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Abstract: Nowadays, artificial intelligence methods have been broadly developed and applied for
variable estimation to facilitate decision making in many fields. Grade estimation is an important issue
in evaluating mineral deposits. Geostatistical methods are among the most commonly used approaches
for variable estimation. Since these methods are somewhat defective in relation to limited numbers of
dispersed nonlinear data, in this study, the support vector regression, a machine learning method, has been
used for grade estimation in Esfordi phosphate deposit. The modeling accuracy was 84% according to the
test data. Based on the results obtained from the modeling using the support vector regression method, grade
estimation has been made within the block model in Esfordi phosphate deposit. The proposed potential
areas in the block model can be taken as the the additional borehole sites in the further exploration stage.
The tonnage-grade model was also prepared based on the results obtained by using the support vector
regression modeling procedure. For example, based on this model, for a 6% cutoff grade, the reserve is
about 15.36 million tons with an average grade of 13.59%.

Keywords: Machine learning algorithms, Support vector regression, Modeling, Estimation, Esfordi
phosphate.

INTRODUCTION
There are several classic and linear estimation methods that can be expressed in mathematical form as
below:

2@) = ) AZ(x) (1)
i=1

Where A, is the weight of iz sample for block v. linear estimators are different in how they determine
the weights of samples. After development of computational software, some methods such as geostatistics
became common for variables estimation. Geostatistics is generally referred to method of estimating
one unknown variable using known variables surrounded it [1]. In the case of encountering nonlinear
data, nonlinear estimators should be used to improve the accuracy of the estimation [2]. Furthermore,
geostatistical methods are highly sensitive to distribution and quantity of data, so that estimations become
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very hard or even impossible in case of low data quantity or spatial dependency [3]. As novel variable
estimation approaches, machine learning algorithms were used in this study to estimate the unknown
variable. These algorithms can reveal the relationship between input (e.g. sample coordinates) and targeted
variable (e.g. ore grade at known points) after being well trained with enough data. Assumptions such as
linearity of components, coefficients, or relations are not necessary to be considered for these algorithms
[2]. Artificial neural networks [4], random forest [5], and support vector machines [6] are of mostly used
intelligent methods for grade estimation. Support vector regression (SVR) was used in this study to estimate
the grade in Esfordi phosphate deposit. Robust mathematical reasoning of support vector regression has
led to a widespread acceptance. Compared to the other scientific branches, few studies have considered the
application of SVR in earth sciences. In this research, support vector regression was firstly compared with
kriging and then implemented to estimate phosphate grade in Esfordi deposit.

METHODS

A total of 3781 data comprising geographical coordinates (X, y, z) and P,O, percent, were obtained from
59 boreholes in Esfordi Phosphate deposit.

Support Vector Regression

SVR is a type of support vector machines that is commonly used for function approximation. Method
includes training algorithms and is based on but more complete than the support vector classifier machines
[7]. The SVR, which is based on the statistical learning theory and the structural risk minimization, was
firstly introduced by Vapnik in 1990s[8].

Kiriging

Kriging is a well-known estimation method in modeling and estimating mineral deposits. It is proposed
with the aim of considering spatial correlation in modeling and estimation processes [9].

FINDINGS AND ARGUMENT

Grade Estimation Using Support Vector Regression

After preparing and determination of training and test datasets (80% and 20%, respectively), radial basis
kernel function (RBF) was selected in order to estimate and model the phosphate grade using the support
vector regression method. Better functionality was the main reason of using this kernel. In the next step,
parameters were needed to be carefully determined to obtain a model with high generalization ability. In
this regard, the grid search method with cross validation was used to determine optimal values for the model
parameters. Model was then trained using the training dataset and finally evaluated on the test dataset.

Grade Estimation Using Kriging Method

As one of the most widely recognized grade estimation methods, kriging was used in this study to
compare with the results obtained from SVR. The distribution function curve and Kolmogorov-Smirnov
test proved the log-normality of the dataset, and hence, log-kriging method was performed to estimate
the grade. Afterwards, the logarithmic experimental variogram of the phosphate grade was calculated
and fitted to the model. Cross validation method was then used to select the best possible model. After
obtaining the optimal parameters, kriging performance was assessed on training and test datasets. Results
of applying support vector regression and kriging methods on both training and test datasets are tabulated
in Table 1. For both training and testing sets, as can be seen in the Table 1, support vector regression was
outperform to kriging in terms of the evaluation indices of correlation coefficient and root mean square

Table 1. Evaluation results of SVR and Kriging methods (training and test datasets)

Kriging Support Vector Regression

Train Test Train Test
Correlation Coefficient 0.830 0.820 0.8526 0.8466
RMSE 5.3346 5.3868 4.5666 4.4475

No. of data 3025 756 3025 756

IFAA Sl € 0 3ladd ¢ slazr 0599 2 ¢



Journal of Mineral Resources Engineering (JMRE)

error, demonstrating the higher efficiency of SVR compared to the kriging method in estimating phosphate
content in study area.

Block model estimation and preparation of tonnage-average grade based on SVR model

The evaluation results of SVR and kriging methods listed in Table 1, indicating better performance
of the SVR method. Therefore, SVR was used to estimate phosphate grade in the block model of Esfordi
phosphate deposit. At this stage, the geological model of the deposit was converted to block models of
30x30x30 m dimensions, and then, using the trained SVR model, grade of each block was estimated. As an
example, Figure 1 shows the estimated horizontal section relating to level 1660-meter.

Section Level 1660.00
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Figure 1. Horizontal section estimated by SVR, corresponding to level of 1660 m

Preparation of the tonnage-grade model was the next step, since there is always a need to determine the
relationship between tonnage and average grade of the deposit for different cutoff grades. Figure 2, shows
curves of tonnage and average grades of the Esfordi phosphate deposit versus the cutoff grade, according
to the cutoff grades presented in Table 2 and the results obtained from the SVR method. The grade-tonnage
curves was prepared with the specific gravity of 3.25 ton/m>.

Table 2. Average tonnage and grade values at different cutoff grades in Esfordi phosphate deposit

Average Grade (%) Tonnage (million ton) Cutoff Grade (%)
11.27 20.88 4
13.59 15.36 6
14.5 13.51 8
15.58 11.32 10

70
60 -
£ 20 %
E <]
g 2 §,,
E 20 :

5 10 15 20
Cutoff Grade (%)

~#—Tonnage

—+— Average Grade

Figure 2. Changes in tonnage and average grade versus the cutoff grade in Esfordi phosphate deposit (based on

results of the support vector regression)
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CONCLUSIONS

As a new and effective approach, variable estimation has enabled decision making in many branches of
science. Grade estimation is one of the most important issues in evaluating mineral reserves in earth sciences.
Different methods can be considered to estimate the grade, the most common of which is geostatistics. In
case of nonlinearity, however, nonlinear estimators should be used to improve and ensure the accuracy
of the estimation. As one of the most efficient machine learning methods, support vector regression was
used to estimate the grade in Esfordi phosphate deposit. Accordingly, the optimal values of the model
parameters were firstly obtained by means of the grid search method, and then modeling was performed
using the LIBSVM function and optimal parameters. The model obtained was then evaluated on test data
and compared with results obtained from Kriging as one of the most common geostatistical techniques. SVR
showed a high capability to estimate grade as one of the key parameters of reserve evaluation. Obtaining
results were then used to estimate the grade based on the other data parameters of Esfordi block model.
Results obtained from SVR are acceptable and can be incorporated in future mine economic assessments
and design processes. The amount and average grade of the deposit were then determined based on the SVR
estimated grades and different cutoff values.
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