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6 Summary and outlook 
 

 

This final chapter gives an overview of the research of 
this thesis on the integration of SMOS L-band 
observations to further develop and advance soil 
moisture climate records. The chapter includes a 
description of the potential impact and 
recommendations for follow-up studies. 
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6.1 Introduction  
In this chapter an overview is given of the research done in this thesis, which 
was divided into three main objectives. Within the first step a SMOS soil 
moisture dataset was developed based on the LPRM algorithm. In the second 
step the LPRM parameterization for soil moisture retrievals from the higher 
frequencies was adjusted using the newly developed SMOS LPRM as a 
baseline. In the final step the consistency and skill of the LPRM based soil 
moisture record from the different frequencies and sensors was evaluated.    

 

6.2 First application of LPRM to SMOS observations over an 
in situ network in southeast Australia 
In the second chapter of this thesis, LPRM was applied to and optimized for 
L-band observations from the SMOS satellite mission. This was done by 
adjusting the parameterization of the model, testing alternative sources of 
temperature input and evaluating the effect of using different incidence 
angles and overpass times. The soil moisture retrievals were optimized and 
evaluated against ground-based data from the Murrumbidgee Soil Moisture 
Monitoring Network (OzNet, Smith et al., 2012) in southeast Australia. 

 

For multi-channel observations, LPRM infers the effective soil temperature 
(Teff) from higher frequency channels. This is not possible for a single 
channel mission like SMOS and therefore two alternative sources for Teff 
were tested: (1) MERRA-Land (MERRA) and (2) ECMWF numerical weather 
prediction systems. SMOS measures brightness temperature at a range of 
incidence angles, therefore different incidence angles (45°, 52.5° and 60°) 
were tested for both ascending and descending swaths. Three LPRM 
algorithm parameters were optimized to match remotely sensed soil 
moisture with ground-based observations: the single scattering albedo, 
roughness and polarization mixing factor. 
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The agreement with single-angle SMOS LPRM retrievals to in situ soil 
moisture was close to the official SMOS Level 3 (L3) product, provided the 
three parameters were optimized for the OzNet dataset, with a Pearson’s 
coefficient of correlation (r) of 0.70-0.75 (0.75–0.77 for SMOS L3), root-
mean-square error (rmse) of 0.069–0.085 m3 m-3 (0.084–0.106 m3 m-3  for 
SMOS L3) and small bias of -0.02–0.01 m3 m-3 (0.03–0.06 m3 m-3  for SMOS 
L3). The highest r and lowest rmse values for LPRM were achieved when 
taking the average soil moisture retrieval of the three used incidence angles 
from the ascending (6 a.m.) overpass.  

 

The optimization showed the importance a high single scattering albedo 
(>0.1) in LPRM in order to retrieve soil moisture with high correlations 
against the in situ network. The roughness was important for the absolute 
range of soil moisture retrievals, and uses a soil moisture dependent 
approach similar to the one used in the SMOS L3 product. The polarization 
mixing was best set to 0. The two sources of Teff provided very similar results 
on average, slightly differing per in situ site.  

 

These results show that the LPRM can be applied successfully to single-angle 
SMOS L-band observations. This result was further confirmed by an 
independent comparison study of Holgate et al. (2016) over mainland 
Australia, where SMOS LPRM demonstrated a slightly better skill than SMOS 
L3. However, further testing was required to further determine if this set of 
parameters could be used for other geographic areas. 

 

6.3 Development of a global SMOS LPRM dataset 
After the LPRM was applied to SMOS observations over OzNet, the second 
step was to update and evaluate the LPRM parameterization on a global 
scale. Modelled soil moisture from MERRA and ERA-Interim/Land (ERA) 
over the period of July to December 2010 were used as a benchmark. In this 
study, the main focus was on the global optimization of the single scattering 
albedo and the roughness.  
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The r between LPRM and the two models increased rapidly when increasing 
the single scattering albedo up to 0.12 and reached a steady state from 
thereon. No significant spatial pattern linked to the global vegetation cover 
was found in the estimation of the single scattering albedo, which could be 
an artifact of the used parameter estimation procedure, and a single value of 
0.12 was therefore used globally, independent of incidence angle.  

 

The roughness was defined as a function of soil moisture and varied slightly 
for the different angle bins, with maximum values of 1.1 to 1.3 as the angle 
changes from 42.5° to 57.5°. This resulted in an average r of 0.51 and 0.47, 
with a bias of -0.02 m3 m-3 and -0.01 m3 m-3 and an unbiased root-mean-
square-error (ubrmse) of 0.054 m3 m-3 and 0.056 m3 m-3 against MERRA 
(ascending and descending). For ERA this resulted in an average r of 0.61 
and 0.53, with a bias of -0.03 m3 m-3 and an ubrmse 0.055 m3 m-3 and 0.059 
m3 m-3.  

 

The resulting parameterization was then used to run LPRM on SMOS 
observations over the period of July 2010 to December 2013 and evaluated 
against SMOS L3 and available in situ measurements from the International 
Soil Moisture Network (ISMN). The comparison with SMOS L3 shows that 
the LPRM soil moisture retrievals are very similar, with for the ascending set 
very high r of over 0.9 in large parts of the globe, with an overall average r of 
0.85 and the descending set performing less with an average of 0.74, mainly 
due to the negative r over the Sahara. The mean bias is 0.03 m3 m-3, with an 
ubrmse of 0.038 m3 m-3 and 0.044 m3 m-3.  

 

The comparison against in situ measurement from the ISMN give very 
similar results, with average r for LPRM of 0.65 and 0.61 (0.64 and 0.59 for 
L3) for the ascending and descending sets, while having a comparable bias 
and ubrmse over the different networks.  
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This shows that LPRM is applicable to SMOS L-band observations on a global 
scale, while still maintaining the core values of the LPRM algorithm (e.g. 
using a single global parameterization and not using external information on 
vegetation as an input). 

 

6.4 Merging LPRM based soil moisture from SMOS and 
AMSR-E  
The fourth chapter evaluates a methodology to integrate surface soil 
moisture retrievals from SMOS and AMSR-E into a single, consistent dataset 
retrieved using the LPRM algorithm. Besides improving the consistency, 
another aim is to exploit the advantages of the L-band observations, 
especially the better penetration of vegetation and improved absolute 
values, to improve the soil moisture retrievals from C- and X-band retrievals 
based on AMSR-E observations.  Additionally, since one single retrieval 
model (i.e. LPRM) is used for different frequencies, it could give more insight 
on how the soil moisture retrievals from the different frequencies relate to 
each other.   

 

The SMOS LPRM soil moisture retrievals were used as the baseline for 
optimizing the internal parameterization (i.e. surface roughness and single 
scattering albedo) of the AMSR-E LPRM retrievals. To overcome the 
uniqueness of these datasets a linear scaling approach was applied resulting 
in a consistent soil moisture dataset.  

 

The updated parameter set from the first step is similar for the two 
frequencies of AMSR-E (i.e. C- and X-band) further improving their inter-
comparability for both soil moisture and vegetation optical depth. Soil 
moisture retrievals from these AMSR-E frequencies were globally merged 
based on the availability of brightness temperatures that are free from RFI 
contamination (resulting in AMSR-E LPRMN).  
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This new product was evaluated against both the SMOS LPRM product in the 
overlapping period (July 2010 to October 2011), as well as the standard 
AMSR-E LPRM dataset with the old parameterization  (AMSR-E LPRMV3) for 
an approximately 9 year period (January 2003 to October 2011). For the 
overlapping period, the AMSR-E and SMOS LPRM products show high r 
between 0.60 and 0.90, with rmse below 0.04 m3 m-3 for NDVI values up to 
0.60. Their agreement tends to drop over the well-known challenging areas 
such as the arctic region and tropical rainforest.  

 

A detailed evaluation over in situ sites from 5 in situ networks worldwide 
showed that AMSR-E LPRMN often outperforms SMOS LPRM in sparsely 
vegetated areas, with generally higher r in areas with NDVI < 0.3, and in 
general a lower ubrmse. In line with theoretical expectations, SMOS LPRM 
outperforms the AMSR-E LPRMN product over the more densely vegetated 
areas.  

 

The newly developed AMSR-E LPRMN product was also compared against 
AMSR-E LPRMV3, revealing a significant increase (from 0.48 to 0.55) in r over 
16 in situ networks. This finding was confirmed through a large scale (50⁰N-
50⁰S) precipitation based verification technique, the so-called Rvalue (Crow et 
al., 2010a; Parinussa et al., 2011b), which shows a superior performance of 
the newly developed AMSR-E LPRMN product. Additionally, the linear 
scaling of AMSR-E LPRMN to the SMOS LPRM leads to further reducing the 
ubrmse from 0.09 to 0.06 m3 m-3 and the average bias from 0.14 to 0.00 m3 
m-3 over these stations. The AMSR-E LPRMN was furthermore compared 
against the top layer of two re-analysis models (i.e. from the Modern-Era 
Retrospective analysis for Research and Applications-Land and ERA-
Interim/Land models) generally demonstrating increased r and reduced 
ubrmse with the exception of the challenging areas.  

 

These results show that the AMSR-E LPRMN soil moisture retrievals improve 
by using the SMOS LPRM dataset as a benchmark, and the potential of SMOS 
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LPRM to be a successful integrator to build a long term soil moisture record 
based on multiple passive microwave sensors. 

 

6.5 Evaluation of the SMOS and AMSR-E LPRM soil moisture 
data sets by comparison against two alternative merging 
approaches 
The fifth chapter is based on a study that tests three different soil moisture 
data fusion approaches, of which one is the LPRM based approach as 
developed in chapter four. The SMOS and AMSR-E sensors were again 
chosen to provide additional focus on the integration of L-band based soil 
moisture in existing long term satellite soil moisture climate records. The 
strengths and weaknesses of different merging strategies were evaluated, 
first focusing on consistency between the datasets from the different sensors 
and then defining the skill of the individual datasets in the next steps.  

 

The three fusion approaches were designed and implemented on 10 year 
passive microwave data (2003-2013) from two different satellite sensors; 
SMOS and AMSR-E. The fusion approaches included a neural network 
approach (NN, Rodríguez-Fernández et al., 2016), a regression approach 
(REG, Al-Yaari et al., 2015), and LPRM.  

 

The consistency was tested using an inter-comparison exercise between the 
AMSR-E and SMOS fusion approaches, i.e. LPRM/NN/REG. Secondly the 
skills of the individual soil moisture products, based on anomalies, was 
evaluated using the Rvalue technique and triple collocation analysis (TCA, 
Scipal et al., 2008; Dorigo et al., 2010; Draper 2013). Finally an explicit focus 
was put on the Rvalue and TCA results over two regions that have strong land-
atmosphere coupling, the Sahel and the central Great Plains of northern 
America. To better put the results in perspective, soil moisture from the 
Advanced Scatterometer (ASCAT, Naeimi et al., 2009) was included in the 
skill evaluation, representing the active microwave based counterpart of 
satellite based soil moisture retrievals.  
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The inter-comparison shows that the NN approach gives the highest 
consistency between SMOS and AMSR-E in terms of r, while for the ubrmse 
the results were approximately the same for NN, REG and LPRM. AMSR-E 
and SMOS are shown to register similar behavior in soil moisture, mainly in 
the low and moderately vegetated areas.  

 

The Rvalue and TCA show the strength of using three different data sources, 
each with their unique qualities. In the more sparsely vegetated areas the 
AMSR-E LPRM soil moisture has the highest performance, followed by the 
SMOS datasets (LPRM and L3). In moderately vegetated areas the two SMOS 
datasets showed the best skill. In dense vegetation ASCAT showed the best 
performance in Rvalue, for the TCA this was a combination of ASCAT, SMOS 
LPRM, SMOS L3 and AMSR-E NN. These findings (excluding SMOS) are 
generally in line with previous studies by De Jeu et al. (2008) and Dorigo et 
al. (2014). When focusing in more detail on the two specific regions with a 
strong land-atmosphere coupling, the Sahel and the central Great Plains of 
northern America, the findings mainly reflect results that are found in earlier 
sections. The C-band based products show a constant high skill over the 
semi-arid parts of these regions when looking at the TCA and Rvalue results, 
with SMOS and ASCAT extending this into more the more denser vegetation 
covers.  

 

This work confirms that historical soil moisture datasets based on a 
combination of different microwave satellite sources, including the time 
period before the availability of L-band observations, are a valuable source 
of information for climate research. The different merging approaches have 
their own respective strengths. LPRM shows good results in the inter-
comparison, but especially performs well in both the Rvalue and TCA analysis, 
with AMSR-E LPRM showing the highest overall skill over the sparse 
vegetated regions, and SMOS LPRM over the moderate vegetated regions.  
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6.6 Impact and outlook 
The improvements of LPRM that have been made in this thesis were 
implemented in the latest versions of the publicly available ESA-CCI-SM 
dataset (v03.1 an higher), reaching over 3000 users in multiple disciplines 
(Dorigo et al., 2017). This includes SMOS LPRM and an ongoing update of C- 
and X-band based retrievals from current and historical missions using the 
new parameterization (e.g. see Table 1.2).  

 

However, with new satellites and acquired knowledge, the development of 
such a dataset is an continuous process. Since the launch of the Soil Moisture 
Active Passive mission (SMAP, Entekhabi et al., 2010) in early 2015 by NASA, 
a second source of L-band observations is available. SMAP can be used to 
extend and improve the current L-band based soil moisture dataset, both in 
soil moisture quality, temporal resolution, as spatial cover. This is caused by 
the traditional design of the radiometer, improved radiometric accuracy and 
better RFI mitigation as compared to the MIRAS sensor on SMOS, making it 
more suitable for use with the LPRM algorithm (Van der Schalie and De Jeu, 
2016c).  

 

The for 2020 planned Chinese Water Cycle Observation Mission (WCOM, Shi 
et al., 2014) is also of high interest for further research on this topic, with a 
tri-frequency (i.e. L-, S-, C-band) interferometric synthetic aperture 
microwave radiometer, the polarized microwave radiometric imager with 
similar channels as the AMSR-E sensor, and a dual-frequency (X- and Ku-
band) scatterometer. These instruments provide a great opportunity to 
directly study the effects of using different frequencies, both of the soil 
moisture as the vegetation. The increased availability of passive microwave 
observations (e.g. currently by SMOS, SMAP, AMSR2, FY-3B, and the Global 
Precipitation Measurement missions, ranging between L- and X-band) also 
make it possible to move towards consistent sub-daily retrievals of soil 
moisture. 
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Another issue that should be addressed in the near future is the temperature 
input for both SMOS and SMAP. Both satellites do not have a Ka-band sensor 
on board and therefore have to rely on model based temperature input for 
the soil moisture retrievals. This is undesirable for two reasons. First it can 
reduce the skill of soil moisture retrievals (Parinussa et al., 2011b), and 
second, in some areas this might lead to unrealistic temperature induced 
long-term trends in soil moisture. Lastly, within the climate community 
there is a strong need for model independent satellite soil moisture datasets, 
which are a perquisite for benchmarking. Holmes et al. (2015) introduced a 
method to create global diurnal cycles of temperature based on both Ka-
band and thermal infrared observations based on multiple satellites. 
Evaluating this as a potential temperature input for the L-band soil moisture 
retrievals could provide a solution to this issue.  

 

The parameterization of LPRM needs further examination as the roughness 
approach, based on both soil moisture and vegetation, still lacks a clear 
physical explanation. This might be caused by the difficulty to fully 
disentangle the vegetation and soil signal using a simple radiative transfer 
model, but could also be an artifact of the temperature input. A mismatch of 
several K in the temperature can easily affect absolute value with the use of 
constant roughness as used in earlier versions of LPRM. This needs to be 
globally addressed and evaluated in order to see if this improves the skill of 
the soil moisture retrievals.  

 

Finally, as there are currently many different methods available for the 
retrieval of soil moisture that have their own unique characteristics (e.g. see 
Chapter 6), making use of ensemble learning could further increase the 
quality of current soil moisture archives (e.g. as is done for climate modelling 
or numerical weather prediction).   


