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Abstract 

This thesis is on mobile robot navigation using range sensors. The two 
sensors types used are time-of-flight lasers and sheet-of-light range cameras, 
both giving densely spaced range measurements. Map generation and navi-
gation are achieved in indoor environments, even when there are lots of 
disturbing objects giving cluttered range measurements. The walls are 
observed in the range scans using the Range Weighted Hough Transform, 
(RWHT) and the estimates of the map and the robot position are maintained 
during motion using Extended Kalman Filtering (EKF). The calibration of 
sensor parameters during operation uses the relative motion given by the 
incremental encoders on the wheels as the absolute calibration reference. 
Matching of observations to previous estimates are performed using a deci-
sion directed classifier. The algorithms can be used both to build a map, or 
during navigation using an existing map. 

The algorithms have been verified in several experiment with the range 
sensors onboard actual mobile robots. 
• The size of a large room was estimated with a standard deviation of 1 cm. 
• The robot navigates autonomously through an open door detected by the 

laser. The accuracy during passage was 1 cm at a speed of 0.5  m/s.  The 
trajectory is perpendicular to the wall within 0.5 degrees. 

• In one experiment the robot created a map of its environment while 
moving at speeds from 0.5 to 1  m/s.  The standard deviation in the esti-
mated map dimensions for a series of tests were 1 to 2 cm and 1 degree. 

• The navigation system has also been used for an autonomous plastering 
robot with automatic planning to include doors and windows. 
The navigation is very robust against both outliers in the measurements 

and disturbing objects. It is not seriously disturbed even when most of the 
walls are occluded and there are several persons moving around during 
operation. 

Keywords: Mobile Robot Navigation, Localization, Range Measuring 
Laser, Range Camera, Extended Kalman Filter, Calibration, Association, 
Decision Directed Classification, Map Generation, Autonomous Plastering 
Robot. 
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Preface 

My interest in robotics, and autonomous robots in particular, started with the 
robotics project that I did as a part of my last undergraduate year. We were 
six students who spent most of one semester together with each other, a 
robot, five ultrasonic sensors and a couple of computers. We were given a 
considerable amount of freedom in planning the project and its goals and our 
plans grew very ambitious as we paid little attention to the warnings of those 
who better understood the difficulties we were to face. In the beginning 
everything come along nicely, but as the complexity grew reality started to 
rear its ugly head. In the end we had a system that could actually do a lot of 
things, but only partially and only if it had a particularly good day, and 
certainly not at the official demonstration. 

The moral of the story is not that You should listen to those who know 
better, even though You should at times. No, the point of this story is to 
exemplify how deceptive many problems in computer perception and auton-
omous systems are. Problems that appear straightforward to the layman 
might, upon closer examination, turn out to be very intricate. Anyway, it was 
a great learning experience. 

After this I started to work on my master thesis, also in robotics, together 
with Ulf  Larsson,  and Per Åhman. Thanks to better sensors, better methods 
and the guidance from professor  Åke  Wernersson the project was largely 
successful and it laid the foundation for the first paper in this thesis. After we 
got our degrees Ulf  Larsson  and I continued to become Ph.D. students in 
robotics and we have cooperated closely to continue the work we started 
while doing our master thesis. 

There are many people without whose cooperation this thesis would not 
have been possible. First of those are my supervisor and friend professor  Åke  
Wernersson, an infinite source of ideas and inspiration. There are also many 
others who deserve my gratitude, as colleagues, coauthors and friends. I 
won't name You here as You already know who You are. Thank You! 



Introduction 

Autonomous mobile robot navigation is an young and exciting research area 
still in its infancy. The use of autonomous mobile robots will likely increase 
rapidly in the not too far of future making the results of todays research an 
integral and prevalent part of tomorrows society. These robots will range 
from the very simple, like an autonomous vacuum cleaner that just moves 
ahead until it bumps into something, to very complex and advanced system 
that are capable of sensing and adapting to their surroundings. 

Many different sensing modalities are used in this research area, ultra-
sonic sensors, CCD cameras etc. This licentiate thesis focuses on the use of 
range sensors giving dense range scans as shown in fig 1. The work is also 
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Figure 1 The figure depicts a typical range scan taken by a scanning time-of-flight 
laser. The scanner is mounted on a mobile robot located at (0,0) in the plot and the 
scale is in meters. 

In this range scan there are 450 range measurements equally spaced over a 270 
degree sector. The range accuracy is a couple of centimetres. The scanner can take 
several such scans every second. 



restricted to man-made environments, mainly indoor scenes. Even with these 
restrictions the problem is very complex, even though at the first glance it 
might seem deceptively simple. After all, humans and animals have no 
trouble seeing or sensing their environment. The difficulty lies in having a 
computer duplicate the essentially unknown process through which we make 
sense out of our sensory inputs. 

This thesis makes no attempt to duplicate the human or animal methods 
for understanding the world around them. Rather it concentrates upon those 
few advantages robots and computers have over the human brain. Range 
sensors is one such advantage. They give more concentrated information 
with less disturbances than does images from cameras, or our eyes. The 
precision and exact memory of the computers are other advantages. Where 
the human recognizes which door to enter in a corridor using lots of small 
visual cues, the robot can easily do so by remembering exactly how many 
meters and centimetres down the corridors the door is located. 

There are three main mathematical and algorithmic tools used in this 
work. To find straight lines, maybe walls, in the range scans the Range 
Weighted Hough Transform (RWHT) is used. The RWHT, an  adaption  of the 
well known Hough Transform for range measurements, is introduced in 
paper A of the thesis. Information from measurements at different positions 
or by different sensors are combined using the Extended Kalman Filter 
(EKF). The third tool, introduced in paper  B,  is a Bayesian decision directed 
classifier used to decide if different observations originates from the same 
object. 

Outline of the Thesis and Summary of Papers 

The thesis consists of five papers. Paper A introduces the Range Weighted 
Hough Transform, and shows how it is used in an actual mobile robot to 
navigate inside a room. The paper demonstrates the robustness and accuracy 
achievable using this algorithm. The robot is capable of successful naviga-
tion even when most of the walls are occluded and more than a dozen 
persons are in the room. When navigating through an open door the accuracy 
of the passage is 1 cm and 0.5 degrees at a speed of 0.5  m/s.  This is achieved 
by Kalman filtering the measurements with the motion information from 
incremental encoders in the wheels. 



The results in paper A is limited to a map consisting of one room with 
four orthogonal walls and a door. Paper  B  significantly extends this by 
allowing an arbitrary polygonal map, with the possibility of extending the 
map to other geometric shapes. The map is created by the robot while it 
explores its environment, and it is continuously updated, even while the 
robot is moving. The main contribution in paper  B  is however the mecha-
nism for matching observations to the estimates in the map. As the map grow 
and new observations are made a decision directed classifier is used to decide 
the correspondence between new observations and old estimates in the map. 
If the new observation corresponds to a previously unknown feature it should 
then be added to the map. 

It is important to note that when an observation is about equally likely to 
match two or more states, it should not be matched to the most likely. This is 
because making the wrong decision here can be very damaging as an error is 
introduced into the estimates at the same time as the covariance for the esti-
mates is decreased. The better solution when the closest match has low prob-
ability is to discard the measurement. The algorithm approximately estimates 
the probability using Bayes formula and a Gaussian assumption. 

When one observation cannot be matched to one estimate on the basis of 
the relative position alone, it might sometimes help to match multiple obser-
vation to multiple estimates simultaneously. This allows the correlation 
between the estimates to be used in the matching, effectively taking the 
shape and dimensions of the environment into account. Typically, a corridor 
can be recognized not only by its position, but also by its width. 

Most of our experiments with mobile robot have used a scanning range 
measuring time-of-flight laser as its main sensor. In some situations a sheet-
of-light range camera might be preferable, especially when the mobile robot 
is replaced by a robot arm. Generally the sheet-of-light camera is most useful 
when the range is small but it has also been tested on a mobile robot. One of 
the problems with range cameras is the delicate calibration of the mechanical 
parameters, especially if it is going to be used in a rough industrial environ-
ment. Paper  C  shows how this calibration can be integrated into a navigation 
system of the type described in the other papers. The main problem here is 
the highly nonlinear relations between parameters, measurements and obser-
vations. The same calibration methods can also be applied to other parame-
ters on the robot. 

The two last papers in the thesis exemplifies how the algorithms intro-
duced in the first papers can be used. Paper  D  describes a successful proto- 



type autonomous mobile robot for spray plastering at construction sites. This 
robot uses the navigation algorithms of paper A and  B  and an earlier version 
of it using range cameras was the motivation behind paper  C.  It includes the 
first experimental evaluation where the navigation system in paper  B  is 
combined with a control law, thus allowing an evaluation of the positioning 
accuracy. 

Finally, paper  E  is on  teleoperation  of semiautonomous mobile robots. 
For most complex tasks in an unstructured environment a fully autonomous 
robot is very far away. There are however many situations were it would be 
useful to use a robot for an unstructured task without human presence. 
Rescue robots operating in burning houses, underwater robots, mining vehi-
cles operating far below the ground and space robots are a few relevant 
applications. Using direct telecontrol were an operator closes the loop by 
looking at video images is often not feasible. Both because even with  real-
time  video its difficult to get full situational awareness and because in many 
situations bandwidth limitations and time delays make such feedback impos-
sible. The solution here can be to close the control loop locally in the robot 
using autonomously executed telecommands. The role of the human operator 
is then to do the high level scene interpretation and to issue the telecom-
mands  to the robot. This semiautonomous robot paradigm is also very attrac-
tive from a research viewpoint. It allows us to gradually increase the 
autonomy of the robot as the capabilities of our algorithms grow. 
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Mobile Robot Navigation using 
the Range-Weighted Hough 

Transform 



This paper has been accepted for publication as:  

J.  Forsberg, U.  Larsson,  A. Wernersson, "On Mobile Robot Navigation in Cluttered 
Rooms using the Range Weighted Hough Transform", IEEE Robotics and Automation 
Magazine, special issue on Mobile Robots, 1995. 



Mobile Robot Navigation 
using the 

Range-Weighted Hough Transform 

Johan  Forsberg,  Ulf  Larsson  and  Åke Wernersson  

Robotics & Automation  
Luleå  University of Technology 
S-971 87  LULEÅ,  SWEDEN 

EMail: robotics  @sm.luth.se  
Fax: +46 - 920 720 82 

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 
Kalman 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 Fig. 1. The localization 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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using an extended Kalman 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 preliminary results given in [14]. 

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 like 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 outlined in Table I. 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. 

Table I 
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 

Sampling 	 0.25 ms 	20-100 ms 	0.1 ms resolution 

Side lobes 	 None 	 13 dB 	 None 

Spurious measurements Few 	 Many 	 Very few 

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

Range resolution 	6 = 2cm. 	6 = 1CM. 

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. Modelling and simulation efforts as in [10] are impor-
tant as well as the basic physics [21]. 

A2 



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 trac-
tion 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 
transform 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. 

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 
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 Kalman 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 I 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-
bility is better than 0.5 cm at full speed. 
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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 corners 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 Kalman filter are partially separated. 

2. Extracting Observations from the Laser 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 reliable than the Hough transform of a 
typical image. Thanks to occlusion in the range scan parallel lines are unlikely to occur close 
to each other. Hence the lines are well separated in the Hough space. A typical range scan is 
shown in Fig. 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 (pi} 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. 

    

Figure 2 A laser scan taken 
in one of the robot laborato-
ries. The scanner is at position 
0,0. The scanning range-meas-
uring 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 
of 270 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. 
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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)  = 	w(ri cos ((pi —  y)  — d)g(ri, (pi,  y)  

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  i)  and the line (d,y) 

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

w(x) = 
0 

{1 	 a 

> a 

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

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

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

After discretization in (d,y) , the special transform C1  is thus a counting function making 
Ci(d,  y)  a histogram. The transform C1  of the scan in Fig. 2 is plotted in Fig. 4. 

In the range scan the sampling is uniform with angular steps  örn .  As the distances 
increase, each sample corresponds to a longer surface segment. To compensate for this the 
surface sampling rate is introduced as the weighting function g2 , giving 

C2(d, y) = Zw(ricos ((p— y) — d)  

 

ri  

 

 

cos ((pi  — y) 

 

    

The weighting makes C2  sensitive to even single spurious measurements at large 
distances — especially the cosine term. A compromise is to use only range weighting, 
g3  =  ri ,  giving 

C3(d,  y)  = 	w(r icos ((pi  —  y)  — d)r 

called the range-weighted Hough transform. This could still be sensitive to spurious meas-
urements at large distances. However, the limited 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 Fig. 2 range-weighted Hough transform is plotted in 
Fig. 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 

(2/,?) 
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Figure 3 The Hough transform 
C1(y'  d)  of the room in Fig. 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 Fig. 3 
and 4 the resolution is 6 degrees 
and 10 cm. 

When searching for the walls of a rectangular room, the reliability 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. 

Figure 4 The range weighted 
Hough transform C3(y,  d)  of the 
room in Fig. 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 histogram count, 
roughly proportional to the 
visible length of the walls. 



Door-frame 

Door opening 

Door-frame 

obot position 1 The door, acting as a disturbance 

2.2. Extracting the Position of a Door. 

Doorways are detected by searching for several consecutive measurements beyond the wall, 
see Fig. 5. If 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 5

9 
give approximately the sum 

of two uniformly distributed noise sources and are approximated by Gaussian noise. 

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 Cluttered 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 will be 

[d1  yi  d2  y2  d3  73  d4  74] 	 (1) 

If the room is rectangular, then the walls will be at 90 degree intervals and only one angle  
y  is needed to describe the orientation of the room relative to the robot, see Fig. 6. 

A7 



Y  

x  

d2 Y d 

a 

=_'y d  3 

door opening 
— 

dd  

d4 Ys 

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) = [21(td 22(tk) --?(tk) 23(tk) 24(tk) 2,/(tic 	 (2) 

For the state vector a coordinate system has been placed in one of the corners of the room 
giving  x  = dl ,y = d2  and 0 = 	. The constant (but uncertain) size of the room is used 
to replace the two remaining distances, xs  =  dl  + d3  and y s  = d2  + d4 . 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) 0@k) xs  ys 	 (3) 

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  x,,  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. 

If the laser is located at (0, 0) on the robot we get the linear observation model 

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

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 

(4) 

   

During the experiments the laser was not mounted at (0, 0) . Eq. (4) gives the principle but 
the actual observation function used in the system is nonlinear. 

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  

Figure 6 The states of the 
filter are the robot pose  
(x, y,  0) and the size of the 
room (xi,  y)  . The observa-
tions extfacted by the Hough 
transform 	 are 
(d1' d2' d3' d4'  y)  ' To navi-
gate through a door  y,  is also 
needed. a is the  angre  of the 
steering wheel. 
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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. 

3.2. Dead Reckoning 

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

k 	= [kx(t) ky(t) 
k
0(J

T  

where {  k}  is a frame defined by the pose of the robot at time tk  - see Fig. 7. The super-
script  k  denotes that the pose is expressed in the coordinate system 44,frame  k}  . The pose 
expressed in the global reference is written as P(t) = [x(t) y(t) 0(t)] . 

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

P(t) = P(tk)+ R(0(tk)) 
 kp() 
	 (5) 

cos0 —sine 0 

sin 0 cos 0 0 

0 0 1 

Also, eq. (5) 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  

k  
(tk +1 =  P-  (tk)  [R(ö(t  k))  R(e(t  k))1  k  131(t  k  + 1)  + R(e(t  k))  P(t  k  + 1)  

k  - 	 k  - 
where P(tk  i is the dead reckoning error between tk 

 k
and  tk 	. The error P(tk  1) is 

modelled as zero-mean Gaussian with covariance matrix Q(tk  1) . A linear approximation 
of eq. (6) valid for small errors  ö  is 

k + 1)  = F 	k) R(.6(t  k)) 	k + 1)  

where 

Fk =  

o 

1 

0 

0 — 
k 	

k  

1 	
k
'i(t k  

i)sinö(tk) 

)C0A(t — 

k, 
— y(t k  

k 
y(t k  

1) cos (3(t 

1) sin ktk) 

_00 	 1 

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

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

Between he two range scans at time tk  and tk 	the estimate of kp(t)  and the covari- 
ance matrix Q(t) are updated at (tk,  1, tk,  2, 	tk  +  i )  . The displacement P(tk, + 1) of 

where R(0) =  

(6)  

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

 

k( k + 1)  

  

the robot between time tk, 1 and tk, 1 + 1 is computed from the odometer readin2s. The uncer- 
-k 

tainties in the odometer  readin 	
, 

readins  are modelled by a covariance matrix 	Q(tk, 1+ 1)  
k 
 P(tk, 1+  1) and 

k
Q(tk 1+ 1) are computed using eq. (5) and (7) modified such that the 

updated pose is expressed in the local frame {lc} 

3.3. Navigation 

The navigation system is summarized in Table II. There are two processes active. The dead 
reckoning process is sampling at high frequency while the localization process operates in 
the background. 

When, at time tk  , a measurement scan is taken, the background process first extracts the 
observations from the measurements and then uses these observations 2(tk) to filter the esti-
mate k(tk l tk  _  i )  ,predicted at time tk  , using an extended Kalman filterk  [1]. The result is the 
filtered estimate X(tk tk). The time is now tk + 1 and the displacement P(tk  i)  of the robot 
since tk  has been computed by the dead reckoning process. This is used with eq. (5) to 
compute the new prediction 5C(tk  iltk)  and the associated covariance matrix I(tk  

5«tk+iltd = 5c(tk!tk)+ ierkltd)  k 
P(t  k + 1)  

  

1(t  k + k)  = 
[F 

k 0]1(t  ki t  k)  
0  I  

- - 

+ - 

	 T .  
F

T 
0 	Id@ k lt k)) k Q(1. k  + 

1) 
 RAt k lt k)) 

k 

0  I 	0 	 0 - - 

(8) 

Note that k(tkl tk) is not available until tk + 1 due to the computational delay in the 
extraction. An estimate  k(  ) is available to the control law whenever requested 

5C(t) = k(tk Itk  _ 1) + R(Ö(tk  tk  k 
P(t) > tk 
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k  
The displacement P(tk,  /) and the coy- 

k  
ariance matrix Q(tk, 1) are recursively 

updated using odometer readings.  

k  
The displacement P(tk  i)  and the 

covariance matrix 
k
Q(tk + 1) are 

updated as above and stored. 

tk, 1 

to 

tk, Lk 

Extract the vector Z ( tk) 

from the range scan. 
Use the EKF to compute 

5e(tk Itk) and E(tk  I tk) . 

k(tk i ltk) and 

E(tk +1 ! tk) are computed 

according to eq. (8). 

Table II 
THE DEAD RECKONING AND THE LOCALIZATION ARE COMPUTED IN PARALLEL AS TWO 

SEPARATE PROCESSES. 

Time 
	

Dead Reckoning Process 
	

Localization Process 

tk = tk, 0 
k 
P(t  k0)  = 

k 
Q(t  k, )= 

r,  y}  measured with 

laser. 

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 lines 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 line parallel with the x-axis at  y  =  y d'  see Fig. 6. The chosen control law is given 
as 

a(t) = — atan 	(j)(t) — 57d(t)) + k2  sin ö(t)) — ö(t) 

By choosing the feedback constants  k l  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 Fig. 9. A preliminary gain scheduling was used for k 1, k2 . 

All 



4. Experimental Results 

The algorithms have been tested with the robot shown in Fig. I. A range scan taken by the 
laser is shown in Fig. 2. This section presents a number of experimental results and a discus-
sion 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 will 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. 

At the full speed, 0.8  m/s,  of the robot the repeatability 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 will stop and search for a new door if 
the door it is heading for is closed during the approach. 

Although the laser can measure eight full scans every second, the present computer is 
only capable of processing one scan per second. During a passage through the door at 0.5 m/ 
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. Fig. 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 Ill gives the result of a statistical analysis for 

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 manoeu-
vres 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 repeatability presented in 
Table III. 
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Front wheel 
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-0.5 

1.5 

Table III 
STANDARD DEVIATIONS SHOWING THE REPEATABILITY DURING TESTS AT Two SPEEDS AND 

WITH DIII.ERENT STARTING POSITIONS. 

0.2 m/s 	0.5 m/s  

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

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

	

a -,-- 0.5cm 	G ,--- 0.7cm 
Y 	 Y 

	

ae  .,--- 5mrad 	Go  --,-• 4mrad 

	

G ,-- 0.9cm 	a -- 1.2cm 
Y 	 Y 

	

ae  - 10mrad 	Go  .--- 8mrad  

this type of 'ground truth'. The plotted lines were evaluated using a measuring rod. The 
results will be compared and discussed below. 

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

[ 5c fw(tk) 	5,fw(tk) — j)d  

where the estimates '.kfw, 5,fw  of the front wheel are computed from  i,  5), t5 in the Kalman 
filter. 

The curves in Fig. 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. 

Figure 9 Experimental trajectories when starting from several different starting posi-
tions. The left plot is the front wheel and the right is the rear midpoint. Note that the over-
shoot of the front wheel is necessary to align the robot with the perpendicular of the door. 
The plotted trajectories are the Kalman filter estimates of the robot's position relative to 
the door. 
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Size of the room measured 
during motion. 

5.52 

5.5 

5.48 

5.46 

5.44 

5.42 

Size of the room measured 
while stationary. 

5.52 

5.5 	 

5.48 - 
E 

5.46 - 

5.44 	 

5.42- 

0 

Two elements in the state vector are the size of the room. A number of estimates are 
plotted in Fig. 10. Each point is from a complete scan obtained by a least squares fit initiated 
by the four peaks of the Hough transform. There are three categories of errors. Noisy meas-
urements occur, giving a standard deviation of 0.3-1.2 cm depending, among other 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 radia-
tors on the wall. This type of disturbance is a typical association error and, if large, is the 
most serious as it cannot be compensated by either calibration or simple statistical methods. 

5.4 	5.4 	  
5.64 	5.66 	5.68 	5.7 	5.72 	5.64 	5.66 	5.68 	5.7 	5.72 

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  

`E'  and  'H'  plots are taken from trajectory 'A',  `E'  and  'H'  in Fig. 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'  respec-
tively. 
The El 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. 
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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 like the 28 legs of the Board of Grad-
uate Research have little 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 will 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. If 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 degrees at 0.5  mis  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 variations 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 eq. (3) are replaced 
with the coordinates of all the observed walls, compare with eq. (1). The observation vector 
in eq. (2) is replaced with the coordinates of all the walls that are extracted at time tk  . This 
implies that the estimate of the state vector will 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. This paper presents an algorithm for fusing scans from a time-of-
flight laser and odometer readings from the robot. The Range Weighted 
Hough Transform (RWHT) is used as a robust method to extract lines from 
the range data. The resulting peaks are used as feature coordinates when these 
lines/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 incrementally as the robot moves. If the 
map is given in advance the robot can find its location and navigate relative to 
the map. 
Experimental results are presented for a mobile robot with a scanning range 
measuring laser with 2 cm resolution. Simulations are made to study how the 
algorithm deteriorates as the motion uncertainty increases 

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

1. Introduction 

In this paper a systematic method is developed for estimating the position of a mobile robot 
relative to its environment. Current experimental tests are for indoor navigation, but the 
method can be extended to outdoor navigation as well. 

The uncertainty in measurements and motion give rise to two different but related prob-
lems. First the model of the world and the robot position will always be uncertain. Second 
the identity of the observed features are unknown. The algorithm deals with both these 
uncertainties in a systematic way. 

Previous work in this area usually use either a grid based approach (i.e. uncertainty grids 
[6]) or a symbolic approach where features are extracted and interpreted. Some examples of 
the latter can be found in [2, 13 and 14]. In the algorithm presented here the map is stored as  
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Figure 1 Range scan of a 
cluttered room. Parts of the 
walls of the room can be 
seen. This is one of the 
rooms the robot passed 
through in the experiments 
in Fig. 9 
One should remember that 
this is not a true birds view 
image. The measurements 
are polar and taken in the 
plane with lots of occlu-
sion. It is however much 
easier to find lines in this 
kind of scan than in normal 
images. 
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a set of feature coordinates relative to the robot, with the corresponding covariance matrix. 
The estimation is performed using a Kalman filter based approach while the association uses 
an approximate Bayesian classifier. 

The paper contains several aspects of robotics and, unfortunately, a lot of details are 
omitted - especially details of the approximations and several experimental tests. 

2. Extracting Features from Range Measurements 

Using a time-of-flight laser on the robot a horizontal range scan is measured of its surround-
ings, Fig. 1. From this range scan the parameters of the walls are extracted using the range 
weighted Hough transform [7]. Using this method the walls can be found even in a cluttered 
room. 

2.1. The Measurement Model 

The sensor measure the range  rm  to objects for a set of angles (pm  . The set of range meas-
urements taken during one scan is called a range scan and is denoted  {rm  (pm} . The features 
we use in this paper are the walls. They can be parametrized as the perpendicular distance 
and angle,  (d, y)  . 

If a range measurement  rm  is as an observation of feature  i  it can be written as 

di  
rm  = i(m)[ 	(1 — ri i(m)) R((pm) +  vm 	 (1) 

. 	i 
 

where we assume that cos ((pm  'ye) # 0. The binary random variable Ti(m)  is used to 
describe if feature  i  is visible ((m) = 1) or occluded (rl i(rn) = 0). In the latter case  rm  
is a measurement of the distance R((pm) to some other object. The inaccuracy of the sensor 
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is modelled by  vm  . To estimate the parameters of feature  i  we need a method for extracting 
the set 

{r,, pm  (11,(m) = 1)1 

2.2. Extracting Feature Parameters using the Hough Transform 

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

rm cos ((pm — yi)  — d  =  vm  cos ((pm  — yi) 

Then it follows that most of the range measurements (rm,(pm) where ri(m) = 1 satisfy 
the following condition 

—  rm  cos ((pm —  y  di<  h  where  h  = 3 jVar(v ) 	 (2) 

The condition given in eq. (2) is tested for a set of  {dr  V candidates. If the condition 
is satisfied for a candidate then the measurement votes for that candidate. This is the Hough 
Transform (HT). For this case, using range measurements, a range weighted version of the 
HT is needed. Thus the  g  -weighted Hough transform C(d,  y)  is introduced as 

C(d,  y)  = 	w(rni cos ((pm  —  y)  — d)g(rm, 'Pm'?) 

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 (rr(pi) and the line (d,y) . 

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

fl Ix' a 
w(x) 

0 	'xi> a 

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

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

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

After discretization in (d,y) , the special transform C1  is thus a counting function making 
CI  (d, y)  a histogram. The transform C1  of the scan in Fig. 2 is plotted in Fig. 3. 

In the range scan the sampling is uniform with angular steps S. . As the distances 
increase, each sample corresponds to a longer surface segment. To compensate for this the 
surface sampling rate is introduced as the weighting function g2 , giving 

C2(d, 7) = Zw(r m  cos  ((pm  — y) — d) 

 

rm 

 

 

cos  ((pm  — y)  

 

    

The weighting makes C2  sensitive to even single spurious measurements at large 
distances — especially the cosine term. A compromise is to use only range weighting, 
g3  =  ri  , giving 
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Figure 2 Scan of a 
rectangular room with 
lots of clutter. The 
scanner is at position 0,0 
and the scale is in 
meters. The Hough 
transform of this scan is 
shown in Fig. 3 and 4. 
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C3(d,  y)  = 	w(r rn  cos ((pm  —  y)  — d)rm  

called the range-weighted Hough transform (RWHT). For the room in Fig. 2 range-weighted 
Hough transform is plotted in Fig. 4. At short ranges the signal-to-noise ratio has increased. 
More plots of the HT and RWHT of range measurements are given in [9] and some more 
results are presented in [8], as well as in [7]. 

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 

Z1  =  [d  y
1 1 

= Xi(k)+ w1(k) 

The measurements that fall within an interval 

1d1 — r cos ((pm  — 	<2h 

Figure 3 The Hough transform  
C (y d)  of the room in Fig. 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 

90 	280  histogram count. For both Fig. 3 
ees)  and 4 the Hough parameter  reso- 
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Figure 4 The 	range 
weighted Hough transform 
C3(y'  d)  of the room in Fig. 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 
histogram count, roughly 
proportional to the visible 
length of the walls. 
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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. 

3. Representation of a Two Dimensional Indoor Environment 
in Robot Coordinates 

This section introduces the model of the robots environment. The world is modelled as infi-
nitely long straight lines (walls) described by the orthogonal distance and direction to them 
from the robot. Using walls as features are partially motivated by the existence of the effi-
cient extraction algorithms described in section 2. The navigation algorithm is based on esti-
mating those two parameters for each landmark. By observing those stationary landmarks at 
different positions the uncertainty introduced by odometric motion estimate can be reduced. 

3.1. Landmark Representation 

The map generation algorithm presented in this paper is for indoor navigation using a range 
measuring laser. The sensor measures the distance to objects in the horizontal plane. The 
most prominent features of an indoor scene are the straight lines. Those lines nearly always 
correspond to stationary objects such as walls. 

In this paper we 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  (see Fig. 5) to the line are 
referred as feature parameters or feature coordinates. We write the feature parameter for 
feature  i  as  

X j(k) = 
d1(k) 

y.(k) 
_  

(3) 
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Figure 5 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.  Distances  d  are positive when 
the walls are facing the robot 
(A,B,C,D and I), and negative when 
they are facing away from the robot 
(F,G and  H).  The feature parameters 
d c  and  y,  are marked in the  ' 	c  
figure.  

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

the landmarks in the robots environment are described by the following state vector 

X(k) = [di(k) y1(k) d2(k) y2(k) 	d  N(k) yAr(k 

Because the landmarks are described relative to the robot it follows that there are no 
fixed coordinate system and no explicit representation of the robot position. The state vector 
could also contain other landmarks like 'lump edges" at range discontinuities, corners or, for 
outdoor navigation, tree trunks. The algorithm below can be modified to also included these 
cases. 

3.2. The Motion Equations 

During the time interval tk  — tk _ the motion is described using the displacement vector 

U(k) = [p(k) p
y
(k) pe(k 

where the two first components (px,  p  ) are the translation and the last component po  is 
the rotation. In the robot used during thgtests, the actual motion 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 
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cos (y(k— 1)) sin (yi (k — 1)) 0 

0 0 1 

cos (y2(k — 1)) sin (y2(k — 1)) 0 
G(X(k — 1)) = 1 

cos  (y  N(k — 1)) sin (yN(k — 1)) 0 

0 0 1 

This equation is a kinematic model for how the collection of peaks in the Hough transform 
move as the robot moves. Note that the state transition is linear in the motion U(k) but not 
in the state vector X(k) . Also U(k) is given in the robot frame at time tk  _ . The reader 
should observe that this type of formalism is possible to use also for isolated objects like tree 
trunks etc. 

3.3. Two Transformations to Fixed Coordinate Systems 

Above we described how feature are located relative to the robot. It is also possible to repre-
sent the robot position, or the position of an object, relative to two or more features. 

Introduce a local coordinate system attached to a pair of features (lines), for example a 
corner in a room. This coordinate system can be used to record the robot position or to 
reduce the size of the estimated state vector. The two features have parameters (dry1) and 
(d2'y2) relative to the robot. The intersection of these two lines is used to define a origin of 
an ON-coordinate system. Choosing the x-axis to be rotated (yi(k) + y2(k)) /2 relative the 
robot frame gives the robot position in this coordinate system as 

y2(k) — y (k) 
— (d i (k) + d2(k)) cos( 	2 	

) 
 

(d1(k)—d2(k)) sin 	 
2 

(k) + y2(k) 

2  

Other pairs of  (d  yi) in the state vector can be transformed into the new coordinate system 
described above, thus introducing a fixed coordinate system. 

Another coordinate system can be defined by the robots position at time to . Rewriting 
eq. (4) and solving for the position using a least square method gives 

= 	[G(X(0))T  G(X(0))1 1  G(X(0))T  1X(0) — X(k)] 
	

(5) 

x(k) 

y(k) 

0(k) 

x(k) 

y(k) 

0(k) 
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4. Association based on the Probability of Error 

A critical point in the position estimation is the association of a measurement to a 
specific feature in the state vector. Since there is no identity in the measurements, we need 
an algorithm to decide which feature the measurement originates from. In pattern recogni-
tion this is know as unsupervised classification (see for example [51). Because we want to 
build a description of the environment as the robot moves the algorithm has to be recursive. 

Association algorithms often uses some kind of gate around the expected value, either of a 
fixed size, or dependent upon the covariance for example the Mahalanobis distance. An 
example of using the latter method for robot navigation is given in [12]. This implies that the 
most probable match should always be chosen. We disagree with that sentiment and our 
algorithm uses the best match only if the probability is high enough, otherwise the measure-
ment is discarded. 

We define the association function A i( ) which is an approximate estimate of the proba-
bility that a certain matching is correct. The match will be accepted only if A( ) > T, other-
wise the observation is discarded. T is a threshold that is usually used as a tuning parameter. 

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 Z1(k) where 0 	L(k) 

All the features are collected in the vector 

Z(k) = [Z (k)T  Z2(k)T  . . . Z (k) L(k) 

The corresponding covariance matrix is block diagonal given by 

S1(k) °2 x 2 " ' 	°2 x 2 

S(k) = °2 x 2 •52(k)  • • • 	°2 x 2 

02  x  2 02  x  2 • " SL(k)
(k) 

The total number of different landmarks observed upto and including time tk  is denoted 
M(k) . The state vector estimated in the Kalman filter at time tk  consist of these 2M(k) 

feature parameters as introduced in eq. (3). 

k(k) = 

  

km(k)(k) 

The estimated uncertainty of the estimate is denoted (k).l 	The size of SC(k) increases as the 
robot discovers new features, and might also shrink if features are discarded. 
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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 to  

5C(0) = Z(0), E(0) = S(0) 

gives the initialization. 

4.2. The Basic Association Algorithm 

We now return to the question of associating feature measurements to the features accu-
mulated in the state vector. In particular, this subsection gives an algorithm for associating a 
single measurement with the estimated state vector. From section 2.2. it follows that we can 
write an observation Z  (k)  of a feature as 

	

Z1(k) = [fl 1! 2 / ... riN/1 X(k) + w i(k) 	 (6) 

where ti p  ri2, ...TIN  are binary random variables with  

N  
= 1  

i  = 1 
Based on all the previous observations we wish to calculate the probability Pi  that Z1(k) is 
an observation of feature  i, i  M(k)  

P,  = 	= 11Ü(1), 	Ü(k), Z(1), ..., Z(k - 1), Zi(k)) 	 (7) 

The previous information upto Ü(k) and Z(k - 1) is approximated by the state estimate and 
error covariance, giving the approximate probability 

Pr(rii  = 115((kik - 1), E(klk - 1), Z i(k), S i(k)) 	 (8) 

If the Z1  is a measurement of feature coordinates Xi  , then Z1  can be predicted using 
eq. (6) as  H  ik(kik - 1), where  

[01 	1  = 

[ool. 	. 
[0 

Using the corresponding covariance matrix, we get the likelihood function for Z1  being an 
observation of  X,  as 

T 	)-1( H + 	HA) 

2n  j 	+ 

where S1  is the covariance of the measurement Z1 . The time index is omitted for brevity. 
Using Bayes rule, an approximation of the probability from eq. (8) for I  i  M(k) is 

given by the association function 

H = 	12  ... 1 A,i(k ii  = 

--1 (z
I 
 - H 5()T(H 

e 2  Pigp  S - (9) 

B9 



Acceptance Window function 
0.02 

0.018 

0.016 

0.014 

z 
cr 
co 0.008 

0.006 

0.004 

0.002 

o
o  0.05 
	

0.1 
	

0.15 
	

0.2 
	

0.25 
	

03 
Variance 

A i(Zi, S) =  	 (10) 

f i(Zi, S1) +  q  

j= 1  
where Pi  (Z1' S1) is given by eq. (9) and  q  model the likelihood that the measurement corre-
sponds to a feature that is not yet in the estimated state vector (M(k) <  i  5N). This likeli-
hood  q  can be seen as the 'intensity of detectable objects' in the scene. 

The function Ai(Zi, S1) give us an estimate of the probability that Z1  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 damaging to make one single mismatch but quite harmless to just 
skip a measurement. Thus only measurements with Ai( ) > T is accepted as observations of 
the feature parameters X1 , where T is a threshold 'close' to one. An illustration of the algo-
rithms behaviour for a simplified case is given in Fig. 6. 

When a sufficiently probable association has been found, the measurement is used to 
update the state using Kalman filtering. 

4.3. Higher Level Association 

Above, the relations between the features coordinates were not used. In cases where the 
variance for each estimated feature is large but some of them are strongly correlated it might 
be possible to get a higher probability for the hypothesis if more than one measurement is 
matched simultaneously. We might recognize a corridor by its width or a room by its size 
rather than the by distance to the individual walls. 

Figure 6 This example 
illustrates the association 
function for a scalar example. 
Let the state vector 5( consist 
of a scalar estimate 	of a 
feature parameter  x,  and let z 
be a potential measurement 
of  x,  . 
As the variance increases, so 
does the acceptable error. But 
after some point the accept-
able error decreases and if the 
variance is too large no asso-
ciation will be made. In our 
application this means that the 
algorithm will only accept 
observation of features if their 
coordinates are predicted with 
sufficient accuracy. 
The Y-axis is the maximum 
acceptable error for the give 
variance (X-axis). 
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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 above. The likelihood for 
Z 1' Z2 being observations of features  i  and  j  is given by 

Pii(Zi , Z2  ) = 
r - r- 	r  

(27r)
2  S1  0 

0 S2  

  

and the association function for associating Z and Z2  with feature  i  and  j  respectively is 

Pij(Z1' Z2) 
A ..(Zl'  Z2  ) — 

 M 	M 	 M 	
(11) 

I pm 

I 
 m 

2  1
, Z)+ 

m1 	z
2 = 

1 	 m=1 

rit21 

In the derivation of eq. (11) we have assumed that there is no correlation between the 
unobserved features. The normalizing denominator of eq. (11) 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 likelihood function for the case where 
one of the measurements is generated by a feature estimated in the state vector and the other 
measurements observation of a feature not yet estimated. The last term correspond to the 
case where both measurements are new observations of unknown features. 

4.4. Adding New Features to the State Vector 

Those observation that could not be associated to the previously detected features in the 
state vector might be observations of "new" features not yet included in  X.  To avoid the 
introduction of duplicates we require that 

1 — 	 > TNew  

i= 1 
where M is the number of features included in  k.  Thus, the approximate probability that 
the observation is not from one of the estimated features has to be greater than TNew  for a 
new feature to be added. 

When a new feature is added to the state, 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 are zero. The new augmented state 
vector and covariance matrix in the filter is then given by 

[E 0 
0 S 
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4.5. Deleting Duplicate Estimates of a Feature 

Even if the condition in eq. (10) is fulfilled, there is a small probability that a new feature 
might be added by mistake. The result is two separate estimates of the same feature. To 
detect such duplicates it is necessary to check that the estimates are well separated. This is 
done using the same principles as above. 

To describe the algorithm assume that km  and  k,  are both estimates of the same feature  
X.  i<M. Then we can write the estimated state vector as 

- X 

=  

L X  m - 

with Cov(W) = Z. The distance 5Cm  - ki  is used as a test variable in the modified associa-
tion function 

A i*(k m) = M- 1 

P 
J
.* (km) + q  

j  = 1  

(12)  

where  P * (X  m)  = e 	 

m - HIJT([41 	‘ 7.)-1  (5( - ,5() 

   

27c  j 	[-Hi  

 

    

If Ai*(km) > T then the estimated state vector is merged to 2 (M - 1) elements using 

-X*  = K* 'X  where  K* = 

with the covariance matrix 

I  HT  d- [[  
i v_i[i 

Hj 

1- 	1, 7 	
(13)  

H- 

E*  = K*EK*
T 

(14) 

The merged state vector  k*  and the covariance matrix  E*  is then used as the new esti-
mate of the feature parameters. Note that if there are no correlation between km  and the 
other elements in  k,  then eq. (12) is identical to eq. (10) and eq. (13)-(14) can be rewritten 
in the form of a Kalman Filter update (see [15]). 

5. Experimental Results using a Range Measuring Laser on a 
Mobile Robot 

The experiments were made using the mobile robot LuSAR  (Luleå  Semi Autonomous 
Robot). The tests were performed in various more or less cluttered indoor environments. 
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5.1. The Mobile Robot LuSAR 

The algorithms were implemented on the mobile robot LuSAR (Fig. 7) equipped with a 
scanning range measuring laser. The laser, an IBEO  Ladar,  can measure distances up to 30 
meters in an 270 degree sector with resolution of 2 centimetres. Using the multitasking oper-
ating 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 bandwidth 
needed and the human workload will decrease. During the current localisation tests the 
steering of the robot was by the operator. Examples of previously tested autonomous opera-
tions are passing through doors [7] and navigating along corridors [9].The use of rate gyro 
was demonstrated in [10]. 

Figure 7 LuSAR -  Luleå  
erni Autonomous Robot. 

The two rear wheels have 
one motor each, with a third 
motor for steering the single 
front wheel. Computations 
and control are performed by 
a standard industrial 486 PC 
running a multitasking oper-
ating system (QNX). There 
are incremental encoders 
measuring 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. 
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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 Fig. 8 shows how the map was generated recursively when the robot 
was driven around the object. 

Table 1 Statistics from ten experimental robot runs around the 
laboratory in Fig. 8. 

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 round around the lab, 
the last two the result after two rounds. The speed was between 0.5 and 1 m12. 
The second table shows the maximum deviations from the mean rather than the standard 
deviations. 

Standard 
deviations , 

After one 
Size 

round 
Angle 

After two 
Size 

rounds 
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 After one round After two rounds 
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 

To evaluate the precision the robot was driven around the lab twice, saving the state (or 
map) after each round. The speed varied between 0.5 and 1  mis,  generally higher during the 
second round. This process was repeated twelve times. In two of these tests the robot made 
some small mistakes when generating the map. Once it failed to include the short line in the 
upper right corner of the map, and once one wall was duplicated. Neither of these faults 
cause any 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, especially the angle, and the estimates improve after the second round about 
as much as can be predicted from theory. The standard deviations from the experiments 
agrees fairly well with those predicted by the Kalman filter. 

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, Fig. 9. 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 further into the next laboratory  
(pos  6, 7). From there it turned back through the first laboratory and into the hallway  (pos  8) 
and the back to the laboratory again  (pos  9). Positions refer to the figure. The plots show 
range measurements taken at the nine positions overlaid onto each other using the naviga-
tion algorithm, and for comparison using only dead reckoning from the odometers. 
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Figure 8 Map generation test where the robot 
navigates around a rectangular object in the 
laboratory. The sequence of plots illustrate how 
the robot builds the 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 following plots show how the 
map is built as the robot moves. 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 round. 
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Figure 9 The upper right plot 
shows nine overlaid range scans 
aligned using dead reckoning. The 
lower left plot shows the same meas-
urements but aligned using position 
estimates from the navigation algo-
rithm. 
During the test the robot passed 
between the rooms as indicated by 
the numbered "T" symbols. The 
final scan taken in position 9 during 
his test is also shown in Fig. 1. The 

grid is 5 meters. 
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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) 

6. Simulations 

The purpose of these simulations are to illustrate how the algorithm behaves under varying 
circumstances, especially how it deteriorates as the motion uncertainty increases. The simu-
lation environment consists of polygons. In the simulations described here the environment 
consisted of four rooms of varying sizes, Fig. 10. 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. One finding is that the association algorithm seems fairly reli-
able when the motion uncertainty is <10% of the travelled distance. 
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Figure 10 In this simula-
tion the robot moved 
between the four rooms, 
with noise added to both 
motion and measure-
ments. The `+' signs are 
the random range measure-
ments. 

6.1. Map Building and Association 

In the first simulation the robot moved between the four rooms building a map while it 
moved. The lower wall is used as a position reference to evaluate the performance of the 
navigation algorithm. In Fig. 11 we see how the error increases unbounded if only dead 
reckoning is used. The oscillatory behaviour results from moving in a circle, with the major 
uncertainty being the heading. When the navigation system is used, Fig. 12, the error is 
reduced by at least 10 times after the first run. The following runs are another 5 times better, 
as the map created during the first run can now be used. 

The plot in Fig. 11 shows how the error increases during the first loop around the four 
rooms. When (around t=26) the robot returns to the lower wall, the error is immediately 
decreased. What happens is that the algorithm successfully associates the 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 Using a Given A Priori Map 

A map can be provided to the robot by initializing the state vector with the feature coordi-
nates for all the walls. Noisy odometric readings were simulated having the following statis-
tics for one motion step. 

0.46 0.0025 0.0002 —0.0003 
E(Ü) =  0.047 and Cov((J) = 0.0002 0.0023 0.0097 

0.20 —0.0003 0.0097 0.042 

Using only the motion estimate to calculate the position will lead to increasing errors. The 
error in the estimated orientation is shown in Figure 13. 
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Figure 12 The error in the 
distance to the lower wall 
as the robot moves around 
the four rooms in Fig. 10. 
The plot shows the error 
when the navigation algo-
rithms are used. Compare 
with Fig. 11 were only 
dead reckoning is used. 

Figure 11 The error in the 
distance to the lower wall 
as the robot moves around 
the four rooms in Fig. 10. 
The plot shows the error 
when only dead reckoning 
are used. 
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To evaluate the navigation algorithm the estimated state vector was used to calculate the 
position of the robot using eq. (5). Fig. 14 shows how the errors in the estimated orientation 
were reduced dramatically using the algorithm compared to the earlier Fig. 13. 

In Fig. 15 the error in the estimated  y-position is plotted. The error, as seen in the plot, 
increases when robot is between room A and  B  and between room  C  and  D.  In those loca-
tions the sensor receives few measurements from the walls parallel to the x-axis. Therefore 
the RWHT only extract 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. 
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6.3. Navigation without an A Priori Map 

Figure 13 The plots shows 
the error in the orientation 
of the robot when only 
odometric readings are used 
to estimate the position for 
10 different simulations. At 
time index 33 the robot is 
back in the starting position 
and the standard deviation 
of the orientation error is 
1.8  rad.  

Error in Estimation Of Orientation Using Odometers Reading Only 
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Figure 14 This plot shows 
how the error in the orienta-
tion estimate is reduced 
when a A Priori map is used. 
Compare with the dead reck-
oning in Fig. 13. 

To test the map building algorithm an origin is needed. The state vector was therefore initial-
ized with only two pairs of feature coordinates corresponding to the two walls forming the 
lower right corner in room A. The estimates of those two were then used to calculate the 
robot position. The statistics for the uncertainty in motion was the same as in 6.2. 

Figure 16 shows the errors in the estimate of the  y-position. Comparing with the case of 
an a priori map, Fig. 15, we see that the peaks in the estimation errors appears at the same 
position. The difference is that the error is significantly larger when the robot is in room  B  or  
C  where the wall defining the y-axis is occluded. As the robot moves the map is improved. 
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). 
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The first lap when the map is generated is the most critical time interval. In one of the 
test runs, the lower curve in Fig. 16, the algorithm, after the first lap, failed to associate the 
measurements from the wall which was used to calculate the  y-position. 

7. Conclusions and Future Work 

The algorithm was tested in several experiments. Reliable results were obtained even in clut-
tered environments. In a well structured environment the standard deviation was about 2cm 
in range and 0.3 degrees, table 1. Simulations were made to study failures for large motion 
uncertainty. The algorithm seems reliable if the motion uncertainty is <10% of the travelled 
distance. 

Figure 15 Error in the  y-posi-
tion for 10 different simulations 
using a prior map. Each simula-
tion correspond to 12 1/2 lap 
around in the building in Fig. 
10. 

Error In Estimation of  y-Position Using A Priori Map 
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Figure 16 Error in the  y-posi-
tion for 10 different simulations 
similar to those in Fig. 15, but 
without a prior map. A critical 
point when a map is created is 
when the robot observes features 
that have not been seen due to 
occlusion for a long time. This 
happens at time index 20. In one 
of the test runs the algorithm 
failed to associate the measure-
ments of the wall used to calcu-
late the  y-position leading to a 
bias in the estimate. 
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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. 

One drawback is the computation time. For small maps, with up to 25 walls, real time 
operation is feasible with updating times of 1-2 seconds. 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 combinations. This will also allow simulta-
neous matching of more than two features, greatly increasing the robustness. 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. 

The reader should observe that only distances and angles to walls are used. This keeps 
the results unified. It is obvious that improvements are straight forward by including addi-
tional features like "jump edges" at range discontinuities, isolated objects and corners. 
Improved estimation of the endpoints of lines will 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 will be the subject of future 
developments 

The navigation system is used both in the semi autonomous robot LuSAR and in an 
autonomous plastering robot. 
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ABSTRACT 

Most methods for calibrating sheet of light range cameras use an accurate reference object in a 
static scene. This paper gives calibration algorithms where an absolute motion is used instead. The 
calibration is integrated with the normal operation of the robot using odometers as the absolute refer-
ence. This makes it possible to detect when parameters change during operation, and to recalibrate 
automatically. 

This paper presents a method for calibration of a sheet of light range camera using robot motion 
information from odometers instead of an absolute reference object in a static scene. The calibration is 
integrated with the robot position estimation, and performed during normal operation of the robot. This 
makes it possible to detect when parameters change during operation, and to recalibrate automatically. 

To estimate the calibration parameters as well as the robot position relative to the surface a Kalman 
filter is used. The system is highly nonlinear and a normal extended Kalman filter will often fail to 
converge to the correct value. This is solved by changing the coordinate frame in which the filtering 
occurs, taking into account the resulting correlations between the estimate and measurement The cali-
bration assumes that initial estimates of the calibration parameters are available. 
Keywords: Range Camera, Calibration using Absolute Motion, Kalman Filter Motion Estimation. 

1. INTRODUCTION 

This paper presents a method for integrating the calibration of a range camera with the position esti-
mation system of the robot. Automatic calibration and recalibration is necessary when range cameras 
are to be used in real life. Laboratory work, where parameters are often changed, can also benefit. 

1.1. Definition of the problem 

Some of the angles in the range camera have to be known very accurately, as they have a strong 
influence on the resulting range measurement. These angles are however hard to measure, and can also 
change during operation due to physical abuse. Therefore the robot should be able to calibrate itself 
autonomously during operation. 

Calibration requires some sort of absolute reference. In a laboratory calibration this reference might 
be absolute measurements. In an industrial situation that is not economically feasible. Our system uses 
the internal sensors (odometers) for the absolute reference. That is, rather than an absolute reference to 
the wall we have an absolute motion relative to the previous robot position! By using the Kalman filter 
methodology it is possible to integrate the position estimation with the calibration. The initial values of 
the calibration parameters can be obtained by inaccurate manual measurements, and is only needed 
once. Exact calibration and recalibration are performed autonomously during normal operation and 
without human intervention. 
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Figure 1 The plastering robot with one 
range camera to be used for measuring the 
position and size of doors, windows, 
corners etc. Giving this robot a robust and 
accurate sensor is the goal of for this work. 
The relative position measurements needed 
by the algorithms are given by encoders on 
the robot wheels. 

2. THE RANGE CAMERA AND ROBOT MODELS 

The range camera consists of a CCD camera and a laser generated horizontal light plane which will 
be seen as a line in the image when it intersects objects in the surrounding environment. The camera is 
offset from the lightplane by a vertical distance zo . It also might be tilted iiro  and rolled  e,  relative to 
the light plane, fig. 2 and 3. Tilting the camera is usually done to increase the dynamic range, and roll 
might be due to incorrect mechanical alignment. By observing the line in the camera image the distance 
to objects is estimated using triangulation. 

2.1. Assumptions 

The model is based on the following assumptions. 

Calibration is only performed when measuring flat surfaces. The intersection between the light plane 
and a fiat surface will be a straight line, and straight lines are easy to detect, and remain straight lines in 
the image. Flat surfaces are also a good choice because they are a common feature in this indoor envi-
ronment. 

The light plane is horizontal. This is because the camera vertical is calibrated relative to the light- 
plane. Small deviations from the horizontal will only have a minimal impact on the accuracy. 

The camera lens in the system is already calibrated. The calibration of the lens is covered in other 
works, and it is a static calibration. The shape of the lens is not likely to change over time. 

2.2. The coordinate frames 

Point coordinates in the plane (the laser plane as well as the image plane) are denoted by  (x, y)  . 
Lines is described using the orthogonal distance  d  and angle  y.  Thus points on a line will fulfil 

zcosy + ysiny =  d  
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Side view 

There are four different coordinate frames. They are indicated using the letters A to  D  as subscripts. 

A 	Pixel coordinates in the CCD camera.  
B Normalized image coordinates. As for a perfect pinhole camera with focal distance I unit.  
C 	Normalized image coordinates after the camera rotation co .  
D Coordinates in the light plane (=real world robot coordinarrs). 

2.3. The camera geometry 

The camera lens geometry is described by 

XD  = fx(x,,y,) 

Y8 = f,(xA,  YA)  

The functions f,  fy  and frame A is not used explicitly in the paper. They indicate the camera lens 
geometry, which is not treated here. 

The rotation  e,  fig. 2, around the optical axis has the invertible relation 

R(Eo
il 	[cos E0  sine] [xl

[ 

	 R(—ea) 
 [

xi 	[coo 	[x1 
[YB 	 Y 	—sine°  cosE0  y 	yc 	y» 	sin, coseo

i

y]  

The tilting Iv, down and the projection of the lightplane/wall intersection, fig. 2. 

xr  xr  1 0 0 XD 	 XD  

Yr 	
Yr  = 0 cos  wo  siny, yD  = 	y,cosy, 4siny, 

zr  0 —sin  wo  cosy,— (YD  sin% + zo  cos yo)_.  

where frame T is a temporary frame attached to the camera to simplify the calculations. This gives 

XD 	 Xc 
Zo 

( yD  sin Igo  + zo  cos yo)] 	[x

0] 

 _ 	[cos vo  — ycsinv] 

Yc 	yD  cos  wo  — zo  sin IA 
YD 	

YcCOSIllo sinwo  

Figure 2 Side view of the 
range camera defining the 
parameters z0 ,  Vo  and Eo, 
and the  yr  axis used in (I). 
The tilt angle  Vo  in the figure 
is negative. It is used to tilt the 
camera such that the full area 
of the CCD chip is used. (In a 
level camera the light plane 
will only be seen in the lower 
half of the image.) The rota-
tion E0  of the camera around 
the  y,  axis might be due to 
mechanical imperfections.  

(1)  

(2)  
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Top view 
Figure 3 Top view of the 
camera showing the global 
coordinate frame  D  and the 
coordinates of the wall. The 
distance to the wall is  d  and 
the angle is yo  . Note that when 
the camera looks directly at the 
wall, the angle is 90 degrees. 

2.4. The observation geometry 

The observation used by the estimator is that of a line. This line is generally generated by some flat 
surface (i.e. a wall). It can be extracted from the pixel values using the Hough transform and least 
squares estimation. (41. The relationship between a line in the laser plane  D  and a line in the image  B  

is given in two steps. First we look at projection and tilting Iv, (as given by equation (2)). From the 
equation for the line in frame  C  

xccosyc  + ycsinyD  = cl,  

and by applying (2) we get 

%cosy, + y D  (— sinycsin‘ir, — tic  cos NO = Zc  ( siny, cos N(l°  —  cl,  sin Itr,) 

The line in  D  is described by 

xD  cos yD  + yosin7D =  dn  

and by identifying (3) with (4) and solving for  dr,  and yo  we get 

z, ( sinyccos Igo  — c/D  sin  wo )  
d0  —  	= atan2(— sinyc sirog, — c/Dcosw,, cosyc) 

..1cos2yD  + (— sinyDsiny, — ciccosy„) 2  

The second transformation, the rotation  e,,  is obvious and the resulting relation between (c13,  ya )  

and (c/ D, yD ) define the observation function  h  as 

= 	h2(hl([d1))  

'Yo 	7s 

(3)  

(4)  

where 

          

          

cos  (ya  + eo) 

—  sin  (ya  +  el) sin 	—  d a  cos  iti„  

z, ( sin  (ya  + e„)  cos  \y„  dB  singo )  

  

a 

b 

   

C  

 

       

 

h2( ) =  ./77-7-7 
atan2(b, a) 
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2.5. The motion model 

During the time period tk  — tk _ i  the motion is described using the displacement vector 

U(k) = 7.(k) py(k) pe(k)] T 
 

where the two first components  (p„ py)  are the translation and the last component Pe  is the rotation. 
In the robot used during the tests, the actual motion is estimated from odometric data using the dead 
reckoning equations given in [7]. This calculation can take place at a considerably higher sample rate 
than the camera measurements. It can also continue in the background while the camera measurements 
are processed. The state transition are 

X(k) = f(X(k —1), U(k)) = X(k —1)— G(X(k —1))U(k) 

with  

X  = [dz
I'Di 
	G 

 = [corto  sinyp  0

] 

 

0 0  i]  

Note that the state transition is linear in the motion U(k) but not in the state vector X(k). Also U(k) 
is given in the robot frame at time 4_ 1 . The reader should observe that this type of formalism is quite 
general. 

3. POSITION ESTIMATION WITHOUT CALIBRATION 

This section gives the basic structure for a Kalman filter capable of estimating the position given 
correct calibration parameters. It is intended as an introduction to section 4. Simulations show how the 
filter behaves in the presence of a model error. 

3.1. The estimator 

Using the model given in 2.4. and 2.5. we can design an extended Kalman filter (EKF). The estimate 
will be denoted  k  with the associated uncertainty described by the covariance matrix  E.  The measure-
ment is then given as 

_ Y = 	1 = h-'(+w 	Cov(w) = S 
i'B 

and 

2 = 21D  = 11-1(ü) = h(h-1(X) + w)=  X+  v 	Cov(v) = HS [ HT 

i'D 

where  

H
dh 

= —  
d Y  

Thus the covariance of the measurement noise v is derived from the covariance in the measurement in 
image parameters were it can be derived from quantization noise and other noise sources. The noise is 
roughly approximated as white gaussian noise.  
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Figure Figure 4 Simulated performance of the filter without parameter calibration, and in the presence of model 
errors (about 5 degrees offsets on ivs  and es ). The left plot shows the position and angle at the 40 sample 
points. Both the Kalman estimate and the true value is shown. The plot to the left shows the error in both the 
angle and the distance to the wall. The filter converges quickly, but to the a biased value. 

The extended Kalman filter equations now becomes 

K(k) = 1.(kik — I) (Z(klk — 1) + H(k)S(k)Hr(k)) - I 

k(kIk) = k(klk — 1) + K(k)  (±(k)  — k(klk — 1)) 

E(klk) = ( I — K(k))1.(klk — 1) 

This Kalman filter looks somewhat unconventional, as the observation matrix for this system is the 
identity matrix, and thus left out of the equation. and the measurement covariance is given as HSHT. 
Otherwise it's the standard EKE 

The motion update, or prediction, is done using odometric measurements. The covariance of the 
noise on U is described by  Q.  

ü(k) = U(k) + v(k) 	Q(k) = Cov(v(k)) 

If, for brevity, we drop the parameters to the Jacobians F and  G  we get 

k(klk— l) = k(k — llk — 1) —  G  Ü(k) 

Dkk— 1) = FT.,(k — 1k— 1)Fr +  G  Q(k)Gr 

where the Jacobian F of f with respect to  k  is used to approximate the new covariance. 

3.2. Simulations 

The simulation shown in fig. 4 were done with a small initial error (about 5 degrees) in the calibra- 
tion parameters. As can be seen in the figures, the angular error goes to towards zero. This is because 
the estimate of the distance to the wall acts as an integrator of the angle in the filter. The distance, 
however, reaches a biased value due to the parameter error. 

In summary, the EKF without parameter calibration works as expected. It reaches steady state 
quickly, but it is the wrong value. The bias is due to the calibration errors. 
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4. POSMON ESTIMATION WITH AUTOMATIC CALIBRATION 

This section shows how the calibration can be integrated with the position estimation in the Kalman 
filter. In the most straightforward implementation there are great problems due to the nonlinearity of the 
system. 4.1. The impact of the nonlinearity can be greatly reduced by using "virtual measurements" to 
allow the filtering to occur where the system is more linear. This is done in 4.2. 

4.1. A conventional extended Kalman filter 

To estimate the calibration parameters NI, and  ei,,  we add them to the EKF state vector. The param-
eter ; is not estimated by the filter, as it can be reliably measured. Also the effect of ; on the estimate 
is linear. Thus the calibration parameters will be automatically estimated by the EKF together with the 
position.  

x = 'fp  (5)  

   

co 
The EKF with calibration goes to towards the correct value. However, due to the nonlinear relation-

ship between the measurement and the position, the position estimates it does so unacceptably slowly, 
even when the calibration parameters are correct. This is because the filter covariance Z decreases 
much faster than the actual error, thus locking' the estimate at the wrong value. In a position estimation 
system this cannot be acceptable, and it will also disturb the calibration process. 

4.2. Filtering with virtual measurements 

In section 3 the measurement was given in the same coordinates as the state vector to avoid the 
nonlinearity when filtering. If this is done for this case, then the measurement will become correlated 
with the state as the transformation depends upon the calibration parameters which is now part of the 
state vector. The EKF is based on the assumption that state and measurement is not correlated. In this 
section we will solve this using a linearization of a standard optimal estimator in place of the observa-
tion phase of the EKF. 

When using the state vector (5), if we transform the measurements to the same coordinate frame 
as the position in the state vector, giving 2, then the result will be correlated with the state vector. To 
describe this we form a new vector  X'  containing both the state  X  and the measurement Z. Ideally, 
with no noise this vector is: 

1 0 0 0 0 
0 1 0 0 0 
0 0 1 0 0  

X"  = HX  H=  0 0 0 1 0 (6)  

0 0 0 0 1 
1 0 0 0 0 

0 1 0 0 0 

The function for calculating this vector from the state and measurement is  

d 
H x  =  c-a"  

X*  = h*(X, =  [ k 	z* = H.fi xZr +  HYS  fir 
h(j 	 d 

H y  = 
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Using (6) and (7) we can now form the linearized optimal predictor as 

K(k) = (HTV-1(kik — 1)H) -1  HT1*-1(klk — 1) 

2(kik) = K(k) .2.(kIk — 1) = K(k)lea(kik —1), P(k)) 

l(kik) = K(k)r(klk — 1)KT(k) 

4.3. Simulation results 

Figure 5 and 6 show simulation results for the filter with virtual measurements In these simulations 
an initial parameter error was introduced_ The starring position was given as unknown. 

One simulation, fig. 6, used no process or measurement noise. Here the filter quickly reaches a 
steady state with zero error. In the other, more realistic simulation, process and measurement noise 
were added, fig. 5. Still the filter goes to the correct value, but the position estimate is of course more 
uncertain. 
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Figure 5 Estimation errors. The left plot shows the estimation error in the distance and angle to the wall. 
They converge quickly to an unbiased value, compare with fig. 4. The right band plot shows the error in the 
calibration parameter estimates. In this simulation there were a generous amount of noise present. compare 
with fig. 6 for a noise free example. 
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Figure 6 Estimation errors with no process or measurement noise. The left plot shows the estimation error in 
the distance and angle to the wall. The right hand plot shows the error in the calibration parameter estimates. 
For an example were there are noise included see äg. 5 and the experiments in fig. 7. 
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Caeromon mower ono egmernel Cot Figure 7 Experimental results. A range camera 
mounted on the mobile robot LuSAR was used to take 
fifteen pictures, with the robot moving about 0.5m. 
between each picture. 
The plot shows the difference between the estimated 
parameters, and those measured manually. The parame-
ters goes to the correct value within a couple of 
samples. The 0.5 degree error in both angles might also 
be due to errors in the manually measured reference. 

5. EXPERIMENTAL RESULTS 

The experiments were made using the mobile robot LuSAR  (Luleå  Semi Autonomous Robot). For 
this experiment the robot was equipped with a low resolution (192x165 pixels) CCD camera and a laser 
light plane. 

5.1. Results 

The filtering algorithms in 4.2. where used with the robot moving around the room. The initial values 
of the calibration parameters where estimated manually without actually measuring them. The robot 
moved about 7 meters in the room looking at the wall. It moved about 0.5m between each camera 
measurement. Fig. 7 show how the calibration parameters converged in this experiment. As can be 
seen, the initial values was about 4 degrees off in this test. 

5.2. Error sources 

There are several possible error sources. Some of them are discussed below. 

• The motion uncertainty and measurement errors in the camera (quantization errors) limits the 
possible performance of the position estimate and slow down the calibration. These errors do not 
add any steady state errors. 

• Mechanical calibration errors, either in the internal sensor system (i.e. varying wheel diameters or 
misaligned wheels) or in camera position. These errors can give rise to steady state errors in the esti-
mates. Ideally they should be solved by better calibration or better mechanical design but this isn't 
always possible. 

• Poor calibration of the camera and lens. This calibration is not covered in this work.  
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6. CONCLUSIONS 

The system successfully calibrates the parameters, both in simulations and in experiments. A rough 
first estimate of the parameters is still needed. If this estimate is too much off, then the filter might fail 
to converge to the correct value. As an example, when the true value of the camera tilt angle Igo  was 
+12 degrees, and the initial value was set to -12 degrees the filter failed to converge. With reasonable 
initial values, the filter has no such problem. There is no need for the initial position to be given. 

If the camera can see several walls, either simultaneously or at different times, then they can be 
included in the state vector forming a map [8]. This should significantly improve performance of the 
filter, as the different walls will be at different distances and angles from the robot giving a better foun-
dation for the calibration. 
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Abstract: This paper presents a robot and algorithms for autonomous spray plastering of 
walls and ceilings during the construction of apartment houses. Successful experimental 
tests are described where the robot measures the size of the room and the location of doors 
and windows. The work sequence is then planned and executed autonomously. To sense the 
environment the robot uses a range measuring scanning laser. The range weighted Hough 
transform is used to observe the walls and the resulting observations are used to update esti-
mates in an extended Kalman filter based map. Association of observations to estimates is 
performed using the estimated probability of a correct match, taking correlations between 
estimates into account when needed. 
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1. INTRODUCTION 

The task for the robot is spray plastering of concrete 
walls and ceilings during the construction of large 
houses. In this process the concrete walls are covered 
with a several millimetres thick layer of plaster to 
create a smooth surface. The thickness are controlled 
by the robot. The robot is designed with a special arm 
to handle both walls and ceiling using the same 
mechanical unit. 

To accomplish this goal the robot has to autono-
mously measure the size of the room and the positions 
of doors and windows on the walls. After confirma-
tion from an operator the robot then proceed to spray 
plaster the walls and ceiling. To accurately spray the 
walls it has to continue sensing its environment 
during operation, so as to continuously update its 
position estimate during motion. 

2. ROBOT DESCRIPTION 

The mechanical construction can be divided into three 
major subsystems. 

• The mobile robot base with three wheels. 

• The Lift: The part of the arm that is moved by the 
two continuous linear actuators. 

• The Spray Gun Assembly: The end effector on the 
arm. 

Fig. 1 The plastering robot. In this version the 
robot is equipped with two range cameras as 
sensors. 

2.1 The Mobile Robot Base 

The robot has three wheels. 

• Front wheel: Can be  servoed  +90 to -45° and has 
traction. 



riving wheels 

V2  

Fig. 3 "Rotating mode" (v2  = —v,) 

Crabbing mode: The robot moves sideways. This 
mode has only one degree of freedom, the robot 
cannot turn. 

• Right rear wheel: Can be steered to three fixed 
positions and has traction. 

• Left rear wheel: Can be steered to three fixed posi-
tions. 

Using pneumatic cylinders they allow the following 
three different configurations. 

Car mode: The front wheel is used for steering. 
Allows motion over the entire space. 

Front wheel 	v, 
(steerable) 

Rear wheels 

Fig. 2 "Car mode" 

Rotate mode: The robot rotates around its 
midpoint. This mode has only one degree of 
freedom. 

V2 

Fig. 4 "Crabbing mode" 

The kinematics of the three modes are described the 
differential equations in table I. 

2.2 The Spray Robot Arm 

The arm has three continuous degrees of freedom  
servoed  by electric motors and three additional 
discrete (binary) degrees of freedom  servoed  using 
pneumatic cylinders. 

Vertical lift: Allows a 120 cm linear vertical 
motion. 

Horizontal lift: A 90 cm linear horizontal motion. 

Tilt: Continuous ±45° rotation of the spray direc-
tion. Allows the spray to be pointed up/down 
when in vertical spray mode and left/right other-
wise. 

Roll: Discrete 90° roll of the spray gun for 
switching between vertical and horizontal/ceiling 
plastering mode. 

Ceiling: Discrete 90' rotation for switching 
between wall and ceiling plastering. 

Table I The kinematics of the mobile robot base.  
The position of the robot is given as the vector  

(x, y,  0) ,with  x  and  y  giving the position and 
the heading. The zero heading is defined by the 

natural direction of travel in 'Car mode'. The position 
is for the rear axis midpoint. 

Differential 	Kinematic 
equations describing constraint on the 
the kinematics of the driving wheel 
mobile robot base. 	velocities. 

• = v, cosacos (0) 
y = 	cosasin (0) 

V, 	 = vi cosa+ coR 
• = 

= v, sin (0) 
= —v, cos (0) 

= o 

2 	2  +  R  L  r = 
2L 

V2 
CI) = -

r 
= torsin (0) 
= —turcos (0) 
= 

R  is the offset between the rear axis midpoint and 
the right (driving) rear wheel. 
L is the length of the robot measured from the rear 
axis to the front wheel. 

Lift extension: Discrete 50 cm linear motion to 
extend the reach from the floor to the ceiling, and 
to extend the reach when plastering ceilings in 
smaller rooms. In Ceiling mode this motion is 
orthogonal to the lift. 

These allow the robot to spray plaster in three 
different modes, 

• Horizontal wall spraying: The motion is achieved 
using the mobile robot base in car mode. 

• Vertical wall spraying: The motion is achieved 
using the vertical lift. 

• Ceiling spraying: The motion is achieved using 
the mobile robot base in car mode. 

Fig. 5 "The Lift" 

Car 
mode 

Crab 
mode 

Rotate 
mode 

V2  = V, 

V2  = -V,  



Fig. 6 "The spray gun assembly" 

3. NAVIGATION AND MAPPING 

The main navigation sensor is a scanning range meas-
uring laser using time of flight to measure range. The 
position of the walls as well as the position and width 
of doors, openings and windows are measured using 
this laser. The height and vertical position of the walls 
are measured using images from a CCD camera fused 
with the range measurements extracted from the time 
of flight laser. 

The range measurements are used for the dual 
purpose of creating a two dimensional map of the 
environment and measuring the robot position in this 
map. The internal sensors are used to estimate the 
robot motion between measurements and to allow 
filtering of the position for greater accuracy. 

The map will contain the coordinates of the walls. 
The wall coordinates are extracted from the range 
measurements using the Range Weighted Hough 
Transform and a robust least square, section 3.1. The 
map, containing  N  walls, is then created as parameter 
vector 

T 
= [d, y, d, y2  .., 	y„] 	(1)  

where  d,  is the orthogonal distance and  y  is the angle 
to wall  i,  see fig. 7. 

Thus the walls are described relative to the robot, and 
the robot motion is described by a change in the coor-
dinates of the walls. 

3.1 Observing the Walls 

The range scan measured by the scanning laser, or a 
range camera, is a set of points in polar coordinates 

Fig. 7 Walls are described using two parameters, 
the orthogonal distance  d  and the angle 1. 
This is relative to the robot frame. 

{r1, (.19 relative to the robot. To find the walls rela-
tive to the robot the Hough transform is used. In the 
range scan the sampling is uniform with angular steps 
59 . As the distances increase, each sample corre-
sponds to a longer surface segment. To compensate 
for this the range weighted Hough transform C2(d,  y)  
is introduced as 

C3(d, 'y) = 	w(r i cos (9,— y) — d)r, 	(2)  

where w is a window function. The argument in w is 
equal to the shortest distance between the point 
(r,,9,) and the line (d,y) . Currently a unit rectangular 
window function w(x) of width 2a is used. This 
choice allows an efficient implementation. 

For more comprehensive treatment of the range 
weighted Hough transform see [4] and [5], and for the 
Hough and Radon transforms in general see [2] 

3.2 Map Generation and Navigation 

The robot uses a navigation system developed for the 
mobile robot LuSAR — LUleå Semi Autonomous 
Robot. A full description of the navigation algorithms 
is outside the scope of this paper. It is described in 
detail in [7]. This section only contains a short intro-
duction to the navigation algorithms. 

There are two main aspects of the navigation system, 
the association of observations to map features and 
the estimation of the map feature parameters. 

2 
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Fig. 8 A laser scan taken by the robot. The scanner 
is at position 0,0 and the scale is in meters 



The association is performed using a decision 
directed classifier based upon an approximation of the 
Bayesian probability of the association. This associa-
tion algorithm is capable of deciding if an observation 
matches a certain feature, if it is an observation of a 
feature which is not in the map but which should be 
added or if the association is to unreliable in which 
case the observation is discarded. The algorithm is 
also capable of taking the correlation between 
features and observations into account. A good 
general source on classification is [3]. 

The estimation can be described as a large Extended 
Kalman Filter, see i.e. [1]. All features are described 
by their parameters relative to the robot. The motion 
is estimated using incremental encoders on the front 
wheel. 

The general navigation algorithm allows for any map 
consisting of straight walls. The plastering algorithms 
so far only works for one room at a time. Thus the for 
walls are extracted from the map, and only those are 
used by the robot. 

3.3 Observing Windows and Doors 

The existence of an opening in the wall, and its width 
and horizontal position, is determined using the range 
measurements, see fig. 10. 

The CCD camera mounted on the lift is used to deter-
mine the upper and lower bound of the opening. After 
compensating for lens distortion a  sobel  operator is 
applied to the image to calculate the vertical deriva-
tive. The image is then thresholded and a Hough 
transform, constrained to only search for horizontal 
lines, is applied to it. The resulting lines are used to 
determine the upper and lower boundaries of the 
opening. The true position of the lines on the wall are 
then calculated by combining the angle information 

180 

Pig. 9 the range weighted Hough  transtorm 
C  3(y,  d)  of the room in fig. 8. 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 histogram count, 
roughly proportional to the visible length of the 
walls. The Hough resolution is 6degrees and 0.1 
m for this plot. 

0 	 1 	 2 	 3 	 4 	 5 

Fg. 10 Part of a rangescan taken by the robot. The 
scan illustrates how the opening 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. This scan is taken in the laboratory, 
there are no doors mounted in the door opening 
at actual construction sites. 

from the image with the range information from the 
navigation map. 

3.4 Segmentation of The Wall 

The robot automatically divides the wall into 
segments. These are determined by the map of the 
wall and the requirements for a good plastering result 
(i.e. only a certain range interval is permitted). Finally 
one of two wall plastering strategies can be chosen, 
either horizontal or vertical plastering. A more 
comprehensive description of the software system can 
be found in [6]. 

4. EXPERIMENTAL EVALUATION 

This section describes different experiments in auton-
omous wall and ceiling plastering. Section 4.1 is 
about the navigation accuracy and section 4.2 
presents the results of autonomous plastering tests at 
an actual construction site. Section 4.3 discusses 
some error sources. 

4.1 lime-Of-Flight Laser Navigation Tests 

These test has been performed in a laboratory which 
is actually somewhat more cluttered than a typical 
room at a construction site. The laboratory is about 9 
by 5 metres. In the experiments the robot went 
through the following steps, using the standard plas-
tering program without any changes: 

It always started at the same 5 meter 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. 



Three parameters were evaluated: 

1 	The repeatability of the distance from the wall. 
2 The directional stability. 
3 The stopping point, i.e. the positioning along the 

axis parallel to the wall. 
The accuracy was evaluated using lines drawn by a 
pen mounted on the robot near the rear axis. The 
repeatability is given both as the standard deviation 
and as the maximum spread during the experiments. 
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 experiments 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 intro-
duce a position disturbance and to better test the 
positioning of the robot. This was repeated 4 times 
for a total 8 legs. 
This experiments 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 manoeu-
vring, between each length. This was repeated 6 
times for a total of 12 legs. 
This experiments tests the repeatability of the map 
generation/initialization. 

The experiments revealed a calibration error which 
affects the accuracy. The laser is not properly aligned 
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 naviga-
tion repeatability, but only after the robot has moved 
one or more legs along the wall. Thus the first leg will 
show considerably larger errors than the following 
legs. To illustrate this, and to show the real perform-
ance attainable if this problem is corrected, the exper-
imental results are evaluated in the tables both 
with.and without the first leg(s) included, table II and 
III. The results given in table III with the first, inaccu-
rate, legs removed is probably more representative for 
the attainable accuracy once the calibration error has 
been corrected. 

To summarize the navigation results we note that the 
attainable repeatability is about 0.5 cm and 1° given 
as the standard deviation. This result is given both by 
the measurements of the distance to the wall and the 
stopping position. 

Table  ff  Exaerimental Results 
An evaluation of the repeatability of the system. 

The speed of the robot was about 0.3  m/s.  

N 
 Standard Maximum 

deviation 	Spread 

1 Continuous 
	

14 	1.6 cm 	6.5 cm 
operation 	 0.6' 	3° 

2 Movement 
	

8 	1.6 cm 	5.5 cm 
between lengths 	1° 	4° 

3 Full 	restart 12 	1.4 cm 	5.0 cm 
between lengths 	1.5° 	6° 

Stopping position 	14 	0.5 cm 	1.4 cm 

Table III Experimental Results With the Legs  
Affected by the Initialization Error Removed.  

The results most representative for the performance of 
the algorithms are those given as 2 and 3 in this table 

and the stopping position as given in table II. 

Experiment 	N  

1 Continuous 
	

10 	0.3 cm 	1 cm 
operation 	 0.2° 	0.6° 

2 Movement 	7 	0.6 cm 	2 cm 
between lengths 	1* 	3° 

3 Full restart 6 	0.5 cm 	1.5 cm 
between lengths 	1° 	3° 

4.2 Autonomous Plastering of an Entire Room 

To demonstrate the entire system, from sensor to actu-
ator to the spray pattern on the wall, a demonstration 
was arranged at a construction site in  Skellefteå.  The 
demonstration showed the robot successfully plas-
tering the walls as well as the ceilings of several 
rooms at the construction site. 

4.3 Error Sources 

The error sources can be roughly divided into three 
main categories based upon which part of the system 
they originates from. They are mechanical errors, 
navigation errors and control errors. 

Mechanical Error Sources. 

• Play in the wheels. The exact direction in which 
the wheels point is not known. There are play not 
only in the steering wheel direction, but also in the 
rear wheels directions. This usually causes an 
offset in the trajectory. 

• Play in the spray gun rotation causes the spray to 
hit the wall in the wrong position. 

• Calibration errors in the zero angle for the scan-
ning laser causes navigation errors and an offset in 
the trajectory. 

Experiment  

Standard Maximum 
deviation 	Spread 



• Alignment errors in the laser mounting causes 
errors in the laser measurements that varies with 
the position of the robot. 

Navigation Errors. 

• Errors due to the general uncertainty in measure-
ments. These can be handled using standard 
methods from control theory and signal 
processing. 

• Association errors. These can results in single 
very large errors that are very difficult to model. 
This is an active area of research. 

• Model errors can cause problems where the filter 
converges to the wrong parameter value. These 
can be everything from bad assumptions about the 
environment, i.e. the room isn't exactly rectan-
gular, to discrepancies due to unmodelled mechan-
ical misalignments. The latter is the cause of the 
initialization errors in section 4.1. In this case it 
can be solved by realigning or recalibrating the 
scanning laser. 

Control Errors. . 

Offsets caused by mechanical errors might cause 
steady state errors unless the offsets are modelled 
by the control law. 

• Precise positioning using AC motors are difficult 
and the positioning of the robot is thus inexact. 

• Conflicting requirements on the non holonomic 
robot base. While plastering it is more important 
to keep a steady course over the entire length than 
to keep exactly the correct distance from the wall. 

4.4 Summary of Error Sources and Experiments 

The difference between table II and table III is due to 
known mechanical and model errors that can be 
corrected. The results as given in table III with 
standard deviation of 0.5 cm and 1" includes both 
navigation errors due to noise and control errors. 
Considering that no attempt has been made to make 
the robot kinematically precise the results must be 
considered surprisingly good. 

5. CONCLUSIONS AND FUTURE WORK 

The results show that it is possible to use an autono-
mous mobile robot for plastering entire rooms. 

The accuracy is more than sufficient assuming that 
the calibration and mechanical problems are solved 
using a mechanical construction based on the experi-
ence from this project. 

There are many interesting extensions that are 
possible. The autonomy of the robot can be increased 
by adding further sensing capabilities. On line meas-
urements of the spray patter using a sheet-of-light 
range camera would make the system considerably 
more robust and flexible. Using the full power of the  

navigation system could allow the robot to autono-
mously work on an entire level of an apartment 
building rather than one room at a time. This last 
point do however put very large requirements on the 
autonomy of the robot. 
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ABSTRACT 

The paper is on operations for semi-autonomous mobile robots. The robot is assumed to be remotely 
controlled by an operator It is difficult for an operator to directly control the robot, especially over a 
communication link with low bandwidth and/or time delays. Therefore it is necessary to close the 
control loop in the robot with the operator giving high level commands. The operator is still needed as 
the fully autonomous robot does not exist today, except for limited scenarios. 

The scene around the robot is sensed using a scanning range measuring laser and a camera. The 
high level scene interpretation is done by the operator who also does the high level planning. Which 
operations the robot are to perform is indicated by pointing in the images or in a map created by the 
robot. Operations are functions that the robot can perform autonomously. They can be simple, like 
"Travel 2m ahead", or more advanced, like "Follow the corridor and take the first door to the right". 

Some typical operations are: 
1. Lock the heading of the robot when driving on a 'straight' line and preprogrammed 90 and 180 

turns. 
2. Automatically enter a camera defined line; The direction of the camera is used to drop a new 

coordinate frame at any time (using a knob on the keyboard). The robot will automatically 
enter this new line and also compensate for the overshoot. 

3. Travelling along corridors. The operation is both robust and precise. The precision is about I 
cm at 1  m/s  and the robot is not disturbed by people passing it in the corridor 

4. Command for passage through a door works within I cm and 0.5  dees  at a speed of 0.5  m/s.  
The range weighted Hough transform (RWHT) on laser measurements extracts the walls in an 

indoor environment. This is used to create an internal map in the robot which is used for operations like 
corridor following or passing through doors. The map is also useful when presenting information to the 
operator 

Keywords: Mobile robot; time-of-flight laser; semi autonomous remote control, telecommands; 
video camera. 

1. Introduction 

This paper show how a semi-autonomous mobile robot system can be built using the sensing 
capabilities in the robot in combination with a set of operations from which the operator can 
choose. The long term challenge is the fully autonomous robot. The largest difficulty towards 
this goal is fully automatic scene interpretation. An intermediate goal is when the operator 
interprets the scene and specifies the operations during execution of the task. Each operation is 



then to be executed autonomously. Such semi autonomous robots are relevant in cases with 
delayed / poor communication or in rescue operations where high speed is necessary. As 
dynamic scene interpretation becomes more reliable and faster, the autonomy will increase 
gradually. 

This section will give some background information and context together with a general 
description of the system. Section 2 and 3 describes different operations and how information 
is presented to the operator. Finally some conclusions and future directions are given in 
Section 4. 

1.1. The R2A2  laboratories 

The R2A2-lab is an informal cooperation in robotics between Robotics and Automation at  
Luleå  University of Technology and Robotics/Autonomous Mechanical Systems (R/AMeS) at  
Linköping  University (hence the name R2A2-lab). The efforts in telerobotics are telecom-
mands  and teleinstructions for a large variety of tasks and applications. The term telecom-
mands  is used to describe operations specified at a high level and executed autonomously by 
the robot. These telecommands allows robots to be operated over a communication net with 
low bandwidth, time delays and time jitter. 

The operator can preview operations to check for collisions compared with existing meas-
urements.These predictive displays are thus to be built on a priori information of the scene 
(CAD model) and/or the incrementally built map. The telecommand experiments includes: 

• Navigation of mobile robots. 

• Using the distance transform, [9], for controlling the pose of the robot relative to an object. 
The objects are specified by a  CAD-model  or earlier measurements. 

• Range measurements with spurioses (and noise) are filtered spatially. 

• Alignment calibration of range measurement during motion for incremental map building. 

This paper will focus on mobile robot navigation. 

1.2. The semi-autonomous mobile robot project 

A remote operator controls a mobile robot or other vehicle by issuing high-level commands. 
Examples of vehicles for which this can be useful is intervention robots for use in hazardous 
environments and in fire fighting and mining robot operating deep under the surface where the 
working conditions are hostile. 

The operator requires information about the robot's environment. This information is best 
displayed visually and the operator should be able to command the robot by pointing in this 
display. The information can be in the form of still images or live video displayed directly to 
the operator. Or it can be non-visual information displayed visually. Examples of the latter is 
rangescans or maps, and a symbolic representation of the robot state. Combinations is also 
possible with abstract information added as visual cues in real images. 



Figure 1  LYT  -  Luleå  Turbo Turtle 
The mobile robot with the scanning range measuring laser 
mounted in the front. For loading programs a radio modem is 
mounted on top of the tower. 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. For size, the rod in front of the 
robot is one meter. 

Figure 1 T3 
A robot with steering and traction on the front wheel. 
The main sensors are a turnable CCD-camera that is controlled 
by the operator, and a one axis rate gyro used as an absolute 
reference for stabilising the robot control. There is also 
encoders on the driving wheel and on the camera servo. 

Figure 1 LuSAR -  Luleå  Semi Autonomous 
Robot. 
The two rear wheels have one motor each, with a 
third motor for steering the single front wheel. 
Computations and control are performed by a 
standard industrial 486 PC running a multi-
tasking operating system (QNX). There are 
incremental encoders measuring the rotation of 
the rear wheels and the steering angle. On the top 
of the robot are 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. 

Mobile robots in the R2A2-lab. 



Table 1 Operations and command modes 

Operations Descriptions and comments 

1 Manual control Steering the robot manually using a joystick, mouse or keyboard. 

2 Camera steering Steering the robot by aiming the camera. 

3 Entering a camera 
defined line 

The robot follows a line (trajectory) indicated by pointing the 
camera. 

4 Pointing in a range-
scan or a map. 

5 180/90 degree turns For turning in corridor junctions etc. 

6 Trajectory following Follow a trajectory given by the operator. 

7 Wall following 

8 Corridor following 

9 Corridor junctions 

10 Door passage Pass through a door with high accuracy. 

11 Docking 

12 Locking onto the 
environment 

The robot recognizes which operation to use to move where the 
operator wants. i.e. if the operator drives manually more or less 
along a corridor, then automatically invoke corridor following. 
The robot should behave like a horse, not like a car. 

2.  Teleoperator  control 

The teleoperated modes in this system are points 1 and 2 in table 1. These are manual 
control modes where the operator sits in the inner control loop. Communication without signif-
icant time delays are necessary. Camera steering requires either video bandwidth or virtual 
reality techniques to simulate the video signal from other measurements and still images. More 
time delays can be accepted if a simulation of the robot is used to predict the feedback. For this 
kind of control, where the operator is sitting directly in the control loop, it is important to 
model not only the robot but also the operator and communication channel when analysing the 
system stability. 

2.1. Direct control 

The steering wheel is directly controlled from the joystick, keyboard or mouse. This is the 
simplest control mode possible. 

2.2. Camera steering 

In camera steering the robot is controlled by pointing the camera mounted on the robot. This 
requires  realtime  video, but might possibly be done using simulation and virtual reality to 



"Offset control" switched to "enter a cam. def. line". The heading offset=60 degrees 
2 

Figure 2 Simulation of camera 
controlled robot passing through a 
door. The starting position is very 
bad, so the operator steers the 
robot to a better position by 
pointing the camera at the door, 
and activating camera control 
with offset. When the robot is at 
the position perpendicular to the 
door the operator (who is still 
pointing the camera at the middle 
of the door) activates enter a 
camera defined line and the robot 
automatically passes through the 
door without any further operator 
intervention. 

5 
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simulate the video signal when  realtime  video is not available. Even when  realtime  video is 
available it might still be useful to add visual cues to the video signal using information from 
other sensors. 

In the basic camera steering mode the robot's steering wheel will be servo linked to the 
camera angle. If the operator locks on an object with the camera, the robot will after some time 
head towards that object. I.e. the camera angle is the reference angle for the steering wheel. 
(The steering wheel is generally rather slow in angle changes). This camera locking can be 
automatically done by computer vision. A very similar mode is joystick steering with linked 
camera. The difference is that the joystick gives the reference value to the steering wheel, and 
the camera is following the wheel.The latter mode is useful when it's important to keep track 
of the robot's course, e.g. in tight spaces. The former is faster useful in open areas. 

Camera control with offset is designed to be used when the robot is to come into a good 
entering position in front of a door or suchlike. (Assuming that the angle to the door initially is 
bad.) Aim with the camera on the door. The regulator will steer in an angle of for example 30 
right off the aimed. If the operator keeps the camera locked to the object, the robot hopefully 
will come into a better position for entering/docking/whatever. The operator can then switch to 
enter-a-camera-defined-line control (see fig. 2 for an example). When approaching the object 
using this method, the camera angle together with the estimated movement by triangulation 
can be used to estimate the position of the object. (Assuming that the operator, is aiming 
approx. correctly.) 

In the enter a camera defined line control mode the operator tells the robot to follow the 
imaginary line along which the camera pointed when the command was given. This command 
does not require continuous feedback from the operator during its execution. 

2.3. Presenting information to the operator using camera images 

The above control modes require a continuous feedback from the operator and depends 
upon a  realtime  video connection.  Realtime  video is a very powerful method of presenting 



information, even though it's far from the same thing as being there. When  realtime  video is 
not possible, still images can be used to some extent to replace the video signal. This will 
greatly slow down operations. 

If, as is described in Section 3.4, an abstract map of the environment is collected using a 
range sensor then this can be used together with estimates of the robot motion to give contin-
uous feedback using considerably less bandwidth than video. It might also be possible to 
combine such maps, motion information and still images to create a "faked" video, or a virtual 
reality. This is not tested. 

2.4. Modelling the operator-in-the-loop 

It is important to observe that the operator, video transmission, etc. are components inside a 
feedback loop. To analyse the complete system, models of the "unpredictable components" are 
necessary. Below is sketched a single mode model. 

This simple model can be used for most of the control modes. It is assumed that the operator 
knows the optimal control signal Sref, but due to some distortions fails to output this signal. 
A simple model includes: 

Delay - the reaction time. 

Lowpass - the human dexterity is limited. 

Noise - hand shakes etc. 

N ois 

Sref  
Delay Fa- Lowpass  

Figure 3 Model of operator using a sing  e  control mode. Sref is the correct signal, and S is the signal 
the operator gives to the system (via the joystick for example). 

3. Supervisory control modes and operations 

In the supervisory control modes the operator gives high level commands that are executed 
by the robot. Time delays and low bandwidth communication are therefore acceptable as the 
feedback loop are closed locally in the robot. The commands can be given by pointing in a 
rangescan, a camera image or a map generated by the robot. These commands can differ in 
complexity. From simple commands like "Move 2 meters and stop" to more complex 
commands like "Follow the corridor to the next intersection" or even "Move to that room". 
Some operations are outlined in this section. 

3.1. Corridor following 

In corridor following the robot finds the wall of the corridor it travels in. The walls are found 
using a scanning range measuring laser and the Hough transform. By continuously measuring 
the position of the walls the robot can travel autonomously along the middle of the corridor [7]. 
The deviations from the desired trajectory (the middle of the corridor) is usually less than one 
centimetre, even in the presence of geometric disturbances. The speed in these tests were 
between 0.5 and 1  m/s.  



If the mapping algorithm of section 3.4. is used, then the estimates of the wall will be taken 
from the map. 

3.2. Wall following 

The same algorithms that was used to follow a corridor can also 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. 

3.3. Passing through a door 

Another tested operation is autonomous high precision navigation through doorways [6]. 
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 can be 
found by detecting measurements outside the walls of the room. At a speed of 0.5 m/2 the 
robot was capable of passing through the door with a repeatability of 1 cm in position and less 
than 1 degree errors in direction. 

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 fluctua-
tions 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 2 was 
performed. 

During the tests, extracted wall coordinates, estimates of the state etc. were recorded. The 
trajectories plotted in fig. 4 are the Kalman filter estimates of the robots position relative to the 
estimated position of the door. More precisely, the curves to the left are the sequence 

ifw(k) 	"h„.,(k)— Yd 

where the estimates 	f„,of the front wheel are computed from i(k), 52(k), ö(k) in the 
Kalman filter. These estimates is part of the input to the feedback law. 

Note in fig. 4 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. 

0.2  m/s  0.5  m/s  

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

6 .-- 0.5 cm 
Y 

6 ...-- 5mrad  e  

a ---. 0.7 cm  
Y  

60  ....-, 4mrad 

'Difficult' runs, from starting posi- 
tions closer to the door, and to the 
side of the door (see figure 4). 

aY  ---- 0.9cm 

CT = 10mrad 0 

a - 1.2cm  
Y  

..--. 8mrad  a 0 

Table 2 Standard deviations showing the repeatability 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. All tests started at least 1.5 meters from the 
door. 
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Figure 4 Trajectones 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 Kalman filter estimates of the robots 
position relative to the door. These are the estimates used in the control law.  

3.4. Abstract representations, range scans and maps 

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. If the robot has a map then it can perform high level tasks like "move to 
that point". If radio contact is lost, the robot can autonomously return to some point were 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 to use is not possible in all situations, and if 
possible it might be too expensive. 

This section outlines a navigation system which automatically creates and updates a map 
during normal robot operation. The system is described with more mathematical detail, and 
more experimental results, in [11]. The map generation algorithm uses a scanning range meas-
uring laser (see fig. 5 for an example). The sensor measures the distance to objects in the hori-
zontal plane. The most prominent features of an indoor scene are the straight lines. Those lines 
nearly always correspond to stationary objects such as walls. The lines are extracted from the 
scan using the range weighted Hough transform (RWHT) as described in [6]. As an example 
the RWHT of the scan in fig. 5 is shown in fig. 6. 

We will 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  i  as 

X(k) = [
d,(k) 

yi(k)  
(1) 

 



Figure 5 Range scan taken by the 
scanning laser on the mobile robot 
LuSAR. 
The scale is in meters. 
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Figure 6 The range weighted 
Hough transform of a range scan 
taken in the robotics laboratory. 
The scan is shown in fig. 5. 
The peaks in the transform corre-
sponds to the walls in the room. 
The perpendicular distance to the 
wall is shown in meters and the 
direction to the wall is shown in 
degrees. 
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Assuming that the world contains some finite number  N  of such features, then at time t, the 
robots environment are described by the following state vector 

X(k) = [(11(k) y1(k) d2(k) 12(k) ... dw(k) 
	

(2) 

Because the features are described relative to the robot it follows that there is no fixed coor-
dinate system and no explicit representation of the robot position. The state vector could also 
contain other features like "jump edges" at range discontinuities, comers or, for outdoor navi-
gation, tree trunks. The algorithm can be easily extended to also included these cases. 

A Kalman filter is used to combine the old state vector, motion information and the new 
measurement to form the new state vector. For this to be possible it is necessary to know the 
identity of the measurements. This is performed using an approximated Bayesian association 
function. 



Robot Navigation Test — Position 4 
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Standard 
deviations 

After one 
Size 
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Angle 

After two 
Size 

rounds 
Angle 

Maximum 
deviations 

After one 
Size 

round 
Angle 

After two 
Size 

rounds 
Angle 

6 mrad Long walls 22 mm 5 mrad ' IS mm 3 mrad Long walls 3 / mm / mrad 24 mm 
Short walls 17 mm 9 mrad 16 mm 7 mrad Short walls 28 mm 17 mrad 31 mm 15 mrad 

Diagonal wall — 14 mrad — 9 mrad Diagonal wall — 32 mrad — 15 mrad 
Table 3 Summary of the results from ten actual robot runs around the laboratory in fig. 8 at 0.5 to 1  mis.  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 round around the lab, the next two the result after two rounds. 
The second half of the table shows the maximum deviations from the mean rather than the standard deviations 
shown in the first half. 

Figure 8 Navigation test in the robot laboratory. 
The plot shows the map created by the robot, and 
the latest range scan. The robot measures continu-
ously while it moves. 
For this test we built a rectangular obstacle in the 
middle of an empty room to create a test track for 
the robot. This test is in a very 'clean' environment 
to illustrate the workings of the algorithm. More 
cluttered tests are shown in the other examples. 
An evaluation of the accuracy of the map is given 
in table 3. 
The endpoints of the lines are currently only 
recorded for plotting, and not filtered. Therefore the 
errors in those are rather large as can be seen in the 
plot. 
The scale is in meters. 

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

In one experiment the robot moved two rounds around a laboratory, figure fig. 8. During the 
motion a map of the laboratory was generated, and saved for further analysis. This experiment 
was repeated ten times and the results were used to calculate the standard and maximum devi-
ations shown in table 3. One use for a mapping system in  teleoperations  is to display informa-
tion to the operator. Figure 7 shows how the navigation system aligns a set of range 
measurements for presentation. 
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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. 



4. Future directions 

Work is currently in progress to integrate the control modes and operations described into a 
working demonstration. The user interface will use  X-windows and communicate over Internet 
with a base station near the robot. The last link to the robot is through a radio link using RS-
232 communication. This radio link can be combined with a phone, or cellular phone, link to 
provide additional flexibility. The radio link limits the bandwidth, and internet can cause 
considerable time delays. 

Problems arising from the integration of multiple  teleoperations  include both user interface 
issues and control theoretical issues. It is necessary that the switch between different control 
modes are analysed with regards to stability, but it is also necessary to help the operator select 
the correct control mode. The latter can be done by using simulations to give the operator 
previews of the planned action, thus overcoming the time delay and giving the user a chance to 
abort a dangerous action. By using the combination of both range data and images the risk for 
misunderstandings can be lowered, using the human operator to do the "sensor fusion". 
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