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Abstract

Computer Vision for Decoding Natural Processes: Wetland Dynamics Insights

by

Tianjiao Pu

Doctor of Philosophy in Engineering - Civil and Environmental Engineering

University of California, Berkeley

Assistant Professor Cynthia Gerlein-Safdi, Chair

Wetlands are essential for fulfilling global commitments on topics of climate, biodiversity,
and sustainable development. However, due to climate change and human disturbances,
there are growing concerns and significant attention being directed towards the degradation
of wetlands, which is manifested through both a loss in area and a reduction in their function-
alities. This thesis presents data-driven, training-free computer vision algorithms designed
to address the challenges of monitoring and interpreting wetland dynamics. Through the
development of these methodologies, we aim to answer key research questions regarding the
temporal and spatial patterns of wetland refilling, the impact of climate variability on wet-
land dynamics, and the influence of anthropogenic activities, particularly the initiation of
wildfires, on wetland ecosystems.

First, the superior penetrating capabilities of L-band microwaves from the Cyclone Global
Navigation Satellite System (CYGNSS) are leveraged to detect water through dense vege-
tation and cloud cover prevalent in the tropics. We developed a segmentation algorithm,
coupled with spatial analysis tailored to CYGNSS data, to differentiate land and water.
This effort culminated in the creation of the UC Berkeley Random Walk Algorithm Water-
Mask from CYGNSS (Berkeley-RWAWC) [rO:k], a quasi-global (37.4°N to 37.4°S), monthly
waterbody map. This product significantly enhances the interpretation of seasonal and inter-
annual variability in tropical hydrology, offering new perspectives for studies on these critical
ecosystems. Building on this foundation, we advanced the algorithm towards operational hy-
drology by harnessing CYGNSS’ near-real-time capabilities. The temporal resolution of the
product was refined to capture daily water dynamics, addressing the critical need for timely
monitoring and response to increasingly frequent and extreme hydroclimatic events. The en-
hanced product’s performance was validated in the Sudd wetlands, an area characterized by
complex natural and anthropogenic influences on flooding. The demonstration underscored
the potential of integrating cutting-edge remote sensing technologies with robust algorithms
to enhance disaster response and management. Finally, the study focus shifts to the Pan-
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tanal, the world’s largest tropical wetland, which has recently been affected by frequent
mega wildfires. Multi-object tracking algorithms were developed and customized to label
and track fire patterns, enabling an in-depth analysis of fire events in wetlands. The final
chapter investigates trends in fire occurrences, examines the interplay between fire regimes
and wetland refilling patterns, and explores the resilience of the Pantanal against extreme
events.
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Chapter 1

Introduction

1.1 Hydrological Challenges Posed by Climate

Change

In the realm of Earth’s terrestrial hydrology, comprehensively capturing the spatial distribu-
tion and temporal dynamics of global inland water has been a long-standing scientific pursuit
[1, 2, 3, 4, 5, 6, 7, 8, 9, 10]. This pursuit is now more critical than ever due to climate change,
driven by increased greenhouse gas emissions (GHG) [11], which is fundamentally reshaping
the global distribution of water [12]. The shifts are happening now and at an ever-increasing
pace [13], causing an upsurge in extreme events like floods and droughts across the globe
[14, 15], in turn disrupting various natural ecosystems that have long been adapted to the
ebb and flow of natural variability they experienced [16].

While the developed world bears substantial responsibility for the anthropogenic greenhouse
gas emissions fueling climate change [17, 18], the disproportional impact is most keenly ex-
perienced by the tropical regions, where a significant portion of the developing world resides
[19]. Developing regions, constrained by limited financial resources and governance capacity
for effective adaptation and mitigation, are particularly vulnerable to climate-related shocks
[20]. Understanding the dynamics of water distribution and its variations over time is vital
for scientific, environmental, and humanistic applications. This knowledge is crucial for pop-
ulation preparedness in adapting to changing water availability while safeguarding natural
ecosystems, their services, and the biodiversity they contain.
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1.2 Wetlands: Ecological Significance and Climate

Vulnerability

Among natural ecosystems, wetlands are among the most vulnerable to the hydrological
shifts induced by climate change [21, 22, 23]. Definitions and descriptions of wetlands vary
across the literature but to maintain consistency and align with a widely recognized stan-
dard, this work adopts the characterization from the Ramsar Convention, an international
treaty focused on the conservation and sustainable use of wetlands [24]: Wetlands are collec-
tively referred to as wetlands because they are permanently or seasonally inundated habitats,
regardless of the differences in their geological features, hydrology dynamics, water chem-
istry, and other traits. Thus, the presence and movement of water are the primary factors
regulating these ecosystems.

Wetlands are critical for maintaining ecological balance. A “healthy” wetland is described as
one that can offer local services, such as retaining nutrients, sediments, and contaminants;
carbon sequestration; supporting food webs and conserving biodiversity; mitigating droughts
and floods; stabilizing shorelines, controlling erosion and protecting from storms; regulating
local climatic conditions, especially rainfall and temperature and so on [24]. With 2,439
sites listed as wetlands of international importance, covering over 250 million hectares [25],
wetlands are essential for fulfilling global commitments on topics of climate, biodiversity,
and sustainable development. Unfortunately, not all the wetlands are in the “well-managed”
conditions. Due to climate change and human disturbance, wetlands are degrading in terms
of losing area and reduction in functionalities [26, 24]. Understanding and examining wetland
dynamics remains challenging due to limited accurate data on the spatial and temporal
variability of wetland extent. Capturing these dynamics through in-situ observations is
particularly demanding and intricate, leading to significant gaps in our knowledge of wetland
processes

1.3 Knowledge Gap on Tropical Wetlands

Remote sensing techniques have been instrumental in facilitating the observation of water,
offering an unparalleled global perspective over the course of decades [27, 28, 29]. Various
platforms are employed for water detection, ranging from optical sensors like Landsat [30] to
near-infrared (NIR) instruments such as MODIS [31], and microwave missions like Sentinel-1
[32] and SMAP [33]. Landsat, renowned for its remarkable 30-meter spatial resolution, is one
of the premier data sources for water body monitoring [8]. However, despite the extensive
scope of remote sensing observations, knowledge gaps persist in hydrological monitoring
in the tropics, particularly in terms of its seasonal and inter-seasonal patterns. Indeed,
cloud cover and dense canopies are the two major challenges for obtaining valid optical and
near-infrared observations. In tropical rainforests, the rainy season often entails extended
periods of persistent cloud cover, sometimes lasting for multiple consecutive months [34].
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Additionally, the presence of dense vegetation and canopies, particularly along the fringes
of large water bodies, can sometimes fully conceal small water bodies, further limiting valid
observations [8, 9]. This appears to be true even for Sentinel-1 SAR data, likely because the
radar operates in C-band and is, therefore, more sensitive to the presence of vegetation [35].

As a consequence, most tropical water maps tend to underestimate the actual extent of
these waterbodies, displaying a bias toward representing dry season conditions, which often
represent only a fraction of the maximum extent during the peak of the rainy season [8]. This
raises a pressing concern related to the quantification of the impact of inland waterbodies
and wetlands in particular within the context of climate change. Wetlands represent Earth’s
largest natural source of methane emissions, as well-documented [36], yet paradoxically, one
of the most uncertain, due to limitations in the quality of wetland extent data [37]. Of
particular importance are tropical wetlands, as they contribute substantially more methane
compared to their high-latitude counterparts [38]. Meanwhile, within tropical regions, up to
80% of the uncertainty in wetland emissions of methane (CH4) can be associated with the
uncertainties in wetland extent [39]. Thus, it becomes crucial for accurately characterizing
the spatial extent and temporal variations in inundation and aquatic habitats [40].

1.4 Filling the Gap with Spaceborne GNSS-R

Technique

To overcome these constraints, recent studies have embraced microwave remote sensing tools,
which provide superior cloud penetration capabilities and are less influenced by dense veg-
etation. Coarse spatial resolution radiometer datasets, with a resolution greater than 25
kilometers, provide a wealth of temporally rich observations. Notable inundation products
include GIEMS-2 [10], which provides monthly data, and SWAMPSv3 [9], delivering daily
information. On the other hand, high spatial resolution synthetic aperture radar (SAR)
datasets, with resolutions of less than 100 meters, offer detailed observations but limited
temporal coverage. For instance, Sentinel-1 SAR currently has a revisit frequency of 6–12
days, and the upcoming NASA-ISRO Synthetic Aperture Radar (NISAR) mission is expected
to provide a similar revisit frequency [41].

Thus, existing microwave-based inundation products necessitate trade-offs between spatial
and temporal resolution. The Global Navigation Satellite System Reflectometry (GNSS-R)
technology emerged with great potential for filling the gap. GNSS is a collective term en-
compassing satellite constellations that offer global or regional positioning, navigation, and
timing (PNT) services. Presently, these systems include the United States’ Global Position-
ing System (GPS), Russian Global’naya Navigatsionnaya Sputnikova Sistema (GLONASS),
the European Galileo system, the Chinese BeiDou System (BDS), the Japanese Quasi-Zenith
Satellite System (QZSS), and the Indian Regional Navigation Satellite System (IRNSS/NavIC).
The basic principle of GNSS-R involves receiving signals transmitted from these navigation
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satellites and measuring the changes in the signals’ properties as they interact with the
Earth’s surface [42].

Launched in December 2016, the Cyclone Global Navigation Satellite System (CYGNSS) is
the first space-based science GNSS-R constellation system that focuses on tropical cyclones
and tropical convection. Originally conceived to address the urgent demand for better hur-
ricane intensity forecasts, CYGNSS allows for high-resolution wind measurements under
extreme conditions such as heavy rain and intense winds, and offers a high revisit frequency,
as evidenced by statistical distributions indicating a median revisit time of 2.8 hours and a
mean revisit time of 7.2 hours [43]. Furthermore, GNSS-R technique, being “receiver only”,
eliminates the need for a transmitter, substantially lowering sensor power requirements com-
pared to traditional scatterometers [44], therefore significantly reducing the cost of these
missions compared to active microwave satellites.

Beyond its primary mission, CYGNSS data has demonstrated remarkable sensitivity to in-
land water. GPS satellites, operating at 1.575 GHz in the L-band, can penetrate clouds, rain,
and dense vegetation canopies, while also offering strong signals through coherent specular
scattering when in contact with calm water surfaces, setting them apart from the diffuse
scattering in the surroundings [45]. The bi-static radar geometry also appears to contribute
to CYGNSS’ high sensitivity to inland waters, allowing for better sensitivity to small wa-
terways than SAR [35]. Distinguished by rapid data acquisition capabilities, high revisit
frequency, cost-effectiveness, extensive coverage spanning approximately 38°S to 38°N, and
enduring mission longevity, CYGNSS data has emerged as a transformative asset in the field
of hydrological remote sensing.

1.5 Advancing Wetland Monitoring with

Training-Free Computer Vision Algorithms

Given the advent of new but limited data, the complexity of diverse landscape features,
and the lack of ground truth data, training-free computer vision algorithms have been se-
lected for their capability to operate effectively in such context. Computer vision algorithms
are computational methods designed to interpret and understand visual information. They
perform tasks such as image classification, object detection, segmentation, and tracking, us-
ing techniques that range from basic statistical methods to advanced deep learning models
[46]. Training-free computer vision algorithms, in particular, do not require a pre-training
phase with labeled datasets. Unlike machine learning approaches that rely on large volumes
of annotated data to learn patterns and make predictions, training-free algorithms oper-
ate based on predefined rules, mathematical models, or heuristics. Techniques such as edge
detection, thresholding, and template matching fall under this category. The primary advan-
tage of training-free algorithms is their ability to function effectively without extensive data
preparation and labeling, making them particularly useful where labeled data is scarce or
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unavailable. In this study, we demonstrate the adaptability and effectiveness of training-free
computer vision algorithms in enhancing wetland ecosystem monitoring and investigation
using remote sensing data. This innovative mapping effort illuminated the intricacies of
wetland hydrodynamics.

In Chapter 2, the superior penetrating capabilities of L-band microwaves from the GNSS-R
technique are leveraged to detect water beneath dense vegetation and persistent cloud cover.
Using data from CYGNSS, we developed a land-water binary classification method that
combines the random walk algorithm with spatial analysis. Additionally, a parameterization
strategy based on dynamic thresholding was implemented to ensure consistent classification
results, regardless of background moisture changes caused by vegetation growth and complex
landscape features across different regions. This effort culminated in the creation of the UC
Berkeley Random Walk Algorithm WaterMask from CYGNSS (Berkeley-RWAWC) [rO:k], a
quasi-global (37.4°N to 37.4°S), monthly waterbody map. This product significantly enhances
our understanding of seasonal and interannual variability in tropical hydrology, offering new
perspectives on these critical ecosystems. This chapter was published in Water Resources
Research in 2024 [47].

In Chapter 3, we further advanced the algorithm for operational hydrology by harnessing
the near-real-time capabilities of CYGNSS. The temporal resolution of the product was
significantly refined to capture daily water dynamics, thereby addressing the critical need for
timely monitoring and response to increasingly frequent and extreme hydroclimatic events.
The enhanced product underwent validation in the Sudd wetlands, a region characterized by
complex natural and anthropogenic influences on flooding. This case study highlighted the
effectiveness and reliability of our approach, underscoring the potential of integrating cutting-
edge remote sensing technologies with robust training-free computer vision algorithms. Such
integration is essential for improving disaster response and management, providing timely
and accurate information to stakeholders, and enhancing the resilience of vulnerable wetland
ecosystems against climate-induced disruptions.

Finally, the focus of the study shifts to the Pantanal, the world’s largest tropical wetland,
which has recently been severely impacted by frequent mega wildfires. Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) was employed for spatial clustering, and
Hungarian methods were utilized for multi-object tracking. Customized multi-object track-
ing algorithms were developed to label and track fire patterns. This chapter delves into the
trends in fire occurrences over recent years, examining the intricate interplay between fire
regimes and wetland refilling patterns. Additionally, it explores the resilience of the Pantanal
against extreme events, shedding light on the adaptive capacities and vulnerabilities of this
critical ecosystem. Through this investigation, the study aims to provide valuable insights
into the factors driving fire dynamics and their implications for wetland health and sustain-
ability, ultimately contributing to more effective management and conservation strategies for
the Pantanal in the face of climate change and human activities.
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Chapter 2

GNSS-R Data-Driven Inundation
Mapping

2.1 Introduction

In this chapter, we present the UC Berkeley Random Walk Algorithm WaterMask from
CYGNSS (Berkeley-RWAWC), a data product designed to address the challenges of moni-
toring inundation in regions with dense vegetation and persistent cloud cover. Our algorithm
demonstrates the practical application of Global Navigation Satellite System Reflectometry
(GNSS-R) technology for water mapping by leveraging data from the Cyclone Global Naviga-
tion Satellite System (CYGNSS). Berkeley-RWAWC provides monthly maps with a latency
of one month, starting from August 2018, and covers a significant latitude range from 37.4°N
to 37.4°S. These maps not only showcase our algorithm’s capability in detecting seasonal wa-
ter variations but also fill crucial knowledge gaps in monitoring Earth’s inland waters. This
contribution is particularly significant in light of the escalating impact of climate change in
tropical regions. By illustrating the utility and effectiveness of GNSS-R in environmental
monitoring, Berkeley-RWAWC represents a substantial advancement in our understanding
of tropical wetland dynamics.

2.2 Background

2.2.1 Existing WaterMasks

In this study, we select existing watermasks that are publicly accessible, and utilize microwave-
based remote sensing technology to observe surface water dynamics. These products offer
comparable resolution and temporal coverage, facilitating a meaningful comparison to eval-
uate the applicability of our CYGNSS-derived water mask. By focusing on such microwave-
based remote sensing products, we aim to streamline and systematically evaluate our pro-
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posed approach within the context of existing water mapping methodologies.

2.2.1.1 SWAMPS

The Surface Water Microwave Product Series (SWAMPS) is a coarse-resolution (∼ 25 km)
global inundated area fraction dataset derived from both active and passive microwave re-
mote sensing. This dataset incorporates brightness temperature data from passive sensors
like the Special Sensor Microwave Imager (SSM/I) and Special Sensor Microwave Imager
Sounder (SSMIS), as well as radar backscatter data from active sensors such as the Euro-
pean Remote Sensing Satellite (ERS) Scatterometer, Quick Scatterometer (QuikSCAT), and
Advanced Scatterometer (ASCAT) [9], and exhibits wetlands, rivers, lakes, reservoirs, rice
paddies, and areas that experience episodic inundation. SWAMPS stands out as one of the
most extensive microwave remote sensing datasets available for download, offering daily data
files that cover the period from 2000 to 2020.

2.2.1.2 WAD2M

The Monthly global dataset of Wetland Area and Dynamics for Methane Modeling (WAD2M)
is a derivative of SWAMPS, incorporating additional active and passive microwave remote
sensing products [48]. This dataset is specifically designed to capture the spatiotemporal
dynamics of both inundated and non-inundated vegetated wetlands, removing lakes, ponds,
rice paddies, and rivers. WAD2M offers a spatial resolution of 25km and covers the time
frame from 2000 to 2020.

2.2.2 CYGNSS

There is an ever-growing interest in employing CYGNSS data to retrieve geophysical vari-
ables related to terrestrial hydrology. This burgeoning field has not only prompted extensive
research but has also led to the development of additional GNSS-R missions by governmen-
tal agencies and private companies. Research investigations have been conducted to assess
CYGNSS’s capacity for mapping inland surface water with different approaches e.g., [49,
50, 51, 52, 53, 54, 55, 56, 57, 35]. Furthermore, a capacity for detecting near-surface soil
moisture sensitivity was also recognized e.g., [58, 59, 60, 61, 62, 63, 64]. Presently, there
exist several GNSS-R missions in development, undertaken by both governmental agencies
(e.g., ESA’s HydroGNSS mission, as detailed by [65]) and private companies (e.g., Spire and
Muon Space), all with the shared goal of retrieving hydrological data.

2.2.2.1 Existing Products

Currently, the only CYGNSS-based, publicly available data product is the UCAR/CU
CYGNSS inundation product, which is generated at a spatial resolution of 3 × 3 km with
a temporal resolution of three days, covering CYGNSS’s entire observational range (within
± 38° latitude) as detailed in the study by [66]. The study introduced a retrieval algorithm
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specifically tailored for mapping fractional inundation, utilizing CYGNSS data as the pri-
mary input to a parameterized reflectivity model. The product provides a wealth of insightful
information. Nevertheless, it is worth noting the uncertainties associated with this approach
are primarily rooted in the parameterization of soil moisture and water surface roughness,
which tend to result in an underestimation of fractional inundation, especially in regions
featuring extensive surface water coverage. Ongoing research initiatives will emphasize the
refinement of these model parameterizations and the optimization of spatial interpolation
techniques, with a particular focus on enhancing performance during extreme events.

2.2.2.2 CYGNSS Data

In this study, we use the Delay Doppler Map (DDM) signal-to-noise ratio (SNR) of the level
1, version 3.1 CYGNSS data, which is publicly accessible through the Physical Oceanogra-
phy Distributed Active Archive Center (https://podaac.jpl.nasa.gov/CYGNSS) to produce a
surface reflectivity (SR) signal based on the methodology in [50]. The SNR was corrected for
receiving and transmitting antenna gains, transmitted power level, and propagation loss from
transmitter to specular point and specular point to receiver, assuming coherent scattering
as described in [49]:

SRcoherent = SNR−P t
r −Gr−Gt+20 log10(λ)+20 log10(TxSP+SPRx)+20 log10(4π) (2.1)

where P t
r represents the transmitted power (in dBW), Gr and Gt refer to the receiving and

transmitter antenna gains (in dB), respectively, λ denotes the GPS wavelength, which is
equal to 0.19 m, the distances between the transmitter and the specular point, and between
the specular point and the receiver, are denoted by TxSP and SPRx, respectively (both in
meters). To provide a comparable range of variation in SR data to the initial SNR range, we
removed the average of the 5% lowest data, which is a method employed in previous studies
[49, 50, 67].

The available CYGNSS data at the time of investigation, covering from August 2018 to
September 2023, was processed in this study. It is noteworthy that the time coverage of level
1, version 3.1 CYGNSS data begins in August 2018, in contrast to the earlier level 1, version
2.1 data used in previous studies [50, 67], which starts from June 2017. Prior to August
1, 2018, the CYGNSS data was obtained using the GPS navigation receiver’s automatic
gain control (AGC) mode, which restricted the strength of direct signals received from GPS
satellites to a narrow dynamic range before signal processing. The AGC mode was disabled
to allow the use of direct signal strength to monitor GPS transmit power level and improve
calibration [68], and resulted in a change in the time span for L1 and higher data products
from the Sensor Data Record (SDR) version 3.0 onward.
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2.3 Methodology

The methodology initially developed by Gerlein-Safdi et al. [50, 67] for generating water-
masks leverages both the spatial and temporal information contained in the SR data, and
applies the random walker algorithm from the Python scikit-image library (https://scikit-
image.org/) [69] to segment water and land. This approach does not rely heavily on data
aggregation and is particularly well-suited for studying hydrological processes that exhibit
seasonal variations. Here we present an extension of this exploratory work, which involves
the establishment of a robust parameter and threshold selection system that can be applied
regardless of the domain, as well as the coupling of surface topography data with the com-
puter vision algorithm to optimize image segmentation with spatial analysis. By utilizing
this methodology, we successfully generated a CYGNSS-based monthly watermasks product
with a grid size of 0.01° × 0.01° (∼1 km×1 km) and covers a latitudinal range from 37.4°N
to 37.4°S. This product represents a continuous timeline spanning from August 2018 to the
present and is being hosted on the Physical Oceanography Distributed Active Archive Cen-
ter Cloud (https://podaac.jpl.nasa.gov/dataset/CYGNSS_L3_UC_BERKELEY_WATERMAS
K_V3.1) as the UC Berkeley CYGNSS Level 3 Monthly RWAWC Watermask Version 3.1,
with monthly updates and maintenance ensured. Data for a given month will be released
one month later due to the reliance on following-month information in the algorithm.

2.3.1 Pre-Labeling

The random walk approach proposed by Grady in [70] performs multilabel, interactive image
segmentation. The method requires a set of pre-labeled pixels (seed points), which we refer
to as markers throughout this work. The algorithm functions by labeling unseeded pixels
with the respective label of the seed point that a random walker, with a bias to avoid crossing
object boundaries (i.e., intensity gradients), is expected to reach first when initiated from
that pixel. The calculation can be performed analytically [70], leading to an efficient and
precise image segmentation. In the prior investigation [67], markers were allocated based on
both monthly SR and the number of standard deviations (STD) from the multi-year average,
which was found to be efficient in studying domains that exhibit high seasonal variations.
It is important to emphasize why we are using the STD as the input image here: studies
have shown that factors such as topography, vegetation cover, and wind-induced surface
roughness will lead to varying levels of signal attenuation and, therefore, to different SR
values [71, 72, 66]. Using month-specific STD maps instead of SR maps enables the random
walk algorithm to efficiently connect identified water pixels based on their distribution and
SR values. Additionally, it allows the inclusion of unassigned pixels with low SR values
yet discernible moisture, as evident from their elevated values in the STD space [67]. In
order to ensure that water bodies with low seasonal variations are also being captured as
we are extending the study towards the entire CYGNSS domain, we propose a combination
of four parameters for pre-labeling pixels, further explained below: SR, denoting Surface
Reflectivity; STD, representing the number of Standard Deviations from the multi-year
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average; SW, for Static Water; and ACC, indicating the Flow Accumulation

2.3.1.1 Surface Reflectivity (SR) Map

For each month, the SR Map is generated by gridding monthly SR values into a 0.01° × 0.01°
grid. Each grid cell contains the entire distribution of CYGNSS overpasses that occurred
within its bounds. In cases where a grid cell contains more than one SR data, the monthly
SR pixel is assigned with the average of the SR values. We then use a nearest neighbor
interpolation method (SciPy, https://scipy.org/) to populate missing data for any pixels.

2.3.1.2 Standard Deviations (STD) Map

The STD Map is produced by assessing the deviation of SR value for each individual pixel
from its 5-year average, using the yearly average and STD values. The computed STD map
shows the number of STDs from the yearly average, and as such, a negative value signifies
drier-than-usual conditions for that month, while a positive value indicates wetter-than-usual
conditions for the corresponding pixel.

2.3.1.3 Static Water (SW) Map

The static water SW Map is generated by extracting the 5th percentile value from the yearly
SR distribution for each pixel. Static water bodies can be effectively discerned using this
strategy, as their SR value distribution is typically highly concentrated at elevated levels,
which are evident as the 5th percentile value. Figure 2.1 provides an illustrative example of
the notable contrast between the surface reflectivity distributions for always dry and always
wet pixels using a violin plot.

2.3.1.4 Flow Accumulation (ACC) Map

The ACC Map uses flow accumulation, which is a geospatial product that is obtained by
processing a digital elevation model (DEM). The calculation involves assigning a value to
each pixel that corresponds to the number of upstream pixels that flow into it. This value
is referred to as the accumulated grid cell count. Hence, pixels exhibiting higher values are
indicative of potential water accumulation sites in the presence of water. Conversely, pixels
characterized by lower values are more inclined to function as surface runoff areas in the
event of water presence. We adopted the HydroSHEDS ACC map from [6] and the map was
re-scaled from a resolution of 15 arc-seconds to 0.01 degree to ensure its alignment with the
grid settings in this study.

2.3.1.5 Marker Selection

The set of parameters governing the marker allocation process and their respective physical
implications are explained in Table 2.1. If a pixel falls into any category, it will be assigned
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(a) (b)

Figure 2.1: Illustration of Long-Term Dry and Wet Pixels.
(a) Long-term dry areas (in orange) and wet areas (in blue) are shown on the static water
(SW) map, which consists of the 5th percentile value in the yearly SR distribution for each
pixel. (b) The yearly SR value distribution for the two pixels respectively. Their 5th percentile
values (SW) are marked with dash lines.

as a land/water marker. The breakdown of the categories described in Table 2.1 is as follows
(using the upper bound indication as an example): (1) High values in both SR and STD
suggest that the pixel has high moisture level and that the moisture level is notably higher
than the pixel’s yearly average, denoting a wet and wetter-than-usual condition. (2) High
values in both SR and SW suggest that the pixel has high moisture level and the moisture
level is always high for this pixel, denoting a wet and always wet condition. (3) High values
in both SR and ACC suggest that the pixel has high moisture level with a tendency to
accumulate water, denoting a wet and sink-if-water-exists condition. (4) High values in both
STD and SW suggest that the moisture level is notably higher than the pixel’s yearly average
and that the moisture level is always high for this pixel, denoting a wetter-than-usual and
always-wet condition. Utilizing part of the Amazon Basin in May 2021 as a representative
case, Figure 2.2 elucidates the process of segmentation. The input image, assigned markers,
and the resulting segmentation are showcased in Figure 2.2(a). Additionally, Figure 2.2(b)
provides insights into each individual parameter, displaying their density distributions and
exemplifying both upper and lower boundaries. For instance, for category (1) SR ∩ STD, the
upper bound indication would be an intersection graph of the upper bound figures of SR and
STD in Figure 2.2(b). This highlights pixels showing high moisture levels and also elevated
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moisture levels exceeding the yearly average, thus identifying them as water markers.

Table 2.1: Combining Parameters for Establishing Markers.

No. Parameters Lower Bound Indication Upper Bound Indication

1 SRa ∩ STDb,c Dry ∩ Drier than Usual Wet ∩ Wetter than Usual

2 SR ∩ SWd Dry ∩ Always Dry Wet ∩ Always Wet

3 SR ∩ ACCe Dry ∩ Drain If Water Exists Wet ∩ Sink If Water Exists

4 STD ∩ SW Drier than Usual ∩ Always Dry Wetter than Usual ∩ Always Wet
a Surface reflectivity (SR) indicates the moisture level of a pixel.
b Standard deviation (STD) of SR values for the pixel this month, signifies moisture level variations.
c SR ∩ STD indicates the intersection of the conditions defined by SR and STD.
d Static Water (SW) is the 5th percentile SR value for the pixel, indicates its persistent moisture level.
e Flow Accumulation (ACC) denotes a pixel’s tendency to accumulate flow in water presence.

2.3.2 Random Walk with Spatial Analysis

Finally, within the framework of the random walk algorithm, we introduce a new variable
termed the “Flow Accumulation Index” (F ). It serves to interconnect spatial analysis with
the random walk concept. Comprehensive insights into the algorithm’s fundamental compo-
nents are illustrated in [70], regarding graph weight generation, equation establishment for
problem-solving, and implementation details. In summary, a graph is defined as G = (V,E),
where V represents vertices and E represents edges. In a weighted graph, each edge is as-
signed a value (weight), denoted as wij, and the vertex degree di is given by di =

∑
wij for

all incident edges eij. To interpret wij as a bias for a random walker choice, it’s necessary
to set wij > 0. Additionally, an assumption is made for the graph to be connected and
undirected (i.e., wij = wji). The weighting function for calculating edge weight was given
by [70]:

wij = exp
[
−β (gi − gj)

2] (2.2)

where gi denotes the image intensity at pixel i, and β is the only free parameter in this
algorithm. As pointed out in [70], the weight function (2.2) has the potential to be adapted
for use with consideration of features present within an image, such as texture information,
filter coefficients, etc. For this study, we modified the weighting function by adding the Flow
Accumulation Index (F ): the updated weighting function then becomes:

wij = exp
[
−β (giFi − gjFj)

2] (2.3)

where F is a re-weighted index based on the flow accumulation (ACC). The result provides
adjustments to the segmentation results, where individual pools are linked if that is what
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Monthly 
Parameters

Static 
Parameters

Map Density Histogram Upper Bound Lower Bound 

SR

STD

SW

ACC

MarkersInput Image Binary Segmentation(a)

(b)

Figure 2.2: Illustration of the Image Segmentation Process.
(a) Left: Input image subjected to segmentation, known as the Monthly STD Map. Center:
Allocated markers. Right: Resulting segmentation. (b) Individual parameters featuring
their density distribution, along with instances of upper and lower bounds.
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the topography favors, and vice versa as Figure 2.3(a) shows. Figure 2.3(b) provides cor-
responding references to the Digital Elevation Model (DEM) map and Flow Accumulation
(ACC) map sourced from HydroSHEDS [6].

(a)

(b)

Figure 2.3: Segmentation Results with Spatial Analysis.
(a) Illustration of the adjustments made to improve segmentation results, where individual
pools are connected or separated based on topographical features. (b) Corresponding Digital
Elevation Model (DEM) map and Accumulated Flow Accumulation (ACC) map.

2.3.3 Mitigate False Positives and False Negatives

To improve the precision of the algorithm as it is scaled up to a broader spatial domain, we
have meticulously addressed instances of both false negatives and false positives within the
workflow. This strategic approach ensures a more accurate and reliable application of the
algorithm across diverse scenarios.
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To enhance dataset integrity, we implemented a filtering step to remove any pixel exhibit-
ing anomalously high or low SR values compared to adjacent months, i.e. a deviation
of more than 6.5 dB compared to adjacent months’ values are flagged as anomalous SR
values.Subsequently, they are excluded from the assigned marker pool. These pixels then
undergo the random walk algorithm to determine whether they will be classified as water or
land. This process effectively addresses outliers when assigning markers, thereby reducing
segmentation artifacts such as stripings.

In addition, the Unsharp Mask (USM) technique, explained in [73], serves as an important
tool during the marker assignment phase. The USM filter is applied to the SR map and
while it does not explicitly detect edges, the filter enhances image contrast along object
edges. This is achieved by identifying pixels with notable deviations from neighboring pixel
values, thereby emphasizing fine details and subtle contrasts. By integrating the USM-
filtered SR data into the marker assignment process, such as when a pixel demonstrates high
SR and standard deviation (STD) alongside a notable USM-filtered SR value, we confidently
designate it as a wet marker. This ensures the quality of the marker assignment in areas and
in periods that are characterized by high moisture backgrounds. It significantly improves the
accuracy of marker placement by highlighting subtle contrasts and details in moisture-rich
environments.

Moreover, dry and flat regions, such as flat deserts, pose challenges as potential false positives
due to their high SR values [74, 75]. We flagged out the dry and flat regions when assigning
markers through cross-referencing the World Terrestrial Ecosystem (WTE) 2020 database
[76] in conjunction with a slope map derived from the HydroSHEDS DEM [6]. Specifically,
pixels were systematically excluded from the water marker category if they satisfied the
upper bound criteria 2-4 in Table 2.1, while concurrently being classified in WTE as Plains
or Tablelands in the Landform Class, Dry or Desert in the Moisture Class, and Settlement,
Shrubland, or Sparsely or Non-vegetated in the Landcover Class and additionally exhibiting
a slope of less than 0.05o in the DEM data.

Further, the presence of wind-induced surface roughness in large open water areas can lead
to low SR values, resulting in portions of large open water domains being unaccounted for
by the algorithm. This phenomenon is exemplified by Lake Victoria in Africa. To mitigate
these uncertainties and effectively address the missing data in large water bodies, we apply a
layer of data that identifies regions where water occurrence exceeds 95% based on the Global
Surface Water Explorer (GSWE) [8] to the segmentation result.

Lastly, regions surpassing the DDM height limit of 4100 meters are recognized to have
insufficient data availability. Pixels exceeding this altitude threshold are marked as null,
reducing the likelihood of overlooking significant water bodies and therefore avoiding false
negatives in high-altitude areas. This covers an area of approximately 2,292,988 km2, with
close to 85% situated in the Himalayas region and 15% in the Andes.
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This workflow addresses various geographical and environmental factors and aids in refining
the algorithm with diverse landscapes.

2.3.4 Tiling

The CYGNSS domain is partitioned into tiles of size 10° × 10°, and the algorithm is applied
to each tile as Figure 2.4 shows. Notably, the algorithm exhibited robustness in that the
parameters were established based on the distribution within each tile, and the markers could
be assigned without impacting the resulting water mask. Besides, the dynamic threshold
is a crucial component of the algorithm because it ensures consistent performance across
various regions and different time frames. In different geographical areas, vegetation can
undergo significant changes, making it essential for the algorithm to adapt and maintain
its accuracy. By adjusting its thresholds dynamically, the algorithm can effectively address
these variations and deliver reliable results regardless of the specific location or time period
it is applied to. Figure 2.5 shows how the Amazon region becomes segmented into four tiles
and serves as a demonstration of the algorithm’s robustness, as the markers are not assigned
uniformly, yet the resulting water mask remains unaffected by the tile boundaries.

Figure 2.4: Global View of Berkeley-RWAWC Coverage Domain with Tiling.
Basemap generated using the Cartopy library in Python.

2.4 Results

Figure 2.6 presents May 2023 as an example of the watermask. Many large wetland and
river basins are easily identifiable, even when zoomed out, including the Amazon Basin,
the Pantanal, the Congo Basin, the Sudd, or the Yangtze River. Note the greyed areas
over the Himalayas and the Andes, indicating areas of elevation higher than 4100 m over
which the algorithm was not applied (see Section 2.3.3). An animation of the full timeseries
from August 2018 to September 2023 is available as supplementary information (Movie S1,
available online https://rb.gy/7mm8lp). Strong seasonality shows across the world, with
various regions experiencing wet and dry seasons at various points in the year.

Additionally, Figure 2.7 presents zoomed-in views of four geographically diverse regions -
namely the Amazon Basin, the Pantanal, the Sudd, and the Indo-Gangetic Plain - each
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Figure 2.5: Illustration of the Algorithm’s Robustness in Tiling
Far-left: SR Map. Center-left: STD Map. Center-right: non-uniform marker assignments
aligned with the tiles, tiling is explicitly delineated with black dash lines. Far-right: the
resulting water mask, which remains unaffected by non-uniform marker assignments.

representing distinct ecological and geographical contexts. Each map within Figure 2.7
depicts the surface water extent, representing the ratio of inundation occurrence monthly
over a comprehensive 5-year period, spanning from August 2018 to July 2023. From the
expansive river networks of the Amazon to the intricate wetlands of the Pantanal, and
from the dynamic flood plains of the Indo-Gangetic region to the extensive water bodies
in the Sudd, each figure offers a detailed insight into the spatial and temporal dynamics of
inundation patterns. Figure 2.7 provides an alternative visual representation of the scale
and behavior of water bodies that are being captured by Berkeley-RWAWC.

2.4.1 Comparison with SWAMPS and WAD2M

In Figure 2.8, we showcase regional comparisons that utilize the inundated area fraction
(fw) observed using the Berkeley-RWAWC, SWAMPS, and WAD2M data sources between
August 2018, when Berkeley-RWAWC product begins, and December 2020, after which
date WAD2M and SWAMPS are not available. Berkeley-RWAWC, originally gridded at a
spatial resolution of 0.01° (approximately 1 kilometer at the equator), has been upscaled to a
resolution of 0.25° for direct comparison. As previously introduced, we selected four regions
of interest: the Amazon Basin, the Pantanal, the Sudd, and the Indo-Gangetic Plain, each
illustrating unique ecological and geographical characteristics. Figure 2.8 indicates that the
CYGNSS product exhibits a remarkable capacity to elucidate pronounced seasonal variations
in surface water dynamics compared to the other two datasets. Furthermore, we present
monthly maps for the year 2020 for these four distinct geographical regions as captured by
the three datasets, showcased in Figure 2.9.
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Amazon Basin

Pantanal Wetland

Sudd Wetland

Indo-Gangetic Plain

(b) Amazon (c) Pantanal

(d) Indo - Gangetic (e) Sudd

(a) Gobal Map

Figure 2.7: Five Year Inundation Ratios Across Key Global Wetlands.
(a) Global Map showing selected regions: the Amazon Basin, the Pantanal Wetland, the
Indo-Gangetic Plain, and the Sudd Wetland. (b) the Amazon Basin. (c) The Pantanal
Wetland. (d) The Indo-Gangetic Plain, ocean and the Himalayas are masked in grey. (e)
The Sudd Wetland. Each map uses a color gradient (shown in the legend under the global
map) to depict the ratio of inundation occurrence from 0.0 (no inundation) to 1.0 (constant
inundation) over a five-year period.

It is interesting to note that WAD2M, which is supposed to be an improved version of the
SWAMPS product, shows a greater extent than SWAMPS in three of the four locations, the
Indo-Gangetic Plain being the exception. The Berkeley-RWAWC results for the Amazon and
the Indo-Gangetic Plain exhibit similar seasonal patterns when compared to SWAMPS and
WAD2M datasets. However, it is noteworthy that the mean average within the CYGNSS
dataset is significantly higher than that observed in the other two datasets. For the Sudd,
Berkeley-RWAWC data presents more pronounced and dramatic seasonal variations com-
pared to SWAMPS and WAD2M datasets. In addition, we see an offset in the seasonality
of the three products, with SWAMPS and the WAD2M peaking in late spring for just three
months (e.g. April, May, and June of 2019) and staying stable otherwise, whereas Berkeley-
RWAWC shows instead a pronounced seasonal pattern and reaches its maximal extent in
late summer, with peaking evident in September and October. In the case of the Pantanal



CHAPTER 2. GNSS-R DATA-DRIVEN INUNDATION MAPPING 20

Figure 2.8: Regional comparisons of the timeseries of the inundated area fraction (fw).
Observed for Berkeley-RWAWC (red), SWAMPS (blue), and WAD2M (black) products be-
tween August 2018 and December 2020 over the Amazon Basin (upper left), the Sudd wetland
(upper right), the Pantanal wetland (lower left), and the Indo-Gangetic Plain (lower right).

region, the Berkeley-RWAWC maps reveal a distinct high water extent peak in May 2019,
a feature absent in the SWAMPS and WAD2M datasets. Figure 2.10 shows the inundation
fraction in the Berkeley-RWAWC product over the Sudd and the Pantanal for an extended
time window going until 2023 September. Broader trends emerge then: over the 5 years of
data, the Sudd shows a regular seasonal range but exhibits a strong inter-annual upward
trend. The Pantanal on the other hand shows a large interannual variability, with 2019 and
2023 showing large inundation extent, whereas 2020, 2021, and 2022 show much smaller peak
wet season extent. No long-term trend is appearing in the Pantanal.

Finally, we compared all three products to optical data using the Modified Normalized
Difference Water Index (MNDWI) computed from Landsat 8 data (https://www.usgs.g
ov/landsat-missions/landsat-8). The result for the Sudd wetland for the month of
November 2020 is presented in Figure 2.11. Although gaps due to cloud cover and missing
data are evident, Figure 2.11 provides a first-order comparison of MNDWI against the three
discussed products. Notably, the Berkeley-RWAWC product demonstrates higher agreement
with observed patterns, underscoring its reliability and accuracy. Note that this image was
obtained by using all available Landsat 8 data from Nov. 2020, removing images with more
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(a). Amazon

(b). Pantanal

(c). Sudd

(d). Indo-Gangetic

Figure 2.9: Inundation Fraction Comparison (2020).
(a) the Amazon Basin, (b), the Pantanal, (c) the Sudd, and (d) the Indo-Gangetic Plain for
Berkeley-RWAWC (top), WAD2M (center), and SWAMPS (bottom). Berkeley-RWAWC,
originally gridded in 0.01°, was upscaled into a resolution of 0.25° for direct comparison.

than 20% cloud cover, and taking the median of the images left (instead of the average, in
order to attenuate the effect of cloud shadows on the ground).
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Figure 2.10: Regional comparisons of the inundated area fraction (fw).
Observed for Berkeley-RWAWC (red), SWAMPS (blue), and WAD2M (black) over the Sudd
(left) and the Pantanal (right). Here, Berkeley RWAWC is shown until September 2023.
WAD2M and SWAMPS end in December 2020 after which date the two datasets are not
available.

2.5 Discussion

The new Berkeley-RWAWC product is a unique tool to understand the spatio-temporal
dynamics of inland waterbodies in the Tropics and sub-Tropics. Being updated in near-
real time, the product will allow for rapid estimation of seasonal patterns as they emerge.
The product exhibits a much higher seasonal variability than WAD2M and SWAMPS, two
products regularly used to capture inland waterbodies [77, 78, 79, 80, 81]. This heightened
sensitivity to seasonal variability carries profound implications across an array of scientific
disciplines. The capacity to discern more changes in surface water dynamics opens up a
plethora of opportunities for the scientific community to advance our understanding of critical
ecological processes and environmental management.

2.5.1 Potential Limitations

The proportion and distribution of standing water within pixels flagged as ”wet” in the algo-
rithm are not fully determined. [66] did extensive work to partition dry and wet areas within
individual pixels, but this effort required additional datasets that brought new layers of un-
certainty to the resulting partitioning. Because we do not expect saturated soils to produce
a coherent reflection, we do not anticipate non-inundated pixels to be counted as ”wet” but
how small of a water body might generate a strong enough signal to be classified as ”wet”
is still an ongoing research topic for the field. This does have consequences for delineating
the edges of waterbodies, particularly in close proximity to coastlines where the presence of
calm coastal water might produce a strong coherent reflection, leading to over-estimating
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(a) Berkeley-RWAWC (b) WAD2M (c) SWAMPS

(d) Landsat-Based Water Index (MNDWI) (e) Enhanced Contrast MNDWI (98% Stretch) (f ) Upscaled MNDWI

Figure 2.11: Case of the Sudd Wetland.
Monthly maps for November 2020 using (a) Berkeley-RWAWC upscaled from a resolution of
0.01° to 0.25°, (b) WAD2M, (c) SWAMPS, and (d) Modified Normalized Difference Water
Index (MNDWI) computed from Landsat 8 data, data shown within the range of -1 (strong
water presence) to 1 (non-water surfaces such as bare soil or urban areas), cloud cover and
missing data are masked in grey, (e) the enhanced contrast MNDWI using a 98% stretch on
the data range for visual clarity, and (f) MNDWI upscaled from a resolution of 30m to 0.25°
for an effective first-order comparison with the other datasets.
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the presence of inundated lands in coastal areas.

In terms of the algorithm’s robustness, we find it performs effectively with our tiling system.
The only exception is in cases where a tile with relatively high moisture content borders a
tile with very low moisture content. This is for example the case near the Sudd wetlands,
where the boundary between the wet tile containing the Sudd borders the very dry Sahara.
While the tiling does not affect the mapping of large rivers and main waterbodies, it appears
to affect small tributaries at the tile edge.

Finally, there does not currently exist an appropriate dataset with which we could vali-
date our data product: the inability of other satellite products to penetrate canopies and/or
clouds makes them unsuitable validation tools. Airborne and in-situ stream flow data have
recently been leveraged in [82], but this comparison can only attest that CYGNSS-based
data is adequately capturing the seasonality of the water within a watershed and does not
provide validation regarding the accuracy of the boundaries between dry and wet areas. The
NASA-ISRO Synthetic Aperture Radar mission, whose launch has now been delayed several
times, will likely offer the first appropriate dataset to validate our product. In the meantime,
the Berkeley-RWAWC product (see Section 2.5.2) has been shown to greatly improve esti-
mations of a multitude of different processes, attesting that the product is indeed producing
improved maps of tropical wetlands.

2.5.2 Applications of the Berkeley-RWAWC product

The product’s advanced monitoring capabilities offer a valuable tool in the fight against
climate change, helping to identify and manage one of the key sources of greenhouse gas
emissions. Wetlands are known to be substantial sources of methane, a potent greenhouse
gas, and understanding their dynamics is crucial for climate change mitigation efforts [39].
By providing detailed insights into the timing and duration of wetland inundation, the prod-
uct enables researchers to pinpoint when and where methane emissions are most likely to
occur. This information is essential for developing targeted strategies to better understand
and predict methane release from wetlands in a changing climate. Additionally, the prod-
uct’s ability to track changes in wetland conditions over time allows for the assessment of
how different environmental factors, including human interventions, affect methane emission
rates. This could be particularly beneficial in identifying areas where methane emissions are
increasing and require urgent attention. The Berkeley-RWAWC product has already been
leveraged for this purpose in multiple studies [67, 83], with more ongoing efforts leveraging
the product currently in the work. For example, the implications of the increasing trend in
inundation observed over the Sudd by the Berkeley-RWAWC might help explain the large,
ever-growing methane emission signal being detected by methane monitoring satellites over
the area [84, 85, 86].

Another pivotal application lies in unraveling the intricate interplay between fire regimes



CHAPTER 2. GNSS-R DATA-DRIVEN INUNDATION MAPPING 25

and wetland refilling patterns [87, 88, 89]. The product can provide crucial insights into
the timing and duration of inundation events, enabling researchers to assess how wetland
refill rates may influence fire frequency, intensity, and ecological resilience, or the other way
around. This knowledge is indispensable for fire management strategies and the conservation
of vulnerable wetland ecosystems. Furthermore, the enhanced ability to monitor seasonal
variations in wetlands has direct implications for wetland conservation efforts. For example,
the high inundation wet season in 2018/2019 followed by low water years in 2019/2020 ob-
served in the Pantanal might be associated with the catastrophic fire event that engulfed the
Pantanal wetlands in both 2019 and 2020 [90]. The aftermath of this extensive fire outbreak
raises concerns regarding the long-term ecological consequences, as initial indications suggest
that the Pantanal’s unique biodiversity hotspot may face challenges in fully recovering from
the unprecedented scale of these fires [91, 92].

Additionally, inland waterbodies serve as vital habitats for diverse flora and fauna, playing
an essential role in maintaining biodiversity [93]. With this product, researchers can gain
a new perspective on wetland dynamics, allowing for a more comprehensive evaluation of
conservation strategies. This data can inform the identification of critical wetland areas,
guide habitat restoration initiatives, and facilitate sustainable land use planning to safeguard
these invaluable ecosystems. For example, in the realm of biodiversity conservation, this
product offers an advantage in tracking the movements of wildlife that traverse multiple
wetlands throughout the year. Many species, such as migration birds and amphibians, rely
on wetlands as stopover points during their journeys [94, 95]. By providing a clearer view
of wetland dynamics, the product aids in understanding the availability and accessibility of
suitable habitats for these nomadic species. Researchers can use this information to devise
effective conservation strategies that ensure the continuity of vital habitats, contributing to
the preservation of biodiversity on a global scale.

Finally, this new product, with its high sensitivity to seasonal variations in inland water-
bodies, not only wetlands but also rivers, might be a great tool to test theories related to
river networks, their formations, and their sequential activation [96, 97, 98]. The tools being
developed to better understand river networks are of crucial importance to understanding
the hydrological response of river basins to extreme hydrological events, but data to appro-
priately test these theories have so far been very limited, both spatially and temporally.

In sum, the product’s capacity to illuminate seasonal variability in surface water dynamics
holds transformative potential for a myriad of scientific applications. From fire ecology and
wetland conservation to biodiversity preservation and to methane emission, the data gener-
ated by the product enriches our ability to comprehend and address complex environmental
challenges, fostering a more informed and proactive approach to safeguarding our planet’s
ecosystems and natural resources. While the product exhibits enhanced performance in
capturing seasonal variations, it is crucial to acknowledge its inherent nature as a binary
water mask. With a resolution of 0.01° in both latitude and longitude, each pixel stands
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as a definitive sentinel, representing either a watery domain or dry land within a compact
∼1km by 1km frame. This singular feature underscores the need for users to embrace the bi-
nary essence of our data product, acknowledging its precision level and distinctiveness when
harnessing it for diverse applications.

2.6 Conclusions

This chapter presented the Berkeley-RWAWC inundation product, addressing a critical re-
search gap in global inland water dynamics. Historically, challenges like cloud cover, dense
vegetation, and limited remote sensing revisit frequency hindered the characterization of
seasonal inundation in tropical regions. Our study presents a significant advancement by
adapting a computer vision algorithm for CYGNSS-based inundation mapping. Applied
since August 2018, it enables monthly mapping at a 0.01° spatial resolution (∼ 1km). We
detail our workflow and parameterization strategy. This methodology distinguishes itself
by exclusively relying on static products combined with CYGNSS data for product devel-
opment. This deliberate choice provides our results with a robust indication of CYGNSS
data’s unique contributions, setting our dataset apart from others in the field. Compar-
ative analysis with SWAMPS and WAD2M in the Amazon, the Pantanal, the Sudd, and
the Indo-Gangetic plain reveals higher seasonal variations in Berkeley-RWAWC. We discuss
Berkeley-RWAWC’s applications, emphasizing its role in advancing tropical hydrology. To
enhance access, we introduce a data portal (https://podaac.jpl.nasa.gov/dataset/CY
GNSS_L3_UC_BERKELEY_WATERMASK_V3.1) for the scientific community. This paper con-
tributes to remote sensing and hydrology knowledge, improving insights into tropical wetland
dynamics and their global hydrological significance.
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Chapter 3

Operational Hydrology: GNSS-R
Insights into Extreme Hydroclimatic
Events

3.1 Introduction

In this chapter, we investigate the feasibility of developing daily updated surface water maps
by expanding upon prior methodologies. Our objective is to leverage the near-real-time
capabilities of CYGNSS data to their fullest potential, marking a significant advancement
in operational hydrology by enabling the identification and analysis of daily variations in
surface water dynamics. A case study focusing on the Sudd wetland during flooding seasons
exemplifies our approach; daily mapping delineates fluctuations in water extents, with peak
inundation levels closely mirroring the season’s maximum flooding reports. This correlation
validates the accuracy and applicability of our GNSS-R data-driven approach.

The implications of our study extend beyond technical advancements in surface water map-
ping. Our findings strongly endorse the integration of GNSS-R data into broader envi-
ronmental monitoring and management strategies, highlighting its capacity to enhance our
understanding and stewardship of Earth’s vital wetland ecosystems. By laying the ground-
work for consistent daily hydrological observations, we pave the way for a transformative
shift in our comprehension of water dynamics to the global scale. This transition towards
high-frequency hydrological data acquisition promises to refine our ability to predict flood
events, guide sustainable water resource management practices, and contribute to the broader
objectives of climate change mitigation and adaptation.
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3.2 Background

3.2.1 Extreme Hydroclimatic Events

Studies based on advanced climate models, such as the Multi-Model Large Ensemble Archive
(MMLEA) [99], and satellite observations of terrestrial water storage using the Gravity Re-
covery and Climate Experiment (GRACE) [100], both indicate that hydroclimatic extreme
events are increasing in frequency, duration, and extent under warming conditions. Nu-
merous efforts by researchers have demonstrated that rising temperatures are causing more
erratic and extreme precipitation events worldwide [101, 102, 103, 104]. Furthermore, study
has highlighted global trends in extreme precipitation, emphasizing that these events are
not only becoming more frequent but also shifting in geographical distribution [105]. The
intensification and geographical shift of hydroclimatic extremes have far-reaching implica-
tions, resulting in substantial economic losses, displacement of communities, and heightened
food and water insecurity, particularly in regions already vulnerable due to socioeconomic
factors. Specifically, in the context of floods and droughts, studies such as those by [106, 107,
108, 109] explore these societal impacts in detail, underscoring the urgent need for adaptive
management strategies.

3.2.2 Anticipatory Action: The Case of South Sudan

Anticipatory Action Decision-Making Systems represent a proactive approach to disaster risk
management, aiming to mitigate the impacts of extreme events before they occur. These
systems enhance community resilience by integrating predictive models, early warning sys-
tems, and preemptive measures based on reliable forecasts and risk assessments [110]. This
forward-thinking strategy in disaster preparedness has been driven by the efforts of both
United Nations (UN) agencies and non-governmental organizations (NGOs) such as the Red
Cross Red Crescent (RCRC), the World Food Programme (WFP), and the Start Network,
with more than 50 countries engaged by 2023 [111].

The United Nations Office for the Coordination of Humanitarian Affairs (OCHA) began
developing Anticipatory Action frameworks in 2019 (https://www.unocha.org/anticipat
ory-action). Since then, pilots have been established in several countries, including Soma-
lia, Ethiopia, Bangladesh, Nepal, Niger, the Democratic Republic of the Congo, and South
Sudan. In South Sudan, however, OCHA decided against developing a formal Anticipatory
Action framework for floods due to a lack of validated flood forecasts and data scarcity.
Despite this, data analysis was employed to initiate actions aimed at mitigating the impact
of anticipated unprecedented flooding in the most at-risk areas ahead of rainy seasons.

Not only is South Sudan located in a tropical region that often experiences persistent cloud
cover during the rainy season, but it also has complex hydrological features that further
complicate flood warning efforts. A key factor contributing to South Sudan’s flood risk is
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the presence of the Sudd Wetland, a vast swamp ecosystem within the expansive Nile River
Basin. Figure 3.1(a) illustrates the inundation frequency in South Sudan and its adjacent
countries (including Central African Republic, Democratic Republic of the Congo, Ethiopia,
Uganda, Kenya, and Tanzania) over recent years, based on the Berkeley-RWAWC water
mask introduced in Chapter 2. The map aggregates monthly water presence from August
2018 to July 2023, normalized on a scale from 0 to 1, and plotted with darker colors indicat-
ing higher frequencies of water occurrence. Red dots mark the three major lakes downstream
of which the Sudd Wetland lies: Lake Albert, Lake Kyoga, and Lake Victoria. Notably, Lake
Victoria is the second-largest freshwater lake globally and the largest in Africa, spanning ap-
proximately 68,600 km² [112]. Figure 3.1(b) provides a broader view of Central and Eastern
Africa with a digital elevation model (DEM) map emphasizing the same region as in Figure
3.1(a). The DEM map showcases the topographical gradient from the highlands, where the
lakes reside, to the low-lying Sudd Wetland. This topographical gradient facilitates the nat-
ural flow of water from the upstream lakes into the White Nile, which traverses the region
and ultimately feeds into the downstream Sudd Wetland. As a result, the Sudd Wetland
encompasses a significant permanently inundated area, which undergoes considerable expan-
sion when water is released from these upstream lakes, primarily regulated for hydropower
demands. Additionally, inflows are further augmented by seasonal runoff, causing the Sudd
to nearly double in size during the wet season [113].

One ongoing initiative, the Improved Anticipation of Floods on the White Nile (INFLOW)
project (https://clareprogramme.org/project/improved-anticipation-of-flo
ods-on-the-white-nile-inflow), seeks to enhance early warning capabilities in South
Sudan. The project aims to bolster the capacity of humanitarian organizations to act on
new information, addressing the inadequacies of hydrological forecast models. Recent efforts
to monitor water extent in the project have employed thermal infrared (IR) imaging. This
technique leverages the distinct thermal properties of water compared to land, as water
bodies typically exhibit different thermal signatures, making them identifiable in thermal IR
imagery.

Meanwhile, several issues are associated with using IR data. The surface water temperature,
which is the primary measurement accessible to infrared (IR) sensors, can vary significantly
due to factors such as depth, currents, and weather conditions. Atmospheric conditions such
as humidity and temperature can affect thermal IR data, necessitating additional correc-
tions. For instance, clouds pose a particular challenge to thermal IR imaging by absorbing
and scattering infrared radiation, thereby restricting the sensor’s ability to accurately de-
tect the Earth’s surface beneath them. This effect is especially pronounced in thick clouds
composed of water droplets, which can severely obstruct thermal IR radiation [114]. Further-
more, the thermal properties of surfaces change between day and night, requiring different
calibration and interpretation approaches. While thermal IR imaging can complement other
remote sensing methods, addressing these challenges is essential for delivering water extent
estimation.
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Figure 3.1: Inundation Frequency and Topographical Features in Central and Eastern Africa.
(a) Inundation frequency based on the Monthly Berkeley-RWAWC water mask from August
2018 to July 2023. Key locations marked with red dots. (b) A zoomed-out view of Central
and Eastern Africa, featuring a digital elevation model (DEM) to highlight the topographical
variations.

3.3 Methodology

We adopted an alternative data assimilation approach where pixel values are updated with
new daily information, prioritizing the most recent data instead of the average, as was the
case of the monthly Berkeley-RWAWC algorithm (see Chapter 2). To determine the optimal
data aggregation period, sensitivity tests were conducted to examine how different duration
parameters affect the weight given to the most recent data. The results indicate that the
choice of aggregation period is critical, as a longer period can significantly diminish the
emphasis on the most recent data, thus failing to provide an up-to-date representation of
water dynamics.

Let Pij(t) represent the pixel value at location (i, j) at time t in an N ×N array. Each day,
M data points (in the format of tracks) update the N × N array. In this context, tracks
refer to the linear paths followed by the satellite as it captures data over a specific area. The
tracks appear in a relatively random manner, meaning some pixels may get updated more
frequently than others.

Therefore, the pixel value Pij(t) at location (i, j) is updated based on the availability of new
data on day t. If new data Dij(t) is available, it replaces the previous data Dij(t− d) for the
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same pixel, prioritizing the most recent data. Here d represents the day from the last time
the pixel was updated. The expression Dij(t− d) can also be equivalent to Pij(t− 1):

Pij(t) =

{
Dij(t) if Dij(t) is available

Pij(t− 1) otherwise
(3.1)

Due to the randomness of the CYGNSS overpass tracks, some pixels in the N × N array
may remain empty after t days. To address this, spatial interpolation is applied to fill these
empty pixels based on the values of nearby available pixels. This ensures that the array
becomes non-NaN and maintains a coherent representation of the surface water dynamics.
Thus, for a given pixel (i, j), the interpolated value P̂ij(t) is determined by considering the
values of its neighboring pixels.

If we use a simple linear interpolation, the value at (i, j) can be expressed as:

P̂ ij(t) =
1

k

∑
(m,n) ∈ N (i, j)Pmn(t) (3.2)

where N (i, j) denotes the set of neighboring pixels of (i, j), and k is the number of valid
data points in this neighborhood used for interpolation.

In practice, after preprocessing, the NearestNDInterpolator from SciPy (https://scipy.
org/) is utilized. While similar to linear interpolation, this method differs in that it assigns
missing values based on the nearest available data point. This approach is particularly useful
in scenarios where data points are sparse or irregularly distributed. The NearestNDInter-
polator efficiently identifies the closest known data point for each missing value, thereby
eliminating the need for triangulation and robustly filling gaps in the data.

Figure 3.2 presents an example using a section of the Sudd region, showcasing the interpo-
lation results obtained with 1-month and 2-month data, respectively. In the second row of
Figure 3.2(a), the known data points are overlaid on the interpolation results, offering a more
intuitive view of data density and distribution. This visualization aids in understanding how
data density affects the interpolation results. It is important to note that the amount of
available data varies with latitude, making this figure a demonstration rather than a source
of specific insights into general data aggregation formats. It illustrates the overall impact of
data density and the choice of time periods on interpolation accuracy.

Figure 3.2(b) highlights the differences between the two interpolation results. While the
overall differences remain noisy, the figure reveals that the Sudd (in the upper left corner)
displays more blue, indicating a higher SNR in the 1-month data and suggesting wetter
conditions compared to the 2-month data. Additionally, some water bodies emerge from
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the noisy background, indicating observable changes in the SNR, such as Lake Turkana,
located southeast of the Sudd near the middle bottom of the figure, and Lake Albert, which
also appears prominently in the bottom left of the figure. This figure demonstrates that
incorporating additional data points over a longer time diminishes the relative weight of the
most recent data points. This indicates that while using a longer period (2 months) can
smooth out some spatial features, it also reduces the prominence of recent changes captured
by the 1-month data, thereby reducing the accuracy and timeliness of the water dynamics
representation.

Building on insights from previous studies in chapter 2 and earlier in [50, 67], we learned that
aggregating data over a one-month period enables the development of water mask products
at a 1 km by 1 km scale. Consequently, we decided to use a 31-day moving window for data
assimilation. This approach involves dropping the oldest day’s data and incorporating the
latest day’s data, ensuring a continuous and timely update of surface water dynamics.

3.4 Results

3.4.1 2022 September Flooding: South Sudan

First, we assess whether our results can accurately capture historical flooding events. The
United Nations Mission in South Sudan (UNMISS) reported that as of September 28, 2022,
nearly 29,800 people had been displaced, with many relocated to higher ground and safer lo-
cations, primarily across Mundri West County (eastern Western Equatoria State). Further,
heavy rainfall was forecasted over the next 24 hours in western South Sudan, including areas
already affected by flooding [115]. We examined the rainfall patterns within the month using
two different data sources: the Rainfall Estimates from Rain Gauge and Satellite Observa-
tions (CHIRPS) (https://www.chc.ucsb.edu/data/chirps) and the Global Precipita-
tion Measurement IMERG Early Precipitation L3 (GPM) (https://gpm.nasa.gov/data).
While there are some differences between the datasets, they generally exhibit similar patterns
characterized by fluctuations rather than a consistent increase in precipitation, as shown in
Figure 3.3. Meanwhile, our product demonstrates significant water accumulation, peaking
in late September. This observation aligns with the flooding reports for that period, sug-
gesting our methodology is capable for capturing water dynamics. While precipitation data
might require further analysis to account for watershed dynamics and accurately estimate
water accumulation in the Sudd, this approach offers a valuable near-realtime alternative
to traditional precipitation products for assessing flooding. By providing a timely compar-
ison, it serves as a useful sanity check for evaluating flooding risk. This test underscores
the usefulness of our method, demonstrating its potential for enhancing flood prediction and
management strategies.
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Figure 3.3: Inundation Fraction and Precipitation in South Sudan for September 2022
This figure illustrates the daily inundation fraction (blue bars) along with precipitation
data from CHIRPS (orange bars) and GPM (yellow bars) for September 2022. The figure
includes 2-period moving averages for both inundation and precipitation data (dashed lines),
providing a smoothed representation of trends over the month.

3.4.2 2024 Early Summer Trends: South Sudan

OCHA has been alerted to the possibility of planned releases of water from upstream dams
in Uganda, where significant portions of the three lakes—Lake Albert, Lake Kyoga, and Lake
Victoria—are located. This release may impact the water dynamics downstream in South
Sudan. Therefore, we have examined the latest daily dynamics of water from March 1st to
June 25th, 2024 to understand how these operations might affect South Sudan.

To accommodate the varying scales of these water bodies when assessing the changes, we
utilize the relative inundation ratio, which can be expressed as Ni

N̄
, where Ni represents the

number of inundated pixels classified as water on day i, and N̄ denotes the average number
of inundated pixels over the entire study period, defined as N̄ = 1

T

∑T
i=1Ni for a period of

T days. A value greater than 1 indicates higher-than-average inundation, while a value less
than 1 signifies lower-than-average inundation. If the ratio fluctuates around 1, it suggests a
relatively stable surface water extent. Figure 3.4 illustrates the water dynamics for the four
regions, with the relative inundation ratio. The primary y-axis presents the water dynamics
of the three upstream lakes, while the secondary y-axis captures the changes in the Sudd
Wetland, displayed on a different scale to reflect its variations. Lake Albert and Lake Victoria
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exhibit small fluctuations. In contrast, Lake Kyoga shows a significant increase in surface
water extent beginning on April 14th. This dramatic rise highlights an essential dynamic in
this lake’s hydrology during the study period. The Sudd Wetland exhibited a marked surge
starting on May 7th, approximately three weeks after Lake Kyoga’s water level began to rise
noticeably. According to the precipitation record as Figure 3.5 shows, Lake Victoria and
Lake Kyoga experienced elevated precipitation from March 23rd to May 9th, while noticeable
precipitation in the Sudd Wetland commenced around May 12th. Meanwhile, the relative
inundation ratio indicates a rise in the Sudd’s surface water extent on May 7th, which is
earlier. This upsurge in the Sudd is likely associated with the operational schedules of
upstream dams in Uganda, suggesting a delay and a correlation with dam releases during
that period.

 

No. Region Latitude Longitude 

1 Sudd Wetland [ 4.8 º , 12.0 º] [ 24.9 º, 35.0 º ] 

2 Lake Kyoga [ 0.5 º ,   3.0 º] [ 32.0 º, 35.0 º ] 

3 Lake Albert [ 0.5 º ,  3.0 º ] [ 30.0 º, 32.0 º ] 

4 Lake Victoria [ -3.0 º ,  0.5 º ] [ 31.0 º, 35.0 º ] 

 

Primary Axis

Secondary Axis

Domain Selection

Figure 3.4: Hydrological Trends in Key Locations Relative to South Sudan
Relative Inundation Ratio (Daily Inundation Counts / Average Inundation Counts) from
March 1, 2024, to June 25, 2024. The primary y-axis shows the relative inundation ratios
for Lake Victoria, Lake Albert, and Lake Kyoga. The secondary y-axis displays the relative
inundation ratio for the Sudd Wetland. The table presents the latitudinal and longitudinal
coordinates of the four selected domains.

3.5 Discussion

Our study has demonstrated the utility of daily updated surface water maps in capturing
significant hydrological events, such as the flooding in South Sudan in September 2022 and
the dynamic water changes observed in early summer 2024. Moving forward, we investigate
its indication for early summer surface water dynamic in the entire tropical and subtropical
domain. While our results are promising, it is crucial to address the potential limitations
and the possibility of false positives and false negatives in our data.
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Figure 3.5: Precipitation Records (CHIRPS) for Key Locations Relative to South Sudan.
Line plot with transparent fill areas representing precipitation trends for Lake Victoria, Lake
Albert, Lake Kyoga and the Sudd Wetland respectively.

3.5.1 2024 Early Summer Trends: Tropical and Subtropical

Thanks to previous efforts in adapting the algorithm for the entire tropical and subtropical
domain, we are now able to observe general trending patterns on a daily time scale. To
effectively extract information from the daily dynamics, here we use the concept of Hot Spots
and Hot Moments (HSHMs). Environmental HSHMs were originally defined by McClain
et al. (2003) as rare locations or events that support or induce disproportionately high
activity levels (e.g., chemical reaction rates) compared to surrounding areas or preceding
times [116]. Applying this concept to our study, we identify HSHMs in the context of water
dynamics, where specific pixels (hot spots) exhibit significantly higher or lower inundation
levels, and particular days (hot moments) show maximum or minimum inundation activity.
This approach allows us to pinpoint critical areas and times for focused analysis and resource
allocation.

Figure 3.6 presents the latest hot spots as of June 25th. This figure illustrates how the
inundation fraction in each region has changed compared to the mean inundation throughout
early summer. The visualization reveals significant variations in surface water extent globally,
highlighting areas with both substantial gains and losses in inundation. In South America,
the Amazon Basin exhibits considerable increases in inundation, particularly in its northern
and central regions. Similarly, parts of central Africa are showing significant inundation
gains. Southeast Asia, including regions in and around Nepal, China, and Myanmar, also
demonstrates increased inundation levels, matching the timeline that they are entering the
monsoon season. Conversely, certain areas in Brazil and surrounding regions within South
America experience decreased inundation, which is associated with emerging wildfires in the
Pantanal starting in early June. In Africa, the southern parts witness noticeable decreases
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in inundation. Northern Australia similarly shows significant areas with reduced inundation.

Figure 3.6: Hydrological Hot Spots (Early Summer 2024).
June 25th Inundation Fraction - Mean Inundation Fraction (March 1, 2024 - June 25, 2024).

3.5.2 Potential for False Positives and False Negatives

False positives occur when non-water areas are mistakenly identified as water, while false
negatives happen when actual water bodies are missed. Several factors contribute to these
errors, as mentioned in Chapter 2, Section 2.5.1 on Potential Limitations. Additionally, to
enable the near-real-time capability of our methodology, we decided to drop the reference to
adjacent results for removing striping features (see Section 2.3.3 in Chapter 2). This decision
may lead to the presence of both false positive and false negative striping features on the
map, as the lack of adjacent result comparison can sometimes fail to accurately identify
continuous water bodies or misclassify land areas as water.

3.5.3 Limitations of the Study

While our methodology has shown robustness in capturing water dynamics, there are inherent
limitations that need to be acknowledged. The spatial resolution of the CYGNSS data limits
the granularity of the surface water maps. Finer details, especially in small or narrow water
bodies, might be overlooked. Despite our efforts to provide daily updates, temporal gaps in
data acquisition can occur due to satellite orbit constraints or data processing delays, which
may affect the continuity of observations.

Furthermore, an essential aspect of our methodology involves the choice of the 31-day aggre-
gation window, applied in our analysis of the Sudd and subsequently in the entire domain
context. This decision was strategically made to balance the temporal resolution with the
availability of CYGNSS data and to accommodate the inherent variability observed in wet-
land dynamics. This window size enables the rapid construction of water features within a
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region without reliance on ancillary data, while also capturing short-term fluctuations essen-
tial for dynamic hydrological assessments. However, this approach necessitates a trade-off
between the time window size and the spatial resolution of the output. Consistent with the
methodology outlined in Chapter 2, which utilized monthly maps at a 0.01-degree resolu-
tion, we deemed this configuration optimal. This choice ensures methodological consistency,
enhancing the comparability of our findings with previous studies, thereby reinforcing the
reliability and relevance of our results in ongoing hydrological research, facilitating a com-
prehensive narrative on water dynamics over time.

3.5.4 Implications and Future Work

Despite these limitations, our approach offers valuable insights into global water dynamics.
The ability to identify hot spots and hot moments in water inundation provides critical
information for environmental monitoring and disaster management. Our findings suggest
that this methodology can significantly enhance flood prediction and resource allocation,
aiding humanitarian efforts in regions like South Sudan. Engagement with organizations such
as OCHA will be pivotal in refining our model and ensuring its applicability in real-world
scenarios. By incorporating feedback from field operations, we can improve the accuracy
and reliability of our predictions.

Looking forward, this work lays the groundwork for integrating river routing using GNSS-R
data, marking an initial step toward a more comprehensive hydrological modeling framework.
Future river routing models could immensely benefit from the high temporal resolution and
accurate surface water detection capabilities of GNSS-R. For instance, detecting a new wa-
ter pixel at an upstream location would enable predictions of similar increases downstream
shortly afterward. Similarly, identifying wet conditions at one site could indicate that linked
upstream areas are already wet or will soon become wet. This enhanced understanding of
water movement would facilitate improved flood forecasting, more precise river flow simula-
tions, and better water resource management.

3.6 Conclusion

In this chapter, we introduced the steps for advancing the methodology established in Chap-
ter 2 to transition from delivering monthly water masks to daily updates. We explained
the updated parameter choices and examined their functionality within the context of an-
ticipatory action. This new approach leverages the near-real-time capabilities of CYGNSS
data, significantly enhancing our ability to monitor and analyze daily variations in surface
water dynamics. Our case study on the Sudd wetland demonstrated the practical applica-
tion of this methodology, where daily mapping delineates fluctuations in water extents and
aligns closely with reported peak inundation levels. This correlation validates the robust-
ness and accuracy of our GNSS-R data-driven approach. To further realize the potential of
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this advanced product, engagement with the United Nations Office for the Coordination of
Humanitarian Affairs (OCHA) is necessary. This collaboration will help us understand how
our data can be integrated into real-world practices, particularly in disaster preparedness
and response. Looking ahead, we believe that this daily updated surface water mapping
product will be extremely useful. It promises to refine our ability to predict flood events,
guide sustainable water resource management, and support climate change mitigation and
adaptation efforts. By providing consistent daily hydrological observations, our work lays
the groundwork for a transformative shift in global water dynamics comprehension, offering
valuable insights for both scientific research and practical applications.
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Chapter 4

Wildfires and Wetland Resilience

4.1 Introduction

The work in this final chapter aims to quantify the dynamic interaction between evolving
fire behavior and the refilling patterns of wetlands in the Pantanal region, one of the world’s
most significant tropical wetland ecosystems. Spanning a five-year period from August 2018
to July 2023, our investigation integrates a diverse array of datasets encompassing fire in-
cidences, precipitation patterns, land cover classifications, and inundation dynamics. By
utilizing this extensive data collection, we seek to capture the temporal and spatial varia-
tions in both fire activity and wetland hydrology.

Central to our analysis is the development of a multi-object tracking algorithm for learning
the fire patterns. This algorithm is capable of pinpointing the initial ignition locations of
fires, and track their developments, enabling us to accurately distinguish between fires that
are likely of anthropogenic origin, such as those caused by agricultural practices, and those
that occur naturally, such as lightning-induced fires. Understanding the origins of these fires
is crucial for determining the extent to which they are initiated by climate variability, such as
extreme temperatures and drought conditions, or exacerbated by these factors. ‘Initiated by
climate variability’ refers to fires whose ignition is primarily caused by climatic conditions,
while ’exacerbated by these climatic factors’ pertains to fires that, once ignited, are intensified
and spread more rapidly due to unfavorable weather conditions.

The integration and analysis of these datasets allow us to explore the complex relationships
and feedback mechanisms governing the interactions between fire behavior and wetland refill-
ing. Specifically, we examine how precipitation patterns influence fire dynamics and how sub-
sequent wetland inundation affects fire spread and intensity. This holistic approach captures
the interplay between these environmental variables, providing a nuanced understanding of
the ecological processes.



CHAPTER 4. WILDFIRES AND WETLAND RESILIENCE 41

Ultimately, our study aims to contribute to the broader discourse on ecosystem resilience
in wetland environments. By offering new insights into the factors driving fire behavior
and wetland dynamics, we seek to enhance our understanding of these complex ecological
interactions. This research underscores the importance of an integrated approach to environ-
mental monitoring, highlighting the dynamic nature of ecological systems and the intricate
relationships that sustain them. Additionally, it emphasizes the role of human behaviors
in influencing these interactions, further illustrating the complex interplay between natural
processes and anthropogenic activities.

4.2 Background

The Pantanal is one of the world’s largest tropical wetland areas, spanning approximately
179,300 square kilometers, with about 80% of its expanse located in Brazil, and the remaining
portions extending into Bolivia and Paraguay [117]. Situated in a vast floodplain in the center
of the upper Paraguay River basin in South America, the Pantanal predominantly lies within
the Brazilian states of Mato Grosso (MT; 35%) and Mato Grosso do Sul (MS; 65%) [118,
119].

The hydrological cycle of the Pantanal is intricately linked to the annual pulse of rainfall,
which inundates the region from November to March in the north and from May to August
in the south, transforming vast expanses of dry land into a network of interconnected water-
ways [120]. Figure 4.1 illustrates the delineation of the Pantanal using terrestrial eco-regions
as defined by Dinerstein et al. [121]. Within this area of interest, the digital elevation
model (DEM) data, along with the river network highlights, provides a detailed topographic
perspective for overviewing the hydrological and ecological processes governing the Pan-
tanal’s wetland ecosystem. Most studies on the Pantanal have concentrated on the Brazilian
portion, which is a complex of interconnected aquatic, terrestrial, and wetland ecosystems.
The Brazilian Pantanal alone supports a rich diversity of species, including iconic jaguars,
capybaras, giant otters, and a plethora of birdlife [122].

With its ecological richness, the Pantanal also faces numerous environmental pressures.
Wildfires, exacerbated by climatic factors, land-use changes, and human activities, pose
significant threats to its ecological integrity [123] and disrupt critical ecosystem processes,
endangering the diverse flora and fauna of the region. In this study, we aim to provide a lat-
est overview of the entire Pantanal region, investigating the interplay between fire dynamics
and wetland refilling patterns. By analyzing data over a five-year period from August 2018
to July 2023, we seek to uncover the mechanisms driving these interactions and offer insights
essential for the conservation and management of this vital ecosystem.
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(a) (b)

Figure 4.1: Inundation Frequency and Topographical Features in Pantanal.
(a) Inundation frequency based on the Monthly Berkeley-RWAWC water mask from August
2018 to July 2023. (b) A zoomed-out view of the Pantanal, featuring a digital elevation
model (DEM) to highlight the topographical variations.

4.3 Data Description and Exploratory Analysis

4.3.1 Fire - Burned Area

The fire dataset utilized in this study is sourced from the Terra and Aqua combined MCD64A1
Version 6 Burned Area data product (https://lpdaac.usgs.gov/products/mcd64a1v061
/). This monthly, global dataset provides a gridded resolution of 500 meters, offering detailed
per-pixel burned-area information along with quality assessments. The MCD64A1 methodol-
ogy integrates 500-meter Moderate Resolution Imaging Spectroradiometer (MODIS) Surface
Reflectance imagery with 1-kilometer MODIS active fire observations. Central to the algo-
rithm is the use of a burn-sensitive Vegetation Index (VI), derived from MODIS shortwave
infrared atmospherically corrected surface reflectance bands 5 and 7, supplemented with
temporal texture measures. Dynamic thresholds generated from the VI are then applied to
the composite data to identify burned areas [124].

An overview of the fire history. The temporal resolution of the data allows for an
analysis of inter-annual variability, and the longitudinal span of over two decades provides
insight into longer-term trends and potential shifts in fire seasonality. Figure 4.2 illustrates
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the percentage of burned area within the Pantanal from November 2000 to January 2024.
The data highlights a seasonal pattern, with the peak fire season typically occurring between
August and October. Long-term trends from the dataset suggest that shifts in the timing
and intensity of the fire season do occur. Such fluctuations can happen within a single
year or over multiple years, indicating possible climatic or anthropogenic influences on fire
regimes. More spatial details regarding the burned area patterns are presented in Figure
4.3. The figure presents a comprehensive analysis of fire activity in the Pantanal region
over the span of 23 years. Each histogram depicts the monthly burned area fraction for
a given year, with the three months exhibiting the highest burned extent highlighted in
red to underscore the peak fire season. Beneath each histogram, the corresponding spatial
distribution maps illustrate the geographic spread of burned areas during these peak months.
These spatial maps provide a detailed view of the regions within the Pantanal most affected
by fires, highlighting significant inter-annual variability in fire behavior and affected areas.
Notably, the 2020 map reveals a markedly high density of burned areas, displaying distinct
patterns compared to other years. This anomaly aligns with documented mega-fire events of
2020, suggesting a deviation in fire dynamics likely influenced by climatic or anthropogenic
factors. It has also drawn our attention that there is a significant overlap between the fire
seasons of 2019 and 2021. Specifically, 36% of the pixels burned during the 2019 fire season
were burned again in the 2021 fire season as Figure 4.4 presents, characterized by significant
forest areas outside of the Pantanal being affected.

As we examine the fire patterns within the Pantanal, it becomes critical to investigate the
initial ignition sites and the subsequent progression of fire events in the region. By analyzing
these spatio-temporal dynamics, our objective is to elucidate the underlying mechanisms
driving wildfire initiation and spread. These insights are essential for developing an under-
standing of fire behavior within the Pantanal ecosystem. The methodology and detailed
findings related to these dynamics will be elaborated in Section 4.4 Methodology.

4.3.2 Water - Rainfall

Rainfall data has served as a crucial reference for assessing both drought severity and the
availability of fuel loads for potential wildfires. Extensive research underscores the indis-
pensable utility of rainfall data in both analyzing historical fire events and predicting future
occurrences within the region [125, 126, 127]. To assess rainfall patterns in our study, we
first compared four different datasets: the Climate Hazards Group InfraRed Precipitation
with Station data (CHIRPS), the Global Precipitation Measurement mission (GPM), the
fifth generation of European Centre for Medium-Range Weather Forecasts (ECMWF) at-
mospheric reanalyses of the global climate (ERA5), and a reanalysis dataset specifically for
land areas derived from ERA5 data (ERA5-Land).

The precipitation rates from these four data sources within the Pantanal region were ex-
tracted and plotted from August 2018 to August 2023, as shown in Figure 4.5. The patterns
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Figure 4.2: Time Series of Burned Area Fraction from MCD64A1 Data (November 2000 -
January 2024).

across these sources are generally consistent, with peaks and troughs occurring at simi-
lar times, which suggests a clear seasonal cycle of rainfall: most rainfall occurs between
November and March, while the dry season spans from June to October. Meanwhile, there
are notable variances in the measurements from each source at the peaks. Starting from
September 2022, ERA5-Land shows a markedly different pattern compared to the other
sources, with a lower overall precipitation rate and less pronounced peaks. The discrepancy
can be further identified from Figure 4.6, which presents the monthly variations in spatial
pattern for the four datasets.

In Figure 4.6, each dataset is presented in a 4-row by 12-column structure, with each row
representing the average monthly precipitation pattern over a year. For example, the first
row of the CHIRPS dataset displays data from August 2018 to July 2019. Similar to Figure
4.5, the spatial patterns in all four datasets reveal an increase in precipitation rates across the
entire domain from November to March each year. Notably, most of the major precipitation
appears to occur around the Pantanal rather than centrally within it. Additionally, there
is general agreement among the datasets regarding the primary locations of precipitation,
which shifts annually.

For instance, the first row shows high precipitation rates in the northwest corner during



CHAPTER 4. WILDFIRES AND WETLAND RESILIENCE 45

F
ig
u
re

4.
3:

O
ve
rv
ie
w

of
F
ir
e
P
at
te
rn
s
(2
00
1
-
20
23
).

E
ac
h
h
is
to
gr
am

re
p
re
se
n
ts

th
e
b
u
rn

ex
te
n
t
th
ro
u
gh

ou
t
th
e
ye
ar
,
sh
ow

ca
si
n
g
th
e
th
re
e
m
on

th
s
w
it
h
th
e
h
ig
h
es
t
b
u
rn
ed

ex
te
n
t
h
ig
h
li
gh

te
d
.
B
en
ea
th

ea
ch

h
is
to
gr
am

,
th
e
co
rr
es
p
on

d
in
g
sp
at
ia
l
p
at
te
rn

of
fi
re
s
in

th
e
fi
re

se
as
on

is
d
is
p
la
ye
d
.

T
h
e
b
ou

n
d
ar
ie
s
of

th
e
P
an

ta
n
al

ar
e
ou

tl
in
ed

in
b
la
ck
.



CHAPTER 4. WILDFIRES AND WETLAND RESILIENCE 46

2019 Fire Season 2021 Fire SeasonOverlap Burned Area

Figure 4.4: Comparison of Burned Area in the Fire Seasons of 2019 and 2021. The boundaries
of the Pantanal are outlined in black.

the early rainy season (November 2018). In the second row, during the 2019 -2020 rainy
season, the GPM, ERA5, and ERA5-Land datasets indicate continued high precipitation in
the north and west, while the CHIRPS dataset shows a relatively lower amount but a similar
pattern. In the third row for the year 2020 to 2021, more rainfall is observed from the south,
while in the fourth row for year 2021 to 2022, it shifts to the north.

From the year 2022 to 2023, the datasets show increased rainfall from both the north, south,
and west during its rainy season. In addition, the ERA-Land data source demonstrates a
general attenuation in precipitation rates, differing from the other three data sources. This
discrepancy suggests that the ERA5-Land dataset may underestimate precipitation during
this period. Given these observations, we selected CHIRPS for the following analyses due to
its highest spatial resolution.

4.3.3 Water - Inundation

In addition to the rainfall datasets, our study introduces a new dataset into this discourse:
the UC Berkeley Random Walk Algorithm WaterMask from CYGNSS (Berkeley- RWAWC)
(https://podaac.jpl.nasa.gov/dataset/CYGNSS_L3_UC_BERKELEY_WATERMASK_V3.1).
As elaborated in Chapter 2, this is a watermask product designed to address the challenges
of monitoring inundation in regions hindered by dense vegetation and cloud cover as is
the case in most of the Tropics. Developed from the Cyclone Global Navigation Satellite
System (CYGNSS) data, the Berkeley-RWAWC provides a refined water mask, unveiling
previously unseen seasonal variations in inundation patterns. Berkeley-RWAWC spans from
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Figure 4.5: Time Series of Precipitation Rates from Various Data Source (August 2018 -
August 2023).
(Red - CHIRPS): The Climate Hazards Group InfraRed Precipitation with Station data
is a quasi-global rainfall dataset, covering latitudes from 50°S to 50°N, spanning from 1981
to near-present, with a spatial resolution of 0.05°, approximately 1 km. (Blue - GPM):
The Global Precipitation Measurement mission, specifically the IMERG Final Run V07,
provides research-quality gridded global multi-satellite precipitation estimates with quasi-
Lagrangian time interpolation, gauge data, and climatological adjustment. It has a spatial
resolution of 0.1°, approximately 9 km. (Green - ERA5): The fifth generation of European
Centre for Medium-RangeWeather Forecasts (ECMWF) atmospheric reanalyses of the global
climate, has a spatial resolution of 0.25°, approximately 27 km. (Orange - ERA5 land): A
reanalysis dataset specifically for land areas derived from ERA5 data, offering an enhanced
resolution of 0.1°, approximately 9 km, compared to ERA5.

37.4° North to 37.4° South and consists of monthly inundation maps at approximately 1 km
by 1km resolution since August 2018.

The inundation product we utilize operates on a binary classification system, distinguishing
between pixels that contain water and those that do not. When a pixel is labeled as water, it
indicates that within this 1km by 1km area, there exists either a significant body of water or a
smaller footprint with clear indications of water presence. This binary approach simplifies the
interpretation, as it provides a clear distinction between areas with observable water features
and those without. By identifying pixels as water, we infer the presence of either substantial
water bodies, such as lakes or rivers, or smaller water features like ponds or wetlands. Figure
4.7 provides a detailed illustration of the spatial distribution of water during the wet season
in the Pantanal from 2019 to 2023. The upper histograms display monthly water extent
data, and the maps below illustrate the spatial distribution across the region during the wet
season for each respective year. The inundation feature reveals notable variations across the
years studied. Specifically, from 2020 to 2022, the wetland refilling appears markedly lower
compared to the levels observed in 2019 and 2023. Furthermore, discernible trends emerge in
specific regions over the study period: in 2022, there is clear evidence of increased inundation
in the northern region, while in 2020 and 2021, a greater extent of inundation is observed in
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the southern region. The result is consistent with the spatial distribution of precipitation as
discussed in the previous section.

Figure 4.7: Wet Season Inundation Extent (2018 - 2023).
Upper Histograms: Monthly Inundation Fraction with the top three months highlighted in
blue, indicating the wet season for each year. Bottom Spatial Plots: The wet season inun-
dation extent based on Berkeley-RWAWC monthly data. Blue areas represent water, while
white areas indicate non-water land. This representation is based on a binary classification.

4.3.4 Land Cover Land Type

To assess land changes, we collected Normalized Difference Vegetation Index (NDVI) data
alongside land cover and land type classification data for the Pantanal region over the period
from 2018 to 2023 based on MODIS. The Normalized Difference Vegetation Index (NDVI) is
an essential remote sensing metric extensively utilized to assess vegetation health and density.
NDVI is derived from satellite imagery and is computed using the difference between near-
infrared (NIR) and red light reflectance, normalized by the sum of these two reflectance
values. Mathematically, the index is expressed as:

NDVI =
NIR− Red

NIR + Red
(4.1)

This index leverages the distinct spectral characteristics of healthy vegetation, which absorbs
most of the visible light (red) for photosynthesis and reflects a substantial portion of near-
infrared light. Consequently, NDVI values range from -1 to +1, with higher values indicating
dense, healthy vegetation, and lower values suggesting sparse or stressed vegetation, bare
soil, or non-vegetated surfaces such as water bodies or urban areas. In Figure 4.8, we present
the Normalized Difference Vegetation Index (NDVI) data obtained from the Terra Moderate
Resolution Imaging Spectroradiometer (MODIS) Vegetation Indices (MOD13Q1). The data
is plotted in a daily format, showcasing temporal variations in the region. Notably, lower
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NDVI values are observed during the fire-burning seasons over the years 2019, 2020, and 2021,
indicating a reduction in vegetation health and density. Conversely, during the subsequent
wet seasons, the vegetation regrowth is evident, with NDVI values returning to the same
general levels observed prior to the fire events. This pattern seems to indicate the resilience
of vegetation in the Pantanal region following seasonal disturbances, while one note is that
cloud cover could impact the accuracy and quality of NDVI value.

Figure 4.8: Time Series of NDVI (August 2018 - August 2023).
Daily mean NDVI values for the entire Pantanal region is shown. The data points reflect
the available daily measurements, which may result in irregular time intervals due to data
availability. This representation captures the vegetation dynamics across the whole region,
highlighting variations and trends in NDVI over the study period.

Additionally, we incorporate the MODIS Terra and Aqua Land Cover Type dataset (https:
//lpdaac.usgs.gov/products/mcd12q1v061/), which provides yearly global land cover
classifications at a spatial resolution of 500 meters. This dataset offers a characterization
of land cover types, including vegetation, water bodies, urban areas, and agricultural land,
among others [128]. This information can help in understanding the ecological context
surrounding fire events, as different land cover types exhibit varying susceptibilities to fire
and play distinct roles in fire propagation dynamics. Figure 4.9 provides an overview of
Land Cover Land Type changes within the region over the last five years, utilizing the
International Geosphere-Biosphere Programme (IGBP) legend and class descriptions. This
figure illustrates the evolution of fire regime patterns based on land cover changes. Notably,
a significant portion of forests burned in 2019 and 2021, are located outside the delineated
Pantanal region, as shown in Figure 4.4, which highlights these burned areas. In contrast, a
much higher portion of permanent wetlands were burned in 2020.

4.4 Methodology

Multi-object tracking (MOT) in computer vision is a sophisticated technique aimed at si-
multaneously identifying and monitoring the trajectories of multiple objects within a video
sequence or a series of images. This process involves several critical steps, beginning with
the detection of objects in each frame using algorithms such as convolutional neural net-
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Figure 4.9: Fig. 7 Evolution of Fire Regime Patterns.
Background layer depicts the percentage coverage of each land class across the region. The
bar plot for each year illustrates the proportion of land classes affected by fire.

works (CNNs) or other machine learning models designed for object recognition [129]. Once
detected, these objects are then assigned unique identifiers to distinguish them from one
another throughout the sequence. The challenge in MOT lies in maintaining the accuracy of
these identifiers across frames, which requires robust association strategies to handle occlu-
sions, appearance changes, and complex interactions among objects. Techniques such as the
Hungarian algorithm, Kalman filtering, and various data association methods are commonly
employed to predict the future positions of objects and update their tracks accordingly. Ad-
ditionally, advancements in deep learning have led to the development of more sophisticated
models that can learn appearance features and motion patterns, further enhancing tracking
performance [130]. Effective multi-object tracking has significant implications across various
fields, including autonomous driving, surveillance, sports analytics, and robotics, where un-
derstanding the dynamic behavior of multiple entities is crucial. The continuous evolution
of MOT algorithms aims to achieve higher precision and robustness, addressing the inherent
challenges posed by real-world scenarios.

In this context, as the input burned area data is binary, alternative approaches to CNNs can
be more efficient. One such approach is the Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) algorithm [131]. Unlike CNNs, which are typically used for feature
extraction and classification in complex, high-dimensional data, DBSCAN is a clustering
algorithm that excels in identifying dense regions of points and can effectively handle noise.
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By using DBSCAN, it is possible to quickly extract group information from binary data,
which is particularly useful when the primary task is to cluster and track objects based
on spatial proximity rather than detailed image features. DBSCAN operates by grouping
points that are closely packed together, marking points that lie alone in low-density regions
as outliers. This characteristic makes it highly suitable for tasks where the distinction
between objects and background noise is critical. Once clusters are formed, tracking these
clusters over time becomes more straightforward, as the algorithm inherently handles varying
densities and irregular shapes.

4.4.1 Daily Burned Area Map

Utilizing the ’Burn Date’ and ’Last Day’ attributes from the MCD64A1 burned-area dataset,
we generate daily maps illustrating the spatial progression of burned areas. Figure 4.10, 4.11,
and 4.12 presents the daily burned area spreading for years 2019, 2020 and 2021 during the
fire seasons respectively. In both 2019 and 2021, forest fires exhibited similar patterns on a
monthly scale, forming a long and narrow shape outside the Pantanal wetland delineation,
as shown in Figure 4.4. According to the daily burned area maps, the burned area in 2019
developed over a longer period, from August 18 to October 23, whereas in 2021, they were
observed from August 18 to September 24.

By examining the daily spread patterns of fires, we observed distinct differences between
locations characterized by continuous, relatively small-scale burning and those experiencing
rapid, extensive fire spread. The former tends to exhibit consistent, low-intensity fires, while
the latter is marked by frequent, high-intensity events during the peak fire season. Thus,
we consider it essential to develop a method capable of systematically characterizing and
capturing these different features.

4.4.2 DBSCAN Algorithm for Event Labeling

To better characterize the burned extent from the daily map, we employ a DBSCAN algo-
rithm. DBSCAN is a robust clustering method ideal for this task due to its ability to identify
dense regions. It focuses on grouping closely packed points and labeling those in low-density
regions as outliers. The algorithm operates by defining a neighborhood around each data
point using a specified distance metric and clustering points that have a sufficient number of
neighbors within this radius. The two parameters are: Epsilon (ϵ): the maximum distance
between two samples to be considered neighbors and MinPts: the minimum number of
samples within the ϵ radius to form a core point.

Given a dataset D, DBSCAN operates by first defining the neighborhood as

Nϵ(p) = {q ∈ D | distance(p, q) ≤ ϵ} (4.2)
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Figure 4.10: Daily Burned Area Spread Maps for the 2019 Fire Season.
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Figure 4.11: Daily Burned Area Maps for the 2020 Fire Season.
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Figure 4.12: Daily Burned Area Maps for the 2021 Fire Season.
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where Nϵ(p) represents the neighborhood of point p with radius ϵ. Then the core points are
classified by:

Core(p) =

{
True if |Nϵ(p)| ≥ MinPts

False otherwise
(4.3)

Clusters are formed by core points and their density-reachable points. A point q is density-
reachable from a point p if there is a sequence of points p = p1, p2, . . . , pn = q such that
each pi+1 ∈ Nϵ(pi) and pi is a core point. Points that do not meet the density criteria are
classified as noise

This method is particularly advantageous for our study, as it can discover clusters of arbi-
trary shapes, providing a flexible and effective means of analyzing the spatial patterns of
burned areas. We utilized parameters [ϵ = 3, MinPts = 3] based on experimental results,
to ensure optimal performance in detecting and classifying spatial clusters of interest. The
parameter choice involves a trade-off between sensitivity and specificity. While these pa-
rameters optimize the detection and classification of mature fire events, they may overlook
smaller or emerging fires. This trade-off is necessary to focus on burned areas that have de-
veloped significantly, which are more relevant for targeted intervention and ecological impact
assessment.

4.4.3 Hungarian Method for Event Tracking

The Hungarian method, also known as the Kuhn-Munkres algorithm [132], is a combinatorial
optimization algorithm designed to solve the assignment problem in polynomial time. This
algorithm is particularly valuable in the context of event tracking, where the goal is to
associate detected events or objects across consecutive frames or time points.

In event tracking, the Hungarian method is employed to minimize the overall cost of assign-
ments, facilitating the matching of objects or events from one frame to the next based on a
cost matrix C. Each element Cij within this matrix represents the cost of assigning object i
in frame t to object j in frame t+1. These costs are typically calculated using metrics such
as Euclidean distance, appearance similarity, or motion consistency, thereby reflecting the
likelihood of correct associations. The assignment problem is mathematically formulated as
finding a permutation σ of the columns (representing objects in frame t+1) that minimizes
the total cost, expressed as

min
σ

n∑
i=1

Ci,σ(i) (4.4)

where σ(i) denotes the object in frame t + 1 assigned to object i in frame t, and n is the
total number of objects.
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The Hungarian method operates through a series of systematic steps. Initially, for each row
in the cost matrix, the smallest entry is subtracted from all entries in that row, a procedure
known as row reduction. This is followed by column reduction, where the smallest entry in
each column is subtracted from all entries within the column. Subsequently, all zeros in the
resulting matrix are covered using a minimum number of horizontal and vertical lines. If the
minimum number of lines equals the number of rows (or columns), an optimal assignment
among the zeros is attainable. In cases where not all zeros are covered, the matrix is adjusted
by identifying the smallest uncovered value, subtracting it from all uncovered elements, and
adding it to elements covered twice. This iterative process is repeated until an optimal
assignment is determined, ensuring that each detected object or event in frame t is matched
to its counterpart in frame t+ 1 with the least total cost.

The algorithm’s ability to systematically explore all possible assignments and find the optimal
one makes it robust against challenges such as occlusions, object entry, and exit. The
efficiency and accuracy of the Hungarian method make it essential for multi-object tracking
applications, ensuring consistent identity maintenance over time. This is crucial in fields such
as surveillance, biological cell tracking, and autonomous vehicle navigation, where precise
and reliable tracking is essential.

4.4.4 Enhanced Tracking Methodology and Data Management

In this study, we processed all daily burned area records using a multi-object tracking al-
gorithm specifically tailored for detailed burned area analysis. This algorithmic adaptation
involved optimizing the computational process to handle the complexity inherent in the Hun-
garian method, which is known for its cubic time complexity. To mitigate this, we employed
techniques such as the utilization of sparse matrices and revised handling of edge cases,
transitioning from a traditional one-to-one tracking approach to a more dynamic system.

In the object tracking implementation, we have integrated several additional features to en-
sure robustness and accuracy. The method handles object merging and splitting by assigning
high penalties in the cost matrix for non-overlapping entities and enforcing a strict pixel over-
lap threshold, which requires objects to share pixels in successive frames to be considered the
same, thereby minimizing false positives. The algorithm also disregards changes in object
shape, simplifying the computational process while maintaining precision and adaptability,
enabling efficient tracking even in rapidly changing environments.

Moreover, we enhanced the data management strategy by integrating a tree data structure
for storing all detected objects. This structural choice allows hierarchical mapping of each
incident, thereby facilitating the tracking of parent and child nodes within the burned area
data. This method provides enhanced flexibility, allowing for a more granular examination
of specific fire events and optimizing our ability to analyze and intervene in fire developments
effectively, as demonstrated in Figure 4.13.
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This enhanced methodology is particularly beneficial for labeling single fire ”events” in cases
where fires are spreading or shrinking and may be occluded by clouds. The application of
these refined methods has yielded promising results, with intriguing figures and outcomes to
be presented in Section 4.5.

(a) Tree Visualization by Time Frame

(b) One Node and its all linked nodes (c) One Node and its direct parent and child nodes

Figure 4.13: Node Search with Tree Structure.
(a) Full view of an example dataset, with each object labeled using the format ”time frame:
index” for each time frame. (b) Search results for one node and all its connected nodes. (c)
Search results for one node, displaying its direct parent and child nodes.

4.5 Results

4.5.1 Correlation Analysis

First, we examine the interconnections among the precipitation rate, inundation extent, and
burned area over the five-year period. Figure 4.14 presents a correlation matrix that has
been optimized based on the best lag time between these variables. We use time series data
of standardized anomalies, where each data point represents the average value over a three-
month period. This averaging technique smooths out short-term variations to more clearly
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reveal sustained trends across the datasets. Our findings indicate a strong alignment between
the datasets. The analysis shows that the Burned Area has a correlation of -0.51 with the
Inundation Area at a lag time of 1 month, a correlation of -0.66 with the Precipitation
Rate at a lag time of 2 months, and the Inundation Area and Precipitation Rate exhibit a
correlation of 0.65 at a lag time of 2 months.

(a) (b)

Figure 4.14: Standardized Anomalies of Burned Area, Inundation Area and Precipitation
Rate over Fire Years (August 2018 - August 2023).
(a) Correlation matrix, computed based on the optimal lag times between variables, illus-
trating the relationships as follows: a -0.51 correlation between Burned Area and Inundation
Area at a 1-month lag, a -0.66 correlation between Burned Area and Precipitation Rate at
a 2-month lag, and a 0.65 correlation between Inundation Area and Precipitation Rate at
a 2-month lag. (b) Time Series for the standardized anomalies. The data points for each
variable represent three-month-averaged value, smoothing short-term variations to highlight
more sustained trends.

It is noteworthy that despite the relatively stable precipitation rates observed from 2019
to 2022, with a slight increase in 2023, there was a clear decrease in Pantanal inundation
extent during the wet seasons following the three major fire events as Figure 4.15 displayed.
Figure 4.15 illustrates the seasonal inundation and fire patterns from 2018 to 2023, following
a chronological timeline. The upper panel displays the wet season patterns, where light
blue indicates pixels consistently labeled as wet across all five wet seasons, while dark blue
represents other water pixels identified during each wet season. The bottom panel shows the
fire season patterns, with red pixels marking the burned areas during each season. Both the
wet and fire seasons are annotated with the corresponding months along the timeline in the
middle. This trend suggests that while precipitation remained consistent, the ability of the
Pantanal to retain water during its wet seasons was significantly compromised. The major fire
events appear to have had a lasting impact on the region’s hydrological dynamics, potentially
altering the landscape in ways that reduced its water-holding capacity. Such alterations
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could include changes in soil structure that might have led to a more hydrophobic surface,
vegetation loss, and increased runoff, all of which contribute to diminished inundation. The
interplay between stable precipitation and reduced inundation highlights the complexity of
ecosystem responses to disturbances like wildfires.

In addition, a higher-level representation of how fire and water season patterns manifest in
the Pantanal is provided in Figure 4.16. In this figure, red areas indicate regions dominated
by fire events, while blue areas represent regions dominated by water-related events. This
overlay offers a clear visual summary of the spatial dynamics between these two types of
seasonal patterns. The spatial dynamics underscores the necessity of integrated management
approaches that consider not only climatic factors but also the ecological aftermath of fire
events. Understanding these interactions is critical for developing effective conservation
strategies aimed at restoring and maintaining the hydrological and ecological balance of the
Pantanal.

4.5.2 Fire Patterns

The performance of DBSCAN for burned area classification is presented in Figure 4.17 using
a specific time frame (October 10, 2020). Each individual event is labeled with a red box,
provides a depiction of how DBSCAN identifies distinct burned regions, showcasing the
algorithm’s capability to categorize spatial data. The labeled frame in Figure 4.17 provides
insights into the extent and distribution of burned areas on a typical day during the fire
season. It captures the temporal dynamics of fire-affected regions, revealing a combination
of large and small burned areas.

Figure 4.18 and 4.19 illustrates how a large-scale burned area detected in the year 2020
evolves throughout the entire timeline, using the object tracking algorithm. An overview
of the entire impacted region, searched and plotted all parent and child nodes linked to
the largest burned area detected in the year, is presented in Figure 4.18. The burned area
is color-coded from light red to dark red to reflect the duration of impact, showing the
number of days affected. In Figure 4.19, each sub-figure is presented with the zoom-in view
on the specific burned area to better visualize the tracking components. Individual burned
areas are marked by red boxes. The figure demonstrates the algorithm’s capability to follow
the progression of the burned area over time, underscoring its effectiveness in dynamic and
complex scenarios.

Leveraging our established object-tracking method, we also delve into the origins of the
burning areas, providing a perspective on fire patterns from their initial development. The
right-side subfigure in Figure 4.20 presents the temporal distribution of the origins of burned
areas from 2018 to 2023, reveals distinctive temporal patterns in fire occurrences. During the
years 2018, 2019, and 2020, a pronounced peak in fire activity is consistently observed around
days 240 to 260, correlating with the late August to mid-September period. This recurrent
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Water-related events were 
more frequent or dominant, 
imply a wetter or more 
stable climate regionally. 

The frequency of �re-related events 
and water-related events was roughly 
equal over the 5-year period.

Fire events were more frequent 
or dominant, indicate a drier or 
more �re-prone climate regionally. 

Figure 4.16: Overlay of Fire and Water Seasonal Patterns (August 2018 - August 2023).
The colobar is a higher level represntation of whether the region is dominated by water-
related events or fire-related events..

pattern underscores a seasonal susceptibility to fire during these months. The year 2021 is
characterized by a bimodal distribution, with notable peaks in early June (approximately
day 160) and another during the historically peak fire period observed in prior years. In
contrast, the years 2022 and 2023 demonstrate a temporal shift, with peak fire occurrences
extending to post-day 300, around late October. These shifts in peak fire times may reflect
underlying changes in climatic conditions, land-use patterns, signaling a potential evolution
in fire dynamics in the region.

Figure 4.20(b) showcases an overlap matrix that quantifies the similarities in fire origin
locations between each pair of years from 2018 to 2023. This matrix is color-coded to reflect
the intensity of overlaps, with darker shades indicating a higher degree of spatial concordance
in burned area origins. The data demonstrate notable continuity in fire locations between the
years 2019 and 2020, and similarly between 2019 and 2021, suggesting persistent hotspots of
fire activity. In contrast, the years 2018 and 2023 exhibit a marked low similarity in burned
area origins, indicating a possible shift in fire-prone zones or alterations in environmental
conditions influencing fire dynamics.
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Figure 4.17: Burned Area Classification for Individual Time Frame.
Right: Burned area (red) for October 10, 2020. Left: After applying DBSCAN, individual
events are labeled with red boxes to indicate their specific locations.

4.5.3 Hydrological Response to Fires: Long-term Dynamics

Additionally, we extend the investigation to evaluate the impact of fire occurrences in relation
to the future inundation. Figure 4.21 presents an analysis of survival rates focusing on the
duration between fire events and subsequent inundation across pixels with burning history.
The survival curves show how long it takes for a pixel to experience inundation. The analysis
is segmented into two scenarios: the first plot excludes pixels that also contain static water
bodies, while the second incorporates them, providing insights into the hydrological impact
of these static water bodies.

In the first plot (Figure 4.21 (a)), with the removal of static water bodies, the curve demon-
strates a more rapid decline in survival rate for burned pixels compared to unburned ones,
until the 20th month, where the two curves intersect. This indicates that regions recently
affected by fire exhibit heightened vulnerability to faster inundation until approximately 1.6
years post-fire, likely attributable to changes in soil and vegetative characteristics impacting
water absorption and runoff dynamics.

The second plot (Figure 4.21 (b)), which accounts for static water bodies, presents a slightly
different view of hydrological dynamics. In this scenario, the curve for burned pixels shows
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Figure 4.18: Burned Area Track for Individual Burned Event - Overview.
Tracking the evolution of a large-scale burned area detected in 2020 over time. The red box
highlights and zooms in on the overall impacted region, with the burned area color-coded
from light red to dark red to indicate the duration of impact, representing the number of
days affected.

a pronounced and rapid decline until around the 30th month post-fire, suggesting that areas
recently affected by fire are more vulnerable to quicker inundation for approximately 2.5
years, which is much longer than the first case. This observation underscores the role of
static water bodies in modulating the hydrological response, highlighting their capacity to
influence water absorption and retention in fire-impacted regions.

4.6 Discussion

The correlation analysis highlights the crucial role of precipitation and subsequent inundation
in mitigating fire risks while illustrating how mega fires can impact the buffering capacity
of wetlands during wet periods. The spatial distribution of precipitation rates and wetland
refilling patterns aligns well, indicating a direct relationship between rainfall and wetland
water extent. This finding is consistent with studies [133] showing that the Pantanal is
a seasonal wetland where rainfall plays a significant role in the flood pulse, accounting
for approximately 60% of the total variability in flooded areas. Furthermore, studies [134]
suggest that although rainfall patterns are regionally synchronous, the hydrological responses
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Figure 4.19: Burned Area Track for Individual Burned Event - Tracking Frames.
Tracking the evolution of a large-scale burned area detected in 2020 over time. Each subfigure
focuses on a specific time frame, and individual burned areas are labeled with red boxes to
demonstrate the algorithm’s effectiveness in following the dynamic progression of burned
areas.



CHAPTER 4. WILDFIRES AND WETLAND RESILIENCE 66

(a)

(b)

(c)

Figure 4.20: Temporal Dynamics and Spatial Overlap of Burned Area Origins from 2018 to
2023.
(a) Histograms displaying the origins of burned areas for each year. Overlaid on these
histograms are Kernel Density Estimate (KDE) trendlines, which smooth the probability
distribution of the data across the days of the year. (b) Individual density plots for each
year, ranging from 2018 to 2023, to separately visualize the frequency of fire occurrences.
(c) Matrix visualizes the overlap in burned area origins between each pair of years from
2018 to 2023. The intensity of the colors reflects the degree of overlap, with darker shades
indicating a higher number of overlapping cells and thus greater similarity in the locations
of fire origins.
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(a) Survival Curve without Static Water Pixels (b) Survival Curve with Static Water Pixels

Figure 4.21: Hydrological Responses to Fire Events with Varied Inundation Categories.
This figure explores survival rates post-fire, analyzing the time until inundation across dif-
ferent hydrological settings. (a) excludes static water bodies, showing a quicker decline in
survival rates for burned pixels up to 20 months post-fire. (b) includes static water bodies,
extending vulnerability to inundation to about 30 months.

in wetlands vary considerably depending on their proximity to inundated areas. Interannual
variability in rainfall significantly affects vegetation dynamics near flooded regions, with
local water storage leading to weaker and delayed vegetative responses. This literature also
indicates the importance of flood pulse timing in determining vegetation productivity and
suggests that local wetland conditions can be mediated by rainfall patterns in the Pantanal.

However, the observed decrease in wetland refilling after mega fires underscores the height-
ened vulnerability of wetlands during dry spells. This suggests that mega-fires not only
deplete the immediate water reserves but also potentially alter the ecosystem’s ability to re-
cover and retain water in subsequent wet seasons. These changes could lead to a diminished
capacity for wetlands to act as natural buffers against fires, thereby increasing the frequency
and intensity of future fire events.

Our study goes further by applying DBSCAN clustering method and multi-object tracking
algorithms to provide a detailed spatiotemporal analysis of fire events. This methodological
advancement allows for more precise identification of fire ignition points and tracking of
fire spread, offering new insights into fire dynamics in wetland ecosystems. In addition, we
looked into the dynamics between fire events and water response in different hydrological
settings. The inclusion or exclusion of static water bodies significantly alters the landscape’s
hydrological behavior post-fire, underscoring the importance of considering these elements
in ecological and hydrological studies.

This study offers valuable insights into the interplay between precipitation, hydrology, and
fire dynamics in wetland ecosystems. However, there are several areas where future research
could expand upon these findings to address current limitations and explore new dimensions
of this complex topic.
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The current analysis is constrained by the monthly resolution of available datasets, which
may obscure short-term hydrological phenomena such as flash floods. Future research could
investigate high-resolution temporal data as chapter 3 presents, to capture more dynamic
hydrological events, providing a richer understanding of water movement and its interaction
with fire behavior in the Pantanal.

Refining the multi-object tracking algorithm to incorporate machine learning techniques
could enhance the accuracy of fire spread categorization and extend its capabilities to make
predictions. It is also worth studying more on the fire behavior characterization, to quan-
tify the distinction between continuous low-intensity fires and rapid extensive fires. This
involves examining the influence of both climatic conditions and anthropogenic factors on
fire behavior. Moreover, analysis of land cover types within detected fire regimes can yield
deeper insights into fire characteristics. Understanding whether fire events are confined to
homogeneous land types or traverse multiple landscapes can help identify vulnerable areas
and inform management practices.

The hydrological response to fires also offers an intriguing research direction, particularly
in understanding the long-term dynamics of various inundation categories. By categorizing
different types of inundation, such as static water bodies and rainfall-driven inundation, we
can analyze how these factors interact with fire dynamics at the pixel level. This approach
could help identify key ecological thresholds where changes in inundation lead to shifts in
fire behavior, illuminating the role of hydrological conditions in shaping fire regimes.

4.7 Conclusion

In this study, our work sheds light on the complex interactions between fire dynamics, precip-
itation patterns, and wetland inundation in the Pantanal. By employing advanced tracking
algorithms and comprehensive data analysis, we provide a detailed understanding of the
factors driving fire behavior and wetland resilience. We have clear evidence of the relation-
ship between precipitation and water-refilling spatial distribution. However, the consistent
amount of precipitation does not correlate with the observed decrease in surface water in-
undation extent. This suggests that factors other than just precipitation are influencing
wetland refilling. Notably, the occurrence of mega fires appears to significantly impact the
hydrological dynamics of the Pantanal, reducing its capacity to retain water even when
precipitation levels are stable. These findings highlight the importance of considering the
compounded effects of fire and hydrological processes in the Pantanal. Mega fires likely
alter the physical and biological properties of the soil, reducing its permeability and water
retention capabilities. This, in turn, disrupts the natural refilling processes of wetlands,
leading to prolonged dry spells and increased vulnerability of the ecosystem. In conclusion,
our study emphasizes the necessity of considering both immediate and long-term impacts of
fire events on wetland hydrology. The persistent decrease in water retention despite stable
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precipitation rates points to significant alterations in the wetland’s natural processes. Un-
derstanding these interactions is crucial for predicting future trends in wetland resilience and
for developing strategies to mitigate the adverse effects of both natural and anthropogenic
factors on these critical ecosystems. Our findings contribute to a more nuanced understand-
ing of wetland dynamics, highlighting the intricate balance between climatic variables and
ecological responses in shaping the health and sustainability of the Pantanal.
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Chapter 5

Conclusion Remarks

This work leverages cutting-edge remote sensing technology and robust training-free com-
puter vision algorithms to address significant challenges in analyzing wetland dynamics,
with a particular focus on underrepresented tropical wetlands. It investigates the interplay
between hydrological changes, climate variability, and anthropogenic influences, examining
both flooding and wildfire impacts, and assesses wetland resilience.

The introduction of the UC Berkeley Random Walk Algorithm WaterMask from CYGNSS
(Berkeley-RWAWC) marks a significant advancement in remote sensing-based inundation
products, providing a quasi-global view of surface water dynamics beneath dense vegetation
and persistent cloud cover. This work enhances our understanding of seasonal and interan-
nual variability in tropical hydrology, offering new perspectives on these critical ecosystems.
Furthermore, by refining the temporal resolution to capture daily water dynamics, this re-
search addresses the urgent need for timely data to manage increasingly frequent and extreme
hydroclimatic events.

The data-driven methodology developed in Chapters 2 and 3 intentionally minimizes the use
of ancillary data, relying solely on GNSS-R-derived information to independently explore
its capabilities. By focusing exclusively on GNSS-R data, we gain a clearer understanding
of its characteristics and performance, which lays the groundwork for its integration with
other datasets. This approach highlights the potential of GNSS-R as a powerful tool for
monitoring water dynamics. As we advance, combining GNSS-R with other data sources
promises to enhance our ability to monitor and analyze hydrological changes, offering signif-
icant opportunities for improving global water management in the face of climate change.

There are two major directions I find particularly interesting and worth further exploration.
First, given that CYGNSS is an ongoing satellite mission with dynamic trajectory, fluctua-
tions in the density and quality of data acquisition are expected as the mission progresses.
These variations occur across different latitudes and longitudes, impacting data availabil-
ity. It will be valuable to investigate data density further to optimize our capabilities in
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using CYGNSS data, as well as data from other ongoing and upcoming GNSS-R missions.
Understanding these patterns can inform strategies for maximizing data utility.

Secondly, integrating GNSS-R data with other complementary datasets could provide a
more holistic understanding of hydrological processes. I envision this integration focusing
on both deep learning and hydrological modeling aspects. On the deep learning front,using
architectures such as Convolutional Neural Networks (CNNs), Transformers, and Long Short-
Term Memory (LSTM) networks, GNSS-R data can be integrated with higher-resolution
datasets like optical and SAR data to enhance water mapping. This approach can help
identify areas likely to contain water that may not be visible due to the limitations of
individual datasets. Deep learning algorithms can learn from GNSS-R information to detect
subtle patterns, improving the accuracy of water detection and mapping. On the hydrological
modeling side, leveraging GNSS-R data points alongside established river routing frameworks
can provide a near-real-time view of inundation status. By integrating these data points
into models, we can simulate and predict water movement more effectively. Techniques
such as Monte Carlo simulations can be used to account for uncertainties and variations in
hydrological processes, offering predictions of flooding and water distribution from a physical
perspective.

In focusing on the Pantanal, the world’s largest tropical wetland, Chapter 4 highlights the
complex interactions between fire regimes and wetland refilling patterns, elucidating the
impact of frequent mega wildfires on these ecosystems. The use of Density-Based Spa-
tial Clustering of Applications with Noise (DBSCAN) and multi-object tracking algorithms
demonstrates the potential for advanced computational techniques to uncover patterns in
fire dynamics.

There are many opportunities to build upon the current explorations. Further research could
delve into the influence of varying climatic conditions on fire behavior and wetland recovery
processes. As highlighted at the beginning of Chapter 4, exploring the extent to which
fire events are initiated or exacerbated by climate variability, such as extreme temperatures
and drought conditions, is crucial. This can be further examined by integrating observed
fire patterns with additional environmental data, such as soil moisture, vegetation health
indices, and drought indices.

A more detailed study of fire behavior characterization is also warranted, focusing on quan-
tifying the differences between continuous low-intensity fires and rapid extensive fires. This
involves analyzing the effects of both climatic conditions and human activities on fire dy-
namics. Additionally, examining land cover types within detected fire regimes can yield
deeper insights into fire characteristics. Understanding whether fire events are confined to
homogeneous land types or span multiple landscapes can help identify vulnerable areas and
inform management practices.
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The hydrological response to fires presents another intriguing research direction, particularly
in understanding the dynamics of various inundation categories. By categorizing different
types of inundation, such as static water bodies and rainfall-driven inundation, we can an-
alyze how these factors interact with fire dynamics. This approach could help identify key
ecological thresholds where changes in inundation lead to shifts in fire behavior, illuminating
the role of hydrological conditions in shaping fire regimes. Moreover, the current analysis
focuses primarily on long-term hydrological responses, whereas short-term responses could
be better understood through high-resolution temporal data, as presented in Chapter 3, to
capture more dynamic hydrological events.

Overall, this work contributes to the growing body of knowledge on wetland dynamics, em-
phasizing the need for innovative monitoring solutions that integrate remote sensing tech-
nologies with robust computer vision algorithms. By providing insights into hydrological and
fire dynamics, this research supports the investigation of wetlands in the context of climate
change and human activities.

Through this research journey, I have gained a deep appreciation for the complexity and
resilience of wetland ecosystems. This work reflects my passion for advancing environmental
science and underscores my commitment to developing practical solutions for some of the
most pressing ecological challenges of our time. I am hopeful that these findings will inspire
further research and action to preserve these vital ecosystems for future generations.
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[103] G. Blöschl et al. “Changing climate both increases and decreases European river
floods”. In: Nature 573.7772 (Sept. 2019), pp. 108–111. issn: 1476-4687. doi: 10.10
38/s41586-019-1495-6. url: https://www.nature.com/articles/s41586-019-1
495-6.

[104] H. Du et al. “Precipitation From Persistent Extremes is Increasing in Most Regions
and Globally”. In: Geophysical Research Letters 46.11 (2019), pp. 6041–6049. issn:
1944-8007. doi: 10.1029/2019GL081898. url: https://onlinelibrary.wiley.com
/doi/abs/10.1029/2019GL081898.



BIBLIOGRAPHY 84

[105] S. M. Papalexiou and A. Montanari. “Global and Regional Increase of Precipita-
tion Extremes Under Global Warming”. In: Water Resources Research 55.6 (2019),
pp. 4901–4914. issn: 1944-7973. doi: 10.1029/2018WR024067. url: https://onlin
elibrary.wiley.com/doi/abs/10.1029/2018WR024067.

[106] C. Brown et al. “Hydroclimate risk to economic growth in sub-Saharan Africa”. In:
Climatic Change 106.4 (June 1, 2011), pp. 621–647. issn: 1573-1480. doi: 10.1007
/s10584-010-9956-9. url: https://doi.org/10.1007/s10584-010-9956-9.
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