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Foreword

The soil, a key factor in agricultural production and in particular in agro-ecology,
is a phenomenon that is still largely under-measured. It is essential to develop
methods to know the soil better, understand how it works, assess its potential, and
estimate its state in order to guide corrective actions or estimate the ecosystem
services it provides (carbon storage, geochemical cycle closing, etc.). These data
will be indispensable in the development of a ‘digital agro-ecology’, which is
largely based on understanding the interactions between all factors of production
— soil, climate, species, varieties and their interactions (the basis of agro-ecology!),
and other inputs — in order to optimize them. These soil analysis methods must
be quantitative, fast, easy to implement, precise, and, if possible, realized with
devices that can be easily transported by operators, on-ground machines, or drones
for in-field measurements with minimum disturbance and handling of soil samples.
Spectral methods meet several of these criteria and can therefore revolutionize the
quantitative characterization of soils, for the development and realization of ‘digital
agro-ecology’. Their main advantage is their ease of implementation with, for some
of them, minimal sample preparation. Moreover, while the basic principle is the
same for all of these methods (i.e. based on the interaction of electromagnetic
radiation with the object of analysis — here the soil), the wide electromagnetic
range (UV, visible, NIR, MIR, LIBS, Raman, XRF, etc.) produces various types
of digital spectra, which give access to a range of soil properties. Their main
drawback is that they are indirect methods which need a calibration — that is, a
model — to be constructed between the spectrum and the soil property of interest.
Conventionally, these calibrations are built by ‘black-box’ software, based on
algorithms which are generally not known or understood and which are limited
in terms of adjustment capacities. Initiatives are emerging to help researchers
to better master chemometric techniques in order to build processing pipelines
in which they control everything: for example, here in Montpellier, INRAE has
launched such an initiative, Chemhouse, led by Jean-Michel Roger. No doubt,
there are similar initiatives around the world. Indeed, this book, which focuses
on quantitative chemometric methods, is another eagerly awaited response to this
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need for knowledge-guided spectral analyses to make the most of digital spectra
and improve the quality and usefulness of information from soil spectroscopy.

Véronique Bellon-Maurel

Director of #DigitAg, the Digital Agriculture Convergence Laboratory, Mont-
pellier, France

Deputy head of the Mathnum Department, INRAE (mathematics, computer
and data sciences, digital technologies)



Preface

Digital spectroscopy is one of the new tools of the state-of-the-art soil scientist.
Properly processed spectral data satiate the demand for cheap and accurate soil
information required for precision agriculture and food production, earth system
modelling, climate change mitigation, and general soil process parametrization. Our
understanding of soil spectroscopy has advanced rapidly in the last two decades. The
technological developments of cheaper and more accurate sensors coupled with the
advent of new numerical tools have contributed to this significant improvement.

The focus of the book is on the techniques of using spectral data for character-
izing soil. Spectral data may come from different sensors and wavelengths, y rays,
X rays, and infrared, among others, and from scans made either close to the soil
material — in the field or laboratory, or remotely, for example, when the sensor is
mounted on a plane or satellite. Most of the examples here are based on the infrared
part of the spectrum, largely because of its demonstrated utility for soil science.
We present explanation and code in a didactic way that can handle all kinds of
spectral data however, in the hope that this book will contribute to the development
of common procedures for soil spectral analysis and data sharing whatever the
wavelength range. We also hope that this book can be used for developing training
courses and capacity building.

Sydney, NSW, Australia Alexandre M.J-C. Wadoux
July 2020 Brendan Malone
Budiman Minasny

Mario Fajardo

Alex B. McBratney
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Endorsements

Soil Spectral Inference with R offers an introduction and hands-on practical
approach on soil spectroscopy for anyone who wants to extend their understanding
and capabilities in soil spectroscopy. Since the basics of soil spectral analysis but
also new developments are addressed, the book is suitable for beginners and more
experienced scientists, either as study material or as a basis for capacity building.

As such, it addresses an important step in the entire soil spectroscopy work-
flow that stretches from sampling, wet and dry chemistry measurements, quality
assessment and control, spectral library development, calibration transfer, spectral
data analysis, and use of the resulting soil data for monitoring or mapping of soil
properties and functions to data serving. This entire workflow (and best practice
guidelines for its parts) is currently addressed in two international initiatives. The
initiative to build a Global Soil Spectral Calibration Library and Estimation Service
by the Global Soil Laboratory Network (GLOSOLAN), for now mainly focused
on mid-infrared lab analysis and prediction including capacity building for both,
and the IEEE initiative P4005 Standard Protocol and Scheme for Measuring Soil
Spectroscopy, focusing on near-infrared lab analysis. The GLOSOLAN initiative
aims to provide a standard global dataset and easy-to-use tools for labs and scientists
for spectral data processing. This book can foster understanding of the spectral
analysis used and as such can be instrumental to a proper use of the tool or service
and help in correct interpretation of the results.

Fenny van Egmond, ISRIC - World Soil Information, Wageningen - the
Netherlands, co-lead of the GLOSOLAN initiative for a Global Soil Spectral
Calibration Library and Estimation Service

Soil Spectral Inference with R provides a step-by-step description on how soil
spectroscopic data can be modelled in the R modelling environment. Starting with
a detailed description on soil spectroscopy, this book provides a comprehensive
set of tools and techniques used in diffuse reflectance spectroscopy approach for
assessing soils. Theoretical concepts and equations are presented in each chapter
along with relevant R codes and sample outputs both in the form of data and
figures. The references used in this book are up to date and the parts on (a) noise
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xii Endorsements

removal, (b) different similarity measures, (c) subsampling approaches, and (d)
spectral transformations are going to help students and soil professionals explore
new ways and means of analyzing spectral data. With the graphical illustrations
of results from almost every segment of example R codes, this book retains its
visual presentation style and is expected to serve as a perfect sequel to the earlier
book Using R for Digital Soil Mapping published from the same group. I highly
recommend this book to my students and researchers who are exploring the use of
diffuse reflectance spectroscopy for soil analysis.

Bhabani S. Das, Agricultural and Food Engineering Department, Indian
Institute of Technology Kharagpur-India

This timely and opportune book will help readers to deal with the increasingly
complex kaleidoscope of tools and lines of codes applied to soil spectroscopy. It
touches aspects of conversion from wavelength to wavenumber up to the sharing of
soil spectral libraries and the need for spectral standardization between laboratories.
In this way, the text comes in handy for neophytes and professionals alike. Within
its concise contents, the book covers a getting started with R, a list of useful
spectroscopy packages, and data handling parts. Yet, it also covers topics from
pre-processing to exploratory soil spectral analysis, which will be of interest to
competent users, leading towards more proficient levels. Model calibration and
estimating soil properties are also implemented and will allow readers to develop
their skills up to the expert level with full application of soil spectroscopy. Besides
ready-to-use lines of code, datasets with soil spectra and laboratory analytical data
were also made available through computer coding. And authors have also compiled
all data and functions, used in the book, in a single R package called soilspec,
available in the open source software development environment and social network
GitHub. Therefore, it’s my pleasure to endorse the book Soil Spectral Inference
with R, which embodies a complete guidance for lecturing and learning soil spectral
inference using the statistical computing environment R.

Alexandre ten Caten, Department of Agriculture, Biodiversity and Forests,
Federal University of Santa Catarina-Brazil

Soil Spectral Inference with R can help us to build an integrated application
of a soil spectral inference system from scratch using the R platform. This book
elaborates on the whole process of soil spectral inference with detailed and practical
R codes, from importing and pre-processing of spectra to model calibration and
validation. There are many valuable routines in this book, especially for the vis-NIR
spectra, such as bagging PLSR for calibration and EPO for the removal of moisture
effect. These methods can be examined via the use of example datasets and readily
transferred to real-life applications. I, thus, highly recommend this book to anyone
who is engaged in the exploration and application of soil spectra.

Changkun Wang, Institute of Soil Science, Chinese Academy of Sciences,
Nanjing-China
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Chapter 1 )
Introduction Check for

Soil provides a multitude of key ecosystem services such as food production, climate
change adaptation, nutrient and water cycling and carbon sequestration (Dominati
et al. 2010). Ongoing global environmental change has put unprecedented pressure
on soil, resulting in significant and widespread degradation and erosion. The soil
science community is tasked to deliver timely, nuanced and high-quality thematic
soil data and knowledge to assess and monitor soil change (Sanchez et al. 2009).
This is reflected by recent initiatives to provide soil information to populate
regional, national and worldwide soil databases (Grunwald et al. 2011). Soil data are
conventionally acquired through soil surveys coupled with laboratory analyses. The
methods to obtain soil information are often impractical because they are expensive,
require time-consuming field campaigns and use chemical reagents for soil analysis
(McCarty et al. 2002; Brown et al. 2006; Ben-Dor et al. 2009; Stenberg et al.
2010). The use of sensors for characterizing chemical, mineralogical, biological
and physical properties of the soil has thus gained lots of traction in soil research.
Advances in sensors and software are occurring at a rapid pace. Soil sensing, in
particular the use of soil spectroscopy, is now widely available using a range of
modalities and wavelengths across the electromagnetic spectrum.

Soil spectroscopy can characterize soil properties efficiently. Soil spectroscopy
can be simply defined as the study of the spectral signature of a soil material (Nocita
et al. 2015). The spectral signature relates to soil characteristics such as organic and
mineral components. Spectroscopic measurements are fast, cost-effective and non-
destructive and can be made both in the laboratory and in sifu in the field. Soil
composition and characteristics are encoded in the spectrum at specific wavelengths
of the electromagnetic spectrum. For example, mid-infrared spectra have encoded
information on soil mineralogy or soil organic matter composition, which can be
assessed quantitatively or qualitatively using the absorption or reflectance at specific
wavelengths (Viscarra-Rossel et al. 2016).

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2021 1
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2 1 Introduction

Figure 1.1 summarizes the electromagnetic spectrum over an extensive range of
wavelengths and frequencies. The electromagnetic spectrum ranges from the y rays
to radiowaves. The visible (to the human) portion of the electromagnetic spectrum
is between 0.4 and 0.75 pm. Radiowaves have long wavelengths that can reach
several hundreds of metres, while high-energy y rays have wavelengths shorter
than 10°'3 m. Each portion of the electromagnetic spectrum relates to specific soil
properties or characteristics. For example, the visible part contains information on
soil colour, while the y rays, X rays and infrared spectra are useful to estimate soil
properties, especially elemental composition and soil mineralogy.
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Fig. 1.1 Components of the electromagnetic spectrum. (After Lillesand et al. 2015)

1.1 Spectroscopy in Soil Science

Interest in spectroscopy for soil started as early as the 1920s with studies analysing
the mineral (Hendricks and Fry 1930) and later organic composition (e.g. Hunt et al.
1950 or Holmes and Toth 1957) of soils, but it was in the 1970s that scientists
started to investigate the direct relationships between soil spectral information and
soil properties. Condit (1970), for instance, developed a soil spectral library which
quickly became a classical tool for soil scientists (Ben-Dor et al. 2009). The large
use of spectral information in soil science was made possible with the advancement
of computer and information technology. A big change came in the 1980s and
1990s when spectral instruments were transformed from analogue (chart-recording)
to digital devices producing long bivariate data streams of wavelength (or its
homologue) and intensity representing the analogue spectra. These data streams are
digital spectra usually of length 2° to 212,

Spectroscopy is currently used in a large number of applications: to characterize
soil minerals (Viscarra-Rossel and Webster 2012), organic matter (Gerzabek et al.
20006; Ertlen et al. 2010), colour (Viscarra-Rossel and Webster 2011), but also
texture (Minasny et al. 2008), iron oxides (Malengreau et al. 1996), carbonates
(Grinand et al. 2012), salinity (Nawar et al. 2014) and soil quality indicators
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(Cécillon et al. 2009). Soil colloids such as clay minerals are also detected by
X ray (~10nm-10pm) diffraction (Wilson and Cradwick 1972), by detection of
peaks in the pure minerals and comparing them to those recorded on the soil sample.
Soil aggregates can be characterized by visible, near and mid-infrared spectroscopy
(Cafiasveras et al. 2010; Askari et al. 2015). At a larger spatial scale, soil variation
and diversity can be characterized by y rays or microwaves such as radar remote
sensing (Cook et al. 1996; Weihermiiller et al. 2007).
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Fig. 1.2 Examples of Raman (a), y rays (b) and X ray fluorescence (c) spectra of a soil sample
from the Geeves (Geeves et al. 1994) dataset. The x-axis unit is in either wavenumber (cm™!),
megaelectron volts (Mev) or kiloelectron volts (keV)

Figure 1.2 is an example of three spectra from Raman, y ray and X ray
fluorescence (XRF) spectroscopies. Raman vibrational spectroscopy is useful to
characterize soil substances and requires minimal soil sample preparation. y ray
spectroscopy relates to soil mineralogical properties and geochemistry of the soil
sample by measuring the natural emission of y rays and anthropogenic radionu-
clides, e.g. Caesium-137. An XRF spectrum relates to soil elemental composition.

The visible and infrared range of the electromagnetic spectrum has garnered
much interest in soil science. The measurement of the infrared spectrum of soil
samples enables the quantification of several soil properties from their spectral
response in a faster and cheaper way than by conventional methods of soil analyses
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(Stenberg et al. 2010; Bellon-Maurel and McBratney 2011). In addition, recording
an infrared spectrum does not make use of any chemical reagents and can be
done both in the laboratory or for in-field soil analysis (Ramirez-Lopez et al.
2019). Infrared spectra are sensitive to both organic and inorganic soil materials,
making them an excellent tool for quantitative soil assessment. The mid-infrared
(MIR) range of the spectrum, in particular, contains more information and direct
information on soil organic and mineral components of the soil than the visible and
near-infrared (vis-NIR) range. For example, various components of the soil organic
matter have very distinct spectral signature in the mid-infrared range. The reason is
that the fundamental molecular vibrations occur in the mid-infrared range, while the
overtones and combinations occur in the vis-NIR (McCarty et al. 2002). In practice,
this means that the absorption features detected in the vis-NIR are fewer, broader
and more complex than those recorded in the mid-infrared (Islam et al. 2003).

While spectroscopy has been used in soil science since the 1950s, the last
two decades have seen an increase in its use, in particular vis-NIR and MIR
spectroscopy, to replace and complement soil analyses. This increase was supported
by the development of chemometrics (the application of mathematical and statistical
methods to the analysis of chemical data (Varmuza and Filzmoser 2016)), multi-
variate statistical analysis and the increase in computer resources. Soil properties
have complex absorption patterns. Infrared spectral bands are largely non-specific
(i.e. they are not linearly related to a single soil property) and overlap between
properties (Ben-Dor and Banin 1995). This is particularly significant in the vis-
NIR range of the spectra (Soriano-Disla et al. 2014). To extract these complex
patterns and obtain quantitative estimates of a soil property, soil scientists have used
mathematical transfer functions to correlate spectral wavelengths to soil properties
(Viscarra-Rossel et al. 2008). The transfer function is calibrated using the spectral
wavelengths as independent variables and the laboratory measured values of the
soil properties as the dependent variable. Once calibrated on the spectra, the soil
property can be predicted using the spectral information only.

Relatively simple statistical models can be built to transfer the spectra to soil
information. Early studies on soil spectroscopy used linear regression models on
specific wavelengths. For example, Dalal and Henry (1986) fitted a linear model
on three user-defined wavelengths to predict soil moisture, organic carbon and total
nitrogen. The large number of wavelengths to consider and the correlation between
them made the use of linear models complicated. Techniques for variable selection,
such as stepwise variable selection or dimension reduction such as principal compo-
nent regression, quickly emerged as valuable to handle the multivariate spectral data.
A variant of principal component regression called partial least squares regression
(PLSR, Abdi 2003) is now routinely used. PLSR relates the soil property values and
the principal component scores (a dimension reduction analysis) of the spectra. The
PLSR models can handle the full spectra as predictors (not only a few wavelengths)
and are not sensitive to the correlation between wavelengths (Janik et al. 2007).
In addition, they are substantially faster to calibrate than stepwise linear regression
models. In the last two decades, other multivariate analysis techniques have been
used, in particular machine learning algorithms. For example, Nawar and Mouazen
(2019) used random forest to estimate soil organic carbon on soil samples collected
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in six fields in the United Kingdom. Viscarra-Rossel and Behrens (2010) compared
several linear and non-linear (machine learning) models to calibrate soil spectra on
soil properties. Other methods to derive soil information from a spectrum are based
on the discrimination on the soil spectral signature such as in absorption feature
analysis (Clark and Roush 1984). This book provides implementation to derive soil
information from using both multivariate statistical models and absorption feature
analysis.

1.2 Populating a Soil Database

The opportunity to retrieve cheap soil information from a spectrum has resulted in
the development of soil spectral libraries for the quantification of soil properties at
local (Guerrero et al. 2016), regional (Gogé et al. 2012) or global (Viscarra-Rossel
et al. 2016) scales. Nowadays, several institutions provide spectral libraries with
spectra scanned on pure materials, for example, minerals, vegetation or rocks. The
United States Geological Survey (USGS) spectral library version 7 (Kokaly et al.
2017) contains several thousands of spectra of different materials for the ultraviolet
to the far infrared (0.2 to 200 microns [wm]). Other libraries are exclusive to soil
samples, like the Land Use/Cover Area statistical Survey (LUCAS) compiled in
Europe (Orgiazzi et al. 2018). By 2018, this soil spectral library had approximately
45,000 soil samples with spectra in the vis-NIR regions and soil attributes such as
pH, organic carbon and cation exchange capacity, among others.

BUILDING USING
a) Legacy soil samples b) Define study area Collect soil samples
Scan the soil Define a sampling design
Scan the soil
New targeted :
Outlier analysis soil sampling Collect soil samples
l Does it fit in the
Outlier? — yes — Rescan Scan the soil New targeted spectral domain of the
soil sampling library?
Outlier analysis f
no «<—— Outlier?—-yes | > no
yes
Outlier?—s yes — Rescan 5 Laboratory
l ; Measure analysis
N0 <————— Qutlier? __+laboratory
“ acuiracy yes
Select subsample for Laboratgry _________
laboratory analysis analysis

L— > Multivariate calibration
L

Predict soil properties

Fig. 1.3 Simplified scheme for building a soil spectral library. (Adapted from Viscarra-Rossel and
McBratney 2008). The steps describe how to build a spectral library using (a) legacy soil samples
or (b) a new soil sampling. The scheme explains both the development and the use of the soil
spectral library
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To build a conventional soil spectral library, Viscarra-Rossel et al. (2008) defined
three key requirements: 1. it should contain as many and as representative as
possible soil samples to represent the soil spatial variability in the study area, 2.
the soil sampling and scanning should be made with caution as all change in the soil
sample and scanning procedure is embodied in the spectrum and 3. the laboratory
measurement of the soil properties should be accurate. Figure 1.3 illustrates the
steps to build a soil spectral library using either legacy soil samples (a) or a new soil
sampling (b) and to both build and use the spectral library.

Using legacy soil samples, Fig. 1.3a shows that all soil samples are scanned and
the spectra analysed for outliers. If a spectrum is considered as an outlier, the soil
is re-scanned. When the re-scanned soil sample is still considered as an outlier, one
should consider a new targeted soil sampling for this specific outlier soil sample.
After the outlier detection, the spectra are correlated to the values of laboratory-
analysed soil properties (e.g. soil organic carbon) using a multivariate statistical
model. When, conversely, a spectral library is built using new soil sampling, the
sampling design plays a key role. The soil samples are collected in the study area
of interest, using a sampling design and for a given sample size. The sample size
is decided with budget constraints. The soil samples are then scanned and analysed
for outliers. When the spectra contain outliers, they can be re-scanned or analysed in
the laboratory. The spectral dataset is subsampled to determine which soil samples
are sent to the laboratory for conventional analyses. After this step, the spectra and
values of the soil properties are correlated using a multivariate statistical model.

In both cases, when the multivariate statistical model is validated and has
sufficiently high accuracy, it can be used for prediction on new soil sample spectra.
When new soil samples are scanned and added to the library, they should belong
to the same population as the soils in the library. If otherwise, it is likely that the
calibrated multivariate models will be inefficient at predicting the soil properties of
interest. This book provides implementation for all these steps.

To date, most soil spectral libraries have been built for conventional soil
properties. They have been shown a useful means of organizing spectra for small
farms or individual fields but also larger, regional areas or continents. Under the
scheme shown in Fig. 1.3, it is in principle also possible to build a soil spectral
library for properties previously unknown at the time of the soil sampling, provided
that the properties are identifiable by spectroscopic techniques. For example, this
is the case for microbial biomass carbon (i.e. the carbon contained within the
living component of soil organic matter) (Mirzaeitalarposht and Kambouzia 2020),
polluting chemicals (Paradelo et al. 2016) or microplastic in soil (Corradini et al.
2019) which are now dynamic research areas but were not considered until recently.
This means that spectral libraries and the collection of soil spectra might have use
in the future for purposes which we currently disregard.

When soil scientists build a model to link soil properties to the spectra, it is
done by using software for statistical analysis. One of the claims made with the
availability of spectroscopic measurement devices is the provision of easy-to-follow
commercialized software and numerical implementation, which make complicated
statistical treatment practicable. While these implementations have provided the
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majority with tools to produce soil information, they are often used at the expense
of a deeper understanding of the techniques required to treat a specific soil spectral
library. Useful research has been made in developing functions and code to perform
these tasks in open-source software, such as in R (R Core Team 2018). This book
will provide a step towards the implementation of spectroscopic analysis techniques
and their use in an open, accessible and comprehensible manner and with a view to
improving these methods.

1.3 Objectives of This Book

This book is a step-by-step guide to processing soil spectra, particularly from the
visible and infrared range of the electromagnetic spectrum. This book is fully
reproducible and can serve as a basis for teaching soil spectroscopy to undergraduate
students. The examples are implemented in the R programming language, for
which the reader is expected to have some basic knowledge. All the data used in
the examples, together with the R functions, are provided in a book-associated R
package freely accessible online. Instructions to obtain and install the package are
provided further on.
Specific topics covered in this book are:

¢ Importing and plotting spectra in R.

* Pre-processing the spectra.

» Using dimension reduction techniques to visualize the spectra.

* Obtaining soil information (mineralogy, colour) directly from the spectra.

¢ Outlier detection in the spectral space.

¢ Similarity measures between spectra.

e Sampling designs and determining the optimal number of soil samples for
laboratory analysis.

* Multivariate calibration.

* Soil spectral inference systems.

We also included examples and code for additional (more specific) spectral
treatments such as:

* Transferring spectra between instruments.
* Removing the effect of external factors affecting the spectrum, such as soil
moisture.
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Chapter 2 ®
Getting Started with R e

R provides a convenient and flexible data-analytic environment for soil spectral
data. R is a programming language and a software facility for data manipulation,
statistical analysis and graphics. R is an implementation of the S language developed
at Bell Laboratories (Venables et al. 2009) in the 1980s. While R is an integrated
environment for data manipulation, it is mostly used for statistical analyses. R builds
is a so-called ‘GNU’ project, i.e. it is public domain and all resources are freely
accessible, unlike some other programming languages such as Matlab.

The development of R for statistical analyses relies on the users who develop
and maintain a large variety of packages. A few of them are built into the R-base
system, but all existing packages are accessible online (see Sect.2.6). One of the
main advantages of R is the amount of information and resources that any user can
find on the Internet and the constant evolution of resources.

This chapter is a very short introduction to the use of R and to one of the
user-friendly graphical user interfaces (GUI) called RStudio. This chapter provides
explanations of the main commands, programming tools and graphical functions
needed to understand and follow the content of the book. This chapter is written for
users with little or without any previous programming experience but is not enough
by itself to be proficient in programming using R. In the latter case, the reader is
redirected to Sect. 2.6 or to Venables et al. (2009) for further references.

2.1 Use of R and RStudio

Installing R Installing the latest version of R is freely and legally accessible from
the Comprehensive R Archive Network (CRAN) website https://cloud.r-project.org/
with the following steps.

1. Click on Download R for Windows assuming you work on Windows; otherwise,
select the platform Linux or (Mac) OS X.
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2 Getting Started with R

. Click on base or install R for the first time which redirects to the base package

page for the latest version of R available.

. Click on Download R 3.6.2 for Windows (Note that at the moment of writing,

version 3.6.2 is the latest) and save the executable file.

. Locate and click on the executable file. Select the default answers for all

questions. R installs itself automatically. You should see an R icon on your
desktop. If you click on this icon, R will open as a command windows, and
you can start using it. Most users, however, will find it hard to use R in this way
as it does not have a GUIL. Many freeware GUI are available for R. In this book,
we recommend to use one of the most common, called RStudio.

Installing RStudio RStudio is an interface developed to improve the R user
experience. RStudio builds the interface on the background R installation and
includes some core functionalities such as visualization and code editor panels and
of course the R console. Installing the latest version of RStudio is freely accessible
on the RStudio website with the following steps:

1.
2.
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Go to https://rstudio.com/products/rstudio/ and click on RStudio Desktop.
Choose the Open Source Edition (free) of RStudio and click on Download
RStudio Desktop.

. Click on Download under the RStudio Desktop icon.
. Choose the correct platform. Assuming you work on Windows, click on RStudio-

1.2.5033.exe (Note that at the moment of writing, the version 1.2 is the latest),
and save the executable file on your computer.

. Locate and click on the executable file. Select the default answers for all

questions. RStudio installs itself automatically. RStudio should now be installed
in your computer. Click on the RStudio icon to open the interface presented in
Fig.2.1.

Fig. 2.1 The RStudio interface with the four windows. The upper left window is hidden by default
but can be opened by clicking the file menu, then New File and then R script
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