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A B S T R A C T   

Soil moisture (SM) is a key variable that plays an important role in land-atmosphere interactions. Monitoring SM 
is crucial for many applications and can help to determine the impact of climate change. Therefore, it is essential 
to have continuous and long-term databases for this variable. Satellite missions have contributed to this; how
ever, the continuity of the series is compromised due to the data gaps derived by different factors, including 
revisit time, presence of seasonal ice or Radio Frequency Interference (RFI) contamination. In this work, the 
applicability of different gap-filling techniques is evaluated on the ESA Climate Change Initiative (CCI) SM 
combined product, which is the longest available satellite-based SM data record. The methods used were linear, 
cubic and autoregressive interpolation and support vector machines (SVMs). This study focused on Southern 
Europe and spanned the years 2003–2015. The different methods were applied in the temporal and spatial 
domains and evaluated using the holdout cross-validation technique. A set of variables was introduced in the 
SVM model to estimate SM, namely, land surface temperature, precipitation, normalized difference vegetation 
index (NDVI), potential evaporation, soil texture and geographical coordinates. For the SVMs, several combi
nations of these variables were considered, including a principal component analysis (PCA) containing all of 
them. Although the different methods show a generally good performance, the SVM method outperforms the rest. 
Using the SM of the precedent day (SMt-1) is key to obtain good estimates. The median value of the correlation 
coefficient (R) obtained with the SVM and the SMt-1 series in the temporal analysis was 0.83, and the RMSE was 
0.025 m3m− 3. Similar results were obtained in the spatial analysis, with the best performance (R = 0.88; RMSE 
= 0.024 m3m− 3) obtained by the SVM using the SMt-1 series and the static variables. The application of PCA to 
input variables was not beneficial, and the interpolation methods failed when dealing with large spatial or 
temporal gaps. A validation of the CCI SM series with in situ SM data from four networks located in Spain, France, 
Germany and Italy was also performed and no substantial differences were observed between results obtained 
with the original and with the reconstructed series. In addition, best inputs obtained with SVM were used to 
evaluate the random forest (RF) method in the temporal and spatial domain. This method showed a good ability 
to estimate soil moisture values in the temporal domain but to a lesser extent than SVM while for the spatial 
domain it did not seem to be as accurate. Our results confirm that we can efficiently deal with spatio-temporal 
gaps on observational SM databases using the SVM method and the past time series and soil texture as supporting 
information.   

1. Introduction 

Soil moisture (SM) is a relevant variable in land-atmosphere in
teractions as it controls the water, energy and carbon cycles, behaves as 
storage for precipitation, governs runoff and limits plant transpiration 
(Seneviratne et al., 2010). It is also a crucial variable in agricultural 
applications (Champagne et al., 2019) and many environmental studies, 

such as flood forecasting (Brocca et al., 2011), drought monitoring (Liu 
et al., 2019; Martínez-Fernández et al., 2016) and evaporation model
ling (Miralles et al., 2011). Given its importance within the Earth sys
tem, SM was listed as one of the 50 essential climate variables (ECVs) by 
the Global Climate Observing System (GCOS, 2010) in 2010, and many 
efforts have been dedicated to the global mapping of SM in recent de
cades. Several SM products have been developed and validated with 
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different objectives, characteristics and data sources (Beck et al., 2020). 
Examples include the International Soil Moisture Network (ISMN) 
(Dorigo et al., 2011), which consists of soil moisture series from in situ 
networks from all over the world. This soil moisture database is 
extremely useful, but has obvious limitations in terms of spatial 
coverage. Other approaches are the microwave active or passive satellite 
missions (e.g., Soil Moisture Ocean Salinity, SMOS, and Soil Moisture 
Active and Passive, SMAP) that provide a continuous spatio-temporal 
monitoring of this variable. The estimations are based on the high 
sensitivity of the brightness temperature measured by passive sensors, or 
the radar backscattering coefficient measured by active sensors, to the 
dielectric constant of soil, which is directly related to the soil moisture 
content. However, the retrieval of the variable can be complex due to 
various factors such as dense vegetation (Jackson, 1993). Furthermore, 
by merging different soil moisture estimations from different remote 
sensing missions, multi-satellite databases can be obtained (e.g., Soil 
Moisture Operational Products System, SMOPS, and Climate Change 
Initiative, CCI). These kind of products present the advantage of having 
a better spatio-temporal coverage than those obtained with just one 
sensor. Lastly, land surface models and reanalysis products (e.g., ERA5- 
Land and Global Land Data Assimilation System, GLDAS) provide a 
complete spatio-temporal coverage, since soil moisture is estimated by 
mathematical models incorporating also other variables. 

The CCI programme from the European Space Agency (ESA) aims to 
provide long-term observational datasets of biogeophysical variables by 
taking advantage of the satellite measurements acquired during the 
observational era, i.e., from 1970’s to the present (https://www.esa-s 
oilmoisture-cci.org, Soil Moisture Climate Change Initiative (CCI), 
2020). These variables are all integrated in the Copernicus Climate 
Service (C3S), a Copernicus Earth Observation Programme service 
focused on climate research that provides climate information and data 
(https://climate.copernicus.eu, Copernicus Climate Service (C3S), 
2020). SM is one of these variables (hereafter CCI SM). The CCI SM 
product integrates SM products from four active and seven passive mi
crowave satellite sensors, making the largest available existing obser
vational SM data record (Dorigo et al., 2017; Gruber et al., 2019; Gruber 
et al., 2017). This database has been extensively validated in different 
regions of the world including Southern Europe (Al-Yaari et al., 2019; 
González-Zamora et al., 2019; An et al., 2016; Dorigo et al., 2015; Iko
nen et al., 2018; McNallya et al., 2016). All these studies found great 
accordance between the CCI product and the different in situ or rean
alysis soil moisture series, although with some uncertainties, especially 
for the first years of the period when the data series have more gaps. 
Furthermore, CCI is extensively used for different applications, such as 
the study of global trends in SM (Feng, 2016; Qiu et al., 2016; Wang 
et al., 2016), precipitation estimations (Ciabatta et al., 2018), crop 
models (Sakai et al., 2016), the relationship between drought and cli
matic variables (Nicolai-Shaw et al., 2017), the assessment of the impact 
of El Niño drought conditions (Dorigo et al., 2016) or even tree growth 
tracking (Martínez-Fernández et al., 2019). 

The ESA CCI SM product quality has steadily increased with each 
successive release, and the merged products generally outperform the 
single-sensor input products (Dorigo et al., 2017). Nevertheless, this 
database poses some limitations for several applications. For example, 
higher spatial resolutions are required to serve regional applications. 
This problem has been addressed in some studies that applied down
scaling techniques to microwave-based SM products (Mascaro et al., 
2011; Peng et al., 2017; Piles et al., 2016; Piles et al., 2014; Srivastava 
et al., 2013). Additionally, many studies have problems dealing with the 
spatio-temporal gaps in the data, which are caused by a variety of factors 
(e.g., RFI contamination, different satellite revisit times, presence of ice 
or snow, high uncertainty of retrievals in coastal and mountain areas). 
Several methods have been proposed in the literature to overcome this 
non-uniform effective sampling of SM observational data at different 
spatial and temporal scales. For in situ SM databases, some studies have 
compared a suite of different gap-filling methods (Dumedah et al., 2014; 

Dumedah and Coulibaly, 2011; Ford and Quiring, 2014; Kornelsen and 
Coulibaly, 2014). Regarding satellite images, Zhang and Chen (2016) 
proposed the satellite and in situ sensor collaborated reconstruction 
(SICR) method for filling Gaofeng-1 SM gaps. They classified the missing 
pixels based on their characteristics and their similarity or proximity to 
the in situ data and established four rules for the reconstruction based on 
linear regression or ordinary kriging. Xing et al. (2017) improved the 
SICR method by applying machine-learning techniques. While the two 
methodologies offer good results, they can be applied only to regions 
where in situ SM data exist. Xiao et al. (2016) proposed a way to effi
ciently reconstruct the satellite series by using the GLDAS Noah model 
but only in one-year period. In that study, satellite data were used to 
estimate the model control variables, and meteorological data were 
incorporated to force the model to simulate the temporal dynamics. 
Wang et al. (2012) applied a penalized least square method based on 
three-dimensional discrete cosine transformation to the Advanced Mi
crowave Scanning Radiometer - Earth Observing System (AMSR-E) SM 
product, which was originally proposed by García (2010) for smoothing 
multidimensional data with missing values. This methodology enables 
the simultaneous consideration of spatial and temporal database infor
mation but leads to poor predictions when the spatial differences are 
large. Furthermore, Cui et al. (2016) proposed a reconstruction of the 
Fengyun-3B Microwave Radiation Imager (FY-3B/MWRI) SM product 
using Moderate Resolution Imaging Spectroradiometer (MODIS) prod
ucts by applying artificial neural networks (ANNs). This method was 
able to capture the SM dynamics, but they found uncertainties regarding 
the algorithm, which should be improved in the freezing-thaw period. 

Despite the previous research aimed at completing SM databases, 
only a few have been applied to the challenging case of the long-term 
multi-satellite CCI SM product. In Llamas et al. (2020), three spatial 
methodologies were evaluated over a region in the U.S. Midwest: ordi
nary kriging, regression kriging and general linear models (GLMs). 
These methods are based on the spatial distribution of SM or its rela
tionship with other variables (temperature and precipitation) and show 
good performance, especially the two kriging approaches. Cui et al. 
(2019) applied a modified algorithm from Cui et al. (2016) to the CCI SM 
product in the Tibetan Plateau. This method was based on a general 
regression neural network (GRNN) and used the SM, land surface tem
perature (LST), normalized difference vegetation index (NDVI), albedo 
and digital elevation model (DEM) as inputs. Liu et al. (2020) proposed 
the use of SMAP data to complete the CCI gaps. While the resampled 
SMAP SM series proved to be able to reasonably fill CCI SM gaps, the 
complete series reconstruction depends upon the availability of SMAP 
data. 

Studies comparing the performance of different gap-filling method
ologies to SM databases are limited, and they only partially address the 
specific case of long-term multi-satellite observational SM series. In this 
study we aim to bridge this gap by analysing the performance of gap- 
filling methodologies with different levels of complexity to the ESA 
CCI SM product: from simple ones, such as linear interpolation, to more 
sophisticated ones, such as those based on machine learning (ML). We 
selected ML techniques since they can integrate multivariate informa
tion and have been shown to excel in a variety of SM applications, from 
nonparametric and nonlinear classification to regression techniques 
(Lary et al., 2016). Specifically, the support vector machines (SVMs) for 
regression problems allow good generalization even with small training 
datasets (Ali et al., 2015; Mountrakis et al., 2011) and, in some cases, 
work better than ANNs (Ahmad et al., 2010). The effectiveness of SVMs 
to fill temporal gaps in ground-based observation databases has been 
proven elsewhere (Gill et al., 2006), but they have not been previously 
used to complete satellite databases. 

Knowledge of the SM spatial distribution and its dynamics, anoma
lies and trends across time is fundamental to assess and quantify the 
impact of climate change on the water cycle. This highlights the need to 
fill the data gaps and improve the temporal sampling and observation 
density of the current observational soil moisture databases spanning 
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the last 40 years. This work evaluates a suite of gap-filling methods of 
varying complexities for the case of long-term satellite-based SM data
bases (the CCI SM). This research is focused on the Southern part of 
Europe and covers spatial and temporal domains. Among the wide range 
of possible features that could explain the SM variability, the LST, NDVI, 
precipitation, potential evaporation and soil texture were chosen and 
used as inputs for the SVM models. The remainder of this article is 
organized as follows. Section 2.1 provides a description of the databases 
used in this study; Section 2.2 introduces the methods, the developed 
models and the overall validation strategy. Section 3 shows the results 
obtained by the different methods in the temporal and spatial domains 
and discusses the best results obtained in each analysis and their 
applicability. Conclusions and perspectives from this article are pro
vided in Section 4. 

2. Material and methods 

2.1. Datasets 

The CCI SM product is based on a merging algorithm that harmonizes 
the SM retrievals from available active and passive microwave sensors. 
The single-sensor SM products are merged into three different products 
depending on the type of sensors used: the active, the passive and the 
combination of the two. All products are provided in global daily maps 
in a regular grid of 0.25◦ (Dorigo et al., 2017). This merging algorithm 
has been updated and improved in the different versions of the product, 
which incorporate an increasing number of microwave sensors (Gruber 
et al., 2019; Gruber et al., 2017). In this study, the combined product of 
the latest version (v4.5) was used, and only the data with best quality 
were considered. This was achieved by screening out data with reported 
inconsistencies by using the quality flag variable. The CCI SM product 
also provides SM uncertainty values that are used to interpret the results. 
The combined product covers a 40-year period (November 1978 to 
December 2018) and includes eleven microwave sensors, seven of which 
are passive and four of which are active (Fig. 1), with different technical 
characteristics and coverage periods (Gruber et al., 2019). The avail
ability of a number of sensors for specific time periods leads to important 

differences in spatiotemporal coverage, resulting in periods when a 
single operating sensor was used to retrieve global SM but also in periods 
when up to five simultaneous estimations were merged. Due to this fact, 
the spatiotemporal distribution of data gaps is highly heterogeneous. 

For the study area, the south of Europe, the percentage of data 
availability did not exceeded 20% in the first 20 years of the series 
(Fig. 1). The amount of available data significantly increased notably to 
40–50% in 2002–2003, when AMSR-E was added. Therefore, two pe
riods can be clearly distinguished in the series in terms of data avail
ability, with the tipping point being 2003. For this reason and due to the 
limited availability of complementary databases in the first period, this 
study focuses on the second period, i.e., 2003–2015. In this period, there 
was an increasing trend in data coverage over time until 2012, when 
AMSR-E operations ceased. The percentage of available data increased 
again in 2013 with AMSR-2 data, reaching a plateau of approximately 
80% lasting until the end of the series. The mean percentage of SM data 
over Southern Europe for the study period is 62%, but its spatial dis
tribution is non-homogeneous; some coastal pixels and mountain re
gions are the ones with the lowest percentage of data (see Fig. 2a). But 
the majority of the area of study has between 70 and 80% of available 
data (Fig. 2b).The temporal distribution and the gap length are also 
irregular. While the most common gaps last one or two days, there are 
also gaps of more than one year (Fig. 2c). 

Several atmospheric, geophysical and hydrological variables are 
related to SM and can help capture its variability across space and time 
(Korres et al., 2013; Sandholt et al., 2002; Wang et al., 2007, 2017). In 
this study, the LST, NDVI, precipitation (P), potential evaporation (Ep) 
and soil texture were used to estimate the missing values of the CCI SM 
database (Table 1). The databases of these variables were chosen with 
the criteria of providing the longest temporal coverage and the fewest 
data gaps. Furthermore, remote sensing estimations rather than models 
were chosen when possible to avoid including additional uncertainties 
in the SM estimations. In addition, values were filtered using the pro
vided quality flags to keep only the pixels with the highest quality. Due 
to the spatial resolution differences among the products used, all data
bases were projected to the WGS84 coordinate system and resampled 
into a common 0.25◦ grid by averaging the pixel values. This is a 

Fig. 1. Timeline of the passive (orange) and active (blue) microwave sensors that generate the CCI SM product for version v4.5 and its annual percentage of available 
data in Southern Europe. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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common and well-accepted practice when dealing with coarse resolu
tion remote sensing data (Liu et al., 2020; Sandholt et al., 2002; Qu et al., 
2019). In addition, the 16-day NDVI product was interpolated and the 
hourly LST product was averaged to obtain daily series. In situ SM data 
were also used to validate the CCI SM reconstructed series following the 
methodology of González-Zamora et al. (2019). For this, four SM net
works of the ISMN over the south of Europe were used: REMEDHUS 
network (González-Zamora et al., 2016) located in Spain, the TERENO 
network (Zacharias et al., 2011) in Germany, the UMBRIA network 
(Brocca et al., 2008) in Italy, and the ORACLE network (Tallec et al., 
2015) in France. 

2.2. Gap-filling techniques 

The gap-filling techniques chosen for this study were (i) linear 
interpolation, (ii) cubic interpolation, (iii) SVMs and (iv) SVMs com
bined with PCA. Furthermore, in the SVMs, an analysis of different 
combinations of input variables was carried out. The combination of 
inputs with the best accuracy was used to evaluate the random forest 
(RF) method. With the aim of evaluating the performance of the 
different methods, a holdout cross-validation was performed with nine 
replicates (Browne, 2000; Pérez-Planells et al., 2015). SM values were 
separated into the training and the test subsets (70% and 30% of the 
existing values, respectively). The partition of the datasets randomly 
reproduced the spatiotemporal distribution of the CCI SM gaps of the 

Fig. 2. Temporal coverage of data available for the study period (2003–2015) (a). Its probability density function (b). Histogram of the data gap lengths for the 
period (2003–2015) in Southern Europe (c). 

Table 1 
Characteristics of the datasets used in the study.  

Variable Units Product Spatial 
resolution 

Temporal coverage Temporal 
resolution 

Reference 

SM m3m− 3 CCI SM combined v4.5 0.25◦ 1978/11/01–2018/ 
12/31 

1 d (Dorigo et al., 2017; Gruber et al., 
2017, 2019) 

LST K LSA-001 CM SAF 0.05◦ 1991/01/01–2015/ 
12/31 

1 h (Duguay-Tetzlaff et al., 2017) 

P mm GPM IMERG Final Precipitation L3 v06 0.1◦ 2000/06/01 - Present 1 d (Huffman et al., 2019) 
NDVI – MOD13A2 v6 1 km 2000/02/18 - Present 16 d (Didan, 2015) 
Ep mm/d GLEAM ET v3.3 b 0.25◦ 2003/01/01–2018/ 

09/30 
1 d (Martens et al., 2017; Miralles et al., 

2011) 
Soil 

texture 
% European Soil Data Centre (ESDAC) LUCAS 

topsoil 
500 m – – (Ballabio et al., 2016)  
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study area and is the same for all the methods to ensure robustness and 
consistency in the inter-comparisons. Once the reconstructed SM series 
were obtained from the training set, the new values were validated with 
the test set. The statistics calculated for the validation assessment with 
the test set were the Pearson correlation coefficient (R), the average 
error bias, the root mean square error (RMSE) and the centered RMSE 
(cRMSE). The last three are expressed in volumetric units (m3m− 3). 
These metrics are commonly used in satellite SM validation exercises 
(Entekhabi et al., 2010). 

2.2.1. Interpolation methods 
For the spatial domain, the objective was to complete each daily map 

of the CCI SM series. Delaunay triangulation-based 2-D linear interpo
lation (LI) and cubic interpolation (CI) were carried out to achieve this 

goal. Additionally, the missing values in the temporal domain (i.e., from 
each pixel time series) were estimated by using an LI and a CI by splines. 
This last algorithm preserves the monotony of the data in an interval by 
using a cubic function (Fritsch and Carlson, 1980). 

For the temporal domain, an autoregressive (AR) model was used. 
This model performs interactive gap-filling to the temporal missing 
values by extrapolating data iteratively and has proven to obtain sta
tistically consistent results (Rigling, 2012). 

2.2.2. Support vector machine method 
SVMs are based on statistical learning theory (Vapnik, 1995) and are 

commonly used for different applications, such as classification, 
regression estimation or pattern recognition (Camps-Valls et al., 2004; 
Gómez-Chova et al., 2010; Pal, 2006; Xie et al., 2008). This technique 

Fig. 3. Relationship between the ESA CCI SM and complementary variables LST, P, NDVI and Ep (from top to bottom). Maps on the left column show the type of 
series with the strongest correlation with SM for each pixel. Maps in the middle column show the value of the Pearson correlation coefficient (R) of the majoritarian 
type of series in the left maps. The maps on the right column show the difference between the maximum R and the second highest R. 
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was first developed for classification problems with the idea of obtaining 
the optimum separating hyperplane that maximizes the margin between 
patterns. Only the points that lie in the margin define the hyperplane, i. 
e., the data points most difficult to classify (Dibike et al., 2001). Later, it 
was developed for regression problems, where the goal consists of 
finding a function f(x) that describes the dependency between the inputs 
(xi) and the target output y with at most an ε deviation and at the same 
time being as flat as possible (Smola and Schölkopf, 2004). Last, to 
consider nonlinear relationships, the kernel functions were added to the 
SVM algorithm. In this study, a Gaussian kernel function was used for 
that purpose and all the input variables were standardized before their 
incorporation to the models. 

The SVM method has been extensively used in the remote sensing 
field due to its ability to generalize (Mountrakis et al., 2011), even with 
small training datasets. It has also proven to be a useful tool in SM 
estimation (Ahmad et al., 2010; Gill et al., 2006). Here, we implement 
the SVM model to estimate the missing values of the CCI SM series using 
all the variables of Table 1 as inputs. Khellouk et al. (2019) used these 
same variables to model SM with multiple linear regression methods. 
Nevertheless, not all the relationships between these variables and SM 
are linear, and sometimes disagreements exist between the changes in 
these variables and the SM response (Daly and Porporato, 2005). For this 
reason, a previous evaluation of these relationships was made. The level 
of correlation between the SM series and the complementary variables 
(X) series was studied in four different scenarios (the coincident series 
Xt, the series one day before Xt− 1, the series two days before Xt− 2 and the 
series smoothed by averaging with a centered 30-day window X30d). For 
each pixel, the correlation of SM with the different series of each vari
able was determined. The series with the highest correlation was iden
tified, and the difference between the maximum correlation and the 
second highest correlation was calculated for each variable (Fig. 3). In 
view of the results, the series of LST30d, Pt-1, NDVI30d and Ept-1 were 
chosen since they provided the highest correlation for most of the pixels 
in the south of Europe. For NDVI, we decided to use the coincident series 
since it was already a smoothed series due to the daily interpolation of 
16-day average values, and the differences obtained between the two 
maximum correlations were not remarkable. 

In order to evaluate the ability of the SVM algorithm to estimate 
missing SM values, input variables were grouped. This approach allowed 
us to detect the crucial input variables for the SM estimation or those 
that could be expendable in the model. The groups were chosen based on 
the type of variables used; dynamic d (LST, P, NDVI and Ep), static s (soil 
texture and coordinates) or all of them a and on whether they used the 
SMt-1 series h. Thus, six groups were created for the spatial study S (Sdh, 
Sd, Ssh, Ss, Sah and Sa) and two were created for the temporal study T, 
where dynamic variables were used (Td and Tdh) (see Table 2). 

A combination of SVM with PCA was also carried out. All input 
variables were considered for the analysis, i.e., group Sah for spatial and 
group Tdh for temporal. The components explaining up to 95% of the 
variance were used as inputs to the SVM model. 

2.2.3. Random forest method 
The RF consists on a combination of independent tree predictors that 

depend on random vectors with the same distribution for all trees but 
that are sampled independently (Breiman, 2001). As the SVM, this 
method can be applied to both classification (Pal, 2005) and regression 
problems (Mutanga et al., 2012). In this study, the RF regression with 
500 tree predictors was used to fill CCI SM gaps. The accuracy of the 
method was measured in the same way as for the other methods, thus the 
internal errors and correlation of the RF model were not considered. This 
ensured the results obtained with the different approaches are compa
rable. The combinations of input variables chosen for the spatial and 
temporal domain were the ones leading to the best estimates of SM using 
the SVMs. 

3. Results and discussion 

3.1. Temporal analysis 

Six different approaches were evaluated (LI, CI, AR, SVM-Tdh, SVM- 
Td and SVM-PCA) to complete the CCI SM missing data in the temporal 
domain, i.e., to complete the time series of each pixel individually. The 
obtained parameters in the cross-validation analysis (Fig. 4) show a 
good relationship between the estimated SM and the original SM CCI 
series for most of the pixels. The medians of R obtained in each approach 
range between 0.64 and 0.82 for CI and SVM-Tdh, respectively. The 
medians of the biases are practically zero in all cases. Some pixels pro
vided negative (underestimation) and positive (overestimation) biases, 
but they very rarely exceeded 0.01 m3m− 3 in absolute values. There 
were hardly any differences between the RMSE and cRMSE due to the 
low bias; its medians range from 0.036 to 0.026 m3m− 3 for SVM with 
PCA and SVM-Tdh, respectively. These results are in line with those 
reported by Dumedah et al. (2014). The simplest methods resulted in the 
lowest accuracy, and the best results were obtained using a nonlinear 
autoregressive neural network, comparable to SVM-Tdh. When valida
tion with the in situ SM series was performed (see Table 3), good 
accordance was obtained with SM CCI combined v4.5 product despite of 
the data gaps. Moreover, when reconstructed series were validated, the 
results obtained were also very similar to all the approaches. However, 
the correlation increases in most cases with the reconstructed CCI series 
by the SVM-Tdh, while the bias slightly increases or decreases, 
depending on the network. These results confirm that the SVM-Tdh 
method allows us to recreate the temporal dynamics of the original se
ries without introducing significant errors. 

While the obtained statistical scores seem to prove the effectiveness 
of all methods, a further examination of the results reveals that some of 
them might not be adequate. The LI, CI and AR methods have the 
advantage of being simple algorithms that require little processing time 
and do not need any auxiliary variables. However, we observed that 
their accuracy was compromised when dealing with large gaps (Fig. 5). 
Among ML-based algorithms, the SVM with the original variables (no 
PCA applied) could capture the temporal dynamics, while the SVM with 
PCA failed. These results suggest that PCA is not well suited for this 
problem, perhaps because all variables are interdependent or because 
the number of variables used in the PCA is not high enough and the 
resulting principal components introduce noise to the SVM models. The 
SVM without PCA worked best, the chosen variables had already shown 
their ability to capture the SM dynamics (Khellouk et al., 2019), and the 
SVM could reproduce it. A clear improvement is seen when the SMt-1 
series is incorporated into the SVM, in agreement with previous studies 
(Gill et al., 2006). Thus, the SVM-Tdh has proven to be the most efficient 
and accurate approach. The R obtained is higher than 0.7 in 85% of the 
study area, similar to that obtained by Cui et al. (2019) and Wang et al. 
(2012). An analysis of the spatial distributions of R showed that the 
poorest values were located in mountainous regions and highest values 
of RMSE were obtained in coastal areas and in the Balkan Peninsula 
(Fig. 6). We observed that values of R lower than 0.6 corresponded to 

Table 2 
Groups of input variables used to estimate missing SM values with the SVM 
model in the spatial and temporal domains.   

SVM Inputs 

Spatial Sah SMt-1 + LST30d + Pt-1 + NDVI30d + Ept-1 + Soil texture +
Latitude + Longitude 

Sa LST30d + Pt-1 + NDVI30d + Ept-1 + Soil texture + Latitude +
Longitude 

Ssh SMt-1 + Soil texture + Latitude + Longitude 
Ss Soil texture + Latitude + Longitude 
Sdh SMt-1 + LST30d + Pt-1 + NDVI30d + Ept-1 

Sd LST30d + Pt-1 + NDVIt + Ept-1 

Temporal Tdh SMt-1 + LST30d + Pt-1 + NDVI30d + Ept-1 

Td LST30d + Pt-1 + NDVI30d + Ept-1  
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pixels with noisy SM series, i.e., with non-seasonal behaviour or with a 
high uncertainty of the original CCI SM values. This result suggests that 
the gap-filling performance depends on the quality of the original SM 
values to some extent. In fact, the mean CCI SM uncertainty and the 
RMSE obtained for each pixel showed a correlation coefficient of 0.78. A 
negative relationship between the correlation coefficient of the gap- 
filling method and the percentage of available data also exists but is 
lower (R = -0.64). This result could be attributed directly to the intro
duction of the SM series in the algorithm. However, this was also 
observed with all the methods. Ahmad et al. (2010) obtained lower 
accuracies at stations with a high vegetation density using SVMs. In this 
study no significant relationship was found between the accuracy and 
the mean values of NDVI, but a relationship was found between the 
RMSE obtained with all the methods and Ep mean values (R ranging 
between 0.51 and 0.64). 

The SVM-Tdh has been proven to be accurate enough to complete the 
CCI SM series gaps for the study period. However, the availability of 
complementary databases with a coincident period is probably a 

limitation to complete the 40-year series. The SVMs do not determine 
the influence of each input variable on the output variable. However, 
with the aim of exploring whether some of the input variables would be 
expendable or crucial, all possible combinations were performed, 
starting with all of them and progressively eliminating one at a time 
until only the SMt-1 remained, similar to what Yang et al. (2006) did. A 
total of 16 combinations were tested, and they were separated into 
groups based on the number of variables, which ranged from 5 to 1. The 
best results were obtained with the five variables (Table 4), i.e., with the 
original SMV-Tdh approach, but hardly any differences were observed 
with the remaining combinations. The accuracy was slightly reduced as 
the number of variables decreased. 

Moreover, it was observed that the variables of the best datasets were 
consistent, showing more importance to LST, followed by P, NDVI and 
Ep (not shown). These results imply that it is possible to obtain good 
performance with the SVM model even if some of the input variables are 
not available. As expected, using only SM is not enough, and the results 
obtained in this case are equivalent to those obtained with simple 

Fig. 4. Statistical parameters of the cross-validation obtained for the six approaches of the CCI SM gap-filling procedure in the temporal domain.  

Table 3 
Validation of the CCI SM series, original and reconstructed in the temporal domain, with in situ networks.  

CCI SM R BIAS (m3m− 3) 

ORACLE TERENO REMEDHUS UMBRIA ORACLE TERENO REMEDHUS UMBRIA 

Original 0.51 0.63 0.83 0.63 − 0.014 0.019 − 0.099 − 0.004 
LI 0.50 0.60 0.84 0.66 − 0.015 0.019 − 0.100 0.001 
CI 0.50 0.59 0.84 0.66 − 0.015 0.019 − 0.100 0.001 
AR 0.50 0.62 0.84 0.68 − 0.015 0.018 − 0.101 0.001 
SVM Tdh 0.49 0.65 0.84 0.71 − 0.016 0.018 − 0.100 − 0.001 
SVM Td 0.48 0.64 0.83 0.70 − 0.016 0.018 − 0.101 − 0.001 
SVM PCA 0.50 0.65 0.82 0.67 − 0.014 0.018 − 0.101 − 0.001  
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interpolations. 

3.2. Spatial analysis 

For the spatial domain, missing values were estimated by applying a 
total of nine approaches to each CCI SM daily image. These methods 
were LI, CI, SVM-Sah, SVM-Sa, SVM-Ssh, SVM-Ss, SVM Sdh, SVM-Sd and 
SVM with PCA (Table 2). The results of the cross-validation analysis 
show that most methods yield adequate SM estimations (Fig. 7). The 
median values of R ranged between 0.48 and 0.88 for SVM with PCA and 
SVM-Ssh, respectively. The bias values, as for the temporal domain, are 
practically zero in all cases, implying few differences between the RMSE 
and cRMSE values. The RMSE and cRMSE medians range between 0.043 
and 0.024 m3m− 3 for SVM with PCA and SVM-Ssh, respectively. These 
results are similar to those obtained by Llamas et al. (2020), who re
ported higher RMSE values than those obtained with SVM-Ssh and 

Fig. 5. Pixel SM series reconstruction for each temporal approach. The original CCI SM series (black) and the reconstructed series according to a test set (blue) are 
shown for a period of three months. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 6. Spatial distribution of R (right) and RMSE (left) obtained with SVM Tdh in the temporal series study.  

Table 4 
Median values of the best combination for each group for the input variable 
combination analysis in the temporal domain.  

N◦

Variables 
Combination R bias 

(m3m− 3) 
RMSE 
(m3m− 3) 

cRMSE 
(m3m− 3) 

5 SMt-1, LST30d, P, 
NDVI30d, Ep 

0.834 0.000 0.025 0.025 

4 SMt-1, LST30d, P, 
NDVI30d 

0.831 0.000 0.026 0.025 

3 SMt-1, LST30d, P 0.826 0.000 0.026 0.026 
2 SMt-1, LST30d 0.798 0.000 0.026 0.026 
1 SM 0.755 − 0.001 0.028 0.028  
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similar correlation coefficients with the ordinary kriging and regression 
kriging methods. In addition, their results with the generalized linear 
models showed lower R and higher RMSE than those obtained with LI 
and CU. Although our results cannot be directly comparable as they 
were focused on different study regions, they nonetheless provide an 
idea about the quality of each method to estimate the missing CCI SM 
values. The results obtained in the validation with in situ data (see 
Table 5) showed lower correlations between the reconstructed series 
and the ground measurements when using any of the interpolation 
methods. However, SVMs without using SMt-1 series offer similar results 
as the interpolations approaches (Fig. 7). When the SMt-1 is used, the 
reconstructed series validation results barely differ from the ones ob
tained with the original series, confirming a good ability to estimate the 
CCI SM missing values in this input data configuration. 

Again, it was observed that the SVM method performed better than 
the other methods but only when SMt-1 was used. SVM with PCA, as was 
found with the temporal domain, showed the poorest SM estimations 
(Fig. 8). In addition, similar results were obtained with SVM-Sd (i.e., 
dynamic variables as inputs and without the SMt-1 series). Hence, it 
follows that the SVM method is not capable of accurately simulating the 
spatial dynamics of SM without previous information on SM. Never
theless, when static variables are added to the SVM (Sah, Ssh), the re
sults improve. 

These variables describe the soil properties and place SM values in 
space. SVM-Ssh obtained slightly better results than did SVM-Sah. 
Although differences in accuracy are small, SVM-Ssh has the advan
tage of using the lowest number of variables. Furthermore, the 
constraint of the availability of auxiliary databases with a coincident 

Fig. 7. Statistical parameters of the cross-validation obtained for the nine approaches of the CCI SM gap-filling procedure in the spatial domain.  

Table 5 
Validation of the CCI SM series, original and reconstructed in the spatial domain, with in situ networks.  

CCI SM R BIAS (m3m− 3) 

ORACLE TERENO REMEDHUS UMBRIA ORACLE TERENO REMEDHUS UMBRIA 

Original 0.51 0.63 0.83 0.63 − 0.014 0.019 − 0.099 − 0.004 
LI 0.50 0.56 0.80 0.63 − 0.015 0.021 − 0.095 − 0.003 
CI 0.49 0.55 0.79 0.62 − 0.015 0.021 − 0.095 − 0.002 
SVM Sah 0.51 0.64 0.83 0.66 − 0.012 0.019 − 0.099 − 0.001 
SVM Sa 0.50 0.63 0.82 0.68 − 0.014 0.020 − 0.098 − 0.008 
SVM Ssh 0.51 0.64 0.83 0.66 − 0.012 0.019 − 0.099 − 0.001 
SVM Ss 0.51 0.62 0.82 0.67 − 0.014 0.021 − 0.098 − 0.011 
SVM Sdh 0.51 0.64 0.83 0.66 − 0.012 0.019 − 0.099 0.000 
SVM Sd 0.50 0.64 0.82 0.70 − 0.014 0.020 − 0.098 − 0.005 
SVM PCA 0.51 0.65 0.81 0.63 − 0.014 0.017 − 0.096 − 0.007  
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period with that of the CCI SM series disappears. To our knowledge, this 
is the first study that applies ML techniques in the spatial domain to 
estimate SM; therefore, we cannot compare our obtained results with 
those obtained using similar approaches. It should be noted that 
although the vast majority of gap-filling studies do not consider the use 
of only static layers, our results show that this could be a promising rapid 
and good approach to address this problem. 

An analysis for assessing the relevance of the input variables was also 
carried out for SVM-Ssh, the best performing approach in the spatial 

domain. Six variables were combined and evaluated in groups, as was 
done for the temporal domain. In total, 32 combinations in 6 groups 
were studied, always using the SMt-1. The best result obtained for each 
group was very similar in all cases (Table 6). Unlike the temporal study, 
the most accurate estimations were not obtained with the original 
combination of variables, that is, with the six variables, but with using 
only the geographic coordinates of each pixel and the sand content. This 
result implies that the SVM method could be simplified by reducing the 
number of input variables and reach comparable performances. 

3.3. Random forest with the best combination of input variables 

The selection of the input variables to the SVM has been key to obtain 
good estimates of SM. To test the capacity of other non-linear ap
proaches to estimating CCI SM missing values, RF was evaluated using 
the best combination of input variables obtained with SVMs for spatial 
and temporal domains. Thus, for the temporal domain, the variables of 
the SVM Tdh approach were used and for the spatial, the coordinates 
and the sand content together with the SMt-1 series were used. The re
sults (Fig. 9) show that for the temporal domain the correlation is similar 
to that obtained with the SVM Tdh, while the errors are slightly higher 
with a median of RMSE = 0.029 m3m− 3. RF has proven to be a good tool 
when estimating SM series in other studies (Long et al., 2019; Zhao et al., 

Fig. 8. A transect for latitude 47.875o of the November 10, 2012, SM series reconstruction for each spatial approach. The original CCI SM series (black) and the 
reconstructed series according to a test set (blue). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 

Table 6 
Median values of the best combination for each group for the input variable 
combination analysis in the spatial domain.  

N◦

Variables 
Combination R bias 

(m3m− 3) 
RMSE 
(m3m− 3) 

cRMSE 
(m3m− 3) 

6 SMt-1, sand, clay, 
silt, lat., lon. 

0.875 0.000 0.024 0.024 

5 SMt-1, sand, silt, 
lat., lon. 

0.878 0.000 0.024 0.024 

4 SMt-1, sand, lat., 
lon. 

0.879 0.000 0.024 0.024 

3 SMt-1, lat., lon. 0.869 0.000 0.025 0.025 
2 SMt-1, lat., 0.836 0.000 0.027 0.027 
1 SMt-1 0.818 0.000 0.029 0.029  
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2018) and results obtained here are in line with them. However, the 
SVM showed to be more accurate. On the contrary, the RF in spatial 
domain do not seem to be as accurate as SVM. The median of R obtained 
with RF is 0.76, while with SVM is 0.88. The bias and the errors obtained 
with RF are also higher, which indicates that RF in the spatial domain is 
not able to generalize as well as the SVM. 

3.4. Comparison of the most accurate spatial and temporal approaches 

In general, all the methods and the different approaches studied in 
this work have proven to be valid gap-filling techniques for the CCI SM 
series. However, some of them reconstructed the time series with greater 
precision, specifically the SVM methods. For the temporal domain study, 
the SVM using all the dynamic auxiliary variables and the SMt-1 as inputs 
provided the best results. For the spatial domain study, the SVM with 
only the coordinates, sand content and SM of the day before as inputs 
was the most efficient. The percentiles of the parameters obtained in the 
cross-validation analysis were calculated with the aim of comparing the 
performances of the two approaches (Fig. 10). The correlation was 
greater for the spatial approach in all of the cases, and the RMSE was 
slightly lower. In addition, we observed that the temporal approach 
presented more outliers than the spatial approach. This result is possibly 
due its relationship with the uncertainty of the original CCI SM value in 
the temporal approach, while the spatial approach unifies all the pixels 
and, consequently, leads to more stable estimates. Despite being an 
uncommon approach, in terms of accuracy, the SVM applied in the 
spatial domain seems to be more appropriate to reconstruct CCI SM 
series. 

Regarding the applicability of the methods, on the one hand, the 
temporal approach enables the completion of the series of each pixel, 
while the spatial approach depends on the availability of the SM value of 

the day before. Hence, it would be necessary to iteratively calculate the 
SM as is done in the temporal approach, but the quantification of the 
accuracy of each model would not be plausible since many SVM models 
would be mixed (one for each day). On the other hand, the spatial 
approach has the advantage of using only static auxiliary variables and 
could be used seamlessly to complete the 40 years of the CCI SM series. 
However, the precision of the method likely decreases in the early years 
of the series, where data availability is very low. This should be the 
subject of further research. Additionally, the spatial approach cannot be 
conducted on days where no SM value is available in an entire region, 
unlike the temporal approach where there will always be values for a 
given pixel. In summary, the performance of the two kinds of approaches 
may be linked to the data availability for a specific region and period, 
but the two are complementary and show great potential in terms of 
estimating the missing values in the CCI SM database. 

4. Conclusions 

The CCI SM database is currently the longest available data record of 
satellite soil moisture. However, its applicability is often compromised 
due to its spatiotemporal gaps, which depend mostly on the available 
satellites across its 40-year period. In this paper, gap-filling techniques 
of different complexities have been applied to ESA CCI SM data over 
Southern Europe for the period 2003–2015. Methods focused on the 
spatial and temporal domains have been explored and compared. Our 
results show that interpolation methods in both the temporal and the 
spatial domains have the advantage of being simple. However, when 
dealing with large spatial or temporal gaps, they failed. The autore
gressive method in the temporal study somewhat improved the esti
mates obtained by the interpolations but could not address the large 
data gaps. In contrast, SVMs have proven to be a very robust technique 

Fig. 9. Statistical parameters of the cross-validation obtained for RF and SVM with best combination of input variables in the spatial (S) and temporal (T) domain.  
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for estimating missing values, especially in the spatial domain, and the 
accuracy of the estimates hardly depends on the gap length. The effec
tiveness of the SVMs had previously been tested on in situ SM databases 
but never on satellite databases. The choice of input variables for the 
SVM has been shown to have an impact on the method’s performance. 
Using the SMt-1 series has proven to be key to obtaining good estimations 
in both temporal and spatial analysis. The application of PCA to input 
variables did not improve the performance and actually led to signifi
cantly worse results. In addition, the RF were not able to reproduce the 
spatial dynamics of the SM as well as the SVM did, and the obtained 
precision was slightly lower than the SVM when applied in the temporal 
domain. 

For the temporal study, it was observed that the chosen variables 
were able to reproduce the SM dynamics. In particular, LST and pre
cipitation proved to be a crucial variable since the accuracy always 
decreased when it was not incorporated. This result suggests that SVMs 
are able to capture the nonlinear relationship between the dynamics of 
the two variables. Interestingly, the variables used in the temporal ap
proaches did not prove to be as useful in the spatial domain, where the 
best results were obtained with variables describing the spatial distri
bution of soil physical properties and antecedent SM. When evaluating 
the relevance of input variables, we obtained the best results when only 
the coordinates together with sand content and the SM one day before 
were incorporated into the SVM. This approach presents an advantage 
since the number of input variables is reduced, and therefore, the SVM 
model is simplified. However, it has been shown that the two approaches 
are complementary, so a combination of them could resolve some of 
their limitations. This assumption might be addressed in future studies. 

The applicability of all the methods has been validated, and the re
sults are satisfactory. We proved that, despite being an uncommon 
approach, the SVMs in the spatial domain, with the appropriate input 

variables, can be a suitable method used to fill the gaps in the CCI SM 
database. Thus, this approach can be used to obtain a long-term SM 
satellite-derived series with homogeneous coverage, meaning there are 
fewer limitations in applications where data gaps are a problem. Overall, 
our results demonstrate the applicability of ML approaches for gap- 
filling multidecadal soil moisture observational data records and high
light the value of exploiting both the temporal and the spatial domains. 
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Jiménez, C.M., 2016. Satellite soil moisture for agricultural drought monitoring: 
assessment of the SMOS derived soil water deficit index. Remote Sens. Environ. 177, 
277–286. https://doi.org/10.1016/j.rse.2016.02.064. 

Martínez-Fernández, J., Almendra-Martín, L., de Luis, M., González-Zamora, A., Herrero- 
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Pérez-Planells, L., Delegido, J., Rivera-Caicedo, J.P., Verrelst, J., 2015. Análisis de 
métodos de validación cruzada para la obtención robusta de parámetros biofísicos. 
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