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ABSTRACT:

Hyperspectral data, encompassing hundreds of spectral wavelengths, is a powerful tool for mineral processing, as
minerals display unique reflection spectra. Machine learning can identify mineral species from hyperspectral data,
but its high dimensionality poses challenges for ordinary users. To address this, we developed APiS (Al Powered
intelligence Spectrum Analyzer), an interactive hyperspectral analysis application requiring no coding. APiS
offers a user-friendly interface for data visualization, learning data generation, advanced machine learning
analysis, and model evaluation. This innovative tool surpasses previous script-based methods, enabling diverse

users to conduct sophisticated hyperspectral data analysis and fostering creativity in their work.

Keywords: Spectroscopy, Hyperspectral imaging, Mineralogy, Mineral processing

Highlights:

v" Our proposed APiS (Al Powered intelligence Spectrum analyzer) allows for advanced analysis of
hyperspectral data in an intuitive manner.

v' APIS provides powerful support for hyperspectral data visualization, learning data generation,
machine learning, and evaluation of learning models.

v' A user-friendly application has been developed with the objective of facilitating the development

of hyperspectral sensor-based mineral processing technology.



List of Abbreviations

APiS- Al Powered intelligence Spectrum analyzer
HS- Hyperspectral

RGB- Red, Green, Blue

GUI- Graphical User Interface

CNN- Convolutional Neural Network
NN- Neural Network

SVM- Support Vector Machine

1D- One Dimensional

MAE- Mean Absolute Error

MSE- Mean Squared Error

RMSE- Root Mean Squared Error



1. Introduction

1.1. Background

Hyperspectral data, also known as imaging spectroscopy, is defined as high-dimensional data containing spatial
and spectral information [1]. Although it has been extensively studied for its powerful performance in mineral
identification when combined with machine learning [2], [3], [4], [5], [6], [7], [8], [9], processing hyperspectral
data is challenging due to its enormous nature and the large number of dimensions involved. The identification
of minerals is of particular importance in the field of mineral processing. For instance, the use of sensor-based
processing equipment can result in cost savings and enhanced efficiency in mineral processing, as it enables the

removal of vein stones prior to polishing and flotation.

Consequently, we developed an interactive MATLAB-based analysis script that integrates hyperspectral data
and machine learning processing in a highly integrated manner [10]. The script was innovative in that it
facilitated the use of hyperspectral data processing by a much broader range of users than was previously
possible, as it was previously only accessible to specialists. Nevertheless, there was scope for enhancement in
terms of the graphical user interface (GUI) and the ease with which functionality could be extended. However,
script-based software required programming knowledge because it was mainly command line operations. In
particular, script execution and parameter setting were performed manually, making operations complicated.
Furthermore, the software did not support data visualization, which required separate processing on the user
side. Additionally, switching between processing functions required the user to execute a new script, and the

transition between modules was not clear.

This iteration of the system has been enhanced with further improvements in usability and an expanded range of
users who can benefit from it. We have developed a new application named APiS (Al Powered intelligence
Spectrum analyzer), which offers significant improvements in usability, efficiency, and functionality. This has
been achieved by converting the MATLAB script into an application. Furthermore, new functions have been
added and enhanced, including the display of spectra and pseudo-RGB images. The application is designed to be
user-friendly and does not require any programming skills. It is tightly integrated with MATLAB, which enables

the incorporation of new user-specific analyses.

1.2.  APIS Overview

The Al-powered intelligence Spectrum analyzer (APiS) is designed to analyze hyperspectral data with minimal
user input, eliminating the need for coding. The user interface is comprised of four modules: (1) visualization,
(2) learning, (3) segmentation, and (4) testing. These modules facilitate intuitive operation. As illustrated in
Figure 1, the analysis process is structured in accordance with the conventional workflow of machine learning.
This functionality enables the user to visualize hyperspectral data, construct training data, select a machine
learning model, train the model, and evaluate its performance in accordance with a consistent workflow. This
greatly enhances usability and user experience. A particular focus is placed on the integration with machine

learning, which enables users to perform classification and regression tasks. Furthermore, 34 machine learning



models, including the most advanced convolutional neural network (CNN) models, are employed for
classification, and 27 machine learning models, including CNN, are employed for regression. This facilitates the

performance of analysis tailored to the user's needs.
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Figure 1 Overview of APIS.

1.3. Related works

Hyperspectral data can be analyzed using commercial software as well as programming languages such as
MATLAB and Python. MATLAB provides the Image Processing Toolbox™ Hyperspectral Imaging Library
[11], which provides functions and tools for processing and visualizing hyperspectral images [12]. In Python,
the Python module Spectral Python (Spy) is provided for processing hyperspectral data, which also has many
functions for processing hyperspectral data. As a commercial software, ENVI (Environment for Visualizing
Images, Inc., Boulder, CO, USA) is one of the most widely used tools and a leading tool for analyzing

hyperspectral data.

Nevertheless, a sophisticated comprehension of programming languages is essential for the effective utilization
of the tools provided in MATLAB and Python. Even commercial software, such as ENVI, is labor-intensive
when used for processing large data sets [13]. A number of tools for the analysis of hyperspectral data have been
proposed, including HSI-PP and HYPER-Tools [14], [15]. While these tools offer advanced and user-friendly
hyperspectral data processing capabilities, they have not yet been integrated with deep learning models, which

have been growing rapidly in recent years.



This study proposes a user-friendly hyperspectral data analysis application that does not require the use of
advanced programming techniques. The application's design incorporates the integration of hyperspectral data
and machine learning, thus enabling not only data visualization but also the construction of training data,
training, and the evaluation of training models. The application facilitates the accessibility of hyperspectral data

analysis technology, which was previously confined to a select group of experts with programming expertise.

2. Methodology

2.1. Development Environments

The primary development environment for this project was MATLAB (R2023a). The Computer Vision Toolbox
was employed for this project. The toolboxes used were Computer Vision Toolbox: Version 10.4 (R2023a),
Deep Learning Toolbox: Version 14.6 (R2023a), Image Processing Toolbox: Version 11.7 ( R2023a), Parallel
Computing Toolbox: Version 7.8 (R2023a), Signal Processing Toolbox: Version 9.2 (R2023a), Statistics and
Machine Learning Toolbox Version 12.5 (R2023a) were used. The MATLAB App Designer, as illustrated in
the accompanying Figure 2, was employed to construct the application. The Microsoft Windows 11 Home

Version 10.0 operating system was utilized.
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Figure 2 Overview of MATLAB App Designer.

2.2. Ul /UX Design
The APIS system places a strong emphasis on straightforward and user-friendly operation, with all user interface
components conveniently arranged along the analysis flow. Each system module can be accessed by changing

tabs and showed in Figure 3.



(1) Visualization: This module displays the average spectra of hyperspectral data. The user is afforded the
opportunity to select the region of interest (ROI) and the desired wavelength width for display. Overview of this
tab is displayed in Figure 3(a).

(2) Learning: In this module, the user is afforded the opportunity to select the hyperspectral data to be used as
training data by ROI, to select the wavelength region to be used, to select the block size of the averaging filter,
to select the analysis of hyperspectral or multispectral data, to select the machine learning method, and to select
the classification or regression task. In the case of multispectral data, the user is permitted to enter any number
of bands and perform the analysis using only the specified bands. When the convolutional neural network
(CNN) is selected for machine learning, the user may enter the number of epochs and mini-batches. Overview of
this tab is displayed in Figure 3(b).

(3) Segmentation: In the preceding module, the training data settings and training parameter values are input. In
this module, machine learning is performed using those values. The machine learning process is tightly
integrated with the MATLAB Classification Learner app or the Regression Learner app [16], [17]. Once the
machine learning process is complete, segmentation of the test hyperspectral data is performed. Overview of this
tab is displayed in Figure 3(c).

(4) Test: In this module, the test images segmented in module (3) are evaluated using ground truth images, and

the mean difference and pixel accuracy are calculated. Overview of this tab is displayed in Figure 3(d).
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Figure 3 Overview of APIS app.

2.3. Implementation of Algorithm

Hyperspectral data analysis is conducted on one-dimensional hyperspectral wavelength data. By selecting

regions of interest (ROIs), any location in the hyperspectral data is extracted, averaged, and stored as data for
machine learning with label names, as illustrated in Figure 4.
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Figure 4 ROI selection and averaging spectral process.

The stored training data are subjected to analysis using convolutional neural networks (CNNs) or one of the
numerous machine learning methods available in the MATLAB Classification Learner App, Regression Learner
App, and others. The user may select any machine learning model or utilize and contrast all learning models for
training. The CNN employs a 1D-CNN model developed by the authors, and a list of machine learning models

for classification and regression is presented in Table 1 and Table 2.

Table 1 List of machine learning algorithms for classification task.

Name Name Name Name Name

CNN Efficient Linear Medium Gaussian | Weighted KNN Medium Neural
SVM SVM Network

Fine Tree Gaussian Naive Coarse Gaussian Boosted Trees Wide Neural
Bayes SVM Network

Medium Tree Kernel Naive Fine KNN Bagged Trees Bilayered Neural
Bayes Network

Coarse Tree Linear SVM Medium KNN Subspace Trilayered Neural

Discriminant Network

Linear Quadratic SVM Coarse KNN Subspace KNN SVM Kernel

Discriminant

Quadratic Cubic SVM Cosine KNN RUSBoosted Trees | Logistic

Discriminant Regression Kernel

Binary GLM Fine Gaussian Cubic KNN Narrow Neural

Logistic SVM Network

Regression

Table 2 List of machine learning algorithms for regression task.

Name

Name

Name

Name

Name




CNN

Medium Tree

Medium Gaussian
SVM

Exponential GPR

Trilayered Neural
Network

Linear Regression

Coarse Tree

Coarse Gaussian
SVM

Rational Quadratic
GPR

SVM Kernel

Interactions Linear | Linear SVM Boosted Trees Narrow Neural Least Squares
Network Regression Kernel
Robust Linear Quadratic SVM Bagged Trees Medium Neural
Network
Stepwise Linear Cubic SVM Squared Wide Neural
Exponential GPR Network

Fine Tree Fine Gaussian Matern 5/2 GPR Bilayered Neural
SVM Network
2.3.1. Classification vs Regression

Classification and regression are two common methods of machine learning. For example, classification tasks

include mineral species identification, while regression tasks include mineral composition concentration

estimation. Various machine learning models have been proposed for each of these tasks. Mathematically,

classification is the mapping of a function (f) as target, label, or category from input variables (X) to output

variables (). This process can be applied to both structured and unstructured data in order to predict the class

of provided data points [18]. A significant challenge in machine learning and statistics is regression analysis.

The overarching objective of regression research is to infer a real-valued function, or regression function, whose

values represent the average of a response or output variable that is dependent on one or more independent

variables, also known as input variables [19]. In general, classification is employed to predict a label, whereas

regression is typically utilized to predict a quantity [20].

2.3.2. 1D-CNN

A 1D CNN was viable for this tool since the spectral data handled by this tool is 1D data, making a low-cost

implementation possible [10]. Let the input signal x be of length n and the convolution kernel w be of length k.

Furthermore, if the stride is s and the bias is b, the i-th element of the output y is computed as

k-1
yi = Z iji-s+j +b
j=0

Batch normalization and ReLU activation functions are applied to the output of convolution layers. Letting z be

the output of ReLu, the formula is shown below.

Z; = ReLU(yl) = max (Ofyl)



Then, in the pooling layer, the Max pooling process is performed, and p is output.

bi = jzg}f;f_l Zi-s+j
The model then employs a 1-dimensional global average pooling layer, leading to a final output layer consisting
of two fully connected layers. The output of fully connected layers is shown below. Here W is weight of fully

connected layer and b is bias.
o; = activation(z Wip; + bj)
i

The output layer applies a softmax activation function, and the model performs classification tasks using cross-

entropy loss.

exp (o;)

1T Yeexp (o0)

The regression task adopted the same architecture except for the last layer.

2.3.3.  Decision Tree
The use of decision tree (DT) techniques for the construction of classification models has gained considerable
traction in recent times. This is due to the fact that these models are readily comprehensible and exhibit a high

degree of fidelity to the processes of human thought. [21].

The DT categorizes the instances by sorting the tree from the root node to a few leaf nodes. The categorization
process begins at the tree's root node and progresses along the branch corresponding to the attribute value. This
involves examining the attribute that the node defines. The most commonly employed criteria for splitting are
"gini* for the Gini impurity and "entropy" for the information gain, which can be expressed mathematically as
follows: [18].

Engropy:H(x) = — Z p(x)log,p(x;)

i=1
c
Gini(E)=1- ZPLZ
i=1

2.3.4. Linear discriminant



Discriminant analysis takes a generalized form of Fisher's linear discriminant [22]. While linear discriminants
can be used to distinguish between a multitude of classes of patterns, they are perhaps most frequently employed
in situations where there are just two classes. The standard for linear discriminating in multidimensional space
between two classes is the Fisher discriminant. This is because it is based solely on the first and second
moments of each distribution, which allows it to be calculated very quickly. Furthermore, it has been

demonstrated to optimize a separation measure that is independent of the distribution type [23].

Here, considering 2-class classification, the total within-class covariance matrix Sy, is expressed as follows,

where w is the weight vector [22].
w o Syt (my —my)
where the mean vector of class 1 is m; and the mean vector of class 2 is m..

2.3.5. Logistic Regression
Statistical models known as logistic regressions are employed to delineate the relationship between an
independent variable and a qualitative dependent variable. When categorical outcomes are studied using logistic

regression models, the model is referred to as a binary logistic model, as the outcome is typically binary [24].

Here, the dataset { #n, tn} (tn € {0, 1}and Zn= J(x), withn=1, ... N), the likelihood function p(tjw) is

expressed as follows [22].

N
p(tlw) = nyi"{l — Y}t tn
n=1

where t = (ty, . . ., tn) and y, = p(C1|gn).

2.3.6. Naive Bayes

The Naive Bayes Classifier is a probabilistic classification mechanism that derives from Thomas Bayes'
posthumous theory, the Bayesian Theorem. Some mathematical operations are carried out to convert joint
probabilities into the multiplications of prior probabilities and conditional probabilities in order to make this
mapping probabilistically calculable [25].

Here, with respect to Bayesian probabilities, the P(w|D) posterior probability is shown as follows [22].

_p(@w)pw)

p(wID) === 0



where P(w) be the prior probability distribution, Observed data D = {ty, ..., tn}, and Conditional probability
p(DIw).

2.3.7.  Support Vector Machine (SVM)
Support Vector Machines (SVMs) represent a classical machine learning technique that continues to offer
potential solutions to the challenges posed by big data classification problems. In particular, it can facilitate the

development of multidomain applications in a big data environment [26].

Here, with respect to kernel funcation K, it is expressed using the nonlinear vector function ¢ as follows [27].
K(xi'xj) =@(x;) - <P(xj)

where X is an n-dimensional number space. Furthermore, the SVM decision function is shown using the

Lagrange multiplier A; as follows.

f(x) = sign (Z AiyiK (xi, %) + b>

2.3.8.  Nearest Neighbor
The nearest neighbor (NN) technique is a relatively straightforward approach that has proven to be highly
efficient and effective in a number of fields, including pattern recognition, text categorization, and object

recognition [28].

The nearest neighbor search in a metric space can be defined as follows [29]. Given a set of points P={p1,p2,
=+ Pn} in @ metric space M and a query point g €M, find the element NN(q,P) €P that is the closest to g with

respect to a metric distance d:M XM —R:

NN(q, P) = argmin,egd(q, x)

2.3.9. Ensemble

An ensemble is a group of individual classifiers that collectively make predictions, which are then aggregated to
make predictions for new instances. It is sometimes referred to as a committee or multiple classifiers [30]. By
combining the predictions of several models, these strategies train multiple models and increase the accuracy of

a single model [31].

2.3.10. Neural Network



Computer programs or algorithms known as artificial neural networks are inspired by efforts to simulate the
behavior of nerve cells. They have been employed in a number of different fields, including the physical and

chemical sciences, for the purposes of pattern recognition, classification, and optimization [32].

Here, given {Wi} is coefficient, J=1,...,M and super print (1) indicates that the corresponding parameters are in
the first ‘layer’ of the network. We shall refer to the parameters w(1);; as weights and the parameters w(1) jo as
biases[22].

M D

2 1 1 2

vi(x,w) =0 Z W,Ej)h (Z wj(i )xl- + Wj(o)> + W,EO)
j=1 i=1

Here, yk is network outputs, and w is the set of all weight and bias parameters have been grouped together into a

vector.

3. Case study and experimental procedures

3.1. Material settings

In this study, a total of four mineral samples, namely sphalerite, pyrite, chalcopyrite, and galena, were prepared
and utilized as experimental samples for the classification and regression tasks. The samples were pulverized

and agitated to ensure uniform distribution of the components.

The use of APiS enables the reading of hyperspectral data and the display of the spectrum of a portion of any
wavelength band, as illustrated in Figure 5. Upon the user selecting an ROI on the displayed pseudo-RGB
image, the average wavelength spectrum of that portion is displayed on APiS. Figure 6 presents a magnified
view of the spectrum displayed on APiS. The horizontal axis represents the wavelength, and the vertical axis
represents the reflection intensity. This figure illustrates that pyrite and chalcopyrite exhibit similar spectral

shapes, whereas the other mineral samples display distinct spectra.
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Figure 6 Spectral features of the samples.

3.2.  Dataset preparation

The classification task was carried out on the four mineral samples produced. The construction of the labelled
datasets necessary for machine learning can be accomplished via the Learning module of this application. As
illustrated in Figure 7, the construction of the training data can be completed by entering an arbitrary label name

in the dialog box and selecting the ROI of the corresponding region. In this experiment, six classes (background,



plastic case, pyrite, sphalerite, galena, and chalcopyrite) were designated as label names, and a total of 258,890
hyperspectral training data sets were obtained. Subsequently, cross-validation was employed to determine the

proportion of teacher data, data for validation, and test data, which was set at 80%, 10%, and 10%, respectively.
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Figure 7 (a) input label name and (b) select label area.

4. Results and discussions

4.1. Classification task

4.1.1. Machine learning (except CNN)

Figure 8 presents the outcomes of training 33 machine learning models, excluding those based on convolutional
neural networks (CNNs), on data created using APiS. The blue bars indicate the accuracy on the validation data,
and the orange bars indicate the accuracy on the test data. The results demonstrate that 28 of the training models
were able to classify the test data with more than 90% accuracy. Figure 9 depicts the confusion matrix for
Quadratic Discriminant, which exhibited particularly robust performance. The horizontal cells indicate the

predicted class, while the vertical cells indicate the true class.
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Figure 10 presents the outcomes of segmentation on test hyperspectral data utilizing the Quadratic Discriminant
Model. The left-hand side of the figure (a) depicts the RGB image of the test data, while the right-hand side (b)
shows the result of segmentation on the RGB image. The classification of mineral classes other than
chalcopyrite also tends to be generally accurate. Conversely, only chalcopyrite exhibits a low degree of
discrimination performance. This is believed to be due to the similarity of the spectra of chalcopyrite and pyrite,

as illustrated in Figure 6.

(a) RGB image (b) Segmentation result
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Figure 10 Segmentation result.

Figure 11 presents the quantitative evaluation of the segmentation results obtained from the Test tab. Upon
loading and executing the created ground truth and segmentation results, a difference image between them is
displayed. The magenta and green areas indicate a significant discrepancy in color between the segmentation

results and the ground truth, as well as a substantial misclassification in the area corresponding to chalcopyrite.



Figure 11 Difference between Ground Truth and segmented results.

4.12. CNN

The same dataset utilized in Section 4.1.1 was employed in this analysis, which was conducted using a one-
dimensional convolutional neural network (LDCNN) to examine one-dimensional wavelength data. Figure 12
illustrates the training progress. The upper blue plot depicts the accuracy against the teacher data, while the
black plot illustrates the accuracy against the validation data. The lower orange plot depicts the training loss.
The training results indicate that the training process converged with an accuracy of 91.89%. Figure 13 presents

the confusion matrix.
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Figure 12 Training progress of CNN.
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The test hyperspectral data was subjected to segmentation using a trained convolutional neural network (CNN).
Figure 14 illustrates the outcomes, which demonstrate that chalcopyrite and pyrite are incorrectly identified, a
phenomenon that was also observed when the quadratic discriminant was employed. The remaining classes are
classified with high accuracy. The observed misclassification is not indicative of a deficiency in APiS
performance, but rather, it is a consequence of the limitations inherent to machine learning. To enhance the
classification efficacy, the quantity of the training data set can be augmented or the parameter values of machine

learning can be modified.
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Figure 14 Segmentation result of CNN.

It is possible to evaluate the segmentation results from the Test module. Figure 15 depicts the difference image
between the segmentation result image and the ground truth. This image depicts the discrepancy between the
user-generated ground truth and the segmented image, with green or magenta indicating a significant

divergence. Conversely, the absence of color indicates that there is no difference between the Ground Truth and

the segmented image.

Figure 15 Difference between ground truth and segmented result.

4.2. Regression Tasks



Samples of powdered galena and quartz were prepared as samples for regression analysis, with the galena and
quartz being mixed by mass percent. As illustrated in Figure 16, samples were prepared in 10% increments by
mass percentage, and each sample was photographed using a hyperspectral camera. Subsequently, as shown in
Figure 17, the region of interest (ROI) was selected and labelled on the hyperspectral images using the Learning

Module function of APiS. The label name was designated as the mass percentage of galena.
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Figure 16 Samples for regression analysis.
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Figure 17 Labelling and ROI selection.

4.2.1. Machine learning (except CNN)
Once the training dataset had been constructed, the 25,889 spectral data points corresponding to the portion

selected by ROI in machine learning, excluding those processed by CNN, were subjected to analysis. A cross-



validation approach was employed, with the proportions of training, validation, and test data set at 80%, 10%,
and 10%, respectively. Figure 18, Figure 19, Figure 20and Figure 21 presents the values of Mean Absolute Error
(MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R Squared for each learning
model. Each mathematical model is expressed as follows. Here, X; is the predicted i value and the Y; element is
the actual i value [33].

Here, MAE is represented as follow.

1 m
MAE = — "X, — ¥
m .
i=1
MSE is represented as follow.
m
1
MSE = — (X = ¥)?
m i=1

RMSE is represented as follow.

m
1
RMSE = —Z(Xi - Y,)?
m i=1

And R squared is represented as follow.

R2=1— ?;l(Xi - Yl)z
(Y —Y)?
Here, for the Fine Gaussian SVM, which showed the highest performance in RMSE, a figure of predicted

responses vs. true responses was created in Figure 22 to evaluate the performance of the model.
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Figure 19 MSE for validation and test dataset.
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Figure 22 Predicted responses vs True responses.

The segmentation outcomes obtained through the application of the Fine Gaussian SVM are presented in Figure
23. The left-hand side (a) depicts the RGB image of the test sample, while the right-hand side (b) presents a
color map of the segment results. From the figure, it can be observed that as the density of galena increases, the

segments appear brighter, which suggests that the learning process was successfully performed.
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Figure 23 (a) Test sample's RGB image and (b) segmented result using Fine Gaussian SVM.

4.2.2. CNN

The same dataset was utilized for the purposes of learning and segmentation with a convolutional neural

network (CNN). The learning curves are depicted in Figure 24. The top of the figure depicts the change in

RMSE values for the RMSE training trials, while the orange figure below illustrates the loss. As illustrated in

the accompanying figure, the root mean square error (RMSE) exhibited a convergence at 7.8472. Subsequently,
the test hyperspectral data was subjected to segmentation using the trained convolutional neural network (CNN)

model. The segmentation results are presented in Figure 25. As the concentration of galena increases, the image

appears brighter, indicating that the regression analysis was performed successfully.
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Figure 24 Training progress of regression CNN.
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Figure 25 (a) Test sample's RGB image and (b) segmented result using CNN.

5. Limitations and Future Works

This application is designed to operate exclusively within the MATLAB programming environment and is not
compatible with other programing languages. Additionally, at this juncture, the application does not facilitate
the output of variables processed within the application, which may impede the user's capacity to obtain specific
data. It is under consideration to implement the capability to output variables in the future. Furthermore, the
number of hyperspectral data that can be read is contingent upon the computer performance utilized by the user.
Consequently, the current implementation may be constrained for certain users when processing extensive data
sets. Future enhancements may be made to more efficient data loading methods. It is anticipated that these

enhancements will further enhance the user experience.

6. Conclusion

Hyperspectral data exhibits high identification performance due to its wavelength resolution. In particular, the
field of mineral identification technology using hyperspectral data has made significant strides in recent years,
largely due to the advent of artificial intelligence technology. However, the analysis of hyperspectral data by
non-expert users is constrained by the data’s distinctive characteristics, and the development of user-friendly
analysis tools has been a long-standing aspiration.

The Al hyperspectral analysis tool APiS, developed by the authors, represents an innovative application based
on a usability-oriented philosophy. It allows any MATLAB user to perform advanced machine learning
processing of hyperspectral data with the simple touch of a button, without the necessity of writing code. In
addition to its capabilities for classification and regression, APiS is also equipped to perform interactive labeling

and preprocessing, which have previously been challenging to achieve.
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