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ABSTRACT

In the assessment of irrigation schemes, the accuracy of performance indicators related to
the water balance could be improved by estimating crop evapotranspiration (ET,.) using
remote sensing techniques. The two main remote sensing approaches to estimating ET,
are the surface energy balance and the FAO56-based approach, that uses the ability of
vegetation indices (VI) to trace the crop coefficient. Both approaches were evaluated
comparatively at the Rio Dulce irrigation scheme in Argentina (where the predominant
crops are cotton, alfalfa, and maize) using products from the Landsat 7 and 8 sensors
provided by the EEFlux application. The first analysis used field-specific, VI-derived basal
crop coefficients obtained for 1743 fields using series of 9 to 29 satellite images along the
2014-15 irrigation campaign. The second analysis used 30 fields (grown with cotton and
maize) where the actual irrigation schedules in the 2014-15 irrigation campaign were
known. A root zone soil water balance was computed in these fields using the FAO56 dual
approach with field-specific, VI-derived basal crop coefficients. The ET, obtained from the
water balance was compared with the ET. estimated using a single crop coefficient
approach that uses field-specific VI and takes into account soil evaporation (herein called
synthetic approach), and with the ET. obtained with the METRIC surface energy balance
model as facilitated by the EEFlux application. The third analysis was a simulation analysis
of errors in the estimation of the ET. due to the interpolation to daily values of single crop

coefficients and basal crop coefficients determined at hypothetical satellite overpass
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intervals of longer than one day. The VI-derived basal crop coefficient curves obtained for
the 1743 fields of the first analysis were below the locally adopted standard (not field-
specific) basal crop coefficient. Crop evapotranspiration in the 8005 ha covered by this
analysis was about 20 % higher when applying standard non-field specific curves than
when applying VI-derived curves. This difference pointed to the importance of using field-
specific estimations of ET.. In the analysis carried out on the 30 selected fields, the ET,
estimated using the VI-based approach agreed well with the ET. obtained from the water
balance except under water deficit conditions. The crop coefficients obtained for these
fields using the METRIC model correlated with those obtained by applying the VI-based
method, although the former tended to be higher than the latter in the lower value range.
The analysis of interpolation errors showed that when satellite overpass frequency is
greater than one week and water deficit is mild or inexistent, the interpolation of crop
coefficients (for instance, of those derived from an energy balance) gives errors of ET,
estimations that are greater than those resulting from the VI-based approach. Under water
deficit conditions, the VI-based approach systematically overestimates

evapotranspiration.

1. Introduction

Irrigation scheme performance assessment is imperative in a world with an increasing
population and food demand, where water scarcity is constraining agricultural production
more and more, and emerging sectors compete for the available water resources. Several
efforts have been made in the last decades to formulate a framework and guidelines for
irrigation scheme performance assessment. Relevant examples of these efforts are the
Performance Assessment Program of the International Water Management Institute
(Molden et al., 1998); the Guidelines for Benchmarking in the Irrigation and Drainage
Sector of the International Programme for Technology and Research in Irrigation and
Drainage (Malano and Burton, 2001); and the Task Force on Benchmarking of Irrigation
and Drainage Projects of the International Commission on Irrigation and Drainage
(Malano et al., 2004). A prominent set of performance indicators, the outcome of these
efforts, refers to the water balance. These indicators have been widely applied to the
internal assessment (e.g., Morabito et al., 1998; Lozano and Mateos, 2008) and
benchmarking (e.g., Rodriguez-Diaz et al., 2008; Borgia et al., 2013; Zema et al., 2018) of
irrigation schemes. The accuracy of performance indicators related to the water balance
could be improved by estimating evapotranspiration (ET) using remote sensing

techniques (Bos et al,, 2005). Some of the latter’s early applications in the evaluation of
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irrigation scheme performance were carried out in South America (Menenti et al., 1989;
Roerink et al., 1997; Bastiaanssen et al.,, 2001). With the advent of the Google Earth Engine
(a computing platform based primarily on satellite imagery that allows users to run
planetary-scale geospatial analysis on Google's infrastructure), this type of application is

increasingly within the reach of researchers, developers and water managers.

Two main approaches to estimating crop evapotranspiration (ET,.) assisted by remote
sensing techniques have become common in agricultural water use studies (Gonzalez-
Dugo et al., 2009; Taghvaeian and Neale, 2011). The first approach partitions the available
energy by using the radiometric surface temperature (derived from thermal band
imagery) to estimate the sensible heat flux and compute latent heat as a residual to the
surface energy balance (e.g., Kustas and Norman, 1996; Bastiaanssen et al., 1998; Allen et
al,, 2007a). The second approach is based on the ability of multispectral vegetation indices
(VI), derived from surface reflectance data, to trace the crop’s growth and estimate the
crop coefficient (Bausch and Neale, 1989; Po¢as et al., 2020). This approach is unable to
detect the reduction in ET, due to stomata closure, but it generates spatially-distributed
crop coefficients that, multiplied by a reference evapotranspiration (estimated daily from
local weather station data), provide estimates of field-specific potential (stomatal

conductance not limited by water deficit) evapotranspiration (Gonzalez-Dugo et al., 2009).

Various forms of the remote sensing surface energy balance approach have been applied
to upscale the estimations of ET to project scale. For example, Droogers and Bastiaanssen
(2002) combined the hydrological model SWAP with ET estimated with the SEBAL
(Surface Energy Balance Algorithm for Land; Bastiaanssen et al. 1998) model to evaluate
the performance of an irrigation district in Turkey. Similarly, Taghvaeian et al. (2018)
calculated a water balance, with ET also estimated with SEBAL, to obtain irrigation
performance indicators for an irrigation district in Southern California. Allen et al. (2007a)
mapped ET across irrigation districts in Idaho, California, and New Mexico using METRIC
(Mapping Evapotranspiration at high Resolution with Internalized Calibration; Allen et al.,
2007b), and Santos et al. (2008) used the same model for similar purposes in southern
Spain. The ReSET (Remote Sensing of Evapotranspiration; Elhaddad and Garcia, 2011)
model has been used to map ET across an irrigation district in California (Elhaddad and
Garcia, 2014) and to feed a water balance for obtaining irrigation performance assessment
indicators in an irrigation district in Spain (Chalghaf et al., 2015). However, the VI-based
crop coefficient approach has been used less on a large scale (examples are in Gonzalez-
Dugo et al., 2013 and Segovia-Cardozo et al., 2019) but more for irrigation advisory

services (D'Urso et al., 2010; Melton et al,, 2012; Calera et al., 2017).
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In both approaches, remote measurements are taken at time intervals, which depend on
the sensor overpass frequency. To estimate ET. for dates between measurements, daily
interpolation is needed, and the error due to this interpolation may depend on the remote
sensing approach used to estimate ET.. Satellite overpass frequency varies from satellite
to satellite. In addition, a compromise between temporal and spatial resolution is needed
to meet the goals of agricultural applications. High spatial resolution (< 100 m) is
required in most cases for these applications. The number of sensors on board of satellites
that meet the condition of high spatial resolution is limited. This limitation is even greater
if the energy balance approach is to be used, i.e., if measurements of radiometric surface
temperature are needed. A time resolution of less than one week is rare; two to four weeks
is common, although the use of constellations of satellites may help in some situations to
increase the time resolution. These constraints condition the accuracy of the two main
remote sensing approaches to estimating ET,, making the selection of the method a

challenge.

The objective of this study was a comparative evaluation of the two remote sensing
approaches for the estimation of ET, in the performance assessment of irrigation schemes.
The two methods evaluated were the FAO56 method (Allen et al., 1998) with crop
coefficients derived from a vegetation index (following Mateos et al., 2013), and the
METRIC model (Allen et al., 2007a) as executed by the Earth Engine Evapotranspiration
Flux (EEFlux) application (Allen et al., 2015). The evaluation used the Rio Dulce irrigation
scheme (in the province of Santiago del Estero, Argentina) as a study case. First, the study
compared estimations of ET, (for individual crops and for the entire cultivated area of
8005 ha) using standard (not field-specific) crop coefficients with estimations using field-
specific, VI-based crop coefficients. Second, in a set of 30 fields where the irrigation
schedule was known, the study compared the field-specific, VI-based approach with
METRIC. Finally, the study included an evaluation of errors in the estimation of the crop’s
evapotranspiration due to the interpolation to daily values of single crop coefficients and
basal crop coefficients determined at hypothetical satellite overpass intervals of longer
than one day. The evaluation of interpolation errors was related to the comparative
evaluation of the two remote sensing approaches for ET. estimation as both approaches
were based on measurements made at discontinuous satellite overpass dates, so

interpolation at intermediate dates was necessary.

2. Material and Methods
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2.1. Remote sensing-based evapotranspiration models
2.1.1. The FAO56 method to obtain K. and VI-derived K.

The method proposed by the FAO to estimate ET, consists of multiplying a reference
evapotranspiration by a crop coefficient (Doorenbos and Pruitt, 1977; Allen et al., 1998).
Reference evapotranspiration (ET,) is calculated with the Penman-Monteith equation
(Allen et al., 1998) from meteorological variables measured at ground weather stations.
The crop coefficient, K,, is the quotient between the ET. of the crop concerned and ET.,.

Therefore:

ET.=KET, (1)

K. may be a single coefficient or be split into two components (dual approach), direct

evaporation from the soil surface and plant transpiration (Allen et al., 1998):

K¢ = KepKs + K, )

where Ky, is the basal crop coefficient (addressing plant transpiration under unstressed
conditions), K; quantifies the reduction in crop transpiration due to soil water deficit, and

K. is the soil evaporation coefficient.

The standard procedure (Allen et al.,, 1998) for developing the K. and K, curves requires
three-characteristic value: those during the initial stage (K ini, Kepini), the mid-season stage
(Ke mia» Keb mia) @and at the end of the late season stage (K. end, Kep eng)- The curves are
constructed by connecting straight-line segments through each of the four growth stages
(initial, crop development, mid-season, and late season). Horizontal lines are drawn
through K, ;,; in the initial stage and through K. ;4 in the mid-season stage. Straight lines
are drawn from K. ,; to K iq in the course of the crop development stage and from K. 4 to
K¢ eng in the course of the late season stage. Herein, the K. and K, curves developed like

this will be called K standara and Kep standara, respectively.

Since both K, and multispectral VIs obtained by remote sensing techniques represent crop
development (Choudhury et al. 1994), K, can be derived from VI (Bausch and Neale,

1987; Neale et al., 1989). The relation between some VIs and the ground cover fraction (f,)
is approximately linear in the range from bare soil to near full ground cover (Huete et al.,

1985; Gonzalez-Dugo and Mateos, 2008), thus:

VI = Vi

fo=
¢ VImax - VImin

3)
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where VI,;;, and VI, are the values of VI for f. = 0 and f. = 1, respectively. On the other
hand, researches have obtained different linear relationships between VIs and K, (P6¢as
et al., 2020). Mateos et al. (2013) validated the following normalized form of these linear

relationships to obtain the generic expression:

ch,max ( VI- VImin )

K = min|K ,
chyV1 ch,max fc,l(cbmax\VImax - VImin

4

According to this equation, the linear increase of K, with VI is from the value of VI (VI,;;,)
corresponding to bare soil (f. = 0) to the value of VI (VI,,,x) corresponding to pure
vegetation (f. = 1). K¢ max is the maximum value of K, generally equal to Kep,mig- Kebmid
corresponds to f. = f; ..« (Pereira et al., 2020ab). If for some reason the crop in the region
of interest is different from the standard crop, then a local value of K, ,ax can be used in
Eq. 10, in this case associated to its specific f. (f.kcmax)- Since f. = 1 is not always achieved
(Allen and Pereira, 2009), Eq. 4 ensures that the computed K, does not exceeds Ky max
(achieved at f. = f. kbmax), and also ensures coherence with the FAO-56 method to
determine actual K,. Although Allen et al. (1998) recommended a minimum value of Ky,
close to 0.15, for simplicity, Eq. 4 assumes K, = 0 for f, = 0. Setting K, to zero
acknowledges the fact that evaporation of bare soil will reduce to zero or nearly zero over
extended drying periods (Allen et al., 2005). Anyway, choosing a minimum K, closer to
0.15 would have required adapting Eq. 4, but the effect on the comparisons presented in

this paper would have been negligible.

K equals one for unstressed crops. Thus, the potential crop coefficient of a specific crop
may be obtained from Eq. 2, making K; = 1. For water-stressed crops, K; may be computed

as (Allen et al., 1998):
TAW - D,

~ (1-p) TAW

Ks=1 IfD, > (1-p) TAW (5b)

K, If D, < (1-p) TAW (5a)

where D, is the root zone water depletion (mm), TWA is the root zone total available
water (mm) and p is the fraction of the TAW below which transpiration is reduced. The

depth of the root zone (Z;, m) may be calculated as:

ch
Zy = Zymin + (Zr max — Zr min)K— (6)

cb,max
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where Z; . (m) and Z; i, (m) are the maximum effective root depth and the effective root

depth during the initial stage of crop growth. Therefore, TAW is

TAW = 1000(0pc — Owp)Z, (7)

where B¢ and Oyp are the water content at field capacity and wilting point, respectively (in

m3 m3).

D,;in Eq. 5a may be computed with a daily water balance in the soil root zone as:

Dr,i:Dr,i—l + ETC,i_ Pi_Ii+ (R01+ DPI) (8)

where D, ; is the root zone water depletion at the end of day i (mm), D,;.; (mm) is the root
zone water depletion at the end of the previous day, i-1, and ET;, P;, [;, RO;, and DP; are
crop evapotranspiration, precipitation, irrigation, rainfall runoff from the soil surface, and
water loss out of the root zone by deep percolation, respectively, on day i and expressed in
mm. P; was measured, ET ; was computed with equations 1 to 5, RO; was computed with
the curve number method (NRCS, 2004), DP; was estimated as the soil water in excess of
field capacity, and [; was simulated (according to a given irrigation strategy) or measured,

depending on the application (sections 2.4 and 2.5).

The soil evaporation coefficient, K., is calculated taking into consideration topsoil wetting
events (due to irrigation or rainfall) and the availability of energy at the soil surface (Allen

etal, 1998):

Ke = min[Kc maxfews Kr(Kc max — ch)] (9)

where K; is an evaporation-reduction coefficient dependent on the cumulative depth of
water depleted from the topsoil, K n.x is the maximum value of K., following rain or
irrigation (with K, = K, may), and f.,, is the fraction of the soil that is both exposed (1 - f;)
and wetted. Following rain or irrigation, K; = 1. As the soil surface dries, K. is reduced
linearly with cumulative evaporation, to become zero when no water is left for

evaporation in the upper soil layer (Allen et al., 1998).

Therefore, the application of the dual crop coefficient requires computing a water balance
at the upper soil layer and a soil root zone water balance if crop water stress is to be
considered. Computing any of the two water balances implies knowing the dates and
depths of irrigation and rainfall events on every field, which is rarely viable when dealing

with large irrigation areas. In this case, the single crop coefficient approach is more
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practical since it assumes typical (not field-specific) wetting conditions. However,
satellites provide VIs across large irrigation areas at high spatial resolution, thus one may
want to profit from field-specific VIs to improve the accuracy and spatial resolution of the
estimation of ET,. The most straightforward alternative would be applying Eq. 1 with K.
estimated using one relationships between VI and K.. For instance, this was the method
chosen by Segovia-Cardozo et al. (2019) to estimate ET, in Spanish irrigation schemes
based on the linear VI-K, relationship proposed by Calera et al. (2005). Another
alternative would be Eq. 2 with K, obtained from one of the published VI-K, linear
relationships (Calera et al. 2017) and running a water balance to obtain K, and K. This
second option, chosen for instance by Pocas et al. (2015), requires knowing or assuming
the irrigation schedules of the fields in the area of study. A third option, somehow
intermediate between the two previous ones, uses field specific VIs to obtain field-specific
Kewvi (Eq. 4) and then uses approximate soil-wetting information (rainfall data measures
at local weather stations and typical irrigation frequencies) to approximate K. to field-
specific conditions. One way to make such an approximation is in Mateos et al. (2013),
where the approximate K. was called the synthetic crop coefficient (K¢ synthetic) S0 as not to

be confused with the FAO-56 single crop coefficient:

Kc,synthetic = Kc,bare soil T (1 - Kc,bare soil) ch,VI if ch,\/] <1 (103)
Kemax =1 .
Kc,synthetic =1+ ﬁ(ch,Vl - 1) if Kpvi=1 (10b)
cb,max ~

where K pare soit 1S Ke computed with Eq. 9 applied to bare soil (K, = 0) and averaged on
the time interval corresponding to each satellite overpass for which VI (and thus K, v)
was available. If K4,y > 1 on a given date, then K gynehetic Will depend only on the K,y for
that date and on the crop-characteristic parameters K max and Kep max. Otherwise, K synthetic
will depend on K, y; on the date of concern but also on K pare soit- Kesynthetic Will increase with
respect to Ke,vi s Kepare soil 1S lower. The reader may find more details about the rationale
behind Eq. 10 in Mateos et al. (2013). Note that crop evapotranspiration estimated using
Kesynthetic (ETcsynthetic) 1 field-specific but does not take into account eventual reduction of

transpiration due to stomatal closure provoked by water deficit.

2.1.2. Earth Engine Evapotranspiration Flux (EEFlux) application

The Earth Engine Evapotranspiration Flux (EEFlux) application (Allen et al., 2015) uses
Landsat imagery archives on the Google Earth Engine platform to calculate the daily

evapotranspiration on the 30 X 30 m scale. Automatically calibrated for each Landsat
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image, EEFlux produces and provides maps of actual ET, estimations, surface temperature,
normalized difference vegetation index (NDVI), reference evapotranspiration, and albedo
for any Landsat 5, 7 or 8 scene. Reference evapotranspiration is computed from gridded
hourly and daily weather data stored on Earth Engine using the ASCE Standardized
Penman-Monteith method (ASCE-EWRI, 2005) (ET,) and the FAO-56 method (ET,) (Allen

et al.,, 1998). EEFlux can be freely accessed in https://eeflux-levell.appspot.com/.

The estimation of actual ET, in EEFlux is based on the METRIC model (Allen et al., 2007a;
Irmak et al,, 2012). METRIC is a satellite-based image-processing model for calculating
actual evapotranspiration based upon the energy balance at the land surface. The latent
heat flux (AET) is calculated from the surface energy balance for the moment captured in

satellite image acquisition as:

AET = R,-G-H (11)

where G is the soil heat flux, H is the sensible heat flux, and R, is the net radiation, all units
in Wm2. Net radiation is computed from solar radiation estimation by taking into
consideration the atmospheric transmissivity, surface reflectance, and longwave emission
balance using satellite shortwave and thermal observation data. Soil heat flux is estimated
as a ratio of net radiation using surface conditions such as vegetation and temperature

observed by satellite. Sensible heat flux (H, W m~?) is expressed as

AT
H= panr— (12)
a

where p, (kg m~3) is the air density, c, (J kg~* K™1) is the specific heat of air at constant
pressure, AT (K) is the near-surface vertical temperature difference, and r, (s m™!) is the
aerodynamic resistance corresponding to AT. METRIC assumes that AT can be
approximated by a linear relationship of the radiometric surface temperature (Tg, K)

(Bastiaanssen et al.,, 1998):

AT=a+bTg (13)

where a and b are empirical parameters determined by means of a calibration based on
the selection of “hot” and “cold” pixels within the satellite scene (Bastiaanssen et al,,
1998). The AT values for these two pixels are estimated by rearranging Eq. 12 for the
selected “hot” and “cold” pixels and by using Eq. 11 to derive the respective values of H.
Following the procedure proposed by Allen et al. (2007a), the “hot” pixel should be bare,
dry soil, so AET = 0 and H = Rn - G; and the cold pixel should be a well-watered crop at full

cover where AET is assumed to be 5% above that of the alfalfa reference
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evapotranspiration (ET,), computed using the standardized ASCE Penman-Monteith
equation (ASCE-EWRI, 2005). The resulting evapotranspiration at the moment of the
satellite image is used to calculate a fraction of reference evapotranspiration that enables
the conversion of the instantaneous value into daily values of actual ET. The latent heat
flux is then computed for each pixel at the instant of satellite overpass and is readily
converted to instantaneous ET (ETj,s):

AET
ETinse = 3600—— (14)

A fraction ET,F is computed for the time of the satellite overpass:

ETinst (1 5)
ET,

ET,F =

Finally, EEFlux calculates daily ET. (ET.ggrux) for each pixel by multiplying ET,F by the
daily ET, computed from gridded weather data, assuming consistency between ET,F at

overpass time and ET.F for the 24-hour period:

ET¢ggplux = ET(F ET; (16)

The corresponding K. (K ggrux) is calculated as the ratio between ET ggpx and ET,
provided by the EEFlux platform. Note that ETggpyy is field-specific and does take into
account eventual reduction of transpiration due to stomatal closure provoked by water

deficit.

2.2. Study area

The evaluation of methods for estimating ET, for the performance assessment of irrigation
scheme was carried out in the Rio Dulce irrigation scheme (SRRD, acronym in Spanish),
located in the province of Santiago del Estero, Argentina, at latitude 27°47’ S and longitude
64°16" W. The area irrigated in SRRD is around 80,000 ha extending over the river alluvial
plain. The climate is semiarid, mesothermal, with a mean annual rainfall of 600 mm,
concentrated in summer (Morello and Adamoli, 1974). Maximum monthly rainfall occurs
in January (111 mm) and minimum in July (2 mm). Mean annual ET, is 1300 mm, with
peak values in December (5.6 mm d!) and minimum in June (1.6 mm d*). Mean annual
maximum temperature is 27.5 °C (33.6 °C in January and 20 °C in June), and mean annual
minimum temperature is 12.7 °C (3.7 °C in July and 19.6 °C in January). All climatic data

are from the Instituto Nacional de Tecnologia Agropecuaria (INTA) weather station (Fig.

10
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1). Soils, of alluvial origin, are deep, of a silty loam texture and a low content in organic
matter and nitrogen (Angueira and Zamora, 2007; Galizzi et al., 2015). The Rio Dulce
water is of good quality. Predominant crops are cotton and alfalfa, followed by maize,
soybean, wheat, oat and vegetables (onion, melon and watermelon). Water is distributed
through an open channel network according to a fixed-rotation delivery schedule with
turns every 25 to 30 days, a turnout flow rate of 300 1 s7%, and duration of delivery of 50
min ha~?, giving a gross irrigation depth of 90 mm per irrigation. Surface irrigation is the
predominant on-farm irrigation method with application efficiency and distribution
uniformity of around 70 % (Angella et al., 2011). SRRD is divided into five administrative
areas. This study covered two of these subsystems, APAZ-IV (canal San Martin) and El
Alto. APAZ-1IV includes 15,000 ha with irrigation rights (out of a total area of 70,000 ha
equipped for irrigation) while El Alto covers 4,000 ha of which only 2,100 ha have
irrigation rights (Fig. 1). The analysis was carried out in the 2014-15 irrigation season. In
that season, the main crops in APAZ-1V were alfalfa (58 % of the area with water rights),
cotton (27 %) and maize (4 %), while in El Alto the main crops were cotton (67 %) and
alfalfa (12 %). Other crops (soybean, onion, melon, watermelon, and oat) were present in

both subsystems but occupying relatively small areas.

2.3. Crop, weather, soils, and satellite image data

An updated geographical information system was provided by the Irrigation Service of
SRRD, an entity that depends on the provincial government of Santiago del Estero. The
geographical information contained conventional maps like roads, rivers, canals, land use,
and detailed data about the irrigable plots: total area and area with permanent water
right. Crop information for each field was provided by the respective managers of the

APAZ-1V and El Alto subsystems for the 2014-15 irrigation season.

Meteorological data to compute daily ET, with the Penman-Monteith equation (Allen et al,
1998) and daily rainfall were obtained from the weather station of the National Weather

Service (SMN) for El Alto and from the INTA weather station for APAZ-1V (Fig. 1).

Soil information was taken from the soil maps of the APAZ-1V area produced by Angueira
and Zamora (2007). The soils in the study area, of alluvial origin, are relatively
homogeneous. Two similar soil classes (named El Simbol and La Maria according to the
INTA classification; Etchevehere, 1976) occupy most of the area (75% of the total area and
about 90% of the cultivated area). The main characteristics of the respective typical soil

profiles are in Table 1. The soils, deeper than 1.5 m, do not present restriction to crop root

11
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growth. Texture is silty loam. Soil water holding capacity in the typical soil profiles of the
El Simbol and La Maria soil classes is 179 mm m and 176 mm m}, respectively. Soil water
contents at field capacity (0rc) and wilting point (6yp) were derived from the soil water
retention curves provided in Angueira and Zamora (2007) for the typical soil profiles,
using the method by Rawles and Brakensiek (1982). The result was essentially the same
for both soil profiles. Thus, given the relatively low resolution of the soil maps and the
relative homogeneity of the soils, the values of 8z = 0.270 and Byp = 0.092 m3® m3 were
used for the whole APAZ-IV subsystem. Regarding El Alto subsystem, although it falls just
outside the area covered by the available soil maps, based on the experience of INTA
researchers we assumed that most cultivated soils in this subsystem belonged to either El
Simbol or La Maria class. Therefore, in the soil water balances applied to fields in the El

Alto subsystem we used the same 0y and Byp values obtained for the APAZ-1V subsystem.

A set of 16 NDVI images from Landsat 7 (Path/Row 229/80, 230/79 and 230/80) and 14
NDVI images from Landsat 8 (Path/Row 229/80 and 230/79) was downloaded from
EEFlux (Table 2). The images selected were all cloud free. Path/Rows 230/79 and 230/80
covered the entire SRRD (14 images in total) while Path/Row 229/80 (16 images)
covered only part of SRRD. The images were re-projected to the Coordinate Reference
System POSGAR 98/Argentina 4 - "European Petroleum Survey Group" (EPSG) 22174.
Geographical analysis was performed with the QGIS 3.10 (QGIS Development Team, 2019)
application, a free and open-source software that supports viewing, editing, and analysis
of geospatial data. The images from the same date were merged and clipped to the area of
interest with QGIS. Then, the "zonal statistics" tool of QGIS was used to extract the mean

NDVI value for each image and crop field date.

2.4. Analyses applied to cultivated fields in SRRD

The first analysis concerned all cultivated fields in El Alto and APAZ-IV (161 and 1582,
respectively). ETstandara (ET. obtained from the FAO56 standard procedure, using K. scandard,
i.e., without using remote sensing data), ETsntetic (ET. obtained using VI-derived
Kesynthetic), and ETcyiope (ET. obtained using K,y and computing K, and K. running the
water balance simulating optimal irrigation schedule, that is, triggering irrigation when
the soil water content reaches the allowable depletion) were calculated for these fields.
Soil water contents at field capacity and wilting point were 8gc = 0.270 and 8yp = 0.092 m?
m-3, The crop parameters taken to apply the FAO56 method are in Table 3, as well as the

number of fields and area for each crop. The growing calendars were set based on the
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information from farmers and subsystem managers. K. values were taken from FAO56 and
adjusted for the frequency of wetting and climatic conditions following the
recommendations of FAO56 (Allen et al., 1998) and based on the local knowledge of the
first author. Values of f; . Or f. xmax Were not readily available in the literature, thus we
set the conservative values of 0.8 for all crops, within the range compiled in the reviews by
Pereira et al. (2020ab). NDVI,,;, was specifically obtained from the Landsat images
selecting fields with bare soil, and NDVI,,,,, was set to 0.9 for all crops based on Gonzalez-

Dugo and Mateos (2008) and Carpintero et al. (2020).

The second analysis used 30 fields (23 of cotton and 7 of maize) for which the actual
irrigation schedule and growing itinerary (from planting to harvesting) were available. In
these fields, ET.yja: (ET. obtained using K, y; and computing K and K, running the water
balance using actual irrigation depths) was compared with ET synthetic; and ET ggpiux. The
selected fields were located in the APAZ-IV subsystem (Fig. 1), with their size ranging
between 8 and 60 ha. Their soils belonged to the La Maria soil class, thus the characteristic
water contents used in the water balance were 0zc = 0.270 and 0yp = 0.092 m3 m=3. Cotton
planting dates were between November 1 and December 10, 2014, while all selected
maize fields were planted on January 1, 2015. The number of irrigations varied between 1
and 4 in the cotton fields and was 2 in the maize fields. For these fields, in addition to the
images of NDVI, two other EEFlux products were downloaded: ET, and ET ggpux (Six
Landsat 7 - Path/Row 230/79 and 230/80- and five Landsat 8 - Path/Row 230/79) (Table
2). A buffer along the crop field borders was eliminated to prevent external pixel

contamination.

2.5, Simulation analysis of interpolation errors

The third analysis was a simulation analysis to evaluate the errors in the estimation of ET,
due to the interpolation to daily values of: 1) K, (used to obtain K¢ sntnetic); and 2) K, both
determined at hypothetical satellite overpass intervals of longer than one day. Although
the context of the interpolation analysis was the application of satellite imagery to
estimate ET. by the VI- and energy balance-based methods, the analysis did not need to
apply those methods or use satellite imagery; it only needed assumptions about the
frequency of satellite overpasses and supposedly known (“truth”) values of K, and K. at

the satellite overpass dates.

The first step for the interpolation analysis was depicting the curve representing the daily

K of an ideal cotton crop grown in the environment of Santiago del Estero, from
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November 1 to April 15, under non-limiting conditions. This particular K, curve was taken
as being the “truth” (“truth” as opposed to “interpolated”) for the interpolation analysis
and named K, ;- Second, the values of K, tun cOrresponding to dates at intervals of 1, 5,
10, 15, 20, 25, 30, 35 and 40 days were selected. This selection resulted in 9 series of
values of "truth" coefficients, supposedly corresponding to their respective satellite
overpass frequencies. The number of assumed satellite overpasses during the period of
analysis (October 1 to May 1) varied from 212 to 5 (corresponding to assumed satellite
revisit time of 1 day and 40 days, respectively). Third, the values of K, -, in each series
were linearly interpolated to obtain daily estimations of K¢, (named K, interpolatea)- FOurth,
K synthetic Was calculated from Eq. 10 replacing K, vi by Kep interpolatea- The value of Kepare soil,
also necessary to apply Eq. 10, was K. (Eqg. 9) applied to bare soil considering rainfall
events and averaged on the time interval centred on each of the assumed satellite
overpasses. In order to account for the effect of weather variability, the simulation period
was 30 years (July 1, 1988 to June 30, 2018), using weather data from the INTA weather
station (Fig. 1). Other parameters needed in Egs. 9 and 10 were taken from Table 3.
Finally, K synthetic was multiplied by daily ET, to obtain daily ET_synthetic-

For the analysis of errors in the interpolation of K., the assumed “truth” daily K. curve of
the ideal cotton crop was generated applying the dual crop coefficient approach (Eq. 2)
using K truen- Since the dual approach requires knowing the soil wetting dates, rainfall was
obtained from the INTA weather station and the irrigation dates for the ideal cotton crop
were simulated using the soil water balance. The simulation period and weather data were
the same as for the analysis of interpolation of K, used to obtain K¢ gnehetic (i-€., July 1, 1988
to June 30, 2018, INTA weather station). Therefore, while the analysis used a unique

Kep trutn curve, the K. iy, curve varied from year to year. Moreover, two surface irrigation
strategies were simulated, consisting of refilling the soil to field capacity when the crop
depleted the readily available water (estimated as 65 % of the root zone soil water holding
capacity) or 80 % of the root zone soil water holding capacity, for the full and deficit
irrigation strategies, respectively. Then, the values of K. ..., corresponding to dates at
intervals of 1, 5, 10, 15, 20, 25, 30, 35 and 40 days were selected and the "truth”
coefficients of each series were linearly interpolated to obtain daily estimations of crop
coefficient (named K interpotated)- Finally, K¢ interpolatea Was multiplied by daily ET, to obtain

dally ETc,interpolated-

The interpolation errors were evaluated by means of the root mean square error (RMSE)
of daily ET. and the relative error (RE) of seasonal ET.. The former was obtained from the

square of the difference between the daily values of ET, obtained using K. ..., and obtained
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with the corresponding daily values of K¢ synehetic OT Kejnterpolated: RE Was computed as the

relative difference between seasonal ET, computed using K ..ty and computed with

Kc,synthetic or Kc,interpolated-

The connection of the interpolation analysis with the comparison of methods of estimating
ET. carried out in the study case is as follows. The VI-based approach used satellite data to
obtain K, on the days of satellite overpass. If it was assumed that K, can be derived from
VIs accurately, then the Ky, ¢y curve could be reproduced with complete accuracy using
daily Vls. If the temporal frequency of K, determination (K, vi) was less than daily, then
daily K, v values would have to be obtained by interpolation, thus making interpolation
errors. On the other hand, the energy balance approach determined K. as the quotient
between ET. and ET, determined on the days of satellite overpass (K. ggpuy in our study). If
it was assumed that this K. can be obtained with complete accuracy, then the interpolated
K eerux curve would reproduce K .1, if satellite overpass was daily; otherwise, daily

K. eerux Values would have to be obtained by interpolation, thus making interpolation

errors that would depend on the satellite overpass frequency.

The hypothesis behind the interpolation analysis is as follows. Since the evolution of VIs
along the crop growing cycle follows a rather determined trend, K, can be interpolated
confidently between dates of image acquisition. However, the VI-based approach needs a
complementary procedure to account for soil wetting events (to obtain K synthetic in the
approach adopted in this study) and is unable to detect crop water stress. In contrast, the
energy balance approach gives the crop coefficient directly, considering effects of water
deficit as well, but the interpolation to daily crop coefficients may be unreliable because
both numerator and denominator in the quotient ET./ET, used to determine K, are highly
affected by day-to-day weather variability. Therefore, the objective of the interpolation
analysis was to assess the errors of each method as a function of the temporal frequency of

the satellite images.

This analysis was intended to specifically address the errors due to interpolation;
therefore, it did not take into account the inaccuracy of the methods used to determining

Kepvi Kesynthetic and K ggpiux

3. Results

3.1. Comparison of methods of estimating ET,
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Fig. 2a shows the FAO56 standard K, (K standara) Curve for cotton, consisting of 4 straight
lines. The curve was constructed before determining VI, taking the three K, characteristic
values and the duration of the growth stages from Table 3. During the crop development
and mid-season stages, K., y; was less than K, stangara in both the APAZ-1V and El Alto
subsystems. This can be seen in the mean and standard deviation of the K,y
corresponding to the cotton fields in both El Alto and APAZ-IV at the dates of satellite
overpass (Fig. 2a). Similar observations are in Fig. 2c for the alfalfa fields. K¢, standara refers
to a pristine crop, thus the deviation of K, y; from K, standara reflects the cropping
performance gap and points to the convenience of the field-specific approach for scheme
water consumption assessment. Actually, average cotton yield in SRRD is about 3 Tn ha™?,
while attainable yield (yield of the best performing crops) is 5 Tn ha=! (Angella et al.,
2016). During the late season stage, the mean K, y; of cotton was slightly greater than the
Kb standard- The declining slope of the late season Kep standara implies the recommended
practice of forcing defoliation to accelerate boll opening. The milder slope of K, v reflects
the indeterminate nature of cotton that often regrows during and after the harvesting
period, while weeds may proliferate below the cotton canopy (distorting the K,y

estimate).

This discussion on K, can be transferred in the same terms to K, with the addition that in
K. soil wetting also intervenes. During the cotton development mid-season stages, K synthetic
was less than K stangara in both the APAZ-IV and El Alto subsystems (Fig. 2b). During the
initial and early cotton development stages, K¢ syneetic ON the satellite overpass dates
(triangles and squares in Fig. 2b) deviated from K_gtangara, Showing that the former takes
into account the occurrence of rainfall and dry periods. In the case of alfalfa (Fig. 2d), the
locally assumed K. gndara, that is based on the cutting frequency in the different seasons,
was greater than K¢ gynmetic, €specially in winter and autumn. Note that the field-to-field
variability of K synehetic cOuld be evaluated not only on the dates of the satellite overpass
(indicated in Fig. 2bd by standard deviation bars on the days of the satellite overpass), but
also on the interpolated dates (as shown in Fig. 2bd with the area shaded by daily
standard deviation bars). For the sake of brevity, we restricted the description of standard
vs. VI-based K, and K, to cotton and alfalfa, the two main crops in SRRD; however, similar

analyses would apply to other crops.

Fig. 2b reinforces the recommendation of using the VI-based field-specific approach in
SRRD (as Segovia-Cardozo et al., 2019, also remarked for their study area), and the
adequacy of the synthetic crop coefficient approach to approximate the effect on K. of

rainfall events when field irrigation data are not available. Alternatively, one could use the
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dual crop coefficient with K,y and compute the soil evaporation coefficient (Allen et al.,

1998) for an arbitrary irrigation schedule.

The results of applying one or other method on a system scale are in Table 4. Seasonal ET,
in APAZ-1V was greater than in El Alto, mainly due to the cropping pattern (alfalfa
occupies 58 % of the area in APAZ-IV and 12 % in El Alto). Subsystem ET. was much
greater (about 20 %) when using K sndara- The difference in system ET. estimated with

K synthetic and applying the dual crop coefficient with an optimal irrigation schedule

(ETcviopt) Was only 2 % (Table 4).

The same comparison is in Fig. 3 for the 30 selected fields with known irrigation
schedules. In the sample of cotton fields, ETgynwmetic correlated very well with ET, estimated
from VI and the actual irrigation schedule (ET yi.ct) (Fig. 3); however, in the maize fields
ETsynthetic Was greater than ETyi... Note that the water balance computed to estimate

ET viac: takes into account ET. reduction due to water deficit, while the computation of
ETsynthetic ignores it. Fig. 3 suggests that water deficit was more pronounced in the maize
fields than in the cotton fields. For economic reasons, in SRRD it is common practice to
apply one irrigation only (the pre-irrigation) to the maize crops, and rely on rainfall for
the rest of the growing season, while cotton crops typically receive one or two irrigations
in addition to the pre-irrigation. Therefore, considering the crop water deficit could be
important when estimating ET over systems such as SRRD; however, the VI-based
approach is incapable of detecting the reduction in ET due to stomatal closure unless it is

coupled to a water balance fed with field-specific irrigation data.

In theory, the energy balance approach to estimating ET, may overcome this limitation.
This was examined for the selected fields with known irrigation schedules. Fig. 4a
represents K. on the days of satellite overpass provided by EEFlux (K. ggrx) against K viac-
Overall, K. grrux Was greater than K.y« particularly at low K. Part of this deviation could
be due to small differences between the typical values of 6zc and 8yp used in the water
balance and the actual values of each selected field; however, this could not be assessed.
Part of the scatter (root mean square error, RMSE = 0.23) could be due to differences in
the reference evapotranspiration used by EEFlux and that obtained from the weather
stations. Recall that EEFlux uses gridded weather data stored in Earth Engine and the
ASCE standardized Penman-Monteith equation (ASCE-EWRI, 2005) while the ET, from
the weather stations is computed using measured data and FAO-56 Penman-Monteith
equation (Allen et al.,, 1998). Nevertheless, the correlation between reference
evapotranspiration derived from the two sources was unbiased and relatively good, with

RMSE = 0.9 mm (Fig. 5).
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However, the field irrigation schedules across the SRRD system are unknown. Therefore,
field daily ET. is estimated more adequately using K¢ synthetic Which is represented vs.

K. eerux in Fig. 4b for the selected fields. This figure highlights deviations as a consequence
of applying the K snemetic method. The symbols circled with a continuous line correspond to
satellite overpass dates soon after pre-irrigation and before crop emergence. K ggrux
detected the wet soil that resulted in high evapotranspiration (the upper and lower circle
mark data points corresponding to 1 and 4 days after pre-irrigation, respectively, while
the middle circle indicates data points corresponding to 3 days after pre-irrigation).
Conversely, the smoothing feature of K¢ synthetic resulted in K gynenetic 1€ss than that actually
expected for that soil surface wetness. The opposite circumstance occurred for the five
data points circled with a discontinuous line: on that satellite overpass date, the plants
were small or had not emerged, the previous soil-wetting event had occurred 6 days
before (thus the soil surface was already dry) and a posterior rainfall event occurred 2
days later. In this case, the smoothing feature of K syneetic resulted in higher values than

those actually expected for the soil surface wetness on the day of the satellite overpass.

The difficulties of applying the energy balance (for instance, using METRIC) have been
overcome by platforms like EEFlux; however, the number of satellites providing thermal
data remains a limitation. In our analysis of SRRD over a 12 month period, the number of
useful Landsat images varied across the scheme from 9 to 29, with frequency varying from

biweekly to monthly.
3.2. Interpolation results

The question is, with this frequency of images, which would be more appropriate: to
interpolate K. directly (for instance, output of the energy balance approach) or interpolate
K (for instance, output of the VI approach) and use an algorithm to derive K. (for
instance, the synthetic method). Fig. 6 depicts daily K, and K, for the ideal cotton crop that
represents the “truth” in the interpolation analysis that follows (K trutn and Ke gruths
respectively). The irrigation strategy in Fig. 6 was full irrigation. Ky interpolatea and
Keinterpolatea T€SUlted from the linear interpolation of their respective “truth” values on the
assumed days of satellite overpass (marked by diamonds at the top of each Fig. 6), and

K synthetic resulted from applying the synthetic methodology using K interpolatea @S an input.
Kep interpolated aNd Keinterpolated WOUld coincide with the respective “truth” coefficients if the
satellite overpass were to be daily. Fig. 6a presents the five crop coefficient curves
assuming an overpass interval of 15 days. The main observations were that Ko, interpolated
represented K, iy very well; Keinterpolated fluctuated greatly capturing some of the

variations of K., but missing others; and K gynthetic Smoothed the fluctuations of K ¢yeh.
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Similarly, Fig. 6b presents the same five crop coefficient curves although assuming an
overpass interval of 35 days. K interpolated Still represented Kep gyen quite well; Keinerpolated
deviated highly from K.+, during most days of the initial and crop development stages;
and K gyntetic Smoothed the fluctuations of K ¢y to a curve that was even flatter than that
generated for the overpass interval of 15 days. This was just an example resulting from the
specific rainfall pattern and irrigation schedule of a specific year. Fig. 7 shows the RMSE of
the estimation of daily ET, with the water balance run for the 30 years of weather data
under the full irrigation strategy, using either Knterpolated OF Kcsynthetic- FOr short overpass
intervals, the RMSE result of using K synhetic Was greater than that employing Keincerpolated-
The curves crossed at an overpass interval of about 4 days, reaching a practically constant
difference of about 0.3 mm day~! for overpass intervals longer than 10 days. Although the
difference between both RMSE was relatively small, it was noticeable that the standard

deviation of RMSE was greater using K interpolated than using Ke synthetic-

RE of seasonal ET synetic Was close to zero and showed little year-to-year variability when
the water balance was run to prevent water deficit (Fig. 8a); however, under the deficit
irrigation strategy, seasonal ETsynemetic Was systematically greater (bias of about 5 %) than
the seasonal ET,. obtained from K_ ., (Fig. 8b). Contrarily, the RE of seasonal ET. obtained
from K interpolated did not differ from zero and was similar under full irrigation and deficit
irrigation; however, year-to-year variability was notably large. This is important because
one of the advantages of the energy balance approach is its capacity to detect ET.

reduction due to crop water stress.

Fig. 9a compares seasonal ET ggpux With ET¢yiaee computed for the 2014-15 irrigation
season on the 30 selected fields. The satellite overpass interval for these computations
varied from 24 to 66 days. It can be observed that cotton seasonal ET_ ggrux Was greater
overall than the corresponding ET, vy, (Fig. 9a). The RMSE of seasonal ET ggpiux VS.
seasonal ET yj.c was 75 mm and 27 mm for cotton and maize, respectively. The three
satellite images that were available during the initial and early cotton development stages
coincided in that particular year with dates immediately after rainfall events, so that

K interpolated during that period was greater than K yi,.c on most days (an example of
Keinterpolatea T€presentative of this circumstance is in Fig. 10a). The opposite occurred for
the maize fields. In the 2014 cropping season, satellite overpasses during the initial and
early cotton development stages coincided with dates several days after rainfall events,
when the soil surface was already dry, so that the K¢ nterpolatea during that period was lesser
than K, yi. 0n most days. However, this deviation is not visible in Fig. 9a because the

underestimation consequence of the interpolation effect was compensated for by an
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overestimation of ET, during the mid-season and late season stages, when the maize crops
suffered water deficit but the last satellite overpasses occurred before the deficit period
(an example of K interpolatea T€presentative of the two counteracting circumstances in the

maize crops is in Fig. 10b).

Similarly to Fig. 9a, Fig. 9b compares seasonal ET ggriyx With ETsynhetic- The smoothing
effect of K synthetic slightly reduced the discrepancy between the two approaches. This was
evident for the cotton crops although the maize data points that in Fig. 9a were close to the
1:1 line, in Fig. 9b were below that line (the RMSE of seasonal ETggp,y VS. seasonal
ETsynthetic Was 74 mm and 83 mm for cotton and maize, respectively). This reflects the
incapacity of the K¢ syntetic method to account for the reduction in ET, as a consequence of

the eventual crop water deficit.

4. Discussion

The standard deviation bars in Figs. 2a and 2c depict an important field-to-field crop
growth variation. Other authors have observed it, as well as its implications for crop water
use. Using a time series of SPOT and Landsat NDVI images, Simonneaux et al. (2008) and
Er-Raki et al. (2010) classified winter wheat into classes that differed greatly within an
irrigation scheme in central Morocco. Seasonal evapotranspiration for those wheat classes
varied between 200 and 450 mm, a range of the same order as that obtained in our study
using similar methodology. For instance, in the APAZ-IV and El Alto subsystems, ET snthetic
varied between 437 and 902 mm and between 512 and 795 for cotton and maize fields,
respectively. Tasumi et al. (2005) and Tasumi and Allen (2007) also reported growth
variation in a variety of irrigated crops in Idaho using Landsat NDVI images. These authors
did not used NDVI-derived K. but obtained K. directly by using an energy balance
approach. Field-to-field ET, variation was not discussed in these studies although the
results showed that early-planted crops consumed more water than late-growing ones
(Tasumi and Allen, 2007), but in a narrower range than that observed in the APAZ-1V and
El Alto subsystems. These findings and similar ones by other authors (e.g., Santos et al.,
2008; Gonzalez-Dugo et al.,, 2013; French et al.,, 2018; Segovia-Cardozo et al., 2019) stress
the importance of exploring factors that influence irrigation decisions (Gibson et al.,
2018), and of going deeper into methodologies to accurately determine spatially-

distributed water use in irrigation schemes.

A crucial issue when determining ET, by using methods based on remote sensing is soil

evaporation under partial ground cover. Tasumi et al. (2005) observed that the variation
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in the K. curves was considerably greater than that for the NDVI, which they attributed to
the effect of wetting events on K., particularly during the initial and developmental growth
stages. Methods based on VI are adequate for deriving K, but not for the soil evaporation
component of K.. Therefore, some complementary algorithm is necessary to overcome this
limitation. One alternative is to run a water balance (Pogas et al., 2015) as we did to
compute ETyop: (for the entire subsystems) and ET. v« (for selected fields); however,
this requires additional soil information and knowing the irrigation dates of each field,
which are rarely available on a scheme scale. The synthetic crop coefficient (Mateos et al.,
2013) adopted in this study overcame this shortcoming by computing crop coefficients
that took into account field specific K, while adjusting K, to actual rain wetting events and
typical irrigation frequency. The K¢ sneetic curve depicted in Figs. 2b and 2d sounds like a
realistic temporal evolution, first, better adjusted to local conditions than the K sandard
curve and, second, capturing the field-to-field variation that the K_stangara cannot do. The
similarity of seasonal ET.yopc and ETgynthetic in the APAZ-IV and El Alto subsystems (Table
4) and the good correlation between seasonal ETyjac and ET gyntnetic for cotton crops (Fig.
3) support the use of the K gynmetic methodology. Even if only partially, this methodology
approximates the single and dual crop coefficients that are so discrepant when ground
cover is partial (Lopez-Urrea et al., 2009). Additionally, the potential for better adjusting
K¢ standara to local conditions using a remote sensing approach (Tasumi et al., 2005; Segovia-

Cardozo et al., 2019) was evident in SRRD.

It was notable how the synthetic approach missed the effect of deficit irrigation of maize
(Fig. 3). This observation prompted the comparison with an energy balance approach.
EEFlux was a helpful and friendly platform allowing non-experts to apply METRIC. The
comparison of K. ggpux With K yiat in Fig. 4a indicated that the former was greater than the
latter in the range of smaller values. Ayyad et al. (2019) obtained similar results when
comparing EEFlux with other satellite-based models in irrigated areas of Egypt. One of the
causes of this discrepancy could be the difference between METRIC and EEFlux. Firstly,
EEFlux uses gridded weather data to estimate reference evapotranspiration, while
METRIC and the VI-based approach use data from weather stations. Secondly, some
authors have observed that the automated EEFlux calibration algorithm could require
some adjustment to reproduce manually-calibrated METRIC products for certain
environments (Foolad et al., 2018). Nevertheless, the RMSE of 0.22 found in our
comparison of K¢ ggriux With K gyninetic Was of the same order as the results of other authors
who compared METRIC with other models. For instance, French et al. (2015) found that
METRIC ET, estimates agreed with ET, obtained from consecutive measurements of soil

water content in cotton to about 2 mm d=1. Paco at al. (2014) stated that ET. of an olive
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orchard hedgerow computed using the FAO56 method agreed rather well with METRIC
ET. estimations. The deviation of the crop coefficients obtained with METRIC and with the
FAO56 model developed by these authors (mean bias of 18 %) was similar or even greater
than the deviation observed in our comparison. Zhang et al. (2015) found a good
correlation between METRIC ET. estimates of sugarcane with those of ET. computed with
the FAO56 method using a VI-derived K, (RMSE = 0.17-0.19 mm d!), although the former
was lesser than the latter in the range of lower ET.. However, K. obtained from METRIC
agreed quite well with K. derived from VI in the two sugarcane fields monitored by these
authors. Nevertheless, other authors who carried out inter-comparison of models
observed greater discrepancies. For instance, Al Zayed et al. (2016) obtained a RMSE of 2
mm d~! when comparing METRIC ET. with ET, derived from a water balance in the Gezira
irrigation scheme (Sudan), with the former globally greater than the latter. Similarly,
French et al. (2018) compared METRIC ET,. with estimates of ET, computed with the
FA056 method (using VI-derived K,) obtaining that the former was about 1 and 2 mm d—!
greater than the latter for alfalfa and cotton, respectively, implying a significant deviation

when computing seasonal ET..

However, the main source of error in the estimation of seasonal ET. may derive from
interpolation between spaced dates due to infrequent satellite overpass. He et al. (2017)
compared METRIC ET, estimates over an almond orchard in California with
measurements taken with a micrometeorological tower. Satellite revisiting time was 16
days, but most images during December to March were not usable due to cloud cover. The
conditions of the orchard were the ones that minimize the interpolation error (adult and
uniform orchard, no rainfall, micro-irrigation). However, the mean relative difference of
monthly aggregations from April to September was 10 %, within the range estimated in
Fig. 8a for 15-day revisiting time. French et al. (2015) tested the impact of overpass
frequency on cotton seasonal ET accuracy and showed a significant advantage in an 8-day
overpass frequency compared with a 16-day observation interval. Similar results by Zhang
et al. (2015) led these authors to conclude that the VI approach may be more practical for
estimating sugarcane crop water use, where ground-based ET, measurements are
available through on-site weather stations. Our results support this conclusion except
under the following circumstances: when satellite-revisiting time is less than one week; if
deficit irrigation is a common practice; or where ground-based ET, measurements are not
available through automated weather stations or in a network covering all the scheme’s
conditions. The first condition was not met in SRRD but the other two were. The distance
from SRRD fields to the nearest weather station may be up to 5 km, and the perception of

farmers and agriculturalists is that significant weather variations are evident across the
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scheme on specific days. Thus, as concluded by Zhang et al. (2015) for a different
environment, spatially distributed reference evapotranspiration (in this case provided by
EEFlux) seems to be a better choice in SRRD than reference evapotranspiration obtained

at the weather stations.

In summary, a combination of the two approaches evaluated in this study could be the
best option, as suggested by Paco et al. (2014). Meanwhile, it is clear that scheme
performance assessment based on ET, estimations interpolating satellite-derived K. is

subject to errors that advise against such applications.

5. Conclusions

In the assessment of irrigation schemes, water balance-related performance indicators
could be notably improved if the crop evapotranspiration estimated is field-specific, and
based on remote sensing techniques. The robustness of the VI-based approach is the
confidence of the daily interpolation of the VI-derived Ky, Its disadvantages are the need
of a complementary procedure to account for soil wetting events and its inability to detect
crop water stress. Therefore, if deficit irrigation is a common practice (as observed in
some crops in SRRD), the VI-approach will overestimate crop evapotranspiration so that
remote sensing methods based on the energy balance may be more appropriate. However,
when satellite overpass frequency is greater than one week (and water deficit is mild or
inexistent), the interpolation of crop coefficients obtained with the energy balance
approach leads to errors of ET. estimations that are greater than the errors resulting from
estimating ET. using VI-derived basal crop coefficients in combination with an algorithm
to consider soil evaporation. The synthetic crop coefficient was an appropriate approach
to deriving field-specific VI-based crop coefficients when the dates of field irrigation
events are unknown, as commonly happens in large irrigation schemes, although other VI-

based approaches may be as appropriate as the synthetic crop coefficient.

Future research should therefore investigate methods to combine both approaches to take

advantage of the robustness of each of them avoiding their weaknesses.
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List of symbols and acronyms

cp: specific heat of air at constant pressure [] kg K]

D,: root zone water depletion [mm]

DP: water loss out of the root zone by deep percolation [mm]

ET: evapotranspiration [mm d-!]

ETinterpolatea: Crop evapotranspiration obtained using Knterpolated [Mm d*]
ET.erux: Crop evapotranspiration obtained from the EEFlux platform [mm d-']

ETstandara: CrOp evapotranspiration obtained from the FAO56 standard procedure, using

Kc,standard [mm d-l]
ETsynthetic: ET. obtained using K synthetic [mm d1]

ET viact: ET. obtained using K, y; and computing K and K, running a water balance for a

given irrigation schedule [mm d-!]

ET viopt: ET. obtained using Ky, y; and computing K, and K. running a water balance for an
optimal irrigation schedule that simulates irrigation when the soil water content reaches

the allowable depletion [mm d-']

ET.: crop evapotranspiration [mm d-!]

ET;.: instantaneous evapotranspiration flux at the time of satellite overpass [mm h!]
ET,: (grass) reference crop evapotranspiration [mm d-!]

ET,: alfalfa reference crop evapotranspiration [mm d-!]

ET,F: reference ET fraction calculated as the ratio of the computed instantaneous ET;,

from each pixel to the instantaneous reference ET, (mm h?) [-]

f. max: fc corresponding to K, mig [-]

fokebmax: fe corresponding to Kep max [-]

f.: fraction of soil surface covered by vegetation (as observed from overhead) [-]

f.w: fraction of soil that is both exposed and wetted (from which most evaporation occurs)

[-]
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G: soil heat flux [W m?]

H: sensible heat flux [W m~?]

[: Irrigation depth [mm)]

Keeng: crop coefficient at end of the late season growth stage [-]
K. ini: crop coefficient during the initial growth stage [-]

K¢ mig: crop coefficient during the mid-season growth stage [-]
K. vi: crop coefficient obtained from VI [-]

Keviaee: crop coefficient obtained from K,y; and computing K, and K, running a water

balance for a given irrigation schedule [-]
K pare soil: Crop coefficient for bare soil [-]

K eerux: crop coefficient obtained from dividing ET, gerux by reference evapotranspiration

provided by EEFlux [-]

Keinterpolated: daily K. obtained by interpolation of K. determined on days of satellite

overpass [-]
K¢ max: maximum value of crop coefficient (following rain or irrigation) [-]

K¢ standara: Crop coefficient obtained from segmented crop coefficient curve determined by

the values of K, at the initial, mid-season and end-season, respectively K, K¢ mig and K eng
[-]
K¢ utn: crop coefficient simulated with the daily water balance using the dual approach and

assumed to be the "true" value for the interpolation analysis [-]
Kesynthetic: crop coefficient obtained from K,y and Eq. 6 [-]

K. crop coefficient [-]

Kb ena: basal crop coefficient at end of the late season growth stage [-]
Kb init basal crop coefficient during the initial growth stage [-]

Keb mia: basal crop coefficient during the mid-season growth stage [-]

Kep,interpolatea: daily K, obtained by interpolation of VI-derived K, on the days of satellite

overpass [-]
Kb max: maximum value of basal crop coefficient [-]

25



803
804
805

806
807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

Kb standara: Dasal crop coefficient obtained from segmented basal crop coefficient curve

determined by the values of K, at the initial, mid-season and end-season, respectively K,

inis ch mid and ch end [']

Kb truth: basal crop coefficient assumed to be the "true” value for the interpolation analysis

[-]

Kevi: basal crop coefficient obtained from VI [-]

Ke: basal crop coefficient [-]

K.: soil evaporation coefficient [-]

K;: soil evaporation reduction coefficient [-]

K: water stress coefficient [-]

A: latent heat of vaporization [] kg?]

AET: latent heat flux [W m2]

NDVI: Normalized difference vegetation index [-]

P: precipitation [mm]

p: soil water depletion fraction for no stress [-]

r,: aerodynamic resistance corresponding to AT [s m]
R,: net radiation [W m?]

RO: rainfall runoff from the soil surface [mm]

Tg: radiometric surface temperature [K]

VI: vegetation index [-]

Vot maximum vegetation index [-]

Vlin: minimum vegetation index [-]

Z,: depth of the root zone [m]

Z: max: maximum effective root depth [m]

Z:min: effective root depth during the initial stage of crop growth [m]
AT: near-surface vertical temperature difference [K]

Orc: soil water content at field capacity [m3 m3]
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pa: mean air density [kg m3]
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Caption to figures

Figure 1. Location of the study case Rio Dulce irrigation scheme (Santiago del Estero,
Argentina), the selected irrigation subsystems (El Alto and APAZ-1V), the selected crops

fields, the two weather stations used in the study.

Figure 2. Segmented curve for the standard basal crop coefficient (K, standara), mean VI-
derived basal crop coefficient obtained from VI (K, y) for the dates of overpass satellites
for cotton (a) and alfalfa (c). Segmented curve for the standard crop coefficient (K¢ standard),
synthetic crop coefficient on the dates of satellite overpass and daily synthetic crop
coefficient for cotton (b) and alfalfa (d). Averages are of 84 and 161 cotton crops fields
and 42 and 1344 alfalfa crops fields in the El Alto and APAZ-1V subsystems, respectively, in

season 2014-15. Vertical bars indicate standard deviations.

Figure 3. Relationship between evapotranspiration estimated with the synthetic crop
coefficient (ET¢yntnetic) and obtained using K., yi and computing K, and K, running a water
balance for a given irrigation schedule and (ETyi,) for the 30 selected crops fields in
APAZ-1V in the season 2014-15. Triangles represent maize fields (7) and circles represent

cotton fields (23).

Figure 4.Relationship between crop coefficients obtained from EEFlux (K;ggrux) and the
corresponding a) crop coefficient (K yiact) obtained from K, v; and computing K and K,
running a water balance for a given irrigation schedule or b) synthetic crop
coefficients(Ksyneetic). Triangles represent maize fields and circles cotton fields on dates of

overpass satellite in season 2014-15.

Figure 5. Relationship between reference evapotranspiration provided by EEFlux
(EToEerux) and recorded at the INTA weather station (ET,yta) on dates of satellite

overpass in the years 2014-18.

Figure 6. Evolution of Kc,truth: ch,truth: ch,interpolated: Kc,syntheticr and Kc,interpolated in the
interpolation simulation analysis for season 2014-15 and satellite overpass intervals of 15
(a) and 35 (b) days. Satellite overpass dates are indicated by diamonds. The simulation

analysis was carried out for a cotton crop in the conditions of APAZ-1V.

Figure 7. Root Mean Square Error (RMSE) of daily ET. obtained from K nterpolatea @and
K synthetic With respect to the “truth” value as a function of the hypothetical interval of

satellite overpass and assuming full irrigation strategy. The simulation analysis was
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carried out for a cotton crop in the conditions of APAZ-1V and 30 climate years (July 1,

1988 - June 30, 2018). The vertical bars indicate the standard deviation.

Figure 8. Relative Error (RE) of seasonal ET, obtained from K nterpolatea and K¢ synthetic With
respect to the “truth” value as a function of the hypothetical interval of satellite overpass
and assuming full (a) and deficit (b) irrigation strategy. The simulation analysis was
carried out for a cotton crop in the conditions of APAZ-1V and 30 climate years (July 1,

1988 - June 30, 2018). The vertical bars indicate the standard deviation.

Figure 9. Seasonal ET. in 30 selected crop fields obtained by interpolating K. derived from
actual and reference evapotranspiration provided by EEFlux on days of satellite overpass
represented against: a) ET. derived from interpolation of K,y on the days of satellite
overpass and computing K, and K, running a water balance for a given irrigation schedule
and b) ET. derived from the synthetic crop coefficient method. In a) and b), the reference
evapotranspiration was recorded at the INTA weather station. The crops were maize and

cotton in APAZ-IV grown in the season 2014-15.

Figure 10. Evolution of Ke,yi, Kcyiaco Keinterpolated from EEFlux (obtained by interpolating K.
derived from actual and reference evapotranspiration provided by EEFlux) and K. synthetics
in a cotton field (a) and a maize field (b) from the 30 crop fields selected in APAZ-1IV in the

season 2014-15. Satellite overpass dates are indicated by diamonds.
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Table 1. Properties of the typical soil profile of soil classes El Simbol and La Maria in the study area (Angueira and Zamora, 2007).

Water content Water Electrical Organic
Soilclass  Layer  Thicknes Sand Silt  Clay Texture . holding o p 5
at saturation . conductivity matter
capacity

(mm) CORCORENCO) (%) (mmm) (dSmm'?) (%)

El Simbol A 220 25 58 17 Silty loam 48 200 0.58 7.0 3.22

B2t 310 22 60 18 Silty loam 43 180 0.46 7.2 1.55

B3 370 19 64 17 Silty loam 44 180 0.62 7.7 1.00

C1 >900 50 45 5 Silty loam 35 130 0.58 7.9 0.21

La Maria A 200 24 64 12 Silty loam 39 200 0.5 6.3 2.39

AC 320 28 62 10 Silty loam 36 180 0.2 7.2 1.14

Clca 350 31 58 11 Silty loam 32 160 0.9 7.8 0.53

C2ca >870 34 60 6 Silty loam 39 170 3.5 7.9 1.16




Table 2. Series of images of satellites Landsat 7 and Landsat 8 used from EEFlux plataform.

Path/Row Satellite Date Path/Row Satellite Date
230/79-230/80 Landsat 7 07/07/14 229/80 Landsat 8 16/01/15
229/80 Landsat 8 08/07/14 230/79 Landsat 8 23/01/15*
229/80 Landsat 8 24/07/14 230/79-230/80 Landsat 7 16/02/15*
230/79-230/80 Landsat 7 08/08/14 230/79 Landsat 8 12/03/15*
229/80 Landsat 8 09/08/14 230/79-230/80 Landsat 7 20/03/15*
230/79 Landsat 8 16/08/14 229/80 Landsat 7 29/03/15
229/80 Landsat 7 17/08/14 230/79-230/80 Landsat 7 05/04/15*
229/80 Landsat 8 25/08/14 229/80 Landsat 7 30/04/15
230/79 Landsat 8 01/09/14* 229/80 Landsat 8 08/05/15
230/79-230/80 Landsat 7 09/09/14* 229/80 Landsat 7 01/06/15
229/80 Landsat 7 18/09/14 230/79 Landsat 8 16/06/15*
230/79-230/80 Landsat 7 25/09/14*
229/80 Landsat 8 12/10/14
229/80 Landsat 7 20/10/14
230/79-230/80 Landsat 7 27/10/14*
229/80 Landsat 7 05/11/14
230/79 Landsat 8 06/12/14*
229/80 Landsat 7 23/12/14
229/80 Landsat 8 31/12/14

Path/row 230/79 includes the entire subsystems under analysis.
*Dates used to obtain ET_ggrux and ET, for the analysis of the 30 selected fields.



Table 3. Area and number of fields for each crop in the study area, crop parameters used for computing evapotranspiration using the FAO56 standard procedure
and from VI-derived crop coefficients. K standara: Standard basal crop coefficient; K. standara: Standard crop coefficient; Z; yax: maximum effective root depth; f.kchmax:
fraction of soil surface covered by vegetation for maximum K, value; NDVI,,,, and NDVI,;;: the Normalized Difference Vegetation Index maximum and minimum,
respectively; p: soil water depletion fraction for no stress.

Water-

Parameter Alfalfa Cotton Maize, Maize, Soybean Onion Melon melon Oat
Total area (ha) 4353 2418 271 215 517 175 48 3 5
Number of fields 1386 245 18 20 8 40 20 4 2
Start of analysis (dd/mm) 01/07 25/09 25/11 01/07 25/11 15/02 01/07 01/07 15/04
Sowing date (dd/mm)’ 01/07 15/10 01/12 01/10 01/12 15/02 15/08 01/10 15/04
Harvest date (dd/mm)* 30/06 31/03 30/04 20/01 30/04 15/10 15/12 15/11 21/10
Growth Stages (days)”
Initial 703 30 20 20 20 45 20 20 30
Develop. 1283 40 45 30 40 50 30 30 45
Mid-season 1233 65 50 40 65 50 25 30 75
Late season 443 32 35 21 25 85 17 10 40
Keb,standard®
Initial 0.79* 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15
Mid-season 0.83* 1.15 1.15 1.15 1.10 0.90 1.00 0.95 1.10
Late season 0.80* 0.50 0.15 0.15 0.30 0.90 0.70 0.70 0.15
K standara®
Initial 0.874 0.40 0.522/0.60> 0.302/0.35> 0.522/0.60° 0.83 0.102/0.15> 0.302/0.35> 0.452/0.30°
Mid-season 0.914 1.20 1.20 1.20 1.15 1.00 1.05 1.00 1.15
Late season 0.86* 0.70 0.35 0.35 0.50 1.00 0.75 0.75 0.25
Zr max (m)? 2.005 1.50° 1.30 1.30 1.30 0.50 1.00 1.00 1.00
fe kebmax® 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80
NDVI a5 0.90 0.90 0.90 0.90 0.90 0.90 0.90 0.90 0.90
NDVI,,;, 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15
p? 0.55 0.65 0.50 0.50 0.50 0.30 0.45 0.40 0.55

Maize;: maize growing in summer; Maize,: maize growing in spring.



* Dates representing typical growing practices in SRRD. These dates were used only to depict the standard crop coefficients.
2 For El Alto subsystem.

b For APAZ-1V subsystem.

1FAO56 manual

2Gonzalez-Dugo et al. (2009)

3Values for the periods of winter, spring-summer, summer-autumn and autumn-winter, respectively, in SRRD.
4Average values for the local cutting periods in each growth phases along the season.

5Values based on experiences of local extension agents and INTA agronomists.



Table 3. ETtandards ETcviopt and ET¢gynehetic Of €ach subsystem in season 2014-15.

Subsystem ETstandard ETcviopt ETsynthetic
(mm) (mm) (mm)
El Alto 843 720 702

APAZ-1IV 999 825 810




