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A Comparison of Geospatial Interpolation Techniques for Gold
Anomalies in Wassa- Amenfi District, Southwest of Ghana.

Abstracts

In spatial interpolation, the Inverse-Distance Weight (IDW) and Kriging methods are two of the most
widely used deterministic and geostatistical models. In deterministic techniques, interpolation is
performed using mathematical functions, whereas geostatistics uses both statistical and mathematical
methods to create surfaces and assess the uncertainty of predictions. The goal of this paper is to compare
the Kriging and IDW spatial interpolation methods in the Wassa-Amenfi District using gold concentration
data collected by the Ghana Geological and Survey Authority. The prediction accuracy of the spatial
interpolation models was improved by reducing the complexity of the time series gold concentration
dataset using the logarithm and Box-Cox data transformation method. The performance of these methods
is measured using the Root Mean Square Error (RME). Kriging model R? of 0.92 and 0.81 in both Box-
Cox and logarithm transformed Au datasets were greater than IDW R? squares of 0.78 and 0.87. As a

result, the kriging method outperformed the IDW and was found to be the best interpolation technique for
mapping and predicting gold concentration anomalies in the Wassa-Amenfi District, located in

Southwest Ghana.
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1.0 Introduction
Mining projects relating to precious metals such as Gold (Au) deposits, require accurate information on
tonnage and grade to ensure credible resource estimates and good project feasibility [1- 3]. This

requirement has become very crucial in recent years, due to the negative impacts of increasing depletion



of high-profit deposits, unstable world market prices, cost of production and weak legislation, among
other factors [4]. Notably, many companies failed to live up to expectations due to poor grade and
tonnage estimations, as well as ineffective geological controls [5,-8]. Accurate mineral resource and
mineral reserve evaluations, therefore, form the basis on which economic decisions are made on mining
project estimation have been mainly by polygonal method and a factor applied for error correction [9].
Though historically, these methods might have worked satisfactorily, there are also many drawbacks due
to inherent assumptions that lead to overestimation [10].

Kriging and the Inverse Distance method are commonly used in spatial interpolation and prediction in
geostatistical data modelling. Geostatistical modelling has its roots in the mining industry, where the
model was used to estimate and interpolate metal grades in the study area. Because spatial processes are
highly dependent, geostatistical models forecast using data from the nearest neighbours. In addition, the
uncertainty measure associated with the prediction of the process at an unobserved location depends on
the proximity of observed values of the process. The Inverse Distance Weight (IDW) has long been the
most popular data interpolation technique. The IDW estimate is because any pair of points is dependent
on each other, and their similarity is inversely proportional to the distance between them. According to
[11], not all points' spatial dependencies are proportional to distance. In addition, IDW cannot estimate
the variances of predicted values in unsampled locations as compared to what geostatistical methods such
as kriging can provide [12]. Amadu et al. in 2014 used geostatistics to estimate a shear-hosted gold
deposit at Obuasi, and their findings demonstrated the utility of geostatistics in determining the

architecture of Au mineralization at the deposit scale.[13]

[14], use the Kriging and IDW methods to model gold anomalies in the North-Western part of Ghana
Their findings indicated that both methods used in the analysis showed no contradiction, indicating the
same Au anomalies zones. However, before applying any spatial interpolation technique to any dataset,
data normalization is required. According to a review of the literature, the most commonly used method
of data transformation is the logarithm approach without any simulation to determine the best method of
transformation. The Kriging and IDW methods were compared after a Box-Cox and logarithm
transformation of gold concentration to determine the best spatial interpolation model and data
transformation method. The robust model with the best data normality transformation method was used to

interpolate gold concentration anomalies in the study area.

2.0 METHODS



2.1 Sample Data

For the study, two thousand, seven hundred and fifty (2,750) soil samples were collected on a grid basis at
Adiembra in Wassa-Amenfi District using the soil auger drilling method at an average depth of 3 m. The
gold concentration in parts per billion in these samples was determined by the Ghana Geological Survey
Authority using graphite furnace atomic absorption spectrometry (GF-AAS) [15,16].

2.2 Study Area

Primary gold mineralization in Ghana occurs along shear zones composed of quartz veins within 240 km-
long Birimian greenstone belts. There are at least four of these belts (Kibi-Winneba, Ashanti,
Asankrangwa, and Sefwi) [17]. Gold quartz veins run across full-size primary orebodies, intensely
entering fissures and shear zones at metasedimentary and metal volcanic rock contacts. Quartz with
carbonate minerals, inexperienced sericite, carbonaceous partings, and steel sulfides and arsenides of Fe,
As, Zn, Au, Cu, Sh, and Pb predominate in the veins. According to [18], impervious isotope analyses of
host-rock and ore factors showcase that mineral deposition took location all through elaborate multi-stage
mineralization events, with higher temperature minerals deposited from dilute aqueous preferences to
produce gold mineralization, which can be altered through a secondary dispersion mechanism. The
Ashanti-Belt and which runs through the Wassa-Amenfi District is made up of three major geological soil
formations: Upper Birimian, Lower Birimian, and Granites. The district's granite deposits are rich in
minerals such as gold and iron, this is why the study area was chosen. The research region is depicted in

Figure 1.



Figure 1: Concession map of the study area



2.3 Model Formulation

2.3.1 Semi Variogram

A variogram is a useful tool for describing the behaviour of non-stationary, spatially random processes. It
is an "essential step" in geostatistics for analyzing spatial variability [19]. Kriging predicts the value of a
function at a given point by computing a weighted average of the function's known values in the point's
neighbourhood. The method is very similar to regression analysis. Calculations in several directions, such
as, along strike, across strike and down dip directions give an insight into the structural and geometric
controls on the orebody [20]. The variogram represents the variance between sample pairs as a function of
the distance (lag) between the samples in a particular direction [21]. An experimental variogram, y (h) *
can be defined as [22]:

' () =3y {Z2(x) — Z(x + hY (1)
Where Z(x;) is the value of Au concentration at x; ,Z(x; + h) is the grade of the sample at distant h

from the point x; and n is the number of sample pairs.

2.3.2 Kriging Methods

Consider a collection of random variables {Z(s):s € D c R4}, which we refer to as a random spatial
process. The mean function of the process Z(.) is defined as being E[Z(s)] = uz(s) s € D, and the

covariance function is defined as

C2(si5) = covi{Z(s), Z(s5;) ) ()
forany s; € D and s; € D. Both functions exist if we suppose that var (Z(s)) < o, exists for every s € D.

Spatial processes of the type described above serve as the foundation for statistical studies of
geostatistical data. The kriging method is given by:

Zpew =wW1Zq + wyZy +. .+ w; Z + &, , Where W’s are weights that are applied to the

AU concentration. Estimation of w’s:

-1
cov(zy,2z1) cov(zy,23) ... cov(zy,z;) coV(Zpew » Z1)
w=| cov(zy,z1) cov(zy,273) ... cov(zy,z;) cov(Zpew ,22) | (3)
cov(zz,z1) cov(zz, ) ..... cov(zs,z;) cov(Zpew » 23)



2.3.3 Inverse Distance Weight

Inverse Distance Weight (IDW) interpolation uses a linearly weighted combination of a set of sample
points to determine cell values. The weight is determined by the inverse distance. The interpolated surface
should be that of a locationally dependent variable. Estimation of IDW is given equation (5)

MZy+AZy + A Z; . 1
Zyow = Aoy L, (4) where I, j=1,2... and A, = n (5)

where d denotes the distance between the unknown point and its nearest neighbours. The exponential
power p is used to increase the weight of the nearest data point while decreasing the weight of the far data

point.

2.4 Model Validation

The model was validated using cross-validation, which removes each sample value from the datasets and
uses point kriging and IDW to re-estimate the sample value from the remaining data using the test
model[23].

3.0 RESULTS AND DISCUSSIONS

3.1 Descriptive Analysis of Sample Data

Table 1 highlights the descriptive analysis of the data collected.

Table 1: Descriptive Analysis of Raw Gold Sampled

Mean Maximum  Minimum Std. Skewness Kurtosis

5.24 990.0 1.0 25.11 27.12 46.45

In general, the index's maximum and lowest Au contents are considerably distinct. A high standard
deviation indicates that Au content varies greatly. Positive skewness is also apparent, showing that the

right tail is especially severe, indicating non-symmetric yields for the Au concentration.
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Figure 2: Histogram of Au concentration

The histogram in Figure 2 shows that the data is not symmetrically distributed. The dataset’s right
skewness and high kurtosis indicate that the distribution concentration of Au in the study field is not
uniform, with the majority of the data values being the same and only a few data values having extreme
Au concentration. Due to the spatial dependence of datapoints, geochemical datasets are not normally
distributed [24].

3.2 Logarithm transformation

The logarithmic transformation reduced the mean and standard deviation data from 5.24 to 2.21 and 25.11
to 3.78, respectively. The skewness and kurtosis are now 1.96 and 3.95, respectively. The datasets were
considered normally distributed because their skewness and kurtosis were within the acceptable ranges of

skewness between 3 and + 3 and kurtosis between 10 and + 10 according to [25].

Table 2: Log transformation of Au Sampled

Mean Maximum  Minimum Std. Skewness Kurtosis

2.21 38.32 1.03 3.78 1.96 3.95

3.3 Box-Cox transformation

Thus, Box-Cox (BC) transformation was also applied to the dataset to obtain optimal parameters that will

aid in data transformation. (Figure 3).
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Figure 3: Box-Cox Plot of Au

In Figure 3, the estimated value for the optimal (X) was 0.62. The obtained confidence intervals do not
include 0, indicating that logarithm transformation would not be appropriate for the datasets. Furthermore,
the rounded value of 0.5 falls within the confidence interval, implying that the best normality
transformation would be achieved by square rooting the Au datasets. Table 3 summarizes the statistics of

the Au dataset after being transformed with the square root.

Table 3: Summary Statistics using BC transformation of Au

Mean Maximum  Minimum Std. Skewness Kurtosis

1.72 31.46 1.00 1.52 1.42 2.45

The means in Table 3 after the BC transformation is now 1.72 instead of 5.24 before the transformation.
Before the transformation, the standard deviation was 25.11; now, it is 1.516. According to [25], the
skewness of 1.42 obtained in Table 4 falls within the range of data normality, although [26] stated that no

dataset is perfectly normally distributed; rather, the data must be close to normal.

3.4 Model Performance Test

To determine the best model, the kriging and IDW models were compared using the two methods of data

transformation.

Table 4: Model Comparison



BC Kriging Log kriging BC IDW Log IDW
RME 2431 5.895 6.65 7.50
R? 0.93 0.82 0.79 0.74

The results show that Box-Cox (BC) kriging significantly improved Au concentration estimates by
reducing the overall estimation error by 34% and increasing the coefficient of determination by 11%.
Table 4 results show that BC kriging is more robust in modelling Au in Wassa-Amenfi.

According to the coefficient of determination (R?) in Table 4, the independent variable predicted 93 per
cent of the dependent variable in the BC Kriging model, indicating a perfect fit and a highly robust model.
The results also show that BC kriging significantly improved log kriging Au concentration estimate by

reducing the overall estimation error by 34% and increasing the coefficient of determination by 11%.

3.5 Gold Spatial Distribution

BC Kriging was used to forecast Au concentration at unsampled locations using a linear combination of
observations from nearby sampled locations. Figure 4 shows the fitted gaussian semi-variogram model
with a nugget effect of 0.1 and a nugget-to-sill variance of 0.52. The moderately high nugget-to-sill

variance was caused by the banded nature of the mineralization, which is primarily due to the presence of

impurities, specifically Si0, and Al,0,, caused the moderately high nugget-to-sill variance.[27]

Kriging-variogram

=
=
o

=]
o
B

[=]
e
X}

£2mi vatiogram
=] =]
m =

=]
@
L]

o 50 100 150 20?ag distanDéSG 300 350 400 450 |



Figure 4: Semi-Variogram With Fitted Gaussian Model

Weights derived from the spatial covariance structure of the sampled points from the variogram were
used to interpolate values for unsampled points across the spatial field, and the result is represented in
contour a (Figure 5) and 3D surface (Figure 6) maps after determining the spatial covariance structure of

the sampled points from the variogram.

The colour scale results in figures 5 and 6 were used to indicate where Au anomalies are located on the
field. The red colour on the scales indicates areas with higher gold concentrations. According to [28], the
Wassa-Amenfi deposit is hosted in strongly sheared granitoid that are structurally controlled on the
Asankrangwa belt, so the random distribution of Au anomalies was logical because this shear zone is not

located in the study area's centre.
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Figure 5: Delineation map for Au



Figure 6: A surface map for Au.

4.0 CONCLUSION

Kriging and IDW methods were compared to determine the most robust spatial interpolation model.
However, due to the strong spatial correlation structure of the dataset, the Kriging method
outperformed the IDW method and was found to be the most effective in modelling the spatial
distribution of gold within Wassa-Amenfi. Since gold grades were hosted within sheared zones of the
granitoid. The much wider distribution of the Au anomalies zone, which was partly located in the study
field's mid-portion, was logically possible as a result of a secondary dispersion mechanism that could

have occurred regularly to change the vital constituent.
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