Towards Horizon 2020

Lasaponara R., Masini N., Biscione M., Editors
EARSeL, 2013

Evapotranspiration of partially vegetated surfaces from
remote sensing
Luis Octavio Lagos1, Mario Lillo-Saavedra1, David Fonseca1 and Consuelo Gonzalo2
1

University of Concepción, Department of Water Resources, Chillán, Chile; octaviolagos@udec.cl
2

Abstract. Evapotranspiration (ET) estimates are required for many applications in agricultural and
environmental management, from hydrological applications to crop models and irrigation scheduling. Improvement in irrigation water management is achieved when crop water use is accurately
quantified in time and space. Conventionally, ET can be measured using Bowen ratio energy balance systems, eddy covariance systems, surface renewal systems, weighing lysimeters and sap
flows, among others. Although these techniques can provide accurate estimates of ET over a homogeneous area, they are mainly based on site measurements that are local, and cannot represent
the spatial variability of ET within a field or region. Satellite data are ideally suited for deriving
spatially continuous fields of ET using energy balance techniques. However for partially vegetated
surfaces (i.e. orchards), the use of those techniques has been limited due to the low spatial resolution obtained from some type of sensors at the satellite platform, that difficult its utilization at a
farm level. Here, the use of methodologies of images fusion that integrate information from different sensors, offer an opportunity to achieve a characterization with more detail that consistently
can be used at a farm level. The main goal of this study is to evaluate the performance of a surface
energy balance (SEB) model and an image fusion algorithm to estimate ET for partially vegetated
surfaces. Special interest is focused in instantaneous and daily evapotranspiration. Surface energy
fluxes calculated with a SEB model from both original and fused images are compared with Eddy
Covariance measurements made over a blueberry and cherry orchard fields.
Keywords.Water demand, evapotranspiration, Eddy covariance.

1. Introduction
Latent heat flux or Evapotranspiration (ET) is the total amount of water lost via transpiration
and evaporation from plant surfaces and the soil in an area where a crop is growing. Since 80-90 %
of precipitation received in semiarid and sub-humid climates is commonly used in evapotranspiration, accurate estimations of ET are very important for hydrologic studies and crop water requirements. ET determination and modelling is not straightforward due to the natural heterogeneity and
complexity of agricultural and natural land surfaces. In evapotranspiration modelling it is very
common to represent vegetation assuming a single source of energy flux at an effective height
within the canopy. However, when crops are sparse, the single source/sink of energy assumption in
such mod-els is not entirely satisfied. Improvements using multiple source models have been developed to es-timate ET from crop transpiration and soil evaporation. Soil evaporation on partially
vegetated sur-faces over natural vegetation and orchards includes not only the soil under the canopy
but also areas of bare soil between vegetation that contribute to ET. Soil evaporation can account
for 25-45% of annual ET in agricultural systems. In irrigated agriculture, partially vegetated surfaces include fruit orchards (i.e. apples, oranges, vineyards, avocados, blueberries, and lemons
among others), which cover a significant portion of the total area under irrigation.
In semiarid regions, direct soil evaporation from sparse barley or millet crops can account for 30
to 60 % of rainfall [1]. On a seasonal basis, sparse canopy soil evaporation can account for half of
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total rainfall [2]. Allen [3] estimated the soil evaporation under a sparse barley crop in northern
Syria and found that about 70% of the total evaporation originated from the soil. Lagos [4] estimated that under irrigated maize conditions soil evaporation accounted for around 26-36% of annual evapotranspiration. Under rainfed maize conditions annual evaporation accounted for 36- 39%
of total ET. Under irrigated soybean the percentage was 41%, and under rainfed soybean conditions
annual evaporation accounted for 45-47% of annual ET. Massman[5] estimated that the soil contribution to total ET was about 30% for a short grass steppe measurement site in northeast Colorado.
In a sparse canopy at the middle of the growing season, and after a rain event, more than 50% of the
daily ET corresponds to directly soil evaporation [2]. Soil evaporation can be maximized under frequent rainfall or irrigation events, common conditions in agricultural systems for orchard with drip
or micro sprinklers systems. If some of this unproductive loss of water could be retained in the soil
and used as transpiration, yields could be increased without increased rainfall or the use of supplemental irrigation [1]. The measurement and modelling of soil evaporation on partially vegetated
surfaces is crucial to estimate how much water is lost to the atmosphere via soil evaporation. Consequently, better water management can be proposed for water savings. Partially vegetated surface
accounts for a significant portion of land surface. It occurs seasonally in all agricultural areas and
throughout the year in orchard and natural land covers. Predictions of ET for these conditions have
not been thoroughly researched. In Chile, agricultural orchards with partially vegetated surfaces include apples, oranges, avocados, cherries, vineyards, blueberries, and berries, among others. According to the agricultural census [6] the national orchard surface covers more than 324,000 ha, representing 30% of the total surface under irrigation.
Similar to the Shuttleworth and Wallace [7], Choudhury and Monteith[8] and Lagos [4] models,
the modelling of evapotranspiration for partially vegetated surfaces can be accomplished using explicit solutions of the equations that define the conservation of heat and water vapor fluxes for partially vegetated surfaces and soil. Multiple-layer models offer the possibility to represent these conditions to solve the surface energy balance and consequently, estimate evapotranspiration. Modelling is essential to predict long-term trends and to quantify expected outcomes. Since ET is such a
large component of the hydrologic cycle in areas with partially vegetated surfaces, small changes in
the calculation of ET can result in significant changes in simulated water budgets. Thus, good data
and accurate modelling of ET is essential for predicting not only water requirements for agricultural
crops but also to predict the significance of irrigation management decisions and land use changes
to the entire hydrologic cycle. Currently, several methods and models exist to predict natural environments under different conditions. More complex models have been developed to account for
more variables affecting model performance. However, the applicability of these models has been
limited by the difficulties and tedious algorithms needed to complete estimations.
Several energy balance models have been coupled with spatially distributed information obtained from remote sensors (satellites and airborne) to mapping crop ET (or ETc). In general land
surface energy balance models uses remotely sensed surface reflectance in the visible and nearinfrared portions of the electromagnetic spectrum and surface temperature (radiometric) from an
infrared thermal band [9] (e.g. METRIC [10], SEBAL [11] and ALEXI [12], among others).
Although today it is possible to estimate spatially distributed values of ETc, their application at
a field or farm scale has been limited due to calibration and validation process required for different
canopy covers and by the low spatial resolution of remote sensed images. To estimate ETc at a field
scale is desirable images with high and very high spatial resolution. The new generation of remote
sensed images with high spatial resolution offers the possibility to consider detailed characteristics
of the canopy in spatially distributed ETc models. Here, the use of strategies of satellite image fusion that integrate information from different sensors, offers an opportunity to achieve a characterization with more detail that consistently can be used at a field scale.
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The main goal of this study is to evaluate the performance of a surface energy balance (SEB)
model and an image fusion algorithm to estimate ET for partially vegetated surfaces. Special interest is focused in instantaneous and daily evapotranspiration. Surface energy fluxes calculated with a
SEB model from both original and fused images are compared with Eddy Covariance measurements made over a blueberry and cherry orchard fields.
2. Methods
2.1. METRIC model:
METRIC model (Mapping Evapotranspiration at high Resolution using Internalized Calibration), was developed by [10] originally based in SEBAL model (Surface Energy Balance Algorithm
for Land) presented by [11]. METRIC solves the energy balance in the surface using satellite images and data from a weather station located in the study zone. Evapotranspiration (ET) is estimated
as the residual of the energy balance, where latent heat flux is function of net radiation, soil heat and
sensible heat fluxes.
2.1.1. Algorithms
METRIC estimates crop evapotranspiration as the residual of the surface energy balance (equation1),whereLE(W m-2)isthelatentheatflux,Rn(W m-2) is the net radiation, G(W m-2) is the soil
heat flux and H ( Wm-2) is the sensible heat flux.
(1)
To estimate net radiation, albedo and the surface temperature of each pixel are calculated from
the satellite image, then, a balance of the energy at the surface (equation 2) is estimated. This energy represents the available energy that can be converted into soil heat flux, latent or sensible heat
fluxes.
(2)
Where α is the surface albedo, Rsin is the incoming solar radiation (W m-2), Rlin (W m-2)
represents the incoming long wave radiation (W m-2), Rlout is the outgoing long wave radiation (W
m-2) and ε is the surface thermal emissivity of broad band. Rsin is estimated in function of relative
humidity, the date and the time that the image is captured (equation 3).

(3)
Where Gsc is the solar constant (1367 W m-2), θ is the angle of solar incidence, τsw is the
atmospheric transmisivity of broad band, and d represents the inverse relative distance Earth-Sun.
The outgoing long wave radiation (Rlout) is estimated with the Stefan-Boltzmann equation
(equation 4). Where σ is the Stefan-Boltzmann constant (5.67∗ 10−8 W m-2 K-4 ), and Ts is the
surface temperature in Kelvin.

(4)
The surface temperature (Ts) is calculated with the equation 5 [14], which is a modification of
Plank’s equation. Where k1 (K) and k2 (W m-2 μm-1 st-1) are constants for each sensor, Rc (W m615
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2 μm-1 st-1) is the corrected thermal radiance for the effects of the atmosphere in the emitted radiance from the surface, due that part of emitted radiance for the surface is absorbed and reflected for
the atmosphere, also thermal radiation emitted from the atmosphere and the sensor suppose that it is
from the surface. εNB is the surface thermal emissivity in the narrow band (10.4 a 12.5 μm)and can
be calculated with an empiric model developed by [15].

(5)
The corrected thermal radiance (Rc) is obtained with equation 6, based in [16]. Where L is the
thermal radiance (W m-2 μm-1 st-1), Rp (W m-2 μm-1 st-1) is the radiance emitted in the path from
the surface to sensor; τNB is the air transmisivity in the narrow band and Rsky (W m-2 μm-1 st-1)
is the incoming thermal radiance from a clear sky in the narrow band.

(6)
The correction of L6 is necessary due to process of absortion and reflection of radiation in the
atmosphere, also thermal radiation is emitted by the atmosphere in the sensor direction, causing errors. The Rp and τN B need an atmospheric radiation transfer simulation model. In [10], suggest
values of Rp = 0.91, τNB = 0.866 and Rsky = 1.32 are given for clear sky conditions. These values
were estimated after multiples simulations with MODTRAN model [17] in the south of Idaho.
When it is not possible, the correction of L6 can be obviated. The no correction to the thermal radiation cause a sub-estimation in the surface temperature in the hottest zones of the image, but would
not affect the estimation of final evapotranspiration, because the process of estimating the temperature difference between surface and air would annul it [18].
The incoming long wave radiation (Rlin) is estimated with equation 7, this equation is based in
Stefan-Boltzmann equation. Where εa is the effective atmospheric emissivity and Ta is the nearsurface temperature. εa is estimated with an empiric equation developed in [19], and the coefficients
estimated in [20] over alfalfa in Idaho (equation 8). In the most of the METRIC applications, Ts is
used as Ta, indicating that incoming long wave radiation varies in function of surface temperature.

(7)
(8)
The soil heat flux (G) is estimated with an empirical model developed by [21] and represents
values for noon (equation 9). NDVI (Normalized Difference Vegetation Index) is a vegetation index
that shows the status of vegetation vigor (equation 10). In the equation 9 the value of surface temperature must be entered into the equation in degrees Celsius. Next, the G (W m-2) is calculated by
multiplying the values of G by Rn that have been previously estimated.

(9)

(10)
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The sensible heat flux (H) is the component that most differs in the SEBAL and METRIC estimations. H (W m-2) is determined from the equation of heat transport (equation 11), where the parameters of temperature difference between the surface and air (dT), and aerodynamic resistance to
heat transport (rah) present the greatest complications in the calculation. These complications are
because the originally estimation of dT would need to have the surface and air temperatures for all
the pixels of the image, and to estimate rah would need to know the friction velocity (u∗ ) of each
pixel.
In the equation 11 the parameter cp corresponds to the specific heat of air, 1004 (J kg-1 K-1 ).

(11)
In the determination of rah it is necessary to make an extrapolation of wind speed to a height
where is assumed constant (200 meters), and a iterative correction process of stability based on the
equations of Monin -Obhukov [22]. On the image, 2 pixels should be identified with features necessary to implement the linear relationship described in [19], [23], [24] and [25]. This relationship allows to obtain dT from the previously calculated surface temperature with the equation 12, where b
corresponding to the intercept of the line with the axes of dT, while a is the slope of the line.

(12)
The selected pixels are identified as hot and cold pixel. While the cold pixel corresponds to a
pixel with a full vegetal cover and without water deficiencies, the hot pixel corresponds to a pixel
with cover of agricultural soil without vegetation cover and with- out irrigation. Using the relationship in equation 12 can be estimated dT for the entire image with the coefficients a and b obtained
from the hot and cold pixels identified. The values of a and b are estimated with the equations 13
and 14 respectively, where the subscripts hot and cold refer to the pixel values of the hot and cold
pixel, respectively.

(13)
(14)
The values of dThot−cold are estimated using equation 11, this equation requires values of
Hhot−cold, rahhot−cold and ρhot−cold. In METRIC Hhot is estimated using the energy balance at
the surface shown in equation 1, assuming that the hot pixel corresponds to a soil devoid of vegetation cover and soil moisture, with latent heat flux LE equal or close to 0. Thus, the remaining energy balance can be written as H =Rn −G. Hcold is estimated using the same procedure described
above, except that the latent heat flux is assumed to be 5 % higher than the reference crop
evapotranspiration of alfalfa ([25]).
In summary, with the first iterative process that only involves the hot and cold pixels, it is possible to set the a and b values that then are using in equation 12.
The algorithms have been detailed to estimate the components of energy balance at the surface
(equation 1) of Rn, G and H, thus is possible to estimate the latent heat flux LE as residual energy
balance.
The estimates are based in the radiative information of the image captured in a specific instant,
so estimates of latent heat flux also corresponds to that moment.To estimate the instantaneous sur617
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face evapotranspiration (ETinst) in mm h-1, using equation 15 where λ ( J kg-1 ) is the latent heat of
vaporization is estimated with the equation 16.
(15)
(16)
To transform the values from instantaneous evapotranspiration to daily evapotranspiration (mm
day-1) the concept of “fraction of the reference evapotranspiration” is used (ETrF)[10]. The value
of ETrF is estimatedin the equation 17, where ETr is the reference evapotranspiration calculated
from the weather station data at the instant that the satellite image is captured.

(17)
The crop evapotranspiration extrapolated to daily period (ET24) is estimated by equation 18,
where ETr24 is the reference evapotranspiration for the daily period measured at the station.
(18)
2.2. Image Fusion method:
Some of the current methodologies of data fusion at a pixel level introduce spatial artifacts in
the resulting fused images, these artifacts appear due to these fusion methods do not consider differences in roughness or textural characteristics between covers and only consider the digital value associated to each pixel. This effect is augmented if the image spatial resolution increases. To minimize this problem Lillo-Saavedraet. al[26] propose a new paradigm based in the Wavelet trous
transform (TDWA) and local measurements of the fractal dimension (FD). To apply this method,
maps of fractal dimension (MDF) needs to be generated for each band of the original image (panchromatic and multispectral bands) using a box counting algorithm applying a windowing process.
The average image from MDF, previously indexed between 0 and 1 is used to discriminate different
covers present in the satellite image. Details of this method can be found in [26].
2.3. Sites of study:
Two sites located in the central irrigated valley of Chile were used for model evaluation. Field
area ranges from 13 to 89 ha, providing sufficient fetch of uniform cover required for adequately
measuring mass and energy fluxes using eddy covariance systems [27]. Site 1 is an irrigated Blueberry field of 13 ha (36◦ 37’ 15.7” S; 71◦ 53’ 57.7’ O) and site 2 is an irrigated Cherry field of 120
ha (34◦ 6’ 43” S; 70◦ 41’ 9” O). The Blueberry field variety Legacy, has been planted with 3 m between rows and 1 m between plants, it has a drip irrigation system with two emitters of 2.2 Lh−1
per plant. The soil of this site is silt loam. The climate is warm template with a short dry season and
precipitations in the range of 1000 to 1300 mm per year [28]. The Cherry orchard field variety Bing,
has been planted with 4 m between rows and 3 m between plants, it has a drip irrigation system with
two emitters of 4 Lh−1 per plant. The soil of this site is clay loam. The climate, mediterraneantemplated with a long dry season and average precipitations of 370 mm per year [28].
At site 1, soil water content in the root zone was measured continuously at four depths (0.05, 0.1,
0.2, 0.3 and 0.4 m) by employing 5HS and 10HS sensors (Decagon devices, Pullman, WA) connected to a Em5b data logger (Decagon devices, Pullman, WA). Green leaf area index measurements were made approximately monthly during the growing season using a Digital Plant Canopy
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Imager (CI110 canopy analyzer CID Bio Science, Camas, WA). Air temperature and humidity were
measured at 1.5 m above the canopy (HMP45C Campbell Scientific, Logan, UT), two net radiometer located 1.5 m above the canopy and 1.5 m height between rows (KippZonen model NR-Litle 2,
Delft, NLD), and four soil heat flux plates at 0.06 m depth, 2 located below the canopy and two between rows (Huxseflux model HFP01SC Campbell Scientific, Logan, UT). Soil temperature and
heat storage were measured by four soil thermocouples (TCAV, Campbell Scientific Inc., Logan,
UT, USA) positioned at 0.02 and 0.06 m depth above each heat flux plate. Soil temperature was
measured at 0.06, 0.1, 0.2, and 0.5 m depths (Platinum RTD, Omega Engineering, Stamford, CT).
Eddy covariance measurements of latent heat, sensible heat, and momentum fluxes were made using a three-dimensional sonic anemometer (CSAT3 Campbell Scientific, Logan, UT) and an openpath infrared CO2/H2O gas analyzer system (Model EC150, Campbell Scientific, Logan, UT). At
site 2, soil water content in the root zone was measured continuously at four depths (0.05, 0.1, 0.3,
0.5 and 0.7 m) by employing 10HS sensors (Decagon devices, Pullman, WA) connected to a Em5b
data logger (Decagon devices, Pullman, WA). Green leaf area index measurements were made approximately monthly during the growing season using a (CI110 canopy analyzer CID Bio Science,
Camas, WA). Air temperature and humidity were measured at 1.5 m above the canopy (HMP45C
Campbell Scientific, Logan, UT), one net radiometer located 1.5 m above the canopy (KippZonen
model NR-Litle 2, Delft, NLD), and two soil heat flux plates at 0.06 m depth located below the
canopy (Huxseflux model HFP01SC Campbell Scientific, Logan, UT). Soil temperature and heat
storage were measured by four soil thermocouples (TCAV, Campbell Scientific Inc., Logan, UT,
USA) positioned at 0.02 and 0.06 m depth above each heat flux plate. Eddy covariance measurements of latent heat, sensible heat, and momentum fluxes were made using a three-dimensional
sonic anemometer (CSAT3 Campbell Scientific, Logan, UT) and an open-path infrared CO2/H2O
gas analyzer system (Model EC150, Campbell Scientific, Logan, UT). At the two sites eddy covariance sensors were mounted 1.5 m above the canopy. Fluxes were corrected for inadequate sensor
frequency response [29] and adjusted for the variation in air density due to the transfer of water vapor and sensible heat.
2.4. Landsat Satellite images:
Two growing seasons were analyzed during this study, 2011-2012 and 2012-2013. Twenty four
Landsat 7 (+ETM) satellite images were obtained from USGS Glovis (http://glovis.usgs.gov) with
available scenes every 16 days. The Landsat scenes were acquired including a default standard terrain correction (Level 1T). Since 2003, the +ETM images have gaps owing to failures in the satellite scan line corrector (slc- off), gaps in both sites were filled using the method recommended by
the USGS (https://landsat.usgs.gov/documents/SLCgapFillmethodology.pdf). At site 1, 5 Landsat 7
images (path 233, row 85) were analyzed during the first growing season and 8 Landsat 7 images
for the second, all of them between October and April. At site 2, 7 Landsat 7 images (path 233, row
84) were analyzed during the first growing season and 4 Landsat 7 images for the second, all of
them between October and April.
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Table 1.Dates of Landsat 7 satellite images used during this study.

3. Results
3.1. Eddy Covariance Energy Balance.
For quality control, the energy balance closure of Eddy Covariance systems were evaluated at
both sites. Figure 1 shows the relationship between the available energy (Rn - G) and turbulent
fluxes (H + LE). Overall, our results shows that in average more than 88% of the available energy is
explained by the latent and sensible heat fluxes. These results were similar and slightly better that
other energy closure published in literature, assuring the quality of in situ measurements.

Figure 1. Eddy Covariance Energy closure at sites 1 and 2.
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3.2. Net radiation (Rn), Soil Heat Flux (G), Sensible heat (H) and Latent heat (LE)
The METRIC algorithm was applied to all 24 images during both growing seasons. As an example Figure 2 shows maps of the energy balance components at site 2 (Cherry field).After applying METRIC to the original images, the fusion algorithm was applied to reduce the spatial resolution for all bands in each image. Figure 3 shows maps of energy balance components at site 2 with
fused images.

a) Rn (W m-2)

b) G (W m-2)

c) H (W m-2)

d) LE (W m-2)

Figure 2. SurfaceEnergy Balance Components at site 2, Original image

Figure 3. SurfaceEnergy Balance Components at site 2, Fusedimage.
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3.3. Surface Energy Balance Components
In order to evaluate estimations from the surface energy balance algorithm (METRIC) and the
fusion method, each energy balance component estimated from the image were compared to Eddy
Covariance measurements. All images were used during this evaluation. Figure 4 shows the comparison between observed and estimated Rn, H, LE, and G. A high correlation was found for net
radiation but as was expected soil heat flux estimated with the model doesn’t correlate in the same
manner. It is hypothesized that this is due to: the model was applied without making any calibration
and soil heat flux measurements are very local with a very small footprint. This always has been an
issue in other similar works.
Evapotranspiration estimated from images were compared with ET measurements when satellite
overpass (W m-2) and for daily values. Overall the ET estimated with the model correlates with
measurements, these results are encouraging and it is believed that there ismore space to increase
the accuracy of model estimations.

Figure 4. SurfaceEnergy Balance Components at site 2, FusedImage

3.4. LE from original images versus LE from fused images
To evaluate the effect on latent heat (LE) or ET estimations, ET estimated with the original images and ET estimated with fused images were compare. Figure 5 shows the high correlation between both estimates, this suggest that we can increase the spatial resolution without losing accuracy in the model.
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Figure 5. Eddy Covariance Energy Balance at sites 1 and 2
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4. Conclusions
METRIC was used to estimate evapotranspiration and surface energy balance components during two agricultural seasons for Blueberry and Cherry orchards with 24 Landsat 7 satellite images.The model was able to estimate the surface energy balance fluxes components in both sites. ET
estimations with METRIC model were closer to ET measurements when the crop canopy cover presented more growth and leaf area index. This suggests that the model can have problems early during the growing season and under other similar crops with low cover fraction.
The Fusion algorithm improves the spatial resolution in areas where the original pixel size produces a distortion of objects. This is really important for irrigation management; information or
maps with better spatial resolution are better understood for users. Better results were found for net
radiation fluxes. On contrary, bigger differences were found for soil heat fluxes when the estimated
fluxes were compared to eddy covariance measurements.
Overall METRIC was able to estimate evapotranspiration for Blueberry and Cherry fields and
the fusion method allows estimations with better spatial resolution. Although results were encouraging, further works needs to be done in order to calibrate the METRIC model for these surfaces and
reduce the spatial resolution of ET estimations.
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