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ARTICLE INFO ABSTRACT

Handling Editor-Dr. Brent Clothier The Inkomati-Usuthu Water Management Area in Mpumalanga, South Africa, is a main producer of subtropical
crops. These crops are mainly produced under irrigation, yet water resources in this catchment are nearly fully

Keywords: allocated. This calls for improved irrigation efficiency in the region to save water needed for supporting agri-

Crop COEfﬁd_em_S cultural expansion. Accurate derivation of crop coefficients (K.) and yield response factors (K,) is vital for

Evapotranspiration

irrigation management and yield prediction. In this study, transpiration (T) for the crops was measured using the
heat ratio method of monitoring sap flow while evapotranspiration (ET) was quantified using eddy covariance
Random forest and surface renewal techniques. Leaf area index for the fields was derived from Landsat 8 imagery. Light gradient
Transpiration boosting machine (LightGBM), Random Forest (RF) and Extreme gradient boosting (XGBoost) machine learning
Yield response factor models was investigated for predicting the crop ET and T of banana, grapefruit, litchi, mango and sugarcane. The
best performing ET and T machine learning-based models were used for developing the crop coefficients (K.) and
a hybrid model for predicting K, respectively. The LightGBM achieved the highest accuracy in predicting ba-
nana, grapefruit, litchi and sugarcane ET. The XGBoost achieved the highest accuracy in predicting mango ET.
The LightGBM achieved the highest accuracy in predicting the grapefruit, litchi and mango T. All the ET and T
models produced coefficient of determination in the range 0.83-0.96, root mean square error ranging from 0.02
to 0.10 mm/h, mean absolute error ranging from 0.01 to 0.06 mm/h and Kling-Gupta efficiency in the range
0.88-0.97. The grapefruit, litchi and mango produced K, values of 2.70, 2.50, and 2.90 respectively. The derived
K, and K, information can assist irrigation managers optimize irrigation to promote productive water use in the
water scarce regions.

Extreme gradient boosting
Light gradient boosting machine learning

1. Introduction these shortages is the ever-increasing pressure for the limited resource
due to population growth, increased industrial activities, periodic
The agricultural sector in South Africa is under increasing threats droughts due to climate change impacts, among others (Dangare et al.,

from serious water shortages (Mabhaudhi et al., 2021). Aggravating 2018a; Mpakairi et al., 2025). The Inkomati-Usuthu Water Management
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Area in Mpumalanga, South Africa, is a main producer of subtropical
crops (Feliciano et al., 2025). These crops are mainly produced under
irrigation, and water resources in this catchment are nearly fully allo-
cated (Inkomati-Usuthu CMA Business Case, 2012). Furthermore,
climate change is anticipated to amplify evaporation, thereby reducing
available freshwater resources and increasing the water scarcity
(Bringhenti et al., 2025; Engelbrecht et al., 2024). Currently, little in-
formation exists on the water - use of these irrigated crops, which
adversely affects the sustainability and growth of the agricultural in-
dustry. This calls for improved irrigation efficiency in the region, leading
to a reduction in irrigation freshwater use and saving water needed to
support agricultural expansion (Reinders et al., 2013).

Evapotranspiration comprises of both evaporation (E) and transpi-
ration (T) (Taheri et al., 2025, 2022), which is a passive process
controlled by available energy, vapour pressure deficit, and constrained
by soil water availability (Sadras et al., 2020). Evapotranspiration in-
formation is very vital in irrigation scheduling. Additionally, formu-
lating irrigation schedules that optimize accessible water requires
information on crop yield responses to water, and this can be estimated
using empirical water-yield relation models (Paredes et al., 2014). The
crop yield models relate yield to either evapotranspiration (ET) or crop
transpiration (T) (Doorenbos and Kassam, 1979; Hanks, 1974; Jensen,
1968; Paredes et al., 2018; Stewart et al., 1977). The crop transpiration
(T) is preferred for yield modelling because it is directly related to the
crop yield development (Paredes et al., 2014). Crop transpiration occurs
at the same time with photosynthetic uptake of carbon dioxide through
the plant leaves stomatal openings, thus it is linked to the plant pro-
ductivity (Ding et al., 2013; Jones and Tardieu, 1998; Pieruschka et al.,
2010). Whole plant transpiration can be measured using sap flow sen-
sors (Capurro et al., 2024), and this can be scaled to the field level using
results from several sap flow sensors installed in the field (Bethenod
et al., 2000; Dzikiti et al., 2022). However, the use of multiple sap flow
sensors in transpiration measurement is expensive and requires complex
implementation (Ballester et al., 2013; Dangare et al., 2018b), thus
limiting their application in irrigation management. Therefore, an ac-
curate transpiration model that requires simple model inputs is needed
to estimate crop transpiration for yield modelling in a wide range of
cultivation environments (Bringhenti et al., 2025; Villalobos et al.,
2013).

The ET data is fundamental to the discernment and management of
water resources (Allen et al., 2011), and can be determined using two
primary techniques namely direct and indirect methods (Taheri et al.,
2025). Direct methods that measure ET include weighing lysimeters
(Marek et al., 1988), eddy covariance (Baldocchi et al., 1988), scintill-
ometry method (De Bruin et al., 1995), Bowen ratio (Bowen, 1926) and
surface renewal (Paw U et al., 1995), among others. Direct methods for
ET measurement are time-consuming, costly, and not readily available
in several regions (Li et al., 2025a; Tang et al., 2018). Thus, these direct
methods are however not suited for routine use in orchard water man-
agement. Indirect methods of determining ET apply mathematical
models (physical models) to compute the latent heat flux (Abdullah and
Malek, 2016). The ET can be determined using FAO-56 models (Allen
and Pereira, 2009; Er-Raki et al., 2010; Qiu et al., 2015; Wei et al.,
2013), however this has often led to incorrect water use estimates. This
is because the division of crop growth period and related crop co-
efficients are intimately linked to local climate and crop conditions
(Zhao et al., 2015). In recent years, technological advancements have
introduced machine learning (ML) techniques for modelling ET and T
(En-Nia et al., 2025; Li et al., 2025a). The ML techniques can model ET
and T owing to their ability to accurately capture complex non-linear
relationships between input and target variables (Hailegnaw et al.,
2025). For instance, support vector machine (SVM), extreme gradient
boosting (XGBoost), single-layer artificial neural network (ANN) and
deep neural network (DNN) were tested on modelling daily maize
transpiration with good accuracy using meteorological, soil water con-
tent and crop leaf area index input variables (Fan et al., 2021). In
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another study, four ML models, RF, SVM, XGBoost and backpropagation
neural network (BP) were used to model daily crop ET, using 3, 6, 9-fac-
tor  input combinations with substantial accuracy across several cli-
matic zones (Du et al., 2024). There is potential for further improvement
of the modelling methodology by coupling ML models with physical
models, thereby creating a hybrid model (He et al., 2024; Hu et al.,
2021). This is because ML models and physically based models are
complementary rather than being treated as two independent scientific
paradigms (Reichstein et al., 2019). Several studies have reported the
successful application of hybrid models (Bennett and Nijssen, 2021; He
et al., 2023, 2022; Koppa et al., 2022; Shang et al., 2023). For example,
Shang et al. (2023) developed two hybrid models to estimate regional ET
on the Tibetan Plateau. To the best of our knowledge, the comparison of
the accuracy of gradient boosting frameworks in modelling ET and T
have not yet been investigated on the economically important sub-
tropical crops in South Africa. Furthermore, a hybrid model has not yet
been developed to estimate yield response factors (K,) of subtropical
crops in South Africa. To improve knowledge on the subtropical crop
water-use and yield characteristics, the objectives of the current study
are: (1).To model ET for banana, grapefruit, litchi, mango and sugarcane
crops using light gradient boosting machine (LightGBM), random forest
(RF) and extreme gradient boosting (XGBoost) models, to gap fill the
eddy covariance ET measurements which spanned only a few months
per crop species per season.(2).To use the best performing model to
derive highly accurate crop coefficients.(3).To model T for grapefruit,
litchi and mango crops using light gradient boosting machine
(LightGBM), random forest (RF), extreme gradient boosting (XGBoost)
models and selecting the best performing T model for yield modelling.
(4).To formulate a hybrid water — yield model for deriving the grape-
fruit, litchi, and mango yield response factors by combining the empir-
ical water-yield relation with the best machine learning T model.

(1) To model ET for banana, grapefruit, litchi, mango and sugarcane
crops using light gradient boosting machine (LightGBM), random
forest (RF) and extreme gradient boosting (XGBoost) models, to
gap fill the eddy covariance ET measurements which spanned
only a few months per crop species per season.

(2) To use the best performing model to derive highly accurate crop
coefficients.

(3) To model T for grapefruit, litchi and mango crops using light
gradient boosting machine (LightGBM), random forest (RF),
extreme gradient boosting (XGBoost) models and selecting the
best performing T model for yield modelling.

(4) To formulate a hybrid water — yield model for deriving the
grapefruit, litchi, and mango yield response factors by combining
the empirical water-yield relation with the best machine learning
T model.

The derived information will provide accurate information on crop
water use and potential yield dynamics, hence allowing the farmers to
plan irrigation schedules that increase crop water productivity.

2. Materials and methods
2.1. Study site and plant material

The studies were conducted at Riverside farm, Malelane
(25.447924°S; 31.5547226°E and 144 m above sea level) and Welge-
legen farm, Komatipoort (25.50909°S; 31.94411°E and 173 m above sea
level) in the Mpumalanga province of South Africa (Fig. 1). The sites
were approximately 50 km apart, with the Riverside farm bordering the
Kruger National Park in Malelane and the Welgelegen farm located close
to the South Africa-Mozambique border. The sites were situated within
the summer rainfall region of South Africa, which receives most rain in
the months of November to March (Mangani et al., 2025; Ubisi et al.,
2020). Five crops were used in this study which comprised of four fruit
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Fig. 1. Study sites in Malelane and Komatipoort, Mpumalanga, South Africa.

(banana, grapefruit, litchi and mango) and sugarcane. The grapefruit,
litchi, mango and sugarcane study sites were located at Riverside farm,
Malelane while the banana study site at Welgelegen farm, Komatipoort,
Mpumalanga. A summary of the plant material and type of irrigation
methods used in this study are shown in Table 1. Irrigation for the crops
at both sites (Riverside and Welgelegen farms) were scheduled using the
DFM (Dirk Friedhelm Mercker, Westen Cape, South Africa) soil moisture
sensors. The study sites were selected because they are part of major
subtropical fruit producers which contribute substantially to the South
African agricultural export and local markets. Furthermore, the sites
were situated in a semi-arid zone which requires irrigation water sup-
plementation for growing the fruit crops (Camacho Suarez et al., 2015;
Dangare et al., 2024; Feliciano et al., 2025; Nel et al., 2024).

Table 1
Plant material and irrigation method.

2.2. Data

2.2.1. Microclimate

The microclimate data were measured at Riverside farm, Malelane
and Welgelegen farm, Komatipoort using automatic weather stations
which were mounted close to the orchards. The weather stations were
installed on an open space covered with short grass and all meteoro-
logical data were measured at a height of 2 m above the ground. The
monitored meteorological parameters included solar radiation, air
temperature, relative humidity, rainfall as well as windspeed and di-
rection. The solar radiation was measured using digital thermopile
pyranometer (CS320, Campbell Scientific, USA), air temperature and
relative humidity were measured using the digital temperature and
relative humidity probe (CS215, Campbell Scientific, USA), rainfall was
measured using an electronic tipping bucket rain gauge (TE25, Campbell
Scientific, USA), windspeed and direction were measured using a digital
sonic anemometer (ATMOS-22, METER Group, USA). The

Crop type Cultivar Rootstock Age (yrs) Orchard size (ha) Number of plants per hectare Plant height (m) Irrigation system
Banana Williams - 2 3.82 2222 4.0 Microsprinkler
Grapefruit Star Ruby C35/5 x 5B 14 6.25 476 2.9 Microsprinkler
Litchi Mauritius Mauritius 53 13.10 70 6.3 Microsprinkler
Mango Tommy Atkins - 39 9.50 303 4.7 Microsprinkler
Sugarcane N53 - 3 8.54 87 2.8 Drip
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meteorological sensors were connected to a CR1000 datalogger
(Campbell Scientific, USA) which was programmed to collect measure-
ments every 5 s and process hourly outputs. Historical hourly weather
data at the Riverside farm, Malelane site from the year 2014-2021was
provided by the Agricultural Research Council, South Africa (Moeletsi
et al., 2022). Average weather data coverage at each study site was
approximately 98 % with missing data caused by instruments failure.

2.2.2. Leaf area index (LAI)

The LAI for the banana, grapefruit, litchi, mango and sugarcane sites
was determined using the fractional vegetation cover (F.). The F, was
calculated using the Normalized Difference Vegetation Index (NDVD),
which was derived using Landsat 8 Tier 1 surface reflectance data (U.S.
Geological Survey). The Landsat 8 surface reflectance data were
downloaded in Google Earth Engine (GEE) and images of more than
20 % cloud cover were filtered out. The 20 % cloud mask was applied to
minimize the influence of cloud cover on the NDVI output. The NDVI
was calculated using the red and near infrared bands of the Landsat 8
surface reflectance data using Eq. 1:

NIR — R

NDVI = ———
v NIR +R

@
where NIR is the near infrared band, and R is the red band of the Landsat
8 satellite (Tucker, 1979; Yilgan et al., 2025). The Landsat 8 satellite
data were selected for computing NDVI in the current study because it
provided satellite coverage since 2013, which was essential for our crop
yield modelling.

The F, was calculated using Eq. 2:

NDVI — NDVIin

F=——— -~ """
¢ NDVIpax — NDVIpin

(2)

Where F, is the factional vegetation cover, NDVI is the normalized dif-

ference vegetation index, NDVI,;, is the minimum value of NDVI and

NDVI,,ax is the maximum value of NDVI (Gao et al., 2020; Wu et al.,

2025; Zhang et al., 2006). The values of NDVI,;, and NDVI,,, were

determined from the Landsat 8 datasets for the five sites (Table 2).
The LAI (m?/m?) was calculated using Eq. 3:

_ —In(1-F,)
LAI = —x

3
Where k is the extinction coefficient. A value of 0.5 was used for k in the
current study by assuming leaf with random distribution (Li et al., 2010;
Norman et al., 2003, 1995). We interpolated the Landsat 8 derived LAI
data to hourly data using the cubic spline interpolation method (Liu
et al., 2020).This was done to synchronize the meteorological and
remote sensing data to a consistent temporal scale.

2.2.3. Transpiration measurements

Transpiration in the grapefruit, litchi and mango orchards was
measured on four trees of different stem sizes per orchard using the heat
ratio method (HRM) sap flow method (Burgess et al., 2001). A metal
drilling template with three holes arranged in line and 5 mm apart was
used to guide the drill bit to make holes in the tree stems. The drilling
template was used to minimize errors due to HRM sap flow probes

Table 2

Normalized Difference Vegetation Index (NDVI) maximum, mean, minimum and
standard deviation values for banana, grapefruit, litchi, mango and sugarcane
fields.

Banana  Grapefruit Litchi Mango  Sugarcane
Minimum NDVI 0.36 0.32 0.19 0.30 0.24
Maximum NDVI 0.91 0.64 0.82 0.80 0.60
Mean NDVI 0.83 0.53 0.59 0.63 0.50
NDVI Standard 0.14 0.04 0.11 0.06 0.07

deviation
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misalignment (Dzikiti et al., 2018; Nel et al., 2024). Each instrumented
tree was implanted with four pairs of T-type thermocouples and four
heaters, which were arranged in the north, south, east and west di-
rections around the stem to measure the radial sap velocity of the stem.
Pairs of T-type thermocouples were installed upstream and downstream
of the central heater probes which were inserted inside brass sleeves to
facilitate effective heat transfer from the heat source.

For each instrumented tree, the T-type thermocouple pairs were
inserted at depths of 10, 20, 30, and 40 mm, respectively below the tree
bark. The thermocouples and heaters were connected to the tree boxes
which were controlled by CR1000 dataloggers (Campbell Scientific,
USA) through the AM16/32B multiplexers (Campbell Scientific, USA).
The CR1000 (Campbell Scientific, USA) data loggers were programmed
to control hourly sap flow measurements. The measured sap velocity
was corrected for tree wounding due to hole drilling and sap flow probes
insertion using the method proposed by Swanson and Whitfield (1981).
The conducting sapwood for grapefruit and mango was established by
injecting a weak solution of methylene blue dye into the tree stems. The
process was followed by collecting a stained wood sample above the dye
injection points using a stem corer. The conducting sapwood for the
litchi was determined by visual inspection of the changes in the colour of
a slice of wood that was cut from the tree stem. The method was adopted
because the colour of the litchi wood obscured a clear identification of
several dyes staining. Sap flow volume (L/tree/h) for each instrumented
tree was calculated as a weighted sum of the products of the corrected
tree sap velocity at each thermocouple probe depth and the sapwood
area represented by the respective probe (Dzikiti et al., 2018, 2017). The
transpiration for the grapefruit, litchi, mango orchards in equivalent
water depth units (mm/h) was calculated from the hourly sap flow
volumes by using the number of trees per hectare in each stem diameter
class divided by one hectare area (Nel et al., 2024; Ntshidi et al., 2021).

2.2.4. Evapotranspiration measurements

The evapotranspiration for grapefruit, litchi and mango orchards
was measured on selected days (Table 3) using an eddy covariance (EC)
flux tower. The flux tower was equipped with an open path eddy
covariance system which comprised an IRGASON (Campbell Scientific,
USA) which was connected to an EC100 (Campbell Scientific, USA)
control system. The IRGASON comprised of a 3-dimensional sonic
anemometer for measuring 3-dimensional components of windspeed
and an infrared gas analyzer (IRGA) for measuring the concentration of
water vapour and carbon dioxide in the atmosphere at a frequency of
10 Hz.

The IRGASON was mounted at a height of 1.5 m above the tree
canopies facing in the direction of the prevailing wind, giving a flux
footprint of approximately 150 m around the EC flux tower. The tower
was equipped with additional sensors which included a net radiometer
(NR-LITE2, Kipp & Zonen, Netherlands), two soil heat flux plates
(HFPO1, Hukseflux, Netherlands), two soil moisture sensors (CS616,
Campbell Scientific, USA), temperature and relative humidity sensor
(EE181, Campbell Scientific, USA), and averaging soil thermocouple
probe (TCAV, Campbell Scientific, USA). The NR-LITE2 was mounted at
a height of about 9.6 m to measure the orchard net radiation, HFPO1
sensors were installed at a depth of about 8 cm to measure the soil heat
flux, soil moisture content was measured above the HFPO1 sensors using

Table 3
Orchard evapotranspiration measurement campaigns.

Orchard Evapotranspiration measurement campaign period
Banana 4 May 2022-30 September 2023
Grapefruit ~ 6-9 December 2022; 7-21 March 2023

Litchi 16-31 July 2022; 20 September 2022-18 October 2022; 14 November
2022-1 December 2022

3-28 March 2022; 11 April 2022-30 May 2022; 26 June 2022-3 July
2022

14 October 2023-1 February 2024

Mango

Sugarcane
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CS616 sensors, and TCAV was installed at depths of 2 and 6 cm for
correcting the measured soil heat fluxes. All high and low frequency data
were stored onto a 2 GB secure digital (SD) card which was connected to
a CR3000 datalogger (Campbell Scientific, USA). The EC fluxes were
collected and corrected for coordinate rotations, spikes, among others
using the EasyFluxDL CR3000P software (Campbell Scientific, USA)
which was installed on the CR3000 datalogger (Bambach et al., 2022;
Dzikiti et al., 2018; Gush and Taylor, 2014; Mashabatu et al., 2025;
Pagano et al., 2023). Average Eddy Covariance data coverage at each
study site was approximately 94 %, with missing data caused by in-
struments failure. The flux data for all the sites were filtered using the
quality flags as described by Foken et al. (2012). Data of good quality
(flags 0-4) according to the Foken et al. (2012) quality flagging system
were used for further analysis, and the remaining data were discarded
(Maluleke et al., 2025). Linear interpolation was used to fill data gaps
shorter than 2 h (Li et al., 2025b), and longer data gaps were filled using
the REddyProc method (Wutzler et al., 2018). The eddy covariance data
were corrected for energy imbalance using the Bowen ratio method
(Twine et al., 2000).

Evapotranspiration for the banana and sugarcane fields were
measured using the surface renewal (SR) method (Paw U et al., 1995;
Snyder et al., 1996). The ET for banana field was measured from May
2022 to September 2023, while that of sugarcane was measured from
October 2023 to February 2024 (Table 3). A 6 m tall SR flux tower was
installed at the centre of the field, and this was equipped with two type-E
fine-wire thermocouples (Campbell Scientific, USA) which were moun-
ted on extension arms above the crop canopy. Additionally, the SR tower
was equipped with a 4-component net radiometer (CNR4, Kipp & Zonen,
Netherlands) which was extended above the crop to measure the field
net radiation. In the banana field, two type-E fine-wire thermocouples
were installed facing the direction of the prevailing wind at heights of
5.15 and 5.65 m, respectively above the ground. In the sugarcane field,
the type-E fine-wire thermocouples were installed facing the direction of
the prevailing wind at heights of 4 and 4.5 m respectively above the
ground. The maximum crop height for banana and sugarcane is shown in
Table 3. The height for the two crops was measured every month using a
height gauge and the missing height values were interpolated using the
cubic spline. The fine-wire thermocouples were installed to make high
frequency air temperature measurements above the crop canopy at
different heights and time lags, thereby facilitating the accurate deter-
mination of the best parameters for calculating field sensible heat flux.
Measurements of the air temperature were conducted at a frequency of
10 Hz and time lags of 0.4 s and 0.8 s, respectively. The high and low
frequency data measured at intervals of 100 ms and 30 min respectively,
were stored onto a 2 SD card which was connected to a programmed
CR1000 datalogger (Campbell Scientific, USA). An open path EC system
which comprised of an IRGASON (Campbell Scientific, USA) was
mounted on the SR tower at the height of the lower fine-wire thermo-
couple for three days from 30 January to 1 February 2024 owing to
equipment shortages. This was done to obtain direct measurements of
the field sensible heat flux which were used to calibrate the SR measured
sensible heat flux. The calibration process involved plotting a regression
graph between the EC sensible heat flux and SR sensible heat flux, then
using the slope of the graph as a calibration factor () to correct the SR
sensible heat flux measurements. The field ET was calculated as a re-
sidual of the energy balance equation, assuming that the soil heat flux
was 10 % of the field net radiation (Masanganise et al., 2022; Meyers
and Hollinger, 2004) as these data were not measured at this site.

2.3. Machine learning (ML) models

We applied three machine learning models namely light gradient
boosting machine, random forest and extreme gradient boosting to
model ET and T in the current study. These tree-based machine learning
models were selected because they possess excellent computational ef-
ficiency and reliable accuracy (Zhao et al., 2024). Description of the ML
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models are as follows:

2.3.1. Light gradient boosting machine (LightGBM)

The LightGBM is a powerful gradient-boosting framework that uti-
lizes tree-based learning algorithms in machine learning (Alsulamy,
2025; Daniel, 2024). The LightGBM has outstanding computational ef-
ficiency and reduces memory usage (Ke et al., 2017). Furthermore, the
model integrates Gradient-based One-Side Sampling (GOSS) and
Exclusive Feature Bundling (EFB) (Alsulamy, 2025; Yaseen and Alha-
limi, 2025). During the data sampling process, the GOSS technique re-
tains samples with greater gradient values and randomly samples those
that possess smaller gradient values. The approach reduces computa-
tional load, while ensuring the model training accuracy.

The EFB technique minimizes the complexity of the model training
by reducing the dimensionality of the feature space through bundling of
mutual exclusive features. Additionally, the LightGBM employs a
histogram-based decision tree algorithm to obtain optimal splitting
points, thereby allowing it to efficiently process large datasets (Ma et al.,
2025). The LightGBM model optimizes the following objective function
to update the model:

n N
7=y + Y Q) 4
i=1 k=1

Where 7 is the objective function, /(y;,y;) is the loss function, y; is the
prediction for instance i, Q(f) is the regularization term for the k-th tree
fx, n is the number of instances, N is the number of trees, and y; is the
actual value for the i-th observation (Alsulamy, 2025; Ismail et al., 2024;
Ma et al., 2025).

2.3.2. Random forest (RF)

Random Forest (RF) is a sophisticated ensemble learning algorithm
that is based on decision trees (Breiman, 2001; Imani et al., 2025; Wang
et al., 2020). The RF model applies the Bootstrap Aggregating (bagging)
technique to combine multiple decision trees to enhance predictive
performance of the model (Kouloumpris and Vlahavas, 2025; Yang
et al., 2025). The RF possesses powerful interpretability, avoids over-
fitting problems, is less prone to data noise and outliers, among others
(Yu et al., 2025). The final prediction of a RF model is given by:

1 N
y=52_Tix) 5

Where ¥ is the mean of the output of the individual trees used, T;(x) are
the results from each tree, and N is the number of samples (Imani et al.,
2025; Yaseen and Alhalimi, 2025).

2.3.3. Extreme gradient boosting (XGBoost)

The Extreme Gradient Boosting model is a tree-based and machine
learning algorithm (Chen and Guestrin, 2016; EL Bilali et al., 2025). The
XGBoost constructs an ensemble of weak learners (decision trees)
sequentially, with each tree rectifying the errors of its predecessor. The
process creates a strong predictive model for both regression and clas-
sification tasks (Aldosary et al., 2025; Lavaei et al., 2025). Additionally,
the XGBoost prevents overfitting during model training by pruning trees
and it controls model complexity via limiting the tree depth (Alsulamy,
2025). It also applies advanced techniques such as parallelization and
handles missing data values, rendering it suitable for large and complex
datasets (Fayzullo et al., 2025; Lavaei et al., 2025; Niazkar et al., 2024).
The XGBoost algorithm is an iterative technique that aims to sequen-
tially minimize the objective function given in Eq. 6:

Z(6) = i/@i,?i)+ XN:Q(ff) v
i=1 =t

Where () is the objective function, /(y;,y;) is the loss function, y; is
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the prediction for instance i, Q (f}) is the regularization term for the j-th

tree fj, n is the number of instances, N is the number of trees, and y; is the
actual value for the i-th observation (Amiri-Ramsheh et al., 2025; Nagro,
2025; Qin et al., 2025; Sadig et al., 2025; Tolun et al., 2025; Zhang et al.,
2025).

2.4. Model development

2.4.1. Evapotranspiration, transpiration, crop coefficient and yield
modelling

We proposed three ML models (LightGBM, Random Forest, and
XGBoost) for estimating ET and T for banana, grapefruit, litchi, mango
and sugarcane (Fig. 2). The best performing ML models for ET were used
to derive the crop coefficients for the five crops (banana, grapefruit,
litchi, mango and sugarcane). Hybrid models for modelling grapefruit,
litchi and mango yield were created by combining the empirical water-
yield equation (Giménez et al., 2016; Paredes et al., 2014), with the best
performing ML models for T (Fig. 2).

The yield modelling for banana and sugarcane was excluded from the
study because their yield data were not available. The T was used for
yield modelling because it is directly connected to the crop yield
development (Sinclair et al., 1984). The set of input variables for ML
models (Fig. 2) were chosen because they defined crucial factors in the
ET and T dynamics.

The hourly ET and T for the crops were modelled using Eqs. 7 and 8
respectively,

ET ~ ML(LAL R;, Tmin, Tavgs Tmax, RHa, Ung, dv) )
T~ ML(R57 LA Tavg7 RH,, Uavg) ®

Where ML are the LightGBM, RF, XGBoost machine learning models,
Rs(W/m?) is the solar radiation, LAI is the mean monthly leaf area index,
Trin (°C)is minimum air temperature, Ty, (°C) is the mean air temper-
ature, Tmax (°C) is maximum air temperature, RH, (%) is the mean
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relative humidity, Ugyg (m/s) is the mean windspeed at 2 m height, and
d, is relative distance between the earth and the sun. The yield response
factor (K,) for each crop was estimated using the hybrid model in Eq. 9:

v\ T,
(1 ‘Y—m) *Ky(l ‘f) ©

Where Y, is the actual seasonal yield (tonne/ha), Yy, is the seasonal
maximum (expected) yield (tonne/ha), T. is the seasonal maximum
transpiration (mm), and T, is the seasonal transpiration (mm). The K,

for each crop was calculated as the slope of the linear plot of (1 —‘f—;)

against (1 7%) , forced through the origin. The T, was calculated as the

seasonal total of the hourly T which was predicted using the best per-
forming ML in Eq. 8. The Y;, and T, values are shown in Table 6, and
these were obtained from the 10-year historic yield and modelled T,
data from different orchards at the farm. To gain further insights on the
modelled K, to the uncertainties in transpiration, we performed sensi-
tivity tests on the water — yield model (Eq. 9). The sensitivity test
involved varying the T, for each crop by + 5 % while keeping the T, Y,
Y, fixed and observing the changes in K, (Table 6).
The yield for each crop was estimated using Eq. 10:

YKy (T, — Ta)

Yo=Yn T, (10)
The crop coefficient, K. was calculated using the equation:
ET
K. = 11
< =BT, an

Where ET, (mm) is the evapotranspiration for well-irrigated short grass
uniformly covering the whole soil surface that is used as a reference
(Allen et al., 1998). The monthly ET, was taken as the the cumulative
total of the hourly ET,, calculated using the automatic weather station
data. ET, (mm) is the crop evapotranspiration which was modelled using

Meteorological Input data

Leaf area index input data

Rs, dr» Tmaxv Tmin, Tavga Rl'lmax, RHa, RHmin Uavg

Measured
evapotranspiration and
transpiration data input

A\ 4 \ 4

([ Datais splitinto training and i<
Machine learning models | Vvalidation in the ratio 80:20
» LightGBM - N
« Random Forest ﬁ Model optimization =+ — e ++ Bayesian hyperparameter
* XGBoost \ y optimization
[ Model training using training
L data set )
@ N\
Models validated using | _ _ _ .
independent validation data set : Key :
4 : Rs  : Solar radiation :
* | RHmax & RHyyjp : Maximum and minimum relative humidity |
[ . : Uavg : Mean windspeed at 2 m height !
1 Thhax & Tipin : Maximum and minimum air temperature 1
Selection of the best performing : Tavg : Mean air temperature :
model based on evaluation I'd, :Relative distance between the earth and the sun X
metrics : NDVI: Normalized difference vegetation index :
L el !

Fig. 2. Development framework for the orchard crop coefficients and crop yield response factors.
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best performing ML model. Monthly ET. was taken as the cumulative
total of the modelled hourly ET..

We used LightGBM, RF and XGBoost machine learning models from
the Python (v3.12.6) scikit-learn library to construct the ET and T
models in PyCharm Community Edition (version 2025.1). The measured
datasets for ET and T were divided into training and validation sets in
the proportion 80:20 %, respectively. In the model development, 80 %
of the data was assigned for model training to allow the models to learn
reliable data patterns, and the remaining 20 % was assigned for esti-
mating the model performance.

Additionally, a random state of 42 was applied to ensure that the
model was dependable and reproducible (Yaseen and Alhalimi, 2025).
To ensure reliability, all the ML models were optimized using the
Bayesian hyperparameter optimization (Abbassi and Cheng, 2025; Chen
et al., 2025). The Bayesian hyperparameter optimization was conducted
on the ML models within the training datasets using the Optuna
hyperparameter optimization framework (Akiba et al., 2019; Shen et al.,
2025), in the scikit-learn machine learning library. We adopted the
10-fold cross validation (Pande et al., 2025), to randomly evaluate the
performance of the ML models using the testing datasets (80 % of the
measured data). An independent validation was performed on the
developed ML models using the validation data (20 % of the measured
data) to estimate the performance of the developed models on unseen
data.

2.4.2. Model explanation: shapley additive exPlanations (SHAP) method

Ensemble ML models are complex models, which often operate as
“black boxes” as it is difficult to understand how they reach their pre-
dictions (Pervez and Jamal, 2025). Various methods have been proposed
to assist users interpret the complex models’ predictions, and these
include Shapley Additive exPlanations (SHAP) (Lundberg and Lee,
2017). The SHAP method is based on cooperative game theory, and it
utilizes Shapley values to assess the significance of the ML model input
features (Zhang et al., 2025). In the SHAP framework, the ML model
input parameters are regarded as players, and the ML model outputs are
regarded as the game. The Shapley value then determines the contri-
butions of the players (ML model input parameters) to the game (ML
model outputs) (Zheng et al., 2023). The SHAP value for model input
feature i is calculated using the equation:

! —ISI=1)!
S %[k&u (i —k(S))] a2
SCN\{i} ’

Where ¢; is the SHAP value for feature i, S is a subset of features
excluding i, N is the set of all the features, and k(S) is the value function
for the subset S (Nohara et al., 2022; Wang et al., 2025; Zheng et al.,
2023). In the current study, we used the SHAP summary plots to
investigate the importance ranking of the ML models input features and
how they influence the predicted outputs.

2.4.3. Model evaluation metrics

The developed ML models were evaluated for predicting ET and T
measurements, using the coefficient of determination, R? (Liao et al.,
2025); root mean square error, RMSE (Karunasingha, 2022; Liu et al.,
2025); mean absolute error, MAE (Ahmed et al., 2025), and Kling-Gupta
efficiency, KGE (Gupta et al., 2009; Mohammadi et al., 2025). The R?
has a range of 0-1, with values closer to 1 indicating a near perfect
relationship and absence of statistical correlation between the measured
and modelled data respectively (Barzegar et al., 2016). A RMSE value
close to zero indicates a good model prediction (Alhakeem et al., 2022).
The MAE has a range of 0 to infinity (o), with a value of 0 showing a
perfect relationship between the measured and modelled data (Duarte
etal., 2019). The KGE has arange of — oo to 1, with a value of 1 showing
a perfect relationship between measured and modelled data (Zhang
et al., 2025). The R?, RMSE, MAE, and KGE were calculated using Eqs. 13
-16:
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RP=1- (13)

RMSE = (14)
Z lyi — ¥il

MAE = % (15)

o 2 " 2
KGE_I—\/(r—1)2+(6—p —1) +(M—"— ) 16)

Where y; is the measured value, ¥; is the modelled value, y is the mean of
measured values, n is the number of observations, r is the Pearson cor-
relation coefficient, o, is standard deviation of the predictions, y, is the
mean value of the predictions, o, is standard deviation of the observa-
tions and y, is mean value of the observations. The overall model per-
formance was determined by calculating the R%, RMSE, MAE and KGE of
each of the 10 test subsets. Finally, the reported evaluation metric was
calculated as an average of the 10 subsets evaluation metrics to produce
a good estimate of the model performance.

3. Results
3.1. Microclimate

The monthly summary of the weather conditions measured at the
two study sites (Riverside farm, Malelane and Welgelegen farm,
Komatipoort) between September 2021 and September 2023 is shown in
Fig. 3. The monthly trend of the average solar radiation produced
maximum and minimum values in the summer and winter months,
respectively. The maximum monthly average solar radiation was
recorded in February 2022 with a value of 21 MJ/m?/d and a minimum
value of 11.6 21 MJ/m?/d occurring in May 2023. The monthly average
maximum and minimum temperature patterns followed that of the solar
radiation. The monthly average maximum temperature ranged between
33.9 and 24.6 °C, while minimum temperature ranged between 20.7 and
11.3 °C, respectively in the summer and winter seasons. The study sites
received rain throughout the study period except in the month of August
2023, with maximum rainfall recorded in the summer seasons. A value
of 461 mm was recorded in February 2023, and this was exceptionally
higher than the value of 203 mm recorded in January 2022. The dif-
ference was mainly caused by a single storm that occurred in February
2023, causing widespread flooding.

3.2. Orchard leaf area index (LAI)

The Landsat 8 derived NDVI was used to calculate the monthly
average orchard LAI from January 2015 to December 2024, and the LAI
used for the ML models’ development is shown in Fig. 4. A summary of
the banana, grapefruit, litchi, mango and sugarcane field maximum
NDVI, minimum NDVI, mean NDVI and NDVI standard deviation is
shown in Table 2. Monthly average field LAI ranged between 0.09 and
6.6 m?/m? for banana, 1.3 and 4.3 m?/m? for grapefruit, 1.9 and 5.3 m?/
m? for litchi, 2.0 and 4.7 m?>/m? for mango, 0.2 and 4.3 m?/m? for
sugarcane. The monthly average LAI was used to model both the field ET
and tree T. The minimum monthly average LAI value for banana in
September — October 2021 coincided with the crop planting period. The
minimum monthly average LAI values for sugarcane in June 2022 and
July 2023 coincided with the field harvesting periods.
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Fig. 4. Monthly average orchard leaf area index for banana, grapefruit, litchi, mango, sugarcane, calculated using Normalized Difference Vegetation Index (NDVI)

derived from Landsat 8 data.

3.3. Comparison of the evapotranspiration and transpiration models

To select the best models for predicting ET and T, three ML models
namely LightGBM, RF and XGBoost were investigated. The best per-
forming models were selected based on statistical metrics between the
measured and modelled data. Five LightGBM, RF, and XGBoost ET
models respectively, were trained using the measured ET data for ba-
nana, grapefruit, litchi, mango, and sugarcane. Additionally, three
LightGBM, RF, and XGBoost T models respectively, were trained using
the measured T data for grapefruit, litchi and mango trees. Bayesian
optimization was applied to each model to search for optimal parame-
ters, and the resulting hyperparameters are shown in Table 7 — 12
(supplementary material). To evaluate the developed ET and T models’
robustness, we conducted a 10-fold cross-validation on the training
datasets for the crops. The 10-fold cross-validation involved dividing the

training datasets into 10 subsets. At each moment the model was trained
using 9 subsets and the remaining one was used for model testing. The
independent validation was conducted on the developed models using
the validation datasets to evaluate the performance of the models on
unseen data. The calculated metrics for all the ET and T models are
shown in Table 4 and Table 5, respectively. The scatter plots for the
relationship between measured and modelled ET and T for the training
and validation datasets are shown in Fig. 5, Fig. 6 and Fig. 11-14
(supplementary material).

In the model validation, the LightGBM and XGBoost banana evapo-
transpiration models produced similar model performance statistics,
and they both outperformed the RF banana evapotranspiration model.
The LightGBM and XGBoost banana evapotranspiration models pro-
duced an R? of 0.90, RMSE of 0.08 mm/h, MAE of 0.04 mm/h, and KGE
of 0.93 when compared to the measured banana ET data (Fig. 5f and
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Table 4
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Evaluation metrics for the LightGBM, Random Forest and XGBoost evapotranspiration models.

Models Cross validation Independent validation

R2 RMSE MAE KGE R2 RMSE MAE KGE
Banana LightGBM 0.91 0.07 0.04 0.94 0.90 0.08 0.04 0.93
Grapefruit LightGBM 0.93 0.03 0.02 0.93 0.93 0.03 0.02 0.93
Litchi LightGBM 0.92 0.03 0.02 0.93 0.89 0.03 0.02 0.93
Mango LightGBM 0.88 0.04 0.02 0.91 0.89 0.04 0.02 0.91
Sugarcane LightGBM 0.85 0.09 0.05 0.88 0.83 0.10 0.06 0.88
Banana Random Forest 0.91 0.07 0.03 0.93 0.90 0.08 0.04 0.92
Grapefruit Random Forest 0.93 0.04 0.02 0.92 0.92 0.04 0.02 0.91
Litchi Random Forest 0.89 0.03 0.02 0.86 0.87 0.03 0.02 0.87
Mango Random Forest 0.87 0.04 0.03 0.87 0.89 0.04 0.03 0.87
Sugarcane Random Forest 0.84 0.10 0.05 0.85 0.80 0.11 0.06 0.84
Banana XGBoost 0.91 0.07 0.04 0.94 0.90 0.08 0.04 0.93
Grapefruit XGBoost 0.90 0.04 0.03 0.90 0.91 0.04 0.03 0.89
Litchi XGBoost 0.92 0.03 0.02 0.93 0.89 0.03 0.02 0.93
Mango XGBoost 0.89 0.04 0.02 0.91 0.90 0.04 0.02 0.91
Sugarcane XGBoost 0.86 0.10 0.05 0.88 0.83 0.10 0.06 0.88

Table 5

Evaluation metrics for the LightGBM, Random Forest and XGBoost transpiration models.

Models Cross validation Independent validation

R2 RMSE MAE KGE R2 RMSE MAE KGE
Grapefruit LightGBM 0.95 0.02 0.01 0.96 0.95 0.02 0.01 0.97
Litchi LightGBM 0.90 0.02 0.01 0.92 0.90 0.02 0.01 0.93
Mango LightGBM 0.96 0.02 0.01 0.97 0.96 0.02 0.01 0.97
Grapefruit Random Forest 0.95 0.02 0.01 0.95 0.95 0.02 0.01 0.95
Litchi Random Forest 0.89 0.02 0.01 0.91 0.89 0.02 0.01 0.91
Mango Random Forest 0.96 0.02 0.01 0.96 0.95 0.02 0.01 0.96
Grapefruit XGBoost 0.95 0.02 0.01 0.96 0.95 0.02 0.01 0.96
Litchi XGBoost 0.90 0.02 0.01 0.92 0.90 0.02 0.01 0.92
Mango XGBoost 0.96 0.02 0.01 0.97 0.96 0.02 0.01 0.97

Fig. 13(f8) in supplementary material).

The grapefruit LightGBM evapotranspiration model outperformed
both the grapefruit RF and XGBoost evapotranspiration models,
respectively producing an R? of 0.93, RMSE of 0.03 mm/h, MAE of
0.02 mm/h, and KGE of 0.93 when compared to the measured grapefruit
ET data (Fig. 5g). The litchi LightGBM and XGBoost evapotranspiration
models produced similar model performance statistics and out-
performed the litchi RF evapotranspiration model. The LightGBM and
XGBoost evapotranspiration models produced an R? of 0.89, RMSE of
0.03 mm/h, MAE of 0.02 mm/h, and KGE of 0.93 when compared to the
measured litchi ET data (Fig. 5h and Fig. 13(h8) in supplementary
material). For mango crop, the XGBoost evapotranspiration model out-
performed both the mango LightGBM and RF evapotranspiration
models, producing an R?> of 0.90, RMSE of 0.04 mm/h, MAE of
0.02 mm/h, and KGE of 0.91 when compared to the measured mango ET
data (Fig. 13(i8) in supplementary material). The sugarcane LightGBM
and XGBoost models produced similar model performance statistics and
outperformed the sugarcane RF evapotranspiration model. The sugar-
cane LightGBM and XGBoost models produced an R? of 0.83, RMSE of
0.10 mm/h, MAE of 0.06 mm/h, and KGE of 0.88 when compared to the
measured sugarcane ET data (Fig. 5j and Fig. 13(j8) in supplementary
material). Consequently, LightGBM was selected for modelling the ba-
nana, grapefruit, litchi and sugarcane crop coefficients because of good
performance, computational speed and light memory usage. The
XGBoost was used for modelling the mango crop coefficients because it
outperformed the LightGBM and RF evapotranspiration models.

In the validation of the grapefruit T model, the LightGBM out-
performed both the grapefruit RF and XGBoost transpiration models,
producing an R? of 0.95, RMSE of 0.02 mm/h, MAE of 0.01 mm/h, and
KGE of 0.97 when compared to the measured grapefruit T data (Fig. 6
(d1)). The litchi LightGBM transpiration model outperformed the litchi
RF and XGBoost transpiration models, producing an R? of 0.90, RMSE of

0.02 mm/h, MAE of 0.01 mm/h, and KGE of 0.93 when compared to the
measured litchi T data (Fig. 6(el)). The mango LightGBM and XGBoost
transpiration models produced similar model performance statistics and
outperformed the mango RF transpiration model. The mango LightGBM
and XGBoost transpiration models produced an R? of 0.96, RMSE of
0.02 mm/h, MAE of 0.01 mm/h, and KGE of 0.97 when compared to the
measured mango T data (Fig. 6(f1) and Fig. 14(f9) in supplementary
material). Therefore the LightGBM transpiration model was selected to
model T, in Eqs. 9 and 10 owing to its good performance, computational
speed and low memory usage.

3.4. Machine learning model interpretability

In the current study, we investigated the contributions of the input
features to the selected banana, grapefruit, litchi, mango, and sugarcane
ET models output using SHAP heat maps (Fig. 7(a2) - (e2)). The hori-
zontal axis of the SHAP heatmap indicate instance samples, vertical axis
indicates the model inputs, and the SHAP values are encoded on a colour
scale. The deeper and lighter colours denote stronger and weaker im-
pacts of input features on model output, respectively. The output of the
model is shown above the heatmap matrix, and the global importance of
each model input is shown as a bar plot on the right-hand side of the
heatmap plot. We used the layered violin summary plots to investigate
the significance of model inputs and establish their effects on modelled T
(Fig. 8(a3) - (c3)). The violin summary plot provides a concise repre-
sentation of the distribution and variability of SHAP values for each
model input. The magnitude of the SHAP value is displayed on the
horizontal axis, with negative and positive values indicating a negative
and positive influence on the modelled output, respectively.

The banana, grapefruit, litchi, mango, and sugarcane ET models
heatmaps indicated that SHAP values for the input features produced
alternating colours indicating variable contributions to the model
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Fig. 5. (continued).

output. In all the five crop ET models, R; produced the deepest red and
blue colours which coincided with the high and low model outputs,
respectively. The deep red and blue colours implied a strong positive and
negative effect on the ET model output, respectively (Fig. 7(a2) - (e2)).
The bar plots displaying the mean absolute SHAP values for each ET
model input are shown in Fig. 7(f2) — (i2). These bar plots provided a
ranking of the model input features, ordered by the size of the calculated
mean absolute SHAP values. The input feature with the largest mean
absolute SHAP value had the greatest contribution to the model pre-
diction. The bar plots indicated that the Ry had the largest influence on
the five ET model outputs as compared to the other model inputs.
Additionally, the other model inputs () varied in importance to the ET
model output between the crops (Fig. 7(f2) - (i2)). The violin summary
and bar SHAP plots for grapefruit, litchi and mango T modelling are
shown in Fig. 8(a3) - (f3). The R, had the highest ranking on the list of T
model inputs for the 3 crops (grapefruit, litchi, and mango), with high
and low R, values producing a positive and negative effect on the
modelled output respectively (Fig. 8(a3) - (¢3)). This implied that R, had
the largest influence on the modelled output as compared to other model
inputs (LAI, Tayg, RHg, Uqy). Additionally, the influence of the other
predictors (LAI, Ty, RHg, Ugyg) on the modelled T varied among the
three crops (Fig. 8(d3) - (f3)).
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3.5. Evapotranspiration and crop coefficients

The ET for banana, grapefruit, litchi, sugarcane were modelled using
the LightGBM evapotranspiration models, and the mango ET was
modelled using the XGBoost evapotranspiration model following the
outcome of the performance of ML models in predicting crop ET. The
modelled monthly ET for banana, grapefruit, litchi, mango, and sugar-
cane followed the reference evapotranspiration trend between
September 2021 and September 2023 (Fig. 9(a4) - (e4)), implying that
the crops had a positive response to the changes in the atmospheric
evaporative demand. The mean annual ET for banana, grapefruit, litchi,
mango and sugarcane was approximately 1524 mm, 824 mm, 639 mm,
960 mm, and 1137 mm, respectively. Among the five crops, banana had
the largest cumulative ET, followed by sugarcane, mango, grapefruit,
and then litchi. The derived monthly crop coefficients for banana,
grapefruit, litchi, mango, and sugarcane are shown in Fig. 9(f4) - (j4).
The crop coefficient (K.) for each crop was calculated by dividing the
modelled ET with reference evapotranspiration (ET,). The banana K,
varied throughout the study period, producing a maximum and mini-
mum value of approximately 1.3 and 0.92, respectively (Fig. 9(f4)). The
grapefruit K, varied throughout the period September 2021 and
September 2023, with K, values ranging between 0.53 and 0.75 (Fig. 9
(g4)). The litchi K, values ranged between 0.40 and 0.57 for the period
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Fig. 6. Performance of the LightGBM learning model in predicting transpiration using 10-fold cross-validation for (al) grapefruit, (b1) litchi, (c1) mango, and the
corresponding model independent validation for (d1) grapefruit, (e1) litchi, (f1) mango, respectively.
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Fig. 7. SHAP heatmap and bar plot of the evapotranspiration prediction for banana, grapefruit, litchi, mango, and sugarcane.

September 2021 to September 2023 (Fig. 9(h4)). The mango K, values ranged between 0.63 and 0.84 for the period September 2021 to
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Fig. 7. (continued).

September 2023 (Fig. 9(i4)). The sugarcane K, varied between 0.62 and
1.16 between September 2021 and September 2023 (Fig. 9(j4)).
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Fig. 9. The variation of the monthly total reference evapotranspiration and modelled evapotranspiration for (a4) banana, (b4) grapefruit, (c4) litchi, (d4) mango,

(e4) sugarcane and the corresponding derived monthly crop coefficients for (f4) banana, (g4) grapefruit, (h4) litchi, (i4) mango, and (j4) sugarcane.
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3.6. Crop yield response factor

The K, was taken as the slope of the linear regression graph which
was plotted using Eq. 9. The K, was derived and validated using
measured yield and modelled transpiration data from different orchards.
The grapefruit, litchi and mango produced K, values of 2.70, 2.50, and
2.90 respectively. The sensitivity test indicated that +5 % change in
grapefruit T,, produced a 43 and 21 % change in grapefruit K, respec-
tively. A £ 5 % change in litchi T, produced a 13 and 11 % change in
litchi K, respectively. A + 5 % change in mango T, produced a 35 and
21 % change in mango K, respectively. The derived K, values are shown
in Table 6. The developed K, values excluding the sensitivity tests
derived K, values were used to model the crop yield (Eq. 10). The
validation of yield modelled using grapefruit K, produced an R? of 0.81,
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(continued).

RMSE of 4.49 tonne/ha, MAE of 3.84 tonne/ha, and KGE of 0.74 when
compared to the measured grapefruit yield data (Fig. 10(a5)). The
validation of yield modelled using litchi K, produced an R? of 0.87,
RMSE of 0.78 tonne/ha, MAE of 0.59 tonne/ha, and KGE of 0.92 when
compared to the measured litchi yield data (Fig. 10(b5)). The validation
of yield modelled using mango K, produced an R? of 0.83, RMSE of 2.79
tonne/ha, MAE of 2.23 tonne/ha, and KGE of 0.88 when compared to
the measured mango yield data (Fig. 10(c5)). Thus, the derived K,
values for grapefruit, litchi and mango produced good results in
modelling yield.

4. Discussion

Accurate and timely prediction of orchards ET is vital for productive

Table 6
Seasonal maximum yield (Y;,), seasonal maximum transpiration (T.), seasonal transpiration (T,) and the water — yield response factor (K, ) for the grapefruit, litchi and
mango.
Crop Ym (tonnes/ha) T. (mm/yr) K,y (using T,) K, (using 1.05T,) K, (using 0.95T,)
Grapefruit 90 600 2.70 3.86 2.13
Litchi 30 500 2.50 2.87 2.26
Mango 55 550 2.90 3.91 2.30
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irrigation management (Belarbi and El Younoussi, 2025; Rahman et al.,
2025). Recent advancements in ML have provided improved ET pre-
dictive capabilities as compared to the traditional ET models, due to the
ML capabilities in capturing intricate connections between various
predictor variables and ET (Afridi et al., 2025; Dangare et al., 2025).
In the current study, the validation of the five ET models used for
calculating the crop coefficients for banana, grapefruit, litchi, mango,
and sugarcane produced an R? > 0.83, RMSE < 0.10 mm/h, MAE <
0.06 mm/h, and KGE > 0.88. Additionally, the LightGBM transpiration
models used for yield modelling produced an an R? > 0.90, RMSE =
0.02 mm/h, MAE = 0.01 mm/h, and KGE > 0.93. The results obtained
for ET and T machine learning modelling had the same order of accuracy
as those observed in other studies. For instance, a study was conducted
to predict ET in Bangladesh using four deep learning models namely,
feed forward neural networks (FFNNs), convolutional neural networks
(CNNs), gated recurrent units (GRUs), and long short-term memory
networks (LSTMs). The modelled ET was compared to that ET derived
from the Bangladesh Agricultural Research Council (BARC) data, pro-
ducing an R? > 0.80 for both the model training and validation across
the four deep learning models (Rahman et al., 2025). In the United
States of America and Europe, six machine learning models namely
artificial neural networks (ANN), extremely randomized trees (Extra-
Trees), gradient boosting decision tree (GBDT), light gradient boosting
machine (LightGBM), random forest (RF), and extreme gradient boost-
ing (XGBoost) were used to model ET for 16 croplands. The modelled ET
was compared against 20-year ET data that was measured using eddy
covariance systems. The XGBoost evapotranspiration model out-
performed the ANN, ExtraTrees, GBDT, LightGBM and RF models, pro-
ducing correlation coefficient (r) of 0.88, RMSE of 6.87 W/m?, MAE of
3.41 W/m?, and Nash-Sutcliffe Efficiency (NSE) of 0.77 when compared
to the measured ET (Zhang et al., 2025). In southern Italy, partial least
squares (PLS), the generalized linear model (GLM), and three machine
learning models namely, random forest (RF), elastic net (Enet) and
support vector machine (SVM) were used to model actual ET of water-
melon crops. The random forest model produced R? of 0.74, RMSE of
0.577 mm, and mean bias error (MBE) of 0.03 mm when compared to
the ET measured by eddy covariance system (Garofalo et al., 2025). The
CatBoost, RF, ExtraTrees, multi-layer perceptron neural network, and K-
nearest neighbor (KNN) models were used to model daily actual ET of
maize in Texas, United States of America. The models’ output was
compared to the ET measured using weighing lysimeters. The CatBoost
model produced the best accuracy among the investigated models,
giving R? of 0.96 and RMSE of 0.5594 mm/d when compared to the
measured ET (Rahimi et al., 2025). In China, a study was conducted to
analyse and compare the accuracy of estimating ET using the Long-Term
Sequence Feature Space Method (LTSFSM) and six machine learning
models. The machine learning models included the gradient boosting
decision tree, random forest regression, partial least square regression,
KNN, backpropagation neural network and support vector regression.
The modelled ET was compared against the eddy covariance flux mea-
surements and the random forest regression produced the highest ac-
curacy among the investigated models with R =0.79, RMSE
= 0.61 mm/d, MAE = 0.42 mm/d, and MBE = - 0.02 mm (Sun et al.,
2025). In a study to estimate the seasonal crop water requirements for
wheat in India, the support vector regression was compared against the
crop ET estimated using the FAO-PM56 method. The support vector
regression produced an accuracy of R? = 0.9921, MAE = 0.11 mm/d,
RMSE = 0.1439 mm/d and mean squared error (MSE) = 0.02 mm/d
(Jain and Gupta, 2025). In a study in Mount Gongga China, three ma-
chine learning models namely Random Forest, Multi-Layer Perceptron
and Support Vector Regression were used to predict daily transpiration
of a subalpine coniferous forest. The Support Vector Regression ach-
ieved the highest performance with R> = 0.81, RMSE = 0.20 mm/d,
MSE = 0.04 mm/d and MAE = 0.16 mm/d (Xiang et al., 2025). In a
study in Southern China, 8 machine learning models were used to
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predict ET of evergreen forests. The eXtreme Gradient Boosting achieved
the highest overall performance in modelling ET among the investigated
models giving R?> = 0.84-0.98 (Xing et al., 2025). Thus, the current
study indicated that the use of ML models can successfully predict the ET
and T for subtropical crops with acceptable accuracy. Furthermore, the
relative simplicity and availability of input parameters used, strengthen
the applicability of ML models in predicting ET and T for subtropical
crops as compared to the traditional physical models.

Evapotranspiration and transpiration modelling involves various
interacting factors that exhibit complex and non-linear relationships.
The LightGBM is a gradient boosting framework that adapts well to
capturing complex relationships in the input data and models with great
accuracy (Li et al., 2025). On the other hand, each decision tree in RF
predictions may excessively depend on certain input features, which
leads to inconsistent predictions and lower accuracy (Yang et al., 2025).
Thus, this may have led to LightGBM producing higher accuracy in
modelling ET and T as compared to RF model. The XGBoost out-
performed LightGBM and RF in modelling ET. This could be attributed to
microclimate variability in the mango orchard as XGBoost is known to
effectively reduce errors, learn complex data patterns and employs
regularization techniques that improve model’s generalizability (Chen
and Guestrin, 2016).

The modelled ET for banana crop in the current study was 1524 mm
and the calculated K. values ranged between 0.92 and 1.30 (Fig. 9(f4)).
The values obtained for both ET and K, were higher than those obtained
in the first crop of red banana grown in the semi-arid region of India. The
study in India produced an ET of 1448 mm using soil water balance
approach and a K, ranging between 0.57 and 1.19 (Arunadevi et al.,
2025). In the current study, the monthly litchi K. varied between 0.47
and 0.57, lacking a seasonal trend Fig. 9(h4). The obtained K, range
were less than the range 0.4 — 1.2 obtained in the 10-year-old ‘Mauritius’
litchi orchard in South Africa. However, there was consistency in the
lack of seasonal trend between the two studies (Menzel et al., 1995). The
mean annual grapefruit ET in the current study was 824 mm, and this
was higher than the values of 716.9 mm and 642 mm measured on a
grapefruit orchard in Turkey using Bowen ratio-energy balance and
eddy covariance measurements respectively (Unlu et al., 2014). The
differences in the grapefruit ET between the two studies were attributed
to different orchard planting densities, where in Turkey the orchard had
156 trees/ha and the orchard in the current study had 476 trrees/ha. In
the current study, the mean annual mango ET was 960 mm and the K,
values ranged between 0.63 and 0.84 (Fig. 9(i4)). In Brazil, a study on a
7-year-old mango orchard produced a maximum ET value of 555 mm
over a period of 6 months (de Azevedo et al., 2003). Furthermore, the
maximum K, for mango obtained in the current study matched the
mid-season K. value of 0.84 that was reported for ‘Tommy Atkins’
mango in the study of Paredes et al. (2024). The mean annual ET for
sugarcane in the current study was 1137 mm, and this was less than the
ET obtained in a study in Ethiopia which obtained a mean annual ET
range 1318 — 1682 mm. The study in Ethiopia used 4 surface balance
models that utilized Landsat imagery and weather data to predict ET.
The surface balance models included SEBAL (Surface Energy Balance
Algorithm for Land), METRIC (Mapping Evapotranspiration with
Internalized Calibration), SSEB (Simplified Surface Energy Balance),
and SSEBop (Operational Simplified Surface Energy Balance)
(Woldemariam et al., 2025).

The yield response factor (K,) indicates a reduction in crop yield as a
function of ET and T, and can be vital for yield prediction and irrigation
management (Lovelli et al., 2007). The K, < 0.85 indicates low sensi-
tivity to water deficit, 0.85 < K,< 1 indicates a low to medium sensi-
tivity, 1 < K, < 1.15 indicates a medium to high sensitivity and K, >
1.15 indicates high sensitivity (Silva et al., 2019). The K, obtained for
grapefruit in the current study was 2.70 and this was higher than the K,
range 1.1-1.3 reported for citrus trees (Allen et al., 1998). Additionally,
K, obtained for litchi was 2.50 and that for mango, it was 2.90, showing
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a high sensitivity for the three crops to water deficits. The high K, values
obtained in the current study are consistent with findings in other
studies. For example, in Brazil a study on ‘Bragantina’ black pepper
reported K, values ranging between 1.72 and 2.96 in response to four
different irrigation treatments which were established using emitters
with different flow rates (Carvalho et al., 2023). In Italy, a study re-
ported a K, of 1.37 for the eggplant (Lovelli et al., 2007). The sensitivity
tests indicated that a small change in T, has a significant impact on the
developed K, values. This implies that large uncertainties in the T,
predictions will cause large variations in the derived K, values for
grapefruit, litchi and mango crops.

The results indicate that ET, T, K, and K,, are variable between re-
gions due to the differences in climate, soil nutrients, soil moisture
status, crop cultivars, crop characteristics and irrigation management
practices. Thus, the determination of representative crop ET, T, K., and
Ky under local conditions is a necessity (Dzikiti et al., 2024; Gush and
Taylor, 2014). The derived K. and K,, in this study have a strong po-
tential to improve irrigation planning and yield prediction of subtropical
crops. This can be achieved by incorporating the derived coefficients
into practical decision support systems for irrigation management, such
as the SIMDualKc model (Rosa et al., 2012).

5. Conclusion

The main objectives of the current study were to investigate and
select the best evapotranspiration and transpiration ML model, develop
the crop coefficients for five crops using this model, and derive the yield
response factors for three crops using a transpiration-yield hybrid
model. The T for the crops were measured using the heat ratio method of
monitoring sap flow and the ET was quantified using eddy covariance
technique. Landsat 8 satellite was used to calculate the field leaf area
index (LAD. Three evapotranspiration and transpiration ML models
(LightGBM, Random Forest, XGBoost) were developed, trained and
validated in Python (v3.12.6) using the scikit-learn machine learning
library. All the models were optimized using Bayesian hyperparameter
optimization, a 10-fold cross validation was conducted on the training
data sets which comprised 80 % of the measured data to test the model
robustness, and an independent validation was performed on the vali-
dation data sets which comprised 20 % of the measured data. The
LightGBM achieved the highest accuracy in predicting banana, grape-
fruit, litchi and sugarcane ET, whereas XGBoost achieved this for mango.
The LightGBM produced the best accuracy in predicting the grapefruit,
litchi and mango T. The mean annual ET for banana, grapefruit, litchi,
mango and sugarcane was approximately 1524 mm, 824 mm, 639 mm,
960 mm, and 1137 mm, respectively. The calculated banana K, varied
in the range 0.92-1.3, grapefruit K. ranged between 0.53 and 0.75, litchi
K. ranged between 0.40 and 0.57, mango K, ranged between 0.63 and
0.84, and sugarcane K, varied between 0.62 and 1.16, respectively. The
grapefruit, litchi and mango produced K, values of 2.70, 2.50, and 2.90
respectively. The K, values obtained in the current study indicated the
grapefruit, litchi and mango have a high sensitivity to water deficits.

As a result of equipment shortages, limitations developed as the
study was only done on two sites, in addition to only measuring crop ET
partially during the season. This produced a small training data set for
the ET machine learning models’ and could lead in the developed
models being site specific. Consequently, while the derived values are
accurate and applicable to the current study, it is recommended that
extensive validation be conducted using independent data before
applying them in other regions.
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