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Climate change is expected to increase the frequency and severity of climate extremes, which will negatively impact crop production. As one of the main food and feed crops, maize is also vulnerable to extreme climate events. In order to accurately and comprehensively assess the future climate risk to maize, it is urgent to project and evaluate the stress of extreme climate related maize production under future climate scenarios. In this study, we comprehensively evaluated the spatio-temporal changes in the frequency and intensity of six extreme climate indices (ECIs) across China’s maize harvest region by using a multi-model ensemble method, and examined the capability of the Coupled Model Intercomparison Project Phase 6 (CMIP6) to capture these variations. We found that the Independence Weight Mean (IWM) ensemble results calculated by multiple Global Climate Models (GCMs) with bias correction could better reproduce each ECI. The results indicated that heat stress for maize showed consistent increase trends under four future climate scenarios in the 21st century. The intensity and frequency of the three extreme temperature indices in 2080s were significantly higher than these in 2040s, and in the high emission scenario were significantly higher than these in the low emission scenario. The three extreme precipitation indices changed slightly in the future, but the spatial changes were more significant. Therefore, with the uncertainty of climate change and the differences of climate characteristics in different regions, the optimization of specific management measures should be considered in combination with the specific conditions of future local climate change.
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1 INTRODUCTION
As the population grows, so does the demand for food that mainly from crop production (Xia and Yan, 2023; Hatfield and Dold, 2018). Since crop growth and development are highly impacted by the climate conditions during the growing season (Rizzo et al., 2022; Xiao et al., 2021), climate variability and change pose considerable threats and challenges to global food security under the background of global warming (Pörtner et al., 2022; Wang et al., 2020; Lobell et al., 2011). Generally, extreme climate is more likely to affect crop production than seasonal mean climate changes over the same period (Fu et al., 2023; Zhang et al., 2018; Jin et al., 2017). Climate warming is expected to lead to more frequent climate extremes (Lesk et al., 2022; Zhu and Troy, 2018), and have serious negative impacts on the physiological process and behavior of crops, ultimately reducing crop yields (Shi et al., 2021; Lesk et al., 2016). Heat stress triggered by supra-optimal temperatures can lead to physiological damage and ultimately cause yield loss (Asseng et al., 2015; Lobell et al., 2013). Similarly, drought caused by low precipitation had adverse effects on crop transpiration and photosynthesis processes (Li F. et al., 2022; Liu et al., 2022). In addition, long-term waterlogging caused by excessive precipitation can damage crop growth (Wang et al., 2023; Li et al., 2019). Therefore, given that extreme climate events can lead to severe agricultural disasters, understanding trends in the frequency and intensity of agroclimatic extreme events is critical to ensuring food security in a warming climate environment (Zhang et al., 2023; Xiao et al., 2022; Bai et al., 2022).
The climate-related risks to crop production primarily depend on the degree of exposure to various extreme climate events occurring at different spatio-temporal scales (Bradshaw et al., 2022; Zhang et al., 2021). Based on the response of special crops to various climate factors (e.g., temperature, precipitation, radiation, wind, etc.), a series of targeted indices have been developed to investigate how climate affects crop growth and production (Bai et al., 2021). Generally, temperature and precipitation are the main climate factors affecting crop growth and development, and are also two primary variables used in the development of climate indices (Zhao et al., 2022). Overall, the exposure of crop growth processes to extreme climate events and the future change can be systematically quantified by using corresponding climate indices (Li et al., 2018). However, previous studies have mainly considered changes in extreme climate indices (ECIs) in a specific period of time, and often neglected the specific growth period of crops. As different growth periods of crops have different responses to different extreme climates, the definition and analysis of ECIs combined with crop phenology and development stage can more accurately reflect the extreme climate stress faced by crops (Xiao et al., 2022). Thus, it is necessary to explore the stress intensity of extreme climate events that crops are prone to during specific growth period under the background of climate warming.
Due to the easy availability of historical climate records and crop observations, most studies mainly focused on the impact of extreme climate events on crop production over the past few decades (Li et al., 2018; Butler and Huybers, 2015; Zhang et al., 2014). As the global climate continues to warm, the occurrence of extreme climate will become more frequent and the threat will become more serious in the future (Zampieri et al., 2019). Understanding and projecting temporal and spatial changes in extreme climate events under future climate scenarios are essential to cope with future climate risks and formulate corresponding strategies (Mangani et al., 2018). Recently, the probability of occurrence of extreme climate events for future climate scenarios can be projected by Global Climate Models (GCMs), which is provided by the World Climate Research Program (WCRP) of Coupled Model Inter-comparison Project phase 6 (CMIP6) (Zampieri et al., 2019). CMIP6 integrated the information from simulations of the Representative Concentration Pathway (RCP) in CMIP5 and future Societal Development Pathways, and could better project climate change in the future (O’Neill et al., 2016). Therefore, studies are need to projected extreme climate risks for crops by combining well-defined ECIs with the latest GCM data from CMIP6.
Maize (Zea may L.) is not only an important source of food and feed, but also an important source of fuel, playing a pivotal role in agriculture and national economy (Luo et al., 2023). However, world’s maize supply over the past decades was under stress due to growing food demand and industrial consumption (Villoria and Chen, 2018). In China, maize is one of the most important crops with the largest sown area and highest yield (Wu et al., 2021; Xiao and Tao, 2016). the sowing area of maize is stable above 4.3 × 107 ha all year round and yield is more than 2.5 × 1011 kg. Related studies have investigated the threat of changing climate to maize yield. In northeast China, maize yield will decrease by 311.48 kg/hm2 with every 1 day increase in the summer extreme low temperature index. Xiao and Tao (2016) revealed that the changing trend of climate variables reduced maize yield by 15%–30% in North China (Xiao and Tao, 2016). Generally, maize is grown during summer season, when extreme heat and extreme precipitation events are most likely to occur (Li et al., 2021). A large number of abnormal climatic events have been observed during the growing season of maize in China (Dong et al., 2021; Cicchino et al., 2010). In order to alleviate the pressure of extreme climate events on maize production, it is necessary to explore the potential exposure of maize to extreme climate stress in the future. Currently, more and more studies focus on the effects of climate extremes on maize growth and development (dos Santos et al., 2022; Li Z. et al., 2022; Zhang et al., 2020; Tingem et al., 2008).
In this study, according to the extreme climate disasters that relate to maize growth and development, we defined six ECIs that are closely related to maize yield, and assessed the spatiotemporal characteristics of selected ECIs in historical (1981–2010) and future periods (2031–2100) based on historical climate data and future climate data from 18 GCMs provided by CMIP6. The main objectives were to (1) access the ability of individual GCM and the multi-model ensemble result to reproduce extreme climate events across the major maize producing areas in China, and (2) project the possible trends of extreme climate events under future climate scenarios.
2 MATERIALS AND METHODS
2.1 Study area
The study areas across mainland China have diverse climate environments and complex crop planting structures (Xie et al., 2023). According to the cropping system and growth environment, the whole study area was divided into four maize planting subregions, namely, Zone I, Zone II, Zone III and Zone IV (Figure 1). Moreover, according to the different sowing time, it is divided into spring maize and summer maize. Overall, Zone I, Zone III and Zone IV are spring maize planting areas, and Zone II is summer maize planting areas (Luo et al., 2020).
[image: Figure 1]FIGURE 1 | Four zones in the maize growing area of China (A) and three phenological stages for maize (B–D). Zone Ⅰ, Zone Ⅲ and Zone Ⅳ represent the spring maize zone, and Zone Ⅱ represents the summer maize zone in Figure (A). Figure (B–D) show the phenological days of maize V3 stage, heading and maturity, green and red indicate the early and late days of the corresponding phenological days of year, respectively.
2.2 CMIP6 data and reanalysis data
Based on the availability and completeness of the future climate data, we selected 18 GCMs from the Coupled Model Inter-comparison Project phase 6 (CMIP6; Table 1). The detailed descripition of CMIP6 can be found at the website https://aims2.llnl.gov/search/cmip6/. Each GCM includes historical climate simulation and future climate projections, which mainly included daily maximum, minimum and average temperature, and daily precipitation. The historical climate data selected in this study is Historical version, and the time span is 1981–2014. Considering the representativeness of future climate scenarios and the completeness of data under corresponding future climate scenarios, we selected four typical scenarios, including Shared Socioeconomic Pathway (SSP) 126, SSP245, SSP370 and SSP585, with a time span from 2015 to 2100. In detail, SSP126 is the updated RCP2.6 with a stable radiative forcing of 2.6 W m−2 in 2100, and SSP245 is the updated RCP4.5, which is the medium forcing scenario, and the radiation intensity is stable at 4.5 W m−2 in 2100. For SSP370, the radiation intensity is forced to stabilize at 7.0 W m−2 in 2100. And SSP585 is the updated RCP8.5, which indicates a high forcing scenario of 8.5 W m−2 in 2100 (Eyring et al., 2016; Meinshausen et al., 2011). Due to differences in spatial resolution of each GCM, the method of Double Line Interpolation Method (DLIM) was adopted to interpolate data of each GCM into a grid of 0.25° × 0.25° (Shi et al., 2014).
TABLE 1 | The information of 18 global climate models (GCMs) selected in this study.
[image: Table 1]To assess the ability of each GCM to project extreme climate events in maize producing areas of China over historical periods, the reanalysis datasets of ECMWF Reanalysis v5 (ERA5) (https://cds.climate.copernicus.eu/), including daily minimum and maximum temperature data, daily average temperature and daily precipitation were selected as observations. ERA5 is the latest reanalysis data set of the European Centre for Medium-Range Weather Forecasts (ECMWF) with a spatial resolution of 0.25° × 0.25° and a temporal resolution of 1 h.
2.3 Maize phenology data
Maize phenology data were obtained from the ChinaCropPhen1km dataset (https://figshare.com/), which was a 1 km grid crop phenology dataset of China from 2000 to 2015 established based on Leaf Area Indices (LAI) products from Global Land Surface Satellite (GLASS) (Luo et al., 2020). Compared to the phenological records from the agricultural meteorological stations of the China Meteorological Administration (CMA), the data set had a high precision and the error is less than 10 days (Luo et al., 2020). In order to characterize the influence of extreme climate events in special maize growth stages, three key phenological periods, including early vegetative stage of maize when the third leaf is fully expanded (i.e., V3 stage), heading and maturity dates for both spring maize and summer maize, were selected in this study. The multi-year average dates of three phenological stages from 2000 to 2014 were calculated, with a spatial resolution of 1 km. Then, the average phenological dates in the 0.25° × 0.25° grid was calculated to obtain the maize phenology data used in this study (Figures 1B–D).
2.4 Extreme climate indices (ECIs)
The most common extreme climate disasters suffered by maize are mainly high temperature stress, drought and heavy precipitation (Shi et al., 2021). Related studies have pointed to high temperatures (Tmax greater than 34 C) as the main hazard of maize in the heading and flowering stages, and grain filling period [i.e., reproductive growth period from heading to maturity (RGP)] (Huo et al., 2023). In this study, we defined RGP as the period from 10 days before maize heading to 30 days after the heading to facilitate the calculation of extreme high temperature indices of this stage. To comprehensively assess the occurrence of high temperature stress, three extreme high temperature indices [i.e., hot days (HD), heat stress intensity (HSI) and consecutive hot days (HCD)] during maize RGP (Table 2) were developed. Moreover, in order to comprehensively assess the occurrence and frequency of extreme precipitation (e.g., heavy precipitation, continuous precipitation and drought) during the growth period from V3 stage to maturity of maize, we defined three extreme precipitation indices (i.e., heavy precipitation days (R20), consecutive wet days (CWD) and consecutive dry days (CDD) recommended by the CCI/WCRP/JCOMM Expert Team on Climate Change Detection and Indices (ETCCDI) (Xiao et al., 2022). Details of the above six ECIs are shown in Table 2.
TABLE 2 | The information of the 6 extreme climate indices related maize production.
[image: Table 2]2.5 Bias correction
Future climate projections from GCMs often show systematic bias (Hiruta et al., 2022). We used the Delta Change Method (DCM) to conduct bias correction (Beyer et al., 2020), and the base period of bias correction was 1981–2010. The formulas for DCM are as follows Equations 1, 2:
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where [image: image] [image: image] denotes the year; [image: image] ([image: image]) is the mth month of the yth year; [image: image] is the dth day of the mth month of the yth year. Obs was the observational data (i.e., REA5 data); sim is the simulated data of GCMs. [image: image] is the multi-year monthly average precipitation of mth month of the observation data during the base period (1981–2010); [image: image] is the multi-year monthly average precipitation of mth month of GCMs during the base period of 1981–2010; [image: image] is the multi-year monthly average daily temperature of mth month of the observation data during the period of 1981–2010; [image: image] is the multi-year monthly average daily temperature of mth month of GCMs during the period of 1981–2010. [image: image] and [image: image] are used for bias correction of precipitation and daily temperature (e.g., average temperature, minimum and maximum temperature) data, respectively.
2.6 Multi-model ensemble methods
The Earth’s climate system is complex, so it is often impossible for an individual GCM to adequately describe all the physical processes of climate change. To reduce uncertainty, the average or combined results of multiple GCMs are used in climate projections (Tebaldi and Knutti, 2007). Bishop and Abramowitz (2013) proposed Independence Weighted Mean method (IWM) that defined inter-model dependencies using the covariance of model errors (Bishop and Abramowitz, 2013). In this study, we used IWM to aggregate the results of ECIs under multiple GCMs. Overall, the aim of IWM is to minimize Equation 3:
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where [image: image] are time steps of annual index values and [image: image] for GCMs; [image: image] is the multi-model ensemble of ECIs for the jth time step; [image: image] is the jth time step observed ECIs; [image: image]; [image: image]; [image: image] is the kth model coefficient in the linear combination; [image: image] is the ECI for the jth time step of the kth GCM. Additionally, to ensure that [image: image], this constraint term is solved using a Lagrange multiplier (λ) as follows Equation 4:
[image: image]
The solution of Equation 4 can be expressed as Equation 5:
[image: image]
where [image: image]; A is the sample-based estimate of the covariance of the bias-corrected errors between all of the ensemble members as follows Equation 6:
[image: image]
Using the ECIs associated with maize production under a multi-GCM integrated with IWM, this study focused on assessing the spatio-temporal changes of extreme climate stress in three different 30-year periods, with the base period from 1981 to 2010, the 2040 s from 2031 to 2060, and the 2080s from 2071 to 2100.
2.7 Data evaluation method
We selected Taylor Diagram (TD) to visually compare the differences between model projections and observed data (Taylor, 2001). Typically, TD can provide the standard deviation (STD), correlation coefficient (CC) and root mean square error (RMSE) between projected and observed values. In detail, the radian axis is CC, and the horizontal and vertical axes are STDs. The closer the values of CC and STD are to 1, the better the model can reproduce the observed values. RMSE is the distance from the model point to the reference point (REF). Generally, the smaller the value of RMSE, the closer the model point is to the reference point. Therefore, when the CC is larger, the RMSE is smaller, and the STD is closer to 1, the simulation ability of the GCM is better (Equations 7–9).
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where [image: image] is the simulation value of the jth year, [image: image] is the corresponding reanalysis data for the jth year, [image: image] and [image: image]. In this study, CC, RMSE, STD [image: image] satisfy the cosine law, which is the basic theoretical framework of the TD.
In this study, we used TD to evaluate the reliability of six ECIs calculated from 18 individual GCMs and multi-model integrations using AM and IWM. Specially, the CC, STD and RMSE of ECIs simulated by GCMs from CMIP6 and calculated by ERA5 data during 1981–2014 were analyzed.
2.8 Cumulative distribution functions
The differences in physical parameters and resolution of different GCM will lead to great differences in the final simulation results. In order to reduce the uncertainty of a single GCM prediction and improve its reliability, 18 GCM simulation results were treated with AM and IWM. The cumulative distribution function (CDF) is the integral of the probability density function (PDF), which represents the probability that a random variable is less than or equal to a particular value. We use the probability density function to explain the cumulative distribution probability of extreme events for each GCM and after AM and IWM processing results Equation 10.
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where is the probability of different extreme climate indices (ECIs), x represents the six defined extreme climate indices, [image: image] represents the total probability that the random variable is less than or equal to in the probability density function.
3 RESULTS
3.1 Comparison between observed and projected ECIs
As shown in Figure 2, the ability to project ECIs was improved significantly by bias correction of GCM data. The CCs between the projection results of ECIs from GCMs and that from the reanalysis data significantly increased (Figure 2), and the RMSE significantly decreased (Table 3). Therefore, to some extent, the bias correction for GCM data could effectively reduce the errors and uncertainties of ECIs projected by GCMs. For the multi-model integration results of each ECI, the ensemble results of AM and IWM have better performance regardless of bias correction (Figure 2). Moreover, the RMSEs of the IWM ensemble results for all ECIs were smaller than that of AM ensemble results (Table 3), and the CCs of the IWM ensemble results for all ECIs were greater than that of AM ensemble results (Supplementary Table S1). These results indicated that the IWM ensemble results calculated by multiple GCMs with bias correction could better reproduce each ECI. In addition, we used cumulative distribution function (CDF) to evaluate the reliability of six ECIs derived from 18 GCMs and averaged by AM and IWM. Overall, the results calculated from the AM and IWM performed better than those from the various GCMs. Moreover, the curve of CDF from IWM method was closer to the observed distribution (Figure 3), which indicated that the results obtained by IWM were best and acceptable in this study.
[image: Figure 2]FIGURE 2 | Taylor diagram (TD) information for 6 extreme climate indices (ECIs) (A–F). (○ denote the observed data, red dots and blue dots denote the results without and with bias correction treatment, respectively. The numbers denote the code of GCM (1–18) as Table 1, AM (19) and IWM (20), respectively).
TABLE 3 | Root Mean Square Errors (RMSEs) between each Global Change Model (GCM), the multi-model Arithmetic Mean (AM), Independence Weighted Mean (IWM) and observed values for the 6 extreme climate indices (ECIs) during 1981–2014. Each index corresponds to the RMSEs of GCMs with uncorrected bias in the first column and the RMSEs of GCMs with corrected bias in the second column. NA denotes no available value.
[image: Table 3][image: Figure 3]FIGURE 3 | Curves of cumulative distribution function (CDF) for six extreme climate indices (ECIs) (A–F).
3.2 Spatial distribution of observed climate extremes during 1981–2010
As shown in Figure 3, the six ECIs across maize producing areas in China during 1981–2010 showed certain spatial heterogeneity. Overall, the days of HD and HCD were less than 4 days in most areas, except for some areas in Zone Ⅳ and a small area in the eastern part of Zone Ⅲ (Figures 4A, C), indicating that the frequency of extreme high temperature occurred in most maize growing areas was relatively low. However, the results were based on a 30-year average, with more days of extreme heat events occurring in individual extreme years. In addition, most of the areas experiencing high temperature pressures with HSI values less than 36.5°C, except for parts of Zone Ⅳ that reach more than 38°C (Figure 4B). During the historical period of 1981–2010, extreme precipitation (i.e., R20) occurred mainly in Zone Ⅲ located in the south, while the other three zones occurred less frequently (Figure 4D). In terms of the spatial distribution of continuous wet and continuous drought, CWD mainly occurred in the western part of Zone Ⅲ, and most of the regions exceeded 30 days (Figure 4E). However, CDD occurred mainly in the western part of Zone Ⅰ and Zone Ⅳ located in the northern region (Figure 4F). In summary, based on a 30-year average of ECIs occurred during maize RGP indicated a lower frequency of extreme high temperature occurrences. In contrast, R20 and CWD exhibit significant stress in a specific single region, which is also the case for CDD.
[image: Figure 4]FIGURE 4 | The spatial distribution of average observe extreme climate indices (ECIs) (A–F) during the historical period from 1981 to 2010 in China.
3.3 Projections of climate extremes in the future
For different future climate scenarios, the three extreme heat indices (i.e., HD, HSI and HCD) show increasing trend in the four study sub-zones, and the increase amplitude was greater under the high-emission scenarios, especially under the SSP585 (Figures 5A–C; Supplementary Figures S1A–C, S2A–C, S3A–C). And the three extreme precipitation indices (i.e., R20, CWD and CDD) showed different trends in the four sub-zones. We found that the three precipitation indices had similar trend and intensity in Zone I and Zone II under four future climate scenarios (Figures 5D–F; Supplementary Figures S1D–F). The three extreme precipitation indices showed evident greater intensity in Zone III, while the intensity of R20 and CWD was lower in Zone IV, and the intensity of CDD was higher (Supplementary Figures S2D–F, S3D–F). In term of trends of extreme precipitation, R20 showed significant increase trends in Zone I, Zone II and Zone III, and CWD showed similar trends in Zone I and Zone II, while CDD had no obvious trend in the future.
[image: Figure 5]FIGURE 5 | The trends of six extreme climate indices (ECIs) (A–F) in Zone I during historical and future periods under four climate scenarios.
Spatial changes in extreme temperature indices show a consistent change in 2040s and 2080s under four future climate scenarios (Figure 6; Supplementary Figures S4, S5). For HD, the increases in 2080s period under SSP370 and SSP585 were greater than that in 2040s, which showed an evident change in spatial (Figures 6F, H). The increase of HSI showed strong spatial heterogeneity under future climate scenarios, which had significant increases in Zone Ⅳ in two future periods and the increase amplitude was greater under the high emission scenarios, especially under the SSP585 (Supplementary Figure S4H). There has no significant spatial characteristics in HCD in 2040s and the spatial changes were mainly concentrated in Zone Ⅱ and Zone Ⅲ in 2080s, especially under the high emission scenarios (Supplementary Figures S5D–H).
[image: Figure 6]FIGURE 6 | Spatial distribution of HD during 2040s (2031–2060) (A, C, E and G) and 2080s (2071–2100) (B, D, F, H) under SSP126 (A, B), SSP245 (C, D), SSP370 (E, F) and SSP585 (G, H).
The three extreme precipitation indices showed consistent change trends in both future periods (2040s and 2080s), but have different spatial characteristic in sub-zones (Supplementary Figures S6–8). Both R20 and CWD showed decreasing trends under future climate scenarios, and there had obvious spatial difference. For R20, the decrease in the future concentrated in southern of China, especially in the central and eastern part of Zone Ⅲ, while CWD had no significant decreasing region. The results showed that the heavy precipitation stress of maize in southern China would be reduced, which was conducive to the increase of maize yield. There had a more obvious difference of intensity between R20 and CWD, the intensity of CWD showed greater decreasing than that of R20. In contrast, there had increase trends for CDD in 2040s and 2080s, with a significant spatial difference. Both Zone Ⅱ and Zone Ⅳ of CDD showed a significant increasing trend, while there had no obvious differences between 2040s and 2080s. The maize yield in Zone II may be damaged by the increase of continuous precipitation, and more measures are needed to avoid the impact on maize production. Generally, different maize growing regions need to adapt to possible changes in precipitation patterns to maintain stable yields and food security.
Heat stress showed consistent increase trends under four scenarios in the 21st century (Figures 7A–C). The intensity and frequency of the three extreme temperature indices in 2080s were significantly higher than those in 2040s, and that in the high emission scenario was significantly higher than in the low emission scenario. The three extreme precipitation indices changed slightly in the two future periods, but the spatial changes are relatively prominent, such as R20 and CWD in Zone Ⅲ in 2080s, and CDD in Zone Ⅳ in 2080s (Figures 7D–F). Overall, the trend temporal and spatial changes of extreme temperature indices were consistent, and the spatial heterogeneity of extreme precipitation indices was more obvious, with not in temporal changes.
[image: Figure 7]FIGURE 7 | The changes in the 6 extreme climate indices (ECIs) (A–F) during 2031–2060 (2040s) and 2071–2,100 (2080s) compared to the baseline period of 1981–2010 under four future climate scenarios.
4 DISCUSSION
4.1 Performance of CMIP6 models
Related studies used GCMs from CMIP6 to assess changes in extreme climate events as the world warming (Pan et al., 2022; Shiru et al., 2022; Zamani et al., 2020). To explore the applicability of the CMIP6 models, the evaluation was conducted to assess the ability of multi-model ensemble to project ECIs defined for maize production in China. Overall, the application of multi-model ensemble approach effectively decreases the uncertainty of single GCM simulation. In detail, there was better effects and small RMSEs between the multi-model ensemble simulation and the historical observed ECIs. From the evaluation of RMSE and CC, the results from both IWM and AM methods were significantly better than those from individual GCM, and IWM method had best performance in this study. Therefore, we found that the IWM ensemble results calculated by multiple GCMs with bias correction could better reproduce each ECI related maize production.
4.2 Spatiotemporal variation of ECIs for maize
For agriculture, which is heavily affected by extreme climate events, it is necessary to carry out extreme event hazard assessment to the impact on crops (Guo et al., 2023). Generally, the response of crop growth and development process to extreme climate is more sensitive than that of climate change (Lobell et al., 2013). Most studies indicated that extreme climate events exerted negative impacts on maize production, especially at the reproductive growth stage (Zhou et al., 2016; Marijn et al., 2012). The severity of extreme climate disasters is related to their intensity and exposure during maize growth period (Olivera and Heard, 2019). This study used six ECIs related maize production to assess the agroclimatic extremes faced by maize under future climate scenarios, which would be helpful in understanding the impact climate change on maize production and taking targeted measures in the future.
There are many climate factors that have impacts on maize production, but temperature and precipitation are the main factors that have a large impact because of the large variability. In detail, extreme temperature can have detrimental effects on maize, including reduced grain filling and photosynthesis, potentially resulting in crop failure (Zhou et al., 2016). Drought caused by water scarcity can reduce maize yields by negatively affecting root and seed development, flowering and reproductive development (Bi et al., 2020). In this study, the results indicated that the heat stress during maize growing period showed significant increase trends under the all future climate scenarios. Related studies had similar results, and found that the occurrence of HD for maize was becoming more frequent in most areas of China (Zhang et al., 2021; Wei et al., 2020), resulting in significant impacts and economic losses on maize in terms of yield, harvested area and planting boundaries. In detail, we found that the intensity of heat stress was significantly stronger in the south and northwest of China than that in other regions. Therefore, corresponding management measures should be taken in the future to cope with high temperature stress in these areas. Furthermore, to some extent, extreme high temperature can exacerbate drought stress, resulting in more severe drought impacts in maize production. Precipitation is also important for growth and yield of maize, too much can flood maize, while less can lead to drought and destroy maize. Overall, this study found that R20 mainly showed significantly increasing trend in most study area under the future climate scenarios. Related study also noted that the precipitation would increase in the Yangtze River Basin under the two future climate scenarios (RCP4.5 and 8.5) during 2006–2050 (Chen et al., 2020). However, CWD showed a significant growth trend only in the northern region (Zone I), with slight change in other areas. Due to the increase of precipitation, CDD decreased significantly in the northern region (Zone I), while the change in other regions was not obvious. Drought sensitive phase occurs throughout the growing season of maize, and we focused on the period from V3 to maturity. In northern China, maize is often subject to drought stress due to low precipitation. Therefore, future reductions in CDD will benefit maize production in this region.
This study projected and assessed the spatio-temporal changes of ECIs across the maize growing areas of China under various SSP scenarios from 2015 to 2,100, which contains extreme heat, heavy precipitation and continuous precipitation and drought. Overall, due to global warming, maize is more frequently exposed to heat stress during key phenological periods, which could further destabilize China’s crop yields and have an impact on the global market (Lobell and Tebaldi, 2014). We found that agroclimatic extremes occurred widely in maize producing areas of China, and had large spatial differences. Therefore, it is crucial to assess the extent to which maize is exposed to extreme climate environments on a regional scale. Although this study only considered the spatio-temporal characteristics of extreme climate events and did not explore the specific impacts of extreme climate events on maize yield, it is still valuable for the maize management.
4.3 Strategies to adapt to future extreme climate change
The higher risk of extreme climate on maize growth in the future needs to be mitigated by corresponding adaptation strategies. Generally, warming climate could accelerate crop growth and thereby advance crop phenological stages (Xiao et al., 2015; Hu et al., 2017). Field management measures can mitigate the influence of extreme climate on maize growth, especially adjusting sowing date can effectively change the growth period to adapt to climate change. Due to adjustment of sowing date can avoid extreme climate stress during the critical reproductive stage, the damage to crops can be mitigated (Zhou et al., 2017). Furthermore, optimizing crop varieties according to long-term climate change is an important measure to deal with climate change, especially extreme climate change. We calculated the ECIs based on the characteristics of the current maize varieties, and develop more resistant maize varieties can enhance the ability to resist extreme climate stress in the future. Previous studies showed that the optimization of maize varieties under future climate conditions should have a longer reproductive growth period, a faster filling rate, a larger maximum grain number and a higher radiation utilization efficiency (Xiao et al., 2020). Overall, proper adjustment of sowing date and adoption of resistant cultivars can mitigate extreme climate stress during the key growth stages.
4.4 Limits and uncertainties
Considering the extreme climate risk characteristics of maize growth period, people planted maize in relatively warm periods, and cold damage only exists in the late growth and harvest period of maize in Northeast China, and the overall impact was not obvious. Therefore, this study mainly considers the extreme heat indices. In terms of the extreme precipitation indices, we considered the continuous dry and wet effects of maize during the key growth period (from V3 to maturity), and mainly considered the influence of heavy precipitation during this period. Radiation is also a key factor in crop growth, and generally there are no extreme changes. Therefore, this study did not pay attention to the changes of radiation during the growth period of maize. In addition, given the diversity of future climate change, we have selected four scenarios (i.e., SSP126, SSP245, SSP370, SSP585) that cover possible extreme climate scenarios. Moreover, maize yield was not predicted in future scenarios, which is also the direction and content of future research. In order to further investigate the response of simulated maize phenology to climate warming and agronomic measures, more work is needed based on 1.5°C and 2°C.
5 CONCLUSION
This study preliminarily investigated the future changes of extreme climate stress related to maize production in China based on 18 GCMs from CMIP6. This study found that extreme temperature events, especially heat stress caused by climate warming, will have an increasingly significant impact on maize in the future. R20 mainly showed significantly increasing trend in most study area under the future climate scenarios. However, CWD showed a significant growth trend only in the northern region, with slight change in other areas. CDD decreased significantly in the northern region and will benefit maize production in this region. In order to actively address the impact of extreme weather on maize production, we recommend that developing varieties of maize that can tolerate higher temperatures and adjusting the maize planting calendar to an earlier date could mitigate the impact of extreme climate on maize production. However, due to the uncertainty of climate change and the differences of climate characteristics in different regions, the optimization of specific management measures should be considered in combination with the specific conditions of future local climate change.
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Extreme climate indices Abbreviation Descripti

Hot days HD Days of Tmax >34 C from 10 days before heading to 30 days after heading d ‘
Heat stress intensity ‘ HSI ' The mean Tmax for hot days S
Consecutive hot days HCD Days with three or more continuous hot days d
Heavy precipitation days R20 Days with daily precipitation 220 mm from V3 stage to maturity d
Consecutive wet days cwD Maximum consecutive days with daily precipitation 21 mm from V3 stage to maturity d

Consecutive dry days CDD Maximum consecutive days with daily precipitation <5 mm from V3 stage to maturity d
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1 ACCESS-CM2 AcCl Australia 188" x 125"
2 ACCESS-ESM1-5 ACC2 Australia 188" x 125"
3 CanESM5 CAN Canada 281° x 279"
4 CMCC-ESM2 cMC Ttaly 125" % 094°
5 EC-Earth3 ECEL Europe 070" x 070"
6 EC-Farth3-Veg ECE2 Europe 070" x 070"
7 EC-Earth3-Veg-LR ECE3 Europe 113" x 112"
8 FGOALS-g3 FGO China 280" x 280"
9 CEDL-ESM4 GED United States 125" x 1.00°
10 INM-CM4-8 INM1 Russia 200" x 150"
1 INM-CM5-0 INM2 Russia 200" x 160"
12 IPSL-CM6A-LR s France 250" x 127°
13 KACE-1-0-G KAC South Korea 188' x 125"
14 MIROCS MIR Japan 141°x 140
15 MPLESM1-2-HR MPIL Germany 094° x 094°
16 MPL-ESMI-2-LR MPI2 Germany 188" x 1.86"
17 MRI-ESM2-0 MRI Japan 0.94° x 094"
18 NorESM2-MM NOR Norway 125" % 094°
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