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The accurate analysis of landscape pattern and ecological process characteristics in rapidly urbanized areas is
crucial for formulating policies related to differentiated urban development and landscape management mea-
sures. However, there are no convincing set of overall indices suitable and the optimal scale in karst mountainous
regions. This study determined optimal landscape indices and scales and analysed the temporal and spatial
variation characteristics of landscape patterns in the karst mountainous city of central Guizhou Province by
taking Guiyang City as a case study area using Principal component analysis and inflection point analysis. The
results show that: (1) the nine landscape indices (i.e., edge density (ED), mean radius of gyration (GYRATE_MN),
mean contiguity index (CONTIG_MN), mean shape index (SHAPE_MN), contagion index (CONTAG), intersper-
sion and juxtaposition index (IJI), Shannon’s diversity index (SHDI), proportion of urban area (UI), Gibbs-Martin
diversity index(GM)) were optimal indices of landscape pattern analysis in karst mountainous cities, with
optimal landscape grain and extent of 90 m and 1000 m, respectively; (2) from 1995 to 2019, the landscape
pattern in karst mountainous region has changed dramatically under the impact of rapid urbanization, and
urbanization and ecologization were main trends of landscape pattern changes; and (3) the landscape frag-
mentation was intensified with the regularity tendency of patch shape, which is still facing severe challenges to
the protection of regional ecological environment. This study makes important contributions to exploring the
response between landscape pattern changes and ecological processes and promoting ecological sustainable
development in karst mountain cities.

socioeconomic systems (Cushman et al., 2010; Lausch et al., 2015). Over
the past few decades, many previous studies have considered the land-
scape pattern changes and their driving forces, especially in plain re-

1. Introduction

Landscape patterns are defined as spatial arrangements of various

landscape elements of different sizes and shapes (Dadashpoor and Sal-
arian, 2020). Changes in landscape patterns are mainly observed
through changes in land use/land cover (Krovakova et al., 2015). It
could connect land cover to human activities that alter landscape pat-
terns and structures. Among them, human activities such as urban
expansion, afforestation, and deforestation play a vital role in the
characteristics of landscape patterns (Abbas et al., 2022; Song et al.,
2022). In addition, the characteristics of landscape patterns, known as
landscape or spatial heterogeneity can influence ecological processes
with profound impacts on the functioning of ecological and

gions and urban areas. For example, Zheng et al. (2022) used the
landscape indices to conduct a detailed study on the driving mechanism
of spatiotemporal patterns in the Huang-Huai-Hai Plain. Yuan et al.
(2021) studied the spatiotemporal characteristics in landscape patterns
in the core area of urbanization, which is between Zhengzhou City and
Kaifeng City in China. In recent years, some scholars have studied the
characteristics in landscape patterns in Southwest China. For example,
Liu et al. (2022c) explored the spatiotemporal evolution in landscape
patterns in the Guangxi Zhuang Autonomous Region and analysed the
relationship between landscape patterns and ecosystem service
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Fig. 1. Location of Guiyang City.

function. However, the relatively little research has been conducted in
the rapidly urbanized southwestern regions, especially in the karst
mountainous cities.

Landscape indices can be used to quantitatively reflect the complex
structure, spatial configuration and other characteristics (Cheung et al.,
2016; Li et al., 2020). The core goal in studying changes in landscape
patterns is to strengthen the combination of landscape indices and
ecological processes to improve the scientific nature of pattern analysis
(Li and Wu, 2004; Zhang et al., 2020). Several studies had used land-
scape indices to analyse landscape patterns. For example, Mohamed
etal. (2021) found that a total of eight indices were the optimal metric to
evaluated the spatial patterns of landscape structure. The landscape
scale reflects the spatial heterogeneity of a landscape and it is used as a
research core of landscape ecology (Fu et al., 2011). Since the landscape
indices are highly dependent on the observation scale, the scale effect of
landscape patterns must be considered in studies (Fang et al., 2017). The
relationship between landscape indices and scale has been considered in
the previous studies, but the optimal landscape scale obtained varies.
For example, Yuan et al. (2021) found that the optimal grain was 120 m
in Hangzhou city with rapid urbanization. Wang et al. (2021b) found
that the optimal grain was 60 m to analysis landscape patterns in
Shanghai City. Moreover, due to the high correlation and redundancy
between landscape indices and the difference of research objects and
purposes, the optimal landscape indices are often distinct (Jia et al.,
2019; Wang et al., 2021b). In addition, the optimal scales for analyzing
landscape pattern characteristics are different due to data source dif-
ferences and heterogeneity of landscapes in different regions (Wang
et al., 2018). Currently, researchers typically refer directly to previous

studies for selecting indices, which is easy to leads to a certain degree of
blind obedience, and the persuasion in describing the landscape pattern
is not strong (Kupfer, 2012). Therefore, it is of great significance to select
the optimal landscape indices and scale for effectively promoting sus-
tainable landscape planning and management (Tian et al., 2019).
Along with the rise of extensive landscape changes and urbanization
around the world, especially in developing countries, this phenomenon
has increased in karst mountainous areas in recent decades and has led
to widespread changes in the spatial pattern of the landscape (Liu et al.,
2022b). Guiyang City is located in the centre of the Yunnan-Guizhou
Plateau in southern China, which is the most typical and complex
karst region in the world (Chen et al., 2021a). In addition, carbonates
form soil slowly due to the high solubility and low acid-insoluble matter
content of widely distributed carbonate rocks (Gong et al., 2021).
Meanwhile, the region is characterized by broken surfaces, poor regu-
lation and water conservation, and complex and diverse micro-
landforms that are affected and constrained by the special geological
contexts and climatic conditions (Hu et al., 2020; Xiao et al., 2023;
Zhang et al., 2020; Zhang et al., 2022). Consequently, there are many
ecological problems, such as high rock exposure rate, thin karst soil
layer, serious soil erosion and water resource shortage, and it has
become the largest and most concentrated ecologically fragile area (Liu
et al., 2022a; Xiao et al., 2023; Zhang et al., 2022; Zhang et al., 2021). In
the process of urbanization in the mountainous areas, the significant
decrease of vegetation coverage was caused by the encroachment of
construction land on cultivated land and woodland (Liu et al., 2022a).
As urbanization in mountainous regions concentrates in intermountain
hills formed by various geomorphological processes, single and
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continuous natural patches have become complex, heterogeneous and
discontinuous mosaics (Li et al., 2017). In addition, ecological projects
have huge impacts on vegetation restoration, which caused the large-
scale transformation of land use types (Liu et al., 2022a). Several
ecological restoration projects and studies on ecological protection have
been carried out to quantify the impacts of ecological projects on the
local ecological environment and improve the fragile ecological envi-
ronment (Gong et al., 2021). These changes had some impact on land-
scape patterns and ecological environments. Therefore, quantifying
landscape patterns and their changes is essential for the monitoring and
assessment of the ecological consequences of urbanization and subse-
quent decision-making.

There are significant differences in the ability of different landscape
indices to measure characteristics of landscape patterns. However, to the
best of our knowledge, there are no set of overall indices suitable and the
optimal scale for karst urban landscapes and applied to landscape
pattern analysis in the study of urban landscape patterns, especially in
karst areas with fragile ecological environments. Therefore, in this
study, Guiyang City was selected as the research area to determine a set
of landscape indices suitable for karst cities and analyse the spatio-
temporal characteristics of landscape patterns in the study area to pro-
vide theoretical support for ecologically sustainable regional planning.
The aims of this study were (1) to reveal reasonable landscape indices
for landscape pattern analysis in karst mountainous regions; (2) to
determine the optimal landscape scale (grain and extent) of karst
landscape pattern analysis; and (3) to reveal the landscape pattern
changes in Guiyang City from 1995 to 2019 based on the optimal
landscape indices and scale.

2. Materials and methods
2.1. Study area

Guiyang City (106°07'-107°17'E, 26°11-26°55'N), located in the
middle of the Yunnan-Guizhou Plateau and Guizhou Province (Fig. 1),
and contains one county-level city, three counties, and six districts, with
an area of 8043.37 km? (Luo et al., 2022; Wang et al., 2022). The climate
type in the region is a subtropical monsoon climate with an average
annual temperature and precipitation of 15.3 °C and 1197-1248 mm,
respectively (Wang et al., 2022). The geomorphology of the area consists
of a hilly karst basin area dominated by mountains and hills, with an
elevation of 1180 m. The terrain of the area is generally high in the
southwest and low in the northeast (Chen et al., 2021b). The karst basin,
valley and eroded depression are covered with clustered hills, and the
karst environment is fragile (Zhou et al., 2022). Under the guidance of
the overall urban planning of Guiyang City (1996-2010) and
(2011-2020) approved by the Stats Council since 1990, Guiyang City
has entered the stage of rapid development and the urbanization rate
increased from 58.12% in 1995 to 78.80% in 2019 (Wang et al., 2022;
Yang et al., 2020). Although the province’s economy is relatively un-
derdeveloped, Guiyang’s GDP has grown exponentially, and the total
population of 5.99 million in 2019 according to official statistics (Bai
et al., 2023; Liao et al., 2022). Under the guidance of the plan for con-
structing a national demonstration city of ecological civilization in
Guiyang (2012-2020) approved by the States Council in 2012, Guiyang
City has continuously strengthened its efforts to protect the ecological
environment and aims for sustainable ecological development (Peng
et al., 2015). Under the coupling effect of economic development and
environmental protection, intense human activities and special geolog-
ical conditions have induced drastic changes in landscape patterns,
which affected the stability and natural recovery ability of karst ecology,
and brought challenges to local economic development and environ-
mental protection (Chen et al., 2022; Dai and Wang, 2023). The city is
chosen as the study area, because it is a typical karst vulnerable area and
an important central city in Southwest China (Li et al., 2022b; Liu et al.,
2022b). Additionally, this area is also the capital city of Guizhou
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Table 1

Landsat image data used in the study.
Year Satellite Sensor Date Path/Row
1995 Landsat-5 ™ Sep. 1995 127/41, 127/42
2000 Landsat-5 ™ Dec. 1999 127/41, 127/42
2005 Landsat-5 ™ Dec. 2004 127/41, 127/42
2010 Landsat-5 ™ Sep. 2009 127/41, 127/42
2015 Landsat-8 OLI-TIRS Dec. 2015 127/41, 127/42
2019 Landsat-8 OLI-TIRS Sep. 2019 127/41, 127/42

Province, which has rich forestry resources and a high forest carbon sink
capacity, contributing to the global carbon sink (Bai et al., 2023).
Studying the spatiotemporal characteristics in landscape patterns can
provide a reference for the ecological restoration of karst areas, which is
of great significance for promoting coordinated regional low-carbon
development, and achieving the sustainable goal of “economy and
ecology”.

2.2. Data collection and processing

2.2.1. Data source

In this study, the main sources of data were Landsat-5 Thematic
Mapper (TM) images for 1995, 2000, 2005 and 2010 and Landsat-8
Operational Land Imager (OLI) images for 2015 and 2019. Remote
satellite images and digital elevation model (DEM) were collected from
the website of the United States Geological Survey (USGS) (https:
//glouvis.usgs.gov/) and geographical spatial data (https://www.gs
cloud.cn/). The road density data are derived from the OpenStreetMap
platform (https://www.openstreetmap.org/). The cloud content of all of
the remote images was less than 5% with a spatial resolution of 30 m x
30 m, and the image quality was good. In addition, the coordinate sys-
tem of all images was uniformly resampled to the WGS_1984_UTM_Zo-
ne 48N projection coordinate system. The information on satellite
orbital parameters is listed in Table 1.

2.2.2. Data processing

First, the fast line-of-sight atmospheric analysis of spectral hyper-
cubes (FLAASH) module in environment for visualizing images (ENVI)
5.3 software was applied for radiometric and atmospheric correction
(Wang et al., 2019). Radiometric calibration parameters exist in meta-
data files and can be read automatically using Radiometric Correction
tools in ENVI software. Second, considering the different sources of
Landsat images, the best band combination was selected according to
the principle of high separability. Then, geometric corrections were
performed on the satellite images in ENVI 5.3 software based on a
1:10,000 topographical map obtained from the Bureau of Surveying,
Mapping and Geographic Information of Guizhou Province. For the
classification, the Landsat-8 OLI images in 2015 and 2019 were selected
short wave infrared (SWIR), near-infrared (NIR) and green bands, and
the Landsat-5 TM images in 1995, 2000, 2005 and 2010 were selected
SWIR, NIR and red bands. Furthermore, according to China’s land use
classification standard (GB/T 21010-2017) and interpreted by the
combination of the support vector machine supervised classification
method and manual visual interpretation, the land use types were
classified into 6 categories, including cultivated land, woodland, grass-
land, construction land, waterbody and unused land. Support vector
machine is able to classify the data based on a very sophisticated sta-
tistical spatial analysis, identifying each land use type to its highest
accuracy (Ul Din and Mak, 2021). For each land-use type, a sufficient
number of training samples were first collected through visual inter-
pretation of remote sensing images. Then, the separability test of the
selected samples was implemented to ensure the independence of the
samples. Finally, the confusion matrix method based on random points
was used to ensure the accuracy of data classification. Two hundred
points in each image were selected from high-resolution images of
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Google history images to verify the accuracy, and the Kappa index was
calculated to evaluate the accuracy of classification images (Xu et al.,
2019). The overall classification accuracy of each period and the clas-
sification accuracy of each land use type were more than 85%, with a
Kappa coefficient greater than 0.75.

2.3. Methods

2.3.1. Calculation of landscape indices

Landscape indices are one of the most effective methods to quantify
landscape pattern characteristics. Due to the complexity and diversity of
landscape indices, reasonable selection of the landscape pattern index is
the key to scientific landscape pattern analysis. FRAGSTATS is a widely
used landscape pattern analysis software that has powerful calculation
and analysis functions. It can calculate three levels of landscape indices,
namely, patch, class, and landscape (Alhamad et al., 2011). This study
focused on the characteristics of different landscape types and the
overall landscape in the study area. Accordingly, sixty-nine of the most
representative used landscape level indices were calculated using
FRAGSTATS 4.2. In addition, ArcGIS was used to process and calculate
the Gibbs Martin diversity index, topographic position index, proportion
of woodland, which can represent characteristics in karst mountainous
regions, and proportion of urban area and road density, which can
represent urbanization (Li et al., 2022b; Maity et al., 2021). These
indices generally represented six main aspects of landscape structure,
namely, “area/perimeter/density”, “diversity”, “shape”, “contagion”,
“karst traits” and “urbanization”.

2.3.2. Correlation analysis and principal component analysis

Due to the strong correlation between some indices, information
redundancy may occur in landscape pattern analysis. The principal
component analysis can reduce multidimensional data to lower

dimensions, while retaining most of the information, by using orthog-
onal transformation to convert a set of observations of possibly corre-
lated variables into a set of values of linearly uncorrelated variables
(Migenda et al., 2021). The larger the contribution rate of the principal
component, the more content the initial variable represented (Yang and
Wang, 2021). Therefore, the landscape indices with high correlation
were eliminated through correlation analysis to reduce the information
redundancy. Then, we employed principal component analysis to
determine the optimal indices of among landscape indices by identifying
the core landscape indices which explained the landscape variability.

2.3.3. Scaling-up and inflection point analysis

For grain size analysis, selecting the landscape type dataset in 2019
as the sample, the resampling method in ArcGIS 10.5 was used to
resample the grid size ranging from the original spatial resolution of 30
m to the maximum of 300 m with 10 m increments. Under the optimal
particle size, the moving window method was used to analyse the extent
effect of the landscape indices, and can further observe the fragmenta-
tion and spatial variation of landscape pattern. As landscape pattern
analysis is dependent on scale, a smaller scale always ignores the
complexity of landscape function and structure, and a larger scale sim-
plifies input parameters. According to the landscape index changes
greatly near the inflection point, in this study, the inflection point
analysis method was used to comprehensively analyse the change trend
of landscape indices with grain and extent and determine the first scale
domain according to the obvious scale turning point (Fu et al., 2021).

2.3.4. Information loss evaluation model

To measure the overall information loss degree of landscapes in the
resampling process and further determine the optimal scale, the grid size
in the first scale domain was used as the abscissa. Meanwhile, the change
value of the regional land area was used as the ordinate for graphical
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Table 2
List of landscape indices used in the study.
Landscape indices Abbreviation Landscape indices Abbreviation
Patch density PD Area-weighted mean SHAPE_ AM
shape index
Largest patch index LPI Standard deviation in SHAPE_SD
shape index
Edge density ED Mean fractal dimension FRAC_MN
index
Coefficient of AREA_CV Area-weighted mean FRAC_AM
variation in patch fractal dimension index
area
Mean radius of GYRATE_MN Mean contiguity index CONTIG_MN
gyration
Coefficient of GYRATE_CV Standard deviation CONTIG_SD
variation in radius index in contiguity index
of gyration
Shannon’s diversity SHDI Landscape shape index LSI
index
Contagion index CONTAG Area-weighted mean CIRCLE_AM
related circumscribing
circle
Interspersion and I Connectance index CONNECT
Juxtaposition index
Perimeter area fractal PAFRAC Proportion of urban area Ul
dimension index
Mean shape index SHAPE_MN Gibbs-Martin diversity GM

index

Table 3
Eigenvalues and proportion of total variance and cumulative variance based on
principal components analysis.

Groups Factor  Eigenvalues Variance Cumulative
(%) variance (%)
Area/Perimeter/ 1 4.027 67.123 67.123
Density
2 1.789 29.818 96.941
Shape 1 5.607 62.297 62.297
2 2.948 32.754 95.051
Contagion 1 2.984 74.607 74.607
2 0.860 21.510 96.117

analysis. The information loss evaluation model was adopted here (Xu
et al., 2012):

L = (Ai — Api) /Api % 100 (€D)]

(2)

where L; refers to the relative value of area loss, n is the total number of
landscape types, S refers to the total value of area loss, and A; and Ay,
refer to the area of a type after scale conversion and before scale con-
version, respectively.

3. Results
3.1. Optimal landscape indices and scale in karst mountainous regions

3.1.1. Optimal landscape indices

The results showed that there was a strong correlation among
landscape indices in the correlation analysis (Fig. 2). Fifty-two out of the
original seventy-four highly correlated indices were eliminated, leaving
only twenty-two representative indices (Table 2). The results of prin-
cipal component analysis showed that the cumulative contribution of
the first two components of the area/perimeter/density index, shape
index and contagion index reached 96.941%, 95.051% and 96.117%,
which could essentially reflect most of the information of the original

Table 4
Principal component eigenvector and load.
Group Landscape Eigenvector Load
indices
1 2 1 2
Area/Perimeter/ PD —-0.976 0.209 —1.959 0.280
Density
LPI 0.736 0.631 1.477 0.844
ED -0.977 —0.057 —1.961 —0.076
AREA CV 0.647 0.747 1.298 0.999
GYRATE_MN 0.560 —0.800 1.124 —-1.070
GYRATE_CV 0.920 0.382 1.846 —0.511
Shape SHAPE_MN 0.370 0.922 0.876 1.583
SHAPE_AM 0.696 —0.635 1.648 —1.090
SHAPE _SD 0.684 0.661 1.620 1.135
FRAC_MN 0.545 0.822 1.291 1.411
FRAC_AM 0.877 —0.472 2.077 —0.810
CONTIG_MN 0.994 —0.048 2.354 —0.082
CONTIG_SD 0.992 —0.097 2.349 —-0.167
LSI —0.816 0.571 —1.932 0.980
CIRCLE_AM 0.904 0.145 2.141 0.249
Contagion CONTAG 0.895 0.427 1.546 0.396
1JI —0.803 0.546 —1.387 0.506
CONNECT 0.873 —0.404 1.508 —0.375
PAFRAC —0.881 —0.465 —1.522 —0.431

Notes: Patch density (PD); Largest patch index (LPI); Edge density (ED); Coef-
ficient of variation in patch area (AREA_CV); Mean radius of gyration (GYRA-
TE_MN); Coefficient of variation in radius of gyration (GYRATE_CV); Mean
shape index (SHAPE_MN); Area-weighted mean shape index (SHAPE_AM);
Standard deviation in shape index (SHAPE_SD); Mean fractal dimension index
(FRAC_MN); Area-weighted mean fractal dimension index (FRAC_AM); Mean
contiguity index (CONTIG_MN); Standard deviation index in contiguity index
(CONTIG_SD); Landscape shape index (LSI); Area-weighted mean related cir-
cumscribing circle (CIRCLE_AM); Contagion index (CONTAG); Interspersion and
Juxtaposition index (1JI); Connectance index (CONNECT); Perimeter area fractal
dimension index (PAFRAC).

indices (Table 3). Among them, in the area/perimeter/density indices,
the first and second principal components generated the highest load-
ings for edge density (ED) (-1.961) and mean radius of gyration
(GYRATE_MN) (-1.070), respectively. In the shape indices, the first and
second principal components generated the highest loadings for mean
contiguity index (CONTIG_MN) (2.354) and mean shape index
(SHAPE_MN) (-1.583), respectively. In the area of contagion indices, the
first and second principal components generated the highest loadings for
contagion (CONTAG) (1.546) and Interspersion and Juxtaposition index
(1JI) (0.506), respectively (Table 4). We selected the index that produced
the highest loading of principal components. In addition, Shannon’s
diversity index (SHDI), proportion of urban area (UI) and Gibbs-Martin
diversity index (GM) were selected from landscape diversity, urbaniza-
tion and indices of karst traits, respectively. Therefore, nine indices were
selected for subsequent analysis.

3.1.2. Optimal landscape grain

There are four types of response curves for the 9 indices (Fig. 3). Type
1 was the relation of concave curve. These response curves correspond to
SHAPE_MN, CONTAG and COTIG_MN (Fig. 3(a and b)). The change
trend of the indices showed an overall downtrend with the rapidly
changing speed at 30-90 m. As the grain size increased, these curves
were flattened after 120 m. Type 2 was the relation of no-law scaling.
With changing grain size, the IJI response curves showed small-
amplitude fluctuations, while the UI and GM response curves
remained basically unchanged without obvious regularity (Fig. 3(b and
c)). Type 3 was the relation of sensitivity. A significant scale effect was
not observed for SHDI in the diversity indices at 30-120 m, whereas
SHDI had great change with irregular fluctuation after 120 m (Fig. 3(c)).
Type 4 was the relation of monotone function. These response curves
correspond to ED and GYRATE_MN, showing a monotonic increasing or
decreasing trend with an inconspicuous inflection point (Fig. 3(d)).
Since most of indices were sensitive to the grain size of 30 to 120 m,
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Gibbs-Martin diversity index (GM).
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Fig. 4. Information loss of landscape types for different grain sizes.

30-120 m was identified as the first scale domain.

Following the method described in Formulas (1) and (2), we calcu-
lated the information loss for the first scale domain. Overall, information
loss fluctuates with increasing grain size (Fig. 4). When the grid reso-
lution was between [30, 50] and [80, 90], the information loss was

smaller than other resolutions, which was less than 0.10 in both. Slightly
larger grains should be selected as an optimal scale in the first scale
domain, which reflects better landscape characteristic information
while requiring less data-processing time (Wang et al., 2021b). The
optimal grain of landscape patterns analysis in this study was 90 m based
on the results of grain effect analysis and information loss evaluation.

3.1.3. Optimal landscape extent

Under the optimal particle size of 90 m, the moving window method
was used to analyse the extent effect of the landscape indices. We used
the interval of 180 m as the size of the moving window and set 17 grades
from 270 m to 3150 m. With increasing extent, there were two types of
response curves (Fig. 5). Type 1 was the relation of increasing scaling
with an obvious inflection point at 990 m. These curves correspond to
GYRATE_MN, ED, CONTAG, SHAPE MN, GM and SHDI. Another type
was the relation of decreasing scaling with an inflection point at 990 m.
These curves correspond to IJI, CONTIG_MN and UI (Fig. 5(b — d)). The
loss of spatial information is caused by an oversized spatial range, and
the spatial internal information cannot be reflected to a smaller extent.
Therefore, the optimal extent of this study was 990 m.

3.2. Landscape structure characteristics based on the optimal scale

3.2.1. Temporal variation

The landscape structures of Guiyang City notably changed from 1995
to 2019, and the area distribution of various landscape types was uneven
(Fig. 6). Cultivated land and woodland were the dominant landscape
types, with their area accounting for more than 72% of the total area.



C. Hu et al.

110 —=—ED

601 l/

—O—GYRATE MN (@)

] o—9—0—0_o o

%100 /./ 1 oo "".—._o——.—c—c

Z 90{ 8 i

[5)

Q I

5 80 i

qé’ ! —n—E—u—u—N
—m—a—a—E—E—

g 704 ® I a—u—N

(=W

3

=

Z

1
I
I
I
501 = |
1
1
“0wh-——-————————
S O O OO DO OO oo oo oo oo
SV N — MmN — AN =N~ 0N
AN <t O 0N —~ N N> OoO AN T O~ —
e e = = AN AN AN AN AN
137 e CcONTIG! MN (c)
+

1 4] —+—SHAPE_ MN

S}
h

(

Contagion

0.2 |

1

I

0.11 !

1
-t
S OO O OO OO OO O OO oo oo
SN -~~~V — Qv =N n
AN O 0N — N N> Oo AT OSSR~
ban B B T BN Bo BN o I o B o B o\ B egl

Extent (m)

Ecological Indicators 150 (2023) 110211

907 —=— CONTAG

—e—1JI 1 (b)
80 :
I
70 !
60+ !
<L&‘;50 '
1 I
= I
401 . =
1
30 :
I
20 \
I
) S —
O O OO OO OO oo oo oo o oo
SN — MmN — A uVnon =N~ n
ANt O 0N — N VN> AN T O~ —
— e e = = AN AN AN AN AN AN N
12, —=—SHDI (d)
L U
= 0] —GM
-§1.0 ,
= 0.9
=] 1
£ 0.8 I
ey 1
o071 I
= 1
_go.s- ;
QO.S- 1
2041 \
go.s- X
8 0.2 X
0.1 !
-t
O O O OO OO o oo oo oo oo
SN -~V — A unen — N0
ANt O 0N — NI~ Oo AN T O~ —
— e e — N AN AN AN AN AN N
Extent (m)

Fig. 5. Landscape indices for various extent sizes Notes: Edge density (ED); Mean radius of gyration (GYRATE_MN); Contagion index (CONTAG); Interspersion and
Juxtaposition index (IJI); Mean contiguity index (CONTIG_MN); Mean shape index (SHAPE_MN); Shannon’s diversity index (SHDI); Proportion of urban area (UI);

Gibbs-Martin diversity index (GM).

However, the area of woodland and construction land increased signif-
icantly, with increment areas of 1282.77 km? and 414.26 km? and
change rates of 16.30% and 5.26%, respectively. In addition, cultivated
land, unused land and grassland declined with change rates of 7.98%,
7.32% and 6.18%, respectively (Table 5). This might be related to the
occupation of cultivated land due to the growth of population and
economy and the implementation of the ecological policy (e.g., the
Grain for Green Program). From 1995 to 2019, the landscape types of
Guiyang changed dramatically, showing the characteristics of “urbani-
zation and ecologization”, which might be related to the increasing area
of construction land caused by urbanization and the simultaneous
increasing area of woodland due to the implementation of Reforestation
Project in 1999 (Chen et al., 2022).

3.2.2. Spatial variation

The transformation process between different landscape types was
frequent from 1995 to 2019, mainly due to the violent transfer among
cultivated land, construction land and woodland (Fig. 6, Fig. 7). The
conversion of cultivated land to construction land was drastic with a
changed 187.17 km? from 2010 to 2015. Spatial distribution displayed
obvious directionality, showing a multiaxial distribution pattern with
the combination of internal filling and external spread, which might be
related to the urban development in two ways: first, in the form of urban
continuous development through the growth of previous old city, and
second, as a discontinuous expansion in the form of the creation of new
clusters in remote areas (Dadashpoor et al., 2019). The area of woodland
and construction land expanded synchronously, showing a banded dis-
tribution pattern. It showed that in this period from 1995 to 2019, a
series of national ecological protection projects and policies have

obvious effects on the restoration of forest cover, such as the Pearl river
Shelter-belt Project (1996), Reforestation Project (1999) and the con-
struction of forest belt around Guiyang City after 2000 (Chen et al.,
2022; Li et al., 2022b). Relying on the unique urban relic mountain
resources of karst mountainous cities, a “Forest-Urban” mosaic
ecological landscape was formed in the city from outside to inside after
2015.

3.3. Changes in landscape indices

3.3.1. Landscape level

The values of ED and GM were generally high in the study area, while
the value of CONTAG was at a low level, which showed that the frag-
mentation of the landscape was significant from 1995 to 2019 (Fig. 8).
High values of the ED, SHDI and GM in the northwestern part of the
study area were gradually spread to the central, northeastern and
southern parts, which indicated that the land use structure was diver-
sified. The higher value of SHAPE_MN in the northern and southwestern
parts indicated that the landscape complexity increased to a certain
extent, which is conducive to the survival of marginal heterogeneous
populations and the improvement of biodiversity (Rao et al., 2021).
However, the shape of landscape patches was relatively regular, with a
value of SHAPE_MN close to 1.0, which was related to urbanization
expansion. This urbanization expansion had caused the continuous
natural patches to become discontinuous mosaic (Luo et al., 2022). In
addition, due to the implementation of a series of ecological restoration
measures (especially the Grain for Green Program), cultivated land in
the northwestern part had been largely transformed into woodland,
which enhanced the landscape connectivity. The spatial distribution
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Fig. 6. Spatial distribution map of landscape types.

Table 5
The area (km?) and ratio (%) of different landscape types from 1995 to 2019.
Land Use Types 1995 2000 2005 2010 2015 2019
Area Ratio Area Ratio Area Ratio Area Ratio Area Ratio Area Ratio
Cultivated land 3237.98 41.14 3053.34 38.79 2883.03 36.63 2827.63 35.93 2686.80 34.14 2610.22 33.16
Woodland 2462.95 31.29 2819.58 35.82 3170.06 40.28 3409.87 43.32 3597.56 45.71 3745.72 47.59
Grassland 828.78 10.53 709.31 9.01 589.58 7.49 544.68 6.92 522.80 6.64 342.43 4.35
Construction land 149.07 1.89 217.74 2.77 287.03 3.65 373.73 4.75 477.34 6.06 563.33 7.16
Waterbody 138.66 1.76 106.61 1.35 92.63 1.18 102.93 1.31 123.28 1.57 132.09 1.68
Unused land 1053.32 13.38 964.20 12.25 848.43 10.78 611.92 7.77 462.99 5.88 476.98 6.06

characteristics of Ul indicated that the urban area was centred on the old
city of the study area and spread to other areas, gradually forming the
development mode of “multiple group”.

3.3.2. Class level

The characteristics of different landscape types were significantly
different (Fig. 9). The ED value of cultivated land was the highest, fol-
lowed by that of woodland, whereas the ED values of construction land
and waterbody were low. For the 1JI, the value of each landscape type
was mainly concentrated between 65% and 80%. This indicated that the
areas with serious landscape fragmentation were mainly distributed
over cultivated land and woodland, and that the landscape heteroge-
neity was high. For GYRATE_MN, it increased and then decreased for
construction land. Taking the time node in 2010, the expansion mode of
urban integration and emerging urban construction was formed suc-
cessively. Under the guidance of the overall urban planning of Guiyang
City (1996-2010) and (2011-2020) approved by the Stats Council since

1990, Guiyang City has entered the stage of rapid development, which
had caused the dramatic change in landscape types. For SHAPE_MN, the
changes in cultivated land, woodland and construction land were rela-
tively stable. However, the patch shapes of the other landscape types
fluctuated due to their smaller areas. In addition, for CONTIG_MN, the
value of woodland was significantly larger than other landscape types,
which indicated that the proximity between woodland patches was
higher than that between other landscape types; however, the connec-
tivity was still poor. This result demonstrated large-scale implementa-
tion of a series of ecological protection projects have achieved
remarkable results on the restoration of forest cover and environmental
protection (Huang et al., 2021; Qiao et al., 2021; Wang et al., 2021a).
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4. Discussion
4.1. Analysis of accuracy and comparison with other related researches

A landscape index condenses landscape information, which is the
general expression of landscape information (Liu et al., 2020). There are
significant differences in the ability of different landscape indices to
measure landscape pattern characteristics. Therefore, identifying the
key landscape indices could assist in understanding the intrinsic rela-
tionship between landscape patterns and ecological processes, which is
an important basis for ecological protection and planning (Tian, 2020;
Zhang et al., 2020). Due to the strong correlation between many indices
describing landscape patterns, the direct selection method can easily
lead to redundancy among indicators, whereas it is not persuasive to
describe landscape patterns with a set of landscape indices that were not
independent of each other (Wang et al., 2021c¢). Correlation analysis and
principal component analysis are used to determine the optimal land-
scape indices, which has been verified, and the results have been
demonstrated to be reliable (Toosi et al., 2022; Topaloglu et al., 2021).
Herein, a principal component analysis was used to determine the
optimal landscape indices, we found that the optimal landscape indices
were ED, GYRATE_MN, CONTIG_MN, SHAPE_MN, CONTAG, LJI, SHDI,
GM and UI (Table 4). This was not completely consistent with landscape
indices selected by previous landscape pattern analysis in the same
latitude and other karst mountainous regions, which might be related to
different study purposes and study areas (Table 6). Several studies
usually consider the various study objects and focused on selecting
relevant landscape indices by evaluating the response of landscape
indices for changes in specific landscape types (Guo et al., 2021; Qin
et al., 2022; Toosi et al., 2022). At the same latitude (Miami metropol-
itan area and Dongting Lake Basin), the spatial heterogeneity of the
study area may also lead to inconsistent results (Ning and Ouyang, 2023;

Rifat and Liu, 2019). In addition, most studies have mainly based their
methods on the established empirical choices of others, which may be
one of the reasons for the different results (Barwicka and Milecka, 2021;
Li et al., 2019).

The characteristics of landscape patterns are significantly different
with the change of scales. The optimal landscape scale can be used to not
only accurately explore spatiotemporal variation characteristics of
landscape patterns, but also to scientifically disclose variation laws of
ecological structures and functions of landscapes (Tian et al., 2019). On
the premise of optimal indices in this study, the optimal scale was
determined based on the selection of optimal landscape indices using
qualitative and quantitative methods. These methods have been widely
verified in Fujian, Shanghai, the Three Gorges Reservoir, and other
places (Ai et al., 2022; Guan et al., 2022; Wang et al., 2021b; Zhang
et al., 2020). We found that the most appropriate grain and extent in
Guiyang City were 90 m and 1000 m, respectively (Fig. 5). These are
distinct from the results of studies in other regions of the same latitude
and abroad, which may be affected by the resolution of basic data and
the study area (Table 7). For one thing, the resolution of a remote
sensing image is a significant parameter underlying scale, which affects
the determination of the optimal landscape scale (Alhamad et al., 2011).
If the accuracy of basic data is higher, then the optimal scale is always
smaller (Ai et al., 2022; Campagnaro et al., 2017; Hu et al., 2022; Pham
et al.,, 2021). For another, the differences in the driving factors for
changes in regional landscape patterns and the study area will lead to
differences in the optimal scale (Ren et al., 2018; Wang and Li, 2021;
Wang et al., 2021b; Xu et al., 2020). In addition, to determine the
optimal landscape extent, previous research proposed an alternative
approach where the sample unit should be 2 to 5 times larger than the
landscape grain to avoid bias (Farina, 2022). However, the result of this
study was 8.3 times larger than the average patch area, which was larger
than the result calculated using the previous method. This difference
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might be attributed to the fragmentation of the terrain. Some landscapes
are divided into a large number of small patches because of the partic-
ular physiognomy in karst regions, resulting in large landscape frag-
mentation and a small average patch area (Fig. 8). Here, in this study,
the optimal scale reduces the error caused by scale dependence and
compensates for the deficiency in the research of extent in karst
mountain cities, which is helpful to understand the internal relationship
between landscape pattern and ecological process, and provide a series
of sustainable ecological planning and protection decisions.

10

4.2. Changes of landscape patterns

With global development and rapid urbanization, human activities
and natural drivers affect landscape patterns which in turn influence
biodiversity and ecosystem function, which further impact ecosystem
services and human wellbeing (Gong et al., 2021; Wu, 2021). In this
study, the area of construction land in Guiyang City increased from
149.07 km? in 1995 to 563.33 km? in 2019, with a tendency of clearly
decreasing cultivated land (Table 5). This finding is consistent with the
results of the relevant study (Luo et al., 2022). Urban expansion caused
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Table 6

Comparison with the results of other scholars.

Study area

Landscape indices

Date Sources

Karst region in Sichuan Basin
Persian Gulf in southern Iran

Liuzhou city in Guangxi Zhuang
Autonomous Region

Miami Metropolitan Area

Dongting Lake Basin

NP, LSI, CONTAG.
MESH
TE. PD, SPLIT,
CONTAG. SHDI, et al.
NP, LSI, SPLIT,
CONTAG. Al. SHDI,
SHEI
NP, LPI, LSI, SHAPE AM

FRAC, CONTAG. SHDI,

(Guo et al.,
2021)
(Toosi et al.,
2022)
(Qinetal., 2022)

(Rifat and Liu,
2019)
(Ning and

by human activities is an important factor in landscape pattern change.
Urbanization is an important engine of modernization and economic
growth, which can promote regional economic and social development,
but also caused dramatic changes in landscape patterns (Hong et al.,
2021). Driven by population factors, construction land is mainly
increased by encroaching on cultivated land and ecological land (such as
woodland and grassland) (Luo et al., 2022). In addition, the spatial
distribution characteristics of construction land and woodland types are
obvious and a “Forest-Urban” mosaic ecological landscape was formed
in the city from outside to inside (Fig. 6, Fig. 7). It might be influenced
by urban planning and land use policy. Woodland gradually becomes the
dominated landscape type in the study area, with a tendency of clearly
increasing (Table 5, Fig. 6). This finding is consistent with the results of

SHEI, LJI Ouyang, 2023 . P N
vang ) relevant studies (Luo et al., 2022; Wang et al., 2022). This is mainly
benefited by the large-scale implementation of a series of ecological
protection projects (such as the Grain for Green Program, closed hillside
Table 7
Comparison of different research results.
Study area Area (kmz) Data types Grain (m) Extent (m) Date Sources
Anshun in Guizhou 300.54 Pleiades satellite images 20 - (Ren et al., 2018)
Haitan Island in Fujian 324.88 Landsat satellite images 75 - (Ai et al., 2022)
Nanchang in Jiangxi 7195.00 Landsat satellite images 30 - (Wang and Li, 2021)
Shanghai 6340.00 Landsat satellite images 60 - (Wang et al., 2021b)
Jordan 2500.00 Landsat satellite images 85.5-256.5 - (Alhamad et al., 2011)
Conterminous United States 8,059,023.00 National Land Cover Database 9930 - (Xu et al., 2020)
Tovanella 10.40 Aerial photos - 200-400 (Campagnaro et al., 2017)
The Complex of Hué Monuments 218.00 SPOT imagery data - 550 (Pham et al., 2021)
Haitan Island in Fujian 324.88 Landsat satellite images - 1050 (Ai et al., 2022)
Fuzhou in Fyjian 11,968.00 Landsat satellite images - 3000 (Hu et al., 2022)
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afforestation and the Karst Rocky Desertification Restoration Project)
(Huang et al., 2021; Qiao et al., 2021; Wang et al., 2021a). These pro-
jects have greatly promoted the restoration of vegetation and improved
the karst ecological environment. In addition, industrial structure is also
an important factor to promote the dramatic change of landscape pat-
terns in Guiyang (Luo et al., 2022).

Different landscape pattern index could reflect different character-
istics in landscape patterns. In the study, the characteristics of high
overall landscape fragmentation, diversity and low landscape connec-
tivity, and urban expansion were reflected by ED, GM, CONTAG, and UI
(Fig. 8, Fig. 9). This result also agrees with the finding of Lu et al. (2021).
As a mountain city, urban expansion in Guiyang City was limited and
affected by geographic factors and government policies (Liao et al.,
2022). On the one hand, areas with low-lying terrain and flat topog-
raphy are conductive to human activities, which determines the basis of
the landscape fragmentation, especially in karst areas with special
geological conditions (Luo et al., 2022). On the other hand, the change
in the land use structure was caused by urbanization expansion, which
caused the continuous natural patches to become discontinuous mosaic
(Luo et al., 2022). This is the main reason for low landscape connec-
tivity, which may lead to the loss of animal and plant habitats, thus
bringing adverse effects on human sustainable development (Dadash-
poor et al., 2019). However, urban sprawl can also be beneficial and
urbanization sometimes increases species richness. For example,
Boscutti et al. (2022) showed that both increasing urban cover and patch
shape complexity contributed to increase the number of exotic species.
SHAPE_MN reflected the regular shape of the landscape (Fig. 8). The
infrastructure construction in mountainous cities with complex terrain
usually costs more in funds and materials than with higher technical
requirements than that in plain cities, which could also contribute to the
simpler patch shape in Guiyang City (He et al., 2022; Jia et al., 2020). In
addition, due to the ecological barrier with woodland as the advantage,
which has been actively built in Guiyang City, through the continuous
construction of forest belts around the city, eminent connectivity has
been gradually formed between woodland patches (Fig. 9). Some studies
have shown that negative impacts on biodiversity often result from the
decrease in habitat connectivity and ecosystem integrity and the
aggravation of edge effects (Li et al., 2022a). Therefore, unreasonable
urban planning and improved ecosystem landscape planning should be
corrected to promote healthy urban development and urban ecological
sustainability. In doing this, first, the laws of nature need to be respected
to maintain the integrity of the landscape of the natural landscape, such
as forests and rivers, as much as possible. Second, dynamically managed
to ensure the rational and orderly development of landscape structure.
In addition, we should pay attention to the construction between urban
ecological patches and enhance the connectivity between patches in
areas with obvious urban expansion and promote compact urban pat-
terns by connecting the natural corridors on both sides of the urban road
(Li et al., 2022a).

4.3. Uncertainty analysis and future outlook

In this study, optimal landscape indices and scales were determined,
which enhanced the accuracy of landscape patterns analysis in the karst
mountainous region and effectively and revealed the characteristics of
landscape pattern in the process of rapid urbanization. However, our
research still has certain uncertainties and limitations. The Landsat
satellite data used in this study have a medium-resolution of 30 m.
However, the main limitation of using landscape pattern indices is that
its sensitivity to quantifying urban form largely depends on the accuracy
of land use classification (Liu et al., 2021; Taubenbock et al., 2019). To
retrieve information about the characteristics and mechanisms of
landscape pattern changes at a finer scale, high spatial resolution im-
agery such as QuickBird and Lidar could be used in the future. In
addition, traditional two-dimensional landscape indices were selected in
the study of landscape scale effect, which focused on statistical surface
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morphology (Ge et al., 2021; Wu et al., 2017). Two-dimensional land-
scape indices could not express the spatial heterogeneity of complex
three-dimensional structures, especially for mountainous cities (Kong
et al., 2022). The development of urban areas is not only reflected in the
horizontal direction, but also has great changes in the vertical direction.
The three-dimensional features of urban areas can be more intuitively
reflected by landscape indices calculated based on the average height,
height standard deviation and floor area ratio of buildings (Canedoli
et al., 2022; Liu et al., 2017). Thus, future studies consider that three-
dimensional indices suitable for the study area should be constructed
to analyze landscape pattern characteristics more intuitively and
comprehensively. In addition, the tools are commonly used for identi-
fying the scale mainly include spatial statistics, landscape indices
methods and fractal dimension analysis (Gustafson, 2019). The land-
scape pattern indices method, as one of the research methods to study
the impact of scale effect on landscape pattern analysis, has been widely
used in landscape ecology (Alhamad et al., 2011). Landscape pattern
index method can only analyze landscape pattern at a single scale, and
many landscape pattern indices are sensitive to the boundary of the
study area (Deng et al., 2022). There, future studies should explore the
scale effect in multiple dimensions to better reveal the relationship be-
tween landscape patterns and ecological processes.

5. Conclusion

We concluded that nine landscape indices (i.e., ED, GYRATE_MN,
CONTIG_MN, SHAPE_MN, CONTAG, 1JI, SHDI, Ul and GM) were iden-
tified as the optimal landscape index for analyzing the landscape pattern
in Guiyang City, with the optimal landscape grain and extent of 90 m
and 1000 m, respectively. Woodland and cultivated land were the pre-
dominant landscape types during the study periods. However, the
landscape structure in Guiyang City from 1995 to 2019 was dramatically
changed with the constantly increment of woodland and construction
land, urbanization and ecologization were main trends of landscape
pattern changes. In addition, due to the implementation of a series of
ecological restoration measures, the continuity of the spatial distribu-
tion of the woodland always remained at a high level. Furthermore, the
landscape pattern in Guiyang City is still facing severe challenges for the
intensification of landscape fragmentation and regularization of patch
shape. The findings of this study can provide guidance and a reference
for landscape pattern planning at different development stages in karst
mountainous regions.
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