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Multiple Regressive Pattern Recognition Technique (MRPRT) is an adapted approach for
improved geologic resource estimation. We developed and tested this approach for the
Platinum (Pt) bearing region near Goodnews Bay, Alaska, which presents an example of a
complex depositional environment. We applied geospatial and pattern recognition methods
to assess the spatial distribution of offshore Pt in the Goodnews Bay area from point data
collected by various agencies. We used the coefficient of correlation (r) and the Nash-
Sutcliffe efficiency (E) to quantitatively assess the degree of accuracy of the estimated Pt
distribution. We split the study area, based on trend analysis, into two regions: inside the Bay
and outside the Bay. We could not obtain appreciable estimates from the geospatial and
pattern recognition methods. Using MRPRT, we were able to improve r from 0.57 to 0.93
and the E from 28.31 to 92.91 inside the Bay. We achieved improvement in r from 0.55 to
0.61 and E from 28.46 to 34.52 outside the Bay. The reasons for a non-significant
improvement outside the Bay have been discussed. The results indicate that the proposed
MRPRT has wide application potential in georesource estimation where input data is often
scarce.

KEY WORDS: Pattern recognition, geology, mining industry, spatial correlation, support vector
machine.

traditional methods of assessing the spatial distri-
bution are mostly empirical in nature and composed

The successful development of an offshore
mining project requires reliable assessment of the
spatial distribution of the mineral resource. The
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of block (triangular, polygonal, and irregular) or
cross-sectional (vertical, horizontal and inclined)
methods. The advancement in computational capa-
bilities introduced more sophisticated geostatistical
assessment techniques such as the use of inverse
distance weighting (IDW), global polynomial inter-
polation (GPI), local polynomial interpolation
(LPI), ordinary kriging (OK), radial basis function
(RBF) using thin-plate spline, and co-kriging (CK).
Several studies have demonstrated the ability of
these methods to produce estimates with minimum
error variance (Barker and Lamal, 1989; Oommen,
2006). However, assessing the spatial distribution of
mineral deposits such as marine placers that result
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from complex non-linear processes requires the use
of non-linear estimation prediction/modeling tech-
niques to improve the confidence in estimation.
Recent research shows that pattern recognition
algorithms have the potential for assessing the spa-
tial distribution of mineral deposits resulting from
complex processes (Kanevski and others, 2002;
Pozdnoukhov, 2005; Dutta, 2006; Twarakavi, Misra,
and Bandopadhyay, 2006; Misra and others, 2007).
The ability of these algorithms to learn the complex
non-linear relationship depends on both the quality
and appropriate number/quantity of the input
parameters. In the absence of sufficient input param-
eters that describe the complex underlying deposi-
tional processes, even the performance of pattern
recognition is compromised, as the algorithms are
limited to the use of just the geographic location as the
input to model the spatial distribution of the deposit.
In this study, we propose and explore a new approach
called the Multiple Regressive Pattern Recognition
Technique (MRPRT), which has a predictive capa-
bility better than an individual geospatial or pattern
recognition technique and under certain conditions,
overcomes the necessity of having all input parame-
ters that define a complex process being modeled.

WHAT IS MRPRT?

The MRPRT is an ensemble technique that
combines the output of several regression techniques.
The hypothesis for the MRPRT approach is that if
individual regression techniques used to model, e.g., a
mineral deposit, make different assumptions leading
to complimentary decisions (outputs), then an intel-
ligent combination of these outputs using a pattern
recognition algorithm, such as the support vector
machines (SVM) or the relevant vector machines
(RVM), will provide an improved assessment com-
pared to the individual techniques.

The hypothesis is further illustrated with syn-
thetic data displayed in Figure 1. The x and y axes of
the scatter plot represent the observed and predicted
values of three models (three individual regression
techniques). The coefficients of correlation for the
Models 1, 2, and 3 are 0.28, 0.09, and 0.10, respec-
tively. It is evident from Figure 1 that each of the
three models individually has overall poor estima-
tive capability.

However, Figure 1 shows that the Model-1 is
able to better estimate the low values, Model-2 the
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Figure 1. Scatter plot showing the observed vs. predicted values
for the three hypothetical data sets represented as models 1, 2,
and 3. Model-1 predicts the low values accurately, Model-2 the
median, and Model-3 the high values.

median values, and Model-3 the high values; indi-
cating that the decisions of the three models are
complimentary to each other. The strengths of these
individual models can be combined intelligently
using a pattern recognition algorithm to develop an
improved model compared to the individual models.
In this study, we illustrate the applicability of this
new approach for modeling the marine placer Plat-
inum (Pt) deposits of Goodnews Bay and vicinity, in
southwest Alaska, which represents an example of a
complex mineral deposit. A more detailed discus-
sion on the MRPRT approach to our application
data is provided in ‘“The MRPRT Approach” sec-
tion of this article.

STUDY AREA, BACKGROUND, AND
DATA USED FOR THE APPLICATION

Platinum resources in the United States (US)
are very limited. One of the largest resources is the
alluvial placer deposit in the Red Mountain region
of Goodnews Bay, in southwest Alaska (Fig. 2).
Onshore mining in this region has recovered about
22 tons of Pt (Barker, 1986). The Red Mountain
dunite is considered the primary source of Pt in this
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Figure 2. Map showing the study area boundary and the Red Mountain,
the primary source of Pt in this region. Inset shows the location of

Goodnews Bay in southwest Alaska.

region (Harrington, 1919). However, owing to the
depletion of the shallow economic reserves, onshore
mining has been discontinued since the 1980s.

The proximity of the Red Mountain to the
Bering Sea, the drowned ultramafic rocks and paleo-
drainage channels, identified offshore using geo-
physical survey methods (Barker and Lamal, 1989;
Oommen, 2006), and the limited point data for Pt
collected by various agencies indicate that the region
holds promise for further prospecting.

The limited point data available from this
region are from the studies by Inlet Oil Corporation
(IOC) and the USGS in the late 1960s and early
1970s, the United States Bureau of Mines (USBM)
and the Western Gold Exploration and Mining
Limited Partnership (WestGold) in the late 1980s,
and the University of Alaska Fairbanks in 2005
(Oommen and others, 2008b). There are a total of
477 offshore point sample locations for which Pt

concentrations are known. Out of the 477 data
points, 77 samples are collected from inside the
(Goodnews) Bay, and the remaining 400 samples are
from outside the Bay. The data used for the study
are available from http://mms-goodnewsBay.gina.
alaska.edu/index.phtml. A detailed discussion on
the sampling technique and the geochemical analysis
used to determine the Pt concentrations from these
point locations is described in Oommen (2006) and
Oommen and others (2008b).

The global trend analysis of the entire data set
revealed that the data from inside the Bay were free
from any spatial trend, while the data from outside
the Bay depicted a distinct trend. The difference in
these trends emanates from the difference in depo-
sitional environments of the regions (Oommen,
2006). Hence, for this study, the data from inside the
Bay and those from outside the Bay were analyzed
separately.
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INITIAL ESTIMATION OF PLATINUM
DISTRIBUTION USING GEOSPATIAL AND
PATTERN RECOGNITION TECHNIQUES

The spatial distribution of Pt within the study
area was first estimated using both classical geo-
spatial techniques and pattern recognition algo-
rithms. The classical geospatial techniques used
included IDW, GPI, LPI, RBF, OK, and CK. The
input for each method used was the Latitude and
Longitude of each point sample location, except for
CK where the concentration of Gold (Au) at each
sample point was used as an additional input to
develop the model for estimating the distribution of
Pt concentration. The individual geospatial estima-
tion models were developed using ArcGIS 9.1 geo-
spatial analyst. Besides these geospatial methods,
two pattern recognition algorithms, SVM and RVM,
were used to develop models for estimation of Pt
distribution in the study area. The e1071 and kernlab
packages in the R-programming language were used
for the pattern recognition algorithms (Karatzoglou,
Meyer, and Hornik, 2006; Meyer, 2001). An expla-
nation of the basic principles and the equations used
for the various geospatial and pattern recognition
techniques is beyond the scope of this article and are
well described in the literature (Isaaks and Srivastava,
1989; Vapnik, 1995; Clark and Harper, 2000;
Tipping, 2001; Johnston, 2003). The parameters used
for these models are also explained in detail in
Oommen (2006).

A major measure of the success of any model-
ing technique is its reliability (estimative capability).
Perhaps the most rigorous way to analyze the reli-
ability of a model is to collect additional data and
compare those to the model estimations. This pro-
cess is expensive and subject to logistical limitations
in data collection. The alternatives to additional
data collections are to use (1) the same data for
both training/developing the model and testing,
(2) K-fold cross validation, or (3) a subset of the data
for training and the other subset for testing.

When the model is being developed and tested
on the same data, the geospatial and the pattern
recognition algorithms suffer from the curse of over-
fitting, which may allow accurate modeling of the
training data, but when verified on an independent
testing set, the performance of the model may be
extremely poor (Foody and Mathur, 2004; Oommen
and others, 2008a). K-Fold cross validation is con-
sidered to be the most reliable approach; however, it
is tedious and expensive (Oommen and Baise, 2010).
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The use of a subset of the actual data for testing,
which was not used for developing/training the
model is much more cost effective and provides
comparable results to the K-fold cross validation in
the case of a sufficiently large sample size.

In this study, the reliability of the various
models developed using the classical geospatial
techniques and the pattern recognition algorithms
were evaluated using an independent subset of the
data, which was not used for the model develop-
ment. To achieve this, the available data were split
into two random subsets of 80% and 20% before
the model development. An 80-20 split was selected
based on prior research by Oommen and others
(2008a, b) where those authors have shown such a
split to be the best in the evaluation of a pattern
recognition model. The larger subset was used for
developing the models (training data, 80%) while
the smaller subset was used to verify the reliability
of each model (testing data, 20%). In the case of
MRPRT, we additionally verified the predictive
capability of the technique for data points inside
and outside the Bay using K-fold (K =5) cross
validation. The additional evaluation using K-fold
cross validation was performed to verify the reli-
ability of the approach of using an independent
subset for training and testing in the case of small
samples.

The training of the geospatial and the pattern
recognition algorithm models were carried out on
the same data set. The optimization of the model
parameters for the different techniques were
achieved by K-fold (K = 5) cross validation of the
training data. The estimative capability of the vari-
ous models were compared using the coefficient of
correlation (r) (Eq. 1) and coefficient of efficiency
(E) (Eq. 2) (Nash and Sutcliffe, 1970).
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where E, the Nash-Sutcliffe efficiency, varies from
—oo to 100% with values closer to 100% indicating
better agreement between the observed and esti-
mated values (better model). When E is less than 0,
it indicates that the arithmetic mean of the observed
value is a better estimator than the developed
model. The same modeling procedures using the

} x 100 (2)
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geospatial and pattern recognition algorithms were
repeated for both Pt data samples inside and outside
the Bay.

OUTCOME OF GEOSPATIAL AND
PATTERN RECOGNITION MODELS

Tables 1 and 2 present the estimative capability
of the various geospatial and pattern recognition
algorithms validated using the testing data for sam-
ple points inside and outside the Bay. Table 1 shows
that of all the different techniques used to analyze
the spatial distribution of Pt inside the Bay, the RBF
has the highest r and E (0.57 and 28.31). Three
techniques (GPI, LPI and OK) have E values less
than 0, which indicates that the arithmetic average
of the observed value is a better estimator than these
techniques. Table 2 shows that for sample points
outside the Bay, the SVM model has the highest r
and E values (0.56 and 28.46).

The r and E values listed in Tables 1 and 2 for
the sample points both inside and outside the Bay

Table 1. The Predictive Capability of the Various Geospatial and
Pattern Recognition Algorithms Verified on the Testing Data for
the Pt Samples Inside the Bay Using r and E

Models r E (%)

IDW 0.48 21.07
GPI 0.36 —137.86
LPI 0.37 —121.58
RBF 0.57 28.31
OK —0.18 -25.13
CK-Pt-Au 0.32 10.23
SVM 0.53 26.37
RVM 0.50 6.74

The model with best results (RBF) is shown in bold

Table 2. The Predictive Capability of the Various Geospatial and
Pattern Recognition Algorithms Verified on the Testing Data for
the Pt Samples Outside the Bay Using r and E

Models r E (%)
IDW 0.53 13.76
GPI 0.52 24.48
LPI 0.46 18.38
RBF 0.55 27.11
OK 0.50 22.87
CK-Pt-Au 0.48 8.52
SVM 0.56 28.46
RVM 0.53 23.30

The model with best results (SVM) is shown in bold
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reveal that none of the techniques is able to reliably
estimate the entire spatial variability of the Pt con-
centrations within the study area. The reason for the
failure of these techniques could be simply due to
the limitation of the method used or the method’s
inability to capture the complexity of the factors
governing the accumulation and redistribution of
marine Pt. The factors that govern the accumulation
and redistribution of marine Pt in the offshore re-
gion of Goodnews Bay include, but are not limited
to, the general geology, glaciation history, littoral
currents, bathymetry, sea-level transgressions and
regressions, and paleo-drainage processes (Oommen
and others, 2008b). The historic records of some of
these processes are incomplete and, the outcome of
the processes is difficult to quantity.

Since none of these techniques was able to
reliably estimate the entire spatial variability in the
Pt concentrations, we performed a split analysis to
verify if any of these techniques have a better
capability of estimation within a particular range or
subset of Pt concentrations. The training and testing
estimations were combined, sorted, and divided into
quartiles. Further, the r of each of the techniques
was analyzed separately within the first quartile
(25th percentile), second quartile (25th-50th per-
centile), third quartile (50th-75th percentile), and
the fourth quartile (75th-100th percentile).

The variability in r within the specified ranges
for the sample points both inside and outside the
Bay was assessed using the box plot (Fig. 3). The r
values for the different techniques vary largely in
the case of the sample points inside the Bay
compared to those outside the Bay (Fig. 3a, b).
The larger variation in r values for the Pt values
inside the Bay (Fig. 3a) indicate that for the given
data, the different techniques have different
assumptions leading to estimations that are com-
plimentary (as illustrated in the hypothetical
example of Fig. 1). While, for the values outside
the Bay, the low variation in r (Fig. 3b) indicates
that, for the given data, all the techniques have
similar assumptions leading to similar estimation
capability (non-complimentary).

The complimentary nature of the different
techniques in predicting the Pt values inside the Bay
is also presented using a scatter plot in Figure 4. It is
observed that the GPI (Fig. 4a), and OK (Fig. 4c)
better predict the low and high values whereas each
method contributed differently to the prediction
of median values. A similar comparison of the
predictive capability of the different techniques in
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Figure 3. Box plot illustrating the variability in the
coefficient of correlation within the quartiles. (a) Inside
the Bay; (b) outside the Bay.

predicting the Pt values outside the Bay is presented
in Figure 5. It is observed from Figure 5Sa—c that
most of the techniques have very similar predictive
capability, which is contrary to what was observed in
Figure 4, and that none of the techniques have any

Oommen and others

reasonable predictive power for Pt concentration
values >400 mg/m’.

It is evident from these observations (Figs. 3, 4)
that each technique has its own advantages and
limitations. An important question that ensued from
the observations obtained from split analysis (Fig. 3)
was, “Could the strengths of each of these tech-
niques be captured to obtain an improved estimate
of the spatial distribution of Pt?”” Ancillary ques-
tions such as, ““Should the split analysis be carried
out on quartiles, deciles, vingtiles or percentiles, or
should it be done intelligently on a case specific
basis?”’ and At what scale should these strengths be
captured?” also stemmed from the observation. In
this study, we limit our discussion to addressing the
first question only, which was the basis of the
development of MRPRT approach. As discussed
before, outcomes of models with complimentary
estimation capabilities (e.g., the sample point esti-
mates of data from inside the Bay) could be effi-
ciently combined to create a robust estimator using a
pattern learning algorithm.

In the case of data classification problems, there
have been several approaches to combine classifiers
(outputs of individual classifiers), which have pro-
vided improved performance [e.g., ensemble classi-
fiers (Drucker and others, 1994), multiple classifier
system (Kittler and others, 1998; Fumera and Roli,
2005), mixture of experts (Gutta and others, 2000),
committees of neural networks (Chee and Harrison,
2003), neuro-fuzzy fusion (Meher and others, 2006),
etc.]. These classifier combinations are very popular,
and are considered to be one of the most promising
current research directions in pattern recognition and
machine learning (Kittler and Roli, 2001; Kuncheva,
2004). In the case of pattern recognition techniques,
Wolpert (1992) introduced stacked generalization
where the biases of multiple pattern recognition
techniques with respect to a training set was reduced
by generalizing in a second space where the inputs are
the outputs of the original space. Stacked general-
ization is a powerful approach to combine multiple
techniques and has not been widely used other than in
the machine learning community. In the case of
regression problems, ensemble techniques such as
multiple linear regression to obtain the final outputs
have been demonstrated (e.g., Hansen and Salamon,
1990; Perrone and Cooper, 1993; Jacobs, 1995; Dutta
and others, 2006). We utilized a similar approach by
combining complimentary estimations of various
geospatial and pattern recognition models to form
the basis of the MRPRT application as discussed in
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Figure 4. Observed vs. predicted Pt concentration values in mg/m® using the individual regression technique for Pt con-
centration values inside the Bay.

the next section. However, comparison of the
MRPRT method with other contemporary methods
discussed here is beyond the scope of this article.

THE MRPRT APPROACH
The MRPRT approach to model the Pt sample
data obtained from inside and outside the Good-

news Bay is summarized below:

1. In the case of the sample points inside the
Bay, eight input variables were used for the

final estimation of Pt concentrations using
the MRPRT model. The workflow of the
MRPRT approach considering the sample
points inside the Bay is presented in Figure 6.
These input variables were the estimated Pt
concentrations obtained using IDW, GPI,
LPI, RBF, OK, CK, SVM, and RVM.
However, in the case of sample points out-
side the Bay, three input variables gave the
best improved estimation using the MRPRT.
These input variables were the estimated Pt
concentrations using IDW, RBF, and SVM.
The reason for the fewer input variables
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Figure 5. Observed vs. predicted Pt concentration values in mg/m® using the individual regression technique for Pt con-
centration values outside the Bay.

improving the MRPRT model outside the
Bay is the non-complimentary nature of the
different individual regression techniques
(Figs. 3b, 5) which leads to data redundancy
when all of them are used together.

. In both cases (sample points inside and out-

side the Bay), 80% of the estimated data
from the individual regression models were
used for training and the remaining 20% for
testing. In the case of data from inside the
Bay, the reliability of evaluating the predic-
tive capability using an independent subset
for training and testing in the case of small

samples was verified using K-fold (K =5)
cross validation.

. Two pattern learning algorithms, the SVM

(MRPRT-SVM) and the RVM (MRPRT-
RVM), were used to verify the MRPRT.

. In the case of MRPRT-SVM, when the

radial basis kernel was used, there were three
parameters to be optimized during training:
they were the Gaussian radial basis function
parameter 7y, the magnitude of penalty term
C, and the width of the error margin ¢
(Hastie and Friedman, 2003). However, in
the case of MRPRT-RVM, the only parameter
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Figure 6. Workflow of the MRPRT approach considering the sample points inside the Bay.

to be optimized was the >, which was the
inverse kernel width for the radial basis
kernel function (Tipping, 2001).

5. The training data were used to obtain the
optimal MRPRT-SVM and MRPRT-RVM
parameters by K-fold cross validation
(K =5) and evaluated using E and r. The
optimal MRPRT-SVM parameters obtained
for the sample points inside the Bay were
y = 0.001, C =15, and ¢ = 0.15 and for out-
side the Bay were y = 0.00011, C = 100, and
¢=0.15. The optimal MRPRT-RVM
parameter was »_ = 0.91E—08 for the sam-
ple points inside the Bay, and }_ = 0.8E—08
for the points outside the Bay.

The estimative capability of the developed
MRPRT model was evaluated on the remaining
20% testing data.

RESULTS AND DISCUSSION

Figure 7 illustrates the estimative capability of
the MRPRT approach validated using the testing
data, and it was compared to the best individual
regression technique. Table 3 summarizes the
improvement in the estimative capability obtained
using the MRPRT approach compared to the best
individual regression technique for the sample
points both inside and outside the Bay. For sample
points inside the Bay, MRPRT approach using both
SVM and RVM considerably improved the estima-
tive capability compared with the RBF technique
(Fig. 7a). The r improved from 0.57 (RBF) to 0.89

using MRPRT-SVM and to 0.98 using MRPRT-
RVM. Similarly, the E improved from 28.31(RBF)
to 70.78 using MRPRT-SVM and to 95.69 using
MRPRT-RVM. The reliability of the approach of
using independent subset for training and testing in
the case of small samples was verified using K-fold
cross validation. The results from the K-fold cross
validation are presented in Table 4. It is observed
that the variation of r and E for small samples when
a single subset is used for testing is about 10%
compared to the more robust K-fold cross valida-
tion. In the case of MRPRT-SVM, r varied from
0.77 to 0.89 with a mean of 0.82 whereas, E varied
from 63.91 to 70.78 with a mean of 65.99. Similarly,
in the case of MRPRT-RVM, r varied from 0.87 to
0.98 with a mean of 0.93, whereas E varied from
90.06 to 95.69 with a mean of 92.91.

However, for sample points outside the Bay, the
estimative capability of MRPRT was only margin-
ally superior to both the SVM and RVM techniques
(Fig. 7b). The r improved from 0.56 (SVM) to 0.59
using MRPRT-RVM and to 0.61 using MRPRT-
SVM. Similarly, the E improved from 28.46 (SVM)
to 29.37 using MRPRT-RVM and to 34.52 using
MRPRT-SVM.

As mentioned before, MRPRT is an approach
that uses outcomes of several poorly estimating but
complimentary models to provide an improved
estimate using a pattern recognition method that
captures the estimative strengths of these models.
We observed that inside the Bay, both MRPRT-
RVM and MRPRT-SVM provided significantly
better accuracy than the individual geospatial
techniques. However, outside the Bay, both
MRPRT-SVM and MRPRT-RVM did not show



20

(@) 8
ez
R,.
— A ‘
o
2
Q
°
e
o
X 2
6.
e
© [ |
0 500 1000
Observed
A — RBF x ¢+« MRPRT-SVM
+ — SVM o - = MRPRT-RVM
(b) § —
°©
(0]
5 8
T W
o
o O- -
x

0 500 1000
Observed

Figure 7. Observed vs. predicted Pt concentration values
in mg/m® using the MRPRT-SVM, MRPRT-RVM and
the best individual regression technique for Pt concen-
tration values, (a) inside the Bay, (b) outside the Bay. The
linear models are included to summarize the general
trends in the predictions of the different models.

any considerable improvement in comparison with
the individual geospatial techniques. As noted
before, the global trend analysis of the available Pt
values revealed that the data from inside the Bay
were free from any spatial trend, while the data from
outside the Bay depicted strong trends in the north—
south and east-west directions. In the north-south
direction, it is found that the values of platinum
increase toward the north, whereas in the east-west

Oommen and others

Table 3. The Predictive Capability of the MRPRT Approach

Compared with the Best Individual Regression Techniques

Verified on the Testing Data for the Pt Samples Both Inside
and Outside the Bay Using r and E

Models r E (%)
Inside
RBF 0.57 28.31
MRPRT-SVM 0.89 70.78
MRPRT-RVM 0.98 95.69
Outside
SVM 0.56 28.46
MRPRT-SVM 0.59 29.37
MRPRT-RVM 0.61 34.52

Table 4. The Predictive Capability of the MRPRT Using SVM
and RVM Approaches Verified Using K-fold Cross Validation
for the Pt Samples Inside the Bay Using r and E

K-Fold r E (%)

MRPRT-SVM
Fold-1 0.89 70.78
Fold-2 0.79 64.18
Fold-3 0.82 65.06
Fold-4 0.86 66.00
Fold-5 0.77 63.91
Mean (Fold 1-5) 0.82 65.99

MRPRT-RVM
Fold-1 0.94 92.94
Fold-2 0.96 93.02
Fold-3 0.98 95.69
Fold-4 0.87 90.06
Fold-5 0.91 92.87
Mean (Fold 1-5) 0.93 92.91

direction, the values of platinum increase in the
center and decrease toward both east and west
(Oommen, 2006). The difference in the spatial trend
of Pt values within and outside the Bay indicates the
difference in the accumulation and depositional
processes of Pt in these regions. This could be a
potential reason for the difference in the MRPRT
performance inside and outside the Bay.

In addition, inside, the Bay acts as a well-con-
strained system for which we have reasonable
amount of well-distributed data points that capture
the variability of the process (geospatially interpo-
lation is the major factor in play for analysis).
Hence, the suites of geospatial and pattern recog-
nition models were able to provide complimentary
estimations, albeit with poor individual estimative
capability. In such situations, an MRPRT approach
could considerably improve the predictive capability
as observed in Table 3.
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Figure 8. Map showing the difference in the observed and predicted Pt concentration values in mg/m’
using both (a) MRPRT-RVM and (b) MRPRT-SVM for data inside the Bay. The size of the star symbol
correlates to the difference in the values with larger symbols representing higher differences between the

observed and predicted Pt concentration values.

On the other hand, the open water outside the
Bay provides an open-ended depositional environ-
ment where we have insufficient data capturing
process information further offshore. We envisage
the lack of significant improvement outside the Bay
by both MRPRT-SVM and MRPRT-RVM over the
individual SVM estimations, and that the two
MRPRT methods provided almost comparable
accuracy was because of the non-complimentary
estimative ability of the suite of individual geospatial

and pattern recognition model outcomes used
(Fig. 5). Being non-complimentary in nature, the
support vectors and the relevant vectors obtained
due to each method for the MRPRT models were
redundant, thus rendering the improvement in esti-
mative capability of the MRPRT difficult.

Figures 8 and 9 present the absolute difference
in the observed and predicted Pt concentration
values (mg/m’) using both MRPRT-RVM and
MRPRT-SVM for data inside the Bay and outside
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Figure 9. Map showing the difference in the observed and predicted Pt values using both (a)
MRPRT-RVM and (b) MRPRT-SVM for data outside the Bay. The size of the star symbol
correlates to the difference in the values with larger symbols representing higher differences

between the observed and predicted Pt values.

the Bay, respectively. The size of the star symbol
correlates to the difference in the values with larger
symbols representing higher differences between
the observed and predicted Pt concentration values.
In the case of data inside the Bay, the difference in
the observed to the predicted values is much lower
in the case of MRPRT-RVM (Fig. 8a) compared
to MRPRT-SVM (Fig. 8b). However, Figure 8a
and b demonstrates that the uncertainty between
the observed and predicted Pt values increase
towards the coast. In the case of data outside the
Bay, both MRPRT-RVM (Fig. 9a) and MRPRT-
SVM (Fig. 9b) have similar differences in the
observed compared to the predicted Pt values.
In general, it is observed that values north of

Goodnews Bay have higher uncertainty between the
observed and predicted Pt values compared to the
values south.

CONCLUSIONS AND RECOMMENDATIONS

The proposed MRPRT technique improved
the Pt predictions in the case of values both inside
and outside the Bay. This improvement was far
more significant inside the Bay where processes
were constrained and the prediction results by
individual analysis techniques were complimentary.
These results demonstrate that the developed
MRPRT approach holds promise, not only for
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marine Pt exploration but also for wider applications
in georesource estimation, where data paucity is
common.

Further research is required to establish criteria
for determining the optimal number of individual
regression techniques that should be included in the
MRPRT approach, and establishing the minimum
variation in the r required within the different
quartiles (or other statistical segregation of the data)
for obtaining a significant improvement in the esti-
mative capability when MRPRT is used. Another
aspect that needs attention in the future is the uti-
lization of a trend removal model for the enhanced
predictability of the MRPRT method.
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