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Abstract—Simple, fast and lightweight SLAM algorithms  knowing the robot orientation, SLAM is reduces to a linear
are necessary in many embedded robotic systems which soon estimation problem. The simple assumption of orthogonality
will be used in houses and offices in order to do various shape of the environment, comes from the fact that in

service tasks. In this paper the Orthogonal SLAM algorithm tind . d . ¢ . truct lik
is presented as an answer to this need. In continuation of our MOst Indoor engineered environments, major structures, like

previous work, the algorithm is extended to generate 3D maps Walls, windows, cupboards, etc., can be represented by sets
and empirically validated by mapping the long corridor of  of lines or planes which are parallel or perpendicular to each

our lab with the accuracy comparable with hand measured other. For reconstruction of the desired map, it is sufficient to
ground truth. The main contribution resides in the idea of  gyiract and maintain those major features. In fact, ignoring
reducing the complexity by using orthogonality constraint in . . .
indoor environments. This is done by mapping only planes that other lines/planes (arbitrary oriented or non-orthogonal) not
are parallel or perpendicular to each other which represent Only does not lead to loss of valuable information, but also
the main structure of most indoor environments. Having this  brings amazing robustness on the robot orientation and filter
assumption, we use an inclined sensor setup (fixed 2D SICK oyt many dynamic objects.
laser range finders) to generate 3D orthogonal maps. The  Tnhe agsumption of orthogonality as a geometrical con-
algorithm is extremely fast since in each step it just processes -
one line of laser measurements. straint has already been used by some other researchers,
for example [5], [1]. This geometrical constraint is usually
|. INTRODUCTION applied as a post-processing step in order to increase the
One of the most basic behaviors of an intelligent mobil@recision and consistency of the final map. However, in our
robot is autonomous navigation. This capability is realized bgipproach the orthogonality assumption is not applied as an
obtaining a suitable representation of the robot surroundingaglditional post-processing constraint, rather it is used to se-
which is called mappingSimultaneous Localization and lect only orthogonal lines as observations. In the orthogonal
Mapping (SLAM) is a complex case where the robot is alsdramework, lines and planes are represented by just one
required to remain localized with respect to the portion of thdistance parameter (no orientation is needed), hence each line
environment that has already been mapped. Regardless of thiectly provides some information on corresponding plane,
innate complexity, SLAM algorithms are eventually needegvhich is then accumulated in a Kalman Filter. The mapping
in simple embedded mobile robots with limited processings performed based on this constraint and in a simplified
power. Many of them are targeted for indoor usage dasamework, rather than applying the constraint as an extra
medical or housekeeping applications (see for example doservation afterward. This is a great difference which leads
vacuum cleaner platform [1] or a health care robot [2]). to the removal of non-linearities in the observation model
Today there are some techniques for solving SLAM wittand rather precise and consistent mapping. In this sense our
reasonable complexity [3] (ex. real-time particle filters, subwork is similar to Orthogonal Surface Assignment, the very
mapping strategies or hierarchical combination of metriccecent work of Kohlhepp et al. [6]. Their approach is using
topological representations). However, these techniques dhe same constraint in the framework of multi-hypothesis
developed having powerful computational resources in mindtacking. However, we construct orthogonal planes from 2D
Less research effort has already been spent on developmehservations and the whole infrastructure of our algorithm is
of lightweight SLAM algorithms which are of vital impor- much simpler and faster.
tance in many applications of mobile robotics. Considering The main difference between the work presented here and
indoor environments, in this paper we aim to develop aajority of the existing efforts in the literature relies in the
lightweight and real-time consistent SLAM algorithm basedvay the complexity is reduced. While the other approaches
on planar surfaces which are the dominant structures. modify the basic algorithm by some assumptions and approx-
our previous work we presentedrthoSLAM[4] for real- imations, we propose to use a constraint of the environment.
time mapping of office-like environments. Considering arhis allows keeping a complete coherent approach that now
very common constraint usually present in many indoois actually applied to a simplified problem. This results in
environments, theorthogonality we showed that the un- a better performance for all cases that do not violate the
certainty on the robot orientation can be kept bounded armatthogonality assumption.



To build 3D maps of the environment, apart from stereo
cameras which deliver range information just for textured
part of the scene, usually 3D laser scanners are used. These
3D scanners are usually constructed by rotating a 2D laser
range finder. This can be implemented by nodding, stepwise
or continuous rotation around lateral or radial axis (see [7],
[8], [9], [10], [11], [12]). This common approach provides
rich point clouds which can be used to generate detailed 3D
maps Of.the env'iron'ments. However, not always Obtain-inlgg 1. The BiBa robot. The two inclined SICKs at the top are mounted
a lot of information is necessary or even useful. The flrs_; 45 o the forward and backward direction.
problem in such cases is the stop and move scenario which
is normally mandatory to obtain consistent 3D observations.
That is inconvenient and sometimes not practical. Another
serious problem is how to segment huge amount of points
into homogeneous regions with reasonable performance.

An alternative approach is to keep the 2D observations anc
generate 3D data by the movement of the robot itself. Usually
a horizontally mounted SICK is used for 2D localization and
another vertically mounted SICK accumulates rows of points
in 3D in order to do the mapping (see [13], [14], [15], [16],
[17]). Instead of using two different scanners perpendicular
to each other, it is also possible to get the 3D coordinates
of the scanned points by using only one scanner which is
mounted in a tilted plane (Fig. 1) if we assume the planar
surfaces are perpendicular or parallel to the ground plane. fig. 2. Orthogonal plane construction from 3D line segments. Lines 1, 3,
fact, this assumption is approximately always true in indog 8: © make up five x-planes. Lines 2, 4, 5, 7 are perpendicular to both

! . . . -axis and z-axis and thus can be only classified by comparing with already
environments. Even in most complex parts, like staircasegapped planes or merging with non-associated line segments.
still most of the surfaces satisfy this condition. Therefore the
orthogonality constraint also simplifies sensing system and
feature extraction algorithm. the forward and backward direction as shown in Fig. 1.
2D line segments are extracted from the scans (in sensor
2D frame) and transformed into the robot 3D coordinate

The main idea of this work relies on the Orthogonalityframe. For each 3D line segment, one orthogonal rectangular
assumption on the environment. It brings amazing robustnegkanar patch is constructed by using the line segment as its
and precision in the map building process. Estimation aliagonal. Obviously rectangular planar patches can not repre-
the robot's 3D orientation is virtually removed and mappingent complex surfaces. However, main orthogonal surfaces in
of the orthogonal planes is reduced tdirear estimation an office-like environments (e.g. walls, doors, ceilings, etc.)
problem with one parameter per plane. It is important téend to have rectangular shape or compose of several small
emphasize that the Orthogonality assumption (or constraingctangular patches. Using 3D line segments as diagonals of
holds and in fact exists in most man-made environments. brthogonal planar patches allows very fast and efficient plane
this paper “Orthogonality assumption” and “Orthogonalityconstruction.
constraint” are used interchangeably. An example of orthogonal plane construction is shown

In OrthoSLAM algorithm, only planes verifying the Or- in Fig. 2. There are nine line segments extracted from one
thogonality constraint will be selected and mapped, foobservation. By using the Orthogonality constraint, five x-
example: walls, ceiling, windows, doors, cupboards, et@lanes can be constructed from line segments 1, 3, 6, 8,
Orthogonal planes are divided into three distinct group8. Obviously in order to do that the robot has to know
XPlanes YPlanesand ZPlaneswhich are perpendicular to roughly its current global orientation. Lines 2, 4, 5, 7 are
x-axis, y-axis and z-axis, respectively. Clearly, orthogongberpendicular to both y-axis and z-axis, meaning they are
planes are parallel or perpendicular to each other. Withigither y-planes or z-planes. This ambiguity is resolved by
a group, the orientation of the planes is known. Thus;omparing with already mapped planes or merging with not-
for each orthogonal plane it is necessary to estimate onfssociated lines in subsequent steps. This process will be
one parameter which is the distance from the origin tdescribed in the Data Association subsection. In fact, line 4
the plane (i.e. x coordinate for x-planes and so on). This from an office wall (y-plane), line 5 is from a door way
estimate elements in a group are statistically correlated b(t-plane), lines 2 and 7 are from the ceiling (z-planes). In
not correlated with elements in other groups. this example, there are not any non-orthogonal 3D lines (i.e.

To extract planes from the environment, two inclinedarbitrary lines which are not perpendicular to any axis of the
laser range finders are mounted in inclination 45 to  global frame) to be discarded.

2 direction m]
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Fig. 3. Functional structure of th@rthoSLAMalgorithm.

In the above example, due to broken line segments, planasll be described in the following subsections. Some of the
8 and 9 may come from the same bigger x-plane as they haredules work with projections of the x-planes, y-planes
approximately the same x coordinate and locate near each the xy plane. They are implemented similarly to those
other. This usually happens because of occlusion or openingplained in [4] and thus will be briefly explained.
fThust|rt] is a goog. idea Ito repretsr:anttttr:wem asbtwo fsub—x-platnEB Line Extraction
(roonme paer;%rgfer Igef-%iznglzﬁe) ?0 eztirr]rlljalzrt]e ecra% Egre:g:ji%%e segments are extracted online from raw 2D laser range

. . n ming from the two inclin ICKs. For thi k,

significantly. TheOrthoSLAMimplements this two-levels of ans coming from the two inclined SICKS. For this tas

the Split-and-Mergealgorithm is selected among other line
plane features so that each orthogonal plane (plane level EE%\ P gealg 9

. . raction algorithms (see [20]). In this implementation, only
consists of several near and aligned su_b—plane; (plane Ieylﬁe segments having length froBficm are considered.
2). The number of parameters to be estimated is the number
of planes level 1. 3D Line Calculation

In this work, plane boundaries are not estimated statidhis module performs the 2D to 3D transformation of

tically as they do not have effect on the precision of théhe extracted 2D line segments into the robot frame. The
map. Plane boundaries are only used in the data associati/@nsformation of the segment end points is directly derived
A simple technique for correcting plane intersections (coifrom the configuration of the inclined sensors.
ners) is implemented i©rthoSLAMwhich will be briefly  pais Association (DA)

described in the next section. This module decides the matching for a new observation.

I1l. THE OrthoSLAMALGORITHM The first step is to divide the new 3D segments into groups.
This can be done easily by using the coordinates of the two
end points. For example, an x-plane’s diagonal should have

proximately equal x coordinates of the two end points.

In continuation of the previous work (see [4]), ti@r-
thoSLAM algorithm performs 3D mapping using only or-

thogonal planes. The horizontal ground assumption direct biqui h h : f di
implies that it is sufficient to use the 2D modeling to n ambiguity may happen when two pairs of coordinates

represent the robot pose, i.e:x yr, f). In fact, including are approximately equal, e.g. both x and z coordinates are

2 direction in the mapping does not improve the precisio pproximately equal. In this case, the segment is stored in
of the 2D elements of the resulting map. However, having aitListwhich will be analyzed and merged with other lines

elements in the estimates makes the data association ml%iplanes later on. If a line segment is not parallel to any of

more robust and also results in a complete 3D map which @e xylyz/xz planes, or not Qrthogonal, Itis dlscardgd.
a closer representation of the reality. Once the types of new lines have been determined, the

The planes are constructed from line segments extract tching With thg existing .planes is performed (see [4.])'
from two inclined laser scanners. As already mentione nhe overlapping is determined based on the overlapping

above, each orthogonal plane is represented by one param ances in x and z dire_ctions for x-planes; y and z directions
which is the perpendicular distance from the origin to th or y-planes; x andy directions for z-planes. If two planes

plane, i.e. x coordinate for a x-plane, y coordinate for a ygpproxmately align and overlap, they are matched. Once a

plane and z coordinate for a z-plane. From now on we deno?éane has peen matched (first level), th(_a association is a]so
this coordinate as plane coordinate. .performed. in the sub—plane. I.evell. At this level however it
The OrthoSLAMalgorithm implements the relative map- is much _S|mp!er as the decision is made b_ased on only the
ping approach where the estimate elements are the remﬁ%?rlapplng d|stancgs over the t‘.NO d'”.‘e”S'Of?S-
distances between planes in the same group. This mapping he conceplocal view(as used in [4]). Is also |_mplemented
approach has been shown in [18], [19], [4] to have very goo' OrthoSI__AMto reduce the complexity of this module to
consistency property for map building. constant time.
Fig. 3 shows the working structure of therthoSLAM Orthogonalization
algorithm. It consists of several connecting modules whicfihe functionality of this module is, using the Orthogonality



constraint, to locally correct the constructed orthogonal plamaerged if overlapping. Fig. 4 shows an example of three
parameters in a new observation after the data associatigtanes (top view) where plan@2 and P3 align and close to
Due to noise and imperfect orthogonality of the environeach other. They are merged into one big plane. Additionally,
ment, extracted 2D line segments (thus predicted orthogorthke constraintd;» = d;3 has to be satisfied and thus to be
planes) are not perfectly orthogonal and may be slightlgpplied in order to enforce the relative map consistency (see
deviated. next subsection). Finally, one distance eitllgs or di3 is
For the x-planesand y-planes, the projections on the xgmoved from the relative map.
plane of the 3D line segments are first computed. Next, the When two planes approximately align but they are not
projections are rotated on the xy plane around their middverlapping nor near each other, they are aligned perfectly
points so that they are perfectly orthogonal to each othé have the same plane coordinate. The alignment is ac-
as described in [4]. The 3D line segments are then rotat@@mplished by applying the constraifi{, = d;3. In this
around their centering vertical axis by the same correctiomplementation, only plane merging is implemented.
angle of their corresponding projection. For z-planes, the 3D This module has a complexity aD(N?) where N is
line segments are rotated around their mid point so that tiiee number of planes in a group. However it is called
resulting segments are parallel to the xy plane. periodically (e.g. once ever§0 observation steps) so that
Recall from [4] that the orthogonalization is independenthe computational overhead is minimal. To reduce the cost
of the robot pose. It is obvious that the corrected lines aférther, the module keeps track of plane pairs that have been
mutually correlated after the orthogonalization, however w¥erified for merging/alignment so that they are not checked

do not consider the correlation as an approximation. until the next changes made to one of the planes.
Calculation of Relative Distances between Planes P1
This module computes the relative distances between planes ‘ ‘
in the new observation. The implementation is similar to that d12 ‘
| | d13
|

described in [4]. For z-planes, the distances are between the

ground (the xy plane) and the z-planes. ‘

P2 P3

Estimation

This module performs the estimation of relative distance§g- 4. An example (top view): planeB2 and P3 align and near each

; _ _ ther, thus they are subject to be merged. The constrdints- di3 = 0
lndependently for three groups X planes, y planes and % applied to improve the relative map consistency by the Relative Map

planes. The estimation is a linear problem. The implemeseometric Filter.
tation follows the one described in [4]. Since the elements
in each group are correlated, the complexity is cubic. OnRg|ative Map Geometric Filter

can optimize this operation from the fact that the covarianCghis module implements the Relative Map Geometric Filter
matrix is very sparse. However it is out of scope of this RMmGE (see [19]) in order to to improve the relative map
paper. consistency. For the example above, after merging planes
Absolute Map Construction P2 and P3 the constraintd;s — d13 = 0 is to be applied.

The absolute map is constructed from the estimate of the digsually the constraint involve more than two map elements
tances (the relative map) and one given x-plane, y-plane afgrending on the size of the I|nk|_ng chain between planes
the ground plane. The time complexity of the construction &2 @nd 3. The number of constraints equals the number of
linear on the number of planes. In this implementation, thBlan& merging. In vector form, we can write the constraint
plane boundaries are the union of those extracted in eagft @SH(d) = 0. If we interpret the vector constraint as a
observation. It is the future work that plane intersectionBerfect observatior. = H(d), applying the Kalman Filter
(corners) will be detected so that plane boundaries will bgduation, we have:

accurately computed. d =d+K(0-H(d))

Robot Configuration Update P=P- KTVHP S

In principle, the relative mapping approach does not use K=PVH" [VHPVH'|"

the robot configuration in the estimation. The odometryvhered andP are the map vector and covariance matrix of

information is used only in the DA process and in the casthe relative mapd and P are the updated quantities after

when there are not enough observed features. In a norn@dplying the constraints.

situation, the robot pose is computed using the updated mapSince the relative map elements are correlated, the com-

after the observation has been fused. plexity of the filter isO(N?3) where N is the vector size.
However, this module is called only when there are con-

Merge/Align Planes _ . straints generated by the Merge/Align Planes module.
When two planes of the same group approximately align (i.e.

having approximately equal plane coordinate) and they are IV. EXPERIMENTAL RESULTS
overlapping or near each other, the planes are merged intoFor the experiment, we use the Biba robot
one big plane. Their list of sub-planes are appended arhttp://www.asl.ethz.ch/ which is equipped with two
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Fig. 5. The laboratory floor. Top picture is the construction drawing. Middle picture is the map built using pure odometry information and raw scans
which is corrupted by the odometry drift. Bottom picture is the 2D view of the map built BitigoSLAMalgorithm (ceiling planes are not shown). The
robot’s trajectory is marked on the map going from 1 to 7.

CPUs, two inclined SICK laser scanners (two horizontatlarity. It can be seen that the shape and orientation of
SICKs are not used in this experiment). The two SICKs arthe built map is matched precisely with the construction
mounted in inclination oft5° to the forward and backward drawing. It is an theoretically expected result: by using the
directions as shown in Fig. 1. The robots are running @®rthogonality constraint which holds for this environment,
real-time operating system (RTAI Linux) with an embeddedhere is no orientation error in the estimate. Fig. 6 (right
obstacle avoidance system and a remote control module \pacture) shows the mapped planes of robnvhere the robot
wireless network. has visited. The walls, door way, ceiling and windows are
In our experiment, we use a maximum scan range@f,, mapped correctly compared to what in the reality. Notice
an angular resolution 0f.5° and a sampling rate &fHH>. that moving people, dynamic objects (e.g. opening doors)
We choose our laboratory floor as the testing zone whichnd lying around objects (e.g. tables, boxes) mostly do
consists of a long, narrow hallway and office rooms on bothot appear in the scans since the scanners are falding
sides. The floor has a map size of approximat&lyn x upwards. Otherwise, they are filtered out by the condition
15m. A picture of the floor construction drawing is shown inof minimal segment length, number of occurrences and the
Fig. 5. Unfortunately we do not have the metric informationOrthogonality constraint.
therefore we have to make hand measurements between som&he built map has a size 8Hm x 15m and consists 050
selected reference points for the algorithm evaluation. x-planes,66 y-planes andl9 z-planes. Obviously there are
The robot navigates along the hallway, visiting places frormore planar surfaces in the reality. Nevertheless, the mapped
1to 7 as marked on Fig. 5, including several office rooms andrthogonal planes clearly represent the main structures of the
making two closing loops. The average speed of the robtaboratory places where the robot has visited. Furthermore,
is about30cm/s. The experiment is carried out during thein term of memory usage, having orthogonal planes as the
working hours so that there are people walking around. Imap features, including the associated relative map, is clearly
the whole run the robot performs more th&#100 observation a great advantage over the method using point clouds where
steps. A 2D view of the map obtained by using the puraillions of scan points are to be stored.
odometry information is shown in the middle picture of TheOrthoSLAMalgorithm is performed on a labtop with a
Fig. 5. One can see that the map is corrupted by the odomefPgntiumM-600MHz using the logged data of the experiment.
drift. In term of computational performance, the algorithm is
A 2D view of the map built using th©rthoSLAMalgo- able to run atl0H z without any special optimization. This
rithm is shown in Fig. 5. A 3D view is depicted in Fig. 6 running speed i$ times faster than the input data rate.
(left picture) where the ceiling planes are not shown for Regarding the metric precision, the estimated map has a
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Fig. 6. Left: A 3D view of the built map where the ceiling planes are not shown. The red curve in the middle is the estimated robot trajectory. Right: A
zoomed-in picture of room 5. The planes are mapped correctly compared to what in the reality.
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