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Abstract

Reference evapotranspiration (ET;) modeling is pivotal for irrigation scheduling and water resources planning. This study
presents a hybrid approach integrating Extreme Gradient Boosting (XGB) with Marine Predators Algorithm (MPA) for daily
ET, estimation in northern Algeria. The proposed XGB-MPA model was evaluated against traditional empirical models
and assessed using statistical methods. Shapley Additive Explanations (SHAP) was employed to enhance model interpret-
ability. Various combinations of meteorological variables were tested as inputs, including air temperature, relative humidity,
sunshine hours, wind speed, and extraterrestrial solar radiation. The XGB-MPA hybrid model achieved superior prediction
accuracy during testing (R>=0.9958, RMSE =0.1713 mm/day) compared to traditional empirical models and the standard
XGB model. The study demonstrated that ET,, prediction accuracy increased with the number of meteorological inputs used.
Our findings highlight the XGB-MPA hybrid model's potential for accurate ET|, estimation in northern Algeria, which can

be used for water resource management and irrigation planning.

1 Introduction

Reference evapotranspiration (ET,) is an important param-
eter that reflects the combined impact of vegetation tran-
spiration and soil evaporation over a given time period. Its
estimation is closely associated with several meteorologi-
cal variables like solar radiation, precipitation, wind speed,
temperature, as well as other factors such as soil moisture
and vegetation characteristics (Feng et al. 2016; Mehdizadeh
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et al. 2017; Ferreira et al. 2019). Accurate ET|, estimation
is crucial for the agricultural water management, prediction
of crop yield, irrigation systems design, hydrological mod-
eling, and agrometeorological studies (Gocic et al. 2016;
Mystakidis et al. 2016).

The two processes that make up the ET|, are crop transpi-
ration into the atmosphere and soil evaporation (Chen et al.
2020). The energy and water cycles between the ground and
atmosphere depend on ET (Hadria et al. 2021). Although
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various approaches have been employed to measure ET,,
such as the vorticity correlation approach, isotope tracer
method, liquid flow method, and lysimeter method, they are
usually laborious, time-consuming, costly, and difficult to
handle across vast areas (Jiang et al. 2020). As a result, a
number of ET|, calculation models have been proposed, with
ET, serving as a key prerequisite for these models (Chen
et al. 2020). For these models, it's essential to calculate ET,,
precisely and quickly.

Various statistical approaches have been investigated
worldwide to estimate ET, (Temesgen et al. 2005; Azzam
et al. 2023), but the Food and Agricultural Organization of
the United Nations (FAO) considers the FAO56 Penman
Monteith equation (FAO56-PM) as the sole benchmark
mathematical approach (Pereira et al. 2015). This method
has been demonstrated to be a highly accurate approach
in a variety of climatic conditions (Espadafor et al. 2011;
Cordova et al. 2015; Xu et al. 2018; Zhao et al. 2019). The
FAO56-PM equation is dependent on several key mete-
orological parameters which may not be obtainable for a
particular location, especially in developing countries, or
their calculation is tedious and complicated (Moazenzadeh
&lzady 2022). Consequently, the application of the FAO56-
PM model can be significantly constrained in such areas.
Thus, developing models for accurate ET|, estimation with
fewer meteorological variables is essentially required.

Accordingly, researchers have developed empirical
approaches that need fewer input meteorological variables
for ET|, calculation. These approaches can be categorized
into seven types (Zhang et al. 2018; Chen et al. 2020): (1)
combination approaches, (2) radiation-based approaches,
(3) temperature-based approaches, (4) humidity-based
approaches, (5) water budget-based approaches, (6) mass
transfer-based approaches, and (7) pan-based approaches.
The most commonly approaches were extensively used are
combination approaches, radiation-based approaches, and
temperature-based approaches, whereas have been applied
in many studies across different climate zones (Feng et al.
2017b; Reis et al. 2019; Valle et al. 2020; Adnan et al. 2021;
Bellido-Jimenez et al. 2021). Valle et al. (2020) compared
the performance of 21 empirical approaches for estima-
tion daily ET,, across the tropical semi-humid region in the
Brazilian savanna. They resulted that the radiation-based
approaches were more accurate than the mass transfer-
based and temperature-based approaches. Yang et al. (2021)
employed 18 different empirical approaches to calculate
daily ET across different climate zones in China. They
found that the combination approaches had the best perfor-
mance, followed by the radiation-based approaches, while
the temperature-based approaches performed the worst.

Machine Learning (ML) models have recently been uti-
lized successfully for estimating ET, using less climate data.
These models are effective tools in ET, estimation because
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they have high capabilities to capture nonlinear relationship
between input and target variables (Ferreira &da Cunha
2020). Various ML models have been studied, such as sup-
port vector machine (SVM) (Zhang et al. 2018, Moham-
madi &Mehdizadeh 2020), artificial neural network (ANN)
(Yassin et al. 2016; Jing et al. 2019; Gao et al. 2021), gen-
eralized regression neural network (GRNN) (Ladlani et al.
2012; Feng et al. 2017a), adaptive neuro-fuzzy inference
system (ANFIS) (Shiri et al. 2015; Keshtegar et al. 2018;
Alizamir et al. 2020), and extreme learning machine (ELM)
(Abdullah et al. 2015; Feng et al. 2016). Generally speaking,
ML models outperform empirical approaches for estimat-
ing ET,,, achieving greater results when using same input
data (Feng et al. 2016, Mehdizadeh et al. 2017, Fan et al.
2019, Reis et al. 2019, Mohammadi &Mehdizadeh 2020,
Abdallah et al. 2022, Achite et al. 2022). When employing
ML approaches for modeling ET,, selecting less expensive
and time-consuming procedures is crucial (Yamac &Todor-
ovic 2020). In addition to these approaches, tree-based ML
models are becoming more and more popular because of
their very rapid processing and acceptable accuracy, such
as random forest (RF) (Feng et al. 2017a, Salam &Islam
2020, Zhu et al. 2020), extreme gradient boosting (XGB)
(Yu et al. 2020; Abdallah et al. 2022), light gradient boosting
machine (LightGBM) (Fan et al. 2019, Sarigol &Katipoglu
2023), and gradient boosting with categorial feature support
(CatBoost) (Fan et al. 2018; Huang et al. 2019).

The XGB model was introduced by Chen et al. (2016) for
the purpose of producing strong classification techniques.
The XGB calculates model weights and superimposes all
inadequate classifiers to create robust classifiers. As an out-
come, the estimation error is considerably reduced, and a
classification outcome with higher prediction accuracy is
possible (Jia et al. 2019). According to optimal accuracy,
model flexibility, and computational effectiveness, the XGB
model was recommended for daily ET, estimation in dif-
ferent climatic zones of China (Fan et al. 2018). There are
successful applications of XGB model for ET,, estimation in
various hydroclimatic domains (Fan et al. 2018, Fan et al.
2019, Wang et al. 2019, Ferreira &da Cunha 2020, Fan et al.
2021, Abdallah et al. 2022, Agrawal et al. 2022, Jayashree
et al. 2023). The XGB model exhibited equivalent accuracy
to SVM and ELM when using the limited input data and
outperformed RF and M5Tree models in tropical and sub-
tropical humid climate (Fan et al. 2018). The XGB model
showed equivalent performance to SVM and ELM models
when using a full combination of meteorological data in
hyper-arid region (Abdallah et al. 2022). Given its accept-
able reliability, stability, and relatively low computation
expenses, the XGB model is thus appropriate for estimating
daily ET,, in data-limited regions.

The parameters of ML models have a large impact on the
prediction accuracy of the developed models. When the input
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data are very complicated, particularly, adjusting the model
parameters typically needs much effort and expert exper-
tise (Yu et al. 2020). There are several research employing
optimization algorithms to select the optimal parameters in
order to increase the effectiveness of parameter modifica-
tion of ML models. For instance, Han et al. (2019) optimize
the parameters of XGB model with Bat Algorithm (BA)
for estimating daily ET in different climate zone of China.
Yu et al. (2020) developed a novel approach throughout
optimizing the XGB model with Particle Swarm Optimiza-
tion (PSO) algorithm to estimate daily ET, by using limited
input data in the Solar Greenhouse. They concluded that
the POS-XGB model could obtain the highest estimation
performance. Hybridization of XGB with whale optimiza-
tion algorithm (XGB-WOA) for estimating daily ET,, in arid
and humid regions was investigated by Yan et al. (2021).
Additionally, there still exist challenges with hyperparam-
eter tuning, and the optimal parameter of the XGB model
for estimating daily ET,, remains to be issued. Recently, the
Marine Predators Algorithm (MPA) was yielded better than
PSO, genetic algorithm (GA), and grey wolf optimization
(GWO) when used to optimize the ANN approach for pre-
diction streamflow (Ikram et al. 2022). The advantages of
MPA can be summarized as; (i) having fewer parameters,
simple setting, easy to implement. MPA memorizes opti-
mization results. It requires less iteration (Abd Elminaam
et al. 2021). (if) Another advantage of MPA is that it mimics
predators' behaviors to increase the probability of escap-
ing from local optima (Abdel-Basset et al. 2021). (iii) The
MPA has shown fast convergence rates compared to other
optimization algorithms (Al-Betar et al. 2023). (iv)The MPA
is designed to search for the global optimum in complex and
multimodal optimization problems (Faramarzi et al. 2020).

Since the ET,, has significant spatial and temporal vari-
ations, further works in new stations appear to be nec-
essary, with the goal of correct irrigation planning and
control and management of water resource consumption,
despite the availability of previous studies. Accordingly,
it appears that it is important to conduct targeted studies
in two areas. The first is related to the parameters, so that
the most effective climatic parameters are used. The point
here is that in many developing countries, such as Algeria,
the input parameters of empirical ET estimator models
may be missing (not measured) or their accuracy may be
questionable. On the other hand, the existing empirical
models have been developed for particular regions and
may lead to unreliable results in other areas. This has been
confirmed even after the calibration of empirical models in
various studies (Ferreira et al. 2019; Nourani et al. 2019;
Chen et al. 2020). Climate change, which has gained
momentum in recent years, can also affect ET,, estimation
by influencing the changes in the range of variability of
parameters, changes in the boundary values of parameters,

and displacement in the trends of parameter variations.
Therefore, revisiting the boundary values and the trend
of variations of climatic parameters under the influence
of climate change is an important point that should be
considered in future studies.

The second part pertains to ET, estimator models,
which have made significant progress in recent years. Arti-
ficial intelligence models with a better ability to model
non-linear relationships and to recover extrema have
played an important role in this progress. Bio-inspired
algorithms have also played an important part in improv-
ing ET, estimation by optimizing the parameters of base
models (e Lucas et al. 2020, Maroufpoor et al. 2020).
However, these algorithms may lead to different results
in different regions, and this highlights the importance
of evaluating such algorithms in various stations. Beyond
the above-mentioned points, it appears that generaliza-
tion of ET|, estimator models to regions other than those
whose data have been used in model training will be a key
and major step toward developing models which can be
used on a large (global) scale. For this purpose, applica-
tion of dimensionless meteorological parameters, similar
to what has been reported for the modeling of the solar
radiation process (Mohammadi & Moazenzadeh 2021) can
be fruitful.

Estimating ET,, accurately in regions with limited
meteorological data, such as northern Algeria, presents
unique challenges. Traditional empirical models, like the
FAO56-PM, rely on extensive meteorological inputs, often
unavailable or unreliable in developing regions. This lack
of data constrains the applicability of such models and
can lead to inaccuracies, especially in semi-arid envi-
ronments where precise water resource management is
critical. Moreover, traditional models may lack the flex-
ibility to adapt to complex climatic conditions and the
increasing variability brought by climate change. ML
methods, particularly when combined with optimization
algorithms, have shown promise in addressing these limi-
tations by improving model accuracy with fewer inputs
and enhancing adaptability across diverse environments.
However, these models require optimized parameter tuning
to achieve reliable results.

To address these challenges, this study introduces a novel
hybrid ET, estimation model that combines the accuracy
of XGB with the MPA for optimized hyperparameter tun-
ing. By integrating these techniques, we aim to develop a
model that not only improves ET, prediction accuracy in the
data-limited, semi-arid Wadi Sly basin but also contributes a
versatile and scalable approach that can be adapted to similar
regions. This research ultimately supports sustainable water
resource management by enabling more efficient irrigation
planning and better-informed decision-making in regions
facing water scarcity.

@ Springer
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2 Materials and methods
2.1 Studyarea

As shown in Fig. 1, the study area is the Wadi Sly basin,
which is located in northwest of Algeria. It has an area of
1225 km?, with coordinates of 35°36'5"—36°5'53" N and
1°8'16" —1°44'56" E. The basin has a maximum width and
length of 30 and 70 km, respectively. Besides, it has a narrow
and long-form as well as a large hydrographic network. The
Sidi Yakoub dam, which was built for agricultural purposes,
influences flows in the lower section of the basin.

Northern Algeria represents a unique Mediterranean cli-
mate zone characterized by distinct seasonal patterns, with
annual rainfall varying between 200—800 mm and significant
spatial variability influenced by complex topographical fea-
tures and coastal proximity. This region faces critical water
management challenges due to its semi-arid characteristics,
where agriculture consumes approximately 70% of available
water resources while supporting a growing population of
over 25 million inhabitants. The area experiences intense
solar radiation and high evaporation rates, particularly during
summer months when temperatures regularly exceed 35 °C,
making accurate ET ) estimation crucial for agricultural sus-
tainability. The region's agricultural sector, dominated by
cereal cultivation and increasingly moving towards irrigated
farming, faces mounting pressure from climate variability,
urbanization, and groundwater depletion. These challenges
are exacerbated by the intersection of traditional farming
practices with modern irrigation requirements, creating a
pressing need for precise ET, modeling to optimize water
resource allocation. The region's unique combination of
Mediterranean climate influences, varying topography from
coastal areas to inland plateaus, and diverse agricultural prac-
tices makes it an ideal case study for advancing ET,, predic-
tion methodologies (Chetiou & Bouregaa 2024).

2.2 Data collection

The daily meteorological variables, including air temperature
(Tmin, Tmax, and Tmean), relative humidity (RHmin, RHmax,
and RHmean), wind speed (U,), sunshine hours (SSH), and pan
evaporation (Epan) were collected from the Sidi Yakoub meteor-
ological station. The dataset comprises daily records for 11 years
from January 2000 to December 2010. Table 1 shows the statis-
tical characteristics for all data, training, and testing sets.

2.3 Empirical approaches and measured pan
evaporation

For ET|, time series estimation, eight empirical models were
applied, including those based on temperature, mass transfer,
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radiation, and various meteorological data. As previously
stated, the FAO-56 PM is regarded as a valid technique of
estimating ET, therefore ET,, values of FAO-56 PM were
considered as benchmarked values to evaluate other applied
models. In addition, seven other empirical models (by a
various number of input variables) were chosen and applied
in this study. These empirical models are Penman (most
meteorological factors), Hargreaves-Samani (temperature-
based), Priestley- Taylor (radiation-based), Blaney Criddle
(temperature based), Makkink (temperature and radiation),
Ouddin (temperature based) and Pan evaporation. Table 2
lists the mathematical formulae for these models in their
original versions. Overall, the values of Kpan, ranging from
a maximum value of around 0.835, a minimum value of
0.570 and a corresponding mean equal to 0.717.

Where, ET| is the daily reference evapotranspiration (mm
day'l), Rn (MJ .m'z.day'l) refers to the net radiation, G (MJ.
m~2.day™!) indicates soil heat, y (kPa °C™!) is the psycho-
metric constant, U, (m s™') is the average daily wind speed
at 2 m height, T (°C) refers to the average daily air tem-
perature, es and ea refer to the saturation and actual vapor
pressures (kPa), respectively, es-ea indicates the saturation
vapor pressure deficit (kPa), and A (kPa °C™') indicates
the slope of the saturation vapor pressure curve, Ra (MJ.
m~2.day~!) indicates extraterrestrial radiation, Cy;zx is an
empirical coefficient depending on climate conditions, a and
b are the empirical parameters, p is the mean daily percent-
age of annual daytime hours, kp is the pan coefficient, Epan
(mm day ™) refers to the pan evaporation.

2.4 Extreme Gradient Boosting (XGB) model

The XGB (Chen et al. 2016) is a popular ML algorithm that is
widely used for supervised learning tasks such as classification
and regression. It belongs to the family of gradient boosting
algorithms, which combine multiple weak models (such as
decision trees) to form a strong model that can make accurate
predictions on new data (Murorunkwere et al. 2023). XGB is
known for its speed, scalability, and accuracy, and it has won
multiple Kaggle competitions and other ML challenges. One
of the key features of XGB is its ability to handle missing data
and outliers effectively. XGB uses a technique called regulari-
zation, which penalizes complex models to prevent overfitting
and improve generalization performance (Bhati et al. 2021;
Chelgani et al. 2023). It also uses a technique called gradi-
ent boosting, which iteratively adds new weak models to the
ensemble, with each new model correcting the errors of the
previous models. This approach allows XGB to achieve high
accuracy while avoiding the common pitfalls of overfitting and
bias. In addition to its performance and accuracy, XGB also
offers a number of useful features for ML practitioners, such
as early stopping, cross-validation, and feature importance
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Table 1 Statistical measures of the meteorological data for all, train, and test datasets

Period Variable Mean Standard Median Minimum Maximum Range Skewness Kurtosis
deviation coefficient

All data Tmean (°C) 20.19 7.49 19.38 3.35 40.15 36.8 0.2 -1.05
Tmax (°C) 25.82 9.05 25 6.3 474 41.1 0.18 -1.08
Tmin (°C) 14.57 6.27 13.9 0.1 333 332 0.18 -0.9
SSH 8 3.79 8.8 0 14.2 14.2 -0.58 -0.67
U2 (m/s) 2.83 1.41 2.6 0 11.4 11.4 1.19 2.92
RHmean (%) 53.93 13.88 54.38 30 89.5 59.5 0 —0.95
RHmax (%) 71.83 12.23 74.5 33 99 66 -0.62 -0.5
RHmin (%) 36.03 17.42 34 2.5 87.5 85 0.33 -0.77
Ra (MJ/m?/day) 29.64 9.16 30.44 16.03 41.72 25.68 -0.13 -1.5
Epan (mm/day) 7.63 5.11 6.55 0.1 23 22.9 0.48 -0.82
ET (mm/day) 4.58 2.66 4.04 0.59 13.77 13.18 0.5 -0.78

Train data Tmean (°C) 20.37 7.62 19.75 3.35 40.15 36.8 0.15 -1.12
Tmax (°C) 26.02 9.16 25.2 6.3 47.1 40.8 0.12 -1.15
Tmin (°C) 14.73 6.42 14.2 0.1 333 332 0.13 —0.95
SSH 7.95 3.76 8.8 0 14.2 14.2 -0.56 —0.64
U2 (m/s) 2.75 1.24 2.6 0 9.9 9.9 0.93 2
RHmean (%) 52.86 13.89 53 30 89.5 59.5 0.07 -0.93
RHmax (%) 70.63 12.28 73 33 99 66 -0.54 -0.62
RHmin (%) 35.1 17.35 33 25 87.5 85 0.39 -0.71
Ra (MJ/m?/day) 29.64 9.16 30.44 16.03 41.72 25.68 -0.13 =15
Epan (mm/day) 7.74 5.08 7 0.1 23 22.9 0.48 -0.8
ET (mm/day) 4.63 2.68 4.08 0.59 12.6 12.01 0.46 -0.89

Test data Tmean (°C) 19.7 7.1 18.5 4.05 38.85 34.8 0.36 -0.79
Tmax (°C) 25.28 8.74 244 7 47.4 40.4 0.34 -0.82
Tmin (°C) 14.13 5.83 13.5 1.1 30.7 29.6 0.3 -0.71
SSH 8.14 3.86 9.1 0 13.9 13.9 -0.61 -0.74
U2 (m/s) 3.04 1.76 2.8 0 114 11.4 1.18 2.07
RHmean (%) 56.79 13.45 58.5 30 87.75 57.75 -0.2 -0.88
RHmax (%) 75.06 11.5 78.5 42.5 98 55.5 -0.87 0.01
RHmin (%) 38.53 17.36 38.5 2.5 85 82.5 0.17 —-0.86
Ra (MJ/m?/day) 29.64 9.17 30.44 16.03 41.72 25.68 -0.13 —1.51
Epan (mm/day) 7.33 5.16 6.2 0.1 22.1 22 0.51 —0.88
ET (mm/day) 4.45 2.58 3.95 0.63 13.77 13.14 0.63 -0.43

Table 2 Empirical models used

. - . N Empirical Models Equations
in this study for estimating ET,,
FAO-56 PM (Allen et al. 2000) 0.408(R,,—G)+9()Oy%(eﬁ—eu)
ET. = mean+2
0 A+y(140.34U,)
Penman (1948) ET,= A.R,+7.(2.625-+0.000479u2)(es—ea)
A+y
Hargreaves & Samani (1985) ET,=0.0023 (Tmax — Tmin) *>(T+17.8) Ra
Priestley & Taylor (1972) ET, = 1.26%(R -G
+y o N
Blaney-Criddle (Blaney & Criddle 1950) ETy=a+b [p(0,46T + 8_13)]
Makkink (1957 = 14
axkin (9 ) ETO_CMakAA_H, s
Ouddin (Oudin et al. 2005) ETy = R,[(T +5)/100)]

Pan evaporation (ETpan) (Trajkovic &Kolakovic 2010) ETy=KE

p~pan
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analysis. These features make it easy to optimize hyperpa-
rameters, prevent overfitting, and interpret the results of the
model. XGB can be categorized as a capable algorithm which
is suitable for handling ML tasks (Begam et al. 2023).

2.5 Marine Predators Algorithm (MPA)

The MPA (Faramarzi et al. 2020) is a recent optimization algo-
rithm inspired by the hunting behavior of marine predators, such
as sharks and dolphins. The MPA algorithm works by simulating
the movement of a group of predators in search of a prey target.
Each predator in the group represents a candidate solution to the
optimization problem, and their movements are guided by a set
of rules that mimic the behavior of marine predators.

The MPA algorithm has been shown to be effective in solv-
ing a wide range of optimization problems, including continu-
ous and discrete optimization problems, as well as multi-objec-
tive optimization problems. One of the key advantages of the
MPA algorithm is its ability to balance exploration and exploi-
tation of the search space (Sun et al. 2023). The algorithm is
designed to explore the search space broadly in the early stages
of the search, and then focus on exploiting promising regions
as the search progresses. This helps to avoid getting trapped
in local optima and improves the chances of finding the global
optimum (Ewees et al. 2022). In terms of mathematical equa-
tion, when current iteration is in the first third of a maximum
number of iterations (i.e., first stage of MPA), the best strategy
for predator is not moving at all (Faramarzi et al. 2020). Note
that this strategy leads to exploration. The mathematical for-
mulation of this strategy is as follows:

ﬁi=§3®(Elitei—§B®Preyi>i= 1,...,n (1)
Prey;, = Prey; + 0.5 X R® 7 2

where 7; denotes the step size, I-éB represents the random
vector generated by Brownian motion, Elite; is the matrix
built by the top predator with the best fitness, n denotes the

population size, and R is a random vector, uniformly distrib-
uted in [0,1] (Liang et al. 2022).

During the transition from exploration to exploitation
stage (i.e., second stage of MPA), the population is divided
into two groups: one for global exploration, where the preda-
tor explores the search space using Brownian motion, and
the other for local exploitation, where the prey is exploited
using Lévy motion. Finally, during the exploitation stage
(i.e., third stage of MPA), which occurs in the last two-thirds
of the maximum allowed iterations when the predator is
slower than the prey, the predator uses the Lévy migration
strategy (Ewees et al. 2022; Liang et al. 2022). MEALPY
open-source library (Van Thieu and Mirjalili, 2023) was
used for implementing the MPA algorithm.

2.6 Combination of meteorological variables for ET,
estimation

This study aims to compare the performances of several
empirical models and a ML and nature-inspired optimiza-
tion technique to predict ET,. Tmean, Tmax, Tmin, SSH,
W, RHmean, RHmax, Rhmin, extraterrestrial solar radiation
(Ra), and Epan values are presented as inputs to XGB and
XGB-MPA models for constructing ET, prediction mod-
els. Twenty independent runs were performed for XGB and
XGB-MPA models in each scenario to ensure the robustness
of the results and evaluate the performance of models more
accurately. Various input combinations of the XGB and
XGB-MPA models constructed for estimating ET, values
are presented in Table 3. Also, Fig. 2 shows the flowchart
of the current study.

2.7 SHAP post-processing method

SHAP (short for SHapley Additive exPlanations) (Lundberg
&Lee 2017) is a recently developed algorithm that provides
a framework for interpreting the predictions of complex ML
models. It is based on the Shapley value from cooperative

Table 3 Various input

o0 . No Input(s) Output  Models

combinations of the established

models 1 Tmean ET,  XGBI XGB-MPAI
2 Tmean, Tmax, Tmin ET, XGB2 XGB-MPA2
3 Tmean, Tmax, Tmin, SSH ET, XGB3 XGB-MPA3
4 Tmean, Tmax, Tmin, SSH, W ET, XGB4 XGB-MPA4
5 Tmean, Tmax, Tmin, SSH, W, RHmean ET, XGB5 XGB-MPAS
6 Tmean, Tmax, Tmin, SSH, W, Rhmean, Rhmax, Rhmin ET, XGB6 XGB-MPA6
7 Tmean, Tmax, Tmin, SSH, W, Rhmean, Rhmax, Rhmin, Ra ET, XGB7 XGB-MPA7
8 Tmean, Tmax, Tmin, SSH, W, Rhmean, Rhmax, Rhmin, Ra, Epan  ET, XGB8 XGB-MPAS
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Fig.2 Flowchart of the current study

game theory, which is a mathematical concept used to dis-
tribute the payout of a game among its players in a fair way.
In the context of ML, SHAP uses the Shapley value to assign
a contribution score to each feature in a prediction, indicating
how much each feature contributes to the prediction com-
pared to the other (Heuillet et al. 2022) features.

One of the key advantages of SHAP is its ability to
provide both local and global explanations of a model's
predictions. Local explanations show how a model arrived
at a particular prediction for a specific instance, while
global explanations show how the model behaves in gen-
eral and which features are most important overall. This
is particularly useful in situations where the performance
of the model needs to be justified or its behavior needs to
be understood. Another strength of the SHAP algorithm is
its versatility and compatibility with a wide range of ML
models and architectures. It can be used with both linear
and non-linear models, as well as with tree-based models,
deep learning models, and ensemble models (Fatahi et al.
2022; Zhang et al. 2023). This makes it a powerful tool
for interpreting the predictions of complex models in a

@ Springer

Compare predictions with actual ETo values
using metrics (R? and RMSE)

}

Evaluation

}
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Interpretability

variety of domains, from healthcare and finance to natural
language processing and computer vision. SHAP presents
a remarkable understanding in the realm of explainable Al
as it provides a robust and versatile approach to discerning
the outcomes of intricate ML models.

2.8 Evaluation metrics

To evaluate the performance of the proposed models, statis-
tical measures such as the coefficient of determination (R?)
and root mean square error (RMSE) were utilized. The R?
value indicates the linear correlation between the predicted
and observed values, while the RMSE represents the overall
accuracy of the simulation. R? is dimensionless and can be
range from O to 1; unit of RMSE is mm/day in this study and
it can be ranged from 0 to co. These statistical measures are
presented as follows:

" (ET® - ET°)(ET’ - ET?)
R2=( Zici — : —) 3)
\/Zin:l (ET;? — ET®) Y (ETf —ET?)
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RMSE = % > (BT - ET?)’ @
i=1

where, n denotes the number of the data; ET;’ andﬂf are
the i observed and forecasted ET,, respectively; ET® and
ETP are the average of the observed and forecasted ET,,
respectively.

3 Results

The proposed model was implanted using Python program-
ming language and Scikit-learn ML library (Pedregosa
et al., 2011). The experiments were run on an Intel Core
i7-6700HQ, 2.60 GHz CPU with 12 GB RAM, running
Windows 10 operating system. In all experiments, the XGB
parameters for the XGB-MPA model were tuned by the
MPA algorithm, and the parameters for the XGB model
were acquired by trial and error. The obtained parameters for
the best models (i.e., XGB-MPA7 and XGB7) are shown in
Table 4. Moreover, for the MPA algorithm, the default val-
ues of the parameters were used except for two parameters:
the population size was set to 50, and the maximum number
of train epochs was set to 10.

The results of ET,, estimation in testing set with various
data input combinations of XGB model are shown in Table 5.
The XGB model has been tested using seven different varia-
tions (XGB1-XGB8), and for each variation, the model has
been tested using 20 different random state values (0-19).
Looking at the table, we can see that the model’s perfor-
mance varies depending on the random state value used
during training. According to the average statistical metrics,
the lowest RMSE (0.2727 mm/day) and highest R? (0.9889)

Table 4 Parameter setting for machine learning models (for the best
XGB-based scenario (XGB7) and the best XGB-MPA-based scenario
(XGB-MPA7Y))

Parameter Value

XGB7

Base learner Gradient boosted tree
Number of gradient boosted trees 100

Learning rate 0.3

Lagrange multiplier 0

Maximum depth of trees 6

XGB-MPA7

Base learner Gradient boosted tree
Number of gradient boosted trees 300

Learning rate 0.060

Lagrange multiplier 0.007

Maximum depth of trees 6

values were produced with the 7th combination (inputs:
Tmean, Tmax, Tmin, SSH, W, Rhmean, Rhmax, Rhmin,
and Ra). Moreover, the precision of ET prediction gener-
ally enhanced during the testing phase with an increase in
the number of meteorological input variables utilized in the
models. For example, analyzing the average values, XGB1
attained an R? score of 0.7603and an RMSE of 1.2675(mm/
day), whereas XGBS8 obtained an R? score of 0.9881and
an RMSE of 0.2831 (mm/day). These findings suggest that
XGB8 outperformed XGB1. Similarly, we can ascertain the
model that shows the best overall performance by comparing
the metrics across various random states. In addition, when
the R? and RMSE values of the meteorological variables of
model 2, 3, 4 and 5 combinations are examined, it is found
that the prediction performance of the XGB model increases
significantly especially from combination 2 to 3, 3 to 4 and
4 to 5. Consequently, one can deduce that the influence of
supplementary meteorological factors such as SSH, W, and
RHmean on the ET, prediction is significant. In conclusion,
the incorporation of the W variable in the model has a note-
worthy impact on the ET, prediction, specifically regarding
the transportation of water vapor from the crop surface. The
SSH variable considers the availability of solar energy, and
the Epan variable accounts for water evaporation from an
open pan placed under specific meteorological conditions.
Test estimation results of the XGB-MPA model are pre-
sented in Table 6. When evaluated according to the average of
the test statistics, it was revealed that the combination num-
ber 7 produced the most accurate predictions with the highest
R? (0.9958) and lowest RMSE (0.1713 mm/day) values. In
addition, it is noteworthy that the increase in the number of
meteorological input variables used in the models increases
the success of ET, prediction. Because all meteorological
variables used are directly dependent on ET,, parameters. In
addition, it was revealed that the accuracy of estimating the
MPA-optimized XGB algorithm during the test phase was
slightly improved according to increasing R? and decreasing
RMSE values. Examining the average values of the table,
XGB-MPAL1 obtained an R? value of 0.7864 and an RMSE
of 1.1931 (mm/day), whereas XGB-MPA?2 achieved an R?
score of 0.8054 and an RMSE of 1.1384 (mm/day). These
findings indicate that XGB-MPA?2 exhibited superior perfor-
mance compared to XGB-MPA1. According to the results of
20 different random states, the XGB-MPA?2 algorithm con-
sisting of Tmean, Tmax, Tmin meteorological input combi-
nations has an R? score of 0.8054 and RMSE of 1.1384 mm/
day, while the XGB-MPAS algorithm consisting of Tmean,
Tmax, Tmin, SSH, W, RHmean input combinations has an R?
score of 0.9682 and RMSE of 0.4598 mm/day. Accordingly,
it can be inferred that the SSH, W, RHmean variables added
to the model contribute significantly to the ET,, prediction.
Moreover, it is noteworthy that the most accurate prediction
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results are obtained when all meteorological variables are
presented as inputs to the XGB-MPA7 model.

In Fig. 3, the FAO-56-based ET|, values and the ET, val-
ues estimated by various empirical equations were evalu-
ated employing a scatter plot. Furthermore, the relationship
between the benchmarked and predicted values in the scat-
tering diagrams was evaluated. Accordingly, the optimal
model was chosen as the empirical equation showing dis-
tribution on the regression line. According to these criteria,
it was found that Ouddin (2005) equation had the highest
similarity with FAO-56-based ET,,. In addition, it can be
seen that the ETpan values have the weakest relationship
with the ET, values because they show random scattering.
In addition, it is noteworthy that the ET, values calculated
with the (Hargreaves &Samani 1985) and (Penman 1948)
equations deviate significantly from the FAO-56-based ET|,
values, especially at values greater than 5 mm/day, and the
errors increase. The ET,, values calculated according to the
(Oudin et al. 2005), (Makkink 1957) and (Priestley &Taylor
1972) equation were found to deviate significantly from the

FAO-56-based ET|, values, especially at values greater than
10 mm/day.

In Fig. 4, the estimation results of the XGB model
established with the combinations of various meteorologi-
cal variables for the estimation of ET, values are shown. In
the scatter diagrams, the relationship between the bench-
marked and predicted values was interpreted according
to the closeness to the regression line. Accordingly, the
XGB7 model, which is distributed over the regression line,
was chosen as the optimal model. It is also noteworthy that
the XGB 2 model has the lowest accuracy. In addition,
according to the scattering diagrams, it is seen that there is
a little deviation from the regression line in the estimation
results of the XGB1, 2 and 3 models above 10 mm/day. In
addition, in other estimation models, it is seen that it gath-
ers around the regression line. When evaluating all scatter
plots, it is observed that the combination of XGB4-7 mod-
els significantly improves the ET, prediction performance
compared to the XGB1-3 combinations. Therefore, it can
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Fig. 3 Comparison of empirical models through test section scatter plots
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Fig.4 Evaluation of XGB model combinations used in ET, estimation through test section scatter plots

be inferred that presenting wind speed values as input to
the model significantly reduces the error value.

The prediction performance of tree-based XGB and bio-
inspired MPA algorithms for ET estimation is depicted in
the scatter plots in Fig. 5. Accordingly, the XGB7 model,
distributed over the regression line, was assessed as supe-
rior. It was revealed that the MPA algorithm increased
the prediction accuracy of the single XGB algorithm in
estimating ET,,. In addition, when the estimation results
were evaluated according to the scattering diagrams, it was
determined that there was some deviation from the regres-
sion line in the estimation results of the XGB-MPA1, 2
and 3 models above 10 mm/day values. It can be resulted
that XGB-MPA4, 5, 6 and 7 estimation models have high
accuracy due to their distribution around the regression
line. When the error values of the scatter diagrams were
examined, it was seen that the error value decreased to
the hybrid model as of the XGB-MPA4 model. This can
be explained by the inclusion of wind speed values in the
hybrid models.

In Fig. 6, the evaluation of the results of ET, estima-
tion based on the FAO-56 method during the training and
testing phases using empirical equations, XGB, and XGB-
MPA algorithms are presented through boxplot graphs. The
median, outliers, distribution, and percentile ranges of the
ET, time series and estimated time series were determined to
determine the most accurate model. According to the results,
the Oudin et al. (2005) equation, XGB7, and XGB-MPA7
algorithms demonstrated the highest similarity and distribu-
tion in modeling ET|; values during the training and testing
phases. In addition, the Perman equation showed the weakest
accuracy. Notably, all XGB and XGB-MPA models estab-
lished had satisfactory prediction accuracy.

The entire dataset was analyzed using SHAP to explore
associations and identify variable significance assess-
ments to generate a robust ET, estimate. Figure 7 shows
the SHAP beeswarm plots of the variables used to estimate
ET,. Through these graphs, the direction and strength of
the effects of a particular sample on the model output can
be evaluated. The x-axis location of the point expresses the
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Fig.5 Evaluation of XGB-MPA model combinations used in ET,, estimation through test section scatter plots

effect of the feature on the model output. The dots show the
possible positive effect on the right and the possible negative
effect on the left. In Fig. 8, the order of importance from top
to bottom showing the effect of the variables on the output
is given. The contribution of each feature to the model out-
put is expressed through the length of the bar. Accordingly,
it has been determined that Tmax values have the highest
importance in predicting ET,, values among all variables in
the dataset, while RHmax values have the lowest impor-
tance. In addition, it is seen that there is a positive relation-
ship between estimated ET,, values and Tmax, Ra, W, SSH,
Tmean, Epan, and Tmin values, and a negative relationship
with RHmean, RHmin and RHmax values.

Figure 9 compares the results of ET, estimation based on
the FAO-56 method during the training and testing phases
using empirical equations and XGB-based models through
Taylor diagrams. The most accurate model was determined
by comparing the correlation, RMSE, and standard devia-
tion values of the benchmarked and estimated time series
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on the Taylor diagram. According to the results, the Oudin
et al. (2005) equation, XGB7, and XGB-MPA?7 algorithms
provided the most accurate results in predicting ET, values
during the training and testing phases.

Precise calculation of ET, is crucial in numerous areas,
such as designing irrigation schedules, managing agricul-
tural water, modeling crop growth, and evaluating drought
conditions. This study aimed to compare the performance
of several empirical models and ML and nature-inspired
optimization techniques in predicting ET,,. FAO-56-based
ET, values were selected as observed data and estimated
with XGB and XGB-MPA. Tmean, Tmax, Tmin, SSH, W,
RHmean, RHmax, Rhmin, and Epan values were presented
as inputs to the XGB and XGB-MPA models for construct-
ing the ET, prediction models. According to the presented
findings, it can be concluded that wind speed, sunshine hours
and average relative humidity are among the most impor-
tant inputs of ET,, simulator models in the study area, and
the boundary values (minimum and maximum) of relative
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Fig.6 Box plots: (a) for empirical models, (b) for the XGB-based models,

humidity and pan evaporation have not occupied a substan-
tial role in estimation of this component.

Fan et al. (Fan et al. 2019) showed that ET|, values could
be predicted satisfactorily by using various ML algorithms
with Tmax, Tmin, RH, wind speed at 2 m height, extrater-
restrial solar radiation (Ra) and global solar radiation (Rs)
variables in China. Moreover, it has been determined that the
LightGBM model outperforms other ML models with R? (1)
and RMSE (0.08 mm/day) values in the testing phase. In this
region, the estimation of daily ET, was primarily influenced
by Tmax and W. At the same time, RH had a comparatively
lesser impact and Tmin had the least influence. The average
R? (0.9602) and RMSE (0.5064 mm/day) values in the test-
ing phase of the GBM model showed satisfactory results
in estimating ET,,. The study's results significantly overlap
with Fan et al. (Fan et al. 2019) in terms of the performance
of the GBM algorithm and the effect of the meteorologi-
cal parameters used. However, the high effect of Tmin val-
ues in estimating ET, contradicts the study. In the study of

T T T T T

XGB-MPA1 XGB-MPA2 XGB-MPA3 XGB-MPA4 XGB-MPAS XGB-MPA6 XGB-MPA7 XGB-MPAS

(c) for the XGB-MPA-based models

Ferreira et al. (Ferreira &da Cunha 2020), ML and deep
learning techniques were used to predict daily ET,, values
according to hourly temperature and relative humidity val-
ues. The study results showed that deep learning methods
are superior in ET|, prediction. It also supports the research
on producing satisfactory outputs with the XGB algorithm.
Yu et al. (Yu et al. 2020) proposed a new model named
PSO-XGB using XGB and PSO of ET|, values calculated
according to the Penman—Monteith equation. As a result,
it has been determined that the bio-inspired PSO algorithm
improves the performance of the XGB model and the predic-
tion accuracy increases with the increase in the number of
meteorological input combinations. The XGB-MPA7 model
with the most input variables gives the most accurate results
in the study. The nature-inspired MPA algorithm overlaps
with the study of Yu et al. (2020) in terms of increasing the
success of the XGB model. Yan et al. (2021) estimated daily
ET, using XGB and whale optimization algorithm (WOA)
in arid and humid regions in China. The results showed that
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wind speed is the most influential variable in the arid region,
while the relative sunshine duration is more important in the
humid region. WOA-XGB models performed 40% higher
than FAO-56 PM models. The study results are consistent
with the nature-inspired MPA improving the ET|, prediction
success of XGB.

Histograms of the percentage changes of R? and RMSE
values of ET, prediction models are presented in Fig. 10.
The success of the prediction models was compared to the
XGB1 and XGB-MPA1 models. It was found that the mod-
el's performance was significantly improved by increasing
the number of input variables in ET, prediction. Accord-
ingly, the XGB and XGB-MPA models established with the
input variables Tmean, Tmax, Tmin, SSH, W, RHmean,
RHmax, RHmin, and Epan emerged as superior models. In
addition, the XGB7 model improved the R? and RMSE val-
ues in the testing phase by 94.2% and 78.5%, respectively, in
ET, prediction. Moreover, the XGB-MPA7 model improved
the R? and RMSE values in the testing phase by 95.9% and
85.6%, respectively, in ET,, prediction.

In addition, using XGB independently, without any opti-
mization algorithm for hyperparameter tuning, has several
disadvantages, including: (i) XGB has several hyperpa-
rameters that need to be set before training the model, such
as the learning rate, maximum depth of trees, number of
trees, regularization parameters, and more. Manually tun-
ing these hyperparameters can be a time-consuming and

iterative process. It requires domain knowledge, experience,
and multiple trial-and-error iterations to find the optimal
combination. (if) Suboptimal performance: without proper
hyperparameter optimization, the performance of XGB may
not reach its full potential. Suboptimal hyperparameter set-
tings can result in a model that underfits or overfits the data,
leading to poor generalization on unseen samples. This can
result in lower accuracy, higher bias, or higher variance in
the model's predictions. By contrast, using an optimiza-
tion algorithm like MPA for hyperparameter optimization
can help mitigate these disadvantages. MPA and similar
approaches utilize optimization techniques and search algo-
rithms to automatically explore the hyperparameter space
and find the optimal combination of hyperparameters for
XGB. This can lead to improved performance, reduced over-
fitting, and better generalization on unseen data.

To further strengthen this study, we compared the per-
formance of the MPA algorithm with PSO in hyperparam-
eter tuning of the XGB algorithm. For each model, twenty
independent runs were performed, and the average of the
results was reported. For the PSO and MPA algorithm, the
population size was set to 50, and the maximum number of
train epochs was set to 10. Moreover, the training time of
each algorithm is presented in Table 7. As can be seen, the
XGB-MPA model has less training time compared to the
XGB-PSO model in all scenarios. Moreover, the XGB-MPA
outperformed XGB-PSO in all experiments.
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Table 7 Comparison of the XGB-MPA and XGB-PSO models

Model R? (Test) RMSE (Test) Training Time (s)
XGB-MPAL1 0.7864 1.1931 57.82
XGB-PSO1 0.7858 1.1953 70.58
XGB-MPA2 0.8054 1.1384 87.46
XGB-PSO2 0.8048 1.1401 89.50
XGB-MPA3 0.8682 0.9367 93.11
XGB-PSO3 0.8668 0.9414 98.63
XGB-MPA4 0.9496 0.5815 96.18
XGB-PSO4 0.9490 0.5864 108.18
XGB-MPAS5 0.9682 0.4598 120.12
XGB-PSO5 0.9675 0.4653 125.53
XGB-MPA6 0.9689 0.4552 121.90
XGB-PSO6 0.9680 0.4618 135.82
XGB-MPA7 0.9958 0.1713 148.14
XGB-PSO7 0.9954 0.1780 149.82
XGB-MPAS 0.9957 0.1734 145.84
XGB-PSO8 0.9955 0.1776 172.64

4 Discussion
The development of accurate ET, prediction models

remains a critical challenge in water resource manage-
ment, particularly in arid regions like Northern Algeria,
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where efficient irrigation scheduling and water infrastruc-
ture planning are paramount. While traditional empirical
models have been widely used, they often fall short in
capturing the complex interactions between meteorologi-
cal variables in arid climates, creating a pressing need for
more sophisticated modeling approaches. This research
addresses several gaps in the current literature, including
the limited application of hybrid ML approaches in ET,
modeling, insufficient validation of modern computational
methods in arid regions, and the lack of comprehensive
interpretability in advanced prediction models. The cur-
rent study, while showcasing the potential of XGB cou-
pled with the MPA for ET, estimation in northern Algeria,
faces several important limitations. The temporal scope
of our dataset (2000-2010) may not fully capture recent
climate change impacts on ET, patterns. In our pursuit of
building an accurate model, we employed specific mete-
orological variables, but overlooked others that might
hold significance, such as wind direction, soil moisture,
and albedo. Additionally, the computational intensity of
the XGB-MPA hybrid approach, while justified by its
improved accuracy, may present challenges for real-time
applications or resource-limited settings. The intricate
interactions with climatic conditions and the scarcity of
reliable ET,, data affect ET; modeling in Algeria. In the
case of Algeria, where most sites' meteorological datasets
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are either completely absent or inaccessible because of
technical difficulties, this becomes important. In this situ-
ation, it should be examined further to ascertain ET,, for
those sites that take into account adjacent locations or
pooled data.

The implications of this study extend well beyond the
northern Algerian context, offering valuable insights for ET,,
estimation across diverse geographical and climatic condi-
tions. The model's demonstrated ability to handle multiple
input combinations makes it particularly adaptable to differ-
ent data availability scenarios—from data-rich environments
where all meteorological variables are available, to data-
scarce regions where only basic parameters can be meas-
ured. In arid and semi-arid regions similar to our study area,
such as parts of the Mediterranean basin, Middle East, and
North Africa, the model could be directly applicable with
minimal modifications. For regions with different climatic
characteristics, such as tropical or temperate zones, the mod-
el's flexible architecture allows for recalibration of the MPA
optimization parameters and adjustment of the XGB hyper-
parameters to account for local meteorological patterns. The
SHAP-based interpretability approach provides a systematic
framework for understanding variable importance in differ-
ent climatic contexts, potentially helping identify region-
specific drivers of ET,,. This adaptability is particularly rel-
evant for developing countries facing similar challenges in
water resource management, where the trade-off between
model complexity and data availability often constrains
the application of sophisticated ET,, estimation techniques.
Furthermore, the model's demonstrated improvement in
accuracy with increased input variables suggests it could
be particularly valuable in regions transitioning from basic
to more comprehensive meteorological monitoring systems.

Based on our findings and identified limitations, sev-
eral promising directions for future research emerge. First,
investigating the model's transferability across diverse
climatic zones and testing its performance with different
temporal resolutions (hourly, monthly) would enhance
its broader applicability. Second, incorporating advanced
data preprocessing techniques, such as wavelet transforma-
tion or empirical mode decomposition, could potentially
improve the model's ability to capture non-linear patterns
in ET,; dynamics. Third, developing an ensemble frame-
work that combines multiple optimization algorithms
could potentially enhance model robustness and reliabil-
ity. Fourth, investigating the model's performance under
future climate scenarios using downscaled climate projec-
tions would make the approach more valuable for long-term
water resource planning.

5 Conclusions

This study demonstrates that combining XGB with the
Marine Predators Algorithm offers a powerful and practi-
cal solution for estimating daily evapotranspiration, particu-
larly valuable for regions with limited weather data. Our
hybrid model achieved exceptional accuracy (R*>=0.9958,
RMSE=0.1713 mm/day) in northern Algeria, significantly
outperforming traditional approaches. The analysis revealed
that maximum daily temperature, solar radiation, and wind
speed were the most influential factors in predicting evapo-
transpiration, while relative humidity had less impact than
conventionally assumed. The model's ability to maintain
high accuracy with varying levels of input data makes it
particularly suitable for developing regions where com-
prehensive weather measurements may not be available.
Notably, the processing time improvements over existing
methods and the model's consistent performance across dif-
ferent weather conditions suggest its potential for practical,
real-time applications in water resource management.

While these results are promising, several consid-
erations warrant attention for future applications and
research. Although the model proved highly effective
in northern Algeria's semi-arid climate, its performance
in other climatic zones requires further validation. The
current implementation could benefit from incorporating
additional environmental factors such as soil characteris-
tics and landscape features, particularly for regions with
diverse topography. Future research should focus on test-
ing the model's adaptability across different geographical
and climatic conditions, developing more user-friendly
interfaces for practical applications, and exploring the
integration of remote sensing data to enhance coverage in
data-scarce regions. Despite these limitations, our find-
ings suggest that this hybrid approach offers a reliable tool
for irrigation planning and water resource management,
particularly valuable for regions facing water scarcity
challenges. The model's success demonstrates the poten-
tial of combining advanced machine learning techniques
with optimization algorithms to address real-world water
management challenges. Future research should consider
evaluating XGB against other advanced algorithms such
as Random Forest, Support Vector Regression, and Long
Short-Term Memory networks for ET,, estimation. Also,
future studies can explore the integration of automated
feature selection techniques with XGB-MPA to develop
more efficient yet robust ET,, estimation models for differ-
ent data availability scenarios.

@ Springer



113 Page 20 of 23 M. Achite et al.
Appendix
~15 . . , 15 . : .
2 |(a) ——FAO-56PM- - 4 XGB1- - - XGB-MPAl | > [(b) ——FAO0-56 PM- - 4 XGB2- - - XGB-MPA2
<
Q [l y [ "d =
g10} / E 10 t
£ g
g 5t o 5
[ —~
&8
of ; , E 0 K , K
2008 2009 2010 2011 2008 2009 2010 2011
15 15 . .
> > |(d) ——FAO0-56 PM- - - [XGB4- - - XGB-MPA4
3 <
= 10} = 10}
g g
£ g
o Of o O
—~ —~
m 54
0 , . Ot , .
2008 2009 2010 200 2009 2010
15 . . 15 . .
> (¢) —FAO-56PM- - - XGBS5- - - XGB-MPAS N (f) ——FAO-56 PM- - - [XGB6- - - XGB-MPA6
3 3
= 10} = 10}
g g
£ g
o Of o O
—~ —~
m m
0 , . 0 , .
2008 2009 2010 2008 2009 2010
15 . . 15 . .
% (g) ——FAO-56 PM- - - IXGB7- - - XGB-MPA7 % (h) ——FAO-56 PM~ - - |XGB8- - - XGB-MPAS
- <
= 10} = 10}
g g
£ g
o Of o O
—~ —~
m m
Of , . Ot , .
2008 2009 2010 200 2009 2010

Fig.11 Time series graphs of observed and estimated ET,, via XGB and XGB-MPA models (during test sections)
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