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Drought assessment and management, intensified by global warming, present critical challenges in semi-arid Mediterranean regions, impacting environmental sustainability and economic stability. This study evaluates spatiotemporal drought risk in the Bouregreg watershed in northwest Morocco by integrating remote sensing data with various drought indices. The Standardized Precipitation Index (SPI), the Standardized Precipitation Evapotranspiration Index (SPEI), and the Standardized Temperature Index (STI) were utilized to assess meteorological drought over a 12-month period. The Temperature Conditions Index (TCI) was used to evaluate temperature-related conditions for agricultural drought, while the GRACE Drought Severity Index (GRACEDSI) assessed hydrological drought on a monthly scale. Additionally, trend analysis was performed using Mann-Kendall and Sen’s slope methods, and Pearson correlations were conducted among the indices. The findings revealed an overall downward trend in drought indices, with evapotranspiration (SPEI) being the primary drought driver. Over the study period, there was a significant increase in total evaporation demand, largely attributed to rising temperatures (STI and TCI). Meanwhile, precipitation conditions (SPI) remained relatively stable, highlighting the impact of global warming on agricultural and hydrological drought severity patterns in recent years. The results further indicated that drought risk is more pronounced in the plateau and plain areas of the Bouregreg compared to the mountainous regions. In evaluating water reserves, total water storage (TWS) data obtained from the Gravity Recovery and Climate Experiment (GRACE) was utilized. Comparisons were made between in situ groundwater level (GWL) data and those from GRACE TWS at a resolution of 0.25°. Our results reveal concordant trends between the two datasets, despite the differences in resolution. The TWS appears to be strongly correlated with GWL measurements and precipitation data with a lag of 1–4 months. The findings underscored a significant decline in water reserves and worsening drought conditions in recent years. Correlation analyses also revealed a moderate relationship between this decline and the systematic temperature rise, suggesting shared trends influenced by other anthropogenic factors not accounted for in the analysis. In summary, these results underscore the vulnerability of the entire study area to various forms of drought, ranging from mild to extreme severity.
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1 Introduction

Drought is a global environmental challenge due to its complexity and frequency, recognized as the most costly natural disaster worldwide, causing significant annual losses and affecting more people than any other natural disaster (Wilhite, 2000). It has substantial impacts on social life and economic development (Wang et al., 2021) and occurs when regional hydro-meteorological variables fall below normal levels (Tate and Gustard, 2000; Dai, 2010). In the context of climate change, drought poses significant challenges for water availability, affecting various sectors (Pokhrel et al., 2021). Droughts can be classified into several types: meteorological, hydrological, agricultural, and socio-economic (Mishra and Singh, 2010; Agha-Kouchak et al., 2015). While meteorological, hydrological, and agricultural droughts are defined by physical and climate-related variables, socio-economic drought is linked to water resource scarcity often caused by socio-economic factors (Amjath-Babu et al., 2019).

Globally, droughts are more severe and frequent in arid and semi-arid regions. For example, the Mediterranean region, which is highly vulnerable to climate change, has experienced a notable increase in hydrological and agricultural droughts, as documented in the sixth assessment report of the Intergovernmental Panel on Climate Change (IPCC, 2021) and recent studies (Lionello and Scarascia, 2018; Tramblay et al., 2020; Cos et al., 2022). Understanding drought is crucial for effective river basin management, water resource conservation, soil protection, and maintaining aquatic ecosystems (Sarker, 2021; Abdi-Dehkordi et al., 2021; Penning et al., 2023). Knowledge of drought patterns is also essential for dam construction, reservoir planning, flood control, and hydropower generation (Gao et al., 2022; Singhal et al., 2023; Zhang and Shang, 2023).

In Morocco, water scarcity poses a major challenge, with surface and groundwater reserves at historically low levels. The country faces severe and recurrent droughts impacting various regions almost annually. Studies have analyzed rainfall trends, variability, and climate change impacts on water resources (El Alaoui El Fels et al., 2022; Saouabe et al., 2022; Boughdadi et al., 2023; Ouhamdouch et al., 2022), and evaluated drought characteristics using various indices (Fniguire et al., 2017; Hadri et al., 2021a,b, 2022; Hadria et al., 2019; Ouatiki et al., 2019; Elair et al., 2023; Hanadé Houmma et al., 2022). These indicators are vital for understanding and addressing drought-related issues. Remote sensing technology has advanced drought assessment by providing continuous data over time and space for various indicators, such as precipitation, temperatures, snow, evaporation, evapotranspiration, soil moisture, and total water storage (NASA, 2010; Wardlow et al., 2012; Krajewski et al., 2006). Satellite-based observations offer near-real-time global coverage, continuous data records, and enhanced spatial precision (Heumann, 2011; Barrett et al., 1990).

The Bouregreg watershed is one of the country’s five major rivers and represents a typical example of the northwest region of Morocco. This watershed plays a crucial role in water supply for agriculture and the regulation of urban and natural ecosystems (Khattabi and Samira, 2006; Mahe et al., 2014). It provides drinking water to the two largest cities in the country: Rabat and Casablanca. Like the rest of Morocco, the Bouregreg is particularly vulnerable to drought and has experienced several drought episodes in the past and present (Ouharba et al., 2022, 2024; Mahdaoui et al., 2024). These droughts have had significant consequences, notably on ecosystems, agriculture, and domestic water supply. The impacts of climate change on future droughts in the Bouregreg are therefore a major concern for stakeholders, including water managers and farmers.

Recent studies on the Bouregreg watershed in Morocco reveal significant impacts of climate change on drought and water resources. Mahdaoui et al. (2024) used climate and hydrological models to predict a reduction in river flows and an increase in droughts under various greenhouse gas emission scenarios, highlighting the need to adapt water management strategies. Ouharba et al. (2024) found that temperatures are expected to rise by 0.8 to 1.3°C by 2030, with a reduction in precipitation, which would exacerbate droughts and summer heatwaves, affecting water and agriculture. Brouziyne et al. (2020) noted that climate change would worsen droughts by increasing their frequency and intensity, reducing precipitation and river flows, posing major challenges for agriculture and water management systems. Finally, Elkharrim and Bahi (2014) used statistical downscaling to project future intensification of droughts, with significant implications for water resource management and agriculture in northwestern Morocco.

The present work is based on integrating potential evapotranspiration with precipitation as key variables for assessing drought severity (Reyniers et al., 2023). The Standardized Precipitation Index (SPI; McKee et al., 1993), widely used for its simplicity and exclusive reliance on precipitation data, is effective for drought monitoring and early warning. Improving upon the SPI, the Standardized Precipitation-Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2010) uses the difference between precipitation and evapotranspiration, combining sensitivity to changes in water demand and the multi-temporal nature of the SPI. According to Vicente-Serrano et al. (2015), the SPEI shows significant and equal sensitivity to evapotranspiration and precipitation, as well as their climatic variations, compared to the Self-Calibrating Palmer Drought Severity Index (sc-PDSI; Wells et al., 2004) and the reconnaissance drought index (RDI) (Tsakiris and Vangelis, 2005).

Drought results from complex interactions between the atmosphere, hydrosphere, and human activities (Jiang and Zhou, 2021; Samaniego et al., 2018), primarily due to persistent precipitation deficits and high-temperature anomalies (Wu et al., 2022). Significant efforts have been made to gather information on these aspects (Hayes et al., 2011). Van Rooy (1965) and Xia et al. (2018) respectively proposed the Rainfall Anomaly Index (RAI) and the Temperature Anomaly Index (TAI), based on the abnormal deviations of precipitation and temperature from their corresponding contemporary historical values. Similar to TAI and RAI, state-based indices, such as the Temperature Condition Index (TCI) (Kogan, 1995), are also easy to construct and can effectively reveal the relative state of current water conditions (Zhang et al., 2022a). One crucial aspect of drought is the reduction in river flow and groundwater levels (Allen et al., 2011; Tigkas et al., 2012; El Mezouary et al., 2024). Measuring hydrological droughts requires in situ observations of hydrological variables, which are often limited (Chen et al., 2009; Shahid and Hazarika, 2010; Taylor et al., 2009). GRACE satellites, launched in March 2002, have been widely used to measure hydrological droughts, providing comprehensive assessments of surface and groundwater reserves (Zaitchik et al., 2008).

Although GRACE TWS gravitational data are estimated at a native resolution of approximately 120 km, they have an effective signal resolution of around 200,000 km2 due to the spatial bandwidth limitations of GRACE/GRACE-FO (Tapley et al., 2019). It is therefore recommended to limit the use of these data to time series analyses at the basin scale. In this study, however, we have explored the use of GRACE TWS data at a sub-grid resolution of 0.25°, in a purely exploratory framework. This approach aims to identify potential trends in groundwater level variations while acknowledging that this resolution exceeds the recommended limits for confirmative spatial interpretation.

The aim of this paper is then to evaluate and enhance comprehension of drought risk and the ability to evaluate it by using various indices, including the Standardized Precipitation Index (SPI), the Standardized Precipitation-Evapotranspiration Index (SPEI), the Standardized Temperature Index (STI), the Temperature Condition Index (TCI) and the Drought Severity Index (DSI) based on data from the « Gravity Recovery and Climate Experiment » (GRACE) product. Furthermore, correlations between these indices will be established to assess their consistency and reliability. Finally, to evaluate the trends of these different drought indicators and their significance, we will employ the Mann-Kendall test (Kendall, 1975) temporally at 12-month scales and spatially at the scale of each pixel in the watershed. This is so that this study can provide information on the assessment and evolution of different types of drought in a semi-arid environment and in the context of climate change.



2 Methodology


2.1 Presentation of the study area

Located in the central-west of Morocco, the Bouregreg is a Mediterranean basin situated between latitudes 32.82 N and 34.04 N, as well as longitudes 5.48 W and 6.86 W, spanning an area of 9,462 km2 (Figure 1). Its boundaries are defined in the north and south by the recent Saiss and Ghareb trenches and the phosphate plateau, and in the east and west by the Middle Atlas mountains and the Atlantic Ocean, respectively. The Bouregreg, one of Morocco’s main watercourses in terms of flow and size, is distinguished by its proximity, only 18 km from its mouth. It collects water from the center of Morocco, from the Middle Atlas to the Atlantic, which is retained by the Sidi Mohamed Ben Abdellah (SMBA) dam, constructed in 1974 with a storage capacity exceeding 1 billion m3, located near Rabat. Average annual rainfall in the area varies from 350 mm in the plain region to around 600 mm in the mountain region. The monthly average distribution of precipitation shows the existence of two identifiable seasons: (1) A rainy season, from October to April, during which the year’s rainy episodes are concentrated, accounting for 86 to 92% of the annual rainfall; (2) A dry season, from May to September. Average temperatures in the region vary from 15 to 25°C in the mountains and from 30 to 34°C in the plain (HBABC, 2019). Evaporation is high throughout the Bouregreg basin. According to the Ministry of Energy, Mines, Water, and Environment, it is 1,600 mm/year in the Rabat-Salé coastal area and 800 mm/year in the upper Bouregreg. Evapotranspiration calculated according to Thornthwaite shows that the average annual deficit is everywhere greater than 250 mm, namely: 269 mm in the high plateaus, 435 mm in the low plateaus, 400 mm to 450 mm in the coastal zone (Tra Bi, 2013). Its hydrological climate is characterized by a notable decrease in precipitation since 1979, as well as an increase in extreme temperature events and heatwaves (El Aoula et al., 2021). This watershed is mainly devoted to rainfed cereal cultivation and is also renowned for its pastures, being part of the favorable pastoral areas of the kingdom.
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FIGURE 1
 (A) The geographic positioning of the Bouregreg watershed and its rainfall network. (B) Geographical distribution of the piezometers used in this study.




2.2 Data

Within the scope of this research, 10 rainfall stations were utilized to apply the pixel-to-point comparison between simulated and observed data from the Bouregreg watershed, aiming to assess meteorological drought in the Bouregreg watershed. These monitoring stations, operated by the Bouregreg and Chaouia Hydraulic Basin Agency (HBABC), recorded data on a daily basis spanning from January 1985 to August 2022 (Supplementary Table S1). Additionally, 56 piezometers from seven underground aquifers were used to evaluate and validate total water storage (TWS) data acquired from GRACE (Figure 1B). These piezometric data, provided by several hydraulic basin agencies, were used in the form of monthly chronological series (Table 1).



TABLE 1 Proprieties of the aquifers considered in this analysis.
[image: Table1]

For spatiotemporal evaluation of meteorological drought in terms of precipitation, monthly data from the GPM-F satellite precipitation product were also employed. The Integrated Multi-satellitE Retrievals for GPM (IMERG V06) product is developed by NASA in collaboration with the Japan Aerospace Exploration Agency (JAXA) and succeeds the Tropical Rainfall Measuring Mission (TRMM) satellite mission. It offers a high spatial and temporal resolution of 0.1° and 0.5 h. IMERG comprises three versions: Early Run (ER), Late Run (LR), and Final Run (FR), published, respectively, 4 h, 12 h, and 3.5 months subsequent to observations (Li et al., 2020). The first two versions are quasi-real-time products suitable for time-sensitive applications, whereas the FR version, used in this research, is calibrated using monthly Global Precipitation Climatology Centre (GPCC) data, providing more precise precipitation data (Chiaravalloti et al., 2018). In the Bouregreg watershed, studies assessing the performance of precipitation products conducted by Ait Dhmane et al. (2023), have proven that the GPM-F product is the most effective among four precipitation products examined at different scales.

ERA5 represents the fifth iteration of atmospheric reanalysis data provided by the ECMWF, covering a period extending from 1940. It succeeds the previous version, ERA-Interim, which only covered the period from 1979 and was established in 2006. ERA5 was built upon the Cy41r2 integrated forecasting system, which has been operational since 2016. It incorporates over a decade of advancements in model physics, core dynamics, and data assimilation (Hersbach et al., 2020). The ERA5 product refers to the high-resolution version of these data, characterized by a spatial and temporel resolution of 0.25° and 1 h. In this study, we used the ERA5 advanced dataset for 2m temperature (T2m) to assess meteorological drought in terms of air temperature and evapotranspiration, as well as the ERA5 dataset for land surface temperature (LST) to evaluate agricultural drought.

The Gravity Recovery and Climate Experiment (GRACE) and its follow-up mission, GRACE-FO are two similar initiatives conducted by NASA and the German Aerospace Center (DLR), launched in March 2002 and May 2018, respectively. Their main objective is to map monthly variations in Earth’s gravity induced by the redistribution of mass on and beneath the Earth’s surface. Three institutions, CSR (University of Texas/Center for Space Research), JPL (NASA Jet Propulsion Laboratory) and GFZ (Geo ForschungsZentrum Potsdam), are responsible for processing GRACE data, providing data on equivalent liquid water thickness in cm. Each institution is tasked with processing level 2 datasets (Landerer and Swenson, 2012; Banerjee and Kumar, 2018). Coefficients are generated independently by each center. Two main GRACE/FO data sets are available: spherical harmonic coefficients (SHC) and mass concentration solutions (mascons). Mascons are introduced as an alternative to address gravitational signals, offering advantages over spherical harmonics by being less prone to leakage errors and providing clearer distinction of land-ocean signals (Landerer and Cooley, 2021; Luthcke et al., 2013; Watkins et al., 2015). Total Water Storage (TWS) aggregates water masses present in various land reservoirs (Rodell and Famiglietti, 2001) (Equation 1). In this study, two variants of GRACE/FO mascon products, namely CSR and JPL’s Mascon RL06.1V03 monthly data sets, featuring a spatial resolution of 0.25°, were used to generate Total Water Storage Anomaly (TWSA) in grid format. To explore how GRACE TWS data at this sub-grid resolution compares with in situ groundwater level observations, we analyzed whether the 0.25° scale data could reveal meaningful trends and correlations in groundwater variations at smaller scales. This approach is exploratory and does not imply that GRACE TWS data at a 0.25° resolution are suitable for confirmative spatial analysis.
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With SWB, SWE, SM, GWS, and Ca representing, respectively, Surface Water Bodies, Snow Water Equivalent, Soil Moisture, Groundwater Storage, and Canopy. Some terms of the equation may be neglected depending on their impact on long-term variations of TWS (Shen et al., 2015).



2.3 Drought indices

Several indices are used to assess drought or humidity conditions in a specific region, covering various time scales. At the one-month scale, they reveal short-term conditions closely linked to meteorological droughts, providing crucial insights into soil moisture and crop stress, particularly throughout the growing season. The three-month scale offers a short to medium-term perspective, allowing estimation of seasonal precipitation and highlighting humidity conditions in key agricultural regions. Over six months, these indices identify seasonal precipitation trends, providing a detailed view of variations throughout different seasons. The nine-month scale provides an overview of interseasonal precipitation patterns, crucial for understanding drought development, often influencing agriculture and other sectors (Hao et al., 2015; Hayes et al., 2006; Mishra and Singh, 2010; Svoboda et al., 2012). Finally, at 12 months, these indices are often linked to reservoir levels, streamflow and even groundwater levels over longer periods. In this study, focused on the characterization and hydrological impact of drought, a 12 months scale was chosen (Figure 2).

[image: Figure 2]

FIGURE 2
 Study’s methodology flowchart.


The study area has a low density of hydroclimatic networks, with only 1,087 km2 per station (HBABC, 2019). The upstream areas of the watershed require additional efforts due to insufficient coverage. The network is denser in the plains than in the high-altitude areas, contrary to the World Meteorological Organization (WMO) minimum recommendations. Additionally, the pixel-wise approach offers several advantages for drought evaluation, including high spatial resolution (Xu et al., 2014), enhanced detection of localized conditions (Wang et al., 2018), improved accuracy, detailed impact analysis, better data integration, and improved early warning systems (Rembold et al., 2019). For these reasons, a pixel wise approach using remote sensing data has been chosen for a reliable and accurate assessment.


2.3.1 The standardized precipitation index (SPI)

The Standardized Precipitation Index (SPI), elaborated by McKee et al. (1993), is extensively utilized meteorological index for detecting, evaluating, and characterizing droughts intensity and frequency at various time scales. It relies on precipitation data from a specific site and measures the precipitation deficit and its effects on various aspects such as reservoir storage, groundwater, soil moisture, streamflow and snow cover (Tsakiris and Vangelis, 2004). The SPI utilizes cumulative precipitation sums over specific periods, known as accumulation intervals, to improve the time series cumulative probability distribution. Typically, precipitation sums are fitted with a gamma distribution (using the maximum likelihood method), though alternative distributions could also be applicable. To facilitate SPI values comparison at different times, the gamma distribution quantiles are converted to standard normal variables (Equation 2). Consequently, negative SPI values show precipitation below the median, while positive values show precipitation above the median (Supplementary Table S2). Within this study, the SPI was calculated using accumulated precipitation sums on a monthly basis (Equation 3).
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Where Г(𝜶) is the Gamma function. 𝛼 and 𝛽 represent the shape and scale parameters, respectively.
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Where Pijk represents the precipitation for pixel i during month j of year k, Pij and σij, respectively, denote the mean and standard deviation of precipitation for pixel i and month j over a period of n years.



2.3.2 The standardized precipitation evapotranspiration index (SPEI)

The Standardized Precipitation Evapotranspiration Index (SPEI) is a multi-scalar drought index (Vicente-Serrano et al., 2010; Beguería and Vicente-Serrano, 2009), derived from the monthly difference between precipitation and potential evapotranspiration (PET) (Equation 4), determined in this study by the Hargreaves-Samani method (HARG) (Hargreaves and Samani, 1985) (Equation 5). Er-Raki et al. (2010) evaluated the performance of three empirical methods in a similar context in Morocco for estimating reference evapotranspiration and found that the Hargreaves method is the most effective for estimating ET0, offering a viable alternative for PET estimation in semi-arid regions. Unlike other approaches that utilize various climatic parameters, such as the Penman-Monteith method endorsed by the FAO (Allen et al., 1998; Doorenbos and Pruitt, 1977; Monteith, 1965; Penman, 1948), the Hargreaves-Samani method relies solely on air temperature (Saharwardi et al., 2022). For this study, air temperature data utilized in the Hargreaves equation are sourced from ERA5 data. Estimating the SPEI requires a three-parameter distribution, unlike the SPI, which can be calculated using a two-parameter distribution like the gamma distribution (Vicente-Serrano et al., 2010). To obtain SPEI values for a specific period, a log-logistic distribution is fitted (Equation 6). Additionally, the SPEI uses the same drought categories as the SPI (Supplementary Table S2).
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Where Dijk, Pijk, and PETijk denote the deficit, precipitations, and potential evapotranspiration for pixel i during month j of year k.
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Where PET is expressed in [mm/day]; Ra is the extra-terrestrial radiation [MJ/m2/day]; Ta represents the average air temperature at 2 m height [°C]; Tmax and Tmin are the maximum and minimum air temperatures, respectively; the parameter ‘a’ in Equation 5 is an empirical constant, originally valued at 0.0023.
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Where 𝛼, 𝛽 and [image: image] represent the scale, shape and origin parameters, respectively.



2.3.3 The standardized temperature index (STI)

STI is an index that quantifies the likelihood of a temperature value occurring relative to temperature values during a long-term period (Li et al., 2021; Darabi et al., 2023). It is calculated similarly to SPI, but unlike SPI, it does not accumulate temperature over a fixed scale (Equation 7). Assuming temperature variations follow a normal distribution, monthly temperature data has been modeled accordingly (Hansen et al., 2012; Zscheischler et al., 2014) (Equation 8). Positive and negative values of STI indicate temperatures that are, respectively, higher and lower than the median temperature of the long-term period (Feng et al., 2021). It can be used to identify abnormally warm and cold periods (Supplementary Table S2).
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Where Tijk represents the temperature at pixel i during month j of year k, Pij and σij, respectively, denote the mean and standard deviation of temperature for pixel i during month j over a period of n years.
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Where μ and σ2 represent the mean and variance parameters, respectively.



2.3.4 Temperature condition index (TCI)

The TCI is utilized to assess vegetation stress resulting from high temperatures and humidity (Equation 9). Conditions are assessed based on maximum and minimum temperatures and adjusted to account for varying vegetation responses to temperature (Elair et al., 2023; Sun et al., 2008; Zhou et al., 2019). Generally, it is used together with NDVI and the Vegetation Condition Index (VCI, Kogan, 2000) to assess vegetation drought, especially when agricultural impacts are the primary focus. The temperature condition index considers that drought events reduce soil moisture, leading to thermal stress on land surfaces. During drought years, land surface temperatures (LSTs) are higher compared to the same month in normal years (Ghaleb et al., 2015). Elevated land surface temperatures during the season of crop growing suggest unfavorable or drought conditions, whereas lower temperatures indicate more favorable conditions (Singh et al., 2003; Bento et al., 2018) (Supplementary Table S3).
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Where LST represent the value for a particular month and pixel, with LSTmin and LSTmax denoting the minimum and maximum values, respectively, for the same month and pixel throughout the climatological study period.



2.3.5 Impact of drought on groundwater resources


2.3.5.1 Validation of grace TWS data

In this section, the objective is to compare and validate GRACE Terrestrial Water Storage (TWS) data by comparing them with available piezometric data. Fifty-six piezometers from seven groundwater aquifers were used for this validation (Figure 1B). The Pearson correlation coefficient (Equation 10) was utilized to assess the linear relationship between GRACE and groundwater levels (GWL). Concordance with precipitation data and groundwater levels was also examined to determine the extent to which GRACE TWS data follow the temporal trends of GWL and precipitation observations. Piezometric data were inverted by multiplication by −1 to consider that water levels are measured from the surface. All variables considered in this analysis were standardized (Figure 2).
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With Xi: the observation of GWL; Yi: the observation of satellite TWS; [image: image]: the average observation of GWL; [image: image]: the observation of satellite TWS; N: the sample size.



2.3.5.2 GRACE drought severity index (GRACEDSI)

GRACEDSI is a satellite-based drought index obtained from time-variable changes in terrestrial water storage (TWS) observed by satellite. It allows for comparison of drought characteristics between different regions and periods, while ignoring uncertainties associated with soil water balance models as well as the impact of meteorological data. Additionally, it takes into account changes in water storage resulting from human activities, such as groundwater extraction (Zhao et al., 2017a). In this study we emphasis on the exploratory nature of using 0.25° resolution GRACE data to observe groundwater trends. GRACEDSI is a dimensionless quantity that detects both drought and anomalously wet events (Supplementary Table S4). The calculation of GRACEDSI is as follows (Equation 11):

[image: image]

Where i represents the years from 2002 to the present, j represents the months from January to December, [image: image] and σj are the mean and standard deviation of TWS anomalies in month j, respectively.





2.4 Man Kendall’s test

Within this study, an analysis was carried out on the spatiotemporal value of several drought indices, including SPI, SPEI, SRI, STI, TCI, and GRACEDSI. Additionally, the trend of each indicator was investigated by employing the Mann-Kendall test for each grid cell. The Mann-Kendall test is a non-parametric technique frequently employed in hydrological and climatological data analysis. Endorsed by the World Meteorological Organization (WMO), this approach is appreciated for its capacity to manage missing data and its robustness against outliers (Jamro et al., 2020). The MK test is applied to detect significant trends, either upward or downward, in hydrometeorological time series. In this study, the test results were derived using a significance level of 5% and a 95% confidence interval (Yue and Pilon, 2004). The trend statistic MK, Zc is expressed as (Equations 12–16):
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Where:
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Where [image: image] and [image: image] represent the sequential data value, and n is the data length. The trend index, which measures the inclination, is expressed as follows:

[image: image]

Where: 1 < j < i < n. A positive and negative β denotes a rising and decreasing trend.




3 Results and discussion


3.1 Characterization of meteorological drought


3.1.1 Pixel to point comparison

Due to the 23-year period of GPMF data, which is shorter than the period recommended by the World Meteorological Organization (WMO), this study uses data from ten rain gauge stations for a pixel-to-point evaluation. The objective is to test the representativeness of the 23-year period of GPMF data and to verify if they can be used for drought analysis with confidence, despite their shorter duration compared to the 30 years recommended by the WMO. It is therefore necessary to spatially match the index results for the station point measurements and the gridded estimates. To this end, the correlation between the drought indices SPI and SPEI calculated from GPMF data (23-year period) and those calculated from rain gauge station data (37-year period) was calculated (Figure 2 and Supplementary Table S1).

The correlation results show high values, ranging from 0.84 to 0.92 for SPI12 and from 0.82 to 0.95 for SPEI12 (Figure 3). These values indicate a strong positive relationship between the indices calculated from the two datasets and show that the two data series are strongly linked. These high correlations suggest that the 23-year period of GPMF data is representative of the longer 37-year period of rain gauge station data. This also means that the trends and variations of meteorological drought captured by the 23-year GPMF data are consistent with those observed over the 37-year period of the rain gauge stations. These high correlation values also indicate that satellite products, such as those from GPMF, are effective for characterizing meteorological drought in the investigation site and can be used with confidence to monitor and analyze drought.

[image: Figure 3]

FIGURE 3
 Correlation between SPI&SPEI from GPMF data and rain gauge data (Red line: Median).




3.1.2 By SPI and SPEI

The examination of the temporal and spatial evolution of precipitation revealed a large variability from year to year, with an average annual decrease in precipitation of −4.03 mm/year (ranging from −6.7 to −1.07 mm/year), although this decrease was not statistically significant. The analysis of the annual spatial distribution of precipitation showed that it is mainly influenced by altitude and distance from the coast in the study area. Regarding temperature, significant general trends were observed. Indeed, the average temperature recorded an average annual increase of +0.05°C (ranging from 0.001 to 0.14°C/year). Observations of the spatiotemporal distribution of temperature indicate a strong influence of altitude on temperatures.

This study examined the SPI and SPEI results for each cell within the study area from 2000 to 2023 (Supplementary Table S1). The findings revealed an alternation of drought, humidity, and normal conditions between 2000 and 2013 across the study area, except for a specific cell (Pixel 01) where wet months were more frequent in terms of SPEI due to the influence of the oceanic climate, characterized by moderate temperatures throughout the year (Figure 4). Between 2003–2004 and 2009–2011, the area experienced wet periods marked by abundant precipitation and an increase in anomalies or extreme events compared to the historical average or norm, particularly from 2009 to 2011. From 2014 onwards, significant changes were observed with a marked increase in the severity, frequency and duration of dry periods, leading to a deficit accumulation (Lee et al., 2017), except for the year 2018, which was wet in most parts of the area. Notably, between 2020 and 2021, the area experienced the most severe dry period over the entire study period, with pronounced effects in the plains and plateau areas compared to the mountainous zones (Figure 4).

[image: Figure 4]

FIGURE 4
 Drought’s spatiotemporal evolution using the SPI12 and SPEI12 in the Bouregreg watershed.


Overall, dry conditions (SPI & SPEI < −1.0) occurred slightly more frequently than wet conditions (SPI & SPEI >1.0), representing 34% of the conditions, while normal conditions (−1.0 < SPI < 1.0) were the most recurrent in the study area before 2009. Between 2009 and 2012, normal and wet conditions predominated, with their occurrence percentage nearly equivalent. After 2014, normal conditions with a trend towards dryness predominated across much of the study area. There was a notable increase in the frequency of dry conditions (SPI & SPEI < −1.0), accounting for 28% compared to 8% for wet conditions (SPI & SPEI >1.0).

Spatially, the wettest year in the plain and plateau was 2010, while in the mountainous area, it was 2018. Conversely, the driest year in the plain and plateau was 2020 and in the southwest, it was 2014. Periods of severe drought were observed in 2001, 2005, 2014, 2016–2017 and 2020–2021 throughout the study area, with more pronounced intensity in the plain and plateau compared to the mountainous area (Figures 4, 5).
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FIGURE 5
 Drought’s spatial patterns across the study area from 2010 to 2023 in March and September.


Figure 5 depicts the spatial distribution of droughts in the study area from 2010 to 2023 in March and September for the SPEI, TCI, and GRACEDSI indices. This distribution was obtained using interpolation by the kriging method. The results show notable seasonal variations, with more pronounced drought periods in September compared to March. By comparing the results obtained from the pixel-based approach and the spatial distribution approach, it appears that the two methods are complementary. The pixel-based approach provides fine and precise resolution at the level of individual data points, while the spatial distribution approach, enhanced by kriging, offers a coherent overview of regional trends and patterns.

It is essential to compare the SPEI with the SPI to evaluate the influence of potential evapotranspiration (PET). Generally, there is a strong similarity between the SPEI and the SPI, especially in winter when PET tends to be lower than precipitation. Minimal differences between the SPEI and the SPI are typically observed in February and March.

The trends of the SPEI indicate a significant overall decrease across most study areas (Figures 4, 6), whereas the SPI remains relatively stable, particularly in mountainous regions. This rise in PET is attributed to increasing temperatures (Figure 7), which disrupts the water balance in the atmosphere and surface waters. This underscores the importance of concurrently considering both indices to comprehensively assess drought conditions in a given region.
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FIGURE 6
 Trend analysis results of the drought indices by the Mann-Kendall tests (A–D) p_value (E–H) Sen’s Slope for SPI12, SPEI12, TCI and STI12, respectively.


[image: Figure 7]

FIGURE 7
 Drought’s spatiotemporal evolution using the monthly STI12 in the Bouregreg watershed.


In general, drought in the studied area is primarily attributed to an increase in evapotranspiration, particularly after 2013. Before this year, the impact of evapotranspiration was less pronounced, while significant variations in precipitation were the main cause of drought periods. Similarly, Vicente-Serrano et al. (2022) conducted a robust study analyzing meteorological drought trends and the impact of climate warming on drought severity over the past four decades, highlighting a notable rise in atmospheric evaporation demand (AED) during this period.



3.1.3 By STI

This study investigated the STI index at 12-month for every cell within the Bouregreg watershed spanning from 1990 to 2023 (Supplementary Table S1). In general, the results of the Standardized Temperature Index (STI) show a significant general trend towards increasing temperatures (Stour and Agoumi, 2009; Khomsi et al., 2013; Woillez, 2019) and drought in the majority of the study area (Figures 6D–H, 7). STI analysis indicates that recent years have been hotter than previous years, particularly from 2010 onwards, except for the first cell where the oceanic climate influences the area and the last two cells, influenced by specific weather conditions associated with high-altitude areas and the topography of mountainous regions.

The results of the STI analysis show that hot periods began gradually from 1995, with an increase in dry period compared to the previous period, which was characterized by wet conditions throughout the study area. This trend towards drought intensified noticeably since 2010, with higher levels of drought than before.

Among the early years of the study (before 1995), only the year 1993 (15.7°C) was classified as extremely humid year, while the other years had an STI < -1, indicating different categories of cold conditions. The percentage of warm or warm-trending periods significantly increased from 1995 to 2010, although there is generally an alternation of drought, humidity, and normal conditions, except for Pixel 15 where normal to cold-trending conditions persist until 2012. Surprisingly, for the last two cells (Figure 7), higher normal to warm-trending conditions were observed than in the rest of the study area.

After 2010, the frequency and intensity of drought increased compared to the previous period. STI values show a trend towards extreme drought in the plain and plateau areas. A sudden transition from normal to cold-trending conditions to warm conditions was observed in the cell (Pixel 15) in 2013. In contrast, normal to cold-trending conditions are observed for the last two cells (Figure 7). Overall, a decline in the frequency and intensity of wet years was noted for this period, indicating a significant decrease in normal to cold conditions over the years.

Overall, severe drought periods were observed in 1995 (17.6°C), 2001 (17.77°C), 2006 (17.6°C), 2010 (17.83°C), 2017 (18.63°C), and 2023 (19.54°C), with more pronounced intensity in the plain and plateau compared to the mountainous area. For the year 2010, although it was classified as humid in terms of SPI and SPEI, it was simultaneously warm in terms of STI. These indices evaluate different aspects of the climate and often exhibit independent variations from each other. Thus, a year may have abundant precipitation (high SPI and SPEI) while displaying high temperatures (high STI), which can result from various weather and climate conditions such as irregular precipitation patterns or regional thermal anomalies. In conclusion, this combination of indices indicates an increased risk of drought due to higher temperatures and relatively stable precipitation conditions.




3.2 Characterization of drought by TCI

In this section, the use of TCI, based on LST data, to assess agricultural drought is justified by the strong correlation between soil temperatures and soil water availability (Holzman et al., 2021), especially during dry periods. High soil temperatures can have adverse effects on crops, notably by accelerating soil moisture evaporation and inducing stress in plants (Rasheed et al., 2022). By focusing on soil temperature trends, it becomes possible to directly assess the impact of drought on crops, without relying exclusively on vegetation indicators. This study analyzed the TCI of each cell within the study area for the period from 1990 to 2023 (Supplementary Table S1).

The TCI (Temperature Condition Index) is developed to consider vegetation response to temperature. Temperatures are evaluated based on extreme conditions. TCI data reveal an overall downward trend (Figures 6C,G), indicating a progressive deterioration of conditions for crop development over the years (Figures 5, 8). They also indicate that the effective temperature of the land surface in recent years has been higher than that of previous periods in most of the study area, accompanied by an increase in the frequency of months characterized by dry and intense conditions.
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FIGURE 8
 Drought’s spatiotemporal evolution using the monthly TCI in the Bouregreg watershed.


Indeed, the frequency of months characterized by extreme drought conditions (TCI ≤ 10) increased from 0% in 2014 to 16.67% in 2022, equivalent to an average of two extremely dry months per year. Conversely, the frequency of months without drought (40 < TCI ≤ 100) decreased by 83.5% between the period of 2000 to 2013, representing an average of 10 months per year, to 58.3% between 2012 and 2022, corresponding to an average of 7 months per year. In terms of TCI, drought periods were observed in 2017 and 2022 across the entire study area, with the most severe being in 2017 (Figures 5, 8). On the other hand, the wettest periods occurred from 1991 to 1993, in 1996, and in 2004 across the entire study area, with TCI levels surpassing 65%.

The TCI represents the deviation between the temperature of the month under study and the recorded extreme values. Thus, an excessively temperature in the middle of the vegetation growth season (TCI close to zero) indicates unfavorable conditions for crop development. Overall, the results of TCI suggest an increase in the risk of agricultural drought due to the rise in surface temperatures, in response to changes in meteorological conditions, notably the increase in air temperatures (Figure 7).



3.3 Correlation analysis

Within this study, a correlation analysis was carried out to examine the linear spatial and temporal relationship between drought indices, using the Pearson correlation coefficient (Equation 10). This analysis, which encompasses the drought indices SPI, SPEI, STI, and TCI, aims to elucidate the links between these different indicators and to assess their ability to detect and quantify drought periods. By studying the correlations between these various indices, we can better understand the relationships between meteorological conditions (such as precipitation and temperatures) and vegetation responses, as well as their impact on drought.

Figure 9 presents the spatiotemporal results of the Pearson correlation. High positive correlations, ranging from 0.68 to 0.84, indicate a fairly strong relationship between SPI and SPEI. This observation indicates a notable consistency between the periods of precipitation deficit or excess identified by the SPI and the fluctuations in evapotranspiration considered by the SPEI, reinforced by the inclusion of precipitation variations in the SPEI. Thus, the high correlations between these two indices stem from this dual consideration in the calculation of the SPEI. In contrast, very weak correlations between SPI and STI, as well as between SPI and TCI, on the plateau and in the plain, suggest a practically non-existent relationship. These results suggest that temperature fluctuations measured by STI and land surface temperature evaluated by TCI are not significantly related to precipitation deficits or excesses measured by SPI in these regions. However, these correlations increase as we move towards mountainous areas, indicating a slightly inverse relationship with temperature variations and a slight relationship with vegetation responses to temperature (Figure 9).
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FIGURE 9
 Spatiotemporal analysis of Pearson correlation between the SPI, SPEI, STI, and TCI drought indices.


Regarding SPEI, negative correlations spanning from weak to moderate, from −0.25 to −0.56, suggest a slightly inverse relationship between SPEI and STI. This suggests that the fluctuations in evapotranspiration considered in the SPEI are mildly to moderately linked to the variations in temperature assessed by the STI, especially on the plateau and in the plains, and moderately in mountainous areas. Furthermore, positive correlations ranging from moderate to high, from 0.34 to 0.6, indicate a fairly strong relationship between SPEI and TCI. This finding suggests that temperature variations evaluated by TCI are in harmony with evapotranspiration fluctuations accounted for by SPEI (Figure 9).

Between STI and TCI, high negative correlations, ranging from −0.64 to −0.95, indicate a very strong and inverse relationship between these two indices. This observation suggests that temperature variations evaluated by STI are closely associated with vegetation responses to temperature evaluated by TCI. Overall, these results suggest that SPEI and TCI are the most closely related indices, indicating a strong correlation between evapotranspiration variations and vegetation responses to temperature (Figure 9).

Indeed, the soil temperature is influenced by the air temperature with a time lag and variable amplitude depending on the depth, the type of vegetation present, as well as the terrain and subsurface variables. These thermal fluctuations, both at the surface and in depth, influence bioclimatic variations, water availability, and thus plant phenology (Rome et al., 2008). Generally, the amplitude of soil temperature variation corresponds to that of air temperature but decreases exponentially with distance from the surface. Moreover, soil temperatures vary very little on average throughout the year at a depth of more than 5 to 6 m (Gold, 1967). Additionally, the maximum or minimum temperatures of deeper layers are reached with a time lag compared to the surface, with this delay increasing linearly with depth (Rome et al., 2008).

The LST plays an essential role in terrestrial surface processes, serving not merely as a marker of climate change but also as a regulator of the upward terrestrial radiation (Aires et al., 2001). The Earth’s surface albedo, on the other hand, represents the proportion of radiation reflected compared to the incident radiation, and it is a crucial feature for managing the global radiative energy balance and radiative energy distribution between the atmosphere and the surface (Schaaf, 2009). While albedo measures the portion of reflected radiation, LST is associated with the quantity of radiation absorbed by the surface. These two combined elements influence the process of water transformation into vapor (Saher et al., 2021). The radiation absorption contributes to the increase in surface temperature, which can intensify evaporation demand (Rizwan et al., 2008; Schwarz et al., 2012; Taha, 1997). This phenomenon is particularly pronounced in arid regions, where vegetation is limited, resulting in an increase in sensible heat rather than latent heat (Templeton et al., 2018).

The strong negative correlations between STI and TCI indicate that as temperature fluctuations increase, temperatures at the soil surface also rise, altering the surface energy balance and resulting in a significant increase in atmospheric evaporation demand. In agriculture, particularly for vegetated surfaces, ET can serve as an indicator of plant water stress (Jackson et al., 1981). This water stress, caused by water retention, affects both the physical environment of plant growth and the physiology of crops (Lisar et al., 2012; Kramer, 1980). Overall, the results indicating that SPEI and TCI are the most closely related indices underscore the importance of considering both water availability (represented by SPEI) and temperature (represented by TCI) in the assessment of meteorological and agricultural drought.



3.4 Characterization of hydrological drought


3.4.1 Validation of grace TWS data

The shortage of hydro-climatic data presents a notable challenge in various regions globally, with both qualitative and quantitative information on water resources, particularly groundwater levels (GWL), often being limited (Rafik et al., 2023a,b). In such cases, data on TWS can serve as a viable alternative for these regions. The objective of this section is to verify the validity of TWS data by comparing them with available piezometric data. The study’s use of GRACE TWS data at a 0.25° resolution is experimental, as this resolution goes beyond the scale recommended by GRACE data providers. This exploratory approach seeks to determine if small-scale trends in GRACE data can capture local groundwater level variations, despite the resolution’s limitations. In semi-arid and arid environment, groundwater often serves as the primary source of available water, and its management is crucial for ensuring the sustainability of water resources. In these regions where aquifers are significant and precipitation may be limited, GWS can represent a significant portion of TWS.

The analysis concerning the correspondence between TWS data from GRACE, precipitation data, and groundwater levels was conducted to assess to what extent GRACE TWS data reflect the observed temporal trends of groundwater levels and precipitation. Figure 10 illustrate this agreement for each aquifer (Supplementary Figures S1–S6). Normalization of the data was implemented to facilitate comparison on a consistent scale. Overall, our results show good to very good agreement of TWS data (CSR, JPL, and Avr) with in situ observations and precipitation data. However, while the sub-grid scale analysis reveals high consistency with the observed groundwater trends, smaller discrepancies might be expected due to the inherent spatial limitations of GRACE data. This supports that GRACE TWS effectively captures regional trends, although precision may vary across specific areas and timeframes. Furthermore, the time series of TWS provided by CSR seems to better capture the temporal patterns of groundwater levels than that provided by JPL.
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FIGURE 10
 Monthly fluctuations in TWS Avr, average GWL, and precipitation for the aquifers of (A) Sehoul, (B) Tanoubert, (C) Ifrane, (D) Boulmane, (E) Bni Moussa, (F) Bni Amir, and (G) Tnin Toualaa.


In this section, the Pearson correlation was also used to explore the linear relationship between piezometric data from 56 piezometers of seven groundwater aquifers and TWS. Additionally, a second correlation analysis was conducted between piezometric data and TWS after subtracting soil moisture (SM) data. The SM data used in this section were obtained from the Global Land Data Assimilation System coupled with the NOAH model (GLDAS_NOAH025_M 2.1), taking monthly anomalies of SM up to a depth of 2 m, at 0.25° spatial resolution. The results of the correlations between piezometric data and TWS before and after subtraction of SM showed practically no significant difference. Moreover, no significant variation is observed graphically in the TWS curves before and after the subtraction of SM. These findings indicate that the contribution of SM to TWS is negligible. Figure 11 illustrates the correlation values obtained between TWS and piezometric data. According to the Pearson correlation indicator, the JPL dataset showed the best correlation with changes in groundwater levels.
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FIGURE 11
 Boxplots depicting the correlation between GWL and the datasets of Grace CSR, JPL, as well as their medians for each aquifer.


Furthermore, the snow fraction does not exist in the study area, canopy values are negligible, and surface waters are mainly represented by anthropogenic hydraulic infrastructures, notably dams (Ouatiki et al., 2022). For the Sehoul aquifer, located near the SMBA dam, the median correlations vary from 0.58 for CSR, 0.71 for JPL, and 0.68 for TWS-Avr, which is considered high (Figure 11). Additionally, low biases (Shifft between the piezometric curve and that of the CSR and JPL products) are observed for this aquifer (Figure 10A and Supplementary Figure S2). These results indicate that TWS is largely determined by the GWS in the study area, characterized as a semi-arid environment.

Finally, the results show that the maximum correlation between GWL and GRACE observations occurs with a one-month lag for the Tanoubert, Tnin Toualaa, Bni Moussa, and Ifrane-Boulmane aquifers, a two-month lag for the Sehoul aquifers, and a four-month lag for the Bni Amer aquifers. This time lag has been addressed in previous studies. Pardo-Igúzquiza et al. (2023) explained the one-month lag by noting that variations in gravity are instant, whereas rainfall water takes about 1 month to travel through the vadose zone to reach the groundwater table. Neves et al. (2020) suggested that the 1- to 2-month delays in in-situ observations compared to satellite data are due to local hydrogeological properties and are not a uniform regional feature. According to Akhtar et al. (2022), the weak correlation between GRACE-derived groundwater storage anomalies (GWSA) and in-situ observations is attributed to a lag time of 3–4 months. Geomorphological complexity and landscape slope further exacerbate discrepancies. Moreover, applying spatially averaged GWSA on a monthly basis reduces the two datasets. Hence, caution is warranted when utilizing GRACE data in regions characterized by heterogeneous geomorphology.



3.4.2 Impact of drought on GWL

According to the results of the Mann-Kendall and Theil-Sen slope analyses, the three GRACE datasets examined (CSR, JPL, and Avr) exhibit similar behaviors in terms of the direction and magnitude of long-term trends. The findings show that downward trends (Sen’s Slopes ≤ −0.007) in TWS are prevalent across the spatial domain, with high statistical significance (p-values ≤5.66E-06, Significance threshold of 5%). In the subsequent analysis, the data used correspond to the average TWS estimates derived from the CSR and JPL GRACE mascon solutions. This choice is motivated by the fact that CSR data show the best consistency, while JPL data exhibit the best correlation.

Figure 12 illustrates the monthly variations in TWS estimates for each zone of interest. The areas exhibit similar TWS behavior, resulting in comparable graphs and curves. This observed similarity can be attributed to several factors inherent to the GRACE data measurement and processing method: (a) Spatial resolution and smoothing effect: The GRACE-FO mascon data have a spatial resolution that, although improved compared to earlier versions, remains limited. GRACE-FO data, even at a resolution of 0.25×0.25°, undergo spatial smoothing due to the mascon processing method. Hydrological signals are often smoothed to reduce the apparent variability on small spatial scales, which can lead to similarities and create homogeneity in TWS observations across nearby areas (Wiese et al., 2016; Tapley et al., 2019); (b) Data filtering and processing: GRACE-FO products involve the application of spatial and temporal filters to remove noise and systematic errors. The mascon method uses regularized solutions to improve the spatial resolution and accuracy of data. These filterings can contribute to high correlations between neighboring pixels (Save et al., 2016); (c) Consistent hydrological response: Regional hydrological variations may also show similar trends in geographically close areas due to common climatic and hydrological factors (Longuevergne et al., 2010; Rodell et al., 2018); (d) Watershed area: Our watershed of 9,642 km2 is relatively homogeneous in size, allowing regional hydrological effects to be consistently visible across the studied areas. Additionally, this area is also subject to inherent limitations of the mascon method and the spatial resolution of the data; (e) Measurement error and uncertainty: GRACE-FO measurements involve uncertainties and measurement errors. Data processing techniques aim to minimize these errors, but residual correlations remain, which can appear as similarities in the time series (Landerer and Cooley, 2021).
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FIGURE 12
 Monthly variations of TWS estimates in the region of interest.


Furthermore, in terms of interpretation, it is important to note that while GRACE TWS provides valuable insights into regional water storage changes, analysis at a 0.25° resolution introduces an additional level of uncertainty. Such experimental sub-grid studies are useful for identifying and comparing initial trends, but they should not be regarded as highly localized hydrological assessments. This experimental approach highlights the need for caution, especially in complex and heterogeneous regions where spatial averaging may influence data interpretation.

The analysis of fluctuations in TWS estimates derived from GRACE Avr data over the period 2002–2023 highlights distinct phases across the entire study area. The first phase, from April 2002 to September 2008, is marked by a series of oscillations between periods of increase and decrease, but overall, a global decrease in TWS is observed (Figure 12). The second phase, from October 2008 to December 2012, shows an increase in TWS, notably significant in the northern part of the Bouregreg watershed, coinciding with a period of wet meteorological conditions. During this phase, water storage reaches high levels, with the peak recorded in December 2012. The third phase, spanning from January 2013 to January 2019, is characterized by a global decrease in TWS, surpassing the decline observed during the first phase. This third phase coincides with a notable increase in soil and air temperatures (Sections 3.1.3 and 3.2).

Finally, the last phase, from February 2019 to October 2023, is marked by a historical decrease in TWS, reaching unprecedented levels (Figure 12). The most affected zones are located in the southern part of the watershed, particularly around the Bni Moussa and Bni Amer aquifers, which experienced decreases of 0.198 cm/yr. and 0.183 cm/yr., respectively. Conversely, the Tnin-Toulaa aquifer was the least affected, with a decrease of 0.132 cm/yr. In between, the Tanoubert and Sehoul aquifers saw decreases of 0.182 cm/yr. and 0.179 cm/yr., respectively (Figure 13). In the Bouregreg watershed, the depletion in TWS can be estimated at 17.22 mm3/yr., with an average drop of 0.182 cm/yr. Overall, the negative trends of the Theil-Sen slope are statistically significant, with p-values ≤2.93E-01.
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FIGURE 13
 Trends estimated using the Theil-Sen slope estimator for the period from 2019 to October 2023.


These temperature increases lead to an increase in evapotranspiration in the study area, resulting in a water imbalance in the atmosphere and surface waters. This translates into a decrease in surface water availability, impacting recharge and groundwater. These conditions, combined with intensified groundwater overexploitation during drought periods, contribute to the accentuation of the observed decline in storage levels during the third and fourth phases (Figure 12).

Increases in temperatures lead to systematic changes in the balance between water and energy factors in terrestrial ecosystems (Siebert et al., 2015; Nilsson et al., 2005; Veldkamp et al., 2017). As temperatures rise, potential evapotranspiration (PET) also increases. With constant precipitation, these increases in PET directly result in increased aridity. The rise in PET exacerbates an already water-limited system by altering the balance between water supply and demand. This leads to transitions from moderately water- and energy-limited systems to strongly water-limited systems.

The surface and groundwater interactions fluxes are crucial for the dynamics of natural hydrological systems. With rising temperatures, an increase in evapotranspiration can divert a portion of the precipitation that would normally flow on the surface or infiltrate into the soil for recharge (Condon and Maxwell, 2019). This change in incoming flux can alter the long-term recharge patterns of hydrogeological systems. These modifications can influence groundwater levels and thus impact the groundwater and surface water interactions, as well as soil moisture (Kustu et al., 2010; Yeh and Eltahir, 2005).

In the presence of a deep-water table, surface water typically replenishes the groundwater table; however, when groundwater is at a critical depth (<10 m), interactions between the water table and soil moisture can contribute to supporting evapotranspiration by capillarity (Kollet and Maxwell, 2008; Fan, 2015). An analysis of soil saturation at different depths, conducted by Yeh and Famiglietti (2009), confirms the predominance of groundwater evaporation in the water table during dry periods. Additionally, according to Condon and Maxwell (2019), in the wettest regions of the United States, the water table tends to be shallow and closely follows the topography, whereas in the drier western regions, groundwater is generally deeper. With increasing aridity due to climate change, groundwater depth is increasing throughout the region, indicating a systematic drying of the underground layers.

The GRACEDSI is defined as the normalized anomalies of TWS. It provides a perspective for comparing large-scale drought characteristics in space and time, without the limitations of more traditional monitoring methods. Figure 14 illustrates the spatiotemporal distribution of GRACEDSI in the region of interest. Overall, the results indicate a general downward trend, indicating increased drought, with high level of statistical significance (p value of 4.95E-10) (Figure 14).
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FIGURE 14
 Drought’s spatiotemporal evolution using the GRACEDSI monthly in the region of interest, as well as the regions encompassing the piezometers used in this study.




3.4.3 Characterization of drought by GRACEDSI

The GRACEDSI data revealed that during the first phase, from April 2002 to September 2008, the study area experienced a succession of drought, humidity, and normal conditions. This period was characterized by a predominance of normal to dry conditions (GRACEDSI <0) across the area, particularly after 2005. Within this timeframe, 2004 was the wettest year (Figure 14).

Between October 2008 and January 2019, this period is globally humid, especially between October 2008 and December 2012, marked by abundant rainfall. This period is characterized by the predominance of normal and wet conditions. Spatially, there is an increase in humidity intensity moving from south to north of the area of interest and from west to east, with frequencies of “extremely wet” classes (1.60 < GRACEDSI <1.99) and “exceptionally wet” (GRACEDSI >2) ranging from 6.5% in the southwest to 17.4% in the northeast (Figures 5, 14).

Due to the cessation of the GRACE satellite mission in June 2017 and the launch of the GRACE Follow-On mission in May 2018, no data is available for the period from July 2017 to May 2018. Overall, the period between January 2013 and January 2019 was characterized by humidity where conditions from the previous period persisted. After 2013, conditions became increasingly less humid, and towards the end of the period, they became almost normal (0 < GRACEDSI <0.49) (Figures 5, 14).

After January 2019, conditions evolved to become normal with a tendency towards drought. Over time, drought gradually intensified, signaling a shift towards extreme drought levels. No humid periods were recorded during this phase, resulting in a noticeable accumulation of drought (Figures 5, 14).

To analyze the relationship and evolution of GRACEDSI in relation to other indices, particularly SPEI and TCI, a spatiotemporal correlation analysis was conducted using Pearson correlation (Equation 10). This analysis aims to elucidate the connections between these different indicators and better understand the relationships between weather conditions and total water storage.

The results of this correlation show weak to moderate relationships between DRACEDSI and TCI, with values ranging from 0.15 to 0.50. This indicates that, although there are some common trends between the two indices and a certain relationship exists, it is moderate and could be influenced by other factors not captured in this analysis, particularly anthropogenic effects. Weak correlations were found between GRACEDSI and SPEI, with values varying from 0.05 to 0.21. These low correlation values suggest that GRACEDSI and SPEI are weakly associated and not directly linked. Moreover, moderate to strong correlations were observed between SPEI and TCI, with values ranging from 0.37 to 0.62 (Section 3.3), indicating a more significant association compared to the other pairs of indices.

In conclusion, this combination of results suggests an increased risk of drought, attributable to higher temperatures that promote evapotranspiration, leading to a water imbalance affecting surface and groundwater resources. This situation is exacerbated by the growing demand for water due to population growth, improved living standards, and increasing industrialization (Figures 5, 14).




3.5 Environmental protection and climate change

The sustainability of the natural environment depends on the provision of ecosystem goods and services, which are influenced by both natural and anthropogenic factors (European Commission, 2009; Millennium Ecosystem Assessment, 2005). Climate change, particularly drought, has a significant impact on the ecosystems of arid and semi-arid regions (Keshavarz and Karami, 2016). Morocco’s economic and social development heavily relies on water resource exploitation, with irrigated agriculture consuming an average of 85% of available water resources, while public water supply and industry use 12 and 3%, respectively (Ouassou et al., 2005; MEF, 2015). This study highlights the importance of addressing the multifaceted impacts of drought on natural ecosystems and human systems, emphasizing the effects on agriculture, soils, vegetation, and water resource management.

In the study area, drought has become structural, placing pressure on water resources by increasing the demand related to evapotranspiration, which affects water reserves, recharge, and soil moisture, thereby exacerbating water scarcity issues and threatening food security (Belcaid and El Ghini, 2020; Meliho et al., 2020; El Khatri and El Hairech, 2014). Water scarcity leads to a reduction in irrigated areas (Meliho et al., 2020; Guemouria et al., 2023), a decrease in cereal production (wheat and barley), forage stocks, and degradation of pasture biomass (Lebdi and Maki, 2023; Berkat and Tazi, 2006; Verner et al., 2018). The variation in major cereal production is closely related to SPEI and TCI indices (Gumus et al., 2024; Hakam et al., 2023). Additionally, the relationship between the Standardized Precipitation Evapotranspiration Index (SPEI) and the Temperature Condition Index (TCI) with soil health and degradation has been explored in various studies (Sun et al., 2020; Lee, 2021; Jung et al., 2023).

High temperatures and increased evapotranspiration significantly impact natural ecosystems, particularly forests and wetlands. More intense evapotranspiration reduces soil and vegetation water availability, stressing forest ecosystems and affecting tree growth and health (Zhu et al., 2024; Liu et al., 2022; Brockerhoff et al., 2017; Xu et al., 2014). In wetlands, these conditions can lower water levels, disrupting the hydrological balance and potentially degrading these ecosystems (Yang et al., 2015; Zhou et al., 2020).

The implications of this study in terms of climate change primarily include hydrological imbalance, increased aridity, and heightened risk of drought. Water is the main vector through which climate change affects the ecosystem and the inhabitants of the Earth (UNWWAP, 2009). Long-term changes in evaporation and potential evapotranspiration can have profound repercussions on hydrological processes and the agricultural system. The meteorological parameters responsible for these changes are well identified (Sarker, 2022; Gurara et al., 2021; Helfer et al., 2012). Such changes can have significant consequences for economic and environmental well-being, especially if the increase in evaporation is not compensated by an adequate increase in precipitation (Chattopadhyay and Hulme, 1997). Furthermore, the divergence between changes in atmospheric and ecohydrological aridity can be primarily attributed to moisture limitations from dry soils and the physiological regulations of plant evapotranspiration under climate warming (Lian et al., 2021; Sarker, 2022).

Groundwater plays a crucial role in maintaining ecosystems and human adaptation to environmental changes, while surface water systems are becoming increasingly unsustainable in the face of climate change (Liesch and Wunsch, 2019; Rafik et al., 2023a,b). In the study area, the decline in groundwater levels and the decrease in aquifers highlight the vulnerability of water resources to climate change, both in terms of quantity and quality. Effective water management strategies are essential to address these challenges and ensure a sustainable water supply.

This study emphasizes the importance of integrated water resources management (IWRM) to ensure food, water, and energy security. The chapter addresses the efficient use of water, policies to combat climate change and drought, the exploitation of unconventional water resources, and stakeholder participation (Le Page et al., 2020; Ben-Daoud et al., 2021, 2023; Banouar and Bouslihim, 2024; Benchbani et al., 2022; Rbaibi and SahibEddine, 2024; Lenton, 2011; Giordano and Shah, 2014).




4 Conclusions and perspectives

The Bouregreg watershed represents a typical example of a region characterized by arid and semi-arid conditions, exposed to climate change due to its position in the Mediterranean zone. Drought has a significant impact on the development of this area. This article aims to characterize drought in terms of spatial and temporal configuration, using different drought indices.

The main conclusion of this study reveals an alternation between periods of drought and humidity, with a significant overall trend towards decrease, indicating that the entire study area is prone to drought ranging from moderate to extreme. These findings also demonstrate that the observed decrease is linked to an increase in evapotranspiration (SPEI), particularly after 2010, in response to rising temperatures (STI and TCI). However, SPI has shown relative stability, suggesting little notable changes in precipitation. This underscores the importance of employing multiple indices simultaneously to comprehensively assess drought conditions in a given region.

Moreover, DSI results, based on Total Water Storage (TWS) GRACE data, highlight a significant storage loss attributed to changes in the hydrological system, exchanges between surface and groundwater and other anthropogenic factors in recent years. While the experimental approach using GRACE TWS data at a 0.25-degree resolution can provide valuable insights, it requires further validation before being considered conclusive. The implications of these results should be discussed with an awareness of the provisional nature of the data.

Furthermore, correlation analyses have revealed relatively strong positive relationships between SPEI and SPI, between TCI and STI as well as between SPEI and TCI. These results underscore a robust association between evapotranspiration fluctuations and temperature variations. Additionally, weak to moderate correlations were observed between GRACEDSI and TCI, suggesting that there are some common trends between the two indices and a moderate relationship influenced by other factors not included in the analysis.

In summary, the results underscore that the entire studied area is exposed to drought risks, attributed to increasing evapotranspiration rates. This rise leads to a decrease in surface water availability, thereby impacting recharge and groundwater reserves. However, while evapotranspiration exerts a significant influence on surface and groundwater reserves, human impact remains significant. The human impact on hydrological systems is evident through an increasing demand for water due to the expansion of irrigated agriculture, changes in river flow regimes, and hydrological disconnection caused by the construction of dams that hinder groundwater recharge. This situation leads to a cascade of water shortages due to human activities. Therefore, it is essential to assess this aspect to obtain a more comprehensive and robust understanding of the climatic and environmental conditions in the study area.
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Description

Itis a shallow unconfined aquifer flowing within
alluvial deposits consisting of yellowish sands with
interbedded conglomerate sandstones and bioclastic
limestones overlying Triassic basalts and clays
(HBABC, 2019).

Itis a free aquifer, developed in terrains consisting of
consolidated sandy limestone and sand from the
Pliocene. The gray marls of the Pliocene are
impermeable and play a dual role: they form a barrier to
the feeding of Paleozoic schists and constitute the
substratum of the Pliocene aquifer (HBABC, 2019).
Itis a free aquifer,limited by the Al Maleh river in
the west, Nfifikh river in the east, and outcrops of
schistose and clayey substrates to the south and north.
‘The series encountered near the Al Maleh river are as
follows:
(a) Superficial red silts from the recent Quaternary;
(b) Dune sands, marls, and conglomerates from the
ancient Quaternary and Pliocene;

(¢) Limestones and marls from the Cretaceous as well as

estones from the Infracenomanian. Drilling
carried out in the study area showed they are
pellicular;

(d) Red clays and basalts from the Triassic;

(e) Schists and quartzites from the Ordovician in the
northwest of the study area and to the north near the
Nfifikh river (GeoAtlas, 2009).

‘The aquifer system in the Tadla region s defined as a

sequence of hydrogeological units, closely

interconnected and of varying importance. From
upstream to downstream, we find: the phreatic aquifer
of the Miocene-Pliocene-Quaternary, the calcareous-
sandy aquifer of the Eocene, the Senonian carbonate
aquifer, and the Turonian carbonate aquifer (or locally
of the Cenomanian-Turonian) (HBAOER, 2007). The

Miocene-Pliocene-Quaternary aquifer comprises of

two layers, the Beni-Amir layer and the Beni Moussa

layer, set apart by Oum er Rbia river, which makes
them hydraulically independent. The two layers flow

lacustrine series

within the heterogencous fluvi
complex, including alternations of silts, marls, marly
limestones, lacustrine limestones, and conglomerates
(Knouzetal., 2016).

‘The Middle Atlas Cavses aquifer spans approximately
4,600 ki, bordered to the north by the Fes Meknes
basin and to the south by the Middle Atls. It can

be distinguished as follows:

(@) The calcareous-dolomitic aquifer of the Lias covering
about 4,600 km?;

(b) The Quaternary basaltic aquifer subdivided by a
watershed line into two sub-basins: Tigra (546 km?) and
‘Timahdite (435 km?).
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