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Abstract 12 

Flash droughts, known for their rapid onset and intensification, pose a significant threat to 13 

agriculture and water resources. The 2011 Texas flash drought, with its widespread agricultural 14 

losses exceeding $7.6 billion and severe ecological consequences, was a stark demonstration of 15 

their devastating impacts. This study investigates the crucial role of vegetation in numerical 16 

modeling of flash droughts, focusing on the 2011 Texas event. Utilizing the NASA Unified 17 

Weather Research and Forecasting (NU-WRF) and NASA Land Information System (LIS) 18 

modeling frameworks and the Noah Multi-Parameterization (Noah-MP) land surface model, we 19 

examine the influence of vegetation dynamics on simulating drought characteristics. By 20 

integrating satellite-derived vegetation observations and conducting controlled numerical 21 

experiments, we evaluate the model's ability to reproduce observed features of the 2011 drought. 22 

Our findings underscore the importance of vegetation representation in capturing the complex 23 

land-atmosphere feedbacks that drive the evolution of flash droughts. The incorporation of 24 

observed vegetation anomalies into the model leads to improved simulations of surface energy 25 

fluxes, atmospheric warming, and evapotranspiration patterns, particularly during the crucial 26 

onset and intensification phases of the drought. This points to the potential importance of 27 

representing vegetation variability in dynamically-based forecasts of flash drought.   28 



Introduction: 29 

Flash droughts, characterized by their rapid onset and intensification, pose a significant threat to 30 

agriculture and water resources (Osman et al. 2021, 2022a; Otkin et al. 2018; Pendergrass et al. 31 

2020; Svoboda et al. 2002). The swiftness of their development, often triggered by a 32 

combination of precipitation deficits and anomalous atmospheric conditions such as heat waves 33 

and high evaporative demand, makes them particularly difficult to predict and mitigate (Otkin et 34 

al. 2013; Yuan et al. 2018; Zhang et al. 2017). The complex interplay between land surface 35 

processes and atmospheric conditions during flash droughts underscores the potentially critical 36 

role of vegetation in modulating these events (Jiang et al. 2024; Osman et al. 2022a,b). 37 

Vegetation, through transpiration and its influence on surface energy fluxes, actively participates 38 

in land-atmosphere feedback loops that can either amplify or dampen drought conditions 39 

(Arsenault et al. 2018; Osman et al. 2022b; Chiang et al. 2018; Seneviratne et al. 2010; Miralles 40 

et al. 2019). However, many operational forecasting systems, particularly subseasonal-to-41 

seasonal (S2S) models, lack a dynamic representation of vegetation, limiting their ability to 42 

accurately simulate the intricate feedbacks that govern flash drought intensification (Pendergrass 43 

et al. 2020). The accurate representation of vegetation dynamics is crucial across various 44 

modeling time scales, from short-term numerical weather prediction (NWP) to longer-term 45 

climate models for enhancing flash drought prediction and early warning capabilities. 46 

Recent studies have highlighted the complex impact of vegetation on flash drought development 47 

and evolution. For instance, research has shown that the presence of vegetation can influence soil 48 

moisture depletion rates, with densely vegetated areas exhibiting higher susceptibility to flash 49 

droughts due to increased evapotranspiration under hot and dry conditions, directly driving the 50 

surface water balance towards low moisture conditions (Jiang et al. 2024; Zhang et al. 2021). At 51 

the same time, it is also possible that dense vegetation can, in some cases, access deeper soil 52 

moisture reserves, potentially mitigating the impact of near-surface drying. Additionally, the type 53 

and health of vegetation can affect the surface energy balance, altering the partitioning between 54 

sensible and latent heat fluxes and potentially amplifying atmospheric warming and drought 55 

intensification (Osman et al. 2022b; Miralles et al. 2019). The dynamic nature of vegetation, 56 

including changes in leaf area index (LAI) and the complex response of stomatal conductance to 57 

water stress, can further modulate land-atmosphere feedbacks during flash droughts (Niu et al. 58 



2011; Parazoo et al. 2024). These vegetation-driven feedbacks can influence atmospheric 59 

circulation patterns, cloud formation, and precipitation, potentially leading to self-propagating 60 

droughts where initial soil moisture deficits trigger a cascade of atmospheric and land surface 61 

drying (Koster et al. 2019; Schumacher et al. 2022; Miralles et al. 2019; Entekhabi 2023). 62 

The critical role of vegetation in flash droughts is further emphasized by studies demonstrating 63 

the limitations of models that rely on climatological vegetation inputs. The use of climatological 64 

vegetation, instead of dynamic vegetation, is a simplification that can hinder all models and 65 

forecast lead times to a struggle to capture the interannual variability of evapotranspiration and 66 

land water and energy states. In this study we are concerned with the impact this simplification 67 

has for S2S prediction, but it also creates challenges for NWP and climate models attempting to 68 

simulate rapidly emerging drought conditions and their feedback on vegetation growth and 69 

health (Ukkola et al. 2016a,b; Tallaksen and Stahl 2014). Consequently, the integration of 70 

remotely sensed vegetation observations, such as LAI, into land surface models has shown 71 

promise in improving drought characterization. Mocko et al. (2021) demonstrated that 72 

assimilating LAI data into the Noah-MP land surface model led to substantial improvements in 73 

simulating agricultural drought. Similarly, Nie et al. (2022) and Fallah et al. (2024) highlighted 74 

the benefits of LAI assimilation in capturing the spatial distribution of vegetation response to 75 

drought and improving the simulation of transpiration and associated carbon fluxes and potential 76 

transition to longer-term droughts. Furthermore, Ahmad et al. (2022) emphasized the necessity of 77 

incorporating multiple observational constraints, including both soil moisture and vegetation 78 

properties, to effectively capture the rapid onset and intensification of flash droughts driven by 79 

different mechanisms. They also highlighted the importance of capturing the "flashiness" of 80 

these droughts, characterized by rapid rates of soil moisture decline and vegetation stress. 81 

The 2011 Texas flash drought, marked by its exceptional intensity and widespread impacts, 82 

serves as a compelling case study for investigating the role of vegetation in flash drought 83 

modeling (Nielsen-Gammon 2012). While the overall event resulted in the driest 12-month 84 

period on record for the state, with an average of slightly more than 11 inches of rainfall 85 

compared to the normal 27-inch average (Nielsen-Gammon 2012), it was the rapid onset and 86 

intensification within this period that defines the flash drought. This intensification was primarily 87 

driven by a persistent lack of precipitation coupled with record-breaking temperatures (Nielsen-88 



Gammon 2012). The severity of the drought was amplified by antecedent wet conditions in the 89 

spring of 2011, which promoted lush vegetation growth that subsequently dried out, providing 90 

ample fuel for devastating wildfires and exacerbating soil moisture depletion (Nielsen-Gammon 91 

2012; Schwantes et al. 2016; Yang 2013; Adhikari et al. 2024). The agricultural sector 92 

experienced catastrophic losses, exceeding $7.62 billion, due to widespread crop failures, 93 

reduced livestock productivity, and increased supplemental feeding costs (Nielsen-Gammon 94 

2012). The ecological repercussions were also severe, with extensive tree mortality observed 95 

across central and eastern Texas, impacting both managed and natural ecosystems (Lawal et al. 96 

2024; Nielsen-Gammon 2012). The drought's intensity was unprecedented, with the Palmer 97 

Drought Severity Index (PDSI), a comprehensive measure of drought intensity, reaching record-98 

low values, surpassing even the infamous drought of the 1950s in its severity (Nielsen-Gammon 99 

2012). The extreme heat during the summer months further intensified drought conditions, 100 

contributing to the rapid depletion of soil moisture and surface water resources, and highlighting 101 

the complex interplay between meteorological, agricultural, and hydrological drought (Nielsen-102 

Gammon 2012; Wilhite et al. 2007).  103 

While the 2011 Texas drought aligns with some characteristics of a 'heat wave flash drought' as 104 

defined by Mo and Lettenmaier (2015), our model and satellite derived evapotranspiration 105 

observations did not reveal the widespread increase in evapotranspiration (ET) typically 106 

associated with the heatwave-driven flash drought events (Osman et al. 2022a). This suggests 107 

that other factors, beyond simply high temperatures driving increased ET, played a more 108 

dominant role in the rapid soil moisture depletion observed, which emphasizes the different 109 

classes and pathways for the onset of flash droughts (Osman et al. 2022a) . The Southern Great 110 

Plains, characterized by its strong land-surface-atmosphere coupling, is particularly susceptible 111 

to such rapid drought intensification, as changes in vegetation and soil moisture can quickly 112 

feedback into the atmosphere, influencing temperature, humidity, and ultimately precipitation 113 

patterns (Basara and Christian 2018; Koster et al. 2004). This region's location in a transitional 114 

zone between humid and arid climates, coupled with its extensive agricultural land cover and 115 

reliance on rain-fed agriculture, further amplifies its vulnerability to flash droughts (Koster et al. 116 

2004).  117 



In this study, we delve into the influence of vegetation on the numerical modeling of flash 118 

droughts, using the 2011 Texas event as a case study. We leverage the NU-WRF (Peters-Lidard 119 

et al. 2007, 2015) and LIS modeling frameworks (Kumar et al. 2006) and the Noah-MP land 120 

surface model (Niu et al. 2011; Yang et al. 2011) to examine the role of vegetation feedbacks on 121 

the atmosphere in simulating the onset, severity, and land-atmosphere feedbacks associated with 122 

this flash drought. We do this by integrating satellite-derived vegetation observations and 123 

conducting controlled numerical experiments with modified vegetation parameters—that is, 124 

rather than using a dynamic vegetation model, we prescribe vegetation condition based on 125 

satellite-derived observations. This has the advantage of allowing us to look at model sensitivity 126 

to observed vegetation stress rather than relying on the model’s own vegetation model to 127 

simulate drought impacts on vegetation health. By doing this, we aim to rigorously evaluate the 128 

model's ability to reproduce the observed characteristics of the 2011 Texas flash drought. 129 

Through a deeper understanding of the role of vegetation as a mediator of flash drought, we can 130 

pave the way for the development of more effective strategies to mitigate the impacts of these 131 

devastating events on agriculture, water resources, and ecosystems in the Southern Great Plains 132 

and beyond. 133 

 134 



Methods 135 

The NASA Unified-Weather Research and Forecasting (NU-WRF) model is a sophisticated 136 

modeling system designed to simulate the complex interactions between the atmosphere, land 137 

surface, aerosols, clouds, and precipitation at both satellite scales and the process level (Peters-138 

Lidard et al. 2015). It builds upon the widely-used Weather Research and Forecasting (WRF) 139 

model (Skamarock et al. 2021), incorporating key NASA capabilities to enhance its 140 

representation of Earth system processes. 141 

Crucially for our study on flash droughts, NU-WRF tightly couples the NASA Land Information 142 

System (LIS) with the WRF atmospheric model, enabling a two-way exchange of information 143 

between the land surface and the atmosphere (Peters-Lidard et al. 2015) that leverages the unique 144 

assets of LIS. This coupling is therefore essential for capturing the dynamic feedbacks that drive 145 

the rapid onset and intensification of flash droughts, particularly in regions like the Southern 146 

Great Plains where land-atmosphere interactions play a critical role. Furthermore, NU-WRF 147 

integrates the Noah-MP land surface model, allowing for the explicit representation of vegetation 148 

dynamics and their influence on soil moisture and surface energy fluxes. 149 

By combining these advanced capabilities, NU-WRF provides a powerful platform for 150 

investigating the influence of vegetation on flash drought modeling. The model's ability to 151 

integrate satellite-derived vegetation observations and conduct controlled experiments with 152 

modified vegetation parameters allows us to rigorously evaluate its performance in simulating 153 

the 2011 Texas flash drought and gain deeper insights into the role of vegetation in these extreme 154 

events. 155 

The study focuses on the Southern Great Plains (SGP) region, including the state of Texas, USA 156 

as shown in Figure 1. This region is characterized by its diverse land cover, ranging from semi-157 

arid grasslands in the west to humid forests in the east. The SGP experiences a continental 158 

climate with hot summers and mild winters, making it prone to extreme weather events such as 159 

heat waves and droughts. The 2011 Texas flash drought, which severely impacted the region's 160 

agriculture, water resources, and ecosystems, serves as the focal point of this study. The region’s 161 

strong land-surface-atmosphere coupling, where changes in vegetation and soil moisture can 162 

influence the surface fluxes that drive boundary layer evolution and atmospheric conditions 163 



(Dirmeyer 2011), makes it a particularly challenging but relevant environment for investigating 164 

the role of vegetation in flash drought modeling (Basara and Christian 2018; Koster et al. 2004). 165 

 166 

 167 

Figure 1: Map of the study domain encompassing the state of Texas, with eight analysis boxes 168 

highlighted and numbered. The colors of these boxes correspond to the colors used to represent 169 

each box in subsequent figures. The background depicts the climatological annual mean green 170 

vegetation fraction (GVF) derived from MODIS observations, illustrating the spatial distribution 171 

of vegetation cover across the region. Line-plots next to boxes represent the average flash 172 

drought onset date for grid points within each box, as defined using the SMVI flash drought 173 

index (Osman et al., 2024). The average flash drought onset dates for grid cells within each box 174 

are marked with the vertical lines. Brown timeseries represent the 20th percentile RZSM, purple 175 

and blue dashed-lines represent the 5 and 20 days running RZSM averages respectively, Y-axis is 176 

the standardized RZSM anomaly. 177 



To capture the spatial heterogeneity of land-atmosphere interactions within this domain, we 178 

define eight 1° by 1° analysis boxes (Figure 1), each representing a distinct geographical area 179 

with potentially varying vegetation cover, including shrublands, savannas, grasslands, croplands, 180 

and sparsely vegetated areas, within the detected flash drought regions during the 2011 event. We 181 

excluded other land cover types, such as forests, urban or water, as these selected types are more 182 

directly relevant to agricultural drought, the primary focus of this study. These boxes, 183 

strategically placed across the state of Texas, allow us to examine regional differences due to the 184 

influence of vegetation status on flash drought intensification. The onset date for flash drought in 185 

each box is drawn from our previously published inventory of flash droughts (Osman et al., 186 

2024). Briefly, Osman et al. (2024) defined flash drought onset based on a rapid decline in soil 187 

moisture, exceeding a specified threshold within a short period. It is important to note that the 188 

dates shown in Figure 1 represent the median flash drought onset date for grid points within each 189 

box, reflecting the average timing of the event across the region, not a single, synchronous onset. 190 

The model domain, covering a large portion of the Southern Great Plains and surrounding areas 191 

at a 4-km horizontal resolution (covering approximately 2500km by 2000km), capturing 192 

mesoscale features and regional variations in land surface and atmospheric conditions while 193 

allowing for explicit representation of convection. The simulation period extends from March 1, 194 

2011, to August 1, 2011, encompassing the antecedent conditions leading up to and the peak 195 

intensification of the 2011 Texas flash drought event. Lateral boundary conditions are drawn 196 

from Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-2) 197 

reanalysis data. which provides a comprehensive reanalysis of the global atmosphere, land 198 

surface, and ocean state, combining satellite observations with a numerical model to generate a 199 

consistent and continuous record of meteorological variables (Gelaro et al. 2017). 200 

To ensure an accurate representation of the land surface states at the beginning of the coupled 201 

simulation, we conducted an initial 40-year spin-up run using LIS offline, driven by MERRA-2 202 

reanalysis data. This spin-up process allows the land surface model to reach a state of 203 

equilibrium, minimizing the influence of initial condition biases on the subsequent coupled 204 

simulation. 205 

For the atmospheric component, we implement NU-WRF using the Thompson microphysics 206 

scheme (Thompson et al. 2008) and the Rapid Radiative Transfer Model for GCMs (RRTMG) 207 



radiation scheme (Iacono et al. 2008). The Thompson scheme simulates the formation and 208 

evolution of various hydrometeors (e.g., cloud water, rain, ice, snow) within the atmosphere, 209 

while the RRTMG scheme calculates the transfer of solar and terrestrial radiation, both of which 210 

are critical factors influencing the energy balance and water cycle during flash droughts. The 211 

MYNN2.5 planetary boundary layer (PBL) scheme is used to parameterize the vertical turbulent 212 

mixing of momentum, heat, and moisture in the atmosphere, solving a prognostic equation for 213 

turbulent kinetic energy (TKE) to determine eddy diffusivities (Nakanishi and Niino 2006, 2009; 214 

Olson et al. 2019). This combination of physics routines has performed well in previous studies 215 

of Southern Great Plains atmospheric dynamics (Squitieri and Gallus 2016). 216 

In this study, the Noah-MP land surface model (Niu et al. 2011; Yang et al. 2011) within LIS is 217 

configured with four soil layers and employs climatological MODIS green vegetation fraction 218 

(GVF) data in one experiment and GVF data that includes interannual variability (Nie et al. 219 

2018) in another, enabling us to assess the impact of dynamic vegetation representation on flash 220 

drought simulations. Both the climatological (CLIM) and interannually varying (IVAR) GVF 221 

datasets are based on MODIS NDVI composites at a 0.05° spatial resolution from January 2002 222 

to present (Nie et al. 2018) using the GVF estimation algorithm of Case et al. (2014). Figure 2 223 

shows the bi-weekly averaged difference in GVF between IVAR and CLIM for eight analysis 224 

boxes. As indicated in the figure, IVAR generally has lower GVF than CLIM during the study 225 

period ranging up to a 25% drop in vegetation fraction. 226 



 227 

Figure 2: Difference in bi-weekly averaged Green Vegetation Fraction (GVF) between the 228 

interannually-varying vegetation experiment (IVAR) and the climatological vegetation 229 

experiment (CLIM; the 2001-2017 average) for the eight analysis boxes. Colors correspond to 230 

the analysis box colors in Figure 1.  A negative difference indicates that the IVAR experiment 231 

shows lower GVF, as prescribed from observations, compared to the CLIM experiment. 232 

In addition to the coupled NU-WRF simulations, we perform offline LIS simulations using the 233 

same implementation of Noah-MP. This allows us to compare representation of surface 234 

conditions during the drought in coupled and uncoupled simulations. For the offline simulations 235 

the primary meteorological forcing for the simulations is derived from the MERRA-2 reanalysis 236 

data. However, to improve the representation of precipitation, the Integrated Multi-satellitE 237 

Retrievals (IMERG) for NASA Global Precipitation Measurement (GPM) - GPM IMERG - 238 

precipitation data (Huffman et al. 2020) is used to replace the MERRA-2 precipitation forcing, as 239 

it offers high-resolution precipitation estimates that merge data from multiple satellite platforms 240 

and ground-based observations. In addition to providing a set of offline comparison simulations 241 

during the study period, this implementation of LIS provided surface initial conditions for the 242 

NU-WRF simulations. All offline simulations used in the simulation were spun up for 40 years 243 

prior to the start of the study period to allow model soil moisture to reach equilibrium. 244 



Results and Discussion 245 

Observations of the 2011 drought 246 

The 2011 Texas flash drought manifested as a complex interplay of meteorological and land-247 

surface conditions, leading to rapid intensification and severe impacts across the Southern Great 248 

Plains. As illustrated in Figure 3, NLDAS-2 2m temperature and 10m wind speed (Xia et al. 249 

2012) (anomalies were calculated relative to a climatology period of 1979-2020), ALEXI 250 

evapotranspiration (Anderson et al. 1997, 2007a,b) (anomalies were calculated relative to a 251 

climatology period of 2001-2021), MODIS SSEBoP evapotranspiration (Senay et al. 2011, 2013) 252 

(anomalies were calculated relative to a climatology period of 2000-2021), SMERGE root zone 253 

soil moisture (Tobin et al. 2019) (anomalies were calculated relative to a climatology period of 254 

1979-2016) and CHIRPS precipitation data (Funk et al. 2015) (anomalies were calculated 255 

relative to a climatology period of 1981-2023) reveal key characteristics of this event and its 256 

evolution within the study domain. 257 



 258 

  259 



 Figure 3: Bar charts of the difference in bi-weekly averaged observed atmospheric and land 260 

surface anomaly conditions during the study period from March 1st to August 1st compared to the 261 

long-term climatology for the used datasets of each plot. Note that the climatology periods vary 262 

depending on data availability. 263 

The plot of 2m temperature anomalies (Figure 3-d) highlights the dramatic warming trend during 264 

the spring and summer of 2011. Positive anomalies began to emerge in April, with peak 265 

anomalies exceeding 6°C in some boxes. Conditions in May were mixed, with an average of two 266 

weeks relief from the observed abnormally hot conditions, though still warmer than average over 267 

the month. From late May onward anomalous warmth persisted throughout the summer, 268 

contributing to increased evaporative demand and exacerbating drought conditions. It is 269 

important to note that while these temperature anomalies suggest that dry conditions were 270 

present from early in the year, flash drought is specifically defined by the rapid decline in 271 

RZSM. Anomalously high temperatures, winds, and precipitation deficits can be contributing 272 

factors to flash drought (Otkin et al. 2018; Osman et al. 2022a; Chen et al. 2019), but the key 273 

characteristic is the rapid root zone soil moisture loss. Furthermore, there can be multiple flash 274 

drought episodes within a year if there are temporary recoveries in soil moisture (Osman et al. 275 

2024). In this analysis, we are primarily focused on the most intense, widespread flash drought 276 

event that occurred during the summer months. 277 

The climatology of evapotranspiration (ET) exhibits a typical seasonal pattern, with values 278 

increasing from spring to summer (Figure 4). However, the 2011 actual ET curves (Figures 3-a & 279 

3-b) deviate significantly from this expected trend. Despite some slightly positive anomalies in 280 

early spring, a sharp decline in ET emerges from May onwards, coinciding with the onset of the 281 

flash drought. This decline reflects the vegetation's response to rapidly depleting soil moisture 282 

and increasing atmospheric demand, ultimately reducing evapotranspiration rates. Notably, these 283 

two diagnostic satellite products show no consistent evidence of enhanced springtime ET, a 284 

characteristic sometimes associated with flash droughts. ALEXI has some indication of an ET 285 

bump in early March, but it quickly fades, and MODIS SSEBoP doesn’t show any at all. The 286 

observed ET decline in late spring aligns with the period of rapid warming and precipitation 287 

deficits, reinforcing the notion that land-atmosphere feedbacks, potentially modulated by 288 



vegetation, may play a meaningful role during drought intensification (Seneviratne et al. 2010; 289 

Miralles et al. 2019; Osman et al. 2022b). 290 

 291 

 292 

Figure 4: Bar charts of the climatological bi-weekly averaged observed evapotranspiration 293 

derived from MODIS SSEBoP (Top) and ALEXI (Bottom) datasets during the study period from 294 

March 1st to August 1st for the highlighted analysis boxes. 295 

In the context of our flash drought analysis, bi-weekly averaged precipitation anomalies for the 296 

2011 flash drought, derived from the Climate Hazards Group InfraRed Precipitation with Station 297 

data (CHIRPS) dataset for the period 1981-2021 (Figure 3-c), reveal a mixed pattern across the 298 

study area. While some regions experienced persistent precipitation deficits throughout the 299 



March-August period, others showed alternating periods of both deficit and surplus, highlighting 300 

the heterogeneous nature of flash drought processes (Osman et al. 2021, 2022a). 301 

The flash drought onset dates for each of the eight study regions, derived from the Soil Moisture 302 

Volatility Index (SMVI) analysis presented in Osman et al. (2024) and illustrated in Figure 1, 303 

spanned from mid-May to early June. While the SMVI analysis may identify multiple flash 304 

drought episodes throughout the year, we primarily focus on the most intense, widespread events 305 

that occurred during the summer months, as these have the most significant impact. . This timing 306 

coincides with observed anomalies in key hydrometeorological variables, including temperature, 307 

evapotranspiration, precipitation, and root-zone soil moisture (Figure 3). The rapid 308 

intensification of drought conditions, characterized by sharp declines in soil moisture, 309 

evapotranspiration, and mixed precipitation signals, underscores the "flashiness" of this event 310 

and its potential for severe impacts. It is notable that the diagnosed rapidity of onset results, to 311 

some extent, from the modest recovery period in early May: soil moisture deficits were flat or 312 

somewhat reduced between late April and the third week of May, before increasing quickly and 313 

dramatically during the period of diagnosed flash drought onset.  314 

NU-WRF Simulations 315 

We now turn to our simulation results, focusing on differences between the interannually-varying 316 

vegetation simulation (IVAR) and the climatological vegetation simulation (CLIM) in coupled 317 

NU-WRF runs. First, we examine what impact IVAR has on near-surface meteorology relative to 318 

the CLIM simulation. Across most boxes and time periods, we observe positive 2-m air 319 

temperature differences between simulations (IVAR - CLIM), indicating that the IVAR 320 

experiment, which incorporates real-time vegetation information, generally simulates higher 2m 321 

temperatures (T2) compared to the CLIM experiment (Figure 5a). This difference grows as the 322 

drought reaches maturity, but it is present to some extent throughout the simulation period. 323 

Impacts on precipitation are mixed (Figure 5b), as heterogeneity and mesoscale variability in 324 

land-atmosphere interactions lead to localization of precipitation anomalies as opposed to region-325 

wide decreases in rainfall during the pre-drought and onset period.  326 

Wind speeds tend to be higher (WS; Figure 5c), albeit by a modest amount in IVAR relative to 327 

CLIM, reflecting greater mixing in the planetary boundary layer, while near-surface specific 328 

humidity (Q2; Figure 5d) is substantially lower. This reduction in Q2, together with the increase 329 



in T2, indicates lower relative humidity and increased vapor pressure deficit (VPD; Figure 5h). 330 

IVAR also exhibits a deepened planetary boundary layer height (PBLH; Figure 5f) over time, as 331 

a product of increased turbulence associated with higher surface temperatures and Bowen ratios 332 

(sensible heat in favor of latent heat flux). There is some weaker expression of this in the mid-333 

troposphere, as 500 hPa geopotential height tends to be elevated in IVAR relative to CLIM 334 

(GPH; Figure 5g). 335 

It is tempting to compare plots of the difference between IVAR and CLIM simulations (like 336 

Figure 5) to observed anomalies, as shown in Figure 3. But the two are not actually comparable. 337 

Where observed anomalies show how 2011 differs from the average year, which could result 338 

from any number of large-scale to local climate processes, comparisons of IVAR to CLIM show 339 

only the simulated influence that anomalously low vegetation has on meteorological and 340 

hydrological conditions. Figure 5a, for example, shows a consistent but modest warming 341 

influence on temperature that increases as the drought merges and matures. According to 342 

NLDAS (Figure 3d) temperature anomalies were substantially larger, and they did not show a 343 

systematic increase during the drought. The two results are not necessarily inconsistent; the 344 

counterfactual represented by the CLIM simulation (normal vegetation conditions under 2011 345 

large-scale meteorology) is not directly observable.  346 



 347 

 348 

Figure 5: Bar charts of the weekly averaged difference in near-surface meteorological fields 349 

between simulations using time-varying vegetation (IVAR) and climatological vegetation (CLIM) 350 

for the eight analysis boxes in the study area. (a) 2-meter air temperature (T2), (b) Precipitation 351 

(PRECIP), (c) 10-meter wind speed (WS), (d) Water vapor mixing ratio at 2m (Q2), (e) Surface 352 

pressure (PSFC), (f) Planetary boundary layer height (PBLH), (g) Geopotential height at 500 353 

hPa (GPH) and (h) Vapor pressure deficit (VPD). 354 

Turning to the surface energy budget, we see that accounting for vegetation impacts of the 355 

drought in IVAR leads to a decrease in net radiation at the surface relative to CLIM (Figure 6a). 356 



This reduction is primarily attributable to higher surface temperatures (Figure 6b) that lead to 357 

increased upwelling longwave radiation from the surface (Figure 6c) associated with the warmer 358 

surface in IVAR simulations, and which is not fully compensated by increased downwelling 359 

longwave radiation (Figure 6d), resulting in a decrease in net longwave radiation at the surface 360 

(Figure 6e). The net shortwave radiation signal is mixed (Figure 6f) and is dominated by spatial 361 

variability in downwelling shortwave radiation (Figure 6g). There is a tendency towards 362 

increased reflected solar radiation (Figure 6h), but the reason for this is spatially variable: in 363 

some areas it is simply a product of increased downwelling shortwave radiation, while in others 364 

it is a result of drought-induced brightening of the surface (Zaitchik et al. 2013) – a phenomenon 365 

that was patchy during this event and mostly emerged later in drought development. 366 

 367 



 368 

Figure 6: Bar charts of the Weekly averaged difference in radiation balance fields between 369 

simulations using interannually-varying vegetation (IVAR) and climatological vegetation (CLIM) 370 

for the eight analysis boxes in the study area. (a) Net radiation balance (Rnet), (b) Surface 371 

temperature (Ts), (c) upward longwave radiation at the surface (LWUPB), (d) downward 372 

longwave radiation at the surface (LWDNB), (e) net longwave radiation (LWNET), (f) net 373 

shortwave radiation (SWNET), (g) downward shortwave radiation at the surface (SWDNB), and 374 

(h) upward shortwave radiation at the surface (SWUPB).  375 



The drought also significantly alters turbulent energy fluxes, as evidenced by the pronounced 376 

reduction in latent heat flux (i.e. evapotranspiration) (Figure 7a) and mixed signals (with an 377 

overall slight reduction trend) in sensible heat flux (Figure 7b). This altered energy partitioning is 378 

consistent with satellite-derived observations and with the simulated reduction in net radiation at 379 

the surface (Figure 6a) and with a situation of water limitation: vapor pressure deficit and 380 

potential evapotranspiration are increased, but accounting for vegetation die-back in IVAR 381 

reduces simulated plant access to deeper soil moisture reserves, such that actual 382 

evapotranspiration (or latent heat flux) is reduced. Both the latent and the sensible heat flux 383 

difference develops primarily after drought initiation, indicating that the simulations do not show 384 

a strong role of vegetation-mediated suppression of latent or sensible heat flux during the onset 385 

of flash drought. The latent and sensible heat flux results are also consistent with previous 386 

studies that have highlighted the potential for drought to lead to reduced net radiation and lower 387 

energy conditions near the surface (Osman et al. 2022b; Miralles et al. 2019).  388 



 389 

Figure 7: Bar charts of the biweekly averaged difference in turbulent energy fluxes between 390 

simulations using interannually-varying vegetation (IVAR) and climatological vegetation (CLIM) 391 

for the eight analysis boxes in the study area. (a) Latent heat flux (LH), (b) Sensible heat flux 392 

(HFX).  393 

While the surface radiation and energy partitioning results are consistent with each other, it is 394 

interesting that the PBL is deeper in IVAR, particularly as the drought reaches maturity, even 395 

though surface turbulent energy fluxes are reduced. To explore this result, we examine 396 

atmospheric turbulence, as captured by turbulent kinetic energy (TKE) profiles.  The vertical 397 

profiles of TKE differences between the IVAR and CLIM experiments (Figure 8) reveal how 398 

vegetation alters turbulence throughout the planetary boundary layer. Positive values indicate 399 

increased TKE in the IVAR experiment, suggesting that under drought stress, atmospheric 400 

turbulence is enhanced. The pattern extends as high as ~5km above the surface (approximately 401 



the 40th vertical model level). This is somewhat counterintuitive, given the reduction in surface 402 

turbulent energy fluxes (sensible and latent heat flux) in IVAR relative to CLIM. However, both 403 

longwave radiative heating of the boundary layer from the surface and regionally warmer 404 

conditions in the IVAR simulation could contribute to higher PBL temperatures and greater TKE. 405 

It's also important to consider that larger-scale atmospheric feedbacks, particularly during 406 

heatwaves, may play a significant role. For example, the PBLH can more easily grow into a 407 

warm, dry entrainment zone, especially over multiple days as conditions become drier and 408 

warmer. In such situations, the PBL preconditions itself for rapid growth due to the residual 409 

layer, potentially reducing the direct influence of surface forcing on TKE. Even if these 410 

processes are not fully captured in turbulent energy fluxes between the surface and the lowest 411 

model layer, they can still significantly influence TKE.  412 

The spatial and temporal variability in TKE differences suggests that the influence of drought 413 

conditions on atmospheric turbulence is most pronounced in transitional zones (Boxes 2-7) with 414 

moderate vegetation cover, while it is less evident in both the most humid (Box 8) and most arid 415 

(Box 1) regions. This is consistent with the spatial pattern of IVAR vs. CLIM differences in 416 

several other fields (e.g., T2, Ts, LH) which also show largest impacts in the transitional zone 417 

between humid areas with dense and deeply rooted vegetation (Box 8) and sparse vegetation in 418 

arid regions (Box 1). 419 



 420 

Figure 8: Vertical profiles of differences in the turbulent kinetic energy (TKE) from the MYNN2.5 421 

planetary boundary layer scheme between the IVAR and CLIM experiments for the eight selected 422 

boxes in the Southern Great Plains averaged over 2-week time periods during the 2011 flash 423 

drought. 424 



 425 

Conclusion 426 

The 2011 Texas flash drought, a landmark event in its intensity and widespread impacts, 427 

occurred in a region hypothesized to have strong land-atmosphere coupling (Koster et al. 2004). 428 

Here, we have investigated whether vegetation-mediated land-atmosphere feedbacks might have 429 

played an important role in the drought’s onset and development. In observation and controlled 430 

numerical experiment, we find that the drought exhibits some but not all of the dynamics that 431 

have been invoked in studies of flash drought process. The event does not, in remote sensing data 432 

or simulation, show a strong pre-drought enhancement in ET. So, for this event, it does not 433 

appear that early green-up and vegetation-driven soil moisture depletion played a major role in 434 

priming the surface for drought. Once the drought began, however, we see that accounting for 435 

drought impacts in vegetation—our IVAR simulation—results in reduced net radiation, lower 436 

turbulent heat flux, higher vapor pressure deficit, and increased evaporative demand relative to a 437 

simulation (CLIM) that does not account for these vegetation impacts. This suggests that, at least 438 

within our modeling framework, vegetation feedbacks act to intensify meteorological conditions 439 

that lead to vegetation stress.  440 

These simulation results point to the potential value in of including drought-induced vegetation 441 

dynamics in dynamically-based simulation and forecasting systems. In this study we prescribed 442 

vegetation conditions based on observations, but in a forecast context one would need to include 443 

a dynamic phenology model to capture these anomalies. In pointing to this potential, we 444 

acknowledge that limited observations and the fact that we were not able to perform extended 445 

multi-year NU-WRF simulations limit our ability to quantify the performance of IVAR relative 446 

to CLIM. Rather, our conclusions are drawn from the fact that differences between IVAR and 447 

CLIM are substantial and, in the case of observable variables, tend to be of the same sign as the 448 

anomalies observed during the drought event. 449 

Further research is required to explore the role of specific vegetation types and their 450 

physiological responses to drought stress in modulating land-atmosphere feedbacks. From a 451 

prediction standpoint, data assimilation (DA) offers a promising avenue for addressing the 452 

challenges of incorporating these complex vegetation dynamics. The integration of additional 453 

observational data, such as soil moisture and vegetation indices, through DA techniques, may 454 



enhance model performance and capture the full spectrum of flash drought dynamics in real-time 455 

forecasting. This approach could potentially reduce the reliance on dynamic vegetation models, 456 

which are still a work in progress and face significant uncertainties in accurately representing 457 

vegetation behavior. The insights gained from this study serve as a steppingstone towards a more 458 

comprehensive and predictive understanding of flash droughts. 459 
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