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ABSTRACT

Several raw materials for “green” energy production, such as high purity quartz, lithium, rare earth elements, beryllium,
tantalum, and caesium, can be sourced from a rock type known as pegmatite. The GREENPEG project
(https://www.greenpeg.eu/), started in May 2020, is developing and testing new and advanced exploration technologies
and algorithms to be integrated and upscaled into flexible, ready-to-use economically efficient and sustainable methods
for finding buried pegmatites and their “green” technology raw materials. One of the tasks of this project aims to apply
different image processing techniques to different satellite images (Landsat, ASTER, and Sentinel-2) in order to
automatically identify pegmatite bodies. In this work, we will present the preliminary results, regarding the application
of machine learning algorithms (ML), more specifically, random forests (RF) and support vector machines (SVM) to one
of the study areas of the project in Tysfjord, northern Norway, to identify pegmatite bodies. To be able to determine the
classes that would make up the study area, geological data of the region, such as lithological maps, aeromagnetic data,
and high-resolution aerial photographs, were used to define the four classes (1. pegmatites, 2. water bodies, 3. vegetation,
4. granite). All training locations were randomly selected, with 25% of the samples split into testing, and the remaining
75% split for training. The SVM algorithm presented more promising results in relation to overfitting and final image
classification than RF. Testing the algorithms with several variables of parameters was able to make the process more
efficient.
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1. INTRODUCTION

Due to the targets set by the European Climate Foundation for decarbonization by 2050, increasing demand for several
raw materials (SRM) related to the production of “green” energy is expected. These minerals can be obtained from
pegmatites - a rock enriched with rare elements found in low abundances such as Y, Th, U, Li and other metals like rare
earth elements (REE)***. In order to meet this demand and thus ensure the future of Europe’s technological
development in “green” energy, the Greenpeg project aims to develop new and advanced cost-effective and sustainable
technologies to find buried pegmatites and their “green”-tech raw materials. As test sites for the development of such a
toolbox, three known pegmatite deposits with different types of pegmatites and in different settings were selected:
Wolfsberg (Austria), Leinster (Ireland), and Tysfjord (Norway). With the significant improvement in coverage and
accuracy of satellite data during the last decade, the use of remote sensing based on particularly adjusted satellite image
processing became an important technology to locate and highlight possible areas of interest for prospecting. The
methods applied comprise traditional image processing methods (e.g., RGB combinations, Band Ratios (BR) and
Principal Component Analyses (PCA)), to support the main objective of this work, which is, to apply robust machine
learning (ML) algorithms, such as Random Forest (RF) and Support Vector Machine (SVM) on images from the
Sentinel-2 satellite, to automatically identify pegmatite bodies at a study area, with approximately 559 km?, located in
northern Norway. The images selected were those that presented less vegetation coverage, less cloud cover, and less
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snow, therefore, Summer images were chosen. The preliminary results of these two algorithms were compared and after
analysis, new possible areas of interest for pegmatite prospecting were drawn. These preliminary results, besides being
encouraging, are of great importance for the GREENPEG project, and can be used in technical reports for decision
making about the location and prospection of pegmatites of economic interest.

2. STUDY AREA

Initially, the study area corresponded to the Tysfjord province with 10,913 km?, but to improve the results and reduce the
overfitting, the study area was reduced to the Tysfjord district, an area of approximately 559 km? located in northern
Norway (Figure 1). The pegmatites of this area were classified such as NYF (Niobium, Yttrium and Fluorine) and the
main minerals of these pegmatites are columbite-(Fe), allanite-(Ce), fergusonite-(Y), beryl, sulfides, and fluorite’. One of
the most prominent pegmatites in the study area, the Hakonhals pegmatite (Figure 1) is about 25 m thick vertically and
can reach 400 m in length and 200 m in width. All pegmatites from this region have sub-horizontal zones in rare
lensoidal layers and minerals such as oxides, silicates, fluorite phosphates, and carbonates'®.
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Figure 1. Study area location in Tysfjord district, Norway. The aerial photograph to the left shows the jagged landscape with
high topography, intermitted by a large number of waterbodies from lakes and fjords. In the lower right corner, an adapted
geological map5 of the district marks the most prominent known pegmatite deposits, where Hékonhals (6) and Jennyhaugen
(5) mines are marked with yellow and white stars respectively.

3. METHODOLOGY

The ML algorithms were optimized and evaluated in Python programming language using an open-access library for ML
called scikit-learn’. Due to its high-level interactive nature and the high availability of scientific libraries, the Python
programming language is a powerful choice for algorithmic development and data analysis "%° . In this process, several
models were created with different variables that correspond to intrinsically parameters linked to the Python code of the
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algorithm, such as: (i) class imbalance, (ii) class balanced, (iii) data splitting considering the regions of interest (ROIs) as
proposed by Cardoso-Fernandes et al'® and; (iv) data splitting without considering the ROIs. The best of these models
was then chosen.

3.1 Random Forest and Support Vector Machine Algorithms

Two algorithms were tested in this study: RF and SVM. The RF is a supervised classification algorithm that is robust for
the classification of remote sensing data from multiple sources and much easier to apply than boosting-based methods
and conventional bagging with a comparable tree-type classifier, capable of improving classification accuracy!l. It is
defined as a combination of independent tree predictors, where each tree depends on the values of a random vector with
the same distribution and casts a unit vote for the most popular class in the input'. To ensure the randomness of the trees
in the ensemble, a different subset of multispectral bands can be selected for use when splitting each node during the tree
construction 3. Taking this into account, two main hyperparameters need to be optimized: (i) the number of trees in the
ensemble and; (ii) the number of features used in each node for splitting!*!>.

The SVM is also a ML algorithm proposed by Vapnik'®, and based on a statistical learning theory'”!>. According to
Cardoso-Fernandes et al'>, the SVM technique separates the dataset into a defined number of classes by trying to find an
optimal hyperplane, which is a threshold that maximizes the distance of the margin between the class bounding or
supporting hyperplanes. Noi and Kappas!# concluded that the SVM classifier produces, on average, the largest overall
accuracy and has less sensitivity to the size of the training samples. As pegmatites typically form small bodies, which
consequently generate smaller training samples, SVMs are a powerful resource for classifying these areas.

3.2 Data Used and Image Acquisition

The GIS (Geographic Information System) data used in this study was, in part, provided by the GREENPEG project
partners. These data were analyzed and the more appropriate data were selected and used. For example, among the data
provided, the following were used in this study: regional geological data, such as geological maps>, aecromagnetic data's,
and shp files for the study area, such as the limits of the areas of interest (province, district and prospecting scale), known
pegmatite points and other shp file of interest to the study. In the shp file of pegmatites location, for example, only nine
from thirty known pegmatite points were selected for this study. This happens due to many of the points were not picked
up by the spatial resolution of the satellite data.

The Sentinel-2 Multispectral Instrument (MSI) has 13 spectral bands: 10 bands in the visible and near-infrared (VNIR)
region and three on the shortwave infrared (SWIR)' region. The images downloaded have a cloud cover of less than
10%. The images were pre-processed using the Semi-Automatic Classification Plugin (SCP) plugin (version 7.0.15),
available in the QGIS software (version 3.10.12). The atmospheric correction method used was the Dark Object
Subtraction (DOS1)*. To select the best image for the study area, the Normalized Difference Vegetation Index (NDVT)
was used in pre-processing step in order to analyze the vegetation and to select the image with less vegetation cover. Due
to the snow cover in the study area, this factor was also put into consideration, and, to evaluate this, the Normalized
Difference Snow Index (NDSI) was also computed and evaluated. Considering all these factors, the selected image for
this preliminary study was from 28/09/2019 following the methodology developed by Cardoso-Fernandes et al. 2! and
implemented by Santos et al. 22 in Brazil. The five bands from the Sentinel-2 image that are more suitable for this
purpose were chosen (bands 2, 3, 4, 8, and 12).

3.3 Image Processing

After the selection and pre-processing of the satellite image, several traditional remote sensing methods were applied.
These traditional methods were already applied in Portugal, Spain®! and in southeastern Brazil?? achieving encouraging
results. The traditional methods employed were: (i) RGB combination: this method consists of combining different bands
to produce different color combinations and to highlight geological units on a regional scale 2*>23; (ii) Band Ratios,
which consists of a division of two bands to highlight specific spectral differences 2!*** and; (iii) PCA% (Principal
Components Analysis), which is a multivariate statistical technique used to enhance and separate certain types of spectral
signatures from the background. The best results were selected taking into consideration the effectiveness in highlighting
areas of known pegmatites bodies and the less number of false positives. Only the best results (Table 1), were selected to
be used in the next steps.
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Table 1. The best traditional methods performed for Sentinel-2 images. In the left column is presented the method applied
and in the right column, the Sentinel-2 bands that were used.

Method Bands used
RGB combination 3-2-12
. 3/8
Band Ratios 412
PCA 3.8

3.4 Class Definition

After the selection of the best results considering the traditional image processing methods, the next step was to use these
data together with geological maps’, acromagnetic data'®, high-resolution aerial photographs®®, and NDVI to understand
and identify the elements present in the study area and, therefore, to identify the classes. Some authors?” 2% 2° argue that
each class should have at least between 30 and 60 samples. On another hand, Eastman’’, suggests that the number of
pixels in each training set should not be less than ten times the number of bands. Respecting the suggested parameters
described above, first, we defined six classes (Pegmatite bodies, Caledonian nappes, Granite, Ice/snow, Water, and
Vegetation), but after decreasing the size of the study area to the Tysfjord district, the number of classes was reduced to
four (Pegmatite bodies, Granite, Water, and Vegetation). Table 2 presents the relationship between the number of pixels
and samples per class.

Table 2. Number of polygons (samples) and pixels for each study class.

Class Polygon per class Pixel per class
Pegmatites 30 79
Granite 30 356
Water 31 181
Vegetation 39 182

As can be observed in Table 2, the number of pixels for each class is more than 10 times the number of bands (five
bands) and all classes have at least 30 sampling polygons.

3.5 Class Separability

In order to check if the classes are well separated and distinguished, and thus, preventing pixels from being misclassified,
the class separability was analyzed using the PCI Geomatics software. If one or more classes present low separability,
the class identification is redone. The spectral proximity between granite and pegmatites classes caused confusion in the
classified image. Tables 3 and 4 show the class separability for the training samples.

Table 3. Class separability for the 1st sampling without parameters specified.

Pegmatites Granite Water Vegetation
Granite 1.048349
Water 1.999746 1.999914
Vegetation 1.822837 1.956871 1.967556

Table 4. Class separability for the 2nd sampling without parameters specified.

Pegmatites Granite Water Vegetation
Granite 1.238486
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Water 1.999746 1.999952

Vegetation 1.923277 1.992713 1.986382
This first training group (first and second sampling) was made without following the parameters specified in section 1.3.
Tables 5 and 6 show the class separability after employing the parameters suggested in section 1.3, where it is possible to
see that the less separability corresponds to pegmatites and granite classes.

Table 5. Class separability for 3rd sampling following the suggested parameters.

Pegmatites Granite Water Vegetation
Granite 1.681762
Water 2.000000 2.000000
Vegetation 1.994374 2.000000 2.000000

Table 6. Class separability for 5th sampling following the suggested parameters.

Pegmatites Granite Water Vegetation
Granite 1.681132
Water 2.000000 2.000000
Vegetation 2.000000 2.000000 2.000000

As it is possible to check in Tables 5 and 6, it is clear that the separability result is better after following the suggested
parameters. The smaller class separability that involved our target sample (pegmatites) was between pegmatites and
granite (1.681132) for both samplings. Although this result does not present a very good value by itself, this is a good
improvement when compared to sampling without following the suggested parameters (Table 3 and 4). All the other
classes presented maximum separability.

3.6 Data split into training and tests subsets

The dataset was split, considering 25% of the polygons for testing, and the remaining 75% for training. The data split
was made according to their ROIs as proposed by Cardoso-Fernandes et al.!, to ensure the maximum independence
between the training and test subsets.

3.7 Model creation

The first step in the model creation was to define which parameters to optimize and the corresponding parameter range
(or variation) to be used in the automatic search (grid-search). For RF, a preliminary stage was used in which only the
number of trees, defined by the function 'n_estimators', was tested. In this study, the number of trees tested ranged from
10 to 500, with a constant increase after n_estimators = 50. For SVMs, the initial parameters start at 0.001 and are
multiplied by 10 until they reach 100 (logarithmic scale). The defined parameter range was tested in a grid-search with
cross-validation (stratified 5-fold) to choose the optimal parameters to be used in the Tysfjord demonstration site. For
Sentinel-2 data with the RF algorithm, the optimal number of trees was 50'°.

3.8 Model evaluation

At this step, the best model returned by the grid search (in the model creation step) was evaluated using the test subset.
After evaluating the model performance on the test set and achieving acceptable results, it was possible to proceed to the
classification process. Different evaluation metrics can be employed, including the overall accuracy (OA) and/or kappa
statistics. Moreover, a confusion matrix can be obtained considering the test subset, as well as a classification report
containing the precision, recall, and f1-score for each class'”.
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4. PRELIMINARY RESULTS AND DISCUSSION

As we can see in Table 7, both algorithms have very high values for the training scores, test scores, and OA. However,
these high values indicate overfitting of the models. Comparatively, we can see that SVM performs better in relation to
overfitting, despite having a similar value for accuracy (0.963 for SVM and 0.961 for RF). The SVM presents more
acceptable values for test and train scores when compared to RF.

Table 7. Classification results summary for both algorithms (RF and SVM).

SVM Results  RF Results

Mean train score 0.963 0.997
Mean test score 0.957 0.960
Overall accuracy 0.963 0.961
Kappa hat 0.989 0.910

As for classification, both algorithms had similar results and were able to highlight four of the seven known pegmatite
areas in the Tysfjord district. As we can see in more detail in Figure 2, comparing the two algorithms, we can say that the
RF algorithm classifies a greater amount of pixels as granite while the SVM algorithm highlighted more pixels as water

bodies and vegetation.

Classified Image for SVM Classified Image for RF

Points of Interest [l pegmatite bodies [l water bodies

[ District [ granite Il vegetation
N 0 25 5km Priection UTM 33N
[ — DATUM: WGS 84

Figure 2. Comparison of results for the SVM (left) and RF (right) algorithm classifications.

When comparing the two algorithms, it is noticeable that RF performed better for the granite outcrop classification,
identifying and highlighting the pixels of this class more accurately. On the other hand, RF proved to be less sensitive to
spectral differences between the classes, assuming and misclassifying pixels as exemplified in Figure 3, where it
classified vegetation where it should be water. The SVM algorithm was more sensitive to these spectral differences,
resulting in a more assertive classification and a better separation between the classes, as can be seen in Figure 4.
However, it did not work well for the classification of the granite outcrops, highlighting most of the exposed granite
areas as vegetation.
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Classified Image for RF Algorithm Google Satellite

B pegmatites bodies [ granite I water bodies [ vegetation

Priection UTM 33N
A DATUM: WGES 84 01020'm
N -

Figure 3. Comparison between RF classification and Google satellite image where RF assumes as vegetation pixels that
correspond to water.

Classified image for SVM Classified image for RF

Il pegmatites bodies [ ] granite [l water bodies Il vegetation

A 0 250 500 M projection UTM 33N
N [T DATUM WGS 84

Figure 4. Exemplification of the difference in granite classification between the two algorithms.

Both methods obtained a similar result regarding the classification of our study target, highlighting, besides the already
known pegmatite areas, new possible areas of interest for prospecting. Figure 5, compares the classification of the two
algorithms for the areas of already known pegmatites.

Proc. of SPIE Vol. 11863 1186308-7

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Sep 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



RF Classification SVM (lassification Google Satellite

# Points of interest ] granite Il vegetation

Il Pegmatites bodies Il water bodies Projection UTM 33N
DATUM WGS 84

Figure 5. Comparison of the classification of the two algorithms for the known pegmatite areas.

Based on the patterns in which the algorithms highlight areas with already known pegmatites, new possible areas of
interest were selected (Figure 6), and compared with the high-resolution and Google Earth images to identify false
positives. In total four arecas were selected: point a) located at coordinates 536401.86 m E/ 7556336.90 m N, having RF
highlighted a larger area as pegmatites (red color) than SVM; point b) located at coordinates 528301.13 m E/ 7559019.
79 m N, corresponding to an area on the edge of a dirt road, that unlike the previous one, presented a higher number of
highlighted pixels in the SVM classification; point c) located at coordinates 543539.60 m E / 7548600.89 m N, close to
three points of pegmatites already known, which may indicate a possible deposit of tailings of these mines, with a higher
number of pixels classified as pegmatite with the RF algorithm; and point d) at coordinates 527454.93 m E/ 7556955.90
m N, having obtained more prominence (larger number of pixels) with the SVM algorithm.
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a)

b)

100 200 m

# possible points of interest ] granite I vegetation
B peomatites bodies B veter bodies

Prjection UTM 33N
DATUM: WGS 84

Figure 6. Comparison of the prominence of possible areas with the presence of pegmatites.

Point a) is close to the city of Ulvég, built on a large river bank. The material of this riverbank is extensively quarried
just NE of this site. The material of the quarry is described by NGU (Geological Survey of Norway)*! as mostly short-
transported weathered material from local bedrock and therefore likely to be rich in feldspar and quartz from the
surrounding granite. For Northern Norway, the grussy type of weathered bedrock is most characteristic with a low
degree of chemical weathering and preserving e.g. feldspar minerals. The disintegration of former pegmatites due to
weathering processes explains why the algorithm can give a positive answer.

For site b), although not confirmed yet, a similar setting seems likely. Pictures from Google street view confirm a quarry
for grussy to sandy material, popular for locals to built and maintain local gravel roads. Core stones (Figure 7) indicate
also here bedrock weathering.

Point ¢) is in the vicinity of Jennyhaugen, a former pit for quartz pegmatites and right next to the quartz pegmatite mine
Nedre Gyvollen, which was in production by Quartz Corp until 2018. Some of the produced quartz was deposited on this
site for unknown reasons and even though this is not an in situ deposit, the algorithm recognized the pegmatite.
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Site d) is on Trangy again, at the northern shore of the Brennvik lake and east of Vassbotn. The site is not described in
NGU’s archives or registered as an active quarry. However, from aerial pictures it shows a similar characteristic as site
b). Furthermore, historical mines or quarries for feldspar pegmatites are nearby at Tommerasen at the southern shore of
Brennvik lake and underline a similar setting with potential weathered pegmatitic bedrock.

Google;

Figure 7: Picture of the quarry at Traney shows sandy to grussy type material. Core stones indicate potential bedrock
weathering, which is common in this area and possibly even in-situ.

In this analysis, it was possible to verify that there was signal confusion between pegmatites with buildings and coastal
areas such as intertidal/supratidal areas and, to a lesser degree, confusion with steep slopes thus generating false

positives. Figure 8 gives examples of these false positives.

RF Classification Google Satellite

[ District a)area | | b)area
A 0 3 6km Prjection UTM 33N
N o — DATUM: WGS 84
0 200 400 m
—-— Prjection UTM 33N
Il pegmatites bodies [ | granite [l water bodies Il vegetation i)

Figure 8. Examples of false positives obtained with the RF algorithm: a) an example of the signal confusion in a coastal area; b) an
example of the signal confusion between buildings and pegmatites.
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Although RF highlighted more pixels in areas of known pegmatites, the difference is so small that we can basically
consider that the two algorithms achieved an equivalent pegmatite classification. For the other classes, RF classified the
granite class better, while SVM was more sensitive to water and vegetation classes, classifying these two classes more
accurately.

Overfitting and false positives proved to be the major obstacles in this study. The near-perfect score results in the
algorithm training, indicate overfitting of the model and, consequently, misclassification of the image is expected.
According to Cardoso-Fernandes et al'®32, this happens because when the model is applied to the whole image, the
performance score drops dramatically due to the inability of the algorithms to generalize to the new data introduced, thus
resulting in misclassification. Of the several attempts to decrease the overfitting of the model, the one that worked best
was to decrease the size of study area to be classified. With a smaller area, the results of the SVM algorithm improved,
but overfitting was still noticed. On the other hand, even with a small improvement, the RF algorithm still has very high
score values, and this is directly reflected in the image classification, which ended up misclassifying vegetation and
water areas. The SVM algorithm, obtained a poor classification of granite class, which may also be a consequence of
model overfitting.

5. CONCLUSIONS

This study proves that ML algorithms can be a very good technique for pegmatite localization because besides being able
to identify very well-known pegmatite areas, are also able to highlight possible areas with the presence of pegmatites,
which makes it possible to analyze new possible areas for prospecting. In general, the SVM algorithm performed better
both in terms of overfitting and image classification. The RF algorithm was clearly affected by the high overfitting,
resulting in a misclassification between the vegetation and water classes. It is noteworthy, that even with the overfitting
present in both algorithms, the number of false positives was decreasing as the algorithm was improved. It is also
important to mention that the classification generated by the algorithms allows a clean analysis of the results without the
need, in this case, of adding filters, masks, or image post-processing, as it happens with some traditional methods (RGB
combination, BR and PCA). Concluding, the SVM algorithm on the variable "balanced" with the "region of interest
(ROI)", obtained better performance, in general, in image classification. As for the classification of pegmatites, both
algorithms had equivalent results. The results of this study are promising since the algorithms were able to identify areas
with pegmatite bodies. However, especially for site b) and d) more investigation and sampling of the sites need to be
done to confirm our hypothesis and to finetune the algorithm to potentially differentiate and identify also weathered
pegmatites. Continuing to work on new methods to avoid overfitting and improve image classification is a challenge for
the near future, as well as obtaining samples from areas with the possible presence of pegmatites, in order to validate the
results obtained.
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