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Abstract

With the advent of big data in geosciences, exploration studies have entered new dimensions. Big data
means high-resolution image information. Since the data in geosciences have an enormous volume and
variety, it is necessary to use big data analysis approaches in this field. This study investigates the application
of support vector machines in machine vision in mineral potential exploration. In recent years, image
classification has attracted much attention in machine vision, whose processes include pre-processing and
segmentation, feature extraction, and related class identification. In this study, geological maps and remote
sensing images are used to model the exploration of mineral potentials, Alexnet architecture is used to
extract features automatically, and field information is used to learn the algorithm. In the next step, a support
vector machine is used for modeling in order to identify structure factors in the occurrence probability of
mineral potentials. Algorithms and evaluation indicators are programmed in MATLAB environment at each
stage. The accuracy obtained using this method is 71% on the test data. According to the previous study
conducted by the authors in identifying mineralization structures, the average accuracy of image data
classification using convolutional neural network algorithms is 65%, the spectral angle mapper method in
identifying alteration zones is 70%, and applying filters in identifying faults is 28%. As can be seen, the
technique used in this research is highly accurate. Its advantages include reducing costs and speeding up the
decision-making processes.
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1- Introduction

This research investigates the efficiency of support vector machines (SVM) in machine vision.
Considering that in the previous study [7], convolutional neural network (CNN) was used to detect
geological structures, and also its integration with the continuous genetic algorithm on image data
in Gonabad region, in this research, SVM for visual modeling is used and then compared the
accuracies of these two methods in the field of machine learning.

Feature extraction is an essential step in image processing that presents the raw image in smaller
dimensions to facilitate decision-making, such as pattern recognition and object identification [2].

Pattern recognition leads to the discovery of classes in a data set. Features represent the
distinctive information retrieved from the data that helps to identify different classes. Classification
can be expressed by differentiating the data into other classes to which the data belongs [4].

In most cases, CNN is used to extract useful image features automatically, and due to the
positive performance of deep learning in image processing, it is used to analyze unstructured data
such as image classification [8].

The SVM algorithm has been developed in Cortes and Vapnik's (1995) statistical theory
framework. It has been successfully used in many applications, including time series forecasting
(Fernandez, 1999), face recognition (Tefas et al., 1999), and biological data processing for medical
diagnosis (Veropoulos et al., 1999). Their theoretical foundations and experimental success require
more research on the characteristics and applications of this method [3].

Chen et al. (2020) pointed out that big data and artificial intelligence (Al) have provided
opportunities for many applications in geological sciences. Nevertheless, the methods and
objectives are still in the initial stages, scattered, and lacking an integrated theoretical and
application framework [1].

2- Methods

Considering the importance of the region structure in the modeling of mineral exploration, this
study investigates the performance of intelligent algorithms in identifying structures. The basis of
this research is visual modeling and includes two stages: feature extraction and classification. The
network’s input is the pixel vectors of the images, and the network’s output is the pixel vectors'
label.

The architecture used for feature extraction in this study is AlexNet. AlexNet is a deep
convolutional neural network that identifies and classifies color images. After applying several
layers of convolution and pooling, the input pixel vector is converted into a feature vector, and thus,
spectral information is extracted in the input pixel vector.

A support vector machine is used to classify and model the features extracted in this research. In
other words, the goal is to use SVM in machine vision. SVM is one of the most powerful machine
learning algorithms [5] that creates a decision boundary between two classes and is characterized by
a particular subset of training data called support vectors. The advantage of SVM compared to the
perceptron neural network is that it creates a unique decision boundary with the maximum margin,
and the version using kernel functions is very effective in learning speed [6].

Considering the importance of identifying the alteration zones and tectonics of the region in
exploration modeling, in this research, structure identification is studied using a support vector
machine. For this purpose, the relevant algorithms in the MATLAB environment are programmed.
To identify the alteration zones and the fault orientation in the region, Aster and Landsat 8 (OLI)
data are used, respectively. Neural network learning is done using data related to field studies. At
first, the images are segmented into blocks with the same size in each classification, which is
programmed in MATLAB to do it.
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3- Findings and Argument

Remote sensing is critical in geological studies; this technology can provide valuable
information, including identifying alteration zones and lineaments.

Alterations occur due to the interactions and effects of magmatic fluids and hydrothermal
solutions with the surrounding rocks, which cause geochemical, mineralogical, and texture changes.
Alteration zones can be related to economic mineralization, so identification of alteration zones is
essential.

Field evidence and analysis results of mineralized samples in the Gonabad region show that the
most critical alteration zones in the region are phyllic, propylitic, argillic, siliceous, and iron oxide
alteration. The index minerals of the phyllic alteration zone are illite, muscovite and sericite,
propylitic alteration, chlorite, epidote and calcite and argillic alteration, alunite, kaolinite and
montmorillonite.

Another essential structure to be investigated is fault zones. The results of geochemical
investigations in the region show that mineralization has occurred as a result of infiltration of
magmatic fluids into fractures and along dykes.

This research uses a support vector machine to identify alteration zones on Aster data. Aster is a
sensor system with a unique combination of comprehensive spectral coverage and high spatial
resolution. ASTER provides high-resolution images in 14 spectral bands from the visible to the
thermal infrared (TIR) regions of the electromagnetic spectrum. As mentioned above, the algorithm
was trained using field study results. Finally, the accuracy of this method is compared with other
traditional and neural network methods used to identify alteration zones in the region.

Also, due to the high spatial resolution in the panchromatic band, tectonic studies are performed
using Landsat (8) images. This research uses the SVM on the Landsat (8) data to recognize fault
orientations. The data from the field studies that led to the preparation of the geological maps with
the scale of 1.250000 and 1.100000 Geological Survey and Mineral Exploration of Iran is used to
learn the algorithm.

4- Conclusions

Traditional classification approaches are weakly focused on image classification due to the large
dimensions of the feature space. This study shows that the support vector machine algorithm can be
well generalized on image classification problems. The results of the studies show that the average
accuracy of image data classification using convolutional neural networks and support vector
machine algorithms is 65% and 71%, respectively.

In comparison, in machine learning algorithms in visual modeling, especially in cases where
human error is possible, projects have time and cost limitations. On the other hand, the studied area
is located in inaccessible areas. The field study is not possible, but it can have high accuracy for
modeling mineral potential exploration.
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clc;

clear;

close all;

%% Laod and Divide Data

o o jo (SLLST (55w Joo Gl uiilo (6 S0l pis oK1 05 Y Comwgmy

ListFolder = {'ProjectData'};

NameDataSet =
[imdsTrain, imdsTest] =

ListFolder{1l};
LoadDivideData (NameDataSet) ;

%% Select Type of Networks

ListNet = {'Alexnet'};

Al
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NameNetwork = ListNet{1l};

%% Read Network and Set Pere-P

[net,augimdsTrain, augimdsTest] = ReadNet SetData(...
NameNetwork, imdsTrain, imdsTest) ;

%% Features Extraction using CNN

[FeaturesTrain, FeaturesTest] = FeaturekExtractionUsinCNN (net, ...
augimdsTrain, augimdsTest) ;

%% Train Using Classification
ListClassify = {'SVM'};
NameClassify = ListClassify{1l};

Kfold = 'on'; % 'on','off'
TrainModel = Classification (NameClassify, ...

FeaturesTrain, imdsTrain.Labels,Kfold) ;
%% Prediction and Evaluation
% Test Data
LabelsTest = imdsTest.Labels;
ResultsTest = EvaluatePlot (TrainModel, ...
FeaturesTest, LabelsTest, ['FEx: ',NameNetwork,', Classify: ',NameClassify,',
Test']);

[

% Train Data

LabelsTrain = imdsTrain.Labels;
ResultsTrain = EvaluatePlot (TrainModel, ...
FeaturesTrain, LabelsTrain, ['FEx: ', NameNetwork, ', Classify:

',NameClassify,', Train'l]);

function [imdsTrain, imdsTest] = LoadDivideData (name)

if strcmp (' ProjectData ', name)

nameTrain = ['DataSets/', name,'/TrainCifar'];

nameTest = ['DataSets/',name,'/TestCifar'];

imdsTrain = imageDatastore (nameTrain,

'IncludeSubfolders', true,
'LabelSource', 'foldernames') ;

imdsTest = imageDatastore (nameTest,
'IncludeSubfolders', true,
'LabelSource', 'foldernames') ;
load ([name, 'Divide.mat'])

o

else
name = ['DataSets/',name];
imds = imageDatastore (name,
'IncludeSubfolders', true,
'LabelSource', 'foldernames') ;
[imdsTrain, imdsTest] = splitEachLabel (imds, 0.7, 'randomized') ;
% load([name, 'Divide.mat'])
end
end
function TrainModel = Classification (NameClassify, ...

FeaturesTrain, TragetsTrain,Kfold)

%% Classification
TrainData.Kfold = Kfold;
TrainData.Inputs = FeaturesTrain;
TrainData.Targets = TragetsTrain;

switch NameClassify
case 'SVM'
temp = templateSVM('KernelFunction', 'rbf', 'BoxConstraint',10, ...
'KernelScale' , 'auto', '"CacheSize',1000);
otherwise
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temp = templateSVM('KernelFunction', 'rbf', 'BoxConstraint',10, ...
'KernelScale' , 'auto', 'CacheSize',1000);
end
TrainModel = Classifyer (TrainData, temp) ;
end

function Classify = Classifyer (TrainData, temp)
TrainFeaturs = TrainData.Inputs;
TrainTargets = TrainData.Targets;
%% Train Algorithm
if strcmp('on',TrainData.Kfold)
%% Apply k-Fold Cross Validation
= numel (TrainData.Targets) ;
= 4; % k-Fold
CVI = CrossValInd(N,K);
Accuracy = zeros(l,K);

N
K

for 1 = 1:K

training = TrainFeaturs (CVI~=i, :);

group = TrainTargets (CVI~=i);

valid = TrainFeaturs (CVI==i, :);

label = TrainTargets (CVI==i);

Classify = fitcecoc(training,group, 'Learners’', temp) ;

Class = predict(Classify,valid);
B = confusionmat (label,Class);
Accuracy (i) = sum(diag(B))/sum(B(:));
end
else
Classify = fitcecoc(TrainFeaturs,TrainTargets, 'Learners', temp);
End

function Iout = CreateImege3D(filename)

% Resize the flowers images to the size required by the network.
Iout = imread(filename);

% Some images may be grayscale. Replicate the image 3 times to
% create an RGB image.

if ismatrix (Iout)

Iout = cat(3,Iout,Iout,Iout);

end

% Resize the image as required for the CNN.

Iout = imresize (Iout, [224 224]);

function Results = EvaluatePlot (TrainModel, data, Labels, Name)
% Prediction

[YPred, scores] = predict (TrainModel,data);

Lau = unique (Labels);
groups = zeros (size (YPred));
groupshat = zeros(size(YPred));
for 1 = 1:numel (Lau)
ID = ismember (YPred, Lau(i)):;
groupshat (ID) = i;

ID = ismember (Labels,Lau(i));
groups (ID) = 1i;
end

confmat = confusionmat (groups,groupshat) ;

Results = PrecisionRecall (confmat);

[Targets,Groups] = H MultiClassCMROC (groups',groupshat');
figure,plotconfusion (Targets, Groups)

title(['CM for ',Name,' Data'l])

for i = l:size(confmat,1)

[~,~,~,AUC(1)] = perfcurve(Targets(i,:),scores(:,1)',1);
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end

Results.AUC = AUC;

disp(['Results For ',Name,' Data'])
disp (Results)

disp(' **************************')
figure,plotroc (Targets, scores')
title(['ROC for ',Name,' Data'l)
end

function [FeaturesTrain, FeaturesTest] =
FeatureExtractionUsinCNN (net, augimdsTrain, augimdsTest)

Layers = net.Layers;

name = Layers (end-2) .Name;

layer = name;

FeaturesTrain = activations(net,augimdsTrain, layer, 'OutputAs', 'rows');
FeaturesTest = activations (net,augimdsTest, layer, 'OutputAs', 'rows"');
end

function [Targets,Groups] = H MultiClassCMROC (Targets,Groups)
Tu = unique (Targets);

Templ = zeros(size(Targets));

Temp2 = Templ;

for 1 = 1:numel (Tu)
Indl = find(Targets==Tu(i));
Templ (Indl) = i; %#ok
Ind2 = find(Groups==Tu(i));
Temp2 (Ind2) = i; %$#ok
end

Targets = full (ind2vec (Templ))
Groups = full (ind2vec (Temp2)) ;

function Results = PrecisionRecall (confmat)

nC = size(confmat,1);

for 1 = 1:nC

Precision (i) = confmat(i,i)/sum(confmat(:,1))*100;

Recall (i) = confmat (i, i)/sum(confmat (i, :))*100;

F1 Score(i) = 2*Precision (i) *Recall (i) / (Precision (i) +Recall (i));
end

Accuracy = sum(diag(confmat))/sum(confmat (:));
Results.Accuracy = 100*Accuracy;
Results.Precision = Precision;

Results.Recall = Recall;

Results.F1l Score = F1 Score;

% disp (Results)
end

function [net,augimdsTrain,augimdsTest] = ReadNet SetData(...
NameNet, imdsTrain, imdsTest)

I = readimage (imdsTrain, 1) ;

if numel (size (I))<3
imdsTrain.ReadFcn = @CreateImege3D;
imdsTest.ReadFcn = @Createlmege3D;

end

NameNet = lower (NameNet) ;

net = eval (NameNet) ;

inputSize = net.Layers(l).InputSize;

pixelRange = [-30 30];

imageAugmenter = imageDataAugmenter (
'RandXReflection', true,
'RandXTranslation', pixelRange,
'RandYTranslation', pixelRange) ;
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augimdsTrain = augmentedImageDatastore (inputSize,imdsTrain,
'DataAugmentation', imageAugmenter) ;
augimdsTest = augmentedImageDatastore (inputSize, imdsTest,

'DataAugmentation', imageAugmenter) ;

function options = SetTrainOptions (augimdsValidation)
options = trainingOptions ('sgdm',
'MiniBatchSize', 120,
'MaxEpochs', 20,
'InitialLearnRate', le-4,
'ValidationData',augimdsValidation,
'ValidationFrequency', 3,
'ValidationPatience', Inf,
'Verbose', 1,
'Plots', 'training-progress', ...
'ExecutionEnvironment', 'gpu');%'none', 'training-progress'
end
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