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Innovation in mineral exploration occurs either in the construction of new ore
deposit models or the development of new techniques used to locate the ore
deposits. Band ratio is the image processing technique developed for mineral
exploration. The present study presents a new approach used to evaluate the band
ratio technique for discrimination and prediction of the Iron-Titanium mineralization
exposed in the Khamal area, Western Saudi Arabia using the ensemble Random
Forest model (RF) and SPOT-5 satellite data. SPOT-5 band ratio images are
prepared and used as the explanatory variables. The target variable is prepared in
which (70%) of the target locations are used for training and the rest are for
validation. A confusion matrix and the precision-recall curves are constructed to
evaluate the RF model performance and the Receiver Operating Characteristics
curves (ROC) are used to rank the band ratio images. Results revealed that the 3/1,
2/1 & 3/2 band ratio images show excellent discrimination with AUC values of
0.986, 0.980 & 0.919 respectively. The present study successfully selects the 3/1
band ratio image as the best classifier and presents a new Fe-Ti mineralization
image map. The present study proved the usefulness of the Random Forest classifier

for the prediction of the Fe-Ti mineralization with an accuracy of 97%.

1. Introduction

Band ratio is one of the most important remote
sensing techniques used to locate the ore deposits.
Selection of the best band ratio classifier can be
performed either visually or statistically [1-22].
The present study presents a new approach used
to predict the Iron-Titanium Mineralization
exposed in the Khamal area, Western Saudi
Arabia (Figure 1) using the RF machine learning
algorithm and the ROC curves. Data-driven
machine learning (ML) algorithms are capable of
learning and modeling complex patterns in a large
dataset [23]. The capabilities of machine learning
predictive models have emerged as a powerful
decision-making tool for mineral exploration.
Machine learning algorithms provide a valuable
prediction using several geo-datasets. The
Support Vector Machine (SVM) and the Random
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Forest (RF) are the most common ML models
used to predict mineral occurrences [24-45].
Multi-criteria decision-making GIS predictive
models (Knowledge-driven and data-driven) are
developed to generate predictive favorability
maps showing promising sites for mineral
occurrences [29, 46-64]. The Random Forest
regression is used to locate the gold deposits in
the Rodalquilar mining district, Southern Spain
[29]. Results indicated that the use of the RF
offers several advantages over existing methods.
Two individual regression models (KNN and
SVM) and two robust ensemble methods (RFR
and GBR) are developed to predict ore grades (Pb
and Zn) in the Irankuh area of Central Iran [43].
Results revealed that the hybrid method is
promising for predicting the ore elemental
distribution. The ensemble learning models,
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logistic regression (LR), and support vector
machines (SVM) are compared to predict the
lithological classes using geological and
geochemical data [45]. Results emphasize the
potential of ensemble learning models for
lithologic classification. A decision support
system based on remote sensing and GIS
techniques is developed for gold-rich area
mapping in SE Spain [50]. A Knowledge-driven
predictive model is used to generate a favorability
map for gold mineralization at the Bulghah gold
mine area, in Saudi Arabia using the integration of
several geo-datasets [56]. Also, a data-driven
predictive mapping using the Random Forest
algorithm is used to map mineral occurrences in
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different datasets [59]. The integration of Landsat
ETM imagery, geochemistry, airborne radiometric
data, and aeromagnetic data is performed to
produce a mineral potential exploration model of
the Riruwai Complex, Nigeria [62]. A knowledge-
driven GIS predictive model is used to generate
the favorability maps for gold and copper
mineralization for south Gabal Um Monqul and
the Gabal Al Kharaza prospects, the northern
Eastern Desert of Egypt [63]. A processed
multispectral satellite data is used to map the gold
deposits in the Hamissana area, NE Sudan based
on a Random Forest predictive model [64].
Results revealed that ASTER and Sentinel-2
datasets achieved very similar accuracy.
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Figure 1. Location map for the study area (modified after [20]). The yellow asterisk indicates the location of the
study area.

2. Study Area and the Fe-Ti Mineralization

The study area is located in the northwestern
part of the Arabian Shield (Figure 1). It is covered
by a sequence of ultramafic-mafic rocks that
belong to the Wadi Khamal-Wadi Murattijah
complex [65]. It represents a well-known example
of Neoproterozoic post-collisional layered mafic
intrusions [66]. It hosts ore deposits characteristic
of layered intrusions, including Fe-Ti oxides and
Fe-Ti-apatite-rich nelsonite. Several authors
studied the geology, mineralogy, stratigraphy, and
mineralization of the Wadi Khamal Complex [67-
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72]. The study area is dominated by a sequence of
ultramafic-mafic  rocks intruded on the
metamorphic rocks of the Farri group and post-Al
Ays granitoid rocks (Figure2). This rock sequence
was intruded by younger granitic batholiths, and
mafic dykes, and is locally overlain by Tertiary to
Quaternary basalt flows, marine sediments, and
alluvial terraces. The Khamal complex can be
classified into four main units namely; 1)
Marginal gabbro unit (KU1), 2) Anorthosites
(KU2), 3) Central gabbros (KU3), and 4)
Northern gabbronorite (KU4) [66]. The RF model
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was applied to the SPOT 5 subsets covering the
KU2 and KU3 units. The Fe-Ti mineralizations
are commonly formed during the late stage of
fractionation of basic magma and are mainly
associated with the Gabbro-Anorthosite Complex.
The main factor controlling the distribution of the
mineralization in the study area is lithology. Two
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types of Fe-Ti mineralization are recorded [65];
(1) massive nelsonite bands of magnetite-ilmenite
and apatite in different proportions, and (ii)
massive magnetite-ilmenite ore found either as
bands intercalated with nelsonite or as dike-like
bodies hosted by anorthosite.
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Figure 2. Part of the geological map for the Khamal area, (modified after [66]).

3. Methodology

Spatial Data Science (SDS) is a part of data
science concerned with the analyses of spatial
data. One of the main activities of SDS is the
predictive modeling. It is a statistical technique
that utilizes machine learning algorithms to
predict future outcomes with the aid of historical
data. Figure 3 shows the general methodology
used to predict Fe-Ti-mineralization and the
selection of the best band ratio classifier. SPOT 5
data are digitally processed using PCI image
processing software. Image subsets from the
original multispectral images covering the study
area are prepared. The band ratio technique is the
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main image processing technique used to generate
SPOT-5 band ratio images which are used as
explanatory variables in the Random Forest ML
model. A dependent variable consisting of 106
mineralized and non-mineralized locations is
prepared. It is split into (70%) for training the
model and (30%) for validation. A Random Forest
model is performed using the ArcGIS Pro
package. A confusion matrix and precision-recall
curves are used for model performance and
validation. The ROC curves are generated and
evaluated to determine the most successful
classifier for Fe-Ti-mineralization predication and

mapping.
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Figure 3. General methodology for prediction of Fe-Ti-mineralization using the RF ML model.

3.1. SPOT 5 Satellite Data

SPOT series are high spatial resolution Earth
observation satellites operating in visible-near-
infrared wavelength regions. The SPOT 5 satellite
contains two identical High-Resolution cameras
providing 2.5 m and 5 m resolution in a
panchromatic mode and a 10 m resolution in a
multi-spectral mode. The SPOT 5 has four
spectral bands: Bandl (0.50-0.59 pm); Band2
(0.61-0.68 um); Band3 (0.79-0.89 um); and MIR-
band (1.58-1.75 um). Several authors utilized
SPOT 5 data in land use/land cover mapping,
Natural disasters, and urban planning applications
[73-79]. Few studies utilized SPOT data for
geological mapping [7]. In the present study,
image subsets from the original SPOT 5
multispectral images are prepared and processed
using the band ratio technique.

1360

3.2. Preparation of Explanatory and Target
Variables

The explanatory variables are represented by the
band ratio images prepared from the multispectral
SPOT-5 data. Band ratio is an important
technique used for mineral identification and
lithologic discrimination [1, 3, 4, 9, 18, 20]. SPOT
5 satellite data is utilized for mapping gold
mineralized diorite-tonalite intrusion in the
Bulghah gold mine area, Saudi Arabia [7]. Band
ratio technique is used to discriminate the
listvenite and serpentinite rocks along some shear
zones, in Saudi Arabia [20]. Figure 4 shows the
results of the band ratio technique applied to
SPOT data. These images are used to discriminate
gabbros from anorthosite rocks and to predict the
Fe-Ti mineralization. Visual inspection revealed
that: 1) anorthosites have dark grey image
signatures on images 4/1, 4/2 & 4/3 whereas
central gabbros have bright grey image signature
on 2/1 band ratio image.
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Figure 4. Explanatory variables: SPOT S band ratio images.

The target variable is represented by the
mineralized and non-mineralized locations
covered in the study area (Figure5). The
mineralized locations are used after [66]. Two
types of Fe-Ti mineralization are recorded in the
study area; (i) massive nelsonite bands, and (ii)
massive magnetite-ilmenite ore found as dike-like
bodies hosted by anorthosite. The mode of
occurrence of the mineralization and their
dimensions in addition to the spatial resolution of
SPOT 5 data are favorable conditions for the
prediction of the Fe-Ti mineralization using a
machine learning model. The Ilast type of
mineralization (massive magnetite-ilmenite dike-
like bodies) is the main target of the RF model.
The non-mineralized sites are represented by the
host rocks such as gabbros and anorthosites. The
RF model is applied to the SPOT 5 subsets
covered by the anorthosites and central gabbros.
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3.3. Random Forest (RF) Algorithm and Model
Performance

The Random Forest machine learning model is
used to predict the Fe-Ti mineralization. The
model falls under the umbrella of ensemble
classifiers and is characterized by bootstrap
aggregation and randomization. The RF model
allows the user to build optimal decision trees
based on the aggregation of multiple iterative
trees built from randomly selected samples of the
training step [80]. Several authors demonstrated
the ability of the RF model to show the variable
importance during the training and prediction
stages [30,33,81]. The number of trees and the
explanatory variables are the main parameters
required to implement the RF model. In the
present work, the number of trees is set to the
default (100) whereas the explanatory variable is
represented by the SPOT 5 band ratio images.
Several authors utilized the RF model and other
machine-learning models for mineral exploration,
among them [30,33,39,40, 43,44,45,59, 82,83]. In
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this study, confusion matrix and classification
reports are generated to evaluate the model
performance.  Accuracy, precision, recall
(sensitivity), and Fl-score are generated and
evaluated. In the present study, a precision-recall
curve is evaluated for the model performance. It is
a plot of the precision (y-axis) and the recall (x-
axis) for different thresholds [84, 85]. A
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precision-recall curve is useful in the case of
imbalanced data (as in the case of our study) in
which there are many observations of class 0 and
few of class 1. The Receiver Operating
Characteristics (ROC) curves are evaluated to
select the best classifier from the explanatory
variables.

E Mineralized Locations

-
,'" Non-mineralized Sites
STy

Figure 5. The target variable. Yellow dots represent the mineralized locations.

4. Results and Discussion

Collinear analysis is the study of the linear
correlation between the independent variables.
Results of this analysis revealed: 1) the presence
of strong positive correlations between a) ratio 4/3
and ratio 4/1 (R2=0.97); b) ratio 3/1 and ratio2/1
(R2= 0.86); c) ratio 4/2 and ratio4/1 (R2= 0.81);
and d) ratio 3/2 and ratio 3/1 (R2= 0.81); 2) the
presence of negative correlations between a) ratio
4/3 versus 3/2, 3/1 and 2/1 ratios; b) ratio 4/2
versus 3/2, 3/1 and 2/1; and c) ratio 4/1 versus
3/2,3/1 and 2/1. In the present study, all the above
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ratios are used as the explanatory variables during
the implementation of the RF model.

4.1. The (RF) Model
Evaluation

Random Forest

The Random Forest model is implemented
using a reference variable containing about (106
points) of mineralized and non-mineralized
locations. The model is trained using 70% of these
points and is validated using the rest (30%). The
six SPOT band ratio images are used as
explanatory variables.  Figure 6 shows the
variable importance of SPOT band ratio variables
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during the training (Figure6a) and the prediction
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(Figure6b) stages.
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Figure 6. SPOT variable importance during, a) training and b) prediction stages.

The ratios 4/3, 4/1, and 3/2 are the most
important variables in the training stage with
values reaching 28%, 27%, and 19% respectively.
During the prediction stage, the ratios 4/1, 4/2,

and 3/2 are the important variables reaching 42%,
20%, and 18% respectively. Table 1 shows the
importance percentage for each variable during
the training and prediction stages.

Table 1. SPOT variable importance percentage.

Variables I-train %ftrain I-Pred %Pred
RS-41 0.041082 27.328 0.06035 42.6
RS-42 0.013397 8.912 0.02837 20.026
RS-32 0.029056 19.328 0.02588 18.268
RS-43 0.043331 28.823 0.016726 11.807
RS-21 0.017216 11.452 0.009091 6.417
RS-31 0.00625 4.157 0.00125 0.882

The confusion matrix and the precision-recall
curves are used for model performance and
evaluation. The confusion matrix is organized to
map the prediction classes to the original classes
of the data. It reports the numbers of true positives
(TP), false positives (FP), true negatives (TN),
and false negatives (FN). During the training
stage, among 106 samples of actual data, 66
samples were classified as true positive, 3 samples
as true negative, 8 samples as false positive, and
29 samples as false negative. Figure 7 shows the
confusion matrix of the RF model applied for
SPOT ratios. For the prediction, among 32 (30%)
samples of actual data, 28 samples are classified
as true positive, and 3 samples are classified as
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true negative. The overall accuracy reached up to
97%. Figure 8 shows the new locations of the Fe-
Ti mineralization predicted using the RF model.

Actual 0s

Actual 1s

Predicted 0s

Predicted 1s
Figure 7. Confusion matrix of SPOT data.
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Figure 8. New locations of Fe-Ti mineralization (black spots) predicted using the RF model.

Due to the imbalanced observations of the
dependent variable, the precision-recall curves
have been constructed to show the model
performance. Figure 9 shows the result of the
precision-recall curves. Table 2 shows the

variable performance items F1& AUC for each
variable at the optimum threshold value. The
ratios 3/1, 2/1 & 3/2 have the F1 & AUC values
of 0.800, 0.842, 0.636 & 0.894, 0.806, 0.514
respectively.

Table 2. Variable performance items (F1& AUC).

Associated

Variable e . F1 AUC
Criterion
Ratio 3/1 1.582 0.800 0.894
Ratio 2/1 1.420 0.842 0.806
Ratio 3/2 1.129 0.636 0.514
Ratio 4/3 0.532 0.286 0.139
Ratio 4/1 0.835 0.333 0.131
Ratio 4/2 0.632 0.220 0.094

4.2. Evaluation of the Band Ratio technique
using the ROC Curves

The Receiver Operating Characteristic (ROC)
curves are graphs showing the performance of the
classification model at different thresholds. They
are useful for organizing classifiers and
visualizing their performance [86]. It is commonly
used to evaluate predictive models and is
frequently used in machine learning models. The
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curve has two parameters namely true positive
rate and false positive rate, expressed as the
following equations: (True positive rate (TPR) =
TP/TP+FN) and (False positive rate (FPR) =
FP/FP+TN). Whereas TP is true positive; FN is
false negative; FP is false positive & TN is true
negative. In the present study, the ROC curves are
used to select the best classifier used for the
prediction of Fe-Ti-mineralization. Table 3 shows
the variable performance items (sensitivity,
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specificity, accuracy & AUC) measured at the
optimum threshold value. It shows that the 3/1
ratio is the best classifier with accuracy reaching
94.79% and AUC reaching 0.986. Band ratios 3/1,
2/1 & 3/2 exhibit good discrimination with AUC
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values 0f 0.986, 0.980 & 0.919 respectively. Band
ratios 4/3, 4/1 & 4/2 show less discrimination and
have AUC values of 0.703, 0.683 & 0.534
respectively. Figure 10 shows the ROC curves for
the explanatory variables.
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Figure 9. Precision-recall curves of the explanatory variables.
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Table 3. Variable performance items (sensitivity, specificity, accuracy & AUC).

Variable Cutoff value  Sensitivity Specificity Accuracy AUC Remarks
Ratio 3/1 1.568918 100.00 94.79 0.9479 0.986 excellent discrimination
Ratio 2/1 1.398237 100 92.71 0.9271 0.980 excellent discrimination
Ratio 3/2 1.117008 90.00 83.33 0.7333 0.919 Acceptable discrimination
Ratio 4/3 0.553021 100.00 47.92 0.4792 0.703 less discrimination
Ratio 4/1 0.835634 90.00 63.54 0.5354 0.683 less discrimination
Ratio 4/2 0.632206 100 26.04 0.2604 0.534 less discrimination
100 —
| — .'...E J .’-- - --:
i r,..i ek
z - : ;
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2 m .
8 & Ratio 4/2 ]
m | —
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Figure 10. The ROC for SPOT band ratio classifiers.

5. Conclusions

The present study successfully evaluates the
band ratio technique using the ROC curves. It
utilized the SPOT 5 satellite data and the Random
Forest (RF) model to predict the Fe-Ti
mineralization. A set of band ratio images are
prepared and used as input variables. The RF
model was trained according to the target variable
which contains mineralized and non-mineralized
locations. The following conclusions are reached:
1) the 3/1 band ratio image shows excellent
discrimination of Fe-Ti mineralization with AUC
values of 0.986; 2) the prediction accuracy of the
RF model reached up to 97%; 3) a new image
map shows the distribution of the Fe-Ti
mineralization is generated; 4) the present study
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proved the usefulness of the RF algorithm for the
prediction of Fe-Ti mineralization.
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