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7 Abstract

18 Continuous, high-resolution inundation data are needed to understand how small-scale,
19 short-term wetland flooding influences global methane emissions and carbon cycling. Small
20 (<1,000 m?), variably inundated wetlands are significant methane sources, yet coarse satellite
21 products often miss their dynamics. Integrating optical and radar imagery with resolutions
2 <30 m offers a solution over single sensor approaches, but two needs remain: (1) understanding
23 the relative strengths and limitations of different sensors for detecting inundation in vegetated
2 wetlands, and (2) developing methods that leverage these sensor characteristics to transform
25 sparse, irregular classification maps with different resolutions into complete, consistent cover-
2 age. To address this, we first evaluated sensors by classifying inundation from 2017 to 2022
27 across a wetland area in eastern North Carolina using Sentinel-1, Sentinel-2, and PlanetScope
28 imagery. We used tree-based machine learning models to classify pixels as Dry Land, Inun-
29 dated Vegetation, or Open Water and compared maps of inundation frequency produced by
30 each model. Sentinel-2 random forest achieved the highest accuracy (94.9%) followed by Plan-
a1 etScope (92.6%) and Sentinel-1 (85.9%) models. Next, we introduce a fusion framework based
32 on Fixed-Rank Kriging, a spatiotemporal statistical model, to fuse binary classification maps
33 into daily inundation probabilities at 6 m resolution. The fused approach balanced individual
34 sensor variability and detected short-term inundation fluctuations missed by the Landsat Dy-
35 namic Surface Water Extent, a widely used satellite-derived data product. By characterizing
36 sensor performance and translating that information into a multi-sensor fusion approach, this
37 work enables high-resolution, continuous monitoring of inundation dynamics vital to predicting
38 wetland methane emissions.

» 1 Introduction

w0 Hydrology strongly influences biogeochemistry, particularly in low-lying coastal plains, where drastic
o changes in inundated areas can occur over short time scales. Wetlands play a fundamental role in

« regulating interactions between the terrestrial water and carbon cycles, which are highly sensitive
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to global change [1]. However, increasing water levels and more frequent flooding can disrupt this
balance and transform wetlands from carbon sinks to sources as inundation reduces oxygen avail-
ability and stimulates decomposition, leading to increased production of methane (CHy), a potent
greenhouse gas [2-4]. Wetlands are the largest natural source of CHy, yet quantifying their emissions
remains challenging due to highly variable inundation patterns, ranging from permanently flooded,
low-relief zones to areas of short-term precipitation-induced pluvial flooding [5]. Discrepancies in
the total area of inundation arising from inconsistent and often low-resolution (> 100 m, annual)
inundation datasets, contribute to one-third of the unresolved uncertainty in global methane emis-
sions estimates [6]. As a result, our ability to estimate methane fluxes is limited by the spatial and
temporal resolution of in situ, modeled, and remotely sensed inundation data [7-10].

Using remotely sensed data to generate wetland inundation extents is an ongoing area of research
[8, 10-13]. The public release of satellite data archives, combined with advances in data storage
and high-performance computing, has spurred the development of satellite-derived surface water
and wetland products at moderate resolutions (30 m to 100 m) on decadal time scales [14, 15].
For example, the Global Surface Water Explorer [16] and Dynamic Surface Water Extent [17, 18]
products generally focus on open surface water. However, [18] improved vegetated water detection in
wetlands with the DSWE product using spectral mixture models. Even so, both products struggle
to detect small inundated areas (<1,000 m?) lasting less than the average 8-16 day revisit rate
provided by Landsat satellites. Similarly, the Wetland Area and Dynamics for Methane Modeling
(WAD2M) product has greatly improved our ability to model seasonal and interannual variations
in wetland areas at a global scale by combining multiple heterogeneous datasets [11]; yet, its 25 km
spatial resolution excludes variations in small inundated areas. To overcome challenges associated
with spatial resolution, the influx of commercial CubeSats such as the PlanetScope constellation
launched by Planet Labs has provided new catalogs of temporally dense (i.e., near daily) and high-
resolution (i.e., 3 m) images suitable for monitoring dynamic surface water on Earth [8, 19-21].
However, challenges persist in using CubeSats alone to monitor inundation across long time series
due to their limited spectral resolution (particularly the absence of SWIR bands) and variable
radiometric performance across sensors [8, 19].

Small-scale, short-term inundation dynamics can be better monitored by leveraging multi-sensor
satellite methods to enhance the temporal density of observations. The increased frequency of images
from harmonized datasets such as the Harmonized Landsat Sentinel (HLS) catalog [22] has been used
to map large-scale ephemeral flood events using Landsat and Sentinel-2 (A/B) satellite missions [23].
Additionally, data collections that draw on commercial and public imagery, such as Planet Lab’s
Fusion product, can leverage the spatial resolution of CubeSats while calibrating and filling in gaps
using publicly available imagery to achieve high spatial and temporal consistency to monitor dynamic
surface water [24]. However, using optical sensors alone would likely underestimate inundation during
storm events that trigger persistent cloud cover. Synthetic Aperture Radar (SAR) imagery, such
as from the European Space Agency’s (ESA) Sentinel-1 constellation at 10 m spatial resolution
and 6-12 day revisit period, provides the ability to penetrate cloud cover and has been successfully
applied in previous works, often in combination with optical data [13, 25, 26]. Although L-band

SAR data are preferred for forested wetlands due to their ability to penetrate dense canopies, C-
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band SAR sensors have shown some success in identifying inundated vegetation in areas with sparse,
non-woody vegetation canopies [13, 27, 28] and at the time of writing, Sentinel-1 provides data at a
higher spatial resolution and more consistent, global coverage than available L-band sensors.

There are many techniques for fusing data from various satellite sensors to monitor environmental
changes [29, 30]. A key challenge, especially for water-related applications, is the integration of active
(SAR) and passive (optical) data. Fusion methods attempting to combine these two sources can be
classified into three categories: pixel level, feature level, and decision level [31]. Pixel-level fusion is
where raw image values are fused at the pixel level using a specified fusion rule, a full review of which
can be found in [32]. Recent advances in deep learning have focused on feature-level fusion, where
features such as edges and texture are extracted from images from different sensors to produce a
combined feature map for classification [31, 33]. For the sake of computational efficiency and because
our training data is limited, our work focuses on decision-level fusion, where individual images are
pre-processed, classified separately, and the resulting classified maps are combined [31]. Examples of
post-classification fusion methods for remote sensing applications include the use of expert decision
rules [34], fuzzy logic [35], Bayesian methods [36], master classifiers [37], and majority voting [38].
However, many of these approaches focus on blending images without taking into consideration the
strength of individual sensors, estimating output uncertainty, or predicting how classifications might
vary across unobserved times or locations.

Spatiotemporal statistical models can help us track how a process changes over space and time by
considering spatial and temporal autocorrelation while allowing us to integrate data from different
sources. These models have been applied in remote sensing data fusion to predict tropical ocean
surface winds [39-41], global COz concentrations [42, 43], and aerosol optical depths [44, 45]. Many
of these studies use the Spatial or Spatiotemporal Random Effects Model (SRE), which represents
the process of interest across space as a linear combination of fixed basis functions with spatially
correlated random effects [45, 46]. A widely used low-rank implementation (reduced dimension) of
the SRE model, specifically designed for large data sets such as those in remote sensing, is known as
Fixed-Rank Kriging (FRK) [46]. In addition to modeling processes with improved scalability, FRK
can fill gaps in satellite observations, provide uncertainty quantification through prediction intervals,
and incorporate sensor-specific measurement error.

This study addresses two critical needs: (1) understanding the relative strengths and limitations
of different sensors for detecting inundation in vegetated wetlands, environments whose spectral
complexity often make them difficult to map, and (2) developing methods that leverage these sensor
characteristics to transform sparse, irregular binary classification maps with varying resolutions into
complete, consistent coverage. To accomplish this, we employed a two-step approach. First, we used
machine learning models (random forest and extreme gradient boosting) to classify inundation across
five years using Sentinel-1, Sentinel-2, and PlanetScope imagery, then evaluated the accuracy of each
individual sensor. Second, we selected three key areas within our study region and implemented a
data fusion framework using FRK to combine heterogeneous, binary classification maps into daily
predictions of inundation probability at 6 m resolution. We selected 6 m resolution to balance
high-resolution mapping requirements with computational feasibility. We then evaluated both the

individual sensor maps and fused predictions using in-situ water table depth (WTD), precipitation,
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and lake elevation data collected from two eddy covariance flux tower sites and a nearby USGS
gauge station, comparing total inundated area, timing, and spatial patterns. Finally, we compared
our fusion approach results to the Landsat Dynamic Surface Water Extent product to benchmark

our performance against an operational data product.

2 Study Area

Our study area is a 5,778 km? area of the Albemarle-Pamlico Peninsula containing the Alligator
National Wildlife Refuge (Fig. 1). The peninsula is buffered by a network of barrier islands off
the coast of the Atlantic and is surrounded by the Albemarle-Pamlico estuarine system, the second
largest estuary in North America [47]. The climate in this area is considered humid subtropical with
a mean annual temperature of 17.9°C and mean annual precipitation of 1,496 mm/yr from 2013-2023
[48]. Nearly half of the study area is less than 1 m above mean sea level, further exacerbating the
vulnerability of this area to sea level rise and tropical storm surges [47]. Portions of the area have
also been drained for agriculture and forestry, resulting in a complex network of artificial ditches and
canals throughout the landscape [49]. Hydrology in this area is primarily influenced by precipitation,
artificial drainage manipulation, and low-relief geomorphic features. These features create a distinct
hummock and hollow microtopography, where the bases of trees are often above the water table. At
the same time, low-lying areas remain inundated for more than 70% of the year [47, 50, 51]. Most
soils are poorly drained mucks with high organic carbon content at the surface, and the vegetation
consists of mixed hardwood swamp forest in addition to emergent herbaceous vegetation and mosses
[51]. According to the U.S. Fish and Wildlife Services’ National Wetland Inventory (NWI), nearly
half the study area is classified as wetland, 75% of which have seasonal or temporarily inundated

water regime classifications [52].
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Figure 1: Map of the study area showing land cover classes from the 2019 National Land Cover
Database [53], in-situ data points, and insets highlighting spatial extents where the fusion method is
applied. The lower-right inset shows the study area’s location within North Carolina and surrounding
states.

3 Methods

3.1 Data Pre-Processing
3.1.1 Sentinel-1

We downloaded and processed 286 Sentinel-1 scenes intersecting the study area from January 2017 to
December 2021 using Google Earth Engine (GEE). We began by obtaining Sentinel-1 Ground Range
Detected (GRD) scenes, including VV and VH backscatter. We limited our query to images col-
lected in interferometric wide and ascending swath mode (no descending available for this location)
at 10 m resolution. The data was preprocessed automatically in GEE using tools from the European
Space Agency’s Sentinel-1 Toolbox (“https://github.com/senbox-orgz”). The GRD scenes are first
processed to backscatter coefficient (c°) in decibels (dB) and delivered as log-scaled (10*log100°).
Next, the following pre-processing steps are implemented: (1) application of an orbit file for in-
creased geometric accuracy, (2) the removal of low-intensity noise and invalid data on scene borders,
(3) the removal of thermal noise to reduce discontinuities between sub-swaths, (4) radiometric cal-

ibration to backscatter intensity using sensor calibration parameters in the GRD metadata, and
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(5) orthorectification to align ground range geometry to the terrain using a digital elevation model
(DEM) from the Shuttle Radar Topography Mission (SRTM). Next, we implemented the Analysis-
Ready Data method provided by [54] to apply additional border noise correction, speckle filtering
using a multi-temporal Refined Lee filter [55], and enhanced radiometric terrain normalization. The

pre-processed data were then downloaded locally for further analysis outside of GEE.

3.1.2 Sentinel-2

We downloaded all Sentinel-2 top-of-atmosphere reflectance images (L1C) between January 2017
and December 2021 that intersected the study area boundary and had < 70% cloud cover, resulting
in 342 images. Batch conversion of the L1C images to L2A surface reflectance was done using the
Sen2Cor software application, v2.9 [56]. Terrain correction was applied using an SRTM DEM for
the study area. For cloud masking, we used the Sentinel-2 cloud probability dataset from GEE,
which was created using the s2cloudless algorithm [57]. We applied strict filtering where pixels with
cloud probability > 30% were excluded. Cloud shadows were masked using the Sentinel-2 L2A Scene
Classification Map, where any pixel falling in the ‘Cloud Shadows’ category was excluded. While
snow is somewhat rare in eastern North Carolina, it can still occur, therefore, pixels that had a snow

probability > 30% were also masked based on the snow probability band output by Sen2Cor.

3.1.3 PlanetScope

We downloaded 4 band PlanetScope images for dates within the January 2017-December 2021 time
period for which we did not already have a Sentinel-1 or Sentinel-2 image available. This gap-filling
querying procedure was done to reflect typical budgetary constraints for operational monitoring
systems and to demonstrate how to effectively leverage commercial data while minimizing overall
data acquisition costs. PlanetScope data was queried to only download imagery with < 40% cloud
cover, resulting in a total of 8,335 PlanetScope images across 531 unique dates. We used Planet’s
harmonization tool to radiometrically harmonize the PlanetScope imagery to Sentinel-2 and to
correct for differing spectral responses and bidirectional reflectance effects [8, 19, 58]. The Usable
Data Mask (UDM2) of each image was used to retain only those pixels classified as ‘1 - Clear’ [59]

and to remove any cloudy pixels.

3.2 Machine Learning Classification
3.2.1 Training & Validation

Eight different image dates were selected that had good visibility (low cloud cover) and close tempo-
ral proximity (<4 days) between the Sentinel-1, Sentinel-2, and PlanetScope image dates to generate
training data from (Table 1). These dates were chosen to capture seasonal and interannual vari-
ability. Areas of Dry Land, Inundated Vegetation, and Open Water were identified by manually
delineating and selecting polygon-based sampling regions that were representative of each type,
guided by the ESA WorldCover dataset, NWI dataset (Fig. A.11 in Supplementary Material), and

visual interpretation of high-resolution (3 m) PlanetScope imagery. Water was divided into Open
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Water and Inundated Vegetation to account for the distinct spectral characteristics of water mixed
with vegetation, enabling more accurate classification. Sampling regions were non-overlapping across
image dates and were strategically delineated to ensure broad spatial representation of the study
area so that our models weren’t overfitting to specific areas in the study region but rather learning a
broad range of possible pixels. We then performed stratified random sampling within the delineated
sampling regions to reflect the relative class distributions observed in the study area based on the
2021 National Land Cover Dataset [53], targeting 50% for Dry Land, 30% for Inundated Vegetation,
and 20% for Open Water. We had a final total of 976,000 training pixels across the three sensors

used for training our models (Table 1).

Table 1: Dates of Sentinel-1, Sentinel-2, and PlanetScope image trios used to generate training points
(top). The bottom portion of the table reports the number of pixels used to train each model.

Sentinel-1 Sentinel-2 PlanetScope

10/01/2017  10/03/2017  10/05/2017
11/30/2017  11/27/2017  11/27/2017
01/29/2018  01/26/2018  01/26/2018
10/14/2018  10/13/2018  10/13/2018
04/30/2019  05/01/2019  05/01/2019
08/28/2019  08/29/2019  08/29/2019
03/02/2020  03/01/2020  03/01/2020
12/08/2020  12/06/2020  12/06/2020

Number of Training Pixels

105,600 102,400 768,000

A stratified, random probability sampling design is used to generate validation data following
best practices and recommendations outlined in [60] and [61]. Validation data were derived from
four trios of image dates that were excluded from model training (Table 2). These image dates were
selected to represent different times of year, provide broad spatial coverage (>85%) with minimal
cloud cover across images, and maintain close temporal alignment (<3 days) of Sentinel-1, Sentinel-
2, and PlanetScope acquisitions. By selecting images not used to create the training set, we ensured
full independence and separation between the training and validation data sets. Validation points
(n=500) were randomly generated across the entire study area for each of the four dates. Each
point was manually classified as Dry Land, Inundated Vegetation, or Open Water based on visual
cues by a single interpreter using the PlanetScope image at its native 3 m resolution as the reference
image. Sentinel-2 SWIR false color composites (using bands B12, B8A, B04), NWI water regime, and
Google Earth imagery were used as ancillary data as needed. We implemented a stratified sampling
strategy that reflected the expected class distributions of our study area, requiring a minimum of
20% representation for both Open Water and Inundated Vegetation classes. Random sampling was
extended beyond n = 500 as needed to meet the required class proportions. As a result, each satellite
image date had 300 Dry Land points, 200 Inundated Vegetation points, and 200 Open Water points

to use for validation, resulting in a total of 2,000 validation points for each sensor.
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Table 2: Dates of Sentinel-1, Sentinel-2, and PlanetScope image trios used to generate validation
points based on the corresponding PlanetScope reference imagery (top). The bottom portion of the
table reports the total number of validation points used to evaluate each sensor or product.

Sentinel-1  Sentinel-2 PlanetScope
04/11/2018 04/11/2018 04/11/2018
06/29/2019 06/30/2019  06/30/2019
11/14/2020 11/16/2020  11/17/2020
01/13/2021 01/15/2021 01/15/2021
Number of Validation Pixels

2,000 2,000 2,000

3.2.2 Predictor Variables

We trained individual models for each sensor and assessed the sensitivity of our choice in ML
algorithm by testing both Random Forest (RF) [62] and Extreme Gradient Boosting (XGB) ensemble
decision-tree methods [63], resulting in a total of six models. Deep learning has shown in recent
years to match or outperform decision tree methods, but the limited and costly generation of training
data led us to test methods that could capitalize on a small amount of pixel-based training data
and were robust in the literature for these specific sensors. All input features used in the models
are listed in Table 3. For the Sentinel-1 model, both VV and VH backscatter (speckle-filtered)
were used, as was a mix of VV and VH combinations (‘'VV + VH’, ‘VV-VH’, ‘VH/VV’, ‘VV/(VV
+ VH)’, ‘VH/(VV + VH)’) following the Sentinel-1 variables considered in [26] that were shown
to improve mapping of inundated vegetation. For the Sentinel-2 model, all spectral bands were
used in addition to brightness, the Normalized Difference Vegetation Index (NDVI) [64], Normalized
Difference Wetness Index (NDWI) [65], Modified Normalized Difference Wetness Index (mNDWT)
[66], Automated Water Extraction Index (AWEIsh & AWEInsh) [67], and 3-Band (BU3) [68] spectral
indices. We also included an annual BU3 index to our Sentinel-1 and Sentinel-2 models following
the success [26] had by including this feature. For the PlanetScope model, we included all spectral
bands, brightness, and NDWI [65].

For all models, slope and topographic wetness index [69] were included and derived based on
0.95 m resolution Digital Elevation Models (DEM) downloaded from North Carolina Spatial Data
Download (https://sdd.nc.gov/). The terrain-derived features were calculated based on the DEM’s
native resolution and then resampled using the nearest neighbors resampling method to match
each sensor’s native resolution. Since inundation in our site is known to be heavily driven by
precipitation events, we included 7- and 30-day accumulated precipitation from 1 kmm DAYMET
[70] data to capture precipitation events and antecedent wetness. These data were also resampled
to each sensor’s native resolution using the nearest neighbors method. Percent canopy cover was
downloaded from the U.S. Forest Service [71], resampled using the same method, and included as a
feature to help the models distinguish between the Open Water and Inundated Vegetation classes.
All models also included the mean of each feature within a 3 x 3 window to add spatial context,

a method previously shown to be useful in flood mapping [23, 72]. Precipitation and canopy cover
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features were excluded from the moving window transformation, as they were already at a resolution

coarser than each sensor’s resolution.

Table 3: Input features used in each classification model. An asterisk (*) denotes that a 3 x 3 local
mean of this feature was also used as a predictor.

Sentinel-1 Sentinel-2 PlanetScope
VV* Red* Red*
VH* Green* Green*
VV+VH* Blue* Blue*
VV-VH* NDVTI* NDVI*
VH/VV* NDWTI* NDWTI*
VV/(VV4+VH)*  AWEInsh* NIR*
VH/(VV+VH)* AWEIsh* Slope*
Slope* NIR* TWI*
TWI* SWIR1* 7-Day Precip.
BU3 Annual SWIR2* 30-Day Precip.
7-Day Precip. Brightness* Canopy Cover
30-Day Precip. Slope*
Canopy Cover TWI*
BU3
BU3 Annual

7-Day Precip.
30-Day Precip.
Canopy Cover

Models were trained using scikit-learn [73], XGBoost [63], and Dask [74] Python libraries on
North Carolina State University’s high-performance computing cluster. These models were tuned,
trained, and evaluated using each sensor’s training and validation sets. For detailed information
on tuning, see the Supplementary Material (Table A.8). To assess accuracy, we quantified user’s
accuracy (omission error), producer’s accuracy (omission error), and overall accuracy metrics in
addition to the proportion of area mapped and total area mapped for each of the three classes
following best practices outlined in [60]. Given the primary objective of mapping surface inundation
as accurately as possible, we also computed accuracy metrics using a binary classification that
grouped Open Water and Inundated Vegetation together into a single Surface Inundation class.
Confusion between these classes is common, as heavily inundated areas may resemble Open Water.
Therefore, both multiclass and binary metrics were calculated and analyzed across sensors. For each
sensor, we selected either RF or XGB based on the highest reported accuracy for the binary Surface

Inundation class and used that model to predict for each pixel across all five years.

3.3 Data Fusion

After generating classified maps using machine learning, we implemented a data fusion approach
using FRK [46]. FRK combines all available inundation maps to estimate inundation at every
location and time, filling in gaps where no sensor observed and providing a probability of inundation

rather than a single 0/1 label. Time series of binary inundation maps from Sentinel-1, Sentinel-2, and
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PlanetScope, each on its native grid and acquisition dates, served as inputs, with each pixel classified
as 0 (Dry) or 1 (Surface Inundation). These inputs form sparse, irregularly spaced observations of
inundation at different resolutions. Using the FRK model, we produced spatially and temporally
complete time series of inundation maps on a uniform 6 m grid as output, assigning each pixel an
inundation probability and associated uncertainty quantified through prediction interval width. In
the following, we describe in detail how the FRK model is used within our machine learning-data

fusion framework (Fig. 2).

Figure 2: Workflow for the machine learning—based data fusion framework used in this study. Satel-
lite imagery is first pre-processed, then classified using machine learning models, and the resulting
inundation maps are used as inputs to the FRK data fusion model.

3.3.1 FRK Model Specification and Assumptions

FRK is uniquely suited for our problem because it accommodates multiple spatial supports (varying
sensor resolutions) and is formulated to be computationally efficient with massive datasets by using a
class of non-stationary covariance functions defined using a fixed set of basis functions. FRK models
the conditional mean of the data as a transformation of a latent spatial process through a low-rank
SRE model [46]. For our specific application, this framework operates under the assumptions that 1)
the process generating our inundation observations is the same (i.e. inundation across satellite sen-
sors is generated as a function of climate and topographic variables), 2) the observations based on the
machine learning maps constitute a Bernoulli (binary) response, and 3) inundation has dependence
across space and time. We used the FRK v2 R package (https://github.com/andrewzm/FRK) to

10
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implement this approach, and we refer the reader to [75] and [76] for further details on the method
and its implementation in the R package.

FRK assumes a discretized domain of interest composed of non-overlapping spatial units referred
to as Basic Areal Units (BAUs) [44] to accommodate the varying spatial resolutions. These units
represent the finest pixel grid at which we will make predictions with our model. For our applica-
tion, we chose a resolution of 6 m to balance between our coarsest (10 m) and highest (3 m) satellite
resolutions. A natural choice would be to model everything at the scale of the highest-resolution
data source; however, we chose a resolution that balances the need for high-resolution predictions
with the need to maintain computational efficiency. To formulate the BAUs, consider a vector of
Sentinel-2 observations Z at m pixels {By, ..., By, } for a single point in time in our defined spatial
region D (Fig. 3A). We assume each pixel in Z is an average of the true process Y (-) (Fig. 3B) plus
noise, where noise includes measurement error and any sensor bias. For example, a higher resolution
PlanetScope image (Fig. 3C) would have less noise than the coarser Sentinel-2 image (Fig. 3D) due
to the finer spatial details more closely resembling the true process Y (). Taking the vector Z of

Sentinel-2 observations as an example, these pixels are mapped to BAUs as follows:

28) = g X v fram )

seDNB

where a Sentinel-2 pixel B is made up of BAUs with locations indexed by D N B, capturing the
average of Y () indexed at s spatial location plus the measurement error term e(B) (Fig. 3E.)

The FRK v2 implementation in the FRK R package uses a spatiotemporal hierarchical model
defined on the BAU grid and performs kriging using tensor products of spatial and temporal basis
functions, allowing nearby observations in space and time to inform predictions. It is worth noting,
particularly for monitoring applications, that the temporal dependence is modeled via temporal
smoothing across all time points rather than through a filtering approach that conditions each date
only on past observations. Within this framework, we model binary inundation observations as
Bernoulli responses with a probit link to a latent process Y. We represent Y using the SRE model,
which at the BAU level decomposes into fixed effects, low-rank spatial random effects, and fine-scale

variation:

Y =Ta+ Sn+E&, (2)

where Y is the spatial process evaluated over N BAUs, T and S are known design matrices
corresponding to spatially referenced covariates and constructed basis functions, « is a vector of fixed
effects, 1 is a vector of random coefficients associated with the basis functions, and £ is a fine-scale-
variation random process. Model parameters for the fixed effects and random effects were estimated
by maximizing the observed-data likelihood using a Laplace approximation; full model specification

and estimation details for our non-Gaussian application are provided in the Supplementary Material
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Figure 3: Comparison of (A) Google Earth satellite image of the spatial domain to (B) the true
inundation process, (C) a higher resolution classification (i.e., from PlanetScope), and (D) a coarser
resolution classification (i.e., from Sentinel-1/2). (E) shows an overlay of the Sentinel-1/2 and Plan-
etScope pixel footprints (dashed) and pixel centroids (points) to the BAU prediction grid generated
using the FRK package.

(Equations 3-8) and in [76].

3.3.2 Simulation Study

We first conducted a simulation study to evaluate FRK’s applicability for fusing remotely sensed
classification maps. We generated a spatially auto-correlated process, Y, which was subsequently
used to simulate remote sensing observations of inundation, Z, from data sources consisting of
different spatial supports. Y was simulated using a Matern spatial covariance function and a first-
order autoregressive time series covariance function across a 150 m x 150 m spatial grid for 20 points
in time. A mask of potential cloud cover was also simulated using this same approach. To go from
this true process Y to binary remote sensing observations at 3 m (Z4) and 10 m (Zg), we added
Gaussian noise, split binary classes of 0 and 1 based on a mean threshold, resampled the observations
to the desired resolutions, and removed pixels that intersected the cloud cover mask. An entire day
of data was also removed to simulate a gap in satellite acquisition time. Although this represents
a simplified data stream relative to real classification maps, it provides a useful starting point for
evaluating and demonstrating FRK’s suitability for this application. We specified approximately
81 bisquare spatial basis functions and 10 bisquare temporal basis functions (scale parameter = 2),
yielding 810 spatiotemporal basis functions, which were used to fit and predict with the FRK model

on the simulated data.
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3.3.3 Implementation

After evaluating the suitability of the method through simulation, we applied it to real data across
three 6 km x 6 km subsets over one year (Fig. 1). Two of these subsets coincide with eddy covariance
flux tower sites where continuous WTD (and associated meteorological) data are available, and the
third encompasses an area with frequent inundation changes visible in satellite imagery and located
near a USGS gauge recording lake elevation. We focused the FRK application on these three subsets
rather than the entire study area because (1) they are the only locations with independent ground-
based hydrologic data suitable for evaluating the fused inundation products, and (2) daily 6 m
spatiotemporal modeling with FRK is computationally intensive at the scale of the full 5,778 km?2
domain. Thus, this implementation is intended as a pilot study demonstrating and evaluating the
method’s usability, rather than producing a data product for the entire study area.

Each subset was partitioned using a spatial-temporal moving-window approach, with 2 km x 2
km spatial windows and 21-day temporal windows, retaining the middle 10 days as predictions. To
optimize model performance and computational efficiency, we conducted a small grid search over
(1) the number of spatial basis functions, (2) the number of spatial resolutions, (3) the number of
temporal basis functions, and (4) the temporal scale. For each window, we used approximately 1,700
single-resolution bisquare spatial basis functions and 8 bisquare temporal basis functions with a scale
parameter of 4, resulting in about 14,000 spatiotemporal basis functions per subset. We chose a large
number of spatial basis functions to preserve fine-scale inundation patterns while restricting to a
single spatial resolution to keep computation manageable. Sensor-specific measurement variances
were approximated based on the classification accuracies of each machine learning model and held
constant across space and time. This allowed the relative strengths of each sensor to inform the
final prediction of inundation. Slope was included as a covariate because microtopography has been
shown to strongly influence where water accumulates in this landscape.

Using the FRK package, we predicted daily inundation probability for each BAU at 6 m reso-
lution over one year and quantified uncertainty with 90% credible intervals. The final predictions
were spatially mosaicked by computing weighted averages in overlap areas to generate a complete
prediction map for each day. We then compared the fused maps and associated time series with
individual sensor outputs and the Landsat DSWE product to assess whether fusion improves mon-
itoring of inundation dynamics. To further evaluate performance, we summarized both individual
sensor outputs and fusion maps as time series of total inundated area and compared them with
precipitation and WTD data from the US-NC2 and US-NC4 flux towers, as well as nearby stilling
pipe records. It is important to note that each in-situ measurement represents a point location,
while the satellite time series reflects broader-scale surface water patterns. This distinction is im-
portant because WTD and canal water levels can vary independently of surface water extent due
to evapotranspiration, subsurface flow, and irrigation. Despite these limitations, these records pro-
vide the only available ground-based observations and thus serve as valuable references for assessing
similarities in hydrologic dynamics.

We also compared our fusion and individual sensor results to the operational Landsat DSWE

data product to benchmark our results against an existing surface water product. The DSWE
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product provides four pixel classes at 30 m resolution: (1) Water — High Confidence, (2) Water
— Moderate Confidence, (3) Partial Surface Water — Conservative, and (4) Partial Surface Water
— Aggressive [17, 18], which we hereafter refer to as DSWE-1, DSWE-2, DSWE-3, and DSWE-4
respectively. We downloaded DSWE data for 2019 using the “Interpreted Layer With All Masks
Applied” processing layer and restricted downloads to images with <70% cloud cover, resulting in 45
images for 2019. We then compared the total inundated area mapped in 2019 by our fusion model,
the individual sensor models, and the DSWE data product by summing the inundated area over
time. To provide a baseline fusion benchmark, we also applied a simple gap-filling method where the
last observation was carried forward (LOCF). This approach was applied to the individual sensor
maps, the combined sensor maps, and the Landsat DSWE product, and the resulting interpolated

time series were compared with our FRK fusion results.

4 Results

4.1 Machine Learning
4.1.1 Model Evaluation

The results for predicting the binary classes of Surface Inundation versus Dry Land showed that RF
performed best for Sentinel-2 and PlanetScope sensors, while XGB performed the best for Sentinel-
1. For detailed comparison metrics, see the Supplementary Material (Tables A.9-A.10). These
top-performing algorithms were applied across five years of imagery (2017-2021) to produce over
1,000 classification maps (Fig. 4). We evaluated the final models for Sentinel-1, Sentinel-2, and
PlanetScope by comparing the proportion of area that was mapped (i.e. classified) as Dry Land,
Inundated Vegetation, and Open Water (Table 4-6). Of the three models, Sentinel-1 mapped the
highest proportion of Inundated Vegetation at 0.224, closely followed by Sentinel-2 and PlanetScope
models, which had mapped area proportions of 0.218 and 0.210 for Inundated Vegetation. Inter-
estingly, PlanetScope mapped the highest amount of total water (Inundated Vegetation + Open
Water) at 0.442 by detecting more Open Water area, followed by Sentinel-2 at 0.428 and Sentinel-1
at 0.425. For Open Water and Inundated Vegetation, all models produced higher user’s than pro-
ducer’s accuracies (Sentinel-1: +0.003, +0.072; Sentinel-2: +0.047, +0.075; PlanetScope: +0.134,
+0.034), indicating that most inundated areas were correctly identified, with the models exhibiting
a tendency toward under-prediction rather than over-prediction. Sentinel-1 showed the lowest ac-
curacy in detecting the Inundated Vegetation class, with user’s and producer’s accuracies of 0.677
and 0.605, respectively, while Sentinel-2 showed the highest, with accuracies of 0.896 and 0.821,
respectively. The binary accuracy metrics for these models as well as accuracy metrics by date can
be found in the Supplementary Material (Table A.11 and Fig. A.12). Feature importance analysis
can also be found in the Supplementary Material (Fig. A.13), and these results indicated that TWI,
derived from the 5 m DEM, was the most influential predictor for the Sentinel-1 XGB model. While
for Sentinel-2 and PlanetScope RF models, AWEI,;, and NIR reflectance were the most important

features, respectively.
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Figure 4: Maps showing example classifications for each sensor for a relatively dry date (top row)
and a relatively wet date (bottom row).

Table 4: Sentinel-1 error matrix of classes expressed in terms of proportion of area and total area
along with associated user’s, producer’s, and overall accuracies calculated using all available test
pixels pooled across image dates. 95% confidence intervals are shown in parentheses.

Mapped
Dry Land Open Water Inundated Vegetation Total
Reference Dry Land 0.513 0.001 0.086 0.600

Open Water 0.000 0.197 0.003 0.200
Inundated Vegetation 0.062 0.003 0.135 0.200
Total (Area Proportion) 0.575 (£0.015) 0.201 (£0.004) 0.224 (+0.016) 1.000
Total (Area in m?) 115,085 (£3,090) 40,102 (£740) 44,813 (£3,134) 200,000
User’s Accuracy: 0.856 (£0.019) 0.985 (£0.012) 0.677 (£0.052)
Producer’s Accuracy: 0.892 (£0.016) 0.982 (£0.014)  0.605 (£0.037)
Overall Accuracy: 0.846 (£0.015)
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Table 5: Sentinel-2 error matrix of classes expressed in terms of proportion of area and total area
along with associated user’s, producer’s, and overall accuracies calculated using all available test
pixels pooled across image dates. 95% confidence intervals are shown in parentheses.

Mapped
Dry Land Open Water Inundated Vegetation Total
Reference Dry Land 0.560 0.001 0.039 0.600

Open Water 0.000 0.200 0.000 0.200
Inundated Vegetation 0.012 0.009 0.179 0.200
Total (Area Proportion) 0.572 (£0.010) 0.210 (£0.005) 0.218 (£0.010) 1.000
Total (Area in m?) 114,385 (£1,1920) 41,993 (+£904) 43,622 (+2,069) 200,000
User’s Accuracy: 0.933 (+0.014) 1.00 (£0.000)  0.896 (+0.032)
Producer’s Accuracy: 0.979 (£0.008) 0.953 (£0.020) 0.821 (£0.031)
Overall Accuracy: 0.939 (£0.010)

Table 6: PlanetScope error matrix of classes expressed in terms of proportion of area and total area
along with associated user’s, producer’s, and overall accuracies calculated using all available test
pixels pooled across image dates. 95% confidence intervals are shown in parentheses. Note, that
PlanetScope pixels are smaller (higher resolution) than Sentinel-1 and Sentinel-2’s 10 m resolution;
therefore, the reported total area mapped (m?) is smaller.

Mapped
Dry Land Open Water Inundated Vegetation Total
Reference Dry Land 0.543 0.002 0.055 0.600

Open Water 0.000 0.194 0.006 0.200
Inundated Vegetation 0.016 0.036 0.148 0.200
Total (Area Proportion) 0.558 (£0.011) 0.232 (+0.009) 0.210 (+0.014) 1.000
Total (Area in m?) 10,052 (£200) 4,176 (£162) 3,772 (£245) 18,000
User’s Accuracy: 0.904 (+0.016) 0.968 (+0.019) 0.740 (+0.045)
Producer’s Accuracy: 0.972 (£0.010) 0.834 (£0.029) 0.706 (£0.037)
Overall Accuracy: 0.884 (+0.014)

4.1.2 Satellite Predicted Inundation Dynamics

We summarized inundation dynamics from 2017-2021 by computing the percentage of cloud-free ob-
servations classified as inundated for each pixel (Fig. 5). We generated both a combined multi-sensor
map and sensor-specific frequency maps, expressed as the fraction of observations labeled as either
Open Water or Inundated Vegetation. These maps highlight zones of variable inundation identified
by each sensor (Fig. 5). For example, Sentinel-1 and Sentinel-2 models map less frequent inun-
dation along coastal areas bordering the ocean compared to the PlanetScope model (Fig. 5; Inset
Y). Moreover, Sentinel-1 maps more frequent inundation in agricultural fields and open grasslands,
while Sentinel-2 and PlanetScope report inundation less often in these areas (Fig. 5; Insets X, Y).
Comparing these patterns show that Sentinel-2 and PlanetScope display similar patterns of mapped
inundation frequency across land cover types, while Sentinel-1 tends to over map inundation in crop-

lands and grasslands, further quantitative comparison of mapped inundation dynamics to different
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land cover types can be found in the Supplementary Material (Fig. A.14). Differences in spatial
resolution are also evident since the finer scale of PlanetScope captures small wetlands and ponds
often missed by coarser sensors and more clearly distinguishes boundaries between inundated and
dry land (Fig. 5 and Fig. A.15 in Supplementary Material). We also summarized total Inundated
Vegetation mapped by each sensor as a time series, using only maps with at least 80% spatial cov-
erage within a 6 km buffer around each flux tower (Fig. A.16 in Supplementary Material). Across
time, inundated vegetation estimates from Sentinel-2 and PlanetScope were closely aligned, whereas

Sentinel-1 indicated more frequent inundation with a less pronounced seasonal signal.

Figure 5: Percentage of time each pixel was classified as inundated from 2017-2021. Black indicates
pixels that rarely or never flood, while light teal indicates areas that are permanently or frequently
inundated. Insets X and Y show example areas, with inundation frequencies by sensor alongside
true-color Google Earth imagery.
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4.2 Data Fusion
4.2.1 Simulation Study

The simulation study produced synthetic inundation values across a 150 m x 150 m spatial grid
for 20 points in time (Fig. 6). Remote sensing observations were derived from these synthetic
inundation values and used to fit the FRK model with 810 basis functions, generating predictions at
6 m spatial resolution for each time point. The simulation shows how data fusion enables spatially
and temporally continuous inundation predictions, even during periods of cloud cover (Fig. 6, Row
3). FRK was shown to effectively integrate observations with different spatial supports (3 m, 10
m) (Fig. 6, Row 2), producing predictions that closely matched the true process Y (Fig. 6, Row 1).
We quantified uncertainty through the FRK package using Monte Carlo sampling to compute 90%
prediction intervals. As expected, uncertainty increased during time steps when entire scenes were
missing or partially obscured by clouds (Fig. 6, Row 4). Uncertainty also increased in areas with fine-
scale inundation dynamics and at the boundaries of common transition zones between inundated and
dry classes. Overall, our simulation shows that FRK effectively fuses non-uniform remote sensing
classification maps to produce more complete spatiotemporal estimates for monitoring inundation

dynamics.

Figure 6: Row I shows the true process Y we are interested in predicting, Row 2 shows the derived
remote sensing observations Z at 3 and 10 m spatial resolutions with clouds present, Row & shows
the resulting fusion maps depicting the probability of each pixel being inundated, and Row 4 shows
the associated uncertainty maps generated by taking the width of the 90% prediction interval.
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4.2.2 Ephemeral Changes Mapped Using Fusion

Building on our simulation study, our fusion framework successfully integrated heterogeneous obser-
vations from multiple satellite sensors, filling temporal gaps and improving detection of ephemeral
inundation between satellite overpasses. Using PlanetScope imagery, we highlight two examples
where a small area quickly transitioned from predominantly dry conditions to being inundated, with
flooding events occurring between 8/12-8/20 (left panel) and 6/17-6/21 (right panel) (Fig. 7). The
fusion model captured the progressive expansion of inundated areas with high confidence (Fig. 7,
Example A) by the time the reference imagery displayed the resulting inundation, while this event
would go undetected for days using methods that relied on a single satellite sensor. Notably, the
model maintained spatial continuity and realistic predictions even during periods of data gaps,

leveraging the spatiotemporal correlations learned from available observations.

Figure 7: Examples of short-term inundation events captured by the fusion approach. Left: Example
A, an agricultural field bordering Lake Mattamuskeet, showing the transition from dry (8/12) to
inundated (8/20) and the corresponding fusion and single-sensor classifications. Right: Example B,
a wetland near flux tower US-NC4, illustrating how the fusion model integrates differing Sentinel-1,
Sentinel-2, and PlanetScope observations between 6/17 and 6/21. Only a subset of fusion maps are
shown to conserve space.

The fusion framework also was shown to correctly account for sensor-specific measurement error
(Fig. 7, Example B). During the 6/17-6/21 flood event, coincident Sentinel-1 and Sentinel-2 obser-
vations on 6/17 provided conflicting information: Sentinel-1 indicated inundation while Sentinel-2
classified the field as dry. This discrepancy reflects a limitation we observed with our Sentinel-1

model in that it predicts saturation, rather than true inundation in many open field and agricultural
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areas. However, because Sentinel-1 exhibited lower classification accuracy than the other sensors, it
was assigned a larger measurement error and thus a lower weight in the fusion process, resulting in
only moderate inundation probabilities (~50%) rather than high-confidence predictions in the fusion
maps. When combined with the Dry Land classifications from Sentinel-2, the erroneous Sentinel-1
signal was effectively down-weighted, and subsequent observations, particularly the high-accuracy
PlanetScope classification on 6/21, quickly corrected the fused inundation probabilities toward the
true surface condition. This emphasizes the potential for systematic bias in inundation mapping
when observations from a single sensor are used, and demonstrates our fusion framework’s ability

to better balance these biases and detect ephemeral inundation changes.

4.2.3 Fusion Predicted Inundation Dynamics

Applying the fusion approach across our three subsets, we found that small-scale ponds and wetland
patches consistently had lower inundation probabilities than larger ponds, fields, and open areas,
highlighting the influence of spatial scale on predictions. We also computed, for 2019, the fraction
of days each pixel was inundated by thresholding daily inundation probabilities at 0.5, classifying
pixels with predicted probability >0.5 as Inundated and those <0.5 as Dry Land (Fig. 8). This
provides an inundation-frequency summary comparable to the maps shown in Fig. (5). From this
summary, we found that fusion subset A showed variable inundation patterns in the agricultural
fields and drainage canals along field edges. Fusion subset B also included many agricultural fields
that experienced intermittent to more prolonged inundation, with many wetland areas along the
coast experiencing semipermanent to permanent inundation dynamics. Finally, fusion subset C
showed occasional inundation in the forested southwest quadrant and more sustained inundation in
the southeast quadrant, encompassing the Dare County Range, an area modified by human activity
for military training. The agricultural field in this area was also shown to flood frequently, and
several artificial drainage canals, identifiable by their linear patterns, were shown to be regularly

inundated.
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Figure 8: Maps for fusion subsets A, B, and C (see insets in Figure 1). Left column: true-color
imagery (Google or Esri satellite basemaps). Middle column: example daily inundation probability
maps. Right column: percentage of days inundated in 2019, derived using a 50% inundation proba-
bility threshold.

Using the same fusion subsets, we calculated the total inundated area through 2019 using varying
probability thresholds to classify pixels as inundated or dry (Fig. 9). We then compared the predicted
inundated area time series with WTD, precipitation, and lake elevation measurements collected at
the flux towers and a nearby USGS gauge. In fusion subset A (Fig. 9), we observed high-level
agreement between increased inundated area mapped and higher WTD levels from January to mid-
April, and from late-October to the start of January 2020. We also observed two spikes in WTD
and precipitation in mid-June and early July. These spikes are reflected in the total inundated area
mapped produced during fusion, with the 50% threshold results going from <5 km? inundated area
mapped to >20 km? inundated area mapped for both points in time corresponding to the dates at

which an increase in WTD is observed. Moreover, between these two spikes, a gradual decrease in
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WTD is observed, which is also shown in the total inundated area mapped by fusion, which at the
50% threshold drops from a maximum of approximately 24 km? to <2 km? total area mapped before

spiking again to >20 km? in early July.

Figure 9: Summary of fusion results for subset A (Fig. 1). Top: time series of total inundated
area from the fusion approach, with colors indicating different inundation probability thresholds.
Middle: water table depth (WTD) relative to the ground surface at flux tower US-NC2. Bottom:
precipitation measured at US-NC2.

Time series for fusion subsets B and C can be found in the Supplementary Material along with
percent canopy cover maps for each subset for reference (Fig. A.17, Fig. A.18.). Fusion subset B had
the highest total mapped inundation of the three subsets. Inundation levels were generally higher
in winter (leaf-off months) and lower in summer, which was reflected in the water elevation of Lake
Mattamuskeet recorded at a nearby USGS gauge (USGS-0208458893 in Fig. 1). In fusion subset B,
we observed a spike in precipitation and WTD in early September, which was captured more subtly
in the fusion results, with the 50% threshold spiking from <30 km? to >40 km? mapped during
this same time. This spike was followed by a brief drawdown period leading into October, during
which precipitation remained minimal. Our fusion results reflect this trend, showing a corresponding
decline in total mapped inundated area with the 50% threshold going from >40 km? mapped at the
spike to <30 km? after the observed decrease in lake water levels. In fusion subset C, the flux tower
WTD data showed a more stable trend, oscillating around a mean value of approximately 0.7-1.0 m.
We observed two notable WTD increases in late June and early September. The June increase is
captured in the 30% threshold results, which go from <10 km? inundated area mapped to >25 km?,
while higher thresholds (40-90%) show only subtle increases. The September spike corresponds to a
smaller rise in our fusion results, with our 50% threshold spiking from <5 km? to >13 km?; however,

the 30% threshold mirrors the sharp late-August precipitation event, spiking from <10 km? to >35
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km? inundated area mapped. Further time series comparing fusion results to individual satellite

sensors can be found in the Supplementary Material (Fig. A.19).

4.3 Comparisons Across Methods
4.3.1 Total Inundated Area Mapped

We benchmarked the fusion model against a simple gap-filling (LOCF) fusion alternative by com-
paring 2019 total inundated area from our fusion approach to gap-filled and non-gap-filled estimates
derived from three data streams: 1) individual sensor maps, 2) multi-sensor maps, and 3) Landsat
DSWE maps. The gap-filled Sentinel-2 data stream maps 1.2 times more inundation than the re-
sults of our fusion model using a 50% threshold. Across all non—gap-filled estimates for subsets A,
B, and C, including individual sensor predictions and fusion results using thresholds from 50% to
90%, DSWE-1 mapped the smallest total inundated area (874.5 km?), whereas the fusion product
at the 50% probability threshold mapped the largest (22,694.5 km?; top left panel of Fig. 10). When
including gap-filled observations, DSWE-1 still mapped the lowest amount of inundation (6,212.9
km?) while DSWE-4 mapped the most (33,427.6 km?) (right, top panel of Fig. 10). Notably, differ-
ences between individual sensor models in both gap filled and non-gap filled approaches are shown
to differ considerably, particularly in fusion subsets A and B.

When benchmarked against the operational DSWE product, which served solely as a comparison
dataset rather than a validation reference, our fusion maps showed strong correspondence between
DSWE confidence classes and analogous inundation-probability thresholds. The fusion approach
mapped 3.7 times the inundated area of DSWE-1 at a threshold of 50%. However, when we raised
the threshold to 90%, that ratio dropped to 1.5. Similarly, DSWE-4 mapped 1.5 times more inunda-
tion than the fusion model at the 50% threshold, but using a 30% threshold produced nearly identical
results (1.02 times more). These comparisons illustrate how adjusting the fusion probability thresh-
old lets us account for different confidence levels in inundation detection. Lower thresholds capture
more potential inundation, aligning with products like DSWE-4 that prioritize high recall and in-
clude partial surface after pixels. In contrast, higher thresholds yield more conservative estimates,
similar to DSWE-1’s high-precision focus on fully inundated pixels. Notably, across subsets A, B,
and C, our fusion model always predicts more inundation than the DSWE-1 maps, even when using
a conservative 90% probability threshold. Maps showing the spatial differences in areas mapped
between our fusion approach and the DSWE dataset can be found in the Supplementary Material
(Fig. A.20).
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Figure 10: Bar plots showing the total summed inundation over 2019 across all fusion regions (top
row), and for each fusion region (bottom panels). For each location, results are shown for both raw
observations and gap-filled results.

5 Discussion

5.1 Comparing Sentinel-1, Sentinel-2, and PlanetScope Models

Accurately monitoring inundation extents at high spatial and temporal resolutions is critical for
quantifying wetland carbon dynamics, but remote sensing methods face technical challenges due to
observational gaps, sensor inconsistencies, and differences in resolutions across satellite platforms.
In evaluating the relative strengths and limitations of different sensors and models for detecting
inundation in vegetated wetlands, we identified several key findings. First, we found the performance
of the machine learning models varied by sensor type: XGB was more effective with Sentinel-1 data,
likely because its built-in regularization reduced overfitting to noisy features more common in SAR
backscatter than in optical data [63]. For the optical data sources, RF and XGB showed comparable
performance, with RF slightly outperforming XGB in most cases. However, their confidence intervals
often overlapped, suggesting the two models can be used interchangeably.

After selecting the top-performing models for each sensor and applying them across the five years

of imagery, we found that Sentinel-1 mapped substantially more inundation than the optical sensors
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in open fields and agricultural areas. This finding may indicate sensitivity to surface moisture and
saturation in our Sentinel-1 model, which may detect irrigation or wet soils rather than standing
water. Additionally, we hypothesize that the inclusion of annual Sentinel-2-derived BU3 index and
canopy cover features, while enhancing Sentinel-1’s ability to detect inundated vegetation, may also
have contributed to its tendency to over-predict inundation. Although including these features likely
caused slight overestimation, for our purposes this was preferable to underestimation. For the optical
sensors, Sentinel-2 achieved the highest accuracy for inundated vegetation detection, closely followed
by PlanetScope, highlighting the strengths of these two sensors for wetland inundation monitoring.
PlanetScope identified the highest amount of total water, yet its detection of inundated vegetation
remained consistent with the other sensors. This higher total is instead explained by the PlanetScope
model’s ability to better capture open-water features such as small ponding and narrow, intermittent
stream channels, that were omitted by the coarser-resolution sensors.

These results suggest that PlanetScope could serve as a standalone sensor for inundation mon-
itoring in scenarios without resource constraints (e.g., where budgets allow acquisition of dense
commercial satellite imagery). However, two factors highlight the value of multi-sensor integration.
First, the incorporation of terrain-derived features (e.g., Slope, TWI) likely helped compensate for
PlanetScope’s lack of SWIR bands, which are known to improve water detection accuracy. This
could be an important consideration in areas where high-resolution elevation data may not be avail-
able. Second, Sentinel-2’s superior performance in classifying inundated vegetation (user’s accuracy:
0.896 compared to PlanetScope’s 0.740) demonstrates that inclusion of SWIR-based spectral indices
enabled more accurate delineation of water in vegetated environments, which is important for wet-
land specific monitoring. Finally, although the Sentinel-1 model tends to overpredict inundation,
its value is still in its ability to acquire data under cloud cover and increase the temporal density
of observations. Moving forward, the ability for SAR data to more accurately estimate inundation,
particularly inundated vegetation, will likely be improved with the release of L-band data from the
NASA-ISRO SAR (NISAR) satellite mission [77].

5.2 Data Fusion with FRK

Statistical data fusion enhanced multi-sensor inundation monitoring by spatiotemporally interpolat-
ing observations and balancing sensor-specific biases. Our approach represents the first application
of FRK to satellite-derived binary classification maps. Unlike traditional fusion methods that typi-
cally operate on continuous raw satellite values, our framework is applied to non-Gaussian (binary)
data. The resulting daily time series of inundation probability at 6 m resolution were shown to cap-
ture hydrologic dynamics more effectively than individual sensors, particularly short-duration events
such as the two inundation pulses occurring before and after July 1st in the inundation time series
for subset A (Fig. 9), and the examples of ephemeral changes captured in June and August fusion
maps (Fig. 7). While our FRK framework introduces temporal smoothing through its spatiotem-
poral covariance structure, the model retained sufficient sensitivity to detect ephemeral inundation
events and appropriately weighted sensor contributions based on their classification accuracies.

Benchmarking against the LOCF fusion approach revealed distinct advantages of our FRK-
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based fusion framework. The LOCF method, which assigns the most recent valid observation to
data gaps, fails to account for sensor-specific biases and uncertainties. For example, using gap-filled
Sentinel-1 observations alone in subset A substantially overestimated inundation extent compared to
Sentinel-2 and PlanetScope (Fig. 10). While incorporating all three sensors in the LOCF approach
partially mitigated individual sensor biases in the total area summed, the resulting time series would
exhibit abrupt, unrealistic transitions when switching between sensors, representing artifacts of their
differing sensor biases rather than true hydrologic variability. In contrast, our data fusion framework
produced temporally smooth probability estimates by weighting observations according to their
spatiotemporal correlation structure and measurement uncertainties. In further benchmarking this
LOCF approach using the operational Landsat DSWE data product, we found that our approach
consistently mapped more inundation than DSWE-1 and DSWE-2, the most widely used classes.
Although DSWE-4 mapped more inundation than our fusion model in regions B and C, this is
likely due to partial surface water pixels in the Aggressive class overestimating inundation in areas
of dense tree cover, which is a known limitation of this DSWE class [18]. Overall, the substantial
differences between our fusion model results and DSWE-1 and DSWE-2 suggest that studies relying
on moderate-resolution surface water products for mapping wetland inundation may underestimate
total inundated area. Such studies risk oversimplifying hydrologic dynamics by assuming more static
inundation extents and missing seasonal fluctuations. This is corroborated by [78], who found that
PlanetScope Basemaps (4.77 m resolution) identify significantly more seasonal water than Landsat
DSWE, particularly for the DSWE-1 class.

In time series with inconsistent observation quality and gaps, some estimates are inherently
more uncertain than others. By using a data fusion approach and quantifying our uncertainty, this
approach provides a natural framework to propagate uncertainty into downstream models using
Monte Carlo-based methods. This represents a substantial advantage over binary classification
maps from individual sensors, which provide no inherent measure of prediction confidence. For
example, we can use the inundated data generated here to estimate carbon fluxes using process-based
or empirical models. This can be done through an ensemble approach, running a carbon model
across multiple inundation scenarios with varying classification thresholds (e.g., 10% to 90%) to
quantify the mean and variance of different emissions. Quantifying uncertainty also highlights when
and where additional data, such as purchasing high-resolution PlanetScope imagery, could improve
map accuracy. This is especially important not only for understanding carbon cycle dynamics
but for studies that monitor long-term trends and changes like sea-level rise, saltwater intrusion,
or hydrology-driven regime shifts in coastal wetland regions. More information on uncertainty
quantification of our results can be found in the Supplementary Material (Fig. A.21, Fig. A.22).

5.3 Comparison to Existing Approaches

Comparing accuracy and methods across studies is difficult because most focus on either satellite
classification or data fusion, with few incorporating both for high-resolution wetland inundation
mapping. Hondula [8] used high-resolution PlanetScope imagery to map inundation extents in

Maryland’s Delmarva Peninsula and found that it predicted an order of magnitude more inundation
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than the Global Surface Water Explorer [16], a product similar to DSWE. This aligns with our
findings that higher spatial and temporal resolution datasets capture significantly more inundation
than coarser, operational products. Vanderhoof [26] mapped open and vegetated water across the
United States using Sentinel-1 and Sentinel-2 models similar to those in our study. They found
strong agreement between sensor models for open water classifications, but weaker agreement when
including vegetated water, consistent with our findings that Sentinel-1 maps inundation comparable
to Sentinel-2 and PlanetScope in open water and river channels, but shows more discrepancies in
vegetated and agricultural areas. They also noted that using the BU3 index at an annual time
step may have limited their Sentinel-1 model’s ability to capture seasonal or episodic variability in
vegetated water, which likely contributed to similar limitations in our model.

Many studies have explored data fusion for large-scale flood mapping, including pixel-, feature-,
and decision-level techniques. For comparison, we focus on those targeting wetland dynamics. Both
[79] and [80] present variations of the STARFM fusion model for pixel-level fusion, or blending
of NDVI and NDWI, respectively, using Landsat and MODIS data. Their post-fusion classification
improved inundation mapping at higher spatial (30 m) and temporal (8-16 day) resolutions compared
to single-sensor methods. While similar to our approach in enhancing resolution and frequency,
STARFM blends the same-day coarse and fine-resolution imagery using rule-based methods and is
not applicable to binary classification maps. In contrast, our FRK-based method uses a geostatistical
model that accounts for measurement error, spatial correlation, and irregular observation spacing,
while being adaptable to non-Gaussian input data [34] also used decision-level fusion with optical
and radar data, applying expert rules post-classification in a Southeast Asian region that included
wetlands. Similar to our findings, they reported improved mapping accuracy compared to single-
sensor approaches, particularly in areas complicated by monsoons, complex topography, and dense
vegetation. However, this approach, while computationally efficient, differs from ours in that it
does not incorporate a geostatistical framework to generate complete spatiotemporal coverage and
quantify uncertainty.

Zammit-Mangion [81] provided an overview of how FRK, along with other kriging variants,
has been used to overcome data irregularities in constructing Level 3 products derived from raw
remote sensing data. They demonstrated how FRK, as a spatiotemporal interpolator, was applied
to predict column-averaged COs, highlighting its strengths in handling change-of-support issues,
providing complete coverage, and quantifying uncertainty, all of which motivated the use of FRK in
our study. Zhou [82] used FRK to fuse data from GOSAT and AIRS to predict near-surface COq,
showing that FRK improved CO; distribution over using single data sources. This supports our
findings that FRK-based fusion captured more dynamic inundation patterns and reflected certain
spikes and trends in WTD and precipitation data better than if we used an individual sensor like
Sentinel-2. Karapetsas [83] applied FRK to fuse soil survey data with Sentinel-2 imagery to predict
soil properties, noting that while Sentinel-2 data improved results, the added computational cost
was not always justified. This differs from our approach, where additional data sources were used
as observations rather than covariates, but we also recognize similar computational challenges when
using FRK.
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5.4 Limitations & Future Directions
5.4.1 Satellite Sensors & Prediction Models

Monitoring inundation in open and vegetated areas across dense, high-resolution image time se-
ries presents significant technical challenges. While all sensors achieved high accuracy, each had
limitations in capturing fine-scale inundation dynamics in forested wetlands. As stated previously,
Sentinel-1 had a tendency to over-predict inundation in saturated areas like agricultural areas and
open fields. In areas with sparse to moderate canopy cover shown in our inundation frequency maps
(Fig. 5) , Sentinel-2 and PlanetScope detected some inundation, whereas Sentinel-1 detection was
limited in areas of dense canopy cover. Future work could address this limitation by integrating with
a process-based or physics-based hydrologic model to inform sub-canopy dynamics. Integrating data
from new sensors, such as the L-band NISAR mission [77], may further improve the detection of sub-
canopy inundation—a capability that’s been previously demonstrated with ALOS PALSAR L-band
data [84-86]. Additionally, Ka-band radar from the Surface Water and Ocean Topography (SWOT)
mission [87] could enhance this modeling framework by incorporating water-level estimates, which
have been successfully predicted in the Florida Everglades wetlands using SWOT data [88]. Future
studies could also benefit from using more advanced models, such as deep learning or pre-trained
foundation models; however, more work is needed to develop training and validation data sets specif-
ically for wetlands and areas of inundated vegetation to make applying and fine-tuning these models

feasible.

5.4.2 Geostatistical Data Fusion with FRK

While FRK successfully integrated heterogeneous satellite sensors into one continuous stream of
predictions, we identified two notable limitations to consider in its application to remote sensing data.
First, unmasked clouds had a tendency to be misclassified as water and would propagate through
the spatiotemporal covariance structure, affecting neighboring predictions. This limitation was most
pronounced for Sentinel-2, where the cloud mask created using the s2cloudless algorithm (with 30%
probability threshold) occasionally failed. A stricter cloud probability threshold, improved cloud
masking, or additional outlier filters in the framework could help improve this. Second, implementing
FRK at high resolutions comes with a significant computational cost, especially when preserving fine
spatial detail at high resolution due to constructing the spatial covariance matrix in the SRE model.
While reducing the number of basis functions could speed up computation, this approach would have
produced overly smooth spatial predictions, likely obscuring the small-scale, ephemeral inundation
dynamics that were central to our analysis. To address this, we used three-week time windows and
divided each fusion region into smaller spatial sections with overlapping subset boundaries. This
required fitting separate models for each spatiotemporal subset, followed by post hoc integration
of the model outputs. This segmented modeling process deviates from the results that would have
been obtained from a single, unified model trained on the full dataset. This underscores the primary
limitation we faced in applying FRK, and likely any spatial statistical method to our dataset:
the need to balance computational efficiency with spatial resolution. Future work could explore

a variable or multi-resolution application of FRK for wetland inundation monitoring, maintaining
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high resolution in small, dynamic areas and coarser resolution in larger, more stable regions, and
could also extend the current temporally smoothing formulation to a fixed-rank filtering approach

to enable near-real-time applications [89).

6 Conclusion

With the ongoing rise in global temperatures coupled with shifts in hydrologic patterns, reducing
uncertainties associated with understanding inundation and methane feedbacks in wetland ecosys-
tems is crucial. Meeting this need requires methods to monitor inundation extent at high spatial
and temporal resolutions using multiple satellite sensors. Our work provides both a quantitative
comparison of the accuracy of different sensors and a demonstrated fusion approach to address this
gap, advancing our ability to investigate this and other key science questions related to freshwa-
ter resources, biogeochemistry, and shifting water regimes in wetland ecosystems. We found that
Sentinel-2 and PlanetScope satellites were the most accurate for detecting vegetated wetland inunda-
tion, whereas Sentinel-1 tended to overpredict inundation by responding to saturation in agricultural
fields rather than standing water. Using the FRK model, we then generated daily predictions of
inundation probability at 6 m resolution with uncertainty quantification across three fusion subsets.
Our FRK-based fusion approach captured ephemeral inundation changes, balanced sensor inconsis-
tencies, and detected substantially more inundation than DSWE’s high- and moderate-confidence
products. Although we likely still missed some inundation beneath dense canopies, this work pushes
the limits of current satellite capabilities and offers a framework for fusing heterogeneous binary
classification maps, applicable to data sources and problems beyond inundation mapping. Future
research can readily build on this framework by integrating datasets that capture sub-canopy in-
undation, enabling more accurate and higher-resolution tracking of inundation dynamics and their

implications in a changing climate.

7 Data & Code Availability

The Python and R scripts used in this study, the trained machine learning models, and the training
and validation datasets will be made available at: https://github.com/jen-abrahamson/wetland.-

hydro_ml/ concurrent with manuscript publication.
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Tuning the Machine Learning Models

Both RF and XGB were extensively tuned to find the optimal hyperparameter set for each model.
For RF, this included the maximum depth of each tree (max_depth), the number of features con-
sidered at each split (max_features), and the number of trees (n_estimators). For XGB, this
included the maximum depth of each tree (max_depth), how much each tree contributes to the final
prediction (learning rate), the minimum sum of instance weights needed to create a new split
(min_child weight), the fraction of training data used for growing each tree (subsample), the frac-
tion of features sampled for each tree (colsample_bytree), the minimum loss reduction required to

make a split (gamma), and number of trees (n_estimators). The resulting best estimators and the

range of hyperparameters tested are shown for all six trained models in Table A.8.

Table A.8: Tables showing the final, tuned hyperparameters for the machine learning models. The
column name displays the name of the hyperparameter and the range of values tested using scikit

learn’s GridSearchCV function.

RF n_estimators max_depth max_features
Models [100, 200, 300, 500] | [3, 5, 7, 10, 12] | [0.1, 0.3, 0.5, 0.7, 0.9]
Sentinel-1 500 12 0.1
Sentinel-2 500 12 0.1

PlanetScope 200 12 0.1
XGB n_estimators max_depth learning_rate
Models [100, 200, 500] 3, 5, 7, 10, 12] [0.05, 0.1, 0.15, 0.2]
Sentinel-1 100 12 0.05
Sentinel-2 200 7 0.15
PlanetScope 200 7 0.05
min_child_weight subsample colsample_bytree gamma
[1, 3, 5] [0.5, 0.7, 0.9, 1] [0.5, 0.7, 0.9, 1] [0, 2, 3, 4, 5]
1 0.5 0.5 0
3 1 0.5 5
1 1 0.5 3
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11.0.1 Spatiotemporal Hierarchical Model Used in FRK

The FRK v2 method used in the package is based on a spatiotemporal hierarchical model, which is

summarized as follows:

Zilwg, ¥ % EBF(uz,,0); j=1,.m, (3)
py=Czp, (4)

g(p) =Y, (5)

Y = Ta + Sy +&, (6)

nlv ~ Gau(0,Q™"), (7)

€log ~ Gau(0,07V) (8)

Equation 3 describes our data layer, which uses an exponential family probability distribution
for each satellite pixel classification j of the data vector Z, with dispersion parameter ¥. Since we
are dealing with binary data of either 0 = Not Inundated or 1 = Inundated, our data layer takes the
form of a binomial distribution with non-negative integers, where % is equal to 1 following Bin(1,7)
and forming a Bernoulli distribution. Next, Equation 4 uses the matrix of weights C'z to aggregate
the BAU-level process p over the observation supports (i.e., the native Sentinel-1/2 or PlanetScope
pixel grids). Building on the binary nature of our data, Equation 5 uses a link function g(-) to model
Y(:) as a transformation of the mean process, u(-), which in our case we chose to model using a
probit link function.

Equation 6 is the process model, where the latent spatial process is modeled using the SRE
model. Here, Y is the spatial process evaluated over N BAUs, T' and S are known design matrices
corresponding to spatially referenced covariates and constructed basis functions, « is a vector of
fixed effects, 1 is a vector of random coefficients associated with the basis functions, and £ is a
fine-scale-variation random process. Equations 7 and 8 place distributions on the parameters n and
&. The parameter n is modeled as a mean-zero multivariate Gaussian random vector with precision
matrix Q! and dependent on an unknown parameter vector v. Finally, the parameter & is also
modeled as a mean zero multivariate Gaussian random vector whose variance is modeled by o’?V,
where V' is a known, positive definite diagonal matrix that can be set according to fine-scale problem-
specific information; however, in the absence of these data we set V' to the identity matrix, I. The
parameters a, 1, and £ are empirically estimated by computing the observed-data log-likelihood
function along with its derivatives using a Laplace approximation via the R package TMB [90]. For

further details on model fitting and estimation procedures, please refer to [76].
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RF vs XGB Comparison: Accuracy Metrics Not Listed in Main Manuscript

The results for predicting the binary classes of Surface Inundation versus Dry Land showed that
RF performed best for Sentinel-2 and PlanetScope sensors, while XGB performed the best for the
Sentinel-1. However, the differences in accuracy metrics between the two models were generally
small and often had overlapping confidence intervals. These top-performing algorithms were applied
across five years of imagery (2017-2021) to produce over 1,000 classification maps. Tables A.8 and

A.9 below report the accuracy metrics generated from this comparison.

Table A.9: Comparison of classification accuracy metrics of RF and XGB for combined Surface
Inundation class calculated across time for Sentinel-1, Sentinel-2, and PlanetScope sensors. Top-
performing models are shown in bold font, 95% confidence intervals are shown in parentheses.

Sensor Model Overall Accuracy User’s Accuracy Producer’s Accuracy
Sentinel.1 Random Forest 0.832 (£0.016) 0.875 (+0.026) 0.749 (+0.021)
entinel-
XGBoost 0.859 (40.015) 0.865 (10.025) 0.800 (40.022)
Sentinel.2 Random Forest | 0.949 (40.010) 0.972 (£0.012) 0.907 (£0.017)
entinel-
XGBoost 0.936 (+0.011) 0.962 (+0.015) 0.888 (+0.018)
Random Forest | 0.926 (£0.011) | 0.959 (£0.015) 0.870 (£0.019)
PlanetScope
XGBoost 0.922 (+0.012) 0.948 (+0.016) 0.869 (+0.019)
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Table A.10: Tables showing the error matrix of classes for each satellite sensor expressed in terms
of proportion of area and total area, along with associated user’s, producer’s, and overall accuracies
calculated using all available validation pixels pooled across image dates. 95% confidence intervals
are shown in parentheses. These results are for multi-class classification from the RF versus XGB
model comparison. These models did not end up being used for classification.

Sentinel-1 Random Forest

Mapped
Dry Land Open Water Inundated Vegetation Total
Reference Dry Land 0.483 0.002 0.115 0.600

Open Water 0.001 0.196 0.003 0.200
Inundated Vegetation 0.066 0.022 0.112 0.200
Total (Area Proportion) 0.549 (£0.018) 0.220(+£0.009) 0.230 (£+0.018) 1.000
Total (Area in m?) 109,887 (£3,516) 44,067 (£1,773) 46,046 (£3,634) 200,000
User’s Accuracy: 0.805 (+0.021) 0.981 (+0.014)  0.558 (£0.065)
Producer’s Accuracy: 0.879 (£0.020) 0.891 (+0.034)  0.485 (£0.040)
Overall Accuracy: 0.791 (4+0.018)

Sentinel-2 XGBoost

Mapped
Dry Land Open Water Inundated Vegetation Total
Reference Dry Land 0.552 0.001 0.047 0.600

Open Water 0.000 00.200 0.000 0.200
Inundated Vegetation 0.014 0.015 0.171 0.200
Total (Area Proportion) 0.565 (+0.010) 0.216 (+£0.006)  0.219 (+0.012) 1.000
Total (Area in m?) 113,095 (£2,084) 43,176 (+1,137) 43,729 (+2,308) 200,000
User’s Accuracy: 0.919 (+0.015) 1.000 (£0.000)  0.856 (£0.037)
Producer’s Accuracy: 0.976 (40.009) 0.926 (+0.024)  0.783 (£0.033)
Overall Accuracy: 0.923 (+0.012)

PlanetScope XGBoost

Mapped
Dry Land Open Water Inundated Vegetation Total
Reference Dry Land 0.543 0.002 0.055 0.600

Open Water 0.000 0.189 0.011 0.200
Inundated Vegetation 0.019 0.041 0.139 0.200
Total (Area Proportion) 0.562 (£0.011) 0.233 (£0.010) 0.205 (£0.014) 1.000
Total (Area in m?) 10,124 (£204) 4,194 (£175) 3,681 (£253) 200,000
User’s Accuracy: 0.905 (+£0.016) 0.946 (£0.024) 0.700 (£0.046)
Producer’s Accuracy: 0.965 (+£0.010) 0.812 (£0.030) 0.680 (+0.038)
Overall Accuracy: 0.871 (+0.014)

41
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Table A.11: Tables showing the error matrix of classes for each satellite sensor expressed in terms
of proportion of area and total area along with associated user’s, producer’s, and overall accuracies
calculated using all available validation pixels pooled across image dates. 95% confidence intervals
are shown in parentheses. These results are for binary classification of Dry Land and Surface
Inundation for the final models used.

Sentinel-1
Mapped
Dry Land Surface Inundation  Total
Reference Dry Land 0.513 0.087 0.6
Surface Inundation 0.054 0.346 0.4
Total (Area Proportion) 0.568 0.432 1.0
Total (Area in m?) 113,515 (£3,058) 86,485 (+3,058)
User’s Accuracy: 0.856 (£0.019) 0.865 (£0.025)
Producer’s Accuracy: 0.905 (£0.016) 0.800 (£0.022)
Overall Accuracy: 0.859 (£0.015)
Sentinel-2
Mapped
Dry Land Surface Inundation  Total
Reference Dry Land 0.560 0.040 0.6
Surface Inundation 0.011 0.389 0.4
Total (Area Proportion) 0.571 0.429 1.0
Total (Area in m?) 114,299 (£1,910) 85,702 (1,910)
User’s Accuracy: 0.933 (£0.014) 0.972 (£0.012)
Producer’s Accuracy: 0.980 (£0.008) 0.907 (£0.017)
Overall Accuracy: 0.949 (£0.010)
PlanetScope
Mapped
Dry Land Surface Inundation  Total
Reference Dry Land 0.543 0.057 0.6
Surface Inundation 0.016 0.384 0.4
Total (Area Proportion) 0.559 0.441 1.0
Total (Area in m?) 10,062 (£203) 7,938 (£203)
User’s Accuracy: 0.904 (+0.016) 0.959 (£0.015)
Producer’s Accuracy: 0.971 (£0.010) 0.870 (£+0.019)
Overall Accuracy: 0.926 (+0.011)
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Accuracy Metrics for Individual Dates

We also evaluated model performance on individual dates, comparing results with DSWE for the
04/11/2018 and 11/17/2020 image dates (Fig. A.12). For context, the reported mean overall agree-
ment rate for DSWE to in-situ data is 0.79 [17] and the mean overall accuracy for partial surface
water pixels in DSWE is 0.77 [18]. For the two dates where DSWE validation was conducted,
our models consistently showed higher overall and producer’s accuracies than DSWE-1, DSWE-2,
DSWE-3, and DSWE-4. For user’s accuracy, the DSWE categories outperformed our sensor-based
models. DSWE-1 and DSWE-2 both achieved perfect scores (1.0) on each date, while DSWE-3
followed closely with values ranging from 0.98 to 1.0. These values reflect high precision, which
indicates they nearly always detect true surface water with few false positives. In contrast, DSWE-4
showed lower user’s accuracy (0.65-0.66) but had producer’s accuracy values (0.68-0.72) that were
more in line with those of the DSWE-1 and DSWE-2 categories. Meanwhile, DSWE-3 had producer’s
accuracy values (0.76-0.77) that more closely matched those of our individual sensor models. Our
Sentinel-2 and PlanetScope sensor models achieve similar precision as DSWE-1 and DSWE-2, while
all of our sensor models outperform all DSWE categories in recall, capturing more true inundation

events.

Figure A.12: Plots highlighting the differences in overall (left), producer’s (middle), and user’s (right)
accuracy metrics for binary classification of Dry Land versus Surface Inundation across sensors and
dates. Includes comparison to DSWE-1, DSWE-2, and DSWE-4 results on dates where a DSWE
image was available. Error bars represent the standard errors calculated for overall, producer’s and
user’s accuracies.
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Feature Importance

When comparing the feature importance of each of the models (Fig. A.13), the Sentinel-2 model’s
top 10 most important predictors did not contain any terrain-derived or precipitation variables,
suggesting this model can leverage its spectral resolution and availability of both the NIR and
SWIR wavelengths to capture inundation. In contrast, slope, TWI, and antecedent precipitation
were reported in the top 10 most important features for PlanetScope, suggesting the inclusion of
these features could aid in the lack of a SWIR band on PlanetScope’s CubeSats for improving
inundation classifications. Similarly, TWI emerged as the most important feature in the Sentinel-1
model, with slope, canopy cover, and the BU3 annual feature also ranking among the top ten. This
is consistent with findings from [26], who also identified BU3 and slope as key predictors in their

Sentinel-1 model.

Figure A.13: Bar charts depicting the top 10 most important features as determined by information
gain or mean decrease in Gini impurity for the Sentinel-1 XGB model (left), the Sentinel-2 RF model
(middle), and the PlanetScope RF model (right). Features with an asterisk (*) next to them denote
that a 3 x 3 focal mean was taken of that feature.
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ws Land Cover Analysis

Figure A.14: Histograms showing the pixel frequency of different percent inundated values obtained
from the inundation frequency maps for each sensor grouped by 2021 ESA WorldCover classifications.
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Spatial Detials Mapped

Figure A.15: Maps showing a true color Google FEarth satellite image of small farm reservoirs
(left) compared to the percent inundated map generated for Sentinel-1, Sentinel-2, and PlanetScope
models.

Satellite Predicted Time Series

To track changes in inundation over time, we summarized total Inundated Vegetation as time series
using maps with at least 80% spatial coverage within a 6 km buffer surrounding each flux tower
(Fig. A.16). This buffer size ensured consistency with the regions selected for data fusion and
allowed us to include as many observations as possible without gaps in spatial coverage limiting
the analysis. The time series of mapped inundated area for US-NC4 shows a strong seasonal trend,
increasing with precipitation and coinciding with leaf-off periods (late fall to winter). This pattern
is evident in estimates from Sentinel-2 and PlanetScope models, which show close agreement. In
contrast, the Sentinel-1 model shows a flatter trend with minimal seasonal variation, aligning more
closely with data from nearby stilling wells ARO and AR1 (Fig. 1), exhibiting a relatively stable
trend. Unlike US-NC4 which consists of moderate to dense canopy cover (Fig. A.17), the US-NC2
region is dominated by agricultural fields, wetlands, and mixed vegetation. Here, the Sentinel-1
model maps the most inundation, and its temporal dynamics align more closely with Sentinel-2 and
PlanetScope than they did at US-NC4. Unlike the consistent seasonal trend observed at US-NC4,
inundation at US-NC2 varies more sporadically, lacking a clear seasonal signal. This is also reflected
in the precipitation for this region, which experiences more frequent peaks than at US-NC4. In
addition, this area has far fewer drainage canals compared to US-NC4 which may allow inundation
to persist longer on the land surface. Although WTD data from the flux tower indicate that the
tower itself was never inundated during the study period (i.e., WTD remained below 0), there were
periods, such as the drawdown in spring 2019 and the subsequent rise in late fall, when similar

trends were observed between WTD and mapped inundation dynamics.
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Figure A.16: (A) Time series of the total area mapped as Inundated Vegetation between Sentinel-1,
Sentinel-2, and PlanetScope models in a 6 km buffer around US-NC4 flux tower. (B) Water levels
at two stilling pipes located in the study area and near the flux tower US-NC4. (C) Precipitation
measurements collected at the flux tower US-NC4. (D) Same as (4) but for US-NC2 flux tower.
(E) WTD at US-NC2 flux tower. (F) Same as (C) but for US-NC2 flux tower.
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ue Fusion Regions: Canopy Cover and Time Series

Figure A.17: Map of 2021 tree canopy cover [71] shown for each of the three fusion areas. Values
ranging from 0-1 depict the percent canopy cover predicted for that pixel at 30 m resolution.
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Figure A.18: Summary of fusion results for fusion areas A and B (see Figure 1). The top time series
for each shows the total inundated area predicted using fusion, with each color representing a different
probability threshold used to sum inundation results. For fusion area B the middle time series shows
lake water elevations for nearby Lake Mattamuskeet recorded at USGS Gauge 0208458893, while
for fusion area C' the middle time series shows WTD measurements recorded at AmeriFlux tower
US-NC4. For each area, the bottom time series shows precipitation measurements, for fusion area
B these measurements are obtained from DayMet, and for fusion area C these measurements are
obtained from the flux tower. 49
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11.1 Fusion Compared to Single Sensors and Landsat DSWE

Assessing total inundated area over time revealed that the results from our fusion model captured
more short-term inundation fluctuations (Fig. A.19). Across all three regions, the Sentinel-2-only
data stream generally matched the broader trends in the fusion results, but there are a few interesting
differences worth noting. First, in fusion region A, our fusion model captures two distinct spikes
before and after July 1st, previously shown in the flux tower GWT time series for this region, and
that Sentinel-2 alone did not detect. We also observe, particularly in region A, gaps in the Sentinel-2
time series due to cloud cover or limited data coverage, which prevented certain observations from
being included in the time series. In contrast, the fusion model results filled these gaps, producing a
continuous time series. Across all three regions, the fusion model resulted in additional inundation
peaks and dips that Sentinel-2 alone did not detect.

Our fusion model also follows the high-level trends observed in the DSWE products. In fusion
region A, our fusion model and the DSWE product results show greater inundation from March
to May, followed by a decrease in inundation from August to mid-October. In region B, the high-
level trend shows general agreement, with higher inundation in winter and lower levels in summer.
However, three of the DSWE products show a spike in late August that is either not seen or observed
at a significantly lower magnitude in the results from the fusion model. Similarly, in fusion region C,
there is some agreement between our fusion results and DSWE on short-term periods of increased
inundation, particularly for the increased levels observed in February, March, and December, but
they diverge in other periods. For instance, DSWE-4 predicts a significant increase in inundation
from April to late-May in region C, which is absent from DSWE-1, DWE-2, DSWE-3, and our fusion
results. Region C' also exhibits the largest discrepancy between the amount of inundation predicted
by DSWE-4 and our fusion model results. Among the DSWE categories, only DSWE-4 approaches
or exceeds the peak inundation levels predicted by our fusion model. While our results differ from
individual DSWE categories in magnitude and the specific events captured, they align well with
overall inundation trends when considering all categories together. This highlights both the added

value of our approach and its consistency with established products.
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Figure A.19: Fusion results compared to a single sensor (Sentinel-2) and compared to Landsat
DSWE product for fusion regions A (top), B (middle), and C' (bottom). Gray shading indicates the
results of the fusion model taking a 50% probability threshold, the top time series for each region
displays fusion versus just Sentinel-2, and the bottom time series for each region displays colored
lines indicating the results using the DSWE-1, DSWE-2, DSWE-3, and DSWE-4 categories.
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Spatial Differences Between Fusion and DSWE

To assess spatial differences, we subtracted the 2019 percent inundated map generated by our fusion
model (using a 50% probability threshold) from the corresponding DSWE-1 and DSWE-4 percent
inundated maps. The resulting difference maps highlight areas where DSWE predicted more frequent
inundation (blue), where the fusion model predicted more frequent inundation (red), and where
both approaches agreed (light yellow) (Fig. A.20 ). It is important to note that DSWE-4 likely
overestimates inundation by treating partially inundated pixels as fully inundated, whereas DSWE-
1 includes only fully inundated pixels. Compared to DSWE-1, the fusion model detects substantially
more inundation in small ponds and tidal wetlands, particularly in the southern portion of fusion
region B, likely due to the incorporation of high-resolution inputs produced using PlanetScope
data. Compared with NWI-designated water regimes (Fig. A.11), the fusion approach detects more
inundation in the Seasonally Flooded class than DSWE, especially in regions B and C. In contrast,
DSWE-4 maps slightly more inundation in Seasonally Saturated zones under dense canopy; however,
this is likely due to partial surface water pixels in the Aggressive class overestimating inundation in

areas of dense tree cover, which is a known limitation [18].

Figure A.20: Maps showing the result of taking the specified DSWE product’s percent inundated
map over 2019 (DSWE-1 in the top row and DSWE-4 in the bottom row) and subtracting the fusion
50% threshold percent inundated map from it. Red denotes our fusion results mapped more frequent
inundation, and blue denotes DSWE mapped more frequent inundation. Light yellow indicates that
both DSWE and our fusion results predicted approximately the same frequency of inundation.
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11.2 Uncertainty Across Space and Time

A key advantage of using FRK for fusion is its ability to quantify prediction uncertainty. We
evaluated this uncertainty both spatially and temporally, and across multiple scales. At the pixel
level (Fig. A.21), gaps in satellite observations were the primary driver of variability in the width
of the 90% prediction interval through time, narrowing with more inputs and widening with fewer.
Notably, the model predicted increases in probability, such as those in early April, even without direct
satellite observations indicating it was inundated. This is due to FRK’s use of spatial dependence,

where nearby inundated pixels raise the probability of inundation in a given location.

Figure A.21: Time series showing the probability of inundation and corresponding prediction interval
at the individual pixel level. Satellite classification results for that pixel are also shown where 0 =
Dry Land and 1 = Inundated. The location of the pixel is marked by the black and white square
in the maps below, where map A shows a time when the pixel was dry and map B shows a time a
month later when the pixel is inundated. These points in time are also labeled on the time series
above.
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We also analyzed uncertainty over time from a spatial perspective (Fig. A.22). As in the previous
example, uncertainty is primarily influenced by the number of observations, evident in the December
6, 2019, maps. Here, a partial satellite observation causes uncertainty to spike across the unobserved
western half of the area. Uncertainty is also spatially correlated, with higher levels observed at
boundaries and transition zones between inundated and dry areas, consistent with the results of our
simulation study. Certain regions, such as the southeastern and northeastern quadrants of fusion
area C, consistently exhibit high uncertainty (0.8 - 1.0), even when input observations are available.
Our fusion results also show a slight increase in predicted inundation probabilities from December
4th to December 5th, without any input observations. When interpreting these results, it is also
important to note that the prediction intervals are influenced by the measurement variance assigned

to each sensor, which is based on the classification accuracy of its machine learning model.

Figure A.22: Snapshots of a set of Z (PlanetScope) sensor classification observations (top row),
compared to fusion predictions of inundation, or Y (middle row), as well as uncertainty quantification
taking the 90% prediction interval (bottom row).

54



1171

1172

1173

1174

1175

1176

1177

1178

1179

1180

Overall, uncertainty in FRK predictions depends primarily on the number of input maps and
the pixel’s temporal dynamics, specifically, whether it lies near a common transition zone between
dry and inundated conditions. Other factors, such as sensor measurement variance, basis function
design, covariance structure, and model fit, can also impact uncertainty. For example, two areas
in Fig. A.22 show persistently wide prediction intervals. This result is likely due to poor model fit
caused by low observation density or noisy inputs (e.g., clouds in earlier images introducing extended
effects). Additionally, uncertainty decreased and predicted inundation increased on 2019-12-04 and
2019-12-05. This effect is due to the smoothing effect of spatiotemporal basis functions, which
propagated trends from surrounding observations (2019-12-03 and 2019-12-06) despite the lack of

new data.
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