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Abstract: A field experiment was carried out to implement a remote sensing energy balance (RSEB)
algorithm for estimating the incoming solar radiation (Rsi), net radiation (Rn), sensible heat flux (H),
soil heat flux (G) and latent heat flux (LE) over a drip-irrigated olive (cv. Arbequina) orchard located
in the Pencahue Valley, Maule Region, Chile (35˝251S; 71˝441W; 90 m above sea level). For this study,
a helicopter-based unmanned aerial vehicle (UAV) was equipped with multispectral and infrared
thermal cameras to obtain simultaneously the normalized difference vegetation index (NDVI) and
surface temperature (Tsurface) at very high resolution (6 cm ˆ 6 cm). Meteorological variables and
surface energy balance components were measured at the time of the UAV overpass (near solar noon).
The performance of the RSEB algorithm was evaluated using measurements of H and LE obtained
from an eddy correlation system. In addition, estimated values of Rsi and Rn were compared with
ground-truth measurements from a four-way net radiometer while those of G were compared with
soil heat flux based on flux plates. Results indicated that RSEB algorithm estimated LE and H with
errors of 7% and 5%, respectively. Values of the root mean squared error (RMSE) and mean absolute
error (MAE) for LE were 50 and 43 W m´2 while those for H were 56 and 46 W m´2, respectively.
Finally, the RSEB algorithm computed Rsi, Rn and G with error less than 5% and with values of
RMSE and MAE less than 38 W m´2. Results demonstrated that multispectral and thermal cameras
placed on an UAV could provide an excellent tool to evaluate the intra-orchard spatial variability of
Rn, G, H, LE, NDVI and Tsurface over the tree canopy and soil surface between rows.
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1. Introduction

Olive orchards have increased significantly in Chile during the last decade, and water scarcity
has become the main limitation to maintain olive oil production [1]. Studies indicate that Chile will
face a significant reduction in rainfall of 20%–40% in the near future due to global climate change [2].
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Under these conditions, sophisticated irrigation water management will be required to optimize water
productivity (oil production per unit of consumed water, kg m´3) and to maintain sufficient levels of
yield and quality [3,4]. To achieve these targets, it is necessary to have a reliable method to quantify
the olive water requirements and actual evapotranspiration (ETa). Traditional methods employ
the ETo–crop coefficient approach (ETa = ETo ˆ Kc, where ETo is the reference evapotranspiration
(mm day´1) and Kc is the crop coefficient) [5,6]. The accurate estimate of ETa or latent heat flux (LE)
is an important factor for establishing irrigation strategies such as regulated deficit irrigation (RDI),
which has been successfully applied on olive orchards to increase water productivity and olive oil
quality [7–10]. In addition, Cohen et al. [11] and Ortega-Farias et al. [12] indicated that the site-specific
irrigation management (SSIM) can be used as a technical tool to improve water productivity. In that
case, SSIM characterizes the effect of intra- and inter-field spatial variability of soil and canopy vigor
on the estimation of ETa and irrigation scheduling (irrigation frequency and timing).

Carrasco-Benavides et al. [13,14] and Samani et al. [15] have demonstrated that remote sensing
energy balance (RSEB) models can be used to estimate the spatial variability of LE or ETa over sparse
canopies such as orchards and vineyards. Several RSEB algorithms that vary in complexity compute
ETa (mm h´1) as residual from the energy balance (EB) equation [16–23]:

LE “ Rn´H´G “ ETa
λρw
3600

(1)

where LE is the latent heat flux (W m´2); Rn is the net radiation (W m´2); G is the soil heat flux
(W m´2); H is the sensible heat flux (W m´2); λ is the latent heat of vaporization (J kg´1); ρw is the
density of water (–1000 kg m´3); and 3600 converts from seconds to hours. Values of LE, Rn, G and H
are estimated at the time of the satellite overpass.

RSEB algorithms have been found to be useful to account for the spatial and seasonal variability
of ETa at regional and field scales when using satellite platforms like Landsat (8, 7 and 5) and
ASTER [18,24,25]. Main limitations of current satellite platforms for practical application of RDI and
SSIM, especially in heterogeneous canopies such as orchards and vineyards, are the lack of fine spatial
resolution and real-time data at the field and sub-field scales [26,27]. Berni et al. [28,29] suggested that
the two critical limitations for using current satellite sensors in real-time crop management are the lack
of imagery having optimum spatial and spectral resolution and unfavorable revisit times for many
crop stress-detection applications. In addition, Matese et al. [30] indicated that low-resolution images
of traditional acquisition platforms fail to represent much of the intra-vineyard variability that is a key
for application of the site-specific management (precision viticulture) of heterogeneous vineyards.

Canopy covers of commercial olive orchards are generally incomplete as a result of the canopy
geometry that depends on canopy size, leaf area index, and plant density. The canopy training system
and associated canopy geometry may affect significantly the partitioning of Rn into H, LE or G.
Ortega-Farías and López-Olivari [31] found H generated at the soil surface to play a key role in the
estimation of LE as a residual from EB equation for a drip-irrigated orchard having low values of leaf
area index (LAI = 1.32 m2 m´2), wetted area (Aw = 4.5%) and fractional cover (fr = 0.31). In regards to
the orchard water requirements, good knowledge of the effect of intra-orchard spatial variability on
the partitioning of Rn into H and G is necessary to improve the estimation of LE when using RSEB
models. In addition, it is important to indicate that the current spatial resolutions of the thermal-based
satellite platforms, which are 30 m or greater, introduce uncertainty to the quantification of LE or ET
for heterogeneous canopies, where H generated at the soil surface between rows can be the primary
component of the EB equation [1].

Modern optical remote sensors aboard an UAV provide the basis for the generation of very
high spatial resolution images that can be used as inputs in the RSEB algorithms to estimate spatial
variability of energy balance components. On this subject, multispectral and thermal sensors placed
on an UAV could be a useful tool to advance our knowledge about the effect of intra-orchard spatial
variability on the partitioning of Rn into G, H and LE over olive orchards whose row spacing range
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from 1 to 8 m. Thus, the main objective of this research was to implement a remote sensing energy
balance (RSEB) algorithm to estimate the incoming solar radiation (Rsi), net radiation (Rn), sensible
heat (H), soil heat (G) and latent heat (LE) over a drip-irrigated olive orchard using multispectral and
thermal cameras placed on a helicopter-based UAV.

2. Material and Methods

2.1. Study Site Description

Flight campaigns collecting measurements of energy balance components and climatic variables
were carried out during February and March 2014 on a flat and relatively uniform olive orchard located
in the Pencahue Valley, Región del Maule, Chile (35˝231S; 71˝441W; 96 m. above sea level). The climate
of the Pencahue Valley is a typical Mediterranean semiarid with a daily temperature equal to 14.8 ˝C
from September to May. The historical average annual rainfall in the region is about 602 mm, falling
mainly during the winter months (May to September). The summer period (December to February) is
usually hot and dry (3.5% of annual rainfall) while the spring period (September to November) is wet
(16% of annual rainfall).

The experiment was conducted on a drip-irrigated commercial young olive orchard
(cv. Arbequina) cultivated for oil production (Figure 1a). The olive trees were planted at high density
(5.0 m between row and 1.5 m between trees) with north–south orientation and trained on a triangular
hedgerow system (similar to a monocone system) with a tree height (h) of 3.2 m and canopy width
(cw) of 1.55 m. The soil at the experimental site (Figure 1) is classified as Quepo series (Vertisol, family
fine, thermic Xeric Apiaquerts) with a clay loam texture. The bulk density was 1.54 g cm´3 over the
effective rooting depth of 0–60 cm, and volumetric water content at field capacity and wilting point
were 0.33 and 0.19 m3 m´3, respectively.
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Figure 1. Experimental Site showing: (a) the location of eddy correlation (EC) system; (b) experimental
site; (c) helicopter-based unmanned aerial vehicle (UAV) equipped with multispectral and infrared
thermal cameras flying over an EC system installed over a drip-irrigated olive orchard; and
(d) helicopter-based UAV.

To evaluate the impacts of irrigation management, the midday stem water potential (Ψx) was
monitored at the time of the UAV overpass using a pressure chamber (PMS instruments, model 600,
Albany, OR, USA). This was done using 12 fully expanded leaves wrapped in aluminum foil and
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encased in plastic bags for at least 2 h before the measurements [8]. The leaf area index (LAI) was
measured weekly in 8 olive trees during the study periods using a plant canopy analyzer (LAI-2000,
LI-COR, Lincoln, NE, USA) which was calibrated according to [31].

2.2. Measurements of Energy Balance and Climatic Data

A tower of 5.5 m high was installed to measure both surface energy balance components and
climatic variables (Figure 1c). The latent heat flux (LE) and sensible heat flux (H) were measured using
an eddy covariance system (EC) system oriented towards the predominant wind direction (south-east).
The upwind fetch of the prevailing wind direction was about 500 m (for footprint analysis, see [1,31]).
The EC consisted of a fast response open-path infrared gas analyzer (LI-7500 IRGA; LI-COR, Inc.,
Lincoln, NE, USA) and a three-dimensional sonic anemometer (CSAT3, Campbell Sci., Logan, UT, USA).
LE and H measurements were made at 10 Hz, and means, standard deviations, and covariances were
calculated over 15-min periods. Raw data of H and LE were post-processed considering corrections for
air density [32], sonic temperature [33] and coordinate rotation [34]. During quality control, the energy
balance closure was estimated using the ratio (Cr) of turbulent fluxes (H + LE) to available energy
(Rn ´ G). When daily values of Cr were outside the range of 0.8 and 1.2, the entire day was excluded
to reduce the uncertainty associated with errors in the LE and H measurements [35]. Assuming that
the measurements of Rn and G were representative of the available energy in the olive orchard, the
fluxes of H and LE for remaining data were forced to close the energy balance using the Bowen ratio
approach [1,36–38]:

LEB “
Rn´G
1`β

(2)

HB “
Rn´G
1`β´1 (3)

where β (=H/LE) is the Bowen ratio (dimensionless).
Net radiation (Rn), and incoming (Rsi) and outgoing (Rso) solar radiation were measured with

a four-way net radiometer (CNR1, Kipp&Zonen Inc., Delft, The Netherlands). Wind speed (u) and
wind direction (w) were monitored by a cup anemometer and a wind vane (03101-5, Young, MI, USA)
and precipitation (Pp) was measured by a rain gauge (A730RAIN, Adcon Telemetry, Austria). Air
temperature (Ta) and relative humidity (RH) were measured using a Vaisala probe (model HMP45C).
In the tower, sensors of u, w, Pp, Ta, RH, Rn, Rsi, and Rso were installed at 5.5 m above the soil surface.
A mobile tower with two CNR1 was also used to weekly measure canopy and soil albedos.

Soil heat flux (G) was estimated using eight flux plates installed on either side of the rows, with
4 sites placed inter-row and 4 placed within rows of trees. This arrangement took into account the
shading effects by trees during the course of the day. The flux plates of constant thermal conductivity
(HFT3, Campbell Sci., Logan, UT, USA) were placed at a 0.08 m depth. Two averaging thermocouple
probes (TCAV, Campbell Sci., Logan, UT, USA) for measuring soil temperature (Tsoil) were installed
above each flux plate at depths of 0.02 and 0.06 m. Thermocouple probe signals were recorded at
15-min intervals on an electronic datalogger (CR3000, Campbell Sci, Logan, UT, USA). At each position,
the soil heat flux was calculated by adding the measured flux at 0.08 m to the heat stored (S) in the
layer above the heat flux plates [31]. All eight values for G were averaged during energy balance
closure analysis.

2.3. Thermal and Multispectral Images Acquisition and Processing

For the drip-irrigated olive orchard, thermal and multispectral images were acquired from days
of year (DOY) 58 to 80 using a helicopter-based UAV system equipped with multispectral and infrared
thermal cameras (Figure 1d). The UAV system used eight propellers for propulsion and GPS-based,
preprogrammed control. The cameras were controlled by an autopilot computer program to take
photographs at user-selected waypoints to ensure complete coverage of the field. To minimize the
shading effect of the cover, images were acquired around midday under clear sky conditions (Table 1).



Remote Sens. 2016, 8, 638 5 of 18

The flight height was configured at 60 m above ground level. This height allowed obtaining imagery
at 3.3 cm and 6 cm spatial resolution in multispectral and thermal regions, respectively. A total of
10 images (dates) were available following filtering of images to remove those impacted by instrumental
problems (based on Cr) and adverse meteorological conditions, especially with values of wind speed u
>3.0 m s´1.

Table 1. Meteorological conditions at the time of UAV overpass during the 2014 study period.

Flight Date Flight Time * Rsi Ta RH u VPD

(DOY) (hh:mm) (W m´2) (˝C) (%) (m s´1) (kPa)

58 12:46 901 24.7 37.3 1.1 1.2
59 12:08 892 22.9 38.4 1.5 1.1
62 12:09 856 20.9 54.2 1.9 1.3
64 12:05 833 22.8 50.0 1.5 1.4
65 11:56 876 22.4 38.5 1.5 1.0
66 12:08 857 23.1 39.4 2.7 1.1
69 12:08 879 23.1 28.4 2.1 0.8
73 12:38 839 21.1 50.8 1.8 1.3
74 12:49 834 22.3 46.5 1.4 1.3
80 12:40 801 18.1 40.8 1.0 0.9

Mean 857 (˘31) 22.1 (˘1.8) 42.4 (˘7.8) 1.6 (˘0.5) 1.1 (˘0.2)

* = local time (near solar noon); Rsi = incoming solar radiation; Ta = air temperature; RH = relative humidity;
VPD = vapor pressure deficit; u = wind speed.

The multispectral camera (Mini MCA-6, Tetracam, Inc., Chatsworth, CA, USA) was configured
with 6 individual sensors in the VIS–NIR spectral range at 530, 550, 570, 670, 700 and 800 nm,
respectively. Image resolution was 1280ˆ 1024 pixels with l0-bit radiometric resolution and optics focal
length of 9.6 mm. Images acquired with the Mini MCA-6 camera were preprocessed using the image
handling application Pixel Wrench 2 (Tetracam Inc.) to produce multi-page TIF files. Radiometric
calibration was performed using images of a spectralon white panel as a reference, which was acquired
on the ground with the mini MCA-6 at the beginning and end of each flight [28]. The multispectral
images were radiometrically corrected to convert the digital number of each pixel (brightness value)
first into spectral radiance and then into reflectance as described by [39]. Afterwards, normalized
difference vegetation index (NDVI) was computed by the traditional equation proposed by [40]:

NDVI “
NIR´RED
NIR`RED

(4)

where NIR and RED are the reflectances in the near infra-red (800 nm) and red (670 nm) bands,
respectively. Maps were subsequently processed with a customized Matlab code (The Mathworks Inc.,
Natick, MA, USA) in order to estimate the intra-orchard spatial variability of NDVI.

The thermal infrared camera (EasIR-9, Wuhan Guide Infrared Co., Wuhan, China) has a resolution
of 288 ˆ 384 pixels and spectral response in the range 8–14 µm of the electromagnetic spectrum.
The built-in sensor is a thermal detector (microbolometer) that avoids the requirement of an external
cooling system. Thermal images were post-processed using the proprietary software IRAnalyser
(Wuhan Guide Infrared Co., Ltd., Wuhan, China) with consideration given to specific parameters
of emissivity, distance to the object, and measurements of Ta and RH at 5.5 above the soil surface
(Figure 1c).

In each flight campaign, multispectral and thermal images were simultaneously taken at 20 points
in the study area (Figure 1b). UAV images were acquired at nearly 0 nadir angle using a gimbal
system. Only the central parts of the imagery were used to avoid border effects on the image-derived
temperature [41]. The mosaicking of the images was performed using GPS ground control points
which consisted on black and white panels that were easily identified from the images [42]. A Matlab



Remote Sens. 2016, 8, 638 6 of 18

code was developed to automatically identify the control points based on their respective reflectances.
The fractional cover (fr) was estimated assuming that the tree canopy presented values of NDVI > 0.40.
The separation between the canopy and soil surface was performed manually by using discrimination
and segmentation supervised techniques.

2.4. RSEB Algorithm Adapted for a Helicopter-Based UAV

A two-source algorithm was implemented to estimate the energy balance (EB) components above
the drip-irrigated olive orchard using the thermal and multispectral data acquired by the miniaturized
cameras onboard a helicopter-based UAV as input. The partitioning of instantaneous net radiation,
which represented a mixture of canopy and soil was estimated as follows [43–46]:

Rne “ frˆRnc ` p1´ frqˆRns (5)

where Rne is the estimated net radiation over the olive orchard; Rnc and Rns are the contributions of
the canopy and soil, respectively, to Rne; fr is the fractional cover at nadir view. Rne, Rnc and Rns are
in W m´2.

Instantaneous values for Rnc and Rns were computed by establishing a balance between the
long-wave and short-wave radiation, separately, for the soil surface and orchard canopy [16,43]:

Rnc “ p1´αcqRse` Lin´ Loutc ´ p1´ εcqLin (6)

Rns “ p1´αsqRse` Lin´ Louts ´ p1´ εsqLin (7)

where Rse is the instantaneous incoming shortwave radiation; αs and αc are soil and canopy
albedos, respectively; Lin is the instantaneous incoming longwave radiation; Loutc and Louts are the
instantaneous outgoing longwave radiations from the soil and canopy, respectively; and εc and εs are
the surface thermal emissivities (dimensionless) from the soil and canopy, respectively. In this study,
instantaneous values of Rse were estimated according to [16]. Rse, Lin, Loutc and Louts are in W m´2.

Values of Lin, Loutc and Louts at the time of UAV overpass were computed as [16,43]:

Lin “ εatmσTa
4 (8)

εatm “ 0.85 p´ln pτswqq
0.09 (9)

Loutc “ εcσTc
4 (10)

Louts “ εsσTs
4 (11)

where σ is the Stefan-Boltzmann constant (W m´2 K´4); Ta, Tc and Ts are the air, canopy and soil
temperatures between rows, respectively; τsw is the atmospheric transmissivity (dimensionless); and
εatm is the atmospheric emissivity (dimensionless). Values of εc and εs were assumed as 0.98 and 0.95,
respectively [29,47]. Values of Ta, Tc and Ts are in ˝K. Equation (9) follows the methodology indicated
by [16]

The soil and canopy contributions to total sensible heat were estimated using the following
equations [44,45]:

He “ frˆHc ` p1´ frqˆHs (12)

Hc “
ρaCp pTc ´ Taq

rc
a ` ra

a
(13)

Hs “
ρaCp pTs ´ Taq

rs
a ` ra

a
(14)

where He, Hc and Hs are the sensible heat fluxes (W m´2) above the orchard, tree canopy
and soil surface, respectively; ρa is the air density (kg m´3); Cp is the specific heat of dry air
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(«1005 J kg´1 ˝K´1); rc
a is the bulk boundary layer resistance of the vegetative elements in the canopy

(s m´1); ra
a is the aerodynamic resistance between canopy source height and reference level (s m´1);

and rs
a is the aerodynamic resistance between the soil and canopy source height (s m´1). The estimation

of rc
a, ra

a and rs
a are estimated according to [35,48] (see Appendix A).

Finally, instantaneous values of latent heat flux over the olive orchard were computed as follows:

LEe “ Rne´He ´ Ge (15)

In this case, estimated heat flux (Ge, W m´2) was estimated as:

Ge “ 0.3236ˆRne´ 51.52 (16)

Equation (16) was developed using a database collected for an olive orchard during the 2009–2010
and 2010–2011 growing seasons [1,49]. The measured values of αs, αc, and LAI ranged between
0.15–16, 0.11–0.12 and 1.15–1.29 m2 m´2 while estimated values of fr using the UAV ranged between
0.25 and 0.28.

2.5. Statistical Analysis

An analysis of spatial variability of surface temperature (Tsurface = Ts + Tc), NDVI and energy
balance components was made above the tree canopy and above the soil surface between rows. Due to
the high resolution of the thermal and multispectral images, crown edges were excluded to ensure that
only pure vegetation and soil pixels were used in the comparison between estimated and observed
fluxes [50]. In this case, Rne, Ge, He, and LEe were computed by averaging values of 405 ˆ 405
(6 cm ˆ 6 cm) pixels that fell within the footprint of the EC.

The validation of sub-models that compute Rne, Ge, He and LEe was carried out using the ratio
of estimated to observed values (b), mean absolute error (MAE), root-mean-square error (RMSE) and
index of agreement (Ia) [51,52]. The student’s t-test analysis was applied to check whether b was
significantly different from unity at the 95% confidence level. In addition, the sub-model for estimating
incoming solar radiation (Rse) was included in the validation. For the validation, measurements of Rsi,
Rn, G, HB and LEB between 12:00 and 13:00 were linearly interpolated to compare with the estimated
values (Rse, Rne, Ge, He and LEe) at the time of UAV overpass (Table 1).

3. Results

Meteorological data obtained at the time of UAV overpasses are indicated in Table 1. Dry and hot
atmospheric conditions were observed during the campaigns where values of Rsi, Ta, RH, u and vapor
pressure deficit (VPD) ranged between 801–901 W m´2, 18.1–24.7 ˝C, 28.4%–54.2%, 1.0–2.7 m s´1,
and 0.80–1.4 kPa, respectively. Within these atmospheric environments, values of Ψx ranged between
´1.5 and ´2.1 MPa indicating that the drip-irrigated olive orchard was maintained under non and
moderate water stress conditions during the study period [8,53].

The accuracy of the EC measurements above the olive orchard was checked at 15 min time
intervals using energy balance closure which presented a coefficient of determination of 0.92 and
Cr of 0.86 (Figure 2). Table 2 shows that the energy balance closure at the time of UAV overpass
was 0.86 (˘0.03) indicating that the orchard energy balance was systematically imbalanced by about
14%. Several researchers have indicated that turbulent fluxes using the EC technique were less than
available energy for olive orchard with EC imbalances between 5% and 26% [31,36,37,54–57]. Lack of
closure may be associated to errors in the measurements of Rn and G [58–60], energy storage within
the olive tree biomass [61], low wind speed [62] and heterogeneity of surface energy balance of the
region [63]. Finally, [53,64] suggested that EC uncertainties can be corrected using the Bowen-ratio
approach (β = H/LE).
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Table 2. Energy balance closure (Cr), Bowen ratio (β) and instantaneous ratios of latent (LEB), sensible
(HB) and soil (G) heat fluxes to net radiation (Rn) over a drip-irrigated olive orchard at the time of UAV
overpasses. Instantaneous ratios of Rn to incoming solar radiation (Rsi) are included.

DOY Cr β Rn/Rsi LEB/Rn HB/Rn G/Rn

58 0.88 3.08 0.67 0.18 0.56 0.25
59 0.87 3.87 0.67 0.15 0.59 0.25
62 0.90 3.57 0.67 0.16 0.59 0.25
64 0.81 2.61 0.65 0.21 0.55 0.24
65 0.86 2.61 0.67 0.21 0.54 0.25
66 0.85 2.62 0.67 0.21 0.54 0.25
69 0.87 4.11 0.66 0.15 0.60 0.25
73 0.81 2.77 0.66 0.20 0.55 0.25
74 0.86 2.88 0.66 0.19 0.56 0.25
80 0.88 3.30 0.67 0.18 0.58 0.24

Average 0.86 (˘0.03) 3.09 (˘1.7) 0.66 (˘0.01) 0.18 (˘0.02) 0.57 (˘0.02) 0.25 (˘0.00)

At the time of UAV overpass (near solar noon), Table 2 indicates that total bulk β above the
soil-canopy system varied between 2.61 and 4.11 with maximum values observed on DOY 69.
Mean values of LE accounted for 15%–21% of Rn while those of H were between 54% and 60% of Rn.
The analysis indicated that the main component of the surface energy balance over the drip-irrigated
olive orchard was H. Rn/Rsi and G/Rn ratios were very stable during the study period with mean
values of 0.66 and 0.25, respectively. Results are similar to those found by López-Olivari et al. [1]
who indicated that daytime values of LE, H and G over a drip-irrigated olive orchard (fr = 30%) were
between 28%–47%, 34%–68% and 2%–6% of Rn, respectively, while ratios of transpiration and soil
evaporation to ETa ranged between 0.64–0.74 and 0.26–0.36, respectively.

The intra-orchard spatial variability of NDVI and surface temperature is indicated in Figure 3
based on multispectral and thermal imagery collected by the helicopter-based UAV. This Figure
confirms the degree that NDVIc (canopy) was larger than NDVIs (soil surface) and that Tc was less
than Ts during the study period. Figure 4 indicates that averaged values of NDVIc and NDVIs during
the data collection period ranged between 0.63–0.71 and 0.11–0.16, respectively while Figure 5 shows
that Tc and Ts were between 16.1–27.7 and 39.9–51.9 ˝C, respectively. The coefficients of variation (CV)
of NDVIc, NDVIs, Tc and Ts were 5.1%, 6.2%, 8.0% and 9.3%, respectively. These results indicate that
spatial variability of Tc and Ts was greater than that of NDVIc and NDVIs during the flight campaigns.
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Furthermore, NDVIc, NDVIs, Tc and Ts presented a low spatial variability because CV values were
less than 15% [65].
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Figure 3. (a,b) Averaged spatial distribution of the normalized difference vegetation index (NDVI) and
surface temperature (Tsurface) over a drip-irrigated olive orchard using multispectral and thermal
cameras, respectively, placed aboard an unmanned aerial vehicle (UAV).
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Figure 4. Mean values of the normalized difference vegetation index of (NDVI) of a drip-irrigated olive
orchard using a multispectral camera placed aboard an unmanned aerial vehicle (UAV). Sub-indexes
“c” and “s” denote values from the canopy and soil surface, respectively. Vertical lines indicate one
standard deviation.

Figure 6 shows comparisons between observed and estimated values of solar radiation and
energy balance components at the time of UAV overpass (near solar noon). For solar radiation (black
squares) and net radiation (black circles), all points were close to the 1:1 line. Values of RMSE and
MAE for solar radiation were 24 and 21 W m´2, respectively, while those for net radiation were 38 and
33 W m´2 (Table 3). The t-test indicated that the Rse/Rso ratio was not significantly different from
unity, indicating that observed and estimated values were similar. However, the Rne/Rno ratio was
statistically less than unity, where net radiation was underestimated by about 5.0%. These results are
similar to those indicated in the literature for sparse canopies when using satellite-based remote sensing
(SBRS) models. For a heterogeneous landscape in China, Liu et al. [66] showed values of RMSE and
MAE equal to 51 and 25 W m´2, respectively, when using a simplified SBRS model. For a drip-irrigated
vineyard, Carrasco-Benavides et al. [14] indicated that the METRIC model overestimated instantaneous
Rn by about 11% with RMSE = 69.4 W m´2 and MAE = 63 W m´2. For a drip-irrigated olive orchard,
Ortega-Farias et al. [67] indicated that the METRIC model underestimated the instantaneous values of
Rn by about 3% with RMSE and MAE values of 40 and 33 W m´2, respectively.
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Figure 5. Mean values of surface temperature over a drip-irrigated olive orchard using a thermal
camera placed aboard an unmanned aerial vehicle (UAV). Sub-indexes “c” and “s” denote values from
the canopy and soil surface, respectively. Vertical lines indicate one standard deviation.
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Figure 6. Comparisons at the time of UAV overpass between observed (axis X) and estimated (axis Y)
values of bulk (canopy and soil) incoming solar radiation (Rsi) net radiation (Rn), soil heat flux (G),
sensible heat flux (H), and latent heat flux (LE) over a drip irrigated olive orchard.

Table 3. Validation of sub-models that compute solar radiation (Rsi), net radiation (Rn), sensible heat
flux (H), soil heat flux (G) and latent heat flux (LE) over a drip-irrigated olive orchard at the time of
UAV overpass.

Variable RMSE (W m´2) MAE (W m´2) b Ia t-Test

Rsi 24 21 1.02 0.92 T
Rn 38 33 0.95 0.88 F
G 19 16 1.02 0.66 T

HB 56 46 0.95 0.74 F
LEB 50 43 1.07 0.54 F

RMSE = root mean square error; MAE = mean absolute error; b = ratio of observed to computed values;
Ia = index of agreement; T = null hypothesis (b = 1) True; F = alternative hypothesis (b ‰ 1).
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Comparisons between measured and estimated sensible heat fluxes at the time of UAV overpasses
(Figure 6—black triangles) show that the points were evenly distributed along the 1:1 line. In this case,
the sub-model underestimated the instantaneous sensible heat fluxes by about 5% with RMSE and
MAE equal to 56 and 46 W m´2, respectively (Table 3). The best agreement between measured and
estimated sensible heat fluxes was observed on DOY 65 (5 March) where the differences between HB
and He were less than 20 W m´2. The greatest disagreement was observed on DOY 69 where HB and
He were 351 and 416 W m´2, respectively. In general, largest differences were observed when wind
speed was >2.7 m s´1. Over heterogeneous surfaces, Chávez et al. [64] indicated that the RMSE was
23 W m´2 when a simplified SBRS model was applied to estimate the sensible heat flux at the time of
satellite overpass. For a drip-irrigated vineyard, Carrasco-Benavides et al. [14] found that METRIC
with the calibrated functions of LAI, roughness length (zOM) and G overestimated instantaneous
values of H by about 16% with RMSE and MAE equal to 67 and 57 W m´2, respectively.

The comparison between measured and modeled soil heat fluxes (open squares) in Figure 6 shows
that there was an equilibrated distribution of points around the 1:1 line. In this case, instantaneous
values of G were estimated with an error = 2%, RMSE = 19 W m´2 and MAE = 16 W m´2 (Table 3).
Over heterogeneous surfaces, Shaomin et al. [68], using a remote sensing model, estimated soil heat
fluxes with an error = 19% and RMSE = 23 W m´2 and suggested that errors could be attributed to
differences in spatial/temporal scales between satellite data and ground-truth measurements. Similarly,
Carrasco-Benavides et al. [14] observed for a drip-irrigated vineyard that METRIC simulated G with
an error, RMSE and MAE of 17%, 34 W m´2 and 21 W m´2, respectively.

For the instantaneous latent heat flux, Figure 6 (open circles) shows that the points were grouped
above the 1:1 line with a RMSE = 50 W m´2 and MAE = 43 W m´2 (Table 3). The LEe/LEo
ratio was significantly different from unity suggesting that the RSEB algorithm overestimated
instantaneous values of LE by about 7%. For drip-irrigated vineyards, González-Dugo et al. [69]
observed errors of 18% in the estimation of LE when using a two-source energy balance (TSEB) model
and Landsat scenes. For a drip-irrigated Merlot vineyard, Carrasco-Benavides et al. [14] indicated
that METRIC using calibrated functions, overestimated LE with error = 17%, RMSE = 60 W m´2

and MAE = 48 W m´2. For a drip-irrigated olive orchard, Ortega-Farias et al. [70] observed that the
METRIC model underestimated LE by about 11% with RMSE = 29 W m´2 and MAE = 26 W m´2.

For high-resolution multispectral and thermal imagery obtained by aircraft mounted sensors,
Xia et al. [71] observed that a two-source energy balance (TSEB) was able to simulate the energy balance
components over two vineyards with MAE values ranging between 15 and 90 W m´2. These authors
concluded that the TSEB model is fairly robust and able to derive reliable LE and ET patterns at sub-field
scale under a wide range of environmental conditions. For a lightweight thermal camera mounted
on a UAV, Homann et al. [72] indicated that the TSEB estimated the energy balance components
over a barley field with RMSE and MAE ranging between 38–94 and 33–84 W m´2, respectively.
They suggested that the lightweight thermal camera placed on UAV platform provided high spatial
and temporal resolution data for estimating energy balance fluxes over a barley field.

At the time of the UAV overpass, Figure 7 shows maps with the intra-orchard spatial variability
of the energy balance components estimated by the RSEB algorithm. The Figure also shows that the
maps at very high spatial resolution (pixels = 6 cm ˆ 6 cm) are detailed enough to show differences
between the energy balance components above the tree canopy and the soil surface between rows.
Figure 7a indicates that Rnc was greater than Rns with CV values of 5.5% and 6.1%, respectively.
The average values of Hc and Hs were 46 and 397 W m´2 while those of LEc and LEs were 573 and
30 W m´2, respectively. In addition, the values of CV ranged between 6% and 13% for Hc, Hs, LEc and
LEs suggesting that the spatial variability of turbulent fluxes was low for the olive orchard [65].
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4. Discussions

The results (RMSE, MAE and errors) obtained in this research coincide with those
reported in the literature for sparse vineyards and orchards using satellite, aircraft and UAV
platforms [14,64,66–69,71,72]. The implementation of the RSEB algorithm was well defined and the
only input data used to simulate orchard energy balance were measurements of climatic variables
(Ta, u, and RHa) and UAV images (NDVI and Tsurface). The results also indicated that the maps at very
high spatial resolution were able to show significant differences between the energy balance fluxes
above the tree canopy and the soil surface between rows. Moreover, the values of Rnc and LEc were
greater than those of Rns and LEs while those of Tc and Hc were significantly less than those of Ts and
Hs (Figure 7). This study demonstrated that multispectral and thermal cameras placed on an UAV
could provide an excellent tool to evaluate the effects of spatial variability on the partitioning of Rn
into G, H and LE over heterogeneous orchards. Finally, UAV could be a useful complement to current
satellite platforms for estimating intra-field spatial variability of the energy balance components in
order to improve the estimation of water requirements of sparse or complex canopies such as orchards
and vineyards which, in turn, present different plant densities and fractional covers.

The water requirements of drip-irrigated olive orchards require a good knowledge of H/Rn,
G/Rn and LE/Rn ratios, which depends on tree vigor. The vigor is manifested through the canopy
size, LAI, and fr. In this regard, López-Olivari et al. [1] suggested that the canopy architecture (tree
density, canopy size, LAI, and fr), pruning, and irrigation systems (percentage of wetted area of soil
surface) have an important effect on the partitioning of Rn into LE, H and G. Similarly, Testi et al. [62]
suggested that the energy exchange between the soil surface and the tree canopy is strongly affected
by the orchard architecture and fractional cover. According to the canopy structure and fractional
cover, H generated at the soil surface can be a major contributor to the orchard energy balance, which
plays a key role in the tree transpiration and evaporation. During this study, the canopy cover was
generally incomplete as a result of the regimented structure imposed by the triangular hedgerow
system. This training system consisted of widely spaced trees that allowed for deep penetration of
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sunlight and air turbulence into the canopy. For the drip-irrigated olive orchard, a constant shape
of the canopy was maintained with values of LAI and fr ranging between 1.15–1.29 m2 m´2 and
0.25–0.28 m2 m´2, respectively. The soil surface between rows was kept free of weeds (cover crops)
during February and March; during this time rainfall was less than 5 mm. In addition, the soil surface
(0–20 cm) between rows was very dry and the soil surface wetted by drip emitters was 4.5%. In these
orchard conditions, values of αs, αc, NDVIc and NDVIs were quite constant during the study period,
making it possible to carry out a good comparison between the observed and the estimated values
of the net radiation and soil heat flux at the time of the UAV overpass. In addition, sensible heat flux
generated at the soil surface between rows was the main component of the orchard energy balance
which affected the partitioning of LE into LEc (transpiration) and LEs (soil evaporation). In this case,
the Hc/Hs and LEc/LEs ratios were 0.21 and 7.64, respectively, for the olive orchard that was also
maintained under non and moderate water stress conditions. Finally, NDVIc, NDVIs, Tc and Ts

presented a low spatial variability (CV < 15%) because LAI and fr were maintained constant by the
triangular hedgerow system.

5. Conclusions

This study indicates that the use of both multispectral and thermal cameras onboard of the
UAV allowed acquisition of high-resolution images to assess the intra-field spatial variability of
energy balance components over a drip-irrigated olive orchard under non and moderate water stress
conditions (midday Ψx >´2.1 MPa). Simulated net radiation, soil, sensible, and latent heat fluxes were
generally in good agreement with flux measurements from an eddy covariance system located within
the olive orchard. In this experiment, RSEB algorithm estimated instantaneous values of Rn, H, G and
LE with errors less than 7%. Disagreement between modeled and measurements were associated with
the estimation of sensible heat flux, especially on days where wind speed was greater than >2.7 m s´1.

In addition, this experiment demonstrated that multispectral and thermal cameras placed on an
UAV could provide an excellent tool to evaluate the effects of intra-orchard spatial variability of Rn,
G, H, LE, NDVI and Tsurface over the tree canopy and soil surface between rows. In this cases, the
maps at very high spatial resolution (pixels = 6 cm ˆ 6 cm) are detailed enough to show differences
between the energy balance components above the tree canopy and the soil surface between rows.
In addition, sensible heat flux generated at the soil surface between rows was the main component of
the orchard energy balance, which affected the partitioning of LE into LEc (transpiration) and LEs (soil
evaporation). Finally, the coefficient of variation indicated that intra-canopy and intra-row spacing
spatial variability of Tsurface was greater than that of NDVI during the flight campaigns.

Future improvements will incorporate spatially distributed multispectral data into the RSEB
models in order to estimate the intra-field spatial variability of albedo, leaf area index, and surface
emissivity. In addition, parameterization of aerodynamic resistance approaches will be required to
simulate sensible heat flux over heterogeneous orchards, which consist of widely spaced trees that
allow for deep penetration of sunlight and air turbulence into the canopy. Finally, future work will
evaluate the parameterization of turbulent fluxes and available energy over the tree canopy and soil
surface between rows.
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Appendix A. Expressions to Estimate the Aerodynamic Resistances in the RSEB Algorithm

Values of ra
a and rs

a were estimated by the following expressions [35,48]:
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where ra
a pαq is the value for ra

a for a crop with complete canopy cover (LAI = 4) (s m´1); ra
a p0q is the

value of ra
a for bare soil (s m´1); rs

a pαq is the value of rs
a for a crop with complete canopy cover (LAI = 4)

(s m´1); rs
a p0q is the value for rs

a bare soil (s m´1); x is the reference height above the crop where
meteorological measurements are available (m); d is the zero plane displacement of crop with complete
canopy cover (LAI = 4) (m); zOM is the roughness length of crop with complete canopy cover (LAI = 4)
(s m´1); zo is the roughness length of the bare soil (m); u is the wind speed at the reference height
(m s´1); k is the von Kármán’s constant; h is the canopy height (3.2 m); and n is the eddy diffusivity
decay constant in a crop with complete canopy cover (LAI = 4) (dimensionless). Values of n, x, h, d,
zOM, z´o and k are indicated in Table A1.

Finally, rc
a was calculated as [31]:

rc
a “

rb
LAI active

(A7)

where rb is the mean boundary layer resistance (25 s m´1); and LAIactive is the active (sunlit) leaf
area index (=0.5 LAI, m2 m´2), which corresponds to the upper, well illuminated leaves that most
contribute to transpiration.

Table A1. List of constants used in the aerodynamic resistances.

Symbol Name Value

n eddy diffusivity decay coefficient 2.5 obtained from [47]
x reference height 5.5 m Measured
h height of the canopy 3.2 m Measured
d displacement height (0.63 ˆ h) 2.02 m obtained from [47]

zOM roughness length of crop (0.05 ˆ h) 0.16 m obtained from [47]
z´o roughness length of the bare soil (0.1 ˆ zo) 0.016 m obtained from [47]
k Von Karman’s constant 0.41 obtained from [47]
rb mean boundary layer resistance 25 s m´1
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