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Abstract: The present paper reports on an investigation to monitor the drought status in
Algerian forest covered areas with satellite Earth observations because ground data are
scarce and hard to collect. The main goal of this study is to map surface energy fluxes with
remote sensing data, based on a simplified algorithm to solve the energy balance equation
on each data pixel. Cultivated areas, forest cover and a large water surface were included in
the investigated surfaces. The input parameters involve remotely sensed data in the visible,
near infrared and thermal infrared. The surface energy fluxes are estimated by expressing
the partitioning of energy available at the surface between the sensible heat flux (H) and the
latent heat flux (LE) through the evaporative fraction (Λ) according to the S-SEBI
(Simplified Surface Energy Balance Index) concept. The method is applicable under the
assumptions of constant atmospheric conditions and sufficient wet and dry pixels over a
Landsat 7 image. The results are analyzed and discussed considering instantaneous latent
heat flux at the data acquisition time. The results confirm the relationships between albedo
(r0), the surface temperature (T0) and the evaporative fraction. The method provides
estimates of air temperature and LE close to reference measurements. The estimate of latent
heat flux and other variables are comparable to those of previous studies. Their comparison
with other methods shows reasonable agreement. This approach has demonstrated its
simplicity and the fact that remote sensing data alone is sufficient; it could be very
promising in areas where data are scarce and difficult to collect.
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1. Introduction
Forest ecosystems as open systems are linked to the atmosphere and to the pedosphere by energy
and matter fluxes. Functioning of the ecosystem manifests itself through these fluxes in space and time,
which are controlled by the pertaining source and/or sink strengths of the ecosystem and, in case of
interaction with the atmosphere, by convective and turbulent transport conditions. Water and energy
flux rates are an expression of primary production processes and production rates in forest ecosystems.
Depending on tree species, site conditions and tree health status, the quantification of latent and
sensible heat flux is an important and valuable tool in forest ecosystem research, particularly for
natural community drought assessment [1]. Vegetation water content is a key factor to evaluate fire
susceptibility [2].
Indeed, the vegetation status is an indicator of the degree of stress experienced by plants in their
environment [3]. Vegetation stress can be defined as any disturbance that adversely influences growth [4].
This stress can be due to many factors, one of which is water deficiency that restricts transpiration,
inducing closure of stomata and resulting in less water evaporating from the leaf surface. Because less
cooling occurs due to water evaporation, leaf temperature increases [4]. As an alternative to measuring
the vegetation water content to assess short-term fire risk, Chuvieco et al. [5] investigated the
possibility of using the thermal dynamic of vegetation. They assumed that differences between
the air and surface temperatures were related to plant water content and to water stress. In line
with this assumption, several indices have been proposed to estimate vegetation status based on
evapotranspiration [6].
The partitioning of energy fluxes above ecosystems into sensible and latent heat determines
atmosphere water vapor and heat content. A significant contribution of water input into such
ecosystems originates from the deposition of cloud droplets (fog). The intercepted water may drip to
lower layers of the canopy or the forest soil, or may re-evaporate into the atmosphere. This
re-evaporation is associated with a large latent heat flux. Therefore, less energy is available for the
sensible heat flux and the diurnal temperature variations are damped. Conceptually, the energy balance
equation at the surface is:

Rn  G  H  LE

(1)

which expresses the partition of the net radiation Rn between soil heat flux G, sensible heat flux H and
latent heat flux LE (corresponding to evaporation of bare soil and transpiration of vegetation canopy).
The model assumes that the net radiation flux density is allocated among the latent, sensible, and
soil heat flux densities and that allocation of net radiation can provide information on evapotranspiration.
The soil heat flux G is usually low if compared with the other terms [7]. This term is often
neglected, or it is set to a fixed proportion of the net radiation (for forest G = 0.1 Rn) [8]. However,
calculation of the sensible heat flux is extremely important because it commonly consumes 50% of
conifer forest net radiation [9]. Then H is given by:
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ρ.Cp
(T0  Ta )
rah

(2)

where  is the density of air, Cp is the specific heat of air, T0 is the canopy or surface temperature, Ta
is the air temperature and rah the aerodynamic resistance to the flux of sensible heat.
The latent heat flux can be expressed as:
LE 

ρ.Cp esat T0   ea

rah  rs


(3)

where γ is the psychrometric constant, rs is the surface resistance to evaporation, ea is the water vapour
pressure at reference height (za) and esat(To) is the saturated vapor pressure at surface temperature.
Currently, however, little is known about evapotranspiration and plant water status in Algerian
forests; direct measurements are difficult to obtain because steep slopes where forest cover is dominant
are present and these would require very expensive data acquisition. In addition, conventional
techniques that use point measurements to estimate the components of energy balance are
representative only of local scales and cannot be extended to large areas because of the heterogeneity
of land surfaces and the dynamic nature of heat transfer processes.
With the advent of thermal infrared scanners, proper evaluation of spatial variability has become
feasible. These data provide a synoptic view of surface temperatures, an advantage not afforded by
point surface temperature measurements. Therefore, a much more accurate averaging of surface
temperatures over a given area can be obtained using thermal imagery, thus reducing the number of
necessary ground-based measurements [10–14]. In addition, remote sensing provides an accurate
description of the various cover types using digital classification procedures. Thus, with remote
sensing, the spatial variability of surface temperature and cover type in forest ecosystems can be
accurately described especially when monitoring drought conditions [15,16] and natural
ecosystems [17–19]. Different methods have been developed to derive surface fluxes from remote
sensing observations.
The approaches vary from purely empirical to more complex ones, including residual methods and
those that have their basis in the biophysical properties characterizing a two-dimensional Ts/VI (surface
temperature/vegetation index) scatterplot domain derived from remote sensing observations [20]. This
leads to the classical triangle or trapezoidal shape of the temperature/vegetation cover diagram [21–25]
with it's ―
cold‖ (unstressed) and ―
warm‖ (stressed) edges. The trapezoid method is often used to derive
a spatial pattern of instantaneous stress level for a given TIR/NDVI image [26].
Methods using remote sensing information to estimate heat exchange between land surface and
atmosphere can be broadly divided in two categories: in the first one, the sensible heat flux is
calculated and then the latent heat flux is obtained as the residual component of the energy balance
equation; In the second, the relative evaporation is estimated by means of an index (e.g., the
CropWater Stress Index) using a combination equation [27–30]. Although successful estimations of
heat fluxes have been obtained over small-scale horizontal homogeneous surfaces [31–33], difficulties
remain in estimations of partial canopies which are geometrically and thermally heterogeneous [34,35].
Classical remote sensing flux algorithms based on surface temperature measurements in combination
with spatially constant surface meteorological parameters may be suitable for assessing the surface
fluxes on a small scale, but they will fail for larger scales at which the surface meteorological
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parameters are no longer constant, and the surface geometrical and thermal conditions are neither
homogenous nor constant.
Amongst these methods, the S-SEBI model is used here: it is a model which requires very few
inputs (albedo, NDVI and surface temperature maps) to derive evapotranspiration from the evaporative
fraction. The evaporative fraction (Λ) is the ratio of the surface latent heat flux over the sum of the
surface latent and sensible heat fluxes. A simple method to obtain Λ combines albedo (r 0) and the land
surface temperature (T0) [30,36,37]. Detailed descriptions of this method as well as its results can be
found in [38]. S-SEBI [37] directly estimates the evaporative fraction, on a pixel basis by means of a
contextual relationship between surface temperature and albedo. It has been applied to estimate the
evaporative fraction for crops and natural vegetation at different spatial scales and assumes that
atmospheric conditions remain relatively constant across the study region. It also requires enough wet
and dry pixels in the scene for hydrological contrast. The S-SEBI concept was previously applied to
Landsat images for the estimation of instantaneous fluxes adapted to semi-arid Mediterranean regions [37].
Landsat-7 ETM+ (Enhanced Thematic Mapper Plus) data were used to calculate the latent heat
flux (LE). Landsat 7 is currently the sensor collecting multispectral thermal infrared data at high
spatial resolution (60 m in TIR), which is very appropriate for model testing and direct ground
comparison [39] although we have only three ground measurements in our study. In addition, it
decreases the problem of pixel heterogeneity in the classification of vegetation. The ETM+ also
includes additional features that make it a more versatile and efficient instrument for land cover
monitoring and assessment [40].
The first objective of this study is to map surface energy fluxes with remote sensing data, based on a
simplified algorithm to solve the energy balance equation for each pixel.
2. Site Description
The study site is located on the Mediterranean Sea in the western region of Algeria (Figure 1) over
the mountains of Beni Chougrane, between longitudes 0°9' W and 0°6' E and latitude 35°21' N
and 35°34' N. It covers an area of 742.5 km2. Altitudes vary mostly in the range from 150 to 600 m,
with a slope exceeding 25% on most of the land.
Two periods characterize this region: a cold season from November to April, with minimum
recorded temperatures around 2 °C and a hot season from May to October with maxima of 35 °C. The
maximum thermal stresses are worsened by the Sirocco, a hot drying wind from the south, which
manifests itself especially in summer and increases evapotranspiration. Rainfall is concentrated during
the cold season. The average annual rainfall is between 300 to 500 mm (data from 1970 to 2007 by
NMO). The lithological faces which are widely represented in this region are marl and marl-limestone
terrains with predominantly soft marls and clays [41].
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Figure 1. Location of the study area.

The land cover map (Figure 2) shows that the soil use is diversified, but with a predominance of
range and scrub (sparse vegetation) and forests (moderate vegetation) in the highland, as seen in the
forest of Fergoug of Stamboul Bouziri which covers about 60% of the area under study. The forest
vegetation is Mediterranean sclerophyllous evergreen, with three main vegetation types: a majority of
Thuya, sparse pinery (Pinus halepensis) and loose areas of oak (Quercus ilex) [42]. The low vegetation
is represented by Calycotome, Diss, Chamerops, Artemesia and Stippa. Down the mountain, lies the
plain of Sig with irrigated crops and natural vegetation colonizing wadi beds (dense vegetation). Dry
crops and fallow lands occupy most bare soils.
Figure 2. Land cover map of study area obtained by multispectral classification of TM
image (Landsat-7 ETM+ at 29 May 2000).
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This forest ecosystem is strategically important for the region’s environmental (soil protection,
carbon sequestration) and socioeconomic (tourism, timber harvest) systems. At present, the forests and
their ecosystems are highly degraded, especially in summertime when trees die due water depletion, or
are disease-prone and the forest is generally more susceptible to fire. While much attention is paid to
Algerian forests, very few comprehensive studies have been done to address changes in this ecosystem
at a regional scale.
3. Data Use and Input Parameters
The data set used in this study consists of seven spectral bands of Landsat-7 ETM+ (Enhanced
Thematic Mapper Plus) sensor acquired on 29 May 2000 at 10:30 GMT. The solar conditions during
the image acquisition of Landsat Thematic Mapper Plus on the selected day are reported in Table 1.
Table 1. Solar conditions during the image acquisition of Landsat Thematic Mapper on the
selected day (day 150) in 2000.
Parameter
Solar declination
Sun-earth distance
Solar angle hour
Solar zenith angle

Unit
rad
AU
rad
rad

TM day 150
0.3797
1.0138
0.3938
0.4187

The estimation of the energy balance at the surface requires scanned spectral radiances under cloud
free conditions in the visible, near-infrared and thermal infrared range to determine the input
parameters: surface reflectance, surface temperature and vegetation index.
The spectral bands of ETM+ sensor are supplied in digit numbers (encoded into an 8-bit value)
which are converted in radiances in the optical (visible, near and medium infrared) and thermal
(thermal infrared) ranges using the linear expression:

Lλ    DN  

(4)

where DN is the digit number, α and β are calibration coefficients.
The spectral radiances in the optical range are converted to reflectances after correction for
atmospheric effects using MODTRAN radiative transfer code [43]. These reflectances are then used to
calculate the albedo (r0) and vegetation index (NDVI). The albedo is defined as a surface reflectance in
the shortwave range (0.3–3 μm). It is calculated using the formula proposed by Liang et al. [44]:
r0  0.356 r1  0.13 r3  0.373 r4  0.085 r5  0.072 r7  0.0018

(5)

where r1, r3, r4, r5 and r7 are respectively the reflectances in channels 1, 3, 4, 5 and 7 of ETM+ sensor.
The vegetation index (NDVI) is calculated from the reflectances in the red (r3) and the near
infrared (r4) [45]:

NDVI 

r4  r3
r4  r3

(6)
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The spectral space-reaching radiance measured by the sensor in the thermal infrared (L↑sat(λ)) is
expressed by the following relationship [46]:

L sat ()  [  L  (T0 )  (1    )L atm ()]   L atm ()

(7)

where L(T0) is the radiance of a blackbody target of kinetic temperature T0,  is the atmospheric
transmission, L↓atm(λ) is the down-welling or sky radiance, L↑atm(λ) is the upwelling or atmospheric
path radiance and  the emissivity of the surface which is estimated from the vegetation
index (NDVI) [47]:

   1.0094  0.047 log( NDVI )

(8)

The atmospheric parameters are estimated at time of satellite overpass by the web atmospheric
correction parameters calculator [48]. Spectral radiances reflected from the Earth surface can be
deducted by inversion of Equation 7. Surface temperatures are finally obtained based on these
radiances according to Planck's Law [49]:
T0 

1282 .72
666 .09
log(
 1)
L (T0 )

(9)

Remote sensing data are supplemented by meteorological measurements for temperature and
humidity of air, wind speed, global radiation and relative sunshine duration. These measurements are
collected from three weather stations (Fergoug, Hacine and Bouhenni) located in the study area.
4. Methodology for Estimating Latent Heat Flux
The energy balance at the surface is determined with the Simplified Surface Energy Balance
Index (S-SEBI) which is a simplified method, developed by Roerink et al. [37], to estimate surface
fluxes. The derivation of accurate surface parameters from remote sensing is key to determine the main
terms of energy balance depending on the type of vegetation in this model. With the model which
combines surface parameters (input data) derived from remote sensing data with surface
meteorological variables and vegetation characteristics, ET on local, regional and global-scales can be
evaluated. Remote sensing information can provide spatial distribution and temporal evolution of
NDVI (Normalized Difference Vegetation Index), surface albedo from visible and near-infrared bands
and surface emissivity and radiometric surface temperature from mid and thermal infrared bands,
which are indispensable to the model that partition the available energy into sensible and latent flux
components [50]. However, eventhough the NDVI and albedo, provide interesting information to interpret
thermal data [51], they are less significant in the discrimination of surface water status because their
correlation coefficients with the latent heat flux are high. S-SEBI is based on the contrast between a
reflectance (albedo) dependent maximum surface temperature for dry limit and a reflectance (albedo)
dependent minimum surface temperature for a wet limit to discriminate between the available energy
for sensible and latent heat fluxes. Since the atmospheric conditions over the study area can be
regarded as constant and sufficient variations in surface hydrological conditions are present, the
turbulent fluxes can then be calculated with S-SEBI without any further information than the remote
sensing image itself [52].
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In this model, the surface energy balance is obtained with remote sensing techniques on a
pixel-by-pixel basis according to the following equation:

LE  Rn  H  G

(10)

First, the surface net radiation (Rn) which represents the total heat energy that is partitioned into G,
H and LE, is calculated according to:
(11)

Rn  (1  r0 )  Rg  L  L

where Rg measured at a weather station is the incoming global radiation (Rg = K↓exoτsw) obtained from
exo-atmospheric solar radiation K↓exo taking into account the atmosphere transmissivity τsw. However,
for sloping surfaces, Rg must be corrected pixel by pixel, using the surface slope and aspect
information derived from a digital elevation model and the equation from Duffie and Beckman [53].
L is the upwelling longwave radiation from the Stephan-Boltzman law [28] using surface temperature
for a supposed emissivity of 1; L is the downwelling longwave radiation using air temperature (Ta),
vapor pressure (ea) and atmosphere emissivity (ε'). It can be given by the following [54]:
e
ε'  1.24  a
 Ta

1/7





(12)

Secondly, the soil heat flux cannot be directly determined from satellite sensors and requires an
empirical formulation. The soil heat flux (G) has been estimated using the following relation
developed by Bastiaanssen [28]:

G
Rn



 T0 0.0038  0.0074 r0   1  0.98NDVI4



(13)

Thirdly, the sensible and latent heat fluxes are not calculated as separate parameters (see Equations
2 and 3) but from the evaporative fraction. In S-SEBI, the evaporative fraction is bounded by the dry
and wet limits (Figure 3) and formulated by interpolating the reflectance (albedo) dependent surface
temperature between the reflectance (albedo) dependent maximum surface temperature and the
reflectance (albedo) dependent minimum surface temperature, which can be expressed as:



TH  T0
TH  TLE

(14)

where TH corresponds to the minimum latent heat flux (LEdry = 0) and maximum sensible heat flux
(Hdry = Rn − G) [the upper decreasing envelope when T0 is plotted against surface reflectance (albedo)],
TLE is indicative of the maximum latent heat flux (LEwet = Rn − G) and minimum sensible heat flux
(Hwet = 0) (the lower increasing envelope when T0 is plotted against surface reflectance). A linear
regression is applied to obtain TH and TLE from the surface reflectance (albedo):
TH  aH  bH  r0

(15)

TLE  aLE  bLE  r0

(16)

where aH, bH, aLE and bLE are empirical coefficients estimated from the scatter plot of T0 and r0 in our
study area.
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Inserting Equations (15–16) into Equation (14), Λ can be derived by:



aH  bH  r0  T0
aH  aLE  bH  bLE   r0

(17)

Figure 3. Linear interpolation scheme to obtain evaporative fraction from albedo-surface
temperature scatter plot in this study according to S-SEBI model.

Experimental evidence indicates that for homogeneous and heterogeneous land surfaces, Λ, is
temporarily stable between 10:00 and 15:00 local time [55–57]. The evaporative fraction has therefore
been selected as a basis to validate the instantaneous surface energy balance, which is
expressed as [55]:



LE
LE

LE  H Rn  G

(18)

The method furthermore assumes that:

H  (1  )  (Rn  G)

(19)

LE  (Rn  G)

(20)

In addition, the other parameters that are estimated are rah, rs, and Ta. The rah value to study area is
obtained by the inversion of Equation 2 and Ta is derived by linearly relating T0 to the surface-air
temperature difference [28]. rs is obtained by the inversion of Equation 3. These parameters are not
necessary to estimate the latent heat flux in the S-SEBI model, but it was added to refine the study and
to assess the approach used.
5. Results and Discussion
5.1. Results Obtained with S-SEBI Method
It can be seen that the surface temperature is the most dominant parameter in the estimation of latent
heat flux. Indeed, the S (of Simplified) in the S-SEBI model stands for the case where the extreme
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temperatures TLE and TH can be determined from the image itself. In the study area, the surface
temperature varies in the satellite image between 298.7 K minimum and 333.4 K maximum. A
relatively higher average value is observed for dry pixels in comparison with wet pixels (Table 2). The
higher values correspond to pixels where bare soils are dominant, while low values are associated with
water or dense vegetation. The results are consistent with those obtained in Spain with the same
method, where T0 varies between 287 and 308 K [58].
Table 2. Instantaneous parameters and surface energy fluxes above dry and wet pixels
estimated from remote sensing data and S-SEBI method.
Parameter
NDVI
Albedo
Surface temperature
Emissivity
Net radiation
Soil heat flux
Sensible heat flux
Latent heat flux
Evaporation Fraction
Near-surface air temperature
Aerodynamic
resistance to heat
difference
Surface
transfer resistance to evaporation

Unit
–
–
K
–
W∙m−2
W∙m−2
W∙m−2
W∙m−2
–
K
s∙m−1
s∙m−1

Dry pixels
0.117
0.310
325.9
0.926
597.6
140.9
466.6
0.0
0.0
295.9
58.7
3990.6

Wet pixels
−0.084
0.120
300.8
1.00
713.5
57.4
0.0
656.1
1.0
275.2
223.4
0.0

The aerodynamic resistance to sensible heat flux has a major influence on the latent heat density
calculated for a given pixel; in this study it is only derived. The value of rah for dry pixels is low,
causing the release of sensible heat to the atmosphere. This is justified by high differences between
surface and air temperatures. The excess resistance parameter was larger over wet pixel, because the
available energy at the surface is mainly used in evapotranspiration. The wet pixel is representative of
the bare soil when the surface temperature was very close to the air temperature. The change of rah
values implies a change in the relative verticalposition of the effective heat source (z 0h) and of the
effective momentum sink (z0m) within the canopy. More precisely a low value of rah implies that the
heat source is higher than or very close to, the momentum sink. This is likely to happen when the
upper portion of the canopy is warmer than the lower one. Indications that this might really be the case
have been given by Jia [59], who studied in detail the variability within the canopy of radiative and
convective fluxes in relation with foliage and soil temperature.
In comparison, with the resistance offered by the boundary layer to evaporation, the resistance
offered by stomata (rs) is generally larger in dry pixel (Table 2), but in still conditions rah can dominate
the total external (i.e., rah plus rs) leaf resistance. At the point of stomatal resistance to evaporation, the
dry air increases in the atmosphere and the plant water status decreases.
Figure 4 shows the image illustrating the spatial variations of the latent heat flux derived by the
S-SEBI procedures. All the methods indicate that the heat flux from the land surface varies
significantly from place to place. The larger values (600–700 W∙m−2) are obtained for water (blue on
the image) and (400–300 W∙m−2) evergreen forests (green on the image), intermediate (250–200 W∙m−2)
for sparse vegetation fields (yellow and orange) and the lowest for bare soil (red). These results are in
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agreement with what we know about phenological stages for the various vegetation species in the area.
These results represent the estimation of instantaneous LE (residual method); the simulations refer to a
single snapshot taken at 10:30 AM. At midday it is a good indicator of the plant water status which is
the basis of this study. For estimation of LE over longer periods (seasonal, monthly, daily estimations),
the use of ground-based ET from weather data is necessary to make temporal interpolation. Therefore,
temporal scaling, which is one of the weaknesses of remotely sensed data, is needed to convert the
instantaneously spatial LE to a longer-time value (daily).
Figure 4. Latent heat flux map.

Table 3 summarizes the surface energy fluxes and other indicators of different land cover units. The
soil heat flux represents only 0.16 of the net radiation for the forest. Our results are comparable with
those of Desbois et al. [8], where G measured over French forests represents 0.1 Rn. We can see that
turbulent fluxes of sensible and latent heat play important role in the energy balance. They reach peak
values that are about half the flux of solar radiation during a clear day. The amount of the flux of
sensible heat is larger than the latent heat flux with lower wind speed (3 s∙m−1). Apparently neither the
sensible nor the latent heat flux is dominant over the other. Overall, the sensible heat flux averages
to 258.69 W∙m−2 and the latent heat flux is 249 W∙m−2, which is about 41.74% and 40.18% of the net
radiation balance, respectively. This is in good agreement with the result given by Jaeger et al. [60]
of 250 W∙m−2 latent heat flux measured for Mediterranean forests. The Bowen ratio (sensible/latent)
has a higher value for forest vegetation in comparison with sparse vegetation (high albedo) of 1.4
and 0.8 respectively. Indeed, when the vegetation density increases, the sensible heat flux decreases. In
contrast with the bare soil, the dense vegetation (wadi vegetation) has relatively higher values, usually
on the order of 400 W∙m−2. The sparse vegetation has very low values, usually less than 200 W∙m−2.
This can be explained by Mediterranean vegetation which is representative of the land cover of this
region. This vegetation is mostly sparse and much degraded by overgrazing, which cannot maintain an
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adequate soil moisture despite previous rainfalls (11.4 mm on 25 May 2000). This is because runoff
rather than infiltration occurs in such soil and in this unfavorable regional topography.
Table 3. Variation of surface energy fluxes and moisture indicators with land cover units.
Land use
Rn(W∙m−2)
Water
745.91
Dense vegetation
650.09
Moderate vegetation
636.57
Sparse vegetation
618.56
Urban and bare soil
583.18

G0(W∙m−2)
64.48
92.78
105.41
115.91
119.61

H(W∙m−2)
23.17
164.15
222.82
279.67
296.86

LE(W∙m−2)
658.25
393.15
308.33
222.97
166.69

(–)
0.96
0.71
0.58
0.44
0.36

As shown from Table 3 the contribution of air humidity is important by the water bodies with a
value of evaporation fraction approximately equal to 1. A decrease in the fraction of evaporation (Λ = 0.58)
is observed for moderate vegetation forests even during the wet period of the year. Sparse vegetation
although perennial is moderately dry (Λ = 0.4) with a significant portion of its energy converted into
the sensible heat flux. The model notes the increase in the canopy-air temperature difference resulting
in a greater net radiation being allocated to the sensible heat flux. This leaves less energy for the latent
heat flux.
The results for the area understudy clearly show a small fraction of evaporation and a decrease in
the latent heat flux in forest environments. This will have a direct impact on soil moisture and the
drying up of vegetation which will be more pronounced in summer [61].The study area is marked with
a dominance of moderately dry surfaces (0.3 < Λ <0.5) with a low LE (Figure 5).
Figure 5. Frequency distributions of evaporative fraction.

5.2. Evaluation Method
With this approach areas which have an increasing evaporation and those that suffer from water
stress can be well differentiated at a regional scale. We see, from these observations that the fraction of
evaporation and latent heat flux are direct and simple indicators to monitor drought conditions of
natural environments. Sobrino et al. [50] used the S-SEBI model with AVHRR data acquired
from 1997 to 2002 over the Iberian Peninsula to analyze the seasonal evolution of daily ET and a
RMSE of 1.4 mm/d has been shown when results derived from S-SEBI were checked against with high
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resolution ET values. Others works based on the S-SEBI method give realistic results [51]. In addition,
the S-SEBI is not only simple but accurate when retrieving evapotranspiration data [58].
Therefore, the analysis of the frequency distribution of surface resistance to evaporation is
considered a good way to validate our results. Bougeault et al. [62] and Bastiaanssen et al. [63]
showed that for most surfaces fully covered by vegetation, the values of this resistance vary between 10
and 400 s∙m−1, with a peak usually around 80 s∙m−1. The result shown in Figure 6 is approximately
consistent with this indication.
Figure 6. Frequency distribution of the canopy structure resistance to evaporation for
pixels withNDVI values greater than 0.6.

In addition, comparing the air temperature measured at three weather stations in our study area with
those simulated by the model S-SEBI (Figure 7) a good fit (R2 = 0.75) is found with a low root mean
square error and with RMSE of only 0.78 °C of the observed Ta.
Figure 7. Comparison between the S-SEBI-based and ground-measured air temperatures.
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We have compared our results with those estimated on the ground using the Bowen ratio [64]. To
estimate the latent heat flux with the Bowen ratio method, measurements from weather stations in the
study area of, Rn, G, Ta and e (vapor pressure) at two levels are used. The result of this comparison is
shown in Figure 8. A sufficient correlation (R2 = 0.85), with an RMSE of 64 W∙m−2 of the Bowen ratio
LE is seen.
Figure 8. Comparison between the ground-based and satellite-derived estimates of the
latent heat flux.

Another comparison is made using the SEBAL model [28] which is also based on the evaporative
fraction in a manner similar to that of the S-SEBI model. When the evaporative fraction values
obtained by SEBAL are compared with those estimated by S-SEBI (Figure 9) a reasonable fit (R2 = 0.61)
is obtained. However, when SEBAL is applied over mountainous areas as in the study area,
adjustments based on a digital elevation model need to be made to T0 and u (speed of the wind) to
account for the lapse rate. Note that, errors in the surface temperatures or surface-air temperature
differences have a great impact on the estimation of H. This is why we have different values at the
same pixel from both methods. But the similarity between the SEBAL and S-SEBI results had already
been verified by Weligepolage [65], who observed strong correlations between both algorithms,
presenting a determination coefficient (R2) of 0.95.
Another method can also be used to validate these results; the latent heat flux values obtained by
S-SEBI and values estimated with the Priestley-Taylor formulation proposed by Jiang and Islam [66–67]
are compared. This method is based on the interpretations of the remotely sensed T0-NDVI triangle
feature space, which can be expressed as:

Rn  G 
LE  
(21)
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where Δ is slope of the saturation vapor pressure-temperature relationship,  is the psychrometric
constant (0.66 mbK−1) and α is the Priestley-Taylor parameter ranges from 0 to 1.26 (Figure 9).
Two-step linear interpolation scheme [66,68,69] is used to get the value of α in Equation 21 based on
the Ts-NDVI triangle feature space as shown in Figure 10. The other terms can be calculated using
remotely sensed data [66].
Figure 9. Comparison of the evaporative fraction (Λ) estimates with SEBAL and S-SEBI.

Figure 10. The simplified ND\VI-T0 triangular space in the study area.

The confrontation of latent flux values obtained with the S-SEBI and Priestley-Taylor method
shows that they are in good agreement (Figure 11), which justifies using this approach.
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Figure 11. Comparison between the S-SEBI and Priestley-Taylor latent flux.

5.3. Sensitivity Analysis
The land surface temperature is the direct indicator of how much energy and water could be
available over the land surface, as well as a key factor affecting the accuracy of the LE estimates. Land
surface temperatures along with other related remotely sensed surface variables (input parameters)
such as the surface albedo, the emissivity and NDVI in the energy balance models greatly contribute to
the precise partitioning of the four energy components in these models and consequently to the
accuracy of the retrieved regional LE.
In this work, the emissivity values estimated are reasonable according to reported values for soil
and vegetation [47]. Given the pixel size (30 m), the differentiation of pixels is easier, leading to a
more accurate NDVI estimation. Error for albedo is often lower. In Sobrino et al. [58] error estimates
of 0.03 are found. To get accurate surface temperatures, atmospheric corrections and surface
emissivity are used.
The uncertainty associated with the derived latent heat flux is large, because the evaporative
fraction is determined solely by the surface temperature. If the surface temperature has large
uncertainties, the resultant latent heat flux and evaporative fraction will be affected. In the S-SEBI
formulation, this uncertainty is limited by consideration of the energy balance at the limiting
cases (dry and wet).
However, the estimation of the instantaneous evaporative fraction error is the critical point of the
sensitivity analysis. This is due to the fact that TH and TLE are obtained from a graphical procedure (see
Figure 3) which may generate significant errors. In this context, a quantitative error estimation of
Equation 14 is not easy. These errors are evaluated by Gómez et al. [70], who considered that the
slopes of TH and TLE can reach an error of 15% and 70%, respectively, and the evaporative fraction can
be obtained with an error of 20% approximately. It is clearly shown that in an ideal situation, T H and
TLE must be obtained without error.
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On the other hand, errors in net radiation estimations may be related to the errors in albedo
estimations. Kustas and Norman [29] reviewed the uncertainties of various methods of estimating the
net shortwave and long-wave 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 meteorological temporal scales. Since S-SEBI first calculates the net radiation balance
and then partitions it into the energy balance terms, large discrepancies between the net radiation
measurements and the measured energy balance closure values can be found. The S-SEBI calculated
heat fluxes are systematically higher than the measured values in Roerink [37].
Moreover, in semiarid areas with sparse vegetation cover, errors in energy fluxes tend to be even
higher, around 25% [71]. According to Roerink [37], all S-SEBI calculated values match the measured
values within the measurement accuracy of approximately 10% [37].
Indeed, results from Roerink et al. [37], have shown that measured and estimated evaporative
fraction values had a maximum relative difference of 8% when measurements obtained from a small
field campaign during 1997 in Italy were compared with the S-SEBI derived outputs. Accuracy for the
daily evapotranspiration using the S-SEBI method was found to be lower than 1 mm/d over a barrax
test site in the framework of the DAISEX (Digital Airborne Imaging Spectrometer Experiment)
campaigns [59]. Good results inferred from S-SEBI have been also reported by several other authors in
different parts of the world [58,72,73].
6. Conclusions
In this paper, we have shown that the fraction of evaporation and latent heat flux are direct and
simple indicators to monitor drought conditions of forest environments. Modeling the energy balance
equation according to the S-SEBI approach shows that the surface parameters from satellite sensors,
the albedo, vegetation index and surface temperature allow us to determine the heat flux latent (LE)
simply and fast. The principal advantage of the proposed methodology is that the method requires only
satellite data, so it is easy to implement and LE in areas without measurements can be estimated.
However, the principal disadvantage of the methodology is that the studied images must contain
extreme surface value temperatures.
In general, it can be said that the S-SEBI method works appropriately for high-resolution images,
like Landsat ETM+ (NDVI pixel resolution of 30 m and T0 of 60 m), and for heterogeneous and
somewhat drier areas, like the ones studied here.
The results show that the sensible and latent heat fluxes are on the same order, with a slight surplus
for the sensible heat. By analyzing the latent heat flux from the land cover, large spatial and temporal
variations could be detected, although the simulated latent heat flux values should not be considered as
being very accurate. However, by comparing different methods, a range of values close to the real ones
could be estimated. The results obtained are in agreement with experimental data published in the
literature. Unfortunately the validation test is mostly based on the comparison of results obtained with
other methods, because we cannot access the ground surface flux for this study area .
The method provides estimates of air temperature close to reference measurements (RMSE = 0.78 °C ),
but air temperature estimates are subject to local errors. Altitude is not the only factor affecting air
temperature, but the advantage of this approach is that meteorological station data are not needed.
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The sensitivity analysis demonstrated that errors in the determination of TH and TLE lines, and
therefore in Λ, seem to affect the estimation of LE. This is the most critical point in the proposed
methodology. However, the estimate of latent heat flux and other variables gave results comparable to
those obtained in previous studies. Their comparison with other methods gave satisfactory results and
validated the results in this study area. In addition, with a method such as S-SEBI evapotranspiration
can be retrieved accurately. Given the simplicity of the models used in this study, our results are
reasonable but could benefit from further studies.
The methodology adopted to map the energy balance terms with remote sensing data gave very
promising results to monitor forest-cover in Algeria. If the input images of surface albedo and surface
temperature show a lot of variation in surface conditions (wet/dry) and the atmospheric conditions are
constant over the image, the S-SEBI model is a rather simple method to partition the surface energy
balance terms without additional (field) data.
Finally, the application of S-SEBI does not require any a priori knowledge of the actual turbulent
heat fluxes, indicating that S-SEBI is a credible and independent approach. Because of this, S-SEBI
results may be used to validate and initialize hydrological, atmospheric and ecological models that
usually require proper partitioning of the sensible and latent heat flux at different scales; in particular,
to understand physical processes at different scales as well as the ability to obtain distributed
physical information.
This method can also help monitor drought affected forests which will provide a better
understanding of some crucial environmental issues such as fire risk, rain-wash or more generally soil
protection and therefore lead to better management decisions in Algeria. Furthermore with this method
a territorial investigation with more information about the spatial partition of surface energy can be
performed. Finally, Satellite Earth observations will prove to be of utter importance for semi-arid
regions, where few weather stations are in operation.
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