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Abstract

Accurate medium-term evapotranspiration (ET) forecasting is critical for irrigation schedul-
ing and hydrological assessments. To address biases in numerical weather prediction
(NWP) systems, we developed a hybrid GWO_XGB model integrating Extreme Gradient
Boosting (XGBoost) with Gray Wolf Optimizer (GWO) for bias correction. Using the cor-
rected data, we evaluate four hybrid models—Support Vector Machine (SVM) and XGBoost,
each optimized with either GWO or Grasshopper Optimization Algorithm (GOA)—for
1- to 10-day ET forecasts across 11 farmland stations in Europe and North America (2003–
2014). The results showed that the GWO_XGB model demonstrated the best comprehensive
performance (average RMSE = 0.476 mm d−1, R2 = 0.829), while the GWO_SVM model
performed the weakest (average RMSE = 0.572 mm d−1, R2 = 0.761). Forecast accuracy of
Rs and VPD declined with lead time, with the 1-day forecasts being most accurate (RMSE
range: 2.005–3.061 MJ mm d−1). Using calibrated NWP data, the highest 1-day forecast
accuracy was achieved (average RMSE = 0.715 mm d−1), with GWO_XGB remaining the
best (1–3 days average RMSE = 0.667 mm d−1; 10-day cumulative forecast RMSE = 0.698
mm d−1). Overall, the GWO_XGB model combined with NWP calibration provides reliable
short- to medium-term ET forecasts for agricultural water management.

Keywords: Global Ensemble Forecast System version 12; machine learning; bio-inspired
optimization algorithm

1. Introduction
Evapotranspiration (ET) is a critical yet often poorly constrained component of the

global water cycle, with significant implications for energy balance and ecohydrological
processes [1–3]. In agriculture, accurate estimation of ET is essential for efficient water
resource management and irrigation scheduling [4,5]. With water scarcity affecting over
half of the world’s continental areas and continuing to intensify, the demand for reliable
medium-term (1–10 days) ET forecasts has become increasingly urgent [6]. For clarity,
short-term forecasts in this study refer to a 1–3 day lead time, while medium-term forecasts
encompass a 4–10 day lead time. Such forecasts are vital for understanding water/carbon
energy interactions, optimizing irrigation planning, and supporting hydrological assess-
ments [7–10].

To address this need for reliable forecasts, numerical weather prediction (NWP) mod-
els have been widely adopted to support forecasting of hydrological variables such as
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floods, ET, reference evapotranspiration (ETo), and potential evapotranspiration [10–18].
Among these, the Global Ensemble Forecast System (GEFS) represents a state-of-the-art,
physics-based global model developed by the National Centers for Environmental Predic-
tion [19]. Its latest version, GEFS v12, provides 31-member ensemble forecasts spanning the
period 2005–2019. Depending on the initialization time, forecasts extend up to 35 days (0000
UTC) or 16 days (0600, 1200, and 1800 UTC) [20]. Notably, GEFS v12 features enhanced
resolution and improved physical parameterizations, which lead to more accurate repre-
sentations of key meteorological drivers for ET, such as solar radiation and near-surface
humidity. Its ensemble framework also provides inherent uncertainty estimates, making it
particularly suitable for medium-term agricultural water management applications. GEFS
v12 outputs are increasingly integrated into forecasting systems for precipitation, radiation,
and temperature [21–24].

However, NWP outputs frequently exhibit substantial deviations from observational
data, which directly propagate into ET forecasting errors [25,26]. Biases in key meteoro-
logical drivers—such as solar radiation, temperature, and humidity—stem from multiple
sources, including uncertainties in initial conditions and model parameterizations, struc-
tural limitations in representing subgrid-scale processes, spatial averaging over large
areas, and systematic underestimation of precipitation [27,28]. These inaccuracies in NWP-
derived meteorological inputs can lead to significant over- or under-estimation of ET,
thereby undermining the reliability of irrigation scheduling and water resource assess-
ments that depend on medium-term forecasts. Consequently, statistical post-processing is
often necessary to enhance the reliability of NWP products [29]. A variety of correction tech-
niques have been proposed, ranging from simple additive or multiplicative adjustments to
more sophisticated regression and downscaling methods [9,10].

Among the advanced post-processing approaches, machine learning (ML) has
emerged as a particularly powerful tool, due to recent advances in computational power
and artificial intelligence. ML has demonstrated high effectiveness in estimating hydro-
logical variables, including ET [30–33]. Moreover, heuristic optimization algorithms have
demonstrated considerable potential in improving the performance of ML models by effi-
ciently identifying optimal hyperparameters and model structures [34–38]. In particular,
the Gray Wolf Optimizer (GWO) and the Grasshopper Optimization Algorithm (GOA)
have been selected for this study due to their proven balance between exploration and
exploitation, relatively few control parameters, and strong performance in continuous
optimization problems, making them well-suited for tuning complex ML models such
as XGBoost and SVM. The integration of metaheuristic algorithms such as the GWO and
GOA with established ML techniques has shown promise in enhancing model accuracy
and generalization [35,36].

Beyond these advanced ML-based approaches, ET estimation in practice has tradition-
ally relied on more conventional methodologies. A common practice involves calculating a
reference evapotranspiration (ETo), such as using the Penman–Monteith equation [39], and
then applying crop coefficients (Kc) to estimate crop evapotranspiration under standard
conditions. However, this two-step approach not only requires extensive meteorological in-
puts, limiting its applicability in data-sparse regions [40,41], but also introduces uncertainty
through the empirical Kc values. In contrast, eddy covariance systems directly measure ET,
which reflects the real-time biophysical and environmental conditions. The objective of this
study is to forecast this measured ET. Alternatively, satellite remote sensing offers a viable
pathway for direct ET estimation at appropriate spatiotemporal resolutions [42].

Despite these developments, the use of NWP outputs for direct ET forecasting remains
limited. Existing correction methods for raw NWP data often rely on conventional regres-
sion or linear interpolation, and few studies have explored the combination of ML models
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with bio-inspired optimization algorithms to correct NWP outputs for ET forecasting. We
hypothesize that such a hybrid approach can effectively mitigate systematic biases in NWP
outputs (particularly in solar radiation and vapor pressure deficit), thereby significantly
improving the reliability of medium-term ET forecasts. To test this hypothesis, the present
study bridges the aforementioned gap with the following three objectives:

(1) Evaluating the performance of four hybrid ML models (SVM and XGBoost coupled
with GWO or GOA) in simulating ET using the Fluxnet 2015 dataset;

(2) Applying the GWO-XGB model to correct Rs and VPD forecasts from GEFSv12 over a
1–10 day lead time;

(3) Assessing the utility of the bias-corrected NWP data for medium-term ET forecasting
across 11 farmland stations in Europe and North America.

2. Materials and Methods
2.1. Study Area

This study utilized data from 11 farmland stations across Europe and North America
(Figure 1), which are part of the Fluxnet 2015 network. The dominant crop types at these
stations include sugar beet, winter wheat, winter barley, potato, maize, spring barley, and
rice (Table 1).

Figure 1. Location of 11 farmland flux tower stations across North America and Europe used in
this study.
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Table 1. The specific latitude and longitude and meteorological data information of 11 farmland stations selected in the study.

Station Latitude
(N)

Longitude
(E) Start (y) End

(y)
Elevation

(m)
Rs

(MJ m−2 d−1)
WS

(m s−1)
ET

(mm d−1)
Tmax
(◦C)

Tmin
(◦C) NDVI VPD

(hPa d−1) SWC Crop Species

BE-Lon 50.55 4.75 2006 2014 167 120.72 3.08 27.05 15.32 7.78 0.51 3.00 33.33 Sugar beet [43]

CH-Oe2 47.29 7.73 2006 2014 452 138.04 1.66 55.14 14.22 4.87 0.51 2.80 27.26
Winter wheat, winter barley,
winter rapeseed, potato, and

cover crop [44]
DE-Geb 51.10 10.91 2003 2014 162 122.15 2.94 26.94 13.64 5.29 0.48 4.00 20.66 Winter wheat and potato [45]

DE-Kli 50.89 13.52 2006 2014 478 127.76 3.41 25.59 11.20 4.17 0.48 3.28 36.05 Winter barley, rapeseed, winter
wheat, maize, spring barley [46]

DE-Seh 50.87 6.45 2007 2010 103 134.45 2.38 44.78 14.57 6.68 0.48 3.49 28.73 Winter wheat [47]

FR-Gri 48.84 1.95 2006 2012 125 136.88 3.12 38.44 14.92 6.79 0.48 3.89 28.08 Maize, wheat, barley, and
mustard [48]

IT-BCi 40.52 14.96 2006 2014 20 182.76 2.18 58.43 22.64 13.44 0.49 5.57 27.68 Maize [49]
IT-CA2 42.38 12.03 2011 2014 200 179.94 2.72 36.03 20.76 9.63 0.56 6.57 19.84 Winter wheat [50]

US-ARM 36.61 −97.49 2006 2012 314 195.58 4.39 41.27 21.35 9.23 0.40 9.13 20.25 Winter wheat [51]
US-CRT 41.63 −83.35 2011 2013 180 156.33 3.02 52.61 15.19 6.07 0.41 4.74 50.10 Winter wheat [52]
US-Tw3 38.12 −121.65 2013 2014 −9 228.55 3.14 72.49 24.36 10.64 0.44 9.23 12.12 Rice [53]

Note: Values for meteorological variables represent site-specific long-term daily means. Abbreviations: Rs, solar radiation; WS, wind speed; Tmax/Tmin, daily maximum/minimum air
temperature; NDVI, normalized difference vegetation index (derived from MODIS); VPD, vapor pressure deficit; SWC, soil water content.
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North American stations are largely characterized by a temperate continental climate,
with cold winters and hot summers. Over the past half-century, inappropriate irrigation and
fertilization practices have led to soil salinization, affecting more than 55 million hectares of
farmland. Intensive irrigation techniques often raise soil moisture levels, thereby increasing
ET, particularly in irrigated croplands relative to forested areas. Three stations in North
America primarily grow winter wheat and rice, where sufficient heat and precipitation
support key growth stages such as heading, flowering, and grain filling.

In Europe, the temperate climate, moderated by oceanic influences, results in mild
and humid conditions throughout much of the year. Generally lower temperatures and
ET rates are observed due to higher latitudes. Although water and heat resources in parts
of Europe are adequate for winter wheat cultivation, periodic droughts in southwestern
regions have negatively impacted yields. Winter oilseed rape, typically planted after cereal
harvests, serves as a break crop for managing pathogens and weeds. Widespread maize
cultivation in Europe benefits from breeding efforts that have adapted varieties to local
soil and climatic conditions. Given the economic and food security importance of these
crops, accurate medium-term ET forecasting is essential for optimizing irrigation, reducing
non-beneficial water loss, and mitigating risks related to soil degradation and drought.

2.2. Data Collection

Daily observed ET and meteorological variables, including maximum and minimum
temperature (Tmax, Tmin), solar radiation (Rs), wind speed (WS), vapor pressure deficit
(VPD), and soil water content (SWC), were obtained from the Fluxnet 2015 dataset (https:
//fluxnet.org/data/fluxnet2015-dataset/ accessed on 22 February 2023). Additionally,
the daily normalized difference vegetation index (NDVI) was derived from Moderate
Resolution Imaging Spectroradiometer (MODIS) satellite imagery (MOD13Q1 product,
16-day composite at 250 m resolution, National Aeronautics and Space Administration,
Greenbelt, MD, USA) to capture crop phenological dynamics. The corresponding MODIS
tiles for each site were processed, and the NDVI value for the pixel containing the flux
tower was extracted. A continuous daily NDVI series was then generated by applying a
Savitzky–Golay filter to smooth and interpolate the composite time-series data, ensuring
temporal alignment with the daily flux observations [54,55].

Forecast data for Rs, Tmax, Tmin, and specific humidity (spfh) were retrieved from the
Global Ensemble Forecast System version 12 (GEFS v12, National Oceanic and Atmospheric
Administration, College Park, MD, USA; https://noaa-gefs-retrospective.s3.amazonaws.
com/index.html# accessed on 8 August 2021). Since VPD is not directly available in GEFS
v12 outputs, it was derived from spfh and temperature using standard psychrometric
relationships. Specifically, spfh was first converted to relative humidity (RH), which
was then combined with air temperature to compute daily VPD. A summary of forecast
variables is provided in Table A1 (see Appendix A).

After aligning the Fluxnet 2015 and GEFS v12 data by date, all rows with any missing
values were removed, resulting in a complete dataset for the retained dates. This procedure
led to the removal of a small proportion of data (<2% of the total daily records), primarily
affecting a subset of stations with occasional gaps. Given the low magnitude and non-
systematic spatial distribution of the missing data, we consider the impact of this deletion on
overall data continuity, representativeness, and subsequent model training to be negligible.

2.3. Bias Correction and Forecasting Framework

A hybrid model was utilized to correct bias in NWP outputs, specifically the
GWO_XGB model. Our modeling process entailed inputting raw NWP outputs and
obtaining output values as correction results for the coupled model. NWP meteorological
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variables, including Tmax, Tmin, Rs, and spfh, were used as inputs. To rigorously evaluate
the model’s performance and prevent temporal overfitting, we adopted a two-step data
splitting strategy based on time order. First, the entire chronological dataset was divided
into a training period (the first 80% of the time series) and a strictly independent testing pe-
riod (the final 20%). This ensures that the model is evaluated on future data unseen during
training, simulating a real forecasting scenario. Subsequently, within the training period
only, we employed a rolling-origin time-series cross-validation with 5 folds to optimize
the model hyperparameters and assess its stability. In this process, the training set was
sequentially split into five contiguous blocks; each time, four blocks were used for training,
and the subsequent block was used for validation. This method preserves the temporal
order of the data and prevents information leakage from the future.

This study is divided into two parts according to the source of meteorological data.
In the first part, the input of the Fluxnet 2015 dataset is used as the control group of the
ET simulation, which is used to evaluate the performance of the four models selected in
the study and compare it with the results of the prediction model. In the second part,
we use the forecast data of NWP for ten days as model input. Since real-time, forecasted
NDVI and SWC are not available from NWP systems, and given their high temporal
autocorrelation over short periods, we used the most recent observed values as proxies.
Specifically, NDVI_t and SWC_t represent the NDVI and SWC values of the previous day,
respectively, as the input of the forecast data combination (Table 2). In Table 2, F1 represents
the input combination based on the Fluxnet 2015 dataset, and GOA_SVM_F represents
the model of the F1 combination input. N1 represents the input combination based on the
NWP data of 1d, and GOA_SVM 1 represents the model of the N1 combination input. The
meaning of other models and combinations is similar to the above.

Table 2. Input combinations and models.

Original No.
Model

Input Combinations
GOA_SVM GWO_SVM GOA_XGB GWO_XGB

Fluxnet 2015 F1 GOA_SVM_F GWO_SVM_F GOA_XGB_F GWO_XGB_F Rs, Ws, Tmax, Tmin, NDVI, VPD, SWC

NWP

N1 GOA_SVM1 GWO_SVM1 GOA_XGB1 GWO_XGB1 NDVI_t, SWC_t, Tmax_1, Tmin_1, Rs_1, VPD_1
N2 GOA_SVM2 GWO_SVM2 GOA_XGB2 GWO_XGB2 NDVI_t, SWC_t, Tmax_2, Tmin_2, Rs_2, VPD_2
N3 GOA_SVM3 GWO_SVM3 GOA_XGB3 GWO_XGB3 NDVI_t, SWC_t, Tmax_3, Tmin_3, Rs_3, VPD_3
N4 GOA_SVM4 GWO_SVM4 GOA_XGB4 GWO_XGB4 NDVI_t, SWC_t, Tmax_4, Tmin_4, Rs_4, VPD_4
N5 GOA_SVM5 GWO_SVM5 GOA_XGB5 GWO_XGB5 NDVI_t, SWC_t, Tmax_5, Tmin_5, Rs_5, VPD_5
N6 GOA_SVM6 GWO_SVM6 GOA_XGB6 GWO_XGB6 NDVI_t, SWC_t, Tmax_6, Tmin_6, Rs_6, VPD_6
N7 GOA_SVM7 GWO_SVM7 GOA_XGB7 GWO_XGB7 NDVI_t, SWC_t, Tmax_7, Tmin_7, Rs_7, VPD_7
N8 GOA_SVM8 GWO_SVM8 GOA_XGB8 GWO_XGB8 NDVI_t, SWC_t, Tmax_8, Tmin_8, Rs_8, VPD_8
N9 GOA_SVM9 GWO_SVM9 GOA_XGB9 GWO_XGB9 NDVI_t, SWC_t, Tmax_9, Tmin_9, Rs_9, VPD_9

N10 GOA_SVM10 GWO_SVM10 GOA_XGB10 GWO_XGB10 NDVI_t, SWC_t, Tmax_10, Tmin_10, Rs_10, VPD_10

It is important to emphasize that our forecasting framework is not a static historical
extrapolation. For each forecast lead time, the model receives future meteorological inputs
from the NWP outputs, while NDVI and SWC are represented by their most recent observed
values (lag 1) due to the lack of real-time forecasts. This design ensures that the forecast
ET responds directly to the forecasted weather conditions on each target day, capturing
day-to-day variations in radiation, temperature, and humidity. The use of lagged NDVI
and SWC is justified by their high temporal autocorrelation (Section 3.1), implying that their
values change slowly relative to daily weather; thus, the dominant source of ET variability
in the 1–10 day range originates from the NWP-derived meteorological inputs, not from
the nearly constant vegetation or soil states.
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2.4. Methodology
2.4.1. Support Vector Machine (SVM)

The SVM algorithm is a supervised machine learning model for binary classification
problems proposed by Vapnik et al. [56]. The basic principle of the algorithm is to solve a
separation hyperplane that can correctly divide the training dataset and has the largest geo-
metric interval, and to solve the maximum hyperplane problem, as shown in Equation (1):

ωTx + b = 0 (1)

Solving the maximum hyperplane problem is to find the optimal ω and b. In Equa-
tion (1), ω is the normal vector that determines the direction of the hyperplane, and b is the
displacement term that determines the distance between the hyperplane and the origin. x
is a vector of n-dimensional sample features.

The mathematical expression of the distance from each sample to the plane is shown
in Equations (2) and (3):

γ =
ωTx + b
∥ω∥ (2)

∥ω∥ =

√√√√ k

∑
i=1

ω2
i (3)

The decision function of the SVM algorithm is determined by a few support vectors,
and the complexity depends on the number of support vectors rather than the spatial
dimension. This not only helps us to accurately obtain key samples but also has good
robustness, which is mainly reflected in the increase or decrease in non-support vector sam-
ples. There is no impact on the model. However, the SVM algorithm involves the operation
of the m-order matrix when solving the quadratic programming, and m represents the
number of samples. When the number of samples is too large, the operation and storage
of the matrix will consume time and computer memory. In addition, the algorithm is not
effective in solving multi-classification problems.

2.4.2. Extreme Gradient Boosting (XGBoost)

The XGBoost algorithm is an integrated learning algorithm based on the tree model
proposed by Chen and Guestrin [57]. The algorithm iterates the t-tree model to form an
additive model, which is the forecast result of the sample, as shown in Equation (4):

ŷ(t)i =
t

∑
k=1

fk(xi) = ŷ(t−1)
i + ft(xi) (4)

In Equation (4), ŷ(t)i represents the prediction result of sample i after the t-th iteration,
ft(xi) is the model of the t-th tree.

The objective function of XGBoost is the sum of the loss function and the regularization
term, as shown in Equations (5) and (6):

L =
n

∑
i=1

l(yi, ŷi) (5)

Obj = L +
t

∑
i=1

Ω( fi) (6)

In Equation (5), n is the sample size, yi is the measured value, and L is the loss function.
In Equation (6), ∑t

i=1 Ω( fi) is the regular term, and Obj is the objective function.
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The loss function is composed of the forecasted value and the measured value, which
represents the deviation of the model, while the regularization term is used to prevent the
model from overfitting. The Boosting algorithm follows the forward stepwise addition,
and the forecasted value of the latest sample is the sum of the forecasted value of the
previous sample and the forecasted value of the new model. The XGBoost model can
process large-scale datasets more efficiently than the SVM model, does not occupy too
much computer memory, and can automatically process missing values. However, the
model cannot handle high-dimensional feature data well and is only suitable for processing
structure feature data.

2.4.3. Grasshopper Optimization Algorithm (GOA)

GOA is a meta-heuristic algorithm proposed by Saremi et al. to simulate locust
foraging behavior [58]. The main principle is to let the initial n locusts be randomly
distributed in the multidimensional space, according to the determined mathematical
formulas and parameters, and update the location of all locusts in each iteration calculation.
In the coupling model of this study, the optimal position of the locust calculated by each
generation will be used as the cost and gamma dynamic parameter input of the SVM and
XGBoost models, and then the corresponding RMSE value of the model will be calculated
and compared with the next generation. Finally, the generation with the best simulation
effect is the greedy step of the algorithm. When the next position of the locust is better
than the current position, it will jump to the new position. The biggest feature of the GOA
algorithm is that it considers both the location of the optimal individual and the interaction
of individuals within the population. However, the core parameter of the GOA algorithm
adopts a linear adaptive reduction strategy. Although this parameter can prevent locusts
from premature convergence during the iteration process, it cannot adapt well to complex
problems, early exploration, and late convergence. In addition, in the process of location
update, the fitness of locusts with poor locations will always fluctuate, which may lead to
a local optimum. The mathematical expression of the locust update position in the GOA
algorithm is shown in Equations (7)–(9):

Xd
i = c·(

N

∑
j = 1
j ̸= i

c
ubd − lbd

2
s(
∣∣∣xd

j − xd
i

∣∣∣) xj − xi∣∣xj − xi
∣∣ ) + T̂d (7)

c = cmax − t
cmax − cmin

max_iter
(8)

s(x) = f ·e
−x

l − e−x (9)

In Equation (7), Xd
i represents the position of the i-th locust in the d-dimensional

space, ubd and lbd represents the upper and lower bounds of the value of the d-dimensional
space, respectively, T̂d representing the position of the current optimal individual in the
d-dimensional space. In Equation (8), cmax and cmin is a fixed coefficient, respectively, 1 and
0.01, t represents the current number of iterations, max_iter is the maximum number of
iterations set. By introducing this coefficient c, the distance between locusts can be better
controlled, so that they can stay in a comfortable circle and avoid excessive aggregation in
the early stage, resulting in local optimal results. In Equation (9), f is 0.5 and l is 1.5.

2.4.4. Gray Wolf Optimizer (GWO)

GWO is a meta-heuristic algorithm proposed by Mirjalili et al. [59] to simulate the
hierarchy and hunting strategy of gray wolves. This algorithm divides the gray wolf into
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four social classes. The head wolf (α wolf) in the wolf group is located at the highest level,
which is mainly responsible for controlling the predation, habitat, and other activities of
the other three wolf groups; this is the optimal solution in the GWO algorithm. The wolves
in the second layer are called β wolves. They obey and assist the α wolf to dominate its
lower wolf pack, and are also candidates for the α wolf, that is, the suboptimal solution
in the GWO algorithm. The third layer of wolves, called δ wolves, is subordinate to the
upper wolves and can manage the lower wolves. The lowest, ω wolves, are subordinate to
the wolves of other social levels. They are at the lowest level, so they are not allowed to
eat until the higher-ups finish. Their existence can prevent conflicts such as self-mutilation
within the wolves. The GWO algorithm has strong convergence ability and high accuracy,
but its convergence accuracy and speed are not ideal in the face of complex problems.

The principle of the GWO algorithm to find the optimal solution is the hunting process
of the gray wolf: (1) surrounding and tracking the prey; (2) hunting prey; (3) attacking prey.
The mathematical expression of the GWO algorithm is shown in Equations (10)–(14):

→
D =

∣∣∣∣→C ·
→
Xp −

→
X
∣∣∣∣ (10)

→
X =

→
Xp −

→
A·

→
D (11)

In Equations (10) and (11),
→
D is the distance between the gray wolf and the prey,

→
Xp

and
→
X are the position vectors of the prey and the gray wolf,

→
A and

→
C are the determined

coefficients, respectively. The equations are as follows:
→
A = 2

→
a ·→r 1 −

→
a (12)

→
C = 2

→
r 2 (13)

→
a = 2 − l· 2

max_iter
(14)

In Equations (12) and (13),
→
r1 and

→
r2 are the random number vectors generated on [0,

1]. In Equation (14), l is the current number of iterations, and max_iter is the maximum
number of iterations.

According to Equation (10), α, β, and δ wolves gradually surround their prey and
narrow the distance between them, while ω wolves adjust their position according to
the average distance between wolves and prey at other levels. The increase in |A| in
Equation (12) will make the wolf pack move away from the prey, and the corresponding |A|
will be too large. When |A| > 1 in Equation (12), we think that the prey is not appropriate,
it will lead to the wolves for global search. When |A| < 1, the wolf pack will begin to attack
the prey, and the optimal solution can be obtained at this time.

2.4.5. Model Configuration and Hyperparameter Optimization

In this study, the GOA and GWO algorithms were employed to optimize the key
hyperparameters of the SVM and XGBoost models to achieve optimal performance for ET
forecasting. For the SVM model, the regularization parameter (C) and the kernel coefficient
(γ) were optimized, with search ranges set to [10−3, 103] and [10−5, 10], respectively. For
the XGBoost model, four hyperparameters were optimized: the number of boosting rounds
(n_estimators, range [50, 1500]), maximum tree depth (max_depth, range [2, 20]), learning
rate (eta, range [10−4, 0.3]), and the subsample ratio of columns (subsample, range [0.5, 0.8]).
These ranges were determined based on common practices and preliminary experiments to
ensure effective exploration of the parameter space.
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Both the GOA and GWO optimizers were configured with a population size of 50 and
a maximum iteration count of 200. The optimization process terminated upon reaching
this predefined maximum number of iterations. To mitigate overfitting during model
training with the optimized hyperparameters, intrinsic regularization strategies within
XGBoost—specifically, L2 regularization (with lambda fixed at 1) and a minimum child
weight (fixed at 6)—were applied consistently. Early stopping was not employed during the
metaheuristic optimization phase itself to ensure a comprehensive and equitable evaluation
of all candidate solutions within the allocated computational budget.

All modeling was conducted in R 4.1.1 (R Foundation for Statistical Computing,
Vienna, Austria) using the “e1071” (v1.7-9, Department of Statistics, TU Wien, Vienna,
Austria) and “xgboost” (v1.5.0.1, DMLC group, Seattle, WA, USA) packages. GWO and
GOA were implemented in R based on standard pseudo-code. Simulations ran on a
Windows 11 workstation (AMD Ryzen 7 5800X, 8 cores @ 3.80 GHz, 16 GB RAM).

2.5. Evaluation Metrics

The performance of the models was evaluated using five statistical indicators. The root
mean square error (RMSE) measures overall accuracy by quantifying the average magnitude
of errors between measured and forecasted values; it is sensitive to outliers due to the
squaring of differences, with values closer to 0 indicating higher accuracy. The coefficient of
determination (R2) evaluates the goodness-of-fit and the proportion of variance explained
by the model, ranging from 0 to 1, where values closer to 1 reflect stronger explanatory
power. The mean absolute error (MAE) assesses accuracy through the average absolute
deviation between paired observations; it is less influenced by extreme values than RMSE
and provides a direct interpretation of average error magnitude. The percent bias (PBIAS)
quantifies systematic bias by showing the cumulative tendency of forecasts to over- or
under-estimate observations, with values near 0 indicating minimal bias. Finally, the
normalized root mean square error (NRMSE) provides a scale-independent measure of
accuracy, calculated by dividing RMSE by the range of observed values, which facilitates
consistent error comparisons across stations with varying ET magnitudes. Lower values
of MAE, PBIAS, and NRMSE correspond to better model performance. The mathematical
expressions of these five statistical indicators are shown in Equations (15)–(19):

RMSE =

√√√√√ N
∑

i=1
(Xobs,i − Xpred,i)

2

N
(15)

R2 =

[
N
∑

i=1
(Xobs,i − Xobs,i)(Xpred,i − Xpred,i)]

2

N
∑

i=1
(Xobs,i − Xobs,i)

2 N
∑

i=1
(Xpred,i − Xpred,i)

2
(16)

MAE =

N
∑

i=1

∣∣∣Xobs,i − Xpred,i

∣∣∣
N

(17)

PBIAS =
N

∑
i=1

∣∣∣Xobs,i − Xpred,i

∣∣∣
Xpred,i

(18)

NRMSE =
RMSE
Xpred,i

(19)
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where N represents the total sample, Xobs,i and Xpred,i represent the measured value and
forecasted value of the model, respectively, and Xobs,i and Xpred,i represent the average
value of Xobs,i and Xpred,i, respectively.

3. Results
3.1. ET Simulation with Fluxnet Data (Control)

The statistical results of daily ET simulations using the GOA_SVM, GOA_XGB,
GWO_SVM, and GWO_XGB models across 11 farmland stations from the Fluxnet 2015
dataset are presented in Table A2 (see Appendix A). For the four models during the testing
phase, the ranges of RMSE, R2, MAE, PBIAS, and NRMSE were 0.332–0.782 mm d−1,
0.643–0.9, 0.233–0.509 mm d−1, 14.5–34.9%, and 21–57.9%, respectively, indicating generally
satisfactory model fitting.

Overall, the tree-based models (GOA_XGB and GWO_XGB) outperformed the
kernel-based models (GOA_SVM and GWO_SVM) during the testing phase. Specifically,
GWO_XGB performed the best, with average RMSE, R2, MAE, PBIAS, and NRMSE values
of 0.476 mm d−1, 0.829, 0.323 mm d−1, 22.1%, and 32.9%, respectively. In contrast, the
GWO_SVM model had the poorest performance, with corresponding average RMSE, R2,
MAE, PBIAS, and NRMSE values of 0.572 mm d−1, 0.761, 0.378 mm d−1, 22.6%, and 39.3%,
respectively. Notwithstanding, this worst model nonetheless produced appropriate results
for ET simulation at several stations, including BE-Lon, CH-Oe2, DE-Geb, and DE-Seh,
where RMSE ranged from 0.418 to 0.67 mm d−1 and R2 from 0.792 to 0.842.

To facilitate better comparison of the performance of the four models across various
stations, we present a scatter plot displaying the relationship between daily ET measured
values and simulated values, as demonstrated in Figure 2 (exhibiting data from the stations
BE-Lon, DE-Geb, DE-Seh, and US-Tw3). The fitting line for all models is close to the 1:1 line,
with the data points from GWO_XGB clustering most tightly around it. The GOA_XGB
and GWO_XGB models showed relatively balanced point distributions on both sides of the
1:1 line, whereas GOA_SVM and GWO_SVM exhibited greater dispersion. For instance,
at BE-Lon, GWO_XGB yielded the smallest errors at ET < 2 mm d−1, while GOA_SVM
and GWO_SVM produced larger errors when ET exceeded 6 mm d−1. Similarly, at DE-Seh,
GWO_SVM showed considerable deviation for ET > 5 mm d−1.

 

Figure 2. Comparison of simulated and observed daily ET at four representative stations (BE-Lon
(a), DE-Geb (b), DE-Seh (c), and US-Tw3 (d)) using the four hybrid models (GWO_XGB, GOA_XGB,
GWO_SVM, and GOA_SVM).
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A boxplot analysis of model performance across all 11 farmland stations is shown in
Figure 3. The results reveal notable variability among models. GWO_XGB consistently
performed best, with the lowest median values for RMSE, MAE, PBIAS, and NRMSE, as
well as the narrowest interquartile range and a median R2 around 0.8, reflecting high and
stable accuracy. Overall, while all four models achieved comparable overall performance,
GWO_XGB ranked highest, followed by GOA_XGB and GOA_SVM, with GWO_SVM
being the least accurate.

Figure 3. Model performance metrics across all 11 farmland stations for the four hybrid models
(GWO_XGB, GOA_XGB, GWO_SVM, and GOA_SVM). Accuracy (RMSE (a), MAE (c)), Goodness-of-
fit (R2 (b)), Normalized accuracy (NRMSE (d)), and Bias (PBIAS (e)).

The current evaluation is based on historical meteorological data from Fluxnet 2015.
For real-world irrigation applications, however, forecasting future ET is essential. NWP
outputs offer a valuable basis for such forecasts, though they often contain systematic biases.
Given the superior performance of GWO_XGB demonstrated in this section, we propose
using this model to correct NWP forecast data before employing it for ET prediction. The
following section will compare the observed-data-based simulations presented here with
ET forecasts generated from bias-corrected NWP outputs, examining the feasibility of the
hybrid modeling approach and the influence of forecast lead time on accuracy.

Since real-time forecasted NDVI and SWC are not available from the NWP outputs,
and their short-term temporal persistence is generally high, we used the most recent
observed values (i.e., lag-1) as proxies in the forecasting framework. To quantitatively
justify this approach, we conducted autocorrelation function (ACF) analyses for the NDVI
and SWC daily time series. As an illustrative example, Figure 4 presents the ACF plots for
the DE-Geb station over lags up to 10 days. Both NDVI and SWC exhibit strong temporal
autocorrelation, with the first-lag (1-day) coefficients exceeding 0.98 for NDVI and 0.96
for SWC. Even at a 10-day lag, the autocorrelation remains above 0.85 for NDVI and 0.80
for SWC. This high persistence confirms that using the previous day’s observed NDVI
and SWC values (NDVI_t, SWC_t) as inputs for 1- to 10-day ahead forecasts introduces
only minor informational loss, thereby supporting the practicality of the proxy approach
adopted in this study.
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Figure 4. ACF plots of NDVI and SWC flux data at DE-Geb station.

3.2. Correction of NWP Variables

The NWP data retrieved from GEFS v12 comprises Tmax, Tmin, Rs, and VPD. Due to
uncertainties in the initial conditions of NWP models and discrepancies between forecast
outputs and actual measurements, the raw NWP data cannot be directly used for ET
forecasting. Therefore, in this study, the four meteorological variables extracted from the
NWP outputs were used as inputs, and the GWO_XGB model—which demonstrated the
best simulation performance in the previous section—was employed to correct the biases
in Rs and VPD, thereby improving the agreement between forecasted and observed values.

3.2.1. Solar Radiation

To enhance the utility of NWP outputs, the GWO_XGB model was applied to correct
the forecast Rs data. The statistics results of the corrected Rs are presented in Table A3 (see
Appendix A). Overall, the accuracy of Rs forecasts generally decreased as the forecast lead
time increased, though this trend was not strictly monotonic. For instance, at stations such
as BE-Lon, CH-Oe2, and DE-Geb, the accuracy on the 10d lead time was not the lowest
among the 10 forecast days. Taking the BE-Lon station as an example, the RMSE, R2, MAE,
PBIAS, and NRMSE values on 10d were 4.789 MJ m−2 d−1, 0.607, 3.622 MJ m−2 d−1, 34.8%,
and 46%, respectively. The PBIAS and NRMSE values were 2.7%, 2.6%, 2.5%, and 2.7%
lower, respectively, than those on 7d, which had the lowest accuracy.

The most pronounced changes in Rs accuracy occurred between 1d and 3d. The
average RMSE increased by 44% from 1d to 3d, while R2 decreased by 37.6%. Beyond 3d,
the rate of deterioration slowed. For example, the average RMSE on 3d was 4.5% lower than
that on 5d, with a corresponding R2 increase of 5.2%. In contrast, the difference between 5d
and 7d was much smaller, with RMSE increasing by only 0.8% and R2 decreasing by 0.9%.

Across all stations, RMSE on 1d ranged from 2.005 to 3.061 MJ m−2 d−1, while on
10d it ranged from 4.133 to 5.55 MJ m−2 d−1. The US-Tw3 station exhibited the lowest
average RMSE (3.754 MJ m−2 d−1), whereas US-CRT showed the highest (5.211 MJ m−2

d−1). Similarly, R2 on 1d ranged from 0.848 to 0.952, declining to 0.486–0.795 by 10d.
US-Tw3 achieved the highest average R2 (0.825), while US-ARM had the lowest (0.543).
NRMSE values on 1d ranged from 10.2% to 25.7%, with some stations (e.g., IT-BCi and
US-Tw3) maintaining NRMSE below 28% across all 10 days, indicating consistently better
performance. PBIAS on 1d ranged from 6.7% to 19.2%, but exceeded 20% from 2d onward
at most stations (range from 20.5% to 37.8%), except for US-Tw3. These results indicate that
Rs correction performance was substantially higher on 1d compared to longer lead times,
with US-Tw3 exhibiting the best overall accuracy.

Figure 5 illustrates the scatter plot of simulated and measured Rs, which were corrected
by the GWO_XGB model using NWP outputs from the DE-Geb, IT-BCi, IT-CA2, and US-Tw3
stations. The results show that corrected Rs on 1d was the most accurate, followed by 2d
and 3d, while forecasts for 7–10d showed greater scatter. At US-Tw3, data points on 1d were
more tightly clustered than at the other three stations, possibly due to the station’s higher
sunlight availability and greater number of days with daily Rs exceeding 30 MJ m−2 d−1.
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Figure 5. Evaluation of GWO_XGB-corrected Rs forecasts against observations at DE-Geb (a), IT-BCi
(b), IT-CA2 (c), and US-Tw3 (d) stations based on NWP data.

Figure 6 illustrates the boxplots of the Rs statistical indicators across all 11 stations
for the 10 forecast days. The Rs corrected for 1d was clearly superior to that for 2–9d,
with greatly lower RMSE and higher R2. RMSE gradually increased from 2d to 10d, while
R2 exhibited a corresponding decline. Accuracy was similar between 5d and 10d, with
10d slightly outperforming 8d and 9d in some metrics. The mean R2 for 1d was close
to 0.9, whereas for the remaining days it remained below 0.7, indicating that the current
NWP-based correction approach provides reliable Rs estimates only for 1d forecasts, with
accuracy declining markedly as lead time increases.

Figure 6. Accuracy performance of corrected Rs based on 10 days of NWP data at 11 farmland
stations. Accuracy (RMSE (a), MAE (c)), Goodness-of-fit (R2 (b)), Normalized accuracy (NRMSE (d)),
and Bias (PBIAS (e)).
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3.2.2. Vapor Pressure Deficit

The statistical results of VPD data corrected by the GWO_XGB model are summarized
in Table A4 (see Appendix A). In contrast to the Rs correction, the VPD correction exhib-
ited a clearer pattern, with accuracy generally declining as forecast lead time increased.
Most stations followed this trend, with the exception of FR-Gri, US-ARM, and US-Tw3,
where accuracy on 1d was slightly lower than on 2d (taking US-ARM as an example,
RMSE = 3.784 hPa d−1 on 1d, RMSE = 3.601 hPa d−1 on 2d), and the accuracy of VPD data
on 5d of the US-CRT station was the worst (RMSE = 2.972 hPa d−1, R2 = 0.496).

The accuracy ranking of the other seven stations from 1 to 7d gradually decreased
over days. The average RMSE and MAE values of all stations on 7d (RMSE = 2.917 hPa
d−1, MAE = 2.014 hPa d−1, R2 = 0.471) were 1% and 1.5% lower than those on 10d (RMSE
= 2.945 hPa d−1, MAE = 2.044 hPa d−1, R2 = 0.462), and the R2 value increased by 1.9%.
Additionally, the decrease rate of the accuracy of different forecast dates at each station
gradually slowed down. The average RMSE values of VPD on 5d and 10d were 1.3 times
and 1.4 times that of 1d, respectively. The average RMSE value of each station on 1d ranged
from 1.521 to 3.784 hPa d−1, and the average RMSE value on 10d ranged from 2.215 to
5.44 hPa d−1. The average RMSE value of VPD at the CH-Oe2 station was the lowest
(average RMSE = 2.072 hPa d−1), while the average RMSE value of VPD at the US-ARM
station was the highest (average RMSE = 4.794 hPa d−1). The average R2 value of each
station on 1d ranged from 0.534 to 0.786, and the average R2 value on 10d ranged from
0.359 to 0.62. Among them, the R2 value at the IT-CA2 station was the highest (average
R2 = 0.665), and the R2 value at the BE-Lon station was the lowest (average R2 = 0.426).
The average NRMSE values for each station varied between 38.9% and 74%, indicating
unsatisfactory overall performance of the VPD data from the NWP. The US-Tw3 station
had lower NRMSEs ranging from 23.1% to 44.5%, whereas the CH-Oe2 station had higher
NRMSEs between 54.3% and 80.9%. The average PBIAS value of each station ranged from
29.3% to 52%. The PBIAS value of the US-Tw3 station was smaller (17.8–34.1%), and the
PBIAS value of the CH-Oe2 station was larger (37.7–56.7%). The average MAE values of
each station ranged from 1.403 to 3.416 hPa d−1. The MAE value of the DE-Seh station
was lower (1.111–1.502 hPa d−1), and the MAE value of the US-ARM station was higher
(2.586–3.856 hPa d−1).

Figure 7 illustrates the scatter plot of the simulated and measured values of VPD
corrected by the GWO_XGB model based on NWP data at CH-Oe2, DE-Geb, IT-CA2,
and US-ARM stations. Based on the scatter distribution of model simulations for various
forecast periods, it is evident that the VPD corrections produced low overall accuracy. The
scatter model fit lines for the 10-day data indicate a trend of diverging from the 1:1 fit
line over time, with the gap between two consecutive fit lines gradually reducing over
time. Among them, the data accuracy on 1d is relatively high and the worst on 10d, which
indicates that the delay of the forecast period will lead to a decrease in data accuracy, and
the rate of decline will decrease accordingly. For the US-ARM station, the range of VPD
values is relatively wide (0–50 hPa d−1), while the data of other stations are less than
30 hPa d−1, and the simulated scatter distribution of the model is more uniform than that
of the CH-Oe2 station. The statistical indicators for the VPD data correction forecast over
a 10-day period are presented in box plot form for 11 stations, as depicted in Figure 8.
The boxplot for RMSE indicates a steady increase in the box for 1 to 10d, as expected, and
the box plot for R2 indicates a steady decrease in the box for 1 to 10d, with both trends
gradually slowing down. Furthermore, the second-dimensional box in the box line diagram
of R2 exhibits a significantly lower value than the first-dimensional box (1d: 0.75, 2d: 0.65).
However, it is not as prominent as the 2d box in the box line diagram of R2 portrayed in
Figure 6 (1d: 0.89, 2d: 0.69).
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Figure 7. Scatter plot of VPD corrected by the GWO_XGB model at CH-Oe2 (a), DE-Geb (b), IT-CA2
(c), and US-ARM (d) stations based on NWP data.

Figure 8. Accuracy performance of corrected VPD based on 10-day NWP data at 11 farmland stations.
Accuracy (RMSE (a), MAE (c)), Goodness-of-fit (R2 (b)), Normalized accuracy (NRMSE (d)), and Bias
(PBIAS (e)).

Overall, both Rs and VPD corrections showed markedly better performance on 1d
compared to the following 9 days. Rs correction for 5–10d exhibited instability, likely due to
longer forecast horizons. Performance was generally consistent across most stations, with
only a few stations, including DE-Geb, demonstrating higher simulation precision. These
results indicate that the GWO_XGB model is suitable for correcting NWP data at farmland
sites, and its corrected outputs can be used as inputs for subsequent ET forecasting.
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3.3. Short-Term ET Forecast (1–3d)

The control group for this analysis consists of the models established in Section 3.1,
which used only meteorological variables from the Fluxnet 2015 dataset. To evaluate the
impact of bias-corrected forecast data on ET modeling, this study introduced a revised
approach in which NWP outputs from GEFS v12 for 1–10 days ahead were first corrected
(as described in Section 3.2 for Rs and VPD) and then used alongside additional variables
(NDVI and SWC) from the flux dataset as inputs for ET forecasting.

The statistical results for short-term ET forecasts (1–3d) are summarized in Table A5
(see Appendix A). The average RMSE, MAE, PBIAS, and NRMSE on 1d were 14.7%, 15.4%,
16.7%, and 15.9% lower than those on 3d, and R2 increased by 18.7%. This indicates
that the forecast data on 1d significantly positively impact the accuracy of the ET model
compared with 3d. However, the average accuracy of all models based on the forecast
data of 2d was lower than that in 3d. The average RMSE on 2d increased by 2.4%, and R2

decreased by 3.7%. The performance of the tree-based model was superior on 2d (average
RMSE = 0.711 mm d−1) compared to 3d (average RMSE = 0.715 mm d−1). Using only the
meteorological variables from the Fluxnet 2015 dataset as inputs (combination F1), the mean
RMSE value was 0.526 mm d−1 for each station, which was 17.3%, 31.2%, and 29.5% lower
than the RMSE values of 1~3d, respectively. Although the model’s performance based
on the NWP outputs was slightly degraded, the short-term ET forecast’s mean accuracy
(RMSE = 0.715 mm d−1, R2 = 0.618) still fell within an acceptable range.

Table A5 shows that the performance of GOA_SVM, GOA_XGB, and GWO_SVM mod-
els is relatively poor (the average RMSE values on 1 to 3d are 0.752, 0.685, and 0.757 mm d−1,
respectively, and the R2 values are 0.582,0.648 and 0.578, respectively), and the GWO_XGB
model has the best performance (the average RMSE on 1 to 3d is 0.667 mm d−1, R2 = 0.665).
This demonstrates the strong performance of the GWO_XGB model in forecasting ET, in
agreement with the meteorological data of different forecast days. Based on the short-term
ET forecast data (combination N1 to combination N3), the RMSE values of the GWO_XGB
model simulated ET at each station ranged from 0.408 to 0.883 mm d−1, and the R2 values
ranged from 0.549 to 0.828. Despite the fact that the GWO_SVM model displayed the poor-
est performance among the four models, the average RMSE values remained at a low range
of 0.673–0.82 mm d−1. This strongly implies that the four models invented and examined
in this research could generate more precise results in ET modelling. Furthermore, the
precision of every model was at its highest level when tested at the IT-CA2 station. As
an example, in the case of the combination N1, the RMSE was 0.423 mm d−1, the R2 was
0.697, and the MAE was 0.308 mm d−1. Additionally, all models delivered satisfactory
outcomes at BE-Lon, DE-Geb, and DE-Kli stations with an average RMSE of 0.539 mm d−1,
R2 of 0.721, and MAE of 0.347 mm d−1. However, the model showed lower performance at
the IT-BCi station, recording an average RMSE of 0.729 mm d−1, R2 of 0.53, and MAE of
0.549 mm d−1.

Three farmland stations were chosen (BE-Lon, DE-Geb, and IT-CA2), and scatter plots
of simulated and measured ET for the four models were drawn based on the 1–3d forecast
data, as shown in Figure 9. The figure illustrates that the scatter distribution on 1d is much
more uniform than that on the next 2 days, the fit line is closer to the 1:1 line, and the
four models have a uniform performance. A clearer differentiation among the models
is apparent in the scatter plot of IT-CA2_3d. The GWO_XGB model exhibits the most
concentrated scatter; the remaining three models exhibit similar scatter distributions at
the other stations. Figure 10 displays the statistical indicators of ET simulation from the
models using short-term forecast data from each station. The boxplots demonstrate that
the four models based on 1d station forecast data have the best performance. Moreover,
the GOA_XGB and GWO_XGB models based on 2d data outperform their 3d models,
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whereas the GOA_SVM and GWO_SVM models outperform GOA_XGB and GWO_XGB
in contrast. In addition, the RMSE of the GWO_XGB model and the median line of the
MAE box plot are kept at the lowest level, and the performance is the best. The RMSE is
maintained at about 0.6 mm d−1, showing high prediction accuracy. This further proves
that the GWO_XGB model based on NWP outputs is suitable for ET forecast.

Figure 9. Short-term (1–3 day lead time) ET forecast performance of the four models at BE-Lon (a–c),
DE-Geb (d–f), and IT-CA2 (g–i) stations.

Figure 10. The accuracy performance of four models based on short-term ET forecast data at 11
farmland stations. Accuracy (RMSE (a), MAE (c)), Goodness-of-fit (R2 (b)), Normalized accuracy
(NRMSE (d)), and Bias (PBIAS (e)).
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3.4. Medium-Term ET Forecast (4–10d)

The statistical results of daily ET forecasting based on NWP outputs for 4 to 10d are
presented in Table A6 (see Appendix A). Across this period, the average RMSE values
from 4 to 10d were 0.797, 0.757, 0.801, 0.758, 0.802, 0.802, and 0.767 mm d−1, respectively.
The average R2 values were 0.534, 0.574, 0.528, 0.572, 0.528, 0.527, and 0.576, respectively,
which indicates that the results of medium-term ET forecasting are very similar. There
is a significant difference from the significant decrease in accuracy shown in Table A5.
With the delay of the forecast period (4–10d), the downward trend of model accuracy
becomes relatively flat. This plateau suggests that after the initial 3-day degradation, error
growth becomes modest. The likely explanation is that the influence of slowly varying land
surface conditions (NDVI/SWC) stabilizes predictions, while at these longer lead times,
model uncertainty becomes dominated by structural error and the inherent limits of ET
predictability, rather than NWP input accuracy.

It can be seen from the statistical results from 4 to 10d that there are certain fluctuations
in various indicators between different forecast days, which cannot fully indicate that the
forecast data accuracy of a certain day is the highest. At the IT-CA2 station, the model
based on 7d forecast data exhibited the best performance (average RMSE = 0.516 mm d−1,
R2 = 0.551, MAE = 0.38 mm d−1), and the model based on 4d forecast data exhibited the
worst performance (average RMSE = 0.571 mm d−1, R2 = 0.451, MAE = 0.43 mm d−1). At
the BE-Lon station, the model based on 5d forecast data showed the best performance (mean
RMSE = 0.711 mm d−1, R2 = 0.531, MAE = 0.471 mm d−1), and the model performance
based on 6d forecast data was relatively poor (mean RMSE = 0.778 mm d−1, R2 = 0.444,
MAE = 0.536 mm d−1). At some stations, the model based on 10d forecast data performed
better than 4d, such as the CH-Oe2 station, DE-Seh station, and FR-Gri station. The RMSE
value on 4d was 2.9%, 1.8%, and 5.4% higher than that on 10d, and the R2 value was 3.6%,
0.7%, and 8.2% lower. In all stations, the overall performance of the four models based
on the forecast data on 5d (average RMSE = 0.757 mm d−1) is better than that of the other
six days (average RMSE is 0.797 mm d−1, 0.801 mm d−1, 0.758 mm d−1, 0.802 mm d−1,
0.803 mm d−1 and 0.767 mm d−1, respectively), slightly worse than the forecast model on
3d (average RMSE = 0.746 mm d−1). The analysis mentioned above shows that the model
accuracy stays the same in the medium-term forecasting models, and the model accuracy is
significantly lower than that of short-term forecasting.

We compared the performance of the four models at the same station (Figure 11), and
the results were consistent with the performance of the models in Table A5. The model
accuracy ranking was GWO_XGB (average RMSE = 0.732 mm d−1, R2 = 0.599) > GOA_XGB
(average RMSE = 0.751 mm d−1, R2 = 0.581) > GOA_SVM (average RMSE = 0.824 mm d−1,
R2 = 0.505) > GWO_SVM (average RMSE = 0.827 mm d−1, R2 = 0.503). Based on the forecast
data from 4 to 10d, the scatter plots of ET measured values and forecasted values of these
four models at the IT-CA2 station are shown in Figure 11. The figure illustrates that the
scatter plots from 4d to 10d are very similar. It is evident that the fit between the forecasted
and measured values is superior on certain days compared to others. Additionally, the
fitting lines of all four models using 7d data are nearly identical in the graph, indicating a
high level of consistency in performance. However, the scatter points of the GWO_XGB
model in the figure are closer to the standard line than the other three models. The results
show that the GWO_XGB model has better forecast performance than the other three
models for the same input.

Figure 12 illustrates a box plot of statistical indicators for the four models based on the
medium-term forecast data. There is not much variation in accuracy among models with
forecast dates after 4d. The GOA_XGB and GWO_XGB models utilize 7d forecast data with
comparable distribution rules, whereas the GOA_SVM and GWO_SVM models exhibit
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slight fluctuations in their outcomes. In addition, the box plots of RMSE for the GWO_XGB
and GOA_XGB models show a lower level of RMSE among these four models, and the
box plots of R2 also show a relatively high accuracy. Overall, it is still evident from the box
plots that the GWO_XGB model has the best performance.

Figure 11. Scatter plot of forecasting ET at IT-CA2 stations based on medium-term ET forecast data
for lead times of 4d (a), 6d (b), 8d (c), and 10d (d).

Figure 12. The accuracy performance of four models based on medium-term ET forecast data at 11
farmland stations. Accuracy (RMSE (a), MAE (c)), Goodness-of-fit (R2 (b)), Normalized accuracy
(NRMSE (d)), and Bias (PBIAS (e)).

Factor contribution plots for the model’s forecast and correction process using the
XGBoost model were calculated for the BE-Lon station (see Appendix A Figures A1–A10
for factor contribution plots for the other stations), as shown in Figure 13. The second
layer represents the six meteorological factors input when the model predicts ET, and
the third layer represents the meteorological factors input when the GWO_XGB model
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corrects Rs and VPD, respectively. The figure illustrates that VPD contributes half of the
total contribution to the ET forecast, while Rs contributes about a quarter of the total
contribution, indicating that VPD has a critical influence on the ET forecast, followed by
Rs. In contrast, the other four meteorological factors have a relatively low impact on the
ET forecast, among which Tmax and Tmin have the lowest contribution. When correcting
Rs and VPD, it can be seen from the value of factor contribution that Rs greatly influences
both, especially the correction of Rs. The contribution of Rs data of NWP to Rs accounts
for the vast majority, which is as high as 0.87. Tmax and Tmin had almost the same effect
on the prediction of ET and Rs, while Tmax had a greater effect on the correction of VPD
than Tmin. Figure 13 shows that the contribution value of Tmax was 0.18, which was 80%
higher than that of Tmin, while the contribution of VPD was the lowest.

Figure 13. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at BE-Lon station.

Table 3 shows the statistical indicators of the mean values of the measured and
forecasted values of the four models at 11 stations based on the NWP outputs. The
RMSE, R2, MAE, PBIAS, and NRMSE of each station were 0.477–0.86 mm d−1, 0.549–
0.772, 0.361–0.622 mm d−1, 22.6–47.1%, 32–69.5%, respectively. Comparing the results of
Tables A3–A5, it is obvious that the ET cumulative prediction error of these 10 days is
significantly lower than that of the next 9 days, but it will be slightly higher than that of
1d. Taking the DE-Geb station as an example, the RMSE and R2 of 1d were 0.532 mm
d−1 and 0.763, respectively. The RMSE and R2 range from 2 to 10d were 0.661–0.733 and
0.553–0.637, respectively. The RMSE and R2 of the ET cumulative value of the ten days
were 0.615 mm d−1 and 0.692, respectively. The RMSE of cumulative ET increased by 15.6%
compared with 1d and decreased by 7% compared with 2d, with the highest accuracy in
the next 9 days. These four models’ cumulative ET prediction performance is also the same
as that described in the previous sections. Taking the US-ARM station as an example, the
GWO_XGB model showed the highest prediction accuracy with the lowest RMSE value
(RMSE = 0.638 mm d−1), followed by the GOA_SVM model (RMSE = 0.649 mm d−1), and
the GWO_SVM model performed the worst (RMSE = 0.702 mm d−1). The finding indicates
that the medium-term ET forecasts are highly accurate and adaptable in the European and
North American regions, especially in the farmland areas of these two continents, while
the GWO_XGB model forecasts ET well for all combinations of inputs at all stations.

3.5. Implications of Irrigation Scheduling (3d, 5d, and 10d)

Based on the corrected NWP data, the present study uses a variety of optimized
machine learning models to forecast medium-term ET across various farmland stations in
Europe and North America. The purpose of the study is to make better use of the raw NWP
data with low data accuracy and to explore a method to achieve accurate prediction of
future crop ET, to achieve the purpose of planning water resources allocation and irrigation
resource scheduling. The crop species in the study area of this study included maize, winter
wheat, rice, and sugar beet, etc. As one of the main crops in Italy, maize needs a lot of
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irrigation during the growth period. According to different growth stages, the crop needs
to be irrigated within 3–5 days, and the irrigation cycle for winter wheat and other crops is
also about 10 days. Therefore, combined with the local crop irrigation cycle and the forecast
of ET of farmland crops, timely adjustment of crop irrigation amount at the next irrigation
is conducive to improving the quality of farmland water supply, timely grasping the water
demand of crops, and ensuring the safe production of farmland.

Table 3. Statistical values of the cumulative values of four models predicting ET at 11 farmland sta-
tions based on the medium-term numerical weather forecast data (1–10d) and the Fluxnet 2015 dataset.

Station Model/Statistical
Indicators

RMSE (mm d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (mm d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

BE-Lon GOA_SVM 0.693 0.580 0.460 0.484 0.728
GOA_XGB 0.634 0.632 0.441 0.464 0.666
GWO_SVM 0.698 0.574 0.462 0.486 0.734
GWO_XGB 0.620 0.650 0.428 0.450 0.651

CH-Oe2 GOA_SVM 0.893 0.651 0.654 0.337 0.460
GOA_XGB 0.799 0.714 0.592 0.305 0.412
GWO_SVM 0.900 0.646 0.658 0.339 0.463
GWO_XGB 0.786 0.724 0.581 0.299 0.405

DE-Geb GOA_SVM 0.637 0.671 0.416 0.439 0.672
GOA_XGB 0.596 0.710 0.402 0.424 0.629
GWO_SVM 0.640 0.669 0.419 0.442 0.675
GWO_XGB 0.587 0.718 0.395 0.416 0.619

DE-Kli GOA_SVM 0.682 0.502 0.441 0.490 0.757
GOA_XGB 0.586 0.628 0.413 0.459 0.651
GWO_SVM 0.686 0.497 0.444 0.493 0.761
GWO_XGB 0.556 0.668 0.390 0.434 0.617

DE-Seh GOA_SVM 0.772 0.603 0.560 0.355 0.490
GOA_XGB 0.691 0.678 0.515 0.327 0.439
GWO_SVM 0.770 0.604 0.559 0.355 0.489
GWO_XGB 0.675 0.695 0.503 0.319 0.428

FR-Gri GOA_SVM 0.714 0.575 0.503 0.371 0.528
GOA_XGB 0.602 0.695 0.433 0.320 0.445
GWO_SVM 0.715 0.575 0.502 0.371 0.528
GWO_XGB 0.585 0.712 0.421 0.311 0.433

IT-BCi GOA_SVM 0.765 0.487 0.582 0.283 0.372
GOA_XGB 0.667 0.613 0.509 0.248 0.324
GWO_SVM 0.775 0.472 0.591 0.287 0.377
GWO_XGB 0.659 0.624 0.502 0.244 0.320

IT-CA2 GOA_SVM 0.495 0.621 0.376 0.297 0.390
GOA_XGB 0.457 0.656 0.344 0.272 0.361
GWO_SVM 0.503 0.609 0.382 0.302 0.397
GWO_XGB 0.451 0.664 0.343 0.270 0.356

US-ARM GOA_SVM 0.702 0.601 0.496 0.342 0.483
GOA_XGB 0.649 0.657 0.466 0.321 0.447
GWO_SVM 0.710 0.592 0.503 0.346 0.489
GWO_XGB 0.638 0.667 0.462 0.318 0.440

US-CRT GOA_SVM 0.897 0.651 0.606 0.327 0.484
GOA_XGB 0.788 0.726 0.548 0.296 0.425
GWO_SVM 0.975 0.579 0.649 0.350 0.526
GWO_XGB 0.781 0.730 0.545 0.294 0.422

US-Tw3 GOA_SVM 0.892 0.734 0.687 0.270 0.350
GOA_XGB 0.743 0.816 0.564 0.221 0.292
GWO_SVM 0.911 0.712 0.689 0.271 0.357
GWO_XGB 0.719 0.827 0.546 0.215 0.282

Note: Bold values indicate the best model performance for each metric: the lowest RMSE, MAE, PBIAS, and
NRMSE, and the highest R2.
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As irrigation is limited to the crop sowing period, we chose the partially vegetated
time span as the sowing period based on the NDVI values. To conduct the research, it
was postulated that the 11 stations were irrigated at intervals of every 3, 5, and 10 days.
In the process of data processing, taking the irrigation once every 3 days as an example,
the ET of the next 3 days forecasted by the GWO_XGB model is accumulated as the
amount of irrigation required for a crop, and it is compared with the measured value of
ET accumulation in 3 days. In order to clearly display the data, we plotted the boxplots of
the 3-day, 5-day, and 10-day cumulative ET forecasted values of these 11 farmland stations
compared with the measured values (Figure 14). It is used to analyze and explain the
gap between the ET forecast results obtained based on the improved method of this study
and the actual results when the crops need to be irrigated within 3–10 days in the actual
irrigation application.

Figure 14. Comparison of forecasted and measured cumulative ET for 3 (a), 5 (b), and 10 (c) day
irrigation scheduling windows across all stations.

It can be seen from Figure 14 that the difference between the forecasted value of crop ET
accumulated for 3 days and the measured value of accumulated ET is small. The difference
between the measured value and the forecasted value of the three irrigation cycles is ranked
as 3d (average ET forecasted value = 5.03 mm, average ET measured value = 5.02 mm)
< 5d (average ET forecasted value = 8.37 mm, average ET measured value = 8.38 mm) <
10d (average ET forecasted value = 16.73 mm, average ET measured value = 16.77 mm).
As expected, the shorter the forecast date, the higher the accuracy of the forecasted value,
so the cumulative result of the 3-day ET forecasted value is very close to the measured
cumulative value. Within the 3-day irrigation period, the ET forecasted according to the
improved method proposed by us is more accurate. Among them, it can be observed in
Figure 14a that the forecasted value of ET at the DE-Seh station is the closest to the measured
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value. The average measured value of ET is 5.24 mm, and the average forecasted value of
ET is 5.24 mm. However, the ET forecasted value of the US-CRT station is quite different
from the measured value. The average ET measured value is 8.57 mm, and the average
ET forecasted value is 8.44 mm. Taking the DE-Seh and US-CRT stations as examples,
it can be seen from Figure 14b that the average irrigation application amount forecasted
at the DE-Seh station is 0.01 mm more than the actual average irrigation application
amount, while the average irrigation application amount forecasted at the US-CRT station
is 0.19 mm less than the actual average irrigation application amount. This is 160% and
52% higher than the cumulative irrigation difference of 3 days, respectively. In Figure 14c,
the forecasted average irrigation application at the DE-Seh station is 0.01 mm more than
the actual average irrigation application, and the forecasted average irrigation application
at the US-CRT station is 0.42 mm less than the actual average irrigation application. This
was 7.6% and 121% higher than the cumulative irrigation difference of 5 days, respectively.
It can be seen from the above analysis that the difference between the 3–10d cumulative
irrigation difference at the DE-Seh station is the smallest compared with other stations,
especially the difference between 5d and 10d is closer, which indicates that at this station,
the ET forecasted based on the improved method of this study can have a very small error
even if the irrigation period is 10 days. At the US-CRT station, the forecasted ET was
significantly different from the actual ET in the case of an irrigation cycle of 10 days, while
in the case of an irrigation cycle of 5 days, the difference between the forecasted ET and the
actual ET was significantly smaller than the difference between the measured ET and the
forecasted value at the DE-Seh station compared with the cycle of 3 days. Therefore, we can
conclude that in the case of long irrigation period, the ET prediction results of most stations
still have high accuracy, while in some farmland stations with sufficient precipitation and
high irrigation water demand, there is a relatively large error in the case of irrigation period
of 10 days, but it can also have good prediction performance in the case of 3 days and
5 days. Therefore, in the practical application of irrigation scheduling, we recommend the
use of appropriate prediction methods in the same area as the climate of the study station,
combined with the conclusions of this study and the consideration of the crop irrigation
cycle, to select the cumulative value of the forecasted days with less error.

4. Discussion
This study utilized meteorological factors from the Fluxnet 2015 dataset—including

ET, Rs, WS, Tmax, Tmin, VPD, and SWC—to simulate ET using hybrid models combining
the GOA and GWO with SVM and XGBoost. The results demonstrate that all four hybrid
models performed effectively in the ET simulation. Notably, models combining heuristic
algorithms with XGBoost showed superior performance, with the GWO_XGB model
achieving the best results. Previous studies in various regions have validated the feasibility
and high performance of both GWO and XGBoost for ET estimation [42,60–64]. Therefore,
coupling these two robust algorithms can theoretically achieve good performance.

Building upon this methodological foundation, the study further examined the dif-
ferences between actual and forecast ET across various crops and stations (Figure 15).
Winter wheat emerged as the most prevalent crop (35%), benefiting from favorable climatic
conditions driven by the Atlantic warm current across the European plains, while the
sunnier, drier southeastern regions showed a higher concentration of maize cultivation [65].
Notably, maize at FR-Gri and rice at US-Tw3 exhibited the highest actual ET (>2.5 mm d−1),
whereas spring barley at DE-Kli showed the lowest demand. The generally lower ET for
other crops—excluding rice—can be attributed to both crop-specific traits and the high
precipitation levels characteristic of many station locations. Europe’s topography facilitates
inland moisture penetration, leading to widespread precipitation beyond coastal areas [66],
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which in turn significantly modulates regional ET patterns and supports adjustments in
projected irrigation volumes for crops like maize in wetter zones [67,68].

Figure 15. The forecast accuracy and ET of farmland stations planted with different crops based on
the GWO_XGB model.

Regional ET patterns are closely linked to climatic conditions. For instance, seasonal
ET for winter wheat and maize in the North China Plain is significantly higher than
that for corresponding crops in Europe and North America, primarily due to distinct
local precipitation regimes [69]. Similarly, actual ET estimates in southeastern Europe
align closely with the observations in this study, although their forecasted values are
generally slightly higher [70]. These comparative analyses highlight the strong geographic
dependency of ET, which is consistent with the observed spatial pattern in this study, where
the highest ET occurred at the southernmost station (IT-BCi)—a region characterized by
ample precipitation and irrigation. Such consistencies underscore that ET variability can be
largely explained by local climatic drivers.

Further analysis of forecast accuracy revealed that the performance of the GWO_XGB
model varied by crop and location (Figure 15). The lowest RMSE values were observed
for mustard (FR-Gri) and spring barley (DE-Kli), while winter wheat forecasts were most
accurate at IT-CA2. Overall, mustard and spring wheat exhibited the smallest errors
(~0.3 mm d−1 RMSE). For other crops, station location played a clear role: maize performed
best at DE-Kli (~0.6 mm d−1), tomatoes at DE-Geb, and winter wheat at IT-CA2. This spatial
pattern suggests that stations in eastern and southern Europe may offer more favorable
forecasting conditions. In a broader performance context, our model achieved ET prediction
RMSE below 0.8 mm d−1, surpassing the ~1 mm d−1 reported in similar studies using
optimized models on Fluxnet data [71,72].

Regarding input variables, forecast data for NDVI and SWC are often challenging to
obtain but typically show strong temporal persistence. Autocorrelation analysis for DE-Geb
station (Figure 4) confirmed high stability over lags up to ten days, justifying the use of
previous-day observed values as reliable model inputs without significant accuracy loss.

In the data preprocessing phase, the Savitzky–Golay filter was applied to smooth and
interpolate the MODIS composite NDVI time series into a daily sequence. This approach
effectively preserves the overall trend of the phenological curve while capturing vegetation
dynamics to a reasonable extent. Although NDVI can undergo rapid changes during
key phenological transitions such as fast growth or harvest periods, the autocorrelation
analysis conducted in this study demonstrates strong short-term persistence of NDVI over
1–10 days (lag-1 autocorrelation coefficient > 0.98), indicating limited day-to-day variability.
Consequently, this does not introduce significant bias into the model inputs. Moreover,
our modeling results reveal that NDVI contributes relatively little to ET forecasts, and its
short-term fluctuations have minimal impact on overall prediction accuracy. These findings
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further justify the use of the filtered and interpolated NDVI as a robust input within the
present forecasting framework.

Among meteorological drivers, Rs contributed ~25% to ET forecasts, reinforcing its
established role as a key source of prediction forecast error [73]. Nevertheless, a fascinating
issue emerged in this study when adjusting the corrected meteorological combinations.
While full meteorological correction might be theoretically ideal, the highest forecast accu-
racy was achieved by correcting only radiation and relative humidity—not temperature.
Temperature is typically among the most reliably forecasted NWP variables due to well-
constrained physical parameterizations in atmospheric models and its direct linkage to
radiative and advective processes [74]. Consequently, systematic biases in temperature
forecasts are generally small, and any residual errors often resemble random noise rather
than structured bias [75]. Statistically correcting such a low-bias variable risks amplifying
stochastic fluctuations—essentially fitting to noise—rather than removing meaningful sys-
tematic error. From a physical perspective, temperature influences ET indirectly through its
role in VPD and aerodynamic resistance. Since our correction framework already adjusts
VPD directly, which integrates temperature and humidity effects, additional temperature
correction would likely introduce redundancy and potentially distort the physically consis-
tent relationship between temperature, humidity, and VPD. Thus, we opted to correct only
Rs and VPD, which exhibit clearer systematic biases and more directly drive ET variability
in the short to medium term.

The dominant role of VPD in driving ET forecast errors underscores its physiolog-
ical importance, yet its correction proved particularly challenging across stations. This
discrepancy may be attributed to the fact that VPD is a derived variable sensitive to both
temperature and humidity, whose errors can amplify nonlinearly in NWP outputs. VPD
exhibits a greater impact on ET in rice than in wheat, primarily through indirect pathways
mediated by net radiation, which may complicate its direct correction in statistical mod-
els [76]. Furthermore, as highlighted in studies on warming patterns [77], asymmetric
warming—where nighttime temperatures rise more than daytime temperatures—can alter
canopy development and phenology, thereby indirectly affecting VPD dynamics and ET
responses in complex ways. These interacting factors may limit the effectiveness of purely
statistical bias correction for VPD, suggesting that future approaches could benefit from
incorporating physical constraints or dynamic phenological adjustments.

It is important to acknowledge a key methodological consideration. The GWO_XGB
model operates as a static post-processor, trained on a fixed historical period and applied
without modification to future forecasts. This approach inherently assumes stationarity in
the bias characteristics of the NWP system between the training and forecasting periods.
While this is a common and effective practice for retrospective analysis and short-term
operational forecasting, its performance may degrade if systematic biases in the NWP
outputs shift over time due to factors such as climate change, NWP model updates, or
changes in local land surface conditions. The operational longevity of the model could be
enhanced by implementing adaptive strategies. Future work should thus explore dynamic
updating mechanisms, such as online learning, periodic retraining using a sliding time
window, or the assimilation of recent observations into an ensemble correction framework,
to maintain forecast reliability under non-stationary conditions.

Collectively, these results affirm that NWP data, when strategically corrected, can
substantially improve ET forecasts—particularly at medium-range timescales [9,12,15].
The coupled modeling approach presented here effectively supports trend analysis and
forward prediction, providing actionable insights for irrigation planning and water resource
management. Nevertheless, limitations remain, including data gaps or inaccuracies for
certain variables (e.g., WS). Future research could integrate higher-resolution datasets and
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incorporate additional parameters such as sunshine duration or cloud cover to further
refine forecast corrections and enhance model applicability across diverse agricultural and
hydrological settings.

5. Conclusions
This study presents a practical framework for generating reliable medium-term ET

forecasts by integrating bias-corrected NWP data with optimized machine learning models.
The findings offer direct insights for refining irrigation strategies and confirm the value of
hybrid modeling in agricultural water management.

The results showed that (1) The GWO_XGB model outperforms the other three evalu-
ated models using corrected NWP outputs, whereas the GWO_SVM model demonstrates
the lowest accuracy; (2) VPD and Rs are the primary parameters influencing ET forecast
error, with VPD exhibiting the highest factor contribution, and Tmax and Tmin contribute
the least; (3) The cumulative error of medium-term ET forecast is slightly lower than that of
1d and higher than that of 2 to 10d.

While the GWO_XGB model driven by corrected NWP outputs provides a solid
foundation for medium-term ET forecasting, opportunities for improvement remain. Future
work should focus on testing more advanced algorithms and extending the framework to
diverse climate zones and crop types. We will further explore ensemble forecast methods
and assess the practical impact of forecast errors on irrigation decisions to enhance the
operational relevance of the approach.
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Abbreviations
The following abbreviations are used in this manuscript:

Nomenclature
Variables
ET evapotranspiration (mm d−1)
Rs solar radiation (MJ m−2 d−1)
WS 2-m wind speed (m s−1)
Tmax maximum temperature (◦C)
Tmin minimum temperature (◦C)
NDVI normalized difference vegetation index
SWC soil water content
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VPD vapor pressure deficit (hPa d−1)
spfh 2-m specific humidity (kg kg−1 dry air)
Tmax_+n, (n = 1, 2, . . ., 10) maximum temperature from GEFS v12 (K)
Tmin_+n, (n = 1, 2, . . ., 10) minimum temperature from GEFS v12 (K)
Rs_+n, (n = 1, 2, . . ., 10) solar radiation from GEFS v12 (MJ m−2 d−1)
VPD_+n, (n = 1, 2, . . ., 10) vapor pressure deficit from GEFS v12 (hPa d−1)
SWC_t soil water content a day ahead
NDVI_t normalized difference vegetation index a day ahead
Abbreviations
GOA Grasshopper optimization algorithm
GWO Gray wolf optimization
SVM Support vector machine
XGB Extreme gradient boosting
RMSE root mean square error (mm d−1)
R2 coefficient of determination
MAE mean absolute error (mm d−1)
PBIAS percent bias (%)
NRMSE normalized root mean square error (%)
NWP numerical weather prediction
PWF public weather forecast

Appendix A

Figure A1. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at US-CRT station.

Figure A2. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at US-ARM station.
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Figure A3. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at IT-CA2 station.

Figure A4. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at IT-BCi station.

Figure A5. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at FR-Gri station.

Figure A6. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at DE-Seh station.
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Figure A7. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at DE-Kli station.

Figure A8. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at DE-Geb station.

Figure A9. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at CH-Oe2 station.

Figure A10. Meteorological factor contribution map for forecasting ET, correcting Rs and VPD using
XGBoost at US-Tw3 station.
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Table A1. NWP data of 11 flux stations.

Station Rs_n spfh_n VPD_n Tmax_1 Tmin_1 Rs_1 VPD_1 Tmax_2 Tmin_2 Rs_2 VPD_2 Tmax_3 Tmin_3 Rs_3 VPD_3 Tmax_4 Tmin_4 Rs_4 VPD_4

BE-Lon 567.10 0.03 1.15 280.90 279.65 120.04 3.01 281.26 279.61 120.72 3.00 281.18 279.55 120.45 2.95 281.20 279.57 120.72 3.00
CH-Oe2 603.09 0.03 1.05 279.36 277.96 137.56 2.77 279.56 277.74 138.04 2.80 279.46 277.65 137.58 2.77 279.42 277.62 138.04 2.80
DE-Geb 568.22 0.03 1.13 280.29 278.76 121.93 3.98 280.59 278.78 122.15 4.00 280.55 278.76 121.40 3.93 280.50 278.70 122.15 4.00
DE-Kli 573.25 0.02 1.16 280.46 279.05 127.75 3.26 280.79 279.01 127.76 3.28 280.76 279.01 126.32 3.24 280.71 278.96 127.76 3.28
DE-Seh 598.80 0.03 1.28 282.29 281.00 134.38 3.46 282.56 280.86 134.45 3.49 282.45 280.77 132.32 3.40 282.47 280.80 134.45 3.49
FR-Gri 612.06 0.03 1.34 282.92 282.06 136.76 3.86 283.64 282.03 136.88 3.89 283.59 281.99 135.47 3.81 283.59 281.99 136.88 3.89
IT-BCi 807.80 0.03 1.67 286.78 284.80 182.66 5.49 286.60 284.33 182.76 5.57 286.53 284.24 182.76 5.55 286.48 284.20 182.76 5.57
IT-CA2 755.84 0.03 1.47 284.66 282.83 179.96 6.49 284.81 282.69 179.94 6.57 284.81 282.70 179.82 6.50 284.73 282.60 179.94 6.57

US-ARM 811.48 0.03 2.02 287.86 286.31 194.67 9.11 291.07 286.47 195.58 9.13 291.17 286.53 194.99 9.02 291.23 286.62 195.58 9.13
US-CRT 676.61 0.03 1.51 283.21 282.19 155.98 4.64 284.34 282.24 156.33 4.74 284.43 282.27 155.98 4.64 284.40 282.28 156.33 4.74
US-Tw3 915.04 0.03 1.81 288.83 286.55 227.66 9.12 294.38 286.57 228.55 9.23 294.19 286.49 226.91 8.97 294.22 286.48 228.55 9.23

Station Tmax_5 Tmin_5 Rs_5 VPD_5 Tmax_6 Tmin_6 Rs_6 VPD_6 Tmax_7 Tmin_7 Rs_7 VPD_7 Tmax_8 Tmin_8 Rs_8 VPD_8 Tmax_9 Tmin_9 Rs_9 VPD_9 Tmax_10 Tmin_10 Rs_10 VPD_10

BE-Lon 281.18 279.53 120.23 2.96 281.16 279.49 120.72 3.00 281.16 279.51 119.42 2.98 281.10 279.44 120.72 3.00 281.01 279.37 120.72 3.00 281.05 279.34 119.51 2.97
CH-Oe2 279.38 277.59 137.81 2.77 279.33 277.52 138.04 2.80 279.32 277.48 137.19 2.78 279.31 277.50 138.04 2.80 279.23 277.38 138.04 2.80 279.16 277.32 136.78 2.76
DE-Geb 280.49 278.71 121.34 3.92 280.41 278.61 122.15 4.00 280.45 278.63 120.81 3.92 280.45 278.63 122.15 4.00 280.32 278.49 122.15 4.00 280.30 278.47 121.52 3.92
DE-Kli 280.67 278.94 126.76 3.26 280.58 278.82 127.76 3.28 280.60 278.84 126.58 3.25 280.60 278.84 127.76 3.28 280.48 278.72 127.76 3.28 280.46 278.70 127.38 3.21
DE-Seh 282.43 280.73 133.01 3.44 282.47 280.77 134.45 3.49 282.43 280.76 132.33 3.45 282.34 280.62 134.45 3.49 282.29 280.58 134.45 3.49 282.39 280.66 133.86 3.47
FR-Gri 283.61 281.97 135.66 3.79 283.58 281.97 136.88 3.89 283.51 281.92 136.10 3.85 283.49 281.88 136.88 3.89 283.50 281.88 136.88 3.89 283.49 281.86 135.51 3.82
IT-BCi 286.42 284.13 181.95 5.51 286.43 284.15 182.76 5.57 286.45 284.15 182.77 5.52 286.45 284.16 182.76 5.57 286.47 284.16 182.76 5.57 286.40 284.11 182.31 5.54
IT-CA2 284.69 282.57 179.06 6.45 284.61 282.54 179.94 6.57 284.62 282.51 178.22 6.36 284.61 282.49 179.94 6.57 284.54 282.41 179.94 6.57 284.57 282.44 178.35 6.46

US-ARM 291.24 286.61 193.96 8.99 291.16 286.48 195.58 9.13 291.13 286.52 194.37 9.06 291.17 286.51 195.58 9.13 291.00 286.39 195.58 9.13 290.87 286.23 194.57 9.01
US-CRT 284.33 282.20 153.47 4.54 284.31 282.22 156.33 4.74 284.27 282.11 153.36 4.60 284.29 282.12 156.33 4.74 284.10 281.90 156.33 4.74 284.02 281.77 155.50 4.57
US-Tw3 294.23 286.41 227.30 9.01 294.18 286.37 228.55 9.23 294.12 286.40 226.90 9.05 294.17 286.39 228.55 9.23 294.23 286.48 228.55 9.23 294.52 286.55 225.35 9.05
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Table A2. Statistical values of four models simulating ET at 11 cropland stations in the Fluxnet 2015
dataset.

Station Model/Statistical
Indicators

RMSE (mm d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (mm d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

BE-Lon GOA_SVM 0.488 0.804 0.301 0.294 0.476
GOA_XGB 0.439 0.842 0.272 0.266 0.428
GWO_SVM 0.497 0.796 0.303 0.296 0.485
GWO_XGB 0.419 0.856 0.259 0.253 0.409

CH-Oe2 GOA_SVM 0.663 0.796 0.456 0.240 0.349
GOA_XGB 0.599 0.834 0.415 0.218 0.315
GWO_SVM 0.670 0.792 0.464 0.244 0.352
GWO_XGB 0.582 0.843 0.405 0.213 0.306

DE-Geb GOA_SVM 0.433 0.846 0.261 0.273 0.452
GOA_XGB 0.418 0.857 0.261 0.272 0.436
GWO_SVM 0.439 0.842 0.266 0.277 0.459
GWO_XGB 0.394 0.873 0.244 0.255 0.411

DE-Kli GOA_SVM 0.493 0.733 0.309 0.349 0.556
GOA_XGB 0.405 0.820 0.261 0.295 0.457
GWO_SVM 0.513 0.712 0.293 0.330 0.579
GWO_XGB 0.392 0.831 0.255 0.287 0.442

DE-Seh GOA_SVM 0.542 0.800 0.351 0.223 0.344
GOA_XGB 0.499 0.830 0.341 0.216 0.317
GWO_SVM 0.543 0.798 0.353 0.224 0.345
GWO_XGB 0.473 0.847 0.324 0.206 0.300

FR-Gri GOA_SVM 0.499 0.784 0.334 0.248 0.371
GOA_XGB 0.400 0.861 0.278 0.207 0.298
GWO_SVM 0.520 0.765 0.349 0.259 0.387
GWO_XGB 0.386 0.871 0.269 0.200 0.287

IT-BCi GOA_SVM 0.621 0.655 0.445 0.219 0.306
GOA_XGB 0.575 0.702 0.417 0.205 0.283
GWO_SVM 0.630 0.643 0.456 0.224 0.310
GWO_XGB 0.562 0.716 0.409 0.201 0.277

IT-CA2 GOA_SVM 0.372 0.764 0.262 0.207 0.294
GOA_XGB 0.336 0.807 0.236 0.186 0.265
GWO_SVM 0.364 0.776 0.261 0.206 0.287
GWO_XGB 0.332 0.812 0.232 0.183 0.262

US-ARM GOA_SVM 0.559 0.728 0.397 0.280 0.394
GOA_XGB 0.507 0.774 0.362 0.256 0.358
GWO_SVM 0.559 0.728 0.396 0.280 0.394
GWO_XGB 0.497 0.783 0.354 0.250 0.351

US-CRT GOA_SVM 0.759 0.737 0.488 0.264 0.410
GOA_XGB 0.682 0.787 0.446 0.241 0.368
GWO_SVM 0.782 0.722 0.508 0.274 0.422
GWO_XGB 0.671 0.794 0.437 0.236 0.363

US-Tw3 GOA_SVM 0.747 0.810 0.489 0.192 0.293
GOA_XGB 0.565 0.888 0.383 0.150 0.222
GWO_SVM 0.776 0.796 0.509 0.200 0.304
GWO_XGB 0.535 0.900 0.370 0.145 0.210

Note: Bold values indicate the best model performance for each metric: the lowest RMSE, MAE, PBIAS, and
NRMSE, and the highest R2.
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Table A3. The statistical values of the GWO_XGB model used to correct Rs based on the NWP data.

Station
Date/

Statistical
Indicators

RMSE (MJ m−2 d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (MJ m−2 d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

BE-Lon 1 2.460 0.896 1.807 0.174 0.236
2 4.340 0.677 3.268 0.314 0.417
3 4.606 0.637 3.460 0.333 0.443
4 4.797 0.606 3.591 0.345 0.461
5 4.859 0.596 3.637 0.350 0.467
6 4.867 0.595 3.647 0.350 0.468
7 4.917 0.586 3.718 0.357 0.473
8 4.883 0.592 3.700 0.356 0.469
9 4.813 0.604 3.646 0.350 0.463

10 4.789 0.607 3.622 0.348 0.460
CH-Oe2 1 3.061 0.868 2.282 0.192 0.257

2 4.830 0.671 3.685 0.310 0.406
3 5.208 0.617 4.008 0.337 0.438
4 5.504 0.573 4.276 0.359 0.463
5 5.483 0.576 4.245 0.357 0.461
6 5.541 0.567 4.315 0.363 0.466
7 5.573 0.562 4.333 0.364 0.468
8 5.617 0.555 4.372 0.367 0.472
9 5.624 0.554 4.383 0.368 0.473

10 5.550 0.566 4.318 0.363 0.466
DE-Geb 1 2.506 0.898 1.818 0.173 0.238

2 4.334 0.695 3.251 0.309 0.412
3 4.642 0.650 3.479 0.330 0.441
4 4.789 0.628 3.623 0.344 0.455
5 4.873 0.615 3.675 0.349 0.463
6 4.808 0.625 3.629 0.345 0.457
7 4.876 0.614 3.669 0.348 0.463
8 4.794 0.627 3.610 0.343 0.455
9 4.845 0.619 3.670 0.348 0.460

10 4.871 0.615 3.684 0.350 0.463
DE-Kli 1 2.747 0.885 2.003 0.182 0.249

2 4.581 0.680 3.486 0.317 0.416
3 5.130 0.599 3.891 0.353 0.466
4 5.196 0.589 4.001 0.363 0.472
5 5.374 0.560 4.095 0.372 0.488
6 5.401 0.556 4.166 0.378 0.490
7 5.402 0.555 4.107 0.373 0.490
8 5.367 0.561 4.061 0.369 0.487
9 5.390 0.557 4.115 0.374 0.489

10 5.376 0.559 4.126 0.375 0.488
DE-Seh 1 2.898 0.880 2.188 0.189 0.250

2 4.911 0.656 3.755 0.324 0.424
3 5.282 0.603 4.013 0.346 0.456
4 5.341 0.593 4.084 0.352 0.461
5 5.498 0.569 4.177 0.360 0.474
6 5.374 0.588 4.075 0.352 0.464
7 5.465 0.575 4.147 0.358 0.471
8 5.490 0.570 4.226 0.365 0.474
9 5.369 0.589 4.114 0.355 0.463

10 5.417 0.581 4.144 0.358 0.467
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Table A3. Cont.

Station
Date/

Statistical
Indicators

RMSE (MJ m−2 d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (MJ m−2 d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

FR-Gri 1 2.835 0.875 2.149 0.182 0.240
2 4.592 0.671 3.543 0.300 0.389
3 4.772 0.645 3.725 0.316 0.404
4 4.957 0.617 3.874 0.328 0.420
5 5.078 0.598 3.957 0.335 0.430
6 5.202 0.578 4.024 0.341 0.441
7 5.226 0.575 4.098 0.347 0.443
8 5.280 0.566 4.125 0.350 0.448
9 5.201 0.579 4.071 0.345 0.441

10 5.123 0.591 4.024 0.341 0.434
IT-BCi 1 2.507 0.910 1.825 0.116 0.159

2 4.141 0.754 3.036 0.193 0.263
3 4.321 0.732 3.234 0.205 0.274
4 4.397 0.722 3.308 0.210 0.279
5 4.414 0.720 3.311 0.210 0.280
6 4.365 0.726 3.292 0.209 0.277
7 4.387 0.724 3.328 0.211 0.278
8 4.296 0.735 3.248 0.206 0.273
9 4.376 0.725 3.313 0.210 0.278

10 4.400 0.722 3.360 0.213 0.279
IT-CA2 1 2.567 0.903 1.905 0.123 0.165

2 4.237 0.736 3.092 0.199 0.273
3 4.535 0.697 3.410 0.220 0.292
4 4.664 0.680 3.504 0.226 0.301
5 4.650 0.682 3.534 0.228 0.300
6 4.678 0.678 3.583 0.231 0.302
7 4.695 0.676 3.592 0.232 0.303
8 4.607 0.688 3.536 0.228 0.297
9 4.615 0.686 3.537 0.228 0.298

10 4.673 0.679 3.607 0.233 0.301
US-ARM 1 2.990 0.848 2.169 0.129 0.177

2 4.855 0.599 3.779 0.224 0.288
3 5.234 0.533 4.094 0.243 0.310
4 5.299 0.522 4.125 0.245 0.314
5 5.445 0.495 4.284 0.254 0.323
6 5.476 0.489 4.288 0.254 0.325
7 5.463 0.492 4.301 0.255 0.324
8 5.502 0.484 4.312 0.256 0.326
9 5.508 0.483 4.343 0.258 0.327

10 5.492 0.486 4.351 0.258 0.326
US-CRT 1 2.943 0.869 2.198 0.163 0.218

2 5.170 0.595 4.094 0.304 0.384
3 5.485 0.544 4.379 0.325 0.407
4 5.534 0.536 4.426 0.328 0.411
5 5.526 0.538 4.396 0.326 0.410
6 5.540 0.535 4.385 0.325 0.411
7 5.482 0.546 4.384 0.325 0.407
8 5.468 0.548 4.389 0.326 0.406
9 5.529 0.538 4.417 0.328 0.410

10 5.431 0.553 4.332 0.321 0.403
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Table A3. Cont.

Station
Date/

Statistical
Indicators

RMSE (MJ m−2 d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (MJ m−2 d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

US-Tw3 1 2.005 0.952 1.315 0.067 0.102
2 3.112 0.884 2.094 0.106 0.158
3 3.497 0.853 2.333 0.118 0.177
4 4.177 0.790 2.711 0.138 0.212
5 3.991 0.808 2.709 0.137 0.203
6 4.117 0.796 2.814 0.143 0.209
7 4.122 0.796 2.828 0.144 0.209
8 4.239 0.784 2.883 0.146 0.215
9 4.147 0.794 2.894 0.147 0.210

10 4.133 0.795 2.886 0.146 0.210
Note: Bold values indicate the best model performance for each metric: the lowest RMSE, MAE, PBIAS, and
NRMSE, and the highest R2.

Table A4. The statistical values of the GWO_XGB model used to correct VPD based on the NWP data.

Station Date/Statistical
Indicators

RMSE (hPa d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (hPa d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

BE-Lon 1 1.710 0.633 1.129 0.376 0.569
2 1.875 0.559 1.263 0.420 0.624
3 2.058 0.469 1.364 0.454 0.685
4 2.169 0.410 1.438 0.479 0.722
5 2.215 0.385 1.461 0.486 0.737
6 2.251 0.365 1.480 0.493 0.749
7 2.254 0.363 1.489 0.496 0.750
8 2.274 0.354 1.488 0.496 0.757
9 2.257 0.361 1.491 0.496 0.752

10 2.260 0.359 1.495 0.498 0.752
CH-Oe2 1 1.521 0.753 1.057 0.377 0.543

2 1.779 0.662 1.274 0.455 0.635
3 1.969 0.587 1.398 0.499 0.703
4 2.104 0.528 1.481 0.529 0.751
5 2.153 0.506 1.510 0.539 0.768
6 2.201 0.484 1.542 0.550 0.786
7 2.229 0.470 1.555 0.555 0.796
8 2.250 0.460 1.578 0.563 0.803
9 2.247 0.461 1.578 0.563 0.802

10 2.267 0.452 1.587 0.567 0.809
DE-Geb 1 1.696 0.754 1.185 0.296 0.424

2 1.943 0.677 1.357 0.339 0.486
3 2.171 0.597 1.493 0.373 0.543
4 2.312 0.542 1.593 0.398 0.578
5 2.394 0.510 1.640 0.410 0.599
6 2.419 0.499 1.676 0.419 0.605
7 2.436 0.493 1.688 0.422 0.609
8 2.446 0.488 1.714 0.429 0.612
9 2.465 0.480 1.709 0.427 0.616

10 2.473 0.477 1.729 0.432 0.618
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Table A4. Cont.

Station Date/Statistical
Indicators

RMSE (hPa d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (hPa d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

DE-Kli 1 1.777 0.690 1.236 0.377 0.542
2 1.943 0.629 1.362 0.416 0.593
3 2.266 0.495 1.579 0.482 0.692
4 2.385 0.441 1.665 0.508 0.728
5 2.465 0.402 1.728 0.528 0.753
6 2.495 0.388 1.744 0.532 0.762
7 2.509 0.381 1.764 0.539 0.766
8 2.506 0.382 1.764 0.539 0.765
9 2.535 0.368 1.779 0.543 0.774

10 2.545 0.364 1.787 0.546 0.777
DE-Seh 1 1.646 0.693 1.111 0.318 0.472

2 1.749 0.653 1.189 0.341 0.501
3 2.065 0.517 1.371 0.393 0.592
4 2.163 0.470 1.440 0.413 0.620
5 2.201 0.450 1.473 0.422 0.631
6 2.243 0.430 1.493 0.428 0.643
7 2.247 0.427 1.502 0.431 0.644
8 2.256 0.423 1.499 0.430 0.647
9 2.228 0.438 1.480 0.424 0.639

10 2.215 0.443 1.475 0.423 0.635
FR-Gri 1 1.742 0.734 1.176 0.302 0.448

2 1.720 0.740 1.212 0.312 0.442
3 2.083 0.619 1.385 0.356 0.536
4 2.281 0.542 1.513 0.389 0.587
5 2.422 0.485 1.568 0.403 0.623
6 2.475 0.462 1.640 0.422 0.636
7 2.502 0.450 1.650 0.424 0.643
8 2.529 0.438 1.664 0.428 0.650
9 2.538 0.434 1.674 0.431 0.653

10 2.534 0.436 1.656 0.426 0.652
IT-BCi 1 2.253 0.534 1.536 0.276 0.404

2 2.294 0.516 1.583 0.284 0.412
3 2.373 0.482 1.636 0.294 0.426
4 2.420 0.462 1.659 0.298 0.435
5 2.422 0.460 1.667 0.299 0.435
6 2.431 0.457 1.671 0.300 0.437
7 2.464 0.442 1.702 0.306 0.442
8 2.461 0.443 1.676 0.301 0.442
9 2.466 0.440 1.696 0.305 0.443

10 2.500 0.425 1.713 0.308 0.449
IT-CA2 1 2.399 0.786 1.626 0.247 0.365

2 2.602 0.748 1.765 0.269 0.396
3 2.749 0.719 1.867 0.284 0.418
4 2.944 0.678 1.963 0.299 0.448
5 3.030 0.659 2.014 0.306 0.461
6 3.146 0.632 2.062 0.314 0.479
7 3.218 0.616 2.091 0.318 0.490
8 3.315 0.591 2.167 0.330 0.504
9 3.296 0.596 2.180 0.332 0.502

10 3.196 0.620 2.137 0.325 0.486
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Table A4. Cont.

Station Date/Statistical
Indicators

RMSE (hPa d−1)
Accuracy

R2

Goodness-of-
Fit

MAE (hPa d−1)
Accuracy

PBIAS
Bias

NRMSE
Normalized

Accuracy

US-ARM 1 3.784 0.779 2.643 0.290 0.415
2 3.601 0.800 2.586 0.283 0.394
3 4.359 0.707 3.126 0.342 0.477
4 4.703 0.658 3.370 0.369 0.515
5 4.997 0.614 3.586 0.393 0.547
6 5.057 0.605 3.593 0.394 0.554
7 5.253 0.574 3.733 0.409 0.575
8 5.387 0.551 3.832 0.420 0.590
9 5.356 0.557 3.832 0.420 0.587

10 5.440 0.543 3.856 0.422 0.596
US-CRT 1 2.376 0.677 1.556 0.328 0.501

2 2.466 0.652 1.628 0.343 0.520
3 2.817 0.546 1.870 0.394 0.594
4 2.876 0.529 1.874 0.395 0.606
5 2.972 0.496 1.912 0.403 0.627
6 2.913 0.514 1.946 0.410 0.614
7 2.882 0.525 1.890 0.398 0.608
8 2.849 0.535 1.904 0.401 0.600
9 2.807 0.548 1.891 0.399 0.592

10 2.862 0.533 1.904 0.401 0.603
US-Tw3 1 2.779 0.740 2.047 0.222 0.301

2 2.136 0.847 1.644 0.178 0.231
3 3.177 0.662 2.372 0.257 0.344
4 3.765 0.525 2.808 0.304 0.408
5 3.831 0.507 2.844 0.308 0.415
6 3.992 0.464 2.993 0.324 0.433
7 4.091 0.437 3.086 0.334 0.443
8 3.964 0.472 3.025 0.328 0.430
9 4.049 0.450 3.066 0.332 0.439

10 4.106 0.433 3.143 0.341 0.445

Note: Bold values indicate the best model performance for each metric: the lowest RMSE, MAE, PBIAS, and
NRMSE, and the highest R2.
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Table A5. Statistical values of four models simulating ET at 11 cropland stations based on the short-term NWP data (1–3d) and the Fluxnet 2015 dataset.

Station

Statistical
Indicators

RMSE (mm d−1)
Accuracy

R2

Goodness-of-Fit
MAE (mm d−1)

Accuracy
PBIAS

Bias
NRMSE

Normalized Accuracy

Model/Date 1d 2d 3d 1d 2d 3d 1d 2d 3d 1d 2d 3d 1d 2d 3d

BE-Lon GOA_SVM 0.549 0.764 0.695 0.718 0.473 0.555 0.358 0.537 0.459 0.377 0.564 0.482 0.577 0.803 0.730
GOA_XGB 0.537 0.707 0.675 0.730 0.532 0.574 0.351 0.500 0.458 0.369 0.525 0.481 0.564 0.743 0.709
GWO_SVM 0.553 0.774 0.694 0.715 0.462 0.555 0.361 0.538 0.460 0.380 0.565 0.483 0.581 0.813 0.729
GWO_XGB 0.515 0.693 0.652 0.751 0.551 0.601 0.338 0.488 0.446 0.355 0.513 0.468 0.541 0.728 0.685

CH-Oe2 GOA_SVM 0.805 0.943 0.942 0.708 0.601 0.603 0.589 0.698 0.679 0.303 0.360 0.350 0.415 0.486 0.486
GOA_XGB 0.746 0.873 0.868 0.746 0.653 0.657 0.546 0.643 0.632 0.281 0.331 0.326 0.385 0.450 0.447
GWO_SVM 0.807 0.946 0.944 0.706 0.599 0.602 0.588 0.699 0.680 0.303 0.360 0.350 0.416 0.487 0.486
GWO_XGB 0.734 0.855 0.850 0.754 0.667 0.671 0.539 0.622 0.617 0.278 0.320 0.318 0.378 0.441 0.438

DE-Geb GOA_SVM 0.547 0.677 0.673 0.750 0.620 0.622 0.348 0.461 0.438 0.367 0.486 0.462 0.577 0.714 0.710
GOA_XGB 0.524 0.645 0.664 0.770 0.652 0.631 0.336 0.440 0.438 0.354 0.464 0.462 0.552 0.680 0.700
GWO_SVM 0.543 0.683 0.673 0.754 0.614 0.622 0.344 0.466 0.438 0.363 0.492 0.462 0.572 0.721 0.710
GWO_XGB 0.513 0.637 0.652 0.779 0.661 0.644 0.329 0.439 0.432 0.347 0.463 0.455 0.541 0.672 0.688

DE-Kli GOA_SVM 0.596 0.686 0.706 0.612 0.491 0.462 0.365 0.453 0.458 0.405 0.503 0.508 0.662 0.762 0.784
GOA_XGB 0.504 0.604 0.639 0.718 0.596 0.546 0.338 0.430 0.445 0.376 0.478 0.494 0.560 0.670 0.710
GWO_SVM 0.596 0.689 0.703 0.613 0.488 0.464 0.365 0.454 0.454 0.405 0.504 0.504 0.662 0.765 0.781
GWO_XGB 0.485 0.581 0.618 0.740 0.626 0.577 0.327 0.410 0.424 0.363 0.455 0.471 0.538 0.645 0.686

DE-Seh GOA_SVM 0.710 0.828 0.819 0.656 0.538 0.546 0.509 0.609 0.593 0.323 0.386 0.376 0.451 0.526 0.520
GOA_XGB 0.635 0.740 0.754 0.724 0.628 0.612 0.469 0.548 0.554 0.298 0.348 0.352 0.403 0.469 0.479
GWO_SVM 0.709 0.832 0.817 0.658 0.535 0.547 0.508 0.608 0.595 0.323 0.386 0.378 0.450 0.528 0.519
GWO_XGB 0.598 0.733 0.736 0.755 0.633 0.630 0.441 0.545 0.540 0.280 0.346 0.343 0.380 0.465 0.467

FR-Gri GOA_SVM 0.615 0.793 0.729 0.675 0.468 0.549 0.437 0.568 0.507 0.323 0.420 0.375 0.454 0.586 0.539
GOA_XGB 0.562 0.676 0.670 0.726 0.603 0.610 0.402 0.488 0.473 0.297 0.361 0.350 0.416 0.499 0.495
GWO_SVM 0.617 0.794 0.729 0.673 0.466 0.549 0.432 0.567 0.507 0.319 0.419 0.375 0.456 0.587 0.539
GWO_XGB 0.532 0.656 0.652 0.754 0.626 0.631 0.383 0.474 0.460 0.283 0.350 0.340 0.394 0.485 0.482

IT-BCi GOA_SVM 0.762 0.825 0.780 0.488 0.405 0.464 0.572 0.631 0.596 0.278 0.307 0.290 0.371 0.401 0.379
GOA_XGB 0.698 0.746 0.747 0.569 0.509 0.511 0.527 0.569 0.573 0.256 0.277 0.278 0.339 0.363 0.363
GWO_SVM 0.767 0.827 0.788 0.482 0.402 0.454 0.578 0.633 0.602 0.281 0.308 0.293 0.373 0.402 0.383
GWO_XGB 0.687 0.721 0.714 0.582 0.539 0.549 0.519 0.548 0.546 0.252 0.267 0.266 0.334 0.351 0.347

IT-CA2 GOA_SVM 0.438 0.604 0.538 0.678 0.389 0.521 0.320 0.454 0.400 0.252 0.358 0.316 0.345 0.476 0.425
GOA_XGB 0.413 0.513 0.520 0.710 0.552 0.565 0.297 0.381 0.372 0.234 0.301 0.293 0.326 0.405 0.410
GWO_SVM 0.434 0.623 0.524 0.681 0.360 0.539 0.322 0.474 0.385 0.254 0.374 0.303 0.342 0.491 0.414
GWO_XGB 0.408 0.507 0.501 0.717 0.563 0.574 0.295 0.377 0.370 0.233 0.298 0.292 0.322 0.400 0.395

US-ARM GOA_SVM 0.657 0.723 0.732 0.648 0.576 0.566 0.466 0.519 0.523 0.321 0.357 0.360 0.453 0.498 0.504
GOA_XGB 0.600 0.669 0.693 0.703 0.632 0.605 0.439 0.482 0.497 0.302 0.332 0.342 0.413 0.461 0.477
GWO_SVM 0.655 0.726 0.729 0.650 0.572 0.569 0.467 0.520 0.520 0.322 0.358 0.358 0.451 0.500 0.502
GWO_XGB 0.595 0.663 0.685 0.708 0.638 0.614 0.433 0.482 0.498 0.298 0.332 0.343 0.410 0.456 0.471

US-CRT GOA_SVM 0.831 1.047 0.984 0.686 0.505 0.566 0.539 0.726 0.666 0.291 0.392 0.360 0.449 0.565 0.531
GOA_XGB 0.778 0.859 0.901 0.724 0.662 0.636 0.527 0.604 0.614 0.285 0.326 0.332 0.420 0.463 0.487
GWO_SVM 0.895 1.059 1.016 0.638 0.498 0.538 0.586 0.716 0.677 0.316 0.387 0.366 0.483 0.572 0.549
GWO_XGB 0.758 0.839 0.883 0.737 0.677 0.644 0.517 0.591 0.604 0.279 0.319 0.326 0.409 0.453 0.477

US-Tw3 GOA_SVM 0.834 1.052 0.938 0.763 0.616 0.695 0.584 0.793 0.673 0.229 0.311 0.264 0.327 0.413 0.368
GOA_XGB 0.726 0.872 0.845 0.816 0.733 0.752 0.528 0.630 0.601 0.207 0.248 0.236 0.285 0.342 0.332
GWO_SVM 0.822 1.069 0.927 0.768 0.601 0.706 0.577 0.807 0.647 0.227 0.317 0.254 0.323 0.420 0.364

GWO_XGB 0.699 0.860 0.808 0.828 0.740 0.771 0.506 0.625 0.581 0.199 0.245 0.228 0.275 0.338 0.317

Note: Bold values indicate the best model performance for each metric: the lowest RMSE, MAE, PBIAS, and NRMSE, and the highest R2.

https://doi.org/10.3390/agronomy16030369

https://doi.org/10.3390/agronomy16030369


Agronomy 2026, 16, 369 39 of 43

Table A6. Statistical values of four models simulating ET at 11 cropland stations based on the medium and long-term NWP data (4–10d) and the Fluxnet 2015
dataset.

Station

Statistical
Indicators

RMSE (mm d−1)
Accuracy

R2

Goodness-of-Fit
MAE (mm d−1)

Accuracy
PBIAS

Bias
NRMSE

Normalized Accuracy

Model/Date 4d 5d 6d 7d 8d 9d 10d 4d 5d 6d 7d 8d 9d 10d 4d 5d 6d 7d 8d 9d 10d 4d 5d 6d 7d 8d 9d 10d 4d 5d 6d 7d 8d 9d 10d

BE-Lon GOA_SVM 0.797 0.723 0.817 0.742 0.810 0.805 0.738 0.421 0.520 0.400 0.493 0.405 0.415 0.504 0.548 0.474 0.555 0.487 0.550 0.545 0.479 0.576 0.498 0.583 0.511 0.578 0.573 0.503 0.837 0.760 0.858 0.779 0.851 0.845 0.775
GOA_XGB 0.722 0.705 0.750 0.701 0.750 0.744 0.697 0.512 0.535 0.474 0.540 0.474 0.481 0.546 0.504 0.472 0.532 0.474 0.527 0.528 0.467 0.530 0.496 0.559 0.498 0.553 0.555 0.491 0.759 0.740 0.787 0.737 0.788 0.782 0.732
GWO_SVM 0.796 0.724 0.817 0.735 0.814 0.805 0.736 0.429 0.519 0.402 0.506 0.401 0.415 0.505 0.543 0.473 0.553 0.482 0.551 0.543 0.479 0.571 0.497 0.581 0.506 0.579 0.570 0.503 0.837 0.760 0.858 0.772 0.856 0.846 0.773
GWO_XGB 0.710 0.693 0.730 0.691 0.726 0.721 0.693 0.528 0.551 0.502 0.552 0.506 0.514 0.550 0.493 0.466 0.506 0.467 0.498 0.496 0.464 0.518 0.489 0.531 0.490 0.523 0.521 0.488 0.746 0.728 0.766 0.726 0.763 0.757 0.728

CH-Oe2 GOA_SVM 0.999 0.966 1.001 0.957 1.011 0.988 0.949 0.555 0.580 0.555 0.587 0.547 0.563 0.597 0.733 0.700 0.732 0.693 0.741 0.732 0.690 0.378 0.361 0.377 0.357 0.382 0.377 0.356 0.515 0.498 0.516 0.493 0.521 0.509 0.489
GOA_XGB 0.899 0.895 0.922 0.917 0.933 0.914 0.902 0.632 0.636 0.613 0.617 0.604 0.620 0.631 0.651 0.655 0.673 0.662 0.683 0.673 0.661 0.335 0.338 0.347 0.341 0.352 0.347 0.340 0.463 0.461 0.475 0.473 0.481 0.471 0.465
GWO_SVM 1.003 0.962 1.000 0.958 1.004 0.992 0.947 0.552 0.587 0.555 0.588 0.550 0.560 0.600 0.737 0.697 0.731 0.698 0.737 0.736 0.691 0.380 0.359 0.376 0.360 0.380 0.379 0.356 0.517 0.496 0.515 0.494 0.517 0.511 0.488
GWO_XGB 0.885 0.884 0.906 0.909 0.907 0.891 0.882 0.643 0.644 0.626 0.624 0.625 0.638 0.645 0.652 0.643 0.658 0.659 0.663 0.654 0.651 0.336 0.331 0.339 0.340 0.342 0.337 0.335 0.456 0.455 0.467 0.468 0.467 0.459 0.454

DE-Geb GOA_SVM 0.718 0.704 0.750 0.712 0.758 0.753 0.722 0.574 0.590 0.535 0.578 0.524 0.531 0.565 0.481 0.454 0.502 0.460 0.506 0.495 0.465 0.507 0.479 0.529 0.485 0.533 0.522 0.490 0.757 0.742 0.791 0.751 0.799 0.794 0.762
GOA_XGB 0.691 0.681 0.697 0.687 0.714 0.713 0.692 0.600 0.612 0.594 0.606 0.573 0.574 0.600 0.479 0.445 0.467 0.448 0.487 0.486 0.455 0.505 0.469 0.493 0.472 0.514 0.513 0.479 0.729 0.718 0.736 0.724 0.753 0.752 0.730
GWO_SVM 0.719 0.702 0.752 0.709 0.755 0.752 0.720 0.573 0.589 0.533 0.582 0.529 0.532 0.568 0.483 0.452 0.504 0.458 0.502 0.497 0.463 0.509 0.477 0.531 0.483 0.530 0.524 0.488 0.758 0.740 0.793 0.748 0.796 0.793 0.759
GWO_XGB 0.679 0.672 0.691 0.677 0.704 0.701 0.683 0.613 0.622 0.600 0.616 0.585 0.588 0.610 0.464 0.440 0.466 0.445 0.477 0.474 0.448 0.489 0.464 0.491 0.469 0.503 0.499 0.472 0.717 0.708 0.729 0.714 0.742 0.739 0.720

DE-Kli GOA_SVM 0.735 0.723 0.752 0.731 0.761 0.755 0.734 0.419 0.434 0.393 0.421 0.378 0.386 0.417 0.487 0.473 0.502 0.479 0.502 0.498 0.482 0.541 0.525 0.557 0.532 0.557 0.553 0.535 0.816 0.803 0.835 0.812 0.845 0.839 0.815
GOA_XGB 0.660 0.653 0.672 0.660 0.670 0.672 0.658 0.517 0.526 0.499 0.517 0.502 0.499 0.520 0.471 0.449 0.480 0.462 0.473 0.482 0.464 0.523 0.499 0.533 0.513 0.525 0.536 0.515 0.733 0.726 0.746 0.732 0.744 0.746 0.730
GWO_SVM 0.739 0.721 0.753 0.731 0.756 0.756 0.733 0.417 0.436 0.392 0.423 0.386 0.387 0.418 0.488 0.472 0.501 0.480 0.498 0.498 0.482 0.542 0.524 0.556 0.533 0.553 0.553 0.535 0.821 0.801 0.837 0.812 0.840 0.839 0.814
GWO_XGB 0.639 0.637 0.650 0.639 0.646 0.647 0.638 0.548 0.549 0.532 0.547 0.537 0.535 0.548 0.453 0.439 0.463 0.447 0.454 0.461 0.449 0.504 0.488 0.514 0.497 0.504 0.512 0.498 0.709 0.708 0.721 0.709 0.717 0.719 0.708

DE-Seh GOA_SVM 0.852 0.806 0.838 0.803 0.843 0.849 0.805 0.514 0.562 0.528 0.563 0.519 0.513 0.561 0.635 0.582 0.615 0.578 0.625 0.635 0.590 0.403 0.369 0.390 0.367 0.397 0.403 0.375 0.541 0.512 0.532 0.510 0.535 0.539 0.511
GOA_XGB 0.774 0.774 0.745 0.773 0.772 0.773 0.790 0.590 0.594 0.622 0.592 0.593 0.591 0.573 0.585 0.558 0.557 0.567 0.573 0.588 0.591 0.371 0.354 0.354 0.360 0.364 0.373 0.375 0.492 0.492 0.473 0.491 0.490 0.491 0.502
GWO_SVM 0.842 0.805 0.840 0.805 0.840 0.846 0.802 0.523 0.563 0.525 0.561 0.524 0.517 0.564 0.622 0.580 0.619 0.581 0.622 0.631 0.583 0.395 0.368 0.393 0.369 0.395 0.401 0.370 0.535 0.511 0.533 0.511 0.533 0.537 0.509
GWO_XGB 0.747 0.748 0.739 0.768 0.770 0.749 0.765 0.619 0.618 0.627 0.597 0.595 0.616 0.600 0.551 0.548 0.548 0.563 0.573 0.559 0.568 0.350 0.348 0.348 0.357 0.364 0.355 0.360 0.474 0.475 0.469 0.487 0.489 0.476 0.485

FR-Gri GOA_SVM 0.809 0.744 0.804 0.746 0.807 0.807 0.729 0.448 0.529 0.452 0.524 0.449 0.452 0.547 0.577 0.519 0.580 0.525 0.582 0.578 0.510 0.426 0.384 0.429 0.388 0.430 0.427 0.377 0.598 0.550 0.594 0.552 0.596 0.596 0.539
GOA_XGB 0.689 0.691 0.687 0.707 0.697 0.703 0.692 0.587 0.586 0.589 0.567 0.577 0.571 0.585 0.497 0.490 0.497 0.499 0.506 0.511 0.490 0.367 0.362 0.368 0.369 0.374 0.378 0.362 0.509 0.511 0.508 0.523 0.515 0.520 0.512
GWO_SVM 0.809 0.745 0.805 0.738 0.806 0.804 0.729 0.449 0.529 0.452 0.537 0.451 0.453 0.547 0.576 0.517 0.582 0.514 0.579 0.576 0.510 0.426 0.382 0.430 0.380 0.428 0.426 0.377 0.598 0.551 0.595 0.545 0.596 0.594 0.539
GWO_XGB 0.664 0.671 0.679 0.681 0.672 0.694 0.671 0.616 0.609 0.599 0.597 0.608 0.582 0.609 0.474 0.476 0.489 0.486 0.490 0.505 0.475 0.351 0.352 0.361 0.359 0.362 0.373 0.351 0.491 0.496 0.502 0.503 0.496 0.513 0.496

IT-BCi GOA_SVM 0.824 0.792 0.823 0.788 0.813 0.825 0.798 0.404 0.449 0.409 0.455 0.423 0.404 0.441 0.634 0.600 0.628 0.593 0.616 0.628 0.605 0.308 0.292 0.306 0.288 0.300 0.305 0.294 0.401 0.385 0.400 0.383 0.395 0.401 0.388
GOA_XGB 0.732 0.740 0.725 0.745 0.741 0.742 0.738 0.527 0.517 0.535 0.512 0.514 0.513 0.519 0.559 0.560 0.551 0.568 0.569 0.565 0.565 0.272 0.272 0.268 0.276 0.277 0.275 0.275 0.356 0.360 0.353 0.362 0.360 0.361 0.359
GWO_SVM 0.823 0.797 0.828 0.796 0.818 0.828 0.804 0.406 0.442 0.400 0.443 0.415 0.400 0.432 0.631 0.604 0.634 0.603 0.621 0.630 0.611 0.307 0.294 0.308 0.293 0.302 0.306 0.297 0.400 0.387 0.403 0.387 0.398 0.403 0.391
GWO_XGB 0.719 0.729 0.711 0.723 0.726 0.736 0.721 0.542 0.529 0.553 0.537 0.533 0.521 0.540 0.552 0.552 0.539 0.551 0.555 0.557 0.552 0.268 0.268 0.262 0.268 0.270 0.271 0.268 0.350 0.355 0.346 0.352 0.353 0.358 0.351

IT-CA2 GOA_SVM 0.614 0.543 0.597 0.518 0.594 0.592 0.530 0.373 0.513 0.410 0.550 0.416 0.423 0.528 0.471 0.407 0.455 0.380 0.457 0.446 0.393 0.372 0.321 0.359 0.300 0.361 0.352 0.310 0.484 0.429 0.471 0.409 0.468 0.467 0.418
GOA_XGB 0.534 0.515 0.539 0.520 0.520 0.525 0.513 0.517 0.549 0.505 0.544 0.540 0.532 0.567 0.394 0.384 0.414 0.383 0.391 0.395 0.373 0.311 0.303 0.327 0.302 0.308 0.311 0.295 0.421 0.407 0.425 0.410 0.411 0.414 0.405
GWO_SVM 0.623 0.533 0.613 0.520 0.601 0.599 0.528 0.362 0.526 0.383 0.545 0.409 0.414 0.531 0.473 0.392 0.468 0.382 0.457 0.449 0.390 0.373 0.309 0.369 0.302 0.361 0.354 0.308 0.491 0.420 0.484 0.410 0.474 0.473 0.417
GWO_XGB 0.513 0.507 0.529 0.505 0.515 0.514 0.501 0.553 0.563 0.523 0.566 0.549 0.549 0.573 0.383 0.381 0.401 0.374 0.388 0.386 0.374 0.302 0.300 0.316 0.295 0.306 0.304 0.295 0.405 0.400 0.418 0.398 0.406 0.406 0.395

US-ARM GOA_SVM 0.754 0.745 0.758 0.736 0.762 0.757 0.741 0.538 0.549 0.534 0.558 0.529 0.536 0.553 0.537 0.528 0.535 0.524 0.539 0.540 0.530 0.370 0.363 0.368 0.361 0.371 0.372 0.365 0.519 0.513 0.522 0.507 0.524 0.521 0.510
GOA_XGB 0.703 0.712 0.710 0.708 0.706 0.714 0.709 0.594 0.584 0.586 0.592 0.592 0.582 0.586 0.504 0.508 0.504 0.501 0.503 0.513 0.519 0.347 0.349 0.347 0.345 0.346 0.353 0.357 0.484 0.490 0.489 0.487 0.486 0.491 0.488
GWO_SVM 0.757 0.745 0.761 0.742 0.757 0.757 0.740 0.535 0.549 0.531 0.552 0.537 0.536 0.553 0.538 0.528 0.537 0.527 0.536 0.540 0.530 0.371 0.363 0.370 0.363 0.369 0.372 0.365 0.521 0.513 0.524 0.511 0.521 0.521 0.510
GWO_XGB 0.692 0.701 0.685 0.689 0.687 0.693 0.700 0.605 0.595 0.613 0.609 0.611 0.604 0.596 0.500 0.503 0.492 0.496 0.496 0.502 0.511 0.344 0.346 0.339 0.341 0.341 0.346 0.352 0.477 0.483 0.472 0.474 0.473 0.477 0.482

US-CRT GOA_SVM 1.042 0.962 1.041 0.942 1.032 1.040 0.967 0.510 0.582 0.512 0.597 0.520 0.510 0.576 0.722 0.640 0.715 0.641 0.715 0.710 0.651 0.390 0.346 0.386 0.346 0.386 0.383 0.351 0.563 0.519 0.562 0.508 0.557 0.562 0.522
GOA_XGB 0.888 0.889 0.916 0.896 0.885 0.918 0.893 0.639 0.639 0.617 0.644 0.642 0.616 0.638 0.634 0.613 0.624 0.596 0.621 0.652 0.611 0.342 0.331 0.337 0.322 0.335 0.352 0.330 0.479 0.480 0.494 0.483 0.478 0.496 0.482
GWO_SVM 1.079 1.010 1.076 0.982 1.049 1.056 1.002 0.478 0.541 0.482 0.563 0.504 0.498 0.546 0.727 0.668 0.723 0.660 0.714 0.714 0.674 0.393 0.361 0.390 0.356 0.385 0.385 0.364 0.583 0.545 0.581 0.530 0.566 0.570 0.541
GWO_XGB 0.874 0.876 0.886 0.874 0.867 0.870 0.868 0.650 0.649 0.640 0.651 0.656 0.653 0.656 0.615 0.607 0.602 0.596 0.608 0.601 0.599 0.332 0.328 0.325 0.322 0.328 0.324 0.324 0.472 0.473 0.478 0.472 0.468 0.470 0.469

US-Tw3 GOA_SVM 1.185 0.933 1.208 0.916 1.215 1.219 1.022 0.519 0.696 0.506 0.705 0.494 0.492 0.635 0.909 0.665 0.885 0.673 0.940 0.942 0.744 0.357 0.261 0.347 0.264 0.369 0.370 0.292 0.465 0.366 0.474 0.360 0.477 0.479 0.401
GOA_XGB 1.023 0.806 0.947 0.841 0.944 0.966 0.949 0.636 0.772 0.686 0.752 0.689 0.673 0.693 0.763 0.583 0.707 0.612 0.697 0.716 0.702 0.300 0.229 0.278 0.240 0.274 0.281 0.276 0.402 0.316 0.372 0.330 0.371 0.379 0.373
GWO_SVM 1.153 0.952 1.179 0.925 1.218 1.214 1.005 0.540 0.687 0.518 0.705 0.491 0.492 0.656 0.871 0.677 0.892 0.659 0.935 0.933 0.702 0.342 0.266 0.350 0.259 0.367 0.366 0.276 0.453 0.374 0.463 0.363 0.478 0.477 0.394
GWO_XGB 0.951 0.786 0.905 0.817 0.914 0.937 0.912 0.683 0.783 0.713 0.766 0.707 0.692 0.708 0.707 0.572 0.673 0.592 0.677 0.690 0.672 0.278 0.224 0.264 0.232 0.266 0.271 0.264 0.373 0.309 0.355 0.321 0.359 0.368 0.358

Note: Bold values indicate the best model performance for each metric: the lowest RMSE, MAE, PBIAS, and NRMSE, and the highest R2.
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