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Abstract
This paper describes the development of an algo-
rithm that is able to track the pose of a vehicle as
it approaches a rotating platform with a number of
scanning range lasers. The target application is path
planning and traffic management systems that are
able to assist drivers of mining trucks when parking
their vehicles with respect to loading machinery (ie.
swing-loaders, rope-shovels and excavators). Ex-
periments using a 1/7 scale model of a dump-truck
and swing-loader demonstrates the feasibility of the
approach.

1 Introduction
Surface coal mining can be categorized into two types: open-
cut and open-pit. Open-cut mining is economic when the coal
seam is relatively close to the surface and its slope is rela-
tively shallow. In this case, a prime-mover such as a drag-
line, removes the overburden from above the coal seam and
the coal is then removed by dump trucks and shovels/swing-
loaders. Open-pit mines target steeper coal seams and gen-
erally consist of a series of benches which wind down to an
ever decreasing area, usually targeting multiple coal seams.
Material is removed through a combination of drills, shovels,
excavators and trucks. In both cases, the efficiency of in-
teractions between mobile and fixed machinery is limited by
factors such as poor ‘path-planning’ by machinery operators,
poor placement of the vehicle with respect to the loading ma-
chine, and poor tracking of ‘good’ trajectories. Many of these
problems can be attributed to poor visibility from the opera-
tor’s cabin, as shown in Figure 1.

In the manufacturing sector, automation has demonstrated
the potential to improve the efficiency of interaction between
mobile and fixed equipment. Whilst there are many exam-
ples of autonomous earthmoving equipment[Singh, 2002]
the state of the art in open-cut mining[Lever and MacAree,
2002] reveals that fully automated mining trucks are not yet
commercially available. Existing systems have the capability
to navigate a haul route and dump automatically but the in-
teraction with loading equipment is limited. Thus the aim of

the work in this paper is to provide enabling technology that
can assist with the interactions between truck and shovel, in
particular, with driver assistance technology that can provide
a staged approach to automation.

Figure 1: Typical truck and shovel interaction.

2 Proposed Solution
The simplest method to guide a driver to a desired position is
to place a marker, or markers, in the environment (e.g. H on
a Helipad) and let the driver determine their own path. An-
other solution is to direct the truck with various hand signals
(e.g. Marshalling at an airport). Neither technique is suitable
in the mining environment. The only practical solution is to
provide the driver with a user interface that displays a rec-
ommended or desired trajectory. For such a user interface to
guide the truck to the desired position, a path must be gen-
erated[Usher, 2006]. This task is only possible if we know:
the dynamics and kinematics of the truck; obstacles that may
hinder its movement; where the truck should be (spotting),
and the current location truck (localization). This paper deals
with the final task of localization.

Localization techniques relevant to the mining industry are



presented in[Kloos et al., 2004]. Although GPS (Global
Positioning System) is used widely to track the location of
mobile equipment, there are many problems when it is used
to control motion. In particular, the obstruction of satellites
and effects of multi-path interference can make GPS unreli-
able. Although the classical solution is to perform data fusion
with an INS (Inertial Navigation System), there are still prob-
lems with the accuracy of the map. GPS/INS systems are
classed as absolute navigation systems. If there is an error
in the map; either in the location of the destination (it has
moved) or changes in the environment (movement of obsta-
cles or benches) then it is possible that the truck will end upin
the wrong location. Once again this problem can be corrected
by augmenting the navigation system with obstacle detection,
but this can lead to confusion in the control strategies. Alter-
natively, the map can be manually updated, but this is prone
to human error.

An alternative navigation scheme is based upon relative lo-
cations[Robertset al., 2002]. Here the position of truck,
shovel and obstacles are measured relative to one another.
The advantage of this system is that it does not rely upon
maps; rather it relies upon sensors that are aware of the sur-
rounding objects. The accuracy of the system is dependant
upon the accuracy of the sensors. The disadvantage of such a
system is that it relies upon the sensor visibility. If the sensor
is blinded, for whatever reason, the vehicle cannot navigate.
Thus, one of the main challenges to automation in the mining
environment is the choice of sensors. In particular, there is
debate in the mining industry about the suitability of lasers in
the mining environment. In our experience, they have proved
themselves to be robust, reliable and accurate sensors in the
mining environment[Duff, 2000].

The proposed solution to the problem of vehicle tracking is
a compromise between absolute (global) and relative (local)
coordinate systems. This is achieved by dividing the space
around the shovel into three zones (see Figure 2): the outer
zone, where the trucks are ignored by the shovel; the hand-
over zone, where the shovel starts to direct the trucks move-
ment; and the work zone, where the truck is within range of
the shovel sensors. As the vehicle moves from the outer zone
into the hand-over zone (say 200m away from the shovel),
the truck is made aware that the shovel wishes to manage the
trucks movements. In this zone, the position of the truck is
monitored from a fusion of GPS and inertial sensing. As the
vehicle crosses into the work zone (e.g. 50m), the shovel is
able to see the truck with a variety of on-board sensors. The
position of the truck is then measured relative to the position
of the shovel. If the sensors on the shovel are able to see the
bench and other obstacles in the work zone, then the shovel
is also able to direct the truck around obstacles as they appear
in the work zone, and park the trucks as close to the bench
as practical (called spotting). In other words, since the shovel
is actively aware of its environment, it is able to deal with
changes to the environment as they occur.
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Figure 2: Multi-zoned traffic management strategy.

This paper describes the development of a system to lo-
calize the truck with respect to the shovel. The next section
briefly reviews the literature on outdoor localization. Section
3 then describes the experimental platform. Section 4 de-
scribes the implementation of the vehicle tracking algorithm.
Section 5 concludes the paper and provides directions for fu-
ture research.

3 Outdoor Localization

There are many techniques that are able to localize a vehicle
in the outdoor environment. The most obvious (and popu-
lar) is GPS. Although promising, the weakness of GPS are
well known to the mining industry. The performance of high
resolution GPS in an open cut mine is discussed in great de-
tail [Walker, 1999], which highlights the problem of satel-
lite availability, particularly when the satellites fall below the
rim of a pit. Improvements have been suggested[Kloos et
al., 2004], with the addition of Ad-Hoc WiFi network, but in
practice, GPS is not sufficiently reliable and alternative solu-
tions or technologies are required.1

One solution is to use RF tag technology. With this tech-
nology, the truck is fitted with an RF tag, and a number of RF
receivers are placed in the environment around the shovel.
These receivers measure the time of flight of a broadcast sig-
nal from the RF tag and triangulate the position of the vehicle.
Unfortunately, the benches that surround the shovel are likely
to create multi-path interference which lead to errors of more
than 1m. This error is too large for accurate pose control of
the truck that is less than 6m in width.2

Another solution is to install passive tags in the environ-
ment and mount a sensor that can detect the tags on each

1Although this is being addressed by the commercial release of
PsuedoLite GPS Systems (www.novariant.com).

2Although this is being addressed by new ultra-wide band com-
munications systems.



truck. For example, a scanning laser range finder can be fitted
to the vehicle and reflective beacons placed at surveyed loca-
tions in the environment[Howardet al., 2004]. This technol-
ogy is robust, reliable and provides good pose information.
An alternative solution is use the laser to estimate the pose
of the vehicle from natural structures in the environment (e.g.
with angle histograms[Weisset al., 1994] or neural networks
[Dubrawski and Siemiatkowska, 1998]). The disadvantage
with both of these technologies is that they require each truck
to have its own scanning laser (A$8000). A cheaper solution
would be to use video cameras and coloured/shape beacons.
This technology works well in indoor environments, but does
not work very well in extreme lighting conditions encoun-
tered outdoors[Tews et al., 2005]. The problem with any
“beacon-based” technique is that the beacons require mainte-
nance, and a map of their location must be regularly updated.
This is an issue for mining, where the environment is under-
going continuous change.

The truck parking problem is one in which an approaching
vehicle is homing towards a frame of reference whose origin
is located at the shovel. Hence the logical site for the primary
sensors, which monitor the closure of the vehicle relative to
the shovel, is on the shovel itself. From information derived
from the primary sensors, the truck can be advised of the op-
timal approach, parking location and departure path from the
loader. This is the same concept already used in air traffic
control3. The location of the primary sensors on the loader
is consistent with the approach taken to automate the loading
operations from a back-hoe excavator to a dump truck with
the aid of a scanning laser[Stentzet al., 1998].

The problem of placing sensors on the shovel are likely to
be associated with the need to obtain sufficient sensory range
to observe incoming vehicles, as well as the problem of tem-
porary loss of contact resulting from a restricted field of view
or the presence of dust clouds. In the literature, there are
many examples of automotive vehicle tracking. Typically, the
tracking involves a combination of Kalman filter with a dy-
namic model[Zhao and Thorpe, 1998] statistical analysis[Lu
and Tomizuka, 2003] and line/corner detection[MacLachlan,
2004]. Although some of the technology is quite mature, the
techniques are overly complex for the task at hand.

4 Experimental Platform

This section describes the design and construction of the
scale-model shovel and truck. The purpose of the scale-
model is to demonstrate that it is technically feasible to as-
sist truck drivers optimally park their vehicle relative tothe
swing loader or shovel. The scale-model truck is a Toro ride-
on lawn mower (i.e the red tractor) which has been retro-fitted

3The airspace over a given country is divided into a number of
zones, and each zone is divided into sectors. As the aircrafttravels
from one sector/zone to another, the air traffic controller responsible
for the sector/zone passes it off to the new controller.

with sensors, actuators, control systems, and a computer, en-
abling either full computer control, remote operation or man-
ual control of the vehicle’s operations. All control and com-
puting occurs on-board, whilst the display for the guidance
feedback to the operator is a laptop computer mounted in
such a manner that the operator can see the display and safely
drive the vehicle at the same time. Comprehensive mod-
els of the vehicle have been identified[Usheret al., 2003a;
2003b] allowing for testing of model-based control tech-
niques and for extensive development in simulation.

In accordance with the scale of the truck, the scale-model
shovel was designed to 1/7 scale (see Figure 3). It consists
of a rotating platform that can support a control computer
and sensors, a servo controller that can be directed to rotate
the platform to a specified angle, an embedded computer to
communicate with the sensors and servo-controller, and three
scanning laser range finders: two mounted horizontally on
either side of the shovel to scan for approaching trucks and
another mounted vertically along-side the boom to generatea
3D digital terrain map of the surrounding environment.

Figure 3: Scale model shovel and truck.

5 Implementation
The placement of the horizontal lasers is shown in Figure 4,
where the two lasers are 1.4m apart on either side of the scale
model shovel. Since each laser is able to scan 180o, the data
from both lasers can be mapped onto a 360o range map that
is centred on the centre of rotation of the shovel. Note, that
there is a blind spot in front and behind the shovel. As the
shovel turns, the angle of rotation is measured by an encoder
in the motor drive that enables the range data to be correctly
mapped onto the 360o range map. As the shovel continues
to swing around, the 360o range map is update with the min-
imum range. This “minimum range map” is defined as the
background.
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Figure 4: Mapping range data from two lasers onto single
360o range map, independent of orientation.

Once thebackgroundrange has been recorded, any object
that moves in front of the background is labeled as atarget.
This is shown in Figure 5. In the left hand window (labeled
Horizontal Laser) the green solid rectangle represents thecur-
rent orientation of the shovel (in this case, it is pointing up at
0o). The blue rings represent critical zones - the outer ring at
10m is the hand-over zone, whilst the two inner rings repre-
sent the spotting arcs. The red dots represent range data of
the background (ie. buildings and obstacles etc). The blue
dots represent targets that require tracking (range data that is
in front of the background range). If the target is of sufficient
size (i.e. more than a few pixels) the target is tracked by a
minimum enclosing box (green box) and a blue line is drawn
from the centre of the shovel to the centre of the target. In this
case, the tractor has approached the shovel from the right and
has been identified as being 5m away at a bearing of 80o. In
Figure 6, the tractor is still being tracked at 3m. As the tractor
approaches the shovel the tractor splits into two targets (see
Figure 7). This reflects the fact that the lasers are scanningat
a height that bisects the foot-well of the tractor. This can be
corrected by merging targets that are sufficiently close. This
of course would not be a problem for real trucks, but if the
truck were sufficiently high relative to the shovel, it mightbe
possible to see under the tray. The system must be able to ac-
count for the fact that the ground is not flat and that the lasers
are measuring a 2D cross section of a 3D world.

In practice, it is likely that more than one vehicle will enter
the detection range (work-zone) of the shovel. This is shown
in Figure 8, where a car drove across the compound, approx-
imately 20m from the shovel. To cope with this situation, the
identity of the target (the truck we wish to track) is maintained
if any pixel in the next scan lie within the enclosing box.

5.1 Position Estimation
The results of tracking the tractor are presented in Figure 9.
The shovel is located at (0m,0m) and the tractor starts approx-
imately 7m to the right of the model shovel. It approaches
the shovel and then turns left, making a loop, before revers-
ing approximately 3m away from the shovel, it then moves
forward to make another loop, to reverse to less than 2m. Al-
though this correctly reflects the behavior of the vehicle, the

Figure 5: Tracking of tractor at 5m.

Figure 6: Tracking of tractor at 3m.

path (position) is rather noisy. To understand why this is so,
it is necessary to re-examine the tracking method. The trac-
tor in the spotting zone is shown in Figure 6. The position of
the tractor is assumed to be the centre of the enclosing rect-
angle. This is an incorrect assumption: since the range data
only records the position of points on one side of the vehicle.
To be accurate, the width and length of the vehicle must be
taken into account. The problem with this is that we don’t
know the orientation of the vehicle. In Figure 6 it is possi-
ble to observe the complexity of the distribution of range data
within the enclosing box. The complexity makes it difficult
to identify the features of the tractor from which we could
estimate its orientation. One solution would be to add artifi-
cal features (reflective targets) — but this creates issues with
maintenance. Another solution is to recognize that all trucks
(and tractors) are essentially rectangular in shape, and that a
rectangle that defines the size of the tractor/truck should en-
close all of the observable range data.



Figure 7: Tractor splitting into two targets.

Figure 8: Tracking of tractor and other vehicle (lower left).

5.2 Orientation Estimation

A technique used in shape analysis is called Feret Analysis
[Thomaset al., 1989] which is based on the idea of calculat-
ing the minimum enclosing rectangle for a number of differ-
ent angles. This is shown in Figure 11, where there are 3 data
points, enclosed by rectangles at 0o, 10o, 20o and 30o. From
this analysis it can be seen that the enclosing rectangle with
the smallest volume (i.e. the minimum enclosing rectangle)
is at 30o. It is apparent that further rotations will not find a
smaller volume. Since the tractor can also be enclosed by a
rectangle, the following assertion is made:

The tractor’s orientation is defined by the minimum
enclosing rectangle.

The results of this analysis at 10o intervals is presented in
Figure 10. Since the technique is unable to discriminate be-
tween the back or front of the tractor there is a wrap-around
at 180o. This feature and associated noise can be corrected
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Figure 9: Position of tractor with respect to model-shovel.
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Figure 10: Orientation with respect to model-shovel.

with a Kalman filter.

5.3 Improvement

The position estimation can be improved by using the min-
imum enclosing rectangle, the orientation and knowledge
about the real size of the tractor (the projected tractor rect-
angle). The tractor rectangle (0.6m x 2.0m) is projected from
a corner, or edge, of the minimum enclosing rectangle. The
choice of corner is based upon the estimated orientation and
bearing of the tractor. This technique is shown in Figure 12,
where the tractor is 90o to the scanning laser. In this situ-
ation, the Feret angle is 0o and the tractor rectangle is pro-
jected from left edge. In Figure 13, the tractor is at 45o, so
the bottom left corner is used. Whilst in Figure 14, the tractor
is at 0o, so the bottom edge of the rectangle is used. Simi-
lar rules can be made for all orientation and bearing angles.
The results of this improved position estimation are shown in
Figure 15.
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Figure 12: Projected tractor rectangle, laser at 90o.

6 Conclusion
In this paper, a multi-zoned traffic management strategy is
proposed to address the problems associated with the interac-
tion of mining trucks and loading equipment. In this strategy,
there is a transition from absolute to relative localization as
mining trucks approach the loading equipment. This transi-
tion recognizes and takes advantage of the natural strengths
of each localization technique:

• Absolute localization techniques (e.g. GPS and bea-
cons) are best suited to static environments, such as
those found on haul roads, where there is little change to
the environment and the mine can afford to install and
maintain the appropriate infrastructure (i.e. re-survey
the road whenever required).

• Relative localization techniques (e.g. laser, radar or vi-
sion) are suited to dynamic environments, such as those
found around the loading equipment. This environment
is under going continual modification, and it is impracti-
cal, and often impossible, to install and maintain infras-
tructure.

It is also worth noting that the haul roads are often in open
environments which favour the performance of GPS and RF
based systems, unlike the loading equipment which is often
at the bottom of pits, where radio performance can be poor.

Since the work presented in the paper is primarily con-
cerned with the development of technology to assist truck
drivers park their vehicle alongside the loading equipment,
this paper has investigated algorithms to track the pose of the
truck as it approaches a rotating platform (which is what load-
ers do). To this end, a simple technique based on Feret Anal-
ysis has been developed and tested.

This paper has demonstrated the feasibility of using a Feret
Analysis to estimate the pose of an approaching vehicle. The
system is robust to internal outliers (outliers that lie within
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Figure 13: Projected tractor rectangle, laser at 45o.
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Figure 14: Projected tractor rectangle, laser at 0o.

the confines of the vehicle (i.e. laser penetrating into vehicle
internal structure) but sensitive to external outliers (i.e. out-
liers that are not in the vehicle). This behavior is contraryto
that of conventional line/corner detection techniques.

The Feret analysis technique is generic and should work
for any vehicle that lies within a known rectangular footprint.
Since the accuracy of the laser is absolute, there is an expec-
tation that an increase of scale to a full size truck will increase
the precision of the technique. Future work will include:

• Test software on data from real trucks.

• Use Kalman filter to smooth orientation.

• Use GPS to transition from hand-over zone.
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