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Abstract

Accurate estimation of evapotranspiration (ET) is critical for precision irrigation in hyper-
arid perennial systems. This study quantified ET in an 8 ha olive orchard in La Yarada-Los
Palos (Tacna, Peru) by integrating the METRIC satellite-based energy-balance model (Land-
sat 8/9, Google Earth Engine) with the process-based AquaCrop model, using ETrs0.56 as
an empirical benchmark. Sixteen cloud-free Landsat scenes from two contrasting seasons—
2021-2022 (high-yield) and 2023-2024 (water-limited)—were processed to derive daily ET
maps and model simulations aligned with satellite overpasses. Results revealed marked
intra-parcel heterogeneity and clear seasonal dynamics. METRIC detected local ET peaks
of ~6-7 mm d~! in densely vegetated central blocks and orchard-mean values up to
425+ 1.76 mmd1. During the high-yield season, ETygTrIc and ET squacrop showed ex-
cellent agreement (R% = 0.94; RMSE = 0.21 mm d~!; bias p = 0.11 mm d~!), whereas FAO-56
consistently underestimated ET (R2 =0.88; RMSE = 0.82 mm d!). Under water-limited con-
ditions, model correspondence remained strong but attenuated (ETypEeTRIC-ET AQUACROP:
R2 = 0.75; RMSE = 0.64 mm d~; ETyverric—ETEA056: R? = 0.95; RMSE = 0.59 mm d 1),
with METRIC exhibiting a persistent positive bias (i = 0.43-0.56 mm d~!) attributable to
localized soil evaporation and micro-advection. Overall, METRIC provided high-resolution
spatial diagnostics of canopy stress, while AquaCrop offered daily continuity and explicit
evaporation/transpiration (E/Tr) partitioning, enabling a coherent multiscale assessment of
ET. The integrated framework enhances operational monitoring of water use and supports
deficit-irrigation optimization in hyper-arid olive systems.

Keywords: energy balance; land surface temperature (LST); water-use efficiency (WUE);
irrigation management; agriculture; remote sensing; water stress
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1. Introduction

Accurate estimation of evapotranspiration (ET) is a key component for sustainable
irrigation management and climate change adaptation, particularly in arid regions where
water availability remains the main limiting factor for agricultural production. In areas
such as Tacna (Peru), characterized by severe water scarcity, it is essential to rely on robust,
scalable, and cost-effective methodologies capable of quantifying the actual crop water
consumption [1].

Traditional methods, such as weighing lysimeters, provide high accuracy but are
constrained by high costs, intensive maintenance requirements, and limited spatial rep-
resentativeness. The FAO-56 Penman—-Monteith model remains widely used to estimate
reference evapotranspiration (ETo) at the regional scale; however, its application in heteroge-
neous agricultural systems fails to adequately capture spatial variability and microclimatic
conditions at the crop level [2].

Integrating remote sensing with surface energy balance models—particularly the
METRIC algorithm (Mapping Evapotranspiration at High Resolution with Internalized
Calibration)—represents a significant advancement in ETygrric estimation. METRIC com-
bines surface energy balance principles with an internal calibration using hot and cold
pixels, enabling the generation of ETygrric maps at 30 m resolution from Landsat im-
agery [3]. The model has shown strong performance in arid and semi-arid regions and has
been validated against field measurements and other modeling approaches [4-7]. Never-
theless, its application to perennial crops under desert environments remains limited, with
few documented experiences in olive orchards and other woody fruit crops. Recent studies,
however, have reported promising results using METRIC or TSEB for such systems [1,8-10].

In recent years, these approaches have been extended to high-resolution platforms,
integrating satellite data, multispectral and thermal UAV imagery, and cloud-based systems
such as Google Earth Engine (GEE). Such advances have improved the spatio-temporal
scaling of evapotranspiration and enabled the estimation of daily crop coefficients, as
demonstrated by Liu et al. [11], who derived highly accurate Kc_act values using multispec-
tral and thermal UAV data. Likewise, recent studies have confirmed the capability of hybrid
and fused datasets (e.g., Sentinel-UAV or Landsat-MODIS) to enhance ET resolution and
consistency in arid environments [12,13]. More recently, hybrid machine-learning frame-
works have also been incorporated into ET modeling, combining spectral and physical
information to improve spatio-temporal upscaling [14]. However, the applicability of these
approaches in perennial crops under desert conditions has not yet been broadly validated.

Complementarily, crop simulation models such as AquaCrop explicitly represent soil—
plant-atmosphere interactions by separating soil evaporation from plant transpiration. This
capability is essential for analyzing water-use efficiency (WUE) and evaluating the impacts
of water deficit on agricultural productivity. Several studies have validated AquaCrop in
arid and semi-arid environments for extensive crops such as sugarcane, maize, cotton, and
potato, demonstrating high accuracy in simulating biomass, yield, and evapotranspira-
tion [15-17]. More recently, its application to woody perennial crops such as grapevine and
olive has shown promising results for irrigation planning and water-management strategies
in arid and Mediterranean environments [18,19]. However, direct comparisons between
satellite-based ET estimates and AquaCrop simulations for perennial crops remain scarce,
highlighting a relevant gap for integrating physical and remote sensing-based models to
support efficient irrigation management [17,20].

The combination of surface energy balance models with crop simulation models has
emerged as a robust methodological strategy to estimate evapotranspiration with high accu-
racy and optimize water management. In particular, integrating METRIC with AquaCrop
leverages the strengths of both approaches: METRIC provides the spatial resolution re-
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quired to characterize intra-field variability of water consumption, whereas AquaCrop
offers temporal continuity and functional partitioning of evaporation and transpiration,
both of which are critical under localized irrigation systems [2,17,21,22]. Recent stud-
ies indicate that this integration can reduce uncertainty in ET estimation, improve the
spatio-temporal characterization of water fluxes, and strengthen decision-making under
water-scarcity scenarios [20,23,24].

Beyond their implementation differences, AquaCrop and METRIC rely on fundamen-
tally different physical principles to estimate evapotranspiration. AquaCrop represents the
soil-plant-atmosphere continuum through a daily root-zone water balance, where total
crop evapotranspiration (ETc) is partitioned into soil evaporation (E) and plant transpiration
(Tr). Transpiration is driven by canopy cover development and reference evapotranspi-
ration (ETo) and is reduced by water and salinity stress coefficients when soil depletion
exceeds critical thresholds, whereas soil evaporation depends on the fraction of exposed soil
and near-surface moisture conditions. In contrast, METRIC retrieves ET from the surface
energy balance at satellite overpass time, solving LE = Rn — G — H, where net radiation
(Rn), soil heat flux (G), and sensible heat flux (H) are derived from radiative forcing and
land surface temperature (LST) using an internal calibration between hot (dry bare soil)
and cold (well-irrigated vegetation) pixels. Thus, AquaCrop provides a process-based,
temporally continuous representation of ET driven by root-zone water dynamics, whereas
METRIC offers spatially explicit ET estimates derived from instantaneous energy partition-
ing at the land surface. Their combined use enables a physically consistent assessment of
water use and irrigation performance under hyper-arid olive systems.

In this context, the present study analyzes and compares three evapotranspiration
modeling approaches in a hyper-arid olive orchard in Tacna, Peru: the METRIC energy-
balance model applied to Landsat 8/9 imagery, daily ET simulations from a field-calibrated
AquaCrop model, and the FAO-56 formulation as an empirical benchmark. This integrated
framework is designed to improve the reliability and spatial representativeness of ET esti-
mation in perennial cropping systems under extreme water scarcity. By jointly leveraging
METRIC’s spatial diagnostics and AquaCrop’s temporal continuity, the study tests the
hypothesis that combining satellite-based energy-balance modeling with process-based
soil-water balance simulations yields a more physically consistent and operationally rele-
vant characterization of ET dynamics than either model alone, thereby strengthening the
scientific basis for precision irrigation, water-use optimization, and sustainable orchard
management in hyper-arid environments.

2. Materials and Methods
2.1. Querview

The methodological framework integrates the METRIC energy balance model and the
AquaCrop process-based crop model (FAO) to estimate and compare olive evapotranspira-
tion under hyper-arid conditions in southern Peru.

As illustrated in Figure 1, the workflow combines Landsat 8/9 multispectral and
thermal imagery (Collection 2, Level 2) with in situ meteorological data from a Davis
Vantage Pro2 automatic weather station (Davis Instruments Corp., Hayward, CA, USA)
and field agronomic measurements, all processed in Google Earth Engine (GEE).

Within the METRIC framework, surface reflectance and thermal bands are used to
derive spectral variables (albedo, Ts, NDVI, LAI). Internal calibration is achieved through
the selection of cold and hot anchor pixels, followed by iterative estimation of the sensible
heat flux (H) to obtain the empirical coefficients a and b. From the surface energy balance
components (Rn, G, H, LE), the model generates ETygTric maps at 30 m resolution.
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Figure 1. Conceptual flowchart of the METRIC energy balance model implemented in Google Earth
Engine (GEE) for the estimation of actual evapotranspiration (ETymerrIc, ETAQUACROP, and ETra0-56)
in irrigated olive orchards under hyper-arid conditions in southern Peru. The diagram outlines the
preprocessing of multispectral and thermal Landsat data, the integration of meteorological inputs,
and the coupling with AquaCrop simulations for model intercomparison.

In parallel, AquaCrop simulates the soil-plant-atmosphere water balance using site-
specific soil, crop, and management parameters. The reference evapotranspiration (ETo),
computed via the FAO-56 Penman-Monteith equation, serves as the main forcing variable.
The model outputs daily crop evapotranspiration (ETc = E + Tr), which were temporally
matched with Landsat overpass dates.

A complementary FAO-56 series was calculated using a monthly Kc curve adapted to
local phenological stages, providing an empirical baseline for intermodel comparison. All
outputs were temporally aligned with Landsat acquisition dates and spatially aggregated
using the median within the 8 ha olive orchard.

Model performance was assessed through R2, RMSE, MAE, and rRMSE, ensuring a
robust evaluation of temporal coherence and model sensitivity in estimating evapotranspi-
ration and water-use efficiency (WUE) under extreme aridity.

2.2. Study Area and Irrigation Management

The study was carried out in an experimental olive orchard (Olea europaea L., cv.
‘Sevillana’) covering approximately 8 ha, located in the district of La Yarada-Los Palos,
Tacna region, southern Peru (18°10'55" S, 70°31'52"” W) (Figure 2). The site lies within an
extremely arid coastal plain characterized by mean annual precipitation below 35 mm and
strong thermal seasonality, with average temperatures of 13-15 °C in winter and 23-25 °C
in summer. Relative humidity exceeds 70% during winter months due to the camanchaca
(coastal fog), while solar radiation remains high year-round, surpassing 18 MJ m~2 d~!
during summer.

Soils are classified as sandy loam to loamy sand according to the USDA Soil Taxonomy,
based on laboratory-determined particle size fractions (sand, silt, and clay). They exhibit
a field capacity of approximately 11% and a permanent wilting point of 5.3%, consistent
with previously reported values for coarse-textured alluvial soils in La Yarada [22]. These
hydraulic properties indicate a limited water-holding capacity and high infiltration rates
characteristic of sandy and sandy loam soils in arid and hyper-arid environments [25,26].
The orchard consists predominantly of the ‘Sevillana’ cultivar (~96%), with “Ascolana’ (~4%)
as pollinator. Trees are 22 years old and spaced at 7 x 7 m (~200 trees ha~!). Irrigation
is supplied through a pressurized drip system with two laterals per row; emitters have a
nominal discharge of 1.5 L h~! and are spaced at 0.40 m. Irrigation water is moderately
saline (C3S3; EC = 1.35dS m~!; pH = 7.1), requiring careful management to prevent salt
accumulation under hyper-arid conditions.

Irrigation scheduling followed a weekly interval (~2-3 days) from October to April
in both agricultural campaigns. The single irrigation quota, calculated from measured
irrigation duration and emitter discharge, averaged 17-20 mm per event in 2021-2022 and
12-15 mm per event in 2023-2024. These values were incorporated into the AquaCrop
Irrigation Management module as fixed irrigation depths.
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Figure 2. Study area of the experimental olive orchard located in La Yarada-Los Palos, Tacna
region, southern Peru: (a) national-scale geographic location, (b) regional setting within Tacna, and
(c) high-resolution view of the irrigated olive orchard used for the integrated spatial analysis of
evapotranspiration using ETyrrric, ETAQuacrop, and ETrao.56 models.

In the high-yield 2021-2022 campaign, the combination of a stable weekly interval
and higher irrigation depths maintained full root-zone replenishment during mid-season,
preventing water stress. In contrast, in the 2023-2024 campaign, although the irrigation
interval remained unchanged, the ~25-30% reduction in irrigation depth limited soil-water
recharge during periods of peak evaporative demand (January-March), producing the
observed seasonal water limitation. This clarification demonstrates that water stress in
2023-2024 was caused primarily by reduced irrigation depth, rather than by changes in
irrigation frequency.

Meteorological data were recorded by an automatic weather station (AWS; 18°15'34" S,
70°24’00” W) installed immediately adjacent to the southeastern boundary of the exper-
imental orchard (Figure 2c). The station is located on the same flat, hyper-arid coastal
plain as the olive block and is free of obstructions, so that measured radiation, temperature,
humidity, and wind speed are representative of the microclimatic forcing acting on the
8 ha study area. The AWS records air temperature, relative humidity, solar radiation, and
wind speed at 30 min intervals. These variables were used to compute the reference evapo-
transpiration (ETo) using the FAO-56 Penman-Monteith method, providing the principal
climatic forcing for both the AquaCrop and METRIC models.

2.3. Data Collection and Preprocessing

Two contrasting agricultural campaigns were analyzed: 2021-2022, characterized
by high productivity, and 2023-2024, marked by a significant yield reduction. For each
campaign, eight cloud-free Landsat 8 and 9 (OLI/TIRS) scenes (Collection 2, Level 2) were
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selected, from which surface reflectance, albedo, emissivity, and land surface temperature
(LST) were derived.

Daily reference evapotranspiration (ETo) was computed using the FAO-56 Penman-—
Monteith equation based on meteorological data recorded by the local automatic weather
station. All comparisons between ETyeTrIc, ETAQUACROP, and ETgp0.56 were aligned with
the corresponding Landsat overpass dates. The spatial aggregation of METRIC outputs was
performed using the median within the region of interest (ROI) to minimize the influence
of outlier pixels.

Model performance was assessed using standard statistical indicators, including the
coefficient of determination (R?), root mean square error (RMSE), mean absolute error
(MAE), mean bias error (MBE), and Nash—-Sutcliffe efficiency (NSE). Both ordinary least
squares (OLS) and Deming regression were applied, and results were visualized through
1:1 scatter plots with confidence intervals.

Model calibration and validation were conducted across two contrasting agricultural
campaigns, providing a robust experimental framework for model evaluation: one rep-
resenting optimal physiological performance (2021-2022; yield = 11.57 t ha~') and the
other reflecting yield-limiting conditions (2023-2024; yield = 6.84 t ha~!). This contrast
enabled a rigorous assessment of the coherence, sensitivity, and stability of the METRIC
and AquaCrop models under distinct agronomic and climatic conditions.

Field data collection included soil characterization (texture, bulk density, field capacity,
and permanent wilting point across 0-80 cm profiles), phenological observations, canopy
cover (CC) estimation, and irrigation volume monitoring per plot. These datasets were
essential for AquaCrop parameterization and calibration, as well as for the cross-validation
of METRIC-derived evapotranspiration (ET\gTrIC) estimates.

2.3.1. Meteorological Conditions

Meteorological data were recorded using an automatic weather station installed near
the experimental olive orchard. The station measured air temperature (Tmax, Tmin; °C),
relative humidity (%), solar radiation (W m~2), and wind speed at 2 m height (m s~ ') at
30 min intervals. All records underwent quality control to ensure consistency and com-
pleteness and were subsequently aggregated to daily and monthly scales for computation
and visualization (Figure 3).

Daily reference evapotranspiration (ETo) was computed using the FAO-56 Penman—
Monteith equation based on these meteorological variables. The resulting EToy4) series
served as the climatic forcing for AquaCrop and as the temporal scaling factor for METRIC-
derived ET via the reference evapotranspiration fraction (ETrF), ensuring coherence be-
tween ground observations and satellite-based estimates.

Both seasons exhibited the typical seasonality of a hyper-arid climate, characterized
by negligible rainfall, high winter humidity associated with coastal fog (camanchaca), in-
tense summer thermal peaks in January—February, and a gradual decline in wind speed
toward the end of the warm period. These meteorological patterns directly controlled
reference evapotranspiration (ETo) and provided the climatic basis for its integration into
the AquaCrop and METRIC models.

2.3.2. Field Measurements and Yield Assessment

Agronomic monitoring and yield evaluation were conducted during two contrasting
agricultural campaigns of the experimental olive orchard: a high-yield season (2021-2022;
yield = 11.57 t ha~!) and a water-limited season (2023-2024; yield = 6.84 t ha~1). This
marked reduction in productivity reflects the combined effects of restricted water avail-
ability, high evaporative demand, and soil salinity stress, providing a robust experimental
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framework to evaluate the response of the orchard under contrasting physiological and
environmental conditions.
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Figure 3. Monthly meteorological conditions at the experimental olive orchard in La Yarada-Los Palos,
Tacna, Peru, during two contrasting growing seasons (2021-2022 and 2023-2024): (a) accumulated
precipitation (bars; mm) and mean relative humidity (lines; %); (b) monthly mean air temperatures
(Tmax and Tmin; bars, °C) and wind speed (lines, m s7h.

In both campaigns, irrigation volumes, phenological stages, and management prac-
tices were systematically monitored and incorporated into the AquaCrop simulations and
METRIC-derived ET estimations for cross-validation. The pronounced interannual variabil-
ity in yield highlights the strong sensitivity of olive trees to water availability and canopy
dynamics in arid environments, underscoring the relevance of integrating process-based
and energy-balance models to enhance water-use efficiency (WUE) and improve irrigation
management under hyper-arid conditions.

2.4. Model Framework
2.4.1. AquaCrop Configuration and Calibration

AquaCrop estimates daily crop evapotranspiration (ETc) by combining a root-zone
soil-water balance with a simplified representation of canopy development and biomass
production. At each time step, ET is computed as the sum of soil evaporation (E) and
crop transpiration (Tr). Transpiration is driven by reference evapotranspiration (ETo) and
green canopy cover, and it is reduced by multiplicative stress coefficients when water or
salinity constraints occur. Soil evaporation is controlled by the fraction of exposed soil,
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surface wetness, and upper soil-layer depletion. Biomass accumulation is proportional to
cumulative transpiration through a conservative water productivity parameter, and yield is
derived from biomass via a harvest index further reduced under stress. In this framework,
ET emerges from the interaction between climatic forcing, soil hydraulic properties, and
management practices (irrigation and salinity), providing a process-based reference for
evaluating ET dynamics and water-use efficiency.

The AquaCrop (FAO) model was configured and calibrated to simulate the soil-water
balance, canopy dynamics, and productivity of the experimental olive orchard located in
La Yarada-Los Palos (Tacna, Peru), cultivated under drip irrigation and hyper-arid climatic
conditions. AquaCrop has been widely validated for its ability to reproduce the biophysical
responses of crops under contrasting water regimes, particularly in perennial and woody
systems [27-29].

Calibration was based on two contrasting agricultural campaigns of the experimental
olive orchard: a high-yield season (2021-2022; yield = 11.57 t ha—!) and a water-limited
season (2023-2024; yield = 6.84 t ha='). This interannual contrast provided a robust
experimental framework for evaluating model performance under both optimal and deficit
irrigation scenarios characteristics of hyper-arid environments.

Daily meteorological inputs included maximum and minimum air temperature, rela-
tive humidity, solar radiation, wind speed, and atmospheric pressure, recorded at 30 min
intervals by an automatic weather station located adjacent to the experimental site. These
data were aggregated to daily values and used to compute reference evapotranspiration
(ETo) using the FAO-56 Penman-Monteith equation, which served as the primary climatic
driver for the simulations.

Soil characterization (0-80 cm depth) included measurements of texture, bulk density,
field capacity (FC), permanent wilting point (PWP), and porosity—parameters essential for
defining the soil hydraulic balance. The orchard consisted primarily of the ‘Sevillana” culti-
var (~96%) with “Ascolana’ (~4%) as pollinator, planted at 7 x 7 m spacing (~200 trees ha=1).
Irrigation water was classified as C3S3 (EC = 1.35 dS m~!; pH ~ 7.1), requiring careful
management to mitigate salinity buildup and maintain water-use efficiency.

Irrigation inputs in AquaCrop were parameterized using field-measured irrigation
schedules, consisting of a fixed weekly interval (~2-3 days) and single irrigation depths
of 17-20 mm in 2021-2022 and 12-15 mm in 2023-2024. These values were implemented
as fixed irrigation depths in the Irrigation Management module. This parametrization
accurately reproduced the contrasting soil-water regimes observed in the orchard. Notably,
although the irrigation interval remained unchanged between campaigns, the ~25-30% re-
duction in irrigation depth during 2023-2024 generated cumulative soil-moisture depletion
during mid-season (January—March). As a result, AquaCrop was able to simulate the onset,
progression, and magnitude of water stress consistently with field observations and with
the reductions in ETMETRIC detected from satellite energy-balance modeling.

Canopy cover (CC, %) was derived from 24 PlanetScope scenes (3 m spatial resolution;
12 per campaign) selected for minimal cloud cover. Each image was atmospherically
corrected and classified using a supervised Random Forest (RF) algorithm to discriminate
olive canopy from bare soil. Training samples were collected in the field and labeled into
two classes—vegetation (olive) and bare soil—based on georeferenced reference points. The
eight PlanetScope spectral bands (coastal blue, blue, green I, green, yellow, red, red edge,
and near-infrared) were used as predictor variables. The RF classifier was trained with an
80/20 split between training and validation datasets, achieving high overall accuracy and
minimal confusion between spectrally similar classes. The resulting monthly classification
maps were exported as GeoTIFFs and integrated into QGIS 3.44. for spatial analysis.
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This procedure, applied to both agricultural campaigns, provided reliable canopy-cover
estimates supporting AquaCrop calibration and cross-validation of METRIC-derived ET.

Model calibration focused on adjusting key physiological and management
parameters—such as the canopy growth coefficient (CGC), canopy decline coefficient
(CDC), and effective rooting depth—until convergence was achieved between simulated
and observed canopy cover, soil moisture, biomass, and yield. Model performance was
evaluated using the Root Mean Square Error (RMSE), Nash—-Sutcliffe Efficiency (NSE),
and Willmott’s index of agreement (d). Once calibrated, AquaCrop simulated daily fluxes
of soil evaporation (E), crop transpiration (Tr), and total evapotranspiration, as well as
biomass accumulation, final yield, and water-use efficiency (WUE). The resulting daily
ETc series were temporally matched with METRIC-derived ET and FAO-56 estimates for
cross-validation and intermodel comparison (Figure 4).

Model inputs
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Figure 4. Methodological flowchart of the AquaCrop model configuration, calibration, and simulation
process for estimating crop evapotranspiration (ET aquacrop), biomass, and yield in the experimental
olive orchard located in La Yarada-Los Palos, Tacna, Peru.

2.4.2. Modelo METRIC

(a) Satellite Image Processing

Satellite data preprocessing was conducted in Google Earth Engine (GEE) us-
ing Landsat 8 OLI/TIRS and Landsat 9 OLI-2/TIRS-2 imagery from Collection 2,
Level 2, which provides surface reflectance and brightness temperature products already
atmospherically corrected.

For each agricultural season (2021-2022 and 2023-2024), eight cloud-free Landsat
scenes were selected to capture the main phenological stages of olive growth, including
budburst, flowering, fruit set, pit hardening, and ripening [30]. These temporal snapshots
ensured comprehensive coverage of canopy development and water-demand dynamics
throughout the crop cycle.

Images were filtered by path/row 002/073 and by the region of interest (ROI) corre-
sponding to the experimental olive orchard in La Yarada-Los Palos, Tacna, Peru. Scene
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identification was based on the official LANDSAT_PRODUCT_ID, ensuring 0% cloud cover
within the ROJ, verified using the QA_PIXEL bitmask (clouds, cirrus, and cloud shadows).

From each image, the input variables required by the METRIC model were derived,
including surface reflectance, albedo, emissivity, and land surface temperature (LST).
Additionally, complementary spectral indices such as NDVI, SAVI, and LAI were computed
and used in energy balance parameterization.

Table 1 summarizes the characteristics of the 16 Landsat scenes used in the study,
specifying the sensor, acquisition date, day of year (DOY), local overpass time (UTC-5),
path/row, product identifier, and cloud cover percentage within the ROI. All selected scenes
exhibited suitable radiometric and geometric quality for the application of the METRIC
model within GEE.

Table 1. Landsat 8/9 (Collection 2, Level 2) scenes used for evapotranspiration estimation with
the METRIC model in the experimental olive orchard of La Yarada-Los Palos (Tacna, Peru). The
table includes product identifiers, acquisition dates, and cloud cover percentage within the region of
interest (ROI).

Sensor (mm-lc)izt-;yyy) DOY C()I‘;?rlgi_’s)s Path/Row Product ID C(II:I(I)C}) Yo
Landsat 8 11/26/2021 330 9:42:24 002/073 LCO08_L2SP_002073_20211126 0
Landsat 9 12/04/2021 338 9:42:27 002/073 LC09_12SP_002073_20211204 0
Landsat 8 03/2/2022 61 9:42:03 002/073 LC08_1.2SP_002073_20220302 0
Landsat 8 03/18/2022 77 9:41:56 002/073 LC08_1.2SP_002073_20220318 0
Landsat 8 04/03/2022 93 9:41:47 002/073 LC08_1.2SP_002073_20220403 0
Landsat 8 04/19/2022 109 9:41:52 002/073 LC08_1.2SP_002073_20220419 0
Landsat 9 04/27/2022 117 9:41:47 002/073 LCO09_L2SP_002073_20220427 0
Landsat 8 05/05/2022 125 9:41:53 002/073 LC08_1.2SP_002073_20220505 0
Landsat 8 10/15/2023 288 9:42:12 002/073 LC08_1.2SP_002073_20231015 0
Landsat 9 01/11/2024 11 9:42:19 002/073 LCO09_L2SP_002073_20240111 0
Landsat 9 01/27/2024 27 9:42:17 002/073 LC09_12SP_002073_20240127 0
Landsat 8 02/04/2024 35 9:42:08 002/073 LC08_1.2SP_002073_20240204 0
Landsat 8 02/20/2024 51 9:42:06 002/073 LC08_1.2SP_002073_20240220 0
Landsat 9 03/15/2024 75 9:42:12 002/073 LC09_L2SP_002073_20240315 0
Landsat 9 04/16/2024 107 9:41:54 002/073 LC09_12SP_002073_20240416 0
Landsat 8 04/24/2024 115 9:41:29 002/073 LCO08_L2SP_002073_20240424 0

All METRIC processing scripts used in Google Earth Engine (GEE), including the
adapted functions for olive orchards in hyper-arid environments, are openly available in
the project repository (https:/ /github.com/JLHM1998 /METRIC-Olive-HyperArid-Peru
(accessed on 17 September 2025)). This repository contains the full implementation of
image preprocessing, anchor-pixel selection, energy-balance computation, and temporal
upscaling, ensuring full transparency and reproducibility of the METRIC workflow applied
in this study.

(b) Energy and Water Use Efficiency Balance

In METRIC, actual evapotranspiration is retrieved from the surface energy balance at
the time of the satellite overpass. The model assumes that net radiation (Rn) is partitioned
into sensible heat flux (H), soil heat flux (G), and latent heat flux (LE). Net radiation is
estimated from incoming and outgoing shortwave and longwave radiation computed from
surface albedo, emissivity, and atmospheric forcing. Soil heat flux is parameterized as a
fraction of Rn modulated by leaf area index (LAI) and land surface temperature (LST),
while sensible heat flux is derived from the near-surface air temperature gradient and
aerodynamic resistance, using an internal calibration of the Ts—AT relationship based on
hot (dry bare soil) and cold (well-watered vegetation) anchor pixels. Latent heat flux is
then converted into instantaneous ET, which is scaled to daily values using the reference
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evapotranspiration fraction (ETrF = ETinst/ETrinst). This physically based approach links
the spatial structure of radiative and thermal fields to actual evapotranspiration, enabling
high-resolution mapping of water consumption and energy partitioning at the field scale.

Evapotranspiration (ET) was estimated using the METRIC model, implemented in
Google Earth Engine (GEE) from Landsat 8 OLI/TIRS and Landsat 9 OLI-2/TIRS-2 imagery
(Collection 2, Level 2) combined with in situ meteorological data (Figure 3).

The approach integrates surface available energy, local atmospheric conditions, and
crop spectral dynamics, enabling the estimation of ET at 30 m spatial resolution.

The surface energy balance was solved according to the fundamental equation:

LE=Rn—G-—H (1)

where LE is the latent heat flux (evaporation + transpiration), R, is the net radiation, G is
the soil heat flux, and H is the sensible heat flux.

Net radiation (R,) was calculated considering incoming and reflected shortwave
radiation as well as incoming and outgoing longwave radiation [3,31].

The soil heat flux (G) was estimated as a fraction of R,, dependent on the leaf area
index (LAI) and land surface temperature (LST), following parameterizations developed
for arid environments [32,33].

The sensible heat flux (H) was determined from the air temperature gradient (AT)
and Ts, calibrated through the internal selection of cold and hot pixels, representing well-
irrigated vegetation and dry bare soil, respectively [10,34].

From LE, the instantaneous evapotranspiration (ETinst) was derived, and subse-
quently, the reference evapotranspiration fraction (ETrF) was computed as the ratio be-
tween ETinst and the reference evapotranspiration (ETr) calculated using the FAO Penman-
Monteith equation from data collected by the automatic weather station.

This fraction allowed the scaling of instantaneous ET to daily ET using the relation:

ETvEerric = ET:F X EToyy ()

The procedure generated daily ET maps at 30 m spatial resolution, further integrated
into monthly and seasonal composites. These products explicitly describe the spatial
variability of water consumption within the olive orchard and provide the basis for inter-
comparison with AquaCrop simulations and the assessment of water use efficiency (WUE)
under arid conditions.

A total of sixteen Landsat 8/9 (Collection 2, Level 2) scenes were selected to cover the
main phenological stages across the 2021-2022 and 2023-2024 campaigns (Table 1). Each
image was atmospherically corrected and pre-processed in Google Earth Engine (GEE) to
derive surface reflectance, albedo, emissivity, and land surface temperature (LST) layers,
which served as inputs to the METRIC workflow described above to obtain instantaneous
LE and temporally upscaled daily ETmpeTrIc (Equation (2)) for both seasons.

The overall METRIC workflow implemented in Google Earth Engine (GEE) is sum-
marized in Figure 5. The process begins with image selection, atmospheric correction,
and derivation of key surface parameters (albedo, emissivity, LST, NDVI, SAVI, and LAI)
from Landsat 8/9 (Collection 2, Level 2) data. Subsequently, internal calibration is per-
formed through the identification of cold and hot anchor pixels, representing well-watered
canopy and dry bare soil, respectively, from which the empirical coefficients a and b are
derived to solve the H-AT relationship. Once calibration is completed, the surface energy
balance is computed by estimating net radiation (Rn), soil heat flux (G), and sensible
heat flux (H), allowing the determination of latent heat flux and instantaneous evapo-
transpiration (ETinst = LE/A). Temporal upscaling is achieved using the reference evapo-
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transpiration fraction (ETrF = ETinst/ETrinst), which enables the generation of daily ET
maps (ET = ETrF x ETo24) at 30 m spatial resolution. The final outputs include ETygTRIC,
Rn, G, H, and LE maps, along with parcel-level statistics and consistency checks against
ET aquacrop and ETgp0.56 benchmarks, providing a physically consistent framework for

assessing water-use efficiency in arid olive systems.

Inputs & Pre-processing

ROI & parcel masks (olive
orchard, Tacna)

'

Anchor Pixel Calibration

Select Landsat 8/9
(Collection-2 Level-2),
path/row 002/073

Select cold pixels (well-

watered canopy)

'

I

METRIC Workflow —
Energy Balance (Landsat 8/9)

Cloud/shadow mask:
QA_PIXEL
(clouds/cirrus/shadows) = 0%
within ROI

Select hot pixels (dry bare
soil)

!

!

Extract pixel features (NDVI,

Albedo, T, LAI)

Surface reflectance &

brightness temperature

!

Iterative H: AT=a +b-Ts

Energy Balance & Daily ETa

Net radiation R,

'

Soil heat G = f(Rn, Ts, LAI)

'

Outputs & QA/QC

Sensible heat H (from a,b;
roughness + stability)

Daily ET maps (30 m,
GeoTIFF)

'
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'

I
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Figure 5. Workflow of the METRIC model implemented in Google Earth Engine (GEE) for the
estimation of actual evapotranspiration (ETygTric) and surface energy balance in olive orchards
under arid conditions in Tacna, Peru.

(c) Multiscale Evaluation and Cross-Model Validation between AquaCrop and METRIC

The consistency between the AquaCrop and METRIC models was assessed through
a multiscale methodological framework designed to analyze their performance in esti-
mating evapotranspiration (ET) under arid conditions. Both the temporal and spatial
dimensions were jointly addressed to ensure coherence between simulations and satellite-
based observations.

The Landsat 8/9 overpass dates were aligned with the daily simulations of ET oquacrop
and the corresponding estimates of ETyerriC, applying a +1 day temporal window when
necessary to minimize temporal discrepancies. In the spatial domain, ETygrric Values
were aggregated at the experimental plot level using the spatial median, thereby reducing
the influence of outlier pixels, while the AquaCrop outputs were resampled to the same
resolution to ensure compatibility between both datasets.

Cross-validation between models was performed using widely recognized perfor-
mance indicators, including the coefficient of determination (R?), root mean square error
(RMSE), mean absolute error (MAE), Nash—Sutcliffe efficiency (NSE), and mean bias error
(MBE). These metrics provided a robust quantitative basis to assess the degree of agreement
and accuracy between the process-based soil-water balance approach (AquaCrop) and the
satellite-driven energy balance model (METRIC).

Finally, the ETygTrIC, ETAQUACROP, and ETga(.56 series were integrated into a multi-
scale comparative framework that incorporated temporal alignment, linear regression, and
residual analysis, whose results are presented in the corresponding section of this study.
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2.4.3. Reference ETc Computation (FAO-56 Penman-Monteith)

In this study, ETpa0.5¢ provides an empirical benchmark against which both the
energy-balance estimates (METRIC) and the process-based soil-water balance simula-
tions (AquaCrop) can be evaluated, allowing the comparison between a coefficient-based
formulation and physically based approaches.

The reference evapotranspiration (ETo) was computed on a daily basis using the
standard FAO-56 Penman—Monteith formulation, based on hourly meteorological records
of air temperature (Ta), relative humidity (RH), wind speed (WS), and global solar radiation
(SR) obtained from the automatic weather station installed at the experimental site.

The daily ETo(p4) values were subsequently used to estimate the reference crop evapo-
transpiration (ETc) following the relationship:

ET. =K. % ET024 (3)

where Kc represents the crop coefficient for olive, adjusted to the local phenological calendar
according to the stages of budburst, flowering, fruit set, and ripening.

The Kc curve was calibrated based on previous studies conducted in olive orchards
under arid and semi-arid conditions [1,35], and further adapted to the microclimatic and
management conditions of the study site.

To ensure full reproducibility, the monthly Kc values used in this study were:
January = 0.65, February = 0.66, March = 0.62, April = 0.58, May = 0.54, June = 0.48,
July = 0.47, August = 0.48, September = 0.52, October = 0.62, November = 0.80, and
December = 0.64. This curve was constructed by adapting Kc values reported for Mediter-
ranean and semi-arid olive orchards [1,35,36], aligning them with the phenological stages
observed in the orchard and with the seasonal dynamics of ETo. The mid-season maximum
(Kc ~ 0.80) corresponds to the period of full canopy development, whereas lower winter Kc
values (~0.47-0.54) reflect reduced transpiring surface and a higher fraction of exposed soil.

The resulting ETpp0-56 time series served as an independent baseline reference to eval-
uate the consistency of the estimates derived from ETy\gric and ETaquacrop, providing
a comparative framework for validating the hydrological coherence between the energy
balance and soil-water balance approaches.

3. Results
3.1. Calibration and Performance of AquaCrop Canopy Cover Simulations

The calibration of AquaCrop against observed green canopy cover (CC, %) showed a
high level of agreement and moderate relative errors in both growing seasons (Figure 6a,b).
Overall, the observed-simulated scatterplots exhibited strong correlations (r = 0.82 and
0.78), with CV(RMSE) values of 12.6% and 11.9%, and absolute RMSEs of 10.5 and 9.8 CC
percentage points, respectively. The Nash-Sutcliffe efficiency (NSE) reached 0.47 in the first
campaign and 0.81 in the second, while Willmott’s agreement index (d) ranged between
0.55 and 0.63, indicating a satisfactory representation of canopy growth dynamics.

To ensure temporal consistency and minimize short-term field variability, canopy
cover was measured three times per month, and the resulting measurements were aver-
aged to obtain 12 monthly canopy-cover observations per campaign. This corresponds to
36 raw field measurements per growing season and a total of 24 aggregated monthly ob-
servations (72 individual measurements) across the two campaigns. All field observations
were collected from georeferenced sub-plots and aligned with Landsat overflight dates
whenever possible.
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Figure 6. Validation of AquaCrop-simulated green canopy cover (CC, %) against field observations
for two contrasting growing seasons in the experimental olive orchard of La Yarada-Los Palos
(Tacna, Peru): (a) 2021-2022 high-yield campaign; (b) 2023-2024 water-limited campaign. The
dashed line denotes the 1:1 agreement; error bars indicate +1 SD computed from the three field
measurements taken each month, which were averaged to obtain the 12 monthly calibration points.
Reported statistics include r, RMSE, CV(RMSE), NSE, and Willmott’s d.

Visually, data points aligned closely with the 1:1 line, with a slight underestima-
tion of CC at higher values—consistent with a conservative canopy growth coefficient
(CGC) and/or a smoother canopy decline coefficient (CDC) in the model parameterization.
Practically, these results support the use of AquaCrop as a reliable reference for canopy
dynamics in the multiscale comparison with ETygprric and ETra0-56 developed in the
following sections.

3.2. Landsat Sampling and Temporal Scaling of METRIC-Derived Fluxes

The resulting multi-temporal ETygrric maps (Figures 7 and 8) illustrate the sea-
sonal evolution of evapotranspiration. In the 2021-2022 campaign (Figure 7), ETygTRIC
peaked around 6-7 mm d~! during March-April, followed by a gradual decline to-
ward May. In contrast, the 2023-2024 campaign (Figure 8) exhibited attenuated fluxes
(~3-5mm d~!) and greater spatial heterogeneity, reflecting canopy water stress and re-
duced soil-moisture availability.

The multi-temporal ETygrric maps show higher fluxes during the high-yield
2021-2022 season (Figure 7) and attenuation under water-limited conditions in 2023-2024
(Figure 8). These patterns are consistent with the seasonal decline of Rn and LE and the
reduction in ROI-mean ETy\prric reported in Table 2. Local ETyprric maxima reached
~6-7 mm d~! in central blocks (Figures 7 and 8), while ROI-mean ETygTriCc remained
<425+ 1.76 mm d~! (Table 2, 11-January-2024).

Vegetation and radiative drivers are detailed in Supplementary Figures S1-56,
while spatial patterns of energy partition (Rn, G, H, LE) per overpass are provided in
Supplementary Figures S7-522.
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Figure 7. Multi-temporal maps of daily actual evapotranspiration estimated with the ETyrrrICc model
during the 2021-2022 high-yield campaign over the experimental olive orchard in La Yarada-Los
Palos, Tacna (Peru). Panels (a-h) correspond to 11 November 2021, 4 December 2021, 2 March 2022,
18 March 2022, 3 April 2022, 19 April 2022, 27 April 2022, and 5 May 2022. Higher ET (~6-7 mm d_l)
occurred in March—April, declining toward May as the canopy senesced. All scenes share a
0-8 mm d ! color scale (UTM 195).
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6 8

0 2 4
ETyerric (mm d™7)

Figure 8. Multi-temporal maps of daily actual evapotranspiration estimated with the ETyprric model
during the 2023-2024 water-limited campaign over the experimental olive orchard in La Yarada—Los
Palos, Tacna (Peru). Panels (a-h) correspond to 15 October 2023, 11 January 2024, 27 January 2024,
4 February 2024, 20 Febbruary 2024, 3 March 2024, 16 April 2024, and 24 April 2024. ET was lower
overall (~3-5 mm d ') and spatially more heterogeneous, reflecting canopy water stress. All maps
share a 0-8 mm d ! color scale (UTM 195).
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Table 2. Surface energy balance components and evapotranspiration derived from the METRIC

model for each Landsat overpass (2021-2024) in the experimental olive orchard, Tacna, Peru.

Acquisition ET
Date NDVI LAI Albedo Rn (W m~—2) G (Wm2) H (W m-2) LE (W m~—2) METRIC
(mmd-1)
(mm-dd-yyyy)

11/26/2021 036+0.06 0.86+013 024+001 558.69+18.76 121.51 +3.73 338.02+32.13 9931 +46.02  3.56 + 1.65
12/4/2021 036 +0.06 086+012 023001 592.96+1851 101.42+334 391.25-+2664 9991 +3924 356+ 1.40
3/2/2022 0354005 0.83+012 021+001 541.69+2026 9431 +370 34828 +2532 99.35+ 3853  3.54+ 137
3/18/2022 036 +0.06 0864012 021+002 50011 £21.00 9567 +396 31044 +36.33 93.87 +50.54  3.36 + 1.81
4/3/2022 0364006 0.86+012 021+0.02 47673+21.99 9207 +425 29429 +29.00 9051 +43.64 324+ 156
4/19/2022 038 +0.06 0894013 020002 44986 +22.82 8370 +4.42 28895-+3536 77.32+49.07 276+1.75
4/27/2022 0384006 0.89+0.13 019+0.02 470.68+23.78 58454333 33249 +2543 79.76 +39.06  2.82+1.38
5/5/2022 0394006 091+014 019+0.02 41898+23.65 74.06+437 281.85+2947 6347 +4482 227 +1.60

10/15/2023 0374006 0.87+0.13 022+001 547.324+19.95 11687 +4.09 354.25+29.85 7689 +47.65 276 +1.71
1/11/2024 0374006 0.87+013 022+0.01 584.66+2056 91.37+329 373.82+3551 119.75+49.48 425+ 1.76
1/27/2024 036 +0.06 087+012 021+002 589.63+21.29 8355+3.17 401.99 +£4371 10446 +£5729  3.70 £ 2.03
2/4/2024 0364006 0.85+0.12 022+0.02 5284842065 114.80+4.00 298.15+3521 11598 +50.11  4.17 +1.80
2/20/2024 037 +0.06 0874012 023+002 52151+2076 96954360 33512+2327 89.35+3853  3.19 +1.37
3/15/2024 0384006 0.89+0.12 020+0.02 5486042219 7507 +351 382.44+27.95 9098 +41.88 322+ 148
4/16/2024 039+0.06 0934013 0.19+0.02 48644 +2341 67484376  366.02+920  52.81 4 24.39 1.87 + 0.86
4/24/2024 0354005 0.84+012 020+0.02 4465542279 71.90+391 31461 +12.64 6020 +28.05  2.14+1.00

3.3. Anchor-Pixel Diagnostics and Stability Across Dates

Internal calibration in METRIC relied on per-scene selection of cold and hot anchor
pixels capturing the evapotranspiration extrema. Cold pixels were placed over well-
irrigated canopies with maximum foliage cover, while hot pixels corresponded to adjacent
bare or water-stressed soil. Across dates, calibration coefficients a and b (from the H-AT
relationship) showed strong temporal stability and physical consistency with the site’s arid
context. Cold pixels typically exhibited NDVI = 0.40-0.47, LAI ~ 1.0, and Ts = 295-311 K,
whereas hot pixels showed NDVI < 0.20, LAI ~ 0.3-0.5, and Ts = 302-316 K. These patterns
support the robustness of the internal calibration under semi-arid to desert conditions.

Anchor-pixel attributes and AT calibration coefficients are provided in Table S1, while
per-date maps of energy-balance components that reflect coherent spatial partitioning are
shown in Figures S7-522.

3.4. Spatial Patterns of Parcel-Scale ET (METRIC)

Parcel-scale ETygTric distributions exhibited robust intra-parcel gradients consistent
with canopy structure and local microtopography. In both campaigns, higher ETygrrIC
(~5-7 mm d~!) concentrated in the central blocks with denser canopy, while peripheral or
sparse-canopy areas showed lower values (~2-4 mm d~!). During peak photosynthetic
activity (February—April), spatial patterns became more homogeneous, reflecting physio-
logical response to increased atmospheric demand and the effectiveness of drip irrigation.
These patterns are visible in Figures 7 and 8 and are consistent with the energy partition
summarized in Table 2.

3.5. Temporal Dynamics and Method Comparison at Parcel Scale

During the 2021-2022 high—yield Campaign, ETMETRIC , ET AQUACROP/ and ETFAO—56
displayed a consistent seasonal pattern characterized by a gradual decline in evapotran-
spiration from November to May (Figure 9). The METRIC medians remained between
~3.3-3.8 mm d~! at the beginning of the season and progressively decreased toward
~3.0mm d~! as the canopy approached senescence. AquaCrop daily estimates closely
tracked the temporal evolution of METRIC, with almost parallel trajectories through-
out the season, confirming a strong temporal coherence between both physically based
approaches. In contrast, FAO-56 systematically underestimated ET across all dates: it
remained ~1.8-2.2 mm d ! below METRIC during early-season conditions and continued
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to diverge moderately during mid- and late-season. This behavior reflects the limitations
of the empirical Kc curve in capturing the combined effects of canopy vigor, advective
conditions, and soil evaporation that METRIC and AquaCrop represent more explicitly.

7.0 == METRIC (p5-p95 box) =0==AquaCrop — trend l:
=0— METRIC — median (p50) =—i— FAO-56 O ET(mmd-l 8
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Figure 9. Temporal comparison among ETyerric, ETaguacrop, and ETga0.56 during the 2021-2022
campaign. Lines represent daily series; boxplots depict spatial variability of METRIC at each Landsat
date (30 m).

In the 2023-2024 water-limited campaign (Figure 10), evapotranspiration exhibited a
dampened seasonal pattern, with METRIC median values generally ranging between 2.5
and 4.5 mm d~! and decreasing toward April-May as soil moisture became increasingly
limiting. AquaCrop reproduced the overall seasonal behavior but followed a smoother
trajectory (~2.8-3.5 mm d 1), not fully capturing the METRIC peaks observed in mid-
summer (January—February). Likewise, the FAO-56 series consistently underestimated
ET throughout the season. Although its values remained close to the METRIC median
during the early season (~November), the divergence increased during mid-season: FAO-56
captured the increasing evaporative demand but remained well below the METRIC median
during the January-February peak. This underestimation persisted during the late-season
decline (March—April), where FAO-56 produced lower ET values than both METRIC and
AquaCrop. METRIC continued to exhibit pronounced spatial variability—visible in the
wide p5—p95 ranges—particularly along parcel margins, highlighting its higher sensitivity
to canopy heterogeneity and localized deficit-irrigation effects.

During the 2021-2022 high-yield campaign, FAO-56 systematically underestimated
METRIC, with an average deviation of —-0.81 mm d !, reaching ~1.03 mm d ! during early-
season conditions (November—December). Relative to AquaCrop, FAO-56 also exhibited a
consistent negative bias (-0.70 mm d 1), reflecting its weaker responsiveness to canopy-
driven increases in ET.

In the 2023-2024 water-limited campaign, the divergence persisted but was re-
duced. FAO-56 underestimated METRIC by —0.56 mm d ! on average, with peak gaps of
-0.75 mm d~! during the high evaporative demand period (January-February). Deviations
relative to AquaCrop were smaller and more variable (-0.13 mm d ! on average), indicat-
ing that FAO-56 tracked early-season ET reasonably well but lagged during mid-season
stress intensification.
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Figure 10. Temporal comparison among ETyeTrIc, ETAQUACROP, and ETpp0.56 during the 2023-2024
campaign. Lines represent daily series; boxplots depict spatial variability of METRIC at each Landsat
date (30 m).

These quantitative diagnostics reinforce that the empirical Kc-based FAO-56 consis-
tently produced the lowest ET estimates across both optimal- and deficit-irrigation regimes,
particularly during periods of high atmospheric demand and rapid canopy development.

3.6. Cross-Method Consistency (METRIC vs. AquaCrop vs. FAO)

The cross-method comparison between the ET\prriC energy-balance model and the
process-based ETaquacrop and ETgp0.56 formulations showed strong coherence during
the 2021-2022 high-yield campaign (Figure 11). The ETyetric-ET AQUACROP Telationship
exhibited excellent agreement (R? = 0.94, RMSE = 0.21 mm d~!, rRMSE = 7.0%), with a
negligible bias (MBE = 0.11 mm d~!) and near-1:1 correspondence across the ET range.
The slope greater than unity (OLS = 1.52) suggests that METRIC slightly overestimated
ET relative to AquaCrop at higher fluxes, likely due to residual soil evaporation and local
advective effects captured by the thermal signal. In contrast, the comparison with ETra0-56
showed a larger dispersion (R? = 0.88, RMSE = 0.82 mm d !, rRMSE = 35.3%) and a
positive bias (MBE = 0.81 mm d~!). The empirical Kc approach tended to underpredict ET
under high evaporative demand, particularly when canopy cover approached its seasonal
maximum. Overall, the consistency between ET squacrop and ETygrric confirms their
physical compatibility, whereas deviations from ETga0.56 highlight the limitations of static
crop-coefficient curves under hyper-arid orchard conditions.

For the 2021-2022 campaign (Figure 12), the residual distributions exhibited a near-
normal pattern, confirming the internal consistency of the METRIC calibration. The
ETumeTrRIC-ET AQUACROP residuals were centered close to zero (u = 0.11 mm d=1, 0=0.19),
indicating negligible bias and a tight agreement between the satellite-based and process-
based estimates. In contrast, the ETyrrric—ETFA0-56 residuals showed a positive offset
(u=081mmd~!, 0=0.16), revealing a systematic overestimation by ETygrrric relative to
the empirical ETpp0.5¢ formulation. Despite this shift, the narrow spread and unimodal
symmetry across both comparisons highlight the physical coherence between the models
and the robustness of the ETyprrIC energy-balance calibration under high-yield conditions.
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Figure 11. Validation of ET\gTric Against ETaquacrop and ETgp0.56 for the 2021-2022 Growing
Season: (a) Comparison with ETsquacrop Daily and (b) Comparison with ETpa0.56 Estimates. The
colored dots represent individual daily ET estimates corresponding to satellite overpass dates. The
solid blue line indicates the Ordinary Least Squares (OLS) linear regression fit, with the shaded blue
area representing its 95% confidence interval. The dashed purple line shows the Deming regression
fit, and the dashed gray line is the 1:1 reference line indicating perfect agreement.
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Figure 12. Residual density distributions of METRIC-derived daily actual evapotranspiration

(ETmeTRIC) for the 2021-2022 campaign: (a) residuals between ETyrrric and ET Aoquacrop-simulated

values; (b) residuals between ETygrric and ETpa0-56 estimates. Histograms depict the residual fre-

quency distribution (mm d1), with pink bars indicating negative residuals (underestimation by

ETMETRIC) and green bars indicating positive residuals (overestimation). The solid dark-green
curve represents the kernel density estimation (KDE). The dashed vertical line marks the mean (i),
and the shaded area denotes the 1 & o interval. The solid black line indicates the zero-bias reference,

highlighting the magnitude and symmetry of deviations in each comparison.

During the 2023-2024 water-limited campaign, the inter-model comparison confirmed

a strong yet attenuated correspondence among the three approaches (Figure 13). The rela-
tionship between ETyerric and ETaquacrop yielded R? = 0.75 and RMSE = 0.64 mm d !
(rRMSE = 23.4%), indicating good overall agreement but greater dispersion under mois-

ture stress. In contrast, the ET\eTric—ETFA0-56 comparison exhibited tighter alignment
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(R? =0.95, RMSE = 0.59 mm d~!, rRMSE = 22.8%), albeit with a consistent positive bias
(MBE = 0.56 mm d~1). The observed overestimation by ETyEetrIC relative to both reference
models (MBE = 0.43-0.56 mm d ') reflects the enhanced contribution of soil evaporation
and local micro-advection captured by the energy-balance formulation but not explicitly
represented in ETsquacrop or the empirical ETga0.56 approach. Despite these differences,
the regressions maintained near-linear behavior across the ET range, confirming that both
ET aquacropr and ETgpo.56 adequately tracked the seasonal ET dynamics derived from
ETmeTrIC under reduced irrigation conditions.

(@) [RMSE=0.64 (rRMSE=23.4%) / 5 (b) [RMSE=0.59 (rRMSE=22.8%) P
MAE=0.52 .. MAE=0.56 o
404 MBE=0.43 (Bias=15.6%) 404 MBE=0.56 (Bias=21.5%) s
: R?=0.75 s ’ R?=0.95 7
NSE=-1.01 7 NSE=0.32
351 3.51
3.01 3.0
T T
] ]
g 25 g 25
£ E
) 9
£ 20 £ 20
s3] m
) )
] =
m (5
1.5 1.5 1
1.0 1 i / Regression Model Fit 1.0 y Regression Model Fit
0 o OLS: y=1.55x+-1.08 (pp=0.006) * OLS: y=1.09x+0.32 (pp=0.000)
054 7z 4 == o Deming: y=1.95x+-2.17 051 == o Deming: y=1.13x+0.22
’ i -==- e 1:1 reference line ’ === L1 reference line
* 95% CI (OLS) % * 95% CI (OLS)
0.0 ¥ . : : : - : . : 0.0 + . . : : : : " -
0.0 05 1.0 15 2.0 25 3.0 35 4.0 0.0 05 1.0 15 2.0 2.5 3.0 35 4.0

ETaquacrop (mm d~1)

ETra056 (mmd™1)

Figure 13. Validation of ETyerric Against ETaquacrop and ETpao.56 for the 20232024 Growing
Season: (a) Comparison with ETsyquacrop Daily and (b) Comparison with ETpa0.56 Estimates. The
colored dots represent individual daily ET estimates corresponding to satellite overpass dates. The
solid blue line indicates the Ordinary Least Squares (OLS) linear regression fit, with the shaded blue
area representing its 95% confidence interval. The dashed purple line shows the Deming regression
fit, and the dashed gray line is the 1:1 reference line indicating perfect agreement.

For the 2023-2024 water-limited campaign (Figure 14), residual distributions were
broader and shifted toward positive values, reflecting the attenuation of evapotranspi-
ration under deficit irrigation. The ETyveTrRIC-ET AQUACROP Tesiduals (u = 0.43 mm d1,
o = 0.51) indicated mild overestimation but maintained an overall symmetric distribu-
tion, suggesting consistent performance despite soil-moisture constraints. In contrast,
the ETverrIc—ETRAO56 residuals (it = 0.56 mm d 1, ¢ = 0.22) exhibited a narrower yet
systematically positive shift, confirming a persistent high-bias of ET\rrric relative to the
empirical ETpa0-56 formulation. These residual structures emphasize the complementary
nature of both models: ETyprric effectively captures fine-scale spatial variability and
canopy stress through its energy-balance formulation, while ET oquacrop reproduces the
temporal dynamics of transpiration governed by root-zone water depletion.

Overall, the multiscale analysis revealed consistent seasonal ET dynamics across both
agricultural campaigns, with METRIC capturing pronounced intra-parcel variability and
AquaCrop providing smooth daily continuity. The strongest agreement among methods
occurred during periods of full canopy development, whereas the largest deviations—
particularly between METRIC and FAO-56—emerged under water-limited and spatially
heterogeneous conditions. These collective patterns provide a coherent basis for the subse-
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quent discussion of the physical drivers of inter-model discrepancies and their implications
for irrigation management in hyper-arid olive orchards.
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Figure 14. Residual density distributions of METRIC-derived daily actual evapotranspiration
(ETMmEeTRIC) for the 2023-2024 campaign: (a) residuals between ETygrric and ETaguacrop-simulated
values; (b) residuals between ETygric and ETga0.56 estimates. Histograms depict the residual fre-
quency distribution (mm d~!), with pink bars indicating negative residuals (underestimation by
ETMETRIC) and green bars indicating positive residuals (overestimation). The solid dark-green
curve represents the kernel density estimation (KDE). The dashed vertical line marks the mean (u),
and the shaded area denotes the p £ o interval. The solid black line indicates the zero-bias reference,
highlighting the magnitude and symmetry of deviations in each comparison.

4. Discussion
4.1. Multiscale Coherence and Phenological Control of ET

Across both campaigns, ETyerric and ETaguacrop captured a coherent seasonal
signal: ET rose to a late-summer maximum and then declined as foliage senesced
(Figures 7 and 8). In 2021-2022, local ET maxima in central blocks reached ~6—7 mm d-1,
while ROI means stayed lower (<4.25 £ 1.76 mm d ! on 11 January 2024; Table 2), highlight-
ing the expected gap between pixel peaks and parcel means. Temporal agreement among
methods was strongest near peak canopy, when vegetation structure and soil moisture were
most stable (Figure 9), and weakened under water limitation in 2023-2024 (Figure 10). These
patterns align with recent olive-orchard studies where remote-sensing fluxes track canopy
expansion/senescence under arid forcing and where RS—-model convergence tightens at
maximum cover and loosens under stress, e.g., [1,8,36].

4.2. Physical Drivers of Discrepancies Across Methods

Inter-method differences arise from complementary sensitivities that are intrinsic to
the physical basis of each model. In ETyprric, the selection of cold and hot anchor pixels
governs the AT-H calibration and directly affects LE retrieval. Sub-pixel thermal mixing at
30 m—combining canopy, bare soil, and wetted drip zones—can elevate apparent ET over
warmer patches, particularly in discontinuous or sparse canopies (Figures 7 and 8). This
behavior is widely reported in arid tree-crop systems where soil-evaporation contributions
dominate under high atmospheric demand [35].

In contrast, ETsquacrop is driven by a spatially uniform parameterization of root-
ing depth, salinity response, and canopy development. This structure tends to smooth
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micro-advective processes and localized soil-evaporation pulses that METRIC detects ther-
mally. The use of a single weather station as atmospheric forcing may also attenuate wind
and radiation gradients that influence sensible-heat flux (H), contributing to deviations
between models.

The wider scatter and steeper slopes observed in the 2023-2024 regressions (Figure 13),
compared with the more coherent 20212022 relationships (Figure 11), are consistent with
these mechanisms intensifying under moisture-limited conditions [9]. Similar increases in
ET dispersion under deficit irrigation and heterogeneous canopy stress have been docu-
mented in recent orchard-scale studies [37], supporting the interpretation that water limit
amplifies spatial and temporal divergence among ETyeTrIC, ET AQUACROP, and ETpa0-56-

4.3. FAO-56 Performance and the Role of Canopy Structure

The ETra0-56 method showed intermediate performance in the 2021-2022 season and
better alignment during the drier cycle of 2023-2024. In 2021-2022, ETga0-56 Systematically
underestimated ET relative to ETyeTrIc and ETaquacrop (Figure 9), a pattern confirmed
by positive residuals in the METRIC-FAO-56 comparison (Figure 11b). In 2023-2024,
agreement increased (R? = 0.95; RMSE = 0.59 mm d~!; Figure 13b), although a positive
residual shift persisted (i = 0.56 mm d~!; Figure 14b), indicating continued underestimation
under deficit conditions. These results emphasize that empirical Kc approaches perform
more robustly when dynamically linked to vegetation metrics (e.g., NDVI, fractional cover)
or locally calibrated to canopy structure and stress responses—particularly in hyper-arid
perennial systems where ET is strongly influenced by canopy heterogeneity and soil-
evaporation contributions [38,39].

4.4. Residual Structure and Operational Bias

Residual diagnostics were informative and largely unimodal. In 2021-2022, ETypgTRIC—
ET aquacrop residuals were effectively unbiased (i = 0.11 mm d=1; 0 =0.19), whereas
ETmeTRIC-ETFRAO-56 showed a clear positive shift (i = 0.81 mm d=1; 0=0.16) (Figure 12).
Under 2023-2024 water limitation, dispersion increased and both comparisons shifted
positive (i = 0.43 and 0.56 mm d~!; Figure 14). The direction and magnitude of these
residuals indicate that ETgTrIC is more sensitive to localized soil evaporation and micro-
advection—signals attenuated in ETyquacrop and in Kc-based formulations—providing
actionable guidance to curb avoidable evaporative losses (e.g., reducing the wetted area,
applying mulches), consistent with findings in arid irrigated systems [2].

4.5. Implications for Water Management in Hyper-Arid Orchards

The combined use of ETyeTrIc and ETaquacrop provides complementary and op-
erationally relevant information for precision irrigation. METRIC offers spatial diagnos-
tics at resolution 30 m that reveal intra-parcel heterogeneity and evaporative “hotspots”
(Figures 7 and 8), while AquaCrop provides daily temporal continuity and a physically
based E/Tr partitioning that closely follows parcel-scale medians (Figures 9 and 10). To-
gether, both models enable the derivation of simple decision indicators—such as the
METRIC-AquaCrop residuals (e.g., i in Figures 12 and 14)—which help identify periods
or zones dominated by non-productive evaporation or by emerging water stress. This
integrated perspective supports targeted irrigation, improved scheduling, and soil-surface
conservation practices in hyper-arid orchard systems [36,40].

4.6. Limitations and Future Work

The multiscale comparison between ETveTrIC, ETAQUACROP, and ETrp0.56 revealed
consistent yet seasonally dependent performance. During the high-yield campaign
(2021-2022), both models exhibited near 1:1 correspondence (R2=0.94; RMSE =021 mm d};
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MBE = 0.11 mm d’l), whereas deviations were larger in the FAO-56 estimates (R2 =0.88;
RMSE = 0.82 mm d~!; MBE = 0.81 mm d~'). Under water-limited conditions (2023-2024),
inter-model correlations remained strong but attenuated (ETyvpeTrRIC-ET AQUACROP: R? =0.75;
RMSE = 0.64 mm d~!; MBE = 043 mm d!; ETaguacror-ETra0s6: R? = 0.95;
RMSE =0.59 mm d~1; MBE = 0.56 mm d_l). Residual analysis confirmed minimal
bias in 2021-2022 (1 = 0.11 mm d~!, ¢ = 0.19) and positive shifts in 2023-2024
(i =0.43-0.56 mm d '), consistent with METRIC’s higher sensitivity to soil evapora-
tion and micro-advection, which are not fully represented in process- or coefficient-
based models.

Uncertainties are mainly associated with (i) meteorological representativeness due
to single-station forcing, (ii) anchor-pixel selection and AT-H robustness in ETyerrIC,
(iii) parameter sensitivity in ETaquacrop, and (iv) thermal sub-pixel mixing. These factors
collectively contribute to variations in energy partitioning and evapotranspiration retrieval
under heterogeneous canopy and irrigation conditions.

Given the discontinuous canopy typical of olive orchards, sub-pixel thermal mixing
between foliage, bare soil, and wetted drip zones may locally elevate land surface tempera-
ture (LST), shifting the AT-H calibration and inflating LE estimates. Although hot and cold
pixel selection prioritized spectrally homogeneous patches to reduce this effect, residual
thermal mixing at 30 m resolution likely contributed to the moderate METRIC overesti-
mation observed in sparse-canopy and edge-of-parcel areas. This is a known limitation of
thermal remote sensing in woody perennial systems and underscores the need for future
refinements using higher-resolution LST products or multi-sensor fusion approaches.

Future priorities include automated or ensemble-based anchor selection with uncer-
tainty propagation, multi-sensor LST fusion (Landsat-Sentinel-ECOSTRESS) to refine Ts
sampling, and ensemble AquaCrop calibration constrained by soil-water observations.
Independent validation using eddy covariance or lysimeter measurements will be essen-
tial to reduce model bias and strengthen physical consistency. Furthermore, integrating
soil-moisture constraints jointly with thermal data within ETgp0.5¢ or dual-source frame-
works could further reduce ET uncertainty and improve spatio-temporal coupling across
scales [9,21,40].

Collectively, these refinements will enhance the reliability of remote-sensing-based
evapotranspiration estimates and expand their operational application for irrigation man-
agement in hyper-arid agricultural systems.

5. Conclusions

The integration of the satellite-based METRIC model and the process-oriented
AquaCrop model enabled a robust and internally consistent reconstruction of the sea-
sonal dynamics of evapotranspiration (ET) in a hyper-arid olive orchard. Both models
exhibited the highest agreement during mid-season foliage peaks—when canopy struc-
ture and soil moisture were most stable—and a moderate divergence under water-limited
conditions, reflecting the expected shift in the evaporation/transpiration partition and the
increasing role of soil evaporation.

Spatially, ETyerric mapped well-defined intra-parcel gradients, with ETygrric max-
ima of approximately 6-7 mm d~! in central blocks during March-April, while regional
means remained < 4.25 4+ 1.76 mm d~!. This systematic gap between pixel peaks and
parcel averages highlights the utility of 30 m-resolution spatial diagnostics for identifying
localized water-use patterns and stress hotspots under drip irrigation.

Operationally, the two modeling approaches are complementary: AquaCrop provides
daily temporal continuity and physically based E/Tr partitioning that aligns closely with
parcel-scale medians, while METRIC delivers spatially explicit diagnostics of canopy
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heterogeneity and energy-balance stress at the management scale. Integrating both within
a unified workflow allows accurate ET quantification and actionable irrigation guidance—
e.g., optimizing timing and zoning of water applications to minimize non-productive
evaporation and improve water-use efficiency (WUE) in hyper-arid perennial systems.

This research establishes a methodological foundation for future investigations in-
corporating UAV-based thermal sensing and eddy covariance flux towers to enhance
ET validation and energy-balance closure at finer spatial and temporal scales. Such ad-
vancements will strengthen precision irrigation and water-resource management strategies
for olive orchards along the southern coast of Peru, a region of growing agro-economic
relevance under increasing aridity pressures.
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Abbreviations

The following abbreviations are used in this manuscript:

ET Evapotranspiration

ETc Crop evapotranspiration

ETo Reference evapotranspiration

ETrF Reference evapotranspiration fraction
Kc Crop coefficient

Rn Net radiation

G Soil heat flux

H Sensible heat flux

LE Latent heat flux

LST Land surface temperature

NDVI Normalized Difference Vegetation Index
LAI Leaf Area Index

CcC Canopy cover

E/Tr Evaporation/Transpiration

WUE Water-use efficiency

RMSE Root Mean Square Error
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MAE Mean Absolute Error

MBE Mean Bias Error

rRMSE Relative Root Mean Square Error

NSE Nash-Sutcliffe Efficiency

GEE Google Earth Engine

ROI Region of Interest

DOY Day of Year

EC Electrical Conductivity

FC Field Capacity

PWP Permanent Wilting Point

CGC Canopy Growth Coefficient

CDC Canopy Decline Coefficient

OLS Ordinary Least Squares

AT Air temperature difference between surface and reference height
METRIC Mapping Evapotranspiration at High Resolution with Internalized Calibration
FAO Food and Agriculture Organization of the United Nations

FAO-56 FAQ Irrigation and Drainage Paper No. 56 (Penman-Monteith method)

AquaCrop FAO Crop Water Productivity Model

OLI/TIRS Operational Land Imager/Thermal Infrared Sensor

UTM Universal Transverse Mercator

ECOSTRESS  ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station

SMAP Soil Moisture Active Passive mission
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