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ABSTRACT

The net radiation flux available at the Earth's surface drives evapotranspiration,
photosynthesis and other physical and biological processes. The only cost-effective way to
capture its spatial and temporal variability at regional and global scales is remote sensing.
However, the accuracy of net radiation derived from remote sensing data has been
evaluated up to now over a limited number of in situ measurements and ecosystems. This
study aims at evaluating estimates and uncertainties on net radiation derived from Landsat-
7 images depending on reliability of the input surface variables albedo, emissivity and
surface temperature. The later includes the reliability of remote sensing information
(spectral reflectances and top of canopy brightness temperature) and shortwave and
longwave incoming radiations.

Primary information describing the surface is derived from remote sensing
observations. Surface albedo is estimated from spectral reflectances using a narrow-to-
broadband conversion method. Land surface temperature is retrieved from top of canopy
brightness temperature by accounting for land surface emissivity and reflection of
atmospheric radiation; and emissivity is estimated using a relationship with a vegetation
index and a spectral database of soil and plant canopy properties in the study area. The net
radiation uncertainty is assessed using comparison with ground measurements over the
Crau-Camargue and lower Rhone valley regions in France. We found Root Mean Square
Errors between retrievals and field measurements of 0.25-0.33 (14-19 %) for albedo, ~1.7
K for surface temperature and ~20 Wm™ (5 %) for net radiation. Results show a substantial
underestimation of Landsat-7 albedo (up to 0.024), particularly for estimates retrieved
using the middle infrared, which could be due to different sources: the calibration of field

sensors, the correction of radiometric signals from Landsat-7 or the differences in spectral
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bands with the sensors for which the models where originally derived, or the atmospheric
corrections. We report a global uncertainty in net radiation of 40-100 Wm™ equally
distributed over the shortwave and longwave radiation, which varies spatially and
temporally depending on the land use and the time of year. /n sifu measurements of
incoming shortwave and longwave radiation contribute the most to uncertainty in net
radiation (10-40 Wm™ and 20-30 Wm, respectively), followed by uncertainties in albedo
(<25 Wm™) and surface temperature (~8 Wm™). For the latter, the main factors were the
uncertainties in top of canopy reflectances (<10 Wm™) and brightness temperature (57
Wm?). The generalization of these results to other sensors and study regions could be
considered, except for the emissivity if prior knowledge on its characterization is not

available.

Keywords: uncertainty analysis, net radiation, surface temperature, albedo, emissivity,

Landsat, regional scale, temporal course

1. Introduction

Accurate characterization of the land surface energy balance is fundamental in
climate studies for understanding the partitioning of energy and water at the Earth surface.
It is also required at finer scales for evapotranspiration monitoring in irrigation
management and water resources planning. Net radiation is the main driver of surface
energy balance and evapotranspiration. It expresses the balance of radiative energy at the
Earth surface and thus the available energy for exchanges of sensible and latent heat fluxes

between the surface and the atmosphere. Net radiation (Rn) depends on several land surface
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parameters and variables, including surface albedo (a), surface emissivity (¢) and surface
temperature (7’s) which are changing in space and time under the influences of the type of
land use, water availability and incoming radiation. At the instantaneous scale, net radiation
can be expressed as:

Rn= (1 - a)Rsy' + & (Ryy' — o Ts?) (1)
where o is the Stefan-Boltzmann constant, Ry the solar irradiance (or incoming shortwave
irradiance), and R, * the atmospheric irradiance (or incoming longwave irradiance).

Remote sensing is the only methodology which makes it possible to assess the spatial
distribution of land surface variables at regional scale in a cost-effective way. The main
sensors which were available in the last decades for assessing energy balance at a relatively
fine spatial resolution (~100 m) and on an operational basis were Thematic Mapper (TM)
and Enhanced Thematic Mapper Plus (ETM+) on board of the Landsat satellites 5 and 7.
As these sensors were in flight for long periods of time (Landsat 5 for almost 29 years and
Landsat 7 for 14 years), they may be used to assess the impact of evolution in land use and
climate on net radiation and surface energy balance. The scientific community has
recognized the potential interest of the follow-up of Landsat missions (see Anderson et al.
(2012)). The development of new satellite systems with improved performances, in
particular in the thermal infrared bands, either in terms of radiometric resolution and
accuracy, spatial resolution and revisiting time are also undergoing, for instance HyspIRI
(Abrams and Hook 2013), MISTIGRI (Lagouarde et al. 2013) or THIRSTY (Crebassol et
al. 2014). In parallel, there is an increased interest in the development of standardized
remote sensing products that facilitate the use of remote sensing data for the various user

communities. This is already well developed for low resolution sensors with products such
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as surface temperature, surface spectral reflectances, albedo, or Leaf Area Index (e.g., for
Moderate-Resolution Imaging Spectroradiometer (MODIS), SPOT-VEGETATION or
PROBA-V sensors). The use of these products has made it possible strong progresses in
global water and carbon cycle studies and monitoring the impact of recent climate
evolutions over land (e.g., Ciais et al. (2005), Tang et al. (2014), Xia et al. (2014)). The
development of similar products for Earth Observation satellites at higher resolution is in
project with the supply of new services for distributing ready-to-use information to the user
community. Evidence of this is a data center dedicated to land surfaces named THEIA
which has started to operate in 2014 in France (Hagolle et al. 2015; WWW1). It is a French
national inter-agency organization designed to foster the use of images coming from the
space observation of land surfaces. Within the Land Data Centre, the French Space Agency
CNES set up a production center named MUSCATE (WWW2) which aims to provide
operational products derived from time series of images acquired by Landsat, SPOT and
Formosat-2 and later by the future satellites Sentinel-2 and Venus (L'Helguen et al. (2014);
Leroy et al. (2014); Hagolle et al. (2015)). Concerning Landsat, the data presently available
consist in Top Of Canopy (TOC) spectral reflectances, together with a cloud mask, and Top
Of Atmosphere (TOA) brightness temperatures. Work is undergoing for the production of
TOC brightness temperature and surface temperature (Rivalland et al. 2014).

The main advantages of using land surface products result from /) the availability of
information that can be used in applications without requiring a strong expertise in the
preprocessing of remote sensing images (e.g., georeferencing, atmospheric corrections and
retrieval of biophysical variables), 2) the standardization of data processing and data quality
management, 3) the improvement in data documentation and metadata, and 4) the

community use of the data which enhances feedback on their quality and use. It is
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important that the definition of land surface products takes into account the user needs in
order to provide higher level of requirement definition and feedbacks.

The accuracy of surface net radiation information derived from remote sensing data
has been evaluated, in particular in the frame of evapotranspiration estimation and
mapping. Root Mean Square Errors (RMSE) between remote sensing retrievals and field
data were found typically in a 20 to 80 Wm™ range (e.g., Jacob et al. (2002a); Tang et al.
(2011); Merlin et al. (2014); Wang et al. (2014)). However, these analyses compared
remote estimates to a limited number of in sitfu measurements over specific ecosystems.
Few studies have dealt with the impact of uncertainties in the derivation of the surface
variables required to map surface net radiation products and associated uncertainties (e.g.,
Bhattacharya et al. (2010); Tang et al. (2011); Cheng et al. (2013); Mattar et al. (2014)).
The performance of the algorithms used to estimate variables in order to derive net
radiation, such as albedo, surface temperature and emissivity needs to be evaluated.

The objective of this study is to assess the uncertainties in surface net radiation
estimates due to uncertainties in the derivation of surface albedo, surface emissivity and
surface temperature from pre-operational remote sensing products, as well as uncertainties
in atmospheric information and incoming radiations. We focused on the derivation of
albedo, emissivity and surface temperature from Landsat-7 products provided by the
THEIA Land Data Centre. The analysis was performed over the lower Rhéne Valley
region, South Eastern France, where a dense network of ground stations measuring surface
energy balance components and meteorological variables was set up on various surfaces for
several years. The methodology and data are presented in Section 2. Results are presented

in Section 3 and discussed in Section 4, respectively.
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2. Materials and methods

2.1. Background and definitions

Surface albedo is a dimensionless characteristic of the soil-plant canopy system

which represents the fraction of solar energy reflected by the surface. It is expressed as the
ratio of the radiant energy scattered upward by a surface in all directions, compared to that
received from all directions, integrated over the wavelengths of the solar spectrum (Pinty
and Verstraete 1992). Sellers et al. (1995) suggested that an absolute accuracy of 0.02 is
required for climate modeling. The latter corresponds to a typical accuracy on monthly
averaged reflected solar irradiance at the satellite overpass of 10 Wm™. It is expected that
the estimation of albedo from multispectral remote sensing can reach these requirements.
When considering instantaneous flux, a simple calculation shows that an absolute accuracy
of 0.02 (roughly equivalent to 10 % error in albedo for agricultural landscape) corresponds
to a relative accuracy on net radiation of around 5 %. As shown in Jacob et al. (2002a) in
the context of mapping evapotranspiration, this accuracy may result in an absolute error of
20 Wm™ in net radiation (RMSE established over 16 days with remote sensing acquisition
over 6 months and 3 to 5 ground measurements of net radiation).

The most classical approach to derive albedo from multispectral remote sensing is the
Narrow-To-Broadband (NTB) conversion method (e.g., Brest and Goward (1987); Ranson
et al. (1991); Weiss et al. (1999); Liang (2000); Jacob et al. (2002b); Jacob et al. (2002c)).
This method considers that it is possible to integrate the surface reflectance obtained in the
spectral bands provided by visible — near infrared — middle infrared sensors through a linear

combination to represent the whole solar domain.
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Surface emissivity is defined as the ratio between the emission of the Earth surface

and the emission of a black body at the same thermodynamic (or kinetic) temperature
(Norman and Becker 1995). When considering the calculation of net radiation, the
knowledge of emissivity over the whole spectral range of thermal radiation is required to
compute emission of radiation from the surface (surface temperature term). In Eq. (1), the
emissivity is also required for computing the absorption of atmospheric radiation. The
equivalence between the coefficient of absorption and the emissivity considers that the
Kirchhoff’s law of thermal radiation applies, which supposes that the land surface is
isothermal. The accuracy of emissivity is directly transmitted into the accuracy of the
emission term in the net radiation equation, but this impact is partially cancelled out by the
absorption term. An uncertainty of 0.1 in surface emissivity roughly corresponds to an
uncertainty of 15 to 20 Wm™ in net radiation (Ogawa and Schmugge 2004), which is in the
same order as the uncertainty due to albedo presented above.

The derivation of surface emissivity from remote sensing is not straightforward. One
possibility would be to map surface spectral emissivity from thermal infrared multispectral
spectral sensors such as ASTER using for instance the Temperature and Emissivity
Separation (TES) algorithm proposed by Gillespie et al. (1998), and then to convert the
spectral values in a broadband emissivity using a NTB conversion method in a similar way
to what is done to derive albedo. Ogawa and Schmugge (2004), confirmed by Cheng et al.
(2013), showed that the best integration windows for representing surface emissivity for net
radiation calculation would be the 8.0-13.5 pm spectral range. Since TM and ETM+ have
only one thermal infrared band, it is not possible to obtain emissivity directly using
methods such as the TES algorithm. An alternative method consists in using relationships

with vegetation indices or reflectance measurements in the solar domain (Van de Griend
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and Owe (1993); Olioso (1995b); Valor and Caselles (1996); Wittich (1997); Sobrino et al.
(2001); Olioso et al. (2007); Caselles et al. (2012)). These methods were originally
designed for deriving the spectral emissivity required for estimating surface temperature
from thermal measurements (see next paragraph), so that they would have to be recalibrated

when dealing with the surface emissivity used in net radiation calculation.

Land surface temperature is closely related to the surface energy balance and to the
water status of the surface. It mainly depends on the amount of radiative energy absorbed
by the surface, on the partitioning of heat in sensible and latent heat flux, and on the
characteristics of the atmosphere close to the ground (in particular air temperature and
turbulence). Surface temperature can be derived from thermal infrared measurements. For
energy balance studies an accuracy better than 1 K is required for achieving an overall
accuracy on instantaneous heat flux better than 50 Wm™ (Norman et al. 1995; Seguin et al.
1999). However this requirement is mainly driven by the estimation of heat fluxes rather
than net radiation. As a matter of fact an error of 1 K in surface temperature would result in
an error around 6 Wm™ for net radiation. From TM and ETM+ sensors, the possibility to
reach this level of accuracy requires the knowledge of the emissivity of the surface in the
spectral band of the sensor (which is different from the large band emissivity required in
Eq.(1)). Olioso (1995a) showed that for a spectral emissivity of 0.94 in the TM band, errors
up to 4 K or more, depending on the atmospheric conditions, would be obtained when not
accounting for emissivity effect. Mira et al. (2007) observed that an emissivity variation of
+0.06 causes an error of +2.2 K in the surface temperature determination (at 11 pm and for
a temperature of 300 K). As for large band emissivity above, spectral emissivity can be
estimated in the TM and ETM+ thermal bands from vegetation indices or reflectances

measurements. These methods provide a practical way to estimate spectral emissivity of
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natural surfaces with typical errors around 1 % to 2 %. The most classical approach which
relates emissivity to the Normalized Difference Vegetation Index (NDVI) was first
established experimentally by Van de Griend and Owe (1993). Olioso (1995b) and Olioso
et al. (2007) used experimental data and radiative transfer modeling in vegetation canopy to
explore the variability of the relationship between vegetation index and spectral emissivity.
They showed that leaf optical properties and soil surface emissivity were the two main

sources of uncertainty.

2.2. The experimental area

The study region is located in the lower Rhone Valley, South Eastern France,
including the Avignon area (43.92° N; 4.88° E; 32 m above sea level) and the Crau-
Camargue area (50 km around 43.56° N; 4.86° E; 0 to 60 m above sea level). It is mainly a
flat area with very gentle slope (less than 0.5 %) which presents a wide variety of surfaces
including dry and irrigated grasslands, wetlands and various crops (Fig. 1). Climate is
Mediterranean, with irregular precipitations (annual cumulative precipitation range between
350 mm and 1100 mm with an average of 550 mm), long dry periods in spring and
summer, and strong winds.

[Insert Fig. 1 about here]

The area is covered by a single Landsat-7 ETM+ image. A network of ground
stations was deployed over different types of ecosystems representative of the main land
use in the area (Fig. 1) to monitor surface energy balance and meteorological variables.
Four stations were considered in this study. In order to avoid topography effects related to

the hills present in the images, pixels with an elevation higher than 100 m were masked.
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2.3. Mapping land surface variables from Landsat-7 ETM+ data

2.3.1. Landsat data

The ETM+ (on board of Landsat-7) acquires data following a Sun synchronous orbit
with a revisit interval of 16 days since 1999. Since May 2003, only the central part of the
scene is easily workable, with approximately 44 km swath available (Chander et al. 2009).
ETM+ measures radiances in 7 spectral bands covering the solar and the thermal domains.
Instantaneous fields of view of the sensor correspond to a spatial resolution at the ground of
30 m for bands 1 to 4 (visible to near infrared), 5 and 7 (middle infrared) and 60 m for band
6 (thermal infrared band).

Landsat data used in this study were provided as ready-to-use products by the
production center named MUSCATE set up by CNES within THEIA (Hagolle et al. 2015;
L'Helguen et al. 2014; WWW1). They consist in TOC spectral reflectances and TOA
brightness temperatures. We also produced TOC brightness temperature as a prototyping
phase of future products (Rivalland et al. 2014). The original data were downloaded from
USGS (US Geological Survey) and then processed by MUSCATE. Images were corrected
for geolocation, radiometric calibration and atmospheric effects according to the methods
described by Baillarin et al. (2008) and Hagolle et al. (2008, 2010, 2015). Radiometric
calibration was performed using the calibration coefficients provided by USGS (Chander et
al. 2009). The calibration uncertainties of at-sensor spectral radiances are 5 % (Chander et
al. 2009).

Atmospheric corrections in the solar domain, as well as the creation of masks for
clouds, cloud’s shadows, water bodies and snow surfaces were performed using the Multi-

sensor Atmospheric Correction and Cloud Screening (MACCS) (Hagolle et al. 2015)
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spectro-temporal processor used within the French THEIA Land Data Centre. The
procedure to create masks combined the detection of a sudden increase of reflectance in the
blue wavelength on a pixel by pixel basis, several spectral tests to check that the clouds are
white in the visible, and a test of the linear correlation of pixel neighborhoods taken from
couples of images acquired successively (Hagolle et al. 2010). The procedure was tuned to
identify even thin clouds. It had a low amount of false detections even when the gap
between two clear images increases to one or two months. The shadow detection also used
a multi-temporal approach and classified as "potential shadows" the pixels for which a
darkening of the surface in the red band was observed. The potential shadows were finally
classified as shadows when a cloud was geometrically matched to the shadow. The
atmospheric corrections in the solar domain were based on the inversion of an atmospheric
radiative transfer model by exploiting the differential behavior of TOA reflectances in time
and space depending on the variations in aerosol content of the atmosphere and the
variations of surface properties. Hagolle et al. (2008), both with simulated and experimental
data (Formosat-2 images), showed that the method worked well, in particular when the
aerosol optical thickness varied significantly with time. This was particularly true over our
area where aerosol optical thickness and surface reflectances were retrieved with a good
accuracy. The adaptation of the method, originally designed for sensors with a revisit of
only few days (as Formosat-2 or VENuS in the future), to ETM+ did not degrade the
accuracy of the atmospheric correction significantly (Hagolle et al. (2012, 2015)). The
inversion procedure and the atmospheric corrections were set accounting for the absorption
by atmospheric molecules considering average values of ozone, oxygen and water vapor
concentrations (Hagolle et al. 2008). A constant value of 3 cm was considered for the

atmospheric precipitable water (). Nevertheless, this estimate will improve with the use of
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meteorological data within the processing chain, expected for the new operational version
next year.

TOC brightness temperatures (7b) were produced from the TOA brightness
temperatures after removing the atmospheric effect using the atmospheric radiative transfer
model MODTRAN® (Berk et al. 2003). Atmospheric profiles of pressure, temperature and
humidity required for running MODTRAN® were obtained from in situ radiosoundings
launched at 12:00 UTC at Nimes airport by Météo-France, located 30 km west of the study
area. Radiosonde data were downloaded from (WWW3). TOC brightness temperatures
were obtained by considering land surface emissivity equals to 1. Conversely to land
surface temperature, TOC brightness temperature is not depending on any assumption on
the definition of land surface emissivity. Thus, it can be used in a variety of applications
including the assimilation in land surface models that generate thermal signals from
coupled energy balance - radiative transfer parameterization (Olioso et al., 1999) or the
evaluation of thermal infrared emission models such as the SCOPE model (Van der Tol et
al., 2009; Duffour et al., 2015). In the present study, it was used to derive land surface
temperature assuming specific estimations of land surface emissivity (see below).

In the present study, 27 Landsat-7 ETM+ images acquired at about 10:15 UTC
between 2007 and 2010 were used (i.e., around 7 images per year). The center of the
images was targeted at nadir, while the viewing angle increases by about 7 or 8 degrees at
the extreme of the workable part of the images. Solar zenith angle varied throughout the

experimental period from 27° to 69°, depending on time of year.
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2.3.2. Albedo estimation

We estimated albedo (a) from spectral reflectances (p;) using the NTB conversion

method:
a=p,+) B 2)
j=l

where subscript j refers to the spectral band number and 7 to the number of bands, f; is the
weighting coefficients, and f is the offset. We considered thirteen coefficient sets from the
literature that can be applied to ETM+ spectral bands. They were labeled as m/-m13 and
are summarized in Table 1. They were originally obtained by calibrating the linear
combination model using either experimental data (m/ to m7), dataset simulated using
radiative transfer models (m8, m9, mll to mli3), or theoretical consideration on the
representativity of each spectral band (m/0) — see associated references in Table 1.
Coefficient sets m/ and m4 to m7 were obtained after calibration over datasets acquired in
the same area as our study. Coefficient sets m2, m3, m8 and m10 were derived for TM or
ETM+ sensors and included bands in the middle infrared. Other coefficient sets were
derived for other sensors including Formosat-2, Airborne Polder, MISR, AVHRR, SEVIRI
and MERIS. Formosat-2 had spectral bands very similar to ETM+, but not including
middle infrared bands 5 and 7. Spectral bands for the other sensors may be significantly
different from Landsat bands. Differences also occurred related to the geometry of spectral
reflectance used when calibrating the linear model: hemispherical reflectances (m7 to m9,
mll to ml3), bi-directional reflectances at nadir (m2 to m6, m10) and off nadir (~40°) bi-
directional reflectances (m/). Work by Jacob and Olioso (2002) showed that using nadir

reflectances (m4 to m6) instead of hemispherical reflectances (m7) to derive the linear
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model coefficients had an impact on the accuracy in albedo retrieval (~25 % increase in
albedo calibration RMSE), while the model analysis performed by Bsaibes et al. (2009)
showed that the zenith viewing angle was not affecting the derivation of the f; coefficients.

[Insert Table 1 about here]

2.3.3. Surface temperature estimation

Land surface temperature (7's) was computed from TOC brightness temperature (75)
by accounting for land surface emissivity and reflection of atmospheric radiation according

to the equation proposed by Olioso (1995a):

(1-e3,-2,) (1-£2,-2,) )
Ts —Thby _; =—=2"2Th, _, — — R 3
A1=4, 41—, A1=4, 41,2y fa1-25(Tha -2,)0Tby —3,°  “WAi-2; (3)

where subscript 1,—4, refers to the spectral band of the thermal infrared sensor. The first
term is an ‘emissivity term’ which increases with the reflectivity of the surface (/-¢;;-52)
and with the temperature. The second term is an ‘atmospheric radiation term’ which also
increases with the surface reflectivity, but decreases with the temperature, and is
proportional to the atmospheric radiation. Factor f;;.,,(7) corresponds to the fraction of
energy emitted in the considered spectral domain by a black body at temperature 7 relative
to the emitted energy over the full spectrum. When considering ETM+ band 6, the
following formulation is given by Idso (1981) (originally from Harrison (1960)):

fi04-125 um(T) = —0.2338 + 0.2288 - 1072 T — 0.3617 - 107°T? 4)
J10.4-12.5 um(T) varies between 0.12 and 0.13 for temperatures between -10 °C and +45 °C. In
the 10.4-12.5 um range, the incoming atmospheric radiation (RLWl 10.4-12.5 um) Was expressed
as a function of air temperature and a spectral atmospheric emissivity (&, 70.4-12.5 um) as

given by Idso (1981):

15



343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

l 4
RLW10.4_12.5 um — €a104-125pum " fro4-125 um(Ta) 0Ty (5)

Based on measurements in clear sky conditions, Idso (1981) expressed &, 10.4-125 um @s @
function of air temperature 7, (K) and air water vapor pressure e, (mbar) at surface level.
Actually, emissivities used by Idso (1981) were derived from brightness sky temperature
measurements made with an infrared thermometer facing the zenith (7,.,0) and receiving

radiation from approximately two degree viewing angle, assuming that:

! 4
Riwloa—12s pm fi0.4-125 um(Tatm,O) 0 Tatmo (6)
However, the effective brightness temperature of the whole sky hemisphere cannot be
characterized by a single temperature at zenith (Rubio et al. 1997), and a corrective factor

(y10.4-12.5 um) should be included in Eq. (6) such as:

.
RLW10.4_12.5 um =Y10.4-125 um f10.4—12.5 ,um(Tatm,O) *0- Tatm,O4 (7)
Hence, the spectral atmospheric emissivity in the 10.4-12.5 pm range derived by Idso

(1981) should be reformulated as:

2450

€3410.4-125 um = Y104-125um * 291+ 107% - e, - exp (T_a) 3

Garcia-Santos et al. (2013), exploring a large range of environmental conditions, provided
the basis for expressing 994125 4m as a linear function of W. We assumed that y;9.4 725 um
can be approximated as the average of similar y factors calculated by Garcia-Santos et al.
(2013) in the two spectral bands 10.2—11.3 um and 11.5-12.4 um :

Y10.4-125um = 1.67 - 0.09W )
In our study, W was obtained from the local-radiosonding profiles made at Nimes airport.
W ranged from 0.29 to 3.21 cm, causing y;95-725 um values ranging from 1.38 (for the

wettest atmosphere) to 1.64 (for the driest). These coefficients imply to increase
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significantly the original values of atmospheric emissivity from Idso (1981) study (which

ranged from 0.1 (dryer cases) to 0.6 (wetter cases)).

2.3.4. Emissivity estimation

Land surface emissivities were required to convert TOC brightness temperature to
land surface temperature and for the computation of net radiation: respectively spectral
emissivity in the ETM+ band 6 (10.4 — 12.5 um) and emissivity in the 8.0 — 13.5 pm range.
Wittich (1997) proposed a simple analysis that made it possible to derive emissivity using a
simple and generic formula from the NDVT:

(10)

NDVI-NDVI, )k
NDVIs—NDVI,

-2, = Eon-2, T (Soo M-y — Es )11—12) (
The subscript s stands for bare soil conditions and the subscript oo for full vegetation
canopy cover. NDVI is defined from near infrared (NIR) and red reflectances (band 4 and 3

on ETM+, respectively) as:

NDV| = ZNIRZPRed (11)

PNIRtPRed

Eq. (10) can be applied to any study site as long as its coefficients (k, €y, -3,> €01,-y»
NDVIs and NDVI,,) can be derived from information on soil and plant canopy properties in
the area of interest. Coefficient £ mainly depends on the mean leaf inclination angle and the
viewing angle. Simulation studies by Anton and Ross (1990), Olioso (1995b) and Francois
et al. (1997) shown that k varies between 1 and 3.

Field measurements of emissivity were not performed in our area during the studied
period, so that we derived &5, -3, and &,,,_;, from data acquired over the same area
during previous experiments, as well as data obtained over dense canopies of similar

vegetation types in other sites. All these data are presented in Table 2. For bare soil we also
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considered laboratory measurements of reflectance spectra in the 0.4-14.0 um domain at
various soil moisture levels. They were performed by Lesaignoux et al. (2013) over
samples collected over our experimental area in 2007 and 2008 (see Table 3). Band
emissivities &, _;, were calculated considering the convolution of the reflectance spectra to

the considered bands:

A ’
sz 5,.(1=py) By(T) dr
o 7
o $,BA(T) dh

(12)

-y =

where B;(T) is the Planck’s function at temperature 7" (approximated as 300 K), p; is the
soil spectral reflectance (which is used to compute the spectral emissivity as g,=I1—p;,
according to Kirchhoff’s law) and §;’ is the normalized spectral response function of band
A1—2,. Similarly, NDVI; was derived from early mentioned spectral signatures of the 21 bare
soils measured by Lesaignoux et al. (2013) and compared with values from our ETM+
images. NDVI,, was approximated to 0.90 in agreement with maximum values from the
images.
[Insert Table 2 about here]

[Insert Table 3 about here]

2.3.5. Net radiation estimation

Net radiation maps were computed using Eq. (1) using maps of albedo, land surface
temperature and emissivity derived from Landsat radiances. Incoming radiations were
obtained from the INRA meteorological station network over the area combined to the four
energy balance stations used in this study (see below). Incoming irradiances Ry and Ry
and air vapor pressure and temperature e, and 7, (required for calculating the incoming

atmospheric radiation in the 10.4—12.5 um range, R.p* 104125 «m) Were spatially interpolated
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by inverse distance weighting. Spatial variations were not remarkable for air temperature
and vapor pressure (maximum differences of 4 hPa for e,, 1.7 K for 7},). For incident
radiations, spatial variations were usually low, but reached higher values for very few dates

(maximum differences of 76 Wm™ for RSWl, 28 Wm for RLWl).

2.4. Ground based measurements for net radiation, albedo and surface temperature

assessments

Ground measurements were performed at four experimental sites (see Fig. 1) located
in lower Rhone region (4vignon site) and la Crau-Camargue region (Coussouls, Domaine
du Merle and Tour du Valat sites) in France:

(1) The Avignon site consisted in a 2 ha field located in a semi-urban area. A
succession of arable crops was cultivated from 2007 to 2010: sorghum, wheat, corn,
sorghum and wheat. A full description of the site and data is given by Garrigues et al.
(2014).

(2) The Coussouls site corresponded to a large and flat stony area of more than
7400 ha at the center of the Crau area. It was covered by a specific dry grass ecosystem
(locally named ‘coussouls’). In spring, the ‘grass’ was grazed by sheep; in summer, the
vegetation dried out quickly.

(3) The Domaine du Merle site consisted in a 4.5 ha of irrigated meadows surrounded
by other irrigated meadows in the North of the Crau area. It was irrigated by flooding every
11 days from March to September. Three cuts were performed during the growing season
(May, July and September) and it was grazed by sheep in winter.

(4) The Tour du Valat site was located in Camargue over a Mediterranean saltmarsh

scrubs area (locally known as ‘sansouires’), mostly composed of halophytic vegetation such
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as Salicornia sp. and Arthrocnemion sp. The vegetation distribution was heterogeneous at
fine scale, creating surfaces presenting more or less large bare soil patches dotted with
dense vegetation spots. A full description of the site is given by Gallego-Elvira et al.
(2013).

Net radiation, albedo and surface brightness temperature were measured in the four
stations considered in this study. Measurements started in 2000 in Avignon (site 1), in 2007
in Tour du Valat (site 4), in 2008 in Domaine du Merle (site 3), and in 2010 in Coussouls
(site 2). CNR1 net radiometers (Kipp & Zonen, Delft, The Netherlands) were used, except
for site I after September 2009 where a CNR4 net radiometer was installed. Description of
the instruments can be found in Kohsiek et al. (2007) and at the manufacturer website
(WWW4). CNRI were composed of a CM3 pyranometer (0.3-2.8 um) and a CG3
pyrgeometer (5—42 um) pair that faced upward and a complementary pair that faced
downward. They measured the radiative balance terms including incoming (i) and outgoing
(T) irradiances in the solar domain (global radiation Rgy) and the thermal infrared domain
(atmospheric radiation R; ). The instruments were mounted between 1.5 m and 2 m above
canopy top. Radius of the measurement footprint ranged from 25 to 35 m. The
measurements were made every second and averaged every 30 minutes. In site [ solar
irradiance was also measured by higher quality instruments, an Eppley Precision Spectral
Pyranometer PSP (0.3-2.8 um) (EPLAB, Rhode Island, USA; (WWWS5)) or a CMP21
(0.3-2.8 um; manufactured by Kipp & Zonen, Delft, The Netherlands).

We calibrated CM3 and CG3 sensors on an annual basis along the measurement
period following the process described in documents from International Organization for

Standardization (ISO 1992) and World Meteorological Organization (WMO 2008). Sensors
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were compared at site 1 to reference radiation sensors (CMP21 and CG4 sensors) linked to
the radiation reference at the World Radiation Center in Davos (Switzerland) through
M¢étéo-France calibration facilities in Carpentras (France). Estimated uncertainties,
combined and expanded (95 %), lower than 5 % and 8 % were obtained for the sensitivity
of CM3 pyranometer and CG3 pyrgeometer, respectively. This uncertainty was calculated
as the root square sum of uncertainties of random effects during outdoor comparison,
datalogger voltages, sensitivity of reference sensor and instrument temperature
measurements for CG3 and reference pyrgeometer.
Net radiation (Rn) was calculated from the irradiances measured by the four
components of the CNR1 net radiometer following:
Rn = Rey' — Rgw' + Ruw' — Ruw' (13)
Albedo (a) was obtained as the ratio of the irradiance corresponding to the reflected
solar radiation to the incoming irradiance (from CM3, CMP21 or PSP sensors):

1
_ Rsw

= T
Rsw

(14)

Surface temperature was computed from the outgoing thermal irradiance (R ") based
on the Stefan-Boltzmann law and the application of Eq. (3) for the 5-50 um spectral range

(Eq. 15 and 16).

(1_58.0—13.5/4111) (1_58.0—13.5/¢m) l
Ts —The_ =" = The_ - R 15
5-50um 4 €g.0-13.5 um 5=50 um 4 €g.0-13.5 ym O'TbS—SO#m3 Lw ( )

Ry Y4
Tb5—50,um = ( ) (16)

g
with Ths_so .m the brightness temperature (K). Note that in the spectral range considered
here, the factor f5_s9 ,m in Eq. (3) corresponded to unity and that the surface emissivity was

assumed to be obtained in the 8.0—13.5 um spectral range (following Ogawa and Schmugge
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(2004) and Cheng et al. (2013)). Emissivities &s.135.» Were estimated from ground
information on canopy cover and database information on soil emissivity and canopy

emissivity (Table 2 and Table 3).

2.5. Performance metrics

In order to measure the performance of remote sensing estimates (i.e., Rn, a and Ts),
standards metrics were analyzed. The Mean Error (ME) is the bias between estimated
values (Estim;) and ground-based measurements (Meas,):

ME = %Z?’ﬂ(Estimi — Meas;) (17)
where N is the number of samples. The estimated data (Estim;) correspond to the average
over a 3x3 pixels window centered at the station. Standard deviations of the estimated
values were providing information on the spatial heterogeneity around the field station.
Absolute and Relative Root Mean Square Error (RMSE,; and RMSER, respectively)

quantified the scatter between measured and estimated values, leading to a quantitative

assessment of the accuracy and precision of our estimates:

RMSE, = \/% YN (Estim; — Meas;)? (18)

RMSE 4
mean(Meas;)

RMSER(%) = 100 (19)

2.6. Evaluation of uncertainties

After characterizing the errors using the metrics above, we analyzed uncertainties.
Uncertainty (hereafter specified by J) gives a range of values likely to enclose the true
value, while errors are directly derived from the difference between the estimates and the

reference values. Therefore, the uncertainty concept is larger since it addresses error from
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all possible effects together. It can be assessed by different techniques (ex. Crosetto et al.
(2001)). In our study, a simple approach was considered to assess the uncertainties in net
radiation by considering the impact of the uncertainties in the remote sensing information
(spectral reflectances and TOC brightness temperature), the incoming radiations (shortwave
and longwave irradiance) and the derivation of the surface variables from remote sensing
data (albedo, emissivity and surface temperature). We estimated uncertainties for each pixel
and each day by considering half the maximum variation of the estimate (4) provided:

- by different models (M, to M,) for related input variables following:

A — max(AM1 to Mn)z—min(AM1 to Mn) (20)

- or by the considered uncertainty of measurements (Jx) following:

abs[A(x+8x)—A(x—56x)]

SA = - 1)

Uncertainty in net radiation due to uncertainty in incoming shortwave (JRsy') and
longwave (SR, ") radiation was calculated following Eq. (21) as:
SRn(Rsy) = (1 — a) - SRy (22)
SRn(Ryy') =&+ SRy (23)
Uncertainties of 5 % and 8 % (see Section 2.4) were considered for Rsy' and R;y' to
account for their spatial heterogeneity and instrument calibration (e.g., SRs*=0.05"Rgy
and 5RLWl=0.08-RLWl). These calculations of net radiation uncertainties considered the
impact of uncertainties in incoming radiations alone.
Uncertainty in net radiation due to uncertainty in spectral reflectances from satellite

sensor (Jp;) was estimated following:

SRn(p;) = Rg*- X} Bi - 6p; (24)
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where fi were the coefficients of the albedo model. Relative uncertainties of 5 % were
assumed for each spectral band, equivalent to the calibration uncertainties according to
Chander et al. (2009), while it could be considered greater due to atmospheric correction
process and depending on the wavelength.

Uncertainty in net radiation due to uncertainty in TOC brightness temperatures (07b)

was calculated following:

abs| Ts(Tb+8Tb)*— Ts(Th—8Tb)*|
2

ORn(Tb) = €g0-135um " O (25)
We considered 07b equal to 1 K. This uncertainty level was in agreement with the analyses
for monospectral sensors by Jacob et al. (2003), Li et al. (2004) and Mira et al. (2014) in
relation to the spatial and temporal representativity of atmospheric information used for
atmospheric corrections (i.e., spatial location and time of atmospheric profiles of
temperature and humidity, and influence of the local atmospheric conditions in the lower
layer of the atmosphere).
Uncertainty in net radiation due to uncertainty in albedo da was derived following
Eq. (20) as follows:
SRn(a) = 8a - Rey* (26)

So = max(am, to mn)z—min(aml to mp) (27)

where m; stands for the different albedo models considered for the analysis: i = / to /3
when considering all the albedo models; i = 2, 3, 8 10 when considering only models
established for Landsat images; i = /, 2, 3, §, [0 when considering Formosat-2 data
together with Landsat data, as Formosat-2 wavebands are very similar to ETM+ bands 1 to

4. In these calculations, only albedo uncertainty was accounted for.
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The impact of uncertainties in land surface emissivity (&s.-73.5.,) Was evaluated in a
similar way as for albedo by considering different estimates (these different estimates are
presented in the results section).

Uncertainty in net radiation due to uncertainties in land surface temperature retrievals
depends on uncertainties in land surface emissivity €;9.4.72.5.» and incoming atmospheric
radiation Ry 1041 sum- Uncertainties of brightness temperature due to calibration process
are not accounted for in the analysis. The calculations were done by considering either both
variables independently or combined. Estimations of incoming radiation were evaluated
from the combined variation of ¢, and 7, over the various meteorological stations and
different ¥ estimates from the radiosoundings and the National Centers for Environmental
Prediction (NCEP) profiles provided by (WWW6).

Global uncertainties of surface net radiation, as well as uncertainties of shortwave and
longwave radiative budgets, were calculated by considering the uncertainties for all the
calculation inputs combined. Note here that when more than one variable is considered with

uncertainty, all possible combinations are considered and can offset each other.
3. Results

3.1. Albedo estimations

Surface albedo varied from around 0.10 to 0.26 when considering all sites (see
Fig. 2), which represent usual values reported in the literature for bare soil or vegetation
covers (see Cescatti et al. (2012) for example). The lowest values were obtained over the
saltmarsh scrubs ecosystem in Tour du Valat (site 4). They may be due to the presence of

surface water in winter and to the specific type of vegetation which consisted for a large

25



564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

extent in succulent herbs appearing almost leafless (Salicornia sp.). Highest values were
obtained over the agricultural Avignon (site 1) for wheat stubbles (see Davin et al. (2014)).
Observed standard deviation values of surface albedo estimates over a 3x3-pixel area
indicated that some of the sites are characterized by a significant spatial variability of
biophysical parameters around the station. This was observed at the Avignon (site 1). Such
spatial variability may have an impact on the quality of the albedo retrievals since a
Landsat pixel is around 1.5 to 4.5 larger than the footprint of the ground pyranometers.
[Insert Fig. 2 about here]

The evaluation of the albedo computed from each coefficient sets against ground data
is presented in Table 4. RMSE, ranged from 0.025 to 0.033 (14 % to 19 % in terms of
RMSER). In most cases, a significant negative bias, between -0.010 and -0.024 was
obtained, in particular for estimations using middle infrared bands: m2, m3, m8 and m10.
After subtracting the bias, performances of most of the coefficient sets improved. Similar
performances were obtained for coefficient sets which did not include middle infrared
bands (RMSE 4 between 0.024 to 0.028). Improvement of performances was larger for the
coefficient sets including middle infrared bands (m2, m3, m§8 and ml0) leading to the
lowest RMSE 4 (0.022 to 0.024). After unbiasing, the performances of each coefficient sets
were in the range of albedo estimates over independent experimental data sets (e.g., Liang
et al. (2002); Liang et al. (2005); Tasumi et al. (2008); Franch et al. (2014)).

[Insert Table 4 about here]

Possible sources of bias in albedo estimates were: the calibration of field sensors, the
calibration and the correction of radiometric signals from ETM+ and the differences in
spectral bands between ETM+ and the other sensors. Other possible sources of bias were

related to the way the anisotropy of surface reflectance is accounted in albedo calculations
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(Franch et al. 2014) and/or on atmospheric corrections. Our calculations of albedo from
Landsat reflectances acquired at nadir were not explicitly accounting for surface reflectance
anisotropy. However, the NTB procedures were originally calibrated over measured
apparent albedo or simulated hemispherical albedo implying that the weighting coefficients
in Eq. (2) account, at least partially, for anisotropy impact (Jacob and Olioso 2002). The
atmospheric corrections scheme used in the elaboration of TOC spectral reflectance product
by MUSCATE considered a constant amount of precipitable water, while it can
significantly change over space and time and have a significant impact on near infrared and
middle infrared wavebands (Vermote et al. (1997); Bryant et al. (2003)). A previous
evaluation of the correction method (Hagolle et al. (2008) for the Formosat-2 sensor),
presented small underestimations of spectral reflectances (see Fig. 11 from Hagolle et al.

(2008)).

3.2.  Emissivity estimations

No previous study proposed a calibrated emissivity model directly applicable over
our study area. Thus, emissivity measurements at our sites, or over similar targets, were
used to analyze the variability of the input parameters required by Eq. (10) to relate
emissivity to NDVI (&, €, , NDVI,, NDVI,, k). Parameter values are given in Fig. 3.

[Insert Fig. 3 about here]

The range of spectral emissivities €, _;, computed from spectral reflectances of soil
samples (Lesaignoux et al. 2013) showed a low variability from one sample to another and
a dependence on soil moisture (Table 3, Fig. 3): from 0.963 to 0.986 in the 10.4-12.5 um
band and from 0.956 to 0.981 in the 8.0-13.5 um band. These values agreed with

emissivities of bare soils measured in the field in the same area by Labed and Stoll (1991),
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Coll et al. (2001) and Coll et al. (2002) (Table 2, Fig. 3). Variations related to changes in
soil moisture were also in agreement with Mira et al. (2007) and Mira et al. (2010). For full
vegetation canopies, Table 2 provides emissivity ranging from 0.980 to 0.983 in the
Landsat waveband and between 0.980 and 0.995 in the 8.0-13.5 um band (however, very
few data were available in the Landsat spectral range). Variations of soil sample NDVI
between 0.08 and 0.32 (Table 3) were in agreement with NDVI values derived from soil
pixels extracted from Landsat images.

In order to account for the variability of emissivity and NDVI, we defined three sets
of parameters resulting in three NDVI — emissivity curves in each spectral range (Fig. 3).
Curve B provided an intermediate estimation of emissivities that was considered as a
nominal emissivity model for our area. Curve A and Curve C provided lower and higher
values of emissivity. These two other models were considered to define an uncertainty in
emissivity estimation. The effect of uncertainty in spectral reflectances into the emissivity
estimation (through relationship with NDVI) was not analyzed here given its small impact

(<0.001).

3.3.  Estimation of surface temperature

Land surface temperature estimated from TOC brightness temperature products were
compared to ground based measurements over all measurement sites and dates (Fig. 4,
Table 5). RMSE, was in the order of 1.7 K for emissivity Curve B (€19.4-12.5 um), mostly due
to larger scatter at high temperatures for Tour du Valat and Avignon sites. RMSE, for
Curve A and Curve C were in the same order. The different emissivity curves generated
changes in bias from -0.1 K for the highest emissivity (Curve C) to +0.6 K for the lowest

emissivity (Curve A). The best performances were obtained over homogeneous grassland
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(Domaine du Merle and Coussouls sites). Performances were reduced over more
heterogeneous sites: at Tour du Valat the surface was composed by patches of bare soil and
vegetation, and the Avignon site represented a small crop field (2 ha) with in-field
variability and surrounded by various other surfaces. If data from Avignon (site 1) were not
considered, the RMSE 4 improved by 0.2 K (Fig. 4). Another source of errors may be related
to the land surface emissivity of the sansouire ecosystem in Tour du Valat (site 4). Actually
no information existed on emissivity of such type of ecosystem with a high salt level and a
large amount of leafless plants. As NDVI values were low due to the specific vegetation
(see also the low albedo values), the emissivity could have been significantly
underestimated using Eq. (10) leading to a significant overestimation of surface
temperature, in particular at high temperature (Olioso 1995a; Olioso et al. 2013). However,
the results were reasonable and consistent with the accuracy found in other studies (Li et al.
(2004); Jiménez-Munoz et al. (2009); Coll et al. (2010)).
[Insert Fig. 4 about here]

[Insert Table 5 about here]

3.4.  Estimation of net radiation

Net radiation estimated from Landsat-7 data shows typical variations in time and
space as a function of incident radiation and surface conditions (Fig. 5 and Fig. 6). Overall,
surface net radiation varies from around 130 Wm™ for a high albedo area in winter (200
Wm? in average over the whole image) to 790 Wm™ for a dark and wet area in summer
(600 Wm™ in average). For a given day, spatial variations in Rn were in a range close to
50 % of its areal average depending on albedo and surface temperature level in relation to

surface characteristics and land use (range from ~100 Wm™ in winter to ~300 Wm™ in
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summer). Evaluation of net radiation estimates showed a good agreement for all type of
surfaces in general with a limited bias (Table 6 and Fig. 7). RMSE, were around 20 Wm™
whatever the albedo model used. When using unbiased albedo models, RMSE, changed
only slightly. Relative RMSE were in the order of 5 %, which showed that the sensitivity of
net radiation to errors in albedo estimation was low (error in albedo were up to almost
20 %). In a similar way, standard deviations of net radiation estimates given in Fig. 7 were
low indicating a low spatial variability in comparison to albedo (except for a pair of data
from Avignon (site 1)).

[Insert Fig. 5 about here]

[Insert Fig. 6 about here]

[Insert Table 6 about here]

[Insert Fig. 7 about here]

3.5. Uncertainty analysis

Uncertainties in net radiation estimation presented strong seasonal patterns in
correlation with the seasonal cycle of incident radiations, in particular solar irradiance, and
net radiation (Fig. 8 and Table 7). They also presented strong spatial variability in relation
to the variation of surface variables related to land use (Fig. 9). The North East — South
West gradient observed in Fig. 9 resulted from the spatial variation of incoming radiation.

[Insert Fig. 8 about here]
[Insert Table 7 about here]
[Insert Fig. 9 about here]
Net radiation uncertainties were first analyzed in Table 7 as a function of

uncertainties in input quantities for a typical winter day and a typical summer day (which
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usually presented the lowest and highest uncertainty levels, respectively). The uncertainty
in net radiation was strongly dependent on the uncertainties in incoming radiation
measurements and less dependent on the uncertainties in albedo and land surface
temperature retrievals.

Net radiation uncertainties coming from uncertainties in land surface emissivities
(0€8.0-13.5 um<0.010 or 0e;94.125 m<0.011) or from incoming atmospheric radiation in the
measurement spectral band (5RLWl 10.4-12.5um=<1.3 Wm‘z) were negligible, and besides, their
contributions compensated each other when considered their combination (0Rn(€5.0-13.5 um,
€10.4-12.5 um, Rit 10.4-12.5um)~0 Wm'z). In the following, we detailed only the results for the
most influencing factors (incident radiations, estimated albedo and remote sensing products

of reflectances and brightness temperature).

3.5.1. Global uncertainties in net radiation

Global uncertainty in net radiation (SRn) estimation ranged between 40 Wm™ in
winter and 100 Wm™ in summer (Fig. 8a), representing around 15 and 20 % of the net
radiation, respectively. NB: these uncertainties were calculated by accounting only for
albedo models designed for Landsat (see below). Overall, 0Rn was equally distributed
between the shortwave and longwave radiative budgets (Fig. 8b—c). In summer, the
uncertainty in the solar absorption was slightly dominant. In winter, the uncertainty in net
longwave radiation was slightly dominant. Spatial variations were larger in summer and

almost fully related to uncertainties in solar absorption estimation (Fig. 9a-c).
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3.5.2.  Uncertainties in incoming radiation

The input variables influencing the most the uncertainty in net radiation were the
uncertainties in in situ measurements of incoming shortwave and longwave radiations (Fig.
8d—e). Ryt uncertainties of 5 % were associated with Rn uncertainties varying from 10 to
40 Wm™. Ry " uncertainties of 8 % were associated with Rn uncertainties varying from 20
to 30 Wm™. Together these represented around 70 % of the global uncertainties in net

radiation and varied with the season.

3.5.3.  Uncertainties in albedo and spectral reflectances

Uncertainty in estimated albedo was stable along the experimental period of time.
When considering all the albedo models together uncertainty was up to 0.023 (0.017 as a
median), which resulted in uncertainties in net radiation from 5 to 50 Wm™ (Fig. 8f).
However, the largest uncertainty levels were obtained over few specific areas
corresponding mostly to quarries and industrial areas for which albedo models were not
appropriate (industrial buildings, oil refinery, oil storage tanks areas, large asphalt zones,
salt storage areas...) (Fig. 9d). Unbiased albedo models reduced uncertainties by almost
50 %. Further, when only unbiased albedo models originally defined for Landsat sensors
were considered, uncertainties were considerably reduced: da between 0.002 and 0.005
(0.003 as a median) and SRn(a) below 10 Wm™ (around 2 Wm™ as a median) (Fig. 8g).
Fig. 9e showed that the largest uncertainties were still obtained over industrial areas, but
also over irrigated fields (paddy rice and irrigated grassland) and some wetlands. This
might be related to the sensitivity of MIR reflectances to background reflectance from soil

or water under vegetation.
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Uncertainties in spectral reflectances dp; (5 % for all bands) resulted in 0Rn(p;) almost
twice larger than JRn(a) when considering only unbiased albedo models designed for
Landsat (in a similar order as when considering all the unbiased albedo model together).
Spatial variations were related to the level of reflectance and the lowest uncertainties were
obtained over wetlands and forested areas (Fig. 9f). Given values from Table 7, the reader
could calculate the dRn(p;) derived from other dp; values, as it varies proportionally.

Overall, the combination of albedo model and reflectance uncertainties ended up in
an uncertainty between few Wm™ and 25 Wm™ (median values between 4 and 13 Wm™) in

calculation of Rn.

3.5.4. Uncertainties in the emission term

The uncertainties in the emission term depended on the uncertainties in TOC
brightness temperature 67b;.4.725.m, 1N emissivities 0€79.4.12.50m and 0€sg-13.50m, and in
incident radiation 6R; 5 10.4.1> Sum- 01D 10.4-12.5m (s€t to 1.0 K) was the main driver, generating
ORn(Tb;9.4-12.5,m) between 5 and 7 Wm™ all year long with almost no variations. The second
driver was 0¢;9.4.12.5.m- The other factors were negligible. Given values from Table 7, the
reader could calculate the oRn(Tb;g.4.12.5.m) derived from other 67b;¢.4.12.5.m, as it varies
proportionally.

Overall, uncertainty in the emission term was almost constant around 8 Wm™ which
represented 30 % of the global uncertainty in the net thermal radiation uncertainty. Fig. 9g

shows that this uncertainty was also spatially homogeneous.

33



742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

4. Discussion

In this study we evaluated surface net radiation, albedo and surface temperature
estimates derived from Landsat-7 over various surface types. These evaluations were
performed both in terms of errors by comparison to in situ measurements and in terms of
uncertainties in relation to uncertainties in the variables required for the computation of Rn.
Concerning evaluation of remote estimates against in sifu data, windows of 3x3 pixels were
arbitrarily considered to take into account possible geolocation errors and include the
measurement footprint of the sensors, characterized by their Point Spread Function (which
implies in particular that the contribution to the signal for each pixel originates from a
larger surface than the pixel size, Mira et al. (2015)). We expect that the variability of the
3x3 window is an indication of the variability of the area and that it can be an indication of
the confidence in the comparison. However, there was no fully adequate way for matching
information since the two types of measurements (satellite and in situ) had different
footprint shapes and no higher resolution information was available for analyzing the
spatial variability within each footprint.

In our estimations, net radiation varied from a minimum value of 130 Wm™ to a
maximum of 790 Wm™ depending on the seasons, surface types and land use. A good
agreement with in situ measurements of net radiation was found for all surface types
(RMSE ~20 Wm™). However, the computation of net radiation from both Landsat images
and in situ measurements used the same measurements of incident radiations (RSWi and
RLWl). Thus, considering the uncertainties in incident radiations, the evaluation of estimated

Rn was clearly optimistic. This explained that net radiation evaluations in Fig. 7 always laid
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well inside of the level of net radiation uncertainties (45 Wm™ to 85 Wm™ from winter to
summer). This was not the case for albedo (Fig. 2) and surface temperature (Fig. 4).
Estimations of albedo from Landsat data were obtained by applying the NTB
conversion method using different coefficient sets. Albedo were within a large range of
values (~0 to ~0.6) indicating a large spatial variability depending on land use. When
evaluated against ground data, the albedo obtained with any of the coefficient sets used in
the NTB conversion, except one, were showing a significant negative bias. This bias was
higher than uncertainties related to the calibration of the remote sensor (evaluated to 5 % in
spectral reflectances (Chander et al. 2009)). Underestimation of albedo estimated from
Landsat data were also recently reported by Shuai et al. (2011), Roman et al. (2013), and
Franch et al. (2014). The latter demonstrated that it was possible to reduce the bias by
improving both /) the way anisotropy of surface reflectance is accounted in the albedo
calculation and 2) the atmospheric corrections by introducing local measurements of
atmospheric parameters (from the AERONET network). This raises the question of the
evaluation of the accuracy of operational spectral reflectance products (or pre-operational
products as those used in our study). These products are usually based on more systematic
estimation of atmospheric parameters which are less accurate. This also militates in favor of
the development of detailed albedo products based on the merging of Landsat nadir
reflectance and BRDF information from other sensors such as MODIS or PROBA-V. After
unbiasing, albedo estimates were within the range of performances observed over
independent experimental data sets (RMSE ~0.022—-0.024), and as expected the best results
were obtained for albedo coefficient sets that were derived for Landsat sensors. This
indicated the necessity of accounting for the spectral characteristics of the sensors in the

derivation of albedo models. It is interesting to notice that while the different coefficient
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sets were derived for Landsat sensors using different methods, the estimated albedo
remained in a narrow range as shown by the low uncertainty related to the choice of
coefficient sets (Fig. 8g): calibration against surface reflectance models (Liang 2000),
against ground measurements (Dubayah (1992); Duguay and Ledrew (1992); Bsaibes et al.
(2009)) or on the basis of theoretical spectral distribution (Tasumi et al. 2008).
Nevertheless, if we have to retain one single set of coefficients for computing albedo from
Landsat data, model m; proposed by Duguay and Ledrew (1992) would be a good option
(considering our results it would have to be unbiased). This coefficient set is the only one
among the sets we have tested that does not include the blue band b/ which is usually
highly sensitive to atmospheric corrections and can generate noisy reflectance data.

Results from the evaluation of surface temperature against ground measurements
showed RMSE, of 1.7 K. This was in the range of the uncertainties we evaluated for the
derivation of surface temperature as a function of brightness temperature and surface
emissivity (~1.5 K in Table 7). The uncertainty in surface temperature may increase if
either the available information for deriving brightness temperature product is limited (e.g.,
atmospheric profiles in temperature and moisture) or land surface emissivity is not well
known. This may be enhanced in specific situations where the derivation of brightness
temperature and surface temperature are more sensitive to input information, as for a high
level of moisture in the atmosphere or for a large variability of land surface emissivity (in
particular for area with the presence of sandy soils). Frequent errors in satellite-based land
surface temperature of vegetated surfaces due to incomplete emissivity and atmospheric
corrections were reported up to 2 to 5 K for various sensors (Li et al. (2004); Sobrino et al.
(2004); Wang and Liang (2009a); Guillevic et al. (2012); Hulley et al. (2012); Guillevic et

al. (2014)).
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Uncertainties in the derivation of albedo and surface temperature had limited impacts
on the uncertainty in net radiation estimation. Albedo, together with spectral reflectances
represented only 10 % (winter) to 15 % (summer) of the global uncertainty in net radiation
and the emission term 20 % (winter) to 10 % (summer). The largest uncertainties were
related to the estimation of incident radiations: more than two thirds of the uncertainty in
net radiation estimation. When estimating net radiation from remote sensing data, spatial
measurements or estimation of incident radiation are required to /) describe the spatial
variability (which is often not large in cloudless conditions at the scale of a Landsat image)
and 2) to evaluate incident radiations in areas without adequate ground meteorological
network. Several methods were proposed to estimate incident radiation from remote
sensing (see a review by Liang et al., 2010). They usually provide irradiance data with
uncertainties around twice larger than ground measurements. In general, estimation of solar
irradiance is less accurate than estimation of downwelling longwave radiation: around 50
Wm? to 100 Wm™ for Rgy* and 15 Wm™? to 40 Wm™ for Ryt (Wang and Liang (2009b);
Liang et al. (2010); Bisht and Bras (2011); Lefévre et al. (2013); Garrigues et al. (2015)). In
our analysis, the use of remote sensing products of incident radiations, in particular solar
irradiance, would significantly increase the uncertainty level of the retrieved net radiation,
possibly up to 130 Wm™. However, reported evaluation of net radiation estimations are
usually well inside this uncertainty level. Possible improvements for the estimation of solar
irradiance, by up to 40 %, were recently shown by including better descriptions of aerosol
and water vapor contents (Lefévre et al. (2013); Ceamanos et al. (2014)). However, these
methodologies are not yet used to derive operational products.

Overall, we could generalize the results from this study to other study areas and

sensors. Nevertheless, special attention should be paid to the characterization of emissivity
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as it requires a good knowledge of the spectral characteristics of all soils and canopy covers
of the ecosystem unusually available. In our experiment, emissivities had a low impact, but
uncertainties in emissivity estimation were low. In other areas, when emissivity of dry bare
soil can be significantly lower (e.g., Van de Griend and Owe (1993)) or when soils with
very different emissivities coexist over the same area, it would be possible that impact on
uncertainties in net radiation increases. However, this impact would be still lower than the
impact of incident radiation uncertainties.

Our study was only considering net radiation and further efforts have to be done for
analyzing uncertainties in heat flux estimation and in particular evapotranspiration. The
impact of the uncertainties in the estimation of surface temperature will have to be assessed
in more details as surface temperature is crucial information for partitioning heat fluxes into
its latent and sensible components. Simple calculations show that uncertainties of 1 K and
3K in surface temperature may generate uncertainties around 15% and 40 % in
evapotranspiration estimation. We should also notice that large uncertainty levels observed
from uncertainties in spectral reflectances and albedo were located over few specific
regions typically corresponding to quarries and industrial areas. From a point of view of
directly estimating surface energy fluxes, we could consider that such areas were not of
special interest for our study, downplaying them. However, a more thorough study is
required to analyze whether those pixels are relevant or not to correctly estimate
evapotranspiration following approaches like SEBAL (Bastiaanssen et al. 1998), the
triangle method (Jiang and Islam 1999) or the Simplified Surface Energy Balance Index
model (S-SEBI, Roerink et al. (2000)). These approaches consider the spatial variability of
reflectance or albedo for defining wet and dry areas which are used to bound

evapotranspiration evaluation to minimum and maximum levels.
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5. Conclusion

The level of uncertainties reported in this study for net radiation is usually larger than
errors reported in other studies. For example, Kustas and Norman (1996) reviewed various
methods of estimating the net shortwave and longwave radiation fluxes and found that a
variety of remote sensing methods of surface net radiation estimation had an uncertainty of
5-10 % compared with ground-based observations on meteorologically temporal scales. In
our case, uncertainties were in the 15-20 % range. Actually, previous assessment of net
radiation estimates from remote sensing data were usually based on the comparison to
ground data only, without considering a formal analysis of uncertainties and their sources.

In our study, a simple definition of uncertainty was used in order to provide an
evaluation of the possible errors in the estimation of net radiation (and intermediate
variables). Error analysis based on RMSE calculations also considers an averaged impact
over datasets which have usually a limited number of individual data. The analysis we
performed in our study provides more generic information as uncertainties are mostly
independent of the data used for computing RMSE.

We believe that the uncertainty evaluations presented in this study can be easily
transferred to the analysis of mapping net radiation from other space or airborne sensors. In
any cases, the uncertainties related to the estimation of incident radiations will be the main
source of uncertainties in the estimation of net radiation. This has to be considered deeper
in future analysis of energy flux mapping. Up to now, a large amount of efforts in the flux
mapping community have been focused both on the estimation of intermediate land surface
variables (albedo, emissivity, surface temperature) and on the derivation of flux calculation

algorithms. Our study shows that improvements in algorithms to estimate albedo, surface
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emissivity and surface temperature from remote sensing would reduce net radiation
uncertainties only marginally. We believe that in most situations, standard land products
such as those generated by the THEIA Land Data Centre, are accurate enough to provide
net radiation estimation from Landsat data. At present, TOC spectral reflectances are
provided. In the next future, new products will be available including surface temperature
and albedo.

We are currently developing the EVASPA tool (Evapotranspiration Assessment from
SPAce, Gallego-Elvira et al. (2013)) for analyzing the impact of the uncertainties in net
radiation and intermediate variables estimation on the estimation of evapotranspiration
from remote sensing data. This tool makes also possible to analyze uncertainties in net
radiation and evapotranspiration considering different time scale: instantaneous (as in the

present study), daily, monthly and yearly.
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Fig. 4. Comparison of surface temperature estimates using Landsat-7 data and in situ
measurements over the sites. Error bars (only significant for Avignon site) show the
standard deviation of averaged data (i.e., 3%3 pixels 60-m resolution) and solid lines denote
an estimation for uncertainty in surface temperature. ME: bias; RMSE,: absolute Root

Mean Square Error.
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Fig. 5. Spatial distribution of net radiation estimates for the entire Landsat-7 image
acquired at 10:30 UTC on July 8", 2008 over the Crau-Camargue. It was used albedo
model m3 with no bias. Pixels with value higher than 800 or lower than 350 (a small
percentage of the entire image) are masked in red and blue, respectively. Water, clouds,

shadows, and pixels with an altitude higher than 100 m are masked in white.
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Fig. 6. Temporal variation of net radiation estimates using Landsat-7 data. It was used
albedo model m3 with no bias. Each boxplot belongs to an acquisition day and comprises
the median (central thick line), the first and third quartile (inferior and superior edges of the

boxes), and the extreme values excluding outliers (inferior and superior whiskers).
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Fig. 7. Comparison of net radiation estimates using Landsat-7 data and in situ

measurements over the sites. It was used albedo model m3 with no bias. Error bars (only

significant for Avignon site) show the standard deviation of averaged data (i.e., 3x3 pixels

60-m resolution) and solid (respectively dash-dot) lines denote an estimation for minimum

(respectively maximum) uncertainty in net radiation. ME: bias; RMSE, and RMSER:

absolute and relative Root Mean Square Error.
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Fig. 8. Temporal variation of uncertainties in net radiation estimates using Landsat-7 data

due to uncertainty in the most influencing factors. Global uncertainties in net radiation (a),

and corresponding uncertainty from the first term (b) and second term (¢) of Eq. (1),

followed by uncertainties in net radiation due to: 5% uncertainty in incoming solar

irradiance (d), 8% uncertainty in atmospheric irradiance (e), and uncertainties in albedo

from consideration of models m/-mi3 (f) or unbiased models m2, m3, m8 and m10 (g).

Uncertainties from a and b were computed considering unbiased albedo models m2, m3,

m8 and m10. Each boxplot belongs to an acquisition day and comprises the median (i.e.,

central thick line), the first and third quartile (i.e., inferior and superior edges of the boxes),

and the extreme values excluding outliers (i.e., inferior and superior whiskers).
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Fig. 9. Spatial distribution of uncertainties in net radiation estimates using Landsat-7 data
(acquired at 10:30 UTC on July 8™ 2008 over the Crau-Camargue) due to uncertainty in
the most influencing factors. Global uncertainties in net radiation (a), and corresponding
uncertainty from the first term (b) and second term (c) of Eq. (1), followed by uncertainties
in net radiation due to: uncertainties in albedo from consideration of models m/-m13 (d) or
unbiased models m2, m3, m8 and m10 (e), 5% uncertainty in spectral reflectances (f), and 1
K uncertainty in brightness temperature (g). Uncertainties from a and b were computed
considering unbiased albedo models m2, m3, m8 and m10. Pixels with value higher than the
maximum (or lower than the minimum) value in the corresponding scale (i.e., a small
percentage of the entire image) are masked in red (or blue). Water, clouds, shadows, and

pixels with an altitude higher than 100 m are masked in white.
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1336  TABLES
1337
1338  Table 1. Coefficients sets used to compute albedo as a linear combination of waveband
1339  Landsat-7 reflectances using Eq. (2), where fo is the offset and Sensor indicates the sensor
1340  for which each model was originally defined. Symbol “~” means that the band was not
1341  considered in the analysis; bi is the spectral band i from Landsat-7; mj: albedo model j;
1342 NIR: near infrared; MIR: middle infrared; TM: Thematic Mapper on board of Landsat-5;
1343  ETM+: Enhanced Thematic Mapper Plus on board of Landsat-7; MISR: Multi-angle
1344  Imaging Spectro Radiometer; AVHRR: Advanced Very High Resolution Radiometer;
1345  MSG: Meteosat Second Generation; MERIS: Medium Resolution Imaging Spectrometer.
Blue Green Red NIR MIR, MIR,
Albedo model Sensor (b1) (b2) b3) (b4 (bS) (b7) Po
(ml) Bsaibes et al. (2009) Formosat-2 — - 0.619 0.402 - - -
(m2) Dubayah (1992) ™ 0.221 0.162  0.102 0.354 0.059 0.019 : -
(m3) Duguay & Ledrew (1992) ™ - 0.526 - 0.314 - 0.112 -
(m4) Jacob & Olioso (2002) — I - — 0227 0305 - — 1 0.059
(m5) Jacob & Olioso (2002) — II Airborne - -0.136 0334 0.316 - - 0.059
(m6) Jacob & Olioso (2002) — I1I Polder -0.099 -0.087 0351 0.314 - - 0.058
(m7) Jacob & Olioso (2002) — IV - ~ 0591 0374 - ~ 1 -0.001
(m8) Liang (2000) TM/ETM+ 0.356 — 0.130 0373 0.085 0.072 : -0.0018
(m9) Liang (2000) MISR - 0.126 0343 0415 - ~ 1 0.004
(ml10) Tasumi et al. (2008) TM/ETM+ 0.254 0.149  0.147 0311 0.103  0.036 : -
(m11) Weiss et al. (1999) — I AVHRR - ~ 0570 0460 - .
I(I"” 2) Weiss etal. (1999) - MSG-SEVIRI - 0.680 0.080 0350  — - -
(m13) Weiss et al. (1999) — III 006 069 0.001 035 . - .
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1347

1348

1349

1350

1351

1352

1353

Table 2. Spectral emissivities for bare soils and dense plant canopies measured in sifu in La

Crau area and over the Alpilles-ReSeDA experimental site (a small agricultural area mid-

way of the Crau-Camargue region and Avignon). In situ measurements acquired over well-

developed crops from other Mediterranean areas are also presented (similar crops as in our

test site). All these in situ measurements were obtained using the Box method (Rubio et al.,

1997) and thermal radiometers.

Reference Sample type s
[experimental site] ‘Original label’ Short band emissivities
BARE SOIL €10.2-11.3 pm €11.5-12.4 ym E8.0-13.5 um
‘101° 0.962 £0.003 0.963+0.004 0.961 +0.004
1 1 ‘102° 0.967£0.003 0.968 +£0.003 0.968 +0.002
E:l i‘;fez]' (2002) ‘120" 0.963 +0.004 0.964+0.004  0.965 +0.002
P 121° 0.967+£0.003 0.971+£0.005 0.967 +0.003
304° 0.962+0.006 0.964+0.005  0.963 £0.003
214° 0.955+0.018
Coll etal. (2001) 500 0.958 + 0.013
[Alpilles] , , )
Le Mas Neuf” — wet soil 0.979 + 0.006
Labed and Stoll (1991) Center of La Crau — soil without stones 0.9690 = 0.0013
[La Crau] Center of La Crau — dry stony area 0.959 +0.008
DENSE VEGETATION £8.0-13.5 um
‘101" Wheat (plant + soil) 0.987 +0.008
Coll e al. (2001 ‘120” Wheat (plant + soil) 0.987 + 0.005
[ :1 i?i[ez]. ( ) ‘101" Wheat (soil + stubble) 0.961+£0.011
P ‘120 Wheat (soil + stubble) 0.957 +0.015
203 Alfalfa full cover (plant + soil) 0.987 +0.004
La Crau, north — very short grass 0.979
Labed and Stoll (1991) La Crau, north — tufts of grass 0.981
[La Crau] La Crau, north — grassland 0.983
La Crau, north — bushes 0.994
DENSE VEGETATION IN OTHER AREAS €10.2-11.3 um €11.5-12.4 ym €8.0-13.5 um
Coll et al. (2003) ‘44" Alfalfa 0.978+0.009 0.981+0.007  0.980 + 0.006
[Barrax]
Olioso et al. (2007) Wheat 0.976+0.009 0.984+0.006  0.981 = 0.006
[Marrakech]
Coll et al. (2010) . _ (0.980 to 0.985)
[Albufera de Valencia] Rice €104-125um = 0983 £ 0.005 +0.005
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1354  Table 3. Emissivities in 10.4-12.5 um and 8.0-13.5 um bands and NDVI of dry and wet
1355  bare soils calculated from the reflectance spectra measured by Lesaignoux et al. (2013).

1356  Wet samples had soil moisture up to 45%.

Emissivi_ty (81].12)
‘Original label’ 10.4-12.5pum : 8.0-13.5 pm
dry wet | dry wet . dry wet

NDVI

AVIGNON SITE (site 1)
‘84A4vignon’ 0.967 0.975 i 0.957 0.970 : 0.103  0.118
CRAU AREA

‘13Craul’ 0.973  0.986 | 0.963 0.981 | 0.191  0.186
‘13Crau2’ 0972 0985 : 0.961 0.979 i 0.175 0.189
CAMARGUE AREA

‘30Bled’ 0.967 0.980 : 0.961 0.975 | 0.126 0.122
‘30BleB’ 0.965 0983 i 0.964 0979 i 0.101 0.114
‘30BleC’ 0.971 0982 | 0.962 0.978 | 0.101 0.131
‘30Luzerned’ 0.968 0.981 : 0.958 0.976 : 0.114 0.171
‘30LuzerneB’ 0.967 0.980 | 0.959 0.974 | 0.130 0.156
‘30LuzerneC’ 0.967 0978 | 0.964 0.972 | 0.148  0.168
‘30Prairied’ 0.967 0.980 i 0.966 0.975 i 0217 0.235
‘30PrairieB’ 0.969 0.981 | 0.968 0.977 i 0257 0318
‘30PrairieC’ 0971 0985 i 0.960 0981 | 0227 0.261
30SoINuA’ 0.966  0.981 @ 0.961 0.976 : 0.088 0.094
30SoINuB’ 0.968 0.982 | 0.957 0.976 | 0.079 0.099
30SoINuC’ 0.964 0977 | 0.958 0.970 i 0.098 0.125

‘30SolNuLab4” 0965 0981 : 0959 0975 : - -
‘30SolNuLabB”  0.965 0.981 : 0.958 0.975 : 0.109 0.158
‘30SolNuLabC’  0.963  0.978 0.961 0972 0.120  0.170

‘30VigneA’ 0.968 0.981 : 0957 0975 : 0.085 0.108
‘30VigneB’ 0966 0977 : 0956 0971 : 0.083 0.124
30VigneC’ 0.965 0.979 0.958 0972 0.114 0.145
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1358  Table 4. Statistical metrics from the validation of Landsat-7 albedo (a) with ground
1359  measurements from all available sites and days, for each albedo model after and before
1360  unbiasing (i.e, offset coefficient recomputed: fy’= fp—MFE). ME: Bias; RMSE, and RMSEy:

1361  absolute and relative Root Mean Square Errors.

[Dataset size 63]
Unbiased albedo (a.*)
Albedo (a) [ME = 0.000]

Albedo RMSER RMSEy
model ME RMSE, (%) RMSE , (%)
ml -0.002  0.026 14.5 0.026 14.4
m2 -0.023  0.033 18.7 0.024 13.3
m3 -0.024  0.033 18.5 0.022 12.6
m4 -0.011  0.028 15.7 0.026 14.5
mS -0.010  0.028 15.6 0.026 14.5
mé -0.012  0.029 16.1 0.026 14.6
m7 -0.014  0.029 16.0 0.025 13.9
ms -0.010  0.025 14.1 0.023 13.1
m9 -0.011  0.029 16.2 0.027 14.9
ml0 -0.018  0.029 16.1 0.023 12.7
mll 0.009  0.029 16.3 0.028 15.6
mi2 -0.008  0.026 14.3 0.024 13.7
mli3 -0.011  0.027 14.9 0.024 13.6
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1363  Table 5. Statistical metrics from the validation of Landsat-7 surface temperature (7s) with
1364  ground measurements from all available sites and days. Calculations were performed using
1365  emissivity (€79.4-12.5.m) defined by Curve A, Curve B or Curve C (see Fig. 3). ME: Bias;

1366  RMSE ;: absolute Root Mean Square Error.

Surface temperature (Ts)

. ME RMSE, Dataset
Sites &10.4-12.5um (K) (K) size
All sites Curve A 0.6 1.8 59
All sites 0.3 1.7 59
All sites, except Avignon 0.9 1.5 37
(1) Avignon site Curve B | ~0-08 2.2 22
(2) Coussouls site 0.9 1.2 4
(3) Domaine du Merle site 0.5 0.9 12
(4) Tour du Valat site 0.5 1.6 21
All sites Curve C | -0.14 1.7 59
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1368

1369

1370

1371

1372
1373
1374

1375

1376

1377

1378

1379

1380

1381

1382

1383

Table 6. Statistical metrics from the validation of Landsat-7 net radiation (Rn) with ground
measurements from all available sites and days, for each albedo model after and before
unbiasing (i.e, offset coefficient recomputed: = fi—ME). ME: Bias; RMSE, and RMSEF:

absolute and relative Root Mean Square Errors.

Net radiation (Rn, W-m™) [Dataset size 62]

Albedo (a) Unbiased albedo (o)
Albfld? ME RMSE RMSEy ME RMSE RMSEy
mode (%) (%)
ml -1.3 18.6 4.4 2.7 189 4.5
m2 13.7 218 5.1 -1.7 184 43
m3 144 218 5.1 -1.5 176 4.1
m4 6.1 21.0 5.0 0.9 206 4.9
m5 5.7 20.7 4.9 -1.0 204 4.8
mé 6.9 20.9 4.9 -1.0 204 4.8
m7 6.8 18.6 4.4 24 185 4.4
m8 4.6 17.6 4.2 1.7 177 42
m9 5.1 19.4 4.6 24 196 4.6
ml0 10.0 19.2 4.5 -1.6 174 4.1
mll 89 224 5.3 3.2 20.1 4.7
mi2 2.9 18.0 4.2 22 184 43
mi3 5.2 18.4 43 3.0 200 4.7

Table 7. Overview of global uncertainty (0) in net radiation estimates using Landsat-7 data
(in bold) and contribution from each term of Eq. (1). Details on uncertainties in net
radiation (4™ column) and uncertainties in intermediate variables (3™ column) due to
uncertainty in one or several inputs (indicated in columns 2™ and 3™). Three values are
indicated, generally showing the lowest (29" Dec, 2007), mean (of values from the 29
days) and highest (8" July, 2008) uncertainty (by considering the median value of each
image).

(see next page)
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Figure 5
Click here to download high resolution image
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Figure 8B
Click here to download high resolution image
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Figure 9
Click here to download high resolution image
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