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ABSTRACT

California’s Central Valley is increasingly vulnerable to winter floods. A comprehensive spatial baseline of flood extents is critical
for inundation analyses that can enhance future flood predictions, but cloud cover has prevented the regular observation of sur-
face water extents with optical satellite imagery. In this study, we leveraged the daily resolution of Moderate Resolution Imaging
Spectroradiometer (MODIS) satellite data to create a continuous series of monthly Dynamic Surface Water Extent (DSWEmod)
images across the Central Valley from January 2003 to January 2023. We used the timeseries to assess the climatic driving forces
of winter (Oct-April) surface water variability at sub-basin and pixel scales. At the sub-basin scale, we evaluated the influences of
winter precipitation, occurrence of atmospheric rivers, and antecedent soil moisture on monthly surface water extents and found
that the greatest correspondence occurs in mid-winter (Dec-Feb); in contrast, non-precipitation drivers such as water man-
agement play a stronger role in autumn and spring. The pixel-level analysis identified the probabilities of precipitation-driven
surface water occurrences in the Sacramento basin are highest along rivers, conveyance channels, and floodways, with higher
probabilities under wetter antecedent soil moisture conditions. Precipitation-driven surface water occurrences are also common
in leveed areas and outside flood boundaries designated by state and federal agencies where exposure of structures to inundation
was larger in terms of their value. Finally, areas with more frequent precipitation-driven flooding have poor recharge potential
but are commonly within 5km of areas classified as having good potential. This study demonstrates a novel approach for explor-
ing the utility of MODIS for understanding surface water dynamics in mid-winter, a period characterized by peak precipitation,
flood risk, and surface water extent. This information can provide valuable insights for (1) assessing flood risks for infrastructure
and populations, (2) identifying areas most suited to strategic water management investments to increase recharge, and (3) ana-
lyzing precipitation thresholds that trigger flooding to allow proactive water management strategies to minimize damage and
maximize recharge.
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1 | Introduction

Characterization and prediction of flood inundation are crit-
ical science needs for emergency response, flood hazard, and
water management planning. Satellite-based monitoring of
surface water extents for this purpose has been conducted for
several years through programs such as the NASA Global Flood
Mapping System (Policelli et al. 2017), but the ability to readily
process and analyze entire collections of imagery to characterize
spatial and temporal patterns of surface water dynamics in re-
lation to weather phenomena has only recently become possible
(e.g., Jones 2019; Pekel et al. 2016), expedited in part through

the use of cloud computing platforms like Google Earth Engine
(Gorelick et al. 2017).

In the Central Valley of California (Figure 1), over 1.3 million
people, $223 billion in structures, and $17 billion in agricultural
economic activity are increasingly exposed to flood risks due to
climate change and aging infrastructure (California Department
of Water Resources 2022), population growth and agricultural
land use intensification (Reiter et al. 2015), and land subsidence
resulting from groundwater extraction (Faunt et al. 2016). In
this region, flooding occurs primarily in association with win-
tertime precipitation caused by atmospheric rivers (ARs). ARs

l]edford

FIGURE 1 | Study area, including the alluvial portions of the Central Valley (thin lines) where surface water extents were analyzed, and

Sacramento, San Joaquin, and Tulare (HUC-4) contributing areas (heavier lines) within which monthly precipitation and antecedent soil moisture

values were averaged.
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are long corridors of water vapor transport that extend from
the tropics to mid-latitudes (Zhu and Newell 1998). When they
reach the coastline of California and other regions around the
world, the water vapor is uplifted by the terrain, it cools and con-
denses, and can result in heavy precipitation (Ralph et al. 2020).
Although ARs do not account for all precipitation in the region,
they are responsible for the largest magnitude floods (Dettinger
et al. 2019) and more than 95% of flood damage costs between
1978 and 2017 across the state (Corringham et al. 2019). Late
winter and springtime flooding can also occur and is com-
mon in the higher elevation catchments of the Tulare and San
Joaquin basins, where more precipitation is stored as snowpack
(Lund 2012).

A set of “Best Available Maps” that identify potential flood risks
in the Central Valley is maintained and updated regularly by the
California Department of Water Resources (DWR) (http://gis.
bam.water.ca.gov/bam/). These maps were developed through
engineering studies by the Federal Emergency Management
Agency (FEMA), US Army Corps of Engineers (USACE),
and DWR for different purposes; however, these maps do not
necessarily represent specific events or storm patterns in the
historical record (Tellman et al. 2021). Long-term records of
streamflow observations are an important indicator of flood
conditions (Walker et al. 2020) but do not comprehensively
capture spatial patterns relating to flood depth, duration, and
extents, which have greater direct relevance and impacts upon
species habitat, residential communities, and infrastructure out-
side of stream channels. Moreover, as interest in utilizing flood
waters for aquifer recharge increases (Charles 2023; Kocis and
Dahlke 2017; Reddy et al. 2017), more knowledge of the spatial
distributions of flood waters during wintertime is needed, but
long-term data quantifying this are lacking.

Several satellite-based data products have been used for surface
water extent and flood monitoring (Policelli et al. 2017), includ-
ing optical reflectance products from Landsat and Moderate
Resolution Imaging Spectroradiometer (MODIS), which have
been in operation since the years 1972 and 2000, respectively.
While the Landsat satellite is unparalleled in terms of its lengthy
historical record and moderate spatial resolution (30-m), its low
frequency of observations (~every 16days) and inability to de-
tect ground conditions in the presence of cloud cover limit its
application to assess immediate and short duration changes in
flood extents in association with precipitation events. This lim-
itation has been identified in several past studies (Heimhuber
et al. 2017; Vuolo et al. 2017; Wulder et al. 2016) and more re-
cently in Walker et al. (2020), which showed that Landsat's
ability to detect surface water dynamics during wintertime
in California is limited due to a lack of cloud-free images. In
contrast to Landsat, the daily observation frequency of MODIS
products greatly increases the odds of capturing changes in
surface water extent caused by precipitation events (Policelli
et al. 2017), albeit at coarser spatial resolution (at least 250 m)
and with a shorter historical record (2000-2023).

The Dynamic Surface Water Extent (DSWE) model was origi-
nally developed to identify and categorize occurrences of sur-
face water using 30-m Landsat imagery. DSWE uses a composite
score approach based on spectral and terrain characteristics to
classify pixels according to the likelihood of water or wetland

presence (Jones 2019). The desire to investigate winter water
dynamics in California led to the adaptation of the DSWE al-
gorithm to map inundation across the MODIS archive based
on the hypothesis that the daily frequency of MODIS imagery
could enable the creation of cloud-free maps by compositing im-
ages collected over multiple days. This method, referred to as
DSWEmod, led to composite interval products of 5, 10, 15, and
30days (monthly) for 2003 through 2019 (Soulard et al. 2021,
2022). Results for California show that monthly DSWEmod
maps average 0.4% cloud obstruction during summer months
and increase nominally to 1.4% in winter months. The cloud-
free DSWEmod product was found to have high overall surface
water mapping accuracy in California (>92%) in an assess-
ment of the high confidence water class (HCW) in summer
months (Soulard et al. 2022). Here, we extend the application
of DSWEmod to identify its utility in increasing understanding
of the causes and consequences of precipitation-driven surface
water dynamics.

The objective of this study is to characterize the relationship of
MODIS-derived winter surface water dynamics in the Central
Valley of California with (1) weather patterns, including atmo-
spheric river landfalls and precipitation, and (2) antecedent soil
moisture conditions, which influence storm runoff and flooding
effects in this region (Cao et al. 2020; Ralph et al. 2013; Sumargo
et al. 2021). The study area includes the three large river basins
(hydrologic unit code [HUC] 4; US Geological Survey 2019);
Sacramento, San Joaquin, and Tulare-Buena Vista Lakes basins
(the latter is hereafter referred to as Tulare) that comprise the
Central Valley (Figure 1). First, we assess monthly variability in
the areal extent of surface water within the alluvial portions of
each river basin in relation to AR landfalls along the coastline as
well as precipitation totals and antecedent soil moisture condi-
tions within each basin's contributing area. Second, we identify
specific locations where surface water appearances have statis-
tically significant relationships to basin precipitation. We then
use these relationships to estimate probabilities of surface water
appearances over a range of precipitation and antecedent soil
moisture conditions. Third, we overlay our results with natu-
ral and human-built infrastructure datasets as well as National
Flood Insurance Program (NFIP) claims data to assess flood ex-
posure and floodwater management potential across the Central
Valley of California study area. To our knowledge, this is the
first study to use remote sensing to examine mid-winter surface
water dynamics in this region. Previous research omitted these
months, presumably due to a lack of cloud-free imagery (Reiter
et al. 2015; Schaffer-Smith et al. 2017). Our study thus provides
a new perspective on the location, frequency, and extent of sur-
face water inundation during wintertime flood events in the
study area and has direct relevance to flood water management
planning.

2 | Data and Methods

2.1 | Dynamic Surface Water Extent—MODIS
(DSWEmod)

The DSWE model uses spectral and terrain characteristics to
classify downscaled 250-m pixels according to water and wet-
land confidence: “high confidence water” (class 1), “moderate
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confidence water” (class 2), “partial surface water-conservative”
(class 3), “partial surface water-aggressive” (class 4), and “not
water” (class 0). (Jones 2019). In a California study using MODIS
imagery to create DSWE products, Soulard et al. (2022) reported
that “high confidence” water pixels were the most reliable indi-
cators of surface water, and the lower confidence water classes
(classes 3 and 4) included considerably more errors, such as
spectral confusion with urban areas. These errors, along with
similar findings in other DSWE investigations (Vanderhoof
et al. 2020) informed our decisions to primarily focus on “high
confidence” water pixels (hereafter, HCW; class 1) for our anal-
yses. In this study, monthly DSWE MODIS (DSWEmod) com-
posites for Jan 2003-Jan 2023 were used because the monthly
product provides the most continuous record (i.e., very little
cloud obstruction). The compositing method prioritizes higher
confidence DSWEmod classes over lower classes to maxi-
mize capture of HCW occurring during the composite period
(Soulard et al. 2022). Monthly DSWEmod and Landsat DSWE
composites are available for viewing at https://dri-apps.projects.
earthengine.app/view/dswe.

2.2 | Meteorological Data

We used the daily, 1-km resolution Western Land Data
Assimilation System dataset (WLDAS; Erlingis et al. 2021) to
characterize monthly precipitation and antecedent soil mois-
ture. This dataset was selected because of its high spatial resolu-
tion and inclusion of soil moisture and snow variables that could
be used to characterize antecedent conditions. Monthly sums of
precipitation (Rainf_f tavg) were calculated for each pixel and
then the spatial average of all pixels in each HUC-4 contribut-
ing area (refer to Figure 1) was calculated for each month. To
calculate antecedent soil moisture, the volumetric soil moisture
values for the top three soil layers (0-10, 10-40, 40-100cm) were
averaged for the first day of each month. Antecedent soil mois-
ture values were spatially averaged across the same HUC-4 ex-
tents, filtered to include late autumn, winter, and early spring
months (October to April) in 2003-2023, and binned into three
quantile groups representing dry, moderate, and wet antecedent
soil moisture within each HUC. AR landfall occurrences along
the California coastline (30°-45° latitude) during the study pe-
riod were drawn from an existing catalog of events (Gershunov
et al. 2017). ARs were classified on a scale of 1 (weak) to 5 (ex-
ceptional) using the Ralph et al. (2019) scaling system following
methods described in (Corringham et al. 2019).

2.3 | Infrastructure and Flood Boundaries Data

We obtained flood boundaries and infrastructure data from the
Best Available Maps database (https://gis.bam.water.ca.gov/
bam/; accessed June 15, 2022). Flood boundary datasets in-
clude DWR Flood Awareness, Regional Studies, USACE com-
prehensive studies, and FEMA Digital Flood Insurance Rate
Maps (DFIRM). Flood infrastructure datasets include convey-
ance channels and designated floodways. Leveed areas (i.e.,
the area of a floodplain from which flood water is excluded by
the levee system) were downloaded from the National Levee
Database (https://levees.sec.usace.army.mil/; accessed June
15, 2022). Non-flood control infrastructure included buildings

from the National Structure Inventory dataset (US Army Corps
of Engineers 2019). Finally, we included a natural infrastruc-
ture dataset, the Soil Agricultural Groundwater Banking Index
(SAGBI; O'Geen et al. 2015), in the analysis to identify oppor-
tunities for managed aquifer recharge. The SAGBI provides
estimates of groundwater recharge suitability based on soil
characteristics under natural (Unmodified) and under theo-
retical conditions of restrictive layers having been deeply tilled
(Modified).

National Flood Insurance Program claims data (Federal
Emergency Management Agency 2024) were compiled for the
period of record, following Corringham and Cayan (2019). Each
0.1° pixel in this dataset was assigned 100-year, 500-year, or
minimal flood hazard frequency based on the flood boundary
type that covered the most area in the pixel. To accomplish this,
flood boundary datasets were merged to delineate 100- and 500-
year extents based on all data sources (FEMA DFIRM, USACE,
and DWR Flood Awareness and Regional Studies), with the
highest frequency flood risk taking priority in cases where data-
sets overlapped but had different flood risk designations. Thus,
100-year boundaries (FEMA DFIRM categories A, AE, A99,
AH, AO) were given first priority, 500-year boundaries were
given next priority, and all other areas designated as minimal
flood hazard based on FEMA DFIRM were given third priority.
The merged datasets representing minimal, 100-year, and 500-
year flood boundaries were converted to raster datasets with
0.001° pixel resolution (approximately 100-m) to maintain their
spatial precision and were then overlaid with the claims data to
determine the flood hazard category that covered the most area
in the pixel.

3 | Analytical Approach

We assessed relationships between surface water extents ex-
tracted from monthly DSWEmod composites (October—-April)
and monthly precipitation variability for the Jan 2003-Jan 2023
study period at two spatial scales to (1) determine how surface
water extents change over time in relation to monthly weather
(basin scale), and (2) identify locations where surface water ap-
pearances correspond with monthly weather (pixel scale). We
then used results from the pixel-scale analysis to characterize
how occurrence probabilities of surface water appearances cor-
respond with natural and built infrastructure.

At the basin scale, we quantified the areal extents of HCW pixels
within the alluvial portions of the Sacramento, San Joaquin, and
Tulare basins of the Central Valley in each DSWEmod monthly
composite. We then quantified linear relationships between
surface water areal extents, AR landfalls along the California
coastline, and spatially averaged precipitation and anteced-
ent soil moisture metrics within each basin’s contributing area
(Figure 1; Albano et al. 2025).

For the pixel-scale analysis, we focused on identifying specific
locations where the occurrence of surface water corresponded
with increased monthly precipitation or soil moisture condi-
tions. Instead of simply looking for the presence of HCW, we
used a first-differencing approach to remove temporal autocor-
relation (Wooldridge 2012) and instead analyze transitions from
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no- or low-confidence water to moderate- or high-confidence
water in the monthly data using logistic regression analysis. We
defined a valid monthly transition as a minimum of two class
changes between the lower and higher confidence water classes
to reduce the likelihood of including spurious transitions caused
by subtle spectral changes or shifts in pixel sample area. Thus,
our binary response variable was defined as 1, which represents
water appearance (i.e., minimum 2-step transition to a higher
confidence class) and 0, which represents either water disap-
pearance (i.e., transition from a higher confidence water class to
a lower, partial, or not water class) or the persistence of partial
or not water classes. In cases where high or moderate confidence
water persisted, NA values were assigned, given the inability to
determine the role of monthly climate on transitions between
those classes.

We implemented a mixed effects model using the Ime4 package
(Bates et al. 2015; glmer function, family = binomial, bobyqa
control optimizer) in R (R Core Team 2024) to estimate the prob-
ability of a given pixel transitioning to water, based on monthly
basin-averaged precipitation totals (fixed effect; cube-root
transformed to meet normality assumptions) and antecedent
soil moisture (random effect with fixed intercept). We excluded
pixels with a high number (1> 100) of no data values over the
duration of the study period in the monthly DSWEmod compos-
ites. Model goodness of fit was assessed using the Performance
package in R (Liidecke et al. 2021) based on Tjur's coefficient of
discrimination (Tjur 2009), which is a pseudo-R squared value
recommended for use with mixed effects logistic regression.

We estimated predicted probabilities and associated confidence
intervals (80%; p<0.1) under low, moderate, and wet anteced-
ent conditions for six values of average monthly precipitation
(250-500mm in increments of 50mm) in each basin using the
predictInterval function of the merTools package (Knowles and
Frederick 2020). These precipitation amounts were selected to
span the range of the largest total monthly precipitation amounts
observed across the three basins during the WLDAS period of
record (1980—2023; see Figure S1). Finally, we masked the pixel
scale results to omit pixels with statistically non-significant
(p>0.10) relationships with monthly precipitation and applied a
3% 3 cell moving window analysis, where focal cells within win-
dows containing fewer than four statistically significant pixels
were masked. This threshold was chosen to eliminate isolated
pixels and focus on places with larger surface water extents.
Based on a sensitivity analysis, this threshold results in a con-
servative estimate of the areal extent of flood exposure (refer to
Supporting Information (SI) Figure S2). To characterize spatial
patterns of precipitation-driven surface water occurrences, the
filtered predicted probability and confidence interval maps were
summarized in relation to flood infrastructure and zoning data.

To assess exposure of infrastructure, the predicted surface
water appearance probabilities were overlaid on the National
Structure Inventory dataset (US Army Corps of Engineers 2019)
and roads (US Census Bureau 2022). Building exposure was
measured by the values of the structures in the surface water
pixels, although it is possible that the structures were not in an
inundation area within the pixel. Values of exposed residential
structures were overlaid by and compared to National Flood
Insurance Program claims data across different flood hazard

zones. Exposure estimation and results for roads are provided
in the Supporting Information (refer to Figure S5). Predicted
surface water appearance probabilities were also overlaid on
the Soil Agricultural Groundwater Banking Index dataset to
assess correspondence with estimates of groundwater recharge
suitability. Recharge suitability considers the relative permeabil-
ity of soils to promote recharge and the likelihood of prolonged
root zone saturation, which can damage certain crops (O'Geen
et al. 2015).

4 | Results
4.1 | Basin Scale Analysis of Surface Water Extents

The areal extents of DSWEmod HCW pixels (i.e., surface water
extents) within the alluvial portions of the Sacramento, San
Joaquin, and Tulare basins (Figure 1) exhibit seasonal patterns
with increases in late autumn, peaks in winter, and decreases
in early spring, although these patterns differ among basins in
both timing and extent (Figure 2). The broadest extents occur
in the Sacramento River portion of the Central Valley, where
peaks typically occur in January and range between 1800 and
4000km?. In the San Joaquin and Tulare basins, peaks in the
areal extent occur in January or February and cover substan-
tially less area than in the Sacramento basin both proportionally
and in absolute numbers. The largest surface water extents occur
during the highest precipitation water years (water year defined
as October-September), especially when monthly precipitation
during November—January is higher than average (e.g., 2006,
2011, 2017, 2023). Large monthly precipitation amounts during
February-April tend to sustain surface water extents over longer
periods of time, rather than increase their area (Figure 2).

Although changes in monthly surface water extents exhibit cor-
respondence with monthly precipitation amounts (Figure 2), the
variation explained differs among basins and among late au-
tumn, winter, and early spring months (Figure 3). Considering
both monthly precipitation and antecedent soil moisture condi-
tions, the Sacramento basin exhibits the largest absolute changes
in surface water extents in relation to precipitation variability,
and the Tulare exhibits the least. Although increases in surface
water extents consistently occur in the autumn months in the
San Joaquin and Sacramento basins (Figure 2), the strength of
the relationship with monthly precipitation is relatively weak
under dry soil moisture conditions, which occur most of the
time, but is stronger under less-frequent, moderate soil moisture
conditions. Overall, the relationships between monthly pre-
cipitation and changes in water are strongest (as indicated by
steeper regression slopes) in mid-winter (December-February),
and with wet antecedent soil moisture (Figure 3).

Across all basins, monthly atmospheric river (AR) statistics
such as the maximum rank based on the Ralph et al. (2019) AR
scale had weaker explanatory power than basin-precipitation
estimates, and positive relationships were only observed in mid-
winter (Dec-Feb; Figure 4). During this period, months with
maximum AR ranks of 2 or greater resulted in increases in sur-
face water extents, with the largest median increases occurring
during months when Rank 4 ARs occurred. Despite the weak
correspondence between AR rank and surface water extent, our
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FIGURE 2 | Annual timeseries of surface water extents Jan 2003-Jan 2023. Line segments colored according to monthly precipitation amounts,
line thickness represents cumulative water year precipitation. Years with largest changes are highlighted and labeled (other years are muted color).

results highlight the importance of ARs as determinants of win-
ter water availability. For example, all winter months lacking an
AR of rank 2 or greater resulted in reductions in surface water
extents relative to previous months.

4.2 | Pixel Scale Analysis of Surface Water
Appearances in Relation to Precipitation Variability

We conducted a pixel-scale analysis to explicitly identify where
surface water appearances are related to precipitation within
each basin. This spatial precision was intended to distinguish
areas that are potentially most exposed to winter floods, as
well as those areas where precipitation-dependent water man-
agement decisions drive surface water presence. Predicted
probabilities of surface water appearance are most prominent
in the lower Sacramento basin, where probabilities increase
with increases in both precipitation and antecedent soil mois-
ture (Figure 5). The effects of antecedent soil moisture exhibit
greater influence in conveyance channels and floodways, where
upstream water is routed, relative to leveed areas (Figures 5 and
6). Model-based uncertainties in the probability of surface water
appearance for a given precipitation amount and soil moisture
status vary widely, indicating considerable uncertainty in the

model predictions. Uncertainty (as indicated by upper and lower
confidence intervals) also increases with precipitation amounts;
for example, the average (across soil moisture statuses) propor-
tion of leveed areas in the Sacramento with greater than 60%
probability of surface water appearance is between 0% and 6%
(3-526km?) at 250mm monthly precipitation but the uncer-
tainty range essentially doubles to 1%-14% (72-1109km?) in
the case of 500 mm precipitation (Figure 6). The ranges of areas
with greater than 60% probability of surface water appearance
across antecedent soil moistures vary with infrastructure type,
with minimal difference between dry and wet conditions in lev-
eed areas, 10% differences between dry and wet conditions in
conveyance channels across all monthly precipitation amounts,
and a slight increase in differences in floodways (going from 0%
to 2%) with increasing precipitation (Figure 6).

4.3 | Structural Exposure to Precipitation-Driven
Surface Water Appearances

As discussed in a DSWEmod-based analysis by Smith
et al. (2022), much of the area where high confidence water oc-
curs in the Central Valley is on cultivated croplands. This pattern
is also observed in the current study, with the most significant
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FIGURE 3 | Changes in surface water extents, as indicated by areal extents of DSWEmod High Confidence Water (HCW), by season, in rela-

tion to monthly precipitation and categories of antecedent soil moisture in the study area basins, 2003-2023. R? is based on the linear regression of

DSWEmod HCW change and monthly basin-average precipitation (mm).

relationships between precipitation and water transitions occur-
ring on this land cover type (refer to Figure S3). Places where
significant relationships exist could indicate either intentional
flooding for cropland management or unintentional flooding,
and this could vary depending on the time of year and the un-
derlying crop type (Smith et al. 2022). Intersecting statistically
significant pixels with point data from the National Structure
Inventory (NSI) and National Flood Insurance Program (NFIP)
claims data highlights differences in exposure among areas
with differing flood designation status (Figure 7). Based on the
overlay of statistically significant pixels with NSI point data, the
greatest exposure of structures (excluding contents and vehicles)
actually occurs within Minimal Flood Hazard areas, with res-
idential structures having the most value exposed. Similarly,
nearly 60% ($22.5 million) of NFIP damage claims in the study
area occurred in areas where minimal flood risk was the dom-
inant flood designation (Figure 7). Although insurance claim
damages are only a fraction of total value exposed, the NFIP

data corroborate the potentially greater exposure observed in
areas outside the 100- and 500-year flood boundaries.

4.4 | Relation of Precipitation-Driven Surface
Water Appearances to Managed Aquifer Recharge
Potential

We overlaid our results with an aquifer recharge suitability data-
set, the Soil Agricultural Groundwater Banking Index (SAGBI;
O'Geen et al. 2015) to assess the degree of overlap between
precipitation-driven surface water occurrences and natural in-
frastructure (Figure 8). Of the 1800km? area with significant re-
lationships between precipitation and surface water transitions,
86% (unmodified) and 75% (modified) are classified as having
poor to very poor recharge potential. Most of this area is within
5-10km of Moderately Good or Good recharge potential lands,
which offer opportunities to route water over short distances to
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vapor transport.

increase recharge potential, though proximities to Excellent re-
charge potential lands are generally longer distances.

5 | Discussion

5.1 | Basin Scale Analysis of Surface Water Extents
Provides New Understanding of Mid-Winter
Surface Water Dynamics

Overall, our basin-scale results highlight the co-dominant in-
fluences of precipitation variability, water conveyance, and
cropland water management as drivers of surface water extents
across the region at different times of year. For example, aside
from a handful of large storm events occurring in mid-winter
under wet antecedent soil moisture conditions that resulted
in the largest increases in surface water extents, most large
increases in surface water extents in the Sacramento and San
Joaquin Valleys occur during October-November (Figures 2 and
5), when precipitation amounts tend to be smaller and anteced-
ent soil moisture conditions are typically dry. These increases are
independent of climate effects; instead, the increases are driven
by the post-harvest agricultural practice of flooding rice fields to
increase decomposition of crop residue and simultaneously sup-
port shorebird migration (Reiter et al. 2015). Springtime declines

in surface water extents are also partially controlled by agricul-
tural management (Schaffer-Smith et al. 2017), though extents
tend to stay larger later in the season in wetter years (Figure 2)
due to snowmelt. The patterns of surface water extent changes
in autumn and early spring presented here are generally consis-
tent with past Landsat-based studies in the Central Valley that
focused on July-December (Reiter et al. 2015) and February-
May (Schaffer-Smith et al. 2017), suggesting that Landsat data
timeseries could be used for assessing historical variation of
surface water outside of the winter season, because of its longer
timeseries and finer spatial resolution. The omission of winter
months in these previous Landsat-based studies highlights the
important gap that DSWEmod fills in terms of understanding
surface water dynamics in mid-winter, when precipitation is
greatest, surface water extents are largest (Figure 2) and rela-
tionships between the two are strongest (Figure 4).

5.2 | Pixel Scale Analysis of Surface Water
Changes Highlights Locations of High-Frequency
Precipitation-Driven Flooding

The pixel scale analysis highlights locations where surface
water appears in response to precipitation at relatively high
monthly frequency, providing insights into infrastructure and
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community exposures and vulnerabilities that may be less well
recognized relative to those that occur during the largest floods
(Selsor et al. 2023). Overall, water largely follows expected path-
ways along rivers, conveyance channels, and floodways, with
increasing probabilities of occurrence as precipitation amounts
and antecedent soil moisture increase. Yet, there are several
areas both within and outside of designated flood boundaries
and leveed areas that have statistically significant precipitation-
driven surface water occurrences, highlighting locations that
may merit additional study and consideration in flood planning.
Results from this study could also provide calibration and/or
validation data for higher spatial resolution hydrologic and hy-
draulic models (e.g., HEC-HMS and HEC-RAS) that are used for
flood risk management studies (Di Baldassarre et al. 2009) and
flood managed aquifer recharge feasibility studies. Models are
typically used in flood risk management studies to demarcate
anticipated inundation extents within large population centers
and for the largest flood events. DSWEmod results could sup-
plement these hi-resolution models by providing estimates of in-
undation extents that occur more frequently or outside of large

population centers, which can help to inform decisions about fu-
ture development and/or management of these areas, including
the potential for flood risk reduction via flood managed aquifer
recharge projects.

We note that these results do not necessarily reflect probabilities
of exposure to large flood events for several reasons. Because
the study period is limited to 2003-2023, the rarity of surface
water occurrences corresponding to the largest flood events ef-
fectively precludes meeting criteria for statistical significance in
our model due to the small sample size. For example, the study
period does not capture several severe floods in the contempo-
rary record (e.g., 1955, 1986, 1997) nor those in the more dis-
tant historic (e.g., 1862; Engstrom 1996) or paleoclimate records,
which represent a much broader range of possibilities (Harden
et al. 2021; Knight et al. 2024). The substantially larger confi-
dence intervals observed at higher precipitation amounts are
another consequence of this small sample size. We also note
that the use of monthly surface water transitions as the response
variable limits our inferences to those locations where surface

9of 14

85US01 7 SUOWILLIOD BAIERID 3|dea|dde 3y} Aq paueA0b 88 SS[1e YO ‘SN 0 S8INJ J0j ARIq 1T 3UIIUO AB|I/V\ UO (SUO 3 IPUCD-pUR-SLUIBY WD A8 |IMARRJq 1 BU1|UO//SARY) SUORIPUOD PUe SWie 1 84} 83S *[5202/90/72] U0 AReiqiT aulluo A8 (1M ‘08002 €14 {/TTTT OT/I0P/W00 A8 1M AeIq Ul u0//SARY W01} PapeojumMoq ‘Z ‘SZ0Z XBTEESLT


http://dri-apps.projects.earthengine.app/view/dsweprobabilities

0.4
Q
£ 0.3 §
= <
2 0.2 3
(U-'?g s
o=c 0.1 3
=5 g 3
<% 5 00
geg PR YRR
o2 _.;:o‘"" -
3\o<0.10 P u
S o~ o P
DO Q0 "L ept g
© = g
© © .
u!:C;O.OS H
£o S
5% 5 AR ER
MR
‘gg(/:) .l“"“
Bn_“_O.1O Leet c
2O A EE 5
N
Qe. 0.05 §
0.00 ™™ e s s s s % s % mowowowowomwEEEEEEEEEEEDL

250 300 350 400 450 500
HUC-4 Ave. Monthly Precipitation (mm)

Antecedent Soil Moisture == Dry == Mod == Wet

FIGURE 6 | Proportion of conveyance, floodway, and leveed areas
in the Sacramento portion of the Central Valley with greater than 60%
probabilities of surface water appearances across monthly precipita-
tion amounts and under dry, moderate, and wet antecedent conditions.
Solid lines indicate predicted values; dotted lines indicate values at up-
per and lower confidence limits. Larger precipitation amounts result
in increased probabilities over larger areas in all infrastructure types.
Wetter antecedent soil moisture enhances probabilities in conveyance
channels and has little influence in leveed areas.

Agricultural
Commercial

1000 Industrial

500

Total Value (Million $)

2003-2023

Minimal L4
Flood
Hazard

Flood Designation

100 year 500 year

FIGURE 7 | Total value of structures from the National Structure
Inventory by occupancy type, occurring within pixels with statisti-
cally significant (p<0.10) transitions to water and classified by high-
est flood risk designation based on the composite of CADWR, USACE,
and DFIRM flood boundaries. Total claimed residential damages
(2003-2023) through the National Flood Insurance Program (NFIP) are
shown as points within each flood designation. Maps showing NFIP
damages, exposed NSI structures, and composite flood boundaries in
select areas are shown in Figure S4. Locations of statistically significant
transitions to water relative to 100- and 500- year flood boundaries can
be viewed interactively at https://dri-apps.projects.earthengine.app/
view/dsweprobabilities.

water occurrences relate to precipitation occurring in the same
month, which likely excludes instances where flood responses
are delayed due to reservoir storage or precipitation occurring

as snow. This may partly explain the lack of statistically signif-
icant results in the San Joaquin and Tulare, where the propor-
tions of precipitation occurring as snow are larger than in the
Sacramento (Lund 2012). Because our study period ended in
January 2023, we did not capture the extensive flooding that oc-
curred in the Tulare in late spring 2023. The larger uncertainties
associated with rarer events are especially important to consider
in the context of using these results to understand future flood
risks. While increases in storm intensities and decreases in the
snow to rain ratio are likely to result in increases in probabilities
of transitions to water in places identified in our results, prob-
abilities are not shown for places that did not meet statistical
significance criteria. Areas that lack statistical significance still
have the potential to be affected by the rarer and largest floods.
This possibility is especially acute in the San Joaquin and Tulare
basins, where snow-to-rain transitions under future climate are
likely to cause more immediate responses that were likely not
detected here given the analytical approach, which focused on
flood responses occurring in the same month as precipitation.

5.3 | Structural Exposure to Flooding Is High
Outside of 100- and 500-Year Flood Boundaries

Overlays of statistically significant pixels with the National
Structure Inventory (NSI) indicate that the most exposure, in
terms of structure values, is associated with residential struc-
tures, and that there is greater value exposed outside of 100- and
500-year flood boundaries than within. This pattern is also
observed in National Flood Insurance Program (NFIP) claims
data. Whether this exposure is due to inadequacies in flood risk
assessments or simply demonstrates the success of concentrat-
ing development outside of flood zones is not clear. Additional
study focused on the age of exposed infrastructure and trends
in development could provide further insights into this pattern.

Locations with NFIP claims greater than $1 million include areas
along the Sacramento River near Red Bluff, the American River
in Sacramento, Dry Creek in Roseville (North Sacramento),
Butte Creek (south of Chico), the Consumnes River near Wilton,
and the San Joaquin River near Antioch (Figure S4). Of these,
exposures of structures are observed along the Sacramento,
Feather, American, and Consumnes Rivers, but not along
smaller-sized creeks, where DSWEmod is too spatially coarse to
capture flood occurrences. Structural exposures were also not
observed along the San Joaquin River near Antioch, which may
be due to low confidence in water detections due to urban land
cover adjacent to the San Joaquin River.

The number of pixels with statistical significance results in a
conservative estimate of locations with precipitation-driven in-
undation given our choice to include only the highest confidence
water detections in our analysis, and our subsequent filtering
step, which excluded isolated areas where precipitation-driven
surface water appearances were detected. Despite this, the num-
ber of structures with inundation exposure could still be overesti-
mated, given that any structure falling within the 250-m MODIS
pixel is assumed to be exposed. We elected to use MODIS for
our winter-season focused study because longer timeseries are
needed to discern anomalous surface water extents that consti-
tute flooding from those that represent typical variability, given
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the season (Brakenridge 2018). As timeseries grow for platforms
such as Sentinel-1 C-band synthetic aperture radar (SAR), which
has 10-m spatial resolution, quasi-weekly temporal resolution,
and cloud penetrations, more accurate numbers can likely be
derived in future studies.

5.4 | Precipitation-Driven Flooding Occurs in
Areas With Low Managed Aquifer Recharge
Potential

The more widespread occurrence of surface water in soil types
with very poor to poor suitability for managed aquifer recharge
could be due to multiple factors. Fundamentally, the odds of
detecting standing water through remote sensing are higher
in places where soil hydraulic conductivities are low and infil-
tration rates are slow, whereas in places with better recharge
potential, surface water occurrences may be missed due to
more immediate infiltration. Additionally, these results reflect
the inherent distributions of uniformly fine-textured soils that
are less ideal for flood managed aquifer recharge and natural

runoff accumulation within the study area. Regardless, results
presented here have the potential to inform managed aquifer
recharge planning in multiple ways. First, this study identifies
where flood waters naturally or commonly occur during the
non-growing season, when water availability is high and re-
charge opportunities are likely the greatest. Although recharge
is typically slow in these poor recharge potential areas, the large
extent and persistence of surface water in these landscapes
could yield a significant volume of water to aquifers, especially
if interventions were targeted to increase infiltration capacities
in these places or convey water to more suitable soils for aqui-
fer recharge. Second, identifying locations with high probabil-
ity of inundation near areas with high recharge potential may
support groundwater planning under California’s Sustainable
Groundwater Management Act (State of California 2014)
and the Multibenefit Land Repurposing Program (California
Department of Conservation 2021). This planning may involve
prioritizing agricultural areas for fallowing or transitioning
from permanent to annual crops, which are better suited to
the prolonged saturation of flood managed aquifer recharge
on agricultural lands (Ganot and Dahlke 2021). Additionally,
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understanding where probabilities of inundation are high can
guide regional decisions on the development, maintenance, or
operation of conveyance infrastructure to connect areas of high
surface water occurrence with nearby soil landscapes that are
more suitable for recharge. Moreover, understanding the rela-
tionship of surface water transitions with basin precipitation
can enable the use of weather forecasts to guide preparations
and decision-making related to flood risk mitigation and en-
hancing water supplies through targeted aquifer recharge ac-
tivities. Finally, although some regulatory challenges must still
be overcome to enable recharge from flood events (Kocis and
Dahlke 2017), progress has been made over the past several
years, including the most recent California Senate Bill 122 (July
2024), which revised California Water Code (Section 1242.1) to
enable diversion of flood waters without water rights under cer-
tain circumstances.

6 | Conclusions

Our study utilizes 20years of MODIS satellite imagery to map
surface water dynamics across California's Central Valley,
which provides critical information of surface water extents and
associated flood risk in response to precipitation events. Our re-
sults demonstrated the utility of the daily DSWEmod product
for deriving continuous timeseries of mapped surface water ex-
tents, during seasons with high incidence of cloud cover, which
is a limitation of other long-term optical satellite remote sensing
data due to their lower temporal frequency. The resulting prod-
uct was used to analyze relationships between inundation oc-
currence and climatic driving forces across the predominantly
agricultural and moderately urbanized landscape of the Central
Valley. Our results provide a greater understanding of the dy-
namics and driving forces of surface water inundation patterns.
This is consequential for optimizing diverse land use planning
and management activities, including agricultural crop prac-
tices, infrastructure and urban development, and groundwater
recharge. Our findings also highlight where precipitation-driven
surface water appearances most commonly deviate outside of
designated (e.g., FEMA, USACE) flood boundaries, a result
that is further supported by National Flood Insurance Program
claims data. The greater value of structures exposed outside of
designated flood boundaries highlight the need for improved
flood mapping, awareness, and mitigation. Additionally, our
results provide an opportunity for floodwater management
planning to reduce flood risk in areas with higher frequencies
of surface water inundation and consider managed aquifer re-
charge potentials to mitigate this risk. This could be achieved by
identifying locations where land restoration or floodwater rout-
ing offer the greatest opportunities for increasing groundwater
recharge and associated regional multibenefits. Finally, our
study shows the potential for the daily DSWEmod product to be
used as a novel decision-support tool, because it provides criti-
cal information of where actual observable surface water extent
frequencies are occurring in contemporary times despite cloud
cover limitations faced when using other satellite-based prod-
ucts. Cloud cover issues are common during high precipitation
(wet season) periods and surface water extents are most conse-
quential in terms of both flood risks and water supplies. Thus,
the approach described here is not only applicable in California’s
Central Valley; it can also be applied in other regions where the

observation of wet-season surface water dynamics can support
flood management decisions.

Results from this study are readily visualized and available
within three web applications, including (1) monthly timeseries
of both Landsat and MODIS DSWE over their periods of record,
which can be used to view specific events: https://dri-apps.proje
cts.earthengine.app/view/dswe, (2) monthly frequencies of
DSWEmod, which can be used to view and export timeseries of
DSWEmod and monthly climate for specific pixels: https://dri-
apps.projects.earthengine.app/view/dswemodmonthlyfreq, and
(3) predicted probabilities (with uncertainty ranges) of surface
water appearances under different precipitation and antecedent
soil moisture conditions, based on our model results: https://dri-
apps.projects.earthengine.app/view/dsweprobabilities.
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