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Abstract: Currently, land drought events have become a frequent and serious global disas-
ter. How to address these droughts has become a major issue for researchers. Traditional
response strategies for land drought events have been determined by experts based on
the severity levels of the events. However, these methods do not account for temporal
variations or the specific risks of different areas. As a result, they overlooked the importance
of spatio-temporal multi-scale strategies. This research proposes a multi-scale response
strategy recommendation model for land drought events. The model integrates characteris-
tics of drought-causing factors, disaster-prone environments, and hazard-bearing bodies
using case-based reasoning (CBR). Additionally, the analytic hierarchy process (AHP) and
entropy weighting methods (EWMs) are introduced to assign weights to the feature at-
tributes. A case retrieval algorithm is developed based on the similarity of these attributes
and the structural similarities of drought cases. The research further classifies emergency
strategies into long-term and short-term approaches. Each approach has a corresponding
correction algorithm. For short-term strategies, a correction algorithm based on differential
evolutions is applied. For long-term strategies, a correction algorithm based on drought
risk assessment is developed. The algorithm considers factors such as drought risk, vul-
nerability, and exposure. It facilitates multi-scale decision-making for drought events. The
candidate case obtained using the correction algorithm shows an overall attribute similarity
of 94.7% with the real case. The emergency response levels match between the two cases.
However, the funding required in the candidate case is CNY 327 million less than the
actual expenditure.

Keywords: land; drought events; response strategies; risk assessment

1. Introduction
Land drought events have gained increasing attention due to their impact on food

security and environmental ecology. Research typically focuses on regional factors such as
planning, monitoring, early warning, emergency management, and disaster recovery.

In drought planning, Zaniolo et al. [1] developed the multi-scale drought-resistant
infrastructure planning model (DRIPP) to optimize dynamic programming strategies
for long-term infrastructure deployment and short-term drought response. Frederick A.
Armah [2] applied a Markov chain and fuzzy modeling in Ghana to explore the effects of
drought and climate change on agriculture and propose strategies for food security. Liu Z
emphasized the importance of rainwater management in semi-arid areas with uneven
precipitation [3], while Li H developed drought-related environmental policies for the
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Lancang River basin [4]. Getirana et al. [5] discuss Brazil’s ongoing water crisis, aggravated
by frequent droughts and inefficient water management practices. The authors emphasize
the urgent need for a comprehensive national drought management plan to address both
long-term water resource planning and short-term response strategies.

To manage and reduce the impacts of drought, it is important to create accurate
monitoring systems and strong risk assessment plans. Drought monitoring uses different
indices and data sources to improve prediction accuracy, while risk assessment looks at
possible impacts and helps guide response actions.

In drought monitoring, various indices and multi-source data are used to improve
accuracy. Nugraha ASA et al. [6] applied multi-scale imagery and principal component
analysis to enhance the temperature vegetation dryness index (TVDI). Li Jing et al. [7] com-
bined MODIS remote sensing data with radial basis function neural networks (RBFNNs) to
accurately estimate soil moisture content. Patel N R [8] suggested using NOAA daily rain-
fall data and the Vegetation Condition Index (VCI) to monitor drought and crop losses in
Bundelkhand, accounting for variations in vegetation and geography. Şen Z [9] developed
the FSPI method, which fuzzifies the Standardized Precipitation Index (SPI) to improve
early warning systems through fuzzy rule sets. Thomaz F R [10] created the Water Scarcity
Risk Index (W-ScaRI), which includes sub-indices to assess water scarcity and its impact.
In post-disaster recovery, Hoover D L [11] studied grassland vegetation recovery under
extreme drought conditions. Yuchi Wang [12] found that a drought monitoring index based
on the random forest model achieved high accuracy in drought detection. Junwei Zhou [13]
designed the Comprehensive Drought Monitoring Index using an attention-weighted long
short-term memory network, which performs better than other models in meteorological
and agricultural drought monitoring.

In drought risk assessment and response, Dabanli I [14] used hydrometeorological
and economic data from Turkey to evaluate drought hazard, vulnerability, and risk and
developed a comprehensive risk map for response strategies. Stolte T R et al. [15] created
a multi-dimensional drought risk framework by combining the Water Stress Index (WSI),
environmental flow requirements (EFRs), and socio-economic data to predict urban drought
risks under future climate scenarios. E Gidey et al. [16] applied the multivariate logit model
(MNL) to analyze Ethiopian farmers’ response strategies, focusing on how education level
and family size affect decision-making. M Wens et al. [17] used social hydrology and agent-
based models (ABMs) to study how human behavior impacts drought risk, showing that
adaptive decisions can enhance risk assessments. T Tadesse et al. [18] proposed the Drought
Resilient and Prepared Africa (DRAPA) framework, integrating social hydrology and ABMs
to simulate the effects of adaptive decisions on drought exposure. LA Melsen [19] applied
the Variable Infiltration Capacity (VIC) model to simulate floods and droughts in the Tour
River basin and examined how subjective modeling choices influence the results.

China is highly susceptible to drought, with frequent and increasingly severe events.
Over recent decades, the frequency and intensity of these droughts have risen, largely
due to climate change and rapid socio-economic development. According to the China
National Climate Center, droughts have impacted over 60% of China’s provinces, resulting
in significant agricultural losses and posing a threat to water security. Yunnan Province,
located in the southwest of China, is particularly vulnerable to these challenges. Its complex
terrain, uneven precipitation distribution, and heavy dependence on agriculture make it
highly susceptible to drought. Over the past 20 years, Yunnan has faced recurrent droughts,
with one of the most severe occurring in 2010, affecting over 21 million people and causing
direct economic losses of approximately CNY 23.7 billion.

The unique background and drought impact in Yunnan highlight the need for drought
response strategies that consider both the specific conditions of the region and the growing
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severity of drought events. To address these challenges, this study proposes an intelligent
recommendation model for land drought event response strategies based on case-based
reasoning. The model overcomes the limitations of previous research, which relied on
single, generic decision-making strategies, failing to account for the spatial and temporal
scales of droughts or the specific characteristics of regions like Yunnan.

The model aims to accomplish the following:

(a) Integrate spatial and temporal scales to provide more accurate and dynamic response
strategies, overcoming the limitations of single-scale decision-making.

(b) Identify high-risk areas through a comprehensive drought risk assessment model,
enabling spatial multi-scale decision-making tailored to the needs of Yunnan.

(c) Bridge short-term crisis management with long-term drought resilience by catego-
rizing strategies into emergency and long-term approaches, ensuring the region can
adapt to both immediate and future challenges.

Additionally, the model also combines both quantifiable and non-quantifiable factors,
using predictive models to assess the measurable aspects and linking non-quantifiable
elements to a response strategy database. It will also provide context-specific recommenda-
tions to enhance the understanding and application of drought response strategies.

Through these methods, the model offers more adaptable and detailed responses,
providing a tool to address the drought challenges faced by Yunnan Province.

2. Data and Methods
2.1. Overview of the Research Area

1. Nature Overview

Yunnan Province, located in southwestern China (Figure 1), has diverse topogra-
phy, including mountains, basins, and plains. Research [20,21] shows that these features
contribute to varying micro-climates and significant drought risks. The land use is predom-
inantly forested (63%), with cultivated land covering 13.7%. Much of this cultivated land is
used for dryland farming, making the region highly susceptible to drought. The province
experiences small annual temperature fluctuations but large daily variations, with distinct
wet and dry seasons. Precipitation levels vary considerably across the region. For example,
Nujiang receives over 1800 mm annually, whereas Yuxi receives less than 632 mm. These
geographical and climatic factors play a crucial role in influencing water availability and
drought occurrence in the region.

2. Social Overview

Yunnan Province has eight prefecture-level cities, eight autonomous prefectures,
17 municipal districts, 18 county-level cities, 65 counties, and 29 autonomous counties.
The total population is 45.956 million, with 15.337 million ethnic minorities, making up
33.37% of the total. This represents a 7.3% increase from the previous year. According
to the third national land survey, Yunnan had 5.3783 million hectares of cultivated land,
1.3178 million hectares of grassland, and 24.9449 million hectares of woodland. Addition-
ally, the province had 24.969 million hectares of forest land. Cultivated land was primarily
in Pu’er and four other prefectures, grassland was mainly in Dongchuan and two other
counties, and woodland was concentrated in Luquan and two other counties.
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Figure 1. Geographical location of Yunnan Province. 

2.2. Overview of the Target Case 
In spring 2019, Yunnan Province faced a severe drought, with precipitation from Jan-

uary to June 32% below average. Notably, from 1 to 20 May, rainfall was just 6.6 mm, an 
88.6% reduction. During this period, temperatures exceeded 35 °C on 335 occasions. By 
June, widespread soil moisture shortages persisted, affecting 1090.67 thousand hectares 
of crops. Additionally, 2.16 million people faced drinking water shortages. The changes 
in key indicators during the dry period in Yunnan Province in 2019 are shown in Figure 
2. 
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Figure 2. Comparison of main indicators during the dry period in Yunnan Province in 2019. ((a) 
Temperature; (b) precipitation; (c) relative humidity; (d) MCI). 

Post-drought, Yunnan Province issued red alerts for meteorological drought, with 
sustained high forest fire risks. On 21 May, a Level IV emergency response was initiated, 
with CNY 570 million allocated for relief efforts. 

  

Figure 1. Geographical location of Yunnan Province.

2.2. Overview of the Target Case

In spring 2019, Yunnan Province faced a severe drought, with precipitation from
January to June 32% below average. Notably, from 1 to 20 May, rainfall was just 6.6 mm,
an 88.6% reduction. During this period, temperatures exceeded 35 ◦C on 335 occasions. By
June, widespread soil moisture shortages persisted, affecting 1090.67 thousand hectares of
crops. Additionally, 2.16 million people faced drinking water shortages. The changes in
key indicators during the dry period in Yunnan Province in 2019 are shown in Figure 2.
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Figure 2. Comparison of main indicators during the dry period in Yunnan Province in 2019.
((a) Temperature; (b) precipitation; (c) relative humidity; (d) MCI).

Post-drought, Yunnan Province issued red alerts for meteorological drought, with
sustained high forest fire risks. On 21 May, a Level IV emergency response was initiated,
with CNY 570 million allocated for relief efforts.
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2.3. Data

• Historical case data

The north and southwest regions of China are frequently affected by severe droughts,
making them key areas for drought research. Previous data had gaps, but the data from
2015 to 2019 are more comprehensive and complete. Therefore, this research selects drought-
related data from this period, covering ten provinces and cities in these regions. The data,
sourced from the China Disaster Reduction Network and the China Flood and Drought
Bulletin, include information on the timing, location, emergency response levels, and relief
fund investments.

• Meteorological data

Meteorological data, including precipitation, temperature, relative humidity, and wind
speed, are selected from the CN05.1 grid observation dataset, which has a spatial resolution
of 0.25◦ [22–24]. The comprehensive drought index and standard precipitation index data
are obtained from the National Climate Center.

• Socioeconomic data

This chapter examines socio-economic data, including GDP, population, and the pro-
portion of agricultural GDP, to assess a region’s resilience to drought. A higher GDP
generally reflects better resources for drought mitigation, while population data help eval-
uate the potential human impacts and vulnerability. Regions with a larger proportion of
agricultural GDP are more dependent on climate conditions and thus more vulnerable to
drought. GDP and population data were obtained from the China GDP and Population Spa-
tial Distribution Dataset (Institute of Geographic Sciences and Natural Resources Research,
Chinese Academy of Sciences) [25]. The proportion of agricultural GDP was sourced from
regional statistical yearbooks. Data on cultivated land and pasture areas were sourced from
the China Multi-Period Land Use Remote Sensing Monitoring Datasets (CNLUCC) [26].
These land use types, particularly agricultural land, are key indicators of socio-economic
vulnerability to drought. By linking land use data with socio-economic indicators, we can
better understand how a region’s structure influences its drought resilience.

• Response measures data

The drought emergency response data in this section are derived from provincial emer-
gency response plans for flood control and drought relief, issued by the relevant emergency
management departments. Long-term drought response strategies were collected from
publicly available internet sources.

• SPI and MCI

The SPI [27] is used to measure precipitation anomalies over a period, indicating the
severity of drought conditions. It is typically calculated for different time scales (e.g., 1, 3, 6,
12 months) to capture droughts of varying durations. The MCI [28] is a composite drought
index that incorporates multiple meteorological variables (e.g., precipitation, temperature)
to assess the overall meteorological drought conditions. The MCI is more comprehensive,
as it integrates both short-term and long-term drought patterns.

Both the SPI and MCI are essential tools for drought assessment. While the SPI pri-
marily focuses on precipitation and is commonly used in early warning systems, the MCI
incorporates additional variables, such as temperature, to identify regions vulnerable to
long-term drought effects. The integration of these two indices provides a more compre-
hensive understanding of drought dynamics, enabling decision-makers to develop more
targeted and effective mitigation strategies.

The raster data used in this research are shown in Table 1.
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Table 1. Raster data situation table.

Data Name Units Timespan Data Sources Spatial Resolution

precipitation mm 2000–2020 CN05.1 latticed
observation dataset 0.25◦

temperature ◦C 2000–2020 CN05.1 latticed
observation dataset 0.25◦

wind speed m/s 2000–2020 CN05.1 latticed
observation dataset 0.25◦

relative humidity % 2000–2020 CN05.1 latticed
observation dataset 0.25◦

MCI No unit 2000–2020 National Climate Center 0. 5◦

SPI No unit 2000–2020 National Climate Center 0. 5◦

GDP ¥10,000/km2 2000–2020 China GDP spatial
distribution km grid datasets 1 Km

population people/km2 2000–2020 China GDP spatial
distribution km grid datasets 1 Km

land utilization % 2000–2020
Multi-period land use remote
sensing monitoring datasets

in China
30 m

2.4. Methods

The methods employed in this study include run theory for identifying drought events,
extraction of drought intensity, case representation, case retrieval, case correction, and case
preservation algorithms. The overall methodological framework is illustrated in Figure 3.
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2.4.1. Drought Event Identification and Intensity Attribute Extraction Using Run Theory

A drought case includes factors such as drought causes, pre-disaster environmental
conditions, carrying capacity, and resulting losses. The main content is shown in Table 2.

This section uses run-length theory to analyze the Meteorological Drought Index (MCI)
sequence, determining the start and end times of drought more precisely. Additionally,
it incorporates the drought severity attribute (DM) extracted from the sequence into the
drought case content for a more precise description of the drought.
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Table 2. Data content and descriptions table.

Data Type Specific Content Description

Basic Information
Start time (STD), end time (EDT),
affected area (Location), drought

type (TYPE), etc.

These data are crucial for
determining the extent and severity
of the drought and helps take timely,

location-specific response actions.

Meteorological Information
Precipitation (PRE), temperature

(TMP), wind speed (WIN), relative
humidity (RHU), etc.

These variables help identify the
meteorological conditions

contributing to the drought, track its
development, and evaluate its

intensity and duration.

Drought Index Information
Standardized Precipitation Index

(SPI), Meteorological Drought Index
(MCI), etc.

These indices quantify drought
severity and enable standardized
comparisons across regions and

periods for better monitoring and
decision-making.

Socio-economic Information
Gross domestic product (GDP),

population data (POP), land use data,
water supply and demand data, etc.

These factors reflect how well a
region can withstand and recover

from drought and identify the most
affected socio-economic groups.

Drought Disaster Data Direct economic losses, affected crop
area, number of affected people, etc.

These data are vital for assessing
drought damage and for planning

recovery strategies.

Response Strategy Data
Drought response level (Level),

financial investment (Cost), and other
measures to reduce drought risk.

These data help evaluate the
effectiveness of drought management
strategies and guide future responses

to mitigate impacts.

Figure 4 illustrates a scenario for daily MCI data Zt across a specific time interval.
Drought occurrence is evaluated using national meteorological drought level standards.
A threshold Z is established according to the criteria in Table 3, with mild drought defined
as Z = −0.5 in this research. Positive and negative runs represent continuous sequences
above and below the threshold, indicating periods of no drought and drought, respectively.
The length of negative runs indicates drought duration (D), with the start and end points
marking drought onset and termination. The cumulative MCI value during negative runs
signifies drought severity (M). Temporary rainfall within the drought period can produce
shorter “sub-droughts”, such as d1 and d3. The severities of these sub-droughts (m1 and
m2) are recorded, though they remain part of the same drought event. Therefore, when
short-term rainfall occurs during a drought, it will not be mistakenly classified as a separate
drought event. This improves the accuracy of drought identification. Incorporating sub-
drought events allows for capturing variations in drought conditions, providing a more
detailed representation of drought dynamics, particularly in regions with fluctuating
conditions. Thus, the start time of d1 is taken as the onset of the current drought and the
end time of d3 as the termination. The combined severity of m1 and m2 represents the
overall drought intensity.

Across 20 drought identification tests, the run-length theory-based method accurately
identified drought onset and termination in 19 cases, achieving an accuracy rate of 95%.
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data and run-length theory.

Table 3. Classification table of meteorological drought composite index levels [29].

Level Type MCI

1 no drought −0.5 ≤ MCI
2 mild drought −1.0 ≤ MC ≤ −0.5
3 moderate drought −1.5 ≤ MC ≤ −1.0
4 severe drought −2.0 ≤ MC ≤ −1.5
5 extreme drought MC ≤ −2.0

2.4.2. Algorithm for Case Retrieval in Drought Events

1. Feature attribute selection and attribute similarity calculation

Drought case feature attributes include basic information (time, location, and drought
type), meteorological data (precipitation, temperature, humidity, and wind speed), drought
indices (SPI and MCI), and socio-economic factors (GDP and population). These attributes
are crucial for understanding the characteristics of droughts and for assessing the ap-
propriate response strategies. Time and location variations play a significant role, and
socio-economic factors such as GDP and population help evaluate a region’s vulnerability
and resilience.

For similarity calculation, numerical attributes are calculated using the formula from
Zhang Mingming’s research [30].

Yi =

√
max

{
(maxi − xi)

2, (mini − xi)
2
}

(1)

Sim(Xi, Yi) = exp

−

√
(x i − yi)

2

Yi

 (2)

For enumerated data, such as drought type, similarity is calculated using the
following formula:

Sim(Xi, Yi) =

{
0 xi ̸= yi

1 xi ̸= yi
(3)

where xi and yi are the values of the ith feature attribute of the target case X and historical
case Y, respectively. maxi and mini are the upper and lower limits of the value of the
ith feature attribute, respectively. Sim(Xi, Yi) represents the similarity of the ith feature
attribute between the target case X and the historical case Y. Sim(Xi, Yi) ∈ [0, 1].
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2. Calculating the subjective and objective weights of drought events

The analytic hierarchy process (AHP) is used to determine the relative importance
of each feature attribute and establish a hierarchical model. The first level includes basic
information, meteorological data, and socio-economic data, while the second level contains
sub-items from these categories. The hierarchy is shown in Figure 5.
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For each level, a judgment matrix is constructed. Domain experts compare the ele-
ments in the matrix pairwise to determine their relative importance or priority. Assuming
there are n feature attributes at a given level, where i and j represent the i_th and j_th
attributes, the resulting judgment matrix W is shown in Equation (4).

W =


w11 · · · w1n

...
. . .

...
wn1 · · · wnn

 (4)

Based on the judgment matrix W, the maximum eigenvalue αmax and the correspond-
ing maximum eigenvector ω are calculated. Their relationship is shown in Equation (5).

q ×ω1 = αmax × ω1 (5)

The value of the maximum eigenvector represents the weight of the corresponding
indicator.

After calculating the feature attribute weights, consistency should be checked. This
ensures the results are reliable. The consistency index (CI) and consistency ratio (CR) are
calculated as follows:

CI =
αmax − n

n − 1
(6)

CR =
CI
RI

(7)

Here, n represents the number of feature attributes and CR is the consistency in-
dex used to access the reasonableness of the discriminant matrix. A CR value less than
0.1 indicates satisfactory consistency.
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Then, the entropy weight method (EWM) is used to calculate the objective weight.
The formula for the entropy weight method is as follows:

Qij =
Simj(c0, ci)

∑m
z=1 Simj(c0, cz)

Ej = −
(
lnaj

)−1
m

∑
i=1

QijlnQij (8)

ω2 =
1 − Ej

n − ∑n
j=1 Ej

where ω2 is the objective weight value determined by the entropy weight method and
Simj(c0, ci) represents the similarity between the feature attributes of current drought cases
and historical cases. n is the number of feature attributes, m is the number of historical
cases, and aj represents the number of non-null values of feature attribute j.

Finally, the weights are integrated. The subjective and objective weights are integrated
by linear weighting [31]. Let ω1 be the subjective weight vector, ω2 be the objective weight
vector, and ω be the combination weight obtained by linear weighting. The combination
method is described in Equation (9).

ω = αω1 + (1 − α)ω2

α = n
n−1

[
2
n (p1 + p2 + . . . + npn)− n+1

n

] (9)

where pi(i = 1, 2, . . . , n) is the vector value of subjective weights sorted in ascending order
and n represents the number of feature attributes.

3. Global similarity calculation of drought cases

The global similarity between drought cases is calculated using the weighted nearest
neighbor algorithm, as shown in Equation (10).

Sim(X, Y) =
n

∑
i=1

Sim(Xi, Yi)× ωi (10)

To avoid situations where not all attribute values can be collected at the onset of a
drought event, leading to some attributes being assigned a value of 0, which could introduce
errors in directly calculating the similarity between two cases, this study incorporates the
structural similarity between cases. This approach results in a global similarity calculation
formula for drought event cases, as shown in Equation (11).

Sim(X, Y) = dstr ×
n

∑
i=1

Sim(Xi, Yi)× ωi (11)

dstr represents the structural similarity between case X and case Y, Sim(Xi, Yi) repre-
sents the similarity between case X and the ith feature attribute of case Y, and ωi represents
the combination weight value of the ith feature attribute. The formula for dstr is given
in Equation (12).

dstr =
ωA∩B
ωA∪B

(12)

A represents the set of non-empty feature attributes of case X, B represents the set of
non-empty feature attributes of case Y, ωA∩B represents the weighted sum of all features in
the intersection of A and B, and ωA∪B represents the weighted sum of all features in the
union of A and B.
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The global similarity of all cases is ranked and the case with the highest similarity
is output.

2.4.3. Drought Event Case Correction Algorithm

The DE algorithm is employed to retrieve the most similar cases, which serve as the
initial population. This is because it can efficiently optimize complex non-linear problems
and effectively search large high-dimensional case databases to retrieve the most relevant
drought cases. Through operations like mutation, crossover, and selection, candidate
cases closest to the current case are generated. The response level and investment of these
candidate cases contribute to the target case’s drought response emergency strategy.

Initially, the population is established with N similar cases obtained from case retrieval.
This population includes two partial feature attribute sets, P and the solution set, S. The
feature property table is shown in Table 4.

Table 4. Feature property table.

pi DD MCI PRE TMP WIN RHU POP GDP

si cost input Corresponding grade

Subsequently, the initial fitness function is calculated. As shown in Equation (13), the
similarity function of feature attributes between cases is used as the fitness function to
calculate the fitness between the historical case p and the current case pnew.

The fitness function is calculated based on the similarity between the historical case p
and the current case pnew.

Fitness(pi, pnew) =
k

∑
j=1

sim
(

pij, pnewj
)

(13)

The DE algorithm mutates and crosses the population, generating two new popula-
tions. A hybrid search mutation operator, combining the best population with random
search, balances convergence and diversity. The mutation formula is

vi = xi + F·(xbest − xi) + F·(xr1 − xr2) (14)

x denotes the individuals in the population, 0 < I ≤ N; r1 and r2 are positive integers,
0 ≤ r1, r2, r3, r4, r5 ≤ N, r1 ̸= r2 ̸= r3 ̸= r4 ̸= r5 ̸= i; xbest is the best individual in the
population; and F is the variation scaling factor, usually taking a value between [0,1].

The adaptability of the new population is evaluated by calculating the similarity with
the target cases. The selection strategy is applied to choose the best population, as shown
by the following formulas:

pi =

{
p′i i f Sim

(
p′i, pnew

)
> Sim(pi, pnew)

pi otherwise

si =

{
s′i i f Sim

(
p′i, pnew

)
> Sim(pi, pnew)

si otherwise

(15)

When the similarity between the generated and target populations meets the specified
conditions, the algorithm terminates, the result si is output, and si is the modified solution
of the target case.

For long-term response strategies, this research employs a case correction algorithm
for drought events based on drought risk assessment. The key components of the risk
assessment are shown in Table 5.
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Table 5. Attributes and indicators of risk assessment.

Attribute Description

Hazard This indicates the severity of the drought. In this research, the MCI was selected as the
feature factor for the hazard index concerning the relevant literature [32].

Exposure

To represent the number of disaster-bearing bodies exposed to a drought environment, by
referring to the relevant literature [33], this research selected population density, the

proportion of cultivated land area, and the proportion of pasture area as the feature factors
of the exposure index.

Vulnerability

To represent the tendency of disaster-bearing bodies to be affected by drought, this study
selected the number of reservoirs, GDP, the proportion of agriculture in GDP, water

pressure, and other indicators as the feature factors for vulnerability, based on the research
of Ahmadalipour et al. [34].

This research adopts a drought risk assessment model based on hazard, vulnerability,
and exposure, as shown in Equation (16).

R = H × V × E (16)

where R represents the drought risk, H is the hazard index, V is the vulnerability in-
dex, and E is the exposure index. The calculation formula of each index is shown in
Equation (17).

H = p × ω

E =
3

∑
i=1

pi × ωi (17)

V =
4

∑
i=1

pi × ωi

pi represents the feature factor of the risk assessment index and ωi represents the
weight of the assessment factor. The weight shows how much each indicator affects the
overall risk. It also combines information from different areas. In this research, the fuzzy
analytic hierarchy process (FAHP) is used. Experts give fuzzy scores for each indicator,
which create fuzzy intervals to form a fuzzy decision matrix. The fuzzy numbers are then
normalized, and the normalized fuzzy features are calculated. The weight of each indicator
is found using the geometric mean method. Table 6 shows the normalized factors and
weight values for the risk assessment.

Table 6. Feature attribute selection and weights of drought risk assessment factors.

Risk Assessment
Indicators Characterization Factor The Effect of Feature

Factors Weight

Risk, H MCI Positive 1

Degree of exposure, E
Density of population Positive 0.008

Proportion of cultivated land area Positive 0.926
Proportion of pasture area Positive 0.066

Vulnerability, V

GDP Positive 0.001
Agriculture as a share of GDP Positive 0.876

Pressure of water Positive 0.016
Number of reservoirs Positive 0.107
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To facilitate the identification of high-risk areas, this research rasterizes the feature
factor data and computes the drought risk assessment results of the research area based on
raster data. Figure 6 shows the calculation process.
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Then, based on the results from the drought risk assessment, the indicators for haz-
ard, vulnerability, and exposure are classified. From a drought risk reduction perspec-
tive, long-term drought response strategies are then specified. These strategies are tai-
lored to different categories of indicators, with corresponding recommendations presented
in Table 7.

Table 7. Long-term strategies of drought high-risk response under different risk types.

Types of Risk Response Strategies The Strategy pi That can be
Quantified

High-hazard area
Optimized water resource allocation,
widespread rainwater collection, and

water-efficient agriculture.
Water resource allocation

High-exposure area
Restrict cropland areas, enforce

reforestation policies, and enhance
cultivated land protection.

Farmland converted to forest and
population density

High-vulnerability area

Industrial restructuring,
non-agricultural economic

development promotion, agricultural
product processing, and industrial

transformation promotion.

Agriculture as a percentage of GDP

In this research, the purpose of reducing the corresponding risk index value is to
achieve the purpose of case correction by improving the quantifiable indicators. The
formula for case correction is given in Equation (18).

∆pi =
∆e
ωi

(18)

where ∆pi is the correction amount of the quantifiable response strategy, ∆e is the change
quantity of the regional risk index value, and ωi is the weight value of the feature factor
corresponding to the measure in the calculation of the risk index.
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2.4.4. Drought Event Case Preservation Algorithm

In this research, a threshold-based drought case rejection strategy is implemented.
(The process is shown in Figure 7). The similarity between new and historical cases is
assessed, and a threshold determines whether to include the new case in the historical
case base. If the similarity exceeds the threshold (given the limited content in the current
historical case database, it is essential to rapidly expand the dataset; therefore, a threshold
of 90% has been applied.), indicating redundant knowledge, the new case is discarded.
Conversely, if the similarity is below the threshold, indicating valuable new knowledge, the
new case is added to the historical case base, thereby enhancing the case-based reasoning
(CBR) system’s capabilities.

Land 2025, 14, 42 14 of 24 
 

 

Figure 7. Case-saving flowchart. 

3. Experiment Results and Discussion 
In this research, Yunnan Province is taken as the area of study, and the spring drought 

event of Yunnan Province in 2019 is taken as the target case to analyze the model results 
and verify the feasibility of the model. 

3.1. Model Parameter Setting 

In this experiment, the 2019 drought event in Yunnan was used as the target case for 
the experiment, and the feature attributes are shown in Table 8. 

Table 8. Feature attribute table of target case (part). 

Location PRE WIN TMP RHU DD GDP POP MCI Level Cost 
Yunnan 4.11 2.51 19.23 68.6 11.0 2.3 48.5 −1.3 4 5.7 

Drought events in North and Southwest China from 2015 to 2019 were selected as 
the historical cases (excluding the 2019 Yunnan drought). Data samples of drought im-
pacts and decision-making measures from the historical cases are shown in Table 9. 

Table 9. Historical drought disaster and decision data (Shanxi Province, 2019). 

Financial Loss Crop-Affected 
Area 

Area of Unhar-
vested Crops 

Number of People 
Affected 

Drought Response 
Level 

Invested Capital 

12.1 307.3 26.6 146.5 3 20.07 

This research compiles drought emergency plans from each provincial emergency 
management department and establishes an emergency response strategy library based 
on different decision-makers and response levels, as shown in Table 10. 

  

Figure 7. Case-saving flowchart.

3. Experiment Results and Discussion
In this research, Yunnan Province is taken as the area of study, and the spring drought

event of Yunnan Province in 2019 is taken as the target case to analyze the model results
and verify the feasibility of the model.

3.1. Model Parameter Setting

In this experiment, the 2019 drought event in Yunnan was used as the target case for
the experiment, and the feature attributes are shown in Table 8.

Table 8. Feature attribute table of target case (part).

Location PRE WIN TMP RHU DD GDP POP MCI Level Cost

Yunnan 4.11 2.51 19.23 68.6 11.0 2.3 48.5 −1.3 4 5.7

Drought events in North and Southwest China from 2015 to 2019 were selected as the
historical cases (excluding the 2019 Yunnan drought). Data samples of drought impacts
and decision-making measures from the historical cases are shown in Table 9.

Table 9. Historical drought disaster and decision data (Shanxi Province, 2019).

Financial Loss Crop-Affected
Area

Area of
Unharvested

Crops

Number of
People Affected

Drought
Response Level Invested Capital

12.1 307.3 26.6 146.5 3 20.07
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This research compiles drought emergency plans from each provincial emergency
management department and establishes an emergency response strategy library based on
different decision-makers and response levels, as shown in Table 10.

Table 10. Emergency response strategy measure database (part).

Emergency Response
Level Government Sector Common Population

IV

Improvement of the utilization efficiency of
water resources, such as improving

irrigation systems, reducing the loss of
water, and so on

Reduce waste of water, such as turning off
the tap when brushing your teeth and

optimizing water use in your home

III
Strengthening water resource management
and conservation of restrictions on water

use to ensure the safety of the water supply

Cut water waste with fewer car washes,
reduced watering, and water-saving shower

heads

II
Taking emergency measures to ensure the

supply of drinking water and domestic
water

Minimize water waste with reduced car
washing, less watering, and water-saving

shower heads

I
Emergency water allocation measures to
ensure the supply of drinking water and

domestic water

Prepare for drought’s impact on food,
stockpile dry food, and obtain local

government’s drought warnings and
response measures from multiple sources

3.2. Experimental Result

1. Drought Identification and Case Retrieval Results

In the drought event identification experiment, the run theory-based method successfully
identified the start and end times of 19 out of 20 drought events, resulting in a 95% accuracy.

The AHP method is used to score the first level. This generates the judgment matrix W.
Using Equation (5), the largest eigenvalue of W is αmax = 4.01, and the largest eigenvector
ω1 = [0.21 0.620.11 0.06]. Therefore, the weights for basic information, meteorological
data, drought indices, and socio-economic data are 0.21, 0.62, 0.11, and 0.06, respectively.
These results are checked using Equations (6) and (7) for consistency. The RI is the random
consistency index, with values shown in Table 11.

Table 11. RI value table.

Degree 2 3 4 5 6 7 8 9

RI 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45

CI = 0.0035 is calculated, and the consistency index CR = 0.0038 < 0.1 is calculated by
looking up the value of RI through Table 3. Therefore, the evaluation has a satisfactory
consistency. The same is true for the second layer. Correlation analysis was conducted on
the second-level meteorological data, as shown in Figure 8.

Figure 8 results show that factors such as precipitation, temperature, and humidity
are more important than other attributes. This matches the physical processes of drought
formation and confirms that the selected feature weights align with actual conditions.

The objective weights are calculated using the EWM. Then, the subjective and objective
weights are combined using Equation (9). The combined weights are used to calculate
the case similarity. To improve the accuracy of case retrieval, a structural coefficient was
introduced. To validate its effectiveness, an experiment was designed to analyze the
change in retrieval accuracy before and after its introduction. The case retrieval accuracy is
defined as the number of correct cases in the retrieved set, where the correct cases are those
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identified by the case retrieval algorithm that matches the target case with complete feature
attributes. Figure 9 shows the accuracy of case retrieval after removing different numbers
of feature attributes.
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As shown in the figure, the case retrieval algorithm used in this study outperforms
other algorithms in terms of accuracy when feature attributes are missing. When two feature
attributes are missing, the accuracy of the proposed algorithm is significantly higher than
that of the algorithm without the structural coefficient, with an improvement of up to 40%.

Finally, the historical case with the highest similarity to the current case, retrieved by
the feature attribute-based case retrieval algorithm, was the 2015 drought case in Yunnan,
with a similarity of 75.7%. This result is illustrated in Figure 10.
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2. Case correction results of the DE algorithm

The candidate case generated by the correction algorithm achieves a 94.7% similarity
to the target case, surpassing any historical case by 19%. The candidate case suggests
a level 4 emergency response with a drought resistance investment of CNY 243 million.
Compared with real data from Yunnan Province’s spring drought (Table 8), the candidate
case’s response level aligns with actual requirements. However, its investment is CNY
327 million lower. The fitness function’s iteration curve (Figure 11) shows the model’s fast
and effective convergence.
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The research further compares the effectiveness of the proposed algorithm with the
particle swarm optimization algorithm, as shown in Figure 12. In Figure 12a, the fitness
value of the differential evolution-based case correction algorithm is lower than that of the
particle swarm optimization algorithm, indicating faster convergence with fewer iterations.
Figure 12b compares the convergence speeds of the two algorithms across multiple itera-
tions. Results indicate that the proposed algorithm converges more rapidly but results in
a larger fitness function value upon convergence.
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3. Results of drought risk assessment in the research area

After revising the emergency response strategy for drought events in Yunnan Province
in 2019, the research employs the case correction algorithm based on drought risk assess-
ment to revise the long-term response strategy of the target case. The target case risk
assessment results are shown in Figure 13.
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Figure 13. Drought risk assessment map of Yunnan Province in 2019. (a) The hazard distribution in
Yunnan Province; (b) the exposure distribution; and (c) the vulnerability distribution. In the legend,
white represents no risk, gray represents low risk, yellow represents medium risk, orange represents
high risk, and red represents very high risk.
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The risk assessment map indicates that the highest-risk areas in Yunnan Province were
concentrated in the central and southern regions in 2019, among which Pu’er City and Yuxi
City had high-risk levels and some areas had extremely high risks. The medium-risk areas
were concentrated in the north and west.

Relevant authorities can use the risk maps to reduce risk by adjusting the values of
hazard, vulnerability, and exposure indicators. For example, reducing exposure could
involve measures to lower population density, while decreasing vulnerability could focus
on strategies to alleviate water pressure. By adjusting these indicators, the risk assessment
results are impacted, ultimately reducing the overall risk.

4. The modification of long-term response strategies

For the modification of the long-term drought response strategy, the risk level of each
region is divided to determine the high-risk area by calculating the hazard, vulnerability,
and exposure index of drought, and the corresponding response strategy is recommended
according to different risk categories.

The results of the exposure assessment map show that Yunnan Province was generally
in a low-risk state in 2019, and the high-risk areas were mainly concentrated in Kunming
and its surrounding cities. This is because the value of the exposure index is closely
related to the proportion of cultivated land, pastureland, and population density. The
proportion of forest land in Yunnan Province is high, while the proportion of cultivated
land and pastureland is relatively low. In addition, the population of Yunnan Province is
mainly concentrated in big cities such as Kunming, so the drought-affected area is limited.
The vulnerability assessment map indicates that the overall vulnerability risk of Yunnan
Province in 2019 was moderate. Due to the low GDP and the high proportion of agricultural
GDP, the northern region is greatly affected when drought comes, so the vulnerability risk
is high. Due to the low dependence on agriculture and the relatively strong water supply
capacity, the vulnerability risk of Kunming and other large cities is low.

By assessing the drought risk in Yunnan Province in 2019, this article reveals the
distribution features of high-risk regions, high-exposure regions, and high-vulnerability
regions of drought. The results showed that the high-risk areas of drought were mainly
concentrated in Pu’er City and Yuxi City, the high-exposure area was mainly in Kunming
City, and the high-vulnerability area was concentrated in Diqing Tibetan Autonomous
Prefecture. According to Formulas (16) and (17), to reduce the exposure risk of Kunming
City to medium risk, the change in exposure index is 0.3. The change in population density
in Kunming City is 38 people/km2. In other words, if we reduce the population density
to reduce the drought exposure of Kunming City, 38 people/km2 should be reduced. The
change in exposure risk in Kunming before and after the adoption of quantitative measures
is shown in Figure 14.

5. Final result

Combining the results of the two case correction algorithms, the solution of the 2019
drought case in Yunnan Province was finally obtained, as shown in Table 12.

Table 12. Table of target case response strategies.

Category of Measures Specific Categories Value

Emergency measure Emergency response level Level 4
Funding for drought relief CNY 243 million
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Table 12. Cont.

Category of Measures Specific Categories Value

Emergency measure

Given the government’s response

1. Enhance water use efficiency by
upgrading irrigation systems and

minimizing losses.
2. Encourage drought-resistant crops like
wheat and corn to reduce irrigation needs.
3. Enhance water resource management by
implementing a drought monitoring system

for a secure water supply.

General population response measures

1.Cultivate drought-resistant plants like
succulents and drought-tolerant flowers.

2.Regularly inspect household pipelines for
leaks and promptly address any issues.

3. Engage in community, government, and
organizational water-saving initiatives to

raise awareness about water conservation.

Long-term measure

High-risk area Pu’er City, Yuxi City
High-exposure area Kunming City

High risk response measures

Optimize water resource distribution,
promote rainwater harvesting, adopt
water-efficient farming, and advance

water-conserving irrigation.

High exposure response measures

We will strictly control the area of cultivated
land, implement the policy of returning

farmland to forest, strengthen the protection
of cultivated land, and reduce the

population density by 38 people /km2.
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3.3. Discussion

In this research, precipitation, temperature, and other characteristic factors are selected
to construct the drought hierarchical structure based on the frame representation method.
The run-length theory is used to construct the drought event recognition algorithm to
accurately identify the start and end time of drought and drought intensity. The issue
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of excessive feature attributes and the varying importance of drought cases in previous
studies is addressed by combining the feature attribute similarity case retrieval algorithm
with the structural similarity coefficient. For modifying land drought response strategies,
a differential optimization algorithm-based emergency strategy modification algorithm
was developed, using the target case with high similarity to the initial population. The
model generates the candidate case close to the target case through crossover and other
operations and then uses the emergency strategy of this case as the solution of the target
case. The method solved the problem of the drought event response strategy according to
specific cases.

Combining long-term and short-term emergency strategies provides solutions for
drought events across different time scales. It addresses the limitations of previous research,
which often relied on a single decision-making method and ignored the role of time scales.
Furthermore, integrating risk assessment and considering regional characteristics allows for
targeted recommendations based on hazard, exposure, and vulnerability in drought-prone
areas. This approach resolves the spatial multi-scale analysis issue found in earlier studies.

However, the limitations of this research must be further addressed to meet the
requirements of the land drought response.

Although combining the AHP and EWM effectively reduces the subjectivity of result
weights, some variables in the model still depend heavily on expert judgment and pro-
fessional knowledge. This reliance may lead to errors in the results, and future research
should address this to enhance objectivity and reliability.

Additionally, the long-term case correction algorithm adjusts measures based on
changes in risk assessment results. While it is effective with appropriate feature selection
and weights, inaccurate outcomes may occur if the selected indicators are not optimal.
Identifying the most reasonable and optimal indicators is an area for future improvement.

This research does not include certain hydrological variables and advanced statistical
methods, which are important for drought risk assessment. Reference [35] introduced
the Standardized Runoff Index (SRI) and used copula functions for the joint distribution
of hydrological drought variables. This highlights the value of incorporating variables
like soil moisture, runoff, and groundwater levels into drought research, offering a more
comprehensive understanding of drought variation. The use of copula functions can
strengthen the analysis and better simulate the non-linear relationships between variables.
Their application can improve the understanding of the joint distribution of drought events
and lead to more reliable risk assessment results. This method is particularly effective in
regions where various environmental factors interact in complex ways.

Finally, the relationship between long-term response measures and regional drought
risk values requires further study. Understanding how specific response measures reduce
risk values is essential for developing strategies tailored to different drought conditions.
Drought impact data and historical response measures can support the quantitative rela-
tionship, enabling more targeted and effective measures.

4. Conclusions
This research proposes an advanced intelligent recommendation model for drought

event response strategies using case-based reasoning (CBR). The model addresses key
challenges, such as inaccurate drought case recognition and non-standardized case repre-
sentations. By selecting key feature factors, including precipitation, temperature, and the
Meteorological Drought Index (MCI), a hierarchical drought case structure is constructed
using frame representation. A drought recognition algorithm based on run-length theory is
used to accurately identify the onset, end, and intensity of drought events. This method
achieves over 95% accuracy in drought recognition.
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To improve case retrieval, a new algorithm is introduced that combines feature at-
tribute similarity with a case structure similarity coefficient. This approach increases
retrieval accuracy by 40% compared to traditional methods that do not consider struc-
tural similarity. By integrating both types of similarity, the model advances drought case
retrieval, enabling more precise matching and better response strategy recommendations.

A strategy modification algorithm for long-term droughts is also developed. It uses
a risk assessment approach that evaluates drought risk, vulnerability, and exposure indices.
This algorithm categorizes regions by risk level, allowing for tailored response strategies for
high-risk areas. Experimental results show that the risk assessment aligns with real-world
conditions, providing valuable support for decision-making in land drought management.

The model can be adapted to other regions by adjusting the key climatic and hy-
drological factors specific to local conditions, such as precipitation and soil moisture. By
recalibrating the algorithms and integrating regional data, the model can provide tailored
drought recognition and risk assessment strategies. Future research should focus on en-
hancing the model’s adaptability to different climate zones and exploring the integration of
additional hydrological variables, such as groundwater levels and streamflow, to improve
risk prediction and mitigation.
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