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Abstract

:

Due to their complexity, hazard interactions are often neglected in current studies of multi-hazard risk assessment. As a result, the assessment results are qualitative or semi-quantitative and are difficult to use in regional risk management. In this paper, the crop loss risk due to heavy rain and strong wind in the Yangtze River Delta (YRD) region of China was quantitatively assessed, based on the joint return periods of these hazards and a vulnerability surface. The joint return period is obtained with a copula function based on the marginal distribution of each hazard. The vulnerability is fitted by considering the joint hazard intensity, the sown area of crops, elevation, and GDP per capita. The results show that counties with a high value of joint hazard probability are clustered in the southeast coastal area and that the value gradually decreases from south to north and from east to west. The multi-hazard risk has a similar pattern, with a large value in the southeast coastal area and a low value in the northwest. The proposed method can be used for quantitative assessment of multi-hazard risk, and the results can be used for regional disaster risk management and planning.
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1. Introduction


Along with global climate change and rapid economic development, our societies are facing great threats from natural disasters. Frequent and intense natural disasters may threaten to reverse much of the developmental progress that has been made in recent decades. Strengthening the capacity for adaptation to climate change, extreme weather, drought, flooding, and other disasters is one of the sub-goals of the Sustainable Development Goals 2030 [1]. Risk assessment is one effective and important step in enhancing a region’s coping capacity to natural disasters. As most areas on Earth are likely to be influenced by more than one hazard, a single natural disaster risk cannot represent the total risk level of each region [2]. For better disaster risk management, it is important to assess the regional risks of multiple hazards.



Recently, many models or indexes have been developed and applied to assess the risks of multiple hazards. Typical examples are the Disaster Risk Index [3], the Hotspots Index [4], the World Risk Index [5], the ESPON method [6], the INFORM [7], the Total Risk Index [8], and the Multi-Hazard Index [8,9,10]. However, the calculated risks based on the above models, methods, or indexes are all qualitative or semi-quantitative. The Global Risk Model, which is a quantitative multi-hazard risk assessment model led by the United Nations International Strategy for Disaster Reduction (UNISDR) to calculate the annual average loss (AAL) of multiple hazards by adding up the AAL of each individual hazard, is used as the basis for the Global Assessment Report (GAR) 2013 [11], the GAR 2015 [12], and the GAR ATLAS of 2017 [13]. The information diffusion method is also used for quantitatively calculating multi-hazard risks, e.g., the risks of typhoon and flood in the Yangtze River Delta (YRD) region of China [14] and multiple climatic hazards of China [15]. However, in both the Global Risk Model and the diffusion method, the interactions between the different hazards are not considered. If the hazards are dependent, then the expected loss of multiple hazards cannot be directly summed by the loss of individual hazards [2,16], e.g., for wind and storm surge [17], and for earthquakes, rainfall-triggered landslide, and volcanos [18]. A copula function has been tested and has proved to be useful in quantitatively assessing the joint probability distributions of multiple hazards, although the process is complicated [19,20,21].



In this paper, the multi-hazard risks are quantitatively assessed based on a copula function and multi-dimensional vulnerability. The proposed method is demonstrated with the crop loss risk to heavy rain and strong winds in the YRD region of China. In the risk assessment method, the joint distributions of heavy rain and strong wind were calculated by using the copula theory, and the vulnerability surface was fitted by applying trend surface analysis and multiple regression estimation. Based on the joint distributions of multiple hazards and the vulnerability surface, the expected crop loss risks were quantitatively calculated.




2. Study Area and Data


2.1. Study Area


The study area is the Yangtze River Delta (YRD) region, which is located in the east coast of China (Figure 1) and includes 16 municipalities: Nanjing, Suzhou, Wuxi, Yangzhou, Changzhou, Nantong, Taizhou (J), and Zhenjiang of Jiangsu Province; Hangzhou, Jiaxing, Huzhou, Zhoushan, Shaoxing, Ningbo, and Taizhou (Z) of Zhejiang Province; and Shanghai.



The YRD region is a highly developed metropolitan area with a total population of 1.11 × 108 people and a GDP of 9.62 × 1012 yuan in 2016. The region is also an important agricultural region; it had a crop planting area of 3.18 × 107 ha and the crop production of 5.86 × 109 kg in 2016. The geographic features make the region vulnerable to typhoon and flood. According to historical data, the region was affected by five typhoons and four floods, causing damage to a crop planting area of approximately 7.68 × 105 ha yearly from 1981 to 2010. More than 60% of the total crop loss during this period is from these two hazards [14]. Therefore, it is necessary to study the multi-hazard risks of crop loss for disaster risk management in this region. This study tries to analyze the joint risk of crop loss due to concurrent heavy rain and strong wind, which are identified as the main two factors affecting agricultural production in the region.




2.2. Data and Preprocessing


There are four types of data used in this study: meteorological data, socioeconomic data, crop loss data, and geographic data (including digital elevation model (DEM) and an administrative map). The hazard data of heavy rain and wind speed from 1971 to 2011, which are derived from the national meteorological data service center, include data from the 34 national standard monitoring stations of the study area and vicinity. Daily meteorological data were interpolated to the center points of each county by using the nearest neighboring point. Only a certain intensity of rainfall and wind speed was regarded as a hazard factor that can cause damage to crops. The thresholds for daily precipitation and the annual maximum wind speeds were set at 25 mm and 8 m/s, respectively. Therefore, the multi-hazard joint probability scenario in this study involved daily rainfall greater than or equal to 25 mm and a daily maximum wind speed greater than or equal to 8 m/s. In this study, the crop loss was represented by the area of crops affected by the natural disasters. The data from 1971 to 2011 were provided by the Ministry of Civil Affairs. The crop loss rate, which was calculated as the area affected by natural disasters divided by the crop planting area, was used in this study. The crop loss, whose time and venue match with the periods and areas affected by heavy rain and wind hazards, were recognized as the loss jointly caused by these two hazards. In total, 162 samples were obtained. Each sample, which includes the information of crop loss rate, precipitation, and wind speeds, was used to fit the vulnerability surface. The socioeconomic data, including the total population, GDP, GDP per capita, land area, crop planting area, total rural machinery power and machinery power per square kilometer, etc. for each county were taken from the statistical yearbooks of Shanghai, Jiangsu, and Zhejiang from 1990 to 2011. The social and economic indicators were used to adjust the vulnerability surface. The DEM data and administrative map were from the Ministry of Natural Resources. The DEM data was used to calculate the average elevation of each county.





3. Method


3.1. Fitting the Joint Distribution Based on a Copula


The joint probability distribution of rainfall and wind cannot be directly multiplied by the two marginal distributions because they are two independent variables [19]. In this paper, a copula function was used to construct their joint distribution. Given the two random variables X (representing rainfall) and Y (representing the maximum wind speed) for each county, the marginal distributions of FX(x) and FY(y) can be fitted. The root mean square errors of these fitted functions were compared to obtain the best fitting parameters, and the edge distribution results were tested via the Chi-square test. Then, the two-dimensional distribution FX,Y(x,y) could be calculated with a copula function based on Sklar’s theorem. Gumbel, Clayton, and Frank, which have only one parameter and can easily be calculated, are three common copulas. This study uses the maximum pseudolikelihood estimator to estimate the parameters for the copula functions.



After obtaining the fitting parameters of the marginal distribution and the joint distribution, the joint return period of rain and wind in this study could be obtained according to Equation (1).


T(x,y)=MtP(X≥x,Y≥y)=Mt1−FX(x)−FY(y)+FX,Y(x,y)



(1)




where T(x, y) is the joint return period of rainfall (rainfall ≥ x) and wind (wind speed ≥ y) and FX(x) and FY(y) are the cumulative distribution functions of rainfall (FX(x) = P{X ≤ x}) and wind (FY(y) = P{Y ≤ y}), respectively. FX,Y(x,y) is the joint probability distribution for rainfall and wind. Mt is the annual average number of joint events, which was calculated by dividing the total number of events by the number of years (41 years, 1971–2011 in this study).




3.2. Fitting the Vulnerability Surface


Vulnerability consists of the characteristics and circumstances of exposure that make something susceptible to the damaging effects of a hazard [21]. That is, both internal and extrinsic attributes determine vulnerability. The internal attribute depends on the biophysical characteristics of exposure. The extrinsic attribute of exposure, which is the vulnerability of the built environment, can be determined by various indicators. In this study, eight indicators (i.e., land area, crop planting area, average elevation, total population, GDP, GDP per capita, total rural machinery power, and machinery power per square kilometer) were selected to denote the extrinsic attribute of exposure.



Vulnerability, considering both the internal and extrinsic characteristics of this study, can be modeled according to Equation (2):


L=z(x,y)+EV



(2)




where L is the disaster loss; x and y are the precipitation and wind speed, respectively; and z(x, y) and EV reflect the internal and extrinsic characteristics of vulnerability, respectively. z(x,y) can be calculated according to Equations (3) and (4), and EV is determined by the eight indicators mentioned above and fitted according to Equation (5).


l(xi,yi)=z(xi,yi)+εi (i=1,2,…,n)



(3)






z(xi,yi)=A0+A1xi+A2yi+A3xi2+A4xiyi+A5yi2



(4)






EV=B0+B1x1+B2x2+…+B8x8



(5)




where l(xi,yi) is the observed loss caused by precipitation and wind for sample i, z(xi,yi) is the fitted value, and εi is the residual. A0, A1…A6 and B0, B1, …, B8 are the coefficients that will be estimated using the least-squares method.




3.3. Calculating the Multi-Hazard Risk


The maximum crop loss rate at a return period (T0) can be expressed as follows.


L0=max(L(x,y)), (x,y)∈{(x,y) | T(x,y)=T0}



(6)




where T(x,y) is the joint return period calculated according to Equation (1) and L(x,y) is the vulnerability surface obtained according to Equation (2). Thus, the relationship between crop loss rate (L) and the return period (T) can be calculated. According to the loss–return period relationship, the relationship between the annual frequency (N) and loss can easily be calculated since N is the reciprocal of T. Thus, the loss-frequency curve, which is also a typical way to present the risk, can be obtained. The area between the curve and the two axes denotes the expected annual crop production loss. The larger the area is, the greater the expected annual loss rate.





4. Results


4.1. Joint Return Period for Rain and Wind


4.1.1. Parameter Fitting Result of the Copula Function


The Weber distribution, the generalized Pareto distribution, and extreme value distribution were all well applied to precipitation distribution fitting, and the Weibo distribution and the extreme value distribution were widely used for wind speed [13]. After comparison, the generalized extreme value distribution, which can be calculated using Equation (7), was found to be the best fitting for the marginal distribution of rainfall and wind speed in this study:


F(x;μ,σ,ξ)=e−[1+ξ(x−μσ)]−1/ξ



(7)




where μ, σ, and ξ are the shape parameter, scale parameter, and position parameter of the generalized extreme value distribution, respectively.



In this study, these parameters were estimated by maximum likelihood estimation. The marginal distribution result of each county passed a Chi-square test with a confidence level of 95%. According to the above steps, the marginal and joint distributions of rain and strong wind for 140 counties in the YRD region were fitted. Taking Chongming, Jiangyin, Shaoxing, Lin’An, Fenghua, and Tongzhou as examples, the estimated parameters of the marginal and joint distributions are shown in Table 1. Evidently, Chongming and Jiangyin are a Gumbel copula, Shaoxing and Lin’an are a Frank copula, and Fenghua and Tongzhou are a Clayton copula.




4.1.2. Joint Hazard Analysis


Figure 2 shows the joint probability distribution in Chongming, Jiangyin, Shaoxing, Lin’An, Fenghua, and Tongzhou. The x-axis is precipitation, the y-axis is the wind speed, and the z-axis is the joint probability distribution of rainfall and wind speed that is less than or equal to the set value. The joint probability distribution increases with the increase in rainfall and wind speed. With a certain rainfall and wind speed, the joint probability distribution can easily be obtained from Figure 2. With a certain joint probability distribution (p), there exists group pairs of rainfall and wind speed, which are the intersecting curves of the joint probability distribution surface and the surface of z = p.



Figure 3 shows the joint return period of rainfall and strong wind in Chongming, Jiangyin, Shaoxing, Lin’an, Fenghua, and Tongzhou. Evidently, the joint return period increases with the increase in heavy rain and strong wind. Because of the relatively large range of the joint return period, the distribution images of these six counties clearly differ.



The intensity and probability/occurrence relationship shown in the joint probability/return period distribution effectively characterizes the joint hazard and can also be directly applied for the quantitative assessment of the multi-hazard risk.




4.1.3. Multi-Hazard Return Period


To further compare the multi-hazard characteristics in different counties, the joint return period for different types of rainfall and wind speed were calculated. Rainfall was divided into three types according to daily precipitation: type I (50–99.9 mm of daily rainfall), type II (100–249.9 mm), and type III (above 250 mm). Wind was also divided into three types according to the maximum wind speed: type A (10–17.1 m/s), type B (17.2–24.4 m/s), and type C (above 24.5 m/s). Based on Equation (6), the joint return periods of different types of rainfall and wind for the 140 counties can be obtained. The results are shown in Figure 4.



The darker the color is, the larger the joint return period and the smaller the probability of joint occurrence. Figure 4 shows that as the rainfall and wind speed increase, the return period shows an increasing trend. That is, the probability of occurrence decreases. The return period is more sensitive to a change in wind speed than to a change in rainfall.



Geographically, the counties in the northwest had a larger joint return period than those in the southeast, and the central counties had a larger joint return period than those on the coast. This finding means that the joint probability of heavy rainfall and wind for the southeast counties in the YRD region was greater than that of the northwest counties and that the joint probability of heavy rainfall and wind for the coastal counties is greater than that for the interior counties. The southeastern coastal areas, which are at a lower latitude, were frequently affected by tropical cyclones, which made the region have a higher probability of rainfall and wind.





4.2. Vulnerability Analysis


4.2.1. Vulnerability Surface


The estimated value of the coefficients in the trend surface model and the fitted vulnerability surface are shown in Table 2 and Figure 5, respectively. The two horizontal axes indicate the intensity of the two hazards, and the vertical axis indicates the loss rate caused by the hazards. Clearly, the loss rate was positively related to the intensity of both hazards.



The coefficient of determination of the trend surface model is denoted by R2, the proportion of the regression sum of the square to the sum of the squares of the deviations. The R2 value is 0.7339, and the model passes the F-test at the 0.05 significance level. Therefore, the fitted vulnerability surface can effectively denote the intrinsic attribute and be applied in the following risk analysis.




4.2.2. Integrated Vulnerability Model


Table 3 shows the estimated values of the parameters in Equation (5). Observably, only the p-values for the constant, X2, and X3 have passed the t-test at the 0.05 significance level. A multivariate linear regression model was rebuilt by removing the factor that had the largest p-value. This step was repeated until all estimated parameters passed the t-test at the 0.05 significance level. The crop planting area, average elevation, and GDP per capita were obtained as the final factors. These results are shown in Table 4.



The comprehensive vulnerability surface model not only considers the overall internal attributes of a crop but also takes into account the external attributes of a crop determined by the natural and socioeconomic environments of each county in the YRD region. The model presents the relationships among hazard, vulnerability, and potential loss, based on which the risk of crop loss rate of each county can be directly calculated, given the corresponding parameters and variables.





4.3. Risk Assessment Results


4.3.1. Loss–Return Period Curves


Based on the analysis results of the hazards and vulnerability, the relationship between the return period and the loss rate for 140 counties in the YRD region was individually calculated. Figure 6 shows the loss–return period curves of Chongming in Shanghai; Yizheng and Liyang in Jiangsu; and Tonglu, Dinghai and Sanmen in Zhejiang.



Different patterns for the return period–crop loss rate relationship can be observed in these six counties. With the loss–return period curves, the multi-hazard risk of these counties can easily be compared. Figure 6 and Table 5 clearly indicate that Sanmen had the highest disaster risk for crops, followed by Dinghaing, Chongming, Tonglu, and Yizheng. Liyang had the lowest risk. Sanmen, Dinghai, and Chongming, located in coastal areas, were very easily affected by strong wind and flood, while the three interior counties, Tonglu, Yizheng, and Liyang, were less prone to these two hazards. In relation to their geographic location, the risk in coastal areas was higher than that of the central areas, and the risk in the southern areas was higher than that in the northern areas of the YRD region.




4.3.2. Crop Loss Rate under Different Return Periods


From the loss–return period curve obtained above, the crop loss rate of each county in the YRD region can easily be calculated with a given return period. Figure 7 shows the crop loss rates for six different return periods of each county. Red indicates larger losses, and yellow indicates fewer losses. The crop loss rate of all counties gradually increased with the increase in the return period. For most counties, the loss rates were less than 2.5% when the return period was less than 50 years; they exceeded 2.5% for 200 years and were more than 5% for 300 years. In terms of geographical distribution, the counties in the southeastern areas of the YRD region had a higher crop loss risk than those in the northwest. For example, Taizhou and Zhoushan had the highest crop loss risk, followed by Chongming, Jiaxing, Qidong, and Shanghai.




4.3.3. Annual Average Frequency of Losses and the Annual Average Expected Losses


The crop loss rate-average annual frequency curve was fitted using a Gaussian function for each county in the YRD region, and the goodness-of-fit R2 values for all counties were greater than 0.99. Figure 8 shows the fitted result for Chongming, Yizheng, Liyang, Tonglu, Dinghai, and Sanmen. The horizontal axis indicates the crop loss rate, and the vertical axis indicates the annual average expected frequency. The greater the loss, the lower the expected frequency of occurrence. The risk can be judged from the area enclosed by the curve and the coordinate axis. Sanmen County has the highest risk, and Liyang City has the lowest risk.



The annual average expected loss rate and expected annual damage area are a more explicit expression of the risk of crop loss. The annual average expected loss rate and expected annual damage area of each county in the YRD region are shown in Figure 9. Evidently, the counties in the Taizhou and Ningbo Prefectures, which are located in the southeastern coastal area of the YRD region, have the highest annual average expected loss rate. They are followed by the counties in the Zhoushan, Jiaxing, and Huzhou Prefectures and Chongming and the counties in Nantong Prefecture. The zonal characteristics of loss are generally greater in the south than in the north, but their regional differences are not as obvious as those for the joint hazard.






5. Conclusion and Discussion


In this study, the crop loss risks due to the multiple natural hazards of heavy rain and strong wind were quantitatively assessed based on a copula method and vulnerability surface in the YRD region of China. To obtain the relationship between the two hazards, a copula function was first applied to calculate their joint probability distribution and return period. The trend surface analysis was applied to build a vulnerability surface model that reflected the internal attributes of exposure. Then, multiple regression analysis was used to screen out the significant variables that reflect external attributes, based on which an integrated vulnerability model was developed. The results show that the vulnerability surface is well fitted, considering the joint hazards of rainfall and strong wind and the sown area of crops, average elevation, and GDP per capita. There is clear regional heterogeneity in the joint probability distributions and crop loss risks of heavy rain and strong wind in the YRD region. The counties in the southeast coastal areas have a higher joint probability and higher risks than those in the central region, and the south has a higher joint probability and higher risks than the north. The coastal area of Taizhou in the southeast has the highest risk of crop loss, followed by Huzhou and Jiaxing in the middle and Chongming, Tongzhou, and Yizheng in the north.



Notably, there have been several other methods to quantitatively calculate the total risk of multiple hazards, such as using the information diffusion [14,19], the independent distribution method [17,18], directly summarizing the risks of each individual hazard [13], and the weighted method [8,9,10]. The calculation procedure is relatively easier compared with to the copula method, especially for the total risk of more than three hazards. All hazards are assumed to be independent—that is to say, the interactions between the different hazards are not considered in these models. In the reality, several hazards may take place at the same time, and some of them do not occur alone or they may be dependent. In these cases, the total loss or risk cannot be summarized by using weighted method or the independent distribution method to combine the loss or risk from each individual hazard. The copula function is a useful method to calculate the joint loss or risk if the hazards are dependent. It should be noted that the copula function is also useful for calculating the joint probability distribution or joint return period of three or more dependent hazards, although the procedure will be more complicated [20]. However, the method is be difficult to use in calculating the total risk of three or more types of hazards due to lack of enough historical pair data of loss and hazard to fit the vulnerability. By generating more pair data with experiments and computer simulations, the method will be gradually used for quantitatively assessing the integrated risk of three or more types of dependent hazards.



It has been mentioned that although we have found 162 sets of hazard–loss data for vulnerability fitting, the losses may also include the average fluctuation of crop loss. Understanding how to use integrated bio-economic simulation models to extract the expected fluctuation from crop loss risk would be necessary to make the risk assessment result more sophisticated. Climate change may affect the frequency, intensity, duration, tendency, and fluctuation of precipitation and wind, but this issue was not considered in this study. In addition, changes in exposure and the factors that affect the external attributes were not considered when calculating the crop loss risk in this study. For example, with economic and technological development, the vulnerability of crops to hazards might also decrease, which will definitely reduce possible losses. Integrating analysis that considers climate change, exposure, and vulnerability into the proposed model may be a solution to these problems.
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Figure 1. The YRD region. 
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Figure 2. The joint probability distributions of heavy rain and strong wind for some counties in the YRD region. 
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Figure 3. The joint return period distribution of strong wind and heavy rain for some counties in the YRD region. 
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Figure 4. The joint return period of wind and rain hazards at different intensity ranks. 
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Figure 5. The vulnerability surface based on the intrinsic attributes of exposure. 
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Figure 6. Loss–return period curves of some counties in the YRD region. 
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Figure 7. Crop loss rate under different return periods for each county of the YRD region. 
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Figure 8. Annual frequency curves of the loss rate in some counties in the YRD region. 
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Figure 9. The (a) expected annual loss rate and (b) expected annual damage area of crops for each county in the YRD region. 
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Table 1. Parameter estimation for the marginal and joint distributions of some counties in the YRD region.
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Parameter

	
Chongming

	
Jiangyin

	
Shaoxing

	
Lin’an

	
Fenghua

	
Tongzhou




	
X

	
Y

	
X

	
Y

	
X

	
Y

	
X

	
Y

	
X

	
Y

	
X

	
Y






	
μ

	
0.77

	
0.47

	
0.66

	
0.36

	
0.51

	
0.31

	
0.65

	
0.13

	
0.38

	
0.42

	
0.58

	
0.21




	
σ

	
8.80

	
1.23

	
8.93

	
1.03

	
7.79

	
1.53

	
8.49

	
3.21

	
11.44

	
0.93

	
11.58

	
1.08




	
ξ

	
32.76

	
9.34

	
33.67

	
9.23

	
32.62

	
9.86

	
32.70

	
11.94

	
37.13

	
9.07

	
36.34

	
9.35




	
Copula

	
Type

	
Gumbel

	
Gumbel

	
Frank

	
Frank

	
Clayton

	
Clayton




	
θ

	
1.1496

	
1.0807

	
-0.3269

	
0.5267

	
0.3587

	
0.5330
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Table 2. The estimated value of the coefficients in the trend surface model.






Table 2. The estimated value of the coefficients in the trend surface model.





	Parameter
	A0
	A1
	A2
	A3
	A4
	A5





	Estimated value (10−6)
	−5188.03
	222.86
	1077.19
	−0.31
	0.46
	8.12
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Table 3. Parameter estimation result of the eightfold linear regression analysis.
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	Variable
	Estimated Value
	Standard Error
	t-Value
	p-Value





	Constant
	0.03225403
	0.01386430
	2.32640975
	0.02155579



	Land area (X1)
	−0.00000005
	0.00000526
	−0.01034332
	0.99176335



	Crop planting area (X2)
	−0.00020566
	0.00005626
	−3.65557475
	0.00037223



	Average elevation (X3)
	−0.00005530
	0.00002225
	−2.48517400
	0.01422862



	Total population (X4)
	0.00003522
	0.00014548
	0.24208981
	0.80909502



	GDP (X5)
	−0.00000049
	0.00000036
	−1.35049321
	0.17922225



	GDP per capita (X6)
	0.00001312
	0.00004715
	0.27832100
	0.78121158



	Total rural machinery power (X7)
	0.00000001
	0.00000002
	0.46568557
	0.64222586



	Machinery power per square kilometer (X8)
	−0.00002247
	0.00001741
	−1.29055754
	0.19916546
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Table 4. Parameter estimation result of the threefold linear regression analysis.






Table 4. Parameter estimation result of the threefold linear regression analysis.





	Variable
	Estimated Value
	Standard Error
	t-Value
	p-Value





	Constant
	0.02471651
	0.00763312
	3.23806313
	0.00151713



	Crop planting area (X1)
	−0.00014351
	0.00004606
	−3.11597140
	0.00224336



	Average elevation (X2)
	−0.00003605
	0.00001543
	−2.33726150
	0.02090731



	GDP per capita (X3)
	−0.00000043
	0.00000016
	−2.76799742
	0.00643898







Note: Crop planting area is measured in ha, average elevation in meters above the sea level, and GDP per capita in Chinese Yuan per person.
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