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Method and System for Tracking Material

Field of the invention

The present invention relates to methods and systems for tracking lumped masses of

“material. In one application the invention relates to estimating and reconciling the

properties of material through a mining system.

Background of the invention

The ability to accurately track bulk material properties through a production chain or
operational process chain is highly valuable. In the mining industry, having incorrect
estimates of grade and quantity in stockpiles can lead to financial penalties. Improving
the quality of information by tracking material at each stage would enable mine

engineers to perform greater planning to avoid these penalties.

An example of a production chain and an operational process chain is an open-pit iron-
ore mine. In opén-pit iron-ore mining, material is excavated from specific locations after
being blasted. Th"e amount excavated from each location. is u_sUaIly determined by
production requirements to meet a certain level of quality and quantity of material. The
excavated material is transported by haul trucks directly to dumping statiohs for primary
crushing or to stockpiles, from which the material is removed for further processing.
Material is also removed to enable the development of the pit to access future deposits.
Such material is transported to dumping locations which may or may not be permanent..
The material dumped may be used as fill for previous excavations.

One practice in mining is estimate material in haul trucks by assuming they carry a

- common constant percentage of their maximum load. This value, termed a “load factor’,
is essentially the average mass of material moved by trucks calculated over a long

timeline. This method, although accufate over large time frames, is prone to fluctuations
based on _oberator skill through over/under filling of trucks and excavation of material
outside of designated areas. It also relies upon the quality of initial in-ground estimates
of the material being excavated.
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" There is an ongoing need for a probabilistically consistent framework for estimating the

propérties of excavated material as it progresses through a mining production chain, for
example from the point of excavation to railing stockpiles and beyond.

Réfe‘rence to any prior art in the specification is not, ahd should not be taken as, an .
acknowledgment or any form of suggestion that this prior. art forms part of the common
general knowledge in Australia or any other jurisdicti‘on‘ or that this prior art could

_ reasonably be expected to be ascertained, understood and regarded as relevant by a

person skilled in the art.

Summary of the invention

in broad terms the methods described herein represent lumped masses of material

probabilistically. A variety of sensors are used to measure different properties of the

material at spa{ially distinct locations as the material is moved through a production
chain or operational process chain. An appropriate framework for ensuring consistent
data fusion is also described. ' '

According to one aspect of the invention there is provided a method for tracking material

-~ through a production chain or operational process chain in which the material is

20

25

transferred via a plurality of spatially'distinct lumped masses of material, the method
comprising: ' '

mainfaining a dynamic state spacé descriptive of the plurality of spatially distinct
lumped masses of material, wherein a quantity of entries in the dynamic state space is
varied dependent on a quantity of spatially distinct lumped masses being tracked;

maintaining a dynamic covariance matrix associated with the dynamic state '
space,_wherein a dimension of the dynamic covariance matrix is varied dependent on a
quantity of spatially distinct lumped masses of material being tracked,

receiving one or more measurements relating to an observed lumped mass of
material; and |
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fusing the received one or more measurements into the dynamlc state space and
dynamic covariance matrix to provide an updated estlmate of material in the plurallty of
spatially distinct lumped masses of material.

According to another aspect of the invention there is provided a system for tracking
5 material through a mining production chain in which the material is transferred via a
plurality of spatially distinct lumped masses of material, the system comprising:

a plurality of sensors for measuring attributes of the spatially dlstunct lumped
masses of material; and '

a processor in data communication with the plurality of sensors and comprising

10 ' instructions that, in use, cause the processor to:

maintain a dynamic state space descriptive of the plurality of spatially
distinct lumped masses, wherein a qUantity of entries in the dynamic state space
is varied dep_endeht on a quantity of spatially distinct lumped masses of material
being tracked,; ‘

15 - receive one or more measurements from the plurality of sensors relating to
' an observed lumped mass of material, and

fuse the received one or more measurements into the dynamic state
space to provide an updated estimate of material in the plurality of spatially
distinct lumped masses of material. ’ ' '

20 According to a further aspect of the invention there is provided a syétem for tracking
material through a mining production chain, comprising:

a) at least one excavator having:

i) an excavator sensor that in use scans a surface of material to be

excavated; and



10

156

20

WO 2012/054987 PCT/AU2011/001389

ii) a location sensor,

wherein, based on the surface scan, an associated processor estimates a
quantity of material excavated by the excavator as a first spatially distinct lumped mass
of material; ' |

b) at I'eas't one haul truck that in use receives excavated material from the at least

" one excavator, wherein material loaded into the haul truck comprises a second spatially

distinct lumped mass of material and wherein, in use, material is offloaded from the at

least one haul truck to define at least a third spatially distinct lumped mass of material,

c) a monitoring system that tracks movement of the at least one haul truck; and

d) a material-tracking processor in data communication with the at least one

~ excavator, the at least one haul truck and the monitoring system, wherein the material

tracking processor maintains a dynamic state space descriptive of the first, second and
third spatially distinct lumped masses of material and fuses information characterising
the material in the mvihing production chain.to provide an updated estimate of the
spatially distinct lumped masses of material.

As used herein, except where the context requires otheMise, the term "comprise” and

variations of the term, such as "comprising”, "comprises" and "comprised"”, are not

intended to exclude further additives, components, integers or steps.

Brief description of the'arawings 1 fighres

Embodiments of the invention are described below with reference to the Figures, in
which:

Figure 1 is a schematic representation of a system in which material is excavated
from a plurality of grade blocks and transported by haul trucks to a plurality of
stockpiles; '
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Figure 2A is a schematic representatien of a system in which the tracking

methods described herein may be implemented;

Figure 2B is a schematic representation of a computlng device on which the
described methods may be implemented in the system of Figure 2A; '

. Figure 2C shows a hybrid sensor that includes a radar system and a camera,
Figure 3 shows raw data from a scan of a stockpile;

Figure 4 shows volume estimates obtained Using different Cjuantities of data

points from the raw data of Figure 3,

Figure 5 shows the output of a volume estimate of the stockpile based on the
application of a Gaussian process (GP) to the data of Figure 3;

Figure 6 shows raw data of the stockpile of Figure 3 after a bucket load is

-removed;

Figure 7 shows the GP applied to the raw data of Figure 6 to obtain a volume

-estimate;

Figure 8A is a schematic representation of an estimation system using multiple

Kalman filters to track material from a shovel via a haul truck to a stockpile;

Figure 8B is a schematic representation of an estimation system using an

augmented state Kalman filter;
Figure 9A shows a set-ef multiple Gaussian dis_tributions;

Figure 9B illustrates a covariance union estimate superimposed on the
distributions of Figure 9A; ’
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Figure 10 illustrates a comparison of a covariance union approximation with an

approximation based on a mathematical formulation;

Figures 11A and 11B show a comparative assessment of the two approximation
methods of Figure 10 using a Q-Q plot; '

Figure 12 shows a comparative assessment of the two approximation methods of
Figure 10 using a Kolmogorov-Smlrnov test showing the maximum probability densuty
dlfference over varying haul truck load sizes; | ‘

Figure 13 shows a visual representation of a covariance matrix of an augmented-
state Kalman filter for an open pit mining operation; and

Figure 14 shows a numerical example from the open pit mining operation to
illustrate how the processing of fusing information at later stages improves estimates at
earlier locations in the open pit mining operation.

Detailed description of the embodiments

The tracking estimation methods described herein are described with reference to the
example of an open pit mine, although the methods may also be applied in different
applications.

‘Figure 1 gives an example of an open pit production chain 10 in which material is

tracked using the systematic approach outlined in this specification. A plurality of grade
blocks 12 is excavated by a set of excavators 14. The material from the excavators 14
is loaded onto one or more haul trucks 16, which then unload the material at one or
more locations such as run of mine (ROM) Stockpviles 18 or a crusher.

Material_ in the production chain thus progresses through a series of spatially distinct

~ lumped masses. Thus, material in grade block 1 is treated as a distinct lumped mass.

Material removed from grade block 1 into the excavator bucket of excavator 1 is also
treated as a distinct |umped mass, as is material loaded into a specific haul truck 16
Material in each of the ROM stockplles 18 is also treated as a distinct lumped mass.



10

15

20

25

WO 2012/054987 . » PCT/AU2011/001389

7

‘The illustrated production chain 10 extends from grade blocks 12 to ROM stockpiles 18.

It will be -appreciated that the production chain may extend further, for example via
haulage from the ROM stockplles to a rail network and on to stockpiles for a processing
plant. Alternatively, the production chain may extend from a dump statlon through_
primary and secondary crushers to stockpiles of processed material. The material may
also go from the trucks straight to a crusher or plant without intermediate stockpiles. A
tracking system is described below with reference to the example of Figure 1, but the
tracking methods may also bé applied to other production chains. |

Sensors

In order to track the lumped masses through the productnon chain, some mformatlon
about the lumped masses is required. The equipment such as excavators 14 and haul

“trucks 16 may be provided with sensors that monitor one or more characteristics of the

material. The characteristics include extensive properties such as mass and volume that
define the amount of material in a lumped mass. The measured characteristics may
also include intensive properties such as chemical composition or a fragmentation level .

of the material.
Sensor technology - Mass

Excavator load cells and hydraulic pf\essures are currently two methods which are used
in excavation industries and may be used in mining work to enable the estimation of
mass inside excavator buckets. LoadMetrics™ is an example of a solution provided by

Motion Metrics International Corp that offers pay load estimation of excavators.

Haul truck suspension-strut pressures currently on haul trucks may be lnput into the
system to enable on-the-fly estimates of haul truck mass.

Sensor techno/ogy - Volume | "

The ' calculation of bucket-fill volume information is currently available in solutions
offered by Motion Metrics International Corp. |
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A commercially available system to calculate the volume of material in haul trucks is

offered by Transcale Pty Ltd. (See E. Duff “Automated volume estimation of haul truck
loads.” Proceedings of the Australian Conference on Robotics and Automation,
Melbourne, Australia: CSIRO, 2000 pp179-184).

To determine volumes of stockpiles there is currently a plethora of options available that
use data from surveying equipment. Observation of stockpile volumes may be done by
an autonomous sensor vehicle with a surveying laser attached.

. Sensor technology — Location

The excavators 14 may include a mass sensor on the excavator bucket with GPS
location of the end effector. On-board GPS of haul trucks 16 (e.g. from the Modular
Mining dispatch system available from Modular Minihg Systems Inc) may be used to

~ determine where the material was unloaded.

In addition to the sensors located on mobile equipment units, there may be additional
sensors in the production chain 10 that monitor the location and operation of the

equipment units. For example, one or more cameras may record equipment movement.

Utilizing visual sensors in a mining environment is particulérly challenging due to the
large amounts of dust present on site. Sensors such as the mm Wave radar are useful
in this domain due to their ability to penetrate through dust. Some of the Systems
currently used in observation of material at various stages in the mining processes
include autonomous estimation of haul truck contents (e.g. Mass, Volume). Use of

hyperspectral cameras may also be used to determine intensive material properties at

 different stages of the mining process;

Figure 2C shows an example of a hybrid sensor 800 including a radar system and a
camera that are used to sca'n the terrain. The hybrid sensor 800 may, for example, be '
mounted on a vehicle that moves through the terrain to be scanned. The radar has a
transmitter 806'and two receivers mounted vertically at the centre of é rotating section
810 (with the transmitter 806 in the middle). The transmitted beam travels vertically and
spreads to cover a large proportion of the parabolic dish 812 where the beam is
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collimated and reflected back down onto the large sub-reflector 814 (mounted at an
angle of 48.5°). The sub-reflector reflects the radar beam outwards with an azimuth
beamwidth of 0.7° and an elevation beamwidth of 5°.

The sensor 800 also includes a camera 818. In one arrangement the camera has an
update rate of up to 9.2 kHz (per Iine.) and a system scan rate of 2Hz. A 50 mm focal-
length lens gives around 30° ﬁeld-of—view in elevation,' providing data that may be tied to
the radar réturns, as well as close-range and above-ground target information, in the
form of one 10 Mpixel panoramic image per revolution. | '

A rotating section 810 (Which includes the FPGA-based electronics in housing 816,

_radar front-end 804 and camera 818), rotates at a rate of 2 revolutions-per-second

(RPS), gathering 2000 range profiles per revolution. The rotating section has a
harmonic-drive hollow core motor to drive the rotation. The motor controller may be
linked to a Control Area Network }(CAN) over a gigabit Ethernet (GbE) link, which may
be wireless. |

Data from the sensor 800 may be communicated over the network to a host computer
for example tracking system 120 described with reference to Figure 2B. The host
computer may have direct contnjdl over the scanning motor and line-scan camera 818.
The host computer may also communicate with an embedded processor in the hybrid
sensor 800 to pass control instructions and receive pre-processed data suéh as range
profiles for each channel after each chirp. 3-D geometric information may be formed by
software running on the host computer using time-stamped data from the radar énd
camera of the hybrid sensor.

Sensor technology - Chemical

ChemiCaI data on material once out of ground may be obtained in severalvways. It is
possible to use hyper-spectral cameras to get an estimate of chemical properties on the
visible face of material. . | ' |

_Information may also be available about the quantity and stocks of in-ground material,

including chemical and mechanical properties of different zones of a mine. For example, -
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an in-ground model may provide 'a description of the dispositioh of shale, Banded Iron
Formation (BIF) and iron ore zones, chemical composition and mechanical properties of
these zones including rock factors and hardness. Sources for the in-ground modelling
include surveys, rock recognition systems, chemical assays and exploration holes.

Sensor technology - Fragmentation

' Fragmentation levels of material may be obtained in haul truck scanning, for example
using the CSIRO solution described in the Duff reference cited above.

Sensor Network Requirements

- Preferably the system obtains the most accurate estimates by having a dense sensor

network observing the system at each location. Realistically though, this is likely to be
limited due to technical and practical considerations. '

Figure 2A shbws a schematic view of a system 100 on which the tracking methods
described herein may be impleménted. The system includes one or more excavators
14, each excavator having one or more sensors 104. The sensors may measure mass
or volume. The excavators typically also include a Global Positioning System 106 that
monitors the Iocation_of the excavator. A transmitter is provided so that data from the
sensors 104 and GPS 106 may be communicated through the system 100. Typically the
excavator has a communications receiver to receive déta and commands from other
elements of the system 100.

The system also includes one or more haul trucks 16, each truck having one" or more
sensors 110. The sensors may measure mass or volume of material in the truck: The
haul trucks typically also include a Global Positioning System 112 that monitors the
location of the truck. A transmitter is provided so that data from the sensors 110 and

, GPS 112 rhay be communicated through the system 100. Typically the haul truck has a

communications receiver to receive data and commands from other elements of the
system 100.
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The excavators 14 and trucks 16 may in some applications be autonomous vehicles.
The éystem 100 may also include other mobile equipment that generates data relevant
to the tracking methods described below. For example, mobile face-scanners may move
through the open pit mine, providing information about material to be excavated. For
example, a hyper-spectral sensor may provide measurements of the composition of
material in a scanned surface. There may also beé non-mobile sensors, for example a
camera system that monitors movement of vehicles such as the excavators 14 and
truéks 16. The terrain may be scanned using the hybrid scanner 800 described above
with reference to Figure 2C. | '

In system 100 the data generated by the sensors 104, 106, 110, 112, 116, 800 is
disseminated via a network 102, which may be any suitable communications network,
for example an intranet or the Internet. One or more data storage systems 118 is
generally connected to the network 102. The data storage may include in-ground
models of the open pit mine, including terrain modelling and geological models of the
material in the pit. ' |

A tracking system 120 is in data communication with the network 102. In one

- arrangement the tracking system may bea general-purpose computer as described with

reference to Figure 2B. The tracking system 120 includes at least one processor 122
and data storage 126, which may include semiconductor. random access  memory

(RAM) and read only memofy (ROM).‘ Data storage in the tracking system may also

‘include a hard-disk drive and non-volatile sources of data such as CD-ROM or DVD.

The tracking system 120 typically includes input/output (I/O) drivers to provide access to

~ user inputs 134 such as a keyboard and mouse and outputs such as a display 132.

Speakers may also output audio information. A network interface system 128 provides
access to the network 102.

The components of the tracking system 120 typically communicate via a bus 130. The
methods described below may be implemented via software instructions that are
executed by the tracking system 120. The software may be stored in a computer
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" readable medium and loaded onto the tracking system 120. A computer readable

medium having software recorded on it is a computer program product.

The tracking methods described below mey also be implemented in customised
hardware within system 100, for example using one or more Digital Signal Processors
(DSPs), Field Programmable Gate Arrays (FPGAs) or Application Specific Integrated
Circuits (ASICs).

The tracking methods may also be implemented in a distributed fashion rather than as
software running on a single unit 120. Alternatively, the tracking methods may also be
incorporated into a broader mining automation system, for example the integrated
automation system described in PCT application PCT/AU2010/000498, “Integrated
automation system with picture compilation system”, filed on 30 April 2010, the contents
of which are mcorporated by cross- reference

Autonomous Bulk Volume Estlmat/on

One application fora lumped mass tracking system is implementation in an autonomous
environment (specifically autonomous mining). Data fused intc the system may also be

~ gathered autonomously, for example from sensors 104, 106, 110, 112 mounted on

mobile autonomous vehicles. A method for autoncmously estimating a volume of
material from a sensor scan of surfaces of the material is now described. A surface
scan can be produced from a variety of sensors (radar, camera, laser). A suitable
sensor in the mining domain would be a mm-wave radar, given its dust 'penetratio.n
properties. In other tests, the source of the surface scan may be a laser, specifically a
Riegl LMSZ-620 3-d Surveying Laser. | '

The estimation .may be achieved by using a formulation based on Gaussian processes
(GPs). The estimation may be performed by a local processor, for example a processor
located on an excavator 14 or other mobile device. The estimation may also be
performed at a remote processor, such as tracking system 120.

We have for a Gaussian Process
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IFaT A K(X.X)+02] K(X,X.)
£, Ul K(xX) K (X X))

and

E(f) = K(X.X)[K(XX)+02] 'y
cov(f,) = K(X.X,)-K(X,X)[K(X X)+02[]" K(X,X,)

In the case of a single point x -these equations bécome

CE[f@)] = K@, X) [K(XX)+02] "y
var(fo(@)] = K(zez.)- K (@, X) [K(X,X)+ 0217 K (X, 2,)

For the volume

Ve [fwd

~where S is the region of integration, the mean and variance can be expressed in the
following forms: '

E[V)= / Bl ()] du = (/s K <.u.-x>du) K (X,X)+é§11‘iy |
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] = .E :(‘V—E(V))z] =E[Us F (ﬁ) du_/SE[fg(zJ] du)z] .

([ 0 -EU. o du_)_z]

= E (L (fe(u) — E[fs (u)]) du) (L (fa (w) = E [fo (w)]) dw)]
: /q L (fo (1) = E[fu ()]} (f2 (w) - E[f. (w)])dudw]

//E[(f. (1) — E[fo (W]) (fu (@) = E [fu (w)])] dudu
5JS |
= f f cov (fa (u) , fu (w)) dudw

_ S48

= E

where K (x,x') is the covariance function of the GP representing the function f (x).

Effectively, the mean volume is calculated as a triple integral of the resultant points

- estimated by the Gaussian process.

///ir,g},z”dl'dydz _

The covariance function used is the squared exponential function, which is suitable for
this particular application 'giVen its infinitely differentiable property. Because of this, it
naturally creates smooth cu.rves on the output function. The surfaces to estimate in iron
ore mining are generally smooth. The inputs into the gaussian procéss are:

_'Training Set:

1l
o

<
il
| g |
U~{I .1}

1
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Given that the purpose of this algorithm is tocalculate absolute volume, it may be
necessary to shift the initial training data on the Z plane to ensure all positive z values.

Z = Z + min(2)

" Test Points: -

X

I
[ |
<> 8
——

~ The result from the GP is:

Z, which is equal to the predicted mean of the output function at (x,y) and
var[z], the predicted variance on z. |

By being able to designate x-y éo-ordinates to estimate on the surface, Calculating the
triple integral beco_mes tractable. This is possible due to separable integrals. Therefore
one can do 2-d iterations (x-z or y-z as the point locations can be conveniently defined

for integration) then iteratively integra‘ting‘ over the 3rd dimension (x or y).b

Figure 3 shows an example of raw data from the Riegl Scanner of a stockpile. Figures 4
and 5 show the result of applying the above technique. The variance shown in Figure 4
is a result of the variance from the Gaussian process plus an additional variance based
on the variability in data points randomly‘ch,osen from the initial data set.

'|;_he raw data in this example has approximately 64000 data points in total. The
Gaussian process uses 3600 of those points to produce Figure 5. The variance on the
result based on test data selection was calculated using an iterative approach. Some of
the results can be seen in Figure 4, which shows a set of volume estimates (eg 502). A
line (eg 504) is éhown for each estimate that indicates two standard deviations around
the estimaté. Each volume estimate is obtained based on a different quant'ity‘ of data
points from the raw data. F6r example, estimate 502 is based on 9000 data poinvts.
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This technique is useful in mining as it is possible to estimate from two successive

scans of an excavation face how much material was removed in each bucket load. As
an example, 1 bucket load is removed from the stockpile shown in Figure 3. The

‘resultant raw scan can be seen in Figure 6. By subtracting the mean volume estimates

and adding the variances from each scan, an estimate of the amount of material
removed can be made. This can be seen in the result shown in Figure 7. |

Lumped Mass Model

The lumped mass model used in the tracking system 120 is a representation for

discretising the excavated material into manageable components based on their
'physical location. This is done to reduce the complexity of the estimation problem into
smaller manageable problems. The lumped mass model implies that material is
estimated based on its physical separatioh from other lumped masses of material.

For example, material located in an excavator bucket is physically separated from both
the material remaining in the grade block and the material in the haul truck. The
spatially distinct materials are estimated separately. When the excavator bucket
unloads into the haul truck, the material is merged with the material in the haul truck to
create a new lumped mass which is estimated. The excavator bucket lumped mass is
then no longer estimated since there is no material at that Iocatioﬁ until the excavator
bucket again excavates more materialt | | |

Multiple information sources are fused together to provide a consistent estimate for
excavated material. The lumped mass model may use the following representation:

P(Xn) - (1)
Where

X, = [M,V, Fe, SiOy, Al203, Origin]T (2)
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X is a vector of f’naterial properties to be estimated. For the described example iron ore
properties will be used. This equation simply states that at each spatially distinct lumped
mass location a probabilistic represéntation will exist for each of the listed material
properties defined in the vector Xn , where n represents the location identifier for each _
lumped mass (e.g. Excavator Bucket, Haul Truck, Stockpile). |

The properties may include:

M = Mass

V = Volume

Fe = Iron %

SiO; = Silicon Dioxide %

Al;03 = Aluminium bxide%

Fragmentétion = Ore Fragmentation Level |

Origin = Co-ordinates of where original material was located in-situ.

Mass may be used as the measure in estimating other intensive material properties
when combining lumped masses of material. An alternative selection would be to use ‘
the volume of material present in lumped masses.‘ Mass and volume represent two
extensive qualities of lumped material which can measure fhe quantity of the material
present at any location. Typically however, mass is a more readily measurable QUantity '
compared to volume. The majority of volume estimation techniques use a 3D boint
cloud of the surface (provided by an external sensor), which then can be used to either
triangulate to create a surface projected against a plane, or'th‘rough a point - axis
integration method to determine a volume of material under this surface. This volume
calculated is the bulk volume. Bulk volume is the volume of area the material occupies
including the gap spaces between lumped material. Volume can be extrapolated from
this by determination of the bulk factor.

Vi
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Whéré: Bf = Bulk Factor '
Vi = Bulk Volume
Vi = Volume

Depending on the consistency of the material and the cohfiguration in the space which it
is occupying, this can lead to variations on the bulk factor. Because of this difficulty in
measuring volume explicitly, it is more appropriate to use. mass as it can be relatively
easier to measure by a range of sensors.

Data Fusion Engine

The Kalmé\_n filter is a state estimation method that may be used to fuse additional
information ‘provided about the lumped masses of material at different locations.
Alternative embodiments may use a different estimator, such as a particle filter for
example. Further information about particle filters may be found, for example, in:

e Ristic, B.; Arulampalam, S.; Gordon, N. (2004). Beyond the Kalman Filter:

Particle Filters for Tracking Appl_ications. Artech House, and

. Gordon, N. J.; Salmond, D. J. and Smith, A. F. M. (1993). v"N‘oveI épproach to .
nonlinear/non-Gaussian Bayesian state estimatidn"; IEE Proceedingg-F on Radar
and Signal Processing, 140 (2): 107-113. '

The Kalman filter follows a recursive 2 step process. The initial step is generally called
the 'prediction step', where system models are used to project value of estimated states
ahead in time. Lumped material modelling is a process-based system (the states to
estimate change through processes sﬁuch as the operation of an excavator, rather than
time). So in effect the 'prediction step' is used in predicting how states change based on
the effect of a process on those states. Equations 3 and 4 show this 'prediction step'. In
Equation 3 u (linear control input) and gx (system noise) will be assumed to be 0. F is
known as the state-transition matrix, and describes how the states in vector x;} will
change after a given process. P is the covariance matrix describing how the different
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states relate to each other. Qx and G denote respectively system'crloise and a prbjection '
matrix of that noise onto estimated states. '

Prediction Step:'

Try1 = Fap + Bug + Gag ' (3)

Pigr = FP.F +GQuG' i (4)

‘The process after prediction is known as the 'update step'. The update step consists of
.an independent sensor observation of one or more of the states and the fusion of this
" information into the current state vector and covariance matrix.

Update Step:
) kg1 = 241 — Hrppr (5):
Sews = HPIH' + F ©
WH; = pkHH(sk;l).“l - (7)
g1 = Trpr + Weav | : | (8). |
| P,j"H = Pk.-f-l - "":’k+lsk+11'vl:+1 - | (9)

where, z = State Observation Vector. H Describes how observation spéce maps to state
spéce. R = Sensor Noise; v = Innovation (Error between observed states and
corresponding predicted statés). S= Ihnovation Covariance and W = Kalman Weighting
which describés how much weight to apply to the sensor observaﬁon compared to the
original estimate on affected states. | '
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When choosing to model the amount of material at each location a simple solution is to
dedicate a Kalman filter for each location. This ;:hoice would be beneficial in that |
computationally the system is always tractable due to the small size of the covariance
matrix (Size equiVaIent to X»2)..Computational speed is a necessity‘in any system which
has the intention of being operated in a real-time environment. Figure 8A is an exémple
of how muitiple Kalman filters may be used in the mining application. A shovel
observation 420 of mass and volume, together with a shovel system estimate 421, is
provided to Kalman filter 422, which integrates the observation with previous estimates
and provides the updated estimate to a haul truck estimate 423. Kalman filter 425 uses
the estimate 423 together with haul truck observations 424 to update the haul truck
estimate and provides the update to a stockpile system estimate 426. The muiltiple
Kalman filters 422, 425 may be implemented as software running on distributed
processors, or at a central location such as tracking system 120.

~ The multiple instances of separate Kalman filters have a drawback in practice. Lumped

material estimates of material separated from other lumped materials are correlated to
those original lumped material estimates. This correlation may be crucial in ensuring
system mass consistency and reconciliation. This correlation is not inherently

‘maintained in a multiple instance Kalman filter approach.

To maintain the correlations in the system, an ‘Augmented State Kalmah Filter' rhay be
used. In this approach a deviation from the Kalman filtering of Figure 8A is that the
system has a state vector which is dynamic, in the sense that the state vector expands
and decfeases as the amount of physically unique lumped masses of material in the
system evolves over time. Mathematically, this can be seen in Equation 10.

Xs=[X1,Xz2,..., X5-1. X517 (10)
Xs is a vector space with j vectors. The vector X; € Xs, where i=[1,2... J-1,]], represents

a spatially distinct lumped mass. X; contains states such as those shown in Equation 2.
X, effectively therefore contains all states to be measured in the system. Given this

“information Xs can be seen as the equivalent to the state vector Xx commonly given in

Kalman filtering literature. -
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- An example of a system with a dynamic augmented state Kalman ﬁlter is shown in

Flgure 8B. The process involves a stockpile from which an excavator removes matenal '
Excavator observations 424 and stockpile observations 420 are provided as inputs to an
augmented state Kalman filter 430, which provides a system estimate 432.

Initializing and Removing L.umped Mass S'tates

Initializing and removing new lumped mass vectors (X,) .into the system is described
below. Equations 11-14 explain the process of initializing a new state:

Tk [ ] ' (11)

P 0 ] |

Pux, = [ * e (12)
'.ri.’& = Azxk X, | (13)

= APox, AT + BQix, BT (14)

where A and B are design matrices used to initialize the new states models, system
models and correlations to previous states in the state vector and covariance matrix.

# #
X, = the state vector post initialization of the new lumped mass. Pk = the covariance

matrix post initialization.

A very simple example is a filter with one existing lumped mass. For this example the
existing lumped mass is a stockpile from which an excavator will remove material. The
only property to estimate is mass (X, = [ m ]). Assuming that the prediction model noise
is zero, the equations below describe the loading process and the developrﬁent of the
correlations between the two lumbed mass states. Variables:
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o, = | | )
A=’:_3 ‘ilvj - (16)
B= (1) B (17

Qux, = [ g | azrc:’mm ] - (18) |

The fesUIt is:

W Mistockpile — Mercavator
‘l’k = o )
Mercavator

2 2 2
P:ﬁ — [ astockpil-e2+ Oexcavator —Texcavator }

—Oezcavator Tercavator

As seen from the results above the system behaves as expected. The mass in the

_stockpile is reduced by the mass in the excavator. The off-diagonal terms in A and B -

are equal in magnitude'b_ut opposite in sign to the excavator mass state. This fact will be

used when fusing new information about the excévator mass state at a later time.

'Removing lumped mass states and their correlations when the lumped mass is

removed from the system or combined with another lumped mass ensures that the

conservation of mass in the system is upheld. Practically it also reduces the complexity

in the system (for example by reducing the covariance matrix size), enabling faster
op’érationi Removing a Iurhped mass is performed when a system process removes all -
lumped material from a unique location and it is combined with another lumped mass
(or initialized into a new Iumped‘ mass at a new location). Méthematically, the process

- involves removing the rows and columns associated with the lumped mass to be
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removed from the covariance matrix, and the necessary rows to be removed from the

state matrix.
Sensor Models

Sensors used to observe material properties such as mass, volume and chemical
composition are in most cases pb_sitively biased (i.e. not possible.to be negative). This is
particularly important when considering sensor observations which are made close to 0

with variances which extend probability density to areas less than zero.

In these circumstances the normal distribution is not an accurate_represe'ntation of the
sensor observation's probability density. This is a problem which arises commonly in
mechanics and geographic surveys, when observations include random variables such
as Spring Factors (K) and chemical mixture ratios. By their nature these values are non-

negative.

Log-normal sensor models may be converted to normal distributions befo_re- Kalman
filter operations in order to make the probability density ndore representative of the true
distributioh. A log-normal distribution only contains positive probability densities. See,
for example, S. E. Cohn. Introduction to estimation theory. Journal of the
Meteorological Society of Japan, 75:257-288, 1997.

Modelling Extensive Lurhped mass Pro_perties_

Extensive lumped mass properties include properties which define the amount of

material present at the lumped mass location. These are the properties of mass and

volume. Previously an example initialization was shown which involved modelling an

~extensive lumped mass property from a stockpile to an excavator. The modelling in that

example can be generalized for any process with extensive lumped mass properties.
The following equations show how correlations between a source location and
subsequent locations may be maintained while maintaining a consistent estimate.Using
the Kalman filter equations:

Variables:



WO 2012/054987 v PCT/AU2011/001389

24
wel2] @
F:[;‘ ;] | .(22.)
'Qk%[‘f u (23)

Assume that Qk = 0.

Result:

. _ wy + ng
k+1 kwy + lws
202 + j202  ljoi +ikel |
P = l'21 g2 2ot 42 ok
Jawg + L le Uwz + le ]
| | | | (24)
‘5 'In order to constrain the problem to ensure conservation of mass, / and Iare both set
- equal to one. This provides a fully correlated linear model. With this cc (25) the

equations become:

, | w1 w2
p .= o2 +j%0%, joi,+ kol @
k+1 jUWQ + ka&%] 0029'2 + k203)1

10 This results shows that in all material transfer process cases (jk = +1, 0, -1) the
variance will linearly add to each state dependent on the system model. This is an
| important result when considering how to implement a mass loss model consistently.
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Modelling Intensive Lumped mass Properties

Intensive lumped mass properties can be defined as properties which define the
characteristics of the lumped material. For iron ore, this may involve properties such as
chemical composition (Fe%, SiO.%, AlO3%, P%), density or fragmentation level.

To model these properties over material transfer processes raises several problems.
Combining two lumped masses, each with a different intensive property mean and
variance will result in a non-normal distribution. For example, if an excavator bucket
contains a 40 t mass with an Fe content of 45% (variance 20%) and adds the 40 tto a
haul truck which already contains 140 t of material with an Fe content of 60% (variance
20%), the resulting combination of the two lumped masses of material produces a non-
Gaussian result. The divergence from a Gaussian distribution is related to the difference

‘in means of the intensive states.

| Another problem is that the mode of transfer W|Ii result in spatial dependence of the

material properties within the lumped mass the material is transferred to.

The latter problem can be resolved within lumped masses of relative small quantity by
assuming a uniform blending occurs. In iron ore mining this could be at lumped mass

- locations inside excavator buckets and haul trucks. Alternatlvely a spatial model may be

developed for larger lumped masses, such as for stockpiles in mining. The following
description assumes that uniform blending also occurs at the larger lumped masses.

The non-normal distribution from the combination of lumped masses is a result of the
disparity between the property means. A similar problem arises in Muitiple Hypothesis
Tracking (MHT) problems, such as tracking a vehicle through a city. Once the amount of
hypotheses becomes too large it is necessary (due to computational reasons) to reduce
the number of hypotheses to a more reasonable level. This can involve merging several
hypotheses in a spatially similar area into a single estimate. One proposed method for

~ solving this problem.is the 'Covariance Union' method. This method finds a single most

conservative estimate over a multitude of estimates, as illustrated- in Figures 9A and

9B. Figure 9B shows a distribution with a single mean 204 and variance 202 that
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represents the several different Gaussian distributions shown in Figure 9A, for example
Gaussian distributions 206 and 208. See, for example, Ottmar Bochardt, Ryan Calhoun,
J. K. U. S. J. J. Generalized Information Representation and Compression Using
Covariance Union 9th International Conference on Information Fusion, 2006.

Using this method on lumped mass data requires slight alterations from the base

formulation. Using' the basic formulation can result in outlying low mass results greatly

altering the mean value of the property. With the alteration of using a weighted average
based on the mass of each lumped-mass,'more reasonable results can be obtained. -

Alternatively, given that it is known that the distribution is a sum of Gaussians rather
than an arbitrary distribution, another approach is to determine from the initial
formulation of the distribution the average mean and variance. This is referred to as the

mathematical formUIation method.

The average gaussian formula calculated from the sum of 2 Gaussians is shown in
Equations 28 and 29. '

M, [ My,
= ——1 2 . (98).
73 (M1+M2‘”‘) + (Mlngz”) (28)

M, (0F +2%) + Mz (03 +2f) 22

ML M, i (29)

0% =

Alternatively Equation 29 can also be v_'vritten as:

2 2
2 Mol + Mao3 r1 — X2
o= +

2 .
MM 30
M; + M, M1+M2) 1 (V )

Where:

4; = Combined Material Mean

2 ‘
20 9J-= Combined Material Property Variance
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M; = Mass of Lumped mass 1
M: = Mass of Lumped mass 2

= Material Property 1 Mean

. 4 = Material Property 2 Mean
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25

2 x :
01 = Material Property 1 Variance

2 - o
02 = Material Property 2 Variance

Equations 28 and 29 define a Gaussian distribution that has the same mean and
variance as the sum of two Gaussians. The equations allow a simple and efficient
method for approximating a weighted mean and variance when combining 2 lumped

E masses_with intensive material properties. From Equation 30, it can be seen that the

first term represents a weighted combination of the two previous lumped mass
variances. The second term represents the additional variance required to: compensate
for the difference in mean values between the two lumped masses.

Determining which is the better method for variance approxrmatron is a non-trivial task. |
The most ideal representation is one which most closely resembles the original

probability distribution. -

Figure 10 shows the original probability distribution 302 and the two previously
described variance approximation technique estimates of this probability distribution (i.e.
the covariance union 306 and mathematical formulation methods 304). Given that the
shape and distribution of each of the approximation techniques are similar, it is not -
intuitive which technique better approximates the original distribution. The most obvious
difference between the two techniques is the conservative nature of the covariance

" union method. This is to be expected given the nature of the covariance union where

the most conservative estrmate over the number of Gaussrans is used to determlne a

- single mean and variance.

One way of comparing these two techniques is to use a quantile-quantile (QQ) plot,
which is a method for determining whether a different set of sampled data points comes
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from a khown distribution. This method aims to determine which is the better fit for the |

original distribution.

From the QQ plots shown in Figure 11A and 11B the mathematical formulation method
is more representative of the original distribution. Ideally the sampled points should
follow the 45 degree line 320 if the two distributibns are the same. Figure 11A corﬁpares
the original distribution to the results 322 of the mathemat'ica! formulation. The dashed
line 324 represents the linearity on average of the sampled data set 322. Figure 11B.
compares the voriginal distribution to the results 326 of the covariance union approach.
The dashed line 328 represehts the linearity on average of the sampled data set 326.

Another method for comparing distributions is by using the Kolmogov-Smirnov test. This
is a test whereby the cumulative probability distributions of two sample sets are
compared. If the samplé sets are within a given toler_an‘ce limit the same, they are
classified as the same. This test shows the maximum difference in probability density
between the two sample sets. ‘ '

Figure 12 shows the maximum difference in probability density given varied initial truck
loads(x-axis). Curve 350 shows the difference between the original distribution and the
mathematical formulation results. Curve 352 shows the difference between the original
distribution and the covariance union results. The results show that on averagé, the
mathematical formulation method gives a lower maximum error value in probability
density compared to the covariance union method. This further emphasizes the benefit
of using the mathematical formulationv method over the covariance unipn method.
However, other methods such as particle filters could also be used for estimating the
intensive properties.

One advantage of the method described is ’thatvwhere information is availablle that

‘estimatés the chemical composition of the material at any point spatially, then the

estimation of the chemical composition of each lumped mass of material may be
tracked (and grouped as required) as it moves through the production process.

Méss Loss Modelling
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Modelling and observing the mass loss in each process of the lumped mass system
may be necessary. It is required to ensure that the estimates do not become positively
or negatively biased. An example from mining arises when an excavator bucket is
emptied into a waiting haul truck. Material may spill during movement, and thus the
amount of material estimated and observed in a bucket does not neatly transition fully

into the waiting haul truck. These systém losses can be modelled in the same way as

ihitializing a new lumped mass of material into the system shown in Equations 11-14.

The mass-loss lumped mass may be initialized as a subtraction from the estimate of
material in the haul truck. This lumped mass may then: be transferred back to the
orlgnnal block where the material was mined and removed. In mining, generally a dozer
will push any loose matenal back into the area of excavation.

This helps prevent generally inaccurate loss models from inflating the variance on
estimates.

Reconciliation and Conservation of Mass

An aim in bulk material tracking is to ensﬁre that.material is not 'invented'. Take again
the simple example case of modelling an excavator loading material from a stockpile
using two separate Kalman filters in a system similar t«_ﬁ that shown in Figure 8A, one
filter for the stockpile and the other for the excavator bucket. When fusing new
information about the material in excavator bucket, there is no automatic method to
update the material in the stockpile to reflect the correlation between the two lumped
materials._Thé excavatof bucket can be carrying more or less material then what is
estimated to be removed from the original stockpile. Thus after fusing in new
information there may be a discrepancy of total mass in the system from what is
originally estimated.

This problem can be overcome using the augmented state filter and general equations
for mass transfer shown in Equations 21 - 25. The correlations developed in the system

" modelling act as natural constraint of mass in the syétem, preventing the 'invention' or
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unexplained disappearance of material. This can be prdved by looking at the co-.
variance developed between a state and other states.

As an example, consider obsérving w2 (From Equation 26).

PxHT is used in calculating the Kalman gain. The term is a column vector containing the

variance of the observed state and its co-variance to other states.

PkHT — [ ]03:2 + kagzl ]

03,2 + k2af,l

| (31)
Given that j and k must take one of the discrete values [-1,0,1], the relationships .
developed through the system models will remain linear since k? = 0 or 1. It is under
these circumsténces that the copservation of mass principle can be maintained. By
extrapolating this to multiple states which develop over time, it is possible to harness

Reconciliation in' the mining industry is gen‘erally considered as tv'h‘e process of
comparing the actual quality and amount of material mined from a designated area |
compéred to the expected output of that area. It is useful as a tool to validate geologica'l
models and mine plans. Reconciliation is performéd usually on monthly (or longer)
schedules, which reduces the usefulness of the data for pianning. A real-time
reconciliation of extensive properties is possible using the framework discussed.

- This can be achieved, for example, by adding a new special reconciliation state for a

stockpile, initialized with 0 mean and variance. Material removed can be added to this
state and conversely material added can be subtracted from the reconciliation state.
This example can be shown in Equations 32 - 33.
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L 177L1".e:co'ncﬂile' . “.-
.'I.Tk'f'l : [ 'rnre:cca,'va,torl‘ } ('32)
1 1| A‘
F"[O 1]_- (33)

This will resui_t in a state which in this example will track the net movement into and out
of the designated stockpile. This approach could be applied to a mining grade block,

" and can determine the amount of material removed. By taking a mock observation of

this state with estimated mean and O variance, the location and mean amount of

material can be observed by viewing the correlations with mining grade block state.

By means of the correlations developed durihg this process, an algorithm may be
developed which can reconcile material at later stages‘of the mining process back to the
reconciled stage. The reconciliation may apply -both to extensive properties such as
mass and volume and to mtenswe properties such as chemlcal composition and
fragmentatlon levels.

Reconciliation of extensive properties

The process of reconciling exténsive properties is inherent in the described modelling:

‘method using an augmented state Kalman filter and the reconciliation states described

above. The variances and covariances in the augmented state Kalman filter covariance
matrix (P) may be used to isolate specific correlations. This can, for example, provide
information on how much material in a particular stockpile has come from a specific

grade block.

The following equations give an example of a state vector (x«) and covariance matrix
(Pk) of a hypothetical system filled with M, mass states.
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[ M, [ p11 p12 oo Pin ]
. M, _ P21 P22 't P2n
L = . 1Pk = . . :
| M, E L Pn1 Pn2 | Pnn |

The amount of correlated mass from a particular state M, to a state

My ([Ma, My) € zx)

may be calculated as follows:

A’Ic = agp X M,

— Pba

ab ™ pog and M, is the total amount of correlated mass.
Reconciliation of intensive properties

The ability to calculate each correlation enables the reconciliation‘ of intensive |
properties. Equations (28)-(30) describe how to combine two Gaussian distributed
intensive properties into a single Gaussian for use in the augmented state Kalman filter.
This mathematical formulation method may be abplie’d iteratively to provide a reconciled
estimaté for the intensive property.

In the following equations xz defines an intensive property of the state which is to be
reconciled and 0% provides the estimated variance of the reconciled state:

n

o a1rRMizy + agpMazs + -+ + anpMpzn > oMz
a1rMy + agpMz + - -+ + anpMn a;pM;

i=1
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5 i aipMio? Z?q,i,j_—q aipM;a;pM; (z; — x;) 2
Or = ~+ : 2

dimirM: (3P, aynM;)
The reconciliation may be perthed at specified intervals, for example once a day or
once per shift. It may also be carried out when a specified event occurs. For example, a
recongiliation may be pérformed if the state space is augmented or diminished. A
reconciliation may also be performed if a new observation is available.

- Example

Figure 13 shows a simple experimental example which involves estimating mass and
volume from a simulated grade block to a ROM stockpile. Figure 13 is a visual
representation of the covariance matrix of the augmented state Kalman filter at the end
of the experiment. The diagonal terms represent the progression from the grade block
to the excavator bucket (and the associated 'étate of excavatbr bucket loss), via several
haul truck loads to the ROM stockpile. Black areas represent areas corresponding to O.
The lighter the colour, the higher the. covariance value (white being the"lhighest in this
example). The values along the diagonal represent the variance of each state stored in
the filter. The off diagonal terms represent the correlatiohs- between these states. The
mass and volume states at each uniqué location are correlated through density. A key
feature of the c_:brrelatioh map is the off-diagonal terms between material located at
different locations. An example of this would be between the original grade block and
the excavator bucket states. These correlations allow additional information gathered

'Iater in the production process to improve estimates of material located earlier in the

production chain.

Figure 14 gives a numerical example' of how the process of fuéing information at later
stages improves estimates at earlier locations. When the excavator update occurs

(fusion of new mass and volume data at that location), the amount of material estimated

to be in the excavator bucket increases (ie bucket mass increases from 348 to 393).
The variance on these estimates also decreases dramatically, which suggests the
update was of high quality data. This update subsequently decreases the amount of
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material estimated to remain in the grade block (ie from 3994 to 3949) as well as
improving the quality of this estimate. This effect propagatés through the filter as the
material is transferred from state to state. |

Application to an open pit mining mode/

The tracking system can describe hbw material properties (e.g. mass, volume, chemical
%) are transferred between unique locations (Grade Block, Excavator Bucket, Haul
Truck etc). This application to an open pit mining model shows how the augmented
state filter develops at the different production processes,considered'in the example.

The tracking methods may be used to track various properties or combinations of

properties, including:

1. mass only;

2. volume only;

3. mass and volume;

4. . one or more intensive properti_es‘ of the material, in combination with mass

estimates, volume estimates or estimates of both mass and volume.

1.1 Grade Block

The following section describes how the grade block property states are initialised into
the augmented state filter system.

The filter prediction step equations are as follows:

Tr+1 = Fag

Pist = FPLF' + GQiG ~ (34) and (35)
For initialisation of new states into the filter, initialisation matrices are used (frorh the
filter prediction step equations the ‘'F’ is substituted for an ‘A’ and G substitutes for B): -
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- xR = Az,

P, = AP, A’ + BQ.B' (36) and (37)

These equations are used whenever a new state needs to be initialised.

Gradeblock Mass
r = Gradceblock V olume
Gradeblock Chemical Property

Where x is the current state vector (x,).

5 Inthis example density p is assumed to be known ahd to remain constant:

100
A=101 0
| 0 0 1
(1 p O
1
B=|1 10
| 0 0 1

The matrix 'A' is an initialisation matrix which is applied to the state vector x. Appropriate
variance estimates are-assigned during the initialisation.

1.2 = Grade Block - Excavator Bucket

10 Following the grade block initialisation, this section details the modéls describing the
interaction between the excavator bucket and the grade block. Data fusion from sensor
inputs.is also included. '

- A grade-block-removed state is used in place of the actual grade block state described
in the previous section. This state is used to store the current amount of material
15 . estimated to have been removed from the current grade block. |
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The excavator bucket state is:initialised in é new state initialisation matrix.

Gradeblock Removed Mass
Gradeblock Removed V olume
Bucket Mass '
Bucket Volume
Bucket Chemical Property

For example, bucket mass and volume are initialised:

1 0 0 0 O]
01 00 0
A=|0 01 00
0 0010
|00 0 0 1|

1.0 0 0 07
010 00

B=|001 p 0]
00-};,10'

| 00 0 0 1|

5 The following models use the filter prediction step equations to describe the process of

removing material from the grade block. In this case, the material is added to the grade

block removed states.

My

I¥
oo o
OOD"—*O.
QO = O
'bHOHO

N N =-E=E=)

10 “ The following state update equations are used to fuse the observed sensor input data

for the excavator bucket into the filter:
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| Ukl = 2Zk41 — HTpqs
Si+1=HPH' + R

Wis1 = Pir1H(Sit1) ™!

+ o
Tir1 = Thopr T Wiev

+ _ p—- Vg !
Pl =P - Wk.+131c+1Wk+1
Where:
z = State Observation Vector.

H = Describes how observation vector applies to state vector.

R = Sensor Noise | '
v = Innovation (Error between observed states and corresponding predicted sfates)
S = Innovation Covariance

W = Kalman Weighting

Excavator bucket observation data fusion:

H=

o O
e I e B e
SO
- o

0
1
0.
Bucket Mass

Zpt1 = - Bucket Volume
' Bucket C'hemical Property

(T?nns » 0 0
R=| 0 o}, 0
0 0 agcs

Where:

o}, = Excavator Bucket Sensor Mass Variance
: o}, = Excavator Bucket Sensor Volume Variance

‘o, = Excavator Bucket Sensor Chemical Variance



WO 2012/054987 PCT/AU2011/001389

38

1.3 Excavator Bucket - Haul Truck
This section details unloading the excavator bucket into a waiting haul truck.

The filter prediction step’ equations 34 and 35 are applied to transition material from the
bucket to the haul truck. If the haul truck is not initialised yet in the filter, then the states
5 are created with 0 mean and variance.

[ Gradeblock Removed Mass
Gradeblock Removed Volume
Bucket Mass Loss
Bucket Volume Loss
. Bucket Mass
Bucket Volume _
" Bucket Chemical Property
Haul T'ruck Mass
- Haul Truck Volume
| Haul Truck Chemical Property 1

On the first Ioad all properties from the excavator bucket are transferred to the empty

haul truck:

1 0 0000 00 0 07
0100 0 0.00 00

0O 01 00 0 0O0O0TGO

0 001 0 0 0 0 OO

F= 0 00 00 O0O0O0OTUOTDPO
{00 00 O0O0OO0OTUO0ODO0OO
0 000 0 0 0 O0O0 0

0 0001 O0O0O0D.00

0O 000 010000
0000 00100 0 |

10 On subsequent loads where there is material already present in the haul truck, the
mean and variance approximation equations 28 and 29 may be used to alter the:
intensive (chemical %) properties in the state vector and covariance matrix for the haul
truck: |
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The matrix below describes the effect of these edUations on the state-transition-matrix.

- -

1000000O0GO0O
01 0000O0TO0O0 O
0010000GO0O00
0001000000
F_|0000000000
“looo0oo0000000
0000O0OO0O0O0 O
0000100100
0000010010
|0 000000GO0 0 y|

Where
n = Scalar to multiply original base property after combining lumped masses. -

The state updafe equations are used to fuse the observed haul truck observation
information into the filter as follows: '

—
S
p—
~
o~
Nt

H =

oo o
coco
oo

o‘oo'
o o

o O

oo o
oCc
i e
=)

Haul Truck Mass
Haul T'ruck Volume
Haul Truck Chemical Property

0"217718 0 0
R= 0 afws 0
0 0 (7,2L cs

Where: ‘
a}..= Haul Truck Sensor Mass Variance

o2 = Haul Truck Sensor Volume Variance

ol = Haul Truck Sensor Chemical Variance
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In this scenario, the material from the excavator bucket is intended to be wholly
transferred to the haul truck. However, this is not always the case and there are
inevitably some unintended material transfers or losses. Losses from the excavator
bucket to the haul truck are calculated in this example once the haul truck is. full. To
5 ensure that the correct correlations are maintained, a temporary loss state is used to

transfer the estimated lost material.

1000000000
01 000000O0O0OQ
0010000000
00010000G00
4-|0000100000
0 000010000
0000001000
0 000O0O00O0T1O0O0
0000000O0T1O
|00 00000O0CO0 1|

Once the loss state is initialised with the expected losses and the variance associated
with these losses it is applied to the current system model. In this particular exafnple itis
10 assumed the material lost from the bucket will be fully returned to the original grade

block, thus subtracting from the estimated material removed.

-

10 -1 0 000000
01 0 -100000 0
00 1 0 000O0GO0O
00 0 1 000000
F_|00 0 0 100000
00 0 0 0100600
00 0 0 001000
00 -1 0000100
00 0 -10000T10
(00 0 0 00000 1|

1.4 Haul Truck — Run of Mine (ROM) Stockpile

The final system process is the unloading fronﬁ the haul truck to the ROM stockpile. The
15 models used in this process are described below. This process is nearly identical in

theory to the Excavator Bucket - Haul Truck scenario. There are a few minor alterations
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however with the loss modelling.

p—

Gradeblock: Removed Mass
Gradeblock Removed Volume
Bucket Mass Loss
Bucket Volume Loss
Bucket Mass
Bucket Volume
Bucket Chemical Property
Haul 1 Truck Mass
Haul 1 Truck Volume
&L= Haul 1 Truck C'hemical Property

Haul k Truck Mass
- Hawl k Truck Volume
- Haul k Truck Chemical Property
ROAM Stockpile Mass
ROM Stockpile Volume
| ROM Stockpile Chemical Property |

On first load only all the haul truck state properties are fully transferred to the new ROM

Stockpile
1.0 0 0.0 00 00O "0 0 0 0 0 07
01 000O0O0O0TO0TO 000 O0O0O
0010000000 000000
0001 000UO0TO0O 00000000
00001000O0O0 000 0 0O
0000010000 00 0.0 00
00 00O0O010UO00 000000
000 0O0O0OO0UO0TU 0O 000000
F=10000000O0TO0O" 000 OO0 O
000 00O0O0O0O0O0 000000
000 0O0O0OO0UO OGO OO 1 0.0 00 O
0000O0O0O0OOUO 0D 010000
000 00O0OUOTO OO 001 000
00000O0OO0T1O0O0 000100
0000O0O0O0O0T1O0 0 00010
| 00 00O0O0.000 1. 00000 1]




PCT/AU2011/001389

WO 2012/054987

42

On subsequent loads variance and weighted mean approximations are used for

intensive properties.

e OO

R

r - .
CooococococoO o oo
0000000000.:000010
0000000000...000100
COCOCOODOD OO mOOO
COCOO0O0O0QOQ OO0 O
CODO0O0ODOCOC ++v mOOODO
COOO0O0000O00 OO0 O
COOOOO00000 0000~
0000000000:..000100
COTCOOCTOTO0OOD e OCOOCODOS
COO0COCOmOOOD +++OCCOO0COOCD
,0000100000...00,00_00
COO-O0O0OO0O0CO o000 OC S
001.0000000,....0000,00
O 00000000 +++vOOOOCOOD
—OoOoo0o0oOooOCO cocococoocoo
\ ]
e
Ry

Where

5 17

Scalar to multiply original base property after combining lumped masses.

The state vector becomes:
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[ Gradeblock Removed Mass
Gradeblock: Remouved V olume
Bucket Mass Loss
- Bucket Volume Loss
Bucket Mass
Bucket Volume
Bucket Chemical Property _
Haul 1 Truck Mass
Haul 1 Truck Volume
Haul 1 Truck Chemical Property

Haul k Truck Mass
Haul k Truck Volume
- Haul k Truck Chemical Property
ROAM Stockpile Mass
- ROM Stockpile Volume
ROAM Stockpile Chemical Property
ROM Stockpile Mass Loss
ROAM! Stockpile Volume Loss

Loss modelling on haul trucks is very similar to modelling on the excavator buckets. The

| main exception is that it is assumed that no material which is lost from the haul truck will _
be recovered. Thus, there is a constantly increasing haul truck loss state which:

5 develops.
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1. 0 00 0600 O0O0TO 0 000O0O0O 0 017
01 000O0O0O0CO0TDO .0 00 0O0O0O0O O
001 000O0OGOCO0OOD0O .0 0 0O0O0O0CO0 o0
00010O0O0O0O0CODO 000O0O0OO0OO0O O
00001 0O0O0O0CTO 00 00O0O0 0 O
0000010000 0000O0OO0O0O O
0 000O0O0O100O0O0 00 0O0OO0OTOC 0
0 000OO0OOTI1IO0TO0°- 0000O0CO0C-1 0
0 00O0O0OOOOT1TPWO 00 0000 0 =1
F=/00000O0O0OO0OUO1 0000O0O0 O O
0 000 O0OO0OO0OGOO0ODO 10 0 000 0 o0
0 000O0O0O0OOOTP 010000 O O
0 0000O0O0CO0ODO0CO 001000 0 o0
0 000O0O0OO0OO0ODOOTPO 000100 Q0 O
0 000O0O0CO0O0OOOO O 000010 0 O
0 000 0O0OOOTPO 000001 0 O
0 000O0OO0OCO0OODO 0 000O0CO0 1T o0
|00 0 00O0O0O0OO0O0O 000000 0 1

In this example the rhethods do not use observation data from the final ROM stockpiles
to update estimates. ' |

The percentage make up of each ROM stockpile from the different source grade blocks
can be achieved by observing the correlations developed in the covariance matrix, thus |
blending ratio estimates can be updated in real-time.

A probabilistic framework for describing excavated material properties in lumped

masses has been developed. This probabilistic framework was implemented using an
augmented state Kalman filter. This framework has been developed to deal with
spatially separated material in a process based system. This involves developing
appropriate loss modelling techniques for materials, appropriate mean and variance
models for different material properties, development of an appropriate framework to
facilitate reconciliation as well as constraints such as conservation of mass in the
system. A method for autonomous estimation of bulk volume for flat based surfaces is
also developed to aid implementation into an autonomous environment.
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One advantage of the method described is that where there'is an in-ground model that
estimates the chemical compositidn of the material at any point spatially then the
estimation of the ch’er_nical composition of each lumped mass of material'may be
tracked (and grouped as required) as it moves through the production process.

It will be understood that the invention disclosed and defined in this specifiéation
extends to all alternative combinations of two or more of the individual features
mentioned or evident from the text or drawings. All of these dlfferent combinations

constitute various alternatlve aspects of the invention.
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The claims defining the invention are as follows:

1. A method for tracking material through a production chain or operational process

chain in which the material is transferred via a plurality of spatially distinct lumped

masses of material, the method comprising:

maintaining a dynamic state space descriptive of the plurality of spatially distinct
lumped masses of material, wherein a quantity of entries in the dynamic state space is
varied dependent on a quantity of spatially distinct lumped masses being tracked:

maintaining a dynamic covariance matrix associated with the dynamic state
space, wherein a dimension of the dynamic covariance matrix is varied dependent ona
quantity of spatially distinct lumped masses of material being tracked:; '

receivmg one or more measurements relating to an observed Iumped mass of

material; and

fusing the received one or more measurements into the dynamic state space and

‘dynamic covariance matrix to provide an updated estimate of material in the plurahty of
‘spatially distinct Iumped masses of material.

2. The method of claim 1 wherein each entry in the dynamic state space comorises
one or more values descnptive of a correspondmg spatially distinct lumped. mass of
material.

3. The method of claim 1 or 2 wherein maintaining the dynamic state space
comprises augmenting the state space by adding an additional entry corresponding to
an additional spatially distinct lumped mass.

4. The method of any one of the preceding claims wherein maintaining the dynamic

state space comprises removing an entry from the dynamic state space if a
corresponding spatially distinct lumped mass of material is removed from the tracked
production chain.
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5. The method of any one of the preceding claims wherein maintaining the dynarhic
state space comprises removing an entry from the dynamic state space if a

| corresponding lumped mass of material is combined with another one of the plurality of

lumped masses of material.

6. The method of any one of the preceding claims wherein maintaining the dynamic
covariance matrix comprises augmenting the covariance matrix by adding additional
rows and columns corresponding to an additional spatially distinct lumped mass of
material. ‘

7. The method of any one of the preceding claims wherein maintaining'the dynamic
covariance matrix comprises removing rows and columns from the covariance matrix
that correspond to.a spatially distinct lumped mass of material that is removed from the
tracked production chain or combined with another spatially distinct lumped mass of
material.

8. The method of any one of élaims 2 to 7 wherein the one or more values
descriptive of a spatially'distinct lumped mass of material comprise an extensive
lumped mass property defining an amount of material present in the spatially distinct
lumped mass. |

9. The method of claim 8 wherein the extensive lumped mass property comprises at
least one of Iumped-maés volume and lumped-mass mass.

10.  The method of any one of claims 2 to 9 wherein thé‘ one of}more values

- descriptive of a spatially distinct lumped mass of material comprise an intensive lumped

mass property defining a characte'riétic of the material present in the spatially distinct

lumped mass.

11. The method of claim 10 wherein the intensive lumped mass property comprises
at least one of a chemical composition, density and a fragmentation level.

12.  The method of claim 10 or 11 further comprising: , E
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determining a combined mean and a combined variance for an intensive lumped
mass property of a combined lumped mass if a first lumped mass is combined with a

second lumped mass. .

13. The method of claim 12 wherein determining the combined mean and variance
comprises finding a covariance union that includes the means and variances or the first

and second lumped masses.

14.  The method of claim 13 wherein fi ndi-ng the covariance union comprises the use
of weighted averages dependent on a mass of the first lumped mass and a mass of the
second Iumped mass. '

15. The method of claim 12 wherein the intensive Iumpéd mass property of the first
lumped mass of material and the second lumped mass of material are treated as
Gaussian distributions and wherein determininQ the combined mean and combined
variance comprises calculating an average Gaussian distribution from a sum of the
Gaussian distributions of the first and second lumped masses of material.

16. - The method of any of the preceding claims compriSing:

~ estimating a materiai loss that occurs when material is transferred from a ﬁfst
spatially distinct lumped mass of material to a second spatially distinct lumped mass of
material. ‘ :

17.  The method of claim 16 comprising:

augmenting the dynamic state space to include a new entry descriptive of the

hY

material loss.
18.  The method of any one of the preceding claims comprising:

receiving data from a scan of a surface of material in a spatially distinct lumped

mass,
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applying a Gaussian Process to the received data to estimate a volume of
material in the spatially distinct lumped mass.

.19. The method of claim 18 comprising estimating the volume by abproximating a

triplé integral of a set of resultant points estimated by the Gaussian Process.
20. The method of any one of the p'receding claims_comp-rising:

applying a Kalman filter to fuse the received measurements into the dynamic
state space and dynamic covariance matrix. ' '

21, The method of any one of the preceding claims wherein the production chain is

an open pit mine and the spatially distinct lumped masses of material are selected from
the group consisting of: ' '

a grade-block lumped mass comprising material in a grade block;
. an excavator-bucket lumped mass comprising material in an excavator bucket;

. an excavator-bucket-loss lumped mass comprising material spilt during transfer
from an excavator bucket to a haul truck; |

~e  a haul-truck _Ihmped mass comprising material loaded into a haul truck;

. a stockpile lumped mass compr‘ising material in a stockpile; and
. a haulage lumped mass comprising material removed from a stockpile.

22. The method of any one of the preceding claims wherein the plurality of spatially
distinct lumped masses of material define a sequence through the production chain and
wherein observations on an observed lumped mass in the sequence are used to

~ improve an estimate of material in another lumped mass that is earlier in the sequence.

23. The method of any one of the preceding claims further cbmprising determining,
based on the dynamic state space and the dynamic covariance matrix, how much mass
in a first specified lumped mass of material derives from a second specified lumped
mass.
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24. A system for tracking ma_terial"through- a mining production chain in' which the

material is transferred via a plurality of spatially distinct lumped masses of material, the
system comprising:

a plurality of sensors for measuring attnbutes of the spatlally distinct lumped
masses of material; and -

a processor in data communication with the plurality of sensors and comprising
instructions that, in use, cause the processor to: ‘

maintain a dynamic state space descriptive of the plufality of spatiélly
distinct lumped rﬁasses, wherein a quantity of entries in the dynamic state space
is varied dependent on a quantity of spatially distinct lumped masses of material
being tracked;

‘receive one or more measurements from the plurality of sensors relating to
an observed lumped mass of material; and

fuse the received one or more measurements into the dynamic state
space to provide an updated estimate of material in the plurality of spatially
distinct lumped masses of material. '

25.  The system of claim 24 wherein the plurality of sensors includes at least one of:

a mass sensor arrangement that provides a measure of a mass of a
spatially distinct lumped mass of material; '

a volume sensor arrangement that provides a measure of a volume of a

spatially distinct lumped mass of material;

a Iocatlon sensor arrangement that provudes a measure of a location of a
spatially distinct lumped mass of materlal
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a grade sensor arrangement that provides a measure of a composition of

a spatially distinct lump of material.

- 26.  The system of claim 25 wherein the mass or volume sensor arrangement

comprises:

a scanner that, in use, scans a surface of an observed lumped mass of material

-and outputs scan data; and

a processor that receives the scan data and estimates a volume or mass in the

observed lumped mass of material.

27.  The system of claim 26 wherein the scanner comprises at least one of a radar, a |

laser and a camera.

- 28. . The system of any one of claims 24 to 27 wherein at least one sensor is mounted

on a vehicle.
29. . The system of any one of claims 24 to 28 comprisi'hg: |

a data source having an estimated in-ground model déscribing a composition of
material that in use is excavated in the mining production chain. '

30. The system of any one of claims 24 to 29 wherein the estimate of material
comprises an estimate of masses of the spatially distinct lumped masses of material in
the mining production chain.

31. . The system of any one of claims 24 to 30 wherein the estimate of material
comprises an estimate of volumes of the spatially distinct lumped masses of material in
the mining production chain. =

32.  The system of clairﬁ 30 or 31 wheréin thé estimate of material further comprises

-an estimate of at least one intensive property of the spatially distinct lumped masses of

material in the mining production chain.
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33. A system for tracking material through a mining production chain, comprising:
a) atlleaSt one excavator having:

i) an excavator sensor that in use scans a surface of material to be

excavated: and

i) a location sensor,

wherein, based on the surface scan, an associated processor estimates a
quantity of material excavated by the excavator as a first spatially distinct Iumped mass

“of material;

b) at least one haul truck that in use receives excavated material from the at least
one excavator, wherein material loaded into fhe haul truck comprises a second spatially
distinct lumped mass of material and Wherein, in use, material is offloaded from the at
least one haul truck to define at least a third spatially distinct lumped mass of material; |

c) a monitoring system that tracks movement of the at least one haul truck; and

"d) a material-tracking processor in data communication with the at least one
excavétor, the at least one haul truck and ihe monitoring system, wherein the material
tracking processor maintains a dynamic state space descriptive of the first, second and
third spatially distinct iumped masses of material and fuses information charﬁacterisin'g
the material in the mining production chain to provide an updated estimate of the
spatially distinct lumped masses of material. |
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Initial
State
Vector(x) Covariance Matrix (P)
Grade Block Mass 4342 40 28
Grade Block Vol 3006 20| 219
Predicted Excavator Ore Removal
Grade Block Mass 3994 1829{ 1266| 0| 0[-1789 —1239
Grade Block Vol _ 2765| | 1266 1077] 0] 0]-1239] -858
Exv. Bucket Mass Loss ol 0]l 0] 0 O 0 0
Exv. Bucket Vol Loss 0 0O 0/ 0 O 0 0
Exv. Bucket Mass 348| [-1789|-1239 0 O] 1789 1239
Exv. Bucket Vol 241| [-1239| -858| 0| O] 1239, 858
Excavator Observation Update
Grade Block Mass 3049] [ 128] 89] 0] 0] -88 -61
"Grade Block Vol 2734 89| 261 0| 0O -61 -42
Exv. Bucket Mass Loss -0l ] 0 0] 0 O 0 0
Exv. Bucket Vol Loss - 0] 0 0] O O 0 0
Exv. Bucket Mass 393 88| -61| 0 O 88 61
Exv. Bucket Vol 272 -61 421 0] O 61 42
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