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ABSTRACT

This study applied support vector machines (SVMs) and data assimilation (DA) methods to investigate
the performance of in-situ and remotely sensed products (i.e., leaf area index (LAI), AMSR-E and SMAP
soil moisture retrievals) for near-real time agricultural drought forecasting for in-situ stations located
in continental United States (CONUS). The agricultural drought was quantified using soil water deficit
index (SWDI) derived based on available soil moisture and basic soil water parameters. It is observed that
SVMs or SVM-DA with limited meteorological variables as inputs able to forecast SWDI at most of the in-
situ stations up to 1-2-week lead time. Addition of remotely sensed products (i.e., LAIl, AMSR-E, SMAP)
either individually or simultaneously as inputs to SVMs can able to improve SWDI forecast at most of
the stations where the strong relationship exists between LAI (and/or AMSR-E, SMAP) with SWDI. Such
improvement can persist up to 2-4-week lead time at some of the stations. But the efficiency tends to
decrease with the increase in lead time. The addition of both LAl and SMAP (AMSR-E) performs better
than the independent addition of LAI or SMAP (AMSR-E). Typically, the performance of drought predic-

Remotely sensed products
Data assimilation

tion varies at local scales; therefore it is difficult to generalize our findings at regional scale.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Soil moisture plays an important role in the global water and
energy cycle. The anomalies of soil moisture may exert great
impact on the subsequent climate variables, thus, leading to the
evolution of climate extremes (e.g., flood, drought and heat wave)
by linking hydroclimatic fluxes at different spatio-temporal scales
(e.g., Jaeger and Seneviratne, 2011; Liu et al., 2014a, b). Among the
three commonly recognized categories of drought (i.e., meteoro-
logical, hydrological and agricultural) (Mishra and Singh, 2010),
agricultural drought has a more direct and immediate impact on
food security. Generally, agricultural drought is considered to
begin when the soil moisture availability to plants drops to a level,
which would adversely affects the crop yield and, hence, agricul-
tural production (Panu and Sharma, 2002; Mishra et al., 2015).
Therefore, it is reasonable to consider soil moisture databases as
one potential resources for agricultural drought monitoring.
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Currently, the soil moisture information at a coarser resolution
is available for different sectorial applications with the develop-
ment of remote sensing techniques, such as, the Advanced Micro-
wave Scanning Radiometer-Earth Observing System sensor (AMSR-
E) (Njoku et al., 2003), the Advanced Scatterometer (ASCAT) soil
moisture retrievals (Wagner et al., 1999), the Soil Moisture and
Ocean Salinity (SMOS) Soil Moisture Level 2 User Data Product
(SMUDRP?2 file) (Kerr et al., 2010) and the newly launched Soil Mois-
ture Active Passive (SMAP) mission (Entekhabi et al., 2010). These
remotely sensed SM retrievals can provide an unprecedented spa-
tial and temporal resolution of SM data across a range of scales, but
is limited in terms of sensing at different depth. There is an ongo-
ing effort to retrieve (develop) root zone SM profile using the sur-
face SM values (Li et al., 2012; Tran et al., 2013; Ridler et al., 2014).

The growing of multiple SM databases activate the proposition
of SM related drought indices in the agricultural drought monitor-
ing (e.g., Hunt et al., 2009; Martinez-Fernandez et al., 2015, 2016;
Mishra et al., 2015; Keshavarz et al., 2014; Scaini et al., 2015;
Sridhar et al., 2008). For example, Sridhar et al. (2008) and Hunt
et al. (2009) proposed and revised the soil moisture index (SMI)
to characterize the water deficit in the soil for drought. Mishra
et al. (2015) applied the Standardized Soil Moisture Index (SSMI)
at different soil layers and the Standardized Soil Water Availability
Index (SSWI) to diagnose the agricultural drought severity based
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on crop modeling. Scaini et al. (2015) used SMOS-derived SM
anomalies for drought monitoring assessment. Martinez-Fernan
dez et al. (2015) defined the soil water deficit index (SWDI) using
soil moisture series solely for agricultural drought monitoring
based on the percentile method proposed by Hunt et al. (2009).
However, unlike the SMI defined in (Hunt et al., 2009; Sridhar
et al., 2008), the deficit threshold for SWDI is fixed by the field
capacity instead of the wilting point. Martinez-Fernandez et al.
(2016) further assessed the SWDI for agricultural drought monitor-
ing with SMOS soil moisture retrievals.

However, some previous literatures stated that the water sup-
plied to crops depends on the available SM in the root zone.
Therefore, agricultural drought should not be treated equal for
all crops, instead, it should be calculated based on the root zone
SM rather than at a fixed soil layer depth (Mishra et al., 2015).
Among the proposed SM related drought index, the SWDI pro-
posed by Martinez-Fernandez et al. (2015) directly include the
available SM at the root zone for the crop growth. SWDI consid-
ered to be an effective agricultural drought index as it is based on
soil moisture and basic soil water parameters, including field
capacity and wilting point (Martinez-Fernandez et al.,, 2015,
2016). Further, the SWDI can provide accurate status of agricul-
tural drought because it is related to the soil moisture suction
capacity of different type of crops. SWDI is a simple and useful
way for the drought monitoring over large area with the increas-
ing availability of soil moisture databases worldwide. The root
zone SM predictions are important for agricultural drought mon-
itoring and forecasting and to improve water resources manage-
ment. But it is still a challenge to accurately predict the SM
that varies in depth, space and time.

According to previous studies, the data-driven techniques, such
as support vector machines (SVMs), are able to estimate or predict
SM at root zones with antecedent meteorological variables (i.e.,
surface air temperature, precipitation, solar radiation, relative
humidity) (e.g., Gill and McKee, 2007; Kaheil et al., 2008; Liu
etal,, 2010; Yu et al., 2012; Liu et al., 2016). In addition to that, data
assimilation (DA) is proved to be a promising technique to opti-
mally estimate land surface’s variables (i.e., SM) by merging
observed information into models (e.g., Kumar et al., 2008; Das
et al., 2011; Li et al.,, 2012; Tran et al., 2013; Han et al., 2014;
Kornelsen and Coulibaly, 2014; Yin et al., 2015; Montzka et al.,
2011). Ensemble Kalman Filter (EnKF) is a kind of Monte Carlo
approximation of sequential Bayesian filtering process, which
alternates between an ensemble forecast step and a state variable
update step (Reichle et al., 2002). EnKF is a popular DA technique
used in hydrology (Gill and McKee, 2007; Liu et al., 2010; Yin
et al., 2014; Mishra et al., 2015; Yin et al., 2015). The dual EnKF
technique requires two separate state-space representation for
the state and parameters through two interactive filters by updat-
ing model parameters and model states, which makes it more effi-
cient in the improvement of estimations (i.e., Liu et al.,, 2016;
Moradkhani et al., 2005).

This study investigates the potential of individual SVMs or cou-
pled with dual EnKF DA technique (SVM-DA) to predict agricultural
drought using in-situ meteorological variables and the remotely
sensed products (i.e., soil moisture, leaf area index). Although the
remote sensing products are applied for drought forecasting, how-
ever, the application of SMAP is limited. This study can provide
insight to the potential improvements that can be achieved in agri-
cultural drought forecasting by addition of a variety of remote
sensing products including SMAP. The main objectives are: (1) To
investigate the efficiency of meteorological variables as input of
SVM for the agricultural drought forecast at subsequent weekly
time scales; (2) To assess whether the addition of remotely sensed
products as forcing variables can improve the performance of
drought forecasting; and (3) To evaluate the performance of

coupled SVM-DA technique to forecast agricultural drought in
multiple in-situ stations located in CONUS.

The remaining structure of the paper is organized as follows:
data description is given in Section 2; the model setup, experimen-
tal design and evaluation methodologies are introduced in Sec-
tion 3; the results are analyzed in Section 4 and Section 5
concludes the main findings.

2. Data description
2.1. In-situ and remotely sensed data sets

The in-situ observed hydrometeorological variables, including
air temperature (T2m), solar radiation (SR), precipitation (P), rela-
tive humidity (RH), and soil moisture (SM) at different soil depth
from 5 cm to 100 cm, obtained from the United States Climate Ref-
erence Network (USCRN) stations with automated measured
instrument are adopted in this study. The hourly, daily and

monthly data are available at USCRN website (https://www.ncdc.

noaa.gov/crn/qcdatasets.html). The daily time series during Octo-
ber 1st 2009 and March 31st 2016 are used in this study.

The AMSR-E Global daily 25 km soil moisture data (http://nsidc.
org/data/docs/daac/ae_land3_13_soil_moisture.gd.html) (Njoku
et al., 2003) during October 1st 2009 and September 30th 2011,
and the SMAP L3 Radiometer Global daily 36 km EASE-Grid soil
moisture Version 1 (SPL3SMP) during April 1st 2015 to March
31st 2016 are selected to provide the surface SM data. To be con-
venient, the remotely sensed soil moisture, including AMSR-E
and SMAP, are shortened as RSM in the following.

Compared to AMSR-E data, the SMAP satellite mission was
newly launched by NASA in January 2015 (Entekhabi et al., 2010)
to retrieve global soil moisture information via measuring bright-
ness temperature through geophysical inversion. SMAP products
are defined at different levels: Level 2 for half orbit based, Level
3 for daily composites and Level 4 for model assimilation (Brown
etal.,, 2013). Pan et al. (2016) pointed out that the Level 2 and Level
3 are essentially no difference lying in the mid-latitudes where the
neighboring swaths do not overlap. SMAP L3 is an estimate of sur-
face soil moisture within the top 5 cm of the soil column in con-
junction with a forward model of brightness temperature and
ancillary products (O’Neill et al., 2016). In this study, the passive
L-band radiometer 36 km resolution product is selected for the
drought forecasting, because the active L-band radar failed after
two months in orbit. The details about the retrieved and processed
approach for SMAP L3 Passive data can be found in O'Neill et al.
(2015).

The MCD15A3H version 6 MODIS Level 4 Leaf Area Index (LAI)
products at 4-day composite set with 500 meter pixel size
(Myneni et al., 2015) is selected to provide the LAI information to
complement the in-situ observed meteorological variables.

The “near-neighbor” method is used to select the remotely
sensed data for each study site over CONUS. The “near-neighbor”
area is set within 0.25 degree of each site. For example, if the lon-
gitude and latitude of one site is [-86.0E 34.3N], then the remotely
sensed data (i.e.,, AMSR-E, SMAP, LAI) within longitude [-86.25E
—85.75E], latitude [34.05N 34.55N] are selected and averaged for
use in this study.

2.2. Selected experimental locations

Considering the consistency in data availability for in-situ
meteorological data and remote sensing data, two time periods
are selected for the analysis: (a) 1st period based on available
AMSR-E data between October 1st 2009 and September 30th
2011; and (b) 2nd period based on available SMAP data between
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April 1st 2015 and March 31st 2016. The selected study stations
are plotted in Fig. 1 (details shown in Table S1). To better describe
the position, hydrologic characteristic and main land use type of
each site, the 18 hydrologic unit (shorten as HO1 to H18, defined
in Table 2) and 8 subregions (Table 3) defined in Notaro et al.
(2006) (Fig. S1) are provided to classify each site. There are total
14 study stations during the 1st time period; while 59 study sta-
tions during the 2nd time period, which includes the 14 study sta-
tions at the 1st time period. The overlapped 14 stations studied at
both the 1st and 2nd time period mainly located over the Midwest
(S4, S5, 57,510, S14), Southeast (S1, S2, S3, S8, S12), Northern Great
Plains (S6, S9, S11,) and Southern Great Plains areas (S13).

2.3. Soil water deficit index

The SWDI is calculated based on in-situ soil moisture informa-
tion available in soil layers from 5 cm to 50 cm depth using Egs.
(1)-(3) according to the methods used in Martinez-Fernandez
et al. (2015, 2016):

5SM5s + 55M 1o + 10SM>q + 30SMs

SMo_s0 = =5 (1)

SMM=@_W> (2)
HAWC

6AWC = HFC - HWP (3)

where 6 is the soil water content, which equals to SMg_so. Ofc
denotes field capacity and 0y, is the wilting point. 04y is the avail-

able water content, which is the difference between 0rc and 0yp. The
wilting point (WP) and field capacity (FC) are calculated based on
the percentile method proposed by Hunt et al. (2009), which con-
siders 5th percentile of the observed SM time series during the
growing season as Oyp and 95th percentile as 6. Here, the 5th
and 95th percentile is derived from the accumulated SMy_5o time
series during the crop growing season (April 1 to October 31) in
each year from 2009 to 2016.

As illustrated in Allen et al. (1998), Martinez-Fernandez et al.
(2015) and Martinez-Fernandez et al. (2016), the soils have an
excess water when the SWDI is positive; while the soil is at the
field capacity when it equals zero; and negative SWDI values indi-
cate agricultural drought. When the SWDI < —1, the water deficit
is absolute (wilting point), and at this point, the soil water content
is below the lower limit of available water for plants (Savage et al.,
1996).

3. Experimental design and evaluation
3.1. Experimental design

The SVMs and dual EnKF technique used in (Liu et al., 2016) is
adopted for the near real time SWDI forecast. Consistently, for
SVMs, it has training and predicting processes, while the SVM-DA
approach include one more step (i.e., updating process). For exam-
ple, consider the SVM-DA framework (Fig. S2), which suggests if
the observed data are available at the predicted time, then the ini-
tial predictions (Y,) and observed data are used to update the
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Fig. 1. Location of in-situ Stations used in the analysis. All the in-situ Stations (Black Star and Green Triangle) are used for SMAP data analysis, whereas Black Star represent
the location of each Station for both AMSR-E and SMAP data analysis. Data length for AMSR-E is during October 1st 2009 to September 30th, 2011 (named as the 1st time
period); for SMAP is during April 1st 2015 to March 31st 2016 (named as the 2nd time period). Red number for the 18 hydrologic regions defined in Table 2 over CONUS. Blue
character for the number of the selected 59 Stations and their land use type categorized based on the 8 subregions defined in Table 3 (e.g., 1SE for the 1st Station and located

within Southeast).
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Table 1

Experimental design for weekly soil water deficit index (SWDI) forecast at subsequent 1-4 weeks lead time.
Cases Abbreviation Input Output Kernel Kernel Length of Training Tuning Regulariza-tion Cost Model Predict

function Parameter Set Parameter Function Update

Casel C1 Al B K S1 50/25 T1 G1 C1 M1 F1
Case2 C2 A2 B K S1 50/25 T1 G1 C1 M1 F1
Case3 C3 A3 B K S1 50/25 T1 G1 C1 M1 F1
Case4 (4 A4 B K S1 50/25 T1 G1 C1 M1 F1
Case5 C5 Al B K S1 50/25 T1 G1 C1 M2 F1

Abbreviation:
T2m: average daily air temperature (Celsius); SR: total daily solar energy (WJ/m?);
P: daily total precipitation (mm); RH: average relative humidity (%);
LAI: leaf area index; RSM: bias corrected remote sensing soil moisture (AMSR-E, SMAP);
SWDI: soil water deficit index within 50 cm soil layer depth.
Baseline:
A1 (T2m, SR, P, RH); A2 (T2m, SR, P, RH, LAI)
A3 (T2m, SR, P, RH, RSM); A4 (T2m, SR, P, RH, LAI, RSM)
B (SWDI)
F1: Antecedent 3 weeks averaged data as input to predict SWDI at the subsequent 1-4 week lead time;
K = {RBF-kernel}; S1 = {auto selected}; T1 = {crossvalidation}; G1 = {auto selected}; C1 = {mse, error = 5};
M1: {no data assimilation}; M2: {assimilated with in-situ derived SWDI at weekly time scale}.
Training and Predicting Ensembles:
1st study time period: October 1st 2009 to September 30th 2011 (total 98 weeks) with previous 50 weeks as the training ensemble while the following for the prediction
test.
2nd study time period: April 1st 2015 to March 31st 2016 (total 45 weeks) with previous 25 weeks as the training ensemble while the following for the prediction test.
Length of Training Set: (50/25) means the 50 weeks and 25 weeks for the training ensemble size for the 1st and 2nd study time period, respectively.

Table 2

Description of the major geographic areas or regions over the continental United States based on the first level classification of Hydrologic Unit.
Code Name Code Name Code Name
01 New England 07 Upper Mississippi 13 Rio Grande
02 Mid-Atlantic 08 Lower Mississippi 14 Upper Colorado
03 South Atlantic-Gulf 09 Souris-Red-Rainy 15 Lower Colorado
04 Great Lakes 10 Missouri 16 Great Basin
05 Ohio 11 Arkansas-White-Red 17 Pacific Northwest
06 Tennessee 12 Texas-Gulf 18 California

*Note: USGS divides the United States into some smaller hydrological units successively which are classified into four levels: regions, sub-regions, accounting units, and
cataloging units (Seaber, et al., 1987), named as “hydrological unit code” (HUC). The first-level of hydrological units, region, comprises either the drainage area of a major river
(e.g. Missouri region) or the combined drainage areas of a series of rivers (e.g. Texas-Gulf region). Every region is named by a unique two-digital number by USGS, i.e. HUC2.

Table 3
Land use type over the 8 sub regions defined in Notaro et al. (2006).

Subregion Latitude Longitude Abbreviation Main Crop Type

Northern Great Plains 34.4-49N 105-96W NG Grassland, Cropland

Southern Great Plains 25-34.4N 105-96W SG Grassland, Cropland, Shrubland
Northern Shrubland 40-49N 119.9-105W NS Shrubland, Evergreen Forest
Southern Shrubland 30.8-40N 119.9-105W SS Shrubland

Midwest 37-45N 96-80W MW Cropland

Southeast 25-37N 96-75W SE Evergreen Forest, Cropland
Northwest 38-49N 124-120W NW Evergreen Forest, Shrubland
Northeast 37-47.5N 80-67W NE Deciduous Forest

model state and provide forcing data with the EnKF technique; the
predictions from this updated model state and input forcing data
are named as the 1st update (Yy;). Then the observed data is used
to update the posterior Y4 with EnKF technique to get the final pre-
diction (Yy,) named as the 2nd update. The predictions obtained at
the 2nd update are the final results from the SVM-DA. The
observed error and modeled error are assumed to be Gaussian dis-
tribution. In this study, the input variable error is assumed to be
Gaussian distribution with 1% of mean variables of each input vari-
able (e.g., T2m, SR, P, RH, LAI, RSM) in the initial training ensemble.
The SWDI observation error is assumed to be with 1% variance of
observed SWDI in the initial training ensemble. The modeled (or
predicted SWDI) error is assumed to be with the same observed
error. As stated in (Liu et al., 2016; Yin et al., 2015), the EnKF tech-
nique can reach its maximum efficiency when the updating

ensemble size approaches around 15, therefore, the updated
ensemble size is set to be the same size of training ensemble.
The details about SVM and the procedure of the dual EnKF can
be found in (Samuel et al., 2014; Liu et al., 2016). The experiments
conducted for the SWDI predictions are given in Table 1 and
described as follows:

Case 1 is conducted with limited accessible in-situ meteorolog-
ical data (T2m, SR, P, RH) as input for SVMs to predict the weekly
SWDI at subsequent 1-4 weeks lead time. This Case aims to inves-
tigate whether the limited in-situ meteorological data can be used
for the weekly SWDI predictions at subsequent shortly time period
and to provide a benchmark for the comparison with Cases 2 to
Case 5.

Case 2 incorporated the LAI data to combine with the input
meteorological variables in Case 1 to predict the weekly SWDI.
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As indicated in Ines et al. (2013) and Mishra et al. (2015), LAI has a
vital role in simulating agricultural crop yields and agricultural
drought indices. Therefore, the addition of LAI is expected to
improve the SWDI predictions. Similarly, Case 3 incorporates the
RSM data instead of LAI data and combines with the input meteo-
rological variables in Case 1 to predict the SWDI. Case 4 added both
the LAI and RSM to combine with the input meteorological vari-
ables in Case 1 to predict the SWDI. Case 2-4 aims to assess
whether the addition of remotely sensed LAI or SM data individu-
ally or simultaneously with in-situ meteorological data in Case 1
can improve the forecasting results.

Case 5 applies coupled SVM-DA model with the same input
variables in Case 1 to predict the SWDI with the purpose to inves-
tigate the efficiency of SVM-DA for the improvement of the SWDI
predictions with SVMs solely. The trial and error method is prior
used to set up the SVMs prediction model. The details of experi-
mental design can be found in Liu et al. (2016).

3.2. Evaluation criteria

The goodness of fit (GOF) statistics: correlation coefficient (R),
root mean square error (RMSE) and mean absolute error (MAE)
between the predicted SWDI and observed SWDI derived from
in-situ SM data (named as observed SWDI) are used to evaluate
the performance of the proposed modeling framework. The calcu-
lation about these criteria can be found in (Brocca et al., 2011; Yu
et al,, 2012; Liu et al,, 2016; Cheng et al., 2016). As indicated, the
smaller the RMSE and MAE are and the larger R is, the better the
model performs (Liu et al., 2010; Yu et al., 2012; Liu et al., 2016).

In addition, one recently proposed criteria, normalized informa-
tion contribution (NIC) (Kumar et al., 2014; Yan et al., 2017) is
selected to better evaluate the efficiency of remotely sensed prod-
ucts for the SWDI predictions at subsequent 1-4 weeks. NIC is sim-
ilar to the assimilation efficiency (AE) index used in Yin et al.
(2014) and Liu and Mishra (2017). The calculation procedure for
NIC is given in Eq. (4) as following:

_ RMSEcrg — RMSEyp

where, RMSECTR means the RMSE from the control run, which is
derived from Case 1 in this study; while RMSEUP means the RMSE
derived from the updated experiment, which belongs to Case 2 to
Case 5 in this study. If NIC > 0, it indicates that the updated Case
improves the predictions compared to the control run (Case 1 with
only meteorological variables as input in this study); if NIC = 0, the
updated Case does not add any skill; if NIC <0, the updated Case
degrades the prediction skill compared to the control run; and if
NIC = 1, the updated Case achieve the maximum skill.

3.3. Evaluation of AMSR-E, SMAP with In-situ SM

Due to the difference in sensing depth and spatial resolution
between satellite and in-situ sensors (Escorihuela et al., 2010),
the bias correction approach based on Cumulative Density Func-
tion (CDF) is applied to remove systematic differences between
satellite and in-situ SM data. This CDF-matching method is initially
proposed by Reichle and Koster (2004), and later adopted in many
SM bias correction studies (e.g., Drusch et al., 2005; Brocca et al.,
2011, Yan et al., 2017). The mean AMSR-E data derived from
ascending and descending products are used in this study. The sta-
tistical properties based on raw and bias-corrected remotely
sensed SM with respect to the in-situ SM at the surface soil layer
(SM1 at the 5 cm depth) is provided (Figs. S3.1 and S3.2). The sta-
tistical results indicate that the bias-corrected remotely sensed SM
compares well with the in-situ observed SM estimated by the mag-
nitude of mean and standard deviation, higher R, combined with

lower RMSE and MAE at each study site during each study period.
Therefore, in this study, the bias-corrected remotely sensed SM is
applied for the SWDI prediction.

All the data sets, including in-situ observed hydrometeorologi-
cal data and remotely sensed data, used in this study are averaged
from daily into weekly time series.

3.4. Relationship between meteorological (remotely sensed) variables
with SWDI

The relationship between meteorological variables and remo-
tely sensed products with SWDI over the CONUS are investigated
(Fig. 2). It is observed that the R between T2 m and SWDI (named
as T2m-SWDI) are negative at most study stations, though some
stations located at the upper Northern Great Plains within H10
(549, S59, S50, S39), Northern Shrubland (S24NS, S55NS), and
lower Southern Great Plains (S51, S54) and Southeast (S28) along
the Gulf of Mexico show positive signals. Among the negative sig-
nals, the T2m-SWDI correlation coefficient is stronger (R < —0.5) at
the stations located at typical hydrologic regions, such as, the
Northeast (HO02), Southeast (H03, HO6), Southern Great Plains
(H12), lower Northern Great Plains (H11), lower Southern shrub-
land (H13, H15, H18), Northwest and Northern Shrubland (H17,
H18). The SR-SWDI presents similar spatial pattern with T2m-
SWD], also implying negative signals at most stations located at
the Hydrological Regions close to the Ocean (i.e., H02, HO6, H11
to H13, H17, H18), while positive signals at the upper Northern
Great Plains within H10, Northern Shrubland and upper Southern
Shrubland within H16 and H14.

Compared to T2m or SR, the P-SWDI implies weak (R < 0.5) but
positive signals at most study stations over CONUS with an excep-
tion of Southern and Northern Shrubland within H13, H14, and
H15. The RH-SWDI shares similar spatial pattern and resembles
similar amplitude with P-SWDI over CONUS, with the only obvious
difference located at the Northeast and Upper Southeast within
HO2, HO3 and HO8 and upper Northern Great Plains within H10
where the RH-SWDI presents negative signals while P-SWDI is
positive.

The LAI-SWDI correlation coefficient almost agree with T2m-
SWDI and/or SR-SWDI both in the spatial pattern and amplitude
over CONUS providing strong negative correlation (magnitude
lower than —0.5) at most stations over the regions, such as, North-
east (HO2), upper Southeast (H03, HO6), Southern Shrubland (H13,
H15), part of Northwest and Northern Shrubland within H17 and
H18; while positive signals over the Upper Northern Great Plains
within H10 and Central Northern Shrubland within H14, H16;
and weak negative signals for the stations at the remaining
subregions.

The bias corrected RSM presents significant positive relation-
ship with SWDI (R > 0.5) at most study stations. Additionally, the
stations located at the Upper Northern and Lower Southern Great
Plains and Shrubland within H10 to H14 have slightly lower mag-
nitude of R than the remaining stations.

Among the correlation coefficient between hydrometeorologi-
cal variables (T2m, SR, P, RH, LAI, RSM) with SWDI, most stations
located at Northeast within HO2, Southeast within HO3 and HO6,
Southern Great Plains within H12-H13 (not including S51, S54),
and part of Northwest within H17 and H18, have strong negative
T2m-SWDI combined with strong negative SR-SWDI, LAI-SWDI,
and strong positive (R>0.75) RSM-SWDI correlation coefficient,
while the stations located at the Northern Great Plains within
H10, Shrublands within H14 and lower Southern Great Plains
within H12 present weak T2m-SWDI correlation coefficient (R
within [-0.5 0.5]) combined with weak SR-SWDI, LAI-SWDI and
lower RSM-SWDI correlation coefficient. The weak correlation
coefficient between meteorological variables with SWDI over Great
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Fig. 2. Correlation coefficient between hydroclimatic variables (i.e., T2m, SR, P, RH, LAI, RSM) and SWDI over the selected 59 study Stations at the 2nd study time period
during April 1st 2015 to March 31st 2016. The red numbers (01 to 18) for the HUC2 regions. The blue character for the selected 59 Stations and their subregion defined in

Table 3.

Plains and Shrublands may be due to the local climate regime and
land-atmosphere interactions. As stated in previous studies (e.g.,
Koster et al., 2006; Mei and Wang, 2011, 2012), the hot spots of
the strong synoptic-scale coupling for SM-P or SM-T2m mainly
appear in the central Great Plains of North America (Fig. S4). The
positive T2 m-SWDI, SR-SWDI signals (i.e., the central to upper
Northern Great Plains, part of Southern Great Plains and Southeast
along the Gulf of Mexico) may be due to the local cold weather
regime or the strong land-atmosphere coupling strength.

In this study, the antecedent meteorological variables and
remotely sensed products (i.e., AMSR-E, SMAP, LAI) are used to pre-
dict the subsequent weekly SWDI. The cross correlation coefficient
approach is adopted to evaluate the lagged time between SWDI
and each input variables. It is observed that the lagged time for
each selected local variables (T2m, SR, P, RH, LAI, RSM) with SWDI
are almost within the antecedent 5 weeks at most of the 59 sta-
tions selected over CONUS (Fig. S5.1) at the 2nd time period with
available SMAP. In addition, the lagged correlation coefficient
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between selected input variables at antecedent 1-5 weeks with
current weekly SWDI tends to decrease with lagged time increase,
especially after 4-5 weeks, at most study stations (Fig. S5.2). At the
1st time period over the 14 stations with available AMSR-E, the
lagged time and lagged correlation coefficient presents similar
results (Figs. S6.1 and S6.2) with that at the 2nd time period. It is
observed that the stations located at the Northern Great Plains
(i.e., S6,S9, S11) and Midwest (i.e., S4, S5) presents slightly weaker
T2m-SWDI, SR-SWDI, LAI-SWDI, RSM-SWDI (AMSR-E) signals
compared to the remaining stations. The lagged correlation tends
to be decreased with lagged time increased, especially after
4 weeks length.

Therefore, to keep consistency, the variables, including T2m, SR,
P, RH, LAI, and RSM, at the antecedent 3 weeks are used as input to
predict the SWDI results at the subsequent 1-4 weeks. The compo-
nent of T2m, SR, P and RH are selected as the benchmark input
variables in Case 1 for the SWDI predictions at subsequent 1-
4 weeks lead time. All the input and output variables of SVMs dur-
ing each study period are standardized prior to assign equal
weights with a range of values different for each variable. The pre-
dicted SWDI are transferred to the actual data type for the perfor-
mance evaluation. The SVMs are validated with different initial
training length and different component of meteorological vari-
ables (results not shown) based on the “trail-and-error” method.

4. Results analysis

Due to the non-overlapping of AMSR-E and SMAP data, we
selected two time periods for analysis: (a) the 1st period for
AMSR-E (October 1st 2009 to September 30th 2011); and (b) the
2nd period for SMAP (April 1st 2015 to March 31st 2016). The

results are discussed in two sections: Firstly, we evaluated the per-
formance of AMSR-E, SMAP and LAI for the drought forecasting at
two different time periods at the 14 selected stations; Secondly,
generalize our findings at the selected 59 stations for COUNS with
a focus on recently launched SMAP product during the 2nd time
period.

4.1. Evaluation of AMSR-E, SMAP and LAI

The GOF criteria (R, RMSE, MAE) between predicted SWDI at the
subsequent 1st week with the observed SWDI at the 14 selected
stations based on the two time periods are provided in Fig. 3. It
is observed that the predicted SWDI at the subsequent 1st week
from Case 1 (black circle) capture well the observed SWDI based
on the significant correlation coefficient (R > 0.5) combined with
low RMSE (RMSE < 0.3) and MAE (MAE < 0.3) at most of the stations
(e.g., 1st period: S1-S3, S5, S7, S13; 2nd period: S1, S6-S8, S9, S10,
S13, S14) with strong linkage between meteorological variables
(i.e., T2 m, SR, P. RH) and SWDI (1st period: Fig. S5.1; 2nd period:
Fig. S6.1). Such findings indicate the efficiency of antecedent mete-
orological variables for the SWDI prediction at subsequent 1st
week. The strong linkage between meteorological variables and
SWDI may contribute to the better performance of data-driven
technique for the drought forecasting.

The addition of remotely sensed products (i.e., LAl and RSM (1st
time period: AMSR-E; 2nd time period: SMAP)) as inputs for SVMs
(Case 2 to Case 4) slightly improved the SWDI predictions at some
of the stations (e.g., 1st time period: S3, S6-S8, S10-S13; 2nd time
period: S1, S2, S7-S10, S12, S14). The relationship between LA,
RSM and in-situ SWDI varies between stations, which also decide
improvement achieved in drought forecasting. For example, Case
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Fig. 3. GOF comparison among Case 1 to Case 5 for the selected 14 study stations at both study time period: T1 (1st study time period during October 1st 2009 to September
30th, 2011), T2 (2nd study time period during April 1st 2015 to March 31st 2016). (a) Case 1; (b) Case 2; (c) Case 3; (d) Case 4; (e) Case 5. X-axis for the 14 study stations.
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2 with LAI added as input slightly improved the SWDI predictions
at stations with significant LAI-SWDI relationship (e.g., 1st time
period: S7, S10, S13; 2nd time period: S12) or weak meteorological
relationship (e.g., 2nd time period: S2, S6, S9) based on the
decreased RMSE or MAE magnitude with respect to Case 1
(Fig. 3). Consistently, Case 3 with RSM added as input has better
performance at stations (e.g., 1st time period: S3, S10-S13; 2nd
time period: S1, S8-510, S13, S14) based on good RSM-SWDI corre-
lation coefficient. Case 4 with both RSM and LAI added simultane-
ously as input performs better at stations (e.g., 1st time period: S3,
S7, S8, S10-S13; 2nd time period: S1, S7-S10, S12, S14) based on
either significant LAI-SWDI or RSM-SWDI linkage. Obviously, the
addition of both LAI and RSM at the same time in Case 4 performs
better than the individual addition of LAI in Case 2 or RSM in Case 3
based on the signals of GOF results and the improved performance
at more number of stations.

Compared to the solely performance of SVMs in Case 1 to Case
4, Case 5 with SVM-DA coupling model lead to lower RMSE and
MAE magnitude, while slightly higher or similar range of R magni-
tude at most stations at each study time period. Moreover, the NIC
values for Case 5 with respect to Case 1 are greater than zero at
most of the stations for both the 1st and 2nd study time period.
Such information indicate the improvement of SWDI predictions
at the subsequent 1st week with SVM-DA coupling model to the
solely SVMs.

The time series of the SWDI predictions at the subsequent 1st
week for five stations (S7MW, S8 SE, SIOMW, S11 NG, S13 SG) with
different land use type are selected to further evaluate the perfor-
mance of in-situ meteorological variable and remotely sensed
products added as inputs of SVMs (Fig. 4.1 and Fig. 4.2 for the

1st and 2nd time period, respectively). Consistent with GOF results,
the predicted SWDI at the subsequent 1st week for each Case at
selected site can capture the trend of observed SWDI (Fig. 4.1,
Fig. 4.2). The addition of remotely sensed products (Case 2 to Case
4)resemble similar trend and close magnitude of SWDI predictions
with Case 1 at most of the times with only a little improvement.
The SVM-DA coupling model has better performance compared
to the predictions from Cases with solely SVM (Case 1 to Case 4)
based on the smaller bias with respect to the observed SWDI at
most of the predicted time in each site (cyan diamond). However,
the time series of relative error (RE) (Fig. 5.1 and Fig. 5.2 for the 1st
and 2nd time period, respectively) indicate obvious improvement
of Case 2 to Case 4 with respect to Case 1 according to the lower
RE signals at some predicted times at each site. In addition, Case
4 suggests higher improvement at each site based on the lower
RE values at most predicted time period among Case 2, Case 3
and Case 4. Moreover, consistent with the GOF results and time
series analysis, Case 5 with the SVM-DA coupling model (cyan dia-
mond) has the best performance based on the lower RE compared
to the SVM solely predictions.

To assess the persistence of SVMs or SVM-DA coupling model
for the SWDI predictions, the R and NIC values at the subsequent
1st to 4th week for each Case are evaluated to do a comparison
(Fig. 6.1 and Fig. 6.2 for the 1st and 2nd time period, respectively).
It is observed that the R and NIC signals tends to be weak based on
the decreased R magnitude at most stations for both study period
with SVMs solely (Case 1 to Case 4), implying the reduced effi-
ciency of SVMs for the SWDI predictions at longer lead time. How-
ever, there are few stations maintain consistency (e.g., S1, S3, S5,
S7, S10-S13 at the 1st time period (Fig. 6.1); S5-S7, S9-S10 at the
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Fig. 4.1. Time series of SWDI prediction at subsequent 1st week at 5 selected study stations (S7, S8, S9, S10, S11, S13) with NIC value from Case 2 to Case 5 greater than zero
compared to Case 1 at the 1st study time period during October 1st 2009 to September 30th, 2011. (a) observed SWDI; (b) Case 1; (c) Case 2; (d) Case 3; (e) Case 4; (f) Case 5.

X-axis for the predicted time (Unit: Week).



96 D. Liu et al./Journal of Hydrology 553 (2017) 88-104

0.4 T T

N Adgraay "'?"\‘/ﬂw---m V\"

-0.8
3,.1?/
1.2 !
0.4
) ‘ 4 ‘e
..i “ o g .0 ; \.N
ﬁ'.*..é.. )
‘|
-1.2
0.4 T T
u- i
)
"- R _0. ."“ &/
-1.2

0.4 T T T T T A (e)

-0.4

s7
TT T T T 1T
| T |

s8

-0.4

(a)

TT T T T T 7T
1 T N |

-0.8

masnnns(b)

+ (<)

S10

-0.4
-0.8

TTTI U]
| 5 O |

*  (d)

S11

0.4 G}

-0.8

T T T T T T
| T N I |

-1.2
0.4

S13

-0.4

-0.8

TT T 11 T1T
T T |

-1.2

o

1 la‘i | ¥ 1
.6 e + +<b+6

T

0.5

s7

> b8
o
o

>
o

D D
3
b
P
<
®e
>
>+

(=]
>,
i k&)
E Y

2>

0.5 %

S8

o (a)

Ql
Dex
(C 23
(e
C
&
D
®
L]
°»
(= ]
o *
D
®»
O b
o +
+CP
L C

+ (b)

S10

0.5 -

P ,bgb 4o 8" * (0
&

A (d)

§% -] . (e)

S11

o
0528 @ o L S

S13

s A @ . $¢ }30 P : &4d
5 @ o é - Q & 08.. 6_. | LA +@_;n
24

Fig. 5.1. Time series of relative error for predicted SWDI versus observed SWDI at subsequent 1st week at 5 selected study stations at the 1st study time period during
October 1st 2009 to September 30th, 2011 (upper). (a) Observed SWDI; (b) Case 1; (c) Case 2; (d) Case 3; (e) Case 4; (f) Case 5. X-axis for the predicted time (Unit: Week).




D. Liu et al./Journal of Hydrology 553 (2017) 88-104 97

1 T T ¥ T
— ¥ AN é a A .
~ < o A O (o]
wos- © A -
| é + + o * o
0 P @ i I L L & bt
1 T T A T T
L o °© ; 8 - & i
BosT 3 o Sy & ] o (a
& a
BEE XM a ® + ke N
0 D ) ba o 1 1 0 S 1
1 g T T T T > T + (b)
|- o -}
+ O fAY
o + Q
o * & -
e X a & 8 e 3 d (3 * (o)
- o O 2 6 % + o 00 .
o A ¥ * Y & o LA E |
A (d)
** 1 I I + I I
L o a i
o & ? ® & ® o]
= 05 o A ® * » v ] (e)
n * ]
8 : s
B + A 6 *# O 7
oL@ ° & T . & g 2 L4 & ? $
I T + I & T N A ¥ ]
m (- ¢
= 05 ] &
"
- @ g 16 8 g - —— -
0 9 1 ¢ 1 1 o & [0
0 4 8 12 16 20
Fig. 5.2. Same as Fig. 5.1, but for the 2nd study time period during April 1st 2015 to March 31st 2016.
1 R b6 NIC
& a ! b
O ] &8 A&7 @ ¢ A
3 os & g @ { o3 * O
» . . @ a 4 *
a a 8 !
b B, %
0 ] i ] ] ] i 0 ] ] S S| .
1 ——r—T—r—r—r—r—r—Tr—Tr—r—r 0.6 —rr—r—r—r—r—r—Tr— T
& &
2 . o 8@ 1 ' ! o (@
Sost o o + & é {1 o3 ;
X 80 ] | e + (b)
% X & Iy RaaTR
Y PR W TN S S ¢ ol v v L @F L AR
T o e S 0.6 1 * (0
@ =
L @ 4 a lo) L ] ‘ - Po ) \
- 07 . ¢ ¢4 1 A (d)
;O.S- ‘ (¥} + a 4 03F g TR
: 84 T 3 o+ * o (e)
oLt L i 111 |® || ]Al JF¥eF ! (®RTF| | [ Ala
1 T T T T — 0.6 T T ——r— T T
I 2 & e 2, |
. B 938 ¢ 0¢
S 05f - o {1 o3 1
& A A
& R | . ¢ 2
K i A o K T * X
L s 0
01 2 3 45 6 7 8 91011121314 01 2 3 45 6 7 8 91011121314

Fig. 6.1. R and NIC comparison at the subsequent 1-4 weeks lead time for the selected 14 study stations at the 1st study time period during October 1st 2009 to September
30th, 2011. (a) Case 2; (b) Case 3; (c) Case 4; (d) Case 5. (Only the results above zero are shown). X-axis for the 14 stations.



98 D. Liu et al./Journal of Hydrology 553 (2017) 88-104

R
11— ——— 0.6
g A QBQA
B2 RS LR
B s ©8 Re
3 05) + + 8 3 03}
+
g e A
0 ZAS 0
1 . ————— 0.6
j '?'o:{-‘?
L & 1]
n | o X3 &
z05¢ A 0.3
8 : °x
(o] * O
o
oLl— A BN - Lo ] | 0
1 2 0.6
o ® A
Q#:- ék
A+
m
05} o] 03}
2 a
+ !
817 i
0 Q. & & | 0
1 — - — 0.6
o U
gd8 %Z
<
;0.5- o o | 5 L- 03 F
A * A
L a ]
+ + s
ol g + 0
012 3 456 7 8 9 1011121314

NIC
A a
A+ "
+ ~-F e+ A
.
il A
& 5
P I
O (a)
.é+
= + (b)
+ & a® A+
| SeuE 3 1
J e * (o)
+ * +
? A ()
A A 1
+
a Qu
& o (e)
vl ¥
* +
A T+ K
8 | & &
_A i
L & d A

PR A S S S S S S A
2 3 4 5 6 7 8 9 1011121314

Fig. 6.2. Same as Fig. 6.1, but for the 2nd study time period during April 1st 2015 to March 31st 2016.

2nd time period (Fig. 6.2)) based on the higher R signals between
predicted SWDI and observed SWDI. The addition of remotely
sensed products, especially with LAI and RSM simultaneously at
Case 4, attribute to improve the predictions at some stations
(e.g., 1st time period: S7, S12, S13 (Fig. 6.1); 2nd time period: S9,
S10 (Fig. 6.2)) based on the positive NIC value. However, such
improvement tends to decrease with the increase in predicted time
according to the decreased R magnitude (lower than 0.5) and NIC
values (close to zero or tends to be negative) at most stations.
Unlike SVMs solely, the SVM-DA seem to have better persistence
for the SWDI predictions at longer predicted time (2nd to 4th
week) based on the persistent significant correlation coefficient
and the positive higher NIC values at most stations at each time
period.

4.2. Evaluation of SMAP over the continental United States

Overall, 59 stations are selected to evaluate the performance of
SMAP for drought prediction. The GOF criteria, including R, RMSE,
and MAE, between predicted SWDI at the subsequent 1st week
from each Case (Case 1 to Case 5) with the observed SWDI are plot-
ted in Fig. 7.1, Fig. 7.2, and Fig. 7.3, respectively. As it is shown, the
results from Case 1 present significant positive correlation coeffi-
cient signals (R>0.5) (Fig. 7.1) combined with low RMSE
(Fig. 7.2) and MAE (Fig. 7.3) magnitude (within 0.3) at most sta-
tions with strong linkage between meteorological variables (i.e.,
T2m, SR) with SWDI, such as Northeast within HO2 (e.g., S44,
S48, S58N), Southeast within HO3 (e.g., S3, S36, S28, S29, S15),
Lower Southern Great Plains within H12 (e.g., S52, S54), Southern
and lower Northern Shrublands and lower Northwest within H13-
H15 and H18 (e.g., S21-S23, S41-S42), indicating good performance
of SVMs. Besides, some stations with weak relationship between

meteorological variables with SWDI but located at the regions with
strong land-atmosphere feedback (e.g., Koster et al., 2006;
Dirmeyer et al., 2009; Mei and Wang, 2012), such as, Midwest
within HO5, HO7 and H11 (e.g., S5, S10, S14, S16), Northern Great
Plains within H10 and H11 (e.g., S18, S38, S39, S49), also present
good performance of drought forecasting with SVMs. Such findings
demonstrate the contribution of strong linkage between meteoro-
logical variables with SWDI and the possible influence of the land-
atmosphere feedback for the drought forecasting with data-driven
technique.

The addition of SMAP SM in Case 3 and Case 4 as SVMs input
have slightly better performance with respect to Case 1 at some
stations located at Southern Shrubland within H18 (e.g., S20,
S22), and Southeast within HO3 (e.g., S31, S8, S15), based on the
higher magnitude of R values combined with low RMSE and MAE
magnitude.

Based on the constraint of NIC magnitude greater than zero and
R magnitude greater than 0.5, the stations are identified to further
investigate the improvement in SWDI forecasting with the addition
of remotely sensed products as inputs in Case 2 to Case 4 and the
SVM-DA coupling model in Case 5 (Fig. 8). The LAI added in Case 2
provide some improvement at the stations mainly located at
Southeast, lower Southern Great Plains within HO3 and H12, lower
Northern Great Plains and Shrublands within H11, H13, H14. Most
of these stations have weak T2m-SWDI and SR-SWDI, but strong
LAI-SWDI correlation coefficient (Fig. 2). Compared to Case 2, the
addition of SMAP SM in Case 3 provide more improvement at the
stations located at Northern Great Plains within H10-H11, part of
Midwest, and Shrublands that has good RSM-SWDI correlation
coefficient but weak SWDI relationship with local meteorological
variables (i.e., T2m, SR, P, RH) (Fig. 2). Among Case 2 to Case 4 with
addition of remotely sensed products, Case 4 added with both LAI
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Fig. 7.1. Correlation Coefficient comparison among Case 1 to Case 5 at the selected study sites at the 2nd study time period during April 1st 2015 to March 31st 2016. The
legend in each subplot presents the criteria for different Cases (C1 to C5) at 1 week lead time (W1), e.g., R (C1 W1) for correlation coefficient (R) of Case 1 (C1) at 1 week lead

time (W1).

and SMAP SM comparatively performs best for the SWDI predic-
tions with respect to Case 1 according to the improved perfor-
mance with more stations have positive NIC values and
significant R signals. By comparison, most of the stations improved
in Case 2 and/or Case 3 are included in Case 4 with an exception
over the Shrublands (e.g., S22, S40, S41, S42) and part of Great
Plains (e.g., S51, S25, S18, S9). There are few stations where the
addition of LAI and SMAP SM as input slightly reduce the predic-

tion performance. Most of these stations present two kinds of link-
age between meteorological (remotely sensed) variables with
SWDI: (a) weak linkage of meteorological variables with SWDI
and weak relationship between remotely sensed products (LAI,
SMAP SM) and SWDI (e.g., S40, S41, S42, S51, S9, S25); (b) strong
linkage between meteorological variables with SWDI (e.g., S22,
S18). The addition of LAI and SMAP SM simultaneously may con-
flict with each other for the SWDI predictions at few stations.

99
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Fig. 7.2. Same as Fig. 7.1, but for the results of RMSE comparison among Case 1 to Case 5 at the selected study sites at the 2nd study time period during April 1st 2015 to

March 31st 2016.

The SVM-DA coupling model in Case 5 present some improvement
at the stations mainly located at the Southeast, Midwest, Northern
Great Plains and part of middle Shrublands.

The addition of remotely sensed products (Case 2 to Case 4) and
SVM-DA coupling model (Case 5) help to decrease the bias with
observed SWDI at most stations based on the number of total sta-
tions with positive NIC values (Table 4). Case 4 seems to be more
efficient for the improvement of SWDI predictions than Case 2

and Case 3 based on the more stations with significant R (40),
NIC (38) and both significant R and NIC (28) criteria. The SVM-DA
coupling performs best in reducing the bias with observed SWDI
according to the total number of stations (47) with NIC values
greater than zero. Among Case 3 to Case 5, there are greater than
20 stations present both significant correlation coefficient
(R>0.5) and positive NIC values (NIC > 0) between predicted SWDI
with observed SWDI. Most of these improved stations located at
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Fig. 7.3. Same as Fig. 7.1, but for the results of MAE comparison among Case 1 to Case 5 at the selected study sites at the 2nd study time period during April 1st 2015 to March

31st 2016.

the Great Plains (NG, SG), Shrublands (SS, NS) and Southeast (SE).
These information demonstrates the efficiency of the remotely
sensed products (i.e., LA, SMAP SM) for the improvement of
drought monitoring. The DA technique is able to reduce the pre-
dicted bias at most stations.

The time series of relative error (RE) between predicted SWDI
and observed SWDI at several stations (S15, S23, S30, S35, S38,
S48, S49, S54) with R magnitude greater than 0.5 and NIC values

above zero from Case 2 to Case 5 (Fig. S7) further demonstrate
the improvement of SWDI predictions in Cases with addition of
remotely sensed products (Case 2 to Case 4) or with SVM-DA cou-
pling model (Case5) based on the lower RE magnitude at most pre-
dicted time at most selected stations (e.g., S30, S38, S48, S49).
Among Case 2 to Case 5, Case 4 has better performance compared
to Case 2 or Case 3, while Case 5 with the SVM-DA coupling model
has the lowest RE at most predicted time steps.



102 D. Liu et al./Journal of Hydrology 553 (2017) 88-104

c2 (W1)

€3 (W1)

c4 (W1)
@)

C5 (W1)

L@

Fig. 8. Stations (solid colored circle) with R magnitude greater than 0.5 and NIC values greater than zero at the subsequent 1st week at the 2nd study time period during April
1st 2015 to March 31st 2016 from Case 2 to Case 5, respectively. The legend in each subplot presents the NIC for different Cases (C2 to C5) at 1 week lead time, e.g., C2 (W1)

for NIC of Case 2 (C2) at 1 week lead time (W1).

Table 4

Number of stations with positive NIC, and both significant correlation coefficient (R > 0.5) and positive NIC for each Case over the whole CONUS and eight subregions. The number
of stations within each subregion are given in the parenthesis, for example, NG(13) means there are 13 stations located at NG.

Category Case Total NG(13) SG(4) NS(6) SS(7) MW(7) SE(15) NW(3) NE(4)
NIC >0 @) 30 6 3 3 3 5 7 2 1

c3 32 9 1 3 4 3 9 1 2

c4 38 10 2 5 5 2 11 1 2

c5 47 10 4 5 6 5 13 3 1
R>0.5&NIC>0 &) 14 2 1 1 1 4 3 1 1

c3 26 9 1 2 2 3 8 0 1

c4 28 9 2 2 3 2 9 0 1

c5 24 6 0 2 2 3 9 2 0

In all, we found that the stations located at the Northeast within
HO2 (e.g., S44, S48), Southeast within HO3 (e.g., S1, S36, S12, S28,
S29), Midwest within HO5, HO7 and H11 (e.g., S5, S10, S4, S7),
Lower Southern Great Plains within H12 (e.g., S54), Northern Great
Plains within H10 (e.g., S18, S25, S49), Southern and lower North-
ern Shrublands and lower Northwest within H13-H15 and H18
(e.g., S21-524, S40) have better SWDI predictions at most Cases
with SVM solely or SVM-DA coupling model based on the GOF cri-
teria (positive R signals with magnitude greater than 0.5 combined
with RMSE and/or MAE lower than 0.3). The addition of remotely
sensed products are proved to be efficiency to improve the SWDI
predictions at stations mainly located at Southeast (Case 2, Case

3, Case 4), Northeast and Midwest (Case 3 and Case 4), central
Shrublands (Case 2 and Case 3), Northern Great Plains (Case 3
and Case 4). Among Case 2 to Case 4, the addition of RSM and
LAI simultaneously in Case 4 have better performance for the SWDI
predictions, especially over the South East and North East CONUS.
The SVM-DA coupling model (Case 5) reduced the bias between
predicted SWDI with observations based on the lower RMSE and/
or MAE magnitude (lower than 0.3) combined with positive NIC
values at most study stations. The improved stations with signifi-
cant correlation coefficient and positive NIC values mainly located
at the Southeast, Midwest, Northern Great Plains and part of cen-
tral Shrublands (Case 5).
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The persistence of SVMs solely (Case 1 to Case 4) over the
whole CONUS at the 2nd time period is weakened at most sta-
tions based on the reduced R magnitude (lower than 0.5) with
the predicted lead time prolonged from 1-week to 4-week
(Fig. S8). However, the addition of remotely sensed products
seems to be able to keep good performance at longer lead times
(1 week to 4 weeks) at some stations based on the high magni-
tude of R (R>0.5) (Fig. S8) and positive NIC values (Fig. S9).
The coupled SVM-DA for the SWDI predictions in Case 5 can
improve drought forecast at longer lead times (up to 4 weeks)
at most of the stations compared to the SVMs solely (Case 1 to
Case 4) based on the consistent significant R magnitude and pos-
itive NIC values.

5. Conclusions

This paper investigates the performance of limited in-situ mete-
orological variables (i.e., T2m, P, SR and RH) and remotely sensed
products (including LAI, AMSR-E and SMAP) for the near-real time
agricultural drought prediction using data-driven technique SVMs,
solely or coupled with DA technique (SVM-DA). Due to limited
time length of meteorological data and remotely sensed products,
two time periods are selected in this study: 1st study time period
during October 1st 2009 to September 30th 2011 with available
AMSR-E data; the 2nd period during April 1st 2015 to March
31st 2016 with available SMAP data. The major conclusions are
drawn from this study as follows:

(1). The limited meteorological variables are able to predict
the SWDI at most study stations over the CONUS at one
week lead time with SVMs solely or SVM-DA coupling
model based on the GOF criteria and time series analysis.
The best performance was observed for stations mainly
located in the regions with strong linkage between mete-
orological variables with SWDI or regions with strong
land-atmosphere feedback including Northern Great Plains
and Midwest.

(2). The addition of remotely sensed products (i.e., LAl, AMSR-E,
SMAP) slightly improve the SWDI predictions at most of the
stations, where the strong relationship between LAI (and/or
AMSR-E, SMAP) with SWDI exists. Typically, the improve-
ments take place at local scales; therefore it is difficult to
generalize the improvement at regional scale. In general,
the main improvement with addition of LAI is located at
Southeast and central Shrublands. Based on the limited
number of stations, the improvement with addition of SMAP
(AMSR-E) mainly located at Southeast, Northeast, Midwest,
and Northern Great Plains. The improvement with addition
of both LAI and SMAP (AMSR-E) at the same time performs
better than the independent addition of LAI or SMAP
(AMSR-E).

(3). Coupled SVM-DA model are more efficient in the SWDI pre-
dictions based on the lower bias with observed SWDI at
most study stations, though the correlation coefficient sig-
nals decreased at some stations. The improved stations with
significant correlation coefficient and positive NIC values
mainly located at the Southeast, Midwest, and Northern
Great Plains.

(4). The performance for the SWDI predictions with solely SVMs
is reasonable up to 1-2 weeks lead time at most stations.
The addition of remotely sensed products can slightly
improve the predictions at 2-4 weeks lead time at some sta-
tions, but the efficiency tends to decrease with the increase
in lead time. The SVM-DA coupling model have good perfor-
mance at longer lead time (up to 4 weeks) at most stations
based on the consistent good GOF criteria signals.

(5). The strong linkage between meteorological variables with
SWDI may contribute to the good performance of drought
forecasting. However, the local land-atmosphere feedback
may also influence the drought forecasting. At few stations,
the addition of remotely sensed products (i.e., LAl, AMSR-E,
SMAP) as input may not perform well due to the contrasting
nature of association between SWDI and meteorological
(Remotely sensed) products. For example, few stations
either have weak (strong) linkage between meteorological
(remotely sensed) variables with SWDI or vice versa.
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