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A new model for risk assessment of drought based on projection pursuit optimized by immune evolutionary algorithm and
information diffusion method (IEAPP-IDM) was proposed. Due to the fact that drought risk assessment is a complex multicriteria
and multilevel problem, the IEAPP-IDM model can project the multidimensional indicators of samples into one-dimension
projection scores; then, the information carried by the projection scores was diffused into drought risk levels; finally, the drought
disaster risk estimate was obtained. In the present study, Qujing was employed to assess the drought risk with the proposed model.
The results showed that Xuanwei possessed higher risk, while Luliang and Zhanyi possessed lower risk. At the same time, the
probability risk of drought in Malong and Luoping was increasing, while the probability risk of drought in in Qilin and Shizong
was decreasing. The results obtained by the assessment model are consistent with the actual situation of Qujing and verify the
model’s effectiveness. The study can provide scientific reference in drought risk management for Qujing and other places of China.

1. Introduction

In recent years, extreme climate events, especially droughts,
have occurred more frequently and caused large amounts of
loss [1–3]. China is one of the countries that is most afflicted
with serious drought disasters in the world. The annual
average economic losses caused by droughts inChina are over
tens of billions of dollars from 2006 to 2014 [4]. Drought has
become an important factor constraining China’s agricultural
productivity and sustainable development. The study area is
located in the east of Yunnan Province and is influenced by
East Asian monsoon and South Asian monsoon, resulting in
fluctuating precipitation [5–7]. From 2009 to 2012, droughts
had affected 453628.9 hectares of farmland and 3.48 million
people in this area [8]. Consequently, evaluating drought risk
is important for improving the prediction of drought and
reducing the losses in the region.

In recent decades, some studies have been performed on
the theory and methods for the risk evaluation of droughts,
such as fuzzy analysis [9], copula [10], information diffusion

[11], and artificial neural networks [12]. Generally, drought
risk assessment can be divided into qualitative assessment
and quantitative assessment [13].The quantitative assessment
methods assess a potential risk of drought bymeans of several
well-weighted indicators. For example, Chen and Yang [14]
proposed fuzzy analytic network process (ANP) model to
assess the risk of drought in Hunan province from 2007 to
2009. Jia and Pan [15] adopted wavelet transform method to
assess the drought risk in Yunnan province of China. Hao et
al. [16] adopted information diffusion model for drought risk
assessment with the historic drought disaster data from 583
agrometeorological observations (1991–2009). Yin et al. [17]
proposed GEPIC-V-R model to assess a large regional-scale
crop drought risk.Quijano et al. [18] proposed an event-based
approach to evaluate the probabilistic risk of agricultural
drought under rain-fed conditions.

Remote sensing and geographic information systems
(GIS) make it possible to evaluate drought over large areas
and generate visual results [19]. Scholars have conducted
some research in the field. For example,Wu et al. [20] applied
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the fuzzy clustering iterative model and GIS to analyze the
agricultural drought vulnerability of 65 cities in the Yellow
River basin in China. Han et al. [21] adopted vegetation
temperature condition index (VTCI) to evaluate the drought
in the Guanzhong Plain of China. Sahoo et al. [22] employed
remote sensing derived vegetation condition index (VCI) for
drought risk assessment inDhar andMewat of India. Vicente-
Serrano et al. [23] adopted long time series of remote sensing
images and normalized difference vegetation index (NDVI)
to evaluate the drought variability in semiarid regions world-
wide.

However, there is an unavoidable fact that the remote
sensing, geographic, and statistical information adopted to
drought risk assessment have randomness, fuzziness, and
nonuniformity characteristics. Therefore, uncertainty theo-
ries have been introduced into the drought risk assessment
by some researchers, for example, fuzzy comprehensive
evaluation [24], projection pursuit [25], comprehensive cloud
model [26], and variable fuzzy sets (VFS) [27, 28]. There are
some disadvantages to or deficiencies with these approaches.
For example, the projection pursuit cannot well solve the
multi-indicators and multiyears fuzzy synthetic risk evalua-
tion of drought; the establishment of the relativemembership
function of the VFS depends on physical analysis and expert
experience [29]. Taking into consideration these factors, there
is a trend that combines different advantages of approaches
with each other to construct new approaches. For example,
Ouyang et al. [30] developed a composite method based on
information diffusion method and bootstrap to estimate the
drought risk; Li et al. [27] constructed an integrated model
based on variable fuzzy sets and information diffusion to
assess disaster risk. The optimization of projection pursuit is
a complex and nonlinear problemwith various restrictions. It
is difficult to solve it with traditional optimization methods.
Alternatively, the immune evolutionary algorithm (IEA),
which is inspired from the mechanism of biological immune
and evolution systems, has a good ability of global searching
and diversiform memorizing and is capable of solving the
optimization problem [31]. Besides, the algorithm has an
advantage of fast convergence rate, requires few control
parameters, and is more reliable for global optimization [32]
and combinatorial optimization [33].Therefore, in this paper,
IEA was employed to solve the optimization problem of
projection pursuit. Then, the information diffusion method
(IDM) was adopted to transform the projection scores of dif-
ferent years into a fuzzy set to achieve the comprehensive risk
evaluation of droughts. Therefore, the IEAAP-IDM model
can be seen as an organic combination of the three theories.

The occurrence of drought is due to hazard-inducing
environment, hazard-formative factors, and hazard-affected
bodies. Therefore, in this study, drought was defined as a
composite system of sensitivity of hazard-inducing envi-
ronment, dangerousness of hazard-formative factors, and
vulnerability of hazard-affected bodies. In the support of
natural disaster risk assessment and IEAPP-IDM model,
Qujing in Yunnan province was taken as a case study area.
The objectives of the study are to (1) establish a drought
risk assessment indicator system; (2) calculate the indicator

weights objectively by means of projection direction vector;
(3) develop the IEAPP-IDM model to evaluate the drought
risk; (4) obtain the exceeding probability under different
risk levels of drought and perform the comprehensive risk
zoning map for drought risk management. The research can
provide scientific reference for drought risk management by
reasonable drought risk assessment.

2. Overview of Study Area

Qujing is located in the east of Yunnan province, between
102∘42E–104∘50E and 24∘19N–27∘03N. It is one of the
important economic cities in Yunnan province, administra-
tively divided into 9 counties, including Qilin, Zhanyi, Luop-
ing, Fuyuan, Shizong, Luliang, Huize, Malong, and Xuanwei
(Figure 1). It covers an area of 2.89×104 km2 (∼13.63% of Yun-
nan province), and its population is 5.85 million. The main
climate type of the study area is typical subtropical plateau
monsoon. The annual mean temperature is 14.5∘C. The
average annual precipitation is around 1000mm. The water
resource is sufficient from May to October but is deficient
from November to April. In recent years, localized drought
disasters have occurred frequently and caused huge losses.
Thus, drought has become one of the most important factors
that restrict the development of Qujing.

3. Data and Methods

3.1. Data Sources. The data were collected from Yunnan
Statistical Yearbook, Yunnan Water Conservancy Statistics
Yearbook, Yunnan Water Resource Bulletin, and Yunnan
Drought Briefing. Statistics were provided by the Qujing
Flood Control and Drought Relief Headquarters.

3.2. IEAPP. The basic idea of projection pursuit (PP) is to
project data from high dimension into one, two, or three
dimensions in accordance with certain reconstruction rules
[34]. The PP model can analyze the structural characters
of observed samples with the projection objective function;
determine the indicator weights in an objective way with
the projection direction; and obtain fairly stable results [35].
However, the optimization of projection direction is the key
and difficult point to the application of the model. Immune
evolutionary algorithm (IEA) is a global optimization
method, which can improve the performance and increase
the convergent speed, and is an effective method to solve the
optimization problem [36]. Thus, IEA is employed to solve
the projection direction optimization problem. The steps of
the projection pursuit optimized by immune evolutionary
algorithm (IEAPP) are as follows.

(1) Constructing Projection Data. Suppose there are 𝑛 assess-
ment samples and 𝑚 indicators and 𝑋𝑖𝑗 (𝑖 = 1, 2, . . . , 𝑛; 𝑗 =1, 2, . . . , 𝑚) denotes the value of index 𝑗 in sample 𝑖. Due to
the difference in indicator values and units, it is necessary to
normalize the samples. For the greatest large evaluation value,
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Figure 1: Geographic location of Qujing in Yunnan Province.

(1) should be employed, and, for the greatest small evaluation
value, (2) should be employed:

𝑥𝑖𝑗 = 𝑋𝑖𝑗 − 𝑋min𝑗𝑋max𝑗 − 𝑋min𝑗
, (1)

𝑥𝑖𝑗 = 𝑋max𝑗 − 𝑋𝑖𝑗𝑋max𝑗 − 𝑋min𝑗
, (2)

where 𝑋max𝑗 and 𝑋min𝑗 are the maximum and the minimum
index 𝑗 of all samples, respectively, and 𝑥𝑖𝑗 is the normalized
value.

(2) Constructing Projection Objective Function. Suppose 𝑎 ={𝑎1, 𝑎2, . . . , 𝑎𝑚} is the normalized projection vector. In order
to project the high-dimensional indicator value of samples
into one dimension, (3) should be employed:

𝑧 (𝑖) = 𝑚∑
𝑗=1

𝑎𝑗𝑥𝑖𝑗, 𝑖 = 1, 2, . . . , 𝑛, (3)

where 𝑧(𝑖) is the projection score. Then, the projection
objective function can be established as follows:

𝑄 (𝑎) = 𝑆𝑧𝐷𝑧, (4)

where 𝑆𝑧 is the standard deviation (see (5)) and 𝐷𝑧 is the
density of projection scores (see (6)).

𝑆𝑧 = √∑𝑛𝑖=1 (𝑧 (𝑖) − 𝐸 (𝑧))2𝑛 − 1 , (5)

𝐷𝑧 = 𝑛∑
𝑖=1

𝑛∑
𝑗=1

(𝑅 − 𝑟𝑖𝑗) ⋅ 𝑢 (𝑅 − 𝑟𝑖𝑗) . (6)

where 𝐸(𝑧) is the mean value of {𝑧(𝑖) | 𝑖 = 1, 2, . . . , 𝑛}; 𝑅 is
the density window radius; 𝑢(𝑅−𝑟𝑖𝑗) is the unit leap function,
when 𝑅 − 𝑟𝑖𝑗 ≥ 0, 𝑢(𝑅 − 𝑟𝑖𝑗) = 1, otherwise, 𝑢(𝑅 − 𝑟𝑖𝑗) = 0.
(3) Optimization of the Projection Objective Function. The
projection objective function 𝑄(𝑎) only varies with the
projection direction 𝑎. Different 𝑎 represents different data
structure or characteristics. The optimal projection direction(𝑎∗) can be resolved by optimizing the following model:

max 𝑄 (𝑎) = 𝑆𝑧𝐷𝑧 (7)

s.t. 𝑚∑
𝑗=1

𝑎2𝑗 = 1. (8)

The above model is a nonlinear optimization problem
and is difficult to be solved with traditional optimization
methods. As a result of IEA being capable of solving global
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Figure 2: Flow diagram of IEAPP.

optimization problem effectively, in this study, IEA is com-
bined to obtain the optimal projection direction 𝑎∗.
(4) Obtaining the Projection Scores. The optimal projection
direction 𝑎∗ reflects the importance of indicators. Due to 𝑎∗
being a unit vector and 𝑎21 +𝑎22 + ⋅ ⋅ ⋅ +𝑎2𝑚 = 1, so 𝑎21 , 𝑎22 , . . . , 𝑎2𝑚
can be taken as indicator weight in an objective way. Then,
the projection score 𝑧∗(𝑖) can be calculated by (3). Figure 2
shows the flow of the projection pursuit optimized by IEA.

3.3. IDM. Information diffusion is a set-valued fuzzy math-
ematical method, which can dispose incomplete information
of samples [37]. The method can transform an observed data
into a fuzzy set to improve the evaluation accuracy [38].
In this paper, we employed IDM to diffuse the projection
scores of the observed sample into the fuzzy set and obtain
the comprehensive drought risk values. There are many
types of information diffusion methods, such as the normal
information diffusion method, logarithmic diffusion, and
double exponential jump diffusion. Hung and Wang [39]
demonstrated that the normal information diffusion method
is better than logarithmic and exponential diffusion method
under the small sample size condition. Therefore, in this
paper, the normal information diffusion method is adopted.

Let𝑌 = {𝑦1, 𝑦2, . . . , 𝑦𝑛} be a sample set, 𝑦𝑖 (𝑖 = 1, 2, . . . , 𝑛)
is the observed value, 𝑈 = {𝑢1, 𝑢2, . . . , 𝑢𝑠} is the discrete
universe, and 𝑢𝑙 (𝑙 = 1, 2, . . . , 𝑠) is a value in 𝑈. The method
turns single observed value 𝑦𝑖 into set-valued sample 𝑢𝑙 as
follows:

𝑓𝑦𝑖 (𝑢𝑙) = 1
ℎ√2𝜋 exp[−(𝑦𝑖 − 𝑢𝑙)2ℎ2 ] ,

(𝑖 = 1, 2, . . . , 𝑛, 𝑙 = 1, 2, . . . , 𝑠) ,
(9)

where ℎ is the diffusion coefficient, calculated by

ℎ =

{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{

0.8146 (𝑏 − 𝑎) , 𝑛 = 5
0.5690 (𝑏 − 𝑎) , 𝑛 = 6
0.4560 (𝑏 − 𝑎) , 𝑛 = 7
0.3860 (𝑏 − 𝑎) , 𝑛 = 8
0.3362 (𝑏 − 𝑎) , 𝑛 = 9
0.2986 (𝑏 − 𝑎) , 𝑛 = 10
0.6851 (𝑏 − 𝑎)(𝑛 − 1) , 𝑛 ≥ 11

, (10)

where 𝑎 = min1≤𝑖≤𝑛{𝑦𝑖} and 𝑏 = max1≤𝑖≤𝑛{𝑦𝑖}.
In order to ensure the same status of each set-valued

sample, it is necessary to normalize the diffusion function𝑓𝑦𝑖(𝑢𝑙); suppose
𝐶𝑖 = 𝑠∑
𝑙=1

𝑓𝑦𝑖 (𝑢𝑙) , (11)

Then, the normalized diffusion function 𝜇𝑦𝑖(𝑢𝑙) can be
obtained by

𝜇𝑦𝑖 (𝑢𝑙) = 𝑓𝑦𝑖 (𝑢𝑙)𝐶𝑖 , (12)

Furthermore, suppose 𝑞(𝑢𝑙) = ∑𝑛𝑖=1 𝜇𝑦𝑖(𝑢𝑙) and =∑𝑠𝑙=1 𝑞(𝑢𝑙); the probability of samples that fall in 𝑢𝑙 can be
obtained by

𝑝 (𝑢𝑙) = 𝑞 (𝑢𝑙)𝑄 , (13)
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Finally, the exceeding probability 𝑃(𝑢𝑙) can be calculated
as follows:

𝑃 (𝑢𝑙) = 𝑠∑
𝑘=𝑙

𝑝 (𝑢𝑘) . (14)

3.4. Steps of Drought Risk Assessment Model. The basic idea
of drought risk assessment model based on IEAPP-IDM is
as follows. On the basis of drought risk assessment indicator
system, firstly, the optimal projection scores are calculated
through the IEAPP model. Then, the information carried
by the projection scores is diffused to the drought risk
levels through the information diffusion method. Finally, the
probability risk value or the drought risk estimate is calcu-
lated.

The main steps of drought risk assessment based on
IEAPP-IDMmodel are as follows.

Step 1. Sample analysis and selection of assessment indicators
are conducted for the evaluation of drought risk.

Step 2. Calculate the optimal projection direction and pro-
jection scores based on the IEAPP model.

Step 3. Calculate the exceeding probability or the drought
probability risk estimation based on the IDMmodel.

Step 4. Draw the comprehensive risk zoning maps.

Exceeding probability is the value of drought risk, reflect-
ing the corresponding exceeding probability of drought risk
under different drought risk levels. In otherwords, it indicates
the recurrence interval years (𝑁) under different drought risk
levels. The relationship between the exceeding probability
and recurrence interval years (𝑁) can be expressed as 𝑁 =1/𝑃(𝑢𝑙).
4. Results and Discussion

4.1. Indicator System. According to the natural disaster sys-
tem theory and the actual situation of Qujing, the indicators
were chosen fromdangerousness of hazard-formative factors,
sensitivity of hazard-inducing environment, and vulnerabil-
ity of hazard-affected bodies. Therefore, the risk evaluation
indicator system of drought was established in Qujing (see
Figure 3). The entire indicator system was divided into
dangerousness, sensitivity, and vulnerability of the three
subsystems.

The dangerousness of hazard-formative factors describes
the abnormal degree of nature and society. Among them,
extreme precipitation and temperature are the main cause
of drought. Generally, the higher dangerousness of hazard-
formative factors the easier appearance of drought. That is,
precipitation anomaly percentage (𝐼11: %), homogenization
of precipitation and temperature (𝐼12), soil moisture from
November to April (𝐼13: %), and per capita water resources
(𝐼14: m3/person) are chosen as the indicators of the danger-
ousness subsystem.

Dangerousness Vulnerability

Drought risk assessment indicator system
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Figure 3: Indicator system of drought risk evaluation.

The sensitivity of hazard-inducing environment mainly
describes the responsiveness to drought. The environment
includes climate, soil, economic development level, basic
irrigation facilities, and other nature, social, economic, and
ecosystem. The greater the sensitivity, the larger the losses
caused by drought. The rural per capita net income (𝐼21:
Yuan), agricultural irrigation water consumption per acre
(𝐼22: m3/mu), rate of irrigated cultivated land (𝐼23: %), water-
saving irrigation proportion (𝐼24: %), security area ratio (𝐼25:
%), electromechanical drainage and irrigation area ratio (𝐼26:
%), drought relief investment level (𝐼27: %), and emergency
response ability (𝐼28) are selected to describe the sensitivity.

The vulnerability of hazard-affected bodies reflects the
antidisaster ability. The higher the value density of hazard-
affected bodies, the greater the loss. Agricultural population
density (𝐼31), crop planting proportion (𝐼32: %), grain output
per unit area (𝐼33: kg/mu), and agricultural output value
density (𝐼34: ten-thousand/km2) are chosen to describe the
vulnerability.

4.2. Risk Assessment of Drought Based on IEAPP-IDM. Based
on the drought risk assessment indicator system and IEAPP-
IDM model, firstly, the optimal projection direction and
projection scores in Qujing were calculated; then, the fuzzy
relationship between projection score and drought risk level
was established; finally, the comprehensive risk evaluation
was obtained and the risk zoning map was drawn. For
demonstration purposes, Qilin has been chosen as an exam-
ple to discuss the risk assessment of drought based on IEAPP-
IDMmodel in detail.

(1) The indicator values of Qilin from 2000 to 2010 are
shown in Table 1.

(2) Calculate the optimal projection direction and the
projection scores
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Table 1: Values of indicator system for drought risk evaluation in Qilin.

Year Precipitation anomaly
percentage (%)

Per capita water
resources (m3/person)

Rural per capita net
income (Yuan)

Water-saving irrigation
proportion (%)

Security area
ratio (%)

Crop planting
proportion (%) . . .

2000 −10.58 852.43 2410 0.49 38.66 23.69 . . .
2001 30.18 860.01 2510 0.56 39.65 23.30 . . .
2002 8.74 823.62 2613 0.58 40.87 22.99 . . .
2003 −11.47 732 2743 0.59 41.48 22.94 . . .
2004 −11.47 761.55 2999 0.59 46.31 20.74 . . .
2005 −11.47 674.64 3207 0.60 47.40 20.42 . . .
2006 −11.47 710.83 3528 0.59 48.66 20.08 . . .
2007 19.19 805.15 3847 0.59 48.12 20.33 . . .
2008 15.20 762.81 4540 0.62 47.85 20.59 . . .
2009 −22.19 344.22 5017 0.68 45.74 21.54 . . .
2010 5.35 455.41 5569 0.70 38.66 21.62 . . .

Table 2: Projection scores from 2000 to 2010 of Qilin.

Year Projection scores Year Projection scores
2000 1.726206 2006 1.305228
2001 1.432224 2007 0.898119
2002 1.433793 2008 1.47205
2003 1.613357 2009 2.504377
2004 0.898118 2010 2.239686
2005 1.004282
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Figure 4: The optimization of projection objective function.

Figure 4 shows the process of how to obtain the optimal
fitness value, which is equal to the best value of the projection
objective function. As is shown in Figure 4, the best value of
projection objective function is 0.419366 and the correspond-
ing optimal projection direction (𝑎∗) is 𝑎∗ = (0.08, 0.354,
0.11, 0.401, 0.029, 0.017, 0.371, 0.024, 0.078, 0.338, 0.473, 0.284,
0.041, 0.238, 0.246, 0.08).

The projection scores of samples in Qilin are calculated in
Table 2.

(3) Calculate the exceeding probability
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Figure 5: The exceeding probability curve of drought to drought
risk level in Qilin.

According to the actual situation and the range of projec-
tion scores, the domain of drought risk level is set to [0, 3] and
the discrete universe is [0, 0.01, 0.02, 0.03, . . . , 2.99, 3]. The
exceeding probability under different values of drought risk
level (see Table 3) and exceeding probability curve to drought
risk level (see Figure 5) of Qilin are obtained.

The results illustrate the risk estimation, that is, the
exceeding probability of drought risk level, which indicates
the risk level of drought impacts occurring with a corre-
sponding frequency probability. For example, the exceeding
probability is 0.050252 when the risk level is 2.5, that means
drought exceeding the risk level of 2.5 occurs every 19.90(𝑁 = 1/𝑃(𝑢𝑙)) years. The results also illustrate the exceeding
probability is greater than 0.508417 when the drought risk
level is below 1.45. It means every 1-2 years there will be a
drought in the risk level of [0, 1.45]. Similarly, the probability
of drought exceeding the risk level of 2.35 is 0.105279,
indicating that drought exceeding that intensity occurs every
9-10 years.
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Table 3: The exceeding probability of drought risk in Qilin.

Risk level Exceeding Risk Level Exceeding Risk level Exceeding Risk level Exceeding
probability probability probability probability

0.01 1 0.8 0.867955 1.6 0.416944 2.4 0.092722
0.05 0.998765 0.85 0.847743 1.65 0.388017 2.45 0.080952
0.1 0.996841 0.9 0.825864 1.7 0.360126 2.5 0.069956
0.15 0.99441 0.95 0.802375 1.75 0.333378 2.55 0.059724
0.2 0.991376 1 0.777357 1.8 0.307852 2.6 0.050252
0.25 0.987634 1.05 0.75092 1.85 0.283593 2.65 0.041538
0.3 0.983071 1.1 0.723196 1.9 0.260619 2.7 0.033575
0.35 0.977571 1.15 0.694341 1.95 0.238919 2.75 0.026357
0.4 0.971013 1.2 0.664532 2 0.218462 2.8 0.019869
0.45 0.963278 1.25 0.633965 2.05 0.199201 2.85 0.01409
0.5 0.954252 1.3 0.602849 2.1 0.181075 2.9 0.008993
0.55 0.943827 1.35 0.571402 2.15 0.16402 2.95 0.004544
0.6 0.931909 1.4 0.53985 2.2 0.14797 3 0.00007
0.65 0.918415 1.45 0.508417 2.25 0.132864
0.7 0.903283 1.5 0.47732 2.3 0.118649
0.75 0.88647 1.55 0.446767 2.35 0.105279

Table 4: Drought exceeding probability under different values of drought risk level in Qujing.

County Drought risk level
10% I 20% I 30% I 40% I 50% I 60% I 70% I 80% I 90% I

Qilin 0.983071 0.931909 0.825864 0.664532 0.47732 0.307852 0.181075 0.092722 0.033575
Luliang 0.921317 0.813096 0.685131 0.548579 0.415574 0.296371 0.19632 0.115304 0.050832
Malong 0.937312 0.853105 0.753448 0.643408 0.526993 0.407551 0.289479 0.178794 0.081647
Shizong 0.992931 0.96363 0.885809 0.74531 0.562986 0.381655 0.231758 0.119136 0.042311
Luoping 0.979133 0.93068 0.843208 0.716172 0.565602 0.416658 0.287396 0.179445 0.085369
Fuyuan 0.934763 0.840793 0.729207 0.604934 0.466484 0.318456 0.181193 0.079881 0.023437
Zhanyi 0.942816 0.838058 0.689776 0.521581 0.366493 0.245332 0.156528 0.088467 0.03602
Huize 0.969277 0.899918 0.790613 0.661373 0.531655 0.402499 0.2726 0.153436 0.060459
Xuanwei 0.98318 0.939145 0.855353 0.730428 0.577193 0.419267 0.278665 0.162169 0.068552

Repeating the above methods and processes, the exceed-
ing probability under different drought risk levels in other
counties are calculated (see Table 4).

In this study, the drought risk level is divided into 9 levels.
The probability risks of drought under each drought risk level
may be obtained. The result in Table 4 illustrates the risk
estimation of drought in Qujing. For example, the exceeding
probabilities of 10% I are more than 0.92 in all counties in
Qujing, that is to say that risk level of drought is normal in
Qujing. In other words, the risk level of 10% I is small and has
little impact.

(4) Draw the maps of drought risk in Qujing

The comprehensive risk zoning maps of drought in
Qujing are drawn in Figure 6. (a), (b), (c), and (d) illustrate
the risk levels of 30% I, 40% I, 50% I, and 60% I, respectively.

Compared to the different values of drought risk level,
for example, in the risk level of 50% I, the probability risk
of drought in Xuanwei, Luoping, and Shizong is the highest.
Table 4 also shows that the probability risk in these three
areas are more than 0.562986 and recurrence interval years

are less than 1.7, that is to say, these areas will have a drought
exceeding the value of 50% I every 1-2 years. Under the same
drought risk level, the recurrence interval years of Zhanyi are
2.7, Qilin, Luliang, and Fuyuan are 2.1 to 2.4, andMalong and
Huize are 1.9. From the counties under different drought risk
level, the probability risk of drought in Xuanwei, Luoping,
and Shizong is higher than other counties, while Zhanyi and
Luliang is lower than other counties.

5. Conclusions

In this study, a new model for risk assessment of drought
based on projection pursuit optimized by immune evolution-
ary algorithm and information diffusion method (IEAPP-
IDM) was developed. Then, based on the natural disas-
ter system theory and integrated risk factors of drought,
including sensitivity of hazard-inducing environment, dan-
gerousness of hazard-formative factors, and vulnerability
of hazard-affected bodies, the indicator system of drought
risk assessment was established. The model can deal with
the uncertainty, fuzziness, and inaccuracy problem of the
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Figure 6: Maps of drought risk in Qujing.

drought risk assessment and can obtain fairly stable results.
Based on the IEAPP-IDM model and the indicator system,
Qujing in Yunnan province was taken as a case study area.
The results showed that, in the same level of drought risk,
the exceeding probability of Xuanwei was maintained at a
high level, while the exceeding probability of Luliang and
Zhanyi was maintained at a low level. At the same time,
the probability risk of drought in Malong and Luoping is
increasing, while the probability risk of drought in Qilin
and Shizong is decreasing. The results are consistent with
the actual situation of Qujing and can provide reference
for the emergency management department; meanwhile, the
results have important significance for the planning and
development of disaster insurance programs of the insurance

company. However, due to the complexity of risk evaluation
of drought, it is necessary to further study the forma-
tion mechanism, indicator system, and risk management of
regional drought.
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