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Abstract  8 

Droughts are among the costliest natural hazards that occur annually worldwide. Their 9 

socioeconomic impacts are significant and widespread, affecting the sustainable development of 10 

human societies. This study investigates the influence of different forcing precipitation data in 11 

driving Land Surface Models (LSMs) and characterizing drought conditions. Here, we utilize our 12 

recently developed LSM data assimilation system for probabilistically monitoring drought over 13 

the Contiguous United States (CONUS). The Noah-MP LSM model is forced with two widely 14 

used precipitation data including IMERG (Integrated Multi-satellitE Retrievals for GPM) and 15 

NLDAS (North American Land Data Assimilation System). Soil moisture and 16 

evapotranspiration are known to have a strong relationship in the land-atmospheric interaction 17 

processes. Unlike other studies that attempted the individual assimilation of these variables, here 18 

we propose a multivariate data assimilation framework. Therefore, in both modeling scenarios, 19 

the data assimilation approach is used to integrate remotely sensed MODIS (Moderate 20 

Resolution Imaging Spectroradiometer) evapotranspiration and SMAP (Soil Moisture Active 21 

Passive) soil moisture observations into the Noah-MP LSM. The results of this study indicate 22 

that the source of precipitation data has a significant impact on the performance of LSM data 23 

assimilation system for drought monitoring. The findings revealed that NLDAS and IMERG 24 

precipitation can result in a significant difference in identifying drought severity depending on 25 

the region and time of the year. Furthermore, our analysis indicates that regardless of the 26 

precipitation forcing data product used in the land surface data assimilation system, our modeling 27 

framework can effectively detect the drought impacts on crop yield. Additionally, we calculated 28 

the drought probability based on the ensemble of soil moisture percentiles and found that there 29 

exist temporal and spatial discrepancies in drought probability maps generated from the NLDAS 30 

and IMERG precipitation forcings.  31 
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1. Introduction 34 

Drought is among the costliest natural hazards with significant socio-economic impact that 35 

causes billions of dollars damage in agriculture sector, among others every year (Sheffield et al., 36 

2014a). Scientists all around the world have raised concerns about droughts and their vast 37 

impacts on the environment, hydrology, ecology, and agriculture (Baniya et al., 2019; Chen et 38 

al., 2020; Huang et al., 2018; Javed et al., 2021; Koohi et al., 2021; Nichol and Abbas, 2015; 39 

Zhao et al., 2018). Furthermore, studies have shown that the frequency and intensity of extreme 40 

events such as droughts are increasing under global warming, threatening the stability and 41 

sustainable development of the ecosystem and economy (Heim, 2002; Liu et al., 2016; Nijssen et 42 

al., 2014; Svoboda et al., 2002) According to the U.S. Federal Emergency Management Agency 43 

(FEMA), the U.S. experiences droughts almost every year causing $6-8 billion of damage 44 

annually (FEMA, 1995). To name a few examples, the North American drought in 1988 resulted 45 

in nearly $62 billion in losses (Cook et al., 2007). The 2012 flash drought which covered most of 46 

the central U.S. caused an intense reduction in crop productions and led to about $12 billion in 47 

agricultural loss (Jin et al., 2019). In 2020, the western US drought caused about $13 billion in 48 

damages (NOAA, 2021a). 49 

 Drought is a multifaceted phenomenon classified into four major types including 50 

agricultural, meteorological, hydrological, and socioeconomic drought each focusing on different 51 

aspects of adverse effects of this hazard. Among the various adverse impacts, the influence of 52 

droughts on the agricultural sector is the most direct and significant. The global economic losses 53 

due to the impacts of drought on the agricultural sector account for more than 50% of total losses 54 

due to all meteorological disasters (Baniya et al., 2019; Liu et al., 2016; Sheffield et al., 2014b) 55 

Hence, improving drought early warning systems (DEWS) and agricultural drought monitoring 56 
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and forecasting capabilities are imperative to mitigate its devastating impacts.. The U.S. Drought 57 

Monitoring system (USDM) provides drought monitoring maps over the Contiguous U.S. on a 58 

weekly basis. The National Oceanic and Atmospheric Administration (NOAA) was authorized 59 

by congress in 2006 to develop National Integrated Drought Information System (NIDIS). 60 

NIDIS's main goal is to provide an integrated national drought monitoring and forecasting 61 

system at federal, state, and local levels (NIDIS, 2021). All these ongoing efforts are to ensure 62 

the support for improvements in monitoring, forecasting, and communication to mitigate the 63 

adverse effects of droughts especially on the agricultural sector.  64 

Agricultural drought refers to a predefined period with an excessive deficit in soil 65 

moisture (SM) which could ultimately result in crop failure (Araneda-Cabrera et al., 2021; Liu et 66 

al., 2018). Accurate estimation of soil moisture is imperative for agricultural drought monitoring 67 

and developing early warning systems to reduce crop yield loss. For this purpose, several 68 

drought indices have been developed based on stand-alone or combination of variables including 69 

precipitation, temperature, evapotranspiration (ET), and soil moisture itself (Barbu et al., 2014; 70 

Gavahi et al., 2020; Hain et al., 2012; Kimwatu et al., 2021; Vicente-Serrano et al., 2010). 71 

SM and ET have the potential to be indirectly assimilated into the land surface model 72 

(LSM) to achieve a more accurate and reliable estimation of these prognostic variables (Hain et 73 

al., 2012; Kumar et al., 2014; Sawada et al., 2015; Zhan et al., 2021). However, soil moisture 74 

predictions by the LSMs are prone to considerable uncertainty mainly due to uncertainty in 75 

meteorological forcing, in particular precipitation (Zeng et al., 2021). The main reason for this 76 

can be attributed to the high level of spatiotemporal variability of forcing data. Additionally, 77 

these uncertainties are magnified by spatiotemporal variabilities of land-surface processes such 78 

as exchanges of energy, mass, and momentum. Hence, characterization of uncertainty in model 79 
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states, parameters, and forcings are vital to improving model predictions especially for dynamic 80 

systems sensitive to initial conditions (Cheng et al., 2020; Khaki et al., 2020; Piazzi et al., 2021). 81 

Data assimilation (DA) provides a robust framework for integrating observations with LSMs to 82 

improve the model predictive skills and provide a more accurate estimation of water and energy 83 

balance computations (Cosgrove et al., 2003; Sawada et al., 2015; Zhou et al., 2020). The main 84 

objective of DA is to exploit the most recently available information provided by real-time 85 

observations to improve model forecasts (Moradkhani et al., 2018). Furthermore, DA merges the 86 

past and current observations by utilizing the model’s prognostic equations to provide a more 87 

reliable and accurate estimation of the model’s states and parameters while accounting for 88 

various sources of uncertainties in modeling (Abbaszadeh et al., 2019a; Moradkhani et al., 2018). 89 

However, the effectiveness of DA is highly dependent on the choice of variables to assimilate 90 

and their spatiotemporal correlations (Gavahi et al., 2020). 91 

The significance of uncertainties stemming from the forcing data can not be 92 

underestimated, especially precipitation, which is the most erroneous meteorological forcing in 93 

land surface modeling and soil moisture estimation. More accurate precipitation estimations at 94 

fine spatial and temporal resolutions have proven to improve our land surface hydrological 95 

simulations and provide us with a more accurate representation of extreme events such as floods 96 

and droughts (Lai et al., 2019; Liu et al., 2020; Scofield and Kuligowski, 2003). A wide range of 97 

precipitation products is available through weather radars, rain gauge stations, satellite-based 98 

estimates, and numerical-based estimates (Hazra et al., 2019). Each of these can have variable 99 

accuracies across spatio-temporal scales and thus result in different representations of extreme 100 

events such as drought. It is well-known that satellite-based precipitation estimations are 101 

inherently prone to complex uncertainties at high spatiotemporal scales (Hossain and 102 
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Anagnostou, 2005). These uncertainties will propagate through model simulations and will 103 

influence the land-surface interaction processes and consequently affect the simulated SM 104 

(Shrestha et al., 2020). This will in turn affect the agricultural drought monitoring which is 105 

mainly based on SM predictions and consequently, different drought conditions are estimated 106 

given the uncertainty in precipitation forcing. Similarly, accurate impact assessment of 107 

agricultural drought on crop loss is highly dependent on the accuracy and reliability of drought 108 

maps that are developed based on predicted SM. For example, the characterization of a flash 109 

drought is heavily affected by the precipitation data uncertainty that is propagated through 110 

different layers in the modeling processes. This affects the antecedent soil moisture conditions 111 

prior to the onset of flash drought (Yuan et al., 2019). Hence, in this study, we aim to 112 

comprehensively investigate the suitability of two precipitation products as inputs to a 113 

multivariate data assimilation framework that uses Noah-MP as its LSM and examines the 114 

impacts for different applications such as crop yield loss, onset and termination of flash droughts, 115 

and probabilistic drought maps over the CONUS. We use the multivariate fully parallelized 116 

divide-and-conquer evolutionary particle filter algorithm developed by (Gavahi et al., 2020) as 117 

the data assimilation framework in which SM and ET are simultaneously assimilated into the 118 

Noah-MP model for more accurate and reliable SM predictions. It should also be noted that the 119 

main objective of this study is not to suggest which precipitation product, e.g., NLDAS or 120 

IMERG, is superior for agricultural drought monitoring purpose, rather to reveal the extent of 121 

differences when different precipitation datasets are used. Are they small enough to be 122 

negligible,  or in some areas, the results are completely different in terms of existence of a 123 

drought condition and/or its severity. 124 
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The remainder of the paper is organized as follows. Section 2 describes the datasets used. 125 

Section 3 provides a brief explanation of the Noah-MP land surface model. In section 4 the 126 

methodology for parallel joint data assimilation procedure is briefly described and section 5 127 

discusses the results.   Finally, section 6 summarizes the findings of this study, its limitations, 128 

and future works. 129 

2. Datasets 130 

2.1 SMAP Soil Moisture Products 131 

In January 2015, the National Aeronautics and Space Administration (NASA) launched the 132 

Soil Moisture Active Passive (SMAP) satellite to provide soil moisture estimates at the global 133 

scale. The satellite uses brightness temperature through two active (radar sensor at 3-km 134 

resolution) and passive (radiometer at 36-km resolution) sensors to estimate the surface soil 135 

moisture. The active sensor provides more information due to its fine spatial resolution, but it is 136 

more prone to uncertainties due to sensitivity to vegetation cover and its swath width. 137 

Unfortunately, three months after the launch of the SMAP satellite its radar instrument failed and 138 

became non-operational and the radiometer sensor is the only operational sensor since then, 139 

providing soil moisture estimates at 36-km spatial resolution. Later on, NASA released an 140 

enhanced version of the SMAP product. In this new version, using the Backus–Gilbert optimal 141 

interpolation algorithm, the SMAP soil moisture at 36-km resolution is downscaled to the 9-km 142 

grid spacing (Das et al., 2018).  143 

Although SMAP provides important SM information for global applications, its usefulness 144 

for local studies such as irrigation management and planning, flood forecasting, crop production, 145 

and agricultural drought monitoring is in question due to its coarse resolution. To cope with this 146 

issue, we used an ensemble-based machine learning approach to downscale the SMAP soil 147 
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moisture from its native 36-km resolution to the fine resolution of 1-km while incorporating 148 

geophysical and atmospheric information gathered from high-resolution remote sensing data and 149 

gauged observations. For a more detailed explanation of the proposed downscaling method, we 150 

refer the interested readers to the (Abbaszadeh et al., 2019b). Also, a comprehensive validation 151 

analysis using the most reliable in-situ soil moisture observations across the CONUS was 152 

provided by Abbaszadeh et al., (2021). Therefore, in this study, we have used the downscaled 153 

SMAP soil moisture product at the 1-km spatial resolution to be assimilated into the Noah-MP 154 

land surface model. The dataset is publicly available over the CONUS and can be accessed via 155 

https://moradkhani.ua.edu/smap.  156 

 157 

2.2 NLDAS Forcing data 158 

Phase 2 of the North American Land Data Assimilation System (NLDAS-2) has been used in 159 

this study as the meteorological forcing data (Xia et al., 2012). To support modeling endeavors, 160 

NLDAS provides high-quality forcing data that are spatiotemporally consistent and validated 161 

against the best available observations (Xia et al., 2012). This dataset covers data from 1979 to 162 

present at 1 hour temporal and ~12.5km spatial resolution. In this study, the Noah-MP land 163 

surface model is forced by total precipitation, incoming longwave and shortwave radiation, 164 

atmospheric pressure, vapor pressure, air temperature, and wind speed. In this study, the hourly 165 

NLDAS-2 meteorological forcing data at ~12.5km spatial resolution from 2016 through 2020 166 

was used to force the Noah-MP land surface model. Also, the climatology of precipitation over 167 

the CONUS was created using this dataset from 2000 through 2020. The dataset is publicly 168 

available and can be accessed through (NLDAS, 2021). 169 

 170 
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2.3 IMERG precipitation 171 

As part of the Global Precipitation Measurement (GPM) program, NASA developed the 172 

Integrated Multi-satellite Retrievals for GPM (IMERG) (Tan et al., 2019). The IMERG 173 

algorithm uses the CMORPH motion vector method to incorporate the microwave-derived 174 

precipitation measurements. However, in its final version, version 06, the total precipitable water 175 

vapor field gathered from numerical models is used to compute the motion vectors instead of the 176 

geostationary infrared (Geo-IR) imagery (Guilloteau et al., 2021). Additionally, IMERG 177 

assimilates the infrared precipitation measurements from the PERSIANN-CCS (Precipitation 178 

Estimation from Remotely Sensed Information using Artificial Neural Networks–Cloud 179 

Classification System) (Hong et al., 2004) using the Kalman filtering assimilation method. The 180 

IMERG algorithm is run twice and provides three products with different latency. The so-called 181 

Early product uses only forward morphing (by using a one-way Kalman filter approach) and is 182 

available ~4 hours after the observation. The Late product uses both forward and backward 183 

morphing (using a two-way Kalman smoother) with a ~14-hour latency. The Final product also 184 

uses forward and backward morphing and is available after the monthly ground-based 185 

observations analysis are received and hence can be accessed ~3.5 months after the observation 186 

month. All three products have a spatial resolution of 0.1 degrees. In this study, the calibrated 187 

daily precipitation measurements at ~10km spatial resolution for the period of 2016 through 188 

2020 is obtained from the final product (IMERG-F) that includes the gauge adjustments and used 189 

as one of the meteorological forcings of the Noah-MP model. Also, the climatology of the 190 

precipitation over the CONUS was created using the IMERG-F from 2000 through 2020. 191 

 192 

 193 
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2.4 MODIS evapotranspiration (ET) 194 

The MOD16 evapotranspiration product from MODIS was used for ET assimilation. This 195 

product provides global evapotranspiration at 8-day, monthly and annual intervals with a 1-km 196 

spatial resolution (Mu et al., 2011, 2007). Considering the temporal and spatial scale mismatches 197 

between MODIS and SMAP datasets, various scenarios for the DA can be devised. For example, 198 

the SMAP SM assimilation can be performed at a daily time scale, and then the MODIS ET is 199 

assimilated every 8 days. Another scenario could be filtering the maps with the day of the year 200 

(DOY) map provided with the MODIS ET product to create daily maps of ET. Here, we used the 201 

first approach for ET assimilation. Hence, here we used the DOY map of the MODIS ET product 202 

with 1-km spatial resolution from 2016 through 2020. 203 

3. Noah-MP land surface model 204 

The Noah-MP LSM uses a series of options for its land-atmospheric interaction processes. 205 

Noah-MP is the enhanced version of the Noah land surface model with improved physics and 206 

multi-parameterization options (Niu et al., 2011). The improvements include but are not limited 207 

to a multi-layer snowpack, an interactive vegetation canopy, and a dynamic ground water 208 

component. Users are provided with different choices of parameterization in runoff modeling, 209 

canopy stomatal resistance, leaf dynamic, groundwater modeling, and soil moisture (Cai et al., 210 

2014). More specifically the vegetation canopy has been significantly improved by adding a 211 

distinct vegetation canopy layer that is defined by several key features such as crown radius, 212 

orientation, density, and radiometric parameters. Unlike the Noah model that used a table of 213 

prescribed monthly values for vegetation properties, the dynamic vegetation model of the Noah-214 

MP is capable of predicting the leaf area index (LAI) and green vegetation fractions (Salamanca 215 

et al., 2018).  216 
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 217 

4. Methodology 218 

4.1 Data Assimilation  219 

The data assimilation method in this study utilizes sequential Monte Carlo techniques to 220 

generate replicas of model forcing and states and then through a formal Bayesian approach 221 

obtains a full probability distribution of the variables of interests and characterizes the predictive 222 

uncertainty. The sequential assimilation techniques have been widely used in hydrological 223 

prediction studies (Moradkhani et al., 2018). The method provides an effective means to merge 224 

ground-based and remotely sensed observations with an LSM. In this study, we use the 225 

Evolutionary Particle Filter with Markov Chain Monte Carlo (hereafter EPFM) to improve the 226 

Noah-MP model predictions and account for the associated uncertainties (Abbaszadeh et al., 227 

2018). The effectiveness and usefulness of this approach for drought monitoring was recently 228 

discussed in some studies (Gavahi et al., 2020). Here, we briefly explain the EPFM data 229 

assimilation technique.   230 

 231 

4.2 Sequential Bayesian Theory        232 

A nonlinear dynamic system that has Spatio-temporal variability can be described using 233 

equations 1 and 2 (Moradkhani et al., 2018).  234 

�� = ������, 	�, 
� + 
�           �1� 235 

�� = ℎ���� + ��                           �2� 236 

In these equations �� ∈ ℝ� represents the vector of uncertain state variables and the uncertain 237 

forcing data at time step � is shown by 	�. 
 and �� represent the vector of model parameters and 238 
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observation data, respectively. 
� represents model structural error and �� is the observation 239 

error. According to the Bayesian theory, the posterior distribution of state variables at time � can 240 

be approximated using the following equations: 241 

 242 

����|��:�� = ����|��:���, ��� = ����|�������|��:����
����|��:���� = ����|�������|��:����

� ����|�������|��:�������
          �3� 243 

����|��:���� = � ���� , ����|��:��������� = � ����|�����������|��:���������                  �4� 244 

where ����|��� denotes the likelihood at time step � and ����|��:���� represents the prior 245 

distribution. ����|��:���� and ����:��  are the normalization factor and the marginal likelihood 246 

function, respectively and both of these can be approximated as follows: 247 

����:�� = �����  ����|��:����                                                                           �5� 248 

����|��:���� = � ���� , ��|��:������� = � ����|�������|��:�������           �6� 249 

Solving equation (3) analytically is only possible for special cases (i.e. linear systems),  hence 250 

this formula is usually approximated using a set of random samples. 251 

 252 

4.3 Evolutionary Particle Filter with MCMC (EPFM) 253 

The PF-MCMC is a successor version of PF-SIR that combines the Markov Chain Monte 254 

Carlo (MCMC) with the Particle Filter (PF) (Moradkhani et al., 2012). In this approach, 255 

Equation (3) can be approximated using the following equation:   256 
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����|��:�� ≈ $ %&'()�� − ��&+
,

&-�
          �7� 257 

where %&' represents the posterior weight of the /-th particle. ( is the Dirac delta function and 0 258 

denotes the number of particles. Therefore, the normalized weights can be calculated as follows: 259 

%&' = %&�. �)��2��& , 
�&+
∑ %&�. �)��2��& , 
�&+,&-�

           �8� 260 

In this equation 8, %&� represents the prior weight of the /-th particle and �)��2��& , 
�&+ is 261 

calculated using the likelihood 5)��2��& , 
�&+ in the following equation:  262 

5)��|��& , 
�&+ = 1
6�27�8|9�| :�� ;− 1

2 <�� − ℎ)��&+=> 9��� <�� − ℎ)��&+=?          �9� 263 

After that, having the posterior weights, the state variables and parameters are resampled 264 

using the SIR. Afterward, the proposal parameter distribution is created as follows:   265 


�&,A = 
�&' + B�&                  B�&~0D0, F�GHI)
�&�+J          �10� 266 

In equation 10, 
�&� and  
�&' represent the parameters before and after SIR calculations. F� 267 

denotes a small tuning factor while 
�&,A is the proposal parameter samples. To accept or reject 268 


�&,A
, a metropolis acceptance ratio K is determined as follows: 269 

K = min O1, �)��&,A, 
�&,A2��:�+
�)��&', 
�&'2��:�+P                                                                                  �11� 270 

In which �)��&,A, 
�&,A2��:�+ is the proposed joint probability distribution: 271 

�)��&,A, 
�&,A2��:�+ ∝ �)��:�2��&,A, 
�&,A+. �)��&,A2
�&,A, ��:���+. �)
�&,A2��:���+          �12� 272 
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��&,A = �)����&' , 	�&', 
�&,A+                                                                                               �13� 273 

In which ��&,A and 	�&' denote a sample from the state proposal distribution and the resampled 274 

forcing data at time step �, respectively while F� represents a time-variant unknown variable that 275 

can be determined using the Variable Variance Multiplier (VVM) method (Abbaszadeh et al., 276 

2019a).  277 

The EPFM is an extension of PF-MCMC which utilizes the MCMC approach twice in a 278 

sequential framework. First, the MCMC is used for the crossover and mutation procedures 279 

embedded in the EPFM algorithm to produce a more comprehensive prior distribution for state 280 

variables. Then, MCMC is utilized for the second time after the resampling procedure to 281 

generate the proposal parameter distribution. The main advantage of the EPFM algorithm is that 282 

it significantly impedes particle degeneracy and sample impoverishment which are two major 283 

issues in using the particle filter method. For a more detailed explanation of this approach, we 284 

refer the interested readers to (Abbaszadeh et al., 2018). 285 

 286 

4.4 Parallelization scheme 287 

One of the main challenges in applying the particle filter data assimilation schemes is the 288 

computational burden. Although a great portion of this computational complexity stems from the 289 

model, an efficient implementation of the algorithm is necessary to avoid domination of the run-290 

time by the assimilation part. To this excerpt, in our previous study, we have developed a fully 291 

parallelized divide-and-conquer algorithm that incorporates both model and domain 292 

decomposition efficiently (Gavahi et al., 2020). The algorithm recursively partitions the model 293 

domain into smaller portions and performs the EPFM calculations such as crossover, mutation, 294 

kernel density estimation, and likelihood function evaluation on each portion. After that, it will 295 
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gather the final results from each portion and merge them to provide the final computations on 296 

the entire domain. This approach will significantly improve the framework performance and 297 

makes it possible to apply the framework to a larger domain such as the entire CONUS in this 298 

study. For more information on the details of the algorithm, we refer the interested readers to 299 

(Gavahi et al., 2020).  300 

5. Results and Discussion  301 

5.1 Comparison between NLDAS and IMERG 302 

 303 

Figure 1 shows a comparison between monthly precipitation anomalies for IMERG and 304 

NLDAS data for the year 2020. For the most part in the year 2020, precipitation has been less 305 

than normal especially for the west of CONUS according to both datasets. The climatology is for 306 

the period of 2000-2020, consistent with the period of IMERG precipitation product. The overall 307 

patterns are similar but the intensities are different. On average IMERG is showing higher 308 

precipitation anomalies than NLDAS especially for the months of Jan – Apr over the east and 309 

southeastern of CONUS. The IMERG precipitation patterns are generally smoother than the 310 

NLDAS. One reason for this can be that NLDAS is a model-based product whereas the IMERG 311 

is a merged product of various satellite and ground-based measurement sources. The highest 312 

precipitation anomalies are present in months of Jan – Apr across the Pacific Northwest as well 313 

as portions of the central and southern CONUS. The higher differences between IMERG and 314 

NLDAS can also be observed for the same period across these areas. This is also consistent with 315 

the National Climate Reports of NOAA (NOAA, 2021b) in which much-above-average wetness 316 

was reported. This shows that IMERG and NLDAS precipitation datasets have differences in 317 

their precipitation climatology which can impose a direct effect on the SM climatology used for 318 

agricultural drought monitoring. 319 
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 320 

Figure 1. Comparison between monthly precipitation anomalies for IMERG and NLDAS data 321 

for the year 2020. 322 

 323 

 324 

 325 
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 326 

Figure 2. Comparison between precipitation mean and standard deviation of IMERG and 327 

NLDAS for the 2000-2020 period. 328 

 329 

The highest discrepancy between IMERG and NLDAS is observed across the rain-fed 330 

regions such as the Pacific Northwest and the southeast US. As seen in Figure 2, the NLDAS has 331 

higher precipitation mean and slightly lower standard deviation as compared to the IMERG. 332 

However, over the central US and especially in Arkansas and Missouri states, unlike the 333 

NLDAS, IMERG shows higher mean and standard deviation. The lowest rate of precipitation 334 

can be observed in the west and southwest of the US where the difference between IMERG and 335 

NLDAS is at its minimum. 336 

 337 

 338 

 339 
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 340 

5.2 Drought monitoring over the CONUS 341 

 342 

 343 

Figure 3. Weekly agricultural drought maps (based on root zone SM) generated from DA results 344 

forced with IMERG (DA_IMERG) and NLDAS (DA_NLDAS) for three different dates in 2020. 345 

The USDM maps have also been provided for comparison. The day June 2nd, 2020 shown in the 346 

first row means the weekly drought conditions beginning on June 2nd, 2020, and ending on June 347 

8th, 2020 the same with USDM.  348 

 349 

The USDM depicts drought conditions by classifying it into five categories: abnormally dry for 350 

percentiles below 30% (D0), moderate drought for percentiles ≤ 20% (D1), severe drought for percentiles 351 

≤ 10% (D2), extreme drought for percentiles ≤ 5% (D3), and finally exceptional drought for percentile ≤ 352 
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2% (D4). Here, DA_IMERG, and DA_NLDAS refer to drought maps (based on root zone SM) 353 

generated using IMERG and NLDAS data, respectively. Based on the USDM map, in June 2020, 354 

D1 (moderate) to D2 (severe) drought conditions extended from the West Coast to Rocky 355 

Mountains and into the High Plains. A comparison with both NLDAS and IMERG maps in 356 

Figure 3 shows that most of these areas are in normal conditions except for some small areas in 357 

the north of California for both IMERG and NLDAS and small patches of D2 to D3 categories in 358 

Oregon. The IMERG and NLDAS results both agree with VIC modeled total soil moisture 359 

(NCDC, 2021a) CPC (NCDC, 2021b) and NLDAS ensemble-mean Soil Moisture Percentile 360 

(SMP) (NCDC, 2021c). However, the IMERG is showing a wetter condition with a smaller 361 

drought extent. The main reason for the discrepancies with the USDM map may be due to the 362 

lack of consideration of groundwater. Both USGS observations (NCDC, 2021d) and NASA 363 

GRACE-based shallow groundwater drought indicator (NCDC, 2021e) show low groundwater 364 

estimates for the West Coast to Rocky mountains. Another interesting observation is in Florida 365 

where both IMERG and NLDAS results agree on some patches with D2 to D3 drought whereas 366 

the USDM map is showing a completely normal condition. Similarly, this can be attributed to the 367 

groundwater estimates as USDM Real-Time Groundwater Level Network shows much above 368 

normal conditions (NCDC, 2021d). Apart from that, normal to low-level evapotranspiration has 369 

been observed for most of the West Coast area according to 1-month EDDI (NCDC, 2021f) and 370 

ESI (NCDC, 2021g). This could be another reason for showing a smaller drought extent by the 371 

multivariate DA framework in which ET and SM are assimilated into the model. Abnormally dry 372 

conditions can be observed in sothern to central high plains and moderate drought in northern 373 

plains based on the USDM map. The NLDAS results to some extent agree with the USDM 374 

especially in the west of Texas whereas the IMERG results are showing a completely normal 375 
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condition for this area. It is interesting to note that the drought maps from SPoRT LIS (NCDC, 376 

2021h), VIC (NCDC, 2021a) and NLDAS (NCDC, 2021c) agree with those from the USDM and 377 

DA_NLDAS while the CPC drought map (NCDC, 2021b) is more consistent with that of 378 

DA_IMERG.  379 

The drought conditions exacerbated in October while moderate to extreme drought with 380 

some areas of exceptional drought (D4) extended from the West Coast to Rocky Mountains and 381 

well into the adjacent high plains according to the USDM map (NCEI, 2020). Both DA_IMERG 382 

and DA_NLDAS show similar drought extent over the entire US except for the west coast where 383 

the DA_NLDAS results in less drought coverage (similar to USDM) compared to the 384 

DA_IMERG where the area is almost drought-free. Drought maps from VIC (NCDC, 2021i) and 385 

CPC (NCDC, 2021j) are more consistent with those of USDM whereas the NLDAS ensemble-386 

mean (NCDC, 2021k) represents drought similar to that of DA_NLDAS. The most interesting 387 

state is Montana where USDM, DA_NLDAS, and DA_IMERG reveal different drought 388 

conditions. USDM exhibits moderate to severe drought conditions across the entire state. While 389 

DA_NLDAS shows mostly wet conditions, however, for DA_IMERG the eastern and western 390 

Montana are represented by wet and dry conditions, respectively. Furthermore, VIC, CPC, and 391 

NLDAS ensemble-mean show normal to wet conditions for this state, while NASA GRACE root 392 

zone soil moisture (NCDC, 2021l) reports highly wet conditions. It is important to note that 393 

while all the drought declarations report no drought condition for Montana state, the USDM 394 

shows otherwise.  395 

As it is shown earlier in Figure 1 below-normal monthly precipitation continued in 396 

November and December which resulted in intensification and expansion of the drought 397 

condition in December. Warmer than normal temperatures were also present in this month 398 
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(NCDC, 2021m). Altogether it resulted in drought expansion in the northern and southern Plains. 399 

D1 to D4 drought categories covered most of the central to northern Plains and drought 400 

expanded in some areas of the southern Plains. One interesting observation is the West Coast 401 

regions (i.e., California and Arizona). According to USDM maps, D2 to D3 drought categories is 402 

covering most of this region whereas drought maps from DA_NLDAS and DA_IMERG show 403 

normal conditions. This result corroborates with GRACE root-zone soil moisture (NCDC, 404 

2021n) while CPC (CPC, 2021), NLDAS, and VIC are more consistent with the USDM map. 405 

Further investigation also showed that DA_IMERG reports a D2 to D4 drought condition across 406 

the Ozark-Quachita-Appalachian Forests (OQAF) ecoregion, while two other products (USDM 407 

and DA_NLDAS) are representing only a slight drought extent over the northern part. The 408 

IMERG precipitation anomaly shown in Figure 1 also shows up to 150 mm below normal 409 

precipitation for the OQAF region which is not as intense in NLDAS precipitation (with up to 50 410 

mm anomaly). This shows the significance of precipitation data uncertainty which greatly affects 411 

the model results. 412 
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 413 

Figure 4. The drought extent from Jan 2016 to the end of 2020 estimated by USDM, 414 

DA_NLDAS, and DA_IMERG. The wetness conditions are also shown for DA_NLDAS and 415 

DA_IMERG results. 416 

 417 

A comparison of the drought extent between USDM, DA_NLDAS, and DA_IMERG is 418 

shown in Figure 4 to examine the temporal variations and consistencies between products. On 419 

the second y-axis for the DA_NLDAS and DA_IMERG, the wetness is also shown to provide a 420 

more comprehensive picture of similarities and differences between these two. Both products are 421 

showing strong temporal consistencies with the USDM with correlation coefficients higher than 422 
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0.70 for D0 to D3 categories. As it can be seen in this figure and based on the results in Table 1, 423 

the extent of drought from DA_NLDAS is more correlated with those from USDM for 424 

abnormally-, moderate- and severe drought conditions (i.e., D0 to D2 categories) whereas the 425 

drought extent of DA_IMERG is showing higher correlations with that of USDM for extreme- 426 

and exceptional drought conditions (i.e., D3 and D4 categories). This implies depending on the 427 

severity of drought conditions, different meteorological forcing observations may result in 428 

different drought characterization. From Table 1, we also noticed that DA_IMERG and 429 

DA_NLDAS are more consistent on the dry side with higher correlation coefficients compared 430 

to the wet side. One plausible reason behind this is that droughts mostly occur during the absence 431 

of precipitation, and NLDAS and IMERG products are similarly representing no-precipitation 432 

areas. Further analysis also shows that the USDM extent of drought is much higher than both 433 

DA_IMERG and DA_NLDAS. This may be related to the procedure that USDM adopts to 434 

polygonize the drought extent, which is different from the method we applied in this study.   435 

Several drought hotspots have been depicted by the USDM, such as in November 2016, 436 

February 2018, and August 2018. As it is shown in this figure the temporal drought hotspots 437 

detected by the DA_NLDAS and DA_IMERG agree well with those of USDM, although the 438 

intensities are different. While in August 2018 both USDM and DA_NLDAS are showing a big 439 

spike of drought extent, the DA_IMERG remains relatively stable until February 2019. It should 440 

also be noted that although the temporal variations of drought coverages from all three products 441 

are consistent, their spatial patterns are different as it can be seen in Figure 3. It is also worth 442 

mentioning that USDM does not strictly rely on SM percentiles for characterizing the drought 443 

conditions rather it uses streamflow and precipitation at different time scales, groundwater, local 444 

experts, etc. 445 
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 446 

Table 1. Drought and wetness extent correlations between USDM and different approaches. 447 

 D0 D1 D2 D3 D4 

DA_NLDAS, DA_IMERG 0.77 0.80 0.84 0.82 0.94 

DA_NLDAS, USDM 0.86 0.83 0.80 0.71 0.55 

DA_IMERG, USDM 0.77 0.82 0.79 0.76 0.64 

 W0 W1 W2 W3 W4 

DA_NLDAS, DA_IMERG 0.70 0.69 0.67 0.63 0.69 

 448 

 449 

Figure 5. A demonstration of the flash drought evolution happened in the Southeast US in the 450 

Fall of 2019. It is worth mentioning that the day September 3rd shown in the first row means the 451 

weekly drought/precipitation conditions beginning on September 3, 2019, and ending on 452 

September 9, 2019 to be consistent with the USDM. 453 

 454 
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5.3 Fall 2019 flash drought 455 

 456 

During September and early October 2019, a large portion of the Southeast US experienced 457 

extremely dry conditions which were characterized by record or near record-breaking 458 

precipitation deficit and extreme heat (NOAA, 2021c). D0-D3 drought conditions developed 459 

rapidly, growing from 25% (percentage of area under drought) at the beginning of September to 460 

80% by the end of this month (Schubert et al., 2021). High-pressure air conditions hovered over 461 

this area for several weeks, bringing record-breaking temperatures, dry air, and low rates of 462 

precipitation (Weather, 2021). Alabama, Florida, and Georgia had their driest September on 463 

record over the 1895-2019 period and other states such as Virginia had the second driest 464 

(Schubert et al., 2021). The above-normal precipitation during the second half of October 465 

significantly alleviated the drought conditions, and by the end of November mostly normal and 466 

above-average wetness conditions were observed.  467 

Hurricane Dorian made landfall in the first week of September and brought heavy rainfall 468 

over east and coastal areas of North Carolina and South Carolina and some locations in Florida. 469 

Both NLDAS and IMERG products depict this rainfall event with similar spatial patterns, 470 

although with different intensities. The drought maps provided by DA_NLDAS and DA_IMERG 471 

both report wet conditions, as expected, over the regions impacted by the heavy rainfall of 472 

Hurricane Dorian, while USDM shows an abnormally dry condition.  In the USDM maps, these 473 

areas remain in normal conditions for the entire period, while DA_IMERG and DA_NLDAS 474 

report rapid dry conditions starting from the week of September, 24 to mid-October. It is also 475 

important to note that, in general, DA_IMERG is showing a wetter condition compared to the 476 

DA_NLDAS and USDM maps. In our previous study (Gavahi et al., 2020), we had investigated 477 
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the USDM drought maps during the period of Hurricane Micheal and compared those with the 478 

ones developed by our hydrologic data assimilation system over the ACF (Apalachicola-479 

Chattahoochee-Flint) region. The results showed that the USDM had one week lag in responding 480 

to heavy rainfall from Hurricane Micheal. The same pattern is also discernible for this flash 481 

drought event. Heavy precipitation occurs in the week of October, 15th based on both NLDAS 482 

and IMERG. It can be seen that in the following week, both DA_NLDAS and DA_IMERG are 483 

showing above normal and wet conditions compared to the USDM whose drought maps 484 

remained unchanged. IMERG and NLDAS show different precipitation patterns over northwest 485 

Alabama (see October 22 in Figure 5), and the same discrepancies can be observed from the 486 

corresponding drought maps. This further implies the significance of precipitation data in driving 487 

the LSM for drought monitoring.   488 

 489 
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 490 

Figure 6. Comparison between DA_NLDAS and DA_IMERG SSI correlations with corn yield 491 

anomalies at the county level for years 2016 and 2020. 492 

 493 

 494 

 495 
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 496 

Figure 7. Scatter plots of DA_IMERG SSI versus corn yield anomalies at the county level in 497 

2016 for different months during the plant growing season and for 1, 2, 3, and 6-month SSI. 498 

 499 
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 500 

Figure 8. Same as figure 7 but for DA_NLDAS. 501 

5.4 Corn yield analysis over the CONUS 502 

 503 

Here, to provide a comprehensive analysis of the efficacy of produced drought maps, we 504 

investigated the impact of detected drought events on the corn yield over the corn belt and other 505 

major corn-producing states in the US (Gavahi et al., 2021). We calculated the county-based 506 

corn yield anomalies using the method provided in (Lu et al., 2017). It is also important to note 507 

that the reported results are based on spatial correlation at a given year. Figures 6-8 represent the 508 

correlation coefficient between the Standardized Soil Moisture Index (SSI) at different time 509 
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scales (i.e., 1-month, 2-month, 3-month, and 6-month) and corn yield from June to October. We 510 

can see in all these figures the SSI is positively correlated with the corn yield anomaly indicating 511 

a direct relationship between the positive and negative SSI and the above and below normal yield 512 

values, respectively. The highest correlation rates can be observed for 2-month SSI in July, 513 

which is the two-month period that covers most of the growing season. In general, in 2016, 514 

DA_IMERG resulted in higher correlations compared to DA_NLDAS, however, in 2020, SSI 515 

derived from DA_NLDAS has had better agreement with the corn yield anomalies. Therefore, it 516 

can be concluded that depending on different forcing meteorological data, the drought events 517 

detected by the land data assimilation system may be differently correlated with the crop yield. 518 

The lowest correlation can be seen in 1-month SSI in October which is the end of harvesting 519 

season and drought has the lowest effect on the crop yield. We noticed that as we move from 1-520 

month to 6-month SSI, the correlations increase as the SSI is passing over the growing season. 2-521 

month SSI in July and 3-month SSI in August are showing the highest correlation rates for both 522 

datasets as they are capturing the most critical period of the growing season.  523 

Our analysis indicates that regardless of the precipitation forcing used in the land surface data 524 

assimilation system for drought monitoring, this modeling platform is able to effectively detect 525 

the drought events’ impacts on crop yield. This can be attributed to multivariate assimilation of 526 

soil moisture and ET observations, which is consistent with the findings of other studies (e.g., 527 

Rigden et al., 2020) that concluded the importance of jointly considering these hydrologic 528 

variables for predicting crop yield.  In this study, we also noticed that the produced agricultural 529 

drought maps better represent the corn yield anomalies compared to other crops such as soybean 530 

and vegetables. This is most likely due to the rooting depth of the corn (0.9 m, (FAO, 2021)) 531 

which is consistent with the depth of the soil profile of the LSM from which the soil moisture is 532 
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estimated. However, the rooting depth of the soybean and vegetables are around 0.6 m and 0.4 m 533 

(FAO, 2021) that falls within the layers above the model’s root zone depth considered in this 534 

study for agricultural drought monitoring. For reasonable analysis, the soil depth for which the 535 

soil moisture is estimated should be consistent with the rooting depth of the cultivar which is 536 

being studied. As it is seen from the above figures, there are some locations where the SSI is 537 

very low (indicating severe drought) while the yield anomaly is still above normal. This may be 538 

related to agricultural practices and irrigation management which may vary for each location 539 

resulting in different drought resilience abilities (Engström et al., 2020).  540 
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 541 

Figure 9. Probabilistic drought maps for the D0 drought category for three specific weeks in the 542 

year 2020. 543 

5.5 Impacts on probabilistic drought maps 544 

 545 

Uncertainty and accuracy of drought monitoring systems in identifying the drought onset, 546 

duration, and termination are of utmost importance for decision-makers, stakeholders, and 547 

managers to assess the risk associated with future drought events. This is achievable via land 548 

surface data assimilation systems that provide a reliable platform for probabilistic drought 549 

monitoring. Unlike other studies that mostly represented drought conditions in a deterministic 550 

way (Jiao et al., 2019b, 2019a; Mishra et al., 2017; Sadri et al., 2018; Son et al., 2021), here we 551 
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utilized our drought monitoring system based on satellite data assimilation to provide 552 

probabilistic drought maps. These products are compared with drought maps available from 553 

USDM for three weeks of June, October, and December of 2020 in Figure 9. We calculated the 554 

drought probability based on the ensemble of soil moisture percentiles and their corresponding 555 

CDFs. In this figure, for example, the red color shows the areas with an 80-90 percent 556 

probability of experiencing D0 (abnormally dry condition) or more severe drought conditions. 557 

This figure highlights the contribution of different precipitation data (NLDAS and IMERG) in 558 

improving the drought monitoring skill of the Noah-MP LSM. In December 2020, DA_NLDAS 559 

shows a higher drought probability compared to DA_IMERG over California, where the USDM 560 

shows moderate to severe drought conditions. DA_IMERG resulted in a higher drought 561 

probability compared to DA_NLDAS in northern high plains, where the USDM reported 562 

abnormal to severe drought conditions.  Higher drought categories in the USDM map are 563 

associated with higher probabilities in both DA_IMERG and DA_NLDAS maps.    564 
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 565 

Figure 10. Probabilistic drought extent over the CONUS for the D0 category and a comparison 566 

with USDM. For the USDM map, the drought extents for categories D1-D4 are also presented.  567 

 568 

Figure 10 represents the probabilistic temporal dynamics of D0 drought areal extent from 569 

DA_IMERG and DA_NLDAS products compared to the USDM deterministic drought extent 570 

categories. To develop this figure, we calculated the percentage of area under the D0 drought 571 

condition associated with each probability interval. When comparing DA_IMERG and 572 
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DA_NLDAS, we observe that at higher probabilities these two products represent similar 573 

drought coverage, however, as we move toward lower probabilities their temporal patterns get 574 

more deviated. More severe drought conditions reported by the USDM correspond to higher 575 

probabilities (>70 percent) of the D0 drought category regardless of the type of precipitation 576 

forcing data. Looking at the spatial pattern of drought probabilities for different categories in 577 

Figure 11 shows that the higher the severity of drought the lower the probability. We 578 

investigated this by analyzing drought probabilities in two different weeks during the summer 579 

and winter of 2020. DA_NLDAS and DA_IMERG similarly represent the spatial pattern of 580 

drought probabilities across different categories, however, their temporal variations as discussed 581 

in Figure 10 are slightly different. The higher probability of D0 abnormally dry condition over 582 

the western US during winter 2020 is in agreement with the mega-drought reported by USDM 583 

and NOAA report. This implies the usefulness of our developed land surface data assimilation 584 

system in probabilistically representing the drought conditions over the CONUS.  585 

This analysis can be performed at regional or local scales to help in efficient agricultural 586 

management and irrigation scheduling. Depending on the sensitivity of each cultivar to a certain 587 

drought category, the associated probability can be used to see the effectiveness of the adopted 588 

strategy. Furthermore, this product can be useful for assessing the risk associated with each 589 

drought condition and developing agricultural disaster mitigation measures. In addition, our 590 

study signifies the importance of taking into account the uncertainty associated with the 591 

atmospheric forcing such as precipitation in understanding the future spatiotemporal variations 592 

of drought under climate change.  593 

 594 
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 595 

Figure 11. A comparison between DA_IMERG and DA_NLDAS probabilistic drought maps for 596 

various drought categories and for two different dates. 597 

 598 

6. Summary and Conclusion  599 

In this study, we comprehensively investigated the suitability of two different precipitation 600 

products, namely the NLDAS and IMERG, as inputs to a multivariate data assimilation 601 

framework that uses Noah-MP as its LSM and examined the impacts on different applications 602 

such as crop yield loss, flash droughts, and probability drought maps over the CONUS. We used 603 

the fully parallelized divide-and-conquer multivariate evolutionary particle filter algorithm as the 604 

data assimilation framework where SM and ET are simultaneously assimilated into the Noah-MP 605 

model for more accurate and reliable SM estimations. Later, we used the soil moisture estimates 606 

and compared them with the climatology of the SM from 2000 to 2020 to calculate the SM 607 

percentiles and develop drought maps over the CONUS having both NLDAS and IMERG as 608 

precipitation forcings. A comparison with the USDM maps showed that DA_NLDAS and 609 
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DA_IMERG are relatively consistent with the USDM drought maps although some 610 

discrepancies were also shown. The results also showed significant differences between 611 

DA_NLDAS and DA_IMERG drought maps over various regions which shows the significance 612 

of forcing precipitation data uncertainty that can greatly affect drought representation. A 613 

comparison between DA_NLDAS and DA_IMERG during the flash drought of the Southeast US 614 

in Fall 2019, showed that overall, DA_IMERG is showing wetter conditions as compared to 615 

DA_NLDAS and USDM. Furthermore, we observed that the USDM map responded with one 616 

week latency to Hurricane Dorian that made landfall in the first week of September and resulted 617 

in the termination of flash drought.  618 

To provide a comprehensive analysis of the efficacy of the produced drought maps, we 619 

investigated the impact of detected drought events on the corn yield over the corn belt and other 620 

major corn-producing states in the US. Our analysis indicates that regardless of the precipitation 621 

forcing data product used in the land surface data assimilation system for drought monitoring, 622 

our modeling framework can effectively detect the drought  impacts on crop yield.  623 

Additionally, we calculated the drought probability based on the ensemble of soil moisture 624 

percentiles and their corresponding CDFs to develop probabilistic drought maps based on both 625 

NLDAS and IMERG as precipitation drivers and compared them with the USDM. The findings 626 

of this study showed that there exists temporal and spatial discrepancies in drought probability 627 

maps generated from NLDAS and IMERG precipitation forcing. Especially, as we move towards 628 

lower probabilities their temporal patterns get more deviated. The results also showed that higher 629 

drought categories in the USDM map are associated with higher probabilities in both 630 

DA_IMERG and DA_NLDAS maps. Finally, the higher probability of D0 abnormally dry 631 

condition over the western US during winter 2020 is in agreement with the mega-drought 632 
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reported by the USDM and NOAA reports which shows the effectiveness of our developed land 633 

surface data assimilation system in probabilistically representing the drought conditions over the 634 

CONUS.  635 

This study shows the importance of the precipitation dataset used for the task of drought 636 

monitoring, especially when land data assimilation is used. The findings of this study revealed 637 

that the inherent spatiotemporal uncertainties in the precipitation forcing data used can have a 638 

significant impact on the results and the drought maps generated. Hence, it is important to take 639 

into account the precipitation forcing data uncertainties in our drought monitoring procedures 640 

and analyze drought impacts. For future research, it is worth providing an inter-comparison 641 

between various precipitation datasets and identifying their corresponding uncertainties by 642 

comparing them against in-situ stations and other precipitation measurements while quantifying 643 

the relations between inherent uncertainties and differences between drought conditions based on 644 

different precipitation datasets. 645 
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