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Abstract 28 

With the acceleration of climate instability, drought is causing increasing losses that seriously 29 

threaten food security in China. In consideration of the feedback of the ecological environment 30 

vulnerability on drought, this study selects the temperature vegetation dryness index to evaluate 31 

the boundaries of the regional ecological drought index and integrates many factors, such as 32 

precipitation, temperature and human activities, from the four aspects of natural disaster risk 33 

management — hazard, vulnerability, exposure and resistance—to establish an integrated drought 34 

evaluation index for wheat (IDEIW). The results showed that drought was the main reason for the 35 

observed decrease in wheat production of Anyang city, as the most severe water shortages occurred 36 

during the physiological water demand period of wheat from March to May. Precipitation scarcities 37 

were concentrated throughout the north of the study region, where drought was most frequent and 38 

severe. There were highly positive spatial correlations between the IDEIW and the annual yield 39 

reduction rate of wheat in dry years, whose bivariate Moran's I values reached 0.39, 0.42, 0.31 and 40 

0.38 in the 2002, 2005, 2011 and 2016, respectively; further, the yield reduction rate increased 41 

with drought aggregation. This study clearly demonstrates that, in terms of availability, precision 42 

and sensitivity, the IDEIW, which is stronger and stabilizing than the temperature vegetation 43 

dryness index and the standardized precipitation index, can be used as an important tool to assess 44 

and monitor dynamic variations in agricultural drought and provide a new means for the early 45 

warning and forecast management of agricultural drought. 46 

 47 

Keywords: Integrated evaluation; Ecological drought; Natural disaster risk management; Soil 48 
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moisture environment; Remote sensing 49 
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1 Introduction 51 

The 6th meeting of the Intergovernmental Panel on Climate Change (IPCC 2018) pointed out that, 52 

with the environment experiencing global warming, extreme weather will become more difficult 53 

to determine, especially drought, will occur increasingly frequently. According to incomplete 54 

statistics, from 2004 to 2015, the average annual loss of China's grain caused by drought reached 55 

64.07 billion yuan (Qu et al. 2019), indicating that drought has become the main threat to food 56 

production security in China. 57 

At present, studies in the field of drought have made great achievements. The single-factor 58 

evaluation approach is commonly used in these studies; these single factors include meteorological 59 

drought indicators such as the standardized precipitation index (SPI) and standardized precipitation 60 

evapotranspiration index (SPEI) as well as socioeconomic drought indicators (McKee et al. 1995; 61 

Vicente-Serrano et al. 2012; Mehran et al. 2015). The temporal and spatial evolution 62 

characteristics of southern China have been discussed using SPI to calculate the drought intensities 63 

and variation trend rates (Huang et al. 2010). However, drought events result from complex effects. 64 

Human activities exacerbate nonstationary variations in drought (Wen et al. 2020), and single-65 

factor studies must inevitably conceal the effects of some factors on drought intensities, causing 66 

inaccurate identifications of drought trends (Kumar et al. 2021). Therefore, it is necessary to build 67 

an integrated evaluation approach to objectively analyze drought characteristics. According to the 68 

theory of natural disaster risk management (Okada et al. 2004), the damage process of disasters 69 

mainly includes the hazard of the disaster-causing factors, the vulnerability of carriers and the 70 

degree of exposure. According to natural and man-made attributes, vulnerability is also classified 71 
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as the sensitivity and resistance of carriers to disasters (Zhang et al. 2006). The necessity of 72 

integrated evaluations was proven when analyzing agricultural drought in the Aharchay River 73 

Basin (Karamouz et al. 2013). Certain limitations exist when using SPI and other conventional 74 

indicators to identify drought intensities, especially in cases of human activities affecting water 75 

quality. 76 

However, little attention has been given to the relationship between drought and the 77 

ecological environment in drought-stricken regions in past studies. Even if there is no human 78 

interference, a drought will occur may be based on that the ecosystem exceeds its carrying capacity 79 

(Crausbay et al. 2017). The destruction of ecological balance is not only detrimental to the growth 80 

of crops but also increases the frequency of drought (Wilson et al. 2018). Such feedback is not 81 

easily detected. Seo-Yeon et al. (2020) used the dynamic balance between dominant species and 82 

endangered species in the Gam River Basin to analyze the ecological problems caused by long-83 

term meteorological drought. However, the influence of ecological factors on the quality of soil 84 

organic matter in drought-plagued regions has long-term effects (Wang et al. 2013), so one study 85 

alone is not of great significance. Vegetation types and biomass were used to establish an integrated 86 

drought evaluation system in Inner Mongolia (Zhang et al. 2019) with the hope of reflecting the 87 

drought-resistant ability of the ecosystem through the use of the normalized difference vegetation 88 

index (NDVI). However, the NDVI can only explain ecological conditions through vegetation 89 

coverage in a certain period of time, while the temperature vegetation dryness index (TVDI) can 90 

reflect the soil moisture environment with better effects (Xia et al. 2020). In this study, the TVDI 91 

was adopted to reflect drought and ecological effects, and an integrated evaluation model was 92 
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established based on the theory of natural disaster risk management. Moreover, the temporal and 93 

spatial distribution characteristics of drought in Anyang city, Henan Province were used to verify 94 

the reliability of the integrated model and provide a theoretical basis for drought assessments in 95 

this district. 96 

 97 

2 Materials and methods 98 

 99 

2.1 The study area 100 

Anyang city is located in the northernmost district of Henan Province; there are many 101 

meteorological observation stations surrounding this region with relatively complete data series. 102 

The topography of the region is generally high in the west and low in the east, with the Taihang 103 

Mountains located in western Anyang city. Therefore, crops are mainly planted in eastern Anyang 104 

County (Figure 1). Wheat is the main grain crop grown in this city in summer. With superior 105 

topographic conditions, Anyang city bears the heavy responsibility of fundamental grain 106 

production in Henan Province, with an average annual planting area of more than 4.5 million mu 107 

(Zhang et al. 2011); Hua County was the first large wheat-producing county in northern Henan. 108 

However, the spatial and temporal distributions of precipitation in Anyang city are uneven, 109 

with very little precipitation occurring in spring and summer. The planting time of wheat in this 110 

region lasts from October of a given year to June of the next year, and the water demand period 111 

lasts from the jointing period to the heading period, coinciding with the dry period in this region, 112 

severely threatening the growth of wheat. Two severe droughts occurred from 2008 to 2011 alone. 113 
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Therefore, taking Anyang city as an example, establishing an integrated evaluation model is of 114 

certain theoretical and practical significance to explore the distribution rule of drought and to 115 

realize dynamic monitoring of drought trends. 116 

 117 

2.2 Data sources and processing 118 

In this study, satellite data, statistical data and meteorological data of Anyang city covering the last 119 

30 years (1989-2018) were collected. Since from March to June is the physiological water demand 120 

period of wheat in Anyang city, the data of these months were selected for analysis. To directly 121 

reflect the variation in the spatiotemporal characteristics of drought, the spatial interpolation or 122 

raster overlay approach was used to obtain the spatial distribution of drought. 123 

 124 

2.2.1 Satellite data 125 

The satellite data used in this study mainly comprise Landsat data and nighttime light data sets 126 

(http://satsee.radi.ac.cn/cfimage). The multiple cropping index (MCI) is the ratio of the actual crop 127 

planting area to the arable land area, reflecting the impact of crop planting times on the loss due to 128 

drought; these values were obtained from the National Earth System Science Data Center of the 129 

National Science & Technology Infrastructure of China (http://www.geodata.cn). The Landsat data 130 

provided by NASA had a high spatial resolution of 30 m; these data are more accurate than MODIS 131 

(Moderate-resolution Imaging Spectroradiometer) and are usually used to retrieve land surface 132 

temperatures (Song et al. 2015). By means of curve fitting, the relationship between the light value 133 

and the population of each township was established by using the nighttime light data, and the 134 
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spatial distribution of the population density was obtained by an inversion method applied to this 135 

relationship. 136 

The temperature vegetation dryness index (TVDI) was proposed to consider the effects of 137 

vegetation and land surface temperature (Sandholt et al. 2002). The TVDI can reflect the soil 138 

moisture content of the 10-20 cm layer well (Wang et al. 2009). The higher the land surface 139 

temperature is, the lower the soil moisture content is and the higher the TVDI value is. Excessive 140 

surface evaporation increases the probability and intensity of drought (Guo et al.2015) and can 141 

even cause the destruction of the ecological balance, thus affecting the wheat yield. The formula 142 

used to calculate TVDI is as follows: 143 𝑇𝑉𝐷𝐼 = 𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇𝑖𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇𝑚𝑖𝑛                (1) 144 

Among which  𝐿𝑆𝑇𝑚𝑎𝑥 = 𝑎1 + 𝑏1 × 𝑁𝐷𝑉𝐼𝑖; and 145 𝐿𝑆𝑇𝑚𝑖𝑛 = 𝑎2 + 𝑏2 × 𝑁𝐷𝑉𝐼𝑖. 146 

where 𝐿𝑆𝑇𝑚𝑎𝑥  and 𝐿𝑆𝑇𝑚𝑖𝑛  are the maximum and minimum land surface temperatures in the 147 

same vegetation index pixel, respectively, and represent the dry and wet edges of the 𝐿𝑆𝑇~𝑁𝐷𝑉𝐼 148 

feature space;  𝐿𝑆𝑇𝑖 is the surface temperature value of any pixel;  𝑎1, 𝑏1, 𝑎2, 𝑏2 are the fitting 149 

coefficients of the dry edge and wet edge; and 𝑁𝐷𝑉𝐼𝑖 is the normalized difference vegetation 150 

index of any pixel. 151 

 152 

2.2.2 Statistical data 153 

The statistical data were obtained from Anyang city’s Statistical Annual yearbook and included 154 

the population density (POP), wheat yield, crop coefficient and so on. According to the wheat 155 
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planting area and crop planting area, the proportion of the wheat planting area in each county (WPP) 156 

could be calculated. In this study, the annual wheat yield was calculated by the sliding trend 157 

approach to obtain the annual yield reduction rate (YRR) to remove the impact of modern 158 

agricultural technology on the yield values. The calculation steps are as follows Wu et al. (2021). 159 

The first step is the additive decomposition process of the output: 160 𝑌 = 𝑌𝑤 + 𝑌𝑡 + ∆𝑌                 (2) 161 

where 𝑌(kg/hm2) is the actual wheat yield; 𝑌𝑤(kg/hm2) is the meteorological yield of wheat 162 

affected by fluctuations in climatic elements; and 𝑌𝑡（kg/hm2）is the wheat yield trend, which 163 

represents the natural fluctuation of the wheat yield due to the limited influence of scientific and 164 

technological progress in adjacent years. The term ∆𝑌(kg/hm2)  represents the random yield. 165 

Increases and decreases in wheat are rarely caused by regional mutations and are affected by the 166 

long-term effects of certain factors; thus, ∆𝑌 is generally considered to be zero. 167 

The second step is to calculate the wheat yield trend: 168 𝑌𝑖 = 𝑎𝑖 + 𝑏𝑖𝑡  (𝑖 = 1,2,3 … 𝑛 − 𝐾 + 1)            169 

 (3) 170 

where 𝑖 represents the sequence number of the equation; 𝐾 is the sliding step size (K = 11 in 171 

this study); 𝑁 is the number of samples (N = 30 in this study); 𝑌𝑖(kg/hm2) is the wheat yield 172 

trend in the ith year; and 𝑡 is the time sequence number (when 𝑖 = 1, 𝑡 =  1, 2, 3. . . K; when 173 𝑖 = n − k + 1, t =  n − k + 1, n − k + 2, n − k + 3. . . N). 174 

The third step is to remove the difference of fluctuations using the multiyear average: 175 
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�̅�(𝑡) = 1𝑞 ∑ 𝑌𝑗(𝑡)𝑞𝑗=1                  (4) 176 

where �̅�(𝑡)(kg/hm2)  represents the average trend production of year 𝑡 ; 𝑗  represents the 177 

sequence number of each time sequence equation calculation; and 𝑞  is the total number of 178 

calculations for each time series equation and is related to N and K (𝑞 = 6 in this study). 179 

The fourth step is to calculate the annual reduction rate: 180 𝑌𝑅𝑅 = 𝑌−𝑌𝑡𝑌𝑡                    (5) 181 

where 𝑌𝑅𝑅(%) is the annual wheat yield reduction rate. The YRR was used to represent the 182 

degree of disaster in this study. 183 

 184 

2.2.3 Meteorological data 185 

Agricultural drought occurs on the premise that an imbalance of precipitation and evaporation in 186 

a given region leads to insufficient water, making it difficult to meet the needs of crop growth. In 187 

this study, meteorological data and gridded data sets from 1989 to 2018 were downloaded from 188 

the China Meteorological Data Service Center (http://data.cma.cn/). The meteorological data 189 

mainly included precipitation, temperature, wind speed and sunshine duration data. Ordinary 190 

Kriging Interpolation was used to obtain raster precipitation and temperature data with a high 191 

spatial resolution of 30 m to unify the spatial resolutions of various data sets. The crop water deficit 192 

anomaly index (CWDIa) is an agricultural drought index that is based on the principle of field 193 

water balance and reflects the water demands of wheat at different physiological stages by using 194 

potential evaporation and crop coefficients. The CWDIa was obtained by sunlight and air 195 

temperature through the Penman-Monteith formula, and the specific formula is as follows (Allan 196 
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et al.1998; Wei et al. 2019):  
197 

𝐶𝑊𝐷𝐼𝑎 = { (𝐶𝑊𝐷𝐼 − 𝐶𝑊𝐷𝐼̅̅ ̅̅ ̅̅ ̅̅ ) (100 − 𝐶𝑊𝐷𝐼̅̅ ̅̅ ̅̅ ̅̅ )⁄  (𝐶𝑊𝐷𝐼̅̅ ̅̅ ̅̅ ̅̅ > 0);𝐶𝑊𝐷𝐼 (𝐶𝑊𝐷𝐼̅̅ ̅̅ ̅̅ ̅̅ ≤ 0);         198 

   (6) 199 𝐶𝑊𝐷𝐼 = 𝑎 ∗ 𝐶𝑊𝐷𝐼𝑗 + 𝑏 ∗ 𝐶𝑊𝐷𝐼𝑗−1 + 𝑐 ∗ 𝐶𝑊𝐷𝐼𝑗−2 + 𝑑 ∗ 𝐶𝑊𝐷𝐼𝑗−3 +  𝑒 ∗ 𝐶𝑊𝐷𝐼𝑗−4 + 𝑓 ∗200 𝐶𝑊𝐷𝐼𝑗−5;   (7) 201 

Among which CWDI̅̅ ̅̅ ̅̅ ̅̅ = 1𝑛 ∑ 𝐶𝑊𝐷𝐼𝑖𝑛𝑖=1 ; 202 𝐶𝑊𝐷𝐼𝑗 = (1 − 𝑃𝑗 (𝐾𝑐𝐸𝑇0)⁄ ), 203 

Where 𝐶𝑊𝐷𝐼𝑎 is the crop water deficit anomaly index; 𝐶𝑊𝐷𝐼 is the crop water deficit index; 204 𝐶𝑊𝐷𝐼̅̅ ̅̅ ̅̅ ̅̅  is the crop water deficit index multi-year average; 𝑎, 𝑏, 𝑐, 𝑑, 𝑒 and 𝑓 are the 205 

equation coefficient; 𝑗 is the period of calculation; 𝑖 is the sequence number of the equation; 206 𝑃𝑗 is the precipitation; 𝐾𝑐 is the Crop coefficients; and 𝐸𝑇0 is the potential evaporation. 207 

The annual precipitation variability is close to the gamma probability distribution function, 208 

and the standardized precipitation index (SPI) can be obtained by standardizing the rainfall by 209 

conforming the series to the skewness distribution to indicate the occurrence probability of 210 

precipitation in a certain period of time. Assuming that the precipitation in a certain period is χ, 211 

then the probability function of its gamma distribution is as follows (McKee et al. 1995): 212 𝐺(𝜒) = 1𝛽𝛼Γ(𝛼) 𝜒𝛼−1ℯ−𝜒𝛽 (𝜒 > 0)              (8) 213 

Among which Γ(𝛼) = ∫ 𝜒𝛼−1ℯ−𝜒∞0 𝑑𝜒, 214 

where 𝛼 is the shape parameter; 𝛽 is the scale parameter; 𝜒 is rainfall; and Γ(𝛼) denotes the 215 

gamma function. The maximum likelihood approach is used to estimate the optimal gamma 216 
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distribution parameters 𝛼 and 𝛽 as follows: 217 �̂� = 14𝐴 (1 + √1 + 4𝐴3 )     �̂� = �̅��̂�              (9) 218 

where 𝐴 = ln(�̅�) − [∑ ln （𝜒）𝑛 ] and 𝑛 is the length of the calculated sequence. 219 

After that, the cumulative probability function 𝐺 (𝜒) is obtained by the integral gamma 220 

function. Since the gamma function is not defined at x=0, if the precipitation is zero, the cumulative 221 

probability function becomes the following expression: 222 𝐻(𝜒) = 𝑞 + (1 − 𝑞)𝐺(𝜒)                (10) 223 

where 𝑄 is the probability of a zero occurring in the precipitation series. Finally, the SPI is 224 

obtained after standardization. 225 

Due to the different emphases of SPI at different time scales with different adaptabilities 226 

(Xu et al. 2020), a serviceability test (Table 1) was carried out for four monthly scales, and SPI6 227 

was finally selected as the precipitation indicator in this study. 228 

Generally, the probability of drought, which is equal between wet and drought, varies with 229 

the degree of drought (Li et al. 2021). Mild drought and moderate drought accounted for 34.1 % 230 

and 9.2 %, respectively. The probability of severe drought was only 4.4 %, and the extreme drought 231 

was with the level of only 2.3%, leading to the phenomenon of large-scale total crop failure. The 232 

division range of each index was determined by the probability of drought (Tab 2).  233 

 234 

2.3 Model building 235 

 236 

2.3.1 Principle of indicator selection 237 
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The factors influencing the drought evaluation results mainly include the meteorological 238 

conditions, water demands of crops, growing environments and human activities (Lu et al. 2015; 239 

Huang et al. 2009; Zhao et al. 2016). It is generally believed that a lack of precipitation that 240 

cannot meet the normal needs of crop growth is the main cause of drought, that is, the drought 241 

hazard. Water produced by precipitation is seldom directly absorbed or utilized by crops; generally, 242 

soil water is absorbed by wheat roots to meet physiological needs by replenishing water sources 243 

and creating an excellent growth environment after precipitation (Yao et al. 2012). Vulnerability 244 

refers to the sensitivity of crops to disasters and reflects the stability of the growing environments 245 

of crops. However, due to climate restrictions in northern China and excessive human exploitation 246 

and abuse, ecological deterioration has reduced the ability of the environment to resist drought 247 

(Pei et al. 2013) and has increased the vulnerability of the carrier, causing drought to be more 248 

likely to occur (Wang et al. 2010). In a similar way, human activities such as man-made variations 249 

in the wheat planting ratio to increase exposure will also interfere with drought intensity. Therefore, 250 

in this study, SPI and CWDIa were selected as the hazard assessment indexes, POP, WPP and MCI 251 

were used to reflect the effects of human activities on drought, and TVDI was used as a 252 

vulnerability index to evaluate the stability of the studied soil ecosystem. These indicators can be 253 

integrated into a new evaluation model using the theory of natural disaster risk management. 254 

 255 

2.3.2 P-value results among indicators 256 

Pearson correlation was used to analyze the degree of correlation among various indicators, and 257 

the P value of the correlation coefficient was calculated to check the overlaps of selected indicators 258 
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and to screen repeated items. When calculated for the same factor, these two indicators have 259 

obvious correlations (Raheem et al. 2019). The results (Table 3) show that all the correlation 260 

coefficients fail to pass the significance test, while many shows relatively close relationships. That 261 

is, the correlations between these indicators are not obvious, indicating that the selected indicators 262 

are independent of each other and that the effects on disaster are not in the same direction. 263 

Therefore, it is feasible to use these indicators to build the integrated evaluation model. 264 

 265 

2.3.3 Construction of integrated evaluation model 266 

In this study, AHP was used to determine the weight of each index (Table 4), and the influence of 267 

the intermediate mechanism on the results was offset by appropriately amplifying the proportion 268 

of the hazard assessment index and reducing the proportion of the vulnerability assessment index 269 

in the integrated model. To facilitate this calculation, the principle of standardization was used to 270 

eliminate the differences among the data units. In this integrated model, precipitation and multiple 271 

cropping times are not conducive to drought, while the drought intensity is expected to increase 272 

with increases in the other indexes; thus, different processing approaches should be adopted for 273 

positive and negative indexes (Galarça et al. 2010). 274 

For positive indicators, the following processing approach is adopted: 275 𝑥𝑠𝑡 = 𝑥𝑖−𝑥𝑚𝑖𝑛𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛                  (11) 276 

while for negative indicators, the following processing approach is adopted: 277 𝑥𝑠𝑡 = 𝑥𝑚𝑎𝑥−𝑥𝑖𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛                  (12) 278 

where 𝑥𝑠𝑡  is the result after standardization, and its value ranges from [0,1];  𝑥𝑚𝑎𝑥  is the 279 
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maximum value of the processing index; 𝑥𝑚𝑖𝑛 is the minimum value existing in the processing 280 

index; and 𝑥𝑖 is any value of the processing index. 281 

Considering the interactions among the precipitation supply, water demand of wheat and 282 

environmental resistance, the integrated drought evaluation index for wheat (IDEIW) was 283 

constructed based on natural disaster risk management: 284 𝐼𝐷𝐸𝐼𝑊 = 𝑎 ∗ 𝑆𝑃𝐼𝑠𝑡 + 𝑏 ∗ 𝐶𝑊𝐷𝐼𝑎𝑠𝑡 + 𝑐 ∗ 𝑇𝑉𝐷𝐼𝑠𝑡 + 𝑑 ∗ 𝑃𝑂𝑃𝑠𝑡 +  𝑒 ∗ 𝑊𝑃𝑃𝑠𝑡 + 𝑓 ∗ 𝑀𝐶𝐼𝑠𝑡; 285 

where 𝑎 , 𝑏 , 𝑐 , 𝑑 , 𝑒  and 𝑓  are the weights of each component index in the integrated 286 

evaluation model; and 𝑆𝑃𝐼𝑠𝑡 , 𝐶𝑊𝐷𝐼𝑎𝑠𝑡 , 𝑇𝑉𝐷𝐼𝑠𝑡 , 𝑃𝑂𝑃𝑠𝑡 , 𝑊𝑃𝑃𝑠𝑡  and 𝑀𝐶𝐼𝑠𝑡  are the new 287 

indexes of 𝑆𝑃𝐼, 𝐶𝑊𝐷𝐼𝑎, 𝑇𝑉𝐷𝐼, 𝑃𝑂𝑃, 𝑊𝑃𝑃 and 𝑀𝐶𝐼 after standardization. 288 

The IDEIW reflects the intensity of drought in the drought-plagued regions, and the higher 289 

the value is, the more severe the drought is. Its value ranges from [0,1], and the classification 290 

standard is determined by the occurrence probability of all levels of drought (Li et al. 2021), which 291 

include wet spells (0.0 < IDEIW≤0.50), mild drought (0.50 < IDEIW≤0.80), moderate drought 292 

(0.80 < IDEIW≤0.90), severe drought (0.90 < IDEIW≤0.96) and extreme drought (0.96 < IDEIW 293 

< 1.0). 294 

 295 

3 Results 296 

 297 

3.1 Temporal variability in precipitation 298 

Using the meteorological data collected at Anyang Station from 1989 to 2018, the annual and 299 

monthly mean values and precipitation deviations were calculated based on the average annual 300 
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precipitation. The results show that in terms of monthly variation, precipitation presents seasonal 301 

characteristics (Figure 2): in autumn and winter, the curve is above the horizontal axis, and there 302 

is sufficient water; however, in spring and summer, the precipitation index is negative (from March 303 

to June), and the studied region is relatively dry. Studies have shown (Zhang et al. 2016) that if 304 

there is continuous rainless weather, the amount of stored water is not enough to compensate for 305 

the vacancy, and the potential for drought is high; this is also an important reason for the frequent 306 

droughts observed in Anyang city. 307 

In terms of the variation in the annual sequence, the amplitude of the precipitation 308 

fluctuation is large (Figure 3), and a large negative deviation is observed every four years. The 309 

first deviation occurred in 1995, when there was almost no precipitation over the whole year, 310 

resulting in two years of continuous losses in wheat production. The rainfall in 1998, though very 311 

abundant, also reduced wheat production. Then, from 1999 to 2001, a continuous drying regime 312 

caused an increase in the wheat yield reduction rate. From 2010-2014 and in 2016, severe water 313 

shortages also led to declines in production. In conclusion, the wheat yield in Anyang city is mainly 314 

affected by drought, and drought usually occurs with a decrease in precipitation. 315 

 316 

3.2 Spatial relationship between TVDI and YRR 317 

The level of the annual wheat yield reduction rate reflects the degree of drought (Chen et al. 2018). 318 

In this study, the bivariate Moran’s Index (Moran's I) was selected as the spatial correlation 319 

analysis approach. Compared with the conventional analysis approach, Moran’s I reflects the 320 

potential spatial dependence of two variables (Anselin 1995). The larger the absolute value of 321 
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Moran's I is, the stronger the dependence is and the greater the correlation is. If Moran's I is positive, 322 

it indicates a positive spatial correlation, meaning that the wheat yield is more serious in regions 323 

with low soil moisture contents. If Moran's I is negative, it indicates the opposite situation. The 324 

bivariate Moran’s I is composed of the univariate Moran index and the Pearson correlation 325 

coefficient. See Li et al. (2017) for the specific calculation formula. 326 

The distribution results of the TVDI showed that in the early stage of water demand for 327 

crop growth, drought first appeared in the central and eastern districts of the study areas (Figure 328 

4a); then, disasters gradually appeared in the western districts of the study areas (Figure 4b and c). 329 

The TVDI and YRR were roughly positively correlated in space, that is, TVDI and YRR varied in 330 

the same direction; the higher the Moran's I value was, the more severe the YRR and the more 331 

severe the drought was, which is consistent with the results of Liu et al (2018). In 2002 and 2016, 332 

the Moran’s I values were greater than 0.30, showing a slightly strong spatial correlation (Figure 333 

5a and d). However, in 2011, Moran’s I was only 0.16 (Figure 5c), and this relationship was not 334 

obvious (P value =0.106). The result of the 2005 evaluation was also not within the ideal range 335 

(Figure 5b). This result indicated that the applicable conditions of the TVDI were limited to some 336 

extent, and the evaluation precision was insufficient, especially for the monitoring of long time 337 

series-scale drought. 338 

 339 

3.3 Spatial analysis of precipitation 340 

At present, the SPI is widely used in drought assessment. The SPI and SPEI were compared with 341 

the variations in precipitation and drought in Iran (Sharafati et al. 2020), and it was believed that 342 
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there was no difference in the analysis results of the two indexes, so the spatial distribution of the 343 

SPI could represent the spatial variation in precipitation well. The results of this study show that 344 

precipitation in most regions is extremely scarce except in the western hilly region (Figure 4e-f) 345 

because the Taihang Mountains in western Anyang city block low-pressure cold air coming from 346 

the northwest, which is consistent with the results of Liu et al (1999). The water shortages in 347 

northeastern Anyang city were relieved only when surplus air crossed the mountains in April 348 

(Figure 4e), but the multiyear average was still negative, and there was still a dangerous possibility 349 

of the precipitation conditions causing drought. 350 

Similarly, a bivariate spatial correlation analysis was performed for the SPI and YRR. The 351 

results of the correlation analysis showed that the spatial relationship between the SPI and wheat 352 

yield was negative. The wheat yield reduction rate was usually not high in Anyang city, which had 353 

more precipitation than other regions. The SPI had an ideal effect on the drought evaluation, and 354 

its precision even reached 0.52 (Figure 6b), indicating that regions with poor precipitation were 355 

highly correlated with regions with high wheat yield reduction rates. However, when using the SPI 356 

for drought monitoring, the same problem appears as that found with the TVDI; that is, in some 357 

years (Figure 6c and d), the spatial correlations between the other indexes were not high, especially 358 

in 2016. To some extent, the situation described above reduced the scope of the application of the 359 

SPI in drought assessments. 360 

 361 

3.4 Validation of agricultural drought monitoring using the IDEIW 362 

The IDEIW was used to analyze the drought intensity and spatiotemporal dynamics of drought. 363 



20 

After screening, 2002, 2005, 2007, 2011, 2016 and 2018 were selected as the typical years. To 364 

clearly distinguish the spatial variability in drought intensity in this study, the colors were 365 

subdivided according to the actual situation. The results showed that drought had high spatial 366 

differences among different years, and partial drought event of different degrees occurred in each 367 

year, mainly mild and moderate drought (Figure 7a); this was consistent with the results of 368 

previous studies (Chen et al. 2017). The years 2002 and 2018 (Figure 7a and f) were the most 369 

severe of the six years, with bright colors and high values. Moderate drought occurred in the central 370 

and northeastern districts of Anyang city in these two years. Second, in 2005 and 2011 (Figure 7b 371 

and d), disasters mainly occurred in the western and eastern margins of the study area. The lowest 372 

degree of drought was observed in 2016 (Figure 7e), but in this year, arid regions were the most 373 

widespread, with almost all growing areas affected by drought. The year 2007 was a wet year 374 

(Figure 7c) during which the main planting area was unaffected. Drought occurred frequently in 375 

the whole northern region and was the most severe in the central region (Figure 7a-f). Drought in 376 

the southeastern margin was also frequent (Figure 7b, d and f), but the intensity was usually not 377 

high.  378 

Taking 2016 as an example, the monthly IEDEIW (Figure 7g, h and i) values showed that 379 

drought occurred mainly in the northeast and central districts of Anyang city, which manifested a 380 

tendency to spread. A continuing shortage of rainfall caused drought in March; in April, the drought 381 

began to spread westward. In May, the drought continued to spread westward, but as rainfall 382 

resumed, the severity of the disaster began to ease. On the whole, drought trended from east to 383 

west and then gradually weakened.  384 
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To verify the availability of the IDEIW in assessing agricultural drought, the YRRs of four 385 

drought years (2002, 2005, 2011 and 2016) were used to study the spatial correlation with the 386 

IDEIW. The results showed that there was a strong spatial relationship between the IDEIW and 387 

YRR in the dry years, and all correlation coefficients passed the significance test (P value < 0.05) 388 

(Figure 8). Only in 2011 (Figure 8c) was the correlation between two variables weaker than those 389 

of the others; however, it was still greater than 0.30, which constitutes a moderate correlation. In 390 

general, the drought intensity reflected by the IDEIW has a strong spatial correlation with the 391 

disaster-affected intensity reflected by the YRR, and the IDEIW can effectively identify the 392 

distinction between drought and moist conditions. 393 

 394 

4 Discussion 395 

 396 

4.1 Precision comparison with the monitoring of the TVDI 397 

To understand the precision of the IDEIW in drought monitoring, the relationship between the 398 

TVDI and YRR was analyzed by using bivariate spatial correlation to compare the reduction rate 399 

with the IDEIW. In dry years, the spatial correlation between the TVDI and YRR was lower than 400 

that between the TVDI and IDEIW, which was obviously not as good as the integrated evaluation 401 

model for drought monitoring (Figures 5 and 8). There are two main reasons for this result: on the 402 

one hand, the adaptability of the TVDI is affected by vegetation and satellite quality, as shown by 403 

Yu et al. (2011) and Li et al. (2014); on the other hand, among climatic factors, precipitation and 404 

temperature, have the greatest influence on drought (Tian et al. 2020), but the TVDI only 405 
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considers surface temperature when evaluating drought. In comparison, the relationship between 406 

the IDEIW and the spatial distribution of disaster-affected wheat areas is more stable than the 407 

relationship between the IDEIW and TDVI, and the precision of the drought evaluation is better 408 

than that of the TVDI. Therefore, the integrated evaluation model is more suitable for agricultural 409 

drought monitoring than the TVDI is. 410 

 411 

4.2 Sensitivity comparison with the monitoring of SPI 412 

To understand the sensitivity of the IDEIW to drought, the precipitation distribution and drought 413 

evaluation results obtained with the integrated evaluation model were compared (Figure 4d-f and 414 

Figure 7g-i). As can be clearly seen from the figure, the monthly IDEIW values show that the 415 

distributions of dry regions and precipitation highly overlap, and the SPI numeric values of red 416 

zones are usually negative. However, in the southeast region of the study area, the similarity 417 

between the distributions of precipitation and arid regions is reduced (Figures 4f and 7i), and the 418 

TVDI evaluation results are more similar than the SPI results to the distribution of arid regions 419 

(Figures 4c and 7i). Therefore, it can be inferred that precipitation is still the most important factor 420 

affecting drought but is not the only factor (Labedzki 2007); this result is also consistent with the 421 

research results of Tian et al. (2020) on the North China Plain. 422 

To further explore the relationship between the IDEIW and precipitation, the applicabilities 423 

of the SPI and IDEIW were compared using the spatial distribution of the wheat yield reduction 424 

rates. In 2005 and 2011, the spatial correlation between the SPI and YRR was slightly better than 425 

that of the IDEIW (Figures 6b and c and 8b and c), but the precision of the SPI in the other two 426 
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years was significantly less than that of the YRR (Figures 6a and d and 8a and d). By analyzing 427 

the meteorological data, the years with excellent evaluation effects of SPI were found to all remain 428 

in extremely rainless states throughout the year. It is worth noting that 2016 was also rainless 429 

throughout the year, but the evaluation effect of using the SPI was extremely poor. This is because, 430 

with the improvement of the social production level (Li et al. 2014), the human influence on 431 

drought becomes increasingly obvious. By comparing the social data of the three years (Table 5), 432 

it is not difficult to see that the numeric values of various indicators are much higher in 2016 than 433 

those in other years, so 2016 shows the strongest resistance. Due to environmental variations 434 

caused by human activities, a unilateral consideration of precipitation can no longer accurately 435 

describe the degree of aridity; the results of Ma (2007) also confirm this fact. In conclusion, the 436 

IDEIW is more stable than the SPI in drought evaluations, and it is feasible to consider human 437 

activities using the IDEIW, appropriately improving the sensitivity and stability of actual drought 438 

monitoring. 439 

 440 

4.3 Spatial correlation validation of IDEIW in dry years 441 

The study shows that in dry years, the spatial relationship between the IDEIW and YRR is 442 

significantly positive, and the YRR increases with the aggregation of IDEIW attributes (Li et al. 443 

2017); that is, the degree of disaster will be more serious due to the aggravation of drought, which 444 

is a consistent result with Dong et al. (2015). The IDEIW can fully consider climatic conditions, 445 

soil conditions, ecological and social development, and the function of their effects better than the 446 

TVDI or SPI can, and the IDEIW is more stable and reliable than these other factors. The precision 447 
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was slightly insufficient only in 2011 (Figure 8c), and the main reason for this result was that there 448 

was little rain throughout this whole year, and underdeveloped social productivity cannot 449 

effectively cope with this situation; these conditions appropriately reduced the assessment 450 

accuracy of the integrated evaluation model. The Integrated Drought Management Plan for Central 451 

and Eastern Europe (IDMP CEE 2014) pointed out that the influence of too many non-water-452 

related factors could also exacerbate the impact of water scarcity on drought. Disaster management 453 

must be integrated across sectors, and proactive measures should also be taken to reduce 454 

vulnerability. This explains why the integrated evaluation model is more stable than the SPI. Gao 455 

et al. (2011) and Du et al. (2018) both believed that adding soil background adjustment factors 456 

could significantly improve vulnerability assessments. Liang et al. (2014) also found that the 457 

influence of the soil moisture environment on climate fluctuations and drought variations was more 458 

important than other factors in Henan. The integrated evaluation model developed in this study 459 

used the TVDI instead of the NDVI for the vulnerability assessment because the TVDI can 460 

precisely reflect the soil moisture environment to some extent. Of course, there are still many 461 

deficiencies in the study. In the construction of the integrated evaluation model, the proportion of 462 

precipitation is moderately enlarged, and the evaluation range of the TVDI is also very limited. In 463 

the next step, we plan to expand the scope of the study area and evaluate the precision and stability 464 

of the long-term monitoring of the integrated evaluation model by calculating the spatial trend rate 465 

and conducting M-K tests. 466 

 467 

5 Conclusion 468 
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Based on the principles of natural disaster risk management, an integrated drought evaluation 469 

model was established for wheat from the four perspectives of hazards, vulnerability, exposure and 470 

resistance against disasters; further, the impact of the vulnerability of the soil ecological 471 

environment on drought was taken into consideration. The results revealed the following 472 

conclusions. 473 

(1) On the studied time scale, the yearly IDEIW indicated that drought occurred most 474 

frequently in southwestern and northern Anyang city. At the spatial scale, arid regions 475 

shown by the monthly IDEIW values and regions with scarce precipitation overlapped to 476 

a large extent, but the distribution of drought intensity in the southeast region was similar 477 

to that of the TVDI, indicating that climate is still the main cause of drought but not the 478 

only cause. 479 

(2) Significant positive correlations were observed between the IDEIW and YRR in dry years 480 

(P value < 0.05), and there was a strong spatial relationship between these indexes. In 2002, 481 

2005, 2011 and 2016, Moran’s I reached 0.39, 0.42, 0.31 and 0.38, respectively. The 482 

drought intensity calculated based on this integrated model had good spatial correlation 483 

with the degree of disaster effects, proving, to a certain extent, the high efficiency of this 484 

integrated model for actual drought monitoring. 485 

(3) In terms of precision comparisons, the performance of the IDEIW in agricultural drought 486 

detection was obviously better than that of TVDI. The comparison with the SPI showed 487 

that the IDEIW is more stable than individually considering precipitation. In conclusion, 488 

under the influence of precipitation, temperature, the growing environment and human 489 
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activities, the IDEIW can realize the sensitive identification of drought intensity and 490 

accurately reflect the degree of disaster-affected areas. 491 

  492 
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Figure legends 657 

Figure 1. Distribution of wheat-growing areas and surrounding meteorological stations 658 

Figure 2. Perennial mean comparisons of the meteorological water supply and water deficit of 659 

wheat at a monthly scale 660 

Figure 3. Distributions of seasonal rainfall and annual yield reduction rate from 1989 to 2018 661 

Note: The upper part of the left horizontal axis indicates that the precipitation deviation is positive, 662 

while the lower part is negative. Value above the right horizontal axis indicate reduced production; 663 

values below the axis indicate increased production 664 

Figure 4. Spatiotemporal variability in the TVDI and SPI at a monthly scale 665 

Figure 5. Spatial autocorrelation analysis between TVDI and YRR in dry years 666 

Figure 6. Spatial autocorrelation analysis between SPI and YRR in dry years 667 

Figure 7. Spatiotemporal dynamic of drought monitoring by using IDEIW 668 

Note: Since most result values were in the same grade, applying the Percent Clip Stretch Method to 669 

differentiate the color of images was more convenient to observe the subtle changes in the spatial 670 

distribution of drought intensity. However, comparing the changes in different is 671 

particularly necessary to combine the color depth with the numerical magnitude rather than the 672 

color depth 673 

Figure 8. Spatial autocorrelation analysis between IDEIW and YRR in dry years 674 

 675 



Figures

Figure 1

Distribution of wheat-growing areas and surrounding meteorological stations Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 2

Perennial mean comparisons of the meteorological water supply and water de�cit of wheat at a monthly
scale



Figure 3

Distributions of seasonal rainfall and annual yield reduction rate from 1989 to 2018

Figure 4



Spatiotemporal variability in the TVDI and SPI at a monthly scale Note: The designations employed and
the presentation of the material on this map do not imply the expression of any opinion whatsoever on
the part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.

Figure 5

Spatial autocorrelation analysis between TVDI and YRR in dry years



Figure 6

Spatial autocorrelation analysis between SPI and YRR in dry years



Figure 7

Spatiotemporal dynamic of drought monitoring by using IDEIW Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 8

Spatial autocorrelation analysis between IDEIW and YRR in dry years


