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Abstract

Understanding crop water use is essential for improving agricultural water management
and ensuring sustainable food production, especially in regions with limited water re-
sources. Evapotranspiration (ET) is a key component of the hydrological cycle, directly
influencing irrigation planning and crop productivity. However, accurately estimating ET
at local scales remains a challenge due to the limitations of conventional measurement
methods and the difficulty of integrating high-resolution remote sensing data. This study
investigates the estimation of terrestrial evapotranspiration (ET) in a sugarcane cultivation
area located in the northern coastal region of Paraíba, Brazil, using meteorological data
and aerial images acquired by an Unmanned Aerial Vehicle (UAV). We adapted the PT-JPL
model to estimate ET at the local scale, using thermal and multispectral imagery obtained
from UAVs. Data validation was performed using surface energy balance measurements
obtained from a micrometeorological tower, thereby enabling comparison of estimated
and observed ET values. The results demonstrated strong correlations between modeled
predictions and field measurements of net radiation (R2 = 0.85), with performance metrics
indicating moderate reliability for local-scale simulated ET when compared to flux-tower-
based ET (R2 = 0.48; RMSE ≈ 0.045 mm/30 min). This research highlights the potential of
integrating UAV-based remote sensing with the PT-JPL model to improve understanding
of crop water use, support irrigation management, and contribute to sustainable agricul-
tural practices.

Keywords: surface temperature; energy balance; crop monitoring

1. Introduction
Understanding hydrological processes is essential for the efficient management of

water resources [1], especially in a global context of climate change, with an increase in
the occurrence of natural disasters related to extreme events [2], while crop water demand
continues to grow. Among the various components of the hydrological cycle, precipitation
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and evapotranspiration (ET) represent major inputs and outputs, respectively, in the water
balance [3].

ET encompasses both the evaporation of water from the surface and the transpiration
from plants and is a key process for maintaining the water and energy balance at Earth’s
surface. Monitoring ET is crucial for any agricultural practice, as it directly affects crop
water requirements and irrigation planning. However, unlike precipitation, evapotranspi-
ration is not easily measured. Lysimeter measurements or empirical methods have their
own challenges and limitations [4,5]. Lysimeters are expensive to construct, install, and
maintain [6–8]. Moreover, the loss of soil integrity during installation may compromise
the representativeness of point-scale measurements at larger scales [9]. Empirical methods
are site-specific, depending on local weather conditions, and may require a large num-
ber of input parameters [10–13]. Some of these parameters are not always measured at
meteorological stations [10,14].

Flux towers provide the most accurate method for measuring ET as they directly
measure water vapor flux; however, the eddy covariance method has significant limitations
in spatial representativeness. Measurements are confined to a specific area of influence
(footprint), which may not represent larger regions, particularly in heterogeneous land-
scapes. Furthermore, the footprint area varies with meteorological conditions—particularly
wind direction and speed—which can introduce variability into the data and hinder ex-
trapolation to larger spatial scales [15–18]. Precise evapotranspiration (ET) simulations
are fundamental for modeling hydrological processes, crop development, and ecosystem
water-use efficiency [19].

In recent decades, remote sensing technology has emerged as a promising tool for
estimating ET. The development of various algorithms [20] that use reflectance and thermal
spectrum data has contributed to this progress. One such example is the PT-JPL model
(Priestley–Taylor Jet Propulsion Laboratory), a satellite-based model used to estimate ET
at regional and global scales. The PT-JPL model calculates ET separately for vegetation
(transpiration and evaporation of water intercepted by the canopy) and soil, using a
combination of satellite parameters (surface temperature and vegetation indices) and
meteorological conditions. It employs an adaptation of the Priestley and Taylor equation to
estimate actual ET (ETa) from potential ET (ETp) [21]. However, most satellite sensors can
only provide useful ET data under clear-sky conditions [22].

In Northeast Brazil, sugarcane (Saccharum officinarum) is one of the most economically
important crops [23]. Sugarcane is a water-intensive crop [24], making accurate estimation
of ET essential for efficient irrigation management and sustainable water resource use.
However, this region often experiences frequent cloud cover [25], which limits the avail-
ability of satellite-based ET data. Consequently, alternative monitoring approaches, such
as aerial imagery obtained from remotely piloted aircraft (RPA), are particularly relevant
for sugarcane fields in northeastern Brazil, enabling precise and timely estimation of crop
water demand.

RPA-based data applications include monitoring crop disease symptoms and dis-
eases [14], crop height monitoring [26], and crop ET estimation [27,28]. Despite these
advances, acquiring and processing RPA imagery remains time-consuming and costly.
Therefore, users seeking to streamline the procedure may adopt open-source tools or
software for ET modeling.

Despite significant progress, several challenges remain unresolved in the study of
terrestrial ET. These include accurate partitioning of ET among soil evaporation, canopy
interception, and plant transpiration; representation of irrigation and agricultural manage-
ment in models; the influence of spatial heterogeneity in soil, vegetation, and topography;
and the interactions among radiation, soil moisture, and vegetation responses under wa-
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ter stress. Furthermore, reconciling ground-based measurements with remote-sensing
estimates across multiple spatial and temporal scales remains challenging [29,30].

The QWaterModel and PT-JPL were selected for this study because of their comple-
mentary approaches to estimating surface energy fluxes: QWaterModel is physically based
and relies primarily on surface temperature, whereas PT-JPL integrates remote-sensing
data with vegetation and meteorological parameters. Comparing both models provides an
opportunity to evaluate their relative performance and applicability in tropical agricultural
conditions. In this context, it is essential to understand how such free tools can be effectively
integrated with evapotranspiration models to accurately estimate ET. Like this, the present
study aims to map ET using meteorological data and aerial imagery obtained via RPA.

2. Materials and Methods
2.1. Study Area

A sugarcane crop field (5.14 ha) was the subject of this study. It is located in Rio Tinto
(6◦53′5.65′′ S, 35◦2′5.46′′ W), a municipality on the northern coast of Paraíba state (Figure 1),
in Northeast Brazil.

Figure 1. Study area: sugar cane planting (5.14 ha) located within the Rio Tinto Municipality, Paraíba
state. The white dot indicates the location of the flux tower that provided the micrometeorological
data for the analyzed period (October 2022–August 2023); the yellow dots indicate the position of the
ground control points (GCPs) used for georeferencing.

Rio Tinto has a humid tropical climate of the As type, with annual rainfall of 1423 mm.
The rainy season occurs from March to August, with a notable peak in June [31].

The monthly mean temperatures, determined from the station of the Brazilian National
Institute of Meteorology (INMET) in Camaratuba (6◦33′42.7′′ S, 35◦08′07.1′′ W), the closest
to Rio Tinto (37 km) (period from 1999 to 2020), range between 24 and 27 ◦C, as shown in
Figure 2.
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Figure 2. Climatology of the municipality of Rio Tinto.

The crop irrigation is done using a subsurface drip irrigation system, in which water
is applied directly to the root zone of the plants via hoses buried 20 cm below the surface,
with a flow rate of 0.6 L/h. Irrigation was performed daily, reaching a cumulative monthly
application of 80 mm, with a set duration and scheduled time, usually after 16:00 PM.

Aerial thermal images were collected using the DJI Mavic 2 Enterprise Advanced,
equipped with a thermal camera (spectral channel 8–14 µm) with a 640 × 512 sensor
resolution. Multispectral images were collected using the DJI Phantom 4 equipped with a
six-camera array, including one RGB and five monochromatic sensors (Blue, Green, Red,
Red Edge, and Near-Infrared), each with a 1.2 MP (1600 × 1300 pixels) resolution. The
image acquisition campaign (Table 1) followed a bi-monthly frequency, which was the
highest possible cadence given the logistical and funding parameters of the study. Flight
times were primarily centered around midday to mitigate the impact of shadows on the
multispectral data, although slight variations occurred due to the time of arrival at the
experimental site and field staff scheduling. The meteorological conditions during the
flights were stable, with little variability in the air temperature and relative humidity, no
precipitation, and high solar radiation (Table 1).

Table 1. Weather conditions during UAV imaging.

Date/Time UTC-3 Air Temperature
(◦C)

Air Relative
Humidity (%)

Precipitation
(mm)

Net Radiation
(W/m2)

Shortwave
Radiation

(W/m2)

11 October 2022 12:00 28.4 52.8 0.0 413.8 749.3

4 November 2022 12:00 28.6 57.1 0.0 386.8 731.4

16 November 2022 09:00 27.6 61.3 0.0 461.7 772.7

25 November 2022 08:30 27.9 62 0.0 367.7 710.5

22 December 2022 14:30 28.5 57.8 0.0 355.1 523.2

24 March 2023 10:30 27.3 72.1 0.0 380.2 551.1

28 April 2023 15:00 30.2 52.5 0.0 346.1 519.8

26 May 2023 13:00 30.1 52.0 0.0 616.7 900

21 July 2023 12:30 29 63.7 0.0 568.9 840

18 August 2023 08:30 24.6 79.3 0.0 307.5 665.2
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The flight was conducted at an altitude of 80 m above ground to balance operational
feasibility and thermal resolution. Combined with a lateral and frontal overlap rate of
70% and 80%, respectively, such a configuration provided sufficient spatial coverage and
radiometric precision for comparative temperature analysis across the study area. Ad-
ditionally, three ground control points (GCP, Figure 1) were defined and georeferenced
using a high-precision Global Navigation Satellite System receiver in real-time kinematic
(RTK) mode. These points were placed on the ground to appear in visible locations in the
photographs, thereby facilitating their identification during image processing [32].

2.2. Field Data Acquisition and Analysis of Thermal Images

We used an ST-620 handheld pyrometer (Incoterm, Porto Alegre, Brazil) to support
thermal calibration. We used at least three ground control points, as suggested by [33] and
the Pix4DMapper software (version 4.9.0), to process the thermal and multispectral images.
The number of points was determined based on the observed high linearity of the thermal
sensor response (see Results section), enabling a reliable radiometric correction even with
a streamlined sampling design. To improve the accuracy of the results, we performed
geometric correction of the images, including both image alignment and correction of
geometric distortions. The output of this stage is an orthomosaic of digital numbers (DN)
representing the radiometric surface temperature.

Thermal radiometric temperature, represented by the DN, was converted to surface
temperature using calibration equations, obtained by least-squares regression between
pixel values and surface temperature measured in situ. Subsequently, these measurements
were compared with the UAV-based surface temperature (Ts) provided by DJI Thermal
Analysis software, version 2.1.

The following data are required to retrieve Ts: surface emissivity (0.95), air temperature,
and the camera’s flight height (distance from the ground), all at the time of image capture.
Emissivity corrects the apparent temperature displayed by the camera. Atmospheric
compensation, which distorts the radiation between the camera and the object, is performed
using air temperature and flight altitude [34].

2.3. Ground-Truth Data

Ground-based meteorological data, from the flux tower (Figure 1) and shown in
Table 1, were used to validate the UAV-based ET estimates. Energy balance components
were measured at 30 min intervals, including Rn with an NR-Lite Net Radiometer (Kipp &
Zonen, Delft, The Netherlands) and G with two Hukseflux HFP01 (Hukx Sensor Technology,
Delf, The Netherlands) heat flux sensors (row spacing and inter-row spacing) at a depth of
5 cm. Soil temperature (107 probe, Campbell Scientific, Logan, UT, USA) and soil moisture
(Campbell Scientific CS616) sensors were applied to correct the heat flux measurements
to surface heat flux. Sensible heat flux (H) was calculated using the eddy-covariance
method. The collection and storage of data measurements was conducted using a CR1000X
Campbell Scientific datalogger.

H = ρ × cρ × w × Tso (1)

where ρ is the air density ( kg
m3 ), cρ is the specific heat of air ( J

kg×K ), w is the mean vertical
wind speed (m/s) and Tso is the mean sonic temperature (K) [35]. Tso and w were deter-
mined using a Young Model 81000 sonic anemometer (R. M. Young Company, Traverse
City, MI, USA). The sonic anemometer was programmed to record data at 10 Hz, storing the
averages obtained for each variable every half hour. The measurement period spans from
1 October 2022 to 31 August 2023. Tower-based ET was, then, computed as the residual of
the energy balance: λET = Rn − G − H, where λ is the latent heat of vaporization of water.
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The QWater model was employed to map Rn and G across the entire area, based on
UAV surface temperature maps. QWaterModel estimates ET based on the DATTUTDUT
(Deriving Atmosphere Turbulent Transport Useful To Dummies Using Temperature) energy-
balance model, using surface temperature maps as inputs and the image acquisition time
in UTC [36].

To improve result accuracy, the plugin provides several additional options: minimum
and maximum air temperatures, in Kelvin (K); shortwave and net radiation (W/m2); and
heat flux (W/m2). The values for atmospheric transmissivity and emissivity are pre-filled
and were obtained from [37]. These values can be modified depending on local conditions.
Other optional but recommended parameters are latitude, longitude, and altitude. Finally,
the user must specify the time period for calculating ET and, optionally, the instantaneous
air temperature (K) at the moment the thermal image was taken [36].

As a result, the plugin generates a raster image in .tiff format with six bands:

• Band 1: Net radiation Rn (W/m2);
• Band 2: Latent heat flux LE (W/m2);
• Band 3: Sensible heat flux H (W/m2);
• Band 4: Soil heat flux G (W/m2);
• Band 5: Evaporative fraction EF (%);
• Band 6: Evapotranspiration ET (kg/time period).

Details of the input raster and statistical output results are stored in a .csv file [36].
According to [36], the QWater plugin is based on the energy balance model described

by [37]. To compute Rn, the QWater applies Equation (2):

Rn = (1 − α)× R↓
S + ε0 × εa × σ × T4

a − ε0 × σ × T4
0 (2)

where α is the surface albedo, ε0 is the surface emissivity, εa is the atmospheric emissivity,
σ is the Stefan–Boltzmann constant (5.6697 × 10−8 W

m2×K4 ), T0 is the surface temperature,
and Ta is the air temperature. The G is estimated as a fraction of the net radiation. The α

value depends on T0 and the minimum (Tmin) and maximum (Tmax) surface temperatures
of the thermal image and is calculated as follows:

α = 0.05 + 0.02 × T0 − Tmn

Tmx − Tmn
(3)

εa, in turn, is calculated as follows:

εa = 1.08 ×
(
−ln(τ)0.265

)
(4)

where τ is the atmospheric transmissivity, which depends on the solar zenith angle ϕ (in
radians) and is mathematically defined by Equation (5):

τ =0.6 + 0.2×sen(φ) (5)

For small areas, where the incident solar angle is nearly constant, it is assumed that
τ = 0.7 and εa = 0.8. Using τ and the exoatmospheric shortwave radiation (Rs_exo), which
depends only on the Sun–Earth geometry, it is possible to calculate RS↓:

R↓
S= τ×Rs_exo (6)

The evaporative fraction (EF) quantifies the proportion of available radiation used for
ET compared to the total amount of energy available at the Earth’s surface. It is a measure
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of the efficiency with which solar energy received by the surface is converted into ET [19,38].
Mathematically, it is expressed as follows:

EF =
LE

Rn − G
=

LE
LE + H

(7)

High EF values indicate that a larger fraction of the available energy is used for
evapotranspiration, suggesting a well-irrigated surface. Low EF values indicate that a
larger fraction of the energy is used for heating the soil and atmosphere [37].

Net radiation is the most important component of the energy balance [39] and, there-
fore, carries more weight compared to the other components. Thus, we compared the Rn
measured at the tower and the Rn estimated by the plugin within the field of view of the
net radiometer, installed 5.85 m above ground with a half-angle of 75◦. The field of view
is circular, and using right triangle metric relations, a radius of r = 21.83 m was found
(Figure 3). A shapefile from this area was generated to crop the sensor area for further
comparisons and validations.

 

Figure 3. Net radiation sensor influence area, highlighted in orange.

Net radiation (Rn) and ground heat flux (G) maps for the crop area in days without
flight were estimated using the flight-day map and flux tower data as references. In
accordance with the recommendations and research results [40,41], the extrapolation was
applied as follows: flight map × (Rn or G at flight time)/(Rn or G at the same time on the
following day). This procedure allows the flight-day net radiation maps to be adjusted for
temporal variations observed by the tower while maintaining the spatial coherence of the
flight maps.

2.4. Priestley–Taylor Jet Propulsion Laboratory Model (PT-JPL) and Model Validation

PT-JPL is an evapotranspiration (ET) estimation model developed using vegetation
indices derived from remote sensing data and meteorological data. The model employs
the Priestley–Taylor (PT) algorithm, which quantifies ET based on potential evapotranspi-
ration (PET) via latent heat flux [42]. The model requires five inputs: net radiation (Rn),
Normalized Difference Vegetation Index (NDVI), Soil Adjusted Vegetation Index (SAVI),
maximum air temperature, and vapor pressure [43].
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Actual ET in the PT-JPL model is the sum of canopy transpiration (ETc), soil evapora-
tion (ETs), and canopy interception evaporation (ETi), thus:

ET = ETc + ETs + ETi (8)

The model predictive skill was assessed based on the analysis of scatter plots of
measured versus modeled variables (Rn and ET), as well as through common metrics:
coefficient of determination (R2), mean squared error (MSE) and percent bias (PBIAS).

3. Results
3.1. Temperature Calibration Graphs and Thermal Maps

By cross-referencing pixel data from thermal images in DJI Thermal Analysis with
corresponding pixels in processed orthomosaics, it was possible to obtain the conversion
equations for Ts values with their respective scatter plots (Figure 4).

Figure 4. Relationship between digital number and surface temperature (◦C).
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The variations observed in the linear regression parameters (slope ranging from ~0.05
to ~0.14 and intercept from ~25 to ~30) are attributed to the dynamic nature of thermal
remote sensing. The relationship between surface temperature and DN is influenced by
atmospheric attenuation, air relative humidity and cloud cover. By applying flight-specific
equations, we seek to compensate for these radiometric inconsistencies and achieve high
precision in temperature estimation regardless of the specific environmental conditions at
the time of overflight.

The thermal maps in Figure 5 and Figure S1 (Supplementary Materials) show that
during the early stages of sugarcane cultivation, the surface temperature is much higher
between the rows because they are directly exposed to sunlight. In more advanced stages,
the surface temperature across the crop becomes relatively uniform.

 
Figure 5. Surface temperature maps (◦C).

3.2. Meteorological Conditions and Modeling with QWater Model

To evaluate the relationship between evapotranspiration and precipitation over the
study period, Figure 6 presents the tower-based daily evapotranspiration (solid line)
and precipitation (blue bars), allowing a clear visualization of the seasonal variations
in these variables.
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Figure 6. Evapotranspiration and precipitation (mm) at sugar cane field, 2022/2023 season, Rio Tinto,
Paraíba, Brazil.

During the period from 1 October 2022 to 31 August 2023, 23 days had data gaps
(15 of them in May 2023). The average tower-based daily evapotranspiration (ET) was
2.68 mm/day, considering only days without missing data, while the partial evapotran-
spiration, considering all times, was 883.4 mm. The highest daily totals occurred on
26 February 2023 (4.54 mm); 20 January 2023 (4.39 mm); and 25 January 2023 (4.22 mm).
At the beginning of the sugarcane cycle and on dates with significant rainfall events, ET
values were lower.

The accumulated precipitation during the period was 1520 mm, with a total of 175 days
recording rainfall (p > 0 mm). The highest daily precipitation occurred on 9 June 2023, with
145.8 mm, followed by 7 July 2023 (96 mm), and 20 August 2023 (82 mm). June 2023 was
the rainiest month, with 465.6 mm of rainfall, while the observed ET was 72.1 mm.

In contrast, November 2022 recorded no precipitation in the area, and the partial
monthly ET (one day of missing data) was 68.3 mm. January 2023 had the highest ET, with
105.1 mm, and precipitation of 73.4 mm.

Figure 7 illustrates the main components of the surface energy balance, Rn, G, H, and
LE. Net radiation represents the primary source of available energy in the system, which is
mainly partitioned between LE and H; ground heat flux is negligible during most of the
analyzed period.

Figure 7. Components of energy balance over time.
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The G/Rn ratio generally remained within the expected range, fluctuating between
−1 and 1 throughout the study period (Figure 8).

Figure 8. G/Rn ratio over time.

The predictive skill of QWaterModel in estimating Rn and G (Figures S2–S4 in
Supplementary Materials) from surface temperature was assessed by comparing its esti-
mates with tower-based data. The scatter plots in Figures 9 and 10 show a strong correlation
between the model-estimated 30 min Rn and G and the tower-based data.

Figure 9. Comparison between estimated (QWater) and observed (tower-based) net radiation (Rn).
The red solid line shows the fitted linear regression, and the green dashed line represents the
1:1 relationship.

The maximum difference (207 W/m2) (Figure 9) between the modeled and observed
Rn occurred on 17 November 2022, whereas the minimum difference (1 W/m2) was
found on 24 March 2023. The calculated root mean square error (RMSE) was 89.11 W/m2.
Regarding G, the largest difference occurred on 12 October 2022 (22.63 W/m2), and the
smallest on 18 August 2023 (0.0025 W/m2), with an RMSE of only 8.03 W/m2.
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Figure 10. Comparison between estimated (QWater) and observed (tower-based) ground heat flux
(G). The red solid line shows the fitted linear regression, and the green dashed line represents the
1:1 relationship.

Despite the accurate Rn and G estimates and good correlation between observed and
modeled ET, QWater consistently overestimated 30 min ET (Figure 11). In the same figure,
the PT-JPL model estimates can be compared with the flux tower values.

Figure 11. Comparison between tower-based ET and ET estimated by QWater-based (blue) and
PT-JPL (orange). The fitted linear regressions for each model are shown as solid lines (blue for QWater
and orange for PT-JPL), while the green dashed line represents the 1:1 relationship.

3.3. ET Partioning (PT-JPL)

Figures 12–15 shows ET modeled by PT-JPL, as well as the total half-hourly evapotran-
spiration on four analyzed dates, for each ET component: soil evaporation (ETs), canopy
transpiration (ETc), and canopy interception (ETi). Ei was considered only for dates in
which precipitation occurred in the previous 24 h and, therefore, disregarded for most dates.
The Supplementary Materials list the orthomosaics in the remaining data (Figures S12–S36).
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Figure 12. Spatial distribution of ET on 11 October 2022 (mm/30 min).

Figure 13. Spatial distribution of ET on 22 December 2022 (mm/30 min).

Figure 14. Spatial distribution of ET on 28 April 2023 (mm/30 min).
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Figure 15. Spatial distribution of ET on 18 August 2023 (mm/30 min).

4. Discussion
Throughout the seasonal cycle of sugarcane cultivation (Figure 7), the components of

the surface energy balance vary significantly depending on the plant’s phenological stage.
In the early stages of the sugarcane crop cycle, when vegetation cover is scarce, most of
the net radiation reaches the soil surface, and the areas between planting rows exhibit a
significantly higher surface temperature compared to the rest of the area. This scenario
leads to a greater heat flux in the soil (G) and a higher proportion of energy converted into
sensible heat (H) due to low evapotranspiration rates. This suggests that the microclimate
is primarily driven by the physical properties of the soil, and not by plant physiological
factors, making the crop more vulnerable to water loss due to heat.

During the first weeks after harvest (mid-September 2022), energy is primarily utilized
for heating the air, as indicated by the relatively high H values in October 2022. Most of
the available energy is converted into H due to the reduced leaf area and low transpiration
rates characteristic of the initial growth stage. From November onwards, as the canopy
develops, a shift in energy partitioning occurs: H gradually decreases while LE becomes
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the dominant flux. This inversion reflects the plant’s intensified physiological activity and
the shift of the energy balance toward evapotranspiration.

Furthermore, higher G/Rn values can be observed because most of the net radiation
is directed towards heating the soil. These values reflect the high thermal instability of the
soil surface. This increase in G can lead to scenarios such as accelerated decomposition of
organic matter and/or affect the germination/production rate. Therefore, the heteroge-
neous temperature values found from 26 May onwards may reflect these adverse scenarios
and be related to growth or irrigation failures, or the occurrence of pests or diseases.

As the crop progresses and the sugarcane grows, forming a denser vegetation cover,
the vegetation cover becomes more uniform, reducing the soil’s exposure to direct solar
radiation. Consequently, this leads to a more homogeneous surface temperature across
the cultivated area. As there is an increase in radiation interception by the foliage, there
is a reduction in heat flux in the soil, which promotes energy dissipation through latent
heat (LE), associated with evapotranspiration. Consequently, a reduction in sensible heat
is observed. The change caused by plant growth indicates the transition of the relevant
components in the balance, previously dominated by soil evaporation and now dominated
by plant transpiration. This indicates that the crop is moving toward a stage of maximum
water use efficiency, in which energy is used for development rather than just heating the
soil and surrounding air. In this scenario, the G/Rn ratio decreases, reaching minimum
values in fully developed crops, which can be explained by the low incidence of radiation
in the soil. After harvest or during senescence, the G/Rn ratio increases again.

It should be noted that, in addition to varying throughout the crop growth cycle, the
G/Rn ratio also varies throughout the day. On a typical day, the G/Rn ratio is relatively
low in the early morning, rises to temporary peaks during the period of maximum solar
radiation, usually between 10 a.m. and 2 p.m., and decreases in the afternoon as soil
temperature stabilizes and available energy is predominantly used for evapotranspiration.

The differences shown in Figure 9 can be influenced by several factors, mainly cloud
cover and diffuse radiation. In the short term, cloud cover can change rapidly, consequently
affecting the amount of direct and diffuse solar radiation reaching the surface, with an
increase in diffuse radiation. The flux tower measures radiation every 10 s and calculates
an average every half hour, capturing short-term variations that may not be reflected
in the radiation balance estimated by the QWaterModel. This difference highlights the
QWaterModel’s sensitivity to radiation. This suggests that the model may present more
suitable values on clear days; however, under conditions such as high humidity or cloudy
skies, it may present discrepant values for LE flux, which is the main critical factor for
irrigation management in semi-arid regions.

As defined by the developer, the QWaterModel estimates the radiation balance under
clear-sky conditions, ignoring cloud-induced variations [36]. Rn is driven by the balance
between incoming shortwave radiation, surface reflectance, and longwave radiation ex-
change between the surface and the atmosphere [44]. In addition, G is affected not only
by radiation and surface temperature, but also by the temperature and thermal properties
throughout the soil profile [45]. Although G accounts for only a small fraction of the surface
energy balance relative to other components, it provides a right indication of the direction
and magnitude of energy transfer between the soil and the atmosphere, making it a vital
component of the surface energy balance and essential for understanding soil–atmosphere
interactions. Its accurate measurement contributes significantly to the closure of the energy
balance [46].

The temporal scaling of net radiation was performed using the ratio between flux
measurements taken during the flight times and at the same time on the days without
flight. This approach implicitly assumes that the spatial pattern of net radiation measured
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by UAVs remains unchanged throughout the day, with only its magnitude varying over
time. This assumption is generally valid under quasi-stationary atmospheric conditions,
typically associated with clear skies and low spatial variability in cloud cover.

However, under more dynamic conditions, this assumption may be violated. Moving
clouds can introduce spatially heterogeneous shading, altering the spatial distribution of
net radiation. When conducting aerial surveys, it is imperative to acknowledge that data
collection is not an instantaneous process. The flight over the area of interest necessitates a
certain amount of time during which cloud conditions may change.

In scenarios characterized by clear skies or slowly varying cloud cover, the relationship
between the fluxes measured at the tower and those observed during flight acquisitions
tends to remain more consistent, enabling a more reliable temporal scaling. However, the
presence of cloud cover at the research site is a notable variable, given its proximity to
the coast. By applying the ratio of Rn or G during flight to the corresponding ratio at a
time when no flight is occurring, it is possible to incorporate the prevailing atmospheric
and ground conditions into this correction. It is possible to satisfactorily complete the ET
series in agricultural settings by applying extrapolations based solely on global radiation
data [41]. Using Rn as the reference variable, the results of the extrapolation from ET are
accurate; therefore, the applicability of the method depends on the temporal proximity
between measurements [40].

The DATTUTDUT model, the original model from which QWaterModel is based,
performed well when validated against eddy covariance measurements over grasslands in
Germany [47]. It also showed good results in two studies conducted in oil palm plantations
in Sumatra, Indonesia [36,48]. However, these findings contrast with those of [49], who
observed low agreement with field measurements in an area cultivated with maize and
fennel in southern Italy [49].

Figure 11 shows the comparison between evapotranspiration calculated by the energy
balance method and that estimated by QWaterModel. For ET, the RMSE of 0.08 mm/30 min
indicates good performance in terms of mean error, although the lower R2 (0.72) suggests
the model has a reduced ability to capture data variability compared to radiation. These
results suggest that the model is better adjusted for radiation, whereas for ET, it maintains
mean values close to observed values but explains less variability.

According to [50], the PT-JPL model assumes that Ei occurs when relative humidity
(RH) reaches 70%, which is not always true, as even high RH does not necessarily result
in precipitation or dew formation. Another factor contributing to a null or negligible Ei is
the absence of significant rainfall, resulting in a lack of intercepted water on the canopy
surface. Reference [51] highlights that two other factors affecting Ei in cultivated areas
are irrigation intensity and crop density. According to the authors, an increase in ETc is
generally accompanied by a reduction in ETi.

The mechanisms governing the individual components of evapotranspiration in the
PT-JPL model operate at different spatial and temporal scales [52]. In the early stages of
the crop growth cycle, soil evaporation is the primary contributor to ET, influenced by
atmospheric evaporative demand and soil moisture [53]. Plant transpiration and canopy
interception are relatively low at this stage, as both biomass and leaf area are small. Leaf
Area Index (LAI), a key parameter describing vegetation characteristics, is a major factor
affecting ET partitioning, as LAI increases, canopy transpiration rises and soil evaporation
decreases [42].

The results presented in Figure 11 indicate that the simulated values oscillate closely
around the observations, which, associated with the low PBIAS (absence of systematic bias),
suggests that the model provides a consistent and reliable estimation of evapotranspiration
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over the analyzed timeframe. This value is lower than that reported by [54], who reported
R2 = 0.70 and R2 = 0.62 at two different locations.

The PT-JPL model underestimated evapotranspiration, with the underestimation more
pronounced when shortwave radiation in the QWaterModel was higher. The underesti-
mation on days with high shortwave radiation is attributable to a combination of model
simplifications and the actual responses of vegetation and soil, which can be more sensitive
to radiation than the PT-JPL model predicts.

Overall, the results demonstrate that the PT-JPL model, driven by ultra-high spatial
resolution imagery acquired via UAV, can capture the main patterns of evapotranspira-
tion in sugarcane fields and provide reliable estimates under varying meteorological and
phenological conditions. Although some underestimation was observed under high short-
wave radiation, the model maintained satisfactory accuracy and consistency relative to
flux tower data. These findings reinforce the potential of PT-JPL for operational appli-
cations in large-scale or data-limited agricultural monitoring, particularly when coupled
with other remote-sensing approaches, such as the QWaterModel. Nevertheless, further
improvements—especially in the representation of irrigation, canopy structure, and soil
moisture variability—are necessary to enhance its predictive performance and to ensure
better applicability across different climatic and management conditions.

Monitoring and measuring terrestrial evaporation are essential for several fields. This
topic has been a constant focus of research over recent decades, driven by unresolved
issues. Advances in observational techniques and our understanding of ET dynamics
offer new opportunities for deeper comprehension and a more accurate description of
the processes involved in the ET phenomenon [30]. Accurate detection of the spatial and
temporal variations in ET is crucial for understanding the water cycle and surface energy
balance, especially in the context of climate change [29].

In addition to climate-related uncertainties, several other issues remain unresolved
in the study of terrestrial evaporation and evapotranspiration. These include the repre-
sentation of irrigation and agricultural practices in models, as well as the influence of
spatial heterogeneity in soil, vegetation, and topography. Furthermore, challenges persist
in capturing the interactions between radiation, soil moisture, and vegetation response
under water stress, as well as in reconciling ground-based and satellite-derived ET esti-
mates across spatial and temporal scales. Addressing these knowledge gaps is essential
for improving the accuracy and transferability of ET models under diverse climatic and
land-use conditions.

However, some limitations remain. The PT-JPL model does not fully account for
irrigation practices or for detailed canopy structural variations, both of which can influence
ET estimates. Additionally, factors such as cloud dynamics, atmospheric variability, and
soil heterogeneity may introduce uncertainties into the models. Future research should
focus on incorporating irrigation parameters, improving the representation of vegetation
structure, and integrating soil moisture dynamics to refine ET predictions.

Overall, this study highlights the viability of combining UAV-derived data with
physically based modeling approaches for accurate, spatially explicit estimation of evap-
otranspiration. Such advances significantly improve irrigation management, optimize
water resource use, and promote sustainable agricultural practices in tropical and semi-
arid environments.

5. Conclusions
Radiometric temperature calibration proved effective in improving the accuracy of

surface temperature estimation. The use of micrometeorological data was essential for
estimating ET. Accurate ET estimation is crucial, as it enables the optimization of water
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resource use, improves agricultural management efficiency, and increases crop productivity.
The installation of additional flux towers, similar to rainfall monitoring networks, could
provide Supplementary Data.

The calibration of radiometric temperature and the validation of models highlight the
importance of an integrated approach to evapotranspiration estimation, with potential to
enhance water resource management and agricultural productivity. Understanding and
accurately estimating evapotranspiration enables the optimization of water resource use,
improves agricultural management efficiency, and increases crop productivity. Given the
growing importance of sustainable agriculture, the ability to measure and monitor evapo-
transpiration is increasingly relevant to food security and natural resources conservation.

The integration of UAV-based thermal and multispectral imagery with evapotranspi-
ration models proved effective for estimating and mapping ET in sugarcane cultivation
areas in Northeast Brazil. The results demonstrated strong agreement between modeled
and observed data, with both the QWaterModel and PT-JPL performing consistently under
tropical agricultural conditions. The QWaterModel provided accurate estimates of surface
energy fluxes, especially for net radiation and soil heat flux, while the PT-JPL model ef-
fectively captured the spatial distribution and temporal dynamics of ET, despite a slight
tendency to underestimate values under high shortwave radiation.

The study reinforces the potential of using UAVs as complementary tools for field-
based ET monitoring, providing high-resolution data that enhance the spatial representation
of surface energy balance components. The ability to integrate these datasets with free
or open-source models such as PT-JPL and QWaterModel offers a promising pathway for
operational water management, particularly in regions with limited access to satellite data
or frequent cloud cover.
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