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Abstract

:

Understanding long-term variations in precipitation is crucial for identifying the effects of climate change and addressing hydrological and water management issues. This study examined the trends of the mean and four extreme precipitation indices, which are the max 1-day precipitation amount, the max 5-day precipitation amount, the consecutive wet days, and the consecutive dry days, for historical observations (1971–2000) and two future periods (2041–2060/2081–2100) under RCP2.6 and RCP8.5 emission scenarios over the Nile River Basin (NRB) at 11 major stations. Firstly, the empirical quantile mapping procedure significantly improved the performance of all RCMs, particularly those with lower performance, decreasing inter-model variability and enhanced seasonal precipitation variability. The Mann–Kendall test was used to detect the trends in climate extreme indices. This study reveals that precipitation changes vary across stations, scenarios, and time periods. Addis Ababa and Kigali anticipated a significant increase in precipitation across all periods and scenarios, ranging between 8–15% and 13–27%, respectively, while Cairo and Kinshasa exhibited a significant decrease in precipitation at around 90% and 38%, respectively. Wet (dry) spells were expected to significantly decrease (increase) over most parts of the NRB, especially during the second period (2081–2100). Thereby, the increase (decrease) in dry (wet) spells could have a direct impact on water resource availability in the NRB. This study also highlights that increased greenhouse gas emissions have a greater impact on precipitation patterns. This study’s findings might be useful to decision makers as they create NRB-wide mitigation and adaptation strategies to deal with the effects of climate change.
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1. Introduction


Climate change is an ongoing global phenomenon that has significant impacts on various aspects of our planet, including weather patterns, ecosystems, and human societies. Observations of the global climate system over the past century have revealed numerous changes, many of which are consistent with the effects of greenhouse gas emissions and other human activities [1]. Climate change is expected to have significant impacts on extreme climate indices as it is already affecting the frequency, intensity, and duration of extreme weather and climate events. Rising global temperatures are causing more frequent and intense heat waves, while changes in precipitation patterns are leading to more frequent and intense droughts and heavy precipitation events [2,3]. Extensive research and analysis have been devoted to historical precipitation trends at both the global and local levels, resulting in significant insights regarding climate patterns and potential temporal changes. Changes in precipitation levels have been observed in numerous regions. As an illustration, annual precipitation in the United States has increased by 4% since 1901 [4]. Within the African continent, the Sahel and southern regions have witnessed a consistent annual increase in precipitation of around 36 mm per decade [5]. Conversely, drought conditions have been observed in other regions like East Africa [5], Pakistan [6], and Italy [7]. In the same context, a considerable body of research has been dedicated to examining rainfall changes in different major cities across the globe. Depending on the objectives of these studies, these investigations are frequently carried out at the local or basin scale [8,9,10,11]. In addition, global river basins like the Amazon, Congo, and Mississippi have seen changes in precipitation levels. For instance, the results demonstrate that the highest rainfall events have increased in frequency over the Mississippi and Yangtze River basins in recent decades, whereas the lightest precipitation has decreased. Also, it is expected under the RCP8.5 emission scenario that flooding from the Mississippi and Yangtze River basins will worsen in the central and eastern areas of the United States and China, respectively [12]. Furthermore, in the Amazon Basin, the world’s largest rainforest, modeling studies suggest that land cover changes in the Amazon basin could lead to a reduction in precipitation and an increase in temperature [13,14]. Significant precipitation variability has recently had an impact on Africa, with severe droughts and floods in arid nations like Algeria, Tunisia, Egypt, and Somalia occurring in the 1970s and 1980s in the Horn of Africa and West Africa, a multi-year drought in South Africa’s winter rainfall region, and more [15,16].



Global climate models (GCMs) are frequently insufficient in the representation of fine-scale regional processes, particularly those influenced by complex topography, land use heterogeneity, coastal lines, and mesoscale convection, due to their coarse horizontal spatial resolution [17]; therefore, GCM climate projections should be downscaled to regional or local scales using statistical [18], or dynamic downscaling techniques with regional climate models (RCMs), which have been used to generate a high resolution [19]. Numerous studies, such as [20,21,22], have examined the COordinated Regional-Climate Downscaling Experiment’s (CORDEX’s) future climate projections for Africa. Additionally, based on the observational or reanalysis dataset, the historical trend of extreme climate indices over the upper Blue Nile basin investigated by [23,24], over the Nile River basin [25], and over the Jemma sub-basin, Ethiopia [26], also employed the Weather Research and Forecasting (WRF) model [27]. Due to the complexity of the African climate and the constraints of RCMs and GCMs, climate projections across Africa are characterized by significant levels of uncertainty [28]. Therefore, in this study, we used an ensemble of CORDEX CORE with horizontal resolution (0.22°, nearly 25 km) to estimate the future projections of extreme precipitation indices for the Nile Basin’s main cities and to address uncertainties associated with long-term climate projections.



The Nile River Basin (NRB) is threatened by anthropogenic factors, such as population growth, water demands, and hydroelectric power water usage, and natural factors due to climate variability and change, which encourage extremes like drought factors. Many climate-sensitive industries, including agriculture, cattle, water resources, and health, are impacted by climate change [29]. Because rain-fed agriculture predominates over irrigated agriculture for food production, there is a limited supply of water available, and water demand is rising, making the NRB sensitive to the effects of climate change [30]. Understanding the potential effects of climate change on the NRB’s future water resources is urgently needed since they may decline or rise due to rising temperatures that increase evaporation loss, reduce precipitation, and alter precipitation patterns. Precipitation extremes at the city level are crucial for understanding the vulnerability of cities in the Nile Basin to flooding and droughts. These extremes can have localized impacts, as cities often have unique geographical features, land use patterns, and infrastructure systems that can amplify or mitigate the impacts of extreme precipitation events [31]. The main cities of the Nile Basin are densely populated and have critical infrastructure systems, making them particularly vulnerable to flooding and drought. Therefore, assessing precipitation extremes helps identify areas at higher risk, enabling better urban planning, resilient infrastructure, disaster preparedness, and climate change adaptation, while research on extreme precipitation in metropolitan capital cities is crucial. It gives communities the information they need to make wise choices and take preventative action to safeguard locals, infrastructure, and the environment from the effects of extreme weather events.



As a significant hydrological system in northeastern Africa, the Nile River Basin has been a focal point of scientific investigation into precipitation trends and patterns. Numerous studies have added to our understanding of the basin’s historical fluctuations in precipitation, giving light to the complex interconnections between climatic conditions and hydrological systems [32]. The Nile Basin’s climate is characterized by a strong latitudinal wetness gradient [33], with 28% receiving less than 100 mm annually. Some parts experience hyper-arid conditions from northern Sudan across Egypt, while others exhibit subhumid conditions. Rainfall exceeding 1000 mm is mainly in the equatorial region and Ethiopia [34].



In addition, precipitation patterns in the Nile River Basin are diverse, with some studies showing a rise in water flow during the extended rainy season and others showing a decline in yearly rainfall at specific locations [35]. This is consistent with a decline in yearly precipitation in 69% of monitoring stations in Sudan, Ethiopia, and Egypt [34]. However, there is disagreement on the spatial pattern of these trends, with some studies observing a rise in yearly precipitation in specific areas [36]. Climate change is also a factor with forecasted increases in rainfall in the upper Blue Nile River Basin [37,38]. So, this study contributes significantly to the understanding of long-term precipitation variations in the Nile River Basin (NRB) by employing a comprehensive approach that incorporates historical observations, future projections under different emission scenarios, and a range of extreme precipitation indices. Notably, our research introduces the novel application of the empirical quantile mapping procedure to enhance the performance of regional climate models (RCMs). Therefore, this study aims to (1) investigate the projected changes in the mean and extreme precipitation for the NRB’s major capitals, (2) examine historical and future trends of precipitation, providing insights into past climate patterns and helping to establish a baseline to compare future changes, (3) explore the historical and future spatiotemporal trends in extreme precipitation indices under RCP2.6 and RCP8.5 scenarios for the mid-future 2041–2060 and far future 2081–2100 periods.




2. Materials and Methods


2.1. Study Area


The catchment area of the NRB is approximately 3 × 106 km2 (Figure 1). The NRB has 11 riparian nations, including Burundi, Rwanda, Uganda, Kenya, Tanzania, South Sudan, the Democratic Republic of the Congo, Sudan, Eritrea, Ethiopia, and Egypt. It is the longest river in the world under desert conditions. One-fifth of Africa’s population depends on the Nile River for survival [39]. The water of the NRB is essential to the economies and way of life of 300 million people in the 11 riparian nations [40]. Most of these riparian nations’ economies depend heavily on the Nile, particularly Egypt and Sudan at its downstream end. Within the next 25 years, it is anticipated that the population of the NRB will double [41]. The rising temperature and changes in the pattern of precipitation in the NRB, when combined with these human-induced effects, may have negative effects on the region’s population [42]. Therefore, assessing future projections of extreme precipitation indices over the main Nile River Basin cities is important. These cities include Addis Ababa, Asmara, Cairo, Dodoma, Gitega, Juba, Kampala, Khartoum, Kinshasa, and Nairobi, as listed in Table S1. The selected cities are good representations of the dominant climatic conditions in the whole basin. Moreover, these cities are highly populated and have vital infrastructure systems, such as structures, roadways, and drainage systems. Due to the concentration of people and resources, these urban regions are particularly susceptible to flooding and droughts. Understanding how extreme events are projected to change in the future can help stakeholders make informed decisions about adapting to changing climate conditions and managing the risks posed by climate change.




2.2. Observed Dataset


Rainfall data from the Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) version 2 developed by the Climate Hazards Group of the University of California was used because many satellite-based rainfall products with a long-time series have coarse spatial and temporal resolutions and are not homogeneous. The CHIRPS dataset is a quasi-global rainfall dataset that spans from 1981 to almost the present and covers 50° S to 50° N. To construct a gridded rainfall time series, it combines in situ station data with 0.05° × 0.05° resolution satellite imagery, and it can be downloaded free from http://chg.geog.ucsb.edu/data/chirps (accessed on 10 July 2023). [43].




2.3. CORDEX-CORE Africa Dataset


Climate models are essential tools for understanding the Earth’s climate system, providing long-term projections, global and regional insights, and integrating multiple components [44]. They enable the exploration of different emission scenarios and contribute to the development of climate change mitigation and adaptation strategies [45]. However, they also have inherent uncertainties due to the complexity of the climate system and limitations in representing certain processes. Models operate at grid resolutions, and they may have biases or inaccuracies. They also require substantial computational resources, which can limit the number of scenarios explored. Some models are sensitive to initial conditions, causing divergent outcomes. Limited process understanding and increased model complexity can also pose challenges [46].



To determine and examine precipitation variability, trends, and its distributions in the NRB’s main stations, the daily data of precipitation were simulated using CORDEX-CORE for historical (1971–2000) and two different forthcoming periods (2041–2060 and 2081–2100). The Coordinated Regional Climate Downscaling Experiment (CORDEX) is an international initiative that aims to provide high-resolution regional climate projections for different parts of the world [44]. The CORDEX initiative focuses on developing RCMs that are based on global climate models (GCMs), which are downscaled to provide higher-resolution climate projections at the regional scale. The Earth System Grid Federation (ESGF) nodes, such as http://esgf-node.dkrz.de/ (accessed on 1 July 2023), allow users to obtain the list of CORDEX climate models that is shown in Table 1. These simulation outputs are accessible on the CORDEX-Africa domain and have a spatial resolution of 0.22° per grid increment. In addition, Representative Concentration Pathways (RCPs) are a collection of hypothetical situations used by climate models to predict future climate change [47]. These RCPs cover a wide range of emission levels, from very low (RCP2.6) to very high (RCP8.5). They offer a consistent framework for contrasting various climatic scenarios and determining the probability of various outcomes [48]. A multi-model ensemble approach is a straightforward and widely used method for processing the simulations of several climate models [49]. By minimizing the influence of any one model’s biases or uncertainties, this method is frequently used to raise confidence in the projections [50]. As a result, in this study, the ensemble mean of six model RCMs (hereinafter ENSEM) was used in the studies to generate probable future climate change scenarios.




2.4. Calculation of Extreme Events


Extreme climate indices are a set of climate variables and statistical measures that describe extreme weather and climate events [57]. These indices are designed to capture the frequency, intensity, and duration of extreme events, such as heatwaves [58], cold spells [59], heavy precipitation [60], and droughts [61]. Extreme climate indices are widely used in climate research, impact assessments, and adaptation planning, as they provide valuable information on the changing frequency and intensity of extreme events under climate change [62,63]. Precipitation indices describe the frequency, intensity, and duration of extreme precipitation events, such as the number of heavy precipitation days, the total amount of precipitation in each period, and the duration of dry spells [64]. The Expert Team on Climate Change, Detection, and Indices (ETCCDI) were created to sample a wide range of climates and were derived using a method that has been thoroughly developed [65]. The list of four extreme precipitation indices used in this paper is listed in (Table 2).




2.5. The Mann–Kendall (MK) Trend Test


The goal of this research’s methodological approach was to identify trends in a time series of rainfall indices derived from a daily rainfall series over NRB capitals. The non-parametric Mann–Kendall (MK) test statistic [66,67] was used, with a 5% level of significance. The MK test statistic is independent of both space–time monitoring and the size of missing data values. The standard MK trend statistic (S) was computed using the mathematical formula in Equation (1).


   S =    ∑   k = 1     n - 1       ∑   j = k + 1    n     sgn (    X   j     −   X   k   )    



(1)




where     X   j     and     X   k     are the data values at time j and k respectively, and sgn() is the sign function that returns 1 if     X   j     >      X   k    , −1 if     X   j     <     X   k   ,   and 0 if     X   j     =     X   k    . The null hypothesis (H0) stated that there was no trend, while the alternative hypothesis (H1) suggested that there was a trend—either an increasing or decreasing monotonic trend. Equation (2) is used to compute S’s variance.


  V a r ( S ) =   n ( n − 1 ) ( 2 n + 5 )   18    



(2)







To determine the significance of this trend, the sample size, n, and the related probability, S, are determined. A (Z) value is used to evaluate the trend’s importance; a negative (positive) Z value indicates an uphill (downward) trend. H1 is approved for a two-tailed test at a specific level of significance if |Z| > Z 1/2, where Z 1/2 is calculated from the common normal distribution tables. For statistically determining the significance of the trend, the probability related to MK and the sample size n are determined. Using Equation (3), the normalized test statistic Z is calculated.


     Z =   S − 1    V a r ( S )      if   S > 0     = 0   if   S = 0     =   S + 1    V a r ( S )      if   S < 0     



(3)







If Z is negative and computed, the probability exceeds the level of significance, and the trend is thought to be diminishing. In related studies [68,69], this methodology has been successfully applied.




2.6. The Empirical Quantile Mapping Bias Method


Empirical quantile mapping (EQM) is a bias elimination method that adds mean and individual delta changes to observed precipitation distribution quantiles to calibrate a model’s cumulative distribution function [70]. By combining both the probability distribution function (PDF) to the cumulative distribution function (CDF) and building a transfer function, such quantile-to-quantile matching aligns all moments of the model (PDF). The raw model precipitation is converted into corrected model precipitation using this function [71,72], as shown in Equation (4).


    P   c o r , m , d   =   E C D F   o b s , m   − 1   (   E C D F   r a w , m       P   r a w , m , d     )  



(4)




where     P   c o r , m , d     and     P   r a w , m , d     are the corrected and uncorrected forms of model precipitation, respectively.     E C D F   r a w , m     is the direct function of     P   r a w , m , d     while the inverse function corresponding to the observed precipitation distribution is     E C D F   o b s , m   − 1    .





3. Results


Understanding the severity and frequency of extreme climate events is crucial since they have an impact on a variety of socioeconomic activities [73]. Extreme occurrences can have disastrous effects; thus, it is crucial to look at how they develop in the coming years and at the end of the century to make the best planning decisions. The precipitation for each dataset (observation and simulation) was averaged over the grid points within the neighborhood of each city (Figure 1). The simulated indices were calculated over the CORDEX common grid (0.22° × 0.22°). However, both observed and simulated precipitation indices analyses were performed over the CORDEX common grid.



3.1. CORDEX-CORE Evaluation over the NRB Stations


The EQM bias correction method was evaluated in terms of its capacity to bias-correct RCM simulations over time. The bias-corrected (BC) and raw RCM precipitation outputs were compared to the observed precipitation over a 30-year period (1971–2000). The root mean square error (RMSE) between models and observations at the 11 stations before BC are presented in Figure S1a. The results show that the models have moderate to high RMSE values, indicating a significant difference between the model outputs and the observed data. The multi-model ensemble mean (ENSEM) had the lowest RMSE value for almost all stations, suggesting its better performance. For example, in Addis Ababa, RMSE ranged between (7 and 11 mm/day), indicating that the models had moderate-to-high RMSE values, with ENSEM having the lowest RMSE. Also, in Juba, Kampala, Khartoum, Kigali, and Kinshasa, the RMSE values were (5.7 to 13.5 mm/day), with ENSEM having the lowest RMSE at Juba, Kampala, and Kigali, while HADGEM_CLM had the lowest RMSE at Khartoum and Kinshasa.



The correlation coefficients between different models and observations for each station before bias correction are displayed in Figure S1b. The results indicate that most models have a weak or negligible relationship with the observations. HADGEM_CLM shows a slightly stronger positive correlation in Addis Ababa. Similar results were found in Asmara, Cairo, Dodoma, and Gitega. In Juba, Kampala, Khartoum, Kigali, and Kinshasa, most models have correlation coefficients close to zero or slightly negative, with no strong evidence of a significant relationship between the models and observations. However, the correlation coefficients between models and observations show weak or negligible relationships, with some models showing stronger positive or negative correlations. The root mean square error (RMSE) values indicate the magnitude of the difference between the model outputs and observed data. In general, models show moderate-to-high RMSE values, indicating a notable discrepancy between the model results and the observations.



The root mean square error (RMSE) between models and observations at various stations in the NB after bias correction is presented in Figure S2a. The results show that the EQM method largely reduces the biases in RCMs. For instance, wet biases in the MPI_CLM model were reduced from ∼7 to 11 mm/day (raw biases) to ∼1–8 mm/day (corrected biases) over most of the stations. In general, the RMSE values in all bias-corrected RCM models were lowered and considerably closer to the observed values.



The correlation between models and observations at various stations of the Nile River Basin after BC is exhibited in Figure S2b. The results demonstrate improvements in the correlations from 0.01 to 0.2 in raw RCM simulations to over 0.8 after bias correction for all stations. The results show strong positive correlations between the models and the observed data at Addis Ababa, Asmara, Cairo, Dodoma, Gitega, and Nairobi. The correlation coefficients ranged from 0.97 to 1, indicating a relatively strong relationship between the models and the observed data. In Juba, Kampala, Khartoum, Kigali, Nairobi, and Kinshasa, the correlation coefficients ranged from 0.8 to 0.99, indicating a relatively good relationship between the models and the observed data.



However, the performance of RCMs differed, revealing considerable inter-model variances in regional climate simulation performances (Figures S4–S6). For instance, the MPI_CLM and HadGEM_CLM models showed a poorer performance that was less effective at reproducing and simulating seasonal mean precipitation compared to other models (Figures S3–S5). Overall, the EQM procedure was able to improve the performance of all RCMs, particularly those with lower performance, such as the MPI_CLM and HadGEM_CLM models. After the EQM bias correction, inter-model variability decreased, and all models were similar to one another. Similarly, significant improvements in seasonal precipitation variability were obtained after using EQM bias correction (Figures S3–S5).




3.2. The Projected Changes in Precipitation


Figure 2 represents the changes in precipitation for different stations under two climate scenarios (RCP2.6 and RCP8.5) for two future time periods (2041–2060 and 2081–2100). The relative changes are expressed as percentages, representing how much precipitation is expected to change compared to the historical baseline period (1971–2000); also, a t-test was used to assess the significance of these changes (Table S2). In the projected periods, most of the locations experience a significant rise in precipitation (based on the RCP2.6 and RCP8.5 predictions). Stations Addis Ababa, Gitega, Juba, Kampala, Kigali, and Nairobi generally experience an increase in precipitation across all scenarios and time periods, with varying magnitudes and significance, while stations Cairo and Kinshasa see a drastic significant reduction in precipitation by 90% and 38% respectively, potentially leading to much drier conditions.



As shown in Figure 2 and Table S2, the Addis Ababa station has an increase in rainfall over the coming future periods, and this increase ranges between 8 and 15% under RCP2.6 and RCP8.5, respectively, while for the Kigali station, the increase ranges between 13 and 27%. As for Nairobi station, the increase in precipitation ranges from 4 to 11%, and there is a large unconfirmed increase in the second period (2081–2100), up to 80%, according to the RCP8.5 scenario. Some stations witness a confirmed increase in rainfall in the first period (2041–2060), such as Asmara station, where the increase reaches 14% and 11%, according to the RCP2.6 and RCP8.5 scenarios, respectively. By contrast, station Gitega is predicted to see a confirmed increase in rainfall during the second period (2081–2100), ranging between 4 and 9% compared to the current period. Additionally, there is a general tendency for increasing precipitation in Juba and Kampala stations, but in different periods, as we found an increase in the first period at Juba station by about 5% according to the RCP8.5 scenario, and it is also expected that this increase will reach about 7% in both stations according to the RCP2.6 scenario. In addition, the Dodoma station will observe a significant decrease in rainfall during the first future period, according to the RCP2.6 scenario, but after that, a significant increase in the proportion of precipitation will occur, reaching 15%, according to the RCP8.5 scenario. On the contrary, in Khartoum station, which will see a confirmed increase in rainfall in the first period, ranging from 25 to 50%, the second period will experience an uncertain decline of about 7% compared to the historical period.




3.3. Historical and Future Precipitation Trend


The annual rainfall trend over the 11 NRB capitals varies from station to station, as presented in Figures S6 and S7. Overall, the results indicate that there is no significant trend in historical data during the first period (2041–2060), with only slight increases in the annual mean precipitation, with no significant trends observed for all the stations. However, during the second period (2081–2100), minor changes in annual mean precipitation, with no statistically significant trends, were observed for almost all stations except Dodoma, Kampala, and Kinshasa. Stations Dodoma and Kampala examined a significant positive MK test, while Kinshasa identified a significant trend for this period.



In particular, the Mann–Kendall test (MK) was conducted to assess annual precipitation trends in various locations, including Addis Ababa, Asmara, Cairo, Dodoma, Gitega, Juba, Kampala, Khartoum, Kigali, Kinshasa, Nairobi. The Addis Ababa station had an insignificant Mann–Kendall test of 0.04, and Cairo had a positive MK of 0.14, while Dodoma had a negative Mann–Kendall test of −0.24, suggesting a potential decreasing trend, though this was not statistically significant. Gitega had a negative test statistic of −0.1, Juba had a negative test statistic of −0.14, Kampala had a positive test statistic of 0.02, Kigali had a negative test statistic of −0.01, and Kinshasa had a positive test statistic of 0.14. The results indicate a significant negative trend in future precipitation compared to historical data.




3.4. The Relative Change in RX1Day and RX5Day Indices


When identifying the areas at high risk from changes to the frequency and length of climatic extremes, the projection of the precipitation ETCCDI indicators is crucial. Figure 3 and Figure 4 present the projected relative changes in the RX1Day and RX5Day, respectively, for the periods 2041–2060 and 2081–2100 with respect to the baseline period (1971–2000). The projected relative change in RX1Day is generally like that of RX5Day.



Under RCP2.6, the projected relative changes in the precipitation ETCCDI indices that measure the annual maximum 1-day and 5-day precipitation (RX1Day and RX5Day, individually) indicated a significant increase in nearly all NRB stations up to 94.05 and 56.12%, respectively, for 2041–2061 and 80.54 and 70.05%, respectively, and for 2081–2100. In a similar vein, under RCP8.5, RX1Day, and RX5Day were anticipated to grow in the NRB stations that spanned 77.02 and 35.45%, respectively, for the period 2041–2060 and 268.05 and 221.17%, respectively, for the period 2081–2100 (Table S3).



As presented in Figure 3, most of the stations have an increase in the RX1Day index, but with different percentages and also the extent of confidence, except for the Cairo station, which examined a definite decrease in that index, ranging from 24 to 65% in the first period, but it could face an increase of about 25% in the second period according to the RCP8.5 scenario which indicates the possibility of exposure of the region to cases of sudden heavy precipitation. Also, the increase in the RX1Day index in the second period (2081–2100) is greater than in the first period (2041–2060) when compared to the historical period.



Figure 4 illustrates the projected relative change in the RX5Day index at all the stations under RCP2.6 and RCP8.5 for the two forthcoming periods. An observed increase in RX5Day for more than 70% of stations revealed an increase from RCP2.6 to RCP8.5. Most of the stations have a general increase in the RX5Day index, except for the Cairo, Kinshasa, and Nairobi stations. Cairo station is expected to undergo a definite reduction in the RX5Day index, ranging between 48 and 70% according to RCP2.6 scenario, and about 14–35% according to the RCP8.5 scenario, while stations Kinshasa and Nairobi will have a decrease in the RX5Day index in the first period (2041–2060) ranging between 8–21% and 7–17%, respectively, but this decrease is significant only in the Kinshasa station. During the period (2081–2100), stations will experience a significant rise in the RX5Day index, reaching 57% for Kinshasa and 54% for Nairobi.




3.5. The Relative Change in the CWD and CDD Index


According to RCP2.6, most of the study area is expected to have a significant drop in the predicted relative changes in consecutive wet days (CWD), with around 72.7 and 45.5% of the study area experiencing a decline in CWD in the 2041s and 2081s, respectively. Likewise, according to RCP8.5 predictions, CWD could fall in the study areas that cover 81 and 72% of the population in the 2041s and 2081s, respectively. Contrarily, the projected relative changes in consecutive dry days (CDD) showed a significant increase in most study areas, with increases in CDD projected for about 27 and 81% of the study region under RCP2.6 and for 27 and 72% of the study region under RCP8.5 in the years 2041 and 2081, respectively (Table S4).



Figure 5 shows the percentage change in consecutive wet days (CWD) compared to the reference period, where most of the stations have a general trend of reduction in the CWD index. The Addis Ababa station will experience a significant increase in CWD for the second period (2081–2100) under RCP2.6, while the rest of the period showed a negative trend. Asmara experienced an insignificant decrease in CWD for all periods and scenarios. Cairo experienced a significant decrease in CWD, ranging from 90% to 94% under RCP2.6. Dodoma experienced a 27% decrease in CWD during the second period (2081–2100), while Gitega experienced a 25% and 35% decrease. Juba experienced a 12% decrease during the first period (2041–2060) and a 78% increase during the second period. Kampala station could experience a 5% increase during the second period (2081–2100), while Khartoum could experience a 27% and 22% increase. Kigali experiences a 10–20% increase in CWD during the first and second periods, while Kinshasa experiences a 15% decrease. In addition, Nairobi could experience a 32% increase in CWD during the second period (2081–2100) under RCP8.5, while under RCP2.6, it could decrease to 34%.



Figure 6 displays the relative change in consecutive dry days (CDD) with relative change values compared to the reference period under RCP2.6 and RCP8.5 scenarios. The Addis Ababa station will experience a significant decrease in CDD for all periods and scenarios, ranging from 55 to 70% during the first period and from 12 to 15% during the second period. Asmara experienced a significant decrease in CDD during the first period, with a 40% decrease, while Cairo experienced a significant increase between 65 and 139% in the first period and 51 to 143% in the second period. Dodoma experienced a 9% increase in CDD during the second period, while Gitega experienced a 61% and 51% increase. Juba experienced a 75% decrease, Kampala experienced a 7% decrease, Khartoum experienced a 31% and 44% decrease, Kigali experienced a 46% and 36% decrease, Kinshasa experienced an 81% and 71% decrease, and Nairobi experienced a general increase in CDD for all periods, but was significant during the second period, with a 140% increase under RCP2.6 and 129% under RCP2.6.




3.6. Spatial Trends of Precipitation Extreme Indices


Even though there is a lot of variation in rainfall events in the Nile River Basin, it is critical to periodically monitor extreme weather and climatic occurrences. Periodic droughts and floods that have an impact on several socioeconomic activities, particularly in the agricultural and water resource sectors, are produced by extremes in the variability, intensity, and frequency of precipitation [74]. Figure 7 represents the results of the Mann–Kendall (MK) test for the four extreme precipitation indices (RX1Day, RX5Day, CWD, and CDD) for each station under different time periods and scenarios.



During the 1971–2000 period, RX1Day in various stations experienced a slight increase. Under RCP2.6, which represents a lower greenhouse gas emissions scenario, the RX1Day index tends to increase or remain relatively stable. However, under RCP8.5, which represents a high emissions scenario, the precipitation shows more variability, with some locations experiencing significant increases and others experiencing decreases. Stations Addis Ababa, Asmara, Dodoma, Juba, Kampala, and Kigali examined a significant positive MK test found during the second period 2081–2100, as presented in Figure 7a.



From Figure 7b, we can observe varying patterns of RX5Day changes across different locations, time periods, and climate scenarios. In the 1971–2000 period, several locations experienced a decrease in RX5Day, like Addis Ababa (−0.34) and Dodoma (−0.49), while others showed stable or slight increases. During 2041–2060, under RCP2.6 and RCP8.5, RX5Day generally increased or remained stable, except for Addis Ababa, which is predicted to undergo a significant reduction in RX5Day (−0.33). In addition, in the far future period (2081–2100), under RCP2.6 and RCP8.5, RX5Day showed more varied changes, with some locations experiencing significant increases, such as Addis Ababa, Dodoma, Gitega, Juba, and Kampala, and others remaining stable or showing slight decreases.



Additionally, Figure 7c presents the results of the MK test of the consecutive wet days (CWD) index for different stations across different climate scenarios (RCP2.6 and RCP8.5) and time periods (1971–2000, 2041–2060, and 2081–2100). The CWD index measures the number of consecutive days with precipitation exceeding a certain threshold (which, in this case, is 1 mm). Looking at the MK test values for the historical period (1971–2000), the CWD values are generally positive or near zero, suggesting that there are typically more consecutive wet days during this time. There was an increase in the CWD index in the stations of Addis Ababa and Khartoum, while the stations of Juba and Kampala exhibited a definite decrease in this index. Both periods (2041–2060) and (2081–2100) show mixed results, with some stations indicating an increase in CWD values (more consecutive wet days) under the RCP2.6 scenario, while others showed decreases in CWD values under RCP8.5. Under both scenarios of RCP2.6 and RCP8.5, stations Addis Ababa, Dodoma, Gitega, Kampala, Kigali, and Nairobi demonstrated a significant increase in RX5Day in the first future period, but in the second future period there could be a definite reduction at these stations. Also, Juba station examined a significant increase in RX5Day, mainly in the first period. In addition, only the Kinshasa station had a significant decrease in RX5Day in all periods and under both scenarios.



Figure 7d shows the distribution of MK test results for the results of the consecutive dry days (CDD) index for different stations under various climate scenarios (RCP2.6 and RCP8.5) and time periods (1971–2000, 2041–2060, and 2081–2100). The CDD index represents the count of consecutive days with precipitation being less than a specific threshold (in this case, 1 mm). The values of the MK test for the historical period (1971–2000) indicate that most stations show negative CDD values, indicating a decrease in consecutive dry days. This might suggest a historical trend toward wetter conditions or fewer prolonged dry periods. Comparing the different climate scenarios (RCP2.6 and RCP8.5), there were variations in the results; some stations under the RCP8.5 scenario showed increases in CDD values, indicating a potential increase in consecutive dry days in the future. In the first future period from 2041–2060, most of the stations had a definite decrease in the successive dry days index, except for Kampala and Kinshasa stations, which had a definite increase in the CDD index. As for the future period 2081–2100, most of the stations exhibited a significant increase in the successive dry day’s index, except for the Khartoum station, where there was a decrease in this indicator according to the scenario RCP2.6.





4. Discussion


Understanding the intensity and frequency of climate extremes like drought and flood is crucial for assessing socioeconomic activities and addressing their impact on various sectors [74]. In this study, we investigated changes in daily rainfall and extreme rainfall indices over the last 30 years (1971–2000) and the forthcoming periods (2041–2060/2081–2100) in the Nile River Basin’s main cities.



However, this study’s results are not representative of the entire Nile River Basin due to practical limitations, but rather is an example of the long-term trend of precipitation extremes among different eco-environments, as not all relief features and geographic areas are covered. This study reveals significant variations in climate extreme trends and varied responses to global warming in diverse regions due to physio-geographical differences. Therefore, the varied topography and relief features of the basin may be responsible for the observed spatial heterogeneity of trends for rainfall extremes [75].



These results support the findings of earlier studies on the severe rainfall indices in various regions of Africa. Positive trends in RX1Day, RX5Day, and CDD, and negative trends on consecutive wet days (CWD) are like those reported in East Africa and Ethiopia by [24], Central Africa [76], West Africa [77], Southern Africa [78], and over the Mediterranean and Sahara regions [79].



On a continental scale, a predicted change in monthly precipitation over the Tana River Basin (Northern Europe) of 2.46% and 2.06%, respectively, from 2071 to 2100, is based on SSP1-2.6 and SSP5-8.5 [80]. Also, the summer precipitation in East Asia would grow and alter dramatically between 2010 and 2099, with a minor increase (1%) before the end of the 2040s and a big increase (9%) afterward [81]. In addition, the future projections for the Mediterranean basin show a strong north/south gradient, with decreasing trends in daily precipitation extremes in the south and Maghreb region and increasing trends in the north. However, 50-year daily precipitation extremes are projected to increase up to 100%, and the contribution of the wettest day to the annual total precipitation is expected to increase [82].



The decrease (increase) in CWD (CDD) at the end of the century was based on the correlations between the East African precipitation Indian Ocean dipole. Thus, the rising of the Indian Ocean’s Sea surface temperature is causing a decline in rainfall [83], which is expected to persist throughout the rest of this century. These existing conditions, in combination with rising CDD, offer considerable difficulties for future rainfed crop output [84]. Also, the Intertropical Convergence Zone (ITCZ) movement governs the intra-annual rainfall distribution in the Upper Blue Nile Basin [85] and the equatorial East Pacific region [34]. In addition, the Gulf of Guinea, the Mediterranean area, and the Arabian Peninsula have an impact on the basin’s rainfall [86]. Similarly, localized climatic factors may have a significant role in determining changes in severe rainfall in this area [87].



Therefore, continuous monitoring of extreme weather and climate events in the Nile River Basin is crucial due to the variability, intensity, and frequency of precipitation extremes during the main rainy season, affecting various socioeconomic activities, primarily in agricultural and water resource sectors. Local climate studies, like the current one, offer valuable fine-scale climate information for impact assessment and adaptation due to their ability to account for diverse climate impacts in different locations [88]. Our analysis of long-term rainfall and extreme events offers valuable insights into local changes in rainfall characteristics that are crucial for developing effective climate risk management strategies at the community level.




5. Conclusions


In this study, the predicted spatiotemporal nature of four precipitation ETCCDI indexes was examined over the 11 main capitals of the Nile River Basin to determine the locations that are most vulnerable to the effects of climate change. The analysis employed the two RCM and three GCM-driven CORDEX-CORE experiments for Africa. Under the two GHG emission scenarios, RCP2.6 and RCP8.5, future changes in four rainfall indices were evaluated by comparing the mid- and late-twentieth century (2041–2060 and 2081–2100, respectively) with the historical era (1971–2000). The main conclusions presented are summarized in Figure 8 and listed as follows:




	
The magnitudes of the changes in precipitation vary across stations, scenarios, and time periods.



	
Stations that exhibited a positive change in precipitation included Addis Ababa, Asmara, Gitega, Juba, Kampala, Kigali, and Nairobi in at least one scenario and period.



	
Stations like Cairo, Dodoma, Kinshasa, and Khartoum showed a decrease in precipitation in at least one scenario and time.



	
Addis Ababa and Kigali anticipated a significant increase in precipitation across all periods and scenarios ranging between 8–15% and 13–27%, respectively, while stations Cairo and Kinshasa exhibited a significant decrease in precipitation at around 90% and 38%, respectively.



	
The results also indicated that the trends in precipitation varied among stations in each of the selected zones. In fact, RX1Day and RX5Day are projected to consistently increase across the studied domain. For instance, we can notice that the increase in RX5Day is likely to multiply the probability of flood risks over Addis Ababa, Asmara, Khartoum, and Kigali.



	
Wet (dry) spells are projected to significantly decrease (increase) over most parts of the NRB, especially during the second period (2081–2100). Therefore, the increase (decrease) in dry (wet) spells could have a direct impact on water resource availability in the NRB.



	
A significant decrease in CWD coupled with an increase in CDD is generally observed over the NRB stations, which is consistent with similar studies [89,90,91].



	
CDD increased significantly over many stations, and those like Cairo and Kinshasa could likely experience high drought risk in the future, mainly caused by the combined effect of the extended periods of dry periods and rainfall shortages while decreasing in Addis Ababa and Juba.



	
In general, RCP8.5 exhibits more notable variations in precipitation than RCP2.6 when comparing the two RCPs. This indicates that increased greenhouse gas emissions have a greater impact on precipitation patterns; furthermore, the expected increases or declines are larger in magnitude for the late 21st century than the mid-21st century, which might be due to the varied GHG concentration rate sensitivities and related feedback processes.



	
The expected increases in the severity and frequency of climatic extremes (droughts and floods) have a significant impact on the region’s food, water security status, and natural environment, so it is crucial to evaluate the socio-economic effects that might arise from increasing precipitation extremes and a projected tendency toward longer (shorter) maximal dry (wet) periods.








The results of this study are consistent with the results obtained by [92] over Niger and by [93] for some major metropolitan cities like Tokyo (9.8 mm/year), New York (4.6 mm/year), London (0.25 mm/year), Sao Paulo (−14.6 mm/year), Cairo (−0.5 mm/year), Kinshasa (−5.2 mm/year), and Bogota (−5.8 mm/year).



The Nile River Basin’s economic activities, such as agriculture and hydropower management, are influenced by rainfall variability. Accurate climate information, understanding climate dynamics, and developing adaptation and mitigation techniques are crucial. The NRB’s policymakers should define adaptation strategies and implement measures like water harvesting, soil erosion mitigation, the capacity building of farmers, improved land use, and natural resource management policies, and share experiences to avoid food insecurity. Building an adaptive capacity for smallholder farmers could boost agricultural productivity and socio-economic development. This study on rainfall variations and extreme precipitation in the Nile River Basin main stations using regional climate models (RCMs) has some limitations, such as model uncertainties, coarse spatial and temporal resolutions, uncertainties in downscaling techniques, future emission scenarios, limited observational data, and non-climatic factors. However, these limitations offer opportunities for future research to improve an understanding of rainfall patterns and extreme precipitation in cities, leading to more reliable projections and better-informed decision making in climate adaptation and planning efforts.
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Figure 8. A simple conceptual diagram for the existing conclusions of this study. 
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Figure 1. The Nile River Basin and the 11 main cities in the region. 
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Figure 2. The change in precipitation during 2041–2060 and 2081–2100 under RCP2.6 and RCP8.5 for all stations. 
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Figure 3. The relative change in the RX1Day index for all stations under RCP2.6 and RCP8.5 for 2041–2060 (left) and 2081–2100 (right). 
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Figure 4. The relative change in the RX5Day index for all stations under RCP2.6 and RCP8.5 2041–2060 (left) and 2081–2100 (right). 
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Figure 5. The relative change in the CWD index for all stations under RCP2.6 and RCP8.5 for 2041–2060 (left) and 2081–2100 (right). 
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Figure 6. The relative change in the CDD index for all stations under RCP2.6 and RCP8.5. for 2041–2060 (left) and 2081–2100 (right). 
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Figure 7. The spatial distribution of the MK trends of the extreme rainfall indices over the RNB for the historical period (1971–2000) and the future periods (2041–2060) and (2081–2100), of (a) RX1Day, (b) Rx5Day, (c) CWD, and (d) CDD. The large green and red triangles indicate significant increasing and decreasing trends, respectively. Insignificant increasing (decreasing) trends are marked by small triangles. Indices with no trends are marked by small white circles. 
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Table 1. CORDEX—CORE RCM and their driven GCM models.
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RCM

	
Institute and Reference

	
GCM

	
GCM Resolution

	
Reference






	
CLMcom

	
Climate Limited-Area Modelling Community-KIT, Germany

[51]

	
MPI-M-MPI-ESM-LR

	
1.9° × 1.9°

	
[52]




	
NCC-NorESM1-M

	
1.9° × 2.5°

	
[53]




	
REMO2015

	
Helmholtz-Zentrum Geesthacht, Climate Service Center Germany

[54]




	
MOHC-HadGEM2-ES

	
1.3° × 1.9°

	
[55,56]











 





Table 2. List of indicators considered for this study devised using the ETCCDI.
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	ID
	Index
	Definition
	Unit





	RX1Day
	Max 1-day precipitation amount
	Annual maximum 1-day precipitation
	mm



	RX5Day
	Max 5-day precipitation amount
	Annual maximum consecutive 5-day precipitation
	mm



	CWD
	Consecutive wet days
	Maximum number of consecutive days when precipitation > 1 mm
	days



	CDD
	Consecutive dry days
	Maximum number of consecutive days when precipitation < 1 mm
	days
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