

  water-14-04118




water-14-04118







Water 2022, 14(24), 4118; doi:10.3390/w14244118




Article



Future Changes in Temperature and Precipitation over Northeastern Brazil by CMIP6 Model



Leydson G. Dantas 1[image: Orcid], Carlos A. C. dos Santos 1,*[image: Orcid], Celso A. G. Santos 2[image: Orcid], Eduardo S. P. R. Martins 3[image: Orcid] and Lincoln M. Alves 4





1



Academic Unity of Atmospheric Sciences, Federal University of Campina Grande, Campina Grande 58109-970, PB, Brazil






2



Department of Civil and Environmental Engineering, Federal University of Paraíba, João Pessoa 58051-900, PB, Brazil






3



Foundation Cearense for Meteorology and Water Resources, Fortaleza 60115-221, CE, Brazil






4



National Institute for Space Research, Earth System Science Center, São José dos Campos 12227-010, SP, Brazil









*



Correspondence: carlos.santos@ufcg.edu.br







Academic Editor: Pavel Groisman



Received: 7 November 2022 / Accepted: 13 December 2022 / Published: 16 December 2022



Abstract

:

Global warming is causing an intensification of extreme climate events with significant changes in frequency, duration, and intensity over many regions. Understanding the current and future influence of this warming in northeastern Brazil (NEB) is important due to the region’s greater vulnerability to natural disasters, as historical records show. In this paper, characteristics of climate change projections (precipitation and air temperature) over NEB are analyzed using 15 models of Coupled Model Intercomparison Project Phase 6 (CMIP6) under four Shared Socioeconomic Pathways (SSPs: SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5) scenarios. By using the Taylor diagram, we observed that the HadGEM3-GC31-MM model simulates the seasonal behavior of climate variables more efficiently. Projections for NEB indicate an irreversible increase in average air temperature of at least 1 °C throughout the 21st century, with a reduction of up to 30% in annual rainfall, as present in scenarios of regional rivalry (SSP3-7.0) and high emissions (SSP5-8.5). This means that a higher concentration of greenhouse gases (GHG) will increase air temperature, evaporation, and evapotranspiration, reducing rainfall and increasing drought events. The results obtained in this work are essential for the elaboration of effective strategies for adapting to and mitigating climate change for the NEB.
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1. Introduction


In a recent publication, Working Group I of the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC) emphatically stated that human activities are irrefutably responsible for the abnormal warming of the atmosphere, continents, and oceans and, consequently, are responsible for climate change [1]. Without immediate actions to reduce emissions, the world will fail to comply with the Paris Agreement, which proposed stabilizing the temperature increase at 1.5 °C in the next decade [1]. The greater intensity and frequency of drought and flood events, caused by increased temperatures, is the focus of several global research projects associated with climate change issues, as these climate changes result in negative impacts on water security, notably, in arid and semiarid regions of the planet [2,3,4,5].



In NEB, three sub-regions with different rainfall regimes are identified: The East Coast has its maximum rainfall in May, the Interior has its maximum rainfall in December, and the North has its maximum rainfall in March [6,7,8]. The climate in these regions is highly influenced by the Sea Surface Temperatures (SSTs) of the Tropical Atlantic and Pacific Oceans [9,10]. The main atmospheric systems that influence the climate in NEB are the Intertropical Convergence Zone (ITCZ) [11,12], South Atlantic Convergence Zone (SACZ) [13], cold fronts [6], Upper Tropospheric Cyclonic Vortices (UTCVs) [14], and Easterly Wave Disturbances (EWD) [15], presented in the synoptic scale. Mesoscale Convective Complexes (MCCs) [16], instability lines, and sea–land breezes [17] are presented in the mesoscale. On the local scale, isolated storms, and the circulation of valley–mountain breezes [18] are observed.



The residents of the Brazilian semiarid region experience frequent periods of water scarcity [7,19,20] caused by the high natural climate variability of rainfall on both spatial and temporal scales [21,22,23]. Historically, the NEB has experienced several droughts, such as in 1877–1878, when human activities had little impact on the global climate [24]. From 1877 onwards, other major droughts occurred in 1900, 1915, 1919, 1932, 1942, 1951–1953, 1958, 1970, 1979–1983, 1987, 1990, 1992–1993, 1997–1998, 2002–2003, 2012–2018, and 2021 [3,7,20,25,26]. In addition, climate change, often in combination with other problems, such as lack of food and unemployment caused by drought, has resulted in population migration (mostly rural) to other regions of Brazil, [20]. Understanding the current and future characteristics of temperature, precipitation, storms, floods, and droughts is important for planning actions related to society, including prevention and mitigation measures.



In the recent literature on climate change in South America (SA), different regions of interest were studied [27,28,29], but none of them focused on the whole NEB, rather only on some representative areas [30,31,32]. Thus, there is a demand to apply analyses of climate projections to the entire area to gather the information that helps in the understanding of how climate change will possibly impact different portions of the region. This may provide helpful information on setting up a climate change adaptation and mitigation plan for the region, substantially reducing GHG emissions in the coming decades, and contributing to climate-resilient pathways for sustainable development [33].



The Global Climate Models (GCMs) are used to better understand the functioning of the climate system. In this way, it is possible to simulate the historical behavior of the variables as well as to elaborate climate projections on global and regional scales [33,34]. In a collective effort to standardize assessments of GCMs on this scale, researchers have been improving climate modeling with the advancement of science and computational capacity, thus producing different phases of the Coupled Model Intercomparison Project (CMIP). This has provided data on several GCMs for both past and future periods. CMIP-derived products are the basis for climate-change-related assessments [35] and have contributed in recent years to the analyses presented by the Intergovernmental Panel on Climate Change (IPCC) [31,36]. This makes it possible to observe the evolution and potential of models to simulate large-scale historical phenomena and, therefore, enables their use in studies associated with climate change [35,37,38,39,40].



These models foster climate science by helping researchers understand how the change in land cover, the use of fossil fuels, and the human-induced degradation of natural resources unbalance the climate system. In this study, the CMIP6 models, the most current version among the CMIPs, are applied. The scenarios analyzed different possibilities of evolution and development as well as considered the challenges of mitigating and adapting to climate change. This context could be achieved when the mitigation targets of Representative Concentration Pathways (RCPs) are combined with Shared Socioeconomic Pathways (SSPs) [41,42,43]. These models present improved spatial resolution of physical parameterization and better representations of the processes associated with the Earth system and its components [35,40], resulting in greater climate sensitivity in their products [44].



It has already been observed that the CMIP6 models capture the main characteristics of the variable precipitation over South America [29]. These suggest more intense and lasting droughts, with fewer days of rain during the historically rainy season, thus resulting in higher temperatures in the northeastern portion of SA [45]. However, in this analysis, the high climatic variability in NEB was not carefully considered, as the authors used an average representative of the entire area, together with other locations in Brazil, which could lead to errors in their analysis since the rainy season in NEB starts at different times in each subregion. Due to this characteristic, more specific analyses of the NEB climate are necessary.



In this context, it is necessary to carry out studies on climate variability and their projections from the point of view of the new emission scenarios presented in CMIP6 and to provide suitable products for decision-makers. To strengthen this knowledge, it is necessary to carry out focused research on changes in precipitation and air temperature, which may help identify possible changes in climate patterns. Thus, this work aims to analyze the performance of 15 GCMs derived from CMIP6 in simulating the general characteristics of the historical behavior of precipitation and air temperature near the surface over three areas of the NEB and, after validation, generate projections for these two variables corresponding to four climate projection scenarios until the end of the 21st century.




2. Materials and Methods


2.1. Study Area


The Northeastern Brazilian region (NEB), shown in Figure 1, is characterized by average annual precipitation of approximately 800 mm, which may seem high, but with evapotranspiration exceeding 2000 mm and shallow soils and a crystalline basement, adaptation to this condition is already a challenge at present [46].




2.2. CMIP6 Models


We used historical data and projections of monthly precipitation and air near-surface temperature from 15 GCMs included in the CMIP6 experiments [36] and available on the Earth System Grid Federation portal (https://esgf-node.llnl.gov/search/cmip6/, accessed on 27 October 2021). Information on these models is shown in Table 1, along with the ensemble member, country of origin, atmospheric model component, and atmospheric resolution. These were selected due to their efficiency in reproducing the general characteristics of the precipitation and temperature variables in recent international studies around the globe [29,47,48,49]. The ensemble members are divided into four indices that represent the global attributes specific to each model: “r” for realization, “i” for initialization, “p” for physics, and “f” for forcing. The ensemble names “r1i1p1f1” and “r1i1p1f3” suggest that the ensemble members present the same initial and physical conditions but with different forcings, where “f1” is forcing derived from atmospheric model intercomparison project (AMIP) one-moment aerosol (OMA) simulations, and “f3” is forcing derived from E2.2 OMA simulations (ozone field update).



Although the historical simulations of CMIP6 cover the period from 1850 to 2014, the interval from 1980 to 2014 was selected for validation, as it is the most recent historical period (not bias-corrected) and has been used in recent research, including studies by the IPCC [50,51,52]. Shared socio-economic pathways (SSPs) describe probable configurations of the climate system according to global economic development scenarios [53]. Therefore, four SSPs were selected to analyze greenhouse gas emissions scenarios in each model using different climate policies between 2015 and 2100.



The SSPs discussed are: SSP1-2.6, which targets the world with economic development, low use of fossil fuels, and, therefore, sustainability; SSP3-7.0, which addresses regional disputes over natural resources; SSP5-8.5, which analyzes fossil-fuel-based economic development; and SSP2-4.5, which is the common ground among all the other SSPs. They are all included in the CMIP6 to complement the RCP introduced in the Coupled Model Intercomparison Project Phase (CMIP5) [54,55]. The SSPs are labeled as SSPX-Y, where “X” varies from 1 to 5 and identifies five socioeconomic scenario groups. In contrast, “Y” varies from 1.9 to 8.5 and characterizes the approximate radiative forcing of the 21st century [35].




2.3. Observation Data


We used near-surface air temperature data as well as precipitation information on a monthly scale with 0.5° resolution from the Climatic Research Unit gridded Time Series (CRU-TS) v. 4.03 [56,57] from 1980 to 2014. This database was chosen because it contains the desirable variables for this analysis in a high-resolution global terrestrial surface grid. CRU TS data are available from the Center for Environmental Data Analysis (CEDA: https://data.ceda.ac.uk//badc/cru/data/cru_ts/, accessed on 25 October 2021) or on the CRU website (https://crudata.uea.ac.uk/cru/data/hrg/, accessed on 25 October 2021). The climatic variables were analyzed in three subregions of NEB, namely the East Coast, Interior, and North of the NEB, all highlighted in Figure 1. In addition to the well-defined seasonal cycle, the selection of these subregions is due to their relevance in climatic, hydrological, and social studies of the NEB [6,7,8].




2.4. Methods


Since each GCM has its own spatial resolution, as shown in Table 1, each GCM output was spatially remapped by bilinear interpolation (statistical downscaling) to a typical grid of 1° × 1°. After these calculations, the simulations of each GCM could be verified for the historical period of reference and adjusted to the climatology of the same period in terms of percentage of bias and mean. The percent bias was used to qualitatively assess the simulation of the average behavior of monthly precipitation and air temperature near the surface by the 15 GCMs. This technique identifies the average tendency of the simulated values and, therefore, helps to understand the months in which there is underestimation and overestimation of the model in relation to the reference information for the current climate (1980–2014) for the elaboration of heat maps.



The Taylor diagram was applied to validate the CMIP6 used in this study, and ranking elaboration was used to quantify their spatial similarity with the reference data [36,58]. This technique graphically gives information about the performance of models when using various statistical criteria, such as root-mean-square error (RMSE), Pearson’s correlation coefficient (R), and standard deviation (SD) [59]. Assuming that R and normalized SD are close to 1 and the RMSE is 0, the model performs perfectly. On the basis of these metrics, the best models representing the seasonal precipitation and temperature cycles (all seasons) were chosen, and the climate change assessment was performed. As a result of this selection, 15 GCMs and the ensemble of the top five models were used to analyze climate change scenarios (SSPs) until the end of the 21st century. Therefore, the structure applied in this study consists of four steps, ranging from data acquisition to projections, as highlighted in Figure 2.





3. Results


3.1. Assessment of CMIP6 Simulations


The capacity of the models to distinguish the wet and dry periods for the region is evident in Figure 3, where the monthly averages of precipitation, the temperature of the CMIP6 models, and the reference data are shown. The descriptive analysis (percent bias) of how the 15 CMIP6 models and the ensemble simulate the annual cycle of these variables over the study area is shown in Figure 4 and Figure 5, respectively. The study used a reference period from 1980 to 2014.



On the East Coast (Figure 4a), most models (12 of 15) overestimate rainfall during the austral summer, a period with rainfall volumes concentrated in the southernmost regions of this subregion. In addition, eight out of fifteen models strongly underestimate precipitation characteristics during the austral winter. The CanESM5, BCC-CSM2-MR, and MPI-ESM1-2-HR models have less ability to simulate the climatological variability of the region, due mainly to the overestimation of precipitation during the austral summer. However, some models stand out for reproducing a value close to that which was observed; they are FIO-ESM-2-0, FGOALS-g3, and SAM0-UNICON.



In the rainy season, 11 out of the 15 models indicate overestimated precipitation over the Interior of the NEB (Figure 4b). The CMCC-ESM2, CanESM5, EC-Earth3-Veg, and GISS-E2-1-G models overestimate the historical precipitation. The ACCESS-ESM1-5, FIO-ESM-2-0, SAM0-UNICON, and FGOALS-g3 models fit better due to their low bias in relation to the reference data. In addition, the ensemble product can reproduce the variability of the annual cycle.



Historical simulations, such as those from the ACCESS-ESM1-5, AWI-CM-1-1-MR, MIROC6, and MPI-ESM1-2-HR models, showed the ability to represent rainfall in the NEB. The models’ simulations continue to overestimate the average rainfall in the rainy season for the North subregion (Figure 4c), except for the FGOALS-g3 model, which significantly underestimates the precipitation during the rainy season. In this evaluation, 12 of the 15 models overestimated precipitation, with the CMCC-ESM2, BCC-CSM2-MR, and MRI-ESM2-0 models doing so the most, particularly for March and April.



The simulation of the annual cycle of mean air temperature near the surface (CRU-TS4) is presented in Figure 3 and Figure 5. The pattern associated with underestimating mean surface temperature (3 of 15 models) during the austral winter is noted on the NEB East Coast (Figure 4a). The AWI-CM-1-1-MR, EC-Earth-Veg, and SAM0-UNICON models stand out for underestimating the temperature value, and the MIROC6 for overestimating it. However, in this subregion, the models can adjust to the characteristics of the reference data due to the low bias found. The best-performing models are the CMCC-ESM2, GISS-E2-1-G, KACE-1-0-G, and MRI-ESM2-0. The ensemble performed better than any other model by observing bias.



In the Interior (Figure 5b), most models indicate an underestimation of the temperature during the summer (3 of 15 models) and austral winter (6 of 15 models), and some of these models overestimate the temperature during the austral spring (7 of 15 models). The AWI-CM-1-1-MR, CanESM5, MPI-ESM1-2-HR, MRI-ESM2-0, and SAM0-UNICON have the highest temperature bias. On the other hand, models such as the CMCC-ESM2, KACE-1-0-G, ACCESS-ESM1-5, and FGOALS-g3 present a better fit to the reference values relative to the others. The ensemble tends to underestimate temperature behavior over months, but it reproduces the signal of the annual temperature cycle.



In the North subregion of NEB (Figure 5c), underestimation of temperature by the CMIP6 models (5 of 15) continues to be observed, with the difference occurring during the austral summer and the autumn. The high magnitude of temperatures during the austral spring is another notable feature (7 of 15 models). High absolute values of minimum and maximum magnitudes are observed in the AWI-CM-1-1-MR, EC-Earth3-Veg, FIO-ESM-2-0, MPI-ESM1-2-HR, and SAM0-UNICON models. The model with the best performance and, therefore, with the lowest bias value is the CMCC-ESM2. The ensemble showed the ability to simulate the temporal variability of the annual cycle of mean surface air temperature.



According to the temporal analyses elaborated for the temperature, the East Coast is the subregion where the CMIP6 models present the most remarkable ability to simulate the climatology of this temperature. However, in other areas, some CMIP6 models can simulate history. The underestimation of the values is observed more frequently during the austral winter, while the overestimation is more frequent in the austral spring. In recent studies, similar patterns have also been observed in South America [60,61]. Therefore, selecting the best models for ensemble formation is essential, as a poor selection of these can compromise its performance [62]. This indicates the necessity to apply statistical methodologies that focus on quantitative assessment and, thus, help select the best models to simulate historical conditions. Once the models are chosen, the ensemble is expected to provide more efficient climate projections due to the quality presented in simulating recent climate.



The Taylor diagram is frequently used to assess the efficiency of GCMs in simulating observed spatial patterns [63,64,65]. This diagram can graphically summarize how closely a set of models matches the observations [66] by providing RMSE, R, and SD. Therefore, the Taylor diagram distinguished the models with greater skill among the 15 CMIP models available in Table 1.



The seasonal comparison between the reference data and simulations by the CMIP6 models is carried out with the Taylor diagram to validate the variables precipitation and temperature, as shown in Figure 6 and Figure 7. The symbols correspond to the spatial simulation of each model studied and to the ensemble. Models identified with a correlation value greater than 0.6, a standard deviation between 1.00 ± 0.25, and an RMSE less than 1, are highlighted as the best performers [62].



The most representative simulations for precipitation (Figure 6) are observed in June, July, and August (JJA) and September, October, and November (SON) in the Interior and North subregions, compared with December, January, and February (DJF) and March, April, and May (MAM). Compared with the other periods, the best results are found in SON on the East Coast. When analyzed individually, the ensemble performance is better than most models, but it is not the best one. Therefore, we observed that some models have difficulty simulating the seasonal characteristics of rainfall (CRU-TS) at the spatial scale of NEB with greater efficiency.



The ensemble achieved better results in simulating the historical data during JJA and SON. For the East Coast (Figure 6a–d), there is a high standard deviation and a low correlation between the values of the models and the reference more frequently compared with the other subregions analyzed. These results corroborate with the bias analysis (Figure 4), where periods were observed in which the model underestimates and overestimates the reference data. However, some models present superior statistical performance according to the three metrics. The best models are the HadGEM3-GC31-MM, MIROC6, MRI-ESM2-0, SAM0-UNICON, EC-Earth3-Veg, and KACE-1-0-G.



Over the Interior of the NEB (Figure 6e–h), the correlation values are regularly above 0.60, with a low degree of dispersion. This demonstrates the more remarkable ability of the model to capture the seasonal characteristics of this subregion, more specifically for the dry season (JJA) and for the pre-rainy season (SON). Overestimation of precipitation is identified in the rainy season (DJF) and in the austral autumn (MAM). However, there are GCMs in good agreement with the reference point (REF). According to the Taylor diagram, the models with the greatest ability to reproduce seasonal characteristics are the HadGEM3-GC31-MM, SAM0-UNICON, EC-Earth3-Veg, MRI-ESM2-0, ACESS-ESM1-5, FIO-ESM-2-0, and AWI-CM-1-1-MR. The ensemble average showed a superior response to most models in DJF, JJA, and SON.



Considering the spatial distribution of rainfall over the northern subregion of NEB (Figure 6i–l), we identified the greater efficiency of the models in simulating rainfall during MAM, JJA, and SON. Due to the underestimation of the variable by the models in DJF, there is a high degree of dispersion highlighted in the Taylor diagram, reducing the ensemble performance during the rainy season. The models that showed the best ability to replicate the spatial behavior of rainfall over the northern NEB are SAM0-UNICON, FIO-ESM2-0, ACCESS-ESM1-5, MRI-ESM2-0, HadGEM3-GC31-MM, EC- Earth3-Veg, and KACE-1-0-G. Figure 6 shows that the ensemble presented good results during MAM, JJA, and SON.



By applying the Taylor diagram, we found the five models that best fit the climatological and spatial characteristics of rainfall for NEB to be HadGEM3-GC31-MM, MRI-ESM2-0, FIO-ESM-2-0, ACCESS-ESM1-5, and EC-Earth3-Veg. During the elaboration of the Taylor diagram, there are times when the results exceed the limits of the graph and, therefore, are not highlighted. It is important to show that the simulations of precipitation by the climate models are a great challenge, due to the great uncertainties associated with the high spatial variability and difficulty in simulating with skill systems, such as ITCZ and SACZ [67]. Therefore, the validation of climate models from databases consolidated by the scientific community, such as the CRU-TS [27], is always recommended [29]. It is known that information from meteorological stations is of fundamental importance in our daily activities as well as in the analysis of climate behavior through scientific research, which provides decision-makers with the best planning of public policies for society. However, spatial data and their quality are frequently limited, as seen in our study area (NEB), where there are few meteorological stations and technical difficulties in keeping them operational. After a robust bibliographical analysis, the CRU-TS version 4 database [57] was selected. It undergoes an efficient interpolation process, where information is used not only on temperature and precipitation but also on seven variables provided by surface stations (mean, minimum, and maximum temperatures; precipitation; vapor pressure; wet days; and cloud cover), thus serving as a reference for validation analyses of CMIP6 models in climate analyses at global and regional levels.



It was verified that the models were more efficient in simulating air temperature data (Figure 7) between the JJA and SON periods for the Interior and North sub-regions. The results indicate superior ability during the austral spring (SON) on the East Coast, as also identified for the precipitation analysis (Figure 6). The CMIP6 ensemble results demonstrate its better performance, in relation to individual models, in capturing the seasonal characteristics of air temperature rather than precipitation. Therefore, in general, the ensemble more efficiently simulates seasonal air temperature patterns in the NEB.



Despite the overall performance, HadGEM3-GC31-MM, MRI-ESM2-0, AWI-CM-1-1-MR, FIO-ESM-2-0, MPI-ESM1-2-HR, GISS-E2-1-G, and the ensemble of all GCMs are ranked as the most skilled according to Taylor diagrams. The Taylor diagrams indicate a high bias of the models in simulating air temperature over the historical period during the four quarters for the East Coast of the NEB (Figure 7a–d). The pattern already observed in the precipitation simulations persists (Figure 6a–d). Temperature underestimation during the annual cycle is most frequently found in CMIP6 models (Figure 5a).



The models have superior skill in relation to the other areas in the Interior, as highlighted in the Taylor diagram (Figure 7e–h). Once again, the model shows a more remarkable ability to capture the seasonal characteristics of this area, as justified by the high correlation values, low RMSE, and the degree of data dispersion close to the reference point. The models can reproduce the seasonal component of climate variability between autumn and austral spring with a more remarkable degree of spatial similarity. The simulations for DJF present a qualitative performance inferior to the other periods, but models with good behavior are recommended for this region. Verifying the model’s ability to simulate the seasonal variability of the air temperature in the Interior shows that the HadGEM3-GC31-MM, MRI-ESM2-0, MPI-ESM1-2-HR, FIO-ESM-2-0, SAM0-UNICON, and AWI-CM-1-1-MR models are the most skillful, according to the semi-qualitative analysis based on Taylor diagrams. The ensemble can reproduce the seasonal variability studied, mainly in the MAM and JJA periods.



Overall, the ensemble of 15 CMIP6 models stands out for how well it simulates climate variability compared with most other models, mainly in MAM. For the North subregion, most CMIP6 models have high standard deviations of air temperature in all seasons due to overestimation relative to the reference point (Figure 7i–l). Significant correlation and moderate RMSE values are observed in the Taylor diagram in MAM, JJA, and SON, justifying the usefulness of the models. HadGEM3-GC31-MM, FIO-ESM2-0, CMCC-ESM2, AWI-CM-1-1-MR, BCC-CSM2-MR, and EC-Earth3-Veg are the GCMs that better reproduce the spatial temperature variability of the subregion.



After validating the models using the Taylor diagram, we found that the top five models with the ability to simulate the spatial variability of air temperature near the surface for NEB are HadGEM3-GC31-MM, FIO-ESM-2-0, MPI-ESM1-2-HR, AWI-CM-1-1-MR, and MRI-ESM2-0.




3.2. Future Climate Change Scenarios


It is shown how the projections for the period 2015–2100 under different scenarios elaborated the use of the ensemble of the 15 models (Figure 8, Figure 9 and Figure 10) and the ensemble of the top 5 models, according to the Taylor diagrams (Figure 11, Figure 12 and Figure 13), for the precipitation and the temperature of the air near the surface. The analysis of the percentage (relative change) projected for the variable precipitation and temperature anomalies (°C) uses the recent period (1980–2014) as a reference.



The temporal evolution of the precipitation anomalies for the East Coast (Figure 8a and Figure 9a) shows a decrease in rainfall in both scenarios. The negative trend curve is more evident in the SSP3-7.0 and SSP5-8.5 scenarios in the long-term period. The 15 models (Figure 8a) suggest an annual loss of rainfall greater than −20% until 2100, with a greater chance of extreme climate events, mostly negative, in all scenarios. However, the projections that presented the highest accentuated precipitation deficits correspond to the scenarios of regional rivalry (SSP3-7.0) and development powered by fossil fuels (SSP5-8.5), as seen in Figure 9a. When analyzing the ensemble of the five best models (Figure 11a and Figure 12a), there is high variability in the precipitation projections for the SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. The identified variability, as expected, is higher in relation to the 15 model-based ensemble results, resulting in more significant extremes. The most robust temporal trend is the decrease in annual rainfall. For example, the regional rivalry scenario suggests a reduction of up to 30% of the average for the near-term (2021–2040) (Figure 12a). In the intermediate scenario (SSP2-4.5), the rainfall volume may decrease by up to 27% (long-term). It is essential to highlight that rainfall variability stays around the average (with the deficit) in the sustainable development scenario (SSP1-2.6). Even with outliers with a low rainfall bias, the value remains higher than the lower limits found in the other scenarios (long-term).



The temporal evolution of air temperature anomalies for the East Coast of NEB for the global (Figure 8b and Figure 10a) and top five (Figure 11b and Figure 13a) model ensembles are very similar. These results indicate an average increase in air temperature in the four scenarios, especially after mid-2040. In the sustainable development scenario (SSP1-2.6), which is the least pessimistic, there is an increase of at least 1 °C in air temperature. An increase of more than 2 °C is projected for the intermediate scenario (SSP2-4.5). The scenario of regional rivalry (SSP3-7.0) suggests temperature increases close to 2 °C in the mid-term and above 3 °C at the end of the century. Temperature increases above 2 °C are projected for mid-century in the fossil-fuel-powered development scenario (SSP5-8.5), exceeding 4 °C by the end of the century. In the global ensemble, we observe that the temperature values are slightly higher than those corresponding to the top 5 models’ ensemble. However, the variability in the top 5 models’ ensemble is higher, resulting in the most positive and negative extreme values.



The global ensemble indicates relative changes close to 10%, for all scenarios, in the behavior of precipitation over the Interior of the NEB (Figure 8c and Figure 9b), which suggests an increase or decrease of 10% in the annual total. In the intermediate scenario, extreme high-intensity rainfall events may occur until the end of the century (SSP2-4.5). It is known in the literature that drought events are part of the climatic characteristics of the region; however, these events would be more frequent in the long-term period, as shown in the results of intermediate scenarios (SSP2-4.5), in regional rivalry (SSP3-7.0), and high emissions (SSP5-8.5) scenario results (Figure 9b). The sustainable development scenario (SSP1-2.6) suggests precipitation events with extreme patterns in the coming decades; however, in the middle of the century, the total volume starts to vary close to the climatology. The top 5 model ensemble results (Figure 11c and Figure 12b) show changes in the range of 20%.



The projection for the intermediate scenario (SSP2-4.5) indicates a negative trend in total precipitation in the coming decades (2021–2040). This would again vary in the climatological environment in the mid-term period, and even then, more severe droughts and extreme rainfall are likely to happen. Extreme droughts in the coming decades are identified in the scenario of regional rivalry (SSP3-7.0), which would likely cause water conflicts in the region. Around 2040, an inversion in the trend curve is observed, which becomes positive until the end of the timescale studied. Therefore, in this scenario, there is a greater probability of capturing water resources for the subregions and raising awareness of floods, which already occur frequently. Assuming the current development scenario powered by fossil fuels (SSP5-8.5) remains unchanged, in that case, events followed by droughts will be observed in the coming decade, with above-average rainfall occurring until the mid-term period and stabilizing within the average. In the scenario where the world follows sustainable development (SSP1-2.6), relative change finds a high degree of short-term variability. After this period, the trend predicts rainfall volumes close to climatology, with a drier event close to 2100, corresponding to a probable natural payback period.



In the Interior region, the global ensemble suggests an average increase in air temperature (Figure 8d and Figure 10b) in all scenarios of at least 1 °C in the near-term period. The projection for the sustainable development scenario (SSP1-2.6) indicates an increase of 1.5 °C between 2041 and 2060, with probable stabilization of this anomaly until the end of the century and no tendency to return to the initial levels. The increase in temperature gains strength in the intermediate scenario (SSP2-4.5). It exceeds and maintains the level of positive anomalies above 2 °C after the mid-term period, with a probable increase of up to 3 °C close to 2100. The intensity of the rises in temperature gains almost linear growth trends, with the climatic forces present in the scenarios of regional rivalry (SSP3-7.0) and development powered by fossil fuels (SSP5-8.5), wherein in the scenario of the dispute (SSP3-7.0), the increase in temperature exceeds 2 °C in 2060 and 4 °C at the end of the century. In the scenario developed with fossil fuels (SSP5-8.5), the growth is more expressive than in the other scenarios, as it presents incredible anomalies of 4 °C in 2080 and, ten years later, exceeds the level of 5 °C.



According to the ensemble of the five best models, an increase in air temperature is projected (Figure 11d and Figure 13b) until the end of the 21st century, similar to the behavior observed and discussed in the global ensemble scenarios. The difference is that the interannual climate variability in the set of the best models is higher and the air temperature increase projection is slightly lower than that found in the global ensemble in the SSP1-2.6, SSP2-4.5, and SSP3-7.0 scenarios.



In the case of precipitation projections over the North subregion of the NEB presented in the global ensemble (Figure 8e and Figure 9c), variability close to 10% in the relative change is identified, with frequent moments of rainfall deficit. The scenario corresponding to sustainable development (SSP1-2.6) suggests that the total annual volume oscillates close to the climatology. In the mid-term and long-term periods, there may be rains 10% below the average expected in the region (extremes) (Figure 9c).



The occurrence of rainfall close to normal but with variation in the lower and upper limits of 10% is verified in the intermediate scenario (SSP2-4.5). The consistency in simulating the sign that a great drought would occur in 2017 is already evident. The characteristics of a world with regional rivalry (SSP3-7.0) are similar to the average of the other scenarios described, but with a slight general decline in total precipitation. The relative change in rainfall is more significant in the high-emissions scenario (SSP5-8.5) than in other scenarios. However, there is a temporal similarity in some decades with the other scenarios; the trend curve would negatively predominate in the long-term period.



The ensemble of the best models suggests high rainfall variability (Figure 11e and Figure 12c) in the 21st century, with a relative change corresponding to a deviation of ±20% in rainfall behavior. This set managed better to simulate the signs of the last recorded droughts. In the sustainable (SSP1-2.6) and intermediate (SSP2-4.5) development scenarios, rainfall variability meets the seasonality characteristic of the region and, therefore, oscillates near the average. Still, we highlight that in the intermediate scenario (SSP2-4.5), there is a greater probability of climatic extremes associated with drought events. There is an assumption that the deficit in the total volume of annual rainfall persists until 2100 in the scenario of regional rivalry (SSP3-7.0), which is more dangerous for the storage of water resources than in the other scenarios presented in Figure 11e. Climate extremes with rainfall decay and an increase of more than 20% (mid-term period) are suggested in the high-emission scenario (SSP5-8.5). It proposes that in the next 50 years, the region will experience severe droughts (near-term period) and extreme rainfall (~2050) and then a decrease in the total expected volume.



For the air temperature over the North of NEB, the scenarios indicate an increase between 1 °C and 5 °C in the two ensembles (global and best models) (Figure 8f, Figure 10c, Figure 11f and Figure 13c). For the sustainable development (SSP1-2.6) environment, the simulations suggest temperatures are still “mild” in the near-term period. However, in the mid-term period, the average temperature would exceed 1 °C, with the strength to reach 2 °C in mid-2050, ranging between these thresholds until 2100. The intermediate scenario (SSP2-4.5) increases the air temperature throughout the entire timescale studied.



In the mid-term period, the anomaly approaches 1.5 °C, with smooth and continuous growth until mid-2090, when it stabilizes with anomalies close to 2.5 °C (Figure 8f and Figure 10c). Continuous and more expressive temperature increases are presented in the scenarios of regional rivalry (SSP3-7.0) and high emissions (SSP5-8.5). In the dispute scenario (SSP3-7.0), the anomalies exceed 2 °C in the mid-term period and approach the 4 °C ceiling at the end of the century. The worst-case scenario (SSP5-8.5) would be an increase of 2 °C in the mid-term period, with potential anomalies of 5 °C in 2100. When we analyze the information presented by the set of best models (Figure 11f and Figure 13c), we observe a more significant interannual variability of temperature anomalies (Figure 11f). The high emission scenario (SSP5-8.5) is similar to the behavior described in the global ensemble. Anomalies close to 1 °C are presented in the most optimistic scenario (SSP1-2.6) in the near-term period (Figure 13c). In the intermediate scenario (SSP2-4.5) temperatures could increase by up to 2 °C in the long term. It does not show a tendency to return to reference standards. The ranking ensemble suggests an increase in temperature in the scenario of more intimate regional rivalry (SSP3-7.0) compared with the global ensemble. Due to this factor, the air temperature anomaly would not reach 4 °C until the end of the 21st century.





4. Discussion


The set of CMIP6 models better simulates the behavior of the variable temperature of the air near the surface than that of precipitation, mainly between December and April. In addition to the characteristics of temperature data (continuous data) and precipitation (discrete data), this may be associated with the high climate variability characteristic of the region, which occurs in different categories of precipitation intensity [3], and the difficulty of GCMs in simulating some meteorological systems, such as the ITCZ and SACZ [68,69]. During this period, the ITCZ is in its southernmost position in its climatology, and it is the primary regulator of rainfall in this region [70,71,72].



As observed by the bias, the annual precipitation cycle simulations in the Interior and North subregions are superior to those found on the East Coast of the NEB. This occurs due to the high precipitation volumes during the austral summer, as simulated by the models for the East Coast. During the rainy season, a high value of bias is found more frequently when compared with the dry season of the respective study areas. Similar results were obtained by [29] when studying CMIP6 simulations in South America. However, in all subregions, some models similarly reproduce the temporal variance of the average rainfall volume in the area. We also highlight the ensemble’s ability and usefulness in simulating precipitation climatology. Another cause of these biases may be the difficulty of CMIP6 models to represent high climate variability due, for example, to their low original resolution and the topography of the analyzed domains [73,74].



The behavior of the rainfall volume in response to climatic forces indicates little change (in general) in the annual average for the North and Interior subregions of the NEB. At the same time, there is a tendency to decrease by approximately 5 to 30% of the annual rainfall volume on the East Coast. Both locations are subject to extreme weather events, mainly droughts, as observed in the outliers (black dots). The air temperature response to climatic forces highlights a tendency to increase in the coming years by at least 1 °C. Even so, in its worst-case scenario (SSP5-8.5), it could exceed 5 °C by 2100.



The projections of the best models (Figure 11) show an average decrease in precipitation with greater intensity and more significant air temperature variability. The positive trend in air temperature is observed to be slightly higher in the global set of CMIP6 (Figure 8, Figure 9 and Figure 10) than in the best models (Figure 11, Figure 12 and Figure 13); analyses were also obtained by [29] when studying climate change over South America. Another important highlight of the sustainable development scenario is that after the mid-term period, the curve of air temperature anomalies tends to approach neutrality slowly, therefore showing a positive response from nature to the concept of sustainability. Therefore, the time to invest in drastic and sustainable change is now [75].



The scenario results may be of great value to inform public sector decisions in guiding a differentiated sustainable development strategy among the three subregions in terms of, for example, infrastructure or water governance. It is essential to establish a reliable early warning system (monitoring and forecasting), promote research in the context of adaptation to extremes, and develop technically sound public policies more adapted to the high variability of the region, aiming for a more resilient society to climate risk.




5. Conclusions


The results presented in this work confirm the efficiency of the CMIP6 models in simulating the climatological pattern of the precipitation and air temperature variables (the best skill), which is generally similar or superior to the CMIP5 models; this is due to the lower bias found in the CMIP6 models, which is provided by improvements in physical processes and greater spatial resolution [76,77,78]. CMIP6 models can also better simulate maximum rainfall values [71].



The Taylor diagram technique proves to be helpful for validating and selecting models with a greater ability to simulate the spatial behavior of variables. This methodology made it possible to identify the HadGEM3-GC31-MM, MRI-ESM2-0, FIO-ESM-2-0, ACCESS-ESM1-5, and EC-Earth3-Veg models as those with the greatest skill in simulating the seasonal characteristics of the precipitation, and the HadGEM3-GC31-MM, FIO-ESM-2-0, MPI-ESM1-2-HR, AWI-CM-1-1-MR, and MRI-ESM2-0 models as the most efficient in simulating seasonal behavior the temperature of the air near the surface.



The CMIP6 GCMs models chosen here efficiently simulate the climatology of precipitation and air temperature near the surface, distinguishing between rainy and dry seasons, which is a feature of NEB. In terms of the global ensemble, it is better at simulating seasonal air temperature characteristics than precipitation. However, due to the systematic biases in the models, underestimation or overestimation is observed. In this context, model validation is essential for developing climate projections with greater confidence. However, it is worth highlighting that, where possible, it is convenient to use observed data rather than global products (e.g., CRU TS).



The air temperature over NEB would irreversibly remain at levels between 1 °C and 5.4 °C above the average of the period of reference, depending on the scenario considered. Overall, the global ensemble suggests an increase in temperature in the SSP1-2.6, SSP2-4.5, and SSP3-7.0 scenarios, higher than those presented in the ranked best models. This temperature rise has, therefore, led to an increase in evaporation and evapotranspiration, which negatively impacts the water volumes of the surface reservoirs and, concurrently, increases the water demand for irrigated agriculture.



The decrease in rainfall is more prominent during the high emission scenario (SSP5-8.5) compared with the other scenarios. Still, it is also likely that the regional rivalry scenario (SSP3-7.0) could cause more climate risk assessments than the high CO2 emission scenario (SSP5-8.5), where the East Coast, which has the most impact on the economy and on the generation of agricultural supplies for the NEB, would experience significant negative impacts on its rainfall regime, with a reduction of up to 30% in its annual volume. This possible impact raises the maximum alert to decision-makers about the increase in frequency, severity, and duration of meteorological droughts. Public policies should be urgently implemented to promote the region’s sustainable development and a more resilient society to climate risk.



GCMs can simulate the historical behavior of the climate variables under study and provide reliable projections. However, the low spatial resolution does not consider local characteristics such as deforestation, fires, soil degradation, erosion, river silting, waste of natural resources, and water contamination. In future activities, daily data from CMIP6 will be used for specific regions of the NEB to verify areas with greater sensitivity to climate risk and assess the characteristics of future extreme events.
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Figure 1. Northeastern Brazil and the three subregions used in this study: East Coast, Interior, and North. 
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Figure 2. Flowchart illustrating the steps applied in this study to obtain projections of climate change scenarios. 
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Figure 3. Annual cycle of average precipitation and temperature over subregions along the East Coast (a,b), Interior (c,d), and North (e,f) of the NEB, based on the reference period (1980–2014). The 15 CMIP6 models are highlighted by the gray line, the ensemble line in red, and the reference data (CRU-TS) line in black. 
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Figure 4. Annual cycle of average precipitation over subregions (a) East Coast, (b) Interior, and (c) North of NEB, based on the reference period (1980–2014). 
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Figure 5. Annual cycle of mean surface air temperature over subregions (a) East Coast, (b) Interior, and (c) North of the NEB, based on the reference period (1980–2014). 
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Figure 6. Taylor diagram analysis of seasonal precipitation averaged over the East Coast (a–d), Interior (e–h), and North (i–l) of NEB for 15 CMIP6 models in DJF (first column), MAM (second column), JJA (third column), and SON (fourth column). The term “REF” indicates the reference data from 1980 to 2014. 
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Figure 7. Taylor diagram analysis of seasonal near-surface air temperature averaged over the East Coast (a–d), Interior (e–h), and North (i–l) of the NEB, for 15 CMIP6 models in DJF (first column), MAM (second column), JJA (third column), and SON (fourth column). The term “REF” indicates the reference data from 1980 to 2014. 
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Figure 8. Projections of total annual precipitation anomalies (%) and air temperature near the surface (°C) on NEB relative to the reference period (1980–2014): (a,b) East Coast, (c,d) Interior, and (e,f) North. The colored lines correspond to the average of the 15 models (ensemble) of CMIP6 for the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. 
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Figure 9. Boxplot of the relative change in precipitation for the near-term, mid-term, and long-term (end of the century) periods: (a) East Coast, (b) Interior, and (c) North. The colored box plot corresponds to the average of the 15 models (ensemble) of CMIP6 for the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. 
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Figure 10. Boxplot of the air temperature anomaly CMIP6 for the near-term, mid-term, and long-term (end of the century) period: (a) East Coast, (b) Interior, and (c) North. The colored box plot corresponds to the average of the 15 models (ensemble) of CMIP6 for the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. 
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Figure 11. Projections of total annual precipitation anomalies (%) and air temperature near the surface (°C) on NEB relative to the reference period (1980–2014): (a,b) East Coast, (c,d) Interior, and (e,f) North. The colored lines correspond to the average of the 5 best models (ensemble) of CMIP6 for the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. 
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Figure 12. Boxplot of the relative change in precipitation CMIP6 for the near-term, mid-term, and long-term (end of the century) period: (a) East Coast, (b) Interior, and (c) North. The colored box plot corresponds to the average 5 best models (ensemble) of CMIP6 for the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. 
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Figure 13. Boxplot of the air temperature anomaly CMIP6 for the near-term, mid-term, and long-term (end of the century) periods: (a) East Coast, (b) Interior, and (c) North. The colored box plot corresponds to the average of the 5 best models (ensemble) of CMIP6 for the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. 
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Table 1. List of the CMIP6 models used in this study with country-of-origin information and horizontal resolution.
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	CMIP6 Model
	Ensemble

Member
	Country

of Origin
	Atmospheric

Model Component
	Atmospheric

Resolution (Long × Lat)





	1 ACCESS-ESM1-5
	r1i1p1f1
	Australia
	HadGAM2
	1.9° × 1.2°



	2 AWI-CM-1-1-MR
	r1i1p1f1
	Germany
	ECHAM6.3.04p1
	0.9° × 0.9°



	3 BCC-CSM2-MR
	r1i1p1f1
	China
	BCC_AGCM3_MR
	1.1° × 1.1°



	4 CanESM5
	r1i1p1f1
	Canada
	CanAM5
	2.8° × 2.8°



	5 CMCC-ESM2
	r1i1p1f1
	Italy
	CAM5.3
	1.3° × 0.9°



	6 EC-Earth3-CC
	r1i1p1f1
	Europe
	IFS cy36r4
	3° × 2°



	7 FGOALS-g3
	r1i1p1f1
	China
	GAMIL3
	2° × 2°



	8 FIO-ESM-2-0
	r1i1p1f1
	China
	CAM4
	1.3° × 0.9°



	9 GISS-E2-1-G
	r1i1p1f1
	USA
	GISS-E2.1
	2.5° × 2°



	10 HadGEM3-GC31-MM
	r1i1p1f3
	United Kingdom
	MetUM-HadGEM3-GA7.1
	0.8° × 0.6°



	11 KACE-1-0-G
	r1i1p1f1
	South Korea
	MetUM-HadGEM3-GA7.1
	1.9° × 1.3°



	12 MIROC6
	r1i1p1f1
	Japan
	AGCM
	1.4° × 1.4°



	13 MPI-ESM1-2-HR
	r1i1p1f1
	Germany
	ECHAM6.3
	0.9° × 0.9°



	14 MRI-ESM2-0
	r1i1p1f1
	Japan
	MRI-AGCM3.5
	1.1° × 1.1°



	15 SAM0-UNICON
	r1i1p1f1
	South Korea
	CAM5.3 with UNICON
	1.3° × 0.9°
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
HISTORICAL
SSP1-2.6
SSP2-4.5
SSP3-7.0
SSP5-8.5

CMIP6 DATA

Downscalling model by
Bilinear Interpolation

o
=
0
0
L
S
@)
[
o

Percente Bias
Taylor Diagram

EVALUATION
OF MODELS

Near-term
Mid-term
Long-term

IMPACT
ASSESSMENT






media/file26.jpg
(b)  2021-2040 (nearterm)

Interior
Temperature (°C)

North

Temperature (°C)

20412060 (mid-term) 2081-2100 (long-term)

2 *
o
55p126 ssp245 55070 ssp585

(@ 2021-2040 (earsom)

ot

***#4-*

SSp126 $5p245 Sep370 sSpSES  $5p126 58245 s5p3T0 589585
Scenarios

12041-2060 (mid-term) 2081-2100 (long-term)

2

‘-y_-#qﬁ

o
59125 599245 569370 sepsEs

IE

.g.##*-a.*

59126 s3p245 sep370 sepSaS  s9p126 sep24S sepATO sspSES
Soenaios





media/file27.png
East Coast

(a)

Temperature (°C)

2021-2040 (near-term)

2041-2060 (mid-term)

2081-2100 (long-term)

-1-*#*

-l-*—*

ssp126 ssp245 ssp370 ssp585

ssp126 ssp245 ssp370 ssp585
Scenarios

ssp126 ssp245 ssp370 ssp585






media/file18.png
East Coast

Interior
Standard Deviation (Normalised)

Standard Deviation (Normalised)

North

Standard Deviation (Normalised)

—
D

—
-
e

0 Tgm N
" X o
o T® ik y s 0.95 o

>
»
/
=
[Ls]
Standard Deviation (Normalised)

' |
£
o]

0.0 0.5 REF 15
Standard Deviation {Normalised)

0
Standard Deviation (Normalised) —
0 S

'
-

RLI_E:F 1.5
Standard Deviation {Normalised)

s Ea 05 O
] 0.6 T
: > [
' TN0T %%,
e,
-- 1 M a

0.0 0.5 REF 15 0.0
Standard Deviation {Normalised)

d T . ﬁ Lr? |
- -E ' r03:040 > A
.1? 06, .

p——
N—
S

i e ﬂ 95

*
Standard Deviation (Normalised

.99
|

0.5 REF 15
Standard Deviation {Normalised)

0.1

rDEOS

T

.99
L '

0.0

0.5 REF 1.5 0.0
Standard Deviation {Normalised)

* ENSEMBLE
© ACCESS-ESM1

® AWI-CM-1-1-MR

® BCC-CSM2-MR

0.5 REF 15
Standard Deviation {Normalised)
e CMCC-ESM2

-5 CanESM5

FGOALS-g3

p—
]

Standard Deviation (Normalised)

Standard Deviation (Normalised)

=

Standard Deviation (Normalised)

1.0

0.5

0.0

0.0

)

i .95

., .99
L '

0.

0 0.5 REF 15
Standard Deviation {Normalised)

.99
|

0

0 05 REF 15

Standard Deviation {Normalised)

L -. 0.8
. \'\_ . _.\\ .\,0 9

® FIO-ESM-2-0 &
= GISS-E2-1-G A
EC-Earth3-Veg ® HadGEM3-GC31-MM 4
4 KACE-1-0-G A

REF 15
Standard Deviation {Normalised)

MIROCG
MPI-ESM1-2-HR
MRI-ESM2-0
SAMO-UNICON

Standard Deviation (Normalised)

Standard Deviation (Normalised)

a—
—
S

Standard Deviation (Normalised)

0.0

—
=
e

\ b.99
0.0 0.5 REF 15
Standard Deviation {Normalised)

: D5
:1.- ;‘.‘7"\.9'6 Oj}@/
. -:-’ \'\OI? &}'
I RN
) 0.8

“0.0 05 REF 15

Standard Deviation {Normalised)

[ — i 1.. { a
\H‘t"\'- - '- i,
4 = \ s "39.95
\ .99
i | |

0.0 0.5 REF 15
Standard Deviation {Normalised)





media/file34.jpg
(b)

Interior
Precipitation (%)

North
Precipitation (%)

2021-2040 (near-term) 2041-2060 (mid-term)

sl

6125 855245 $5p3T0 sepSES  55p126 85p24S sspaTO sepSES
‘Scenarios.

2021-2040 (near-term) 2041-2060 (mid-term)

2081-2100 (long-term)

|“

5p125 s5p245 $5p370 saps8s

2081-2100 (long-term)

o o

56125 550245 s5p3T0 sspS8S  pIZB ssp2e5 ssp3T0 sepses
‘Scenarios.

!“

55p126 359245 55p70 s3p585






media/file21.jpg
East Coast
Precipitation (%)

(a

2

20212040 (near-term)

2081-2100 (long-term)

SALILA LTI

SSP126 3p245 $5p370 sSpSES 59126 SSp245 SSp370 SSPSBS  85p126 SSpR4S SspITO 58585
Bowiaon





media/file31.png
East Coast

Precipitation (%)

—
o b)
S

40 -

Ll A
il “\"W “J\!"p?‘ﬂ{“

1980 2010 2040 2070 2100
Time (year)

(b)

Temperature (°C)

1980 2010 2040 2070 2100
Time (year)





media/file39.png
East Coast
Temperature (°C)

(a)

2021-2040 (near-term)

2041-2060 (mid-term)

2081-2100 (long-term)

Leem

s

-h**

ssp126 ssp245 ssp370 ssp585

ssp126 ssp245 ssp370 ssp585
Scenarios

ssp126 ssp245 ssp370 ssp585






media/file3.jpg
CMIP6 DATA

Q
]
@
o
i
Q
o
4
a

EVALUATION
OF MODELS

IMPACT
ASSESSMENT

HISTORICAL
SSP1-2.6
SSP2-4.5
SSP3-7.0
SSP5-8.5

Downscalling model by
Bilinear Interpolation

Percente Bias
Taylor Diagram

Near-term
Mid-term
Long-term






media/file14.jpg
e

L7
;;,‘
i

« ENSEVBLE + CHGCESW = FIOESW20 4 MIROCE

¥ JOCESSESMIS + CuEols - GRSEXIG  a MPLESM2HR

< AWLGHT-THR * EC Eamhaeg = HadGEMS.GOSIMM + MRIESU20
TSMIMR  » FOOMS(S * & KACETO.C & SAMDANICON






media/file35.png
(a) 2021-2040 (near-term) 2041-2060 (mid-term) 2081-2100 (long-term)

20+

MO

ssp126 ssp245 sspSTO ssp585 ssp126 ssp245 ssp370 sspb585 sspl126 ssp245 ssp370 ssp585
Scenarios

East Coast
Precipitation (%)
o






media/file19.jpg
East Coast

Preciptaton ()

North

Precpaton ()

(@) 4

(e) «

P

Wm0 a0 mo a2

w0 @0 a0 w0z

Timo o)

Timo o)

e P

W @0 a0 mo 2

Timo o)

(b)

Tomperat (C)

(a)

Tomperat (G)

®

Tomperatr (C)

ol

1980

B

£
Timo o

— Historical — SSP126 — SSP245 — SSP370 — SSP585

B

N lgl £

I

N

B





media/file7.jpg





media/file28.png
(b)

North Interior

Temperature (°C)

Temperature (°C)

(c)

2021-2040 (near-term)

2041-2060 (mid-term)

2081-2100 (long-term)

R

Lau®

2
—

e

ssp126 ssp245 ssp370 ssp585

2021-2040 (near-term)

ssp126 ssp245 ssp370 ssp585
Scenarios

2041-2060 (mid-term)

ssp126 ssp245 ssp370 ssp585

2081-2100 (long-term)

- = 5 m

sy

ssp126 ssp245 ssp370 ssp585

ssp126 ssp245 ssp370 ssp585
Scenarios

ssp126 ssp245 ssp370 ssp585






media/file23.png
East Coast

Precipitation (%)

(a)

20+

-20 -

2021-2040 (near-term)

2041-2060 (mid-term) 2081-2100 (long-term)

: -

s5cw

ssp126 ssp245 ssp370 ssp585

ssp126 ssp245 ssp370 ssp585 ssp126 ssp245 ssp370 ssp585
Scenarios






media/file40.png
North Interior

Temperature (°C)

(b)

Temperature (°C)

(c)

2021-2040 (near-term)

2041-2060 (mid-term)

2081-2100 (long-term)

+++ﬁ

IT

"

ssp126 ssp245 ssp370 ssp585

2021-2040 (near-term)

ssp126 ssp245 ssp370 ssp585
Scenarios

2041-2060 (mid-term)

ssp126 ssp245 ssp370 ssp585

2081-2100 (long-term)

L

-l-ﬁ**

ssp126 ssp245 ssp370 ssp585

ssp126 ssp245 ssp370 ssp585
Scenarios

ssp126 ssp245 ssp370 ssp585






media/file15.png
East Coast

Standard Deviation {Normalised)

Interior

Standard Deviation {Normalised)

0
Q)
-
=
=
2
wn
)
=

1.5
I
|

(%]
[ ]
(%]

5

|
Jo
1o
[

(%]
[ ]
(%]

1.0
>
\}0

1.0

Standard Deviation {Normalised)
Standard Deviation {Normalised)
Standard Deviation {Normalised)

0.0 0.5 REF 1.5 REF 1.5
Standard Deviation (Normalised} Standard Deviation (Normalised) Standard Deviation (Normalised)

—

ey
S’
-
S
—

=

0.1 0.1

=5 f -—l—,—_—p,'_z,__U.S 0.4 T :f ’-_—wp,'.%_O.SDJ‘ 5

2 0B 3 05 o 2

= C T 08 %y T T TN 08 9% E

E ; 07 ‘% E SN 0.7 % E

£ 2 ——-.i 4 1‘)\5\_ ? 29 1 N K =

A X8 5 . X8 5

= [ % RN = Y N =

'E o - Y, Ru »m \, ,E

5 0w EN ‘l’ e X z - W ® 09 =

2 ; 4% Y 8 . A &

-5 AN .95 T - 0.5 0.95 24

] - 3 | | [ ,

E ' i E %; E l"'.

© i '- =

= ! ?.99 & .; 0.99 i ."

2= . E | o i ', b = a
0.0 0.5 REF 1.5 “0.0 0.5 REF 15 REF 1.5

Standard Deviation (Normalised) Standard Deviation (Normalised) Standard Deviation {Normalised) Standard Deviation (Normalised)





media/file33.jpg
East Coast
Pracipitation (%)

(@

2021-2040 (nearterm)  2041-2060 (mid-term) 20812100 (long-term)

1

55p126 s5pR45 ssp3TO seps8s

55p125 s5p245 sspa70 sS85 s5p126 ssp2d5 sep3T0 sspSES
‘Scenarios





media/file32.png
Interior

North
Precipitation (%)

—
O
~—

Precipitation (%)

—
D
S

40
1980

_20 -

40

Mo

it H H(\'

2010 2040 2070 2100
Time (year)

40-

20 -

1980

2010 2040 2070 2100
Time (year)

(d)

Temperature (°C)

()

Temperature (°C)

1980 2010 2040 2070 2100
Time (year)

6 -

4 |

2 .

0 -

1980 2010 2040 2070 2100
Time (year)

— Historical =—— SSP126 — SSP245 - SSP370 — SSP585





media/file6.png
East Coast
Precipitation (mm)

Interior

Precipitation (mm)

North
Precipitation (mm)

—
Q
—

p—
O
e

—
1’)
~—

4001

300

200+

100+

3001

200+

100

400

300

200

100+

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time (month)

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time (month)

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time (month)

(b)

Temperature (°C)

(d)

Temperature (°C)

(f)

Temperature (°C)

30-

25+

20+

30+

25+

20+

30+

251

20+

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time {month)

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time {month)

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time {(month)






media/file36.png
North

Precipitation (%)

(b)

Interior
Precipitation (%)

(c)

20-

20+

2021-2040 (near-term) 2041-2060 (mid-term) 2081-2100 (long-term)

' W

ssp126 ssp245 ssp370 ssp585 ssp126 ssp245 ssp370 ssp585 ssp126 ssp245 ssp370 ssp585

Scenarios
2021-2040 (near-term) 2041-2060 (mid-term) 2081-2100 (long-term)
20- o
Od * - * * ‘ *
-20-' * .

ssp126 ssp245 ssp370 ssp585 ssp126 ssp245 ssp370 ssp585

ssp126 ssp245 ssp370 ssp585
Scenarios






media/file37.jpg
East Coast
Temperature (°C)

(@)

2

20212040 (near-term) 20412060 (mid-term) 2081-2100 (long-term)

.
&

LI A

S5p126 ssp2d5 sspIT0 sepS85  sep126 SopReS sp3T0 sopSBS  ssp126 ssp2eS ssp3TO sspSES
‘Scenanos





nav.xhtml


  water-14-04118


  
    		
      water-14-04118
    


  




  





media/file11.png
(a) East Coast
ENSEMBLE
ACCESS-ESM1-5
AWI-CM-1-1-MR
BCC-CSM2-MR
CMCC-ESM2
CanESM5
EC-Earth3-Veg
FGOALS-g3
FIO-ESM-2-0
GISS-E2-1-G
HadGEM3-GC31-MM
KACE-1-0-G

MIROCS ..-

MPI-ESM1-2-HR

Models

MRI-ESM2-0
SAMO-UNICON

JAN FEBMARAPR MAY JUN JUL AUG SEF OCT NOV DEC
Time (Month)

(%)

20
15
10

-10
-15
-20

(b)
ENSEMBLE
ACCESS-ESM1-5
AWI-CM-1-1-MR
BCC-CSM2-MR
CMCC-ESM2
CanESM5
EC-Earth3-Veg
FGOALS-g3
FIO-ESM-2-0
GISS-E2-1-G
HadGEM3-GC31-MM
KACE-1-0-G
MIROCB
MPI-ESM1-2-HR

Models

MRI-ESM2-0
SAMO-UNICON

Interior

JAN FEBMARAPR MAY JUN JUL AUG SEF OCT NOV DEC
Time (Month)

20
15
10





media/file16.png
North

Standard Deviation [Normalised)

p——
1]
LS

o
-

0.0

0.0

| AN
05 REF 1.5
Standard Deviation (Normalised)

—
—
e

Standard Deviation {Normalised)

* ENSEMBLE

@ ACCESS-ESM1-5
® AWI-CM-1-1-MR
® BCC-CSM2-MR =

w 0O01p2
- T 03 __ 40 5
I H‘-”@,\o.s%;&
E-\> 0 Iéd,-
o | _ ‘ X;\ OO
— ra < \\}\O_B
-, T
& Y
0.9
. -4
= 0.95
.99
o h .l y ||
0.0 0.5 REF 15

Standard Deviation (Normalised)

® CMCC-ESM2
® CanESM5

FGOALS-g3

-

Standard Deviation (Normalised)

o 0.4 U 2
i - 0. 3~ _ 40 i
'.5 Ty &
1. 95 0%/
o : }\'/Q-.-? 9/6/)
m T s
a S @ s 095
. B
‘m A .09
N
Oo.o 0.5 REF 1.5

= FIO-ESM-2-0 -
= GISS-E2-1-G
= EC-Earth3-Veg = HadGEM3-GC31-MM
4 KACE-1-0-G

Standard Deviation (Normalised)

> > >

MIROC6
MPI-ESM1-2-HR
MRI-ESM2-0
SAMO-UNICON

—
—
o

Standard Deviation {Normalised)

0.5

C" I

. l
0.0 0.5 REF 1.5
Standard Deviation (Normalised)






media/file2.png
5°0'0"s

10°0'0"S

15°0'075

20°00"S

45°00°W 40°0°0"W 35°0'0"W 30°0°0"W
1 L L

-‘W« N
W+>E
5
v
S
O
OGQ
o 5
o "
O .
&
?
]
o
- Legend E
) B North
2 Interior
\,.) - East Coast
r r 1.1 °r 1 71T ]
0 120 240 480 km 9
X R

T T T
45°0'0°W 40°0°0"W 3500w 20°0°0"W





media/file20.png
Interior East Coast

Precipitation (%)

North

Precipitation (%)

—
Q
o

Precipitation (%)

—
O
S’

—
L)

40 -

40 -

20 1

40 -

2040 2070

Time (year)

1980 2010

2100

40 -

-40-
1980 2010 2040 2070
Time (year)
401
201

2040 2070

Time (year)

1980 2010

2100

2100

(b)

Temperature (°C)

(d)

Temperature (°C)

—
r—y
o

Temperature (°C)

o

2010

2040 2070

Time (year)

2100

sl

2010

2040 2070

Time (year)

2100

oY

1980 2010

2040 2070

Time (year)

2100

— Historical =—— SSP126 — SSP245 —— SSP370 =— SSP585





media/file10.jpg
(c) North
ENSEMBLE
ACCESS-ESM1-5 [ |

awonvn [

BCC-CSM2 MR
(%)

CMCC-ESM2 20

i m B
cocwoves IIINININ o

FGOALS-g3 5
FIO-ESM-2:0

Models

GISSE21-G
-10

15

HadGEM3-GC31-MM
KACE-1-0-G
MIROGS N | =
MPLESM1-2:HR ||
MRI-ESM2:0 |
SAMO-UNICON

JAN FEBMARAPR MAY JUN JUL AUG SEP OCTNOV DEC
Time (Month)





media/file5.jpg
East Coast

Frecptsion mm)
& i

T (o)

g

]

]

Interior
Procptsion )
{ il

T (i)

bl £ 03 o

®

Po—

(@

Tomparae (0)

o

Tempasur ()

s

3

W

T (i)

=

T (month)

J

o A Y 550 A 5 O W 66
s (o,





media/file24.png
Interior
Precipitation (%)

North

Precipitation (%)

(b)

20

o

-20-

20+

o

-20 -

2021-2040 (near-term) 2041-2060 (mid-term)

2081-2100 (long-term)

LLIILELE

.

ssp126 ssp245 ssp370 ssp585 ssp126 ssp245 ssp370 ssp585
Scenarios

2021-2040 (near-term) 2041-2060 (mid-term)

ssp126 ssp245 ssp370 ssp585

2081-2100 (long-term)

AL LER,

AT

ssp126 ssp245 ssp370 ssp585 ssp126 ssp245 ssp370 sspS585
Scenarios

ssp126 ssp245 ssp370 ssp585






media/file29.jpg
East Coast

(a) #f (b)
27 g
5 e
o
§ §
| 2 H
] |
1980 2610 2040 2670 2100

Thaae (e






media/file1.jpg
e
o £
o H
X
Legend 5
Norn
nerior
N s Coat
e
w 20 | ek |o






media/file38.jpg
() 2021-2040 (near-term) 2041-2060 (mid-term) 2081-2100 (long-term)
of

-

Interior
Temperature (°C)

2

ol +
SSp126 599245 SSpIT0 SSpSES  $5pI20 SSPRAS SSpITO 55pB5 9126 ssp245 SSPITD SopSES
‘Scenarios
(© 2021-2040 (near-term) 2041-2060 (micterm) 20812100 (long-term)
o

-

North
Tomperature (°C)
4

[sapsl-ue®”

S5P126 55p245 sepaT0 sopSES  sspI2B ssp2A5 SspIT0 sspSBS  ssp126 sep245 sspITO sepSEs
‘Scenarios






media/file25.jpg
East Coast

§
g
H

2!

2021-2040 (near-term) 20412060 (mid-term) 2081-2100 (long-term)

*H

1-*#*******

569126 s5p245 SpaT0 sspSB5  ssp126 ssp2S ssp3T0 spSES 58126 SSp2dS SpITD SepSES
‘Scenarios





media/file12.png
(c)

Models

ENSEMBLE
ACCESS-ESM1-5
AWI-CM-1-1-MR
BCC-CSM2-MR
CMCC-ESM2
CanESM5
EC-Earth3-Veg
FGOALS-g3
FIO-ESM-2-0
GISS-E2-1-G

HadGEM3-GC31-MM

KACE-1-0-G
MIROCG
MPI-ESM1-2-HR
MRI-ESM2-0
SAMO-UNICON

North

JAN FEBMAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Time (Month)

(%)
20
15
10

-10
-15
-20





media/file9.jpg





media/file0.png





media/file22.jpg
()

Interior

Precipitation (%)

North
Precipitation (%)

2021-2040 (near-erm) 2041-2060 (mid-term) 2081-2100 (long-term)

2,

SEIULLLEITER

2.

$5p126 33p245 s3p370 SepSOS  $3p126 s3p2d5 ssp3TO SepSOS 33p126 ssp2d5 SepITO SepSES

Scenarios
T .
J
Maptptatiang,
|

559126 53p245 ssp370 sepS85  55p126 S3p245 S5pIT0 S5pSE5  SSPIZ6 59245 S0 5p5ES
‘Scenarios





media/file30.jpg
Interior
Pracptaton (%)

North

z

;

“o

P

!

o

e

a0f

w0 w0 a0
Timo (o)

w

«

o

2

a0

8 a0 a0
Timo oan)

@

Tamparatur (C)

w0 zio

3

Tomparaus (0)

Emr

wo a0 wo oz
Time o)
6
.
o
e a0 e w2
Tmo (oa)

— Historical — SSP126 — SSP245 — SSP370 — SSP585





media/file8.png
(a) East Coast
ENSEMBLE ... -. .
ACCESS-ESM1-5 ..-..-.
AWI-CM-1-1-MR .- .-.-.

Models

BCC-CSM2-MR -- (%)
CMCC-ESM2 . . 100
I

caesms [} 75
EC-Earth3-Veg .-... ..... 45

FGOALS-g3 B | | 15
roesmzo [N -

GISS-E2-1-G .... B

HadGema-ceat-vm [N I
KACE-1-0-G
lll --nl

MPI-ESM1-2-HR N

MRI-ESM2-0 .. ._...
SAMO-UNICON T

JAN FEBMARAPR MAY JUN JUL AUG SEF OCTNOVDEC
Time (Month)

(c)
ENSEMBLE
ACCESS-ESM1-5
AWI-CM-1-1-MR

CanESM5
EC-Earth3-Veqg
FGOALS-g3
FIO-ESM20 |
GISS-E2-1-G
HadGEM3-GC31-MM ||
KACE4-0G |
MIROCS
MPI-ESM1-2-HR

Models

MRI-ESM2-0
SAMO-UNICON

(b) Interior
ENSEMBLE -

ACCESS-ESM1-5
AWI-CM-1-1-MR . .
BCC-CSM2-MR .ll (%)

CMCC-ESM2 .- . 100
CanESM5 .-. ... I 75
EC-Earth3-Veg ...-

FGOALS-g3 .- ::
FIO-ESM-2-0 .-
H BEEE I

GISS-E2-1-G 45
HadGEM3-GC31-MM . 75
KACE-1-0-G .ll Dl
MIROCS ] ..-.= B
[ ]

MPI-ESM1-2-HR

JAN FEBMARAPR MAY JUN JUL AUG SEF OCTNOVDEC
Time (Month)

Models

-15

MRI-ESM2-0
SAMO-UNICON

North
B ]
SNEENE
H B

- NN
BCC-CSM2-MR lI.lI O .I (%)
CMCC-ESM2 . . -.-- 100
H _ EENEEs 75

JAN FEBMARAPR MAY JUN JUL AUG SEP OCCTNOVDEC

Time (Month)





media/file17.jpg
CoEsie = FIOESM20 iocs

s - GRSEZIG 4 MPLESUZHA
o g = HanGENG.CCI1 MM & MRLESVEO
ot ey i






