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Preface

Data science and Geographic Information Systems (GIS) share a symbiotic relation-
ship, with data science providing the analytical techniques and methodologies to
extract insights from spatial data managed and processed by GIS. GIS generates and
organizes geospatial information, while data science employs statistical analysis,
machine learning, and visualization tools to derive patterns, trends, and valuable
insights from this geographically referenced data. The fusion of these disciplines
enables a deeper understanding of spatial relationships, aiding in decision-making
processes across various domains like urban planning, environmental management,
disaster response, and beyond, thus emphasizing the inherent synergy between data
science and GIS in unlocking actionable intelligence from spatial data.

An open-access, edited volume on GIS utilizing a data science approach caters to a
wide audience for several reasons. Firstly, it promotes accessibility, allowing research-
ers, practitioners, and students worldwide to access valuable content without finan-
cial constraints. By providing open access, it encourages collaboration and knowledge
sharing among experts in GIS and data science, fostering innovation and advance-
ments in these fields. Additionally, it serves as a comprehensive resource, offering
diverse perspectives, methodologies, and case studies that showcase the integration of
GIS and data science, further stimulating interdisciplinary research and applications.
Ultimately, an open-access book facilitates the dissemination of crucial information,
fostering a more inclusive and informed community dedicated to leveraging GIS with
data science methodologies.

Geographic Information Systems — Data Science Approach encompasses a comprehensive
range of topics at the intersection of GIS and data science, providing a holistic view
of their applications and integration. It begins by delving into the convergence of
machine learning and GIS, showcasing how advanced algorithms enhance geographi-
cal analysis. The synergy between data science, GIS spatial analysis, and knowledge
management is highlighted, emphasizing their collaborative role in achieving sustain-
ability insights. The book further explores spatial cloud computing using platforms
like Google Earth Engine and R Packages, enabling scalable and efficient geospatial
data processing. It covers satellite image classification methodologies, focusing on
evaluating diverse techniques for accurate remote sensing applications. Additionally,
it discusses land use and land cover simulation, crucial for understanding dynamic
environmental changes. Integration of GIS and remote sensing for gully erosion
assessment showcases the practical utility of these technologies in environmental
studies. The probabilistic approach for network analysis emphasizes the role of GIS

in network modeling and optimization. Moreover, the book explores the practical
application of geotechnologies in public health and presents a case study on program-
ming interactive maps for enhancing client participation in e-marketing site selection
in Cairo, Giza Governate, Egypt. Finally, it concludes by illustrating the significance
of visualization and machine learning in predicting the spatiotemporal spread of dis-
eases like Covid-19, offering insights into predictive modeling within a geographical



context. Overall, this book presents a rich tapestry of methodologies, applications,
and case studies demonstrating the fusion of GIS and data science across various
domains.

In closing, it is my sincere hope that the diverse array of topics and insights encapsu-
lated within this book, Geographic Information Systems — Data Science Approach, will
serve as an invaluable resource to its readers. May this collection of chapters, span-
ning from the convergence of machine learning and GIS to the practical applications
in public health, environmental studies, and beyond, inspire innovation and foster
deeper understanding within the realms of GIS and data science. It is my wish that
the amalgamation of methodologies, case studies, and interdisciplinary approaches
presented here will not only prove to be informative but also catalyze new ideas

and advancements in this evolving field. May each reader find practical utility and
inspiration within these pages, contributing meaningfully to the collective domain
knowledge and application of GIS and data science for the betterment of our global
community.

Rifaat Abdalla
Department of Earth Sciences,
College of Science,

Sultan Qaboos University,
Al Khoudh, Oman
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Chapter 1

Evaluating Satellite Image
Classification: Exploring Methods
and Techniques

Emad H.E. Yasin and Czimber Kornel

Abstract

Satellite image classification serves a critical function across various applications,
from land cover mapping and urban planning to environmental monitoring and
disaster management. In recent years, significant advancements in machine learning
and computer vision, coupled with increased accessibility to satellite imagery, have
driven considerable progress in this field. Classification techniques for satellite imag-
ery can be primarily divided into three key approaches: automatic, manual, and
hybrid. Each approach offers unique advantages but also comes with its own set of
limitations. While most methodologies gravitate toward automatic techniques, choos-
ing an appropriate method should be a carefully considered decision based on specific
needs. This paper provides an exhaustive review of cutting-edge classification algo-
rithms, including Artificial Neural Networks (ANNs), Classification Trees (CTs),
and Support Vector Machines (SVMs). It also offers a comparative analysis between
these modern methods and traditional techniques, focusing on their respective per-
formance metrics when applied to satellite data. This study examines key factors
affecting remote sensing data classification, including classifier parameter adjust-
ments and combining multiple classifiers. It reviews existing literature to enhance
feature selection and classifier optimization for better accuracy. However, it also
points out the continuous need for research in image processing to improve classifi-
cation accuracy.

Keywords: satellite image classification, remote sensing, classification techniques,
machine learning, summary of reviews

1. Introduction

Satellite image classification is a crucial element in the fields of remote sensing and
Earth observation. It has a wide array of applications, including but not limited to land
cover mapping, environmental monitoring, disaster management, urban planning,
and agricultural assessment [1]. Essentially, the classification process categorizes
pixels or regions within satellite images into predefined classes or land cover types.
This enables the extraction of vital information about the Earth’s ever-changing fea-
tures [2], serving as a foundation for data-driven decisions across various sectors—

3 IntechOpen



Geographic Information Systems — Data Science Approach

from climate change mitigation and resource management to humanitarian efforts [1].
Recent advancements in technology have dramatically transformed the landscape of
satellite image classification. The introduction of high-resolution satellites and the
increasing availability of multispectral and hyperspectral data have set the stage for a
new era in this field [3]. These advances allow for the incorporation of sophisticated
machine learning and deep learning algorithms, which substantially enhance feature
extraction and enable more context-sensitive classifications [3]. In this evolving con-
text, the critical evaluation of classification methodologies has gained heightened
importance. Robust and reliable evaluation frameworks are indispensable for
assessing the performance of various classification models, ensuring that the insights
garnered are both accurate and actionable [3]. This paper aims to offer a thorough
analysis of the evaluation methodologies and techniques currently prevalent in the
field. It also provides an overview of contemporary trends, challenges, and innova-
tions in satellite image classification [4]. By examining existing studies, we aim to
present a comprehensive perspective on cutting-edge methods, unresolved chal-
lenges, and emerging directions in evaluation techniques within this domain. The
primary goal of this review is to assist analysts, especially those new to the dynamic
world of remote sensing, in making well-informed choices when selecting appropriate
classification methods. This will, in turn, lead to more accurate satellite image classi-
fications and the generation of precise Land Use and Land Cover (LULC) maps [3]. In
particular, this review focuses on groundbreaking advances in classification algo-
rithms, especially Artificial Neural Networks (ANNs), Classification Trees (CTs), and
Support Vector Machines (SVMs). These state-of-the-art techniques have shown
considerable promise in the realm of satellite image classification, opening new path-
ways for enhancing both accuracy and robustness.

1.1 Setting the context for satellite image classification

Satellite image classification sits at the intersection of remote-sensing technology,
artificial intelligence, and Geographic Information Systems (GIS). With Earth-
monitoring satellites generating vast quantities of data daily, the need for automated
techniques to extract valuable insights from this imagery has never been more press-
ing. These images encompass a range of spectral bands—including optical, infrared,
and radar—all of which provide unique and comprehensive data on Earth’s terrestrial
and aquatic features. The primary objective of satellite image classification is to
transform raw satellite data into actionable intelligence. This involves the identifica-
tion and categorization of various objects or land cover types, such as forests,
urban areas, water bodies, and agricultural fields. This categorization serves as a
vital foundation for numerous applications in diverse fields. Whether the focus is
on urban planning, precision agriculture, emergency response, or environmental
monitoring, the insights derived from accurate satellite image classification are
invaluable.

1.2 Satellite image classification techniques

Satellite images can typically be classified into three main categories based on
spatial resolution: low-, medium-, and high-resolution. These categories are deter-
mined by the pixel size or granularity of the images, which directly influences both
the level of detail captured and the suitability of the images for various applications
(see Figure 1). Low-resolution images feature coarser pixels and, as a result, cover
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Hierarchy of satellite image classification techniques [5].

extensive geographic areas but provide limited detail. Medium-resolution images offer
a middle ground, capturing a moderate level of detail while still encompassing rela-
tively large areas. In contrast, high-resolution images are characterized by fine pixels
that capture intricate details, making them ideal for specialized and precise analyses.
Understanding these distinctions is crucial for selecting the most appropriate type of
satellite imagery to meet specific remote-sensing goals and geospatial analysis
requirements.

The classification of satellite images is organized into a diverse array of methods
and techniques, offering a structured approach to data analysis (refer to Figure 2).
Typically, these methods fall under three major categories, each with its own distinc-
tive features and use cases: A. Manual classification, B. Automatic classification, and
C. Hybrid classification.
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1.2.1 Manual classification

Manual classification techniques are esteemed for their reliability, efficiency, and
effectiveness. They rely heavily on the interpretative skills of analysts who leverage
their extensive knowledge of local conditions and the unique characteristics of the
study area. However, it is crucial to recognize that manual classification can be
resource-intensive, often requiring the expertise of field specialists for optimal accu-
racy. In this approach, the quality and reliability of the classified data are intrinsically
linked to the analyst’s skill set and familiarity with the specific area of study.

1.2.2 Automatic classification

While manual classification is closely tied to the expertise of the analyst, automatic
classification methods offer an alternative that mitigates this variable. These techniques
categorize pixels based on quantifiable metrics like similarity and dissimilarity.
Depending on the spatial resolution of the images, automatic classification can be broken
down into three distinct categories: (a) pixel-based classification, which focuses on indi-
vidual pixels; (b) sub-pixel-based classification, which examines fractions of a pixel; and
(c) object-based classification, which considers groups of pixels as single entities.

1.2.2.1 Pixel-based classification

Pixel-based techniques form the bedrock of remote-sensing image analysis. These
methods operate under the assumption that each pixel in an image corresponds to a
uniform land use or land cover type [6]. Within this framework, remote-sensing data
are treated as an array of unique pixels, each defined by specific spectral features and
associated variables. Generally speaking, pixel-based classification can be divided into
two principal groups:

1.2.2.1.1 Unsupervised classification

Unsupervised classification techniques segment an image into distinct classes
based on the natural clustering of pixel values, without requiring prior knowledge or
training data. Notable algorithms in this category include K-Means and its variant,
ISODATA (Iterative Self-Organizing Data Analysis Technique). More recent devel-
opments have adapted algorithms like Support Vector Machines (SVMs) and hierar-
chical clustering methods for unsupervised purposes [7]. However, these methods
come with their own set of challenges, such as computational intensity, particularly
when handling large datasets. Another limitation is the often-limited accuracy in
generating meaningful and specific class distinctions, which may require additional
post-processing or user intervention.

1.2.2.1.2 Supervised classification

In supervised classification, as illustrated in Figure 3, satellite images are classified
using predefined input or training data. An analyst carefully selects representative
areas with known class types, commonly referred to as training samples or signatures.
The spectral characteristics of individual pixels within the image are then compared
against these training samples. Based on predefined decision rules, the analyst cate-
gorizes each pixel into the most appropriate class [8]. Over the years, a diverse array

6



Evaluating Satellite Image Classification: Exploring Methods and Techniques
DOI: http://dx.doi.org/10.5772 /intechopen.1003196

Unsupervised

[_ _f=11ag: -b[ El-{ls'!'cﬂ?ug }-Pl- Cluster G.Toup.{.ug & L:ﬁ:éﬁng ‘—)I .-{u:m':\cy Assessment |
Supervised
[ Image | Supervised Traunug_}—b[ Pixel Labeling }—b[ Accuracy Assessment
Figure 3.

The major steps of supervised and unsupervised image classification.

of supervised classification techniques have emerged, enriching the framework for
satellite image classification, as further detailed in Figure 3.

1.2.2.2 Sub-pixel-based classification

Traditional pixel-based methods commonly operate on the premise that each pixel
in an image exclusively represents one type of land use or land cover. This assumption
becomes less sustainable when working with medium or coarse spatial resolution
satellite images due to the inherent heterogeneity of natural landscapes [9]. Sub-pixel-
based classification techniques present a more nuanced solution by precisely quanti-
fying the distribution of various land use or land cover types within each pixel [10].
Leading techniques in this category include fuzzy classification, neural networks [11],
regression modeling [12], regression tree analysis [13], and spectral mixture analysis
[14]. Engineered to address the challenges of heterogeneous pixel compositions, these
methods offer a refined way to capture the diversity of land use and land cover types
within a single pixel.

1.2.2.3 Object-based classification

Distinct from pixel-based and sub-pixel-based methods, object-based classification
offers a novel paradigm for analyzing remote-sensing imagery [1]. Rather than view-
ing individual pixels as the elemental units for classification, this approach concen-
trates on geographical objects—formed through image segmentation [15]—as the
foundational units. This methodology is especially advantageous for very high-
resolution (VHR) remote-sensing images. Object-based classification integrates spec-
tral, spatial, and contextual information through segmentation techniques, producing
more comprehensive image objects for analysis. The central assumption driving this
approach is that geographical objects consist of multiple components within an image,
thereby enabling a more intricate and accurate representation of complex scenes.
Empirical evidence consistently indicates that object-based methods yield substan-
tially higher accuracy rates compared to pixel-based alternatives (Figure 4) [17].

1.2.3 Hybrid classification

The object-based classification approach blends aspects of both manual and auto-
mated methods to forge a hybrid system. Analysts can guide the classification process
by offering initial input, refining interim results, or injecting domain-specific exper-
tise. At the same time, machine-learning algorithms can be integrated to automate
segments of the classification process, enhancing efficiency. This hybrid methodology
proves especially beneficial in contexts where the nuanced interpretation provided by
human expertise is invaluable, but the speed and scalability offered by automation are
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(b)

Figure 4.
(a) Satellite image, (b) object-based classification of a satellite image and (c) pixel-based classification of a
satellite image [16].

also key. Consequently, it is frequently utilized in situations where a mix of manual
and automated tactics delivers the best results.

2. Satellite image classification methods

Satellite image classification methods serve as indispensable tools for extracting
valuable insights from satellite imagery. They enable the categorization of various
features, including land cover and land use, within these images. This section outlines
the latest advancements in satellite image classification techniques:

2.1 K-means

K-means clustering, a well-known iterative technique originating from data min-
ing, falls under the category of unsupervised classification known as cluster analysis
[18]. In this approach, a set of 7 observations is divided into k clusters. Each observa-
tion is allocated to the cluster to which its mean is the closest. The process starts with
the assignment of a random initial cluster vector. Following this, each pixel is classi-
fied into the cluster closest to it in terms of distance. The cluster means are then
recalculated based on all the pixels contained within each cluster. These latter two
steps are repeated until the mean values of the clusters remain stable, effectively
minimizing within-cluster variability and leading to cluster convergence. The Sum of
Squares Distances function, expressed in Eq. (1), quantifies the relationship between
each pixel in the dataset and the centroid (mean) of its designated cluster. This
function calculates the squared Euclidean distance between each pixel and the cluster
center to which it belongs. This measure is instrumental in determining how closely or
loosely each pixel aligns with its cluster centroid, thus shedding light on the level of
homogeneity within the clusters as well as the overall efficiency of the clustering
process. The ultimate aim of clustering algorithms like K-means is to minimize this
Sum of Squares Distances function. By doing so, the algorithm ensures that pixels
within the same cluster are as similar as possible while maximizing dissimilarity
between distinct clusters. Achieving this goal results in the formation of compact and
well-separated clusters, thereby improving the quality of the unsupervised classifica-
tion outcomes.
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SSaist = Yy [x —c () (1)

where c(x) is the mean of the cluster pixel to which x is assigned.

Minimizing the Mean Squared Error (MSE) is closely linked to minimizing the
Sum of Squares Distances (SSdist), as denoted in Eq. (2). The MSE serves as a
significant metric for assessing the variability within clusters. It calculates the average
of the squared differences between the position of each pixel and the centroid of the
cluster to which it belongs. In the context of clustering, a lower MSE value suggests
that the pixels within each cluster are tightly grouped around their respective cen-
troids, indicating lower variability and higher internal cohesion. Thus, by aiming to
minimize the MSE, one also effectively contributes to the reduction of the SSdist.
Achieving this dual minimization helps in creating more compact and well-defined
clusters, fulfilling a fundamental goal in both cluster analysis and unsupervised clas-
sification methods. This approach enhances the quality of the unsupervised classifica-
tion output by ensuring that pixels within the same cluster are as similar as possible,
thereby also maximizing the dissimilarity between different clusters.

_ lwlx Cl))? _ SSdist
M= N TNy @

2.2 Iterative self organizing data (ISODATA)

As outlined by [19], the ISODATA algorithm is equipped with a dynamic adjust-
ment mechanism that continually refines the cluster set through a series of iterative
calculations. This fine-tuning is achieved primarily through two key processes: cluster
assimilation and cluster splitting, visualized in Figure 5. Cluster assimilation is acti-
vated under specific conditions: either when the number of pixels within a cluster falls
below a predetermined minimum threshold or when the distance between the cen-
troids of two clusters is less than a specified value. In such cases, the algorithm opts to
merge or “assimilate” the clusters into a unified group. On the other hand, cluster
splitting is initiated when a cluster’s internal standard deviation exceeds a set thresh-
old and when the number of pixels within that cluster is at least double the
predetermined minimum. Under these conditions, the algorithm divides or “splits”
the existing cluster into two or more separate clusters. These dynamic operations

Cluster Means

Band 2

Band 1

Figure 5.
ISODATA classification pixels using cluster means [16].
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enable the ISODATA algorithm to adjust responsively to the intrinsic variability and
complexity present within the dataset. Such adaptability ensures that the resulting
clusters are a reliable and precise reflection of the inherent patterns and structures in
the data, thereby enhancing the quality of the classification.

The ISODATA algorithm stands out for its adaptability in managing datasets that
feature a variable number of clusters. Unlike some other clustering algorithms that
require a pre-specified number of clusters, ISODATA dynamically adjusts this number
during the clustering process. It does so based on the specific traits of the data and the
guidelines set for cluster assimilation and splitting, as previously discussed [20]. This
feature adds an extra layer of flexibility, making the algorithm well-suited for han-
dling complex datasets where the optimal number of clusters is not easily determin-
able beforehand.

2.3 Support Vector Machine (SVM)

As outlined by [21], the Support Vector Machine (SVM) is grounded in statistical
learning theory and is primarily used for classification tasks. It works by partitioning
the data into separate classes through a hyperplane designed to maximize the gap,
or margin, between these classes. In this context, data points that lie close to the
hyperplane are identified as “support vectors,” as illustrated in Figure 6. SVM aims to
optimize this margin to reduce the probability of misclassification errors [18]. In
achieving this goal, SVM establishes a distinct and unambiguous boundary separating
various classes in the dataset.

A Binary classification of N training samples and for each instance, consisting of a
tuple (x;, y3) (i=1,2, ..., N) where, xi = (Xi1, Xi, ..., Xia) T deals with the attribute set
for the ith sample € {—1, +1}, and let y; denote the class labels.

The decision boundary of a linear classifier, in the context of Support Vector
Machines (SVM), can be mathematically expressed as:

W-X+b=0 (3)
optimasl
W R+ b= 0 tpersine
- o
® @ - A L ] ° Y
® - ° L
L L ]
- ® -
» . 5 L J
w'.r+b=-1/ ° °
Negative * <
Hyperplane * - ®
D L]
w'x+bh=+1
*
x X » / Positive
* x Hyperplane
o > b1y
*
- *
B
b1z
Figure 6.

Margin of decision boundary in binary SVM classifier [16].
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In a binary classification scenario, as is commonly used with Support Vector
Machines (SVM), distinct types of data points are given specific class labels for
training purposes. For example, if circles are assigned a class label of +1 + 1 and stars
are given a class label of —1 — 1, this labeling forms the basis for the classification
algorithm. In this context, the class label y for a test sample ¢ can be determined using
the following decision rule:

+1 if W-T+b>0;
y={ A (4)
W71+

-1 if b<0.

The distance between these two hyperplanes gives the marginal decision boundary
(d) (see Eq. (5))

d=— (5)
w

2.4 Minimum Distance Classification

In the Minimum Distance to Means (MDTM) technique, which is a form of
supervised classification, a single mean vector that captures its essential spectral
characteristics represents each class. For any given pixel in the image, its measure-
ment vector is compared to the mean vectors of each class to calculate spectral
distances. Based on these distances, a decision rule, as depicted in Figure 7, is then
applied to classify the pixel into one of the predefined classes. The strength of the
MDTM classifier lies in its simplicity and computational efficiency, especially when a
singular mean vector can adequately represent each class. By directly calculating the
spectral distance between a candidate pixel and the mean vectors of each class, the
MDTM method ensures that the pixel is classified into the category to which it is most
spectrally similar. This approach is particularly useful in scenarios where computa-
tional resources are limited but a reasonable level of classification accuracy is still
required.

255 4
3 class-3 canter Fr
= Dmin(1,2,3)
|
|
AB I
I A
B L — A * ARy ’
126 — als /1 i
[ 1 ABz
class-1 cantar 4:-" I\l ” 2:!--.-2 canter
i
L] T
o 126 255

A
Figure 7.
Calculation of minimum distance between centers of three classes and candidate pixel concerning bands

A&»B[16].
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As specified by Eq. (6), the classifier uses Euclidean distance as the means to
calculate the gap between a candidate pixel’s measurement vector and the mean vector
of each predefined class. After performing this calculation, the candidate pixel is
allocated to the class with the smallest Euclidean distance. This approach leverages the
Euclidean distance as a numerical metric for determining the class most spectrally
akin to each candidate pixel. By aiming to minimize this distance, the algorithm
accurately places the candidate pixel into its most probable class, thereby improving
the overall precision of the classification.

n 1/2

D= Y ((3i - bi>2) (6)

i=0

where D,}, = distance between class a and pixel b, a; = mean spectral value of class a
in band i, b; = spectral value of pixel b in band 7, and n = number of spectral bands.

2.5 Mahalanobis Distance classifier

As highlighted by [13], the Mahalanobis Distance classifier shares similarities with
the Minimum Distance to Means technique, but it adds a key element: the use of a
covariance matrix in the classification of satellite images. This matrix captures the
statistical interrelationships among various spectral bands, providing a more nuanced
and multidimensional metric for measuring the distance between data points than the
Euclidean distance used in the Minimum Distance approach. Importantly, the inte-
gration of the covariance matrix renders the Mahalanobis Distance classifier particu-
larly effective in situations where the intra-class data distribution exhibits variable
levels of variance across different dimensions. As a result, the classifier is more adept
at handling the complex spectral interdependencies present in the data, thereby
improving the overall accuracy and dependability of the classification.

(x — Pi)T
2

Where, > == pixel covariance matrix for class i, (i = 1,2,........ n), g = average vector
of class i

Mahalanobis Distance (Dx) = (X —w) @)

2.6 Parallel Piped classification

As explained by [15], the Parallel Piped classifier divides each axis of the multi-
spectral attribute space into specific regions, often called classes. The limits of these
regions are set by the lowest and highest pixel values along each corresponding axis.
The success of this classifier in terms of precision and effectiveness largely depends on
a thorough analysis of the range for each class, guided by relevant population statistics
(as shown in Figure 8). By carefully assessing these ranges, the Parallel Piped classi-
fier strives to accurately allocate pixels to their appropriate classes, thus improving the
overall quality and trustworthiness of the image classification process.

In a 2D feature space, the Parallel Piped classifier creates a set of rectangular boxes,
each signifying a unique class. Pixels that fall within a particular box are then classi-
fied as members of the associated class. This technique is notable for its computational
simplicity, as it speeds up the classification process by concentrating on predefined
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Figure 8.

Classification of pixel data based on lowest (ya, — 2s), highest (pa, + 2s), and mean (ua,) values on band a
and lowest (ug, — 2s), highest (ug, + 2s) and mean (ug,) values on band B of class-1 using Parallel Piped
approach [16].

ranges for each class. However, a significant drawback is the possibility of overlapping
boxes, which can introduce ambiguity in class assignment. These overlaps occur when
the pre-established ranges for various classes intersect, making it challenging to
definitively assign pixels in these overlapping areas to a single, distinct class.

2.7 Maximum Likelihood classification (MLC)

The Maximum Likelihood Classifier (MLC), also known as the Bayesian classifier,
is a statistical approach used in supervised classification, as detailed in source [11].
This method classifies pixels into specific classes based on the maximum likelihood
estimate that the pixels belong to those classes. The likelihood Ly, of a pixel belonging
to a particular class k is computed using its posterior probability, as expressed in
Eq. (8). The primary goal of this technique is to find the class that maximizes this
likelihood, effectively determining the most probable class for the given pixel. Due to
its effectiveness in making class assignments grounded in probabilistic logic, the MLC
is widely used in the field of remote sensing and various classification tasks.

P(k)+P(X)

= ) P ()

(®)

where, P(k) = prior probability of class k, P(k/x) = conditional probability or
probability density function of class K.

P(k) and P(i)*P(k/i) are common to all classes. So, L;. depends on the probability
density function (Figure 9).

As demonstrated in Eq. (9), the probability density function (PDF) plays a pivotal
role in computing the likelihood of a normal distribution, and its expression is
presented as follows [17]. This function serves as a mathematical representation of the
probability distribution of data points within a normal distribution, enabling the
estimation of the likelihood associated with a specific observation’s membership in
this distribution.
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Figure 9.
Concept of Maximum Likelihood classification based on the probability density concerning each class [16].

Li(X ! = ©9)
" 9
<X = e

Ly (X) = likelihood of pixel X belonging to class, k, n = number of satellite image
bands, and yy = variance-covariance matrix of class k.

2.8 K-Nearest Neighbor Classifier

As elucidated by [14], K-Nearest Neighbors (KNN) is a classification method that
primarily relies on majority voting. The algorithm assesses similarity by computing
the Euclidean distance between data points in the feature space, as depicted in
Eq. (10). KNN employs a predefined parameter, K, to specify the number of nearest
neighbors considered in the voting process. Unlike many other classifiers, KNN does
not require a specialized training phase. It accomplishes classification by assigning a
given data point to the most frequently occurring class among its K-nearest neighbors.
This inherent simplicity renders KNN particularly valuable in scenarios where the
training dataset may be subject to updates or expansions.

Let (x,y) €D --> Setoftrainingexamples
k --> Number of nearest neighbors
z=(x,y) --> Test example (10)

Euclidean Distance d(x,x) = Z ((Xi{ - xk)2> v
k=0

In the K-Nearest Neighbors (KNN) algorithm, the classification of a test example is
accomplished by identifying its K-nearest neighbors within the feature space, a calcu-
lation delineated by the method outlined in Eq. (11). Once the nearest neighbors are
determined, the test example is assigned a label based on the majority class within this
neighbor list. The underlying principle guiding this approach is that of spatial
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proximity: the class that appears most frequently among the closest neighbors of the
test example is considered the most probable class for the test example itself. This
technique harnesses the strength of local information to make global predictions.

Majority voting : y = argmax Z (rir) € o1 (v=y)
Where, v --> class label (11)
y;--> Class label for one of the nearest neighbors.

In certain scenarios, the K-Nearest Neighbors (KNN) classifier may encounter chal-
lenges when classifying certain test records. Such situations arise when the test records
bear limited resemblance to or have little correspondence with the training instances. As
KNN heavily relies on the proximity of test records to training data points, if there are
no nearby neighbors from the training set within the specified value of K, the classifier
may struggle to make confident classifications. This issue is particularly pronounced
when dealing with sparse or high-dimensional datasets, where accurately defining the
distances between data points becomes a complex task. To address this challenge,
various techniques can be employed, including data preprocessing, feature selection, or
dimensionality reduction, to enhance the performance of the KNN classifier and bolster
its ability to effectively classify diverse test records.

2.9 Artificial Neural Networks (ANN)

Artificial Neural Networks (ANNs) constitute a specialized subset of artificial intel-
ligence designed to emulate certain aspects of the human brain, particularly the capa-
bility to assign meaningful labels to individual pixels in images. ANNs employ a
nonparametric classification approach and possess inherent adaptability, allowing for
the integration of additional data to enhance accuracy, as demonstrated in prior
research [5]. Structurally, an ANN is organized into multiple layers, each containing
neurons, which are processing units. These neurons are interconnected through
weighted connections spanning across adjacent layers. During the training phase, ANNs
analyze patterns within the training data to derive actionable insights. These insights aid
in the formulation of generalizable rules that can be applied to classify previously
unseen data, aligning with the foundational principles proposed by [22]. ANNs prove
highly effective in addressing complex classification challenges, consistently
outperforming more methods that are rudimentary. Numerous ANN algorithms are
specifically tailored for classifying remotely sensed images, including but not limited to:

2.9.1 Multi-layer perceptron (MLP)

The Multi-layer perceptron (MLP) represents one of the most widely utilized sub-
types of Artificial Neural Networks (ANNSs). Operating as a feed-forward ANN
model, the MLP is designed to establish mappings between sets of input data and their
respective outputs, a concept that was initially introduced in prior research [23].
Structurally, the MLP comprises three essential layers: an input layer, an output layer,
and one or more hidden layers. These layers are interconnected sequentially, as
depicted in Figure 2. Users enjoy the flexibility to determine the number of neurons
allocated to each layer. Specifically, the neurons in the input layer represent the input
variables, while those in the output layer correspond to the categories defined by the
training data. Typically, each input variable is mapped to a single neuron in the input

15



Geographic Information Systems — Data Science Approach

layer, and each class of interest is associated with its own neuron in the output layer.
The training process of the MLP employs a supervised learning algorithm commonly
known as back-propagation. The mathematical formalism for this process can be
expressed as follows:

y=¢ Zwixi+b :q)(wa+b) (12)
=1

where:

* W = represents the vector of weights.
* x = is the vector of inputs.

* b = stands for the bias.

* ¢ = denotes the activation function, typically chosen as the sigmoid function,
which is expressed as 1/(1 + e-x). As demonstrated by [24], this particular
activation function has proven effective in modeling nonlinear mappings.

In the framework of MLP, the weights and activation functions serve as critical
elements within the neurons. During the training phase, neurons in both the input and
hidden layers are initialized with random weights. Each pixel in the training data is
then mapped to a likelihood of activating a specific output neuron, based on its
maximum activation value. Subsequent solutions are evaluated in comparison, with
the solution yielding the lowest error being retained. This iterative procedure persists
until the network achieves an acceptable level of testing error for mapping input
variables to the predetermined output classes. Once the network is adequately trained,
it is deployed to classify the remaining dataset according to the activation level dem-
onstrated by individual pixels, following the methodology described in [25]. However,
one significant challenge associated with MLP is the necessity to retrain the entire
network for any required adjustments. Such retraining could alter or nullify previ-
ously learned information, thereby prolonging the training duration—even when
dealing with relatively modest datasets, as observed by [26]. To augment the effi-
ciency of MLP classifiers without a corresponding substantial increase in computa-
tional time [22, 27], researchers have suggested specific parameter values, which are
summarized in Table 1. Here, “N” denotes the number of classes (Figure 10).

Number of hidden layers/nodes Between 2N; to 3NN;
Learning rate 0.01-0.001
Momentum factor 0.5
Sigmoid constant 1
RMSE 0.0001
Number of iterations 10,000
Accuracy rate percent 100%
Table 1.

The basic architecture to start MLP [28].
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Figure 10.
A typical MLP with back-propagation [22] reported by [28].

2.9.2 Fuzzy ArtMap classification

Fuzzy ArtMap is a classification technique rooted in Adaptive Resonance Theory
(ART), as originally introduced by [29]. This approach employs a clustering method-
ology designed for vectors with fuzzy inputs, which are represented as real numbers
within the range of 0 to 1. Fuzzy ArtMap incorporates an incremental learning
mechanism, allowing for continuous learning while preserving previously acquired
knowledge, as elaborated upon by [30]. A distinctive feature of Fuzzy ArtMap is its
emphasis on retaining only the weights of neurons encoding the class that best
matches the input pattern. This characteristic enables it to effectively handle
large-scale problems with relatively few training epochs. However, Fuzzy ArtMap is
susceptible to noise and outliers, which can lead to an increased number of
misclassified data points. The Fuzzy ArtMap architecture consists of four layers of
neurons: the input layer (F1), category layer (F2), map field, and output layer. To
configure Fuzzy ArtMap effectively, five key parameters must be specified, as
outlined in Table 2 by [31]:

The parameters p1 and p2 play a pivotal role in both the learning and operational
phases of the network, exerting significant influence over the entire process. During
the learning phase, the weights of neurons in both the map field and the category layer
undergo dynamic adaptation. This adaptability is driven by the spectral characteristics
inherent to each observed input pixel in the first input layer (F1). The assignment of
an observation from the input layer (F1) to a neuron in the category layer (F2) hinges
on the spectral features of the given observation. In instances where none of the
existing neurons in F2 satisfies the predefined similarity threshold criteria for a par-
ticular observation in F1, a new F2 neuron is created. The generation of new neurons
in F2 effectively partitions the dataset into subsets characterized by a user-specified

Choice parameter o A small positive constant

Learning rate parameters f3; in ARTa 0<p <1

Learning rate parameters f3, in ARTb 0<p, <1

Vigilance parameters p; in ARTa Normally set very close to 1

Vigilance parameters p, in ARTb Normally set very close to 1
Table 2.

The proposed parameters to start Fuzzy ArvtMap [28].
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Figure 11.
Fuzzy ArtMap architecture [32] reported by [28].

degree of homogeneity (Figure 11). This degree of homogeneity is governed by a
“vigilance parameter,” originally conceptualized by [15].

2.9.3 Self-Organized Feature Map (SOM)

SOM, initially proposed by [33], features a single-layer neural network architec-
ture, as depicted in Figure 4. In this setup, the input layer corresponds to the feature
vector, with individual neurons representing separate measurement dimensions.
According to guidelines from [34], a typical output layer in an SOM is arranged as a 15
x 15 neuron grid. Arrays smaller than this may compromise the granularity needed for
distinct class representation, while larger arrays generally improve classification
accuracy. The synaptic weights linking the neurons of the output layer to the input
layer neurons are initially randomized. These weights are subsequently reorganized
through iterative sampling of the input data. This adjustment process leads to the
spatial clustering of neurons with similar synaptic weights, as shown in Figure 12.
During the training phase, neurons close to the ‘winning’ neuron—determined by the
closeness between the input vector and its synaptic weight, as described in [35]—are
actively engaged in learning. In this context, X = (x1, x2, X3, ..., xn) signifies the SOM’s
reflectance vector for a single pixel input. The training process consists of two primary
stages:

a. Unsupervised classification phase: neuron weights are regionally structured
through competitive learning and lateral interactions, thereby establishing the
network’s topology.

b. Refinement phase: the decision boundaries delineating various classes are
further refined by integrating training samples via the Learning Vector
Quantization (LVQ) algorithm, as elaborated by [36].
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Figure 12.
Example of an SOM with a two-neuron input layer and 3 x 3-neuron output layer [28].

In the classification step, each pixel is assigned a class based on the neuron or
neurons with weight vectors most similar (in terms of minimal Euclidean distance) to
the pixel’s reflectance vector. Unlike other architectures like MLP or Fuzzy ArtMap,
SOM takes into account inter-class relationships, facilitating the classification of mul-
timodal classes. A notable drawback, however, is the occasional emergence of unclas-
sified pixels, as highlighted by [37]. To optimize classification accuracy without
substantially increasing computational load, recommended parameter settings for
SOM classifiers are presented in Table 3.

2.9.4 Radial Basis Function Network (RBEN)

The Radial Basis Function Network (RBFN) is a type of nonlinear neural network
designed for classification tasks. This network architecture consists of three primary
layers: an n-dimensional input vector, a hidden layer of Radial Basis Function (RBF)
neurons, and an output layer with individual nodes corresponding to each data cate-
gory or class. The central aim of an RBFN is to classify data by evaluating the similar-
ity between incoming inputs and stored prototypes within the RBF layer. Each neuron
in the RBF layer contains a prototype, which is essentially a representative example
from the training dataset. A commonly used method for selecting these prototypes
involves applying k-means clustering to the training data, with the resultant cluster
centers serving as the prototypes. During the network’s operation, each RBF neuron
calculates the Euclidean distance between its stored prototype and the incoming input
vector. This distance is then converted into an activation value that falls between 0

Course tuning parameters Fine-tuning parameters
Output neurons Initial Min. Max. Min. Max. Fine-tuning
Y o o 8 b epoch
225 (15 x 15) 25 0.5 1 0.0001 0.0005 50

Table 3.
The proposed parameters to start SOM [28].
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and 1, serving as an indicator of similarity. In this context, an activation value of 1
signifies a perfect match between the input and the prototype, while the activation
value decreases exponentially toward zero as the distance between the input and the
prototype grows. The output layer’s nodes then compute a score for each potential
data category. This score is obtained through a weighted sum of the activation values
generated by the RBF neurons in the hidden layer. Before contributing to the final
score, each neuron’s activation is multiplied by its corresponding weight. The final
classification decision is usually made by allocating the input to the category associ-
ated with the highest computed score (Figure 13).

Various similarity functions can be employed in the context of Radial Basis Func-
tion Networks (RBFNs), among which the Gaussian function is often favored, partic-
ularly for one-dimensional data. For instance, Eq. (13) outlines the form of a typical
Gaussian function where ‘%’ is the input, ‘p’ represents the mean, and ‘c’stands for the
standard deviation. Notably, the activation function for an RBF neuron does exhibit
slight variations, as shown in Eq. (14). The training regimen for an RBFN requires the
optimization of three key parameter sets: the prototypes (p), the p coefficients associ-
ated with each RBF neuron, and the output weight matrix connecting the RBF neu-
rons to the nodes in the output layer. To improve classification accuracy, [38] suggests
setting the p and p parameters at specific values, namely 1.05 and 5, respectively.

flo)=——e 5 (13)

oV 2r

plx) =e” [loc—pl® (14)

2.10 Classification Trees (CTs)

Classification Trees (CTs) were originally conceptualized by [39] as a non-
parametric, iterative, and hierarchical approach to pattern recognition. A Classifica-
tion Tree consists of multiple essential components: a root node, which serves as the
starting point; non-terminal nodes, which are positioned between the root and termi-
nal nodes; and terminal nodes, which group pixels belonging to the same class, as

RBF
Neurons

Input Vector Weighted
o Sums
T . __ Categoryl

Score

CIITTTTITTIT]

Category ¢
Score

O

jiis the prototype o
COMPare against

Figure 13.
RBF network architecture [28].
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Figure 14.
Classification tree. The numbers indicate the variables and their values as thresholds for each node condition [28].

illustrated in Figure 14. One of the key strengths of CTs is their capacity to recursively
divide a dataset into increasingly homogeneous subsets, employing binary splitting
rules as elaborated by [15]. These splitting rules are informed by the training data and
are based on statistical techniques, with the metric of ‘impurity’ playing a crucial role.
A node is considered ‘pure’ when it contains pixels exclusively from a single category,
leading to an impurity score of zero. As the algorithm traverses the tree, it evaluates a
logical condition at each node. Depending on the outcome of this evaluation, it moves
to either the left or the right child node. This iterative partitioning persists until a node
reaches a state of purity, at which point it is labeled as a terminal node.
The key splitting rules commonly used in Classification Trees (CTs) include:

1. Entropy: originated by [40], this measure assesses node homogeneity and aims to
minimize entropy, ideally driving it to zero for a pure terminal node.

2. Information Gain (IG) or Gain ratio: further developed by [41], IG calculates the
entropy reduction resulting from splitting a node N according to rule T. The
attribute offering the highest IG is chosen for the split. One limitation is its bias
toward variables with greater variances, which may lead to excessive splitting.
This is often mitigated by normalizing the Information Gain with respect to the
entropy of the created partitions.

3.Gini index: based on methods described by [39], this index measures node
impurity and aims to find the most homogenous subsets within the training data.
The rule that maximizes impurity reduction—or equivalently minimizes the Gini
index—is selected for the split.
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The potential for overfitting exists when a CT becomes too tailored to the training
data, capturing noise that may affect its generalization capability. Pruning strategies
are employed to counter this, often reducing the tree size by up to 25% and enhancing
its predictive performance. Among the pruning methods, 10-fold cross-validation has
gained recognition for its robustness, necessitating an independent dataset for perfor-
mance assessment. Typically, pruned trees deliver the best classification accuracy. For
a more comprehensive understanding of cross-validation, see [42].

2.11 Fuzzy classifiers

Fuzzy classifiers quantify the degree of fuzzy set membership for each pixel
concerning specific classes. This degree is determined by calculating the standardized
Euclidean distance from the mean of the class signature through a particular algo-
rithm. In essence, the mean of a class signature symbolizes the optimal point for that
class, where fuzzy set membership attains its maximum value of 1. As the distance
from this point increases, the membership value diminishes, reaching zero at a user-
defined distance threshold. Among the myriad fuzzy classification algorithms, Fuzzy
C-Means (FCM) stands out for its effectiveness, especially in tasks involving
overlapping clusters. Initially introduced by [43], FCM aims to minimize a fuzzy
objective function, denoted as J,,, in an iterative optimization process, as illustrated in
Eq. (15).

T = ()" d* (i, Vi) (15)
i=1 k=1

where:

* ¢ = number of clusters

* 7 = total pixel count

* pik = membership value for the i-th cluster of the k-th pixel
* m = fuzziness factor for each fuzzy membership

* xk = vector representing the k-th pixel

e Vi = centroid vector of the i-th cluster

2d2(xk,Vi) = squared Euclidean distance between xk and Vi

The membership (uik) is calculated by measuring the distance between the k-th
pixel’s vector and the centroid of the i-th cluster. These calculated membership values
are subject to the following constraints:

0<p;<1 foralli, k
L — 1 for all k&
i;mk ora (16)

n
0< > pyp<m for all i
k=1
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The cluster center (Vi) and the membership value (pik) can be calculated using
Egs. (17) and (18), respectively.

22:1(ﬂik)mxk .
Vi =Z=2———"5,1<i<c 17)
2= (Hie)
29-1
- d(xk) VI) " .
piy = LA , 1<i<
k ]; <d (xk, V]) (18)
c,1<k<n

To minimize J,,, a repetitive procedure is followed, governed by Egs. (17) and (18).
The process begins by establishing fixed values for ¢ (the number of clusters), the
degree of fuzziness m, and a convergence tolerance ¢, in addition to initializing the
starting centers for each cluster. Subsequently, the values of pik and Vi are computed
in accordance with Egs. (17) and (18). The iterative process continues until the
variation in Vi between two consecutive iterations falls below the specified threshold
e. Eventually, each pixel is assigned a category based on its varying degrees of mem-
bership across multiple clusters.

3. Hybrid Classifiers

Different classifiers often yield varying class assignments when applied to the same
test area, highlighting the fact that no single classifier can deliver optimal performance
across all classes. Various classification algorithms exhibit complementary character-
istics, as supported by the research presented in [44]. Neural and statistical algo-
rithms, in particular, demonstrate such complementary behavior. These classifiers
tend to produce uncorrelated classification errors, which in turn facilitate the attain-
ment of improved classification accuracies when they are combined. In the context of
a hybrid classifier-based approach, it is crucial for the individual classifiers to either
employ independent sets of features or be trained on distinct training datasets. Essen-
tially, there are two primary strategies for combining classifiers:

1. Classifier ensembles (CE).

2.Multiple classifier systems (MCS), as illustrated in Figure 15.
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1
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Figure 15.
Classifier ensemble (dashed) versus multiple classifier systems (solid) [28].
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In situations where the classification outcomes from multiple classifiers demon-
strate a high degree of similarity, the amalgamation of these classifiers may only
sporadically yield improvements in classification accuracy. This underscores the piv-
otal importance of classifier diversity for the effective implementation of hybrid
systems, a point emphasized by the findings reported in [45]. Although not frequently
employed or scrutinized in the context of remote-sensing image classification, mea-
sures of classifier diversity are indispensable for evaluating the variations among
different algorithms. Such metrics encompass Kappa statistics [46], the double
fault measure [47], agreement measures [48], similarity indices, measures of
non-inferiority and difference [49], weighted counts of errors and correct results
(WCEC) [50], entropy-based metrics [51], and the Disagreement-accuracy mea-
sure [52].

4. Comparison of satellite image classification methods

Numerous studies have been undertaken to compare unsupervised, supervised,
and hybrid methods for satellite image classification, focusing on evaluation criteria
such as classification accuracy and various alphanumeric constants. This section offers
a comprehensive review of these comparative analyses. Table 4 delineates the merits
and demerits of conventional classifiers, as cited in [53], while Table 5 engages in a
more detailed discussion concerning the advantages and disadvantages inherent to
various classification approaches. The task of selecting the most apt classifier for a
given dataset poses a significant challenge, chiefly due to the absence of straightfor-
ward guidelines to facilitate this decision-making process. Furthermore, the image

Classifier Advantages Disadvantages

ISODATA < Fastandsimple ¢ Needs several parameters
to process

K-means < Fastandsimple ¢ Could be influenced by: the number and position of the initial cluster
to process centers specified by the analyst, the geometric properties of the data,
and clustering parameters

KNN * Simple to » Computationally expensive when the training dataset is large
process
MD * Fastand simple ¢ Considers only mean value
to process
MhD * Fastand simple ¢ Considers only mean value
to process
PP * Fastand simple e« Overlap may reduce the accuracy of the results
to process
MXL * Sub-pixel * Time consuming
classifier * Insufficient ground truth data and/or correlated bands can affect the
results

¢ Cannot be applied when the dataset is not normally distributed

Table 4.
Comparison of classic classification techniques.
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Method Advantages Disadvantages
ANN * Non-parametric classifiers e Itis difficult to understand how the
* High computation rate of very large datasets result was achieved.
* Efficiently handles noisy inputs ¢ The training process is slow.
¢ Problem of over fitting
« Difficult to select the type network
architecture
¢ Dependent on user-defined
parameters
CTs * Non-parametric classifiers ¢ Calculation becomes complex when
* Does not require an extensive design and various outcomes are correlated.
training
* Easy to understand the classification process
* Accurate, and computational efficiency is good
* Easy to integrate multi-source data
SVMs * Non-parametric classifiers ¢ Training is time consuming.
* Provides a good generalization « Difficult to understand its structure
* The problem of over fitting is controlled. ¢ Dependent on user-defined
» Computational efficiency is good. parameters
* Perform well with minimum training set size ¢ Determination of optimal
and high-dimensional data parameters is not easy.
* Often outperform other classifiers.
Fuzzy * Efficiently handle overlapping data ¢ Without priori knowledge output is

Classifiers *

Minimize computation time and reduce memory
requirements

not good.

Table 5.
Comparison of modern classification techniques [54].

Researcher

Classifier Datasets

Best performance

Pal and Mather [55] .

SVMs ¢ Landsat 7 ETM+
¢ MXL .
¢ ANN

Hyperspectral data

SVMs

Oliveira et al. [30] .

MXL .
e CTs

¢ MLP

« SOM

¢ ArtMap

e CTs

Landsat (ETM+)

ArtMap

Lippitt et al. [56] .

SOM .
* MLP

¢ ArtMap

e CTs

Landsat 7 (ETM+)

CTs

Lietal. [31]

¢ MXL ¢ Landsat 5 TM
« CTA .
e ArtMap

* KNN

ArtMap

ALSO PALSAR (L-band HH and HV)

Maryam et al. [57] o

SVMs .
¢ MXL

« MD

e PP

Landsat 7 ETM+

SVMs
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Researcher

Classifier

Datasets

Best performance

Shaker et al. [58]

¢ Contextual
¢ MXL
¢ MD

e SPOT

MXL

Mannan et al. [59]

¢ ArtMap
« MXL
* MLP

¢ IRS-1B

ArtMap

Gil et al. [60]

¢ SVMs
¢ ANN
¢ MXL

¢ IKONS

SVMs

Du et al. [52]

¢ MLP

« ANN
e CTs

¢ MXL

¢ SVMs
¢ ArtMap

¢ Quick Bird

* Spectral/textural features

SVMs

Doma et al. [61]

s PP

¢ MD

¢ MXL
¢ ANN
¢ SVMs

¢ Quick Bird

SVMs

Hamedianfar et al. [62]

e 0O/fuzzy
e SVMs

¢ World View-2 (WV-2)

0O0/fuzzy

Camps-Valls et al. [63]

¢ SVMs
¢ ANN

* Hyperspectral data (128 bands)

SVMs

Trinder et al. [64]

¢ SVMs
* SOM
e CTs

 Aerial images
* LiDAR data

SVMs

Kanika et al. [65]

* ANN
« MD
« MLC

¢ [IRIS Plants Dataset

ANN

Jamshid et al. [66]

* ISODATA
¢ MLC
« HM

¢ Desert Outlay Datasets

HM

Offer and Arnon [67]

« MLC
¢ MD
e PP

Landsat 7 ETM+

MLC

Aykut et al. [68]

e PP
« MD
« CM

Landsat 5 TM

CM

Shila and Ali [69]

¢ Unsupervised
¢ Supervised
« HM

Landsat 7 ETM +

HM

Maryam et al. [57]

¢ SVMs
« MLC
¢ MHD
« MD

* SID

* BCs

e PP

Landsat 7 ETM +

SVMs
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Researcher Classifier Datasets Best performance

Manoj et al. [14] ¢ KM Landsat, SPOT and IRS Datasets ESRG
¢ ISODATA
¢ MD
¢ MLC
s PP
* SRG
* ESRG

Subhash et al. [70] « MLC Landsat 7 ETM + MLC
¢« MD
¢ MHD

Malgorzata et al. [71] * PBC Multi-spectral Satellite Images 00C
¢ 00C

Table 6.
Performance evaluation of various classification methods against different datasets.

classification workflow involves a series of decisions and choices that must be made
by the analyst. To elucidate the comparative strengths and limitations of
unsupervised, supervised, and hybrid techniques, extensive comparative studies have
been conducted. Table 6 synthesizes findings from various researchers concerning
the efficacy of different classifiers and the contexts in which they are most effective. It
is noteworthy that there exists no universal agreement among researchers as to which
classification methodology is unequivocally superior. As a result, the choice of an
appropriate classifier is often contingent upon the specific requirements and objec-
tives of the project at hand.

5. Selection and evaluation process of satellite image classification methods

The evaluation process and the selection of methods and techniques for satellite
image classification represent a critical phase in any remote-sensing or Earth obser-
vation study. This stage involves careful consideration of various factors, including
the characteristics of the satellite data, the specific objectives of the classification task,
and the computational resources available. Researchers must weigh the strengths and
weaknesses of different classification algorithms, such as Artificial Neural Networks,
Support Vector Machines, and Classification Trees, in order to make an informed
choice. Furthermore, evaluation criteria extend beyond mere accuracy and encompass
factors like computational efficiency, ease of implementation, and the ability to han-
dle challenges like overfitting or underfitting. This rigorous process ensures that the
selected methods and techniques align with the project’s objectives, providing mean-
ingful insights into the Earth’s dynamics and environmental changes based on satellite
imagery, as described in Figure 16.

This figure provides a comprehensive overview of the systematic process
employed in the selection and evaluation of satellite image classification methods and
techniques. It guides readers through the intricate steps involved in methodological
decision-making, offering a clear depiction of how various algorithms are chosen,
assessed, and ultimately applied to satellite image classification tasks. This visual
representation enhances the clarity of our research, helping both novice and
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Figure 16.
Selection and evaluation process of satellite image classification methods and techniques.

experienced researchers in the field to grasp the complexity of the decision-making
process and its significance in achieving accurate and meaningful results.

6. Summary and discussion

In the classification of remotely sensed images, numerous Artificial Neural Net-
work (ANN) algorithms have been implemented. Multilayer Perceptron (MLP), Self-
Organizing Maps (SOM), and Fuzzy ArtMap are some examples. Fuzzy ArtMap has
emerged as the most effective, followed closely by MLP. In contrast, SOM has consis-
tently demonstrated the lowest classification accuracy across numerous investiga-
tions. Importantly, the performance of these algorithms is extremely dependent on
the expertise of the operator in fine-tuning algorithmic parameters. MLP is effective,
but it requires a complete reprogramming of the network, which is a disadvantage.
This can be a time-consuming operation, particularly for smaller test areas. To miti-
gate this, pre-trained models could be used as a starting point. Fuzzy ArtMap, on the
other hand, is adept at dealing with large-scale problems and requires fewer training
iterations. However, it is susceptible to noise and outliers, which may impact classifi-
cation accuracy negatively. Preprocessing steps to remove noise can help overcome
this challenge. SOM, unlike MLP and Fuzzy ArtMap, is capable of distinguishing
between multimodal classes but frequently leaves a greater number of pixels unclas-
sified. This can be mitigated by adjusting parameters or using hybrid approaches.
Entropy splitting has become the algorithm of preference when it comes to Classifi-
cation Trees (CTs) for image classification. The 10-fold cross-validation method is
also recognized for its dependability and precision. CTs developed for one test area
can frequently be successfully transferred to another, provided that the remotely
sensed images share similar sensor characteristics and Land Use and Land Cover
(LULC) patterns. Support Vector Machines (SVMs) flourish in classification precision
and class-specific error balance. The Radial Basis Function (RBF) kernel is frequently
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the best option among the numerous kernels. However, determining the optimal RBF
kernel parameters, specifically C, typically requires a grid search and 10-fold cross-
validation. It is essential to recognize that various classifiers provide distinct data
perspectives. While some classifiers excel at identifying particular classes, others are
better adapted for distinguishing between distinct groups. Consequently, combining
classifiers efficiently can result in greater classification accuracy than using a single
classifier, even if it is extremely effective. When combined, neural and statistical
classifiers frequently generate uncorrelated errors, thereby enhancing the overall
classification accuracy. Adding more classifiers does not necessarily enhance perfor-
mance, though. Diversity is a crucial success factor for hybrid systems. Combinations
of classifiers selected based on the Disagreement accuracy metric typically outperform
those selected using other diversity metrics. Both Classifier Ensembles (CE) and
Multiple Classifier Systems (MCS) are based on aggregating multiple instances of the
identical algorithm.

7. Conclusion

In recent decades, significant progress has been made in the field of picture classi-
fication, mostly due to the emergence and utilization of sophisticated classification
algorithms. This comprehensive review aims to provide invaluable guidance for
researchers by dissecting the strengths and limitations of each approach, with special
emphasis on their suitability in various contexts. Artificial Neural Networks, particu-
larly Multilayer Perceptrons (MLPs) and Fuzzy ArtMap, present distinct consider-
ations, chiefly revolving around computational complexity and parameter tuning.
MLPs often necessitate an extensive network reconfiguration, a time-consuming pro-
cess, especially for smaller datasets. Nevertheless, their adaptability makes them well-
suited for intricate classification tasks. Fuzzy ArtMap excels in managing large-scale
problems with fewer training iterations but is sensitive to noise and outliers, demand-
ing meticulous pre-processing for accuracy. In the case of Support Vector Machines,
the selection of a kernel function and its associated parameters significantly influence
classification outcomes. The Radial Basis Function (RBF) kernel frequently outper-
forms others in terms of effectiveness, yet pinpointing optimal parameters typically
involves computationally intensive grid search and 10-fold cross-validation. SVMs
excel at maintaining class-specific error balance but may encounter challenges with
excessively large or imbalanced datasets. On the contrary, Classification Trees offer
interpretability and ease of use as their primary advantages. They possess the ability to
conduct feature selection as an integral part of the model-building process, effectively
reducing dimensionality. However, they are susceptible to overfitting, particularly
when the tree structure becomes overly complex. Techniques such as pruning and
cross-validation can help alleviate this concern. While entropy-based splitting rules
have proven effective, the algorithm’s performance may vary depending on the cho-
sen impurity measure. Additionally, this review underscores the vital role of algorith-
mic optimization, elaborating on the selection and combination of base classifiers to
enhance performance. Diversity measures assume a pivotal role in guiding ensemble
construction, ensuring more reliable and robust classification results. The review
synthesizes these intricate details by drawing upon collective insights from existing
studies, enabling researchers to align their methodological preferences with project-
specific requirements and constraints. Evaluation criteria encompass not only accu-
racy but also extend to considerations such as computational cost, ease of
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implementation, and resilience to overfitting or underfitting, all tailored to the char-
acteristics of each algorithm. This exhaustive study not only aggregates diverse view-
points but also serves as a pragmatic roadmap for future research endeavors. By
comprehensively presenting the advantages and practical challenges associated with
each method, along with their specific evaluation criteria, it aims to empower
researchers with a nuanced understanding, enabling them to make well-informed
decisions within the realm of satellite image classification.
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Programming an Interactive Map to
Enhance Clients’ Participation

in Site Selection of E-Marketing in
Cairo and Giza Governorates: Egypt

Reda Alkot Mohamed and Sayed Ahmed Sayed

Abstract

Multiple-Criteria Decision Analysis (MCDA) is concerned with structuring and
taking decisions involving multiple criteria. Integrated with Geographic Information
System (GIS) technology, MCDA can be used to select the best locations for any
investment project. However, not all investors/clients have the required skills to use
these specialised methods and programmes. Also, there may be incompatibility
between the consultant and the end user in the end results. Therefore, this research
aims to program a web-based Decision Support Engine (DSE) to facilitate the
decision-making process and involve the end user in such process in an easy interac-
tive manner. The proposed DSE was applied on E-marketing applied study in Cairo
and Giza governorates. Data were collected by electronic questionnaire (928 Ques-
tionnaires) that was processed by SPSS, to create the geodatabase used by Django web
framework to build the DSE. The end result of DSE is producing an Interactive Map to
support clients’ decision-making in an easy manner.

Keywords: E-marketing, Cairo and Giza, interactive map, Django framework, DSE

1. Introduction

Feasibility studies are one of the most important studies that economic investors
need on an ongoing basis in order to establish their economic projects because they
intensely help them in making their decisions in the field of investment. One of the
most important elements of the feasibility studies is to create a suitability map for the
best locations to carry out these projects by the integration with GIS technology. GIS
produces this map by applying a site selection model to determine the most suitable
locations for agriculture, industry, trade, or other economic and life activities.

Also, GIS provides MCDA tools in spatial decision support and creating spatial
modelling to support the proper decision in selecting the best location [1]. Site selec-
tion modelling process is applied for selecting the best locations for stores, shops, and
the shortest paths. So, Geographic Decision Support (GDS) is a promising field in
managing economic resources in general and for decision support efforts in the field
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of urban planning and Spatial Decision support systems (SDSS) in specific [2]. Also,
the land suitability model is applied through MCDA because the spatial decision-
making process is a complex process, as it includes many and varied data (economic,
social, environmental, political, and other data). Therefore, the decision-making pro-
cess is called Multi-Criteria Decision-Making (MCDM).

But end users/clients may not have the required knowledge for using these
specialised methods and programmes such as GIS. So, these experiences can be gained
by sharing with Expert Systems (ES) in an automated analysis to design a simple and
easy-to-use computer interface. Expert systems are a branch of Artificial Intelligence
(AI) [3] that aims to serve automated decision-making by sharing knowledge with
experts to define a set of rules and steps for making the best decision [4] in an
interactive method. This interactive method allows multiple choices in line with the
desires of the end users, which makes the decision-maker involved in the decision-
making process in an easy and simplified way.

This Interaction is called Goal-Oriented Design which is concerned with meeting
the needs and desires of the end users in an easy way and smooth steps, creating
Human-Computer Interaction (HCI) and achieving Cognitive Walkthrough among
the various variables affecting site selection project [5], and allowing interaction with
the experiences and expertise of the end user [6].

E-Marketing, our applied study, is defined as the process of marketing
different products or services over the Internet. It is also a broad, integrated
concept that includes advertising, communicating with customers/clients, and
retaining them for as long as possible. That is, the use of the Internet and other
interactive means to build interaction between the company and specific consumers/
clients. In other words, e-marketing is also meaning that the company can use the
Internet continuously at every step of the sale; before, during, and after the sale. E-
marketing is important for companies as it helps them attract the largest possible
number of customers via the Internet, in addition to advertising and promoting their
goods and services online [7]. E-marketing has a wide range of methods, starting with
building a company’s website on the Internet, passing through electronic advertise-
ments, e-mail marketing, and creating electronic catalogues. Also, E-commerce com-
panies raise their customers’ e-loyalty by appropriately managing their electronic
word of mouth (EWOM) systems [8]. On the other hand, E-shopping is defined as the
process of browsing web pages specialised in selling various goods and services
through what is known as electronic shops for electronic purchase by the consumer

himself.
1.1 Problem statement

Decision support programmes for the best site selection for any economic
investment, E-marketing, for example, are highly specialised programmes that
specialists and experts use through a set of specialised steps that the project
owners may not be familiar with. Also, decision support programmes may be costly
and need a long time to use efficiently. Also, there may be an incompatibility between
the results reached by the consultant and the wishes and experiences of the end user/
client.

So, through the proposed DSE, the client will be involved in the decision-making
process in an interactive way by making him select the important variables affecting
his project.

The main contributions of this work can be summarised as follows:
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Program a web-based Decision Support Engine (DSE) to facilitate the decision-
making process using recent open-source technologies. Some examples of these open-
source technologies are Python Programming Language, Django Web Framework,
HTMLS, CSS, and JavaScript. These open-source technologies are mainly used in
building web applications that rely on Python as a backend to apply some data analysis
and statistics and display the results on the web in an efficient manner. Our work will
use Django Web Framework.

Involve the end user in the decision-making process in an interactive manner.

The rest of this chapter is organised as follows. Section 2 outlines the related work
briefly. The proposed methodology is presented in Section 3. Experimental results for
the proposed method are introduced in Section 4. Finally, Section 5 concludes the
chapter.

2. Related work

The related works could be divided into three groups:-.

Group 1 shows the studies of Decision-Making Process. For example, a geospatial
Decision Support system (DSS) was implemented to achieve high quality for drought-
related data. This DSS offers a range of data mining techniques with full control to
users in the United States [9, 10].

Also, a Geospatial Cyber-infrastructure platform was used to build a novel DSS
that facilities collection, management, processing for both static and dynamic
datasets, data visualisation, and on-the-fly computer applications in order to perform
simulation modelling [11].

The power of automated analysis and Electronic DSS in decision making could be
used in medicine to facilitate communication between patients and doctors, in order
to reach the best service through applications of information technology [12].

From a computer sciences view and the programming languages, Shesham [13]
proposed a framework named GeoFilter which derives GIS data and processes it with
Expert System decision-making capabilities to help in solving spatial decision-making
problems.

Also, Ahmed et al. [14] show how an information system in Egypt helps investors
to take their investment decisions. This system adopted many different technologies,
such as JavaScript, Google Maps API, SQL Server, Liferay Content Management
System, and JSP. The system was tested by different platforms, such as Microsoft
Azure Cloud, VM (Windows 7 based) on Cloud (PaaS Service), and a private remote
server. Also, query time at each platform was measured. The results showed that
applying the query on a virtual machine on a private cloud was the best, which took
the shortest time.

Also, in the field of business and investment, ArcGIS Business Analyst helps to add
business, demographic, and consumer data to provide tools for market analysis. This
Business Analyst helps in designing campaigns that consider demographics and
planned launch dates to help offer insight into designing a strategy for marketing [15].

A retail GIS analysis explained how GIS and some methods and new tools could be
used in site suitability analysis, customer profiling, future market potential analysis,
and retail sector trends [16].

Other studies show the relationship between Decision-Making Process and plan-
ning goals, such as Land Information Systems (LIS), which developed as a tool for
urban planning, development, and management on different planning levels. LIS has
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been integrated with many GIS platforms for effective implementation [17]. Also,
ASPENEX for forest management, URBYS for urban planning and analysis, and
GEOOEX to assist planners in assessing the suitability of land for land use activities.
These applications are produced by cooperating with GIS and the Computer Science
represented in the field of programming.

Group 2 revealed studies that show how Public participation can be used in
Decision-Making. For example, the data from geographic GIS and economic model-
ling can be integrated with a visual MCDM tool to enhance the National Environmen-
tal Policy Act (NEPA) process and public participation. Also, user priority is
combined with the MCDM tool to provide multiple alignment alternatives for trans-
portation project participants [18]. In addition, public participatory GIS (PPGIS) was
introduced to help the public in collaborative spatial decision-making (CSDM) by
participating in the site selection process through a web-based platform using cloud
computing infrastructures [19].

Group 3 discussed the relationships between the interactive maps by using Web-
GIS, and the decision-making process. Web-GIS could be considered an interactive
method of programming to achieve the decision-making process. Web-GIS is used in
many fields such as tourism, health, economics, management, etc.

For example, ArcGIS Server and Web-GIS are used to create a platform
guide for tourists to enable them to find the touristic places and services in historic
Cairo in an easy and quick manner. In this study, the digitisation of the cultural
heritage led to creating of digital maps for historic Cairo, which led to easy and
accurate identification, analysis, and interpretation of geographical data and touristic
places attributes [20].

The Zambian Ministry of Health created a web-based GIS architecture with an
intuitive and simplified user interface to enable non-specialist users to work on the
system without any specialised knowledge. Their architecture was used as a Managing
tool for monitoring and evaluating health facilities and as a portal for public interac-
tion with their spatial information [21].

Web-GIS maps were utilised to investigate malaria disease patterns and prevalence
related to the environment in the Congo and their relationship with environmental
and demographic factors to increase public health literacy through dynamic mapping
for timely and accurate decision-making [22].

Also, a web-based GIS system was built for monitoring and mapping the Sugarcane
crop at the farm level in Medak District—Andhra Pradesh, India. This monitoring
system led to appropriate decisions to increase production and other activities related
to the crop. It also helped non-technical users access the information and take appro-
priate measures to improve crop production [23].

Another Web-GIS was used to build an information system for tourism marketing
in the Agaba Governorate, which resulted in saving time and effort and reaching
accurate results in a very short time [24].

On the other hand, a Web-GIS decision support system for rural land management
in Wadi El-Natrun Valley (WNDSS), El-Beheria governorate, was designed and
implemented. This WNDSS was developed following the client/server model and
contained many functions, like data extraction, statistical analysis, and visualisation
by an interactive map [25].

Another Web-GIS platform was proposed to monitor and investigate soil at multi-
scale in order to raise public awareness. This platform is a combination of Web-GIS
with on-the-fly geospatial processing based on GPU computing, specifically designed
to allow real-time requests [26].
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Three-dimensional interactive maps were introduced to offer improvements
and benefits to their traditional counterparts by presenting resulting maps in a
3D view [27].

From the above discussion, it can be noted that Web-GIS is considered as a first
step of programming to aid decision-making by using web platforms. And by using
GIS, spatial data could be provided to the planners, because GIS has the ability of
storing, retrieving, analysing, modelling, and mapping a large volume of spatial data.
And by the integration between these maps and its spatial databases, users can create
knowledge used in planning and decision-making.

But, the proposed DSE will have a superior feature over the previous
works discussed that is it will increase the clients’ participation in the
decision-making process by programming a simple interface allowing them to
select which criteria affect their project and also select the level of this effect in
a process called Public Participation GIS (PPGIS). And the resulting map will aid
in the decision-making process to identify a suitable place for e-marketing in the
study area.

3. Methodology

In this research, the proposed application was built to help the decision-maker
in selecting the best places for E-marketing in the study area. The interactive map
was applied to a new object in Economic Geography, “E-marketing,” and in an
important area “Cairo and Giza governorates” which is the capital of Egypt. A
detailed description of the proposed methodology and the key technologies used in
developing this system are presented in this section. The proposed methodology is
shown in Figure 1.

The study area of this work is Cairo and Giza governorates because Cairo is
the Capital of Egypt, and Giza is Twin City for it, and both of them have
18.7 million persons [28], which represents 19% of Egypt’s population, so
they form a promising place for E-marketing, or for any other economic projects.
A random electronic questionnaire was distributed over the study area to collect
the data.

! f Shapefile
1- Data Collection |—»/apularData J  , p.4; processing |—>/{(Spatial Data + Tabular/
/ (Questionnaire) | Data) /

l

«— 4- Decision Support Engine <— 3- Site Selection Model

R - (GIS + MCDA)
Interactive Map
Resuits =
OK?
Figure 1.
The proposed methodology.
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3.1 Data collection

The first step in the proposed methodology is collecting the data. The data required
in this system was gathered by an electronic questionnaire carried out online. This
questionnaire (Appendix 1) was designed in Google Forms, and the link to these
Google Forms of the questionnaire was sent to the interviewees by Facebook ran-
domly. This questionnaire aims to collect data about the variables that have an effect
on e-marketing. These variables were identified and described in general in Table 1.

The number of questionnaires collected was 928 questionnaires distributed between
Cairo, 363 questionnaires (39.1%), and Giza, 565 questionnaires (60.9%). The outcomes
of this questionnaire and the characteristics of the interviewees in classification are
shown in Table 2, which will be the base for creating geodatabase of the proposed DSE.
The classification of every variable into categories is shown in Table 2, for example, age
group (41-60) represent the high percentage (73.1%) from studying the age variables.
Moreover, the university educational level is the high percentage (49.7%) from study-
ing the Education level variables, and so on, see Figure 2.

Variable Description

Age The younger age most responsive to E-marketing activity

Educational level The high educational level most suitable for E-marketing

Job The job types that most interactive with E-marketing

Mother work The author hypothesis is that The workwoman is more interactive with E-

marketing than the unemployed woman according to personal view

Family income High family income means more activities on E-marketing according to
children within the family

Browsing Internet browsing rate per day
Searching on Internet Searching for the desired product online from several websites before
before shopping buying it

Table 1.

Selected variables of questionnaire.

Variables Sub-variables Size %
Age <40 174 18.8
41-60 678 731

>61 76 8.2
Education level Secondary or less 416 44.8
University 461 49.7

Above university 51 5.5
Job Governmental sector 392 42.2
Private sector 536 57.8
Mother work Housewife 664 71.6
Governmental job 174 18.8

Private sector 90 9.7
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Variables Sub-variables Size %

Family Income (EGP) <3000 301 32.4
3001-5000 419 45.2

>5001 208 22.4

Daily Internet browsing <2 hour 263 28.3
2-4 hours 240 25.9

> 4 hours 425 45.8

Searching on Internet before shopping Regularly 646 69.6
Sometimes 282 30.4
Total 928 100.0

Table 2.

Characteristics of the interviewees.

3.2 Data processing
The questionnaire data have been processed in some steps:

* Convert questionnaire data from individual cases (every interviewee represents a
case) to spatial cases by using the SPSS programme (cross tabs process).

* Joining these spatial data with the map in ArcGIS to create the shapefile. This
shapefile contains spatial attributes, such as the data geometry, as well as the
tabular data of the questionnaires. This shapefile is then used as the interactive
layer with which the end user will interact. Figure 3 shows the questionnaire data
after processing.

3.3 Site selection model

Site selection model is a common approach to identifying the best place for any
project, and assisting with decisions for the best suitable alternative for future site
location, factoring in multiple variables of varying importance to identify locations
that best meet established criteria for a site. ArcGIS provides a set of tools and
functions for users to perform site selection modelling. To identify possible locations,
suitability analysis ranks and scores sites based on multiple weighted criteria. First,
you will define the problem, identify the criteria for solving it, and generate the input
datasets required.

Then, the input values will be transformed to a common ratio or preference scale
to compare the criteria. This scale is created according to the author’s subjective view,
depending on his experiences with the relative importance of every factor and its
effectiveness. Next, weights will be assigned to selected criteria and aggregated to
determine scores for each potential site. Finally, these scores will be used to rank sites
from most suitable to least suitable to identify the best possible locations for the
desired application [29].

The site selection model will be built from the cooperation between the academic
and experimental views as follows.
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Age (Year) Education level

Above uni

Job Mother work

Family Income (EGP) Daily internet browsing

searching on Internet before
shopping

Figure 2.
Characteristics of the interviewees.
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Figure 3.
The questionnaive data in shapefile format.
Variables Sub-variables Weights
Age <40 0.3
41-60 0.2
>61 0.1
Education level Secondary or less 0.1
University 0.2
Above university 0.3
Job Governmental sector 0.1
Private sector 0.2
Mother work Housewife 0.1
Governmental job 0.2
Private sector 0.3
Family Income <3000 0.1
3001-5000 0.2
>5001 0.3
Daily Internet browsing <2 hour 0.1
2-4 hours 0.2
> 4 hours 0.3
Searching on Internet before shopping Regularly 0.2
Sometimes 0.1

Table 3.
Weights of sub-variables in the study area.
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Best Sites of E-Marketing in Cairo and Giza Governorates - Egypt
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Figure 4.
The main interface of the proposed DSE.

* The consultant and the academic will give weights to the sub-variables that have an
effect on the e-marketing, depending on his own view, as shown in Table 3.

* The end user will put his experiences by selecting the level of effectiveness for every
main variable as shown in Figure 4. And by this, the clients/end user will participate
in the Decision-Making Process of selecting best site of e-marketing in the study area.

3.4 Decision support engine

The last step in the proposed methodology is to build the Decision Support Engine
(DSE) by a programming language to identify the best locations for carrying out an E-
marketing project. The proposed DSE was built based on free and open-source web
framework called Django.

Django is a framework for web development using Python and was created to
quickly develop database-driven sites [30]. The Django framework gives a great
emphasis on the reuse of models and templates, as well as the DRY (Do not Repeat
Yourself) rule [31]. Django is lightweight, efficient, and Python-based. It encapsulates
all parts needed to build a web application (Front End and Back End) in one framework,
so it simplifies the communications and interaction among the web application compo-
nents. The front end of the application was built using HTMLS5, CSS, and JavaScript. It
represents the interface with which the end user will interact and is responsible for
sending the end user’s request to the back end of the process. The back end represents
the main controller of the web application, which will receive the end user’s requests
from the front end, process them, and deliver the results to the front end to render. The
back end of the proposed DSE makes use of Python programming language.

4, Results and discussion

The main interface of the proposed DSE is shown in Figure 4. In Figure 4, all
variables that have an impact on the E-marketing activity appear as well as the degrees
of their impact to identify the best place for E-marketing in our study area. The
proposed DSE provides an interactive process between the decision maker (end user/
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clients) and the available variables, where the end user will do the following,
according to his own opinion, due to his experiences:

* Determining the variables that have an effect on the project, and leaving the
others that do not. These variables are shown in Table 1.

* Determining the degree of the impact of each variable on e-marketing (strong—
medium—weak) because all variables do not have the same degree of impact.
Each factor differs in the degree of its impact on E-marketing according to the
opinion of every end user.

After selecting the desired variables as well as the degrees of their impact—as a
random example—as shown in Figure 5, a site selection model equation will be
calculated within the proposed DSE to find the relationship between the selected
variables according to the degree of effect of each variable separately, which have
subjective reference scale as follows:

If the degree of effect is chosen “strong,” the result of the variable will be multi-
plied by an effect factor of 1.

If the degree of effect is chosen as “medium,” the result of the variable will be
multiplied by the effect factor of 0.6.

If the degree of effect is chosen as “weak,” the result of the variable will be
multiplied by the effect factor of 0.3.

All these selections are then translated in the proposed DSE to calculate the site
selection model equation, and Algorithm 1 shows how these variables are translated
into the site selection model equation.

Taking into consideration the probability of changing these arithmetic transactions
from one place to another, and from time to time, the final result of the proposed DSE
is an interactive map which shows the selection of some variables (randomly) and the
degree of strength of their impact on e-marketing. It also shows the best e-marketing
places in Cairo and Giza. The best locations are shown and ranked in categories based
on the suitability colour ramp. Figures 5 and 6 show two different scenarios of the
resulting interactive map. The results of every scenario differ according to the vari-
ables that were selected by the end user. Hence, the end user is involved in the
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v SN - \, S e Impact Factors
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e Rl o b
e 4 . Job
. 1 b
]
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Show Results on Map

Figure 5.
First scenario of interactive map of E-marketing in Cairo and Gizga governorates.
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Figure 6.
Second scenario of interactive map of E-marketing in Cairo and Giza governorates.

decision-making process because he can select the most important variables and not
select the other, according to his own opinion.

So, the proposed DSE can be thought an integration between the end user’s expe-
rience and the academic methodology in determining the best locations for E-
marketing because the site selection model will be built from the cooperation between
the academic and experimental views. The consultant and the academic view will give
weight to every sub-variables that affect the e-marketing, depending on the author’s
view. After that, the end user will select the level of effectiveness for every main
variable. And by this, the clients will participate in the Decision-Making Process of
selecting the best site of e-marketing in the study area.

This integration must be done because the site selection process varies between the
specialist/consultant applying the academic experience and the client/end user with
practical experience. Hence, the proposed DSE will allow the end user to participate or
determine the variables that affect e-marketing through cooperation with the aca-
demic specialist.

Algorithm 1. Site selection model calculation.

if request.is_ajax and request.method == “POST”:

try:

age = float(request.POST.get(‘age’))
except:

age = 0.0
try:

edu = float(request.POST.get(‘edu’))
except:

edu=0.0
try:

job = float(request.POST.get(‘job’))
except:

job=0
try:

mother = float(request.POST.get(‘mother’))
except:

mother = 0.0
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try:
income = float(request.POST.get(‘income’))
except:
income = 0.0
try:
internet = float(request.POST.get(‘internet’))
except:
internet = 0.0
try:
buy = float(request.POST.get(‘buy’))
except:
buy = 0.0
total_weight = (feature.GetField(“age”) * age) + (feature.GetField(“edu”) * edu) +
(feature.GetField(“job”) * job) + (feature.GetField(“incom”) * income) +
(feature.GetField(“browsing”) * internet) + (feature.GetField(“mother”) * mother) +
(feature.GetField(“search”) * buy)

As a result of this integration, the end user will participate in the decision-making
process in a no-cost, easy, and fast manner, which will increase the utilisation of new
technologies that facilitate communication between academics and end users to save
time and effort of discussion between them. And, the user experience (UX) is not
necessary, because the interface of the application is very simple and easy to use. So,
these processes will make the communication between the academic and practical
views more active and dynamic. Thus, the proposed DSE will be a modern technolog-
ical tool that the economic community can benefit from, to develop their projects and
facilitate the communication process between the investors and the academics, and to
exchange experiences with each other, thus supporting the final decision-making.

As time means money, a practical benefit of the proposed DSE is the fast, eco-
nomical proper decision-making to find the best location for e-marketing and other
economic projects, which means increasing profit compared to competitors.

And over time, the proposed DSE can be a commercial application by being an
economic advisory tool available online. Also, it may have advertising revenues if it
has many visitors.

The proposed DSE also can be considered as a base for other electronic applications
and for more developed and detailed ideas, for various economic projects, through the
following:

Using more advanced tools like advanced mathematical and statistical methods,
such as relative weights methods and others, leads to more accurate and comprehen-
sive Decision-making Modelling [32] for e-marketing projects or similar projects.

Providing the application with more detailed data (big data) by using more
advanced technologies [33] about the population, lifestyle and habits of shoppers and
customers for the e-marketing projects or other similar projects, to benefit the inves-
tors in determining the best sites of marketing a new product.

Update the application’s data with a time series forms, to make a comprehensive
view.

5. Conclusion

Decision support programmes for the site selection process in E-marketing are
specialised programmes that specialists and consultants use. In this chapter, a Decision
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Support Engine was proposed by a programming language to facilitate the decision-
making process and involve the end user in such an interactive manner.

An online electronic questionnaire gathered the data to create ArcGIS geodatabase
for our platform; Django web framework was used for programming and building this
Decision Support Engine. The end result was an Interactive Map to Support Clients’
Decision-Making of E-marketing in Cairo and Giza Governorates in an easy manner.
In the future, variables inside our application can be updated and developed to make
the resulting decision and map more accurate and comprehensive. It can also predict
its future using prediction systems and geographical attitudes, forecasting its potential
models and scenarios.

Using the proposed DSE, the client will be involved in the decision-making process
through the selecting variables that have an impact on the site selection process for E-
marketing in Cairo and Giza governorates by an interactive method to produce an
interactive map showing the best location of e-marketing through direct participation
of the clients/end users.

In future, the raw data of the DSE can be updated and developed to make the
decisions made more comprehensive. Also, it can be extended by using prediction
systems, which allows the DSE to forecast future scenarios from a geographical point
of view.
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Appendix

Questionnaire for the research of “The interactive Map of E-marketing to Enhance
Clients’ Participation in Decision-Making Process, in Cairo and Giza Governorates-
Egypt.”

All replies will be secret

Age: (.... Years).

Education level: Secondary or less( ) University( ) Above university( ).

Job: Governmental sector( ) Private sector( ) Governmental in the morning and
private afternoon( ) Handicraftsman( ).

Mother work: House wife( ) Governmental job( ) Private sector( ).

Family Income: Less than 3000 EGP () 3000-5000( ) More than 5000 EGP ().

Daily browsing: Less than 2 hours( ) 2-4 hours( ) More than 4 hours( ).

Internet shopping: Regularly( ) Sometimes( ).

50



Programming an Interactive Map to Enhance Clients’ Participation in Site...
DOI: http://dx.doi.org/10.5772 /intechopen.1002489

Author details
Reda Alkot Mohamed* and Sayed Ahmed Sayed™*
1 Faculty of Arts, Geography Department, Cairo University, Giza, Egypt

2 Faculty of Graduate Studies for Statistical Research, Department of Computer
Sciences, Cairo University, Giza, Egypt

3 National Authority for Remote Sensing and Space Sciences, Egypt

*Address all correspondence to: redaelkot@cu.edu.eg

IntechOpen

© 2023 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly cited.

51



Geographic Information Systems — Data Science Approach

References

(1] Eldrandaly K, AbdelAziz N.
Enhancing ArcGIS decision making
capabilities using an intelligent
multicriteria decision analysis toolbox.
Journal of Environmental Informatics.
2012;20:44-57

[2] Chandio I, Matori A. GIS-based
multi-criteria decision analysis of land
suitability for hillside development.
International Journal of Environmental
Science and Development. 2011;2:
469-473

[3] Drake R, Deegan P, Woltmann E,
Haslett W, Drake T, Rapp C.
Comprehensive electronic decision
support systems. Psychiatric

services, ps.psychiatryonline.org. 2010;
61:714-717

[4] Robinson V, Frank A. Expert Systems
for Geographic Information Systems.
photogrammetric Engineering and
Remote Sensing. 1987;53:1435-1441

[5] Roth R. Interacting with Maps: The
Science and Practice of Cartographic
Interaction [Thesis]. The Graduate School
College of Earth and Mineral Sciences.
USA: Department of Geography: The
Pennsylvania State University; 2011

[6] Lee S, Shim J. Interactive goal
programming on the microcomputer to
establish priorities for small business.
Journal of the Operational Research
Society. 1986;37:571-577

[7] Kolomvatsos K, Anagnostopoulos C,
Hadjiefthymiades S. Sellers in e-
marketplaces: A fuzzy logic based
decision support system. Information
Sciences. 2014;278:267-284

[8] Khan M, Hashmi H. Impact of
interactivity of electronic word of mouth
systems and website quality on customer

52

E-loyalty. Pakistan Journal of Commerce
and Social Sciences. 2016;10:486-504

[9] Goddard S, Harms S, Reichenbach S,
Tadesse T, Waltman W. Geospatial
decision support for drought risk
management. Communications of the
ACM. 2003;46:35-37

[10] Harms S. Data mining in a geospatial
decision support system for drought risk
management. In: Proceedings of the 1%
National Conference on Digital
Government. California, USA: Digital
Government Society of North America;
2002. pp. 9-16

[11] Terribile F, Bonfante A,

D'Antonio A, De Mascellis R, De
Michele C, Langella G, et al. A geospatial
decision support system for supporting
quality viticulture at the landscape scale.
Computers and electronics in
agriculture. 2017;140:88-102

[12] Beilby J, Duszynski A, Wilson A,
Turnbull D. Electronic decision support
systems at point of care: Trusting the
deus ex machine. MJA. 2005;183:99-100

[13] Shesham S. Integrating Expert
System and Geographic Information
System for Spatial Decision Making
[Thesis]. USA: Department of Computer
Science, Western Kentucky University;
2012

[14] Ahmed S, Badawy M, Zidan E,
Ibrahim R. Implementation of an
investment information system based on
Google maps API. International Journal
of Advanced Research in Computer and
Communication Engineering. 2015;4:

383-388

[15] Connor J, Watson K, Anders A,
Berry M, Tsushima P, Kaplan D. Using



Programming an Interactive Map to Enhance Clients’ Participation in Site...

DOI: http://dx.doi.org/10.5772 /intechopen.1002489

ArcGIS Business Analyst. USA: ESRI;
2008

[16] Kavita K, Patil G. Geographic
information system (GIS) — For business
analytics. International Journal of
Scientific & Engineering Research. 2011;
2:1-6

[17] Sukeerthi N. Land Information
System as a Tool for Urban Planning:
Integrated Land Information System in
GIS Platform. LAP LAMBERT Academic
Publishing; Illustrated edition; 2013

[18] Bethany S, Joseph H. Using a
multiple criteria decision-making model
to streamline and enhance NEPA and
Public participation processes. Public
Works Management& Policy. 2011;16:
59-89

[19] Farnaghi M, Mansourian A.
Blockchain, an enabling technology for
transparent and accountable
decentralized public participatory GIS.
Cities. 2020;105:102850

[20] Mohammed R, ABD EL Gawad Z,
Voda M. Using web GIS for marketing
historical destination Cairo, Egypt.

Geographia Technica. 2021;16:193-204

[21] Mushonga H, Banda F, Mulolwa A.
Development of a web based GIS for
health facilities mapping, monitoring
and reporting: A case study of the
Zambian ministry of health. South
African Journal of Geomatics. 2017;6:
321-332

[22] Reed R, Bodzin A. Using web GIS for
public health education. International
Journal of Environmental and Science
Education. 2016;11:6314-6333

[23] Kumar S, Babu S. A web GIS based
decision support system for agriculture
crop monitoring system-A case study

53

from part of Medak District. Journal of
Remote Sensing & GIS. 2016;5:1-19

[24] Ahmed A. Building a Marketing
Information System for Tourism in Al
Agaba Using ARCGIS 9.3 Software
[Thesis]. Jordan: Business Management
Department: Middle East University;
2011

[25] Ahmed S, Kotb A, Samir E,
Moustafa M, Farg E, Abd Elhay A, et al.
A WebGIS decision support system for
Wadi El Natrun rural land management.
In: Proceedings of 21st International
Arab Conference on Information
Technology (ACIT). Egypt: IEEE; 2020.

pp. 1-7

[26] Langella G, Basile A, Giannecchini S,
Moccia F, Mileti F, Munafé M, et al. Soil
monitor: An internet platform to
challenge soil sealing in Italy. Land
Degradation & Development. 2020;31:
2883-2900

[27] Géralski R. Three-Dimensional
Interactive Maps-Theory and Practice
[Thesis]. United Kingdom: University of
South Wales; 2009

[28] CAPMAS. Egypt in Figures,
Population Estimation in January 2019
[Internet]. 2021. Available from: http://
www.capmas.gov.eg/Pages/popula
tionClock.aspx [Accessed: October 1,
2021]

[29] Abramovich A. Using GIS to Assist
Location and Site Selection Decisions
[Thesis]. Urban Design and Planning
Program. USA: University of
Washington; 2012

[30] Liawatimena S, Warnars S,
Trisetyarso A, Abdurahman E,

Soewito B, Wibowo A, et al. Django web
framework software metrics
measurement using radon and pylint. In:
Proceedings of Indonesian Association



Geographic Information Systems — Data Science Approach

for Pattern Recognition International
Conference (INAPR). USA: IEEE; 2018.
pp. 218-222

[31] Aziz E. Design architecture of an
integrated student activities
management system for higher
education. Turkish Journal of Computer
and Mathematics Education
(TURCOMAT). 2021;12:1676-1683

[32] Abdul RM. Capabilities of a GIS-
based multi-criteria decision analysis
approach in modeling migration.
GeoJournal. 2019;84:483-496

[33] Rowe F. Big data and human
geography. In: Demeritt D, Lees L,
editors. Concise Encyclopedia of Human
Geography. Edward Elgar Encyclopedias
in the Social Sciences Series. 2023

54



Chapter 3

Visualization and Machine
Learning Prediction of

Spatiotemporal Spread of
COVID-19 in India

Rifaat Abdalla and Imen Hamdi Nasr

Abstract

The global COVID-19 pandemic, affecting over 8 million people across 100
nations, presents a severe risk to human life and property. India, with its vast popula-
tion of 1.34 billion, is among the hardest-hit countries. This study employs machine
learning techniques for visualizing and predicting the spatiotemporal progression
of COVID-19. Utilizing Python libraries such as “Numpy,” “Pandas,” “Scikit,” and
“Matplotlib,” we analyze and visualize COVID-19 data sourced from the Indian
Ministry of Health Web Service and API. Our visualizations depict demographic
trends, incident growth, geospatial state-based patterns, and distribution. The analy-
sis reveals that age groups under 30 and over 59 exhibit resilience to the virus, offering
hope for population growth. Examining active cases, recoveries, and deaths, India has
outpaced countries like Germany, the United States, Iran, Italy, Spain, South Korea,
Turkey, France, and the United Kingdom since early April 2020. Furthermore, we
employ supervised machine learning algorithms, including PROPHET and ARIMA,
to predict the virus’s spread. By accounting for seasonality-related factors, we achieve
a 95% prediction interval, indicating the potential for accurate spread forecasting.
This research contributes valuable insights into COVID-19’s impact in India and offers
predictive tools for managing its progression.

Keywords: pandemic, COVID-19, geospatial, data modeling, data visualization,
machine learning, PROPHET, ARIMA, India

1. Introduction

The coronavirus (COVID-19) pandemic is the biggest humanitarian crisis to hit
the planet since World War II. The pandemic virus has widely spread, and there are
more cases being reported every day [1]. The federal government is attempting to
stop its spread. Till date it has spread across 215 countries infecting 5,491,194 people
and killing 346,331 till May 23, 2020. As of May 23, 2020, there have been 138,536
COVID-19 cases registered in India. Of these, 57,692 patients have recovered and
4024 have died.
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On January 30, 2020, the state of Kerala in India reported the country’s first con-
firmed case of the coronavirus illness [2]. The impacted person had traveled previ-
ously from Wuhan, China. More than 2000 coronavirus cases have been confirmed in
India as a result of testing thousands of suspected cases. Maharastra, Kerala, Delhi,
Karnataka, Andhra Pradesh, Uttar Pradesh, Rajasthan, and Tamil Nadu are the states
with the most cases. The first coronavirus-related mortality in India was noted in
Karnataka on March 12. By the end of March 2020, 52 deaths had been recorded
nationwide.

India took swift action by enacting a proactive, statewide shutdown to flatten
the curve and give itself time to properly prepare and fund its responses. India has
reported 3720 deaths from 32 States and Union Territories as of May 23rd, 2020, and
there have been a total of 123,202 confirmed cases of COVID-19 [3]. In order to assess,
forecast, and implement safety measures against COVID-19 in India, data scientists
throughout the world are employing Al and machine learning. (Reference). India is
preparing for the COVID-19 outbreak in accordance with official government direc-
tives, but failing to take certain crisis measures or underestimating their significance
may have very serious repercussions. India’s surrounding nations have all reported
COVID-19 positive cases. Figure 1 depicts the timing of COVID-19’s propagation in
India from January 30 to March 25, 2020.

The aim of this research is to explore the COVID-19 situation in India and
the world in the coming 15 days, through a machine learning model that projects
how the virus might spread throughout India. Specifically, this paper will analyze
the condition in India from January 30, 2020, to May 24, 2020, and provide a
prediction model for the following 15 days. In doing so, the research scraps out
COVID data from the Indian Ministry of Health website, through the open API,
and provides visualization for the mortality rate per 100 across the affected
states. This paper provides visualization for demographics, age groups of affected
patients, and a number of tests performed along with state-wise testing insight
and visualization of ICMR testing centers in each state. Finally, Auto Regressive
Integrated Moving Average “ARIMA” prediction was performed to forecast
confirmed cases in India. The final stage was to compare the Indian cases of
COVID-19 along with the global spread of the pandemic and provide a geospatial
visual model for the hotspots and affected regions of India. The study will also
compare the data obtained about the expansion of COVID-19 in India and globally.
Numerous researchers, including [4, 5], have looked into the spatial distribution
of COVID-19.
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Figure 1.
The early explosion of COVID-19 in India.
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2. Literature review

The study of giving machines and computers the ability to learn without being
explicitly programmed through the exploration of algorithms that can self-teach and
make predictions about data falls under the umbrella of machine learning, a subfield
of computer science that emerged from the field of artificial intelligence. Instead of
executing machine-bound, static, and code-defined instructions, these algorithms
work by creating models of inputs to aid in decision-making [6].

Machine learning is defined as a set of methods that can detect hidden pat-
terns in data automatically without explicitly programming them and then use
these hidden models to predict future data or assist in making decisions. Machine
learning is closely related to the fields of statistics, pattern recognition and
data mining, a field of research that enables computers to learn without explicit
programming [7, 8].

One method of teaching software to learn and improve automatically through
experimentation—even without being expressly coded or changed by its program-
mers—is through machine learning. Examples of training data, or data used in the
creation of mathematical models by algorithms.

Machine learning depends on quickly analyzing a vast amount of data, and then
can be linked to the decision-making processes and predict the future, where the
computer analyzes a huge amount of human failure in normal ways to analyze and by
studying the patterns and trends of data Known as Predictive Analysis, apart from the
precise technical aspects of machine learning or learning derived from information
systems, the uses and applications of these technologies are enormous and extremely
useful in various fields, and contribute significantly to decision-making processes and
save effort and time with Mechanism of accuracy [9].

Supervised Learning, Unsupervised Learning, Semi-Supervised Learning,
and Reinforcement Learning are the several types of machine learning algorithms
(Figure 2).

Its applications are used in agriculture, irrigation, and in the fourth generation of
industry, communications, roads, mines and health care, and are used in the fields

Machine Learning ‘

I ] ]

Supervised Learning Unsupervised | Semi-Supervised Reinforcement
Learning | Learning ‘ Learning
l l . l | )
Classification Regression Clustering

Figure 2.
Classification of machine learning approaches.
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of marketing, insurance, banking and translation [10]. For example, in agriculture,
these techniques are used in crop management in so-called precision agriculture.
Plants or trees individually, through simple sensors can know the tree is treated and
the exact dose required, as well as irrigation in time with the amount of water that

tits perfectly, which contributes directly to increasing production and saving a lot of
time and Ward even predicts the disease before it occurs, in addition to conducting all
tests and examinations without human intervention and take appropriate decisions
in a timely manner [11]. Machine learning has been utilized extensively most recently
during the COVID-19 spread [12-14].

3. Methodology

The flow process of the design of machine learning protocol, in general, starts
initially with understanding the problem and determining the goal of the design of
the model or algorithm. The second stage is to collect and categorize the data if not
collected before. Followed by cleaning the data if there are problems. The important
stage is the model design, followed by training the model after selecting the appropri-
ate model, and evaluate the results of the model, and finally put the model for use by
the user (Figure 3).

The application of Machine Learning for visualization and prediction is growing.
Through Python Programming Language and a number of dedicated libraries, it is
possible to achieve advanced visualization including the Python “Pyplot” Toolkit,
which is a set of functions that make “matplotlib” function like MATLAB. Matplotlib
is a comprehensive library for building static, animated, and interactive visualiza-
tions. Each “pyplot” function modifies a figure in some way, such as by creating a
figure, a plotting region within the figure, some lines within the plot “Seaborn" is
aarea, and labeling the plot. A Python data visualization library called “Seaborn”
is based on” “matplotlib.” The Plotly “Express” high-level API for making figures is
clear, consistent, and provides a high-level interface for creating visually appealing
and educational statistical “Express" is a concise, consistent and high-level API for
creating figures. Visuals. The graph objects in “Plotly.graph” objects” are the images
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Figure 3.

Stages of work in the design of machine learning models.
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# importing the required libraries
import pandas as pd

# Visualisation libraries

import matplotlib.pyplot as plt
#matplotlib inline

import seaborn as sns

import plotly.express as px
import plotly.graph_objects as go
import folium

from folium import plugins

Figure 4.
Visualization libvaries that are useable in python.

produced by the Plotly Python package. Folium library provides mapping functions
that is builds on the data wrangling strengths of the Python and allow for mapping
capabilities (Figure 4).

A class of models known as Auto Regressive Integrated Moving Average (ARIMA)
deals with time series using the model’s historical values. The ARIMA model is ranked
according to the Auto Regression (p), Moving Average MA, and the quantity of
differencing necessary to make the time series stationary. In order to estimate future
values, it relies on model lags and lagged forecasting mistakes. All-time series that
show patterns, are not random, and do not have a lot of noise are suitable for ARIMA
‘models. ‘explains’ a given time series using its own lags and prediction errors, or its
own past values, so that the equation can be used to predict future values (Figure 5).

The Core Data Science team at Facebook has published Prophet as open source
software.

I from statsmodels.tsa.arima_model import ARIMA
from datetime import timedelta

arima = ARIMA(data['y'], order=(5, 1, 8))

arima = arima.fit(trend="c', full_output=True, disp=True)
forecast = arima.forecast(steps= 3@)

pred = list(forecast[e])

start_date = data['ds'].max()

prediction_dates = []

for i in range(38):
date = start_date + timedelta(days=1)
prediction_dates.append(date)
start_date = date

plt.figure(figsize= (15,18))

plt.xlabel("Dates”,fontsize = 28)

plt.ylabel('Total cases’,fontsize = 20)

plt.title("Predicted Values for the next 15 Days" , fontsize = 20)

plt.plot_date(y= pred,x= prediction_dates,linestyle ='dashed',color = '#7f9999',1abel = 'Predicted');

plt.plot_date(y=data['y'],x=data['ds'],linestyle = '-',color = 'blue’,label = "Actual’);
plt.legend();

Figure 5.
Code line showing the of implementing ARIMA model.
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Downloadable versions are offered. When forecasting time series data using an
additive model, Prophet was utilized to fit non-linear trends including weekly, daily,
and yearly seasonality as well as holiday impacts. Strongly seasonal time series and
multiple seasons of historical data are ideal for it. Prophet typically manages outliers
well and is robust to missing data and changes in the trend. Using Prophet, forecast-
ing confirmed cases of NCOVID-19 for a week in advance with a 95% prediction
interval requires building a base model without adjusting any parameters linked to
seasonality or adding any new repressors. It offers a precise and quick method for
creating trustworthy forecasts for planning and goal-setting. Additionally, it is totally
autonomous and highly reliable, giving an accurate forecast on complicated data
without any manual work. Prophet can withstand outliers, missing data, and signifi-
cant time series changes. It offers tunable forecasts for Python and gives customers a
lot of options for modifying and adjusting projections.

4, Results and discussion

This section provides an overview of the steps taken in this research. The first part
shows the visualization of demographics distribution in India and how the spread of
COVID-19 provides some trends and indicators of the impact. The second part shows
the preparedness of healthcare facilities and the capacities of urban and ruler centers.
The third part provides an insight into the testing distribution and pandemic patterns
that were in place during the study period. The fourth part provides an insight on
modeling and prediction of geospatial trends as it relates to India. The fifth part is
showing global modes of the spread of the COVID-19.

4.1 Visualization of demographics distribution

‘Matplotlib’ library was used with Python to visualize the spread of Covid-19
in India. It allowed to visualize the frequency distribution of the numeric array
as shown in Table 1 which is used to show the states, the number of deaths, the
number of treated patients, and the number of confirmed cases. The data collected
allowed researchers to determine that Maharashtra state had the greatest death
rate, confirmed cases, and healed patients, however it was ranked the sixth fol-
lowing the states of lower records in Kerala and Rajasthan, which have provided 4
deaths in total in the state of Karla and 160 cases in the state of Rajasthan, bringing
this state to the second position of the reported cases. Figure 6 is showing the
trend in the confirmed cases, cured cases and deaths as a result of Covid-19 in
India. Figure 7 provides further demographic distribution of the cases reported
based on the demographics, where is was found that the majority of the reported
cases are for the age group between 20 and 29 years old, which represents the
highest fraction of the total population, with 24.9% of the total reported sick cases.
The second largest group of reported cases is for the age group between 30 and
39 years, with a total of 21% from all reported cases. It was observed that elderly
reported cases was in the fifth category for the age group between 60 and 69 with
total of 12.9% only surpassing the age group of 50-59 with 11.9% of the total popu-
lation. The demographics distribution figures confirms that the age group <40 is
the most affected which is against the trend which says elderly people are more at
risk of being affected. Only 17% of people >60 are affected.
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State/Union territory Confirmed Cured Deaths
0. Kerala 795 515 4
1. Rajasthan 6742 3786 160
2. Madhya Pradesh 6371 3267 281
3. Uttar Pradesh 6017 3406 155
4. Goa 55 16 0
5. Ladakh 49 43 0
6. Maharashtra 47,190 13,404 1577
7.Jharkhand 350 141 4
8. West Bengal 3459 1281 269
9. Andaman and Nicobar Islands 33 33 0
10. Assam 329 55 4
11. Manipur 29 4 0
12. Andhra Pradesh 2757 1809 56
13. Puducherry 26 10 0
14. Uttarakhand 244 56 2
15. Bihar 2380 653 1
16. Chandigarh 225 179 3
17. Chhattisgarh 214 64 0
18. Punjab 2045 1870 39
19. Dadar Nagar Haveli 2 0 0
20. Karnataka 1959 608 42
21. Tripura 189 153 0
22. Himachal Pradesh 185 61 3
23. Telangana 1813 1065 49
24. Jammu and Kashmir 1569 774 21
25. Tamil Nadu 15,512 7491 103
26. Meghalaya 14 12 1
27. Gujarat 13,664 6169 829
28. Delhi 12,910 6267 231
29. Odisha 1269 497 7
30. Haryana 1131 750 16
31. Sikkim 1 0 0
32. Mizoram 1 1 0
33. Arunachal Pradesh 1 1 0
Table 1.

Showing the distribution of confrimed and cured cases and deaths in Indian states.
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Figure 6.

Visualization of the impact of the COVID - 19 in Indian population as of may 24, 2019.
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62



Visualization and Machine Learning Prediction of Spatiotemporal Spread of COVID-19 in India
DOI: http://dx.doi.org/10.5772/intechopen.1002008

4.2 Visualization of the healthcare facilities preparedness

Through the visualization of the rural health care facilities, it was possible to visu-
alize the top ruler hospitals where Tamil Nadu State came with the highest number
of urban hospitals beds with beds over 500. In the rural hospitals, the State of Utter
Pradesh came first with a number of hospital beds that exceeds 4500 beds. Figure 8
provides details of the top 10 urban and rural healthcare facilities distribution and the
number of available hospital beds in each state.

A trend was depicted in the distribution of the primary health centers, as the
top 10 primary health centers and the top 10 community health centers, as well as
the top 10 rural hospitals occur in the Uttar Pradesh State. This may be linked to
good infrastructure of this state. Figure 9 provides an overview of the distribution
of health care facilities, in India and how the number of hospital beds distribution,
as well as the distribution of facilities in the country. This provides direct associa-
tion to the useability of these facilities and capacities in dealing with the spread of
Covid-19.

4.3 Visualization of COVID-19 testing and pandemic patterns

Testing has been performed at a very limited scale in India. It has been performed
through the Ministry of Health, and through the Indian Council of Medical Research
(ICMR). Maharashtra state was the most tested by the ICMR, while Lakhra was the
least tested. Ministry of health testing was performed starting with one hundred
thousand tests in mid-March to a half million test in late April as shown in Figure 10.
The sampling protocol for ICMR was mainly research oriented to collect samples for
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Kerala \Uttar Pradesh
Assam West Bengal
West Bengal Kerala
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Figure 8.

Capacity of health care facilities and number of beds in urban and ruler India.
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Primary Health Centers Community Health Centers
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Figure 9.
Distribution of primary and community Heatlh-care facities in top Indian states.
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Figure 10.

CPR sample tests in India between march 10 and April 25.

research purpose, the total number of samples collected are shown in Figure 11. The
distribution of total tested samples, along with negative and positive results is shown
in Figure 12.

Although being highly populated the relative confirmed cases of India is low com-
pared to other countries. This could be because of two reasons: (1) 67 days lockdown
imposed by prime minister Narendra Modi in several stages (Source: Health Ministry)
and (2) Low testing rate (Source: news18). Still, the response of the Indian authori-
ties to the pandemic was a matter of appreciation of the WHO and the international
community. Figure 13 is showing the track of confirmed cases weekly in the topmost
affected states. The overall pattern is showing that there was a noticeable increase in
day-by-day reported confirmed cases between March and May. Figure 14 is showing
the growth rate pattern in the top most affected Indian states for the same period.
Similar to spatial analysis of the study area shown by [15], Figure 15 is showing
geospatial visualization of spread hotspots in India.
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Figure 11.
Distribution of sampling by the Indian Council of Medical Research in different states.

Testing statewise insight

Figure 12.
Visulization of testing ditribution per stat.E.

4.4 PROPHET and ARIMA prediction of the spread in India

Prophet provides fast, reliable and tunable predictions. By developing a base
model without adjusting any seasonality-related parameters or adding any extra
regressors, it was possible to predict confirmed cases of COVID-19 2 weeks in advance
using Prophet and to estimate the number of deaths each day with a 95% prediction
interval. By dialing the Prophet, it was possible to plan the forecast. Passing in your
forecast data frame and plotting. Table 2 is showing the produced prediction of total
deaths per day based on daily reported figures. Starting from May 24, 2020 to June 7,
it was possible to use the previous scenarios to predict. As it is shown in the prediction
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Day-by-Day Confirmed Cases in Top 15 States in India
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Figure 15.
Geospatial visualization of hotspots of the spread in India as of may, 24, 2020.

Deaths Days

123 2020-05-24
124 2020-05-25
125 2020-05-26
126 2020-05-27
127 2020-05-28
128 2020-05-29
129 2020-05-30
130 2020-05-31
131 2020-06-01
132 2020-06-02
133 2020-06-03
134 2020-06-04
135 2020-06-05
136 2020-06-06
137 2020-06-07

Table 2.

Mplementation of Prophet prediction between may 22 and June 7, 2002.
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Figure 16.
15 days PROPHET prediction with 95% interval.

model, it was found that the death toll was increasing, given the historical number
and was expected that it will reach its peak by June 6, 2020, with a total number of 137
deaths. Figure 16 is showing the plotting of the model along with the actual as it was
found there was predicted for 1 week, until June 6, 2020.

The ARIMA model which stands for Auto-Regressive Integrated Moving Average
model was used to predict for 15 days, from the last day of reported confirmed cases.
The model explains the given reported death cases based on its previous past values
to predict future values [16, 17]. Non-seasonal time series, as the one used in this
research exhibits a pattern that is not random. The pattern order of the auto-regres-
sion, the order of the moving average and the difference between them, is required to
make the time series stationary. According to the results, the global pattern of increas-
ing spread and impact of affected reported confirmed cases, as well as the number
of deaths, was on the rise for the period of the study. However, India has a special
pattern that the spread majorly in the age group of less than 49 years old. Figure 17 is
showing the growth pattern of the confirmed cases as modeled by ARIMA.

4.5 India versus the global impact of COVID-19

The response of India to COVID-19 was quick and efficient. A proactive nation-
wide lockdown as place to help with flattening the curve and to enhance the resources
and capacities to deal with the response adequately. Comparing to the global impact
the growth of reported cases was growing exponentially. Figure 18 is showing the
increase in total cases between China, Germany, Iran, Italy, Spain, the United States
of America, South Korea, France, the United Kingdom, and India. It is noticeable that
the rise of cases in India in millions, between early February and mid-May, 2020. The
large population can be a justifying factor. However, the number of tests is reported
to be limited, which may have led to an increase in reported cases. Figure 19 provides
visualization of the global statistics of the recorded, active, and deceased cases for the
end of the study period. It was found that 59.1% of cases were active cases, compared
to recovered 35.2% and 5.7% decreased.
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Figure 17.
15 days, ARIMA prediction of the total cases starting from may 24, 2020.
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The severity of opread of Indian versus other countries’ reported cases.

Figure 20 provides a visualization of global hotspots with active, recovered and
deceased cases in China, Germany, Iran, Italy, Spain, the United States of America,
South Korea, Turkey, France United Kingdom and India, suggesting that the total
active cases in India were 120,000 case, by the end of May and the rise have begun
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Comparison between different hotspots of active, recovered, and deaths as of may 24, 2020.
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from early April. However, for China, the is showing that from Feb till May the total
active cases were at 80000 cases. Germany has witnessed 75,000 between April and
May, which brings Germany to one of the hottest spots in the spread of COVID-19.

5. Conclusions

Visualization of complex and big data for delineating spatiotemporal patterns for
disaster management and emergency response has been considered widely during
the recent spread of COVID-19. Visualizing invisible patterns of data and spatially
enabling decision-makers with information contributes to the strength of knowl-
edge that is mostly needed in extreme situations. Sharing data and allowing various
contributing domains freely and interoperable access big data of COVID-19 provide
added value for medical resources optimization, planning and responding, patterns
recognition, and the overall situational awareness that is highly demanded at the
planning level, operational level and decision-making levels during pandemic disas-
ters. Visualization of spread in terms of active cases, recovered and deaths showed
that India has drastically surpassed Germany, Iran, Italy, Spain, the United States
of America, South Korea, Turkey, France, the United Kingdom began starting early
April 2020.

This research showed that India as a highly populated country have the capabil-
ity to leverage technological tools and products in response to extreme situations,
through sharing, accessing, collaborating and integrating various decision-making
models for rapid and effective response as to how and why scientific visualization and
machine learning modeling can be effective in pandemic situations. Prophet Model
and ARIMA model were used to predict for 2 weeks using the historical reported data
prior to the prediction. The results of this research confirm that Machine Learning
visualization and prediction are effective in disaster management situations, deal-
ing with large outbreaks. It showcases the national efforts in specific countries and
correlates with the international data. Visualization of COVID-19 spread on differ-
ent demographic groups showed resilience in the group over 30 years old and over
59 years old, resulting in an increasing and forecasting a more promising growth of
population.
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Chapter 4

The Synergy of Data Science, GIS
Spatial Analysis and Knowledge
Management as a Path to
Sustainability Insights

Mohamed B.O. Osman

Abstract

This chapter focuses on data science, GIS-based spatial analysis, and knowledge
management (KM) threesome and its potential contributions to sustainability
insights. Discussion commenced with tracing the historical evolution and essen-
tiality of geography for comprehending environmental and social dimensions of
sustainability. Then, argumentation delved into the interplay among the three-
some’s domains and their contributions to sustainability achievement. A prolonged
elaboration was provided on geospatial data analytics, visualization, geospatial data
mining, and predictive models and their significance for extracting informative and
meaningful insights. Since data science has transformed and enriched most scientific
disciplines, its empowering implications on GIS were explained. Spatial analysis,
therefore, occupied a central position and enabled advanced GIS technique utiliza-
tion to reveal patterns, relationships, and trends in geospatial data. Furthermore,
the chapter explained the interdependent relationships between GIS and KM.
Integrating GIS and KM techniques has revolutionized geospatial data organization,
visualization, and dissemination and enhanced applications of decision sup-
port, environmental planning, and others. The Nexus of this threesome, therefore,
serves as a roadmap for solving issues of intricate spatial problems via modeling and
informed decisions. The chapter stressed and concluded that the integrated fusion of
data science, GIS, and KM provides a robust framework and ideal tools supporting
sustainability.

Keywords: informatics, data science, GIS-spatial analysis, KM, sustainability

1. Introduction

Space where humans exist is vital for their lives and activities. Thus, geography has
always been of significance to humans. Since times immemorial, with concerns and
ongoing endeavors, man has been striving to understand the phenomena and objects
in his surrounding environment to enable utilization as well as prevention of hazards
and disasters nature holds for the sake of a prosperous and safe life.
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In this light, the stone-age hunters were anticipating the locations of the
quarry, early explorers’ deaths or lives were determined by their geographic
knowledge, and contemporary societies would not be able to plan and perform
their everyday activities without asking and finding geographic answers such as
where and how far, [1].

Over these centuries of lengthy and multiple interactions, humans have known
and experienced nature by benefiting from its resources and, at times, being trau-
matized by the disasters it causes. This, besides developing approaches for spatial
thinking, had accumulated tremendous knowledge about the surrounding objects and
phenomena and composed the scientific heritage, especially in various fields of the
so-called “life and applied sciences”, such as geography.

Thanks to these experiences as well as the spatial thinking approach, humans
have accumulated spatial knowledge that gradually varies over time and space, on the
one hand, and from knowledge about objects or phenomena characteristics to their
interrelationships, which all together comprise the surrounding environment, on the
other hand.

For this reason, knowledge, especially geographic knowledge, starts with and var-
ies between simple and complicated forms. The simple form is the level of describing
the object or phenomenon and identifying its characteristics, while the second form is
detecting the interrelationships among these objects or phenomena and understand-
ing how they affect each other’s [2].

Historically, and prior to the technological and communication revolution, the
sources of knowledge were basically confined to two sources: direct and personal
observation or experience and the indirect experiments of others [2]. This caused
knowledge accumulation and dissemination over time and space to become very
decelerated and limited.

Aftermath, this indolent and gradual knowledge exchange had been abruptly
disturbed by iconic events and great breakthroughs, such as the prosperity of the
paper industry and the invention of the typing machine. These backboned and
revolutionized various forms of printed press and hence dramatically changed the
production and dissemination of information and knowledge, reaching to the recent
situations of information and the technological revolution led and shaped by the
internet.

This era is, therefore, the era of information and technological revolution,

[3] which is forged and directed by the extensive and diversified range of human
activities and the general advancements in all aspects of life. Awing to automation,
economic growth, urbanization as well as the technological explosion, especially the
advancements of communication means and computerized information technology.

These factors had drastically changed and modernized the availability and acces-
sibility of information and knowledge through developing data collection, processing,
and dissemination techniques. This dissemination is embodied in the obtainable and
massive volumes of knowledge and databases, data warehouses, and big data archives.
Abundance of these enormous data, in both levels of phenomenon and inter-phe-
nomenal escorted, consequentially, urbanization and industrialization, besides the
ever-growing complexities in different life aspects.

In the same context, the increasing population and their economic activities have
urged the dire need to take appropriate decisions regarding development, resources
utilization, society, and environmental conservation [4]. Likewise, it aroused the
development of techniques to utilize and extract useful and practical-guiding knowl-
edge out of these compilations of knowledge and data bases.
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These techniques include, for instance, GIS spatial analysis, spatial decision
support systems, and expert systems. All of these have the purposes of enabling us to
simplify, model, and abstract the complex and thorny reality for better understand-
ing as well as supporting data-driven and informed decisions for best and friendly
practices for man and his surrounding environment alike.

2. A brief epistemological framework of data science and GIS-spatial
analysis

As side-effects of the overwhelming digitalization, the massive advancements in
computation capabilities and information and communication technologies affected
approximately all disciplines and professions. It was thus argued that data science had
shifted and redesigned all scientific disciplines, by means of adjusting their adopted
approaches [5].

Therefore, new trends and developments in science and research emerged and
caused many fields and disciplines to revisit and upgrade their methods and practices
to become more IT-oriented [6]. Furthermore, the merging of geography into other
fields was noticeable in many disciplines that engaged the spatial dimension in their
approaches by being oriented to handle more spatially referenced information and
data through the platform of geographic information systems, or GIS. This indicates
growing concern, cognition and consideration of geographic and spatial perspectives.

Geography itself, even prior to the computation and information explosions, had
reshaped its nature, through adapting newer approaches and transforming from the
traditional descriptive geography (regional and systematic geography) to the so-
called, applied geography. This added value and dimensions of practicality to geogra-
phy as a problem-solving scientific discipline.

Applied geography, in the form of maps and spatial information, has served dis-
covery, planning, cooperation, and various management-related practices for not less
than 3000 years. For this reason, it was debated that most of the geographic knowl-
edge is applicable to routine tasks [1]. Yet this seems to not be enough and satisfying
to the requirements of the state-of-the-art in informatics and modern technological
situations in contemporary society.

To further cope with the general advancements in all of life’s aspects and the
complexities of the rapidly changing world, geography has shifted its paradigms
and approaches; thus, it has undergone different phases, which can generally be
expressed in the aforementioned transformation from descriptive to applied geog-
raphy. Of course, the quantitative revolution, digitalization, and engagement of
computer graphics were the most important and influential milestones toward that
transformation.

These all paved the road and led to the emergence of a newer field and branch
of applied geography, the geo-informatics, that endeavors to take advantage of the
advancements in information and communication technologies’ infrastructure
to leverage the various applications of geography. Because spatial information is
paramount, we have developed tools and techniques called Geographic Information
Systems (GIS) to handle geospatial information and support us with geographic
knowledge. GIS enable us to collect and utilize spatial data (See Figure 1) [1].

GIS is a computer-based system that facilitates the development and use of spatial
data. This is typically known as spatial analysis. There are many reasons for develop-
ing, utilizing, and adapting spatial analysis methods and general GISciences, the most
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prominent factors are societal and technological. The societal reason is basically the
need to more effectively and efficiently use the resources, alongside consideration
of the environment, finite resources, and growing population. While technological
reasons are the interest and necessity of applying the new tools and technology to
handle these thorny issues.

GIS technology as well as its methods of spatial analysis are therefore based on
geographic information science, which is supported and widely applied by various
disciplines of geography, surveying, engineering, space science, computer science,
cartography, statistics, and others for purposes of spatial data organization, analysis,
and distribution to eventually improve life.

Over time, the significance of spatial analysis increased. It utilizes massive
amounts of various data formats to serve a wide-range applications of the con-
cerned scientific disciplines. Each discipline uses special software and hardware
that suits its mission and data formats. For this, recent practices of GIS and spatial
analysis need advanced algorithms and programs to enable proper and timely
handling and processing of immense and interdisciplinary data. This resulted in
the spatial data science, which is the branch of data science that manipulates the
spatial data.

3. Data science essentiality for geospatial big data analytics

Per the previously discussed issue of data inflation, the new discipline of data
science was founded to handle and make use of these data floods and ensure getting
the maximum out of them. The arena of this newly founded field, therefore, was
the data with its different formats. This subsequently resulted in a number of new
connected and related concepts and terminologies, such as big data, the internet of
things, machine learning, data bases and warehouses, data archives, knowledge bases,
expert systems, decision support systems, and many others. Forming the subdivisions

Computer
sciences

and GIS &
Spatial
sciences

Geography

Information
Technology

Figure 1.
Integrative nature and position of GIS among other major disciplines. Source: created by the author.
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and environment of data science. The below chart, highlights the nested and con-
nected advanced technologies for data analytics (See Figure 2).

Big data is one of the prominent beneficial effects and usefulness of data science;
nevertheless, it is still not a clearly defined term, and it has been defined differently
according to each of the technological, industrial, research, or academic viewpoints
[8]. However, in general, big data is considered structured and unstructured datasets
with massive data volumes that cannot be easily captured, stored, manipulated,
analyzed, managed, and presented by traditional and ordinary hardware, software,
and database technologies [9].

The dire needs of analytics as well as newer methods and techniques of data sci-
ence emerged as a response to the current enhancements in life aspects generally and
the quest for better living conditions. Accordingly, humans—via various disciplines—
strive to make use of the recent advancements in ICT researches and technologies to
cope with reality’s complexities through data and models. For this, big data emerged
and prevailed in most of science fields. Geography and geospatial sciences generally
have the most stake, as reflected in “geospatial big data”. It was argued that “80% of
the data is of a geographic nature.

Despite criticisms regarding the societal effects of big data, which has been
accused of having limited benefits for society and violating issues related to data
privacy, confidentiality, and security, geospatial big data, nonetheless possesses sig-
nificant potential to greatly benefit various societal applications. These applications

Artificial
Intelligence

Machine
Learning

Big Data

Figure 2.
Demonstrates the interplay of recent data science and analytics techniques. Source: adopted from Li et al. [7].
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encompass areas such as climate change, disease surveillance, disaster response, the
monitoring of critical infrastructure, transportation, and more [9].

Geospatial big data processing techniques encompass a range of methodologies
designed to handle and analyze vast volumes of geospatial data due to programming
models and frameworks for distributed processing of geospatial data [10]. These tech-
niques are vital in extracting valuable insights from geospatial data, aiding decision-
making in a spectrum of various domains such as urban planning, environmental
monitoring, and disaster management.

In order to be handled and processed, the available big data volumes need to be
compressed without compromising data quality [8]. The parallel processing and
distributed computing frameworks, therefore, came and leveraged the computational
demands of geospatial big data [11]. These all go beyond the capacity of the human
mind to handle.

Reading and understanding big data patterns and trends—the minimal level of
benefits—is not possible without the aid of computerized methods of summariza-
tion and visualization. Further benefits could be yielded by deploying knowledge
discovery algorithms and data mining techniques for the extraction of more valuable
and well-oriented knowledge that serves problem solving, decision support, and even
strategic policy-making on the basis of deep understanding.

In the same context, visualizing this variable and complex data needs a computer-
ized and graphical capability to facilitate communication of these data. The data in its
real forms and row formats is not understandable and readable, and both forecasting
future scenarios and making the right decisions for the present based on the available
data are not possible without developing algorithms and complicated models. The
human mind cannot handle the complicated calculations for the big data volumes.
This necessitated and urged recent data science to embody.

4. Spatial analysis in the information era: the emergence of spatial data
science

The ultimate goal of science, the applied and life sciences in particular, is to
support humankind and equip it with the facilities needed for a prosperous life.
Science, thus, augments sustainability by employing advanced analytics and machine
learning techniques to extract actionable insights from vast and diverse geospatial
datasets. This analytical ability enables proactive identification of environmental
trends, prediction of risks, and optimization of resource allocation strategies [12].

Historically, observation—the direct field observation—was the sole prevailing
source of data, and decision-making was not complicated, so the human mind was
capable of handling that. However, the informatics insurgency came to digitalize
and automate most activities and life aspects. In science, data collection, processing,
storage, and visualization had been profoundly reformulated by computerization and
informatics, which led to the information era.

In the Information era, spatial analysis has emerged as a crucial discipline,
facilitated by data availability and advancements in technology. Spatial analysis
further encapsulates this transformative trend and highlights the significant role of
spatial data science in extracting insights from vast and complex geospatial datasets.
Therefore, emergence of spatial analysis and geospatial sciences is featured by their
capacity to address multifaceted challenges across diverse domains. See the below
chart, Figure 3. It demonstrates the spatial data science emergence.
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Spatial

- it Data
Science  Scjence

Figure 3.
Emergence of spatial data science due to integration of GIS into data science. Source: created by the author.

In its generic and plain definition, spatial analysis refers to the process of exam-
ining, modeling, and interpreting patterns and relationships within geographic
data to gain insights and make informed decisions about the spatial distribution of
phenomena. Spatial analysis further encompasses a wide range of techniques and
methods used to analyze spatial data, including mapping, clustering, interpolation,
and geostatistics [13].

The overall goal of spatial analysis and its processes can be categorized into two
levels of ultimate knowledge generation. These levels vary between the identification
and classification of objects and phenomena, revealing patterns as well as under-
standing the relationships among these phenomena—how objects interact and affect
each other. The spatial analysis, thus, strives to model and abstract reality, particu-
larly what regards geography and has spatial dimension, to enhance understanding
and, subsequently, enable better decision-making and problem solving.

Thus, the complex reality and synergy of geospatial technologies, data science
methodologies, and advanced analytics insisted and compelled a deeper understand-
ing of spatial relationships, patterns, and trends, and was the driver the paradigm shift
in spatial analysis. This caused the spatial analysis to play a crucial role in various fields
such as geography, environmental science, urban planning, and epidemiology, [14].

Furthermore, due to its ability to reveal hidden patterns and trends that may not
be detectable through the traditional statistical analysis, spatial analysis gained spe-
cial interest among researchers and practitioners. This novel approach thus become
inevitable in sophisticated applications of natural resources management, urban
planning, environmental monitoring, epidemiology, and all spatial-related fields.
This is what enabled it to drive evidence-based decision-making and contributing to
more sustainable and insightful policies [11].

In the contemporary context, the intricacies of life are induced by the fusion and
interplay of phenomena, exemplified, for instance, in the nexus of environment,
economy and society besides, the global landscape characterized by swift transfor-
mations and changes, wherein the accumulated data and knowledge are combined
with complicated decision-making processes. These processes, in their multifaceted
nature, require the consideration of numerous dimensions simultaneously.
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These facts necessitate reading the massive data volumes, of different sources and
formats, available in databases, data warehouses, and obtainable knowledge bases to
fully understand the current state of affairs. Spatial indexing and query optimiza-
tion would be the right and ideal techniques for that, as they enable organizing and
handling various data besides creating efficient spatial indexing structures and query
optimization methods to accelerate spatial queries [15].

Geospatial Data Mining, in the same context—taking advantage of the immense
availability of integrated and multi-sourced data—emerged to apply data mining and
machine learning techniques to extract patterns and relationships from geospatial
datasets [16, 17]. Especially these data, in order to give meaningful values, should
be subjected to careful and rigorous analysis through well-oriented questions that
extract insights and valuable knowledge for problem solving and decision-making
out of those massive data volumes. Geospatial Data Mining provides an effective,
efficient, and fast mechanism to do so.

5. Common data science processes and approaches in GIS context

The application of data science to different disciplines is inevitable in the era of
technology and informatics. It was previously elaborated how data science had practi-
cally affected the various scientific fields. Geography is not an exception and had been
one of those affected the most. This, along with the recent merger of geography and
data science resulted in the newly found branch of geography, known as geographic
information systems. Some scholars went beyond that and perceived GIS as an
independent discipline “geospatial data science”

Definitions of GIS unanimously agreed that GIS is basically the science of spatial
data collection, processing, and visualization. All of GIS’s functions have thus been
deeply altered by data science. Data science has a number of manifestations in the
GIS world. For instance, transforming the way spatial data collected and interpreted
alongside the inclusion of spectrum of methodologies that leveraged GIS analyt-
ics, machine learning, and data mining techniques to extract valuable insights from
geospatial datasets.

Prior delving into the details manifesting data science role in GIS world, the fol-
lowing diagram gives a quick glance and outline the GIS and data science synthase, by
means of highlighting the techniques and approaches of data science GIS had adopted
and their respective applications and uses (See Figure 4).

In the GIS world, data preprocessing is a foundational step involving data clean-
ing, transformation, and integration to ensure the quality and consistency of geospa-
tial datasets [16, 17]. This aligns with data science’s emphasis on data preparation for
meaningful analysis.

The infusion of data science processes and approaches into the GIS context has
ushered in a new era of spatial analysis and understanding. Data fusion and integra-
tion are among essential data science processes in the GIS context. They allow com-
bining data from diverse sources, such as satellite imagery, maps, and other forms of
statistical and descriptive data, from which analysts can create enriched datasets that
offer comprehensive insights into various phenomena [18]. This is particularly valu-
able in disaster management, where the integration of “nearly” real-time data streams
aids in tracking, monitoring and responding to natural hazards.

In recent years, along with the availability of new sensors, new ways of collecting
geospatial data have emerged [7], which means the digital data collection methods
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Figure 4.
Highlights some prominent data science approaches, techniques and tools adopted in GIS. Source: created by the
author.

introduced and accompanied by data science have shifted data collection and trans-
formed it from sparse data to rich and plentiful databases. This situation had been
constantly developing until the introduction of spatial data infrastructure (SDI). Data
collection, likewise, had evolved and reached the recent state of availability of nearly
real-time data and, at certain times, real-time data.

Awing to SDI and massive existing geospatial data, geospatial data exploration and
visualization which is one of core data science practices found resonance within GIS.
Interactive maps, spatial dashboards, and geo-visualizations provide insights into
spatial patterns and relationships, aiding decision-making and the communication
of complex information to all different audiences [19]. Furthermore, spatial cluster-
ing and pattern recognition, are key techniques in data science that are extensively
deployed in GIS analytics for identifying hotspots, spatial trends, and clusters in
geospatial data. (See Figure 5) [20].

Moreover, spatial autocorrelation and spatial regression techniques, such as geo-
graphically weighted regression, have gained prominence in both data science and
GIS. In GIS, they allow the identification of spatially varying relationships among
given variables, enhancing predictive accuracy in local contexts [13]. Another form
of spatial clustering is the process of grouping spatial data points based on their
similarity. Methods like K-Means clustering are applied in GIS to fragment geo-
graphic data into clusters, revealing spatial patterns and helping to identify regions
with similar characteristics [22]. This has frequent use in urban planning, where it
aids in delineating distinct neighborhoods based on their common socioeconomic
attributes.
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Figure 5.
Elaborates how do some data science tools deployed and operated by GIS. Source: adopted from [21].

Deep learning methodologies and Machine learning algorithms developed by data
science have leveraged a wide range of GIS processes. Deep learning tools, such as
Convolutional Neural Networks (CNNs), have enriched object detection and image
classification within GIS domain. CNNs have proven to be effective in identifying
objects and features in satellite images [23]. While machine learning facilitated
predictive modeling and image classification tasks. Supervised and unsupervised
machine learning methods grew in popularity as a frequent tool for land cover clas-
sification, species distribution modeling, and urban growth prediction [24]. See the
below diagram.

One of the key machine learning algorithms for spatial prediction and classifica-
tion is Random forest. Random forest enables the creation of predictive models that
account for spatial relationships, allowing for the identification of trends and patterns
in complex geographical data [12]. For instance, ecologists, in order to model species
distribution, utilize machine learning to foresee the spatial distribution of species
based on certain environmental variables. Likewise, Machine learning algorithms
like random forest and support vector machines leverage spatial data layers to predict
outcomes like land cover changes or disease outbreaks [25].

Therefore, by harnessing the power of data science, GIS practitioners can generate
accurate predictions and enhance their understanding of complex spatial patterns.
Wherein large and diverse datasets are processed and analyzed to extract meaning-
ful insights. This involves techniques like data clustering and spatial interpolation,
which facilitate the extraction of valuable knowledge from vast amounts of geospatial
information [26].

Regarding the institutional part of GIS, the integration of data science and GIS is
also evident in spatial optimization problems. Likewise, location-allocation models,
the classic GIS application, had important benefits from data science optimization
algorithms to determine optimal facility locations and resource allocations [27].
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This fusion of practices and the interdisciplinary approach enhanced the efficiency
and accuracy of GIS as decision support systems.

Integration of data science processes and approaches has, consequently, become
increasingly prevalent in GIS practices, ranging from data collection and prepro-
cessing up to the final stage of laying out the results. These all have led to enhanced
understanding and utilization of spatial information. Hence, a transformative shift in
the capabilities of GIS enabled more sophisticated analysis, modeling, and visualiza-
tion of geospatial information.

6. GIS, KM and data science: the indispensable sustainability nexus

The relationship between Geographic Information Systems (GIS) and Knowledge
Management (KM) is interdependent, with GIS serving as a powerful tool to facilitate
various aspects of knowledge management. And KM enhances the management and
utilization of geospatial information, fostering a structured approach to acquiring,
storing, sharing, and utilizing spatial knowledge. This interplay enhances the acces-
sibility, organization, and utilization of geospatial information within both GIS and
knowledge management frameworks. The following diagrams explain the main func-
tions and processes of knowledge management and their cyclic nature respectively
(See Figures 6 and 7).

Data Capture

5up|:-)ort &
Maintenance Discover

Insight

Information Dissemination
& Reporting

Figure 6.
Functions carried out in knowledge management. Source: [28].
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Knowledge Management Cycle

Figure7.
Demonstrates the cycle of knowledge management. Source: Adopted from [29].

Knowledge management prospects, therefore, are obvious in the contemporary
world of GIS. GIS and Knowledge management have recently had a two-way con-
nection; on the one hand, GIS borrowed approaches and techniques from KM for
its practices as well as taking the applications and uses of KM and applying them to
spatial data. On the other hand, KM takes advantage of GIS as a platform to integrate
and utilize multi-sourced data in different formats, all for one unified and oriented
purpose. This is encapsulated and briefed in the below table, then the details later
(See Table1).

The most prominent knowledge management methods and techniques adopted
by GIS encompass a variety of approaches that, together, aim at effectively captur-
ing, organizing, and utilizing geospatial information. To mention and elaborate on
some:

1. Geospatial data integration that makes use of knowledge management practices
and guides the categorization, tagging, and metadata documentation of this
data for effective data organization. KM allows GIS to put together and integrate
various geospatial data, for instance, spatial and attributive data, from diverse
sources and formats to create an inclusive and coherent knowledge base [30].
This will enable comprehensive spatial analyses, allow users to consider a wide
range of variables as well as facilitate well-oriented goals and problem-solving
out of them.

2. Geospatial data cataloging and metadata management, i.e. implementing meta-
data protocols would lead to standardized documentation, hence easier manage-
ment of geospatial data, and further enhance data discoverability and usability
[31]. In other words, easier and faster running of queries. Thus, efficient meta-
data management and documentation ensure geospatial data’s proper utilization
along with enhancing data discoverability, reusability, and all other aspects of
data quality.
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No. GIS Tasks &

Examples for applications

Counterpart terminology

Processes
In data Science InKM
1 Data collection Data entry, digitization, different Data collection Data acquisition
and input sensors and GPS gatherings
2 Data Image preprocessing, formats Data format Metadata
preprocessing unifying, data conversions conversions and management,
interoperability data
documentation
3 Data storage SDIs, geodatabases, geospatial Big data and data Knowledge
big data management bases and archives repositories and
warehouses
4 Spatial Data Geographically weighted Geospatial Data Knowledge
Mining regression and identifying Mining, Pattern discovery
patterns in data Recognition
5 Concurrent data Multi-users and enterprise Cloud and parallel Updates and data
management geodatabases computing, integrity
DBMSs and
6 Data Mapping, geo visualization Interactive maps Storytelling,
visualization and social media
summarization
7 Decision support Multi criteria evaluation, Simulation, Decision support
tools suitability analysis, location scenario and case systems and
allocation and location based analysis expert systems
services
8 Spatial Spatial autocorrelation and Regression, liner Time series
relationships regressions, interpolation, modeling and analysis
extraction hotspot analysis, query trend analysis
9 Modeling Spatial data models, Descriptive Trends and
and predictive pattern extraction
modeling
10 Data Web GIS, interactive and online Dashboards, Knowledge
dissemination maps, geoportals portals an dissemination

Source: created by the author.

Table 1.

Represents some aspects of interchangeability of GIS, KM, data science nexus.

3. Visualization and spatial insights, GIS —thanks to its super powerful tools, like
interactive maps —provides visual representations of spatial data, making com-
plex information more understandable. These visualizations put more than one
variable together, which aids comparability and enables knowledge managers

and stakeholders to grasp spatial relationships, patterns, and trends.

4. Spatial analysis documentation, as knowledge management is a tremendous tool
to capture analytical processes. This enables GIS users to replicate spatial analyses,
ensuring transparency and facilitating knowledge sharing among researchers.

5.Spatial data infrastructures (SDIs), establishing SDIs would enable enforc-
ing data quality measures while handling and interacting with data. It further
facilitates seamless sharing, discovery, and access to geospatial data across
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organizations and sectors [32]. Additionally, SDIs combat redundancy in data
and result in efficient storage control.

6. Development of geoportal and web-linked data, the main pillar of nowadays web
GIS is creating and operating geoportals as centralized platforms for accessing and
sharing geospatial information to foster collaboration and knowledge dissemina-
tion [33]. Semantically-related data sharing is similarly a web-based. Deploying
web-based semantic data sharing technologies revolutionized geospatial data
distribution and enhanced the interoperability of and among geospatial data [34].

Knowledge management applications and uses borrowed and adopted to serve in
the environment of GIS involve processes and techniques leveraging GIS to achieve its
ultimate goals through effectively utilizing the geospatial information. These involved
key applications and prominent uses include, among many:

1. Decision support: GIS-based knowledge management aids decision-making by pro-
viding spatial insights into knowledge management strategies. KM processes guide
the identification of relevant data layers and spatial variables for informed deci-
sion support. Through allowing stakeholders to analyze and visualize data to make
informed choices in fields like urban planning and disaster management, [35].

2. Collaborative mapping: collaborative platforms offered by GIS enable users to
contribute and share data and insights, fostering crowd-sourced mapping efforts
for various purposes like community engagement and environmental monitor-
ing. This is obvious when taking advantage of parallel computing. GIS platforms
offer collaboration by allowing multiple users to access, process, and share
geospatial data and analyses simultaneously. While KM principles facilitate the
creation of workflows and protocols for collaborative data sharing, [36].

3.Scenario planning: GIS-driven knowledge management aids in scenario planning
by modeling different spatial outcomes and assisting in policy development and
resource allocation. KM strategies and workflows help capturing the rationale
behind these models, documenting assumptions and methodologies for future
reference and analysis.

4.Environmental monitoring: GIS utilizes methods and frameworks originated by
the knowledge management discipline to support environmental management
through constant environmental monitoring, enabling authorities and decision-
makers to monitor and track changes, reveal trends over time, and make in-
formed conservation decisions.

5.Emergency response: Knowledge management in a GIS environment assists
emergency response in real-time by providing up-to-date geospatial data for
incident management. The synthesis of GIS and knowledge management would
also enable the creation and proper operation of early warning systems and em-
power preparedness for emergencies.

6. Spatial query and retrieval: GIS enables spatial queries for data retrieval. KM
techniques assist in designing efficient query systems and indexing approaches
for quick and efficient access to relevant geospatial information.
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Figure 8.
Explains the synergic threesome of GIS, KM and data science and emergence of spatial data science. Source:
Drown by the author.

For these reasons, one can state that the integration of geographic information
systems (GIS), knowledge management (KM), and Data Science has given rise to a
transformative paradigm in the realm of sustainability. This three-way relationship
represents an indispensable nexus that offers holistic solutions to complex environ-
mental and societal challenges (See Figure 8).

7. Conclusion and future directions

This chapter was founded on demonstration and argumentation crowded
of cited evidences in order to prove and support of the argument “synergy of
data Science, GIS spatial analysis, and knowledge management is a path toward
sustainability insights”. In a world characterized by the exponential data growth
due to the rapidly changing states and interplay phenomena. GIS, KM and data
science nexus emerged to enable establishing of groundworks for understanding
those interconnect and shared attributes, and offer a transformative approach
for unraveling complex sustainability challenges and the need for informed
decision-making.

To Highlight these, the chapter dived into the evolution of data accumulation from
historical milestones to the modern digital era. Then it probed the epistemological
foundations of Data Science and its profound influence on various scientific domains.
Moreover, strived to uncover the manifold manifestations of data science processes
approaches deployed in GIS practices ranging from data collection, preprocessing,
statistical analysis, to machine learning algorithms and visualization techniques, each
one has been examined in the context of sustainability research.

Being in a current world of informatics, essentiality of data science in the realm
of geospatial big data analytics, likewise, had been explored in the context and
roles of computational analysis in harnessing vast data for sustainability sake. This
in response, subsequently, led the emergence of spatial data science field and its
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contributions to understanding spatial relationships and patterns. Through, their
tremendous techniques that enhance comprehension, modeling, and prediction.

Concluding with the syntheses of GIS, knowledge management, and data science
forms an inevitable nexus for achieving sustainability agendas. This integration of
geospatial sciences and technologies, enabled data organization, knowledge represen-
tation, and collaborative decision-making is explored in the context of sustainability
insights.
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Chapter 5

Remote Sensing and GIS
Applications in Wildfires

Georgios Zagalikis

Abstract

Wildfires are closely associated with human activities and global climate change,
but they also affect human health, safety, and the eco-environment. The ability of
understanding wildfire dynamics is important for managing the effects of wildfires
on infrastructures and natural environments. Geospatial technologies (remote
sensing and GIS) provide a means to study wildfires at multiple temporal and spatial
scales using an efficient and quantitative method. This chapter presents an overview
of the applications of geospatial technologies in wildfire management. Applications
related to pre-fire conditions management (fire hazard mapping, fire risk mapping,
fuel mapping), monitoring fire conditions (fire detection, detection of hot-spots, fire
thermal parameters, etc.) and post-fire condition management (burnt area mapping,
burn severity, soil erosion assessments, post-fire vegetation recovery assessments
and monitoring) are discussed. Emphasis is given to the roles of multispectral sen-
sors, lidar and evolving UAV/drone technologies in mapping, processing, combining
and monitoring various environmental characteristics related to wildfires. Current
and previous researches are presented, and future research trends are discussed. It
is wildly accepted that geospatial technologies provide a low-cost, multi-temporal
means for conducting local, regional and global-scale wildfire research, and
assessments.

Keywords: wildfires, GIS, remote sensing, multispectral sensors, lidar, UAV, mapping

1. Introduction

Forest fires (term used in Europe to designate the unwanted fires burning forests
and wildlands) are considered as one of the main environmental hazards worldwide.
Forest fires are periodic disturbance events that dramatically affect the structure and
distribution of global forest ecosystems, altering soil erosion, causing loss of biodi-
versity, habitat, production and productivity, endangering human life, and disrupting
livelihoods [1].

The impacts of climate change are becoming more evident each year. Forest
fires are more frequent and extreme, as also confirmed by the recent report of the
International Panel on Climate Change (IPCC) “Climate Change 2022: Impacts,
adaptation and vulnerability” [2] and the recent United Nations Environment
Program report “Spreading like wildfire: The rising threat of extraordinary landscape
fires” [3].
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In Mediterranean basin, natural forest fires are common and are an integral part
of the terrestrial ecosystems (Figure 1). Fire has been used by man as management
tool since early times. Mediterranean region is the most affected area from wildfires
in Europe. Approximately 85% of the total burnt area occurs in the EU Mediterranean
region [4]. This vulnerability of Mediterranean basin to be affected by fire is linked
to its climate, which is characterized by rainy and mild winters followed by warm and
dry summers [5]. Extreme weather conditions in summer (high temperature, strong
wind, low relative humidity and drought) are a key factor in the ignition and spread
of large forest fires [6-8].

Geospatial technologies such as remote sensing (RS) and geographic information
systems (GIS) have been used for the management of forest fires several years ago
with the use of aerial photographs and have been increasing as new type of sensors
become available varying from spaceborne sensors to the newly era of UAVs sensors.
Remote sensing provides the data used through the GIS or other decision support
systems.

Three main levels can be distinguished, in which remote sensing and GIS provide
results that can be applied directly to the subject of forest fires: pre-fire conditions
(fire risk assessment, vegetation mapping, topography, risk of fire spreading, etc.),
monitoring fire conditions (fire detection, detection of hotspots, fire thermal param-
eters, etc.) and post-fire (burnt area mapping, success of forest regeneration, flood
risk, etc.). Different types of remote sensing platforms and sensors are used for data
acquisition as satellites to UAVs and active sensors (SAR, Lidar) to passive sensors
(optical, thermal infrared, multispectral).

The purpose of this chapter is to present a wide outline of the use of remote
sensing and GIS in wildfire management. The chapter examines research in the

Figure 1.
Forest fires in the pan-European region in 2021 © EU, 2022.
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three main levels and within each level, and sub-level, current research trends and
case examples are presented, divided by the platform and sensor type used. The
goal of this chapter is to provide the reader with a broad view of the current applica-
tions of remote sensing and GIS technologies and techniques in the field of wildfire
management.

2. Pre-fire condition management

A forest fire results from a complex interaction of biological, meteorological,
physical and social factors that influence the likelihood of a forest fire breaking out,
its propagation and intensity, duration and extent, and its potential to cause damage
to economies, the environment, and society [3]. Terms such as fire hazard, fire risk or
danger and severity have been introduced to define risk, hazard and the characteristic
(or uncharacteristic) nature of forest fires [9].

Fire risk or danger is a term used to represent the vulnerability of an area to the
ignition and spread of fire. This fire vulnerability is influenced by various factors
that are dynamic and static in both spatial and temporal dimensions; therefore, it is
a complex concept to measure [10]. Furthermore, fire risk factors are both biotic and
abiotic [11]. Biotic conditions are aimed at studying the morphological (i.e., fuel bio-
mass load, species composition, height and density) and physiological (i.e., moisture
status and chemical properties) characteristics of vegetation, while abiotic indicators
are related to the study of external conditions such as topography and meteorological
factors on the other hand [11, 12].

Fire risk assessments involve identifying the potentially contributing variables
and integrate them into mathematical expression known as “index” [13]. Several risk
indices have been developed for fire risk evaluation based on either the temporal scale
[14, 15] or the variable data sources [16].

Mapping is used to visualize the fire risk assessments, and this is accomplished
through two primary methods: (i) point-wise meteorological data-based operating
systems and (ii) the use of remote sensing technologies and geographic information
systems (GIS) [17].

The early methods, which assess fire danger, were based on meteorological
factors since they have significant role in the occurrence of severe fire episodes
[18, 19], including the Nesterov index for use in the former Soviet Union [20], the
Forest Fire Danger Index (FFDI) for eastern Australia [21], the National Fire Danger
Rating System for the USA [22] and the Canadian Forest Fire Weather Index (FWT)
System [23]. These systems use meteorological data such as temperature, precipita-
tion, humidity and wind speed to assess fire danger over extent geographic regions.
However, these systems suffer from several limitations as the need for an extent
network of weather stations or the need for interpolation to generate fire danger
maps. Since the geoinformatic technologies as remote sensing/GIS have the ability to
obtain continuous data for an area, the ability to analyze those data is recognized as an
effective alternative or addition for the creation of fire risk maps [15, 24].

2.1Fire hazard mapping

Fire hazard divers from fire danger as it does not include a meteorological com-
ponent in the assessment [9]. Fire hazard or susceptibility maps are important in
land use planning [25, 26], and that maps are useful as a valuable reference to reduce
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vulnerability and could help to improve decision-making planning in ecological risk
prevention [27]. Another potential use is in the insurance markets [28].

Several pre-fire conditions used in the fire hazard maps can be monitored using
remote sensing [29]. Vegetation mapping (including fuel loads) is one of the first
pre-fire conditions contributing to fire hazard models that are produced usually
from high spatial resolution optical or radar images [30, 31]. The fuel maps may
range from global-continental products derived from coarse-resolution sensors
(AVHRR, Modis, Vegetation) to regional-local inventories, based on higher-resolu-
tion data (Landsat TM/ETM, radar or even Ikonos) [32].

Description of fuel properties is critical in all phases of fire management and
fire science: prevention, fire danger estimation; suppression: fire behavior model-
ing; fire effect assessment: trace gas emissions and vegetation recovery after fire
[33]. Several fuel characteristics are critical for fire propagation studies: crown bulk
density, crown base height, canopy height, canopy closure, surface area to volume
ratio, vertical and horizontal continuity, dead and live fuel loads, live woody loads
and size of particles referring to vegetation geometry to the fuel type, which can be
mapped, like classical vegetation mapping, from high spatial resolution optical or
radar images [34].

Depending on the remote sensing data sources used different vegetation charac-
teristics can be interoperated because of the different spatial, spectral and temporal
resolution (Table1).

Multispectral remote sensing provides fundamental inputs for the mapping of
fire hazard [15, 35]. Land cover type plays an important role in evaluating the risk
of a given area to fire events as it is related to fuel types and characteristics; usually,
classification is fulfilled using vegetation indices. The simplest form of vegetation
index is simply a ratio between two digital values from independent spectral bands.
The Normalized Difference Vegetation Index (NDVI=NIR R/NIR + R), the most
commonly used ratio transformation for vegetation studies, is used to monitor pho-
tosynthetic activity and provides information on vegetation biomass and phenology
[36-38]. Biomass is also estimated using various remote sensing data [39, 40].

Usually low or medium spatial resolution multispectral sensors such as
Landsat-TM [41, 42] or MODIS-ASTER [43, 44], and hyperspectral sensors, such
as Hyperion [45], AVIRIS [46] or MIVIS (Multispectral Infrared Visible Imaging
Spectrometer) [47] and lately the Sentinel-2A [48].

High resolution commerecial satellites, such as Quickbird, Pleiades-1A, IKONOS,
GeoEye-1, WorldView-2,3, have become operational over the past decades, offering
data at finer than 10-m spatial resolution have also been used for fuel mapping [44,
49]. Arroyo et al. [50] explored the utility of high resolution (4 m?) satellite imagery
for the production of fuel type maps using a different data processing approach and
object-oriented classification, which allows for considering spatial context of adjacent
pixels in the eventual generation of the fuel map. It was concluded that this approach
produced higher accuracies than would have been generated using traditional max-
imum-likelihood classifiers. Such data can be used for pre-fire studies, but hurdles
such as high cost per scene and the limitation common to most of optical sensors, the
inability to penetrate forest canopies [51].

Beyond optical remote sensing satellites active sensors such as SAR and Lidar
have been used to estimate vegetation characteristics that are critical for fuel type
mapping, such as foliar biomass, tree volume, tree height and canopy closure [52, 53].
Lidar data is used in combination with other remote sensing data airborne or space-
borne to estimate vegetation characteristics [49, 54].
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Sensor Spatial Temporal Advantages Disadvantages Info
resolution resolution
Landsat 15-30 m 16 days Free and easily Lack of canopy https://landsat.
MSS,TM, accessible penetration, gsfc.nasa.
ETM+, OLI low temporal gov/satellites/
resolution landsat-8/
Sentinel-2 10-60 m 5 days Free, relatively Lack of canopy https://sentinels.
high spatial penetration copernicus.eu
and temporal
resolution,
multiple near-
infrared (NIR)
bands
MODIS 250 m-1km 1to 2 days Free and easily Lack of canopy https://modis.
accessible, penetration, gsfc.nasa.gov/
high temporal coarse spatial about/
resolution, resolution limits
large area analysis of smaller
analysis areas
Pleiades 0.3-1.2m 1-3 per High spatial High cost https://earth.
Neo day resolution esa.int/
eogateway/
missions/
pleiades-neo
AVIRIS 420 m Airborne High spatial High cost, https://avirisjpl.
resolution, complicated data nasa.gov/
hyperspectral processing
sensor
AVIRIS-NG 0.3-4.0m Airborne High spatial High cost, https://avirisng.
resolution, complicated data jpl.nasa.gov/
hyperspectral processing aviris-ng.html
sensor
Hyperion 10-30 m 16 days Free and easily Decommissioned https://
accessible, 2017 WWW.usgs.
hyperspectral gov/centers/
sensor eros/science/
usgs-eros-
archive-earth-
observing-one-
eo-1-hyperion
UAV High Airborne High spatial Cost it depends
centimeter- resolution, from the sensor,
level hyperspectral low endurance for
sensor, lidar areas 1-10 km?
sensors
Table 1.

List of sensors commonly used or with potential usage in forest fires vesearch.

Remote sensing provides also topographic data as slope, aspect and elevation that
all influence the risk of an area to fire ignition and/or spread [55]. In terms of terrain
factors, altitude and slope can affect the moisture loss of vegetation, and in contrast,
the aspect affects the amount of solar radiation received by vegetation, directly
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affecting the vegetation drying degree. For forests, terrain differences lead to differ-
ences in wind, water balance and heat transfer between different areas, affecting the
spread of fire [56].

Another pre-fire condition that remote sensing systems provide is the historical
statistical data about the date and time of the fire, fire location (administrative dis-
trict), fire size by land use category and fire cause [57, 58]. Historical data can be used
to evaluate the accuracy of the fire hazard maps or the fire risk maps and the models
used. Examples of remote-sensed databases of fire activity include the World Along
Track Scanning Radiometer (ATSR) Fire Atlas [59], the MODIS and the VIIRS Active
Fire Products [60] and the LSA SAF Fire Products [61].

In the last decade, unmanned aerial vehicles (UAVs) have become more afford-
able and one of the most important remote sensing data sources in various natural
resource management applications [62-64]. UAV can use a variety of sensors, includ-
ing visible light, near infrared (NIR), shortwave infrared (SWIR), thermal infrared
(TIR), SAR and Lidar sensors. UAV optical sensors, including visible, NIR and SWIR,
also record data as multispectral or hyperspectral bands [65, 66]. Since the sensor
technology advances, increasingly smaller, lighter and cheaper sensors have become
available for UAV remote sensing applications. Manfreda et al. [67] and Constantine
and Rey [68] provide detailed introductions to various UAV remote sensing systems.
Also, Dainelli et al. [69] provide a systematic review analysis of unmanned aerial
vehicle (UAV)-based forestry research papers.

Remote sensing provides data about proximity to human settlement/infrastruc-
ture to identify areas at risk of fire occurrence. Forest fires in the Mediterranean
Europe and in Mediterranean basin in general are mostly related to human activities.
More than 90% of fires originate from either deliberate or involuntary causes [70]
Mapping ignition risk is an important tool for managers, helping to improve the effec-
tiveness of fire prevention, detection and firefighting resource allocation [71, 72].

In Mediterranean basin, in California and in Australia, electric power infrastruc-
ture has ignited several of the most destructive wildfires in recent history, even if
there is a gap in published research work on wildfire prediction when the root cause
of the fire is linked to the power grid infrastructure—despite the fact that some of the
most devastating wildfires were sparked by power grids [73]. Remote sensing (RS)
and geographic information system (GIS) technologies and their derived applications
are effective tools for power line surveillance and disaster prevention [74]. UAVs can
be used for detailed map of electric power grid and for identifying utility systems that
pose a fire risk [75, 76].

Several methods have been used widely for forest fire occurrence. Based on the
literature, there are two main methods and techniques for this aim, namely, data-
based (machine learning (ML)) and knowledge-based methods [77]. Numerous
studies used knowledge-based methods for forest fire susceptibility mappings, such
as fuzzy logic [78], the analytic hierarchy process (AHP) [79] and the analytical
network process [80]. In recent years, an obvious trend in the use of machine learn-
ing algorithms is in a wide range of natural hazard assessment disciplines [81, 82].
Machine learning (ML) methods, such as logistic regression [83], artificial neural
networks [84, 85] and Random Forest [86, 87], are also used for forest fire hazard
mapping.

An example of fire hazard mapping is Fire Hazard Severity Zones Maps in
California USA and it is produced by State of California and the Department of
Forestry and Fire Protection. The Fire Hazard Severity Zone (FHSZ) maps are
developed using a science-based and field-tested model that assigns a hazard score
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based on the factors that influence fire likelihood and fire behavior. Many factors

are considered such as fire history, existing and potential fuel (natural vegetation),
predicted flame length, blowing embers, terrain, and typical fire weather for the area.
There are three levels of hazard in the State Responsibility Areas: moderate, high and
very high (Figure 2) [88].

2.2 Fire risk mapping

Fire risk mapping also includes dynamic variables such as weather and vegetation
conditions. The result is a map that displays varying degrees of fire risk ranging from
very low to very high. Fire risk maps in short term normally provide risk estimates
that are only appropriate for a short period (days-weeks) after their creation. They
use many of the same inputs as fire hazard maps but also include variables that are
continuously changing such as fuel moisture content, weather conditions and veg-
etation conditions [9, 89]. Live fuel moisture content (LFMC) is one of the critical
factors affecting fire ignition and fire propagation, and therefore is taken into account
in most fire danger and fire behavior modeling systems [90]. Dead fuel moisture
conditions also affects fire ignition and fire propagation and the computation is easily
estimated from weather data and fuel characteristics, because dead fuel moisture is
in balance with that of the surrounding atmosphere [91, 92]. Several studies con-
ducted in a wide range of ecosystems have found a significant correlation between
burned area and LFMC [93, 94]. Accurate and comprehensive spatial and temporal
estimations of LFMC are essential to assess wildfire danger [95] and to develop early
warning systems for the evolution of critical conditions [96]. Field-based estimations
of LFMC are labor and time intensive as well as costly, and they cover small areas and
are difficult to be frequent.

Remote sensing methods cover large areas and this is why remotely sensed images
have been used extensively for estimation of the LFMC using various methods, which
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Figure 2.
California fire Hazard severity zone viewer web mapping application.
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may be generally classified into statistical (empirical) [97, 98], physical model-based
approaches [99, 100] and recently machine learning approaches [101, 102].

The use of satellite data in LFMC estimation has been focused on coarse
spatial resolution remote sensing data such as moderate resolution Imaging
Spectroradiometer (MODIS) and Advanced Very High-Resolution Radiometer
(AVHRR). Combinations of spectral indices have been successfully employed to
estimate LFMC [94, 97, 103] usually including the reflectance in the near infrared and
the reflectance in the 1.6-pm region [104, 105]. Other studies implement also thermal
data to estimate LFMC [106], different satellite data (Sentinel-2) in combination with
meteorological variables or without [107, 108] and microwave remote sensing [102,
109, 110]. Yebra et al. [111] reviewed the use of remotely sensed data for estimating
LFMC with particular interesting toward the operational use of LFMC products for
fire risk assessment.

Fire Weather Index (FWI) module of the Canadian Forest Fire Danger Rating
System (CFFDRS) is widely used in several countries such as Alaska, USA [112];
Indonesia and Malaysia [113]; Portugal [114]; Spain [115]; and others. It is also part
of the European Forest Fire Information System (EFFIS) (Figure 3) [116]. The FWI
System has six components rating fuel moisture content and potential fire behavior in
a common fuel type (i.e., mature pine stand) and in no slope conditions.

Calculations are based on daily noon measurements of air temperature, relative
humidity, wind speed and previous 24-h precipitation. Despite the global acceptance
of the FWI, it has an inherent problem in delineating the spatial dynamics of the
danger conditions, as it employs geographic information system (GIS)-based inter-
polation techniques [117]. Sirca et al. [118] assessing the performance of several fire
danger indexes in the Mediterranean area concluded that FWI yielded better predic-
tions than the other indexes.

In Italy, the Civil Protection adopted the RISICO model, which is a fire danger rating
system that was developed specifically for the vegetation cover of the Mediterranean
[119]. RISICO integrates meteorological observations and forecasts from an NWP
(Numerical Weather Predication) Limited Area Model (LAM) and ECMWF-Integrated
Forecasting System (IFS) with vegetation cover and topography data. Another project
developed in Sardinia, Italy called Daily Fire Hazard Index (DFHI) [120], the index is
computed using satellite images and the meteorological data.

B Fire Danger Forecast
i (ECMWFIFWI)

Very Low Danger

Figure 3.
Forest fire danger forecast in the pan-European region for 02 Jun 2022 © EU, 2022.
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3. Fire detection and monitoring fire conditions

Fire detection is the earliest critical stage of forest fires management, which is
aimed at either fighting or monitoring the fire. For firefighting the early detection is
essential; so far, fire detection is based on human observation, the use of fixed optical
cameras to monitor the surrounding environment or aerial survey [29]. The temporal
and spatial analysis capabilities provided by current satellite sensors are not consid-
ered sufficient for firefighting operations by forest fire mangers.

3.1 Spaceborne multispectral sensors

Several of geo-stationary satellite sensors have been used for active fire detection
and monitoring including but not only: Advanced Very High-Resolution Radiometer
(AVHRR), Meteosat Second Generation, Spinning Enhanced Visible and Infra-red
Imager (MSG-SEVIRI), Himawari-8, Geostationary Operational Environmental
Satellite (GOES), DMSP OLS (US Air Force Defence Meteorological Satellite
Programme — Operational Line-scan System), Visible Infrared Imaging Radiometer
Suite (VIIRS) and moderate resolution imaging spectroradiometer (MODIS) [121-
123]. Early attempts of active fire detection and monitoring started during 80" with
the US Forest Service using NOAA satellites to identify forest fires in the western US
[124]. AVHRR was the primary sensor system for active fire detection and monitoring
until the eventual launch during 1999 of the MODIS sensors onboard the Terra and
Aqua platforms [125]. MODIS Terra and Aqua have become the primary sensors at
regional to global scales for active fire detection and monitoring due to their high tem-
poral resolution and special channels designed for fire monitoring. The Aqua MODIS
instrument acquires data twice daily (1:30 PM and AM), as does the Terra MODIS
(10:30 AM and PM). These four daily MODIS fire observations serve to advance
global monitoring of fire processes and their effects on ecosystems, the atmosphere
and climate [126]. Serval operational fire monitoring systems using MODIS active
fire detection include the Canadian Wildland Fire Information System (CWFIS)
(http://cwfis.cfs.nrcan.gc.ca), the USA Active Fire Mapping Service or the European
Forest Fire Information System (EFFIS) (http://effisjrc.ec.europa.eu). In the case
of EFFIS, post-processing filters based on landcover ancillary data are applied to
the MODIS product to reduce the number of false alarms produced by non-fire hot
surfaces (e.g., industrial areas, hot ground soils) and therefore increase the reliability
of the active fire detection [116]. Figure 4 shows active fires monitoring in the wider
Mediterranean region.

Several studies found that MODIS fire detection algorithms had trouble detect-
ing smaller/cooler fires and frequently detected false alarms [127, 128]. Validation of
MODIS and AVHRR active fire products used higher spatial resolution sensors such
as Landsat TM and ASTER to evaluate the performance of the MODIS and AVHRR
products [129, 130]. The accuracy of fire detection is calculated in terms of commission
and omission errors as well as error distributions over various locations. Commission
and omission errors have been reported by many studies errors of omission represent
“failure to detect fires” and errors of commission represent “false alarms or false posi-
tives” pixels identified as fires [130]. Schroeder et al. [127] found errors of commission
of approximately 35% over areas of active deforestation, and similarly, Forghani et al.
[130] report that overall commission errors of MODIS and AVHRR hotspots over the
5% sample data were 15 and 68%, respectively, and overall omission errors of MODIS
and AVHRR hotspots were 17 and 23%, respectively. An interesting comparison of the

101



Geographic Information Systems — Data Science Approach

Figure 4.
Active fires from MODIS during June 2022 © EU, 2022.

suitability of some of geo-stationary satellite sensors (AVHRR, MODIS, DMSPOLS)
for fire detection was carried out by Cahoon et al. [131]. They found in their study that
the minimum size for a detectable fire was approximately 213 m2 for MODIS, 435 m2
for AVHRR and 45 m2 for DMSP-OLS, for a nominal fire front temperature of 1000 K
and a background temperature of 305 K. Maier et al. [132] determined a minimum
fire size of 100-300 m2 for the detection by the MODIS algorithm. Evaluation of the
MODIS active fire product to quantify detection rates of both Terra and Aqua MODIS
sensors was carried out by Hawbaker et al. [133]. Finally, MODIS had the ability to
capture large fires in the US, but may under represent fires in areas with high cloud,
rapid burning or small- and low-intensity fires that are often undetected.

To address these limitations found during evaluation of the MODIS fire detection
algorithm, NASA’s Earth Observing System periodically reprocesses the raw instru-
ment data archive using newer fire detection algorithms. In the MODIS version 3
active fire detection algorithm’s sensitivity to small fires was sacrificed to reduce false
alarms over certain surface types during the day [134]. The MODIS 4, contextual fire
detection algorithm was enhanced, which increased the ability to detect small cool
fires [60]. For the recently released Collection 6 MODIS fire products, bands 1 (red),
2 (near infrared), 7 (short-wave infrared), 21 (thermal infrared over a wide-range
centered on 4 pm), 22 (thermal infrared in a narrow-range centered on 4 pm), 31
(thermal infrared at 11 pm) and 32 (thermal infrared at 12 pm) are used to identify
1-km “fire pixels” that contain at least one active fire at time of acquisition [128].

Further than MODIS, recent studies have used data from the Landsat 8
Operational Land Imager (OLI) [135] and Sentinel-2 sensors [136]. Also, the use of
geostationary weather satellites and their ability to detect active fires have been a
research topic of great interest for several years [137-139].

Active fires can be detected by a wide variety of spectral sensors, but as active fire
products are usually used to monitor ongoing fires and the ideal sensors for detecting
them will possess a high temporal resolution; at the same time that kind of sensor
have low spatial resolution. While sensors with higher spatial resolution like Landsat
satellites and Sentiel-2 satellites work well for detecting active fires, their low tem-
poral resolution makes them less than ideal. This is the reason why most active fire
products are generated from sensors such as MODIS and VIIRS, as these sensors have
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avery short revisit time (<2 days) allowing for the active fire products to be rapidly
updated [17]. Geostationary satellites have even higher temporal resolution, with
updates every few hours or less. However, these high temporal resolutions come at the
cost of lower accuracies due to the omission of smaller/cooler fires and commission
errors caused by activities such as deforestation [127, 132, 140].

3.2 UAVs

The MODIS satellite imagery with the high temporal resolution (1-2 days
revisiting time) is commonly applied in forest fires detection and monitoring.
However, the low spatial resolution of MODIS is insufficient for this task at local
scales [65]. During the last decade, we have seen a great progress in the field of using
unmanned aerial vehicles (UAVs) for forest fire monitoring, detection and even
fighting [141]. UAVs have become smaller, more affordable and now have better com-
putation capabilities than in the past making them reliable tools for remote sensing
missions in hostile environments [142]. UAVs provide rapid, mobile and cost-effective
sensor systems that are currently being adopted for fire detection and monitoring
[143, 144]. In their review of UAVs applications for forest fire monitoring, detection
and fighting, Yuan et al. [144] define fire monitoring as involving the active search
for possible fire occurrences, while fire detection involves the identification of fires
in progress. UAVs used for fire monitoring and detection rely on sensors operating in
the visible and thermal infrared wavelengths. In a more recent review of UAVs usage
in forest fires, Akhloufi et al. [145] present a survey of different approaches for the
development of UAV fire assistance systems. They conclude that UAVs can play an
important role in the fight against wildland fires in large areas and with the decrease
in their prices and their wider commercial availability, new applications in this field
will emerge. However, limitations remain such as autonomy, reliability and fault toler-
ance; also security issues are a concern, as there are risks associated with having UAVs
flying over firefighters or close to aircraft carrying water and fire retardants [145].

4. Post-fire condition management

The application of remotely sensed imagery to monitor and assess the impacts of
fire on local and regional environments can be broadly divided into several applica-
tions such as burnt area mapping, burn severity assessments, vegetation recovery
monitoring, effects on soil erosion, and general fire effects on air quality, soil, vegeta-
tion and fauna.

4.1 Burnt area mapping

Remotely sensed data have been extensively used for burnt area mapping at local,
regional and global scales [146, 147]. Burned area mapping is critical importance for
forest managers, climate scientist and policy makers; they provide accurate spatial
representations of fire extents and perimeters. Accurate maps of the areas affected
by forest fire are needed for rehabilitation planning, calculating the economic and
environmental cost of fires, and for regional and global scale estimates in gas and
particulate emissions [148, 149].

Fires produce a significant change in the structure and the reflectance of vegeta-
tion and the soil properties within the burnt area that are noticeable in the microwave,
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visible and especially the infrared part of the electromagnetic spectrum [29]. The
sensors used for burned area mapping differ depending on scale and purpose of the
assessment. Since the 1980s, the majority of techniques have been developed for data
acquired from the AVHRR sensor, and as such were restricted to a limited number of
reflectance and thermal bands; most commonly method used is multi-temporal com-
parison of NDVI [150, 151]. Although data from the AVHRR sensor have low spatial
resolution (i.e., 1.1 km), global data have been obtained from a series of different sat-
ellites since the 1980s allowed the long-term monitoring of large-scale fires in remote
and isolated areas. During 2000s, other global burnt area datasets were derived from
SPOT Vegetation and the ATSR-2 on board of Envisat [152-154]. Partial validations
of the global burnt area products were performed by Roy et al. [155], Boschetti et al.
[156] and Roy and Boschetti [157]. Pereira et al. [150] showed that the accuracy of
the results for mapping burnt areas with AVHRR data in the Mediterranean region of
Europe was about 80% for large fires. The methods were considered suitable only for
fires larger than 1000 ha and reliable for fires larger than 2000 ha. However, the map-
ping of those fires would correspond only to approximately 30 and 21%, respectively,
of the total yearly burnt area in the European Mediterranean region.

Until the launch of the MODIS sensor on board of the TERRA and AQUA satel-
lites, there was not a space-based system design specifically to “look” at terrestrial
Earth. MODIS sensors add a new capability for regional mapping of burnt areas, the
availability of free data of medium spatial resolution from the MODIS sensors since
2000 provided a definite impulse for the use of remote sensing at the regional and
global scales [134]. The higher spectral information and the better radiometry of the
MODIS sensor in comparison with the previous sensor systems (e.g., AVHRR—an
atmospheric mission), provided the right data for the mapping of burnt areas at these
scales. At the global scale, the MODIS program has used to produce a standard prod-
uct on burned areas based on a multi-temporal change detection approach to analyze
differences between modeled and actual reflectance, using an algorithm based on
Bidirectional Reflectance Distribution Function (BRDF) change detection approach
[155]. Giglio et al. [147] created an algorithm for burned area mapping using 1 km
MODIS data, the normalized burn ratio (NBR) and temporal texture. The resulting
algorithm (MCD64) was assessed based on Landsat-derived burned area maps for
central Siberia, the western US and southern Africa. They found that the algorithm
performed well overall, except in a closed canopy subregion in southern Africa where
it underestimated burned area. In general, global burned area products have been
shown to exhibit relatively large errors of omission and commission. The accuracies
of several of these burned area products were compared by Padilla et al. [158]. Six
global burned area products were compared using stratified random sampling in the
first attempt to implement a statistically designed sample to validate burned area
products on a global scale. The products used in this study included MCD45, MCD64,
Geoland2, MERGED cci, MERIS_cci and VGT _cci. The study found MCD64 to be the
most accurate, followed by MCD45; however, all the products possessed burned area
commission errors above 40% and omission errors above 65%.

At regional scale, MODIS is operationally used in systems such as Canadian
CWEFIS and the European EFFIS. Two full mosaics of MODIS data are received and
processed daily in EFFIS to provide near-real time monitoring of wildfires and map
burnt areas. The systems are thus updated up to two times daily, providing accurate
information of fire impacts in Europe [159]. Rapid Damage Assessment (RDA)
module of EFFIS was initially implemented in 2003 to map burned areas during the
fire season, by analyzing MODIS daily images at 250-m spatial resolution. Since the

104



Remote Sensing and GIS Applications in Wildfires
DOIT: http://dx.doi.org/10.5772/intechopen.111616

year 2016, the RDA incorporates the mapping of active fires and burnt areas from

the VIIRS Sensor, onboard the NASA Suomi National Polar-orbiting Partnership
(SNPP) and the NOAA-20, which allows the update of burnt areas maps one more
time, every day. The EFFIS from 2018 is started using also Sentinel-2 imagery at
20-m resolution, which allows the detection of fires below the 30-ha threshold and

it is estimated that the areas mapped in EFFIS represent about 95% of the total area
that burns in the EU every year. Figure 5 shows the extent of burnt areas as they were
mapped from MODIS and Sentinel-2 imagery during the last fire season and Figure 6
shows details about the area burnt (dates, location, area, type of vegetation affected).

At national to local scales, the wide variety of remotely sensed products at high
to moderate resolution (1-m to 30-m ground spatial resolution) makes it possible the
accurate mapping of burnt areas. Optical image satellites such as the Landsat-8 and
Sentinel-2 constitute the latest generation Earth observation missions of the United
States Geological Survey and European Space Agency, respectively. The Landsat-8 sat-
ellite, launched on February 11, 2013, has 11 bands ranging in spatial resolution from
15 m (panchromatic) to 30 m (visible, near infrared, short-wave infrared) and then
to 100 m (thermal). Within 16 days’ temporal resolution, Landsat-8 provides 30-m
spatial resolution optical imagery on eight spectral bands via the Operational Land
Imager sensor, which can be accessed freely [160, 161]. Landsat-8 30-m products can
map small and spatially fragmented burned areas greater than 40 ha in size witch
its more detail than other satellite sensors, such as the MODIS 500 m [162]. Sentinel
2 is a high-resolution multispectral imaging satellite composed of Sentinel-2A and
Sentinel-2B satellites. The Sentinel-2 satellite covers 13 spectral bands with ground
resolutions of 10 m, 20 m and 60 m and provides red-edge spectral bands, the satellite
temporal resolution 10 days [163]. Filipponi [164] using threshold-based classifica-
tion for burnt area mapping of on the 2017 Italy forest fires based on Sentinel-2 time
series data reported the methodology generated commission error of around 25% and
an omission error of around 40%.

Since the Sentinel-2 and Landsat-8 have similar wavelengths and the same geo-
graphic coordinate system, several studies combined both sensors for burnt area
mapping [162, 165, 166]. Syifa et al. [166] using SVM and SVM-ICA algorithms for
burned area mapping for the Camp Fire (California, USA) report that the SVM-ICA

Figure 5.
Burnt area mapping MODIS/SENTINEL2 from the last fire season © EU, 2022.
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Figure 6.
Burnt area mapping from a five occurred at July 16, 2022 near Cutro, Crotone, Italy © EU, 2022.

produced a better accuracy (overall accuracies of 83.8 and 83.6% for pre- and post-
wildfire using Landsat-8, respectively; 90.8 and 91.8% for pre- and post-wildfire
using Sentinel-2, respectively), compared to SVM without optimization (overall
accuracies of 80.0 and 78.9% for pre- and post-wildfire using Landsat-8, respectively;
83.3 and 84.8% for pre- and post-wildfire using Sentinel-2, respectively). Different
methods of satellite-based burned area detection have been developed, including
threshold-based methods using multi-spectral bands or spectral indices such as
Normalized Difference Vegetation Index (NDVI), the Soil-adjusted Vegetation Index
(SAVI), and the Normalized Burned Ratio (NBR), supervised classification, logistic
regression, random forest, etc. [162, 165, 167]. Reviews of burned area mapping
algorithms are found in the studies by Boschetti et al. [168] and Chuvieco et al. [169].
Synthetic Aperture Radar (SAR) was also used for burned area mapping mainly in
boreal or tropical regions [170, 171], but some examples for the Mediterranean area
exist [172, 173]. Also, SAR data have been used in combination with optical data for
burned area mapping [174].

4.2 Burn severity and soil erosion assessments

The term fire or burn severity was born out of the need to provide a description of
how fire intensity affected ecosystems, particularly following forest fires where direct
information on fire intensity was absent and effects are often quite variable within
and between different ecosystems [175]. Burn severity impacts vegetation mortal-
ity and soil nutrient composition, and causes increased run-off due to decreased of
organic matter in the soil and the aboveground vegetation [176, 177]. Burn severity is
usually measured in the field using the composite burn index (CBI), which involves
an optical assessment of burned areas to determine the fire impacts on ecological
conditions. Due to the need for a systematic approach to estimate burn severity across
different environments, this approach uses a measure called the composite burn index
(CBI) designed to provide a single index to represent many different phenomena of
interest to land managers [178]. The CBI combines fire severity metrics and ecosystem
responses that include resprouting of herbs, shrubs and hardwood trees, and seedling
colonization. The CBI was created to allow for visual estimates to be conducted by rat-
ing the degree of damage done by the fire, as well as the estimated vegetation recovery
for the area, ona 0 to 3 scale [179].
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Various remote sensors (e.g., MODIS, AVIRIS) have been tested for their ability to
match field measurements of severity and the Landsat Thematic Mapper sensor was
widely accepted as most appropriate for this task [180-182].

Spectral indices, such as the Normalized Burn Ratio (NBR) and NDVI, have been
widely used for assessing burn severity through remote sensing in boreal regions
[183-186]. The NBR has mostly replaced the NDVI as the standard index for burn
severity assessment and been widely used as a means for approximating the burn
severity and burned area using satellite imagery also in the Mediterranean basin [187,
188]. The NBR is calculated using NIR and SWIR data, with the SWIR wavelength
interval generally within the 2.08-2.35-ym range [189]. A numerous differenced
indices for burn severity assessment using multi-temporal satellite data and bi-
temporal image differencing techniques have been used in boreal regions, such as the
Differenced Normalized Burn Ratio (ANBR) [186, 190], the Differenced Normalized
Difference Vegetation Index (ANDVI) [191, 192] and a relative version of the dNBR
(RANBR) [193]. The majority of this indices used NIR and SWIR data, where the NIR
wavelengths are sensitive to the leaf structure of live vegetation, while the SWIR is
sensitive to moisture content and some soil conditions [189, 194]. Vegetation affected
by a fire show decreased NIR reflectance and increased SWIR reflectance [187].

Temporal differences in land surface albedo (LSA) and land surface temperature
(LST) have been used to estimate burn severity [195, 196]. Quintano et al. [195] found
that changes in LST showed high agreement with field-measured CBI when used to
map burn severity for an ecosystem dominated by maritime pine (Pinus pinaster) in
Sierra del Teleno, Spain. Zheng et al. [196] conclude that the results indicated that the
deltaLST/EVI performed relatively better than some commonly used burn severity
indices, and its performance was stable and steady across regional forest areas of dif-
ferent eco-type after fires. However, Veraverbeke et al. [197] and Quintano et al. [195]
found that while changes in LSA and LST were highly related to burn severity they
were highly dependent on seasonality.

With the launch of the Sentinel-2 sensors by the European Space Agency (ESA),
with specific spectral bands to record data in the vegetation red-edge spectral
domain, which is one of the best radiance-based descriptors of chlorophyll content
[198], allowed for the development and application of new spectral indices to dis-
criminate burn severity.

Ferndndez-Manso et al. [199] used Sentinel-2A imagery to examine capabilities
of red-edge spectral indices in the context of burn severity in central-western Spain.
The area is a mixed of shrubs and trees, with maritime pine (Pinus pinaster) and
Pyrenean oak (Quercus pyrenaica) being the dominate species. Results indicated that
the red-edge spectral indices calculated using red-edge 1(B5) and red-edge 3(B7)/
NIR(B8) were most suitable for burn severity assessment. Filipponi [164, 200] tested
Burned Area Index for Sentinel-2 (BAIS2, BAIS2a), based on Sentinel-2 spectral
bands on various study cases in Italy for summer 2017 fires, and results show a good
performance of the index and highlighted critical issues related to the Sentinel-2
data processing. Burn severity assessments require imagery with a high to moderate
(<100 m) spatial resolution such as Landsat series and the Sentinel-2 sensors, and the
limitation of these sensors is the long temporal resolution, which can make the rapid
acquisition of data on post-fire conditions difficult.

With the use of more advanced remote sensing technologies, such as hyperspec-
tral imagery, lidar, radar and UAVs, important fire effects may be more accurately
and consistently inferred from imagery with higher spectral, spatial and temporal
resolutions [201]. Lidar sensors provide a relative new technology, which can be used
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for burn severity assessments. Lidar data can provide pre- and post-fire vegetation
structure profiles, which can be used for severity of burning estimations. Wang

and Glenn [202] showed the potential for lidar-derived burn severity estimates is
sagebrush steppe rangelands using average vegetation height change. This method
outperformed the dNBR index estimations, with an overall accuracy of 84%, and
proved to be sensitive to differences between moderate and high severity burns.
Woulder et al. [203] compared changes in boreal forest structure, obtained by lidar
returns, to post-fire conditions, estimated using spectral indices for the Boreal Plains
ecozone in Alberta, Canada. The researchers found that absolute and relative changes
in post-fire forest structure exhibited a high correlation with post-fire conditions. The
synergy of lidar with multispectral sensor data for burn severity assessment is a topic
of ongoing research [204-206]. Viedma et al. [206] crossed high-resolution lidar data,
acquired from an UAV after the fire and fire severity levels based on the relativized
burnt ratio (RBR) derived from Sentinel 2A images acquired a few months before

and after fire. They conclude that lidar metrics derived from vertical canopy profiles
(VCPs) demonstrated promising potential for characterizing fine-grained post-fire
plant structures and fire damage when crossed with satellite-based fire severity
metrics, turning into a promising approach for better characterizing fire impacts at a
resolution needed for many ecological processes.

UAV technologies have seen an important progression in the last decade and
they are now used in a wide range of applications. This technology has recently
been applied to research focusing on burn severity assessment using various sensors
[206-213]. Ye et al. [211] used object-oriented method to determine the optimal
segmentation scale for forest burn severity and a multilevel rule classification and
extraction model is established to achieve the automatic identification and mapping.
The imagery was obtained by a small, multi-rotor near-ground UAV and the results
show that the method mentioned above can recognize different types of forest burn
severity: unburned, damaged, dead and burnt with overall accuracy been 87.76%.
Carvajal-Ramirez et al. [207] employed an UAV carrying a high-resolution multi-
spectral sensor including green, red, near-infrared and red-edge bands. Flights were
carried out pre- and post-controlled fire in a Mediterranean forest. The products
obtained from the UAV were a Digital Surface Model (DSM) and multispectral images
orthorectified in both periods, temporal differences (d) between pre- and post-fire
values of the Excess Green Index (EGI), Normalized Difference Vegetation Index
(NDVI) and Normalized Difference Red Edge (NDRE) index, where used to after
reclassification to produce fire severity classes. It was concluded that ANDVI was the
index that best estimated the fire severity according to the UAV flight conditions and
sensor specifications.

Forest fires can negatively impact water catchments, contaminating, increasing
soil erosion, changing soil composition and slope stability for extensive periods. A
major reason for post-fire assessments of fire or burn severity is that it is used as an
important indicator of the potential water runoff and erosion [214-216], the loss of
vegetation exposes soil to erosion and makes burned areas more vulnerable to runoff
and then susceptible to flood [217].

Several studies used fire or burn severity data derived from remote sensing
applications or/and GIS applications for post-fire soil erosion assessment [217-219].
Lanorte et al. [218] used a distributed model based on the Revised Universal Soil
Loss Equation (RUSLE) to estimate potential post-fire soil loss for four different fire
events occurred in Basilicata region (Southern Italy) during 2017. GIS techniques
and remote sensing data have been adopted to build a prediction model of post-fire
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soil erosion risk. Results show that this model is not only able to quantify post-fire
soil loss but also to identify the complexity of the relationships between fire severity
and all the factors that influence soil susceptibility to erosion. Fox et al. [217] used
POSTFIRE a GIS-based model that maps the burn scar and quantifies fire impacts
on runoff and soil erosion. The model used pre-fire and post-fire satellite images,
calculates the impact of a fire on total rainfall event runoff, and maps soil erosion
rates. Additionally, the model requires a Digital Elevation Model (DEM), a mask of
the general contour of the fire, land cover map, and tables of runoff coefficients and
sediment concentration values for the land covers. Preliminary results from two fires
in SE France indicate the model is simple to use, adaptable to local conditions, and
provides realistic outputs for the burn scar, discharge and soil erosion maps after a

forest fire. UAV imagery has also been used for soil erosion modeling in various types
of landscape [220-222].

4.3 Post-fire vegetation recovery monitoring

Vegetation recovery after a fire event is an important measurement for the
determination of the long-term impacts that fire has on an ecosystem. During the pro-
cess of recovery, vegetation may also be influenced by several environmental factors,
such as fire severity/damage and climatological extreme events. Vegetation recovery
depends on several climate factors, such as the occurrence of droughts, which may
inhibit vegetation growth, but also on precipitation of high intensity, which con-
tributes to nutrient loss and erosion by runoff [223]. Anthropogenic factors such as
grazing can also affect vegetation recovery [224, 225].

Monitoring post-fire vegetation recovery is crucial, as it provides valuable infor-
mation for analyzing ecosystem resilience, for determining landscape dynamics and
for forest management purposes. Post-fire monitoring of vegetation recovery can be
conducted on the field using plots sampling where they measure seedling germina-
tion, plant survival and restoration, and vegetation characteristics [226-228], or with
the use of remote sensing technologies. Since field measurements of post-fire vegeta-
tion recovery are a very challenging and expensive task, remote sensing techniques
are a time- and cost-effective way to monitor post-fire ecosystem recovery [229].
Remote sensing techniques for estimating vegetation recovery can be grouped into
three categories: (1) image classification, (2) vegetation indices (VIs) and (3) spectral
mixture analysis (SMA) [230].

The most practical way to monitor changes over large areas and periods is through
image-processing techniques based on change detection or classification techniques
[231]. Stueve et al. [232] used supervised classification to identify patterns of alpine
tree recovery in Mount Rainer National Park, Washington, USA. They performed
classification analysis of 1970 satellite imagery and 2003 aerial photography to delin-
eate establishment. Local site conditions were calculated from a lidar-based DEM,
ancillary climate data and 1970 tree locations in a GIS. The supervised classification
method proved successful, which can be credited to the very high spatial resolution
of the data used in this study. Salvia et al. [233] used a combination of unsupervised
classification and field data to successfully examine the influence of burn severity on
vegetation cover and soil property recovery in the wetlands of the Parand River Delta,
Argentina.

Geographic object-based image analysis (GEOBIA) is an alternative method for
image classification and uses geographic objects instead of pixels as the spatial unit of
analysis [234]. GEOBIA are techniques that use both spectral response and contextual
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information to assess post-fire vegetation characteristics in groups of pixels (geo-
graphic objects generated by image segmentation). Polychronaki et al. [235] per-
formed GEOBIA-based classification on multi-temporal Systéme Pour I’Observation
de la Terre (SPOT) and European Remote-Sensing (ERS) (C-band VV) images
covering the time period from 1993 to 2007 of Thasos, Greece, to estimate forest
regeneration after two different forest fires occurred 19 and 23 years ago. Using data
from field-stratified sampling, they found that the classification results were vali-
dated, achieving an overall accuracy of 90.5%. In the same area, Mitri and Gitas [236]
used GEOBIA on a combination of very high spatial (VHS) resolution (QuickBird)
and hyperspectral (EO-1 Hyperion) imagery to investigate Pinus brutia and Pinus
nigra regeneration. After classification of the segmented imagery, validation showed
an overall accuracy of 83.7%.

In relation to post-fire vegetation recovery, these indicators used generally rely on
greenness measurements of red-near-infrared (R-NIR) vegetation indices [237, 238].
Several spectral indices based on the NIR is used for post-fire vegetation recovery
estimations; nevertheless, the Normalized Difference Vegetation Index (NDVI),
the Enhanced Vegetation Index (EVI) and the Normalized Burn Ratio (NBR) are
the ones used most frequently [239]. Veraverbeke et al. [240] tested the utility of 13
red-near infrared (R-NIR) vegetation indices (VIs) spectral indices to detect and
estimate vegetation recovery. The study found that the soil-adjusted vegetation index
(SAVI) outperformed the NDVI in areas with a single type of vegetation, NDVI
outperformed the SAVI in areas with heterogeneous vegetation cover and a single soil
type, and overall, the NDVI was the most robust VI for assessing vegetation recovery.
Several studies of post-fire vegetation responses are based on the discrimination of
spectral bands and vegetation indices (mostly NDVI, dNBR and EVI) by MODIS,
Landsat, SPOT and Sentinel multi-temporal imagery in different regions and forest
ecosystems of the world [241-245].

Spectral mixture analysis (SMA) have also used in vegetation recovery monitoring
[246, 247]. SMA studies have shown high correlation between mapped vegetation
recovery and field sampling [248, 249]. There is disagreement on whether the SMA
or spectral index-based approach is most effective at estimating vegetation recovery
[17]. Specific nature of the vegetation’s spectral response and the different compo-
nents of forest recovery, the use of a single method may not be the best option, requir-
ing multiple methods to be deployed in each ecosystem. Riafio et al. [248] and Vila
and Barbosa [250] compared Spectral Mixture Analysis (SMA) against quantitative
vegetation indices (NDVI and Modified Soil Adjusted Vegetation Index (MSAV)), in
different types of ecosystems, such as chaparral shrub communities SMA performed
better in the contrary NDVI was most accurate applicable to coniferous forests with
maquis.

Further than passive remote sensing active synthetic aperture radar (SAR) has
been used for post-fire vegetation recovery assessments [30, 251-254]. Laurin et al.
[30] used Cosmo-SkyMed data in a Mediterranean protected area covered by maquis
to detect the burnt area extension and to conduct a mid-term assessment of vegetation
regrowth. The positive results obtained in this research highlight the importance of
the very high-resolution continuous acquisitions and the multi-polarization informa-
tion provided by COSMO-SkyMed for monitoring fire impacts on vegetation. Several
studies also confirmed that the combination of SAR and optical information was
essential for estimation of regeneration stages in different forest ecosystems [255-257]
and for post-fire vegetation regrowth [258, 259]. De Luca et al. [259] integrating the
use of Synthetic Aperture Satellite Radar (SAR) (Sentinel-1) and optical (Sentinel-2)
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image time series in a Mediterranean ecosystem. They conclude that the use of optical
short-wave infrared (SWIR) and SAR C-band-based data revealed that some ecologi-
cal characteristics, such as the woody biomass and structure, recovered at slower
rates, comparing to those suggested by using near-infrared (NIR) and red-edge data
and they proposed the optimized burn recovery ratio (BRR) for the estimation and
mapping the spatial distribution of the degree of vegetation recovery.

Lidar sensors are capable of penetrating through vegetation and recording forest
structural characteristics [260] makes the system ideal for monitoring vegetation
recovery. Sato et al. [261] estimated post-fire changes in forest canopy height and bio-
mass using airborne Lidar in western Amazonia. Comparing burned and unburned as
control sites found that even 10 years after the occurrence of an understory fire event,
burned forests had significantly lower biomass and height than control sites. Gordon
etal. [262] used lidar data to measure post-fire mid-story vegetation regrowth of open
forests in Australia using also field surveys. They found that the metrics computed
with the lidar data had moderate to strong positive associations with field-derived
metrics and provided a suitable representation of post-fire vegetation cover. Several
studies also have examined the combined use of optical sensor imagery and lidar data
[205, 263-266]. Viana-Soto et al. [266] combine lidar with Landsat imagery to extrap-
olate forest structure variables over a 30-year period (1990-2020) to provide insights
on how forest structure has recovered after fire in Mediterranean pine forests. They
found that less than 50% of the area completely recovered to the pre-fire structure
within 26 years, and the area subjected to fire recurrence showed signs of greater dif-
ficulty in initiating the recovery. They conclude that the use of Landsat data provides
a unique opportunity to analyze the evolution through decades, but the 30-m pixel
size may conceal a larger structural variability within. Even so, cover and height are
important indicators of forest recovery that can be derived to larger areas, providing
useful information to support post-fire restoration activities [267].

In addition to satellite or the conventional airborne sensors, the value of using
unmanned aerial vehicles (UAV) for estimation and monitoring of post-fire forest
recovery has also been incised with the use of a variety of sensors [206, 210, 268-274].
Pidua et al. [268] evaluated effectiveness for Post-Fire Monitoring of Sentinel-2 time
series data in comparison with high-resolution UAV-based data in an area affected by
a fire in north-eastern Portugal. Sentinel-2 images with 10-m resolution, different
spatial resolutions of the UAV-based data (0.25, 5 and 10 m) were used and compared
to determine their similarities. The results demonstrated the effectiveness of satellite
data for post-fire monitoring, even at a local scale as more cost-effective than UAV
data. Talucci et al. [273] evaluate the ability of two vegetation indices derived from
UAV imagery, one based on the visible spectrum (GCC; Green Chromatic Coordinate)
and one using multispectral data (NDVI; Normalized Difference Vegetation Index),
to predict field-based vegetation measures collected across post-fire landscapes
of high-latitude Cajander larch forests. Findings show the utility of UAV data for
NDVTI in this region as a tool for quantifying and monitoring the post-fire vegetation
dynamics in Cajander larch forests.

UAV systems can also be used to deliver temporal digital surface models (DSM)
to detect post-fire changes in vegetation recovery, and the DSMs are produced either
from lidar or using photogrammetric approach from digital imagery. Qi et al. [210]
used drone laser scanning (DLS) and mobile laser scanning (MLS) to describe post-
fire forest structures. There results demonstrate that fused DLS-MLS point clouds
can be effective in quantifying post-fire tree structures, which facilitates foresters to
develop site-specific management plans. Aicardi et al. [272] used change detection
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analysis through a time sequence (2008-2015) of DSMs obtained from lidar and
digital images (UAV), for a forest stand composed primarily of Scots pine (Pinus syl-
vestris) in the Aosta Valley Region, Italy. They conclude that these preliminary results
highlight the usefulness of low cost, highly flexible UAV systems within areas affected
by natural or anthropogenic disturbances, given the possibility to fly on-demand
(e.g., immediately after the event) and quickly repeat measures when requested for
environmental monitoring.

5. Discussion and conclusions

This chapter aimed to provide a wide review of remote sensing and GIS applications
in the field of forest fires—wildfires. The topics include fire hazard and fire risk map-
ping, fuel mapping, active fire detection and monitoring, burned area estimations,
burn severity assessments and mapping, soil erosion assessments and post-fire veg-
etation recovery assessments and monitoring. Fire hazard mapping can be improved
with better mapping and monitoring of manmade Infrastructure like power lines
using UAVs with active (lidar) or passive sensors. For fire risk mapping alternative
geocomputational techniques as neural networks, classification and regression trees
(CARTs), fuzzy modeling, and other machine learning techniques are currently a
research subject [275]. Locally fuel mapping can be delivered from UAVs with active
(lidar) or passive sensors in more detailed resolution than satellite data. Active fire
detection and monitoring is limited from the low temporal or spatial resolution of
the available satellite sensors. Smaller and cooler fires have proven difficult to detect
in global active fire datasets and by geostationary sensors [132, 140]. Probably, in the
near future, geostationary satellites with higher spatial resolutions may become avail-
able, allowing for near real-time detection and monitoring of small/cool fires, already
new generation satellites for forest and grassland fire detection have been launched
such as the Himawari-8 launched by Japan, GOES-R/S/T by the United States and
Geo-Kompsat-2A (GK-2A) by South Korea, compared with the previous satellites,
and these new-generation geostationary meteorological satellites have been improved
in spatial resolution and observation frequency [276]. UAVs equipped with infrared
or thermal or RGB cameras can be used where data can provide live feeds and be used
to predict information such as propagation of a fire [277]. For burned area estimates
mostly Landsat, MODIS, Sentinel, AVHRR and SPOT satellites are used, with the
NDVI and dNBR the most frequently used vegetation indices compared to other indi-
ces. Relatively newer sensors as Sentinel-2 have improved the high rates of omission
errors, common when using other satellite sensors, and allow the detection of small
fires (< 100 ha) accounting for a significant proportion of total burned area globally
[278]. Currently, burn severity assessments and mapping are mostly based using
spectral indices such us ANBR (difference of the Normalized Burn Ratio) or relative
differenced Normalized Burn Ratio (RANBR), and classified according to the ground
reference values of the CBI (Composite Burn Index). UAVs equipped with lidar or
hyperspatial sensors allowed the rapid burn severity assessments and further research
is needed to utilize the hyperspatial data provided from UAV sensors. Also, lidar tech-
nology derived from UAVs are able to provide forest structure parameters and become
increasingly available. Similar erosion assessments can improve with the use of UAVs
since they are able to provide higher spatial data. The use of remote sensing to analyze
vegetation recovery is expected to grow even further in application and prominence
as new sensors become available (i.e., UAVs and new satellites) and bring enhanced
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spatial, spectral and temporal resolutions to the observations [239]. Current and
future trends are the combination of remote sensing data from passive and active
sensors either spaceborne or airborne. With the availability of several spaceborne
sensors (passive and active) and the emerging improvements of UAVs technologies
(flight endurance, sensors, affordability), the development of algorithms that can
monitor changes through time irrespective of the characteristics of each platform
[279] will improve the overall accuracy of the assessments in almost all the reviewed
topics. Finally, recent advances in artificial intelligence (AI) will play a growing role
in geospatial technologies as remote sensing (RS) applications [280-282].
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Spatial Cloud Computing Using
Google Earth Engine and R
Packages
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Abstract

Google Earth Engine (GEE) is an open-source spatial cloud computing platform
that can be easily accessed through its native application programming interfaces
(APIs), which are JavaScript and Python. In this chapter, we will introduce the R
package, a non-native GEE API, as a different way to interface with and utilize the
extensive statistical and visualization capabilities of the R package through the RGEE
library. In addition to the fundamental concepts of spatial cloud computing, the
reader will be exposed to the practical side of satellite image processing techniques,
which will include, digital image processing and visualizations.

Keywords: spatial cloud computing, Google Earth Engine, R package, RGEE library,
satellite image processing, image classification, machine learning algorithms, accuracy
assessment, NDVI

1. Introduction

Through the internet or other specialized networks, cloud computing has gained a
lot of attention and is being increasingly utilized. It provides clients with applications,
data, computing processing power, and information technology management as a
service. Individuals could use it for emailing, data storage or photo sharing. It is
used by enterprise businesses for a range of business operations as well as process
management.

Geospatial data, particularly that obtained through remote sensing, is expanding at
an exponential rate and using cloud computing services. For users to handle it profes-
sionally in the cloud, it requires both spatial and programming skills. Google Earth
Engine (GEE) is a well-known example of a cloud-based geospatial platform that uses
Google’s multi-Petabyte data repository to let users analyze and visualize planetary-
scale environmental data.

GEE could be easily accessed through its native application programming inter-
faces (APIs), which are JavaScript and Python. In this chapter, we will introduce the
R package, a non-native GEE API, as a different way to interface with and utilize the
extensive statistical and visualization capabilities of the R packages through the RGEE
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library. In addition to the fundamental concepts of spatial cloud computing, the
reader will be exposed to the theoretical and practical sides of remote sensing princi-
ples, and satellite image processing techniques, which will include, digital image
processing and visualizations.

2. Principles and concepts
2.1 Remote sensing principles

We currently live in a world where the population is constantly growing, and
natural resources are being continuously depleted by land use and landcover improper
management. This situation leads to catastrophic climate change challenges that may
threaten humanity’s very existence. Understanding the Earth’s system and applying
that knowledge to inform our decisions can help us overcome these challenges [1, 2].
Remote sensing is an approach for collecting information about the ocean, land, and
atmosphere utilizing electromagnetic radiation without directly contacting the object,
surface, or phenomenon under investigation [3, 4]. The components of a satellite
remote sensing system are (i) data collection via satellite platforms and sensors, (ii)
data conversion to ground stations, (iii) data processing, and (iv) distribution to users
after applying quality assurance standards (Figure 1).

After the official introduction of GEE in 2010 [5], simple methods for handling
earth observation (EO) data became available. Contrary to the conventional methods
of EO data manipulation, the new methods do not require the user to download or
retain massive datasets, deal with a variety of file formats, or own highly developed
computer systems in order to analyze and visualize EO data.

2.2 Analysis and visualization of satellite data

Images are an efficient way to communicate ideas, and numerous experts say that
a picture is worth a 1000 words. Remotely sensed data are received in image format

Data Acquistion

¥

Data Processing

v

Data Analysis

v 4 v 4

> Consumers || Validation

Figure 1.
Remote sensing components simplified.
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and may contain some systematic or accidental errors as a result of atmospheric
interaction. Before evaluating and interpreting remotely sensed data, the user must be
aware of how to correctly pre-process it; otherwise, they face the risk of depending on
images that have already been processed, unless they were handled by a professional.
The satellite image processing techniques could be categorized into three main
categories [6-8], which are:

i. Image restoration and rectification: it refers to the operations that correct
images from both geometric and radiometric errors. Image restoration may
include georeferencing and haze reduction in satellite images. Image
registration or restoration must be implemented to correct distorted or
degraded image data. The unprocessed image data must first be processed in
order to adjust for geometrical distortions, calibrate the data radiometrically,
and eliminate noise [9].

ii. Image enhancement: It means enhancing the image’s quality so that it is
easier for others to perceive it. This might be done by increasing the contrast
in the image, using filtering, or using any other approaches.

iii. Information extraction and image classification: The purpose of image
classification is to convert the image’s spectral classes into information classes
[7, 8]. With the goal to categorize the pixels with the same spectral values to,
for instance, known land use and land cover classes. There are typically two
main categories, which are: (i) unsupervised and (ii) supervised. In the
unsupervised category, the computer/machine will classify the spectral classes
into information classes without any major user inputs. To get satisfactory
results, the technique is followed by laborious post-classification operations. It
is preferable when working with expansive areas or when the user has limited
background information regarding the image’s classes. However, with
supervised classification, the user selects the training areas, and the computer/
machine creates the classes based on those selections. In both categories, strict
accuracy standards should be adhered by utilizing machine learning (ML)
algorithms. In this chapter, a real example of image enhancement followed by
classification is provided using the RGEE package.

2.3 Image classification and machine learning approaches

We employed a supervised image classification technique in the example at the
end of this chapter, in which the training areas were designated for various land
use land cover (LULC) classes. The location chosen for the test is Wadi Sob, a
well-known watershed in Khartoum State, Sudan. The heart of ML is the exploration
and creation of mathematical models and algorithms to learn from data and get
insights out of that. In ML, the data is split into two subsets: a training test for building
the model and a test subset to evaluate it. In this chapter, we chose the SmileCart
algorithm because it generates clear findings that are simple enough to be
comprehended, can be used to categorical and continuous datasets, is non-
parametric, and makes no prior assumptions. The datasets were divided into two
groups: 80% were used for training, and 20% were used to test and validate the
algorithm’s effectiveness.
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2.4 Normalized Difference Vegetation Index (NDVI)

The normalized difference vegetation index (NDVI) is a biophysical measure. It
measures the difference between the red light, which plants absorb, and near-infrared
light, which plants reflect and is usually calculated by an empirical formula [7, 8].

NDVI = (NIR — R)/(NIR + R).

In this chapter, an example is provided to calculate the NDVI and visualize it using
the rgee platform. The area selected for the test is Kassla State, Sudan.

3. Specificity of spatial data
3.1 Understanding the nature of spatial data

Geographical information science (GISc) is used to identify and characterize
an area of science concerned with the analysis, visualization, and representation
of geo-referenced data [2]. The terms spatial and geospatial data are
interchangeably used to mean any data that contains information about a specific
location implicitly at a global level or explicitly at the local levels up to the GPS
coordinates.

Based on storage and representation approaches, spatial data can be categorized
into two types: vector and raster data. Vector data represents spatial data as points,
lines, and polygons, whereas raster data expresses it as pixels (Figure 2). The
building block of the vector model is the point, a line is a combination of two
points and a polygon is the closed loop of more than two lines. The building block of
the raster model is the pixel (picture element). The pixel is the most tiny
component of the digital display. The spatial resolution refers to the size of the
pixel representing the geographic phenomenon. An image of 10 m resolution-like
that of the Sentinel-2- meaning that every pixel is 10 m x 10 m width. Both vector
and raster data contain attribute values. Raster data is mostly found in
remotely sensed data in the form of satellite images, aerial photos, and digital eleva-
tion models.

Vector

Raster

Figure 2.
Vector (crisp/right) and raster (pixelated/left) models. (Source: https://pygis.io/docs/a_intro.html.)
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3.2 Structure of spatial data

Spatial objects, specifically vectors are categorized as points, lines/poly-lines and
Polygons, and as the building block is the point, once you read the new object you can
view it by seeing the first couple of lines by applying these codes:

# this code will allow you to see the first five lines of the data and having good idea about
its attributes.

head (new object@ ‘data sorucese, n = 5).

head (new object@polygons[[1]] @ Polygons[[1]] @coords, 3).

4. Importance of R in data science and statistical analysis
4.1 R ecosystem

R is an open-source software and interpreted programming general-purpose lan-
guage. R has expanded from a specific statistical language to a larger approach for data
science and beyond the information technology and communication (ITC) industry
[10]. The R programming language has emerged as the de facto data science pro-
gramming language. Its adaptability, power, maturity, and expressiveness have made
it an indispensable tool for data scientists worldwide [11]. Some of the several popular
applications of R include, but are not limited to, ML; predictive modeling; data
visualization; statistical modeling; scraping; dashboard construction; and interactive
websites. Programmers could develop codes efficiently via an integrated development
environment (IDE), R or Rstudio. The user will have a variety of R packages provided
by the Comprehensive R Archive Network (CRAN) https://cran.r-project.org/mirrors.
html.

Figure 3 shows some R essential packages used in data science.

Learning a strong programming language is crucial given the demand for data
science, data engineering, and manipulation of big data. Python, R, SQL, and

dplyr tidyr shiny
plotly ggplot2 caret
tidyverse rmarkdown lubridate
& more

Figure 3.
Essential R packages for data science.
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JavaScript are some of the most widely used programming languages for data
research. R has not been as popular in recent years as Python, but it still attracts a lot
of data scientists in academia since it excels at data wrangling, visualization, and
statistical computing.

4.2 R spatial ecosystem

Spatial data conceptualization has been a part of R from its inception. The devel-
opment of spatial packages that can handle and manipulate both raster and vector data
is a continuous and progressive process [12]. For spatial data entry and analysis,
numerous R packages have been released (Figure 4). sp. and sf, among others, are
used to manage basic features. For manipulating spatial data, rgeos and rgdal are the
most common. The R-based Geospatial Data Abstraction Library (rgdal) is an exten-
sion of the Geospatial Data Abstraction Library (GDAL). For processing spatiotem-
poral data, the Spacetime library was established, and the Raster package was
introduced for handling raster data.

4.3 Familiarity with spatial data in R

The user must have an R package, which could be downloaded from:

http://cran.r-project.org/, make sure to use the most stable version, not necessarily
the latest version. It is preferable to use an R editor like RStudio, or any alternative
editor that you think will work for you. Posit Cloud provides a cloud-based environ-
ment for R (https://login.rstudio.cloud).

Despite the fact that there are thousands of packages, for the purpose of spatial
data manipulation the user may start with these packages: ggmap; rgdal; rgeos; tidyr;
dplyr; maptool; and tmap. To understand the functionalities of each package, use the
help command in R or Rstudio to get the details. You can simply install all the
packages by using the concatenate function and you can upload all the packages as
well by using the lapply function in R.

sp raster leaflet sf
rgdal tmap cartography mapdeck
proj4 maptools spacetime gepstat
& more

Figure 4.
Essential R packages for spatial data analysis.
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# Assign a variable and concatenate the packages to install them.
x < — c(‘rgdal’, rgeos’, 'maptools’,'ggmap’, 'tidyr’, dplyr’, tmap’, 'ggmap’).
# load all the needed packages once.

lapply (x,library,character.only = TRUE).
4.4 Manipulating spatial data with R

One of the most important features of R is the ability to handle spatial data, for
instance reading shapefiles. The library (rgdal), as mentioned previously, as the R
extension for the GDAL library will allow users to manipulate spatial data, you could
read it by using readOGR function as per the example in the code below:

# loading the rgdal libavay for manipulating spatial data.

libvary (rgdal).

new object < — readOGR (dsn = ‘data source name’, layer = ‘the layer’).

The first line of code is for calling the rgdal library, while the second line of code is
used to load the shapefile while assigned to a new object named “new object” in which
the readOGR function is the function to load the file with both the data source name
and the layer names identified. You can try it using your own data. Make sure to set up
the working directory for R properly to read the data without complications. The head
function is usually used to display the first lines, the default output is the first six lines,
but in the above code are only the first three lines as identified by the number 3.

5. Cloud computing

Cloud computing attracted users and enterprises as it simplifies ITC services
because storage and operating systems do not need to be installed or maintained
locally, a third party is taking care of that at a low cost. Cloud computing refers to the
on-demand, pay-as-you-go availability of computer system resources, particularly
data storage and processing power, without direct active control by the user [13, 14].
In Cloud computing, there are three service models: Infrastructure as a Service (IaaS),
Platform as a Service (PaaS), and Software as a Service (SaaS) [14, 15]. IaaS is
regarded as the foundation of the could service, Paa$ is the platform for constructing
applications, and SaaS is where the providers manage every part of the products and
clients are only concerned with accessing the software at their convenience.

5.1 Spatial cloud computing

Spatial cloud computing is a cloud computing paradigm based on geospatial sci-
ences and spatiotemporal principles [16]. There are four service models for spatial
cloud computing [17], which are: (1) Data as a Service (Daas), (2) Model as a Service
(MaaS), (3) Geoprocessing as a Service (Gaas), and (4) Workflow as a Service
(WaaS). The focus of this chapter is considered as Paa$, as it serves as a platform for
developers to create and run scalable applications on the Google Cloud platform.

6. Google Earth Engine platform

GEE is a cloud-based platform to analyze planetary-scale environmental data, that
utilizes Google’s multi-Petabyte data catalog [18], GEE is categorized as PaaS and used
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by scientists, researchers, and developers to identify changes, plot trends, and mea-
sure variability on planetary surfaces. The GEE platform is an all-inclusive develop-
ment and deployment environment for spatial cloud computing that falls under the
PaaS category. The main components of GEE are: (i) Datasets provided by different
agencies, mainly NASA, USGS and the European Space Agency; (ii) Computer power
provided by Google Inc.; (iii) REST APIs/client libraries for making request to the EE;
and (iv) The code editor as an IDE for developers using JS API.

6.1 GEE data catalog

Earth engine as illustrated in Figure 5, is composed of an open data catalog,
computational infrastructure, geospatial APIs and an interactive application server
[5]. Utilizing the petabytes of spatial data archives provided by US government
agencies, the European Space Agency, and many others is now possible as a result of
the introduction of GEE as a spatial cloud computing platform. Below are some
descriptions of the available datasets provided by GEE.

6.2 Landsat data

The Landsat Program is the most extensive and ongoing space-based record of
Earth’s land in existence [19]. The Landsat satellites records offer broad spectral data
extending from visible light to short-wave infrared, as well as covering a long time
period (1972-present). The majority of the data’s spatial resolution is in the 30 m
range, although it can vary depending on the Landsat series and bands that are chosen.
Landsat data is ideal for analyzing changes in land use and land cover as it offers both
rich data and a large time span for tracking changes on the surface of the globe.

6.3 MODIS data

MODIS (or Moderate Resolution Imaging Spectroradiometer), Terra and Aqua
satellites view the entire earth every 1-2 days [20]. The first MODIS was launched in
1999 and acquires the data in 36 bands, with spatial resolution ranges from 250 to
1000 m and spectral bands ranging from 0.4 to 14.4 pm. MODIS excels at observing
significant biosphere changes (“MODIS Web,” n.d.). It is perfect for meteorological
and climate change activities.

6.4 Sentinel data

The Sentinel was launched in 2014. The Sentinel missions carry different sensors
such as radar and multi-spectral imaging instruments for land, ocean and atmospheric

Datasets | | Compute | | APls | | Apps

Figure 5.
Earth engine components. (Source: earthengine.google.)
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monitoring [21]. The sensors are used for depicting land surface changes, inventory of
land resources and depicting pollution on land, water and atmosphere.

7. Interacting with Google Earth Engine

The user needs to interact with GEE via specific APIs to download, process,
analyze, and visualize Google Earth Catalog data. There are two native APIs that
users usually use to interact with GEE which are JavaScript (JS) and Python APIs. In
the following sections, we will explore the rgee package, an Earth Engine client library
for R [22], which enables R users with specific functions to call GEE through the
Python API.

API stands for API, it is a contract that would allow two or more computer pro-
grams to communicate with each other [23] or simply integrate different software
systems [24]. GEE could be accessed easily via two native APIs, which are the
JavaScript and the Python APIs. In this chapter, we will dig deep in exploring the
potentiality of rgee package that integrates R and GEE via an intermediate package
called Reticulate. You can think of a reticulate package as a bridge that connects R and
GEE via the Python APIL

JavaScript is one of the native GEE APIs and is an API that enables GIS developers
to interact with the GEE platform via the Code Editor http://code.earthengine.google.
com. The code editor is the web-based IDE for EE JS. The requirement to access the
code editor is to register for Earth Engine https://earthengine.google.com/ and to have
at least an intermediate familiarity and experience with JavaScript coding. There are
many learning platforms that beginners can start with in learning JS programming,
but https://www.w3schools.com/js/default.asp and https://developers.google.com/
earth-engine/guides/getstarted are good websites to start with.

Similarly, Python API is the other native GEE API that enables GIS developers to
interact with the GEE platform, but via Earth Engine(ee) package and Google Collab
platform (https://colab.research.google.com/notebooks/) or Jupyter Notebook
(https://jupyter.org/).

To start the communication with GEE you need to import the ee library and trigger
the authentication workflow ee.Authenticate(), and initialize the ee library ee.Initial-
ize(). There are many learning websites, but a good start could be the one provided
by Google: https://developers.google.com/earth-engine/tutorials/community/intro-
to-python-api.

7.1 RGEE package bridging Earth Engine and Python API

The rgee package is a non-native R client library that employs the reticulate
package of tools for Python-R interoperability [24] as cited in [18]. The rgee package
enables users to combine the advantages of the R spatial ecosystem and GEE in a
single workflow [18]. Figure 6 explains how the R ecosystem could be integrated with
GEE via the reticulate package and making use of google cloud utilities and assets.

8. Getting access to Google Earth Engine

To get access to GEE, sign up the form in: https://signup.earthengine.google.com,
you will receive an explanatory email on how to get started. Or you have another

147



Geographic Information Systems — Data Science Approach

Reticulate

R Ecosystem

Python EE API

REST API

EE Platform

Figure 6.
The integration between the R ecosystem and GEE via the reticulate package.

Get started using Earth Engine

Earth Engine, Google's geospatial science platform in Google Cloud,
is available for paid commercial use and remains free for academic
and research use. Learn more about Google Cloud projects.

Let's get started:

Register a Noncommercial or Commercial Cloud projec{ )

MNoncommercial users can also use Earth Engine without creating Cloud projects.
Click here for the signup form

Have an existing project? Click here to go to the Code Editor

Figure 7.
A screenshot of the GEE welcoming message.

option to try the code editor, once opening the code editor will receive a welcoming
message (Figure 7), sign up and complete the registration process if needed.

8.1 Trying the code editor

The GEE code editor is a web-based IDE. Figure 8 shows the components of the
code editor and for more information and practice you can visit: https://developers.
google.com/earth-engine/guides/playground

The code editor has many features (Figure 7) that can help the user to take
advantage of the GEE API. The user can examine, display, create, manage, and
exchange data and scripts.

8.2 rgee installation and initialization

The RGEE package’s main purpose is to leverage the workflow between the R
ecosystem and GEE, but it provides other functionalities [18] such as input/output
design, interactive map display, time series extraction and asset management
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Search for datasets or places
Script manager Get a link (URL) to the script

API documentation Save the script
Run the script

Help button
Feedback button

Asset manager

Task manager
Console output

Inspect
locations, pixel
values, objects
on the map

= Layer manager

Figure 8.
The components of the JavaScript code editor. (Source: https://developers.google.com/earth-engine.)

interface. To run and install RGEE properly Python environment version 3.5 or higher
with NumPy and Earth Engine-API packages are required, you can download the
Python version that suits your system from: https://www.python.org/downloads/, for
more details about) Earth Engine Python API visit: https://developers.google.com/
earth-engine/guides/python_install. In addition to python environment the user
should have an active Google account, if you do not have one, you can create it from:
www.google.com and the user should have access to Earth Engine platform and
datasets, either via free non-commercial or commercial access, for more details visit:
https://developers.google.com/earth-engine/guides/access. To use Earth Engine-API
in the local environment, users should download and install Google Cloud SDK, which
can be downloaded from: https://cloud.google.com/sdk/docs/install. To bridge the
Python API with the R software, the user must install and upload the reticulate
package, followed by installing and uploading remotes packages and finally, installing
and uploading the RGEE package which could be downloaded from the GitHub
repository (https://github.com/r-spatial/rgee). There are many ways by which you
can install and upload the above-mentioned packages, but installation codes are a
straightforward way of doing so. Different codes are provided to install the rgee
package from the specified GitHub repository. The first step before rgee installation is
to make sure that the reticulate package and Python 3.5 or greater are installed. Install
the most stable version, not necessarily the latest version, as the stable versions are
more mature. It is recommended that you install Python and create your own working
environment to avoid any interoperability issues with other running applications.
Below are the codes for installing the reticulate package and making sure that Python
is installed and testing the environment. Once the reticulate package and pythons are
installed you can make some simple operations using some Python libraries, like
numpy, scipy, etc.

# install the reticulate package if it is not installed yet.

if (!1(“reticulate” %in% installed. Packages()[,1])) {.

print (“Installing package “reticulate’...”)
install.packages(“reticulate™)
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else {.

}

library(reticulate).

# Testing python envirnment.

Sys.which(“python”).

# check if Python 3 installed.

Sys.which(“python3”).

# Making sure the python popular libraries are functional with reticulate.

np < — reticulatezimport(“numpy”, convert = FALSE).

# do some array manipulations with NumPy.

a < — np$array(c(1:4)).

print(a).

In the above code, the first three lines instruct the program to install the ‘reticulate’
package if not installed yet. The package enables R to extend Earth Engine Python API
classes and functions, you could use the library() function to load the reticulate
package in your R eco-system. The next couple of lines load the ‘reticulate’ package to
the system and test the installed Python package. You can import as many Python
packages to your system according to your needs with the same previous code that
you used in importing the NumPy package and you can just substitute the name of the
packages using the reticulate function. Below are the codes to import the sklearn
package.

reticulate:import(“sklearn”).

# Same function could be used to import other libraries from Python.

The remotes package functionality is to allow installation from remote repositories
(below code). A confirmation message will be received, you may need to update some
needed packages. Once installed and updated, cross-check the installed packages and
make sure, the reticulate, R6 and processx packages are all installed, if not, do install
them. Once all is done perfectly and after executing the initialization function, R will
ask you to enter the verification code (Figure 9). Then a window will open in your
web browser to add your GEE credentials details in the Notebook authenticator. Once
credentials are provided, click on generate a token. In the R environment add gener-
ated token as verification code.

# Install Remotes Packages.

install.packages(“remotes™).

# Load Remotes Package into your R eco-system.

library(“remotes™).

# Install and Load RGEE packages.

remotes:install_github(“r-spatial/rgee”).

library(rgee).

# Install RGEE dependencies packages.

print(“The reticulate package is already installed”)

Commcds  Terminal < Backgeound kb =0
R OR43D.

0.3.355 —

Figure 9.
Initialization of GEE.
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ee_install().

# Make Sure all dependencies installed properly.

ee_check().

# Autherize and Initialize RGEE API.

ee_Initialize().

The first two lines of the code instruct the application to load and install remote
packages which will enable you to install RGEE package from GitHub. Once installed
it should be uploaded to the system. The ee_install() function from the RGEE package
would be used to install the RGEE dependencies and the ee_check() function is used
to check that all the RGEE dependencies are installed. Once all is installed and loaded
properly, a message will be received to inform you about the Python installations with
the available packages installed. The final line of the code above, instructs the system
to initialize the RGEE package which will bridge the gap between the R-ecosystem and
the Python API to facilitate the process of interacting with GEE using R statistical and
visualization power.

9. Case studies

In this section, we are going to walk through three case studies. The first case study
is how to visualize Sentinel-2 datasets provided by GEE. It is a straightforward code
that will allow the user to read, upload and visualize the Sentinel-2 data.

The second case study is how to apply the Normalized Vegetation Difference Index
(NDVI) for the legendary Landsat Data. The NDVI is a commonly used measurement
to determine the density and health of plants from remotely sensed data. It is deter-
mined using spectrometric data of the red and infrared regions of the electromagnetic
radiations. We selected Kassala state in Sudan as it has a history of dry spells and is one
of the drought-prone regions in Eastern Sudan.

The third case study is about the implementation of supervised classification of
LULC for a large watershed in Sudan, Wadi Soba. The user may need to be aware that
the supervised learning needs an appropriate selection of the training areas needed for
the classification process, this may need expert knowledge or a thorough desk review
to interpret the classes. We also applied the SimpleCart ML algorithm as it provides
easily interpretable and visualizable results. The study area of the Soba watershed was
chosen as the area witnessed urban expansions in the last decades that may negatively
impact the area in the future.

9.1 Case study 1: Calculating NDVI for Sentinel-2 images

This case study will showcase how to use RGEE in uploading and visualizing the
Sentinel-2 data (Figure 10). The ee$ImageCollection method is used to add image
collection from the GEE repository. The ee$FeatureCollection is used to load vector
data, which could be applied to clip the region of interest (ROI), which is part of
Kassala State, Sudan in our case, it is an administrative boundary. The following code
illustrates the process of uploading the sentinel image for Kassala State in Sudan using
the RGEE library and GEE. But the user can substitute the data we used with the data
that suits his/her purpose.

# load the RGEE API.

library(rgee).

# 2 Initialize RGEE APIL
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Figure 10.
Adding a Sentinel-2 image using the rgee package for Kassala State, Eastern Sudan.

ee_Initialize().

# 3 Load study area Kassala admin unit will be used as study area.

study_area < — eegFeatureCollection(“FAO/GAUL/2015/level2”) ¢filter(ee$Filter
$eq(“ADM2_NAME”, “Kassala”)).

# 4 Load Sentinel 2 Image.

sentinel2_msi < — ee$ImageCollection(“COPERNICUS/S2”) ¢filterBounds
(study_area)$mean().

# 5 Define visualization parameters in an object literal.

vizParams < — list(.

bands = c(“B5”, “B4”, “B3”),

min = 0, max = 3000).

# 6 set study area as center of Map.

MapscenterObject(sentinel2_msigclip(study_area)).

# 7 Add Sentinel Image to the Map.

MapgaddLayer(sentinel2_msisclip(study_area), vizParams, “S2”).

The RGEE package in the above code is loaded into the R ecosystem in the first line
using the library() function, and it is initialized in the second line using the
ee_initialize() function. Line 3 uses the filter() function to select the Kassala area in
eastern Sudan as the ROI while the ee$FeatureCollection() function loads level 2
administrative boundaries from the Earth Engine repository. In line 4, the ee
$ImageCollection() class is used to load the sentinel 2 image, the filterBounds()
function is used to identify image boundaries, while the mean() function is used to
add mean value from available images in the specified study area. In line 5, object
literal is used to define visualization parameters, bands property is used to select
certain bands from the image, and min and max functions are used to specify the
minimum and maximum values of pixels. In line 6, the centerObject() function is
used to adjust the image to be at the center of the scene. Finally, in line 7, the addLayer
() function is used to add an image to the scene.
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In the second illustration, the NDVI calculation procedure is shown for a region in
Kassala State, Sudan (Figure 11). The NDVI uses band math by correlating the red and
infrared wavelengths of electromagnetic radiation to assess the healthiness of the
vegetation cover in an area. The code below shows case how the NDVI could be
calculated using GEE and RGEE interface.

# 1load the R GEE APIL

library(rgee).

# 2 Initialize RGEE APIL

ee_Initialize().

# 3 Load Landsat 8 Image.

lc_image <— ee$Image(“LANDSAT/LC08/C02/T1/LC08_171049_20220910").

# 4 setting visualization parameters.

vizParams < — list(.

min = 0,

max = 0.5,

bands = c(“B5”, “B4”, “B3”).
)

# 5 Setting map center and Zoom Level.

MapssetCenter(36.1899, 15.5010, 10).

# 6 Add Image to the Map.

MapsaddLayer(lc_image, vizParams).

# 7 Simple Single-Band Vizualization.

ndvi <— lc_image$normalizedDifference(c(“B4”, “B5”)).

# 8 Setting Visualization parameters.

ndviViz <— list(.

min = 0.5,max = 1,

palette = c(“OOFFFF”, “0000FF”)).

# 9 Masking.

ndviMasked < — ndvi$updateMask(ndvi$gte(0.4)).

# 10 Create Region of Interset Geometry.

roi < — ee$Geometry$Point(c(36.1899, 15.5010)) $buffer(20000).

# 11 Set Map center to region of intersets.

MapscenterObject(lc_imagesclip(roi)).

# 12 Using region of interest to Clip and Add Landsat image to the Map.

MapgaddLayer(.

eeObject = Ic_imagesclip(roi),

visParams = vizParams,

name = “Landsat 8”.

)

# 15 Using region of interest to Clip and Add NDVI to the Map.

MapgaddLayer(.

eeObject = ndviMasked$clip(roi),

visParams = ndviViz,

name = “NDVI”

)

The above code explains, how RGEE package is uploaded to the R-ecosystem in the
first line, while the third line explains the way the Landsat 8 image is uploaded. Lines
4 and 5 explain the process of adding the visualization parameters and how to center
the image to the ROI in this case the circle selected from Kassala State. In line 7, the
normalizedDifference() function is used to calculate NDVI, Band 4, represents the red

153



Geographic Information Systems — Data Science Approach

@ Viewor Zoom 3 g X

<

Sim
Sl Leafet | OpenSheeiap costibulons S CARTO

Figure 11.
Adding the NDVI layer to the map.as of September 2022.

wavelength from the visible light and Band 5, represents the infra-red portion of the
electromagnetic radiation. Lines 8 and 9 indicate the codes for visualizing, masking
and displaying NDVIs values more than 0.4, while buffered to the ROI in line 10. The
rest of the code explains the adjustments to center the map and zooming to the ROI.
The final portion of the code, below is to show how to add the NDVI layer to GEE
interface using the RGEE package.

# 16 Using region of interest to Clip and Add NDVI Mask to the Map.

MapgaddLayer(.

eeObject = ndviMasked$clip(roi),

visParams = ndviViz,

name = “NDVI”

)

10. Supervised classification

The principle behind supervised classification is that a user can choose sample
pixels from an image (training areas) that are representative of particular classes.
These sample pixels can then be used to find comparable pixels with the same spectral
signatures and classify them into similar classes. To ensure that the categorization
process produces the desired results, the training regions must be carefully chosen.
Since the process of choosing the training region is widely described in the literature
on remote sensing, we did not concentrate too much on it; rather, the focus of this
chapter is on how we could run the algorithm using the RGEE package.

In addition, the reader will learn how to utilize the SmileCart Algorithm as a form
of ML through the provided code below. The code has been implemented in the Wadi
Soba Watershed of Khartoum State, Sudan. However, it can also be applied by the
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Figure 12.
Showing the LULC classes for Wadi Soba.

reader in other areas. The first steps for adding images, visualizing them and clipping
them to the desired regions of interest are nearly identical to the previous codes. When
it comes to ML, dividing data into training and testing sets is key. The training set is
used to predict classes, while the testing set is used to validate results and determine
overall classification accuracy. The output of the code is shown in Figure 12.

# Load GREE.

library(rgee).

# Initialize RGEE.

ee_Initialize().

# Add Region of Interest to the project and # You may need to store your datasets
in your own EE assets.

roi < — eegFeatureCollection(‘projects/ee-anwareltayeb2/assets/
WADISOBA_WS’).

# Add Classes and # You may need to store your datasets in your own EE assets.

Water <— eegFeatureCollection(‘projects/ee-mohammedaau/assets/soba_water’).

Agric <— eegFeatureCollection(‘projects/ee-mohammedaau/assets/soba_agric’).

Urban <— eeg$FeatureCollection(‘projects/ee-mohammedaau/assets/soba_urban’).

Barren <— ee$FeatureCollection(‘projects/ee-mohammedaau/assets/
soba_burren’).

Rangeland <— eegFeatureCollection(‘projects/ee-mohammedaau/assets/
soba_rangeland’).

# Add Image.

image <— eesImageCollection(“LANDSAT/LT05/C02/T1_TOA”)¢filterDate
(“1984-2001-01’, ‘1984-2012-31’) ¢filter (ee¢Filtersbounds(roi) ) $sort
(‘CLOUD_COVER’) $first().

Soba84 < — imagesselect(c(‘B4’, ‘B3’, ‘B2’)).

Soba84vis < — list(min = 0.0, max = 0.4, gamma = 1.2).

MapgaddLayer(images$clip(roi), Soba84vis,'SobaTM84False’).

Map$centerObject(roi,10).

label < — ‘Class’.
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bands < — ¢(‘B1’,'B2’,'B3’,'B4’,'B5’,'B6’,'B7’).

input < — imagesgselect(bands).

training <— Waterg$merge(Agric)$merge(Urban)$merge(Barren)$merge(Range-
land).

trainlmage <— input$sampleRegions(training).

trainingData < — trainlmage$randomColumn().

trainSet < — trainingDatagfilter(ee$FilterglessThan(‘random’,0.8)).

testSet < — trainingDatagfilter(ee$FiltersgreaterThanOrEquals(‘random’,0.8)).

classifier < — ee$ClassifiergsmileCart()s$train(trainSet,label,bands).

classified <— inputgclassify(classifier).

landcoverPalette <— c(.

“#2c7bbc”, # Water.

“#4dac26”, # Agric.

“#d7191c”, # Urban.

“#ffffbc”, # Barren.

“#b8e186” # Rangeland).

MapgaddLayer(classified$clip (roi),list(palette = landcoverPalette,min = 0,
max = 5),"classification847).

11. Conclusion

GEE, opened a new era in satellite image processing, analysis and visualization, as
it is an open-source spatial cloud computing platform, which is freely available for
users and researchers to access its resources via its native APIs, which are JavaScript
and Python APIs. In this chapter, the rgee package was introduced as a different way
to interface and utilize the extensive statistical components, and visualization capa-
bilities of R software. The reader will be introduced to the Normalized Vegetation
Difference Index (NDVI), one of the most biophysical indices in monitoring vegeta-
tion cover and plants’ health over time. In addition to the fundamentals of spatial
cloud computing, the reader will also be exposed to the practical side of installing,
initializing and running GEE under R. A very good illustration of supervised
classification utilizing the rgee package and ML methods is also provided.
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Chapter 7

A Probabilistic Approach for
Road Network Analysis

David Bavilla, Giuseppe Caristi, Roberto Guarneri
and Dario Lo Bosco

Abstract

Complex networks are networks whose structure is irregular, complex and which
evolves over time and are used in various branches of science and technology, such as
in biochemistry, in the study of interactions in quantum field theory, in the study of
IT processes, topologies in geographical databases and also on the web, in social
networks such as Facebook and Linkedin and in the Google model. The term “com-
plex” itself derives from the Latin cum (together)—plexus (intertwined),
“intertwined together”: it highlights that a complex network system is composed of a
set of parts connected and “intertwined” in such a way that the result (the effect
produced) is different from the sum of the constituent parts. Therefore, the behavior
of a complex system cannot be inferred by a simple analysis of the elements that
compose it, but it is necessary to carry out a systematic examination of the interac-
tions that are generated between them and the constraints that determine their oper-
ation. In this chapter we show how the probability of intersections for the Road
Network Analysis (RNA) can be useful. We use a geometric probabilities approach for
transportation planning operations. We show the utility of the probability of inter-
sections in the determination of a classification rule for raster conversions in Geo-
graphical Information System (GIS) and GRASS GIS.

Keywords: probabilistic approach, geometric probabilities, road network analysis,
graph network, Geographical Information System (GIS)

1. Introduction

The realization of a public investment in mobility and logistic networks can be
tackled by solving a problem of maximizing the “global utilities” associated with the
planned intervention, through special algorithms that allow the systematic evaluation
of the set of variability characteristics and constraints, expressed by equations and
inequalities.

Constraints can also express conditions of nonnegativity of variables, such
as when they represent physical quantities, or upper and lower limits on the
value they can assume in the range of variation (budget, resources, etc.) [1-6].
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These constraints can be algebraically represented by the conditions to which the
action variables are subject and can be expressed by means of equations or inequal-
ities, classifiable as:

* Sign constraints used to indicate that the variables can assume positive value or
equal to 0

x>0 and y>0 (1)

* Operational constraints used to indicate the maximum availability of resources,
also expressed by equations or inequalities.

This approach must also consider the many probabilistic variables obtained from
risk analysis in the various phases of operation and management, up to the
decommissioning of the work, for the entire reference time scenario, in the interval
[0, T1, with T = useful life years of investment plans (such as the more complex ones in
the PNRR).

The variables of the mathematical model used to optimize the results of the prob-
lem represent the unknowns on which the decision must be made and are character-
ized as “decision variables”, represented by specific indicator.

i=1,..,m @)
Tiiy COM { .
v j=1,..,m

The objective function representative of the problem can be minimized, as in
the case of the cost flow analysis C; relating to the network infrastructure in
question and the negative “impacts” on the ecosystem, or maximized if it is
revenue flows or material and/or intangible benefits (including the so-called
positive “externalities”, i.e. positive changes in utility) B;, which must
then be “discounted” in the economic calculation to outline the
decision-making framework from an LCCA perspective—Life Cycle Cost Analysis
(Figure 1) [7, 8].

Therefore, having evaluated the flows of global benefits and those of global costs,
both discounted, the calculation of the cost-benefit ratio can be expressed with the
relationship:

B. = ZbE:i () + Vr< ! ) 3)
docg ((1ir)‘> (

With
Zwizl and ijzl. (4)

The term V, (ﬁ) of the expression indicates the residual value of the network

infrastructure that is the subject of the investment, at the end of its useful life,
estimated equal to “N” years. This can take on positive values, as in the case of the sale
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Initial
Cost

Disposal Service
Cost f Life CVC'E Cost
' Cost
Analysis

( Operating
Cost

Figure 1.
LCCA—Life Cycle Cost Analysis.

and/or reuse of the asset in a production cycle, or negative, when a cost must be borne

for disposal, possible rehabilitation of the area where the public work is located, etc.
Indicating, then, with Cy the discounted initial investment cost if any (B, — Cy) >1

the investment will be economically convenient and can be profitably implemented

[8, 9]. For an n-variable mathematical model to maximize the objective function f it
will be necessary to solve the typical maximum search problem

max [?(xl,xz, e Xy ,xn)] (5)

In the systematic analysis to be conducted for investments in mobility and logistics
networks, since the security of the “network system” is paramount, among the char-
acteristic variables it is necessary to accurately evaluate all the probabilistic indicators
of security.

P (x) (6)
which can be defined algebraically by means of the general mathematical relation:
PSX (x) :fX (Cgr: Ltr, Giczl,... ,n’Ai=1,...,n’ Gézl’ ,k’ Tf":L ,n) ) (7)
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This formula expresses the relationship between global risk management costs C,,
the level of tolerability of the same L,,, the degree of connection of the branches of the

mobility network under study G * and the relative accessibility of said branches

AL as well as the degree of intrinsic safety G5 ~* of the k constituent elements
of the infrastructure in question and the contribution made to safety by the techno-
logical devices operating in the network # itineraries that make up the transport
system in question, which are indicated by T'=%".

Furthermore, the indicator A="-" used above must be mathematically
“weighted”, by introducing into the expression described a special factor “e” associ-
ated with the specific intrinsic conditions of grid reliability, for the management of
emergencies in critical situations (significant weather-climatic events, earthquakes,
landslides, structural failure of works, etc.).

Finally, in the case of non-homogeneity of the level of risk tolerability L, in the
road axes and nodes of the network, the variable L, will in turn be a function of the
different specific levels of risk tolerability, according to the following relationship
which also considers the degree of interconnection of the nodes of the graph in which
the network is geometrically represented (Figure 2).

Denoting with f, the characteristic variable for the generic path “network path”
which connects node #; by axes r; considered in the mobility system.

po=> () (®)
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Figure 2.
Graph of EU freight corridors established by regulation EU/913/2010.
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According to this approach, the risk tolerance level defined above L;, is expressed
by the following relationship:

Ly = [g(L?f)]ﬂw )

2. Graph network geometric model

On the basis of the mathematical formulation of the problem defined above, for the
best representation of the problem, it is useful to carry out an appropriate modeling of the
infrastructural network through a special “graph” characterizing the various its design
components, such as the O-D paths (origin-destination), network (arcs of the graph) and
“centroids” generating and/or attracting traffic (nodes of the graph), as in Figure 2 [10].

Indeed, this procedure makes it possible to carry out a systematic examination of
the many variables characterizing the problem under study, through a relational
structure composed of a finite set of objects (on a more strictly mathematical level, a
finite set of points) and of a set relationship between pairs of them.

In particular, if the pair of nodes is ordered, i.e. if the arcs have an arrival node and
a departure node, the graph is said to be “directed” and an ordered sequence of arcs
identifies the “paths”.

If a quantitative characteristic is also associated with the latter, the graph gives rise
to a particular mobility or logistics “network”. By operating, for example, a specific
mathematical characterization for the railway network, it is possible to carry out a
study of accessibility, even in an emergency (following relevant events), using two
specific indicators:

* Single Accessibility Index (IAS);;

* Combined Accessibility Index (IAC);.

(7333

The variable (IAS), represents the accessibility value of each arc “i” of the railway
network, without considering the interactions between contiguous arcs (the accessi-
bility value of neighboring arcs is not considered).

It may happen that an arc has a limited or zero accessibility value but is interposed
between two highly accessible arcs: it will then be characterized by an accessibility
value (even null), regardless of whether the two neighboring arcs are accessible and
allow therefore to also access the arc in question.

The combined accessibility index (IAC);, on the other hand, considers the mutual
interactions between contiguous arcs.

In this way, within the model, the possibility is considered that an arc with limited
accessibility can still be reached using the neighboring (contiguous) arcs with greater
accessibility, evaluated through the coefficient k.

The representation of the network with special evaluated graphs, integrated by
particular mathematical models of stochastic geometry and geometric probabilities
[11-15], such as those that will be described below, is an important decision aid tool for
investment analysis or for solving design, management and maintenance problems,
and above all for the optimization of operating safety, even in critical conditions, due
to accidental obstacles along the network path, due to adverse meteorological events
(landslides, instability, falling rocks, etc.), or seismic events, etc.

Methodologically, the problem can be analytically tackled through an appropriate
interpretation of the “graph” constructed with “attributes” and thought of as formed
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by a whole union of elementary regular and/or irregular geometric figures, constitut-
ing special lattices R, in the geometric space S”.

By means of specific test bodies (mathematical models) representative of the
vehicles (passenger and/or freight trains for railway networks, or cars, busses, articu-
lated lorries or other types of vehicles for road networks, etc.), it is possible to study
the relative motion given speed V in the lattice R and study any “interferences”
produced by “obstacles” (of given shape and size) that may be found along the
generic arc h—k of the geometric lattice associated with the mobility network under
examination.

These test bodies can be assumed as segments of suitable length 1 (to schematize a
convoy with a large number of carriages, as for example occurs in the composition of a
freight train, etc., or of an articulated lorry in the case of road transport), or made up
of rectangles with sides /; and [, (as in the case of a high-speed train, a regional train,
etc., or even a car along a street).

To arrive at a mathematical resolution of the problem, we will assume in the
following developments that each side of the considered lattice offers the same
resistance capacity to the advancement of the test-body (model).

Furthermore, to operationally address the problems in professional practice,
reference can also be made in the schematization of the “lattices R union of
elementary forms” to a “catalog” illustrated below, built on the results of scientific

Figure 3 - The high-speed train network in East Asia

B 310-350 knwh [ 270-300 km/h | 240-260 knv/h || 200 230 km/h
B <200kmmh Wl in construction

Figure 3.
The high-speed train network in East Asia.
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Figure 4.
Tree on the roadway.

Figure 5.
Accidental obstacles on a railway site.
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studies carried out on the different forms of the regular and irregular geometric
figures constituting a generic network, such as the rail network in Figure 3, referring
to East Asian high-speed trains.

To then define the accidental obstacles on site (railway or road) and interfering
with the movement of vehicles, a different generic shape is assumed (for example,
triangular or circular like the section of a tree trunk accidentally fallen across a road),
or a multi-sided polygon, representative of other possible cases' (Figures 4 and 5).

The mathematical criterion described above makes use of a regular lattice formed
by a union of equal regular polygons obtained starting from a figure called the
“fundamental cell of the lattice”, with only segments of the geometric boundaries in
common.

If in the vertices of the fundamental cell we consider some regular equal polygons,
called “obstacles”, we then obtain a “regular lattice with obstacles™.

As a basic example for the interpretation of the method we can consider the
fundamental cell formed by a square with side A and, as an obstacle, a square with
side a with 2a < A (Figure 6)

If we randomly throw a segment s of constant length 1 onto the lattice, the problem
consists in determining the probability that such a segment s intersects one side of the
lattice. This probability is equal to the probability that a segment s intersects the
boundary of the fundamental cell Cy (Figure 7).

—

We have that area Cy = %2 and we consider the limit positions of s, with Co(p)
being the figure determined by such positions (Figure 8).

Figure 6.
Lattice with square obstacles.

" For the purposes of operating safety, a road case is very different from a “guided guide” railway case:
indeed, as soon as the motorist perceives the presence of an obstacle along the road, he can try to carry out a
maneuver to by-pass it (where the site and traffic conditions allow it), while the driver of a train has the
only possibility of trying to stop the movement of the train before its impact on the track on which it travels.
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Figure 7.
Lattice with rhombus obstacles.

Figure 8.
Lattice of limit positions.

Computing the areas, we obtain

aVeaC/(\)—ab—f— (a — c)lcos, +(b—£)lsin —&—EsinZ (10)
olp) = 5 P 5 )lsinp + = sin2p .

Denoting with M, the set of segments s which have their middle point in Cy and
with Nj the set of segments s which have their middle point in Cy but do not intersect
the frontiers of Cy. Then, the probability is

#(N1)

P =1— ,
o #(My)

(11)

where y is the Lebesgue Measure in Euclidean plane [16].
The measures y(M;) and pu(N;) are computed by the Poincaré Kinematic
measure [17].
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dk = dxndyndp, (12)

where x, y are the coordinates of P and ¢ the defined angle.
Since g € [0, %], by previous formula we have that:

(@a+b-2)1-r

wlab 9 =

int —

In place of the fundamental cell and the obstacles (mathematical models) consid-
ered above, we can consider others representative of the numerous typical cases that it
is possible to examine in the case of complex networks, both road and railway, or
other material and/or immaterial networks (such as web networks, social networks,
economic-financial networks, etc.).

For the practical applications of the method, the following “catalog” allows us to be -
able to consider even irregular grids, given that the conformation of the grid can be
formed by a whole union of various geometric figures of all shapes and sizes.

The segment s considered (“test body™) in the problem of geometric probabilities can
represent—as mentioned—a railway freight train, or a wheeled articulated lorry, but in
other cases other test bodies can be considered, for example rectangles, such as the one
that represents a passenger train (including those for HS/HC) or, in the road case, a

simple car (two-dimensional figure, since one dimension is not negligible compared to the
other) (Table 1).

Elements Catalogue of the road and/or railway network graph

and geometric probability

Network element Obstacle | Body Geometric Probability
test

Regular Polygons

1 a D <> 2(2a+2b)i -1
P . el |

[ Ixah

B O 2+ l)asd

afntab
A ! D
b O 2(2a4b)i-1
- 2rah
B &
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Table 1.
Geometric probabilities applied to network security for different means of transport.

3. Extension model to immaterial networks and social network analysis

The mathematical model described above for material road and railway networks
can be extended to applications for immaterial networks, such as Social Network
Analysis (SNA) and to the study of the so-called “mental map”, for problem analysis
and as a tool decision aid [18-22].
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Indeed, any graphical representation of the thought and theories of the Social
Sciences. Always places the accent on a particular dimension of social reality, making
use of a reticular structure formed by nodes and arcs that connect them, giving rise to
a specific graph of the immaterial network.

Social networks, as a representation of a reticular society or resulting from con-
straints and opportunities emerging from the relationships between subjects, give rise
to graphs of complex networks,” such as the one shown in the following figure, where
the individual subjects from which the various input/output solicitations originate/
arrive are represented at the nodes, while the interrelationships are expressed by the
various “branches”, following a mathematical approach scheme like that of an “O-D”
(origin-destination) matrix of a transport network.

The content generated by the users of social networks has given birth to a
new era of Business Intelligence & Analytics (BI & A) centered on textual analysis
and unstructured content. SNA today increasingly represents a great opportunity
for companies to interact bilaterally with the market, much more effective than
traditional “one-way” marketings and “business-to-market” type techniques.

Furthermore, both in the economic and sociological fields and for applied sciences
in general, the typological structuring of so-called “mental maps”, consisting of the
graphic translation of the paths taken by the human brain for the elaboration of a
thought, i.e. “conceptual maps”, in the exposition of a problem or a complex and
articulated concept with interconnected logical frameworks, also lends itself well to
the modeling interpretation provided here for making decisions.

Through the mind mapping technique, it is possible to describe the complex
process in which the mind associate’s ideas in a non-linear way, processes information
in a creative, intuitive, and figurative way, giving rise to a typical map with a radial
structure, in the form of a particular oriented graph [23].

Some arcs are directed towards the most important node, represented by the
thought processing center (the man who “travels” with his mind): the logical refer-
ence scheme is of the “input-output” type, with complex mechanisms of analytical
reiteration (Figure 9).

In the network there may also be associative relationships between the various
nodes situated on the same level, but the previous and subsequent ones are given by
precise structured hierarchical links (Figure 10).

These tools allow you to put meta-reasoning into practice (allowing you to reflect
on thought in an “introspective” way) and have practical applications that can be used
not only to study, to memorize, or to plan (project management, etc.), but are of
scientific and professional interest in various fields of application, such as forensic
technology, engineering, economic and environmental sciences, artificial intelligence,
medicine (treatment of dyslexia, dysgraphia, learning disabilities) and today they also
find profitable use in the world of the web.

* The research sectors interested in the network optimization approach proposed here are, among others,
Networks and Social Services, Networks and Social Capital, Networks and Social Control, Networks and
Migrations, Networks and Health, Networks and Work, Networks and Education, Networks and Crime,
Networks and Communication, Internet Networks and Virtual Communities, Networks, Organization and
Management, Networks and Power, Scientific Research Networks and Technological Innovation,
Corporate, Economic and Financial Networks, etc.
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Lattice scheme for “mind maps”.

For example, in web marketing mind maps are exploited (using special software).
To create website structures, to organize contents and strategies, while in the field of
blogging they can be useful for identifying tags and categories but also for defining the
contents to be addressed on a blog.
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Furthermore, the contribution of the mathematical criterion proposed here to
Social Network Analysis covers a vast range of operational applications and
could even be employed to determine strategic and tactical actions in crisis
areas or to counter terrorist actions (by collecting various sets of information
and appropriately analyzing and aggregating them): in general, therefore,
this methodology can constitute a valid support for the taking of complex
decisions, when it is necessary that the information collected is examined by a
human controller.

However, for immaterial networks, unlike those transported by road or rail, to
mathematically define the probability of interference between network flows and the
“obstacle” along the path which generates the connection defect in the graph, it is
necessary to refer to a test-body consisting of a segment and look for a flat geometric
figure able to characterize the seriousness of the functional impediment produced.

To this end, a specific degree of impedance of the network was identified
(SNA, Mental Maps, etc.), in analogy to the physical quantity that represents the
opposition force of an electric circuit to the passage of a variable current, in order to
be able to apply the resolution algorithm corresponding to the pre-selected obstacle
also to this type of network, according to what is reported in the aforementioned
“catalog”, where—case by case—the probability of occurrence of interference is
explained.

Based on the above, the catalog already reported for the material networks
examined was completed with the subsequent supplementary abacus whereby,
for each geometric form of “obstacle” considered therein (triangle, semicircle,
square/rhombus, or circle), a precise “degree of impedance” is associated,
synthetically defined according to an ordinal scale, formed by three characteristic
levels:

1.Elevated (triangle)
2.Middle (semicircle)
3.Low (square or other geometric shape of the “catalog”)

Among intangible networks, one of fundamental importance is the
economic-financial network aimed at defining the various logical links
between “operators in the sector” for analysis of the type-flows to be studied
(securities, etc.). However, the WEB network is also of great importance,
considering that, at an international level, even the United Nations Human Rights
Council (resolution A/HCR/20/L.13), has expressly considered the Internet a funda-
mental human right, included in art. 19 of the Universal Declaration of Human and
Citizen Rights.

In this context, a performance element of the reticular system is the speed of the
network (or of the links) in transmitting and receiving data securely.

In the case of a packet-switched network (finite and distinct sequence of data), the
problem generally affects the operation of several networks (Figure 11) and the
metrics that determine their performance are measured in terms of bandwidth, bit
rate, throughput, latency (delays or delays) and packet loss.

In any case, network congestion phenomena must be prevented by monitoring any
traffic excesses that could block data paths along the graph representing the network
structure.
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4. Road network analysis with GIS and GRASS-GIS

The probability can be useful of intersections in the determination of a classifica-
tion rule for raster conversions in Geographical Information System (GIS) and GRASS
GIS for the Road Network Analysis (RNA) [15, 24-27].

To store the referenced information in some regular lattice covering a projected
portion of the Earth’s surface. These lattices might be quadratics in an ecological study
region, square cells on a raster map, rectangular sheets in a map series, spatial parti-
tions of a large geographical database, or zones in a georeferencing system.

The power of such solutions is to characterize the computational complexity of GIS
algorithms and thereby estimate their efficiency [10, 28, 29].

Several papers have employed Buffon’s Needle framework to models of
migration and travel distances. Rogerson [13] developed intraregional
migration distance models; the probability that a move of a given distance will not
cross a regional boundary was estimated under several scenarios. Kirby considered
trip surveys and the probability of undercounting trips that did not cross survey
boundaries.

Geometric probability is a branch of mathematics that is concerned with the
probabilities associated with geometric configurations of objects. Among the most
famous of these applications is Buffon’s Needle problem. The eighteenth-century
French naturalist Buffon conceived of the problem while considering a popular game
of chance in which a stick was thrown upon a tile floor. The problem continues to
appeal to students of mathematics for its variety of elegant solutions [30-32].

In a previous paper Caristi et al. [33] considering the model introduced in the
second paragraph, the variations of the classic Buffon’s Needle problem are of partic-
ular interest. Indeed, if we consider a tile R(a, b, @) composed of irregular fundamen-
tal cells Cy represented as in Figure 12.
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Lattice of limit positions with segment obstacles.

where @ €0, 7/4] is an angle and a > btga.

Denoting with M; and with M, the set of all segments s that have their centre in Coy

and Cg3. Denoting, likewise, with N; and N, the set of all segment s completely
contained within Cg; and Co;. We get:

b AN+ 4(N3)

W)+ u(0M)” (14

where u denotes the Lebesgue measure in the Euclidean plane [14].
To compute the above measures, we use the Poincaré kinematic measure [26]:

dK = dxndynde,

where x, y are the coordinates of the point 0 and ¢ the angle of s.
By Figure 1, 0 <9 <7/2 — a, and we have
7~ %7‘1 /3
u(M,) = J dgoﬂ dxdy = J (areaCoy)dgp = (f - a) aveaCo1,
0 {(x) €Co1} 0 2
I—a ;- /2
u(Ms) = f dgo” dxdy = J (areaCo3)dep = (f - a)areaCog,
0 {(xy) €Cos} 0 2
T ab
W)+ (M) = (5 - @) 5 a6)
and
J(Ny) = J d(pﬂ dxdy = J [areaCon())do (17)
0 {(x,y) € C01} 0
u(N3) = J d(p” . dxdy = J [areaaog((p)}d(p. (18)
0 {eyecon} 0
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Integrating relations (17) and (18) and substituting in (14) we obtain

4 , bl .
P= l—m{al(l—sma)—?(l—sma—i—3cosa) (19)

— 122 [6‘052(14- (Z—a)(l—f—ctga)}}-

Denoting with
(@) = 2al(1— sina) — bl(1 — sina+ 3cosa) — I [cos2a+ (2—a)(1+ ciga)] (20)
=2
we can write
P=1-f(@ ()
T\

We prove that there exists a system value for a,4, b, [ for which the probability P is

maximum. Indeed, for a = £ it is easy to verify thatf'(a) = 0 and f’ "(@) > 0 then the
probability P is maximum.

For our considered lattice we have: Example 1. What is the probability that the
body test is missed during a 2D conversion to raster?

Theorem 1. The probability P_int that a random segment s of fixed length /,
fulfilling the relation / <a/2, uniformly distributed in a bounded region of the plane,
intersects a side of the lattice R(a) is

4 , bl , I?
P= (n—%{)ab{al(l — sina) 75(1 — sina+ 3cosa)f§ [cosZaJr (57 a) (1+ctga)} }

(22)

Corollary 1. For a = %, by (21) we have that 0 <P;;; < - f

We consider a tile R(a a, f) composed of an irregular fundamental cell Co =
C01UCo; represented in Figure 13 where a and f are angles with§ <a< %and f<a
(Figure 13):

In the same way, we have: Example 2. What is the probability that the body test
rectangle is missed during a 2D conversion to raster?

Theorem 2. The probability P;, that a random rectangle » of side 2 and b, uni-
formly distributed in a bounded region of the plane, intersects a side of the lattice

R(a,a, p) is:

Piy = ! ){al [6—4cosa—4cosﬂ+ 1 + 1 )}

3a%(atan a + fran f cosa  cosf

2
(25ma+25mﬂ - %[sma(smaJr cos a) + sin f(sin f + cos f) — acota — ﬂcotﬂ})

—mT(mﬂa—l— sin’p) —acota—ﬁcot/)’}. (23)

179



Geographic Information Systems — Data Science Approach

Figure 13.
Lattice of limit positions with rectangle obstacles.

For m = 0 the rectangle » became a segment of length / and we find the probability
determined in [30].

5. Conclusions

In this chapter we highlight the relevance of geometric probabilities for Road
Network Analysis applications. In particular, we show how the probability of inter-
sections and geometric probabilities approach for transportation planning operations
can be useful.

To begin with we represent the network with special evaluated graphs, integrated
by mathematical models of stochastic geometry and analytically tackled through an
appropriate interpretation of the “graph” constructed with “attributes” and thought
of as formed by a whole union of regular and/or irregular elementary geometric
figures, constituting special lattices R, in the geometric space S™. Subsequently, we
extend the same representation for the Social Network Analysis and in conclusion
we show the utility of the probability of intersections in the determination of a
classification rule for raster conversions in Geographical Information System (GIS)
and GRASS GIS.
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Chapter 8

Applications of Geotechnologies in
the Field of Public Health

Melgris José Becerra and Mariano Araujo Bernavdino da Rocha

Abstract

This chapter discusses the role of epidemiology and the importance of spatial
analysis in understanding patterns of disease occurrence in human populations.
Epidemiologists use inductive and deductive approaches to investigate the relation-
ships between risk factors and health outcomes, using advanced techniques such as
factor analysis, multilevel modeling, and causal diagrams. Spatial analysis plays a
crucial role in medical geography by identifying a disease’s spatial and temporal dis-
tribution. Methods such as point, line, and surface patterns are used to analyze spatial
clusters, connections, and trends in disease distribution. These techniques provide
valuable information for public health decision-making. The COVID-19 pandemic has
highlighted the importance of spatial analysis, using geographic information systems
and web-based tools to track the spread of the virus. Advances in geoprocessing tech-
niques, particularly geographic information system (GIS), have transformed medical
geography. GIS makes it possible to describe, analyze, and predict spatial patterns by
integrating data from different sources and spatial scales. These tools facilitate the
creation of spatially explicit variables and allow the exploration of spatial groupings
and relationships in the data. Considering the spatial context is essential to under-
stand the determinants of health and the influence of the environment on individual
and collective health.

Keywords: epidemiology, spatial analysis, medical geography, geographic information
system, geoprocessing

1. Introduction

Epidemiology is commonly regarded as the methodological backbone of the fields
of public health and outcomes research, as its practitioners describe patterns of dis-
ease occurrence, identify risk factors and etiological determinants, and demonstrate
the utility of interventions [1]. Epidemiological research has made numerous discov-
eries that have contributed to improving public health. For example, epidemiologists
have identified many health risks from active and environmental exposure to tobacco
and have found effective smoking prevention and cessation options.

Epidemiologists are constantly seeking to improve their understanding of patterns
of disease occurrence in human populations [2]. Historically, they have used inductive
approaches to identify simple relationships between risk factors and health outcomes.
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However, many of the more complex relationships between risk factors and outcomes
have yet to be discovered. To address this challenge, techniques such as factor analysis,
multilevel modeling, and causal diagrams have been developed to help understand
these complex relationships. Although these techniques have limitations in their abil-
ity to uncover previously unimaginable interrelationships between etiologic factors,
they have been valuable in advancing epidemiologic understanding [3]. In addition,
epidemiologists have also adopted deductive approaches, such as dynamical systems
models, which allow the prediction of empirical observations and can be particularly
useful in the study of infectious diseases [4]. These advanced mathematical models
can accelerate hypothesis generation and improve our description of a complex world,
allowing epidemiologists to investigate interactions more efficiently between system
elements and establish new hypotheses for further testing and validation.

1.1Importance of medical geography in the spatial analysis of disease

Spatial analysis techniques, such as point, line, and surface patterns, play a
fundamental role in medical geography for disease analysis [5]. These techniques pro-
vide tools to identify the spatial and temporal distribution of diseases, which allows
an understanding of the patterns of occurrence. Point pattern methods allow for
examining the spatial clustering of disease occurrences, while line methods analyze
spatial connections and relationships [6]. On the other hand, surface techniques are
used to identify trends and gradients in disease distribution. In addition, comparison
methods and autocorrelation measures are available to help assess spatial similarity
between different geographic areas. These spatial analysis techniques are fundamen-
tal to understanding the geography of disease and provide valuable information for
public health decision-making.

The COVID-19 pandemic has further highlighted the importance of spatial analysis
in the health field. Maps have been widely used to track the spread of the virus and
understand its spatiotemporal diffusion. The use of geographic information system
(GIS) and web-based tools has revolutionized health geography by providing the ability
to analyze and visualize disease patterns more efficiently. However, spatial analysis of
epidemiological data in real-time presents significant challenges. The speed with which
data are generated for an emerging disease such as COVID-19 requires agile technical
and methodological solutions. Despite advances, challenges exist in real-time data
integration, interpretation of results, and implementation of measures based on spatial
analysis. As we face these challenges, it is critical to take full advantage of spatial analy-
sis techniques to effectively understand and address diseases in the geographic context.

1.2 Evolution of geoprocessing techniques and their influence on the
transformation of medical geography

Advances in geoprocessing techniques, especially geographic information system
(GIS), have had a significant impact on the transformation of medical geography
[7]. GIS has been widely used in epidemiological applications, enabling the descrip-
tion, analysis, and prediction of spatial patterns using geographic data and related
attributes. These tools have facilitated the creation of spatially explicit variables, such
as measures of the built environment, environmental exposures, and demographic
characteristics [8]. In addition, GIS has enabled the integration of data from different
sources and spatial scales, which has improved the visualization, management, and
analysis of information.
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GIS-generated thematic maps have been valuable for identifying high-risk areas,
highlighting health disparities, assessing resources, and generating explanatory
hypotheses [9, 10]. From an analytical perspective, GIS tools have been used to
explore spatial or spatiotemporal groupings, investigate locally varying relationships,
and model spatial dependencies in data [11]. These analytical resources have provided
a deeper understanding of spatial factors and their influence on population health.

It is critical to consider the spatial context in which people live and seek care. The
location and characteristics of the environment can influence health outcomes at
the individual level, as well as access and quality of care at the provider and system
level. Contextual data are important for both the description and analysis of health
determinants. For example, one can examine the distribution of green spaceina
region and develop an index that predicts the likelihood of meeting physical activity
guidelines or individual weight status. In addition, hierarchical models allow one to
examine how outcomes vary at the individual and group levels, as well as to identify
external factors that affect people’s health and well-being. It is essential to consider
the role of “place” in epidemiological analysis, as it can have a significant impact on
health and should be considered in health interventions and policies.

2. Health data processing and geotechnologies
2.1 Definition of geoprocessing and its main applications

“Geoprocessing is a set of computational techniques that operates on georeferenced
databases, which are records of occurrences, to transform them into relevant informa-
tion” [12]. But what is this relevant information? This question is important to under-
stand a type of information called geoinformation and, consequently, other terms related
to geoprocessing, such as geoinformation science, geographic information system (GIS),
remote sensing (RS), digital image processing (DIP), geostatistics and spatial analysis.

Currently, we live, according to Takahashi [13], in a unique moment for the
world society, where information flows at unimaginable speed and quantity, and the
Internet is the icon of this society, known as the Information Society.

Information is generated by the processing or interpretation of data, which is the
symbolic form of representation of reality in a quantified way. For example, when
we write the letters “A” “D” “A” “T”, which are symbols of grammatical reality in the
English language, they have no meaning. However, when we rearrange these same
letters to form the word “D” “A” “T” “A”, we obtain a word with four letters and a
meaning. In this moment of processing the word DATA, information is generated.

In the universe of geoprocessing, we deal with a special type of data, and we
generate very particular information, namely the geographic data and the geoinfor-
mation. Therefore, it is always necessary to work with a location in space. Geographic
data are those that intrinsically have location, such as latitude and longitude, and
geoinformation or spatial information, which is the result of processing spatial data
manipulated by computers, maintaining the location in space.

Geoprocessing and remote sensing are two disciplines or technologies that provide
the basis for geoinformation science and are equipped with computational tools,
such as GIS and PDI, respectively. These technologies, together with geostatistics
and spatial analysis techniques, form a set called geotechnologies. Figure 1 presents
a visualization of the hierarchy and connection between these concepts, and Table 1
presents the concepts of each of these terms based on prominent sources.
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Figure 1.
Relationship between various terms related to geoprocessing. Source: The authors.

Terms Concepts Sources
Geoinformation Study and implementation of different forms of computational Céamaraetal.
science representation of geographic space. [14]
Geoprocessing Set of technologies that enables the manipulation, analysis, simulation, Fitz [15]

and visualization of georeferenced data.

Remote sensing Technology of obtaining data from the Earth’s surface as images by Jensen [16]
capturing and recording electromagnetic energy emitted or reflected
by the Earth’s surface.

GIS Set of hardware, software, and peopleware for capturing, analyzing, Silva [17]

storing, managing, and presenting geographic data.

PDI It is a sequence of computational processes that allow the rapid Fuat Ince
manipulation of matrix data for maximum information extraction. It [18]
is viewed in terms of one basic requirement, which is interactive (near
real-time) operation, and two general characteristics, which are high
data volume and the repeated application of a sequence of calculations
to each data element.

Geostatistics Subfield of statistics that studies regionalized variables. Yakamoto
and Landim
(19]

Spatial analysis Set of procedures for the purpose of choosing an inferential model Druck et al.
that explicitly considers the spatial relationship present in the [20]
phenomenon.

Geotechnologies These are sets of scientific techniques and methods applied to the Tbsto et al.
analysis, exploration, study, and conservation of natural resources, [21]
considering different scales and spatial information (geographic
location).

Source: The authors.

Table 1.
Definitions of terms related to geoprocessing.
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2.2 Introduction to geographic information systems (GISs) and their
functionalities

The geographic information system (GIS) emerged in the 1980s, when the price
of computers began to decline enough to sustain the software industry, considering
the cost-benefit of its applications [22]. The timber sector was the first to experiment
with this technology, due to the need to control its resources and regulate their use.
After this moment, the evolution in the technological, academic, and commercial
fields allowed the GIS to be improved according to the new conditions imposed. The
launch of satellites, the availability of satellite positioning systems, the internet, and
more robust software and hardware have contributed to this improvement.

GISs are powerful tools and services for socio-environmental planning. This
system aims to process a large amount of data that describes the environment in an
advanced way, both in ordinary and extraordinary situations. The combined use of
this tool allows us to generate useful scenarios for decision-making regarding land
management [23].

GISs are systems that combine the semantic component of land features (mainly
tabular data) with their georeferenced geometric representation. They are equipped
with various processors and tools that allow the effective representation of the ter-
ritory. For example, digital surface models (DSMs) allow the creation of 3D virtual
worlds with a major impact on communication.

Like any system, GIS is composed of interrelated elements. In this case, the
elements are the software, which provides the functions and tools necessary to
store, analyze, and visualize geographic information; the hardware, which consists
of the set of equipment necessary for the software to perform its functions; and the
peopleware, which refers to the people who, in addition to knowing geoprocessing
techniques, must know the application area to correctly select the variables that will
simplify the analyzed reality.

According to Magalhdes et al. [24], GISs are composed of procedures for
obtaining and manipulating graphic and non-graphic data, responsible for data
entry, database management systems, spatial data analysis techniques, procedures
for data storage and retrieval, and procedures for making results available (visu-
alization, plotting and reporting). What characterizes this system and makes it
unique is the possibility to combine geographic data with alphanumeric data, as
can be seen in Figure 2.

In addition to the function of data storage and information dissemination, GIS also
requires the data acquisition stage. This phase is comprehensive, as it involves several
techniques. Remote sensing is one of them, which aims to acquire information about
targets on the Earth’s surface without direct contact with the object. This acquisition
can occur passively or actively, and the resulting products are satellite or radar images,
as well as graphs, spectral curves, and others. Another form of data acquisition is
through satellite positioning systems, whose function is to collect a pair of coordinates
to locate specific events (Figure 3).

Ramalho et al. [25] emphasize that geographic information system should not be
confused with the same concept of geoprocessing. The latter covers various tech-
nologies for the treatment and manipulation of geographic data through computer
programs. GISs (geographic information systems) are only tools for the realization of
geoprocessing, as illustrated in Figure 4.

Therefore, this system, with its multiple facets, both in the production of maps
and in solving geographic problems and supporting spatial decisions, presents
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Figure 2.

Thge image in the background shows the location of dams in the Amazon through the blue vertical bars, and the
image in the center is a zoom that allows the visualization of the link between alphanumeric data (tabular) and
a spatial data (point geometry) highlighting a mining tailings dam in the Amazon. Source: Adapted from https://
tailing.grida.no/map/data/and https://globaia.ovg/water-anthropocene.

Topographicand Remote Sensing Data GNSS Data

geodetic data

‘ input data

Figure 3.
Example of data input into GIS. Source: Adapted from OXTS (2020) and National Geographic (2023).

elements of paramount importance when connected. A crucial feature is the interop-
erability of data, allowing the integration of information from different sources and a
rapid dissemination of information. The Internet is the available means of diffusion,
being responsible for the dissemination and retrieval of data, with numerous websites
specialized in geotechnologies [22].

This may seem abstract, but GISs are already part of a technological frontier that is
their use on the Internet, through the so-called WebGIS. Among the various examples
that could be cited, the most famous are Google Maps and Google Earth, which are
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Figure 4.

Difference between geoprocessing and GIS. Source: The authors.

certainly used in the daily lives of the world’s population when they are moving
around, either in cities or on trips.

2.3 Using remote sensing to obtain geospatial data

The use of remote sensing to obtain geospatial data is essential in the field
ofgeoprocessing. Geoprocessing and remote ensing are disciplines/techniques that
are increasingly interconnected, serving as tools for interdisciplinary research.

This research has intrinsic characteristics of dialog and integration between several
scientific disciplines [26].

The products generated by the remote sensing tool, through digital image process-
ing, are used as input in geoprocessing through the geographic information system
(GIS). These products are mostly matrix data known as satellite images. These images
are obtained by sensors attached to orbital satellites, which have radiometers capable
of collecting electromagnetic radiation that interacts with targets on the Earth’s
surface. From these data, it is possible to infer values of variables, such as temperature
and air humidity, distinguish different targets on the Earth’s surface, and obtain
digital terrain models [27].

Remote sensors can be imagers or not and can only generate graphics. They can
be manual, such as handheld spectroradiometers, or be attached to balloons, drones,
aircraft, and satellites. These sensors can be passive or active (Figure 5), collecting
part of the wavelengths of electromagnetic radiation emitted by the Sun and interact-
ing with the Earth’s surface, or emitting their own pulses in the microwave range and
interacting with terrestrial targets, returning to the sensor (Figure 6).

To infer values of environmental variables from the Earth’s surface, orbital remote
sensors use characteristics of electromagnetic waves. They capture fractions of the
length of these waves through bands (channels) in the sensors. These fractions are
recorded as electromagnetic radiation flux, also known as radiance, and are stored as
digital numbers (DN) in a matrix. This matrix is further processed to form an image
with understandable data of an environmental variable, which will serve as input for
geoprocessing (Figures7 and 8).
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Figure 6.

Electromagnetic spectrum with its divisions by wavelength and frequency, the wavelength increases in the
divection from right to left of the viewer, and the frequency increases in the opposite divection. Source: https://
science.nasa.gov.

Thus, orbital remote sensors use electromagnetic radiation to obtain information
about the Earth’s surface. By capturing this information through different spectral
bands, they record the radiation as digital values that can be processed to form images
that represent environmental variables. These images are fundamental for geopro-
cessing, providing relevant data for spatial analysis and decision-making in several
areas, such as environmental monitoring, and urban and agricultural planning,
among others.
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Figure 7.
Raw data from passive sensors with DN in a matrix, forming an RGB color composite image and being processed,
generating spatial land use and land cover information. Source: The authors.

Figure 8.
Raw vadar data and its visualization after processing. Source: Maciel and Diniz [29].

Figure 9 shows passive sensors, such as the advanced baseline imager (ABI) of the
GOES-16 satellite, which aims to infer terrestrial meteorological data. Bands 1, 2, and
3 of this sensor store data in bands of the visible and near-infrared electromagnetic
spectrum. This curve is shown in red, where the peaks represent high transmittance,
i.e., a good passage of the wavelengths of radiation that interacts with the target and
is recorded by the sensor. The valleys in the curve show high absorption due to the
presence of atmospheric gases such as ozone and water vapor.

These passive sensors, such as the ABI, are fundamental for the collection of
terrestrial meteorological data. They allow the observation and recording of different
wavelengths of electromagnetic radiation, providing information on atmospheric
conditions and allowing more accurate weather analysis and forecasting. The use of
these passive sensors is essential in monitoring and studying weather and climate,
contributing to the understanding of meteorological phenomena and their impacts on
the environment and society.
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Figure 9.
Atmospheric transmittance of upward electromagnetic radiation from the Earth’s surface. Source: [27].
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Explanation of obtaining the radiation flux at one wavelength with an example of the atmospheric interaction
based on the Schwarzchild equation. Source: Adapted from [27].

The Schwarzschild equation shows how radiance, one of the sensor inputs, is
obtained. In this case, it is used as an example to illustrate the interaction with the
atmosphere, as can be seen in Figure 10.

The Schwarzschild equation is a fundamental tool in the study of electromagnetic
radiation and its interaction with the Earth’s atmosphere. This equation allows the
calculation of radiance, which is the amount of radiation emitted or reflected by an
object in a specific direction.

Figure 10 graphically represents this interaction between radiation and the atmo-
sphere. It can be seen how solar radiation strikes the atmosphere and some of it is
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absorbed, scattered, or reflected before reaching the earth’s surface. This interaction
with the atmosphere has an impact on the data that are captured by the sensors since
the radiation undergoes modifications on its way through the atmosphere.

Understanding and modeling this interaction is essential in the processing of
remotely sensed data, as it allows correcting for atmospheric effects and obtaining
more accurate information about the Earth’s surface.

2.4 Collecting and organizing health data

The merging of geographic data with health goes back a long way. This combi-
nation of information has been recorded since the nineteenth century, when the
English physician John Snow mapped cholera cases and water supply locations in the
city of London, England. Although he used methods that are considered simplistic
by today’s standards and did not rely on the use of hardware and software due to
the lack of these technologies at the time, it was possible to overlay the data and
visualize, through spatial analysis, the relationship between contaminated water
wells and disease outbreaks that resulted in many deaths in the region. This allowed
the implementation of public health measures, such as the closure of these wells, to
contain the epidemic.

Nowadays, with the advancement of technology, the process of building maps
and making decisions has become much faster and more efficient. The possibility of
integrating spatial data with quantitative information on diseases and health care has
been of great importance. A notable example was the real-time and online updating
of data related to the COVID-19 pandemic. As the disease spread around the world
and countermeasures were implemented, this data was constantly updated by various
professional organizations around the world. Figure 11 illustrates an example of this
type of data visualization.

The integration of geospatial data and health information has led to significant
advances in disease monitoring and understanding, enabling better decision-making
and the development of effective prevention and control strategies. This collaborative
approach between the fields of geotechnology and health has proven increasingly
important in the search for solutions to public health challenges.

& COVID-19 Das

10/03/2023, 10:21 6n881 .955

e, 28018

Figure 11.
COVID-19 dashboard: Center for Systems Science and Engineering (CSSE) at Johns Hopkins University (JHU).
Available via the link: https://www.arcgis.com/apps/dashboards/bdaz594740fd40299423467b48e9ecf6.
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2.5 Available health data sources

The main sources of health data are obtained through health information systems
(HIS), which are digital systems that collect data from different sources and make
them available through information technology tools to generate strategic informa-
tion for the benefit of public health. These systems enable decision-makers at all levels
of the health system to identify problems and needs, make evidence-based decisions
about health policies, and optimally allocate limited resources [30]. Some examples of
these systems around the world can be seen in Table 2.

Health information systems collect data from different sources, such as medical
records, health surveys, epidemiological reports, and mortality records. These data
are collected and processed in a standardized way to ensure quality and interoperabil-
ity. In addition, anonymization and data protection techniques are used to ensure the
confidentiality and privacy of individuals’ health information.

The availability of these health data sources has enabled significant advances in
research, epidemiological surveillance, and health decision-making. The data col-
lected are used to identify disease patterns, evaluate the effectiveness of public health
interventions, monitor the spread of infectious diseases, and assess the burden of
disease in different populations.

Health system Characteristics Country
National Health Service This system is made up of other systems such as Electronic Health United
(NHS) Records (EHR), Summary Care Records, and NHS Spine, which Kingdom
is a secure network for sharing patient information between
different healthcare providers.
Veterans’ Health Electronic health record system developed by the U.S. USA
Information Systems Department of Veterans Affairs (VA). It is used to manage VA
and Technology health care delivery and patient information.
Architecture (VistA)
Sistemna Unico de Satide The national public health system has DATASUS (Department of Brazil
(SUS) Informatic SUS), a health information system. DATASUS collects
and manages health data from across the country, supporting
health surveillance, epidemiology, resource management, and
monitoring of health indicators.
My Health Record It is a digital health record system implemented to enable Australia
individuals to securely store and manage their health
information, which can be accessed by health service providers to
support coordinated care and improve health outcomes.
National Health Provides a platform to capture, store, and analyze health data at Ghana
Information System the national level. NHIS supports health planning, monitoring of
(NHIS) health services, and resource allocation.
National Electronic It is a comprehensive health information system implemented Singapore

Health Record System
(NEHRS)

to facilitate the sharing of electronic health records between
different health service providers, supporting care coordination
and enabling health professionals to access patient information
whenever needed.

Source: The authors.

Table 2.
Different health information systems implemented around the world.
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Importantly, access to and availability of health data varies between countries and
jurisdictions, and it is critical to establish policies and legal frameworks that promote
the ethical and safe use of these data. Collaboration between health professionals,
researchers, and decision-makers is essential to make the most of these data sources
and use them to improve the health of populations.

These various health information systems, when combined with GIS, demonstrate
their full potential in generating spatial information in the field of public health,
enabling more informed decision-making.

2.6 Construction of GIS in health

Pina [31] outlines the steps for building a GIS developed for the healthcare sector.
However, the author emphasizes that creating a GIS is not a standalone task for the
healthcare sector, as obtaining spatial data requires contacting municipal or state
planning agencies. These data include information related to infrastructure, basic
sanitation, road networks, and aerial imagery, among others. As data to be analyzed,
one can utilize information from available information systems stored in databases,
such as the DATASUS in Brazil, which is a database of the Unified Health System
(SUS) that provides products and services specifically aimed at the public health
sector.

In terms of GIS software for data analysis, there are several options available,
both open-source and proprietary. Each has its own advantages and disadvantages,
which should be assessed during the system’s design phase for the healthcare field.
Among the open-source software licensed under the GNU General Public License,
one can mention QGIS, driven by volunteers from around the world. On the other
hand, among proprietary software options, ArcGIS Pro by Esri stands out as a global
giant in this market niche, with its slogan “The Science of Where.” Esri developed the
shapefile format in the early 1970s, which revolutionized the storage and processing
of geospatial data.

However, these two elements alone are not sufficient for the construction of a
GIS, as mentioned earlier. Acquiring computers with sufficient processing power
to handle the volume of data entering the system is of great importance. Currently,
with the vast amount of available data, one frontier of this technology is the use of
cloud-based supercomputers, such as Google’s Application Programming Interface
(API), the Google Earth Engine. This enables working with petabytes of geospatial
data [32]. Additionally, skilled individuals in the fields of geoprocessing, remote
sensing, and programming are essential to ensure the successful construction of a
GIS project.

3. Software for geospatial analysis in health

3.1 Geographic information system (GIS) software. Presentation of the main GIS
software used in health

There are many GIS software options available, and each one has tools that can be
used in health applications. However, some of the most used software in this field can
be found in Table 3.

GeoDa is a free and open-source software designed to facilitate spatial analysis and
data modeling.
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Program ‘WebLink

GeoDa http://geodacenter.github.io/index.html
SaTScan https://www.satscan.org

Epi Info7 https://www.cdc.gov/epiinfo
MapWindow GIS https://www.mapwindow.org

QGIS https://qgis.org

Arcgis Pro https://www.esri.com

Source: The authors.

Table 3.
Examples of GIS software.

SaTScan™ is a free software specifically focused on spatial statistics in the health
domain. While it can be used in other areas, it is particularly well-suited for health-
related studies and is supported by international foundations and institutes in the
health field.

Epi Info 7™, developed and maintained by the CDC (Centers for Disease Control
and Prevention) in the United States, is a public software specifically designed
for health applications. It offers mobile, desktop, and cloud versions, allowing the
generation of input databases through forms and enabling spatial analysis, mapping,
and planning of epidemiological surveillance systems.

MapWindow GIS is an open-source desktop GIS software project that provides
flexibility for programming and the deployment of plugins.

QGIS is the most widely used free and open-source GIS software worldwide.
Maintained by volunteers and supported by donations, it offers numerous plugins
and programming capabilities, including Python scripting, attracting a large user
community.

ArcGIS Pro is a proprietary software that allows customization through open-
source code, enabling programmers to develop specific plugins for their work. Itisa
leading software in the industry, although its high cost should be considered during
the planning of the desired solution.

Additionally, Table 4 presents some global geospatial databases in the health field.

3.2 Spatial analysis tools

The description of the main tools and algorithms used in spatial analysis aims to
identify existing patterns in geographic data and determine relationships between
different spatial variables. For this purpose, the tools used in geoprocessing for spatial
analysis are grouped into Spatial Statistics, Geostatistics, Uncertainty Representation,
and Dynamic Modeling [20].

Other classifications of spatial analysis tools can be found in the literature, based
on data models such as points, lines, areas, tabular data, networks, and images [33].
However, Rosa [34] highlights the most common spatial analysis operations in GIS,
which can be subdivided into reclassification, overlay, weighting, cross-tabulation,
neighborhood analysis, network analysis, and querying georeferenced databases.

Reclassification is performed to improve the visual representation of data or when
the attributes of the original data are not suitable for the analysis of the specific problem.
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Database WebLink

The Global Health Observatory https://wwwwho.int/data/gho/data/indicators

Global Health Data Exchange https://ghdx.healthdata.org/

Organization for Economic Co-operation https://stats.oecd.org/Index.aspx?DatasetCode=HEALTH_STAT
and Development

Healthsites https://www.healthsites.io/map

Eurostat https://ec.europa.eu/eurostat/web/gisco/geodata/

reference-data/healthcare-services

Source: The authors.

Table 4.
Geodatabase.

For example, in the MapBiomas project (https://mapbiomas.org/), the categories of
land use and land cover in the Amazon region can be too detailed for an epidemiologi-
cal study that requires relating a specific vector with the environment. In such cases,
the land use and land cover categories can be grouped into a smaller number, indicat-
ing areas with low, medium, and high risk of contact with the vector.

Overlay is often used when extracting data from two or more maps, such as deter-
mining areas where a specific land use type occurs on certain soil types. Soil informa-
tion is contained in one map, while land use information is in another. This function
allows for analysis based on a Boolean approach.

Weighting involves generating a weighted average map based on multiple infor-
mation layers in the database, such as soil, topography, geology, and vegetation cover.
A typical example of weighting is the creation of agricultural suitability maps using
various information layers.

Cross-tabulation calculates the intersection areas between classes from two infor-
mation layers, determining the areas of intersection. Table 5 presents the results of a

cross-tabulation between slope and land use maps in a specific watershed.

These spatial analysis tools play a crucial role in uncovering insights and relation-
ships within geographic data, aiding decision-making processes in various fields,
including public health and epidemiology.

Neighborhood operators select an area located at a certain distance from a feature
of interest. Generally, the user can specify a distance criterion (radius, elevation
threshold, etc.) from an object within the information layer, and this function gener-
ates a new information layer containing the impact zone around the selected object.
For example, from the information layer containing contour lines of a specific area,
anew information layer can be generated using this function to identify areas within
a certain altitude range. An example of applying the neighborhood operation is the
determination of environmental protection areas around watercourses and reservoirs.

Network analysis encompasses a variety of types, and its main applications include
determining the shortest path, flow functions, and hydrology. A complex network
analysis function involves delineating drainage basins by calculating the direction
of surface flow using topographic maps. Another example is evaluating alternative
routes for emergency vehicles based on a combination of total path distance and
anticipated congestion, which is dependent on the time of day.

Querying a georeferenced database, using the key attribute of GIS, which is the
linkage of spatial variables with alphanumeric data stored in a geographic database,
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Land Use and Land Cover Category (%)

<2 2a5 5a10 >10
Forest 549 96,75 9,25 —
Savannah 392,5 2,75 1,75 20,05
Pasture 29,969,75 9207,75 3537,25 565,75
Reforestation 9804,75 1247 188,5 13,5
Perennial Crop 254,25 55,25 — —

Source: Adapted from [34].

Table 5.
Result of the cross-tabulation between two information layers (in hectares).

allows for queries using SQL (Structured Query Language) in many software applica-
tions. For example, using a map and a georeferenced database organized by municipali-
ties, one can answer questions such as: Which municipalities have a population density
equal to or greater than 5 inhabitants per square kilometer? Locate on the map the cities
located within 60 km of municipality X. What is the distance between cities X and Y?

Geographic analysis techniques consist of primitive spatial operations that can be
applied to one or more information layers with the aim of creating new information
layers or calculating measures. The combination of these operations is mostly per-
formed using Boolean algebra.

3.3 Exploration of clustering techniques, density analysis, and spatial
interpolation

Some spatial statistics techniques in geoprocessing allow for confirmatory
analysis, verifying the existence of perceived clusters, or exploratory analysis, search-
ing for cluster patterns. Clustering methods can provide answers to a range of public
health questions, such as: Are there unusual clusters of health events in an area?
Which locations have a high prevalence of a certain disease? Where are the risks of a
disease higher or lower?

Cluster detection methods can be divided into three groups: global methods,
which assess clustering in the entire study area; local methods, which identify the
location of clusters; and specific methods, which evaluate clustering around a point
source, such as a hazardous facility.

The local measure of spatial autocorrelation, known as LISA (Local Indicators of
Spatial Autocorrelation), is a measure of clustering that relates a particular location
to the values of adjacent areas. Conversely, the Moran’s Index (a global method) can
be used to assess whether the sampled data exhibit spatial autocorrelation across the
entire area. The LISA statistic for subareas 7 is calculated using Eq. (1).

L=ZYW,Z, D

i#j

Where z; represents the normalized value of the health indicator of interest in zone
i, and wy is a spatial weight that measures the proximity between zonesiand j [35].
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Figures 12 and 13 provide an example of the Moran’s Index and LISA, respec-
tively, conducted by Anselin [36], using data from a classic social science study by
Andre-Michel Guerry on crime, suicide, literacy, and other “moral statistics” from
1830 in France. In this specific case, a univariate analysis was performed with the
per capita charity donation data (Donatns variable) yielding a Moran’s Index of
0.353, which ranges from —1 to 1. The closer it is to zero, the lower the spatial auto-
correlation. The LISA presents a default result for 999 permutations with a p-value
of 0.05, with the significance mapping shown on the left and the cluster mapping on
the right.

The Kernel density estimation (heat maps) is not a clustering process itself, but
amethod for exploring and visualizing patterns of spatial point data presented in
concentration areas. As explained by Rizzati et al. [37], it involves transforming
point data into a continuous analysis surface through interpolation, allowing for the
examination of potential data trends even in areas where no actual data has been
collected.

Figure 14 visually demonstrates the principle of Kernel density estimation, and
Eq. (2) serves as the basis for calculating the smoothing of probabilities.

2 (P)= i%k(l’ ;Pj @

i=1

Where ) is an estimator that depends on P (locations), R is the radius of influ-
ence, “n” is the events, and “k” is a bivariate kernel function (which can be quadratic,
triangular, uniform, Epanechnikov, or Gaussian).
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Figure 12.

Donations - natural breaks map. Source: Anselin [36].
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LISA at a significance level of 0.05. Source: Anselin [36].

P1
F1—
- e
7 2 RN
o’ Evarrara 8

Radius ofinfluence ",

\ '

w (R) ¥ .

™~ S \ > Intersection of R => Density

Figure 14.
Visual representation of kernel density estimation. Source: Rizzati et al. [37].

3.4 Examples of application of spatial analysis tools in health studies

There are several examples of generating geographic information at different
scales of analysis in the field of health. The research by Kraemer et al. [38] projects
the distribution of diseases such as chikungunya and yellow fever worldwide, consid-
ering variables such as human population, climate, and the main transmission vectors
of these diseases, Aedes albopictus and Aedes aegypti, respectively (Figure15).

On a more regional scale, the spatial distribution of mortality rates from heart dis-
eases can be observed in Figure 16. The map depicts the rates for adults aged 35 years
and older by municipality in the United States from 2018 to 2020. The concentrations
of municipalities with the highest mortality rates from heart diseases, represented
by the upper quintile, are primarily located in Alabama, Mississippi, Louisiana,
Arkansas, Oklahoma, Georgia, Kentucky, Tennessee, and Guam. Additionally,
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(a-d) Projected global geographical distribution in 2050 for Ae. aegypti and Ae. albopictus vectors. (a) Ae. aegypti
(b) Ae. Albopictus. (c-d) Projection under different uncertainty scenarios (c) Ae. aegypti and (d) Ae. albopictus.
Source: Kraemer et al. [38].

pockets of municipalities with high rates can be found in Michigan, Ohio, West
Virginia, Virginia, North Carolina, South Carolina, Missouri, Texas, and Nevada.

An example of analysis at the local scale is the study by Tao and Cheng [39], which
shows the accessibility of health services in Beijing, China (Figure 17).

3.5 The contribution of data science and machine learning in medical geography

Data science and machine learning play a crucial role in the field of medical
geography, and their impact has been emphasized throughout this chapter. The
intersection of data science and machine learning with medical geography represents
a powerful synergy that plays a fundamental role in improving decision-making in
the healthcare domain.

These disciplines provide tools and techniques that enable the analysis and
interpretation of health data in spatial and temporal dimensions, thereby facilitating
informed decision-making [40]. In this context, geospatial analysis, and the use of
geographic information system (GIS) become fundamental allies in exploring the
relationships between health and geographical location. This allows for a deeper
understanding of disease patterns and the spatial and environmental determinants
that influence various health conditions [41].

Medical geography greatly benefits from the application of advanced data analysis
and modeling techniques [42]. The incorporation of geographic information system
(GIS) and geospatial analysis allows for the investigation of complex relationships
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Heart Disease Death Rates, 2018 - 2020
Adults, Ages 35+, by County

Figure 16.
Distribution of heart disease in the United States. Available via the link: https://www.cdc.gov/dhdsp/maps/
national_maps/hd_all.htm.

Spatial acovssibility of the clderly to The accessibility ratio of the elderly to none
healthcare services in Beljing when d 0 % elderly in Beijing
124 minutes.

1w ke—

The ratio between accessibility of the elderly The accessibility ratio of the elderly to non-elderly with
with or without variable demand intensity unigue demand intensity and vatiable mobility

Figure 17.
Model of accessibility to health services in Beijing, China. Source: Tao and Cheng [39].

between human health and geographical location. This spatial perspective reveals
disease patterns that are related to specific spatial and environmental determinants,
providing a deeper insight into the epidemiology of various health conditions [41].
Machine learning algorithms are versatile tools that can be applied to large, complex
medical data sets. This enables risk assessment, diagnosis, and classification, allowing
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for the identification of high-risk areas and the characterization of diseases based on
their impact and other relevant features [43]. The integration of data from various
sources and their standardization through machine learning methods allows for the cre-
ation of unified data sets for data-driven medical research [44]. Furthermore, machine
learning streamlines the integration of health data at the syntactic, structural, and
semantic levels, reducing the need for manual data configuration and refinement [45].

To enhance the processing, analysis, and dissemination of health information
using data science and machine learning, a simple framework is proposed to establish
basic criteria for interrelating variables from various data sources.

4. Data collection

The first step is to obtain reliable data on the type of medical condition under
study, tests conducted, demographic characteristics, mobility, and socioeconomic
factors in the region of interest. Reliable sources include public health reports, govern-
ment databases, and mobility data, i.e., data from primary and/or secondary sources.
5. Data cleaning and preprocessing

This involves addressing missing data, removing outliers, and normalizing data to
make it suitable for analysis. Feature engineering tasks are also performed to create
useful features from raw data.
6. Data exploration

Visualize and explore the data to identify patterns. This could include heat maps of
cases, trend charts over time, and correlation analysis between variables.
7. Machine learning modeling

Utilize machine learning algorithms to predict high-risk areas. Common
approaches include regression or classification models. In this case, the target variable
could be the infection rate or the likelihood of an outbreak in a region.
8. Model validation and evaluation

Split the data into training and testing sets and use metrics such as accuracy, recall,
and F1-score to assess model performance. Cross-validation can also be used to ensure
model robustness.

9. Results interpretation

Analyze the most important features contributing to model predictions. This can
help understand why certain areas are more susceptible to outbreaks.
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10. Implementation and monitoring

Implement the model in a real-time system if necessary and continuously monitor
data to detect changes in outbreak risk.

11. Results communication

Communicate results to public health authorities and the public. This can aid
in decision-making, such as resource allocation for testing, vaccination, or social
distancing measures (Figure 18).

These tools will have an increasingly significant impact on health geography and
can assist in various ways, including identifying health data patterns and trends,
predicting disease outbreaks, and optimizing the allocation of healthcare resources
at different decision-making levels. When analyzing large data sets, data science, and
machine learning can uncover hidden relationships and correlations that may not be
evident through traditional methods, providing valuable insights into disease distri-
bution, the identification of high-risk areas, and the specific design of interventions.
Furthermore, these technologies can help monitor and track disease spread in real-
time, enabling timely response and intervention strategies.

Hence, data science and machine learning have the potential to revolution-
ize medical geography by enhancing our understanding of health patterns and
enabling evidence-based decision-making. It’s essential to note that thisisa
simplified process, and medical geography is a complex field that may require
more sophisticated models, considering factors such as population mobility, virus
variants, and governmental responses. Additionally, it is crucial that the data

Data Collection

Tha first step is to obtain reliable data on the type of
medical condition under study, tests conducted,
demographic characteristics, mobility, and

sacioeconomic factors in the region of interest.

R reproceriing g =5

This involves addressing missing Communicate results to public

data, removing outliers, and 1 \ health authorities and the
normalizing data to make it \ public.
suitable for analysis. 2 8

9.
Data Exploration . & ' Implementation and
: - Data science " Monitoring
Visualize and explore the data to : - Y ) Implement the model in a real-
identify patterns. This could i and machlne 2 time system if necessary and
include heatmaps of cases, trend & . continuously monitor data to
charts over time, and correlation ] etect changes in outbreak risl
i d learnin d hang break risk.
analysis between variables. E DROCRESING Lvsis,
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model performan.

Figure 18.
Framework for enhanced health data processing and analysis. Source: The authors.
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used is accurate and up to date for the predictions to be valuable in public health
decision-making.

11.1 Recommendations for the application of geotechnologies in public health:
toward a sustainable and equitable future

Governments should prioritize investment in the development and application
of geotechnologies in their public health policies. This is based on information from
various sources of first and second-order epidemiological data that can be processed
using data science and machine learning. These technologies have the potential to
improve resource allocation, epidemiological surveillance, and the response to health
emergencies.

Healthcare sector companies should leverage geotechnologies to optimize their
operations, not only in administration but also in early detection and timely assis-
tance. This includes the use of geographic information systems for efficient manage-
ment of medical facilities, route planning for the distribution of medical supplies, and
spatial analysis to identify high-demand areas for healthcare services.

On the other hand, it is essential for citizens to be informed about the advantages
and challenges of using geotechnologies in healthcare. This will enable them to
actively participate in promoting their health and make informed decisions about
access to medical services and the adoption of preventive measures.

By implementing these recommendations, we can maximize the potential of geo-
technologies to enhance public health, strengthen healthcare systems, identify areas
of risk, and facilitate the efficient provision of healthcare services to the population.

12. Conclusions

In conclusion, geotechnologies are a critical component in the field of public
health and offer numerous opportunities to improve decision-making and resource
optimization. Through the application of geographic information system, spatial
analysis, and visualization tools, it is possible to gain a deeper understanding of
health issues, identify spatial patterns and trends, and design effective intervention
strategies.

Throughout this chapter, the diversity of applications of geotechnologies in public
health has been explored, ranging from epidemiological surveillance to health ser-
vices planning and environmental risk assessment. These technologies have proven to
be valuable tools for the analysis and interpretation of spatial data, enabling research-
ers and health professionals to make informed, evidence-based decisions.

However, it is important to be aware of the challenges associated with the use of
geotechnologies, such as the complexity of their implementation, associated costs,
and concerns related to data privacy. Addressing these challenges through adequate
training, strategic financial investment, and the implementation of robust data
protection policies is critical.

Ultimately, by harnessing the potential of geotechnologies in the field of public
health, we can improve the quality of life for people, optimize resource allocation,
and more effectively address the health challenges facing our society. It is crucial to
promote collaboration between governments, businesses, health professionals, and
the community at large to maximize the benefits of these technologies and achieve a
healthier and more equitable future for all.
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Chapter 9

Land Use and Land Cover
Simulation

Hafiz Usman Ahmed Khan

Abstract

It is important to consider the dynamics of Land Use and Land Cover (LULC)
patterns and how they affect society and the environment. Traditional LULC change
evaluation methods can be inaccurate and require a lot of manual labor. However, Al
techniques like deep learning and machine learning have shown a lot of promise for
improving and automating LULC simulation processes. In this chapter, the impor-
tance of applying Al to LULC simulation is emphasized, along with the precision,
efficacy, and scalability it offers. The importance of Al-based LULC simulation for
making well-informed decisions in a variety of fields, including urban planning,
agriculture, and natural resource management, is highlighted in the abstract’s conclu-
sion. Al-based methods have shown great promise in LULC analysis, producing accu-
rate classification results and paving the way for subsequent simulations. These
findings demonstrate the importance. These results highlight the significance of uti-
lizing Al approaches to assist sustainable development, solve environmental issues,
and influence land management choices.

Keywords: GIS, Land Use, Land Cover, simulation, Al, machine learning

1. Introduction

Cities are currently home to nearly half of the world’s population, and over the
next 30 years, most of the two-billion-plus person increase in global population is
expected to occur in urban areas in the developing world. This represents a significant
departure from the spatial distribution of population growth in the developing world
over the past 30 years, which was much more evenly divided between urban and rural
areas. The level of world urbanization today and the number and size of the world’s
largest cities are unprecedented. At the beginning of the twentieth century, just
16 cities in the world, the vast majority in advanced industrial countries-contained a
million people or more. Today, almost 400 cities contain a million people or more, and
about seventy percent of them are found in the developing world.

Although the terms “Land Use” and “Land Cover” are frequently used inter-
changeably, each term has a distinct definition. The term “Land Cover” describes the
material that covers the surface of the ground, such as vegetation, urban infrastruc-
ture, water, bare soil, and so on. Land-cover identification creates the baseline data for
tasks like thematic mapping and change detection analyses [1]. The term “Land Use”
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describes a piece of land’s function, such as agriculture, wildlife habitat, parks, indus-
try, or recreation. When the terms “Land Use” and “Land Cover” are used together,
they typically refer to the grouping or classification of human activities and natural
elements on the landscape over a specific period of time using recognized scientific
and statistical methods of analysis of pertinent source materials.

Land Use and Land Cover patterns must be assessed and monitored to ensure/
protect natural resource management, environmental sustainability, habitat conserva-
tion, and the development of sustainable living standards for human beings. Therefore,
land-cover archives must be monitored, mapped, analyzed, and updated regularly. The
rate of urbanization is greater than or equal to population growth rates. Several studies
emphasize large metropolitan cities, where population growth is closely related to urban
land expansion based on statistical records. However, the spatial distribution, trends,
patterns, and degree of urban land transition were not included in these statistics. LULC
research has been a well-established methodology for computing developments on the
surface of the earth, such as mapping, monitoring, modeling, and forecasting urban
growth, utilizing low- to very high-resolution satellite images.

1.1 What is LULC

LULC stands for Land Use and Land Cover, which is a commonly used application
in remote sensing. Remote sensing is the science of obtaining, processing,
interpreting, and storing images from the ground, airborne, or space devices for many
years. LULC modeling involves identifying and classifying different types of Land
Uses and Land Covers based on remotely sensed images. The use of remote sensing in
LULC modeling is increasing due to the availability of new sensors and multi-sensor
approaches that provide insight into changes in Land Use and Land Cover.

It is a term used in the field of remote sensing and GIS (Geographic Information
Systems) to describe the categorization and classification of different types of Land
Use and Land Cover features on the Earth’s surface [2]. Land Use refers to the human
activities and purposes for which land is utilized, such as residential areas, agricultural
fields, industrial zones, or commercial developments. Land Cover, on the other hand,
refers to the physical and biological cover of the Earth’s surface, including forests,
water bodies, grasslands, urban areas, and barren lands.

LULC mapping involves the analysis and interpretation of satellite imagery or
aerial photographs to identify and classify these different Land Use and land-cover
categories [3]. It provides valuable information for various applications, including
urban planning, environmental monitoring, natural resource management, and land-
use change analysis. By understanding and mapping LULC patterns, researchers and
decision-makers can assess the impacts of human activities on the environment,
monitor changes over time, and develop effective strategies for sustainable land
management and resource allocation.

1.2 Why do we need LULC

LULC stands for Land Use and Land Cover, which is a commonly used application
in remote sensing. Land Use refers to human activity on a piece of land, while Land
Cover refers to the type of coverage over the land surface, whether it is driven by
human or natural forces. LULC changes are increasingly affecting human needs, and
there is a growing need to map and understand these changes [4, 5]. Mapping Land
Use/Land Cover (LULC) changes at regional scales are essential for a wide range of
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applications, including landslide, erosion, and land planning, globally. LULC model-
ing involves the identification and classification of different types of Land Uses and
Land Covers based on remotely sensed images. The use of remote sensing in LULC
modeling is increasing due to the availability of new sensors and multi-sensor
approaches that provide insight into changes in Land Use and Land Cover.

A society’s social and economic development is completely correlated with its rate
of expansion. This is the main justification behind socioeconomic surveys. Datasets
from both spatial and nonspatial sources are used in this kind of survey. The planning,
management, and monitoring of programs at the local, regional, and national levels
heavily rely on LULC maps. On the one hand, this type of information aids in a better
understanding of land utilization issues, and on the other, it is crucial in the establish-
ment of the policies and programs needed for development planning. Monitoring the
ongoing pattern of Land Use/Land Cover through time is essential for ensuring sus-
tainable development. Authorities involved in urban development must create these
planning models so that every available piece of land can be used in the most logical
and effective way in order to ensure sustainable urban development and prevent the
haphazard growth of towns and cities [6]. Information about the area’s past and
present land usage and Land Cover is necessary for this. We may study the changes in
our ecology and surroundings with the aid of LULC maps.

We can create policies and start programs to safeguard our environment if we have
inch-by-inch data on the study unit’s Land Use/Land Cover.

1.3 Detection of Land Use and Land Cover change

“The process of detecting differences of state of an object or phenomenon between
two different dates of the same geographical region” is the definition of LULC change. It
is broken down into three sections: (a) preprocessing; (b) suitable algorithm selection
for change detection; and (c) accuracy evaluation. The changes, according to remote
sensing terminology, are brought on by soil moisture, climatic conditions, and spectral,
geographical, thematic, and temporal restrictions. There are typically two methods for
change detection: (1) post-classification comparison and (2) change detection indepen-
dent of categorization. Without any prior knowledge, change detection without catego-
rization employs the difference function map to find differences in multi-temporal
remote-sensing pictures. These include change vector analysis (CVA), band stacking of
different times, time series modeling (trajectory-based), and so on. In the post-classifi-
cation comparison, multi-temporal images are compared for change analysis. These
include composite analysis, image rationing, image regression, and aerial difference
computation. Post-classification is the method that is most frequently employed.
Although being sensitive to the prior categorization accuracy, it is very simple to use,
provides “from-to change information,” and decreases environmental differences and
sensor influence. Each of these methods is used in turn to the monitoring of various
LULC changes. As an illustration, consider vegetation, deforestation, monitoring of
disasters, landscape fragmentation, ecological fluctuations, climate change, and urbani-
zation. They function as a foundation for understanding the dynamics and connections
between human actions and natural occurrences.

1.4 Land Use and Land Cover (LULC) classification

Classifying remote-sensing images is one of the most crucial methods for mapping
LULC. Numerous categorization systems have been created and used in a variety of

215



Geographic Information Systems — Data Science Approach

contexts, including environmental change research, LULC, land resource manage-
ment, spatial-temporal modeling, and change detection, to name just a few: (1) Para-
metric (such as the maximum likelihood classifier (MLC), minimal distance to means
and the box classifier, and K-Means) and nonparametric (such as the supervised
classifier, decision tree, and artificial neural network (ANN)) approaches, as well as
ISODATA methods; (2) pixel- and entity-oriented; (3) automatic and semi-automatic,
and (4) spectral indices. The following table describes the different classification
techniques with each of the pros and cons (Table 1).

Decision Tree (DT) * Nonparametric technique
* Makes no conclusions on how data can be distributed.
* For change and no-change classes can give a set of rules
* Disadvantages: (1) Sensitive to both quality and quantity of training; (2)
Data can be over-trained; (3) Does not aim for an optimum match; (4) May
increase much larger in size, making it harder to analyze

Support Vector * Nonparametric technique
Machine (SVM) * Capable of managing small training data sets.
* As compared to traditional methods produces high classification accuracy.
¢ A theoretically bigger dataset can be dealt with higher dimensionality.
* Outperformed RF and ANN.
* In terms of average precision and robustness, the use of radial basis
functions or polynomial kernels outperformed ANN and RF.
Computational involvedness is higher compared to traditional supervised
methods (such as MLC)
* Relatively high classification accuracy
* Disadvantages: (1) Trouble in choosing the superlative kernel function; (2)
With the data dimensionality, during the learning process, the computation
time for classification and optimization increases polynomials.

Artificial neural network ¢ Does not make assumptions about the nature of data distribution, a non —
(ANN) parametric technique

* Estimates data properties based on training data.

* As compared to conventional supervised approaches, the computational
complexity is greater (such as MLC)

* Disadvantages: (1) Complex architecture optimization; (2) Low
computational robustness; (3) Exceeds the good mean classification
accuracy due to tremendous training time; (4) The hidden layer is not well-
known; (5) For network teaching, the amount of training data is essential

Random Forest (RF) * Bagging and random algorithm based on a decision tree

* Based on two parameters: (1) the number of trees, described by ‘n-tree’ and
(2) in each break numerous features described by “m-try”

* Much more computationally expensive than SVM classifiers

* Classification trees give an individual choice of vote.

* Stable and robust

*» Disadvantages: (1) Complexity; (2) Much laborious and time-consuming to
construct several trees; (3) Overfitting; (4) No interpretability

Maximum likelihood * Parametric approach
classifier (MLC) * Involves assuming the selected signature groups in a normal distribution.
* Less computational complexity
* Exhibited inferior accuracies and higher variability.
* Disadvantage: Requires a large training area and is unable to resolve the
interclass confusion

Table 1.
Summary of the different classification techniques.
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1.5 Stages in the process of image classification

As shown, the method of classifying Land Cover from satellite pictures involves
several stages, including data acquisition, information data preprocessing, feature
extraction, training data selection, classification, and post-processing.

1.5.1 Data acquisition

Remote-sensing data acquisition involves collecting information about the Earth’s
surface without physically being there. This is usually done by using instruments such
as satellites, airplanes, drones, or ground-based sensors to capture images, spectra,
and other data. The type of instrument used depends on the spatial and spectral
resolution required for the specific application. For example, satellites are used for
large-scale mapping, while drones are used for high-resolution imaging of specific
areas. Data acquisition can involve active or passive sensing, with active sensors
emitting energy and measuring its reflection, while passive sensors measure the
energy emitted by the Earth’s surface. Specifically for remote sensing image classifi-
cation, data acquisition involves obtaining remotely sensed images, which can be done
using satellites, drones, or other aerial platforms. Pre-processing involves preparing
the images for classification by removing noise, correcting distortions, and enhancing
features.

1.5.2 Preprocessing

Satellite image preprocessing is a crucial step in the process of land-use and land-
cover classification. The preprocessing stage involves a series of operations that aim to
enhance the quality of the satellite data and prepare it for image classification. One of
the most important preprocessing steps is image correction, which involves removing
distortions and errors caused by the satellite sensor, atmospheric conditions, and other
factors. This is done through techniques such as radiometric and geometric correction.

Another important preprocessing step is image enhancement, which aims to
improve the visual quality and interpretability of the image. This can be achieved
through techniques such as contrast adjustment, histogram equalization, and filtering.
Other preprocessing steps include data calibration, image registration, and image
fusion. The goal of all these steps is to ensure that the satellite data is accurate,
consistent, and ready for image classification, which is the next stage in the LULC
classification process.

1.5.3 Image classification

Image classification of satellite data is a process used in remote sensing to interpret
images captured by satellites orbiting the Earth. This process involves the identifica-
tion and labeling of different features or objects in the image based on their spectral
characteristics, shape, and texture. The classification of satellite data is crucial in
understanding the Earth’s surface and its changes over time, and it is used in various
applications such as land-use and land-cover mapping, urban planning, agriculture,
and environmental monitoring. The accuracy of image classification depends on sev-
eral factors, including the quality of the satellite data, the choice of classification
algorithm, and the expertise of the analyst performing the classification. Image classi-
fication involves the actual identification and mapping of land-use and land-cover
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types using various algorithms and techniques. This can be done using supervised or
unsupervised classification methods.

1.5.4 Accuracy assessment

Satellite image accuracy assessment is a crucial step in the process of land-use and
land-cover classification. It involves comparing the results of image classification with
a reference dataset, such as ground truth data, to evaluate the accuracy of the classifi-
cation. The accuracy assessment can be performed using various statistical measures,
such as overall accuracy, user’s accuracy, producer’s accuracy, and kappa coefficient.
These measures provide information on the level of agreement between the classified
image and the reference dataset. The results of the accuracy assessment can be used to
improve the classification accuracy and to assess the reliability of the classification
results for different applications.

Finally, accuracy assessment involves evaluating the accuracy of the classification
results by comparing them to ground truth data or other reference data. This helps to
identify any errors or uncertainties in the classification process and improve the
overall accuracy of the results.

2. Latest trends and innovations in future simulation modeling

In recent decades, modeling of Land Use has been of increasing importance as
urbanization, and LULC changes have raised concerns among decision-makers and
planners about the ecosystem’s and natural resources’ future consequences. The
increasing trend of urbanization depends on various factors, such as socioeconomic
development, demography, environment, geography, and culture. This specifies the
increased importance of urban areas as the focal point of the populace and commercial
concentration within a particular society.

The modeling of such dynamic systems is not an easy job. Many models have been
created to date, and they are divided into categories: (1) Logistic regression and
Markov chain models (mathematical equation based) (2) Statically, (3) System
dynamic, (4) Expert system, (5) Genetic, (6) Cellular model, (7) Hybrid or agent-
based, and (8) Embedded models are all examples. The most commonly used models
are (1) LCM, (2) CA, (3) Markov chain, (4) CA-Markov, (5) GEOMOD, (5) conver-
sion of Land Use and its effects (CLUE). However, it is difficult to compare which
model gives a more accurate demonstration. According to the latest research and
studies, models are particularly helpful in determining the effects of urban sprawl,
designing and managing LULC, and determining the correct land-use transition pat-
terns and trends.

2.1 CLUE and GEOMOD

Veldkamp and L. O. Fresco devised the CLUE dynamic model. The study of
location logistic regression is a prerequisite for this model. This model’s main objective
is to investigate LULC changes by including suitable driving elements including bio-
physical and human factors. There are three sections to this model. Regional land-use
purpose, regional biophysical component, and municipal land-use distribution are the
first three components. Using Costa Rica as a case study, they utilized this model to
replicate changes in LULC at both the local and global levels and to illustrate how
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biophysical and demographic variables have impacted LULC. Land-use conversion
only takes place in situations where the new Land Use boosts yield or value due to
population increase and numerous biophysical factors (including food, technology,
and socioeconomic conditions). This methodology’s drawback is that it requires the
use of a different statistical model to predict the potential LULC.

The authors of the GEOMOD simulation model are Pontius, Cornell, and Hall.
Three primary decision-making criteria are included in this model: nearest neighbors,
political areas, and biophysical patterns.

2.2 Markov chain model

Markov model is a well-known and reliable model for tracking and ecological
modeling, and simulating changes, trends, and predicting the future scenario at a
diverse spatial scale. From one time cycle (t = 1) to the next (t + 1), this model
forecasts potential LULC changes based on each LULC class’s transition potential
matrix. The changes are considered a stochastic process in this model. The transition
matrix, on the other hand, is critical for future LULC simulations. The major draw-
back of this model is that it is unable to give the spatial distribution of LULC change
activities.

Using the below-mentioned equation, future simulation of LULC changes can be
calculated:

S(t+1) =Py xS(t) (1)
Py Pp Py
Pj=|Pn Pn Py (2)
Pnl Pn2 Pnn
n
0<Pj<landy Pyj=1,(i,j = 1,2, ...n) 3)
=1

Where S(t) denotes the state of the system at time t; S(t + 1) denotes the state of
the system at a time (t + 1); and P ij denotes the transition probability matrix from
current state i to next time state j. Several research studies have been conducted to
assess the future LULC scenario using the Markov chain model.

2.3 Cellular automata (CA)

CA was developed by John Von Neumann and Stanislaw Ulam to ascertain the
logical underpinnings of existence. Tobler utilized the CA model for spatial modeling
for the first time in 1970. This first theoretical CA technique served as the foundation
for subsequent models that initially surfaced in the 1980s and had the aim of simulat-
ing and forecasting urban expansion and LULC changes [7]. The LULC and urban
dynamic frameworks in the 1990s used growth and advancement in the CA model
(i.e., the capacity to figure things out added to the model). CA is a dynamic technique
that can describe and manage intricate and nonlinear spatial trends. It offers a clear
understanding of how LULC shifts from social behavior to universal patterns. The
neighborhood type, Neighborhood size, Cell size, and Transition rules make up
the majority of the CA model. These settings produce the best simulation outcomes.
The transition rule, which controls the model and is dependent on the training data, is
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the most crucial parameter in this model. The condition of each subsequent step that
depends on the current state of that cell and its surrounding neighborhood cells is
referred to as the transition rule. The transition rule shows how the geographical and
temporal complexity of Land Cover develops over time [8]. The ability of this model
to simulate LULC and urban growth has grown. It is crucial to note that in this
paradigm, space and time are separate entities. However, space is measured as a
regular grid in two dimensions. This model’s crucial characteristics are that they
illustrate the system’s complicated spatial dynamics. The CA model may be expressed
using the equation below:

S(t,t +1) =£(S(£),N) (4)

Where N stands for the probability of the system’s state at any time and S (t + 1)
stands for the system’s state at a time (t + 1). The CA model has been used in several
research to evaluate changes in LULC and urbanization. These experiments show that
this model is capable of accurately explaining and simulating the intricate process of
LULC evolution, urban systems, and patterns [2]. This model has a key flaw in that it
is unable to account for the macro-scale driving forces, such as social, economic, and
cultural elements, which are in charge of LULC changes and urban sprawl. For simu-
lation and prediction, some of this research do, however, depend on quantitative
techniques like logistic regression (LR), the SLEUTH model, multi-criteria evaluation
(MCE), and neural networks.

The potential of CA and Markov models to provide a computational method to
give support to ecology and environmental planning, decision-making in urban, and
the suitability assessment of land for construction, has been demonstrated. This is
critical for the effective operation of major metropolitan areas. Many experiments,
however, demonstrate the disadvantages of a single model. For LULC future predic-
tion; integrated modeling methods are commonly used to solve the shortcomings of
individual.

2.4 CA-Markov model

The CA-Markov model can address the drawbacks of a single mode by combining
intricate simulation models with factual and observational models. The integrated
model enhances LULC modeling, gives a better understanding, and supplements one
another. In line with this, the LULC prediction model’s precision varies since each
research location has a distinct collection of climatic and terrain factors.

A useful tool for evaluating and modeling LULC based on existing spatial and
temporal patterns is the CA-Markov model. This model may be used to simulate and
recreate spatiotemporal LULC data. Markov chain and (2) are the two halves of this
model. In order to provide the right LULC planning, this model may decode the
Markov chain model outputs through a CA model as a spatial distribution output. The
Markov model regulates the temporal transition between LULC categories based on
transition matrices [7]. While taking into consideration neighborhood structure and
prospective transition maps, the CA model, on the other hand, employs local rules to
address changes in spatial configurations.

One of the models that is most frequently used to calculate probable LULC changes
at time “t + 1” using the progression from time “t-1” to time “t” is this one. The
likelihood of a change in Land Cover from one class to another during two time
periods is what determines it. The probability matrices are built using historical LULC
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data and anticipate future change. Numerous changes in Land Use category can be
simulated, consequently, offering the ability to encourage the transition between
LULC classes. Many research has recently attempted to employ the CA-Markov model
to include socioeconomic and ecological variables into land-use models [9].

This will help cities better recognize and resolve a complex land-use structure and
create better land-use management strategies that would better integrate urban growth
and environmental protection. Compared to other models, which are also used for a
similar task, this model poses benefits and drawbacks. The advantages of this model are
(1) High proficiency, (2) Easy calibration, and (3) Strong capability of simulating a wide
range of ground covers and dynamic patterns as compared to other models (e.g.,
GEOMOD and CLUE). The model’s main flaws are (1) as seen in agent-based models, its
failure to incorporate human, social, and economic complexities in the simulation and
(2) fails to identify the new developments occurring in the studied. Therefore, to
address these limitations, this model needs to be combined with other models.

For potential land-cover estimation, Soe and Le used the multi-criteria (MCE)
technique in CA-Markov. The development of criteria was based on the weight
assignment to the drivers of LULC changes. The more relevant the driver, the higher
the weight is assigned. A criterion was divided into two categories: (1) variables and
(2) restrictions. Three criteria determine it: (1) Prioritization decomposition, (2)
comparative decision, and (3) Prioritization synthesis.

2.5 Land change modeler (LCM)

LCM is an incorporated model designed by Clark Labs in partnership with Con-
servation International to monitor and forecast LULC changes and to monitor and
predict biodiversity impacts. The three parts of the LCM process—transition potential
simulation, change prediction, and interpretation—are all included in the IDRISI
Terrset 18.1 program [6, 10]. This model uses two thematic raster images with the
same number and order of LULC groups as data. LCM evaluates LULC changes of two
different periods, and provides a comparative evaluation of improvements in various
LULC groups in terms of gains, losses, swaps, net changes, and overall changes, with
the outcomes shown in various graphs and maps.

LCM breaks down the LULC changes for different classes, calculates and assesses
their trends and patterns, and then projects these changes to predict the future LULC.
Given the past transition trend, the model envisions the land-use pattern. The
explanatory variables, such as distance to roads, slope, aspect, and other variables,
were added to the model as rater datasets. Using Cramer’s V, the influencing variables
were chosen based on their availability, relative significance, and subsequent influ-
ence on LULC changes (a quantitative measure that shows the relationship between
explanatory variables and land-cover classes).

The transitions are broken down into sub-models when the basic driving is taken
to be the same as the ground cover transformations. For instance, the same variables
that drive a change from vegetation to an urban area also cause a change from a forest
to an urban region. Using MLP neural networks, the transition potential map of each
sub-model is created, and explanatory variables are then allocated to each sub-model
based on Cramer’s V values. MLP excels at multi-transition modeling, nonlinear
processing connections among variables, and converting categorical data to continu-
ous data. The time-specific potential for change is interpreted by the transition
potential maps that were developed. Future LULC maps are projected by LCM using
these prospective maps and Markov chain analysis [11].
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In comparison with quickly changing Land Cover, LCM produced superior fore-
cast accuracy over a short period of time, especially in the stable Land Cover. Com-
pared to previous models that predict LULC changes using supervised methods, such
the weighted model system, this model is more reliable. LCM developed more accu-
rate change potential maps in which the user picks and modifies the weights. This is
due to the fact that neural network outputs show changes in different LULC categories
more effectively than individual probabilities obtained by weights of evidence. Fur-
thermore, according to researchers that analyzed several approaches—including
logistic regression, Bayesian analysis, weights of evidence, and a neural network—
they came to the conclusion that neural networks produced predictions that were
more accurate than those made by the other methods.

LCM has been utilized in several studies to forecast future LULC patterns, tropical
expansion, urbanization, erosive processes, Mediterranean catchment, and habitat
modeling. LCM is effective in simulating future LULC changes, patterns, and trends,
according to regional case studies. This is because LCM helps local administrative
authorities make decisions and gives a better grasp of LULC. All of these research
findings demonstrated that LCM can provide extremely accurate LULC simulations.

2.6 Multilayer perceptron (MLP)

MLP is a feed-forward NN (Neural Network) that predicts outcomes employing
the Back propagation (BP) algorithm. The core of neural net training is
back-propagation (BP). It is a technique for improveming the accuracy of a neural
network neurons weights using the error rate from the iteration. By fine-tuning the
weights, it can reduce error rates and improve the model’s generalization, making it
more accurate. The term “backward propagation of errors” is abbreviated as “Back
Propagation.” It is a popular way to train artificial neural networks. This approach is
useful for calculating the gradient of a loss function with respect to all of the network’s
weights. It is a nonparametric algorithm that does not take multi-co-linearity into
account. MLP is made up of three layers: (1) Input data, (2) secret (computing node
sets), and (3) output. It signifies relationships between transitions of Land Use and
their explanatory variables through a network of weighted relationships modified
iteratively by the algorithm. In one direction, data flows from an input layer to an
output layer via hidden layers, resulting in nonlinear relationships. LCM produces two
kinds of predictions: soft and hard predictions. Centered on the multi-objective land
allocation (MOLA) module, a hard prediction yields a forecast plot. This module
assigns each pixel to one of the ground cover groups with a higher chance of being.

A soft prediction represents a continuous mapping of susceptibility to change; it

indicates the probability of a particular class pixel being changed to a specific pixel of
Land Cover, over a T2-T1 and n-year cycle. How much land is assigned to a thematic
class is determined by the transition probability matrix obtained by the Markov chain.

2.7 Artificial neural networks (ANN)

ANN is an enormously analogous distribution processor that possesses a natural
storing investigational knowledge property available for use in two ways:

* Knowledge through a learning process.

* Interconnection strengths of a neuron.
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A nonlinear relationship exhibited between the LULC and driving factors such as
biophysical, socioeconomic, and topography such as nonlinear relationships is easily
handled by ANN.

Artificial Neural Networks (ANN) are used to model complex systems such as
urban sprawl, not assume the data, do not depend on exacting functional relation-
ships, and find their way in biochemical modeling and cybernetics. ANN also reveals
the relationships between future simulated urban growth probability and site attri-
butes due to the system’s nonlinear complex behavior; therefore, it perfectly fits into
the regression-type model category to forecast the change in the urban Land Cover.
The ANN regulates those areas that are probably going to be changed in the future,
but it could not determine how much change will occur.

3. Land Use and Land Cover change modeling and future scenarios

Human activities, climate change, and natural disturbances are just a few of the
many elements that can have an impact on the complicated process of land-use and
land-cover change. It is essential for efficient land management and decision-making
procedures to accurately simulate these changes. Remote sensing, which involves
utilizing satellite or aerial photography to identify and map Land Cover, is one method
of simulating changes in Land Use and Land Cover. The use of agent-based modeling,
which mimics the activities and interactions of distinct agents (such as farmers or land
developers) within a broader system, is another strategy [12]. It is also possible to
model changes in Land Use and Land Cover using artificial neural networks and
evolutionary algorithms. In these methods, patterns and correlations within the data
are found using machine learning algorithms, and the linkages are then used to
anticipate future changes.

It is crucial to remember that thorough validation and accuracy evaluation are
necessary for accurate modeling of changes in Land Use and Land Cover. These
simulations may be made more accurate by including expert comments and
employing cutting-edge methods like machine learning algorithms, but continual
validation is required to make sure the models are properly reflecting changes in the
actual world (Figure 1).

3.1 Change analysis

The change between two separate time periods, time 1 and time 2, was calculated
in the change analysis panel. By graphing gains and losses across various land-cover
categories, the change analysis offers a fast assessment of quantitative change. Addi-
tionally, it assesses the information on Land Cover in both map and geographical
representations in terms of net change, persistence, and the precise transition. These
modifications are critical in locating the dominating transition from one class to
another, which is subsequently categorized and targeted. The best-fit polynomial
trend surface follows the pattern of change, and the spatial trend of change presents
the trend as a map.

3.2 Transition potential modeling and driving forces’ determination

The area of change is determined by the transition potential. If it is assumed that
the underlying sources of change are the same for each transition, land-cover changes

223



Geographic Information Systems — Data Science Approach

+ Earlier Image

r

Driving Factors

Satellite Image

* Later Image

CA
M4
Agl
AN

B T

*  Atmospheric
i Correction
i * Resolution
! Merge

i+ Clipping

i * Mosaicking

Pre-

Processing Validation

Classified Image Model Prediction Map Comparison

Figure 1.
Flow chart describing the process of LULC simulation by using earlier and later images.

may be categorized into sub-models. For instance, the same factors that affect the
transition from forest to built-up land may also affect the transformation from agri-
cultural to built-up land. As a result, sub-models were created for land-use and land-
cover changes that shared a common set of driving factors. In order to estimate the
relative frequency of various land-use and land-cover types that had taken place in the
transitional areas, evidence probability was also chosen.

3.3 Selection of explanatory variables

The selection of driving factors is the most important step in modeling growth
modeling that is associated with the LULC change [3, 13]. The model generates results
that are close to reality. Several different factors responsible for LULC change have
been identified and used by the researchers to predict the change, but still, no univer-
sal set has been formulated because each area is different from the other, and the
factors responsible for change are not always common. Land transitions also vary
from case to case, and the degree to which the driving factors contribute to the
transitions also differs.

The urban growth prediction modeling involves computation of Cramer’s V that
examines the best driving variable for modeling urban growth and measures the
association strength between each pair of variables used in modeling.

_ ¢’
V= \/min(k -1,r-1) )

Where, ¢” = Mean square contingency coefficient. k = Number of columns.
r = Number of rows.

For the calculations, Cramer’s V value falls between 0 and 1. V value >0.15 shows
the influence of that particular factor, whereas >0.4 shows a strong association
between land class and factors. For modeling purposes, the driving factors need to be
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declared as either static or dynamic. The factors that do not change over time are the
static ones, whereas dynamic factors are time-dependent and they change with time.
Dynamic variables are handled differently in the simulation process and are calculated
temporally throughout prediction Multilayer Perceptron (MLP).

3.4 Change prediction

Future simulation model validation is the process of assessing the accuracy and
reliability of a model that is used to simulate future scenarios. This is typically done by
comparing the model’s predictions with real-world data that is collected after the
simulation is complete [14]. The goal of this process is to determine whether the
model accurately captures the dynamics of the system being simulated and whether it
can be used to make accurate predictions about the future. Validation is an important
step in the development of any simulation model, as it ensures that the model is fit for
purpose and can be trusted to provide reliable predictions.

3.5 Future scenario

Two different types of forecasts are generated by the Land Change Modeler: (1)
hard predictions and (2) soft predictions. A projected map is generated by a hard
prediction using a multi-objective land allocation (MOLA) module. Each pixel is
given a land-cover class based on the likelihood that it will be present. By creating
a vulnerability map and assigning a value between 0 and 1 to each pixel, soft
prediction calculates the likelihood that a pixel will transition into a different land

category.
3.6 Landscape matrices

Landscape matrices serve as a quantitative correlation between trends in the land-
scape and biological and environmental processes. They show numerical data regard-
ing landscape structure, configuration, and dimension, allowing for comparisons over
time and assisting in developing future scenarios. Landscape metrics are essential tools
for defining spatial dynamics and determining how landscape elements are arranged
in space and time. Broadly protected reserves, forest dynamics, natural parks, and
urban extensions are all studied using them in the literature.

The metric category should represent the pattern diversity seen through the land-
scape, but its usage must be limited, particularly in indexes closely associated with one
another. They can be classified into three categories: (1) Patch, (2) Class, and (3)
Landscape. Specific patches, which reflect distinct areas with identical characteristics,
are measured at the patch level. To evaluate class-level metrics, all patches of a given
class type, in this case, LULC classes, are used.

In other words, it depicts the spatial distribution and pattern of a single patch from
within a landscape. In simple terms, it reflects the landscape level’s overall spatial
pattern, taking into account all patch types at the same time. Many landscape metrics,
such as the Euclidean Nearest Neighbor Distance (ENN), Largest Patch Index (LPI),
and Percentage of Landscape (PLAND), can be used at the patch, class, and landscape
levels [8, 15]. These metrics can be calculated at any of the three levels listed above.
Complete definitions of these metrics, as well as the calculations used to calculate
them, can be found in. Landscape measurements are widely used as indicators of
LULC transition, ecology, water quality, and ecological health, and they are still
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Category Metric Name Acronym Level Description Range
Unit Used
Patch Patch Density Number CL The number of patches per unit PD >1, no
Sizeand  (PD) of patches area limit
Density per 100 ha
Percentage of % CL The aggregated area of landscape. ~ 0-100
Landscape
(PLAND)
Mean Patch Area  ha CL An average patch size in each class MPA > 0, no
(MPA) limit
Shape Edge Density m/ha CL Calculate the total lengths of all ED >1, no
and Edge (ED) edge segments of corresponding limit
patch type per unit area. Edge
density explained the complexity of
each patch shape.
Largest Patch % CL Ratio between the largest patch of 0 < LPI <100
Index (LPI) the corresponding patch type and
the total landscape area.
Area Weighted None LL Measure the average fractal 1 < AWMPFD
Mean Fractal dimensions of patches of a <2
Dimension Index particulate patch type divided by
(AWMPFD) the total sum of the patch area.
Proximity Mean Euclidean  m CL Measure the minimum edge to edge ENN_MN > 0
Nearest Neighbor distance to the nearest neighbor
Distance same patch type. It explains
(ENN_MN) isolation of corresponding patch
type or landscape.
Diversity ~ Contagion % LL Measure the total probability thata 0 < CONTAG
and (CONTAG) patch of cells neighboring the same <100
Texture type of cells.
Shannon’s None LL Indicate diversity in a landscape Shannon’s
Diversity Index from the abundance of patch types. Entropy >0,
It increases as the number of no limit
different patch types increases or
the distribution of area/land among
patch types/classes becomes more
equitable.
Table 2.

The description of landscape metrics used for morphological analysis (where, CL = class level, LL = landscape level).

evolving. They have a suite of spatial methods for studying whole environments and
the arrangement and properties of the elements that make up such landscapes. These
metrics will show you how fractured landscapes are and how patches are created.
They also have numerical values that can be used to describe certain classes in general,
unlike segmentation. Landscape matrices may provide additional knowledge to better
understand the LULC transition because of these properties (Table 2).

3.7 Model validation

Future simulation model validation is the process of assessing the accuracy and
reliability of a model that is used to simulate future scenarios. This is typically done by
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comparing the model’s predictions with real-world data that is collected after the
simulation is complete [16]. The goal of this process is to determine whether the
model accurately captures the dynamics of the system being simulated and whether it
can be used to make accurate predictions about the future. Validation is an important
step in the development of any simulation model, as it ensures that the model is fit for
purpose and can be trusted to provide reliable predictions.

4. Case study
4.1 Study area

The geographic coordinates of Islamabad, the capital of Pakistan, are 33° 28’ latitude
and 73° 22’ longitude. According to the ICT master plan, it is organized into five zones
(Figure 2). Zones I and II are separated into sections that are each around 2 km by 2 km
long. Their names are assigned in the following ways: numerically from 1 to 18 from east
to west, and alphabetically from A to I from north to south. Urban areas are divided into
multiple equal-sized sectors by the horizontal and vertical interlacing of primary and
minor highways. Included are residences, businesses, industrial centers, public and pri-
vate services, foreign embassies, educational institutions, and so on. The majority of Zone-
I1I is made up of mountains, forests, and natural landscapes.

4.2 Image classification

For this case study Landsat Images is being used and four major classes crafted
details in as under (Figure 3 and Table 3).
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Figure 2.
Case study area Islamabad.
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Figure 3.
Land Use Land Cover image Islamabad.

LULC Description
Classes

Bareland  Areas with no prevailing vegetation cover on at slightest 90% of the area

Built-up Residential, industrial, and utility areas, as well as recreational areas, public installations,
and utilities, are all accessible. Pavement-based roads are also included in this class.

Vegetation Reserved woodland and fields heavily populated with trees, as well as areas where grasses
dominate the landscape. Since it was difficult to distinguish between fertile fields and
sparsely located villages and roads made from earthwork, they were included here.

Water Water sources such as the Indus River and streams, as well as lakes and main rivers.

Table 3.
LULC classes description.

4.3 Major steps to conclude future simulation

The major steps in conducting a Land Use and Land Cover (LULC) future simula-

tion using Al are as follows:
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Data Acquisition: Gather relevant data sources such as satellite imagery, climate
data, and socioeconomic information that include (Remote Sensing, GIS layers,
and supporting datasets).

Preprocessing: Clean, align, and integrate the acquired data for analysis.

Training Data Preparation: Create a labeled training dataset by manually
classifying land-cover types in the data.

Feature Extraction: Use Al techniques, such as convolutional neural networks, to
extract relevant features from the training dataset.

Model Training: Train the AI model using the labeled training data to classify
land-cover types accurately.

Validation and Evaluation: Validate the trained model using independent
datasets to assess its performance.
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Figure 4.
Overall workflow for LULC prediction modeling.

Future Projection and Simulation: Use the trained model to simulate future
LULC scenarios based on anticipated drivers.

Uncertainty Analysis: Assess and quantify uncertainties associated with the
future projections.

Scenario Analysis and Decision Support: Analyze the simulated scenarios to
gain insights and support decision-making.

Documentation and Reporting: Document the methodology, findings, and
limitations of the simulation study for communication purposes (Figure 4).

5. Why future simulation of (LULC) using remote sensing and GIS is
crucial

The future simulation of Land Use and Land Cover (LULC) using remote sensing
and GIS is crucial for several reasons:

5.1 Urban planning

LULC future simulation helps urban planners and policymakers to anticipate and
manage urban growth and expansion. By simulating different scenarios, they can
assess the potential impacts of future land-use changes on infrastructure, transporta-
tion, and the environment. This information can aid in the development of sustainable
urban development plans and policies.

229



Geographic Information Systems — Data Science Approach

5.2 Environmental management

LULC simulation allows for the assessment of potential environmental changes
and impacts. By projecting future land-cover changes, such as deforestation or
expansion of agricultural areas, environmental managers can evaluate the conse-
quences on biodiversity, ecosystems, and natural resources. This knowledge is essen-
tial for conservation efforts, land-use zoning, and the preservation of sensitive areas.

5.3 Climate change adaptation

With climate change, there are anticipated shifts in precipitation patterns, tem-
perature, and other climatic factors. LULC simulation can help analyze the potential
effects of climate change on Land Use and Land Cover. It aids in understanding how
changes in temperature and precipitation may alter agricultural patterns, vegetation
distribution, and water resources, enabling policymakers to plan for adaptation
strategies.

5.4 Disaster risk assessment

Future simulation of LULC can assist in assessing vulnerability and risk to natural
disasters. By analyzing land-cover changes and their potential impacts, emergency
management agencies can identify areas at high risk of flooding, landslides, or other
hazards. This knowledge supports the development of early warning systems, land-
use regulations, and disaster preparedness plans.

5.5 Policy and decision-making

LULC simulation provides valuable information for policymakers and decision-
makers. It enables them to evaluate the effectiveness of current land-use policies,
anticipate future challenges, and design appropriate strategies. By incorporating spa-
tially explicit future scenarios, decision-makers can make informed choices to pro-
mote sustainable development, resource management, and socioeconomic growth.

6. Factor to consider for LULC simulation

Choosing data for LULC (Land Use and Land Cover) simulation involves consid-
ering several factors to ensure the accuracy and reliability of the simulation results.
Here are some steps to guide you in selecting appropriate data:

6.1 Define the study area

Determine the geographical extent of your study area. Consider the size, location,
and specific characteristics of the area to ensure the data you choose aligns with the
study objectives.

Identify Data Requirements: Clearly define the data requirements for your LULC
simulation. This may include spatial resolution, temporal coverage, thematic detail,
and specific data formats. Consider the scale and level of detail required for your
analysis.
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6.2 Acquire Base data

Start by obtaining base data that provides foundational information about the
study area. This may include digital elevation models (DEM), land-cover maps, topo-
graphic maps, satellite imagery, and existing GIS datasets. Sources for these data can
include government agencies, research organizations, open data portals, or commer-
cial providers.

6.3 Assess data availability

Evaluate the availability and accessibility of the data sources that meet your
requirements. Check if the data is freely available, requires purchase or licensing, or if
you need to request it from relevant organizations. Consider the data format, com-
patibility with your GIS software, and any processing or preprocessing steps required.

6.4 Data compatibility and consistency

Ensure that the data sources you choose are compatible with each other in terms of
spatial reference system, coordinate system, and projection. Consistency across dif-
ferent data layers is crucial to maintain accuracy and avoid discrepancies in the
simulation.

6.5 Data quality assessment

Assess the quality and reliability of the data sources. Consider factors such as data
accuracy, resolution, completeness, and currency. Look for metadata and documen-
tation that describe the data collection methods, validation procedures, and potential
limitations.

6.6 Data integration and fusion

Depending on your simulation requirements, you may need to integrate multiple
datasets to capture different land-use and land-cover categories accurately. Data
fusion techniques, such as merging satellite imagery with ground-based data or com-
bining different data sources, can improve the accuracy and representativeness of
your simulation [17].

6.7 Validation and ground Truthing

Plan for validation and ground-truthing activities to verify the accuracy of your
selected data. Field surveys, ground-based measurements, or comparison with
existing ground truth data can help validate the simulated LULC outputs and refine
the accuracy of the model [11, 18].

7. Conclusion

In summary, LULC future simulation using remote sensing and GIS is essential for
informed decision-making, environmental management, urban planning, climate
change adaptation, and disaster risk assessment. It helps us understand and anticipate
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the potential impacts of future land-use changes, facilitating sustainable and resilient
development. Remember, the choice of data for LULC simulation should align with
the specific objectives and requirements of your study. It is crucial to consider data
quality, compatibility, availability, and validation to ensure reliable and accurate
simulation results.
Acknowledgements

The authors would like to thank USGS Earth Explorer for providing Landsat data.
The authors would also like to thank the anonymous reviewers for their insightful
comments and substantial help in improving this chapter.

Conflicts of interest

The authors declare no conflict of interest.

Data availability statement

The data presented in this study are available on request from the corresponding
author.

Author details

Hafiz Usman Ahmed Khan
Department of Space Technology Application, Beihang University, Beijing, China

*Address all correspondence to: hafiz_usmankhan@hotmail.com

IntechOpen

© 2023 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly cited.

232



Land Use and Land Cover Simulation
DOT: http://dx.doi.org/10.5772 /intechopen.1002463

References

[1] Khawaldah HA, Farhan I, Alzboun
NM. Simulation and prediction of land
use and land cover change using GIS,
remote sensing and CA-Markov model.
Global Journal of Environmental Science
and Management. 2020;6(2):215-232

[2] Saddique N, Mahmood T, Bernhofer
C. Quantifying the impacts of land use/
land cover change on the water balance
in the afforested River Basin, Pakistan.
Environmental Earth Sciences. 2020;

79(19):1-13

[3] Wang R, Murayama Y. Change of
land use/cover in Tianjin City based on
the Markov and cellular automata
models. ISPRS International Journal of
Geo-Information. 2017;6(5):150

[4] Congalton RG, Gu]J, Yadav K,
Thenkabail P, Ozdogan M. Global land
cover mapping: A review and
uncertainty analysis. Remote Sensing.
2014;6(12):12070-12093

[5] Mannan A, Liu J, Zhongke F, Khan
TU, Saeed S, Mukete B, et al. Application
of land-use/land cover changes in
monitoring and projecting forest
biomass carbon loss in Pakistan. Global
Ecology and Conservation. 2019;
17(January):e00535

[6] LiuY, Hu'Y, Long S, Liu L, Liu X.
Analysis of the effectiveness of urban
land-use-change models based on the
measurement of spatio-temporal,
dynamic urban growth: A cellular
automata case study. Sustainability
(Switzerland). 2017;9(5):1-15

[7] Kityuttachai K, Tripathi NK,
Tipdecho T, Shrestha R. CA-Markov
analysis of constrained coastal urban
growth modeling: Hua hin Seaside City,
Thailand. Sustainability (Switzerland).
2013;5(4):1480-1500

233

[8] Meng X, Zhang M, Wen ], Du S, Xu
H, Wang L, et al. A simple GIS-based
model for urban rainstorm inundation
simulation. Sustainability (Switzerland).
2019;11(10):2830

[9] Dadashpoor H, Malekzadeh N.
Driving factors of formation,
development, and change of spatial
structure in metropolitan areas: A
systematic review. Journal of Urban
Management. 2020;9(3):286-297

[10] Ramachandra TV, Bharath AH,
Sowmyashree MV. Monitoring
urbanization and its implications in a
mega city from space: Spatiotemporal
patterns and its indicators. Journal of
Environmental Management. 2014;148:
67-81

[11] Gilani H, Ahmad S, Qazi WA,
Abubakar SM, Khalid M. Monitoring of
urban landscape ecology dynamics of
Islamabad capital territory (ICT),
Pakistan, over four decades (1976—
2016). Land. 2020;9:123. DOI: 10.3390/
land9040123

[12] Hasan L. The Islamabad Master Plan.
2020

[13] Bokhari SA, Saqib Z, Ali A, Haq MZ.
Perception of residents about urban
vegetation: A comparative study of
planned versus semi-planned cities of
Islamabad and Rawalpindi, Pakistan.
Journal of Ecosystem & Ecography.
2018;8(1):1-8

[14] Araya YH, Cabral P. Analysis and
modeling of urban land cover change in
Setiibal and Sesimbra, Portugal. Remote
Sensing. 2010;2(6):1549-1563

[15] Dewan AM, Yamaguchi Y. Using
remote sensing and GIS to detect and
monitor land use and land cover change
in Dhaka metropolitan of Bangladesh



Geographic Information Systems — Data Science Approach

during 1960-2005. Environmental
Monitoring and Assessment. 2009;
150(1-4):237-249

[16] Jia Y, Tang L, Xu M, Yang X.
Landscape pattern indices for evaluating
urban spatial morphology — A case study
of Chinese cities. Ecological Indicators.
2019;99 (November 2018):27-37

[17] Salih AAM, Ganawa ET, Elmahl AA.
Spectral mixture analysis (SMA) and
change vector analysis (CVA) methods
for monitoring and mapping land
degradation/desertification in arid and
semiarid areas (Sudan), using Landsat
imagery. Egyptian Journal of Remote
Sensing and Space Science. 2017;20:521-
S29

[18] Khan MS, Ullah S, Sun T, Rehman
AU, Chen L. Land-use/land-cover
changes and its contribution to urban
heat island: A case study of Islamabad,
Pakistan. Sustainability (Switzerland).
2020;12(9)

234






Edited by Rifaat Abdalla

Dive into the dynamic world of Geographic Information Systems (GIS) and data science
with our comprehensive book in which innovation and insights converge. This book
presents a pioneering exploration at the intersection of GIS and data science, providing

a comprehensive view of their symbiotic relationship and transformative potential. It

encapsulates advanced methodologies, real-world applications, and interdisciplinary
approaches that redefine how we perceive and utilize spatial data. Offering a gateway
to cutting-edge research and practical insights, this book serves as a crucial resource

for scholars, practitioners, and enthusiasts alike. It addresses pressing challenges

across diverse domains, from environmental studies to public health and predictive

analytics, demonstrating the paramount significance of integrating GIS with data

science methodologies. It is an essential compass guiding readers toward a deeper
understanding and application of these dynamic fields in today’s data-driven world.

Published in London, UK

© 2024 IntechOpen
© Ungrim / iStock

ISBN 978-1-83769-8

S|

-1

IntechOpen

69
9‘781837‘ 69869

1




	Geographic Information Systems - Data Science Approach
	Contents
	Preface
	Acknowledgment
	Section 1
Data-Driven Geospatial Innovations
	Chapter1
Evaluating Satellite Image Classification: Exploring Methods and Techniques
	Chapter2
Programming an Interactive Map to Enhance Clients’ Participation in Site Selection of E-Marketing in Cairo and Giza Governorates: Egypt
	Chapter3
Visualization and Machine Learning Prediction of Spatiotemporal Spread of COVID-19 in India
	Chapter4
The Synergy of Data Science, GIS Spatial Analysis and Knowledge Management as a Path to Sustainability Insights
	Chapter5
Remote Sensing and GIS Applications inWildfires

	Section 2
Data Science in Geospatial Analysis and Applications
	Chapter6
Spatial Cloud Computing Using Google Earth Engine and R Packages
	Chapter7
A Probabilistic Approach for Road Network Analysis
	Chapter8
Applications of Geotechnologies in the Field of Public Health
	Chapter9
Land Use and Land Cover Simulation




