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Southwest China, which is close to the Qinghai-Tibet Plateau, presents complex topography. As a result of the combined influence of the South Asian monsoon, East Asian monsoon, and plateau monsoon, climate in this region is unique. Since Southwest China is one of the areas where extreme weather events occur more frequently, this region is sensitive and vulnerable to climate change. In the present research, daily temperature from 1969 to 2020 recorded at 93 weather stations in Southwest China, and data from nine models for the period 1995 to 2040 were used in CMIP6 (Coupled Model Intercomparison Project Phase 6) to calculate 17 ETIs (Extreme Temperature Indices). Furthermore, we analyzed and compared the annual change rate, temporal and spatial change trend, and mean change of extreme temperature events in Southwest China and four subzones during historical period and under SSP2-4.5 scenario for the next 20 years. The results showed: 1) The 8 ECTIs (Extreme Cold Temperature Indices) and the 8 EWTIs (Extreme Warm Temperature Indices) in 1969–2020 were corroborated. These results indicated a warming trend. Also, DTR (Diurnal temperature range) showed a decreasing trend, and different degrees of warming were observed in the four subzones. 2) From 2021 to 2040 and under the SSP2-4.5 scenario, the annual rates of change for 17 ETIs in Southwest China showed that extreme cold events will continue to decrease. On the other hand, extreme warm events will continue to increase. 3) Under the SSP2-4.5 scenario in the next 20 years, CSDI (cold spell duration indicator) will decrease, while WSDI (warm spell duration indicator), TMINmean (average daily minimum temperature), and TMAXmean (average daily maximum temperature) will increase. Moreover, the decrease in amplitude of CSDI was smaller than the increase in amplitude of WSDI. Also, the increase in amplitude of TMINmean was slightly smaller than that of TMAXmean. The projected WSDI, TMINmean, and TMAXmean obtained with the preferred three models and MEM-9 (nine-Model Ensemble Mean) showed an overall growing trend with respect to space; however, the increased range fluctuated in different regions. 4) In 2021–2040, mean values of 4 ETIs in different subzones indicated that the lowest TMINmean and TMAXmean were observed in the ZP (Zoigê Plateau), the highest in the YGP (Yunnan-Guizhou Plateau), and intermediate higher in the SB (Sichuan Basin). Compared with the 4 ETI mean values corresponding to 1969–2020, the persistence and average state of extreme cold and warm events in different subzones showed that future change trends depend on altitude.
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1 INTRODUCTION
Working Group I contribution to the Sixth Assessment Report (AR6) of IPCC (Intergovernmental Panel on Climate Change) states that global average surface temperature in the past 10 years (2011–2020) increased by 1.09 [0.95–1.20] °C as compared with that from 1850 to 1900. From 2003 to 2012 (the historical period of the Fifth Assessment Report (AR5)), a global warming of 0.19 [0.16–0.22] °C was observed. In addition, the global average surface temperature was higher in every decade of the past 40 years than in any other decade of previous periods (IPCC, 2021; Zhou, 2021). Continuous temperature rise has resulted in the warming of the upper layer of the world’s ocean, glacial melting, and frequent extreme climate events. Studies have shown that for every 1 K increase in global temperature, the water vapor content in the atmosphere will increase by 7%. The increase in atmospheric humidity will augment the intensity of extreme precipitations, and a temperature rise can cause droughts (Wentz et al., 2007; Allen and Ingram, 2012). In the past 20 years, over 90% of the natural disasters such as droughts, floods, and high-temperature heat waves have been related to extreme climate events. In recent years, droughts and high temperature heat waves have received a significant amount of attention (Sun, 2018). Climate extremes have been identified by the WCRP (World Climate Research Program) as part of the seven “grand challenges”. They are also a central component of IPCC assessments. For the first time, the IPCC AR6 report includes a chapter dedicated to a comprehensive and systematic evaluation of climate extremes, including extreme temperatures and droughts. Assessment of extreme temperature events suggests that in the context of further global warming, extreme warm events will continuously increase on the global and continental scales and in all inhabited regions of the Earth even if the global temperature rise level stabilizes at 1.5°C. Moreover, the extreme warm events will increase in intensity, while the extreme cold events will decrease in both frequency and intensity. The more significant the global warming, the higher the reliability of the projection (IPCC, 2021; Zhou and Qian, 2021). To this point, CMIP6 have been used to project future trends, intensity, duration, and frequency of extreme temperature events in different parts of the world. Scholars have assessed the projection uncertainty and compared the simulation performance of different models. Various projections of extreme temperature events for future periods on different time scales and in different regions have been obtained (Chen et al., 2020; Grose et al., 2020; Kim et al., 2020; Wehner, 2020; Wehner et al., 2020; Ajjur and Al-Ghamdi, 2021; Quenum et al., 2021; Sobie et al., 2021; Zhang et al., 2021; Das and Umamahesh, 2022).
In the context of global warming, China’s temperature has risen significantly as in many other parts of the world. Between 1901 and 2020, China’s annual average temperature increased at a rate of 0.15°C/10 years. This increase was even more significant between 1951 and 2020, where a rate of 0.26°C/10 years was observed. The past 20 years represent the warmest period since the early 20th century (China Meteorological Administration Climate Change Centre, 2021). In the future, China will experiment further warming. According to the results projected by Yang et al. (2021) using the CMIP6 multi-model ensemble in the reference period 1995–2014, under the SSP2-4.5 and SSP5-8.5 scenarios, the annual average temperature in China will increase by the end of this century in 2.7 and 5.4°C, respectively. Both values are higher than the global average increase. It is expected that global warming will rise the frequency and intensity of warm events, and decrease the frequency and intensity of cold events. These will be important features of China’s extreme temperature events. However, some differences may occur across regions. For example, Li et al. (2018) projected changes for the six ETIs in China based on eight selected CMIP5 general circulation models during future periods (2021–2100) under the RCP4.5 and 8.5 scenarios. The results showed that FD0 (frost days) and TN10p (cool nights) will present decreasing trends, and more meteorological stations will show increasing TNn (coldest daily minimum temperature) trends as compared to corresponding decreasing trends. The decreases in FD0 and TN10p will reach 31.4 and 27.4 days from 2021 to 2060 and 42.6 and 29.7 days from 2061 to 2100. However, TD30 (tropical days), TX90p (warm days) and TXx (warmest daily maximum temperature) will show increasing trends. TNn, TD30, TX90p, and TXx will increase in 8.7°C, 45.3 days, 41.6 days, and 5.7°C from 2021 to 2060 and 7.2°C, 65.6 days, 62.4 days, and 6.4°C from 2061 to 2100. You et al. (2021) analyzed 20 models corresponding to the CMIP6 under three SSP (Shared Socio-economic Pathway) scenarios (SSP126, SSP245 and SSP585). With respect to 1986–2005, the regional average surface temperature from the multi-model ensemble mean (MMEM) of 20 models in CMIP6 were projected to increase by 1.31°C, 1.32°C, and 1.45°C in the near-term (2021–2040); 1.75°C, 2.06°C, and 2.66°C in the mid-term (2041–2060); and 1.08°C, 2.97°C, and 5.62°C in the long-term (2081–2100) under SSP126, SSP245, SSP585 scenarios, respectively. Ai et al. (2021) projected spring climate extremes in China based on models in CMIP6. The results reported that the models were generally able to capture mean climate extremes and trends. By the end of the 21st century, wet and warm extreme climate events were projected to increase, particularly in northern and western China. In addition, dry and cold extreme climate events were projected to decrease, particularly in southern China. Xiang et al. (2021) used the EC-Earth3 model in CMIP6 to project China’s extreme temperatures between 2021 and 2100 under four future scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5). Data indicated that China would present a significant temperature increase. Moreover, before the 2050s, the resulting ETIs were similar under the four scenarios. However, after this point, variations appeared. Except for parts of southern Tibet, both TXx and TNn increased in all the regions. The maximum TXx was concentrated in Northern China, and that of TNx was found in North China and Northeast China.
Southwest China (21°08’∼34°19′ N, 97°21’∼110°11’ E) is located in the southeastern part of the Tibetan Plateau, a transition zone between mountains, plateau, and basin. This region has complex topography and unique climate, which is complicated and variable due to the dynamic and thermodynamic effects of the Qinghai-Tibet Plateau and several monsoon circulations (Wu et al., 2012). Southwest China is highly vulnerable to climate change. Ma et al. (2006) observed a significant temperature rise from 1961 to 2000 in the Qinghai-Tibet Plateau, Western Sichuan Plateau, and YGP of Southwest China. However, a significant temperature decrease in SB and Chongqing was determined. These climate changes were asynchronous with global warming. In the past few decades, extreme temperature events have become increasingly frequent in Southwest China, negatively impacting human activities and the ecosystem (Luo et al., 2016; Zhou et al., 2017; Xue et al., 2020). Some scholars determined the feasibility of obtaining temperature simulations and future projections using the models from CMIP5. For example, Wu et al. (2017) used surface temperature observations at 115 stations and historical simulations from CMIP5 in Southwest China from 1961 to 2005. Performance of 40 global climate models (GCMs) for the simulation of surface temperature were assessed in three aspects: simulations of the intensity, interdecadal variation, and mutation of warming. Most models indicated a significant increase in annual average temperature in the past 45 years in different parts of Southwest China. However, only six models replicated the effect of altitude on surface temperature increase. Ten models simulated the interdecadal decrease in annual average temperature in the SB and the hilly area of Chongqing, where the altitude is lower. However, none of the models simulated the air temperature mutation. Wu et al. (2018) used the data from 11 GCMs in CMIP5 and the multimodel ensemble method to project future changes in air temperature at the height of 2 m in Southwest China from 2020 to 2050 under the RCP4.5 scenario and in the presence of intermediate radiative forcing. They determined that the annual average temperature and the temperatures in the four seasons in Southwest China will increase significantly from 2020 to 2050. The rise in temperature was higher during winter and smaller during summer. Regions with a higher and lower temperature increase were mainly located west of 102°E and on the border between southwest Sichuan and northwest Yunnan, respectively.
The future trends of extreme temperature events in China have been intensively studied (Hu et al., 2013; Shen, 2014; Zhang, 2015; Li et al., 2017; Li et al., 2018; Ai et al., 2021; Xiang et al., 2021; You et al., 2021). Yuan and Zhen (2015), Luo et al. (2016), and Li et al. (2020) determined the spatial-temporal variation trends of historical extreme temperature events in Southwest China. However, there is a need for more refined projections of extreme temperature events in this region. The CMIP6 incorporates the largest number of climate models, presents the most reasonable experimental design, and provides the biggest volume of simulation data ever since the CMIP was first launched over 20 years ago (Zhou et al., 2019). Compared with models in CMIP5, CMIP6 models have dramatically improved kinetic parameterization and model resolution (Eyring et al., 2016; Zhan et al., 2020). In addition, performance of models from CMIP6 for extreme climate events simulation has been assessed. It has been suggested that models from CMIP6 outperformed those from CMIP5 in simulating the averages and trends of extreme climates, though only by a slight margin (Chen et al., 2020; Fan et al., 2020; Kim et al., 2020; Lin and Chen, 2020; Jiang and Chen, 2021; Xiang et al., 2021). Chen et al. (2020) made projections based on models in CMIP6, finding an increased consistency in extreme high and low temperatures on the global scale. Data indicated that the probability that high temperature heat waves occur in the future will increase significantly, while that of low-temperature cold damage will decrease. However, projection uncertainty was higher when models in CMIP6 were used as compared with models in CMIP5. According to similar studies, the probability of extreme high and low temperatures will increase in China, and a smaller projection uncertainty was achieved with models in CMIP6 as compared to models in CMIP5 (Luo et al., 2020). CMIP6 simulations vary for different regions, and further investigations are needed.
In the present research, we used nine models in CMIP6 to obtain 17 ETIs for Southwest China. We analyzed historical extreme temperature events during 1969–2020 and variation trends for the period 2021–2040 in four subzones divided by meteorological and topographical characteristics. Also, the SSP2-4.5 scenario was considered, which represents the “middle of the road” development pattern. At the same time, we also evaluated and compared the simulation performance of the selected models for different ETIs in Southwest China. Our findings will inform the government about extreme temperature events in Southwest China in the near future. In the context of global warming, our data will assist during the formulation of disaster relief and prevention measures and for decision-making purposes.
2 DATA AND METHODOLOGY
2.1 Data
According to China’s meteorological and geographical division, the study area in Southwest China consists of four provinces and cities: 1) Chongqing City; 2) Sichuan Province; 3) Guizhou Province; and 4) Yunnan Province. In the present research, Southwest China was divided into four landform units based on climate and hydrologic conditions, geographical location, as well as altitude from north to south: 1) Zoigê Plateau; 2) Hengduan Mountains; 3) Sichuan Basin; and 4) Yunnan-Guizhou Plateau. The Zoigê Plateau (ZP) covers part of northern Sichuan; Hengduan Mountains (HMs) cover western and southern Sichuan and northern Yunnan; the Sichuan Basin (SB) covers most of Chongqing City and eastern and central Sichuan; and the Yunnan-Guizhou Plateau (YGP) covers most of Guizhou as well as part of southern Yunnan.
As previously reported for ETIs, quality control was performed on daily maximum temperature and daily minimum temperature (Zhang and Yang, 2004). Data were obtained from the China Meteorological Data Service Center (MDSCC) (http://data.cma.cn) for the period 1969 to 2020. Ninety-three weather stations located in Southwest China were chosen for the study. Three quality control methods (internal consistency check, climate limit value check and station extreme check) were used. Interpolation was performed to fill data gaps in adjacent stations by using the linear regression method, which ensured that the corrected meteorological data presented high accuracy, homogenization and continuity (Li et al., 2020). Figure 1 displays the geographical locations of the 93 studied stations in Southwest China and the digital elevation model (DEM) of the four geographical divisions. Among them, 4 stations were located in the ZP (No.1–4), 22 stations in the HMs (No.5–26), 23 stations in the SB (No.27–49), and 44 stations in the YGP (No.50–93). DEM data were obtained from the SRTM data (http://www.cgiar-csi.org/) published by the National Imagery and Mapping Agency.
[image: Figure 1]FIGURE 1 | Spatial distribution of weather stations and topographical division in Southwest China
Many studies have indicated that GCMs is able to simulate some climatic factors on a large scale. However, simulation performance of GCMs may significantly vary across the regions due to differences in working mechanism, initial condition configuration, parameterization scheme setting, and spatial resolution (Walsh et al., 2008; Mote and Salathé, 2010). At present, most studies using models from CMIP for temperature projections in Southwest China have assessed the performance of different models. For example, Wu et al. (2017) performed temperature projections in Southwest China using models in CMIP5. ACCESS1.0, ACCESS1.3, CanESM2, CESM1, INM-CM4, IPSL-CM5A-LR, MIROC5, and MPI-ESM-LR were able to simulate a significant increase in annual average temperature in different parts of Southwest China. Among these models, ACCESS1.0, CESM1, and MIROC5 displayed a better performance in simulating the effect of altitude on surface temperature increase. Wu et al. (2018) projected air temperatures in Southwest China from 2020 to 2050 using 11 models from CMIP5. CanESM2, INM-CM4, IPSL-CM5A, and MIROC5 showed better performances. The results indicated that the statistical downscaling method and the multimodel ensemble method effectively reduced simulation errors, and the latter had smaller errors. Chu et al. (2015) assessed the efficacy of some models from CMIP5 for the simulation of air temperature in the Yangtze River Basin, including Southwest China, between 1961 and 2005. CanESM2 and MPI-ESM-LR produced simulations that were consistent with the observations and showed good temporal and spatial correlations. Xiang et al. (2021) evaluated the capacity of models in CMIP6 to simulate extreme temperatures in the major regions of China. These researchers reported that 20 GCMs produced different simulations for the following five ETIs: TXx (Max Tmax), TNn (Min Tmix), DTR (diurnal temperature range), TN10P (cool nights), and TX90P (warm days). The simulations also varied significantly across the regions. ACCESS-CM2, CanESM5, INM-CM5-0, IPSL-CM6A-LR, MIRCO6, and MPI-ESM1-2-LR displayed better simulation performance when they were applied to Southwest China.
With respect to projections, we additionally considered the entire model data obtained from the literature and selected nine models from CMIP6 with proven temperature simulation performance. Table 1 shows the basic information of the nine selected models. These data were obtained from the website https://esgf-node.llnl.gov/search/cmip6/. Since spatial resolution varied across the models, a bilinear interpolation with a spatial resolution of 0.5 ° × 0.5 ° was performed using all the models to determine the daily highest and lowest temperature. At the same time, data from each model were uniformly interpolated to the 93 weather stations. Then, 17 ETIs were calculated, and the Taylor diagram was plotted to assess the degree of correspondence between the modeled and observed data in the historical period. Finally, models with better simulation performance were selected to project and compare the spatial and temporal variations of 17 ETIs. The time-series data covered the period from 1995 to 2040. The period 1995–2014 represented the historical base period, and corresponding data were used to assess the model’s simulation performance. The data for the period 2020–2040 were used for the projection. The future scenario SSP2-4.5 was chosen for the following reasons: 1) SSP2-4.5 is an updated version of the RCP4.5 scenario in CMIP5 and combines intermediate social vulnerability with intermediate radioactive forcing. This scenario is usually used as a CMIP6 reference scenario, as in the Decadal Climate Projection Project (DCPP) under the Coordinated Regional Downscaling Experiment (CORDEX). The most important and intensively discussed scenario in relevant research corresponds to SSP2-4.5 (Jiang et al., 2020). 2) Since the reform and opening-up, China has been undergoing a rapid economic growth and development. This situation has resulted in severe damage to the urban eco-environment. The SSP2-4.5 scenario properly represents China’s national conditions 3) Existing studies have shown that the projected ETIs trends in the major regions of China displayed small variations under different recent scenarios. The resulting signal-to-noise ratio was usually larger under high-emissions scenarios as compared to low-emissions scenarios (Jiang and Chen, 2021; Xiang et al., 2021).
TABLE 1 | Basic information of 9 models in CMIP6 chosen for future projection (the full model names can be found at https://esgf-node.llnl.gov/search/cmip6/).
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3.1 Extreme temperature index
In order to monitor, detect, and analyze the impact of climate change, it is better to use extreme climate indices than average values (Peterson et al., 2008). Herein, 17 ETIs were selected to analyze the characteristics of past and future extreme temperature events in Southwest China (Table 2). This was performed in accordance with the Expert Team on Climate Change Detection and Indices (ETCCDI) recommended by the Commission for Climatology (CCI) of the World Meteorological Organization (WMO) and Climate Variability and Predictability Program (CLIVAR) (Liu and Xu, 2014). The ETIs were calculated by using the RClimDex (1.0) software developed by Xuebin Zhang and Feng Yang (http://etccdi.pacificclimate.org) (Zhang and Yang, 2004). The 17 ETIs included 8 extreme warm temperature indices (EWTIs), 8 extreme cold temperature indices (ECTIs) and 1 index of diurnal temperature range (DTR).
TABLE 2 | List of the 17 selected ETIs.
[image: Table 2]3.2 Taylor diagram
The Taylor diagram presents three statistics, the spatial correlation coefficient between the simulated and the observed value, standard deviation, and RMSE (Root mean square error) of the simulated value relative to the observed field. Differences between the simulated results and reference data can be observed intuitively. Taylor diagram provides information on the simulation performance of the model. We first plotted the Taylor diagram for nine selected single models and MEM-9 (nine-Model Ensemble Mean) to assess their simulation performance for 17 historical ETIs in Southwest China. Then, models with better simulation performance were selected to project the spatiotemporal change trends of future extreme temperature events. The spatial correlation coefficient between the simulated and the observed values estimates the performance of model’s simulation at the central location. In addition, the standard deviation ratio indicates the model’s simulation performance for central amplitude. Moreover, RMSE measures pattern similarities between the simulated and the observed values. The closer the RMSE to 0, the stronger the simulation performance. These three statistics were calculated, and results are shown herein (Taylor, 2001; Zhang et al., 2015; Jiang and Chen, 2021):
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Where R corresponds to correlation coefficient; x is the dataset of the test field; y is the dataset of the observed field; [image: image] and [image: image] indicate data size of the ith sample in the dataset of the test field and the observed field, respectively; [image: image] and [image: image] correspond to the means of the dataset of the test field and the observed field, respectively; n is the sample size; [image: image] is the mean of the dataset; STD indicates standard deviation; and the standard deviation ratio is represented by [image: image], the ratio of the standard deviation of the test field (STDT) to that of the observed field (STDo).
3.3 Skill score
In order to quantitatively describe the simulation performance of the models, the skill score (S) was selected according to Taylor (2001) to quantitatively evaluate the simulation ability of nine single models and MEM-9 to 17 ETIs. The larger the S, the better the simulation ability of the models. Eq. 4 displays the formula used for this purpose (Zhang et al., 2015):
[image: image]
Where R is the correlation coefficient between simulated and observed value; R0 represents the maximum correlation coefficient that can be obtained; and STDR indicates the standard deviation ratio. When the variance of simulated value is close to the variance of observed value, the closer the spatial correlation coefficient between simulated and observed value is to R0, the closer S is to 1; when the variance ratio is close to 0 or infinity, the correlation coefficient is close to −1, and S is close to 0.
4 RESULTS
4.1 Interannual variation of extreme temperature events between 1969 and 2020
According to the interannual variability of ETIs in Southwest China from 1969 to 2020 (figures omitted), the 8 ECTIs were reciprocally corroborated with the 8 EWTIs, which indicated a warming trend. Significant differences were observed in amplitude variations of different types of indices. TN10p and TX90p displayed higher daily amplitude variations than other indices. DTR showed a decreasing trend, indicating a narrowing monthly average difference between daily lowest and highest temperatures. In addition, the interannual propensity rates of all indices passed the significance test at the 0.05 level. Varying degrees of warming were also observed in the four subzones. The specific means of each index can be found in Table 3. Data indicated that the lowest CSDI and WSDI values were found in the ZP. In addition, the highest number of extreme cold days, the lowest number of extreme warm days, the lowest extreme temperature, and the highest DTR were observed in the ZP. Moreover, the HMs presented fewer extreme cold days than ZP. However, in the HMs, the number of cold days were higher than those observed in the SB and the YGP. The number of extreme warm days, extreme temperatures, and DTR were higher in the HMs than in the ZP but lower than in the SB and the YGP. Data also indicated that WSDI displayed the highest value in the SB and the lowest in DTR. In the SB, the largest number of extreme warm days, the smallest number of extreme cold days (TX10p), and the highest extreme temperature indices (TMINmean, TNn, TNx, and TXx) were observed. Also, the highest CSDI, the lowest extreme cold indices (FD, ID, and TN10p), and extreme warm index TN90p were obtained in the YGP. With respect to extreme temperatures, maximum values corresponded to TXn and TMAXmean in the YGP. Among the four geographical divisions shown in Figure 1, the highest and lowest elevations correspond to northwestern Southwest China (ZP and HMs) and eastern Southwest China (SB and northeast YGB), respectively. The population density and urbanization rate in the east are significantly higher than those in the west. As previously shown, regions in higher altitudes and sparsely inhabited displayed larger temperature differences due to the effects of geographical partitioning and human activities. In these regions, fewer extreme warm events were observed, while extreme cold events were more frequent.
TABLE 3 | Average values of 17 ETIs in different subzones from 1969 to 2020.
[image: Table 3]4.2 Evaluation of the simulation performance of the models in CMIP6
We plotted a Taylor diagram to assess the simulation performance of the nine models for 17 ETIs in Southwest China. Previous studies have shown that multimodal ensemble-based simulated values were similar to observed values (Zhao et al., 2014). Thus, in order to obtain MEM-9, nine models were combined into multimodel ensembles using model averaging. The Taylor diagram was used to compare the simulation performance of nine models and MEM-9.
Figure 2 shows the Taylor diagram of 17 ETIs in Southwest China based on simulated and observed data in the historical base period. Three evaluation parameters, R, STDR, and RMSE, were involved. REF represents the observed data. The closer the model data to REF, the higher the simulation performance. According to our results, the R value was consistently smaller with all nine models and MEM-9 for CSDI simulation. Comparatively speaking, MEM-9 and ACCESS-CM2 displayed a better simulation performance, where STDR was close to 1 and a small RMSE was obtained. The nine models and MEM-9 presented the best simulation performance for FD, TR, and TNx, with STDR close to 1, R value above 0.8, and a small RMSE. In the case of ID, the best simulation performance corresponded to CESM2 and CanESM5. Also, the nine models and MEM-9 inadequately simulated TN10p, TX10p, TN90p, and TX90p. However, they properly simulated TMINmean, TMAXmean, and TXx. For all nine models and MEM-9, the R value of 0.6–0.8, STDR close to 1, and small RMSE were achieved. CESM2, ACCESS-CM2, INM-CM5-0, and MEM-9 were able to simulate TNn. In addition, TXn was best simulated with CESM2 and ACCESS-CM2, and MEM-9 presented the best simulation performance for WSDI. The best agreement between observed values and SU simulations were obtained with CESM2, ACCESS-CM2, and MIROC6. Furthermore, CanESM5, MPI-ESMI-2-LR, NESM3, and MEM-9 presented a better simulation performance for DTR. In these models, R displayed a high value, STDR was close to 1, and RMSE was small. Although the simulated results of each index varied across the models, CESM2, CanESM5, ACCESS-CM2, and MEM-9 had a relatively better simulation performance for the 17 ETIs.
[image: Figure 2]FIGURE 2 | Taylor diagram of 9 CMIP6 models and MEM-9 simulated fields relative to observed fields for 17 ETIs in the historical base periods (A) CSDI (B) FD (C) ID (D) TN10p (E) TX10p (F) TMINmean (G) TNn (H) TXn (I) WSDI (J) TR (K) SU (L) TN90p (M) TX90p (N) TMAXmean (O) TNx (P) TXx (Q) DTR
Table 4 presents the Ss between 17 simulated and observed ETIs calculated with nine models and MEM-9 using Eq. 4. Results indicated that the Ss of the nine models and MEM-9 for all 17 ETIs were different. However, according to the average S of each model and MEM-9, the highest Ss were obtained with CESM2, MEM-9, ACCESS-CM2 and CanESM5. These data were consistent with the results obtained with Taylor diagram analysis.
TABLE 4 | Skill scores (Ss) between simulated and observed ETIs for nine single models and MEM-9.
[image: Table 4]4.3 Projection of the future temporal and spatial variation trends of extreme temperature events
4.3.1 Annual change rates
Taking into account the Taylor diagram and skill score of ETIs assessed by nine models and MEM-9, and considering the best projection performance on 17 ETIs, we selected CESM2, CanESM5, ACCESS-CM2, and MEM-9. In order to improve the accuracy and reduce the uncertainty of future projections, we used these three models and MEM-9 to project extreme temperature events in Southwest China under the SSP2-4.5 scenario between 2021 and 2040. Table 5 displays the projected annual change rates of 17 ETIs for this period. According to the three models and MEM-9 prediction, and considering the increasing trend in CSDI projected by MEM-9, it is expected that in the next 20 years the annual change rates of the ECTIs CSDI, FD, ID, TN10p, and TX10p will decrease, while TMINmean, TNn, and TXn will increase. That is, the number of cold days is projected to decrease, and the lowest temperature is projected to increase. In addition, the annual change rates of 8 EWTIs indicated an increase in the number of extreme warm days and highest temperature. The annual change rate of DTR displayed a small value with a slightly increasing trend, except for ACCESS-CM2, which showed a slight downward trend. Although the projected annual change rate values differed between the three models and MEM-9, the change trends were generally consistent. Thus, under the SSP2-4.5 scenario, the extreme cold events in Southwest China will continuously decrease in the next 20 years, while the extreme warm events will continuously increase.
TABLE 5 | Future projections of the annual change rates of 17 ETIs from 2021 to 2040 obtained with different models under the SSP2-4.5 scenario.
[image: Table 5]In the case of the 8 ECTIs, the projections of annual change rates obtained using the three models and MEM-9 showed that MEM-9 projected an annual change rate of 0.13 for CSDI, which corresponds to an increasing trend. In contrast, the other three models projected a decreasing trend in annual change rates for CSDI, and the projected annual change rates were very close to each other. The projected variation ranges of FD and ID were [−1.15, −0.42] and [−0.33, −0.06], respectively. In both cases, the smallest projection corresponded to CanESM5, and the largest to MEM-9. The projected variation ranges of TN10p, TX10p, TMINmean, TNn, and TXn were [−0.35, −0.27], [−0.32, −0.18], [0.04, 0.08], [0.04, 0.09], and [0.04, 0.11], respectively. The results were similar to each other. Thus, among the three models and MEM-9, this last one produced larger ECTIs projections, while the smallest values were obtained with CanESM5. With respect to the 8 EWTIs, the three models and MEM-9 indicated an increasing trend. The projected variation range for WSDI was [0.28, 0.58]. The largest projected values were produced by MEM-9 and the smallest by CanESM5. The projected TR and SU variation ranges were [0.32, 0.58] and [0.00, 0.40], respectively. In both cases, the largest and smallest projections were obtained using CESM2 and MEM-9, correspondingly. The projected TN90p and TX90p variation ranges corresponded to [0.34, 0.82] and [0.21, 0.69], respectively. Herein, the largest and smallest projections were produced by MEM-9 and ACCESS-CM2, correspondingly. The projected variation ranges for TMAXmean, TNx, and TXx were [0.02, 0.08], [0.02, 0.06], and [0.00, 0.12], in that order. Data also indicated that, when different models were used, the projections were similar. In general, the highest and smallest EWTIs projections were obtained using MEM-9 and ACCESS-CM2, respectively. In the three models and MEM-9, the projected variation range for DTR corresponded to [−0.02, 0.04]. ACCESS-CM2 and CESM2 projected a decreasing and increasing trend, correspondingly. On the other hand, the annual change rates projected by MEM-9 and CanESM5 were zero, indicating no change.
4.3.2 Temporal variation trends
CSDI and WSDI represent the continuity of extreme cold and warm events. TMINmean and TMAXmean represent the averages of extreme cold and warm events. Thus, the variation features of extreme cold and warm events can be obtained by combining the two groups of indices. In order to reduce projection uncertainty and increase accuracy, and because of limited space, we applied the three models in addition to MEM-9 to project the spatial and temporal variation trends of these four indices representing the extreme temperature events from 2021 to 2040 under the SSP2-4.5 scenario. Figure 3 shows the projected temporal variation trends in the next 20 years.
[image: Figure 3]FIGURE 3 | Projections of the temporal change trends of the 4 ETIs in the next 20 years by different models under the SSP2-4.5 scenario. CESM2 [(A) CSDI (B) TMINmean (C)WSDI (D) TMAXmean], CanESM5 [(E) CSDI (F) TMINmean (G)WSDI (H) TMAXmean], ACCESS-CM2 [(I) CSDI (J) TMINmean (K)WSDI (L) TMAXmean], MEM-9 [(M) CSDI (N) TMINmean (O)WSDI (P) TMAXmean]
When CESM2 was used, an annual CSDI average value of 4.2 days was obtained, which was higher than the WSDI average of 3.5 days. Thus, the cold spell duration is expected to decrease in the next 20 years, while the warm spell duration is expected to increase. In addition, the decreasing trend of extreme cold events was comparable to the increasing trend of extreme warm events. The annual TMINmean average displayed a value of 10.5°C, and that of TMAXmean was 19.5°C. Both showed an increasing trend, and the increase in TMAXmean was larger than that in TMINmean. The projected CSDI was statistically significant at the 0.1 level. In addition, the projected WSDI, TMAXmean, and TMINmean were statistically significant at the 0.01 level and a good linear fit was obtained. When CanESM5 was applied, CSDI presented an annual average value of 4.5 days, which was higher than the average WSDI of 4.0 days. However, the decrease in CSDI was higher than that in WSDI, indicating that the decrease in extreme cold spells was greater than the increase in extreme warm spells. The annual TMINmean average was 9.5°C, and that of TMAXmean was 18.5°C, both showing an increasing trend. Besides, TMINmean showed an amplitude increase slightly larger than that of TMAXmean. Among the four indices, the projected TMINmean and TMAXmean were statistically significant at p < 0.01. In addition, the projected CSDI and WSDI were statistically significant at p < 0.05, and a good linear fit was achieved. According to the ACCESS-CM2 projections, the resulting WSDI value was 5.6 days, which was higher than the annual average CSDI value of 3.9 days. The TMINmean was 9.0°C, and TMAXmean 16.8°C. Specifically, the decrease in extreme cold spells amplitude was slightly smaller than the increase in extreme warm spells amplitude. TMINmean displayed a higher amplitude increase than TMAXmean. Test of significance indicated that projected TMINmean was statistically significant at the 0.01 level, and corresponding CSDI at the 0.05 level. According to MEM-9 projections, the WSDI resulted in 1.1 day, which was higher than the CSDI value of 0.7 days. Moreover, TMINmean and TMAXmean presented values of 10.8 and 17.6°C, respectively. Results indicated that extreme cold spells displayed a decrease in amplitude far smaller than the increase in amplitude observed in extreme warm spells. In addition, the increase in TMINmean and TMAXmean were similar. The projected WSDI, TMAXmean, and TMINmean were statistically significant at p < 0.01 and a good linear fit was achieved. As previously shown, extreme cold events are expected to decrease, and extreme warm events are expected to increase in Southwest China in the next 20 years under the SSP2-4.5 scenario. In addition, CSDI might decrease, while WSDI, TMINmean, and TMAXmean might increase. Moreover, CSDI presented a smaller decrease in amplitude than WSDI amplitude increase. The amplitude increase of TMINmean was slightly smaller than that of TMAXmean.
When different models were used, a CSDI projected variation of 0.7–5.6 days was obtained. The lowest projection was produced by MEM-9 and the highest by ACCESS-CM2. The largest and smallest interannual decrease variability were projected by CESM2 and MEM-9, respectively. In addition, a projected WSDI variation of 1.1–4.0 days was obtained using different models. The lowest projection was produced by MEM-9 and the highest by CanESM5. Moreover, the highest and smallest interannual increase variability were obtained with MEM-9 and CanESM5, in that order. In addition, a projected TMINmean variation of 9.0–10.8°C was achieved. The lowest projection was produced by ACCESS-CM2 and the highest by MEM-9. The maximum interannual increase in variability was obtained with CanESM5, and those of the remaining three models were alike. The projected TMAXmean variation derived from different models was 16.8–19.5°C. The lowest projection was produced by ACCESS-CM2 and the highest by CESM2. In this case, the highest and smallest interannual increase in variability were obtained with CESM2 and ACCESS-CM2, respectively. As previously shown, the lowest and highest CSDI and WSDI projected values were obtained with MEM-9 and ACCESS-CM2, correspondingly. Furthermore, the lowest and highest TMINmean and TMAXmean projected values were achieved using ACCESS-CM2 and CESM2, in that order.
4.3.3 Spatial variation trends
Figure 4 shows the projected spatial variation of regression coefficients (RCs) for 4 ETIs in 93 weather stations for the next 20 years. According to our results, CESM2 indicated that projected CSDI decreased dramatically in Southwest China, and the decrease in amplitude augmented from the center to the periphery. WSDI generally increased, and its value decreased from southwest to northeast. TMINmean and TMAXmean showed an overall increasing trend in Southwest China, and its increasing rate decreased from east to the west. The CSDI projected by CanESM5 primarily decreased in Southwest China, and its amplitude reduction decreased from southeast to northwest. In general, WSDI, TMINmean, and TMAXmean increased. Specifically, WSDI increased from east to west, while TMINmean and TMAXmean increased in the south to north direction. The CSDI projected by ACCESS-CM2 primarily decreased in Southwest China, and its amplitude reduction decreased from east to west. WSDI, TMINmean, and TMAXmean generally increased. Specifically, WSDI increased from north to south; TMINmean increased from south to north; and TMAXmean increased from east to west. The CSDI projected by MEM-9 was different from the values projected by the remaining three models. Different increasing and decreasing trends were projected in different parts of the study area. Nevertheless, regions projected to have an increasing CSDI outnumbered those projected to have a decreasing CSDI. A significant increasing trend was projected in the SB and the eastern YGP. In contrast, a significant decreasing trend was projected in the northern HMs and the ZP. In general, WSDI, TMINmean, and TMAXmean increased; WSDI increased from east to the west; and finally, TMINmean and TMAXmean increased from south to north. As previously indicated, the CSDI values projected by CESM2, CanESM5, and ACCESS-CM2 decreased in space as a whole, and that projected by MEM-9 generally increased. The values of WSDI, TMINmean, and TMAXmean projected by the three models and MEM-9 increased in general, though the increase in amplitude varied from one part to another. Regions with high projected WSDI values were located in western YGP. In addition, regions with low projected WSDI values were located in the SB and eastern YGP. Moreover, the northern HMs and ZP regions displayed high projected TMINmean values, while the southern HMs and the western YGP areas showed low projected TMINmean values. Regions with high projected TMAXmean values were located in ZP and northern HMs, while regions with low projected TMAXmean values were located in southern HMs. The spatial distributions of intermediate values of the four indices projected using the three models and MEM-9 varied more significantly.
[image: Figure 4]FIGURE 4 | Projections of spatial change trends of the 4 ETIs in the next 20 years obtained using different models under the SSP2-4.5 scenario. CESM2 [(A) CSDI (B) TMINmean (C)WSDI (D) TMAXmean], CanESM5 [(E) CSDI (F) TMINmean (G) WSDI (H) TMAXmean], ACCESS-CM2 [(I) CSDI (J) TMINmean (K)WSDI (L) TMAXmean], MEM-9 [(M) CSDI (N) TMINmean (O)WSDI (P) TMAXmean]
4.3.4 Variation trends in the four subzones
Table 6 shows the four projected ETIs average values for different subzones of Southwest China from 2021 to 2040 under the SSP2-4.5 scenario. These values were obtained using the three models and MEM-9. With respect to CESM2, ZP displayed the smallest TMINmean and TMAXmean projected values. That is, the extreme high and low temperatures were the lowest in this region. In the HMs, the lowest CSDI and highest WSDI were observed. This means that the largest number of extreme warm spells correspond to the HMs region. In addition, the SB presented the lowest projected WSDI and the highest projected TMINmean and TMAXmean values. This indicated that this region is expected to have a smaller number of extreme warm spells and larger extreme high and extreme low temperatures. The highest projected CSDI, WSDI, TMINmean, and TMAXmean values were observed in this region. Therefore, extreme cold and warm events occurred more frequently in the YGP. According to the CanESM5 and ACCESS-CM2 projections, the four smallest ETIs projected values were observed in the ZP. Except for WSDI, the largest projected ETIs values corresponded to the YGP. Regions with the highest WSDI projected by CanESM5 were located in the HMs. Regions with the highest WSDI projected by CCESS-CM2 were located in the SB. Among the MEM-9 projections, except for WSDI, the projected values of the three remaining ETIs were consistent with those projected by CanESM5 and ACCESS-CM2. Regions with the lowest projected WSDI values corresponded to the YGP, and those with the highest projected values were located in the HMs. According to the projected averages of the 4 ETIs in the subzones, the lowest, highest, and higher intermediate TMINmean and TMAXmean were located in the ZP, the YGP, and the SB, respectively. Except for CESM2, the lowest and highest CSDI values projected by the remaining three models corresponded to the ZP and the YGP, in that order. However, the projected WSDI values varied significantly across the models.
TABLE 6 | Future projections for average values of the 4 ETIs in different subzones for 2021–2040 under the SSP2-4.5 scenario obtained with three models and MEM-9.
[image: Table 6]According to the data presented in Table 3, when the four ETIs averages of the historical period are compared with the ETIs obtained with the three models and MEM-9, it is expected that in the next 20 years: CSDI and WSDI will increase in the ZP; TMINmean will augment while TMAXmean will decline. In addition, it is projected that in the HMs, CSDI and WSDI will increase, while TMINmean and TMAXmean will decrease. Moreover, in the SB, CSDI will likely increase, WSDI will likely decrease, and TMINmean and TMAXmean are expected to decline. Also, in the YGP, CSDI are expected to increase, while WSDI to decrease. TMINmean is projected to escalate, while TMAXmean is projected to decline. This means that in the ZP, the number of extreme cold and warm spells as well as the average daily lowest temperature are expected to increase, and the average daily highest temperature to decrease. Similarly, in the HMs, the number of extreme cold and warm spells are projected to increase, and the average daily lowest and highest temperatures to decrease. With respect to the SB, the average daily lowest and highest temperatures are projected to decrease; the number of extreme cold spells will likely increase, while the number of extreme warm spells will likely decrease. Moreover, the average daily lowest and highest temperatures are projected to decrease. It is also projected that in the YGP, the number of extreme cold spells will increase, the number of extreme warm spells will decrease, the average daily lowest temperature will increase, and the average daily highest temperature will decrease.
5 DISCUSSION
At present, GCM is the most powerful tool for climate change simulation and future projection, which can provide climate change data at the global and regional scales. Luo et al. (2020) evaluated 27 models from CMIP6. They simulated extreme temperatures over China and compared observed data for the period 1979–2005. Their results showed that these models contained the observed extreme temperature trends. The ability of individual models varied for different indices, although some models outperformed the others. The models in CMIP6 were able to properly reproduce the spatial distribution of TXx, TNn and FD. And the model spread in CMIP6 was reduced with respect to CMIP5 for some temperature indices, such as TXx, WSDI and TX90p. The study by Chen et al. (2020) indicated that the models from CMIP6 exhibited a general improvement in terms of simulation of climate extremes and their trend patterns compared to observations. Particularly for regions in the high northern latitudes, the model spread in CMIP6 models tended to be much smaller than those of their predecessors. However, the improvement was limited or even decreased for some individual models, which still needs further explanation from other perspectives. The research of Fan et al. (2020) also showed that models from CMIP6 adequately captured the spatial patterns and temporal variations of the observed temperature extremes for some indices, although they were less accurate for others. We plotted the Taylor diagram and calculated skill score to assess the simulation performance of the nine models and MEM-9 in the historical base period before making the projections of 17 ETIs for the next 20 years. We found that, although the average simulation performance of the multimodel ensemble was better than that obtained using individual models, the simulation performance of the nine single models and MEM-9 varied considerably for different ETIs. This result agreed with the findings mentioned above. Thus, in order to improve the projection reliability and to reduce uncertainty, we selected three CMIP6 models and MEM-9 for further comprehensive evaluation.
To the best of our knowledge, many projections of extreme temperature events have been performed on the global and large regional scales. However, few projection studies have focused on the small regional scale, especially in Southwest China, which is more susceptible to climate change, presents complex topography, and has frequently experienced extreme climate events. IPCC AR6 has pointed out that since the 1950s, the number of warm days and warm nights has increased, while the number of cold days and cold nights has decreased on a global scale. Among them, both TXx and TNn showed an increasing trend, and the average increase of TNn was higher than that of TXx in the land area. Moreover, this variation trend of extreme temperature events on the global scale was also observed on the continental and regional scales. The confidence of Asia on the continental scale was very likely. In addition, more than 90% of the regional scale changes presented with above moderated confidence (IPCC, 2021; Zhou and Qian, 2021). In the present research, climate projections over Southwest China for the period between 1969 and 2020 showed consistency with the IPCC AR6 results, with TNn and TXx rising by 0.44°C/10 years and 0.28°C/10 years, respectively.
Xiang et al. (2021) assessed the extreme temperature simulation ability of models from CMIP6 in the major regions of China and conducted projections under future scenarios. They reported significant differences in the simulation of ETIs across GCMs and regions. These researchers used the bias-corrected EC-Earth3 to project the five ETIs (TXx, TNn, DTR, TN10P, and TX90P) in the future period. It was projected that, from 2021 to 2100, Southwest China may have a significant increase in TXx and TNn under all four scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). In addition, temperature increase amplitude is expected to gradually increase under the four scenarios. Moreover, TX90P will dramatically increase, while TN10P will dramatically decrease. DTR showed a significant decreasing trend. These findings agreed with those obtained in the present research. Later, we used the three models and MEM-9 selected by the Taylor diagram and skill score to project the annual change rates of 17 ETIs in the next 20 years under the SSP2-4.5 scenario. It was found that the extreme cold index TN10P will dramatically decrease while TNn will increase. Among the extreme warm indices, TX90P will considerably increase, and TXx will also augment but to a lesser extent as compared to TX90P. However, DTR displayed small variations. Our DTR projections were different from those reported by Xiang et al. (2021). Such difference may be the effect of Southwest China complex topography and zoning differences. In addition to variations in projection trends for annual rates of change of the 17 ETIs that were obtained for the period 2021 to 2040 using the three models and MEM-9, we also calculated the ranges of annual change rates of these 17 ETIs using different models. We expect to gain a thorough understanding of the change rates of different ETIs in the future. Among the projections of extreme cold and heat indices obtained using the three models and MEM-9, the MEM-9 projections were generally larger, which agreed with data reported by Luo et al. (2020) and Fan et al. (2020).
Previous research has indicated that the signal-to-noise ratio observed under high emissions scenarios is usually larger than that obtained under low emissions scenarios. Recent studies on the variation trends of ETIs in the major regions of China have shown insignificant differences between scenarios. Therefore, in order to determine near future projections (from 2021 to 2040), we chose the SSP2-4.5 scenario, which better represents China’s national conditions. However, in the present study, we only chose one scenario and one future period. Considering the spatial resolution of the study area, we performed data processing by statistically downscaling the data from CMIP6. However, this method may increase model projection uncertainty, which can be addressed by bias correction, dynamic downscaling, and regional model ensemble. These data processing methods are expected to enhance projection reliability, and they will be further developed and improved as part of future research.
6 CONCLUSIONS
Daily temperature observations at 93 weather stations in Southwest China from 1969 to 2020 and data from nine models in CMIP6 from 1995 to 2040 were used to calculate 17 ETIs. First, the interannual variation of extreme temperature events and the averages of 17 ETIs in the four subzones were analyzed from 1969 to 2020. Then, the models’ simulation performance was assessed by plotting the Taylor diagram and calculating skill score. In order to reduce the projection uncertainty, we selected the three models plus MEM-9, which had a better simulation performance. Finally, these models were used to project and compare the following analysis in Southwest China from 2021 to 2040 under the SSP2-4.5 scenario: annual change rates of 17 ETIs, spatial and temporal variation trends of four representative ETIs, and the average variations of these four ETIs in different subzones. According to our results, we formulated the following conclusions:
(1) From 1969 to 2020, the 8 ECTIs and the 8 EWTIs were mutually confirmed, which consistently indicated a warming trend. DTR showed a decreasing trend, indicating a narrowing monthly average difference between the daily lowest and highest temperatures. Varying degrees of warming were also observed in the four subzones. Regions in higher altitudes and sparsely inhabited displayed larger temperature differences due to the effects of geographical partitioning and human activities. In these regions, fewer extreme warm events were observed, while extreme cold events were more frequent.
(2) Taylor diagram and skill score analysis showed that CESM2, CanESM5, ACCESS-CM2, and MEM-9 had a relatively better simulation performance for the 17 ETIs. Under the SSP2-4.5 scenario, the extreme cold events in Southwest China will continuously decrease in the next 20 years, while the extreme warm events will continuously increase. Among the three models and MEM-9, MEM-9 produced larger ECTIs projections, while the smallest were obtained with CanESM5. The highest and smallest EWTIs projections were obtained using MEM-9 and ACCESS-CM2, respectively. However, the three models and MEM-9 had little differences in DTR predictions.
(3) The results of temporal change trends of the 4 ETIs representing extreme temperature events indicated CSDI might decrease, while WSDI, TMINmean, and TMAXmean might increase in Southwest China in the next 20 years under the SSP2-4.5 scenario. Moreover, CSDI presented a smaller decrease in amplitude as compared with the amplitude increase of WSDI. The amplitude increase of TMINmean was slightly smaller than that of TMAXmean. The lowest and highest CSDI and WSDI projected values were obtained with MEM-9 and ACCESS-CM2, correspondingly. And the lowest and highest TMINmean and TMAXmean projected values were achieved using ACCESS-CM2 and CESM2, in that order. The results of spatial variation trend showed that the CSDI values projected by CESM2, CanESM5, and ACCESS-CM2 decreased in space as a whole, and that projected by MEM-9 generally increased. The values of WSDI, TMINmean, and TMAXmean projected by the three models and MEM-9 increased in space as a whole, though the increase in amplitude varied from one part to another.
(4) According to the projected averages of the 4 ETIs in the subzones, the lowest, highest, and intermediate higher TMINmean and TMAXmean were located in the ZP, the YGP, and the SB, respectively. Except for CESM2, the lowest and highest CSDI values projected by the remaining three models corresponded to the ZP and the YGP, in that order. However, the projected WSDI values varied significantly across the models. Compared with the 4 ETI mean values corresponding to 1969–2020, the persistence and average state of extreme cold and warm events in different subzones showed that future change trends depend on altitude.
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