Answer to reviewers

First, we want to thank the reviewers and editor fo their very constructive remarks. We thought
they highly help us to seriously improve the paperWe have followed their suggestions and take
into account most of their comments (answers to réswers follow). This leads to an almost
complete revision of the paper.

Answer to reviewerl

Multi-scale estimation of surface moisture in a sarid region using ENVISAT ASAR radar data, Zribt,al.,
2010

The study presents two independent methods fonsmdture estimation over two land cover typesumisia -
non-irrigated olive trees and irrigated wheat fsel@ihe laborious work should be appreciated tratided a)
collection of in-situ data on the Tunisian siteugbness, surface moisture, and different vegetatieasures), b)
processing of several sources of satellite dat®{SBAR, SRTM) and c) development of algorithms.

I am convinced that below suggested changes caifisantly improve the quality of the paper:

Major comments:
1) Abstract — can you please shortly discuss wheglties your research brings into the soil moest@search and
how can your results be used in future research.

Answer: The semi-arid regions are characterised wit dispersed vegetation, therefore soil evaporatiooould
have a strong contribution in surface fluxes, pargularly after rain events. Soil evaporation has tobe
estimated, for areas with trees, in order to estima water stock reserved for vegetation, and also favheat
fields for irrigation management. We propose in thé paper to estimate soil moisture simultaneously fdahe
two types of vegetation covers. In order to improvehe paper discussions, we add another section fsoil
evaporation evaluation, based on moisture estimatits. We do changes in abstract, particularly by addig to

the first paper version the final application for il moisture estimation which is soil evaporation ealuation.
“The present paper proposes a method for the evaluah of soil evaporation, using soil moisture
estimations based on radar satellite measurementg/e present firstly an approach for the estimation
and monitoring of soil moisture in a semi-arid myin North Africa, using ENVISAT ASAR images,
over two types of vegetation covers. The first magprocess is dedicated solely to the monitorihg o
moisture variability related to rainfall eventseo\areas in the ‘non-irrigated olive tree’ classawmid use.
The developed approach is based on a simple linglationship between soil moisture and the
backscattered radar signal normalised at a referigrmidence angle. The second process is propagsgd 0
wheat fields, using an analysis of moisture vatigtdue to both rainfall and irrigation. A semi-@irical
model, based on the water-cloud model for vegetatmrrection, is used to retrieve soil moisturarfro
the radar signal. Moisture mapping is carried owgrovheat fields, showing high variability between
irrigated and non-irrigated wheat covelhis analysis is based on a large databasecluding both
ENVISAT ASAR and simultaneously acquired groundhrumeasurements (moisture, vegetation,
roughness), during the 2008-2009 vegetation cystelly, a semi-empirical approach is proposed in
order to relate surface moisture to the differencdetween soil evaporation and the climate demand,
as defined by the potential evaporation. Mapping othe soil evaporation is proposed.”

2) The method section prevails over results ancudisions. | would recommend reducing the methodsadding
section where the results and their significandebei discussed.

Answer: Yes, we agree with reviewers, we change ethorder of sections. We propose a section for
methodology with the two proposed approaches for me and wheat fields. We reduce the size of this ga
We add more details for results and validation. Weadd a new section for soil evaporation based on $oi
moisture mapping.



3) Similar study has been published by the autmorlJoRS in 2006 “Soil moisture mapping based on
ASAR/ENVISAT radar data over a Sahelian regioho avoid any further discussions | suggest addiggction in
the introduction that would summarize results @vwus study and connection to current study.

Answer: We agree with reviewer that similar pointsexist between the two proposed studies over sahelia
region and our studied site. For soil moisture egtiation over olive trees, we apply approximately thesame
method, based on change detection approach. We add,introduction, the description of the approach sed
in IJRS. We reduce the description of the proposedpproach in methodology section.

We add in introduction

“Two methodologies are proposed to map soil moisturever non-irrigated olive groves and wheat
fields. Moisture estimations over olive groves ardased, in particular, on a change-detection
approach using ASAR/ENVISAT data, developed for the Sahel (Zribi et al.,, 2007). The
methodology was broken down into several successisteps: (1) normalisation of radar data to one
incidence angle equal to 20°, (2) for each cell,tesation of the areas with a low vegetation density
(3) elimination of surface roughness by subtractinghe radar data recorded during the dry season
from that used for the soil moisture determination,(4) retrieval of soil moisture, by inverting a
linear relationship between the processed signalsd the soil moisture. Moisture estimations over
wheat fields are based on the Cloud water model (f&maet al.,1978), using parameters estimated
empirically from our database.”

4) Page 8064, line 10: “..two-dimensional estimatd soil moisture...” the methods seem rather inddpat.
What do you mean by the two-dimensionality?

Answer: The text was not clear, we mean a spatiaiion and mapping of soil moisture. We correct theext:
“The present study describes an approach for mappig of soil moisture”

5) The methodology section needs reductions andhggsathat would ease its understanding: i.e. a)gbri
discussion about comparisons between the two mgthwadere are the differences, where are the siitiélgr b)
improve notations, c) the names of the methodokxeption do not fully express their content (..magpof soil
moisture..), d) enhance where validation is perfaine) do not discuss methods if citations cansee .u

Answer: We agree with reviewer. We change methodaly section with important reduction, for olive and
wheat fields; we add more details about database &d for validation and calibration of models. Validaion
and mapping are considered in results section.

6) Were all in-situ stations used for calibratidritee model and then for consequent validation?

Answer: We add details concerning database used focalibration and validation of the models.
Measurements are realised over test fields and alsaith three thetaprobe stations. We use all theseath in
calibration and validation of the models.

We add details to section: moisture estimation ovewheat fields:

“The database is divided into three sets: the firsof these contains measurements acquired just
before the vegetation starts to develop: from thersl of December until the end of January, the soils
are bare with no vegetation cover on the wheat fids. This set is used to estimate the backscattering
contribution from bare soil. A second set is usedot estimate the parameters of the radiative
transfer model (A and B). Finally, a third set is sed for model validation.”

For olives trees, we precise also the existence wfo parts of database: a first one for model
calibration and a second one for validation.

Minor comments

1) Page 8046, line 15, “based on the reductionlafge database..” What do you mean by that?



Answer: It is just an error
“This study is based on a large database, includingpoth ENVISAT ASAR and simultaneously
acquired ground-truth measurements...”

2) Page 8047, line 15-27, You provided an ovendgwurrent research. But can you explain how daes work
fall within this recent development?

Answer: We reduce the details proposed on the first versfantroduction. We write For bare soils,
various theoretical and empirical approaches have déen developed (Fung et al., 1992; Oh et al.,
1992; Dubois et al., 1995; Zribi and Dechambre 20Q08aghdadi et al., 2006, Thoma et al., 2008).
Among these, the ‘linear approach’ linking surfacesoil moisture to calibrated and validated SAR
(Synthetic Aperture Radar) measurements (SIRC, ERSRADARSAT, ASAR, TerraSAR-X ...) is
widely used (Quesney et al. 2000, Zribi et al. 2006Paris et al. 2010). The backscattered
contribution from the vegetation is determined usiig physical or empirical models (Ulaby et al.,
1986, Magagi et al., 1997, Wigneron et al., 1999).”

Concerning our approach, we use linear relationshigbetween soil moisture and radar signal. In order d
analyse the different hypothesis, particularly linked to roughness effect on soil moisture, we use tretical
analytical models like IEM. Finally, in order to retrieve soil moisture from radar signal over our studied site
with vegetation cover, we consider a correction ofegetation effect. So, our approach is based on #e
different approaches cited in this limited overview The details added for developed approach over Sah
helps to understand the relationship with our devaelpment.

3) Page 8048, line 3, “we propose a ...” Some oftbdies you presented also proposed a methodaboGAR.
This sentence feels as if the SAR is a novelthis paper.

Answer: We agree with reviewer. We do changes in étext.
“we propose to use high resolution SAR images totemate soil moisture.”

4) Page 8050, line 22, Can you better describpr@ide a graphic) the setting of the measuremgmtation and
distance between measurements)?

Answer: Yes, we add details in the text.

“For each field, we made approximately twenty measentsdistributed over each field at the time
of each satellite acquisitiofithe distance between two successive measurementrjieiwas
approximately 20m.”

5) Page 8054, line 15, you said you consider tHadnce of the vegetation on the radar signal agigible, but
the Alfa is dependant on C and attenuation dubdmlive trees. Please explain.

Answer: We agree with reviewer that the text is notlear. In fact, the alpha slope is depdent on veggion
parameters (fraction and attenuation). We mean thatbecause of low density and no temporal change of
vegetation cover, we don’'t need to propose a corréan of vegetation cover effect because estimatioof
relationship between moisture and radar signal. Wedo changes in the text and we delated the word
‘negligeable’.

6) Page 8054, line 11, “we make assumption” | wauidgest further discussion on possibly introdwareadrs by
this assumption

Answer:

“We make therefore the assumption that the influene of the vegetation on the radar signal is
negligible.”

As we said in the last question, we agree withenger that the word ‘negligeable’ is not correct. tde
modifications in the text.



7) Page 8054, line 25, “defining..” How? At whatk? Refer to a further section if needed

Answer:
Defining a relationship between the ground soilshwie and the processed radar signals frdfardint
olive tree test fieldsThis step is discussed in section 3.1

8) Page 8055, line 4, did you perform second ndpai@bn?

Answer: No, there is just an error in sections orde We do corrections in the new version of methodology
section.

9) The approach used in 3.1.2 reminds classicalgshdetection approach; in that case | would sugging
appropriate citations.

Answer: Yes, we agree with reviewer. We add referees of scientific studies based on classical change
detection approach (Wagner et al., Morin et al., 200, Zribi et al., 2006).

“In order to limit roughness and vegetation effectswe consider a change-detection approach
(Wagner et al., 1999, Moranet al, 2000, Zribiet al.,2007)”

Wagner, W., G. Lemoine, H. Rott, 1998, Method for Estimating Soil Moisture from ERS &rameter
and Soil DataRemote Sensing of Environment, Volume 70, Issida¥ember 1999, Pages 191-207.

Moran, M.S., D.C. Hymer, J. Qi, and E.E. Sano. 2086il moisture evaluation using multitemporal
synthetic aperture radar SAR in semiarid rangel&gd. For. Meteorol. 105: 69- 80.

Zribi, M., Saux-Picart, S., André, C., Descroix, Dttlé, O.,Kallel, A. (2006), Soil moisture mapping
based on ARSAR/ENVISAT radar data over a saheli@nlaternational Journal of remote Sensjrizg,
16, 3547-3565.

10) Page 8056, line 16, You concluded that he lwatter is a function of soil moisture differencébse graphic 6
however represents the backscatter differenceduasction of soil moisture. Please explain.

Answer: Our approach is based on relationship betwen backscatter difference and soil moisture. So, wdo
changes in the text to clarify this point.

11) Page 8056, line 16, The final formula in graphipresents intercept (constant) and slope itirtbar
relationship, the intercept should thus be incluidettie equation 5 and 6

Answer: In equation (5) relationship consider diffeence for vegetation and roughness effects betweéno
dates. This difference is considered negligible irquation (6). However, we agree with reviewer thathis
difference induce a small term that could be addeth equation (6), as we observe in graphic 6. So, aed a
term in equation 6.

0 < -
AC i = a(Mv Mv1)+ £
12) Page 8057, line 9, “The accuracy of this outealmmonstrates..” As | understood the accuracycoagputed

between in-situ stations and satellite data aftersame in-situ data were used for model calibrafibis applies
also on the algorithm over wheat. Please comment.

Answer: Authors write: “ Fig. 8 illustrates a good coherence between soistoi@ estimations with HH
and VV radar signals, with an RMSE equal to 2% hbiad equal to 1.6% over tested fields. The accuracy
of this outcome demonstrates the robustness girtiysed algorithm, in spite of its simplicity.”

Our approach is based on the development of an emmal relationship between moisture and radar
processed signals. We consider two different paris our data base. A first one used for model calitation



and a second part for model validation. Validationshows an rms error lower than 4% for HH and VV
polarisations and also, a limited difference betweaethe two polarisation estimations (RMSE equal to %).
For these reasons, we add this conclusion about acacy.

13) Page 8057, line 11 “It's thus possible”.. tiffe@ of vegetation is still incorporated in thef@parameter. How
do you guarantee that application of the model aifferent spacing or different kind of olive treasll be
successful?

Answer: As we said in our data base, we consider ndry olive trees. We don’t consider irrigated olves.
For dry olive agriculture, framers respect the samerules for the region, particularly concerning kind of
olives, with high resistance to drought events, andlso distance between olives (about 20m) in ordey allow
to olive roots to look for water stock not only inlimited area. So, generally, we don’t observe diffence
between olive fields, because farmers respect foramy kilometres the same rules.

14) Page 8058, line 15, “in order to eliminate ¢fiects of local..” at the beginning of the papeuysay that the
goal is to use high resolution SAR to monitor sglgriocalized phenomena why do you want to average?

Answer: We agree with reviewer that we consider hig resolution SAR in the objective of having high satial
precision of moisture estimation. This is the casef moisture estimation over wheat fields, with a pecision
corresponding to 5X 5 pixels (just to eliminate spekle). For this case, we apply a correction of vetgion
attenuation, we consider roughness effect. For thease of dry olives, we do an average of 100 X 10Qgds,
which means a resolution of approximately 1km. Weansider this mean value in order to average diffemt
local effects, due to some local heterogeneity, theould correspond to small changes in vegetationedsity
and olives tree sizes, small changes in roughnesslacal limited topography. However, for olive trees, we
consider this resolution sufficient, because we cemer only dry olive agriculture (without irrigatio n), and
therefore moisture variability is only due to precpitation. So it could be monitored with a resolution around
1 km.

15) Page 8060, line 16.. should that be Ex. 8?
Answer: Yes, we correct the number of equation, iis (7).
16) Page 8061, line 9, explain all parameterséneituation

Answer: We add details for all parameters in the egation.
“Where B is dependent on roughness and incidence angieis dependent on incidence angle and correspond
to the slope between moisture and processed raddgsal in dB scale.”

17) Section 3.2.3 can be shortened

Answer: We agree with reviewer. We reduce the sizgf this section in the new methodology section.



Answer to reviewer 2:

Major comments

In the two approaches presented, the authors use a linear relationship where there are some coefficients
to be estimated from the data. This is illustrated at p.8054, equation (2) and at p. 8055 equation (4) (it is
said that b is derived from the data).The same is for equation (11), where it is said that “the slope of this
relationship is estimated from measurements..”. In these cases, the authors should explain how they
divided the dataset into training, test and validation and how they estimate these variables in the linear
relationships. Furthermore the stability of these variables should be addressed. For equations (5) and (6)
how is chosen the reference image?

Minor comments - In the title, they mention “Multi-scale” but it is not clear how and where the multi-scale
analysis is performed? - At p. 8054-8055, pointl and point 5 are the same procedure?

In the two approaches presented, the authors use a linear relationship where there are some coefficients
to be estimated from the data. This is illustrated at p.8054, equation (2) and at p. 8055 equation (4) (it is
said that b is derived from the data).The same is for equation (11), where it is said that “the slope of this
relationship is estimated from measurements..”. In these cases, the authors should explain how they
divided the dataset into training, test and validation and how they estimate these variables in the linear
relationships. Furthermore the stability of these variables should be addressed.

We thank reviewer for comments. We try to answer the different comments. We introduce changes in
methodology and results section to be clearer. We add details about the use of database in calibration
and validation of the models. We add a new section to estimate soil evaporation using our results of
moisture mapping.

Answer:

- In order to improve our study presentation and to siow its contribution, we do changes on
methodology and results sections. We add details ailt our data base. We add a final section to
estimate soil evaporation using our soil moisture aps.

- Concerning olive trees, the data base is divided awo sets with different time acquisitions;

a first one used for calibration of developed apprach, the second one is used for validation.

- Concerning wheat fields moisture estimation, we dide database on three sets. We add these
details in the text:

We add to section “moisture estimation over wheatélds”:

“The database is divided into three sets: the firsof these contains measurements acquired just
before the vegetation starts to develop: from thersl of December until the end of January, the soils
are bare with no vegetation cover on the wheat fids. This set is used to estimate the backscattering
contribution from bare soil. A second set is usedot estimate the parameters of the radiative
transfer model (A and B). Finally, a third set is sed for model validation.”

For olives trees, we precise also the existence wio parts of database: afirst one for model
calibration and a second one for validation.

- In the title, they mention “Multi-scale” but it is not clear how and where the multi-scale analysis is
performed?

Answer:

In the title, we mention, “multi-scale” to mean tloaurr moisture estimation is realized for oliveshad00
pixel X 100 pixel resolution and for wheat fieldglw5X 5 pixel resolution. We agree with reviewkat
it could be not clear. So, we change the title:

“Soil surface moisture estimation over a semi-aridegion using ENVISAT ASAR radar data for
soil evaporation evaluation”

For equations (5) and (6) how is chosen the reference image?



Answer:
« The reference image is chosen in a very dry dataprresponding to approximately constant soil
moisture for the entire studied site.

At p. 8054-8055, pointl and point 5 are the same procedure?

Answer: It is just an error, we do correction. There is no point 5 in the
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Abstract

The present paper proposes a method for the evaluah of soil evaporation, using soil moisture
estimations based on radar satellite measurementg/e present firstly an approach for the estimation
and monitoring of soil moisture in a semi-arid mygin North Africa, using ENVISAT ASAR images,
over two types of vegetation covers. The first magprocess is dedicated solely to the monitorihg o
moisture variability related to rainfall eventseo\areas in the ‘non-irrigated olive tree’ classamid use.
The developed approach is based on a simple linglationship between soil moisture and the
backscattered radar signal normalised at a refergrmidence angle. The second process is propagad 0
wheat fields, using an analysis of moisture vatigtdue to both rainfall and irrigation. A semi-@irical
model, based on the water-cloud model for vegetatmrrection, is used to retrieve soil moisturarfro
the radar signal. Moisture mapping is carried otgrovheat fields, showing high variability between
irrigated and non-irrigated wheat coveiidis analysis is based on a large databasmcluding both
ENVISAT ASAR and simultaneously acquired groundhrumeasurements (moisture, vegetation,
roughness), during the 2008-2009 vegetation cyslally, a semi-empirical approach is proposed in
order to relate surface moisture to the differencdéetween soil evaporation and the climate demand,

as defined by the potential evaporation. Mapping othe soil evaporation is proposed.

Keywords: soil moisture, radar, inversion, soil geaation, irrigation, rainfall

1 Introduction



Soil moisture is a key parameter, influencing thanmer in which rainwater is shared between the
phenomena of evapotranspiration, infiltration amaoff (Engman, 1991, Beven et al., 1996; Kostexl et
2004). In the case of semi-arid and arid regiohis, parameter is particularly important for irriget
management (Bastiaassen et al., 2000). In ordeptimise and protect water resources, which amnoft
very limited, an accurate estimation of the soWater content is needed, in order to determine the
expected evapotranspiration flux. Considerablertsffare thus devoted to improving the evaluation of
evapotranspiration, and to understanding its wtatiip with the vegetation cover and the soil'sewat
content (Simonneaux et al., 200%pil evaporation estimations are essential in thesegions, which
are generally characterised by a dispersed vegetati cover associated with a strong contribution to
the surface flux, following rainfall events in paricular. Knowledge of the soil evaporation also
allows the volume of water available for vegetationto be estimated. Several theoretical and
experimental studies have already been publishedgdling with the use of surface moisture for the
estimation of evaporation. In the case of the landurface models, for example, the soil surface
moisture is often considered to be the upper boundga condition (Bernard et al., 1986, Saux-Picart

et al., 2009). These models require different paraeterisations, and in particular the hydraulic
conductivity or diffusivity between the surface anddeeper layers. The difficulty in characterizing
these parameters makes such approaches complex tseuunder operational conditions, or in
regions with limited ground-truth measurements. Thesecond type of approach relates the surface
moisture estimation to the difference between soikvaporation and climatic demand. Various
empirical relationships, relating the soil resistage to the surface soil moisture, have been proposed
(Chanzy, 1991, Mahfouf et al., 1991, Chanzy et all993, Simonneaux et al., 2009). Chan=at al.,
(1993) proposed an empirical model linking soil evaporatia to soil moisture and climate demand,
for different types of soil texture.

Concerning soil moisture estimation, over the tasinty years, radar remote sensing has demonsitated

strong potential (Ulaby et al., 1996, Moran et 2000, Le Hégarat-Mascle et al., 2002, Wagner .et al



2007). Using SAR observations, soil moisture careftémated with a high spatial resolution, which is
not the case with other types of remote sensingsurement (Jackson et al., 1996; Baup et al., 2007;
Rahman et al., 2008).

The backscattered radar signal over bare soil giyatlepends on soil moisture and surface roughness
(Zribi et al., 2006; Baghdadi et al., 2007). In tteese of sparse vegetation, the return signal dispeoth

on the vegetation’s backscattering characteristing, on the attenuation it introduces to backscatie
from the soil (Binslish et al., 2001, Le Hégaratddie et al., 2002). For bare soils, various théwakand
empirical approaches have been developed (Funig 4982; Oh et al., 1992; Dubois et al., 1995p¥ri
and Dechambre 2003; Baghdadi et al., 2006, Thon#.,eR008). Among these, the ‘linear approach’
linking surface soil moisture to calibrated andidated SAR (Synthetic Aperture Radar) measurements
(SIRC, ERS, RADARSAT, ASAR, TerraSAR-X ...) is widelysed (Quesney et al. 2000, Zribi et al.
2006, Paris et al. 2010). The backscattered catioib from the vegetation is determined using ptgisi

or empirical models (Ulaby et al., 1986, Magagakt 1997, Wigneron et al., 1999). Because of ilga h
spatial variability of soil moisture in the studieggion, resulting from variable convective phenome
causing the rainfall to be strongly localized inadinareas, and as a consequence of the preseadargie
fraction of irrigated areas, we propose a methagiolo which soil moisture is estimated from SARaad
data.Our approach in this study is based on ASAR/ENVISAdar data, acquired simultaneously with in
situ measurements of surface parameters (moistoughness and vegetation). Two methodologies are
proposed to map soil moisture over non-irrigatadeofjroves and wheat fieldMoisture estimations
over olive groves are based, in particular, on a @nge-detection approach using ASAR/ENVISAT
data, developed for the Sahel (Zribiet al., 2007). The methodology was broken down into sevéra
successive steps: (1) normalisation of radar datatone incidence angle equal to 20°, (2) for each
cell, estimation of the areas with a low vegetatiodensity, (3) elimination of surface roughness by
subtracting the radar data recorded during the dry season from that used for the soil moisture

determination, (4) retrieval of soil moisture, by nverting a linear relationship between the
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processed signals and the soil moisture. Moisturestemations over wheat fields are based on the
Cloud water model (Attema et al., 1978), using parameters estimated empirically fromour
database.

The present paper is organised as follows: Sectidhpresents the data collected from the Kairouan
plain region (Tunisia) under study: the database inluding satellite and ground-truth
measurements is discussed. In section I, the praged methodology for soil moisture retrieval is
described. The derived results, including the validtion of soil moisture estimations and mapping,
are presented in section IV. The evaluation of so#vaporation is discussed in section V. Finally,

our conclusions are provided in Section VI.

2 Site description and ground-truth measurements

2.1  Site description

The Kairouan plain (Leduc et al., 2007) is situatedentral Tunisia (9°30'E-10°15’E, 35°N, 35°45’N)
(Fig. 1). The climate in this region is semi-amdth an average annual rainfall of approximatel 30m

per year, characterised by a rainy season lagstimy ©ctober to May, with the two rainiest monthgige
October and March. As is generally the case in seidiareas, the rainfall patterns in this areahighly
variable in time and space. The mean temperatukairouan City is 19.2 °C (minimum of 10.7 °C in
January and maximum of 28.6 °C in August). The neamual potential evapotranspiration (Penman) is
close to 1600 mm.

The landscape is mainly flat. The vegetation iis tirea is dominated by agriculture (cereals, dlees,
and market gardens). Crops are various and thiitioa is typical of semi-arid region§he aquifer of
the Kairouan plain represents the largest basicentral Tunisia. It is fed by the infiltration ofisace
waters during floods in the natural regime, othattime of dam releases since the constructioheo&idi
Saad and El Haouareb dams. Surface and groundstadé@ams are drained into Sebkha Kelbia, a large

salt lake.
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2.2  Satellite data

2.2.1 Description

In March 2002, the European Space Agency laundie@NVISAT platform, carrying ASAR in its suite
of instruments. Compared with ERS/SAR, this instuatrhas an extended measurement capacity, due to
its multiple operating modes (Rosich, 2002). Intipatar, it has a greatly improved measurement
repetition rate, with less than three days betwegnsuccessive images taken at two different incde
angles, as opposed to a 35-day repeat cycle fo/&R8 In the present study, we chose to use the
narrow observation mode, which generates highnésol data (12.5m x 12.5m pixel spacing).
Acquisitions were made between 2008 and 2010 ree ttifferent incidence angles (18° “IS1”, 23° “1S2
and 27° “IS3”) in co-polarized, alternating HH aN®¥ polarization mode. Details of the SAR image
characteristics are provided in Table 1. A largembar of SPOT/HRV images was acquired
simultaneously with the radar soundings. SPOT/H&¥ multi-spectral optical sensor, with two bamds i
the visible domain, one in the near infrared, and m the medium infrared. These proved patrticularl
useful for the mapping of land use and vegetatiorachics.

2.2.2 Data processing

Radar data:

Absolute calibration of the ASAR images was caroet] to transform the radar signals (digitizedues)
into a backscattering coefficierd?). All images were geo-referenced using a georeefeed SPOT/HRV
image, resulting in an RMS control point error bbat 10 m. The registration error of the ASAR immage
was taken into account in selecting Areas Of Irstief&O1) within each test field.

- SPOT data:

The SPOT/HRV images were firstly geo-referencedi®aetric and atmospheric corrections were then
applied in order to estimate the reflectance of ¥lkgetation canopy. Finally, for each image, the

Normalized Difference Vegetation Index (NDVI) wastimated. This index, given by the ratio between
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the difference between the visible and near-inttarkannels, and the sum of these two channels, is
related to the green vegetation photosynthetiwi#gi{iRouse et al., 1973).

2.3 Ground truth measurements

Ground-truth measurements were carried out ovérdifit test fields, simultaneously to differentedigte
acquisitions. Ten test fields were selected fos¢hmeasurements, to represent different typesdfuae:
wheat fields (P4 (2ha), P6 (1.5ha), P7 (6ha), P@&)and Pst2 (2ha)), non-irrigated olive grovesh(®4
(6ha), P10 (2h), P12 (6ha)), and bare soils (Pshé)). The studied site is characterised by thaced
size of most fields.

2.3.1 Surface moisture

Moisture measurements were taken simultaneouslyté satellite acquisitions. The in situ colleotaf

soil was extremely important in this experiment,itasas needed to validate the soil moisture relie
algorithm. For each field, we made approximatelgrity measurementdijstributed over each field at

the time of each satellite acquisitiohhe distance between two successive measurementmisiwas
approximately 20m. These were made using a handheld Thetaprobe, andelays of gravimetric
measurements at depths between 0 and 5 cm. Thietapreasurements are calibrated with gravimetric
measurements. Table 2 illustrates moisture valuesfeld tests during different ground campaigns.
2.3.2 Soil roughness

Roughness measurements were made using a pirepi@dtal length of 1 m, and resolution of 2 crm). |
order to guarantee suitable precision in the roaghncomputations, approximately 10 profiles were
recorded for each field. As the surface heightifga$ considered to be ergodic and stationary cam
compute the correlation function for each profdeilfi et al., 1997), and derive two statistical graeters:
the rms height (vertical scale of roughness), &edcbrrelation length (l) which represents the zwnrtal
scale over which similar roughness conditions ateaed. The rms height values are approximately
equal to 0.7 cm for wheat fields, and are genegdater than 1.5 cm for olive groves illustrated in

Table 3.
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2.3.3 Vegetation covers

In order to characterise the vegetation coverscavresidered three types of measurement. For the non-
irrigated olive groves, we measured the distaneésden trees and the size of the trees in a largdar

of test fields. Distance between olive trees ismbroximately 20m, and the mean projected surfeea a
of an adult olive tree, is approximately 16 (fig. 2).

In the case of wheat fields, we implemented tw@$ypf measurement:

- Leaf Area Index data

The Leaf Area IndexLAl) is defined as the totahe-sided area of leaf tissue per unit ground sarfa
area.According to this definition, th& Al is a dimensionless quantitharacterizing the canopy of an
ecosystem. During the 2008/2009 agricultural seaswn LAl was derived from hemispherical digital
photography based on analysis of the canopy gagidra(Duchemin et al., 2008). These measurements
were applied to each wheat field, on different ddysng the vegetation season. Irrigated wheatdialre
generally characterised by a higher LAI than noigéited wheat fields. Before the end of March, the
highest observed LAI was approximately 2. At thel e April we observed the highest vegetation
density, with its maximum generally lying in theédrval (4-6). Table 4 illustrates measurement \&lue
over wheat test fields.

- Vegetation water content (VWC) data

The VWC was measured several times in five fielaisnd) the 2009 vegetation cycl&gble 4). For each
field, measurements were made at three locaticach) baving a 1fsurface area. The above ground
biomass was removed, and wet and dry weights weed to compute the VWC. A mean value was
computed from the three measurements.

- Land use

Land use validation was carried out in March 200@&h different fields being selected from the sedli

region (more than 150 fields) with two parts, atfione for the identification of empirical NDVI lits
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between different types of vegetation classes,aaselcond one for the validation of our approadartd

use classification.

Land use mapping is based on a decision tree, ubneg types of satellite data: four SPOT images,
SRTM data and finally two radar images. We esthbliseight classes of land use: non-irrigated olive
trees, irrigated olive trees, irrigated winter viadpdes, irrigated summer vegetables, bare soilsarur
areas, mountainous areas, water cover and aremastal salt flats “sebkhas”. In the case of vdigeta

as previously mentioned, we considered two class®s,for winter and the other for summer. We used
empirical NDVI thresholds with the images acquigdthe end of December 2008 (NDVI > 0.4) and
during July 2009 (NDVI>0.3). In fact, during thesgo periods, only irrigated vegetables presented a
high NDVI. For the wheat classes (irrigated or moigated), we made our analysis on two different
dates, the first at the beginning of the cycle Dacember 2008), and the second at the end of the
vegetation development period (April 2009). Thdidition between irrigated and non-irrigated whieat
based on a NDVI threshold equal to 0.5, since rhgated class has a higher NDVI. Irrigated and-non
irrigated olive trees are separated using a K-naggmoach, based on a single optical SPOT image. The

DTM provided by the Shuttle Radar Topography MiesiSRTM, http://srtm.usgs.goy/allowed certain

zones to be eliminated from our land use analyis. excluded mountainous areas with an altitude
greater than 300m. We also identified water cover @rban classes. Validation of these remotelyeskns
classifications, based on ground verification overe than 100 fields with different types of largks,
reveals an accuracy of around 94%. Fig. 3 illusgrdhe results of our land use mapping for the 2008
2009 season. The non-irrigated olive tree clasersov3% of the studied site, and the wheat class

corresponds to 12% of the surface area of theedigite.
3 Methodology of soil moisture estimation

Our approach to soil moisture estimation and mapmsncarried out on two types of land use: Non-
irrigated olive groves and wheat fields, which esant the two most important land use classes.

3.1  Soil moisture estimation over non- irrigated live groves
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- Introduction

For the purposes of surface soil moisture estimatiwe used the 1S1, 1S2, IS3 configurations,
corresponding to low incidence angles of less tB@h The aim of this approach was to limit the
influence of vegetation and soil roughness, therebreasing the accuracy of the moisture estimation
The signal received from the non-irrigated olivevg@s can be written as the incoherent sum of two
contributions (bare soil and vegetation cover), ghtgd by their respective percentages of terrain
coverage. Using the estimated distance betweea tkes of approximately 20m, and the mean prajecte
surface area of an adult olive tree, i.e. approséfyal6 nf, we derive for different incidence angles
lower than 30 degrees a value between 4% and 10%eifgetation fraction. We propose to use the
approach proposed by Zribi et al., 2007, detaitedhtroduction, and applied over disperse vegatatio
cove. The radar signal could be modelled with ednrelationship between radar signal and moisase,
0Qa1 = a(veg)x Mv + g(Roughnesseg) (1)

Whereq is related to vegetation fraction and to the atédion due to the olive tree characteristics.

g is a function of soil roughness and vegetatioreceffects on radar signal.

Mv is volumetric soil moisture.

The inversion process is based on three succesteps:

- Normalisation of the radar signals to an inciderangle of 20°

Normalisation of the ASAR data is based on therprtation of radar signal data, for different ahemce
angles, recorded over large olive tree AOIs. Tlaasas are selected to be in the olive tree classpaly
those radar images recorded on very dry datesam@dered, in order to eliminate noise contribuigd
soil moisture effects. The angular dependence afkdmattering coefficient is modelled with a

mathematical function (Baghdadi et al., 2001) wnitas:
o0 = a(cos(H))b (2)

We retrieve b respectively equal to 5.5 and 6.3Hdrand VV polarisation.

- Roughness and vegetation effect reduction
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In order to limit roughness and vegetation effeats,consider a change-detection appro@@hagner et

al., 1999, Moranet al, 2000, Zribi et al., 2007) We computed the difference between each raw data
image and a reference image taken under dry conditat the beginning of the vegetation season
(21/12/2008), with a moisture content of approxiehat5% over the studied siteithout spatial
variations.

In the case of the olive groves, we observed verglisvariations during the vegetation cycle, due in
particular to the olive trees being evergreen. Ws tconsider, as an initial hypothesis, that trgeteation

has an approximately constant effect on the radaak

If we now consider a reference image, with a roegsfR; and moisture conteMv; and a data image

with a roughnesR and moisture conteiy,

Ao =a(Mv-My)+g(veg R)- g(veg Ry) (3)
As for surface roughness, the olive groves genehale a tillage corresponding to ploughed soihvaih

rms height of around 1.5-3 cm, as shown in grourehsurements. Only small variations could be
observed after rainfall events. However, the s®iplloughed at different times during the year, Whic
induces low variations on rms heights. For suchghmess levels the backscattered radar signals are
nearly saturated (Fung, 1994, Zribi et al., 1991Me subtraction of a reference image is therefore
sufficient to considerably reduce the influenceaighness in the observed pixels, even for casesewvh

there are small differences in roughness betweentwlo images. We can thus simplify the above

expression to:

Acl  =a(Mv-My)+e (4)

total ~—
- Relationship between moisture and processed ragguals
Fig. 4 illustrates the linear relationship foundvieena part of ground surface moisture measurements
and radar signals over different test fields. Eaaimt corresponds to a set of two measurementsigro

truth measurement, radar signal) recorded for wffe test fields. A strong correlation can be seen
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between the two types of data, for HH and VV psktibns, with a correlation coefficient Rqual to
0.67 and 0.53 respectively. The measured moistureents range between 5% and 22%.

3.2  Moisture estimation over wheat fields

- Introduction

Following an estimation of soil moisture relatedpiecipitation effects, carried out over non-irtigh
olive groves, we propose a second methodology owezat fields. Because of limited fields scale
(generally lower than 2ha), and high spatial valiigbof moisture between irrigated and non-irrigdt
wheat fields, we need to realize moisture estimatichigher spatial resolution.

In this case, the inversion algorithm is basedvamgteps:

- Vegetation correction

In order to estimate the soil moisture over fietdsvered by vegetation, we first need to elimindte t
vegetation’s influence on the backscattered radgmat We propose to use the water-cloud model
developed by Attema and Ulaby (1978). For an inoige angle®, the backscatter coefficient is

represented in the water cloud model by the exjmmess

o__0 0 2.0
0" = Ocanopy™ 9canopy-soil T 7 Tsoil (5)

2 is the two-way vegetation transmissivity. The tfiterm represents scattering due to the

where 1
vegetation; the second term is linked to multiglatering effects, and the third term represergsstil
scattering attenuated by the vegetation cover. Sdwnd term can be neglected in the case of wheat

scattering (Ulaby et al., 198@xpression (5)can thus be simplified to:

o= Uganopy+ Tza(s)oil (6)
with 72 = exp2 B.VWC. sedd) (7
and aganopy: A.VWC cost Ql— r2) 8)

whereVWCis the vegetation water content (kg/m2).
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A and B are parameters which depend on the typmobpy. This formulation represents a first-order
solution for the radiative transfer equation thhioug weak medium, where multiple scattering is
neglected.

The database is divided into three sets: the firsbf these contains measurements acquired just
before the vegetation starts to develop: from thersl of December until the end of January, the soils
are bare with no vegetation cover on the wheat fids. This set is used to estimate the backscattering
contribution from bare soil. A second set is usedot estimate the parameters of the radiative
transfer model (A and B). Finally, a third set is sed for model validation.

- Relationship between soil moisture and bare salar signals

For bare soil backscattering, we consider a simg&ionship between moisture and radar signal.

0 3,1(6) = BB)exply:Mv) 9)

Where B is dependent on roughness and incidence angle, apdtorresponds to the slope of the moisture
expressed as a function of the logarithm (dB) of #nprocessed radar signal.

The slopey is estimatedising the first of the aforementioned database sets

After sowing, the farmers do not till the soil agabefore harvesting. Our roughness ground
measurements indicated the presence of smoothveitiiisan rms height approximately between 0.6 and
0.8 cm. It is reasonable to assume that for someatvhields roughness could have a small decrease
throughout our period of inversion. IEM simulatiorshow approximately a 2dB decrease of
backscattering coefficient, at low incidence angfes surfaces with a rms height going from 0.8 fwm
0.6 cm (Zribi et al., 2002). Our hypothesis of astant meafd value for all wheat fields during period of
inversion could then introduce a supplementary marn error in volumetric moisture estimation of
about 3% due to =1 dB error in roughness effect.

4- Results and discussions of soil moisture estinar

4-1 Moisture estimation over olive trees

- Validation of the proposed algorithm
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Validation of the proposed algorithm is based atomparison betweea second part ofground-truth
(gravimetric, and handheld Thetaprobe) measurenmardsestimations derived from ENVISAT ASAR
data, for data acquired in 2010 and moisture camditranging from dry to wet, over the tested olive
groves (P4bis, P10, P12). The resulting RMSE isak¢qo 3.8% for the HH and 4% for the VV
polarisations, as illustrated in Fig. 5. Fig. Giglirates a good coherence between soil moisturea&ins
with HH and VV radar signals, with an RMSE equak® and bias equal to 1.6% over tested fields. The
accuracy of this outcome demonstrates the robustifabe proposed algorithm, in spite of its siroibji.
Our decision to develop an inversion algorithm,dbive trees only, considerably reduces the infageof
roughness and vegetation on the soil moisture astms. It is thus possible to apply this validateodel

to each ENVISAT ASAR image, to produce soil moistaraps over fields in the non-irrigated olive tree
class.

- Mapping of soil moisture

In order to eliminate the effects of local terraigterogeneities (due to soil texture, vegetati@petision
heterogeneity, discontinuities between fields, @tcjhe processed radar signal, the soil moistuas w
estimated over large cells defined by 100 x 10@Ip&eas (about 1km?). For each resulting cell sthie
moisture estimation is applied only if more tharP®25f the cell’'s pixels belong to olive groves. The
value of the computed moisture can be then coresidier be representative of the whole cell. To \aéd
these estimations, the ground-truth measuremeké&s teithin the same cell are averaged. When the
inversion is applied to the HH and VV radar signale observe similar results for both polarisatidns
order to increase the precision of our estimatiarestook the mean value of the two polarisationthas
final result in the mapping process. In Fig. 7, snoisture maps are shown for three different dates
These maps are directly related to the temporakaatial variability of the precipitation over thisgion.
For example, on date 09/12/2009, dry soil is okegrever the full studied site, with a low moisture
content of around 10%. Indeed, no rainfall was réed during the 15 days preceding the acquisition o

this satellite image. In the case of the imagertake 11/04/2009, strong spatial variability of theface
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moisture can be observed. In fact, a rainfall eaenving from the West occurred during the aftemof

the 11" of April. In the Eastern part of this image, tiél snoisture remained low. The third image in this
figure provides the moisture map produced one dgr,l on the 12 of April, showing generalised
rainfall throughout the studied site, associateith @iglobal increase in soil moisture with a mealu® of
around 25%. Our approach allows the moisture tedienated over approximately 50% of the studied
site. It is presented patrticularly in the SouthtEakere irrigated agriculture is absent. The iegéof the
choice of this class of land use is evident, sit@ecomputed moisture has only a small sensitity
roughness and vegetation, both of which are affebtevery limited changes from one year to another.
This type of algorithm can thus be applied each,y&ih no need for it to be adapted to variatioms
local conditions.

4-2 Moisture estimation over wheat fields

- Validation of moisture estimation

Validation of the proposed algorithm is based omgarisons between ground-truth measurements made
in test wheat fields (P4, P6, P7, P9, Pst2) charaetd by different soil moistures, ranging betwden
and wet conditions and different vegetation develept states, and estimations derived from ENVISAT
ASAR radar signal acquisitions, made in 2009 antD20he results are illustrated in Fig. 8. We obser
more validation points in HH polarisation becaudette use of one ASAR image with just this
configuration.

The resulting rms error is equal to 5.3% and 6.496the respectively HH and VV polarisations.
Although this accuracy could be considered to begadte, in the case of irrigated fields we often
observed a high spatial variation of the soil's shaie content. In addition, our measurements wkes o
carried out within a three hour period before aerathe site was overflown by the satellite. Some
differences could arise due to a high evaporatate, rand in some cases it is possible that ourmngkou

truth measurements were affected by irrigation whtommenced during the satellite measurements.
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Finally, as discussed in the last section, the thgms of a constant roughness effect could ineréaes
rms error.

- Mapping of soil moisture over wheat fields

For the studied site, application of the inversalgorithm requires some information related to the
vegetation’s water content. For this reason, weeltgped an approach based on the interpretation of
SPOT satellite optical measurements, linking VWQA® and then to NDVI index estimations.

Fig. 9 illustrates the relationship between measerds of water content and LAI over different test
fields. We observe a good correlation between e variables, with R equal to 0.61. Therefore,
knowledge of the LAI values can be used to estiniatevegetation’s water contenfWQO), using the
following equation:

VWC = 046LAI —0.004 (10)

For the LAI estimations, we made use of the NDWefation index derived from SPOT images acquired
during the full vegetation cycle. We proposed atrehship between NDVI and LAI estimations for
wheat, based on a large database of ground and /6IRYTsatellite measurements.

This expression is:
_ _ -k LAl
NDVI = NDVI, + (NDVI g NDVI, )xe (11)

with NDVI_=0,75, NDVlj =0,15 andk=-1.24.

For LAI<2, we observe an increase in the LAI wittb¥ indices. For higher values of LAI, the
estimation becomes more complex, with saturatiothefNDVI values resulting in reduced accuracy for
the LAI estimations. In order to make reliable mstiions of the vegetation moisture content, allgwin
accurate vegetation corrections, we ran the ingassonly for the period between January and Mdarh,
which the LAI were still not high (lower than abolib). The expressions for water content estimation

could then be applied with good accuracy. In theecaf dense vegetation cover, it is very difficalt
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retrieve the soil moisture with sufficient precisid his is also an intrinsic limitation of the useC-band
SAR data, since the radar signal is strongly attediby the vegetation.

Our process thus involves, firstly NDVI mappingrfrd’SPOT satellite images, from which the LAI and
then vegetation water content are deduced over twtedds. Finally, after applying corrections fdret
influence of vegetation, we derive the soil moistuAll pixels in the wheat class of land use are
considered to be valid candidates for soil moisagtmations. However, a radar signal from a mimmu
number of neighbouring pixels is required to aveidding speckle noise to the results. We thus
considered 5 x 5 pixel windows (about 0.4 ha) far tomputation of effective radar signals in thesath
class, which were then used to estimate the soistome. Fig. 10 illustrates the resulting soil ntois
maps, computed over wheat fields at different ddtes wet days corresponding to rainfall eventghsu
as that of 16/01/2009, a high soil moisture valae be observed for all wheat fields. For dry datesh

as 07/03/2009, we observe different moisture valireseasing moisture values can be observed over
irrigated fields. On 24/12/2008 date, non-irrigatetieat fields are found to have soil moisture of
approximately 6%. For irrigated wheat fields, tredues are generally higher; even very high moisture
(around 40%) can be observed in some cases. Thabiiéy of these moisture observations is in
complete agreement with the land use classificatiistinguished by two classes, i.e. non-irrigaaed
irrigated wheat. This type of mapping processhtianced by means of high temporal monitoring, could
become a very useful tool for the regional analpdigrigation and water consumption, particulaity
semi-arid areas with limited water resources.

4-3 Final moisture mapping

Fig. 11 provides an illustration of our mapping ¢g@ses in a small area of our studied region, in
07/03/2009, in which moisture map computed for noigated olive groves and wheat fields are
combined. Differences in moisture level can be oplexk between the two classes. The mean moisture
level in the olive groves is approximately equall@, as opposed to 15% for the wheat class fields.

This difference is not due to irrigation alone, lal$o to differences in soil texture. In particuldre
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percentage of sand in the soil of olive grovesighér than in wheat field&???), such that soil moisture

of the former decreases more rapidly after rairdaénts.
5- Soil evaporation evaluation

5.1 Proposed methodology

As discussed in the introduction, the estimation ogoil evaporation is essential in arid and semi-adli
regions. In fact, for agriculture with a low density of vegetation cover, the contribution from soil
evaporation is significant, particularly after rainfall events. An accurate estimation of this term
thus allows a reliable estimation to be made of thetock of water available for use by the
vegetation. In this section, we propose a simple ppach for the estimation of soil evaporation.
(Simonneaux et al., 2009) have proposed an integiag of the soil evaporation into a semi-empirical
FAO evapotranspiration model (Allenet al.,2000), with a soil model represented with three Yeers:
surface layer, root zone layer and a deeper layefhey consider the evaporation to be equal t& TP
if surface layer is saturated. In this paper, we popose a simple approach for relating the soill
evaporation to surface soil moisture (0-5 cm) estiated from radar satellite measurements. The soill

evaporation can be written as:

Es=| VMY | pqp (12)
Mvg — My;

where Es is the soil evaporation, andETP is the potential evaporation, which depends on cliate

demand and can be estimated using the FAO Penman—NMiith equation (Allen et al., 1998).

Mv; is the minimum soil surface moisture, as measuredn the site. This is estimated from
continuous ground thetaprobe measurements, acquiredver a period of two years.

Mvs is the soil saturation moisture. It is also estima&d from continuous and spot ground
measurements, acquired over a period of two years.

The soil evaporation is assumed to be at its maximufor saturated soils, with a value equal to the

ETP. Itis close to zero for very dry surfaces.
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5.2 Application

In this section, we propose to generate a map ofelsoil evaporation, using retrieved soil moisture
maps based on the inversion of ASAR/ENVISAT and ETEata acquired over the studied site.

Fig. 12 illustrates theETP variations during the 2008-2009 season, in whichawobserve a maximum
during the summer season, with values of approximaty 15mm. The soil evaporation is however
very low in this season, as a result of an absencgtrainfall events, with surface soil moisture levis
generally close to 0%. During the rainy season, ahown in Fig. 12, we observe a small number of
rainfall events, followed by an increase in soil msture. Thetaprobe continuous measurements
show a drying process of the soil moisture lastinghany days.

In the case of olive trees, we apply Expression (LB each pixel of the moisture maps, without
taking the vegetation cover fraction into accountln fact, soil evaporation takes place even directly
beneath the olive trees. AmMv; value of 28%is estimated for olive areas.

In the case of wheat fields, the soil evaporatiors irelevant only to the fraction without vegetation
cover. The vegetation fractionFc is estimated using the NDVI index retrieved from 80T
vegetation data. We apply the relationship proposetly (Er-Rakki et al., 2007) over wheat fields in

semi-arid areas. The soil evaporation can then beriiten as:

Es=(1- Fc)(M}ETP (13)
Mvg — My;

Mvs value of 37% is estimated for wheat fields.

Fig. 13 provides an example of soil evaporation mg@mng, on March 7, 2009. Particularly highest
evaporation values can be observed over the oliveelids without vegetation cover. The mean soil
moisture over the olive groves is approximately 12% and the soil evaporation is therefore

approximately equal to 1.2 mm/day.
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4 Conclusion

The objective of this paper was to propose a sinapleroach to evaluate soil evaporation using soll
moisture retrievals from SAR radar measurementsn@ous studies have been published on the topic of
soil moisture estimation over bare soil, or ovardiavith one type of vegetatiofhe present study
describes an approach for the mapping of soil moigte over two types of vegetation coverThe first
of these concerns the ‘non-irrigated olive treedaise class, dependent on rainfall events. Aioelstip
is established between ground-truth measurements backscattered radar signals. The proposed
inversion approach is based on three main steps:
- Normalisation of the ENVISAT ASAR data to oneithence angle;
- Reduction of roughness effects through the suldction of a reference image corresponding
to a dry day;
- Implementation of an empirical relationship, lelivag the soil moisture to be derived from the
processed radar signals.
The validation of this approach has been demomstréd have good accuracy in terms of moisture
estimation. Moisture mapping using this processhigwn for several dates, revealing various temporal
and spatial variations, linked only to rainfall et® This estimation is proposed at a cell resotutif 100
x 100 pixels. The approach developed for fieldshim non-irrigated olive tree class (about 43% afdus
land) allows nearly all areas of the studied redgmie covered, from which a quantitative and @eci
estimation of the spatial variability of soil mais¢ can de derived.
A second type of moisture estimation is proposedr avheat fields. The principal objective of this
estimation is to identify a relationship betweenishoe variability and irrigation in the studiedgren.
The methodology developed for this applicationasdd on two steps:
- Correction for vegetation effects using a simplestforder radiative transfer model. This
correction is based on the relationships estahlisietween vegetation water content and optical

satellite measurements (SPOT/HRYV data).
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- Determination of a linear relationship between gebmoisture measurements and processed bare
soil radar signals.

Good agreement is found between the inversion teeanld the ground-truth measurements, with a mean
rms error of about 5.8%. Moisture mapping over whigdds allows those fields that are irrigateddan
thus characterised by generally higher moistureileslto be clearly identified, particularly duridgy
periods.
Finally, a semi-empirical approach is proposed fothe evaluation and mapping of soil evaporation,
using soil moisture estimations derived from radameasurements, and climate demand defined by
potential evaporation. If this mapping process werassociated with temporal monitoring at a high
repetition rate, it would make it possible to quanify the water stock available for the vegetation in
rain-fed agriculture, characterised by a dominant ron-covered surface, particularly during
frequent periods of drought. In addition to the vegtation transpiration estimation, it would also
allow the wheat fields’ irrigation requirements to be monitored. Using ASAR/ENVISAT data, we
can propose approximately one to two such estimatis per week. With the arrival of new sensors,
the SENTINEL-1 and RADARSAT constellations in particular, it will be possible to propose nearly
daily estimations of soil evaporation which allows high potential of surface moisture assimilation

on land surface models.
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Tables and figures
Table 1: Characteristics of ENVISAT ASAR and SPQifadused in this study.

Table 2: Gravimetric volumetric soil moisture me@snents (%) over test fields

Table 3: Roughness Rms height (cm) measurements

Table 4: Leaf Area Index and vegetation water aunteeasurement

Fig. 1: lllustration of the studied site

Fig. 2: View of a typical non-irrigated olive tréeld

Fig. 3: lllustration of land use conditions duritige 2008-2009 vegetation season

Fig. 4: Processed ENVISAT ASAR signals (in decibelsrsus measured volumetric moisture over olive
tree fields, (a) HH polarization, (b) VV polarizati.

Fig. 5: Soil moisture estimations from ENVISAT ASARta, expressed as a function of the soil moisture
derived from ground-truth measurements, for fieldsthe ‘olive tree’ class of land use, (a) HH
polarisation, (b) VV polarisation

Fig. 6: Inter-comparison between HH and VV radgnal moisture estimations

Fig. 7: lllustration of moisture mapping for an areontaining fields in the ‘olive tree’ class ohthuse,
(a) 11/04/2009, (b) 12/04/2009, (c) 09/12/2009

Fig. 8: Soil moisture estimations from ENVISAT ASARita, versus soil moisture derived from ground
truth measurements, for different test wheat fields

Fig. 9: Vegetation water content as a function @afLArea Index measured over wheat fields.

Fig. 10: Example of moisture mapping over whealdfeon three different dates: (a) 16/01/2009, (b)
20/02/2009, (c) 27/03/2009

Fig. 11: Example of moisture mapping, showing smilisture estimations for fields in the ‘olive tresid
‘wheat’ classes of land use on 07/03/2009

Fig. 12: lllustration of potential evapotransipration, calculated using Pennaman Monteith equation,
during the agricultural season 2008-2009

Fig. 13: Example of soil evaporation mapping over live tree and wheat classes of land use on
07/03/2009.
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