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1. Introduction 

 

The exploration of mineral resources is a major challenge in a world that seeks sustainable 

energy, renewable energy, advanced engineering, and new commercial technological devices. 

The goal of the mining industry is to support everyday life, but also to enable future results. 

Currently, there is a rapid decrease in mineral reserves leading to a corresponding increase in 

the exploration costs due to the quality of ore grade deposits. Consequently, the mining industry 

has recently turned their focus on under-explored and areas of low accessibility[1]. The main 

goal of mineral exploration is to discover economically productive areas. Mineral exploration 

requires different mineralogical analysis techniques depending on the type of deposit or area of 

interest. In order to create an accurate exploration plan, necessary theoretical knowledge is 

needed to understand why specific minerals can be found in the area of study. Therefore, in 

recent years novel analysis approaches have been developed to identify new mineral deposits[2]. 

In particular, new discoveries regarding mineral exploration have been accomplished thanks to 

on-site portable techniques being low cost and maintenance instruments, and by retrieving and 

maintaining high-quality data[1]. The benefits of on-site analyses are multiple: if an 

inconvenience is faced it is possible to adjust the sampling routine on-site; the time lost waiting 

for the delivery of the sample in the laboratory (which may be time consuming, especially for 

remote sampling areas) is avoidable with on-site sampling; the portable techniques are usually 

cost-effective and provide a decision-making support during the exploration, e.g., by 

identifying the mineral sections in a reliable way[3]. Some of the most used portable techniques 

in mineral exploration are portable X-ray fluorescence spectrometer (pXRF), portable X-ray 

diffractometer (portable XRD), portable near-infrared and hyperspectral imaging (HSI), µ-

raman spectrometer and portable laser-induced breakdown spectrometer (pLIBS). Among 

them, the most frequently used one are pXRF and pLIBS as they require small to no sample 

preparation and fast techniques[1]. 

In XRF, the sample is radiated with an X-ray beam which causes an ejection of an inner shell 

electron, and a relaxation of outer shell electrons replaces the vacancy in the inner shell. The 

energy from the replacement (which is characteristic for each element) is released as the X-ray 

fluorescence. The obtained spectrum can be used to identify and quantify the elements present 

in the sample. In the case of gold, copper and platinum mines this technique can directly 

measure the ore grade. The advantages of the portable version are the simplicity of use, 
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portability on site, and the fast and non-destructive analysis. Furthermore, a large number of 

samples can be collected, for several elements there are low limit of detection (5-10 µg/g) and 

there is an automatic correction of possible inter-element interferences in the spectrum[1]. Two 

limitations of this technique are that not all the elements interference can be completely 

corrected and that it can not measure elements lighter than aluminum, as the energy is so low 

that it is easier to absorb than emit and if there are an emission, it will not be able to reach the 

detector[1], [4]. 

In XRD, the X-ray beam is incident on the sample, and part of the radiation is diffracted at 

specific angles according to Bragg’s Law. The resulting diffraction pattern varies for each 

crystalline structure. This technique can provide a full mineralogical characterization. Potable 

XRD can identify the materials faster than laboratory analysis and can carry out automated 

analysis, but it can only analyze samples in powder form.  

pLIBS is a portable technique which provides fast elemental composition analysis of a wide 

range of materials. LIBS acquires data by shooting a high-energy laser pulse on the sample, 

which creates a plasma. This generates dissociation of chemical bonds in the material, leading 

to atomization and/or ionization of the sample at the focus point of the laser. With the relaxation 

from the excited to ground electronic state, photons with the characteristic atomic transitions of 

the elements are demitted. The advantage of this technique is that it is almost a non-destructive 

technique, since only a small amount of sample is transformed into plasma; the technique also 

allows for  quantitative analyses of a large number of elements, including light elements like 

lithium, beryllium, boron, sodium, and magnesium. The detection limits are usually in the low 

µg/g range (from 10 to 100 or 200 µg/g in average). On the other hand, the detection limits are 

dependent on the type of laser, sample matrix and spectrometer. Another disadvantage is that 

even though it does not need sample preparation, to improve the reproducibility of the 

measurements or to improve the laser coupling the polishing of the sample is needed to obtain 

a homogeneous sample[1], [5]. 

HSI identifies the minerals present in the sample by analyzing the vibrational or electronic 

spectral features of individual pixels. These images are characterized by the spatial and the 

spectral resolution. The spatial resolution corresponds to the pixel size and the spectral 

resolution is the minimum detected wavelength difference between two spectral lines. The 

regions of the electromagnetic spectrum probed in reflectance spectroscopy are: the visible-

near infrared (VNIR, from 0.4 to 1 µm) which detects the vibronic transitions (vibrational and 
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electronic transitions) of iron oxide minerals, the short-wave infrared (SWIR, from 1 to 2.5 µm) 

which detects the vibrational transitions of minerals having Al-OH, Mg-OH and Fe-OH bonds 

and useful also for the analysis of alteration minerals, the mid-wave infrared (MWIR, from 2.5 

to 7 µm), and the long-wave infrared (LWIR, from 7 to 15 µm) which detects the fundamental 

vibration of mainly silicates and carbonates and is useful for the identification of rock-forming 

minerals[6], [7]. HSI allows acquisition of large datasets in short times (e.g., 384 pixels within 

seconds[8]), without any sample preparation[1], [9]. Another advantage of this technique is that 

the spatial information of the sample is maintained in the image[10]. 

Mineral mapping based on HSI is a useful tool for mineral exploration[2], [11]. There are three 

types of hyperspectral sensors: spaceborne sensors, airborne sensors, and ground-based sensors. 

The latter is widely used for geological surveying. Ground-based sensors acquire data in the 

VNIR and SWIR ranges and can be useful for surveying vertical surfaces that are physically 

inaccessible[2], [12]. Regarding illumination, these sensors can be active or passive. In passive 

sensors, the samples are illuminated by ambient light; in the active sensors, the samples are 

illuminated with an artificial light. Active sensor solves the problems related to variation in 

illumination occurring with passive sensors. However, they need a reference target to normalize 

the acquisition signal[13]. An example of VTT’s active hyperspectral sensor (AHS)[13] will be 

treated in this thesis work. 

Data acquired with HSI may present pixels not relevant to the study or, relative to the spectra, 

baseline fluctuations due to light scattering, spectral noise or interferences given from the 

instrumentation. The pre-processing of the data is a common step in HSI, as it is necessary to 

decrease the aforementioned effects and to highlight the spectral and spatial features. There are 

two types of pre-processing: the spatial pre-processing, connected usually to the selection of 

the region of interest (ROI), which eliminates the background pixels; and the spectral pre-

processing which is based on techniques applied in the classical spectroscopy[14]. The pre-

processing of the data consists of a series of mathematical manipulations that can be achieved 

through the use of machine learning. 

Machine learning is a subdomain of artificial intelligence and is a family of tool that can be 

used for various purposes, e.g., background removal, denoising, regressions or classifications, 

etc. The classification is the object of interest of this study, as with machine learning it is 

possible to classify complex and massive datasets, such as hyperspectral images, in an accurate 

and efficient way[15]. One of the benefits of using machine learning classifiers is that the useful 



6 
 

spectral features are automatically identified by the algorithms and used in a classification 

model to classify unknown samples. Since the algorithm could work in a variety of different 

ways, selecting a specific model is important to find the best method for the data available, 

depending on the features of the dataset analyzed[2]. No one algorithm is right for all possible 

applications; the choice depends on the particular dataset and often the best solution is a 

combination of multiple techniques[16]. There are different types of machine learning methods 

(they most commonly rely on supervised or unsupervised learning), and there can be many 

different approaches based on the training sample, the input distribution, the pixel information, 

and other more[17]. The supervised learning methods use data that is already known and learns 

to model the relationship between input and output features. Unsupervised learning methods 

manage to recognize features or pattern without the need of a label[2], [18]. There is a large 

number of  machine learning methods used for classification in HSI, such as Support Vector 

Machine (SVM) and k-Nearest Neighbor (kNN). In the field of mineralogy mapping based on 

near infrared HSI, the two quoted methods are used successfully in many different contexts. In 

particular, SVMs have been successfully used in mineral exploration (e.g., they have been used 

in targeting mineral deposits through analysis of remote sensing data[18]); kNN, for example, 

has been successfully used to detect and classify seafloor properties, including presence of total 

organic carbon[19] and mineral deposits[20]. Many other methods have been used with good 

results: Decision tree (DT), also discussed in this work, has shown satisfactory performance in 

mapping minerals through images of satellite clusters spanning large areas[21]; Random Forest, 

which can basically be considered a collection of DTs; and Neural Networks[18]. 

The aim of this work is to improve the classification method used in a custom-made application 

developed in VTT-MIKES, used for mineral mapping. The focus was set on the classification 

step of the mineral mapping workflow by utilizing three different classifiers: DT, kNN and 

SVM. In addition, an algorithm to detect possible misclassification from the machine learning 

methods was evaluated. The algorithm is based on the measure of spectral similarity between 

the sample spectra and their assigned class. For simplicity, it will be referred to as ‘‘Spectral 

Similarity Index’’ (SSI). The data analyzed were obtained with two ground-based sensors: the 

VTT AHS[13] and a Specim SWIR camera[8]. The thesis work is divided in two parts: the first 

part deals with VTT’s application, to understand the problem focus of the thesis and practicing 

with different chemometric tools; the second part is focused on the development of the SSI. 
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2. Methodology 

 

Figure 1 shows the overall workflow of VTT’s mineral mapping custom-made Matlab 

application. Firstly, the spatial pre-processing is done with the selection of the ROI from the 

raw data using the principal component analysis (PCA)[22]–[24], after which the data can be 

spectrally pre-processed. The outlies are removed[25], and the pure components are found by 

using multivariate curve resolution with alternating least squares (MCR-ALS)[26] with an 

optimization through PCA and the essential spectral pixels (ESPs)[27]. The pure components are 

lastly classified with a machine learning classifier. PCA is a machine learning method that 

reduces the dimensionality of large data sets, by maintaining most of the information and 

removing outliers and noise. MCR is a group of methods that decompose the data (matrix) to 

obtain the individual characteristics of the chemical compounds or mixture. The aim is to 

recover the pure response profiles of the chemical compounds (i.e., spectra) of an unresolved 

mixture when there is a lack of preliminary information on the nature and composition of these 

mixtures. 

 

Figure 1. Mineral mapping workflow. 

 

The focus on the thesis is on the classification step. Figure 2 shows the steps for the main part 

of the project. The pre-processing of the hyperspectral image was carried out with the same 

tools that were used in the mineral classification routines and will be discussed in section 2.2. 

The dataset was split in a training and test set to create and validate a classification model using 

a reference spectral library (section 2.3). The implementation of distortions served to test both 
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classifier accuracy and the SSI accuracy (section 2.4). The classification was carried out with 

three classifiers: DT, kNN and SVM (section 2.5). The results were evaluated with the SSI in 

section 2.6, with three different methods: the distance, the correlation coefficient, and the 

spectral angler mapper (SAM). The accuracy was estimated through the confusion matrix and 

the classification metrics (section 2.7). 

The software used to pre-process the data and to develop the SSI algorithm was Matlab[28]. The 

full script can be found in the appendix. 

 

 

Figure 2. Project workflow and related techniques. 

 

2.1. Data collection 

The hyperspectral images used were sourced from measurement using either the VTT AHS 

prototype or a commercially available SWIR camera (Specim Oy)[8]. The VTT AHS is based 

on a near-infrared microelectromechanical Fabry-Pérot interferometer (MEMS-FPI), similar to 

the one described in the work of T. Kääriäinen et al.[13] or a commercial laboratory. The 

hyperspectral SWIR camera can acquire spectra in the range of 1000-2500 nm. The spatial 

resolution has a rms spot radius < 15 µm and the spectral resolution in full width half maximum 

(FWHM) is 12 nm (30 µm slit), with a step of 5.55 nm. The detector is a cryogenically cooled 

MCT detector, it can reach a total of 384 pixels per image with each pixel length of 24 x 24 

µm. The signal to noise ratio (SNR) achievable at maximum signal level is 1050. The AHS uses 

a supercontinuum (SC) light source, generating a bandwidth range of 2000-2500 nm. The 

wavelength is subsequently selected with the FPI, which is composed by two opposing highly 

reflective surfaces. The light is then collected in a InGaAs photodiode which digitalizes the 

signal. The instrument can reach good SNR values up to 50 m of distance from the target, in 
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laboratory conditions. The FWHM reached varies between 7 and 14 nm, depending on the 

wavelength range, with a step of 3.2 nm in average. The spatial resolution is 3 mm2. 

The total number of samples examined was 11, two are sample coming from mines, 

denominated by Sample 1 (Figure 3a) and Sample 2 (Figure 3b), while the other were reference 

minerals acquired from the Geological Survey of Finland (GTK). The sample names and origin 

are shown in Table 1. The dataset obtained from GTK comprises a total of 900 spectra, 100 

spectra for 9 different minerals. This dataset was used for the classifier’s comparison and the 

spectral similarity indexes evaluation. The two mine samples will be used to validate the SSI. 

The mineral database utilized for this part includes a total of 10 spectra per 7 different minerals: 

Calcite, Kaolinite, Talc, Epidote, Gypsum, Muscovite, Chlorite. No references are available for 

these samples, the results found have not a 100% certainty that an assigned mineral is the real 

one or just a similar mineral. 

 

   

(a)   (b)  

Figure 3. Hyperspectral image of Sample 1 (a) and Sample 2 (b) retrieved with VTT AHS prototype. 

 

Table 1. Hyperspectral samples name, false image, and sensor of acquisition. 

Sample name Sensor Source 

Sample 1 AHS Mine 
Sample 2 AHS Mine 
Actinolite SPECIM GTK 

Biotite SPECIM GTK 
Calcite SPECIM GTK 
Chlorite SPECIM GTK 
Gypsum SPECIM GTK 
Kaolinite SPECIM GTK 

Phlogopite SPECIM GTK 
Serpentine SPECIM GTK 

Talc SPECIM GTK 
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2.2. Data pre-processing 

In this thesis, the following pre-processing steps were carried out: smoothing, baseline 

correction, mean centering and normalization of the data. The comparison between raw data 

and pre-processed data can be seen in Figure 4. 

  

Figure 4. Reflectance spectra of 10 minerals acquired with a Specim SWIR camera before (left) and after (right) 
the data pre-processing. 

 

The baseline correction was carried out by utilizing the asymmetric least squares (ALS) 

smoothing proposed by Eilers and Boelens[29]. This method is a good baseline estimation as it 

is fast and it just needs the tuning of two parameters, the flexibility (which let to increase or 

reduce the curvature of the result) and the position of the baseline with respect to the initial 

data. 

After the baseline correction the signal is smoothed with the Savitzky-Golay method. A 

polynomial of nth order to a moving window of points (usually odd), by replacing the middle 

point with the fit value. A good polynomial order is the 2nd, while the points in the moving 

window depend on the wavelength step for each point, so it can be chosen with different tests. 

With this algorithm, it is possible to remove random noise in the spectra that was not possible 

to remove by averaging the signal during the acquisition. The number of points in the smoothing 

window can be varied according to the application. A small window can result in a poor SNR, 

while a very large window can reduce the spectral resolution and remove the features of the 

spectrum. The right window size is usually determined by trial and error, by taking in 

consideration the noise level, the bandwidth of the desired spectral features and the number of 
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points in the wavelength range (spectral elements)[30]. The window size chosen for this thesis 

work was 13 points and the polynomial fit was second degree. 

Mean centering (subtracting the mean of the spectrum from all the spectrum’s points) is done 

with the purpose of make the results more interpretable and to reduce collinearity between 

variables[30]. 

Normalization is an operation that removes systematic variation in the total amount of sample 

available making all the sample comparable with each other[30]. It is specifically useful in this 

work as the database is composed by 100 spectra of the same mineral with different 

concentrations. By normalizing the data, the variation due the concentration should be less 

significant. 

 

2.3. Training and test sets split 

In order to create a classification model with supervised machine learning methods, it is 

necessary to split the dataset in a training and test subsets. The data were split in training and 

test using 60% and 40% spectra in each subset, respectively. To test the accuracy of the 

classifiers and the SSI, two different datasets were created: one with all the classes and one with 

just three classes from the initial dataset. The first approach utilized 540 training spectra and 

360 test spectra; the second approach utilized as training step two random classes from the main 

dataset and the test utilized the same two classes of the training but with one extra class outside 

of it. The training and test percentage division remained the same in all cases. The extra class 

was added knowing that it would have been classified incorrectly as it is not part of the training 

set, so also of the classification model. This approach will be referred to as ‘‘2vs3’’ classes 

scenario. To create a dataset that did not spend much computational runtime, the 2vs3 classes 

were composed by the combinations selected in Table 2. 
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Table 2. Training and test division for the spectral similarity index. 

Test data 

Training data  

Actinolite Biotite Calcite 
Biotite Calcite Actinolite 
Calcite Chlorite Actinolite 
Chlorite Gypsum Actinolite 
Gypsum Kaolinite Actinolite 
Kaolinite Phlogopite Actinolite 

Phlogopite Serpentine Actinolite 
Serpentine Talc Actinolite 

 

2.4. Distortion implementation 

Simulated distortions in the dataset were introduced to check how the accuracy of the 

classification models change and to evaluate how robust the SSIs are. Three effects were added 

to the processed spectra: white noise added, shift of the wavelengths, and a baseline distortion. 

The white noise effect added to the pre-processed spectra was reproduced with a Matlab 

function that add noise with a gaussian distribution and requires only to specify the SNR[31]. 

The shift of the spectra was reproduced by means of a circular shift. The spectra were 

interpolated to a finer grid, with twice the number of points, in order to make a shift of minimum 

half nanometer (to get an effect similar to real case scenarios)[32]. The baseline distortion is 

implemented through the use of a sinewave function, where the frequency was set at 10 nm-1; 

while the amplitude, calculated in reflectance % compared to the maximum spectral signal, was 

changed within the different distortion levels[33]. 

The distortion levels are shown in Table 3. In total there are 15 different levels. For the classifier 

comparison all the levels of distortion are utilized to be able to see the trend of the accuracy 

from weaker to stronger distortions. For the SSI evaluation only three levels are utilized, the 

first one (level 1), the last one (level 15) and one in the middle (level 8). 
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Table 3. Distortion values implemented in the clean dataset. 

Distortion 
level 

Noise Shift Baseline distortion-Sinewave function 

SNR Shift (nm) 
Amplitude 

(reflectance %) 
Frequency (1/nm) 

1 50.000 0.00 0 

10 

2 48.069 0.00 0.71 
3 46.138 0.50 1.43 
4 44.207 0.50 2.14 
5 42.276 0.50 2.86 
6 40.345 1.00 3.57 
7 38.414 1.00 4.29 
8 35.517 1.50 5.00 
9 33.586 1.50 5.71 
10 31.655 1.50 6.43 
11 29.724 2.00 7.14 
12 27.793 2.00 7.86 
13 25.862 2.00 8.57 
14 23.931 2.50 9.29 
15 22.000 2.50 10.00 

 

To simulate a realistic noise and distortion, the spectra obtained were compared with a 

hyperspectral image obtained with AHS. The spectrum was retrieved from a random pixel 

chosen from Sample 1. The comparison was made possible by cleaning the data and compare 

it with the raw data. Level 1, 8 and 15 are shown in Figure 5, compared with the processed 

spectrum of Actinolite. It is noticeable that the least intense distortion corresponding to level 1, 

is similar to the pre-processed spectrum. 

 

Figure 5. Distortion level 1, 8 and 15 of an Actinolite spectrum acquired with a Specim SWIR camera. 
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2.5. Classification 

The classification methods used in this thesis work were DT[34]–[37], kNN[38] and SVM[39]–[43]. 

In the following sections, each method will be explained. 

 

2.5.1. Decision tree (DT) 

DTs are machine learning methods based on the answers to a series of questions and are one of 

the most common tools for exploratory data analysis and segmentation[34]. They are 

characterized by a root node, several internal nodes, and a few terminal nodes, also called leaves 

(which is usually equal to the number of the classes belonging to the database). The root node 

is connected through decision phases to the internal nodes[35], [36]. A visual representation can 

be seen in Figure 6. Splitting is the process of dividing a node into two or more sub-nodes. One 

of the most challenging aspects in the implementation of a DT is to identify which attributes 

must be considered at each level. Beginning from the root node, the data is split based on 

attributes that result in the largest information gain (finding the best attribute split that reduces 

the impurities in the child nodes); the action is repeated iteratively by creating various nodes 

by ramification and then finally reaching the leaves (or “terminal nodes”). The tree can also be 

pruned (in this case, sub-nodes of a decision node are removed), by setting a maximal limit to 

the depth of the tree. Having a larger tree makes it more prone to overfitting, and therefore using 

smaller trees may prevent this problem. The position in the tree at which all the nodes that are 

at the same level in the tree (i.e., at the same distance from the root) is called a layer. Each node 

contains the information of a set of classes that have to be discriminated, the set of variables to 

use and the decision rule to perform the classification. 

 
Figure 6. Example of a decision tree structure 



15 
 

Classification trees are used to predict a qualitative response. In the classification trees, the 

prediction of an observation generally corresponds to the most common class in the training 

observations in the region in which it falls. In the interpretation of the results, the interest is in 

the prediction of a class corresponding to the region of a particular terminal node, but also in 

the proportions of the numbers between the classes of the training observations that fall within 

that same region[37]. The construction of a tree usually follows a two-stage process: growth and 

pruning. To grow a classification tree, a binary subdivision is usually utilized. To split the 

nodes, the minimum variability within node is searched; variability is usually measured with 

two alternative indices: the gini index and the cross entropy. The gini index, which provides a 

measure of the total uncertainty between the k classes; it is also often referred to as the measure 

of purity of the node, since a small value indicates that the node predominantly observes from 

only one class. Let p(i|t) denote the fraction of records belonging to class i at a given node t, 

the gini index is expressed in Equation 1. 

Equation (1) 

Gini(t) = 1 − [p(i|t)]  

 

Where c is the number of classes. 

The cross-entropy (defined in Equation 2), similarly to the Gini index, assumes a small value if 

the node is pure. In this context entropy is a measure of the randomness in the information 

considered. When the probability of an event is either 0 or 1 the Entropy is zero. Entropy is 

instead maximum when the probability is 0.5. 

Equation (2) 

Entropy(t) = − p(i|t) log p(i|t) 

 

Where c is the number of classes and the case of 0 log 0 in entropy calculations is taken to be 

0, which is consistent with the limit: lim
→

p log(p) = 0. 
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The classification error is defined in Equation 3. 

Equation (3) 

Classification error(t) = 1 − max [p(i|t)] 

 

In particular, the entropy measures the purity/impurity of a sample, while the Information Gain 

(according to a given attribute) is the expected reduction of the entropy value through the split 

of the samples (Equation 4). 

Equation (4) 

∆ = I(parent) −
N v

N
I(v ) 

 

Where I is the impurity of a given node, N is the total number of records at the parent node, k 

is the number of attributed values (for example k is 2 in a binary DT, where each parent node 

is split in 2 child nodes), and N(vj) is the number of records associated with the child node vj. 

Maximize the gain is equivalent to minimizing the average impurity measures of the child 

nodes. To prune the tree, on the other hand, the rate of misclassification is mainly used, if the 

goal is the accuracy of the forecast. 

The main limitation of DTs are the possible over-fitting of the model and its difficulty in dealing 

with complex datasets[2]. To improve predictive accuracy, multiple trees can be combined to 

produce an aggregate forecast. In particular, a “random forest” could be an interesting 

alternative to the models used, which could maybe achieve with better results. However, it was 

not in the scope of this work. 

 

2.5.2. k-Nearest Neighbors (kNN) 

The kNN classifier is considered a “lazy learner” because its algorithm does not use the training 

data to do any generalizations, but it stores the results of the training dataset in memory (this 

phase comes with zero computational cost)[38]. Even if some of the first important studies of 

kNN date back to the early 1980s, the method still used successfully nowadays. The strategy of 

kNN can be explained in a few steps. The first step considers a distance metric and an integer k 
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then in the second step, the kNN of the element that has to be classified are found; in the last 

step, the item is assigned to a class based on majority voting. If k = 1, the class is the same of 

the nearest neighbor (Figure 7); if k >1, the class is determined by the majority of the items. In 

the case of a binary dataset is better to choose an odd number to avoid conflicts. 

   

Figure 7. Example of kNN approach with k = 1. 

 

While kNN is a very simple approach, it can often produce surprisingly good results. The key 

point in applying the kNN is the choice of k, the number of closest observations to include in 

the “neighborhood” of a given point. When k is small, the method produces very flexible 

decision thresholds. The amount of flexibility in the model let to reduce the negative impacts 

of bias and variance (even if decreasing one means an increase of the other). As k grows, the 

method becomes less flexible and produces decision thresholds which are always quite similar 

to straight lines. k is usually chosen using the cross-validation method. An advantage of kNN 

is that it is a totally non-parametric approach (differently from DT) since no assumptions are 

made about the shape of the decision thresholds. Finally, kNN suffers quite significantly when 

there are many predictors, because as the number of predictors increases, there is a 

corresponding (non-linear) increase in the number of observations necessary to obtain reliable 

predictions. 
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2.5.3. Support Vector Machine (SVM) 

SVM is an algorithm that creates a line or a hyperplane which separates the data into classes. 

The objective is to maximize the margin between two classes, where margins are the distances 

(support vectors) between the separating hyperplane (also called decision boundary) and the 

training data that are closest to this boundary (Figure 8). Many different hyperplanes can be 

found in a two classes dataset, the classifier chooses the hyperplane that represent the decision 

boundary that performs best on test set. Many studies have shown that it is robust to overfitting 

problems, and it works better than other classifiers with high dimensionality data and avoids 

the curse of dimensionality problem. When the dimensionality increases, all objects appear to 

be sparse and dissimilar in many ways, which prevents some common classifiers, including 

kNN, from being efficient[39], [40]. SVMs and kNNs are both efficient tools in machine learning, 

but SVMs are less computationally demanding than kNNs and easier to interpret. Both learning 

techniques can be used for distinguishing many classes at once and obtaining probabilities for 

each class. SVM has been applied to various fields with excellent results. It has been used for 

both linear/nonlinear classifications and for regressions[41]. SVM works as a binary classifier: 

the classification model works by dividing the training dataset in two classes, 1 and -1 (or 0). 

Since SVMs essentially deal with two-class problems, with a multi-classes dataset a strategy 

that could be used is the One-vs-All (or One-vs-rest) classification: the multi-class dataset is 

split into multiple datasets with binary labels. Multiple binary classification SVMs are run on 

each one of those[42], [43]. 

  

Figure 8. Example of SVM approach. 
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One-vs-All is allows utilizing a binary classification algorithm for multi-class classification. It 

is the most common and simplest approach for this task. It involves n binary SVM classifiers, 

one for each class. The winning class is the one that corresponds to the SVM with highest output 

value i.e., the largest decision function value (Equation 5). This approach may suffer from errors 

caused by markedly imbalanced training sets. 

Equation (5) 

c(x) = arg max f (x) 

 

Where f (x) is the output of the binary SVM classifier trained for class I against all the other 

classes. 

In practice, it involves splitting the multi-class dataset into multiple binary classification 

problems. A binary classifier is then trained on each binary classification problem and 

predictions are made using the model that is the most confident. In Figure 9 is shown an 

example of a One-vs-All. In this strategy, SVM considers one class at a time against the others 

to determine the best support vectors over the possible hyperplanes. 

 

 

→ 

 
Figure 9. Example of the SVM One-vs-All strategy. In the left are shown the different classes of a generic 

dataset, in the right are shown the same number of classes with a division of part one class and not-part of the 

same class. 
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2.6. Spectral Similarity index (SSI) 

The SSI was developed to support machine learning classifiers. This was mainly needed as the 

employed classification models cannot recognize if a sample is not part of the database. All 

samples are always assigned to one of the classes belonging to the classification model even 

though the similarity between them may be poor. This problem can occur in case a mineral 

found in the analyzed sample is not part of the database or in case a pure component found with 

MCR-ALS does not correspond to a mineral but to noise, to artefacts due to issues with baseline 

correction or to other effects. Although misclassified spectra are clearly recognizable as outliers 

by visual inspection, the development of an automated routine for the detection of anomalies is 

not straightforward. 

The SSI calculates the similarity between spectra. In the code, the spectral similarity calculation 

is introduced after the classification and consists of two parts. The first part creates a threshold 

from the calculation of the spectral similarity between all the spectra of the database. The 

threshold sets a value for which a spectrum is belonging to a specific class. The second part 

evaluates whether the similarity value between each spectrum in the test set and their relative 

assigned class is below the threshold set for that specific class. For example, if a spectrum was 

classified as Actinolite (class 1), the SSI would check the similarity value between the test 

spectrum and the training spectrum of class 1 and evaluate if the value found is below or above 

the threshold set for class 1. If the inequality is proven correct, so the value found is smaller 

than the threshold, then the test spectrum is part of the class assigned. Otherwise, the spectrum 

is assumed wrongly classified. To be able to evaluate the efficiency of the SSI, there must be a 

knowledge of the real classes in the test set. By knowing if a class is correctly classified or 

wrongly assigned, it is possible to calculate the accuracy of the SSI. The four possible cases are 

shown in Table 4. The accuracy of the model was calculated by assigning a logical index to 

each of these cases and then by combining them. 
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Table 4. Case scenario of the classification methods and similarity indexes, with detailed explanation and points 

attributed to calculate the accuracy. 

Classifier 
result 

Similarity 
index result 

Details Logical index 

True True 

The classification is correct, and the SSI 
considers the spectrum part of the assigned 
class 
 

1 

True False 

The classification is correct, and the SSI 
considers the spectrum not part of the assigned 
class 
 

0 

False True 

The classification is wrong, and the SSI 
considers the spectrum part of the assigned 
class 
 

0 

False False 
The classification is wrong, and the SSI 
considers the spectrum not part of the assigned 
class 

1 

 

When the classification and similarity methods agree on the class, i.e., both are true or both are 

false, then the similarity method works correctly. In case both of them are true, the similarity 

method acknowledges that the assigned class is correct. In case both of them are wrong, the 

similarity method confirms that the assigned class is incorrect. The problem arises when the 

other two cases show up. When the classification is found incorrect, the similarity method 

should also agree that the assigned class is not the right one. While, when the classification is 

found correct, the similarity method should also agree in the outcome. These two are the cases 

lower the SSI accuracy and needs to be decreased by finding the best threshold value.  

In this project, the similarity indexes were built with three different methods: a series of 

distances[44]; the Spectral Angle Mapper (SAM)[45]–[48]; the correlation coefficient[49]. For the 

distances and SAM, the method checks if the calculated value is smaller than the threshold 

value: the higher the similarity, the smaller the distance or angle value, respectively. Since the 

correlation coefficient has higher similarity with higher values, the coefficient was subtracted 

to 1 to have a higher similarity with smaller values.  

The SSI was used in both the training and test split. The threshold value was created with the 

training set, while with the 2vs3 classes set, the SSI was tested to check its robustness, to test 

which method worked best, and which threshold had the highest accuracy.  
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2.6.1. Distance 

A distance metric is a function that defines a distance between two observations. There are 

various distance metrics[44], and the ones discussed here are the following: Euclidean distance, 

Square Euclidean distance, City block distance, Chebyshev distance and Minkowski distance. 

The Euclidean distance is the straight-line distance between two pixels. Given an m-by-n data 

matrix X, which is treated as m (1-by-n) row vectors x , x , … , x , the various distances 

between the vector 𝑥  and 𝑥  are defined in Equation 6. 

Equation (6) 

d  = (x − x )(x − x )′ 

 

The Squared Euclidean distance omits the final square root in the calculation of Euclidean 

distances. The value resulting from this omission is the square of the Euclidean distance. As an 

equation, it can be expressed as a sum of squares. 

The cityblock distance (or Manhattan distance) metric measures the path between the pixels 

based on a 4-connected neighborhood. Pixels whose edges touch are 1 unit apart; pixels 

diagonally touching are 2 units apart (Equation 7). 

Equation (7) 

d   = x − x  

 

The Chebyshev (or chessboard or "maximum metric") distance metric measures the path 

between the pixels based on an 8-connected neighborhood. Pixels whose edges or corners touch 

are 1 unit apart. In a 2D grid, for instance, if we have two points (x , y ), and (x , y ), the 

Chebyshev distance between is max (y − y , x − x ) (Equation 8). 

Equation (8) 

d  = max x − x  
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The Minkowski distance is a metric in a normed vector space which can be considered as a 

generalization of both the Euclidean distance and the city block distance, according to Equation 

9. 

Equation (9) 

d  = x − x  

 

2.6.2. Spectral Angle Mapper (SAM) 

SAM is a tool that allows a rapid mapping of the similarity between the sample spectra to the 

database spectra. The similarity is determined by calculating the angle between two single 

spectra by treating them like vectors in a space with their dimensionality equal to the number 

of bands (spectral space)[45], [46]. With this method it is possible to compare the angle between 

the endmember spectrum vector and each pixel vector in a n-dimensional space. With smaller 

angles (meaning larger cosine value) there is a higher similarity within the two spectra 

selected[47]. SAM is one of the leading classification methods as it calculates the similarity by 

suppress the shading influence and emphasize the reflectance characteristics of the target[45]. In 

this work SAM is not used as classification method, but as a similarity method. This shows how 

the project idea can be seen as a litmus test of the prediction of the first classification model 

with a second one. As mentioned, the spectral angle indicates the angle of two spectral vectors 

with same wavelength range. The angle formula is defined in Equation 10. 

Equation (10) 

cos(α) =
A ∙ B

|A||B|
=

∑ A B

∑ A A ∙ ∑ B B

 

 

Where A,B = respective spectral vectors; α = spectral angle[46]–[48]. 
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2.6.3. Correlation coefficient 

If the correlation of two random variables is referred to their dependent link, the correlation 

coefficient of these two variables is a measure of their linear dependence (even if there is no 

direct dependence between the two variables, the dependence can exist and can be referred to 

a third factor). The Pearson coefficient, used in this work, is an index of linear correlation. If 

each variable has N scalar observations, then the Pearson correlation coefficient is defined in 

Equation 11. 

Equation (11) 

ρ(A, B) =
1

N − 1

A − μ

σ

B − μ

σ
 

 

where μA and σA are the mean and standard deviation of the variable A, respectively, 

and μB and σB are the mean and standard deviation of the variable B, respectively. 

The correlation coefficient is a useful tool to represent the existing relation between two 

variables with a single number.  In correlated data, the change in the magnitude of one variable 

is associated with a change in the magnitude of another variable, either in the same (positive 

correlation) or in the opposite (negative correlation) direction. A value of 0 indicates that there 

is no linear or monotonic association. The relationship gets stronger and ultimately approaches 

a straight line (Pearson correlation) or a constantly increasing or decreasing curve (Spearman 

correlation) as the coefficient approaches an absolute value of 1. So, a perfect correlation of -1 

or +1 means that all the data points lie exactly on the straight line[49]. 

 

2.7. Accuracy estimation 

The final stage of a classification is to validate the results found with a statistical technique, 

such as the confusion matrix[50]. In the results, is shown a comparison of them, along with the 

visualization of the accuracy on a confusion matrix. An example of this matrix can be seen in 

Figure 10. The classification metrics are retrieved from the matrix and can give information 

about the robustness of a classification method. They can be calculated globally or per each 

class. The different metrics are the accuracy, precision, recall and specificity; in the case of a 

global calculation these values will be equal. Since there were multiple classes in this thesis 
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project, a global calculation was chosen, meaning that only one metric needed to be calculated. 

The accuracy of the model is a measure of agreement between the assigned class and the actual 

class of the sample, the formula is shown in Equation 12. 

Equation (12) 

Accuracy =
x + x

x + x + x + x
 

 

Where, in a system of two classes, 𝑥  is a correct prediction of class 1, 𝑥  is a correct 

prediction of class 2, 𝑥  is a wrong prediction of class 1 and 𝑥  is a wrong prediction of class 

2.  

 

 
Predicted class 

Class 1 Class 2 

True class 
Class 1 𝑥  𝑥  

Class 2 𝑥  𝑥  

Figure 10. Example of a confusion matrix’ working system. 

 

To compare the machine learning classifiers more precisely, the accuracy was calculated within 

different run and then averaged. This is done to investigate the variation of the accuracy during 

different number of run to see at which averaged run value the metric stabilizes. The script was 

run between 1 time and 1000 times.
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3. Results and discussion 

 

3.1. Classifier’s comparison 

The accuracy of the classifiers was measured for all of the 15 distortion levels. Before the 

analysis, the accuracy variation was investigated by averaging it over a number of runs. Figure 

11 shows the results for each classification method with the stronger distortion. In the figure 

the three methods show an increase of stability with the increase of number of averaged runs. 

At the 200th averaged run, the random fluctuations are decrease drastically and around the 300th 

averaged run for all the three classifiers the variation becomes less significant. For timing 

reasons, this number, 300, was selected to perform the classifier comparison.  

 

Figure 11. Accuracy stabilization over the number of averaged runs of the three classification models, with the 

15th distortion level. 

 

In Figure 12 are shown the classifiers accuracies over all the different distortion levels with 

their respective error bars. SVM shows the best overall accuracy by maintaining 100% accuracy 

until the 11th level and by reaching 90% accuracy as lowest value, at the 15th level. Followed 

by SVM, kNN manages to maintain a high accuracy through all distortion levels and reaches in 

the 15th level 83.79% accuracy. The DT’s highest accuracy is 95%. As already mentioned, the 

first level of distortion is similar to the pre-processed data, so even in the best test set condition, 
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this classifier does not assign all the spectra in their belonging class. From the 2nd level of 

distortion, the accuracy decreases with an exponential trend till reaching around 20% accuracy. 

DT’s accuracies are low compared to the ones of the other two classifiers.  

The error bars show the uncertainty of the classifier’s accuracy at each distortion level. It is 

noticeable that for kNN and SVM the uncertainty increases with the increase of distortion but 

manages to maintain low uncertainty for half of the distortion levels and almost all the levels 

respectively. DT has high uncertainties through all the distortion, including the first ones where 

the accuracies are relatively high; only the first level (similar to the pre-processed data) has a 

relative low uncertainty. 

 

Figure 12.  Accuracy of the three classification models with an increase of distortion level. 

 

Among the three classification models DT was the worst one, as it turned out to be very 

sensitive to distorted data (one of the well-known disadvantages is that even a small change in 

the data could cause instability and lead to a large change in the structure of the DT). Between 

the kNN and the SVM, the latter showed a slightly higher robustness with distortions. In order 

to check if there was a change in accuracy, kNN was employed with different numbers of 

neighbors (from 1 to 51, only odd numbers). However, the result had no significant variations. 

In light of these results the SVM model was chosen for the next steps. 
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3.2. Similarity method development and results 

In order to calculate the threshold for the distances, SAM and the correlation coefficient, all the 

spectra of one class were selected (100 spectra), and the mean spectrum was calculated. Then 

the SSI for each method was obtained between the averaged spectrum of one class and every 

spectrum of the database (in total 900 different SSI). The values are subsequently placed in 

ascending order so that the value can be selected. The operation was repeated for all the 9 

classes. A visual representation, before placing the values in ascending order, can be seen in 

Figure 13, where the values of the Euclidean distance, Chebyshev distance, SAM and 

correlation coefficient are estimated between the average spectrum of e.g., Actinolite and each 

spectrum in the dataset. The value between 0 and 100 corresponds with the SSIs of Actinolite 

with its belonging class. It is noticeable that between this class indexes are not uniform, some 

methods have overall lower indexes than others, and in the same method some values are higher 

than other ones. Some of the highest values exceed some of the indexes obtained between 

Actinolite and Talc (from 800 to 900). The value of the threshold selected for the analysis was 

critical because if it was too low, some spectra of the same class might have not been recognized 

as part of the belonging class; on the other hand, if it was too high, spectra of other classes 

might have been recognized as part of the class under consideration. The methods show 

different gaps between Actinolite indexes and the other classes indexes. The bigger is the gap, 

the more flexible the threshold selection should be. As this example only shows one class, the 

methods that have a higher gap with this mineral may have a lower gap with other minerals. 

 
Figure 13. Spectral Similarity Index between the average spectrum of Actinolite and all the spectra in the dataset. 
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In order to examine the flexibility of the spectral similarity methods and select the adequate 

threshold for this dataset, an analysis with the 2vs3 classes scenario was performed.  

Figures 14, 15 and 16 show the results of the accuracy test with different thresholds for each 

distortion level. Only the Euclidean distance, Chebyshev distance, SAM and correlation 

coefficient are presented. It is possible to notice that in all the three distortion levels, all the 

methods reach the highest accuracy near the same threshold value, which is around 0.1101 (in 

this case the 100th relative threshold value, corresponding to the number of spectra per class). 

Below this value the number of false negatives is high, while above this value the number of 

false positives increases. Near 0.1101, the false positive and false negative cases are minimized. 

The worst accuracy, which is 50%, is the lowest value reachable as this parameter is a 

convolution of two different accuracies: one for a right classification and one for a wrong 

classification. With a small threshold all the classes are considered wrongly classified, with a 

big threshold the opposite case happens. By having two classes part and one class not part of 

the training set, in the test set: in the first case at least one class is correctly considered wrong; 

in the second case at least two classes are correctly considered assigned in the right class. The 

accuracy reached for both is 50%. 

In Figure 14 is shown the first distortion level, which, is very similar to the pre-processed data 

(as already mentioned). The highest accuracy value reached by the methods is near 100% 

accuracy. The Euclidean distance, Chebyshev distance and SAM reach the highest accuracy 

linearly from the first threshold value to around 0.1101. After reaching the maximum the three 

methods start behaving differently: the accuracy of the Euclidean distance quickly decreases 

almost linearly with the increase of threshold value till 0.6663 where it reaches the bottom 

accuracy; SAM decreases accuracy a bit slower than the Euclidean distance, showing higher 

stability in the range between 0.2214 and 0.4438 where the accuracy reaches 80% and remains 

stable; Chebyshev distance shows a nearly linear decrease in accuracy through the thresholds, 

like the Euclidean distance, but in overall with higher values. The correlation coefficient 

behaves differently from the other three methods. Before the apex, the accuracy increases still 

linearly but higher accuracy values are reached at lower thresholds. After the apex the accuracy 

drops at near 80% and after that from 0.2770 it remains constant through all the thresholds at 

approximately 65%. 
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Figure 14. Thresholds’ accuracies of the Euclidean distance, Chebyshev distance, SAM and correlation 
coefficient method of the first distortion level. The vertical lines mark the relative threshold value. 

 

 

In the eighth distortion level, in Figure 15, the highest accuracy value is around 93%. The 

Euclidean distance, Chebyshev distance and SAM behave the same as the first distortion level, 

while after the apex their accuracy acts in a different manner. The Euclidean distance drops its 

accuracy at 80% right after the highest accuracy value at 0.1112 and then it decreases linearly 

until 50% at 0.5551. The accuracy drop means that the SSI of the class of interest is followed 

by a series of indexes belonging to other classes. Before decreasing, at 0.2214 the accuracy 

increases slightly. This effect and small fluctuations in the curves are related to the fact that the 

SSI for a class of interest, sometimes gets higher than the values of another class, as mentioned 

in the discussion of Figure 13. When that happens, the accuracy slightly decreases and increases 

with small thresholds changes. SAM shows the same trend as the Euclidean distance, after 

0.2214 the accuracy decrease has a parabolic trend till 0.6663 where the trend is linear till 50% 

accuracy. Chebyshev distance shows the highest overall accuracy between the methods. The 

small fluctuation of accuracy can be noticed near 0.1101. The correlation coefficient method, 

as the first distortion, behaves differently. Near 0.1101 the apex is not reached, while the highest 

value is near 0.200 with around 85% accuracy. The lack of a high accuracy means that the class 

of interest indexes blend with the indexes of other classes, not leaving a high enough gap to 

separate the minerals within their spectral similarity. The accuracy then drops and oscillates 
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between 65% and 55%. While in the first distortion level it could have been not taken in 

account, in this level the spectra are distorted enough to lower the SSI calculated value. The 

accuracy oscillations are more accentuated here than in the first distortion level, meaning that 

the indexes found with higher distortion levels are more spread between the same mineral class, 

increasing the probability that other classes with lower SSI values that the one of concern are 

included in the threshold.  

 

Figure 15. Thresholds’ accuracies of the Euclidean distance, Chebyshev distance, SAM, and correlation 
coefficient method of the eighth distortion level. The vertical lines mark the relative threshold value. 

 

In the fifteenth distortion level, in Figure 16, the methods profile shows the same trend, with 

different magnitude of accuracy. The maximum accuracy reaches around 95%. The correlation 

coefficient reaches at maximum around 77% accuracy. Chebyshev distance shows, like the 

other distortion levels, the highest overall accuracy. The oscillations in accuracy are more 

evident than the last distortion level discussed, highlighting the fact that with higher distortion 

the spectral similarity indexes are spread out in a bigger range of values.  

In Table 5 are summarized the main threshold values for all the SSI methods, including the 

Cityblock distance, Minkwoski distance and Square Euclidean distance that were not included 

in the previous figures as they gave similar results to the Euclidean distance. In the table is 

possible to see the different percentages with different colors (from red, 50%, to green 90% and 

beyond). Thanks to the colors the highest accuracy can be immediately spotted, and the trend 

of the methods are clear, emphasizing the fast increase of accuracy till the threshold 
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correspondent to the number of spectra part of a mineral class (100th threshold value, 0.1101 or 

101st threshold value, 0.1112) and a slow decrease through higher threshold values.  

 

Figure 16. Thresholds’ accuracies of the Euclidean distance, Chebyshev distance, SAM, and correlation 
coefficient method of the fifteenth distortion level. The vertical lines mark the relative threshold value. 

 

Table 5. Accuracy values for each parameter and distortion level of the SSI with relative and normalized 
threshold.  
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In order to investigate the range of thresholds with higher accuracy , a finer grid of the previous 

SSI was calculated. In Figure 17, 18 and 19 are shown the results of the accuracy values of 

different thresholds in the range between 0.0879 and 0.1324, for each distortion level. 

The first level of distortion (Figure 17) shows that the threshold corresponding to the number 

of spectra per class, 100 (0.1101), is a good starting threshold for the analysis, as the highest 

accuracies lay in around that value. A high tolerance was observed in the presence of a small 

variation of threshold for the Euclidean distance, Chebyshev distance and SAM, which is absent 

in the correlation coefficient, as it drops at 80% accuracy right after the apex. The oscillations 

of accuracy between different thresholds are not big enough to affect the overall result in a 

relevant way. 

 

Figure 17. Zoom of the Thresholds’ accuracies of the Euclidean distance, Chebyshev distance, SAM, and 
correlation coefficient method of the first distortion level. The vertical line marks the relative threshold value. 

 

In the eighth level of distortion (Figure 18), it has been possible to discover the actual maximum 

accuracy value of the correlation coefficient, which is at 0.1103, right near the 100th threshold 

value (0.1101). The Euclidean distance and SAM gradually decrease the accuracy till approx. 

80% at 0.1175 and then remain constant. Chebyshev distance is the only parameter that shows 

high accuracy even with small variation of threshold.  
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Figure 18. Zoom of the Thresholds’ accuracies of the Euclidean distance, Chebyshev distance, SAM, and 

correlation coefficient method of the eighth distortion level. The vertical line marks the relative threshold value. 

 

In the fifteenth distortion level (Figure 19) the correlation coefficient shows similar results as 

the second level. The other three methods showed a higher stability than the eighth level at 

threshold variation. The accuracy’s oscillations are more evident than the other previous treated 

distortions, but at this accuracy values they still significantly affect the overall result. 

 
Figure 19. Zoom of the Thresholds’ accuracies of the Euclidean distance, Chebyshev distance, SAM, and 

correlation coefficient method of the fifteenth distortion level. The vertical line marks the relative threshold 

value. 
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Between all the SSI methods, correlation coefficient was the one that showed the lowest 

tolerance with small variation of thresholds. This was extremely highlighted by the fact that 

only with a finer grid of thresholds it was possible to find the apex of the accuracy curve. The 

methods that showed better performance were SAM and Chebyshev distance, which maintained 

high stability with smaller and bigger threshold changes. SAM kept higher accuracy at higher 

thresholds, but Chebyshev distance, other than that, managed also to maintain a high accuracy 

within small variation of threshold. This means that the gap between the SSI of the class of 

interest and the one of the other classes is big enough to be able to discriminate the class of 

belonging with low and high distortion of the data. 

Thanks to this analysis it was possible to confirm that a good starting value to set the threshold 

at was the number of spectra available for one class in the dataset. It is however still important 

to carry out the analysis with different threshold each time to see which one is the best value in 

order to retrieve a high accuracy. 

 

3.3. Spectral similarity index implementation in VTT’s custom made 

application 

The SSI was tested with the two mine samples hyperspectral images retrieved with VTT’s AHS 

prototype. With VTT’s developed application it was possible to retrieve the pure components 

of the samples. Both samples, after the ROI selection, pre-processing and outlier removal have 

two pure spectra that were classified with kNN classifier (already selected in the application). 

To evaluate the classification results an SSI analysis was carried out with all the methods treated 

in this study work. The threshold value selected was 11, as the database of 7 minerals have 10 

spectra each. 

For Sample 1 the pure components found with the MCR-ALS algorithm were Epidote (Figure 

20a) and Chlorite (Figure 20b). After the SSI evaluation, all the methods gave as result a correct 

classification for the pure component assigned to Epidote, which was visually similar to the 

database spectra, and a wrong classification for the pure component assigned to Chlorite, which 

was visually not similar to the database spectra. 
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(a) Epidote                     (b) Chlorite 

Figure 20. Pure components found with the MCR-ALS algorithm in Sample 1: Epidote (a) and Chlorite (b). In the 
left the distribution map of the pure component, in the right the pure spectrum (blue) compared with the database 
spectra (red). 

 

For Sample 2 the pure components found were Muscovite (Figure 21a) and Epidote (Figure 

21b). After the SSI evaluation, the first pure component was considered correctly assigned to 

Muscovite and the second pure component was considered wrongly assigned to Epidote. Even 

in this case it was possible to notice that visually the mineral Epidote did not share many spectral 

features with the pure component found. 
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(a) Muscovite                     (b) Epidote 

Figure 21. Pure components found with the MCR-ALS algorithm in Sample 1: Muscovite (a) and Epidote (b). In 
the left the distribution map of the pure component, in the right the pure spectrum (blue) compared with the 
database spectra (red). 

 

As already mentioned, no reference was available for these two samples, so the results found 

with SSI are not 100% certain. Regarding the visual inspection, the results found can be 

considered satisfying. 
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4. Conclusions 
 

In this thesis work the SSI was assembled from different existing algorithms and tested for the 

detection of misclassification when utilizing a machine learning classifier applied to mineral 

spectra extracted from hyperspectral images. The method was developed to solve a problem 

that can arise when a mineral, that does not belong to any class of the database, is still classified 

as one of the known classes from the reference database. 

Within a dataset based on a Specim SWIR camera measurements, the spectral similarity was 

calculated with seven different methods (one based on the SAM, one based on the correlation 

coefficient and five based on the distance) and a threshold was set to check the belonging of a 

mineral class. To test the SSI, three classifiers were compared to choose the best one to work 

with. The classifiers were DT, kNN and SVM and the comparison was carried out by calculating 

their accuracy by applying distortion to the pre-processed data. Between them DT, proved not 

to be a good classifier for the dataset used, while kNN and SVM showed high performance, 

with the latter being the best one within the three. Then the SSI methods evaluated the classifier 

classification in a dataset having one class not part of the classification model and by including 

three types of distortions to the data. After gathering the results, it was possible to find the best 

threshold (or range of thresholds) and the best method within the seven utilized. The results 

showed that the threshold with highest accuracy was corresponding to the number of spectra 

present per each class in the dataset. While by analyzing the curve profiles the method that 

worked best with this kind of data were the SAM and Chebyshev distance, which gave the 

highest accuracies and were the most tolerant to threshold variation. The method that gave worst 

result was the correlation coefficient as showed low tolerance to small variation of threshold. 

The benefit of having a flexible method is that there is a bigger range of thresholds useful for 

the analysis and there is a guarantee to have good results even if the threshold selected is not 

the best one. Furthermore, the SSI was tested with mine samples acquired with VTT’s AHS 

prototype. As no reference was available to verify the real class of the minerals, the SSI results 

were verified just by visual inspection. The results obtained were in agreement with the one 

obtained by visual interpretation, were one of the two pure components found for each sample, 

were considered wrongly classified.  

The problem posed in this work can be useful to future mineral exploration as it is of great 

importance to classify correctly the minerals found in a certain area, regardless the database 
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utilized. With this method, it is still not possible to confirm which one was the right class of the 

samples, as it can not be done without a proper database, but as a first step it was possible to 

set the basis to develop an algorithm that could discriminate the membership of the sample to 

the assigned class. 

With regards to future research, a number of improvements could be made. First, the accuracies 

found should be calculated by averaging it over a number of runs, in order to obtain more 

precise values and standard deviation values for each accuracy. Second, while in this work the 

threshold was tested for all the classes simultaneously, the threshold could be tested singularly 

for each class at a time. Furthermore, new metrics for the SSI could be tested to find algorithms 

more stable to threshold variations.
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6. Appendix 
 

Script of this thesis work: 

 

clear all;close all 
 
%% loading of the matlab file having: 
%       datacell        10 minerals' spectra 
%       parameters      with the different distortion levels parameters 
%       wls_exp         the wavelength range values 
 
load('C:\Users\FBFEDE\Downloads\Matlab\Matlab\database\prova\dataset.mat') 
 
%% variables (can be changed in the matrix ''parameters'' and ''parameters2'') 
distortion_level = 15; % distortion level 
n_try = distortion_level+1;  
 
number_spectra_per_class = size([datacell{1,3}],1);%number of spectra for each mineral class 
number_of_classes = 9; %number of minerals in the dataset 
value = 60; %train and test percentage division (training percentage) 
mdlchoice = 3; %machine learning classifier (1:DT - 2:kNN - 3:SVM) 
th_value = 101; %relative threshold value 
 
%% Pre-processing of the data---------------------------------------------- 
processed_spectra = cell(number_of_classes,1); %cell creation of the pre-processed data 
B = []; 
i = []; 
for i = 1:number_of_classes 
    ref_vec = [datacell{i,3}]; %spectra selection for 1 class 
    for j=1:size(ref_vec,1) 
        if ~all(isnan(ref_vec(j,:))) && ~all(ref_vec(j,:)==0); 
            ref_vec(j,:) = smooth(ref_vec(j,:),13,'sgolay',2,'rloess'); %smoothing of the data 
            base = baseline(-ref_vec(j,:)'); %baseline correction 
            proc_spec(j,:) = 1+ref_vec(j,:)+base'; 
            %normalization (below) 
            proc_spec(j,:) = (proc_spec(j,:)-min(proc_spec(j,:))) ./ (max(proc_spec(j,:)-min(proc_spec(j,:))));  
            proc_spec(j,:) = proc_spec(j,:) - mean(proc_spec(j,:));%mean centering 
            B = [B;proc_spec(j,:)]; 
        end 
    end 
    processed_spectra{i} = B; 
    B = []; 
end 
clearvars ref_vec base proc_spec B i j 
 
spectra_avg = []; threshold = []; spectra_mean = []; YT_d = []; spectra = []; 
i = []; 
for i=1:number_of_classes 
    Y=i*ones(number_spectra_per_class,1); 
    YT_d = [YT_d;Y]; % class of each spectra 
    spectra_1 = [processed_spectra{i,1}]; 
    spectra = [spectra; spectra_1]; %to gather all the spectra in one matrix 
end 
 
%% XT|XP split and class selection----------------------------------------- 
 
%% All classes (comment/uncomment) 
XT=[];  XP=[]; 
for i=1:number_of_classes 
    idx_orig = [1:number_spectra_per_class]; 
            percentage = (value * number_spectra_per_class)/100; 
            percentage = round(percentage); 
    idx_training = randsample(idx_orig,percentage); %selection of 60 random values in the array 
    %selection of the logical index belonging to the training (value=1) (below) 
    logical_idx = any(idx_training == idx_orig',2)'; 
    X = processed_spectra(i,1); % selection of the baseline corrected dataset spectra 
    X2= [X{:}];  
    XT=[XT;X2(logical_idx,:)]; 



 

 

    XP=[XP;X2(~logical_idx,:)]; 
end 
 
%known classes of the training 
YT = []; 
for i=1:number_of_classes 
    Y=i*ones(percentage,1); 
    YT = [YT;Y]; 
end 
 
% test classes 
YP_true = []; 
not_percentage = 100-percentage; 
for i=1:number_of_classes 
    Y=i*ones(not_percentage,1); 
    YP_true = [YP_true;Y]; 
end  
clearvars Y i idx_orig idx_training logical_idx X X2 i percentage value not_percentage 
%% (comment/uncomment) TILL HERE 
 
%% 2vs3 classes scenario (comment/uncomment) 
% All_two_pairings =[]; %contains all the possible combinations of two classes 
% All_three_pairings =[]; %contains all the possible combinations with a third class 
% temp = []; 
% n = 2; 
% for i = 1:number_of_classes 
%     for j = n:number_of_classes 
%         if j ~= i 
%             temp = [i,j]; 
%         end 
%         All_two_pairings = [All_two_pairings;temp]; 
%     end 
%     n = n+1; 
% end 
% for i = 1:length(All_two_pairings) 
%     for j = 1:number_of_classes 
%         if (j ~= All_two_pairings(i,1)) && (j ~= All_two_pairings(i,2)) 
%             temp = [All_two_pairings(i,:),j]; 
%             All_three_pairings = [All_three_pairings;temp]; 
%         end 
%     end 
% end 
% clearvars i j n temp 
%% (comment/uncomment) TILL HERE 
 
%% selection of a random pair and XT|XP division (comment/uncomment) 
% [twoclass_set,threeclass_set,classes]=two_three_classes(spectra); 
% processed_spectra_1 = cell(2,1); 
% processed_spectra_1{1}=twoclass_set(1:100,:); 
% processed_spectra_1{2}=twoclass_set(101:200,:); 
%  
% XT=[];  XP=[]; 
% for i=1:2 
%     idx_orig = [1:number_spectra_per_class]; 
%     percentage = (value * number_spectra_per_class)/100; 
%     percentage = round(percentage); 
%     idx_training = randsample(idx_orig,percentage); %selection of 60 random values in the array 
%     %selection of the logical index belonging to the training (value=1) (below) 
%     logical_idx = any(idx_training == idx_orig',2)'; 
%     X = processed_spectra_1(i,1); % selection of the baseline corrected dataset spectra 
%     X2= [X{:}]; 
%     XT=[XT;X2(logical_idx,:)]; 
% end 
%  
% XP = threeclass_set; 
% class1 = classes(1,1); class2 = classes(1,2); class3 = classes(1,3); 
 
% % YT CREATION 
% %known classes of the training 
% YT_1 = class1*ones(percentage,1); 
% YT_2 = class2*ones(percentage,1); 
% YT = [YT_1;YT_2]; 
% % test classes 
% YP_true_1 = class1*ones(number_spectra_per_class,1); 



 

 

% YP_true_2 = class2*ones(number_spectra_per_class,1); 
% YP_true_3 = class3*ones(number_spectra_per_class,1); 
% YP_true = [YP_true_1;YP_true_2;YP_true_3]; 
% clearvars YT_1 YT_2 YP_true_1 YP_true_2 YP_true_3 idx_orig idx_training logical_idx X X2 i not_percentage 
%% (comment/uncomment) TILL HERE 
 
%% selection of all the possible pairs and XT|XP split (comment/uncomment) 
% for i = 1:length(All_three_pairings) 
%      twoVsThree_data = two_Vs_Three(i,spectra, All_three_pairings); 
%      classes_dataset = All_three_pairings(i,:); 
%  
%  processed_spectra_1 = cell(2,1); 
%  processed_spectra_1{1}=twoVsThree_data(1:100,:); 
%  processed_spectra_1{2}=twoVsThree_data(101:200,:);  
%  XT=[];  XP=[]; 
%  for i=1:2 
%      idx_orig = [1:number_spectra_per_class]; % creation of the array 
%              percentage = (value * number_spectra_per_class)/100; 
%              percentage = round(percentage); 
%      idx_training = randsample(idx_orig,percentage); %selection of 60 random values in the array 
%     %selection of the logical index belonging to the training (value=1) (below) 
%      logical_idx = any(idx_training == idx_orig',2)'; 
%      X = processed_spectra_1(i,1); % selection of the baseline corrected dataset spectra 
%      X2= [X{:}];  
%      XT=[XT;X2(logical_idx,:)]; 
%  end 
%   
% XP = twoVsThree_data; 
% class1 = classes_dataset(1,1);class2 = classes_dataset(1,2);class3 = classes_dataset(1,3); 
 
% % YT CREATION 
% %known classes of the training 
% YT_1 = class1*ones(percentage,1); 
% YT_2 = class2*ones(percentage,1); 
% YT = [YT_1;YT_2]; 
% % test classes 
% YP_true_1 = class1*ones(number_spectra_per_class,1); 
% YP_true_2 = class2*ones(number_spectra_per_class,1); 
% YP_true_3 = class3*ones(number_spectra_per_class,1); 
% YP_true = [YP_true_1;YP_true_2;YP_true_3]; 
% clearvars YT_1 YT_2 YP_true_1 YP_true_2 YP_true_3 idx_orig idx_training logical_idx X X2 i not_percentage 
 
%% (comment/uncomment) TILL HERE 
 
%% DISTORTION IMPLEMENTATION----------------------------------------------- 
% distortion parameters 
SNR = [parameters{1,n_try}]; %white noise parameter 
shift_value = [parameters{2,n_try}];%shift parameter 
amp = [parameters{3,n_try}];freq = 10;%sinewave parameters 
 
XP_noise=[];XP_shift=[];XP_sinewave=[]; 
XP_baseline_distorsion=[]; 
XP_shift_noise=[];shift_noise1=[];shift_noise2=[];shift_noise3=[]; 
 
for i=1:size(XP,1); 
    spectrum = XP(i,:); 
 
    % additive white gaussian noise 
    noise = awgn(spectrum,SNR); 
 
    %shift with circshift function 
    C = linspace(min(wls_exp), max(wls_exp),310); 
    D = interp1(wls_exp,spectrum,C); 
    shift_2 = circshift(D,shift_value); 
    shift = shift_2(:,1:2:end); 
 
    shift_noise1 = []; 
    shift_noise1 = [shift; noise]; 
 
    %to add the shift and white noise together 
    k = []; 
    for k = 1:size(wls_exp) 
        shift_noise2(k) = mean(shift_noise1(:,k)); %mean of all the spectra of the selected training class 
    end 



 

 

    XP_shift_noise = [XP_shift_noise;shift_noise2]; 
 
    %sinewave function 
    sine = dsp.SineWave(amp,freq); 
    sine.SamplesPerFrame = size(XP,2); 
    sinewave = sine(); 
    sinewave = sinewave'; 
 
    baseline_distorsion = [sinewave]; 
    XP_base_dist = [spectrum+baseline_distorsion]; 
    XP_baseline_distorsion = [XP_baseline_distorsion;XP_base_dist]; 
 
end 
 
%final distortion for the selected level of distortion 
XP_distorted = [XP_shift_noise+baseline_distorsion]; 
 
clearvars a b i line n y 
clearvars baseline_distorsion k shift_noise1 shift_noise2 shift_noise3 sine sinewave spectrum XP_base_dist  
clearvars XP_baseline_distorsion XP_noise XP_shift XP_shift_noise XP_sinewave 
clearvars spectrum noise shift sinewave_spectrum baseline_distorsion phase_offset SNR shift_value amp freq shift_2 
 
%% Classification---------------------------------------------------------- 
%selection of the machine learning classifier 
if mdlchoice == 1 
    %classification tree 
    MDLtree = fitctree(XT,YT); %creation of the model 
    YP = predict(MDLtree,XP); %prediction of the test pre-processed spectra 
    YP_distorted = predict(MDLtree,XP_distorted); % prediction of the test spectra with distortion 
    MDL = MDLtree; 
end 
if mdlchoice == 2 
    % knn 
    MDLknn = fitcknn(XT,YT,'NumNeighbors',1,'Standardize',1);%creation of the model 
    YP = predict(MDLknn,XP); %prediction of the test pre-processed spectra 
    YP_distorted = predict(MDLknn,XP_distorted); %prediction of the test spectra with distortion 
    MDL = MDLknn; 
end 
 
 
%% all classes (OnevsAll classifier)   (comment/uncomment) 
if mdlchoice == 3 
    %MDLsvm - SVM with the "One-vs-All" stategy 
    SVMmdl(XT,YT); %makes the model from the function 
    YP = predictSVM(XP); % test SVM model 
    YP_distorted = predictSVM(XP_distorted); 
end 
%% (comment/uncomment) TILL HERE 
 
%% 2vs3 case scenario (binary SMV) (comment/uncomment) 
% if mdlchoice == 3 
%     CVSVMModel = fitcsvm(XT,YT,'Standardize',true);%creation of the model 
%     YP = predict(CVSVMModel,XP); %prediction of the test pre-processed spectra 
%     YP_distorted = predict(CVSVMModel,XP_distorted); %prediction of the test spectra with distortion 
% end 
%% (comment/uncomment) TILL HERE 
 
%% SPECTRAL SIMILARITY INDEX----------------------------------------------- 
 
% 1st part: threshold creation 
for k = 1:number_of_classes 
    spectra_k = spectra(YT_d == k,:); % selection of only 1 class (k class) in the training 
    i = []; 
    for i = 1:size(wls_exp,1) 
        spectra_avg(i) = mean(spectra_k(:,i)); 
    end 
    spectra_mean = [spectra_mean;spectra_avg]; 
    SSI = []; 
     
%% indexes based on the DISTANCE (comment/uncomment) 
    %to select the metric, see the ''SSI_function'' at the end 
    %of the script 
    for j = 1:size(spectra,1) 
        simil = SSI_function([spectra_avg;spectra(j,:)]); 



 

 

        SSI = [SSI;simil]; 
    end 
    sort_ascend = sort(SSI,'ascend'); %sort all the values in ascendent way 
    threshold_k = sort_ascend(th_value,1); % selection of the threshold value 
    threshold = [threshold; threshold_k]; %to save the treshold of each class 
end 
%% (comment/uncomment) TILL HERE 
 
%% indexes based on SAM (comment/uncomment) 
%     for j = 1:size(spectra,1) 
%         simil = sum(spectra_avg.*spectra(j,:))/(sum(sqrt(spectra_avg.^2))*sqrt(sum(spectra(j,:).^2))); 
%         SSI = [SSI;simil]; 
%     end 
%     sort_descend = sort(SSI,'descend'); %sort all the values in ascendent way 
%     threshold_k = sort_descend(th_value,1); % selection of the threshold value 
%     threshold = [threshold; threshold_k]; %to save the treshold of each class 
% end 
%% (comment/uncomment) TILL HERE 
 
%% indexes based on CORRELATION COEFFICIENT (comment/uncomment) 
%     for j = 1:size(spectra,1) 
%         H = []; H = spectra(j,:); dist = []; 
%         simil = corrcoef(spectra_avg,H);  
%         simil = simil(1,2); simil = simil^2; 
%         SSI = [SSI;simil]; 
%     end 
%     sort_descend = sort(SSI,'descend'); %sort all the values in ascendent way 
%     threshold_k = sort_descend(th_value,1); % selection of the threshold value 
%     threshold = [threshold; threshold_k]; %to save the treshold of each class 
%  
% end 
%% (comment/uncomment) TILL HERE 
 
clearvars sort_descend simil sort_ascend SSI spectra_1 spectra_avg spectra_k threshold_k Y i j k 
 
% 2nd part: spectral similarity evaluation 
 
SSI_value = []; SSI_value_distorted = []; 
for i = 1:size(XP,1); 
 
    %pre-processed data 
    YP_class = YP(i,1); 
    spectra_mean_class = spectra_mean(YP_class,:); 
    threshold_class = threshold(YP_class,1); 
 
    YP_class_distorted = YP_distorted(i,1); 
    spectra_mean_class_distorted = spectra_mean(YP_class_distorted,:); 
    threshold_class_distorted = threshold(YP_class_distorted,1); 
%% indexes based on the DISTANCE (comment/uncomment) 
    %distance between the XPi spectrum and the average spectrum of the assigned class 
    simil = SSI_function([spectra_mean_class;XP(i,:)]);  
    logical_idx = any(simil < threshold_class); % if index > threshold = part of the class (logical index = 1) 
                                                % if       <           = NOT part of the class (logical index = 0) 
    SSI_value = [SSI_value;logical_idx]; 
     
    %distance between the XPi spectrum and the average spectrum of the assigned class 
    simil_distorted = SSI_function([spectra_mean_class_distorted;XP_distorted(i,:)]);  
    logical_idx_distorted = any(simil_distorted < threshold_class_distorted); 
    SSI_value_distorted = [SSI_value_distorted;logical_idx_distorted]; 
end 
%% (comment/uncomment) TILL HERE 
 
%% indexes based on SAM (comment/uncomment) 
%     simil = sum(spectra_mean_class.*XP(i,:))/(sum(sqrt(spectra_mean_class.^2))*sqrt(sum(XP(i,:).^2))); 
%     logical_idx = any(simil > threshold_class); 
%     SSI_value = [SSI_value;logical_idx]; 
%     sp_m_class_dist= spectra_mean_class_distorted; 
%     XP_dist = [XP_distorted]; 
%     simil_dist = sum(sp_m_class_dist.*XP_dist(i,:))/(sum(sqrt(sp_m_class_dist.^2))*sqrt(sum(XP_dist(i,:).^2))); 
%     logical_idx_distorted = any(simil_dist > threshold_class_distorted); 
%     SSI_value_distorted = [SSI_value_distorted;logical_idx_distorted]; 
% end 
%% (comment/uncomment) TILL HERE 
 



 

 

%% indexes based on CORRELATION COEFFICIENT(comment/uncomment) 
%     H = []; H = XP(i,:); dist = []; 
%     simil = corrcoef(spectra_mean_class,H); 
%     simil = simil(1,2); simil = simil^2; simil = 1-simil; 
%     logical_idx = any(simil > threshold_class); % to check if they bigger or smaller than the treshold 
%     SSI_value = [SSI_value;logical_idx]; 
%  
%     H = []; H = XP_distorted(i,:); dist = []; 
%     simil = corrcoef(spectra_mean_class_distorted,H); 
%     simil = simil(1,2); simil = simil^2; 
%     logical_idx_distorted = any(simil_distorted > threshold_class_distorted); 
%     SSI_value_distorted = [SSI_value_distorted;logical_idx_distorted]; 
% end 
%% (comment/uncomment) TILL HERE 
 
% to plot the results 
SSI_value_2 = (1:size(XP,1))'; 
for f = 1:length(SSI_value) 
    if SSI_value (f) == 1 
        SSI_value_2(f) = NaN; 
    end 
end 
SSI_value_distorted_2 = (1:size(XP_distorted,1))'; 
for f = 1:length(SSI_value_distorted_2) 
    if SSI_value_distorted (f) == 1 
        SSI_value_distorted_2(f) = NaN; 
    end 
end 
 
% %the red dots are the classification considered wrong for the SSI 
% figure(1) 
% plot(1:size(XP,1),YP,'o'); hold on; plot(SSI_value,YP,'ro'); 
% xl = xlabel('Test spectrum'); yl = ylabel('Class');% title('SSI evaluation on pre-processed data'); 
% figure(2) 
% plot(1:size(XP_distorted,1),YP_distorted,'o'); hold on; plot(SSI_value_distorted_2,YP_distorted,'ro'); 
% title('SSI evaluation on distorted data');% xl = xlabel('Test spectrum'); yl = ylabel('Class'); 
% figure(3) 
% confMatrix(YP_true,YP);% title('Confusion matrix of the pre-processed data') 
% figure(4) 
% confMatrix(YP_true,YP_distorted);% title('Confusion matrix of the distorted data') 
 
%% Accuracy calculation 
classifier_idx = [];CC =[];DD = [];YP_true_i =[]; YP_i =[]; sum_classifier_idx =[]; 
for i = 1:size(XP,1) 
    YP_true_i = YP_true(i,:); 
    YP_i = YP(i,:); 
    logical_idx = any(YP_true_i == YP_i); 
    classifier_idx = [classifier_idx;logical_idx]; 
end 
for i = 1:size(XP,1) 
    if classifier_idx(i,:) == 0 
        if SSI_value(i,:) == 0 
            C = 1; 
            CC = [CC;C]; 
        else 
            C = 0; 
            CC = [CC;C]; 
        end 
    end 
end 
for i = 1:size(XP,1) 
    if classifier_idx(i,:) == 1 
        if SSI_value(i,:) == 1 
            D = 1; 
            DD = [DD;D]; 
        else 
            D = 0; 
            DD = [DD;D]; 
        end 
    end 
end 
sum_classifier_idx = sum(classifier_idx); 
acc_class = (sum_classifier_idx*100)/(size(XP,1)); 
sum_SSI_wrongclass = sum(CC); 



 

 

sum_SSI_rightclass = sum(DD); 
acc_SSI_wrongclass = (sum_SSI_wrongclass * 100)/(size(CC,1)); 
acc_SSI_rightclass = (sum_SSI_rightclass * 100)/(size(DD,1)); 
 
classifier_idx_distorted = []; 
EE =[]; 
FF = []; 
YP_true_i =[]; YP_distorted_i =[]; sum_classifier_idx_distorted =[]; 
for i = 1:size(XP,1) 
    YP_true_i = YP_true(i,:); 
    YP_distorted_i = YP_distorted(i,:); 
    logical_idx = any(YP_true_i == YP_distorted_i); 
    classifier_idx_distorted = [classifier_idx_distorted;logical_idx]; 
end 
for i = 1:size(XP,1) 
    if classifier_idx_distorted(i,:) == 0 
        if SSI_value_distorted(i,:) == 0 
            E = 1; 
            EE = [EE;E]; 
        else 
            E = 0; 
            EE = [EE;E]; 
        end 
    end 
end 
for i = 1:size(XP,1) 
    if classifier_idx_distorted(i,:) == 1 
        if SSI_value_distorted(i,:) == 1 
            F = 1; 
            FF = [FF;F]; 
        else 
            F = 0; 
            FF = [FF;F]; 
        end 
    end 
end 
sum_classifier_idx_distorted = sum(classifier_idx_distorted); 
acc_class_distorted = (sum_classifier_idx_distorted*100)/(size(XP,1)); 
sum_SSI_wrongclass_distorted = sum(EE); 
sum_SSI_rightclass_distorted = sum(FF); 
acc_SSI_wrongclass_distorted = (sum_SSI_wrongclass_distorted * 100)/(size(EE,1)); 
acc_SSI_rightclass_distorted = (sum_SSI_rightclass_distorted * 100)/(size(FF,1)); 
 
clearvars classifier_idx classifier_idx_distorted SSI_value_2 SSI_value_distorted_2 sum_classifier_idx 
clearvars sum_SSI_wrongclass YP_distorted_i YP_i SSI_value SSI_value_distorted YP YP_distorted B C YP_true_i  
clearvars sum_classifier_idx_distorted i logical_idx CC DD EE FF sum_SSI_rightclass sum_SSI_rightclass_distorted 
 
 
%% results 
 
%results: 
%distortion value 
%classifier 
%th_value 
%class 1 (only for 2vs3 classes scenario) 
%class 2 (only for 2vs3 classes scenario) 
%class 3 (only for 2vs3 classes scenario) 
%accuracy of the classifier pre-processed data 
%accuracy of the SSI pre-processed data (NaN as there is no misclassified spectrum in the test) 
%accuracy of the classifier distorted data 
%accuracy of the SSI distorted data 
 
acc_classifier_pre_proc_data = acc_class; 
acc_SSI_pre_proc_data = (acc_SSI_wrongclass+acc_SSI_rightclass)*100/200; 
acc_classifier_distorted_data = acc_class_distorted; 
acc_SSI_distorted_data = (acc_SSI_wrongclass_distorted+acc_SSI_rightclass_distorted)*100/200; 
 
%results all classes 
r1 = distortion_level;r2=mdlchoice;r3=th_value;r4=acc_classifier_pre_proc_data; 
r5=acc_SSI_pre_proc_data;r6=acc_classifier_distorted_data;r7=acc_SSI_distorted_data; 
results = [r1,r2,r3,r4,r5,r6,r7]; 
 
%results 2vs3 classes scenario 
% results = [r1,r2,r3,class1,class2,class3,r4,r5,r6,r7]; 



 

 

 
final_results = [final_results;results]; 
 
%end %to uncomment only when using all the possible pairings in the 2vs3 scenario 
clearvars  xl yl MDL MDLknn All_two_pairings class1 class2 class3 classes sum_SSI_wrongclass_distorted mdlchoice  
clearvars  threshold spectra XT processed_spectra processed_spectra_1 acc_SSI_wrongclass acc_SSI_rightclass  
clearvars  acc_SSI_wrongclass_distorted acc_SSI_rightclass_distorted acc_classifier_pre_proc_data  
clearvars  acc_SSI_distorted_data acc_classifier_distorted_data acc_SSI_pre_proc_data  D E F threeclass_set 
clearvars   threhold twoclass_set value XP XP_distorted YP YP_distorted YP_true YT YT_d percentage n_try th_value f  
clearvars  logical_idx_distorted YP_class YP_class_distorted simil A AA B BB acc_class acc_class_distorted acc_SSI  
clearvars  acc_SSI_distorted ans simil SSI_value simil_distorted SSI_value_distorted spectra_mean_class  
clearvars  sp_m_class_dist spectra_mean_class_distorted threshold_class threshold_class_distorted number_of_classes  
clearvars  number_spectra_per_class spectra_mean distortion_level 
 
 
%% fun(!)-ctions 
% Eilers, Paul HC, and Hans FM Boelens. "Baseline correction with asymmetric least squares smoothing." Leiden  
% University Medical Centre Report 1.1 (2005): 5. 
function z = baseline(y) 
% Estimate baseline with asymmetric least squares 
lambda = 4e3; 
p = 1e-2; 
m = length(y); 
D = diff(speye(m), 2); 
w = ones(m, 1); 
for it = 1:10 
    W = spdiags(w, 0, m, m); 
    C = chol(W + lambda * (D' * D)); 
    z = C \ (C' \ (w .* y)); 
    w = p * (y > z) + (1 - p) * (y < z); 
end 
end 
 
function f = SSI_function(y) 
f = pdist(y,"euclidean"); 
%f = pdist(y,"squaredeuclidean"); 
%f = pdist(y,"chebychev"); 
%f = pdist(y,"cityblock"); 
%f = pdist(y,"minkowski"); 
end 
 
function[]= SVMmdl(XT,YT) 
SVMModels = cell(9,1); 
for j = 1:9 
    indx(YT~=j)=-1; 
    indx(YT==j)=1; % Create binary classes for each classifier 
    % SVMModels is the trained model. save it at end for doing testing 
    SVMModels{j} = fitcsvm(XT,indx,'Standardize',true);  
end 
save('SVMModels.mat','SVMModels'); 
end 
 
function[YP] = predictSVM(XP) 
load('SVMModels.mat'); 
% in the next cycle we try to predict the class of the elements of the test set 
for i=1:length(XP) 
    testdata = XP(i,:); % take 1 new unknown observation and give to trained model 
    for j = 1:9 
        label = predict(SVMModels{j},testdata); 
        Group(:,j) = label; % Second column contains positive-class scores 
    end 
    [~,maxGroup] = max(Group,[],2); 
    YP(i,1) = maxGroup; 
end 
end 
 
function [] = confMatrix(g1,g2) 
hold off; 
C = confusionmat(g1,g2); %(YP_true|YP) 
cm=confusionchart(C); 
cm.Title = 'Mdl prediction'; 
cm.RowSummary = 'row-normalized'; 
cm.ColumnSummary = 'column-normalized'; 
end 



 

 

 
function[twoclass_set,threeclass_set,classes]=two_three_classes(spectra) 
n= 1; 
while n >0 
    i = randi(9); j = randi(9); 
    new_data =[]; new_data2 =[]; 
    if i ~= j 
        n = 0; 
        m = i*100 - 99; 
        a = j*100 - 99; 
        for y = 1:100 
            new_data = [new_data; spectra(m, :)]; 
            new_data2 =[new_data2; spectra(a,:)]; 
            m = m+1; 
            a = a+1; 
            y = y+1; 
        end 
        ndata = [new_data;new_data2]; 
    end 
end 
 
twoclass_set = ndata; 
clearvars ndata new_data new_data2 a; 
n = 1; 
new_data = []; 
while n > 0 
    a = randi(9); 
    if a ~= i 
        if a ~= j 
            n = 0; 
            b = 100*a -99; 
            for y = 1:100 
                new_data = [new_data; spectra(b, :)]; 
                b = b+1; 
                y = y+1; 
            end 
        end 
    end 
end 
threeclass_set = [twoclass_set; new_data]; 
classes = [i, j, a]; 
end 
 
 
function [twoVsThree_data]= two_Vs_Three(i, spectra, All_three_pairs) 
%the following function works with spectra dataset 
a = All_three_pairs(i,1); 
b = All_three_pairs(i,2); 
c = All_three_pairs(i,3); 
twoVsThree_data =[spectra(a*100-99:a*100, :)]; 
twoVsThree_data = [twoVsThree_data;spectra(b*100-99:b*100, :)]; 
twoVsThree_data = [twoVsThree_data;spectra(c*100-99:c*100, :)]; 
end 
 


