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Abstract 15 

Under global warming, compound heat–drought events pose a serious threat to maize 16 

production in Northeast China. Existing indices are insufficient to capture the synergistic 17 

interactions among multiple stresses and their cumulative effects during the growing season. In this 18 

study, a novel Process-based Cumulative Heat–Drought Index (PCHDI) was developed based on 19 

soil–plant–atmosphere continuum (SPAC) theory by integrating the Vegetation Condition Index 20 

(VCI), Soil Temperature Index (STI), and Standardized Soil Moisture Index (SSMI).The response 21 

thresholds of maize to compound stress were optimized using the XGBoost–SHAP framework, and 22 

the intensity and synergistic effects of stresses were quantified through three-dimensional vector 23 

analysis. The spatiotemporal evolution of compound events from 1990 to 2023 was further analyzed 24 

using the 3D DBSCAN algorithm. The results show that high-intensity events are concentrated in 25 

the central and western agricultural-pastoral transition zones and the western Songnen Plain, 26 

exhibiting a "central-western concentration, peripheral diffusion" pattern. The event centroid 27 

follows a "southwest-northeast-southwest" oscillation, with the migration step length reaching a 28 

peak of nearly 900 km from 2015 to 2022. The intensification of stress propagates from the later 29 

growth stages to the earlier stages: the earliest mutation occurred in the flowering stage (2008), 30 

followed by the ear stage (2010) and the seedling stage (2015), with no significant mutation 31 

observed during the emergence stage. The annual pixel mutation rate for the flowering stage peaked 32 

between 2010 and 2018.Validation results demonstrate that the PCHDI has a stronger correlation 33 

with maize yield reduction than traditional indices, with improvements of 62% compared to 34 

empirical threshold-based indices and 33% compared to existing datasets. The PCHDI also shows 35 

high consistency with historical disaster records. This study provides a new methodological 36 
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framework for assessing compound climate disasters and supporting agricultural adaptation. 37 

Keywords: Maize; Compound Heat-Drought Events; 3D DBSCAN; XGBoost   38 
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1. Introduction 39 

Under global warming, the frequency, duration, and intensity of extreme climate events have 40 

shown a significant increasing trend. Among these, compound extreme events—resulting from the 41 

interaction of multiple hazards—have emerged as a key frontier in climate change research 42 

(Zscheischler et al., 2018). Compared with single extreme events, compound events exhibit more 43 

complex formation mechanisms and stronger amplification effects, leading to more pronounced 44 

impacts on ecosystem stability and socioeconomic systems (Zscheischler et al., 2020; Lesk et al., 45 

2016). According to the Sixth Assessment Report of the Intergovernmental Panel on Climate 46 

Change (IPCC), human activities have caused the global mean surface temperature to increase by 47 

approximately 1.07 °C over the past two decades, and the frequency and intensity of extreme heat 48 

and drought events are projected to further increase (Ipcc, 2023). In Northeast China, maize is 49 

predominantly cultivated under rainfed conditions, making it particularly vulnerable to climate 50 

change (Disasa et al., 2025). It has been reported that for every 1 °C increase in mean temperature 51 

during the growing season, maize yield decreases by 5.8% (Hou et al., 2021). In recent years, 52 

increasingly frequent compound heat–drought events have become the dominant abiotic stress 53 

limiting stable and high maize yields (Wang et al., 2018; Yu et al., 2023). 54 

Regarding the impact mechanisms of compound heat–drought events on crop production, 55 

existing studies consistently indicate that the effects of heat and drought are not simply additive but 56 

involve complex synergistic interactions that jointly regulate crop physiological processes. While 57 

drought acts as a direct environmental stress affecting crop water status, its severity is strongly 58 

modulated by temperature (Olufayo et al., 1993). In other words, crop responses to one stress are 59 

influenced by the presence and intensity of other stresses. For instance, high temperatures can 60 

4

https://doi.org/10.5194/egusphere-2026-3379
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 

intensify water stress by increasing transpiration and evapotranspiration, thereby elevating water 61 

consumption and either triggering drought conditions or exacerbating existing drought stress (Hao 62 

et al., 2022; Blum, 1990). Both controlled experiments and observational studies have confirmed 63 

the synergistic amplification effects of heat and drought on maize growth (Zhang et al., 2021; Shan), 64 

In addition, maize exhibits pronounced cumulative responses under such compound stresses (Guo 65 

et al., 2025). 66 

In terms of quantification and identification methods for compound heat–drought events, 67 

research has progressed from single indices to composite indices. Early studies primarily used the 68 

Standardized Precipitation Index (SPI), Standardized Precipitation Evapotranspiration Index (SPEI), 69 

or Standardized Temperature Index (STI) to characterize drought and heat separately (Zhang et al., 70 

2022; Hu et al., 2024). To capture the compound nature of both, researchers have developed 71 

composite indices based on threshold overlap, Euclidean distance, Copula function joint probability 72 

models, and other methods (Ni et al., 2024; Hosseinzadehtalaei et al., 2024; Lu et al., 2026). For 73 

example, Zhang et al. (2022) used the Copula model to identify compound events in North China 74 

(Zhang et al., 2022), Guo et al. (2023) developed a drought-heatwave compound magnitude index 75 

for the maize growing season in the Songliao Plain (Guo et al., 2023), and Lu et al. (2026) proposed 76 

a composite index based on Euclidean distance to evaluate compound heat–drought events in maize. 77 

In recent research on quantification indices, there has been a growing focus on the cumulative effects 78 

of stresses. (Lu et al., 2026). For instance, Zhang et al. (2017) introduced the Process-based 79 

Accumulated Drought Index (PADI), which integrates the evolution of precipitation, soil moisture, 80 

and vegetation conditions to cumulatively quantify the sustained impact of drought on crops (Zhang 81 

et al., 2017). Similarly, Guo et al. (2023) also incorporated cumulative effects when studying 82 
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compound heat–drought events (Guo et al., 2023). 83 

In terms of event identification, traditional Run Theory defines events by identifying periods 84 

of time that continuously exceed a threshold. However, its intensity calculation is generally a static 85 

summary conducted after the event (Xu et al., 2023; Zhou et al., 2024), which limits its ability to 86 

dynamically characterize events.In recent years, hydrometeorological studies have introduced event 87 

detection methods based on point clustering, most of which have been applied to drought 88 

identification (Andreadis, 2005; Sheffield et al., 2009; Herrera‐Estrada et al., 2017; Zhou et al., 89 

2020; Zuo et al., 2022) as well as heatwaves (Fang and Lu, 2020; Sánchez-Benítez et al., 2020). A 90 

significant advantage of these methods is their ability to detect climate extremes that occur, intensify, 91 

and diminish at any location and during any season, rather than relying on area-averaged time series 92 

from specific seasons or fixed regions. This demonstrates their strong capability in capturing 93 

spatiotemporal dynamics. 94 

Despite significant progress in the studies mentioned above, several deficiencies remain in the 95 

existing methodological framework. First, the most critical gap is the lack of a quantitative 96 

characterization of the synergistic degree of compound heat–drought events and the development 97 

of an integrated index. Current compound indices, whether based on probabilistic coupling or simple 98 

addition, are essentially separate approaches. That is, heat and drought events are first identified 99 

independently, and then their temporal overlap is determined before conducting compound analysis 100 

(Bogenreuther et al., 2025; Liu et al., 2025), These methods fail to separate and quantify the inherent 101 

synergistic amplification effect between heat and drought, and cannot distinguish between events 102 

with different levels of synergy in terms of disaster impacts. Second, existing indices generally 103 

overlook the cumulative effect of stress. Classic indices such as the SPI, SPEI, and STI, as well as 104 
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most compound indices, are based on daily instantaneous values and fail to incorporate the duration 105 

of stress and its nonlinear cumulative impact into their core framework (Wang et al., 2024; Guo et 106 

al., 2025). Third, the research framework remains fragmented, and a full-chain process space has 107 

yet to be established. While some studies have integrated remote sensing data, such as the 108 

Normalized Difference Vegetation Index (NDVI), it is typically used as a validation indicator rather 109 

than embedded as a core component of index construction. As a result, an integrated process 110 

expression of "heat stress–drought stress–vegetation physiological response" has not been 111 

established (Kang et al., 2022; Yin et al., 2024). Fourth, traditional event identification methods face 112 

dimensional limitations. These methods struggle to dynamically couple intensity with 113 

spatiotemporal dimensions, while 3D DBSCAN, though promising, has only been applied to 114 

clustering single meteorological variables (Cammalleri and Toreti, 2023), Liu et al. (2023) used this 115 

method to identify major heatwave events in the Yangtze River Basin in 2022 (Liu, 2023), but it has 116 

not yet incorporated the synergistic degree and cumulative intensity of compound stresses as core 117 

attributes in the three-dimensional (longitude-latitude-time) clustering framework. Finally, the 118 

adaptability of threshold definition methods is insufficient. Empirical thresholds or percentile-based 119 

thresholds have not sufficiently accounted for sensitivity differences across maize growth stages or 120 

the shifts in extreme values under climate change (Liu et al., 2026a). 121 

This study focuses on the main maize-producing area in Northeast China and presents the 122 

following contributions: (1) Constructing a Process-based Compound Heat–Drought Index 123 

(PCHDI), innovatively proposing a three-dimensional process state space of "heat stress–drought 124 

stress–vegetation response," while incorporating stress duration, multi-day cumulative intensity, and 125 

vegetation physiological response into the core of the index. This results in an integrated, full-chain 126 
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representation of compound stress. The index considers stress thresholds and uses machine learning 127 

methods to select recognition thresholds for compound heat–drought events at different growth 128 

stages, based on the nonlinear relationship between climate factors and maize yield loss. (2) 129 

Establishing a 3D DBSCAN framework for event identification, incorporating synergistic and 130 

cumulative attributes to dynamically and accurately identify compound event clusters in the 131 

longitude-latitude-time three-dimensional space. (3) Combining the Mann–Kendall trend test with 132 

Sen’s slope estimation to systematically reveal the spatiotemporal evolution characteristics of 133 

compound heat–drought events during maize growth stages in Northeast China. This study provides 134 

new methodological tools for the fine quantification and identification of compound heat–drought 135 

events in Northeast China's maize-producing areas. 136 

2 Study Area and Data Sources 137 

2.1 Study Area 138 

The study area is located in Northeast China (Figure 1), encompassing Heilongjiang, Jilin, 139 

Liaoning, and the eastern four leagues of Inner Mongolia (from north to south: Hulunbuir City, 140 

Hinggan League, Tongliao City, and Chifeng City). The longitude range is 115.51–135.78°E, and 141 

the latitude range is 38.72–53.56°N, covering an area of approximately 1.24 million square 142 

kilometers. As one of the four major black soil regions in the world (Yu et al., 2025), Northeast 143 

China’s plains are flat, and the soil is fertile. This region is a critical strategic reserve for China’s 144 

food security and the country’s primary maize-producing area. In 2019, the total cultivated land area 145 

was 35.9 million hectares, with maize cultivation accounting for 54.4% of the total crop area. From 146 

1980 to 2019, the proportion of maize cultivation steadily increased from 35%, making it the core 147 

of the regional planting structure (Li, 2021). However, the region frequently experiences compound 148 
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heat–drought events, which lead to maize yield reductions. 149 

 150 

Fig 1 Location of Northeast China and its (a) digital elevation model (DEM), (b) Maize planting area 151 

in Northeast China. 152 

2.2 Data Sources 153 

The meteorological data used in this study are daily data from 1990 to 2023 with a spatial 154 

resolution of 0.1°×0.1°, obtained from ERA5-Land. The daily NDVI data, covering 1981–2023, 155 

were sourced from the China seamless daily NDVI dataset released by the Original Work Team of 156 

Northwestern Polytechnical University. This dataset, based on a fusion of AVHRR and MODIS data, 157 

has a spatial resolution of 0.05° and has undergone cloud removal and missing value interpolation. 158 

The data are publicly available on the Figshare platform (Li et al., 2024). The maize yield data were 159 

obtained from the National Ecological Science Data Center and the National Earth Observation 160 

Science Data Center, supplemented by interpolation calculations based on statistical yearbook data. 161 

All raster data involved in the calculations were resampled to the same daily spatiotemporal 162 

resolution of 0.1° using ArcGIS 10.8 software. The disaster data were obtained from the Chinese 163 
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Provincial Meteorological Disaster Catalog, which includes relevant information on disaster 164 

occurrence times, locations, and damages. DEM (Digital Elevation Model) data were retrieved from 165 

the Geospatial Data Cloud and processed based on the digital elevation model by the Chinese 166 

Academy of Sciences. Maize planting area data are based on the 30-meter resolution maize 167 

distribution map of China, derived from Landsat and Sentinel satellite imagery. The data used in 168 

this study are shown in Table 1 below: 169 

Table1 A brief description of the data used in this research 170 

Data type Indicator Time scale Spatial scale Source 

Meteorolo

gical Data 

Maximum 

temperature 

(Tmax); Root-

zone soil moisture 

(Soil Moisture) 

1990~2023,

Daily 

0.1° 

https://cds.climate.copernicus.eu/

datasets/derived-era5-land-daily-

statistics?tab=download 

Remote 

Sensing 

Data 

Normalized 

Difference 

Vegetation Index 

(NDVI) 

1990~2023,

Daily 

0.1° 

https://figshare.com/collections/a

_daily_gap-

free_normalized_difference_vege

tation_index_product_from_1981

_to_2023_in_china/7002225 

Maize 

Yield Data 

GlobalCropYield5

min 

1990~2015,

Yearly 

0.1° https://www.nesdc.org.cn 

Global Gridded 

Crop Production 

2000~2022,

Yearly 

0.05° 

https://noda.ac.cn/datasharing/dat

asetDetails/67578f822011d517fa
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Dataset 

 

e6f6de 

Statistical 

Yearbook 

2023,Yearly - https://www.stats.gov.cn/sj/ndsj/ 

Disaster 

Data 

 

Time, location, 

and damage 

caused by 

meteorological 

disasters 

1990~2023,

Yearly 

- https://www.agridata.cn/ 

Maize 

Planting 

Area 

 

The distribution 

maps of maize in 

China 

 

2016-

2023,Yearly 

30 m 

https://doi.org/10.6084/ 

m9.figshare.17091653 

DEM 

SRTM（Shuttle 

Radar 

Topography 

Mission） 

- 30 m https://www.gscloud.cn/ 

The maize phenological data were obtained from the China Agricultural Crop Growth and 171 

Development Dataset provided by the China Meteorological Data Network (https://data.cma.cn/). 172 

The maize growing season in Northeast China is divided into four growth stages (Huang and Liu, 173 
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2024), as shown in Table 2, with each stage encompassing different developmental periods. 174 

Table 2: Maize Growth Stage Division 175 

Growth Stage Specific Stage Time 

emergence stage Sowing to Germination April 20 – May 10 

seedling stage Germination to Jointing May 11 – June 17 

ear stage  Jointing to Tasseling June 18 – July 25 

flowering and 

maturity stage 

Tasseling to Maturity July 26 – September 10 

3 Research Methods 176 

The overall flowchart of this study is shown in Figure 2. First, multi-source data were collected 177 

and processed, followed by the selection and calculation of indicators for characterizing the process, 178 

followed by the optimization of thresholds for different growth stages. The basic indicators are then 179 

processed based on these thresholds. Next, a new index is constructed, and finally, spatiotemporal 180 

characteristics of compound heat–drought events in Northeast China from 1990 to 2023 are 181 

analyzed using the new index, DBSCAN, the Mann–Kendall trend test, and Sen’s slope estimation 182 
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 183 

Fig 2 Technical Flow Chart 184 

3.1 Standardized index calculation  185 

The Soil–Plant–Atmosphere Continuum (SPAC) is a unified, dynamic, and continuous system (as 186 

shown in Figure 3), where feedback interactions occur (Wang et al., 2019). Based on SPAC theory, 187 

the daily-scale Standardized Temperature Index (STI) is selected to represent heat stress, the 188 
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Standardized Soil Moisture Index (SSMI) is used to represent root-zone water stress, and the 189 

Vegetation Condition Index (VCI) is used to represent crop physiological status.190 

 191 

Fig 3 Schematic Diagram of the Soil–Plant–Atmosphere Continuum 192 

（1）STI (Standardized Temperature Index) 193 

The construction of the Standardized Temperature Index (STI) is based on the method of the 194 

Standardized Precipitation Index (SPI) proposed by McKee et al. (Mckee, 1993), which has been 195 

widely used to identify and assess climate extreme events. In this study, daily maximum temperature 196 

is used to identify temperature extreme events. The calculation formula is as follows: 197 

𝑆𝑇𝐼𝑑 = −1[𝐹𝑇𝑚𝑎𝑥(𝑇𝑚𝑎𝑥,𝑑)]                       (1) 198 

Where, 𝑇max,𝑑 represents the daily maximum temperature on day 𝑑, and 𝐹𝑇𝑚𝑎𝑥, represents the 199 

empirical cumulative distribution function (CDF) of the daily maximum temperature during the 200 

same growth stage in the reference period (1990–2023). This function indicates the cumulative 201 
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probability that the daily maximum temperature during the same growth stage in the reference 202 

period is less than or equal to 𝑇max,𝑑 followed by normalization. The Standardized Temperature Index, 203 

STId then lies within the range of (-∞, +∞). 204 

（2）VCI (Vegetation Condition Index) 205 

The core of the Vegetation Condition Index (VCI) is the normalization of the current NDVI 206 

with the historical extreme values for the same period. The lower the value, the greater the 207 

vegetation stress. It is commonly used for agricultural drought and vegetation stress monitoring 208 

(Quiring and Ganesh, 2010) , The following are the calculation method and steps: 209 

𝑉𝐶𝐼𝑑 =
𝑁𝐷𝑉𝐼𝑑−𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛
                          (2) 210 

NDVImin and NDVImax represent the minimum and maximum values during the reference period, 211 

respectively. 212 

（3）SSMI(Standardized Soil Moisture Index) 213 

The main characteristic of agricultural drought is the insufficient soil moisture for crop root 214 

absorption and normal transpiration, leading to reduced crop and pasture yields (Xu et al., 2020). 215 

The Standardized Soil Moisture Status Index (SSMI) uses soil moisture to describe drought (Lu et 216 

al., 2026), The calculation formula is as follows:  217 

𝑆𝑆𝑀𝐼𝑑 = −1[𝐹𝑆𝑀(𝑆𝑀𝑑)]                       (3) 218 

Where, SMd is the soil moisture on day d; SSMId∈(-∞, +∞). The closer the value is to 1, the 219 

wetter the soil; the closer the value is to 0, the drier the soil. 220 

3.2 Yield Decomposition and Threshold Determination 221 

3.2.1 (EEMD) and Yield Reduction Rate 222 

To eliminate the long-term yield growth trend caused by non-climatic factors such as 223 
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technological advances, agricultural management improvements, and variety improvements, and to 224 

extract the impact of climate change on the interannual fluctuations of maize yield, the method from 225 

related studies (Ceglar et al., 2016). was referenced. The maize yield time series for Northeast China 226 

was detrended. Considering the requirements of the Ensemble Empirical Mode Decomposition 227 

(EEMD) for time series length, a complete annual series from 1990 to 2023 was selected for analysis. 228 

In this study, EEMD decomposition was applied to each maize planting grid at the raster scale (0.1° 229 

× 0.1°), For the i-th grid, its original maize yield time series Yi(t) can be expressed as the sum of 230 

several Intrinsic Mode Functions (IMFs) and a residual term (Wu, 2005). 231 

𝑌𝑖(𝑡) = ∑ 𝐼𝑀𝐹𝑖,𝑗(𝑡)
𝑛
𝑗=1 + 𝑟𝑖(𝑡)                         （4） 232 

Where, IMFi,j(t) is the j-th Intrinsic Mode Function (IMF), which mainly reflects interannual 233 

to decadal fluctuations at different time scales; r(t) is the residual term, representing the long-term 234 

trend, typically associated with non-climatic factors such as technological advancements, improved 235 

management measures, and variety updates. 236 

In this study, the focus is on the interannual yield fluctuations driven by climatic factors, rather 237 

than long-term trend changes. Based on the dominant periodic characteristics of the IMFs, the IMF 238 

components with a main period greater than 20 years and the residual term are combined into the 239 

trend component, while the sum of the remaining IMF components is considered as the climate-240 

driven interannual fluctuation component. The specific definition is as follows: 241 

𝑌𝑖,𝑡𝑟𝑒𝑛𝑑(𝑡) = ∑ 𝐼𝑀𝐹𝑖,𝑗(𝑡)𝑗∈𝐿 + 𝑟𝑖(𝑡)                      （5） 242 

𝑌𝑖,𝑐;𝑙𝑖𝑚(𝑡) = 𝑌𝑖(𝑡) − 𝑌𝑖,𝑡𝑟𝑒𝑛𝑑(𝑡)                         （6） 243 

Where, Yi,clim(t) represents the climate-driven interannual yield fluctuation component, which 244 

is represented by the high-frequency IMF components extracted by EEMD, reflecting the impact of 245 
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climate variability on maize yield; Yi,trend(t) represents the long-term trend yield for the i-th grid, 246 

composed of low-frequency IMF components and the residual term, reflecting the combined impact 247 

of non-climatic factors such as technological advancements and management improvements. 248 

To quantitatively assess the contribution of climatic events to maize yield loss, the yield 249 

reduction rate (Relative Yield Loss, RYi(t)) is further defined as the ratio of climate-driven yield 250 

fluctuations to the trend yield: 251 

𝑅𝑌𝑖(𝑡) =
𝑌𝑖,𝑐𝑙𝑖𝑚(𝑡)

𝑌𝑖,𝑡𝑟𝑒𝑛𝑑(𝑡)
× 100%                         （7） 252 

When RYi(t)<0, it indicates that the year is a yield loss year, and its absolute value 253 

∣RYi(t)∣represents the magnitude of the yield loss. This index effectively eliminates the influence of 254 

temporal, spatial, and agricultural technology level differences, making the yield loss comparable 255 

across different regions and years, and provides a quantitative basis for subsequent analysis of the 256 

impacts of extreme heat, drought, and their compound events on maize yield changes. 257 

3.2.2 XGBOOST&SHAP 258 

XGBoost (eXtreme Gradient Boosting) has recently been developed as a supervised machine 259 

learning method (Chen, 2016). The XGBoost algorithm has achieved excellent results in many 260 

machine learning challenges; it is characterized by being 10 times faster than existing popular 261 

solutions, and it can handle sparse datasets as well as process hundreds of millions of examples. 262 

SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017) is a unified approach used to 263 

explain the output of any machine learning model, and it can visualize and describe the complex 264 

causal relationships between driving factors and the predicted outcomes. To determine the 265 

thresholds for drought and heat events in each growth stage, we trained the XGBoost model and 266 

used SHAP analysis to extract the contribution of each feature. The study used VCI, STI, and SSMI 267 
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as the main climate factors, combined with SHAP values to analyze different growth stages, and 268 

derived the climate index thresholds corresponding to each growth stage. SHAP values help us 269 

quantify the role of each climate factor in predicting crop yield loss or stress. Through SHAP 270 

analysis, we identified the best relationship between the climate factors and crop stress, and 271 

determined the corresponding thresholds. 272 

In this study, the model's identification performance was evaluated using the coefficient of 273 

determination ( R² ), and the expression for the validation index is as follows: 274 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦̅𝑖)
2𝑛

𝑖=1

                        （8） 275 

Where, yi represents the observed value, 𝑦̂𝑖represents the predicted value from the model, and 276 

n is the sample size. 𝑦̅𝑖represents the mean of the observed values. The R² value ranges from 0 to 277 

1, with values closer to 1 indicating a better model fit. 278 

3.3 Construction of the Composite Index: PCHDI 279 

Based on thresholds, we first screened the values of the three climate factors—VCI, STI, and 280 

SSMI: for VCI and SSMI, pixels greater than the set threshold were excluded. For STI, pixels 281 

smaller than the set threshold were excluded. Subsequently, we performed normalization on the 282 

screened data and flipped the VCI and SSMI data, so that higher values indicate more severe heat-283 

drought stress. Since lower values of VCI and SSMI indicate more severe drought stress, we flipped 284 

VCI and SSMI using the formula 1-current value to ensure consistency in the calculation results of 285 

all indicators, meaning "the larger the value, the more severe the heat-drought stress." These indices 286 

are used to represent atmospheric heat stress, root-zone soil moisture status, and vegetation 287 

physiological response, and are then uniformly mapped to the three-dimensional process state space. 288 

As shown in the figure 4: 289 
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 290 

Fig 4 Schematic Diagram of Composite Index Construction 291 

The definition of heat, vegetation, stress and drought magnitude are are defined as: 292 

𝐻𝑑 = S𝑇𝐼𝑑                                  (9) 293 

𝑉𝑑 = 1 − 𝑉𝐶𝐼𝑑                              (10) 294 

𝐷𝑑 = 1 − 𝑆𝑆𝑀𝐼𝑑                             (11) 295 

Where, Hd∈[0,1], the larger the value, the more extreme the heat stress. Dd∈[0,1], the larger 296 

the value, the more extreme the drought stress. Vd∈[0,1], the poorer the crop growth, the larger the 297 

Vd. 298 

Thus, the position of each day in the three-dimensional state space can be represented as a 299 

vector: 300 

𝑋𝑑⃗⃗ ⃗⃗  = (𝐻𝑑 , 𝐷𝑑 , 𝑉𝑑)                            (12) 301 

Where Ht,Dt,Vt∈[0,1]. The origin N(0,0,0) represents no significant heat-drought stress, and 302 

the point M(1,1,1) represents the extreme values of heat, drought, and vegetation compound 303 

stress, corresponding to the line between point N and point M in the diagram (Compound Heat & 304 

Drought direction). 305 
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In the three-dimensional state space, the total intensity of compound heat-drought stress can 306 

be characterized by the magnitude of the vector 𝑋 𝑑: 307 

𝐿𝑑 = ‖𝑋 𝑑‖ = √(𝐻𝑑
2 + 𝐷𝑑

2 + 𝑉𝑑
2)                      (13) 308 

Where ‖𝑋 𝑑‖ is the Euclidean norm. Since Hd,Dd,Vd∈[0,1], Ld∈[0, √3]. When Ld approaches 309 

0, it indicates that the three types of stress are weak or only one mild stress exists; when Ld 310 

approaches √3, the compound stress is close to extreme, In the diagram, Ld represents the length 311 

of vector.  312 

The severity of compound events not only depends on the magnitude of individual stresses but 313 

also on whether the different stresses occur simultaneously over time. When all three stresses are 314 

simultaneously strong, the resulting damage to crops is often greater than the sum of their individual 315 

impacts. To measure this "synergistic effect," this study defines the synergy index Xd as the sine of 316 

the angle between the unit direction vector 𝑊⃗⃗⃗ =(1,1,1) and the vector: 317 

cos𝑑 =
𝑋⃗ 𝑑∙𝑊⃗⃗⃗ 

‖𝑋⃗ 𝑑‖‖𝑊⃗⃗⃗ ‖
=

𝐻𝑑+𝐷𝑑+𝑉𝑑

√(𝐻𝑑
2+𝐷𝑑

2+𝑉𝑑
2)

                      (14) 318 

When 𝑋 𝑑 =（0,0,0,）,we define 𝑐𝑜𝑠 𝑑 =0. The value of 𝑐𝑜𝑠 𝑑  ranges from [0,1]. When 319 

𝑐𝑜𝑠 𝑑≈1, he magnitudes of the three stress components are similar, and the compound heat-320 

drought event exhibits a highly synchronized characteristic. When 𝑐𝑜𝑠 𝑑is small (close to 0), it 321 

indicates that the stress is mainly dominated by a single factor. For example, there may only be heat 322 

stress, while soil moisture and vegetation conditions are close to normal, and at this point, the 323 

compound effect is relatively weak. The angle between the vector from N to P and the vector from 324 

N to M in the diagram represents 𝑐𝑜𝑠 𝑑. 325 

Considering both the overall intensity of compound stress and the degree of multi-factor 326 

synergy, the daily-scale Compound Drought and Heat Index (CDHI) is constructed as follows: 327 
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𝐶𝐷𝐻𝐼𝑑 = 𝐿𝑑 × cos𝑑                      (15) 328 

Since Ld∈[0, √3], and 𝑐𝑜𝑠 𝑑 ranges from [0,1], it follows that CDHId[0, √3], The larger 329 

the value, the more synchronized the three types of stress are, and the greater the intensity. 330 

To represent the process accumulation effect of compound heat-drought events during maize 331 

growth stages, this study constructs the Process-based Cumulative Heat-Drought Index (PCHDI) 332 

based on the daily-scale instantaneous compound stress index CDHId. According to Run Theory, 333 

continuous sequences of CDHI>0 lasting no less than 3 days（Dur≥3d）are defined as the effective 334 

occurrence period of a compound heat-drought process (Zhou et al., 2024; Guo et al., 2023). Only 335 

when the process meets this continuity constraint is the daily CDHId allowed to make a "new 336 

contribution" to the cumulative process. Considering the lag in crop system recovery from stress, 337 

the cumulative effect does not instantly disappear after the stress ends. This study uses an 338 

exponential decay form to describe the process tail and gradual recovery. The specific recursive 339 

form is: 340 

𝑃𝐶𝐻𝐷𝐼𝑑 = {
𝐶𝐷𝐻𝐼𝑑 + 𝛼𝑃𝐶𝐻𝐷𝐼𝑑−1    𝐶𝐷𝐻𝐼𝑑 > 0 𝑎𝑛𝑑 𝐷𝑢𝑟 ≥ 3𝑑

𝛼𝑃𝐶𝐻𝐷𝐼𝑑−1         𝐶𝐷𝐻𝐼𝑑 = 0 𝑜𝑟 𝐷𝑢𝑟 < 3𝑑
             (16) 341 

Where ∈(0,1) is the memory coefficient. The above equation indicates that during the 342 

effective occurrence period, the current stress has the greatest contribution weight to the cumulative 343 

process, while the influence of historical stresses decreases exponentially. When the stress 344 

temporarily alleviates or the process does not meet the continuity constraint, PCHDId no longer 345 

accumulates new CDHId, and instead only decays exponentially by α\alphaα, to represent the 346 

gradual recovery of the crop system from past stress effects. To avoid interference from very weak 347 

tails in event identification, when PCHDId decays to a very small threshold(e.g., PCHDId<ε), it 348 

can be set to zero, indicating that the cumulative effect has largely dissipated. Currently,ε=0.05 349 
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The effective memory length of the exponential decay model is approximately: 350 

𝛾 =
1

1−𝛼
                             (17) 351 

When =0.95,𝛾 ≈ 20𝑑𝑎𝑦𝑠, This timescale is on the same order of magnitude as key growth 352 

window periods for maize, such as tasseling—flowering—early grain filling (approximately 15–25 353 

days), and is capable of covering the cumulative and lag effects of compound stress during the 354 

critical stages of yield formation. It should be noted that, 𝛾 represents the effective decay scale of 355 

historical influences, and does not mean that the effects completely disappear after this period. 356 

Rather, it indicates that their weight has significantly decreased, reflecting the gradual recovery 357 

characteristics of the crop system from early stresses. 358 

3.3 Identification and Spatiotemporal Feature Analysis of Compound Heat-359 

Drought Events 360 

3.3.1 3D DBSCAN  361 

DBSCAN is an unsupervised machine learning clustering algorithm that relies on density for 362 

clustering. It identifies points exceeding a specified density threshold by calculating the number of 363 

points within a specified radius and then classifies them into clusters (Birant and Kut, 2007; Sun, 364 

2021; Cammalleri and Toreti, 2023). DBSCAN stands out among clustering algorithms because it 365 

can recognize clusters of arbitrary shapes, distinguish noise, and perform clustering using both 366 

spatial and non-spatial data attributes without the need to predefine the number of clusters (Sander, 367 

1998). In this study, a three-dimensional spatiotemporal extended DBSCAN algorithm is used to 368 

identify the spatiotemporal continuous clustering of drought events. First, each pixel-date 369 

combination is abstracted as a three-dimensional spatiotemporal point(xi,yi,t), where, xi and yi 370 

represent longitude and latitude, and t represents time, as shown in Figure 5. To achieve 371 
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spatiotemporal integrated clustering, a time scaling factor, TIME_SCALE, is introduced to convert 372 

time distance into a spatially equivalent distance, thus providing a unified metric for spatiotemporal 373 

distance. Next, based on the K-distance method and sensitivity heatmap, the core parameters of 374 

DBSCAN are calibrated: neighborhood radiusεand minimum sample number for core points 375 

MinPts. Finally, clustering is performed on the preprocessed daily PCHDI grid data, and after 376 

filtering noise points, effective compound heat-drought event clusters are obtained. The 377 

spatiotemporal distribution characteristics of the events are intuitively presented through three-378 

dimensional voxel visualization (with cubes representing voxels, different colors distinguishing 379 

clusters, and each cluster representing an event). 380 

 381 

Fig 5 DBSCAN Schematic Diagram, (a) Macroscopic Identification, (b) Microscopic 382 

Identification 383 

For each DBSCAN cluster, that is, the characteristics of the event group, the following 384 

evolution features can be calculated:: 385 

DU refers to the time period over which a compound heat-drought event cluster spans from 386 

start to end. It is formally defined as the difference between the maximum end time (Te) and the 387 

minimum start time (Ts) of a single compound heat-drought event cluster within the same label. The 388 
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mathematical expression is shown in the following formula: 389 

𝐷𝑈 = 𝑇𝑒 − 𝑇𝑠 + 1                       （18） 390 

Amax refers to the maximum impact range of the event during its development. Nt is the number 391 

of grids belonging to the cluster at time t, and Acell is the area of a single grid. The formula is shown 392 

as follows: 393 

𝐴𝑚𝑎𝑥 = max(𝑁𝑡 × 𝐴𝑐𝑒𝑙𝑙)                      （19） 394 

I is used to measure the overall intensity of the compound heat-drought event. Di is the drought 395 

index value of the i-th grid, n is the number of voxels included in the event. 396 

𝐼 = ∑ 𝐷𝑖
𝑛
𝑖=1                       （20） 397 

V represents the overall scale of the compound heat-drought event in the spatiotemporal-398 

intensity structure. Di,t is the drought index of the i-th voxel at time t, DU is the duration, and Nt is 399 

the number of grids at time t. 400 

𝑉 = ∑ ∑ 𝐷𝑖,𝑡
𝑁𝑡
𝑖=1

𝐷𝑈
𝑡=1                     （21） 401 

The centroid(Xi,Yj) takes into account both the spatial extent and severity（Andreadis et al., 402 

2005; Herrera-Estrada et al., 2017）(Andreadis, 2005; Herrera‐Estrada et al., 2017), where the 403 

non-negative value of the index, after filtering low values, is used as the weight, as shown in the 404 

formula. In the formula, Wi represents the weight factor of the i-th event（i = 1,2,3...... n）, xi and 405 

yi represent the longitude and latitude of the i-th voxel, Di is the drought index value, and qlow is the 406 

low-value quantile threshold. This definition emphasizes the contribution of high-intensity regions 407 

in the centroid calculation. 408 

W𝑖 = 𝑚𝑎𝑥(𝐷𝑖 − 𝑞𝑙𝑜𝑤, 0)                   （22） 409 

𝑋𝑖 =
∑ 𝑥𝑖𝑊𝑖
𝑛
𝑖=1

∑ 𝑊𝑖
𝑛
𝑖=1

                          （23） 410 
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𝑌𝑗 =
∑ 𝑦𝑖𝑊𝑖
𝑛
𝑖=1

∑ 𝑊𝑖
𝑛
𝑖=1

                           （24） 411 

d is used to calculate the spherical distance between the positions of two adjacent centroids. 412 

𝑑 = 2𝑅𝑎𝑟𝑐𝑠𝑖𝑛(√𝛼)                   （25） 413 

Where, 𝛼 = 𝑠𝑖𝑛2 (
∆∅

2
) + 𝑐𝑜𝑠∅1𝑐𝑜𝑠∅2𝑠𝑖𝑛

2 (
∆𝜆

2
), This formula is the Haversine formula 414 

(Hansen, 2020).  is used to represent the migration direction of the drought structure centroid, 415 

and is further divided into eight directions: N, NE, E, SE, S, SW, W, and NW. 416 

𝜃 = 𝑚𝑜𝑑(𝑎𝑡𝑎𝑛2(𝑦, 𝑥), 360°)                   （26） 417 

Where, 𝑦 = sin(∆𝜆) cos∅2 , 𝑥 = 𝑐𝑜𝑠∅1𝑠𝑖𝑛∅2 − 𝑠𝑖𝑛∅1𝑐𝑜𝑠∅2 cos(∆𝜆). 418 

3.3.2 Theil - Sen median trend analysis and the Mann - Kendall test 419 

The Theil-Sen median method is a robust trend calculation method suitable for non-parametric 420 

statistics. The Mann-Kendall test is a non-parametric statistical test method used to determine the 421 

visibility of trends. The common features of these two methods are as follows: (1) the data does not 422 

need to follow a specific distribution; (2) they are highly resistant to outliers in the data; (3) they 423 

have high computational efficiency and are not sensitive to measurement errors and outliers. 424 

(Dinpashoh et al., 2014; Jiang et al., 2015; Serrano-Notivoli, 2018). 425 

𝛽 = 𝑚𝑒𝑎𝑛 (
𝑥𝑗−𝑥𝑖

𝑗−𝑖
)                        （27） 426 

Where xi and xj represent the time series data of the grid units, respectively. If β > 0, it indicates 427 

that the time series exhibits an increasing trend; if β < 0, it indicates that the time series exhibits a 428 

decreasing trend. 429 

𝑆 = ∑ ∑ 𝑠𝑖𝑔𝑛(𝑥𝑗 − 𝑥𝑖)
𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1                         （28） 430 

𝜃 = (𝑥𝑗 − 𝑥𝑖)                        （29） 431 

𝑠𝑖𝑔𝑛(𝜃) = 𝑚𝑒𝑎𝑛 (
𝑥𝑗−𝑥𝑖

𝑗−𝑖
)                        （30） 432 
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𝑠𝑖𝑔𝑛(𝜃) = {
1        𝜃 > 0
0        𝜃 = 0
−1       𝜃 < 0

                        （31） 433 

𝐸(𝑠) = 0                        （32） 434 

𝑉𝑎𝑟(𝑠) = (
𝑛(𝑛+1)(2𝑛+5)

18
)                        （33） 435 

𝑍 =

{
 

 
𝑆−1

√𝑉𝑎𝑟(𝑆)
         𝑆 > 0

0                   𝑆 = 0
𝑆+1

√𝑉𝑎𝑟(𝑆)
        𝑆 < 0

                        （34） 436 

Where n is the number of days. When the absolute value of Z is greater than 1.65, 1.96, and 437 

2.58, the displayed trend passes the significance test, with reliability levels of 90%, 95%, and 99%, 438 

respectively (Table 3). 439 

Table 3 Theil - Sen Median trend analysis and the Mann Kendall test trend categories 440 

  Z  Trend type  Trend features 

>0  2.58<Z 

1.96<Z2.58 

1.65<Z1.96 

Z1.65 

 4 

3 

2 

1 

 Very significant increase 

Significant increase 

Slight significant increase 

Non-significant increase 

=0  Z  0  Unchanged 

<0  Z1.65 

1.65<Z1.96 

1.96<Z2.58 

2.58<Z 

 -1 

-2 

-3 

-4 

 Non-significant decrease 

Slight significant decrease 

Significant decrease 

Very significant decrease 

4 Results 441 

4.1 Threshold Determination Results for Different Maize Growth Stages 442 

The SHAP dependence plot generated through machine learning and the fitted curve used to 443 
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find the intersection (Figure 6) shows that the XGBoost model achieves fitting for each growth stage, 444 

with the highest explanatory power during the tasseling stage（R²=0.170）, indicating that this 445 

growth stage is a key period for the impact of compound heat-drought disasters on yield. The R2 446 

values for each indicator during the emergence stage are 0.153743, 0.096322 during the seedling 447 

stage, 0.170213 during the jointing stage, and 0.103488 during the flowering and maturity stage. 448 

Although the overall  R² is low, the red fitted curve (Red line) in the SHAP dependence plot 449 

clearly presents a very distinct nonlinear trend. Although the model cannot "precisely predict," it 450 

can "qualitatively identify" — meaning it captures the critical impact of indicator mutations on yield 451 

reduction. The results are shown in the figure:  452 
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 453 

Fig 6 SHAP dependence plots for yield reduction in different growth stages and each individual index 454 

(VCI, STI, SSMI). (a1-a3) Emergence stage; (b1-b3) Seedling stage; (c1-c3) Jointing stage (Dheed); 455 

(d1-d3) Flowering and maturity stage. 456 

Based on the intersection points identified after curve fitting, the optimal threshold results for 457 

different basic indicators during the four growth stages in Northeast China are shown in the table 458 

below: 459 
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Table 4 Growth Stage Threshold Table 460 

Growth Stage VCI STI SSMI 

emergence stage 0.228 0.778 -1.262 

seedling stage 0.018 0.235 -1.579 

ear stage  0.377 0.193 -0.215 

Flowering and maturity stage 0.389 0.301 -0.374 

4.2 Parameter Sensitivity Analysis 461 

To achieve robust identification of compound meteorological disaster events from 1990 to 462 

2023 in the voxel spatiotemporal domain, this study adopts a two-step method to systematically 463 

select the core parameters of 3D DBSCAN. First, the K-distance method (Figure 7a&Figure 8) is 464 

used for parameter estimation. The raw features (longitude, latitude, PCHDI index) are standardized 465 

using Z-scores. Then, the K-th nearest neighbor distance for each data point is calculated, and the 466 

K-distance curve is obtained by sorting the distances in ascending order. The distance value 467 

corresponding to the slope change (inflection point) can be used as a candidate value for ϵ.(eps) In 468 

this study, K values of 10, 15, ..., 50 were tested, totaling 9 values. Figure 8 shows the K-distance 469 

curves for different K values. All curves exhibit a typical shape of being flat at first and steep later: 470 

the flat section corresponds to dense areas, and the steep section corresponds to sparse areas. The 471 

inflection points of all curves are located at about 87.5% on the horizontal axis (point index about 472 

437,560), indicating that approximately 87.5% of the data points are located in the dense 473 

background area, while only 12.5% of the points may correspond to sparse compound heat-drought 474 

events. This distribution aligns with the spatial characteristics of the drought index—most areas are 475 

in a non-compound heat-drought state, with compound heat-drought events being scattered. Thus, 476 

29

https://doi.org/10.5194/egusphere-2026-3379
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 

the reasonable range for the neighborhood radius ϵ is preliminarily set as 2.0–4.0. Then, sensitivity 477 

heatmaps are constructed in the range of eps ∈ [2.1, 3.7] with a step of 0.2 and MinPts ∈ [10, 478 

50] (Figure 7b), using event count as the core indicator to evaluate clustering performance. The 479 

results show that when ϵ is too small(≤2.3), many voxels are classified as noise, leading to event 480 

fragmentation. When ϵ is too large(≥3.6), independent events are easily merged incorrectly, 481 

underestimating disaster frequency. When ϵ is in the range of 2.3–3.3, the number of events 482 

stabilizes (1300–2000), effectively identifying statistically significant disaster events. After 483 

comprehensive analysis, this study ultimately selects eps = 2.5 和 MinPts = 20 as the optimal 484 

parameter combination. This configuration ensures effective spatiotemporal connectivity of voxels 485 

while filtering background noise through strict density constraints. A total of 1947 events are 486 

identified for the period from 1990 to 2023, avoiding both excessive clustering and event 487 

disappearance, providing a reliable data foundation for subsequent disaster pattern analysis and risk 488 

assessment. 489 

 490 

Fig 7 K-Distance Plot Collection for DBSCAN with Different Parameters (a) and Sensitivity Analysis 491 

of Event Clusters for Different Parameter Combinations (b) 492 
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 493 

Fig 8 Scatter Subplots of K-Distance Collection with Different Parameters 494 

4.3 Spatiotemporal Distribution and Evolution Characteristic Analysis 495 

4.3.1 Spatial characteristics of clusters 496 

The structural characteristics of the compound heat-drought event clusters identified using 497 

the DBSCAN method are shown in Figure 9. The four structural indicators (maximum impact 498 

area, cumulative intensity, duration, and volume) exhibit significant regional differences in space.499 
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 500 

Fig 9 The maximum spatial area (Areamax), event intensity (Intensity), duration (Duration), and 501 

event volume (Volume) of compound heat-drought events in Northeast China from 1990 to 2023. 502 

The spatial distribution of compound heat-drought events in Northeast China exhibits a distinct 503 

"western-central concentration, peripheral diffusion" pattern. The eastern agricultural-pastoral 504 

transition zone of Inner Mongolia (including Hulunbuir, Tongliao, and Chifeng) and the western 505 

Songnen Plain (around Baicheng and Daqing) are the core high-frequency areas for these events. 506 

High-value clusters of maximum impact area (Area_max), event volume (Volume), and cumulative 507 

intensity (Intensity) are concentrated in these regions, indicating that they are the key zones most 508 

prone to large-scale, long-duration compound disasters in Northeast China. In contrast, the Sanjiang 509 

Plain (northeastern Heilongjiang), southern Liaoning, and peripheral regions are dominated by 510 

small-area, short-duration localized events.The duration (Duration) of the events exhibits a clear 511 

spatial gradient: the core regions are characterized by events lasting longer than 7 days, where 512 

atmospheric circulation anomalies and positive farmland-surface feedbacks jointly sustain the 513 

compound stress over time. In peripheral areas, events tend to be short and abrupt, typically driven 514 
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by short-term heatwaves lasting less than 3 days. 515 

From an interdecadal perspective, the point density of high-intensity events in the core region 516 

from 2012 to 2023 is significantly higher than that in 1990–2000, visually reflecting the continuous 517 

intensification of compound heat-drought disaster risks in Northeast China over the past decade, 518 

particularly under the backdrop of climate warming. 519 

4.3.2 Migration characteristics of clusters 520 

To reveal the spatiotemporal evolution of compound heat-drought events, this study analyzes 521 

the centroid migration characteristics of PCHDI events in Northeast China from 1990 to 2023 522 

(Figure 10). The three-dimensional spatiotemporal trajectory shown in panel (a) indicates that the 523 

high-value areas of PCHDI were primarily concentrated between 1996 and 2010. The event centroid 524 

exhibited a significant "southwest-northeast-southwest" periodic oscillation pattern: from 1990 to 525 

1997, the centroid migrated southwest, gathering in the western Songnen Plain; from 1998 to 2010, 526 

it expanded northeast, moving northward to Heilongjiang and eastern Inner Mongolia; after 2011, 527 

it again reversed and predominantly retreated southwest.The polar coordinate plots for different 528 

time periods (b1–b3) precisely validate the directional shifts: from 1990 to 2000, the migration 529 

predominantly followed the southwest–southeast direction, with step lengths fluctuating between 530 

200–600 km, and the diffusion path was relatively dispersed; from 2001 to 2011, the migration 531 

direction significantly shifted to the northeast–northwest, with step lengths becoming more 532 

concentrated, indicating enhanced northward movement of the event core; from 2012 to 2023, the 533 

migration direction reverted to the southwest–southeast dominant direction, reflecting the centroid's 534 

return oscillation.The year-to-year step length series (Figure c) further reveals the changes in spatial 535 

instability: from 1990 to 2005, the step length fluctuation was relatively moderate, primarily within 536 
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the 300–600 km range; after 2006, the step length fluctuation significantly intensified, with multiple 537 

instances between 700–900 km during 2015–2020 (peaking near 900 km), far exceeding earlier 538 

levels. This indicates that since the 21st century, particularly in the past decade, the spatial volatility 539 

of compound heat-drought events has significantly increased, with the migration amplitude and 540 

instability of disaster impact areas continuing to rise. 541 

Overall, the periodic oscillation of the event centroid intuitively reflects the spatiotemporal 542 

instability of the compound disaster's impact range, which is likely closely related to the interdecadal 543 

fluctuations of the East Asian summer monsoon, the subtropical high-pressure system, and the 544 

adjustment of extreme event-driving mechanisms under the background of regional climate 545 

warming.. 546 
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 547 

Fig 10 Centroid Migration Trajectory Plot Group.(a) The interannual centroid migration in three 548 

dimensions for compound heat-drought events in Northeast China, with the circles representing the 549 

centroid positions when the compound heat-drought event reaches its maximum impact range.(b1-b3) 550 
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Interannual centroid migration angle and distance circular plots.(c) Interannual centroid migration 551 

distance line chart. 552 

4.3.3 Long-term trends of PCHDI 553 

The spatial distribution of the Sen trend slope and Z statistic for PCHDI during different maize 554 

growth stages in Northeast China from 1990 to 2023 is shown in Figure 11. The results indicate 555 

significant growth stage differences in the trend characteristics of compound heat-drought stress. 556 

 557 

Fig 11 Sen Trend Slopes for Different Growth Stages (a1-a4), Z Statistics (b1-b4), and p 558 
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Significance Values (c1-c4) Plot Group 559 

During the emergence stage, the Sen slope predominantly shows weak trends, with 560 

significantly increasing areas (p < 0.05) scattered in the central, eastern coastal, and western edge 561 

regions. The Z statistic mostly falls between ±1.96, indicating smooth stress changes. The seedling 562 

stage has the smallest range of significant trends, with positive slope areas only scattered in the 563 

western and central regions, and no area reaching the 95% confidence significant level, making it 564 

the most stable stage of stress. During the ear stage, positive slope areas cover the western, southern, 565 

and eastern coastal regions, with the Z statistic generally exceeding 1.96. A significant decline area 566 

is present in the northern part of the central region, forming a pattern of "overall intensification, 567 

local alleviation." In the flowering and maturity stage, the positive slope area nearly covers the entire 568 

region, with the Z statistic consistently exceeding 1.96. The significantly increasing area is the 569 

largest among the four stages, representing the most significant intensification of stress. Overall, the 570 

significantly increasing areas of PCHDI gradually expanded from the early stage of scattered local 571 

distribution to contiguous distribution in the ear stage, and eventually covered the entire region in 572 

the flowering and maturity stage, showing an evolution characteristic of "gradually expanding range 573 

and continuously increasing intensity." 574 

4.3.4 Abrupt changes of PCHDI 575 

The Mann-Kendall (M-K) mutation detection results (Figure 12) show significant 576 

heterogeneity in the mutation time and trend intensity of PCHDI for the four maize growth stages 577 

in Northeast China from 1990 to 2023. For the emergence stage (a1), the UF curve consistently 578 

fluctuates within the ±1.96 significance threshold, with no obvious crossover between UF and UB, 579 

and the PCHDI linear trend exhibits a gradual decline, indicating that stress changes in this stage 580 
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are mild, with no significant mutation points, and the intensification is both the latest and weakest. 581 

For the seedling stage (a2), the UF curve rapidly rises and surpasses 1.96 after 2015, with the UF 582 

and UB curves crossing in 2015. After the mutation, the PCHDI significantly increases, and the 583 

linear trend rises slowly, reflecting the significant intensification of the compound stress response 584 

in the seedling stage after 2015. In the ear stage (a3), the UF curve remains above 1.96 after 2010, 585 

with the UF and UB curves crossing in 2010. After the mutation, the PCHDI gradually increases, 586 

and the linear trend steadily rises, indicating that stress in the ear stage has entered a phase of 587 

significant intensification since 2010. The flowering stage (a4) is the earliest to experience mutation, 588 

with the UF curve remaining above 1.96 after 2008. The UF and UB curves cross in 2008, and after 589 

the mutation, the PCHDI continuously and steadily increases, making it the stage with the earliest 590 

mutation, reflecting that the intensification of stress began the earliest and has the most sustained 591 

trend among the four growth stages. 592 

Overall, the PCHDI mutation time follows a "later growth stages → earlier growth stages" 593 

transmission pattern: the earliest mutation occurred in the flowering stage (2008), followed by the 594 

ear stage (2010) and seedling stage (2015), with no significant mutation in the emergence stage. 595 

This indicates that the intensification of compound heat-drought stress spreads from the critical late 596 

growth stages of maize yield formation to the earlier stages. The annual pixel mutation rate (Figure 597 

b) further confirms this pattern: from 1990 to 2023, PCHDI mutation events were primarily 598 

concentrated between 2000 and 2018, highly coinciding with the historical high-frequency disaster 599 

periods in the region. Among them, the peak mutation rate for the flowering stage was the highest 600 

(close to 35%), with high values concentrated from 2010 to 2018, making it the most sensitive 601 

growth stage to stress changes. The peak mutation rate for the ear stage was second, with a broader 602 
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distribution between 2005 and 2015 and a more gradual evolution. The mutation rates for the 603 

emergence and seedling stages were generally low (peak < 15%), with scattered mutation years and 604 

a moderate response. This result corroborates the M-K time series, confirming that compound stress 605 

mutations are more likely to occur in the later growth stages and that the intensification is more 606 

significant. 607 
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 608 

Fig 12 (a1-a4) PCHDI and M-K detection curves for different maize growth stages in Northeast 609 

China (b) Annual PCHDI mutation rates for different maize growth stages 610 

 611 
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4.3.5 Daily-Scale Event Visualization 612 

To intuitively identify the dynamic evolution of compound heat-drought events in the time 613 

dimension and their spatial impact range, based on the 3D DBSCAN density clustering algorithm 614 

and the index constructed in this study, the recognition results of five typical compound heat-drought 615 

events in Northeast China (1992, 2000, 2003, 2010, 2020) were selected for three-dimensional 616 

visualization and superimposed top-down view analysis. This analysis reveals the spatiotemporal 617 

evolution and intensity distribution patterns. 618 

 619 

Fig 13 June 20, 1992 – July 10, 1992 Identification Visualization: (a) Three-Dimensional 620 

Stereoscopic View (b) Superimposed Top-Down View 621 

The identification results from June 20, 1992 – July 10, 1992 (Figure 13): During this period, 622 

the compound heat-drought event was centered around the Songnen Plain. Early clustering was 623 

concentrated in the Baicheng area of Jilin and the Tongliao area of Inner Mongolia, while in the 624 

middle period, it gradually expanded to Daqing, Harbin, and Changchun in Jilin, forming a 625 

continuous spatiotemporal cluster covering the central part of the Songnen Plain. The top-down 626 

view shows that high-intensity areas are concentrated in the western part of Jilin and the southern 627 

part of Heilongjiang (around Baicheng, Daqing, and Changchun), exhibiting a clear "core-edge" 628 

gradient decrease, with a significant impact on the dryland farming areas in western Jilin and the 629 
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central grain production base in Heilongjiang. 630 

 631 

Fig 14 June 20, 2000 – July 20, 2000 Identification Visualization: (a) Three-Dimensional 632 

Stereoscopic View (b) Superimposed Top-Down View 633 

The identification results for June 20, 2000 – July 20, 2000 (Figure 14) show a cross-regional, 634 

contiguous spread pattern. Clustering began in areas such as Fuxin and Jinzhou in Liaoning, and 635 

Chifeng in Inner Mongolia, gradually expanding northeastward to Siping and Changchun in Jilin, 636 

and eventually extending to Qiqihar and Daqing in Heilongjiang. In the top-down view, the high-637 

intensity areas are distributed in a strip shape along the Liaohe Plain and Songnen Plain, covering 638 

central and western Liaoning, central and western Jilin, and southwestern Heilongjiang, causing 639 

sustained stress on the ecologically vulnerable areas in western Liaoning and the main grain-640 

producing regions in central Jilin. 641 

 642 

Fig 15 May 20, 2003 – May 27, 1992 Identification Visualization: (a) Three-Dimensional 643 
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Stereoscopic View (b) Superimposed Top-Down View 644 

The identification results for May 20 to May 27, 2003 (Figure 15) show that this event was a 645 

short-duration, localized extreme event. The clustering was highly concentrated in central Jilin and 646 

southern Heilongjiang (around Changchun, Jilin City, and Harbin), with no significant cross-647 

regional expansion. The three-dimensional voxel plot shows that high-value voxels rapidly formed 648 

within a short period of time. In the top-down view, the PCHDI peak areas are concentrated around 649 

Changchun and Jilin City, reflecting the sudden and localized nature of compound drought in central 650 

Jilin’s agricultural areas under the background of spring warming. 651 

 652 

Fig 16 June 20, 2010 – July 20, 2010 Identification Visualization: (a) Three-Dimensional 653 

Stereoscopic View (b) Superimposed Top-Down View 654 

The identification results for June 10 – July 20, 2010 (Figure 16) show a multi-core initiation 655 

and contiguous expansion pattern. Early clustering was scattered in areas such as Shenyang and 656 

Tieling in Liaoning, Siping and Songyuan in Jilin, and Daqing and Suihua in Heilongjiang. In the 657 

middle period, the clusters gradually connected to form a continuous spatiotemporal cluster 658 

covering the Songnen Plain and Liaohe Plain. In the top-down view, the high-intensity areas are 659 

scattered in the northern part of Liaoning, central and western Jilin, and southwestern Heilongjiang 660 

(around Shenyang, Siping, Songyuan, and Daqing). The multi-core distribution pattern reflects the 661 

43

https://doi.org/10.5194/egusphere-2026-3379
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 

complex propagation paths of compound events in Northeast China’s major agricultural areas under 662 

atmospheric circulation fluctuations. 663 

 664 

Fig 17 June 10, 2020 – July 20, 2020 Identification Visualization: (a) Three-Dimensional 665 

Stereoscopic View (b) Superimposed Top-Down View 666 

The identification results for June 10 – July 20, 2020 (Figure 17) show a widespread high-667 

intensity extreme pattern in the western region. The clustering is concentrated in eastern Inner 668 

Mongolia, western Liaoning, and western Jilin (around Hulunbuir, Chifeng, Fuxin, and Baicheng), 669 

and rapidly expands eastward to Qiqihar and Daqing in Heilongjiang. Figure 17 shows that the high-670 

value clusters almost span the entire study period. In the top-down view, the PCHDI peak areas are 671 

concentrated in eastern Inner Mongolia and western Liaoning, reflecting the trend of extreme and 672 

widespread compound extreme events in the drought-sensitive areas of western Northeast China 673 

under the background of climate warming. 674 

5 Discussion 675 

5.1 Comparison and Historical Case Validation of PCHDI Based on Different 676 

Threshold Calculation Methods with Existing Indices 677 

The average Pearson correlation coefficient between the PCHDI index constructed in this study 678 

and maize yield reduction is 0.2186. Based on the high-temperature and drought empirical 679 
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thresholds for Northeast maize, PCHDI was also calculated (PCHDI traditional , PCHDItra) with 680 

STI set to 1 as the critical value(Zhou et al., 2024), SSMI set to -0.5(Lu et al., 2026), and VCI set 681 

to 0.4(Pius et al., 2025; Jiang et al., 2021). For better comparison, this study employed the 682 

XGBOOST model to optimize the 9-year moving threshold, with the results presented in 683 

Supplementary Table S1. Subsequently, the PCHDI (PCHDI dynamic, abbreviated as PCHDIdyn) 684 

was calculated. The PCHDItra index’s correlation coefficient is 0.2046, significantly higher than 685 

the traditional datasets Dheed (0.0679)(Weynants et al., 2025) , PCHDIdyn（0.1256）, SSMI (-686 

0.0679), VCI (-0.1052), and STI (0.1240) indices. This indicates that the overall correlation strength 687 

between PCHDI and yield reduction is the best among all the indices. In terms of result stability, 688 

the standard deviation of the correlation coefficient for PCHDI is 0.1861, lower than 689 

PCHDItra(0.2034) and other traditional indices, suggesting that its correlation with yield reduction 690 

is more stable in spatial distribution. Furthermore, the proportion of significant pixels (p < 0.05) for 691 

PCHDI is 25.6%, and for PCHDItra it is 25.8%, both significantly higher than Dheed (10.5%), 692 

SSMI (9.0%), VCI (7.3%), STI (14.3%) and PCHDIdyn（5.6%）. Combining the average correlation 693 

coefficient and standard deviation, it can be concluded that the results from PCHDI have better 694 

statistical credibility. In terms of the significant spatial distribution (Figure 18), the significant 695 

correlation areas between each index and maize yield reduction show clear differences: PCHDI 696 

index (Figure a): The area with a significant positive correlation (p < 0.05, r > 0) has a wider spatial 697 

range, forming a continuous high-value region in the central and eastern parts of the study area. This 698 

indicates that its significant correlation with yield reduction is more universally applicable and 699 

stable in space. PCHDIdyn index (Figure b): Although the proportion of pixels with significant 700 

correlations relative to PCHDI is not high, the standard deviation of the correlation coefficient is 701 
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relatively small. PCHDItra index (Figure c): The proportion of significant pixels is slightly higher, 702 

but the standard deviation of the correlation coefficient is larger, and the spatial distribution is 703 

relatively scattered, making it less stable than PCHDI. Dheed index (Figure d): The proportion of 704 

significant pixels (10.5%) is significantly lower than PCHDI and PCHDItra, with significant 705 

positive correlation mainly concentrated in the center, and the spatial distribution is fragmented, 706 

indicating weaker stability in the correlation. SSMI index (Figure e): The average correlation 707 

coefficient is -0.0679, showing a negative correlation. Although it can explain yield reduction, its 708 

explanatory power is lower than PCHDI due to the negative nature of the index. VCI index (Figure 709 

f): The average correlation coefficient is -0.1052, with a more pronounced negative correlation. 710 

Although it can explain yield reduction, its explanatory power is still weaker than PCHDI. STI index 711 

(Figure g): The proportion of significant pixels (14.3%) is the highest among the traditional indices. 712 

It performs well in some areas but has a weaker average correlation coefficient (0.1240) and result 713 

stability (standard deviation 0.1911) compared to PCHDI. 714 

Overall, the PCHDI index outperforms PCHDItra , PCDHIdyn and other traditional indices in 715 

three core dimensions: overall correlation strength, spatial significance, and result stability. It more 716 

effectively represents the driving effect of compound heat-drought stress on maize yield reduction. 717 
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 718 

Fig 18 Comparison of correlations between yield reduction and traditional Compound Drought 719 

and Heat Event (CDHE) indices, as well as each individual index.(a1–a2) Process-based Cumulative 720 
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Heat-Drought Index based on machine learning thresholds (PCHDI);(b1–b2) Process-based 721 

Cumulative Heat-Drought Index based on dynamic thresholds (PCHDIdyn);(c1–c2) Process-based 722 

Cumulative Heat-Drought Index based on traditional thresholds (PCHDItra);(d1–d2) Global Database 723 

for Heat-Drought Compound Extreme Events (Dheed);(e1–e2) Standardized Soil Moisture Index 724 

(SSMI);(f1–f2) Vegetation Condition Index (VCI);(g1–g2) Standardized Temperature Index (STI). 725 

 726 

In addition, we also calculated the correlation at the site scale with the yield loss magnitude, 727 

as shown in Figure 19. PCHDI demonstrates significant advantages in both the average correlation 728 

coefficient and the proportion of significant sites. PCHDI shows a 62% higher average yield 729 

correlation than the PCHDItra based on traditional thresholds, 85% higher than the sliding 730 

threshold‑based PCHDIdyn, and approximately 33% higher yield correlation than the existing 731 

Dheed dataset. These results suggest that integrating a threshold optimized over a longer time span 732 

and accounting for the cumulative process of crop damage effectively enhances the index’s ability 733 

to capture compound heat-drought stress relevant to crop impacts. The stronger statistical 734 

relationship further validates the reliability and applicability of PCHDI in agricultural disaster 735 

assessment. 736 

 737 
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 738 

Fig 19 Comparison of PCHDI constructed in this study based on machine learning thresholds, 739 

PCHDItra based on traditional thresholds, PCHDIdyn based on dynamic thresholds, and the traditional 740 

compound index DHEED at the site level.(a) Pearson correlation coefficient heatmap between different 741 

indices and yield reduction rates at various sites.(b) Average Pearson correlation coefficients, 742 

proportions of significant sites, and standard deviations of different indices across sites. 743 

Referring to the visualization results in Figures 13-16 of section 4.3.5, we validated the results 744 

using historical disaster statistical yearbooks. The validation results are very promising, with almost 745 

no misjudgment of severity or disaster occurrence areas. The occurrence times and regions of 746 

multiple historical compound heat-drought events coincide with the recorded events in the historical 747 

records (Table 5), further proving the superiority of the index constructed in this study. 748 

Table 5 Comparison of Historical Classic Cases 749 

Year Event 

1992 In June and July, compound heat-drought disasters led to a yield loss of 1.212 106 

hm2 in Liaoning(Dictionary, 2005)；while parts of Hulunbeier and Xinanmeng in 

Inner Mongolia experienced drought (Dictionary, 2008). 

2000 After summer began, Liaoning faced rare high temperatures and low rainfall, with 
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agricultural losses reaching 2.7862 106 hm2 (Dictionary, 2005), From June 25 to 

July 25, Chifeng City in Inner Mongolia had 320 consecutive days of drought, 

affecting over 86 kha of farmland (Dictionary, 2008). 

2003 Rainfall from January to May was the third-lowest since 1961, with above-average 

temperatures leading to severe droughts in western Northeast China and eastern 

Inner Mongolia. Some areas experienced five years of consecutive drought since 

1999, hindering crop planting(Administration, 2017). 

2010 In late June, Heilongjiang's Greater Khingan Mountains and Mudanjiang 

experienced severe drought, while Liaoning had minimal drought. Jilin lost 349,000 

hectares to compound heat-drought disasters, and 12 cities in Inner Mongolia 

experienced summer droughts(Administration, 2012). 

2020 From June to July, the southwest of Northeast China received 30-80% less rainfall 

than usual. Liaoning had the lowest rainfall since 1981, and the drought intensity 

was the second-highest in the past decade. Summer droughts impacted spring maize 

in western and central-northern Liaoning, while Hulunbeier areas faced continuous 

drought (Administration, 2022). 

5.2 Explanatory Advantage of the Process-based Cumulative Index for Yield 750 

Variability and Its Physiological Basis 751 

Based on the theoretical framework of the Soil-Plant-Atmosphere Continuum (SPAC), after 752 

crops experience stress, even if environmental factors return to normal levels, the recovery of their 753 

physiological functions is not immediate. Studies have shown that stomatal conductance exhibits a 754 

lagged response to atmospheric changes (Bhatt et al., 2025), and the repair of xylem embolism takes 755 
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time (Galviz et al., 2025). More importantly, crop hormones and irreversible morphological changes 756 

triggered by stress act as 'memory factors,' leading to 'historical dependency' in their responses 757 

(Aswathi et al., 2025; Alongi et al., 2025). These mechanisms together result in a gradual recovery 758 

of stomatal conductance, photosynthetic rate, and root water uptake after stress, and this lag effect 759 

has a significant cumulative contribution to yield formation. Traditional analysis methods based on 760 

daily-scale intensity often overlook the temporal continuity of stress and its cumulative effects, 761 

making it difficult to fully explain the mechanisms behind final yield formation. Therefore, this 762 

study constructs the Process-based Cumulative Heat-Drought Index (PCHDI) based on the daily-763 

scale compound index CDHI, aiming to capture the dynamic cumulative characteristics of 764 

compound stress during key growth stages of maize. The following explains why the cumulative 765 

process has a stronger explanatory power for yield from three perspectives: 766 

First, the application of Run Theory effectively filters out noise interference and highlights the 767 

contribution of the effective stress processes. As an annual crop, maize yield formation depends on 768 

the accumulation of photosynthetic products during specific growth stages (e.g., tasseling to grain 769 

filling). If only daily-scale intensity analysis is used, short-term temperature fluctuations or slight 770 

declines in soil moisture (e.g., CDHI > 0 but lasting only 1-2 days) may be misjudged as stress 771 

events. However, these short disturbances are often insufficient to trigger irreversible physiological 772 

responses in crops. PCHDI addresses this by setting a duration threshold (Dur ≥ 3 days), allowing 773 

the daily CDHI to contribute to the cumulative process only when the continuous stress satisfies the 774 

effective process criteria of Run Theory. This design effectively filters out high-frequency noise and 775 

focuses the index on persistent stress processes that can truly impact yield formation. 776 

Second, the exponential decay form of the index accurately captures the lagged recovery 777 
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characteristics of the crop system. After experiencing stress, even when environmental factors return 778 

to normal levels, stomatal conductance, photosynthetic rate, and root water uptake still need time to 779 

gradually recover. This lag effect has an undeniable cumulative contribution to yield formation. 780 

PCHDI introduces a memory coefficient α  (set at 0.95) to model the exponential decay of 781 

historical stresses through a recursive form: during the effective occurrence period, the current stress 782 

contributes the most, while historical stress decays exponentially. When stress alleviates or the 783 

process no longer meets the continuity constraint, PCHDI stops accumulating new values and only 784 

decays exponentially by α, simulating the gradual recovery process of the crop system. This 785 

mechanism allows PCHDI to reflect the complete dynamic trajectory of "stress occurrence – 786 

sustained impact – lagged recovery," rather than just recording the instantaneous state of stress. 787 

Additionally, the alignment of memory length with the maize critical growth window enhances 788 

the physiological significance of the cumulative process. The effective memory length γ derived 789 

from the memory coefficient is approximately 20 days (with α=0.95), which is of the same order 790 

of magnitude as the key yield formation window (approximately 15-25 days) during tasseling, 791 

flowering, and early grain filling. This means that PCHDI can effectively accumulate the 792 

contribution of compound stresses during this critical period, while also considering the lag effect 793 

of historical stresses. For example, brief heat-drought stress during tasseling may still affect yield 794 

during early grain filling by influencing ear grain number or grain weight. The exponential decay 795 

structure of PCHDI captures this cross-stage accumulation process, while daily-scale CDHI or 796 

simple accumulation indices struggle to reflect this nonlinear time-dependent relationship. 797 

In summary, PCHDI effectively characterizes the dynamic cumulative characteristics of 798 

compound heat-drought stress by filtering out effective stress processes using Run Theory, 799 
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simulating crop lagged recovery with exponential decay, and matching the memory length to critical 800 

growth stages. Compared to indices that only focus on instantaneous intensity or simple 801 

accumulation, PCHDI more closely aligns with the real laws of stress signal transmission and crop 802 

response in the SPAC system, thus providing a stronger explanatory power for yield variation. This 803 

finding also suggests that when assessing the impacts of climate change on agriculture, the 804 

cumulative effect of stress processes should be emphasized rather than isolated events, in order to 805 

more accurately reveal the nonlinear relationship between extreme climate and crop yield. 806 

5.3 Limitations and Uncertainty 807 

This study finds that there is a clear nonlinear dependence between the thresholds of compound 808 

heat-drought events and key climate factors (as shown in Figure 6). Although the overall explanatory 809 

power of the model is only R²≈0.2, it is noteworthy that whether at the pixel level or the site level, 810 

comparisons with indices based on empirical thresholds or existing datasets show that the thresholds 811 

derived in this study better explain yield reduction, which sufficiently demonstrates the significance 812 

of these thresholds.. 813 

So, why does the clear nonlinear relationship have only R²≈0.2 explanatory power？Liu et 814 

al. (2026), when analyzing the relationship between climate and crops in their study, faced the same 815 

contradiction and provided a profound explanation: In highly heterogeneous drought and semi-arid 816 

ecosystems, even with real and clear bioclimate coupling processes, the quantitative explanatory 817 

power(R²) of simple models relying on a few core climate variables is inherently limited due to 818 

spatial heterogeneity, unobserved covariates (such as soil, topography, and disturbance history), and 819 

the superposition of multiple process interactions. In other words, a low R²quantifies the gap 820 

between the 'core processes captured' and the 'unobserved system complexities,' rather than negating 821 
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the existence of the core processes themselves (Liu et al., 2026b). 822 

The nonlinear dependence trend we identified represents the dominant mechanism in the 823 

formation of compound event thresholds. However, the R²≈0.2 suggests that beyond this dominant 824 

mechanism, there are many local modulating factors (such as prior soil moisture, vegetation status, 825 

and atmospheric circulation anomalies) that have not yet been incorporated into the model. This is 826 

a typical characteristic of complex system modeling—the core laws are clear, but quantitative 827 

prediction is limited by the completeness of the information. 828 

In future research, more climate factors (such as soil temperature, atmospheric humidity, 829 

sunshine duration, radiation intensity, and wind speed) should be considered, along with the 830 

integration of higher-resolution ground observation data, to improve the spatial resolution and 831 

accuracy of compound heat-drought event identification. Additionally, a more comprehensive 832 

deepening of pre-impact factors could be incorporated, and finally, better phenological monitoring 833 

technologies could be combined to optimize threshold determination and extend its applicability to 834 

other crops and regions, thereby improving the practicality and generality of compound event 835 

recognition. 836 

6 Conclusion 837 

This study focuses on maize in Northeast China and constructs a three-dimensional process-838 

based cumulative heat-drought index (PCHDI) based on the SPAC theory. It systematically analyzes 839 

the spatiotemporal evolution characteristics of compound heat-drought events from 1990 to 2023 840 

and their yield effects. The main conclusions are as follows: 841 

（ 1）A composite stress evaluation framework that integrating intensity, synergy, and 842 

cumulative process was constructed. VCI, STI, and SSMI were mapped to a three-dimensional state 843 

54

https://doi.org/10.5194/egusphere-2026-3379
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 

space, with vector magnitude representing stress intensity and the angle between the vector and 844 

(1,1,1) direction representing stress synergy. Response thresholds for compound heat-drought 845 

events were optimized using XGBoost-SHAP. 846 

（2）This study elucidates the spatial clustering characteristics and dynamic migration patterns 847 

of compound events. The spatial distribution of events exhibits a "western-central concentration, 848 

peripheral diffusion" pattern: high-value areas of maximum impact area, cumulative intensity, 849 

duration, and volume are concentrated in the eastern agricultural-pastoral transition zone of Inner 850 

Mongolia and the western Songnen Plain, forming a large-scale, high-intensity, and long-duration 851 

core high-frequency area. In contrast, the northeastern Sanjiang Plain and the southern edges are 852 

dominated by small-area, short-duration events. From 2012 to 2023, the density of high-intensity 853 

events in the core region significantly increased, further confirming the intensification of compound 854 

disaster risks over the past decade. The event centroid follows a "southwest-northeast-southwest" 855 

oscillation pattern: migrating southwest from 1990 to 2000, northeast from 2001 to 2011, and 856 

southwest again after 2012. After 2006, the migration step length fluctuated significantly, with 857 

multiple instances reaching high values between 700 and 900 km from 2015 to 2023, indicating a 858 

significant increase in spatial pattern instability and migration amplitude since the 21st century. 859 

（3）The study also clarifies the growth stage differences and mutation transmission patterns 860 

of compound stress. The trend intensity and significance of compound heat-drought stress exhibit a 861 

"stronger in later stages, weaker in earlier stages" pattern: the positive slope regions for flowering 862 

and ear stages almost cover the entire region, with Z-statistics generally exceeding 1.96 (p<0.05), 863 

showing a significant intensification of stress. In contrast, only localized weak trends are present 864 

during the emergence and seedling stages, with no significant changes over large areas. The 865 
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significant upward regions gradually expanded from scattered distributions in the early stages to full 866 

coverage in the later stages, reflecting the evolution of stress from "expanding range and increasing 867 

intensity". The M-K mutation detection reveals that the mutation time of intensified stress follows 868 

a "later growth stages → earlier growth stages" transmission pattern: the earliest mutation occurred 869 

during the flowering stage (2008), followed by the ear stage (2010), and the seedling stage (2015), 870 

with no significant mutation observed during the emergence stage. After the 21st century, mutation 871 

events concentrated, with the peak annual pixel mutation rate occurring in the flowering stage (close 872 

to 35%), indicating that the later growth stages are the most sensitive to stress changes and are the 873 

critical windows for the impact of compound disasters on maize yield. 874 

（4）The superiority of PCHDI in yield correlation and historical event inversion was validated. 875 

The pixel-level correlation and stability of PCHDI with maize yield reduction were generally 876 

superior to traditional indices and indices based on empirical thresholds. At the site level, PCHDI 877 

showed a 62% higher average yield correlation than the PCHDItra based on traditional thresholds 878 

and approximately 33% higher correlation than the existing Dheed dataset. The spatiotemporal 879 

inversion of historical disaster cases highly matches the recorded events, proving that this index can 880 

effectively capture the actual impact of compound stress on crop yield. 881 

In conclusion, the three-dimensional process-based cumulative framework constructed in this 882 

study provides a new method for the quantitative identification of compound extreme events. It can 883 

more accurately and effectively identify compound heat-drought events, offering greater support for 884 

global climate change-driven food security risk assessments. 885 
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