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A B S T R A C T   

Irrigated agriculture requires the implementation of innovative tools to improve irrigation water management 
and accurate estimation of actual evapotranspiration (ETa) such as remote sensing-based methodology. This 
study aimed to evaluate the irrigation management and estimating evapotranspiration through the geeSEBAL, a 
new tool for automated estimation of ETa based on the Surface Energy Balance Algorithm for Land (SEBAL) and a 
simplified version of the Calibration using Inverse Modeling at Extreme Conditions (CIMEC) process for the 
endmembers selection, implemented into the Google Earth Engine (GEE) environment. GeeSEBAL has not been 
used yet in Brazil for irrigation proposes, and in this research, it was applied to estimate ETa using Landsat 
images and ERA5-Land as meteorological inputs in the largest sugarcane producing region of the world in Brazil 
for two ratoon seasons by comparing daily ETa with values obtained from eddy covariance (EC) data, Energy 
balance components using geeSEBAL were consistent with the measured data and daily ETa presenting RMSE of 
0.46 mm with R2 = 0.97. Modeled ETa and Kc were similar for the two seasons, although somewhat over
estimated for the fifth ratoon when compared to the EC data, mainly during high atmospheric demand (crop mid- 
stage). Still, the Kc values were similar to the standard values available in the literature and measured flux tower 
data for the two ratoons seasons. With ETa from geeSEBAL it was possible to identify water stress over the 
growing seasons using the remote sensing-based soil water balance, which occurred mainly during the phase 
after the crop reached the peak Kc (full cover stage) when the irrigation depth required was very high. This 
analysis showed that geeSEBAL has a significant potential for assessment of ETa for irrigation monitoring and 
management, even in missing climate data areas, allowing important advances in water resources management 
for sugarcane and other irrigated crops at field or regional scales.   

1. Introduction 

Rapid population growth has increasingly raised concerns in the 
global community about the role of agricultural production on the high 
demand for food and its impact on ecosystem sustainability. According 
to PRB - Population Reference Bureau (2020), the global population will 
reach almost 10 billion people in 2050, and food production is expected 
to increase by 35–56% to meet the demand (Dijk et al., 2021). Tropical 
climate countries with an extensive territorial area such as Brazil are 
well known as important global food producers and exporters, serving as 

a key supplier of food and other commodities such as fiber and biofuels. 
However, even in large countries, agricultural lands are limited, and 
water resources are increasingly scarce due to climate extremes. 

Although Brazil is the world’s largest sugarcane producer with an 
estimated production of more than 650 million tons in 8.6 million 
hectares, most sugarcane fields are under rainfed conditions, and the 
average yield is around 69 Mg ha− 1 (CONAB, 2021). To overcome low 
yields and increase efficiency in land use to boost food security, irriga
tion practices have been adopted and the expansion rate of irrigation has 
grown in the country. 
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For irrigation management, satellite images provide an excellent 
means for determining and mapping the spatial and temporal ETa, 
having great potential for improving irrigation management, by 
providing ETa estimations for large land surface areas using a minimal 
amount of ground data. Some recent studies have used remote sensing 
(RS) models successfully to monitor and improve irrigation management 
worldwide (Campos et al., 2016; Campos et al., 2018; Venancio et al., 
2019; Foster et al., 2019). 

The choice of an ETa model depends on several factors, including the 
type of application, spatial and temporal resolutions, meteorological 
inputs, and the expected model advantages and limitations (Zhang et al., 
2016). RS-based methodologies for estimating ETa can be separated into 
two main groups: (1) vegetation indexes-based models, where ETa is 
estimated based on the basal crop coefficient as a function of the spectral 
reflectance values (Neale et al., 1989) derived from vegetation indexes 
such as Land Surface Evapotranspiration (MOD16) (Mu et al., 2011), 
and (2) land surface temperature-based models, based on the energy 
balance approach; these models can be one source when ETa is esti
mated for soil and vegetation together as a single layer such as the 
well-known SEBAL (Bastiaanssen et al., 1998a) and METRIC (Allen et. 
al, 2007), and two sources when ET is estimated for soil and vegetation 
individually such as the Two Source Energy Balance (TSEB) (Norman 
et al., 1995), and ALEX-DisALEX model (Anderson et. al, 1997, Meci
kalski et. al, 1999; Norman et al., 2003). Yet, these models use orbital 
imagery and ground-based meteorological data, and depending on the 
model, can also use field data to estimate the components of the energy 
balance (latent and sensible heat, and soil heat flux) and ETa. 

Among several surface temperature (Ts)-based models, SEBAL 
computes ETa from satellite images and weather data using the surface 
energy balance and has been successfully applied worldwide across 
different climates and land cover conditions for water resources man
agement presenting accurate results (Bastiaanssen et al., 2005; Bhattarai 
et al., 2012; Ruhoff et al., 2012; Tang et al., 2013; Wagle et al., 2017; 
Yang et al., 2012). The main component of the algorithm is the internal 
process to estimate the near-surface temperature gradient (dT), which is 
based on the selection of endmembers that represent the extremes of the 
wet (cold) and dry (hot) ETa spectrum (Allen et al., 2007; Bastiaanssen 
et al., 1998a). While this was manually performed in early applications, 
an algorithm based on surface temperature and normalized deviation 
vegetation index (NDVI) percentiles using the Calibration Inverse 
Modeling at Extreme Conditions (CIMEC) has allowed the automatic 
selection of endmember candidates pixels (Allen et al., 2013). This al
gorithm enabled the use of multiple images within a fully automated 
ETa framework, improving and facilitating the assessment of time series 
based on RS images (Bhattarai et al., 2017; Jaafar and Ahmad, 2019). 
Considering the importance of estimating ET worldwide for water re
sources management, even in isolated areas where ground data is not 
available such as automatic weather station to provide meteorological 
data, this might be a critical aspect that can be overcome using an 
open-source SEBAL framework implemented within the Google Earth 
Engine (GEE) through application programming interface (API), named 
geeSEBAL (Laipelt et al., 2021). 

Reflecting the importance of accurate ETa estimates for irrigation 
monitoring and management through remote sensing, even in areas 
where meteorological data is scarce, the main goals of this study was to 
use an open-source SEBAL framework implemented into Google Earth 
Engine (GEE - https://earthengine.google.com/) through API, known as 
geeSEBAL, to estimate temporal and spatial ETa, RS-crop development, 
crop coefficient (Kc), and RS-based soil water balance (RS-SWB) over 
two sugarcane growing seasons (two years) grown in the northwest state 
of São Paulo, Brazil using current Landsat 8 (OLI) and Landsat 7 (ETM+) 
images, and the state-of-the-art meteorological reanalysis from ERA5- 
Land. This approach has not been used in Brazil yet for irrigation pro
poses in sugarcane, and could be a great initiative to encourage the 
researcher community to use remote sensing technique with only orbital 
data without using meteorological inputs from terrestrial data to 

estimate the energy balance components and ET collaborating with the 
advance in monitoring the crop water management. Additionally, an 
evaluation of the performance results of the estimated energy balance 
(EB) components and ETa using geeSEBAL against field data obtained 
from the turbulent flux data (Eddy Covariance) was conducted. 

2. Material and methods 

2.1. Study site 

This research was carried out in a commercial field of 24 ha in the 
western state of São Paulo (latitude 20◦43’43.6′′ S, longitude 
51º16’30.3′′ O), 360 m above sea level (Fig. 1), grown with sugarcane for 
two ratoon seasons, fourth and fifth harvesting seasons, respectively 
(June 2016 to June 2018), with the variety RB96–6928. The research 
site is located in the largest sugarcane producing region in the world, 
representing more than 90% of all Brazilian production (CONAB, 2021). 

According to the Koppen classification (Peel et al., 2007), the climate 
of the region is defined as tropical type (Aw) with dry winter and rainy 
summer, with average annual precipitation of 1.242 mm, average 
annual reference evapotranspiration of 1536 mm, average solar radia
tion of 17 MJ m− 2 day− 1, average air temperature of 23º C, and average 
relative humidity of 62% (UNESP, 2019). The soil is classified as Typical 
Dystrophic Red Latosol (Santos et al., 2018), deep with sandy loam 
texture, more details about the soil’s physical characteristics are in Bispo 
et al. (2022) and Table 1. 

The meteorological data used were collected from the automated 
weather station (Northwestern São Paulo Network - http://clima.feis. 
unesp.br) near the study site, and used to estimate the reference 
evapotranspiration (ETo) based on the FAO-Penman-Monteith method 
(Allen et al., 1998). 

Planting was done in September 2013 (first harvest) with single rows 
spaced at 0.9 m apart and 1.5 m between double rows. The crop was 
irrigated using a subsurface drip irrigation system with the drip tapes 
buried at 0.40 m depth, supplying a flow rate of 1 L hour− 1 per dripper 
spaced 0.6 m apart. 

2.2. Google earth engine application: the geeSEBAL algorithm 

SEBAL estimates ETa based on thermal and multispectral remote 
sensing datasets that calculate latent heat flux (LE) as a residual by 
subtracting the soil heat flux and sensible heat flux from the net radia
tion (Rn) of the instantaneous surface energy balance equation (Eq. (1)). 
LE is the energy used to convert liquid water into water vapor, i.e., 
evapotranspiration. More details about SEBAL model formulation and 
calibration are well documented in Laipelt et al. (2021), Bastiaanssen 
et al. (1998a) and Bastiaanssen et al. (1998b). 

LE = Rn − G − H (1)  

where LE is the latent heat flux (W/m2); Rn is the net radiation; G: is the 
soil heat flux (W/m2); H is the sensible heat flux (W/m2). 

∧ =
LE

Rn − G
(2)  

Where ∧ is the evaporative fraction; LE is the latent heat flux (W/m2); Rn 
is the net radiation (W/m2); G is the soil heat flux (W/m2). 

To estimate G, we used a calibrated equation a function locally fitted 
from NDVI and albedo (Eq. (3)). 

G
Rn

= Ts(0.015 α)(1 − 0.8 NDVI1/3 ) (3)  

Where G is the soil heat flux (W/m2); Rn is the net radiation (W/m2); Ts 
is the surface temperature (ºC); α is the albedo; NDVI is the normalized 
difference vegetation index. 

The evaporative fraction (Λ) (Eq. (2)) is computed by upscaling 
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instantaneous LE to daily ETa (i.e., ETa24 h) (Eq. (4)). 

ETa24h =
∧Rn24h

λ
(4)  

Where ETa24 h is the daily evapotranspiration (mm); Rn24 h is the daily 
average net radiation (W/m2); ∧ is the evaporative fraction; λ is the 
latent heat of vaporization of water (J/Kg). 

The SEBAL algorithm was implemented into GEE (geeSEBAL - 
version 0.1.217) using the JavaScript and Python APIs (Laipelt et al., 
2021). GEE provides the entire Landsat collection and hourly 
ERA5-Land data, allowing geeSEBAL processing to be applied in 
different regions of the globe with high-performance computing, even in 
regions where ground meteorological data is totally limited. The 
geeSEBAL tool has three main functions: Image: estimation of ETa from 
a specific image (available for JavaScript and Python); ImageCollection: 
batch process to estimate ETa given a date period (exclusive for Python); 
TimeSeries: estimation of ETa time series over long-term periods at 
user-provided coordinates (exclusive for Python). All codes and appli
cations are freely available at https://github.com/et-brasil/geesebal. A 
graphical user interface version of geeSEBAL also is available through an 
Earth Engine application (https://etbrasil.org/geesebal) and for more 
detail about the geeSEBAL tool, we suggest Laipelt et al. (2021) and 
Kayser et al. (2022). A flow chart of geeSEBAL showing the step-by-step 

processing to estimate daily ET and validation is presented in Fig. 2. 
Input image data used to run geeSEBAL was the atmospherically 

corrected land surface reflectance and brightness temperature image 
collection from Landsat 8 Operational Land Imager (OLI)/Thermal 
Infrared Sensor (TIRS) and Landsat 7 Enhanced Thematic Mapper Plus 
(ETM+), Path/Row 222/74 and 223/74 with cloud-free images from 
June 2016 to June 2018, with the highest data quality available (Tier 1). 
A total of 77 images were used. Cloud cover filters from the CFMask 
algorithm (Foga et al., 2017) were used to identify clouds and shadows 
pixels for each image. For global instantaneous meteorological inputs, 
we used data from the ERA5-Land reanalysis dataset (Hersbach et al., 
2020; Munoz-Sabater et al., 2021) at the hourly temporal resolution, 
including air temperature at 2 m (Tair), dew point temperature (Tdew) 
and eastward and northward wind speed at 2 m at the time of Landsat 
satellite overpass. Relative humidity (RH) was estimated following 
Shuttleworth (2012). 

Land surface temperature (LST) was adjusted to a common elevation 
datum (Tsdem) using digital elevation data from the Shuttle Radar 
Topography Mission (SRTM), considering an average lapse rate of 6.5◦ C 
km− 1, and slope effects also were corrected, according to Jaafar and 
Ahmad (2019). 

Time-series soil-adjusted vegetation index, known as SAVI (Vermote 
et al., 2016; Masek et al., 2006), was used according to Eq. (5) to 

Fig. 1. Location of the study site in the western State of São Paulo - Brazil (left) and sugarcane field and surroundings (right).  

Table 1 
Physical characteristics of the soil profile for each 0.20 m layer deep for the study site.  

Layer (m) Sand (%) Silt (%) Clay (%) Field capacity (m m¡1) Wilting point (m m¡1) 1BD (g cm¡3) 2TAW (mm) 

0–0.20  76.4  10.6  13.0  0.16  0.057  1.60  33.0 
0.20–0.40  75.6  8.40  16.0  0.17  0.072  1.64  32.1 
0.40–0.60  72.8  7.10  20.1  0.15  0.058  1.58  29.0 
Average  74.9  8.7  16.4  0.16  0.062  1.61  31 

1BD: bulk density; 2TAW: total available water. 
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monitor the two sugarcane ratoons’ development. SAVI is an index 
designed to mitigate changing soil background effects on analyzed im
ages if the land surface is not fully covered by vegetation, highly rec
ommended in irrigated areas. 

SAVI =
NIR + RED

NIR − RED + L
∗ (1+ L) (5)  

Where SAVI is the soil-adjusted vegetation index; NIR is the reflectance 
value of the near red band (0.845–0.885 µm; 30 m resolution); RED is 
the reflectance value of the red band (0.630–0.680 µm; 30 m resolu
tion); L is the soil cover coefficient by green vegetation, value = 0.5. 

2.3. geeSEBAL remote sensing and meteorological data 

Inputs such as atmospherically corrected land surface reflectance 
and brightness temperature image collection from Landsat 7 and 8 (Tier 
1) was used to run geeSEBAL. Also, it was implemented cloud cover 
filters from the CFMask algorithm for each image (Foga et al., 2017) to 
improve the image quality. For global meteorological inputs, we used 
data from the ERA5-Land reanalysis dataset (Hersbach et al., 2020; 
Munoz-Sabater et al., 2021) at hourly data, including air temperature at 
2 m (Tair), dew point temperature (Tdew) and eastward and northward 
wind speed at 10 m (u), at the time of Landsat satellite overpass. About 
the estimation of relative humidity (RH), we followed Shuttleworth 
(2012). ERA5-Land was selected mainly due to its global coverage and 
high spatial and temporal resolution when compared to other reanalysis 
data available in GEE. 

Additionally, we used incoming shortwave radiation data (global 
radiation), aggregated at daily time step. Furthermore, the digital 
elevation model from SRTM was also used for the Ts correction. 

2.4. Hot and cold endmembers: automated calibration 

The automated statistical algorithm to select the hot and cold end
members is based on a simplified version of the CIMEC algorithm used in 
METRIC (Allen et al., 2013), subsequently evaluated by Morton et al. 
(2013), where percentiles of LST and normalized difference vegetation 
index (NDVI) values are used to select endmember candidates. The 
CIMEC procedure is used to calibrate the dT function of Eq. (2). The 
CIMEC process is applied by inverting Eq. (6) for dT after solving Eq. (1) 
for H for the two extreme endpoint conditions in the image representing 

nearly full LE (cold endmember) and nearly zero LE (hot endmember). 

H =
pcpdT

rah
(6)  

Where q is air density (kg/m3), cp is air specific heat, (J/kg/K), dT (K) is 
the temperature difference between two heights in a near surface 
blended layer, and rah is the aerodynamic resistance to heat transport (s/ 
m) between two heights. 

To solve the iteration process, it is necessary to select hot and cold 
endmembers, a linear relationship between Ts and (dT) is assumed 
(Bastiaanssen et al., 1998a) (Eq. (7)), where a and b coefficients are 
empirically determined for each image. 

dT = a+ bT (7) 

The cold (wet) endmember candidates are selected in well-vegetated 
areas where H is assumed to be zero and maximum LE for a well-watered 
agricultural field at the full cover canopy, while for the hot (dry) end
member candidates the LE is assumed to be zero and maximum H for an 
agricultural field having no-green vegetation and dry soil surface layer. 
Usually, the cold endmember is selected within a set of candidates with 
the highest NDVI (5%), and the lowest Ts (20%) percentiles. Conversely, 
the hot endmember is selected based on the lowest NDVI (10%) and the 
highest Ts (20%) percentiles. Within geeSEBAL, these ranges are set as 
default (standard); however, the user can easily select other percentile 
values as input parameters according to hydrometeorological condi
tions, since the standard percentiles were calibrated and recommended 
for semiarid climates (Allen et al., 2013). In this study, we used the 
percentiles for cold pixels 5% (NDVI), 1% (Ts), and, hot pixels 1% 
(NDVI), 10% (Ts). 

2.5. Field data of evapotranspiration - eddy covariance measurements 

Modeled energy balance components and ETa24 h were compared to 
measured data, provided by an eddy covariance flux tower installed in 
the field used to measure the micrometeorological variables and the 
energy balance components for estimating evapotranspiration covering 
the two ratoon seasons analyzed. The EC consists of a three-dimensional 
sonic anemometer and an infrared gas analyzer - IRGASON (Campbell 
Scientific, Logan, Utah, USA), positioned considering the prevailing 
wind direction, operated by a data logger (CR 3000, Campbell Scientific 
Instruments, Utah, USA) to record raw high-frequency data at 10 Hz. 

Fig. 2. Flow chart of geeSEBAL demonstrating remote sensing, meteorological inputs and GEE functions for data processing to estimate daily evapotranspiration.  
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The micrometeorological variables measured above the canopy were 
net radiation (CNR4, Net radiometer - Kipp & Zonen, Delft, Netherlands) 
and precipitation (CS700-L, Hydrological Services Pty. Ltd., Sydney, 
Australia). This equipment was positioned 5 m above the soil surface. 
On the ground, two soil heat flux plates were installed to measure the 
heat flow in the soil (HFP01-L, Campbell Scientific, Inc. Logan, Utah, 
USA). Low-frequency data were collected continuously at 5-second in
tervals averaging over 30 min. The raw data from the EC system (10 Hz) 
were processed using EddyPro Advanced software (LICOR, 2020a), and 
Tovi software (LICOR, 2020b) was used for data gap filling and flow 
partitioning every 30 min. 

The flux data obtained over the two ratoons, on average showed an 
energy balance closure on a daily scale of about 77%, more details in 
Bispo (2020). In some cases, this results in a considerable amount of 
available energy (Rn - G) not being accounted for in the partitioning of 
latent and sensitive heat flux (λE + H), which could cause significant 
discrepancies in the comparisons with the results from remote sensing. 
The errors inherent in Rn (net radiation), λE (latent heat flux), H (sen
sitive heat flux), and G (heat flux in the soil) are reported as 5–10%, 
15–20%, 15–20%, and 20–30%, respectively, according to (Foken, 
2008; Vickers et al., 2010). For this reason, the Bowen Ratio values 
obtained with the flux tower data were used to adjust λE and H by 
forcing the closure following the procedure suggested by Twine et al. 
(2000). The λE values that represent the energy per unit area and per 
unit time were converted into evapotranspiration depth for each time 
interval and then 24 h-accumulated, resulting in actual daily evapo
transpiration (ETa24 h). Also, an instantaneous evaporative fraction (EF) 
was estimated considering the energy available used by the plants (Rn – 
G) divided by the surface energy balance directly relates to evapo
transpiration (λE). 

To evaluate the effectiveness of geeSEBAL, the time series Python 
function was used by selecting the pixels over the upwind footprint to 
estimate instantaneous modeled energy balance components and ET24 h 
from geeSEBAL, and the modeled data were compared to ground data 
(eddy flux tower). Daily crop coefficient (Kc) was estimated using daily 
geeSEBAL-ETa24 h (satellite overpasses day), considering the entire 
sugarcane area, divided by ETo from the weather station following Eq. 
(8) (Allen et al., 1998), then Kc values from satellite overpasses day were 
interpolated using GDD to estimate daily Kc for the entire sugarcane 
season. With the daily Kc, it was possible to estimate daily ETa multi
plying daily Kc to ETo. Crop water productivity (WP) was estimated by 
dividing the stalk yield (Kg per ha) by the modeled accumulated ETa for 
both growing seasons (Eq. (9)). 

Kc =
ETa
ETo

(8)  

Where Kc is the crop coefficient; ETa is the actual daily evapotranspi
ration (mm); ETo is the reference evapotranspiration (mm). 

WP =
Yield
ET

(9)  

Where WP is the crop water productivity (Kg/m3) and ET is the total 
evapotranspiration in m− 3 per ha. 

After getting geeSEBAL-ETa24 h, the remote sensing-based soil water 
balance (RS-SWB) was calculated for each sugarcane season following 
Allen et al. (1998), considering the soil attributes data, soil water 
depletion fraction (p) adjusted based on ETc and effective rooting depth 
varying from 0.60 m (crop initial stage) to 0.80 m (crop late stage). 

2.6. Statistical analysis 

The energy balance components and the ETa estimated by geeSEBAL 
were compared with the data measured in the field through the EC flux 
tower. To measure the accuracy of the model, the R-square, RMSE (root 
mean squared error), and Bias indicators were applied according to Eqs. 

(10) and (11), respectively. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(Yi − Ȳi)
2

n

√

(10)  

Where RMSE is the root mean squared error; n is the sample size; Y is the 
observed variable; Ȳ is the modeled variable. 

Bias =
∑n

i=0

(Yi − Ȳi)

n
(11)  

Where n is the sample size; Y is the observed variable; Ȳ is the modeled 
variable. 

3. Results 

Overall, the fourth and fifth growing seasons had similar average 
maximum and minimum temperatures equal to 30.9 ± 3.8 ◦C and 31.4 
± 3.6 ◦C for maximum temperature, and 18.2 ± 3.0 ◦C and 17.9 
± 3.7 ◦C for minimum temperature respectively, with temperature 
average equal to 24.6 ◦C for both seasons, 10.5% greater than the his
torical average for the region (23.3 ◦C) (Fig. 3). 

Accumulated precipitation was 988 mm and 974 mm in the 4th and 
5th ratoon seasons, respectively, on average 21% lower than the average 
historical amount of 1242 mm. For both ratoons, precipitation was 
irregular over the growing seasons, resulting in only 32 days and 31 days 
with precipitation over 10 mm respectively, distributed from October to 
February (rainy season). 

3.1. geeSEBAL energy balance validation 

Accord to Fig. 4, Rn, LE, H, ETa, and EF presented R2 over 0.90 for all 
variables except G which was equal to 0.86. Also, except for G, all the EB 
components presented low RMSE and bias; however, despite the 
reasonable values of G, (9.2 W m− 2) and bias (− 14.9 W m− 2), G values 
have little influence on EB because their values are considered very low, 
less than 5% of Rn in this study. 

The Table 2 summarize the statistical indices for all modeled 
(geeSEBAL) and measured (flux tower) energy balance components and 
ETa. 

3.2. Crop development and crop evapotranspiration 

According to Fig. 5, the lowest SAVI values, considering Landsat 7 
and Landsat 8 images, were 0.18 and 0.20 for the 4th and 5th ratoons 
respectively at the beginning of the respective crop seasons due to soil 
covered with sugarcane straw (post-harvest crop residues). After har
vest, the SAVI values decrease to close to bare soil values around 0.12. 
The maximum SAVI value observed was 0.61 at 222 days after harvest 
(DAH) for the 4th ratoon and 0.60 at 169 DAH for the 5th ratoon. In this 
study, the SAVI values at harvest were 0.44 and 0.49 for the 4th and 5th 
ratoons, respectively. 

For both growing seasons, SAVI values were similar and followed the 
development of the plants allowing the farmers to make decisions 
monitoring the crop stage such as the full cover stage at peak SAVI (both 
growing seasons in February) and the beginning of stalk maturity stage 
when SAVI start to decrease influenced by the reduction of green LAI. 
This occurred when SAVI reached about 0.50 (by May) and irrigation is 
cut-off to promote the concentration of carbohydrates in the stalks, and 
to improve the sugar and ethanol yields. 

We observed that geeSEBAL accurately modeled the ETa values, 
represented spatially and temporally as shown in Fig. 6 (Landsat 8) for 
each crop development stage, and followed the SAVI values (Fig. 4). 
Therefore, low SAVI values a few days after harvesting presented also 
low ETa values, due to the low leaf area of the plants. However, as SAVI 
increases, ETa also increased until it reached its maximum value when 
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plants reached maximum vegetation cover (SAVI greater than 55) at the 
beginning of the stalk maturation stage. Consequently, due to a decrease 
in SAVI values, the ETa also decreased as shown in Fig. 6 (DAH4th = 340 
and DAH5th = 337). 

The Kc values were modeled for each satellite overpass time using 
the ETa modeled from the geeSEBAL and the ETo values from the 
meteorological station (Fig. 7), with the Kc values plotted over the GDD 
of the ratoon’s cycles, a Kc-GDD relationship is obtained, with an R2 

equal to 0.77 and 0.76 for the 4th and 5th growing seasons, following 

acceptably the Kc measured by the EC system. We noticed for the 5th 
ratoon, the modeled Kc values were slightly overestimated compared to 
daily measured data, mainly due to greater ETa variability at the late 
stage. 

The results from modeled Kc values were extrapolated to the entire 
seasons based on the Kc-GDD relationship and daily evapotranspiration 
estimations (daily ETa were done and compared to measured data 
(Fig. 8). About the 4th ratoon, the data presented R2 equal to 0.89, RMSE 
equal to 0.76, and less than 2% underestimating of ETa compared to de 

Fig. 3. Daily precipitation and daily maximum (Tmax) and minimum (Tmin) temperature over the 4th (A) and 5th (B) ratoon growing seasons.  

Fig. 4. Measured energy balance components and actual evapotranspiration by the Eddy Covariance flux tower method compared with the values modeled by the 
geeSEBAL. Rn: net radiation; LE: latent heat flux; H: sensible heat flux; G: soil heat flux; ETa: actual evapotranspiration; EF: instantaneous evaporative fraction. 
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flux tower. Regarding the 5th ratoon, as modeled Kc values were over
estimated, the results affected the modeled ETa and, on average, over
estimating the evapotranspiration by about 15%; however, there was a 
low RMSE (0.62) and R2 equal to 0.88. Maximum modeled daily Kc 
values were 1.12 and 1.14 for the 4th and 5th ratoon seasons and, on 
average 0.88 (4th ratoon) and 0.86 (5th ratoon), very close to the EC 
system for the 4th ratoon (0.86) and the 5th ratoon following the ETa 
values, the Kc from EC system was about 20% lower (Kc = 0.71). 

Considering the two growing seasons as shown in Fig. 9, the ETa 
presented great results following the measured ETa by the EC and SAVI 
values, and the modeled accumulated ETa was 1266 mm and 1248 for 
the 4th and 5th ratoons respectively, representing water productivity of 

Table 2 
Summary of statistical indices used to evaluate the performance of the geeSEBAL 
compared to measure data (flux tower) at the field.   

Rn LE H G ETa EF 

RMSE  59.9  51.8  10.4  9.2  0.72  0.09 
Bias  -16.9  -60.7  30.4  9.2  -0.26  -0.10 
R2  0.97  0.96  0.91  0.86  0.94  0.97 

RMSE: Root mean squared error; R2: R-square; Rn: net radiation; LE: latent heat flux; H: 

sensible heat flux; ETa: actual evapotranspiration; EF: evaporative fraction. 

Fig. 5. Temporal evolution of the soil adjusted vegetation index (SAVI) values for sugarcane for the 4th and 5th growing seasons.  

Fig. 6. Spatial and temporal distribution of soil adjusted vegetation index (SAVI) (A) and actual evapotranspiration (ETa) (B) as a function of the days after har
vesting (DAH). 
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10 and 9.7 kg m− 3. Overall, all the WP values were very similar between 
the growing seasons because the similar yields (127 and 121 Mg ha− 1), 
irrigation, precipitation, and ETo were very close between seasons. 

So, an efficient way of increasing WP for sugarcane is through irri
gation, increasing water supply to avoid water stress and ensure high 
stalk yields. In this study, there were increments of 58 and 52 Mg ha− 1 

greater than the national yield for the 4th and 5th ratoons respectively, 
after applying 584 and 560 mm of irrigation, i.e., an increase of 10 and 
10.8 Mg per mm of water applied for each growing season. The ETa and 
Kc variability for each vegetative stage are summarized in Fig. 10. 

3.3. The remote sensing-based soil water balance 

With modeled ETa it was possible to estimate the RS-SWB for the two 
ratoon seasons (Fig. 11). We observed water stress occurring during the 
development stage of the crop and the irrigation system was not able to 
apply the required water demand which resulted in water stress for the 
plants for the 4th (total of 584 mm) and 5th (total of 560 mm) growing 
seasons. 

Fig. 7. Modeled and measured Kc values over the 4th (A) and 5th (B) ratoons. Kc: crop coefficient.  

Fig. 8. Modeled and measured evapotranspiration values (ETa) comparison to the 4th (A) and 5th (B) ratoons.  

Fig. 9. Soil adjusted vegetation index (SAVI), modeled and measured evapotranspiration values (ETa) over the 4th (A) and 5th (B) ratoons.  
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4. Discussion 

Regarding the weather data for the two sugarcane growing seasons 
(Fig. 3), it was favorable to the sugarcane development because sugar
cane requires high temperatures and humidity for reaching high yields, 
the minimum and maximum temperature must be between 20 ◦C and 
35 ◦C (Marin et al., 2014; Vianna et al., 2020) which has occurred for 
almost the entire period of cultivation. Sugarcane in Brazil is purpose
fully planted in the dry season (June and July) to be harvested after one 
year during the dry season to increase the total recoverable sugar (TRS) 
concentration in the stalk, resulting in higher sugarcane quality and 
ability to be transformed into sugar or ethanol (Marin et al., 2021). 
Precipitation was poorly distributed during the evaluated period, 
requiring supplementation via irrigation, mainly during the regrowth 
stage (right after harvest). Irrigation is required mainly after harvesting 
to ensure the regrowth of the ratoons, and optimal stalk development 

until physiological maturity (Inman-Bamber et al., 1994), being essen
tial to maintain proper soil water content in the root zone for attaining 
high yields. 

The EB components and ETa values agreed very well with those 
measured by the EC system (Fig. 4). Despite the reasonable values of G, 
its values have little influence on EB because their values are considered 
very low, less than 5% of Rn in this study. According to Mukaka (2012), 
the EB components values shown in this study indicated the accurate 
performance of geeSEBAL, with similar results also observed by Yang et. 
al (2018) and Campos et. al. (2017). 

SAVI values (Fig. 5), after reach the peak values (full cover) has its 
values decreased because of the maturation stage, the SAVI values 
decrease until harvest, due to the reduction in green leaf area index 
(LAI) which is expected in this stage as shown in Gonçalves et. al., 
(2017) and Silva et. al. (2012). Vegetation indices, such as SAVI, have 
been used to monitor irrigated sugarcane and other crops supporting 

Fig. 10. Crop coefficient (Kc) and actual evapotranspiration (ETa) for initial, mid, and late vegetative stage for the 4th and 5th ratoons seasons. 1Allen et al., (1998).  

Fig. 11. Total water available (TAW), readily available water (RAW), depletion (Dr) over the 4th and 5th growing seasons based on growing degree days (GDD).  
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water management as described in Zhang et al. (2015), Venancio et al. 
(2020), and Campos et al. (2017). GeeSEBAL accurately modeled the 
ETa values spatially and over growing seasons (Fig. 6) for each crop 
development stage. As SAVI represents the vegetative vigor of the 
plants, we expect that any changes in SAVI values will impact the ETa 
values, because the increase or decrease in absorbed radiation in the 
visible red and near-infrared wavelengths by the leaves is directly 
related to the ability of plants to carry out their physiological activities 
properly, such as photosynthesis (Taiz et al., 2017). We observed in the 
late season for the 5th ratoon (337 DAH – Fig. 6), that SAVI values 
showed a high variability compared to the other periods, as shown in 
Fig. 5 (vertical bars). This was likely due to the high occurrence of 
damping-off caused by the association between the tall height of the 
plants (over 4 m) and high wind speed, also caused by the fact that the 
crop might not be senescing equally so there could be in-field variability 
in the SAVI due to different senescence rates. 

Due to good agreement between modeled (geeSEBAL) and measured 
(flux tower) data, overall, the Kc values (Fig. 7) over growing seasons 
with high R2 and similar to Allen et. al. (1998) and Marin et al. (2020) 
for the two ratoon seasons. The accumulated ETa presented great results 
following the measured ETa by the EC and SAVI values. Overall, all the 
WP values were very similar between the growing seasons because the 
similar yields (127 and 121 Mg ha− 1), irrigation, precipitation, and ETo 
were very close between seasons. These results were slightly lower than 
Leal et. al. (2017) and greater than Silva et. al. (2011), both conducted in 
Brazil. According to Teixeira et. al. (2016), WP ranged from 2.8 to 
6.0 kg m− 3 in a study in the state of São Paulo, much lower than our 
findings in this research (at least 40% lower), likely because in most of 
Brazil the sugarcane is not irrigated. Regarding the yield, both ratoons 
resulted in values greater than the expected Brazilian average for the 
next harvest (69 t ha− 1) (CONAB, 2021). 

This approach, using only orbital data, through meteorological data 
from ERA5-Land presented satisfactory results of Kc and ETa with great 
potential to be used in areas cultivated with sugarcane for monitoring 
and irrigation management. Although the average modeled ETa values 
were greater than measured values for all the crop stages, the values 
were quite similar except for the 5th ratoon at mid-stage when modeled 
ETa was about 30% greater than measured values (Fig. 10). Conse
quently, Kc values presented the same performance. We notice that 
measured ETa and Kc presented greater variability than modeled values 
for both ratoon seasons, and many outlier values even to ETa. Regarding 
Kc FAOadj, the values agreed to modeled and measured values for the 
initial stage for both ratoons when the ETa is still low; however, as at
mosphere demand increased, this difference become higher, Kc FAOadj 
reaching at mid-stage, 26% (EC system), and 23% (modeled) greater for 
the 4th ratoon respectively, 56% (EC system), and 23% (modeled) 
respectively for the 5th ratoon. There are many studies where irrigation 
ensured appropriate soil water content in the root zone and Kc values 
decreased under high atmosphere demand, i.e., high ETo values (Marin 
and Angelocci, 2011; Nassif et al., 2014; Marin et al., 2016, 2020). Crop 
canopies limit water loss by partially or completely closing the stomata 
under high evaporative demand, allowing the plants to maintain a 
favorable internal water balance even with optimum water content in 
the soil profile and high atmospheric demand for water (Boyer, 1982; 
Ciais et al., 2005; Franks, 2013; Vinya et. al, 2013). 

The variability of the measured ETa (flux tower) in relation to 
modeled data (geeSEBAL) was also observed in Laipelt et al. (2021) 
analyzing data from different biomes and land use. Accord to the au
thors, the main challenge in developing a high resolution and large-scale 
product is the endmember selection for calibration and the definition of 
its domain area. The algorithm is highly sensitivity to the spatial 
domain, which can significantly change ET accuracy (Tang et al., 2013) 
when the selected endmembers present discrepant values (Long et al., 
2011). 

Both growing seasons showed some level of water stress after the 
crop reached the peak Kc (full cover phase) when the irrigation required 

was very high due to the low volume of precipitation and high evapo
transpiration rates over the period (Fig. 11). The water stress was 
observed mainly during the final stages of growth for the 4th ratoon 
when the irrigation events are limited to increment the concentration of 
sugar in the stalks. The effects of soil water stress on crop ET reduces the 
Kc value. After the root zone depletion exceeds RAW is high enough to 
limit evapotranspiration to less than potential values and the Kc begins 
to decrease in proportion to the amount of water remaining in the root 
zone, consequently decreasing ET. Under rainfed conditions in low 
precipitation regions, due to the severe water stress over the growing 
seasons, the Kc values is reduced reducing the ETa and photosynthetic 
activity, as a result increasing the yield loss as observed in Gonçalves 
et al. (2017). However, the period of greatest susceptibility to water 
stress is the period of rapid crop development, when the plants already 
have a high leaf area index and need a greater volume of water to meet 
their physiological needs (Pires et al., 2008; Gonçalves et at, 2017). Also, 
sugarcane is relatively drought resistant, needing a long period of water 
stress to reduce the stalk’s yield. (Ridesa, 2015). The current version of 
geeSEBAL uses Landsat images and state-of the-art global reanalysis data 
to estimate ET time series, thus showing promising results even for 
field-scale studies in data scarce areas. The use of surface energy balance 
algorithms like geeSEBAL and automated calibration algorithms like 
CIMEC in cloud computing environments, such as GEE), can provide 
new opportunities to improve water management for irrigated crops at 
high spatial resolution for long-term time series. 

5. Conclusions 

• This research was conducted in the largest sugarcane producing re
gion of Brazil using an open-source SEBAL framework implemented 
within the Google Earth Engine (GEE) through the Application Pro
gramming Interface (API) to estimate evapotranspiration and water 
balance in the root system of a growing sugarcane field, considering 
two growing seasons (4th and 5th ratoons).  

• The modeled EB components using the geeSEBAL model agreed well 
with the Eddy Covariance system values, considering both satellite 
overpass time and modeled ETa over growing seasons. Consequently, 
Kc values presented the same performance to measured and Allen 
et al. (1998). 

• With modeled ETa over the seasons, it was possible to properly es
timate the RS-SWB for the two ratoons identifying water stress for 
both seasons. WP obtained values that were similar between the 
seasons, with 10 and 9,7 kg m− 3 for 4th and 5th respectively.  

• Finally, the ET assessment showed the potential for geeSEBAL to 
improve water use for irrigation management for sugarcane in Brazil 
and mitigate the impacts of drought on stalk yields due to increasing 
water demand for food production and water supply. Given that 
geeSEBAL does not require any ground measurement as input, we 
anticipate that this tool may be useful for irrigated agriculture for 
field and regional-scale studies on water and energy balances, as well 
as for water resources management in missing climate data areas 
worldwide where this issue can be a challenge to properly estimate 
ET. 
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