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SUMMARY

Spatial modelling of analysis results such as grade,
geochemical properties and density is required for
resource estimation in almost all commodities. For spatial
modelling of most commodity properties, geostatistical
methods are the most popular because they are usually
more accurate than deterministic methods, can quantify
uncertainty and can use auxiliary information to improve
predictive accuracy. However, geostatistical methods have
the primary disadvantages that they have onerous pre-
processing steps such as variogram modelling, rely on
rigid statistical assumptions, and incorporation of
numerous auxiliary variables which have non-linear
relationship with the target variable is difficult. To
address these disadvantages, a machine learning method
based on quantile regression forest algorithm is proposed
as an alternative approach for spatial modelling. This
newly proposed method (termed geographic quantile
regression forest) does not require variogram modelling,
can quantify uncertainty and can easily incorporate
numerous auxiliary information of differing data type. To
evaluate the performance of the new method, the accuracy
of predictions of coal relative density is compared to
inverse distance weighting and regression kriging. Data
from an active mine site in the Bowen Basin, Queensland
Australia is used for the comparison. Using evaluation
metrics from leave-one-out cross-validation, this paper
demonstrates that the geographic quantile regression forest
method has higher accuracy than inverse distance
weighting and similar or higher accuracy than regression
kriging accuracy across all geological domains. The high
accuracy, similar performance to regression kriging and
stated advantages over geostatistical methods makes it a
candidate for future inclusion in geological model
packages.
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INTRODUCTION

Spatial modelling is the process of predicting values at
unknown locations based on existing observations (such as
geochemical results obtained from drill core lab analysis).
Spatial modelling is required for resource estimation in all
commodities because it is impractical and costly to obtain
information at high density. Numerous methods for spatial
modelling exist, however geostatistical methods are most
utilised for modelling mineral grade (Goovaerts and others
1997; Olea 2013; Srivastava 2013). For modelling of coal
properties, geostatistical methods such as regression, universal
and co-kriging have also shown to produce superior results to
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deterministic methods, especially when auxiliary geophysical
log data is available (Jeuken, Xu, and Dowd 2020; Webber,
Costa, and Salvadoretti 2013). However, when there are
numerous properties to model, and numerous geological
domains are present, geostatistical methods may be considered
onerous because variogram interpretation is required for all
properties and domains. For example, in coal resource
estimation, numerous properties including coal ash, volatile
matter, moisture, density, yield, energy content, and coke
properties are required to be modelled. In addition, in most coal
deposits, numerous coal plies exist which must be modelled
separately (domained). Due to this, inverse distance weighting
(IDW), which does not require variogram modelling, remains
the most popular method for spatial modelling of coal
properties for resource estimation (Maxwell 2020). However,
IDW has the primary disadvantages that it cannot quantify
uncertainty and cannot use additional auxiliary data to improve
estimates (Jeuken et al. 2020; Srivastava 2013). Therefore,
ideally, a spatial model method that has the advantage of
geostatistical methods, and does not require onerous pre-
processing steps is preferred when modelling of numerous
properties and domains is required.

Random forest, which is a machine learning method, has
recently shown to produce similar or superior results to
geostatistical methods when extended to account for spatial
data (Georganos et al. 2019; Hengl et al. 2018). These extended
‘spatial” random forest methods have numerous advantages
over geostatistical methods including that variogram modelling
and rigid statistical assumptions about the data are not required,
and they can easily incorporate categorical variables (Hengl et
al. 2018). In the context of this paper, the ability to incorporate
categorical variables allows for a single modelling process for
all coal seams and domains compared to IDW and geostatistical
methods which require that each domain and coal seam is
modelled separately. However, a primary disadvantage of
traditional random forest is that it does not provide an estimate
of error. To address this, the new method in this paper utilises
quantile regression forest in place of random forest. This
modification enables the calculation of uncertainty at any
confidence interval (Meinshausen 2006). The new method is
termed geographic quantile regression forest (QRF). To
evaluate the performance of QRF, data from an active mine site
in the Bowen Basin Queensland Australia is used (Figure 1.).
The performance of the new method is evaluated against IDW
and regression kriging (RK) which is a popular geostatistical
method which can incorporate auxiliary data and is considered
state of the art (Hengl, Heuvelink, and Rossiter 2007; Keskin
and Grunwald 2018). To demonstrate the flexibility of QRF,
results are provided for numerous geological domains and coal
seams which are identified at the mine site. Relative density
(Standards Australia International 2002), which is an important
parameter for coal resource estimation is used as the variable to
be spatially modelled.

34 AEGC: Geosciences for Sustainable World — Online, 13-17 September 2021 1



Geographic quantile regression forest

e

1PE

150°8

IS3°E

156°E

—12°s

Kane Maxwell, Mojtaba Rajabi and Joan Esterle

Figure 2. Locations of boreholes used in this study with
respect to each geological domain.
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Figure 1. Approximate location of the study area, relative
to the Bowen Basin (after (Sliwa et al. 2017)).

METHOD AND RESULTS
Database

Data provided by the mine site comprises of 272 boreholes with
relative density and geophysical log parameters (density and
natural gamma). The target coal seam at the mine site is the
Leichardt coal seam which is part of the Upper Permian Rangal
Coal Measures of the Bowen Basin (Sliwa et al. 2017). Locally,
the coal seam at the mine is comprised of sub-plies named
LCTU, LCL1, LCL2, LCL3 and LCL4 which are differentiated
by their variable coal quality. Three geological domains are
identified by the mine site, termed Domain A, B and C. Domain
A is characterized by absence of LTCU, and Domain C is
defined by the presence of Cretaceous age lamprophyres and
dolerite intrusion (Ritchie 2010). Coal impacted by the
intrusion in this domain has marked increase in density, marked
decrease in volatile matter and slight increase in ash (Maxwell,
Rajabi, and Esterle 2019). The spatial arrangement of the data
in each domain is presented in Figure 2 and is further described
in Table 1.

Distance (m)
Domain _ No. Boreholes | Min  Max  Mean
A 73 47 583 154
B 153 25 705 127
Cc 46 2 1001 159

Table 1. Number of boreholes used in this study, and
statistics on the distance (in meters) between boreholes for
each geological domain.

Method

All data preparation, spatial modelling, evaluation, and plot
generation was conducted in the R programming language (R
Core Team 2017). The R library gstat (Pebesma 2014) was used
to create the estimates for IDW and RK. The QRF method was
also implemented in R and was later developed as an R package
(Maxwell, Rajabi, and Esterle 2021). The QRF implementation
relies on the R packages ranger (Wright and Ziegler 2017) and
nabor (Elseberg et al. 2012). The settings for each spatial model
method are supplied in Table 2 and were determined by random
grid search optimisation (Bergstra and Bengio 2012).

For background theory for IDW, the reader is referred to
(Shepard 1968). For regression kriging, primary references are
(Hengl et al. 2007; Keskin and Grunwald 2018). The QRF
method comprises of the following steps, explained with an
accompanying diagram:

For Xo:

1. Calculate the Euclidean distance between Xo and k
(number of observed data). In Figure 3, k=3 and the
nearest observations are Zi, Z> and Zs with
corresponding distances of 4, 5.2 and 7.4 respective.

2. Scale the distances calculated in the previous step
between 0 and 1. These will be used as weighting
values in the following step. In this example, re-
scaled distances would be 1, 0.64 and 0.0 respective.

3. Train a quantile regression forest using the points
from Step 1 and use the weights from Step 2 as
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weighting values in the algorithm (e.g. equivalent to
the case weights in R package ranger).

4. Use the trained quantile regression forest to predict
the value at (x;).

5. Repeat this process for all locations e.g. Xo-o
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Figure 3. Diagram supporting the step by step explanation
of the QRF method where Xo-9 are locations at which
values are to be predicted and Zi-3are observed (known
values).

Model Settings Auxiliary data

Method

IDW Power =2, k =10 -

RK Variogram= auto, Short spaced density, long
k=10, repressor = spaced density, compensated
random forest, mtry= density, natural gamma
2, trees =500

QRF k=50, mtry=2, trees=  Easting, northing, ply code,

500 domain, short spaced density,
long spaced density,
compensated density, natural
gamma

Table 2. Spatial model parameter settings for the models
used in this study.

Evaluation

All three methods are evaluated using “variance explained by
predictive models based on cross-validation”, VEcv, (Li 2017).
In this case leave-one-out cross validation is used (Efron 1982).
In the leave-one-out case, VEcv is equivalent to calculating the
Coefficient of Determination (R-squared) on the residuals.
VEcv is used because VEcv is unit, scale, data mean and
variance independent (Li 2017). Results of VEcv can be
interpreted using Table 4.

VEcv Interpretation

<10 Very poor
>10<30 Poor
>30 <50 Average
>50 <80 Apove average

>80 80 Excellent

Table 3. Interpretation of model predictive performance
based on VEcv result (Li 2016).

Results

Kane Maxwell, Mojtaba Rajabi and Joan Esterle

VEcv results show that IDW is the worst performing method
across all domains and plies with the exception of LCL2 and
LCL3 in domain ‘A’ (Table 4). Across all domains, QRF
produced better VEcv than RFK in Domain A, slightly worse
results in domain B, and near identical results in domain C
(Table 4).

In domain A, the standard deviation of density across all plies
was much lower compared to domain B and C (Table 4). This
indicates in areas of low variability IDW may perform similarly
to RK and QRF. However, all models produced very poor to
poor results (interpreting using Table 3) in Domain A. In
domain B, across all plies, RK and QRF produced slightly
above average models compared to IDW which produced poor
results. Highest VVEcv by all models was achieved in Domain C
with RK and QRF producing near excellent results compared to
IDW which produced average results. However, lack of data
points (14-35) in this domain may cause overestimation in
result when comparing directly against domain A and B.

VEcv result for each model
Domain  Ply Code N. Sd QRF IDW RK
LCL1 50 0.05 23 19.93 21.63

LCL2 55 0.05| 981 12.3 9.18

A LCL3 53 005 | 101 11.56 17.71
LCL4 58 008 | 2949 -2255 -17.95
Total 216 24.12 -1.03 1.99

LCTU 123 0.07 | 2358 10.24 39.9
LCL1 122 0.04 | 18.18 7.85 32.52
LCL2 109 006 | 3239 -19.21  29.91

® LCL3 104 008 | 754 -6.49 68.89
LCL4 128 0.14 37 12.84 45.34
Total 586 52.1 24.98 57.22
LCTU 14 0.18 51 1.99 67.09
LCL1 23 0.23 | 88.06 12.92 83.59
c LCL2 12 015 | 435 21.87 38.99

LCL3 17 018 | 8324 1761 78.72
LCL4 35 0.2 | 69.53 24.62 72.83
Total 101 78.22  32.39 78.74

Table 5. Relative density variance explained based on cross-
validation (VEcv) for each model method broken down by
geological domain and coal seam. Results can be interpreted
using Table 4. The number of observations (N) and
standard deviation (Sd) of relative density for each ply is
also shown.

CONCLUSIONS

This paper demonstrated and evaluated a machine learning
based method for spatial modelling. The method is based on the
quantile regression forest (QRF) algorithm which was modified
to account for spatial data by utilising distances between
observations as case weights. Using coal relative density as the
variable to be spatially modelled, the accuracy of the method

34 AEGC: Geosciences for Sustainable World — Online, 13-17 September 2021 3



Geographic quantile regression forest

was compared to inverse distance weighting (IDW) and
regression kriging (RK) across numerous coal plies and
geological domains. Using evaluation based on leave-one-out
cross validation, the results showed QRF and RK markedly
outperformed IDW across all geological domains. Results also
showed that QRF outperformed RK in a geological domain with
comparatively low variance in ply relative density, and
performed very similar in the other geological domains.

Major advantages of the QRF method over geostatistical
methods are that it does not require variogram modelling and
that a single modelling process can be used across numerous
geological domains. These advantages greatly reduce the
complexity of the modelling process when there are numerous
geological domains and numerous variables to be spatially
modelled.

Due to the similarity in performance to RK, and stated
advantages over geostatistical methods, the QRF method
should be considered as an alternative spatial model method for
modelling of mineral commaodity properties.
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