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Abstract: The surface energy balance algorithm for land (SEBAL) has been successfully applied
to estimate evapotranspiration (ET) and yield at different spatial scales. However, ET and yield
patterns have never been investigated under highly heterogeneous conditions. We applied SEBAL
in a salt-affected and water-stressed maize field located at the margin of the Venice Lagoon, Italy,
using Landsat images. SEBAL results were compared with estimates of evapotranspiration by the
Food and Agriculture Organization (FAO) method (ETc) and three-dimensional soil-plant simulations.
The biomass production routine in SEBAL was then tested using spatially distributed crop yield
measurements and the outcomes of a soil-plant numerical model. The results show good agreement
between SEBAL evapotranspiration and ETc. Instantaneous ET simulated by SEBAL is also consistent
with the soil-plant model results (R2 = 0.7047 for 2011 and R2 = 0.6689 for 2012). Conversely,
yield predictions (6.4 t/ha in 2011 and 3.47 t/ha in 2012) are in good agreement with observations
(8.64 t/ha and 3.86 t/ha, respectively) only in 2012 and the comparison with soil-plant simulations
(8.69 t/ha and 5.49 t/ha) is poor. In general, SEBAL underestimates land productivity in contrast to
the soil-plant model that overestimates yield in dry years. SEBAL provides accurate predictions under
stress conditions due to the fact that it does not require knowledge of the soil/root characteristics.

Keywords: surface energy balance algorithm for land (SEBAL); evapotranspiration; yield; remote
sensing; heterogeneous conditions

1. Introduction

The growing world population needs more food, possibly with less water available for
agriculture [1], making the wise management of water resources one of the great challenges of our
times. This problematic situation can improve only if water is managed more effectively leading
to increased crop yield per unit of water consumed (i.e., improving water use efficiency). In arid
and semiarid regions cropland irrigation is the major consumer of water and efficient and reliable
methods for determining water consumption by crops are crucial for sustainable management [2–5].
Evapotranspiration (ET) is the largest sink of irrigation water and, thanks to well-established
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crop-specific relations between ET and yield [6,7], it provides a measure of both water demand
and land productivity. Yield is thus the ultimate indicator to describe crop response to water resource
management [8] and the quantification of field scale ET is fundamental for managers to maximize
land productivity while minimizing water losses [9–11]. Crop yield is also a key element for rural
development and national food security. For these reasons, forecasting crop yield a few months before
harvest can be of paramount importance for timely initiation of the food trade, securing national
demand, and organizing food transport within countries [6,7,12].

The yield of many agricultural crops is generally predicted from the amount of water used by
the crop, i.e., ET [6,7]. Traditionally, ET from fields has been estimated according to the Food and
Agriculture Organization (FAO) method [13], i.e., by multiplying a weather-based reference ET0 by
a crop coefficient (Kc) determined according to crop type and growth stage. However, the suitability
of the idealized Kc coefficient to describe the actual vegetative and growing conditions, especially in
water limited areas, was questioned by many authors [14]. In addition, it is difficult to predict the
correct growth stage dates for large populations of crops and fields [15].

A viable alternative for mapping evaporation at field and regional scales is the use of satellite
images that can provide an excellent tool to detect the spatial and temporal structure of ET [16].
Remote sensing (RS) is a reliable and cost-effective method to forecast crop ET and yield over
large areas [17,18] and the integrated use of remote-sensing data and crop modeling for yield
prediction has been applied for many years [18]. Applications can be found in the literature
for different crop types and regions using various data assimilation schemes [19–21]. However,
these applications are based on medium resolution satellite data (MODIS, MERIS) and valid for
regional assessments only [18]. Common RS models are the surface energy balance algorithm for
land (SEBAL; [22]), mapping evapotranspiration at high resolution with internalized calibration
(METRIC; [15]), remote sensing of evapotranspiration (ReSET; [23]), analytical land atmosphere
radiometer model (ALARM; [24]) and surface aerodynamic temperature ([25]). Most of these models
use the land surface energy balance equation:

Rn = LE + G + H (1)

where Rn is net radiation, LE is the latent heat flux, G is the soil heat flux and H is the sensible heat
flux. When using satellite imagery, the sensed surface radiances are converted into surface properties
such as albedo, vegetation indices, surface emissivity and surface temperature. These products are
then used to estimate the various components of Equation (1) [26].

SEBAL is capable of estimating ET (from the latent heat flux) without prior knowledge of the
soil, crop and management conditions [27], and it has been used to estimate the surface energy
fluxes at different spatial and temporal resolutions in more than 30 countries [27–30] ET estimated
by SEBAL has been utilized to quantify spatial variation of soil moisture [31], biomass production
and crop yield [6] using high- and low-resolution satellite images within a field, across fields, and at
regional scale [32]. The energy balance model in SEBAL uses a near-surface temperature gradient,
dT, which eliminates the need for absolute surface temperature calibration, a “major stumbling block
in operational satellite ET” [15]. Typical accuracies of the estimated ET by SEBAL are 85%, 95%,
and 96% at daily, seasonal and annual timescales, respectively [27,30]. The advantages of using SEBAL
have already been highlighted by [30]: (1) it uses minimal ground-based data; (2) calculation of the
near-surface air temperature is not mandatory; and (3) a self-calibration process is automated in each
region of interest. Despite a recent version of SEBAL model (SEBAL2008) having incorporated major
refinements, such as correction of the advection effect or improved estimates of surface albedo and
soil heat flux [33], the ability of SEBAL to describe ET and yield patterns at field scale has never
been tested under highly heterogeneous conditions. The purpose of this study is to apply SEBAL for
calculating ET in a salt-affected and water-stressed maize field located at the margin of the Venice
Lagoon, Italy. SEBAL results are compared with ET estimates by the FAO method and the outcome of
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a three-dimensional soil-plant model. The biomass production routine in SEBAL is then tested using
spatially distributed crop yield measurements and the soil-plant model results.

2. Materials and Methods

2.1. Study Area

The study site (Figure 1) is a ca. 21 ha field located in Ca’ Bianca (45◦10′57”N, 12◦13′55”E), near the
town of Chioggia (Italy) at the southern margin of the Venice Lagoon. The area is in proximity to the
Brenta and Bacchiglione Rivers and approximately 5 km from the Adriatic Sea. With an elevation
ranging between 1 and 3.3 m below mean sea level, the site has a silt-clay soil with peat and sandy drifts
(i.e., paleochannels) [34,35] (Figure 2). The area is known to be affected by saltwater contamination
down to about 20 m depth with the presence of a first confined fresh-water aquifer 45–50 m below
mean sea level. The climate is continental with annual rainfall around 780 mm. Rainfall is more intense
in spring and autumn and snow is not very frequent during winter. The average daily temperature is
13.4 ◦C. Rainfed maize (Zea mais L.) was cultivated in 2011 (seeding 4 April and harvest 2 September),
and 2012 (seeding 21 March and harvest 11 September). Precipitation differed substantially over the
two growing seasons and was also quite unusual with respect to the average April-to-September
rainfall from 1993 to 2012, which amounts to 360 mm. Indeed, the two growing seasons were rather
dry (i.e., in the 1st quartile, 199.8 mm in 2011, 150.6 mm in 2012). Rainfall in 2011 was evenly spread
throughout the season. Contrarily, the low 2012 precipitation occurred almost exclusively during
the maize vegetative phase. No precipitation occurred during the early tassel and kernel blister
reproductive stages, which are known to be among the most critical stages of maize growth [36].
The daily average reference evapotranspiration (ET0) was 4.42 and 4.08 mm d–1, whereas the ET0 over
the entire season was 672 and 717 mm in 2011 and 2012, respectively. The study site was divided
into five site-specific management units (SSMUs, Figure 1b) by [35] according to the spatial variability
of soil characteristics and salinity (Figure 2) and has been extensively studied by soil sampling,
hydro-geophysical monitoring and soil-plant modeling [34–38]. More precisely, the classification
identified a peaty, acidic, moderately saline and sandy zone (SSMU 1); a very saline zone (SSMU 2);
a non-saline zone comprising the coarser portions of the paleochannels (SSMU 3); a zone with the
best conditions for maize growth (SSMU 4) with mid to low salinity, mid to low peat content and the
highest clay content; and a peaty, acidic, moderately saline and silty zone (SSMU 5) (Figure 3).
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Figure 2. Site characterization: (a) land and (b) water table elevation [m above sea level, masl],
average (c) soil texture (as sand percentage [%]), and (d) soil salinity (in terms of ECe [dS m−1]) in the
0–1.2 m soil profile.
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Figure 3. Boxplots for (a) EC1:2, electrical conductivity of a soil extract with a soil to water ratio of 1:2,
(b) soil bulk density, (c) soil organic carbon content, and (d) clay content.

2.2. Data

2.2.1. Acquisition of Satellite Imagery

Satellite images of the study area were obtained from Landsat 7 ETM+ (Path = 192, Row = 029).
These images are made publicly available by the U.S. Geological Survey (at http://glovis.usgs.gov/
USGS) as GeoTIFF with a level correction 1T (terrain corrected), providing a systematic radiometric
and geometric accuracy through the use of point ground control (GCPs). For 2011, images were
available for the dates 16 and 25 April, 2 and 18 May, 21 July, 6 and 31 August, while for 2012
the images were obtained on 18 and 27 April, 4 May, 5 June, 7 and 16 July, 1, 8, 17 August and
9 September. All dates had favorable clear-sky weather conditions. Visible bands (bands 1–5, 7) were
used for albedo (α), and vegetation index calculations. Albedo was calculated by integrating surface
reflectivity values, using different weighting coefficients for each band [2]. A “top of atmosphere”
bidirectional reflectance was converted into at-surface reflectance, by using simple humidity and
sun-angle based algorithms [39]. This simple approach for atmospheric correction could originate
errors in albedo, which are anyway compensated by the internal calibration procedures of SEBAL [40].
Thermal band (band 6) was used for surface temperature (Ts), computed using a modified Plank
equation following [41], and sensible heat (H). The spatial resolution is 30 × 30 m on the visible bands
and 60 × 60 m on the thermal band.

http://glovis.usgs.gov/USGS
http://glovis.usgs.gov/USGS
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Due to the presence of gaps in ETM+7 scan-line corrector (SLC)–off, only images covering 100%
of the study area were considered. We decided not to fill the Landsat 7 gaps to avoid the risk of
generating additional uncertainties. Seasonal ET was calculated from the Landsat images using the
method for temporal integration implemented in the Geographic Resources Analysis Support System
Geographic Information System (GRASS GIS 7) [42].

2.2.2. Hydrological Monitoring

To assess the impact of water stress on crop productivity, five monitoring stations were set
up in the study site. Each station was equipped with capacitance-resistance probes (ECH2O-5TE,
Decagon Devices, Pullman, WA, USA) to measure water content and pore-water salinity [38],
and electronic tensiometers (T4e, UMS GmbH, Munich, Germany) to record soil-water potential
at 10, 30, 50, and 70 cm depths. The sensors were connected to a data logger and recorded hourly.
The water table level at each station was monitored every second week using phreatic wells. The five
monitoring stations were named A, B, C, D and E (Figure 1b). Unfortunately, since the SSMUs were
defined after station installation, SSMU 4 was not monitored by any of the stations, whereas two
stations (B and E) were located in SSMU 3.

2.2.3. Meteorological Data and Estimation of Evapotranspiration by the Food and Agriculture
Organization (FAO) Method (ETc)

In addition to satellite images, the SEBAL model requires the following input data: wind
speed, precipitation, air humidity (vapor pressure or dew point temperature), solar radiation,
air temperature, ET0, and meteorological station characteristics (height of wind measurement and
vegetation height). Hourly meteorological data were acquired from a nearby automatic station (Regional
Agency for Environmental Protection and Prevention of the Veneto) and used to calculate the reference
evapotranspiration ET0 with the FAO-56 method [13]. Crop evapotranspiration (ETc), which differs
distinctly from ET0 as it accounts for crop-specific ground cover, canopy properties and aerodynamic
resistance, is then estimated by means of the crop coefficient Kc, as ETc = Kc× ET0 [13].

Where field conditions differ from the standard conditions, correction factors are required to
adjust ETc. This adjustment reflects the fact that the real crop evapotranspiration often deviates
from ETc due to non-optimal field conditions such as the presence of pests and diseases, soil salinity,
low soil fertility, water shortage or waterlogging. The crop evapotranspiration under non-standard
conditions (ETc,adj) was calculated at the five monitoring stations by using a water stress coefficient
Ks [13]. The estimation of Ks was done by daily water balance computation for the root zone [13] each
SSMU using soil moisture data recorded at 10 to 70 cm depth. The field capacity and wilting point
were calculated from the soil characteristics [35] and for each SSMU using the “Rosetta” model [43].
Ks was finally calculated on a daily basis using the FAO-56 method [13] when Dr > TAW:

Ks=
TAW − Dr
(1− p)TAW

(2)

where Dr is the root zone depletion, TAW the total available soil water in the root zone, and p
the fraction of TAW that a crop can extract from the root zone before reaching water stress.
Crop evapotranspiration under non-optimal conditions is then calculated as:

ETc,adj = KsKcET0 (3)

2.2.4. Yield Data

Maize grain yield was measured with a combine harvester equipped with a yield monitor
(Agrocom, Claas, Germany) and a differential global positioning system (DGPS). The harvester had
an 8-m bar and took yield measurements every 5 m [36].
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2.3. Surface Energy Balance Algorithm for Land (SEBAL) Method

The SEBAL model was developed using existing and newly created modules in the GRASS
open-source GIS [42,44]. SEBAL utilizes spectral raster images from the visible, near infrared and
thermal infrared energy spectrum to compute the energy balance on a pixel-by-pixel basis. In SEBAL,
Rn is computed from satellite-measured broad-band reflectance and surface temperature, while G is
estimated from Rn, surface temperature and vegetation indices. The sensible heat flux H is considered
proportional to the ratio between the surface-air temperature difference (dT) and bulk aerodynamic
resistance (rah) [22]. SEBAL uses the partitioning of H and LE as described in [22], where the evaporative
fraction (Λ) is calculated as:

Λ =
LE

Rn − G
=

Rn − G− H
Rn − G

(4)

The underlying assumption is that Λ is constant during the day or, in other words,
the instantaneous partition of LE and H is equal to the average diurnal partitioning ratio. The difference
between Λ at the moment of satellite overpass and Λ derived from the 24-h integrated energy balance
is considered as non-significant [45].

The latent heat flux is then calculated multiplying Λ by the diurnal net radiation at the land
surface (Rn,day) [42].

LE = Λ × Rn,day (5)

A fundamental advantage of SEBAL is the calibration of the result using pixels of extreme
meteorological conditions: a very wet pixel with negligible H (Hwet ~0) and a very dry pixel with
negligible LE (LEdry ~0).

The calibration is done by manually selecting a dry and wet pixel to define the range of vertical
temperature gradients (dT) above the ground surface [19]. The wet pixel was selected according to
the following criteria: low temperature, low albedo and high Normalized Difference Vegetation Index
(NDVI). The dry pixel was searched for in a dry and bare agricultural field, in poorly-vegetated areas
presenting a low NDVI, high temperature value and high albedo. For each image specific wet/dry
pixels were selected.

In the recent literature [42,46] a method was suggested for ET temporal integration. The fraction
ETrFj = ETSebal,j/ET0,j (where j refers to the satellite image acquisition date and ET0,j to the potential
evapotranspiration for day j) is considered constant for the time period between two consecutive
satellite images, and the seasonal ET (termed ETs) is computed using the following equation:

ETs = ∑
j

ETrFj

tj+1

∑
i=tj

EToi

 (6)

where tj and tj+1 delimit a short time period around the acquisition date j.
The above equation integrates the time component (ET0, estimated with the FAO-56 method [13])

and spatial component (ETrF) to describe the daily fluctuation of ETSebal across the study area during
the cropping season.

2.4. Biomass Production and Maize Yield

Crop biomass production was calculated from photosynthetically active radiation (PAR) data
using a GRASS GIS module [44,47]. Only a fraction of PAR is absorbed by the canopy (APAR) and used
for carbon dioxide assimilation. Biomass growth is therefore a function of APAR, light use efficiency
(e′) and a water stress index (the evaporative fraction Λ, defined in Equation (4)). The APAR/PAR
fraction (f PAR) can be directly estimated from the NDVI as:

f PAR = −0.161 + 1.257 × NDVI (7)



Remote Sens. 2018, 10, 1452 7 of 17

Aboveground biomass production on a single image acquisition day, bio (kg/ha/d), is then
calculated as:

bio = e′ × Λ × f PAR × 0.84 (8)

where the light use efficiency factor e′ was set at 4 g/MJ [48]. Grain yield is obtained by multiplying
accumulated seasonal aboveground biomass production with a specific Harvest index (HI) for maize,
assumed constant at a value of 0.4 [36].

2.5. 3D Soil-Plant Model

ET and crop productivity simulated by a 3D soil-plant model [49] were also compared to the
SEBAL results. Given the lack of spatially distributed measurements of ET, model simulations provide
a viable tool to evaluate the spatial structure of water consumption estimated by SEBAL.

The soil-plant model simulates soil moisture dynamics, plant photosynthesis and transpiration and
it was calibrated and validated at the study site [49]. The transpiration flux is modeled in terms of water
potentials in the soil, root xylem and leaf, and is regulated by an optimal stomatal conductance that
maximizes carbon assimilation while minimizing water losses [50]. A detailed description of the soil-plant
model is given in [36] while the application at the study site is presented in [49]. Model simulations were
run for 2011–2012 with the same dataset as that used here for the SEBAL simulations.

3. Results and Discussion

Figure 4 shows the seasonal cycle of daily ET obtained by the two methods used in this
study. The comparison between evapotranspiration estimated by the FAO method (ETc) and SEBAL
(ETSebal) shows good agreement, with an R2 = 0.87 for 2011 and R2 = 0.89 for 2012. The cumulative
evapotranspiration from 16 April to 31 August, 2011 and 18 April to 9 September, 2012, as obtained
by spatially integrating the ETSebal seasonal values (Figure 5), was 515 mm and 472 mm, respectively.
A comparison between Figures 2 and 5 shows that soil texture was generally one of the main factors
controlling the ETSebal spatial distribution, with higher values found in fine soil areas. However,
the spatial patterns of ET are the results of complex interactions between crops, soil texture, water table
level, salinity and climate inter-annual variability. The average difference between ETc and ETSebal
over the whole season was 6.4% for 2011 and 21% for 2012. This comparison is satisfactory given
that the Kc coefficient method does not account for water stress factors, meaning that ETc represents
an accurate estimation of ET only under well-watered conditions.
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Figure 4. Temporal variation of evapotranspiration (ET) (mm/day) computed by surface energy
balance algorithm for land (SEBAL) and Food and Agriculture Organization (FAO-56) approaches from
April to September: (a) 2011, (b) 2012. ETSebal versus ETc results: (c) 2011 and (d) 2012. Dotted lines
represent the identity line (1:1).
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Figure 5. Map of seasonal evapotranspiration (ETs) (mm) for the study site in 2011 (16 April–31 August)
and 2012 (18 April–9 September) as obtained by Equation (6). SSMUs are overlaid (white lines
and numbers).

The evapotranspiration reduction coefficient Ks was used to quantify water/salinity stresses
at the five monitoring stations during the 2012 growing season. Figure 6 shows daily ET for the
different images calculated by SEBAL and the FAO-56 method (ETc,adj). The comparison shows a good
agreement at stations B (R2 = 0.83), D (R2 = 0.78) and E (R2 = 0.85). The coefficient of determination
at stations A and C were smaller (0.33 and 0.56, respectively) due to a shift in time of the ET fluxes.
In station E, despite a high R2, SEBAL underestimated the ETc peak by about 30%.

Plants were affected by soil salinity stress at Stations A, C, and D. Because Station C had a very
shallow water table, the daily Ks was influenced only by salt stress, while both salinity and water
stress affected crop development at Stations A and D. Stations B and E were not affected by salt stress.
However, severe water stress was experienced at these stations because they were both located on
paleochannels in SSMU3 [36]. Consistent with other authors [51,52], SEBAL underpredicted ET with
respect to the FAO dual coefficient method, even if the difference was within 20% [53]. Note that
FAO-56 has been demonstrated to overestimate the actual ET values. Many authors (e.g., [54,55]) in
the last 15 years have shown that the FAO-56 Kc and Kcb tabulated coefficients, even if adjusted using
the specific procedure based on local meteorological, irrigation and crop data suggested by FAO-56,
tend to overestimate the observed crop coefficients and actual ET in humid and semi-humid regions.
Differences of up to ±40% especially during the middle growth cycle are reported in the literature,
mainly due to the complexity of the crop coefficient that actually integrates several physical and
biological factors [54,55]. Furthermore, other authors [56] questioned FAO-56 accuracy in estimating
soil salinity effect on ET in the different growth stages.

Spatial ET dynamics calculated by SEBAL was confirmed by the 3D soil-plant model. Because
of the different spatial resolution of SEBAL (30 m by 30 m) and the soil-plant model (20 m by 20 m),
ordinary kriging was used to resample the 3D model results on a common 30 m by 30 m grid
and compare evapotranspiration simulated by the 3D model (ETm) with ETSebal. Figure 7 shows
instantaneous ET (mm/s) calculated with both models. In general, good agreement is observed
between the two spatial patterns, with the lowest values in the southern sandy zone and the highest
in the northern fine-texture zone. A quantitative comparison of average ET at the times of satellite
overpass shows good agreement between the two methodologies with R2 = 0.70 in 2011 and R2 = 0.67
in 2012 (Figure 8). The cumulative ETm values computed by the model were in good agreement with
the values provided by SEBAL.
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Figure 6. Temporal variation of ETSebal and ETc,adj (mm/day) at the five monitoring stations: (a) Station
A, (b) Station B, (c) Station C, (d) Station D, (e) Station E. ETSebal versus ETc,adj: (f) Station A, (g) Station
B, (h) Station C, (i) Station D, (j) Station E.
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Figure 7. Detailed map of instantaneous ET (mm/s) distribution at the study site as predicted by
SEBAL and the soil-plant model: (a) ETSebal Day of Year (DOY) 138 2011; (b) ETSebal DOY 157 2012;
(c) ETm DOY 138 2011; (d) ETm DOY 157 2012.

A further model validation was performed based on the results of biomass production and maize
yield. A comparison between the measured values and those simulated by the SEBAL biomass routine
and the 3D soil-plant model is provided in Figure 9a for the two years. In general, the SEBAL method
slightly underestimated land productivity, in contrast to the soil-plant model that overestimated
yield, especially under stress conditions (2012). Measured yield data in 2011 had higher average
(8.64 t/ha) and maximum (13.67 t/ha) values than in 2012 (average: 3.86 t/ha; maximum: 7.09 t/ha).
SEBAL results exhibit a similar behavior, i.e., higher average (6.4 t/ha) and maximum (8.2 t/ha) values
in 2011 than in the following dry year (average: 3.47 t/ha; maximum: 5.5 t/ha). Consistently, the 3D
soil-plant model provided 8.69 t/ha and 11.11 t/ha for the average and maximum values in 2011,
respectively, and 5.49 t/ha and 6.67 t/ha in 2012. Both methodologies are, therefore, sensitive to the
observed inter-annual climate variability, but comparisons are not always satisfactory.
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The yield data in 2011 and 2012 were then classified at the scale of the management units
(Figure 9b,c, respectively). The results suggest that climate variability has a stronger impact on
productivity than soil characteristics, differences between years being higher than those among SSMs.
This is usually expected, even in areas characterized by contrasting soils [57].

The SEBAL model responded better in 2012 (average absolute error: 0.39 t/ha; average error: 10%)
than in 2011 (average absolute error: 2.24 t/ha, average error: 26%), a general performance that can be
evaluated as good according to [58]. It should be recalled that rainfall was spread evenly throughout
the season in 2011. On the contrary, no precipitation occurred in 2012 during the early tassel and kernel
blister reproductive stages, which are known to be among the most critical maize growth stages [37].

Maize yield showed high variability across the study site in both 2011 and 2012. The most
productive area in both years was SSMU 4, because of the mid to low salinity and the highest clay
content (Figure 10). Salinity affected maize yield in SSMU 2, which was the least productive area,
while yield was intermediate in the other SSMUs.Remote Sens. 2018, 10, x FOR PEER REVIEW  13 of 17 
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As noted by [49], model results (both SEBAL and the 3D model) provide a good estimate of field
productivity at large scales (i.e., field or SSMU) but are less effective at capturing the small-scale
heterogeneities in field crop yield (Figure 11). This can be explained by a resolution problem,
because both models operate on a ~10 m grid size, thus neglecting the sub-grid variability of input
data (e.g., soil characteristics). However, while the 3D model is outperformed during dry conditions,
due to a coarse representation of soil/root characteristics that are not required by SEBAL, this latter
underestimates productivity during the wet year, probably due to the uncertainties in the utilized
harvest index. In particular, even if HI may vary temporally and spatially (i.e., across the field), a single
value was used here for the whole field and for both 2011 and 2012. According to the results shown in



Remote Sens. 2018, 10, 1452 13 of 17

Figure 9 and published in [36], SSMU 4 was the most productive area over the 2 investigated years.
This management unit may thus require a larger HI compared to the other SSMUs since it is the
zone with the best conditions for maize growth. It should be noted that the HI is an important factor
to estimate yield and a better knowledge on the relation between biomass production and HI will
improve the accuracy of yield maps [32]. In particular, future research should clarify the impact of soil
moisture conditions during flowering and crop nutrition on the harvest index [59].
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4. Conclusions

In this study we used the SEBAL model in a salt-affected, water-stressed maize field in the
surroundings of the Venice Lagoon, Italy, to map the spatial structure of water fluxes and crop
yield. Due to the lack of measured ET data, SEBAL modeled data were not validated but only
compared with ET estimates by the FAO method and three-dimensional soil-plant simulations.
Nevertheless, results confirm that SEBAL is a viable tool for calculating ET at field scale even under
highly heterogeneous conditions. The comparison between daily ET estimated by the FAO method
and SEBAL shows good agreement in 2011 and 2012. However, in terms of crop production SEBAL
responds better in 2012 (dry year) than in 2011 (wet year). SEBAL is, therefore, outperformed by a 3D
soil-plant model in the case of wet conditions, but it provides far more accurate predictions in dry
periods due to the fact that it does not require knowledge of the soil/root characteristics (which are
crucial for soil-plant simulations, especially during drought). ET fluxes calculated at five monitoring
stations installed in the area also reveal that SEBAL provides better predictions under severe water
stress rather than soil salinity stress conditions.

These results suggest that the integration of SEBAL with field observations and soil-plant
simulations can be very beneficial for precision agriculture practices (e.g., precision irrigation),
particularly in environments where water availability is scarce or the quality of irrigation water
is poor. The method presented here can be used to design and optimize variable rate irrigation
strategies, thus maximizing land productivity while minimizing water losses and management costs.
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However, further research is needed to improve crop yield predictions at high spatial resolution in
highly heterogeneous settings.
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