Test Ydter B, jX)=d1 Bo ,
i41j0o=D,r2 ,ié,4106 .anTde st

using environment, test set

and

AVer t L bigure$6YEestt RO
A740

ar e

iGo,

points

as

dstanbmrbdér| ed us

for ot

and test number informationh As( Test Set 2,

where X=iAiBo, nGo, AK A, oTo, AUO ;
AVert Ro6 and k=1,2, é, 10.
121 100 99 78 77 56 55 34 33 12 11
x?43 X4E- x?44
120 10
] X% X4 X7
119 /8o 175 %\ 9 AR ST
@ O 73 \7a_ Y74
118 ( 81 59 3 X1 X Xoss
X745 W% X6
117 9 3069/ .
I
116 5
el
115 / 2139 40 O% 5 X*g X X"y
114 ( 26 \ a X xils X3
113 \@ 2025/ y [FTXS wETX
\\1___'_/ X3, W4, 4.
112 5
}(4112 }.4114 x4116
111 110 |gg 88 |67 |66 las |44 23 b2 1
Figure54. Points of Test Areas
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121 100 99 78 77 56 55 34 33 12 11
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@ L
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118 s
KDT.EEJ? KDI;Z?
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Figure55. Points of Test Areas fADiaglodo an
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9
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[
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117 7
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@
115 5
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114 4
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x‘ufEI":L:l KVEHZRJ
@ @
111 110 (89 88 67 |66 45 |44 23 22 1

Figure56. Pointsof Test Areas fAHorzo, fAVertLO ar
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5.2  Experiment Conditions

Map photographs are captured in five different environments as explained before
and maps are formed for those environments only once whereas test photographs
are captured several times timese environments on different seasons and under
different weather and lighting conditianEhese conditions are added to the end of
map and test labelisgFollowing subsections investigate comparisons between
skyline signals that are obtained at thensgooint but different times. While the
reference condition is the one when map is formed, other conditions differ from
location to location. It is expected to have a number of unusable slices in skyline
signals during the process of comparison since éhgrapnditions are expected to

cause disturbances in skylines although they are obtained at the same point.

5.2.1 Test Location ABO

Map condition for Ireeswithicawves THO tE&ssuseel
and A740, are al s o itionb@tlei congiionsaate ndorhand s a me
trees without leavesafternoon and tresewithout leavesdark clouds and tree

without leaves T e st sets ADiaglo and AfAtkésag20 a
without leaves and noon, afternoon and dark cloAtithe conditions are given in

Table5.1.

Table5.1Di f f er ent Test Conditions for

B Noon Afternoon Sunset Dark Clouds
Trees Without| _ _ _ Diagl, Diag2
Diagl, Diag2| Diagl, Diag2 *
Leaves **
Trees With
Map, 41, 74
Leaves
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*Due to construction that started after mapping, not all test points were available
during experiments.

** Due to construction and a car, rat test points are used.

For the compari s on(Map5b0Leavegunseth e sised awshi | e A B
reference signal sinceAB( Di ag1l-S& nk e dopsé snot  exist.

AB(Di agl, Nodmnl)eagves AB( Di-afgtle Bn Noh)ea@a, e s
AB( Di agl, P,aMkIlCd aeiade Joodifferent conditions. Photographs

are shown irFigure5.7. Skyline signals are given iRigure5.8.

Figure5.7.b and corresponding skyline sigiagjure5.8.a have six unusable slices.
Unusable slice numbers 1, 2, 5 and 6 are eliminated due to seasonal changes. While
trees haveleaves on map photograph as shownFigure 5.7.a, trees on test
photograph have no leaves. The sun position is responsible for unusable slice
numbers 3 and 4. It caussekylines to be different in test and map photographs and

these differences are not tolerated by the algorithm.

There are a lot of unusable slicesFigure5.7.c andcorresponding skyline signal
Figure 5.8.b. Unusable slice numbers 2, 3 and 7 are eliminated due to seasonal
changes. Number 4 is eliminated due to a combination obmeasn test signal,

due to construction, the color of building has changed to white and as the sun hits
against the white building, it distorts the skyline. Number 5 and 6 are also
eliminated due to white building and the sun position combination. Small
differences in skyline are not tolerated by the algorithm in unusable slice numbers
8 and 9 similar to the case kiigure5.7.b for unusable slice numbers 3 and 4. The
sun dramatically damages the skyline in test signal, causing unusable slice number
10 and 11 to be eliminated. For unusable slice number 13, the sun is also
responsible for distortion of skyline in map signal. Finally, unusable slice number 1
and 12 are e@hinated due to high mean differencé&sis is due to Sike warping

that occurs on horizon as explainedMETHOD. Horizon correction is not fully
achieved. Photographn Figure5.7.c andFigure5.7.d are captured exactly at the

same point and thekyline comparison is given fhigure5.9. As can be seen from
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the figure, there are also mean differences in slices corresponding to unusable slice
numbers 1 and 1aiFigure5.7.c. This combining with the fact th&igure5.7.a

and Figure 5.7.c are not captured exactly at the same point and the skyline is
expected to change; uralde slice numbers 1 and 12 are eliminated.

Figure 5.7.d and corresponding skyline sigrfalgure 5.8.c have seven unusable
slices. The first one is due to small changes in tree skyline due to weather
conditions and the fact that the photographs are not captured exactly at the same

point. The reasons for the others are the sameFRgune5.7.b andFigure5.8.a.

I i st .
- -

—~

b)AB( Di agl, NoMdMnl)eeaves
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dAiB( Di agl, DaMKlCd owas ) 0

Figure57. Phot ographs Captured at Different Col

Different Seasons and Sun Positions
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Leaves off and Afternoon
Leaves on and Sunset

Different Seasons and Sun Positions

yBiay afew|

2000 3000 4000 5000 6000
Pixel number

1000

0

Bu bheamdi¥Bq Di agl, AAfNekeaaodway

b)aiB( Map, 5-

Different Seasons and Weather Conditions

———— Leaves off and Cloudy
—— Leaves on and Sunset| |

WGy sbew

6000

Pixel number

& Diagl, DaM&ICd aweas ) 0

8 u b sandi¥B

5-

c)i B( Map

Figure5.8. Skyline Signals of Photographs Captured at Different Conditions for

O

on

Locat

Test

39



Different Weather Conditions
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5.2.2 Test Location AGO

Map condition for | ooees witl|lpaveBFGU test sets,af t er noor
ADi aglo, iDi ag2o0, AHor z o, AVert Lo, are al so
sets ADiaglo and ADi a@@pbandtrees withbut leaves,ed at co
sunset and trees without leaves, dark clouds and trees without |ddivebke

conditions are given ifable5.2.

Table5.2Di f f er ent Test Conditions for Loc

G Noon Afternoon Sunset Dark Clouds
Trees Without Diag1, Diag1, Diag1,
Leaves Diag2 Diag2 Diag2
Map, Diagl,
Trees With -ap J
Diag2, Horz,
Leaves
VertL
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For the comparison of skylines, whileG( Di ag 1-A% { kb e asauees 3so

ref er en c e(Diagl,5NoledvedNoon)iz, G(Diagl,5,NoLeaveSunset) |,
AG(Diagl,5,NoLeave®arkClouds) ar e used for Hhbtiflagher ent c
are shown irFigure5.10. Skyline signals are given iaigure5.11.

For Figure 5.10.° and corregonding skyline signaFigure 5.11a; unusable slice

numbers 1, 2, 4, 5 are eliminated due to seasonal changes. While

AG( Di agl-A5t ke ahaw thep deavesil G( Di agl, NoMdrnlD)eaves
does not have them. For unusableeshumber 3, skyline signal for a tree with no

leaves in AG( Di agl-A5t ke awde smnalde to form while

AG( Di agl, 8N oMatixsskyire dor that. For unusable slice number 6,

skylines do not match due to too many indentations caused by awiite no

leaves. Due to sun positioninG( Di a g 1, 2N,o0Mqtheskwire $s much

more \ivid as can be seen Figure5.11.a for that slice. For unusable slicember

7, skyline for pole is unable to form MG ( Di ag 1-A5 | ke ¢ adaest@®sund

position.

For Figure 5.10.c and corrgsonding skyline signaFigure 5.11.b; unusable slice
numbers 1, 2, 4, 5 are eliminated due to seasonal changes. For unusable slice
number 3, the skylines do not match due to too many indeméataused by a tree

with  no leaves. For unusable slice numbers 6 and 7, sunset in
AG( Di agl, 5, uMacless danged a cavity in dine as can be seen in
Figure5.11.b.

For Figure 5.10.d and corrggonding skyline signaFigure 5.11.c; unusable slice
numbers 1, 2, 3 are eliminated due to seasonal changes. The skyline of a tree
without leaves has more distinct features in a dark cloudy environment; therefore,
weather conditions causes unusable slice numbers 4 and 5 to be eliminated. Fo
unusable slice number 6 and 7, skyline for pole is unable to form in
AG( Di agl-Ab ke aweetmsuroposition while it is present in a dark

cloudy weather.

41



aihG( Di agl-ASteeavesn) o

b)A G( Di agl, NodMmheaves
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Figure510. Phot ographs Captured At
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Different Seasons and Weather Conditions
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Figure5.11. Skyline Signals of Photogrlp Captured at Different Conditions for

Test Location nGO

5.23 Test Location nKO

Map condition for | o crees withneav@sKhe othes sunri se
condition is cloudy and¢es withleaves Four test set s, ADi aglo,
AVeRO, a rdatthede twa condédionsll the conditions are givein Table

5.3.

Table5.3Di f f er ent Test Conditions for Loc

K Sunrise Cloudy
Map, Diagl, Diag2,| Diagl, Diag2, Horz,

Trees With Leaves

Horz, VertR VertR

For t he compar i s on(Diagi5Leavegunrisede si,s wihsi el de afisK
reference signalfi K( Di a g 1-Cb 0 u dsyusad sfor the other condition.
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Photographs are shown in Figufigure5.12. Skyline signals are given iRigure
5.13

b) A KDjagl,5,LeaveLioudy) 0O

Figure5.12 Phot ographs Captured At Different
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Different Weather Conditions
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Figure5.13. Skyline Signal of Photographs Captured at Different Conditions for
Test LocAK{DhadKS8hntk earsiielg ®Di agl- 5, Leaves
Cloudy) o

The only unusable slice is the fourteenth slicé ¢jagl,5,Leaveloudy) .dtis

shown inFigure5.14. According to similarity formula as given in Algorithm 4 in

METHOD, when fAarea_s10 is small, even tiny dif
signal may not be tolerated since rati o
correlation. An example of tolerating case can be the nineteenth slice of

A KDlagl,5,Leaveloudy) @s can be seein Figure 5.15. Al 't hough fAarea_s
value, which is 600, is smaller than the one for case givéigure5.14 which is

895, since fAarea_di ffo, which is 297, i's a
713; for the case of nineteenth slice, the differences betivd@jagl,5,Leaves

Cloudy) andi KOjagl,5,LeavesSunris@ are tolerated
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Thg Nineteenth Slice of Test Signal and Correspondent Map Signal Slice
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Figure5.14. The Only Unusable Slice @K ( Di ag 1l-Chbpudgy és

lelg Fourteenth Slice of Test Signal and Correspondent Map Signal Slice

Test
Map

Image height

0 50 100 150 200 250 300
Pixel number

Figure5.15. The Nineteenth Slicedf K ( Di agl1-Chpuéeay és

Although the intolerantase can be considered as a downside of algorithm, it is not
expected to affect localization in an adverse way since that part of test signal is also
expected to be unusable when compared with other maplsigrhis is shown in

Figure 5.16. There are four close map poinsii K( Ma p, $5&8,nrd sswed 0 ,
AK( Map, 5ubhease} o, ASuMap s&) ,oLeavieisMap, 7
Sunr ite ghe dest pointii Kjagl,5,Leaveloudy) oA K( Map, 50, Leave

S u n r is she gomect localization with the highest similarity value which is 87.9.
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The others are 81.0, 80.1 and 75.3, respectively. In all four cases, the problematic

test signal slice, which is the fourteenthelisninated.
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Figure5.16. Skylinesofi K( Di ag 1-Cb 0 u dmgl fane Map Points

524 Test Location ATO

Map condition for | o csawtithoot NeavéisOther fws noon an
conditions are sunset andasewithout leavesand dark clouds and treevithout

leaves Two test sets, fADiaglo and fADiag20 are
the conditions are given ihable5.4.

Table54Di f f er ent Test Conditions for Loc

T Noon Afternoon Sunset Dark Clouds
Trees Without Map, Diag1, Diagl, Diagl,
Leaves Diag2 Diag2* Diag2

* The last 3 photos are absent in Diag2.
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For the comparison of skylines, whifeT ( Di a g 1, 4N,0MN mif eadvas s

reference signalAi T( Di agl, BuNclead ®éd § Di agl, 5, NoLea
Dar k Cl arel usad)fay different conditionBhotographs are shown kigure

5.17. Skyline signals are given iRigure5.18.

Figure 5.17.b and corrgsonding skyline signaFigure 5.18a have six unusable
slices. For unusable slice numbers @l &xwhen the sun hits against trees without
leaves, skyline is distorted in T ( Di ag 1l, &,uNe €t soe s also
responsible for unusable slice number 2 causing the skyline of white building to be
problematic ini T ( Di ag 1, & ,uN e leBogunusable slice numbers 4, 5

and 6, the skyline is distorted due to sun positions.

There are i unusable slices ifrigure 5.17.c and corrggonding skyline signal

Figure 5.18b. Unusable slices 1 and 2 are eliminated due to skyline distortion

caused by small piece of clear weather and trees without leaves in
AT(Di agl, HaN&ICé adasksclpuals cause a hegdistortion in

skyline for unusable slice numbers 3, 4 and 5AnT ( Di agl, 5, NoLea
Dar k Cl.dmallys yhite building inf T ( Di ag 1, 8N,0M cdhdddak e s

clouds inA T( Di agl, DaN&ICé aausssKylides to not match with

each other leadinp unusable slice number 6 to be eliminated.

ayh T( Diagl, NoMml)@®aves
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cf T( Di agl, DaN&kIlCé dawaels ) 0

Figure5.17. Photographs Captured At Different Conditidn® r Test Locati on

Different Sun Positions
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Different Weather Conditions
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Figure5.18. Skyline Signals of Photographs Captukgdifferent Conditions for
Test Location ATO

5.25 Test Location AUO

Map condition for | ooeed witlh|paveBFOub test sets,af t er n
ADi aglo, fADiag206, AHorzo, AVertLO, are a
sets ADi ag1 oeoltaindd aficbndidogs2on and trees without leaves,

sunset and trees without leaves, dark clouds and trees without |édivéise

conditions are given ifable5.5.

Table55Di f f er ent Test Conditions for

U Noon Afternoon Sunset Dark Clouds
Trees Without Diag1, Diagl, Diagl,
Leaves Diag2 Diag2* Diag2
Trees With Map, Diagl,
7Leaves Diag2, Horz,
- VertL

* The last 3 photos are absent in Diag2.
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For the comparison of skylines, whileU ( Di ag 1-A% t kb e asauees 3so
reference signalif U( Di agl, NoMqj&Oad De sagl, 5 uMcled g we s
AU(DiIi agl, DaN &LCd areresdes joodifferent conditions. &hgraphs

are shown inFigure 5.19. Skyline signals are given irFigure 521 Also

AU( DI ag2-A5t ke aswsed gs another reference signal for comparison

of AU( Di ag2, DaN klLCd aoRlmtsgiaghs and skyline signals of
AU(DiIi ag2-A%t eeaandsi)ud Di ag 2, DaN KlCd spanedss ) 0
given inFigure5.20 andFigure5.22.

Usable slice numbers are less than other environments with the same conditions as
explained above in previous sections. The reason is the absence of buildings with
distinct and unchanging feaes. Therefore, seasonal changes at trees cause drastic
changes in skylines. Seasonal changes and the direct sun position are the common
causeof unusable slices ifrigure5.19.b, Figure5.19.c, Figure5.19.d andFigure

5.20.b and corresporiag skyline signals irFigure 5.21.a, Figure 5.21.b, Figure

5.21.c andFigure5.22.

However, there ardso other reasons. Féigure5.19.c, for the first 45 slices, the
sun position indirectly changes skyline when it lagminst the trees. Féiigure
5.19.d, despite of dark clouds, a little bit of sun, beingha $ame position as in
Figureb5.19.a, rescues the skyline for the first slicAbsence of the sun iRigure
5.20.b changes the skyline for the first slices in spite of havinganee conditions
as inFigure5.19.d. Therefore, the first few slices arenated just like inFigure
5.19.c.

aiU( Di agl-AStkeeavesn) 0O
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b)AU( Di agl, NodMmheaves

dAauU(Di agl, DaNKlCd oweas ) 0

Figure519. Phot ographs Captured At Different
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b)AU( Di ag2, DaN&lCd oweas ) 0

Figure5.200Ph ot ographs Captured At Different Cond

Different Seasons and Sun Positions
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Leaves off and Sunset

Leaves on and Afternoon

Different Seasons and Sun Positions
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Different Weather Conditions
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Figure5.22. Skyline Signals of Photographs Captured At Different Conditions for
Test LocditUi(dnsagRtAd,t eeavesn) 0 and AU(DiIiag2, 5.
Dar kCl ouds) o

5.3  Artif icial Occlusions

Linear, sinusoidal and triangular occlusions with variable proximity to skylines are
added to signals with increasing intensity in order to observe when the localization
information obtained using the algorithm fails to give reliable tesurhese
occlusion shapes are chosen to be random and challenging for algorithm in terms of

its ability for distinguishing unusable parts.

Whil e AGO, AKO and ATO have occlusion cases
and fAUO have o0n hegthree @mipohneentscwere emsidered Bs

sufficient in order to observe failure point of the algorithm. As can be seen from

the graphs, the algorithm was successful to eliminate occlusions from skylines. The

results for localization will be examined in nesection.
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5.3.1 Test Location ABO

Occlusions are added té B( Di ag 1, 8N,0N e Ureea eceusion and
excluded version agkylines are given ifigure5.23.
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Figure5.23. Occlusion and Excluded Version of Skyline Signal
AB( Di agl, Nodol)eaves

5.3.2 Test Location nAGO

Occlusions are added t&i G( Di agl1l-A% t kb e a dleagmount of
occlusions and as a result of that, numbersable slices is given ifable5.6. The
occlusion and excluded version skylines are given irFigure 5.24 and Figure

5.25. In occlusior2 case as can be seérom Figure5.25, although the last slice is
occluded, it was included to calculation. The reason is that it was similar to the
nontoccluded version of signal slice thin the limits of allowable shift as
explained inMETHOD.

Table56The Amount of Occlusion and Number

The Amount of _
_ Number of Usable Slice
Occlusion
Occlusion 1 20.4% 15/20
Occlusion 2 64.5% 5/20
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Difference Bety No Occlusion and Occlusion-1 Case Excluded Version of Signals
600 S B : 300
[ L ! Occlusion-1 Occlusion-1
500 ot 0 i No Ocdlusion No Ocdlusion
EE i i 200f ~
400 . if i i \
i i i
00 b Al bobd
P it i 100 | \
gaop it ) : 5 | A
o I Vo i o A J oy .
S 100 [ i \ i . < oA { i % Moy
g [ Vi [T i ! g vy I Al N/
1 ] ' 1 1 1 | A '} N |
E o - T V. i w L E \ i h ,lh J".""‘J )
| i _]I_ P i 5 A AN ook Wl 1Y R A !
a0 b ik S0 WoW " Al J i
WY I A iy N
|i i il P i iV
-200 il i {fif i Ebd J
Rt i i 200 |
00 4 i b
[N [ P
400 i ! PR . 300 . . . . . . . .
0 1000 2000 3000 4000 5000 6000 0 500 1000 1500 2000 2500 3000 3500 4000 4500
Pixel number Pixel number
Figure5.24. Occlusionl and Excluded Version of Skyline Signal
~ . N
AG(Di agl-ASteeavesn) O
Difference B No Occlusion and Occlusion-2 Case Excluded Version of Signals
600 T YT | RO 150
e ! Ocelusion-2 Occlusion-2
500 : : . : : .h‘looicdusiﬂn 100 — No Occlusion
400 [ i i /”
[ [ i
300 i bt i 50
i [ i
B M0 1 P i 5 o
2 N i dwidy 2
o 100 [ £ l p ! © {
@ l A 1 il = N/ W
£ ANSR SNV =l A |
R B8 ST, W L " A [ | /
[ o W I [ fol #lh f
100 OO W A -100 \\.\ / vt i
200 AR ERN Y ‘
HY: HRE I Y -150 A
0 ARRRRRAN W
§0 [
400 I A | i i 200 . . . . . .
0 1000 2000 3000 4000 5000 6000 0 200 400 600 800 1000 1200 1400
Pixel number Pixel number

Figure5.25. Occlusion2 and Excluded Version of Skyline Signal
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5.3.3 Test Locati on

Occlusions are added foK ( Di a g 1-Sb nk eTaeeadmount of occlusions
and as a result of that, number ghble slices is given ihable5.7. The occlusion
andexcluded version askylines are given ifrigure5.26, Figure5.27, Figure5.28
andFigure5.29. In Occlusiorl and 2 caseas can be seen frafigure 5.26 and
Figureb.27, although one slice is occluded, it was included to calculation as shown

in figures. The reason is that it was similar to the-aociuded version of signal
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slice within the limits of allowald shift A similar situation also occurs in
Occlusion2 and 3 cases fathe two slices shown ifrigure5.27 andFigure5.28.

For those cases, the shift is also very small and the structure of occlusion is very
similar to the skyline just below it. Also, the occlusion is not far from the skyline;
therefore, mean difference is withiallowable limits. Although this may be
considered as a downside of algorithm, it is not expected to affect localization in an
adverse way since that part of occluded signal is also expected to appear usable
when compared with other map signals. For Odoiud case a slice becomes
usable even though it is unusable for Occlustaamd 3 cases as shown kigure

5.29. The reason is the summation of similarity values as explainktETFHOD.

The highest similarity value between occlusion and-eceiusion case should be
obtained wherthe shift is equal to zero meaning that the maximum value of
summation of similarity values shidube 2688 as shown ifigure 5.30 for
Occlusion3 case. However, siacthe amount of occlusions is high, indices of
three maximum values of summation of similarity values are 302% add 2235

as shown irFigure5.31; and the highesimilarity is obtained when the shift is 337
pixels (30252688). The value of 2689 is not calculated since it is smaller than
0.85*151.9=129.1. In conclumm, the slice shown ifigure5.29 becomes similar

to the norocclusion slice as it is shifted 337 pixels.

Table57The Amount of Occlusion and Number

The Amount of Number of Usable
Occlusion Slices
Occlusion 1 4.6% 19/20
Occlusion 2 32.5% 15/20
Occlusion 3 67.4% 8/20
Occlusion 4 83.2% 2/20
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Figure5.28. Occlusion3 and Excluded Version of Skyline Signal
i KDiagl,5,LeaveSunr i se) 0O
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Occlusion3 Case
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Figure5.30. Summation of Similarity Valuesfégr K ( Di agl-Sbhckéae¢ 9



160 Summation of Similarity Values for Occlusion-4 Case
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Figure5.31. Summation of Similarity Valuesfégr K ( Di agl-Sbhkcéae¢ 9
Occlusion4 Case

534 Test Location ATO

Occlusions e added tdi T ( Di a g 1, 9\,0 M onDhe amoens of occlusions
and as a result of that, number ghble slices is given ihable5.8. The occlusion
and excluded version of skylines are givelfrigure5.32, Figure5.33, Figure5.34,
Figure5.35 andFigure5.36.

Table58The Amount of Occlusion and Number
The Amount of Number of Usable
Occlusion Slices
Occlusion 1 14.1% 15/20
Occlusion 2 21.6% 13/20
Occlusion 3 35.3% 9/20
Occlusion 4 55.0% 8/20
Occlusion 5 74.8% 3/20
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Figure5.32. Occlusionl and Excluded Version of Skyline Signal
AT(Diagl, NoMml)®aves

Figure5.33. Occlusionr2 and Excluded Version of Skyline Signal
AT(Diagl, NoMml)®aves

Figure5.34. Occlusionr3 and Excluded Version of Skyline Signal
AT(Di,dofechveNo on) 0O
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