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Abstract

:

Extreme climate change events are major causes of devastating impacts on socioeconomic well-being and ecosystem damage. Therefore, understanding the performance of appropriate climate models representing local climate characteristics is critical for future projections. Thus, this study analyses the performance of 24 GCMs from the Coupled Model Intercomparison Project Phases 5 and 6 (CMIP5 and 6) and their multi-model ensembles in simulating climate variables including average rainfall, maximum (Tmax), and minimum (Tmin) temperatures at annual and seasonal scales over the Chungcheong region of South Korea from 1975 to 2015. A trend analysis was conducted to estimate the future trends in climate variables in the 2060s (2021–2060) and 2080s (2061–2100). Inverse distance weighting and quantile delta mapping were applied to bias-correct the GCM data. Further, six major evaluating indices comprising temporal and spatial performance assessments were used, after which a comprehensive GCM ranking was applied. The results showed that CMIP6 models performed better in simulating rainfall, Tmax, and Tmin at both temporal and spatial scales. For CMIP5, the top three performing models were GISS, ACCESS1-3, and MRI-CGCM3 for rain; CanESM2, GISS, and MPI-ESM-L-R for Tmax; and GFDL, MRI-CGCM3, and CanESM2 for Tmin. However, the top three performing models in the CMIP6 were MRI-ESM2-0, BCC_CSM, and GFDL for rain; MIROC6, BCC_CSM, and MRI-ESM2-0 for Tmax, and GFDL, MPI_ESM_HR, and MRI-ESM2-0 for Tmin. The multi-model ensembles (an average of the top three GCMs) performed better in simulating rain and Tmin for both CMIP5 and CMIP6 compared with multi-model ensembles (an average of all the GCMs), which only performed slightly better in simulating Tmax. The trend analysis of future projection indicates an increase in rain, Tmax, and Tmin; however, with distinct changes under similar radiative forcing levels in both CMIP5 and CMIP6 models. The projections under RCP4.5 and RCP8.5 increase more than the SSP2-4.5 and SSP5-8.5 scenarios for most climate conditions but are more pronounced, especially for rain, under RCP8.5 than SSP5-8.5 in the far future (2080s). This study provides insightful findings on selecting appropriate GCMs to generate reliable climate projections for local climate conditions in the Chungcheong region of South Korea.






Keywords:


climate change; CMIP5; CMIP6; multi-model ensembles; quantile mapping; performance metrics; statistical techniques












1. Introduction


The frequency, intensity, and duration of climate change impacts such as floods, landslides, drought, and wildfires have increased over the last few decades, causing unabated devastating disasters on society, economy, and ecosystems. Temperature and precipitation (rainfall), important climatic variables for assessing climate change, have witnessed dramatic changes and are projected to be more severe [1]. For instance, in the tropical monsoon region and other territories across the globe, the total human-induced surface air temperature has increased by nearly 1.07 °C (from 0.8 °C to 1.3 °C) between 1850 and 2019. It is projected to become more severe, while the overall precipitation intensity is anticipated to increase under the climate change scenario regarding anthropogenic warning [2]. Similarly, the influence of high emission scenarios could cause a strong Eastern-Pacific type El Niño and consequently impact the precipitation anomaly over East Asia, especially in the northern region [3]. The various natural disasters resulting from extreme climate events are often attributed to unusual changes in climate characteristics [4], causing an overwhelming impact on hydrological facilities and other infrastructures and consequently their failure to protect lives and properties [5].



South Korea is one of the vulnerable countries to climate change that unprecedented natural disasters have recently and continuously impacted due to its geographical location in the tropical monsoon climate region and varying climatic characteristics [4,6,7]. The pattern of extreme climate events in South Korea has become frequent in recent times, such that it causes loss of lives and massive damage to properties [4]. An example of such an event is record-breaking precipitation in 2022, in which up to 141.5 mm of rain per hour occurred mainly in the central region, which resulted in devastating floods and landslides [8]. Similarly, the highest daily maximum temperature was recorded in the summer of 2018 in many parts of East Asia, including South Korea, which caused unprecedented heat waves [9]. Moreover, part of the country is experiencing extreme drought and the worst water scarcity due to low rainfall and intense temperatures [10]. Therefore, there is a need for reliable and accurate information relating to future changes in both precipitation and temperature that could aid policy decision-making toward preparedness and adaptation strategies against climate change impacts.



The global climate models (GCMs) provided by several institutes and international collaborations, such as the Coupled Model Intercomparison Projects (CMIPs), serve as supporting data in the Intergovernmental Panel on Climate Change (IPCC) Assessment Report. The models have also been instrumental in the scientific basis for assessing and evaluating climate change with the most recent outputs from CMIP6. The models in CMIP6 are expected to serve as an improvement and reduce the uncertainty associated with future projections of climate change impacts compared with earlier versions of CMIP5 and CMIP3; still, some studies have indicated otherwise due to the differences in climate variables under investigation and geographical locations [11]. The inconsistency in the simulation results from different models hinders the generalization of GCM performance, thus making it necessary to continue investigating appropriate GCMs that can accurately simulate and project the climate variables of interest in specific regions and local conditions [11].



The performance of 13 GCMs of CMIP6 in simulating historical precipitation and temperature data over Nigeria was assessed [12]. Du et al. compared the performance of precipitation data from CMIP5 and CMIP6 to the observations and found that CMIP6 outperforms CMIP5 in simulating precipitation patterns at a global scale for the historical period [13]. Das et al. investigated the changes in rainfall characteristics relating to tropical monsoon climate from CMIP6 models and found a significant increase in the index value of extreme rainfall [14]. The performances of the GMCs of CMIP5 and CMIP6 for the historical period and future drought projections in South Korea were evaluated [15]. Song et al. also found that CMIP6 models performed well in simulating historical and future daily potential evapotranspiration using climate variables in South Korea [16].



Although many studies have been conducted using GCM data for climate change-related investigations, the simulation and future projection features of extreme events are limited to the national scale and some specific regions. However, to the best of our knowledge, there are currently limited studies on the Chungcheong region of South Korea despite the vulnerability of this region to extreme events of climate change. While the outcomes of GCM studies are essential for climate change impact assessment, complex topographic features and seasonal variability are among the significant factors that affect the accuracy of the results in many regions, including the Chungcheong region, and consequently increase the uncertainties in climate change assessment and projections [17,18]. Meanwhile, an accurate projection of climate variables is crucial for predicting future climate change, especially at the sub-region level, due to their significantly varied impacts associated with a local climate. Furthermore, understanding future projections or trends in essential climate variables like precipitation and temperature could provide a decision-support framework for sustainable water resources management in a region like Chungcheong, where agriculture is the economic mainstay [18]. Thus, it is crucial to comprehensively assess the applicability of GCM models that effectively represent the climatic characteristics of local climates in a region.



This study investigates the appropriateness of GCMs and their multi-model assemblage data from CMIP5 and CMIP6 to simulate historical rain, Tmax, and Tmin and to further estimate future trends in seasonal and annual climate variables at different time slices of the 2060s (2021–2060) and 2080s (2061–2100) in the Chungcheong region of South Korea.




2. Materials and Methods


2.1. Study Area


Chungcheong province in South Korea geographically lies between latitude 35°58′ N–36°00′ N and longitude 127°38′ E–125°32′ E in the west-central area of South Korea and on the east end of the Asian continent (Figure 1) [18]. The study area covers about 16,642 km2 with approximately 5.6 million inhabitants, which topographically consists of mountainous terrain in the east, a flatter and lower area in the west, and 65.7% of the total land area greater than 100 m above sea level [19].



Chungcheong province, similar to other provinces in South Korea, has four distinct seasons that are characterized by continental and temperate monsoon climates with hot and rainy summers extending from June to August and cold and dry winters from December to February, while the spring and autumn seasons occur from March to May and September to November, respectively, with mild temperatures [20]. The mean annual precipitation and temperature measured between 1974 and 2020 were 1239.7 mm and 11.7 °C, respectively, with the majority of the precipitation events (56%) occurring during the summer season and the least (<10%) during the winter season [18].



The study area is regarded as one of the major agricultural-producing provinces in South Korea; however, it has continued to witness reoccurring hydrological disasters such as heavy rainstorms, flood discharge, and drought severity due to the high variability in weather and extreme climate conditions, which are often aided by climate change; thus, the area is appropriate to be considered for this study.




2.2. Datasets and Sources


The observed daily precipitation (mm) and maximum (Tmax) and minimum (Tmin) temperature (°C) datasets were obtained for ten (10) weather stations from 1975 to 2015. The stations are homogenously distributed across the study area [21]. These stations are operated by the Korean Meteorological Administration (KMA) as part of the meteorological data stations that have been maintained across South Korea since 1975 [22]. The Korea Water Resources Corporation ensures the quality compliance of the datasets [23], thus making the datasets appropriate for bias correction of future climate models.



The historical (1975–2015) and projected (2021–2100) GCMs of CMIP5 and CMIP6 under the representative concentration pathway (RCP) (RCP4.5 and RCP8.5) and the shared socioeconomic pathway (SSP) (2–4.5 and 5–8.5) scenarios, respectively, that contained the variables of interest, i.e., rainfall, Tmax, and Tmin datasets, gathered from various climate modeling institutes across the globe were selected for this study. All 24 available GCMs were selected and divided into 11 CMIP5 and 13 CMIP6, which are consistently considered for climate change assessment studies in South Korea. In contrast, each GCM in CMIP5 and CMIP6 was chosen from the same modeling institute except for KIOST-ESM, which is only available in CMIP6. The detailed information on the considered GCMs, including model name, institute, and resolution, is presented in Table 1.




2.3. Methods


2.3.1. Bias Correction


The GCM projection data on precipitation and temperature does not precisely fit or correlate with the statistical properties of the observed data from gauging stations due to inherent biases such as imperfect model conceptualization and parameterization, discretization, and inadequate reference data [24]. Thus, there is a need to bias correct the raw GCMs to remove the systematic errors before their applications in climate change projection and related studies. Two-stage bias correction, inverse distance weighting (IDW), and quantile delta mapping (QDM) are applied in this study.



Firstly, the raw daily GCM data on the grid scale were transformed into daily station-scale data using the IDW interpolation technique. IDW is widely used and considered appropriate for spatial downscaling to correct the spatial difference between GCM grid data and observations from station points [16,25]. The IDW technique was used in this study to interpolate the historical and projected precipitation and temperature (Tmax and Tmin) data from the four GCM grid points surrounding the location of gauging stations in the study area using Equation (1).


   λ i  =   ∑   k = 1  4     1   d  i , k  m          ∑   j = 1  4   1   d  i , j  m        − 1    P k     



(1)




where λi is the extracted station-based GCM for precipitation and temperature data at station i, Pk is the GCM output data at the grid points k, di,k and di,j refer to the distance between the station’s location i and the center of the grid, and m represents the interpolation weight.



Subsequently, QDM was applied to correct the systematic distributional biases in the spatial GCM output data to match the observations from the stations. QDM in this study followed the procedures proposed by Cannon et al. [26]. The time-dependent cumulative distribution functions (CDFs) of the GCM projected series xm,f at time t is given by Equation (2).


   τ  m , f    t  =  F  m , f    t       x  m , f    t     



(2)




where τm,f is the non-exceedance probability associated with the value at time t and Fm,f is the time-dependent CDF of the model projected series.



The corresponding modeled quantile in the historical period is obtained using the historical inverse CDF, i.e.,    F  m , h   − 1    . The relative changes in quantiles between the historical and future periods t are given by Equation (3).


   Δ m   t  =    F  m , f    t  − 1      τ  m , f    t       F  m , h   − 1      τ  m , f    t      =    x  m , f    t     F  m , h   − 1      τ  m , f    t       



(3)




where the historical and projected periods are represented by subscripts h and f, respectively.



The bias correction of the modeled quantile at time t is carried out by applying the inverse CDF estimated from observed values xo,h over the historical period using Equation (4).


    x ^   o : m , h : f    t  =  F  o , h     − 1      τ  m , f    t     



(4)







The bias-corrected future projection is thereafter obtained by multiplying the relative changes by the historical bias-corrected value, as given in Equation (5).


    x ^   m , f    t  =   x ^   o : m , h : f    t    ·    Δ m   t   



(5)







QDM is considered an improved method to perform bias correction by addressing the issue of non-stationarity in the GCM projection data while conserving the long-term relative change in simulated quantiles of GCM output data [7,26]. Moreover, this method is less prone to inflating relative trends in extreme climate variables than other quantile mapping bias correction algorithms [27].




2.3.2. Evaluation Metrics and GCM Ranking


Six evaluation metrics were used to assess the performance of the bias-corrected GCMs and their multi-model ensembles in relation to the historical data (1975–2005). These metrics are divided into (i) temporal indices: the normalized root mean square error (NRMSE), Nash–Sutcliffe efficiency (NSE) [28], and the modified index of agreement (Mod_IoA) daily data [29] and (ii) spatial indices: Kling–Gupta efficiency (KGE) [30], the spatial efficiency metric (SPAEF) [31], and the fraction skill score (FSS) [32]. These metrics have also been previously used in different studies in the literature [33,34,35]. The governing equations for each of the metrics are as follows:



The NRMSE is a metric that assesses the magnitude of prediction errors, and its value ranges between 0 and 1. The closer the NRMSE is to 0, the higher the model’s accuracy. The NRMSE is computed using Equation (6)


  N R M S E =      1 n    ∑   i = 1  n       X s  −  X o     2        X ¯  o     



(6)




where Xs and Xo represent GCM output data and observations from the stations, respectively, n is the total number of data, and     X ¯  o    represents the average value of the station.



NSE is a metric that measures the predictive powers of GCM in producing observed climate variables. The NSE value ranges between −∞ and 1, where values equal to 1, 0, and <0 indicate a perfect fit between the model and observed data, accurate model prediction as observed data, and the observed mean data are better predictors than the model, respectively. NSE is computed using Equation (7)


  N S E = 1 −     ∑   i = 1  n       X s  −  X o     2      ∑   i = 1  n       X o  −   X ¯  o     2     



(7)







The Mod_IoA is used to overcome the insensitivity in NSE and coefficient of determination to differences in the observation and simulated GCM data means and variances while addressing the error of high value in the index of an agreement by giving the errors and differences appropriate weighting. The Mod_IoA varies from 0 to 1, with higher values indicating best performance. The Mod_IoA is computed using Equation (8)


  Mod _ IoA = d = 1 −     ∑   i = 1  N     O i  −  P i        ∑   i = 1  N       P i  −  O ¯    +    O i  −  O ¯         



(8)







The KGE metric combines other indices such as correlation, bias, and coefficients of variation or ratio of variances in a more balanced way to measure model performance. The closer KGE is to 1, the better it indicates the perfect performance of the model. KGE is computed using Equation (9)


  K G E = 1 −       r − 1    2  +        α  m o d e l      α  o b s     − 1    2  +        β  m o d e l      β  o b s     − 1    2     



(9)




where r represents the Pearson correlation coefficient, αmodel and αobs are the standard deviations of model output data and observations, respectively, and βmodel and βobs are the means of model output data and observations.



SPAEF is a metric that assesses the spatial performance of observation data and simulated GCM data in terms of variance, co-location, and histogram overlap in a single metric. The SPAEF metric lies between −∞ to 1, with 1 indicating perfect performance. The SPAEF metric is computed using Equation (10)


   S P A E F = 1 −       α − 1    2  +     β − 1    2  +     γ − 1    2       α = ρ     o b s ,   m o d e l     ,   β =      σ  m o d e l      µ  m o d e l       /      σ  o b s      µ  o b s         ,   γ =     ∑   j = 1  n  m i n    K j  ,  L j        ∑   j = 1  n   K j      



(10)




where α is the Pearson correlation coefficient, β is the ratio of the coefficient of variation, and γ represents the percentage of histogram intersection between the observation and simulated GCM data.



The FSS is a spatial metric that assesses the spatial degree of agreement between observation and simulated GCM data. It ranges from 0 to 1, where values closer to 1 indicate a higher degree of agreement. The FSS is computed using Equation (11)


  F S S = 1 −    1 n    ∑   i = 1  n       X s  −  X o     2     1 n      ∑   i = 1  n   X s 2  +   ∑   i = 1  n   X o 2       



(11)







In order to assess the overall performance ability of the GCMs and their MME to simulate historical precipitation and temperature (Tmax and Tmin) from 1975 to 2015 for seasonal and annual scales by considering all the ranking indices, a comprehensive ranking index (RM) is used as given in Equation (12).


   Comprehensive   GCM   ranking   index    = RM = 1 −  1  nm     ∑   i = 1  n    rank  i   



(12)




where n = the number of GCMs, m = the number of performance indices, and i = the rank of a GCM based on the ith performance index. An RM value closer to 1 indicates a better GCM performance in terms of its ability to mimic climate variables’ spatial or temporal characteristics.



The GCM ranking based on the comprehensive ranking index is widely considered in the literature to rank the overall performance of GCMs effectively [13,36].




2.3.3. Multi-Model Ensemble Development


Two multi-model ensembles (MMEs) were developed in this study using a simple mean technique method [33,35]. Firstly, the average value of all the GCMs for each CMIP5 and CMIP6 was estimated to form the MME. Similarly, based on the results of the GCM ranking, the average value of the top three performing GCMs for each CMIP5 and CMIP6 was estimated to form MME3.


  M M E =  1 n    ∑   i = 1  n  G C  M i   



(13)




where n is the number of GCMs used for the MME development and GCMi is the simulation outcome of a climate variable produced using the ith GCM. For MME3, the 3 represents the top three performance-ranked models from Equation (13).



The performance of the two multi-model ensembles was further assessed using the six metrics explained in Section 2.3.2.




2.3.4. Trend Analysis


Considering the importance of trend analysis in climate change studies, the modified Mann–Kendall (MMK) test proposed by Yue and Wang [37] was used in this study to investigate the future trends in seasonal and annual precipitation and temperature (Tmax and Tmin) based on suitable multi-model ensemble data. The modified Mann–Kendall test is considered due to its ability to address the effect of serial correlation using the effective sample size. The MMK trend statistic test, S, is computed using Equations (14)–(19).


  S =   ∑   k = 1   n = 1     ∑   j = k + 1  n  s g n    x j  −  x k     



(14)




where the xj and xk are time series data values and n denotes the length of the data set.


  s g n    x j  −  x k    =       + 1   i f      x j  −  x k    > 0       0   i f      x j  −  x k    = 0       − 1   i f      x j  −  x k    > 0        



(15)







The statistic S is assumed to be normally distributed when n ≥ 8, with the mean and variance represented by Equations (16) and (17), respectively.


  E    S  = 0  



(16)






  V  s  =   n   n − 1     2 n + 5   −   ∑   i = 1  n   t i  i   i − 1     2 i + 5     18    



(17)




where ti is the number of ties of extent i.



The standardized test statistic Z and the corresponding p-value of the M.K. test for the one-tailed test are given by Equations (18) and (19).


   Z  M K     =         S − 1   V  S      f o r   S > 0       0   f o r   S = 0                   S + 1   V  S      f o r   S < 0   )        



(18)






   p = 0.5 − Φ (  Z    ) ,     Φ  Z    =  1    2 π       ∫  0   Z     e  −    t 2   2    d t   



(19)




where positive and negative values of Z denote upward and downward trends, respectively. If p ≤ 0.05, the trend is considered to be statistically significant. The magnitude of the slope trend was further estimated using Sen’s slope [38]. Details about the MMK test using bias-corrected pre-whitening can be found in Yue and Wang [37].






3. Results


3.1. Performance Evaluation and Ranking of GCMs


3.1.1. Performance Evaluation of GCMs


The performance evaluation of 24 GCMs, comprising 11 CMIP5 and 13 CMIP6 during the historical period (1975–2005) for the Chungcheong region of South Korea, was conducted based on three pairs of temporal and spatial indices. The results generally show that CMIP6 models moderately perform better than CMIP5 models in simulating historical rain, Tmax, and Tmin, especially in terms of NSE, NRMSE, Mod_IoA for temporal assessment and FSS and SPAEF for spatial assessment, where the majority of the models showed good performance for simulating a larger number of climate conditions on the seasonal and annual scales (Figure 2 and Figure 3). In the spring, the results indicate that MRI-CGCM3 from the CMIP5 is the best-performing model in simulating rain, Tmax, and Tmin, as shown by the majority of the indices such as NRMSE (0.51, 0.06, and 0.22), SPAEF (0.58, 0.63, and 0.92), and FSS (0.99, 0.99, 0.99), respectively (Figure 2). Although NSE values (<0.00) indicate poor performance for all the models including MRI-CGCM3, the majority of the models indicate poor performances in terms of other temporal and spatial assessments for the spring season, with CanESM2 being the worst-performing model considering all the climate conditions. For CMIP6 (Figure 3), GFDL is the best-performing model for rain, Tmax, and Tmin, especially in terms of NRMSE (0.49, 0.09, and 0.25), SPAEF (0.51, 0.90, and 0.64), and FSS (0.93, 0.99, and 0.99), respectively. However, similar to CMIP5 models, all CMIP6 models have NSE values lower than 0.00 and Mod_IoA and KGE values lower than 0.50 for the spring season.



In the summer, MRI-CGCM3 is the best-performing model from CMIP5 in simulating rain, Tmax, and Tmin when considering most indices. While other models indicate poor average values for many of the evaluating indices, the average values of NRMSE (0.47, 0.04, and 0.05), SPAEF (0.74, 0.87, and 0.93), and FSS (0.99, 0.99, and 0.99) indicate the reasonable performance of MRI-CGCM3 in simulating historical summer rain, Tmax, and Tmin, respectively. For CMIP6, MRI-ESM2-0 is the best-performing model in simulating historical summer rain, Tmax, and Tmin, as indicated by the majority of the indices, including NRMSE (0.45, 0.04, and 0.05), Mod_IoA (0.44, 0.43, and 0.39), SPAEF (0.63, 0.91, and 0.90), and FSS (0.99, 0.99, and 0.99), respectively. Generally, most models from CMIP5 and CMIP6 performed better in simulating Tmax and Tmin than rain. This can be attested to by their NRMSE (>0.5), SPAEF (−1.39 to 0.86), and FSS (0.89 to 0.99) for rain with corresponding values of <0.07, 0.51–0.93, and 0.98–0.99 for Tmax and <0.07, 0.40–0.96, 0.99 for Tmin, respectively.



There is a contrasting capability of model performance on precipitation and temperature in the autumn, especially for CMIP5. While ACCESS1-3 from CMIP5 performs better in simulating rain (NRMSE = 0.57, Mod_IoA = 0.47, FSS = 0.99), it performs poorly for both Tmax and Tmin based on most indices’ outputs. However, CanESM2 performs better for both Tmax and Tmin, as indicated by the NRMSE (0.06, 0.18), Mod_IoA (0.37, 0.29), and FSS (0.99, 0.99) values, respectively. For CMIP6, GFDL is the best-performing model in simulating rain, Tmax, and Tmin when considering most indices. Compared to CMIP5, ACCESS1-3 also performs relatively well for rain in CMIP6; however, CanESM2 performs poorly for Tmax, Tmin, and rain.



In the spring, similar to the summer season, MRI-CGCM3 is the most reasonably performing model from CMIP5 in jointly simulating the rain, Tmax, and Tmin from 1975 to 2005, as indicated by NRMSE (0.51, 0.06, and 0.22), SPAEF (0.58, 0.63, and 0.92), and FSS (0.99, 0.99, and 0.99), respectively. However, for CMIP6, GFDL is the best-performing model in simulating historical spring rain, Tmax, and Tmin, as indicated by the majority of the indices, including NRMSE (0.49, 0.09, and 0.25), SPAEF (0.51, 0.90, and 0.64), and FSS (0.93, 0.99, and 0.99), respectively. Although both MRI-CGCM3 and GFDL are considered as best-performing models for CMIP5 and CMIP6, respectively, the average values of indices such as NSE (<0.00), Mod_IoA (<0.50), KGE (0.20), however, indicate poor performances of these models.



Lastly, for the annual scale, ACCESS1-3 from CMIP5 is the best-performing model from CMIP5, as shown by most indicators, in simulating the historical rain, Tmax, and Tmin. For instance, the NRMSE (0.24, 0.05, and 0.12), Mod_IoA (0.41, 0.35, 0.43), SPAEF (0.93, 0.97, and 0.99), and FSS (0.99, 0.99, 0.99) values indicate average values for each of the performing indices in simulating rain, Tmax, and Tmin, respectively. The observed metric values are indications that ACCESS1-3 performs better in jointly simulating the three important variables of climate change in the Chungcheong region than other models in CMIP5. However, indices such as NSE and KGE did not show satisfactory results, not only for ACCESS1-3 but all the models. For CMIP6, MRI-ESM2-0 performs better according to the NRMSE (0.24, 0.04, 0.11), Mod_IoA (0.43, 0.45, 0.44), KGE (0.29, 0.35, 0.39), SPAEF (0.91, 0.99, 0.99), and FSS (0.99, 0.99, 0.99) indices, in simulating historical rain, Tmax, and Tmin, respectively. However, based on the relatively high average values of NRMSE and low values of the other indices, the model with poor performance in simulating historical variables of interest on the annual scale is ACCESS from CMIP6.




3.1.2. Comprehensive Ranking of CMIP5 and CMIP6 GCMs


Considering the different outputs obtained from the multiple metrics used in the performance evaluation of the GCMs, a comprehensive ranking was carried out by taking all six metrics and multiple climate conditions of seasonal and annual scales into account to obtain an overall ranking metric (Figure 4). As clearly observed in Figure 4a, GISS, ACCESS1-3, and MRI-CGCM3 are the top three ranked GCMs in simulating both the temporal and spatial characteristics of rain among the CMIP5 models. However, the poorest models for simulating rain based on the comprehensive ranking are MIROC5, CanESM2, and INM-CM4. Although some of the models are poorly ranked in terms of the cumulative ranking assessment, it can be observed that some models, such as GFDL and MIROC5, have relatively better performance rankings in reproducing selected climate conditions than the top-ranking models. For the CMIP6 GCMs, the top-ranking models are MRI-ESM2-0, BCC_CSM, and GFDL, while the poor-ranked models in simulating the rain based on temporal and spatial characteristics are CanESM5, INM-CM4-8, and MPI_ESM_LR (Figure 4d). Nevertheless, GISS and IPSL showed comparatively better performance rankings for reproducing autumn precipitation and winter precipitation, respectively.



Similarly, for reproducing the seasonal and annual Tmax using the CMIP5 GCMs, about eight out of the eleven models indicate better performance rankings (above 2.5) with CanESM2, GISS, and MPI-ESM-LR as the top three ranked models (Figure 4b). However, the NorESM1-M and MRI-CGCM3 models have higher rankings in simulating the temporal and spatial characteristics of spring Tmax than those obtained in the top three ranked models. For the CMIP6 models, only seven out of the thirteen models show good performance rankings of above 2.5, with MIROC6, BCC_CSM, and MRI-ESM2-0 being the top three ranked models (Figure 4e).



Further, in the CMIP5 GCMs, eight models are ranked above 2.5, while the top three ranking models for simulating the temporal and spatial characteristics of Tmin are GFDL, MRI-CGCM3, and CanESM2 (Figure 4c). However, the lowest-ranked CMIP5 models are NorESM1-M, INM-CM4, and BCC-CSM with ranking values below 2.5. Moreover, ACCESS1-3 and GISS show better performance rankings in reproducing the winter and summer Tmin, respectively, than the top three ranked models. For CMIP6 GCMs, only a few models (six) are ranked above 2.5 out of the 13 models that could reproduce the temporal and spatial characteristics of Tmin. The top three ranking models among the models are GFDL, MPI_ESM_HR, and MRI-ESM2-0, while the lowest ranked models are CanESM5, KIOST, and ACCESS (Figure 4c).





3.2. Selection of Multi-Model Ensemble Members


Performance of the Multi-Model Ensembles


The performance of the two developed multi-model ensembles in simulating the temporal and spatial characteristics of the climate variables under seasonal and annual scales was evaluated. The results show a distinct performance difference between the average of all the GCMs (MME) and the average of the top three GCMs (MME3) for both CMIP5 and CMIP6, as indicated by both temporal and spatial metrics (Figure 5 and Figure 6). For instance, in CMIP5, the average values of NRME range between 0.03 and 0.72 for MME, while the same metric ranges between 0.03 and 0.58 for MME3, indicating a better performance of MME3 in reproducing the temporal characteristics of rain, Tmax, and Tmin in the Chungcheong region of South Korea (Figure 5b). Similarly, the average values of SPAEF range between −0.45 and 0.99 for MME and between 0.20 and 0.99 for MME3, thus indicating a better performance of MME3 in simulating the spatial characteristics of rain, Tmax, and Tmin (Figure 5e).



For the CMIP6 GCMs, the visual representation of all six metrics in Figure 6 generally indicates the performance capability of MME3 over MME to reproduce the temporal characteristics of precipitation, Tmax, and Tmin in this study. However, there are a few selected climate conditions where MME performed better than the MME3. For instance, the average values of Mod_IoA for autumn and winter precipitation (0.48 and 0.50) in MME are higher than the average values of 0.42 and 0.42, respectively, indicating a better performance of MME over MME3 in simulating autumn and winter precipitation. Nevertheless, the general observation from most temporal and spatial metrics indicates the better performance of MME3 over MME in simulating seasonal and annual climate variables: rain, Tmax, and Tmin in the Chungcheong region of South Korea.



The results of the comprehensive ranking of the multi-model ensembles at seasonal and annual scales are shown in Figure 7. MME3 is ranked higher in all the climate conditions at seasonal and annual scales for both the CMIP5 and CMIP6 GCMs except for Tmax in CMIP5, where MME is ranked slightly higher than MME3 (Figure 7b). The high-performance rankings of spring Tmax and annual Tmax in MME influence the cumulative ranking over MME3, where the same climate conditions are ranked lower.



Similarly, despite the higher ranking of MME3 over MME from the cumulative comprehensive ranking results, the ranking by individual climate conditions shows that winter Tmin and annual Tmin have a higher ranking in MME than in MME3 for CMIP5. In contrast, winter and autumn precipitation, winter and autumn Tmax, and winter and summer Tmin ranked higher under MME than MME3. These results align with a study conducted by Ahmed et al., where it was observed that MME estimated from the best-performing GCMs had fewer uncertainties and performed better than results from individual GCMs [35].





3.3. Analysis of Future Precipitation and Temperature Changes


Understanding the future trends in rainfall and temperature is critical to prevent climate change-related impacts in an area. The seasonal and annual spatial changes in the average precipitation and temperature under four scenarios of RCPs and SSPs for future periods are compared to the baseline (Figure 8).



3.3.1. Spatial–Temporal Analysis and Trends in Seasonal and Annual Precipitation


The spatial patterns indicate varying differences in the rainfall distribution among the four scenarios, with the summer and autumn seasons showing significant differences, especially between RCPs and SSPs. The average changes in rainfall during the spring and winter seasons for both the near and far future, i.e., the 2060s (2021–2060) and 2080s (2061–2100), respectively, are expected to increase progressively for all RCPs except for winter precipitation, which shows a decrease under RCP8.5 in the near future. For SSPs, on the other hand, the summer precipitation increases progressively after showing a significant decrease during the 2060s. However, it continuously decreases under RCPs until the 2080s, when it increases significantly.



The precipitation distribution at both seasonal and annual scales exhibit increasing trends toward the southern part of the Chungcheong region, with average values ranging from 744.95 mm to 827.66 mm for summer precipitation under RCP8.5 in the 2080s. However, autumn precipitation is expected to drastically decrease under SSP scenarios during both the 2060s and 2080s, with the lowest average precipitation of 170.33 mm occurring at the northern part under SSP2-4.5 in the near future. This is in contrast with the changes in the distribution patterns under RCPs, where autumn precipitation is expected to increase with a maximum average rainfall of 282.09 mm in the northeast end under RCP4.5 in the far future.



For the average annual precipitation, the spatial distribution shows a slight increase in annual average rainfall with similar patterns for both RCP and SSP scenarios during the near future periods. Specifically, the maximum average amount of precipitation during the period of the 2060s increases from 1417.56 mm (historical) to 1557.49 mm (RCP4.5), 1570.54 mm (SSP2-4.5), 1520.28 mm (RCP 85), and 1885.55 mm (SSP585), respectively. Meanwhile, there is an apparent increasing trend from the north to the southern part under the four considered scenarios in the periods of the 2060s and 2080s.



Overall, the maximum annual average precipitation of 1885.55 mm is expected to occur during the far future under the RCP8.5 scenario, while the SSP5-8.5 scenario during the same period indicated lower annual average maximum precipitation (1728.79 mm). Furthermore, the variability in the precipitation distribution in the entire Chungcheong region is low under RCP8.5 compared with SSP5-8.5 during the 2080s.



To further understand the changes in spatial patterns of precipitation distribution during the near and far future as compared with the historical periods under the RCP and SSP scenarios, a trend analysis was performed using the MMK test with a statistical significance of trends at p ≤ 0.05, while the trend magnitude was estimated using Sen’s slope. For instance, the temporal trends in spring, winter, and annual precipitation (Figure 9a,d,e) during the historical periods show decreasing trends, which are predominantly nonsignificant; however, summer and autumn precipitation exhibit sparsely and predominantly increasing trends, respectively.



The results of trends in precipitation changes indicate a high level of inconsistency under different scenarios and during different periods. For both near and far future periods under RCP scenarios, the precipitation in spring and summer (Figure 9a,b) exhibits significantly increasing change rates compared with their historical trends with maximum change rates of 29.38 mm/decade and 59.39 mm/decade, respectively, observed during the 2080s period. In autumn (Figure 9c), precipitation is expected to change moderately and at sparingly significant locations for the majority of the RCP scenarios except for the period of 2060s under RCP8.5, where a rapid and significant decreasing trend of −13.23 mm/decade at the northeast end of the Chungcheong region is expected to occur. Meanwhile, the winter and annual precipitation (Figure 9d,e) show rapid and statistically significant change rates with average values of 42.57 mm/decade and 1885.55 mm/decade, respectively, under RCP8.5 during the 2080s compared with the observed maximum values of 1.09 mm/decade and 61.29 mm/decade for the historical period and 19.04 mm/decade and 61.02 mm/decade for the near future period, respectively, under different scenarios.



The irregularity in the trend pattern of precipitation is more demonstrated under the SSP scenarios. In spring, while the maximum significant increasing rate of rainfall is 25.67 mm/decade in the near future periods under SSP2-4.5, the SSP5-8.5 scenario exhibits a significant decreasing trend with an average value of 1.22 mm/decade (Figure 9a). Overall, the maximum significant change rate of 29.38 mm/decade for spring rain occurs under the SSP2-4.5 scenario in the 2080s. For summer rain, the SSP scenarios in the 2060s and 2080s exhibit decreasing trends, which become predominantly significant with intense magnitude (−48.63 mm/decade on average) under SSP5-8.5 during the far future period. Similarly, autumn precipitation under SSP2-4.5 and 585 in the 2060s and SSP2-4.5 in the 2080s exhibit consistent decreasing trends, which become significant mainly with a maximum average change rate of −12.36 mm/decade under SSP2-4.5 in the far future period. However, significantly increasing trends are expected to occur under the SSP5-8.5 scenario in the far future, with an average change rate of 19.00 mm/decade.



Further, winter rain exhibits a moderate change rate under SSP scenarios in the 2060s and 2080s except for SSP5-8.5 during the 2080s, which shows an improved significantly increasing trends at an average rate of 24.51 mm around the western part, where the change is maximum. Lastly, the change rate of annual rain moderately increases with statistical significance under the SSP2-4.5 scenario to maximum values of 46.73 mm and 39.18 mm around the western part in the near and far future periods, respectively. However, the decreasing trends with sparing significance under SSP5-8.5 during the 2060s but no significance under SSP5-8.5 during the 2080s are exhibited for annual rain.




3.3.2. Spatial–Temporal Trends in Seasonal and Annual Tmax


The spatial distributions of seasonal and annual average Tmax during the historical and future periods under the RCP and SSP scenarios across the Chungcheong region are shown in Figure 10. The results show that the Tmax consistently increases from the historical period to the near and far future periods under the RCP4.5 and RCP8.5 scenarios for the four seasons and at the annual scale. The expected increment in the average Tmax in all the seasons and at the annual scale is expected during the 2080s and under RCP8.5 and SSP5-8.5. Summer is the hottest season in South Korea; the average Tmax is likely to increase up to 33.84 °C in the southern part of the region under RCP 80 in the 2080s, while the highest value under SSP5-8.5 in the same far-future periods is 33.59 °C, which extends from the north to the central and the southern part of the region (Figure 10b). The summer temperature increase covers over 80% of the entire Chungcheong region. However, Tmax is expected to decrease during the near and far future periods with maximum values of 25.51 °C and 26.72 °C, respectively, around the northeast part under the SSP2-4.5 scenario.



The highest occurring value of Tmax in the spring is 23.54 °C under RCP8.5 in the 2080s, while it decreases under SSP2-4.5 in the 2060s and 2080s to maximum values of 15.71 °C and 16.68 °C, respectively (Figure 10a). There is a moderate to high increase in the average Tmax from the 2060s to 2080s under RCP4.5. The distribution patterns of the highest and lowest occurring Tmax in spring are similar to the observations in the summer under the same RCP8.5 and SSP2-4.5 scenarios in the 2080s and 2060s, respectively. In autumn, however, the significant increase in Tmax only occurs under SSP5-8.5 scenarios during both the near and far future with values of 23.05 °C and 24.50 °C, respectively (Figure 10c). Similar to other seasons and annual averages, the lowest Tmax with a maximum value of 19.18 °C occurs in the 2060s under the SSP2-4.5 scenario.



Tmax in the winter progressively increases from the near future period to the far future period, with the RCP and SSP scenarios showing the same incremental patterns. While the highest values of Tmax expected to occur under the RCP and SSP scenarios are 10.13 °C and 10.25 °C in the 2080s, respectively, which progressively increase from the north down to the southern part, and the lowest values are 4.60 °C and 5.06 °C under RCP and SSP scenarios in the 2060s (Figure 10d). Meanwhile, there are contrasting distributions of annual Tmax under RCP4.5 and SSP2-4.5, such that Tmax is expected to increase to 19.61 °C and 20.63 °C under RCP4.5 in the near and far future periods, respectively (Figure 10e). However, Tmax is likely to decrease with maximum values of 16.78 °C and 17.91 °C under SSP2-4.5 in the near and far future, respectively. Overall, the highest annual average Tmax of 22.41 °C and 22.73 °C are expected to occur during the distant future period under RCP8.5 and SSP5-8.5, respectively.



As shown in Figure 11, the seasonal and annual Tmax trends indicate significant statistical changes during the historical and future periods of both near (2060s) and far (2080s) under the RCP and SSP scenarios. In the spring, the maximum changes in Tmax occur under the RCP8.5 scenario in the 2060s at a significant rate of 0.72–0.77 °C/decade (Figure 11a), which is also the maximum expected change in Tmax in both the near and far future under all RCP and SSP scenarios across seasons and the annual scale (Figure 11). However, the lowest changes in spring Tmax occur during the 2060s under SSPs 585 at a significant rate of 0.06 °C/decade. The rate of change significantly decreases from the near to the far future under RCP4.5, RCP8.5, and SSP2-4.5 at an average of 0.75 to 0.45 °C/decade, 0.94 to 0.91 °C/decade, and 0.52 to 0.37 °C/decade, respectively, while only under SSP5-8.5 is an increase in Tmax expected from the 2060s to 2080s at an average rate of 0.06 °C/decade to 0.78 °C/decade, respectively.



In the summer, the maximum increasing changes in Tmax occur in the 2060s under the RCP8.5 scenario at an average rate of 0.67 °C/decade, while a significantly decreasing trend at an average rate of 0.05 °C/decade and 0.09 °C/decade occur under SSP5-8.5 and RCP4.5 during the 2060s and 2080s, respectively (Figure 11b). However, there is a moderate decreasing trend in the 2080s, especially around the northeast area at 0.60 °C/decade. The decreasing trends from west to east-northward occurred under RCP4.5 and SSP5-8.5 in the 2060s and 2080s, respectively. In the autumn, on the other hand, Tmax has a maximum increasing trends at an average rate of 0.41 °C/decade under SSP5-8.5 in the 2080s (Figure 11c). Although there is a decreasing trend from the 2060s to 2080s under SSP 24, both periods have a similar pattern in the change rate such that the trend decreases toward the northeast end. Further, a maximum significant decreasing trend occurred in the 2080s under the RCP4.5 scenario at the rate of −0.34 °C/decade. For the winter season, there are moderate to high increasing trends from the 2060s to 2080s under the SSP2-4.5 and RCP8.5 scenarios, respectively, while significant decreasing trends occur in the 2060s and 2080s under SSP5-8.5 and RCP4.5, respectively (Figure 11d). The average maximum increasing trend is 0.81 °C/decade, occurring from the west to the northeastern part. The average maximum decreasing trend is 0.05 °C/decade under the SSP5-8.5 scenario in the 2060s. The annual Tmax follows similar trend patterns in summer Tmax, such that the maximum increasing trends occur under RCP8.5 in the 2080s at an average rate of 0.64 °C/decade, while the maximum decreasing trend of 0.05 °C/decade occurs in the 2060s under SSP5-8.5 scenarios (Figure 11e). Further, similar to the spring season, the rate of change significantly decreases from the near to the far future under RCP4.5 and SSP2-4.5 at an average of 0.43 to 0.09 °C/decade and 0.49 to 0.36 °C/decade, respectively. However, RCP8.5 and SSP5-8.5 moderately and intensely increase at average rates of 0.58 to 0.64 °C/decade and 0.05 to 0.61 °C/decade from the near to the far future, respectively.




3.3.3. Spatial–Temporal Trends in Seasonal and Annual Tmin


Figure 12 shows the spatial patterns in historical and projected changes in seasonal and annual average Tmin during the near and far future under the RCP and SSP scenarios. It can be clearly observed that Tmin increases consistently from the historical period to the near and far future under the four considered scenarios of RCPs and SSPs in the four seasons and the annual scale; however, it varies in intensities. In the spring, the maximum Tmin is 10.25 °C under the SSP5-8.5 scenario in the 2080s, which occurs around the western part of the Chungcheong region (Figure 12a). Nonetheless, the lowest Tmin (4.17 °C) appears around the northeast under the SSP2-4.5 scenario in the near future. While there is a high increase in the average Tmin from the 2060s to 2080s under RCP4.5, RCP 85, and SSP5-8.5, especially from the west to the central part, only a moderate increase is observed under SSP2-4.5. In the summer, the average Tmin is expected to reach up to 24.57 °C and 24.46 °C in the central region under the RCP8.5 and SSP5-8.5 scenarios, respectively, in the 2080s. In comparison, there are low distribution patterns in Tmin during the 2060s, which decreases from the west toward the east, with the lowest average value of 19.48 °C under the RCP4.5 scenario (Figure 12b).



In the autumn, the distribution of Tmin follows similar patterns across the seasons and annually and for different scenarios, such that Tmin increases from the northeast end to the west region (Figure 12c). While a maximum Tmin of 13.57 °C occurs around the west area under SSP5-8.5 in the 2080s, the minimum Tmin is 5.53 °C and occurs at the northeast end under RCP4.5 in the 2080s. Winter is expected to progressively increase in Tmin during the near and future periods under the RCP and SSP scenarios (Figure 12d). However, the northeast region shows a low to moderate increase for all RCP and SSP scenarios in the 2060s and 2080s, except for RCP8.5 and SSP5-8.5, which show a considerable increase in Tmin. The average Tmin reaches up to −0.19 °C and 0.05 °C in the west region under the RCP8.5 and SSP5-8.5 scenarios, respectively, in the 2080s, while the lowest Tmin is −7.72 °C, which occurs around the northeast end under RCP4.5 in the 2060s (Figure 12d). Lastly, the annual Tmin also has a progressive distribution pattern, such that under RCP4.5 and SSP2-4.5, the average Tmin moderately increases from 7.70 and 8.01 °C in the 2060s to 8.55 and 8.99 °C in the 2080s, respectively (Figure 12e). However, under RCP8.5 and SSP5-8.5, it intensely increases from 7.85 and 8.34 °C in the 2060s to 10.30 and 10.53 °C in the 2080s, respectively.



As shown in Figure 13, the trends in seasonal and annual Tmin indicate statistically significant changes during the historical and future periods in both the near and far future under the RCP and SSP scenarios. In the spring, the trend in Tmin significantly increases at an average maximum rate of 0.91 °C/decade under the RCP8.5 scenario in the 2080s, while a decreasing trend rate of 0.05 °C/decade occurs under the SSP5-8.5 scenario in the 2060s (Figure 13a). While the trend moderately decreases under RCP4.5 and SSP2-4.5 from the 2060s and 2080s at an average of 0.65 to 0.54 °C/decade and 0.42 to 0.36 °C/decade, respectively, the trend significantly increases at an average rate of 0.05 to 0.75 °C/decade under SSP5-8.5 scenario in the near and far future, respectively.



In the summer, the trend rate decreases from west to east under SSP2-4.5 in both the 2060s and 2080s while increases from west to northeast under RCP4.5 and SSP5-8.5 in the 2060s and 2080s, respectively (Figure 13b). The maximum significant increasing trend rate occurs under RCP8.5 in the 2080s at 0.70 °C/decade, while maximum decreasing trends occur at a rate of 0.05 °C/decade and 0.02 °C/decade under SSP5-8.5 and RCP4.5 in the 2060s with RCP4.5 being sparingly significant at the northeast end (Figure 13b). In the autumn, the maximum increasing trend in Tmin occurs in the 2080s under the SSP5-8.5 scenario at an average rate of 0.51 °C/decade, while a significantly decreasing trend at an average rate of −0.29 °C/decade occurs under RCP4.5 in the 2080s (Figure 13c). The change rate in winter Tmin follows similar patterns under RCP4.5 and RCP8.5 in the 2060s, such that the trend rates progressively increase from the west to the central and the northeast end with distinct patterns, unlike other future scenarios where the trend rate increases only at the northeast end (Figure 13d). The rate of change significantly increases from the near to the far future under SSP5-8.5 at an average of 0.03 to 0.51 °C/decade, respectively. The average maximum increasing trend rate of 0.64 °C/decade occurs under RCP8.5 and around the northeast end in the 2080s, while a significantly decreasing trend at an average rate of 0.04 °C/decade occurs under SSP5-8.5 in the 2060s (Figure 13e). While the trend rate increases from the west toward the northeast end under RCP4.5 in the near future, the increase in trend is from the east toward the west under the SSP5-8.5 scenario in the 2080s at an average rate of 0.64 °C/decade.






4. Discussion


Generally, the models in CMIP6 show an improved performance in reproducing the temporal and spatial characteristics of rainfall, Tmax, and Tmin compared with CMIP5 in the Chungcheong region of South Korea. This can be primarily attributed to the improved spatial resolutions and enhanced climate sensitivity in CMIP6 [39]. Previous studies have also demonstrated the high performance of CMIP6 over CMIP5, especially in South Korea [3,40,41]. Cannon, 2020 [40] reported an improved simulation of historical monthly precipitation in CMIP6 models compared with CMIP5 models over South Korea based on selected indices, including a reduction in NRMSE (2.13%) and NSE (0.37%). This study used six evaluation indices, and the majority of these indices indicate the varying performance of individual GCMs on the reproducibility of temporal and spatial characteristics of climate variables. Although there is inter-model performance variability among the GCMs for each climate variable, the GISS, ACCESS1-3, MRI-CGCM3, CanESM2, MPI-ESM-L-R and GFDL models in CMIP5 are identified to perform better, while MRI-ESM2-0, BCC_CSM, MIROC6, MPI_ESM_HR, and GFDL are the better-performing models in CMIP6. Several studies have been conducted that also confirmed these models satisfactorily reproduce both temporal and spatial characteristics of climate variables in South Korea and East Asia in general, and these models have also been used to generate MME [15,20,42].



The multi-model ensembles derived from the top three performing models yielded better results in reproducing historical climate variables than those derived from the average of all the GCMs. This can be attributed to the reduction in the uncertainty associated with the GCMs when using suitable ensemble models [35,42]. Previous studies also reported similar superiority of multi-model ensembles over individual GCM [11,43]. Furthermore, the method used in the development of an MME could also influence the performance capability of the models. Hamed et al. found that the MME of the GCM ensemble, especially that which was derived from median rather than mean, performed better than a single GCM for climate projections [43]. Similar results were also reported by Ahmed et al., where MMEs based on random forest performed better than MMEs based on a simple mean using selected spatial performance metrics [35]. The differences in the results obtained from different MMEs indicate the need to consider the choice of GCMs and the appropriate method to generate MMEs that will perform better for a region of interest [12].



The future projection in CMIP5 and CMIP6 generally indicates an increase in average rain, Tmax, and Tmin; however, with distinct changes under similar radiative forcing levels in different periods over the Chungcheong region. The projections under RCPs 45 and 85 are expected to increase more than the SSP2-4.5 and 585 scenarios, which is more pronounced under RCP8.5 than SSP5-8.5 in the far future (2080s), especially for rain. The average summer rain change in the far future is projected to increase with respect to the historical period by 6.37% for RCP8.5 and 0.39% for SSP5-8.5, increase in spring rain by 107.38% for RCP8.5 and 95.53% for SSP5-8.5, increase in winter rain by 96.84% for RCP8.5 and 87.45% for SSP5-8.5, and increase in average rainfall by 31.75% for RCP8.5 and 21.89% for SSP5-8.5. Similarly, the average change in Tmax and Tmin increases in the summer by 15.63% and 20.96% for RCP8.5 and 14.81% and 20.16% for SSP5-8.5, increases in the spring by 29.00% and 112.03% for RCP8.5 and 23.91% and 83.34% for SSP5-8.5, and increases in the autumn by 9.03% and 19.90% for RCP8.5 and 20.82% and 48.75% for SSP5-8.5, and the average annual Tmax and Tmin increases by 22.61% and 58.72% for RCP8.5 and 24.35% and 62.16% for SSP5-8.5, respectively. It is worth noting that there are inconsistencies in some average changes in climate conditions of rain, Tmax, and Tmin between scenarios under similar radiative forcing levels such as RCP4.5 and SSP2-4.5 or RCP8.5 and SSP5-8.5 in different periods.



Many studies have also projected an increase in precipitation and temperature changes globally and in South Korea [11,42,44,45]. However, the extent of such increment could vary based on the region of interest and the type GCMs, as well as the assessment indices used [11,46]. The summer mean precipitation under all RCPs was projected to increase up to 15% using the BCC_CSM1.1 model in CMIP5 over East Asia [47], while Song et al. projected an increase in summer, winter, and annual precipitation by 19.7%, 47.4%, and 20.5% for RCP4.5 and by 18.9%, 15.9% and 24.6% for SSP5-8.5, respectively, using INM-CM4 from CMIP5 and INM-CM5 from CMIP6 [46]. In terms of temperature changes, it was reported that projected temperature will decrease in the near future but increase significantly in the far future with RCPs 4.5 and 8.5 by 9.1% and 17.6%, respectively, while SSPs 245 and 585 project increases of 6.9% and 19.1%, respectively [42]. The difference in these results could be attributed to selecting a single model from each CMIP5 and CMIP6 rather than the best-performing ensemble models used in the present study. However, a single model has been previously suggested against climate change projection due to its inability to provide uncertainty in climate projections [43]. At the same time, the present study used daily climate data, and the referenced studies used monthly climate data. Furthermore, both RCP and SSP scenarios are made up of different emissions pathways, including the composition of CO2 and non-CO2 [48]. The future changes in the mean precipitation associated with the East Asian summer monsoon are influenced by moisture flux changes and attributed to local climate conditions [49].




5. Conclusions


In this study, a performance evaluation of 24 GCMs comprising 11 and 13 models in CMIP5 and CMIP6, respectively, and their multi-model ensembles was carried out to assess the simulation capability of local climate characteristics over the Chungcheong region of South Korea from 1975 to 2015. The bias correction was first carried out using IDW and quantile mapping. Six performance indices comprising NSE, NRMSE, and Mod_IoA (temporal assessment) and KGE, SPAEF, and FSS (spatial assessments) were used to assess the reproducibility of the CMIP5 and CMIP6 GCMs and their generated multi-model ensembles. The trends in rain, Tmax, and Tmin under four scenarios of RCP and SSP were further analyzed for seasonal and annual scales in the near future: 2060s (2021–2060) and far future: 2080s (2061–2100).



The performance of CMIP6 models was relatively better in reproducing the temporal and spatial characteristics of historical climate variables based on the majority of the evaluating indices. The top three performing models in CMIP5 are GISS, ACCESS1-3, and MRI-CGCM3 for rain; CanESM2, GISS, and MPI-ESM-L-R for Tmax; and GFDL, MRI-CGCM3, and CanESM2 for Tmin. While the top three performing models in CMIP6 are MRI-ESM2-0, BCC_CSM, and GFDL for rain; MIROC6, BCC_CSM, and MRI-ESM2-0 for Tmax; and GFDL, MPI_ESM_HR, and MRI-ESM2-0 for Tmin. The multi-model ensemble of the top three performing models (MME3) performed better in reproducing the historical cumulative climate conditions of rain, Tmax, and Tmin compared with the multi-model ensemble of all GCMs except for Tmax in CMIP5, where the latter performed slightly better.



The trend analysis of future projection indicates an increase in rain, Tmax, and Tmin; however, with distinct changes under similar radiative forcing levels in both the CMIP5 and CMIP6 models. The projections under RCPs 45 and 85 are expected to increase more than the SSP2-4.5 and 585 scenarios for the majority of the climate conditions, but the increases are more pronounced under RCP8.5 than SSP5-8.5 in the far future (2080s). Although the best-performing models were identified based on the most considered indices, some indices did not give satisfactory results. Nevertheless, this study provides insightful findings on selecting appropriate GCMs to generate reliable climate projections for local climate conditions, which is critical to developing adaptation, mitigation, and resilience strategies against various future climate change impacts.
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Figure 1. Map of Chungcheong region and its location in South Korea. 
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Figure 2. Spatial and temporal performance metrics for CMIP5 GCMs in simulating seasonal and annual climate during the historical period (1975–2005). Figures (a) NSE, (b) NRMSE, and (c) MoD_IoA represent the temporal indices of performance for Tmin, Tmax, and Rain. While figures (d) KGE, (e) SPAEF, and (f) represent the spatial indices of performance for Tmin, Tmax, and Rain. 
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Figure 3. Spatial and temporal performance indices for CMIP6 GCMs in simulating seasonal and annual climate during the baseline (1975–2005). Figures (a) NSE, (b) NRMSE, and (c) MoD_IoA represent the temporal indices of performance for Tmin, Tmax, and Rain. While figures (d) KGE, (e) SPAEF, and (f) represent the spatial indices of performance for Tmin, Tmax, and Rain. 
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Figure 4. Comprehensive ranking of the CMIP5 and CMIP6 GCMs at seasonal and annual scales for the considered climate variables. The CMIP5 GCM for the Rain, Tmax, and Tmin are presented in (a), (b), and (c), respectively, with the red dashed line indicating the top three models. The CMIP6 GCM for the Rain, Tmax, and Tmin are presented in (d), (e), and (f), respectively, with the red dashed line indicating the top three models. 






Figure 4. Comprehensive ranking of the CMIP5 and CMIP6 GCMs at seasonal and annual scales for the considered climate variables. The CMIP5 GCM for the Rain, Tmax, and Tmin are presented in (a), (b), and (c), respectively, with the red dashed line indicating the top three models. The CMIP6 GCM for the Rain, Tmax, and Tmin are presented in (d), (e), and (f), respectively, with the red dashed line indicating the top three models.



[image: Atmosphere 14 01569 g004]







[image: Atmosphere 14 01569 g005] 





Figure 5. Performance of CMIP5 MME datasets. Figures (a) NSE, (b) NRMSE, and (c) MoD_IoA represent the temporal indices of performance for Tmin, Tmax, and Rain. While figures (d) KGE, (e) SPAEF, and (f) represent the spatial indices of performance for Tmin, Tmax, and Rain. 
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Figure 6. Performance of CMIP6 MME datasets. Figures (a) NSE, (b) NRMSE, and (c) MoD_IoA represent the temporal indices of performance for Tmin, Tmax, and Rain. While figures (d) KGE, (e) SPAEF, and (f) represent the spatial indices of performance for Tmin, Tmax, and Rain. 
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Figure 7. Comprehensive ranking of the multi-model ensembles at seasonal and annual scales. The CMIP5 multi-model ensembles for the Rain, Tmax, and Tmin are presented in (a), (b), and (c), respectively. The CMIP6 multi-model ensembles for the Rain, Tmax, and Tmin are presented in (d), (e), and (f), respectively. 
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Figure 8. Seasonal and annual average rainfall during the historical and future time slices. 
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Figure 9. Trends in seasonal and annual average rainfall during the historical and future time slices. The asterisks show significant trends (p ≤ 0.05) according to the modified Mann–Kendall test. 
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Figure 10. Seasonal and annual average Tmax during the historical and future time slices. 
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Figure 11. Seasonal and annual average Tmax trends during the historical and future time slices. Asterisks show significant trends (p ≤ 0.05) according to the modified Mann–Kendall test. 
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Figure 12. Seasonal and annual average Tmin during the historical and future time slices. 
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Figure 13. Seasonal and annual average Tmin trends during the historical and future time slices. The asterisks show significant trends (p ≤ 0.05) according to the modified Mann–Kendall test. 
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Table 1. Description of CMIP5 and CMIP6 GCMs used in this study.
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Models

	
Modeling Institute

	
Country

	
Resolution

(Lat. × Long.)






	
CMIP5

	
ACCESS1-3

	
Commonwealth Scientific and Industrial

	
Australia

	
1.875° × 1.25°




	
CMIP6

	
ACCESS-ESM1-5

	
Research Organization and Bureau of Meteorology

	
Australia

	
1.875° × 1.25°




	
CMIP5

	
BCC-CSM1-1

	
Beijing Climate Center, China Meteorological Administration

	
China

	
2.8° × 2.8°




	
CMIP6

	
BCC-CSM2-MR

	
Beijing Climate Center, China Meteorological Administration

	
China

	
1.125° × 1.125°




	
CMIP5

	
CanESM2

	
Canadian Centre for Climate Modelling and Analysis

	
Canada

	
2.8° × 2.8°




	
CMIP6

	
CanESM5

	
Canadian Centre for Climate Modelling and Analysis

	
Canada

	
2.8° × 2.8°




	
CMIP5

	
GFDL-ESM2M

	
NOAA/Geophysical Fluid Dynamics Laboratory Earth System Model

	
USA

	
2.5° × 2.0°




	
CMIP6

	
GFDL-ESM4

	
NOAA/Geophysical Fluid Dynamics Laboratory Earth System Model

	
USA

	
1.25° × 1.00°




	
CMIP5

	
GISS-E2-R

	
NASA Goddard Institute for Space Studies

	
USA

	
2.5° × 1.875°




	
CMIP6

	
GISS-E2-2-G

	
NASA Goddard Institute for Space Studies

	
USA

	
2.5° × 1.875°




	
CMIP5

	
INM-CM4

	
Institute for Numerical Mathematics, Russian Academy of Science

	
Russia

	
1.5° × 2.0°




	
CMIP6

	
INM-CM4-8

	
Institute for Numerical Mathematics, Russian Academy of Science

	
Russia

	
1.5° × 2.0°




	
CMIP5

	
IPSL-CM5A-LR

	
Institut Pierre-Simon Laplace

	
France

	
3.75° × 1.875°




	
CMIP6

	
IPSL-CM6A-LR

	
Institut Pierre-Simon Laplace

	
France

	
2.5° × 1.26°




	
CMIP5

	
MIROC5

	
National Institute for Environmental Studies, Japan Agency for Marine-Earth Science and Technology, and Atmosphere and Ocean Research Institute (The University of Tokyo)

	
Japan

	
1.4° × 1.4°




	
CMIP6

	
MIROC6

	
National Institute for Environmental Studies, Japan Agency for Marine-Earth Science and Technology, and Atmosphere and Ocean Research Institute (The University of Tokyo)

	
Japan

	
1.4° × 1.4°




	
CMIP5

	
MPI-ESM-LR

	
Max Planck Institute for Meteorology

	
Germany

	
1.875° × 1.875°




	
CMIP6

	
MPI-ESM-1-2-HR

	
Max Planck Institute for Meteorology

	
Germany

	
0.94° × 0.94°




	
CMIP6

	
MPI-ESM-1-2-LR

	
Max Planck Institute for Meteorology

	
Germany

	
1.875° × 1.875°




	
CMIP5

	
MRI-CGCM3

	
Meteorological Research Institute

	
Japan

	
1.125° × 1.125°




	
CMIP6

	
MRI-ESM2-0

	
Meteorological Research Institute

	
Japan

	
1.125° × 1.125°




	
CMIP5

	
NorESM1-M

	
Norwegian Climate Centre

	
Norway

	
2.50° × 1.88°




	
CMIP6

	
NorESM2-MM

	
Norwegian Climate Centre

	
Norway

	
0.94° × 1.25°




	
CMIP6

	
KIOST-ESM

	
Korea Institute of Ocean Science and Technology Earth System Model

	
South Korea

	
1.87° × 1.87°
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