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Abstract:  The estimation of the soil moisture state is fundamental in water resources management, agricultural application and 
prediction of drought and flood events. The evaluation of such variable at watershed scale can be achieved by mean of 
remote sensing techniques. In this work maps of Land Surface Temperature retrieved by satellite imagery were used in 
a variational assimilation framework named ACHAB (Assimilation Code for Hydrologic and Atmospheric Budget) in 
order to provide optimal estimates of the land surface energy balance components and daily maps of soil moisture 
saturation index (SMSI). The assimilation procedure is able to discern the soil and the vegetation components, and 
requires ground observations of air temperature and humidity, solar radiation and wind velocity. ACHAB utilizes LST 
maps from different sensors, in this work images from MSG-SEVIRI and Terra-MODIS were used. The simulation 
was performed over the whole Italian territory for five years (2005-2009) with about 4 km of spatial resolution. A 
climatological analysis of the SMSI maps was performed and reliability index maps were provided for the period of 
analysis. This study was realized in the framework of “OPERA – Protezione Civile dalle Alluvioni”, a project of the 
Italian Civil Protection aimed to the operational use of satellite data for floods prediction and water resources 
management. 
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1. INTRODUCTION 

The importance of the knowledge of the soil moisture state is largely recognized in hydrological, 
meteorological and agricultural applications (Fast and McCorcle, 1991; Engman, 1992; Entekhabi 
et al., 1993; Entekhabi et al., 1996; Saha, 1995; Su et al., 1995; Walker, 1999; Kluse and Allen 
Diaz, 2004; Brocca et al., 2010a). However, direct measurements of this variable at spatial and 
temporal scales significant for the characterization of the water balance on large areas are not 
possible (Steele-Dunne et al., 2010; Dong and Vuran, 2010).  

Due to the economical unfeasibility of large networks of soil moisture ground sensors, a largely 
utilized tool is constituted by remote sensing, if necessary in conjunction with ground observed data 
(Wang and Qu, 2009). In last years large datasets of soil moisture maps have been produced basing 
on microwave sensors that allowed a global cover on a daily basis with reference, for instance, to 
SMOS (Soil Moisture and Ocean Salinity), ASCAT (Advanced SCATterometer) and AMSR-E 
(Advanced Microwave Scanning Radiometer for Earth Observing System) datasets (De Jeu et al., 
2008; Draper et al., 2009; Brocca et al., 2010b; Kerr et al., 2010; Brocca et al., 2011; Matgen et al., 
2011). Such estimates, however, lack in spatial resolution, having an horizontal cell size of about 25 
km and, in some case, present scarce accord with the ground measures, especially in densely 
vegetated areas (Parinussa et al., 2011). Moving to finer spatial scales, indirect methods are also 
employed in which the soil saturation is estimated as a variable related to the energy balance 
between the land surface and the atmosphere (Pratt & Ellyett, 1979, Carlson et al., 1994, Moran et 
al., 1994). Spectral measurements available from space borne sensors are not directly linked to the 
surface heat and moisture fluxes, but they can be used to infer physical conditions at the land 
surface that are intimately related to the energy balance. Among these conditions the Land Surface 
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Temperature (LST) is the prognostic variable for the indirect estimation of surface fluxes (Schulz et 
al., 1998). Data assimilation techniques applied to satellite-derived LST maps can be employed in 
order to extract information about the surface energy budget (Margulis and Entekhabi, 2003; 
Caparrini et al., 2004). 

In this study a data assimilation scheme was employed in order to retrieve optimal surface states 
and parameters that describe the energy balance and the soil saturation state at the land surface. The 
main inputs were sequences of radiometric surface temperature measurements obtained by sensors 
on satellite platform: SEVIRI (aboard the Meteosat Second Generation, MSG) and MODIS sensors 
(aboard Terra satellite) were used as LST input at different spatial and temporal resolutions. A 
parsimonious 1-D multiscale variational assimilation model, ACHAB (Caparrini, 2001; Caparrini et 
al., 2004) was followed, based on a simplified description of the LST dynamics. This model 
requires, together with the LST information, micrometeorological standard observations such as air 
temperature and humidity, wind velocity and solar radiation, that were obtained by a ground sensors 
network. The model was applied to a five year-long period (2005-2009) on the whole Italian 
territory at an horizontal resolution of about 5 km (approximately the MSG-SEVIRI resolution). 
The model is able to retrieve maps of sensible and latent heat fluxes and parameters that regulate 
the energy balance such as the coefficient of turbulent transfer and the evaporative fraction. 

Such data were used in order to estimate daily maps of Soil Moisture Saturation Index (SMSI) 
on Italian territory in regions and periods in which excessive cloud cover was not present. A 
climatological analysis of the SMSI maps was then performed for the period of study, together with 
reliability index maps. The daily maps of SMSI are currently operationally produced in the 
framework of the “OPERA – Protezione Civile dalle Alluvioni” Project (Boni et al., 2009). 

2. DATA AND METHODOLOGY 

ACHAB (Assimilation Code for Hydrologic and Atmospheric Budget, Caparrini et al., 2004) is 
an LST variational assimilation scheme able to retrieve optimal estimates of the land surface energy 
budget discerning the soil and the vegetation components. The algorithm is based on a simplified 
description of the LST dynamics given by the Force-Restore Equation (Lin 1980; Dickinson, 1988) 
and requires ground observations of air temperature and humidity, solar radiation and wind 
velocity. The model is able to assimilate at the same time LST estimates maps from sensors on 
different satellite platforms, both geostationary and polar-orbit, by reprojecting them on the 
computational grid with proper measurements-to-model operators. In this work both the LSA-SAF 
products obtained by MSG-SEVIRI (see LSA-SAF, 2006) and Terra-MODIS imagery were used.  

ACHAB allows the estimation of the various components and parameters of the energy balance: 
sensible and latent heat fluxes, soil and vegetation temperature and humidity, bulk transfer 
coefficient and evaporative fraction. 

Given a sequence of land surface temperature observations, the estimation of heat fluxes that 
characterize the energy budget at the surface can be formulated with an inverse approach. 
According to the bulk parameterisation of surface exchanges (Stull, 1988; Garratt, 1992), latent and 
sensible heat fluxes from land to the atmosphere can be calculated using surface temperature 
measurements and standard micrometeorological observations (air temperature, humidity, wind 
speed): 

  asBp TTUCρc=H    (1)  

  qqUρLC=LE  asB  (2) 

where  is the air density, cp is the specific heat at constant pressure of the air, CB is the bulk 
coefficient of turbulent transfer, U is the wind velocity, L is the latent heat of evaporation Ts and qs 
are the soil surface temperature and humidity, Ta and qa are the air temperature and humidity. 
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The parameters that regulate such processes and that are estimated in the assimilation scheme are 
(Caparrini et al., 2004) the bulk transfer coefficient CB (that characterize the scale of surface heat 
fluxes) and the evaporative fraction, EF (= LE/(H + LE)) which is related to soil moisture content 
and gives the partitioning of the fluxes between latent and sensible heat. 

The physical constraint of the model is constituted by the Force-Restore Equation (Lin 1980; 
Dickinson, 1988) that describes the dynamics of the soil surface temperature: 

 deeps
ns TTπω

P

LEHR
πω=

dt

dT



22  (3) 

where H and LE are positive upward, Rn is the net surface radiation, positive downward, P is the 
thermal inertia, Tdeep is the deep ground temperature and it is assumed that the forcing has a 
dominant frequency ω (i.e. diurnal).  

The assimilation scheme used in ACHAB follows the dual-source formulation described in 
Caparrini et al., 2004. The soil-vegetation system is represented as a resistance network that 
includes nodes at the soil, the canopy leaves, the within canopy air and the air above the canopy, as 
shown in Figure 1. In this way separated values for the different variables are considered for soil 
and vegetation. 

 

Figure 1. Schematics of dual-source (soil and vegetation) energy balance at the surface (Caparrini et al., 2004). 

The Force-Restore governing equation is adjoint, through Lagrange multipliers, to a quadratic 
penalty function J which measures the misfit between the observed LST (from satellite) and the 
estimated LST maps (by the model). The functional also includes the parameters CB and EF, 
considering separately the soil and the vegetation components. The correct values for the 
parameters can be found minimizing J, thus imposing the vanishing of its first variation (δJ = 0), 
under the working hypothesis of constant evaporative fraction during daytime hours (Sugita and 
Brutsaert 1991; Crago and Brutsaert 1996). Imposing that all the variations independently go to 
zero we obtain the Euler-Lagrange update equations. 

The ACHAB model solves the Euler-Lagrange equations through an iterative procedure on 
monthly basis, which is the period on which the bulk coefficient of turbulent transfer is considered 
constant. The model worked, for each day of the period of interest, inside the diurnal temporal 
window at a 1 hour timestep. Together with parameters, maps for each timestep (inside the diurnal 
assimilation window) and for each day were produced for surface states (temperature and humidity) 
and fluxes (sensible and latent heat) for both soil and vegetation components. In particular, daily 
maps of evaporative fractions and monthly maps of coefficient of turbulent transfer were produced.  

Given the sequence of EF daily maps, the corresponding soil moisture maps were estimated on a 
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daily basis utilizing the information content of the evaporative fraction (Nishida et al., 2003; Wang 
et al., 2006), by mean of the relation: 

minmax

min

EFEF

EFEF
=SMSI




 (4) 

where EFmax and EFmin are the extreme values of the evaporative fraction, for each pixel and for 
each month, in order to take into account the seasonality effects. Together with the daily maps of 
soil saturation, the algorithm is also able to provide maps of a quality index based on the 
comparison between the land surface temperature maps obtained by the model and the satellite 
observations. In this way the pixels for which the misfit between the observed and the estimated 
LST is large allow to identify possible lacks of convergence or cloud-corrupted satellite estimates 
(LSA-SAF, 2006).  

In order to compute such index, the temperatures maps have been de-trendized and the error E 
was computed as the Centred RMSE (CRMSE): 
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where Tmod is the LST estimated by the algorithm, while Tsat is the corresponding observation. The 
E error is then compared with the quantiles of an opportune lognormal probability distribution, 
fitted on the five year-period of the study (see Figure 2).  

 

 Figure 2. In the left panel the comparison between the sample data and the fitted lognormal CDF is shown, while in the 
right panel the same comparison is shown on a lognormal plot chart. 

The cells for which the error is between 10% and 90% quantiles are classified as high quality 
pixel, if the error is between the 5% and the 10% quantiles or between the 90% and the 95% the 
quality is medium, otherwise (below 5% of above 95% quantiles) the quality is considered low. 

3. CASE STUDY AND RESULTS 

The domain of the study was the whole Italian territory for the period 2005-2009 at about 5 km 
of spatial resolution (approximately the MSG-SEVIRI resolution). The southern part of the domain, 
especially coastal regions, presents a Mediterranean climate with hot and dry summer and cold and 
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rainy winter. The northern part has a more humid temperate climate, while the inland regions, 
especially at higher altitudes, have cold winter with frequent rain and snow precipitations. The most 
rainy period of the year is the fall, with mean annual precipitation that ranges from 500 mm in 
Sardinia and South Italy until 1600 mm in the northern Alps regions. 

The simulation, as said in Section 2, was performed on a monthly basis, in order to take into 
account the intra-annual variation of the turbulent transfer coefficient. Daily maps of soil moisture 
state were produced for the five-year long period. Due to the employed assimilation algorithm, only 
pixels in which at least three values per day of satellite-observed LST were available (at least one 
for each one of the three time windows: morning, midday, afternoon) were processed. Thus, SMSI 
values during periods of intense, persistent cloud cover were not computed; for this reason, a large 
part of the produced maps present consistently extended regions of no-data, essentially in 
correspondence with the main cloud system present in those days. Also summer periods presented a 
large amount of missing data, due again to the cloudy pixels, in this case caused by smaller and less 
persistent clouds. 

In Figure 3 the soil saturation map for 31 Jul 2005, during a quite dry period, is shown (left 
panel) with the corresponding quality map (right panel). In Figure 4 analogous maps are presented 
for the autumn period, for 13 October 2009, after severe precipitation events. 

 

Figure 3. Soil saturation map for 31 July 2005 (left panel) and corresponding quality index map (right panel). 

 

Figure 4. Soil saturation map for 13 October 2009 (left panel) and corresponding quality index map (right panel). 
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In Figure 3, left panel, the soil moisture presents a spatial pattern that, in northern part, 
approximately follows the orography of the country, with higher values in correspondence of the 
northern Apennines and the western Alps. In Figure 4 it is possible to note the large missing data 
area in the southern part of the domain, due to the clouds that were still generating precipitation that 
day, while in the northern regions, the most part of the domain was near to the saturation. The right 
panels of both Figures 3 and 4 show the complex patterns of the quality index, that partly follows 
the distribution and the motion of the clouds. 

A climatological analysis of the soil moisture maps was performed considering average and 
quartiles maps for each month and for the whole period. In Figure 5 and 6 the mean monthly maps 
of SMSI are shown for first and second part of the year, respectively. It can be noted in the January 
map a quite dry area in the north-west part of the domain that, during the winter moves toward East 
up to reach the Po Valley. The driest months result to be May, June and July, with large areas in the 
central part of Italy with very low SMSI, together with Sardinia and western Sicily. Starting from 
August, the moist areas increase their extension and the soil moisture spatial distribution become 
almost constant during the autumn, in which the maximum rainfall heights are registered. 
Eventually, in December it can be noted the beginning of the reconstitution of the large dry area in 
the North-West of the domain. During the whole year, the Apennines Range and mainly the Alps 
range maintain approximately the same medium-high range of saturation. It must be highlighted 
that the maps are based on different effective availability of values for each pixel and each month: 
in fact missing data areas are still present, especially in the North-East of the country. In Figure 7 a 
statistics is represented concerning the quality index: for the whole period of analysis it is reported 
the monthly average of the percentages of pixels classified in the three quality classes. As it is 
possible to observe from this bar chart, the quality follows a seasonal trend essentially related with 
the cloud occurrence in the different parts of the year. The lower quality pixels, in fact, are found in 
proximity and on the edges of the cloudy regions, that are generally more extended and persistent 
during cold months and that can often show corruption of the satellite data due to incorrectly or 
partially detected clouds (LSA-SAF, 2006). 

As further characterization of such relation, a scatterplot is shown in Figure 8 between the daily 
average cloud cover and the daily average quality, in which a slight correlation is observed 
(correlation coefficient  = 0.51). It can be noted that the spread of the data is larger for lower 
values of cloud cover fraction. This is due to the fact that the spatial structure of the quality maps 
reflects the presence and the motion of the cloud system for a given day. In days in which the cloud 
cover is relatively small (under 50%), the cover is generally more fragmented, so the edges of the 
spatially continuous cloudy areas present the lower levels of quality. 

In Figure 9 a comparison is shown between the monthly average of the SMSI and the monthly 
precipitation height, both computed on the entire domain. The rainfall was computed by 
interpolating the daily rainfall heights registered by the national rain gauges network (about 1600 
sensors) with the inverse distance weights method; then, the comparison was made only considering 
the areas in which SMSI values were available. In the upper panel it is possible to observe the 
troughs corresponding to the severe drought periods in summer 2005 and 2007. In right panel of 
Figure 9 a scatterplot between the monthly rainfall and SMSI values is presented, showing a 
significant correlation coefficient  = 0.69. 

As a further characterization of the produced dataset, in Figure 10 a comparison between the 
observations of soil moisture from the International Soil Moisture Network database (ISMN, 
Dorigo et al., 2011) in Italy (with a total of 10 sensors) and the corresponding pixels of the domain 
grid is shown. Due to the considerable fragmentation of the analysis data (caused by the named 
problems of cloud cover), the comparison was performed by considering the average of all the 
sensors and the average of the all the corresponding pixels. The location of the sensors is shown in 
the right panel of the Figure. 
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Figure 5. Soil Moisture Saturation Index climatic monthly maps from January to June. 

 



52 L. Campo et al. 

 

Figure 6. Soil Moisture Saturation Index climatic monthly maps from July to December. 
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Figure 7. Monthly average percentage of pixels classified in the three quality class. 

 

Figure 8. Scatterplot between the mean daily cloud cover and the mean daily quality level. 

 

Figure 9. Monthly time series of the SMSI obtained from the analysis (upper panel, on the left) and monthly rainfall 
height (lower panel, on the left). Both time series refers to the whole Italian territory. In the right panel a Scatterplot 

between the two time series is shown. 
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From Figure 10 it is possible to observe that, in the areas reported in the right panel, the dataset 
is able to reproduce with a good approximation the 2006-2007 winter and the 2007-2008 winter. On 
the opposite, the summer troughs are generally overestimated, with particular reference to the whole 
2009 year, during which the analysis is almost constantly above the observed values. Furthermore, 
the first 18 months (2005-2006) present a general incongruence with the observations. An 
explanation of this inhomogeneous behaviour of the algorithm can be found considering that during 
the period 2005-2006 the areas of interest presented a good average quality index but a very low 
availability of data (less than 20% of the total period), due to an high frequency of small cloud 
systems passages, especially during summers. A similar problem was registered in the period 2008-
2009, during which the availability of data was equally low (about 20-25%) while the average 
quality was much lower. This resulted in excessive oscillation of the estimated values of the SMSI, 
that resulted quite far from the observed value: during 2009, the Figure 10 shows an almost 
persistent positive bias of about 0.2. The availability of data during 2007 was instead much larger, 
reaching about the 40% of the total period. The different match in summer and winter is attributable 
to the different frequency of the cloud systems passages: during the winter period, in fact, the most 
part of the not-good quality pixels is due to the edges of vast and persistent cloud areas, while 
during spring and summer several smaller cloudy areas are present, leading to different behaviour 
of the algorithm. 

 

Figure 10. Comparison between the simulated SMSI and the saturation index observed by the ISMN sensors (left 
panel). Both the time series were obtained by averaging all the pixels and the sensors of interest. In right panel the 

location of the ISMN sensors is shown. A total of 10 sensors were used. 

Basing on the small areas compared in Figure 10, the produced dataset presents in general a 
higher variance with respects to the measures. Beyond the named issues regarding the effective 
availability of data, that depends essentially on the diurnal distribution of the cloud cover over each 
pixel, this can also be attributed to the low quantity of data on which define the extreme monthly 
values for equation (4), that can cause large oscillations. 

In general, the algorithm appears to compute good estimates of the soil moisture state during the 
most saturated period, provided that a sufficient amount of data is present, while it tends to miss the 
correct trends when the availability of pixels is below 30%. 

4. CONCLUSIONS 

The knowledge about the soil saturation state on large areas is required in many applications, 
like water resources management and flood prediction. However, the direct measurements of this 
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variable present several operational difficulties at large spatial scales. For this reason one of the 
main approaches to this problem consists in recurring to remote sensing techniques that allow to 
directly retrieve the information through the use of microwave sensors, or collect observations of 
indirectly related variables like the Land Surface Temperature. 

In this work a parsimonious 1-D variational assimilation scheme was applied on the whole 
Italian territory for a five year-long period in order to estimate the energy budget at the interface 
between the land surface and the atmosphere. The retrieved maps of land surface fluxes (sensible 
heat and evapotranspiration), states and parameters (turbulent transfer coefficient and evaporative 
fraction) were used to produce daily maps of soil saturation index at about 5 km of horizontal 
resolution. Corresponding quality index maps were computed basing on the comparison between 
the observed and the estimated LST maps. A climatological analysis of these maps was performed, 
providing monthly averages and quartiles based on the whole period of analysis, together with 
statistics on the quality classes in which the pixels of each daily SMSI map were classified.  

The algorithm resulted to produce soil saturation data in good accord with the precipitation data 
and with the available ground observations, but only considering the periods in which a sufficient 
amount of simulated values was available, that is in absence of frequent or persistent cloud systems. 
Furthermore, basing on the comparison with ten ground sensors inside the study domain, the accord 
was more significant during winter periods, while overestimation were observed during summer. 
The Italy soil saturation maps are currently operationally produced in the framework of the 
“OPERA – Protezione Civile dalle Alluvioni” Project (Boni et al., 2009) and are utilized in the 
hydrological model chain for flood prediction. Future development will take into account the 
possibility of including precipitation data by merging the API (Antecedent Precipitation Index) 
version of the algorithm (Sini, 2005) and an explicit dynamics of the soil moisture, with the 
constraint of the mass balance (Li et al., 2011). 
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