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Abstract
Access to reliable hydroclimatic data, including precipitation, temperature, evapotranspiration, and runo� is crucial for
e�ective water resource management, especially in water-stressed regions like Morocco. However, the scarcity of
meteorological stations makes data collection di�cult. Satellite products o�er a promising alternative to these stations for
monitoring and forecasting hydroclimatic trends. This study focuses on the Meknes Plateau and the Middle Atlas Causse to
assess the reliability of TerraClimate data and explore their optimization using the XGBoost Machine Learning algorithm.
Comparative evaluation between measured data and raw TerraClimate data reveals a satisfactory correlation, though data
accuracy imperfections persist. Applying the XGBoost algorithm signi�cantly improves the raw TerraClimate data,
reducing the average Mean Absolute Error (MAE) across all parameters from 3.08 to 0.29, and the average Root Mean
Square Error (RMSE) from 4.84 to 0.46, and increasing the average Nash-Sutcli�e E�ciency (NSE) from 0.82 to 0.99.
These improvements validate this approach in enhancing hydroclimatic data quality in the studied region. In conclusion,
this study highlights the potential of satellite products, especially TerraClimate, combined with optimization techniques,
for example, the XGBoost algorithm, to address hydroclimatic data shortages in water-stressed regions. The results
constitute a robust foundation for future initiatives aimed at improving water resource management and resilience to water
challenges in Morocco.
Key words: hydroclimatic data, Middle Atlas Causse, Meknes plateau, TerraClimate, XGBoost, water resource management

1 Introduction

Since the late 20th century, Morocco has been experiencing
a water crisis, a�ected by climate change, which has mani-
fested itself as constant temperature increases and decreased
precipitation (Cherif et al., 2023), which has placed Morocco
under water stress (World Bank Group, 2022a), thus threat-
ening both food and economic security (World Bank Group,
2022b). Despite substantial investments in hydraulic infras-
tructure, many regions still su�er direct consequences of wa-

ter de�cits, with droughts becoming more frequent and severe
(Cherif et al., 2023). In this concerning context, it has become
imperative for Morocco to adopt e�ective adaptation measures
to ensure a sustainable water management.
Hydroclimatic parameters such as precipitation, tempera-

ture, evapotranspiration, and runo� play a crucial role in water
resource planning and management (Chowdhury et al., 2016).
However, despite the existence of a long-established meteoro-
logical network, Morocco faces challenges in terms of spatial
data coverage, especially in mountainous areas like the Mid-
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dle Atlas and the Meknes Plateau (Hanchane et al., 2023). This
data gap hampers water-related risk monitoring and compli-
cates climate trend analysis, thus necessitating the adoption
of alternative solutions. It is in this context that the use of
satellite data emerges as an intriguing solution.
Recent advances in remote sensing for hydroclimatic data in Mo-
rocco
Recent studies have demonstrated the potential of satellite-
based hydroclimatic data to address data scarcity in regions
with sparse meteorological networks. For instance, Hanchane
et al. (2023) evaluated the performance of TerraClimate rain-
fall data in the Fes-Meknes region of Morocco, highlighting
its ability to capture spatial and temporal variability despite
some biases. Similarly, Rachdane et al. (2023) assessed the ac-
curacy of GPM-IMERG precipitation data in a semi-arid basin
in Morocco, �nding that bias correction signi�cantly improved
the data’s reliability. These studies underscore the importance
of preprocessing satellite data to enhance their accuracy before
application in hydrological modeling.
Preprocessing methods for satellite data
Preprocessing satellite data is a critical step in ensuring their
reliability for hydroclimatic studies. Common preprocessing
steps include: bias correction, gap �lling, and spatial in-
terpolation. For example, Karmouda et al. (2022) applied
geo-statistical methods to correct biases in Tropical Rain-
fall Measuring Mission (TRMM) precipitation data over the
Ouergha basin in northern Morocco, achieving signi�cant im-
provements in data accuracy. Similarly, Ouatiki et al. (2021)
used machine learning techniques to preprocess PERSIANN-
CDR data, demonstrating their e�ectiveness in reducing errors
and improving the correlation with ground-based observations.
These preprocessing methods are essential for ensuring that
satellite data can be used as a reliable alternative to ground-
based measurements, especially in data-scarce regions.
The role of machine learning in enhancing satellite data
Machine learning algorithms, particularly XGBoost, have
gained popularity in recent years owing to their ability to pro-
cess complex datasets and improve the accuracy of satellite-
derived hydroclimatic data. For instance, Niazkar et al. (2024)
reviewed the applications of XGBoost in water resources engi-
neering, demonstrating its e�ectiveness in optimizing hydro-
logical models and enhancing the accuracy of satellite data. In
Morocco, the use of machine learning for preprocessing satel-
lite data remains underexplored, presenting a signi�cant op-
portunity for advancing hydroclimatic research in the region.
Objectives of the study
This study aims to address the gap in the literature by: (1)
evaluating the accuracy of raw TerraClimate data compared to
ground-based observations in the Meknes Plateau and Middle
Atlas Causse, (2) improving the quality of TerraClimate data
through the application of the XGBoost machine learning algo-
rithm, and (3) analyzing hydroclimatic trends in the studied
region. We aim to contribute to the growing body of research
of the use of satellite data and machine learning for water re-
source management in data-scarce regions.
Table 1 summarizes all the literature cited.

2 Methodology and materials

2.1 Study area

The study area encompasses the Middle Atlas Causse and the
Meknes Plateau, two neighboring regions located between the

Figure 1. Geographical location of the study area

Southern Rif rift and the Middle Atlas range (Figure 1) – ar-
eas characterized by distinct geological and hydrological fea-
tures that a�ect their hydroclimatic behavior. The Middle At-
las Causse is a karstic limestone plateau with high permeabil-
ity, while the Meknes Plateau consists of lacustrine formations
with lower permeability (Bentayeb and Leclerc, 1977; Daguin,
1927; Amraoui, 2005).
The region experiences a sub-humid mountainous climate

with Mediterranean in�uences, as classi�ed by Köppen (Kop-
pen, 1936). Average annual precipitation ranges from 300 to
600 mm, with higher amounts in the mountainous areas of the
Middle Atlas Causse, where snowfall is frequent in winter, and
average annual temperatures vary between 12 and 16◦C, with
hot, dry summers and mild, humid winters.
The studied area is part of the Sebou watershed (Sebou Hy-

draulic Basin Agency, 2024), which is the largest one in Mo-
rocco in terms of area and �ow. The Middle Atlas Causse is
drained by several wadis that feed either the Sebou River to the
north or the Oum Er-Rbia Basin to the south. The Meknes
Plateau is primarily drained by tributaries of the Beht wadi,
which �ows into the El Kansera reservoir. These hydrologi-
cal features, combined with the region’s karstic and lacustrine
aquifers, contribute to its signi�cant water potential, which is
used for irrigation, generating hydroelectricity, and as a drink-
ing water supply (Faraj et al., 1966; Eddif et al., 2018; Amraoui,
2005).

2.2 Data collection

The data used consist of hydroclimatic variables spanning a
su�ciently long period to capture hydroclimatic variations and
trends accurately. The precipitation, temperature, evapotran-
spiration, and runo� data were collected and computed for the
period between 1971 and 2001 (Tabyaoui, 2005). The choice of
this period is based on its quality and the need to reserve the
remaining data for subsequent analyses, particularly, for fore-
cast applications within the scope of this research.
These data were sourced at eight meteorological stations in

the study region: Aguelmam Sidi Ali, Azrou, Azzaba, Chelihet,
Dar El Arsa, El Hajeb, Ifrane, and Meknes, which were chosen
because they o�er all themeasurements for the entire study pe-
riod. Table 2 summarizes the eight stations used in this study.
The precipitation and temperature data were retrieved from

two providers: the Sebou Hydraulic Basin Agency (ABHS) and
the Provincial Directorate of Agriculture (DPA) of Meknes. The
evapotranspiration and runo� were deduced from the precipi-
tation and temperature values in addition to other coe�cients
such as the crop coe�cient (Kc).
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Table 1. Summary of recent studies on satellite data evaluation and preprocessing methods in Morocco and similar regions
Study Satellite Product Region Preprocessing Methods Key Findings

Hanchane et al. (2023) TerraClimate Fes-Meknes, Morocco Bias correction, spatial
interpolation

TerraClimate data
showed good spatial
and temporal variability
after correction.

Rachdane et al. (2023) GPM-IMERG Semi-arid basin, Mo-
rocco

Bias correction, ma-
chine learning

GPM-IMERG data im-
proved signi�cantly af-
ter bias correction.

Karmouda et al. (2022) TRMM Ouergha basin, Morocco Geo-statistical methods TRMM data accuracy
improved with geo-
statistical preprocess-
ing.

Ouatiki et al. (2021) PERSIANN-CDR Semi-arid watershed,
Morocco

Machine learning (SVM,
Random Forest)

PERSIANN-CDR data
showed high correlation
with ground observa-
tions after ML.

Niazkar et al. (2024) Various Global (review) XGBoost, other ML algo-
rithms

XGBoost is highly e�ec-
tive for optimizing satel-
lite data in hydrological
models.

Table 2. The eight stations used in this study
Station Longitude (WGS84) Latitude (WGS84) Altitude

(m)
Basin

Aguelmam Sidi Ali 5◦ 8’ 24” W 33◦ 4’ 48.72” N 1800 Sebou
Azrou 4◦ 38’ 44.52” W 33◦ 16’ 12” N 1250 Sebou
Azzaba 5◦ 19’ 0.12” W 33◦ 49’ 56.28” N 480 Sebou
Chelihet 4◦ 55’ 42.6” W 33◦ 48’ 40.32” N 720 Sebou
Dar El Arsa 5◦ 13’ 12” W 34◦ 11’ 44.16” N 140 Sebou
El Hajeb 5◦ 7’ 56.64” W 33◦ 25’ 12” N 1050 Sebou
Ifrane 5◦ 31’ 48” W 33◦ 30’ 22.68” N 1650 Sebou
Meknes 5◦ 52’ 48” W 33◦ 52’ 48” N 575 Sebou

Meanwhile, the satellite data pertaining to the same
parametres and for the same study period and region were ex-
tracted from the TerraClimate dataset (Abatzoglou et al., 2018),
which is uses monthly temporal resolution and spatial reso-
lution of approximately 4 km (1/24th degree) and covers the
period 1958–2020. Table 3 summarizes the characteristics of
the TerraClimate dataset.

2.3 Data preparation

During the data preparation phase, assessing the quality of
the precipitation and temperature data is crucial, especially
for calculating evapotranspiration and runo�. The objective
of this phase was to obtain a comprehensive assessment of the
hydroclimatic parameters compared to TerraClimate satellite-
acquired data in the region of the Meknes Plateau and the Mid-
dle Atlas Causse.
To address the challenge of spatial matching between grid-

ded satellite data and point-based station data, we used a spa-
tial interpolation technique to align the TerraClimate gridded
data with the locations of the meteorological stations. Specif-
ically, we employed the Inverse Distance Weighting (IDW)
method, which is widely used (Shepard, 1968). This ensured
that the satellite data accurately represented the conditions
at the station locations. The interpolation method was vali-
dated against station data to ensure accuracy, and the results
showed a high degree of correlation (R2 > 0.9). This approach
is consistent with best practices in remote sensing and hydro-
climatic data analysis, where spatial interpolation is often used
to bridge the gap between gridded and point data (Li et al.,
2015).

Numerous satellite-based hydroclimatic data sources are
available, such as, among others: GPM, TRMM, PERSIANN,
ERA5, and MODIS. This study relies on TerraClimate data due
to their high quality and careful preprocessing, ensuring their
reliability. Additionally, the �ne spatial resolution of these data
(4km × 4km) and their monthly temporal resolution make
them particularly suitable for hydroclimatic studies. These
data provide a valuable source for the four essential parame-
ters under analysis: precipitation, temperature, evapotranspi-
ration (both actual and potential), and runo�. The use of Ter-
raClimate satellite data allows for a robust scienti�c approach,
providing a reliable basis for an in-depth analysis of hydrocli-
matic interactions, while contributing to a deeper understand-
ing of environmental dynamics at the studied scale. Table 4
summarizes the characteristics of each parameter.

2.4 Data repair

Filling data gaps
In hydroclimatic studies, it is common for datasets to have
gaps that a�ect the quality of the results (Aieb et al., 2019).
Since any statistical studymust rely on a reliable and controlled
dataset, checking the selected series is a preliminary step to
any analysis (Castellani, 1986).
In this study gaps have been identi�ed in the time series of

precipitation and temperature, which may be due to technical
errors or data corruption (Beaulieu et al., 2007).
Lack of data must be compensated for using one of the

following speci�c methods: (1) duplicating the rainfall value
from a neighboring station to �ll the gap, (2) analyzing the
annual trend of observed precipitation at the regional scale
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Table 3. Characteristics of the TerraClimate dataset
Feature Description

Type Dataset of monthly climate and cli-
matic water balance

Temporal Coverage 1958-2024
Spatial Coverage Global terrestrial surfaces
Spatial Resolution ~4 km (1/24th degree grid)
Source Data Combined from WorldClim (spatial

climatology) and CRU TS4.0 (time-
varying data)

Interpolation Method Climatically aided interpolation
Variables Precipitation, maximum and mini-

mum temperature, wind speed, va-
por pressure, solar radiation, refer-
ence evapotranspiration, vapor pres-
sure de�cit, PDSI (Palmer Drought
Severity Index), Runo�

Indices Standardized Precipitation- Evapo-
transpiration Index (SPEI), Palmer
Drought Severity Index (PDSI), and
more (depending on user-de�ned
parameters)

Format NetCDF �les
Access Freely available for download
Applications Ecological and hydrological studies,

climate change analysis, crop model-
ing, resource management, drought
monitoring

Resources https://www.climatologylab.org/
terraclimate.html
https://developers.google.com/
earth-engine/datasets/catalog/
IDAHO_EPSCOR_TERRACLIMATE

to estimate the missing precipitation (Abdullah and Al-Ansari,
2022), (3) applying the IDWA (Inverse Distance Weighted Aver-
aging)method (based on linear regression) to calculate missing
precipitation (Brandsma and Buishand, 1998), or (4) replacing
missing rainfall with the average rainfall (Li et al., 2015).
Method (4) was chosen for this study for the following rea-

sons:
• Simplicity and reliability: The average rainfall method is easy
to implement, as it provides a reliable estimate when data
from neighboring stations are not available, or when re-
gional trends are inconsistent.

• Consistency: Using the average rainfall ensures that the �lled
data are consistent with the overall climatological patterns
of the study area, minimizing the risk of introducing biases.

• Applicability: This method is particularly suitable for the
studied region, where precipitation patterns are relatively
stable over time, and the interannual variability is well cap-
tured by the average values.
The gaps were �lled using the following formula:

M = 1n
∑
Xi, (1)

where: Xi – monthly values, n – number of months, M – inter-
annual monthly averages.
Gaps were primarily found in the precipitation and tempera-

ture time series, particularly for the months of: January, Febru-
ary, and December, where data were missing or incomplete due
to technical issues at some meteorological stations. These gaps
were �lled using the average monthly values calculated from
the available data for the same months across the study period
(1971–2001).

Homogenization testing
Homogenization is a critical step in ensuring the consistency
and reliability of hydroclimatic data, as it detects and corrects
non-natural inhomogeneities resulting from modi�cations in
observation networks. It involves comparing data from one
station with those from neighboring stations to ensure that cli-
mate changes are not interpreted as inhomogeneities (Beaulieu
et al., 2007).
Various homogenization techniques have been developed to

take into account several in�uencing factors, including the spe-
ci�c variable being homogenized, the spatial and temporal vari-
ability of the data (which depends on the location of stations),
the length of the time series, the amount of missing data, the
availability of metadata, and the density of the observation net-
work (Aguilar et al., 2003; Beaulieu et al., 2007).
In this study, we conducted homogenization. The double

mass analysis (Kohler, 1949) was used to evaluate the homo-
geneity of data series. This method involves simple linear re-
gression on cumulative precipitation values from one station
compared to those from another station, followed by plotting
the regression line. The homogeneity of the series from the
studied station is determined by the random dispersion of val-
ues around this line. However, a change in slope in the re-
gression line indicates a change in one or both of the stations,
suggesting a possible inhomogeneity. To assess temperature
homogeneity, the rxy correlation estimator between two ran-dom variables was applied, allowing for the detection of any
inconsistencies in temperature series (Aguilar et al., 2005):

rxy = sxy√
s2x · s2y

, (2)

with:

s2x – estimator of the variance of the random variable x,
s2y – estimator of the variance of the random variable y,
sxy – estimator of the covariance of random variables x and y:

sxy = 1n
n∑
i=1
(
xi – x) (yi – y) . (3)

The results indicate that most of the precipitation and tem-
perature series are homogeneous (see Figure 2 and 3). The dou-
ble mass analysis performed on precipitation data revealed a
stable linear relationship between the analyzed stations, sug-
gesting no signi�cant breakpoints or arti�cial shifts in the data.
Similarly, the interstation correlation for temperature yielded
coe�cients above 0.9, con�rming the consistency of the ther-
mal records. The impact of homogenization is evident in the
improved predictive performance of the XGBoost algorithm.
Analysis of spatial variability
To account for the spatial variability of the data, a detailed
analysis of their spatial distribution was conducted. For each
month and each parameter, the di�erences in values between
individual weather stations and the TerraClimate data were ex-
amined using spatial analysis techniques (Kessabi et al., 2023),
such as: anomaly mapping and geographic variability analysis
(Amiri and Mesgari, 2017). This allowed for the assessment
of the consistency of TerraClimate data with ground measure-
ments on a spatial basis and determined to what extent the
monthly averages accurately represented the spatial variability
of the weather conditions in the studied area.

https://www.climatologylab.org/terraclimate.html
https://www.climatologylab.org/terraclimate.html
https://developers.google.com/earth-engine/datasets/catalog/IDAHO_EPSCOR_TERRACLIMATE
https://developers.google.com/earth-engine/datasets/catalog/IDAHO_EPSCOR_TERRACLIMATE
https://developers.google.com/earth-engine/datasets/catalog/IDAHO_EPSCOR_TERRACLIMATE
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Table 4. Characteristics of hydroclimatic factors provided by TerraClimate
Variable Spatial

resolution
Temporal
resolution

Source

Precipitation 1/24◦ (~4 km) Monthly CRU TS 3.22, interpolated
Temperature 1/24◦ (~4 km) Monthly CRU TS 3.22, interpolated
Potential Evapotranspiration 1/24◦ (~4 km) Monthly Penman-Monteith, using CRU TS 3.22

as inputs
Actual Evapotranspiration 1/24◦ (~4 km) Monthly VIC, forced with TerraClimate precipita-

tion and temperature data
Runo� 1/24◦ (~4 km) Monthly VIC, forced with TerraClimate precipita-

tion and temperature data

(a) Double accumulation between Aguelmame and El Hajeb (b) Double accumulation between Azrou and Azzaba

(c) Double accumulation between Ifrane and Dar El Arsa (d) Double accumulation between Chelihet and Meknes
Figure 2. Precipitation homogenization test

(a) Correlation between Aguelmame and El Hajeb (b) Correlation between Azrou and Azzaba

(c) Correlation between Ifrane and Dar El Arsa (d) Correlation between Chelihet and Meknes
Figure 3. Temperature homogenization test
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2.5 Estimation of evapotranspiration and runo�

Data on evapotranspiration and runo� are not included in the
initial dataset due to di�culties in accessing measured data.
However, it is possible to estimate these values from known
variables using equations such as Thornthwaite (1948) for po-
tential evapotranspiration, Allen et al. (1998) for actual evapo-
transpiration, and the modi�ed Tixeron-Berkalo� equation by
Romantchouk for runo�.
Estimation of evapotranspiration
Evapotranspiration, the sum of evaporation and transpiration
processes, is a fundamental variable in understanding land sur-
face management (Vörösmarty et al., 1998). Evaporation is de-
�ned as the direct transfer of water to the atmosphere from
various sources, including soil and bodies of water. In parallel,
transpiration represents the movement of water from the root
system through a plant, followed by its release into the air as
water vapor. Two main components characterize evapotranspi-
ration: potential evapotranspiration (pET), which represents
the amount of water that would be evaporated and transpired
by a crop, soil, or ecosystem given adequate water availability;
and actual evapotranspiration (aET), which corresponds to the
amount of water actually evaporated and transpired under real
conditions (Allen et al., 1998).
Due to the complexity and time required to directly measure

atmospheric vapor �ux, evapotranspiration is generally esti-
mated using various alternative methods that do not require
direct measurements (Alexandris, 2013).
In this study, potential evapotranspiration was assessed us-

ing the Thornthwaite’s (1948) equation. This approach allows
for the calculation of monthly and annual water balance at a
station level, based on monthly precipitation values and aver-
age monthly temperatures. It is noteworthy that the calcula-
tion of monthly potential evapotranspiration is conditioned by
an average monthly temperature not exceeding 38◦C, a favor-
able condition in the study area (Bonnet, 1970):

pET = 16
( 10t
I

)a
· K, (4)

where:
pET : Corrected monthly potential evapotranspiration [mm],
t : Average monthly temperature [◦C],
I : Annual thermal index: sum of monthly indices calculated

from mean monthly temperatures according to the for-
mula:
i = ( t5)1.514 where t is the mean monthly temperature in
◦C; the annual thermal index I is: I =∑12

i=1 i,
a : Coe�cient calculated by the expression:

a = 6.75 · 10–7 · I3 – 7.71 · 10–5 · I2 + 1.79 · 10–2 · I + 0.49,
K : Latitude- and time-dependent correction coe�cient pre-

sented in the relevant table. The annual potential evapo-
transpiration value is the sum of the monthly values.

Estimating actual evapotranspiration presents challenges,
particularly due to its dependence on the water stock at the
given moment., Allen’s FAO-56 model, simple and operational,
since it relates the plant’s phenological data to the measured
meteorological data (Mjejra et al., 2014; Er-Raki et al., 2007)
is commonly used to overcome this di�culty. It is based on
potential evapotranspiration along with the use of a crop coef-
�cient (Kc), aiming to adjust the potential evapotranspiration
to actual conditions.
The crop coe�cient describes particular types of crops at

particular stages of development. The coe�cient is frequently
used to estimate evapotranspiration (ET): as the crop reaches
later vegetative development stages, the crop coe�cient tends

to approach the value 1, and consequently, actual evapotran-
spiration (aET) is equivalent to potential evapotranspiration
(Herrera-Puebla et al., 2020):

aET = pET · Kc. (5)
Kc is one of the most challenging parameters to measure

in the �eld (Runtunuwu, 2007), hence the need for a reli-
able approach to its estimation. Several studies have used
multispectral vegetation indices to estimate Kc values. In a
study based on 957 stations across various regions, Runtunuwu
(2007) found a close correlation between Kc and the Normalized
Di�erence Vegetation Index (NDVI) and represented it by the
following equation:

Kc = 0.08 + 1.83 · NDVI (6)
Subsequently, this equation was integrated into the calculation
of aET.
The NDVI calculation was based on Sentinel-2A multispec-

tral images according to the equation:

NDVI = NIR – RNIR + R , (7)
where: NIR means Near-Infrared, which is the re�ectance in
the near-infrared region of the electromagnetic spectrum; R
stands for Red, which is the re�ectance in the red region of the
electromagnetic spectrum.
Estimation of runo�
Runo� is the �ow of water on the soil surface and is a signi�-
cant component of the hydrological cycle. It refers to the water
layer that could not in�ltrate or evaporate and is expressed by
the ratio of the runo� volume (m3) to the basin area (m2). It
is calculated using the Tixeron-Berkalo� formula as follows:

Ra = P3
3 · pET2 if P < 600 mm, (8)

Ra = P23 if P ≥ 600 mm, (9)
where:

Ra : Annual runo� [mm]
P : Annual precipitation [mm].

2.6 Evaluation and boosting of data

Following the adjustment of data a regression analysis was im-
plemented to compare the measured values with the TerraCli-
mate captured values to assess their reliability as alternatives
to the measured data.
For each hydroclimatic parameter studied, a quantitative

comparison of the time series was conducted using �ve sta-
tistical metrics: Pearson Correlation Coe�cient (PCC), Nash-
Sutcli�e E�ciency Coe�cient (NSE), Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Bias (BIAS) (Rachidi
et al., 2023; Ebert, 2007; Laurent et al., 1998; Lettenmaier and
Wood, 1993; Rachdane et al., 2022; Beck et al., 2017; Ghozat
et al., 2021; Saeedi et al., 2022). The respective equations and
optimal values for these metrics are summarized in Table 5.
To optimize the performance of TerraClimate data related to

the studied variables and to improve their suitability as alterna-
tives to measured data, various regression models are applied.
These models include Support Vector Machine (SVM) (Shrestha
and Shukla, 2015; Adnan et al., 2024; Ezzaouini et al., 2022),
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Table 5. Evaluation metrics
Indicator Description Equation Optimal

values

Pearson Correlation Coe�cient
(PCC)

Statistical measure that evaluates the strength and
direction of the linear relationship between two data
sets.

PCC =
∑n
i=1(Gi–G)(Si–S)√∑n

i=1(Gi–G)2
√∑n

i=1(Si–S)2
1

Bias Measure of the systematic tendency of the predic-
tion to deviate from reality. A positive bias indicates
a tendency to overestimate, while a negative bias in-
dicates a tendency to underestimate.

Bias =
∑n
i=1 Si∑n
i=1 Gi

0

Root Mean Square Error
(RMSE)

Measure of the average deviation between predicted
and observed values. RMSE is sensitive to outliers
and gives more weight to signi�cant errors.

RMSE =√ 1
n
∑n
i=1 (Si – Gi)2 0

Nash-Sutcli�e E�ciency Coef-
�cients (NSE)

Indicator of model e�ciency. A value of 1 indicates
perfect performance, 0 indicates performance equiv-
alent to a constant prediction, and negative values
indicate performance inferior to constant prediction.

NSE = 1 –
∑n
i=1(Si–Gi)2∑n
i=1(Gi–G)2 1

Mean Absolute Error (MAE) Measure of the average absolute deviation between
predicted and observed values. It is less sensitive
to outliers than RMSE, as it does not consider the
magnitude of errors.

MAE = 1
n
∑n
i=1 |Si – Gi| 0

Figure 4. XGBoost process diagram

Random Forest (Xu et al., 2019; Chen et al., 2020), Arti�cial
Neural Networks (ANN) (Tan et al., 2017; Kinouchi et al., 2021),
Convolutional Neural Networks (CNN) (Wang and Xuan, 2022),
Gradient Boosting Decision Trees (GBDT) (Ko�dou et al., 2023;
Han et al., 2018), and Extreme Gradient Boosting (XGBoost)
(Niazkar et al., 2024; Ali et al., 2022), among others.
In this study, the XGBoost model (Chen and Guestrin, 2016)

was used to optimize performance, ensuring fast and accurate
learning, and con�rming it as the machine learning model of
choice in the �eld of data science, particularly for hydroclimatic
simulations (Hao and Bai, 2023).
XGBoost is a set of machine learning algorithms based on

the structure of GBDT (Figure 4). XGBoost is used in regression
and classi�cation cases (Chen and Guestrin, 2016). It has been
widely applied in many �elds due to its high prediction accu-
racy and low computational costs (Fan et al., 2018; Yu et al.,
2020). XGBoost is de�ned by the following equation:

y = K∑
k=1
fk (x) , (10)

where fk is tree structure with K leaves and leaf weights.

Data splitting for training, validation and testing
The dataset was divided into training (70%) and testing (30%)
sets to ensure the model’s generalizability. This split ratio is
consistent with common practices in machine learning, where
a larger portion of the data is used for training to capture the
underlying patterns, while a smaller portion is reserved for
testing to evaluate the model’s performance on unseen data
(Hastie et al., 2009). The training set was used to train the
XGBoost model, while the testing set was used to evaluate its
performance on unseen data. This approach ensures that the
model’s e�ectiveness is not limited to the training period but
can also generalize to new data. Additionally, we performed
cross-validation during the training phase to further validate
the model’s robustness and avoid over�tting (Kohavi, 1995).
Model structure and hyperparameters
The XGBoost model was implemented with default hyperpa-
rameters, including a learning rate of 0.1, a maximum depth of
6, and 100 estimators. These parameters were chosen based
on their proven e�ectiveness in similar hydroclimatic stud-
ies (Chen and Guestrin, 2016). The learning rate controls the
step size at each iteration, while the maximum depth limits
the complexity of the trees to prevent over�tting. The num-
ber of estimators determines the number of boosting rounds,
which was set to 100 to balance model performance and com-
putational e�ciency. The input data structure consisted of
monthly hydroclimatic variables (precipitation, temperature,
evapotranspiration, and runo�), and the output was the opti-
mized values of these variables. This structure aligns with best
practices in machine learning for hydrological applications (Ni-
azkar et al., 2024).
Next, a trend analysis of the parameters over time was un-

dertaken to evaluate, by observation, the divergences and cor-
relations between the measured data and the raw TerraClimate
data initially, and between the measured data and those en-
hanced by the XGBoost model subsequently.
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3 Results and discussion

3.1 Comparison of measured data and raw Terracli-
mate data

The evaluation of raw TerraClimate satellite data involved their
comparison with weather station observations using the statis-
tical metrics de�ned in Table 5.
The analysis revealed signi�cant spatial variability in the

performance of TerraClimate data, driven by the geophysical
characteristics of the study area. The following sections pro-
vide a detailed exploration of these patterns and their underly-
ing causes.
Precipitation
The analysis of precipitation (Figure 5) revealed a satisfac-
tory correlation between TerraClimate data andweather station
observations, with coe�cients of determination (R2) ranging
from 0.26 to 0.94 (average of 0.81). The lowest R2 values were
observed in Azrou (0.26) and Ifrane (0.74), while the highest
R2 values – in Azzaba, Dar El Arsa, and Meknes (0.94, 0.94,
and 0.86 respectively).
The poor performance in Azrou and Ifrane can be attributed

to the complex topography of the Middle Atlas Mountains,
where orographic e�ects and localized microclimates create
signi�cant spatial variability in rainfall patterns. TerraCli-
mate’s coarse resolution (~4 km) struggled to capture these
�ne-scale variations, leading to underestimation and low cor-
relation. In contrast, the high R2 values in Azzaba, Dar El Arsa,
and Meknes re�ect the relatively homogeneous climatic condi-
tions in these lowland regions, where satellite data performed
more reliably.
The Pearson correlation con�rms a strong linear relation-

ship between TerraClimate data and weather station observa-
tions for most stations, with values ranging from 0.51 to 0.97
(average of 0.89). The stations Azrou and Ifrane featured the
lowest correlations (0.51 and 0.86), while Azzaba, Dar El Arsa,
and Meknes – the highest correlations (0.97, 0.97, and 0.93
respectively).
The bias reveals a tendency to underestimate precipitation

in most stations, except for Chelihet, Dar El Arsa, and Mek-
nes, which showed a slight tendency to overestimate. The av-
erage bias is -3.74 mm/month, with the largest biases in Azrou
and Ifrane (-19.90 mm/month and -17.2 8mm/month, respec-
tively) and the smallest bias in Meknes (-1.9 6mm/month).
The RMSE and MAE revealed moderate prediction er-

rors overall, with averages of 19.57 mm/month and 13.82
mm/month respectively. Azrou and Ifrane showed the
largest prediction errors (RMSE of 28.75 mm/month and
27.11 mm/month, and MAE of 22.76 mm/month and 20.7
2mm/month, respectively), while Aguelmame Sidi Ali andMek-
nes showed the smallest prediction errors (RMSE of 11.37
mm/month and 18.4 3mm/month, and MAE of 9.17 mm/month
and 12.93 mm/month, respectively).
The NSE denotes acceptable model performance for most

stations, with an average of 0.56. Azrou and Ifrane showed
the least favorable performances (NSE of -0.54 and 0.47, re-
spectively), while the data from the Aguelmame Sidi Ali and
Meknes stations demonstrated the best performances (NSE of
0.48 and 0.70, respectively).
Temperature
For temperature (Figure 6), the R2 was signi�cantly high, with
an average of 0.99 for all stations. The Pearson correlation
remained signi�cantly high for all stations, with an average of
0.99.
The bias was generally low, with an average of -0.02 ◦C. The

stations Azrou, Dar El Arsa, and Ifrane showed the smallest

biases (0.02 ◦C, -0.02 ◦C, and -0.09 ◦C, respectively), while
Chelihet featured the largest bias (0.01 ◦C).
The RMSE and MAE indicated very low prediction errors for

all stations, with averages of 0.64 ◦C and 0.27 ◦C, respectively.
Ifrane showed the smallest prediction errors (RMSE of 0.41 ◦C
and MAE of 0.16 ◦C), while Chelihet showed the largest predic-
tion errors (RMSE of 0.59 ◦C and MAE of 0.20 ◦C).
The NSE was remarkably high for all stations, with an aver-

age of 0.99, suggesting excellent model performance.
Evapotranspiration (aET and pET)
For actual evapotranspiration (Figure 7), the R2 values ranged
from 0.69 to 0.95, with the highest R2 (0.95) in Ifrane, and the
lowest (0.69) in Chelihet.
For potential evapotranspiration (Figure 8), the R2 values

indicated excellent data convergence, ranging from 0.88 to
0.98. Ifrane and Azrou showing the highest R2 values (0.98),
while Aguelmame Sidi Ali – the lowest R2 (0.88).
The Pearson correlation remained high for all stations re-

garding actual evapotranspiration, with Ifrane and Meknes
with the highest correlations (0.99), and Azrou – the lowest
correlation (0.84). Similarly, the Pearson correlation remained
high for potential evapotranspiration in almost all stations,
with an average of 0.99.
The bias revealed a tendency to underestimate actual evap-

otranspiration in all stations, with Ifrane showing the largest
bias (-0.43 mm/month) and Aguelmame Sidi Ali – the smallest
(-0.03 mm/month). For potential evapotranspiration, a nega-
tive bias was observed for all stations, with Ifrane and Azzaba
showing the largest biases (-0.13 mm/month), while Meknes
showed the smallest bias (-0.16 mm/month).
The RMSE and MAE values indicate moderate to signi�-

cant prediction errors for actual evapotranspiration, with the
largest prediction errors (RMSE of 4.18 mm/month and MAE of
1.37 mm/month) for Ifrane, while Meknes showed the smallest
prediction errors (RMSE of 2.72 mm/month and MAE of 0.76
mm/month). Similarly, for potential evapotranspiration, mod-
erate to signi�cant prediction errors were observed for all sta-
tions, the largest prediction errors (RMSE of 0.41 mm/month
and MAE of 0.06 mm/month) in Ifrane, while Chelihet and
Meknes showed the smallest prediction errors (RMSE of 0.32
mm/month and MAE of 0.25 mm/month).
Runo�
For runo� (Figure 9), the R2 values ranged from 0.69 to 0.95,
with Ifrane and El Hajeb showing the highest R2 values (0.95)
and Azrou and Chelihet – the lowest R2 values (0.69).
The Pearson correlation remained high for all stations, con-

�rming a strong linear relationship between measured data
and raw TerraClimate satellite data, with an average of 0.99.
The bias revealed a tendency to underestimate runo� in

most stations, except for Chelihet, which showed a positive
bias of 0.10 mm/month, indicating a slight overestimation.
The RMSE andMAE values indicatedmoderate to signi�cant

prediction errors for all stations, with Ifrane with the largest
prediction errors (RMSE of 0.11 mm/month and MAE of 0.03
mm/month), while El Hajeb and Meknes showed the smallest
prediction errors (RMSE of 0.24 mm/month and MAE of 0.14
mm/month).
The spatial patterns in the performance metrics can be

linked to the geophysical characteristics of the study area. Re-
gions with complex topography, such as Azrou and Ifrane, tend
to have lower R2 values and higher biases due to the challenges
in capturing orographic e�ects and microclimatic variations.
In contrast, regions with more homogeneous climatic condi-
tions, such as Azzaba and Meknes, show higher R2 values and
lower biases, indicating better performance of the TerraClimate
data.
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(a) Aguelmame Sidi Ali (b) Azrou (c) Azzaba (d) Chelihet

(e) Dar El Arsa (f) El Hajeb (g) Ifrane (h) Meknes
Figure 5. R2 before and after boosting for precipitation

(a) Aguelmame Sidi Ali (b) Azrou (c) Azzaba (d) Chelihet

(e) Dar El Arsa (f) El Hajeb (g) Ifrane (h) Meknes
Figure 6. R2 before and after boosting for temperatures

3.2 Comparison after boosting with the XGBoost
model between measured data and boosted Ter-
raClimate data

The results obtained after applying the boosting method
showed a remarkable performance of the XGBoost model in op-
timizing the values of the studied hydroclimatic variables. For
all variables, the coe�cient of determination (R2) after boost-
ing reached optimal values (between 0.99 and 1) for all sta-
tions, re�ecting a near-optimal agreement between the mea-
sured data and the model estimates.
The Pearson correlation after boosting also reached themax-

imum value of 1, con�rming a strong linear relationship be-
tween the observations and model estimates.
The evaluation of bias after boosting revealed the absence of

systematic underestimation or overestimation for all the stud-
ied hydroclimatic variables. Aguelmame Sidi Ali, Azrou, and El
Hajeb exhibited biases closest to the optimal (bias of 0), while
Azzaba and Ifrane displayed values furthest from the optimal.
Regarding accuracy measures such as RMSE and MAE, these

indicators remained very low for all stations, attesting to the
high precision of the estimates. The stations Aguelmame Sidi
Ali, Azzaba, and El Hajeb showed the lowest values, while the

stations Chelihet and Meknes showed the highest values, al-
though still at acceptable levels.
The NSE after boosting was near its optimal value of 1 for

all hydroclimatic parameters, indicating perfect model perfor-
mance in reproducing the temporal variability of these vari-
ables (Figure 10).

3.3 Monthly trends of hydroclimatic variables in the
study area

The results of this study highlight the role of the XGBoost algo-
rithm in optimizing TerraClimate data, preparing it for e�ec-
tive use in future predictions. This is supported by the overall
performance metrics (averaged across the eight meteorological
stations), which show signi�cant improvements: the MAE de-
creased from 3.08 to 1.47, the RMSE decreased from 4.84 to 2.3,
and the NSE increased from 0.82 to 0.99. These metrics con-
�rm the e�ectiveness of XGBoost in enhancing hydroclimatic
data quality.
The curves in Figures 11–15 illustrate the temporal evolution

of the studied hydroclimatic parameters (precipitation, tem-
perature, evapotranspiration, and runo�) between 1971–2001.
These graphs compare the measured data, the raw TerraCli-
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(a) Aguelmame Sidi Ali (b) Azrou (c) Azzaba (d) Chelihet

(e) Dar El Arsa (f) El Hajeb (g) Ifrane (h) Meknes
Figure 7. R2 before and after boosting for aET

(a) Aguelmame Sidi Ali (b) Azrou (c) Azzaba (d) Chelihet

(e) Dar El Arsa (f) El Hajeb (g) Ifrane (h) Meknes
Figure 8. R2 before and after boosting for pET

(a) Aguelmame Sidi Ali (b) Azrou (c) Azzaba (d) Chelihet

(e) Dar El Arsa (f) El Hajeb (g) Ifrane (h) Meknes
Figure 9. R2 before and after boosting for runo�
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(a) Aguelmame Sidi Ali (b) Azrou (c) Azzaba (d) Chelihet

(e) Dar El Arsa (f) El Hajeb (g) Ifrane (h) Meknes
Figure 10. Boxplots of the eight stations representing the improvement of TerraClimate data by the XGBoost algorithm

Figure 11. Trend comparison of measured precipitation data, Terra-Climate data and TerraClimate boosted data

Figure 12. Trend comparison of measured temperature data, Terra-Climate data and TerraClimate boosted data

mate data, and the TerraClimate data optimized by XGBoost.
The time series are based on monthly averages calculated from
data collected at the eight meteorological stations, providing a
comprehensive overview of temporal trends across the region.
The time annotations (e.g., ’01.01.1971’) indicate the start of
each month, with values representing monthly averages for
that period.
The graphs show an almost perfect overlap of the curves for

the measured data and the optimized TerraClimate data. This
consistency reinforces the reliability of the optimized data and
paves the way for their use in various applications, including
their integration into predictive models for the evolution of hy-
droclimatic variables, thus contributing to a more comrehen-
sive understanding of water security.
While the results of this study are speci�c to the Meknes

Plateau and theMiddle Atlas Causse, themethodology and �nd-
ings have potential transferability to other regions with di�er-
ent climatic and geological conditions. The XGBoost model’s

Figure 13. Trend comparison of measured aET data, TerraClimatedata and TerraClimate boosted data

Figure 14. Trend comparison of measured pET data, TerraClimatedata and TerraClimate boosted data

Figure 15. Trend comparison of measured runo� data, TerraCli-mate data and TerraClimate boosted data
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ability to correct spatial heterogeneity and improve the accu-
racy of TerraClimate data suggests that it could be applied to
other mountainous or topographically complex regions where
satellite data often underperforms.
Additionally, the model’s success in lowland areas like Mek-

nes indicates its applicability to �at, homogeneous regions.
However, the speci�c performance of the model may vary de-
pending on local climatic conditions, such as aridity, vegetation
cover, and seasonal variability.
Future studies could explore the transferability of this

methodology by applying it to other regions and comparing its
performance across di�erent climatic zones, which would help
establish the generalizability of the approach and identify any
necessary adjustments for speci�c environments.

3.4 Limitations

Although this study demonstrates promising results of opti-
mizing hydroclimatic data, certain limitations must be consid-
ered. The accuracy and reliability of the XGBoost algorithm,
while well-established for TerraClimate data are not univer-
sally guaranteed across all geographical and hydrological con-
texts. Variations in topography, vegetation cover, and land use
can in�uence the model’s performance, requiring localized ad-
justments.
Moreover, themethodology presented in this study has been

developed and validated under speci�c conditions. Its applica-
tion to other datasets or climatic regions may necessitate ad-
ditional calibration steps. Future research should focus on re-
�ning the model’s adaptability and evaluating its robustness
across a wider range of environmental settings to enhance its
generalization potential.

4 Conclusions

This study demonstrated the potential of the XGBoost algo-
rithm to optimize TerraClimate hydroclimatic data for the Mek-
nes Plateau and Middle Atlas Causse in Morocco. Comparative
analysis revealed a signi�cant correlation between raw Terra-
Climate data and ground observations, though imperfections in
accuracy were noted. Applying XGBoost signi�cantly improved
data quality, as shown by the performance metrics: MAE de-
creased from 3.08 to 1.47, RMSE decreased from 4.84 to 2.3,
and NSE increased from 0.82 to 0.99. These results highlight
the e�ectiveness of machine learning in enhancing satellite-
based hydroclimatic data, particularly in regions with sparse
gauge networks.
The optimized TerraClimate data provide a reliable alter-

native to ground-based observations, addressing critical data
gaps for water resourcemanagement in water-stressed regions
like Morocco.
This study underscores the value of integrating satellite

products with advanced machine learning techniques to im-
prove the accuracy and usability of hydroclimatic data. How-
ever, the model’s performance may vary in regions with di�er-
ent hydrological and climatic characteristics, emphasizing the
need for region-speci�c adaptations and further validation.
In conclusion, this work contributes to the growing use of

satellite data and machine learning in hydroclimatic studies.
The �ndings o�er a robust foundation for improving water re-
source management and resilience in Morocco and similar re-
gions. Future research should explore the transferability of this
approach to other areas and incorporate additional data sources
to further enhance model performance and applicability.
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