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Abstract 15 

A flood monitoring and warning system provides critical information that can protect 16 

property and save lives. A basin-scale flood monitoring system requires an effective 17 

observation platform that offers extensive ground coverage of flood conditions, low latency, 18 

and high spatiotemporal resolution. While satellite imagery offers substantial spatial flood 19 

extent in detail due to its high spatial resolution, the coarse temporal resolution and cloud 20 

obstruction limit its near real-time application. Daily soil moisture data derived from satellite 21 

sensors at a scale of a few km can be used to monitor extreme wet surface conditions arising 22 

in flood occurrences. This study analyses the flood detection capabilities of several sources of 23 

soil moisture information, including the Soil Moisture and Ocean Salinity mission (SMOS), 24 

the Advanced Microwave Scanning Radiometer on EOS (AMSR-E), the Advanced 25 

SCATterometer (ASCAT) on MetOp, the Global Land Data Assimilation System (GLDAS), 26 

and the WaterGAP Global Hydrology Model (WGHM). In addition to soil moisture, the 27 

analysis includes measurements of surface reflectance from the Moderate Resolution Imaging 28 

Spectroradiometer (MODIS), precipitation measurements from the Tropical Rainfall 29 

Measuring Mission (TRMM), and terrestrial water storage estimates from the Gravity 30 

Recovery And Climate Experiment (GRACE) as proxies for flood inundations. The analysis 31 

was conducted over the Chao Phraya River Basin (CPB) in Thailand, where the Great Flood 32 

of 2011 led to one of the most significant economic losses in the country's history. Satellite-33 

derived soil moisture exhibits a stronger correlation with the flood inundations than the 34 

precipitation, model-derived soil moisture, and terrestrial water storage data. SMOS soil 35 

moisture observation agrees best with the MODIS-derived flood extent/occurrence, both in 36 

terms of spatial distribution and timing, and providing approximated flood lead-time of one 37 

week or longer. A neural network constructed from SMOS and MODIS data is used to 38 

predict flood intensity/occurrence (given soil moisture input) with a predicted time window 39 

from eight days to thirty-two days. The short-term prediction (e.g., eight days) achieves the 40 

highest accuracy with an averaged recovery rate of approximately 60% (correlation 41 

coefficient). This study's results suggest a potential application of satellite soil moisture data 42 

in assisting flood monitoring and warning systems. 43 

 44 
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1. Introduction 47 

Observation networks of natural disasters across ground and space domains have become 48 

more important given climate intensification, which likely leads to ever more extreme events 49 

(Mirza 2003; Lebel et al. 2011; Coumou and Rahmstorf 2012; Hirabayashi et al. 2013). Such 50 

information is vital for decision making to mitigate the casualties and economic loss of 51 

natural disasters (Shook 1997; Few 2003; Lin Moe and Pathranarakul 2006). The global and 52 

continental-scale flood monitoring, modeling, and prediction systems have shown a fast-53 

growing development during the last decades. Many sophisticated tools have been developed 54 

to accurately forecast the dynamics of flooding (Adams and Pagaon 2016). However, due to 55 

the scarcity of adequate observations and modeling systems, this technological advancement 56 

did not benefit ungauged flood-prone areas in developing countries or data-sparse regions 57 

(Sanyal et al. 2013; Komi et al. 2017). Satellite data can potentially address this shortcoming 58 

by providing rapid, efficient, and accurate surface water mapping and flooded inundation 59 

areas. Due to its temporal and spatial coverage capacity, remote sensing has emerged as a 60 

powerful tool for mapping inundation.  61 

Optical measurements, e.g., satellite imagery, are commonly employed in monitoring or 62 

analysis of floods because of their high spatial resolution and coverage, providing basin-scale 63 

measurements at a resolution of as fine as a few meters (e.g., Smith 1997; Khan et al. 2011; 64 

Ahamed and Bolten 2017). The drawbacks of optical measurements include cloud 65 

obstruction, vegetation cover, and coarse temporal resolution, e.g., eight days, which in turn 66 

limit its application for monitoring near-real-time events. Satellite-based rainfall 67 

measurements have been considered as a potential component of flood monitoring systems 68 

(e.g., Toth et al. 2000; Hossain and Anagnostou 2004; Wu et al. 2014). However, multiple 69 

studies report high uncertainty of the measurement with regards to the success rate in the 70 

detection of extreme events (e.g., Mei et al. 2014; Maggioni et al. 2016; Bajracharya et al. 71 

2017). Meanwhile, the consideration of soil moisture in the data assimilation system or neural 72 

networks has been adopted in some instances for streamflow and flood prediction (e.g., 73 

Anctil et al. 2008; Wanders et al. 2014; Alvarez-Garreton et al. 2014).  74 

Soil moisture is a crucial variable in water-energy exchange between the land surface and 75 

atmosphere (Koster et al. 2004). Two major soil moisture components are surface soil 76 

moisture, e.g., the top 10 cm of soil, and root zone soil moisture, e.g., the top 200 cm. Both 77 

components play vital roles in climate variability and numerous geophysical events, including 78 

flooding (e.g., Eltahir 1998; Koster et al. 2004; Ray and Jacobs 2007; Tramblay et al. 2010). 79 

Soil moisture correlates with precipitation and runoff because it controls the partition of the 80 

water cycle components, i.e., the transition between rainfall and infiltration and between 81 

rainfall and surface runoff depends on the saturation of the soil. As such, soil moisture retains 82 

a memory of a few days to months (Koster and Suarez 2001). Such information was found to 83 

be useful for quantifying flood lead-time in various flood monitoring systems (e.g., Massari 84 

et al. 2014; Wanders et al. 2014). 85 

Regional soil moisture information can be obtained from different satellite observations and 86 

numerical models, e.g., land surface models (Pitman 2003; Karthikeyan et al. 2017). Satellite 87 

soil moisture observations can retrieve surface soil moisture information at a depth of 1 – 5 88 

cm and a spatial resolution of a few km (e.g., 25 km). Multiple satellite soil moisture 89 

observatories have been operated over the last decade, including the Advanced Microwave 90 
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Scanning Radiometer onboard NASA's Earth Observation Satellite Aqua (AMSR-E, Njoku et 91 

al. 2005), the Advanced SCATterometer (ASCAT) onboard the Meteorological Operational 92 

satellite (Wagner et al. 1999), the Soil Moisture and Ocean Salinity mission (SMOS; Kerr et 93 

al. 2012), the Soil Moisture Active Passive mission (SMAP; Entekhabi et al. 2010), and the 94 

Synthetic Aperture Radar (CSAR) sensors of the Sentinel-1 satellite (Bauer-Marschallinger et 95 

al. 2019). Daily satellite soil moisture observations from these observatories are insensitive to 96 

cloud interference and have a revisit period of approximately three days, which offers 97 

improved temporal resolution over the satellite imagery.  98 

Soil moisture information can also be obtained from measurements of the Gravity Recovery 99 

And Climate Experiment (GRACE) satellite mission (Tapley et al. 2004). In contrast to 100 

measuring the surface soil layer, GRACE data provides measurements of the integrated water 101 

column (e.g., the sum of surface and root zone soil moisture, snow, groundwater, surface 102 

water, and canopy interception). Such information has been found valuable for a wide range 103 

of hydrological analyses (e.g., Long et al. 2014; Zhou et al. 2018; Gouweleeuw et al. 2018). 104 

A key limitation of GRACE is its coarse spatiotemporal resolution, i.e., 300 km and one 105 

month, and its restricted application, i.e., only to regions where the monthly water storage 106 

variation is significant (e.g., Longuevergne et al. 2013; Han et al. 2017; Farahani et al. 2017).  107 

Alternatively, a land surface or hydrology model can be used to simulate the comprehensive 108 

soil moisture components at a desired spatiotemporal scale. A model is built upon complex 109 

physics to achieve a realistic representation of land-atmosphere interactions and hydrological 110 

cycle processes. It has been successfully applied in numerous flood studies (e.g., Long et al. 111 

2014; Jung and Jasinski 2015; Zhou et al. 2018). This study employs soil moisture storage 112 

from the Global Land Data Assimilation System (GLDAS; Rodell et al. 2004) and the 113 

WaterGAP Global Hydrology Model (WGHM; Müller Schmied 2017) to assess the 114 

performance of numerical models for flood detection. The model comparison also provides 115 

insight into differences between the model configurations and physical processes considered, 116 

e.g., the inclusion of surface water and anthropogenic factors.  117 

Information on precipitation and flood intensity/extension needed for flood detection analysis 118 

can be derived from data from the Tropical Rainfall Measuring Mission (TRMM; Huffman et 119 

al. 2007) and the Moderate Resolution Imaging Spectroradiometer (MODIS) (Vermote et al. 120 

2015), respectively. In addition to the flood detection analysis, this study also makes 121 

predictions of flood intensity/occurrence from satellite soil moisture data, using a neural 122 

network constructed between satellite soil moisture and MODIS data. While a similar 123 

approach has been adopted with in situ observations (e.g., Anctil et al. 2008; Cruz et al. 124 

2018), this study, for the first time, makes predictions of basin-scale flood 125 

intensity/occurrence based on satellite soil moisture data.  126 

This study aims to analyze the sensitivity of different satellite soil moisture observations, 127 

compared to that of precipitation and terrestrial water storage observations, for flood 128 

detection. Particularly, the study’s objectives lie in the following aspects, 1) to examine the 129 

strengths and weaknesses of various satellite observations for flood detection, 2) to 130 

benchmark the ability of satellite soil moisture data to capture flood events in both spatial and 131 

temporal domains, and 3) to quantify the accuracy of flood predictions derived from soil 132 

moisture data, including the effective predicted time window. The analysis is demonstrated 133 

over the Chao Phraya River Basin (CPB) in central Thailand, where the Great Flood of 2011 134 
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caused catastrophic loss of life and economic impacts. Results from this study may help 135 

improve flood monitoring systems in the CPB or other data-sparse regions with similar land 136 

surface characteristics. 137 

 138 

2. Study region 139 

The Chao Phraya River Basin (CPB) is a major river basin of Thailand, stretching about 600 140 

km from northern to central provinces (Fig. 1). The region encompasses over ten major cities 141 

(including Bangkok, the capital city of Thailand) and five major rivers (Ping, Nan, Chao 142 

Phraya, Yom, Wang), and accommodates most of the country's cultivated land and fisheries. 143 

The CPB consists of three parts, northern, central, and southern. The northern CPB lies in 144 

mountainous regions with elevations greater than 2000 m, while the central and southern 145 

CPB accommodate the lowland Central Plain of Thailand (Mikhailov and Nikitina 2009). 146 

The region has a tropical climate with an average annual precipitation of ~1200 mm, where 147 

90% of the rainfall is observed during the rainy season (e.g., May – October; Mikhailov and 148 

Nikitina 2009; Kure and Tebakari 2012). The region has been known to experience several 149 

episodes of extreme monsoon rainfalls, leading to multiple episodes of floods (Jamrussri and 150 

Toda, 2017). Three severe flood events were observed between 2000 and 2015, where the 151 

most severe flood event in 2011, known as the Great Flood of 2011, extended over 18,000 152 

km2 (see, e.g., Fig. 1b and 1c), causing the loss of almost USD 10 billion and 700 deaths 153 

(World Bank 2012). These significant losses have motivated multiple comprehensive studies 154 

to monitor, forecast, and assess the potential for future natural disasters using measurements 155 

across ground and space platforms, e.g., imagery, precipitation, and streamflow observations 156 

(e.g., Rakwatin et al. 2013; Bidorn et al. 2015; Pumchawsaun 2018). In addition to 157 

measurements used in previous studies, this study also includes the satellite soil moisture in 158 

the flood analysis and demonstrates its application to support flood monitoring and 159 

prediction. 160 

[Suggested location of Figure 1] 161 

 162 

3. Data processing 163 

3.1 Satellite soil moisture retrievals 164 

Surface soil moisture data are obtained from three different satellite products, SMOS, 165 

AMSR-E, and ASCAT (Table 1). These datasets are selected based on their data availability 166 

during our evaluation period (2002 – 2015). The SMOS's soil moisture retrieval is obtained 167 

from the Level 3 (release 4) daily product from the Centre Aval de Traitement des Données 168 

SMOS (CATDS, 2016; https://www.catds.fr, last access: 15 March 2020) operated for the 169 

Centre National d'Etudes Spatiales (CNES) by the French Research Institute for Exploitation 170 

of the Sea (IFREMER). The SMOS satellite uses the Microwave Imaging Radiometer with 171 

Aperture Synthesis (MIRAS) instrument to measure the multi-angular dual-polarisation 172 

brightness temperature of the Earth's surface. The MIRAS sensor is operated in L-band 173 

frequency (1.4 GHz), which is sensitive to soil moisture to a depth of 5 cm. The retrieval 174 

algorithm optimizes the fit between the brightness temperature observation and associated 175 

surface parameters used to derive the soil moisture (Bitar et al. 2017). The SMOS product 176 
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consists of reanalysis data from 2010 to 2014 and operational data from 2015 to the present 177 

(last access: 15 March 2020). The retrievals are provided in volumetric soil moisture content 178 

(m3/m3), with a spatial resolution of 25 km Equal-Area Scalable Earth (EASE, Brodzik et al. 179 

2012) grid.  180 

AMSR-E's soil moisture data is obtained from the Level 3 product of the VUA-NASA Land 181 

Parameter Retrieval Model (Owe et al. 2008). The AMSR-E sensor is a 6-band frequency 182 

radiometer (from 6.9 to 89 GHz) operating onboard the NASA EOS Aqua satellite. Like 183 

SMOS, the passive microwave sensor measures the brightness temperature of the dual-184 

polarization, which is passed into a radiative transfer model to derive the soil moisture. The 185 

AMSR-E product provides a daily volumetric water content (%) of the top soil layer at 186 

0.25°×0.25° spatial resolution between June 2002 and October 2011. The C-band (6.9 GHz) 187 

measurement is used in this study due to a deeper sensible soil depth (~2 cm). 188 

ASCAT's soil moisture retrieval is obtained from the European Organisation for the 189 

Exploitation of Meteorological Satellite Application Facility on Support to Operational 190 

Hydrology and Water Management (EUMETSAT H-SAF) product (EUMETSAT H-SAF, 191 

2007; http://hsaf.meteoam.it/soil-moisture.php; last access: 17 May 2020). The H109 product 192 

is used for this study’s temporal coverage (2007 – 2015). The ASCAT is a C-band 193 

scatterometer (5.255 GHz) onboard the EUMETSAT Meteorological Operational Platforms 194 

(MetOp) satellite. The active radar sensor measures the backscattering coefficients, a function 195 

of soil moisture saturation, i.e., from 0% for dry soil to 100% for saturated wet soil. The 196 

derived soil moisture values reflect the wetness of the top 2 cm soil layer. The H109 product 197 

provides a near-daily gridded measure of soil moisture in terms of a degree of saturation (%) 198 

at 12.5 km sampling grid space.  199 

The analysis performed for this paper focuses only on soil moisture anomalies. Therefore, the 200 

conversion between soil saturation and volumetric terms is not performed. For all three soil 201 

moisture products, the ascending and descending measurements are averaged when 202 

overlapped on the same day to reconcile with our analysis's time step (daily). 203 

3.2 MODIS-derived flood intensity 204 

Flood extent is derived using surface reflectance measurements from MODIS sensors 205 
onboard NASA's Aqua satellites. The MODIS Surface-Reflectance Product (MYD09A1, 206 

Vermote et al. 2015) provides the surface reflectance in 7 different frequency bands within an 207 
8-day window at 500 m spatial resolution. The combinations of specific frequency bands can 208 

be used to identify open water bodies of the size of approximately ≥ 0.25 km2. In this study, 209 
the multi-frequency surface reflectance is extracted from the MODIS tiles h2707 and h28v07 210 

(covering the entire study area) between 2002 and 2015. The pixels flagged with severe cloud 211 
cover or fill values are masked based on data quality control flags provided with the MODIS 212 

product. The surface water extent is derived based on the normalized difference water index 213 
(NDWI) computed using the reflectance from green and near-infrared (NIR) channels as 214 

follows (McFeeters 1996): 215 
 216 

NDWI = (green - NIR)/(green + NIR).       (1) 217 
 218 

The NDWI ranges between -1 and 1, where the positive value represents open water, and the 219 
zero or negative values represent soil or vegetation canopy. The flooded area is computed by 220 
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multiplying the total number of open water pixels by 0.25 km2 (the spatial resolution of the 221 
surface reflectance dataset). 222 

 223 

3.3 GRACE-derived terrestrial water storage variation 224 

Satellite soil moisture observation might fail to detect water storage variations associated 225 

with deeper soil layers than the satellite sensor can sense. By contrast, terrestrial water 226 

storage (TWS) observation reflects an integration of all water storage components, which 227 

may potentially capture the saturated soil condition more effectively. This study obtained 228 

TWS information from GRACE measurement. GRACE is a twin satellite-to-satellite tracking 229 

system measuring the change of Earth's gravity field based on various instruments, e.g., K-230 

band ranging system, accelerometer, and global positioning satellite antennae (Tapley et al. 231 

2004). The measurement can be used to represent the change of integrated water column 232 

(e.g., soil moisture, groundwater, snow, and surface water) at a monthly time scale. This 233 

study uses the monthly land-gridded product provided by the GRACE Tellus 234 

(https://grace.jpl.nasa.gov) between 2002 and 2015. The GRACE Tellus product is derived 235 

from the release-6 spherical harmonic solution of the Center for Space Research (CSR) at the 236 

University of Texas at Austin. The landmass is provided in terms of monthly 1°×1° globally 237 

gridded terrestrial water storage variation (ΔTWS), representing the equivalent water 238 

thickness change of the unit area (1°×1° pixel). After obtaining GRACE data, the long-term 239 

mean computed by averaging all monthly data between 2002 and 2015 is removed from the 240 

monthly data to obtain the ΔTWS estimates associated with our study time window. 241 

Complete details of the product can be found in https://grace.jpl.nasa.gov/data/get-242 

data/monthly-mass-grids-land (last access: 15 March 2020). 243 

3.4 Land surface and hydrology models 244 

Soil moisture and TWS can also be derived from land surface or hydrology models at very 245 

high spatiotemporal resolution and accuracy, given adequate physics representation and 246 

accurate forcing data, and calibrated parameters. Two products are considered in this study, 247 

the Global Land Data Assimilation System (GLDAS, Rodell et al. 2004), and the WaterGAP 248 

Global Hydrology Model (WGHM; Müller Schmied 2017). The GLDAS-NOAH version 2.1 249 

product provides the near-global water storage components at 0.25° spatial resolution every 3 250 

hours. The soil moisture is modeled in four separate layers (depths), which are 0–10, 10–100, 251 

100–150, and 150–200 cm. Only the top layer soil moisture is used in our analysis based on a 252 

consistent soil depth with respect to the satellite soil moisture observation. TWS is 253 

constructed by integrating all storage components, i.e., four soil moisture layers, snow water 254 

equivalent (SWE), and canopy interception storage. The anthropogenic impact, e.g., irrigation 255 

or groundwater pumping, is not included in the GLDAS.  256 

Like the GLDAS, the WGHM also estimates the global water storage (daily at 0.5°×0.5° 257 

spatial resolution) but considers both natural hydrological cycles and anthropogenic 258 

alterations in the model simulation. Only one soil layer (root zone) is available in the 259 

WGHM. TWS is constructed by more comprehensive storage components, including root 260 

zone soil moisture, groundwater, SWE, canopy interception, and surface water (e.g., 261 

reservoirs, lakes, rivers, or wetlands). The WGHM version 2.2c is used in this study. The 262 

model is forced by meteorological forcing data from the WATCH Forcing Data methodology 263 

applied to ERA-Interim data and the Climatic Research Unit. A complete WGHM model 264 

description can be found in, e.g., Müller Schmied (2017), Müller Schmied et al. (2014). 265 
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3.5 Precipitation and streamflow 266 

Precipitation data are obtained from the Tropical Rainfall Measuring Mission (TRMM, 267 

Kummerow et al. 1998), a joint mission between NASA and the Japan Aerospace 268 

Exploration Agency (JAXA). The daily and monthly precipitation products (TRMM 3B42 269 

and TRMM 3B43 Version 7; Huffman et al. 2007), providing the daily and monthly average 270 

precipitation estimates (mm/hr) at a spatial resolution of 0.25° are used in this study. The 271 

daily total precipitation (mm/day) is computed by multiplying the data by the number of 272 

hours in a day. The monthly total precipitation (mm/month) is computed in the same way, 273 

multiplying by the number of hours in a month. Streamflow data are obtained from the Thai 274 

Royal Irrigation Department Ministry of Agriculture and Cooperative (http://www.rid.go.th, 275 

last accessed: 15 Match 2020). Multiple river gauges are available across the CPB, but most 276 

are relatively short or contain significant missing data. Only the C13 station (see Fig. 1a) is 277 

used in the analysis because of its long data record with a timespan covering the 2011 flood 278 

event. 279 

 280 

4 Methods 281 

4.1 Neural network configuration for flood prediction 282 

We evaluate the lead time prediction of flood events using satellite soil moisture 283 

observations. The prediction is conducted using a nonlinear autoregressive with an external 284 

input network (NARXnet; Menezes and Barreto 2008). The NARXnet is a neural network 285 

that learns to predict the temporal pattern using the memory of the time series by itself with 286 

the given exogenous information. The network mainly configures with input/output, the 287 

hidden layer, and the feedback delays. In this study, the neural network is trained to predict 288 

the time series of the flood intensity, e.g., the derived NDWI, given soil moisture retrieval 289 

records. The training and prediction phases are conducted using Matlab's deep learning 290 

toolbox (Beale et al. 2019), where ten hidden layers with eight-day feedback delays are used. 291 

The configuration is found to be optimal after a trial-and-error experiment to balance the 292 

computational time and the output accuracy. The network is trained using the Bayesian 293 

regularization backpropagation approach, which updates the network's parameters (e.g., 294 

weight, bias) by optimizing the contribution of the solution and residual based on the 295 

Levenberg-Marquardt optimization (Dan Foresee and Hagan, 1997). 296 

4.2 Close loop evaluation and evaluation metrics 297 

Based on soil moisture-derived NDWI and MODIS-derived NDWI, the closed-loop 298 

evaluation (Fig. 2) is performed to assess flood prediction accuracy. At each grid cell, the 299 

satellite soil moisture data (m3/m3) are used to predict NDWI values of a certain lead time 300 

(e.g., eight days), and the result is validated against the MODIS-derived NDWI. For the 301 

consistency in the temporal resolution between the input and trained data, only the time 302 

period where both the soil moisture and the derived-NDWI are available are used in the 303 

evaluation process. The schematic of the evaluation is as follows: 304 

1. The derived-NDWI is spatially resampled (averaging) to the soil moisture grid space 305 

to reduce the spatial resolution’s inconsistency. 306 
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2. At each soil moisture grid cell, the evaluation consists of N – M·W runs; where N is 307 

the total number of 8-day time steps in the time series; W is the forecast lead time 308 

(e.g., 8-day); and M is the multiplied increment of the time window (e.g., M = 1 for 8-309 

day prediction, M = 2 for 16-day prediction).  310 

3. For each run (Ri), data of the N - M·W period are used in the training phase, and the 311 

remaining M·W data are used in the validation phase. For example, for 8-day 312 

prediction (see Fig. 2a), the first run (R1) uses data from T1 to TN-1 time steps (blue 313 

boxes in Fig. 2a) to supervise the neural network, and then the trained network is used 314 

to predict the output (NDWI) of the TN time step (red box in Fig. 2a). Similarly, for 315 

the second run (R2), the training phase uses all data except TN-2, and the prediction is 316 

performed at TN-1.  317 

4. In all evaluation runs, a time step prior to the prediction period is used as the initial 318 

state, e.g., TN-1 for R1, TN-2 for R2. The process is repeated until RN-MW. The prediction 319 

of Ti < MW is omitted due to the unavailability of the initial state. 320 

5. The same concept is applied to predict longer lead times, e.g., 16 or 24 days (see Fig. 321 

2b, 2c). The time series of the predicted output is obtained after all evaluation runs are 322 

completed.  323 

At each grid cell, the validation is performed by comparing the prediction (e.g., soil moisture 324 

predicted NDWI) with the observation (e.g., MODIS-derived NDWI) in terms of the 325 

correlation (ρ) and the root mean squares difference (RMSD) computed as follows: 326 

𝜌 = 𝐸[(𝒙 − 𝒙̅)(𝒚 − 𝒚̅)] 𝜎𝒙𝜎𝒚⁄  (2) 327 

𝑅𝑀𝑆𝐷 = √
∑(𝒙 − 𝒚)2

𝑁 − 1
 (3) 328 

where x is the vector of the predicted output, y is the observation vector, E[ ] is the 329 

expectation operator, and (𝒙̅, 𝒚̅) and (𝜎𝒙, 𝜎𝒚) are the mean and standard deviation of x and y, 330 

respectively. 331 

[Suggested location of Figure 2] 332 

 333 

5. Results 334 

5.1 Detecting the extent of the Great Flood of 2011  335 

The MODIS-derived NDWI exhibits the capability to monitor the progression of the 336 

Thailand's Great Flood of 2011 (Fig. 3). Monthly derived NDWI over the CPB clearly shows 337 

flood features during the 2011 Great Flood (between August 2011 and December 2011) (Fig. 338 

3h – 3l). The inundations begin in the Nan River in August 2011 and progress southward 339 

through the Chao Phraya and Tha Chin Rivers in the following months. The maximum 340 

inundated areas in the central and southern parts of the CPB are found to be approximately 341 

2,700 km2 in October 2011 (Fig. 3j) and 3,000 km2 in November 2011 (Fig. 3k). The central 342 

CPB returns to normal (where NDWI values are almost zero) in December 2011. The 343 

southern part of the basin exhibits a similar temporal pattern with an approximately one 344 

month delay (not shown). 345 
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[Suggested location of Figure 3] 346 

Similarly, monthly soil moisture anomalies derived from the SMOS exhibited wetter than 347 

usual soils (strong positive anomaly) between August 2011 and December 2011 (Fig. 4h – 348 

4l). The spatial pattern of the abnormally wet soils is consistent with the flood progressive 349 

observations from the MODIS-derived NDWI, where the increased moisture is observed over 350 

the central CPB in August and then progresses southward toward the southern part in 351 

November. However, the spatial pattern of the soil moisture variation is not as localized as 352 

the MODIS-derived NDWI due to its resolution being coarser than that of the MODIS 353 

product, i.e., ~25 km vs. 500 m, respectively. In addition, the spatial distribution of the soil 354 

moisture generally extends beyond the observed surface water. The increased soil moisture 355 

does not essentially lead to inundation as long as it is below the soil saturation stage. As such, 356 

the spatial distribution of moisture tends to be wider than the flood extent. 357 

[Suggested location of Figure 4] 358 

Meanwhile, the soil moisture anomalies derived from AMSR-E and ASCAT shows a similar 359 

monsoon-moisture pattern to that of SMOS (wetter in September – October) (Fig. 5a – 5j). 360 

Even though AMSR-E captures the increased soil moisture in the CPB during the flood event 361 

(Fig. 5c – 5d), the spatial pattern of the 2011 flood is not as well-defined as SMOS, and the 362 

strong surrounding signal makes the flood identification even more difficult. On the other 363 

hand, the ASCAT shows very distinct flood features compared to the SMOS and AMSR-E 364 

though the flood’s spatial pattern is associated with the decreased soil moisture (e.g., Fig. 5g 365 

– 5j). 366 

[Suggested location of Figure 5] 367 

Figure 6 demonstrates the daily ASCAT soil moisture retrievals and the associated data flags 368 

between 24 October 2011 and 29 October 2011. It is found that the soil moisture over the 369 

flood extent is described by either zero, very low (e.g., < 10%), or unresolvable values (Fig. 370 

6a – 6d). The data flags only describe the severe flood locations, while the greater part of the 371 

inundated area is unflagged (Fig. 6e – 6h). As such, the saturated soil pixels (near-zero 372 

values) remain in our calculation, leading to the flood pattern observed as a negative soil 373 

moisture anomaly. 374 

[Suggested location of Figure 6] 375 

The model-derived soil moisture and TWS storage anomalies obtained from the GLDAS and 376 

WGHM are shown in Fig. 7. The simulated soil moisture from GLDAS (0-10 cm) and 377 

WGHM (root zone) show an agreement with the satellite observations in terms of overall 378 

seasonal variation (e.g., wet in September – October, dry in November – December), but no 379 

substantial increase in soil moisture is found in response to the 2011 flood (Fig. 7a – 7l). 380 

Similarly, modelled-derived TWS shows seasonal variation without the 2011 flood signals 381 

(Fig. 7m – 7x). The absence of the flood signature reflects the model limitation to capture soil 382 

moisture surplus during flood events. The soil parameter-controlled storage capacity of the 383 

model might be inaccurately parameterized or calibrated over the CPB due to the limited 384 

availability of in situ data. This could result in overestimated surface runoff, in which water 385 

exits the system too quickly and results in little moisture remaining in the soil layer. In 386 

contrast to the model simulated TWS, the GRACE-derived ΔTWS depicts the increased TWS 387 

during the flood event (Fig. 7y – 7(d1)). However, the spatial distribution and location of the 388 
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flood extent are unclear due to the GRACE measurement’s limited spatial resolution (~300 389 

km).  390 

[Suggested location of Figure 7] 391 

5.2 Temporal variation associated with the 2011 flood 392 

5.2.1 Assessment of temporal flood detectability 393 

Several flood events occurred over the CPB between 2002 and 2015. Figure 8 shows monthly 394 

averaged soil moisture, TWS, precipitation, flood extent, and discharge time series of the 395 

central CPB for three flood years (2002, 2006, 2011) compared to their climatology (average 396 

over 2002 to 2015). The averaged time series of the southern CPB presents the same temporal 397 

pattern (nor shown). Note that the monthly discharge time series is obtained from the 398 

measurements at the C13 station (instead of basin average) as it is the only stream gauge 399 

measurement available.  400 

[Suggested location of Figure 8] 401 

Most datasets show their most significant variation in 2011, consistent with the most severe 402 

flood event and measured discharge during the study period. The MODIS-derived flood 403 

extent shows the most consistent trends with the discharge time series, such as a clear flood 404 

feature during August and December 2011 (Fig. 8a, 8b). The monthly averaged MODIS-405 

derived NDWI also shows a similar temporal pattern, as in Fig. 8a (not shown). Both 406 

MODIS-derived flood extent and measured discharge show similar increased intensity trends 407 

in October from 2002, 2006, and 2011. However, the maximum discharges in 2006 and 2011 408 

reach the same value (~3450 m3/s) even though the flood extent of 2011 is greater by ~23%. 409 

This is likely attributed to the limited storage capacity of the stream channel. The discharge in 410 

the river channel can only reach the maximum capacity, where the exceeded capacity extends 411 

outside the stream channel as a flood. The excessive precipitation over the CPB is attributed 412 

to the 2011 flood event (Fig. 8c), where September precipitation is ~26 % greater than the 413 

average precipitation observed for the entire year. Similarly, high precipitation observed 414 

between August and September 2002 likely induced the 2002 flood. The precipitation in 2006 415 

is greater than the average value in the first half of the year, but no excessive precipitation is 416 

detected during the 2006 flood period (e.g., August – October 2006). 417 

SMOS observed the highest soil moisture during the 2011 flood event, approximately 21 % 418 

greater than its six-year (2010 – 2015) average values (Fig. 8d). The South Asian monsoon 419 

rainfall likely induces the semi-annual cycle, where the first and second peaks in June and 420 

October are observed in SMOS-derived soil moisture. The precipitation data from TRMM 421 

exhibits a similar semi-annual cycle but a delay of approximately one month (see Fig. 8c). 422 

The AMSR-E shows a similar increased soil moisture pattern toward the 2011 flood period 423 

(Fig. 8e) even though the complete evaluation of 2011 cannot be performed due to the ended 424 

lifetime of the AMSR-E. However, a long record of AMSR-E allows the evaluation of the 425 

soil moisture during the 2002 and 2006 flood events, in which the soil moisture shows second 426 

and third largest magnitude over the 2002 – 2011 period, respectively. On the other hand, the 427 

2011 soil moisture trend from ASCAT does not correspond to the flood event (Fig. 8f), likely 428 

due to the existence of the flagged data in the calculation described in Sect. 5.1.  429 
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The GRACE measurement observes a great ΔTWS during the 2002 and 2011 flood periods 430 

(Fig. 7g). However, the magnitude of the 2002 ΔTWS is higher than the 2011 ΔTWS value, 431 

which contrasts with other observations, e.g., SMOS, AMSR-E, and MODIS. No excessive 432 

ΔTWS is detected during the 2006 flood event. A coarse spatial resolution of GRACE (> 300 433 

km) likely explains the inconsistency between GRACE and other datasets. The GRACE 434 

derived-ΔTWS is subject to a leakage error (Swenson et al. 2003), in which the surrounding 435 

signal likely contaminates the ΔTWS estimate of a small basin (e.g., the CPB). The GLDAS-436 

derived soil moisture fails to capture the flood signatures (Fig. 8h), while the WGHM shows 437 

clearer increased moisture associated with the 2006 and 2011 flood events (Fig. 8i). A more 438 

comprehensive storage layer (e.g., the inclusion of surface water or groundwater) likely leads 439 

to a better performance of the WGHM. However, the WGHM does not show a strong 440 

agreement with the MODIS-derived flood extent in both temporal and spatial domains 441 

compared to the SMOS and AMSR-E observations.  442 

The Spearman correlation coefficient (ρ) computed between two daily basin-averaged time 443 

series with a 0.05 significance level is used to quantify the agreement between different 444 

observed variables and the MODIS-derived flood extents (Fig. 9). Only the correlation 445 

associated with GRACE data is computed based on the monthly averaged time series due to 446 

daily data unavailability. The passive soil moisture retrievals from SMOS and AMSR-E 447 

shows significant agreements with the flood extents with the ρ value of about 0.7. The 448 

ASCAT shows a negative ρ value among three soil moisture datasets, likely caused by the 449 

flagged data elaborated in Sect. 5.1. The precipitation provides a small ρ value (~0.1), which 450 

denotes its limitation for flood monitoring (e.g., Sharma et al. 2018). On the contrary, the 451 

GRACE and model estimates show reasonable agreements with the flood. The GRACE-452 

derived ΔTWS provides a large ρ value (> 0.5), almost as good as the SMOS or AMSR-E 453 

estimate. However, the models provided smaller ρ values of about 0.2 – 0.3, implying the 454 

current limitation of using the GLDAS or WGHM to detect flood events. The river gauge 455 

measurement shows the most robust connection with the flood extent, with ρ > 0.8. 456 

[Suggested location of Figure 9] 457 

5.2.2 Estimation of daily flood lead-time 458 

Two separate daily flood lead-time analyses are conducted for the central and southern CPB. 459 

This is mainly to isolate the temporal variation between two neighboring sub-basins, in which 460 

their signals associated with the daily flood dynamics might be different. Such analyses can 461 

also provide an approximate travel time for the flood to propagate across the basins (e.g., 462 

from the central to southern CPB). The daily precipitation (TRMM), soil moisture (SMOS), 463 

and discharge during July 2011 and April 2012 are used to assess the lead-time associated 464 

with the 2011 flood event. Figure 10 shows the daily basin-average time series of the central 465 

CPB and southern CPB. Only soil moisture data from SMOS data are used in the analysis due 466 

to the notable flood detection performance and the complete 2011 – 2012 data record 467 

elaborated in Sect. 5.1 and Sect. 5.2.1. Because of the C13 station location, the river gauge 468 

measurements are assumed to represent the central CPB’s integrated response. The daily time 469 

series are smoothed using the moving average filter with a 60-day window (selected from the 470 

trial and error experiment to determine the optimal fitness while avoiding the over-smoothed 471 

result). The phase of the time series (see insert date in Fig. 10) is defined as the calendar date 472 



13 
 

where the smoothed time series reaches the maximum value, which is found to be between 473 

September and November 2011, corresponding to the 2011 flood events.  474 

[Suggested location of Figure 10] 475 

From Fig. 10, the apparent phase shift (time delay) between precipitation, SMOS, and 476 

MODIS are observed in both sub-basins. In the central CPB, the precipitation (TRMM) 477 

reaches the maximum value on 10 September 2011 (Fig. 10a), approximately two weeks 478 

before the peak of soil moisture (SMOS, Fig. 10b). The time delay is attributed to the land 479 

surface process mechanism required to redistribute the water through the soil. The flood 480 

extent (MOD09) and gauge measurement show the maximum values in the first week of 481 

November 2011 (Fig. 10c, 10d), almost two weeks after the soil moisture's peak period. This 482 

suggests that soil moisture is likely saturated around the end of October 2011, and additional 483 

water throughfall (e.g., incoming water after vegetation interception) can not infiltrate 484 

through the soil store but exits the system as surface discharge. The flood extent gradually 485 

reduces to almost zero at the end of 2011, where the soil moisture decreases to the average 486 

values (~0.3 – 0.4 m3/m3). Similar phase shift features are also observed in the southern CPB, 487 

but the time delay between the soil moisture and flood extent is found to be slightly shorter. 488 

In both sub-basins, SMOS provides valuable information associated with the prediction of 489 

flood lead time by about one week or longer. 490 

The phase difference between the central and southern CPB reveals that the precipitation 491 

phase (TRMM) remains the same. In contrast, the spatial propagation (from the central to 492 

southern CPB) of the soil moisture and flood extent takes over one month. Soil moisture of 493 

the southern CPB is higher than the central CPB, likely induced by the multiple sources of 494 

water influx into the basin (e.g., precipitation over the basin and floodwater from the central 495 

CPB). The different time delays between two sub-basins can also be attributed to 496 

geographical factors like the land cover, soil properties, or flood management. However, the 497 

detailed investigation of those factors is beyond the scope of this paper. This study fulfills its 498 

objective by demonstrating a clear benefit of satellite soil moisture observation (particularly 499 

SMOS) as a potential supportive data for flood monitoring. 500 

5.3 The prediction of flood occurrence from SMOS 501 

Significant correlation and lead-time observed between the SMOS soil moisture retrieval and 502 

flood extent (Sect. 5.2.2) motivate the SMOS observation to predict the flood occurrence. 503 

The evaluation process in Sect. 4 is used to assess the effectiveness of using SMOS to detect 504 

the water pixels (e.g., NDWI > 0). At each SMOS grid cell, the daily SMOS observation is 505 

trained with the MODIS-derived NDWI via the developed neural network (see network 506 

configuration in Sect. 4). Only those days where both SMOS and MODIS data are available 507 

are considered in the training or validation phase. The process consists of multiple runs. In 508 

each run, the network trained with the available data is used to predict the missing NDWI 509 

(see the training-predicting process in Sect. 4). The predicted NDWI (from SMOS) is then 510 

validated with the observation (MODIS-derived NDWI) in terms of correlation coefficient 511 

and RMSD.  512 

The time series of the SMOS-predicted NDWI between 2010 and 2015 is demonstrated in 513 

Fig. 11. The selected grid points (see grid locations, P1, P2, and P3, in Fig. 1) are subject to 514 

different land use (see, e.g., http://www.ldd.go.th/ldd_en/en-US/map/map-details/land-use-in-515 
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the-central-region/1; last access: 18 May 2020), e.g., urban (P1), agricultural paddy field 516 

(P2), and water body (Pasak Chonlasit Reservoir, P3), which can be used to assess the 517 

performance of the trained network with respect to different land surface characteristics. 518 

From Fig. 11, the 8-day SMOS-predicted NDWI successfully captures the flood events, 519 

observing from a significant agreement with MODIS data (Fig. 11a – 11c). The prediction 520 

begins to divert from the observation when the forecast lead time of 16 days or longer is used 521 

(see, e.g., Fig. 11d, 11g, 11j). The use of a long forecast lead time leads to a failure to predict 522 

the flood occurrence and produces overestimated NDWI values. This suggests that a forecast 523 

lead time of 8 days or shorter should be considered over the CPB to maintain the accuracy of 524 

the flood predictions. However, in the location with permanent surface water (e.g., point C), 525 

the prediction performs equally regardless of the length of lead time. The effective prediction 526 

is simply attributed to a similar seasonal pattern of both SMOS and MODIS signals over the 527 

inundated area (e.g., high soil moisture results in high surface water). The prediction delivers 528 

higher accuracy where both signal characteristics are consistent. 529 

[Suggested location of Figure 11] 530 

The scatter plots (Fig. 12a – 12d) confirm the effectiveness of the SMOS-predicted NDWI, 531 

particularly for an 8-day forecast lead time. The difference between the predicted NDWI and 532 

the observation diverts from the diagonal with a lead time greater than 16 days (see Fig. 12c, 533 

12d). The diagonal elements observed in, e.g., the 24-day or 32-day prediction, are mainly 534 

associated with the grid cells where a substantial seasonal variation of SMOS and MODIS 535 

leads to a higher agreement between the predicted and observed NDWI values as seen in Fig. 536 

11c. 537 

[Suggested location of Figure 12] 538 

The CPB-averaged statistical values as a function of the forecast lead time provide an explicit 539 

feature of prediction accuracy (Fig. 12e). For example, the estimated correlation and RMSD 540 

values are degraded by approximately a factor of four (from ρ = 0.60 to 0.15) and three (from 541 

RMSD = 0.09 to 0.30) when the forecast lead time is increased from 8 days to 32 days, 542 

respectively. The standard deviation also increases with forecast lead time. Overall, the 8-day 543 

prediction shows the most encouraging performance with the correlation value greater than 544 

0.5 and the RMSD value less than 0.1. This aligns with the analysis in Sect. 5.2.2, where the 545 

soil moisture observation is found to have a strong temporal correlation with the flood 546 

occurrence by approximately one week. 547 

 548 

6. Discussion 549 

Satellite data and model simulations demonstrate some capacity for flood detection. Flood 550 

inundation inferences derived from the surface reflectance data (e.g., MODIS) provide the 551 

most accurate flood intensity/extent estimate in terms of spatial distribution. However, cloud 552 

obstruction and limited temporal resolution restrict MODIS data to weekly (i.e., eight days) 553 

flood monitoring. In contrast, a sub-daily or higher temporal resolution data is usually 554 

required for effective near real-time flood prediction. This study shows that satellite soil 555 

moisture information is strongly correlated with flood intensity/occurrence and can be 556 

considered supportive data to increase the flood prediction reliability at a sub-weekly 557 

timescale. Among the three considered satellite soil moisture observations, the SMOS shows 558 
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the best agreement with the MODIS-derived flood features in terms of spatial distribution and 559 

temporal variation. This is likely attributed to a greater sensible depth (i.e., longer 560 

wavelength) of the SMOS sensor, which can observe flood-induced soil saturation more 561 

effectively in the CPB than observations associated with shorter wavelengths like those of 562 

AMSR-E or ASCAT. This study, for the first time, demonstrates the application of the 563 

SMOS-soil moisture flood detection in the CPB, while a similar finding has been previously 564 

reported in other regions (e.g., Champagne et al. 2014; Romanov and Khvostov 2015; 565 

Ahlmer et al. 2018). 566 

AMSR-E observations capture temporal variations associated with flood signals but fail to 567 

characterize inundated spatial patterns. The top 2 cm soil layer is likely saturated to a full 568 

extent, and C-band observation is unable to distinguish increased soil moisture over the 569 

inundated area from conditions in the surrounding environment. Combining AMSR-E data 570 

with auxiliary information (e.g., provided by a digital elevation model and a leaf area index), 571 

as proposed by Temimi et al. (2010), may offer improvements to flood detection through 572 

AMSR-E observations alone. In contrast to limited spatial resolution, AMSR-E observations 573 

provide reasonable accuracy in flood timing estimates, reflecting the suitability of using the 574 

passive L-band satellite sensor for flood monitoring. In contrast to passive microwave 575 

observations, soil moisture retrieval from the active sensor of the ASCAT characterizes the 576 

flood as near-zero soil moisture due to the open water detection algorithm that assigned a 577 

flagged or small soil moisture value over the inundated areas (e.g., EUMETSAT H-SAF, 578 

2017; Brocca et al. 2017). It is noted that although ASCAT observations provide flood-579 

induced soil moisture information in a different form (i.e., as negative values), its spatial 580 

feature clearly reflects the flood distribution. In the future, it may be possible to develop an 581 

algorithm to transform ASCAT data into the SMOS observation space to exploit the spatial 582 

information of ASCAT for flood detection. 583 

The relationship between flood and remotely sensed soil moisture data is more reliable than 584 

the relationships between flood data and precipitation, model-derived moisture, and GRACE 585 

data. The connection between precipitation and flooding is known to be affected by other 586 

factors, e.g., land cover (urbanization), catchment characteristics, and climate conditions 587 

(e.g., Ahlmer et al. 2018; Sharma et al. 2018), which likely prevent strong linear correlations 588 

between the two over the CPB. The weak correlation found in model simulations could be 589 

explained by ineffective vertical water redistribution and the absence to account for flooding 590 

mechanisms. The model predicts excessive surface runoff and underestimates moisture in the 591 

soil store, resulting in faster soil moisture or TWS dry-off than seen through satellite 592 

observations (e.g., SMOS, GRACE), as shown in Sect. 5.2.1 (Fig. 8). The GRACE-derived 593 

ΔTWS shows a reasonable agreement with the monthly flood timing, in line with previous 594 

studies (e.g., Reager et al. 2014; Tangdamrongsub et al. 2016; Gouweleeuw et al. 2018). 595 

However, flood feature observations at a sub-monthly resolution or on a fine spatial scale 596 

(e.g., < 300 km2) are hardly possible using GRACE data due to its coarse temporal and 597 

spatial resolution. 598 

This study also demonstrates that SMOS data can be used to offer flood lead-times of 599 

approximately one week or longer, reflecting the potential application of SMOS data in flood 600 

forecasting (Giuseppe et al. 2018). The SMOS data also captures progressive flood patterns 601 

across sub-basins in both temporal and spatial domains. The neural network constructed to 602 

predict flood occurrence (given soil moisture) is found to be sufficiently accurate at certain 603 
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forecast lead times. The neural network predictions are more effective with a short lead time 604 

(e.g., no more than eight days), likely due to the nonlinearity between soil moisture and flood, 605 

as well as the type of data used in the training phase. The difficulty in accurate prediction lies 606 

in the fact that wet soil conditions do not necessarily result in flood occurrences. The neural 607 

network performs relatively well (i.e., with ρ ≈ 0.6) over the area where both SMOS and 608 

MODIS signals are consistent (e.g., wet soil over water pixels). At the same time, the 609 

prediction accuracy is reduced (with an increased forecast lead time) over dry or agricultural 610 

areas with occasional flood occurrence. The meaningful representation of data in the trained 611 

network also plays a significant role in the prediction accuracy (Najafabadi et al. 2015). In 612 

long lead time prediction, the data associated with the flood events are likely absent in the 613 

network training, leading to blind predictions of flood occurrences. Higher uncertainty is 614 

indeed the result of making predictions with insufficient information (Cortes et al. 1995). 615 

The flood prediction in the CPB is currently limited to the use of digital elevation models and 616 

hydrologic simulations (e.g., Pumchawsaun 2018) associated with gauge data to approximate 617 

the temporal variation of the flood. However, this approach is difficult in data-sparse regions 618 

where gauge data are not available to calibrate the model. The prime advantage of the method 619 

introduced in this work is the potentiality of quantifying the flood's lead time approximately 620 

in one week by relying only on the freely accessed remotely sensed satellite observational 621 

data. This technique allows local flood observatories to obtain needed data for the 622 

hydrological model validation that predict runoff and streamflow where none would exist 623 

otherwise. 624 

 625 

7. Conclusion 626 

This study investigates the potential benefit of using satellite soil moisture retrievals for flood 627 

detection, using the Thailand’s Great Flood of 2011 as an evaluation scenario. The analyses 628 

among three satellite soil moisture observations (AMSR-E, ASCAT, SMOS), different 629 

remote sensed datasets (e.g., MODIS, TRMM, GRACE), and model simulations show that 630 

SMOS data deliver the best agreement with the flood observations in terms of spatial extent 631 

and timing, and also provide an approximate flood lead-time estimate of one week or longer. 632 

The performance of the supervised neural network constructed between the SMOS 633 

observation and MODIS-derived NDWI depends on the represented (trained) data and land 634 

cover. Short-term predictions (e.g., eight days) achieve the best accuracy with an averaged 635 

correlation coefficient of 0.6. The application of this approach over the CPB offers clear 636 

benefits of SMOS data that could provide some useful assistance for flood monitoring 637 

systems. However, the SMOS-informed flood assessment/prediction tool’s behavior may 638 

vary across regions, and similar evaluations in other study areas will be necessary to confirm 639 

the strength of satellite soil moisture data as a tool for flood monitoring. For future work, the 640 

use of new satellite soil moisture products, e.g., the enhanced passive soil moisture product of 641 

the Soil Moisture Active Passive mission (enhanced-SMAP), Sentinel-1, and the downscale 642 

SMOS product, e.g., the Soil Moisture for dEsert Locust early Survey (SMELLS), or the 643 

application of a downscaling algorithm could be considered to obtain higher accuracy and 644 

higher spatial resolution (e.g., from a few km to down to the several m levels) of soil 645 

moisture estimates. This could reduce spatial mismatches between soil moisture retrieval and 646 
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satellite imagery data, likely leading to improved flood forecasting performance, particularly 647 

at a sub-grid scale (e.g., 500 m – 1 km).  648 
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Table 1: Characteristics of satellite soil moisture data used in this study. 887 

 SMOS AMSR-E ASCAT 

Frequency 1.4 GHz (L-band) 6.9 GHz (C-band) 5.255 GHz (C-band) 

Sampling grid size ~25 km 25 km 12.5 km 

Approximate depth ~5 cm ~2 cm ~2 cm 

Data availability 2010 – Present 2002 – 2011 2007 – Present 

Data access (last access: 

15 March 2020) 

https://www.catds

.fr 

https://disc.gsfc.n

asa.gov 

http://hsaf.meteoam.it/

soil-moisture.php 
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889 
Fig. 1 (a) The Chao Phraya River Basin (CPB) in central Thailand. The blue and magenta 890 

boundaries indicate the central and southern CPB, while the points P1 – P3 are the locations 891 

associated with different land use discussed in the Results section. The location of stream 892 

gauge C13 is also shown. (b - c) The natural images of MODIS reflectance data on 1 893 

November 2009 (normal condition) and 3 November 2011 (during the Thailand’s Great 894 

Flood of 2011).  895 
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 896 

Fig. 2 Evaluation scheme for flood prediction associated with different forecast lead time (a) 897 

8 days, (b) 16 days, and (c) 24 days. A box (square) represents an 8-day time interval. The 898 

blue shade represents the data used in the training phase, while the orange indicates the 899 

validated phase. The comprehensive evaluation process is described in Sect. 4.  900 
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 901 

Fig. 3 The monthly-averaged MODIS-derived NDWI over the CPB in the second half (July – 902 

December) of 2010 (first row), 2011 (middle row), and 2012 (bottom row), respectively.  903 
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 904 

Fig. 4 The monthly-averaged soil moisture anomalies derived from the daily SMOS data over 905 

the CPB in the second half (July – December) of 2010 (first row), 2011 (middle row), and 906 

2012 (bottom row), respectively. The anomaly is computed by removing the long-term mean 907 

soil moisture estimate from the daily data.  908 
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 909 

Fig. 5 Similar to Fig. 4, but for AMSE-R (top row) and ASCAT (bottom row) during the 910 

Thailand’s Great Flood of 2011 (July – December 2011).  911 
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 912 

Fig. 6 The daily degree of saturation (top) and the associated data flag (bottom) obtained 913 

from the ASCAT data between 24 October 2011 and 29 October 2011. Only days with 914 

available soil moisture measurements over the CPB are shown. The pixel with Not a Number 915 

(NaN) value is shown as white. Based on the ASCAT data description (EUMETSAT H-SAF, 916 

2007), a certain value of soil moisture (SM) value is given when the flag is presented, e.g., 0: 917 

Normal SM value, 1: SM is set to 0 %  (-25 % < SM < 0 %), 2: SM is set to 100 % (100 % < 918 

SM < 125 %), 4: SM is set to NaN (SM < -25 %), 8: SM is set to NaN (SM > 125 %), 16: 919 

Normal SM value (after wet correction applied), 32: SM is set to NaN (backscatter is not 920 

usable). A comprehensive description of the ASCAT data can be found in EUMETSAT H-921 

SAF (2007). 922 
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 923 

Fig. 7 The soil moisture storage (SMS) and TWS anomalies obtained from model simulations 924 

and GRACE data during the 2011 Thailand’s Great Flood period (July – December 2011).  925 
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 926 

Fig. 8 The monthly time series averaged over the central CPB obtained different 927 

observations, (a) MODIS-derived flood extent, (b) C13 Gauge measurement, (c) TRMM-928 

derived precipitation, (d) SMOS, (e) AMSR-E, (f) ASCAT, (g) GRACE, (h) GLDAS-derived 929 

soil moisture storage (SMS), and (i) WGHM-derived SMS. The time series associated with 930 

severe flood years (2002, 2006, and 2011) are shown as separate solid lines. The monthly 931 

climatology (average) computed between 2002 and 2015 is also shown as a shaded area.   932 
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 933 

Fig. 9 The correlation coefficient computed from different datasets with respect to the 934 

MODIS-derived flood extent in the central CPB. The value of the southern CPB shows a 935 

similar result (not shown).  936 
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 937 

Fig. 10 The daily time series of the TRMM-derived precipitation (first column), SMOS-938 

derived soil moisture (second column), MODIS-derived flood extent (third column), and 939 

stream gauge measurements (first column) in the central (first row) and southern CPB 940 

(second row) between July 2011 and March 2012. The daily measurement is shown in a cross 941 

(x), while the smoothed time series is shown as a solid line. The calendar date when the 942 

smooth time series reach the peak is given in each subplot. The horizontal tick label 943 

represents day 15 of the month.  944 
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 945 

Fig. 11 The SMOS-predicted NDWI time series from the neural network as a function of 946 

forecast lead time (e.g., 8 days (first row), 16 days (second row), 24 days (third row), and 32 947 

days (fourth row)) in three different locations associated with different land cover, (P1) 948 

urban, (P2) agricultural field, and (P3) water body (see locations in Fig. 1). The MODIS-949 

derived NDWI is also shown.   950 
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 951 

Fig. 12 Scatter plots of NDWI values between the SMOS prediction and MODIS as a 952 

function of predicted time windows, (a) 8 days, (b) 16 days, (c) 24 days, and (d) 32 days. (e) 953 

The basin averaged statistical values (correlation coefficient (ρ, blue) and RMSD (red)) 954 

computed between the SMOS-predicted and MODIS-derived NDWI. 955 


