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1 - INTRODUCTION 

1.1. OBJECTIVES 

The District Information System (DIS) and the Watershed Information System (WIS) that will 
be developed in the frame of SIRRIMED must provide stakeholders with data for decision-
making in irrigation scheduling and in planning at longer term (irrigation strategy). Daily 
evapotranspiration (ET) is an important factor for estimating and monitoring water 
requirements of crops and water consumption that have to be integrated in the Information 
Systems. The cumulated ET through the whole phenological cycle is also closely related to 
the crop final productivity. In the present State-of-the Art, it appears that reliable ET 
estimates can be obtained from remote sensing information, which makes it possible to 
provide useful spatially-distributed information on ET over large areas.  

The main objectives of the ET mapping tasks in the frame of SIRRIMED are 

i. the development of an operational algorithm to retrieve ET from remote sensing data, 
for crops in the frame of the DIS, but also for the whole area considered in the WIS 

ii. the development of an operational algorithm for mapping surface biophysical 
properties, in particular the Leaf Area Index (LAI). Information on LAI is required for 
mapping ET, but also for monitoring vegetation phenology and growth 

iii. the assessment of the accuracy of ET estimates with the special objective to integrate 
them in the information systems. 

 

1.2. CONTENT OF THIS REPORT 

In the first part of this deliverable, we present a re-analysis of the different methods with 
special focus on the application and integration of ET-mapping into the two management 
tools that are presently under development in SIRRIMED, the District Information System 
(DIS) and the Watershed Information System (WIS). Several synthesis papers reporting on 
the State-of-the-Art in the field of Evapotranspiration (ET) mapping from remote sensing data 
have been published in the last years, in particular by Courault et al. (2005), Olioso et al. 
(2005), Carlson (2007), Kalma et al. (2008), Gowda et al. (2008a), Li et al. (2009), 
Petropoulos et al. (2009). These syntheses provide the required basis for the understanding 
of evapotranspiration mapping with various methods, and their respective advantages and 
shortcomings.  

In the second part, we describe the main elements of the tools developed by INRA for the 
continuous mapping of ET and for the mapping of land surface biophysical variables, such as 
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Leaf Area Index (LAI). We also provide some preliminary results obtained with these tools 
over the Crau area, and some results on ET-mapping and ET-monitoring obtained by UPCT 
in the Segura River basin.  

Annexes A1, A2, A3 A4 and A5 provide more details on methodological and technical 
aspects of ET mapping and Annex A6, a detailed reference list. 
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2 – INTRODUCTION TO EVAPOTRANSPIRATION (ET) MAPPING 

2.1. THE IMPORTANCE OF ET-MAPPING IN SIRRIMED 

Evapotranspiration accounts for a dominant part of the hydrological cycle. Globally, nearly 
two-thirds of precipitations over land are returned back to the atmosphere by 
evapotranspiration (Brutsaert 1982). This proportion may be higher in dry areas, such as the 
Mediterranean basin. Evapotranspiration plays a significant role in most hydrological issues 
and it is strongly linked to ecosystem processes. It is a key mechanism for the primary 
production of vegetation canopy and acts as a regulator of biodiversity over land. Information 
on the time and spatial distribution of ET is relevant information for estimating crop water 
requirements, analyzing climate processes, forecasting weather, studying soil salinisation, 
assessing aquifer recharge. 

Up to day, many works in these areas suffer from inaccurate descriptions of 
evapotranspiration. Indeed, ET is difficult to assess in space and time because it depends on 
the water status and the energy processes at the Earth surface which are highly variable, 
since they depend on land use, distribution of rainfall and irrigation supply, soil properties 
and climatic factors, among others. There is a raising awareness, expressed by farmers and 
water managers, to develop an operational monitoring of evapotranspiration in space and 
time. In particular, ET-information should be integrated into the hydrological and hydro-
geological models that support information and decision support systems aiming at improving 
water resources allocation and management in irrigation schemes and watersheds. 
Scientists have been conscious of this problem since the early 90’s, and substantial progress 
has been made since that time, especially in developing handy algorithms for mapping ET 
from remote sensing data, in particular using thermal infrared data, some of them specifically 
targeting agricultural water management issues (Gowda et al. 2008a), and in advocating for 
the development of space missions making it possible the monitoring of ET, as for example 
(i) the inclusion of thermal infrared bands on the Landsat satellite continuation mission, as 
initiated by a group of scientists involved in agricultural water use research (Reuter et al. 
2010) and (ii) the design of the MISTIGRI space mission, a common initiative between 
France and Spain aiming at monitoring Earth surface energy budget and evapotranspiration 
(Lagouarde et al. 2011). 

 

There are several methods for estimating water requirement for irrigation management (e.g. 
FAO56 method, Allen et al. 1998). Modeling studies have also addressed this issue, for 
example based on the use of the Penman-Monteith equation or on an explicit resolution of 
the energy balance, the latter in general associated with the soil water balance. However all 
these methods suffer from the difficulty to access to spatial and temporal variability of the 
determinants of evapotranspiration, especially quantities describing 
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- energy exchanges (albedo, surface roughness, ...) 

- atmosphere status (air temperature, wind speed, incident radiation ...) 

- soil water status (soil moisture, permanent soil characteristics such as parameters of 
hydrodynamic properties...) 

In addition, there is also the recurring problem, at any scale, to obtain information on the 
spatial and temporal variability of water input from rainfall and irrigation, making it difficult a 
proper assessment of soil and plant water status.

Remote sensing techniques have been proposed for ET-mapping, in particular through the 
use of thermal infrared measurements that provide access to the energy status and the water 
status of the surface (ET corresponds to the surface latent heat flux). Different attempts have 
been made since the 60’s for estimating evapotranspiration using remote sensing approach 
(see Annex A1 and A2 for a detailed presentation of Equations and quantities involved in the 
calculations of ET in a remote sensing context and Annex A2 for the presentation of some 
”historical” models).  

• Remote sensing data may be directly introduced in semi-empirical models to compute 
ET. For example, the simplified relationship, firstly derived at field scale by Jackson et al. 
(1977) and later analysed by Seguin and Itier (1983), has been used all over the 80’s and 
the 90’s for mapping daily ET over large areas (e.g. Lagouarde 1991, Annex A2). In this 
method, as in the residual method1 (see Brown and Rosenberg 1973, Norman et al. 
1995, Zhan et al. 1996, Chehbouni et al. 1997, Olioso et al. 1999), ET is derived from the 
estimation of net radiation, ground heat flux and sensible heat flux using surface radiation 
balance and surface energy balance equations together with remote sensing estimates of 
surface temperature in the thermal infrared domain. 

• More deterministic models have also been proposed which include a detailed description 
of the processes regulating evapotranspiration. These models, usually termed as Soil-
Vegetation-Atmosphere Transfer (SVAT) models, have been widely developed since 
the middle of the 90’s in particular in the frame of the development of weather forecast 
and climate models (Olioso et al. 1999). In these models, energy balance equations are 
fully solved providing surface temperature as a solution of the equation system. No direct 
input of remote sensed temperature is required. However, they may be used in 
combination with remote sensing data by means of assimilation procedures (Olioso et 
al. 1999, 2005, Annex A2). Assimilation procedures consist in adjusting some of the 
model parameters (in particular related to vegetation water status) or to correct the time 
course of model state variables (in particular related to soil water status and vegetation 
growth), in order to minimize the difference between the remote sensing measurements 
and the model simulations of these variables (e.g. Reichle 2002, Verhoef and Bach 2003, 
Margulis and Entekhabi 2003, Demarty et al. 2004, Olioso et al. 2006, Intsiful and 
Kunstmann 2008, Pipunic et al. 2008, Albergel et al. 2010, Kpemlie et al. 2011).  

                                            
1 See Equation 5 in Annex A1 
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2.2. REQUIREMENTS AND WHAT CAN BE EXPECTED FROM REMOTE 
SENSING (RS) 

Although remote sensing has long been proposed for mapping ET (eg. Wiegand and 
Bartholic 1970, Brown and Rosenberg 1973) and the scientific literature on the subject is 
very abundant, there was for a long time no practical algorithm implementations for 
continuously monitoring ET. This is actually only since the late 90's that have emerged robust 
methods for estimating evapotranspiration by remote sensing that can provide the initial 
basis for continuously mapping ET. 

 

Among the main difficulties, surface temperature accuracy is of major concern. Kpemlie 
(2009) showed that an acceptable accuracy, between 10 and 15%, on latent heat flux 
estimation using the residual surface energy balance equation2 requires accuracy around 0.5 
K in surface temperature. This requirement cannot be met in practice with current remote 
sensing systems (Jacob et al. 2008), since difficulties in sensor calibration, poor knowledge 
in surface emissivity and atmospheric effects strongly affect surface temperature estimates. 
The knowledge in parameters related to the aerodynamic properties of land surface (in 
particular the thermal roughness) and to the storage of heat in the soil is also problematic in 
many situations and can generate large errors in ET estimates, in particular for partial 
canopy cover (Carlson et al. 1995, Hasager et al. 2002, Santanello and Friedl 2003, 
Matsushima 2005, Murray and Verhoef 2007, Kustas et al. 2007, Kpemlie 2009, Boulet et al. 
2011). The accuracy of meteorological data used to drive estimation of ET has also a strong 
impact, in particular when considering the spatial variations of air temperature (Seguin et al. 
1982, Courault et al. 1998, Olioso et al. 2002, Courault et al. 2003, Timmermans et al. 2008). 
More insights on these issues are provided in Annex A3. 

 

Promising methods have been proposed by Anderson et al. (1997), Bastiaanssen et al. 
(1998a) and Jiang and Islam (1999). They combine empirical relationships and more 
physical modules that use either the spatial variations or the time evolution of thermal 
infrared data to describe surface processes and their interactions with the lower layers of the 
atmospheric boundary layer, making them less sensitive to errors in input quantities. They 
have been applied in several situations and were usually well evaluated (e.g. Jacob et al. 
2002a, Anderson et al. 2004, Bastiaanssen et al. 2005, Su et al. 2005, Timmermans et al. 
2007, Anderson et al. 2007b, see also Tables in Annex A4). Several algorithms have been 
derived from these approaches and these recent advances, as we shall see later (section 3 
and Annex A3), must be the basis for the implementation of operational procedures for 
mapping ET in the frame of Sirrimed.

 

                                            
2 See Equation 5 in Annex A1 
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Another concern is related to the potential for providing a continuous monitoring of ET, while 
remote sensing measurements are instantaneous and not available every day. Most 
methods rely on once-a-day measurement, generally acquired in the late morning or the 
early afternoon. They compute an instantaneous energy budget at the time of the satellite 
overpass without accounting for the diurnal cycle of the energy budget, whereas a daily 
average of evapotranspiration is usually required for hydrological and agricultural 
applications. Reconstruction (extrapolation) of the daily cumulative evapotranspiration on the 
day of satellite acquisition may be usually achieved by assuming self-preservation of the 
evaporative fraction3 EF during the course of the day (Nichols and Cuenca 1993, Crago and 
Brutsaert 1996). However, recent evidence that EF is not constant during the day, in 
particular for wet surfaces, questions the validity of this extrapolation method (Gentine et al. 
2007, Hoedjes et al. 2008). Also, depending on the overpass frequency of the remote 
sensing platform and on the cloud cover (no infrared data acquisition can be done in cloudy 
situations), data are not available everyday and methods for interpolating ET between two 
successive days of available data are required (Anderson et al. 2007a). Assimilation of 
remote sensing data into SVAT models may be the basis for extrapolation-interpolation, but if 
already promising, such methods are still confined to research works because they have not 
yet reached a sufficient degree of development for being implemented in an operational 
context. 

 

Also, end-users still have to face a dilemma between spatial and temporal resolution. On the 
one hand, systems such as AVHRR, MSG, and MODIS provide daily observations with low 
(e.g. kilometric) spatial resolution. On the other hand, systems such as Landsat or ASTER 
provide high spatial resolution with poor revisit capabilities of about two weeks. Over land 
surfaces, several attempts have been made to disaggregate low resolution imagery down to 
a few tens of meters (Agam et al., 2007; Inamdar et al., 2008; Inamdar and French, 2009; 
Merlin et al., 2010 and 2011), with the aim of exploiting the daily revisit of AVHRR, MODIS or 
Meteosat systems, making it possible the monitoring of rapid changes in relation with rainfall 
for instance. But despite some progress, the results are not robust enough, partly because it 
is difficult to account for the variability of the various fields within the coarse resolution pixels. 
In particular, fields covered with the same crop may display important differences in water 
status and evapotranspiration rates, in relation to irrigation or soil hydrodynamic properties. 

 

                                            
3 evaporative fraction EF is the ratio between the instantaneous latent heat flux and the available 
energy, computed as the difference between instantaneous values of the net radiation and the soil 
heat flux. 
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3. IMPROVED APPROACHES FOR ET-MAPPING 

3.1. “CONSTRAINED” APPROACHES 

 

Robust methods for mapping ET were introduced at the end of the 90’s by Anderson et al. 
(1997), Bastiaanssen et al. (1998a) and Jiang and Islam (1999), the two first being called 
ALEXI and SEBAL, respectively, the third one non-specifically termed “triangle method”. 
These recent improvements in mapping evapotranspiration rely on simple concepts based 
on: 

- either the definition of the energy bounds of the system, usually by inferring dry and wet 
limits from the spatial variability found in the remote sensing images, that makes it 
possible to derive the water status, the energy level and/or the atmospheric conditions of 
each pixel from the proximity to these limits or specific energy balance calculations at 
these bounding limits (see Figure 2.1).  

- or the analysis of the evolution of surface temperature during morning, in relation to the 
thermal inertia of the system and the development of the atmospheric boundary layer, 
both linked to water status. 

The first method has mostly its sources in Carlson’s works (and coworkers) at Penn State 
University at the end of the 80’s and the beginning of the 90’s (see the recent reviews by 
Carlson 2007 and Petropoulos et al. 2009), later modified by Moran et al. at USDA and now 
popularized to give birth to different models: WDI (Moran et al., 1994), SEBAL (Bastiaanssen 
et al. 1998a,b), S-SEBI (Roerink et al. 2000), SEBS (Su 2002), METRIC (Allen et al. 2007a), 
and the triangle approach (Jiang and Islam 1999). This method has been often termed as the 
surface temperature / vegetation index ‘scatterplot’ and has been applied from all types of 
RS images and from the field to the continental scales (see Annex A3). 

 The second method is issued of the analysis of the relationship between the development of 
the atmospheric boundary layer combined to works on the thermal inertia of land surface 
(Carlson et al. 1981, Carlson 1986, Brutsaert et al. 1993, Diak and Whipple 1995). It led to 
the development of the ALEXI model, presented by Anderson et al. (1997) and Norman et al. 
(2003). This model is run from measurements in early and mid-morning using thermal 
infrared data from meteorological geostationary satellites such as GOES and METEOSAT. 
Mapping at higher spatial resolution can be achieved using the DisALEXI disaggregation 
methods over LANDSAT or ASTER images (Norman et al. 2003).  

Both methods significantly reduce the impact of errors on the determination of surface 
temperature on the estimation of evapotranspiration and greatly improve the robustness of 
the estimates (see Anderson et al. 1997, and Tasumi et al. 2005). In both cases, the 
improvement comes from an estimate of atmospheric conditions, in particular air 
temperature, internally to the model (see Annex A3). This greatly reduces the risk of error 
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compared to previous methods that were using two different sources to determine the 
surface temperature Ts (images) and the air temperature Ta (meteorological data).  

 

 

 

Figure 2.1. Summary of the key descriptors and physical interpretations of the surface 
temperature / vegetation index space or ‘scatterplot’. From Petropoulos et al. (2008). 

 

3.2. “SVAT” MODELS AND ASSIMILATION OF RS DATA 

The mapping of evapotranspiration can be based on the use of SVAT models distributed 
over large areas. Such land surface models (LSM) have been mostly designed as surface 
parameterisations of atmospheric models in order to account for the mass and energy 
exchanges that occur between the Earth surface and the atmosphere above (e.g. Dickinson 
et al., 1986; Sellers et al., 1996; Noilhan & Planton, 1989). They were also developed for 
analysing the impact of climate on plant and soil water processes in various environments, 
for example in relation with canopy microclimate, carbon assimilation processes or water 
extraction by the plants (e.g. Zur & Jones, 1981; Braud et al., 1995; Olioso et al., 1996a; 
Tuzet et al., 2003). These models describe the exchanges between soil, plant and 
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atmosphere according to the physical and physiological processes occurring in each 
compartment with generally a fine time step (less than one hour). The use of such models 
over large areas is limited by our ability to provide them with the required input variables and 
parameters concerning atmospheric, soil and plant characteristics. The knowledge of the 
spatial variability of plant and soil properties (such as soil moisture, soil hydrodynamical 
properties, aerodynamic roughness, leaf area index) requires the combined use of 
geographical information, remote sensing data and data assimilation procedures (e.g. Olioso 
et al., 2005, 2006). In order to avoid the difficulties of obtaining meteorological information in 
space and time over large areas, some models integrate a description of the planetary 
boundary layer (PBL) to simulate the evolution of variables like air temperature and air 
humidity (Brunet et al., 1991; Jacobs et al., 1997; Margulis & Entekhabi, 2003). Some 
surface characteristics, such as Leaf Area Index (LAI) and albedo (αs), can be estimated 
from remote sensing images in the solar domain (e.g. Asrar et al., 1984; Baret & Guyot, 
1991; Jacob et al., 2002b; Weiss et al., 2002; Bsaibes et al., 2009). Other important 
characteristics, such as soil moisture in the root zone and aerodynamic roughness, are 
impossible to access directly. Data assimilation methods have been proposed for retrieving 
model parameters or initial values of model variables using model calibration techniques, 
based either on iterative algorithms (Olioso et al., 1999, 2005; Verhoef & Bach, 2003; Inoue 
and Olioso 2006, Judge et al., 2008, Kpemlie et al. 2011) or stochastic methods (Demarty et 
al., 2004; Intsiful & Kunstmann, 2008). Early successful studies considering the use of 
remote sensing data to drive SVAT models were based on the possibility to recalibrate model 
input parameters related to soil moisture or plant resistance to water transfer by evaluating 
model simulations against remote sensed surface temperature (e.g. Soer et al., 1980; Vidal 
et al., 1987; Taconet and Vidal-Madjar 1988, Camillo 1991, Olioso et al., 1996b). More 
recent examples by Margulis and Entekhabi (2003), Kpemlie (2009) and Kpemlie et al. 
(2011) examined the assimilation of surface temperature into coupled land surface-
atmospheric boundary layer models with both synthetic experiments and field or image 
applications. Their results showed that assimilation of surface temperature had a positive 
impact on model predictions. Rather than retrieving model parameters or initial conditions, 
other methods consist of correcting the model variables by comparing them to remote 
sensing measurements each time they are available (François et al. 2001, Reichle 2002, 
Pipunic et al. 2008).  

 

Data assimilation considers analysis techniques in which the observed information is 
accumulated into the model state by taking advantage of consistency constraints with laws of 
time evolution and physical properties (Bouttier & Courtier, 1999). They have been widely 
developed in meteorological sciences for introducing observations in the atmospheric models 
used for numerical weather prediction (Talagrand & Courtier, 1987). Different methodologies 
and mathematic tools, such as Kalman filter (Kalman, 1960), adjoint model (Courtier & 
Talagrand, 1990), have been developed for implementing assimilation procedures. Their use 
for assimilating data in SVAT is just at its beginning (Reichle et al., 2003; Margulis & 
Entekhabi, 2003; Judge et al., 2008). However, in most cases the problem is under-
determined because data is sparse and only indirectly related to the model variables. The 
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problem is generally of a highly nonlinear nature and the true algebraic solution does not 
exist. Hence, robust approximate iterative solutions are required to solve the problem.  

 

3.3. OTHER RECENT ADVANCES 

Other recent advances in the information needed to estimate evapotranspiration calculations 
facilitate the development of procedures for continuous mapping ET. They involve the 
improvement of the procedure to estimate quantities required for computing ET, such as LAI, 
albedo, emissivity, and better understandings of the meaning of the thermal roughness in the 
case of plant canopies and of the way to derive ground heat flux from net radiation (or H 
flux). In the same time, progress have been made in the possibility of extrapolating 
instantaneous estimations of latent heat flux into daily values of evapotranspiration, in the 
possible interpolation between available data and in the use of estimates at various spatial 
resolutions. 

ESTIMATION OF SURFACE VARIABLES REQUIRED FOR MAPPING ET 

Standard biophysical variables 

There is now a good knowledge in methods for accessing to the biophysical surface 
properties needed to calculate evapotranspiration: 

- LAI (Verger et al. 2011, Duveiller et al. 2011, Bsaïbes et al. 2009, Baret et al. 2007, 
Weiss et al. 2007, Deng et al. 2006, Bacour et al. 2006, Rivalland et al. 2006, Soudani et 
al. 2006, Duchemin et al. 2006, Myneni et al. 2002, Weiss et al. 2002, Weiss and Baret 
1999) 

- albedo (Bsaïbes et al. 2009, Pokrovsky et al. 2003, Jacob and Olioso 2005, Jacob et al. 
2002b, Lucht and Roujean 2000, Weiss et al. 1999)  

- surface temperature and emissivity (Hulley and Hook 2011, Sobrino et al. 2008, 
Jacob et al. 2008, Jacob et al. 2003, 2004, Ogawa et al. 2003, Petitcolin and Vermote, 
2002). 

The remote sensing scientific community has developed various methodologies in the last 
decade which are now fully operational in particular for sensor with kilometric spatial 
resolution such as MODIS or VEGETATION. The contribution of the INRA-Avignon team 
(Baret and collaborators) brings about the development of retrieval algorithms using neural 
networks or lookup tables whose learning is carried out on simulations of radiative transfer 
models (as the SAIL-PROSPECT model). These algorithms are currently used in operational 
processing chain for the production of CYCLOPES biophysical products, Leaf Area Index, 
fraction of vegetation cover, fraction of absorbed photosynthetically active radiation (LAI, 
fCover, fAPAR) from SPOT-VEGETATION data (Baret et al. 2007, Weiss et al. 2007). Data 
are available at the POSTEL website:  
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http://postel.mediasfrance.org/en/PROJECTS/R&D/CYCLOPES 
https://www4.paca.inra.fr/emmah_eng/Production-Documentation/Database-Satellite-
products/Satellite-products

MODIS biophysical products (LAI, albedo, surface temperature, emissivity...) are available at 
the Land Processes Distributed Active Archive Center: https://lpdaac.usgs.gov

The algorithms developed at INRA-Avignon have been extended to various other sensors 
such as AVHRR and MERIS (at coarse spatial resolution) and SPOT-HRV, Landsat TM and 
ETM +, ASTER, FORMOSAT-2, Airborne Polder... at high spatial resolution. These 
algorithms will be adapted in the frame of Sirrimed and will be presented latter in this report 
(Section 4).  

 

Thermal roughness 

The problems of estimating thermal roughness zoh stimulated extensive work in the 90's. To 
obtain an accurate estimation of evapotranspiration with the standard residual equation, it is 
absolutely necessary to include an adequate estimation of zoh. Unfortunately, this roughness 
length varies considerably (several orders of magnitude) from one condition to another 
(depending on time, canopy density, water status ...) which makes it difficult to integrate. 
Analysis with detailed models of turbulent transfer inside and above plant canopies have 
shown that thermal roughness is related to the distribution of heat sources within the canopy 
(e.g. Malhi 1996, Massman 1999, Kustas et al. 2007). Various analysis, based on those 
turbulent transfer models or on other theoretical considerations, have made it possible to 
propose ways to estimate zoh as functions of leaf area index, aerodynamic roughness zo, 
friction velocity u* or wind speed, or to use alternate formulations of H flux equation (e.g. 
Chehbouni et al. 1996, 1997, Lhomme et al. 1997, Blümel 1998, Su et al. 2001, Hasager et 
al. 2002, Matsushima 2005). Integrated into models to estimate evapotranspiration, these 
parameterizations may show good performances (Su 2002, Hasager et al. 2002, Kpemlie 
2009, Boulet et al. 2011), but this depends on the situation (Kustas et al. 2007, Kpemlie 
2009, Boulet et al. 2011). 

It was also shown that the separation of the surface energy balance equation into two energy 
balance equations, one for the soil surface, the other one for the plant canopy above, allows 
to adequately represent surface fluxes and evapotranspiration without making use of zoh 
(Verhoef 1995, Norman et al. 1995, van den Hurk et al. 1995, Huntingford et al. 1995). Two-
layer models also have the advantage of separating soil and vegetation processes which 
depend on different regulations. They also allow a more realistic representation of the 
radiometric surface temperature depending on the direction of observation (Olioso 1992, 
Norman et al. 1995, Merlin and Chehbouni 2004). It should be noted that if the superiority of 
two-layer models over single-layer models appears clear from a theoretical point of view, it is 
not always obvious in practice. Indeed the level of complexity can be counterbalanced by 
difficulties in setting input values, which often results in performances similar to single-layer 
models (French et al. 2005, Timmermans et al. 2005, 2007, Kustas et al . 2007). Note also 
that, while presented as superior to single-layer models because of their ability to account for 
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directional measurements in the thermal infrared, they actually do not describe the 
complexity of directional effects as being demonstrated in experiments or more complex 
models (Liu et al. 2000, Lagouarde et al. 2000, Luquet et al. 2004, van der Tol et al. 2011), 
which may cause problems depending on measurement configuration. 

FROM INSTANTANEOUS TO CONTINUOUS ESTIMATES 

Estimation of evapotranspiration from remote sensing data are instantaneous, at the time of 
satellite overpass, and discontinuous, because of technical constraints and cloud presence. 
However, most quantitative applications require continuous monitoring of daily 
evapotranspiration. Then, it is first necessary to calculate daily evapotranspiration from 
instantaneous estimates (extrapolation) and secondly to interpolate daily evapotranspiration 
for missing days. 

Several recent studies provided new insights in the extrapolation of instantaneous latent heat 
flux estimates into daily evapotranspiration based on the use of the evaporative fraction or 
the ET to potential ET ratio (Colaizzi et al. 2006, Gentine et al. 2007, Hoedjes et al. 2008, 
Chavez et al. 2008), the ratio between instantaneous net radiation and daily radiation 
(Wassenaar et al. 2002, Gómez et al. 2005), the diurnal evolution of the albedo (Jacob and 
Olioso 2005), the conduction flux into the soil and the net radiation (Santanello and Friedl 
2003, Kpemlie 2009). 

The interpolation of daily evapotranspiration between acquisition dates has hardly been 
addressed so far (Allen et al. 2005, Tasumi and Allen 2007, Anderson et al. 2007a, Er-Raki 
et al. 2008). Establishment of such procedures is one of the important issues to be 
addressed in Sirrimed (see Section 4).  

SPATIAL RESOLUTION ISSUES 

Presently, and probably for the coming years, only images provided by thermal sensors at 
medium spatial resolution, e.g. 1 to 3 km will be really available to map ET at a fine time step 
(daily or better without considering the cloudiness issue): SEVIRI on METEOSAT satellite, 
AVHRR on NOAA or other platforms and MODIS on TERRA and AQUA space platforms. 
Sensors with finer spatial resolutions (~ 60-120m, ASTER on TERRA satellite, ETM + and 
TM on Landsat 7 and 5) were providing in the best case a time revisit of one week (more 
difficult currently because of failure in some of the instruments). The validity of the calculation 
of evapotranspiration at the scale of kilometric pixels, in general heterogeneous while the 
equations are theoretically valid only for homogeneous surfaces, has been relatively little 
investigated. Moran et al. (1997), Bouguerzaz et al. (1999), Kustas et al. (2004), Li et al. 
(2008) showed that spatial heterogeneity can have substantial impacts on ET estimates at 
the kilometer resolution. However, several studies comparing estimates of ET at different 
resolutions in heterogeneous areas were not showing significant impact of heterogeneity 
(e.g. Gómez et al. 2005, McCabe and Wood, 2006). This might be explained by the impact of 
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the other errors in the estimation of evapotranspiration and/or by the low non-linearity of the 
equations vis-à-vis the heterogeneities.  

In all cases it is possible to take into account the heterogeneity in prescribing, as input of the 
calculations, effective parameters derived from the aggregation of appropriate parameter 
values of pixel components (e.g. Chehbouni et al. 2008). Wassenaar et al. (2002), Hasager 
et al. (2003) showed that the aerodynamic roughness and the thermal roughness were the 
most important parameters to consider in the process of aggregation. The other input data 
have generally a much more linear behavior (albedo, emissivity, surface temperature).  
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4. ALGORITHMS DEVELOPPED IN THE FRAME OF SIRRIMED 

4.1. DEVELOPMENT CARRIED OUT BY INRA 

Partner: Institut National de la Recherche Agronomique 

 

INRA EMMAH unit in Avignon has a long term experience in remote sensing of vegetation 
and soil processes and in the development of methodologies and algorithms for deriving 
biophysical variables such as leaf area index and evapotranspiration. 

In the frame of Sirrimed, based on this experience, we will develop further processing tools: 

- BV-Net for mapping surface and vegetation variables, such as LAI, fCover, albedo...  

- EVASPA for the integration of algorithms to map evapotranspiration.  

The main originalities of these tools consist in the possibilities of integrating data from 
various remote sensing sensors, to be easily adapted to new sensors and to provide 
information on the accuracy of the estimates. 

These tools will be used for monitoring vegetation and evapotranspiration at the watershed 
and the district scale and integrated in the DIS and the WIS. 

 

EVAPOTRANSPIRATION MAPPING 

 EVASPA (EVApotranspiration Assessment from SPAce) tool and background 

New algorithms described in the previous parts and Annex A3 of this report provide robust 
tools for mapping ET. The first method considering the use of spatial variability to bound ET 
estimates has been studied intensively at INRA in relation with other labs in Europe (IRD - 
CESBIO and LISAH in France, ONERA in France, University of Valencia in Spain, Utrecht 
University and ITC, Enschede in The Netherlands, Risoe National Laboratory in Denmark) 
and the United-States (USDA-ARS, Maricopa). This allows us to explore in detail the 
operation of ET mapping algorithms and their required inputs (cf. Jacob et al. 2002a,b, 2003, 
2008, Wassenaar et al. 2002, Jacob and Olioso 2005, Hasager et al. 2002, Olioso and Jacob 
2002, Olioso et al. 2002a,b, 2005, 2006, Luquet et al. 2004, Courault et al. 2005, 2008, 
Timmermans et al. 2005, 2008, Gómez et al. 2005, 2006, Sobrino et al. 2005, 2007, 2009, 
van der Kwast et al. 2009, Bsaïbes et al; 2009, Kpemlie 2009, Krapez et al. 2009, Kpemlie et 
al. 2011, Krapez and Olioso 2011, Boulet et al. 2011). In particular several types of mapping 
algorithms were tested and evaluated (SEBAL, S-SEBI, SEBS...).  
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In the frame of Sirrimed we have proposed to apply this method with MODIS data for 
continuous ET mapping over the INRA pilot-watershed (La Crau) with a kilometric resolution 
and, when available, with TM, ETM +, ASTER sensors with a hectometric resolution. The 
high resolution data will not be, a priori, used to monitor evapotranspiration continuously in 
time since the time revisit is low. We may seek to integrate together kilometric and 
hectometric mapping in order to improve the continuous estimation of ET at the finer 
resolution.  

Mapping algorithms based on the S-SEBI and the simpler triangle approach have been 
integrated into the EVASPA tool (a prototype software was developed in MATLAB). A 
methodology for interpolating ET on days without remote sensing estimates has also been 
developed as part of the EVASPA tool. 

Mapping algorithm 

The mapping algorithm is designed to include several methods for deriving the basic inputs 
used to compute ET, as evaporative fraction EF, G, Rn. In this way, several estimates of ET 
can be provided depending on the assumptions made on the reliability of the inputs. This 
provides, in a way, an assessment of the level of uncertainties in the derivation of ET. Inputs 
can be obtained either from biophysical products data centers (as MODIS products from the 
Land Processes Distributed Active Archive Center), produced directly from the images using 
the BV-Net toolbox (see below) or for some of them from ground meteorological stations. 

The schemes describing the algorithms to map daily ET are given in the following figures for 
the two main sources of remote sensing data, MODIS and LANDSAT (Figure 4.1 and 4.2, 
respectively). 
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Figure 4.1. Algorithm for mapping ET from MODIS data.  

The various MODIS products used for LAI, NDVI vegetation index, albedo, surface 
temperature Ts, emissivity Emis, water and elevation mask are described in Annex A5. 
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LANDSAT IMAGES (Atmospherically Corrected)
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Figure 4.2. Algorithm for mapping ET from Landsat data, including the BV-Net toolbox for 
deriving some of the basic inputs. 

 

First results: example of latent heat flux maps 

The mapping algorithm was applied to MODIS images over the lower Rhône valley in South 
East France which includes the Crau area from 2001 to 2010. It has also been applied to 
Landsat images acquired since 2007 (around 7 images were obtained each year).  

As an example, instantaneous latent heat flux maps derived with EVASPA for the available 
Landsat-7 images since 2007, using the algorithm corresponding to S-SEBI, are presented in 
Figure 4.3. The image sequence displays the evolution of evapotranspiration for the various 
ecosystems in the Crau area and part of the adjacent (West) Camargue area, showing a 
large variability in terms of water behaviour, in particular in summer when the difference 
between dry zones, as coussouls area, and wet zones, as irrigated grasslands and marsh 
areas, is very high. These maps will have to be evaluated against the ground data acquired 
in the area. 
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 Scale: 
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Figure 4.3 part 1. Latent heat flux maps obtained from LANDSAT-7 data over the Crau area using EVASPA (S-SEBI algorithm). The 
colour scale is given in the next picture. The title of the image gives the acquisition date in the following format LEyyyymmdd. 
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Figure 4.3 part 2. Latent heat flux map obtained from LANDSAT-7 data over the Crau area 
on July 8th 2008 using EVASPA (S-SEBI algorithm) showing several areas of interest. Image 

width is 41 km. 

 

Interpolation algorithm 

Mapping algorithms provide ET estimates each day remote sensing data are available. For 
days with no data acquisition or presence of clouds, ET has to be interpolated. We tested 
two interpolation algorithms based on linear interpolation of the ratio between ET and 
incident solar radiation (ET/Rg) and the ratio between ET and reference ET4 (ET/ETo) 
between the discrete satellite ET estimates available for clear days.  

Before being applied to ET mapping derived from series of remote sensing images, 
interpolation algorithms were tested using a simulation approach.  

                                            
4 ETo, the reference ET corresponds to the calculation of ET based on the Penman-Monteith equation 
as described in Allen et al. (1998) for the evaluation of crop water requirement, also known as the 
FAO-56 method. 
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First results: evaluation of the interpolation algorithms 

We used the large dataset of simulations generated in the frame of the CLIMATOR project 
for analysing the impact of climate change on surface energy balance, soil water balance 
and vegetation growth (Brisson and Levrault, 2010).  

Continuous reference series of evapotranspiration were first generated based on the 
simulations by the ISBA-A-gs model (Calvet et al. 1998, 2008). In order to scan different 
situations, simulations of vegetation growth and daily ET were performed for 3 sites in 
France (Avignon, Bordeaux and Versailles close to Paris), 3 vegetation types (irrigated corn, 
deciduous and coniferous forests) and 3 soils (differing in water holding capacity). Climate 
forcing corresponded to ARPEGE climate models simulations between 1950 and 2100 
(scenario A1B from the last IPCC exercise). The increase of atmospheric CO2 concentration 
and its impact on stomatal regulation, transpiration and photosynthesis are accounted for 
(Olioso et al. 2010). The main characteristics of the simulations are given in Table 4.1. 

Series of daily ET as could be derived from satellite were then obtained by combining a 
satellite revisit frequency and a selection of cloud-free conditions. Cloud occurrence was 
simulated by comparing solar radiation Rg level to the maximum value of solar radiation Rgx 
for each particular day. Several thresholds on Rg/Rgx were considered (0.80, 0.90 and 0.95) 
to define the presence of cloud, thus generating different cloud frequencies. In total, 12150 
years were simulated (3 sites x 3 plant types x 3 soil types x 3 Rg threshold values x 150 
years). An error (RMSE 0.8 mm d-1) was then given to ET in order to account for the errors in 
daily ET satellite mapping algorithms. 

Continuous series of estimated daily ET were finally reconstructed using a linear interpolation 
of the ratios ET/ Rg and ET/ETo between the discrete satellite ET estimates available for 
clear days. They were compared against the continuous original simulations (without added 
errors) in Table 4.2. They are given for revisit times of 1 day, corresponding to MODIS type 
of data, 8 and 15 days, corresponding to possible cases with Landsat platforms (depending 
on site and number of satellites in activity).  

Results show that interpolation may provide good estimation of ET (error lower than 0.5 
mm d-1) when considering one-day revisit (i.e. missing data are just due to cloud presence), 
which is almost the case for MODIS type of data. This error increases with cloud occurrence 
(Bordeaux > Versailles > Avignon). For lower revisit time (Landsat data type), there is a 
strong degradation of the accuracy of the reconstructed data, with a strong increase of the 
systematic deviation of estimated data compared to reference data. The impact of revisit time 
may be even much more critical for shorter periods or periods with particular meteorological 
conditions. For example, revisit and cloud frequencies may combine in generating rather long 
periods without available data, preventing to catch drying periods between water supplies by 
rain or irrigation. 

Results also show that interpolation performs better when using the solar radiation rather 
than the reference evapotranspiration. This is also supported by other recent calculations on 
experimental data done in the frame of the preparation of the MISTIGRI satellite (Lagouarde 
et al. 2010, 2011, Delogu et al. 2012). 
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Annual evapotranspiration LE (1950 ‐ 2100)              [1350 years for each plant cover type in each site] 

  Avignon   Bordeaux   Versailles   
ET mm/year  Mean Max Min   Mean Max Min   Mean Max Min   
Conifers  500 761 205   453 618 202   386 530 200   
Deciduous 480 783 156   439 643 179   373 557 146   

Irrigated Corn 773 908 655   620 771 496   478 661 353   
                          

 

Table 4.1. Mean characteristics of simulated evapotranspiration data at each site for each considered canopy types. 

 
Reconstruction of daily ET by interpolation                [4050 years for each sites] 

  Avignon  Bordeaux Versailles 
  no error with error on ET estimates  no error with error on ET estimates  no error with error on ET estimates 
  RMSE (Rg) RMSE (Rg) RMSE (Rg) Mean annual RMSE (ETo) RMSE RMSE RMSE Mean annual RMSE (ETo) RMSE RMSE RMSE Mean annual RMSE (ETo) 
  interpolation interpolation all data error all data interpolation interpolation all data error all data interpolation interpolation all data error all data 
  (mm/day) (mm/day) (mm/day) (mm/year) (mm/day) (mm/day) (mm/day) (mm/day) (mm/year) (mm/day) (mm/day) (mm/day) (mm/day) (mm/year) (mm/day) 

1 day revisit 0.14 0.41 0.31 ‐6 0.56  0.22 0.48 0.42 ‐1 0.59  0.17 0.40 0.35 4 0.69 
8 days 0.46 0.75 0.73 ‐49 0.91  0.73 0.99 0.97 ‐100 1.08  0.56 0.79 0.78 ‐84 1.27 
15 days  ‐  ‐  1.05  ‐  1.28  ‐  ‐  1.20  ‐  1.32  ‐  ‐  0.90  ‐  1.25 

 

Table 4.2. Evaluation of the interpolations algorithm for each site considering revisit time of 1 day, 8 days and 15 days. 
No error:    available ET are without estimation error. 
With error on ET estimates:  an error of 0.8 mm d-1 has been added to ET for accounting of errors in remote sensing estimation of ET 
RMSE(ETo):   Root Mean Square Error for the algorithm using ET/ETo ratio 
RMSE(Rg):   Root Mean Square Error for the algorithm using ET/Rg ratio 
Mean annual error:  Annual cumulated differences between estimates of ET and simulated (true) values 
interpolation:   Error calculated only for the interpolated data 
all data:   Error calculated for the interpolated data and the available data together 



 

Monitoring of evapotranspiration over the Crau-Camargue area 

First results 

The EVASPA tool has been applied to MODIS data over the Crau-Camargue area for the 
2001-2010 period. Maps of annual evapotranspiration are presented in Figure 4.4 for two 
constrated years, 2001 and 2007. Annual ET, in particular in 2001, was close or larger than 
reference ET (ETo around 1300 mm yr-1) in large areas. 

 

The difference between the two years shows zones where ET was significantly higher in 
2001. This was due to (i) the rain deficit in 2007 which strongly affected natural wetlands in 
Camargue and on the Western part of La Crau and (ii) to a decrease in paddy rice acreage. 
The dry and irrigated grassland areas in La Crau (center and north of the area, respectively) 
present less differences between the two years because of the low level of ET in the dry 
zone and because of the impact of irrigation which tends to homogenise ET in the irrigated 
zone (note that irrigation is always in excess in this zone). 

 

Cumulated ET in 2001 (in mm) Cumulated ET in 2007 (in mm) 

Position 
of Camargue area and Crau area ET difference 2001 – 2007 (in mm) 

 

Figure 4.4. Maps of yearly cumulated ET from MODIS at 1 km resolution in 2001 and 2007. 
The ET difference between the two years is also presented. 
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Figure 4.5 presents the evolution of ET for one dry grassland site (Coussoul), three irrigated 
grassland sites (prairie 1, 2 and 3) in La Crau and one paddy rice site (“rizières”) in 
Camargue as monitored from MODIS data over the 2001 – 2009 period. A view of the “land 
use” at the kilometer scale for these sites is also given. The dry grassland and the paddy rice 
sites “bound” ecosystems ET over the area since they present very dry and very wet zones. 
The level of ET in the three irrigated grassland sites (“prairie”) actually depends on the 
proportion of irrigated grassland in the land use of the sites (prairie2 > praire3 > prairie1). 
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Figure 4.5. Evolution of ET derived from MODIS data over the 2001-2009 period for various 
ecosystems of the Crau-Camargue area. The top graph presents daily ET for the dry 

(coussouls) and the wet (paddy rice) sites. The bottom graph gives the evolution of mean 
daily ET for five sites. The pictures on the right present the sites at the kilometric scale. 

 

Figure 4.6 present evolution of ET for several hypotheses on the computation of the ground 
heat flux, which is one of the most difficult quantity to assess through remote sensing for the 
two extreme sites (wet and dry). It shows that the uncertainties in ET estimation can be high 
in some situations due to uncertainties in driving quantities. EVASPA will provide information 
on that computation accuracy by accounting for several hypotheses in the calculation of 
evaporative fraction, ground heat flux, net radiation, sensible heat flux, and in the derivation 
of input data (LAI, albedo, emissivity, surface temperature, incident radiations...), as shown in 
Figure 4.7 for the instantaneous latent heat flux. 
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Figure 4.6. Evolution of ET as a function of ground heat flux calculation derived from MODIS 
data over the 2001-2009 period (daily average of ET) for two ecosystems of the Crau-
Camargue area (Cabassole = paddy rice site, Coussoul = dry grassland site). LE eq Go 00: 
no account of ground heat flux; LE eq Go 01: Bastiaanssen et al. (1998a); LE eq Go 03: Su 
(2002); LE eq Go 05: Kustas et al. (1993); LE eq Go 06: Choudhury et al. (1987). 
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Figure 4.7. Evolution of calculated latent heat flux at the time of MODIS data acquisition 
(average over the 2001-2010 period) computed for all the different hypothesis of calculation 
accounted in EVASPA. In grey, each computational case; in black, mean of all cases; in red, 
+/- standard deviation.  
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Evaluation of evapotranspiration estimates 

Evapotranspiration maps obtained with EVASPA will be evaluated against ground 
measurements of energy balance fluxes, first by comparing hectometric ET estimates (from 
Landsat 5 and 7 data) to ground data, secondly by comparing kilometric ET estimates  (from 
MODIS data) to hectometric estimates. Some ground stations, set in large homogeneous 
areas will also be used for a direct assessment of kilometric estimates. 

Figure 4.8 presents the various sites where ground stations were set for measuring energy 
balance fluxes. 

 

Sites expérimentaux

Réserve naturelle de la Tour du Valat Réserve naturelle des Coussouls de Crau

Mas Cabassole

Domaine du Merle, parcelle 1J

Météo
INRA

Météo
France

Flux 
INRA

10 km

 

 

Figure 4.8. Ground network for measuring ET in the Crau – Camargue area (red stars), and 
meteorological parameters (▼ INRA meteorological network, ▼ MétéoFrance synoptic 

meteorological network) 
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SURFACE BIOPHYSICAL VARIABLES MAPPING 

Introduction 

This section briefly describes the BV-Net toolbox developed at EMMAH (INRA, Avignon, 
France) dedicated to derive biophysical variables from remote sensing data (visible, near & 
middle infrared reflectances) at both high and medium spatial resolution. The biophysical 
variables that can be estimated from this tool are the following: 

• effective Leaf Area Index (LAI) 

• fraction of Absorbed Photosynthetically Active Radiation (fAPAR) 

• cover fraction (fCover) 

• albedo (αs) 

• canopy chlorophyll content (Cab) 

• canopy water content (Cw,) 

 

Principles of the BV-Net toolbox 

The biophysical variable estimation is based on the use of artificial neural networks 
calibrated on a synthetic data set, using the specific characteristics of remote sensing 
sensors. Neural networks are computationally efficient and have been applied with success 
in remote sensing of land surface since a decade and are now used to derive operational 
products from medium resolution sensors (SPOT-VEGETATION, MODIS...). A presentation 
of the algorithm applied in the generation of the CYCLOPES biophysical products is given in 
Baret et al. (2007). 

The synthetic dataset used to calibrate the neural networks is generated using a 1D canopy 
radiative transfer SAIL coupled with the PROSPECT leaf optical property model 
(Jacquemoud et al., 2009): see Figure 4.9. This model is based on the assumption that the 
canopy is a turbid medium (leaves are randomly distributed). It represents a good 
compromise between complexity (reasonable amount of inputs) and its ability to simulate the 
canopy reflectance with a reasonable accuracy, especially for crops (Figure 4.7).Once the 
neural network is calibrated for a specific sensor (Figure 4.10), it can be applied for any 
reflectance image acquired by this sensor (atmospherically corrected). 
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Figure 4.9. Schematic representation of the SAIL canopy reflectance model coupled to the 
PROSPECT leaf optical properties model and a soil reflectance model.  

 Canopy spectral reflectance is noted ρ,  
 λ is the wavelength at which the canopy is observed.  
 Cab, Cw, and Cdm are the leaf chlorophyll, water and dry matter contents, 
 Ng is an indice representing the internal structure of the leaf. 
 θl is the average leaf inclination angle,  
 θs is the solar zenith angle, 
 θv is the viewing zenith angle and  
 φ is the azimutal difference between viewing and solar directions. 
 ρl

λ and τ l
λ are the leaf reflectance and transmittance at the wavelength λ. 

 

 

Figure 4.10. Neural network architecture when inputs were the green, red, and near infrared 
reflectances (ρ). Squares represent input and output variables, and circles represent both the 
two tangent sigmoid neurons of a hidden neuron layer and a single linear neuron of the 
output layer. The network structure required 11 coefficients to be tuned: eight weights 
(w1…w8) and three biases (b1…b3). From Bsaïbes et al. (2009). 
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Applications and tests of the algorithm 

At global scale, the BV-Net toolbox has already been used to calibrate neural networks 
implemented in operational processing chains of medium resolution sensors (1km scale) to 
derive biophysical products, at 10-day time step, such as LAI, fAPAR and fCover (Baret et 
al., 2007): the CYCLOPES product (VEGETATION sensor) has been validated and 
compared with other existing products (MODIS, GLOBCARBON, JRC FAPAR) and provided 
the best results against ground measurements (Ganguly et al., 2008; Garrigues et al., 2008; 
McCallum et al., 2010; Weiss et al., 2007): see Figure 4.11. Other products for medium 
resolution sensors, derived with a similar methodology (neural networks calibrated on a 
synthetic data set) have also been proposed, such as for MERIS (Bacour et al., 2006) and 
POLDER (Lacaze, 2005). Information on CYCLOPES products are available at: 
https://www4.paca.inra.fr/emmah_eng/Production-Documentation/Database-Satellite-
products/Satellite-products

 

 
Figure 4.11. Validation of medium sensor products against ground measurements (from 

Garrigues et al, 2008). Top left: CYCLOPES; Top Right: ECOCLIMAP climatology; Bottom 
left: GLOBCARBON; bottom right: MODIS. Different biome types: ENF (evergreen needleleaf 

forests), EBF (evergreen broadleaf forests), crops, grasslands & shrublands and mixed 
forests. 
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The BV-Net toolbox, as well as the concept of calibrating neural networks over synthetic data 
sets, has also been used at high spatial resolution (10-20m), using both airborne (POLDER) 
or satellite data (e.g. SPOT) (Abuelgasim et al., 1998; Atkinson and Tatnall, 1997; Gong et 
al., 1999; Hadria et al., 2010, Kimes et al., 1998; Smith, 1993; Thiria et al., 1993; Walthall et 
al., 2004; Weiss et al., 2000). Duveiller et al (2011) successfully applied this methodology 
using SPOT data acquired on wheat fields throughout the whole vegetation cycle. Rivalland 
et al. (2006) applied the method to 3 different types of sensors (Airborne POLDER, 
LANDSAT, SPOT-HRV) over the crop cycles of various plants (wheat, alfalfa, sunflower) with 
a very good consistency between sensors. It is also possible to obtain very good 
performances using neural networks calibrated over measured data sets (Bsaibes et al., 
2009). However, in this case, the question of the neural network extrapolation capacities over 
other areas, species or in other climatic conditions is raised (representativity of the learning 
database as compared to the application domain of the algorithm). Figures 4.12 and 4.13 
present examples of validation results of the BV-Net algorithm used with data from various 
sensors over various crops. 

 

      

 

Figure 4.12. Example of validation results against ground measurements obtained using 
neural networks applied on SPOT high spatial resolution data over wheat in Romania (left, 
from Duveiller et al, 2011) and on FORMOSAT-2 data over different crops (2 wheat species, 
maize, rice and meadow) in South East of France (Right, from Bsaibes et al, 2009). 
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Figure 4.13. Example of validation results against ground measurements obtained using 
neural networks applied on airborne POLDER, Landsat TM and SPOT HRV high spatial 
resolution data over wheat, sunflower and alfalfa over the Alpilles-ReSeDA test site in South-
East France (from Rivalland et al., 2006). 

The BV-Net toolbox is currently used to develop operational processing algorithms to derive 
biophysical products from future space missions at high spatial and high temporal resolutions 
of the French space agency (CNES, Venµs satellite) and the European Space Agency (ESA, 
SENTINEL2 satellite). 

 

Proposition in the frame of SIRRIMED 

 

Practically, the BV-Net toolbox can be easily implemented. In its actual form, it requires an 
excel file as input and an executable file generates the neural network coefficient file, as well 
as various figures that allow tracing the learning process (Figures 4.14 and 4.15). This file 
allows the description of: 

• the used sensor: band characteristics (wavelengths, noise associated to the data, 
orbitography), 

• the neural network implementation (biophysical variable to be estimated, neural net 
architecture – number of layers, number of neurons per layer, transfer functions), 

• the synthetic data set that will be generated to calibrate the neural network 
coefficients (distribution and co-distribution of the SAIL model inputs). 

The toolbox can be used at two levels: a basic one (applicable to various crop types) using a 
default input file, or a more expert one by choosing specific distributions (and co-
distributions) of SAIL input variables to increase the performance accuracy over a specific 
vegetation type. In both cases, the application of the neural network over a given image is 
then instantaneous (achieved by launching an executable file). 
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In the frame of Sirrimed, we propose to provide a simplified software that makes it possible to 
generate the neural network for the main types of high spatial resolution sensors knowing the 
characteristics of the images (sensor, acquisition geometry and time) and then to apply the 
neural net over the images (the possibility to reprogram the neural net in ENVI will be 
possible from the software outputs including the characteristics of the net).  

 

 

 

 

Figure 4.14. Example of figure generated by the BV-Net toolbox for traceability: statistics 
distribution and co-distribution of SAIL input variables used to generate the synthetic data set 
for the neural net learning. 
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Figure 4.15. Example of figure generated by the BV-Net toolbox for traceability: fAPAR 
estimation performances over a synthetic data sets: top left: neural net estimates vs actual 
value over the synthetic data, top right: distribution of the residuals as a function of the neural 
net estimated value, bottom left: boxplots of the residual as a function of the neural net 
estimated value, bottom right: distribution of the residuals as a function of the neural net 
estimates 

 

Evaluation of biophysical variable estimates 

Maps of biophysical variables can be evaluated against ground measurements of albedo, 
LAI, fCover... At high spatial resolution, a direct comparison can be done (see Figures 4.12 
and 4.13). At lower spatial resolution (ex. MODIS or SPOT-VEGETATION), direct 
comparison can be done only for large homogeneous area, which are infrequent in the 
Mediterranean Basin. It may be also possible to evaluate low resolution maps against higher 
resolution maps (as proposed in the VALERI program5). 

Figures 4.16 and 4.17 present the evaluation of MODIS albedo product against the albedo 
maps derived by Bsaibes et al. (2009) from Formosat data using the neural network 
algorithm (NNT) from the BV-Net toolbox. In their work, Formosat albedo maps were 

                                            
5 VALERI: VAlidation of Land European Remote sensing Instruments; http://w3.avignon.inra.fr/valeri/ 
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obtained after calibrating the neural net with the albedo data measured in the fields (Figure 
4.15, right). MODIS maps show an overall agreement with some discrepancies occurring for 
few of the test squares (at the moment these discrepancies have not yet been explained). 
However, the overall level of accuracy of MODIS albedo as evaluated against Formosat 
maps is in the acceptable accuracy range for application in surface energy balance 
assessment (Jacob and Olioso 2005). 
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Figure 4.16. Example of high resolution map of albedo (left: Formosat with 8 m resolution) 
and low resolution (right: MODIS with 1 km resolution) for day of year 71 in 2006. Red 

squares are used for the comparison in Figure 4.15. 
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Figure 4.17. Left: comparison of MODIS albedo and FORMOSAT albedo obtained over 30 
dates between March and October 2006 over La Crau (Aggregated over the red squares in 
Figure 4.14). Right: Comparison of calibrated albedo using the Neural Network Algorithm 
(NNT) for Formosat data to the ground data used for the calibration (RMSE = 0.007), from 

Bsaibes et al. (2009). 
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 4.2. DEVELOPMENT CARRIED OUT BY UPCT 

Partner: Universidad Politécnica de Cartagena 

The availabilty of tools such as those described in the previous sections is of prominent 
interest to provide information on soil/crop water status in irrigated areas. In the frame of 
Sirrimed, the UPCT team involved in WP4 focuses its efforts on some methodological 
aspects specific to irrigation management tools adapated to semi-arid areas and non-uniform 
crops (orchards, horticultural row crops). In this report, results are presented on: 

- a new way to parameterise the soil heat flux, G, using remote sensing information available 
from MODIS-Terra 

- an analysys of the annual evaporation pattern in three constrasted types of land surface in 
a semi-arid country (Segura Basin) 

4.2.1. A new parameterisation scheme for ET-retrieval algorithms 

Introduction 

Remote sensing (RS) data provided by optical sensors on board of Earth Observation (EO) 
satellites are currently used to estimate the spatial distribution of SEB components, by 
retrieving them from specific algorithms based on the closure of the energy balance 
equation: 

 Rn = λET + H + G       (1) 

where Rn is the net radiation, λET is the latent heat flux, H is the sensible heat flux and G is 
the soil heat flux. A critical point that has not been yet addressed in details in the assessment 
of the performance of the ET-retrieval methods is the uncertainty resulting from the 
parameterisation of the available energy term, A = Rn – G, and especially of the term G, 
which can reach high values in arid and semiarid countries. As λET and H are obtained from 
λET = A × EF and H = A × (1 – EF) with EF = evaporative fraction (see definition in section 
2.2), the importance to get a suitable parameterisation of both Rn and G is obvious.  

Concerning net radiation, there are several methods (e.g. Allen et al., 1998; Bitsch et al., 
2005; Batra, 2006) that can provide reliable estimations of area-average Rn using remote 
sensing information such as land surface temperature, albedo, and atmospheric 
transmittance. The problem to get reliable estimates of G is much more complex, due to the 
combined effect of soil moisture and land surface properties on this flux. Up to now, G is 
generally parameterized as a function of net radiation. G =α Rn, where α is generally 
expressed as a function of a vegetation index (hereafter VI), generally NDVI or the fraction 
cover, fc. In recent years, the parameterisation proposed by Su (2002) based on a linear 
relationship between the parameter α and fc was often adopted (e.g., Tang, 2010), appearing 
as a standard method for retrieving G: Although such a formulation allows accounting for the 
effect of vegetation cover on G, it presents drawbacks in bare or sparse vegetation areas 
because of the large inaccuracy of VI estimates under such conditions and of the low 
responsiveness of VIs to sudden changes in soil moisture conditions (e.g., after a rainfall or 
an irrigation event).  
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EF-based relationship 

In this study, it is hypothesised that more realistic estimates of G could be obtained by 
directly linking the parameter α to the evaporative fraction, EF, the latter being more 
responsive than VIs to soil moisture in sparse vegetated areas. The other advantage is that 
EF is determined at the satellite overpass time, and therefore includes the effects of the 
atmospheric conditions and energy exchanges prevailing at that time, while vegetation 
indices are slowly-varying surface attributes that cannot account for the weather conditions at 
overpass time. 

To assess the method, we combined the use of evaporative fraction provided by a remote 
sensing algorithm (the triangle method, proposed by Jiang and Islam, 2001) and ground data 
(Rn, H) measured during the years 2005, 2006 and 2007 at four tower-flux sites in West 
African countries. These data were available from the AMMA-EU project (African Monsoon 
Multidisciplinary Analysis, 2005-2009), The objectives of the work were (i) to search for a 
parameterisation of the ratio α = G/Rn that is robust enough to describe the changes in G 
with soil moisture and vegetation cover (ii) to evaluate the parameterisation in terms of 
performance of the triangle method by comparing H estimates with ground flux 
measurements and (iii) to compare the results with those supplied by formulae that express 
the ratio G/Rn as a function of a vegetation index (NDVI, cover fraction) 

Results 

From the analysis of the ground data at 11h, corresponding to MODIS-Terra overpass time, 
we derived the site-average values of α at each site, for the dry and wet seasons (Tanguy et 
al., 2012, submitted to Journal of Hydrology). The values were fit to a linear function of the 
type α = a EF + b (a = -0.22, b = 0.23, R2 = 0.96) that was used to calculate α from the 
retrieved values of EF. Using this relationship (parameterisation 1, Table 2), the values of H 
estimated by the triangle method showed satisfactory agreement with the observed ground 
data (Fig. 4.18). For H in the range 0<H <500 Wm-2, we obtained RMSE = 41.5 W m-2and 
MBE = -11.2 W/m2, and significant improvement in both RMSE and MBE with respect to H 
estimates derived from relationships linking α to a vegetation index (parameterisations 2 and 
3, Table 4.3).  

Plotting the site-average values of α against the corresponding average NDVI values 
revealed that there was no clear correlation between the two surface attributes. Rather, it 
was found a clear separation between the dry and wet seasons, with two clusters, one 
corresponding to high values of α and the other to low values. We concluded that α could not 
be accurately described when considering NDVI as the only predictive variable.  
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Figure 4.18. Comparison between 
retrieved (using Parameterisation1) 
and observed sensible heat flux at 
four AMMA flux tower sites. Dashed 
lines = linear regression, dotted 
lines = 1:1 relationship. 

 

 
Table 4.3: Statistical parameters (RMSE and MBE, in W m-2) of the regression analysis 

between observed H (tower flux) and retrieved H (triangle method) 

Site Parameterisation 1 Parameterisation 2 Parameterisation 3 

 RMSE MBE RMSE MBE RMSE MBE 

Site 1 37.6 -0.5 52.8 -37.4 41.2 -14.5 

Site 2 41.3 -4.3 69.8 -58.3 47.9 -29.9 

Site 3 41.4 -33.9 86.6 --77.3 56.9 -51.5 

SIte 4 48.5 -22.4 70.8 -56.0 59.6 -42.5 

All sites 41.5 -11.2 65.5 -51.3 50.4 -25.1 

Parameterisation 1: α = a EF + b (a = -0.22, b = 0.23, this study) 
Parameterisation 2: α = 0.20 (1-0.96 NDVI4),. Bastiaanssen et al. (2000) 
Parameterisation 3: α = Γ0 + (Γmax-Γ0) (1-fc), with fc = cover fraction, Γ0 = 0.05 and 
Γmax=0.315 (Su, 2000) 
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4.2.2. Application of the triangle method with the new parameterisation to ET analysis 
in the Segura Basin 

The triangle ET-retrieval method with parameterisation 1 was applied at three pixels of the 
Segura River Basin (1km × 1km), all of them including an automatic weather station. One of 
the pixels corresponded to an agricultural zone with fruit orchards as main crop (Calasparra), 
part of them being irrigated. The two other pixels corresponded to a mix of urban and 
agricultural area (Jumilla, non-irrigated, and Murcia, irrigated). The required inputs for the 
algorithm, i.e. brightness surface temperature (Ts), NDVI and albedo (a) were obtained from 
the Moderate-Resolution Imaging Spectroradiometer (MODIS-Terra, overpass time at 
11h00).  

The surface net radiation (Rn) was calculated using ground meteorological data provided by 
the meteorological stations located within each one of the studied pixels. The ground data for 
calculating Rn were solar radiation (Rs, W m-2), air temperature (Ta, ºC) and air vapour 
pressure (ea, kPa). Net radiation was calculated as: 

Rn = (1-a) Rs + Ld + Lup   (2) 

 where La and Lup are the downward and upward long wave radiation respectively. They were 
calculated using the Stefan law, with the clear sky emissivity calculated from an empirical 
relationship with ea (Brutsaert, 1973), and the surface emissivity assumed equal to 0.97 

Results 

The three sites differed significantly among them in what refers to surface properties and 
their annual trend (Fig. 4.19). The fully agricultural site, Calasparra, has its maximum NDVI in 
summer while Murcia and Jumilla, that have a parallel evolution, present the maximum NDVI 
in winter (Fig. 4.19a). Jumilla has the lowest NDVI and the highest albedo throughout the 
year. The annual pattern of albedo was rather similar in the three sites, with maximum in 
summer and minimum in winter (Fig. 4.19b)  
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Figure 4.19. Annual trend of monthly values averaged over the 9-year period of (a) NDVI and 
(b) albedo at the three sites. Bars = standard deviation 
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Figures 4.20 to 4.23 show the evolution of the monthly average of the components of the 
surface energy balance (ET, Hs, G and Rn –G respectively) at the three sites, at the time of 
satellite overpass. All the components present a cyclic trend with annual maximum and 
minimum values. The available energy, Rn –G, was significantly lower at Jumilla, which 
presents the highest albedo and surface temperature, and also the lowest evapotranspiration 
rate (the agricultural area in the pixel is non-irrigated). During the summer of 2002 and 2005, 
ET was significantly higher at Murcia than at the two other sites, maybe due to advection 
processes generated by the urban heat island of the city of Murcia, which could have 
enhanced the ET of the adjacent green areas. 
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Figure 4.20. Evolution of the monthly mean evapotranspiration at MODIS overpass time at 
the three sites over the period 2001-2009 
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Figure 4.21. Evolution of the monthly mean sensible heat flux (Hs) at the three sites over the 
period 2001-2009 
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Figure 4.22. Evolution of the monthly mean ground heat flux (G) at the three sites over the 
period 2001-2009 
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Figure 4.23. Evolution of the available energy (Rn –G) at the three sites over the period 2001-
2009 

All sites presented a rather symmetrical pattern of ET, with a maximum value in the hot dry 
season (Figure 4.24a), despite the different trends in NDVI among sites. ET was significantly 
higher at Murcia than at the other sites during June-July, suggesting that the green area of 
the pixel was well supplied with water. The low values of ET at Jumilla reflected the strong 
dryness of this pixel (non-irrigated). Globally, ET followed the annual trend of the land 
surface temperature, Ts (Figure 4.24e) and air vapour pressure deficit, VPDa (Figure 4.24f).  

The sensible heat flux (Figure 24b) had an asymmetrical annual pattern with a maximum in 
spring (April-May) at the two mixed sites (Murcia and Jumilla). The ground heat flux (Fig. 
24c) followed closely the sensible heat flux.  
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Figure 4.24. Average of monthly values over the 9-year period of (a) ET (b) Hs (c) G (d) Rn-G 
(e) brightness surface temperature, Ts and (f) air vapour pressure deficit, VPDa (kPa) 
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The results provided by the new G-parameterisation scheme and the triangle method to 
retrieve the components of the surface energy balance were coherent. The algorithm was 
able to capture qualitative and quantitative differences in ET among semi-arid sites with 
different surface properties, and to reveal some common traits (e.g. the symmetrical annual 
pattern of ET and the asymmetrical one of H). It could provide discrimination between 
irrigated and non-irrigated sites, and detect possible effects of advection on ET at the pixel 
scale. In a next step, the algorithm will be applied and checked at two irrigated orange 
orchards located in the Campo de Cartagena Irrigation District and equipped with tower 
fluxes that provide half-hourly values of all components of the surface energy balance. Some 
preliminary intents of ET mapping using the triangle method with LANDSAT (high spatial 
resolution) thermal images appeared promising (Fig. 4.25) 
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Figure 4.25. ET maps obtained with the triangle method from MODIS (top) and LANDSAT 
(bottom) images for a summer day (25 July 2009) in the District of Campo de Cartagena. The 
Landsat image has 478 x 462 pixels (= 198.87 km2). The measured value of ET at Landsat 
overpass at the two orchards (Villa Antonia and Casa Mulero) equipped with eddy-
covariance flux-tower were 179 W m-2 and 167 W m-2 respectively (half-hour average).  
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