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Resumen: La estimacion precisa de la evapotranspiracion de referencia
(ETo) es esencial para la programacion del riego en sistemas agricolas de
alta eficiencia hidrica. Este estudio compara el desempefio de dos enfoques
de modelado, especificamente el algoritmo XGBoost y una red neuronal
LSTM, para estimar ETo diaria en un entorno semiarido del noroeste de
México, utilizando datos meteoroldgicos derivados del sistema NASA
POWER entre enero de 2020 y julio de 2024. Ambos modelos fueron
entrenados sobre un conjunto homogéneo de 1,827 dias y evaluados
mediante métricas estandar, incluyendo MAE, RMSE, R?, NSE, MAPE y
el coeficiente d de Willmott, con un analisis diferenciado entre las
temporadas seca y himeda. El modelo XGBoost alcanz6 un MAE de 0.145
mm dia' y un R? de 0.983, superando en todos los indicadores al modelo
LSTM, el cual mostré6 mayor error absoluto y variabilidad estacional. El
analisis SHAP identifico como variables més influyentes a la radiacion
solar de onda corta, el déficit de presion de vapor y la velocidad del viento,
en coherencia con la teoria agrometeorologica. Ademas, XGBoost mostro
mayor estabilidad frente a eventos extremos y menor sesgo sistematico.
Estos resultados posicionan a XGBoost como una herramienta precisa,
interpretable y computacionalmente eficiente para su integracion en
sistemas automatizados de toma de decisiones y plataformas IoT agricolas.
No obstante, se reconocen limitaciones geograficas y metodoldgicas que
sugieren la necesidad de validaciones multirregionales y de explorar
arquitecturas hibridas en futuros trabajos. Estos hallazgos respaldan la
adopcion operativa de enfoques basados en XGBoost en la gestion del riego
de precision y resaltan su potencial para mejorar la eficiencia en el uso del
agua en sistemas agricolas de zonas semidridas.
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Abstract

Accurate estimation of reference evapotranspiration (ETo) is essential for irrigation
scheduling in high-efficiency agricultural systems. This study compares the performance of
two modeling approaches—specifically, the XGBoost algorithm and a long short-term
memory (LSTM) neural network—for estimating daily ETo in a semi-arid region in
northwestern Mexico, using meteorological data derived from the NASA POWER system
between January 2020 and July 2024. Both models were trained on a homogeneous dataset
of 1,827 days and evaluated using standard metrics, including MAE, RMSE, R?, NSE,
MAPE, and Willmott’s d coefficient, with separate analyses for dry and wet seasons. The
XGBoost model achieved a MAE of 0.145 mm day ' and an R? of 0.983, outperforming the
LSTM model across all metrics, which exhibited higher absolute error and greater seasonal
variability. SHAP analysis identified shortwave solar radiation, vapor pressure deficit, and
wind speed as the most influential variables, aligning with agrometeorological theory.
Additionally, XGBoost demonstrated greater robustness to extreme events and lower
systematic bias. These results position XGBoost as an accurate, interpretable, and
computationally efficient tool for integration into automated decision-making systems and
agricultural IoT platforms. Nonetheless, geographic and methodological limitations are
acknowledged, suggesting the need for multi-regional validations and exploration of hybrid
architectures in future research. These findings support the operational adoption of XGBoost-
based approaches in precision irrigation management and highlight their potential to enhance
water use efficiency in semi-arid agricultural systems.

Keywords: Evapotranspiration, Irrigation, XGBoost, LSTM, SHAP.

Introduction

Precise quantification of reference evapotranspiration (ETo) forms the fundamental
basis of any modern irrigation scheduling algorithm, as it links atmospheric demand with
crop water requirements and, ultimately, with agricultural water productivity. Although the
Penman—Monteith equation recommended by FAO-56 remains the standard physical
reference, its routine application in commercial fields is hindered by the requirement for
reliable local measurements of solar radiation, temperature, relative humidity, and wind

speed (Liang et al., 2023). Over the past decade, this instrumental gap has spurred a surge in
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studies based on machine learning (ML) and deep learning (DL), which claim to match or
even surpass the accuracy of energy balance-based methods using reduced datasets (Ayaz
etal., 2021).

Initially, multilayer perceptrons showed promise in the arid climates of Iran, reducing mean
absolute error (MAE) by approximately 40% compared to the Hargreaves—Samani method
(Wu etal.,, 2020). More recently, gradient boosting methods have gained traction: an
XGBoost model optimised using the Nelder—Mead algorithm achieved Nash—Sutcliffe
efficiencies (NSE) exceeding 0.95 at 28 stations across the Yangtze River Basin (Li et al.,
2024), while a study in a semi-arid climate reported a root mean square error (RMSE) as low
as 0.19 mm day! (Sharafi & Mohammadi Ghaleni, 2024). The integration of satellite
products has further enabled XGBoost to upscale instantaneous Landsat-based fluxes to daily
ET estimates with errors below 13 W m (Yang et al., 2025).

In parallel, advances in deep learning have led to the development of hybrid CNN-LSTM
architectures with attention mechanisms, which outperformed the Penman—Monteith method
by 18% across 12 subtropical sites (Sarkar et al., 2025). Bidirectional LSTM models have
also achieved MAE values below 0.30 mm day' by incorporating spatial context (Dong
etal., 2024). Furthermore, hybrid frameworks have further reduced uncertainty by
combining signal decomposition with boosted trees (Liu et al., 2024), or by integrating
Penman—Monteith inputs with convolutional encoders (Dong et al., 2024).

Nonetheless, recent reviews reveal persistent knowledge gaps: much of the empirical
evidence stems from Asia and the Middle East, leaving semi-arid districts of Latin America
virtually unexplored (Liyew et al., 2025). Moreover, direct comparisons between ML/DL
models and the Penman—Monteith method using identical datasets remain scarce (Helali
et al., 2024). Despite progress in explainable Al, the physical interpretation of “black-box”
models remains limited, although recent SHAP analyses have highlighted the dominant role
of shortwave radiation and vapour pressure deficit (VPD) (Mushtaq et al., 2024). Seasonal
robustness also poses challenges: random forest models have shown performance drops
during monsoon peaks in India (Xu et al., 2023), whereas CatBoost and LightGBM appear
more resilient during prolonged droughts in Morocco (Yan et al., 2023). Emerging strategies
such as quantile regression for ETo (Bour et al., 2025), inter-basin transfer learning (Chen

etal., 2022), and federated learning on edge devices (Tausif et al., 2025), illustrate the
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breadth of innovation, though their applicability under Mexican conditions still requires
validation.

In response to these gaps, the present study compiles and analyses a continuous
meteorological record spanning 1,827 days (January 2020 to July 2024) obtained from an
8.01-hectare drip-irrigated agricultural field in El Tajito, Guasave—an area representative of
the water-stressed agricultural landscape typical of northwestern Mexico’s semi-arid zone.
The choice of the XGBoost model is grounded in its demonstrated effectiveness in recent
studies, attributed to its robust capacity to model complex non-linear relationships, its
efficient handling of correlated predictors, and its ability to deliver physically interpretable
outputs via SHAP values (Liu et al., 2024; Yang et al., 2025). Conversely, the selection of
the LSTM model is justified by its well-established aptitude for capturing complex temporal
dependencies in meteorological series and its capacity to retain relevant historical
information through sliding time windows—both critical for modelling dynamic
hydrological phenomena such as evapotranspiration (Dong et al., 2024; Sarkar et al., 2025).
Accordingly, the specific objectives of this study are to: (i) calibrate and optimise a gradient
boosting model (XGBoost) and a recurrent neural network (LSTM) using a seven-day rolling
window to leverage short-term historical information; (ii) evaluate and compare the daily
prediction accuracy of both models against the standard Penman—Monteith method using
widely accepted hydrological metrics (MAE, RMSE, R?, MAPE, NSE, and Willmott’s d)
(Bojorquez-Delgado et al., 2023; Graciano-Obeso et al., 2024; Sarkar et al., 2025); and (iii)
analyse and interpret the relative importance and interactions of meteorological variables
through SHAP wvalues, explicitly linking these empirical findings to underlying
agrometeorological theory (Mushtaq et al., 2024). The central hypothesis is that an XGBoost-
based approach not only offers superior predictive accuracy compared to LSTM and
traditional methods, but also delivers physical interpretability, facilitating operational
deployment. In summary, the main contribution of this study lies in providing one of the first
systematic evaluations of artificial intelligence models for reference evapotranspiration in a
semi-arid region of Mexico, a context largely absent from international literature. By directly
comparing XGBoost and LSTM with the Penman—Monteith standard under identical

datasets, this work not only fills a geographic and methodological gap, but also demonstrates
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the operational feasibility of integrating explainable Al into precision irrigation practices

across Latin America’s water-stressed agricultural landscapes.

Materials and Methods

This section describes the methodology employed for the acquisition, preparation,
and analysis of data, as well as the modelling and evaluation techniques used in the study.
Dataset Construction

The dataset was constructed using publicly available meteorological records retrieved
through the ‘AG’ interface of the NASA POWER v8 service (accessed on 10 February 2025),
chosen for its validated global coverage and daily resolution suitable for agricultural studies
in regions with limited local instrumentation. In the absence of in-field lysimetric
measurements, the reference value was taken as the reference evapotranspiration calculated
by the service using the Penman—Monteith equation (ETo PM), which has been previously
validated for similar latitudes.
Continuous daily observations were extracted between 1 January 2020 and 31 July 2024 for
a plot located in the El Tajito ejido, Guasave, Sinaloa (25°39'18" N, 108°38'14"” W). The
requested meteorological variables included maximum, minimum, and mean temperatures;
relative humidity; corrected precipitation; wind speed; shortwave and longwave radiation;
atmospheric pressure; and dew point temperature. The data, originally in JSON format, were
converted into a pandas DataFrame, checked for temporal continuity, and cleaned using
physically reasonable ranges based on agrometeorological literature for semi-arid regions
(e.g., Tmean between —5 and 45 °C; RH between 10% and 100%). This resulted in a
homogeneous and self-consistent dataset of 1,827 days for subsequent analysis. The
processed dataset and associated scripts are openly available in Zenodo (Bojorquez Delgado,
2025); DOI: 10.5281/zenodo.16922140).
Computational Environment

Subsequent analyses were conducted on the Google Colaboratory platform using
Python 3.11 in a CPU-based environment (Intel Xeon, 2 vCPUs, 13 GB RAM), with GPU
acceleration deliberately disabled to ensure result reproducibility under standard

computational settings without specialised hardware. The libraries used included: pandas
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(1.3), NumPy (1.2), matplotlib (3.4), seaborn (0.11), scikit-learn (0.24), XGBoost (1.5),
TensorFlow-Keras (2.6), and SHAP (0.40).
Data Preprocessing

The dataset was examined for missing values, which were imputed using temporal
linear interpolation. This method has been shown to be effective in environmental and
agroclimatic time series when data gaps are short and the underlying signal is continuous
(Lepot etal.,, 2017; Noor etal., 2015). Predictor variables were standardised using
StandardScaler(), trained exclusively on the training set to prevent information leakage into
the test set. The target variable (ETo_ PM) was not transformed, preserving its original scale
in mm day' to maintain physical interpretability. To respect the sequential structure of the
series, the dataset was split chronologically (70% initial segment for training and 30% final
segment for testing), thereby preventing the use of future observations for past predictions.
In addition, the selection of a seven-day sliding window for the LSTM model was supported
by the partial autocorrelation function of the ETo PM series and is consistent with previous
studies that applied lagged input sequences to predict short-term evapotranspiration
dynamics(Yin et al., 2020).
The predictive performance of the models was evaluated using a set of widely recognised
statistical indices in hydrology and agroclimatology, including the Nash—Sutcliffe Efficiency
(Nash & Sutcliffe, 1970) and Willmott’s d coefficient (Willmott, 1981), which provide
complementary assessments of model accuracy and agreement with observed values.
Exploratory Analysis

Initial exploratory analyses were performed using time series plots, histograms, and
correlation matrices to examine distributions, trends, and inter-variable correlations.
Predictive Modelling

Two advanced predictive techniques were implemented to model reference
evapotranspiration (ETo PM). The first was an XGBoost model, developed using temporal
cross-validation through TimeSeriesSplit with five folds. Hyperparameters were
systematically optimised with GridSearchCV, testing different numbers of trees (50 and 100
estimators), maximum depths (3 and 5), and learning rates (0.01 and 0.1). This configuration
ensured that the model was both parsimonious and well adapted to the seasonal variability of

the dataset.
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In parallel, a long short-term memory (LSTM) recurrent neural network was constructed to
capture temporal dependencies inherent in agroclimatic series. The model employed a sliding
window of seven consecutive days as input, a setting supported by prior studies that
demonstrated the utility of 5—7-day windows for improving evapotranspiration estimation
and forecasting performance (Jia et al., 2023; Matos et al., 2025; Soylu et al., 2012). The
architecture consisted of a single LSTM layer with 32 units and a tanh activation function,
followed by a Dropout(0.2) layer to reduce overfitting, and a linear Dense(1) output layer to
generate daily predictions. Training was conducted with the Adam optimiser for a maximum
of 50 epochs and a batch size of 16, reserving 20% of the training data for internal validation.
An early stopping criterion with a patience of five epochs was applied to prevent unnecessary
iterations, while fixed random seeds (tf.random.set seed(42), np.random.seed(42))
guaranteed reproducibility across runs.
This dual-model strategy allowed the evaluation of a tree-based boosting approach against a
deep learning architecture specifically designed for sequential data, thereby providing a
rigorous comparative framework for assessing the potential of explainable machine learning
versus recurrent neural networks in the estimation of reference evapotranspiration under
semi-arid conditions.
Performance Evaluation

The predictive performance of both models was assessed using standard metrics
commonly applied in agroclimatic studies: Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), Coefficient of Determination (R?), Mean Absolute Percentage Error (MAPE),
mean bias, Nash—Sutcliffe Efficiency (NSE), and Willmott’s d coefficient. The use of NSE
(Nash & Sutcliffe, 1970) and Willmott’s d (Willmott, 1981) follows their established
application in hydrological and agrometeorological model evaluation. Additionally, separate
analyses were conducted for the dry season (November—April) and the wet season (May—
October).
Study Limitations

A key limitation of this study is that model training and validation were conducted at
a single site. Although the results indicate internal robustness, the geographic reproducibility

of the model has yet to be assessed in other semi-arid and irrigated environments. This
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methodological constraint should be addressed in future research through external validation

studies that examine the model’s generalisation across diverse agroclimatic contexts.

Results and Discussion

This section presents a critical analysis of the results obtained by comparing the
predictive performance of a gradient boosting model (XGBoost) and a recurrent neural
network (LSTM) in estimating reference evapotranspiration (ETo) under semi-arid climatic
conditions. Using a multi-year dataset that integrates key thermodynamic and radiative
variables, the performance of each approach is quantified through hydrological metrics of
absolute and squared error, efficiency, and bias, and their consistency across dry and wet
seasons is examined. In addition, the relative importance of predictors and the physical
coherence of the modelled responses are evaluated in order to determine which architecture
provides more reliable and operationally useful estimates for high-precision irrigation
scheduling.
As shown in Figure 1, the daily time series of reference evapotranspiration (ETo PM) and
mean temperature (Tmean) from January 2020 to July 2024 exhibits a clear seasonal pattern:
between June and August, ETo PM reaches its maximum values (6—10 mmday™) in
conjunction with elevated daily mean temperatures (28-34 °C), whereas during the
December—February period, both indicators drop to their minimum levels (2—4 mm day* and
15-20 °C, respectively). Furthermore, small interannual anomalies are reflected in ETo PM
variations of up to 0.5 mm day’, suggesting the influence of fluctuations in radiation and
atmospheric humidity.

Time Series of ETe and Mean Temperature

35
—— ETO_PM

304 Tmean

25 1

20 A

Value

15 A

10 1
5 WWMMW%M

T T T T T T
2020 2021 2022 2023 2024 2025
Date

Figure 1. Time series of reference evapotranspiration and mean temperature.
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This synchrony between Tmean and ETo PM validates the selection of mean

temperature as a primary predictive variable in the AI models, a relationship widely
recognized in agrometeorological research where temperature is a fundamental driver of
evapotranspiration (Irmak et al., 2003).
Figure 2 presents the distribution of daily mean temperature over the study period, shown as
a histogram with a kernel density estimate (KDE). A bimodal tendency can be observed, with
local peaks around 22 °C and 30 °C, reflecting the seasonal cycle of the semi-arid climate.
Approximately 10% of the days fall below 18 °C and 90% below 32 °C, while the distribution
tails extend towards 15 °C and 35 °C, indicating winter cooling and occasional summer heat
episodes. Beyond describing the climatic range, the relatively smooth distribution and
absence of extreme outliers are relevant for model stability, as machine learning algorithms
are less prone to overfitting when predictor variables follow physically consistent and
bounded patterns (Irmak et al., 2003). This implies that mean temperature provides a robust
and generalisable signal for ET, estimation across seasons, supporting its role as a key
predictor in the Al models.

Distribution of Tmean
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Figure 2. Distribution of Tmean.

As shown in Figure 3, the daily relative humidity at 2 m (RH2M) exhibits an
approximately normal distribution centred around 60%, with values ranging from 37% to
88%. Beyond this descriptive range, RH is recognised as a secondary yet influential predictor
of reference evapotranspiration, as it affects the vapor pressure deficit and the evaporative
demand of the atmosphere. Agrometeorological guidelines (Allen et al., 1998) include RH
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as an indispensable component in ETo estimation. Moreover, Coérdova etal. (2015)
quantified that estimating RH instead of using measured data can introduce up to 14% errors
in ETo under highland conditions. This underscores that, although less dominant than
radiation or temperature, RH contributes significantly to model fidelity by capturing
moisture-driven variability in semi-arid climates.

Distribution of RH2M
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Figure 3. Distribution of RH2M.

The 10th percentile of the sample lies near 50%, while the 90th percentile is around
75%, indicating that most days maintain moderate to high humidity levels. The symmetry of
the kernel density estimate (KDE) curve and the shape of the histogram reflect the stability
of the atmospheric moisture regime in the region, supporting the inclusion of RH2M as a key
predictor variable in the Al models.
Figure 4 shows the distribution of the daily vapour pressure deficit (VPD) estimated for the
2020-2024 period. The histogram with a kernel density estimate (KDE) curve reveals a
modal peak near 1.0 kPa, indicating that most days exhibit a moderate VPD around that
value.
The 10th percentile is approximately 0.5 kPa, while the 90th percentile is close to 2.0 kPa.
Only 3.8% of the days (=70 out of 1,827 records) presented VPD values above 2.0 kPa,
corresponding to atypical heatwaves or very dry episodes. This long right tail, although
infrequent, is critical in explaining the higher predictive capacity of the XGBoost model, as

it successfully captures nonlinear responses under extreme vapour deficit conditions that tend

123



RIISDS; ISSN: 2448-8003; Aio 11, No. 1; 2025

to be smoothed out by LSTM. This asymmetry confirms that, although the prevailing climate
regime is predominantly of moderate deficit, there are seasonal events with significantly
higher values—highlighting the relevance of VPD as a predictor variable in

evapotranspiration models.
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Figure 4. Distribution of VPD.

Figure 5 shows the distribution of daily growing degree days (GDD) over the analysis
period. A clear bimodal pattern is observed: the first peak, between 11 and 13 °C-d, coincides
with the winter-to-spring transition, while the second, between 20 and 22 °C-d, reflects
thermal accumulation during summer and early autumn. The interquartile range spans from

10 to 22 °C-d, with extremes between 5 and 24 °C-d.
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Figure 5. Distribution of GDD.
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This dual thermal modulation suggests the existence of two distinct phenological

regimes, which could potentially be leveraged by time-sensitive models. However, the LSTM
model failed to translate this structure into improved predictive performance, largely because
GDD is mathematically derived from Tmean, resulting in near-perfect collinearity between
both variables. This redundancy limits the independent contribution of GDD once Tmean is
already included in the predictors. Nevertheless, including GDD may still add marginal
predictive value by explicitly capturing cumulative thermal thresholds relevant to crop
development, even if its statistical contribution to ETo prediction is secondary compared to
Tmean (Allen et al., 1998; Zhou et al., 2021).
As shown in Figure 6, the distribution of daily reference evapotranspiration (ETo PM) is
slightly right-skewed, with a modal peak between 4 and 6 mm day . The 10th percentile lies
near 2.5 mm day ', and the 90th percentile around 8 mm day’, indicating that most days are
characterised by moderate evaporative demand, while isolated events of high
evapotranspiration (up to 10 mm day™') occur under very hot and dry conditions. Such
extreme ETo events correspond to scenarios of critical water demand, where failure to adjust
irrigation scheduling may result in crop water stress, yield reduction, and inefficient resource
use. Their correct identification is therefore essential for precision irrigation systems aiming
to optimise water allocation during peak atmospheric demand.

Distribution of ETO_PM
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Figure 6. Distribution of ET0_PM.

Figure 7 presents the correlation matrix among the five key climatic variables
included in the study: mean temperature (Tmean), relative humidity at 2 m (RH2M), vapour
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pressure deficit (VPD), growing degree days (GDD), and reference evapotranspiration
(ETo_PM). The matrix shows that Tmean and GDD are perfectly correlated (r = 1.00), as
both are directly derived from the same thermal variable. VPD emerges as the strongest
predictor of ETo PM (r = 0.83), reflecting the close dependence of evaporative demand on
the air’s capacity to hold water vapour. ETo PM also maintains moderate positive
correlations with Tmean and GDD (r = 0.63 in both cases), underscoring the role of thermal
energy in driving evaporation. Conversely, RH2M is inversely correlated with both VPD (r
=-0.54) and ETo PM (r =—0.37), indicating that higher atmospheric humidity levels tend to
reduce water loss through evaporation. While this correlation structure validates the selection
of these variables for the artificial intelligence models, it also reveals redundancy among
predictors, particularly the perfect collinearity between Tmean and GDD. Such redundancy
could increase the risk of overfitting if not properly controlled; however, both variables were
retained to maintain methodological coherence with agroclimatic literature, where Tmean is
recognised as a primary driver of ETo and GDD contributes complementary information on
cumulative thermal thresholds relevant for crop development (Allen et al., 1998; Irmak et al.,
2013). This ensures that the models capture both instantaneous thermal dynamics and

accumulated heat effects, which are agronomically meaningful.
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Figure 7. Correlation matrix among key variables.
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Figure 8 summarises the relative importance of each predictor in the XGBoost model
using SHAP values, which quantify the individual impact of variables on the prediction of
reference evapotranspiration (ETo PM).

High
ALLSKY_SFC_SW_DWN o "'""'."“"""" ST
VPD
WS2M
T2M_MAX
ALLSKY_SFC_LW_DWN
T2M

T2M_MIN

Feature value

RH2M

T2MDEW

GDD

PRECTOTCORR

PS

Low

—20 -15 -10 -05 00 05 1.0 15
SHAP value (impact on model output)

Figure 8. SHAP summary plot for XGBoost feature importance.

The mean SHAP values indicate that downward shortwave solar radiation
(ALLSKY SFC SW_DWN) contributed the highest average impact (0.47), followed by
vapour pressure deficit (VPD, 0.32) and wind speed at 2 metres (WS2M, 0.21). In contrast,
growing degree days (GDD, 0.05), corrected precipitation (PRECTOTCORR, 0.03), and

atmospheric pressure (PS, 0.02) exhibited marginal contributions (Table 1).

Table 1. Mean SHAP values of predictors for ETo.

Predictor Mean SHAP value Rank
ALLSKY SFC SW_DWN 0.47 1
VPD 0.32 2
WS2M 0.21 3
GDD 0.05 4
PRECTOTCORR 0.03 5
PS 0.02 6
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Variables are presented in descending order of average influence, and the dispersion
of points illustrates the variability of impact across the observed value ranges.
Downward shortwave solar radiation is identified as the most influential factor in ETo
estimation, consistent with its dominant role in the surface energy balance. Vapour pressure
deficit and wind speed also show substantial contributions, reflecting their direct influence
on atmospheric evaporative demand. In contrast, GDD, corrected precipitation, and
atmospheric pressure exhibit marginal influence on model behaviour. These results align
with classical agrometeorological theory and confirm that XGBoost not only captures the
nonlinear relationships between predictors and ETo, but also structures its decisions in a
manner coherent with the physical foundations of the process. To enhance transparency and
reproducibility, Table 1 reports the exact mean SHAP values for each predictor.
Figure 9 shows the learning curve of the LSTM model, illustrating the evolution of the mean
squared error during training and validation across epochs. It can be observed that, after a
sharp drop in the first epoch (from =20 to =2 MSE in training and from =9 to =1 MSE in
validation), both curves stabilise at low values (~0.5 MSE) from epoch 5 onward, with no
signs of significant overfitting (training and validation losses remain very close). This
indicates that the chosen LSTM architecture is capable of converging rapidly and

generalising reasonably well, albeit with a higher error threshold compared to XGBoost.

LSTM Learning Curve

— Train Loss

20 A )
Validation Loss

15 A

10 ~

Mean Squared Error

Epoch

Figure 9. Learning curve for LSTM model.
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Nevertheless, it should be noted that only a simple single-layer architecture with basic
hyperparameter tuning was implemented, without exploring more complex variants such as
stacked or bidirectional LSTMs. This methodological choice aimed to prioritise
reproducibility and computational efficiency, in line with previous agricultural applications
of LSTM where relatively simple configurations have proven sufficient—for instance,
bidirectional LSTMs applied to soil moisture and electrical conductivity prediction in citrus
orchards (Gao et al., 2021) and hybrid PSO-LSTM models optimised for ETo forecasting in
irrigation scheduling (Jia et al., 2023). Figure 9 shows the learning curve of the LSTM model,

illustrating the evolution of the mean squar

Figure 10 displays the “Predicted vs. Actual” scatter plot for ETo predictions obtained
using XGBoost and LSTM against the reference ETo PM values (x-axis). The dashed 1:1

line represents perfect prediction.

Predicted vs Actual ETo

@ XGBoost 5
10 LSTM o

Predicted ETo

Actual ETo

Figure 10. Predicted vs Actual for XGBoost and LSTM.

It can be seen that the XGBoost points cluster very closely around the line, indicating
reduced errors and high precision, whereas the LSTM points exhibit greater dispersion
around the diagonal, revealing slightly higher bias and lower overall accuracy. The

correlation coefficients further support this visual impression: XGBoost achieved R? = 0.983,
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while LSTM reached R? = 0.942. These values have also been included directly in the graph
to provide a clearer quantitative comparison. This plot visually summarises the superiority
of XGBoost in its ability to faithfully replicate daily reference evapotranspiration.

Figure 11 shows the time series of actual reference evapotranspiration (blue line) versus the
predictions generated by XGBoost (orange line) and LSTM (green line) during the validation
period (July 2023—January 2025). It is evident that XGBoost accurately reproduces both the
peaks and sharp drops in ETo, aligning almost point-by-point with the actual curve, whereas
LSTM tends to smooth out fluctuations and exhibits a slight lag during extreme events (e.g.,
heatwaves or sudden drops). This behaviour reinforces the superiority of XGBoost in
capturing the full temporal dynamics of evaporative demand under real-world precision
irrigation conditions.
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Figure 11. Time series of actual vs XGBoost and LSTM predictions.

Figure 12 shows the distribution of residuals (prediction — actual value) for XGBoost
and LSTM, with their respective KDE curves superimposed.
The XGBoost residuals are more tightly clustered around zero, forming a narrow bell-shaped
curve, while the LSTM residuals display a flatter distribution with longer tails in both
directions.
This qualitative contrast is quantitatively confirmed by the normality diagnostics reported in
Table 2: both models deviate significantly from normality (Shapiro—Wilk and Jarque—Bera
tests, p < 0.001), yet XGBoost presents lower skewness (—0.43 vs. 0.13) and higher excess
kurtosis (2.87 vs. 1.64) compared to LSTM. These results indicate that XGBoost not only
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reduces mean prediction bias but also concentrates errors more symmetrically around zero,

leading to lower variance and more stable performance.

Residuals Distribution
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Figure 12. Residuals distribution for both models.

Table 2. Residual normality diagnostics for XGBoost and LSTM.

Model W (Shapiro-Wilk) p (SW) IB (Jarque-Bera) p (JB) Skewness (yi1) Excess Kurtosis

XGBoost 0.96 0.00 200.08 0.00 -0.43 2.87
LSTM 0.98 0.00 61.12 0.00 0.13 1.64

Figure 13 presents the monthly distribution of XGBoost residuals (prediction — actual value)
throughout the year. In each month, the median error lies very close to zero, indicating the
absence of systematic bias, and the interquartile ranges (IQR) are relatively narrow, reflecting

high consistency in predictions.

XGBoost: Monthly Error Distribution
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Figure 13. Monthly error boxplot for XGBoost.
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However, in March (month 3) and October (month 10), the IQR is slightly wider and

more extreme outliers are present, which coincides with transitional periods between dry and
wet seasons. These months are typically characterised by abrupt changes in temperature,
relative humidity, and solar radiation, which increase atmospheric evaporative demand
variability. From an agronomic perspective, this heightened uncertainty may lead to either
under- or overestimation of irrigation needs at the onset of spring sowings and during late-
season crop maturation. In contrast, during the peak summer months (June to August),
residual spread decreases, indicating more precise fitting under stable climatic conditions,
which favours accurate water allocation during periods of maximum crop demand. This
analysis confirms the seasonal robustness of XGBoost, while highlighting that transitional
months may still require cautious interpretation when translating predictions into irrigation
schedules.
Figure 14 shows the monthly distribution of residuals from the LSTM model. Unlike
XGBoost, the median error of LSTM exhibits slight shifts in several months (e.g., positive
in February—March and negative in September—October), indicating a more pronounced
seasonal bias. Additionally, the interquartile range is much wider across all months, and
outliers reach magnitudes of up to +3 mm day .
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Figure 14. Monthly error boxplot for LSTM.

This behaviour reflects the network’s reduced stability under conditions of climatic
transition, particularly during April-May and August—October, when rapid fluctuations in
humidity and solar radiation strongly alter evapotranspiration dynamics. In practical terms,

such bias and variability translate into significant risks for irrigation planning: overestimation
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in early spring could lead to unnecessary water use during critical establishment stages, while
underestimation in autumn could limit water availability during grain filling or fruit
maturation. Overall, Figure 14 confirms that although LSTM can approximate the general
trend of ETo, its seasonal accuracy and reliability are considerably lower than those of
XGBoost, especially in months where precise irrigation management is crucial.

Figure 15 shows the temporal evolution of residuals generated by the XGBoost and LSTM
models during the validation period (July 2023 to January 2025).

Residuals vs Time
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Figure 15. Residuals over time for both models.

The dashed line at zero represents the point of perfect prediction. It can be observed
that XGBoost maintains a tightly bounded distribution of errors around zero, with
fluctuations typically below +0.5 mm day!, indicating high temporal stability and
consistency—even during extreme weather events. In contrast, LSTM exhibits greater
residual dispersion, with wider oscillations and peaks exceeding +£2 mm day ', particularly
during periods of high atmospheric variability. This difference suggests that XGBoost is
more effective at capturing short-term evaporative dynamics, whereas LSTM tends to
dampen abrupt variations, compromising accuracy under transitional scenarios. For clarity,
Table 3 presents the monthly aggregation of errors, showing that XGBoost sustains low and
stable MAE (0.10-0.20 mm day ') and minimal bias across the year, while LSTM exhibits
consistently higher MAE (=0.5-0.9 mm day ') and negative biases, especially in September—
November. These systematic deviations highlight the operational advantage of XGBoost for
precision irrigation, since monthly underestimations in LSTM could translate into water

stress during critical growing stages.
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Table 3. Monthly MAE and Bias of XGBoost and LSTM.
Year-Month N XGB MAE XGB Bias XGB N LSTM  MAE LSTM  Bias LSTM

2023-07 30 0.11 -0.05 30 0.53 -0.35
2023-08 31 0.14 0.01 31 0.89 -0.28
2023-09 30 0.17 0.01 30 0.66 -0.53
2023-10 31 0.20 0.13 31 0.88 -0.41
2023-11 30 0.13 0.11 30 0.55 -0.07
2023-12 31 0.15 0.13 31 0.39 -0.04
2024-01 31 0.12 0.07 31 0.54 -0.20
2024-02 29 0.16 -0.07 29 0.55 -0.05
2024-03 31 0.21 -0.08 31 0.53 -0.08
2024-04 30 0.18 -0.01 30 0.55 -0.23
2024-05 31 0.12 -0.07 31 0.52 -0.24
2024-06 30 0.17 -0.11 30 0.55 -0.35
2024-07 31 0.11 -0.02 31 0.67 -0.40
2024-08 31 0.11 -0.01 31 0.59 -0.19
2024-09 30 0.14 0.06 30 0.87 -0.64
2024-10 31 0.15 -0.04 31 0.72 -0.63
2024-11 30 0.14 0.10 30 0.73 -0.55
2024-12 31 0.11 0.08 31 0.35 -0.09

Table 4 summarises the global performance metrics of the two evaluated models against the
reference ETo values obtained using the Penman—Monteith method. XGBoost achieves a
MAE of 0.145mmday' and an RMSE of 0.196mmday’, with a coefficient of
determination R? of 0.983, MAPE of 3.2%, NSE of 0.983, and a Willmott index d of 0.996.
In contrast, the LSTM model shows a much higher MAE (0.555 mm day'), RMSE of
0.729 mmday !, and R? of 0.759, along with a MAPE of 12.1%, NSE of 0.759, and
Willmott d of 0.927. These results demonstrate that XGBoost not only significantly reduces
both mean and squared error, but also improves the proportion of explained variance and
prediction consistency, establishing itself as the most accurate and robust option for

estimating ETo in precision irrigation applications.
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Table 4. Summary of global metrics.

Model MAE RMSE R? MAPE (%) NSE Willmott d
XGBoost 0.1449 0.1956 0.9826 3.1800 0.9826 0.9955
LSTM 0.5554 0.7286 0.7586 12.0500 0.7586 0.9269

Table 5 breaks down the performance of each model across the two defined climatic
seasons: dry (November—April) and wet (May—October). During the dry season, XGBoost
achieves a MAE of 0.149 mm day ', an RMSE of 0.189 mm day!, and a MAPE of 3.87%,
whereas LSTM records a MAE of 0.488 mm day', an RMSE of 0.617 mmday’, and a
MAPE of 12.86%. In the wet season, XGBoost maintains stable performance with
MAE =0.141 mm day!, RMSE=0.200mmday', and MAPE=2.63%, while LSTM
performs slightly worse with MAE=0.609 mmday', RMSE=0.806 mmday', and
MAPE = 11.40%. These results confirm that XGBoost not only outperforms LSTM in overall
accuracy, but is also more robust to seasonal variation, maintaining low absolute and relative

errors under both dry and more humid conditions.

Table 5. Seasonal metrics by model and season.

Model Season MAE RMSE MAPE (%)
XGBoost 0.1449 0.1956 0.9826 3.1800
LSTM 0.5554 0.7286 0.7586 12.0500

Critical Synthesis of Results

Overall, the results obtained support the conclusion that the XGBoost model
consistently outperforms the LSTM neural network in estimating reference
evapotranspiration (ETo) under semi-arid climatic conditions. This superiority is evident in
global error metrics, the ability to capture extreme events, seasonal robustness, and lower
residual variance. In agreement with previous reports that highlighted the robustness of tree-
based models for agroclimatic prediction (Ge et al., 2022; Roy et al., 2022), the present
findings confirm that gradient boosting can achieve accuracies comparable to, or higher than,
more computationally intensive deep learning architectures. Additionally, normality tests
applied to the residuals (Shapiro—Wilk and Kolmogorov—Smirnov) demonstrated that

XGBoost errors conform more closely to Gaussian assumptions than those of LSTM,
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reinforcing the statistical soundness of the model. The SHAP analysis further reveals that the
tree-based architecture not only captures nonlinear relationships efficiently, but also does so
in a manner consistent with the expected physical hierarchy among predictors, particularly
shortwave solar radiation and vapour pressure deficit, as reported in classical agro-
meteorological literature (Allen et al., 1998; Djaman & Irmak, 2013). From an agronomic
perspective, the higher day-to-day precision of XGBoost implies more reliable irrigation
scheduling, translating into reduced risks of under- or over-irrigation, with potential water
savings of up to 10-15% in semi-arid cropping systems when compared to conventional
scheduling methods (Moratiel et al., 2020). While the performance of LSTM is acceptable in
capturing the general trend, its poor sensitivity to abrupt fluctuations—Ilikely due to its
inherent tendency to smooth the input—Iimits its direct applicability in operational contexts
where high-frequency precision is required.
Operational Applicability and Technological Potential

The accuracy achieved by the XGBoost model, with average absolute errors below
0.15 mm day’, positions it as a viable tool for integration into real-time irrigation decision
support systems, particularly in regions where access to high-resolution meteorological
stations is limited. This predictive capability, derived from open-access satellite data and
achieved with low computational cost, represents a significant step toward the deployment
of precision agriculture solutions in semi-arid environments, where water use efficiency is
critical (Basagaoglu et al., 2022; Jagtap et al., 2022). Moreover, the ability to physically
interpret model outputs through explainable techniques such as SHAP further enhances its
acceptance among technicians and producers, facilitating its adoption within intelligent
agronomic management frameworks.
Study Limitations

Despite the methodological robustness of this work, several limitations must be
acknowledged. First, the training and validation of the models were conducted on a single
irrigated plot with agroclimatic conditions specific to northwestern Mexico. This implies that
generalising the results to other regions requires caution and additional validation efforts.
Furthermore, although the reference evapotranspiration used as the target variable (ETo PM)
was estimated via the Penman—Monteith equation using data from the NASA POWER

system—and has been validated in previous studies (Rodrigues & Braga, 2021)—no direct
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lysimetric measurements were available, which may introduce systematic errors that are
difficult to quantify. Finally, the LSTM architecture employed was deliberately simple,
leaving open the possibility that deeper configurations or models incorporating attention
mechanisms could yield substantial improvements under certain conditions.
Projections and Future Research Directions

Future work could extend this approach through cross-validation across different
agroecological regions of the country, particularly in areas with altitudinal variability or
perennial crops with high water demand. It would also be valuable to explore the performance
of hybrid architectures that combine the sequential learning capacity of LSTM or GRU
networks with attention mechanisms or convolutional encoders, as recently proposed in
studies involving agroclimatic variables (Li et al., 2024). Additionally, the implementation
of federated learning techniques across agricultural plots could facilitate the development of
more robust models while preserving data privacy (Zalik & Zalik, 2023). Finally, a promising
direction lies in integrating the XGBoost model into local Internet of Things (IoT) platforms,

enabling autonomous predictions directly from distributed sensor nodes.

Conclusions

This study demonstrates, with statistical and methodological rigor, that XGBoost
consistently outperforms LSTM in the daily estimation of reference evapotranspiration (ETo)
under semi-arid conditions in northwestern Mexico. The superiority of XGBoost is evidenced
by its markedly lower errors (MAE = 0.145 mm day'; R* = 0.983), symmetrical residuals
even during extreme events, and robust seasonal stability. In contrast, the LSTM network
exhibited systematic biases and reduced adaptability during transitional climatic periods.
Compared with the FAO Penman—Monteith method, XGBoost emerges as a reliable and
computationally efficient alternative in contexts where ground-based meteorological records
are scarce. Beyond predictive accuracy, the integration of SHAP analysis ensured physical
interpretability by ranking downward shortwave radiation, vapor pressure deficit, and wind
speed as the dominant drivers of ETo, in full agreement with agro-meteorological theory.
The contribution of this work lies in being one of the first systematic evaluations of
interpretable artificial intelligence for evapotranspiration in Latin America, applied to a

multi-year dataset of satellite-derived meteorological variables. These results extend the
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current evidence base and highlight the potential of transparent AI models to support
irrigation scheduling and water management in data-limited regions.

From a practical standpoint, the demonstrated precision of XGBoost enables its operational
deployment in IoT-based irrigation platforms, supporting water savings of 10-15%
compared with conventional scheduling. The generalizability of these findings makes them
relevant for semi-arid regions worldwide facing increasing water scarcity. Future research
should expand this framework through multi-site validation, field-based calibration, and the
exploration of hybrid or federated learning schemes, ultimately consolidating the role of

artificial intelligence in sustainable agriculture under climate change scenarios.
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