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The cover shows a three-dimensional range scan of the mobile plastering robot. The range 
scan is in cyhndrical coordinates. It was measured by the range measuring laser scanner on 
the mobile robot LuSAR by tilting the laser 90 degrees and driving in front of the plastering 
robot with the laser scanner rotating in the vertical plane perpendicular to the motion direc
tion. The colour coding and the black lines give the range from the laser to the scene. The 
increasing distance along the floor is clearly visible. The red lines are the vertical distance 
above the floor. The distance between two lines are 10cm and the height of the robot is 
190cm. A camera photo of the plastering robot is found in paper C. 
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Abstract 

This thesis concerns localization and control of mobile robots using range measurements 
from optronic sensors, in particular scanning time-of-flight lasers. The thesis covers the 
localization algorithms, on-line sensor calibration and tele-operation for semi-autonomous 
control of mobile robots. A real-world apphcation of an autonomous mobile robot equipped 
with an arm for surface finishing operations is also developed. 

The Range Weighted Hough/Radon transform is introduced for robust detection of walls 
and extraction of geometric parameters. Thus a robot can automatically create a map of its 
environment and update it using an extended Kaiman filter. The required association of 
observations with the map features uses a Bayesian classifier. New walls are added to the 
map as they are observed and classified as new. 

Navigation is performed with typical fluctuations of 1 cm and 1 degree (standard devia
tion) at speeds of 0.5 m/s. The navigation is robust even in cluttered environments and with 
several persons moving around. 

Sheet-of-light range cameras have also been tested for mobile robot navigation. A cali
bration algorithm for simultaneous cahbration and locahzation integrates the calibration into 
the locahzation system. The only absolute reference needed by the calibration algorithm is 
the relative motion of the robot. The resulting system performs calibration during normal 
operation without lowering the locahzation performance. 

The algorithms above were apphed to two apphcations: 
• A mobile robot capable of autonomously spray-plastering the walls and ceiling of a 

room. The prototype was successfully tested at construction sites. 
• A semi-autonomous robot tele-operated using tele-commands. The tele-commands 

include navigation along corridors, through open doors, following walking persons and 
automatic map generation of the remote site. 

Keywords. Mobile robot navigation, Range weighted Hough transform, 
Feature association, Range measuring laser, Multi sensor fusion, 
Localization, Map generation, Range camera cahbration, 
Construction robot, Tele-commands 



Preface 

Artificial life and robots have always fascinated humanity: from metal men forged by the 
gods, through Frankenstein's monster brought to l ife by a bolt of electricity, to today's 
robots powered by computers. From magic through electric lightning to computers, we are 
finally reaching a point were robots are moving from our dreams into reahty. But, as always 
when reality enters our dreams, comphcations and difficulties are abundant. 

The most difficult problems to solve in robotics are those of perception and interpreta
tion. How can we make a robot "see" and "understand" what is around it? These are tasks 
that we humans solve without consciously thinking of them. But even the simplest problem 
of perception can be hard for a robot: Locating straight edges and hnes in a cluttered image 
is far from trivial when it has to be done step by step, image point by image point. 

Recognizing these difficulties are an important part of learning about robotics. Many a 
Ph.D. student has set out to build the ultimate robot, only to learn the hard way that it is not 
that easy. I am one of these students. But I've also had the good fortune to have my super
visor and friend professor Åke Wernersson to guide me through my studies and research. 
Without losing the grand visions, he made me concentrate on problems and technologies 
that could bear fruit today and in the near future. It was not the ultimate all-purpose autono
mous robot, but still robots that are more "intelligent" (and much more fun!) than the 
standard industrial robot arm. 

Professor Åke Wernersson introduced me to robotics and has been a great source of 
inspiration, knowledge and guidance during this journey. He has also become a good friend! 
I would also like to extend a big thanks to my two colleagues and valued friends in the 
robotics group: Ul f Larsson and Mats Blomquist. Ulf and I have co-authored several papers 
and we have worked closely together during these years. There are also others who have 
worked together with me for shorter times in the robotics group. I very much enjoyed 
working with Per Åhman. He, Ul f and I worked together in the early days of the Range 
Weighted Hough Transform. When developing the plastering robot, I had the good fortune 
to work with Ulf, Per, Daniel Graff and Roger Aarenstrup, who all contributed to its success. 

During the work on the plastering robot I've also developed very good contacts with our 
collaborators Dan Nilsson at Danex AB and Bo Glimskär at Belab AB. I 'm looking forward 
to working with you in the future too! 

Finally, to my parents, brother, family and all of my friends: Thank you all! 
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Introduction 

The essence of the concept of a robot is the ability to interact with the surrounding environ
ment. A meaningful interaction between robot and surroundings require the robot to have a 
model of the environment, itself and the relation between itself and the environment. 

In an industrial robot arm this is achieved by internal sensors in the robot (axis encoders) 
and an external model maintained and interpreted by the human operator/programmer. For 
an automatic guided vehicle (AGV) a similar scheme can be used with artificial beacons and 
a detector for localization of these beacons. 

For an autonomous or semi-autonomous robot something more elaborate is needed. The 
robot must maintain and update its own model of the world and its own pose in this world. 
The structure of this model depends on the task of the robot and the type of workspace. 

This thesis focuses on mobile robots in an indoor workspace. The tasks considered are 
basic localization and surface finishing operations on the walls and the ceiling in a building. 
To observe the environment a range measuring laser is used with a mirror rotating around the 
vertical axis giving a range scan in the horizontal plane, figure 1. This thesis considers the 
following set of problems: 
• Interpretation of planar indoor range measurements and feature parameter extraction. 
• Feature association and parameter estimation using range measurements taken by a 

mobile robot during motion. 
• Evaluating the above algorithms in the context of tele-operation and on an autonomous 

construction robot. 
• Cahbration of the range sensor on-hne as an integral part of the locahzation system. 
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Figure 1 A typical 270 degree range scan taken in an uncluttered environment with a 
scanning range measuring laser mounted on a robot. Each dot represents a 
range measurement. The gray area depicts the "free space" seen by the laser. 
The robot and laser scanner is indicated at (0,0). 



3. OVERVIEW OF THE THESIS 

Paper A introduces the range weighted Hough/Radon transform (RWHT) for locating 
walls in indoor range scans. The walls are then used both as landmarks for localization and 
as a description of the workspace for task planning and execution. Each flat surface is 
described using the perpendicular distance and the direction of the perpendicular. 

Paper B proposes an algorithm for creating and maintaining a map based on the land
marks (walls) located using the RWHT. The algorithm uses an extended Kaiman filter to 
maintain an estimate of the map and a Bayesian classifier to associate observed landmarks 
with the correct map element. The classifier also makes decisions on when to add new, 
previously not observed, landmarks to the map. 

Paper C describes a complete autonomous mobile robot using the above localization 
algorithms. The robot can autonomously measure a room, including doors and windows. An 
articulated robot arm mounted on a mobile base is used to automatically spray plaster the 
walls and the ceihng in the room. The prototype has been tested at a construction site. 

Paper D shows how calibration of the localization sensor, in this case a sheet-of-light 
range camera, can be integrated with the navigation system. The calibration uses the relative 
motion of the robot, measured by shaft encoders, to calibrate the range sensor. No other 
absolute reference is needed. 

Paper E is on tele-commands for mobile robot operation. The operator delegates sub-
tasks, called tele-commands, to the robot. Examples of tele-commands are "follow the 
corridor", "go to point B" and "pass through the door". This paper shows how range meas
urements can be used for tele-commands and operator feedback. Each tele-command is 
executed autonomously by the robot using on-board non-contact sensors. 

4. RANGE MEASUREMENTS FOR LOCALIZATION 

This section discusses some different sensing technologies for mobile robots, concentrating 
on range measuring sensors. Table I outhnes basic sensor properties. The thesis is based on 
direct methods for measuring range. Vision is only considered briefly. Ultrasonics is 
included for comparison but was ruled early as being too slow and with too poor angular 
resolution. 

4.1. Range Measuring Time of Flight Lasers 

A scanning range measuring laser is a powerful, albeit still expensive, system for observing 
an indoor environment in detail. The resolution/accuracy (typically l-5cm) and maximum 
range (typically 10-30m) are well suited for indoor mobile robot operations. 

Planar scanners measuring ranges in one (usually horizontal) plane give a reasonable 
view of an indoor environment at high rates (several scans per second). This type of scan 
gives a good general view of the room and is very useful for locahzation. However as it only 
measures in one plane it is not a rehable sensor for colhsion detection. Obstacles below and 



Table I Typical Non-Contact Sensors for Mobile Robot Navigation 

Sensor Sensing Rate 
Range(R) 
Resolution (a) 

Angular 

Resolution 
Robustness Comments 

Range 
measuring 
lasers 

10-100 000 ranges/s 
1-10 scans/s (planar) 

R=10-50m 
a=l-5cm 

l-20mrad Few spurious 
measurements. 
Many drop-outs 

Robust measurements with high 
information content. Expensive. 
Requires a scanner mechanism. 

Range 
cameras 

500 ranges/image 
25-1000 images/s. 

R<lm 
c=0.01-10mm 

0.2-2mrad Occlusion, specular 
reflections etc. 

Reliable range sensor for short 
ranges. Cheap. 
Good for camera-in-hand. 

Video 
Camera 

300k pixel/image 
25 images/s 

R=oo 
fJ=oo 

0.2-2mrad Fairly robust for 
2D features 

Sensor fusion with laser has large 
potential. 

Stereo/ 
motion 
stereo 

Potentially fast Scene 
dependent 

l-2mrad Correspondence 
errors fatal 

Limited by corresponding points/ 
areas and robust algorithms. 

Ultrasonic 
sensors 

Slow 
10Hz 

R=5-10m 
CKlcm 

50-200mrad Many spurious 
measurements. 
Few drop-outs. 

Cheap. Side lobes, 13dB. 
Useful for collision detection 
complement to Optronics. 

Reflective 
Beacons 

3-20 angles/rotation 
1-5 rotations/s 

R=100 
a < l m 

lmrad Very robust. Mature AGV navigation technology. 
>1000 installations with >20 000 000 
robot hours. 



above are not seen by this scanning mechanism, neither are holes and stairs in the ground/ 
floor. 

To get a fu l l range view of the surroundings the laser must be scanned in two dimensions 
giving a ful l 3D scan. Such a scan allows the robot to make a much better model of its envi
ronment, including surface modelling. It can also be used for "virtual reahty" presentations 
to the user. However, 3D measurements require considerably more computational power, are 
more expensive and cannot be acquired at the high rates of the 2D measurements. Examples 
of range scans are given in section 5. 

4.2. Sheet-of-Light Range Cameras 

The advantages of the range camera compared to scanning lasers are its low price and 
mechanical simphcity with few or no moving parts. It can also be made much smaller which 
is useful for many applications. In situations with strong ambient light it can be difficult to 
detect the light plane at larger ranges (several meters). Due to occlusion and for practical 
reasons the hght plane generating laser and the camera cannot be offset too much, making it 
very cahbration sensitive at larger ranges. Typical applications might be "camera-in-hand" 
for gripping operations or 3D modelling of machine parts. 

4.3. Camera Vision 

In this thesis camera vision is mainly used as operator feedback in the tele-operation experi
ments, thus leaving the difficult interpretation to the (remote) human operator. In a more 
interesting case we used vision in combination with a planar scanning range measuring laser 
on the mobile plastering robot (paper D). The laser gave accurate distances to the walls and 
the positions of door and windows. The camera was then used to measure the upper and 
lower edges of the windows and the doors. Thus the robustness and simplicity of range 
measurements were combined with the field-of-view given by the camera, into a very useful 
sensor fusion. 

4.4. Vision and (Motion) Stereo Vision 

Stereo systems, even though promising dense 3D range measurements, are still very useable 
in real world situations.However, we do not use any such systems in our research and can 
therefore not give a fair comparison. 

4.5. Ultrasonic Sensors 

The main advantage of ultra sonic sensors is the low price. They are also valuable as a 
complement to other sensors for sensor fusion, i.e. detecting optically difficult surfaces like 
glass and mirrors. Their major drawbacks are the limited angular resolution and low meas
urement rate due to the wide beams and the low speed of sound. When using ultrasonic 
sensing it is important to be aware of and take into account their special properties.As a 
result of specular reflection the measured range often is not the closest range in the direction 



of the axis of the sensor. I f the angle of incidence to a wall is not too large, it wi l l give the 
perpendicular range. Corners acts as reflectors and the range wi l l be to the innermost point 
of the corner, etc. 

4.6. Summary 

For reliable operations in complex environments the short term solution is certainly active 
optical range measurements using either the range measuring laser or the range camera. The 
choice between range measuring time of flight lasers and sheet of light range cameras 
depends upon the apphcation. Range cameras are best for short ranges and lasers for longer 
ranges and where the size of the equipment are less critical. 

A combination of several sensors are always desirable for higher reliability. A good 
example can be a 2D range measuring laser for localization and mapping, ultrasonics for 
collision detection, vision for operator feedback and a range camera for looking at the 
ground in front of the robot. 

5. INTERPRETING RANGE SCANS 

Range scans from range measuring lasers are a recurring theme in this thesis. However, due 
to page hmitations each paper can only include one or two typical examples. To give a better 
understanding of the measurements, this section includes a number of illustrative range 
scans and some typical range weighted Hough/Radon transforms (RWHT). This section is 
not intended to be a stand-alone introduction to range scans and the RWHT. Rather, it should 
be used as a complement to the papers in the thesis, showing some interesting and hopefully 
thought provoking raw data. 

Figures 2 to 9 show some typical planar range-scans measured with the IBEO Ladar 2D 
mounted on the mobile robot LuSAR. Together with the range scans there are photos 
showing parts of the scenes. The Ladar 2D is a time-of-flight laser. It sends out short laser 
pulses and measures the time until the reflected hght returns. It is capable of eight scans per 
second, each containing 456 range measurements in a 270 degree sector. 

Figure 14 shows a scan measured with the Acuity Research Accurange 3000 laser 
mounted on the mobile plastering robot. The Accurange 3000 uses a modulated laser beam 
to measure distance through the phase-shift of the modulation in the returned light. Using 
our scanning mechanism the laser gives four scans per second with 1000 measurements per 
scan in a fu l l 360 degree view. 

The main tool used in this thesis for interpreting range scans is the range weighted 
Hough transform. Figures 10 to 13 and 15 shows illustrative examples of the RWHT of some 
range scans. 

Finally, figures 16 and 17 show a three dimensional range scan of a corridor. As sensors 
become more capable and computers become faster, the use of three dimensional range 
measurements wi l l become more important. Sensors like the Daimler-Benz Aerospace Laser 
Range Camera give ten range images per second, each w i t h 640 by 480 range 
measurements. 



(Scale is in meters.) 

Figure 2 An illustrative range scan taken with the IBEO Ladar 2D in the corridors 
outside the robotics laboratory at LTU. The robot is indicated at (0,0) and each 
range measurement is shown as a dot. The gray area is the "free space" in 
which the laser has not detected any obstacle. The photo (about 60 degrees 
wide) shows the same scene, including the robot. 

This scan contains several interesting features: 

• The most obvious feature of the scan is the walls of the corridors. Most of the 
measurements are from the walls which make the walls excellent landmarks for 
localization. 

• Three open doors (A) are visible. 
• Range discontinuities cause several jump edges (B) in the scan. 

• Spurious range measurements (CJ are created on short jump edges as the laser 
beam hits two objects and the built in signal processing interpolates between 
the two echoes, see also figure 9. 

• Drop-outs (D) due to ranges exceeding the maximum range (32m) of the sensor 
or problems due to reflectivity properties. 

• Pillars (E) on the wall occludes part of the wall behind. 
• The scanner has a 90 degrees blind zone (F ) behind itself. 

• The laser scan is taken in one horizontal plane. Thus the low box (G) is not 
visible, neither would a hole or stairwell in the floor be detected. 

• The closed glass doors (Hj in the corridor are detected by the laser in this 
scan. They are not detected in figure 3 where the robot has moved closer. 



(Scale is in meters.) 
Figure 3 The glass doors at (H) was detected by the laser at a distance of 18 meters in 

figure 2. However as the robot moves closer (11 metres above) the laser starts 
to see through the glass. At 6 metres (below) the laser only detects the door
frames while the glass is transparent. There is also a large number of drop
outs. 
Of course, the laser can see in the dark corridor beyond the door just as well 
as in the illuminated areas. 
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Figw/ig 4 A more cluttered scan still has some of the walls visible. This scan was taken in 

a part of the robotics laboratory. The mobile plastering robot is visible in front 
of LuSAR. 
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A range scan taken outside the robotics laboratory at LTU. The two photos 
show parts of the same scene with the robot included for reference. 
The long "arc" 15 meters in front of the robot is were the laser scan intersects 
with the ground. On more uneven ground this will be a major problem for a 
planar laser, making a 3D laser very desirable. 
There are many drop-outs. Both due to too large distances (>32 meters) and 
materials with poor reflectance properties in combination with large distances. 
Letters in the range scan and the photos indicate corresponding features. 

The bright vertical line at the right edge of the right photo is a retro-reflecting 
tape used by the navigation system on CALMAN, a large robotic lawn mower. 



(Scale is in meters.) 

Figure 6 Another range scan taken outdoors. The photo shows the area to the left of the 
robot with trees and brushes. Since the angular resolution is 10 mrads and the 
range is between 5 and 10 meters the distance between the laser beams among 
the trees are between 5 and 10 centimetres. Thus few stems or branches inter
sect more than one beam, creating a clutter of measurements. 
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Figure 7 Outdoors close to a wall covered by tiles and metal panes. Some of the trees 
can be seen in the range image. The author is visible in the range scan and to 
the right behind the robot close to the wall. 

Note the drop-outs caused by the metal panes. 



Figure 8 
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In uneven terrain the laser often looks down at the ground, limiting its prac
tical range. A wobbling mirror would give a sensor for rapid measurement of 
the ground profile. 
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Figure 9 This range, scan taken in the robotics laboratory, illustrates an interesting 
property of the IBEO time-of-flight laser. 

In the plot a board (A) is placed in front of the wall (B). The positions of the 
board and the wall are overlaid on the zoom-in shown in the smaller plot. 
The height of the board is such that the laser beam partly hits the board and 
partly passes the board and hits the wall. The range (C) given by the laser is 
an interpolation between the wall and the board. The ranges of the spurious 
measurements vary depending on how much of the laser hits the board and 
how much hits the wall. 

These spurious measurements usually occur at vertical edges, see (C) in 
figure 2. They are easily filtered as they are almost always isolated. Acciden
tally getting a scan like the one above had only happened once during the 
six years we have used the laser. 
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Figure 10 A range scan of a corridor and its corresponding Range Weighted Hough 
Transform (RWHT). The two big peaks in the RWHT correspond to the two 
walls of the corridor. The position along the y-axis is the perpendicular 
distance from the robot to the wall. The direction to the wall, relative the robot 
heading, is given by the position of the peak along the x-axis. The height of the 
peak corresponds approximately to the length of the wall. The end of the 
corridor at 23 meters also gives a weak peak in the RWHT. 

The smaller image shows a gray scale coded top-down view of the RWHT. 

The RWHT can be considered as a histogram. For each possible wall (distance 
and direction) the range measurements close to that wall are counted as 
supporting it. The range weighting means that the height of the peak is the sum 
of the ranges to those measurements. 

Range weighting is used to compensate for the non-uniform sampling of the 
polar range scan. 



Figure 11 The RWHT of the corridor junction from figure 2. The associations between 
the Hough peaks and the walls are indicated in the range scan and the top 
down view. 

Here one single range scan has given a map of a large area in parametric 
form. The change of the parameter values can be predicted when the robot 
translates and rotates. 



Figure 12 The RWHT of a range scan from the robotics laboratory with a little more 
disturbances than in the previous figures. Still the major walls are easily 
located in the Hough transform. 



Figure 13 A yet more cluttered view of the robotics laboratory. Three walls are easily 
located which is enough for localization. Path planning through this lab would 
obviously require some other complementing representation - this is not a 
world consisting of large polygons. 
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Figure 14 This range scan is measured using the Accurange 3000 laser mounted on the 
plastering robot. This laser measures distance through the phase-shift of a 
modulated laser beam. The noise level is considerably lower than for a time-
of-flight laser but there can be large absolute errors due to calibration errors 
and variations in surface reflectance. 

The large plot shows a scan taken in the room built for testing the plastering 
robot. The plot to the lower left shows a zoom-in of the left wall. Note the 
window opening with a curtain 12cm behind it. 

The lower right plot shows the wall outside the room at x=3.8. The true profile 
of this door, which includes a closed door, is overlaid in the plot. 
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Figure 15 These two plots show the RWHT of the scan in figure 14. It is given in robot 
coordinates - 0 degrees is straight ahead of the robot. The low noise levels of 
the Accurange 3000, in combination with the clutter free room, make this 
Hough plot very clean and detailed. Even lines close to each other can be 
separated. 
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Figure 16 Three dimensional range scan plotted in cylindrical coordinates. The range is 
coded by gray scale, darker is further away. The IBEO scanning laser was 
tilted 90 degrees and translated along a corridor, thus scanning in the plane 
perpendicular to the translation. 

White indicates drop-outs. The resolution is about 500 by 500. 

The lower third of the scan is the left wall, and floor, with pillars and pipes on 
the wall. Two sofas, and the end of a third, are clearly visible. The legs of the 
sofas are of polished metal causing drop-outs. A small waste bin is also visible. 

The middle of the scan is the ceiling covered by metal panes. 

The upper third of the scan is the right, relatively feature less, wall. The two 
areas with drop outs are blank metal panels at the lower end of two doors. The 
doorposts are faintly visible. 

The obtrusion to the left is a wall with a doorway through which the robot 
passed. The two open doors are clearly visible. 
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Figure 17 The range scan from figure 16 with equirange contour 
curves superimposed at 10cm intervals (above). The same 
range scan is plotted in 3D below with each range measure
ment plotted as a dot. Part of the ceiling and the right wall 
is cut out to make the left wall and the sofas visible. 
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Abstract. Accurate navigation of a mobile robot in cluttered rooms using a 
range-measuring laser as a sensor has been achieved. To extract the directions 
and distances to the walls of the room the range-weighted Hough transform is 
used. The following experimental results are emphasized: 

• The robot extracts the walls of the surrounding room from the range 
measurements. The distances between parallel walls are estimated with a 
standard deviation smaller than 1 cm. 

• It is possible to navigate the robot along any preselected trajectory in the 
room. One special case is navigation through an open door detected by the 
laser. The accuracy of the passage is 1 cm at a speed of 0.5 m/s. The 
trajectory is perpendicular to the wall within 0.5 degrees in angle. 

• When navigating through corridors, the accuracy is better than 1 cm at 
0.8 m/s - the maximum speed of the robot. 

Odometric data and laser measurements are combined using the extended 
Kaiman filter. The size of the cluttered rectangular room and the position and 
orientation (pose) of the robot are estimated during motion. The extraction 
and the resulting navigation are very robust against both spurious measure
ments in the laser measurements and disturbing objects. 

1. INTRODUCTION 

A method for navigating a mobile robot in cluttered rooms and corridors is introduced and 
tested using the robot in figure 1. The locahzation of the robot is performed relative to the 
walls of an indoor environment. The area around the robot is measured using an on-board 
scanning time-of-flight laser. The observations of the walls are extracted using the range-
weighted Hough transform (RWHT) and the position of the robot is continuously updated 
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Figure 1 The mobile robot used in the experiments. The scanning range-measuring laser 
is mounted on the front. The robot has three wheels, with odometers on the two 
rear wheels, and steering and traction on the front wheel. The maximal speed of 
the robot is 0.8 m/s and the maximum steering angle is 90 degrees. The range-
measuring laser system is controlled using a T800 transputer. The Hough trans
form is computed on an i486-based PC standing just in front of the tower of the 
robot. The computer for motion control of the robot is MC68020-based. 

using an extended Kaiman filter (EKF). The experimental tests presented concern navigation 
in one room at a time. This is useful as a proof of concepts, and makes the result clearer and 
easier to understand. A complete map-building and navigation system along these lines is 
under development with prehminary results given in [14]. 
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1.1. Different Sensor Systems and Related Work 

Robot navigation is generally based on a combination of internal sensors (like odometers 
and rate gyros) for dead reckoning and external sensors (like time-of-flight lasers) for 
finding objects in the surroundings of the robot and for locating external position references. 
Robot navigation is a wide research area with numerous contributions including books like 
[6] and [15]. Navigation can use external references and landmarks occurring naturally in 
the environment Uke walls and tree trunks. Landmarks can also be artificial as in navigation 
using radio beacons (including GPS) and, for indoor navigation, retroreflective tape as in 

[11]. 
To put this contribution in its proper context some of the sensing principles used for 

mobile robot navigation are outhned in table 1. The first column is for the scanning time-of-
flight laser used in this paper. The second column is for a typical ultrasonic system. The last 
column is for a navigation system where a rotating laser measures angles to several identical 
beacons consisting of stripes of retroreflective tape. 

Actual navigation experiments using ultrasonics have been carried out in several labora
tories (see [4] and [15]). Ultrasonics has the drawback that the angular resolution is poor and 
spurioses are common, [15]. This makes direct use of ultrasonics difficult. To improve reso
lution an uncertainty grid and a Bayesian type of filtering are used in [7]. In [16] ultrasonics 
is used to build a feature-based map. Modelhng and simulation efforts as in [10] are impor
tant as well as the basic physics [21]. 

An alternative technology is scanning range-measuring time-of-flight lasers. The range 
resolution is about the same as that for ultrasonics, but the angular resolution is much better 

Table 1 Typical Sensors for Mobile Robot Navigation. 

Time-of-flight 
laser 

Ultrasonics 
Laser beam and 
reflectors 

Beam width 0.04+0.002 R m. 0.03+0.2R m. 0.001+0.001 R m 

Samphng 

Side lobes 

0.25 ms 

None 

20-100 ms 

13 dB 

0.1 ms resolution 

None 

Spurious measurements Few Many Very few 

Useful range 0.5-30m 0.1-5m 0.2-100m 

Range resolution a = 2cm. o = 1cm.  
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and there are less spurioses. The combined advantages result in the time-of-flight laser 
generally giving a high-resolution two-dimensional scan of the robot's environment in a 
fraction of a second. In [5] it is described how a scanning range-measuring laser can be used 
to correct the position errors introduced during dead reckoning. A direct matching of range 
data to an a priori map is used to find the corrections. Mutual dependencies are modelled in 
[19] and tested experimentally. Map building and path planning among polygonal objects 
are the subject of [9]. Simulations are made with a perfect dead reckoning assumption. 

Vision and stereovision in combination with extended Kaiman filters have been used in 
[3]. In [2] a set-based algorithm is used to achieve very low computation times. The third 
column in Table 1 is a very special type of 'vision'-based navigation [11], [22]. Stripes of 
retroreflective tape are used as landmarks making the image processing both simple and 
robust. This navigation system is in fact in industrial use for AGV navigation. The repeata
bihty is better than 0.5 cm at fu l l speed. 

One contribution in this paper is the extraction of walls using the Hough transform (HT) 
and its range-weighted generalization. The RWHT is very robust, allowing some 15 people 
to move around in the room during the experiments. The HT as such was used on images in 
[13] for finding comers and floor-wall intersections. It turns out that the HT is more efficient 
on range data than on images. 

One problem all these systems have in common is the extensive and time-variable 
computing required by complex navigation algorithms. In this paper the time delay during 
computation is modelled and included in the algorithms. In effect, the dead reckoning and 
the observation parts of the Kaiman filter are partially separated. 

2. EXTRACTING OBSERVATIONS FROM T H E L A S E R 

MEASUREMENTS 

This section illustrates how the Hough transform extracts flat surface elements (walls) from 
the range measurements of the scanning laser and how the door opening is detected. The 
measurements are presented as a polar curve and not as a traditional image. The Hough 
transform of a range scan is 'cleaner' and much more rehable than the Hough transform of a 
typical image. Thanks to occlusion in the range scan parallel hnes are unlikely to occur close 
to each other. Hence the hnes are well separated in the Hough space. A typical range scan is 
shown in figure 2. 

The walls are modelled by the perpendicular distance d from the robot, and the angle y 
to the perpendicular relative to the robot's orientation. The range scan is a set of points in 
polar coordinates { r ; , (p (} relative to the robot. The range scan is taken while the robot 
moves and is thus somewhat distorted by the motion. It is simple to correct the distortion 
caused by the motion by assuming a constant velocity during the 0.1 seconds required for 
one 270 degree scan. This is, however, not done below since at 0.5 m/s the distortion is 
small. 
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2.1. The Hough Transform 

To find the walls relative to the robot a weighted version of the Hough transform is used. The 
g -weighted Hough transform C(d, y) is defined as 

C(d, Y) = cos (<pf - y) - d)g(rp <p,., y) (1) 
i 

where w is a window function and g is a weighting function to be selected below. The argu
ment in w is equal to the shortest distance between the point (r-,<p.) and the Une (d,y). 

Currently a unit rectangular window function w(x) of width 2a is used. 

[0 1*1 > a 

This choice allows an efficient implementation. For the case g = 1 it follows that 

Cy(d, y) = the number of measurements inside the strip 

with width 2a centred around the line (d,y) (3) 

After discretization in (d,y), the special transform Cl is thus a counting function making 

C^(d, y) a histogram. The transform Cj of the scan in figure 2 is plotted in figure 4. 
In the range scan the sampling is uniform with angular steps 5^. As the distances 

increase, each sample corresponds to a longer surface segment. To compensate for this the 
surface samphng rate is introduced as the weighting function g2, giving 

(4) c2(
d>i) = X w ( r i C 0 S ( ( P i ~ ' i / ) - d ) 

i |cos(cp ;.-y) 

The weighting makes C 2 sensitive to even single spurious measurements at large 
distances - especially the cosine term. A compromise is to use only range weighting, 
g3 = ^. .giving 

cl(d> Y) = Xw(r ;.cos(cp ; - y) - d)ri (5) 
i 

called the range-weighted Hough transform. This could still be sensitive to spurious meas
urements at large distances. However, the Umited range (30 meters) of the laser limits this 
effect. Without such a range limit some other kind of validity check of the measurements 
might be necessary. For the room in figure 2 range-weighted Hough transform is plotted in 
figure 4. At short ranges the signal-to-noise ratio has increased. More plots of the HT and 
RWHT of range measurements are given in [8] for indoor scenes and in [18] for an outdoor 
scene with a building. 

The peaks in the RWHT are found by first searching for the single highest peak. The 
measurements associated with this peak are then removed from the Hough transform and the 
procedure is repeated until all major peaks have been found. Each peak in the histogram 
gives an estimate of the perpendicular distance and the relative orientation of a surface. The 
Hough peak is then enhanced using a robust least squares method giving the observation 

(.ly)-
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Figure 2 A laser scan taken in one of the robot laboratories. The scanner is at position 
0,0. The scanning range-measuring laser used is an IBEO Ladar-2D. The laser 
beam is about 4 cm in diameter and the maximum range is 32 m. The standard 
deviation in range is approximately 2 cm. A sector of270 degrees is sampled 
with an angular resolution of 0.6 degrees. The mirror rotates continuously with 
8 rotations per second giving 450 readings for each rotation. 

When searching for the walls of a rectangular room, the rehabihty of the estimate can be 
increased by searching for groups of four peaks at 90 degree intervals, rather than for single 
peaks. Increased scores are thus given to walls that are orthogonal or parallel to other walls. 
This method is used in the experiments described in Section 4. This has the additional 
advantage that we need to find only one such group of four peaks, thus making the iterative 
approach for finding several peaks unnecessary. 

In the navigation experiments the angular resolution of the Hough transform was usually 
about three degrees (120 angular steps for a normal Hough transform or 30 for the room-
extracting version). The distance resolution was usually 2.5 cm. The required computation 
time is proportional to the product of the number of angular steps and the number of meas
urements. It is not affected significantly by the distance resolution. 

2.2. Extracting the Position of a Door. 

Doorways are detected by searching for several consecutive measurements beyond the wall, 
see figure 5. I f the detected opening has the correct size, then it is classified as an observation 
of a door opening. The position of the opening is estimated as the mean of the positions of 
the two door-frames. The beam width and the angular step 8^ give approximately the sum 
of two uniformly distributed noise sources and are approximated by Gaussian noise. 
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Figure 3 The Hough transform Cj(y, d) of the room in figure 2. The walls can be 
extracted as peaks in the Hough transform. The noise from small objects near 
the laser makes it hard to detect the walls. The vertical scale is the histogram 
count. For both figure 3 and 4 the resolution is 6 degrees and 10 cm. 

Figure 4 The range weighted Hough transform C 3(y, d) of the room in figure 2. The 
four walls give clear peaks while the small objects close to the laser are 
suppressed by the range weighting. The vertical scale is the weighted histo
gram count, roughly proportional to the visible length of the walls. 
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Figure 5 Part of a rangescan taken by the robot. The scan illustrates how the doorway is 
found where measurements are detected beyond the wall. The scale is in 
meters with the robot located at (0, 0 ) . Only every third measurement is 

plotted. 

3. NAVIGATION IN A C L U T T E R E D ROOM AND THROUGH AN 

OPEN DOOR 

This section describes how the position of the mobile robot inside a cluttered rectangular 
room can be estimated while the robot is moving, and how the robot can navigate through an 
open door. 

3.1. Observations and the State Vector 

The observations of the walls are extracted by the Hough transform and described by the 
perpendicular distance d and direction y relative to the robot's pose. This can be used to 
model any polygonal building. For the special case of a room with four walls the model rela
tive to the robot wi l l be 

\dx Yj d2 y 2 d3 y 3 d4 y 4 ] (6) 

I f the room is rectangular, then the walls wi l l be at 90 degree intervals and only one angle 
y is needed to describe the orientation of the room relative to the robot, see figure 6. 
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Figure 6 The states of the filter are the robot pose (x, y, 6) and the size of the room 
(x ,ys). The observations extracted by the Hough transform are 
(dp d2, dy d4, y ) . To navigate through a door yd is also needed, a is the 
angle of the steering wheel. 

Appending the position dd of the door gives the observation vector at time tk as extracted 
by the Hough transform and a subsequent least squares tuning. 

Z(tk) = d\(tk) d2(tk) -%tk) d3(tk) dA(tk) dd(tk) (7) 

For the state vector a coordinate system has been placed in one of the corners of the room 
giving x = , y = d2 and 8 = - y . The constant (but uncertain) size of the room is used 
to replace the two remaining distances, xs = dx+ d3 and ys = d2 + d 4 . This makes the 
time-varying pose of the robot and the constant size of the room explicit. For clarity of pres
entation we assume that the door is on a wall parallel with the y-axis, giving the state vector: 

X(tk) = [x(tk) y(tk) Q(tk) xs ys y d ] T (8) 

To summarize: the first three components in the state vector X(tk) are the pose of the robot. 
One of the corners in the room is used to define the global reference frame. The last three 
components are the size xs, ys of the room and the position yd of the open door. These 
three state variables can be viewed as the "map" of the room. 
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I f the laser is located at (0, 0) on the robot we get the linear observation model 

Z(tk) = HX(tk) + w(tk) where H = 

During the experiments the laser was not mounted at (0, 0 ) . Eq. (9) gives the principle but 
the actual observation function used in the system is nonhnear. 

A simpler system can be designed using only the position of the door relative to the robot 
(three parameters). The disadvantage of a simpler system is that the observation of the door 
is rather inaccurate compared to the observation of the room. By filtering several observa
tions we can obtain a very good estimate of the door's position relative to the walls of the 
room. By measuring the robot position relative to the walls during motion we can maintain a 
good estimate of the robot position relative to the room, and indirectly the door. This allows 
the robot to pass through a door with 1 cm fluctuations even though the observation of the 
door position has at least a 2 cm uncertainty. 

1 0 0 0 0 0 

0 1 0 0 0 0 

0 0 1 0 0 0 

- 1 0 0 1 0 0 

0 - 1 0 0 1 0 

0 - 1 0 0 0 1 

(9) 

3.2. Dead Reckoning 

The robot's pose can be expressed in different frames. For t > t. the displacement of the 
robot since time tk is written as 

Pit) kx(t) ky(t) *e(0_ (10) 

where {k} is a frame defined by the pose of the robot at time tk - see figure 7. The super
script k denotes that the pose is expressed in the coordinate system olframe {k} . The pose 
expressed in the global reference is written as P(t) = . 

The pose of the robot at time t in the global reference frame can be expressed using the 
robot's pose P(tk) at time tk and the displacement P(f). 

P(t) = P(tk) + R(Q(tk)) > ( r ) (11) 

where R(Q) = 
cosG -sinB 0 

sinØ cosØ 0 

0 0 1 

(12) 

Also, (11) recursively updates the dead reckoning estimate of the pose P(tk) of the robot. 
The estimation error P(t) = P(t) - P(t) propagates as 

P(tk + x) = P i f k ) + [R(e(tk)) - R(Q(tk))] P(tk + j) + 
(13) 

+ R(Q(tk)) P(tk+1) 
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Figure 7 Pose of the robot given in frame {k} defined by the robot at time t k . The 
trajectory between tk and tk ^ is modelled as a sequence of arcs. 

k~ k-
where P(tk + j is the dead reckoning error between tk and t k + 1 . The error P(tk + j is 
modelled as zero-mean Gaussian with covariance matrix Q(tk + j . A linear approximation 
of (13) vahd for small errors 9 is 

p ( h + i ) - F k p ( t k ) + R m k ) ) k p ( t k + 1 ) (14) 

where 

Fk = 

1 0 -kx(tk+1)smQ(tk)-
ky(tk+1)cose(tk) 

0 1 kx(tk+ JcosQitj - ky(tk+ Jsinéitj 

0 0 1 

(15) 

The approximation is used for updating the covariance matrix. 
To avoid large linearization and modelhng errors the odometer estimate is updated with a 

higher frequency (50 Hz) than the Kaiman filter ( = 1 Hz). The higher frequency is also 
needed to supply the control law with up-to-date position estimates. 

Between the two range scans at time tk and tk + j the estimate of P(t) and the covari
ance matrix Q(t) are updated at (tk v t k 2 , t k + x ) . The displacement ' P(tk of 
the robot between time tk l and tk [ + l is computed from the odometer readings. The uncer
tainties in the odometer readings are modelled by a covariance matrix ' Q(tk i + j ) . 

P(tk , j ) and Q(tk , , ) are computed using (11) and (14) modified such that the 
updated pose is expressed in the local frame {k} . 
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3.3. Navigation 

The navigation system is summarized in table 2. There are two processes active. The dead 
reckoning process is samphng at high frequency while the localization process operates in 
the background. 

When, at time t k , a measurement scan is taken, the background process first extracts the 
observations from the measurements and then uses these observations Z(tk) to filter the esti
mate X(tk\tk _ j ) , predicted at time t k , using an extended Kaiman filter, [l].^The result is the 
filtered estimate X(tk\tk). The time is now t k + x and the displacement P(tk+1) of the 
robot since tk has been computed by the dead reckoning process. This is used with (11) to 
compute the new prediction X(tk + A t k ) and the associated covariance matrix ~L(tk + 1 \ t k ) . 

R(Wk\tk)) 

o 

k p ( t k + 1 ) 

" ^ 0 T 
n o 

0 7 0 7 

-

+ R(ktk\tk)) 
W i ) 

R(ktk\tk)) 

0 0 

(16) 

Note that X(tk\tk) is not available until t k + j due to the computational delay in the 
extraction. An estimate X( ) is available to the control law whenever requested 

X(t) = X(tk\tk_l) + R(P(tk\tk_i)) 

0 
t>t. (17) 

3.4. The Control Law 

The position estimator introduced above makes a large variety of navigation tasks possible. 
Each of them require a good control law. The two most basic navigation tasks are posi
tioning and trajectory following. Several control laws have been studied (e.g. [12], [17] and 
[20]) and can be used in this navigation system. The control law used to evaluate the naviga
tion in this paper is a control law for following straight hnes adapted to the task of passing 
through an open door. 

The control signal is the angle a of the steering wheel and the desired trajectory is a 
straight hne parallel with the x-axis at y = yd, see figure 6. The chosen control law is given 
as 

a(f) = - atan(fcj(y(f) -yd(t)) + fc2siné(f)) - 0(r) (18) 
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Table 2 The Dead Reckoning and the Localization are Computed in Parallel as 
Two Separate Processes. 

Time Dead Reckoning Process Localization Process 

kP(tK0) = 0 

kQ(h,o> = 0 

{ r, y } measured with laser. 

h,i t 0 h,Lk 

k* 
The displacement P(tk ,) and 

the covariance matrix Q(tk j) 

are recursively updated using 
odometer readings. 

Extract the vector Z(tk) from 

the range scan. 
Use the EKF to compute 

X(tk\tk) and Htk\tk). 

/fc-
The displacement P(tk + j 

and the covariance matrix 
& 

Q{tk j ) are updated as above 

and stored. 

X(tk+l\tk) and S ( r f c + 1 | g 

are computed according to eq. 
(16). 

By choosing the feedback constants and k2 the amount of overshoot can be 
controlled. Note that the front wheel has to overshoot to properly align the rear wheels. 
Compare with figure 9. A prehminary gain scheduhng was used for k v k2 • 

4. EXPERIMENTAL RESULTS 

The algorithms have been tested with the robot described in figure 1. A range scan taken by 
the laser is shown in figure 2. This section presents a number of experimental results and a 
discussion of error sources. The most serious errors are caused by erroneous interpretation 
of the range data. 

4.1. Navigation in a Corridor. 

The first tests of the algorithms were made in a long corridor. When navigating in a 
corridor there w i l l be two distinct peaks in the Hough transform. The feedback law is 
designed such that the peaks are at equal distance and perpendicular to the heading of the 
robot. Thus the robot will move along the middle of the corridor. 
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Figure 8 The photograph shows the trajectories plotted on the floor just in front of the 
door. A pen was mounted under the robot. The large initial manoeuvres are 
completed, and the trajectories are now almost parallel. The visible part of the 

measuring rod is about 10 cm. 

Plots similar to this, but with a finer pen, were used to evaluate the repeata

bility presented in Table 3. 

At the ful l speed, 0.8 m/s, of the robot the repeatabihty of the motion is better than 1 cm. 
Moreover, the laser was disturbed intentionally by flapping a paper close to the it without 
noticeable effect on the navigation. 

4.2. Navigation through an Open Door. 

The robot autonomously finds the walls and doors of the room and, for passage, selects one 
door. It is capable of adapting to new situations, and wil l stop and search for a new door i f 
the door it is heading for is closed during the approach. 

Although the laser can measure eight f u l l scans every second, the present computer is 
only capable of processing one scan per second. During a passage through the door at 0.5 ml 
s only about six to ten scans are used before the passage. 

A pen is mounted under the robot fairly close to the midpoint between the front and rear 
wheels, figure 8 is a photo of eight trajectories plotted on the floor with this pen. In this case 
the speed was 0.2 m/s. The fluctuations of the plotted trajectories converges within 1 cm just 
before the robot passes through the door. Table 3 gives the result of a statistical analysis for 
this type of 'ground truth'. The plotted lines were evaluated using a measuring rod. The 
results wi l l be compared and discussed below. 

During the tests, extracted wall coordinates, estimates of the state, etc. were recorded. 
The trajectories plotted in figure 9 are the Kaiman filter estimates of the robot's position 
relative to the estimated position of the door. More precisely, the front wheel curves are 

(19) 

where the estimates £ f w , y^ of the front wheel are computed from x, y, 6 in the Kaiman 
filter. 
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Table 3 Standard Deviations Showing the Repeatability during Tests at Two 
Speeds and with Different Starting Positions. 

0.2 m/s 0.5 m/s 

"Easy" rans, from starting positions 
about three meters in front of the door 
and within 20 degrees. 

ay ~ 0.5 cm 

(JQ = 5 mrad 

Gy = 0.7cm 

(SQ ~ 4mrad 

"Difficult" runs, from starting positions 
closer to, and to the side of, the door 
(see figure 9). 

Oy ~ 0.9cm 

do = lOmrad 

ay ~ 1.2cm 

a a ~ 8 mrad 

The curves in figure 9 show the transients. Although not plotted here, a zoom-in on the 
last 50 cm shows fluctuations very similar to the plots on the floor. 

Two elements in the state vector are the size of the room. A number of estimates are 
plotted in figure 10. Each point is from a complete scan obtained by a least squares fit initi
ated by the four peaks of the Hough transform. There are three categories of errors. Noisy 
measurements occur, giving a standard deviation of 0.3-1.2 cm depending, among other 

Rear midpoint Front wheel 

H 
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Figure 9 Experimental trajectories when starting from several different starting posi
tions. The right hand plot is the front wheel and the left hand plot is the rear 
midpoint. Note that the overshoot of the front wheel is necessary to align the 
robot with the perpendicular of the door. The plotted trajectories are the 
Kaiman filter estimates of the robot's position relative to the door. 
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factors, on how long a segment of the wall is observed. A calibration error arises, giving a 
constant offset. The differences between A and H are interpreted as disturbance by the 
heating radiators on the wall. This type of disturbance is a typical association error and, i f 
large, is the most serious as it cannot be compensated by either cahbration or simple statis
tical methods. 

Figure 10 These two plots show the series of observations of the size of the room. Each 
point in the plot indicates the size given by one observation. The true size of 
the room is 5.45 by 5.64 meters. 

(Left) The plot shows how the measured size of the room varies as the robot 
moves. The 'A', '£" and 'H' plots are taken from trajectory 'A', 'E' and 'H' 
in figure 9 respectively. 

(Right) The distribution of size measurements when the robot is stationary is 
shown with the robot at three different poses, the starting point of trajectory 
'A', 'E' and 'H' respectively. 

The |3 symbol marks the actual size of the room. The differences between 
measurements taken at different angles and positions are probably due to 
association errors between the wall and the heating radiators mounted on it. 



17 

4.3. Erroneous Association and Conventional Error Sources 

During navigation one side of a corridor was actually a several meters long glass wall. The 
frames of the glass panes gave a weak peak in the Hough transform, while the wall of the 
room behind the glass panes gave the strongest peak. This is a typical source of erroneous 
associations. It can be 'resolved' by sensor fusion (relative to the model classes in [18]) or 
by using a detailed map. 

Absolute errors: The position of the laser on the robot, an asymmetric laser beam and 
angular offset in the scanner give systematic errors in the measured range. Most of these 
errors can be reduced by calibration. 

Dynamic errors: Timing uncertainties, such as exactly when the scan was taken, is a 
genuine noise source for the dynamic behaviour. 

Geometric errors and clutter: Many small objects hke the 28 legs of the Board of Grad
uate Research have httle effect on the Hough transform and do not disturb the navigation of 
the robot. Two heating radiators 4 cm from one wall covered 40% of the length of the wall 
were more disturbing. It is hard to model the consequences on the trajectory caused by these 
types of correlated range noise. 

Geometrical ambiguities: When entering a new room of unknown size there might be 
some initial ambiguities. A large rectangular object like a table might be interpreted as a 
wall and give rise to a 'large false door'. The robot wi l l automatically correct itself when it 
finds the true wall behind the 'large false door'. Also, non-parallel walls in a rectangular 
room might cause the association gates to fail. I f the room is irregular the ambiguities when 
choosing the four walls have to be dealt with by both refining the models, and by trading 
performance for robustness. 

5. CONCLUSIONS, GENERALIZATIONS AND FUTURE WORK 

The problem studied was navigation in cluttered rooms using a range-measuring laser as the 
geometrical sensor and the Hough transform to extract geometrical information. 

A robust algorithm was developed for simultaneous estimation of the robot's pose in the 
room and the size of the room. Feedback laws were developed and tested for two cases, 
passage through an open door and navigation in corridors. The fluctuations in the experi
mental trajectories were smaller than 1 cm and 0.6 dgrees at 0.5 m/s for passage through a 
door. A corridor gave 1 cm at 0.8 m/s. 

A detailed noise budget is complicated, since there are several non-negligible dependen
cies among the variables. The preliminary conclusion is that, without any special compensa
tions, it is possible to navigate within 1-2 cm and with wiations of 1 cm. Sharp turns at 
maximum speed (0.8 m/s) will give larger errors. 

Most types of standard noise (electronic, dynamic, jitter, etc.) give a fairly predictable 
behaviour of the robot. Also an analysis seems fairly straightforward using tools from auto
matic control and signal processing. However, the most serious disturbances are erroneous 
geometrical interpretations giving association errors. This is an important topic for forth-
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coming studies, i.e methods and algorithms for combining multiple sensors, geometrical 
rules and maps without running into combinatorial explosions. 

The model, algorithm and tests described above were restricted to one rectangular room. 
This introductory test can be generalized for an 'entire building having a polygonal architec
ture'. For each visible wall in the building it is possible to extract the coordinates (d, y) 
with the Hough transform. The last three components in the state vector (8) are replaced 
with the coordinates of all the observed walls, compare with (6). The observation vector in 
(7) is replaced with the coordinates of all the walls that are extracted at time f. . This implies 
that the estimate of the state vector w i l l be augmented with new states as new walls are 
observed by the moving robot. This generalized map-building and navigation system has 
recently been implemented on two new mobile robots, one of which is described in [14]. 
Expanding the model from one room to two rooms and finally to an entire building intro
duces new problems in that matching observations to landmarks becomes gradually more 
difficult and time-consuming. 
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Abstract. Abstract—This paper presents an algorithm for environment 
mapping by integrating scans from a time-of-flight laser and odometer read
ings from a mobile robot. The Range Weighted Hough Transform (RWHT) is 
used as a robust method to extract lines from the range data. The resulting 
peaks in the RWHT are used as feature coordinates when these hnes/walls are 
used as landmarks during navigation. The associations between observations 
over the time sequence are made in a systematic way using a decision directed 
classifier. Natural geometrical landmarks are described in the robot frame 
together with a covariance matrix representing the spatial uncertainty. The 
map is thus built up incrementally as the robot moves. I f the map is given in 
advance, the robot can find its location and navigate relative to this a priori 
given map. 
Experimental results are presented for a mobile robot with a scanning range 
measuring laser having 2 cm resolution. The algorithm was also used for an 
autonomous plastering robot on a construction site. The sensor fusion algo
rithm makes few erroneous associations. 

Abstract. Keywords—Localization, Association, Mobile Robot navigation, 
Range Measuring Laser, Range Weighted Hough Transform, Association 
Errors, Data Fusion 

1. INTRODUCTION 

This paper presents a systematic method for integrating scans from a time-of-flight laser on 
board a mobile robot. Experimental tests for indoor navigation have been completed. The 
method can be extended for outdoor navigation. 

Previous work in this area has used either a grid based approach (i.e. uncertainty grids 
[6]) or a symbohc approach where features are extracted and interpreted [2], [13] and [14]. 
The current work uses the symbohc approach with the map stored as a set of feature coordi
nates relative to the robot and a corresponding covariance matrix. 

There are two basic types of uncertainty. Firstly, the model of the world and the robot's 
motion are uncertain and the range measurements are noisy and contain spurious large 
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Figure 1 Range scan and map of a room. The range scan (shown as dots) consists of 
450 range measurements over a 270 degree sector. The scale is in meters. The 
T-shaped symbol is the robot and the straight lines shows the walls detected in 
this range scan. 

errors. Secondly, the identity of the observed features are unknown giving rise to scene inter
pretation and association problems. The algorithm developed deals with both these uncer
tainties in a systematic way. The robustified estimation is performed using a Kaiman filter 
based approach while the association uses an approximate Bayesian classifier. 

The sensor fusion algorithms are robust enough to handle both the above mentioned 
spuriousness in the range measurements and large outhers in the odometer measurements, as 
when the wheels shp on some object on the floor. The algorithms can be extended to include 
a vision system - theoretical and experimental work is in progress. 

1.1. Outline of the Measurement Integration Algorithm. 

The map generation process integrates range scan using the following four steps: 
1. Take a rangescan and extract the feature parameters using the range weighted Hough 

transform and a robust least squares algorithm. 
2. Predict the map state at the time when the scan was taken, with the motion estimated 

from the odometers. (The dead reckoning is a continuous process operating in parallel 
with the other calculations.) 
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3. Match the observations from the last scan with the predicted estimates in the map. 
Decide which observations are new features previously not present in the map. Ambig
uous measurements are discarded. 

4. Update the map using the matched observations using an extended Kaiman filter. Extend 
the map with any new features. 
In step 3 we define the association function A ; ( ) which is an approximate estimate of 

the probability that a certain matching is correct. The match w i l l be accepted only i f 
A ; ( ) > T, otherwise the observation is discarded.In step 4, the actual estimation of the state 
vector from the observations and odometer measurements are performed using an extended 
Kaiman filter, [1] 

2. REPRESENTATION OF A TWO DIMENSIONAL INDOOR 

ENVIRONMENT IN ROBOT COORDINATES 

The map generation algorithm presented is intended for indoor navigation using a scanning 
laser to measure ranges to objects in the horizontal plane. The most prominent features of an 
indoor scene are the straight lines corresponding to the walls. These can be detected effi
ciently using the algorithms described in section 3. 

2.1. Feature Representation 

In this paper the world is modelled as a set of infinitely long straight lines (walls); we use 
the term feature to refer to the element in the environment causing the hne in the range scan. 
Each feature is described by it's orthogonal distance (d) and direction (y) from the robot 
(see figure 2). These two parameters are referred to as the feature parameters or feature coor
dinates. We write the feature parameter for feature i as 

Assuming that the modelled part of the world contains some finite number N of such 
features, then at time tk the features in the robots environment are described by the state 
vector 

Because features are described relative to the robot it follows that there is no fixed coor
dinate system and no exphcit representation of the robot's position. The state vector could 
also contain other features hke "jump edges" at range discontinuities, corners or, for outdoor 
navigation, tree trunks. The algorithm given below can be modified to included these cases. 

X ß ) = 
d ß ) 

y ß ) 
( i ) 

(2) 
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2.2. The Motion Equations 

The displacement of the robot from time t k _ l to tk is described by the vector 

U(k) = \px(k) p ik) pG(k) (3) 

given in the robot frame at time t k _ l . The first two components ( p x , py) are the translation 
and the last component ( p j is the rotation. In the robot used during the tests, the actual 
displacement is estimated from odometric data using the dead reckoning equations given in 
[11]. The state transition of the N feature coordinates are 

X(k) = f(X(k - 1), U(k)) = X(k - 1) + G(X(k - 1)) U(k) (4) 

where 

-costYjOfc- 1)) -sintYjCfc- 1)) 0 

0 0 - 1 

-cos(Y 2 (fc- 1)) - s i n ( Y 2 ( £ - l ) ) 0 

0 0 - 1 G(X{k-V>) = 

-cos{yN(k-l)) -s in(Y i V (A;-l)) 0 

0 0 - 1 

(5) 

This equation is a kinematic model describing how the features positions change as the robot 
moves. Note that the state transition is linear in the motion U(k) but not in the state vector 
X{k). Observe that it is also possible to use this type of formalism for isolated objects such 
as tree trunks etc. 

2.3. Two Transformations to Fixed Coordinate Systems 

We have described how feature are described relative to the robot. It is also possible to repre
sent the robot's position, or the position of an object, relative to two or more features. Two 
examples of this are given below. 

By introducing a local coordinate system attached to a pair of features with parameters 
(rfi.Yi) and (d2>Y2) relative to the robot, for example a corner in a room, it is possible to 
record the robot's absolute position or to reduce the size of the estimated state vector. The 
intersection of these two hnes defines the origin of an ON-coordinate system. Choosing the 
x-axis to be rotated iy^k) + y2{k))/2 relative the robot frame gives the robot's position in 
this coordinate system as 
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Figure 2 Walls are described in the robot frame (the dashed arrows indicate the x- and 
y-axes) using the orthogonal distance d and the angle y. The distance d is 
positive when the wall is facing the robot (A,B,C,D and I), and negative when 
it is facing away from the robot (F,G and H). The feature parameters d c and 
y c are marked in the figure. 

x(k) 

y(k) 

e(k) 

f j 2 ( k ) - y l ( k ) 
-(d^k) + d2(k))cos[ -

n2(k) - yAk) 
(dß)-d2(k))smy -

yx(k) + y2(k) 

(6) 

Other pairs of (dt, y.) in the state vector can be transformed into the new fixed coordinate 
system. 

A second coordinate system is defined by the robot position at time tg . Rewriting (4) 
and solving for the position using a least square method gives 

x(k) 

y(k) 

B(k) 

= [G(X(0))TG(X(0))]~lG(X(0))T[X(k)-X(0)] (7) 
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3. EXTRACTING FEATURES FROM RANGE MEASUREMENTS 

A time-of-flight laser on the robot takes a horizontal range scan of the surroundings. The 
parameters of the walls are extracted from these measurements using the Range Weighted 
Hough Transform (RWHT) [7]. With this method walls can be found even in very cluttered 
rooms. An example of a range scan and the detected walls are shown in figure 1. 

3.1. The Measurement Model 

Consider a feature/wall with feature coordinates (d, y ) . The laser pointing in direction (p m 

then measures the range rm modelled as: 

r - = ^ c o s ( c p t - y ) + ( 1 - e " ) m m ) + vm (8) 

where vm is the random pulse to pulse range fluctuation. I f the laser beam is reflected off the 
wall then the binary random variable Em = 1 . I f , on the other hand, the laser beam is 
reflected off some other object at range R(<pm) then e m = 0. To estimate the parameters of 
the feature we need a method for extracting the set { r m , cp m | ( e m = 1)} from the range scan. 

3.2. Extracting Feature Parameters with the Hough Transform 

To extract the features parameters from the range scan we have to decide which measure
ments originate from features and which are from disturbing objects. From (8) we note that 
in the case of e m = 1 we get 

r

mc°s(<S>m-y)-d = v Ä C Q 8 ( 9 w - y ) (9) 

It follows that most of the range measurements (r ,cp ) where e = 1 satisfy 

| d - r m c o s ( < p m - y ) | <h where h = 3jVar(vm) (10) 

The condition given in (10) is tested for a set of (d, y) candidates. I f the condition is 
satisfied for a candidate then the measurement votes for that candidate. This is the Hough 
Transform (HT). When using range measurements a range weighted version of the HT is 
needed. Thus the Range Weighted Hough Transform (RWHT) C(d, y) is given by 

C(d,y) = X w ( r m c o s ( ( p m - y ) - r f ) r m (11) 
m 

where w is a window function. The argument in w is equal to the shortest distance between 
the point (r^cp^ and the hne (d,y). Currently a unit rectangular window function w(x) of 
width 2h is used. 

w(x) = I 1 W * * (12) 
[0 \x\>h 
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This choice allows an efficient implementation. Weighting with the range rm is used since 
in the range scan the samphng is uniform with angular steps. Thus, as the distances increase, 
each sample corresponds to a longer surface segment, roughly proportional in length to the 
range rm. For more details see [7] and [8]. 

The peaks in the RWHT are found by first searching for the single highest peak. The 
Hough peak is then enhanced using a robust least squares method giving the observation 

where the identity between / and i is unknown. The measurements that fa l l within an 
interval 

around this peak are then removed from the Hough transform and the procedure is repeated 
until all major peaks have been found. The RWHT should thus be seen as generating cluster 
gates. The resolution is not increased by making finer grids. 

A critical point in the position estimation process is the association of a measurement to a 
specific feature in the state vector. Since the individual measurements have no identity, we 
need an algorithm to decide which feature the measurement originates from. In pattern 
recognition this is know as unsupervised classification (see, for example, [5]). Because we 
want to build a map of the environment while the robot moves, the algorithm has to be recur
sive. 

Association algorithms often use some kind of gate around the predicted value, either of 
a fixed size, or dependent upon the covariance, for example the Mahalanobis distance, [12]. 
This imphes that the most probable match wil l always be chosen. Our algorithm refines this 
technique and uses the best match only i f the probability is high enough, otherwise the meas
urement is discarded. 

4.1. The State and Observation Vectors 

From a range scan at time tk the Range Weighted Hough Transform gives a total of L{k) 
features. Each extracted feature coordinate (d, y) is denoted by Z f k ) where 0 < I < L(k). 
The corresponding covariance matrix is denoted by S,(k). 

(13) 

rf/-rmcos((Pm-y;)|<2Ä (14) 

4. ASSOCIATION AND ESTIMATION 
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The total number of different landmarks observed up to and including time tk is denoted 
M(k). The state vector estimate X(k) in the Kaiman filter at time tk consist of these 2M(k) 
feature parameters as introduced in (1). 

X(k) X2(k) 

X-M{k)(k) 

(15) 

The estimated uncertainty covariance matrix of the estimate is denoted X(fc). The size of 
X(k) increases as the robot discovers new features, but might also shrink i f features are 
discarded. 

The state vector estimate can be initiated with an a priori map. In the case of no prior 
information the first set of peaks extracted at time f Q 

IT 
X(0) = Z[(0) Z 2 (0 ) J £(0 ) (0) (16) 

Z(0) = diagiS^O), S2(0), Sm(0)) (17) 

gives the initialization. 

4.2. The Basic Association Algorithm 

We now return to the question of associating feature measurements Z ß ) to the features 
accumulated in the estimated state vector X(k). In particular, this subsection gives an algo
rithm for associating a single observation with the estimated state vector. From section 3.2 it 
follows that we can write an observation Z ß ) of a feature as 

z ß ) = fn ii r\2I ... % / ] X(k) + wß) (18) 

where Tjj,, Ttø, - .T\N are binary random variables with 

N 

S = 1 (19) 

i = 1 

Based on all the previous observations, we wish to calculate the probability cBi that 
Z ß ) is an observation of feature i, i< M(k). 

2>. = pr(r\. = 11Ü(l), U(k), Z ( l ) , ..., Z(k- 1), Z ß ) ) (20) 
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The previous information up to U(k) and Z(k - 1) is approximated by the state estimate and 
error covariance, giving the approximate probabihty 

a?t^Pr(t[i=l\k(k\k-l),Hk\k-l),Zß\Sß)) (21) 

I f Zl is an observation of feature coordinates Xi, then the prediction of Zl is 
HiXmk-l), where 

1 0 

0 1 

0 0 
0 0 

J = ' 

(22) 

Using the corresponding covariance matrix, we get the likelihood function for Zl being an 
observation of Xt as 

Pi(Zl> S l ) = 1 = i (23) 
2nJ\Hi-LHi + S j 

where 5 ; is the covariance of the measurement . The time index is omitted for brevity. 
Using B ayes rule, an approximation of the probability (21) for 1 < i < M(k) is given by 

the association function A ; ( ) defined as 

PfZp S,) 
*t " Sl> = M ( 2 4 ) 

j=l 
where q models the likehhood that the measurement corresponds to a feature that is not yet 
in the estimated state vector (M(k) <i<N). This likelihood q can be thought of as the 
'intensity of detectable objects' in the scene. Including the parameter q has a very signifi
cant effect on the behaviour of the association algorithm and the shape of the decision 
regions, (see figure 3.) 

The function A f Z t , S,) give us an estimate of the probabihty that Z ; is an observations 
of the feature i. In landmark based navigation it is not always desirable to use the best match 
as it is often very confusing to make even a single mismatch but quite harmless to just skip 
an observation. Thus only observations with A ; ( ) > T are accepted as observations of the 
feature parameters The threshold T is 'close' to one and usually used as an tuning 
parameter. An illustration of the algorithms behaviour is given in figure 3. When a suffi
ciently probable association has been found and accepted, the measurement is used to update 
the state using Kaiman filtering. 

4.3. Simultaneous Association of Features 

Thus far, the relations between the features coordinates have not been used. I f a good map is 
available, either a priori or from earlier observations, but the robot position uncertainty is 
large, then the variance for each estimated feature w i l l be large but some wi l l be strongly 
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T»0.95%, q=0 

Matched 2 

Distance 

-2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5 

T=0.95%, q=0.01 

Matched a new, previously 
unknown feature 

No match 

Distance 

Figure 3 Illustration of the association function and the effect of the parameter q. The 
plots shows the decision regions when matching one observation to one of 
two features. Note that this example uses unrealistic parameter values to 
better illustrate the principle. 
The variance of the estimate of feature two is twice that of feature one. 
In both plots a threshold T of 95% is used. The white regions indicate where 
no match is possible with this criterion. 
In the upper plot q is zero, indicating that the two features are the only ones 
possible. In the lower plot q is 0.01 indicating a small likelihood of detecting 
a previously unknown feature. Note the fundamental difference between the 
decision regions for these two cases! 
The features (at (0,0) and (1,0)) are indicated by white plus signs and white 
circles with one standard deviation radius. 
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correlated. In this case it is possible to get a higher probability for the hypothesis i f more 
than one measurement is matched simultaneously. Thus we might recognize a corridor by its 
width or a room by its size rather than the by distance to the individual walls. 

As an example, let us look at the case of matching a pair of two observations to a pair of 
two features in the state vector. The approach is the same as given earher. The hkehhood for 
Z j , Z 2 being observations of features i and j is given by 

p i £ z i > z i > = 

f X ( 

" ' f 
\ 

X 

I Z 2 J V I Z2_ 
HL J 

- T - -1 

0 
I + 

H l 
0 4 

(25) 

and the association function for simultaneously associating Z j and Z 2 with feature i and j 
respectively is thus 

A . < Z 1 5 Z 2 ) = 

Pij<ZVZ2> 
M M M 

(26) 

(27) 

I I P « 1 m 2 ( Z l ' Z 2 ) + I ( p m ( Z l ) + P m ( Z 2 ) ) ? + ? 

m, = 1 m , = 1 m = 1 r<2 

In the derivation of (27) we have assumed that there is no correlation between the unob
served features. The normalizing denominator is partioned into three terms. The first term is 
the case where the measurements are observations of features estimated in the state vector. 
The second term consist of the sum of the hkehhood functions for the case where one of the 
measurements is generated by a feature estimated in the state vector and the other measure
ments is an observation of a feature not yet estimated. The last term q corresponds to the 
case where both measurements are new observations of previously unknown features. 

4.4. Adding New Features to the State Vector 

Those observation that could not be associated to a previously detected feature in the state 
vector might be observations of "new" features not yet included in X. To avoid that Zx 

introduces a duphcate we require that 

M 
1 - S HZP

 sl> > T
 (28) 

i = 1 

where M is the number of features already included in X. Thus, the approximate proba
bility that the observation is not from one of the estimated features has to be greater than T 
for a new feature to be added. 
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When a new feature is added, the state vector is augmented with the two new variables 
and the covariance matrix with the 2x2 covariance matrix. The covariance between the 
newly added states and the other states is zero. The new state vector and covariance matrix in 
the filter is then given by 

(29) 
X E 0 

h 
o s. 

4.5. Deleting Duplicate Estimates of a Feature 

Even i f the condition in (24) is fulfilled, there is a small probability that a new feature might 
be added by mistake, resulting in two separate estimates of the same feature. The highest 
risk for such duplicates is when the robot returns to the initial position and rediscovers 
features seen before - compare with figure 5 and figure 10. To detect such duplicates it is 
necessary to check that the estimates are well separated. This is done using the same princi
ples as above. 

Assume that XM and Xt are both estimates of the same feature Xt, i<M. The esti
mated state vector is then 

X = 

X, 

X M-1 

+ w (30) 

with Cov(W) = X . The distance XM - Xj is used as a test variable in the modified associa
tion function 

A * ( X M ) = 

Pt*(.XM) 

X Pj*(XM) + q 

7 = 1 

where P:*(XM) = 

2n 

(31) 

(32) 

I f At*(XM) > T then the estimated state vector is merged to 2 (M - 1) elements using 

- l 
X* = K*X where K* = 

f 
- i I 

- l -, 

T 
J H L J 

r 
J H t 

(33) 
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with the covariance matrix 

X* = K*~LK*T (34) 

The merged state vector X* and the covariance matrix X* is then used as the new esti
mate of the feature parameters. Note that i f there is no correlation between XM and the 
other elements in X, then (31) is identical to (24) and (33)-(34) can be rewritten in the form 
of a Kaiman Filter update [15]. 

5. EXPERIMENTAL RESULTS USING A RANGE MEASURING 

L A S E R ON A M O B I L E ROBOT 

The experiments were carried out using the mobile robot LuSAR (Luleå Semi Autonomous 
Robot). The tests described were for navigation around a large rectangular obstacle in a 
room and when re-entering a room three times with a disturbing shp over a tube in between. 
In both cases the robot returns to the initial position and rediscovers old features. 

5.1. The Mobile Robot LuSAR 

The algorithms were implemented on the mobile robot LuSAR (figure 4) equipped with a 
scanning range measuring laser. The laser, an IBEO Ladar, can measure distances up to 30 
meters in a 270 degree sector with a resolution of 2 centimetres. Using the multitasking 
operating system QNX control tasks and odometric measurements can run in parallel with 
the time-consuming measurement processing and classification. 

The robot is intended to be used as a semi autonomous teleoperated robot controlled by 
fairly high level telecommands. A human operator selects the sequence of commands while 
the robot performs low-level control and planning. With increasing autonomy, the communi
cation bandwidth needed and the human workload w i l l decrease. During the current 
mapping tests, the steering of the robot was by the operator. Examples of previously tested 
autonomous operations are passing through doors [7] and navigating along corridors [9].The 
use of rate gyro was demonstrated in [10]. 

5.2. Building a Map of a Laboratory with an Obstacle 

In this test a map is generated for a room with a rectangular object in the middle. The 
sequence of plots in figure 5 shows how the map was generated recursively as the robot was 
driven around the object. 

To evaluate the accuracy of the map the robot was driven around the lab twice, saving the 
state (or map) after each lap. The speed varied between 0.5 and 1 m/s, generally higher 
during the second lap. This process was repeated twelve times. In two of these tests the robot 
made some small mistakes when generating the map; failing to include the short wall in the 
upper right corner of the map, and duplicating wall. Neither of these faults caused any 
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Figure 4 LuSAR - Luleå Semi Autonomous Robot. The two rear wheels have one motor 
each, with a third motor used for steering the single front wheel. Computation 
and control are performed by a standard industrial 486 PC running a multi
tasking operating system (QNX). Incremental encoders measure the rotation of 
the rear wheels and the steering angle. On the top of the robot is the scanning 
range measuring laser. The robot is capable of speed up to 2 m/s, but most 
tests were performed at speed below 1 m/s as higher speeds are impractical in 
the tight indoor environments. 

serious disturbance to the system and are in no way fatal. The ten entirely successful runs 
were used to compute the statistics in table 1. 

The results conform nicely with what could be predicted. The longer walls are estimated 
more precisely than the shorter ones, especially the angle, and the estimates improve after 
the second lap by about as much as can be predicted from theory. The standard deviations 
from the experiments agrees fairly well with those predicted by the Kaiman filter. 
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Table 1 Statistics from ten experimental robot runs around the laboratory 
in figure 5. 
The table shows the sample standard deviation for the size of the room, and the 
angle between the walls. The first two column shows the results after one lap 
around the lab, the last two the result after two laps. The speed was between 
0.5 and 1 mil. 
The second table shows the maximum deviations from the mean rather than the 
standard deviations. 

Standard After one lap After two laps 

deviations Size Angle Size Angle 

Long walls 22 mm 5 mrad 15 mm 3 mrad 

Short walls 17 mm 9 mrad 16 mm 7 mrad 

Diagonal wall 14 mrad — 9 mrad 

Maximum Aft cr one lap After two laps 

deviations Size Angle Size Angle 

Long walls 37 mm 7 mrad 24 mm 6 mrad 

Short walls 28 mm 17 mrad 31 mm 15 mrad 

Diagonal wall — 32 mrad — 15 mrad 

5.3. Passing through Several Cluttered Rooms 

The next test was made with the robot passing through two laboratories, a hallway and a 
small room, figure 6. The robot started in one laboratory (pos 1), moved out into a hallway 
(pos 2 to 4), turned back into the laboratory (pos 5) and moved further into the next labora
tory (pos 6, 7). From there it turned back through the first laboratory and into the hallway 
(pos 8) and back to the laboratory again (pos 9). (Positions refer to figure 6.) The plots show 
range measurements taken at the nine positions overlaid onto each other using the navigation 
algorithm, and for comparison using only dead reckoning from the odometers. 

The rooms are rather cluttered and it can be quite difficult to detect the walls in the range 
scan. Still the robot was capable of navigating. The robot of course used many more scans to 
navigate than is shown in the plots, as it continuously scans the environment while it moves. 
The largest disturbance was caused when the robot drove over a tube (a rotation around 
x = -4 and y = - 3 ) 
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Robot Navigation Test — Position 1 

10 -9 -8 -7 -6 -5 0 

-5 

Robot Navigation Test — Position 2 

Robot Navigation Test — Position 3 
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Robot Navigation Test — Position 4 

Robot Navigation Test — Position 5 

-10 -9 -8 -7 -6 -5 - 4 - 3 - 2 - 1 0 1 

Igure 5 Map generation test where the robot navigates around a rectangular object in 
the laboratory. The sequence of plots illustrate how the robot builds its map 
incrementally. The robot measures continuously while it moves, and made 
several measurements between each of the above plots. 
Each of the five plots show the robot position, the current state of the map and 
the latest range scan. The first plot is taken before the robot started to move. 
Thus, all the walls in the map was generated from Hough peaks in the same 
range scan. The subsequent plots show how the map is built as the robot 
moves around the laboratory. Note how the upper wall is rediscovered in plot 
4. The final plot (5) shows the robot on its second loop around the room, 
successfully using the map it created on the first lap. 
A statistical evaluation of the accuracy of the map is given in Table 1. Typical 
standard deviations are 2 cm. This test is in a very 'clean' environment to 
illustrate the algorithm. More cluttered rooms are tested in figure 6. 
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Figure 6 The upper plot shows nine overlaid ranges cans aligned using dead reckoning. 
The lower plot shows the same measurements but aligned using position esti
mates from the navigation algorithm. During the test the robot passed between 
the rooms as indicated by the numbered "T" symbols. The final scan taken in 
position 9 during this test is also shown in figure 1. The figure size is about 15 
by 10 meters 
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6. SIMULATIONS 

In the simulations described here the robot moves between four rooms of varying sizes, 
figure 7. The robot moved in a circle between the rooms in the direction A B C D. The plots 
illustrates typical behaviour of the algorithm under different circumstances, both with and 
without an a priori map. The association algorithm seems fairly reliable when the motion 
uncertainty is <10% of the travelled distance. It is illustrative to see how the covariance is 
reduced when the robot returns to it's initial position, figure 8. 

6.1. Map Building and Association 

In the first simulation the robot built it's map while travelling between the four rooms. The 
state vector is initialized with the feature coordinates of two walls which are then used as the 
position reference to evaluate the performance of the navigation algorithm. Figure 8 show 
the error in the y-position. 

The map is created during the first lap. The following laps have about 5 times smaller 
errors as the map created during the first lap can now be used. The plot shows how the error 

Robot Nav Test 
10 

c 4 
o 

£ 3 

o 

- 1 

D 

- - i * 

t 7 M I i+ 

Robot f 

IWMrtWHHlHtWl M i n i ! I 

-2 - 1 2 3 4 5 6 
x-Position in Meters 

9 10 

Figure 7 In this simulation the robot moved between the four rooms, with noise added 
to both motion and measurements. The '+' signs are the random range 
measurements. 
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Error in Estimation of y-Position 
0.25 

0.15 

« 0.05 
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-0.19 
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Time Index 
100 

Figure 8 The error in the distance to the lower wall as the robot moves around the four 
rooms in figure 7. The plot shows the error in the robot's y-position estimate 
during 5 different test runs. The robot builds the map during the first lap. It re
locates the lower wall around time 26. During the following laps, the newly 
created map is used, giving much smaller errors. 

increases during the first lap around the four rooms. When (around t=26) the robot re-locates 
the lower wall, the error is immediately decreased as the algorithm successfully associates 
the new measurement with the correct feature in the map. During the following loops the 
error is much smaller as the robot can use the map it created during the first loop. 

6.2. Navigating with and without an A Priori Map 

An a priori map can be provided to the robot by initializing the state vector with the feature 
coordinates for all the walls. This section compares the behaviour of the algorithm with and 
without such an a priori map. 

Noisy odometric readings were simulated having the following statistics for one motion 
step. 

Mean(I/) = 
0.46 

0.047 

0.20 

and Cov(U) = 
0.0025 0.0002 -0.0003 

0.0002 0.0023 0.0097 

-0.0003 0.0097 0.042 

(35) 

with translations in meters and rotations in radians. 
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Error in Estimation of y-Position Using A Priori Map 
0.4 I 1 ! 1 ! 1 1  

0.3 h 

-0.2 r 

0 50 100 150 200 250 300 350 400 
Time Index 

Figure 9 The plot shows the error in the y-position of the robot for 10 simulations. In 
these simulations an A Priori map was given. Each simulation corresponded 
to 12 anda halflaps around the building modelled in figure 7. 

In figure 9, the error in the estimated y-position is plotted when the robot navigated using 
an a priori map. The y-position is defined here as the distance to the lower wall. The error, as 
seen in the plot, increases when robot is between rooms A and B and between rooms C and 
D. In these locations, the laser receives few measurements from the walls parallel to the x-
axis. Therefore the RWHT only extracts feature coordinates corresponding to walls parallel 
to the y-axis. Hence there is no reduction of the "temporary dead reckoning" error in the y 
position. The orientation (not plotted) is, however, still being updated. 
To test the map building algorithm, the simulations were repeated without an a priori map. 
Figure 10 shows the errors in the estimate of the y-position. Comparing this with the case of 
an a priori map (figure 9) we see that the peaks in the estimation errors appear at the same 
positions. The difference is that the error is significantly larger when the robot is in rooms B 
or C where the wall defining the y-axis is occluded. As the robot moves the map is 
improved. Therefore the error in the estimated y-position at time index 400 is smaller than at 
time index 15 (the same spatial position of the robot). 

The first loop when the map is generated is the most critical period. In one of the test 
runs, the algorithm failed to associate the measurements from the wall which was used to 
calculate the y-position. This resulted in the lower of the curves in figure 10. 
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Error in Estimation of y-Position with No A Priori Map 

0.5 h 

0.4 h 

I i i i i i i i i 

0 50 100 150 200 250 300 350 400 
Time Index 

Figure 10 Error in the y-position for 10 simulations identical to those in figure 9, except 
that no map was given in advance. Thus the errors are larger during the first 
loop and then decrease. 

A critical point is when the robot observes features that have been occluded for 
a long time. This first happens at time index 20. In one of the test runs the algo
rithm failed to associate the measurements of the wall used to calculate the y-
position leading to a bias in the estimate. 

7. CONCLUSIONS AND FUTURE WORK 

The algorithm was tested in several other experiments not reported here. Reliable results 
were obtained even in cluttered environments. In a well structured environment, the standard 
deviation of the error was about 2 cm for range and 0.3 degrees for orientation (Table 1). The 
reliability of the system can be exemplified by the fact that it continued to function even 
when, due to a mechanical fault, one rear wheel was spinning freely on its axis. Simulations 
were made to study failures for large motion uncertainty. The algorithm seems rehable i f the 
motion uncertainty is less than 10% of the travelled distance. 

The principle drawback at present is the computation time. For small maps, with up to 25 
walls, real time operation is feasible with updating times of 1-2 seconds on a 33MHz 486-
PC. As the size of the map increases the time increases quickly to unacceptable levels. A 
solution is to use approximations of the distributions and explore only a subset of the combi
nations. This w i l l also allow simultaneous matching of more than two features, greatly 
increasing the robustness of the algorithm. Another method to improve speed is to represent 
states that are far away from the robot relative to other states, rather than directly relative to 
the robot. 
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The reader should observe that only distances and angles to walls are used. This keeps 
the results unified. It is obvious that further improvements such as including additional 
features like "jump edges" at range discontinuities, isolated objects and corners would be 
straight forward to implement. Improved estimation of the endpoints of lines wi l l make it 
possible to use the map for path planning. Matching of lines might also use the endpoints, 
either as a consistency test, or more closely incorporated in the probability estimation. This 
wil l be the subject of future developments 

The navigation system has been used both in the semi autonomous robot LuSAR and in 
an autonomous plastering robot tested on a construction site. 
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A Mobile Robot Arm Used for 
Plastering Walls and Ceilings 

Johan Forsberg 

Åke Wernersson 

Abstract. A mobile robot base with an on board articulated arm is controlled 
in an indoor environment using range measurements. The apphcation is auton
omous plastering of walls and ceilings during the construction of apartment 
and office buildings. The concrete walls are to be covered with a smooth layer 
of plaster, a few millimetres thick. The workspace is structured enough that 
map generation, navigation and motion planning can be performed autono
mously. The robot must rehably avoid plastering windows and doors. Typical 
requirements on the navigation accuracy are standard deviations no greater 
than 1 cm. 
Two prototypes are described. For navigation, the robot uses a range meas
uring sensors scanning in one (or two) planes. The observations are used to 
create, and continuously update, a mainly planar map with some vertical 
information - i.e. door and window positions. The map generation and sensor 
fusion algorithms are based on a Bayesian association algorithm and an 
extended Kaiman filter. 

Tests were successfully performed at an actual construction site. The time 
used for plastering the walls and the ceihng is expected to be less than 50% of 
that required by manual work. The amount of plaster used is also greatly 
reduced due to more even spraying and less waste. However, the reason for 
developing the robot is mainly ergonomic. 

Keywords. Surface finishing robot, Autonomous operations, Construction 
robot, Robot navigation, Multi sensor fusion, Extended Kaiman filter, Hough/ 
Radon transform, Landmark association, Articulated arm on mobile robot 

1. INTRODUCTION 

This paper describes an autonomous mobile robot system for indoor surface operations at a 
construction site. The sensors, mechanical design and algorithms for information extraction 
and control are discussed and compared for two different prototypes. 

The task for which the robots are designed is spray plastering of concrete walls and ceil
ings during the construction of apartment/office buildings. During this process the concrete 
walls and ceihngs are to be covered with a several milhmetres thick layer of plaster to create 
a smooth surface. Typical requirements for the navigation accuracy is 1cm standard devia
tion. This is a very good test case for an autonomous robot: The task is well defined and the 
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Figure 1 The final prototype with the scanning range measuring laser on the top. The 
6 DOM (degrees of motion) arm on the mobile robot base gives a total of 
9 DOM for the system. 

environment is structured and reasonably uncluttered. It is also a task which wears badly on 
the construction workers thus making it a popular target for automation. 

To accomplish the task the robot has to autonomously measure the size of the room and 
the positions of doors and windows. While spraying it has to continue to sense its environ
ment to update its position estimate to f u l f i l the navigation requirements. Of course, i t also 
has to avoid spraying doors and windows. 

Two prototypes, figure 2 and 1, have been built and tested successfully both in the labo
ratory and at a construction site. The two prototypes were used both to compare different 
solutions and to prove the concept. 

1.1. The Sequence of Operations 

The robot wi l l work on a construction site where the concrete walls have been raised and the 
floor has been levelled and finished. Other walls (not made of concrete) have usually not 
been raised at this stage but some outer walls might be temporarily covered by plastic or 
boards. Plaster is supplied through a tube from a stationary pump at a pressure of more than 
100 atmospheres. Electric power is also supphed through a cable. 

To plaster a room the robot first measures the shape and size of the room and the position 
of doors, windows and other large openings in the walls. When the map is ready the robot 
automatically plans the plastering pattern. The map and the plastering plan are displayed 
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PC with the QNX realtime OS 
for navigation, planning 
control and GUI. 

Scanning range measuring laser. 
Scans horizontally in the plane. 

CCD camera. 
Measures doors 
and windows. 

2-DOF (vertical + horizontal) hnear drives 
1-DOF servo revolute joint. 
3 binary pneumatic revolute joints. 
Spray gun. 

Tricycle mobile base. 
Single steering wheel and one rear 
wheel with traction. 
Three modes: cart, rotate, sideways 
3-DOF "almost" holonomic. 

Figure 2 The first prototype with a Cartesian "arm" on a mobile base giving approxi
mately 7 DOM in a redundant configuration. 

graphically allowing the operator to specify which, i f any, walls are to be left unplastered. 
Finally the robot autonomously moves around the in room spraying the walls and the ceiling 
without further human intervention. 

1.2. Highlights 

Some of the interesting research and technology issues presented in this paper are: 
• Mechanical design are discussed in section 4. 

• Mobility of the base vs agility of the arm. 
• The simphcity of hnear actuators versus flexibility of an articulated arm. 

• Maps and locahzation are discussed in section 6. 
• Requiring CAD drawings versus autonomous mapping. 

• Error sources are discussed section 7 together with an experimental evaluation. 
• What are the dominating error sources? 

• Different sensors have been tested and compared. 
• Range cameras versus vision versus laser range measurement. 

• Control laws: Choosing the control point. 
• A mobile robot control law with an off-axis control point is presented in section 5. 
• The particulars of controlhng the spray gun are discussed in section 3. 
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1.3. Previous Work 

Construction is perhaps the least automated major industry today, and plastering and other 
surface finishing operations, are still mainly manual. Machinery for performing some of the 
heavier tasks, mixing and transporting the plaster, exists [9] but not for the actual plastering. 
An Israeli group has developed a prototype robot for surface finishing operations [11] 
including both spraying and tiling. A German group is working on robotic plastering, they 
present some requirements and possible solutions to robotic plastering in [9]. 

Some early results of our project were presented in [5]. The navigation is based on the 
Range Weighted Hough transform as described in [6] and [10]. References [1], [3] and [4] 
contain useful background material. 

2. SEQUENCE OF OPERATION FOR ROBOTIC PLASTERING 

This section gives an overview the different tested implementations. There are trade-offs 
between the different subsystems. I.e. a more versatile arm requires a simpler less agile 
mobile platform than a simpler less agile arm. A mobile platform with poorly defined kine
matics wi l l require a more powerful navigation system. 

2.1. Applying Plaster to the Wall 

The plaster is applied to the walls using a spray gun at a distance of around one meter with a 
stripe width of around 600 millimetres. For concrete surfaces the plaster thickness is a 
couple of millimetres. 

In early tests other methods of applying the plaster were tested, as well as mechanical 
smoothing after the spraying. However, smoothing proved not to be needed thanks to the 
even spray produced by the robot system. Thus the edges created during the smoothing are 
not present, and grinding is therefore not necessary. 

2.2. Moving the Spray Gun Along the Wall 

The two prototypes differ mainly in the arm used to move the spray gun. The first used a 
Cartesian arm while the second used an articulated arm. See section 3 for more information 
about the two arms. 

Two major spraying strategies are used: 
• The simplest has the robot base stationary while the arm moves the spray gun. This is 

mainly useful for vertical stripes on the walls, but the articulated arm can also use this 
strategy for short ceihng and horizontal stripes. 

• To plaster long stripes horizontally on the wall or in the ceiling the robot base has to 
move when the arm is to short. The control algorithm used for this motion is described in 
section 5.2. I f the motion of the arm and the robot base are synchronized an entire hori
zontal stripe from wall to wall can be sprayed in one step. However, this was not possible 
with the Cartesian arm as it lacked some of the required degrees of freedom. 
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Sequence of 
Operation 

Measure upper and lower edges of all doors/windows. 

YES__ f Direct sensor 
towards "window" 

Plan stripes 
Operator approves/edits plan 

Plaster all stripes 

; 
Plaster all unplastered stripes within reach f 

without moving J 
the base. 

More stripes 
within reach? 

YES 

NO 

Plaster 
unplastered stripe 

V 
More stripes 
to plaster? 

Y E S Goto 
unplastered stripe 

NO, all done 

Figure 3 Sequence of Operation. 
When entering a room the robot creates a map of 
the room, and moves around to measure all 
windows. Then it plasters the walls, trying not to 
move the base too often. 
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2.3. Positioning the Robot Base 

The cartesian arm on the first prototype could not compensate for heading and distance 
errors in the positioning of the mobile robot base. Therefore the manoeuvrability of the base 
was important and some novel wheel arrangements were used to strike a compromise 
between flexibility and mechanical complexity. The final prototype used a more standard 
"cart" configuration. A more detailed discussion of the kinematics of the mobile robot base 
is given in section 4. 

2.4. Planning All the Actions 

The actual sequence of operation is shown in figure 3. The planning is separated into three 
parts. 
1 The motion sequence for observing each of the doors and windows to measure their 

upper and lower edges, see 2.5. 
2 Planning the plastering sequence, based on the desired stripe widths, which are a func

tion of the spray gun width, the optimal spraying distance, the length of the walls and 
position of the openings. 

3 Plan a path to go to the next unplastered stripe. 

2.5. Finding the Walls 

The robot has to "see" the walls around it . Both at the start to plan what to plaster, and 
continuously during operation to correct for position errors. 

The "eye" of the final robot is a scanning range measuring laser. The laser scans in one 
plane giving a two dimensional view of the room. It can also be tilted 90 degrees to measure 
the upper and lower edges of windows and doors. Earlier versions of the robot used camera 
vision for detecting those edges. The first version used two sheet-of-light range-cameras 
instead of the laser and vision systems. 

The range measurements are processed using the range-weighted Hough transform and a 
robust least squares algorithm to produce a parametric model of the observed walls. A 
continuous estimate of the room and the robot position is maintained in an extended Kaiman 
filter. 

3. T H E TWO ROBOT ARMS 

The main mechanical/kinematic difference between the two prototypes lies in the two 
different arm implementations. The first prototype used a Cartesian arm, while the final 
prototype use an articulated arm. 
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3.1. The Cartesian Arm 

The first prototype used a Cartesian arm where two linear drives moved the spray gun up/ 
down and along the robot to reach into both corners. 

When working on the wall a revolute joint was used to point the gun down to reach the 
floor, and up to reach the ceihng. A couple of pneumatic cylinders positioned the spray gun 
for vertical/horizontal spraying and for the ceihng spraying. 

\ 

Spraying a stripe on the wall requires two moves: the lower half is sprayed with the gun 
pointing down and the upper half with the gun pointing up. 

3.2. The Articulated Arm 

The final prototype uses a 6DOF Motoman articulated robot arm. The arm is mounted at one 
end of the mobile robot, figure 1. Thus the 6 degrees of freedom allows the arm to operate on 
three sides of the robot, as well as upwards to the ceihng. The spray distance effectively acts 
as an extra link, increasing the reach. 

3.3. Conclusions 

The articulated arm gives more flexibility and efficiency at the cost of a more expensive 
mechanical design and complex control. The cost might however be offset by the ability to 
use a standard articulated arm while the cartesian arm has to be purpose built. Some advan
tages of the articulated arm are: 
• It can compensate for errors in the robot position. 
• It can spray an entire stripe in one move, see figure 4. 
• It makes the robot more flexible, opening up other similar applications. 
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To get constant thickness and spray 
width the point where the spray hits the 
wall has to move at constant speed at a 
constant distance from the spray gun. 
The spray gun has to move both 
parallel to the wall and ortogonal to 
compensate for the rotation to reach 
both floor and ceihng. 
Thus, to get a hnear motion of the spray 
point with constant spray distance the 
arm performs a non-linear motion. 

Figure 4 Trajectory of the articulated arm while spraying a stripe with constant width. 
The gun is moved so that the spray point moves at a constant velocity along 
the wall with a constant spraying distance. Thus the spray acts as a part of 
the arm such that the "tool point" is where the plaster is supposed to hit the 
wall. To get a unique solution the angular velocity of the spray point is chosen 
to be constant during one stripe. 

4. T H E M O B I L E ROBOT BASE 

This section w i l l describe the kinematics of the two robot bases in the prototypes. Both 
mobile robot bases use a tricycle structure with traction and steering on the single front 
wheel. 

The first prototype adds some special kinematic features to the mobile base to increase 
the manoeuvrability. The rear wheels can be positioned in three different positions using 
pneumatic actuators. These three different kinematic modes allow the robot to move like a 
normal cart, to move sideways and to rotate on the spot. It has traction on both the steering 
wheel and one of the rear wheels. These extra modes allow the robot to position the Carte
sian arm at the correct distance and heading without excessive manoeuvring. 



Table I 
Kinematics and kinematics constraints for the mobile robot base of the first prototype. 

Cart Mode Crab Mode Rotate Mode 

Rear wheels 

Front wheel 
(steerable) 

entre of 
rotation 

L2

 + R2 

Kinematic motion equations: (1) 

x = v^oscccosCO) 

y = v, cosasin(Ø) 
1 (2) 

9 = —sina 

x = Vjsin(0) 

y = -VjCOsXØ) (3) 

0 = 0 

x = cor sin (0) 

y = -cor cos (0) (4) 

0 = co 

Kinematic constraints due to redundant motion: (5) 

v 2 = Vjcoscx + QR (6) v 2 = V j (7) v 2 = - v , (8) 

The control inputs are the 

desired steering angle a and 

speed V j . 

The control input is the 

desired speed V j . 

The control input is the 

desired rotational velocity co. 

Rear wheels in "cart mode" Rear wheels in "crab mode". Rear wheels in "rotate mode" 
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The three kinematic modes are shown in table I . The robot pose (in some coordinate 
system) is denoted (x, y, 6 ) . The length of the robot (front wheel to rear axis) is denoted L 
and the distance from the mid axis to the rear wheel with traction is R. 

The final prototype uses a fairly standard three wheeled base with steering and traction 
on the third wheel. The extra modes of the first prototype is not required as the articulated 
arm can be used to compensate for heading and small distance errors. Thus the standard 
tricycle is sufficient. The only real question here is in which end to place the robot arm. 
• Placing the arm over the rear axis gives the most stable mounting of the arm. 
• Placing the arm over the steering wheel gives a greater kinematical flexibility - the 

mounting point arm can easily be moved in any direction. 
In this case we decided to place the arm over the rear axis to ensure sufficient mounting 
stabihty. For higher efficiency the robot should be designed such that the arm can be placed 
over the steering wheel, even i f this requires dual steering wheels. 

The kinematics is the same as for the first prototype in "cart mode". 

Several different types of actuators, instrumentation and control laws are used in the robot 
system. The mechanical arm used PID controllers for servoing of its AC-motors, and hard
ware servo controllers (HCTL1100) are used for servoing the DC-motors. The articulated 
arm uses Motoman's controller to follow the specified trajectories. To achieve the trajectory 
shown in figure 4 the tool point is programmed to be at the desired plastering distance in 
front of the spray gun. The most interesting control law is the control law for following 
along a wall while spraying plaster. 

The kinematic control variables used are the steering angle a and speed Vj of the 
steering wheel, see figure 5. In this section all positions (x, y, 0 ) are given relative to a frame 
fixed on the desired straight hne path, unless otherwise specified. 

5.1. Wall Following for Horizontal Plastering 

The basic algorithm used here for following straight hne paths are a tracking algorithm were 
the steering wheel tracks a virtual target point on the desired path a distance k ahead of the 
steering wheel, see figure 5. It can be stated as: 

where e is the error, or offset, from the path, and k is the distance from the orthogonal point 
to the virtual target point. This distance is a parameter to set the speed of the control law. It is 
easily seen that the error decreases by 

5. CONTROL LAWS 

a = atan- - 8 (e = -y) 
k 

(9) 

de^ 
dx k 

e (10) 



11 

A 
Desired trajectory T a r S e t P o i n t o n t h e d e s i r e d trajectory 

Robot 

Steering wheel 

Figure 5 Path following tracking a virtual target. The virtual target is placed on the 
desired path a distance k ahead of the steering wheel. 

Thus the distance to halve the error is k\a2 ~ 0.1k. This makes choosing the control feed
back straightforward and intuitive. 

The speed Vj is controlled separately, and usually set to a constant value, with ramping 
at start and stop and possibly slowing at corners. However in this case we want the speed 
along the wall to be constant to give a constant thickness of the plaster layer. Therefore the 
speed along the wall vx is chosen to be constant. Thus we can write the control law as: 

a = atan^-G v, = —- (11) 
k 1 cos(oc + 9) v ' 

We can see that while the control law in (9) is independent of time, converging as the 
robot moves along the wall regardless of the speed and flow of time, this control law (11) is 
time dependent and its behaviour is specified as a function of time. For pure path tracking 
the control law in (9) is generally preferable, as it separates speed and steering. However in 
this case we need to move at a specific speed and therefore (11) is used. 

5.2. Following Along a Wall Using a Virtual Steering Wheel 

The control law in 5.1 is not perfect for plastering. It controls the motion of the front wheel. 
However when plastering it is the point where the plaster hits the wall that is of interest. This 
point should be moving along the wall at a constant speed vx to ensure constant plaster 
thickness and it should remain at a constant distance d from the plaster gun to give the 
desired stripe width. 

This can be achieved within the framework in 5.1 by introducing a virtual steering wheel 
(xs, y ) at the desired spraying distance d from the spray gun. With the spray gun mounted 
at (x , y ) and directed straight at the wall we get: 

ys = yR + d (12) 
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Figure 6 If the speed of the spray target along the wall is not controlled properly the 
plaster thickness will vary as illustrated here. A (large) step disturbance is 
introduced atx-0.7. Each line is 50 milliseconds of plastering. 
The step disturbance of the width is an unavoidable result of a step distur
bance in distance. However the thickness variation can be avoided using the 
techniques in 5.2. 

We redefine the error e as the distance from the virtual steering wheel to the wall. See figure 
7. Thus we get the desired steering angle a Q and speed v Q for the virtual steering wheel: 

e = -(y + y^cosØ + jc^sinG) 

(13) 
a o = a t a n ( ^ J - e 

cos(a 0 + 0) 

The geometric transformation between the virtual and the real steering wheel is given by: 

Lsincx0 ^coscxo + y^sinoco 
a = atan : v, = v n (14) 

jc icosa 0 + y i s i n a 0

 1 u j^cosa 

The real control law also has to compensate for the pointing direction of the spray. Also 
note that x « L and xs« y results in large control outputs a and high speeds V j . 

Fig. 6 shows the effect on the plaster pattern when a step disturbance is applied to the 
position and the control law uses a steering point on the robot mid axis. By using the control 
law above the thickness variation is avoided. Figure 8 shows simulations of the two different 
control laws illustrating their behaviour. 

I f the errors are too large, such that the desired criteria cannot be fulfi l led, then the 
control law wi l l fail catastrophically as the desired speed goes to infinity and then becomes 
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Figure 7 Virtual steering wheel for wall plastering. The virtual steering wheel is posi
tioned at the desired spray point (xs, ys ) relative to the robot rear axis mid 
point. The desired spraying distance is denoted d. 

negative with the robot reversing into the wall. Such conditions can be handled by saturating 
the velocity or by saturating the steering angle cxQ such that a constant speed could be main
tained. The former solution is easier but can result in variations in the plaster thickness. The 
latter is more comphcated and can result in slower error suppression. 

The main advantage of the virtual steering wheel is that conceptually simple control laws 
(like (11)) can be used to achieve more advanced behaviour without increasing the 
complexity too much. How to choose the parameter k and the steering point (xs, ys) can be 
explained to a layman much easier than how to design the parameters in a MIMO linear 
feedback control law. 

5.3. Tracking Properties when using Virtual Steering Wheels 

Using a virtual steering wheel can also be beneficial during normal trajectory following. 
Note that with the control law in (9) the speed of convergence for the steering wheel is 
controlled by the distance k while the convergence of the rear end of the robot is controlled 
by its length L (assuming that k is smaller than the length L of the robot). Thus we cannot 
improve the behaviour of the rear end by changing the parameters of the control law, only by 
rebuilding the robot. 

However, i f we introduce a virtual steering wheel on the robots central axis we can 
"change the length of the robot" by changing the position of the virtual steering wheel. Thus 
we have full control over the behaviour of the robot. 

Using a virtual steering wheel on the robot mid axis to improve the dynamics has been 
tested experimentally for some apphcations including the door passage in [6] (which used a 
somewhat different formulation). 
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Spray Point Trajectory 

Steering Wheel Trajectory 

Figure 8 Trajectory response to a 10cm step disturbance in the distance to the wall. 
The step response for the spray point is shown in the upper plot and for the 
steering wheel in the lower plot. Using the basic tracking control of 5.1 the 
steering wheel converges nicely but the spray point is quite slow. Using the 
spray point as the position of a virtual steering wheel (5.2) it converges 
much better, but the real steering wheel has to overshoot and the robot has 
to turn sharper. 
The spray point is 1.5 meters from the robot mid axis. 
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6. SENSING AND NAVIGATION 

To "see" its environment the final robot prototype uses a scanning range measuring laser. 
The scanning laser measures ranges in about 400 directions in one plane giving a 2D view of 
the surrounding area. It is mounted at such a height that i t wi l l see all kinds of normally 
occurring openings (windows, doors etc.) in the walls, figure 9. It cannot distinguish 
between for example doors and windows as it only measures in one plane. Therefore it can 
be tilted 90 degrees to observe the upper and lower edges of each opening. Note that a fu l l 
3D scan is not needed as we have prior knowledge about the environment - the openings are 
rectangular. 

The laser scanner measures four scans per second although processing capacity only 
allows one per second to be used for navigation. The robot motion between the scans is 
predicted using dead reckoning with wheel axis encoders. 

Figure 9 shows a range scan taken in the lab. It also shows the range weighted Hough 
transform (RWHT) of the range scan. The RWHT is used to find the walls in the range scan, 
see [6] for details of the signal processing and properties. 

The navigation system described below is largely based on our work in [6] and [10] for 
navigation using range measurements to walls. This paper introduces the mapping of 
multiple types of features in the map with both walls and edges stored in the Kaiman filter. 

6.1. The Workspace in Robot Coordinates 

The navigation system models the workspace as vertical panes. The vertical information, 
window and door heights, are treated separately from the localization as they are uncorre
lated with the robot position and the rest of the map. The map is given in coordinates relative 

Figure 9 The 2D plot (scale in meters) shows a range scan taken by the scanning 
range measuring laser on the robot. The 3D plot shows the range weighted 
Hough transform of the scan. The ranges are in meters and the directions in 
degrees. The four major peaks correspond to the four walls. 



16 A Mobile Robot Arm Used for Plastering Walls and Ceilings 

to the robot, as no other natural origin exists in the general case. It contains two kinds of 
landmarks: walls, described as infinite hnes, and endpoints for segments of the walls. 

The coordinates for the walls are described by the distance d and angle y from the robot 
to the closest point on the wall. The endpoints of the wall segments are given as distances 
along the wall from this point, figure 10. Thus the state vector describing the environment is: 

X = Y l s n s n ... d2 Y 2 s 2 1 . . . ] r (15) 

where dt is the orthogonal distance from the robot to wall i and y ; is the corresponding 
angle. The offset to edge / on wall is denoted , see figure 10. 

When the robot moves the state vector is updated as: 

d f a ) = ^fCr^, x ) - JP J C(r f c)cos(Y f(r f c_ x ) ) - j P y ( f f e ) s i n ( Y ^ f e _ 

l f t k ) = Uh-d-P&d (16) 

s i f h ) = s i p k -1> + P A ) s i n ( 7 i ( ' f c -1)) - Py^k>cos (Uh -1» 

where the robot translation and rotation relative to the previous position is given as 

(Px,PrPQ)-

The estimate of the environment is a state vector estimate X with covariance E . Note 
that the model usually only contains a subset of the f u l l environment description, and that 
the dimension wil l increase as more of the world is observed. 
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6.2. The Observation Model 

The range measurements can be used to directly observe the parameters in the state vector 
using the Range Weighted Hough Transform and a robust least square estimator. The edges 
and endpoints are extracted separately. In the equations below the observations are indicated 
by an hne over the variable, i.e. 

d = d + Noise y = y + Noise (17) 

The endpoints can be observed as range discontinuities in the range image. The actual 
observation is the angle ß • •. 

ß = Y + atan- + Noise 
d 

(18) 

In the case of the wall observations the variance and correlations for the two parameters 
are given by the least variance estimator. For the edge detection the variance is given by the 
angular resolution. A l l uncertainties are modelled as white Gaussian zero mean noise. Apart 
from the correlation between angle and distance the observations are assumed to be uncorre
lated with each other and over time. This results in the following observation vector Z and 
associated covariance matrix S. 

Z(k) = 

dm 

Y i W 

ßn(* ) 

S(tk) = 

S ß ) 
° 2 x AjCjfe) 

(19) 

° A 1 ( t ) x 2 

0 0 

0 

) o 
(20) 

Where L(k) is the number of observed walls and A-(fe) is the number of observed edges for 
wall i at time k. 
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6.3. Navigation 

The navigation system describes the world as the state vector X and maintains that descrip
tion using an extended Kaiman filter. Association of states to observations of states are done 
using a Bayesian classification algorithm. 

A detailed more complete description of the basic localization system can be found in 
[10]. However the plastering robot uses a more complex state description containing not 
only the distances and angles to the walls but also the edges of the openings in the walls as 
described by equation (15). Furthermore the system also contains more structural informa
tion about intersections of walls etc. 

7. EXPERIMENTAL EVALUATION AND ERROR ANALYSIS 

During tests at construction sites the robot has plastered walls successfully. The results were 
considered good by construction professionals and the buildings are in use today. 

In this section we discuss navigation errors. Both errors in localization and motion 
control are included in this concept. 

7.1. Sensor and Robot Accuracy for Navigation 

The main error sources are measurement errors and motion errors (misahgned wheels etc.) 
We have further divided these into two types, unbiased noise affecting repeatability and 
biases/calibration errors affecting the absolute position. The approximate sizes of these 
errors are given in Table I I . 

Table II 
Approximate navigation uncertainties 

(given as standard deviations) 

Measurement 
Motion 
(Steady state errors at 0.3m/s using the 
control laws of section 5.) 

Repeatabihty 2mm/ 1.5mrad 2-5mm 

Biases 10-30mm 5-15mm 

The measurement noise estimate is derived f rom the specification of the laser and 
scanner and from experimental evaluations. The dominating error sources are short term 
drift due to temperature and illumination variations (not thermal noise) for the range, and the 
zero angle indicators design for the heading. See Table I I I . Measurement biases are mainly 
due to temperature variations (which are partially cancelled through calibration against a 
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temperature sensor), wall reflectivity and ambient light. Adjusting the cahbration based on 
the knowledge of which surfaces are plastered would probably improve the accuracy. 

Motion repeatability errors are mainly due to play in the steering wheel servo gearbox. 
The biases are due to mechanical misalignments. The estimates of the motion errors are 
based on about one second between laser measurements and 0.3m/s speed. 

Table III 
Measurement errors affecting the 

repeatability test in Table IV 

Std. Dev. 
Meas. 
error 

Position 
observation 
(mm) 

Heading 
observation 
(mrad) 

White Noise 3mm 0.3 0.15 

Short time drift (10-100s) 2mm 2mm 0 

Angle offset variation 1.5mrad 0 1.5mrad 

Tilting and vibrations 2mm 2mm 0 

7.2. Experiments Evaluating the Navigation Accuracy 

During the tests below the scanning range measuring laser Accurange 3000 was used. Such 
a system is much less sensitive to light conditions and can measure at considerable larger 
ranges than a range camera. It is however more expensive than a range camera and also 
requires moving parts. 

The tests described below have been performed in a laboratory which is actually some
what more cluttered than a typical room at a construction site. Tests at a constmction site are 
discussed in 7.3. The laboratory is about 9 by 5 metres. In the experiments the robot went 
through the following steps using the plastering program without any changes: 
1 The robot always started in front of the same 5 meter long wall. 
2 Initialization and map generation. 
3 Scanning the wall for windows/doors. 
4 Plastering one horizontal length, requiring the robot to move twice along the wall (once 

in each direction). 
5 Possibly repeating point 4 one or more times. 

During these tests the following three parameters were evaluated: 
1 The repeatability of the distance from the wall. 
2 The repeatability of the robot heading. 
3 Fluctuations in the stopping point, i.e. the positioning along the axis parallel to the wall. 
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The accuracy was evaluated using lines drawn by a pen mounted under the robot near the 
rear axis. The statistics used are the standard and maximum deviations from the mean. Three 
sets of experiments were performed with three different operation patters. 
1 Plastering multiple lengths on the wall. This experiment was performed exactly as 

outlined above, repeating the plastering 7 times for a total of 14 legs along the wall. 
Every leg followed directly after the preceding leg. 
This experiment mainly tests the navigation along the wall. 

2 Plastering multiple lengths on the wall, with the robot moved between each length. The 
robot was moved before starting each new length to introduce a position disturbance and 
to better evaluate the positioning of the robot. This was repeated 4 times for a total of 8 
legs. 
This experiment also tests the positioning before moving along the wall. 

3 Restarting between each length. Here the robot was restarted, including a reinitialization, 
a new scan of the wall and several meters of manoeuvring, between each length. This was 
repeated 6 times for a total of 12 legs. 
This experiment tests the repeatabihty of the map generation/initialization. 
The experiments revealed a calibration error which affects the accuracy. The laser is not 

properly ahgned causing the shape of the room to be distorted. When the robot moves in the 
room the navigation system averages information from scans taken at different points. This 
removes most of the effect on the navigation repeatability. Therefore the robot was allowed 
to move along the wall once after each initialization to properly observe the wall before the 
evaluation runs. The results are shown in table IV. Without the initial observation run the 
errors would be larger. 

Table IV 
Experimental tests of repeatability 

An evaluation of the repeatabihty of the system. 
The speed of the robot was about 0.3 m/s. 
After each restart of the navigation system the robot travelled along the wall once to observe 
it before the experiment started. This was necessary due to a cahbration error. 

Experiment N 
Standard Maximum 

Experiment N 
deviation spread 

1 Con t inuous 10 0.3 cm 1 cm 
operation 0.2° 0.6° 

2 M o v e m e n t 7 0.6 cm 2 cm 
between lengths r 3° 

3 F u l l restar t 6 0.5 cm 1.5 cm 
between lengths 1° 3° 

Stopping position 14 0.5 cm 1.4 cm 
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To summarize the navigation results we note that the standard deviation of the attainable 
repeatabihty is about 0.5 cm and 1°. This result is both for the distance to the wall and for the 
stopping position. These numbers are quite similar to the estimated values in 7.1. 

7.3. Plastering Results 

The traditional sequence when manually applying plaster in Sweden is: spray, level, spray 
again, level again and finally grind/polish the surface lightly before putting up the wallpa
pers. A l l these steps take time and wear badly on the workers. 

The robotized plastering requires only two steps before putting up the wallpapers: one 
quick thin spraying and one thicker spray. The precision of the robot results in a surface that 
is smooth enough for wallpapers without any further levelhng or pohshing. 

Results from field tests show that the result is indeed sufficient for putting the wallpapers 
directly on the plastered surface. 

7.3.1 Plastering Accuracy 

The position accuracy with which the plaster is put on the wall is, very approximately, 
within a couple of centimetres. (Standard deviation on the order of 1-2 cm). 

At first, this actually appears to be a httle better than what could be expected from 7.1. 
(2-4cm). However, while the plastering is a better test of absolute navigation than the tests in 
7.2., i t does not fully depend on absolute precision. The main requirement is to control the 
overlap between stripes. 

7.4. Comments on Navigation 

It should be noted that the navigation system in this paper is unnecessarily complex for the 
application as described. For research purposes that is an advantage as it opens up more 
possibilities and the results are more widely applicable. However, in a product the model 
should be hmited to what is needed to solve the task and the system designed from this. Such 
an approach w i l l also increase the accuracy of the system. To start f rom a general basis 
makes such a specialization much easier. 

8. COMPARING DIFFERENT SENSORS FOR NAVIGATION 

This section discusses some of the navigation sensors considered or tested for this apphca
tion. The earliest version of the robot used sheet-of-light range cameras rather than the scan
ning range measuring laser for navigation, and both range cameras and camera vision have 
been used for measuring doors and windows. Ultrasonics, or rather ultrasonics in combina
tion with vision could also have been an alternative. 
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8.1. Range Cameras 

The advantages of the range camera compared to scanning lasers are its low price, mechan
ical simplicity with few or no moving parts (in this case a panning servo for 360 degree 
coverage). It can also be made much smaller which allowed us to mount a range camera on 
the plaster arm near the spray gun. 

The drawbacks, that ultimately made us switch to the range measuring laser, are range 
limitations and calibration difficulties. At a construction site the ambient light cannot be 
controlled as well as in an industry setting. It can thus be very difficult to detect the light 
plane at larger ranges (several meters). For practical reasons the hght plane generating laser 
and the camera cannot be offset too much, making it very calibration sensitive at larger 
ranges. 

8.2. Planar Scanning Range Measuring Laser 

As the scanning laser only measures in one plane another sensor is needed to detect the 
upper and lower edges of doors and windows. In the final prototype this "other" sensor was 
the same laser, but tilted 90 degrees. An earlier version used an interesting sensor fusion 
solution where the laser measured the vertical edges of the windows and a CCD camera 
measured the upper and lower edges using vision techniques. The vision system could be 
made both simple and reliable as it used the knowledge of the windows position and the 
distance to the wall given by the laser. 

8.3. 3D Scanning Range Measuring Laser 

One obvious alternative for making a 3D model of the robot surroundings is a range meas
uring laser scanning in two axis giving a 3D range image. However such systems are very 
expensive and our prior knowledge of the environment (vertical walls, vertical rectangular 
windows) make such a system overkill. The system used in the final prototype (scanning 
either horizontally or vertically) might be viewed as a special case of 3D scanning. 

As the robot base only moves in the plane, 3D scanning is not needed for localization 
during motion. 

8.4. Ultrasonics and Vision 

A possible low cost solution that might be sufficient for simple rectangular rooms are a 
sensor fusion system using ultrasonics for measuring the room dimensions and robot pose. 
With the prior constraint that the room is rectangular this should be easily doable and 
reasonably robust. Then the vision system could be used to find doors and windows, using 
the ultra sonic sensors to differentiate between real openings and shadows or other optical 
artifacts. However such a system would be difficult to expand to more complex environ
ments and would have great problems to correctly handle workspaces which deviates from 

the assumed structure. 
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9. SUMMARY, CONCLUSIONS AND FUTURE WORK 

The level of automation in the construction industry is very low compared to most other 
industries. One difficulty is the short series and relatively unstructured environment. There
fore construction robots, except in some limited situations, need to be considerably more 
flexible and "intelligent" than most industrial robots in use today. 

This project shows that it is realistic to use modern robot technology in some applica
tions in the construction industry. However much practical work remains, even for this appli
cation, and to expand into more complex and dynamic situations there are many interesting 
research problems. 

9.1. Conclusions 

• While a cartesian actuator might look suitable at first (planar motion for a flat surface 
operation) our finding is that the flexibility of an articulated arm is worth the extra cost. 

• Less movement of the mobile base is needed making a simple base more feasible. 
• Entire stripes can be plastered in one move, figure 4, giving faster operation. 
• To achieve a similar flexibility (wall and ceiling plastering) a Cartesian arm has to 

be quite complex. 
• We found that range cameras are not a competitive alternative to scanning range meas

uring lasers for use on a large construction robot. 
• Insufficiently intense hght at long ranges and direct sunlight. 
• Calibration problems at long ranges. 
• Limit field-of-view. 
• Range cameras are however a good alternative in other cases, especially where 

the scale is smaller (sub-meter as opposed to several meters). 
• Vision could be used to detect the upper and lower edges of windows reliably using 

sensor fusion with the scanning range measuring laser. 
• The point of the mobile base with the lowest agihty is the rear axis (the axis with non-

steerable wheels). For high flexibility the robot arm should be far from this axis. 
• When moving the robot while plastering special care has to be taken when designing the 

control laws. 
• The interesting point to control is the point where the plaster hits the wall, not the 

mobile base or the tip of the arm. 
• I f this point is far from the centre hne of the robot, and close to the rear axis, the 

robot wi l l be very difficult to control. 
• Constant speed along the wall (giving constant plaster thickness) is the most 

important parameter. 
• By introducing a virtual control point (or virtual steering wheel) we can use a 

simple and intuitive control law to achieve the desired effect. 
• Mapping and navigation can be done without any prior maps. 

• A CAD drawing could still be useful to specify what should be plastered, and to 
help the mapping system in rooms with comphcated shapes. The laser would still 
be used to verify and correct the dimensions given in the CAD drawing. 
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• The dominating error sources are those that can be classified as cahbration errors. 
• Varying plaster pressure. Observing the plaster spray using vision could improve 

the results but has proven not be needed. 
• Time varying range measurements (might not be the case with all types of range 

measurement systems). 
• Play in wheels and other mechanical misalignments. Difficult to maintain a highly 

cahbrated mechanical system at a construction site. 

9.2. The Future 

Some obvious extensions are 3D measurements and modelling including inspection of the 
plastering result. Higher autonomy and couphng to CAD systems to specify the tasks for the 
robot such that the reliance on the operator is reduced. 

Other surface finishing operations are also possible using the same basic system, 
painting, sand blasting and heavier plastering using concrete. The latter might require 
mechanical levelhng. Future apphcations might also include floor tiling. 
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Abstract. A range camera on a mobile platform is automatically calibrated 
and simultaneously used for localization. The absolute reference used for the 
calibration is the relative motion given by the robots normal motion sensors, 
sya, wheel encoders. To handle large calibration errors in combination with 
non-linear observation geometries a modification of the extended Kaiman 
filter is introduced. The resulting system performs cahbration during normal 
operation without lowering the localization performance. The algorithms can 
also be apphed to other sensors, with similar calibration problems, mounted 
on moving platforms. 

Keywords. Range Camera, Calibration, Localization, Relative Motion, 
Mobile Robot, Modified Extended Kaiman Filter 

1. INTRODUCTION 

The problem studied is the cahbration of a range camera on a mobile robot during the robots 
normal operation. The calibration covers the geometrical parameters specific to range 
cameras (distance to hght plane etc.). Camera/lens calibration is not covered in this paper. 
Some early results on this work were presented in [4], introducing the use of relative motion 
from wheel-axis encoders as the absolute reference for range camera cahbration. Wei et. al. 
use relative motion to calibrate a laser range finder mounted in a robot hand, [11]. 

This study was initialized in order to improve the performance of an autonomous mobile 
plastering robot, [5], using a range camera as the navigation sensor (for this particular apph
cation the range camera was replaced by a scanning range measuring laser due to problems 
with ambient light). Keeping equipment properly calibrated in a rough industrial environ
ment hke a construction site is difficult. An automatic system for continuous recalibration is 
highly desired. 

The paper focuses on a mobile robot moving and rotating in the plane inside a room with 
a range camera observing the walls. The range camera consists of a CCD camera and a sheet 
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of light generated by a laser with a cylindrical lens. An offset between the camera and the 
hght plane allows triangulation of the range to the illuminated surfaces. I f the surface is flat 
(hke a wall) the observation wil l be a straight line independent of the geometry of the range 
camera configuration. (Lens non-linearities are not considered here and are assumed to be 
either already cahbrated by other methods or negligible). 

Section 2 introduces the estimator using a simplified example, section 3 gives more 
general equations and section 4 gives the specifics for the range camera together with simu
lation results. 

2. DESIGNING T H E ESTIMATOR 

To explain the algorithm we start with the simple one dimensional case of a mobile robot 
moving towards an object. A cross section of this range camera configuration is illustrated in 
figure 1. The camera observation (Z = (/tancp) + v) of the laser point is given by 

Z =
 l4 + v = - + v = h( 

d d 
) + v (1) 

where d is the distance between the robot and the observed object, / is the offset between 
the camera and the laser, / is the focal length of the camera and v is the camera measure
ment noise (pixel discretization). The range camera scale factor k is thus the product of / 
and / . The motion model for the robot is simply 

d(t + T) = d ( f ) + (w(0 + w(t))T (2) 

where u(f) is the measured velocity of the robot and u(t) + w(t) the actual velocity. 
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Figure 1 A "robot" moving in one dimension with a one dimensional range camera 
and dead reckoning for localization. The position of the robot is given by d relative to the 
"object" and the range camera is described by the offset I between the camera and the 
laser. The camera and the laser are assumed to be parallel. 
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2.1. Localization without Calibration 

I f the range camera parameter k is known then the problem is a pure localization problem 
where the position d is to be estimated. This can be done using the following state descrip
tion and Kaiman filter. 

X = X = Var(Z) 

k2. 
(3) 

R = Var(F) = ^ V a r ( v ) 

where Y is the range observation with variance R. This gives the Kaiman filter observation 
update as 

X(t\t) = X(t\t-T)+K(f)e(t) 

l(t\t) = ±(t\t-T)-K(t)H(t)±(t\t-T) 

K(t) = ±(t\t-T)H(t)T(H(t)±{t\t-T)H(t)J+R)~l 

and with the variance Q of the motion uncertainty the prediction update is 

X(t+T\t) = X(t\t) + TGu(t) 

±(t+T\t) = ±(t\t) + T2GQGT 

where for this example 

H(t) = 1 e(t) = Y(t) - X(t\t - T) 

G = 1 

Simulations show, not surprisingly, that this estimator works without any problems. 

2.2. Simultaneous Localization and Calibration 

(4) 

(5) 

(6) 

I f the value of the scale factor k in section 2.1 is incorrect, then the predicted estimates wil l 
be inconsistent with the observations. This can be used to estimate the scale factor k while 
simultaneously estimating the position by adding k to the filter state vector. 

The combined localization/calibration problem can be solved using an extended Kaiman 
filter (EKF) version of the Kaiman filter equations in 2.1 ((4) and (5)) with the substitutions 

h(X) 

X d G = 1 

k 0 

Z(t) -h(X(t\t-T)) R = Var(v) 

h{ d 
) = 

k 
H = dA k 1 h{ 

k 
) = 

d dx d2 d 

(7) 
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Figure 2 In the left plot the initial estimate of the position was correct and k was 
20% too low. The filter almost converges, but it is obvious that the actual error is much 
larger than indicated by the variance estimate, hence the "sluggishness" of the filter. In 
the right plot the initial position guess is 60% o f f . As a result the filter fails entirely. Since 
the initial position usually is not known this is a serious problem. 

As can be seen above, the observation is now the camera coordinate Z , not the range -
the scale factor k required to calculate the range is no longer known exactly. Instead the 
update relies on the estimated value through the Kaiman filter. An approximate initial esti
mate is still needed. Note that this estimator solves both the localization and the cahbration 
problem simultaneously. 

2.3. Simulation Results for the E K F 

The filter designed in section 2.2 was tested in a number of simulations. In these simulations 
the distance between camera and hght plane was assumed to be one meter and the observa
tion uncertainty was chosen to correspond to about one pixel in the camera (pixel quantiza
tion noise). The motion variance was chosen as Q = O.Ol2 and the distance to the wall 
varied between four and five meters with the robot moving back and forth in a sinusoidal 
motion. 

Figure 2 shows the behaviour for two different initial estimates for d. It is obvious that 
the filter does not work well. This approach is not sufficient. One standard method is to use 
the first observation to calculate a better set of initial values. To do this we use the assump
tion that the initial error in the estimate of the scale factor k is relatively small while the 
initial position is essentially unknown. A better initial estimate of the position is then 
achieved using the first observation together with the initial estimate of the scale factor. 

X(0|0) = 
m - ) 

Z(0) 

k(0\- ) 

(8) 
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Experimental standard deviation for the states (200 simulations) 

20 40 60 80 100 120 140 160 180 200 
Time (observations) 

Figure 3 The error standard deviation calculated from 100 simulations using the 
EKF with proper initialization. No a priori knowledge of the position is needed since the 
initial position estimate is computed from the first observation and the a priori informa
tion about the scale factor. 

where k(01 - ) is the initial estimate of k. The Jacobian of the initialization 

* ( 0 | - ) 
Z(0) 

ko\- ) i K0\- ) 
Z(0) Z(0) 2 

* ( 0 | - ) i 0 

. Z(0) _ 

gives an estimate of the initial covariance of the state estimate 

1(010) 
1 K0\- )  

Z(0) z (0 ) 2 

1 0 

o 2 0 

0 R 

1 
Z(0) 

ko\- ) 
Z(0) 2 

(9) 

(10) 

Figure 3 shows the standard deviation of the error calculated from 100 simulations using 
the same parameters as in the previous example. The filter can now estimate both the posi
tion and the scale factor simultaneously. 
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2.4. Changing Observation Variables 

The filter performance improved considerably by choosing a better initial state using the first 
observation. This helps greatly as it reduces the error and thus makes the assumption about 
local linearity less incorrect. We can however improve the behaviour further by applying a 
similar techmque not only to the initial state, but also to each observation update of the esti
mate. 

While the localization Kaiman filter in 2.1 was linear in the position parameter (used 
directly as the observation) the EKF in 2.2 and 2.3 is non-hnear and has worse performance 
for the locahzation than the hnear filter even when the calibration parameter k is known. 

By using d = k/Z in the observation update, rather than the actual observed entity (the 
image coordinate Z ) the non-linearity wi l l be circumvented. However k is not known so we 
have to use the estimate k making the "observation" correlated with the state. Thus we 
cannot use the EKF equations but have to apply a least variance estimator instead by intro
ducing the extended vector X containing both the state vector and the observation. 

X = TX 
1 0 

1 0 

0 1 

X = (11) 

where the upper element is the observation. The "observation" X and its covariance esti
mate Z is constructed by: 

X (t) = h(X(t\t-T),Z(t)) 

X(t\t-T) 

h ( 
d(t\t-T) 

k(t\t-T) 
z(0) = 

k(t\t-T) 

Z(t) 

I (t) = Cov(X (0) = H (r) 
l.(t\t-T) 0 

0 R 
(H (0) (12) 

H (t) = Hx(t) Hz(t) 

hx2 Q2xl 

H J f ) = 
dh_ 
dX 0 

Z(t) 

* _ dh k(t\t-T)  

d Z Z(f) 

Using this extended state vector, containing both the predicted state and the observation, 
the new state estimate is given by the least variance estimator 
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Experimental standard deviation for the states (200 simulations) 
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Experimental standard deviation for the states (200 simulations) 
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Figure 4 The EKF (top) and the estimator (bottom) from section 2.3. In these plots 
the motion noise level is high and the robot moves quickly. Thus there is a large uncer

tainty in d. 
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X(t\t) = K(t)X*(t) ±(t\t) = K(t)£ {t)K(t)T 

(13) 

K(t) = ( r ' ( i (0) r) r ' (x (t)) 

For the cases where the EKF of the previous section works well (i.e. figure 3) the 
performance is similar for this implementation. However, i f we increase the speed at which 
the "robot" moves and the motion uncertainty (creating larger errors in d) we see the differ
ence between the two approaches, figure 4. 

There are two reasons why this approach is preferable over the standard EKF for simulta
neous cahbration and locahzation. 

• It copes better with large errors in non-linear parameters. This is more notable in more 
complex examples than this. 

• It has a greater similarity to the filter doing only locahzation as it uses the same observa
tion. Indeed, i f the uncertainty of the calibration parameter k is set to zero the filter will 
be identical to the Kaiman filter in 2.1, see appendix A. (Actually, when using the filter 
form given in appendix A, setting the uncertainty to zero causes no special numerical 
problems.) 

3. T H E ESTIMATOR IN MATRIX FORM 

Using the innovation Z - h(X) to update the estimate makes the filter sensitive to lineariza
tion when the error in the prediction X is large. 

Assume we make the following partitioning of the state vector: 

X = (14) 

We can then avoid some of the linearization errors due to inaccuracies in the estimate of XR 

by introducing a function h such that 

h ( X R , h(X)) = X0 (15) 

which allows us to choose where to deal with the non-linearities. The measurement 
Z = h(X) + v is used to calculate 

h\xR,Z) (16) 
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The state-observation vector X and the corresponding covariance matrix Z can thus 
be written as 

X 

Z = H Z 0 

0 R 

* T 
(H ) 

h*(XR, Z) 

XR 

H = 
dh 

* 
dh 

dx dz 

I 0 

and the new estimate X of X is given by (13). Note that since 

* 

dh dh_ 

dX 
0 

dX, 

(17) 

(18) 

we have avoided introducing any linearization errors with respect to X , 
Inserting (17) into (13) and calculating the block inverse we get an expression for the 

gain K that only requires the inverse of the upper part Cov( T - T 
y x0 

) of Z . Thus the 

gain can still be computed even when the covariance of the cahbration parameters is set to 
zero. In this case the filter reduces to a linear Kaiman filter for the localization problem 
without calibration. See appendix A. 

4. CALIBRATION OF A RANGE CAMERA WHILE NAVIGATING IN 

A ROOM WITH FOUR W A L L S 

In section 4.1 we introduce the equations for a range camera with four parameters to be cah
brated, the offset I and three angles of rotation (a, ß, 8) between the camera and the hght 
plane/robot base. The simulation model is introduced in 4.2 and a number of simulations are 
shown in 4.3 to 4.5. 

4.1. Observing a Planar Surface with the Range Camera 

Figure 5 shows a camera mounted a distance / above a laser generated light plane, and tilted 
towards the light plane by an angle a . Frame 1 has its zx-plane coinciding with the light 
plane and the origin directly below the focal point of the camera (the y-axis passes through 
the focal point). Frame 2 is defined by translating frame 1 a distance I along the y axis and 
then rotating the angle a around the x-axis. Its origin is in the focal point of the camera and 
the camera "looks" along the z2 axis with the image projected in the x2y2 plane. 
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x c i x2 

h 
~ Z2 

The projection from a point (x, y, z) in frame 1 to the image coordinates (xr, y ) is 

1 
zcosa + ( y - Z)sina zsina - (y - /)cosa 

(19) 

(20) 

The y coordinate wi l l always be zero as only points on the light plane are observed. Using 
that information gives the inverse relationship. 

y cosa - sin a y sin a + cosa 
(21) 

We describe the wall using the orthogonal distance d and angle y, figure 5. The same 
parametrization is used in the image plane with the origin in the centre of the image (looking 

Camera 

Laser Light plane 

Figure 5 Parameters of the sheet-of-light range camera. The camera is mounted at 
an offset I from the light plane and tilted an angle a around the x2 axis towards the 
plane. The range camera observes the wall at the orthogonal distance d and angle y 
relative to the perpendicular. 
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ahead along the z2 axis). The equations for a point on the intersection of the hght plane and 
the wall is thus 

xccosyc + ycsmyc = dc 

zcosy + jcsiny = d 

Inserting (20) and (21) into (22) gives the following relationship between the wall (d, y) 
and the hne in the image (dc, y ) . 

. _ /sinycosa + rfsina  

V(/cosy)2 + ( / s inas iny-dcosa) 2 (23) 

y c = atan2(dcosa -/sinasiny,-/cosy) 

/(siny ccosa + ^ s i n a ) 
d - -

/Jcos2yc + (rf ccosa - s inasiny c )
2 (24) 

y = atan2(-cosyc, d c cosa-s inas iny c ) 

Finally the camera might be rotated an angle ß around the z2 axis and an angle 8 
around the y x axis. This gives us a total of four parameters to cahbrate (/, a, ß, 8 ) . 

4.2. State and Observation Vectors 

In the simulations below the robot is navigating in a room with four walls. The robot has 
no prior knowledge of the size of the room and only an approximate knowledge of the cali
bration parameters. It moves around in a circle in the centre of the room. In all the simula
tions the room is an eight by eight metres square. The radius of the circle is two metres. Al l 
distances are in meter and all angles are in radians unless indicated otherwise. The identity 
of the wall from which the measurements originate is assumed to be known. The camera 
only observes one wall at the time, the one closest to the camera. 

The state vector describing the room and the range camera is thus given as 

X = j d j y x d2 y 2 d3 y 3 d4 y 4 / a ß 8] (25) 

and the observation is 

d 
Z = c (26) 

with the observation function h{ ) defined by the relationship in (23) and the identity of the 
observed wall. The problem of identifying the walls is not considered in this paper, see [9] 
for a solution that fits into this framework. 
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4.3. Simulations 

Each simulation was repeated one hundred times with varying starting values for the cahbra
tion parameters. The starting values were chosen randomly using a normal distribution 
around an expected value (l=0.5m, oc=-0.25, ß=8=0) to simulate unreliably measured param
eter values. The standard and maximum deviations were calculated numerically and 
compared to the estimator covariance matrix. The dead reckoning noise had a standard devi
ation of 0.01m/s and 0.01radian/s at a speed of 2m/s with 0.3s samphng time. For compar
ison, figure 6 shows the localization errors when the calibration parameters were known 
exactly. 

Experimental standard deviation for the states (200 simulations) 
0.1 M l I ! 1 1 1 1 1 1 1 ! I 

0.09 h 

0.08 -

c 

20 40 60 80 100 120 140 160 180 200 
Time (observations) 

Figure 6 Standard deviations for the localization estimates computed from 100 simu
lations. In this Monte Carlo simulation the calibration parameters were known exactly. 

4.4. Simulations with Poorly known Parameters 

In the first Monte Carlo simulations with uncertain range camera parameters, figures 7 and 
8, the standard deviation used when varying the initial parameters were 0.03 metres and 
radians respectively. Thus the majority of the simulations had the offset / between 0.45m 
and 0.55m and the angles were varying ±5° . Using these parameters directly in a range 
camera resulted in rather large errors. At a distance of 4 meters the uncalibrated range 
camera gave distance readings were varying from 3 meters up to 5.7 meters and with the 
direction were varying by ± 2 0 ° . 
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Experimental standard deviation for the states (200 simulations) 

20 40 60 80 100 120 140 160 180 200 
Time (observations) 

Figure 7 The plot shows the experimental standard deviations after 100 simulations 
with varying starting parameters. The parameter and position estimates converge quickly. 
The initial parameters varied by about ±5° degrees and ±5 cm. 

However, as seen in figure 7 the filter converges without problem and the uncertainty in 
the position was quickly reduced from the initial one meter scale. Figure 8 compares the 
standard and maximum deviation computed from the Monte Carlo simulations with the filter 
estimated standard deviation. As can be seen the filter has no big problem handling the non-
linearities. 

4.5. Simulations with Almost Unknown Parameters 

In this set of simulations, figure 9, we increased the variations in the initial parameter values 
to 0.1 (meter and radian standard deviations). Using these parameters directly the range 
camera is essentially useless. This is the accuracy of parameter estimate achievable by 
looking at the camera and guessing. 

Again running one hundred simulations we found that the filter only converged in about 
10-20% of the cases and generally quite slowly. In the other cases it got more or less stuck at 
incorrect values. 

The problem is that the non-linearities cause the filter to believe that it has a better esti
mate than it actually has. That is, the covariance estimate decrease faster than the actual 
error. 
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T h e q u o t i e n t b e t w e e n e x p e r i m e n t a l a n d e s t i m a t e d s t a n d a r d d e v i a t i o n 

4 , , 1 , 1 1 , , , r 

—i i i i i i i i i I 

2 0 4 0 6 0 8 0 1 0 0 1 2 0 1 4 0 1 6 0 1 8 0 2 0 0 

T i m e ( o b s e r v a t i o n s ) 

T h e q u o t i e n t b e t w e e n m a x i m u m e r r o r a n d e x p e r i m e n t a l s t a n d a r d d e v i a t i o n 

101 1 1 i 1 1 1 1 1 1 

9 -

8 -

g 7 ... ... 
ra 

2 0 4 0 6 0 8 0 1 0 0 1 2 0 1 4 0 1 6 0 1 8 0 2 0 0 

T i m e ( o b s e r v a t i o n s ) 

Figure 8 From the same simulations as in figure 7. The upper plot compares the 
standard deviation computed from the simulation results with the estimated standard 
deviation in the EKF. Under ideal circumstances this quotient should be one, but the 
filter has some small problems with non-linearities causing it to be a somewhat "opti
mistic". The lower plot compares the maximum and standard deviations. While the 
quotient is a little high, there are obviously no extreme outliers or cases where the filter 
failed to converge. 
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Experimental standard deviation for the states (200 simulations) 
91 1 ! 1 1 1 1 1 1  

Time (observations) 

Figure 9 Larger variation in the starting values of the calibration parameters than in 
figure 7(1: +30 %, angles: ±15°. The plot shows the computed standard deviation. Obvi
ously the filter does not converge very well to anything useful with these large initial 
errors. 

To alleviate this problem we attempted to inject some extra uncertainty into the filter at 
each filter update (0.001 m and radians respectively for the calibration parameters). For 
some cases this improved the behaviour, but did not solve the problem fully. There is a trade
off when injecting extra uncertainty into the filter. On the one hand it might help the filter get 
"unstuck", on the other the added uncorrelated uncertainty removes much of the correlation 
upon which the filter rehes. Thus a more adaptive scheme based on the statistics of the inno
vation process might be preferable. 

Even though further "tweaking" of the filter might solve the problem this level of noise 
should probably be considered the hmit of what can be handled by this approach. 
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5. CONCLUSIONS 

The calculations and simulations presented in this paper show that for a system using a 
sheet-of-light range camera for its navigation it is possible to integrate the calibration with 
the localization. By using a linearized least variance estimator similar to the extended 
Kaiman filter the calibration/localization can be made robust and efficient without taking 
into account special cases and cahbration phases. 

An attractive property of the filter is that when there are no uncertainties in the cahbra
tion parameters the filter properties are the same as for a localization EKF without cahbra
tion. Thus the locahzation part is not impeded by the calibration more than necessary. 

This approach can be particularly interesting when one or more of the range camera 
parameters are time varying, such as when the light plane is moved to scan a volume. Of 
course, known rotations should be input to the filter, only remaining errors should be 
handled by the cahbration system. The better the initial estimates are, the more efficient is 
the operation. 

The drawbacks of using this method are mainly the increased filter complexity. 

This paper concentrates on a range camera observing a flat surface. Thus the observation 
is the parameters of a straight line, not individual pixels. Extensions to more complex 
geometries are possible and other sensors are possible. 

Finally, we have concentrated on a range camera on a mobile robot. The same techmque 
can of course be applied to other calibration problems were the sensor is mounted on a 
moving platform. One obvious such application of great economic importance is heavy 
hydraulic arms. Such arms do not share the precision and fine instrumentation of conven
tional robot arms. Thus they require non-contacting sensors and advanced localization and 
cahbration algorithms. 
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A P P E N D I X A . T H E F I L T E R GAIN 

We use the partitioning of X into two parts, X 0 and XR from section 3. Denote the length 
of the observation vector M and the length of the state vector N. We can write 

X = x 0 x = 
T 

S 0 ZQR 

A ZQR ZR 

E 0 = Cov(X 0 ) ZR = Cov(XR) Z0R= Cov(X0, XR) 

(27) 

The zero matrix (0) and the identity matrix (/) are given with dimensions (i.e. 

^Rows x Cols) 0 I u y
 w n e r e needed to avoid ambiguity or confusion. 

X = 

y 

x 0 

XR 

= h(XR, Y) 

z dz 

x dx 
dh 

MxM d x 
OH R 

(28) 

X = 
OH R 

I 0 

0 / 

0 / 0 

HR 0 1 

H z 

0 
R H Z 0 

H R L R H R + H Z R H Z HR^OR HRZR 

1 *T 1 

^ORHR 

ZRHR 
'OR 

H R Z R H R + H Z R H Z HR^OR 

ZQRHR ZQ 

From (13) we have 

X, 

X 

'R 

B = 

C = X 

A B' 

B C 

T * — l — I t * —l 
K = (T (X ) T) T (X ) 

(29) 

r = 

* - i 

MxM 

JMxM 

0 / 

o 

o 

N-MxN-M 

Calculating the inverse (X ) gives 

(30) 



19 

( Z V = A - 1 + ETÅ~1E -ETA~L 

A = C-BA~LB 
-T 

-A~LE 

T 

A " 1 _ 

E = B A ' 1 

(31) 

By multiplying with T and T evaluating the inverse through identification with the 
block inverse and finally multiplying again with T (X ) we arrive at 

G7l(Gn + G2l) G~l(Gn + G22) 0 

E&HGn + G ^ - E , ESG7HG12 + G22)-E2 I 
(32) 

where 

G = 
G N G 2 1  

G 1 2 G 2 2 

= A 
-1 

ZRHR G N 
E 2 = 

ZRHR G 2 1 

ZQRG\2 ZQRG22 

E l = 

Gs = G l l + G 1 2 + G 2 1 + G 2 2 

(33) 

ES = E 1 + E 2 

The gain matrix K has some interesting and useful properties: 

The only matrix inverses calculated are A 1 and G j 1 which are 2Mx 2M and MxM 
matrices respectively. 
The covariance matrix X need not have ful l rank, only the sub-matrix X 0 . In particular 
the numerical stability is not dependent on the covariance of the cahbration parameters 
being non-zero. 
Setting the uncertainty for XR (or any part of XR) to zero ( X Ä = 0, X 0 Ä = 0 ) results 
in a filter identical to an EKF for estimating XQ. 
Most of the K matrix (NxM + N) consists of a zero matrix (MxN-M) and an iden
tity matrix (N - M x N - M), making it easy to time-optimize the update operation. 
An efficient implementation can thus use 

X = K, 
Z 0 

X = K, + 
0 

X 
x o 

K l = 

KXAK\ + 
0 0 

0 X c 

(34) 

G~HGN + G 2 L ) G-HGL2 + G 2 2 ) 

E & H G U + G 2 1 ) - EX ESG~HG12 + G 2 2 ) - E2 

The number M of observed states are usually considerably smaller than the total number 
N of states. 
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Tele-Commands for Mobile Robot Navigation 
Using Range Measurements 

Johan Forsberg, Ul f Larsson, Åke Wernersson 

Abstract. This paper is on tele-commands for mobile robot operation. The 
operator specifies sub-tasks, called tele-commands, to be executed by the 
robot. Two dimensional range scans are shown to be very useful for both the 
operator feedback and in the implementation of high level autonomous opera
tions. A number of tele-commands are tested. The robot and tele-command 
system used in the experiments is also introduced. The robot has been used 
both for research and for undergraduate classes, and has been teleoperated 
from countries on three continents. The major tele-commands rely on feed
back from a scanning range measuring laser, and in some instances an auto
matically mapping localization system. Some of the tested tele-commands are 
pass-through-door, follow-along-surface and follow-moving-target. The 
resulting type of supervisory control is efficient for interactive control of a 
remote robot performing comphcated tasks. 
Keywords. Range measuring laser, tele-commands, robot control, tele-opera
tion, mobile robots, locahzation, navigation, corridor and wall following. 

1. INTRODUCTION 

First we specify the concept of tele-commands. Consider a robot and an operator separated 
by a large distance. The robot is equipped with a scanning range measuring laser and a 
camera. A few camera and range images are used by the operator to interpret the scene and 
plan the next operation. The operator then commands the robot to perform the operation, 
thus giving a tele-command. Each tele-command is executed autonomously by the robot 
closing the feedback loop with the on-board sensors observing the surrounding workspace. 
The tele-commands thus removes the realtime and dynamics considerations from the oper
ator and the communications channel. 

A tele-command is a well-defined sub-task that 
1 can be conveniently specified by the operator using as few parameters as possible. 
2 can be executed autonomously by the robot. 

Tele-commands can range from the very simple ahead 1.5 meter or turn 90 degrees, 
through navigate through the doorway to the advanced commands go to the middle of room 
B in the map or pick up all things from the floor. A tele-command should be thought of as a 
sensor driven operation that can be conveniently specified by a remote operator. The central 
feature of tele-commanded robots is that the human operator interpret the objects in the 
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workspace, and specifies the sequence of operations for the robot. It should be noted that 
these sensor-driven operations are also the building blocks for fully autonomous systems. 

Based on previous results on the use of range sensing in robotics, this paper describes 
some tele-commands and an architecture for tele-operating a robot. We also give an over
view of the navigation system and sensors used to support the autonomous commands and 
the operator. 

1.1. The Operating Environment. 

The intended operating environment has a major impact on the focus of the design of a tele-
operated system. Surface modelling is a central feature for a robot operating on Mars 
because it must avoid getting stuck in uneven terrain. For an indoor robot the surface is 
mainly flat, but avoiding moving obstacles can be a major issue. The latter is presumable not 
a problem on Mars. In very hazardous environments the need for human intervention on-site 
must be minimized while in an industrial environment effective and fast operations is of 
higher priority. 

This paper is focused on indoor operations. While outdoor operations are perfectly 
possible using the LuSAR robot, we have not looked into the problems of modelhng uneven 
surfaces and other outdoor issues. The choice of sensors are also most appropriate for short, 
upto 20 meters, ranges, and the navigation algorithms are appropriate for indoor areas with 
many flat surfaces hke walls. 

1.2. The System Hardware 

The mobile robot used in the tele-command experiments is the Luleå Semi Autonomous 
Robot LuSAR. It has a scanning range measuring laser, a CCD camera and wheel axis 
encoders for sensing. LuSAR is mainly an indoor robot but has some capability for negoti
ating uneven terrain. There is a high speed (2Mbit/s) radio ethernet hnk. 

Communications with the operator is over a TCP/IP connection and the user interface is 
programmed in Java. It is thus possible to control the robots f rom almost any Internet 
connected computer in the world. In fact, LuSAR has been operated from as diverse places 
as Australia, Norway, Singapore and Sweden. 

2. SENSORS FOR NAVIGATION AND TELEOPERATION 

The sensors we have studied include, 
• Scanning range measuring lasers (2D and 3D). 
• CCD-cameras for the operator to view. 
• Sheet-of-hght range cameras. 
• Ultra sonic range sensors. 
• Miscellaneous internal sensors including wheel axis encoders, inclinometers and rate 

gyros. 
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Figure 1 LuSAR - Luleå Semi-Autonomous Robot. This three wheeled robot, with trac
tion on the two rear wheels and steering on the front wheel, is powered by a 
i486 PC running the QNX real-time operating system. The range measuring 
scanning laser is mounted at the rear end of the robot. 

The sensors are used for two purposes: Providing information to the operator and providing 
feedback to the control laws used in autonomous operations. The operator needs rich visual 
information to interpret the workspace while the robot needs parametric information to use 
in feedback control laws. 

2.1. Range Measuring Time-of-Flight Lasers 

A scanning range measuring laser is a powerful, albeit still somewhat expensive, system for 
observing an indoor environment in detail. The resolution/accuracy and range (typically 1-
5cm and 10-30m respectively) are well suited to indoor mobile robot operations. 

Planar range measuring scanners give a reasonable view of an indoor environment at 
high rates (several scans per second). A typical range scan is shown in figure 2. This type of 
scan (here called a 2D range scan) gives a good general view of the room and is very useful 
for localization. However as it only measures in one plane it is not a reliable sensor for colli
sion detection. Obstacles below and above are not seen by the sensor, neither are holes in the 
floor/ground. 

To get a fu l l range view of the surroundings the laser must be scanned in two dimensions 
giving a fu l l three-dimensional view (here called a 3D range scan). Such a scan allows the 
robot to make a much better model of its environment, including surface modelling. It can 
also be used for "virtual reahty" presentations to the user. However, 3D measurements are 
considerably larger, more expensive and cannot be acquired at the high rates of the 2D meas
urements. 
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2.2. Vision 

We are using cameras mainly to supply visual information for the operator. While vision 
systems hke stereo and motion stereo can extract ranges our focus is on active range meas
urements. Thus we have not made any major evaluations of vision for autonomous opera
tions. 

2.3. Sheet-of-Light Range Cameras 

The main advantages of the range camera compared to scanning lasers are its low price and 
mechanical simplicity with few or no moving parts. It can also be manufactured much 
smaller which is useful for many apphcations. The drawbacks are range limitations and cah
bration difficulties. At many sites the ambient hght cannot be controlled. It can thus be very 
difficult to detect the light plane at larger ranges (several meters). Often, for practical 
reasons, the hght plane generating laser and the camera cannot be offset too much, making it 
very calibration sensitive at larger ranges. On-line calibration and better hght-sources, hke a 
dotted laser hght instead of a hne, might alleviate some of the problems. 

2.4. Ultrasonic Sensors 

The main advantage of ultra sonic sensors are their low price. They are also valuable as a 
complement to other sensors for sensor fusion. I.e. detecting optically difficult surfaces like 
glass and mirrors. Their major drawbacks are the limited angular resolution and low meas
urement rate due to the wide beams and the low speed of sound. When using ultra sonic 
sensing it is important to be aware of and take into account their special properties. They 
often do not measure the closest range in the direction of the sensor. I f the angle of incidence 
to a wall is not too large, they wi l l give the perpendicular range. Corners act as reflectors and 
the observed range wi l l be to the innermost point of the corner. 

2.5. Summary 

A combination of several sensors is always desirable for higher reliability. A good 
example is a 2D range measuring laser for locahzation, mapping and a general overview of 
the environment, ultra sonics for obstacle detection, vision for operator feedback and a range 
camera for looking at the ground in front of the robot. 

For some simpler tasks a combination of vision for operator feedback and ultra sonic 
sensing for controller feedback (i.e. corridor following and collision detection) is a feasible 
low cost alternative. 

In a longer perspective pure vision systems might become an alternative. The simple 
hardware without moving parts are certainly an attractive feature. Rehable range and feature 
extraction using vision in complex environments are however an extremely diff icul t 
problem. 
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3. T E L E OPERATION SYSTEM AND USER INTERFACE 

The main mobile platform LuSAR (Luleå Semi-Autonomous Robot), figure 1, uses a scan
ning range measuring laser (IBEO Ladar 2D) in combination with wheel encoders for navi
gation. A camera gives the operator images of the workspace. An example of what the 
operator sees is shown in figure 2. The interface works over the Internet on any computer 
running Java. 

Figure 2 A prototype tele operations interface implemented in Java. The lower part of 
the screen shows the top-down view given by the scanning laser. Movement 
commands to the robot are given by clicking in this area. The upper third 
contains some simple controls (left), a camera image of the view from the 
robot (right) and a "virtual reality " 3D image based on the latest range scan 
(centre). 
Over a slow Internet connection motion updates are sent at better than one 
per second, range scans at one every few seconds and images only on 
demand. 
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3.1. The System 

On the robot side the control and tele-operations architecture consists of: 
• The tricycle indoor mobile robot base with some rough terrain capabihty. 
• Steering of the front wheel and independent traction of both rear wheels, with encoders 

for dead reckoning. 
• The planar scanning range measuring laser. 
• CCD camera for operator feedback. 
• PC (i486) running the QNX real time operating system. 
• Several different control laws, see section 4. 
• Locahzation and mapping system, see section 5.. 
Communications uses TCP/IP over Internet through an radio ethernet link. There are two 
protocols in use: 
• A packet based tele-operations protocol for sending short commands and inquiries. 

Sensors and control laws can register and deregister their services dynamically. 
• The HTTP protocol is used for image transfers using a standard Apache HTTP server. 
The operator side uses a Java based operator interface (although there are nothing in the 
architecture that requires Java) for portability and easy development. The possibility to 
download functionality to the robot in the form of Java applets is considered. It would be 
especially interesting in the context of the annual undergraduate project presented in the next 
section. 

3.2. An Undergraduate Project 

LuSAR is used in a project which is part of an undergraduate course in user interface design 
for interactive systems. In this course about a dozen groups of three students produce one 
user interface each and test it on the robot. As there are only one robot, they use a simulator 
during the development phase. Snapshots of two of the resulting user interfaces from the first 
instance of this course are shown in figure 3. 

The first time the course was held, only some of the robot functions were operational. 
The students had access to: 
• Dead reckoning motion estimates. 
• Camera images from a fixed camera. 
• Planar range scans. 
• Commands for moving the robot ahead or along an arc. 
Notably, the locahzation system and map generation was not available, nor was the ability to 
follow multi-segment paths. Several groups did implement there own multi-segment path 
controllers and did simple mapping by overlaying range-scans using dead reckoning. More 
features should be available the next time the course is held. 

Most groups succeeded to create useable user interface, some of them very ambitious. 
One lesson all the students learned was that running against a simulator is very different 
from the real world. The feature most desired by the students was a reliable localization 
system to replace the dead reckoning estimates. It is our intention to incorporate the locahza
tion system described in section 5. into the robot server. 
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Figure 3 Examples of two different user interfaces developed by undergraduate students 
as part of a course in designing interfaces for interactive systems. 

4. SUPERVISORY CONTROL 

In the supervisory control modes the operator gives high level commands that are executed 
autonomously by the robot. Time delays and low bandwidth communication are therefore 
acceptable as the feedback loop is closed locally between the robot and the surrounding 
workspace. The commands can be given by pointing in a range scan, a camera image or a 
map generated by the robot. These commands can differ in complexity. From simple 
commands like "Move 1.5 meters and stop" to more complex commands like "Follow the 
corridor to the next intersection" or even "Move to that room". Some operations are outhned 
in this section. These operations have been tested in the laboratory, independently or as part 
of the tele-command system. 

4.1. Path Following 

A simple operation is following a path specified by the operator. A more autonomous system 
might include collision detection and possible obstacle avoidance. This has been imple
mented using hnear control laws for path following. 

4.2. Driving Along Corridors 

Driving along a corridor, the robot detects and follows the walls. The walls are observed 
using the scanning range measuring laser and the Hough transform, figure 4. By continu
ously measuring the position of the walls the robot can travel autonomously along the 
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Range scan in a corridor. (Scale in meters) 

Hough transform of the range scan above. 

Direction (degrees) 

Figure 4 Range scan and Hough transform of a corridor. The peaks in the Hough trans
form corresponds to the walls of the corridor, as indicated in the plot. When 
driving in the middle of the corridor the two major peaks will be at equal 
distance. 

middle of the corridor [6]. The deviations from the desired trajectory (the middle of the 
corridor) is usually less than one centimetre, even in the presence of geometric disturbances 
hke bookshelves, open doors etc. The speed in these tests were between 0.5 and 1 m/s. 

The deviations from the desired trajectory (i.e. the middle of the corridor) is given by a 
least squares estimate of the walls using those range measurements that match the dominant 
pair of Hough peaks. I f the mapping algorithm of section 5. is used, the estimates of the wall 
wi l l be taken from the map. The robot position in the corridor is then used in a feedback 
control law. 

4.3. Wall Following 

The same algorithms that is used to follow a corridor can be adapted to follow just one wall. 
The robot moves parallel to the wall, but at a predefined distance from the wall rather than in 
the middle of two walls. 
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Table I Navigation Accuracy 
Standard deviations showing the repeatabihty during tests at two speeds and 
with different starting positions. The statistics are taken from 'ground truth' 
plots on the floor with a pen mounted under the robot. Each series consists 
of 10 test runs. The 'easy' runs were made from starting positions within 20 
degrees from the perpendicular of the door. The 'difficult' runs were made 
from starting positions all over the room. A l l tests started at least 1.5 meters 
from the door. 

0.2 m/s 0.5 m/s 

'Easy' runs, from starting positions 
about three meters in front of the 
door. 

ay~ 0.5 cm 

c Q ~ 5 mrad 

0^ = 0.7 cm 

a e ~ 4mrad 

'Difficult ' runs, from starting posi
tions closer to the door, and to the 
side of the door (see figure 5). 

ay « 0.9cm 

o e = 1 Omrad 

ay » 1.2cm 

a Q ~ 8 mrad 

4.4. Passing Through a Door 

Another tested operation is autonomous high precision navigation through doorways [5]. 
The scanning range measuring laser and the Hough transform is used to find the walls of the 
unknown room and to continuously update the robot position in the room. Doorways are 
found by detecting measurements beyond the walls of the room. At a speed of 0.5 m/s the 
robot was capable of passing through a doorway with a repeatability of one cm in position 
and better than one degree in heading. 

In the experiments a pen was mounted under the robot fairly close to the midpoint 
between the front and rear wheels. The trajectories were plotted on the floor with this pen. 
The fluctuations of the plotted trajectories reach a steady state just in front of the door. By 
measuring the position of the lines with a measuring rod on the floor the statistical analysis 
in table I was performed. 

During the tests, extracted wall coordinates, estimates of the state etc. were recorded. 
The trajectories plotted in figure 5 are the Kaiman filter estimates of the robot's 
position relative to the estimated position of the door. These estimates are part of the input to 
the feedback law. 

Note in figure 5 how the control law makes the front wheel overshoot to align the rear 
wheel and the entire robot with the door. The overshoot has to be greater the closer to the 
door the robot starts. 
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Figure 5 Trajectories when starting from several different starting positions. The plots 
to the left are from the front wheel. For each trajectory the corresponding plot 
for the rear midpoint is found to the right. Note that the overshoot of the front 
wheel is necessary to align the robot with the perpendicular of the door. The 
plotted trajectories are the Kaiman filter estimates of the robots position rela
tive to the door. These are the estimates used in the control law. The door is 
located in the origin. 

4.5. Wall Following with Obstacle Avoidance 

The wall following algorithm in 4.3. uses a parametric approach were the measurements are 
interpreted and parameters for the wall are extracted. Another, much simpler, approach has 
been tested. Assuming the robot is to travel counter-clockwise, a sector to the left and in 
front of the robot is searched for the measurement closest to the robot. The distance of this 
measurement, rfwall, is used as the observation for the controller. With the desired distance 
to the wall, rfdesired, a simple P-controller is used to determine the steering angle a . 

a = ^ w a l l " de s i r ed ) 0 ) 

The speed is controlled by searching for the closest measurement in an area ahead of the 
robot in the steering direction. The distance, d o b s t a c i e , to this measurement from the front of 
the robot is used to limit the speed of the steering wheel such that the robot stops when 

^obstacle i s l e s s t h a n 3 0 c m -

These two simple rules allow the robot to travel safely along uneven walls and with 
people around it. To a casual observer it gives a very intelhgent impression as the robot turns 
to avoid people, and stops when it cannot avoid them. Of course, this control law can not be 
used for narrow passages. 
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Figure 6 Range scan (to the left) taken by the scanning laser on the mobile robot 
LuSAR. The scale is in meters. 
The range weighted Hough transform (to the right) of the range scan. The 
peaks in the transform corresponds to the walls in the room. The perpendic
ular distance to the wall is shown in meters and the direction to the wall is 
shown in degrees. 

4.6. "Target" Following with Collision Avoidance 

Another useful operation is "follow that person", or maybe "follow that robot". Two 
approaches have been implemented and tested. 
• A parametric approach with a tracking system similar to that used in air traffic control. 

The robot estimates the tracked objects speed and heading. 
• A direct observation approach similar the wall following in 4.5.. This has the drawback 

that the robot tries to cut corners and it can easily switch targets by mistake. However it 
does give impressive results given its simphcity. 

5. M O B I L E ROBOT NAVIGATION 

For the robot to perform more complex operations a representation of the environment in 
which the robot operates is often necessary. One such case is a mobile robot navigating in an 
indoor environment. I f the robot has a map then it can perform high level tasks like "move to 
that point". I f radio contact is lost, the robot can autonomously return to some point where 
radio contact can be re-established. A map of the environment is also useful to the operator. 
However, providing a prior map for the robot is not possible in all situations, and i f possible 
it might be too expensive. This section outhnes a navigation system, previously introduced 
in [12], which automatically creates and updates a map during normal robot operation. The 
system is described with more mathematical detail, and more experimental results, in [12]. 
The map generation algorithm uses a scanning range measuring laser (see figure 6 for an 
example). The sensor measures the distance to objects in the horizontal plane. The most 
prominent features of an indoor scene are the straight lines. Those hnes nearly always corre-
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Three range scans, aligned using dead reckoning. 
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Figure 7 The first plot shows a set of rangescans taken by the robot during motion. 
The scans are overlaid using dead reckoning information. Due to slippage 
there is a large directional error. In the second plot the scans are overlaid 
using our navigation system. 

spond to stationary objects such as walls. The lines are extracted from the scan using the 
range weighted Hough transform (RWHT) as described in [5]. As an example a range scan 
and its RWHT is shown in figure 6. 

We wi l l use the term feature to refer to the element in the scan causing the line in the 
range scan. The orthogonal distance d and direction y to the line are referred as feature 
parameters or feature coordinates. We write the feature parameter for feature / as 

X ß ) = 
d ß ) 

J ß ) 
(2) 

Assuming that the world contains some finite number N of such features, then at time tk 

the robot's environment is described by the following state vector 

X(k) = [ d ß ) yx(k) d2(k) y2(k) ... dN(k) yN(k)\J (3) 

Because the features are described relative to the robot there is no fixed coordinate 
system and no explicit representation of the robot position. The state vector could also 
contain other features hke the end points of walls (detected as range discontinuities), corners 
or, for outdoor navigation, tree trunks. The algorithm can easily be extended to include these 
cases. 

A Kaiman filter is used to combine motion information and the measurement to update 
the estimate of the state vector. An approximated Bayesian association function is used to 
associate the observed landmarks with those in the estimated state vector, [12]. 
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6. CONCLUSIONS 

Operating a mobile robot over the Internet has been demonstrated, even over slow and unre
liable links and with operators who have never seen the robot, the operating environment or 
the user interface before. Graphically presented parametric information (range scans and 
movement updates) rather than images are the main feedback to the operator. Thus the 
required bandwidth is small. Furthermore, for a mobile indoor robot the top-down view of 
the scanning range measuring laser is very convenient for the operator and more appropriate 
than hve video. 

A number of tele-commands have been presented. The navigation accuracy results have 
been presented in some of the references. Generally 1 cm and 10 mrad standard deviations 
are practical indoors. 

The use of an extensible tele-command server and a Java-compatible communication 
protocol make designing and testing user interfaces straightforward as proven by the 12 user 
interfaces of varying quality produced by students during one semester as a part of a course 
in user interface design for interactive systems. 

6.1. User Interface 

Using range measurements as a top-down view for tele-operation is intuitive and efficient. 
Users initially find the 3D "virtual reahty" view fascinating, but when they start navigating 
the robot they almost exclusively use the 2D top down view. This is logical as the task is to 
navigate in the 2D plane. However the world is 3D and the laser only scans in one plane. 
Thus the images are needed to supplement the top down view and as a general orientation 
aid. The main results here are 
• The 2D top down view is the most important display for mobile robot navigation. 
• The use of a "third person" perspective, as is natural for a 2D top-down view, gives the 

operator a clear view of the robot pose and size compared to the environment. A "first 
person" view is less convenient. 

• Movement commands should be given by pointing in the 2D view. 
• Images are needed as a complement for the operator. Especially when the 2D view is 

based on measurements in only one plane. 
• The operator sometimes trusts the 2D view too much, ignoring the laser's limited field of 

view. Thus some independent rehable collision detection should be implemented in the 
robot. Ultra sonics is a possibihty here. 

• 3D virtual reality views are of interest when a 2D view is insufficient, i.e. when the 
assumption that the robot only operates in one plane is invalid. However even here the 
"third person" view should be useful. 

6.2. Summary and Future Work 

The high level tele-commands presented allow the robot to operate independently for short 
intervals. Tasks like corridor following are well within the range of current technology and 
more difficult judgements and sensory interpretation can be performed by the operator. 
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By structuring the system around independent operations, rather than operator assist
ance, the need for real time feedback is limited. Thus operation with low bandwidth and 
large and random time delays are possible. 

Currently the user has to indicate which tele-command to execute. In the future the robot 
should be able to choose or suggest the appropriate command. Thus the operator wi l l point 
out the desired direction and the robot will respond by suggesting the appropriate command. 
Higher levels of autonomy w i l l of course allow more and more complex autonomous 
sequencing by the robot. 
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