Laser Based Corridor Detection for Reactive Navigation
Johan Larsson1,2
1

Mathias Broxvall2
2

Atlas Copco
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Abstract
For mobile robots operating in real-world environments, reactive navigation is a useful complement (or even replacement) to pure plan-based metric navigation. Reactive
navigation is performed with respect to local perceived features, rather than a global
metric reference frame, and can provide reduced installation costs, increased flexibility, and robustness to changes in the environment. To be effective, however, reactive
navigation requires fast and reliable perception of the relevant features in the environment. Corridor-like structures are one of the most common features that are used for
this purpose. In this paper, we propose a new method for corridor detection from laser
data, based on the Hough transform, which is fast, reliable, and noise tolerant. We
describe the algorithm, report an extensive experimental evaluation of its performance,
and motivate the research with a real application involving the autonomous operation
of a loader vehicle in an underground mine.
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Introduction

Speed, reliability and robustness with respect to many environmental conditions are among
the most common requirements for an autonomous mobile platform to be used in industrial
and service applications. Other typical desiderata include low set-up and maintenance cost,
and the ease to reconfigure the platform for a different task or a different environment,
or flexibility. The navigation system of the platform plays a central role in meeting these
requirements.
Navigation systems for mobile robots usually follow one of two approaches. One is
plan-based metric navigation, in which the robot follows a predefined path given in a global
reference system. In this approach, the navigation and guidance functions are dependent on
a global localisation function to obtain information about the current position with respect
to the path. In a pure plan-based approach, navigation is totally blind to the environment:
the system relies on its ability to keep close enough to the predefined path to avoid collisions
with walls and obstacles, provided that these were present in the map when the path was
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planned. Because of the need to provide the robot with an accurate and updated map of the
operating environment, and owing to the strong reliance on global localisation, plan-based
approaches have difficulties to meet the above requirements of low set-up costs, flexibility,
and robustness.
The second approach is reactive navigation, in which the robot’s motion is defined in
terms of its relations to features in the environment. Navigation is performed in a way which
is more similar to how a human operator would control the vehicle, relying on perceivable
local features instead of coordinates in a global reference system. Reactive navigation does
not rely on an accurate metric map to navigate, and it is therefore more likely to meet
the requirements of flexibility and low set-up cost. In order to also meet the requirements
of speed, reliability and robustness, however, the navigation system must be coupled to a
perceptual system which is able to estimate the parameters of the relevant features in the
environment in a fast, reliable and robust way. The development of such a system is the
focus of this paper.
Earlier autonomous vehicles deployed in the industrial and service sector simplified this
perceptual problem by using artificial features for reactive navigation, like magnetic strips
under the floor or light guidelines on the ceiling [3, 8]. This has the price of a high setup and
maintenance costs, lack of flexibility, and brittleness in face of occlusion or damage of these
features. The use of features that are naturally present in the environment is preferable in
all these respects. Corridor-like structures provide a particularly interesting type of natural
feature: they have a simple geometric structure, are easily related to route instructions, and
can be found in many indoor and outdoor environments (e.g., offices, warehouses, cities,
and mines).
In this paper, we propose a fast, reliable, and robust algorithm for corridor detection
from laser data. The algorithm is based on the Hough transform [12], an effective method
for finding lines in a set of 2D points which is a commonly used method in image processing [5]. The algorithm filters out sensor readings using model-based criteria based on
reasonable assumptions about the sensors, the features, and the environment. This filtering
is the key to provide the desired speed and tolerance to noise, making our algorithm able
to reliably extract the parameters needed for reactive navigation even in very difficult situations, e.g., when the corridor walls are rough and interrupted by many openings. We have
performed an extensive experimental evaluation using several sets of data, coming from
both office and mine environments. This evaluation has quantitatively confirmed the speed
and robustness properties of our algorithm that were qualitatively observed.
The motivation for the development presented in this paper comes from an industrial application in mine automation. In the next section, we outline the application domain and the
corresponding requirements. Next, we describe our algorithm and report the experimental
evaluation. We conclude the paper by a discussion in which we compare our algorithm with
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Figure 1: An LHD vehicle in its operating environment. Photo: Atlas Copco.
the current literature. A more detailed description and a more comprehensive experimental
analysis can be found in [14].
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A Motivating Application

In most underground mines, Load-Haul-Dump or LHD vehicles are used to transport ore
from the stope or muck-pile to a dumping point. The LHDs are typically operated by a
human who is sitting on-board the vehicle, a job that can be characterised as triple-D: Dirty,
Dull and Dangerous. Due to this, it is desirable to automate the operation of the LHDs: the
current trend is toward fully autonomous, driver-less navigation systems.
The corridor detection algorithm investigated in this paper was originally developed to
allow the autonomous navigation of a 35 ton Load-Haul-Dump (LHD) vehicle in an underground mine, at the relatively high speed of 30 Km/h. Figure 1 shows a photo of a LHD
vehicle, while Figure 2 (left) shows the layout of the mine used for testing.
The requirements for the navigation system in this application include: low setup cost,
flexibility, speed, reliability and robustness. To meet these requirements, we decided to rely
on topological navigation, in which the LHD is provided with a coarse topological map of
the mine but not with an accurate metric map. Navigation plans, generated automatically,
are expressed by sequences of reactive navigation behaviours, like [17]:
1. Follow(tunnel-44)
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Figure 2: Left: Layout of a part of the Kvarntorp mine, in which the data used in our
experiments have been collected. Right: A laser scan collected from this mine, with the
robot located in the main drift next to the side drift 259. The laser scanner is at the bottom,
facing up. The green line shows the centreline extracted by our algorithm. The distance
between the scale lines is 10 m.
2. TurnLeft(junction-126)
3. Follow(tunnel-254)
...

To execute these plans, the LHD must be able to correctly follow a tunnel and turn at
a junction using perceived local features. For the follow-tunnel behaviour, this requires the
ability to reliably estimate the position and orientation of the centreline of the tunnel with
respect to the robot. Vision techniques are not likely to be effective in this case, since it is
often difficult to visually distinguish the walls in an underground mine. Instead, we use a
laser range finder to detect the walls of the tunnel in front of the vehicle. In our development
we have used SICK laser scanners with a field of view of 180◦ . The maximum range as well
as the angular and range resolution varies depending on sensor model and settings: in our
development, we have used several different models of SICK sensors.
The navigation system is intended to run in a standard Atlas Copco RCS embedded
control system at 25 Hz, which is sufficient to control a LHD vehicle at 30 km/h. To allow
stable and reliable navigation, the corridor detection algorithm must guarantee a bounded
computation time of a few milliseconds. Moreover, the algorithm must be able to correctly
and robustly extract the corridor parameters even in difficult situations like the one shown
in Figure 2, in which the laser readings corresponding to the tunnel walls are sparse due to
the reflectance properties of the walls, or to the local geometry of the mine (with many side
tunnels departing from the main drift). As we shall see in Section 5, the two requirements of
speed and robustness are typically incompatible in current approaches to corridor detection.
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The algorithm presented below for corridor detection satisfies both the above requirements, and has been used in combination with a corridor following behaviour to traverse
indoor corridors on research robots, and to traverse mine tunnels on a real LHD. In the
full report [14] we also present a companion algorithm for intersection detection which satisfies the same requirements, and report on experiments where the two feature detection
algorithms have been successfully applied to achieve fast and robust reactive topological
navigation in corridor-like environments.

3

Description of the algorithm

We now present our algorithm for corridor1 extraction. Several existing methods for corridor detection rely on evaluation and line fitting of consecutive points in the data set (see
Section 5 for a discussion). These methods are fast, but they would have great difficulty to
extract the parameters (offset and direction of the centreline) of the tunnel from the laser
data in Figure 2, since the points from the tunnel walls are not consecutive. Fortunately
there are techniques able to find lines in a set of 2D data even when the measurements are
scattered.
One such technique is the Hough transform [12], which is commonly used in computer
vision. Methods based on the Hough transform are guaranteed to find all the lines in a set
of points in time which is proportional to the number of points. The fact that the method
runs in deterministic time means that the computational effort of the algorithm is bounded
and known in advance: this is an important property in our case, since the data evaluation
is an integral part of the control loop.
Our corridor detection method can be separated into two steps, the line detection, and
the analysis of the detected lines in order to find the lines that represent the walls of the
corridor. In the first step, a Hough transform is used to detect straight lines in the laser
data, and in the second step the found lines are compared to each other in order to find two
parallel lines on each side of the robot. In both steps, the algorithm relies on model-based
considerations to improve speed and/or reliability.
In on-line experiments we have performed closed loop corridor following on research
robots in indoor environments, and on a real LHD in an underground mine. In these experiments, the execution time of the algorithm was within 2–6 ms on a 1.5 GHz Pentium M
running Linux, and 13–15 ms in the standard embedded control system of an Atlas Copco
LHD on an AMD Geode GX1 processor at 200 MHz. In both cases, the execution time was
shorter than required by the navigation system.
1

In the rest of this paper, the term “corridor” refers to any corridor-like feature, such as a tunnel in an
underground mine.

5

3.1

Line detection by Hough Transform

The Hough transform is based on the principle that there is an infinite number of potential
lines that pass through any point, each at a different orientation. Here straight lines in
Cartesian space are expressed by two parameters, the perpendicular distance (r) from the
line to origin and the angle (Θ) to a normal to the line passing through origin. The (Θ, r)
plane is referred to as the Hough space. In this space, all possible lines passing through a
point in the Cartesian space are expressed as a sinusoidal according to Equation 1.
r(Θ) = x · cos(Θ) + y · sin(Θ)

(1)

By applying the Hough transform to all data points in the Cartesian space, in our case
the laser readings, we get a number of sinusoids in the Hough space. Areas in this space
where many of the sinusoids intersect indicates the presence and attributes (Θ, r) of lines
that passes through several data points in the Cartesian space.
In a computer implementation the Hough space has to be discretised, i.e., a finite number
of lines through each data point are evaluated. We represent the Hough space by a discrete
grid (m,n) of the (Θ, r) plan with the step units ∆Θ and ∆r .
In order to detect lines that pass through many of the data points in Cartesian space, we
apply Equation 1 to all discrete angles (0, ∆Θ , 2∆Θ ,...,(m − 1)∆Θ ) for all the data points in
the Cartesian space, and let the calculated (Θ, r) pairs “vote” for the corresponding element
(cell) in the discretised Hough space. If there is a set of points which are aligned in Cartesian
space, then the cell in the Hough space that corresponds to the line passing through these
points will get a high number of votes, or hit rate.
In our work, we use angular resolution ∆Θ of 1◦ , matching the one of the laser sensor,
while the distance resolution depends on the environment. For mine environments we let
∆r = 0.3 m, while ∆r = 0.1 m works well in indoor environments. Although 0.3 m resolution might seem rather coarse, using a higher resolution in the mining environment will not
result in better estimation of the corridor parameters. On the contrary, since the walls are
rather rough and not perfectly straight, using a higher resolution on the radius would only
result in greater difficulties when extracting the lines from the Hough space.
The Hough Transform is by far the most time consuming operation of the corridor detection algorithm. To reduce computation time, we use a simple filter to exclude redundant
information: any laser point that is closer to its predecessor than a specific distance ∆e is
excluded. We have found that setting ∆e = ∆r provides a good trade-off between reducing
computational time and being able to calculate the corridor attributes with enough precision. In indoor environments typically 30–50% of the data points in the scan are excluded
by this filter, resulting in almost 30–50% reduction in computational time for the corridor
detection. For mine environments the reduction is less significant, about 20–30%.
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3.2

Finding the corridor walls among a set of lines

In complex situations like the one shown in Figure 2, the first step may result in a large
number of lines, many of which do not belong to the corridor walls. In order to reliably
detect the corridors in our domain, we use a model-based approach to derive a few assumptions. The first and most important assumption is that the robot is inside the corridor. By
assuming this, we can separate the search for the left and right wall line to different areas
of the Hough space. The second assumption is that the robot is roughly aligned to the corridor direction. This enables us to exclude the lines (walls) corresponding to intersecting
corridors. In our experiments we have assumed that the robot’s direction does not diverge
more than 50 ◦ from the tunnel direction. It should be noted that these assumptions entail
corresponding limitations of our algorithms: a corridor can only be detected if both of its
walls are within the range of the sensor, and if they are rather straight and nearly parallel.
The remaining lines are then evaluated to find a line pair for which the directions differ approximately 180 ◦ and the distance between the lines is within the boundaries of the
specified corridor width. If several line pairs are found, the hit rate of the lines forming a
pair are used to select the most probable corridor candidate. The direction and offset (ϕ, λ)
of the centreline of the corridor, relative to the robot, are then calculated from the selected
lines.
The final step of the algorithm is to calculate a reliability value η for the detected corridor, by:
ητ + η∆ + ηΘ
(2)
η=
3
The terms ητ , η∆ and ηΘ denote, respectively: the number of laser points that belong to
the selected wall segments; how much the two wall segments are parallel; and how much
2
the computed corridor direction Θ = Θ1 +Θ
diverges from the current orientation φ of the
2
robot. They are computed as follows:
ητ
η∆
ηΘ

τ1 + τ2
2τmax
|Θ1 − Θ2 |
= 1−
Θmax
|Θ − φ|
= 1−
Θmax
=

where the subscripts refer to the two wall segments, and the denominators normalise the
values in [0, 1].
The reliability value spans from 0.0 to 1.0, where 1.0 corresponds to a corridor that is
parallel to the current heading of the robot, and identified by two wall segments which are
perfectly parallel and have the highest hit rate of all the found lines.
Computing the reliability value is important since it enables the control system to behave differently depending on the reliability of the data, e.g., to slow down in areas with
7

consistently low reliability of the calculated corridor attributes. The reliability value could
also be used to integrate the output of our algorithm in a Kalman filter, although we have
not found the need for this in our current system.

4

Experiments

We have carried out a series of experiments with the intent to verify the functionality of
the above corridor detection algorithm, and to evaluate its accuracy and robustness. The
experiments were designed to perform offline evaluation on a set of prerecorded data: we
compare the corridor attributes computed by our algorithm from a given set of data with the
corresponding ground truth. The corridor attributes of interest are the relative orientation
and offset of the centreline of the corridor. The ground truth was determined by manual
inspection of the scans in the data set using a graphical tool.
In this paper, we only report the experiments which are most directly relevant to the
performance of the algorithm in underground mines. More experiments can be found in the
full report [14], including experiments performed on the full navigation system.

4.1

The data sets

We have used data recorded in four different environments: corridors with continuous walls
in a basement, office corridors with walls partially made of glass, and two different mine
environments. Figures 4 to 6 show images and sample scans from these environments. We
report here only the experiments performed on two small sets of data recorded in a mine in
Kvarntorp, Sweden. These results are representative, since they correspond to a relatively
simple case and to a very difficult case, respectively, in a real environment. The full set of
experiments is reported in [14].
When the data were collected, no LHD equipped with Laser scanners was available.
Instead, we used a small research robot equipped with a SICK PLS laser scanner attached
to the roof of a car (Figure 3) to record lased data. This setup allowed us to position the
laser at approximately the same height above the floor than the laser on a LHD, and to
collect data while travelling at a speed comparable to the normal tramming velocity of a
LHD. In our experiment we used the raw distance measurement data from the sensor, that
has a maximum range of 50 m and a resolution of 50 mm. The angular resolution is 1◦ .
According to the data sheets of the sensor the measuring error is specified to be less than
131 mm at a distance of up to 4 m. However, the precision is in practise far better and in
our case we get sensible data of up to at least 35 m distance, as it can be seen from the scans
in the figures. The data was then gathered by driving the car through the mine at a speed of
approximately 15 km/h, while continuously storing data from the laser scanner.
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Figure 3: The robot with laser scanner used for data collection being mounted on the roof
of a car.
Along with the range data for each scan a time stamp was stored. Note that this setup
didn’t allow any odometry to be collected in the two mine environment data sets. All processing of the data was performed off line on an ordinary PC.
Two data sets, henceforth called Tunnel and Gallery, were chosen since they are examples of a simple and a difficult case, respectively, from a real application environment. The
Tunnel data set is the base case representing an almost straight mine tunnel with no intersections. However, even though the walls are not interrupted by intersecting corridors or
abrupt changes in direction, the rough surface of the slightly curved walls offers a challenge
for any corridor detection algorithm. Figure 4 shows the Tunnel environment along with an
example scan.
The Gallery data set is the trial by fire for the corridor detection algorithm. Here the
walls of the main tunnel consist of short wall segments that are often curved and always
rough. In between these 5-6 m long wall segments, long areas of free space due to side
drifts offer plenty of room for the laser beams to disappear into the darkness. Figure 5
shows the Gallery environment along with an example scan.
Other experiments were also performed on data collected in a basement environment
and in an office environment, see Figure 6. The office environment was the most challenging
of these environments because of the many glass walls, which are either transparent or
reflective to the laser beam depending on the (unknown) incidence angle. The proposed
algorithm performed very reliably also on these data, as detailed in [14].
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Figure 4: Top: An image from the environment in which the Tunnel data set was recorded.
Bottom: A scan from the Tunnel data set. The triangle to the left indicates the position of
the laser, facing right. The grey straight lines represent the wall lines found by the Hough
Transform. The green line is the extracted corridor centre-line. Distance between scale lines
is 10 m.

4.2

Evaluating robustness

To systematically evaluate the robustness of the corridor detection algorithm, we have measured how the accuracy of the result changes when the same data set is artificially corrupted
by different amounts of disturbances. We have considered two distinct ways to corrupt the
data: to add noise to the scans of the data sets, and to use a lower data rate, i.e., scans that
contain fewer range readings.
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Figure 5: Top: An image from the environment in which the Gallery data set was recorded.
Bottom: A scan from the Gallery data set. The graphical elements are as in Figure 4. Note
that only few points in the scan correspond to the corridor walls.
4.2.1

Adding noise

In the mine environment there are mainly two sources of disturbances in the range data
from the laser scanner: error from the sensor and errors introduced by the environment.
The sensor error is completely insignificant in relation to the roughness of the walls in the
mine. The main source of environmental disturbances are areas of low reflectance which
cause “lost readings”, i.e., range readings of infinite (= maximum range) length. Therefore
in this work, disturbances were added to the data by changing randomly distributed valid
range readings to maximum readings. This type of noise is similar to the salt & pepper noise
[11] used in computer vision and image processing. We consider four cases, in which the
probability of each range value to be corrupted is 0.1, 0.2, 0.33 and 0.5, respectively. Notice
that the base case, with no corrupted readings, still contains real data which is affected by
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(a)

(b)

(c)

(d)

Figure 6: Top: Images from the two indoor environments where data sets have been
recorded, (a) Basement, (b) Office. Bottom: Example scans from the two indoor environments, (c) Basement, (d) Office. The graphic elements are as before. Distance between
scale lines is 2.5 m. Notice that in (d) the data corresponding to the corridor walls are very
sparse.
the real noise of our environment.
4.2.2

Using lower data rate

To simulate the usage of significantly lower data rates (lower angular resolution) we have
eliminated every second, two out of three, and three out of four values for each scan. In
this way, we can evaluate the results of a calculation based on only 90, 60 or 45 range
measurements for each scan, that correspond to an angular resolution of 2◦ , 3◦ and 4◦ from
the scanner. The original angular resolution is 1◦ . Testing lower data rates is interesting
to assess the ability of the algorithm to cope with sensors with lower resolutions or with
processors with less power.
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4.3

Results

Figures 7 and 8 summarise the results of our experiments as box plots of the error between
the calculated corridor attributes and the (manually determined) ground truth. The results
from the two groups of test cases (added noise and lower data rate) are reported individually
for each data set.
In each figure, the top graph shows the error in the corridor direction attribute, while the
middle graph shows the error in corridor offset. The bottom graphs show the percentage of
rejected scans for each test case, i.e., those scans in which the algorithm is unable to detect
a corridor with a reliability greater than a given threshold (set to 0.5 in these experiments).
Each box in the box plot has its top at the 75th percentile and its bottom at the 25th percentile. The median is shown by the horizontal line inside the box. Dashed lines extend
from the box to the maximum and minimum values of the data.
To correctly interpret these results, it is important to remember that the algorithm will
run continuously based on the latest laser data from the current location, therefore small
deviations from the correct values are acceptable. Thus the outliers are not as interesting as
the median and 75th percentile values.
4.3.1

Results from the Tunnel data set

The processed Tunnel data set contains 53 scans, collected over a period of 48 s, and approximately 200 m of movement. We have run a number of robustness tests on the algorithm
using these scans and present the results as box plots in Figure 7.
As it can be seen, the changes in precision due to added noise and lower data rates are
very modest. This result was expected since nearly all individual measurements in each
scan can be anticipated to belong to one of the two walls of the tunnel to detect.
The 75 percentile value of the direction error varies between 1.6◦ and 2.5◦ for all test
cases, and the variations of the corresponding values for the offset are even smaller. The
maximum direction error peaks at 7.8◦ , but this is not a problem when it comes to tunnel
following with rapid and frequent updates of the corridor attributes. As for the offset error
with a 75 percentile value of 0.21 m for the case with uncorrupted data, these values have
to be set in relation to the size of the environment. Here the tunnel width is 11 m, and the
median error of 0.13 m is considered good, while the maximum error of 0.74 m is acceptable
for reactive navigation.
4.3.2

Results from the Gallery data set

The processed Gallery data set contains 52 scans, collected over a period of 45 s, and approximately 200 m of movement. The results of the different test cases for the Gallery data
set are shown in Figure 8.
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Figure 7: Result from the Tunnel data set with different levels of added noise (left), and
with different data rates (right). The two upper graphs display the error in the corridor
direction attribute, while the middle graphs display the error in the corridor offset attribute.
The graphs at the bottom of the figure display the percentage of rejected scans for each test
case. For this set of experiments no scan was rejected by the algorithm.
For this data set it was expected that the influence of added noise and lower data rates
would be large. Most of the measurements of each scan belong to reflections from surfaces
other than the walls of the main tunnel, and therefore all of the data available are needed
to correctly calculate the corridor attributes. Here the 75 percentile value of the tunnel
direction attribute shows a continuous increase over the test cases with different levels of
added noise (Figure 8 left), where the algorithm manages to calculate attributes for nearly
all of the scans in the data set. For 50% added noise the error values decrease, since 22
out of the 52 scans are rejected thus leaving only the scans with the best conditions for
calculating the corridor attributes.
The case with lower data rates (Fig. 8 right), show the same behaviour where the errors
decrease with lower data rate. However, considering the amount of rejected scans it is
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Figure 8: Result from the Gallery data set with different levels of added noise (left), and
with different data rates (right). The meaning of the graphs is the same as in Figure 7.
obvious that only the scans with the best prerequisites for the algorithm to calculate the
tunnel attributes are used.
The maximum error for the test case with uncorrupted data is 5.2◦ in direction and
0.86 m in lateral offset, while the corresponding 75 percentile values are 2.0◦ and 0.25 m.
Also for this data set the errors in offset and direction has to be set in relation to the size of
the environment, with a nominal tunnel width of 11 m.

5

Discussion

Reactive navigation of mobile robots in corridor-like environments requires an algorithm to
compute the corridor parameters from sensor data which satisfies our need to be fast, reliable
and robust. Although several other methods for corridor detection have been proposed in
the literature, they do not seem to comply with the above need.
Algorithms based on the Hough transform have been widely used in mobile robotics,
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both for vision-based localisation [13] and for laser-based mapping [9, 10]. Barber et al. [2]
use the Hough transform to detect line segments, from which they extract corners and doors
used for topological navigation. The authors report computation times of several hundreds
of milliseconds on a 400 MHz AMD processor, which would not be adequate for our application.
Alempijevic [1] present a method to extract lines directly from the range data of the laser
scanner. By calculating a parameter from consecutive laser points, it can be determined if
these points are located on a line. The equations for the line segments are then extracted
with a Log-Hough transform. Although this method is fast due to the fact that the line
detection is done in sensor coordinates, it has the drawback that it can only detect a line if
the laser points on that line are consecutive. Thus, this algorithm would probably be unable
to cope with sparse data like the ones in our Gallery data set (see Fig. 5) or with the high
levels of noise introduced in our experiments.
Some methods have also been proposed for line and corridor detection, which avoid
the complexity of the Hough transform altogether. Diaz et al. [4] describe an algorithm
to support corridor following based on local line fitting around each laser point, and on
the analysis of the histogram of the resulting line orientations. This algorithm may satisfy
the requirement of fast computation, although the authors do not provide any information
about the computational effort. This pragmatic approach to corridor detection produces
exactly the same corridor attributes as our algorithm, and has roughly the same precision
in indoor environments. However, it is unlikely that this or any algorithm based on linefitting of consecutive laser points would be able to cope with environments like the Gallery
(Figure 5) or even an office environment with plenty of doors and walls partially made from
glass (Figure 6).
The corridor detection algorithm proposed in this paper has been shown to comply with
the requirements of fast computation, reliability and robustness in both easy and difficult
environments. In environments with good visibility of the corridors, our algorithm can
tolerate large amount of noise in the data and significantly lower data rates. In difficult
environments like the one shown in Fig. 5, the algorithm still performs reliably, and can
handle moderate levels of noise in the data. At higher levels of noise or at lower data rates,
the algorithm rejects a significant share of the scans. In the accepted scans, however, the
corridor attributes are still computed with an acceptable error level.

6

Conclusions

The job of operating a LHD vehicle in an underground mine is dull, dirty and dangerous, and
the operation of LHDs is therefore desirable to automate. Previous research on autonomous
navigation of LHD vehicles has been performed both in the area of reactive navigation
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[7] and absolute navigation [15], each system having its benefits and drawbacks [14]. An
example of reactive navigation system for LHDs has been developed by the Australian
research organisation CSIRO. This navigation system utilises laser range scanners and dead
reckoning, together with a topological map representation of its operating environment. In
several papers [7] [6] an experimental setup of a test track, a mine created by shade cloth, is
described and used to evaluate the navigation system on a real LHD. However, successful
experiments on the navigation system were also performed in a real mine [16].
The main benefit of a reactive navigation system compared to an absolute navigation
system is that there is no need for accurate metric maps and pre-recorded or predefined
routes. In a large mine with dozens of draw points and several dump points, the work to
administrate and update the predefined paths needed for an absolute navigation system can
be substantial. A reactive navigation system based on a topological map on the other hand,
is insensitive to small changes in the environment and it is only when new tunnels are added
to the layout that the map has to be updated.
In this paper we have proposed a new method for corridor detection based on the Hough
transform, intended for reactive navigation in underground mines. We have also described
empirical evaluations of the algorithm in a systematic series of experiments in indoor and
mine environments, of which a subset have been presented here. The main contribution
of this work is the new algorithm for corridor detection. However, the methodology used
for the empirical evaluation of the precision and robustness of our algorithm can also be
considered a contribution, which can be used by others to assess the properties of other
corridor detection algorithms. To the best of our knowledge, such a systematic evaluation
was never done before for an algorithm of this type.
Our algorithm has successfully been used to provide corridor parameters to a corridor
following behaviour in a full navigation system on research robots. Additionally it has also
been used to perform tests on tunnel following on a real LHD-vehicle in a real mine. In
these tests we have used a closed control loop using the detected features for navigation.
These later tests have shown promising results, and we are now continuing to develop a full
system for topological localisation and navigation in mines.
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