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Abstract Flash droughts evolve and intensify rapidly under the influence of anomalous atmospheric
conditions. In this study, we investigate the role of assimilating remotely sensed soil moisture (SM) and
vegetation properties in capturing the evolution and impacts of two flash droughts in the Northern Great Plains.
We find that during 2016 drought triggered by anomalously high temperatures and excessive evaporative
demands, multivariate data assimilation (DA) of MODIS-derived leaf area index (LAI) and Soil Moisture
Active Passive SM within Noah-Multiparameterization model helps capture elevated transpiration at onset.
Assimilation of LAI particularly helped model the resulting rapid decline in SM during onset with as high as
10.0% steeper rate of decline compared to the simulation without any assimilation. Modeled-SM anomalies
exhibit a 7.5% and 11.7% increase in similarity with Evaporative Stress Index (ESI) data and U.S. Drought
Monitor (USDM) maps, respectively. In contrast, during 2017 flash drought driven by record-low precipitation
during summers, SM assimilation resulted in largest rates of decline in rootzone SM, as large as 48.4%
compared to results from no assimilation. Multivariate DA of SM and LAI results in 6.7% and 14.3% higher
spatial similarity with ESI and USDM, respectively, and is necessary to model rapid intensification caused

by anomalous precipitation deficits. This study elucidates the need to incorporate multiple observational
constraints from remote sensing to effectively capture rapid onset rates, intensification, and severity of flash
drought following different propagation mechanisms. This is fundamental for drought early detection to provide
a wider window of response and implement efficient mitigation strategies.

Plain Language Summary A class of droughts called flash droughts develop rapidly under unusual
weather conditions, often characterized by either warm temperatures or low precipitation or both. In this study,
we employ the soil moisture (SM) and leaf area index (LAI) retrievals from the NASA Soil Moisture Active
Passive mission and MODIS product, respectively, for characterizing the flash droughts of 2016 and 2017 in the
Northern Great Plains. The results demonstrate that LAI observations, when assimilated within a land surface
model, are effective in capturing high transpiration at the onset of 2016 drought driven by intense heat waves.
The 2017 flash drought, however, was initiated by a precipitation deficit where information on SM is necessary
to capture the rapid drying of soils. The modeled outputs not only capture the rapid drying of soil at the onset of
droughts but are also spatially and temporally consistent with Evaporative Stress Index data and U.S. Drought
Monitor maps. The study highlights the role of multivariate assimilation of remotely sensed vegetation and SM
information to capture the rapid rates of onset and contrasting pathways of flash drought development.

1. Introduction

Human activities and climate change continue to exacerbate the occurrence and impact of extreme hydrologic
events (Liu et al., 2021; Samaniegoet al., 2018; Zhang et al., 2017). A detailed understanding of the evolu-
tion and mechanisms of hydrologic extremes, such as droughts, is paramount for managing and mitigating
their impacts. Conventionally, a drought is considered a slowly developing climate phenomenon influenced by
long-term changes to variables such as precipitation or evapotranspiration (ET; Svoboda et al., 2002; Wilhite &
Glantz, 1985). As defined in Otkin et al. (2018), flash droughts involve both the unusually rapid rate of intensi-
fication (“flash”) and the condition of moisture limitation (“drought”). The rapid changes in water availability
make flash droughts particularly challenging to predict and prepare for Lisonbee et al. (2021) and Woloszyn

AHMAD ET AL.

1 of 17

85UB0 17 SUOWIWIOD dA1R1D) 3ol jdde ayy A pausenoh ae S3(o1le YO 8sn JO Sa|NnJ 10 AeqiT auljuQ 43|11/ UO (SUORIPUOD-pUR-SWBIW00 A8 1M ARG 1RU1UO//SANY) SUORIPUOD PUe SWIS | 3Y) 39S *[2Z02/2T/ST] Uo ARiqiauliuo A3|1m ‘pue ABojoyrd Jo jusluredsq WeD UosIpe N 'USUuoIS I Jo AIsBAIUN AQ 1682808MZZ02/620T 0T/I0p/0d A8 1M Afelqpul|uo sqndnfe/sdny woly papeoumoq ‘2T ‘2202 ‘€L6L V6T


https://orcid.org/0000-0002-9789-3137
https://orcid.org/0000-0001-8797-9482
https://orcid.org/0000-0001-5173-1397
https://orcid.org/0000-0003-4958-9234
https://orcid.org/0000-0001-9635-7220
https://orcid.org/0000-0001-9891-4801
https://orcid.org/0000-0002-4651-0079
https://orcid.org/0000-0003-4034-7845
https://doi.org/10.1029/2022WR032894
https://doi.org/10.1029/2022WR032894
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2022WR032894&domain=pdf&date_stamp=2022-12-09

~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research 10.1029/2022WR 032894

==

ND_Medora_7_E

A USCRN Sites

D Selected Domain

I:I Northern Great Plains

(b)

x- Barley -=-Wheat -—e—Barley+Wheat

750

600 -

450 -

300

Production, mn BU

150

6

X x %

2015 2016 2017 2018 2020

Figure 1. (a) Selected study domain (43°-47°N, 108°~100°W) in the Northern Great Plains and the selected U.S. Climate
Reference Network (USCRN) sites for evaluating modeled soil moisture (SM). (b) Annual production of major crops planted
in North Dakota and Montana showing the detrimental impact of the 2017 flash drought on growing season. Data from U.S.
Department of Agriculture.

et al. (2021). Such rapidly intensifying events can be detrimental to vegetation health, especially if the dryness
corresponds with a sensitive stage in crop development.

The rapid intensification of flash droughts can be triggered either by a heat wave, causing anomalously high air
temperatures typically lasting two or more pentads, or as a response to unusually dry conditions caused by anom-
alously low precipitation. In the former, vegetation responds to excessive heat conditions and increased evapo-
rative demands with a larger ET and reduced soil moisture (SM). SM here refers to overall moisture in the soil
column unless qualified as root zone or surface SM. The SM decline continues even after the heat wave recedes
accentuated by a lack of precipitation, which could have otherwise helped to reduce surface temperatures and
replenish the SM. High temperatures can also cause stomatal closure, thereby reducing transpiration. The latter,
primarily characterized by anomalous rainfall at the onset of the drought along with high ET demands, leads to
anomalous rates of SM depletion and reduced transpiration, which exert stress on the vegetation. Thus, to distin-
guish between the droughts that not only differ in the triggers but also in the propagation mechanisms, here we
use the terms “warm flash drought” and “dry flash drought” for droughts primarily involving temperature-driven
and precipitation-driven intensification, respectively.

In the recent past, the U.S. Northern Great Plains region (Figure 1a) experienced two consecutive flash droughts
in the years 2016 and 2017 (Gerken et al., 2018; He et al., 2019; Hoell et al., 2019; Kimball et al., 2019; Otkin
et al., 2018). Both the droughts were classified as flash droughts mainly due to their rapid intensification in
early summer. However, they were initiated and maintained by contrasting physical mechanisms. Due to their
rapid onset, there was insufficient opportunity of early detection or to provide early warning to the agricultural
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community to mitigate impending crop losses. For example, during the 2017 Northern Plains drought, neither the
onset nor its severity was captured by NOAA's seasonal forecasts (Hoell et al., 2019). Instead, the prediction was
for above-average precipitation during May-July 2017. Significant impacts included low crop production along
with massive wildfires in the region (Jencso et al., 2019). Data from U.S. Department of Agriculture revealed the
detrimental impact that 2017 flash drought had on annual production of major crops in the region (Figure 1b). In
2016, the U.S. Drought Monitor (USDM; Svoboda et al., 2002), an index that combines objective drought indica-
tors with regional information, was late by several weeks in capturing the severity of vegetation stress, compared
to ground-survey reports, during drought's intensification stage in June (Otkin et al., 2018).

Given the challenges in early detection and warning systems for flash droughts, it is imperative to explore whether
the evolution of flash droughts driven by different physical mechanisms can be better characterized using a
synergy of modeled, observed, and remotely sensed data. Several studies have focused on conventional drought
monitoring by assimilating remote sensing observations of SM within hydrological models (Bolten et al., 2009;
Kumar et al., 2014; Mladenova et al., 2019; Mozny et al., 2012; Xu et al., 2020; Yan et al., 2018). Data assimi-
lation (DA) of vegetation conditions has also shown value in monitoring droughts and crop growth dynamics by
improving ET and SM representation (Gavahi et al., 2020; Mocko et al., 2021; Nie et al., 2021).

Comparatively, flash droughts have received much less attention to advance their characterization. Existing
efforts to monitor flash droughts have either used traditional indices over outputs from land surface models
(LSMs) and climate models (Hobbins et al., 2016; Hoffman et al., 2021; Mishra et al., 2021; Otkin et al., 2013;
Pendergrass et al., 2020; Yuan et al., 2019), or observations from remote sensing, in situ networks, or reanalysis
products (Basara et al., 2019; Christian et al., 2019, 2021; Ford & Labosier, 2017; Mo & Lettenmaier, 2016;
Otkin et al., 2019; Wang et al., 2016). For example, Otkin et al. (2013) use thermal infrared observations of
land surface temperature. The recently proposed Flash Drought Stress Index (FDSI) employs SM retrievals from
Soil Moisture Active Passive (SMAP) to measure the severity and rate of intensification of drought (Sehgal
et al., 2021). The reliance on a single source of remote sensing information can be less effective in capturing
rapidly developing flash drought mechanisms, particularly if they involve underlying processes not monitored by
those measurements. For example, rapid soil drying during the onset of a moisture deficit-driven flash drought
is more effectively captured if measurements of SM are employed. However, in a warm flash drought, where
moisture depletes as a consequence of excessive heat and stress on vegetation, information on vegetation stress
is necessary to capture the rapid evolution. Thus, multivariate observational constraints are needed to capture the
underlying processes in a timely manner.

Due to orbital gaps and sensing limitations, remote sensing measurements typically have discontinuities in their
coverage, which can be problematic for monitoring flash droughts due to their rapid nature of evolution. Also,
the univariate observational constraint focus (either SM or vegetation) of many studies can be insufficient for
the timely characterization of a flash drought. Therefore, techniques such as DA of multiple variables become
important to develop spatially and temporally continuous coverage of relevant processes for effective flash
drought characterization. This study presents a first-of-its-kind effort to use an advanced LSM and multiple
remote sensing data sets together in a multivariate DA framework for timely and effective characterization of
contrasting flash droughts.

Our objectives are twofold: (a) to evaluate the role of assimilating remotely sensed observations in capturing the
onset and propagation of flash droughts at the earliest and (b) to use observational data to provide inferences on
the appropriate processes relevant to flash droughts. Specifically, we focus on two flash droughts of 2016 and
2017 in the Northern Great Plains and model their propagation mechanisms by assimilating remotely sensed SM
and leaf area index (LAI) into the Noah LSM with Multiparameterization options (Noah-MP; Niu et al., 2011).
Although the 2016 and 2017 droughts were centered over slightly different parts of the Northern Great Plains,
we select a common domain of study affected by droughts to provide a fair comparison of soil and vegetation
dynamics across the two events (see Figure la). Multiple modeling experiments are designed, and model is
validated against several reference data sets to demonstrate the utility of multiple observational constraints in
representing the impacts of flash droughts on water cycle components. Using this modeling framework, we pres-
ent a holistic assessment of the vegetation stresses and the response of vegetation to changes in soil conditions
before and during the evolution of flash droughts. Given that one of the most distinctive and challenging features
of flash droughts to model is their rapid rate of onset and intensification contributing to the “flash” aspect (Qing
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et al., 2022), we also explore the utility of DA in capturing the rapid rate of decline in SM and vegetation condi-
tions (LAI).

The rest of the paper is organized as follows. Section 2 provides a description of the LSM, data sets, and DA
configuration. Section 3 presents the evolution and description of different aspects of the two flash droughts as
captured by DA experiments, including an assessment of the modeled results. Finally, Section 4 presents the
summary and key conclusions from this study.

2. Materials and Methods
2.1. LSM Configuration

The modeling framework uses Noah-MP LSM which augments the Noah LSM with improvements to the model
structure, parameterization schemes for biophysical and hydrological processes, and snow skin temperature
representations (Niu et al., 2011; Yang et al., 2011). The Noah-MP LSM (Version 4.0.1) and DA schemes are
implemented within the open-source NASA Land Information System (LIS) framework (Kumar et al., 2006;
https://github.com/NASA-LIS/LISF/). Noah-MP LSM is particularly chosen because of the flexibility to use
different parameterization schemes. In particular, the use of a dynamic vegetation phenology scheme in Noah-MP
to represent vegetation growth (Niu et al., 2011; Yang et al., 2011) allows for assimilating observations of vegeta-
tion conditions such as LAI. Noah-MP is configured to simulate four soil layers with individual layer thicknesses
of 0.1, 0.3, 0.6, and 1.0 m resulting in a total of 2.0 m of soil depth from the surface. Quantitative analysis is
performed over the drought-affected region of Northern Great Plains (43°-47°N, 108°-~100°W) during the two
flash droughts (Figure 1a). A spatial resolution of 10 km with a 15-min time step is chosen for the simulations.
All model runs are performed over the period of April 2015 to December 2020 (the overlap period across all the
data sets).

2.2. Data Sets

Noah-MP LSM is forced with precipitation from the Integrated Multi-satellitE Retrievals for Global Precipitation
Measurement (IMERG; Huffman et al., 2015) post-time Final Run product, Version 06B. Other meteorological
forcing fields of 2-m air temperature, 2-m specific humidity, 10-m wind speed, surface pressure, and incoming
shortwave (SW) and longwave (LW) radiation are obtained from the Modern-Era Retrospective Analysis for
Research and Applications, Version 2 (MERRA-2; Gelaro et al., 2017).

MODIS LAI and SMAP SM observations are used for DA within the Noah-MP LSM. The LAI in the LAI-DA
integrations is derived from the level 4, 500-m resolution, 8-day composite MCD15A2H Version 6 Moderate
Resolution Imaging Spectroradiometer (MODIS) product. The product algorithm chooses the best pixel available
from all the acquisitions of MODIS sensors located on the Terra and Aqua satellites (Myneni et al., 2015). The
500-m resolution LAI data are aggregated to the 10 km model resolution to be integrated within the LSM. Only
the “good quality” data values not flagged for cloud contamination, detector signal problems, and algorithm
saturation issues are used for DA.

SM is obtained from SMAP mission, downscaled using the Thermal Hydraulic disaggregation of Soil Moisture
(THySM) algorithm (Liu et al., 2021, 2022). SMAP satellite (Entekhabi et al., 2010), uses L-band microwave
sensor to provide surface SM at the top 5 cm soil layer with 36-km spatial resolution. The THySM algorithm
incorporates ancillary data sets at high spatial resolution based on thermal inertia theory and water retention
curves to improve the spatiotemporal resolution of SMAP and outputs SM fields at 1 km. The downscaling
approach is based on the principle that dry soil drives stronger heat transport, resulting in higher temperature
variation during a day while, wet soil results in smaller temperature changes (Liu et al., 2021).

2.3. DA Configuration

Similar to previous studies (Kumar et al., 2009, 2014, 2019; Liu et al., 2013, 2015; Yin et al., 2015), a
one-dimensional ensemble Kalman Filter (EnKF; Reichle et al., 2002) is employed here to assimilate SM and
LAI retrievals into the Noah-MP LSM. Consistent with Kumar et al. (2019), an ensemble size of 20 is used for
the DA and perturbations are applied to meteorological and model prognostic fields to maintain ensemble spreads
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representing the uncertainty in model estimates. EnKF uses ensemble members to quantify the covariances and
as the observation becomes available, the state vector of each ensemble member is propagated forward in time.
The general form of the analysis step can be written as

xp =x;+Kk(yk—Hkx;) €))

where x: is the posterior state vector after the update, X is the prior model state vector, yy is the observation
vector, and H, is the observation operator that relates the model states to the observations. The subscript k indi-
cates time and matrix K} is the gain matrix, which essentially represents the weighting factor to determine the
degree to which the model forecast is adjusted toward the observation.

The setup for assimilating LAI and SM observations within the LSM involves introducing small perturbations to
several meteorological forcing inputs (downward SW radiation, downward LW radiation, and precipitation) and
modeled LAI and SM states at each grid point. A configuration similar to Kumar et al. (2021) is employed where
multiplicative perturbations are applied with standard deviations of 0.3 and 0.5 to precipitation (P) and downward
SW radiation, respectively, and additive perturbation with standard deviations of 50 W/m? to downward LW
radiation. Cross-correlations (p) to perturbations between each of forcing fields are also included, where p(SW,
P) = -0.8, p(SW, LW) = —-0.5, and p(LW, P) = 0.5. Further, a uniform observation error standard deviation of
0.05 for MODIS-derived LAI retrievals is used in the LAI-DA configuration following Kumar et al. (2021). For
SM-DA configuration, however, an observation error standard deviation of 0.04 m3/m? is used which matches the
satellite retrieval accuracy (Xu et al., 2020) and follows Kumar et al. (2019). The Multi-DA configuration, with
similar perturbations, jointly assimilated the SM and LAI observations at their respective local overpass times.
Four experiments are conducted to model flash drought progression. These include a baseline open loop (OL) run
of Noah-MP without any assimilation, and three DA runs where SM and LAI are assimilated either independently
(called SM-DA and LAI-DA, respectively) or simultaneously (Multi-DA).

2.4. Evaluation Framework

For a quantitative analysis and assessment of the LSM outputs, we first calculate daily deviations (anomalies)
from the mean across 2015-2020 for modeled root zone SM (RZSM), LAI, and transpiration. The respective
daily standard deviations across all the years under consideration are also calculated. The anomalies are then
normalized with those standard deviations to derive standardized anomalies, which facilitate comparison across
the regions and data sets due to a common range of variation.

RZSM anomalies are compared against data sets of Evaporative Stress Index (ESI) at 4-km resolution. ESI
describes temporal anomalies in ET which includes the loss of water via evaporation from soil and plant
surfaces and via transpiration through plant leaves. ESI is developed with the thermal remote sensing-based
Atmosphere-Land Exchange Inverse (ALEXI) surface energy balance model (Anderson et al., 2007, 2011).
Negative ESI values show below normal ET rates, indicating vegetation that is stressed due to inadequate SM.

We compare 1-month composite ESI at weekly intervals with the weekly averaged RZSM anomalies using Pear-
son's correlation (R) and Mutual Information (MI) score. The MI score is a nonparametric generalization of the
Pearson's R that can handle nonlinear relationships between non-Gaussian variables (Tuttle & Salvucci, 2014).
It measures the mutual dependence of two random variables by quantifying the dependence between the joint
distribution of the variables when they do not follow Gaussian distribution. MI for two variables, X and Y, is
defined as

p(x, y) ?)
p(x)p(y)

MIX:Y) = D% D p(xlog [

where p(x) and p(y) are the marginal probability distribution functions of X and Y, respectively, and p(x, y) is
the joint probability distribution function of those variables. In our case, the two variables are RZSM and ESI
anomalies. The metric is implemented in the scikit-learn package as mutual_info_score.

Another aspect of evaluation is the spatial consistency of the modeled RZSM with drought categories from
USDM drought maps. Structural Similarity Index (SSIM) is used to measure perceived similarity in the struc-
ture of two images and compare the local patterns of normalized pixel intensities (Wang et al., 2004). SSIM has
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also been used to evaluate modeled ET by Walker et al. (2019). The index combines the luminance and contrast
between two images and normalizes the product with the standard deviation to perform the structural comparison.
SSIM for two image windows, x and y, is calculated as

Quxpy +c1) 2oxy + ¢2)

SSIM(x, y) =
C6) (+ui+a) (o240l + )

3

where p, and yu, are the averages of x and y, o, and o, are variance of x and y, and o, is the covariance of the
two windows. Further, ¢; = (k,L)* and ¢, = (k, L)’ are two variables that stability the division operation, L is
dynamic range of pixel values, and k; and k, are fixed as 0.01 and 0.03, respectively. Monthly averages of RZSM
anomalies over May-Aug are compared with the drought categories D1-D4 from the USDM maps for the respec-
tive months.

Because modeled RZSM anomalies are continuous in nature unlike the discretized USDM drought category
maps, we also used F1-score as another measure of spatial consistency between the two data sets. F1-score is
the harmonic mean of two other metrics, Precision and Recall scores. Precision is a ratio of the number of true
positives (TP) and the sum of TP and false positives (FP), while recall is the number of TP divided by the sum of
TP and false negatives (FN).

- TP
P = —
recision TP + FP (4a)
TP
Recall = ————
eca TP + FN ()

_ 2 = Precision * Recall
Precision + Recall

F1

(40)

In our case, the monthly RZSM anomalies are classified into discrete classes using thresholds of (—=0.25, —0.5,
—0.75, —1) which are then compared with the respective drought categories. A more involved comparison
with USDM classes will require calculation of SM percentiles which was not feasible due to limited avail-
ability of SMAP data used in assimilation. Finally, modeled surface SM (nonnormalized) is also evaluated
against observations from U.S. Climate Reference Network (USCRN) sites. Four USCRN sites were selected
in Northern Great Plains (Figure 1a) and the RMSE and bias for each station is compared with Noah-MP
modeled surface SM.

3. Results and Discussion

This section describes the results from the modeling and DA integrations. Given the rapid development aspect of
flash droughts, we conduct all the analysis at a daily time scale. However, spatial maps of drought progression are
shown at a monthly time scale for the sake of brevity.

3.1. Flash Drought Onset

The onset of flash droughts is triggered by either anomalously low precipitation causing unusually dry conditions
or anomalously high temperatures resulting in heat waves or a combination of both. Here, we first characterize
the processes that led to the onset of each drought event over the selected domain in Northern Great Plains
(see Figure 1a for domain). Figure 2 shows the temporal evolution of domain-averaged precipitation and near
surface air-temperature anomalies from the model runs during March-September of 2016 and 2017, along with
the domain-averaged ESI. The daily precipitation and near surface air-temperature anomalies are normalized with
standard deviation using the multiyear mean over 2015-2020 and accumulated as moving average at weekly time
scales to smooth out the daily variability. Negative ESI anomalies convey deteriorating vegetation conditions.

Figure 3a shows the spatial progression of standardized anomalies of precipitation and near surface air temper-
ature for 2016 flash drought. Precipitation events brought wetter-than-normal conditions in March particularly
across Wyoming and later in April across most of the states in the Northern Plains. High temperatures dominated
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Figure 2. Standardized anomalies of precipitation, near surface air temperature, and Evaporative Stress Index (ESI) averaged
over the selected domain during the flash droughts of (a) 2016 and (b) 2017.

the drought onset and intensification in May and June, leading to subsequent deteriorations in SM and vegetation
conditions, as evidenced by large negative ESI anomalies (rightmost panel in Figure 2a).

In contrast, a key driver of the 2017 drought was record-low precipitation during May-July, which is usually the
wettest climatological season in the region (Figure 3b). Dry soil conditions appeared simultaneously with warm
temperatures in May, leading to the intensification of flash drought in the following summer months (Figure 2b).
Negative ESI anomalies again capture the impact of anomalously dry soils during drought intensification in
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Figure 3. Spatial progression of the standardized anomalies of precipitation, near surface air temperature, and Evaporative
Stress Index (ESI) (in units of standard deviation) during the flash droughts of (a) 2016 and (b) 2017.
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Figure 4. Spatial progression (upper panel) of the flash drought of 2016 from (a) U.S. Drought Monitor (USDM; monthly
median); (b) monthly averaged Flash Drought Stress Index (FDSI); and using the monthly standardized anomalies (in
standard deviations) of (c) root zone soil moisture (RZSM) and (d) transpiration modeled from different land surface model
(LSM) configurations. Areas shown are larger than the selected domain of Figure 1a to show the surrounding context of
droughts.

June and July. Given that ESI is a land surface temperature-based product, severity of the heat wave-driven 2016
drought is more pronounced in the ESI anomalies during the onset, compared to the 2017 drought. The contrast-
ing drivers in 2016 and 2017 caused the flash droughts to progress differently.

3.2. Impact of DA on Characterizing Warm Flash Drought of 2016

Figure 4 shows the spatial progression of 2016 drought in terms of the standardized anomalies in RZSM and
transpiration along with the median of weekly USDM maps produced each month. Comparisons are at monthly
time steps between the DA configurations (LAI-DA, SM-DA, and Multi-DA) and OL simulation. The intense
heatwave at the onset in March 2016 caused vegetation to respond with increased transpiration followed by a
resulting decline in RZSM. Subsequent precipitation events in April led to wetter conditions, captured by OL and
all the DA runs with positive RZSM anomalies across most of the domain (Figure 4c, top row).

The impact of DA is most apparent during the peak intensification of flash drought during June and July when
the return of warmer-than-normal temperatures along with persistent dry conditions significantly stressed the
vegetation (see Figure 3a). The transpiration in June exhibited large negative anomalies when modeled with
LAI-DA that were otherwise not captured by OL or SM-DA simulation (Figure 4d). Spatial patterns in transpi-
ration compared better with hotspots from USDM maps on assimilating LAI information, though USDM had
some issues in capturing the drought severity for this case, as noted earlier. Once vegetation stress takes effect,
observations of SMAP SM are useful to model the resulting deterioration in RZSM during June and July captured
by the relatively larger negative anomalies in Multi-DA and SM-DA simulations. Multi-DA thus combines the
information from both LAI and SM to effectively model the drought intensification when USDM recorded a
two-category increase in drought severity (Figure 4a). Precipitation in August and September helped improve the
conditions in the region with largest improvements in the Dakotas as evidenced by subsequently less negative
RZSM and transpiration anomalies across the LSM runs. The RZSM anomalies are also compared with FDSI
over the drought period as shown in Figure 4b. The comparisons reveal that, although FDSI captures the drought
hotspots in July that are spatiotemporally consistent with USDM categories, once the vegetation stress takes
effect, resulting deterioration of RZSM in the eastern parts of the domain is generally underestimated in FDSI.
Assimilating MODIS LAI and SMAP SM helps model those stresses captured by the relatively large negative
anomalies in the Multi-DA simulation in the eastern parts.

The daily variation of standardized anomalies of LAI, RZSM, and transpiration, averaged over the selected
domain, is shown in Figure 5 explaining the temporal influence of DA experiments in capturing drought progres-
sion. The month of April 2016 received abundant precipitation which eliminated the abnormally dry soil condi-
tions and reduced stress on the vegetation (as shown by large positive ESI anomalies in April in Figure 3a).
While MODIS LAI observations are available only every 8-day, assimilating SM observations (Multi-DA and

AHMAD ET AL.

8 of 17

85UB0 17 SUOWIWIOD dA1R1D) 3ol jdde ayy A pausenoh ae S3(o1le YO 8sn JO Sa|NnJ 10 AeqiT auljuQ 43|11/ UO (SUORIPUOD-pUR-SWBIW00 A8 1M ARG 1RU1UO//SANY) SUORIPUOD PUe SWIS | 3Y) 39S *[2Z02/2T/ST] Uo ARiqiauliuo A3|1m ‘pue ABojoyrd Jo jusluredsq WeD UosIpe N 'USUuoIS I Jo AIsBAIUN AQ 1682808MZZ02/620T 0T/I0p/0d A8 1M Afelqpul|uo sqndnfe/sdny woly papeoumoq ‘2T ‘2202 ‘€L6L V6T



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research 10.1029/2022WR032894

LAI Root Zone SM 5 Vegetation Transpiration

=
I

N

A\

Std deviation, o
o

|
-
L

-2

-2

Mar Apr May Jun Jul Aug Sep Oct Mar Apr May Jun Jul Aug Sep Oct Mar Apr May Jun Jul Aug Sep Oct

—— Multi-DA —— SM-DA ——LAI-DA OL

Figure 5. Temporal progression of leaf area index (LAI), root zone soil moisture (RZSM), and transpiration anomalies,
averaged over the selected domain for 2016 flash drought.

SM-DA simulations) results in increased LAI anomalies in April (compared to LAI-DA), reflecting the apparent
reduced stress on vegetation. This also caused Multi-DA to have larger positive LAI anomalies, closer to those
modeled from SM-DA simulations during April. Subsequent drier conditions in May caused a sharp decline in
LAI modeled with Multi-DA relative to the SM-DA and OL simulations, capturing the increasing vegetation
stress (Figure 5, leftmost panel). Another factor that aggravated the vegetation condition was the occurrence of
several days of freezing temperatures in mid-May (see Figure 2a). Though lower temperatures during May are not
unusual in this region, the severity and persistence of the cold temperatures were unusual, termed as “hard freeze”
by Otkin et al. (2018), resulting in a less-resilient vegetation. With the return of above normal temperatures,
stressed vegetation continued to result in large negative RZSM anomalies over the drought intensification period.

Changes in LAI have a direct impact on the water cycle components. Decreased LAI leads to reduced canopy
shading, increased net radiation, and a resulting decrease in SM. Conditions improved gradually post-June with
near-normal temperatures and rainfall, but LAI anomalies remained negative. This could be attributed to the
impacted development cycle of most crops and rangelands during summers and the longer-term impacts of
heightened vegetation stress. The assimilation of MODIS-derived LAI is essential to capture the response of
vegetation to the 2016 drought initialized by heat waves and intensified by dry conditions.

3.3. Impact of DA on Characterizing Dry Flash Drought of 2017

The 2017 flash drought followed a contrasting pathway primarily due to anomalously low precipitation during the
climatologically wet season of May-July, leading to a peak drought intensity in July. Figures 6¢ and 6d show the
spatial progression in RZSM and transpiration anomalies as the drought developed. Prior to the onset in March,
RZSM was adequate across most of the Northern Great Plains due to early precipitation. Wet soil conditions in

(a) USDM | (b) FDSI (c) RZSM - 2017 (d) Transpiration - 2017
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Figure 6. Same as Figure 4, but for the flash drought of 2017. Areas shown are larger than the selected domain of Figure la
to show the surrounding context of droughts.

AHMAD ET AL.

9of 17

85UBD17 SUOWILIOD A1) 9|qedt[dde sy Aq peusenob ae s9oile WO 8sn Jo SN J0j ARIq1T 8UIIUO AS|IAA UO (SUO N IPUOD-PUR-SLLIBIALIOD" A 1M Aeid] 18U UO//SANY) SUONIPUOD pue SWIe 1 8y} 89S *[2202/2T/ET] uo ARiqiautjuo A8|im ‘pue ABojoyed Jo uswiieda@ we uosipe \'usuodsIm Jo AisieAn Aq #682608MZZ02/620T 0T/10p/wod Ao |im Azeiq1pujuo 'sgndnfie//sdny wo.y pepeojumoq ‘2T ‘2202 ‘SL6.vv6T



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research 10.1029/2022WR 032894

LAI Root Zone SM Vegetation Transpiration
2

Std deviation, o
A o
/|
L
g
~
g
|
-
£
fgf
e.—’)
= |

Mar Apr May Jun Jul Aug Sep Oct Mar Apr May Jun Jul Aug Sep Oct Mar Apr May Jun Jul Aug Sep Oct

- Multi-DA =—— SM-DA —— LAI-DA oL
Figure 7. Same as Figure 5, but for the flash drought of 2017.

May (Figure 6¢, top row) began to experience rapid decline during an anomalously dry period in May-July. The
RZSM anomalies from SM-DA and Multi-DA simulations are spatially more consistent with USDM drought
patterns (see Section 3.5 for a quantitative evaluation) and detect early signals of rapid drought intensification
in June (Figures 6a and 6¢). Assimilating information on SM helps resolve the rapid rate of change in moisture
availability. The vegetation stress during onset, a consequence of the moisture stress for this drought event, is
overestimated in the integrations that only incorporate LAI. On the other hand, during the late summer months
(August-September), LAI-DA modeled outputs underestimate drought severity, whereas SM-DA results in rela-
tively more stressed vegetation conditions. The rapid drawdown in moisture is also captured by FDSI lead-
ing to larger drought severity around the USDM hotspots during the peak drought months of July and August
(Figure 6b). However, the severity is clearly underestimated in the eastern part of the domain. Again, our DA
experiments, by incorporating both the vegetation and SM conditions, help capture the additional stress brought
by vegetation response to result in rapid moisture drawdown for this drought event.

Although assimilation of SM observations in SM-DA and Multi-DA simulations helps capture the large nega-
tive anomalies across the region during the peak intensification period, particularly for the dry flash drought of
2017, resulting anomalies exhibit noisier patterns compared to LAI-DA or OL. DA setup applies a number of
LSM-based quality control procedures to specify when and where observations should be assimilated, in addi-
tion to the screening applied to the observations based on quality flags within SM retrievals. SM observations
are excluded for assimilation for being at the edge of the swath, near water bodies, and when impacted by dense
vegetation, precipitation, frozen ground, snow cover, or radio frequency interference based on the information
provided in the SM retrievals (Kumar et al., 2014). Comparatively, the observation screening procedure within
LAI-DA is simpler, primarily based on the observation quality flags only (Kumar et al., 2019). These procedures
in the SM assimilation, while essential, may lead to differing assimilation instances across neighboring pixels and
ensemble members contributing to the noisy features, particularly at high resolutions.

Temporal variations of the drought indicators of LAI, RZSM, and transpiration are shown in Figure 7. SM-DA
and Multi-DA capture the positive RZSM anomalies at the onset (April-May) while OL and LAI-DA are unable
to model this response (Figure 7, middle panel), as the primary drought signal is influenced by SM. The negative
LAI anomalies during the summer months (Figure 7, left most panel) are the result of overstressed vegetation in
response to increased evaporative demand and depleted SM. Assimilating SMAP SM thus helped in modeling
the rapid decline in moisture that caused the vegetation to respond with reduced transpiration. Because vegetation
stress is not the primary driver of drought onset or intensification in 2017, assimilating SM observations do not
have any significant impact on the modeled vegetation response and Multi-DA mostly follows LAI-DA simula-
tion in the LAI and transpiration anomalies.

The following sections describe the improvement from LSM and DA to the representation of flash drought onset
and intensification and the subsequent drought severity.

3.4. Multivariate DA Captures Drought “Flashiness” at the Onset

One of the distinctive features of flash drought that separates it from conventional long-term droughts is its rapid
rate of intensification contributing to the “flash” aspect (Otkin et al., 2018; Qing et al., 2022). Here, we explore
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Figure 8. Average slopes for (a) root zone soil moisture (RZSM) and (b) leaf area index (LAI) over seven pentads, where pentad zero corresponds to the last pentad
with positive slope of RZSM preceding the decline to lowest pentad slope, over the 2016 flash drought. Plots (c) and (d) show the same for 2017 flash drought.
Annotation on the plots summarize average slope over the seven pentads for each model configuration, bold font shows the one with minimum slope.

the utility of assimilation in capturing the rapid rate of onset and intensification of flash droughts. Rate of SM
decline has been used as a criterion to characterize and filter flash droughts from other nonflash droughts. A
common intensification rate-based definition involves decline of RZSM from 40th percentile to below the 20th
percentile, with an average decline rate of no less than the fifth percentile for each pentad (Qing et al., 2022;
Yuan et al., 2019). Due to the limited availability of SMAP SM observations to calculate percentiles, we analyze
the variations in slope of the standardized anomalies of RZSM and LAI at a pentad (5 day) time scale across
the different DA and OL (without DA) configurations. The slopes are calculated only over the selected domain
(see Figure 1a) which is representative of the affected region common to both the droughts during their onsets.
Regions without any drought impact are assumed to be absent during the period of analysis which begins from
the last pentad with a positive slope of RZSM (pentad zero) before the decline to pentad with lowest (largest
negative) slope. The period extends over the next 1 month (six pentads) after dropping to a negative RZSM slope.
Pentad slopes represent the rate of change in landscape and vegetation conditions, often leading to changes in
water cycle enough to trigger the flash drought. In fact, the rapid intensification rate is a major contributor to
the harm caused to the agricultural industry, where it limits the time for mitigating measures such as additional
irrigation arrangements, or delaying the seeding of crops (Hoffman et al., 2021).

Figure 8 shows pentad scale slopes of RZSM and LAI during seven pentads starting from the pentads of 1 May
2016 and 26 April 2017 for the flash droughts of 2016 and 2017 respectively. RZSM slope drops to minimum
during the fourth and third pentad for the 2016 and 2017 droughts, respectively. For the 2016 flash drought,
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Table 1 LAI-DA captures the rapid rate of decline in RZSM with largest negative
Comparison of Weekly Averaged RZSM Anomalies With Reference Data slopes at the onset, as high as 10.0% steeper compared to results from OL
Sets of ESI (Four-Week Composite Product) and Monthly Median USDM (Figure 8a). Given the decline in RZSM is driven by high temperatures and
Drought Categories, Averaged Over the Months of May-August During the increased vegetation transpiration, assimilating vegetation conditions from

Two Flash Droughts of 2016 and 2017

MODIS LAI improves the ability to model rapid changes in soil dryness.

Year  Reference Metric Multi-DA LAI-DA  SM-DA  OL Further, Multi-DA is also able to capture the rapid decline in LAT as a result
2016 ESI MI score 1.04 0.86 081 080  of increased vegetation stress (Figure 8b). The large difference in slopes
ESI Pearson's R 072 071 053 0.62 ‘F)etween LAI-DA and Ml..lltl-D.A 51mu1at¥0ns in the 1n1t1.a1 couPle of pehtntads
is also a result of preceding differences in LAI anomalies during April (see
USDM F1-score 0.21 0.24 0.20 0.19 . R .
Section 3.2) caused by large spells of precipitation where Multi-DA better
USDM SSIM 0.49 0.57 047 051 captures the reduced stress on vegetation by including both LAI and SM
2017 ESI MI score 111 1.03 111 1.04  observations. It should also be noted that the decline in LAI, caused by
ESI Pearson's R 0.70 0.64 0.69  0.66 excessive heat and evaporative demands, precedes RZSM drawdown, which
USDM -GEaT 0.27 0.20 029 020  Aagaincorroborates the warm (heat wave-driven) mechanism of the 2016 flash
USDM  SSIM 0.36 0.29 032 0o8  drought

Note. Comparison with USDM is performed using spatial similarity measures During the 2017 drought, in contrast, SM-DA and Multi-DA result in larger
of Fl-score and Structural Similarity Index (SSIM). Bold indicates the model negative RZSM slopes over the seven pentads analyzed here (Figure 8c). This

with the best performance compared to reference data set (ESI/USDM).

rapid rate of initial RZSM decline due to anomalous precipitation was the key
factor that led to flash drought in the region. SM-DA resulted in the largest
rates of decline in RZSM, as large as 48.4% during the pentad of maximum
decline, compared to results from OL. The drier soils thus cause a subsequent
stress on vegetation captured by large negative LAI slopes from Multi-DA over the later pentads (Figure 8d).
This follows with a decline in LAI in contrast to the 2016 drought, where drying of soils is an after-effect rather
than the cause. The similar slopes of LAI anomalies between Multi-DA and LAI-DA again result from the dry
(precipitation deficit-driven) mechanism, where vegetation stress is not the primary driver of drought onset or
intensification, in contrast to the 2016 warm flash drought. Thus, assimilating SM observations in the Multi-DA
configuration do not have any significant impact on the modeled LAI.

3.5. Multivariate DA Captures Spatial Signatures of Flash Drought Progression

We analyze spatial signatures of RZSM anomalies and vegetation stress indicators to provide a basis for assessing
the impact of DA in capturing drought progression and severity. Because of the lack of independent drought refer-
ence data, we perform quantitative evaluation of the driving mechanism of the droughts by comparing against
common indicators of drought stress and existing drought indices. We first evaluate modeled RZSM anomalies
with ESI, which is an indicator of vegetation stress that also responds to changes in SM (Zhong et al., 2020).
Table 1 shows MI score), and Pearson's correlation (R) between weekly ESI and RZSM anomalies obtained from
OL and DA experiments averaged over May-August. MI score is a measure of similarity between two time series,
where a score of zero denotes no similarity (Equation 2). Two-tailed p-value is obtained for testing the signifi-
cance of correlation between SM and ESI anomalies.

The assessment highlights the different roles of assimilating observations of SM and LAI during various stages of
flash drought development. For the 2016 case driven by heat wave, the vegetation pathway drives drought propa-
gation, subsequently modulating SM stress. As a result, only the DA runs that incorporate vegetation information
(LAI-DA and Multi-DA) are able to model vegetation stress as evidenced by higher similarity and correlation
of modeled RZSM anomalies with ESI in 2016. An increase of 7.5% in the MI score and 14.5% in correlation is
obtained using LAI-DA compared to the OL-modeled RZSM anomalies. All the correlation values were statisti-
cally significant with p-values well under the significance limit.

In contrast, during the dry flash drought of 2017, assimilation of SM is necessary to capture the impact of flash
drought on the rapid drying of soils in summer. As RZSM decreases, less energy is needed to evaporate and
transpire water, causing canopy temperatures to elevate in comparison with unstressed vegetation under the same
atmospheric conditions (Otkin et al., 2013). SM-DA and Multi-DA outputs capture this control of SM on the ESI
during drought intensification, each with a 6.7% increase in MI scores over OL outputs (Table 1).
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Table 2
Comparison of Average RMSE and Bias Between LIS-Modeled Surface SM Using Different DA Configurations and
USCRN Stations Over the Period of Analysis (Combined Over 2016 and 2017 Drought Periods)

Metric USCRN station name Multi-DA SM-DA LAI-DA OL

RMSE ND_Medora_7_E 0.060 0.060 0.056 0.053
* SD_Buffalo_13_ESE 0.085 0.085 0.096 0.095
* WY_Sundance_8_NNW 0.093 0.094 0.114 0.110
SD_Pierre_24_S 0.108 0.109 0.106 0.106
Bias ND_Medora_7_E 0.013 0.013 0.026 0.012
SD_Buffalo_13_ESE —0.059 —0.059 —0.054 —0.060
* WY_Sundance_8_NNW —0.026 —-0.026 -0.025 —0.030
SD_Pierre_24_S —0.089 —0.090 —0.089 —0.086

Note. Refer to Figure 1a for USCRN station names and locations. Stations where RMSE or bias of Multi-DA is lower than
OL with statistical significance are denoted with asterisk and bold font.

Next, to evaluate the DA outputs in terms of their ability to capture the spatial patterns of drought progression,
we compared the spatial similarity of RZSM anomalies with the monthly median of weekly USDM drought cate-
gories. We used the SSIM (see Equation 3) as a measure of perceived similarity in the spatial distributions of two
data sets, varying between zero and one (Wang et al., 2004). Table 1 summarizes average SSIM over the selected
domain during May-Aug. Because of the discrete nature of USDM maps, we also calculate another measure of
similarity, F1-score, which discretizes the RZSM anomalies to compare against USDM drought categories. Note
also that USDM, being a subjective index that relies on a rotating team of authors (Svoboda et al., 2002), may not
reliably provide true measures of physical processes. Nevertheless, we use it here as a reference in the absence
of other drought information. Highest SSIM of 0.57 (0.36) is obtained with LAI-DA (Multi-DA), an increase of
11.7% (28.6%) over results from OL, for the 2016 (2017) flash droughts. During 2016, RZSM anomalies from
Multi-DA entail spatial patterns from both the assimilated variables resulting in lower SSIM values compared to
LAI-DA. Fl-scores also show similar trends, with an increase of 26.3% (45.0%) from LAI-DA (SM-DA) over
results from OL for the 2016 (2017) flash droughts. This again corroborates the role of assimilating LAI (SM)
observations in capturing the progression of warm (dry) flash droughts.

The modeled-SM evaluation against USCRN sites is shown in Table 2. Comparison metrics indicate that assimila-
tion of SM and vegetation is generally beneficial as RMSE from Multi-DA has a statistically significant improve-
ment in RMSE at two of the four stations, along with marginal degradations in the other two sites. Since the
limited set of in situ stations could be in heterogeneous locations that are difficult to model, they are not enough
to provide a fair evaluation of the spatially distributed features of drought evolution. It should also be noted that
a large part of the RMSE is due to bias at most of these stations. Nevertheless, the advantage of SM-DA and
LAI-DA on the land surface process variables is well established in prior studies (Albergel et al., 2010; Kolassa
etal., 2017; Kumar et al., 2014, 2019; Lievens et al., 2017; Liu et al., 2011; Xu et al., 2021).

4. Summary and Conclusions

Soil and vegetation conditions evolve rapidly during the development and intensification of flash droughts. Due
to the interactions between the biosphere and hydrosphere, as well as anthropogenic changes, SM and vegetation
are critical aspects of the water budget and variability of water cycle components. Assimilation of such observa-
tions within LSMs provides a way to model the agricultural and ecological impacts of flash droughts as reflected
by changes in the different indicators of droughts. This study provides confirmation of the utility of assimilating
SM from downscaled-SMAP product and MODIS-derived LAI retrievals to capture flash drought progression
and intensification by improving the LSM estimates. We have also demonstrated which observations are most
critical at different stages of flash droughts based on the driving physical mechanism.

The multivariate assimilation is found to benefit 2016 and 2017 flash droughts in distinct ways. During the warm
flash drought of 2016 intensified by heat waves at the onset, assimilation of LAI helps the model resolve high
transpiration in late spring followed by highly stressed vegetation, which is otherwise not captured by OL and
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SM-DA simulations. OL outputs marginally captured some of the drought stages, in part due to the high-quality
precipitation inputs from GPM IMERG used to force the Noah-MP model. However, states such as anomalously
dry soil conditions or stressed vegetation during droughts are often missing in OL outputs.

The dry flash drought of 2017, however, followed a different mechanism where lack of precipitation drove the
reductions in SM, caused higher vegetation stress and negative LAI anomalies. SM-DA is essential to improve
the representation of SM conditions and capture the fast rate of decline. The dry conditions, combined with
warmer-than-normal temperatures led to a cascade of disturbances that impacted vegetation and sparked various
wildfires across the Northern Great Plains.

We also demonstrated the ability to successfully capture the rapid rate of RZSM decline and vegetation deterio-
ration by assimilating the variables that contribute to the onset. This analysis has multiple implications for flash
drought monitoring, risk assessment, and in designing effective mitigation strategies. An early indication of rapid
change in water availability in the landscape provides early warning and ample window of response to prepare
for and minimize consequences of the impending drought risk to the agricultural industry. While near real-time
(NRT) drought monitoring is not the focus of this study, the multivariate DA framework of remote sensing obser-
vations is also conducive to augment existing NRT monitoring and early warning capabilities, given that most
monitoring efforts rely on indices based on observational or reanalysis data sets. MODIS LAl is an 8-day product
which is smoothed to daily time scale for DA while SMAP SM is available in near real-time (though in this study
we used the SMAP product with a latency of 2 days). The framework can not only improve the predictions of
common flash drought indicators, but also provide a holistic understanding of the flashiness, intensification, and
evolution of soil and vegetation stresses in flash droughts following different mechanisms (warm or dry).

Comparison of RZSM anomalies with ESI and USDM drought categories further explain the role of multivariate
DA. The control of SM on ESI was well-captured by assimilating LAI (SM) observations for warm (dry) flash
droughts. In both droughts, negative RZSM anomalies capture early drying of soils and the respective hotspots
in the USDM maps, demonstrating another advantage of DA in capturing rapid changes during flash droughts.
A comparison is performed to assess the spatial consistency of modeled drought drivers with respect to USDM
patterns. However, a more thorough investigation is needed by deriving drought categories from modeled surface
and RZSM using the corresponding percentiles used by USDM; the short period of SMAP available for this
study limits our analysis. Uncertainties caused by different land covers and irrigation practices in remote sensing
estimates of SM or LAI should also be considered in future efforts.

This study emphasizes the need to incorporate multiple observational constraints from remote sensing for captur-
ing the rapid onset rates of the 2016 and 2017 flash droughts and representing their propagation mechanisms
and severity. It is noteworthy to mention that while the drivers of 2016 and 2017 droughts have been defined in
the literature, in a general case, a-priori knowledge of the drought drivers is absent. Our framework to assimilate
different ground observations to model soil and vegetation dynamics is, therefore, a viable approach to capture
flash droughts at the required time scale. Further, our characterization of warm versus dry flash droughts, giving
more weight to the mechanism that drives the rapid onset rates, help better identify the impact of droughts without
being constrained by the duration of anomalous conditions. As such, the 2016 warm flash drought persisted much
after the heat waves receded.

Another novel contribution of this study is the improvement in representation of the onset and intensification
stages of the two contrasting flash droughts because of simultaneously assimilating SM and LAI conditions.
These contributions can be attributed to the distinct impacts of moisture deficits and heat waves on the water
cycle. The former evolves because of the anomalous precipitation deficits and rapidly depleted SM moving the
landscape into moisture-limited state, which is captured by assimilating information on RZSM. Amplification of
warm air temperatures by feedback from the increased sensible heat flux further intensifies drought and stresses
vegetation. The latter, however, impacts transpiration at the onset due to high air temperatures and elevated evap-
orative demands where LAI-DA adds modeling improvements to the vegetation state. Multivariate assimilation
thus leverages the advantages of both in improving the representation of key land surface processes that drive and
intensify flash droughts.

A relevant issue in flash drought monitoring that needs consideration is the ability of LSMs to represent the
rapid time scales involved in these extreme events. Because of the rapid change in water availability associated
with a flash drought, the model needs to capture those changes as well as the rate of change in SM conditions,
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evaporative demands, and vegetation response at a smaller time scale. The results of this study suggest that
assimilation of remotely sensed information within LSMs from products with finer temporal resolution provides
a practical approach for improving the characterization, even when the model physics is not fully adequate to
represent the complex underlying processes and their interactions.

Flash droughts significantly impact crops and ecology due to their rapid development allowing a very small
window to respond and plan mitigation strategies. The study has broader implications for flash drought character-
ization by demonstrating the utility of combined use of models and multiple remote sensing sources in promoting
proactive risk management strategies resilient to hydrologic extremes.
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