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Preface

Geospatial Artificial Intelligence (GeoAl) is rapidly reshaping how we interact with the environment,
opening new possibilities for understanding and managing the Earth's resources. In this new
landscape, where Al and geospatial technologies converge, the ability to explain and trust Al-driven
decisions is becoming a priority. GeoAl Unveiled: Case Studies in Explainable GeoAl for
Environmental Modeling bridges the critical gap between cutting-edge GeoAl models and the
transparency required to deploy them responsibly in environmental contexts.

In the past decade, Al techniques like machine learning (ML) and deep learning (DL) have driven
remarkable advancements in geospatial applications. These technologies are now at the forefront of
solutions for some of the world's most pressing environmental challenges—deforestation, climate
change, urbanization, and natural disasters. However, while Al brings unprecedented predictive
power, it also introduces complexity. The often opaque nature of Al models—commonly called "black
boxes"—creates barriers to trust, particularly in high-stakes scenarios like forest conservation, flood
disaster management, urban development, and climate monitoring.

Explainable Al (XAl) offers a solution by transforming complex Al systems into more transparent and
understandable models. XAl also allows users to see what a model predicts and why it makes those
predictions. This capability is especially vital in geospatial contexts, where Al outputs must inform
environmental stewardship, public safety, and resource management decisions.

This introductory book explores the powerful intersection of XAl and GeoAl through real-world case
studies. Chapter by chapter, it dives into critical applications of explainable GeoAl in environmental
modeling, starting with forest structure and extending to flood inundation mapping. Each case study
demonstrates the value of XAl techniques like SHAP (Shapley Additive Explanations) and Grad-CAM
(Gradient-weighted Class Activation Mapping).

GeoAl Unveiled is not just for geospatial researchers or environmental scientists but for all
stakeholders engaged in deploying GeoAl for environmental solutions. Whether you are a graduate
student, researcher, policymaker, urban planner, or disaster response manager, this book empowers
you to harness the full potential of GeoAl. It also ensures that GeoAl models remain transparent,
explainable, and accountable. The book equips you with the knowledge and tools to confidently
navigate the complex landscape of GeoAl in environmental monitoring and management.

In the pages ahead, you will discover how explainable GeoAl can help overcome the trust and
transparency challenges that have long limited the use of Al in environmental modeling. More than a
technical guide, this book offers a forward-looking vision of how responsible, explainable Al can
reshape our ability to solve complex environmental problems. This makes a tangible difference in
managing and protecting the Earth's natural resources.

As we embark on this journey through GeoAl, | invite you to think beyond the "black box" and
embrace the promise of an explainable future. This journey in which explainable GeoAl serves as a
powerful tool and a trusted partner in addressing the environmental challenges of our time.

How is this Book Organized?

GeoAl Unveiled: Case Studies in Explainable GeoAl for Environmental Modeling is structured to
guide readers through the core concepts, techniques, and applications of XAl within GeoAl. The book
is divided into four key chapters. The aim is to provide a comprehensive understanding of how GeoAl
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can be applied to solve environmental challenges while ensuring the transparency and explainability
of Al models. The book is organized as follows.

Chapter 1: Introduction to Explainable GeoAl

This chapter lays the foundation for the book by introducing the concept of GeoAl and its increasing
relevance in geospatial technologies. It explores the rapid growth of Al-driven geospatial applications
and emphasizes the importance of explainability in these models. The chapter introduces the core
principles behind XAl, covering techniques like SHAP (Shapley Additive Explanations), LIME (Local
Interpretable Model-agnostic Explanations), and Grad-CAM (Gradient-weighted Class Activation
Mapping). Readers will gain a solid understanding of why explainability is crucial, particularly in
environmental modeling.

Chapter 2: Case Study 1: Explainable Machine Learning for Modeling Forest Structure

This chapter presents the first case study, which focuses on modeling forest structure. The case study
demonstrates how to apply random forest regression to predict forest canopy height using Earth
observation data such as GEDI canopy height data and Sentinel-2 imagery. A thorough explanation of
the importance of the predictors is provided using SHAP values. Readers will learn how different
predictors—such as Sentinel-2 bands and spectral indices—impact the model's outputs. This case
study highlights the importance of explainable ML for assessing forest structure.

Chapter 3: Case Study 2: Explainable Deep Learning for Flood Inundation Mapping

In the second case study, deep learning (DL) techniques are applied to map flood inundations using
high-resolution imagery. The chapter introduces the U-Net model and demonstrates how it can be
used to identify flooded areas. Grad-CAM is employed to visualize which parts of the satellite images
influenced the model's predictions. This chapter highlights the importance of XAl in disaster
management.

Chapter 4: The Power of Explainable Al: Why It's the Future of Geospatial Modeling

The final chapter summarizes the book and reflects on the strengths and limitations of current
explainable GeoAl techniques. It emphasizes the need for transparency in GeoAl-driven decisions.
This chapter also looks ahead, exploring emerging research directions and the importance of
developing inherently interpretable models that address technical and ethical challenges. The role of
explainable GeoAl in ensuring responsible and equitable use of Al is a central theme in this book.

Appendix

The book also includes an appendix that provides additional resources, such as further reading, for
those interested in applying the techniques discussed. These resources are designed to help readers
deepen their understanding and practical application of explainable GeoAl in their projects.
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Chapter 1. Introduction to Explainable GeoAl

1.1 The Rise of GeoAl
Undoubtedly, geospatial technology has become an integral part of our daily lives. In most parts of

the world, geospatial data and technology contribute to our lives. We interact with it constantly—from
Google Maps guiding our commutes to tracking a pizza delivery or simply checking the weather on
our mobile phones. A few decades ago, however, processing geospatial datasets was a significant
challenge due to limited storage capacity and computing power. Only experts had the capability to
work with large geospatial datasets at national, regional or global scales. Now, thanks to advances in
cloud computing and freely accessible geospatial data, generating even countrywide land cover maps
has become far more feasible and efficient. Building on these advancements, geospatial technology
IS entering a new era—one driven by artificial intelligence (Al).

The new frontier for geospatial data and technology is Geospatial Artificial Intelligence (GeoAl), which
is transforming the capabilities of geospatial applications. GeoAl integrates Al with geospatial data,
science, and technology to solve complex geospatial problems and enhance understanding (VoPham
et al., 2018; Li et al., 2024). Using Al techniques, GeoAl generates valuable geospatial insights from
geospatial data (Pierdicca & Paolanti, 2022). Recent advancements in Al, particularly machine
learning (ML) and deep learning (DL), combined with increased computing power, have propelled
GeoAl forward. These developments have enabled diverse applications such as land cover mapping,
deforestation monitoring, urban planning, and climate modeling (Liu & Biljecki, 2022).

The growth of GeoAl is also driven by the abundance of geospatial data and the swift progress in
data handling and storage technology. Massive amounts of geospatial data—from high-resolution
satellite imagery to real-time sensor observations—demand robust, scalable, and efficient storage
and analytical capabilities. These capabilities are crucial for compiling vital datasets about the
environment and human activities, helping us better understand dynamic environmental, ecological,
and social systems (Gao et al., 2023). Simultaneously, advancements in Al technologies and the
open science movement facilitate the development of new learning strategies.

Incorporating spatial characteristics into Al models is a key aspect of GeoAl (Goodchild, 2004).
Geospatial data and processes have unique properties, such as spatial autocorrelation and spatial
heterogeneity. Spatial autocorrelation, as described by Tobler's First Law of Geography, states that
things geographically closer are more similar than distant things. That is, spatial autocorrelation
measures the similarity of values for a given variable based on geographic proximity. This principle
guides the design of spatial algorithms like spatial clustering and interpolation. Spatial heterogeneity,
often called spatial non-stationarity, describes the variation in relationships, processes, or
characteristics across different geographic locations (Anselin, 1989). It means that environmental,
socio-economic, or ecological phenomena do not remain constant across space. Instead, these
phenomena show differences that vary from location to location due to the influence of various local
factors. Newer GeoAl models increasingly embed this property to address spatial heterogeneity
(Georganos et al.,, 2021; Xie et al.,, 2021). For example, Xie et al. (2021) developed a spatial-
heterogeneity-aware deep learning framework that uses a multivariate scan statistic to identify spatial



heterogeneity in input data. This approach guides hierarchical spatial partitioning of the study area to
train multiple deep learning models, resulting in more robust predictions than other Al models.

A recent development in GeoAl is Prithvi, a geospatial foundation model developed by NASA and
IBM (Jakubik et al., 2023; Li et al., 2024). Prithvi addresses large-scale image analysis challenges by
leveraging massive geospatial datasets like Harmonized Landsat and Sentinel-2 (HLS) imagery.
Unlike traditional models, Prithvi uses self-supervised learning, reducing the need for labeled data
and enabling more scalable analyses. Its applications include crop mapping, flood mapping, and
wildfire prediction. Prithvi's significance lies in its ability to create an efficient and adaptable
framework for processing large-scale Earth observation data. This transformer-based geospatial
foundation model reduces the need for extensively labeled data, thereby accelerating solutions in
areas with scarce labeled geospatial data (Jakubik et al., 2023). However, Prithvi's generalized nature
can struggle with local-specific phenomena without further fine-tuning. For example, accurately
classifying crops in small agricultural fields in sub-Saharan Africa requires specialized adjustments
due to unique regional variations and field characteristics. The model's lack of transparency, often
called the "black-box" nature, complicates validation and stakeholder trust. Furthermore, the high
computational resources required for training and processing large-scale data limit accessibility,
particularly for institutions with restricted budgets in developing countries.

Another notable GeoAl tool that is gaining attention is GeoSAM. GeoSAM is an advanced adaptation
of the Segment Anything Model (SAM), designed explicitly for multi-class segmentation of aerial or
satellite imagery (Sultan et al., 2024). GeoSAM automates the segmentation process by leveraging
sparse and dense prompts, significantly improving performance over traditional CNN and ViT-based
models. Sultan et al., 2024 tested the model using high-resolution orthorectified imagery from
Washington DC and Cambridge (MA). Their results showed a 26% improvement in road infrastructure
segmentation and a 7% improvement in pedestrian infrastructure segmentation. The authors
recommend future research to enhance further GeoSAM's scalability and applicability across various
geospatial tasks and regions. While GeoSAM surpasses traditional models, it struggles with
accurately segmenting narrow features like roads and sidewalks, especially when their textures
resemble other elements in the imagery. Additionally, interference from surrounding objects, such as
trees, buildings, and vehicles, can hinder the model's ability to generate accurate segmentation
maps. The model's performance declines when applied to images from different regions compared to
those used during training. The model's "black-box" nature also complicates validation and
stakeholder trust. Moreover, its reliance on the large-scale computational resources needed for
training and inference may limit its accessibility for specific users or applications.

While GeoAl offers significant strengths—such as handling large, multimodal datasets and producing
detailed geospatial insights—it also faces challenges. These challenges include interpretability and
explainability issues inherent in the machine and deep learning models, difficulties with reproducibility
across different geographical areas, and potential ethical concerns related to privacy and fairness (Li
et al.,, 2024). As GeoAl becomes instrumental in processing and analyzing geospatial data,
researchers can tackle complex environmental issues at scales and speeds beyond human
capability. However, this increased capability brings a heightened need for transparency. Therefore,



stakeholders must understand the reasoning behind the decisions made by these powerful GeoAl
models.

1.2 Why Explainability Matters in GeoAl

The high performance of ML and DL models often leads them to be seen as opaque or "black box"
systems due to their complexity. For example, random forests and neural networks are typical
opaque ML and DL models. Explainable Al (XAl) techniques attempt to transform these "black box"
models into more transparent "glass box" models by providing insights into why the predictors
influence the model outcome. The importance of explainability in GeoAl is amplified in environmental
modeling, where outcomes can influence policy and resource management decisions at large scales.
Trust in these Al models is crucial to enable ethical deployment in public sectors—such as
environmental management and public health—and ensure that decisions are based on sound and
explainable logic. Explainable GeoAl enhances transparency and accountability by allowing
stakeholders to understand the rationale behind GeoAl outputs. This is crucial for advancing GeoAl
applications in land cover mapping, forest carbon stock monitoring, disaster preparedness, climate
change, and other scenarios where actionable insights must be accurate and defensible.

Explainability is especially crucial in geospatial applications due to the distinctive nature of spatial
data, which inherently involves location and context. Unlike traditional datasets, geospatial data often
depends on spatial relationships and geographical complexities such as variations in terrain, climate,
etc. Therefore, ML and DL models applied to analyze geospatial data must consider these spatial
dynamics. Consequently, explainability in GeoAl models ensures that decisions reflect real-world
spatial intricacies. For instance, understanding how predictors affect the model output can help make
the model's predictions more informative for stakeholders (scientists, decision-makers, and
policymakers).

1.3 XAl Techniques

1.3.1 Overview of machine and deep learning techniques

GeoAl has leveraged various Al techniques such as random forests, support vector machines
(SVMs), and convolutional neural networks (CNNs). Researchers have successfully used these
methods to process geospatial data and extract meaningful information and insights. Random forests
(Rodriguez-Galiano et al., 2012) and SVMs (Huang et al., 2002; Pal & Mather., 2005) are extensively
used for land cover classification due to their strong ability to model nonlinear relationships. These
models classify satellite imagery into land cover types based on spectral and textural features.
However, one limitation of these ML techniques is that they require extensive feature engineering to
optimize model performance. Feature engineering often requires domain expertise to manually craft
features that represent the underlying patterns in the data, which can be time-consuming and error-
prone.

On the other hand, convolutional neural networks (CNNs) have gained widespread use for extracting
spatial features from high-resolution satellite and aerial imagery (Yang et al., 2018). Unlike traditional
ML techniques, CNNs eliminate the need for feature engineering entirely, making them more efficient
for complex image segmentation and classification. CNNs automatically learn spatial hierarchies of
features from raw input data, making it possible to capture patterns and relationships that might
otherwise be challenging to design manually. This capability has made CNNs particularly valuable in
applications like mapping building footprints, identifying tree species, and extracting other landscape
features. Their proficiency in automatically detecting features has facilitated urban planning,
infrastructure monitoring, and environmental management, where detailed and fine-resolution maps
are critical.



1.3.2 Overview of XAl techniques

Researchers have developed several XAl techniques to address the 'black box' and trust challenges of
Al models. These XAl techniques can generally be categorized into global and local explanation
methods. Global explanation methods provide insights into the overall behavior of the model by
analyzing its entire dataset. These methods include feature importance scores, partial dependence
plots, and global surrogate models. Global explanation methods offer valuable insights into overall
model behavior, such as identifying which predictors are most influential in making decisions. For
instance, in a canopy height regression model, global methods can determine predictor variables
(Sentinel-2 bands, spectral indices) influencing the model outcome (Figure 1.1).
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Figure 1.1. Example of global SHAP feature importance.
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In contrast, local explanation methods aim to provide an understanding of individual predictions. These
methods focus on explaining the outcome for a specific instance, making them ideal for interpreting
particular cases. For example, local explanation techniques such as SHAP (SHapley Additive
Explanations) or LIME (Local Interpretable Model-agnostic Explanations) can help determine why a
specific area was classified as high risk for flooding based on factors like elevation, slope, land cover,
or soil texture (Figure 1.2). These local insights are particularly useful for stakeholders making
decisions about specific locations. For example, emergency planners must understand the basis for
classifying an area susceptible to natural disasters. Adopting XAl techniques in GeoAl applications is
critical for fostering trust and ensuring accountability in decision-making processes. By providing
insights into the model predictors, these techniques allow stakeholders to better understand model
predictions.

Moreover, XAl techniques also contribute to the iterative refinement of models. Developers can identify
potential biases, refine feature selection, and enhance model accuracy by understanding which
predictor variables drive predictions. This capability is critical in geospatial contexts where diverse
factors—such as climate, topography, and human activities—interact in complex ways. Thus,
explainability supports informed decision-making and plays a vital role in improving the robustness and
reliability of GeoAl models.
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Figure 1.2. LIME plot showing predictors that influence flood susceptibility mapping for a specific
instance.

1.3.3 XAl techniques for GeoAl models

Researchers have developed various XAl techniques, some of which have been adopted for GeoAl
applications. These XAl techniques offer different explanations depending on the model and the
specific geospatial application involved. In this section, we will briefly review popular XAl techniques
such as SHapley Additive exPlanations (SHAP), Local Interpretable Model-agnostic Explanations
(LIME), decision tree surrogate models, and Gradient-weighted Class Activation Mapping (Grad-CAM).

SHapley Additive exPlanations (SHAP) is one of the most widely used XAl techniques and originates
from cooperative game theory (Shapley, 1953). SHAP values provide local and global explanations by
attributing each feature's contribution to the model's prediction. In GeoAl, SHAP can help explain which
predictor variables, such as land cover type or elevation, influence the model's predictions for flood risk
mapping or deforestation modeling. One of SHAP's key strengths is its consistency and completeness.
This strength guarantees that the sum of the feature contributions matches the model's output, ensuring
an accurate breakdown of how each feature affects the prediction. SHAP is also model-agnostic,
meaning it can be applied across various machine and deep learning models, making it versatile for
diverse GeoAl applications.

Local Interpretable Model-agnostic Explanations (LIME) is another popular XAl technique for explaining
individual predictions. Generally, LIME approximates complex models with simpler, more interpretable
models. LIME works by perturbing the input data and observing the resulting changes in the model's
output, creating a local surrogate model that is easier to understand compared to the original complex
model. In GeoAl models, LIME can be used to explain how different predictor variables, such as
elevation or soil moisture, influence the model's decision in a specific instance. This makes LIME a
powerful tool for understanding individual, localized predictions. However, a limitation of LIME is that its
explanations are guaranteed to be valid only locally. As a result, they may not generalize the entire
model well. This interpretation could lead to misunderstandings if interpreted beyond their intended
scope.

Decision tree surrogate models (Figure 1.3) are another XAl technique that can approximate complex
models with simpler, more interpretable decision tree models. These surrogate models are built to



mimic the behavior of a more complex model, providing an overall understanding of how the model
makes its decisions. In GeoAl applications, decision tree surrogates can offer insights into how
predictor variables like Sentinel-2 bands, spectral indices, and elevation influence predictions at a
broader level. However, like LIME, surrogate models may oversimplify complex relationships and thus
might not capture all the details of the original model's behavior.

Gradient-weighted Class Activation Mapping (Grad-CAM) is a visual explanation technique specifically
designed for deep learning models (Selvaraju et al., 2017), particularly convolutional neural networks
(CNNs). Grad-CAM produces heatmaps that visually depict which regions of an input image were most
influential in the model's decision-making process. For example, Grad-CAM can highlight the parts of a
satellite image that contributed the most to classifying a region as urban, water, or forest. These visual
explanations are highly valuable for domain experts and stakeholders, providing intuitive insights into
why the model made a particular classification. Therefore, visualization instills greater confidence in the
decision-making process. However, Grad-CAM is limited to CNNs and does not apply to other DL
models.
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Figure 1.3. Example of a decision tree surrogate model.

1.4 Applications of Explainable GeoAl for Environmental Modeling

Explainable GeoAl holds immense potential to enhance the reliability and transparency of GeoAl
models in environmental modeling. By increasing the explainability of these models, explainable GeoAl
ensures that the insights produced are valid, understandable, and accessible to stakeholders. The use
of GeoAl fosters trust and facilitates informed decision-making. This book will explore two key case
studies highlighting the benefits of explainable GeoAl by modeling forest structure and mapping flood
inundation.

The first case study focuses on modeling forest structure using random forests in conjunction with Earth
observation (EO) data (spaceborne LIDAR, Sentinel-2 imagery). The objective is to model canopy
height—a critical metric for monitoring biodiversity, carbon sequestration, and overall forest health. By
applying SHAP, we aim to identify which predictor variables significantly influence canopy height
predictions. This level of insight is particularly valuable for scientists aiming to enhance canopy height
prediction models. It also benefits other stakeholders who seek to understand how different predictors
contribute to the model's outcome.

The second case study will utilize a U-Net model to map flood inundation using high-resolution imagery.
U-Net is well-suited for this type of task because of its ability to segment complex spatial patterns. We
will employ Grad-CAM to generate heatmaps to make the U-Net model more explainable. These



heatmaps will visually illustrate which regions of the input imagery were most influential in the model's
decision-making process. For example, we will analyze areas that were classified as inundated. Grad-
CAM will help stakeholders, such as disaster response teams and urban planners, better understand
the basis of the model's predictions.

These two case studies demonstrate the power of explainable GeoAl in providing meaningful
transparency to environmental modeling. By applying explainable methods such as SHAP and Grad-
CAM, we can uncover the reasoning behind model predictions, which is especially crucial for tasks that
directly impact environmental policy and management. Explainable GeoAl helps bridge the gap
between GeoAl methods and practical insights for stakeholders.

1.5 Summary

GeoAl integrates Al with spatial data, science, and geospatial technologies to solve spatial problems
and enhance understanding. This field has grown rapidly due to advances in Al technologies,
particularly machine learning (ML) and deep learning (DL), and the increasing availability of geospatial
data. GeoAl is applied in diverse areas, including land cover mapping, deforestation monitoring, urban
planning, and climate modeling. However, due to the inherent complexity of ML and DL models, they
are often seen as "black boxes,” which can hinder their acceptance, especially in sensitive fields like
environmental management and public health. This creates a critical need for explainable Al (XAl)
techniques to improve model transparency and stakeholder trust.

Explainable GeoAl uses XAl techniques such as SHAP, LIME, decision tree surrogate models, and
Grad-CAM to provide explanations of global and local model behavior. These methods help
stakeholders understand what a model predicts and why it makes those predictions. SHAP, for
example, attributes feature contributions to a model's prediction, while LIME approximates complex
models with simpler ones to explain individual predictions. Grad-CAM is particularly useful in visualizing
which regions of input imagery influenced a model's classification decisions, making it ideal for DL
models like convolutional neural networks (CNNS).

Explainable GeoAl has significant applications in environmental modeling, where transparency is
crucial for policy-making and resource management. For instance, modeling forest structures using
random forests combined with SHAP can help identify the key factors influencing canopy height, thus
aiding conservation planning. Similarly, mapping flood inundation using a U-Net model along with Grad-
CAM helps visualize which parts of imagery influenced the classification of flooded areas, supporting
informed disaster management. Explainable GeoAl fosters greater trust in advanced machine and deep
learning by offering clear insights into Al-driven geospatial models. The inclusion of explainability into
GeoAl models makes it a powerful tool for sustainable environmental management.



Chapter 2. Case Study 1: Explainable Machine Learning
for Modeling Forest Structure

2.1 Overview

This chapter employs a random forest approach to model forest canopy height based on NASA's
Global Ecosystem Dynamics Investigation (GEDI) observations and Sentinel-2 satellite data. The
GEDI's Level 2A Geolocated Elevation and Height Metrics Product (GEDIO2_A) and Sentinel-2 data
are available in Google Earth Engine (GEE). GEDI Level 2A dataset offers various metrics related to
vegetation vertical structure, such as canopy height (Dubayah et al., 2020). This dataset includes
relative height (RH) metrics, which represent the height at a given energy quantile (ranging from the
1st to the 100th) relative to the elevation of the lowest waveform mode, indicating ground level
(Hofton & Blair, 2019; Potapov et al., 2021). In this book, we utilize RH98 to represent top canopy
height, as it has been considered a more robust and less noise-sensitive metric than RH100
(Milenkovi€ et al., 2022; Li et al., 2023). Figure 2.1 shows GEDI Level 2A footprint data overlaid on
Sentinel-2 imagery.

Figure 2.1. GEDI Level 2 footprint data (red lines) overlaid on Sentinel-2 imagery in the Mavuradonha
Wilderness area, Zimbabwe.

This chapter uses eight Sentinel-2 spectral bands, the normalized difference vegetation index (NDVI),
and the canopy chlorophyll content index (CCCI). These spectral indices—widely utilized in remote
sensing—are instrumental in monitoring vegetation health, vigor, and productivity. NDVI, in particular,
is one of the most commonly used indicators for assessing vegetation health. It measures the
difference between the near-infrared (NIR) and red bands. Higher NDVI values typically indicate
healthy, green vegetation since healthy plants strongly reflect NIR while absorbing red light.
Conversely, lower NDVI values suggest stressed vegetation or land with no plant cover.

CCCI, on the other hand, is a more specialized index for evaluating chlorophyll content within plant
canopies. The chlorophyll content is a critical indicator for assessing vegetation health and
productivity. One of the key strengths of CCCI is its incorporation of the red edge band, which is
sensitive to variations in chlorophyll content. Therefore, CCCI can reveal finer variations in chlorophyll
concentration, providing a more detailed understanding of vegetation conditions. The CCCI is
calculated as follows:

CCCI =[(NIR - Red Edge) / (NIR + Red Edge)] / [(NIR - Red) / (NIR + Red)].



2.2 Exploratory Data Analysis

2.2.1 GEDI canopy height data

Figure 2.2 presents box and density plots, showing the GEDI Level 2A canopy height distribution
within the Mavuradonha Wilderness area. Miombo woodlands and grasslands primarily cover the
protected area. However, recent increases in human activities—such as tree cutting, farming, and
mining—pose significant threats to the integrity of this ecosystem. The box plot shows that the
median canopy height falls between approximately 7 m and 15 m, consistent with the expected
canopy height of Miombo woodlands, typically ranging from 7 m to 20 m. The interquartile range
(IQR), which represents the middle 50% of canopy height data, also falls within this expected range,
indicating that a significant portion of the canopy height remains typical of the undisturbed Miombo
woodlands. However, the box plot also reveals outliers extending beyond 25 m. These outliers may
not accurately represent actual canopy height and could be attributed to measurement errors. Due to
the high elevation and steep slopes of the Mavuradonha Wilderness area, the GEDI sensor might
have overestimated the canopy height, leading to the presence of these outliers.

The density plot further reveals that the canopy height distribution is right-skewed, with many canopy
heights between 5 m and 15 m. The density peak at lower canopy heights suggests that the region is
experiencing some level of forest degradation, particularly in areas where human activities have
encroached on natural forested zones. The density plot also shows a long tail extending beyond 30
m, though these taller canopy heights are less frequent. This suggests an artifact of measurement
inaccuracies on high terrain.
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Figure 2.2. Distribution of GEDI canopy height in the study area.

In summary, the plots suggest that while much of the canopy height distribution remains within the
expected range for Miombo woodlands, there is clear evidence of disturbance, likely due to human
encroachment and farming activities. Additionally, outliers and the long tail observed in the plots may
be attributed to overestimation by the GEDI sensor, particularly in areas of high elevation and steep
slopes. These observations highlight the need to interpret LIDAR data in such terrains carefully.

2.2.2 Spectral reflectance analysis using boxplots

Figure 2.3 shows the distribution of spectral reflectance values for eight Sentinel-2 spectral bands—
specifically, B3 (Green), B4 (Red), B5 (Vegetation Red Edge 1), B6 (Vegetation Red Edge 2), B7
(Vegetation Red Edge 3), B8 (Near Infrared), B11 (Shortwave Infrared 1), and B12 (Shortwave
Infrared 2)—along with CCCI and NDVI. Each boxplot presents key statistical measures such as
median, interquartile range, and outliers, providing insights into the variability of spectral reflectance



across different wavelengths. The median values and the presence of outliers are significant when
interpreting these distributions.

For bands 3 to 5, the median spectral reflectance is generally below 0.4, which is consistent with the
typical reflectance of vegetation in these parts of the electromagnetic spectrum. Specifically, B3
(Green) and B4 (Red) are lower, likely due to their sensitivity to chlorophyll absorption. This results in
lower reflectance for healthy vegetation. The boxplots also show that these bands have numerous
outliers, indicating a certain degree of heterogeneity in spectral reflectance. Band 5 (VRE1) also has
a median value below 0.4, which is slightly higher than bands 3 and 4. The higher median value in the
red edge band is significant, as red edge bands are often used to detect changes in vegetation health
and stress levels. The red edge bands located between the red and near-infrared bands show a rapid
increase in reflectance caused by chlorophyll absorption and leaf structure reflection. This
characteristic explains why B5 has a higher median than the B3 and B4 bands.
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Figure 2.3. Box plot showing the distribution of Sentinel-2 spectral reflectance values.

Moving on to bands 6 (VREZ2), 7 (VRE3), and 8 (NIR), there is a gradual increase in median spectral
reflectance. Band 8 (NIR) shows slightly higher spectral reflectance values. This is typical for healthy
vegetation, which strongly reflects near-infrared light, contributing to higher reflectance in this band.
The median for band 8 is higher than 0.5, indicating strong NIR reflectance. Bands 6 and 7 also show
moderate increases in median reflectance compared to bands 3 to 5, reflecting their role in capturing
subtle variations in chlorophyll content. Bands 11 (SWIR1) and 12 (SWIR1) display lower median
spectral reflectance than the NIR band. These bands are sensitive to moisture content in vegetation
and soil, and their lower reflectance suggests varying moisture levels in the landscape.

Finally, the NDVI and CCCI display higher median values. NDVI shows a high median value,
indicating overall healthy vegetation within the study area. The CCCI, which incorporates the red
edge, also presents a high median value and appears to capture more subtle variations in chlorophyll
content. Generally, NDVI and CCCI correlate to vegetation canopy cover and biomass more than the
Red or NIR bands alone.

2.2.3 Spectral reflectance analysis using density plots

Figure 2.4 shows the distribution of spectral reflectance values for eight Sentinel-2 spectral bands.
We observe that the spectral reflectance is mostly concentrated between 0.15 and 0.3 for B3 and
between 0.1 and 0.35 for B4, with peaks at approximately 0.2. This is typical for vegetation, which
reflects moderate amounts of green light while absorbing a significant amount of red light. The narrow
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peaks and the relatively lower maximum reflectance values indicate that vegetation cover dominates
these observations.
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Figure 2.4. Density plot showing the distribution of spectral reflectance values for Sentinel-2 bands.

We observe a shift towards higher reflectance values for bands 5, 6, and 7. Specifically, B5 (VRE1)
has a peak around 0.3, while bands 6 (VRE2) and 7 (VRE3) have higher peaks near 0.45 and 0.5,
respectively. The red edge bands are sensitive to changes in chlorophyll content and provide crucial
information on plant health and stress. The higher and broader reflectance distributions indicate the
characteristic response of healthy vegetation in the red edge region, reflecting more as chlorophyll
content increases.

Band 8 (NIR) shows a clear peak at around 0.5, indicating strong reflectance in this range. Healthy
vegetation strongly reflects NIR light due to internal leaf structures, so the peak is significantly higher
than the visible bands. The higher density at these reflectance levels signifies the presence of
healthy, green vegetation in the observed data.

For bands 11 (SWIR1) and 12 (SWIR2), the peaks are observed at approximately 0.45 and around
0.3, respectively. SWIR bands are sensitive to water content in vegetation and soil. Therefore, the
lower spectral reflectance values are consistent with SWIR's role in detecting moisture levels. Band
11 shows a relatively high peak density, suggesting moderate reflectance indicative of moisture
variation across vegetation and soil surfaces. In contrast, band 12 shows a broader distribution that
captures a range of reflectance values possibly influenced by variations in water stress and soll
conditions. Overall, these density plots provide insights into how different wavelengths interact with
vegetation and soil. Each band offers unique information for monitoring plant health, stress, and
moisture content.

2.3 Evaluating Model Performance

We employed a cross-validation approach with 10 folds (cv=10) to assess the random forest
regression model's prediction accuracy. Figure 2.5 illustrates that the RMSE scores range between
approximately 5 m and 6 m across different iterations, highlighting model performance variability.
Specifically, some iterations exhibit relatively low RMSE scores, around 5 m, which indicates better
prediction accuracy and lower model errors. Conversely, other iterations demonstrate higher RMSE
values, approximately 6 m, suggesting that the model experienced more significant prediction errors
in those cases.
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The lowest RMSE values for models 6 and 7 indicate that these particular iterations provided more
reliable and accurate predictions. On the other hand, the highest RMSE values are recorded for
models 3 and 9, highlighting instances where the model's performance was suboptimal with higher
error rates. This variability indicates that the model's predictive performance changes across
iterations. Data characteristics, model settings, and variability in training and testing splits during
cross-validation contribute to this inconsistency.
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Figure 2.5. RMSE scores for random forest regression model across 10-fold cross-validation.

Further model refinement is recommended to achieve a more consistent and lower RMSE across all
iterations. This inconsistency points to a need for enhancements such as better hyperparameter
tuning to optimize model parameters or more effective data preprocessing to ensure robust
performance. Addressing these aspects could help stabilize the model's prediction accuracy, thereby
achieving more reliable and generalized results across all folds of the cross-validation process.
Ultimately, the goal would be to reduce variability and consistently achieve lower RMSE values,
indicating improved overall model performance.

Figure 2.6 shows a scatter plot depicting the relationship between the GEDI reference canopy height
on the x-axis and the estimated canopy height on the y-axis. The regression line, characterized by
y=0.04x+11.29y=0.04x+11.29, indicates a weak positive linear relationship between the reference
and estimated canopy heights. The plot reveals several model prediction problems. Note that the data
points are widely scattered around the regression line, pointing to substantial inconsistency in the
model's predictions.

Another critical observation is the bias present in the estimation. The intercept value of 11.29 implies
that the model predicts heights of around 11.29 m, even when the reference height approaches zero.
This consistent overestimation is particularly evident for lower reference canopy heights, suggesting
that the model systematically overpredicts the height when reference values are low. This bias could
lead to inaccurate conclusions. Li et al. (2023) observed that GEDI performed well for trees between
3 m and 15 meters in height in African Savannah woodlands. However, GEDI was less reliable for
canopy heights below 2.34 m due to limitations in its pulse width, making it unsuitable for estimating
shrub heights (Li et al., 2023).
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The influence of outliers (see Figure 2.2) is evident in the scatter plot, as they contribute to a weak
correlation and distort the accuracy of the random forest model's predictions. The increased spread of
data points, especially at the extremes of the reference height range, indicates that these outliers
have negatively affected the model's ability to generalize. As a result, the model fails to provide
accurate estimates across different height values. Therefore, data cleaning through outlier detection
and removal should be done to improve the model's performance. In particular, it is critical to analyze
and clean GEDI canopy heights, especially in areas with high elevations or steep slopes, which are
known to introduce inaccuracies in LIDAR measurements. In addition, it is also important to adjust the
model parameters to minimize the impact of outliers.
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Figure 2.6. Relationship between the GEDI reference canopy height and the estimated canopy

height.

The color bar in the figure represents the absolute difference between the reference and estimated
canopy heights, providing further insight into the accuracy of the model's predictions. The darker
(purple) points indicate lower absolute differences, signifying more accurate predictions, whereas the
lighter (yellow) points represent larger discrepancies between reference and estimated canopy
heights. The lighter points are more common at higher reference canopy heights, suggesting the
model struggles to accurately predict taller trees. This issue is particularly concerning because it
implies that the model's performance declines as canopy height increases, potentially limiting its
effectiveness in estimating the heights of mature forests.

Finally, the distribution of the data points reveals a pattern in the spread of the predictions. Most
estimated heights are clustered between 10 m and 15 m, irrespective of the reference canopy height.
This clustering highlights the model's tendency to predict within a narrow range, reflecting an inability
to adequately capture the variability in high reference canopy heights. This limitation further
contributes to the poor performance of the model, especially for taller trees or more complex canopy
structures.

The model generally exhibits a weak linear relationship between reference and estimated canopy
heights, consistent overestimation at lower reference values, and significant inaccuracy at higher
reference heights. The color-coded absolute differences emphasize the model's struggle to predict
high canopy height accurately. Furthermore, the clustering of predictions within a narrow range
demonstrates the model's limited responsiveness to variations in the reference data. Addressing
these issues requires data cleaning, extensive model tuning, and additional predictors to better
capture the underlying complexity in the canopy height data. Figure 2.7 shows the predicted canopy
height.
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Figure 2.7. Predicted canoy hreg.

2.4 Interpreting SHAP Values

2.4.1 Interpreting global SHAP values

2.4.4.1 Feature importance analysis using SHAP

Figure 2.8 shows the feature importance plot, which uses global SHAP values to explain the
contribution of each Sentinel-2 band and spectral indices to the model's predictions. The plot shows
the mean absolute SHAP values for each predictor, representing each predictor's average impact on
the model's output. This type of analysis is valuable in understanding which predictor variables are
most influential in determining the model's predictions, thus providing insight into the predictor
contributions within the regression model.

Figure 2.8 shows that the CCCI has the highest mean SHAP value, which indicates that it has the
most significant influence on the model's predictions. This suggests that CCCI plays a vital role in
explaining the variation in the target variable. Its effectiveness is likely due to its sensitivity to
vegetation health and chlorophyll levels. Following CCCI, NDVI is the second most impactful
predictor, though its influence is notably less compared to CCCI.
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Figure 2.8. Mean SHAP values representing feature importance for Sentinel-2 bands and spectral
indices.

Among the Sentinel-2 spectral bands, bands 11 (SWIR 1), 7 (VRE 3), and 12 (SWIR 2) are the most
impactful, with relatively high mean SHAP values. This highlights the importance of these bands in
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capturing information related to soil and vegetation moisture content and the subtle variations in
chlorophyll along the red-edge region. In contrast, bands 6 (VRE 2) and 8 (NIR) have the least
influence on the model's predictions, as indicated by their lower mean SHAP values. This suggests
that these bands contribute less to the model's overall explanatory power.

The feature importance plot, derived from SHAP values, helps identify the most critical predictors that
drive the model's accuracy, providing valuable information for understanding model behavior.
However, it is important to note that this analysis does not provide information about the direction of
the influence—whether each predictor contributes positively or negatively to the predictions. Instead,
it solely provides the magnitude of each predictor's impact. Therefore, further analysis is required to
understand how changes in these features affect the model predictions specifically.

2.4.4.2 Analysis of SHAP value distribution using beeswarm plot

Figure 2.9 shows the beeswarm plot derived using SHAP values. The beeswarm plot shows the
underlying distribution of data while avoiding overlap between individual points. The beeswarm plot
provides a detailed view of how individual predictor contributions vary across all predictions made by
the model. Each dot on the beeswarm plot represents a single prediction, with the dot color indicating
the feature value—red for high feature values and blue for low feature values. This visualization
allows us to observe the influence of each predictor on the model's output, revealing both the
magnitude and the direction of their impact.

The canopy chlorophyll content index (CCCI) has the most significant impact on the model's output.
High values of CCCI, represented by red dots, generally push the model's predictions positively,
suggesting that increased chlorophyll content leads to higher predictions for the target variable.
Conversely, low CCCI values, shown in blue, tend to push the predictions downwards, indicating a
negative impact on the model outcome. This highlights CCCI as a strong driver of model predictions,
with distinct and consistent patterns depending on the value of this feature.
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Figure 2.9. SHAP beeswarm plot illustrating feature value impact on model predictions.

A similar pattern is observed for NDVI and the other Sentinel-2 bands, although their overall impact is
less pronounced compared to CCCI. High values of these predictors also contribute positively, while
low values contribute negatively to the predictions. However, the spread and density of SHAP values
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are generally smaller. This suggests that while NDVI and individual spectral bands influence model
predictions, their impact is not as strong or consistent as that of CCCI.

The spread of SHAP values for each predictor indicates the variability they introduce into the model's
predictions. A wide spread of SHAP values means that the predictor contributes with a high degree of
variability, influencing the prediction significantly in both positive and negative directions, depending
on the feature value. For CCCI, the wide spread of SHAP values emphasizes its role in contributing
substantial variability to the model, making it a critical feature for determining the predicted outcomes.
In contrast, predictors with a narrower spread, such as some of the spectral bands, indicate a more
moderate and consistent effect on model predictions.

Overall, the beeswarm plot provides an insightful visual representation of the distribution and
influence of SHAP values across predictors. This helps to understand the relative importance and
dynamic nature of predictor contributions in the model. It reveals that while multiple predictors
contribute to the predictions, CCCI has the strongest influence with a distinct and consistent effect,
whereas other features like NDVI and spectral bands have a less pronounced but still relevant impact
on the model's predictions.

2.4.4.3 Analysis of SHAP value distributions using violin plots

Figure 2.10 represents the distribution of each predictor's impact on the model's output. Each "violin"
shows the range and concentration of SHAP values for a particular predictor. The violin plot provides
insights into the magnitude and variability of a predictor's influence on model predictions. The width of
each violin plot at different points along the SHAP value axis indicates the density of predictions with
similar SHAP values. Therefore, the violin plot shows the predictor's contribution to the model's
performance.

Figure 2.10 shows that the CCCI has the widest distribution of SHAP values. This suggests that CCCI
introduces the greatest variability in influencing the model's output, with SHAP values ranging widely
from negative to positive impacts. This variability reinforces CCCI as a significant driver of the model's
predictions, where high feature values can strongly increase predictions while low values can equally
decrease them. The broad and varied distribution emphasizes that CCCI is crucial in shaping model
behavior, reflecting positive and negative contributions across the dataset.
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Figure 2.10. Violin plot of SHAP value distributions for Sentinel-2 bands and spectral indices.
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For bands 11 (SWIR 1), 7 (VRE 3), and 12 (SWIR 2), the violin plots show moderate spread in their
SHAP value distributions. This indicates that while these bands notably impact the model predictions,
their influence is less dominant or variable than CCCI's. The narrower distribution also suggests
moderate contributions. Therefore, the bands do not swing the model output as significantly as CCCI.

In contrast, features like bands 6 (VRE 2) and 8 (NIR) show a much narrower distribution of SHAP
values, indicating a limited role in the model's prediction process. The narrow shape of these violins
suggests that these features contribute minimally to the overall predictions, with most of their SHAP
values clustered around zero. This limited spread implies that changes in these features do not
substantially influence the model output.

Overall, the violin plot helps us understand which features are important and how their contributions
vary across all predictions. The broader distributions, such as seen with CCCI, indicate predictors
with more dynamic and influential impacts. In contrast, the narrower distributions reflect predictors
with more limited, consistent roles. This interpretation aids in refining feature selection by identifying
the predictor that contributes most variably and significantly to the model's output. This information
can be leveraged for model improvements or further analysis.

2.4.4.3 Scatter plot analysis of SHAP value distributions

Figure 2.11 provides a detailed examination of how the predictor values relate to their respective
SHAP values. This analysis offers insights into the contribution of each predictor to the model's
predictions. The scatter plots help visualize whether a predictor positively or negatively impacts the
model's output and how this impact changes across different predictor values.

For bands 3, 4, 5, and 8, the SHAP values are mainly concentrated between -0.5 and 0.5, with a
slight spread to both positive and negative sides. This suggests that these predictors have a relatively
weak influence on the model's output. The absence of a clear upward or downward trend in the SHAP
values across the range of predictor values indicates that the influence of these bands is relatively
consistent, with minimal impact on driving the model predictions in a specific direction. Higher or
lower reflectance values in these bands do not markedly shift the model predictions, highlighting their
limited role.
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Figure 2.11. Scatter plots of SHAP values vs. predictor values for Sentinel-2 bands and spectral
indices.

17



Bands B7 and B11 show a distinct positive correlation between predictor and SHAP values. This
means that higher reflectance in these bands tends to have a stronger positive impact on the model's
predictions. Band 12 (SWIR2) also shows a positive relationship between spectral reflectance and
SHAP values. However, this trend is less linear than B7 and B11, implying a more complex influence.

The canopy chlorophyll content index (CCCI) has a distinctive pattern, with a broad range of SHAP
values. High CCCI values consistently contribute positively to the model's predictions, pushing the
SHAP values upward. Conversely, lower CCCI values have a negative impact. This strong separation
between high and low feature values emphasizes that CCCI plays a critical role in the model,
significantly influencing the prediction direction and magnitude. This observation aligns with earlier
analyses, where CCCI was identified as a major driver of model predictions.

The normalized difference vegetation index (NDVI) also displays a relatively strong positive
relationship with SHAP values. Higher NDVI values correspond to higher positive SHAP values,
indicating a substantial positive influence on model outputs. This reflects NDVI's importance in the
model. Although the spread of SHAP values for NDVI is more compact than for CCCI, it still
significantly impacts prediction accuracy, underscoring its importance in capturing vegetation
characteristics.

Overall, CCCI has the strongest and most consistent impact on the model's predictions, with higher
values resulting in higher positive SHAP values. This suggests that CCCI is a crucial predictor in the
model, significantly influencing the output. NDVI, along with bands B7 and B11, also shows a clear
positive contribution, meaning higher values of these features push the model predictions positively.
In contrast, bands B3 to B6 exhibit weaker effects, with their SHAP values mostly centered around
zero, suggesting a moderate and less directional influence on the model's behavior.

2.4.2 Interpreting Local SHAP Values

2.4.2.1 Local SHAP value analysis

Figure 2.12 presents a bar plot of local SHAP values. The bar plot provides a detailed interpretation
of how each predictor contributes to the model's prediction for a specific observation. This local
interpretation helps us understand how each predictor's value increases or decreases the model
output for an individual prediction. The analysis gives insights into a single data point's result.

B6 - +0.22
B8 -0.17 -
NDVI _ +0.12
B12 i +0.1
B4 i +0.09
B3 i +0.06
B5 -0 |

06 04 -02 00 02 04 06 08 10
SHAP value

Figure 2.12. Local SHAP values show feature contributions to model prediction for a single
observation.
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Figure 2.12 shows that B7 (VRE 3) makes the largest positive contribution to the model's prediction,
adding approximately +1.02 to the output. This indicates that, for this specific observation, B7
significantly drives the prediction upward. Closely following B7 is the CCCI, which also adds a
considerable amount to the model's output, with a contribution of +0.86. The substantial positive
contributions from B7 and CCCI indicate that high values of these features are likely pushing the
prediction upward, making them dominant factors in determining the output for this instance.

In contrast, other predictors, such as B11 and B8, contribute negatively to the prediction. Specifically,
B11l reduces the model output by -0.46, while B8 has a smaller negative impact of -0.17. This
suggests that the values of B11 and B8 for this particular observation are counteracting the positive
contributions from other predictors, thereby pulling down the prediction. These negative contributions
are important as they show that not all predictors support the prediction in the same direction. Rather,
they provide opposing influences based on their individual values.

Additionally, other predictors, including B6, NDVI, B12, and B3, contribute positively to a smaller
extent. Their SHAP values are much lower compared to B7 and CCCI, suggesting a more moderate
influence on the final prediction. Band 6 adds +0.22, NDVI adds +0.12, and other features have
contributions under +0.1, implying that these features support the prediction. Therefore, their
influence is relatively minor compared to the dominant effects of B7 and CCCI.

Overall, the interpretation of this local SHAP plot reveals that B7 and CCCI are the primary drivers of
the prediction for this specific observation, substantially boosting the model’s output. Meanwhile, B11
and B8 serve as counterbalances, reducing the output value. This localized view of feature
contributions provides useful insights into why the model made a particular prediction. It also
highlights the interplay between predictors that contribute positively and those that oppose the
prediction.

2.4.2.2 Local SHAP waterfall plot

Figure 2.13 shows a detailed breakdown of how the model arrived at a final prediction of 13.596 for a
specific observation. The analysis shows the cumulative contributions of each predictor relative to the
base value, which is the average model output of 11.762. Each step in the waterfall plot shows how
much a particular predictor is either added to or subtracted from the base value. This provides
insights into the model's decision-making process for this particular instance.

The waterfall plot shows that B7 (VRE3) makes the largest positive contribution to the prediction,
adding +1.02 to the final value. This indicates that B7 is the most influential feature driving the
prediction upward, highlighting its importance for this observation. CCCI is the next most impactful
predictor, contributing an additional +0.86 to the prediction, reinforcing its critical role in increasing the
model's output for this observation. These contributions from B7 and CCCI show that higher values
for these predictors strongly impact the prediction.

In contrast, B11 (SWIR1) negatively influences the prediction, decreasing the value by -0.46. This
indicates that B11 is counteracting some of the positive contributions from other predictors for this
specific instance, thus reducing the model output. This negative contribution suggests that the
conditions associated with B11 for this observation are less favorable, effectively pulling the
prediction down.

Other predictors, such as B6 (VRE2), NDVI, and B8 (NIR), contribute more modestly to the

prediction, positively or negatively. For instance, B6 adds +0.22 to the model output, while NDVI adds
+0.12. Conversely, B8 contributes negatively, subtracting -0.17 from the prediction. These smaller
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contributions reflect the fine-tuning of the prediction. This indicates that while these predictors play a

role, their influence is less significant than B7 and CCCI.
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Figure 2.13. SHAP waterfall plot demonstrating predictor contributions to a specific prediction.

Ultimately, the final prediction of 13.596 is reached by summing these individual contributions from
the base value of 11.762. The SHAP waterfall plot demonstrates how each predictor, positively or
negatively, impacts the model output for this particular observation. This analysis offers an intuitive
way to understand the model's decision-making process for an individual prediction.

2.4 Spatial Analysis of Predictor Contributions using SHAP

Figure 2.14 shows how CCCI, NDVI, B7 (VRE3), and B8 (NIR) contribute to the model's prediction.
Each subset of the SHAP map shows the localized influence of these predictors, with a color gradient
ranging from red to blue. The color range reflects the magnitude and direction of the predictor’s
impact on the model's predictions. Red areas indicate positive contributions, suggesting that these
predictor values contribute to higher canopy height estimates at those locations. Conversely, blue
areas indicate negative contributions, meaning the predictors are associated with lower canopy height
predictions.

Figure 2.14 shows that CCCIl and NDVI are the most influential predictors for estimating forest
canopy height. The SHAP maps for these predictors show larger red areas, suggesting that high
chlorophyll content and healthy vegetation are positively associated with increased canopy height.
This pattern confirms that regions with higher CCCI and NDVI values will likely have healthy
vegetation, which strongly drives the model's canopy height prediction. The positive contributions of
these spectral indices are crucial for accurately representing vegetative growth dynamics.

On the other hand, bands 8 (NIR) and 7 (VRE 3) show fewer areas with high influence, as evidenced
by their limited patches of red in the SHAP maps. The impact of these bands on the prediction of
canopy height is less pronounced compared to CCCI and NDVI. While they still play a role, the spatial
extent of their contribution is less widespread. Therefore, these bands do not consistently drive the
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prediction of forest canopy height across the study area. This may suggest that their relevance is
more context-specific.

The spatial visualization offered by these SHAP maps is invaluable for understanding the localized
contribution of each predictor in the random forest model. The SHAP maps provide essential insights
to stakeholders such as forest managers by highlighting the most important predictor variables for
predicting forest canopy height. In other words, the SHAP maps show where the influence of
predictors is most significant. Moreover, these SHAP maps are instrumental for researchers and
model developers, providing critical feedback on model performance given its spatial nature.
Understanding how features contribute across different regions can help refine model training and
improve spatial accuracy, potentially leading to better predictive power and generalization. While the
benefits of these visualizations are significant, it is worth noting that generating SHAP maps is
computationally intensive. This particular analysis took approximately three hours to compute the
SHAP maps for a subset of the study area. Thus, there is a pressing need to optimize the
computation of spatial SHAP values to make this valuable tool more accessible for broader
applications without the substantial computational burden.
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Figure 2.14. A subset of SHAP Maps showing contributions of predictors to forest canopy height
predictions.

2.5 Summary

Chapter 2 explored a case study on explainable machine learning techniques for modeling forest
structures. The chapter utilized a random forest model. GEDI canopy height data, eight Sentinel-2
bands, and two spectral indices (NDVI and CCCI). These spectral indices are essential in assessing
vegetation health and productivity. We also performed exploratory data analysis using box and
density plots. The exploratory data analysis using boxplots and density plots highlighted significant
insights, which are critical before training a machine learning model.

We also evaluated the random forest regression model's performance using a 10-fold cross-validation
approach. The variability in RMSE scores across different iterations highlighted the need for further
model improvements. In particular, data cleaning is required, given the outliers present in the training
data. The model's predictions of canopy height were compared with GEDI reference canopy heights,
revealing a weak linear relationship and consistent overestimation. This indicates the model's
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challenges in accurately capturing the full variability of forest canopy heights, especially for taller
trees. The chapter emphasized the importance of improving model accuracy to enhance the reliability
of forest height predictions for environmental applications.

Finally, we used the SHAP values to understand the contributions of different predictors to the
model’s output. Both global and local SHAP value analyses were performed, providing insights into
which predictors most influenced the model's predictions. CCCI and NDVI emerged as key drivers,
with a significant and consistent positive influence on canopy height predictions. SHAP value
visualizations, including bar plots, beeswarm plots, scatter plots, violin plots, and waterfall plots,
highlighted the critical features and their influence across individual and global contexts. Moreover,
spatial SHAP maps provided a valuable visualization of how these features contribute across different
regions, offering stakeholders a clearer understanding of which predictors are most important and
where their influence is strongest. The chapter concluded by discussing the computational intensity of
generating SHAP maps, suggesting a need for optimization to make this tool more practical for large-
scale spatial analyses.
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Chapter 3. Case Study 2: Explainable Deep Learning for
Flood Inundation Mapping

3.1 Introduction

Flooding remains among the most destructive and widespread natural hazards worldwide, leading to
significant human, economic, and environmental losses (Bentivoglio et al., 2022). Consequently,
mapping flood inundation is critical for effective disaster management, urban planning, and mitigation
strategies. Accurate flood maps enable policymakers and emergency responders to develop informed
action plans, prioritize high-risk areas, and reduce the long-term impacts of flood events. As climate
change continues to intensify both the frequency and severity of floods, the need for accurate flood
mapping has become even more pressing to protect lives, infrastructure, and ecosystems (Lee & Li,
2024).

Over the past several decades, researchers have increasingly turned to Earth observation data to
enhance flood inundation mapping capabilities. Earth observation data, particularly satellite imagery,
offer a unique ability to capture large-scale spatial dynamics of flood events, making it a valuable
resource for flood risk assessment. However, traditional approaches to flood inundation mapping
have faced several limitations. One of the primary challenges was the reliance on low to medium-
spatial resolution imagery, which often lacked the spatial detail needed to accurately represent flood
impacts on critical infrastructure such as buildings and roads (Bentivoglio et al., 2022). Additionally,
traditional processing techniques for high-resolution imagery were computationally intensive and
relied heavily on manual interpretation. This made the process laborious and time-consuming, leading
to significant delays in generating flood maps during emergencies when timely information is crucial
(Sanderson et al., 2023). These methods' computational demands and time constraints also limited
their scalability, making them less effective for responding to large-scale or fast-evolving flood events
(Lin et al., 2023).

Recent advancements in deep learning (DL), particularly developing and applying convolutional
neural networks (CNNs), have significantly transformed mapping using aerial or high-resolution
satellite imagery. CNNs are particularly well-suited for processing high-resolution imagery, as they
excel at recognizing spatial patterns, making them highly effective for detecting flood extents
(Bentivoglio et al., 2022). These DL models reduce the manual effort required for feature engineering.
They can efficiently process large volumes of satellite imagery, generating accurate flood maps in
near real-time. Furthermore, the fusion of multiple data sources, such as synthetic aperture radar
(SAR) and optical imagery, has enabled models to overcome data quality issues like cloud cover
(Sanderson et al., 2023).

In addition to improving accuracy and efficiency, DL models have introduced enhanced scalability to
flood mapping. Advanced CNN architectures, such as U-Net, have demonstrated their capacity to
handle large datasets and produce high-resolution flood inundation maps across diverse
geographical regions (Lin et al., 2023). These capabilities are critical for ensuring rapid response to
flood events on both local and regional scales. Therefore, DL models are an indispensable tool for
flood risk management.

Despite these advancements, challenges remain. One persistent issue is model generalization—
ensuring that a model trained in one region or on one type of flood event can effectively generalize to
different regions or flood scenarios. Flood events can vary greatly in nature, influenced by diverse
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climatic, topographic, and hydrological conditions. This variability makes developing a single model
that performs consistently across all scenarios difficult. Moreover, incorporating uncertainty into
predictions remains a critical area of research, particularly as decision-makers need a clear
understanding of the reliability of model outputs to make informed decisions during emergencies
(Bentivoglio et al., 2022). Additionally, there is a growing need for explainability in DL models.
Explainability is crucial for improving model trust and transparency. For example, scientists and
policymakers can understand the predictors influencing the model outcome.

In this chapter, we address these gaps using free data from Kaggle (Figure 3.1) to map flood
inundations using DL and XAl techniques. Specifically, we utilize a U-Net model for automated
feature engineering and mapping. Furthermore, we employ Gradient-weighted Class Activation
Mapping (Grad-CAM) to visualize the areas of input imagery most influential in the model's decision-
making process. Grad-CAM provides an essential step towards explainable DL, allowing stakeholders
to better interpret and understand model predictions. This will lead to more informed and transparent
flood disaster management and mitigation strategies.
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Figure 3.1. Sample flood inundation data set. Note that flooded areas are in white, while non-flooded
areas are in black.

3.2 U-Net Model

The U-Net model, an innovative U-shaped encoder-decoder convolutional neural network (CNN)
architecture, was originally designed for biomedical image segmentation (Ronneberger et al., 2015).
This study trained the U-Net model using the Kaggle dataset, carefully tuning key parameters and
hyperparameters to optimize performance. These adjustments included fine-tuning the initial learning
rate, batch size, and number of training epochs, alongside selecting appropriate elements such as the
loss function, optimization algorithm, and evaluation metrics. Data augmentation techniques were
also applied to enhance the diversity of the training set and improve the model's robustness,
ultimately leading to better generalization in flood inundation mapping tasks.

Figure 3.2 provides insight into the training and validation performance of the U-Net model over 70
epochs, using both accuracy and loss as metrics to evaluate its effectiveness. The model accuracy
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plot illustrates the progression of training and validation accuracy over time. Initially, training accuracy
(blue line) starts at approximately 0.6 and steadily increases, reaching around 0.87 by the final epoch.
This consistent rise in accuracy suggests that the model effectively learns to classify the input data.
Meanwhile, the validation accuracy (orange line) exhibits some fluctuations during the early epochs,
which is typical as the model adapts to different data sets. However, it gradually stabilizes,
converging to around 0.86. The validation accuracy closely follows the training accuracy, and both
curves converge towards the end of training. This convergence indicates that the model generalizes
well without significant overfitting and performs similarly on both seen (training) and unseen
(validation) data.
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Figure 3.2. U-Net model results.

The model loss plot, on the other hand, tracks the evolution of loss throughout the training process.
The training loss (blue line) decreases sharply during the initial epochs, reflecting the model's ability
to learn from the training data quickly. As training continues, the loss declines more gradually but
consistently, indicating steady improvements in the model's predictive capability. The validation loss
(orange line) follows a similar trajectory, decreasing substantially at the beginning and remaining
close to the training loss across the epochs. The convergence of training and validation loss near
similar values further suggests that the model is balanced and generalizes well, successfully
capturing the underlying patterns in the data without becoming overly tailored to the training set.

The U-Net model demonstrates strong performance across both metrics. The convergence of the
training and validation curves for accuracy and loss without significant divergence indicates effective
learning and good generalization. The absence of any significant gap between the training and
validation curves confirms that the model is neither underfitting nor overfitting, achieving steady
improvements in its capability to predict flood inundation effectively.

3.3 Flood Inundation Maps

Figure 3.3 shows the input image, the true mask, and the predicted flood mask. The input image
displays a flooded area with water covering large landscape parts. The true mask, which serves as
the ground truth, correctly identifies the flooded regions in white and the non-flooded regions in black.
This mask provides a reference for evaluating the accuracy of the U-Net model's segmentation.

The predicted mask, generated by the model, captures the general structure of the flooded areas and

IS reasonably good at matching the true mask. However, there are some discrepancies, particularly in
the upper portion of the image, where the model overestimates the extent of flooding, resulting in
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extra white areas that were not flooded. Additionally, some smaller flooded regions, especially in the
center and lower parts of the image, are missed or inaccurately segmented by the model.

In general, the U-Net model has performed well in identifying the larger flood areas. However, there
are areas where the segmentation is less accurate, particularly in over-predicting flooded regions and
missing finer details. Furthermore, model tuning may be necessary to improve the precision of the
predictions, reduce false positives, and improve the delineation of smaller flood zones.

Input Image True Mask Predicted Mask

Figure 3.3. U-Net model input, mask, and predicted flood inundation.

3.4 Interpreting Grad-CAM

Figure 3.4 presents a series of images to visualize and interpret the Grad-CAM results, including the
original flood images (left column), Grad-CAM heatmaps (middle column), and Grad-CAM overlays
(right column). The Grad-CAM visualizations provide essential insights into which areas of the input
images the DL model focused on when predicting flood zones. These heatmaps highlight critical
regions that the model considered for its decisions, enhancing the transparency of its inner workings
and understanding the rationale behind its predictions.

In the Grad-CAM heatmaps (middle column), the bright red and yellow regions signify areas where
the model placed significant attention to make its predictions. In contrast, blue regions indicate areas
of minimal or no importance in the decision-making process. For instance, in the first row (Image 5),
the model strongly emphasizes the flooded streets in the middle and bottom right, as highlighted by
the intense red regions. This suggests that these areas played a crucial role in the model's ability to
detect flooding in the image. Similarly, in the second and third rows (Images 1022 and 3045), the
heatmaps focus on the areas most affected by flooding, such as inundated structures, waterlogged
vegetation, and large expanses of water. The intensity of these areas demonstrates the model's focus
on the most impacted sections.

The Grad-CAM overlay images (right column) provide a merged view of the original images and the
heatmaps, offering a more comprehensive understanding of the model's focus within the scene. In
the first row (Image 5), the overlay indicates that the model concentrated primarily on the flooded
streets and areas near buildings, especially around waterlogged zones. Similarly, in the second row
(Image 1022), the model highlights areas of inundation near structures and vegetation, suggesting a
strong association between these features and flood prediction. The third row (Image 3045) reveals
that the model focused extensively on large flooded areas, as seen by the pronounced red regions
overlaying the wide water bodies. These overlays are instrumental in visually assessing the relevance
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and accuracy of the model's focus, helping to verify whether the model is paying attention to the
correct regions, i.e., the areas affected by flooding.

Grad-CAM Heatmap - 5.jpg

Grad-CAM Overlay - 5.jpg
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Figure 3.4. Original image, Grad-CAM image, and Grad-CAM overlay.

Generally, the Grad-CAM results demonstrate that the model effectively identified the flooded
regions, focusing on key areas such as water bodies and inundated structures. The heatmaps
provide insights into the model's decisions, revealing which parts of the image most influenced the
model's predictions. These visualizations play an important role in building trust in the model's outputs
by making the DL process more transparent and understandable. This is particularly critical in high-
stakes applications like flood mapping, where accurate and reliable results are essential for decision-
making.
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3.5 Summary

Chapter 3 explores explainable DL for flood inundation mapping, emphasizing the utility of the U-Net
model and Grad-CAM. Flood mapping is essential for disaster preparedness, response, and
mitigation, particularly as the impacts of climate change intensify the frequency and severity of such
events globally. While helpful, traditional methods for mapping floods were often constrained by low
resolution, slow processing times, and labor-intensive manual interpretation. Recent advances in DL,
specifically CNNs, have enabled more efficient and accurate flood mapping at finer resolutions,
overcoming many of these traditional challenges.

In this case study, the U-Net model was used to detect and map flooded regions. The U-Net model
achieved promising results by training the model on a flood dataset obtained from Kaggle and
optimizing hyperparameters such as learning rate, batch size, and epochs. The model's accuracy
steadily improved over 70 training epochs, ultimately reaching a near-optimal value of approximately
0.87 for both training and validation accuracy, with minimal evidence of overfitting. The loss curves for
training and validation also converged, indicating effective generalization to unseen data. Despite its
good overall performance, the U-Net model exhibited some limitations, particularly in identifying
smaller or more complex flood areas. The segmentation results showed that the model overestimated
the extent of flooding in certain sections while missing some smaller inundated regions, highlighting
areas where further refinement is needed.

Grad-CAM was employed to help interpret the U-Net model's predictions by visually understanding
which regions of the input images influenced the model's decision-making process. This technique
generated heat maps showing areas of high model focus, such as water bodies, submerged
infrastructure, and other inundated areas. The bright red and yellow areas on the heatmaps indicated
the regions where the model concentrated the most when determining flood extents, giving insights
into the decision-making logic behind each prediction. By overlaying these heatmaps onto the original
flood images, the visualizations allowed stakeholders to assess the relevance of the model's focus.
This helped confirm whether the model paid attention to the correct parts of the scene, ensuring
transparency in its decision-making process.

This chapter underscores the transformative role of explainable DL models in flood inundation
mapping. Combining U-Net for accurate segmentation and Grad-CAM for interpretability provides a
powerful framework for creating reliable and explainable flood maps. This approach can significantly
aid policymakers, emergency responders, and scientists by ensuring the model's predictions are
accurate and interpretable. While the model showed strong results, further improvements, such as
enhanced tuning and additional data augmentation, could help address challenges related to
overestimation and missed details, particularly in more complex or localized flooding scenarios. The
use of Grad-CAM also demonstrates the importance of transparency in DL, especially in critical
applications like flood management.
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Chapter 4. The Power of Explainable Al: Why It's the
Future of Geospatial Modeling

4.1 Summary

The introductory book explores how Al and geospatial technology can be leveraged for environmental
applications. Case studies illustrate the power of GeoAl for forest structure modeling and flood
inundation mapping. The book highlights the strengths and limitations of advanced ML and DL
techniques. It also showcases how explainable methods like SHAP, LIME, and Grad-CAM can bridge
the gap between complex model predictions and explainability. These XAl techniques allow
stakeholders to see the models' predictions and the predictors influencing the model outcome.

In critical fields such as environmental management, urban planning, and disaster response, where
Al-driven decisions can have far-reaching implications, transparency is key to fostering trust and
ensuring ethical, informed decision-making. This transparency is particularly important as these
applications directly impact natural resources, communities, and ecosystems. Explainable GeoAl can
mitigate the risks associated with "black box" models. Furthermore, it makes Al solutions more
understandable to non-experts, including policymakers, community leaders, and other stakeholders.

This forward-looking book introduces the use of Al for geospatial modeling. It also provides a path
toward more responsible and transparent applications of GeoAl in managing the Earth's natural
resources and responding to environmental challenges. The book also encourages the integration of
XAl as a standard practice in GeoAl workflows. This empowers users to leverage advanced GeoAl
models in a way that upholds principles of transparency and accountability.

4.2 Strengths and Limitations of Explainable GeoAl for Modeling Canopy Height
Explainable Al (XAl) technigues are crucial in clarifying which spectral bands or indices (NDVI and
CCCI) drive canopy height predictions. By providing a transparent breakdown of how these features
influence model outputs, XAl ensures that models do not function as mere "black boxes." Instead,
they produce meaningful and informative model insights. This transparency makes the predictions
trustworthy and actionable for stakeholders. For example, forest managers need reliable insights for
conservation planning and management strategies that support carbon sequestration.

Explainability also provides a deeper understanding of why certain areas are predicted to have high
or low canopy height. For example, scientists orreseachers can use these insights to improve the
training data or model structure. XAl can enhance the applicability of random forest models at larger
scales by illuminating the factors driving canopy height predictions. This scalability allows for more
extensive use of data sources, such as Sentinel-2 satellite imagery, enabling regional or even global
canopy height modeling.

However, while SHAP values and other feature attribution methods excel in identifying the importance
of individual predictors, they often lack consideration of the spatial context—a critical component in
geospatial applications. The relationships between predictor variables are often spatially dependent,
meaning that predictors may not have the same impact across different locations. To address this
shortcoming, this book introduces the concept of SHAP maps, which provide a spatial representation
of predictor contributions. By integrating spatial context, SHAP maps enhance the interpretability of
predictor contributions. This ensures that stakeholders understand the significance of predictors and
where and why those predictors matter within the geographical landscape.
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4.3 Strengths and Limitations of Explainable GeoAl for Mapping Flood

Inundation

Grad-CAM has significantly enhanced DL methods such as U-Net by providing visual explanations in
heatmaps. These heatmaps highlight regions of the input image that the model relied upon during
decision-making, which can be extremely helpful in determining whether the model correctly identified
flooded areas and focused on the appropriate parts of the satellite image. Such insights are essential
for verifying that the model makes accurate and reliable predictions, particularly in critical applications
like flood inundation mapping. When properly tuned, U-Net models often deliver high accuracy for
flood segmentation tasks, distinguishing between flooded and non-flooded areas with minimal errors,
even under real-world conditions.

Explainability further ensures that the model generalizes well across diverse areas by helping identify
consistent flooding patterns across different regions. This makes DL models, like U-Net, particularly
useful for large-scale disaster management, where models must adapt to various landscapes while
maintaining robustness and reliability. Using XAl techniques provides a layer of trustworthiness for
emergency responders and disaster management agencies. In addition, it serves as a validation
mechanism, demonstrating that the model's focus is aligned with real-world flooding phenomena.

However, despite the capabilities of U-Net models, explainability techniques can sometimes reveal
Issues, such as the model overpredicting flooded areas in certain regions, leading to false alarms.
Such overestimation is often a consequence of overfitting, particularly when models are trained on
limited data or fail to capture the finer details of environmental variability, like subtle changes in
elevation or localized vegetation. These false alarms can lead to inefficient use of resources during
flood response and erode trust in Al-driven decision-making, especially if the model frequently
misidentifies areas as flooded.

While Grad-CAM heatmaps provide valuable visual insights for deep learning practitioners, they can
be challenging for non-experts to interpret. Stakeholders who lack extensive knowledge of geospatial
analysis or Al may struggle to understand what these heat maps indicate about model performance
or reliability. This complexity presents a significant limitation in practical applications, where XAl
should ideally communicate insights that are accessible and actionable for a broad range of users. To
maximize the utility of explainable GeoAl, it is crucial to develop simpler, more intuitive ways to
convey these visual explanations to stakeholders. This simplification ensures that decision-makers
without specialized technical expertise can understand and use critical insights.

4.4 Future Work

In the future, GeoAl will become more seamlessly integrated with explainability techniques. This will
enable the development of refined and transparent geospatial models that are both powerful and
explainable. Several aspects stand out as promising areas for future research and practical
application.

First, integrating XAl techniques with core geographic principles such as spatial autocorrelation and
spatial heterogeneity can provide insights into GeoAl model performance. Embedding such
geographic principles into explainability methods will also enhance the explainability of GeoAl
models. In addition, it will also contextualize XAl in a spatial framework, offering richer, more
meaningful insights into how spatial relationships influence model outputs.

Another major avenue for future research lies in optimizing the efficiency of current explainability
techniques for geospatial data. For example, computing spatial SHAP maps, as used in this book, is
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computationally intensive and often time-prohibitive for large-scale applications. Therefore,
developing more efficient algorithms for calculating spatial SHAP values is essential. Faster, more
computationally feasible methods will be crucial for scaling up explainability efforts, particularly for
regional or global high-resolution data applications.

Future research directions should also focus on developing inherently interpretable models. Instead
of merely applying explainability techniques as a post hoc solution, creating interpretable models by
design will foster greater transparency. Moreover, improving spatial generalization remains a critical
research challenge, particularly ensuring that GeoAl models are reproducible across diverse
geographical contexts. Enhanced spatial generalization would allow models trained in one region to
be effectively applied in others, ensuring broader applicability and reducing biases that might arise
from regional specificities.

Another emerging area of interest is enhancing the social responsibility of GeoAl models. As these
models are increasingly used in urban planning, environmental monitoring, and disaster
management, they can significantly influence public policies and resource allocation. Therefore,
ensuring that GeoAl models are developed and deployed responsibly is paramount. This involves
improving their technical robustness and embedding fairness, equity, and inclusivity principles into the
modeling process to minimize unintended consequences and biases (Li et al., 2024).

Collaboration across disciplines—such as geography, computer science, environmental science, and
social sciences—is essential to advancing these objectives. Embedding spatial thinking directly into
Al models will ensure that GeoAl continues to evolve in a way that has lasting scientific and societal
impacts. By prioritizing interdisciplinary research, we can develop GeoAl models that are not only
technically advanced but also aligned with broader human and environmental values, making them
more socially responsible and impactful.

4.5 Next Steps: How to Unlock the Full Potential of Explainable GeoAl

GeoAl is revolutionizing environmental mapping and modeling, but significant hurdles remain. As
explored in this book, challenges like data quality, model accuracy, and overfitting are still prevalent.
In the forest structure modeling example, it became clear that achieving robust accuracy requires
meticulous data cleaning, model tuning, and a deeper understanding of the factors that drive
predictions. Deep learning models, too, are prone to pitfalls like overfitting—problems that demand an
intimate grasp of how models function and how predictor variables influence their outcomes. This is
precisely where XAl steps in, bridging the gap between complex model behavior and meaningful,
actionable insights. However, the journey does not end here—there is much more to uncover,
understand, and refine.

Are you ready to take the next step and truly master Explainable GeoAl? | am thrilled to announce my
upcoming ebook, 'Unlocking the Black Box: A Practical Guide to Explainable GeoAl for Environmental
Modeling'. This comprehensive guide will take you beyond the basics and into the depths of applying
explainable GeoAl techniques confidently. Whether you are just starting or aiming to elevate your
expertise, this book is crafted to help you bridge the gap between understanding theory and achieving
hands-on mastery. You will find in-depth tutorials, practical exercises, and ready-to-use code tailored
to help you tackle real-world challenges in forest structure modeling, flood risk assessment, and other
geospatial machine learning applications.

The future of GeoAl belongs to those who are not only willing to use it but can also explain it, trust it,
and improve it. Do not get left behind, as this field evolves at breakneck speed. Imagine
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understanding your model's predictions, justifying your results to stakeholders, and gaining an edge
in leveraging GeoAl responsibly and effectively for environmental challenges.

This is your chance to unlock Explainable GeoAl's true potential—to understand your models and
master them, improving accuracy, reliability, and trust in every output. Pre-order now and secure your
copy with an exclusive early-bird discount. Sign up or email me today!

Elevate your skills. Expand your impact. Embrace the power of Explainable GeoAl.
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Appendix

Here are some valuable resources and websites that can help deepen your understanding of
Explainable GeoAl and XAl in general.

A. General XAl Resources

1. SHAP (SHapley Additive exPlanations)

SHAP is one of the most widely used tools for explaining machine learning models. It provides both
global and local interpretability for model predictions.

Website: https://shap.readthedocs.io/en/latest/

2. LIME (Local Interpretable Model-agnostic Explanations)
LIME is a popular tool for understanding individual predictions made by any machine learning model.
Website: https://github.com/marcotcr/lime

3. Google’s Explainable Al (XAl) Tools
Google provides Vertex explainable Al tools that can be used to interpret and explain ML models.
Website: https://cloud.google.com/vertex-ai/docs/explainable-ai/overview

B. GeoAl and Geospatial Modeling Resources

1. Prithvi - NASA & IBM Geospatial Foundation Model

Prithvi is a geospatial foundation model developed by NASA and IBM. It leverages Harmonized
Landsat and Sentinel-2 (HLS) imagery and uses self-supervised learning for large-scale image
analysis. Prithvi is particularly useful for applications like flood mapping, crop mapping, and wildfire
prediction, and is designed to handle Earth observation datasets.

Website: https://huggingface.co/ibm-nasa-geospatial/Prithvi-100M

2. GeoSAM (Segment Anything Model for Geospatial Data)

GeoSAM is an advanced adaptation of the Segment Anything Model (SAM) developed for
segmentation of satellite and aerial imagery. It uses sparse and dense prompts to automate
segmentation tasks, significantly improving upon traditional CNN-based models for geospatial image
analysis.

Website: https://samgeo.gishub.org/

3. Google Earth Engine

Google Earth Engine is one of the most widely used platforms for analyzing geospatial datasets. It
supports large-scale geospatial data processing and includes tutorials for integrating machine
learning models.

Website: https://earthengine.google.com/

C. GeoAl and XAl Research and Educational Resources

1. Explainable Al for Earth Observation (XAI4EO)

A platform that hosts research and tools related to explainable Al in Earth observation.
Website: https://www.lancaster.ac.uk/scc/research/aid4eol/

2. The Alan Turing Institute — Explainable Al Research

The Turing Institute offers insights and research publications on XAl, focusing on applications that
include geospatial and environmental data.

Website: https://www.turing.ac.uk/research/research-projects/project-explain
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D. Open Source Libraries for GeoAl and XAl

1. GeoPandas

A Python library for working with geospatial data, commonly used in conjunction with machine
learning models for GeoAl applications.

Website: https://geopandas.org/en/stable/

2. PyTorch Geometric (PyG)
A library designed for graph-based deep learning, often used to analyze spatial data.
Website: https://pytorch-geometric.readthedocs.io/en/latest/

3. TensorFlow with Keras

TensorFlow’'s Keras API is frequently used for building and training deep learning models on
geospatial data. You can apply XAl techniques like Grad-CAM directly in TensorFlow.

Website: https://www.tensorflow.org/

4. GeoShapley

A game theory approach to measuring spatial effects from machine learning models. GeoShapley is
built on Shapley value and Kernel SHAP estimator.

Website: https://github.com/Ziqgi-Li/geoshapley

E. Tutorials and Learning Platforms

1. GeoAl tutorials at Ai.Geolabs

Ai.Geolabs offers many free courses on GeoAl applications.
Website: https://aigeolabs.com/courses/

2.Google Al Education — Explainability
Google’s dedicated portal for learning Al, which includes explainability tutorials and resources.
Website: https://explainability.withgoogle.com/
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Contribute to the Book!!

Thank you for reading my book on 'GeoAl Unveiled: Case Studies in Explainable GeoAl for
Environmental Modeling.' The book is under continuous development. | will improve the text and add
more chapters. If you find a mistake or something is missing, please email me at
cou.kamusoko@aigeolabs.com.
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