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RÉSUMÉ 

De plus en plus de produits satellitaires en micro-ondes passives sont disponibles. Cependant, 

leur large résolution spatiale (25-50 km) n’en font pas un outil adéquat pour des applications 

hydrologiques à une échelle locale telles que la modélisation et la prévision hydrologiques. Dans 

de nombreuses études, une désagrégation d’échelle de l’humidité du sol des produits satellites 

micro-ondes est faite puis validée avec des mesures in-situ. Toutefois, l’utilisation de ces 

données issues d’une désagrégation d’échelle n’a pas encore été pleinement étudiée pour des 

applications en hydrologie. Ainsi, l’objectif de cette thèse est de proposer une méthode de 

désagrégation d’échelle de l’humidité du sol issue de données satellitaires en micro-ondes 

passives (Satellite Passive Microwave Active and Passive - SMAP) à différentes résolutions 

spatiales afin d’évaluer leur apport sur l’amélioration potentielle des modélisations et prévisions 

hydrologiques. À partir d’un modèle de forêt aléatoire, une désagrégation d’échelle de 

l’humidité du sol de SMAP l’amène de 36-km de résolution initialement à des produits finaux 

à 9-, 3- et 1-km de résolution. Les prédicteurs utilisés sont à haute résolution spatiale et de 

sources différentes telles que Sentinel-1A, MODIS et SRTM. L'humidité du sol issue de cette 

désagrégation d’échelle est ensuite assimilée dans un modèle hydrologique distribué à base 

physique pour tenter d’améliorer les sorties de débit. Ces expériences sont menées sur les 

bassins versants des rivières Susquehanna (de grande taille) et Upper-Susquehanna (en 

comparaison de petite taille), tous deux situés aux États-Unis. De plus, le modèle assimile aussi 

des données d’humidité du sol en profondeur issue d’une extrapolation verticale des données 

SMAP. Par ailleurs, les données d’humidité du sol SMAP et les mesures in-situ sont combinées 

par la technique de fusion conditionnelle. Ce produit de fusion SMAP/in-situ est assimilé dans 

le modèle hydrologique pour tenter d’améliorer la prévision hydrologique sur le bassin versant 

Au Saumon situé au Québec. Les résultats montrent que l'utilisation de l’humidité du sol à fine 

résolution spatiale issue de la désagrégation d’échelle améliore la représentation de la variabilité 

spatiale de l’humidité du sol. En effet, le produit à 1- km de résolution fournit plus de détails 

que les produits à 3- et 9-km ou que le produit SMAP de base à 36-km de résolution. De même, 

l’utilisation du produit de fusion SMAP/ in-situ améliore la qualité et la représentation spatiale 

de l’humidité du sol. Sur le bassin versant Susquehanna, la modélisation hydrologique 

s’améliore avec l’assimilation du produit de désagrégation d’échelle à 9-km, sans avoir recours 

à des résolutions plus fines. En revanche, sur le bassin versant Upper-Susquehanna, c’est le 

produit avec la résolution spatiale la plus fine à 1- km qui offre les meilleurs résultats de 

modélisation hydrologique. L’assimilation de l’humidité du sol en profondeur issue de 

l’extrapolation verticale des données SMAP n’améliore que peu la qualité du modèle 

hydrologique. Par contre, l’assimilation du produit de fusion SMAP/in-situ sur le bassin versant 

Au Saumon améliore la qualité de la prévision du débit, même si celle-ci n’est pas très 

significative. 

Mots-clés : humidité du sol, désagrégation d’échelle, SMAP, forêt aléatoire, fusion, assimilation   
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ABSTRACT 

The availability of satellite passive microwave soil moisture is increasing, yet its spatial 

resolution (i.e., 25-50 km) is too coarse to use for local scale hydrological applications such as 

streamflow simulation and forecasting. Many studies have attempted to downscale satellite 

passive microwave soil moisture products for their validation with in-situ soil moisture 

measurements. However, their use for hydrological applications has not yet been fully explored. 

Thus, the objective of this thesis is to downscale the satellite passive microwave soil moisture 

(i.e., Satellite Microwave Active and Passive - SMAP) to a range of spatial resolutions and 

explore its value in improving streamflow simulation and forecasting. The random forest 

machine learning technique was used to downscale the SMAP soil moisture from 36-km to 9-, 

3- and 1-km spatial resolutions. A combination of host of high-resolution predictors derived 

from different sources including Sentinel-1A, MODIS and SRTM were used for downscaling. 

The downscaled SMAP soil moisture was then assimilated into a physically-based distributed 

hydrological model for improving streamflow simulation for Susquehanna (larger in size) and 

Upper Susquehanna (relatively smaller in size) watersheds, located in the United States. In 

addition, the vertically extrapolated SMAP soil moisture was assimilated into the model. On the 

other hand, the SMAP and in-situ soil moisture were merged using the conditional merging 

technique and the merged SMAP/in-situ soil moisture was then assimilated into the model to 

improve streamflow forecast over the au Saumon watershed. The results show that the 

downscaling improved the spatial variability of soil moisture. Indeed, the 1-km downscaled 

SMAP soil moisture presented a higher spatial detail of soil moisture than the 3-, 9- or original 

resolution (36-km) SMAP product. Similarly, the merging of SMAP and in-situ soil moisture 

improved the accuracy as well as spatial representation soil moisture. Interestingly, the 

assimilation of the 9-km downscaled SMAP soil moisture significantly improved the accuracy 

of streamflow simulation for the Susquehanna watershed without the need of going to higher 

spatial resolution, whereas for the Upper Susquehanna watershed the 1-km downscaled SMAP 

showed better results than the coarser resolutions. The assimilation of vertically extrapolated 

SMAP soil moisture only slightly further improved the accuracy of the streamflow simulation. 

On the other hand, the assimilation of merged SMAP/in-situ soil moisture for the au Saumon 

watershed improved the accuracy of streamflow forecast, yet the improvement was not that 

significant. Overall, this study demonstrated the potential of satellite passive microwave soil 

moisture for streamflow simulation and forecasting. 

Keywords: soil moisture; downscaling; SMAP; Random Forest; merging; assimilation  
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Chapter 1     INTRODUCTION  

1.1  Context and problematic  

Soil moisture is an essential hydrological and climate variable which plays an important role in 

controlling the exchange of water and energy cycles between the land surface and the 

atmosphere (Entekhabi, 1995). In a water cycle, for example, it conditions the rainfall-runoff 

response of the watershed to a given precipitation event by partitioning into surface runoff and 

infiltration. This is particularly important in the case of the saturation excess runoff generation 

mechanism (Dunne et al., 1975), where the magnitude of the flood is determined by the pre-

storm soil moisture state of the watershed. On the other hand, in an energy cycle, it redistributes 

the incoming net solar radiation into sensible and latent heat fluxes, thereby regulating near-

surface variables such as temperature and humidity. In addition, soil moisture is also a key 

determinant of the global carbon cycle (Falloon et al., 2011) and most importantly, a number of 

hydrometeorological and agricultural applications such as hydrological forecasting, weather 

forecasting and irrigation planning are strongly dependent on soil moisture (Brocca et al., 2017; 

Seneviratne et al., 2010). 

Soil moisture is highly variable both spatially and temporally because of its multifaced 

interactions with numerous environmental factors such as soil properties, topography, land 

cover and meteorological forcing (Crow et al., 2012). Thus, characterization of its spatial and 

temporal variability is important. Conventionally, in-situ measurements are used to estimate soil 

moisture. The common example is the gravimetric method (Reynolds, 1970), which is the oldest 

and the most well-known method for accurate estimation of soil moisture. It is usually used as 

the standard reference to validate soil moisture estimated by other methods, e.g., probes or 

model or remote sensing. However, the major downside of this method is that it is time 

consuming to implement over a large area and its destructive nature limits its usage at the same 

location or on the same soil sample. 

Apart from gravimetric method, over the past few decades a plethora of soil moisture probe 

sensors have emerged for the purpose of soil moisture estimation. In contrast to the gravimetric 

method, these sensors indirectly estimate soil moisture from surrogate variables such as soil 

moisture potential or from the radioactive and electrical properties of the soil such as dielectric 
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constant, capacitance or impedance ( Lakshmi et al., 2014). A typical example of these sensors 

includes neutron probes, Time Domain Reflectometry (TDR), Frequency Domain 

Reflectometry (FRD), Amplitude Domain Reflectometry (ADR) and many others. Compared 

to the gravimetric method, probes allow continuous measurement of soil moisture (i.e., at a 

temporal resolution of minutes) at the same location on the same soil sample, yet they can be 

time consuming, labor-intensive and difficult to maintain if intended to establish a network over 

a large area, e.g., at watershed scale. 

Overall, in-situ measurements provide an accurate estimate of soil moisture, but only at point 

scale and this limits their use for applications at watershed scale. For this reason, over the last 

few decades, remote sensing has become an attractive and feasible alternative for soil moisture 

estimation over a large area (Brown et al., 2013). Accordingly, the optical/thermal and 

microwave domains of electromagnetic spectrum are regions of greatest interest for soil 

moisture retrieval (Schmugge, 1976). 

The potential of the optical/thermal remote sensing in the estimation of soil moisture has been 

demonstrated in many studies (Lobell & Asner, 2002; Wang et al., 2018; Weidong et al., 2002). 

They have the capability of providing soil moisture at high-spatial (e.g., in the order of hundreds 

of meters) and temporal resolutions (e.g., daily). However, they can be greatly affected by cloud 

contamination and vegetation interferences restricting their ability to generate both spatially and 

temporally continuous soil moisture maps. In addition, the shallow penetration depth (i.e., in the 

order of millimeters) of the soil is a major limitation for their use for operational applications. 

Because of these limitations, the interest in the use of the optical/thermal remote sensing for soil 

moisture retrieval is decreasing, notably since satellite passive microwave remote sensing has 

become available operationally (e.g., SMAP, SMOS, and AMSR-E). 

Microwave remote sensing, notably at lower frequencies (e.g., 1-3 GHz), has become more 

appealing for soil moisture retrieval compared to optical/thermal remote sensing. This is 

primarily because of its sensitivity to soil moisture under all weather conditions and its 

penetration through sparsely to moderately vegetated canopies (Njoku & Entekhabi, 1996). It 

can be divided into active (radar and scatterometer) and passive (radiometer) remote sensing 

depending on their mode of operation. Active microwave remote sensing transmits its own 

source of energy to illuminate the Earth surface and measure portion of the transmitted energy 
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that is redirected back towards the sensor, which is also known as backscatter coefficient. It can 

be further divided into imaging (e.g., Synthetic Aperture Radar (SAR)) and non-imaging 

(altimeters and scatterometers) sensors. 

Both spaceborne imaging and non-imaging sensors have demonstrated potential for near-surface 

(i.e. few centimeters) soil moisture retrieval (Barrett et al., 2009). However, the non-imaging 

sensors (e.g., Advanced scatterometer (ASCAT)) are not primarily designed for soil moisture 

retrieval, but rather for wind speed and direction measurements over the ocean surface.  

On the other hand, spaceborne imaging sensors (e.g., synthetic aperture radar (SAR)) have 

proven effective and widely used for retrieval of soil moisture at high-spatial resolution than 

non-imaging sensors (Abowarda et al., 2021; Paloscia et al., 2013). For example, Sentinel-1 

with its C-band SAR is well known for its capability to provide soil moisture at high-spatial 

resolution (i.e., as high as tens of meters), but with temporal resolution of 6 to 12 days. This is 

primarily because of the smaller swath width of Sentinel-1 SAR, which increases the time it 

takes to cover the entire globe and subsequently increases the revisit time. On the other hand, 

the recently launched Canadian RADARSAT Constellation Mission (RCM) has the potential 

for near-surface soil moisture retrieval with temporal resolution of 4 days. 

The principal basis for the spaceborne imaging active microwave remote sensing relies on the 

sensitivity of the backscatter signal to the dielectric properties of soil (Lin et al., 1994). 

However, the sensitivity of the backscatter signal to the soil moisture is affected by perturbing 

factors such as vegetation and surface roughness. Thus, reducing the impact of these factors on 

soil moisture retrieval is essential. Many studies have suggested the use of optimum 

configuration of sensor parameters (e.g., polarization, frequency, incidence angle) to reduce 

these impacts (Barrett et al., 2009; Petropoulos et al., 2015). For example, the combination of 

low incidence angle, low frequency (e.g., L-band) and HH\HV polarizations are suitable sensor 

configuration for optimal soil moisture retrieval by reducing the impact of vegetation and 

surface roughness.  

An alternative to active microwave remote sensing is passive microwave remote sensing (i.e., 

radiometers), which have great potential for soil moisture retrieval. It measures the naturally 

emitted radiation from the land surface, which can be expressed as brightness temperature 

(Jackson & Schmugge, 1989). Similar to the active microwave remote sensing, they are of great 
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interest for near-surface soil moisture retrieval because of their high sensitivity to variation of 

dielectric constant of the soil owing to soil moisture dynamics, notably at a lower frequency 

such as the L-band (~1.4 GHz) (Njoku & Entekhabi, 1996).  

At the L-band frequency the effect of vegetation cover and surface roughness on the emitted 

radiation is reduced. However, at this frequency natural emission is very weak. Thus, the sensors 

must look over a larger area in order to detect this weak emission (Barrett et al., 2009). This, in 

turn, results in a coarser spatial resolution of satellite passive microwave soil moisture products, 

i.e., tens of kilometers, which limits them for local scale hydrometeorological applications 

where high-spatial resolution is required. In addition, penetration depth remains an issue. The 

L-band sensors have penetration depths that can reach up to 5-10 centimeters depending on 

vegetation conditions. It is possible to alleviate this issue by extrapolating near-surface soil 

moisture estimates to deeper soil layers relevant to agricultural and hydrological applications 

(Albergel et al., 2008).  

Over the past decades, a number of passive microwave radiometers with different frequencies 

(e.g., L, C and X) onboard various satellite platforms have shown their potential for near-surface 

soil moisture mapping over a large area. For example, Advanced Microwave Scanning 

Radiometer (AMSR-E/2) at X and C-bands, Soil Moisture and Ocean Salinity (SMOS) and Soil 

Moisture Active Passive (SMAP) at L-band are widely used for soil moisture retrieval. 

Interestingly, the L-band passive microwave satellites such as SMOS and SMAP have received 

great attention for potential applications because of their prime devotion to global monitoring 

of surface soil moisture (Entekhabi et al., 2008; Kerr et al., 2001). 

The SMOS is the first ever L-band passive microwave mission dedicated to monitoring of soil 

moisture and sea surface salinity at a global scale. It was launched by the European Space 

Agency (ESA) in 2009 and provides a global map of near-surface soil moisture every 2-3 days 

with resolution of about 40-km (Kerr et al., 2001). Similarly, the National Aeronautics and 

Space Administration (NASA) launched the SMAP on January 31, 2015, which carries both L-

band radar and radiometer sharing a single platform, but the radar ceased operation on July 7, 

2015 (Colliander et al., 2017). However, the radiometer component continues the generation of 

soil moisture maps at roughly 40-km spatial resolution. 
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Although substantial progress has been made in the estimation of soil moisture over a large area 

using passive microwave remote sensing during the last decades, there is still a long way to go 

in terms of soil moisture estimation at spatial and temporal resolutions desired by many 

hydrometeorological and agricultural applications, which is in the order of a few kilometers or 

less with decent temporal resolution. Putting it differently, the spatial resolution of the existing 

passive microwave soil moisture products is 25 to 50-km and does not commensurate with the 

resolution needed by many hydrometeorological applications (Figure 1.1).  

 

Figure 1.1 Spatial and temporal resolution requirements of soil moisture for a range of 

applications (Adapted from Sabaghy et al. (2018)) 

Accordingly to answer the ever-growing need for the high-spatial resolution of soil moisture, 

considerable efforts have been devoted to produce soil moisture maps at high-spatial resolution 

either through direct retrieval (Balenzano et al., 2021; Hajj et al., 2017) or through spatial 

downscaling (Abbaszadeh et al., 2019; Abowarda et al., 2021; Zhao et al., 2018).  

A direct retrieval entails retrieval of high-spatial resolution soil moisture from synthetic aperture 

radars such as C-band SARs onboard Sentinel-1, RADARSAT-1/2, or Canadian RADARSAT 

Constellation Mission (RCM). Many studies have demonstrated the potential of these radars in 

mapping near-surface soil moisture at high-spatial resolution (i.e., in the order of tens of meters). 

For example, Ma et al. (2020) retrieved soil moisture at 100 m spatial resolution from 

combination of Sentinel-1 and 2 for precision agriculture. Similarly, Balenzano et al. (2021) 
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retrieved soil moisture at 1-km spatial resolution from Sentinel-1A over Yanco (New South 

Wales, Australia) and Little Washita (Oklahoma, USA) watersheds. Apart from Sentinel-1 SAR, 

notable progress have been made in soil moisture retrieval from other SAR sensors such as 

RADARSAT-2 (Chen et al., 2021; Xing et al., 2019) and ENVISAT ASAR (Santi et al., 2013). 

However, here it is worthwhile to recall that although current satellite C-band SAR sensors have 

spatial resolution suitable for watershed-scale studies, soil moisture retrieval is complicated by 

environmental conditions such as surface roughness and vegetation cover, which limits its use 

for operational applications. This suggests looking for an alternative approach which gives high 

spatial resolution soil moisture of good quality with decent temporal resolution and global 

coverage. Thus, an attractive alternative could be spatial downscaling applied to low resolution 

passive microwave soil moisture products (Peng et al., 2017; Sabaghy et al., 2018). 

Spatial downscaling (also known as spatial disaggregation) is a technique that allows 

downscaling of the coarse-spatial resolution satellite passive microwave soil moisture products 

by synergistically using high-resolution (i.e., a kilometer or less) land surface variables or 

backscatter coefficient which have strong association with soil moisture such as land surface 

temperature and vegetation indices.  

There exist a variety of spatial downscaling techniques, which can roughly be grouped as 

optical/thermal-based downscaling, radar-based downscaling and radiometer-based 

downscaling, based on the sources from which the high-resolution variables, indices or signals 

are derived for downscaling (Sabaghy et al., 2018). In addition, more recently, machine learning 

(ML) technique has received a great deal of attention (Zhao et al., 2018).  

The optical/thermal-based downscaling relies on high-resolution land surface variables and 

indices derived from the optical\thermal remote sensing (e.g., MODIS) for downscaling of the 

satellite passive microwave soil moisture products. This method successfully demonstrated its 

capability in downscaling soil moisture products derived from, e.g., AMSR-E (Fang et al., 2013; 

Zhao & Li, 2013), SMOS (Djamai et al., 2015; Piles et al., 2011) and SMAP ( Wen et al., 2020). 

It is a widely used method because of its simplicity, yet cloud and vegetation adversely affect 

the quality as well as the spatio-temporally continuity of the downscaled soil moisture by this 

method. In addition, its application is mostly limited to areas with uniform atmospheric 

condition (Chauhan et al., 2003; Piles et al., 2011). 
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Radar-based downscaling uses high-resolution SAR observations to downscale the satellite 

passive microwave soil moisture products. A number of studies have developed and tested 

different radar based downscaling algorithms, e.g., baseline downscaling technique (Das et al., 

2011), the change detection method (Piles et al., 2009) and the Bayesian framework (Zhan et 

al., 2006). It has the potential to downscale satellite passive microwave soil moisture products 

and Tb over low to moderately vegetated areas when compared to the optical\thermal-based 

downscaling (He et al., 2018; Wu et al., 2016). This is because of the capability of SAR sensors 

to penetrate through vegetation to some extent, especially at lower frequencies. In addition, there 

is no effect of clouds on the radar-based downscaling as it operates under-all-weather 

conditions, but the generation of temporally continuous soil moisture is limited by the longer 

revisit time of SAR observations. 

Radiometric-based downscaling uses high resolution land surface variables derived from 

radiometric sensor with high frequency for downscaling of satellite passive microwave soil 

moisture, which is mainly obtained from low frequency sensor. This downscaling technique is 

mainly convenient for the sensor with multi-frequency measurements such as AMSR-E with a 

range of frequencies (e.g., 6,925, 10,65, 18,7, 23,8, 36,5, and 89,0 GHz). Observation at high 

frequency (e.g., 89,0 GHz) can be used for downscaling of observation at lower frequency (e.g., 

6.92GHz). Typical examples of radiometric-based downscaling include Smoothing Filter-based 

Intensity Modulation (SFIM) (Liu et al., 2011). 

On the other hand, ML is becoming an appealing alternative for the downscaling of satellite 

passive microwave soil moisture products because of its capability to handle the complex non-

linear relationship between soil moisture and varieties land surface variables, which has strong 

associations with soil moisture (Zhao et al., 2018). In addition, its effectiveness in handling a 

large dataset makes it more attractive compared to optical\thermal and radar-based downscaling. 

Indeed, it helps to consider a set of land surface and atmospheric variables that affects the spatio-

temporal variability of soil moisture in the downscaling, in contrast to the optical\thermal and 

radar-based downscaling which are often limited to few variables. For example, the 

optical\thermal-based downscaling mainly relies only on the land surface temperature and 

vegetation indices, whereas the radar-based downscaling mainly relies only on the backscatter 

coefficients for downscaling of satellite passive microwave soil moisture. 
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Many studies have demonstrated the potential of different ML variants in the downscaling of 

satellite passive microwave soil moisture products (Abbaszadeh et al., 2019; Bai et al., 2019; 

Hu et al., 2020; Zhao et al., 2018, 2019). However, most of these studies have been conducted 

in areas favorable (bare to moderately vegetated areas often instrumented with in-situ soil 

moisture probes) for the downscaling of satellite soil moisture, e.g., Iberian Peninsula (semi-

arid climate dominated by croplands, open shrublands and woody savannas) (Zhao et al., 2018), 

Tibetan plateau (continental climate dominated by grass and barren land) (Chen et al., 2020), 

and northern China (semi-arid region dominated with dry land and woodland) (Bai et al., 2019).  

With regards to variables used in ML for downscaling, the combination of MODIS derived land 

surface variables such as land surface temperature, albedo, vegetation indices (VIs) and SRTM 

DEM derivatives such as elevation, slope and aspect are the most widely used for downscaling 

of satellite passive microwave soil moisture products (Abbaszadeh et al., 2019; Wen et al., 2019; 

Zhao et al., 2018). However, the use of SAR derived variables is still at its early stage for ML-

based downscaling despite of the increase in the SAR observations. 

On the other hand, over the last decades, many studies have assimilated satellite soil moisture 

products into different land surface and hydrological models with the aim of: 1) improving soil 

moisture estimation (Crow et al., 2017a; Lievens et al., 2017; Reichle, 2008), and 2) improving 

streamflow simulation and forecasting (Abbaszadeh et al., 2020a; Azimi et al., 2020a; Chen et 

al., 2011; Crow et al., 2017; Massari et al., 2015; Meng et al., 2017; Wanders et al., 2014). 

However, the latter have reported contrasting results. While some studies have found significant 

improvement in the simulation and forecasting of streamflow, a considerable number of other 

studies have shown little or no impact of satellite soil moisture on streamflow simulation and 

forecasting.  

As an example, Jadidoleslam et al. (2021) found significant improvement in streamflow 

simulation after assimilation of the coarse-spatial resolution SMOS and SMAP soil moisture 

into a distributed hydrological model. Similarly, Azimi et al. (2020) reported marked 

improvement in discharge simulation following assimilation of Sentinel-1 and SMAP soil 

moisture into hydrological model. Conversely, Kumar et al. (2014) reported slight improvement 

in streamflow simulation after assimilation of soil moisture retrievals from AMSR-E. Lievens 

et al. (2015) found improvement only in peak flows after assimilation of SMOS soil moisture, 
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whereas Parajka et al. (2006) reported no improvement at all in streamflow simulation after 

assimilation of soil moisture retrieved from ERS scatterometer. 

The disagreement among these studies could be attributed to the complexity of hydrological 

model used (conceptual or physically-based distributed models), the assimilation techniques 

adopted (i.e., direct insertion, ensemble Kalman filter, or particle filter), characteristics of the 

watershed (e.g., location, size, land cover, soil type, and dominant hydrological processes), the 

vertical coupling strength between surface and subsurface physics of the model and the 

attributes of remotely sensed soil moisture data used such as spatial and temporal resolution, 

penetration depth to the soil and retrieval algorithm and its accuracy (Mao et al., 2019). 

1.2  Statement of the problem and research question  

Reconciling the spatial scale disparity between the passive microwave soil moisture products 

and local scale hydrometeorological and agricultural applications requirement is crucial. 

Considerable efforts have been made on this regard to downscale satellite passive microwave 

soil moisture products using high-resolution land surface variables and indices derived from the 

optical\thermal sensors. However, only a few studies have examined the utility of SAR 

observations such as backscatter intensity and textural information in the downscaling of 

satellite soil moisture products, notably using ML techniques (Bai et al., 2019; Karami et al., 

2022). 

Thus, in the light of increasing availability of SAR observation from the existing (e.g., Sentinel-

1, Canadian RADARSAT constellation mission (RCM)) and upcoming SAR (e.g., NASA-ISRO 

SAR mission (NISAR)) sensors and the great capability of ML techniques in handling large 

datasets, exploring the utility of SAR observation for downscaling satellite passive microwave 

soil moisture along with the optical sensors derived variables is important. 

On the other hand, the success of the downscaling of satellite passive microwave soil moisture 

products inherently depends on land surface and climate conditions of the selected study area. 

Interestingly, previous studies have applied the downscaling techniques mostly over bare to less 

vegetated areas and these techniques are site-specific and local in nature. Hence, further studies 

are needed by extending the downscaling techniques to different geographic regions with 
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different land surface and hydro-climatic conditions, e.g., mixed to moderately forested areas 

with humid climate. 

It is also important to note that the majority of previous studies have downscaled satellite passive 

microwave soil moisture with the objective to reduce the spatial scale disparity between the 

satellite soil moisture products (i.e., 25- to 50-km resolution) and in-situ soil moisture 

measurements (i.e., in the order of few centimeters) often for purpose of validation of satellite 

soil moisture. However, subsequent use of downscaled satellite passive microwave soil moisture 

product for hydrometeorological applications is still at its early stage.  

Previous studies have focused on the assimilation of the original resolution (i.e., roughly 40-

km) satellite passive microwave soil moisture products often for improving soil moisture 

estimation, whereas the studies that have focused on the assimilation of satellite soil moisture 

into hydrological models for improving the streamflow simulation and forecasting are relatively 

few (Abbaszadeh et al., 2020; Le et al., 2022). Ironically, they come-up with contrasting results. 

These contrasting results suggest the need for further investigations to clearly determine the 

impact of assimilation of the original and downscaled satellite passive microwave soil moisture 

on the streamflow simulation and forecasting under a broad range of land surface and hydro-

climatic conditions. Especially, as stated before, the impact of assimilation of downscaled 

satellite passive microwave soil moisture on the model prediction has not yet been thoroughly 

explored. 

Hence, based on the above insights, the main research question of this thesis is: Will the  

downscaling and subsequent assimilation of downscaled satellite passive microwave soil 

moisture to different spatial resolutions (i.e., 1, 3 and 9-km) into a distributed hydrological 

model improve the streamflow simulation and forecasting? 

1.3  Objectives 

Given the available low-resolution satellite passive microwave soil moisture products and a 

growing need for their incorporation into hydrological models, the main objective of this thesis 

is to downscale the coarse-spatial resolution SMAP soil moisture products into a range of spatial 

resolutions and subsequently assimilate into a physically-based distributed hydrological model 
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for the purpose of improving streamflow simulation and forecasting. It is accompanied by three 

specific objectives: 

1) To enhance the spatial resolution of the SMAP soil moisture products through spatial 

downscaling; 

2) To explore the utility of spatially downscaled SMAP soil moisture products in improving 

streamflow simulation and forecast skills; 

3) To evaluate the value of merged SMAP/in-situ soil moisture in improving streamflow 

forecast skills. 

1.4  Original contributions 

The originality of this thesis primarily lies in the assimilation of the downscaled SMAP soil 

moisture into a hydrological model. Hitherto, many studies have assimilated the original 

resolution SMAP soil moisture into different hydrological models and similarly other studies 

have made significant efforts in the downscaling of the SMAP soil moisture. Nonetheless, 

regardless of the many downscaling efforts, subsequent assimilation of the downscaled SMAP 

soil moisture products into hydrological model for improving its prediction skills have not yet 

been thoroughly explored. Thus, distinctively from previous studies, this thesis focuses on 

assimilation of downscaled SMAP soil moisture to a range of spatial resolutions (e.g., 1-, 3-, 

and 9-km) into a physically-based distributed hydrological model for improving streamflow 

simulation and forecasting. 

The originality of this thesis also lies in the downscaling of SMAP soil moisture products. This 

study uses high-resolution land surface variables derived from the Sentinel-1 SAR along with 

those derived from the optical sensors of MODIS for downscaling of the SMAP soil moisture 

using ML technique as opposed to most of the previous downscaling studies which mainly relies 

only on land surface variables and indices derived from the optical sensors. 

1.5  Thesis structure 

This thesis is composed of seven chapters. The first chapter (Chapter 1) introduces the 

background and objectives of the thesis. Chapter 2 presents an extensive review of literature 

pertaining to soil moisture importance and measurements, satellite soil moisture downscaling 

techniques and the role of soil moisture in improving hydrological model predictions. Chapter 
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3 describes the study area watersheds, datasets characteristics, and the downscaling method and 

framework used in this study. The downscaling of the SMAP soil moisture over the study area 

is presented in Chapter 4. A set of downscaling experiments conducted is presented in this 

chapter. This work has been published in the Remote Sensing journal. Chapter 5 presents the 

second article, submitted to Journal of Hydrology: Regional Studies, which focuses on the 

assimilation of downscaled and native resolution SMAP soil moisture into hydrological model. 

In this chapter, a suite of experiments and procedure of implementations is presented. Chapter 

6 presents the third article, submitted to Hydrology journal (MDPI), which deals with merging 

of the SMAP and in-situ soil moisture for taking advantage of both data sources. The merged 

product is then used for updating the hydrological model to improve the streamflow forecast. 

Conclusions of the thesis and recommendations for future directions are discussed in Chapter 

7. 
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Chapter 2     LITERATURE REVIEW 

This chapter outlines the previous research studies devoted to soil moisture measurements and 

their applications. It begins with the general overview of the importance of soil moisture in the 

Earth system, followed by the description of soil moisture measurement techniques and the 

downscaling methods commonly used for enhancing the spatial resolution of remotely sensed 

soil moisture products. In the end, the benefit of remotely sensed soil moisture products for 

hydrological applications is presented. 

2.1  Soil moisture importance and measurement 

Soil moisture represents the water held in the pore space of the soil in a shallow layer of the 

Earth’s upper surface (i.e., roughly up to the top 200 cm). It is very small in quantity compared 

to the total available global fresh water, yet plays a paramount role in the Earth system by 

controlling the exchange of water, energy and biogeochemical fluxes between the land surface 

and the atmosphere (Entekhabi, 1995; Seneviratne et al., 2010a). In the terrestrial water cycle, 

soil moisture regulates the fractionation of the incoming precipitation into surface runoff and 

infiltration, thereby modulating the magnitude of streamflow and ground water recharge. 

Similarly, soil moisture controls the partitioning of the incoming radiation energy into sensible 

and latent heat fluxes. In addition, a wide range of operational hydrometeorological and 

agricultural applications including weather forecasting, hydrological forecasting, crop yield 

forecasting and irrigation scheduling is heavily dependent on the soil moisture (Brocca et al., 

2016; Peng et al., 2021). 

Soil moisture is highly variable both spatially and temporally depending on the soil properties 

(e.g., texture and structure), surface topography, land cover and atmospheric forcing (Crow et 

al., 2012). Hence, characterization of its spatial and temporal variability has fundamental 

importance to better comprehend its role in the Earth’s hydrological, energy and biogeochemical 

cycles and as well as in operational hydrological and agricultural applications. There are three 

common soil moisture estimation methods, which help in the characterization of the spatio-

temporal variability of soil moisture. These are:1) in-situ measurements, 2) hydrological and 

land surface models and 3) remote sensing. 
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2.1.1  In-situ soil moisture measurements 

The in-situ measurements provide soil moisture estimate at a point scale with a high-temporal 

resolution across the vertical soil profile. They generally can be divided into two broad 

categories: direct and indirect approaches. The direct approach involves direct estimation of soil 

moisture using the gravimetric method, which is the oldest and most reliable method. The soil 

moisture estimation by this method is based on weighting the difference of a soil sample before 

and after oven dried at approximately 105 0C for 24 hours (Dobriyal et al., 2012; Petropoulos et 

al., 2015). In contrast, the indirect approach measures soil moisture surrogate variables such as 

soil permittivity and capacitance instead of soil moisture content. These variables are then 

related to volumetric soil moisture content based on a predetermined physical or empirical 

relationships called calibration curves (Dobriyal et al., 2012; Vereecken et al., 2008). Many of 

the examples of indirect methods are probe based such as neutron probes, time domain 

reflectometry (TDR), frequency domain reflectometry (FDR) and tensiometer. 

Compared to the indirect approach, the direct approach is economical, accurate, and often used 

as a standard to which the indirect approach is calibrated. However, it is laborious and time- 

consuming since it involves series of tasks including taking samples from the field by auger, 

transporting to the laboratory, weighting the sample and then waiting for several hours after 

putting the sample in the oven until all the moisture is removed through evaporation. In addition, 

its destructive nature makes it impossible to frequently measure soil moisture at the same 

location or on the same soil sample (Zazueta & Xin, 1994). On the other hand, the indirect 

approach has advantages such as high frequency of sampling because of the shorter response 

time of the sensors. In addition, it is not destructive and repetitive measurements on the same 

location or sample is possible (Muñoz-Carpena, 1969). However, this approach can be time 

consuming and costly to implement over a larger area. 

During the last decades, many efforts have been made to establish in-situ soil moisture networks 

in different parts of the globe, for example, OZNET in Australia (Young et al., 2008), 

REMEDHUS in Europe (Martínez-Fernández & Ceballos, 2005), USDA-ARS in the United 

States (Jackson et al., 2010), McMaster Mesonet in Ontario, Canada (Kornelsen & Coulibaly, 

2013), BERMS and Kenaston sites, Saskatchewan, Canada (Magagi et al., 2013) and RISMA 

in Manitoba, Canada (Ojo et al., 2015), to capture the spatial and temporal variability of soil 
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moisture over a large area. However, most of these networks lack spatial density to accurately 

characterize the spatial variability of soil moisture at a scale required for hydrological 

applications (Dorigo et al., 2011), and establishing such networks over a larger area, for example 

at the watershed scale, is deemed costly and time consuming.  

Overall, in-situ measurements offer an accurate estimate of soil moisture and still they are the 

backbone for the validation of model and remote sensing-based soil moisture data and for local 

hydrological and agricultural studies and applications. However, it is still challenging to 

measure the spatial and temporal distribution of soil moisture at regional and global scale using 

ground-based instrumentation. For this reason, over the last decades, a number of model and 

satellite remote sensing-based soil moisture estimation approaches have become increasingly 

available. 

2.1.2  Hydrological and land surface models  

Hydrological and land surface models offer an advantage of soil moisture estimation at different 

layers of soil profile across a large area ranging from the watershed scale to the continental scale 

with daily or sub-daily temporal resolution. Hydrological models, notably the physically-based 

distributed models, provide temporally continuous and spatially complete soil moisture at 

different layers based on water budgets. Typical examples of these models include HYDROTEL 

(Fortin et al., 2001), SWAT (Arnold et al., 2012) and WRF-Hydro (William et al., 2017). 

Alternatively, Land Surface Models (LSM) estimate the spatial distribution of soil moisture on 

regular grids on the basis of water and energy balance principles. Examples of these models 

include the Canadian Land Surface Scheme (CLASS) (Verseghy, 1991), the Interaction Soil 

Biosphere Atmosphere (ISBA) (Noilhan & Mahfouf, 1996) and the Biosphere-Atmosphere 

Transfer Scheme (BATS) (Dickinson et al., 1993). 

Although models are a viable alternative source of soil moisture, they are heavily dependent on 

model parameterization, the representation of soil hydraulic properties in the model and the 

quality of meteorological forcing. The representation of soil hydraulic properties involves taking 

into account horizontal and vertical variation of soil properties (e.g., texture and structure) and 

representing the easiness with which water moves through the soil. This in turn affects the 

quality of simulated soil moisture and therefore, their sole use notably for operational 
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applications should be based on caution. A number of studies have attempted to improve soil 

moisture estimated by model through merging with satellite soil moisture observation based on 

data assimilation techniques (Crow et al., 2017b; Lievens et al., 2017; Reichle, 2008). For 

example, Lievens et al. (2017) found improvement in soil moisture estimation after joint 

assimilation of the Sentinel-1 and SMAP soil moisture into the NASA Catchment Land Surface 

Model. Similarly, Renzullo et al (2014) assimilated AMSR-E and ASCAT-derived soil moisture 

products into the landscape model of the Australian Water Resources Assessment system 

(AWRA-L) to improved root-zone moisture estimation. Their results indicated improvement in 

the root-zone soil moisture estimates. 

2.1.3  Remote sensing 

Remote sensing is becoming the most viable technique for soil moisture estimation due to 

advantages such as a wider spatial coverage with decent temporal resolution (i.e., 2 to 3 days 

especially for the L-band passive microwave satellites such as SMAP). Remote sensing is 

generally based on measuring of emitted and/or reflected electromagnetic radiation from the 

terrestrial surface/near-surface (Palace et al., 2008). The different types of emitted and/or 

reflected energy forms electromagnetic spectrum, which ranges from the shorter wavelength 

(e.g., gamma and x-rays) to longer wavelength (e.g., microwave and radio wave)  

 

 

 

Figure 2.1 Electromagnetic spectrum range suitable for soil moisture retrieval (adapted from 

mynasadata. https://mynasadata.larc.nasa.gov/) 

The optical (i.e., visible and near infrared), thermal (e.g., middle-wave infrared (MWIR) and 

long-wave infrared (LWIR)) and microwave are regions of electromagnetic spectrum with a 

demonstrated success in soil moisture retrieval (Figure 2.1). Notably, the microwave region of 

the spectrum at lower frequency is a region of greatest interest for soil moisture retrieval (Njoku 
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& Entekhabi, 1996; Schmugge et al., 1986). A brief overview of their theoretical background, 

advantages and disadvantages is presented in the following subsections, yet their comprehensive 

reviews can be found in Babaeian et al. ( 2019), Li et al. (2021) and Petropoulos et al. (2015). 

Optical and thermal-infrared remote sensing 

The optical remote sensing measures the reflectance from the Earth surface from which soil 

moisture can be estimated based on empirical relationships. Many studies have come up with 

contrasting results regarding the relationship between soil reflectance and soil moisture. While 

most of these studies have highlighted the linear relationship between soil moisture and 

reflectance, some other studies demonstrated nonlinear relationships. For instance, Lobell and 

Asner (2002) found a negative linear relationship between reflectance and soil moisture over 

bare soil, whereas Weidong et al. (2002) found a varying relationship depending on soil moisture 

level, notably for typical agricultural conditions. For example, for low soil moisture level they 

found  negative relationship, whereas for higher soil moisture level after certain critical point 

which ranges between 0,15 to 0,40 g/cm3 they found positive relationship between soil moisture 

and the reflectance. Moreover, Nocita et al. (2013) found a nonlinear relationship between the 

two variables. In the end, it is worth mentioning that most of these studies were conducted on 

bare soil. 

On the other hand, over vegetated areas, the direct estimation of soil moisture is not possible as 

the observed reflectance describes the change in color and canopy water content of vegetation 

instead of the soil moisture variation. Therefore, soil moisture is indirectly estimated from 

empirical spectral vegetation indices such as Normalized Difference Vegetation Index (NDVI) 

(Rouse et al., 1974), Normalized Difference Water Index (NDWI) (Gao, 1996) and Crop Water 

Stress Index (CWSI) (Xiao et al., 1994), which are basically derived from a combination of the 

spectral reflectance of two or more bands of optical remote sensing satellite sensors such as 

MODIS. 

Apart from optical remote sensing, thermal-infrared remote sensing has been widely used for 

estimation of soil moisture based on the thermal properties of soil. It measures the thermal 

emission of the Earth surface from which the land surface temperature can be estimated. The 

land surface temperature can then be used to estimate soil moisture either solely using the 
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thermal inertia method or in combination with vegetation indices using the 

temperature/vegetation index method (Wang & Qu, 2009; Zhao & Li, 2013).  

The thermal inertia method is based on empirical relationships between diurnal temperature 

change and soil moisture (Wang & Qu, 2009), whereas the temperature/vegetation index method 

is based on a relationship between land surface temperature and vegetation indices (Li et al., 

2021). The most well-known example of the temperature/vegetation index method is the 

universal triangle concept (Carlson et al., 1995; Petropoulos et al., 2009), which is a feature 

space with a shape of triangle formed from the scatterplot of land surface temperature and 

vegetation indices. The basis for this method is the sensitivity of soil moisture to land surface 

temperature over a range of land surface conditions. 

Optical and thermal remote sensing have the advantages of high-spatial resolution, relatively 

mature technology, and availability of multi-bands observations. On the other hand, their main 

disadvantages include limited capability to penetrate through cloud and vegetation canopy, high 

attenuation by the atmosphere, shallow penetration depth of the land surface (i.e., in the order 

of few millimeters), and requirement of in-situ measurements to develop empirical relationships 

between reflectance and soil moisture (Li et al., 2021; Petropoulos et al., 2015). Moreover, 

confounding factors such as organic matter content and physical properties of soil could make 

interpretation of the relationship between soil moisture and soil reflectance more difficult 

(Bowers & Hanks, 1965; Sharma et al., 2018). 

Microwave remote sensing 

Microwave (MW) remote sensing measures emitted and reflected electromagnetic radiation 

from the surface and near-surface of the Earth. It relies on part of the electromagnetic spectrum 

with frequency ranging from 0,3 to 300 GHz (or 1 mm to 100 cm in terms of wavelength). From 

this range, the frequency bands designated with letters such as L (1-2 GHz), C (4-8 GHz), and 

X (8-12 GHz) are the most appealing bands for soil moisture retrieval. This is because of their 

high sensitivity to variations of the dielectric constant (or relative permittivity) of the soil as a 

function of the variation of moisture content of the soil. In addition, their capability to penetrate 

through clouds and to a varying degree vegetation canopy makes them attractive, notably at L-
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band (Njoku & Entekhabi, 1996). It can be classified into active (radar, scatterometer) and 

passive (radiometer) depending on their mode of operation. 

Active Microwave remote sensing 

Active microwave remote sensing sensors relies on their own source of energy to illuminate the 

Earth surface and measure the backscattered signal (Barrett et al., 2009). They are generally 

categorized into imaging and non-imaging sensors. Imaging sensors such as synthetic aperture 

radar (SAR) have the capability to estimate soil moisture with a spatial resolution in the order 

of meters to tens of meters, whereas non-imaging sensors such as the scatterometers (e.g., 

ASCAT) are originally designed to measure wind speed and direction, but their potential for 

soil moisture retrieval has been also proven (Magagi & Kerr, 1997; Wagner et al., 1999). 

The backscattered signal from the land surface and near-surface is strongly dependent on the 

dielectric properties of the soil and other perturbing factors such as surface roughness and 

vegetation. Because active sensors at X, C and L-band have rather low signal penetration depths, 

they can only sense surface soil moisture, from 1-3, 3-5 and 5-10 cm depths respectively, 

depending on if the soil is dry/moist (higher/lower penetration depths). Surface roughness 

causes the incident energy from the radar to be scattered in many directions and affects the 

amount that returns to the radar sensor.  

On the other hand, vegetation affects the signal by absorbing and scattering part of the incident 

energy from the radar. It also attenuates the reflected energy from the soil surface. Ideally, 

removal of the contribution of surface roughness and vegetation from backscattering signal is 

important so that soil moisture can solely retrieved, but their removal is difficult and 

complicated (Kolassa et al., 2013). This is because of the difficulties associated with the 

parameterization of surface roughness and vegetation. Also, dense vegetation may almost 

completely mask the backscattered signal from the underlying ground surface, thereby making 

it impossible retrieving soil moisture.  

Many studies have suggested the optimum configuration of sensor parameters for the optimal 

retrieval soil moisture while minimizing the impact of surface roughness and vegetation (Barrett 

et al., 2009). For instance, Rao et al. (1993) found better estimate of soil moisture using 

multifrequency measurements instead of single frequency. In addition, Chen et al. (1995) found 
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a reduced effect of surface roughness by making use of co-polarization ratios (HH/VV). 

Moreover, there is a general agreement from several studies that low incidence angle, low 

frequency (e.g., L-band), and either HH or VV polarization are the optimal set of sensor 

parameters for soil moisture retrieval (Barrett et al., 2009).  

In addition, currently there is a great deal of interest in the use of polarimetric decompositions 

for retrieval of soil moisture from synthetic aperture radar sensors (SAR). This approach 

involves acquisition of SAR imagery using various and multiple polarization configurations and 

allows separation of contribution of different scattering mechanisms (Hajnsek et al., 2009; 

Pasolli et al., 2012; Wang et al., 2017). For example, Pasolli et al., (2012) retrieved soil moisture 

using polarimetric images derived from RADARSAT-2 in HH and HV polarizations over alpine 

meadows and pastures of Mazia Valley, South Tyrol, Italy. 

Over the last decades, many soil moisture retrieval algorithms have been proposed to retrieve 

soil moisture from active microwave sensors and they are generally grouped into theoretical, 

empirical and semi-empirical models (Kornelsen & Coulibaly, 2013). Theoretical models 

simulate the backscatter coefficient from the dielectric constant of the soil, surface roughness 

and radar configurations and afterwards soil moisture is estimated by mathematical inversion of 

these models. The Integral Equation Model (IEM) is a typical example of such models. In 

general, theoretical models have a physical basis which makes them robust and applicable over 

a wide range of land surface conditions. Nevertheless, their application is limited, because of 

their complexity, large input data requirement, and high sensitivity to surface roughness 

(Petropoulos et al., 2015). 

Alternatively, the empirical method is based on an empirical relationship between soil moisture 

and radar backscatter coefficients. Many studies have reported a linear relationship between the 

two (Kelly et al., 2003; Shoshany et al., 2000), whereas few studies have found a nonlinear 

relationship (Paloscia et al., 2013; Tomer et al., 2015). The models proposed by Oh et al. (1992) 

and Dubois et al. (1995) are the most widely known empirical models.  Overall, this method is 

simple, but it is site specific and therefore not transferable to other places. In addition, it lacks 

physical basis and requires a good quality of in-situ soil moisture measurements for its 

calibration, which is often scarce (Karthikeyan et al., 2017).  
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Semi-empirical models combine the strength of empirical and theoretical models. This is simply 

to say that semi-empirical models have some physical basis while relying on experimental data. 

The main advantage of these models is that they are not site specific as far as the sites are within 

prescribed limits of the models. They are often valid over a bare to sparsely vegetated surface, 

but in more vegetated areas the semi-empirical water cloud model proposed by Attema and 

Ulaby (1978) can be an attractive option for soil moisture retrieval. 

Passive Microwave remote sensing 

Passive microwave remote sensing sensors (i.e., radiometers) measure the emitted energy from 

the land surface in the form of brightness temperature, which is proportional to the product of 

emissivity and the physical temperature of the emitting surface (Schmugge et al., 1986). They 

are widely recognized as a superior alternative for soil moisture retrieval notably at lower 

frequencies (e.g., L and P bands) because of their strong sensitivity to soil moisture dynamics 

(Njoku & Entekhabi, 1996; Schmugge et al., 1986). In addition, at these frequencies they have 

good capability to penetrate through cloud and vegetation canopy (at low to moderate vegetation 

density). Above all, the signal-to-noise ratio is high for these kind of sensors at lower 

frequencies which make them even more attractive for good quality soil moisture retrieval than 

the active microwave sensors. 

Contrary to active sensors such as SARs, passive microwave remote sensing products are 

characterized by much coarser spatial resolution. This is mainly because of the low energy 

emission at lower frequencies which leads passive microwave sensors to look at larger field of 

view to detect this emission from the land surface resulting in coarse-spatial resolution 

(Karthikeyan et al., 2017). It is also important to note that they only measure near-surface soil 

moisture (i.e., roughly 5 to 10 cm for L-band sensors). 

Similar to the active microwave sensors, the observed signal by passive microwave radiometers 

is affected by the land surface conditions such as surface roughness and vegetation, which means 

that over the bare soil, the sensitivity of the signal to soil moisture variation is higher, but with 

the presence of surface roughness and vegetation this sensitivity is reduced. Nevertheless, a 

number of theoretical and empirical studies have suggested that at lower frequency bands the 

influence of vegetation and surface roughness is greatly lessened (Njoku & Entekhabi, 1996; 

Petropoulos et al., 2015).  
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Soil moisture retrieval from passive microwave remote sensing involves two general steps. The 

first one involves relating the brightness temperature with the dielectric constant of the soil using 

the radiative transfer model (RTM), whereas the second step involves the use of dielectric 

mixing models to estimate soil moisture from the dielectric constant of the soil. However, the 

implementation of these steps varies depending on the land surface conditions such as bare soil 

and vegetation. 

Over a bare and smooth soil, the thermal emission (i.e., in the form of brightness temperature 

TB) can be expressed as the product of emissivity (e) and the physical temperature of soil surface 

(Ts) (equation (2.1)): 

 𝑇𝐵 = 𝑒𝑇𝑠 = (1 − 𝑟𝑠)𝑇𝑠 
 

(2.1) 

where TB is brightness temperature and rs is soil reflectivity from smooth surface. The rs can be 

expressed using the Fresnel equations (equation (2.2)) as function of the dielectric constant of 

the soil (ε) and viewing angle (θ) (Landau et al., 1961) : 
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                (2.2) 

where 𝑟𝑠
𝐻 and 𝑟𝑠

𝑉 is reflectivity from smooth surface at horizontal and vertical polarizations, 

respectively. 

In reality, natural soil surfaces are not generally smooth and therefore the soil roughness should 

be considered during the estimation of the surface reflectivity. Hence, a semi-empirical models 

formulated by Wang and Choudhury (1981) and shown in equations (2.3) and (2.4) are widely 

used to estimate the reflectivity from a rough soil surface (rr) as a function of the reflectivity of 

a smooth surface (rs), polarization mixing ratio (Q), and roughness parameter which 

characterizes surface roughness height (h). 
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where 𝑟𝑟
𝐻 and 𝑟𝑟

𝑉 are the reflectivity from a rough surface at horizontal and vertical polarizations, 

respectively. 

 A more robust model which considers the effect of vegetation such as absorption, attenuation 

and scattering on the emission is needed over a vegetated land surface. In this context, a zero 

order RTM has been widely applied and can be formulated as in equation (2.5): 

 𝑇𝐵𝑃 = (1 − 𝜔𝑃)(1 − 𝛾𝑝)(1 + 𝛾𝑝𝑟𝑠𝑝 )𝑇𝑐 + (1 − 𝑟𝑠𝑝)𝛾𝑝𝑇𝑠                  (2.5) 

where Ts and Tc are the effective soil and vegetation canopy temperatures, p is either horizontal 

(H) or vertical (V) polarization, rsp is the soil reflectivity, ωp is the single scattering albedo, and 

γp is the vegetation attenuation factor which can be obtained from the optical depth (𝜏𝑝) and 

viewing angle (𝜃) using equation (2.6): 

 
𝛾𝑝 = 𝑒

(−
𝜏𝑝

𝑐𝑜𝑠𝜃
)
                        (2.6) 

The optical depth in the equation (2.6) can be estimated using equation (2.7) (Jackson and 

Schmugge (1991)): 

 𝜏𝑝 = 𝑏 𝑉𝑊𝐶                        (2.7) 

where b is a proportionality value which can be obtained from land cover-based look-up table 

and VWC is vegetation water content. 

In general, the RTM is a premise for soil moisture retrieval algorithms of several passive 

microwave missions. For example, the single channel algorithm (SCA) of SMAP, the L-band 

Microwave Emission of the Biosphere (L-MEB) Model of SMOS and the land parameter 

retrieval model (LPRM) of AMSR2 are all dependent on the RTM.  

Following the simulation of brightness temperature by the RTM, a dielectric mixing model is 

used to estimate soil moisture from the dielectric constant of the soil. The large contrast in the 

dielectric constant of dry and wet soil is the theoretical basis for dielectric mixing models. In 

addition, they are heavily dependent on soil textural information such as porosity, and 

percentage of clay and sand content of the soil. There are a number of dielectric mixing models 

including the Wang and Schmugge model (Wang & Schmugge, 1980), the Dobson model 

(Dobson et al., 1985) and the generalized refractive mixing dielectric model (Mironov et al., 
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2004). These models have been used in different passive microwave satellite missions. For 

example, the Wang and Schmugge model has been used in the SMAP soil moisture retrieval 

algorithm, whereas the Dobson model has been used in the AMSR-E/2 soil moisture retrieval 

process. 

2.2  Enhancing the spatial resolution of passive MW soil moisture  

Many of hydrometeorological and agricultural applications require soil moisture information at 

high-spatial resolution (e.g., at kilometer or sub-kilometer scale) and with good quality, but none 

of the abovementioned remote sensing techniques fulfill these requirements (Peng et al., 2021; 

Sabaghy et al., 2018). For example, optical/thermal sensors have the capability to estimate soil 

moisture at high-spatial resolution, but can be highly affected by the presence of clouds, dense 

vegetation and surface roughness. Similarly, SAR sensors, e.g., onboard Sentinel-1A/B, have 

presented an unprecedented opportunity in terms of providing of soil moisture at high-spatial 

resolution (i.e., in the order of tens of meters), but are profoundly affected by land surface 

characteristics such as vegetation canopy and roughness. On the other hand, satellite passive 

microwave radiometers, notably at L-band, provide soil moisture relatively with a decent 

temporal resolution (i.e., 2 to 3 days), but at coarse-spatial resolution ranging from 25 to 50-km. 

Despite of these limitations, several efforts have been made to produce soil moisture maps at 

high-spatial resolution either through direct retrieval or spatial downscaling. Direct retrieval 

entails retrieval of soil moisture at high-spatial resolution notably from SAR sensors such as 

Sentinel-1 and RCM, which are currently the most prominent for generation of soil moisture at 

high-spatial resolution. A number of studies have attempted to retrieve soil moisture from 

Sentinel-1 at the field or the watershed scale with a broad range of land surface and hydro-

climatic conditions. For example, Balenzano et al. (2021) have successfully retrieved soil 

moisture from Sentinel-1A at 1-km resolution over Yanco (New South Wales, Australia) and 

Little Washita (Oklahoma, USA) watersheds. Similarly, Hajji et al. (2017) retrieved soil 

moisture at 1-km resolution from Sentinel-1A over the Occitanic region of France. 

An alternative approach to the direct retrieval is spatial downscaling, which involves 

disaggregation of the coarse resolution satellite passive microwave soil moisture products using 

high-resolution land surface and atmospheric variables (e.g., land surface temperature, and 
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vegetation indices) derived from multi-sources including optical, thermal, radar and/or passive 

sensors. There are a host of downscaling techniques, which are generally classified as optical, 

radar and radiometer-based downscaling based on the source of high-resolution land surface 

variables used for downscaling. In addition, there are emerging downscaling techniques such as 

ML and data assimilation techniques (Peng et al., 2017; Sabaghy et al., 2018). Among these 

approaches, optical/thermal-based downscaling was identified as the most widely applied 

technique based on a review of studies conducted by Sabaghy et al. (2018) in different regions 

of the world under varying land surface and hydro-climatic conditions. Similarly, they found 

that radar-based downscaling and ML models are the two most promising approaches for soil 

moisture downscaling. These downscaling techniques are briefly described in the following sub-

sections. 

2.2.1 Optical/thermal based downscaling 

The optical/thermal based downscaling entails disaggregation of the coarse-resolution satellite 

passive microwave soil moisture products such as SMOS and SMAP using high-resolution land 

surface variables retrieved from the optical and thermal sensors such as MODIS. This 

downscaling technique generally relies on the universal triangular/trapezoidal feature space 

established between vegetation indices and land surface temperature over heterogeneous land 

surfaces (Carlson, 2007; Moran et al., 1994). There are different varieties of optical/thermal 

based downscaling such as polynomial fitting, weighting factor, and physically-based 

downscaling methods. 

The polynomial fitting downscaling technique involves establishing the polynomial function 

between the coarse-resolution satellite soil moisture and upscaled high-resolution land surface 

variables (i.e., aggregated to resolution of satellite soil moisture). The calibrated function at 

coarse-resolution is then applied to predict soil moisture at high-spatial resolution from high-

spatial resolution land surface variables by assuming that the developed function is spatial scale 

invariant. 

A number of studies have applied polynomial fitting technique to downscale SMOS (Piles et al, 

2016; Piles et al., 2011; Sánchez-Ruiz et al., 2014), AMSR-E (Choi & Hur, 2012), Special 

Sensor Microwave Imager (SSM/I) (Chauhan et al., 2003), ASCAT (Montzka et al., 2017) to 1-
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km or less using high-resolution land surface variables and indices derived from MODIS 

(onboard Aqua and Terra satellites), ASTER (Terra), TM (Landsat) or SEVIRI (Meteosat 

Second Generation - MSG) 

The polynomial fitting technique is easy to apply with minimum data requirement, but its 

application is limited to bare and sparsely vegetated surfaces. In addition, its input can be 

affected by cloud hampering the generation of seamless soil moisture data. However, the use of 

geostationary satellites can alleviate this problem. For example, Zhang and Li (2013) and Piles 

et al (2016) disaggregated AMSR-E and SMOS soil moisture to 5- and 3-km, respectively, using 

MSG-SEVIRI radiometer data which enabled them to generate both spatial and temporally 

continuous soil moisture. However, MSG-SEVIRI provide data only for four specific regions 

(Europe, North Africa South Africa, and South America). 

Alternatively, the weighting factor technique determines the variability of soil moisture in the 

grid cell of the coarse-resolution satellite passive microwave soil moisture using the soil wetness 

index developed at high-spatial resolution(Kim & Hogue, 2012a). In other words, this index is 

used as the scaling factor after normalizing by the mean of high-resolution soil wetness index 

in the coarse grid cell of satellite passive microwave soil moisture. The normalized soil wetness 

index is then multiplied with the coarse resolution satellite soil moisture to generate soil 

moisture at high-spatial resolution as shown in equation (2.8):  

where SM is soil moisture and SWI soil wetness index 

Several studies have applied this technique to downscale satellite passive microwave soil 

moisture. For instance, Kim & Hogue (2012b) downscaled AMSR-E soil moisture from 25- to 

1-km using a soil wetness index named as UCLA. Their method improved the spatial detail of 

AMSR-E soil moisture, but with high uncertainty over densely vegetated areas. Similarly, Peng 

et al. (2015) downscaled the European Space Agency Climate Change Initiative (ESA CCI) soil 

moisture product from 25- to 5-km using the Vegetation Temperature Condition Index (VTCI). 

They demonstrated the feasibility of the method in downscaling of CCI soil moisture and 

suggested further application of the method in different land surface and climate conditions. 

 𝑆𝑜𝑖𝑙 𝑚𝑜𝑖𝑠𝑡𝑢𝑟𝑒𝑓𝑖𝑛𝑒 𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 = 𝑆𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒 𝑆𝑀𝑐𝑜𝑎𝑟𝑠𝑒     𝑥
𝑆𝑊𝐼𝑓𝑖𝑛𝑒 𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝑆𝑊𝐼̅̅ ̅̅ ̅̅
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The weighting factor approach is simple to apply and requires minimum input data, yet the 

output of this method is highly dependent on the quality of soil moisture to be downscaled and 

the accuracy of the scaling factor. In addition, it is difficult to generate spatio-temporally 

continuous soil moisture because of the effect cloud and its application is limited from bare to 

sparsely vegetated areas. 

The other popular variant of Optical/thermal based downscaling is Disaggregation based on 

Physical And Theoretical scale Change (DisPATCh) (Merlin et al., 2012). This technique has a 

physical basis in contrast to the abovementioned techniques. It uses the soil evaporative 

efficiency (SEE) derived from the universal trapezoid concept to downscale satellite passive 

microwave soil moisture products. For example, Merlin et al. (2012) have successfully applied 

this approach to downscale SMOS soil moisture from 40- to 1-km over semi-arid area located 

in Australia. They found that the DisPATCh algorithm performance varies based on the season. 

For instance, for summer season they found correlation of about 0,7 whereas during winter it 

dropped to zero, which might be attributed to lower coupling between evaporation and soil 

moisture. 

Similarly, Djamai et al. (2015) applied the same algorithm to evaluate its performance under 

wet condition over agricultural site in the Canadian Prairies, near Kenaston. They found 

improvement in the spatial details of soil moisture with a correlation of 0,7 against in-situ soil 

moisture, yet they stated the difficulty in finding an optimum area over which atmospheric 

condition is uniform for the estimation of maximum and minimum temperature in SMOS pixel, 

which in turn affects the estimation of SEE and thereby affecting the soil moisture downscaling 

process. This is possibly because of the low spatial variability of soil moisture over wet areas. 

Overall, the optical\thermal based downscaling has the advantage of using high-resolution 

auxiliary variables derived from the optical\thermal remote sensing (e.g., MODIS, TM) for 

downscaling of satellite passive microwave soil moisture. In the same manner, it is simple and 

relies only on few inputs, e.g., vegetation index and land surface temperature. However, the 

optical\thermal remote sensing signal can be contaminated by cloud and vegetation cover. This 

affects the quality of as well as the spatial and temporal continuity of auxiliary variables derived 

from them, which in turn reduces the possibility of generating spatio-temporally seamless 

downscaled passive microwave soil moisture with the desired quality. In addition, the 
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optical/thermal based downscaling does not take into account other factors, which affect the 

spatial heterogeneity of soil moisture, such as topography, soil properties and meteorological 

forcing, such as precipitation. Furthermore, its application is limited to areas with uniform 

meteorological forcing and heterogeneous land cover with bare to low vegetated areas.  

2.2.2  Radar-based downscaling 

Radar-based downscaling uses high-resolution observations derived from Synthetic aperture 

radar (SAR) to downscale the coarse resolution satellite passive microwave soil moisture 

products. A well-known example of this approach is the SMAP baseline downscaling algorithm 

(Das et al., 2011) developed during the preparation for launch of NASA’s SMAP mission which 

aimed to downscale the coarse-resolution (36-km) SMAP radiometer observations (i.e., 

brightness temperature) to an intermediate resolution (9-km) using high-resolution (3-km) radar 

observations (i.e., backscatter coefficient). The downscaled brightness temperature at 9-km is 

then inverted to estimate soil moisture using a forward RTM model. It must be recalled that the 

SMAP radiometer and radar are on the same platform. Unfortunately, the SMAP radar became 

inoperable on July 7th, 2015. Following the failure of the SMAP’s L-band radar, a successful 

attempt was made to use Sentinel-1 C-band SAR images for continuation of the generation 

medium resolution soil moisture knowns as the SMAP\Sentinel-1 soil moisture using the same 

algorithm (i.e., SMAP baseline algorithm). 

The global validation of the SMAP\Sentinel-1 soil moisture with in-situ measurements retrieved 

from ISMN indicated satisfactory results across a range of land surface conditions, with 

exception of forested areas (Mohseni et al., 2022). They also found that SMAP radiometer soil 

moisture has better performance than the SMAP\Sentinel-1 soil moisture. Overall, the 

SMAP\Sentinel-1 soil moisture has low temporal resolution because of the longer revisit time 

of Sentinel-1 and its spatial coverage is limited to the area covered by Sentinel-1 images. 

Another method which is closely related with the SMAP baseline algorithm is the SMAP 

optional downscaling algorithm which directly downscales the SMAP radiometer soil moisture 

using the radar backscatter. In addition, the change detection method (Piles et al., 2009), the 

Bayesian framework (Zhan et al., 2006) and wavelet transformation (Gabriel & Virginia, 2017) 

are used for downscaling of satellite passive microwave soil moisture.  
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A number of studies have applied radar based downscaling techniques to downscale satellite 

passive microwave soil moisture and brightness temperature across a broad range of land and 

climatic conditions. For example, Wu et al. (2017) tested the baseline downscaling algorithm 

using airborne passive and active microwave observations collected over the arid landscape in 

Australia. They found that the accuracy of downscaled brightness temperature fulfills the 

requirements of the SMAP mission. Similarly, Li et al. (2018) applied wavelet transformation 

technique to downscale SMOS soil moisture from 40- to 25- and 1,25-km using Sentinel-1 SAR 

observations. 

Radar-based downscaling has the advantage of downscaling satellite passive microwave soil 

moisture at very finer resolution because of the high-spatial resolution of SAR observations (i.e., 

in the order of tenth of meters). In contrast to optical/thermal remote sensing, SAR is capable of 

penetrating through low to moderately vegetated areas notably at lower frequencies, thereby 

properly reflecting the sensitivity of backscatter to soil moisture which in turn helps in 

generation of good quality downscaled passive microwave soil moisture. 

However, this technique has limitations such as low temporal resolution because of the longer 

revisit time of radar unless both radiometer and radar are on the same platform like the SMAP 

mission, which is currently non-existent. In addition, the differences in radiometer and radar 

sensors properties such as frequencies and swath width are another limitation. For example, 

Sentinel-1 has C-band with swath width of 300-km, whereas SMAP radiometer has L-band with 

swath width of 1000-km. This difference limits the coverage of downscaled SMAP\Sentinel-1 

soil moisture to the area covered by Sentinel-1 SAR images. However, Sentinel-1 images can 

be mosaicked along flight direction because of temporal proximity of the images. This is 

applicable for small and medium sized watersheds which can be covered by Sentinel-1 images 

along the direction of flight. However, for large watersheds many Sentinel-1 images with 

different temporal gaps are needed to cover the entire watershed. Merging such images with 

long temporal gaps (e.g., 12 days) distorts the information intended to infer. 

Moreover, the success of the radar-based downscaling depends on land surface and hydro-

climatic conditions of the study area. For example, previous studies have successfully applied 

this method in low vegetated areas with arid and semi-arid climates such as Murrumbidgee river 

watershed (He et al., 2018; Wu et al., 2016) and Berambadi watershed (South India) (Tomer et 
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al., 2016). Similar studies have been conducted in areas dominated with agricultural crops e.g., 

Walnut creek watershed (Piles et al., 2009) and South of Ontario (Canada) (Li et al., 2018). 

However, still further studies are needed over a range of land surface and climate conditions 

such as over moderately to heavily forested area with humid climate. 

Finally, the increase in the temporal record of SAR observations such as Sentinel-1 greatly 

supports future studies which need longer time series of SAR observation for downscaling 

passive microwave soil moisture as opposed to previous studies which based on shorter temporal 

record of SAR images. 

2.2.3  Radiometric based downscaling 

The radiometer-based downscaling relies on the use of high-resolution observations derived 

from passive microwave sensor at higher frequencies for downscaling of the coarse-resolution 

satellite passive microwave soil moisture often retrieved at lower frequencies. A well-known 

example of this approach is the Smoothing Filter-based Intensity Modulation (SFIM). This 

method was often applied to the data derived from the AMSR-E sensor which is accompanied 

with a range of frequencies (e.g., 6,925, 10,65, 18,7, 23,8, 36,5, and 89,0 GHz).  

For example, De Jeu et al. (2014) downscaled the AMSR-E brightness temperature retrieved at 

lower frequency (6,9 GHz) with resolution of 56-km using high-resolution observation (11-km) 

retrieved at higher frequency (36,5 GHz). The downscaling was carried over the Australian 

Fitzroy watershed (Northeastern Australia), a watershed with sub-tropical and sub-humid 

climate and dominated by grass (78 %), using the Smoothing Filter-based Intensity Modulation 

(SFIM) method. The Land Parameter Retrieval Model (LPRM) algorithm was then used to 

retrieve soil moisture from the downscaled brightness temperature. They found that 

downscaling improved the spatial representation of soil moisture, yet they revealed that impact 

of precipitation on the observation at higher frequency affect the accuracy of the downscaled 

soil moisture.  

2.2.4  Machine learning based downscaling 

Machine learning (ML) is an essential part of artificial intelligence, which is totally data driven 

without relying on any physical basis (Xu & Liang, 2021). Recently, it received growing interest 
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in many disciplines including hydrology, agriculture, remote sensing and many others. Notably, 

in remote sensing, in recent years it has received remarkable attention in downscaling of the 

coarse-resolution geophysical and atmospheric variables such as satellite passive microwave 

soil moisture, precipitation and land surface temperature (Belgiu & Drăgu, 2016).  

ML has the capability to describe the complex non-linear relationship between soil moisture and 

soil moisture proxies such as land surface temperature, vegetation indices, topography and many 

others. Its basic implementation involves construction of a non-linear relationship at coarse-

spatial resolution between satellite soil moisture and upscaled high-resolution land surface 

variables. The model constructed at coarse-spatial resolution is then used to predict soil moisture 

at finer resolution using high-resolution land surface variables as input, on the condition that the 

constructed relationship is scale invariant. A number of studies have demonstrated the capability 

of different variants of ML techniques such as artificial neural network (ANN) (Alemohammad 

et al., 2018), classification and regression trees (CART)( Liu et al., 2020), gradient boosting 

decision tree (GBDT) ( Zhao et al., 2019), extreme gradient boosting (XGB) (Rao et al., 2022), 

and random forest (RF) (Abbaszadeh et al., 2019; Zhao et al., 2018) in the downscaling of 

satellite passive microwave soil moisture products. For example, Zhao et al. (2018) downscaled 

the SMAP L3 soil moisture from 36- to 1-km resolution over the Iberian Peninsula using the RF 

ML technique. Wei et al. (2019) downscaled the SMAP L3 soil moisture to 1-km resolution 

using the gradient boosting decision tree over Continental United States (CONUS). Similarly, 

Wen et al. (2021) downscaled the SMOS soil moisture from 40-to 1-km over an alpine 

mountains basin (Northwest of China), whereas Im et al. (2016) downscaled the AMSR-E soil 

moisture from 25- to 1-km resolution over two different regions with contrasting climate 

characteristics (Australia and South Korea ). 

A number of comparative studies have compared the performances of different variants of ML 

techniques. For example, Im et al. (2016) compared three ML techniques including random 

forest, boosted regression trees and Cubist over the entire country of South Korea and New 

South Wales (Australia). South Korea is dominated with forest land cover (80 %) followed by 

cropland (19 %), whereas New South Wales is dominated by shrub (64 %) followed by cropland 

(18 %) and forest (10 %). They found the outperformance of RF ML technique for both study 
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areas. In addition, they showed that the RF showed better results for New South Wales than that 

of South Korea. 

Similarly, Liu et al. (2020) compared six ML algorithms (i.e., ANN, BAYE, CART, KNN, 

SVM, RF) commonly used in the downscaling of satellite passive microwave soil moisture 

products. The study was carried over four selected locations across the globe with stable long-

time series of in-situ soil moisture measurements. These are Okalahoma Mesonet (OKM) in the 

south of the high plains of the Mississippi River Basin, REMEDHUS (REM) in the northern 

part of the Iberian Peninsula, the Naqu network (NAN) in southeastern margin of the Tibetan 

Plateau and OZNNET (OZN) in coastal plains of southeast Australia. All of these sites are 

dominated by cropland and grassland\shrubland and the study illustrated the superiority of the 

RF approach for all the sites. 

Many studies have used combination of land surface and atmospheric variables derived from 

different sources including MODIS, and SRTM for downscaling of the passive microwave soil 

moisture products (Abbaszadeh et al., 2019; Bai et al., 2019; Im et al., 2016; Zhao et al., 2018, 

2019). Interestingly, predictors derived from MODIS along with topographic derivatives 

extracted from SRTM DEM are the most widely used. For example, Zhao et al. (2018) used 

LST, NDVI, enhanced vegetation index (EVI), Albedo (ALB), leaf area index (LAI), and 

normalized difference water index (NDWI) as predictors for downscaling of the SMAP soil 

moisture retrievals. Similarly, Abbaszadeh et al. (2019) used precipitation, LST, elevation 

(Elev), original SMAP soil moisture, and NDVI as predictors for downscaling of the SMAP soil 

moisture. On the other hand, Wen et al.(2021) used LST, NDVI, ALB, Elev, slope and 

Evapotranspiration (ET) for downscaling of the SMOS soil moisture, whereas Im et al. (2016) 

used ALB, LST, NDVI, EVI, LAI, and ET for downscaling of AMSR-E soil moisture. 

However, there are only a few studies which used predictors derived from Sentinel-1A/B along 

with those derived from other sources such as MODIS. For example, Bai et al. (2019) 

successfully downscaled the SMAP enhanced soil moisture from 9- to 1-km using NDVI, EVI, 

NDWI, LAI, LST, ALB, Elev and radar backscatter over northern China. For downscaling they 

used random forest machine learning technique and reported high importance of Sentinel-1 

backscatter followed by LST, LAI and NDVI. In addition , recently Karami et al. (2022) used 

radar backscatter, Elev, NDVI, land cover, % clay and % sand for downscaling the SMAP 



Hydrological Applications of satellite soil moisture 33 

 

 
 

enhanced soil moisture from 9- to 1-km successfully. In their downscaling they used random 

forest machine learning technique and reported variation in the importance of predictors based 

on their study location characteristics. For example, for Murrumbidgee watershed (Australia) 

Sentinel-1 backscatter have the highest importance followed by NDVI and land cover, whereas 

for Firoozabad watershed (Iran) NDVI became the most important predictors followed by 

elevation and radar backscatter. These differences in timportance of predictors could be due to 

variation of land surface and climatic condition of the their study area, which they did not 

explain in detail. However, further studies are needed to confirm the suitability of SAR 

predictors in the downscaling of satellite passive microwave soil moisture over a range of land 

surface and climatic conditions. 

Overall, the success of downscaling of the passive microwave soil moisture products strongly 

depends on land surface and climatic conditions of the study area besides the downscaling 

method used. This is mainly because of land surface conditions such as the density of vegetation 

cover determines the quality of satellite passive microwave soil moisture retrieval (Wu et al., 

2015). Indeed, the quality of retrieval decreases with the increase of vegetation density. Thus, 

the lower the vegetation cover the better the quality of retrieved soil moisture. Interestingly, the 

same holds true for the predictors used for downscaling such as land surface temperature. The 

presence of vegetation hinders the retrieval of accurate land surface temperature as there is 

possibility of contribution of emission from vegetation. For these reasons most of the previous 

satellite soil moisture downscaling studies have been carried out in less vegetated regions where 

the effect of vegetation is minimal. However, further studies are needed to confirm their 

performance under varying land and climate conditions e.g., for moderately vegetated regions. 

2.3  Hydrological Applications of satellite soil moisture 

Hydrometeorological disasters, notably floods, remain the most detrimental hydrological 

disaster causing loss of life, destruction of property and infrastructures across the globe. Owing 

to its impact on the society, accurate and timely flood forecasting is decisive (Wanders et al., 

2014). Hydrological models play a central role in this regard. However, they are subjected to a 

range of uncertainties including model structure, parameters, initial condition, meteorological 

forcing and observation data used for calibration ( Liu & Gupta, 2007). 



34 Chapter 2 

 

 
 

In the past decades, several studies have proposed different approaches of reducing these 

uncertainties (Beven, 2006; Liu & Gupta, 2007; Wagener, 2003). Among them one of the most 

promising approaches is an accurate representation of pre-storm soil moisture conditions of the 

watershed (i.e., also known as initial condition). This is in the light of the role soil moisture 

plays in partition of incoming rainfall into surface runoff and infiltration, thereby controlling 

the magnitude and timing of flood. 

Over the last couple of decades, the assimilation of satellite soil moisture into hydrological and 

land surface models has gained much attention mainly because of the increased availability of 

spatially distributed soil moisture observations from microwave remote sensing satellites (e.g., 

AMSR-E, SMOS, SMAP and Sentinel-1). Accordingly, many studies have assimilated satellite 

soil moisture into land surface models for improving soil moisture estimation (Baldwin et al., 

2017; De Lannoy & Reichle, 2016; Lievens et al., 2017; Zhao et al., 2013). For example, 

Baldwin et al. (2017) assimilated the AMSR-E soil moisture into the SMAR (Soil Moisture 

Analytical Relationship) model for improving the root-zone soil moisture estimation. Similarly, 

De Lannoy et al. (2016) assimilated SMOS soil moisture into the Goddard Earth Observing 

System Model for improving surface and root-zone soil moisture estimation. 

The assimilation of satellite soil moisture for hydrological applications such as streamflow 

forecasting and drought monitoring has gained much attention recently. A number of studies 

have assimilated satellite microwave soil moisture derived from, e.g., AMSR-E (Alvarez-

Garreton et al., 2014; López et al., 2016), SMOS (Leroux et al., 2016; Lievens et al., 2015), 

SMAP (Abbaszadeh et al., 2020; Jadidoleslam et al., 2021; Le et al., 2022), ASCAT (Brocca et 

al., 2010; Loizu et al., 2018; Massari et al., 2018) and Sentinel-1 (Azimi et al., 2020; Cenci et 

al., 2017) into a wide range of hydrological models, from simple conceptual models (e.g., GR4J) 

to physically-based fully distributed models (e.g., WRF-HYDRO). 

Although these studies have assimilated soil moisture derived from different satellites, they have 

a similar objective, which is improving hydrological model predictions, e.g., improving 

streamflow forecasts (Massari et al., 2018b; Wanders et al., 2014), streamflow simulation 

(Azimi et al., 2020; Le et al., 2022) and drought monitoring (Bolten et al., 2010). 

With regards to the impact of soil moisture assimilation on the accuracy of model prediction, 

studies have reported contrasting results possibly because of the assimilation schemes adopted, 
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and physiographic characteristics of the watershed among many others. For example, Azimi et 

al. (2020) and Le at al. (2022) have found significant improvement in simulation of streamflow,  

while others have reported no to little improvement (e.g., Alvarez-Garreton et al., 2016; Kumar 

et al., 2014; Parajka et al., 2006).  

Moreover, many of these studies have assimilated satellite soil moisture at its native resolution 

(i.e., 25 to 50-km). Indeed, this resolution might be sufficient for global and continental scales 

hydrological applications, but for local scale hydrological applications it cannot adequately 

represent the spatial heterogeneity of soil moisture. In this regard, the use of downscaled satellite 

soil moisture plays an important role for adequate representation of the spatial heterogeneity of 

soil moisture.  

However, there are only a few studies that have assimilated downscaled satellite soil moisture 

notably from the passive microwave satellites which are fully dedicated to soil moisture 

measurements such as SMOS and SMAP. For example, Abbaszadeh et al.(2020) and Le et al. 

(2022) assimilated the 1-km downscaled SMAP soil moisture using Particle Filter and Ensemble 

Kalman Filter, respectively and found improvement in streamflow simulations. López et al. 

(2016) assimilated the 9-km downscaled soil moisture derived from AMSR-E and found 

improvement in streamflow simulation. Interestingly, in contrast to assimilation of the native 

resolution satellite soil moisture which resulted in differing results, the assimilation downscaled 

satellite soil moisture generally resulted in the improvement of streamflow simulation so far.  

Moreover, the success of assimilation of the downscaled satellite passive microwave soil 

moisture highly relies on the physiographic and climate conditions of the study area. For 

example, the study by Abbaszadeh et al.(2020) has carried in the watershed with area 2577 km2 

located in the Southeastern part of Texas (USA) with warm and humid climate and moderately 

dense vegetation. On the other hand, Le et al. (2022) considered eight watersheds located across 

tropical Vietnam with area ranging from 267 to 6340 km2. Three of the watersheds are 

dominated by forest land cover and the remaining five are dominated by shrubland and cropland. 

Similarly, the study by López et al. (2016) was conducted in the Murrumbidgee River basin 

(Australia), which is a dry watershed with sparse vegetation. In general, these studies have found 

improvement in the accuracy of streamflow simulation after assimilation of the downscaled 

satellite passive microwave soil moisture. However, the assimilation of downscaled satellite soil 
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moisture is still at its early stages and further investigations are needed to confirm whether they 

continue to show similar results under different physiographic characteristics and climate 

conditions of the study area. 
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Chapter 3     METHODOLOGY 

This chapter begins with description of the study watersheds followed by illustration of the 

attributes of dataset used. Afterwards, the hydrological model and the RF ML downscaling 

technique are briefly described. In the end, an overview of experimental procedures and 

frameworks is presented. 

3.1  Study area 

The Susquehanna and au Saumon watersheds located in eastern part of the United States and 

Southern of Québec (Canada), respectively, were selected for this study, see Figure 3.1.  

 

 

 

 

 

 

 

 

 

Figure 3.1 Location of the Susquehanna (left) and au Saumon (right) watersheds 

The Susquehanna River watershed with an area of 71,225 km2 is a large watershed dominated 

by forest (55%) and agriculture (33%) (DePhilip & Moberg, 2010). It has a humid continental 
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mild summer with wet all year climate (Dfb class) according to Köppen-Trewartha climate 

classification (Belda et al., 2014). The mean annual temperature for the northern and the 

southern parts of the watershed is 6 and 12 oC, respectively (Gan et al., 2022). It receives 

precipitation in the form of snowfall during the winter (November-April) and in the form of 

rainfall during the summer (May-November). Its average annual precipitation varies from 800 

to 1250 mm. The high streamflow occurs during the spring season (March - May) due the 

combined effect of snowmelt and rainfall, whereas low streamflow occurs in late summer, see 

Figure 3.2. The elevation of this watershed varies between 4 and 1150 m. 

The second watershed, au Saumon, has a drainage area of 1025 km2 (Bergeron et al., 2014). Its 

main land cover is forest (i.e., 82 %). Similar to the Susquehanna River watershed, it is also 

located in the Dfb climate class with annual precipitation of roughly up to 1250 mm and average 

annual temperature of 4,5 oC. The elevation of the watershed ranges from 277 and 1092 m. For 

this watershed, the high streamflow events occur in spring and fall seasons due to snow melt 

and rainfall, respectively, see Figure 3.2. Note that for the au Saumon watershed, streamflow is 

measured at a gauging station draining a watershed area of 769 km2. 

In this study, the Susquehanna watershed was chosen because of the diversity of its land covers. 

Knowledge of soil moisture variability is important for such an area to see its role in 

hydrological applications. In addition, the Susquehanna watershed is frequently affected by 

flood events. Thus, studying the impact of soil moisture wetness on flood generation was 

deemed appropriate for such a watershed. On the other hand, au Saumon watershed was selected 

due to the fact that we have in-situ soil moisture monitoring stations which deemed helps to 

condition the SMAP soil moisture which tends to overestimate soil moisture over au Saumon 

because of its forested land cover. Above all, both Susquehanna and au Saumon watersheds are 

our industrial research partners (e.g., Brook field and hydro-Quebec) watersheds, which must 

be considered in our study. 
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Figure 3.2 Mean annual hydrograph of the a) Susquehanna and b) au Saumon watersheds based 

on historical record of 1970 to 2021 and 1975 to 2022, respectively. 

The historical streamflow data used for plotting of the mean annual hydrograph for Susquehanna 

and au Saumon in the Figure 3.2 was obtained from the United States Geological Survey 

(USGS) and Centre d’expertise hydrique du Québec, respectively. 

3.2 Data 

3.2.1  Satellite and in-situ observations 

The SMAP level 3 (L3SMP) and SMAP enhanced (L3SMP_E) surface soil moisture with 

resolution of 36- and 9-km, respectively, were used in this study. The SMAP enhanced is 

essentially generated from L3SMP using Backus-Gilbert optimal interpolation. BG optimal 

interpolation technique is applied to the time-ordered TB observations in L1B_TB. It uses the 

antenna gain pattern information specific to the 6-meter reflector assembly onboard the 

observatory to achieve optimal data interpolation on a fine grid from the original data. It is 

considered optimal due to its aim of producing interpolated values. The process of estimation 

involves the optimal weighting and linear combination of radiometric measurements that 

overlap in both the along-scan and across-scan directions (Poe & Conway, 1990). 

 In addition, the SMAP/Sentinel-1 (L2_SM_SP) soil moisture (Das et al., 2019) with a 

resolution of 1-km was collected and this product has a temporal resolution of 12 days over the 

study area. It is important to note that both the SMAP ascending (6 PM) and descending (6 AM) 

overpass was used in this study depending on the type of downscaling experiments 
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implemented. The selection of was based on (1) temporal proximity to the Sentinel-1 overpass 

time (6 PM, ascending overpass) and (2) thermal equilibrium between vegetation canopy and 

land surface (6 AM, descending overpass). The SMAP soil moisture products can be 

downloaded freely from the NASA Snow and Ice Data Center Distributed Active Archive 

Center (NSIDC DAAC) (https://nsidc.org/data/smap/ (accessed date 30 May 2019)). 

Sentinel-1 is a constellation mission consists of two C-band SAR satellites, i.e. Sentinel-1A and 

Sentinel-1B, launched by the European Space Agency (ESA) (Torres et al., 2012) respectively 

on April 3, 2014 and April 26, 2016 (Sentinel-1B end mission declared August 3, 2022) for the 

purpose of monitoring the land and ocean. They both have the capability to provide observation 

at spatial resolution as fine as 10 m in both VV and VH polarizations with a revisit time of 6 to 

12 days. The interferometric wide swath (IWS) is the prime acquisition mode over the land 

among the available data acquisition modes such as stripmap, extra-wide swath and wave. 

This study collected and pre-processed Sentinel-1A images corresponding to the ascending 

overpass (i.e., 10:59 PM). The ascending overpass was selected because of its temporal 

proximity to SMAP ascending overpass (6 PM). The Sentinel application platform (SNAP) tool 

was used to derive the backscatter intensities both in VV and VH polarizations (McGarragh et 

al., 2015; Torres et al., 2012). The pre-processing includes thermal noise removal, speckle 

filtering, radiometric calibration, terrain correction and normalization. Besides backscatter 

intensity, textural features such as contrast, entropy, correlation and variance were extracted 

using the grey-level co-occurrence matrix (GLCM) module in the SNAP. The Sentinel-1 images 

can be accessed by the users through ESA’s Sentinel-1 internet data hub (https://scihub.esa.int/ 

(accessed date 25 June 2019)). The selection of textural features was based on previous studies 

which have used it for classification of land cover (Chen et al., 2020; Sarker et al., 2013). 

According to these studies contrast, entropy, correlation and variance are the most important 

features in land cover classification. It is worth noting that in this study, they were used to take 

into account the effect of vegetation on soil moisture variation.  

The Moderate Resolution Imaging Spectroradiometer (MODIS) is onboard the Aqua and Terra 

satellites of the Earth Observing System (EOS) and launched in December 1999 and May 2002, 

respectively. The local equator descending and ascending overpass times are 10:30 AM and 

10:30 PM, respectively, for Terra, while for Aqua it is 1:30 AM and 1:30 PM, respectively. 

https://nsidc.org/data/smap/
https://scihub.esa.int/
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MODIS was launched by NASA primarily for monitoring of the spatial and temporal dynamics 

of land, ocean and atmosphere surfaces.  

A suite of global land and ocean surface products with spatial resolution ranging from 250 to 

1000 m can be collected from MODIS with temporal resolution of 1 to 2 days. In this study, the 

land surface variables including the 1-km resolution daily land surface temperature (MYD11A1, 

MOD11A1), 500-m daily surface albedo (MCD43A3) and 1-km 16-day normalized difference 

vegetation index (MOD11A2) were collected from the latest version of MODIS products 

(collection 6). These variables can be downloaded freely from the NASA Land Processes 

Distributed Active Archive Center (LP DAAC) (https://lpdaac.usgs.gov  (accessed date 28 June 

2019)). 

The surface topography features including elevation, slope and aspect were extracted from the 

30-m resolution digital elevation data derived from Shuttle Radar Topographic Mission 

(SRTM). This data was downloaded from the Land Processes Distributed Active Archive center 

(https://lpdaac.usgs.gov (accessed date 1 July 2019)). 

In-situ soil moisture measurements recorded at depth of 5 cm were collected from 2 stations of 

the soil climate analysis network (SCAN) and 2 stations of the U.S. climate reference network 

(USCRN). These stations (i.e., Avondale, Ithaca, Geneva and Rocksprings) lay either in or near 

the Susquehanna watershed (Figure 3.1). Both USCRN and SCAN soil moisture has hourly 

temporal resolution. Additional characteristics of the in-situ soil moisture stations are provided 

in Table 3.1. This data was collected from the International Soil Moisture Network (ISMN) 

database (https://ismn.geo.tuwien.ac.at/en/ (accessed date 10 July 2019)). The number of 

stations of in-situ soil moisture in this watershed is not sufficient for rigorous validation of 

satellite soil moisture, but at least they can provide information on how soil moisture varies 

locally. It is recommended to have a number of in-situ soil moisture stations which are well 

spread within the pixel of satellite soil moisture. For example, Colliander et al., (2017) 

recommended to have at least 8 stations of in-situ for the 36-km resolution SMAP 

  

https://lpdaac.usgs.gov/
https://lpdaac.usgs.gov/
https://ismn.geo.tuwien.ac.at/en/
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Table 3.1 In-situ soil moisture stations properties 

Station 

names 
Network Land cover 

Elevation 

(m) 

Precipitation 

(mm) 

Avondale 
USCRN 

Mosaic herbaceous 122 1280 

Geneva Grassland 221 855 

Ithaca 
SCAN 

Crop 374 1100 

Rocksprings Crop 372 1015 

 

Similarly, for the au Saumon watershed in-situ soil moisture measurements that have been 

collected at representative locations since 2018 using soil moisture probes were used (Figure 

3.1). The installation of these probes is supported by the research chair on valorization of Earth 

observations for water resources to which this PhD study is part of. These probes provide hourly 

measurements of soil moisture at 5 and 20 cm depths for each location. The measurements took 

place only during the summer and early fall seasons because the soil was likely to be frozen near 

the surface during the winter and spring seasons. The probes were installed both in open and 

forested areas (Figure 3.1). 

3.2.2  Hydrometeorological data 

For the Susquehanna River watershed, the daily meteorological dataset including precipitation 

and maximum/minimum temperature were collected from the Parameter-elevation Regressions 

on Independent Slopes Model (PRISM) (https://prism.oregonstate.edu/recent/) for the period of 

1981 to 2020. The daily streamflow observation was obtained from the United States Geological 

Survey (USGS) (https://www.usgs.gov/products/data) for the same period. 

On the other hand, for the au Saumon watershed, the daily deterministic estimates of 

precipitation and maximum/minimum temperature extracted from the Ensemble Meteorological 

Dataset for Planet Earth (EM-Earth) (Tang et al., 2022) for the period 1979 to 2019 was used to 

force the hydrological model to simulate streamflow. This data can be  accessed from Federated 

research data respiratory (FRDR) of Canada (https://www.frdr-dfdr.ca/repo/dataset/), whereas 

the daily streamflow observation was obtained from the Centre d’expertise hydrique du Québec 

(CEHQ) (now the Direction de l’expertise hydrique du Québec) 

(https://www.cehq.gouv.qc.ca/). 

https://prism.oregonstate.edu/recent/
https://www.usgs.gov/products/data
https://www.frdr-dfdr.ca/repo/dataset
https://www.cehq.gouv.qc.ca/


Hydrological model 43 

 

 
 

Apart from the deterministic meteorological data mentioned above, the ensemble of 

meteorological data was extracted from EM-Earth for the purpose of ensemble streamflow 

simulations and forecasting. The EM-Earth is the recent ensemble meteorological dataset of 

precipitation, mean daily temperature, and daily temperature range developed at University of 

Saskatchewan (Tang et al., 2022). In a nutshell, for the EM-Earth ensemble dataset generation 

first they merged station-based Serially Complete Earth (SC-Earth) dataset with ERA-5 

reanalysis estimates and  then generated the ensemble members based on parametric probability 

distributions using spatiotemporally correlated random fields. It provides daily probabilistic 

estimates with 25 ensemble members. In addition, beside ensembles, it also provides both hourly 

and daily deterministic meteorological data. This dataset has spatial resolution of roughly 10-

km and is available from 1950 to 2019 with a global coverage. In this study, the daily maximum 

and minimum temperature were estimated from the mean daily temperature and daily 

temperature range, as they were not provided in EM-Earth dataset. Interested readers can refer 

to Tang et al. (2022) for the detailed description of this dataset. 

3.3  Hydrological model 

A continuous and spatially distributed physically-based hydrological model called HYDROTEL 

is used for this study (Fortin et al., 2001). It was developed at the Institut National de la 

Recherche Scientifique, Centre Eau Terre Environnement (INRS-ETE), Québec (Canada). It is 

an appealing model for its easiness in incorporation of spatially distributed GIS and remotely 

sensed data such as soil type, soil moisture and snow water equivalent and for its minimal 

meteorological data requirement (i.e., only precipitation and max/min temperature). From an 

operational application perspective, HYDROTEL is being used for inflow and hydrological 

forecasting by CEHQ (Boucher et al., 2011). 

HYDROTEL is accompanied with a GIS tool called PHYSITEL to spatially discretize the 

watershed into relatively homogeneous hydrological response units (RHHUs) based on river 

network, elevation, land cover and soil type. The model simulates hydrological state variables 

and fluxes for each RHHUs, and the fluxes are routed to the watershed’s outlet. Accordingly, in 

this study, the Susquehanna and au Saumon watersheds were discretized into 1025 and 205 

RHHUs, respectively.  
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HYDROTEL integrates seven interconnected computational modules. These are: 1) 

interpolation of precipitation, 2) accumulation and melt of snowpack, 3) potential 

evapotranspiration estimation, 4) vertical water budget determination, 5) surface and subsurface 

flow generation, 6) Channel flow routing and 7) soil temperature and soil freezing. Each of these 

modules has two or more options for simulation of their respective hydrological process (Table 

3.2). 

Table 3.2 Computational modules of HYDROTEL (* indicates methods selected for this study) 

Available modules Simulation options 

Interpolation of meteorological data 
Thiessen polygons*, 

Weighted mean of nearest three stations 

Snow accumulation and melt 
Mixed (degree-day) energy budget model*, 

Multilayer model 

Soil temperature and soil freezing Rankinen*, Thorsen 

Potential evapotranspiration 

estimation 

Thornthwaite, Linacre, Penman, 

Priestley-Taylor, 

Hydro-Québec*, 

Penman-Monteith 

Vertical water budget 
BV3C*, 

CEQUEAU 

Overland water routing Kinematic wave equation* 

Channel water routing 
Modified Kinematic wave equation*, 

Diffusive wave equation 

Herein only the vertical water balance module (i.e., soil moisture module) is described in detail 

as this study focused on the assimilation of SMAP soil moisture into the soil moisture module. 

An extensive description of the remaining modules can be found in Fortin et al. (2001) and 

Samuel et al.,(2019). 

The vertical water balance module is built around two sub-modules: BV3C and CEQUEAU. It 

simulates vertical distribution of soil moisture in the soil column. In this study, BV3C (Bilan 

vertical 3 couches) was selected. BV3C vertically discretizes soil column into three layers. The 

top layer has a depth which is typically 5 to 10 cm, and it is commensurate with the penetration 

depth of L-band passive microwave satellites such as SMAP. The primary role of this layer is 

to redistribute the rainfall and/or snow melt into surface runoff and infiltration. Similarly, the 

second and third layers are responsible for generation of interflow and baseflow, respectively. 
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The water exchange between these layers is controlled by the one-dimensional Richards 

equation. 

HYDROTEL was calibrated and validated using streamflow observation for the period of 1981-

2006 and 2007-2016, respectively. Both calibration and validation were performed at daily time 

step. The dynamically dimensioned search (DDS) optimization algorithm (Tolson & 

Shoemaker, 2007) was used for the automatic calibration with objective of maximization of 

Nash-Sutcliffe efficiency (NSE) (equation (3.1)). In addition, Kling Gupta efficiency (KGE) 

(equation (3.2)) was used for evaluation of the calibration performance. 

 𝑁𝑆𝐸 = 1 −
∑ (𝑄𝑠𝑖𝑚,𝑖 − 𝑄𝑜𝑏𝑠,𝑖)

2𝑛
𝑖=1

∑ (𝑄𝑜𝑏𝑠,𝑖 − �̅�𝑜𝑏𝑠,𝑖)
2𝑛

𝑖=1

 

 

                           

(3.1) 

 

 
𝐾𝐺𝐸 = √(𝑟 − 1)2 + (

𝜎𝑠𝑖𝑚

𝜎𝑜𝑏𝑠
− 1)

2

+ (
𝜇𝑠𝑖𝑚

𝜇𝑜𝑏𝑠
− 1)

2

 

 

                   

(3.2) 

 

where Qobs and Qsim are the observed and simulated discharge, respectively, r is linear correlation 

between observations and simulations, σobs   and σsim observation and simulated standard 

deviation, µobs and µsim, observation and simulation mean, respectively.  

3.4  Experimental design 

The framework of this study entails two major successive steps. The first one is downscaling of 

the SMAP soil moisture from 36-km to a range of high-spatial resolutions including 1, 3 and 9-

km and the second one involves the assimilation of the downscaled SMAP soil moisture into 

HYDROTEL for the purpose of streamflow simulation and forecasting. Each one of them is 

detailed in the next sub-sections. 

3.4.1  Downscaling the SMAP soil moisture 

RF, primarily proposed by Breiman (2001), is an ensemble ML technique which is formed from 

the ensemble of many decision trees. It was selected for the downscaling of the SMAP soil 

moisture because of its proven performance compared to other variants of ML techniques and 

other downscaling methods, as discussed in Chapter 2. RF is mainly based on statistical 
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techniques called bootstrap aggregation (bagging), which randomly resamples the training 

dataset with replacement to generate a set of subsets, also known as bootstrap samples. It utilizes 

about two-third of each bootstrap samples (in-bag samples) for independently training of each 

decision tree of the ensemble and the remaining one-third (out-of-bag (OOB) samples) for 

validation (or testing) of the algorithm. Lastly, the final predicted value was then obtained as 

the average of each tree’s prediction. 

In this study, the implementation of RF for downscaling of the SMAP soil moisture involves 

five sequential steps. These are: 1) Manipulation of the dataset (i.e., predictors and response 

variable), 2) generation of bootstrap samples, 3) splitting the bootstrap samples, 4) training and 

testing of RF model, and 5) application of the model. The general framework of these steps is 

presented in Figure 3.3. 

In the Manipulation step, basic dataset preprocessing, such as reprojecting the predictors and 

response variables to the same coordinate system and aggregation of the high-spatial resolution 

predictors to the resolution of response variable (i.e., resolution of the SMAP soil moisture) has 

been done. The second step involves generation of a number of bootstrap samples by 

sampling with replacement. In the third step, splitting the bootstrap samples, each bootstrap 

sample was split into training (i.e., two-third of the sample (in-bag sample)) and testing (i.e., 

one-third of the sample (out-of-bag)) components. The fourth step, training and testing of RF, 

involves training of the RF model with in-bag bootstrap samples and testing with the use of out-

of-bag bootstrap samples. The training and testing took place at coarse-spatial resolution (i.e., 

at resolution of SMAP soil moisture) and applied in the fifth step (i.e., application of the model) 

for predicting of soil moisture at high-spatial resolution from high-resolution predictors by 

assuming that the developed RF model is spatial scale invariant. In figure 3.3, the green shows 

the final outcome decided as the output from a given decision tree, whereas the blue shows 

possible outcome options. 

It is also worth noting that 1 km is the highest resolution to which SMAP L3 was downscaled. 

This is mainly because most of the resolution of predictors are available at 1 km. The predictors 

with resolution higher than 1 km such as Sentinel-1 were aggregated to 1 km and those lower 

than 1 km such as SMAP Tb were resampled to 1 km. 
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Overall, a total of 15 different land surface variables (i.e., predictors) was considered based on 

their strong association with spatial and temporal variability of soil moisture. These variables 

were derived from different sources including MODIS, Sentinel-1 and SRTM. Their general 

association with soil moisture is shown in Table 3.3. 

In this study, RF was adopted to construct the relationship between the SMAP soil moisture 

(i.e., response variable) and a set of land surface variables (i.e., predictors) such as LST and 

NDVI shown in the Table 3.3.  

This can simply be formulated as follows: 

 𝑆𝑀 = 𝑓(𝐿𝑆𝑇, 𝑁𝐷𝑉𝐼, 𝐴𝑙𝑏𝑒𝑑𝑜, … )       (3.3) 

RF involves tuning of few users defined parameters such as a number of decision trees to grow, 

maximum depth of the decision tree and maximum number of features selected at each split. 

[Predictors (LST, NDVI, Sigma VV, …), Response variable (SMAP soil moisture)] 

Bootstrap sample 1 

Predicted soil moisture 1  Predicted soil moisture 2 
Predicted soil moisture n 

Bootstrap sample nBootstrap sample 2 

Averaging of all predictions  

In-bag Out-of-bag In-bag Out-of-bag In-bag Out-of-bag 

Final predicted soil moisture value 

Bootstrap aggregation (bagging) 

Figure 3.3 General framework for training and testing of RF  
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Accordingly, for this study the optimum number of decision trees, maximum depth of the 

decision tree and maximum number of features were found to be 150, 25 and 4, respectively. 

These are combination of hyperparameters that gave better performance of RF model. The 

scikit-learn Python library was used for the implementation of RF (Pedregosa et al., 2011).  

It is also worth noting that soil moisture is also highly related to soil type. Soils with smaller 

particles (silt and clay) have a larger surface area than those with larger sand particles, and a 

large surface area allows a soil to hold more water. On the other hand, soil with coarse texture 

has less surface area which leads them to lower water holding capacity compared to fine textured 

soil. 

Table 3.3 The relationship between soil moisture and varieties of land surface variables 

Land surface variables Data sources General relationship with soil moisture 

LST, NDVI, 

surface albedo 
MODIS 

• LST have negative relationship with soil 

moisture and NDVI have positive relationship 

with soil moisture, notably over sparse to 

moderately vegetated areas. 

• Albedo has indirect relationship with soil 

moisture 

Backscatter coefficients 

(SigmaVV, SigmaVH)  

 

Sentinel-1 

• They have direct positive relationship with soil 

moisture, notably over sparse to moderately 

vegetated areas 

Textural information 

(Contrast, Entropy, 

Correlation, Variance) 

 

• To account for vegetation effects and roughness 

Topographic 

derivatives 

(Elevation, slope and 

aspect) 

 

SRTM 
• To control the spatial distribution of soil 

moisture 

Brightness temperature 

in V and H polarization 
SMAP 

• Provides integrated information of factors which 

affects soil moisture variation such as soil 

properties, soil temperature and land cover 

Precipitation, 

Antecedent 

Precipitation Index 

(API) 

PRISM 
• Controls spatial and temporal dynamics of soil 

moisture 

 

Three downscaling experiments were implemented in this study. The first experiment was based 

on the use of a combination of predictors derived from MODIS optical and Sentinel-1 active 

sensors. The second experiment was based on the use of predictors derived from MODIS optical 
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sensor. Similar to Experiment 2, the third experiment was based on the use of predictors derived 

from MODIS optical sensor. However, their main difference is that the length of data record 

was controlled by availability of Sentinel-1 images (i.e., available every 12 days) for experiment 

2, whereas for experiment 3 the length of data record was controlled by availability of SMAP 

soil moisture which is available every 2 to 3 days. Therefore, experiment 3 has large sample 

size. 

For experiment 1, ascending overpass of SMAP and Sentinel-1 was used because of their 

temporal proximity, however in experiment 3 descending SMAP overpass was used because of 

the thermal equilibrium between vegetation canopy and land surface in the morning that result 

in better soil moisture retrieval quality. For experiment 2, SMAP ascending overpass was used 

since the main aim of this experiment was for comparative evaluation with experiment 1. 

3.4.2 Merging the SMAP and in-situ soil moisture 

Merging the strength of the SMAP enhanced (i.e., both the original 9-km and downscaled (1-

km resolutions)) and in-situ soil moisture was also explored in this study for the au Saumon 

watershed which corresponds to the third objective of this thesis. This is because there are in-

situ soil moisture measurements with fair spatial distribution in the au Saumon watershed, but 

for the Susquehanna the number of in-situ is soil moisture measurement stations are very small 

relative to the size of the watershed which restricted the merging of the SMAP and in-situ soil 

moisture. 

Merging combines the strengths of SMAP enhanced and in-situ soil moisture while 

compensating for their respective shortcomings. For example, SMAP has the benefit of 

providing spatial distribution of soil moisture over a large area, while in-situ measurements are 

scarce spatially, but they are good at preserving the temporal dynamics of soil moisture. Hence, 

we adopted the conditional merging technique (Sinclair & Pegram, 2005), which is a spatial 

interpolation technique initially developed to merge radar and rain gauge rainfall measurements. 

Here, it was used to merge gridded SMAP soil moisture with in-situ measurements. The major 

advantage of this method is that it preserves the spatial covariance structure of the grid-based 

measurement (i.e., SMAP soil moisture) while maintaining the accuracy of in-situ 

measurements.  
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3.4.3 Assimilation of the SMAP and merged SMAP/in-situ soil moisture 

Following the downscaling of the SMAP soil moisture (i.e., objective 1), the next major step 

was assimilation of the original and downscaled SMAP soil moisture products (i.e., 1-, 3-, and 

9-km resolution) into HYDROTEL to evaluate their impact on the streamflow simulation (i.e., 

the second objective of the thesis). The direct insertion assimilation technique was used. This 

technique involves replacing the model simulated soil moisture with external observations, e.g., 

in-situ or remote sensing observations. Accordingly, in this study the model simulated top layer 

soil moisture was replaced with the SMAP soil moisture (i.e., the original and downscaled). 

Indeed, the top layer of the HYDROTEL model was adjusted to 5-cm depth to be commensurate 

with the penetration depth of the SMAP which is about 5-cm. First the model was checked for 

its sensitivity to change of depth of the first layer before assimilation of SMAP soil moisture. 

The results show only a very minimal impact on the model’s performance. Thus, it is deemed 

that fixing the model’s first layer has no significant impact on model performance compared to 

the impact of assimilated SMAP soil moisture. 

Two cases were considered for the assimilation. The first case involves the assimilation of 

SMAP soil moisture whenever its available with good quality and full watershed coverage. The 

second case involves assimilation based on selected high rainfall events. In the second case, 

assimilation takes place prior to selected high rainfall events (i.e., to mimic operational 

forecasting), which results in lower frequency of updating as there are not many high rainfall 

events. Comparison between the two cases was performed to investigate the impact of frequency 

of updating. The selection of high rainfall events was based on a simple graphical visualization 

approach, where the watershed averaged rainfall events are plotted along with the corresponding 

magnitude of streamflow. In this context, only those rainfall events which generated high 

streamflow events are selected visually.   

It is worthwhile to note that prior to assimilation, for both cases, the SMAP soil moisture (i.e., 

whether its downscaled or the original version) was bias corrected to the model simulated soil 

moisture using the cumulative distribution function (CDF) matching approach (Reichle & 

Koster, 2004). This is mainly because of the fact that estimation of the same variable (i.e., soil 

moisture) by different techniques results in systematics differences because of limitation of each 
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sensing technology. The CDF remove the systematic differences between the two soil moisture 

data sources to have similar statistical moments such as mean and standard deviation. 

The procedure for CDF matching is summarized as follows: 

1) Rank the two data sets (i.e.,in-situ and SMAP soil moisture) in the ascending order 

2) Calculate the difference between the two data set. 

3) The third order polynomial fit was applied to the ranked in-situ soil moisture and 

calculated differences in step 2. 

4)  Finally, bias corrected SMAP soil moisture was estimated using polynomial parameters 

obtained in step 3.  

In addition, the impact of assimilation of vertically extrapolated SMAP soil moisture was 

investigated. The SMAP inherently provides soil moisture information only for the top few 

centimeters (e.g., 5-cm), but the root zone soil moisture plays an important role in the generation 

runoff (Brocca et al., 2012). Thus, assimilation of vertically extrapolated SMAP soil moisture 

is important. This experiment was performed to assess if streamflow forecasts are improved by 

assimilating near-surface and root zone soil moisture when compared to assimilating near-

surface soil moisture only and letting the model to propagate the information in the deeper soil 

layers. For vertical extrapolation a simple polynomial function which developed between 

HYDROTEL simulated top and intermediate layer soil moisture was used for the Susquehanna 

watershed due to paucity of soil moisture measurements. Then, the SMAP surface soil moisture 

was vertically extrapolated based on the developed polynomial relationship.  

Vertical extrapolation methods are usually first calibrated on in-situ soil moisture and then used 

to vertically extrapolate satellite soil moisture. The exponential filter (ExpF), which is a semi-

empirical method originally derived from water balance equation (Wagner et al., 1999), but later 

presented in a recursive form (Stroud, 1999) for surface soil moisture extrapolation was used 

for the vertical extrapolation of SMAP soil moisture (equation (3.4)) in the au Saumon 

watershed because of availability of in-situ measurements for this watershed. 

 𝑆𝑀𝑟𝑧𝑡𝑛 = 𝑆𝑀𝑟𝑧𝑡𝑛−1 + 𝐾𝑛(𝑆𝑀𝑠𝑢𝑟𝑓𝑡𝑛 − 𝑆𝑀𝑟𝑧𝑡𝑛−1) (3.4) 
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 𝐾𝑛 =
𝐾𝑛−1

𝐾𝑛−1 + 𝑒𝑥𝑝 (
−1
𝑇

)
 

 

(3.5) 

where SMsurf and SMrz are surface and root zone soil moisture, T is the optimal characteristic 

decay time, K is gain and tn is time step. 

The HYDROTEL model was basically developed to accommodate remote sensing information 

such as soil moisture and snow water equivalent (Fortin et al.,1991). That is why the depth of 

the top layer was fixed to a range of 5-10 cm by design. In addition, the model did not consider 

vertical variation of hydraulic conductivity of the soil. This could be attributed to less sensitivity 

of the model to depth variation. In addition, our preliminary test on sensitivity analysis of the 

parameters shows that the model appears less sensitive to depth variation. 

In another experiment, the impacts of the relation between the spatial resolution of SMAP soil 

moisture and watershed size on the accuracy of model streamflow simulation was examined. In 

this context, the Susquehanna (i.e., larger in size) and the Upper Susquehanna (i.e., relatively 

smaller in size) watersheds are considered. The HYDROTEL model was then updated with the 

original and downscaled SMAP soil moisture separately for both watersheds and the impact of 

assimilation of different resolutions of the SMAP soil moisture on the model performance is 

examined. 

On the other hand, separate experiments were implemented for the au Saumon watershed, which 

corresponds to the third objective of this thesis. As opposed for the Susquehanna, for the au 

Saumon watershed the merged SMAP/in-situ soil moisture with resolutions of 1- and 9-km was 

assimilated into HYDROTEL model. Besides the merged SMAP/in-situ soil moisture, the 

downscaled SMAP enhanced (i.e., 1-km) and spatially interpolated in-situ soil moisture were 

separately assimilated into the model. In addition, the vertically extrapolate version of these 

products were assimilated. 
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The general methodological framework of this thesis is shown in Figure 3.4. 
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Correlation, Variance 
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and forecasting 
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Non-updated model 

Updated model 

Figure 3.4 Methodological framework 
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3.4.4  Metrics 

Validation of downscaled SMAP soil moisture 

Besides the graphical comparison between the downscaled SMAP and in-situ soil moisture, 

several popular classical statistical metrics including the Pearson correlation coefficient (R) 

(equation (3.6)), bias (equation (3.8)), and unbiased root mean square error (ubRMSE) (equation 

(3.9)) were used to quantitatively evaluate the agreement of the downscaled SMAP soil moisture 

against in-situ soil moisture observations. For the Susquehanna watershed in-situ soil moisture 

observation collected from SCAN and USCRN networks were used, whereas for the au Saumon 

watershed in-situ soil moisture collected by our research team was used. The metrics are 

described by the following equations: 

 
R =

∑(θDSM,i − θDSM
̅̅ ̅̅ ̅̅ ̅)(θinsitu,i − θinsitu

̅̅ ̅̅ ̅̅ ̅̅ )

√∑(θDSM,i − θDSM
̅̅ ̅̅ ̅̅ ̅)

2
(θDSM,i − θDSM

̅̅ ̅̅ ̅̅ ̅)
2

 
(3.6) 

 𝑅𝑀𝑆𝐸 = √
∑ (θ𝐷𝑆𝑀 − θ𝑖𝑛𝑠𝑖𝑡𝑢)2𝑛

𝑖=1

𝑛
 (3.7) 

 𝐵𝑖𝑎𝑠 =
∑ θ𝐷𝑆𝑀 − θ𝑖𝑛𝑠𝑖𝑡𝑢

𝑛
𝑖=1

𝑛
 (3.8) 

 𝑢𝑏𝑅𝑀𝑆𝐸 = √(𝑅𝑀𝑆𝐸)2 − (𝑏𝑖𝑎𝑠)2 (3.9) 

where θDSM,i and  θinsitu,i is downscaled and in-situ soil moisture, respectively, n is length of 

soil moisture data record. 

Evaluation of the benefit of soil moisture assimilation 

The impacts of assimilation of SMAP soil moisture and merged SMAP/in-situ soil moisture on 

model performance in predicting the ensemble streamflow simulations and forecasting were 

evaluated by means of the efficiency index (Eff), the Normalized root mean square error 

(NRMSE) and the Continuous Ranked Probability Skill Score (CRPSS). The Eff measures the 

effect of assimilation with respect to the open loop run (equation (3.10)). A positive value of 
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Eff indicates improvement in the accuracy of the ensemble streamflow simulations because of 

the assimilation of the SMAP soil moisture, whereas the negative value indicates deterioration. 

 𝐸𝑓𝑓 = (1 −
∑ (𝑄𝑢𝑝̅̅ ̅̅ ,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)

2𝑇
𝑡=1

∑ (𝑄𝑜�̅�,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)
2𝑇

𝑡=1

) 

 

(3.10) 

where Qobs is observed streamflow, 𝑄𝑢𝑝̅̅ ̅̅  and 𝑄𝑜�̅� the mean of ensemble of streamflow by the 

updated and non-updated (ol) model, respectively. 

The NRMSE represents the ratio of the root mean square error (RMSE) between the predicted 

ensemble streamflow by the updated model and observed streamflow to the RMSE between the 

open loop ensemble and observed streamflow (equation (3.11). A score greater than 1 indicates 

deterioration and vice versa. NRMSE provides information about the ensemble spread and the 

ensemble mean performance. 

 𝑁𝑅𝑀𝑆𝐸 =

1
𝑛

∑ √∑ (𝑄𝑢𝑝,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)
2𝑇

𝑡=1
𝑛
𝑖=1

1
𝑛

∑ √∑ (𝑄𝑜𝑙,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)
2𝑇

𝑡=1
𝑛
𝑖=1

 

 

 

   (3.11) 

 

 

 
where n and T are ensemble size and length of time series considered, respectively. 

In addition, the CRPSS was used to assess the skill of the ensemble streamflow simulation 

(equation (3.12)). Its score varies between −∞ and 1. A score greater than zero indicates an 

improvement in accuracy due to assimilation of the SMAP soil moisture and vice versa. 

 𝐶𝑅𝑃𝑆𝑆 = 1 −
𝐶𝑅𝑃𝑆𝑢𝑝𝑑𝑎𝑡𝑒𝑑

𝐶𝑅𝑃𝑆𝑛𝑜𝑛−𝑢𝑝𝑑𝑎𝑡𝑒𝑑
 

 

                  (3.12) 

 𝐶𝑅𝑃𝑆 =
1

𝑁
∑ ∫ [ 𝐹𝑖(𝑥)  − 𝐹𝑖

0(𝑥) ]
2

∞

−∞

𝑁

𝑖=1

𝑑𝑥 
                     

(3.13) 

 

𝐹0(𝑥) = {
0, 𝑥 ≤  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑟𝑒𝑎𝑚𝑓𝑙𝑜𝑤 𝑣𝑎𝑙𝑢𝑒
1, 𝑥 >  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑟𝑒𝑎𝑚𝑓𝑙𝑜𝑤 𝑣𝑎𝑙𝑢𝑒 

 

where the CRPS is the Continuous Ranked Probability Score, Fi(x) and Fo
i(x) is probability 

density function of the member of the ensemble simulations and observation, respectively. 
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NOTE TO THE READER 

This is thesis in a « format par articles ». It’s core is composed of three papers which are 

sequentially presented in Chapter 4, Chapter 5, and Chapter 6. The following diagram presents 

a general overview of each paper and their connection with each other. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Paper # 1  

➢ involves downscaling of the SMAP L3 soil moisture from 36-km resolution to a range of 

resolutions (1-, 3-, and 9-km) over the Susquehanna watershed using a set of predictors derived 

from MODIS, Sentinel-1 and SRTM using random forest machine learning technique. 

 

➢ In addition, SMAP enhanced soil moisture (9-km resolution) was downscaled to 1-km over the 

au Saumon watershed (results presented in the article 3) 

Paper # 2: 

➢ involves assimilation of the original 

and downscaled SMAP L3 soil 

moisture (i.e., 1-, 3-, and 9-km 

resolution) into HYDROTEL for 

improving the ensemble 

streamflow simulations. 

 

➢ Two watersheds were considered: 

1) Susquehanna (larger size) and 2) 

Upper Susquehanna (relatively 

smaller in size and its head sub-

watershed of the Susquehanna 

watershed). 

Paper # 3: 

➢ involves merging of the SMAP enhanced 

and in-situ soil moisture 

 

➢ assimilation of the merged SMAP/in-situ 

soil moisture into HYDROTEL for 

ensemble streamflow forecasting over the au 

Saumon watershed  
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Résumé français 

L’utilisation de données d’humidité du sol (HU) à haute résolution spatiale est primordiale pour 

de nombreuses applications en agriculture et en hydrologie tant à l’échelle locale que régionale. 

Grâce aux développements de produits satellitaires en micro-ondes passives en bande L, des 

mesures d’HU en surface sont disponibles à une couverture globale, chose que n’offrent par les 

mesures in-situ. Cependant, leur usage est souvent limité par leur faible résolution spatiale. Afin 

de pallier ce problème, cette recherche met en place des modèles de forêts aléatoires (FA) pour 

faire une désagrégation d’échelle à une résolution d’un km des produits d’humidité du sol 

SMAP niveau-3 (L3SMP, 36-km) et SMAP amélioré (L2SMP_E, 9-km). Les prédicteurs 

utilisés dans ces modèles de désagrégation d’échelle sont issus de Sentinel-1 bande C-SAR et 

de MODIS. Les arbres de FA sont entraînés et validés individuellement pour les deux 

résolutions spatiales initiales (36- et 9-km) selon deux approches: 1) en utilisant une 

combinaison de prédicteurs issus de MODIS, Sentinel-1 et autres tels que l’élévation et la 

température de brillance, 2) en utilisant les mêmes prédicteurs qu’en 1) sauf ceux issus de 

Sentinel-1. La comparaison entre les deux approches est faite uniquement aux dates pour 

lesquelles les produits Sentinel-1 sont disponibles. On observe alors que le retrait des données 

issues de Sentinel-1 dans la 2nde approche n’influence que peu le coefficient R qui passe de 0,84 

pour l’approche 1) à 0,83 pour l’approche 2) pour les produits initialement à 36-km de résolution 

et de 0,91 à 0,86 pour ceux à 9-km de résolution. Il ressort aussi que la température de brillance 

en polarisation V est le prédicteur le plus important, suivi du NDVI, de l’albédo de surface et 

de l’API. Au contraire, les prédicteurs issus de Sentinel-1 jouent un rôle bien moins important, 

avec une très faible contribution dans l’amélioration du pouvoir prédictif des modèles de FA. 

Des limites sont communes aux deux expériences, dont notamment la faible taille de 

l’échantillon d’apprentissage qui vient du manque d’images Sentinel-1 (le temps de revisite du 

satellite étant de 10 jours). Par conséquent, pour contourner ce problème, une troisième 

approche est développée, dans laquelle aucun prédicteur de Sentinel-1 n’est inclus dans la phase 

d’apprentissage (comme dans l’approche 2)) mais où on utilise toutes les données à disposition, 

soit une par jour. Les résultats avec cette 3e approche montrent une bonne correspondance entre 

les produits d’HU améliorés à fine échelle L3SMP et L2SMP_E issus des deux résolutions 

spatiales (36- et 9-km) et les mesures in-situ. De plus, l’HU à faible résolution des deux produits 

SMAP distinguent mieux les effets locaux tout en gardant les motifs spatiaux observés à leur 

résolution originale. Quelle que soit la résolution spatiale du produit SMAP utilisée pour initier 

la désagrégation d’échelle, les résultats à fine échelle sont de qualité similaire. Finalement, cette 

étude révèle des résultats prometteurs sur la désagrégation d’échelle des produits d’humidité 

d’HU issus de SMAP appliqués à des bassins humides à fortes dominantes forestières soumis à 

des étés chauds. 

Mots-clés : humidité du sol; désagrégation d’échelle; validation; Sentinel-1; MODIS; SMAP; forêt 

aléatoire 

 

Note : À la suite des corrections demandées par les membres du jury, le contenu de cet article 

diffère de celui qui a été accepté. 
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ENHANCING SPATIAL RESOLUTION OF SMAP SOIL 
MOISTURE PRODUCTS THROUGH SPATIAL 
DOWNSCALING OVER A LARGE WATERSHED: A CASE 
STUDY FOR THE SUSQUEHANNA RIVER BASIN IN THE 
NORTHEASTERN UNITED STATES 
 

4.1 Abstract 

Soil moisture with high-spatial resolution plays a paramount role in many local and regional 

hydrological and agricultural applications. The advent of L-band passive microwave satellites 

allowed for it to be possible to measure near-surface soil moisture at a global scale compared to 

in-situ measurements. However, their use is often limited because of their coarse-spatial 

resolution. Aiming to address this limitation, random forest (RF) models are adopted to 

downscale the SMAP level-3 (L3SMP, 36-km) and SMAP enhanced (L3SMP_E, 9-km) soil 

moisture to 1-km. A suite of predictors derived from the Sentinel-1 C-band SAR and MODIS 

is used in the downscaling process. The RF models are separately trained and verified at both 

spatial scales (i.e., 36- and 9-km) considering two experiments: 1) using predictors derived from 

the MODIS and Sentinel-1 along with other predictors such as elevation and brightness 

temperature and 2) using all predictors of the first experiment except for the Sentinel-1 

predictors. Only dates when the Sentinel-1 images were available are considered for the 

comparison of the two experiments. The comparison of the results of the two experiments 

indicates that the removal of Sentinel-1 predictors from the second experiment only reduces the 

R value from 0,84 to 0,83 and from 0,91 to 0,86 for 36 and 9-km spatial scales, respectively. 

Among the predictors used in the downscaling, the brightness temperature in V polarization was 

identified as the most important predictor, followed by NDVI, surface albedo and API. On the 

contrary, the Sentinel-1 predictors play a less important role with no marked contribution in 

enhancing the predictive accuracy of RF models. In general, the two experiments have 

limitation, such as a small sample size for the training of the RF model because of the scarcity 

of Sentinel-1 images (i.e., revisit time of 12 days). Therefore, based on this limitation, a third 

experiment is proposed, in which the Sentinel-1 predictors are not considered at all in the 
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training of the RF models. The results of the third experiment show a good agreement between 

the downscaled L3SMP and L3SMP_E SM, and in-situ soil moisture measurements at both 

spatial scales. In addition, the temporal availability of the downscaled soil moisture increased. 

Moreover, the downscaled soil moisture from both SMAP products presented greater spatial 

detail while preserving the spatial patterns found in their original products. The use of the two 

SMAP soil moisture products as background fields for the downscaling process does not show 

marked differences. Overall, this study demonstrates encouraging results in the downscaling of 

SMAP soil moisture products over humid climate with warm summers dominated by vegetation. 

 

Keywords: soil moisture; downscaling; validation; Sentinel-1; MODIS; SMAP; random forest 

4.2  Introduction 

Soil moisture as a key hydrological variable, is of paramount importance in modulating 

terrestrial water cycle components such as precipitation by partitioning into surface runoff and 

infiltration; subsequently, affecting the streamflow and ground water recharge (Tuttle & 

Salvucci, 2014). It also affects regional and global climate systems through its control of the 

interaction between land surface and atmosphere via evapotranspiration, thereby affecting air 

temperature and precipitation (Entekhabi, 1995; Seneviratne et al., 2010b). In addition, 

knowledge of soil moisture is important in agriculture for crop growth (Lakhankar et al., 2009; 

Vereecken et al., 2008) . Similarly, a large number of operational hydrological and agricultural 

applications, including flood forecasting (Massari et al., 2018a; Wanders et al., 2014), drought 

monitoring (Park et al., 2017; Velpuri et al., 2015) and irrigation planning (Sharif et al., 2015), 

are heavily dependent on soil moisture. Hence, the proper characterization of the spatial and 

temporal variations of soil moisture is imperative. 

The spatio-temporal variability of soil moisture is often ascribed to multifaceted interactions of 

numerous environmental factors, including soil properties, surface topography, vegetation and 

atmospheric forcing (Crow et al., 2012a). Traditionally, this variability is monitored using in-

situ measurements which offer an accurate estimate of soil moisture at different depths with a 

high-temporal resolution (Dobriyal et al., 2012; Dorigo et al., 2011). However, despite its 

accuracy, this method is costly, time consuming and, most importantly, suffers from low spatial 
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representativeness (i.e., only in the order of a few centimeters). For these reasons, over the last 

few decades, a number of satellite remote sensing platforms have been launched to address the 

need for economically feasible global information on soil moisture with a temporal frequency 

of a few days to a few weeks.  

Among satellites, remote sensing, active and passive microwave remote sensing satellites have 

demonstrated the potential for measuring near surface soil moisture under all-weather conditions 

depending on the underlying land surface conditions (Petropoulos et al., 2015; Schmugge et al., 

1986b). Active microwave remote sensing has the capability to provide soil moisture at a high-

spatial resolution (i.e., in the order of tens of meters) (Torres et al., 2012), but it is heavily 

affected by perturbing factors such as surface roughness and vegetation, thereby complicating 

soil moisture retrieval (Petropoulos et al., 2015). Comparatively, passive microwave remote 

sensing has long been recognized as a prominent tool for the retrieval and monitoring of surface 

soil moisture, owing to its sensitivity to near surface soil moisture dynamics and the capability 

to penetrate to a certain extent through the vegetation canopy, but suffers from its low spatial 

resolution (i.e., in the order of tens of kilometers) (Jackson & Schmugge, 1989; Njoku & 

Entekhabi, 1996). 

Over the last few decades, several passive microwave satellites with different frequencies (e.g., 

L, C and X) have been launched, providing global coverage of surface soil moisture information. 

Among the several frequencies, the L-band passive microwave satellites (e.g., Soil Moisture and 

Ocean Salinity (SMOS) and Soil Moisture Active Passive (SMAP)) are the most promising and 

primarily devoted to global monitoring of surface soil moisture (Kerr et al., 2001; Narayan et 

al., 2006; Owe et al., 2001).  

While the advent of L-band passive microwaves satellites has effectively addressed the 

difficulties associated with the continuous monitoring of near surface soil moisture over large 

areas, the spatial resolution of soil moisture products derived from these satellites is in the order 

of several kilometers (i.e., 25-50-km), which impedes their utilization for a large variety of local 

and regional applications (Wei et al., 2019; Zhao et al., 2018), such as agriculture and hydrology. 

Therefore, a detailed representation of sub-grid-scale spatial variability of soil moisture within 

the coarse-spatial resolution of passive microwave soil moisture products would significantly 

benefit these applications.  
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In order to address the need for spatially detailed soil moisture information, a growing number 

of studies have attempted to provide high-spatial-resolution soil moisture maps through 

downscaling by leveraging the complementary strength of passive microwave and radar and/or 

optical/thermal observations (Fan et al., 2018; Hu et al., 2020; Rudiger et al., 2016; Sánchez-

Ruiz et al., 2014; Senanayake et al., 2021; Wei et al., 2019; Wu et al., 2011; Zhan et al., 2017; 

Zhao et al., 2018). In this context, downscaling takes advantage of high-spatial-resolution land 

surface variables derived from radar and/or optical/thermal sensors to disaggregate the coarse 

resolution of passive microwave soil moisture products.  

A variety of downscaling techniques has been proposed and tested, which can be roughly 

grouped into three categories based on the sources of high-resolution land surface variables used 

in downscaling (Peng et al., 2017b; Sabaghy et al., 2018). These are (1) optical/thermal-based 

downscaling, (2) radar-based downscaling and (3) radiometer-based downscaling. In addition, 

there are also emerging techniques such as machine learning and data assimilation. Sabaghy et 

al.,(2018) summarized the performances of these downscaling techniques reported by many 

studies conducted in different regions of the world under varying climate and land surface 

conditions. Based on their comparison, optical/thermal-based downscaling was identified as the 

most widely applied technique to downscale passive microwave soil moisture, although with 

varying degrees of accuracy, whereas radar-based downscaling and ML models are considered 

the two most promising approaches for soil moisture downscaling with a higher degree of 

accuracy. An extensive review of these techniques can be found in Peng et al., (2017) and 

Sabaghy et al.,(2018). 

The optical/thermal-based downscaling generally relies on the triangular/trapezoidal feature 

space established between vegetation indexes and land surface temperature derived from 

optical/thermal satellites (e.g., MODIS) over heterogeneous land surfaces (Carlson, 2007; 

Moran et al., 1994). The premise of this technique is that the sensitivity of soil moisture to land 

surface temperature varies under a wide range of land surface conditions (Peng et al., 2015). 

The empirical polynomial fitting and semi-physical evaporation-based approaches are among 

the techniques that fall under this category. A large number of studies have applied these 

techniques to improve the spatial resolution of passive microwave observations of soil moisture 

(e.g., Chauhan et al., (2003); Choi & Hur, (2012); Merlin et al., (2012) ). For instance, Piles et 
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al. (2011) applied the polynomial function to downscale SMOS soil moisture from 40-km to 10- 

and 1-km. Likewise, Djamai et al. (2015) applied a semi-physical model called DISPATCh 

(DISaggregation based on Physical And Theoretical scale CHange) to downscale SMOS soil 

moisture to 1-km over the Canadian Prairies. 

Another alternative approach is the radar-based downscaling technique, which synergistically 

combines coarse-resolution passive microwave soil moisture or brightness temperature with 

high-resolution synthetic aperture radar (SAR) observations to enhance the spatial detail of soil 

moisture. A typical example of this technique is the SMAP baseline downscaling algorithm (Das 

et al., 2014) , which has been utilized by NASA on the SMAP mission to downscale the coarse-

scale passive microwave brightness temperature (36-km) to an intermediate resolution (9-km) 

by making use of the high-resolution (3-km) SAR backscatter, which was then inverted to 

retrieve soil moisture at a 9-km spatial resolution. In addition, there are several other radar-based 

downscaling techniques, including the SMAP optional method (Das et al., 2011), the change 

detection method (Piles et al., 2009) and the Bayesian framework (Zhan et al., 2006). Despite 

the great potential of radar-based downscaling in improving the spatial resolution of soil 

moisture, the lower revisit frequency (e.g., 6-12 days) and lack of a temporally collocated 

passive microwave radiometer and SAR measurements is still a big challenge after the failure 

of the SMAP radar. However, in order to continue the production of high-spatial resolution soil 

moisture by the SMAP mission, significant efforts have been undertaken to substitute the SMAP 

radar with an active radar from other satellites (Das et al., 2016). Among the existing radar 

satellites, the European Space Agency’s (ESA) Sentinel-1A/1B satellites were considered 

suitable due to the similarity of their orbital configuration with that of SMAP (Das et al., 2019; 

He et al., 2018).  

Apart from the above downscaling methods, ML has recently received a great deal of attention 

for the downscaling of passive microwave soil moisture by learning the relationship between 

soil moisture and a set of land surface variables (Abbaszadeh et al., 2019;  Zhao et al., 2018). It 

has become increasingly popular mainly due to (1) its ability to handle the complex non-linear 

relationship between soil moisture and a large set of land surface variables across a variety of 

heterogeneous surface conditions, (2) the rapid increase in computational power and public 
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availability of remote sensing data and (3) the relatively good performance as compared to 

aforementioned downscaling techniques.  

Numerous studies have reported successful applications of various ML techniques, e.g., 

artificial neural network (ANN), classification and regression trees (CART), gradient-boosting 

decision tree (GBDT) and random forest (RF), in the downscaling of passive microwave soil 

moisture products (Liu et al., 2018; Lv et al., 2021; Wei et al., 2019; Zhao et al., 2018). Among 

these techniques, a large number of studies have shown superiority of RF because of its potential 

to greatly reduce the problem of overfitting (e.g., (Abbaszadeh et al., 2019; Im et al., 2016; Liu 

et al., 2020)). For example, Zhao et al., (2018) downscaled SMAP soil moisture to 1-km over 

the Iberian Peninsula using RF and found that the RF had the capability to capture the spatial 

variability of soil moisture with great accuracy compared to the polynomial function fitting 

approach. Similarly, Liu et al.,(2020) compared six variants of ML methods and revealed that 

RF showed better performance than all others. 

In general, the application of aforementioned downscaling techniques enhances the spatial 

resolution of passive microwave soil moisture with varying degrees of accuracy. However, most 

of these techniques are predominantly applied to the arid and semi-arid climatic regions, and 

their performances are often site-specific (e.g., Hu et al., 2020; Senanayake et al., 2017; Yin et 

al., 2020; Zhao et al., 2018), requiring further investigation across diverse geographical and 

climatic regions with a range of land cover types. 

In the present study, RF models are applied for the downscaling of two SMAP soil moisture 

products (i.e., L3SMP (36-km) and L3SMP_E (9-km)) to a 1-km spatial resolution over the 

warm summer humid climate of the Susquehanna watershed. Studies have exploited the 

potential strengths of a suite of high-resolution land surface variables and indices derived from 

optical/thermal remote sensing such as the land surface temperature (LST), normalized 

difference vegetation index (NDVI), enhanced vegetation index (EVI), surface albedo and other 

auxiliary variables (e.g., precipitation, soil texture and surface topography) in the downscaling 

of passive microwave satellite soil moisture using RF (Bai et al., 2019; Hu et al., 2020; Zhao et 

al., 2018). However, the use of synthetic aperture radar (SAR) observations, such as those 

provided by the Sentinel-1 C-band SAR, as predictors notably in RF-based downscaling is often 

limited (Bai et al., 2019) . In other words, although a number of other approaches were proposed 
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to merge C-band SAR and passive microwave soil moisture, the use of SAR information in RF-

based downscaling is limited. As a result, it is necessary to clarify the contribution of SAR 

products (i.e., backscattering intensity and its textural information) along with other remotely-

sensed products in the downscaling of SMAP soil moisture products through comprehensive 

assessments.  

Considering the abovementioned premises, the purpose of the present study is to: 1) assess the 

performance of the RF-ML technique in the downscaling of SMAP soil moisture products over 

the warm summer humid climate of a large watershed with a variety of land cover types with a 

predominance of forests; 2) exploit the benefit of the high-resolution Sentinel-1 SAR 

backscattering intensity and its textural information along with MODIS products and other 

auxiliary variables in downscaling SMAP soil moisture products; 3) identify the best set of 

predictor variables for downscaling for underlying surface and climate conditions of the study 

area; 4) compare the downscaled and the existing 1-km high-resolution SMAP/Sentinel-1 soil 

moisture products against ground-based in-situ soil moisture and precipitation; 5) compare the 

relative merits of the SMAP level-3 (36-km) versus SMAP enhanced (9-km) soil moisture as 

background field in downscaling. 

4.3  Materials and Methods 

4.3.1  Study area 

The study area, Susquehanna River Basin, is located in the eastern part of the United States, 

with an area of 71,255 km2 (Figure 4.1).The basin experiences high flows during spring season 

due to combined effect of snowmelt and rainfall, while low flows occur in late summer and 

early fall. Its elevation varies between 4 and 1150 m (DePhilip & Moberg, 2010). The watershed 

is characterized by a mild, subtemperate and humid climate marked by cold winters with snow 

events and warm to hot summers. The average annual precipitation ranges from approximately 

800 to 1250-mm, while the mean annual temperature is roughly 6 and 12 0C in the northern and 

southern portion of the basin, respectively. The basin is mainly dominated by forests (55 %), 

followed by agriculture (33 %) (DePhilip & Moberg, 2010). Its elevation varies between 4 and 

1150 m. 
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Figure 4.1 Study area: (a) DEM and (b) land cover 

4.3.2  Description of data 

The dataset used in this study was derived from a variety of sources, including: 1) remote 

sensing satellites, e.g., SMAP, MODIS, Sentinel-1; 2) models, e.g., PRISM, DEM; 3) in-situ 

measurements (e.g., ISMN). The data collected during unfrozen period (i.e., May to October) 

of 2017 to 2020 were used to circumvent the poor quality of SMAP soil moisture during the 

remaining months of the year because the soil was likely to be frozen near the surface during 

winter. A brief description of the main features of this data is presented as follows. 

SMAP soil moisture and brightness temperature 

The Soil Moisture Active Passive (SMAP) mission is the latest L-band satellite mission 

launched on January 31, 2015, by the National Aeronautics and Space administration (NASA). 

It was primarily dedicated to measuring near surface soil moisture and landscape freeze/thaw 

conditions below the ground surface (top ~5 cm). It is a sun-synchronized near-polar orbit 

satellite with local equator overpass times of 6:00AM (descending) and 6:00PM (ascending). 

SMAP incorporates both radar (active) and radiometer (passive) on the same platform, aiming 

In situ SM
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to offer soil moisture at range of spatial resolutions, including 3-, 9- and 36-km. Nevertheless, 

due to SMAP radar failure that occurred on July 7, 2015, the generation of the 3-km (active) 

and 9-km (active–passive) soil moisture products was halted. Consequently, in order to continue 

the generation of soil moisture at aforementioned resolutions, the SMAP mission proposed: 1) 

to replace the 9-km active–passive soil moisture with SMAP enhanced soil moisture, which was 

retrieved from the inversion of interpolated coarse-resolution SMAP L3 brightness temperature 

using the Backus–Gilbert optimal interpolation technique; 2) to replace the original SMAP 3- 

km soil moisture products with downscaled SMAP enhanced soil moisture using Sentinel-1 

SAR backscatter.  

In this study, the SMAP level-3 (L3SMP) and SMAP enhanced (L3SMP_E) soil moisture and 

brightness temperature with a resolution of 36- and 9-km, respectively, were used. These 

products had temporal resolution of 2-3 days, posted on the 36- and 9-km Equal-Area Scalable 

Earth (EASE) grid, respectively. In addition, 1-km high-spatial-resolution SMAP/Sentinel-1 

(L2_SM_SP) images were collected to compare with the downscaled SMAP soil moisture 

product in this study. L2_SM_SP had a temporal resolution of 12 days. These data can be 

downloaded freely from the NASA Snow and Ice Data Center Distributed Active Archive 

Center (NSIDC DAAC) (https://nsidc.org/data/smap/ accessed date 30 May 2019). 

Sentinel-1 backscatter and textural features 

Sentinel-1 is a constellation mission composed of two satellites (i.e., Sentinel-1A and Sentinel-

1B), each carrying an imaging C-band (5,405 GHz) synthetic aperture radar (SAR) instrument 

in a near-polar sun-synchronous orbit to monitor the land and ocean (Torres et al., 2012) . It has 

four data acquisition modes: stripmap, interferometric wide (IW) swath, extra-wide (EW) swath 

and wave. The IW swath is the prime acquisition mode over land surfaces, which provides 

observations at spatial and temporal resolution of 10-m and 6-12 days, respectively, in both VV 

and VH polarizations. The incidence angle of Sentinel-1 was normalized to have a similar 

incidence angle as that of the SMAP incidence angle, which is 40o. This is done to correct the 

effects of the unequal incidence angles. 

In the present study, the Sentinel-1 images collected in IW mode during ascending overpass 

were used. The post-processing of the images, including thermal noise removal, speckle 

filtering, radiometric calibration, terrain correction and normalization, was performed using the 

https://nsidc.org/data/smap/
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Sentinel application platform (SNAP) tool. In addition, four less correlated textural features, 

namely, contrast, entropy, correlation and variance, were extracted from the Sentinel-1 images 

using the grey-level co-occurrence matrix (GLCM) provided by SNAP. These features were 

extracted with a moving window of 5x5 and average orientation of all directions (0°, 45°, 90° 

and 135°). The Sentinel-1 imagery is openly available to users through ESA's Sentinel-1 internet 

data hub (https://scihub.esa.int/ accessed date 25 June 2019). 

 MODIS products 

The Moderate Resolution Imaging Spectroradiometer (MODIS) sensor on board NASA's Earth 

Observing System (EOS) Terra and Aqua satellites is widely used for the monitoring and 

understanding of the spatiotemporal dynamics of land, ocean and atmosphere at the surface 

(Justice et al., 2002). It operates on a solar synchronous polar orbit with local equator overpass 

times of around 10:30AM (descending) and 10:30 PM (ascending) for Terra and 1:30 AM 

(descending) and 1:30PM (ascending) for Aqua. It provides a suite of global products every 1-

2 days with spatial resolution ranging from 250-m to 1000-m. In this study, the latest version 

(i.e., Collection 6) of MODIS land surface variables which had a strong connection with soil 

moisture, including 1-km daily Terra and Aqua LST (MYD11A1, MOD11A1), 1-km 16-day 

vegetation index (MOD11A2) and 500 m daily surface albedo (MCD43A3), were retrieved from 

the NASA Land Processes Distributed Active Archive Center (LP DAAC) 

(https://lpdaac.usgs.gov/ accessed date 28 June 2019). 

Surface topography 

Topographic attributes, including elevation, slope and aspect, were extracted from the digital 

elevation data obtained from the NASA Shuttle Radar Topography Mission (SRTM) digital 

elevation model at 30-m resolution. These data were downloaded from the Land Processes 

Distributed Active Archive center (https://lpdaac.usgs.gov/ accessed date 1 July 2019). 

  

https://scihub.esa.int/
https://lpdaac.usgs.gov/
https://lpdaac.usgs.gov/
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Precipitation and antecedent precipitation index (API) 

The spatiotemporal variability of soil moisture is highly affected by precipitation patterns. In 

addition, precipitation that occurred over preceding days has a considerable effect on soil 

moisture (i.e., soil moisture memory) of a given day. In this study, daily precipitation data 

obtained from Parameter–elevation Relationships on Independent Slopes Model (PRISM) (Di 

Luzio et al., 2008) at a resolution of 4-km were used to calculate the modified antecedent 

precipitation index (modified API), aiming to include the effect of precipitation of the past few 

days on downscaled SMAP soil moisture of a given day. This data is available covering the 

entire conterminous United States (http://www.prism.oregonstate.edu/ accessed date 3 July 

2019). 

 In-situ soil moisture 

In-situ soil moisture measurements of the top 5 cm depth of the soil column and precipitation 

data were collected from the soil climate analysis network (SCAN) and the U.S. climate 

reference network (USCRN). There were about 4 soil moisture probes which lay within the 

study area, including Avondale, Ithaca, Geneva and Rocksprings (Figure 4.1). The probes 

provided hourly values of volumetric soil moisture. The dominant land cover types for Avondale 

and Geneva were mosaic herbaceous and grassland, respectively, whereas for Ithaca and 

Rocksprings it was crop. The average annual precipitation for the four stations varied from 850 

to 1280 mm (i.e., Geneva (855 mm), Rockspring (1015 mm), Ithaca (1100 mm) and Avondale 

(1280 mm)), whereas average annual temperature ranged from 8 to 12 0C (i.e., Ithaca (8 0C), 

Geneva (9 0C), Rockspring (10 0C) and Avondale (12 0C)). The elevation of the probe locations 

varied from 122 to 374 m (i.e., Avondale (122 m), Geneva (221 m), Rockspring (372 m) and 

Ithaca (374 m). These data were collected from the International Soil Moisture Network (ISMN) 

database (https://ismn.geo.tuwien.ac.at/en/ accessed date 10 July 2019). 

The basic characteristics of dataset, such as spatial and temporal resolutions, used in this study 

were summarized in Table 4.1. 

 

  

http://www.prism.oregonstate.edu/
https://ismn.geo.tuwien.ac.at/en/
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Table 4.1 Summary of data used for the downscaling process in this study. 

Datasets 

(or product name) 
Variables/Indices 

Temporal 

Resolution(day) 

Spatial 

Resolution 

(km) 

SMAP L3 SM Soil moisture 

Brightness temperature 

 

1-3 

36 

SMAP enhanced 9 

SMAP/Sentinel-1 Soil moisture 12 1/3 

Sentinel-1 SAR 

Sigma VV/VH, Contrast, 

Correlation, Variance, 

Entropy 

 

12 

 

10 m 

MOD11A1 

MYD11A1 

 

LST 

 

1 1 

MOD13A2 NDVI 16 1 

MCD43A3 Albedo 1 500 m 

SRTM Elevation, Slope, Aspect - 90 m 

PRISM Precipitation, API 1 4 

ISMN Soil moisture, Precipitation 1 - 

4.3.3  Data pre-processing 

All the data used in this study were reprojected to the same coordinate system (i.e., WGS 84) 

and rigorous data quality control was applied to remove poor-quality pixels which might have 

been affected by the presence of clouds or aerosols. In addition, to solve the spatial resolution 

differences among the predictors and response variables, two methods were adopted: simple 

arithmetic averaging and the nearest-neighbor interpolation. The simple arithmetic averaging 

was used to aggregate the high-resolution predictors (e.g., LST, Sigma VV/VH) to coarse 

resolution, whereas the nearest-neighbor interpolation was adopted for resampling of coarse-

resolution predictors (e.g., SMAP brightness temperature and precipitation) to fine resolution. 

The open water bodies in the study area were also masked out using MOD44W, which is a 250 

m resolution static global water map provided by MODIS. 

4.3.4  Random Forest  

In this study, random forest (RF) ML technique was adopted for downscaling of L3SMP (36- 

km) and L3SMP_E soil moisture (9-km) soil moisture to 1-km. It has increasingly gained 

popularity within the remote sensing community to solve problems related to classification and 

regression (Belgiu & Drăgu, 2016). It is a non-parametric tree-based model formed from an 
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ensemble of decision trees (Breiman, 2001). It has great capability to efficiently describe the 

complex non-linear relationship between soil moisture and a suite of land surface variables as 

shown in equation (4.1) (Hutengs & Vohland, 2016).  

 𝑆𝑀 = 𝑓(𝑝1, 𝑝2, 𝑝3. . . 𝑝𝑛) + 𝜀 (4.1) 

where SM is soil moisture; ε is the model estimation error, 𝑝1, 𝑝2, 𝑝3. . . 𝑝𝑛 represent predictors 

(i.e., NDVI, albedo, LST); n represents the total number of predictors.  

RF is primarily based on the bootstrap aggregation (bagging), which is a statistical technique 

used for random resampling of the training dataset with a replacement in order to generate a 

number of subsets (i.e., bootstrap samples). In this work, about two-thirds of each bootstrap 

sample (i.e., in-bag (IB)) were used for independent training of each decision tree of the 

ensemble, whereas the remaining one-third (i.e., out-of-bag (OOB)) was used for verification of 

the model. In the end, the final predicted value was obtained through averaging of the prediction 

of each regressor. 

RF has a few user-defined parameters to tune in order to increase its predictive power. These 

are the number of decision trees to grow, maximum number of features selected at each split 

and the maximum depth of the decision tree. In addition, another attractive feature of RF is its 

ability to provide the relative importance of predictors by using out-of-bag data. The scikit-learn 

Python library, which has several built-in functions, was used for implementation of RF 

algorithm (Pedregosa et al., 2011). 

In the present study, the construction of RF model was based on using all available data during 

the summer seasons of 2017 to 2020 over the Susquehanna watershed, as opposed to 

construction for each individual day. This was primarily because of the lack of sufficient training 

data if the model was constructed for each individual day for a small size of study area such as 

ours. For example, only 130 pixels of SMAP soil moisture covered our study area. Thus, if the 

model was constructed based on each day, we would only have 130 data points of SMAP soil 

moisture with their corresponding aggregated predictors for training of RF model at coarse-

spatial resolution, which is really very small. Thus, to circumvent the lack of sufficient training 

data, we used all available data during the study period for training of RF model. This agreed 
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with the previous studies conducted in relatively small-sized study areas in different regions of 

the world (Abbaszadeh et al., 2020; Chen et al., 2019; Hu et al., 2020). 

In this study, the implementation of RF model for downscaling of SMAP soil moisture entailed 

five general steps: 1) aggregation: involved aggregation of high-resolution land surface 

variables (i.e., predictors) to SMAP soil moisture resolution using simple arithmetic averaging; 

2) splitting of dataset: involved dividing of aggregated dataset into training and testing sets; 3) 

developing the linking model: this entailed training the RF using SMAP soil moisture as 

response variable and aggregated land surface variables as predictors (Figure 4.2); 4) model 

evaluation: involved assessment of the model performance built in the third step using out-of-

bag and testing datasets; 5) model application: this involved applying the developed model to 

high-resolution land surface variables to predict soil moisture at 1-km. 

 

Figure 4.2 Flow chart of downscaling procedure. 
 

It is important to note here that the coarse resolution variables such as brightness temperature 

and precipitation were resampled to fine resolution during prediction of soil moisture, since they 

were often not available at high-spatial resolution. 

 oa  e  e ol tion  e pon e  a ia le

SMAP L3 soil moisture (36 km) or 

SMAP enhanced soil moisture (9 km)

Aggregation to coarse resolution (36 km)

Training Random Forest

Trained Random Forest Predicted SM at 1km

 i    e ol tion p edicto     o  di  e ent  o  ce 

  D   p edicto  :

Albedo, LST,NDVI
 entinel   p edicto  :

Sigma VV, Sigma VH,

Contrast, Entropy, 

Correlation, Variance
     p edicto  :

Elevation, Slope, Aspect

 oa  e  e ol tion p edicto  

TBv, TBh, API

Resampled to high resolution(1km)
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4.3.5  Predictors selection 

In the present study, a total of 15 different predictors, including LST, NDVI, surface albedo, 

elevation, slope, aspect, antecedent precipitation index, brightness temperature, and Sentinel-1 

co- and cross-polarized backscatter and textural information (i.e., contrast, entropy, variance 

and correlation), was used for downscaling of SMAP soil moisture products using RF. The 

selection of these predictors was based on their strong association with soil moisture variability. 

For example, LST is strongly interlinked with soil moisture through thermal inertia and 

evapotranspiration (ET), among others. Thermal inertia describes the resistance of soil to 

temperature change and it has positive relation with soil moisture, which implies that wetter soil 

has higher thermal inertia which in turn leads to decrease in diurnal LST range (Pablos et al., 

2018) , whereas, in the context of ET, the relationship between LST and soil moisture varies 

depending on ET regimes: water- or energy-limited. In water-limited environments, increase in 

soil moisture leads to decrease in LST, whereas in energy-limited environments, their 

relationship is not significant (Alemohammad et al., 2018; Sun et al., 2019). Similarly, 

brightness temperature is among the predictors which influence soil moisture variability. It is 

dependent on emissivity and surface temperature of soil which, in turn, is determined by 

dielectric property of the soil. Interestingly, dielectric properties of the soil are primarily 

dependent on soil moisture content, among many other factors (Ye et al., 2015) . On the other 

hand, precipitation is the main source of soil moisture and controls its spatial and temporal 

variations. 

Apart from above-mentioned predictors, Sentinel-1 co- and cross-polarized backscatter 

coefficients, which represent normalized radar return from targeted surface, have a direct 

positive relationship with soil moisture, most notably over sparse to moderately vegetated areas 

(Hajj et al., 2017). It is worth to note that this relationship could be affected by perturbing factors 

such as vegetation and surface roughness. Similarly, topographic characteristics such as 

elevation, slope and aspect control the spatial distribution of soil moisture. For example, flat 

terrain tends to be wetter than sloping hillside and vice versa (Meerveld & McDonnell, 2006). 

Moreover, surface albedo is among the important variables that affect soil moisture variability. 

It represents the proportion of incoming solar radiation reflected by the earth surface and plays 

a crucial role in the energy balance of land surface, thereby affecting near-surface climate. It 
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can be affected by many factors, including soil moisture, soil texture, elevation angle and 

vegetation cover. For example, in the context of soil moisture, wet soils tend to have a darker 

color than dry soils, which in turn reduces surface albedo, implying negative relationship 

between the two variables (Guan et al., 2009). 

NDVI is also one of the predictors strongly related to soil moisture. It reflects the greenness 

status of vegetation, which in turn depends on the availability of soil moisture. This indicates a 

positive correlation between NDVI and soil moisture. Similar to NDVI, Sentinel-1 image 

textural features are used to describe the spatial pattern of pixel values of an images and are 

often used for land cover classification. Here, as predictors, they were used to provide 

information about spatial variation of vegetation, which is heavily dependent on soil moisture 

(Haralick et al., 1973). 

Overall, in this study, predictors such as LST, antecedent precipitation index and brightness 

temperature were used with the aim to preserve temporal dynamics of downscaled SMAP soil 

moisture, whereas static topographical information comprising elevation, slope and aspect were 

included to maintain the spatial patterns of downscaled SMAP soil moisture. In addition, 

vegetation information, e.g., NDVI and Sentinel-1 textural information were used to be able to 

elucidate the impact of vegetation on the spatio-temporal patterns of downscaled soil moisture. 

Sentinel-1 backscatter in VV polarization was included as additional predictor because of its 

high sensitivity to soil moisture change (notably in sparse to moderate vegetation cover), while 

VH polarization was considered to account for the effect of vegetation dynamics on soil 

moisture.  

In this study, three experiments were implemented. The first two experiments (i.e., Exp1 and 2) 

were implemented to evaluate the contribution of predictors derived from Sentinel-1. In Exp1, 

Sentinel-1 predictors, along with other predictors, were used in the downscaling of SMAP soil 

moisture products (i.e., L3SMP and L3SMP_E), but in Exp2 they were removed and only the 

remaining predictors were used in the downscaling (see Table 4.2). For comparison purposes, 

both Exp1 and 2 had the same data length, which was determined by the availability of Sentinel-

1 images (i.e., available every 12 days over the study area). On the other hand, Exp3 was 

proposed, in which the Sentinel-1 predictors were not considered. The exclusion of these 

predictors increased the training data sample size due to the frequent availability of all the 
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predictors (Table 4.1) and SMAP soil moisture as a response variable (i.e., available every 2 to 

3 days). This implied that Exp3 could produces downscaled soil moisture every 2 to 3 days as 

opposed to Exp1, which produced downscaled soil moisture only every 12 days because of the 

temporal constraint imposed by the Sentinel-1 revisit time. Overall, it is worth to mention that 

the downscaling was implemented for spatio-temporally collocated predictors and response 

variables. 

Table 4.2 Combination of different predictors for different experiments (* Sentinel-1 predictors) 

Experiments 
Predictors 

 

Response 

variable 
Remarks 

Exp1 

LST, NDVI, Albedo, TBV, TBh, 

API, elevation, aspect, slope 

Sigma VV/VH*, Contrast*, 

Correlation*, Variance*, 

Entropy* 

 

 

L3SMP 

L3SMP_E 

 

 

Length of data was 

determined by availability 

of Sentinel-1 images 

 

Sentinel-1 variables were 

removed from Exp2 Exp2 
LST, NDVI, Albedo, TBV, TBh, 

API, elevation, aspect, slope 

Exp3 
LST, NDVI, Albedo, TBV, TBh, 

API, elevation, Aspect, Slope 

 

L3SMP 

L3SMP_E 

Relatively large sample size 

data for training of RF 

models 

 

4.4  Results 

4.4.1  Random Forest model performance  

In this study, two SMAP soil moisture products, namely, the SMAP level-3 (L3SMP, 36-km) 

and SMAP enhanced (L3SMP_E, 9-km), were used as background fields to downscale to 1- km 

spatial resolution using RF models. A total of 84 images of SMAP soil moisture which were 

spatio-temporally collocated with another 84 images of each predictor available for summer 

seasons of 2017 to 2020 was used in the RF model development (Exp1,Table 4.2). The number 

of available images was limited due to the low temporal availability of Sentinel-1 images. About 

two-thirds of these images were used to train RF models, whereas the remaining third was used 

for testing. Before applying RF models for prediction of soil moisture at 1-km, their 

performances were evaluated at coarse-spatial resolution (i.e., at 36- and 9-km) by constructing 

the models using the predictors aggregated at these resolutions. Figure 4.3 a and b presents the 

scatter plots of the predicted soil moisture as a function of observed SMAP soil moisture at 36- 
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and 9-km, respectively, using test data of Exp1. In addition, their respective performance metrics 

are also displayed in the figure.  

As can be seen in Figure 4.3 a and b, the predicted soil moisture generally varied linearly with 

the observed SMAP soil moisture; however, with a slight tendency to overestimate and 

underestimate low (0,2) and high (0,4) soil moisture values, respectively, for both L3SMP and 

L3SMP_E soil moisture. In addition, the statistical performance metrics presented in the figure 

indicated a good agreement between the predicted and observed SMAP soil moisture at both 

spatial scales. The RF model developed at the 9-km spatial scale performed better with R, 

ubRMSE and bias values of 0,91, 0,03 m3/m3 and -0,001 m3/m3, respectively, compared to the 

RF model built at 36-km with R, ubRMSE and bias values of 0,84, 0,04 m3/m3 and -0,001 m3/m3, 

respectively.  

 

Figure 4.3 RF models verification at (a) 36-km, (b) 9-km and their predictors importance scores 

at (c) 36-km and (d) 9-km. 

The evaluation of RF models at both spatial scales generally suggests their capability to predict 

soil moisture at a coarse-spatial resolution with acceptable accuracy. Therefore, these models 

were implemented for the prediction of soil moisture at 1-km spatial resolution, assuming that 
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the RF model built at coarse-spatial resolution was also valid for the prediction of soil moisture 

at high-spatial resolution using high-spatial resolution predictors. In other words, it assumed 

that the developed RF models were spatial scale invariant. 

4.4.2  Relative importance of predictors 

Whenever RF models are employed in the downscaling of geophysical variables, including soil 

moisture, it is of interest to identify the relative importance of the predictors used. Relative 

importance is often computed by determining the percentage of the increase in the mean square 

error (MSE) when a given predictor is randomly permuted, while keeping the remaining 

predictors unaltered. Generally, higher values indicate the higher importance of a given 

predictor in enhancing the predictive power of the RF model. Figure 4.3c and d shows the 

relative importance of each predictor for both RF models. According to the figure, among the 

input predictors, the TBv, Albedo, NDVI, API, Tbh and slope were identified as the most 

important predictors for both models, while the predictors derived from Sentinel-1 had less 

importance as shown in Figure 4.3 c. 

4.4.3  Validation of downscaled soil moisture with in-situ observations 

Figure 4.4 shows the time series comparisons of the downscaled L3SMP soil moisture, the most 

recent 1-km SMAP/Sentinel-1 existing soil moisture product (L2_SM_SP) and the original 

L3SMP soil moisture, along with in-situ soil moisture observations and precipitation collected 

from four selected sites (i.e., Avondale, Ithaca, Geneva and Rockspring) for the summer seasons 

(May to October) of 2017 to 2020. The downscaled L3SMP soil moisture matched well with 

the temporal dynamics of the in-situ soil moisture across the four sites. Likewise, L2_SM_SP 

and the original L3SMP soil moisture also captured well the temporal variability of in-situ soil 

moisture. Compared to L2_SM_SP and L3SMP soil moisture, the downscaled L3SMP soil 

moisture more closely corresponded with in-situ soil moisture observations, yet a slight 

systematic underestimation or overestimation of extreme soil moisture values of all the products 

was observed; see, for example, the Geneva site. Moreover, all the three products, including the 

downscaled L3SMP, L2_SM_SP and the original L3SMP soil moisture, responded quite well 

to the temporal change of rainfall events as can be seen in Figure 4.4, but in-situ soil moisture 

better correlated with the rainfall events, since both were point measurements located at the 
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same site as opposed to all other products, which give an average soil moisture over a large area 

(i.e., 1x1 km and 36 x36 km grid cell).  

 

Figure 4.4 Time series of downscaled L3SMP soil moisture, original SMAP (L3SMP), 

L2_SM_SP, daily precipitation and in-situ soil moisture for (a) Avondale, (b) Ithaca, (c) Geneva 

and (d) Rockspring sites 

In a similar way, time series plots of the downscaled L3SMP_E soil moisture, the original 

L3SMP_E soil moisture and L2_SM_SP along with in-situ soil moisture observations and 

precipitation for the four in-situ soil moisture stations in the Susquehanna watershed are shown 
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in Appendix Figure A.0.1 . It can be observed that both the downscaled L3SMP_E and its 

original counterpart showed a good agreement with in-situ soil moisture observations. 

Comparing Appendix Figure A.0.1 to Figure 4.4, it was found that both the downscaled L3SMP 

and L3SMP_E soil moisture had similar temporal behaviors in capturing the wetting and drying 

patterns of in-situ soil moisture in response to rainfall events. 

4.4.4  Quantitative assessment of downscaled soil moisture 

Figure 4.5 presents the scatter plot of downscaled L3SMP, the original L3SMP and L2_SM_SP 

soil moisture against in-situ soil moisture observations at the Avondale, Ithaca, Geneva and 

Rockspring sites, whereas Table 4.3 shows their respective performance metrics.  

 

Figure 4.5 Scatter plot of the downscaled L3SMP, the original L3SMP and L2_SM_SP SM 

versus in-situ SM observation for (a) Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites. 

The downscaled L3SMP soil moisture had a slightly higher correlation when compared to in-

situ soil moisture observations than the original L3SMP soil moisture and L2_SM_SP did, with 

R values in the range of 0,65 (i.e., at the Geneva site) to 0,76 (i.e., at the Ithaca site).  
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Similarly, the ubRMSE values of the downscaled L3SMP soil moisture were somewhat lower 

than that of L3SMP and L2_SM_SP soil moisture for all the four sites, ranging from 0,047 to 

0,064 m3/m3. In terms of bias, on the other hand, the downscaled L3SMP soil moisture had a 

slightly higher bias particularly for the Ithaca and Geneva stations. Moreover, L2_SM_SP had 

less overall accuracy compared to both downscaled L3SMP and its corresponding original 

product (Table 4.3). 

Table 4.3 Performance metrics of downscaled, the original and SMAP/Sentinel-1 products 

 

Stations 

 

Metrics 

SMAP L3 (L3SMP) 
SMAP/Se

ntinel-1 

SMAP enhanced 

(L3SMP_E) 

SMAP/S

entinel-1 

L3SMP 

(36km) 

Down_ 

L3SMP 

(1-km) 

L2_SM_S

P 

(1-km) 

L3SMP_

E 

(9-km) 

Down_ 

L3SMP

_E 

(1-km) 

L2_SM_

SP 

(1-km) 

Avondale 

R 0,690 0,720 0,430 0,670 0,730 0,430 

ubRMSE 0,046 0,047 0,078 0,047 0,044 0,078 

Bias -0,031 0,013 0,012 -0,031 -0,006 0,012 

Ithaca 

R 0,710 0,760 0,750 0,690 0,800 0,750 

ubRMSE 0,056 0,054 0,055 0,056 0,050 0,055 

Bias 0,014 0,071 0,019 0,038 0,048 0,019 

Geneva 

R 0,570 0,650 0,490 0,590 0,640 0,490 

ubRMSE 0,068 0,064 0,073 0,063 0,059 0,073 

Bias 0,005 0,037 -0,048 0,0004 0,021 -0,048 

Rockspri

ngs 

R 0,610 0,750 0,660 0,630 0,730 0,660 

ubRMSE 0,067 0,058 0,102 0,066 0,058 0,102 

Bias 0,037 0,031 0,037 0,0123 -0,017 0,037 

 

Similarly, the scatter plots of the downscaled L3SMP_E, the original L3SMP_E soil moisture 

and L2_SM_SP versus in-situ soil moisture observations are presented in Appendix Figure 

A.0.2. The downscaled L3SMP_E soil moisture had a slightly better accuracy with R, ubRMSE 

and bias values in ranges of 0,64 to 0,80, 0,044 to 0,059 m3/m3 and -0,006 to 0,048 m3/m3, 

respectively, compared to its original version with R, ubRMSE and bias values in ranges of 0,59 

to 0,69, 0,047 to 0,066 m3/m3 and -0,031 to 0,038 m3/m3, respectively. On the other hand, 

L2_SM_SP soil moisture had less overall accuracy compared to both downscaled L3SMP_E 

soil moisture and its corresponding original product (see Table 4.3). As can be observed in Table 

4.3 , both downscaled L3SMP and L3SMP_E had comparable performance metrics with only a 

slight outperformance for the downscaled L3SMP_E.  
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4.4.5  Evaluation of spatial pattern 

A successfully downscaled soil moisture should reproduce the spatial pattern of its 

corresponding coarse-resolution product, and its evaluation generally relies on a visual 

comparison of the downscaled soil moisture with its respective native resolution. Figure 4.6 a 

and b display the spatial distribution of L3SMP and L3SMP_E soil moisture, whereas Figure 

4.6 c and d shows their corresponding downscaled soil moisture at a 1-km spatial resolution 

using RF on 17th June 2018. From a visual comparison, it was evident that the downscaled 

L3SMP and L3SMP_E soil moisture by the RF model reproduced the spatial patterns of their 

corresponding native resolutions reasonably well.  

 

Figure 4.6 Maps of (a) the original L3SMP SM, (b) the original L3SMP_E SM, (c) downscaled 

L3SMP SM, (d) the downscaled L3SMP_E SM and (e) L2_SM_SP on 17th June 2018. 

In addition, they provided spatially more detailed information of soil moisture. The wet and dry 

regions in the native L3SMP or L3SMP_E soil moisture maps were clearly portrayed in their 

corresponding downscaled products and L2_SM_SP. As can be seen in the figure, the northern 

part was characterized by a drier soil moisture, whereas the central–eastern part displayed wetter 

soil moisture condition. The southern part represented a medium soil moisture range. The 

m3/m3 
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L2_SM_SP also somewhat reproduced the spatial pattern of both L3SMP and L3SMP_E soil 

moisture, as can be observed in Figure 4.6e, but it was relatively less visually appealing 

compared to the downscaled L3SMP and L3SMP_E soil moisture.  

4.4.6  Evaluation of the value of Sentinel-1 predictors in downscaling 

The results presented in previous sections were based on the downscaling of L3SMP and 

L3SMP_E soil moisture using the Sentinel-1 predictors together with other predictors (i.e., Exp 

1, Table 4.2). Based on a visual inspection and the statistical metrics, the downscaled L3SMP 

and L3SMP_E soil moisture reproduced the temporal dynamics of in-situ observation and the 

spatial pattern of their original counterparts reasonably well, as indicated in Figure 4.3 to Figure 

4.6. 

However, in this section, the contribution of Sentinel-1 predictors in improving the predictive 

performance of RF models for each spatial scale (i.e., 36- and 9-km) was evaluated. Thus, four 

RF models were trained and tested separately. The first (RF_1) and second (RF_2) RF models 

were implemented for the downscaling of L3SMP and L3SMP_E soil moisture, respectively, 

using Sentinel-1 predictors along with other predictors (i.e., Exp 1, Table 4.2), while the third 

(RF_3) and fourth (RF_4) RF models were implemented using the same predictors as that of 

RF_1 and RF_2, but without Sentinel-1 predictors for the downscaling of L3SMP and 

L3SMP_E soil moisture, respectively (i.e., Exp 2, Table 4.2). It is also worth to mention that 

only both spatially and temporally overlapped Sentinel-1 and other predictors were considered 

in all four models for the purpose of the comparison. The result of this comparison is presented 

in Figure 4.7. 

Figure 4.7 shows the scatterplots of predicted and observed SMAP soil moisture for both Exp1 

and 2 at both spatial scales for the four RF models mentioned above. The visual inspection 

clearly showed a good performance of the RF models, but with a slight tendency of 

overestimation and underestimation of minimum and maximum soil moisture values, 

respectively, at both spatial scales. Likewise, the models attained higher statistical metrics for 

both experiments (see Table 4.4). Accordingly, at the spatial scale of 36-km, the R values of 

RF_1 and RF_3 were 0,84 and 0,83, respectively, while the ubRMSE and bias values were the 

same for both RF_1 and RF_3, which were 0,04 m3/m3 and -0,001 m3/m3, respectively. 
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Similarly, at the spatial scale of 9-km, the R values of RF_2 and RF_4 were 0,91 and 0,86, 

respectively, while the same values of bias were obtained for both, which was -0,001 m3/m3. 

Meanwhile, at the spatial scale of 9-km, the values of ubRMSE for RF_2 and RF_4 were 0,03 

m3/m3 and 0,04 m3/m3, respectively. 

 

Figure 4.7 Comparison of RF model performances (a) with Sentinel-1 predictors at 36-km, (b) 

with Sentinel-1 predictors at 9-km, (c) without Sentinel-1 predictors at 36-km and (d) without 

Sentinel-1 predictors at 9-km. 

The comparison results of Exp1 and 2 showed that leaving out Sentinel-1 predictors slightly 

decreased the performance of RF models at both spatial scales (Figure 4.7 and Table 4.4). For 

instance, at the spatial scale of 36-km, the R value declined only by 0,01, while at the spatial 

scale of 9-km, it reduced by 0,05. Apart from R values, the ubRMSE and bias values remained 

the same for both experiments at 36-km. On the other hand, at the spatial scale of 9-km, the 

ubRMSE reduced by 0,01, while the bias remained the same. Overall, the models with Sentinel-

1 (RF_1 and RF_2) slightly outperformed those without Sentinel-1 predictors (RF_3 and RF_4) 

at both spatial scales, but their difference in the overall accuracy was minimal. This indicated 
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that the contribution of the Sentinel-1 predictors was marginal in improving the predictive 

accuracy RF models for the underlying surface and climatic conditions of our study area.  

Table 4.4  Performance metrics of RF at spatial scale of 36- and 9-km with and without 

Sentinel-1 predictors. 

 

 

Metrics 

SMAP L3 (L3SMP, 36-km) SMAP enhanced (L3SMP_E, 9-km) 

With Sentinel-1 

predictors 

Without 

Sentinel-1 

predictors 

With Sentinel-1 

predictors 

Without Sentinel-1 

predictors 

R 0,84 0,83 0,91 0,86 

ubRMSE 0,04 0,04 0,03 0,04 

Bias -0,001 -0,001 -0,001 -0,001 

4.4.7  Downscaling of SMAP soil moisture products without Sentinel-1 predictors  

By taking into account the lesser importance of the Sentinel-1 predictors for the condition of 

our study area as shown in Section 4.4.2, in the remaining section of the results, we primarily 

focused on the downscaling of L3SMP and L3SMP_E soil moisture using predictors of Exp3 

(Table 4.2), namely, the TBv, TBh, Albedo, NDVI, API, slope, LST, DEM and aspect. It is 

important to note that, although Exp2 and 3 had the same predictors, the length of their data 

record was different. In the case of Exp3, the availability of data depended on the revisit time 

of the SMAP soil moisture, which was every 2 to 3 days, whereas for Exp2, the length of the 

data record was limited by the availability of Sentinel-1 images (i.e., every 12 days) for the 

purpose of the comparison with Exp1. In other words, the RF models developed for Exp3 had 

substantially more data for training compared to Exp2, and, therefore, should have resulted in 

more robust models. In addition to having more data for training the RF models, other 

advantages of Exp3 relative to Exp2 were the increased temporal availability of the downscaled 

soil moisture and a better spatial completeness. Therefore, based on this premise, new RF 

models were trained and tested based on Exp3 at both spatial scales.  

Figure 4.8a and b display the scatter plots of the observed versus predicted SMAP soil moisture 

for two separately trained RF model at 36- and 9-km spatial scales, respectively, for the case of 

Exp3. A total of 325 images of SMAP soil moisture, which were spatio-temporally collocated 

with other 325 images of each predictor listed in Table 4.2, for Exp3, was used. About two-

thirds of these images were used to train the RF models, whereas the remaining third was used 

for testing. The RF model at the 36-km spatial scale showed good performance with R, ubRMSE 



Results 85 

 

 
 

and bias values of 0,91, 0,03 m3/m3 and -0,0002 m3/m3, respectively (Table 4.5). Similarly, the 

RF model at the spatial scale of 9-km had R, ubRMSE and bias values of 0,87, 0,04 m3/m3 and 

0,0001 m3/m3, respectively (Table 4.5).  

 

Figure 4.8 RF models verification at (a) 36-km, (b) 9-km and their predictors importance scores 

at (c) 36-km and (d) 9-km. 

Table 4.5 Performance of RF models for Exp3 at spatial scale 36- and 9-km. 

Metrics L3SMP (36-km) L3SMP_E (9-km) 

R 0,91 0,87 

ubRMSE 0,03 0,04 

Bias -0,0002 0,0001 

 

In addition, Figure 4.8 c and d presents the relative importance score of the predictors. Among 

the predictors, the TBv, NDVI, Albedo slope and API had the most influential roles at both 

spatial scales, with a high percentage of increase in MSE during their permutation. Comparing 

Table 4.5 to Table 4.4, the performance of RF models of Exp3 increased compared to Exp2. In 

addition, the bias in extreme soil moisture values was less pronounced in Exp3 compared to 

Exp1 and 2 (comparing Figure 4.8 and Figure 4.7). 
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Validation of downscaled SM with in-situ observations 

To evaluate the temporal behavior of downscaled L3SMP and the original L3SMP soil moisture, 

a time series comparison was performed with in-situ soil moisture and precipitation collected 

from four sites as shown in Figure 4.9.  

 

Figure 4.9 Time series of downscaled SM, the original SMAP (L3SMP), daily rainfall and in-

situ SM for (a) Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites 

The downscaled soil moisture showed a good temporal consistency with in-situ soil moisture 

observations across all sites. It also preserved the temporal dynamics of its corresponding 

original product (i.e., L3SMP). In addition, the downscaled L3SMP soil moisture and its original 

counterpart exhibited similar wetting and drying patterns of in-situ soil moisture in response to 

the rainfall events. However, the lower soil moisture values were not sufficiently captured at all 

sites, and, in a similar way, some underestimations of higher soil moisture values were observed. 
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Similarly, a time series comparison of the downscaled L3SMP_E and the original L3SMP_E 

against in-situ soil moisture observations along with the precipitation was depicted in Appendix 

Figure A.0.3. The downscaled L3SMP_E soil moisture showed a quite good agreement with the 

in-situ soil moisture observations across all sites. It also responded well to the temporal change 

of rainfall events. Comparing Appendix Figure A.0.3 and Figure 4.9, it could be clearly seen 

that both the downscaled L3SMP and L3SMP_E and their corresponding original products 

generally followed a similar temporal pattern, and also reacted similarly to the rainfall events. 

Qualitative evaluation of downscaled soil moisture 

Figure 4.10 depicts the scatter plots of the downscaled L3SMP and their original counterpart 

against in-situ soil moisture observations collected from the four sites in the study area. The 

statistical performance metrics computed for each site are also displayed in Table 4.6. The 

downscaled L3SMP soil moisture agreed quite well with the in-situ measurements, with R 

values greater than 0,68 for all the sites. However, in terms of the ubRMSE, the Avondale and 

Ithaca sites had values which were quite closer to the SMAP mission accuracy requirement, 

which was 0,04 m3/m3, as can be observed in Table 4.6. In comparison to the original L3SMP 

soil moisture, the downscaled L3SMP soil moisture had a slightly higher R and lower ubRMSE 

values across all the sites, while its bias was relatively higher. Moreover, from a visual 

inspection of the scatter plots, the model slightly overestimated lower soil moisture values, while 

the higher soil moisture values were somewhat underestimated. 



88 Chapter 4 

 

 
 

 

Figure 4.10 Scatter plot of L3SMP and downscaled SM versus in-situ SM observation for (a) 

Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites. 

Analogous to Figure 4.10, the scatter plots of the downscaled L3SMP_E and the original 

L3SMP_E soil moisture against the in-situ soil moisture observations are presented in Appendix 

Figure A.0.4. The downscaled L3SMP_E soil moisture showed a better performance with R, 

ubRMSE and bias values in the ranges of 0,74 to 0,85, 0,04 to 0,056 m3/m3 and -0,0002 to 0,019 

m3/m3, respectively, compared to its original counterpart (i.e., L3SMP_E), with R, ubRMSE 

and bias values in the ranges of 0,58 to 0,83, 0.066 to 0,043 m3/m3 and -0,0007 to 0,0392 m3/m3, 

respectively (Table 4.6). Among all sites, the downscaled L3SMP_E and original L3SMP_E 

soil moisture performed better at the Avondale and Ithaca sites. The comparison of Figure 4.10 

with Appendix Figure A.0.4 indicated that the overall performance metrics of the downscaled 

L3SMP_E soil moisture were modestly higher than that of the downscaled L3SMP soil moisture 

across all the four sites, although it was not significant (see Table 4.6). In addition, a similar 

tendency of a slight overestimation and underestimation of lower and higher soil moisture 

values, respectively, was noticed at both spatial scales. 
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Table 4.6 Performance metrics of original SMAP and downscaled soil moisture. 

 

Stations 

 

Metrics 

SMAP L3 (L3SMP, 

36-km) 

SMAP Enhanced (L3SMP_E, 

9-km) 

L3SMP Down_L3SMP L3SMP_E Down_L3SMP_E 

 

Avondale 

R 0,69 0,75 0,71 0,81 

ubRMSE 0,049 0,044 0,048 0,043 

Bias -0,009 0,011 -0,02 -0,001 

 

Ithaca 

R 0,76 0,83 0.71 0,82 

ubRMSE 0,048 0,045 0,054 0,044 

Bias -0,001 0,003 0,005 -0,0045 

 

Geneva 

R 0,49 0,68 0,51 0,70 

ubRMSE 0,071 0,056 0,068 0,053 

Bias 0,013 0,016 0,006 0,017 

 

Rocksprings 

R 0,64 0,76 0,65 0,71 

ubRMSE 0,066 0,057 0,066 0,06 

Bias 0.025 0.042 0.018 0.043 

 

Visual evaluations of spatial pattern of downscaled soil moisture 

The visual comparison between the downscaled soil moisture and its corresponding original 

product allows one to comprehend whether the proposed model is reproducing the spatial pattern 

of the original product well. Figure 4.11 a and b shows the maps of spatial variations of the 

downscaled L3SMP and L3SMP_E soil moisture, while their corresponding original 

equivalents are presented in Figure 4.11c and d, respectively. It can be inferred from the figure 

that the proposed downscaling method considerably improved the spatial details of the original 

soil moisture, while maintaining their spatial pattern across the entire basin. It can be observed 

that a lower soil moisture appeared in the northwest, whereas a higher soil moisture occurred in 

the middle-eastern part of the basin. The southern part of the basin was mainly characterized by 

medium range soil moisture values.  

When comparing Figure 4.11 c and d, similar spatial patterns of the downscaled soil moisture 

maps were generated from the two background soil moisture fields (i.e., L3SMP and 

L3SMP_E). Both of them were characterized by higher and lower soil moisture values in the 

southern and northwestern parts of the basin, respectively. However, a closer look at the maps 

of their spatial distribution revealed that the downscaled L3SMP_E more closely matched its 

corresponding original version than the downscaled L3SMP soil moisture did with its original 
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counterpart. Finally, compared to the maps of soil moisture produced from exp1 (Figure 4.6) on 

June 17th of 2018, Exp3 provided a map of soil moisture which a is spatially complete with less 

overestimations and underestimations of the lower and higher soil moisture values, respectively 

(Figure 4.11). 

 

Figure 4.11. Maps of (a) the L3SMP, (b) L3SMP_E, (c) downscaled L3SMP and (d) downscaled 

L3SMP_E on 17th June 2018. 

m3/m3 
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4.5 Discussion 

This study demonstrated the downscaling of two SMAP soil moisture products, which were 

L3SMP (36-km) and L3SMP_E (9-km), to 1-km spatial resolution using an RF model by 

considering three different experiments. In the first experiment, the RF models were separately 

implemented at a resolution of L3SMP (i.e.,36-km) and L3SMP_E (i.e., 9-km) using predictors 

derived from Sentinel-1 and MODIS, together with others, such as the brightness temperature, 

elevation, slope, aspect and antecedent precipitation index (Exp1, Table 4.2), while in the 

second experiment, the RF models were employed at both spatial scales by leaving out the 

Sentinel-1 predictors and focusing only on MODIS products, along with other predictors 

mentioned above (Exp2, Table 4.2). It is also important to note here that, for the purpose of the 

comparison of the two experiments (i.e., Exp1 and 2), only dates when the Sentinel-1 images 

were available were considered. Finally, the third experiment (Exp3, Table 4.2) was proposed 

based on the limitations of the comparison results between Exp1 and 2.  

4.5.1  RF model performance evaluation 

An adequate performance of the RF model at a coarse-spatial resolution was required before its 

use for predicting soil moisture at a high-spatial resolution. Thus, in this study, the evaluation 

of RF models was carried out at two spatial scales: 1) 36-km resolution for the SMAP L3SMP 

product and 2) 9-km resolution for SMAP L3SMP_E. In both contexts, the results showed the 

RF models to have a good capability in predicting soil moisture at both spatial scales for both 

Exp1 and 2. In addition, the comparative evaluation of the performance measures between the 

RF models of Exp1 and 2 at both spatial scales indicated that the benefit of the Sentinel-1 

predictors in enhancing the predictive accuracy of the RF models was minimal (Figure 4.7 and 

Table 4.4). This disagreed with the study conducted by Bai et al. [54], who found that the use 

of a Sentinel-1 predictor, namely, the backscatter in VV polarization (Sigma VV), markedly 

increased the predictive accuracy of the RF model. One reason for this inconsistency with results 

herein could be due to differences in the underlying land surface and climatic conditions of the 

study area. Their study area was mainly located in an arid area of northern China with low 

vegetation cover as opposed to the Susquehanna watershed, which is dominated by forests and 
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agriculture, with a humid climate condition. The predominance of vegetation may lower and, in 

some cases, cancel out the sensitivity of the backscatter signal to soil moisture ( Li et al., 2018). 

As stated earlier, the results of the comparative evaluation indicated the lesser importance of 

Sentinel-1 predictors in improving the predictive accuracy RF models. For this reason, these 

predictors were further left out in order to 1) reduce the computational burden associated with 

the processing of their images, 2) reduce the computational cost associated with the RF model 

because of the decrease in the dimension of predictors after the removal of the Sentinel-1 

predictors and 3) increase the training sample size (as the Sentinel images had a limited temporal 

and spatial coverage compared to SMAP and MODIS), resulting in more robust RF models. 

Therefore, the evaluation of the RF model was continued with the remaining predictors, which 

was denoted as Exp3 (Table 4.2). The evaluation of the RF models based on Exp3 at both spatial 

scales showed higher performances (Figure 4.7). In addition, the underestimation and 

overestimation of higher and lower soil moisture values were reduced compared to Exp1 and 2. 

This could have been due to the large sample size used for the training of the RF model, which 

resulted in a more robust model and, subsequently, led to better performances. 

In general, the performance evaluation results indicated that the RF models developed at both 

spatial scales for all the experiments showed higher performance measures for the condition of 

our study area, which was a warm summer humid climate with a predominance of vegetation. 

This agreed quite well with the results reported by previous studies conducted in different 

regions of the world under varying climatic and land surface conditions using the RF model, 

e.g., the subtropical continental monsoon (Abowarda et al., 2021), semi-humid temperate 

monsoon (Hu et al., 2020), South Asian monsoon (Chen et al., 2019; Zhao et al., 2019), and 

Mediterranean climate zone (Liu et al., 2020). 

4.5.2 RF model predictors importance 

In this study, predictors derived from Sentinel-1 and MODIS, together with others, such as the 

brightness temperature, elevation, aspect, slope and antecedent precipitation index were used to 

downscale L3SMP and L3SMP_E soil moisture. Many studies on the spatial downscaling of 

satellite soil moisture products have indicated that the use of numerous predictors with a strong 

connection to soil moisture generally increased the predictive power of the RF model (e.g., 
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Abbaszadeh et al., 2019; Long et al., 2019; Zhou, et al., 2019) ), which was also confirmed in 

this study. Nevertheless, the level of the contribution of each predictor in improving the model 

performance was not the same and varied from place to place and from spatial scale to spatial 

scale, at which the RF model was trained and verified.  

The result of the analysis of the relative importance of predictors from Exp 1, at both spatial 

scales provided by the RF models, showed that the Sentinel-1 predictors, including Sigma VV, 

Sigma VH, the correlation, contrast, variance and entropy, had lower values of the percent of 

increase in MSE when each of them was randomly permuted (Figure 4.3 c and d). This implied 

that the Sentinel-1 predictors played a less significant role in the predictive accuracy of the RF 

models over the Susquehanna watershed. This agreed with the study by Attarzadeh et al., (2018), 

which reported a lesser importance of backscatter and its textural features, including the 

contrast, dissimilarity, energy and entropy, among others, for the retrieval of Sentinel-1 soil 

moisture over vegetated areas in Kenya, Africa. However, in contrast to our results, Bai at el., 

(2019) found that a Sentinel-1 predictor (i.e., Sigma VV) was the most important predictor 

among nine predictors (i.e., Sigma VV, LST, NDVI, EVI, NDWI, LAI, ALB, elevation and 

slope) used for the downscaling of L3SMP_E soil moisture over a semi-arid area of northern 

China, with minimal vegetation cover. As previously stated, the main reason for this 

inconsistency could have been due to a difference in the vegetative cover and climatic conditions 

of the study area. Besides the difference in land and climatic conditions of the study areas, the 

difference in predictors used for downscaling could also be the reason for the difference in 

accuracy reported. For example, Bai et al., (2019) used predictors derived from MODIS (e.g., 

LST, albedo, NDVI) and Sentinel-1 (e.g., Sigma VV), but they did not include brightness 

temperature derived from the SMAP and textural information derived from the Sentinel-1 

images. However, in our study a combination of predictors derived from MODIS, Sentinel-

1(e.g., backscatter and textural information) and SMAP (e.g., Brightness temperature both in V 

and H polarization) was used for downscaling SMAP soil moisture. Moreover, the difference in 

methodologies (e.g., different machine learning techniques, radar or optical based downscaling) 

used for downscaling satellite soil moisture products may also result in contrasting results. 
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On the other hand, among the predictors used, the vertically polarized SMAP brightness 

temperature (TBv) was identified as the most important predictor in all the experiments. This 

was because the brightness temperature carried the integrated information of the factors 

responsible for the variation of soil moisture, such as vegetation opacity, soil temperature, soil 

texture and surface roughness, among others (e.g., Choi & Hur, 2012; Liu et al., 2018; Neelam 

& Mohanty, 2020). This corresponded with the results of Hu et al., (2020), who found the 

brightness temperature in V polarization to be the most important among the predictors they 

used in the downscaling of SMAP soil moisture over Inner Mongolia, northern China.  

Likewise, the NDVI and surface albedo appeared to exhibit a higher importance next to the 

brightness temperatures for both RF models developed for L3SMP and L3SMP_E. This was 

because our study area was predominated by vegetation, which caused the NDVI to be more 

sensitive to vegetation dynamics and played an influential role in controlling the 

evapotranspiration, thereby regulating soil moisture (Soliman et al., 2013). Similarly, the albedo 

also plays an important role in downscaling through its ability to control surface energy fluxes, 

thereby modulating surface soil moisture (Soliman et al., 2013). In addition, the NDVI and 

albedo were used in the parameterization of the radiative transfer model (RTM) during SMAP 

soil moisture retrieval, which, subsequently, impacted the downscaling process. For example, 

NDVI plays an important role through its control on vegetation optical depth, whereas albedo 

regulates the surface emissivity in the SMAP soil moisture retrieval algorithm. 

In addition, the API was among the most important predictors identified in this study, which 

was not surprising, because the spatio-temporal variation of soil moisture was strongly 

influenced by precipitation from which API was calculated. It is worth nothing that, in this 

study, we considered API as a predictor instead of a precipitation in contrast to the studies by 

Abbaszadeh et al. (2019) and Long et al., (2019). This was because the soil moisture observation 

on a given day could be influenced by the precipitation of the past few days. 

Lastly, satellite remote sensing, such as MODIS, provides a daily LST temperature at a 1 km 

spatial resolution, yet its continuous spatio-temporal availability is highly affected by cloud 

contamination, which, subsequently, resulted in some missing or abnormal values. Indeed, this 

constrains its usability for several applications. For example, in the downscaling of satellite soil 

moisture using ML techniques, such as RF as in this study, the deterioration of LST data quality 
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due cloud cover reduced the training sample size. This was because of the exclusion of LST 

data, which were affected by the presence of clouds during the training of the RF model. 

However, in recent years, a number of studies have reported the successful reconstruction of 

cloud-affected LST pixels which, interestingly, would improve its usability in the downscaling 

of satellite soil moisture, as well as many other applications (Zeng et al., 2018; W. Zhao & 

Duan, 2020). In the current study, because of the weak link between soil moisture and land 

surface temperature in a humid climate dominated by vegetation, such as the Susquehanna 

watershed, the LST showed less importance. However, other SMAP soil moisture downscaling 

studies (e.g., Sun & Cui, 2021;Zhao et al., 2018)) in arid and semi-arid climates identified LST 

as an important variable in the downscaling process, because of the strong correlation between 

the LST and soil moisture for such climates. Similarly, the DEM, aspect and slope were also 

identified as relatively less important in the downscaling process of the current study.  

4.5.3  Validation of downscaled soil moisture 

The results of the validation of the downscaled L3SMP and L3SMP_E soil moisture showed a 

range performance for all the experiments depending on the spatial scale of soil moisture used 

as background fields and the underlying surface and climate conditions of the in-situ 

measurement sites. The performance measure of the downscaled soil moisture indicated a 

slightly higher ubRMSE than the SMAP accuracy requirement of 0,04 m3/m3 suggested in 

Entekhabi et al., (2008) across all four sites. This deviation could be partly explained by the 

disparity in scale between the downscaled soil moisture and in-situ soil moisture observation, 

and partly by the predominance of vegetation in the study area as opposed to the conditions for 

which SMAP’s accuracy of 0,04 m3/m3 is asserted, which is in less vegetated areas with a 

vegetation water content (VWC) below 5 kg/m2 (Entekhabi et al., 2008). It is also important to 

note that, although the in-situ sites were specifically established in less vegetated areas such as 

crops and grasses, they were located in mixed pixels of SMAP soil moisture, with a substantial 

fraction of forests, which in turn might have affected the validation accuracy. 

Compared to Exp1 and 2, Exp3 provided relatively more temporally continuous downscaled 

soil moisture at both spatial scales. This was because of the high temporal availability (i.e., 1 to 

3 days) of predictors used for downscaling, which in turn presented an opportunity to have 

longer time series during validation with the in-situ soil moisture. In addition, a better spatial 
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coverage was obtained when using Exp3 predictors, unless there was an effect of cloud cover 

and a scanning gap due to the SMAP radiometer. However, for Exp1, the temporal availability 

of downscaled soil moisture was scarce because of the temporal/spatial constraints imposed by 

Sentinel-1 data, which might have affected the performance metrics calculation during 

validation with in-situ soil moisture. Besides metrics, the clear visualization of the temporal 

dynamics of the downscaled soil moisture was problematic because of the discontinuity of time 

series of downscaled soil moisture for the same reason mentioned above. 

The study also compared the downscaled L3SMP and L3SMP_E SM against the most recent 

SMAP/ Sentinel-1 (L2_SM_SP) 1-km soil moisture. Accordingly, the L2_SM_SP more or less 

exhibited a similar temporal variation as the downscaled soil moisture and in-situ soil moisture 

observations. However, the performance metrics were relatively lower for L2_SM_SP 

compared to the downscaled soil moisture (see Table 4.3). This agreed with the L2_SM_SP 

validation study by Das et al.(2019) using an in-situ soil moisture observation from core 

validation sites. They found an inferior performance of L2_SM_SP, notably for the sites with 

crop cover, which were similar to the surface conditions of the Ithaca and Rocksprings sites in 

this study. This was partly explained by the strong effect of vegetation cover on the backscatter 

signal of Sentinel-1 SAR, which in turn affected the soil moisture retrieval during the 

downscaling process.  

This study also demonstrated that the RF models tended to provide biased downscaled soil 

moisture extremes. Such a behavior was consistently exhibited in the models developed at both 

spatial scales for all the experiments. This agrees with previous studies. For instance, Long et 

al. (2019) found an overestimation and underestimation of low and high values, respectively, of 

the downscaled CCI and CLDAS soil moisture. Similarly, Hutengs and Vohland [60] found a 

tendency of an over and under estimation of low and high values of the downscaled LST. On 

the other hand, Zhao et al. (2018) found a systematic dry bias in the downscaled SMAP soil 

moisture. The potential reasons for these discrepancies include (1) an inadequate representation 

of low and high soil moisture values in the data used for the training of the RF model, (2) the 

smoothing effect due to the aggregation of predictors used for the training of the RF model at a 

coarse-spatial resolution and (3) the averaging of the predictions of the ensemble of RF trees, 
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which was the main feature of RF to reduce bias and variance, and this in turn smoothed the 

final predicted soil moisture. 

The study also demonstrated that both the downscaled L3SMP and L3SMP_E soil moisture 

showed comparable results with respect to the temporal evolution and spatial patterns. This was 

because the L3SMP_E soil moisture was basically derived from the oversampled L3SMP 

brightness temperature by the Backus–Gilbert interpolation method, indicating that they had 

similar characteristics. One possible advantage of L3SMP_E over L3SMP was that L3SMP_E 

had a resolution of 9-km, which needed a large number of pixels to cover the entire study area. 

This, in turn, helped to generate a large training sample size, which is important for RF 

modelling (and for ML models in general). For instance, about 2080 pixels of L3SMP_E were 

required to cover the entire study area, while it was only 130 pixels for L3SMP. Thus, the 

training sample size of L3SMP_E was about 16 times that of L3SMP, which helped to develop 

a more robust RF model, which made it more trustworthy for downscaling. In addition, this 

might also be the reason why the downscaled L3SMP_E showed a slightly better performance 

than the downscaled L3SMP. 

4.5.4  Advantages and limitations of this study 

A key advantage of this study was its exploitation of combined optical (i.e., MODIS) and C-

band SAR (i.e., Sentinel-1) data in the downscaling of L-band passive microwave soil moisture 

(i.e., SMAP soil moisture) using the RF model as opposed to most of the previous studies which 

solely based their research on optical data for the downscaling of satellite soil moisture products. 

Another advantage was that even though the Sentinel-1-derived predictors did not add 

substantial information in the downscaling process of the present study because of the 

predominance of vegetation over the Susquehanna watershed, this study added noteworthy 

value to the growing interest in the use of SAR data. This is true in light of the increasing 

availability of SAR sensors with low frequencies, such as the existing C-band SAR, e.g., the 

Sentiniel-1 and RADARSAT constellation mission (RCM), and the upcoming SAR missions, 

e.g., the Earth Observing System Synthetic Aperture Radar (EOS SAR) with an S-band radar 

and the NASA-ISRO Synthetic Aperture Radar (NISAR) mission with an L-band satellite. 
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In addition, while most of the previous studies focused on the downscaling of either L3SMP 

soil moisture (Abbaszadeh et al., 2019; Hu et al., 2020; Zhao et al., 2018) or L3SMP_E soil 

moisture (Bai et al., 2019) using the RF model, this study contributed to the limited study on the 

use of two SMAP soil moisture products as background fields in downscaling, which notably 

helped to identify the most suitable SMAP soil moisture products for the conditions of our study 

area. Moreover, this study attempted to discover whether the recent high-resolution 

SMAP/Sentinel-1 soil moisture product could be potentially suitable compared to the 

downscaled soil moisture. Furthermore, the downscaled soil moisture had a great potential for 

local environmental applications such as flood forecasting and irrigation planning. 

This study also had some limitations that are noteworthy to mention, which possibly offer the 

opportunity for further efforts to improve the spatial downscaling of coarse-resolution satellite 

soil moisture products. First, our study area was predominantly forested, which appeared to 

affect the quality of the SMAP soil moisture retrieval (i.e., L3SMP and L3SMP_E) for some of 

the pixels that covered the study area. Thus, the use of these products as background fields for 

downscaling may possibly lead to the propagation of errors through the downscaling algorithm. 

Recently, the NASA SMAP mission started the validation of SMAP soil moisture over 

temperate forests (i.e., SMAP Validation Experiment 2019–2021 (SMAPVEX19-21)), which 

might provide the opportunity to revise the SMAP algorithm through a proper parameterization 

forest canopy in the future ( Colliander et al., 2020), which in turn would help in the retrieval of 

good-quality SMAP soil moisture over vegetated pixels. 

Second, the in-situ soil moisture measurements were sparse across the study area (i.e., only four 

stations were available, including Avondale, Ithaca, Geneva and Rockspring), which led to the 

validation of downscaled soil moisture with a single in-situ soil moisture observation point 

within a given downscaled pixel at those four stations. However, it is known that in-situ 

observations provide only a point measurement of soil moisture in the immediate vicinity of the 

stations, which is in the order of a few centimeters, whereas the downscaled soil moisture 

represents the average soil moisture over an area of 1-km. This indicated the scale disparity 

between the in-situ soil moisture observation and downscaled soil moisture, implying that a 

single in-situ observation within a downscaled pixel might not be able to sufficiently reflect the 

downscaled soil moisture, which partly explains the observed systematic bias. Considering the 
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spatial heterogeneity of soil moisture within a pixel, many satellite soil moisture validation 

studies recommended to have multiple in-situ observations within a pixels, which could then be 

upscaled during the validation of downscaled soil moisture (Colliander et al., 2017; Yee et al., 

2016), but the present study lacked this. 

Third, the spatial aggregation of high-resolution predictors, e.g., NDVI, Albedo, LST, had a 

smoothing effect on the extreme values, which led the training of the RF models with few 

extremes, as also stated by Zhao et al., (2018). Similarly, the resampling of coarse-resolution 

predictors, e.g., brightness temperature and precipitation, also had some smoothing effects on 

their extreme values, which in turn affected the prediction of the extreme soil moisture values 

during downscaling. Yet, this was actually not special to our study, since the currently existing 

downscaling methods rely on the calibration of the downscaling methods at a coarse-spatial 

resolution as the first step (Hu et al., 2020; Zhao et al., 2018), which caused the aggregation of 

high-spatial-resolution predictors to be inevitable. In addition, given that some of the predictor 

variables were not available at a fine resolution, e.g., precipitation, resampling to a fine 

resolution during the prediction of soil moisture at 1-km was also unavoidable. 

Fourth, although it was found that the RF is a powerful tool for the handling of the high-

dimensional datasets used in this study, it tended to overestimate lower soil moisture values and 

underestimate higher soil moisture values. Several studies have also reported similar behavior 

of RF in the spatial downscaling of soil moisture (Long et al., 2019), land surface temperature 

(Hutengs & Vohland, 2016) and precipitation (Shi et al., 2015). It seems likely that producing 

biased extreme values is an inherited behavior of the RF model. This is because the final 

prediction value is obtained by the averaging of the prediction of each tree, which could reduce 

the value range due to the smoothing effect of averaging (Wolfensberger et al., 2020; Zhang & 

Lu, 2012). Therefore, post processing, which entails the rescaling of the downscaled soil 

moisture to in-situ soil moisture observations using approaches such as linear regression or 

cumulative distribution function (CDF) matching, could correct the observed bias of extreme 

soil moisture values if a in-situ measurements network was available.  

Finally, despite the fact that the downscaling process presented spatially detailed soil moisture 

information, their usability was recommended after the correction of bias in extreme values 
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using the aforementioned approaches. The correction of bias in extreme values, notably higher 

values, is important for hydrological applications such as flood forecasting.  

4.6  Conclusion 

This study demonstrated the effectiveness of the RF models in the downscaling of two SMAP 

soil moisture products (i.e., L3SMP (36-km) and L3SMP_E (9-km)) over the Susquehanna 

watershed using a suite of predictors derived from different sources, including Sentinel-1 and 

MODIS. It appeared that the RF model developed at both spatial scales performed quite well 

for the underlying surface and climate condition of our study area. Among the predictors used 

in RF, the brightness temperature played the most important role in reinforcing the link between 

SMAP soil moisture and predictors, followed by the NDVI, albedo and API, whereas the 

Sentinel-1 predictors only had a marginal impact on the predictive accuracy of the RF model. 

The validation results indicated that the time series of the downscaled L3SMP and L3SMP_E 

soil moisture closely agreed with in-situ soil moisture observations. Similarly, the statistical 

performance measures indicated that the downscaled soil moisture had a better overall 

performance than their original counterparts. The results also suggested that the downscaled 

L3SMP and L3SMP_E soil moisture reproduced the spatial pattern of their original counterparts 

sufficiently well, while providing detailed spatial information. Nevertheless, a slightly higher 

ubRMSE was obtained compared to the retrieval accuracy requirement of the SMAP mission 

(ubRMSE = 0,040 m3/m3). In addition, the downscaled extreme soil moisture values were 

slightly biased for both spatial scales.  

The downscaled L3SMP and L3SMP_E soil moisture using Sentinel-1 predictors, along with 

others (i.e., Exp1, Table 4.2), only had a low temporal availability because of the long revisit 

time of Sentinel-1 satellites. In addition, due to the narrow swath width of Sentinel-1 compared 

to that of SMAP, the downscaled soil moisture only partially covered the study area, thereby 

reducing its spatial completeness. In contrast, the downscaled L3SMP and L3SMP_E soil 

moisture using other predictors rather than that of Sentinel-1 (i.e., Exp3, Table 4.2) improved 

the temporal availability of the downscaled soil moisture and also expanded the spatial 

completeness of the downscaled soil moisture apart from during the presence of clouds and the 

SMAP scanning gap. 
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The potential of L3SMP and L3SMP_E soil moisture was also explored to identify the best 

performing product for the condition of the study area. A comparison between the downscaled 

L3SMP and L3SMP_E soil moisture and between their corresponding original version showed 

comparable results, but with a slightly better performance by L3SMP_E soil moisture.  

In future studies, one could consider the use of recently launched RADARSAT constellation 

mission (RCM) data, which have the temporal resolution of a few days (i.e., 4 days) compared 

to Sentinel-1 SAR for the downscaling of satellite soil moisture over varieties of land surfaces 

and climatic conditions. In addition, the upcoming Earth Observing System Synthetic Aperture 

Radar (EOS SAR) with an S-band radar and NASA-ISRO Synthetic Aperture Radar (NISAR) 

mission with an L-band satellite would offer a new opportunity, especially for the better 

representation of soil moisture in forested regions, since they have the capability to penetrate 

through the forest canopy in contrast to C-band SAR. Another possible new perspective can be 

improving the RF algorithm and/or bias correction after downscaling. As noted previously, as 

long as RF is used for downscaling soil moisture, there is a possibility of predicting biased soil 

moisture extremes due to its inherent behavior. Thus, improving the algorithm of the RF model 

in order to accommodate all ranges of soil moisture may be important, otherwise, bias correction 

before the use of the downscaled soil moisture for subsequent application such as flood 

forecasting is crucial. Moreover, one could also explore a suite of satellite soil moisture 

products, e.g., SMAP, SMOS, and AMSR-E (to name a few), as background fields for 

downscaling in order to identify the best-performing downscaled soil moisture product for the 

condition of the selected study area. Furthermore, future studies should also consider the 

potential of cascade downscaling (e.g., from 36-km to 9-km and then from 9-km to 1-km) 

compared to direct downscaling (i.e., directly from 36-km to 1-km). Finally, revising the soil 

moisture retrieval algorithms as well requires further investigation, notably over forested 

regions, in order to hamper the propagation of poor-quality retrieval to the downscaled soil 

moisture.  

 

 

 



 

102 
 

Chapter 5     ASSIMILATION OF THE DOWNSCALED SMAP 
SOIL MOISTURE 

Avant-propos 

Auteurs et affiliation  

• Shimelis Asfaw Wakigari : étudiant au doctorat, Département de Génie Civil, Faculté 

de Génie, Université de Sherbrooke.  

• Robert Leconte : professeur, Département de Génie Civil, Faculté de Génie, Université 

de Sherbrooke.  

Date de soumission : 11 November 2022.  

Revue : Journal of Hydrology: Regional Studies 

Titre français : Evaluation de l'utilisation de différentes résolutions spatiales d’humidité du sol 

issue d’une désagrégation d’échelle des produits SMAP pour améliorer la modélisation 

hydrologique 

Contribution au document : Cet article vise à évaluer l’assimilation de données d’humidité du 

sol à différentes résolutions spatiales après désagrégation d’échelle (1-, 3- et 9-km) dans un 

modèle hydrologique distribué à base physique. Deux bassins versants avec des aires de 

drainage très différentes sont pris comme sites d’étude : le bassin versant de la rivière 

Susquehanna (grande aire de drainage) et le sous-bassin issu de sa branche principale, appelé 

bassin versant de la Upper Susquehanna (en comparaison de petite taille). La qualité des 

modélisations hydrologiques d’ensemble a été évaluée selon trois aspects : l’assimilation 

d’humidité du sol de différentes résolutions spatiales, la fréquence de l’assimilation des données 

et la taille du bassin versant. Les résultats de cet article se trouvent dans le chapitre 5 de la thèse. 
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Résumé français  

Sites d’étude 

Bassins versants des rivières Susquehanna et Upper Susquehanna, situés dans le nord-est des 

États-Unis. 

Objectif de l’étude 

Cette étude explore l'utilisation de l'humidité du sol issue du satellite SMAP selon différentes 

résolutions spatiales afin d’améliorer la modélisation hydrologique. Une désagrégation 

d’échelle de l’humidité du sol issue du produit de base de SMAP d’une résolution d’environ 40-

km a été faite à 1-, 3- et 9-km sur les bassins versants des rivières Susquehanna et Upper 

Susquehanna. Les expériences menées visent à faire une insertion direction de ces produits issus 

de la désagrégation d’échelle de l’humidité du sol de SMAP dans un modèle hydrologique 

distribué à base physique. 

Perspectives hydrologiques innovantes pour les sites d’étude 

Comparé au modèle sans mise à jour de l’humidité du sol, la mise à jour du modèle à partir des 

données de base de SMAP ou après désagrégation d’écehlle améliorent considérablement la 

qualité des simulations hydrologiques d’ensemble sur les deux bassins versants. De plus, la 

dispersion de l’ensemble est réduite et la moyenne de l’ensemble proche de l’observation. Pour 

le bassin de la Upper Susquehanna, le débit est le mieux simulé avec l’utilisation de l'humidité 

du sol à plus fine échelle, d‘une résolution de 1-km, alors que pour le bassin versant de la 

Susquehanna, les sorties de débit du modèle hydrogogique sont de qualité équivalente avec 

l’utilisation du produit à 9-km de résolution ou ceux à plus fines résolutions. En plus de la mise 

à jour de l’humidité du sol dans la couche de surface, l’assimilation dans la seconde couche de 

sol de l’humidité du sol issue de l’extrapolation verticale du produit SMAP améliore légèrement 

la précision du modèle. 

Mots clés : Humidité du sol ; SMAP ; désagrégation d'échelle ; mise à jour ; amélioration ; débit. 
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EXPLORING THE UTILITY OF THE DOWNSCALED SMAP 
SOIL MOISTURE PRODUCTS IN IMPROVING 
STREAMFLOW SIMULATION 

5.1  Abstract 

Study region 

The Susquehanna and upper Susquehanna watersheds in the Northeastern of the United States 

of America (USA)  

Study focus 

This study explored the utility of the SMAP soil moisture with a range of spatial resolutions for 

improving the ensemble streamflow simulations. The SMAP level 3 soil moisture product with 

spatial resolution of roughly 36-km was downscaled to a range of spatial resolutions including 

1-, 3- and 9-km over the Susquehanna and Upper Susquehanna watersheds. A set of experiments 

was conducted through direct insertion of the downscaled SMAP soil moisture into a physically-

based distributed hydrological model.  

New hydrological insights for the region 

The updating of the model with the original and downscaled SMAP surface soil moisture 

markedly improved the accuracy of the ensemble streamflow simulations when compared to the 

non-updated model for both watersheds. In addition, the ensemble spread was reduced, and the 

ensemble mean compares well with the observed streamflow. The 1-km downscaled SMAP soil 

moisture showed the highest accuracy in improving streamflow simulation for the Upper 

Susquehanna watershed, but for the Susquehanna watershed the downscaled SMAP at 9-km 

adequately improved the ensemble streamflow simulations without the need to go to higher 

spatial resolutions. Besides the top layer of the model, updating the second layer of the model 

with the vertically extrapolated SMAP soil moisture slightly further improved the accuracy of 

the model.  

Keywords: Soil moisture; SMAP; Downscaling; updating; improving; streamflow 
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5.2  Introduction 

Soil moisture plays an essential role in the runoff generation as it controls the partitioning of 

incoming precipitation into surface runoff and infiltration. This is particularly important in the 

case of the saturation excess runoff generation mechanism (Dunne et al., 1975), where the 

magnitude of the flood is determined by the pre-storm soil moisture state of the watershed. Soil 

moisture also plays an important role in the partitioning of incoming net radiative energy into 

latent and sensible heat fluxes, which in turn control near-surface variables such as temperature 

and humidity (Entekhabi, 1995). Moreover, a host of hydrometeorological and agricultural 

applications including hydrological forecasting, weather forecasting and irrigation planning is 

heavily dependent on soil moisture state. 

Conventionally, in-situ measurements are used to characterize the spatiotemporal variability of 

soil moisture. They provide the most accurate and reliable soil moisture information, but with 

low spatial representativeness (Dobriyal et al., 2012). Besides, they are time consuming and 

costly to establish their network over a larger area. Alternatively, satellite passive microwave 

remote sensing, notably at L-band frequency (1,4GHz), offers the potential to map near-surface 

soil moisture (approximately at 5 cm depth) over a large area with decent temporal resolution 

(i.e., 2 to 3 days) (Entekhabi et al., 2008; Njoku & Entekhabi, 1996). However, despite of this 

advantage, its spatial resolution is coarse, which hampers its use for local and regional scale 

hydrometeorological applications. 

Many studies have attempted to downscale the coarse-spatial resolution satellite passive 

microwave soil moisture products using methods such as those based on the universal-triangle 

concept or ML among many others (Peng et al., 2017; Sabaghy et al., 2018). For example, Zhao 

et al. (2018), Abbaszadeh et al. (2019) and Wakigari et al. (2022) downscaled the Soil Moisture 

Active Passive (SMAP) soil moisture from 36- to 1-km over Iberian Peninsula, Continental 

United States (CONUS), and Susquehanna River Basin, respectively. Likewise, Djamai et al. 

(2015), Piles et al. (2016) and Zheng et al. (2021) downscaled the Soil Moisture and Ocean 

Salinity (SMOS) soil moisture to 1-km over the Canadian Prairies, Murrumbidgee watershed 

(Australia) and Huai River Basin (China), respectively.  
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Apart from downscaling, there has been a growing interest over the last decades in the 

incorporation of remotely sensed soil moisture measurements into hydrological models for 

improving their prediction accuracy (Brocca et al., 2011; Peng et al., 2021; Reichle, 2008). This 

is mainly because of the increased availability of spatially distributed soil moisture observations 

with decent temporal resolution, notably from satellite L-band passive microwave remote 

sensing, which is a well-established method for mapping of near-surface soil moisture at global 

scale. In addition, the key role that soil moisture plays as the main state variable of hydrological 

model, thereby controlling streamflow estimates, could be considered as another reason.  

However, there is an ongoing argument regarding the usefulness of incorporating remotely 

sensed soil moisture into hydrological models to improve streamflow simulation and 

forecasting. While some studies have found significant improvement in simulation and 

forecasting of the streamflow (Brocca et al., 2012; Massari et al., 2015; Wanders et al., 2014), 

a considerable number of other studies have reported no to little benefit of satellite soil moisture 

in improving the streamflow simulation and forecasting (Alvarez-Garreton et al., 2014; Kumar 

et al., 2014; Parajka et al., 2006). 

For example, Jadidoleslam et al. (2021) found significant improvement in streamflow 

simulation after assimilation of the coarse-spatial resolution SMOS and SMAP soil moisture 

into a distributed hydrological model. Similarly, Azimi et al. (2020) reported the marked 

improvement in streamflow simulation following the assimilation of Sentinel-1 (a high 

resolution synthetic aperture radar) and SMAP soil moisture into a hydrological model. 

Conversely, Kumar et al. (2014) reported slight improvement in streamflow simulation after 

assimilation of soil moisture retrievals from AMSR-E. Lievens et al. (2015) found improvement 

only in peak flows after assimilation of SMOS soil moisture, whereas Parajka et al. (2006) 

reported no improvement at all in streamflow simulation when ingesting ERS scatterometer soil 

moisture. 

Overall, the lack of consensus among these studies on whether the incorporation of remotely 

sensed soil moisture into models improves the accuracy of streamflow simulation and flood 

forecasting or not might be explained by 1) the difference in models used (e.g., lumped, semi-

distributed or physically-based fully distributed models), 2) methods of assimilation used (i.e., 

direct insertion, ensemble Kalman filter, or particle filter), 3) watershed characteristics (e.g., 
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location, size, land cover, soil type, and dominant hydrological processes), and 4) characteristics 

of the assimilated remotely sensed soil moisture products (e.g., retrieval algorithm, accuracy 

and quality, penetration depth, spatial support, and temporal availability) (Mao et al., 2019). 

Moreover, as remotely sensed soil moisture represents only the upper few centimeters of the 

soil, the degree of its coupling with subsurface soil moisture could also determine the accuracy 

of hydrological model prediction (Capehart & Carlson, 1997; Chen et al., 2011b).  

The contrasting results among the different studies encourage to further explore the benefit of 

passive microwave satellite soil moisture in improving the accuracy streamflow simulation and 

forecasting. Interestingly, most of the abovementioned studies have assimilated remotely sensed 

soil moisture at its original resolutions (i.e., 25-50-km). This resolution is deemed sufficient for 

continental and global scale hydrometeorological applications, yet a host of 

hydrometeorological and agricultural applications at local and regional scales require soil 

moisture at high-spatial resolution (i.e., a kilometer or less). 

As mentioned above, considerable efforts have been made to downscale passive microwave 

satellite soil moisture products. However, the main focus of these efforts was to bridge the scale 

gap between the original coarse-resolution passive microwave soil moisture observations and 

ground measurements for the purpose of validation. Nevertheless, only few studies have 

explored the benefit of downscaled passive microwave soil moisture for hydrological 

applications, e.g. Abbaszadeh et al. (2020); López et al. (2016).  

Considering the above insights, the present study focuses on assimilation of the original (36-

km) and downscaled SMAP soil moisture to a range of spatial resolutions including 1-, 3- and 

9-km into a physically based distributed hydrological model. Previous studies have considered 

only downscaled SMAP soil moisture at 1-km resolution (Abbaszadeh et al., 2020; Le et al., 

2022), but in the present study the downscaled SMAP to a range of spatial resolutions are 

assimilated . In addition, distinctively from most of the previous studies which focused on the 

use of computationally demanding techniques such as ensemble Kalman filter for the integration 

of remotely sensed soil moisture products into hydrological models, here we used the simplest 

data assimilation scheme known as the direct insertion approach, as the intended purpose is to 

assess the added value of incorporating soil moisture for streamflow prediction.  
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Overall, this study aims to evaluate the utility of the insertion of the SMAP soil moisture 

products with a range of spatial resolutions (i.e., downscaled and original resolutions) into a 

physically based distributed hydrological model for enhancing of streamflow prediction. 

5.3  Materials and Methods 

5.3.1 Study area  

The Susquehanna watershed and its head sub-watershed, the Upper Susquehanna, located in the 

Northeastern part of the United States with an approximate area of 71,000 and 21,000 km2, 

respectively, were considered in this study, see Figure 5.1. The average annual precipitation of 

the Susquehanna watershed varies between 800 and 1250-mm, whereas the mean annual 

temperature for the northern and the southern portion of the watershed is 6 and 12 oC, 

respectively. The dominant land cover is forest (55 %) followed by agriculture (33 %). Peak 

streamflow occurs during the spring season because of the collective effect of snowmelt and 

rainfall, whereas low flow is usually experienced in late summer and early fall.  

On the other hand, the Upper Susquehanna River Basin is characterized by a mixture of forest 

and farmland. Its average annual precipitation varies between 86 and 110-mm, while its 

minimum and maximum temperature varies between -11 and -9, and 25 and 29 oC, respectively. 

Its peak and low streamflow occur during spring and late summer, respectively. 

5.3.2 Description of data 

The SMAP soil moisture products 

The SMAP level 3 soil moisture product (L3SMP) with spatial resolution of 36-km was 

downloaded from the NASA National Snow and Ice Data Center Distributed Active Archive 

Center (NSIDC DAAC) (https://nsidc.org/data/smap/ accessed date 30 May 2019). Besides the 

L3SMP, we also utilized the downscaled L3SMP soil moisture data. For downscaling, we 

trained random forest machine learning (RF ML) technique using a range of predictors such as 

land surface temperature (LST), normalized difference vegetation index (NDVI), albedo and 

elevation among many others. The L3SMP was used as response variable and the training was 

carried out at resolution of L3SMP (i.e., 36-km) (Wakigari & Leconte, 2022).  

https://nsidc.org/data/smap/
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Figure 5.1 Location of the study area: Upper-Susquehanna (left) and Susquehanna watersheds 

(right) 

The high-resolution predictors were aggregated to this resolution during the training. Finally, 

after verification of the model at coarse-spatial resolution, it was applied to the high-resolution 

predictors to predict soil moisture at higher spatial resolutions. Hence, for this study, we 

downscaled the L3SMP soil moisture to 1-, 3- and 9-km. For further details, the reader can refer 

to our recent publication (Wakigari & Leconte, 2022). 

In a nutshell, the soil moisture active passive (SMAP) is the NASA’s Earth satellite mission 

launched on January 31, 2015 for the estimation of near-surface soil moisture across the globe. 

It is a sun-synchronous, near-polar orbit satellite with a revisit time of 2-3 days. Its equator 

crossing time for ascending and descending overpasses is 6:00 PM and 6:00 AM local time, 

respectively. It was originally formed from combination of an L-band radar and an L-band 

radiometer, but the radar component ceased shortly after launch. Nevertheless, the SMAP 

radiometer component alone continued the generation of near-surface soil moisture roughly at 

36-km resolution. 
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Hydrometeorological data 

Daily surface precipitation and temperature (i.e., maximum and minimum) were collected from 

PRISM (Parameter-Elevation Regressions on Independent Slopes Model) (Daly et al., 2008), 

which is a gridded dataset with a 4 × 4 km grid resolution produced from a set of in-situ 

measurements across CONUS using terrain-aware interpolation techniques. It was developed 

by the PRISM Climate Group at Oregon State University (http://www.prism.oregonstate.edu) 

The streamflow observations with daily temporal resolution were obtained from the United 

States Geological Survey (USGS) at gauge stations located at Towanda (1531500), Harrisburg 

(1570500), and Conowingo (1578310). 

Ensemble meteorological data 

The ensemble of daily precipitation and temperature data was obtained from the Ensemble 

Meteorological Dataset for Planet Earth (EM-Earth), which is downloaded from Federated 

research data respiratory (FRDR) of Canada (https://www.frdr-dfdr.ca/repo/). It is a recently 

developed global dataset consisting of deterministic and probabilistic estimates of daily 

precipitation, mean and range of daily temperature for historical period of 1950 to 2019 (Tang 

et al., 2022). It has a spatial resolution of roughly 10-km.  

EM-Earth was produced following two sequential steps. First, the EM-Earth deterministic 

estimate was produced by merging station-based serially complete dataset with ERA-5 

reanalysis and second, the ensemble members were generated from merged data using 

spatiotemporally correlated random fields. For further technical details about this data is 

available in Tang et al. (2022).  

In this study, precipitation and maximum/minimum temperature with an ensemble size of 25 

members were used to drive a distributed hydrological model. As EM-Earth did not provide the 

maximum and minimum temperature, they were estimated from the mean and range of daily 

temperature. Characteristics of all the data used in this study are summarized in Table 5.1. 

 

http://www.prism.oregonstate.edu/
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Table 5.1 Summary of the data used in this study 

Data unit Data source 

Spatial 

resolution 

(km) 

Temporal 

resolution 

(Days) 

Length of 

data record 

(years) 

Data for model setup 

Precipitation mm 
PRISM 4  

1 

 

1981-2016 
Temperature oC 

Streamflow m3/s USGS - 

Data for ensemble streamflow simulations 

Precipitation mm 
EM-Earth 10 1 

 

2017-2019 
Temperature oC 

SMAP soil 

moisture 
m3/m3 NSIDAC 36/9/3/1 2-3 

 

5.3.3  Hydrological model description 

A continuous and physically based distributed hydrological model called HYDROTEL (Fortin 

et al., 2001) was employed. It is developed at Institut National de la Recherche Scientifique 

(INRS) in Quebec (Canada) with aim of making good use of GIS and to capitalize on remotely 

sensed data for simulation of hydrological processes (Fortin et al., 2001) in watersheds with a 

variety of physiographic and hydroclimatic characteristics. It is operationally in use at the 

Direction principale des prévisions hydriques et de la cartographie (DPPHcC) (a government 

organization which produces river forecasts).  

In HYDROTEL, the watershed is spatially discretized into relatively homogeneous hydrological 

units (RHHUs) using PHYSITEL, which is a GIS framework specifically developed for 

HYDROTEL to spatially discretize the watershed based on river networks, elevation, land cover 

and soil types. Accordingly, in this study, the Susquehanna watershed was discretized into 1025 

RHHUs. 

This model has six major modules and each one of them has several options of simulation with 

a range of complexity and data requirement (Table 5.2). 
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Table 5.2 HYDROTEL modules and their simulation alternatives  

Modules Available options 

Interpolation of meteorological data Thiessen polygons*,  

Weighted mean of nearest three stations 

Snow accumulation and melt Mixed (degree-day) energy budget model, 

Multilayer model* 

Soil temperature and soil freezing Rankinen*, Thorsen 

Potential evapotranspiration Thornthwaite, Linacre, Penman, 

Priestley-Taylor, Hydro-Quebec*, 

Penman-Monteith 

Vertical water budget BV3C*, CEQUEAU 

Overland water routing Kinematic wave equation* 

Channel water routing Modified Kinematic wave equation*, 

Diffusive wave equation 

*refers to selected sub-modules for simulation in this study 

As this study focused on the assimilation of SMAP soil moisture the soil moisture module (i.e., 

the vertical water balance module) is briefly described herein. An extensive description of the 

remaining modules can be found in Fortin et al. (2001). 

The vertical water balance module simulates vertical distribution of soil moisture in the soil 

profile. There are two possible sub-modules: BV3C and CEQUEAU. In this study, BV3C was 

employed. The BV3C is a French abbreviation which stands for “Bilan Vertical à 3 Couches”, 

which can be translated as ‘a three-layer vertical water budget’ (Fortin et al., 2001; Jougla & 

Leconte, 2022). In BV3C, the soil column is vertically discretized into three layers. The first 

layer represents the top few centimeters (typically 5 to 10 cm) which is commensurate with the 

penetration depth of L-band passive microwave remote sensing satellites such as SMAP. This 

layer is used for partitioning of the rainfall and/or snow melt into surface runoff and infiltration. 

The second layer has a depth of 70 to 120 cm and is responsible for producing interflow, whereas 

the third layer is often close to saturation with typical depth of 200 to 400 cm, and it is 

responsible for producing baseflow. The water exchange between these layers is controlled by 

the one-dimensional Richards equation. 

Calibration and validation of HYDROTEL 

The dynamically dimensioned search (DDS), an automatic calibration technique, was used to 

calibrate model simulation against observed streamflow for the historical time period of 1981-

2006 with the objective of maximizing the Nash Sutcliffe efficiency (NSE) criterion. The model 
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was validated for the 2007-2016 time period. Both calibration and validation were performed at 

a daily time step. Distinct models were calibrated/validated for the Susquehanna and Upper 

Susquehanna watersheds. The entire Susquehanna watershed is first calibrated at the outlet and 

then the Upper Susquehanna watershed is separately calibrated.  

It is worth noting that the calibrated model is used in this study. This is because HYDROTEL 

model has some conceptual representation requiring calibration to obtain better results. 

However, if the model was fully physically-based (e.g., WRF-HYDRO), calibration would not 

be that important. In addition, assimilation of brightness temperatures could be possible for fully 

physically based models, whereas for HYDROTEL it is not handy compared to assimilation of 

satellite soil moisture.  

The performance of the model was evaluated using NSE and the Kling Gupta Efficiency (KGE). 

The NSE and KGE value ranges between −∞ and 1. NSE or KGE value of 1 indicates a perfect 

model agreement between the simulated and observed streamflow (i.e., ideal condition). In 

general, the higher the NSE and KGE values, the better the performance of the model and vice 

versa. 

5.3.4  Experimental setup 

A simple assimilation technique known as direct insertion technique (Walker et al., 2001) was 

adopted for updating the HYDROTEL model with the SMAP soil moisture. This approach 

involves directly replacing the model simulated top-layer soil moisture with the SMAP soil 

moisture. In this study, we used assimilation interchangeably with the direct insertion. Prior to 

replacing the simulated soil moisture, the SMAP soil moisture was bias corrected to model 

simulated soil moisture using the cumulative distribution function matching approach (CDF) so 

that they could have similar climatology. As the main objective of this paper is to scrutinize the 

added value of SMAP-derived soil moisture in a hydrological model for flow simulation, the 

direct insertion technique was deemed appropriate compared to more complex assimilation 

techniques such as Ensemble Kalman Filter. 

The introduction of the SMAP soil moisture into HYDROTEL model involves replacing the 

simulated soil moisture at each RHHUs by the model with corresponding SMAP grid cell 
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values. If there are more than grid pixels of SMAP in given RHHUs, then their average was 

taken to replace RHHUs. 

A suite of experiments was implemented by alternately updating the HYDROTEL model with 

different spatial resolutions of SMAP soil moisture including the original SMAP at 36-km and 

downscaled SMAP at 9-, 3- and 1-km resolutions. Model updating was carried out whenever 

the SMAP soil moisture with full watershed coverage is available (every 3-5 days), followed by 

model propagation of soil moisture (from surface soil to deeper layers) until the next SMAP soil 

moisture observation becomes available. Putting differently, the frequency of updating depends 

on the availability of SMAP soil moisture observations with full watershed coverage. 

Alternatively, the model was also updated depending on important rainfall events that could 

generate high streamflow events, this is to investigate whether varying the frequency of 

updating, hence the duration of model propagation, will impact on streamflow simulation 

(which is relevant in an operational flow forecasting environment). In the end, a non-updated 

HYDROTEL model, also known as open loop, was forced with the ensemble of precipitation 

and temperature time series to generate ensemble streamflow and used as benchmark for 

comparison to other experiments (Figure 5.2). 

In another experiment, in addition to the model’s top-layer, its second layer was updated by 

using vertically extrapolated SMAP soil moisture. The adopted vertical extrapolation method 

was based on a simple assumption that the model simulated surface soil moisture has strong 

relationship with deep layer soil moisture. Thus, polynomial curve fitting was performed in 

order to establish an empirical relationship between model simulated surface and second layers 

soil moisture, which then used to vertically extrapolate the SMAP surface soil moisture. This 

experiment is meant to bypass the time the model takes to self adjust to new surface soil moisture 

observations, i.e., model propagation of soil moisture from top to bottom layer. 

Here it is worthwhile to be aware that this assumption is not the best assumption, as the surface 

and deep layer soil moisture response to precipitation varies. In other words, the lagging of root 

zone soil moisture behind surface soil moisture both in wetting and drying could affect the 

assumption. In particular, this assumption neglects potential surface/subsurface soil moisture 

decoupling effects, which can be significant in fine textured soils with low vegetated surfaces 

(Capehart and Carlson, 1997). However, our intent is to give a general picture because of the 
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paucity of in-situ soil moisture over the Susquehanna watershed to implement more robust 

method such as exponential filtering or ML techniques. 

Finally, to investigate the relationship between the spatial resolution of downscaled SMAP soil 

moisture and size of the watershed, the model was run at the outlets of the Susquehanna 

watershed and its upper sub-watershed (i.e., known as the Upper Susquehanna watershed) 

(Figure 5.1).  

 

 

Figure 5.2 Framework of the methodology implemented 

5.3.5  Evaluation of the benefit of updating the model with SMAP soil moisture  

The added value of direct insertion of the SMAP soil moisture in improving model performance 

for prediction of the ensemble streamflow simulation was estimated by means of the efficiency 

index (Eff), the Normalized root mean square error (NRMSE) and the Continuous Ranked 

Probability Skill Score (CRPSS). The Eff (equation (5.1)) measures the effect of assimilation 

with respect to the open loop run. A positive Eff value indicates improvement of ensemble 

streamflow simulation due to assimilation of the SMAP soil moisture, whereas the negative 

value indicates deterioration. 
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                    (5.1) 

where Qobs is observed streamflow, 𝑄𝑢𝑝̅̅ ̅̅  and 𝑄𝑜�̅� mean of ensemble of simulated streamflow by 

the updated and non-updated (ol) model, respectively. 

The NRMSE (equation (5.2)) represents the ratio of the root mean square error (RMSE) between 

predicted ensemble streamflow after soil moisture assimilation and observed streamflow to the 

RMSE of between the open loop ensemble and observed streamflow. It provides information 

about the ensemble spread and the ensemble mean performance. Its value greater than 1 

indicates the deterioration of the results, whereas a value lower than 1 shows improvement. 
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where n and T are ensemble size and length of time series considered. 

In addition, the CRPSS (equation (5.3)) is employed to assess the skill of the ensemble 

streamflow simulation. Its score varies between −∞ and 1. A score greater than zero indicates 

an improvement in the accuracy of the ensemble streamflow simulations due to updating of the 

model with the SMAP soil moisture. 

 𝐶𝑅𝑃𝑆𝑆 = 1 −
𝐶𝑅𝑃𝑆𝑢𝑝𝑑𝑎𝑡𝑒𝑑

𝐶𝑅𝑃𝑆𝑛𝑜𝑛−𝑢𝑝𝑑𝑎𝑡𝑒𝑑
 

 

                 (5.3) 
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0(𝑥) ]
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∞
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𝐹0(𝑥) = {
0, 𝑥 ≤  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑟𝑒𝑎𝑚𝑓𝑙𝑜𝑤 𝑣𝑎𝑙𝑢𝑒
1, 𝑥 >  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑟𝑒𝑎𝑚𝑓𝑙𝑜𝑤 𝑣𝑎𝑙𝑢𝑒 

 

where the CRPS is the Continuous Ranked Probability Score, Fi(x) and Fo
i(x) are probability 

density function of the member of the ensemble simulation and observation, respectively. 

The summer season of 2018 (May to October) was selected for evaluation. 
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5.4  Results 

5.4.1  Deterministic calibration and validation of HYDROTEL 

Figure 5.3 displays a comparison of daily time series of observed and simulated streamflow at 

the outlet of the Susquehanna watershed during calibration and validation periods. The visual 

comparison indicates that both the timing and magnitude of simulated streamflow is in 

reasonable agreement with the observed streamflow, apart from the underestimation or 

overestimation of some of the peak events. Besides, the low flows are well reproduced by the 

model. Furthermore, the statistical metrics confirmed good model performance in both 

calibration (NSE=0,81 and KGE=0,76) and validation (NSE =0,78 and KGE=0,74). Similarly, 

for the Upper Susquehanna watershed the NSE (KGE) values of 0,68 (0,64) and 0,63 (0,60) 

were obtained during calibration and validation, respectively. 

 

 

Figure 5.3 Comparison of time series of simulated and observed streamflow at the outlet the 

Susquehanna watershed 

5.4.2  Downscaling of the SMAP soil moisture 

Figure 5.4 shows an example of maps of the spatial distribution of the original SMAP soil 

moisture with resolution of 36-km and its downscaled version at 1-, 3- and 9-km, for 17th of 

June 2018. The downscaled SMAP soil moisture at all spatial resolutions well reproduced the 

spatial patterns of their original counterpart. For example, the eastern and western parts of the 

watershed are characterized by wetter soil moisture conditions, whereas the northern and 

southern parts are characterized by lower and medium range soil moisture, respectively both 

for the original and downscaled versions. In addition, at higher-spatial resolutions, e.g., at 1- 

Calibration period Validation period 
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and 3-km, the effect of land covers on the downscaled soil moisture is easily discernable. This 

is a direct effect of including land cover related predictors in the downscaling algorithm, such 

as the NDVI and LST. In addition, it can be inferred from the figure that the spatial details of 

the SMAP soil moisture is increased after downscaling, notably the downscaled SMAP at 1-

km presents more spatially detailed soil moisture information followed by downscaled SMAP 

at 3-and 9-km. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.4 The SMAP soil moisture maps at a) 36-, b) 9-, c) 3- and d) 1-km spatial resolutions on June 

17,2018 (Wakigari & Leconte, 2022) 

Figure 5.5. shows maps of spatial distribution of PRISM precipitation across the Susquehanna 

watershed from June 13 to 16 inclusively. As can be seen in the figure the lower part of the 

watershed is characterized by low precipitation especially on June 13th of 2018, whereas the 

northeastern and northwestern parts are characterized relatively by higher precipitation. The 

next day, June 14th the lower part of the watershed received high precipitation, whereas the 

m3/m3 
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middle-western part received precipitation with medium to high ranges. During the remaining 

consecutive days, the watershed almost did not receive precipitation.  

Overall, the SMAP soil moisture displayed in Figure 5.4 well responded to precipitation showed 

in Figure 5.5. For example, soil moisture in the western and lower northeastern parts are wet 

due to precipitation on June 13 and 14 of 2018.  

 

Figure 5.5 Precipitation maps over the Susquehanna watershed for four consecutive days 

preceding the date of SMAP soil moisture map shown in Figure 5.4 

5.4.3 Updating model with SMAP soil moisture of different spatial resolutions 

This section presents the results of assimilation of the SMAP soil moisture with different spatial 

resolutions into the HYDROTEL model to update its topsoil layer which has optimized depth 

of 5 cm to commensurate with depth of the SMAP soil moisture. However, only the results of 

the model updated by 36- and 1-km soil moisture products were presented in the figures to avoid 

over crowdedness, but the performance metrics for all the resolutions are presented in Table 5.4 

and Table 5.5. 

Figure 5.6 displays the comparison of the ensemble streamflow simulations between the non-

updated (i.e., open loop) and updated model with the original (36-km) and downscaled SMAP 

mm 
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soil moisture (1-km). As can be seen from the figure, compared to the non-updated model 

(Figure 5.6a), updating of the model both with the original (Figure 5.6b) and downscaled SMAP 

(Figure 5.6c) soil moisture reduced the ensemble spread while keeping the observed streamflow 

within the simulated ensemble spread. For example, during the end of July and beginning of 

August the non-updated model produced a large ensemble spread, but after assimilation of the 

original and downscaled SMAP at 1-km, the simulated ensemble peaks were reduced and 

matched well with the observation. Indeed, the ensemble mean also shifted towards the 

observation and adequately captured its magnitude and timing.  

When comparing among different spatial resolutions, assimilation of the 1-km downscaled 

SMAP soil moisture reduced the ensemble spread and improved the simulation of ensemble 

mean followed by the 3- and 9-km downscaled SMAP products, and lastly, by the original 36-

km version of SMAP. Corresponding statistical metrics are presented in Table 5.4.  

 

Figure 5.6 The ensemble streamflow simulations by the a) non-updated model, and updated 

model with SMAP soil moisture at b) 36- and c) 1-km. 

5.4.4  Updating the model intermediate soil layer  

The soil moisture in the intermediate (i.e., the second layer) layer plays an important role in the 

runoff generation. In this experiment besides the top layer of the model, the vertically 
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extrapolated SMAP soil moisture was used to update the second layer of the HYDROTEL 

model, which has thickness of about 70 cm.  

Figure 5.7 shows the comparison of the ensemble streamflow simulations between the non-

updated and the updated model with both surface and vertically extrapolated SMAP soil 

moisture. Compared to the non-updated model (Figure 5.7a), the  assimilation of both surface 

and vertically extrapolated SMAP soil moisture into model’s top and second layers, 

respectively, reduced the ensemble spread and moved the ensemble mean closely to observation 

both for the cases of the original (Figure 5.7b) and downscaled SMAP at 1-km (Figure 5.7c).  

When comparing among the SMAP spatial resolutions, the assimilation of the 1-km downscaled 

SMAP soil moisture showed better results than the original SMAP. For example, the ensemble 

mean of the updated model with the downscaled SMAP at 1-km closely matches the observed 

streamflow than when updating the model with the original SMAP (Figure 5.7). Similarly, the 

spread of the ensemble is slightly lower for the downscaled SMAP at 1-km. Generally, the 1-

km downscaled SMAP is more effective in improving the accuracy of the ensemble streamflow 

simulations followed by the 3-, 9- and 36-km SMAP resolutions, respectively. 

 

Figure 5.7 The ensemble streamflow simulations by the a) non-updated, and updated model with 

SMAP surface and vertically extrapolated soil moisture at b) 36- and c) 1-km 
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Comparing the results of updating only the top layer of the model (Figure 5.6) with the updating 

both the top and second layers (Figure 5.7), the latter agrees well with the observation, notably 

when the 1-km downscaled SMAP soil moisture is assimilated. For example, in Figure 5.6c the 

ensemble underestimated the observed streamflow peak near the end of July, but after updating 

both top and second layers, the ensemble well captured the observed peak as can be seen in 

Figure 5.7c. Corresponding statistical metrics are presented in Table 5.4 

5.4.5  Updating the model at different frequencies 

This section presents the results of the impact frequency of updating of the model on its 

prediction. The model was updated based on the watershed-averaged high rainfall events (Figure 

5.8) prior to a runoff event, in contrast to the previous sections where the updating of the model 

was based on the availability of SMAP soil moisture with full watershed coverage. As can be 

seen in the Figure 5.8, about 10 rainfall events which produced high streamflow events were 

selected, of which three are very high (i.e., end of August, mid-August and mid-September). 

The plotted histogram represents time series of watershed averaged precipitation, whereas the 

blue line indicates the observed streamflow at the outlet of the Susquehanna watershed. The 

selection of high rainfall events was based on a simple graphical visualization approach, where 

the watershed averaged rainfall events are plotted along with the corresponding magnitude of 

streamflow. In this context, only those rainfall events which generated high streamflow events 

are selected visually.  It is worth noting that this approach reduces the frequency of updating 

compared to the updating when the SMAP soil moisture with full watershed coverage is 

available. In other words, the model was left to propagate the soil moisture information over 

longer periods of time between successive updating times. The model updating dates are 

presented in Table 5.3 and also indicated in Figure 5.8 by vertical black dashed lines. 
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Figure 5.8 The observed streamflow at the outlet of the Susquehanna watershed and watershed 

averaged rainfall time series  

Table 5.3  Model updating dates for the rainfall events-based updating 

S.No. Date S.No. Date S.No. Date 

1 2018-05-12 5 2018-09-06 9 2018-10-11 

2 2018-07-20 6 2018-09-17 10 2018-10-25 

3 2018-08-01 7 2018-09-25   

4 2018-08-11 8 2018-10-02   

 

Figure 5.9 shows comparison of the ensemble streamflow simulations of the non-updated and 

updated model with the 1-km downscaled and original SMAP surface soil moisture prior to the 

selected rainfall events (Figure 5.8). The updating was made for the top layer of the model. After 

updating the model, the spread of the ensemble is reduced, and mean of the ensemble members 

closely matches the observation. A visual comparison between the results of updating the model 

based on high rainfall events (Figure 5.9) and updating of the model based on the availability of 

SMAP soil moisture (Figure 5.6) shows no apparent differences.  
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Figure 5.9 The ensemble streamflow simulations by the a) non-updated, and b) updated model 

with SMAP soil moisture at b) 36- and c) 1-km based on high rainfall events 

Besides the visual interpretations, Table 5.4 summarizes the statistical performance of all the 

experiments implemented in this study for the Susquehanna watershed. The statistical metrics 

generally indicated the outperformance of the updated model for all the SMAP resolutions 

compared to the non-updated model. However, the degree of accuracy varies with the spatial 

resolution assimilated into the model. For example, updating with the 1-km downscaled SMAP 

surface soil moisture showed better performance (Eff=87,30 m3/s, NRMSE=0,81 and 

CRPSS=0,17) compared to updating with the original version of SMAP surface soil moisture 

with resolution of 36-km (Eff=66,03 m3/s, NRMSE=0,85 and CRPSS=0,10). Similarly, the 3- 

and 9-km spatial resolution generally have performance better than the original resolution of 

SMAP. However, downscaling to higher-spatial resolution such as 1- and 3-km did not bring 

significant further improvements compared to the 9-km downscaled SMAP (Table 5.4). 
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Table 5.4 Statistical metrics results of assimilation experiments 

Updated by surface soil moisture 

SMAP 

resolution 

(km) 

 
Updated when 

SMAP available 
 

Updated based on 

rainfall events 

 Eff NRMSE CRPSS  Eff NRMSE CRPSS 

36  66,03 0,85 0,10  89,50 0,84 0,11 

9  92,89 0,80 0,17  98,73 0,78 0,21 

3  91,55 0,795 0,16  98,97 0,77 0,23 

1  87,30 0,81 0,17  99,50 0,77 0,24 

Updated by surface and vertically extrapolated soil moisture 

SMAP 

resolution 

(km) 

 
Updated when 

SMAP available 
 

Updated based on 

rainfall events 

 Eff NRMSE CRPSS  Eff NRMSE CRPSS 

36  62,20 0,87 0,03  76,86 0,84 0,10 

9  91,55 0,79 0,06  99,86 0,74 0,23 

3  99,58 0,80 0,04  100 0,76 0,20 

1  99,70 0,80 0,04  99,72 0,76 0,17 

 

When comparing the model updated with the SMAP surface soil moisture with the one updated 

with both surface and vertically extrapolated SMAP, the latter demonstrated a slightly better 

performance than the former in terms of Eff for the 1- and 3-km resolution. However, the 

NRMSE almost remain the same for all the resolutions and CRPSS is reduced for all the 

resolutions as shown in Table 5.4.  

Similarly, when considering SMAP surface soil moisture only, the high rainfall events based 

updating generally improved the model performance for all the resolutions of SMAP soil 

moisture than when updating based on the availability of SMAP surface soil moisture. For 

example, updating the model with the 1-km downscaled SMAP surface soil moisture based on 

high rainfall events increased Eff from 87,30 m3/s to 99,50 m3/s, reduced NRMSE from 0,81 to 

0,77 and increased the CRPSS from 0,17 to 0,24. 

5.4.6  Updating the model at sub-watershed scale 

The assimilation of the SMAP surface soil moisture downscaled to different spatial resolutions 

was also carried out at sub-watershed scale (i.e., the Upper Susquehanna watershed (Figure 

5.1a)) and compared with the results obtained in the previous sections for the Susquehanna 

watershed. The objective here is to evaluate the impact of assimilation of different spatial 

resolutions of downscaled SMAP on model performance in relation to watershed size. 
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Figure 5.10 shows the ensemble streamflow simulations by the non-updated and updated model 

with the original and downscaled SMAP surface soil moisture at 1-km for the Upper 

Susquehanna watershed. Compared to the non-updated model (Figure 5.10a), the updated model 

with the SMAP soil moisture at both spatial resolutions reduced the ensemble spread while 

keeping the ensemble mean closer to the observation. When comparing between the 1-km and 

original SMAP soil moisture, for example during mid-August and end of September, the spread 

of the ensemble further lowered when assimilating the 1-km downscaled SMAP soil moisture 

(Figure 5.10b) than the original SMAP with resolution of 36 km (Figure 5.10c). Likewise, the 

ensemble mean agrees well with observed streamflow for the 1-km downscaled SMAP than the 

original SMAP. These results are comparable to those obtained over the entire Susquehanna 

watershed. 

 

Figure 5.10 Comparison of the ensemble streamflow simulations between the a) non-updated, 

and b) updated model with SMAP surface soil moisture at b) 36-km and c) 1-km for the Upper 

Susquehanna watershed 

Table 5.5 presents the comparison of the performances of assimilation of the SMAP soil 

moisture at watershed and sub-watershed scales. At both scales, the assimilation of the SMAP 

soil moisture at all spatial resolutions improved the performance of the model, as indicated by 

the NRMSE value less than one, the Eff and CRPSS values greater than zero (Table 5.5). 

Interestingly, the assimilation of the 1-km downscaled SMAP soil moisture shows more 

improvement at sub-watershed scale with Eff, NRMSE and CRPSS values of 97,90, 0,72 and 
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0,21, respectively, than at watershed scale with Eff, NRMSE and CRPSS values of 87,30, 0,81 

and 0,17, respectively. Model improvement is also noted at 3-km resolution on the Upper 

Susquehanna, but to a lesser extent than at 1-km. Likewise, the  assimilation of the 1-km 

vertically extrapolated downscaled SMAP soil moisture shows significant improvement at the 

sub-watershed scale than at the watershed scale as can be seen in Table 5.5. 

Table 5.5 Statistical performance of the experiments at watershed and sub-watershed scale 

Top layer of the model updated 

SMAP spatial 

resolution 

(km) 

Watershed  Sub-watershed 

Eff NRMSE CRPSS  Eff 
NRMS

E 
CRPSS 

36 66,03 0,85 0,10  62,76 0,77 0,14 

9 92,89 0,80 0,17  90,30 0,74 0,16 

3 91,55 0,795 0,16  96,80 0,73 0,19 

1 87,30 0,81 0,17  97,90 0,72 0,21 

Top and deep layer of the model updated 

36 62,20 0,87 0,03  63,27 0,85 0,07 

9 91,55 0,79 0,06  94,83 0,81 0,08 

3 94,58 0,80 0,04  99,98 0,75 0,07 

1 96,70 0,80 0,04  99,42 0,76 0,06 

 

5.5  Discussion 

5.5.1  Assimilation of the SMAP soil moisture 

Updating of the model through direct insertion of the SMAP soil moisture at all the spatial 

resolutions resulted in a considerable improvement in the accuracy of the ensemble streamflow 

simulations compared to the non-updated model (i.e., open loop), see Table 5.4. However, the 

degree of improvement varies depending on the spatial resolution of the inserted SMAP soil 

moisture. For example, the direct insertion of the 9-km downscaled SMAP soil moisture 

markedly improved the ensemble streamflow simulations and performed better compared to the 

original SMAP soil moisture with resolution of 36-km, whereas the insertion of the 1- and 3-

km downscaled SMAP soil moisture did not bring additional improvement compared to the 

downscaled SMAP at 9-km.  

The downscaling of the SMAP soil moisture generally improved the representation of spatial 

heterogeneity of soil moisture and this heterogeneity is heavily dependent on the complex 
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interaction of intertwined geophysical and atmospheric factors such as soil properties, 

topography, vegetation and meteorological forcing (Crow et al., 2012). However, the effect of 

these factors varies based on the spatial scale. For example, at larger scale the meteorological 

forcing plays an important role, whereas at finer scale topography and soil properties such as 

texture become more crucial (Western et al., 2002). This insight supports the importance of 

downscaling the coarse resolution SMAP soil moisture products to higher-spatial resolutions in 

order to capture soil moisture spatial variability at finer scale. Indeed, possibly for this reason, 

the downscaled SMAP at all resolutions gave better results than the original SMAP soil 

moisture. However, because of the large size of the Susquehanna watershed, downscaled SMAP 

at 9-km adequately represented the spatial heterogeneity of soil moisture in the watershed, 

thereby substantially improving the streamflow simulation and reducing the importance of going 

to higher spatial resolutions (i.e., 1- and 3-km) as there is no further improvement in the accuracy 

of ensemble streamflow simulation as shown in Table 5.4. 

Differently from previous studies such as that of Abbaszadeh et al. (2020) which focused on 

assimilation of SMAP at 1- and 36-km for the watershed with area of roughly 2,577 km2, our 

study updated the model with the SMAP soil moisture with resolutions of 1-, 3- ,9- and 36-km 

for a large watershed with area of 71,000 km2. Nevertheless, their results are in line with our 

findings showing improvement in the model prediction of streamflow after assimilation of the 

downscaled SMAP at 1-km compared to its original version with resolution of 36-km. Similarly, 

Le et al. (2022) found improvement in the accuracy of streamflow simulation after assimilation 

of the SMAP enhanced soil moisture (9-km) and its downscaled version at 1-km into SWAT 

model. They reported significant improvement in the accuracy of streamflow simulation when 

the downscaled SMAP at 1-km assimilated for eight watersheds with area ranging from 267 to 

6430 km2. In general, our study area is roughly 10 to 20 times larger than the study areas of 

Abbaszadeh et al. (2020) and Le et al.(2022), which suggested that for our case the downscaled 

SMAP at coarser resolution (i.e., 9-km) is adequate enough for simulation of accurate 

streamflow as mentioned previously. 

In the context of the ongoing controversy regarding the usefulness satellite soil moisture, our 

study supports those studies that found the effectiveness of satellite soil moisture in improving 

the accuracy of model prediction (Abbaszadeh et al., 2020; Azimi et al., 2020; Luca Brocca et 
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al., 2012; Le et al., 2022; Loizu et al., 2018b). This is because, in our study, the insertion of the 

SMAP soil moisture both at its original and downscaled resolutions showed considerable 

improvement in the ensemble streamflow simulation when compared to the non-updated model. 

This study also demonstrated the effectiveness of a simple direct insertion technique for the 

assimilation of the SMAP soil moisture. This technique is simple and could be computationally 

faster than those used in many soil moisture assimilation studies such as the Ensemble Kalman 

Filter (Azimi et al., 2020; Lievens et al., 2015; Loizu et al., 2018a), particle filtering technique 

(Abbaszadeh et al., 2020) and a smoothing framework (Crow & Ryu, 2009). 

5.5.2  The effect of assimilation rootzone soil moisture 

Soil moisture at deeper depths has a strong impact on runoff generation (Brocca et al., 2012) . 

In this study, the assimilation of the vertically extrapolated SMAP soil moisture further 

improved the accuracy of the ensemble streamflow prediction when compared to the 

assimilation SMAP surface soil moisture only. However, the improvement is not that 

significant. For example, the NRMSE is only reduced by 0,01 for the 9- and 1-km resolutions, 

whereas for the 3- and 36-km there is no change. The Eff values are moderately increased, 

notably for the 3- and 1-km resolutions. However, the CRPSS values are reduced for all the 

SMAP resolutions, see Table 5.4. This inconsistency in improving the model performance 

among the inserted resolutions of the SMAP soil moisture could be attributed to the simple 

empirical polynomial fitting approach adopted for the vertical extrapolation of the SMAP 

surface soil moisture. This approach has no strong physical basis, as opposed to those used in 

the previous studies such as the exponential filter (Albergel et al., 2008; Brocca et al., 2012). In 

addition, the paucity of in-situ soil moisture measurements in the study area impedes the 

validation of the proposed method.  

Compared to previous studies such as the one by Brocca et al. (2012) which reported marked 

improvement in the model performance after assimilation of the vertically extrapolated ASCAT 

soil moisture, our study found only slight improvement after updating the second layer of the 

model with the vertically extrapolated SMAP soil moisture. This is because besides the 

difference in the extrapolation method used as stated above, part of this inconsistency could be 

attributed to the difference in physiographic characteristics between the study watersheds. Our 
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study watershed is large and dominated by forest where there could be strong vertical coupling 

between the top and second layers compared that of Brocca et al. (2012) which is small 

watershed with area of 137 km2 and mainly covered with woods and croplands. Thus, in our 

study, updating the second layer of the model might add water to the system, thereby upsetting 

the water balance and resulting in only slight improvement in the streamflow prediction 

compared to updating the top layer only.  

It is worth noting that Hydrotel has no means of compensating for the violation of water balance 

due to assimilation. However, it appears that the impact of assimilation propagates to the output 

(e.g., streamflow simulation or forecasting). Thus, correction of the model output through post-

processing could be a way forward. Another possible way is improving the subsurface physics 

of the model. Many hydrological models including Hydrotel were not designed for data 

assimilation purposes. Therefore, improving the algorithm of soil moisture module is very 

important in order to take into account the effect of assimilation (e.g., adding or removing water 

to soil)   

5.5.3  The effect of frequency of updating 

In the present study two approaches were adopted to update the model. In the first one, the 

model was updated based on the availability of the SMAP soil moisture with the full watershed 

coverage, whereas in the second approach the model was updated based on the expected high 

rainfall events. In the second approach, the frequency of updating was reduced since there are 

only a few high rainfall events.  

The decrease in the frequency of updating in the second approach further improved the accuracy 

of the ensemble streamflow simulation compared to the first approach. This improvement could 

be explained by the fact that the reduction in the frequency of updating provides more time for 

the assimilated SMAP soil moisture to adjust itself to the ambient conditions during the time 

between two successive events. Besides, the frequency of updating could be affected by the 

SMAP soil moisture retrieval quality, which in turn could affect the accuracy of the ensemble 

streamflow simulations. This simply to mean that the model performance possibly benefited 

from reducing the frequency of updating because the quality of the SMAP soil moisture might 

not be as optimal as it should be. This is primarily because of the presence of vegetation over 
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the Susquehanna watershed which affects the retrieval quality of the SMAP (Wakigari & 

Leconte, 2022). 

When it comes to updating based on the availability of SMAP soil moisture, this study is in line 

with those of Abbaszadeh et al. (2020), Jadidoleslam et al. (2021) and Le et al. (2022), who also 

reported improvement in model performance. However, with regard to updating based on high 

rainfall events, our finding disagree with the findings of Azimi et al. (2020) who reported 

decrease in model performance after reducing the model updating frequency with the ASCAT 

soil moisture for two small watersheds (i.e., Niccone (137 km2) and Chiascio (165 km2)) of the 

upper Tiber river basin (Italy).  

5.5.4  The impact of watershed size 

This study demonstrated that for the larger watershed (i.e., the Susquehanna watershed) the 

assimilation of the original resolution SMAP (i.e., 36-km) or downscaled SMAP at coarser 

resolutions (e.g., 9-km) per se improved the ensemble streamflow simulations. This is because 

the Susquehanna watershed is large in size and could be covered by a large number of pixels of 

the original or downscaled SMAP at coarser spatial resolutions. This in turn allows to adequately 

characterize the spatial variability of soil moisture in relation to runoff generation. On the other 

hand, for the Upper Susquehanna watershed, the 1- and 3-km downscaled SMAP soil moisture 

markedly improved the accuracy of the ensemble streamflow simulation. This is because these 

resolutions better represent the spatial heterogeneity of soil moisture for this watershed than the 

downscaled SMAP at 9-km or the original SMAP with resolution of 36-km. In other words, 

such spatial resolutions are hydrologically more commensurable with the size of the Upper 

Susquehanna watershed. Expressed differently, since only few pixels of coarse resolutions 

SMAP (e.g., 15 pixels for the 36-km product) can cover the Upper Susquehanna watershed, they 

are not sufficient enough to describe the spatial heterogeneity of soil moisture and its impact on 

watershed behavior. This is why downscaling to higher-spatial resolution is important for the 

Upper Susquehanna watershed. 

Similar results were reported by Le et al. (2022) through the  assimilation of the SMAP enhanced 

soil moisture (9-km) and its downscaled version at 1-km resolution for streamflow simulation 

in eight catchments with a range of areas from 267 to 6430 km2 across tropical Vietnam. They 
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found that the benefit of downscaled SMAP at 1-km is more pronounced for streamflow 

simulation in the smaller watersheds. This is consistent with our study which revealed that the 

1-km downscaled SMAP relative to the original SMAP improved the ensemble streamflow 

simulation, notably for the Upper Susquehanna watershed. In general, for the smaller watershed, 

going to higher-spatial resolution is important to adequately characterize the spatial 

heterogeneity of soil moisture and its impact on hydrological processes, yet for the larger 

watershed going to higher-spatial resolutions does not seem to offer significant benefits, while 

increasing computational workload. This because for the larger watershed spatial heterogeneity 

tend to decrease with the watershed size (Asano & Uchida, 2010). 

5.6  Conclusions 

Over the last decades, the availability of spatially distributed remotely sensed observations of 

near-surface soil moisture has been growing. This has sparked interest in the incorporation of 

these observations into distributed hydrological models. Hence, this study was designed to 

ingest the SMAP soil moisture with a range of spatial resolutions from 1- to 36-km into a 

distributed hydrological model called HYDROTEL using a direct insertion technique. A set of 

experiments was carried out to evaluate the impact of vertical extrapolation, frequency of 

updating and spatial resolution on simulation of the ensemble streamflow for two contrasting 

watersheds (i.e., the Susquehanna and one of its head sub-watersheds (the Upper Susquehanna 

watershed)), mainly in terms of size. 

The results showed that the assimilation of the SMAP soil moisture, at all the spatial resolutions 

(i.e., 1-, 3-, 9- and 36-km), improved the accuracy of the ensemble streamflow simulations in 

the Susquehanna watershed. When comparing the impact of spatial resolution of the SMAP soil 

moisture on the accuracy of ensemble streamflow simulations, the direct insertion of the 9-km 

downscaled SMAP soil moisture showed better accuracy and going to higher-resolution did not 

result in further improvement.  

As the root zone soil moisture plays an essential role in the runoff generation, the present study 

vertically extrapolated the SMAP surface soil moisture to deep layer and assimilated into the 

HYDROTEL model. The results demonstrated that the insertion of the vertically extrapolated 

SMAP soil moisture only slightly further improved the accuracy of the ensemble streamflow 
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simulations compared to the insertion of SMAP surface soil moisture only. This could be partly 

attributed to the simplicity of the assumption adopted, physiographic characteristics of the 

watershed (e.g., soil type and land cover) and lack of the in-situ soil moisture data for validation 

of the adopted extrapolation approach. 

The findings of this study also demonstrated that the direct insertion of the SMAP soil moisture 

based on the expected high rainfall events slightly increased the accuracy of the ensemble 

streamflow simulations and lowered the computational time compared to the updating based on 

the availability SMAP soil moisture. This is because reducing the frequency of updating offers 

more time for soil moisture to propagate to the rootzone between two subsequent updating times. 

With regards to the impact of the watershed size, the ensemble streamflow simulation at sub-

watershed scale was more benefited from the 1- and 3-km downscaled SMAP soil moisture than 

the original (36-km) or downscaled SMAP at coarse-spatial resolution (9-km). For the 

Susquehanna watershed, which is larger in size (i.e., 71,000 km2), the downscaled SMAP soil 

moisture at coarse-spatial resolutions could be sufficient for the optimum streamflow 

simulation, yet for the upper Susquehanna watershed with area of 20,000 km2 the downscaled 

SMAP at higher-spatial resolutions (i.e., 1- or 3-km) is important to properly describe the spatial 

heterogeneity of soil moisture. 

It is worth to mention that above half our study area is forested, which in turn affected the quality 

of the SMAP soil moisture retrieval. Indeed, the assimilation of the sub-optimal quality SMAP 

soil moisture retrieval over such an area can have impact on the accuracy of the simulated 

streamflow. Our study did not investigate this issue, which should be addressed particularly in 

the context of operational streamflow forecasting. 

In future studies, one could also compare the simple direct insertion technique adopted in the 

present study with computationally demanding techniques such as the ensemble Kalman filter 

and particle filter. The studies which use the ensemble of the actual weather forecast data in 

conjunction with assimilation of satellite soil moisture products for the operational streamflow 

forecast is also encouraged. Finally, studies on the comparison of the assimilation of different 

satellite soil moisture products (passive and active microwave remote sensing) could be 

interesting for identifying the most suitable product for a given watershed. 
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Résumé français  

En hydrologie, l’humidité du sol est une variable clef pour de nombreuses applications. La 

variation spatio-temporelle de l’humidité du sol peut être estimée à partir des données de 

télédétection satellitaire (SMOS et SMAP par exemple) ou de mesures au sol in-situ, chacune 

ayant ses propres forces et faiblesses. Par exemple, la télédétection permet une bonne captation 

de l'hétérogénité spatiale en surface, alors que les mesures in-situ offrent une haute qualité de 

mesure aux points d'observation et permette ainsi une bonne représentation de la dynamique 

verticale entre données de surface et en profondeur. Par conséquent, cette étude a pour objectifs 

1) de combiner les forces des produits SMAP avec les mesures in-situ et 2) d’explorer 

l’utilisation de cette combinaison pour améliorer les prévisions hydrologiques d’ensemble. Le 

site d’étude est le bassin versant de la rivière Au Saumon, drainant une surface de 1025 km2 dans 

l’est du Canada. Les mesures in-situ d’humidité du sol collectées sur le bassin versant Au 

Saumon ont été utilisées conjointement soit avec le produit d’humidité du sol SMAP de base 

(9-km de résolution) soit avec sa version à fine résolution spatiale obtenue par désagrégation 

d’échelle (1-km). Le produit d’humidité du sol à 1-km de résolution spatiale est issu d’un modèle 

de forêt aléatoire basé sur le produit de base SMAP à 9-km. Un filtre exponentiel a permis de 

faire l’extrapolation verticale de l’humidité du sol de surface issue de SMAP. La méthode par 

insertion directe a été utilisée comme méthode simple d’assimilation de données pour faire la 

mise à jour l’humidité du sol en surface dans un modèle hydrologique distribué à base physique. 

Quatre produits d’humidité du sol ont alors été testées comme intrants : 1) les produits combinés 

de mesures in-situ avec données SMAP à 9- et 1-km de résolution, 2) le produit SMAP de base 

à 9-km de résolution seul, 3) celui à fine échelle à 1-km de résolution seul et 4) les mesures in- 

situ seules. De plus, la mise à jour des données d’humidité du sol en surface et en profondeur 

du modèle hydrologique utilisé est faite à partir des produits combinés SMAP/ in-situ extrapolés 

verticalement et des mesures d’humidité du sol en profondeur in-situ. Les résultats montrent 

que la désagrégation d’échelle de l’humidité du sol de SMAP à 1-km de résolution améliore la 

représentation de l’hétérogénéité spatiale de l’humidité du sol dans le modèle tout en conservant 

le schéma spatial d’ensemble du produit de base. De même, le produit combiné de l’humidité 

du sol de SMAP avec les mesures in-situ permet de conserver à la fois la dynamique issue des 

mesures in-situ et l’hétérogénéité spatiale de SMAP. La mise à jour de l’humidité du sol en 

surface du modèle avec le modèle combiné de l’humidité du sol SMAP à 1-km de résolution 

avec les mesures in-situ améliore les prévisions d’ensemble. Les résultats de prévision sont 

meilleurs qu’avec les autres produits d’humidité du sol considérés, que ce soit le produit de base 

de SMAP ou les mesures in-situ seules. Par ailleurs, la mise à jour des couches de surface et 

profonde avec respectivement les produits combinés SMAP/ in-situ de surface et issus de 

l’extrapolation verticale ne permettent pas d’améliorer la qualité des prévisions hydrologique 

d’ensemble. Finalement, cette étude démontre le potentiel pour la prévision hydrologique de 

l’utilisation conjointe des données d’humidité SMAP avec les mesures in-situ. 

Mots clefs : humidité du sol ; SMAP ; in-situ ; combinaison ; assimilation de données ; désagrégation 

d'échelle 
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ASSESSING THE POTENTIAL OF COMBINED SMAP AND IN-
SITU SOIL MOISTURE FOR IMPROVING STREAMFLOW 
FORECAST 

6.1  Abstract 

Soil moisture is an essential hydrological variable for a suite of hydrological applications. Its 

spatio-temporal variability can be estimated using satellite remote sensing (e.g., SMOS and 

SMAP) and in-situ measurements. However, they both have their own strengths and limitations. 

For example, remote sensing has the strength of maintaining the spatial variability of near-

surface soil moisture, while in-situ measurements are accurate and preserve the dynamics range 

of soil moisture at both surface and larger depths. Hence, this study is aimed at 1) merging the 

strength of SMAP with in-situ measurements and 2) exploring the effectiveness of merged 

SMAP/in-situ soil moisture in improving ensemble streamflow forecasts. The conditional 

merging technique was adopted to merge the SMAP enhanced soil moisture (9-km) and its 

downscaled version (1-km) separately with the in-situ soil moisture collected over the au 

Saumon watershed, a 1025 km2 watershed located in Eastern Canada. The random forest ML 

technique was used for downscaling of the near-surface SMAP enhanced soil moisture to 1-km 

resolution, whereas the exponential filter was used for the vertical extrapolation of the SMAP 

near-surface soil moisture. A simple data assimilation technique known as direct insertion was 

used to update the topsoil layer of a physically-based distributed hydrological model with four 

soil moisture products: 1) the merged SMAP/in-situ soil moisture at 9- and 1-km resolutions; 2) 

the original SMAP enhanced (9-km) , 3) downscaled SMAP enhanced (1-km), and 4) in-situ 

surface soil moisture only. In addition, the vertically extrapolated merged SMAP/in-situ soil 

moisture and subsurface (rootzone) in-situ soil moisture were used to update the intermediate 

layer of the model. Results indicate that downscaling of the SMAP enhanced soil moisture to 1-

km resolution improved the spatial variability of soil moisture while maintaining the spatial 

pattern of its original counterpart. Similarly, merging of the SMAP with in-situ soil moisture 

preserved the dynamic range of in-situ soil moisture and maintained the spatial heterogeneity of 

the SMAP soil moisture. Updating of the top layer of the model with the 1-km merged SMAP/in-

situ soil moisture improved the ensemble streamflow forecast compared to the model updated 

with either the SMAP enhanced or in-situ soil moisture alone. On the other hand, updating the 



Introduction 137 

 

 
 

top and intermediate layers of the model with surface and vertically extrapolated SMAP/in-situ 

soil moisture, respectively, did not further improved the accuracy of the ensemble streamflow 

forecast. Overall, this study demonstrated the potential of merging the SMAP and in-situ soil 

moisture for streamflow forecast. 

Keywords: soil moisture; SMAP; in-situ; merging; assimilation; downscaling 

6.2  Introduction 

Soil moisture plays a paramount role in the land-atmosphere interactions by controlling the 

exchange of water and energy between the land surface and the atmosphere (Entekhabi, 1995; 

Seneviratne et al., 2010a) and this in turn controls a number of hydrological processes including 

infiltration, evapotranspiration and runoff generation. It also plays an essential role in many 

hydrometeorological and agricultural applications including flood forecasting, weather 

forecasting and irrigation water management (Brocca et al., 2016).  

Knowledge of soil moisture spatial and temporal variability is important to improve our 

understanding of its role in hydrological processess and applications. Traditionally, in-situ 

measurements are used to characterize the spatio-temporal variability of soil moisture, but they 

are scarce and costly to implement over a large area (Dobriyal et al., 2012). On the other hand, 

remote sensing has become an invaluable alternative for global mapping of near-surface soil 

moisture in the recent decades (Entekhabi et al., 2008; Kerr et al., 2001). 

Passive microwave remote sensing at lower frequency bands (e.g., L-band) has become an 

established technique for mapping of near surface soil moisture (i.e. up to 5-10 cm) because of 

its high sensitivity to soil moisture and high capability to penetrate through cloud and vegetation 

canopy notably at low to moderate vegetation density (Jackson & Schmugge, 1989; Schmugge 

et al., 1986). Currently, there are two L-band passive microwave satellite missions which are 

fully dedicated to soil moisture measurements: Soil Moisture and Ocean Salinity (SMOS) and 

Soil Moisture Active Passive (SMAP). Besides the L-band, there are other sensors with X- and 

C-bands such as the Advanced Microwave Scanning Radiometer (AMSR-E/2), the Special 

Sensor microwave/Imager (SSM/I) and the Special Sensor Microwave Imager/Sounder 

(SSMIS) passive microwave sensor have been used to infer soil moisture. 
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Nevertheless, the coarseness of the resolution of soil moisture products derived from passive 

microwave satellites remains one of the major challenges for its use at local and regional scale 

hydrological applications. To address this, many studies have attempted to downscale such soil 

moisture products, e.g., Abbaszadeh et al. (2019), Djamai et al. (2015), and Wakigari & Leconte, 

(2022). These studies used a range of downscaling approaches, from simple polynomial fitting 

based on the universal triangle/trapezoid techniques (e.g., Piles et al. (2011), Djamai et al. 

(2015)); to more advanced ML techniques such as random forest (e.g., Bai et al. (2019), 

Wakigari & Leconte, (2022)), neural network (e.g., Alemohammad et al. (2018)) and support 

vector machines (e.g., Srivastava et al. (2013)). 

Given the increasing availability of remotely sensed soil moisture products, their assimilation 

into hydrological models for improving streamflow simulation and forecast has received much 

attention in recent decades. A number of studies have assimilated soil moisture derived from 

different satellites (e.g., SMOS, SMAP, AMSR-E, and Sentinel-1) into different hydrological 

models to improve the accuracy streamflow simulation and forecast (Abbaszadeh et al., 2020; 

Azimi et al., 2020; Loizu et al., 2018a; Massari et al., 2018a). However, the degree of 

improvement varies from no (Han et al., 2012) or minor improvement (Lievens et al., 2015) to 

marked improvement (Le et al., 2022; Patil & Ramsankaran, 2017). Indeed, it is difficult to 

compare and generalize the results of these studies as they are based on different soil moisture 

assimilation techniques (e.g., ensemble Kalman filter, direct insertion or particle filter), model 

structures (fully/semi-distributed and lumped) and physiographic characteristics of the 

watershed among many others (Loizu et al., 2018b; Mao et al., 2019).  

When looking specifically at the effect of physiographic characteristics among the stated factors, 

the success of assimilation of remotely-sensed soil moisture critically depends on the quality of 

the assimilated soil moisture product (Vereecken et al., 2015), which in turn depends on the 

study area’s physiographic characteristics. For example, in low to moderately vegetated areas 

the effect of vegetation on soil moisture retrieval is minimal (Entekhabi et al., 2008) and this 

allowed a number of soil moisture assimilation studies to be carried out in such areas to take 

advantage of good quality soil moisture retrieval (Abbaszadeh et al., 2020; Azimi et al., 2020; 

Cenci et al., 2016; Loizu et al., 2018b). 
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On the other hand, over densely vegetated areas, it is difficult to obtain satellite soil moisture 

with the desired accuracy e.g., the unbiased root-mean-square error (ubRMSE) of 0,04 m3/m3 

set by some of the satellite missions such as SMAP and SMOS (Entekhabi et al., 2008; Kerr et 

al., 2001). Hence, we deem that the use of remotely sensed soil moisture products together with 

in-situ soil moisture measurements would be a potential way forward for such areas. Put 

differently, the merging of the strengths of SMAP and in-situ soil moisture has the potential to 

generate a better-quality soil moisture product than any single one of them. 

Therefore, the present study aims to explore the utility of the combination of in-situ soil moisture 

with the SMAP enhanced soil moisture in improving streamflow forecast skills for a small 

heavily-forested watershed located in Eastern Canada 

6.3  Materials and methods 

6.3.1  Study area 

The au Saumon Watershed situated in Eastern Canada was selected for this study (Figure 6.1). 

It has a drainage area of 1025 km2. It receives annual precipitation (rain and snow) of roughly 

up to 1250 mm with an average annual temperature of 4.5 oC, whereas the average summer 

precipitation and temperature are 760 mm and 19.5 oC, respectively.  
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The watershed often experiences high flows in spring and fall from snow melt and rainfall, 

respectively. Its elevation varies between 277 and 1092 m. Forest is the main land cover type of 

this watershed. 

6.3.2  Data 

SMAP enhanced soil moisture product 

The SMAP enhanced level 3 passive microwave soil moisture product (SPL3SMP_E) with a 

daily global coverage was selected for this study. This product is derived from a daily composite 

of SMAP enhanced L2 half-orbit products, which in turn is generated from the SMAP Enhanced 

L1 Gridded Brightness Temperature Product (L1CTB_E) using the Backus-Gilbert (BG) 

optimal interpolation technique (Chaubell et al., 2016). SPL3SMP_E has a spatial resolution of 

9-km displayed on Equal-Area Scalable Earth (EASE) Grid 2.0. Its descending (06:00 local 

time) and ascending (18:00 local time) orbits soil moisture products are retrieved separately, yet 

for the present study the SPL3SMP_E descending product was selected because at this time 

there is a better thermal equilibrium between soil surface and vegetation layer. These data can 

be accessed freely from the NASA Snow and Ice Data Center (NSIDC) 

(https://nsidc.org/data/smap/). 

In addition, a downscaled SMAP enhanced soil moisture to 1-km was used. For downscaling, 

the random forest (RF) machine learning technique was employed. Its implementation involves 

training of RF with predictors derived from MODIS such as land surface temperature, NDVI 

SMAP TB and albedo (Wakigari & Leconte, 2022). In addition, topographic derivatives such 

as elevation, slope and aspect were used. It is worth mentioning that the Sentinel-1 predictors 

were not used as predictors for downscaling of SMAP enhanced soil moisture on the au Saumon 

watershed. This is mainly because the Au Saumon watershed is almost fully forested (> 80 %) 

which makes penetration of active sensors signal through vegetation canopy difficult by 

reducing its sensitivity to soil moisture. Training was carried out at resolution of the SMAP 

enhanced product which is 9-km. After training and testing RF at 9-km spatial resolution, it was 

used to estimate soil moisture at 1-km from the 1-km resolution predictors assuming the 

developed model is spatial scale invariant (Wakigari & Leconte, 2022). It is worth noting that 

for the au Saumon watershed the SMAP enhanced (9 km) is downscaled instead of SMAP L3 

https://nsidc.org/data/smap/
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(36 km) this mainly because many pixels of SMAP enhanced soil moisture can cover the entire 

watershed than pixels of SMAP L3. This helps to have more training data for RF model, which 

is strongly sensitive to the training data size. 

In-situ soil moisture 

In-situ soil moisture observations collected during the summer season of 2019 over the au 

Saumon watershed using EC-5 soil moisture probes (Kizito et al., 2008) were used. A total of 8 

soil moisture probes were installed at 8 selected representative locations (i.e., open and forested 

sites) to collect hourly volumetric soil moisture at depth of 5 and 20 cm (Sites numbered 1 to 8, 

see Figure 6.1).  

Hydrometeorological data 

Daily deterministic precipitation and temperature (i.e., maximum and minimum temperature) 

were derived from MSWEP (Multi-Source Weighted-Ensemble Precipitation) (Beck et al., 

2017) and ERA-5 land (Hersbach et al., 2020), respectively, for the period 1980 to 2018. 

Similarly, the daily streamflow observations at station 030282 (draining an area of 769 km2, 

Figure 6.1) were obtained from the Centre d’expertise hydrique du Québec (now the Direction 

de l’expertise hydrique du Québec, a provincial agency whose mandate is to manage Québec’s 

water regime) for the same period. 

Apart from the deterministic data, an ensemble of daily precipitation and maximum and 

minimum temperature were forced to the model to produce ensemble streamflow forecasts for 

the summer season 2019. The forcing data was extracted from the EM-Earth (The Ensemble 

Meteorological Dataset for Planet Earth) data (Tang et al., 2022). This data has a spatial 

resolution of roughly 10-km, and it is available from 1950 to 2019. It has 25 ensemble members 

which can be used for ensemble hydrological simulations.  

6.3.3  Hydrological model 

The HYDROTEL model was selected for experimenting on the effect of assimilation of soil 

moisture measurements on the accuracy of model prediction. HYDROTEL is a physically 

based, semi-distributed and continuous time hydrological model developed at the Institut 

National de la Recherche Scientifique Eau Terre Environnement (INRS-ETE), Québec (Canada) 
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(Fortin et al., 2001). It has attractive features such as the easiness in the incorporation of spatially 

distributed GIS and remotely sensed data such as soil moisture and snow water equivalent and 

minimal meteorological data requirement (i.e., only precipitation and maximum and minimum 

temperature). 

PHYSITEL, a GIS tool accompanied with HYDROTEL, was used to spatially discretize the 

watershed into relatively homogeneous hydrological response units (RHHUs) based on 

elevation, land cover, soil type and river networks. Accordingly, the au Saumon watershed was 

discretized to 205 RHHUs with average area of 5,0 km2.  

HYDROTEL is composed of six modules: 1) interpolation of precipitation, 2) accumulation and 

melt of snowpack, 3) potential evapotranspiration estimation, 4) vertical water budget (i.e., soil 

moisture module), 5) surface and subsurface flow generation, and 6) river flow routing. Among 

these modules, the vertical water budget module (i.e., soil module) was used for the 

incorporation of remotely sensed and in-situ soil moisture observations into the model. This 

module has two sub-modules: BV3C and CEQUEAU. The BV3C was selected for this study. 

BV3C vertically discretizes a soil column into three layers. The first layer has a depth which is 

normally 5 to 10 cm, and it controls the partitioning of rainfall into surface runoff and 

infiltration. The second and third layers have typical depth of 60 to 80 cm and 120 to 200 cm, 

respectively and they are used to control the generation of interflow and baseflow, respectively. 

The water exchange between the layers is controlled by the Richards-1D equation (Fortin et al., 

2006). 

Model calibration and validation 

The HYDROTEL model was calibrated and validated against the observed daily streamflow at 

station 030282 (see Figure 6.1) for the period 1980 to 2008 and 2009 to 2018, respectively. The 

dynamically dimensioned search-uncertainty analysis (DDS-UA) algorithm (Tolson & 

Shoemaker, 2007) was applied for calibration using the Nash Sutcliffe efficiency (NSE) as the 

objective function. The Kling Gupta efficiency (KGE) was also used for evaluation of the model 

performance. 

 



Materials and methods 143 

 

 
 

6.3.4  Merging of SMAP and in-situ soil moisture 

The conditional merging (Sinclair & Pegram, 2005) is a spatial interpolation technique initially 

developed to merge radar and rain gauge rainfall measurements. Here, it was used to merge 

gridded SMAP soil moisture with in-situ measurements. The major advantage of this method is 

that it preserves the spatial covariance structure of the grid-based measurement (i.e., SMAP soil 

moisture) while maintaining the accuracy of in-situ measurements. Its implementation involves 

six successive steps: a) extraction of SMAP grid points that covers the study area, b) 

interpolation of in-situ soil moisture measurements using ordinary kriging to the regular grid 

points of SMAP, c) extraction of the SMAP soil moisture corresponding to in-situ soil moisture 

measurement locations, d) interpolation of extracted SMAP soil moisture to the regular grid 

points of SMAP, e) estimation of the residual between interpolated SMAP (d) and extracted 

SMAP soil moisture (a), and f) addition of the estimated residual to interpolated in-situ soil 

moisture (b) to produce final merged SMAP /in-situ soil moisture. These steps are summarized 

in Figure 6.2  

 

 

 

 

 

 

 

 

 

 

Both the SMAP enhanced (9-km) and the 1-km downscaled SMAP enhanced soil moisture are 

merged with in-situ soil moisture to see the impact of the resolutions of merged SMAP/in-situ 

Collect in-situ soil 

moisture stations. 

Extract SMAP soil moisture 

at in-situ station locations. 

Interpolate using 

ordinary kriging on 

1km SMAP grid. 

Bias estimation 

  + 

Merged SMAP/in-situ 

soil moisture. 

Interpolate using 

ordinary kriging on 

1km SMAP grid. 

Figure 6.2 Flow chart of conditional merging 
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soil moisture on the streamflow forecasting. In addition, to see the impact of interpolation of in-

situ soil moisture into different grids (i.e., to 9 and 1-km grid). It is worth noting that for the 

SMAP/in-situ at 9-km the in-situ soil moisture was extrapolated to 9-km grid, whereas for 

SMAP/in-situ at 1-km the interpolation of in-situ was done over 1-km grid of SMAP.  

6.3.5  Model updating with soil moisture 

A set of experiments was implemented by updating the HYDROTEL model with the SMAP 

enhanced (9-km spatial resolution); downscaled SMAP enhanced (1-km); in-situ soil moisture; 

and merged SMAP/in-situ soil moisture at 9- and 1-km spatial resolutions, for the streamflow 

forecasts. The updating was based on replacing the model top layer with SMAP or in-situ soil 

moisture or their merged versions using the simplest data assimilation technique known as direct 

insertion (Walker et al., 2001). The summary of implemented experiments is displayed in Figure 

6.3. 

Besides the model top-layer, the intermediate layer (i.e., the second layer) of the model was 

updated by vertically extrapolated SMAP soil moisture using a semi-empirical approach called 

exponential filter, see equation (6.1) (Wagner et al., 1999). This approach has a single parameter 

T (characteristics time length) which is used to indicate the temporal variability of soil moisture 

in the root zone profile and formulated as in equation (6.2). 

 𝑆𝑀𝑟𝑧𝑡𝑛 = 𝑆𝑀𝑟𝑧𝑡𝑛−1 + 𝐾𝑛(𝑆𝑀𝑠𝑢𝑟𝑓𝑡𝑛 − 𝑆𝑀𝑟𝑧𝑡𝑛−1) (6.1) 

 𝐾𝑛 =
𝐾𝑛−1

𝐾𝑛−1 + exp (
−1
𝑇 )

 

 

(6.2) 

where SMsurf and SMrz surface and root zone soil moisture, T is the optimal characteristic 

decay time, tn is time step and K is gain. 
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6.3.6  Evaluation of deterministic and ensemble streamflow forecast skills 

The accuracy of deterministic forecast was evaluated using the mean absolute error (MAE), 

which was calculated using equation (6.3). The lower the MAE, the better the performance. 

 𝑀𝐴𝐸 =
∑ |𝑄𝑠𝑖𝑚,𝑖− 𝑄𝑜𝑏𝑠,𝑖|𝑛

𝑖=1

𝑛
 

 

         (6.3) 

where Qsim and Qobs are simulated and observed streamflow, respectively. n is the length of time 

series. 

On the other hand, the Continuous Ranked Probability Skill Score (CRPSS) was used to evaluate 

the skill of the ensemble streamflow forecast (equation (6.4)). This score has a value range 

between −∞ and 1. A score greater than zero indicates an improvement in ensemble streamflow 

SMAP enhanced (9-km) 

Downscaled SMAP (1-km) 

In-situ soil moisture 

Merged SMAP/in-situ 
soil moisture 

MSWEP (Precip) 

ERA-5 (Temp) 

Run HYDROTEL up to 

the time of forecast 
Update HYDROTEL  

simulated soil moisture  

     Run HYDROTEL 

Ensemble of precipitation and 

temperature from EM-Earth 

     Run HYDROTEL 

Ensemble streamflow 

forecasts 
Ensemble streamflow 

forecasts 

Comparative evaluation 
 

 

Updated 

Non-updated 

Figure 6.3 Framework of implemented experiments 



146 Chapter 6 

 

 
 

forecast skill due to updating of the model with the SMAP or in-situ or the merged SMAP / in-

situ soil moisture. 

 𝐶𝑅𝑃𝑆𝑆 = 1 −
𝐶𝑅𝑃𝑆𝑢𝑝𝑑𝑎𝑡𝑒𝑑

𝐶𝑅𝑃𝑆𝑛𝑜𝑛−𝑢𝑝𝑑𝑎𝑡𝑒𝑑
 

 

                 (6.4) 

 

 𝐶𝑅𝑃𝑆 =
1

𝑁
∑ ∫[ 𝐹𝑖(𝑥)  − 𝐹𝑖

0(𝑥) ]
2

∞

−∞

𝑁

𝑖=1

𝑑𝑥                  (6.5) 

 

𝐹0(𝑥) = {
0, 𝑥 ≤  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑟𝑒𝑎𝑚𝑓𝑙𝑜𝑤 𝑣𝑎𝑙𝑢𝑒
1, 𝑥 >  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑟𝑒𝑎𝑚𝑓𝑙𝑜𝑤 𝑣𝑎𝑙𝑢𝑒 

 

where the CRPS is the Continuous Ranked Probability Score, Fi(x) and Fo
i(x) is probability 

density function of the member of the ensemble simulation and that of observation, respectively. 

6.4 Results 

6.4.1  Model performance evaluation 

Figure 6.4 shows the comparison of observed and simulated hydrographs for a portion of 

calibration and validation periods to allow for clear presentation. The qualitative inspection of 

the figure shows a good agreement between the simulated and observed hydrographs, except for 

overestimation or underestimation of some of the peak flows.  

 

Figure 6.4 Comparison of observed and simulated streamflow hydrographs at station 030282 

In addition, the statistical metrics indicate a good model performance with NSE (KGE) values 

of 0,63 (0,69) and 0,58 (0,60) during calibration and validation periods, respectively. 
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Figure 6.5 shows an example of maps of spatial distribution of SMAP enhanced (i.e., both the 

original (9-km) and downscaled version (1-km)), in-situ soil moisture and the merged SMAP/in-

situ soil moisture at 9- and 1-km resolutions on the 8th of August 2019. As can be observed in 

the figure, the 1-km downscaled SMAP enhanced soil moisture (Figure 6.5d) brings out the 

fine-scale spatial heterogeneity of soil moisture over the au Saumon watershed compared to its 

original counterpart (Figure 6.5a). It also maintains the spatial pattern of its original counterpart 

(i.e., the original SMAP enhanced soil moisture (9-km)) For example, the drier soil moisture 

condition of the original SMAP enhanced soil moisture in the western part of the watershed is 

clearly reflected in downscaled SMAP enhanced soil moisture. 

 

Figure 6.5 Maps of the spatial distribution of a) SMAP enhanced soil moisture, b) interpolated 

in-situ soil moisture at 9-km, c) merged SMAP/in-situ at 9-km, d) downscaled SMAP enhanced 

at 1-km, e) interpolated in-situ at 1-km and f) merged SMAP/in-situ soil moisture at 1-km 

The interpolated in-situ soil moisture maps over the au Saumon watershed at 9-km and 1-km 

resolutions are shown in Figure 6.5b and Figure 6.5e, respectively. Despite the small number of 

soil moisture probes and their uneven distribution in the watershed (see Figure 6.1), these maps 

somewhat exhibit a similar spatial pattern to that of the SMAP enhanced soil moisture. For 

example, the maps of both SMAP enhanced and interpolated in-situ measurements display 

medium range of soil moisture at the top part of the watershed, while the center and lower parts 

are characterized by lower and higher soil moisture ranges, respectively.  

m3/m3 
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On the other hand, the merged SMAP/in-situ soil moisture reasonably maintained the spatial 

patterns of SMAP enhanced soil moisture, while keeping the accuracy of the interpolated in-

situ soil moisture as can be seen in Figure 6.5c and f for the 9- and 1-km resolution, respectively. 

6.4.2  Comparison of in-situ and SMAP soil moisture 

Figure 6.6 shows a time series comparison of the 1-km downscaled SMAP enhanced and its 

original counterpart with the in-situ soil moisture measurements for selected locations in the au 

Saumon watershed from August to October of 2019. Both the original and downscaled SMAP 

enhanced soil moisture reasonably well reproduced the temporal dynamics of the in-situ soil 

moisture during wetter soil moisture condition in late August and October.  

 

Figure 6.6 Comparison of time series of in-situ, SMAP enhanced and 1-km downscaled SMAP 

enhanced soil moisture at three selected locations in the au-Saumon watershed (Figure 6.1) 

However, during the drier soil moisture conditions, for example mid-August and mid to end of 

October, both the original and downscaled SMAP overestimated soil moisture. Therefore, it can 

be inferred from the figure that the SMAP enhanced less reacts to dryness when compared to 

the in-situ soil moisture. This is because the forest cover in the au Saumon watershed interferes 

with the passive microwave signal emitted from the underlying soil. However, when compared 

to its original version, the 1-km downscaled SMAP enhanced soil moisture tends to match better 

with the in-situ soil moisture. 
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6.4.3  Updating the model with the SMAP and in-situ soil moisture 

Figure 6.7 shows the comparison of the ensemble streamflow forecast with 15-days lead time 

between the non-updated (open-loop) and updated model with different soil moisture products 

including the original SMAP enhanced (9-km), downscaled SMAP enhanced (1-km), and in-

situ surface soil moisture. Three streamflow events were selected to examine the impact of 

updating the model with different soil moisture products on the accuracy of the ensemble 

streamflow forecast. Accordingly, the left panels show the ensemble streamflow forecast issued 

on 31st of July, whereas the middle and right panels show the forecast on 6th and 14th of August, 

respectively. Here, the updating was carried out only for the top layer of the model using the 

direct insertion assimilation technique. 

As can be inferred from the figure, the ensemble streamflow forecast is improved by updating 

the model with the SMAP enhanced (i.e., the original and downscaled) and in-situ surface soil 

moisture compared to the open loop. The ensemble mean (using EM-Earth product, shown in 

black) and the deterministic forecast (using MSWEP (precip) and ERA-5 land (temp), shown in 

red) better agrees with the observed streamflow notably during the first few days of the forecast 

lead time. On the other hand, the ensemble spread is increased when the model is updated with 

SMAP enhanced soil moisture, while it decreased when updated with in-situ soil moisture. This 

is probably because SMAP ‘sees’ higher soil moisture than in-situ measurements (see Figure 

6.6). In all the forecasts, the ensemble generally better encompassed the observed streamflow, 

yet with the increase of the lead time the ensemble spread becomes wider, as expected, resulting 

in the deterioration forecast accuracy. 

When looking at the impact of the spatial resolution of SMAP enhanced soil moisture on the 

accuracy of the ensemble streamflow forecast, updating the model with the 1-km downscaled 

SMAP enhanced soil moisture resulted in a better ensemble streamflow forecast than when the 

model is updated with its original counterpart (9-km). For example, for all the three forecasts 

the ensemble members better captured the observed streamflow when the model updated with 

the 1-km downscaled SMAP ehnanced than its original counterpart. Similarly, the mean of the 

ensemble members and the deterministic forecast reasonably agree with the observed 

streamflow for the model updated with the 1-km SMAP enhanced soil moisture product. 
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Similarly, updating the model with in-situ surface soil moisture improved the ensemble 

streamflow forecast, yet when compared to the 1-km downscaled SMAP enhanced soil moisture 

the improvement is less for the forecast on 31st of July and 14th of August 2019. However, for 

the forecast on 6th of August 2019 the updating with the in-situ surface soil moisture produced 

better forecast than the 1-km downscaled and original SMAP enhanced soil moisture (9-km). 

 

Figure 6.7 Ensemble streamflow forecast at the outlet au Saumon watershed: a) without 

updating the model (open loop) and after updating with b) SMAP enhanced (9-km), c) 

downscaled SMAP enhanced (1 -km) and d) in-situ soil moisture 
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6.4.4  Updating the model with the merged SMAP/in-situ soil moisture 

Figure 6.8 shows the comparison of the ensemble streamflow forecast between the model 

updated with the merged SMAP/in-situ soil moisture at 9- and 1-km spatial resolutions and the 

open loop. As can be observed from the figure, the ensemble streamflow forecast is improved 

when the model updated with merged SMAP/in-situ soil moisture both at 9- and 1-km spatial 

resolutions compared to the open loop. In addition, the ensemble mean and the deterministic 

forecast closely agree with the observed streamflow notably during the first few days of lead 

times, yet tends to deteriorate with the increase of the lead time. 

 
Figure 6.8 Ensemble streamflow forecast for the au Saumon watershed: a) without updating the 

model (open loop) and after updating with b) the merged SMAP/in-situ (9-km), and c) merged 

SMAP/in-situ soil moisture (1-km). 
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The ensemble members captured the observed streamflow better when the model updated with 

1-km merged SMAP/in-situ soil moisture than when it was updated with the 9-km merged 

SMAP/in-situ soil moisture. Likewise, the ensemble mean and the deterministic forecast agreed 

well with the observed streamflow for the 1-km merged SMAP/in-situ soil moisture. For 

example, for the forecast on 14th of August the observed streamflow falls outside of the 

ensemble members when the model updated with the 9-km merged SMAP/in-situ soil moisture, 

but when the model updated with the 1-km merged SMAP/in-situ soil moisture the ensemble 

members reasonable shifted towards the observed streamflow. 

On the other hand, the 1-km merged SMAP/in-situ soil moisture (Figure 6.8c) improved the 

ensemble streamflow forecast better than the model updated separately with either the 1-km 

downscaled SMAP (Figure 6.7c) or in-situ soil moisture (Figure 6.7d). However, the 

improvement was not that significant. For example, for the forecast on 14th of August the 

ensemble members are not able to capture the observed streamflow when updating the model 

with in-situ soil moisture alone, but when updating the model with the 1-km merged SMAP/in-

situ soil moisture the ensemble members reasonably shifted towards the observed streamflow. 

6.4.5  Updating the model with the vertically extrapolated SMAP soil moisture 

Figure 6.9 shows the ensemble streamflow forecast after updating top and intermediate layers 

of the model with surface and vertically extrapolated SMAP enhanced soil moisture, 

respectively. In addition, the ensemble streamflow forecast for the model updated with surface 

and subsurface (rootzone) in-situ soil moisture is shown in Figure 6.9d. Compared to the open 

loop (Figure 6.9a), updating the top and intermediate layers of the model overall moderately 

improved the ensemble streamflow forecasts for both the 9- and 1-km resolution SMAP 

enhanced soil moisture. However, the forecast on 31st of July 2019 overestimated the ensemble 

streamflow forecast when the model is updated with the vertically extrapolated original SMAP 

enhanced soil moisture (9-km). On the other hand, the ensemble mean and the deterministic 

forecast closely match the observed streamflow notably during the first few days of lead time 

for all forecast. In general, updating the top and second layers increased the forecasted 

streamflow. 
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When looking at the impact of spatial resolution, updating the model with the 1-km downscaled 

SMAP enhanced vertically extrapolated soil moisture produced better ensemble streamflow 

forecast than when the model update with its coarser counterpart or subsurface in-situ soil 

moisture. For example, for the forecast on 31st of July the ensemble members were able to 

capture the observed streamflow when the model updated with the 1-km vertically extrapolated 

SMAP enhanced soil moisture, yet updating the model with the 9-km vertically extrapolated 

SMAP enhanced soil moisture overestimated the ensemble streamflow forecast. 

 

Figure 6.9 Ensemble streamflow forecast for the au Saumon watershed: a) without updating the 

model (open loop) and after updating with the surface and vertically extrapolated: b) SMAP 

enhanced (9-km), c) downscaled SMAP enhanced (1-km) and d) in-situ soil moisture 
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Moreover, updating the top and intermediated layers of model with in-situ surface and 

subsurface soil moisture (Figure 6.9d), respectively, resulted in overestimation of the ensemble 

streamflow forecast compared to that of the open loop and updated model with the 1-km 

vertically extrapolated downscaled SMAP enhanced soil moisture for the forecast on 31st of July 

2019. 

6.4.6  Updating with the vertically extrapolated SMAP/in-situ soil moisture 

Figure 6.10 shows the comparison of ensemble streamflow forecast between the open loop and 

updated model with the vertically extrapolated merged SMAP/in-situ soil moisture at 9- and 1- 

km spatial resolutions. Compared to the open loop, updating the model with 9-km vertically 

extrapolated merged SMAP/in-situ soil moisture slightly improved the streamflow forecast for 

the forecast on 6th of August 2019, whereas the forecast on 31st of July and 14th of August are 

overestimated.  

 

Figure 6.10 Ensemble streamflow forecast at the outlet of au Saumon watershed by the a) open 

loop and the model updated with the merged SMAP / in-situ vertically extrapolated SMAP / in-

situ (9-km) and c) (1-km)  
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On the other hand, the assimilation of the 1-km vertically extrapolated SMAP/in-situ soil 

moisture resulted in a better ensemble streamflow forecast for the forecast on 6th and 14th of 

August, yet the forecast on 31st of July was still overestimated, however to a lesser extent as 

compared with the assimilation of the 9-km product. 

When looking at the impact of spatial resolution, the ensemble streamflow forecast by the model 

updated with the 1-km vertically extrapolated merged SMAP/in-situ soil moisture generally 

outperformed than the one updated with the 9-km vertically extrapolated merged SMAP/in-situ 

soil moisture. For example, for the forecast on 31st of July the model updated with the 9-km 

vertically extrapolated merged SMAP/in-situ soil moisture considerably overestimated the 

streamflow forecast than when updated with 1-km vertically extrapolated merged SMAP/in-situ 

soil moisture. 

6.4.7  Comparison between experiments 

Besides the graphical comparison, the statistical metrics were used to evaluate the accuracy of 

the ensemble and deterministic streamflow forecasts. Table 6.1 summarizes the calculated 

CRPSS values of the ensemble streamflow forecast made by the model updated with different 

soil moisture products for the three selected events previously. As can be inferred from the table, 

the CRPSS values are greater than zero for most of the cases indicating that updating the top 

layer of the model with the SMAP enhanced (i.e., the original and downscaled) and in-situ 

surface soil moisture improved the ensemble streamflow forecast. However, for a few cases 

such as the forecast on 6th August updating the model with the 9-km SMAP enhanced soil 

moisture deteriorated the accuracy of streamflow forecast as indicated by negative CRPSS 

values. 

The merged SMAP/in-situ soil moisture also improved the accuracy of the ensemble streamflow 

forecast with positive CRPSS values for all the forecasts. The 1-km merged SMAP/in-situ soil 

moisture further improved the accuracy of the ensemble streamflow forecast than when the 

model updated either with SMAP enhanced or in-situ soil moisture alone or merge SMAP/in-

situ soil moisture at 9-km 
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On the other hand, updating the model with the vertically extrapolated SMAP enhanced soil 

moisture (i.e., both the original and downscaled) and subsurface in-situ soil moisture 

deteriorated the ensemble streamflow forecast as indicated by the negative CRPSS. Similarly, 

the vertically extrapolated merged SMAP/in-situ soil moisture deteriorated the accuracy of the 

ensemble streamflow forecast. 

Table 6.1 The CRPSS values for different ensemble streamflow forecast 

 

Resolution 

(km) 

SMAP surface Merged SMAP / in-situ 

31st of 

July 

6th of 

August 

14th of 

August 

31st of 

July 

6th of 

August 

14th of 

August 

CRPSS 

9 0,172 -0,04 0,276 0,070 0,030 0,2350 

1 0,150 0,09 0,349 0,180 0,120 0,350 

In-situ 

(surface) 

0,034 

 

0,230 

 

0,039 
 

 
SMAP vertically 

extrapolated 

Merged SMAP / in-situ 

vertically extrapolated 

9 -1,250 -0,880 -0,920 -1,200 0,223 -0,880 

1 0,145 -1,510 -0,312 1,400 0,780 1,154 

In-situ 

(Root zone) 
-0,450 -0,560 -0,743  

 

Table 6.2 shows the calculated MAE values of the deterministic streamflow forecast by the 

model updated with different soil moisture products. The MAE was calculated between the 

observed and the deterministic forecast based on the real observation of meteorological data 

(MSWEP (precip) and ERA-5 (temp)). Compared to the open loop, updating the model with 

SMAP enhanced (i.e., both the original and downscaled) and in-situ soil moisture improved 

streamflow forecast by reducing the MAE, notably for the forecasts on 31st of July and 6th of 

August 2019. However, the forecast on 14th of August deteriorated. 

On the other hand, the merged SMAP/in-situ soil moisture both at 9- and 1-km resulted in a 

better streamflow forecast compared to when using either SMAP enhanced or in-situ soil 

moisture independently. For example, for the forecast on 31st of July when the model updated 

with the 1-km downscaled SMAP enhanced soil moisture the estimated MAE value was 2,01 

m3/s, but it further reduced to 1,90 m3/s for the 1-km merged SMAP/in-situ soil moisture. 

Similarly, for the 9-km the MAE reduced from 1,90 to 1,85 m3/s for the forecast on 31st of July. 
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On the other hand, updating the model top and intermediate layers with SMAP surface and 

vertically extrapolated SMAP enhanced soil moisture, respectively, did not bring further 

improvement. Indeed, the MAE values are increased for all the three forecasts than when 

updating only the top layer of the model. For example, for the 1-km vertically extrapolated 

downscaled SMAP enhanced soil moisture the MAE value increased from 2,01 to 2,20 m3/s.  

Similarly, updating the model with the vertically extrapolated merged SMAP/in-situ soil 

moisture did not improve the accuracy of stream forecast. 

Table 6.2 The MAE for deterministic forecast 

 

Resolution 

(km) 

SMAP surface Merged SMAP/in-situ 

31st of 

July 

6th of 

August 

14th of 

August 

31st of 

July 

6th of 

August 

14th of 

August 

MAE (m3/s) 

Open loop 2,10 5,19 5,73  

9 1,90 4,39 6,73 1,85 5,00 6,00 

1 2,01 4,31 7,11 1,90 4,28 6,88 

In-situ 

(surface) 
1,98 4,52 5,87  

 
SMAP surface vertically 

extrapolated 

SMAP-merged vertically 

extrapolated 

9 5,99 7,77 10,46 5,85 4,56 10,22 

1 2,20 9,96 7,50 3,74 4,53 6,87 

In-situ 

(Root zone) 
3,84 6,62 9,45  

 

6.5  Discussion 

The Hydrotel model performance is lower for the au Saumon watershed compared to that of the 

Susquehanna watershed. This mainly because of poor quality of meteorological forcing used in 

the model. The EM-Earth meteorological data used for the au Saumon watershed is generated 

from the merging of rain gauge and ERA-5 reanalysis data. However, there are only few rain 

gauge stations in the au Saumon watershed. In addition, the size and forested nature of the 

watershed impacts the performance of the model. 

The downscaled SMAP enhanced soil moisture (1-km) well reflected the spatial detail of soil 

moisture over the au Saumon watershed, while maintaining the spatial pattern of the original 

SMAP enhanced soil moisture (9-km). However, the SMAP enhanced soil moisture (i.e., both 
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the downscaled and original) less reacted to dryness and tends to overestimate soil moisture 

when compared the in-situ measurements notably during dry condition. This is primarily 

because of the sub-optimal quality of SMAP soil moisture retrievals over the forested watershed 

like ours and this is ascribed to the weak penetration of SMAP through a dense vegetation 

canopy (Entekhabi et al., 2008). Over such an area, both soil surface and vegetation emission 

contribute to the received signal by the SMAP radiometer and it is complicated to decouple the 

contribution of both the vegetation and soil surface. 

The merging of the SMAP enhanced and in-situ soil moisture resulted in improved maps of soil 

moisture by maintaining the spatial heterogeneity of SMAP enhanced soil moisture while 

preserving the dynamic range of in-situ of soil moisture. This agreed with the study by Kim et 

al. (2016) who merged AMSR2 soil moisture with in-situ measurements over Korean Peninsula. 

The updating of the top layer of model with the merged SMAP/in-situ soil moisture improved 

the accuracy of the ensemble streamflow forecast compared to the open loop. However, the level 

of improvement varies with resolution of merged SMAP/in-situ soil moisture. Overall, the 1-

km merged SMAP/in-situ soil moisture resulted in a better ensemble streamflow forecast than 

the 9-km merged SMAP/in-situ soil moisture. This because the 1-km resolution better reflects 

the spatial detail of soil moisture. This is in line with previous studies which showed the 

importance of higher-resolution satellite soil moisture assimilation for improving the 

streamflow simulation (Abbaszadeh et al., 2020; Le et al., 2022), yet the assimilation of merged 

satellite/in-situ soil moisture, to the best of our knowledge, is very rare for comparison to our 

study. 

In another experiment, updating the top layer of the model with in-situ soil moisture alone 

resulted in less improvement in the accuracy of the ensemble streamflow forecast than the 

merged SMAP/in-situ soil moisture product for some of the forecasts. For example, the CRPSS 

value is reduced from 0,230 to 0,120 for the ensemble forecast on 6th of August. On the other 

hand, the MAE reduced from 1,98 to 1,90 m3/s and from 4,52 to 4,28 m3/s for the deterministic 

forecasts on 31st of July and 6th of August, respectively. This mainly because of a very low 

density of in-situ soil moisture probes, which cannot sufficiently reflect the spatial variability of 

soil moisture in the au Saumon watershed. Our finding is not inline with the study conducted on 

Little Washita river experimental watershed where assimilation of in-situ soil moisture 
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significantly improved the streamflow forecasting (Sun et al., 2016). This mainly because there 

is a high-spatial density of in-situ soil moisture measurements in the Little Washita Watershed 

than the au Saumon watershed, which adequately represents the spatial variability of soil 

moisture in the watershed  

Similarly, updating the top layer of the model with SMAP enhanced soil moisture (i.e., either 

the downscaled or original) alone resulted in less improvement in the accuracy of the ensemble 

streamflow forecast compared to when updating with the merged SMAP/in-situ soil moisture. 

This is primarily because of the lower quality of SMAP enhanced soil moisture retrievals over 

the au Saumon watershed. This watershed is heavily forested, which in turn affected the quality 

of the SMAP soil moisture retrieval as stated before. Because of that, the SMAP tends to 

overestimate soil moisture and the assimilation of this wet bias tends to reduce the skill of the 

ensemble streamflow forecast. This agrees with the study by Abbaszadeh et al. (2020) which 

reported less accurate model predictions due to the assimilation of overestimated SMAP soil 

moisture because of the presence of lakes in part of their study area which affected the quality 

the SMAP soil moisture retrieval. 

Additional experiments were also conducted to investigate the impact of updating the 

intermediate (i.e., the second) layer of the model in addition to the top layer. The top and 

intermediate layers of the model were updated with the surface and vertically extrapolated 

merged SMAP/in-situ soil moisture, respectively. Updating both layers of the model 

deteriorated the accuracy of the ensemble streamflow forecast. Similarly, updating either with 

the vertically extrapolated SMAP enhanced or subsurface in-situ soil moisture alone did not 

improve the ensemble streamflow forecast.  

This might be partly attributed to the addition or removal of water to the soil when updating the 

second layer of the model, which is then redistributed by the model subsequently affecting the 

streamflow generation. In addition, the coupling strength between top and second layers of the 

model could affect the accuracy of the ensemble streamflow forecast. The coupling between the 

two layers depends on many factors including vegetation, soil properties and climate conditions 

(Carranza et al., 2018). For example, the dominance of vegetation in the au Saumon watershed 

reduces the exposure of the ground surface to atmospheric conditions and expected to result in 

strong coupling between the surface and subsurface soil moisture. However, the expected strong 
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coupling between the top and second layers of the model did not bring improvement in the 

accuracy of ensemble streamflow forecasts. This might be due to the subsurface physics of 

HYDROTEL, which was not explicitly designed to consider the vertical coupling between top 

and second layers of the model. 

Overall, only slight further gain in the accuracy of the ensemble streamflow forecast is obtained 

when the model is updated with the merged SMAP/in-situ soil moisture i compared to when the 

model is separately updated either with SMAP enhanced or in-situ soil moisture. This could be 

attributed to the quality of the merged SMAP/in-situ soil moisture, which in turn depends on the 

quality of the SMAP enhanced soil moisture and in-situ soil moisture. The spatial interpolation 

of in-situ soil moisture was affected by the paucity of in-situ probes in the au Saumon watershed, 

while the quality of the SMAP enhanced soil moisture retrieval was affected by the presence of 

vegetation as previously discussed. These weakness of SMAP and in-situ soil moisture 

propagates into the merged SMAP/in-situ soil moisture, thereby affecting the accuracy of the 

ensemble streamflow when updating the model. 

6.6  Conclusion 

The L-band passive microwave satellites (e.g., the SMOS and SMAP) and in-situ measurements 

are established methods for estimation of soil moisture. Over the au Saumon watershed, which 

is dominated by forests, SMAP overestimated soil moisture and less reacts to  dryness, while 

in-situ measurements are well reacted to dryness producing a better dynamic range of soil 

moisture. On the other hand, SMAP better reproduces the spatial distribution of soil moisture 

than in-situ measurements. This is because the in-situ measurements are not adequate to capture 

the spatial variability of soil moisture as the number of probes over the au Saumon watershed 

are scarce. This highlights the importance of combining the strength of SMAP and in-situ soil 

moisture to generate soil moisture with the better quality while compensating for their respective 

weaknesses. Thus, the conditional merging technique was adopted for this purpose. 

The merging of SMAP enhanced soil moisture with the in-situ measurements improved the 

spatio-temporal representation of soil moisture over the au Saumon watershed than any single 

one of them by preserving the spatial variability of SMAP and keeping the dynamic range of in-
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situ soil moisture. The 1-km merged SMAP/in-situ soil moisture better represented the spatial 

detail of soil moisture than the 9-km merged SMAP/in-situ soil moisture. 

The assimilation of the merged SMAP/in-situ surface soil moisture only slightly further 

improved slightly further improved the accuracy of the ensemble streamflow forecast than when 

the model separately updated either with the SMAP enhanced or in-situ soil moisture alone. On 

the other hand, when comparing in terms of spatial resolution, the 1-km merged SMAP/in-situ 

soil moisture produced reasonably better ensemble streamflow forecast than the 9-km merged 

SMAP/in-situ soil moisture.  

The assimilation of the vertically extrapolated merged SMAP/in-situ soil moisture did not bring 

further improvement to the accuracy of the ensemble streamflow forecast compared to the open 

loop. This remains true when the model separately updated with the vertically extrapolated 

SMAP enhanced and subsurface in-situ soil moisture alone. 

Besides its contributions, this study also has some limitations which are worth to mention. First, 

the au Saumon watershed is heavily forested, which subsequently affects the quality of the 

SMAP soil moisture retrievals. Second, the number of in-situ soil moisture measurement probes 

are not adequate to represent the spatial variability of soil moisture in the au Saumon watershed. 

Hence, the lack of spatially dense in-situ soil moisture measurement stations along with the sub-

optimal quality of the SMAP soil moisture affects the quality of the merged SMAP/in-situ soil 

moisture. This consequently affects the accuracy of ensemble streamflow forecast when 

assimilated. 

In future studies, the merging of different satellite soil moisture products with in-situ soil 

moisture is encouraged. There are several networks of in-situ soil moisture measurements with 

different density across the globe. Exploring the impact of the density of these networks on the 

merging with satellite soil moisture and thereby on the accuracy of streamflow forecasting 

would be interesting.  

Exploring different merging techniques is also a good perspective to consider. In addition, the 

use of real ensemble meteorological forecast for forcing of hydrological model is encouraged 

while assimilating the merged satellite/in-situ soil moisture. Finally, exploring more advanced 

data assimilation schemes along with merged products is also encouraged. 
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Chapter 7     CONCLUSION AND RECOMMENDATIONS 

7.1  Conclusion (Français) 

L’humidité joue un rôle fondamental en hydrologie et dans ses applications telles que la 

simulation et la prévision hydrologiques. Il est intéressant de noter qu’au cours des dernières 

décennies de plus en plus de données satellitaires en micro-ondes passives onté été disponibles. 

Toutefois, la faible résolution spatiale de ces données est problématique pour les utiliser en 

hydrologie que ce soit pour des applications à l’échelle locale ou régionale. Ainsi, cette thèse 

s’intéresse à réduire l’écart d’échelle exitant entre l’humidité du sol issue de SMAP (ayant une 

résolution spatiale d’environ 36 km) et les besoins pour les applications hydrologiques 

(requérant une résolution plus fine, par exemple de 1 km). L’humidité du sol issue de la 

désagrégation d’échelle des données SMAP est ensuite utilisée pour mettre à jour HYDROTEL, 

modèle hydrologique distribué, à des fins de simulations et prévisions hydrologiques. Pour 

atteindre les objectifs de cette thèse, le travail de recherche est divisé en trois parties : 1) la 

désagrégation d’échelle de l’humidité du sol issue de SMAP, 2) l’assimilation de la donnée 

d’humidité du sol à fine résolution spatiale dans le modèle distribué à base physique 

HYDROTEL et 3) l’assimilation dans HYDROTEL d’un produit d’humidité du sol combinant 

données satellitaires SMAP et données d’observation au sol. 

La première partie de cette thèse vise à faire une désagrégation d’échelle des données d’humidité 

du sol issue de SMAP à des résolutions de 1, 3 et 9 km à l’aide d’un modèle d’apprentissage 

machine : les forêts aléatoires. La méthode de désagrégation d’échelle développée explore 

l’utilisation de données de surface issues de Sentinel-1A ainsi que celles issues de MODIS et 

d’autres sources (SRTM DEM, PRISM par exemples). Les sites d’étude sont les bassins versants 

des rivières Susquehanna et Au Saumon, respectivement considérés comme des bassins 

moyennement et fortement forestiers. Ils sont tous deux soumis à des étés chauds et humides.  

L’utilisation des forêts aléatoires a révélé de bons résultats pour faire la désagrégation d'échelle 

spatiale de l’humidité du sol issue de SMAP. En effet, cette désagrégation d’échelle permet 

d’améliorer la représentation de l’hétérogénéité spatiale de l’humidié du sol tout en conservant 

les tendances à grandes échelles du produit original. En comparant les produits obtenus à 1, 3 et 

9 km de résolution, celui à 1 km de résolution a la meilleure représentation de la variabilité 
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spatiale de l’humidite du sol, notamment en termes de réprésentation des détails de fine échelle. 

Le produit à 1 km a également révélé avoir une meilleure représentation de la dynamique 

temporelle de l’humidité du sol, plus proche de celle issue de mesures in situ, en particulier pour 

le bassin versant Susquehanna. En revanche, pour le bassin versant Au Saumon, tous les produits 

dérivés des données satellitaires SMAP surestiment l’humidité du sol par rapport aux données 

d’observation in situ.  

Les prédicteurs issus de Sentinel-1A ne permettent pas une amélioration significative du modèle 

de forêts aléatoires développé, démontrant ainsi leur moindre importance dans le modèle de 

désagrégation d’échelle pour les deux bassins versants à l’étude. Par ailleurs, d’autres 

prédciteurs de d’autres sources jouent un rôle importants ; il s’agit par exemple de la température 

de brillance issue de la polarisation verticale, le NDVI, l’albédo de surface, l’indice de 

précipitation antécédente et la topographie qui peuvent être venir de SMAP, MODIS ou SRTM. 

Le faible apport au modèle de désagrégation d’échelle des prédicteurs de Sentinel-1A peut 

s’expliquer par l'important couvert forestier des bassins versants étudiés, réduisant alors 

significativement la sensibilité du signal rétropropagé à l’humidité du sol présente.  

De plus, le plus long temps de revisite de Sentinel-1A réduit le nombre de données disponibles 

pour la phase d’apprentissage du modèle de forêts aléatoires et engendre ainsi une discontinuité 

temporelle dans le modèle de désagrégation d’échelle (les données Sentinel-1A n’étant 

disponibles qu’aux douze jours). Cependant, en retirant les données Sentinel-1A, l’échantillon 

d’apprentissage devient plus long et permet d’avoir un modèle plus robuste. Ce retrait présente 

également l’avantage d’avoir une résolution temporelle plus fine, avec un écart de trois à cinq 

jours entre deux données d’humidité du sol après descente d’échelle.  

La deuxième partie de cette thèse s’intéresse à la mise à jour de l’humidité du sol dans le modèle 

distribué à base physique HYDROTEL à l’aide du produit SMAP d’origine (à une résolution de 

36 km) et ceux issus de la désagrégation d’échelle (à 1, 3 et 9 km de résolution). Pour mettre la 

jour l’humidité du sol dans les deux premières couches du sol, la méthode d’insertion directe, 

considérée comme une méthode d’assimilation de données simple, est utilisée. L’humidité du 

sol dans la couche de surface est directement mise à jour par la donnée SMAP (d’origine ou 

après descente d’échelle), alors que l’humidité du sol dans la deuxième couche du sol est mise 

à jour par une extrapolation verticale de l’humidité du sol en surface de SMAP. Pour cette partie 
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de la recherche, le bassin versant Susquehanna a été retenu ainsi que son son sous-bassin 

principal : le bassin versant de la rivière Upper Susquehanna, un bassin de faible superficie.  

La mise à jour de l’humidité du sol dans la couche de surface du modèle avec l’humidité du sol 

de SMAP (que ce soit le produit d’origine ou après désagrégation d’échelle) améliore la qualité 

du modèle hydrologique d’ensemble comparé à un modèle sans mise à jour (soit en boucle 

ouverte), et ce pour les deux bassins versants considérés dans cette partie de l’étude. Cependant, 

l’amélioration des simulations n’est pas la même selon le produit d’humidité du sol utilisé pour 

la mise à jour du modèle. Par exemple, pour le bassin versant Susquehanna, le produit 

d’humidité du sol à 9 km de résolution améliore significativement le modèle hydrologique 

d’ensemble sans qu’il soit nécessaire d’utiliser un produit à plus fine échelle. Autrement dit, la 

mise à jour du modèle hydrologique avec des données d’humidité du sol à très fine échelle (à 1 

km de résolution en particulier) ne permet pas de relever une quelconque amélioration 

significative du modèle hydrologique. Pour le bassin de la Upper Susquehanna, la mise à jour 

de l’humidité du sol avec les produits à 1 et 3 km de résolution permet une meilleure 

amélioration du modèle hydrologique qu’avec le produit SMAP d’origine ou avec une 

résolution plus grossière (9 km).  

Ce qui précède montre que la taille du bassin versant permet de déterminer la résolution spatiale 

des données d’humidité du sol à utiliser pour faire la mise à jour du modèle hydrologique. Pour 

le bassin versant Susquehanna qui est le plus grand, la désagrégation d’échelle à une résolution 

plus large (9 km) est suffisante pour décrire de manière satisfaisante l’hétérogénéité spatiale de 

l’humidité du sol et utiliser une résolution beaucoup plus fine (1 km) n’apporte aucune 

amélioration significative sur la qualité des prévisions hydrologiques d’ensemble. Cependant, 

pour le bassin versant Upper Susquehanna, qui est un petit bassin versant, l’humidité du sol 

issue du produit SMAP d’origine à une résolution de 36 km ou de la désagrégation d’échelle la 

plus large (9 km) ne permet plus de représenter adéquatement l’hétérogénéité spatiale de 

l’humidité du sol car, avec ces résolutions, seul un faible nombre de pixels suffit pour recouvrir 

tout le bassin versant. C’est pourquoi il est nécessaire d’utiliser les produits issus d’une 

désagrégation d’échelle à plus fine résolution (1 et 3 km) permettant ainsi de mieux représenter 

l’hétérogénité de l’humidité du sol et par suite de fournir des modélisations hdyrologiques de 

meilleure qualité. 
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En revanche, la mise à jour des deux premières couches de sol du modèle hydologique par 

respectivement les données SMAP d’humidité du sol en surface et celles extrapolées en 

profondeur ne permet pas d’améliorer significativement le modèle hydrologique d’ensemble. Il 

s’avère que la mise à jour de l’humidité du sol en surface amène de meilleurs résultats. Cela 

peut en partie s’expliquer par le manque de complexité dans le modèle d’extrapolation verticale 

utilisé, à la physique des couches profondes du modèle, aux caractéristiques physiographiques 

du bassun versant (type de sol et occupation du sol notamment), ainsi qu’à un manque de 

données d’humidité du sol in situ pour valider correctement le modèle d’extrapolation 

développé.  

Par rapport à une mise à jour du modèle pour chaque donnée SMAP disponible, la mise à jour 

du modèle à partir de l’occurrence d’événements de pluie intense permet de réduire la fréquence 

de mise à jour ainsi que la puissance de calcul nécessaire. Il est intéressant de noter que cette 

baisse du nombre de mise à jour du modèle améliore la qualité du modèle hydrologique. Cela 

permet en effet au modèle de mieux représenter le cheminement de l’eau dans le sol entre deux 

événements précipitants, en particulier le cheminement de l’eau de surface jusque dans les 

couches profondes.  

En plus de ces avantages venant de la mise à jour du modèle hydrologiques à partir de différentes 

résolutions spatiales de l’humidité du sol issue de SMAP, il est important de souligner certaines 

limites qui y sont associées. Il s’agit par exemple de la faible qualité relative des données 

d’humidité du sol de SMAP sur les régions du bassin versant couvertes de forêts, du modèle 

d’extrapolation verticale utilisé et du manque de données d’humidité du sol in situ pour 

développer un modèle d’extrapolation verticale plus robuste. Cette thèse ne sait pas pencher sur 

ce problème, qui reste un enjeu majeur en prévision oppérationnelle.  

Dans la dernière partie de cette thèse, l’humidité du sol issue de SMAP et celle issue de données 

in situ sont combinées pour fournir une carte d’humidité du sol unique (humidité du sol 

SMAP/in situ) de meilleure qualité qui prend le meilleur des deux sources. Les données 

satellitaires permettent d’avoir accès à une bonne représentation de l’hétérogénéité spatiale 

générale sur le territoire, tandis que les données au sol donnent une bonne représentation de la 

dynamique temporelle. Le produit combiné est utilisé pour mettre à jour l’humidité du sol du 
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modèle HYDROTEL dans le but de faire de la prévision hydrologique. Cette méthode est 

appliquée sur le bassin versant Au Saumon.  

La combinaison des données d’humidité du sol SMAP et in situ améliore la représentation 

spatio-temporelle de l’humidité du sol et fait mieux que les deux produits pris séparemment. 

Ainsi, la mise à jour de l’humidité du sol du modèle hydrologique avec ce produit combiné 

améliore la qualité des prévisions d’ensemble du modèle hydrologique comparé à un modèle 

sans mise à jour de l’humidité du sol. Toutefois, cette amélioration n’est pas significative par 

rapport à la mise à jour par un seul produit d’humidité du sol, que soit un des produits de 

descente d’échelle de l’humidité du sol de SMAP ou l’humidité du sol in situ. Cela vient surtout 

de la faible qualité des données d’humidité du sol de SMAP sur le bassin versant Au Saumon 

qui est très boisé. De plus, le faible nombre de mesures in situ affecte le produit combiné.  

L’utilisation du produit combiné humitidé du sol SMAP désagrégée à 1 km de résolution et 

humidité du sol in situ permet d'obtenir de meilleures prévisions hydrologiques d'ensemble que 

lorsque l’humidité du sol issue de SMAP est désagrégée à une résolution de 9 km seulement. 

D'autre part, la mise à jour du modèle avec l'humidité du sol verticalement extrapolée par le 

produit combiné SMAP/in situ n’apporte pas d'amélioration supplémentaire par rapport à la 

mise à jour de la seule couche d’humidité du sol de surface du modèle hydrologique. Comme 

déjà mentionné, ceci pourrait venir de la qualité des données SMAP et du manque de données 

d’observation au sol.  

De manière générale, cette recherche utilise l’humidité du sol mesurée par satellite en micro-

onde passive bande L (SMAP) dans l’objetif d’améliorer la modélisation hydrologique. L’accès 

à une technologie de ce type offre l’accès à des données représentant la variabilité spatiale et 

temporelle de l’état du bassin versant et en particulier de l’humidité du sol. Tradionellement, les 

mesures in situ sont utilisées. Mais le faible nombre de sites d’observation est problématique et 

requiert plus de ressources pour avoir une couverture optimale sur de grands territoires (à 

l’image des bassins versants de cette thèse). Ainsi, les avancées technologiques en télédétection 

permettent d’approfondir la compréhension des processus hydrologiques et donc améliore les 

applications qui en sont faites en hydrologie et agriculture. Cependant, il reste encore de 

nombreuses impasses à surmonter pour utiliser pleinement les ressources offertes par la 

télédétection dans les applications en hydrologie.  
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Il est important de continuer à améliorer les modèles hydrologiques pour pouvoir faire face au 

mieux aux futurs événements qui s’éloignent de l’historique actuel. Il n’est très certainement 

pas requis de redéfinir l’ensemble de la modélisation hydrologique; mais l’effort devrait se faire 

sur les modules qui modélisent au mieux les changements à venir. De plus, certains modules ne 

permettent actuellement pas d‘utiliser des données de télédétection comme intrants. 

L'augmentation de la disponibilité de données de télédétection impose une mise à jour de ces 

modules. En s’appuyant sur les travaux de cette thèse, il est par exemple recommendé de 

redéfinir le module d’humidité du sol afin de mieux prendre en compte la mise à jour de 

l’humidité du sol issue de données satellitaires.  

7.2  Recommendations (Français) 

De plus en plus de données d’humidité du sol issues de mesures satellitaires en micro-onde 

passive sont disponibles. C’est pourquoi ces dernières décennies ont vu émerger plusieurs 

produits d’humidité du sol développés et validés afin d'avoir de meilleures méthodes 

d’assimilation de l’humidité du sol satellitaires dans les modèles de surface. Cependant, l’étude 

de ces produits satellitaires pour des applications hydrométéorologiques et agricoles variées est 

encore jeune et c’est dans ce contexte que cette thèse a été menée. Elle a visé à explorer 

l’utilisation de l’humidité du sol issue de SMAP pour faire de la modélisation et de la prévision 

hydrologique. Ainsi, à partir des conclusions de cette thèse, plusieurs recommendations sont 

proposées pour des recherches futures.  

Premièrement, il est très important d'améliorer la qualité de la mesure de l'humidité du sol par 

SMAP dans les zones modérément ou fortement boisées. En effet, avec ce type d’occupation du 

sol, SMAP a tendance à surestimer l’humidité du sol et l’utilisation de ces données biaisées ont 

un effet défavorable sur le modèle de prévision hydrologique. Cette thèse l’a démontré, en 

particulier sur le bassin versant Au Saumon. Le territoire de ce bassin versant est très 

majoritairement couvert de forêts. Sur ce type de surface, il est difficile de faire la différence 

entre le signal émis par le sol et celui provenant de la canopée. Ainsi, au-delà des avancées 

technologiques en micro-ondes passives, il faut aussi encourager les études qui portent sur 

l’amélioration des algorithmes déjà existants de traitement de ce type de signal.  

Deuxièmement, dans cette thèse, les prédicteurs issus des mesures de radar à synthèse 

d’ouverture (SAR) n’ont pas apporté une amélioration significative dans la qualité du modèle 
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de désagrégation d’échelle de l’humidité du sol de SMAP. Cela vient en particulier du fait que 

les bassins versants à l’étude étaient principalement forestiers. Cependant, il est admis que 

l’utilisation de ces données SAR pour la désagrégation d’échelle de l’humidité du sol issue des 

micro-ondes passives de SMAP et SMOS est prometteuse pour les sols nus ou couverts de 

végétation basse. Ainsi, les études futures devraient fortement utiliser les données déjà 

existantes et à venir des satellites SAR tels que Sentinel-1A/B, la constellation RADARSAT et 

la bande L de NISAR. L’avantage de ces mesures est qu’elles peuvent être effectuées sans égard 

des conditions météorologiques et peuvent pénétrer dans la végétation plus profondément que 

les satellites optiques ou infra-rouges comme MODIS. La mesure par bande L des SAR comme 

celui de NISAR est la plus prometteuse. Par ailleurs, leur plus fine résolution spatiale offre 

l’opportunité de faire une désagrégation d’échelle encore plus fine (de l’ordre de plusieurs 

mètres) de l’humidité du sol issue des micro-ondes passives que celle faite dans cette thèse. Cela 

bénéficierait sans aucun doute à de nombreuses applications hydrologiques.  

Troisièmement, la plupart des méthodes de désagrégation d’échelle ont été développées et 

appliquées pour les milieurs arides et semi-arides, pour lesquels l’effet de l’occupation du sol 

dans le modèle de désagrégation d’échelle n’est que peu important. Cette thèse a essayé 

d’utiliser la méthode des forêts aléatoires pour faire une désagrégation d’échelle de l’humidité 

du sol de SMAP pour des bassins versants ayant une couverture forestière de modérée jusqu’à 

forte. Des résultats prometteurs ont été obtenus, mais des études futures sont nécessaires sur des 

régions ayant les mêmes caractéristiques d’occupation du sol. De plus, le modèle d’ensemble 

des forêts aléatoires utilisé pour faire la désagrégation d’échelle a tendance a sousestimer les 

fortes valeurs d’humidité du sol et surestimer les faibles. Ainsi, d'autres recherches sont 

nécessaires pour améliorer les méthodes d’apprentissage machine utilisées pour la 

désagrégation d’échelle.  

Quatrièmement, cette thèse a fait appel à une méthode d’insertion directe comme technique 

d’assimilation de données. Celle-ci est la plus simple parmi l’ensemble des techniques 

d’assimilation de données existantes. Elle fut retenue dans l’objectif de se concentrer sur une 

évaluation de la capacité d’utilisation des données SMAP pour améliorer la modélisation et la 

prévision hydrologique. Les études à venir pourraient s’employer à utiliser, pour le même travail 
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que dans cette thèse, des techniques d’assimilation de données plus avancées telles que le filtre 

particulaire, le filtre de Kalman d’ensemble ou le filtre de Kalman d’ensemble séquentiel.  

Cinquièmement, bien que récente, l’assimilation de données continue à gagner en popularité en 

hydrologie. Cependant, bien que cette thèse et d’autres études montrent qu’il est possible de 

mettre en place une méthode d’assimilation de données dans un modèle hydrologique,  la base 

physique de la plupart des modèles hydrologiques existants n’a pas été pensée pour 

l’assimilation de données. Il serait donc important d’améliorer cette base physique ou de 

développer de nouveaxu modèles orientés vers l’assimilation de données. Par exemple, pour 

l’assimilation des données d’humidité du sol, la physique des modules sous-surfaces doit être 

améliorée afin de clairement représenter la connexion entre les différentes couches de sol à partir 

des propriétés du sol et de l’occupation du sol.  

Sixièmement, il est recommendé de faire une extrapolation horizontale de l’humidité du sol de 

SMAP des zones où elle est de bonne qualité vers les zones à forte végétation. De même, des 

méthodes robustes et à base physique doivent être développées pour l'extrapolation verticale de 

l'humidité du sol issue de mesures satellitaires à micro-ondes passives, car les méthodes 

existantes manquent d'une base physique solide.  

Septièmement, cette thèse a scruté le potentiel de l’humidité du sol en modélisation et prévision 

hydrologique avec un contrôle des données météorologiques extraites d’un historique. La suite 

de ce travail serait de l’appliquer pour la prévision hydrologique oppérationnele en utilisant de 

vraies données de prévision météorologique.  

Enfin, cette thèse a proposé une fusion de l’humidité du sol issue de SMAP avec des 

observations in situ à l’aide de la méthode de fusion conditionnelle, une technique couramment 

utilisée pour la combinaison des données de précipitations satellitaires et de pluviomètres. 

Plusieurs études ont proposé des méthodes pour combiner l’humidité du sol issue de différents 

satellites. Un exemple d’intérêt est l’ECV_SM (Variables Climatiques Essentielles - Humidité 

du Sol, Essential Climate Variables – Soil Moisture) développé afin de combiné quatre mesures 

en micro-ondes passives (SMMR, SMM/I, TMI et AMSR-E) et deux en micro-ondes actives 

(ERS AMI et ASCAR) à large résolution spatiale (Liu et al., 2011; Tomer et al., 2016). 

Cependant, peu d’études portent sur la combinaison d’humidité du sol issue de mesures 

satellitaires et de meurues in situ et il serait donc utile d’en voir plus.  
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7.3 Conclusion (English) 

Soil moisture plays a key role in hydrological applications such as streamflow simulation and 

forecasting. Interestingly, its availability from passive microwave remote sensing is increasing 

over the last decades, yet its low spatial resolution hampers its use for the local and regional 

scale hydrological applications. Hence, this thesis is designed to reduce the scale disparity 

between the SMAP soil moisture (roughly 36-km spatial resolution) and the hydrological 

application requirements (e.g., 1-km resolution) through downscaling. The downscaled SMAP 

soil moisture is then used for updating a distributed hydrological model, namely HYDROTEL, 

for the purpose of streamflow simulation and forecasting. Accordingly, this thesis splits into 

three major consecutive parts: 1) spatial downscaling of the SMAP soil moisture, 2) assimilation 

of downscaled SMAP into a physically-based distributed hydrological model (i.e., 

HYDROTEL), and 3) merging SMAP and in-situ soil moisture, and assimilating into 

HYDROTEL. 

In the first part of the thesis the SMAP soil moisture was downscaled to a range of spatial 

resolutions (i.e., 1-, 3- and 9-km) using random forest-based ML technique. During 

downscaling, the value of Sentinel-1A derived land surface variables along with those derived 

from MODIS and other sources (e.g., SRTM DEM, PRISM) were explored for the downscaling 

of the SMAP soil moisture products over moderately (Susquehanna) to heavily forested (au 

Saumon) watersheds with warm-summer humid continental climate. 

The random forest ML technique demonstrated good capability in improving the spatial 

resolution of the SMAP soil moisture. Indeed, the downscaling improved spatial variability of 

the SMAP soil moisture while preserving the spatial pattern of the original SMAP soil moisture. 

When comparing in terms of the representation of spatial variability, the 1-km downscaled 

SMAP soil moisture better represented the spatial detail of soil moisture than the 3-km or 9-km 

downscaled SMAP soil moisture. Similarly, the 1-km downscaled SMAP soil moisture better 

captured the temporal dynamics of in-situ soil moisture, especially for the Susquehanna 

watershed. On the other hand, for the au Saumon watershed the SMAP products at various 

resolution tend to overestimate soil moisture compared to the in-situ soil moisture. 
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With regards to predictors, the use of predictors derived from Sentinel-1A has only slightly 

improved the performance of the random forest model, indicating their less importance in the 

downscaling of the SMAP soil moisture over the Susquehanna and au Saumon watersheds. On 

the other hand, predictors derived from other sources (e.g., SMAP, MODIS and SRTM), such 

as vertically polarized brightness temperature, NDVI, surface albedo, antecedent precipitation 

index and elevation were identified as important predictors. The less importance of the Sentinel-

1A predictors might be because of the masking effect of vegetation, which reduces the 

sensitivity of backscatter signal to soil moisture as the Susquehanna and au Saumon watersheds 

are dominated by forest. 

In addition, the longer revisit time of the Sentinel-1A reduced the data size available for training 

of random forest and resulted in temporally discontinuities downscaled SMAP soil moisture 

(i.e., available every 12 days). However, excluding the Sentinel-1 predictors from the list of 

predictors increased the training size of the data thereby resulting in a more robust model. In 

addition, the temporal continuity of downscaled soil moisture is increased (i.e., available every 

3 to 5 days).  

In the second part of the thesis the original (36-km) and resulting downscaled SMAP soil 

moisture (e.g., at 1-, 3- and 9-km) products were used to update a physically-based distributed 

hydrological model HYDROTEL. Direct insertion, which is a simple data assimilation 

technique, was used to update the top and second layers of the model. The top layer was directly 

updated with the SMAP soil moisture, while the second layer was updated with the vertically 

extrapolated SMAP soil moisture. We selected the Susquehanna watershed and one of its head 

sub-watersheds, the Upper Susquehanna watershed (relatively smaller in size) for the 

experiments.  

Updating the top layer of the model with the original and downscaled SMAP soil moisture at all 

resolutions improved the ensemble streamflow simulations compared to the non-updated model 

(i.e., open loop) for both watersheds. However, the degree of improvement varies with the 

spatial resolution used to update the model. For example, for the Susquehanna watershed, the 

9-km downscaled SMAP soil moisture significantly improved the accuracy of the ensemble 

streamflow simulations without the need to go to higher-spatial resolutions. Putting it 

differently, when the model is updated with the downscaled SMAP soil moisture at higher-
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spatial resolutions, e.g., 1-km, no further significant improvement was noticed. On the other 

hand, for the Upper Susquehanna watershed, the downscaled SMAP at higher-spatial 

resolutions, e.g., at 1- and 3-km, produced better ensemble streamflow simulations than the 

original and downscaled SMAP at coarser spatial resolution (i.e., 9-km).  

From the above insights, it is inferred that that the size of the watershed determines the spatial 

resolution of SMAP soil moisture suitable for updating of the model. For the larger watershed 

(i.e., the Susquehanna watershed), the downscaled SMAP at coarser resolution (i.e., 9-km) 

adequately described the spatial heterogeneity of soil moisture and going to higher-resolution 

(e.g., 1-km) did not bring significant gain on the accuracy of the ensemble streamflow 

simulations. However, for the smaller watershed (i.e., the Upper Susquehanna watershed) the 

coarser resolution downscaled SMAP (9-km) or the original SMAP with resolution of 36-km 

could not sufficiently describe the spatial heterogeneity of soil moisture as only few pixels cover 

the entire watershed. For this reason, the downscaled SMAP at higher-spatial resolutions (1- 

and 3-km) better reflected the spatial heterogeneity of soil moisture and resulted in better 

streamflow simulation. 

On the other hand, updating the top and second layers of the model with surface and vertically 

extrapolated SMAP soil moisture, respectively, only slightly further improved the accuracy of 

the ensemble streamflow simulations compared to when only the top layer of the model is 

updated. This could be partly attributed to the simplicity of the assumption adopted for 

developing the vertical extrapolation method, the model subsurface physics, physiographic 

characteristics of the watershed (e.g., soil type and land cover) and lack of the in-situ soil 

moisture data for validation of the adopted extrapolation approach. 

Updating the model based on high rainfall events reduced the frequency of updating as well as 

the computational time needed compared to when the model updated based on the availability 

of the SMAP soil moisture with the full watershed coverage. Interestingly, the reduction in the 

frequency of updating improved the accuracy of the ensemble streamflow simulations. This is 

because reducing the frequency of updating offers more time for soil moisture to propagate to 

the rootzone between two subsequent updating times. 

Apart from the benefits obtained from updating the model with the SMAP soil moisture with a 

range of spatial resolutions, it is worthwhile to mention some of the limitations, such as the sub-
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optimal quality of the SMAP soil moisture retrieval notably over forested part of the watershed, 

the assumption made for vertical extrapolation of the SMAP soil moisture and paucity of in-situ 

soil moisture for implementation of a more robust vertical extrapolation method. Our study did 

not investigate this issue, which should be addressed particularly in the context of operational 

streamflow forecasting.  

In the last part of the thesis, the soil moisture derived from the SMAP and in-situ measurements 

are merged to generated improved soil moisture maps (SMAP/in-situ soil moisture) by 

combining their respective strengths. SMAP has the advantage of providing the spatial 

heterogeneity of soil moisture over a large area, whereas in-situ measurements have the 

advantage of preserving the temporal dynamics of in-situ soil moisture. The merged product 

(i.e., SMAP/in-situ soil moisture) was then used to update HYDROTEL for the purpose of 

streamflow forecasting. This study was implemented in the au Saumon watershed. 

Merging of the SMAP and in-situ soil moisture improved the spatio-temporal representation of 

soil moisture compared to any single one of them. In this context, updating the model with the 

merged product (i.e., SMAP/in-situ soil moisture) improved the accuracy of the ensemble 

streamflow forecasts compared to the non-updated model. However, the improvement was not 

that significant compared to when the model is updated with either downscaled SMAP or in-

situ soil moisture alone. This is primarily because of the sub-optimal quality of the SMAP soil 

moisture retrieval over the au Saumon watershed which is heavily forested. Besides that, the 

sparsity of in-situ soil moisture measurements in the au Saumon watershed affects the merging 

of the SMAP and in-situ soil moisture. 

With regards to the benefit of spatial resolutions, updating the model with the 1-km SMAP/in-

situ soil moisture resulted in better ensemble streamflow forecasts than the 9-km SMAP/in-situ 

soil moisture. On the other hand, updating the model with the vertical extrapolated SMAP/in-

situ soil moisture did not bring further improvement compared to updating only the top layer of 

the model. This could be attributed to the quality of SMAP, and paucity of in-situ soil moisture 

as stated previously. 

Generally, this study used soil moisture measured based on L-band satellite passive microwave 

remote sensing technologies (e.g., SMAP) for the purpose of improving hydrological 

simulations. Such technologies help to measure the spatial and temporal variability of watershed 



174 Chapter 7 

 

 
 

state, mainly soil moisture. Traditionally, in-situ measurements are used, but they are scarce, 

time consuming and expensive to install over a large area (e.g., watershed). Thus, advancement 

of remote sensing technologies greatly helps the improvement of our understanding of 

hydrological processes and also for hydrological and agricultural applications. However, still 

there is long way to go in hydrology to use remotely sensed information for hydrological 

applications. 

Frequent refining of hydrological models is important to be able to extrapolate to changing 

conditions. It may not be needed to refine the entire model, but some of the modules that 

simulate changing hydrological processes could be refined. In addition, some of the modules of 

hydrological models were not designed for incorporation of remotely sensed information. Thus, 

with the increase of availability of remotely sensed information refining some of the modules 

of the models are important. For example, in the case of this thesis it is recommended to refine 

the soil moisture module of the model to better accommodate the assimilation of satellite soil 

moisture. 

7.4 Recommendations (English) 

The availability of satellite passive microwave soil moisture products is increasing. Hence, over 

the last decades the validation and generation of optimal soil moisture products through 

assimilation of satellite soil moisture into land surface model have been active research areas. 

However, the study on their use for different hydrometeorological and agricultural applications 

is at its early stage and that is why this thesis focused on exploring the value of the SMAP soil 

moisture for the purpose of streamflow simulation and forecasting. Thus, from the perspective 

of this thesis the following research areas are recommended. 

First, improving the quality of the SMAP soil moisture retrieval over moderately to heavily 

forested areas is very important. This is because over such land surface conditions the SMAP 

tends to overestimate soil moisture and the use of such a wet bias would affect the model 

predictions. This is what is observed in this thesis particularly for the au Saumon watershed, 

which is heavily forested. Forest covers a considerable portion of the land surface. Over such 

an area it is difficult to discriminate the emission from soil surface and vegetation canopy. Thus, 

besides the upcoming advanced satellite passive remote sensing technologies, studies which 
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focus on improving the existing retrieval algorithms are encouraged to address this issue over 

such an area. 

Second, in this thesis, the SAR derived predictors did not bring significant improvement in the 

accuracy of the downscaled SMAP soil moisture mainly because of the forested nature of the 

study watersheds. However, it is deemed that the use of SAR data for the downscaling of satellite 

passive microwave soil moisture products including the SMAP and SMOS is promising over 

bare to low vegetated areas. Hence, future studies should capitalize on the use of existing and 

upcoming SAR satellites such as Sentinel-1A/B, the Canadian RADARSAT constellation 

mission (RCM) and the L-band NASA-ISRO Synthetic Aperture Radar (NISAR). This is 

because SAR satellites have the potential to operate under all-weather conditions and penetrate 

through vegetation to some extent than the optical\thermal based satellites such as MODIS, 

notably the upcoming L-band SAR such as NISAR is the most promising one. Besides, their 

higher-spatial resolution allows to downscale the satellite passive microwave soil moisture even 

to higher-spatial resolutions (i.e., in the order of meters) which is crucial for local scale 

hydrological applications. 

Third, most of the downscaling techniques were developed and applied in the arid and semi-arid 

climate setting where the effect of land cover on the downscaling is minimal. This thesis 

attempted to use random forest ML technique to downscale the SMAP soil moisture for 

moderate to heavily forested watersheds. Encouraging results were obtained, yet further studies 

are needed for similar land and climate setting. In addition, downscaling based on the ensemble 

ML such as random forest inherently tends to under- and overestimate higher and lower soil 

moisture values, respectively. Thus, further studies are needed for improving ML based 

downscaling techniques. 

Fourth, in this thesis the direct insertion data assimilation technique was used. This technique is 

the simplest of all data assimilation techniques and adopted with the objective to evaluate the 

value of satellite passive microwave soil moisture (SMAP) in improving streamflow simulation 

and forecasting. In future studies, one can expand on this work by using more advanced data 

assimilation techniques such as Particle Filter, Ensemble Kalman Filter and sequential 

Ensemble Kalman Filter. 
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Fifth, data assimilation is rather recent but continues to gain popularity in hydrology. However, 

the physics of most of the existing hydrological models were not designed for data assimilation, 

even though they have been proved effective in this thesis and many other studies. However, it 

would be important to improve the physics of the existing hydrological models or develop new 

hydrological models for the purpose of data assimilation. For soil moisture assimilation, for 

example, the model subsurface physics needs to be improved to clearly represent the connection 

between the soil layers based on the soil properties and land covers. 

Sixth, it is also advisable to spatially extrapolate the SMAP soil moisture from part of the 

watershed where it has a good quality to the part where it has a low quality. For example, in 

heavily vegetated areas  the SMAP soil moisture is  poor for the Susquehanna watershed, but in 

open and agricultural areas the quality is good. Similarly, robust and physically-based method 

need to be developed for vertical extrapolation of satellite passive microwave soil moisture as 

the exponential filter used in this study lack a solid physical basis. 

Seventh, this thesis scrutinized the value of soil moisture in hindcasting mode for simulation of 

streamflow. Extending this work for operational streamflow forecasts would be encouraged by 

using the real forecasted meteorological data. 

Finally, this thesis attempted to merge the SMAP soil moisture with the in-situ observations 

using conditional merging technique, a technique often used for merging satellite precipitation 

with rain-gauge observations. There are many studies that have been carried out to merge soil 

moisture derived from different satellites. On good example is ECV_SM (Essential Climate 

Variables (ECV_SM)) developed by merging four passive (SMMR, SSM/I, TMI, and AMSR-

E) and two active (ERS AMI and ASCAT) coarse resolution microwave sensors (Liu et al., 

2011; Tomer et al., 2016). However, the study on the merging of satellite and in-situ soil 

moisture is rather rare, which suggests further studies. 
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Figure A.0.1 Time series of downscaled L3S L3SMP_E SM, L3SMP_E, L2_SM_SP, daily 

rainfall and in situ SM for (a) Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites 
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Figure A.0.2 Scatter plot of L3SMP_E, L2_SM_SP and downscaled SM versus in situ soil 

moisture observation for (a) Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites 
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Figure A.0.3 Time series of the downscaled L3SMP_E SM, L3SMP_E SM, L2_SM_SP, daily 

rainfall and in situ observation for (a) Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites 
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Figure A.0.4 Scatter plot of L3SMP_E, and downscaled SM versus in situ SM observation for 

(a) Avondale, (b) Ithaca, (c) Geneva and (d) Rockspring sites 
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