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AR — arsdicHsi (ET), fo@a diel & g1 arem 9RERor 3R gedl 1 §de & @ drer arsdieor
arst enfAer &, STof fa=ileT Wh T Uesh Hgcaqol Uesh ¢ dUl Ig Fg iR agaAse & dra oo AR Fot &
HETA-FeTl T FAITAT T §1 TE HEAAT HRA & IoRId & A8 el 7 aeafas arsdiceiat (AET)
HT ITAA A F AT A & T T Fofl Teld TINREA (SEBAL) & 9T &1 e Xl gl
TG Fofl ol & fAguidl W 3MeTd SEBAL UedlReH, 3rcded AT Yalg (Yeur fafaor, sf-zsam
gaTg 3R TAE FSAT YaTg T 3GAY) T AT Feh AET & I0TAT el & 3R 50 fFevfea & aRafda
AT §| FoPs-HFA dsdic 8 3wE AT (30 x 30 HX wEw f@oee) & 3wder amye-fAAd
GRASSGIS HIFEdT & YT ANl # TFshage NTHSAUTS HISel ToaliReH @RI TSN T oAl
e & T RRAT AT ATl 3MaRIS 3T H Uad dAfd (FAL/AL), FeH ardicdei (RET), 3UIE NG F
g1 eIt RET &X (fA.a./aen) aur RfSed 3==9« Afgar (DEM) 3er anfier &1 aRomaAr & gar ger
& AET & @9y ey @R Rfewor, 4ff adg avew, tfeas, & 3 @38 a9 vag S FRH ¥ 2
AET &t # Fgeaqul Tufas-afas RAUAT qe o8, staan AET &t @8 Atg & 3@ o8, aur ey
fAfOT i AT FH 81 & FROT AET &1 F o @ 7138 H%Wmﬁ,q?g@AETaTWﬁﬁa?ﬂ%’lFﬁ
& R 4 @ 6 AR 3R |t & A & ek 2 @ 3 AR o gl &1 I8 Yol Fol 3eTTA
8T F 65% T 3AF 8T F Hax AT §| AT H, 3CTTA & & oIareTaT 15-20% RET &F AET &¥ PET &b
F WY FTH g dh WAT oA, S AHId: oA ST Ha T RABT &7 Thd &1 w7, pySEBAL
TeINREA A faegd 3R Ave &= F AET &1 A ol & 39e &F AT & Yediel fahar 3R faaw &9
d gEr JHTE QT STeT asdiEex 3R v AR 3usRor 3uasy A8 £

ABSTRACT. Evapotranspiration (ET), encompassing both transpiration from plants and evaporation from the
Earth's surface, is a vital component of the hydrological cycle and influences water and energy exchanges between the
surface and the atmosphere. This study investigates the application of the Surface Energy Balance Algorithm for Land
(SEBAL) to estimate actual evapotranspiration (AET) over the Navsari district of Gujarat, India. The SEBAL algorithm,
based on the principles of surface energy balance, calculates AET by calculating latent heat flux (residual of net radiation,
ground heat flux and sensible heat flux) and its convert into mm/day. Cloud-free LANDSAT 8 satellite images were
utilized (30 x 30 m spatial resolution) to estimate AET by execute pySEBAL model algorithms within virtual
environment of Python-built GRASSGIS software. The required data includes windspeed (m/s), reference
evapotranspiration (RET), instantaneous RET rate (mm/hr) during satellite overpasses and digital elevation model (DEM)
data. The results showed that AET correlated with factors such as net solar radiation, land surface temperature, albedo,
ground and sensible heat flux. The AET rates exhibited significant spatiotemporal variations, highest AET rates were
observed during the month of May and there was a decrease in AET rates as the amount of net radiation reduced. Across

the study area, the dominant AET rate ranges from 4 to 6 mm/day during the summer months and from 2 to 3 mm/day
during the winter months. This pattern encompasses more than 65% of the total study area. In May, approximately 15-
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20% of the study area exhibited AET rates closely aligning with PET rates, possibly signaling impending water scarcity
concerns. In conclusion, the pySEBAL algorithm demonstrated its potential for estimating AET over large and
heterogeneous regions and especially effective where lysimeter and Eddy Covariance instruments are not available.

Key words — SEBAL, Actual evapotranspiration, Spatiotemporal dynamics, Energy balance, Remote sensing and

GRASSGIS.

1. Introduction

Evapotranspiration is indeed the biophysical process
that involves water losses occurring from both plants or
living surface (transpiration) and the earth surface
(evaporation). It is a crucial component of the
hydrological cycle and plays a significant role in the water
and energy transfer (in form of latent heat) between the
earth surface and the atmosphere. In the hydrological
cycle, by the evapotranspiration (ET) process, water
transforms into water vapor form by absorbing heat from
surrounding. This stored heat is released during process of
condensation and precipitation and that influencing the
weather patterns and regional climates. This continuous of
hydrological cycle plays an important role in maintaining
health of ecosystems, distributing water resources globally
and restoring the world's freshwater resources. Three
conditions must be required for ET to occur: there must be
enough soil moisture, a sufficient vapour pressure gradient
and enough energy to trigger the phase shift. If any of
these conditions are not met, ET will not occur
(Bhatt and Khera, 2006).

The computation of evapotranspiration holds
significant importance across diverse fields such as
hydrology, agriculture, energy budget analysis and climate
research (Ajjur and Al-Ghamdi, 2021). Accurate
estimation of evapotranspiration is vital in various
applications, such as determining irrigation needs and
runoff volumes (Li et al., 2020), analysing the energy
budget of the earth-atmosphere system (Diak et al., 2004),
improving atmospheric circulation model predictions
(Pielke et al., 1998) and characterizing climate patterns
(Wang et al., 2017). Furthermore, accurate estimations of
evapotranspiration empower farmers to apply optimal
crop water requirements, resulting in water and energy
conservation. On the contrary, inaccurate estimations can
lead to improper irrigation practices, such as water
shortages or water logging, negatively impacting crop
yields (Rahimi- Moghaddam et al., 2018).

Estimating evapotranspiration (ET) over large and
heterogeneous areas poses a significant challenge because
ground measurement networks, such as lysimeter and
Eddy Covariance method, have limited spatial coverage
(McShane et al., 2017) and are expensive. Over the past
two decades, several remote sensing-based energy balance
models, including SEBAL (surface energy balance
algorithm for land) (Bastiaanssen et al., 1998), TSEB
(Two-Source Energy Balance) (Norman et al., 1995),
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METRIC (Mapping Evapotranspiration at high Resolution
with Internalized Calibration) (Allen et al., 2007),
SSEBop (Simplified Surface Energy Balance operational)
(Senay et al., 2013) and SEBS (Surface Energy Balance
System) (Su, 2002), have emerged as reliable and
consistent alternatives for estimating evapotranspiration
over diverse temporal and large spatial scales.
Evapotranspiration (ET) is determined using an energy
balance approach at the surface, which accounts for the
energy consumed by the ET process, known as latent heat
(LE). This is achieved by subtracting the ground heat flux
(G) and sensible heat flux (H) from the net radiation (Rn)
(zhang et al., 2011). SEBAL, among various models, has
demonstrated successful applications worldwide across
diverse climates and land cover conditions, particularly in
water resources management, providing reliable and
consistent results (Wagle et al., 2017).

This study utilized cloud-free satellite images from
LANDSAT 8 with a spatial resolution of 30 x 30 m. Geo
processing of the LANDSAT 8 images to compute Actual
Evapotranspiration (AET) was performed by running the
SEBAL (Surface Energy Balance Algorithm for Land)
model in Python built GRASSGIS software.

2. Study area and data

2.1. Study area

In the present study, Navsari district of Gujarat was
selected which situated between 20°32' to 21°05' North
Latitude and 72°42' to 73°30' East Longitude (Fig. 1). The
area is situated in the west part of India and fall under
South Gujarat heavy rainfall agro climatic zone. The total
geographical area of Navsari district is 2204 km2. Over
the last three decades, the region under study, where the
IMD weather station is located at Navsari Agricultural
University, experienced an average annual rainfall of
approximately 1731 mm. Additionally; the average
maximum temperature in the area was about 32.11 °C,
while the average minimum temperature was 25.5 °C.

2.2. Details of data

The current research utilized a combination of space-
borne data obtained from LANDSAT 8 satellites, station-
based meteorological data and reference
evapotranspiration (RET) data. These three data sources
were utilized to obtain the actual evapotranspiration
(AET) results using the SEBAL model for the study area.



VIRANI et al. : ASSESMENT OF SPATIOTEMPORAL VARIATIONS IN ACTUAL EVAPOTRANSPIRATION

Study Are:;
(Navsari Dist

1cm = 6 km
0 280 560 1,120 1.680 2,240 Kilometers
——

a
rict)

Legend

Navsari District
[ ] india

India

Fig. 1. Location map of study area.

The digital elevation model (DEM) data was
obtained by downloading it from the
https://earthexplorer.usgs.gov/ website (select study area >
Data set > Digital elevation > SRTM), which is
representation of the bare ground topography of the earth,
which does not include trees, buildings, or any other
surface objects. The meteorological data, including
maximum and minimum temperature (°C), wind speed
(m/s), relative humidity (%) and sunshine hours (BSSH),
were utilized to calculate the instantaneous reference
evapotranspiration (RET rate in mm/hr.) at the time when
the satellite passed over the study area. Additionally, the
reference evapotranspiration (in mm/day) on the date of
the satellite passing over the study area was also required.
Landsat 8 datasets (30 m resolution) of eleven bands
(satellite path 148 and row 46) were downloaded from
https://earthexplorer.usgs.gov/for the study (in this study
LANDSAT collection 2 level 1 data was used). The
months were selected based on the availability of cloud-
free Landsat 8 images to ensure accurate data for the study
period.

3. Methodology adopted
3.1. SEBAL algorithm description

SEBAL algorithms estimates AET using remote
sensing datasets by deriving latent heat (LE) as a residual
of the surface energy balance equation (Equation 1). The
SEBAL algorithms are primarily derived from the
following references: Bastiaanssen et al., 1998;
Bastiaanssen, 2000; Waters, 2002; Sun et al., 2011; Allen
et al., 2013; Silva et al., 2016; Beg et al., 2016 and
Caiserman et al., 2021.

LE=Rn-H-G 1)
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where, Rn is the net radiation (Equation 2), H is the
sensible heat flux (Equation 11) and G is the soil heat flux
(Equation 9). The step-by-step procedure to estimating
surface energy balance components are given below.

Net radiation (Rn): Net radiation is computed by

subtracting the portion of outgoing and incoming
longwave radiation from the incoming shortwave
radiation.

Rn= RSl (1 - (1) + RLl - RLT - (1 - 85) RL.L (2)

where, RS| matches to the incoming shortwave
radiation in Wm2 (Equation 3), R.1 is outgoing long
wave radiation (Wm) (Equation 4), R.| is incoming long
wave radiation (Wm2) (Equation 6), o is a surface albedo
(Equation 8) and & is a surface emissivity (Equation 5).

Rs| = Gsc * cosO * dr * tey 3)

where, Gs. is solar constant (1367 Wm), 0 is the
solar incidence angle (6 = 90 — ¢), ¢ is solar elevation
angle (value given in metadata file), dr is Inverse earth-
sun distance (value given metadata file) and tsw iS
atmospheric transmissivity, (formula for calculating tew =
0.75 + 2 x 10°®° x elevation of station (m)).

Rt =g*o *LST* 4)
where, & is surface emissivity (dimensionless), ¢ is

the Stefan-Boltzmann constant (5.67 x 10 Wm2K*) and
LST is land surface temperature (K).

&= 1.009 + 0.047 * In (NDVI) (5)
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NDVI > 0, otherwise, emissivity is assumed to be
zero (e.g., water).
Rl =e*c*Ta (6)
where, ¢, is atmospheric emissivity (= 0.85 (-Intsy)®%)
and T, is near surface air temperature (K).

surface albedo (a): First calculate spectral radiance
(LX) and spectral reflectance (p,) at TOA for each band
(from 2 to 7 for LANDSAT 8) of satellite and then
calculate the albedo at TOA (aroa) (Equation 7).

O

where, o, = constant value of weighting coefficient
of each band (from 2 to 7).

atoa= Y. (o * pa)

The computation of the surface albedo (o) by
following Equation 8.

o = 0ToOA— (Xpath_radiance/ Tswz (8)

where, opah_radiance 1S the average portion of the
incoming solar radiation across all bands that is back-
scattered to the satellite before it reaches the earth’s

surface (values for Opatn_radiance range between 0.025 and
0.04).

Ground heat flux (G): It is a rate of heat storage into
the soil due to conduction. It is calculated as function of
net radiation, surface albedo and vegetation cover.

G = [LST + 273/a] * [(0.0038a + 0.0074a?) * (1 —
0.98NDVI4) * Rn] 9)

where, LST is a land surface temperature (K)
(Equation 10), NDVI stands for Normalized Difference
Vegetation Index.

LST=BT/[l+W * (BT / 14380) * In(es)] (10)
where, BT is brightness temperature at TOA (K) and

w Wavelength of emitted radiance (value of
LANDSATS Band 10 is 10.89 pum).

Sensible heat flux (H): It is referring to the transfer
of heat energy between the earth surface and the
atmosphere through convection and conduction due to
temperature difference. The sensible heat flux is difficult
to calculate because of values of ra, and dT are unknowns
(Equation 11). The calculation of sensible heat flux (H) by
the following of an iterative process due to the
interdependence between the aerodynamic resistance (ran)
and sensible heat flux (Sawadogo et al., 2020). Initially,
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the iteration assumes a neutral atmospheric condition,
providing a first estimation of sensible heat flux (H) under
neutral condition and this value use for calculation of
Monin Obukhov length (Fig. 2). SEBAL model uses
Monin- Obukhov theory in its iteration process to address
atmospheric instability or stability impact on aerodynamic
resistance (ran). The iteration corrects ran value by
incorporating stability corrections for momentum and heat
transport based on atmospheric conditions (Waters, 2002),
yielding new sensible heat flux (H) values. SEBAL
performs multiple iterations until the value for
aerodynamic resistance (ran) stabilizes (Sawadogo et al.,
2020). Flow chart of the iterative process for the
calculation of sensible heat (H) is depicted in Fig. 2.

H= pair* Cp * dT / lah (11)

where pair is the air density (kg m?3), Cp is the
specific heat of air at constant pressure (=1004 J kg K1),
dT is the vertical near surface temperature difference (K),
fan is the aerodynamic resistance to heat transport (s m™)
between two height (z1 and z;) and a and b are empirical
coefficients (Fig. 2).

The SEBAL model calculates dT for each pixel using
a linear relationship (dT a + b * LST), where
coefficients a and b are determined by selecting two
extreme temperature pixels, namely hot and cold pixels
(Water, 2002). The cold pixel represents a well-irrigated
crop area with low land surface temperature, high
NDVI and low surface albedo, assuming all available
energy is used to evaporate water (LE=Rn-G)and H=0
(dT value at cold pixel will be around zero except
semi-arid and arid area). Currently, the suggested
approach involves choosing a cold pixel situated in a well-
watered agricultural field with good crop growth
(Mkhwanazi et al., 2015).

An ideal candidate for the hot pixel would be a pixel
with a significantly high temperature, indicating extreme
dryness where the available energy at the surface is
utilized to heat both the surface and the air above, due to
the absence of available water for evaporation (high
surface albedo) (Mkhwanazi et al., 2015). Additionally,
the chosen pixel should represent a bare surface with
minimal biomass, evident by a very low NDVI value. A
dry agricultural area or bare soil is recommended and care
should be taken that do not selected highway and building
area. Hot pixel is assumed to have LE of zero, and a large
dT value (Bastiaanssen et al., 1998). These reference
pixels anchor the calculations for all other pixels within
the defined extreme conditions range. The method
outlined by Saboori et al., 2021 involves the process of
selecting hot and cold reference pixels. Fig. 3 showcases
the chosen reference hot and cold pixel.
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Fig. 2. Flow chart of the iterative process for the calculation of sensible heat (H) (Water, 2002).
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Fig. 3. Selected the reference cold and hot pixel for sensible heat flux (H) calculation.

Evapotranspiration estimation: Using the from increased ETa during the afternoon (Xue et al.,

instantaneous net radiation (Rn), sensible heat flux (H) 2020)

and ground heat flux (G) at the satellite overpass time, the

instantaneous evaporative fraction (EFi) can be computed EF= Ro-A=G
following Equation 12. Subsequently, the instantaneous Rn=G
evaporative fraction (EF;) can be converted into the daily EF = Q x EF;

evaporative fraction (EF24) using Equation 13, wherein an
advective factor Q is utilized to minimize errors arising
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where, Q is calculated as:

(12)

(13)
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Q=1+0.985x EFi x {exp [0.08 x (es — €a)] -1}

where, e refers to the saturated vapor pressure at the
air temperature above the canopy reference height, e,
represents the actual vapor pressure above the canopy
height. Using this data, SEBAL computes the daily ETa
for each pixel:

_ 8.64x 107x Qx EFj x (Rng4 —G24)
LXpyy

ET2 (14)

where, ETo4 is daily ET on date of satellite pass
(mm/day), pw is density of water (kg/m®), A is latent heat
of vaporization (J/kg), Rna4 is daily average net radiation
(W/m?) (Equation 15) and G is a daily average ground
heat flux (W/m?).

Rnzs = [(1-00) x Ra— 110] X Tsw (15)

where, Ra is daily extra terrestrial solar radiation
(W/m?)

3.2.  Use of python and GRSSGIS to run SEBAL
algorithms

To simplify the frequent calculations of SEBAL, we
use Python script (v3.9.5) (Fig. 4) and it was run by using
the GRSSGIS 8.2 software. The output of SEBAL model
will be stored in GRASSGIS software. Fig. 4 illustrates
the step-by-step guide for configuring the Python
environment, locating the Python script source, setting up
the necessary paths and specifying input data within the
GRASSGIS software. It demonstrates the procedure to run
the Python script seamlessly in the GRASSGIS
environment, facilitating the efficient execution of SEBAL
calculations.

4. Result and discussion
4.1. Evaluation of SEBAL-derived outcomes

As per Table 1, seven satellite images from the
LANDSAT 8 were used for the study and these images
were acquired during the timeframe spanning from
October 2022 to May 2023. The SEBAL outcomes for the
date of January 15, 2023, are visually represented in the
accompanying Fig. 5, while a numerical summary for all
processing dates is presented in the provided Table 1. The
results indicate that the net solar radiation, land surface
temperature, albedo, ground and sensible heat flux are
positively correlated with the rate of AET, while latent
heat flux, crop coefficient and NDVI are negatively
correlated with the rate of AET (Table 1). Intriguingly,
regions depicted in Fig. 5 with elevated actual
evapotranspiration (AET) rates exhibit comparatively low
or negative sensible heat flux, accompanied by high latent
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heat flux, high NDVI and crop coefficients and relatively
low land surface temperatures. The observed relationship
between AET and the pySEBAL-derived products is
consistent with expectations. While Table 1 presents
average values for each raster pixel, Fig. 5 allows for a
more detailed visualization of the relationships between
these parameters, revealing patterns that might not be
apparent from the average raster values alone. Areas with
high land surface temperatures typically exhibit low
NDVI values, indicating sparse or absent vegetation cover.
This lack of vegetation cover significantly impacts energy
partitioning, leading to increased sensible heat flux and
decreased latent heat flux. The absence of vegetation
cover prevents the conversion of net radiation into latent
heat flux through evapotranspiration. Consequently, the
energy from net radiation is primarily partitioned into
ground heat flux and sensible heat flux, contributing to the
elevated land surface temperatures (Fig. 5). Areas with
high NDV1 values exhibit a significant water presence and
partitioning of net radiation where a significant portion is
converted into latent heat flux, with some portion also
going towards ground heat flux. This efficient partitioning
of energy into latent heat flux results in a high AET rate
and contributes to maintaining relatively moderate land
surface temperatures (Fig. 5). In months such as October,
November and January, even when NDVI is high, the
AET rate comparatively remains low. This discrepancy
could be attributed to reduced incoming solar radiation
during these  months, impacting the overall
evapotranspiration process (Table 1). A study by
Bansouleh et al. (2015) revealed a discrepancy in actual
evapotranspiration (AET) rates between irrigated maize
plots (high NDVI) and mountainous regions through
SEBAL model. The researchers observed a significantly
higher AET rate in the irrigated maize fields compared to
the low-NDVI mountainous areas.

4.2. Spatial and temporal variation of AET

The tracking of actual daily evapotranspiration is
importance to study, how water and energy interact on the
surface (Seller et al., 1996). Understanding how
evapotranspiration changes over time and in different
places is crucial for managing limited water resources
effectively. Therefore, in this study, once we calculated the
Actual Evapotranspiration (AET) using the SEBAL
method, we generated maps to visually represent its
changes over time (month to month) in Fig. 6 and
numerically represent across study area in Table 2. Table 2
highlights how different AET ranges are distributed across
specific areas on each date. This spatial variation showed
diversity in water use, vegetation health and climate
conditions across the studied area. The highest rate of
actual evapotranspiration (AET) occurred in the month of
May. During this period, an area of 312.40 km?
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Fig. 4. Flow chart of procedure to setting up python environment with GRASS GIS software.
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Fig. 6. Spatiotemporal variations in actual evapo-transpiration (mm/day) across study area.
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TABLE1

Outcomes obtained via SEBAL with pixel representation are summarized as average values for Navsari district

Sensing date ETa NDVI Surface LST Rn H G LE Crop
9 (mm/day) albedo (%) (K) (W/m2) (W/m?) (WIm?) (WIm?) coefficient
27/10/2022 2.53 0.51 0.16 303.07  560.79 94.14 80.11 386.51 0.70
28/11/2022 2.40 0.43 0.15 303.00  502.98 24.85 74.12 404 0.77
15/01/2023 2.08 0.37 0.16 300.03  477.70 57.41 65.83 354.71 0.93
16/02/2023 2.02 0.35 0.15 309.22  514.07 97.00 93.07 323.97 0.61
04/03/2023 3.46 0.23 0.22 306.16  525.10 49.47 97.41 378.20 0.89
21/04/2023 2.90 0.36 0.18 31069 75561 27113 117.13  220.20 0.44
23/05/2023 3.27 0.36 0.20 309.50 60259 19421 11473  293.62 0.63
Correlation (r) -0.49 0.93 0.43 0.42 0.34 0.67 -0.21 -0.08
TABLE 2
Diverse spatial patterns of daily actual evapotranspiration (ETa) in the study area
Date ETa No ETa 0-1 1-2 2-3 3-4 4-5 5-6 6-7
Area (km?) 15.77 80.11 614.06  1493.00 0 0 0 0
15/01/2023
Area (%) 0.71 3.96 27.87 67.77 0 0 0 0
Area (km?) 19.27 13659 77501  1236.05  35.82 0 0 0
16/02/2023
Area (%) 0.87 6.20 35.18 56.10 6.16 0 0 0
Area (km?) 5.54 31.47 97.80 33209 1157.53 57854 0 0
04/03/2023
Area (%) 0.25 1.42 4.43 15.07 52.54 26.26 0 0
Area (km?) 348.91 250.06  337.98 42053  467.87  303.96 73.49 0
21/04/2023
Area (%) 15.83 11.34 15.34 19.08 21.23 13.79 332 0
23/05/2023 Area (km?) 132.23 151.64 24843 34325 47653 49599 31240 4245
Area (%) 6.00 6.88 11.27 15.58 21.63 2251 14.18 1.92
Area (km?) 63.31 86.89 268.89  1064.66  719.72 0 0 0
27/10/2022
Area (%) 2.87 3.94 12.20 48.32 32.65 0 0 0
Area (km?) 3.49 20.00 243.38 192947 566 0 0 0
28/11/2022
Area (%) 0.15 0.91 11.04 87.58 0.25 0 0 0
experienced AET values ranging from 5 to 6 mm/day and 4.3. Comparing maximum regional SEBAL Actual
an additional 42.45 km? area had AET rates falling ET (AET) with Potential ET (PET)
between 6 to 7 mm/day. During the months of October,
November and January, the rate of actual To compare and validate evapotranspiration
evapotranspiration (AET) consistently ranged between 2 estimates, a common approach involves combining

to 3 mm/day, covering more than 60% of the study area.
This pattern could be attributed to the presence of low net
radiation during these months. A significant portion of the
study area experiences AET rates ranging from 3 to 6
mm/day during the majority of the summer months. This
pattern is observed across over 65% of the study area. It’s
important to remember that AET rates can be affected by
various factors, including temperature, humidity, wind
speed, solar radiation, vegetation cover and soil type.
These variables can differ based on the geographical
location, leading to variations in the observed AET rates
(Feng et al., 2020).
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meteorological data - driven techniques with remote
sensing methods (Nouri et al., 2016) because the scarcity
of lysimeters in the study area. Daily potential
evapotranspiration was determined through the application
of FAO Penman - Monteith method and various empirical
method, as detailed in Table 3. The maximum AET rate
obtained from the SEBAL algorithm were compared and
verified against the potential evapotranspiration rates
calculated using the corresponding empirical formulas
(Table 3). The findings revealed a notably highly positive
correlation, low RMSE in mm/day and strong agreement
between the maximum AET rate and PET calculated using
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TABLE 3

Comparision of maximum actual evapotranspiration (Max. AET) from SEBAL with potential ET (PET) from empirical methods

Empirical method of PET measurement (mm/day)

Max. AET FAO

Date from SEBAL Penman- Modified Hargreaves Turc Blaney Criddle
Monteith Penman
27/10/2022 3.73 436 3.55 4,62 467 470
28/11/2022 3.19 3.88 2.80 3.96 3.93 3.90
15/01/2023 3.07 3.70 2.71 2.96 3.49 3.49
16/02/2023 3.45 5.00 4.26 5.37 5.03 5.52
04/03/2023 477 4,61 3.98 6.04 4,58 4,98
21/04/2023 6.14 5.85 5.26 6.19 6.37 557
23/05/2023 7.17 5.82 5.30 4.92 6.35 497
Correlation 0.88 0.89 0.56 0.90 0.53
Index of Agreement (d) 0.83 0.86 0.67 0.88 0.59
RMSE (mm/day) 0.895 0.915 1.296 0.834 1.260
FAO Penman-Monteith, Turc and modified Penman application in agriculture especially in irrigation

methods. A close alignment between the maximum AET
and PET rates was observed in 15-20% of the study area
during the months of April and May, as indicated in
Table 2. The comparison of AET and PET patterns reveals
critical implications for water resource management.
Identifying regions where AET and PET closely align is
essential to prioritize water scarcity mitigation strategies.

These strategies should focus on demand-side
management, supply-side augmentation and water
allocation optimization. Additionally, implementing

effective drought preparedness and response plans and
watershed management practices is crucial for sustainable
water resource management.

5. Conclusions

The objective of this study was to assess the
applicability of pySEBAL algorithms for estimating actual
evapotranspiration (AET) in the study area. The
pySEBAL algorithm demonstrated its potential for
estimating AET, LST, albedo, NDVI, crop coefficient and
different energy fluxes across large and heterogeneous
study area. A fundamental advantage of remote sensing-
based methods is their ability to map the spatial variability
of AET across a wide range of scales. In most of the study
area, AET rates are between 4 and 6 mm/day in the
summer and between 2 and 3 mm/day in the winter. This
pattern was observed over 65% of the study area. In May;,
AET rates closely match PET rates in about 15-20 % of
the study area, which could indicate a potential water
scarcity problem.

The 16-day temporal resolution of Landsat 8 satellite
data limits pySEBAL model applicability to potential
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scheduling, crop water requirement calculation and yield
forecasting. This limitation originates from the infrequent
estimation of AET rates due to lower temporal resolution
of satellites, which are crucial for accurate decision-
making in these agriculture practices. To address this
temporal resolution challenge and get daily AET data, two
potential solutions can be explored: (i) Increasing Remote
Sensing Data Availability: Developing pySEBAL
algorithms for multiple satellites images and combining
data from multiple satellite images can further enhance
data availability and improve the suitability of pySEBAL
for agricultural applications, particularly in regions where
lysimeters are scarce. (ii) Utilizing pySEBAL-derived
Crop Coefficients: Integrating pySEBAL-derived crop
coefficients (kc) obtained during Landsat image
acquisition periods with daily reference evapotranspiration
(RET) data from the FAO Penman-Monteith equation can
generate daily AET estimates.
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