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Abstract: Despite the importance of the interaction between soil moisture and vegetation dynamics
to understand the complex nature of drought, few land reanalyses explicitly simulate vegetation
growth and senescence. In this study, I provide a new land reanalysis which explicitly simulates
the interaction between sub-surface soil moisture and vegetation dynamics by the sequential
assimilation of satellite microwave brightness temperature observations into a land surface model
(LSM). Assimilating satellite microwave brightness temperature observations improves the skill
of a LSM to simultaneously simulate soil moisture and the seasonal cycle of leaf area index (LAI).
By analyzing soil moisture and LAI simulated by this new land reanalysis, I identify the drought
events which significantly damage LAI on the climatological day-of-year of the LAI’s seasonal
peak and quantify drought propagation from soil moisture to LAI in the global snow-free region.
On average, soil moisture in the shallow soil layers (0–0.45 m) quickly recovers from the drought
condition before the climatological day-of-year of the LAI’s seasonal peak while soil moisture in the
deeper soil layer (1.05–2.05 m) and LAI recover from the drought condition approximately 100 days
after the climatological day-of-year of the LAI’s seasonal peak.
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1. Introduction

Drought is one of the costliest natural disasters in the world [1], so mitigating negative impacts
of catastrophic drought events on society is a grand challenge for hydrological researchers and
practitioners. Drought monitoring and prediction capabilities contribute to building resilience against
severe drought events. Many previous studies have provided the important contributions to drought
monitoring [2–4], and drought prediction [5–7]. In those literatures, precipitation, soil moisture,
and vegetation condition were recognized as the key variables to be observed and/or simulated for
drought monitoring and prediction.

Understanding the complex nature of drought from historical drought events is strongly needed
to improve drought monitoring and early warning and help decision makers consider the adaptation
plan against severe drought events. Drought is a complicated multi-spatiotemporal phenomenon
and an integrated process which has meteorological, hydrological, and ecological aspects. According
to the conceptual model proposed by Wilhite and Glantz [8], extreme climate conditions such as
precipitation deficiency and high temperature induce soil water deficiency which causes plant
water stress and agricultural drought. Then, streamflow and groundwater level respond to soil
water deficiency, which causes hydrological drought. Soil moisture has an important role in
this drought propagation since it controls both agricultural and hydrological aspects of drought.
Quantifying the drought propagation is important to deliver the effective information of the drought
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progress to decision makers in a wide variety of sectors and has been intensively investigated.
Sawada et al. [9] found that hydrological drought quantified by river discharge and groundwater
level lasted longer than agricultural drought quantified by vegetation dynamics in Medjerda river
basin, Tunisia. Sepulcre-Canto et al. [10] developed a drought indicator in Europe considering the
drought propagation from soil moisture deficits to crop failures. Akarsh and Mishra [11] analyzed
the drought propagation from soil moisture in shallow soil layers to vegetation condition in India.
These previous studies indicated that the interaction between soil moisture and vegetation dynamics
is important to understand the drought propagation. However, published knowledge is limited to
regional applications and the holistic view of the drought propagation from soil moisture to vegetation
dynamics has yet to be obtained.

To identify and quantify the drought propagation, land reanalysis is useful since it provides spatially
and temporally homogeneous terrestrial water cycle data. Land reanalysis is generated by driving a land
surface model (LSM) with meteorological forcings from atmospheric reanalysis with adjustments using
in situ observation networks. For example, the Global Land Data Assimilation System (GLDAS) [12]
provides land surface variables such as soil moisture globally from 1948 to present by driving multiple
LSMs. MERRA-Land [13] provides global estimates of soil moisture, heat fluxes, snow, and runoff from
1979 to present as a part of the Modern-Era Retrospective Analysis for Research and Applications (MERRA)
reanalysis. ERA-Interim/Land [14] is generated by a single 32-year (1979–2010) simulation of the European
Centre for the Medium Range Weather Forecasts (ECMWF) land surface model driven by meteorological
forcings from the ERA-Interim atmospheric reanalysis. These land reanalysis datasets were widely used for
drought identification and quantification [11,15–20].

However, there are limitations in the existing land reanalysis datasets for the quantification of the
drought propagation. First, few land reanalyses explicitly simulate vegetation growth and senescence.
The interaction between soil moisture and vegetation dynamics is not currently considered by the
LSMs which are used to generate global land reanalysis datasets. The decline of vegetation activity
due to drought cannot be identified and quantified by the existing global land reanalysis datasets
although the ecohydrological process is important in the drought propagation.

Second, few satellite observations are assimilated into LSMs in the current global land reanalyses.
There are important satellite observations which can improve the simulation of a LSM. For example,
passive and active microwave remote sensing provides the all-sky observation of land surface soil
moisture, temperature, and vegetation water content [21–27]. Although many previous studies
have developed Land Data Assimilation Systems (LDASs) to assimilate these satellite microwave
observations into a LSM [28–35] and some previous studies have successfully monitored regional
drought events using LDASs [7,36], they have yet to be fully applied to generate land reanalysis for
the quantification of the drought propagation.

There are several LDASs which can accurately simulate both soil moisture and vegetation dynamics.
Barbu et al. [37] assimilated satellite-observed surface soil moisture and leaf area index (LAI) jointly into
a LSM which can simultaneously calculate soil moisture and vegetation dynamics. Liu et al. [38] assimilated
both active and passive microwave observations into a LSM and demonstrated that data assimilation
can improve the simulation of soil moisture and biomass. Sawada and Koike [39] and Sawada et al. [40]
developed the Coupled Land and Vegetation Data Assimilation System (CLVDAS) which can improve the
skill of a LSM to simulate both soil moisture and vegetation dynamics by assimilating satellite microwave
brightness temperature observations. These ecohydrological LDASs are the promising tools to monitor the
drought propagation considering the interaction between soil moisture and vegetation dynamics. However,
the skill of the ecohydrological LDASs to simultaneously estimate surface soil moisture, sub-surface soil
moisture, and vegetation dynamics has yet to be fully validated on continental and global scales.

This study aims to quantify the drought propagation from soil moisture to vegetation dynamics
in the global snow-free region. First, I develop a verified land reanalysis, which includes both
soil moisture and vegetation condition, by driving CLVDAS. Then, I obtain the holistic view of
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the integrated drought propagation from soil moisture deficits to vegetation degradation using soil
moisture and LAI simulated by the new land reanalysis.

2. Materials and Methods

2.1. Data and Study Area

As observed meteorological forcings, the GLDAS v2.1 data [12,41] were used. GLDAS provides
the complete set of meteorological forcings which are needed to run LSMs. The meteorological forcings
used in this study were surface pressure, precipitation, surface air temperature, relative humidity,
incoming solar radiation, incoming longwave radiation, and wind speed. The horizontal resolution is
0.25 degree. The temporal resolution is 3-hourly and the data were linearly interpolated into hourly
data since the time step of the LSM used in this study is set to 1 h.

As microwave brightness temperature observation, the Advanced Microwave Scanning Radiometer
for Earth Observing System (AMSR-E) L3 product [42] was used. Brightness temperature observations at
6.925 and 10.25 GHz were used for data assimilation. Both horizontally and vertically polarized observations
were used. I used only night scene data since the effect of surface temperature errors on the estimation of
microwave brightness temperature is small at night [43]. The native horizontal resolution of the L3 product
is 0.1 degree and the data were resampled to 0.25 degree by box averaging to match them to the resolution
of the GLDAS meteorological forcings and the LSM. The temporal resolution is approximately 2-daily.

The International Satellite Land Surface Climatology Project 2 soil data [44] were used to derive
soil texture. The Food and Agricultural Organization global dataset [45] was used to obtain the
parameters for the water retention curve.

The Global Land Surface Satellite LAI (GLASS LAI) product [46] was used to evaluate the skill of
the land reanalysis to simulate phenology. The GLASS LAI was generated from MODerate resolution
Imaging Spectroradiometer (MODIS) visible and infrared observations [47]. Xiao et al. [46] reported that
GLASS LAI could reproduce field-measured LAI with the accuracy of R2 = 0.87 and RMSE = 0.64 [m2/m2].
The native horizontal resolution of the GLASS LAI product is 1 km and I resampled it into 0.25 degree by
box averaging. The temporal resolution is 8-daily and I generated the monthly data.

The European Space Agency Climate Change Initiative Soil Moisture (ESA CCI SM) v3.2
product [48–50] was used to evaluate the skill of the land reanalysis to simulate surface soil moisture.
This product was generated by blending many existing satellite-observed soil moisture products.
The combined passive and active microwave products were used. Although Dorigo et al. [48] reported
that the correlation coefficient between this product and in situ surface soil moisture observations
is approximately 0.6 on average, significantly low correlations are also reported in some in situ
observation sites. The horizontal resolution of the ESA CCI SM is 0.25 degree and the temporal
resolution is approximately 2-daily.

To evaluate the skill of the land reanalysis to simulate soil moisture from surface to 2m depth,
I used the in situ soil moisture observations archived at International Soil Moisture Network
(ISMN) [51]. I used the network of the African Monsoon Multidisciplinary Analysis—Coupling
the Tropical Atmosphere and the Hydrological Cycle (AMMA-CATCH) [52], CARBOAFRICA [53],
and Dahra [54]. The land cover of the AMMA-CATCH Belefoungou site is crop and the land cover
of the other sites is semi-arid savanna. The annual maximum LAIs in Dahra, CARBOAFRICA,
AMMA-CATCH Belefoungou and Tondikiboro are approximately 1.5, 0.6, 2.5, and 0.6, respectively.
Figure 1 shows the locations of the in situ soil moisture observation sites. I chose these sites because
they provided both surface and subsurface (more than 1 m depth) in situ soil moisture observations
with the sufficient observation periods. In addition, as mentioned below, I did not provide the
land reanalysis in the pixels in which there is snowfall from 2003 to 2010. These criteria excluded
many in situ soil moisture observations in ISMN. The native temporal resolutions of the point-scale
observations were resampled to daily. Although the in situ soil moisture observations provide hourly
data, here I focused on the daily-scale soil moisture dynamics since soil moisture dynamics in an hourly
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scale is not important for the application to drought analysis. In addition, the skill to simulate the
hourly-scale soil moisture dynamics may be strongly degraded by the bias of the timing of precipitation
in the GLDAS data, which cannot be corrected by the LDAS used in this study.

Figure 1. Study area (red) and the locations of the in situ observation sites of the DAHRA (purple
rectangle), CARBOAFRICA (blue circle), AMMA-CATCH Belefoungou in Benin (black rectangle),
and AMMA-CATCH Tondikiboro in Niger (yellow circle) networks.

The Emergency Events Database (EM-DAT: http://www.emdat.de) was used as reference data of
historical drought events. The EM-DAT provides information on historic natural and technological
disasters reported by different institutions across the world. Please note that the database may not
include all disasters and the reported damages may sometimes be biased.

The study area was the global snow-free region (Figure 1). I identified the snow-free region
using the GLDAS snowfall data. There are two reasons why I focused only on the snow-free
region. First, snowmelt may have an important role in the drought propagation in some regions.
The drought propagation may be more complicated in snowfall regions than in snow-free regions.
In snow-free regions, I can focus only on the interaction between soil moisture and vegetation dynamics
to quantify the drought propagation. Second, the performance of my LDAS (see Section 2.2) may be
degraded by snow because snow accumulation makes it difficult to simulate microwave radiative
transfer. The tau-omega model of the radiative transfer model (RTM) (Equation (9) in Section S2 of the
Supplementary Materials) does not currently consider the effect of snow accumulation on microwave
radiative transfer. Considering the effect of snow accumulation in the RTM may bring additional
errors in the land reanalysis, which was avoided in this study. Please note that the study area includes
the arid and semi-arid area in which the effects of vegetation on microwave signals are small so that
I can evaluate the impact of the data assimilation on the simulation of surface soil moisture.

2.2. Coupled Land and Vegetation Data Assimilation System (CLVDAS)

CLVDAS [39,40] has been developed to improve the skill of a LSM to simultaneously simulate
soil moisture and vegetation dynamics. The modules of CLVDAS include a LSM, a microwave
Radiative Transfer Model (RTM), and a particle filtering (PF) data assimilation system. The LSM of
CLVDAS is EcoHydro-SiB, which can simultaneously simulate surface soil moisture, sub-surface soil
moisture, and vegetation dynamics (see Section S1 of the Supplementary Materials). EcoHydro-SiB

http://www.emdat.de
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can explicitly simulate vegetation growth and senescence. The RTM of CLVDAS can estimate
microwave emissivity on land (see Section S2 of the Supplementary Materials). Microwave brightness
temperature at C- and X-bands is sensitive to both surface soil moisture and vegetation water
content [23] and insensitive to atmospheric condition. Therefore, the RTM can estimate satellite level
microwave brightness temperature from surface soil moisture, surface soil temperature, and vegetation
water content simulated by EcoHydro-SiB. The PF can assimilate satellite microwave brightness
temperature observations into the LSM and improve the skill of the LSM to simulate their state
variables (see Section S3 of the Supplementary Materials). The detailed description of the CLVDAS
is not included in this main manuscript and can be found in the Supplementary Materials since
the description of all CLVDAS’s modules has already been published. Please refer to previous
papers [9,39,40] for the complete description of CLVDAS (i.e., the LSM, the RTM, and the PF data
assimilation system) and its parameter variables. References of the Supplementary Materials are also
useful to understand the LSM, the RTM, and the PF data assimilation system.

2.3. ECoHydrological Land reAnalysis (ECHLA)

I generated a new land reanalysis dataset, called the ECoHydrological Land reAnalysis (ECHLA),
by driving CLVDAS. First, I run EcoHydro-SiB without data assimilation (the open loop (OL)
experiment). Initial conditions are 80-year spun-up results of the OL experiment. Second, comparing
simulated brightness temperature at 6.9 GHz and 10.65 GHz by the RTM with observed brightness
temperature by AMSR-E from 2004 to 2006, I optimized the surface soil roughness parameter of the
RTM (rms height: see a previous paper [55]) in each pixel. Although there is another soil roughness
parameter, correlation length, in the RTM, I did not optimize it in this study. This is because the
combination of large rms height and large correlation length has a similar effect to the combination of
small rms height and small correlation length so that it is practically difficult to optimize both of soil
roughness parameters simultaneously [39]. The optimization was implemented using the Shuffled
Complex Evolution method (SCE-UA) [56]. The parameter optimization method in CLVDAS was
described previously [39]. Third, I run EcoHydro-SiB with the assimilation of the AMSR-E observed
brightness temperature observations by the PF (the DA experiment). The output of the DA experiment
is the dataset of ECHLA.

The horizontal resolution of ECHLA was set to 0.25 degree. The depth of the first soil layer was
set to 0.05 m and the depths of the other soil layers were set to 0.1 m. The total soil depth was set to 2.05
m since the previous studies revealed that most of root biomass was distributed from 0 to 2 m depth
soil [57]. The temporal resolution of EcoHydro-SiB was set to hourly and I analyzed the daily data.

The observation errors for TV,6.9GHz
b , TH,6.9GHz

b , TV,10.65GHz
b , and TH,10.65GHz

b are set to 9.9 K, 14 K,
8.3 K, and 13 K, respectively (TV,6.9GHz

b is the vertically polarized brightness temperature at 6.9 GHz,
for instance). It is generally difficult to objectively determine the observation errors especially for
satellite brightness temperature observations [58]. In this study, these variables are set to the mean
root-mean-square differences between observed brightness temperature and simulated brightness
temperature by the OL experiment averaged in all pixels of the study area. I assumed that the
observation errors are uncorrelated. The duration of the data assimilation window was set to 5 days so
that past 5 days’ and present observations were assimilated to adjust the model state at the present
time. The ensemble size was set to 100 and the ensemble mean was used for the drought identification
and quantification.

Figure 2 summarizes production steps of ECHLA. The LSM, EcoHydro-SiB, estimated land state
variables for 5 days (from t0 to te in Figure 2) using GLDAS meteorological forcing data. Using the
simulated land state variables, such as surface soil moisture, LAI, and temperature, the RTM estimated
brightness temperatures at 6.9 GHz and 10.65 GHz from t0 to te. Then, the PF adjusted the land
state variables at the end of the data assimilation window (te) by comparing simulated and AMSR-E
observed brightness temperatures from t0 to te. The PF assimilated all available observations in
the assimilation window. All state variables (i.e., soil moisture in all soil columns, biomass pools,



Remote Sens. 2018, 10, 1197 6 of 20

and temperature) were adjusted. The adjusted biomass pools included the leaf, stem, and root
biomass and LAI was also updated by calculating it from the adjusted leaf biomass (see also the
Supplementary Materials). Since all state variables raised above are included in particles, they are
updated by the PF process although they are not directly observed. The adjusted land state variables
were used for the initial condition of the next data assimilation cycle.

Figure 2. Schematic of production steps of ECHLA. See Sections 2.2 and 2.3, and the Supplementary
Materials for details.

The study period was set to 2003–2010, which is nearly identical to the period of the AMSR-E
operational observation. Although the study period was set to the short duration in this first trial
of generating the new land reanalysis, CLVDAS and the existing satellite observation missions have
a potential to extend the period (see Section 4.2).

2.4. Drought Identification and Quantification

I identified and quantified the drought propagation using soil moisture and LAI of ECHLA.
The drought index used in this study was the Standardized Anomaly (SA) [9,59]:

SA(t) =
x(t)− x

σ
(1)

where SA(t) is the SA at time t, x(t) is soil moisture or LAI, x is the temporal mean of x, and σ is the standard
deviation of x. To calculate (1), I used daily data. For instance, SA of LAI on 1 January 2004 is calculated by
the mean and standard deviation of LAI on January 1 in each year (i.e., from 2003 to 2010).

In this paper, I identified drought events using the time series of the SA of LAI. I focused on the
vegetation degradation on the day of the seasonal peak as an indicator of drought because it is strongly
related to the degradation of the agricultural activities. First, I analyzed the time series of LAI in each
pixel using the TIMESAT software [60] and calculated the timing of the LAI’s seasonal peak. TIMESAT
can fit the time series of LAI to a polynomial and analytically obtain the timing of the peak of a fitted
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polynomial. I obtained the climatological day-of-year of the LAI’s seasonal peak averaged from 2003
to 2010 (Figure 3a).

Figure 3. (a) The climatological day-of-year (DOY) of the ECoHydrological Land reAnalysis
(ECHLA)-simulated leaf area index’s (LAI’s) seasonal peak averaged from 2003 to 2010. (b) Schematic
of the drought detection method. Black dashed line shows the timing of the climatological LAI’s
seasonal peak. See Section 2.4 for details.

Then, I evaluated the SA of LAI on the climatological day-of-year of the LAI’s seasonal peak every
year in each pixel to identify drought events. The threshold of the LAI SA to identify drought events
was set to −2.0. This threshold of SA is often used as “extremely dry” in the literature (e.g., [59]). If the
LAI SA is less than −2.0 on the climatological day-of-year of the LAI’s seasonal peak, I considered
that the drought event occurred (Figure 3b). The 2-year time series of the SAs of LAI, surface soil
moisture at 0–0.05 [m] depth (called surface), soil moisture averaged from 0.05 to 0.45 [m] (root 1),
soil moisture averaged from 0.45 to 1.05 [m] (root2), and soil moisture averaged from 1.05 to 2.05 [m]
(deep) in the identified drought events were extracted. For instance, in the pixel whose climatological
day-of-year of the LAI’s seasonal peak is 1 September, I evaluated the SA of LAI on 1 September every
year. I found that the SA of LAI was less than −2 on 1 September 2005 (Figure 3b) so that I extract
the time series from 1 September 2004 to 1 September 2006 in order to calculate the statistics of the
drought event (see below). Please note that I did not assume that the drought event lasted whole two
years. I calculated intensity as a minimum value of the SA in each drought event, duration as a length
of each drought event when the SA is less than −1.0 and start and end dates of each drought event
as timing when the SA goes below and above −1.0, respectively. This threshold of SA (−1.0) is often
used as “moderately dry” in the literature (e.g., [59]). If there are multiple drought events when the SA
is less than −1.0 during the extracted 2-year period, I used the event which has the longest duration.

3. Results

3.1. Validation of ECHLA

In this subsection, I evaluated the performance of ECHLA to accurately reproduce soil moisture
and LAI in the global snow-free region. The correlation coefficient, root-mean-square-error (RMSE),
and unbiased RMSE (ubRMSE) were used as metrics.

Figure 4 shows the performance of ECHLA to reproduce the optically observed LAI product
(GLASS LAI). Both GLASS LAI and ECHLA LAI are temporally resampled to the monthly data.
The correlation coefficients between ECHLA LAI and GLASS LAI in most pixels are higher than
0.6 (Figure 4a) so that ECHLA can accurately reproduce the seasonal cycle of LAI. The small
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correlations can be found in the rainforest regions. Data assimilation greatly contributes to the
high performance of ECHLA to reproduce phenology. Figure 4c shows the difference of correlation
coefficients against GLASS LAI between the DA experiment and the OL experiment (see Section 3.2).
Assimilating microwave brightness temperature observations significantly increases correlation
coefficients. However, ECHLA has large RMSEs against GLASS LAI in many regions (Figure 4b) and
data assimilation increases them (Figure 4d). Although the absolute value of the optically observed
LAI cannot be reliable and directly compared with the model estimation [61] (see also Section 4.1),
there may be limitations in the parameterizations to relate LAI to microwave signals.

Figure 4. Performance of ECHLA to reproduce satellite-observed LAI (GLASS LAI). (a) Correlation
coefficient and (b) RMSE [m2/m2] of simulated LAI by the DA experiment. The differences of
(c) correlation coefficient and (d) RMSE between the DA experiment and the OL experiment.

Figure 5 shows the performance of ECHLA to reproduce the satellite observed surface soil
moisture product (ESA CCI). ECHLA surface soil moisture is positively correlated with ESA CCI
surface soil moisture in most pixels (Figure 5a). Data assimilation has no significant impacts on
correlation coefficients (Figure 5c). Although ECHLA has large RMSEs (≥0.1 m3/m3) against ESA CCI
in many regions (Figure 5b), data assimilation generally decreases RMSEs in many pixels (Figure 5d).
The improvement of simulating surface soil moisture by data assimilation can be found in Sahel,
South Africa, and North Australia. The performance is degraded by data assimilation in the moderately
and densely vegetated area such as Ethiopia, South East Asia, and south Amazon (see also Section 4.1).

Tables 1–4 show the performance of ECHLA to reproduce the in-situ observed soil moisture at the
depths of 0–2 m. In all four in situ observation sites, data assimilation improves RMSE and ubRMSE of
the surface soil moisture simulation. In the DAHRA site of West Africa, data assimilation decreases
RMSEs and increases correlation coefficients against in situ sub-surface soil moisture observations
(Table 1). In this site, data assimilation successfully improves the simulation of sub-surface soil
moisture, which is not directly observed by the satellite, by inversely estimating sub-surface soil
moisture from surface soil moisture and vegetation dynamics (see Section S3 and [40]). The simulation
of sub-surface soil moisture is improved only by removing biases so that no significant improvement
of ubRMSE can be found. The improvement of the sub-surface soil moisture simulation by data
assimilation can also be found in the CARBO AFRICA site of East Africa (Table 2) although the
skill of simulating deep-zone (≥1.5 m) soil moisture is degraded when the correlation coefficient is
evaluated. The improvement of the skill to simulate sub-surface soil moisture cannot be found in the
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AMMA-CATCH sites of the Sahel region although data assimilation reduces RMSE and ubRMSE for
surface soil moisture (Tables 3 and 4; see also Section 4.1)

Figure 5. Performance of ECHLA to reproduce satellite-observed surface soil moisture (ESA CCI
SM). (a) Correlation coefficient and (b) RMSE [m3/m3] of simulated surface soil moisture by the DA
experiment. The differences of (c) correlation coefficient and (d) RMSE between the DA experiment
and the OL experiment. ESA CCI SM does not provide surface soil moisture retrievals in the dense
vegetated area and the performance of ECHLA was not evaluated there.

Table 1. RMSE, ubRMSE, and correlation coefficient of soil moisture simulated by the DA experiment
and the OL experiment compared to the in situ observation data in the DAHRA site.

Depth [m] RMSE [m3/m3] ubRMSE [m3/m3] R

0.05
DA 0.079 0.057 0.42
OL 0.091 0.075 0.45

0.10
DA 0.13 0.022 0.61
OL 0.16 0.023 0.42

0.30
DA 0.13 0.021 0.61
OL 0.16 0.019 0.53

0.50
DA 0.13 0.019 0.66
OL 0.16 0.018 0.54

1.00
DA 0.13 0.021 0.54
OL 0.16 0.023 0.46

Table 2. Same as Table 1 but for the in situ observation data in the CARBO AFRICA site.

Depth [m] RMSE [m3/m3] ubRMSE [m3/m3] R

0.05
DA 0.086 0.035 0.67
OL 0.092 0.039 0.72

0.15
DA 0.12 0.026 0.68
OL 0.15 0.022 0.56

0.30
DA 0.092 0.023 0.66
OL 0.12 0.017 0.65
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Table 2. Cont.

Depth [m] RMSE [m3/m3] ubRMSE [m3/m3] R

0.60
DA 0.082 0.022 0.56
OL 0.12 0.018 0.56

1.00
DA 0.12 0.020 0.41
OL 0.16 0.020 0.45

1.50
DA 0.12 0.024 0.20
OL 0.17 0.021 0.39

2.00
DA 0.12 0.027 −0.03
OL 0.17 0.024 0.30

Table 3. Same as Table 1 but for the in situ observation data in the AMMA-CATCH Belefoungou site.

Depth [m] RMSE [m3/m3] ubRMSE [m3/m3] R

0.05
DA 0.064 0.051 0.86
OL 0.068 0.064 0.86

0.10
DA 0.082 0.049 0.86
OL 0.086 0.051 0.85

0.20
DA 0.072 0.049 0.84
OL 0.075 0.049 0.86

0.40
DA 0.063 0.051 0.83
OL 0.059 0.049 0.88

0.60
DA 0.053 0.046 0.85
OL 0.050 0.044 0.89

1.00
DA 0.058 0.031 0.81
OL 0.049 0.024 0.91

Table 4. Same as Table 1 but for the in situ observation data in the AMMA-CATCH Tondikiboro site.

Depth [m] RMSE [m3/m3] ubRMSE [m3/m3] R

0.05
DA 0.078 0.044 0.65
OL 0.067 0.062 0.75

0.10
DA 0.15 0.025 0.54
OL 0.15 0.020 0.66

0.4–0.7
DA 0.16 0.021 0.53
OL 0.16 0.016 0.68

0.7–1.0
DA 0.16 0.021 0.44
OL 0.17 0.016 0.61

1.05–1.35
DA 0.19 0.018 0.34
OL 0.19 0.014 0.55

3.2. Identification and Quantification of the Drought Propagation

In this subsection, I identified and quantified the drought propagation using simulated soil
moisture and LAI by ECHLA. By the method described in Section 2.4, I identified the drought events.
By analyzing the time series of the soil moisture SAs and the LAI SAs in all identified drought
events, I present the holistic view of the integrated drought propagation from soil moisture deficits to
vegetation degradation.

In Figure 6, each dot shows the location of the identified drought event. The color of dots shows
the year when the identified drought event occurred. In each dot, the LAI SA is less than −2.0 on the
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climatological day-of-year of the LAI’s seasonal peak (Figure 3a) in the year shown by the color of the
dot. The 3499 drought events (pixels) from 2004 to 2009 are identified.

Figure 6. The locations of the identified drought events. Each dot shows the location of the identified
drought event. The color of dots shows the year when the identified drought event occurred.
The identified droughts shown by black, red, green, blue, yellow, and purple occurred in 2004, 2005,
2006, 2007, 2008, and 2009, respectively.

The identified drought events include the several major droughts listed in EM-DAT such as Brazil
in 2005 and 2007, Paraguay in 2009, Zambia in 2005, Ethiopia in 2005, India in 2009, and Thailand
in 2005 (Figure 6). ECHLA has the potential to provide the catalog of the historical drought events.
However, Figure 6 shows many drought events which are not listed in EM-DAT. For example, there are
many dots in the Sahel region although few droughts are reported in EM-DAT there from 2004 to 2009.
This is mainly because the study period is too short to obtain enough data to identify the extreme
drought events and I incorrectly recognize the relatively small declines of LAI as extremely dry events.
In addition, there are many droughts which are listed in EM-DAT but not included in my drought
catalog based on ECHLA because the criteria of the drought identification (i.e., the LAI SA is less than
−2.0 on the climatological day-of-year of the LAI’s seasonal peak) are strict.

Figure 7 shows the time series of the SAs of LAI, surface soil moisture at 0–0.05 m depth (called surface),
soil moisture averaged from 0.05 to 0.45 m depth (root 1), soil moisture averaged from 0.45 to 1.05 m depth
(root 2), and soil moisture averaged from 1.05 to 2.05 m depth (deep) in the selected drought events. In each
drought event, I set the climatological day-of-year of the LAI’s seasonal peak to day 0 and show the time
series of the SAs over 2 years (from day −365 to day +365; see also Figure 3b). In all four drought events
shown in Figure 7, the LAI SA has its minimum value on around day 0, which is less than −2.0, due to the
criteria to identify the drought events. However, the processes of the decline and recovery of the LAI SA
are different in the different drought events. In addition, there is the diversity of the progress of the soil
moisture SAs among drought events.
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Figure 7. Time series of SAs of soil moisture in surface (0–0.05 m) (blue), root1 (0.05–0.45 m) (red), root2
(0.45–1.05 m) (yellow), and deep (1.05–2.05 m) (grey) soil layers, and LAI (green) for the identified
drought events of (a) Ethiopia in 2005 (36.375E; 10.25N), (b) India in 2009 (81.125E; 22.75N), (c) Thailand
in 2005 (99.875E; 14.25N), and (d) Brazil in 2007 (46.125W; 9S). The climatological day-of-year of the
LAI’s seasonal peak is set to day 0.

The spatiotemporally homogeneous land reanalysis dataset enables us to calculate a composite of the
dynamics of soil moisture and vegetation in the extreme drought events. Figure 8 shows the composite of
the LAI SA and the soil moisture SAs by averaging the SA time series of the 3499 identified drought events.
Soil moisture in the shallow soil layers (i.e., surface, root 1, and root 2) has the quicker responses to rainfall
deficits than soil moisture in the deep soil layer and LAI. Soil moisture in the depth of 0.05−1.05 m recovers
from the drought condition quickly after day 0 and then becomes the wetter condition due to the reduction
of transpiration caused by vegetation degradation.
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Figure 8. Composite of the identified drought events’ SAs of LAI (green), surface (0–0.05 m) (blue),
root1 (0.05–0.45 m) (red), root2 (0.45–1.05 m) (yellow), and deep (1.05–2.05 m) (grey) soil layers in the
global snow-free region. The climatological day-of-year of the LAI’s seasonal peak is set to day 0.

Figure 9 shows the boxplots of intensity, duration, and start and end date in the 3499 identified
drought events (see Section 2.4). In most of the identified drought events with the LAI SA less than
−2.0, the soil moisture SAs for all soil layers are also less than −2.0, which indicates that soil moisture
in all soil layers is significantly degraded in the identified drought events (Figure 9a). The duration
of the degradation of LAI and soil moisture in the deeper soil layers is longer than that of the soil
moisture’s degradation in the shallower soil layers (Figure 9b). Figure 9c quantifies the drought
propagation in the 3499 identified drought events. Soil moisture in the shallow layers (surface and
root1) recovers from the drought condition before the climatological day-of-year of the LAI’s seasonal
peak (i.e., day 0) in many drought events. On the other hand, soil moisture in the deeper soil layer
(deep) recovers from the drought condition after the climatological day-of-year of the LAI’s seasonal
peak on average. LAI has a much slower response to the rainfall deficit than soil moisture. In the
median values of the days when the SAs have their minimum values, soil moisture in surface, root1,
root2, and deep soil layers proceeds LAI by 63 days, 64 days, 47 days, and 19 days, respectively.
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Figure 9. (a) Boxplot of intensity of SAs in the 3499 identified drought events. (b) Same as (a) but for
duration. (c) Same as (a) but for the start date (blue) and the end date (red). Outliers are larger (smaller)
than Q3 + interquartile range (Q1—interquartile range). See Section 2.4 for the definitions of intensity,
duration, and the start and end date of droughts used in this study.

4. Discussions

4.1. Performance of ECHLA

I provided the new land reanalysis which explicitly simulates vegetation dynamics and evaluated
its performance. It should be noted that there are three sources of errors, which need to be considered
to interpret my verification study.

• Errors in meteorological forcings: The input of the LSM may be biased. The GLDAS meteorological
forcings used in this study may have large biases especially in the poorly gauged regions.

• Errors in observations used for verification: The observations used for verification may be biased.
The quality of the satellite products strongly depends on the skill of the algorithms to retrieve
soil moisture and LAI from brightness temperature. Although in situ soil moisture observations
may have relatively small instrument errors, they may not represent soil moisture in the coarse
model grids.

• Errors in the data assimilation system: It includes the errors in the LSM, the RTM, and the data
assimilation method.
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Although I aim to quantify the third type of errors, it is generally difficult to decompose the bulk
errors quantified by the metrics into the different types of errors.

Although there are high correlations between simulated LAI by ECHLA and satellite
optically observed LAI, the absolute value of simulated LAI has the large deviation from that of
satellite-observed LAI. Jarlan et al. [61] showed that simulated LAI by the ECMWF’s CTESSEL LSM
deviates from MODIS LAI by a factor of 2. It is difficult to directly compare the absolute value of
LSM-simulated LAI with that of satellite-observed LAI. It may be caused partly by the uncertainties in
the satellite-observed LAI products [62].

There are two possible reasons why the data assimilation cannot improve the simulation of the
absolute value of LAI. First, to solve the radiative transfer in the canopy, the information of vegetation
water content and other parameters related to optical properties of plants is needed although the LSM
directly solves carbon cycle. Therefore, I need to rely on some empirical equations to convert the LSM’s
output to the RTM’s input (see Equations (8)–(11) in the Supplementary Materials), which induces
uncertainties in the LDAS. Second, as Sawada et al. [55] indicated, the sensitivity of C- and X-band
brightness temperature to vegetation becomes small when LAI becomes larger than 4 so that it is
difficult to quantitatively constrain LAI in the forested area by assimilating the microwave signals.

It should be noted that the improvement of the representation of phenology by data assimilation
positively impacts the identification and quantification of the drought propagation since I focused on
the seasonal cycle of vegetation activity to identify the drought events (see Section 2.4). The increase of
correlation coefficients between simulated and satellite-observed LAI improves the skill to estimate the
timing of the beginning, end, and peak of seasons. It brings the accurate retrievals of the climatological
day-of-year of the LAI’s seasonal peak, which positively impacts the identification and quantification
of drought events based on the LAI’s time series.

The significant improvement of the surface soil moisture simulation by data assimilation can be
found in the sparsely vegetated area when I compared the ECHLA simulation with both satellite and
in situ observations. However, the impact of data assimilation on the simulation of sub-surface soil
moisture was marginal in this study. The performance of ECHLA to simulate surface soil moisture is
compatible to the other land reanalysis studies [14,36]. Assimilating satellite microwave brightness
temperature observations reduces RMSEs against satellite surface soil moisture observations and in-situ
surface soil moisture observations. The degradation of the skill to reproduce the satellite-observed
surface soil moisture data can be found in the moderately and densely vegetated area. In the
moderately and densely vegetated area, the uncertainty in the parameterization of the vegetation effect
on microwave radiative transfer may degrade the skill to simulate the contribution of surface soil
moisture to microwave brightness temperature. It should be noted that the accuracy of the satellite
surface soil moisture observation product used for verification may also be low in the moderately
and densely vegetated area [55,63]. Data assimilation has marginal impacts on correlation coefficients.
This may be because the seasonal cycle of surface soil moisture is largely driven by the meteorological
forcings and I did not consider the errors in the meteorological forcings in the data assimilation system.
It may be beneficial to use multiple meteorological forcing datasets to consider their errors.

Few previous studies have evaluated the skill of LDASs to simulate sub-surface soil moisture.
Sawada et al. [40] have found that CLVDAS can improve sub-surface soil moisture by solving
the inversion problem to estimate root-zone soil moisture from vegetation growth on land surface.
While Sawada et al. [40] evaluated the performance of CLVDAS in a single meteorological observation
site using accurate in situ meteorological forcings’ observation, I found an improvement of the
sub-surface soil moisture simulation in two of the four in situ observation sites in the semi-global
application of this study. The improvement of the sub-surface soil moisture simulation contributes to
the drought analysis since sub-surface soil moisture has an important role in the drought propagation.
It should be noted that the errors in in situ sub-surface soil moisture observations may be larger than
those in in situ surface soil moisture observations. When installing observation probes in deep soil,
soil structure may be somewhat disturbed so that it is unclear if the in situ observation represents
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sub-surface soil moisture in the coarse model grid. In addition, there are uncertainties in the depths
of soil moisture measurements. The degradation of correlation coefficients in the AMMA-CATCH
Tondikiboro site by data assimilation may be caused partly by these representation errors in the
in-situ observations.

To improve the skill of ECHLA to simulate soil moisture and LAI, the parameter optimization of
the LSM should be implemented although I optimized only the parameter of the RTM in this paper.
Sawada and Koike [39] optimized the unknown hydrological and ecological parameters of the LSM
(e.g., hydraulic conductivity), by assimilating microwave brightness temperature observations and
improved the skill of the LSM to simulate both surface soil moisture and LAI. Optimizing unknown
parameters of LSMs by data assimilation has been intensively investigated [28–30]. Although the
parameter optimization module is included in the current version of CLVDAS used in this study,
I did not apply it to optimize the unknown parameters of the LSM in the semi-global application of
this study because it is computationally demanding. I should explore the computationally efficient
parameter optimization method, which can be applied globally, in the future

4.2. Conceptual Model of the Ecohydrological Drought Propagation

On average, the drought events identified in this study significantly damage both vegetation
activity and soil water storage from the surface to deep soil layers. The degradation of vegetation
dynamics lasts 150–350 days while the duration of soil moisture deficits is shorter than that of
vegetation degradation. The identified drought events start approximately 100 days before the
climatological day-of-year of the LAI’s seasonal peak. Soil moisture in the shallow soil layers quickly
recovers from the drought condition before the climatological day-of-year of the LAI’s seasonal peak
while soil moisture in the deep soil layers and vegetation dynamics recover from the drought condition
approximately 100 days after the climatological day-of-year of the LAI’s seasonal peak.

This drought propagation from soil moisture to vegetation has been found by previous studies.
Sepulcre-Canto et al. [10] found that a soil moisture index calculated by a precipitation-runoff
model is significantly correlated with the anomaly of the satellite-observed fraction of absorbed
photosynthetically active radiation (fAPAR) when soil moisture proceeds fAPAR by 10–20 days in
Europe. Akarsh and Mishra [11] showed that the root-zone (top 60 cm) soil moisture anomaly
calculated by GLDAS is strongly correlated with the anomaly of satellite-observed normalized
difference vegetation index (NDVI) when soil moisture proceeds NDVI by 1 month in India. I support
these regional findings using a composite of soil moisture and LAI in the global snow-free region,
which are simulated by the new land reanalysis.

It should be noted that the farmer’s strategy of planting and harvesting was not considered in
the LSM. Ignoring the farmer’s adaptation strategy against severe drought events may overestimate
the negative impact of water deficits in this study. In addition, I focused only on the effect of water
deficits on agricultural activities and many other factors which harm agricultural activities were not
considered. For instance, crops are greatly affected by floods and associated inundation. Any political
and economic effects on agriculture are not considered in the drought identification and quantification
method used in this study.

The major limitation of this study is that the study period is short to identify the extreme drought
events. To obtain an inclusive drought catalog using ECHLA, I need to extend the study period which
is currently identical to the AMSR-E operational period. Since I directly assimilate satellite-observed
brightness temperature observations instead of derived products, it is straightforward to assimilate
observations from the other satellites such as AMSR2, Soil Moisture, Ocean Salinity (SMOS), and Soil
Moisture Active Passive (SMAP). However, it should be noted that changes in observing systems used
for data assimilation may cause temporal inhomogeneity in the reanalysis dataset [64,65]. The period
of ECHLA will be extended to obtain an inclusive drought catalog.



Remote Sens. 2018, 10, 1197 17 of 20

5. Conclusions

I provided a semi-global land reanalysis which explicitly calculates vegetation growth and
senescence and is constrained by satellite microwave observations. I revealed that the new land
reanalysis had the reasonable skill to simulate surface soil moisture, sub-surface soil moisture, and LAI
and was useful to identify and quantify the drought propagation. By analyzing the SAs of soil
moisture and LAI in the land reanalysis, I identified the severe drought events and quantified the
drought propagation from surface soil moisture to sub-surface soil moisture and the corresponding
vegetation dynamics. On average, the drought events identified in this study significantly damage
both vegetation activity and soil water storage from the surface to deep soil layers. Soil moisture in the
shallow soil layers quickly recovers from the drought condition while the deficits of soil moisture in the
deep soil layers and vegetation dynamics lasted until approximately 100 days after the climatological
day-of-year of the LAI’s seasonal peak.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/10/8/1197/
s1, Text S1: Formulations of Coupled Land and Vegetation Data Assimilation System (CLVDAS).
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