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Abstract

Hot Metal Carriers (HMCs) are large forklift-type vehicles used to mmedten metal in aluminium smelters. This paper reports
on field experiments that demonstrate that HMCs can operate autonlgraadsin particular can use vision as a primary sensor to
locate the load of aluminium. We present our complete system but foctieeansion system elements and also detail experiments
demonstrating reliable operation of the materials handling task. Two keriexgnts are described lasting two and five hours where
the HMC travelled 15km in total and handled the load more than 80 times.

1 Introduction

Autonomous Ground Vehicles (AGVs) have been routinely afpeg in factories around the world since the 1970s. Thezenaw
thousands of units delivering products in warehouses, leatgpand aircraft factories. These environments are ird@cee of sig-
nificant changes in environmental conditions such as lgftand are generally clean and dry. These AGVs typicallyatpeat
low-speed, in flat driving areas and where the driving s@riacormally smooth.

Figure 1: A Hot Metal Carrier in the process of picking up tiheaible.

The next frontier for AGVs is that of the outdoor/indoor irstiial work site. Examples include steel works, aluminiumetiers,
large construction sites, ports, etc. These are envirotsiieat contain outdoor areas exposed to the weather ane wiedriving
area may contain hills and the driving surface may be roudterd are very few examples of operational outdoor indug&&Vs
anywhere in the world. One notable example is that of theraated shipping port in Brisbane, Australia (Nelmes, 200®iere, a
container handling operation has been operating autonsignfor the past two years using large autonomous straddtiecaehicles
(AutoStrad AGVSs) to stack and move containers. This apfitinds simple, in terms of typical outdoor materials hangltasks, but
is impressive in that the AGVs operate in all weather condg&j 24 hours a day. The autonomous port is also isolated gremple
making the operation inherently safe.

Our project aims to push the technology of AGVs to the nexgesta- that of an industrial work site with a more difficult madés
handling task, harsher environmental conditions and theeief people operating around the vehicles.

We are focusing our research using the example of molteniaium handling at a smelter. In the aluminium industry, Hattisl
Carriers (HMCs) perform the task of transporting moltemahium from the smelter (where the aluminium is made) to thetiog
shed where it is turned into block products. There are etidi® be 400 HMC vehicles world-wide with a 50/50 ratio of rified|
forklift-type vehicles to purpose-built vehicles. Our jat has been tasked with the automation of the class ofifettpe HMCs.
The vehicles weigh approximately 20 tonnes unloaded areahriele forklifts except they have a dedicated hook for mdaimg the
load rather than fork tines (Figure 1). The molten aluminisroarried in large metal crucibles. The crucibles weighragpimately
2 tonnes and they can hold 8 tonnes of molten aluminium ussaper-heated to above 700 degrees Celsius. Therefore, e
ations are considered heavy, hot, and hazardous, wittysafeperation a significant issue. This application alsodastiaany issues
with other applications such as vehicle transport in thelstelustry and the large-scale construction industrygéacommercial
building sites).
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Figure 2: Aerial view of a smelter showing the pot line shenid the Hot Metal Road.

1.1 The Challenge - reliability and safety

There are many challenges in the HMC indoor/outdoor opeganvironment. Inside, there is a vast amount of infrasinec other
mobile machines and people. In various areas, there are taggnetic fields and high temperatures near the molten milumi
pots. Outside, an HMC'’s path may be surrounded by infrastradbuildings, fences, stored materials and other vesjand their
operation may be affected by environmental conditions sisatain, fog, snow, and heat. Research into automating teésees and
their operations needs to consider the variability in ofiegaconditions to produce repeatable and reliable perémes of the task.
At a typical smelter, a handful of HMCs are used to carry ther@hium from the 500m long pot lines to a handful of furnace

and casting sites which can be up to 1km away. Figure 2 showea view of a typical smelter. They operate on their owadro
(the Hot Metal Road) due to the criticality of their operatim the supply chain and the hazardous nature of their carge.Hot
Metal Road may not be used or crossed by other vehicles wtithqalicit authorisation. Smelter staff may cross the roatdhould
not disrupt the HMC'’s work-flow by doing so. In this contextstdicle detection is a critical part of any autonomous HMGyewer
obstacle avoidance is not. Any unexpected obstacle mustdlewlith safely by stopping the vehicle, eventually siginglwith the
horn. Re-planning a path around the obstacle is neitheissacgnor desirable and is potentially unsafe.

1.2 Aims - Outdoor vision and visual servoing for an Autonomaeis HMC

The HMC must first accurately locate the crucible in orderiti it up. Crucibles are typically dropped off by a cranegatbeing
filled with the hot metal, ready for the HMC to pick up. The eixadiop off point will vary slightly each time and so the HMC ntus
locate the crucible each time. Due to the extremely high &¥atpres, it is not practical to locate any electronic tkg-tevices
(RFID) on the crucible. Vision is an obvious way to address kbcation problem and has been a major focus of the resa@arch
our project. A human operator uses his/her eyes to servodbie to the crucible handle’s eye and so vision is a promisengisg
method to try. However, there are very few examples of thalskd use of vision for load detection and load localisationutdoor
(all weathers) or in indoor environments that have stromngdoor light’ projecting through shutters or windows.

Our aim was therefore to develop a reliable vision-basedatefor crucible detection that could operate in all typilgihting
conditions that a human operator is expected to performatsie tncluding cloudy and sunny days, rain, darkness armbirsdunder
artificial lights.

We also aimed to borrow another method from the human opetatt of visual servoing. The task of hook insertion regslir
high precision with the hook having to be driven into a 20 cndeviarget area (the so-called hook-eye). It is clear thatabpes
visually servo the hook of the HMC in order to insert it int@ thook-eye of the crucible handle. Our research aimed tordate if
we could mimic this human method of crucible pick up in a ralwesy.

1.3 Paper outline

The remainder of this paper is structured as follows. Se@ipresents the work related to automating industrial Veiand previ-
ous work in the areas of vision for automated materials hagdasks. Section 3 outlines the architecture and techo@raponents
of our vehicle’s systems. Section 4 details the vision atgors developed for reliably identifying the crucible. 8en 5 provides
details and performance of various long duration expertmennducted at our work site. Section 6 describes an asatyshe
failure modes of the numerous sub-system of our architecttinally, Section 7 concludes the paper with a brief disicusof the
significance of the research and outlines our future woakpl

2 Related Work

There has been much research into automating industrialgstor cargo transport. (Mora et al., 2003) present a detapystem
for controlling autonomous forklifts in a warehouse. Thekiifts are scheduled from a centralised controller and loammperated
autonomously or remotely. Localisation of the vehiclesravjzled by a web-cam sensing lines painted on the floor.
(Hasunuma et al., 2003) demonstrate a different approaatittonating vehicles by using a humanoid robot to operatedht&ols
of a conventional vehicle. The advantages of using a hurdaarei that the vehicle does not necessarily have to be modttifigitbw
pseudo-autonomous operation and the robot can be usedhéartasks. The disadvantages are that the current standauchanoid
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technology makes controlling a vehicle overly-challeggand unreliable. Furthermore, vehicle control has to be@ded in the
humanoid which would be difficult for a closed-loop systemsidering the complexity of a human conducting the samestask

In 1999, our research team demonstrated the autonomouatiopesf an underground mining vehicle, a Load-Haul-DumB L)
vehicle (Roberts et al., 2000)(Roberts et al., 2002). Thiskvghowed that 2D scanning lasers could be used to navigegkiele at
20km/h with little clearance (approximately 0.5m) between thieiele and tunnel walls. The system developed worked on tineipr
ple of relative or reactive navigation where the LHD was #ddased on the open space observed immediately in front-difiher-
level turning commands, such as “turn left”, “go straighetc, were issued by a navigation layer that had a coarsesemegion of
location in the mine tunnel system. The navigator kept t#akhich section of the tunnel the LHD was in by observing kegttires
such as intersections. The system is now available comatigrand has been deployed in a number of mines around theworl

With respect to the load handling task, and in particulaliepdandling by a forklift, several important research iwmust be
noticed. Garibottet al,, in (Garibotto et al., 1996)(Garibotto et al., 1997)(Gatib et al., 1998) present ROBOLIFT, a robotic fork-
lift able to pick up/drop off pallets using computer visiobhis work was conducted indoors and used specially desifidedials.
In our case, we are aiming at a minimally modified outdooiirsgtivhere these fiducials may not be discriminative enougimare
recent research, Nygards al. in (Nygards et al., 2000) used the image of a visible laserdaraera image to localise a pallet and
dock a forklift to it. After some experiments, we found thateye-safe laser is not powerful enough to be reliably syl a camera
in bright sunlight. Finally, in (Seelinger and Yoder, 20(gelinger and Yoder, 2006), another method of vision-dasdet sensing
was described. Again, this work was aimed at an indoor fityldhd used motion capture fiducials.

Most of the control algorithms discussed in the above-noeetil research into load handling could be applied to ourilgeic
handling task. However, the pallet sensing methods areui@atde due to their low saliency and reliability in an ouddandustrial
setting.

If we consider now the use of computer vision for mobile ridmin outdoor environments, many examples are found intie}
ture, including state-of-the-art deployments such as thRIPA Grand Challenge (lagnema and Buehler, 2006; Buehd&6Yor the
LAGR Program (Mulligan and Grudic, 2006). However, mostoreed work used computer vision for navigation, obstactddance
or lane tracking and not for load identification or load lésation — this is the key problem in our application and hasbeen ad-
dressed in a meaningful way before in other similar appbeat The field of visual servoing (e.g. (Espiau et al., 1992youar and
Chaumette, 2002)(Corke, 1996)) aims specifically at cdirigothe interaction between robots and their environmesiig vision.
Most of the control techniques used in this article come ftbim field, with specific care given to implementability amdiability.

One of the important achievements of our system is the whditise a Pan Tilt Zoom (PTZ) camera to exhaustively scanralsea
area while guaranteeing that any part of the area will be sg#tnenough resolution (Section 4.6). This problem is edato the
mosaicing problem (Teller et al., 2001) since creating aaiwoequires acquiring a tiling of images. Compared to owbfam,
mosaicing typically requires a regular tiling of the sphareund the camera and does not consider the choice of zoouvatargee
observation resolution. Building a covering tiling for dymon also has attracted interest in computational gegnis¢ie (Géinbaum
and Shephard, 1986) for instance). Most tiling methodsrgitéo create an arrangement of regular polygons (the thes)will cover
an infinite plane without gaps or overlaps between the paiggtiles. In our context, as we will detail later, a given @emconfigura-
tion provides a way to observe a polygonal area of the scaraggoh. In this area, the camera resolution per unit of serfaill vary,
and only a subset of the area may provide enough resolutiacctarately detect our crucible. In order to exhaustivelnse search
region we have to select a set of camera configurations ireguita set of observed areas covering the search regiorewghgh res-
olution at any point. In computational geometry terms wetafiag to cover a polygonal region with a minimal selectidriroegular
polygons minimally overlapping. As a consequence, teakesdrom the geometrical tiling literature are not readpyplécable.

It is also important to note that a number of companies (hicly Corecon and Omnitech robotics) provide autonomoudiftsr
for indoor, warehouse environments. Most use laser-badatians, mainly due to the high reliability of features elgted with these
sensors. But to the authors’ knowledge, there is no gengsion-based, outdoor forklift commercially availablel&y.

3 System Description

Our HMC has been automated to the level where it can carrylbiliesoperations of a conventionally operated vehicle \aittriver
on-board. However, whereas the driver of a conventional H84@sponsible for the efficiency, safety and sensing foofierations,
the autonomous HMC has on-board systems to take this rolart Apm the obvious internal sensors that provide inforameébout
the state of the vehicle (e.g. temperature, oil pressuremetty, hook height, mast tilt, etc.), the vehicle has exakeenvironment
sensors to assist with navigation, obstacle managementraoible handling tasks. Four scanning laser rangefinddGK LMS
2911) are positioned around the vehicle (Figure 3) and are tilmdn by #, to provide 360 degrees of coverage to a distance of ap-
proximately 30m. However, there are still blind-spots elts the vehicle (Figure 3). These lasers are used to progdedm-based
localisation and obstacle detection (see section 3.1 aawlg €t al., 2007)). Localisation using laser and beaconsddmmiaccurate
enough to achieve the crucible handling task if only the ibleavas guaranteed to be delivered always at the same plétbean
accuracy better than 5cm. As this is not a realistic requargnwvhen crucible are handled by industrial cranes and smdgrgpoks,
a more flexible method was needed. To this end, a pair of R&Z-dom (PTZ) web-cam (Figure 4) was attached to the madieto
used as primary sensors for locating the crucible via marterits handle. The use of computer vision for crucible hagdkill be
the main topic of this paper.

The autonomous HMC's safety system consists of a numbernysigdd interlocks, Emergency Stops (E-Stops), obstadkectien,
on- and off-board RF remote fail-safe and software watchddfe E-Stops are located around the vehicle, inside artuguortable
remote RF device. Activating an E-Stop brings the vehickedaick halt and the engine is shutdown. Hydraulic contridi@zen at
this point. Door interlocks are also included in the E-Stagpl to prevent access to the vehicle when it is running amonsly. The

1For interested readers, we use the LMS 291-S05. This lasenec provides 8° resolution over a field of view of 180with an effective range of 30m with
0.01m resolution. In addition to the range data, the laserigesva reflectivity flag that is non-zero only on retro-reflecmaterial.
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Figure 3: The HMC's lasers are located at each corner of thigheg tilted down by approximately 4 degrees. They offezrtapping
coverage out to approximately 30m. They are used for lca#dis in the navigation phases and for obstacle avoidance.

Camera mounting Weather—proof casing

On-board PTz
camera
0,

Figure 4: The mast-mounted PTZ web-camera used for locHimgrucible. Left: placement on the forklift mast; righttamed-in
photo of the camera inside its weather-proof casing

software safety systems consist of high-level velocitytaarwhen objects are detected close to the vehicle and évelwatchdog
checks between interface level software and the low-lewelrol software. A timeout on the watchdog initiates an BgSt

Figure 5 provides a high-level view of the software and hanadwarchitecture of the autonomous HMC's systems. Lowtlew-
ponents such as throttle, brakes, steering, hook and masbtoare controlled through Programmable Logic Corgrsli(PLCs).
The critical safety components, such as the E-Stop buttoddhe watchdog monitor, are controlled through higher gradl-safe
PLCs. These PLCs provide redundancy checks of relay capnsand continuously monitor the input and output stateaodivare
connections.

HIGH LEVEL

Lasers

VEHICLE LEVEL  (state)

Safety RF (offboard)
H/W Abstraction Safety E-Stop
System Safety Switches
‘ Watch dog

Steering Brakes Throttle Mast/Hook

Figure 5: The HMC system architecture. The program blockshown in boxes or ellipses with leaves representing palyparts
of the system.

The Hardware (H/W) Abstraction program converts the intevahicle state sensors to human-readable signals and mesutiaeg
vehicle demands in an opposite manner. High Level prograonk directly with the external sensors and vehicle statetdrol the
vehicle. Vehicle Level programs control and monitor theigiehhardware systems.

3.1 Localisation and Navigation

The localisation system(Tews et al., 2007) is comprisedaséd rangefinders detecting retro-reflective beacons glaand the
environment. It uses the vehicle’s encoder-based odorastaymotion reference but provides better accuracy sinaaetlp suffers
from drift and inaccuracies depending on the tyre pressimad and road surface conditions. A full payload for the HM€ghs
approximately 10 tonnes which distorts the tyres and aa‘fedtzlmetry readings. In many applications, GPS is a usefisiosdor



outdoor-only operations. Differential, WAAS and RTK GPSiqaovide higher accuracy than normal GPS with precisiorthién
range of 2cm to several metres. However, GPS accuracy demenchany factors including visibility of a significant nunnkuaf
satellites in the GPS constellation and a relatively clegth from the GPS and differential base stations to the wehiceceiver.
Around our work site (and in a typical smelter), none of thiegx¢ors are maintained since the vehicle operates insiddatween
large buildings, and around roadways surrounded by taktr&his results in significant multi-pathing and signaklos complete
dropout in some areas. Therefore, a local, rather than bloteisation solution is required.

The navigation system uses way-points derived autombtibglmanually driving the required route of operations. Wsints
are recorded after a certain change in distance since thedgspoint or a certain change in vehicle heading. Each paipt also
contains a velocity so ramping speeds can be utilised foo#imeo navigation. The resulting way-point list is splitaiask segments
with each segment being a homogeneous action such as adisrtkaverse (used for normal navigation) or backwards tsav@ised
for crucible manipulation tasks). Within a segment, theigation system switches to the next way-point in the list witds close
to the current way-point. The mission program (Section Ba8jdles switching between tasks.

Currently, the obstacle management system is simply a tglmeduced gradient envelope surrounding the vehicleobstacles
get closer to the vehicle, the vehicle slows and will eveliyisdop if they are too close. This behaviour can be disaklbdn oper-
ating close to infrastructure such as when entering a nadmmway. When reversing towards the crucible, the sectoosnding it
is blanked so it will not be considered as an obstacle. Theggesrules have worked adequately for our current opematlut we
are improving the system to be more flexible to the currenireninent and task state. For example, the sensitivity ofitid for
considering an object to inhibit HMC operations will be difént when operating in open areas to when it is operatirftgicdnfined
space of a shed.

3.2 Crucible Operations

The key functionality of a Hot Metal Carrier is its ability tandle the crucible. Two main operational phases can biagiisshed:
crucible pick up and crucible drop off.

Crucible drop off Drop off is an easy manoeuvre from an automation point-efwiNo sensing is required and a simple ballistic
manoeuvre is sufficient (Figure 6). The manoeuvre can bendeased into three steps: first, lowering the hook so as torlthee
crucible on the ground, then moving away from the crucibléleviowering the hook to bring the handle to its rest positiand
finally moving 15cm away from the crucible to clear the hooktfee crucible.

! Ballistic
. drop—off

" path

Figure 6: Schematic of the hook movement during a drop offeeanre.

Crucible pick up  The pick up manoeuvre is more challenging than the drop béfan be divided into two steps: first, an approach
step where the hook is visually guided toward the pick up tioithe middle of the crucible handle (Figure 7), then theiaktpick
up. The latter is an easy manoeuvre, again a ballistic mowemsienilar to a drop off (Figure 6).

Approaching the crucible requires a continuous estimaifdhe crucible’s pose relative to the HMC'’s hook. An on-ltbaamera
provides this information using techniques presented icti®e 4. Considering the non-holonomic properties of thkisle, the
HMC servos to the line orthogonal to the crucible passingugh the pick up point (Figure 7).

The approach trajectory is executed at constant spdedy. 04 m/s) while the steering of the vehicle is controlled using the
standard pure pursuit control law ((Hebert et al., 1997)):

B = Kol\0 + Kyv%geAy (1)

whereKg andKy are tunable gainse is the rotation speed from which a steering angle can be ctedpand other variables are
illustrated in Figure 7. Depending on the initial errorstikbntroller may bring the vehicle to the pick up line. Thisally requires

¢
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Figure 7: Crucible approach trajectories and variables.
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Figure 8: Example of a real approach trajectory.
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try:

task 1

task 2

! v _ \_/v task 1

skn: - catch MissionError:
execution
status

Task Executer

task 1:
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Figure 9: Overview of the mission control architecture.

two conditions, the initial alignment errofy| and|AB|) must not be too big and the distance to the crucili&|f must be suffi-
cient to implement the manoeuvre. Then the pick up can ceatguccessfully. Otherwise, we need to reliably detectftiisre
and generate a mitigation strategy. In our implementatimmust ensure that the final position of the vehicle presentdue of
|Ay| smaller than A5m and an orientation error smaller than 20 degrees. Ttagessare arbitrary and adapted empirically to our
system. This can not be considered a reliable failure deteget since these errors can be the result of camera nrisadigt or
other inconsistencies in the crucible sensing processré/ewarently adding additional sensing modalities to absaveral ways to
confirm, with increased dependability, that the hook engege has been successful.

To illustrate the pick up manoeuvre, Figure 8 gives an examphkn approach trajectory captured during our 5 hour coatis
trial (Section 5).

3.3 Mission Control and Recovery
The Mission Controller is responsible for switching betwégsks and monitoring their performance. A task may be &dalong a

section of road”, “drop off the crucible”, “start up the engf or even “blow the horn”. Currently a mission is a sequesfdasks with
each task returning its status during execution. Once ahaskinished, the Mission Controller selects the next taskti@gencies
occurring during task execution cause the Mission Comrdtl select the contingency sub-task for that task. For pi@m missed
crucible pick up will trigger a “missed approach” signal atheé HMC will move away from the crucible and retry the apptoac
manoeuvre.

Practically, the Mission Controller is composed of two pa# task executer and a task scheduler, which interactuasréted in
Figure 9. The task executer, written@or C++, contains modular code to implement each registered tamkinBtance, the “start
up the engine” task sends the start-up signal to the low-leterface, waits for the engine RPM to stabilise to a us#blel and
terminates with a success signal. If the engine RPM stayforulbo long, the task terminates with a failure signal. Tésktexecuter,
is also responsible for receiving task execution requestsandling the initialisation and completion of the tasks.

The task scheduler (written iRythorn) uses the mission description to schedule each task in Begu€To this end, it sends
execution requests to the task executer and waits for tetioim raising an exception if the status is an error.

The mission controller is a generic component of our systenty the task implementations are specific to the HMC. Fas thi
reason, it is currently used on several of our platformdyiiog an autonomous submarine (Negre et al., 2007).

This framework allows for automatic mission planning andredynamic on-line mission re-planning. Neverthelesssetanc-
tionalities were not part of the initial requirements foe tHMC application. Missions described in Section 5 were haladned,
with built-in contingency plans. Algorithm 1 gives an exgeof a plan included in a long duration mission.

4 Vision based operations
4.1 Challenges and objectives

To perform a reliable crucible pick up, it is necessary toehaveliable crucible localisation system. Several sahgtican be envi-
sioned. The more obvious one requires using the vehicleaikation system and a memory of the last crucible dropaafétion.
Unfortunately, this will fail if crucibles are handled byhatr vehicles without a localisation system such as a cragenglter op-
erations. It would also be possible to use the laser range8nit detect and localise the crucible from the shape ofuils fhis
solution would certainly be reliable, but in our currentisgf, the lasers are located too high on the vehicle to gebd g@w on the
crucible. Changing their position would reduce the efficieaf the vehicle localisation and obstacle detection syste

The crucible localisation system we present relies on caenpusion. This, in itself, creates challenges and opputies. The
challenges occur because outdoor computer vision is knolwa tomplex due to such difficulties as uncontrolled lighttonditions
or unstructured and uncontrolled environments. Impleingran accurate and reliable computer vision solution ise¢heonditions
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# Read current pose
pose. read()
try:
# First try to servo to recorded position of the crucible
m . servoto_nen()
# Pick up the crucible
m . pi ckup()
except M ssionError, ne:
try:
# If it fails, go back to scan |ocation
m . servot o_poi nt (pose. X, pose. y, pose. headi ng)
# Try a different type of pick up (long range pick up)
m . | rpi ckup(scanregion.x, scanregion.y)
except M ssionError, ne:
# 1f this fails, then ask for human intervention
print "Cannot find crucible for pick up, please pick up manually"
m.wait_manual reset()

Algorithm 1: Example of mission plan, with contingency mgament

Figure 10: Self-similar landmark as described in (Briggalet2000).

requires a carefully engineered solution. On the other harmdhmera is a much more interesting perceptual medium thasea
rangefinder. It has a much larger field-of-view and providetsids more densely reported in its field-of-view.

In summary, this section will describe how we used PTZ camtrédocalise the crucible handle, and more specifically tredle
eye, in which the HMC hook must be inserted before liftingdhecible. This requires localising the handle eye withit0 cm lateral
accuracy, and:5cm longitudinal accuracy. It is important to realise hdrat the hook can only be controlled vertically from the
vehicle (tilting the mast does not significantly move thediphe hook) and as a consequence these accuracies can adiibeed
by accurately positioning the whole vehicle which is 6 m lamgl 2m wide, with strong non-holonomic constraints.

4.2 Landmark choice

We chose to maximise the resilience of our system to ext@eralirbation by using artificial fiducials attached to thecdvle. These
fiducials will be used to provide the position of orientatiofiithe crucible handle. In our application, it is not reqdite obtain a
full 3D position and rotation: as we will detail further om, dur specific setting, the localisation problem can be reduo a planar
problem. Also, although obtaining a crucible identificatiopom the fiducials will be useful in future deployment of thestem, it
was not required for our setup and has not been addresseel ¢otiext of this paper.

Most existing vision-based industrial applications usdiamocapture fiducials, i.e. small disks with black and whijteadrants
(Garibotto et al., 1998)(Seelinger and Yoder, 2006). Tliesesials provide strong corners, and may be good enoughifamdoor
controlled environment, but they are not distinctive erfofag reliable outdoor detection.

In the context of industrial computer vision, some more iinfative landmarks have also been proposed (e.g. ARTag, @&RCo
etc.) and comparative studies presented: see (Claus agibion, 2004) or (Zhang et al., 2002) for instance. Theséntarks are
designed to be very informative, some of them even carryinédion bits or error correction codes. On the other haray;, #tne sensi-
tive to occlusion and scratching and we estimated that thoeytdinot be detected reliably enough over the intended rafdistances.

Instead, we chose to use self-similar landmarks, as desthiy Scharstein and Briggs (Briggs et al., 2000) and showigure 10.
This has been shown to be very reliably detected, espedaiadiy indoor setting. Formally, the requirements are ag\ddl a pixel
line of the camera must cut the black/white transitions @ithage of these fiducials with an angle bigger thah #airthermore, the
fiducial must appear with a width larger than the detectiomdeiv in the image, i.e. typically 40 pixels. Once these twoditions
are fulfilled, the detection is not sensitive to perspecéffects, shearing or small rotations. Additionally, themdmark is very
resilient to lighting condition changes, change of scadetial occlusion and scratches. This is especially vakifda “ruggedised”
implementation, as required in a real industrial settindgs also important to note that the fiducial detector will detect a mirror
image of the landmark.

Nevertheless, in an outdoor environment, we found the lamksuffers from two main defects. First, it is salient horitally (or
more generally, on a direction perpendicular to the stjipgast the estimation of its vertical position is more sewmsito noise and
more uncertain: strong contrasts, JPEG encoding, sensmasan or image slant can make the vertical position offithgcial very
unreliable. Then, if we consider an application in an indakenvironment, corrugated iron, used to create shedsywedin create a
nearly self-similar pattern when observed with enoughgessve. In this infrequent case, this can generate largebeus of false
positives.
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Figure 12: Fiducials and their placement on the cruciblesézs from the PTZ camera).

To increase the robustness of our landmark, we have testedlternatives: an orthogonal landmark made of two selftairpat-
terns patched together with a®ftational offset, and a circular landmark where the siefflarity is radial instead of being axial.
The orthogonal landmark is depicted in Figure 11. The cinclandmark is less sensitive to rotation and motion blurphore sensi-
tive to occlusions than the orthogonal one. Also it is easi@lign the orthogonal landmark with an existing strucsiree its refer-
ence pointis located along one of its edges. Orthogonaitanks can be made in two versions with each being easilydigitthable:
aleftversion, where the horizontal landmark goes from left thtiign the right of up-to-down vertical landmark, andght version,
resulting from a flip of the other one over the vertical axibeTatter is shown in Figure 11. The possibility to create easily dis-
tinguishable and the accurate alignment of the orthogamalrharks were the compelling arguments for their use irejiyigication.

To detect an orthogonal landmark, we use the self-similadrizark detector described in (Briggs et al., 2000). Thiggithe
position of the horizontal and vertical landmark. A pair ahéimarks can be considered an orthogonal landmark if thandis
between them is small and the difference of orientationaselko 96. If these conditions are verified we can estimate the lopatio
of the orthogonal landmark reference point (Figure 11) nithage.

As a final note on our landmark design, we implemented oumtenlls by having them printed with UV resistant inks on rigid
surfaces. This increases their cost, but is critical famgethat will spend a major part of their life span outdoors. date, our
landmarks have been on our crucible for 18 months, and theyred this time in Australian sub-tropical sun and heavgfedis
without significant performance degradation.

4.3 Landmark projection

To localise the crucible, we need to detect the fiducialsh#d to it, and from their location in the image, estimaté thesition with
respect to the HMC's hook. Figure 12 shows the crucible readH the two fiducials attached to it, as seen from the mastream

Let us first define théarget planeas a plane parallel to the ground passing through the fidu&rence points. We can assume
that when the HMC is approaching the crucible, the hook ie lisated in this plarfe Using this definition, and assuming that
the ground is locally flat around the crucible, we can redbesgeneral fiducial localisation problem to a simpler |aation in the
target plane.

Our camera is mounted on a Pan-Tilt-Zoom (PTZ) head attaichéd forklift mast. Knowing the camera model, the PTZ param
eters, and the pose of the camera with respect to the hoslpdsisible to build a one-to-one mapping between imagespixel their
projection onto the target plane. In addition, given a pwirthe target plane, it may be possible to find a unique pandiifiguration
that makes this point visible in the centre of the image fra®er PTZ head is installed such that this mapping existsrigrpint
of the target plane located between the HMC and the cruclbjerovides a pan/tilt accuracy of the order ob@egrees, resulting
in landmark localisation accuracy of aboub2m when the crucible is closest. Using our camera with ateansield of view of
42 degrees, we were able to detect the visual landmarks7mtilrom the HMC hook point. Misalignment of the pan/tilt edeo
can happen (although very seldom), resulting in a condideraduced system reliability. As a consequence, an al@nrohecking
function would be required. Implementation of this funotend mitigation strategies are the subject of on-goingarese

4.4 Crucible localisation and tracking
4.4.1 Localisation

The approach to the handle must be done on a trajectory phopdar to the handle, consequently, we not only need tonesé the
pose of the handle’s eye, but also the orientation of thelbdrat. To reliably and accurately determine the orientatifithe handle,
we set up two orthogonal self-similar landmarks (tefeand oneright).

Using the landmark extractor described by Scharstein aighy8(Briggs et al., 2000) and the mapping from the image éremthe
target plane, itis straightforward to localise the hantilerder to be robust to multiple possible perturbations itandle localisation

2The crucible handle is a large object whose height to thergtisiknown and constant.
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is integrated into a particle filter (Doucet et al., 2001) &mskd with movement information coming from the vehicle wedry.

In principle, a particle filter uses a set of samples (pasicto represent a probability distribution resulting f@ayesian filtering
process. Formally, if we leX; = (x,y) be the state of one of the handle ends at tif& be the observation of a fiducial at tihe
andA{ be the vehicle displacement between timaadu, then the goal of the particle filter is to estimate:

P(X | Zy ... 2, D2 . )

To this end, the filter relies on two models: the observatiadehP(Z; | X;) that predicts a fiducial observation and a displacement

modelP(X, | X, , Aﬁtfl) that predicts the motion of the particles.

It must be noted that any recursive state estimation teclenigpuld be suitable for this task, especially a Kalman filtése choice
of a particle filter was motivated by the non-linearity of 8ystem and by technical aspects such as the availabilityeafd@urce code
from an other part of the project and the ease of visualisafidve heavier computational requirements of a particlerfiltere not
critical in comparison with the fiducial detection part oétbystem.

The localisation is implemented as follows. We use two imsta of a particle filter. Each one uses 200 particles to titaek
position (x,y), in the target plane, of one side of the handle. From the segfoemed by these two estimates, it is then possible
to evaluate the orientation of the handle, and the positich@hook insertion point, given as the middle of the segmétitthe
coordinates are expressed in the vehicle frame, as if thielealvere static and the crucible moving. This representiaiias been
chosen to simplify the expression of the hook control as eo#eg to zero.

When a landmark is identified in the image frame, its posittomapped to the target plane, and used as an observationateupd
the particle filter estimate. Formally, this means #as the projected positiofxs, yr ) in the target plane of a detected fiducial. The

observation model used is then:
P(Zt = (Xf,Yf) | XI = (X7y)) ~ G(XtazZ)

where G ([, 0) is the Gaussian distribution of megrand covariance. An other possible model would be to consider directly the
fiducials position in the image as observations. In our iry@etation, the additional complexity was deemed unnecgssa

In between visual observations, the vehicle odometry isl isenfer the motion of the handle in the target plane. Betwige
andty, the vehicle displacement is a translatignand a rotatiorR,. By changing the reference frame, this can be expressed as a
translationA{i of the observed fiducial. The resulting displacement madel i

P | X 1 B )~ G(% ; +OE [, Za)

In practice, both fiducial observation and odometry measards run at different rates: the odometry information imsiad
at 2Hz whereas the information on landmark localisation is getedrat 2 to 3 Hz, when the camera is focusing on the tracked
landmark.

In this implementation, we had to take special care in theagament of the processing delays, especially when regeiwia
video streams. Due to time sharing on the CPU, and to the simmaputational cost of the operation, there can be a significa
delay — up to (bs— between the availability of an image and the end of the gmlfar landmarks extraction. It is then necessary to
backtrack the particle filter localisation estimate, inertb integrate the landmark observation at the time the éweas captured.

The output of both particle filters is a probabilistic estiioa of the handle ends. Using tlzepriori knowledge of the handle
length, and the spread of the particles, we can evaluate iegtimated handle length is compatible with the realitg aait for
this estimation to converge to a consistent value befomvallg the HMC to move. It is also possible to use the handlgteto
constrain the position of one landmark when only the otherisrbeing observed. This type of non-linear constraint adnd the
only compelling reason for choosing a tracking implemeatebased on a patrticle filter over an Extended Kalman Fiifieen the
otherwise low non-linearity of the system. In practice, wstéd the use of this constraint while using a single canaacfound it
added little accuracy given the low update rate. With two e&s, there is much less time where only one landmark is eddand
consequently we disabled this constraint.

4.4.2 Visual tracking

While the HMC is approaching the handle, the camera is cdaettoh pan, tilt and zoom to ensure that the landmark stayken t
image frame and is visible with enough resolution. This iplamented by controlling the PTZ head so as to put the cup@sition
estimate in the centre of the image.

To observe both sides of the handle, we make the camera foctsd seconds on each landmark. While the vehicle is far from
the handle, both landmarks stay visible together. For thienteetre of the approach, the landmarks cannot be seen éodetbause
the maximum field of view of the camera becomes too small. €qumsntly, each landmark can only be tracked for two secoutls o
of four.

In the current stage of our development, with only one cleclailable, we have not developed any specific identificegdftware
so far. Our landmarks are distinctive enough to avoid argefpbsitives and to identify each side of the handle withmiiiguity.

Nevertheless, in a real industrial site, where all crual®uld be marked with similar fiducials, the handle iderdificn would
have to be dealt with properly. Using geometric constramgsway similar as in the Joint Compatibility Data Asso@atiNeira and
Tardos, 2001) is likely to be successful here. Adding a umiaig to the handle would also help identifying individualables.

4.5 Multi-camera integration

To improve the accuracy and robustness of our system, weletkto use two PTZ cameras. Using multiple sources of observa
tions integrates naturally in the particle filter framewofko possible uses of the multi-camera/multi-landmarkeysare possible:
Either each camera stares at only one landmark or each cmhéma/es each landmark alternatively.
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Figure 13: Optimal view point selection, and co-visibil{ty is co-visible toP).

The advantage of having one camera per landmark is thatuiresqfewer PTZ movements, and consequently increased-the e
ficiency of camera usage. On the other hand, if one of the aafads or becomes inaccurate, then the associated landmatk
longer tracked accurately.

To improve robustness, we chose to have both cameras loakematively to each landmark. Ideally, we would want ttede
that one camera is becoming inconsistent or unreliable,oahdthen start panning the other camera between landmé&iktsire
work therefore includes more robust identification andgattion of camera failures.

4.6 Long range crucible discovery and pick up

The approach presented in the previous sections is adaptid tracking of a pair of orthogonal self-similar landrmsark does not
address locating the crucible in the environment when onlgg@proximate location is known - for example, it is somewhgithin

a 20 m by 20 m area. If the area is small enough, the discovepybmachieved by setting the camera at a known fixed positign, b
in most cases, a scanning strategy must be implemented.

In this section, we address the problem of finding the crecitdthen the only available knowledge is a range of locationsrevh
the crucible may be, given as ®2olygon, called theeandidate polygon As for the crucible orientation, we assume that it is
compatible with a detection by the camera. We consider leapolygon is big enough to prevent finding the crucible witirgyle
PTZ configuration. We also assume that the polygon may extarehough away from the camera to require to try varioud lefre
zoom to detect the self-similar landmarks.

With these assumptions, our objective is to select an ofifiramall set of PTZ configurations guaranteeing that angeia the
polygon will be observed with enough image resolution. \Werrt this problem as the “view point problem”.

4.6.1 Optimal view point

Consider a poinP in the candidate polygon. We can assume that there exists arpde and a tilt angle such thais visible in the
centre of the image frame. The camera zoom is set such thatpmthietical fiducial located at P, ideally orthogonal to tiical
axis, would appear as an object of widttin the image frame. This construction is depicted in FigiBeThis tuple of pan, tilt and
zoom will be defined as theptimal view poinfor P.

One of the limitations of this optimal view point definitios the assumption of orthogonality. In reality, achieving tonfigura-
tion would require moving either the camera or the fiduciathbunfeasible in practice. Nevertheless, we justify tissuanption by
the fact that in order to be observable by the camera, theifidoneist be close enough from orthogonal to the optical aisangle
greater than 45is usually challenging for the vision system). Finally thissumption provides a practical way to compute a desired
zoom level for the camera to observe the region ardmdth a good chance of being able to detect any fiducial within.

4.6.2 Co-visibility

A point Q is said to be co-visible t® if it satisfies two conditions(i) whenP is observed on its optimal view poir® also appears
in the image frame, outside ofvapixel margin around the image border, &jijl if a fiducial is located a@, it appears as an object
of width at leastw, = 0.8w in the image frame (see Figure 13, right). Obviously theatisé to the border and the width of the
projected targets are tunable values. Empirically, wewise50 pixels, and we define the other parameters as a functian ©he
width of the projected target,) must be such that a target can be detected if its size issttiga

4.6.3 The co-visibility graph

To solve the view point selection problem, we first disceeiis The candidate polygon is divided into cells with sidésdemgth
similar to the landmark size. In our case we usen®x 0.5m cells. For each cefl, the cell centrd® is used to compute an optimal
view point for the cell. Then for all cell® aroundP, we evaluate if the cent® of D is co-visible toP. This enumeration is done
by spiralling aroundC until no co-visible cells are found on a complete revolution

We define a co-visibility graph as a set of nodes and direalgés

e anode is the centre of a cell
e an edge from nodPE to nodeQ indicates thaf) is co-visible toP.

The minimum acceptable distandg to the border of the image frame is linkedwg and also to the apparent siaef cells in the
image frame. Idy, is smaller tharo anda is of the order ofv, then there is a possibility that a fiducial located exactihatborder
between two cells may not be visible in any of the image fralveeoving these cells.

4.7 Solving the view point problem
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: Let O be an order of the nodes ¢f.
. Let V be the list of nodes of; sorted according t®.
: Mark all nodes in?’ as unvisited.
- for all nodesvin 7 do
if v has been visitethen
continue
end if
find a unvisited nod& such that is co-visible tow and the size of the set of unvisited nodes co-visible te maximal.
addw to the selection of view points.
mark all nodes co-visible tav as visited.
11: end for
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Figure 14: Projection of image frames corresponding tocsedeview point onto the target plane: each polygon shows péua of
the target plane is visible with enough resolution in a giframe.
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Let us call G the co-visibility graph built upon the discretised candépolygon. Solving the view point problem is finding a
minimal set of nodes in G, such that for any nodein G, there exists an edge of between a node of andv. The resulting set of
nodes is equivalent to a set of view points by mapping the siaaléheir optimal view point.

This problem can be modelled as the well known minimum seg¢icproblem (Vazirani, 2004) by associating to each nodesé¢he
of its neighbours and itself. The minimum set cover problsrniown to beNP hard

In order to solve it in a reasonable time on our system we wsgriedy heuristic described in Algorithm 2.

Experimentally, this heuristic can be implemented to rury¥ast. The complexity of this heuristic 8(nlogn+ e), wheren is
the number of nodes, arethe number of edges. This comes from the following reasorfingt, the set of nodes must be ordered,
which is at mos©O(nlogn). Then all nodes are visited once and only once, and for eadéw@f. line 4-11 in algorithm 2), finding
w (line 8) requires considering all neighboursvoDuring this process, all edges of the graph are traversedare than twice.

When testing this algorithm with various cell ordering heticis, we found very little difference in the size of the fl&éag view
point set. Nevertheless, the heuristic is fast enough tkeatam run it with various cell ordering heuristics, and delee smallest set
of view points.

The cell ordering heuristics we chose to use, without préaipdimality, are the following: the distance to the caménareasing
or decreasing; the co-visibility cardinal, increasing ecikasing; the natural order of the cell (lexical order efd¢bordinates); and
random.

Order Plan size
increasing distance 9
decreasing distance 8
increasing co-visibility 8
decreasing co-visibility 12
random order 10
increasing lexical 8

Table 1: Influence of cell ordering on the size of the selegted point set

Shown in Table 1 is the size of the resulting view point settffier different cell ordering heuristic for a square polygoh10 m
by 10 m located 10m away from the camera. It should be obsdhagdn this example very representative of the real use @f th
algorithm, the choice of order has little influence on theurezf number of view points. Experimentally, if we try to neathis square
candidate area within 15m left and right and from 5m to 20 nramf of the vehicle, the difference between the best and thrstw
cell ordering is in average 3 view point only with a standagglidtion of 2. This is consistent with what we have obsergdafy
real experiments. Nevertheless, our test showed that riothe ordering heuristic in this table was always best. Assallteof the
low computational cost of the view point selection heucistie can test these orders and pick the best results.

An example of a resulting view point selection is shown inUf@14. Each view point is associated with a set of visibléscel
The convex hull of this set of cells defines the projected gofyassociated to a view point. Due to the resolution coimstaad the
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Num. of view point

Figure 15: Number of view points (colour scale from 0 to 4)e@g each cell in the target plane with enough resolutionthe
view point selection in Figure 14.

candidate polygon discretisation, the projected polygarot a quadrilateral, as would be expected from the hombgrapojection
of the image frame.

Figure 14 shows how the candidate polygon is covered by thieged polygons generated from the set of view points. ig th
figure, each polygon is represented transparently to shewtt®view points overlap. Itis obvious that many cells arsasbied from
at least two view points — Figure 15 shows how many view paiberve a given cell —, and in this respect, the heuristieagto
be potentially suboptimal. In practice it is fast enoughtfar size of problem we are considering, especially whenemphted with
multiple cameras (Section 4.7.2).

It may be argued that only a limited set of candidate polygwed to be scanned, and consequently that the correspamtingl
view point sets could be computed off-line once and for all.rdality, the shape of the candidate polygon may be uniquteit$
position with respect to the vehicle reference point wilhiobe for any search depending on where the vehicle stopsftwripehe
search. Given the accuracy of the vehicle localisation amdrol, it may be valid to ignore these changes and to alway®pn the
same scanning pattern, with the advantage of more repbitalnid determinism. On the other hand, computing the $epattern
on-line provides a more flexible solution at the cost of vétielcomputation time. This might become useful when degivith an
environment where multiple vehicles handle the cruciblik warious degree of accuracy.

4.7.1 View point plan execution

Once a view point set has been selected it is executed byllganaving the camera to each view point in sequence untihlsides
of the handle have been observed. At each position, an insaggptured and processed to extract orthogonal self-silaildmarks.
At this point, it is essential not to have false positives] &rtunately the orthogonal self-similar landmarks aidctive enough
that we have never observed any. The detected landmarksesréetd into the particle filter, as described in Section 4.4.

Once the plan has been completed, the landmark trackeri@dB8dct) is activated and subsequent observations are agefirte
the landmark position estimation.

It is essential to be able to evaluate if the plan executiandfi@ctively been successful in finding the crucible. In aurent im-
plementation, where the crucible is the only object withetied landmarks, this is achieved by simply checking thit &xtremities
of the handle have been observed during the scan.

4.7.2 Multi-camera view point selection

The approach described previously can be adapted to planhdad giew points for multiple cameras. Several approacheshm
envisioned: we can either build an independent plan for eachera or build a plan with an minimally small set of view fsin
shared between the cameras. We can also try to build a placah#e achieved in minimum time, even if it may have a sulivagit
number of view points.

Building an independent plan for each camera This solution provides the most reliability since all pladge the candidate poly-
gon will be scanned twice, once by each camera. It can be mgieed by simply running the previous heuristic twice, ameht
executing the scan plans independently. It is also the sibamproach since it takes as long as the longest camera.

Finding an optimally small set of view points using both camea  The previous algorithm can be adapted to share the set of view
points to cover between each camera. It can then find theeshabt of view point of the three approaches proposed irsduson,

but it does not try to balance the number of view points giveedach camera. As a result, if implemented in parallel, tobal
scanning duration is the scanning duration of the cameifativé biggest set of view points to process.

Finding the shortest plan If the cameras are controlled in parallel, the shortest tiviiebe achieved by distributing the view
points evenly to the cameras. To implement this, we need difynthe definition of the co-visibility graph and adapt theuhnistic.
An edge in the co-visibility graph will now be associatedhwdt camera: a nod® is co-visible toP using camera if Q is visible
whenP is observed by on its optimal view point. The resulting heuristic is debed in Algorithm 3.

Figure 16 shows a typical result obtained using this apgraac two cameras. The final number of view points is still gight
it can be appreciated that each camera will deal with founaeints. A parallel implementation will have scanned thedidate
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1: Let O be an order of the nodes df.
2: Let V be the list of node of7 sorted according to.
3: Mark all node in?’ as unvisited.
4. C :=first camera.
5: for all nodevin ¥ do
if v has been visitethen
continue
end if
C = next camera that can see
10:  find an unvisited nodes such that is co-visible tow using C and the size of the set of unvisited nodes co-visibles tasing
C is maximal.
11:  add the paifw, C) to the selection of view point.
12:  mark all nodes co-visible tev using C as visited.
13: end for

Algorithm 3: Finding a view point selection to scan a cantidaolygon with several cameras

Candidate Polygon

Camera posltions

5
LI B T R T T T
x {m)

Figure 16: Projection of image frames corresponding tocseteview point onto the target plane: optimal view pointtieo cameras
while trying to balance the camera use, blue polygons cporasto the area viewed by camera 1, red ones are viewed bya@ne

polygon in only four camera movements.
4.7.3 Discussion

We have identified two aspects that need refinement in thesfutiust, similar to the approach tracker, the long rangeibie detec-
tor needs to include geometric information (e.g. the knovgtadce between landmarks) to validate the detections Whuld also
help in the development of better identification of the natedtion cases. Second, when the plan execution fails teHfendrucible,
some actions are required to try to find it. The definition ofigaition strategies is a problem that is difficult to addriess reliable
and robust manner, but we consider this, and the previoussas critical future work directions.

As discussed previously (Section 4.5), to take advantageuitiple cameras, proper management of camera failuragicioe
implemented. If one camera failed, the current view poitéct®n should be aborted and a new plan for the remainingecam
should be evaluated. Alternatively, the new plan may onlecthe part of the candidate polygon which is still to be segh This
strategy has not been evaluated yet on our system.

5 Significant Experiments

Repeatability and reliability are paramount to using aroaainous vehicle for continuous operations. We have suitglysson-
ducted numerous scheduled and unscheduled demonstrafitres autonomous HMC. We have also scheduled demonstsation
capability over prolonged periods of time towards creatiegendable operations. The autonomous HMC has been apeddtr
over one year and we have now conducted more than 200 houusarsfaemous missions. In this section, results from the twstmo
significant demonstrations are presented. These condigeand two hour experiments where the vehicle was complatdepen-
dent of human control except for a safety supervisor. Theilsleiwas filled with three tonnes of solid concrete to sirtripartial
payload. We determined that a partial load was sufficiemiodemonstrations, and is less stressful on the vehictegtifiall payload.

Figure 17: The path (yellow) of the 2 hour experiment. Thecitie pick up and drop off occurred in the open area at the énd o
the path on the left and the in-shed operations were conductthe large shed on the upper right. The 5 hour experimest wa
conducted in the large area surrounded by buildings aretwtat the blue box.
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5.1 Setup and Goals

The goals of the five hour experiment were to demonstrate distance, highly repeatable navigation and crucible atpars. It also
allowed us to examine the effects of continuous operatiorth® accuracy of navigation and crucible operations. \fekioperating
over long time periods will have subtle changes in their dyita — e.g. as the vehicle and computer hardware get hdtéaresponse
times to commands can change. The vehicle operations watkicted in a large constrained concrete area (inside tteetuly in
Figure 17) running a basic continuous mission of navigasind crucible operations. All crucible detections were caed by a
single camera.

The goals of the two hour experiment were to demonstrateatipes over a longer distance in various types of enviroimen
with in-shed crucible operations. Figure 17 shows the Velpath (yellow) for the two hour experiment on an aerial méghe
environment. Note the path traverses buildings and a nawadway surrounded by bushland. The mission was set up funalete
set of vehicle operations including start-up and shutd@md,the challenge of having to initially find the crucible e tenvironment
since its precise location was not known. There were twatioes for crucible operations — an open area and the confipacksof
a storage shed. To the difference of the five hour experintleistexperiment used two cameras for all crucible operatidrhis is
mostly because the relevant hardware and software wasopeeeand installed during the six months between the tworegrpats.

5.2 Results

Table 2 summarises the main statistics from the experim&hts ‘Total Dist.’ refers to how far the HMC travelled durittge exper-
iment. The ‘Cycle Dist. is the distance travelled in ea@ration. The ‘Velocity Range’ is the maximum and minimumogity the
vehicle travelled and the ‘Cruc. Ops.’ field is the total ninbf times the crucible was picked up and dropped off.

Table 2: Key statistics from the 5 and 2 hour experiments

| Experiment]| Total Dist. [| Cycle Dist. || Velocity Range[ Cruc. Ops.|

5hr 8.5 km 0.3 km -1.1: 1.6 m/s 58
2hr 6.5 km 0.93 km -1.4: 3.0 m/s 14

5.2.1 Reliability

In each experiment, there was only a single interventiomired by the supervisor. For the five hour experiment, théebain
the supervisor's safety remote went flat after approxinydtair hours. This caused an E-stop to be triggered on thecheetvhich
brought it to an immediate halt and it shut down. The batteag weplaced and the vehicle restarted. At the time of thepatpp
it was about to pick up the crucible and after the restartxétated a 'missed approach’ recovery procedure and cadinninter-
rupted operations until the end of the experiment. Durirggtito hour experiment, the vehicle failed once to pick up theible.
This was mainly due to the vehicle performance changing gstitvarmer (it was a particularly hot day). The rising tengperes
affected the control limits of the vehicle causing the beateebe more responsive and the engine to rev higher duringkami An
increase in engine RPM was used in the criteria to determonéact with the crucible which triggered prematurely irstbase. A
manual pick up was performed and the vehicle continued isnaunous mission. This problem did not manifest again thhout
the remainder of the mission. The failure highlights howre®ugh systematic failures can be anticipated, therelsodlze changes
in the vehicle’s physical performance due to environmentdns to consider. Since this experiment, we have chattgepickup
to not rely on engine revolutions.

Figure 18: The doorway into the storage shed was narrow éHMC to enter. There was approximately 30 cm clearance bareit
side.

5.2.2 Navigation

A thorough analysis of the navigation system is beyond tbpsof this paper, and empirical evidence is provided inktéaboth
experiments, the navigation system (described in Sectﬂa)w@&accurate and reliable from the perspective of velpietformance



Figure 19: In the storage shed, space was limited for HMCatijmars.

and an empirical post-analysis of the recorded vehicl&san the five hour experiment, the HMC was at most 15cm away its
nominal path, which highlighted the navigation consisyesied accuracy.

In the two hour experiment, there were several areas whghdyhaccurate navigation was required: driving in and oairfrthe
HMC's parking location, travelling along the narrow backdand entering the shed where the crucible was being drayped the
HMC'’s parking spot, there is a raised maintenance pit itedriover. The clearance on either side of the pit to the inditteeavheels is
approximately 20 cm. Along the back road, there is only 0.3earance on either side of the road where there is eithegsmiind or
drop-offs. Although this seems like ample clearance, itesents the longest part of a cycle at the highest velodtsny deviations
in vehicle control can result in a significant displacemdtthe vehicle on the path. Operations in the shed where thaldeuwas
dropped off and picked up had to be within 10 cm since the dnttlge shed is quite narrow as can be seen in Figure 18. Oride ins
the shed, there is infrastructure on either side of the \elibich meant there was very little room for manoeuvringy(fFe 19).

5.2.3 Obstacle Management

The vehicle’s obstacle management system raised somestitey issues. In normal operations, HMCs go close to itrfragire and
contact the crucible. They also travel along long roads w/nerobstacles should be present. This requires a multieasirategy
for determining what constitutes an obstacle, how to haob#gacles and what ranges should be considered for obsigteletion.
In our experience, the answers to these questions are dyirsiée and area specific, and secondarily vehicle and sp&cific. For
instance, at our site, if an obstacle is detected along ting bk@ack road, the vehicle needs to halt since it cannot atoM/hereas
in the open compound area, it may be able to choose a diffpethtaround a detected obstacle. Also, obstacle deteatiedsrio
be smart during a crucible pick up since the vehicle needsmtact the crucible. Our current simple strategy is to had#farent

obstacle detection profile for when the crucible is on or b# tvehicle, and to turn off obstacle detection when entesim@rea
where the vehicle will go close to infrastructure such agmng the storage shed. We are in the process of enhancirapgtacle
management system to address the issues mentioned above.

5.2.4 Crucible pick up

Five hour experiment The reliability and predictability of the HMC autonomousmoauvre is critical to its acceptance by industry.
As an illustration of the repeatability of our current implentation, the vision-based pickup was used for all pickomaur 5-hour
experiment. Figure 20 shows the superimposition of halfief38 pickups performed during this time, the other half lesyomg at the
other end of the path could not be displayed on this pictuaehHine on this figure shows the path of the tip of the hookrdya pick
up manoeuvre. These paths were acquired by hand markingsitéeop of the hook on a video sequence captured by a statieica
At the same time, for each pick up, the position of the creciblthe image was recorded, also by hand marking it. Thisipeds-
sion being very repetitive, we expect the crucible to be gnropped in the same location. In Figure 20, the dots adestathe cru-
cible handle shows the recorded crucible positions andhibeaseen that they are contained in a small ellipse of appiateily 10cm
radius. It can also be clearly seen that the paths are wekited in an envelope whose width is correlated with thesdlisize. Apart
from this analysis, it is difficult to analyse the performanf the crucible pick up operation, since it is either susfidr it fails.

Regarding the lighting conditions, this experiment sthudé noon and lasted untilpsn, close to sunset at this time of the year
in Queensland, Australia. The weather was fine with pasdmgls (cumulus), and the light condition ranged from brigiid-day
sunlight to reddish sunset illumination. Shadows weregshader the sunlight and very smooth under the clouds. Farapickups,
both fiducials on the handle had the same lighting conditiéfhgne fiducial was in the shade and the other in bright simig is
likely that due to the limited dynamic range of the camera,fitiucials may not be detected successfully.

For the final pick up, the vehicle had to pick up the cruciblesmle of a shed where the lights had been turned on. The camasra
not capable of handling this dynamic range and we had to hashed light off to let the vehicle find the crucible and pickp. A
more advanced autonomous system would have solved theeprdy turning its own lights on, but unfortunately the ligbntrol
had not been automated in our system.

Two hour experiment In the two hour experiment, three types of pick up were pertat — long range camera-based, short range
camera-based and known location navigation-based. Whé&mgiap the crucible based on its known location, the diffieesbe-
tween the current vehicle location and the crucible locat®oused as an input to the control law sketched in Section 82a
consequence, no vision detection is performed and the lbpéia up can be done much faster, but this solution wouldb®tobust
enough in a situation where various vehicles are handliagthcibles.
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Figure 20: Pick up approach trajectories, superimposiio®9 pickups. The dots and the ellipse around the crucibhelleashow
the variability of the crucible location across this set ainoeuvres. The top figure shows an overview of the experisueat,
and the bottom figure shows a close-up on the paths themséleeseference, the handle width is about 2m and the pick Up ho
approximately 20cm across.

In most of the crucible operations, the location of the drlecis recorded on every drop-off and for our experimengs ctiucible
is not perturbed from drop-off to pick up so this location @so be used for the subsequent pick up. Nevertheless,dhisos
was only used in half of the pick ups in this experiment sifeedrop-off point was in a tight corridor, and there was naiwgyh
manoeuvring space to allow a vision-based pick up.

For the long range camera-based pick up, the initial cradileftection was conducted without the location of the ctadibown.
Instead, a 20 m by 20 m area was defined to contain the crunibie ienvironment. The two on-board cameras applied thaigaoh
described in Section 4.6 to successfully find the crucibtkthen the standard visual servoing pick up was undertakiis. SEarch
for the crucible was only required for the first pick up. In folowing vision-based pick ups, the recorded positionhaf trucible
was used as a hint to where the camera should initially betgubet. This assumed that the various sources of uncertaouid not
be enough to prevent the crucible from being visible in thigal image frame.

The short range camera-based and known location navightised pickups were successful for the duration of the tww 8-
periment. Half of the pick ups were performed using the vidiased method, and the other half based on the known laaaftibe
crucible. The navigation pick up was of particular intergate it demonstrated the accuracy of the localisation &hitie control
systems. All the pick up and drop off locations were insidelipsis less than 15cm in radius, as can be seen in Figure 21.

Doorway

N

Crucible Pickup/Drop

Figure 21: This figure shows the 28 traverses into and outeftbrage shed during the two hour experiment. These paths ar
contained in an envelope whose radius is less than 15cm.

6 Failure modes analysis

As is often the case in complex autonomous systems, thereaeoeis sources of failure, with some being detectablelendthers
are not. In this section, we list some of the possible fafiwrithe different sub-systems, identifying their propestind solutions.

6.1 Navigation

Vehicle hardware and interface It is possible that components of the vehicle hardware miagddiaing an autonomous run. Some
of these events can be detected, but there may be no solut:iL%pte‘or aborting the mission. For example, in one paréicsltua-



tion, a main pneumatic hose was damaged. This can be detsctadnitoring the system pressure but no corrective actéonbe
performed by the autonomous system since, as a redundatyt sgftem, the vehicle is designed so that a lack of presswages
the brakes. Other hardware failures such as alternatodahat battery failure, etc, can also be detected with thbaard sensing
but they cannot be corrected.

Hardware interfaces (green partin figure 5) can fail in thvags: stop providing data, providing incorrect data, orlenpenting an
incorrect control. We have currently implemented solwitmthe first case, in which the mission will be aborted, buthget to the
second and third. Failure detection based on data consysienot expected to be difficult, but this is a subject fottier research.

Localisation The localisation system relies on the laser range finder arzborect identification of the reflective beacons. In the
case one laser range finder fails, we can continue to localgbly with the three remaining. For localisation, onlyotworking
lasers are required to have sufficient field of view in our Bmvinent. In some cases, the laser scanners failure canveel syl power-
cycling them. We have installed the hardware to implemestkimd of remediation but we have not tested it at the time afimg.

Obstacle detection Similarly to the localisation sub-system, the obstaclectn sub-system relies on the laser scanners. If one
of them fails, then the vehicle field of view is reduced to I 360 and this sub-system cannot be used reliably anymore. As a
consequence, the collision avoidance system will stop d¢écle.

Control The navigation sub-system is responsible for steeringehécie along its paths. It can fail in three main cases: ifthth
are badly designed, if the localisation fails or if the vddibardware fails. The two latter cases have been discussms@ aso we
will only discuss the case of badly designed paths. In omieettracked reliably, paths must be designed with a boundeditire.
If the path curvature is not feasible for the vehicle, théngedcking control law will fail to stabilise the vehicle oné path. This can
be detected by monitoring the tracking error. In practice,awvoid this problem by defining only feasible paths or laagrhe path
from the logs of a human driver.

6.2 Crucible handling

Pick-up and drop-off The implementation of our crucible pick-up and drop-off bedlistic movements. As a consequence, they
can fail if the hook and mast controls are behaving unexpgct® if the hook position sensing is failing. Both casesraatralways
be detected. We have implemented our state machines witlotite in order to catch some of the control failure but we aga that
this is only a partial solution. Redundant and multi-mo@asng would certainly be part of a more robust solution i®ghb-system.

Crucible visual detection and tracking Being one of the most complex components of the system, thehte detection sub-
system is the most prone to failure. It relies on the mastrobtud be accurate, the pan-tilt-zoom control to be workingectly, the
camera sensors to be exporting data at a high enough fragetratcrucible fiducials to be setup at the correct positiahwasible,
and the vehicle to report accurate odometry. Most impdstahé vision algorithms to be able to detect the fiducials.

Since the hardware failure modes have already been digtubsamain issues affecting the vision system are listeoael

e The PTZ control of the camera relies on an accurate caldratf its internal encoders. This may drift after a few weekimac-
tivity or period of brown power. We handle this case by a sigedaily start-up procedure that checks that the controttsieate.

o If the camera frame rate slows, this can be detected eadilydborrected by the autonomous system.

e The fiducials have been attached to the crucible with indsttrength tape. In our setting this provides secure [ositg on
the crucible, and has been in use for over two years of outelquosure. On a real crucible which can be heated close 6700
heat-resistant paint would be used.

e In order to ensure that the fiducials are visible, we desigmuiasions and vehicle paths appropriately, and we assuatette
crucible is not moved significantly between drop-off and<pi.

e The fiducial detection algorithm can fail in various ways: emithe sun (particularly at sunset) is facing the camerawtiade
environment is too bright (particularly around midday ofigat-coloured concrete patch), or if it is too dark. Curtgrthere is no
solution to these problems but we can ensure that the vedni@s into a safe failure state when the fiducials cannot textet.
Several remedial actions are foreseen but not implemettied:ehicle could try to switch its headlights on or we coujdsome
smart control of the camera exposure.

e The internal calibration of the camera also plays an impontale in the crucible localisation system. We currentlly @n this
calibration to stay constant and we only check its validitpur start-up procedure.

o If the fiducials are too far away from the camera, the resohugit which they appear in the image can be insufficient toctidtem
properly. There are two ways to deal with this problem. Tinepdé and reliable one is to ensure that the vehicle is closagmn
before initiating the visual servoing manoeuvre. It colkbae possible to use the camera zoom as in the long rangghgsac.
4.6), but changing the zoom is a very slow control and thigisy reduces the field of view.

e When the system is very close to the crucible, the fiducials ampmear highly slanted, which makes their detection chgilen
(due to the nature of the detection algorithm). A circuldf-sinilar landmark would help in this case. Another possibroblem
at short range is the very important angular distance betweztwo sides of the handle. This makes controlling the peahtidt
from one fiducial to the other a long operation, during whieh fiducials are not tracked. Unfortunately, this is the timere we
need the most accuracy in the tracking, because the hookrauaised as soon as it is engaged in the handle. In order woaakel
redundancy, and to be less sensitive to localisation delesyfiave added a contact sensor on the hook. This sensontpesdhe
correct engagement of the handle.

If any of the above failures occur during a visual servo todheible, the autonomous solution is to retry the manoepassibly
using the long range search to ensure the crucible lodalisistfound.

Localisation-based crucible engagement When the crucible is dropped off, its position is recorded ez be used to make a

quick pick-up manoeuvre without using the vision systemis®pproach can fail: if the laser scanners fail, if the vieh@ontrol

hardware fails or if the localisation system is incorrethei at drop-off time or at engagement time. Hardware fadurave already
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been discussed above. One way to detect that this engagbamftiled is to check that a contact has been detected nothare
twenty centimetres away from the pre-recorded positiortalse of failure, corrective actions can only be achievedissgion level:
the vehicle can move back to a safe scanning position andistavision system to detect and track the crucible.

6.3 Summary

As can be seen above, there are many ways our system camfailddr to deal with some of them, we have introduced exceptio
management in the mission control system. Unfortunately, @ few failure modes can be reliably detected, and eveprfean lead

to a smart recovery action: stopping the vehicle and algpttie mission or calling for help, cannot be considered snTdré only
failure modes we can currently handle reliably and autongstyoare the cases where the localisation-based crucilgizgement or
the visual crucible engagement fail.

7 Conclusions and Future Work

We have shown in this paper that it is possible to fully auttenzalarge industrial materials handling operation — thatafmetal
movement in an aluminium smelter. At our work site, we hauly fautomated a Hot Metal Carrier and have demonstrated&ypi
operations of a production vehicle. Our vehicle is capabButonomous start up, shutdown, navigation, obstacle gemnant, and
crucible pick up and drop off. The work reported here is f@tlien the use of vision as the primary sensor for detectingptite- a
two tonne crucible containing an eight tonne load (normablten aluminium, but three tonnes of concrete dead weightir case).

We have addressed the challenge of using a vision systernarstdn the ever-changing lighting and weather conditibgsusing
artificial visual landmarks (fiducials) mounted on the hanall the crucible. A novel landmark was created using twoamtimal
self-similar landmarks which proved robust in the outdaori®nment.

Firstly, the problem of accurately locating and tracking thucible handle so that the HMC could be visually servoepidk it
up, was tackled using a particle filter based tracker whisb aked vehicle odometry data. This method was further eeldanith
the development of a multi-PTZ-camera system that incretiseaccuracy and robustness of the close-range appreatiertr

Secondly, the problem of long range crucible detection vdakessed. A technique was developed that used the same R¥FZ ca
eras used for the approach tracker to locate the crucibleaatge of 20m and where only an approximate estimate of thedels
location was available.

Our system has conducted over 200 hours of autonomous mperand demonstrated long periods of high reliability agd r
peatability. In this paper, we have presented results fréiweahour duration fully autonomous run. This experiment sgmificant
achievement in field robotics as it is one of the first long dareautonomous demonstrations that has a challengingn/sensed
manipulation task every few minutes. During the five hour, tine crucible was handled 58 times and the vehicle travelézadly
8.5km. The route distance for this experiment was relatigglort at 0.3km and so another experiment with a longer roate
undertaken. This experiment lasted for two hours with agaigtance of 0.93km and a total mission distance of 6.5km.

Future work on this project includes the testing of the vissgstem in the dark (using lights on the HMC) and the develgm
of a more sophisticated obstacle detection system thad$8ID maps of the terrain ahead of the vehicle and the developai a
robust personnel safety system to automatically detegtlpewarby. The ultimate goal of the project is deploy antlttessystem
at an operational aluminium smelter.
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