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A B S T R A C T   

As a result of years of monitoring the ecological resiliency of natural areas and cities, it has become clear that it is 
both important and often feasible to implement ecological and environmental restoration in conjunction with 
ongoing processes of landscape change development and urbanization. Ecological resiliency and spatiotemporal 
evolution studies can objectively reveal the resiliency of ecosystems to external disturbances. Ecological moni
toring and assessment can also help planners understand regional ecological spatial differentiation patterns and 
provided data support for planning. In this paper we have analyzes quantitatively the interrelationships of 
ecological factors in Dianchi Lake Basin (DLB) over the past 30 years and explored the spatial and temporal 
dynamics of ecological resiliency. Based on remote sensing images and primary data in 1995, 2005, 2010, 2015, 
2018, and 2022, we used the center of gravity migration and kernel density analysis to explore the spatial and 
temporal changes of ecological resiliency. We built the overall resiliency evaluation system using entropy weight 
in the TOPSIS model, and finally simulate the future changes based on CA-Markov (CA-MC) model. The results 
show that from 1995 to 2022, the ecological resiliency of land use and vegetation cover in DLB decreased 
substantially. An important finding was that the ecological resiliency of riparian buffer zone and landscape 
pattern were generally increasing. The distribution of barycenter movement and kernel density of different levels 
of ecological resiliency differed significantly and showed fluctuating changes. The extreme low resiliency and 
extremely resilient areas shift to the northeast, the mildly resilient areas shift to the northwest, and the highly 
resilient areas shift to the southeast. The overall resiliency level of DLB is predicted to slowly increase from 2022 
to 2030 by deduction of the CA-MC model. Our analysis suggests that the study of the evolution of regional 
ecological resiliency can provide a timely understanding of regional ecological evolution patterns and propose 
ecological protection strategies.   

1. Introduction 

The rapid development of urbanization has led to the reduction of 
the extent and function of ecosystems and excessive disturbance of 
ecological processes. As a result, ecological security problems such as 
reduced vegetation, soil erosion, deterioration of riparian buffer zones 
and loss of biodiversity have become common (Duan et al., 2021; Ma 
et al., 2004; Jin et al., 2020). The concept of Ecological resiliency is the 

ability of complex systems to resist severe stress and restore their orig
inal state which can describe their changes through multiple indicators. 
It plays a vital role in guiding regional environmental protection and 
spatial planning, and evaluating regional ecological security resiliency 
(Zhang et al., 2010; Chow and Sadler, 2010). Thus, ecological resiliency 
has scientific reference value for formulating regional ecological, envi
ronmental protection and restoration management measures (Yu et al., 
2020). GIS analysis of watershed ecological resiliency is essential for 

* Corresponding authors. 
E-mail addresses: landsliy@ynau.edu.cn (D. Li), 742891286@qq.com (J. Yang), 202230511003@bua.edu.cn (T. Hu), wgf0317@163.com (G. Wang), sam. 

cushman@gmail.com (S.A. Cushman), sdwangxinyuxw@126.com (X. Wang), kollanyi.laszlo@uni-mate.hu (K. László), yawenwu@ynau.edu.cn (Y. Wu), tbai@ 
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regional environmental research and continues to innovate. With 
traditional evaluations gradually evolving into coupled models, it is 
increasingly important that GIS can reveal the characteristics of 
ecological resiliency patterns and processes from multiple perspectives 
(Shi et al., 2018; Chi et al., 2019; Chambers et al. 2019; Cushman and 
McGarigal, 2019). Markov chain (MC) and cellular automata (CA) are 
both time-discrete and state-discrete dynamical models. The coupled 
CA-MC model draws on the advantages of both to achieve long-term 
prediction of the spatial evolution of complex systems and has been 
widely used in ecological research with promising results (Mondal et al., 
2016; Adhikari and Southworth, 2012; Aburas et al., 2017). 

DLB is located the core area of the central Yunnan urban agglom
eration. Its ecological environment has been dramatically impacted by 
urbanization, population dramatic increase and the most important 
reclamation. An application of scientific methods to investigate the 
quantitative traits and spatial evolution of ecological resiliency in the 
DLB would help promote its governance, protection, and sustainable 
development (Duan et al., 2021; Wang et al., 2021). This paper provides 
an overview and integration of the use of resiliency concepts to guide 
natural resources management actions. We emphasize ecosystems and 
landscapes and provide examples of the use of these concepts from 
empirical research in applied ecology. We begin with a discussion of 
definitions and concepts of ecological resiliency and related terms that 
are applicable to management. We suggested that a resiliency-based 
management approach facilitates regional planning by providing the 
ability to locate management actions, used the Entropy Weight TOPSIS 
(Technique for Order Preference by Similarity to an Ideal Solution) 
method and CA-MC model to combine static evaluation and dynamic 

prediction. These methods are more objective than the traditional AHP, 
MSE and AHP-GIS methods. We used the 2920 km2 extent of the DLB as 
the study area (Civco, 1993; Baqa et al., 2021; Mokarram et al., 2021). 
Based on data charting in the study area from 1995 to 2022, we used the 
CA model in combination with the Markov model to predict and map 
ecological resiliency change for 2026 and 2030. Specific objectives of 
the work were to: (1) calculation, evaluation and compare ecological 
resiliency changes from 1995 to 2022 in DLB; (2) predict and map 
ecological resiliency changes in 2026 and 2030 in DLB. (3) Providing 
countermeasures and recommendations for the future development 
planning of DLB based on the experimental results. 

2. Research material 

2.1. Study area 

The DLB (24◦28′ ~ 25◦28′ N, 102◦30′ ~ 103◦00 E) is part of the 
Yangtze River basin and the Jinsha River system, and is important to 
conservation,because it provides high regional ecological diversity at 
the scale of central Yunnan (Fig. 1). Since the 1960s, the ecological 
environment of DLB has suffered extensive ecological deterioration. 
After 30 years of treatment, the water quality of Dianchi is still mainly V 
(Surface water environmental quality standard GB 3838–2002, China, 
waste water of worst quality), with some rivers of IV (Surface water 
environmental quality standard GB 3838–2002, China, Non-human 
contact waste water, only better than class V), and algal blooms occur 
frequently in summer. It is one of the most polluted lakes in China 
(Zhang et al., 2014; Li et al., 2019; Huang et al., 2014). The destruction 

Fig. 1. Research area overview Note: the study area is the Yunnan-Guizhou Plateau in southwest China.  
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and degradation of vegetation in the DLB continues to occur. Forest 
cover in the basin was maintained at around 25% since 1974 until 
approximately 2006 (Niu et al., 2015). 

Since 2006, the project of relocation of people, houses and farmland, 
restoration of ponds, lakes, water park reserves and wetlands has been 
carried out in Dianchi, and the environmental quality has been steadily 
improved, with the forest cover rebounding to 40.78% in 2017. Plant 
cover and species diversity have increased, and the ecological environ
ment has gradually improved (Niu et al., 2015; Luo et al., 2018). 
However, the vegetation cover of DLB is still lower than the level of 
national targets (Hou et al., 2016; Li et al., 2021). 

2.2. Data source 

Data obtained spatial correction, geographic alignment, and super
vised classification based on Landsat 4–5 TM and Landsat 8 OIL_TIRS 
30 m remote sensing images and Digital Elevation Model (DEM) in 1995, 
2005, 2010, 2015, 2018 and 2022. Four ecological resiliency factors and 
sub-indicators were sorted and screened out by TOPSIS sorting method 
among multiple factors, and the ecological resiliency of the compre
hensive DLB was evaluated. These factors specifically are: land use and 
cover change (LUCC), normalized difference vegetation index (NDVI), 
riparian buffers (RB), and landscape pattern index (LPI) (Lu et al., 2023; 
Wei et al., 2023) (Table 1). 

3. Method 

3.1. Basin evaluation index system 

Based on the geospatial database, we established an ecological 
resiliency index system with reference to relevant literature (Kazanci 
et al., 2023), including LUCC, DEM, NDVI, RB and LPI factors indexes 
and sub-indexes (Li et al., 2021). LPI factors can quantify the current 
state of the landscape pattern and make the evaluation of ecological 
restoration in the study area more scientific (Wang et al., 2014). We 
excluded indices with relatively similar expression of results, and 
selected four relevant landscape indices to describe the landscape 
characteristics at a county level. largest patch index (LPI), average patch 
area (AREA_MN), shannon’s diversity index (SHDI), shannon’s evenness 
index (SHEI), were selected as LPI factors to show the degree of spatial 
variability (Hu et al., 2023); shannon’s diversity Index (SHDI) and 
shannon’s evenness index (SHEI) as fitted data, reflected the change of 
regional information quantity (Wang et al., 2022; Zhao and Huang, 
2022); weighted with LUCC, NDVI, and RB factors (Deng et al., 2022). 

According to the resiliency factor superimposed efficacy and 
contribution rate, the evaluation factors were divided into resiliency 
classes (Zhou and Li, 2015; Chen and Wu, 2020). The study area was 
classified into five classes: extremely high resiliency, high resiliency, 
moderate resiliency, low resiliency, and extreme low resiliency areas 
(Table 2). 

3.2. Impact factor weight analysis 

3.2.1. The entropy method 
In the past, many articles on evaluation used subjective evaluation, 

such as the application of Analytic Hierarchy Process (AHP) in landscape 
research (Ma et al., 2022; Yin et al., 2022). However, we hope to obtain 
the weight of the resiliency of the evaluation region by calculating the 
change of information in each region, and take the degree of change as 
the evaluation basis. Here, we used entropy value can be used to analyze 
the change of environmental information quantity to objectively obtain 
the weight of recovery evaluation. The entropy method remedies a 
defect of the AHP hierarchical analysis method and Telfer expert eval
uation method that are more subjective (Li et al., 2019; Zou et al., 2021). 
The basic idea of entropy weight theory is that the greater the degree of 
dispersion, the greater the influence of the index on the comprehensive 
evaluation (Zou et al., 2006; Zhang, 2009; Liu et al., 2016).The weight of 
the factor was determined according to the influence of the relative 
change of the factor on the overall system, which has strong objectivity 
(Huang et al., 2017; Li et al., 2015), and the steps of our implementation 
followed (Amiri et al., 2014; Han et al., 2015): 

(1) Standardize the original value of indicators: 
Positive indicators: 

xij =
xij − min(xij)

max(xij) − min(xij)
+ 0.00001xij =

xij − min(xij)
max(xij) − min(xij)

+ 0.00001

(1) 

Negative indicators: 

xij =
max(xij) − xij

max(xij) − min(xij)
+ 0.00001xij =

max(xij) − xij
max(xij) − min(xij)

+ 0.00001

(2) 

(2) Calculate the entropy value Wj of the jth indicator: 

wj = −
1

ln(n)
∑n

i=1

Tij
∑n

i=1Tij
ln

Tij
∑n

i=1Tij
(3)  

where: Wj is the entropy value of the jth indicator, Tij is the standardized 
data of year i in indicator j; Tij∑n

i=1
Tij 

is the dimensionless value of each 

indicator after data standardization and non-negativity. 

3.2.2. TOPSIS sorting method 
The TOPSIS method is a commonly used comprehensive evaluation 

method for the comparative selection of indicators or multiple solutions. 
It has been widely used in recent years, in the form of applications that 
have calculated the weighted Euclidean distance between each candi
date indicator and the ideal solution, ranking the proximity of multiple 
indicators, and then balancing and assessing the advantages and dis
advantages of each evaluation indicator (Chang et al., 2021; Cheng 
et al., 2020). 

Here are the steps of the TOPSIS method (Hwang and Yoon, 1981):  

(1) Establish the decision matrix R = {rij}, where rij is the value of the 
jth attribute in the ith alternative; i = 1, 2, …, m; j = 1,2, …, n.  

(2) Normalize the decision matrix R and transform it to the 
normalized matrix 

R′

= {r′ ij} (4)    

(3) Calculate the weighted normalized decision matrix V = {vij} 

vij = wjr′ ij (5) 

For the entropy-based TOPSIS method, the weight in Eq. (4) is 
calculated by the EM. 

Table 1 
Principal data sources.  

Abbreviation Source Resolution Operation 

LUCC Resource and environment science data 
center of Chinese Academy of Sciences 

30 m Rasterize 

NDVI Geospatial data cloud landsat4-5 TM 
satellite digital product, landsat8 
OIL_TIRS satellite digital product 

30 m 
RB 30 m 

DEM the Shuttle Radar Topography Mission 
(SRTM) 

30 m 

LPI Resource and environment science data 
center of Chinese Academy of Sciences 

30 m  
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(4) 
A+ = {(max

i
vij|j ∈ J), (min

i
vij|j ∈ J′

)|i = 1,2, ...,m}

= {v+1 , v
+
2 , ..., v

+
n }

Determine the 

ideal solution A+ and the negative ideal solution A− :  

A+ = {(min
i

vij|j ∈ J), (max
i

vij|j ∈ J ′

)|i = 1, 2, ...,m}

= {v−1 , v
−
2 , ..., v−n }

(7)  

J′ where J = {j = 1, 2,…, n| j associated with the − bigger − the – better 
attribute}, = {j = 1, 2, …, n | j associated with the − smaller − the – 
better attribute}.  

(5) S+
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1
(vij − v+i )

2
√

Calculate the DIS and DNIS by the 

following equations: 

S+
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1
(vij − v+i )

2

√
√
√
√ (8)  

S−
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1
(vij − v−i )

2

√
√
√
√ (9)    

(6) Calculate the relative closeness of each alternative by the 
following equation: 

RCi =
S−

i

S+
i + S−

i
(10) 

Finally, the evaluation schemes were ranked in descending order 
based on the value of RCi, where RCi indicates the relative closeness of 
the LUCC, NDVI, RB and LI factors, and the larger RCi is, the closer the 
evaluation was to the positive ideal solution, indicating that the weight 
of this single factor was significant, and vice versa (Xu et al., 2021; Qiao 
et al., 2021). 

3.3. Calculating the barycenter of ecological resiliency 

The barycenter refers to a certain spatial point, in all directions of 

which the powers are relatively balanced. As an important analysis tool 
for studying changes of spatial patterns, the barycenter models, such as 
grain production barycenter, population barycenter and energy bary
center model, are also frequently used for the spatial analysis (Wang 
et al., 2018; Bigot and Klein, 2012; Zhang et al., 2012). The ecological 
resiliency barycenter is formed according to above theory. The bar
ycentric coordinates can be calculated by the following formula: 

xj =
∑n

i=1
(Tij.xi)/

∑n

i=1
Tij (11)  

yj =
∑n

i=1
(Tij.yi)/

∑n

i=1
Tij (12)  

xj =
∑n

i=1
(Tij.xi)/

∑n
i=1

Tij where, Tij (i = 1, 2, 3, … n) means the grain 
output of the ith county; Pi (xi, yi) is the barycentric coordinate of each 
county; Pj (xj, yj) is the national barycentric coordinate of grain output in 
the jth year. 

3.4. Kernel density estimation of ecological resiliency 

Kernel density estimation (KDE) is one of the most popular methods 
for analyzing the first order properties of a point event distribution 
(Gatrell and Bailey, 1996; Silverman, 1986) because it is easy to un
derstand and implement. Two-dimensional grayscale representation of 
the results of the kernel density calculation, which allows visualization 
of the distribution characteristics such as aggregation or dispersion of 
the landscape. With the help of a moving window, the point or line 
density of the raster cells was calculated and output (Xie and Yan, 2008; 
Elgammal et al., 2002). There were usually Rosenblatt-Parzen kernel 
estimates: 

fn(x) =
1
nh

∑n

i=1
(
x − xi

h
) (13)  

3.5. CA-MC model prediction analysis  

(1) The CA model consists of four parts: the cell and its state, the cell 
space, the cell neighborhood, and transformation rules. Given 
discrete units of time, space, and state, any cell variable exists 
only in finite and discrete states. Our analysis was modified 
synchronously, according to the same transformation 

Table 2 
Classification standard of ecological resiliency.  

Evaluation 
factors 

Ecological resiliency classification 

Extreme low resiliency Low resiliency Medium resiliency High 
resiliency 

Extreme 
resiliency 

LUCC construction land, 
reserved land 

cultivated land, orchard, other 
agricultural land 

Grassland Forest water area 

NDVI ≤0.2 0.2–0.4 0.4–0.6 0.6–0.8 > 0.8 
RB (m) ≥500 350–500 200–300 100–200 <100  

LPI     
LPI AREA_MN  Each index is divided into five levels using the natural 

breakpoint method, respectively assigned 1, 3, 5, 7, 9    
SHDI      
SHEI      

A+ = {(max
i

vij|j ∈ J), (min
i

vij|j ∈ J ′

)|i = 1, 2, ...,m}

= {v+1 , v
+
2 , ..., v+n }

A+ = {(min
i

vij|j ∈ J), (max
i

vij|j ∈ J ′

)|i = 1, 2, ...,m}

= {v−1 , v
−
2 , ..., v

−
n }

(6)   
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regulations. The rules of state change are localized in time and 
space, and the ordinary CA model is: 

S = (t + 1) = f [S(t),N] (14)  

where S is the finite, discrete set of states of the tuple; N is the neighbors 
of the tuple; and f is the transformation rule of the locally mapped tuple.  

(2) The MC model is used to calculate the spatial transformation 
probability, using the before and after states of temporal devel
opment to statistically explain the characteristic law of change 
transfer of an event in a certain period (Cui et al., 2021). The 
evolution of ecological resiliency was characterized by the MC 
process, and the gradation corresponds to the “possible states” in 
the MC process, and the area or ratio of the gradation to each 
other was the state transfer probability, which was expressed as 
follows. 

Nt+1 = Nt*Pij (15)  

Pij =

⎛

⎜
⎜
⎝

P11 P12⋯ P1n

P21 P22… P2n

Pn1 Pn2… Pnn

⎞

⎟
⎟
⎠ (16)  

0⩽Pij < 1and
∑n

i=1
Pij =1(i, j = 1, 2..., n) (17)  

where: Nt+1 denotes the ecological resiliency grading in the latter 
period, Nt denotes the ecological resiliency grading in the former period, 
and Pij denotes the state transfer probability matrix (Wang et al., 2018). 
The MC model has the characteristic of time series extrapolation, while 
the CA model has the advantage of predicting the spatio-temporal dy
namic evolution of complex systems, so the combined two models can 
scientifically extrapolate the spatial changes of ecological resiliency in 
watersheds (Souidi et al., 2019). 

In this paper, the Kappa coefficient is used to test the accuracy of the 
prediction of land pattern evolution. Its calculation formula is: 

Kappa = (P0 − Pc)/(Pp − Pc) (18)  

where: P0 is the proportion of correct simulations; Pc is the proportion of 
correct predictions in the random case of the model; Pp is the proportion 
of correct predictions in the ideal case. 

4. Results and analysis 

4.1. Single-factor ecological resiliency evaluation 

4.1.1. LUCC single factor resiliency evaluation 
Ecological resiliency is the emergency response of LUCC to human 

disturbance, and the natural recovery ability of “elastic deformation” 
will gradually weaken with the increasing intensity of human inter
vention. Therefore, in this paper, ecological resiliency is water 
area > forest land > grassland > cultivated land > construction land, 

and the ecological resiliency is calculated with the weight of entropy 
(Wen et al. 2021). The results of the study (Table 3 and Fig. 2) show that 
the resiliency of LUCC in the DLB is high. The extremely high resiliency 
area was maintained at more than 10% in the past 30 years. Meanwhile, 
the resiliency of LUCC shows a decreasing trend from the periphery of 
the basin to the central city. The extremely high resiliency areas are 
mainly located in the central part of the basin where the river system is 
concentrated. In contrast, to this, the extreme low resiliency and low 
resiliency areas show a trend of distribution around Dianchi. Across the 
time series there was an overall decreasing trend in ecological resiliency 
in LUCC. For example, extremely high resiliency area decreased by 
0.86%, while the area of moderately resilient areas increased by 
12.53%. The area of urbanized and developed land increased while the 
LUCC resiliency decreased. 

4.1.2. NDVI single factor resiliency evaluation 
NDVI is divided into 5 categories according to the natural break 

point method. The results of the study show (Table 4 and Fig. 3) that 
from 1995 to 2022, the NDVI index of DLB is low, and the NDVI index is 
greater than or equal to 0.2 was all above 35%. The NDVI index greater 
than 0.8 is mainly distributed in the marginal area of the basin. In the 
time series study region overall, regions with NDVI index less than or 
equal to between 0.2, 0.4–0.6, 0.6–0.8 decreased by 0.29%, 4.27%, and 
0.01%, respectively, which all shifted to regions with NDVI index be
tween 0.2 and 0.4. Vegetation growth status is similar in 1995 and 2005, 
but the vegetation growth levels were higher in 2005. The 2018 NDVI 
index was higher than that in 2015 and 2010, and the NDVI index shows 
an upward trend from 2005. The NDVI index declined in 2022 compared 
to 2018. 

4.1.3. RB single factor resiliency evaluation 
The results of the study show (Table 4 and Fig. 4) that during 

1995–2018, the RB resiliency level in DLB is low, and the sum of the 
ratio of extreme low resiliency and low-resiliency areas are above 45%. 
The closer the distance to the water system, the higher the region’s 
resiliency. On the time series, the RB resiliency class in 2022 is 
increasing compare with 1995, with an increase of 1.47% in its highly 
resilient area, and 1.05% and 1.04% in the extremely and moderately 
resilient areas, respectively. 

4.1.4. LI single factor resiliency evaluation 
From our review of the relevant literature, followed up with prin

cipal component analysis, four indices were extracted from the first 
principal component at the landscape level: LPI, AREA_MN, SHDI, SHEI. 
We divided the Dianchi watershed into rectangles of 6 km × 6 km in 
dimension to obtain 84 vector data maps of equal magnitude, which 
were imported into Fragstats 4.2 (McGarigal, 2014) for the calculation 
of landscape pattern indices. Then the inverse distance weights and 
natural breakpoint method were used to obtain the four indices of 
ecological resiliency maps (Zięba-Kulawik et al., 2022; Lu et al., 2019). 
The entropy value method was used to obtain the landscape pattern 
index weights, and the weighted superposition was calculated to obtain 
the LI resiliency distribution map of Dianchi watershed from 1995 to 

Table 3 
LUCC resiliency of DLB from 1995 to 2018.  

Region Extreme low resiliencyarea Low resiliency area Moderate resiliency area High resiliency 
area 

Extreme resiliency area 

Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ km2 Percentage/% Area/ km2 Percentage/% Area/ km2 Percentage/% 

1995  275.07  8.96  707.13  23.04  598.06  19.48  1148.79  37.42  340.59  11.10 
2005  301.93  9.84  721.24  23.51  605.45  19.73  109.71  35.75  342.79  11.17 
2010  388.07  12.65  671.79  21.89  526.16  17.15  114.14  37.20  341.08  11.12 
2015  410.07  13.36  659.78  21.50  519.48  16.93  113.91  37.12  340.06  11.08 
2018  625.51  20.39  531.95  17.34  473.68  15.44  110.79  36.11  329.38  10.73 
2022  659.35  21.49  759.32  24.74  556.60  18.14  779.35  25.40  314.32  10.24  
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2022 (Wang et al., 2022; Shooshtari et al., 2015) (Table 5, Table 6, 
Fig. 5). The single-factor study of landscape patterns shows that the 
overall LI resiliency of Dianchi watershed was high from 1995 to 2022, 
with the sum of highly and extremely resiliency areas accounting for 
more than 50%. The spatial distribution of LI resiliency is discrete, and 
the areas with low resiliency are mainly located in the central part of the 
DLB and its fringes. 

4.2. Ecological resiliency evaluation of integrated factors 

The evaluation results show (Table 7, Table 8 and Fig. 6) that from 
1995 to 2022, the percentage of extremely high resiliency areas in DLB 
has remained very low and negligible. The extreme low resiliency area 

increased by 0.84%, the low- resiliency area increased by 6.23%, the 
medium-resiliency area decreased by 4.93%, and the high-resiliency 
area decreased by 2.14%. The spatial distribution of extreme low resil
iency areas has remained mostly distributed in the middle and upper 
part of the basin and the fringe areas. In contrast, low-resiliency areas 
are distributed in the basin, and medium-resiliency areas, which account 
for more than 40% of the area, are scattered in the basin, while high- 
resiliency areas were concentrated in the basin water system and the 
fringe areas. 

The ecological resiliency of DLB was decreasing across the time se
ries, while the area of extreme low resiliency areas increased by more 
than 90% from 1995 to 2022. Simultaneously, the area of low-resiliency 
areas increased by 191.08 km2, the area of medium-resiliency areas 

Fig. 2. LUCC resiliency of DLB from 1995 to 2022.  

Table 4 
NDVI resiliency of DLB from 1995 to 2022.  

Region Extreme low resiliency 
area 

Low resiliency area Moderate resiliency area High resiliency 
area 

Extreme resiliency area 

Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/km2 Percentage/% Area/ 
km2 

Percentage/% Area/km2 Percentage/% 

1995  1808.41  58.91  1123.15  36.59  137.74  4.49  0.36  0.01  0.00  0.00 
2005  1510.54  49.21  1156.06  37.66  383.76  12.50  19.21  0.63  0.00  0.00 
2010  1714.44  55.85  934.79  30.45  417.21  13.59  3.18  0.10  0.00  0.00 
2015  1598.10  52.06  1460.98  47.59  10.59  0.35  0.00  0.00  0.00  0.00 
2018  1160.84  37.82  1479.77  48.21  428.95  13.97  0.07  0.00  0.00  0.00 
2022  1799.28  58.62  1263.65  41.17  6.69  0.22  0.00  0.00  0.00  0.00  
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decreased by 151.16 km2; the area of highly resiliency areas decreased 
by 65.50 km2. 

4.3. Analysis of ecological resiliency level shift of integrated factors 

From 1995 to 2022, the chord diagram illustrated the ecological 
resiliency level shift in DLB (Fig. 7). In terms of ecological resiliency 
level shift, the area of extremely resilient areas remained approximately 
the same, while the area of the rest of ecological resiliency levels all 
experienced some shift. In terms of transition direction, the extreme low 
resiliency areas mainly transitioned to low-resiliency areas and 
moderate-resiliency areas. Meanwhile, the low-resiliency areas mainly 
transitioned to extreme low resiliency, moderate-resiliency and highly 
resiliency areas. The moderate-resiliency areas mainly transitioned to 
extreme low resiliency, low-resiliency and highly resiliency areas. Less 
change was seen among the highly resiliency areas. When these areas 
showed transformation, they mainly transitioned to low-resiliency and 
moderate-resiliency areas. 

The analysis of the transfer of ecological resiliency level in the 
watershed shows that the extremely resiliency areas have less area 
change and are less disturbed by human activities. In contrast, areas 
with higher ecological resiliency levels in the watershed continue to 
shift to lower levels, indicating that human activities and land use 
changes in the study area influence ecological resiliency levels. 

4.4. Ecological resiliency center of gravity migration analysis 

The migration of the center of gravity of ecological resiliency areas in 
the DLB from 1995 to 2022 (Table 9 and Fig. 8) shows the vectorial 
relationship between the center of gravity and the different ecological 
resiliency levels. Within the six years of 1995, 2005, 2010, 2015, 2018, 
and 2022, each resiliency area is migrating to different degrees. The 
gravity migration analysis shows that different ecological resiliency 
areas generally show a trend of transfer to the northeast. National pol
icies mainly influence the changes in the center of gravity of ecological 
resiliency resiliency areas. 

4.5. Ecological resiliency kernel density estimation 

The density distribution of ecological resiliency nuclei in DLB from 
1995 to 2022 (Fig. 9). From the spatial distribution, the resiliencyExt
reme low resiliency density nuclei were mostly distributed around 
Dianchi. In contrast, the low and moderate resiliency nuclei were 
distributed in the watershed. The highly resiliency density nuclei were 
mainly distributed widely across the watershed edge. Finally, the 
extremely high resiliency density nuclei were concentrated in the mid
dle and upper part of the watershed. Highly resilient areas were firstly 
distributed in the northern, south and marginal areas of the watershed 
and then shifted to the margins; extremely high resiliency areas were 
firstly distributed in the northwestern part of the watershed and then 
shifted to the middle of the watershed. 

Fig. 3. NDVI resiliency of DLB from 1995 to 2018.  
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Fig. 4. RB resiliency of DLB from 1995 to 2018.  

Table 5 
The proportion of RB of DLB from 1995 to 2022.  

Region Extreme low resiliencyarea Low resiliency area Moderate resiliency area High resiliency 
area 

Extreme hight resiliency area 

Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% 

1995  1120.73  36.51  475.26  15.48  540.58  17.61  330.33  10.76  602.80  19.64 
2005  1248.23  40.69  435.26  14.19  482.91  15.74  298.46  9.73  603.16  19.67 
2010  1371.44  44.68  412.70  13.44  450.87  14.69  273.27  8.90  561.43  18.29 
2015  1472.35  47.97  363.35  11.84  413.61  13.47  266.85  8.69  553.46  18.03 
2018  1899.24  61.87  308.02  10.03  300.49  9.79  152.56  4.97  409.58  13.34 
2022  1013.18  33.00  473.14  15.41  572.57  18.65  375.63  12.23  635.01  20.69  

Table 6 
Landscape Indices resiliency area of DLB from 1995 to 2022.  

Region Extreme low resiliency 
area 

Low resiliency area Moderate resiliency area High resiliency 
area 

Extreme resiliency area 

Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area 
/km2 

Percentage/% 

1995  141.35  4.61  257.15  8.38  698.04  22.75  1116.03  36.37  855.89  27.89 
2005  312.30  10.18  441.18  14.38  677.71  22.09  785.49  26.50  851.81  27.76 
2010  0.00  0.00  327.84  10.68  1180.71  38.46  1561.18  50.86  0.00  0.00 
2015  115.26  3.76  225.26  7.34  473.61  15.43  1241.14  40.43  1014.46  33.05 
2018  0.00  0.00  437.13  14.24  1074.62  35.01  1557.97  50.75  0.00  0.00 
2022  82.51  2.69  232.61  7.58  421.33  13.73  1120.07  36.49  1213.25  39.52  
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4.6. CA-MC model integrated ecological resiliency prediction analysis 

The simulation errors in 2015 were assessed to be within 10%. The 
Kappa coefficients were 0.87 (5 years) and 0.82 (10 years), respectively, 
which showed accurate prediction results (Table 10). The CA-MC model 
obtained the integrated ecological resiliency distribution and the per
centage of resiliency areas in 2026 and 2030 in the DLB (Table 11 and 
Fig. 10). The evolution pattern of resiliency areas in 2026–2030 were 
similar in 2022–2026. However, the overall resiliency areas level was 
predicted to increase. By 2026, the proportion of extreme low resiliency 
areas will decrease by 1.70%, shifting to low, medium, and high resil
iency areas. 2026–2030, the non- and medium resiliency areas were 
predicted to increase by 9.51 km2 and 9.86 km2, respectively, while the 

low and high resiliency areas are predicted to decrease by 1699.95 hm2 

and 238.10 hm2, respectively. The above phenomenon reflects 2022 and 
reflects that the ecological resiliency of the DLB will increase from 2022 
to 2030 due to the decrease in the extreme low resiliency area and the 
increase in moderate resiliency. 

5. Discussion 

5.1. Ecological resiliency research 

As this is the primary stage study to attempt multi-parameter 
weighting to assess temporal change in ecological resiliency in China, 
we recognized that the choice of indicators and their objective 
connection to actual functional ecological resiliency need to further 
improve in the future. The indexes that we chose were based on 
assumption what natural area with better integrity have better resil
iency, while urban development and areas disturbed by human beings 
have reduced ecological resiliency (Lu et al., 2023; Wang et al., 2023). 
According to the research results, a positive aspect is that urban 
ecological recovery is under way, which is the seed of ecological resto
ration. The shortcoming is that systematic governance is also lacking. 

In this study, we used a variety of methods to research the spatial and 
temporal evolution of ecological resiliency in the DLB in southern China. 
In terms of factor weight construction, this paper adopts the entropy 
value method and entropy weight TOPSIS to calculate the weights of the 
influencing factors and then processed via the weighted overlay analysis 
(Fu et al., 2019). Our results demonstrated that the ecological resiliency 

Fig. 5. Landscape Indices resiliency of DLB from 1995 to 2018.  

Table 7 
The factors are weighted of integrated ecological resiliency of DLB.  

Grade 1 Weight Grade 2 Weight Grade 3 Weight 

Integrated 
ecological 
resiliency of 
DLB 

1.00 Land-use type 
factor 

0.29  –  0.29  

Vegetation 
coverage factor 

0.21  –  0.21 

Water buffer 
factor 

0.28 –  0.28 

Landscape 
pattern factor 

0.22  LPI  0.03 
AREA_MN  0.02 
SHDI  0.08 
SHEI  0.09  
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of DLB decreasing from 1995 to 2022. These findings are similar pre
vious studies on land use, water environment, and landscape pattern, in 
the DLB (Wu et al., 2022; Wang et al., 2021a; Hong et al., 2011; Wang 
et al., 2021b). However, these previous papers could not quantify the 
evolution of the ecological resiliency in DLB, because they only consider 
the role of a single or two factors. We selected multiple factors and used 
the entropy value method and entropy weight TOPSIS method to create 
a multi-factor weighted indicator of ecological resiliency. 

The CA-MC model was used to simulate future trends in ecological 
resiliency and dissect the spatial evolution of ecological resiliency areas 
(Fu et al., 2022; Fu et al., 2018). The results showed that, compared with 
2022, the predicted extreme low resiliency areas of Dianchi watershed 
in 2026 and 2030 decreased, while the areas of low and moderate 
resiliency are predicted to increase, indicating a gradual improvement in 
ecological resiliency; the overall rank of the ecological resiliency of the 
watershed in 2026 and 2030 is predicted to increase compared with that 

Table 8 
Ecological resiliency resiliency area of DLB from 1995 to 2022.  

Region Extreme low resiliency 
area 

Low resiliency area Moderate resiliency area High resiliency 
area 

Extreme resiliency area 

Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% Area/ 
km2 

Percentage/% 

1995  28.4 
1  

0.93  1025. 
11  

33.43   1465.86  47.80  547.07  17.84  0.26  0.01  

2005  49.6 
6  

1.62  1079.60  35.20  1418.72  46.26  518.13  16.90  0.60  0.02 

2010  18.4 
2  

0.60  1093.74  35.66  1499.64  48.90  454.97  14.84   0.00  0.00 

2015  12.1 
9  

0.40  920.70  30.02  1709.61  55.75  424.24  13.83  0.03-  0.00 

2018  118.8 
8  

3.88  1268.60  41.37  1311.63  42.77  367.61  11.99  0.00  0.00 

2022  54.2 
5  

1.77  1216.19  39.66   1314.70  42.87  481.57  15.70  0.00  0.00  

Fig. 6. Integrated ecological resiliency of DLB from 1995 to 2022.  
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in 2022. The extremely, high and moderately resilient areas were mainly 
distributed along the river system as well as forests and grasslands. In 
contrast, the low and non-resilient areas are mainly concentrated in the 
urbanized land and surrounding arable land, with a more dispersed 
spatial distribution. 

5.2. Migration of the center of gravity of ecological resiliency areas 

We found that the trend of different ecological resiliency area 
transfer to the northeast, which is not the result of artificial intervention, 
but is caused by years of change in resilient patch. Additionally, it’s 
actually difficult to capture the trajectories of migration of the center of 
gravity, the trajectories are affected by many factors such as climate and 
national policies (Li et al., 2022; Liu et al., 2020). 

5.3. Nuclear density of ecological resiliency areas 

The ecological resiliency is decreasing from the core of water and 
woodland. The extrapolation results are similar as the findings of the 
ecological resiliency study of the Yanhe River basin, reflect the char
acteristics of the distribution of ecological resiliency levels in the plateau 
basin (Yang and Zhang, 2021). 

5.4. CA-MC model ecological resiliency derivation 

CA-MC model was initially used to simulate the future evolution 
trend of land use. Later it was gradually applied to landscape pattern and 
ecosystem services (Guan et al., 2011; Sang et al., 2011; Ye and Bai, 
2007; Chu et al., 2018; Zhao et al., 2019). In this paper, we innovatively 
applied the CA-MC model to the evaluation of ecological resiliency. Our 
results show that, the extremely, the high and moderately resilient areas 
are mainly distributed along the river system as well as forests and 
grasslands. In contrast, the low and in resiliency areas are mainly 
concentrated in the urbanized land and surrounding arable land, with a 
more disperse spatial distribution which provides important theoretical 
guidance and a technical basis for ecological protection, urban planning 
and strategic land use management in DLB. 

5.5. Countermeasures and recommendations 

The sustainable development of the ecological environment of the 
basin should first ensure the integrity of the ecosystem and the 
comprehensive set of ecological services it provides. However, it should 
be noted that ecological resiliency is not an absolute attribute, but a 
relative one. 

Through eco-restoring project, improving the single-factor of 

Fig. 7. Chord Diagram of ecological resiliency transfer in DLB, 1995–2022.  

Table 9 
The migration distance of the resiliency area gravity center from 1995 to 2022.  

Region transformation 
distance 
(km) 

1995 2005 2010 2015 2018 2022 

Extreme low resiliency 
area  

9.68  15.61  10.71  17.67  6.88  4.12 

Low resiliency area  3.31  1.61  1.54  1.88  1.83  2.04 
Moderate resiliency area  3.72  3.63  3.74  3.76  4.77  3.37 
High resiliency area  4.46  6.61  8.85  10.84  12.44  5.02 
Extreme resiliency area  8.00  8.42  10.27  6.28  15.08  18.61  

Fig. 8. The migration variety of the resiliency area gravity center from 1995 to 2022.  
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ecological resiliency in our study and thereby influencing the distribu
tion of the high level of the ecological resiliency. According to the un
derstanding of nuclear density and center of gravity transfer, think the 
DLB future planning policy should let the Land use plan as the center, 
control the area and dispersion of extreme low resiliency, will affect 
landscape indices resiliency and land use resiliency. Through ecological 
adjustment and control the land use extreme low resiliency area can 
increase the forest area and water area. According to the evaluation 

system, decreasing the extreme low resiliency and low resiliency area of 
land use can increase the area of high resiliency and extreme resiliency 
area high resiliency area. The overall ecological resiliency will be more 
stable compared with the previous period, and the center of gravity 
transfer and nuclear density distribution will not change substantially. 
According to the actual situation, the DLB can be divided into four kinds 
of ecological areas, and corresponding control and construction opin
ions can be proposed according to different resiliency construction re
quirements (Cai et al., 2021; Yang et al., 2022; Qian et al., 2022). The 
extreme low resiliency areas will be prioritized for construction areas for 
urban renewal. The low-resiliency areas will prioritize for designation as 
ecological buffer zones for moderate development and green infra
structure. The moderately resiliency areas will be prioritized for 
ecological buffer zones and increased forest coverage. The extremely 
and highly resilient areas will be designated as ecological protection 
zones. Moreover, all construction activities unrelated to ecological 
protection will be prohibited. In principle, all construction activities 
unrelated to ecological protection are prohibited, and the area and 
strength of protected areas are increased. 

6. Conclusion 

This paper uses GIS ecological resiliency analysis combined with CA- 
MC model, center of gravity migration, and nuclear density analysis to 
scientifically reveal ecological resiliency’s spatial and temporal evolu
tion characteristics in DLB. This paper constructs indicators from four 

Fig. 9. Kernel density estimation of dlb from 1995 to 2022.  

Table 10 
Ecological resiliency simulation accuracy of DLB in 2015.  

Grade of 
resiliency area 

2015 
(5 years) 
area/hm2 

2015 
(10 years) 
area/hm2 

2015 
(Actuality) 
area/hm2 

Average 
simulation 
error (%) 

Extreme low 
resiliency 
area  

1255.10  1271.56  1218.99  3.64 

Low resiliency 
area  

93941.02  99338.60  92070.26  4.96 

Moderate 
resiliency 
area  

171122.77  160578.01  170961.04  3.08 

High resiliency 
area  

40368.02  45486.82  42423.70  6.03 

Extremely 
resiliency 
area  

3.41  3.33  3.51  4.02  
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aspects: LUCC, NDVI, RB, and LI. The indicators behind ecological 
resiliency should be considered as a priority in future ecological man
agement. However, ecological resiliency indicators can differ between 
cases, so the causal relationships between these indicators and ecolog
ical resiliency should also be further addressed. Despite some limitations 
in the methodology and some data of results have certain degree of 
dispersion, this study demonstrated the mildly resilient areas shift to the 
northwest, and the highly resilient areas shift to the southeast in DLB 
from 1995 to 2022. We also quantified the degree of resiliency of the 
system of current and future conditions, which can proposed timely 
ecological protection strategies. 
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