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ABSTRACT

The maps generated by robots in real environmemtusually

incomplete, distorted, and noisy. The map quadits Quantitative

performance measure of a robot's understanding tef

environment. Map quality also helps researcherysthd effects

of different mapping algorithms and hardware congmis used.
In this paper we present an algorithm to assessjuhéty of the

map generated by the robot in terms of a grourtth map. To do
that, First, localized features are calculated lun fire-evaluated
map. Second, nearest neighbor of each valid loeatufe is

searched between the map and the ground truth Tigpquality

of the map is defined according to the number ef fibatures
having the correspondence in the ground truth mMhapee feature
detectors are tested in terms of their effectivendsese are the
Harris corner detector, Hough Transform and Scaleariant

Feature Transform.

Categoriesand Subject Descriptors
1.2.9 [Robotics]: Robot Map Quality

General Terms
Algorithms

Keywords
Harris corner detector, Scale Invariant Featurendfiam, Hough
Transform

1. INTRODUCTION

Assessing the map quality generated by the rolsoté of the
useful ways to assess the capability of a robatierstanding of
its surrounding environment. Robot map quality e of the

quantitative measures which can be helpful in deitgéng which

robots will perform better in the field. When a obtmoves, it
generates the map which helps in its localizatiod planning.

Normal image noise measures are not suitable esasbe map
quality because the differences in maps are straldtunature. To
assess these kinds of maps we had assumed thqudliey is

defined not in terms of overall image but on theicural detail

contained inside the image. This can be observetianground
truth image as shown in figure 1 while one test risaphown in

figure 2 which was generated by the robot. So wesicker a map
as accurate even if there is noise and distortfmesent but it
contains all the salient details of the groundhrut
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There is not much work done in this field. Mostloé work done
is either in the field of image quality measurdrothe range data
quality measure for moving robots. The initial wavks done by
Chandran et al in [12] and [13]. Their method meesuthe

quality of the map from 3D point cloud generatazhfrthe robot.

This point cloud is further classified into plausiand suspicious
patches using the conditional random fields. Thenler of

suspicious patches is used to calculate the qudlitiiough this

method seems promising but it is dependent upomthgping

where the data generated is in 3D point cloud forifiae testing

was done with data generated from 3D laser scanners

In [14] the authors have used the polylines to rhalde shapes
from the robot generated maps and utilization eséhmodels for
the solution of the Simultaneous localization and
mapping (SLAM) problem. Although this paper is mditectly
related with the map quality problem but it prod® interesting
insight into map generation which can be used tentiy
different parts of the map. As identification offdient regions
inside the map can be helpful in assessing thequality.

Recently a manual map evaluation toolkit," Jacttep Analysis
Toolkit" has been suggested by [16]. This applaraprovides the
manual map viewer which is designed in a way tp lte¢ quality
assessor to judge the quality of the map by ovpitepthe maps
over each other. This toolkit also provides a sempleasure to
assess the map quality based on evolutionary &hgasi
However, using the evolutionary algorithms does guarantee
that the results for the map quality will be simiehen used each
time.

Another recent development is the usage of lodalfeatures for
map quality assessment [17]. Authors have useddhi@s as the
localized features. They propose an algorithm teaehe rooms
and then find the map quality using these localieadures. But it
is not necessary that a map will always contaitufea such as
rooms and room like structures. Most of the time tobot
generated maps do not contain lines but the caleatf point
clouds generated from the sensors. In that casel] ibe difficult
to identify rooms.

Our proposed algorithm is based on techniques winjcto cover
most of the short comings found in other algorithifisere are
still many cases where our algorithm can fail. Teason to use
multiple features is that if one kind of algorithfails in some
specific type of map, there are still two otheriops$ to judge the
map quality correctly.

Some of the limitations are because of inherentireabf the
algorithms used which will be discussed later is faper.



Rest of our paper discusses our algorithm whictsiste of three
separate sub parts. Our algorithm can be desciibéallowing
steps:

1. Generation of the localized features on the map.

2. Similar features are identified in Target image and

ground truth image.

3. Quality is calculated from the final number of ntatd
features.
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Figure 1. Ground Truth Map.
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Figure 2. Robot generated Map

2. MAPQUALITY

2.1 Introduction

Measuring the map quality is a very difficult talskcause it is
difficult to define quality in terms of the imag&here can be
different criteria to define the map quality. Soofethem can be
based on the noise generated in the maps and oathibe side
some can be based on the rotation and translatisereed in the
generated map. There can be many ways to definemiiye
quality. But one important factor which we wanteasure in the
map quality for robot is the structural details thee map, so
although there might be some other noise in the itiamssumed
that any map is accurate if it thoroughly represeall the

important structure features when compared to toergl truth.

So to assess this measure we cannot use the nosggnal ratio
or some other measures. We are proposing a novisochéo

assess the map quality based on three separatéttaigo each
corresponding to different type of features foumdthe map.
These are Harris Corner Detector, Hough Transfaant Scale
Invariant Feature transform. These measures wikgius three
values which can be used to assess the qualityeahip in three
different terms.

2.2 Harrisbased algorithm

Our first algorithm is defined on the principals dbsest point
matching. Let us assume we are given two imagesotopare
named X and Y. To compare these images we neadddnterest
points in these images. These images are binarweschave
limited choice in selecting the interest point aitions. Most of
the interest point detectors work on gray scaleaor images.
The interest points should be useful with enougtaiiso that
they can be compared with points in other image.

Corner detectors are effective in case we havenpimaages so
we have chosen Harris corner detector [8] [9]. Tdigorithm is
very effective in capturing corners and is effeefyvinvariant to
rotation, scale, illumination variation and imageise. This is a
desirable metric which will enable us to deal witinor noise,
rotation and scale problems in the map, see figure

Figure 3. Harris corner detector

After calculating the interest point using the H&arcorner

detector, we use the closest point matching prdcegsnerate the
vector maps which are later used for calculating tjuality

metric. To generate the vector map we find the e@rmvhich are
closest to the point under consideration and thentiiat point in
map and find its closest point in the ground trattd eliminate
those points from both maps with increase in theesdor true

points matched counter for the map quality.

2.3 Hough based algorithm
To account for the structural detail we have useddt transform
[5] [6] to transfer the map from Euclidean spacditiugh space.
This has the benefit of identifying lines in theaige. These lines
are compared according to the position of linepaists in the
Hough space. Hough space is created by exchandieg
Euclidean coordinates with the parameterized vafoes the
parametric form of the equation of the line.

r(6) = xcosd + ysiné 1)
This helps in identifying lines easily as in theudb space the
points with large values will be highly likely tepresent the lines.
This same process can be repeated to generatpabe for circle
and other geometrical objects detection. A vanatidthe Hough
transform which is known as the generalized Houginsform,
can be used to detect different type of arbitrdmgpes in the
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image. This can be used to detect lines, squaves§ etc), circle
(roundabouts etc) in the map which will be a moeaagalized
way to calculate the map quality.

After detection of these features the matchinguiest can be
located in the ground truth map and compared femtap quality
as described in the last section.

2.4 Scalelnvariant Feature Transform

Scale Invariant Feature Transform (SIFT) was inicedi by the
David Lowe in [15]. Since then SIFT based localifeature have
gained prominence among researchers due to theagabhility to
rotation scale and even dynamic changes. To ashesmap
quality we have proposed an algorithm based thel SSIFT
feature are calculated from extrema detection logifig the
extrema points from difference of Gaussian imagesteown in
equation 2, where the,Gand G represent the Gaussian filters at
multiple scales and | is the original image. Thesents are
further processed to find out the stable point undarious
conditions like edge response and low contrasttdimination.

DOG(1) = (G, * 1)~ (G, * 1) @

SIFT points detection is the first part of the msg after
detection usually a descriptor is calculated arudest for each
point so that it can be used to compare point faifferent
images. The length of the SIFT detector is equdl2® elements,
which is basically the directional histogram of theal region.

Figure4. SIFT featureson ground truth and robot generated
maps.
For our algorithm we have used the following praged

1- First the entropy [18] of the image is calcutatso that
important regions with high entropy are identifiés our maps
are binary images it is necessary to convert tham multiple
scales with more information so that useful featurare
calculated.

2- This image is passed on to the SIFT for featle®ction and
descriptor calculation, see figure 4 for an exampfeSIFT
features.

2.5 Closest Point Matching

Closest point matching is performed by finding thesest point
to the corresponding interest points in one imaganother. Each
point in the ground truth is mapped in a one to demhion
between the ground truth image and the target im&gekeep
points from matching to a point which is extremddr, the
matching is performed only for the points whichséxbelow a
specified threshold. So it generates a displacemeamt for each
point from one image to another image. The obvlmersefit is the
localized identification of the object interest pisi.

The closest point match can be described by equatio

Match= Dis (FV(P(x,y)) - FV(P,(x,y))) ©)]

Where equation 3 describes that the match is tlimt pdnich is
equivalent to the point in one map to the corregpanregion in
another map under an specified threshold, wherésFhe feature
vector of the P(x,y) and Dis is the distance betwawo
corresponding feature vectors. Only in the casehef SIFT
features the comparing criteria is based on thecutaked
descriptors.

Figure 6. Displacement in test image.

2.6 Vectorial Space

The displacement or vector map calculated in thet ktep
provides much more information regarding the kifidligtortion
which appeared in the image. This way this vectapns a
localized distortion map in the image. This cando®e in both
directions to identify the missing features whictergy not
captured and extra features which don't reallyteXise figure 5
shows the displacement of closest points in grdwuith while the
vectorial space is shown in figure 6 for the tesdge.

2.7 Quality Measure
The map quality measure is calculated using the begtween the
set of features. The map quality can be definedhemahtically as

g=RMF/GTF (4)

where RMF are the number of valid feature pointsnfbin the
robot generated map while GTF are the number dbifegoints
in the ground truth map.

The map quality obtained from the set of test insa@s show in
Figure 8) is shown in Table 1 and figure 7.

Image quality assessment is difficult [7] [10] besa for each
case there can be different criteria to definechality. For these
robot generated maps the most important qualitysoreais the
amount of features or landmarks (points, lines) ethich are
contained in the generated map. That is why we tased our
quality measure on the feature having same shipesave not



used the texture and color information becauserthps are only
binary images.

Table 1. Quality values obtained with different algorithms.

Map | Hough SIFT Harris
1 0.61818 | 0.52966/ 0.6898(L
2 0.74545| 0.55085 0.8148{L
3 0.41818 0.47175 0.3564B
4 0.58182| 0.50000 0.6759B
5 0.47273| 0.411020 0.8472p
6 0.50909 | 0.40395 0.7175P
7 0.49091| 0.39407| 0.40744
8 0.30909 | 0.45763 0.24074

1 2 3 4 5 6 7 8
Map Number

Figure 7. Comparative view of different algorithms.

A very subtle issue is with the finding of the gtyabf the maps
when they are the subset of a larger map. The grdruth is
assumed to be the superset of all the maps santaios all the
features and information. So to assess the quafitthe map
which is smaller than the ground truth, we haveadentify the
subset from ground truth for which the map was geed. This
remains an issue with this algorithm although fapsiwhich are
equivalent to the ground truth the algorithm gifesly accurate
results.

Only other remaining issue is the utilization of tkthreshold.
Utilization of threshold can be a problem becausevl not be
able to match features if the maps are not aligrseith the case of
Harris and Hough transform but this is not the case SIFT
based detector because it can detect matchesfehery are far
away, independent of scale, rotation and dislonatdthough for
the Harris and Hough alignment of the map remaimsrgortant
point. Alignment can be achieved by a startup nartet
identifies a stable point between the robot geedratap and the
ground truth. A map can be considered more accufaie
consistently shows good performance in all threasuees.

3. LIMITATIONS

This system is only suitable for offline-measuretnéor the
quality of the maps. As per definition the measofequality is

very difficult to define because requirements onichithe map
quality is based can be changed according to ted.ne

This algorithm measures the quality only on theidag the
information content of the image. These maps omlytain bi-
level images without any additional information. p/distortions
and noise are not considered because the informaiantact
even with the added noise.

Some of the limitations which are observed are tduhe type of
maps used for processing. If the map has noisé, asica jagged
line or map with distortions, most likely the Hardorner detector
will find lots of corners which could give erroneotesults. Also
Hough transform will fail for the case when poitbuwd data is
separated quit far apart. Similarly for the SIEEe, if there is too
much noise in the maps, this will introduce additibfeatures
which can cause problems during comparison of taufes,
because closely related features will give simisults.
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Figure 8. Maps used for the comparison.

4. CONCLUSION

We have tested our algorithm on the test map imggesrated by
robots. The map images are also augmented withiaalali set of
artificially created images to check the quality.

In conclusion, we have devised an automated methadlculate
the quality of the maps generated by the robot.nate used the
Harris corner detector to detect the interest goivitile we have
used Hough transforms to detect lines, another itapb
localized feature which we have used is scale iamarfeature
transform (SIFT). In the end we propose the threasures that
can define the map quality in three separate teimvs. also
provide a vectorial map that basically tells us i@l distortions
found in the image.
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