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Abstract: The main goal of this study is to evaluate the potential of the FAO-56 dual
technique for the estimation of regional evapotranspiration (ET) and its constituent
components (crop transpiration and soil evaporation), for two classes of vegetation
(olives trees and cereals) in the semi-arid region of the Kairouan plain in central Tunisia.
The proposed approach combines the FAO-56 technique with remote sensing (optical and
microwave), not only for vegetation characterization, as proposed in other studies but also
for the estimation of soil evaporation, through the use of satellite moisture products. Since
it is difficult to use ground flux measurements to validate remotely sensed data at regional
scales, comparisons were made with the land surface model ISBA-A-gs which is a physical
SVAT (Soil-VegetatiorAtmosphere Transfer) model, an operational tool developed by
Météo-France. It is thus shown that good results can be obtained with this relatively simple
approach, based on the FAO-56 technique combined with remote sensing, to retrieve
temporal variations of ET. The approach proposed for the daily mapping of
evapotranspiration at 1 km resolution is appravevo steps, for the period between 1991

and 2007. In an initial step, the ISBA-A-gs soil moisture outputs are compared with
ERS/WSC products. Then, the output of the FAO-56 technique is compared with the
output generated by the SVAT ISBA-A-gs model.
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1. Introduction

In semi-arid regions, and the Mediterranean basin in particular, agricultural productivity and water
resources regularly suffer from serious crises, as a consequence of limited levels of precipitation,
combined with the occurrence of long periods ofudhd, which are typical features of the Mediterranea
climate [1]. In this context, the accurate monitoring of vegetation cover and hydric stress can be
a valuable tool, especially for areas which rely on rainfed agriculture in water-limited environments.
A second challenge for the well-adapted management of this agriculture is to accuratelindetes
level of evapotranspiration, in order to quantify the soil water stock. In recent years, a variety o
physical surface models have been proposed at regional and global[3alée most accurate of
these are the SVAT models .

On the other hand, the initial FAO-56 model is the most commonly used and practical approach for
the estimation of crop water requirements and local scale evapotranspiration [7], and is based on &
simple combination of a reference evapotranspiration védlig) @nd crop coefficients. The FAO-56
dual model distinguishes between the respective contributions of plant transpikagpand soil
evaporation K¢) [8]. In recent years, various attempts have been made to combine the latter model
with remote sensing data for operational applicationsl4p These studies were motivated,
in particular, by the need to retrieve vegetation cover dynamics from vegetation indices derived from
optical satellite observations [9,10,15,16lost applications of this model are related to the study of
irrigated areas, for the effective planning and use of irrigation water.

In recent years, sustained scientific activity based on the interpretation of remotely sensed data ha:
made it possible to develop various methodologies for the characterization of the spatio-temporal
variability of continental surface parameters (vegetation characteristics and soil moisture), on both
local and global scales. In the case of vegetation cover, various indices based on the use oftaptical da
have been proposed for the retrieval of vegetation characteristics (e.g., leaidareavegetation
fraction, NDVI (Normalized Difference Vegetation Indeg¢.). The NDVI is the most commonly
used index, and is expressed by the ratio: NDVI = (RNIRRED)/(RNIR + RRED), where RNIR is
the near-infrared (NIR) reflectance and RRED is the red reflectance. This index is sensitive to the
presence of green vegetation [17,18], and has been used in various studies dealing with the estimatio
of the potential photosynthetic activity of vegetation [1629. As a consequence of its formulation,
the NDVI is able to robustly characterize green vegetation, despite varying atmospheric coimditions
the red and NIR bands [23,24]. Nevertheless, in the case of high levels of vegetation density, the NDVI
can suffer from saturation effects [25], which bias the estimated levels of evapotranspiration. In
semi-arid regions, this behavior is rarely observed. Several different methodologies based on the
interpretation of microwave sensor data have also been developed for the determination of soil
moisture [2631]. A large number of studies have demonstrated the potential ofetmliion
spaceborne (active microwave) scatterometers for land surface tenaedon, in particular for the
estimation of soil moisture [337].
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In this context, the aim of the present study is to illustrate the ability of the FAO-56 dual approach
to estimate evapotranspiration at regional scales, without making use of complex physical surface
models requiring large quantities of input data. In an initial step, the effectiveness of the FAO-56 dual
approach, which is commonly used for irrigation managemeritO]9is evaluated. Then, the
combination of this model with data generated by remote sensing is considered, not only for the study
of vegetation as proposed in other stufed 2,14], but also for the purposes of soil moisture analysis.
Under such conditions, the spatio-temporal variations of these two fundamental parameters can be
taken into account in the transpiration and evaporation estimations.

In Section 2, the studied site and the remotely sensed amadgiatabases are presented. In Section 3
the FAO dual model is introduced, and the concurrent use of remotely sensed data is discussed
In Section 4, the proposed approach is compared with the outputs of a physical SVAT model: the
ISBA-A-gs Finally, the authorsconclusions are presented in Section 5.

2. Database and Processing
2.1. Sudied Ste

The studied site is the Kairouan plain, which is situated in central Tunisia3E833N;
9°30-10°18E) (Figure 1) and is characterized by a semi-arid climate [38]. The average annalll rainf
is approximately 300 mm per year, with a rainy season lasting from October to May. The rainfall
patterns in this semi-arid area are highly variable in time and space. The meanndadsatere in
Kairouan City ranges between a minimum of 10.7 °C in January and a maximum of 28.6 °C in August,
with a mean value equal to 19.2 °C. The mean annual potential evapotranspiration (Penman) is close f«
1600 mm. The landscape has no relief and land use is dominated by agriculture, with two main types
of vegetation cover: annual agriculture and olive trees. A ground campaign carried out over more than
20 test fields revealed that the mean soil texture is composed of 45% sand, 32% clay and 23% loam
Sandy soils are more commonly observed in the areas characterized by olive tree cultivation.

Figure 1. Satellite imagery of the studied area, indicating the locations of the rainfall and
climate network stations present on the Kairouan plain.
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2.2. Satdlite Products
2.2.1. ERS/WSC Moisture Products

The scatterometers carried by ESAdual ERS satellites (launched in 1991 and 1995, the dual
ERS satellite mission was finally decommissioned in September 2011) are operated in the C-band
(5.3 GHz) in the vertical polarization. Over land, the measured radar backscatter coefficient is sensitive
to surface parameters (soil moisture, surface roughness, vegetation characteristics) and the emissic
characteristics of the radar (incidence angle, polarization and frequency). A change dapgcbanh
developed by the Institute of Photogrammetry and Remote Sensing (IPF), Vienna University of
Technology (TU-Wien), has been applied to the estimation of soil moisture, based on radar
measurements [31,32,39,40]. The proposed moisture products have been validated in different region:
of the globe, such as the Canadian Prairies [32], the Iberian Peninsula [35], Western Africa [34,41],
France [37] and Australia [42]. The TU-Wien algorithm is based on scaling of the naunaliz
backscattering coefficient to a value corresponding to a 40° incidence angle, lyiegin¢he lowest
value which occurs during the driest conditions, and the highest value which occurs during the wettest
conditions. The retrieved moisture index, referred to as'thdace soil moistuie(SSM), can range
between 0% and 100% and represents the water content present in the first 5 cm of soil. Based on th
interpretation of cells approximately 50 x 50 km in size, the TU-Wien products have a grid spacing of
25 km, and a temporal resolution of approximately two to three measurements per week. In order to
compare SSM values with ground measurements on the same study site [43] or modeled surface
moisture values, these products were converted to physical units*wf >musing the method
described by Pellariet al. [36]. The TU-Wien Soil Water Index (SWI), which provides the water
content along a 1 m deep profile, is derived from the SSM values measured on different successive
dates. These products have already been validatiedsad in various hydrological studies [29,35,44].

Amri et al. [43] discussed the validation of ERS and ASCAT products, through the use of continuous
thetaprobe recordings of ground soil moisture in the Kairouan plain. These authors revealed a strong
correlation between the ground measurements recorded between 2010 and 2011, and satellite produc
corresponding to the same period, with an RMSE (the root mean square error) equatto’/ergb

for surface moisture and 0.039 ¥om?® for the SWI.

2.2.2. SPOT-VGT NDVI Products

The 10-day synthesis (S10) products derived from SNQGT-(SPOT-VEGETATION) data are
available at full resolution (1 km), and include 10-day NDVI data [45]. For these products,
top-of-atmosphere corrections were applied using the SMAC (Simplified Method for Atmospheric
Correctionshlgorithm [46], which corrects for molecular and aerosol scattering, water vapor, ozone
and other gas absorption effects. The parameters taken into account in the atmospheric corrections al
the aerosol optical depth (AOD), the atmospheric water vapor and ozone, and a Digital Elevation
Model used for atmospheric pressure estimation [47]. The water vapor parameter is obtained once
every six hours from Météo-France with a 1.5° x 1.5° grid cell resolution. Although the AOD is
currently retrieved from BO data (blue spectral band of SPOT-VGT;-0.48 uM), combined with
the NDVI [47], prior to 2001 it was a static data set which varied as a function of latitude only.
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Different systematic errors (misregistration of the different channels, calibration of the linear array
detectors for each spectral band) are corrected in the final P product, which is re-sampled to a Plate
carrée geographic projection. The S10 products are available [48].

2.3. Ground Measurements
2.3.1. Precipitation Data

Precipitation estimations were based on a network of 30 rain gauges, distributed over the entire site
(Figure 1). The Inverse Distance Weightin®\\V) interpolation algorithm was used to derive daily
precipitation maps. This algorithm estimates values at non-sampled points, by computing the weighted
average of data observed at nearby points [49,50]. The landscape is mainly flat in the validation areas
and there is no mountainous terrain able to influence thrlsgiatribution of rainfall. The precipitation
time series and the NDVI data set are thus available with a spatial resolution of 1 km.

2.3.2. Meteorological Data

Meteorological data, including air temperature, humidity, wind speed, net radiation and
rainfall measurements, have been recorded over the last 20 years by an automatic weather statio
located in the Kairouan Plain. Daily averaged climatic parameters were computed in order to
determine the daily reference evapotranspiratidy (mm/day), in accordance with the FAO-56
Pennan-Monteith parameterization [$1

The global radiation was determined from Météosat data [52] retrieved from the SoDa server
(Solar radiation Databases for environment [53]), established by the Mines ParisTech graduate school
In this database, global radiation data is available from January 1985 to December 2005, at tempora
intervals of one day and a spatial resolution of 20 km.

2.4. Land Use Mapping

Low spatial resolution SPOT Vegetation NDVI images were used to map the land into three
characteristic classes: olive trees, annual agriculture and pastures. It is important to note that thes
classes were labeledOlive treed, “Annual Agricultur&€ corresponding to cereals afiBtastures
Later, for the purposes of estimating regional evapotranspiration, only two principal classes were
considered: Olive trees and annual agriculture.

In recent years, several approaches have focused on the disaggregation of low resolution mixec
pixels in different land cover classes [54]. A linear mixing theory is generally used, in whgh it i
assumed that the reflectance (respectively NDVI) of a mixed pixel is giverebsuth of the mean
reflectance (respectively NDVI) values of the different land cover classes within the pixel, weighted by
their corresponding fractional cover. The identification of typical NDVI profiles, representative of
each of these land cover classes, is the first step in the disaggregation methodology. These pixels ar
identified by making use of information related to the class composition of each pixel, retrieved from
high-resolution land-cover map.

The general expression is given by Equation (1), and the RMS of this quantity is given by
Equation (2):
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p

Vi) = ) mix pi() + &i(0) (1)

(2)

where:Yi(t) is the average signal observed at pixel i and time t, and is estimated from the NDVI time
series produced by SPOT-VGHjj is the area occupied by the jth class in the ith pixel: the unknown
term in Equation (1)p;(t) is the signal assigned to thh class at timet, and is calculated for
each class (pure pixels are considered) from the NDVI time series produced by SPOdi-MGHe
error term;p is the number of classeB,s the number of observationids the pixel index, angis the
class index.

The error term defined in Equation (2) is the square of the differences betw@&#D\thsignature
assigned to each class, and the NDVI profile observed inhtipexel.

Disaggregation techniques are designed to estimate the proportion (between 0 and 1) of specific
classes occurring within each pixel. The resudt ¢ertain number of fraction images, each corresponding
to the relevant land-cover class. While this information describes the composition of the class, it does
not provide any indication as to how the classes are spatially distributed within the pixel. The outcome
is thus quite different from that obtained with conventional classification algorithms, in which a single
“crisp’ land cover map, containing all classes, is produced. Figure 2 shows a land-use map for two
classes. The pixels having low proportions (dark blue areas) for all 3 classes of land use correspond t
areas covered by water (sebkhas, dams). These areas are masked in all of the maps used in tl
following analysis.

Figure 2. Land use map for the 2068009 agricultural season at 1 km spatial resolution,
showing (on a scale ranging from1) the proportion of coverage represented by each of
three different classes of vegetation present in this ar@a:alnual agriculture;

(b) pastures;q) olive trees.
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3. Proposed Approach for the Retrieval of Evapotranspiration
3.1. Description of the Basic FAO-56 Model

The algorithm used in the present study is based on the FAO-56 dual crop coefficient model
developed by [7], which describes the relationship betwegneasrapotranspiration under non-standard
conditions ET) and a reference level of evapotranspiratiéiy). The crop coefficient,) is separated
into two components: the basal crop coefficighp) and the soil water evaporation coefficieii)(

ET =(K,-K, +K,)*ET, 3)

whereET, is estimated at 24 h intervals using the FAO Penman-Monteith equatidt.f7the basal
crop coefficientKsis the stress coefficient akd: the soil water evaporation coefficient.

The daily reference evapotranspirati&i, is determined with a spatial resolution of 20 km,
allowing ETo maps to be derived at daily intervals, for each growing season (from September of
one year to August of the following year), with the same resolution as the SoDa data. The cumulative
annual ETy values are consistent with the observed level€EDfin this region (approximately
1600 mm/year).

3.2. Application with a Dual Vegetation Cover

In the present study, two types of vegetation cover are considered for each pixéd: (eerazal
agriculture) and olive trees. For each pixel, the evapotranspiration ET under non-standard conditions is
estimated using:

ET= [Froereals[( 1:c—cch—cKs + (1_ fc—c)Ke)]+ Frolive[( fc—chb—oKs + (1_ fc—o)Ke)]]* I:_I-O (4)

where:f; is the fractional coverfr is the cover percentage per pixel, for each cldgss the stress
coefficient and the indice®” and“c” denote the cereal and olive tree classes, respectively.

The parameterK(, andK) used in Equation (4) are derived from the remotely sensed SPOT-VGT
NDVI index, and ERS/WSC soil moisture products, respectively.

Ks describes the effect of water stress on crop transpiration.
_ TAW-D,
*7 (1- p)TAW (5)

D,: root zone depletion (mm). The equation nhumber 86 of the FAO No. 56 guidelines [7] is used to
calculate this parameter.

TAW: Total available soil water in the root zone (mm), estimated using the equation number 82 of
the FAO No. 56 guidelines [.7

p: fraction of TAW that a crop can extract from the root zone without suffering water stress. This
parameter is derived for each class from table 22 of the FAO No. 56 guidélines
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3.2.1. Computing the Values Kf, andf;

Further details of the proposed annual agriculture gtgrestimations can be found in Er-retkal. [9].
The calibrations made at the Tensift site in Morocco Er-abél. [9] were also applied to the studied
site, due to their similarities in terms of climate and cereal yields.

Ke is defined as:

084
NDVI —NDVI ;. jm

NDVI,, —NDVI,;,

K, =1.07x 1—[

(6)

whereNDVI min andNDVImay are the minimum and maximum values of MigVI associated with bare
soil and dense vegetation, respectively. The values retrieved from the SPOT-VGT NDVI index time
series, used in the present study, are 0.1 and 0.6.

fc is the vegetation cover fraction defined by Er-etlal. [9]:

fe=1.18*(NDVI —NDVI ) (7)

In the case of olive trees, the crop coefficientsppsed in the FAO Bulletin No. 56 [7] for the
estimation of the water requirements of olive trees are not applicable to the present casieestiody,
the low percentage of coverage corresponding $acthiture. In a recent study, Testial. [55] established
a relationship between tHeT and the cover fraction, which is used to determine the valu€;of
applicable in the present study.

In the case of olive trees, a tree spacing of approximately 20 m and a tree diameter of approximately
4 m area were considered. This leads to a valfewaiue equal to 8%.

3.2.2. Computation of the Parameker

In recent years, various different approaches have been proposed to relate soil resistance to so
moisture [5658]. Chanzy and Bruckler [57] proposed an empirical method relating soil evaporation to
soil moisture and climate demand, for different types of soil texture. In arid and semi-arid regions, the
soil evaporation which occurs after a rainfall event is a process of major importance, whenever the
local agriculture is characterized by a low density vegetation cover. When this term is riedermi
accurately, it allows a reliable estimation to be made of the stock of water available for use by the
vegetation. In this section, a simple approach is used for the estimation of soil evaporation, which is
equal to theETy whenever the surface layer is saturated. A method developed by leealin[58]
was used, allowing soil evaporation to be related to the surface soil moisthrentp estimated from
radar satellite measurements. The paranketeran then be written as:

P
Ke:[%_%.coiﬁ.gl_/gmax)} Foro. < Omax (8)

whered, is the soil water content in the soil layer of thicknkes&max is the soil moisture at saturation,
andP is a parameter given by the following expression:

1 L-L, |\LE
e ®



Remote Sens. 2014, 6 5395

In this expression,; is the thinnest layer of soil represented (hefe €m), andAs (unit-less) and
Bs (W-m ) are a priori the two best-fit parameters, which depend on ths soiture and structure.

Omax Was estimated from continuous ground thetaprobe measurements, acquired over a period of
three years.

6. was considered to be equal to the remotely sensed surface soil moisture products produced by th
ERS and ASCAT scatterometers. As described above, these products were converted to physical unit
of m*m™3, using the method described by Pellatial. [36].

Soil evaporation is assumed to reach its maximum value in the case of saturated soils, with a value
defined as being equal KXy, which is close to zero for very dry surfaces.

3.3. Description of the ISBA Model Used to Evaluate the FAO Dual Approach

Since it would not be realistic to use local flux measurements made at the field scale to validate the
FAO-56 dual approach for applications involving low spatial resolution data (0.5° *%.6.5%gional
scale), the validation used in the present study was based on comparisons made with the operation:
ISBA model developed by Météo France. This model uses the force-restore method proposed by
Deardoff [59] to compute the corresponding variations in soil surface energy and water budget [5]. The
model uses three layers to represent thésshitdrology: the upper surface layer, the root-zone layer
and the deep soil layer [60], and water interception storage and snow pack variations are also takel
into account [61]. Within each grid, the heterogeneity of infiltration, precipitation, topography and
vegetation are accounted for, and the conversion of precipitation into runoff over saturated surfaces is
based on the TOPMODE approach [62,63]. Within each grid cell, the heterogeneity of land cover and
soil depths is taken into account through the use of a tile approach, in which the cell is divided into a
series of sub-grid patches. For each tile in a grid cell, distinct energy and water budgatisuéated.
The multiplicative model developed by Jarvis [64Jused to determine the stomatal resistance of the
vegetation. ISBA-A-gs is a variant of the ISBA mbffg, which takes photosynthesis and its coupling
with leaf-level stomatal conductance into accourd,iarwhich a biochemical se¥egetatioratmosphere
transfer representation is used to model the diurnal cycle of photosynthesis [65]. Then, the canopy
conductance to water vapor is computed by integrating the photosynthesis model over the vegetatior
canopy, using a one-dimensional radiative transfer modelwiite vegetation. The canopy conductance
is then used in the original ISBA model [66] to calculate plant transpiration. The other components of
evapotranspiration (soil evaporation and evaporation of intercepted rain) are simulated in the same
manner as in the original ISBA model. In addition to meteorological variables and surface temperature,
soil evaporation depends on surface soil moisture and theatiegatoverage fraction. The interception
reservoir is assumed to evaporate at the potential rate and depends on the LAI and the vegetatio
coverage fraction. The ECOCLIMAP look-up tables are used to generate the LAl (Ledhdesa
inputs used by the ISBA model. ISBA-A-gs also implements a new representation for soil moisture
stress, in which two different drought responses campléesd: one is used for herbaceous vegetation [67],
and the other for forests [B8
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4. 1SBA-A-gsModé Inter-Comparison with the FAO-56 Approach
4.1. Analysis of the | SBA-A-gs Soil Moisture Output

In Figure 3, the ERS/WSC soil moistures, validated by Aetral. [43] over the studied site
and described in Section 2.2, are compared with the output generated by the ISBA model, and are
plotted together with the precipitation time series. Three statistical parameters: RMSE (the root mean
square error)R? (the coefficient of determination), and the bias are usecbmpare the ERS and
ISBA datasets.

Figure 3. Inter-comparison between ISBA-gssoil moisture outputs and ERS/WSC
products during the period from 192D07 (no data for 20062003): @) surface soil
moisture (SSM);lf) Soil Water Index (SWI) corresponding to the root zone moisture.
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The satellite data products are compared with two ISBA-A-gs outputs; the modeled top layer
(the first five centimeters of soil) and the soil moisture profiles (down to a depth of 100 cm), for the
16-year period from 1992007. It should be noted that the ERS measurements and thgpooniag
remotely sensed moisture products are not available for the period fror2P081As can be seen in
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Figure 3a, local variations in the ERS surface moisture products are not completely retrieved by the
ISBA outputs. In fact, the latter corresponds to the first 10 centimeters of soil, which are less strongly
influenced by atmospheric conditions (rain, wind and solar radiation) than the first five centimeters of
soil, which affect the ERS/WSC radar measurements. Despite the strong heterogeneity of the moisture
profile in the first centimeters, the statistics of tesulting comparison are good: RMSE = 0.04nmrt,

bias = 0.02, an& = 0.52.

In Figure 3b, the monthly SWI ISBA-A-gs outputs (0.5 m depth) are compared with the ERS
estimations, showing that these two products have a good degree of coherence. In general, a delay «
several days is observed between significant rainfall events and the corresponding increase in wate
soil content, determined using the ERS measurements.

The statistics of the compared data are good: RMSE equal to 803 = 0.5, and a low bias
equal to 0.008. A change in behavior can be observed in 1997: before this date, less than one data poil
(determined using the ERS1 scatterometer only) was available per week, from which the algorithm
could be developed. After 1997, the ERS1 and ERS2 scatterometers were both able to provide &
combined two to three data points per week, for use in the SWI estimations, and there is thus a
difference in the produtd accuracy between these two periods. Although the SWI itself is not used in
the evaporation estimation, comparisons made with this product are used to validate the ISBA-A-gs
model over the studied site.

4.2. Inter-Comparison between | SBBA-A-gs and FAO-56 Approaches

Figure 4 compares the ISBA and FAO model evapotranspiration simulations over the studied area,
for a single ISBA pixel with a spatial resolution corresponding to 0.5° in latitude and 0.5° in longitude,
for the periods between 1998 and 2000 and between 2004 and 2005. These two products are compare
only on dates for which ERS/WSC-based determinations dfdlegaporation parameter are available.

The two products are found to be in good agreement, and the statistical parameters derived from the
FAO simulation are reasonable: RMSE = 0.36 mm/day, with a correRtier0.55. The discrepancies
observed at some points in this figure are related, in particular, to the soil evaporation component,
and to the occurrence (or not) of a precipitation event: all of the data points characteazstidng
discrepancy between the two models involve a precipitation event, which was taken into account by
one of the models, but not the other. This is mainly due to the input used in the ISBA-Ags model.
In the case of the present study, the ISBA model was driven by the ERA-Interim atmospheric forcing,
corresponding to the ERA-Interim global ECMWF atmospheric reanalysis, projected onto a 0.5° grid.
Since precipitation is underestimated by the latter product [69], the monthly Global Precipitation
Climatology Centre (GPCC) precipitation product was used to correct the precipitation bias in the
3-hourly ERA-Interim estimates [70]. The availability of a smaller number of GPCC pré&oipita
observations for northern Africa, than for Europe, thus provides an explanation for the reduced
robustness of the Tunisian precipitation series. The retrieved levels of FAO approach are in coherency
with other studies realized over other semi-arid regions 9,71
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Figure 4. Evapotranspiration (ET) simulated by the ISBA-A-gs model as a function of the
ET levels simulated by the FAO-56 model over a single ISBA pixel, during the period from
1991-2007, and on dates when remotely sensed ERS/WS& atises were recorded.
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The FAO model values for the ISBA pixel (0.5° x 0.5°) correspond to the mean value of 1 km pixel
estimations. In order to evaluate the scale effect, the FAO model is computed directly at the ISBA
pixel scale, by considering the mean NDVI values at this scale, for vegetation fractiomk&,and
estimations, and for two types of vegetation cover (olive trees and cereals). The intercomparison
between FAO model levels, calculated at two different scales, reveals an rms error of 0.2 mm/day anc
a correlation coefficient equal to 0.85, for the period (12907). This result indicates that the FAO
dual model has only a limited scaling effect.

Figure 5a compares the ET simulated by the ISBA-A-gs model with that predicted by the FAO-56
model, for the 19981999 agricultural season during which the total precipitation was approximately
280 mm. A good degree of consistency is observed for the results obtained with these two models.
However, on some dates, large differences are observed between FAO-56 estimates aneg$SBA-A
outputs, probably as a consequence of the rainfall events taken into account in the ISBA-A-gs model.
The statistical parameters derived from the simulation are reasonable: RMSE equal to 0.39 mm/day,
correlation strength given B = 0.55, and a low bias equal to 0.009 mm/day.

The second example, illustrated in Figure 5b, corresponds to the2D@@D agricultural season,
characterized by a relatively dry growing season and a total annual precipitatgprokimately
250 mm. During this season, the results given by the two models are found to be more consistent
The FAO-56 model retrieves almost the same trends as the ISBA-A-gs model, for both high and low
values of ET. The statistical parameters from the comparison are good: RMSE = 0.25 mm/day,
correlation strengtR’ = 0.61, and a low bias equal to 0.01. This comparison shows that the models are
more consistent during the driest period of the season (from June to August). This is mainly due to the
very limited number of rainfall events at this time of the year. Under these conditions, it is easier for
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the FAO dual model to retrieve the evaporation dynamics corresponding to small temporal variations
in moisture, caused for example by a single rainfall event during a period of drought.

Figure 5. Inter-comparison between ET outputs from the FAO-56 and ISBA-A-gs models,
on dates when remotely sensed ERS/WSC observations were rec@)d&89%1999
agricultural seasonbf 1999-2000 agricultural season.
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For both of these agricultural seasons, the two models are found to be well correlated with the
rainfall events, with a clear increase in the level of evapotranspiration following strong precipitation
events. However, some distinct inconsistencies can be observed between the two simulations. As a
example, the FAO-56 model retrieves a high level of ET, due to a 10 mm precipitation event in
April 1999, which was not detected by the ISBA-A-gs simulations. Conversely, in May 2000, a rise in
the level of ET is predicted by the ISBA-A-gs model, whereas this is not predicted by the FAO-56
model. Prior to the May 2000 peak observed in the ISBA-A-gs model, one small (1 mm) rainfall event
occurred, which probably had a very small influence on the real level of ET. It is thusttiaehe
discrepancy observed between the two models results from an exaggeration of this event, at the
precipitation input of the ISBA-A-gs model.
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Finally, the cumulative seasonal water requirement maps for the-1998 19992000 and
2004-2005 agricultural seasons, estimated by the FAO-56 dual crop coefficient model combined with
satellite data, are shown in Figure 6. It should be noted that these maps are well matched with the
land-use maps. As an example, during the 22989 agricultural season the water requirements were
slightly greater for annual crops (400 mm) than for olive trees (200 mm). The very low ET areas
generally correspond to olive trees with a low vegetation cover fraction, as can be seemdr2Fig
All of the areas covered by water (dams, sebkhas) were masked, and were not taken into account in th
ET calculations.

By comparing the water requirements of annual crops with the average annual rainfall in the
Kairouan plain (300 mm), an initial estimation is made of the hydric deficit, which should be offset
through the use of irrigation.

Figure 6. Total annual evapotranspiration maps) (998-1999 agricultural season;
(b) 1999-2000 agricultural seasorg)(2004-2005 agricultural season.

Annual ET (1998 - 1999) Annual ET (1999 -2000)

. ‘_‘_ "‘
< " LS - {
alrouan

(0}

Ho)
¥

H . - B g
s . % g
g - ey g g
° ) o . o ®
AR g
L 2 3 L
35.2 ' i
g -
96 98 10 10.2 104 96 9.8 10 10.2 104 5
Longitude {degree) Longitude (degree) Longitude (degree)
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Annual ET (mm) 0 20 km Annual ET {mm) ° 20 km Annual ET {mm) o 20 km
[ c—] [ c—] (= ]

5. Conclusions

The FAO-56 dual approach, which is commonly used for irrigation management, is applied to
the simulation of evapotranspiration at the regional scale. This is combined with remotely sensed,
multi-sensor data. Two main types of vegetation cover, cereals and olive trees, are considered in this
analysis. The vegetation fractions represented by these agsesl of vegetation are retrieved by means
of a multi-temporal classification of SPOT-VGT time semmaages. The evapotranspiration is computed
over the studied area for two vegetation classes, weighted by their respective vegetation fractions.

The cereal crop coefficient and vegetation fraction estimations are based on NDVI SPOT-VGT
data, through the use of an empirical relationship. Soil evaporation is estimated by a simple approact
developed by Merlingt al. [58] established between this quantity and surface soil moisture, using
ERS/WSC radar products developed by the TU-Wien. Saturated soils are associated with the highes
level of evaporation, and the driest soils have approximately zero evaporation.

The ISBA-A-gs SVAT model is compared to the FAO approach, using simulations covering the
period between 1991 and 2007. The ISBA soil moisture outputs are validated using ERS/WSC
products developed by the TU-Wien. A good degree of coherence is observed for surface moisture,



Remote Sens. 2014, 6 5401

with an RMSE equal to 0.04%m 3, R equal to 0.52 and a bias equal to 0.002. The soil moisture
profiles are also in good agreement, with an RMSE equal to 0?08 inR? equal to 0.5, and a bias
equal to 0.008. When the ISBA and FAO models are compared for the same study areafoboeg are

to be strongly coherent. In the case of daily comparisons, an RMSE equal to 0.36 mm/day is found,
which is low by comparison with the mean ET values, estimated at approximately 2 mm/day. The soil
moisture profiles are well correlated, wii equal to 0.5. These results illustrate the strong potential

of this simple approach, in which the FAO-56 model is combined with several satellite observations
(optical and microwaves), to retrieve evapotranspiration levels particularly in semi-arid regions.
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