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Abstract: There are a large number of urban remnant mountains (URMs) in the 12 

built-up areas of karst mountainous cities, which are the main components of urban 13 

habitats and play a variety of irreplaceable ecosystem services functions such as 14 

maintaining local biodiversity. Based on InVEST model and Geographically Weighted 15 

Regression (GWR) model, this study quantitatively analyzed the spatial-temporal 16 

evolution characteristics of land use/land cover (LULC), landscape pattern and habitat 17 

quality (HQ), and explored the relationship between LULC and HQ in a typical karst 18 

mountainous city. Results showed: (1) From 2008 to 2018, LULC change in the study 19 

area was intense, with cultivated land and URMs being converted into construction 20 

land. Moreover, urban landscape fragmentation was serious and landscape patch 21 

spatial heterogeneity was high; (2) The overall level of HQ in the study area was low 22 

and the spatial aggregation characteristics were obvious. The high value area was 23 

mainly distributed in the area of large urban green space (UGS) and URMs, while the 24 

low value area was mainly concentrated in the area of construction land and traffic 25 

land;(3) GWR analysis showed that LULC was significantly correlated with HQ 26 

change, natural environment determined the overall distribution of HQ, human 27 

activities played a leading role in HQ change, and urbanization process had spatial 28 

heterogeneity on HQ change; (4) URMs iwas the main contributor of high level HQ, 29 

but its encroachment by construction land and the increase of surrounding building 30 

density make the quality of URMs habitat degraded obviously. It is urgent to 31 

strengthen the management of urban ecological environment and properly deal with 32 

the relationship between urban expansion and urban natural environment. This study 33 



is helpful to further understand the relationship between LULC and HQ evolution in 34 

karst mountainous cities, and is of great significance for urban biodiversity 35 

conservation, ecological security protection and high-quality urban development. 36 

Keywords: Mountainous city; Land-use and land-cove; Landscape pattern; InVEST 37 

model; Habitat quality 38 

1. Introduction:  39 

 Habitat quality (HQ) refers to the ability of ecosystem to provide suitable living 40 

conditions for maintaining species, which can reflect regional biodiversity and 41 

ecological service level to a certain extent (Hall et al., 1997; Zhang et al., 2020). With 42 

the rapid growth of global urbanization and urban population, about 70% of the global 43 

population will live in cities by 2050 (Muller A et al., 2015). The connection between 44 

human and nature is rapidly weakening, and the quality of habitat in urban areas will 45 

become an important factor in evaluating high-quality sustainable development of 46 

cities and ecological well-being of urban residents (Soga M and Gaston K J, 2016). 47 

Many cities are undergoing large-scale LULC conversion (Ramalho C E et al, 2014). 48 

Urban areas are constantly expanding to natural areas outside the boundary, and a 49 

large number of natural areas are rapidly losing, splitting and degrading (Esbah H et 50 

al, 2009). A series of urban environmental problems, such as soil erosion, 51 

environmental pollution, habitat degradation, biodiversity reduction, ecosystem 52 

imbalance, etc. (Su W et al., 2010; Xu, Y et al., 2018; Huang J et al., 2017; Fan F et 53 

al., 2022). Improving the urban ecological environment, enhancing the quality of 54 

urban living environment, and realizing the harmonious coexistence of man and 55 



nature in sustainable development have become a key goal of urban planning (Lin J et 56 

al., 2020; Peng J. Etal., 2020). As an important representation of urban ecological 57 

security, HQ assessment can reflect regional biodiversity and ecological service level, 58 

and has increasingly become a research hotspot in the field of ecological security (Bai 59 

L et al., 2019). 60 

According to current studies, HQ assessment mainly includes two methods: field 61 

investigation and model simulation (Yu W et al., 2020). HQ parameters in the study 62 

area were obtained and evaluated through field investigation and evaluation index 63 

construction (Liu Het al., 2012). However, the field investigation is time-consuming 64 

and labor-intensive, and it is only suitable for small area or specific environmental 65 

habitat survey, and it is difficult to carry out long-term dynamic monitoring of HQ 66 

changes. With the development of remote sensing technology, many scholars have 67 

studied HQ changes by using dynamic analysis method based on multi-phase remote 68 

sensing image construction model, such as Habitat Suitability Index Model (HSI) (Yu 69 

W et al., 2021; Liu W et al., 2021), Maximum Entropy Model (MaxEnt)(Wang Y et al., 70 

2021), Integrated Valuation of Ecosystem Services and Trade-offs 71 

Model(InVEST)(Yang Y; 2021), Social Values for Ecosystem Services 72 

Model(SolVES) (Zhang H et al., 2018; Huo S et al., 2018) are applied in HQ 73 

assessment studies. Among them, InVEST model has the characteristics of accurate 74 

calculation, visualization of results and low application cost, which has been widely 75 

used in ecosystem service evaluation studies (Dai L et al., 2019). The habitat quality 76 

module in InVEST model, as a powerful tool for HQ assessment, can draw HQ maps 77 



combining habitat suitability of species habitats and threats to biodiversity caused by 78 

human disturbance (Li, M et al., 2021). 79 

In recent years, although domestic and foreign scholars have carried out a large 80 

number of studies on urban HQ evaluation and its influencing factors, and achieved 81 

fruitful results, the results varied widely due to different regions, targets and 82 

objects. Previous studies mainly focused on the impact of human activities on natural 83 

habitats at the watershed scale and administrative scale (Bai L et al., 2019; Chen M et 84 

al., 2021; Wu L et al., 2021; Fan X, et al., 2021). However, in urban built-up areas, 85 

urban HQ evaluation is more significant in guiding the planning, construction, 86 

management and upgrading of urban green infrastructure, as well as the optimization 87 

of urban green space landscape patterns. As is known to all, the urban built 88 

environment is mainly dominated by impervious surfaces, and all kinds of 89 

construction land and artificial landscape have a negative impact on the urban habitat 90 

(Xu et al., 2019). Although some scholars have assessed the HQ of built-up areas in 91 

some cities, the research results are not universal because the green space types in the 92 

study area are mainly artificial green space (Gomes E et al., 2021; Li Y et al., 2022), 93 

especially in mountainous urban areas. In karst mountainous cities, there are a large 94 

number of URMs in the city and a large number of natural habitats with high quality 95 

are preserved. It is of great practical significance to evaluate the HQ of the cities 96 

embedded with the URMs for protecting the natural habitat of URMs and guiding the 97 

planning and construction of UGS ecosystem. However, there are few reports on HQ 98 

assessment in karst mountainous cities. 99 



Land use/land cover (LULC) directly represents the utilization and 100 

transformation of natural ecosystems by human activities (Chen W et al., 2021), 101 

which is regarded as a key factor of HQ deterioration (Otto et al., 2016). LULC 102 

includes changes in proportion, structure and intensity that fundamentally alter the 103 

composition and configuration of ecosystems, and ultimately affect energy flow and 104 

material cycling between species habitat patches (Xu et al., 2019). Domestic and 105 

foreign scholars have carried out a large number of studies on the relationship 106 

between LULC and HQ evolution, mainly focusing on the current HQ assessment 107 

(Cheng P et al; 2021), future HQ simulation (Gao Z et al., 2021; Chu L et al., 2018) 108 

and drivers of HQ evolution (Cheng P et al; 2021). Although there are many 109 

researches on the correlation between LULC and HQ evolution at present, they 110 

mainly focus on non-karst areas, and relatively few scholars have conducted 111 

researches on karst mountainous cities (Jing X and Zhao, 2021). In karst mountainous 112 

urban built-up areas, a large number of URMs in urban artificial environment. With 113 

the acceleration of urbanization, urban land use types are complex, and a large 114 

number of urban remnant mountains (URMs) are eroded by excavation (Ren M et al., 115 

2018), the urban natural habitat has been destroyed. This paper evaluated the HQ of 116 

karst mountainous urban built-up area and studied the relationship between HQ 117 

evolution and LULC. What impacts of urban LULC, urban development intensity and 118 

impervious surface on urban habitat can be analyzed? The research results are of great 119 

significance for the theoretical exploration of mountainous urban habitat protection.  120 

Therefore, taking Guiyang, a mountainous city in typical karst region in central 121 



Guizhou, southwest China, as an example, this study used land use transfer matrix and 122 

landscape pattern index method to reveal the transition relationship between various 123 

land uses and landscape patch evolution process during urbanization in the study area. 124 

InVEST model was used to evaluate the HQ in the study area, and GWR was used to 125 

reveal the correlation between LULC and HQ evolution. The research objectives are 126 

as follows: (1) Analysis of LULC changes and the evolution of landscape patches in 127 

the study area from 2008 to 2018. (2) Mapping the spatial distribution of HQ at each 128 

study node and the spatio-temporal variation of HQ during the study period. (3) 129 

Revealing the correlation between LULC change and HQ evolution. The research 130 

results can provide reference value for high quality development, urban planning and 131 

management of mountainous cities. 132 

2. Study area 133 

Guiyang (26°11 '- 26°55N, 106°07' - 107° 17’E) is located in central Guizhou 134 

Province of China, in the middle of the Yunnan-Guizhou Plateau and in the watershed 135 

zone between the Yangtze River and the Pearl River. The landform belongs to the 136 

hilly basin area and is mainly composed of karst mountains and hills, the whole 137 

terrain is high in the southwest and low in the northeast, with an altitude of about 138 

1100 m. Guiyang belongs to subtropical humid mild climate, the annual mean 139 

temperature is 15.3 ℃, and the annual mean total precipitation is 1129.5 mm. By the 140 

end of 2018, it has jurisdiction over 6 districts, 3 counties and 1 county-level city, 141 

with a permanent resident population of 4.8819 million and an urban population of 142 

3.6824 million, with an urbanization rate of 75.43%. The built-up area of the central 143 



urban area is 368.68 km2, and there are 527 Karst remnant mountains in the urban 144 

area, with a total area of 44.94 km2, and 416 small and medium-sized URMs smaller 145 

than 10 hm2. This study takes the central urban area of Guiyang as the study area (Fig. 146 

1). 147 

 148 

Fig.1. Location and scope of the study area 149 

3. Data sources and research methods 150 

3.1. Data sources and processing 151 

Pleiades satellite high-resolution images of Guiyang built-up area in 2008, 2013 152 

and 2018 (0.5m spatial resolution) were obtained. Taking the boundary of Guiyang 153 

city built-up area in 2018 as the research scope, preprocessing such as image 154 

enhancement, geometric correction and map projection, According to the land use 155 

classification standard (GB/T 21010-2017) based on ArcGIS 10.2 software through 156 

visual interpretation from one period to the proper land will be divided into land for 157 

construction land, traffic land, urban green space (UGS), URMs (natural green space 158 



with obvious surface undulation changes), woodland (natural green space with less 159 

obvious surface undulation), water, cultivated land, unused land eight types. The 160 

spatial attribute database of the study area was established to analyze the LULC 161 

change in Guiyang built-up area. The digital elevation model (DEM) were obtained 162 

from the official website of Geospatial Data Cloud (http://www.gscloud.cn/). The 163 

relevant planning information of the built-up area of Guiyang City, Guiyang City 164 

General Urban Planning (2009-2020), Guiyang City Park City Construction 165 

Planning (2015), Guiyang City Mountain Park Planning (2015-2020), and Guiyang 166 

City Central District Mountain Protection and Utilization Special Planning 167 

(2016-2030) were obtained from the relevant departments of Guiyang City. 168 

Socio-economic statistics were obtained from the Guizhou Provincial Bureau of 169 

Statistics, Guiyang City Bureau of Statistics and the official website of the Guiyang 170 

Municipal Government. 171 

3.2. Research methods 172 

3.2.1. Landscape Pattern Index Analysis 173 

In this study, the following landscape pattern indexes were selected at the class 174 

level and landscape level to test the changes of LULC in the study area.  Patch 175 

Density (PD), Mean Patch Area (AREA_MN), Largest Patch Index (LPI), Landscape 176 

Shape Index (LSI), Area-Weighted Mean Fractal Dimension Index (FRAC_AM), 177 

Contagion (CONTAG), Interspersion and Juxtaposition Index (IJI), Aggregation 178 

Index (AI) , Shannon’s Diversity Index (SHDI), Shannon’s Evenness Index (SHEI) at 179 

landscape level, and PD, AREA_MN, LPI, LSI, FRAC_AM, IJI and AI at class 180 



level. The ecological significance and calculation of the above landscape indicators 181 

are shown in Fragstats 4.2 software tutorial. 182 

3.2.2. HQ evaluation of InVEST model 183 

In this study, the habitat quality module of InVEST (V.3.9.0) model was used to 184 

evaluate the HQ of the study area in combination with land use suitability and 185 

biodiversity information. 186 

Setting of key parameters for HQ evaluation: 187 

(1) Threat source and maximum influence distance. Based on the existing studies 188 

and the characteristics of a large number of URMs in the study area, cultivated land, 189 

construction land, traffic land and unused land were regarded as threat sources in this 190 

paper. Through literature review and expert interviews, the weight of threat factors 191 

and their maximum impact distance were determined (Table 1). 192 

(2) The sensitivity of each land use type to each threat source and the habitat 193 

suitability provided by each land use type. Sensitivity is mainly set based on the basic 194 

theories of ecology and landscape ecology, basic principles of biodiversity 195 

conservation, habitat suitability of different land use types and sensitivity to threat 196 

factors (Table 2) (Yang Y, 2021; Jing X and Zhao, 2021). 197 

Table 1. Weight assignment and maximum influence distance of threat factors 198 

Threat factor The maximum influence 

distance/km 
Weight  Decay type 

Cultivated land 1 0.7 Linear  

Construction land 5 1 Exponential 

Traffic land 5 0.5 Linear  

Unused land  2 0.4 Linear  

Table 2. Sensitivity of different land types to threat factors 199 

Land-use type Habitat 

Suitability 

Threats  

Cultivated land Construction land Traffic land Unused land 



Natural rivers 0.8 0.65 0.75 0.7 0.2 

Dry land 0.4 0.3 0.5 0.45 0.3 

Residential land 0 0 0 0 0 

Shrub 0.5 0.5 0.5 0.4 0.5 

Reservoir pond 0.4 0.4 0.5 0.5 0.2 

Rigid pavement 0 0 0 0 0 

Forest  0.9 0.8 0.5 0.5 0.7 

Unused land 0 0 0 0 0 

Grassland 0.5 0.3 0.7 0.7 0.3 

Based on the above parameters and LULC data, the InVEST model finally 200 

generates the HQ map. To calculate the HQ, the habitat degradation degree should be 201 

calculated first, and the calculation formula is as follows: 202 
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Where Dxj is the habitat degradation degree in the grid x of the habitat type j; R is the 206 

number of threat sources; Yr is the grid number of threat source; ωr is the weight of 207 

threat source r; ry is the stress value of grid y; irxy is the stress level of grid y to grid x. 208 

βx is the accessibility of threat source to grid x; Sjr is the sensitivity of habitat j to 209 

threat source r; dxy is the Euclidean distance between  habitat and threat source; dr max 210 

is the maximum disturbance radius of the threat source r to the habitat 211 

HQ was calculated on the basis of habitat degradation, and the formula was as 212 

follows:                                        213 
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Where Qxj is the HQ index in the grid x of the habitat type j;  Dxj is the habitat 215 

degradation degree in the grid x of the habitat type j; Hj is the suitability of different 216 

habitat types; k is the semisaturation constant, that is, half of the maximum degree of 217 

degradation; z is a normalized constant, generally 2.5. 218 

3.2.3. Spatial auto-correlation analysis 219 

Spatial auto-correlation can analyze the spatial distribution rules of things and 220 

study the correlation degree of a certain attribute between the unit in space and 221 

surrounding units. It is divided into global spatial auto-correlation and local spatial 222 

auto-correlation. In this study, global spatial auto-correlation was used to describe the 223 

overall distribution of HQ. The formula is as follows: 224 
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225 

Where I is the global Moran's index; n is the number of spatial units, xi and xj are the 226 

observed habitat quality values of region i and j, respectively. wij is the spatial 227 

adjacency relation between regions i and j. The value of I is generally between 228 

[-1,1]. Less than 0 means negative correlation in space, greater than 0 means positive 229 

correlation in space; 0 means irrelevant random distribution. The closer this value is 230 

to 0, the weaker the global correlation between the two variables is. Significance tests 231 

are usually performed with Z values, and when | Zscore | > 1.96 (p = 0.05), it indicates 232 

the presence of significant spatial auto-correlation. 233 

3.2.4. Geographically Weighted Regression (GWR) model 234 

This study examined the spatial relationship between LULC and HQ evolution 235 



using a GWR model. An adaptive method was used to determine the weights, and the 236 

corrected Akaike information criterion (AICC) samples were selected to determine the 237 

optimal bandwidth (Wang H et al.; 2019). A 200 m×200 m grid was used to extract 238 

HQ and LULC area. With the change of LULC as the explanatory variable and the 239 

change of HQ as the dependent variable, the GWR tool of ArcGIS 10.2 platform was 240 

used to analyze the correlation. The GWR model is formulated as follows(Cleveland 241 

W S，1979)： 242 
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Where (ui,vi) is the coordinate of the ith sampling point, β0 is the constant of the 244 

model, β0 is the k regression parameter of the ith sampling point, εi is the residual of 245 

the ith sampling point, and β is the function of geographical coordinates (ui,vi). If 246 

independent of geographic coordinates, the above formula is converted into a general 247 

linear regression. The parameter estimates for each sampling point are related to the 248 

weighted distance matrix constructed from the spatial weight function. The spatial 249 

weight is based on the points in a specific region around the fixed point i, which 250 

reflects the points closely related to the fixed point and represents the degree of 251 

correlation. Brunsdon, Fotheringham and Charlton (Brunsdon C et al., 1999) proposed 252 

a monotonically decreasing function Gaussian function to represent the relationship 253 

between spatial weights and spatial distances, with the following equation:  254 
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Where ωij is the spatial weight between sampling point i and sampling point j, dij is 256 



the distance between the two points, b is the bandwidth, which indicates the 257 

non-negative decay parameter between the distance and the weight. The larger the 258 

value of b, the slower the weight increases or decreases with distance, and vice versa. 259 

When the bandwidth b tends to infinity, the weights of all immobile points are equal 260 

to 1. When b is at a certain distance from observation point i, the weights will 261 

approach 0. 262 

4. Results 263 

4.1. LULC pattern dynamics 264 

As shown in Fig 2, land use types in built-up areas of Guiyang have changed to 265 

varying degrees during 2008-2018, and construction land has always been the main 266 

land use type in the study area. From 2008 to 2013, the dominant land use types in the 267 

study area were cultivated land, construction land, URMs, and UGS, accounting for 268 

87.99% of the total area in the study area. From 2013 to 2018, traffic land replaced 269 

cultivated land as the dominant land use type, indicating the rapid expansion of 270 

built-up areas driven by urban road construction in these five years. In addition, 271 

cultivated land, URMs and woodland decreased by 94.56 km2, 8.74 km2 and 6.8 km2, 272 

respectively. On the contrary, construction land continued to expand (Fig. 3d), with 273 

the area proportion increasing from 31.21% in 2008 to 47.89% in 2018 (1.54 times of 274 

2008). The area of UGS increased significantly by 26.26 km2, while the change of 275 

water and woodland area was not obvious. 276 



 277 

Fig 2. Temporal evolution of land use transfer in the study area (a.2008, b.2013, c.2018) 278 

 279 

Fig 3. Spatial variation of main land use types from 2008 to 2018 (a. Cultivated land , b. URMs, c. UGS, d. 280 

Construction land ) 281 

Table 3 exhibited the land use transfer of Guiyang. From 2008 to 2018, 282 

cultivated land and URMs conversion to construction land were the main types of 283 

land use change. Especially from 2008 to 2013, the changed area accounted for 284 

51.64% of the decreased area of cultivated land. The conversion of cultivated land to 285 

construction land is mainly concentrated in Guanshanhu District, Baiyun District, 286 

southern Huaxi District and northeastern Wudang District (Fig. 3a). The land 287 

converted from URMs to construction land is mainly distributed around the URMs 288 

and the rapidly urbanized area of Guanshanhu District and Huaxi District (Fig. 3b). 289 

From 2008 to 2018, the URMs was reduced by 8.74 km2, accounting for 15.24% of 290 



the URMs area in 2008. From 2013 to 2018, 3.07 km2 of cultivated land was 291 

converted into woodland, and the area of URMs increased by 0.79 km2. Through the 292 

analysis of relevant policy documents, it was found that the increase of URMs was 293 

related to the special Plan for Mountain Protection and Utilization in Guiyang 294 

Central Urban Area (2016-2030) issued by Guiyang Municipal government. From 295 

2008 to 2018, UGS increased by 26.26 km2, mainly cultivated land and construction 296 

land were transferred, while some UGS was transferred to construction land, with a 297 

transfer area of 9.34 km2 (Fig. 3c). In general, LULC changes rapidly in the study 298 

area, urban development is rapid, and there is a great contradiction between human 299 

and land in the process of urban expansion. The characteristics of land use change are 300 

rapid expansion of construction and traffic land, large area decrease of cultivated land 301 

and URMs, and slow increase of UGS. 302 

Table 3. 2008-2018 land use change matrix for built-up areas in Guiyang (km2) 303 

Time 

interval 
Land use type UGS 

Cultivated 

land 

Construction 

land 

Traffic 

land 
Woodland Unused land Water URMs 

Total 

area 

In 

2008-2013 

UGS 18.18 1.30 9.34 1.48 0.43 0.80 0.15 0.84 32.51 

Cultivated land 11.40 51.56 30.40 5.65 3.39 13.47 0.46 4.24 120.58 

Construction land 9.92 2.78 93.69 3.53 0.41 4.16 0.07 1.11 115.67 

Traffic land 1.86 0.32 2.19 12.42 0.05 0.23 0.09 0.13 17.28 

Woodland 1.72 1.62 2.10 0.51 3.11 2.52 0.03 1.13 12.74 

Unused land 1.59 0.34 4.02 1.23 0.02 1.10 0.01 0.32 8.64 

Water 1.38 0.49 0.51 0.15 0.04 0.08 3.13 0.08 5.86 

URMs 2.48 3.30 5.40 1.09 1.58 3.47 0.04 39.99 57.36 

Total area 48.53 61.71 147.65 26.06 9.04 25.84 3.98 47.83 370.64 

In 

2013-2018 

UGS 31.33 1.28 10.59 1.47 0.24 0.98 1.05 1.59 48.53 

Cultivated land 8.29 20.50 18.59 3.38 2.00 5.28 0.60 3.07 61.71 

Construction land 8.13 1.96 127.03 4.10 0.43 4.18 0.17 1.66 147.65 

Traffic land 1.77 0.10 2.34 21.54 0.03 0.16 0.01 0.10 26.05 

Woodland 2.32 0.31 1.79 0.33 2.23 0.61 0.01 1.43 9.04 

Unused land 4.93 0.35 14.04 2.10 0.38 2.53 0.37 1.13 25.84 



4.2. Landscape pattern pattern index change analysis 304 

The changes of landscape indexes at landscape level in the study area from 2008 305 

to 2018 were shown in Fig 4. PD continued to increase, while AREA_MN continued 306 

to decrease, indicating that landscape spatial heterogeneity and fragmentation degree 307 

increased in the study area. The significant increase of LPI indicates that the influence 308 

of maximum patch on landscape pattern was gradually weakened. The rapid increase 309 

of LSI after a slow increase indicated that landscape patches gradually became 310 

irregular from 2008 to 2018. The FRAC_AM index decreased first and then increased, 311 

indicating that the complexity degree of landscape patch shape decreased from 2008 312 

to 2013, but increased from 2013 to 2018, and the intensity of urban construction was 313 

great. CONTAG first decreased by 5.42% and then increased by 6.33%, indicating 314 

that the landscape patches in the study area experienced spatial segmentation in the 315 

initial stage and landscape fragmentation was serious, and the spatial aggregation 316 

degree of landscape patches increased in the later stage. The decrease of IJI by 317 

12.56% indicated that the degree of landscape distribution and aggregation gradually 318 

weakened. SHDI increased first and then decreased, indicating that LULC type 319 

complexity in the study area increased first and then decreased. The change trend of 320 

SHEI was similar to that of SHDI. The increase of SHDI from 2008 to 2013 indicated 321 

that the diversity, complexity and uniformity of landscape in the study area increased, 322 

the difference of landscape type area proportion decreased, and the landscape 323 

aggregation increased. The decrease of SHDI from 2013 to 2018 indicated that the 324 

Water 0.17 0.06 0.18 0.06 0.00 0.01 3.49 0.01 3.98 

URMs 1.84 1.46 2.93 0.39 0.62 0.91 0.05 39.63 47.83 

Total area 58.77 26.02 177.49 33.38 5.94 14.66 5.76 48.62 370.64 



diversity, complexity and uniformity of landscape in the study area were weakened, 325 

the difference of area proportion of landscape types was increased, and the landscape 326 

aggregation was decreased. In general, the diversity, complexity and uniformity of 327 

landscape in the study area decreased from 2008 to 2018, while the proportion 328 

difference of landscape type area increased, and the spatial heterogeneity of landscape 329 

patch increased. 330 

 331 

Fig 4. Index change of landscape pattern at landscape level 332 

As for the landscape pattern index at the class level, analyzing a set of indexes 333 

can well explain the dynamic change of landscape structure of each urban land use. 334 

The change of landscape index at the class level in the study area was shown in Fig 5. 335 



 336 

Fig 5. Index change of landscape pattern at class level 337 

(1) The PD of UGS were the largest during the study period, and the PD of 338 

unused land and woodland were smaller, indicating a high degree of landscape 339 

heterogeneity and fragmentation of UGS patches. Less pronounced changes in the PD 340 

of URMs reflecting more stable changes in the landscape patches of URMs during the 341 

study period. (2) The decrease in AREA_MN of cultivated land, URMs and woodland 342 

indicated that the spatial heterogeneity and fragmentation of these three types of 343 

landscape patches decreased. A significant increase in AREA_MN of traffic land, 344 

construction land and unused land indicated an increase in spatial heterogeneity and 345 

fragmentation of these three types of landscape patches. (3) The decrease of 346 



FRAC_AM in cultivated land, unused land and construction land indicated that the 347 

complexity degree of patch boundary shape decreases. (4) According to the change of 348 

LPI, cultivated land, traffic land and construction land are the dominant landscapes in 349 

the study area. The landscape dominance of traffic land increased, but the landscape 350 

dominance of construction land and cultivated land decreased. In addition, the 351 

landscape dominance of UGS, woodland and water remained at a relatively stable 352 

level. (5) The smallest IJI value of UGS indicated that the adjacency of UGS with 353 

other land types was relatively homogeneous and vulnerable to the influence of 354 

human activities. The decreasing IJI value of URMs indicated that the adjacency of 355 

URMs with other urban land types had increased and the surrounding land types were 356 

complex. (6) The AI of traffic land and UGS fluctuated between 67.18% and 74.82%, 357 

while the AI of other land types were all at a higher level. This indicated that the 358 

connectivity of traffic land and UGS was low compared with other land use types.  359 

4.3. Spacio-temporal evolution patterns of habitat quality from 2008 to 2018 360 

The HQ values calculated by the InVEST model showed a continuous change 361 

from 0 to 1. The closer the value was to 1, the better the HQ was and the better it was 362 

for maintaining biodiversity. Habitat quality module of InVEST model (V.3.9.0) was 363 

used to obtain the spatial distribution of HQ in built-up areas of Guiyang in 2008, 364 

2013 and 2018, as shown in Fig 6. Natural breakpoint method was used to classify the 365 

HQ evaluation results of each study node from 2008 to 2018 into five levels: poor 366 

(0-0.2), relatively poor (0.3-0.4), moderate (0.5-0.6), relatively good (0.7-0.8) and 367 

good (0.9-1.0). 368 



 369 

Fig 6. HQ assessment and spatial evolution analysis diagram of InVEST model at different time points in the study 370 

area (a. 2008, b. 2013, c. 2018, d. spatial distribution of spatial and temporal changes in HQ from 2008-2018) 371 

4.3.1. Temporal evolution of HQ  372 

As shown in Table 4, the average HQ in the study area from 2008 to 2018 was 373 

0.267, 0.201 and 0.177, showing a gradual decline trend. The HQ of the study area 374 

was mainly in the poor and relatively poor classes. The area of moderate horizontal 375 

HQ was relatively large. Overall, the quality of habitat in the study area was relatively 376 

poor. As can be seen from Fig 6 and Table 4, the HQ in the study area changed 377 

dramatically from 2008 to 2018, and the area of poor class HQ increased from 378 

38.29% to 60.32% . In addition, the area proportion of moderate and good classes HQ 379 

decreased by 1.95% and 4.15%, respectively. The area proportion of relatively good 380 

HQ increased by 3.98%. The areas of poor and relatively good classes HQ increased 381 

by 82.72 km2 and 14.74 km2, respectively, while the areas of the other three classes 382 

continued to decrease. From 2008 to 2013, the areas of poor and relatively poor 383 

classes HQ increased significantly, while the areas of other class HQ did not change 384 

significantly. The HQ area of all classes changed significantly from 2013 to 2018. 385 

Speciallt, the HQ area of poor and relatively poor classes decreased .from 2013 to 386 

2018, while other classes were found to had a inverse trend. The HQ area of relatively 387 

good class increased by 4.4%, which was related to the release of URMs protection 388 



documents by Guiyang city and the construction of urban parks in 2016. 389 

Table 4. Area and proportion of HQ at different classes in the study area from 2008 to 2018 390 

Habitat quality 

class 

Natural breakpoint method 

classification interval  

2008 2013 2018 

km2 % km2 % km2 % 

Poor 0-0.2 141.91  38.29 199.59  53.85 224.69  60.62 

Relatively poor 0.2-0.4 124.33  33.54 65.97  17.80 49.46  13.34 

Moderate 0.4-0.6 54.38  14.67 58.40  15.76 47.14  12.72 

Relatively good 0.6-0.8 17.94  4.84 17.71  4.78 32.68  8.82 

Good 0.8-1 32.08  8.65 28.97  7.82 16.67  4.50 

Highest habitat 

quality 
 0.895 0.878 0.869 

Average habitat 

quality 
 0.267  0.201  0.177  

4.3.2. Spatial pattern changes of HQ 391 

Fig 6 described that the spatial aggregation effect of HQ in the study area was 392 

significant and the distribution range of HQ had a certain edge effect. High class HQ 393 

areas are mainly concentrated at high elevations and in areas with low building 394 

density, with the areas where URMs and woodlands are located being the main areas 395 

of concentration. High vegetation coverage and relatively high altitude lead to low 396 

human disturbance in these areas, resulting in relatively good HQ. The areas of 397 

moderate horizontal HQ were mainly concentrated in Huaxi district, Nanming District 398 

and Wudang District, and most of the land use types were mainly UGS covered by 399 

grassland and isolated mountains surrounded by construction land, with obvious 400 

random distribution. The poor class HQ area was dominated by the old city area, 401 

which was mainly concentrated in the land use aggregation areas such as construction 402 

and traffic land, and showed a strong spatial aggregation effect in the spatial 403 

distribution. It could be seen that the urban densification process and urban road 404 

construction have greatly exacerbated the degradation and loss of urban HQ.  405 



In this study, Global Moran Index (GMI) and hot spot analysis were used to 406 

investigate the horizontal spatial aggregation effect and distribution characteristics of 407 

HQ. The GMI of 2008, 2013 and 2018 were 0.476, 0.431 and 0.425, respectively (P = 408 

0 and Z ≥ 2.58), indicating that the HQ in the study area had a significant spatial 409 

agglomeration effect from 2008 to 2018. The GMI decreased to some extent during 410 

the study period, indicating that the spatial aggregation effect of HQ in the study area 411 

gradually diminished. 412 

 413 

Fig 7. Hot spot analysis of HQ (red is hot spot area, blue is cold spot area, yellow is not significant area; a. 2008, b. 414 

2013, c. 2018) 415 

Fig. 7 showed that the spatial aggregation effect of HQ in the study area was 416 

obvious, and the spatial distribution and aggregation effect of cold hot spots of HQ in 417 

the study area was obvious. The hot spots were mainly concentrated in the areas with 418 

high coverage by tree irrigation and relatively high altitude, while the cold spots were 419 

mainly distributed in the high-density construction areas with strong human 420 

disturbance. The insignificant area is mainly located in the area where the cultivated 421 

land around the built-up area is located. In 2008, the insignificant area of Huaxi 422 



District and Baiyun District accounted for a relatively large area, while other areas 423 

were relatively small. In 2018, the distribution area of cold and hot spots changed 424 

drastically, in which Wudang District and Huaxi District were dominated by an 425 

increase in hot spot areas, while Baiyun District was dominated by an increase in cold 426 

spot areas. According to the analysis of Guiyang planning documents, the increase of 427 

HQ hot spots in Wudang and Huaxi districts was closely related to the return of 428 

cultivated land to woodland, the construction of urban parks and the protection of 429 

URMs. The increase of cold spots in Baiyun District was due to the fact that this area 430 

was an industrial area with a large number of factories. The HQ of Guanshanhu Park, 431 

Shilihetan Wetland Park, Qianlingshan Park, Xintian Park, Guiyang Forest Park, 432 

Guiyang Medicinal Botanical Garden and other urban park areas was relatively stable, 433 

and remained in hot spots during the study period. This is another way of showing 434 

that the construction of large urban parks can improve the level of urban habitat 435 

quality. 436 

4.4. Relationship between HQ evolution and land use change 437 

Table 5. GWR model parameter estimation and test results 438 

Year Bandwidth Residual Squares 
Effective 

Number 
Sigma AICc R2 

R2 

Adjusted 

2008-2018 391.531701 290275156346.7486 2336.430446 5962.635855 213633.960336 0.829036 0.780133 

As shown in Table 5, R2 was 0.829 before adjustment and 0.780 after adjustment, 439 

which was at a high level, indicating that GWR model was well fitted.  The results 440 

showed that the land use change of UGS was positively correlated with the evolution 441 

of HQ, and the area with positive regression coefficient accounted for about 70% (Fig 442 

8). Which was right in the regression coefficient of area mainly concentrated in the 443 



area of rapid urbanization, land use in urban construction land, cultivated land and 444 

URMs land use types into UGS is given priority to, a larger area of regression 445 

coefficient is negative, has distribution in the whole study area, mainly for UGS into 446 

land for construction and traffic land. The areas with positive regression coefficient 447 

were mainly concentrated in Guanshan Lake District, Huaxi District and Wudang 448 

District. Combined with LULC changes, it can be found that from 2008 to 2018, a 449 

large number of URMs were transformed into urban mountain parks, and some URMs 450 

were converted to woodland, indicating that parkerization of URMs had a low impact 451 

on HQ. The areas with negative regression coefficient are mainly Yunyan District, 452 

Nanming District and Baiyun District. During the study period, yunyan District and 453 

Nanming District mainly convert URMs into urban residential land and traffic land, 454 

while Baiyun District mainly converts URMs into industrial buildings. 455 

 456 

Fig 8. Spatial distribution of GWR regression coefficients of LULC and HQ evolution 457 



Land use changes in woodland and cultivated land were positively correlated 458 

with HQ changes from 2008-2018. Guiyang city has a special location, containing a 459 

large number of URMs within the city and a relatively small proportion of relatively 460 

flat woodland area, so the relationship between woodland land use change and HQ 461 

evolution is not as significant as other land use types. The negatively correlated areas 462 

are mainly in Guanshan Lake, the southern part of Yunyan District and Wudang 463 

District, and the LULC changes show the conversion of woodland to construction 464 

land, traffic land and unused land. The positive correlation between the change of 465 

cultivated land LULC and the change of HQ is that the cultivated land is converted to 466 

woodland or the cultivated land is converted to the URMs. The area with negative 467 

correlation coefficient has obvious spatial aggregation effect, which is mainly 468 

concentrated in the area where cultivated land is converted into construction and 469 

traffic land. The LULC of water and unused land was positively correlated with the 470 

change of HQ, and only a few areas were negatively correlated. The conversion of 471 

water to UGS is positively correlated with the change of HQ, while the conversion of 472 

water to construction land and traffic land is negatively correlated. The positive 473 

correlation between land use change of unused land and HQ change is mainly 474 

distributed in the periphery of the study area, and the unused land is mainly converted 475 

into UGS. The negative correlation is concentrated in the south of Huaxi District and 476 

the central old city, and the unused land is mainly converted into construction land. In 477 

the southern part of Huaxi district, due to the construction of university town, the 478 

unused land is extremely negatively correlated with the change of HQ. The LULC of 479 



construction and traffic land was negatively correlated with the change of HQ. The 480 

negative correlation coefficient is concentrated in old urban areas and rapidly 481 

urbanized areas. Meanwhile, the land type is mainly converted from URMs, UGS and 482 

cultivated land to construction and traffic land. The positive correlation was 483 

distributed at the urban boundary, and the construction and traffic land were mainly 484 

converted into UGS. 485 

5. Discussion 486 

5.1. Urban LULC has spatially heterogeneous characteristics on urban HQ impacts 487 

The spatial pattern distribution of HQ reflects that human activities and natural 488 

factors are important factors affecting the spatial distribution of HQ, which is 489 

consistent with the research results of Yohannes et al. (Yohannes H et al., 2021).. The 490 

increase in the area of land use types with low habitat suitability, such as construction 491 

land, traffic land, unused land, and cultivated land, has a negative effect on the 492 

evolution of habitat HQ. The increase in the area of URMs and UGS, water, 493 

woodlands with high habitat suitability has a positive effect on the evolution of HQ, 494 

which is similar to other scholars studies in the Taihang Mountains of Hebei, 495 

Changchun, Jilin, and the Pearl River Delta. Guiyang city is located in the central 496 

Guizhou karst area, and the URMs resources left in the built-up area are rich. With the 497 

urbanization process, a typical unique regional landform of "city in the mountains, 498 

mountains in the city" has been formed (Tang N and Wang Z, 2021), compared with 499 

other regions, urban LULC is more complex and landscape patch spatial 500 

heterogeneity is higher (Ren M et al., 2018). The unique geographical environment 501 



makes the construction land scattered in the process of urban development. From 502 

2008 to 2018, construction land area in downtown Guiyang gradually increased, 503 

presenting a "spreading" pattern of flooding expansion, and construction land 504 

encroached cultivated land and URMs in the way of infiltration. The impact of the 505 

continuous expansion of construction land on the changes of HQ is mainly reflected 506 

in the substantial reduction of habitat area and spatial fragmentation of species, which 507 

leads to serious landscape fragmentation and reduced landscape connectivity (Li W et 508 

al., 2021).  509 

There was obvious spatial heterogeneity in the HQ of the study area. The high 510 

level HQ area was mainly distributed in the high-density gathering area of trees and 511 

shrubs, while the low level HQ area was mainly distributed in the construction and 512 

traffic area, which was similar to the research results of Xie, Bai and other scholars in 513 

other cities. (Xie Y et al., 2018; Bai L et al., 2019). The natural ecological conditions 514 

and HQ are better in the areas with higher vegetation coverage rate of URMs and 515 

UGS. With the acceleration of urbanization, economic development and population 516 

increase, the contradiction between man and land has become increasingly prominent. 517 

Urban expansion has changed the land use types of original species habitats and 518 

formed new threat sources. The surrounding habitats of species have been squeezed 519 

and divided, leading to a continuous decline in the quality of regional habitats (Ding 520 

Q et al., 2021). Therefore, at the same time of rapid economic development, we 521 

should strictly control the blind expansion of construction land and improve the 522 

distribution of urban landscape pattern (Tang Y et al. 2020). 523 



5.2. URMs has a high contribution to the improvement of urban HQ 524 

 525 

Fig 9. Temporal and spatial evolution of HQ of URMs (a. 2008, b. 2013, c. 2018) 526 

The karst region in south China, centered on Guizhou Plateau, is the most typical, 527 

complex and abundant karst landscape type in the world, as well as the largest and 528 

most concentrated ecologically fragile region (Wang S et al., 2015). With the 529 

expansion of cities, a large number of natural mountains exist in the artificial 530 

environment of built-up areas in the form of solitary peaks or clusters of peaks, 531 

forming islands or island-like natural and semi-natural remaining habitats (Tang N 532 

and Wang Z, 2021). Different from other artificial natural environments in cities, 533 

urban natural mountains have rich vegetation resources and unique characteristic 534 

forms (Xiang X et al., 2021).Most of the areas with high HQ in the study area are the 535 

areas where the URMs are located. With the impact of LULC change in the study area, 536 

With the impact of land use change in the study area, URMs HQ is degraded, but it is 537 

generally at a good level. Meanwhile, URMs HQ has a certain edge effect (Fig 11). 538 

Meanwhile, the URMs HQ of urban remains has a certain medge effect (Fig. 11), 539 

which indicates that the change of urban environment around the URMs has a great 540 



impact on the quality of URMs.  541 

As an important basic data for HQ assessment, scholars found that the response 542 

relationship between plant diversity and urban spatial morphology of URMs mostly 543 

started at the 400 m scale, and the significance was mainly at the 600 m scale (Kong 544 

N and Wang Z, 2021). Tang Na et al. found that the difference between the plant 545 

diversity of URMs in the natural state and the plant diversity of URMs in parkland 546 

use was not too great, but the URMs were severely faulted in community structure 547 

under the combined effect of internal ecological harshness and external urban 548 

substrate disturbance (Tang N and Wang Z, 2021). Other scholars have found that 549 

URMs can provide a variety of ecosystem services, especially in alleviating urban 550 

heat island effect, purifying urban water environment and maintaining urban 551 

biodiversity (Yu D et al., 2013; Brunbjerg A K et al., 2018; Chen X et al., 2021; Zhou 552 

H et al., 2021). With the rapid development of urbanization, large areas of URMs are 553 

reduced. Although relevant policy makers issued relevant protection policies for 554 

URMs in 2016, the protection of URMs is not only a landscape type. It is necessary to 555 

improve the anti-interference ability of URMs by arranging artificial green patches 556 

reasonably at a reasonable location away from the URMs, so as to improve the HQ of 557 

URMs and provide ecological guarantee for the high-quality development of the city. 558 

5.3. Limitations and Prospects 559 

Considering the limitations of the study data and the accuracy of the model 560 

measurements, there are some shortcomings in this study that need further 561 

improvement: (1) InVEST model evaluation requires many parameters, and the 562 



uncertainty of parameter input will affect the model evaluation results. Since InVEST 563 

model has no accurate parameter setting and standard calculation method, relevant 564 

parameters used in this study are set according to InVEST model operation manual, 565 

relevant literature and expert experience. Too subjective parameter setting may lead to 566 

deviation of model evaluation results. (2) Spatial heterogeneity is a comprehensive 567 

reflection of landscape patch space patchiness and spatial gradient, which is overly 568 

dependent on the choice of spatial scale. 200m×200m grid was used for extraction 569 

analysis in this study, and the scale size is subject to further discussion. Although the 570 

InVEST model has some limitations, it can calculate and map HQ by using LULC 571 

change data and setting relevant parameters, which provides a scientific basis to guide 572 

the creation of ecological environment. Besides InVEST model integrates a variety of 573 

ecosystem service evaluation models, besides HQ module, such as carbon storage and 574 

soil and water conservation can be used to analyze the future changes of integrated 575 

ecosystem service function in Guiyang city, which provides theoretical support for 576 

urban ecological security protection (He F et al., 2021). 577 

6. Conclusion 578 

This study is the first to study the spatial-temporal relationship between LULC 579 

and HQ in karst mountainous city Guiyang, Guizhou Province, China. The results of 580 

the study showed that: (1) The land use transfer in the study area is complex, which is 581 

mainly manifested by the decrease of cultivated land and URMs, and the increase of 582 

construction land, traffic land and UGS. The landscape pattern of different land use 583 

types shows different trends. (2) The spatial distribution of HQ was similar to that of 584 



land use type. The average HQ was 0.267, 0.201 and 0177 in the study area, 585 

respectively, and the URMs and large UGS had higher HQ. (3) The change of HQ was 586 

significantly correlated with the change of LULC, and the change of land use type 587 

such as URMs, UGS and woodland was positively correlated with the change of HQ, 588 

while the change of land use type such as construction and traffic land was negatively 589 

correlated with the change of HQ. The results will provide scientific basis for the 590 

spatial planning and habitat protection of mountainous cities. 591 

Author contribution 592 

Wenfei Wei: Conceptualization, Methodology, Investigation, Data curation, 593 

Formal analysis, Writing - original draft. Xintong Chen: Investigation, Validation, 594 

Visualization, Formal analysis, Writing - review & editing. Yu Bao: Supervision. 595 

Yuzhen Sun, Mulin Zeng and Yaguo Mo: Resources. Zhitai Wang: Resources, 596 

Funding acquisition, Supervision, Writing - review & editing. 597 

Funding 598 

This work was supported by the National Natural Science Foundation of China 599 

(NSFC) (32060367); Guizhou Provincial Science and Technology Foundation 600 

([2020]1Z011); Guizhou Province Science and Technology Support Plan Project 601 

([2021]458). 602 

Data availability  603 

The acquisition, processing and writing of data and materials in this paper were 604 

conducted in accordance with the author's guidelines and did not pose any threat to 605 

personal or national security. 606 

Declaration of interests 607 



Ethics approval: All authors have read and approve this version of the article, and 608 

due care has been taken to ensure the integrity of the work. No part of this paper has 609 

published or submitted elsewhere. 610 

Consent for publication: All authors have read and consented to the article being 611 

submitted or published in the journal. 612 

Conflicts of interest: The authors have no conficts of interest to declare that are 613 

relevant to the content of this article. 614 

References 615 

[1]  Hall, L. S., Krausman, P. R., & Morrison, M. L., 1997. The habitat concept and a plea for standard 616 

technology. Wildlife Society Bulletin 25(1). http://dx.doi.org/10.2307/3783301. 617 

[2]  Zhang, X., Song, W., Lang, Y., Feng, X., & Wang, J., 2020. Land use changes in the coastal zone of china's 618 

hebei province and the corresponding impacts on habitat quality. Land Use Policy 99, 104957. 619 

http://dx.doi.org/10.1016/j.landusepol.2020.104957. 620 

[3]  Müller A., Bøcher P K., Svenning, J. C., 2015. Where are the wilder parts of anthropogenic landscapes? A 621 

mapping case study for Denmark. Landscape and Urban Planning 144, 90-102. 622 

http://dx.doi.org/10.1016/j.landurbplan.2015.08.016. 623 

[4]  Soga M., Gaston K. J., 2016. Extinction of Experience:The Loss of Human-nature Interactions. Frontiers in 624 

Ecology and the Environment 14(02), 94-101. http://dx.doi.org/10.1002/fee.1225. 625 

[5] Ramalho, C. E., E Laliberté, Poot, P., & Hobbs, R. J., 2016. Complex effects of fragmentation on remnant 626 

woodland plant communities of a rapidly urbanizing biodiversity hotspot. Ecology 95(9), 2466-2478. 627 

http://dx.doi.org/10.1890/13-1239.1. 628 

[6]  Esbah H., Cook E. A., Ewan J., 2009. Effects of increasing urbanization on the ecological integrity of open 629 

space preserves. Environmental Management 43(5), 846-862. http://dx.doi.org/10.1007/s00267-009-9274-z. 630 

[7] Su, W., Gu, C., Yang, G., Chen, S., & Feng, Z, 2010. Measuring the impact of urban sprawl on natural 631 

landscape pattern of the western taihu lake watershed, china. Landscape and Urban Planning 95(1), 61-67. 632 

http://dx.doi.org/10.1016/j.landurbplan.2009.12.003. 633 

[8] Xu, Y., Xie, Q., Luo Z., & Wang, X., 2017. Detecting the response of bird communities and biodiversity to 634 

habitat loss and fragmentation due to urbanization. The Science of the total environment 624(Spec), 635 

1561-1576. http://dx.doi.org/10.1016/j.scitotenv.2017.12.143. 636 

[9] Huang, J., Tang, Z., Liu, D., & He, J., 2020. Ecological response to urban development in a changing 637 

socio-economic and climate context: Policy implications for balancing regional development and habitat 638 

conservation. Land Use Policy 97, 104772 . http://dx.doi.org/10.1016/j.landusepol.2020.104772.  639 

[10] Fan, F., Wen, X., Feng, Z., Gao, Y., & Li, W., 2022. Optimizing urban ecological space based on the scenario 640 

of ecological security patterns: The case of central Wuhan, China. Applied Geography, 138. 641 

http://dx.doi.org/10.1016/J.APGEOG.2021.102619. 642 

[11] Lin, J., Huang, J., Prell, C., & Bryan, B. A., 2020. Changes in supply and demand mediate the effects of 643 

https://www.x-mol.com/paperRedirect/1307986579187535872
http://dx.doi.org/10.1016/j.landurbplan.2009.12.003.
http://dx.doi.org/10.1016/J.APGEOG.2021.102619.


land-use change on freshwater ecosystem services flows. Science of The Total Environment 763(1), 143012. 644 

http://dx.doi.org/10.1016/j.scitotenv.2020.143012. 645 

[12] Peng, J., Wang, X., Liu, Y., Zhao, Y., & Wu, J., 2020. Urbanization impact on the supply-demand budget of 646 

ecosystem services: decoupling analysis. Ecosystem Services 44, 101139. 647 

http://dx.doi.org/10.1016/j.ecoser.2020.101139. 648 

[13] Bai, L., Xiu, C., Feng, X., & Liu, D., 2019. Influence of urbanization on regional habitat quality:a case study 649 

of changchun city. Habitat International 93(1), 102042. http://dx.doi.org/10.1016/j.habitatint.2019.102042.  650 

[14] Yu, W., R Ji, Han, X., Chen, L., R Feng, & Wu, J., et al., 2020. Evaluation of the biodiversity conservation 651 

function in liaohe delta wetland, northeastern china. Journal of Meteorological Research 34(4), 798-805. 652 

http://dx.doi.org/10.1007/s13351-020-9186-7. 653 

[15] Liu H., Cai Y., Wu, M., Gong, L., & An, S., 2012. Assessment of river habitat quality in Yixing district of 654 

Taihu Lake basin. Chinese Journal of Ecology (05), 1288-1295. 655 

http://dx.doi.org/10.13292/j.1000-4890.2012.0180.  656 

[16] Yu, W., Wen, J., Chen, X.,Gong, Y., & Liu, B., 2021. Trans-pacific multidecadal changes of habitat patterns of 657 

two squid species. Fisheries Research 233, 105762. http://dx.doi.org/10.1016/j.fishres.2020.105762.  658 

[17] Liu, W., Xin, M., Zhou, J., Zhan, D., Ding, G., & Wu, H., 2021. Habitat hierarchies distribution of Sargassum 659 

muticum in Lidao bay, Shandong, China based on habitat suitability index model. Chinese Journal of Applied 660 

Ecology (03), 1061-1068. http://dx.doi.org/10.13287/j.1001-9332.202103.034. 661 

[18] Wang, Y., Chao, B., Dong, P., Zhang, D., & Chen, B., 2021. Simulating spatial change of mangrove habitat 662 

under the impact of coastal land use: coupling maxent and dyna-clue models. Science of The Total 663 

Environment 788, 147914. http://dx.doi.org/10.1016/j.scitotenv.2021.147914.  664 

[19] Yang, Y., 2021. Evolution of habitat quality and association with land-use changes in mountainous areas: A 665 

case study of the Taihang Mountains in Hebei Province, China. Ecological Indicators 129, 107967. 666 

http://dx.doi.org/10.1016/J.ECOLIND.2021.107967. 667 

[20] Zhang, H., Gao, Y., Hua, Y., Li, Y., Zhang, Y., & Liu, K,. 2019. Response of a SolVES model value transfer 668 

method tont spatial scales. Acta Ecologica Sinica (24), 9233-9245. http://dx.doi.org/ 669 

10.5846/stxb201809212066. 670 

[21] Huo, S, Huang, L, Yan, L., 2018. Valuation of cultural ecosystem services based on SolVES: a case study of 671 

the South Ecological Park in Wuyi County, Zhejiang Province. Acta Ecologica Sinica 38(10). 672 

http://dx.doi.org/10.5846/stxb201704110624. 673 

[22] Dai, L., Li S., Bernard, J. L., Wu, J., Yu D., Zhou, W., & Wu, S., 2019. The influence of land use change on 674 

the spatial–temporal variability of habitat quality between 1990 and 2010 in Northeast China. Journal of 675 

Forestry Research (06), 2227-2236. http://dx.doi.org/CNKI:SUN:LYYJ.0.2019-06-023. 676 

[23] Li, M., Zhou, Y., Xiao, P., Tian, Y., Huang, H., & Xiao, L., 2021. Evolution of habitat quality and its 677 

topographic gradient effect in northwest hubei province from 2000 to 2020 based on the invest model. Land, 678 

10(8), 857. https://doi.org/10.3390/land10080857. 679 

[24] Chen M., Bai Z., Wang Q., Shi Z., 2021. Habitat Quality Effect and Driving Mechanism of Land Use 680 

Transitions: A Case Study of Henan Water Source Area of the Middle Route of the South-to-North Water 681 

Transfer Project. Land 10(8), 796. https://doi.org/10.3390/land10080796. 682 

[25] Wu, L., Sun, C., & Fan, F., 2021. Estimating the characteristic spatiotemporal variation in habitat quality 683 

using the invest model—a case study from guangdong–hong kong–macao greater bay area. Remote Sensing 684 

13(5), 1008. http://dx.doi.org/10.3390/rs13051008. 685 

[26] Fan, X., Gu, X., Yu, H., Long, A., Tiando, D. S., & Ou, S., et al. 2021. The spatial and temporal evolution and 686 

drivers of habitat quality in the hung river valley. Land 10, 1369. http://dx.doi.org/10.3390/land10121369. 687 

http://dx.doi.org/10.1016/j.ecoser.2020.101139.
https://schlr.cnki.net/Detail/doi/GARJ2021_2/SJES23BD5509B747F62539BC3304FB7E8843
http://dx.doi.org/CNKI:SUN:LYYJ.0.2019-06-023.
https://doi.org/10.3390/land10080857
https://doi.org/10.3390/land10080796
https://www.x-mol.com/paperRedirect/1469819305665798144


[27] Xu., Chen, Li., & Su., 2019. Impacts of land-use change on habitat quality during 1985–2015 in the taihu lake 688 

basin. Sustainability 11(13), 3513. http://dx.doi.org/10.3390/su11133513.  689 

[28] Gomes, E., Inácio. M., Bogdzevi, K., Kalinauskas, M., & Pereira, P., 2021. Future scenarios impact on land 690 

use change and habitat quality in lithuania. Environmental Research 197, 111101.  691 

http://dx.doi.org/10.1016/j.envres.2021.111101. 692 

[29] Li, Y., Duo L., & Zhang, M., 2022. Evolution and Prediction of Land Use Pattern and Habitat Quality Based 693 

on CA-Markov and lnVEST Model-ACase Study ofNanchang City in Jiangxi Province. Research of Soil and 694 

Water Conservation (02), 345-354. http://dx.doi.org/10.13869/j.cnki.rswc.20210930.001. 695 

[30] Chen, W., Zeng, J., & Li, N., 2021. Change in land-use structure due to urbanisation in china. Journal of 696 

Cleaner Production, 321(8), 128986. http://dx.doi.org/10.1016/j.jclepro.2021.128986.  697 

[31] Otto, C. R. V., Roth, C. L., Carlson, B. L., & Smart, M. D., 2016. Land-use change reduces habitat suitability 698 

for supporting managed honey bee colonies in the northern great plains. Proceedings of the National 699 

Academy of Sciences of the United States of America, 113(37), 10430-10435. 700 

http://dx.doi.org/10.1073/pnas.1603481113. 701 

[32] Cheng, P., Min, M., Zhao, W., & Zhao, K., 2021. Spatial Differentiation Pattern of Habitat Quality and 702 

Mechanism of Factors Influencing in Resource-based Cities:A Case Study of Tangshan City, China. Journal 703 

of Resources and Ecology (05), 636-649. http://dx.doi.org/10.5814/j.issn.1674-764x.2021.05.007. 704 

[33] Gao, Z., Wang, X., Sui, X., Wang, X., Fan, Y., Zhu, Q., & Lv, G., 2021. Multi-scenario prediction of habitat 705 

quality in Nanjing based on FLUS and InVEST models. Journal of Agricultural Resources and Environment. 706 

1-17. http://dx.doi.org/10.13254/j.jare.2021.0411. 707 

[34] Chu L., Zhang, X., Wang, T., Li, Z. ,C., 2018. Spatial-temporal evolution and prediction of urban landscape 708 

pattern and habitat quality based on CA-Markov and InVEST model. Ying yong sheng tai xue bao = The 709 

journal of applied ecology (12). http://dx.doi.org/10.13287/j.1001-9332.201812.013. 710 

[35] Jing, X., Zhao, Q., 2021. Research on Temporal and Spatial Changes of Habitat Quality in Guizhou Province 711 

Based on InVEST Model. Territory & Natural Resources Study (05), 1-5. 712 

http://dx.doi.org/10.16202/j.cnki.tnrs.2021.05.001. 713 

[36] Ren, M., Bao, Y., & He, L., 2018. Analysis of Landscape Pattern of Urban Greenland in Karst Mountainous 714 

Region-a case study of Anshun city. Journal of Mountain Agriculture and Biology (06), 54-62. 715 

http://dx.doi.org/10.15958/j.cnki.sdnyswxb.2018.06.010. 716 

[37] Wang, H., Xu, Y., Liu C., Huang, A., Lu L., & Zheng W., 2019. Response of Habitat Quality to Land Use 717 

Change Based on Geographical Weighted Regression. Acta Scientiarum Naturalium Universitatis Pekinensis 718 

(03), 509-518. http://dx.doi.org/10.13209/j.0479-8023.2019.017. 719 

[38] Cleveland, W. S., 1979. Robust locally weighted and smoothing scatterplots. Journal of the American 720 

Statistical Association 74(368), 829-836. http://dx.doi.org/10.2307/2286407. 721 

[39] Brunsdon, C., Fotheringham, A. S., & Charlton, M. E., 1999. Some notes on parametric significance test for 722 

geographically weighted regression. Journal of Regional Science 39(3), 497–524. 723 

http://dx.doi.org/10.1111/0022-4146.00146. 724 

[40] Yohannes, H., Soromessa, T., Argaw, M., & Dewan, A., 2021. Spatio-temporal changes in habitat quality and 725 

linkage with landscape characteristics in the beressa watershed, blue nile basin of ethiopian highlands. Journal 726 

of Environmental Management 281(2), 111885. http://dx.doi.org/10.1016/j.jenvman.2020.111885. 727 

[41] Tang N., Wang, Z., 2021. Response of park utilization of karst mountain community in Guiyang,a middle 728 

Guizhou city. Acta Ecologica Sinica (08), 3033-3052. http://dx.doi.org/10.5846/stxb202005021084. 729 

[42] Li, W, Wang, Y., Xie, S., & Cheng, X., 2021. Coupling coordination analysis and spatiotemporal 730 

heterogeneity between urbanization and ecosystem health in Chongqing municipality, China. Science of the 731 



Total Environment 791, 148311. http://dx.doi.org/10.1016/j.scitotenv.2021.148311. 732 

[43] Xie, Y, Gong, J, Zhang, S., Ma, X., & Hu, B., 2018. Spatiotemporal Change of Landscape Biodiversity Based 733 

on InVEST Model and Remote Sensing Technology in the Bailong RiverWaterhed. Scientia Geographica 734 

Sinica 38, 979–986. http://dx.doi.org/10.13249/j.cnki.sgs.2018.06.018. 735 

[44] Ding, Q., Chen, Y., Bu, L., & Ye, Y., 2021. Multi-Scenario Analysis of Habitat Quality in the Yellow River 736 

Delta by Coupling FLUS with InVEST Model. International Journal of Environmental Research and Public 737 

Health 18(5), 2389. http://dx.doi.org/10.3390/ijerph18052389. 738 

[45] Tang, Y., Gao, C., & Wu, X., 2020. Urban ecological corridor network construction: an integration of the least 739 

cost path model and the invest model. International Journal of Geo-Information 9(1), 33. 740 

http://dx.doi.org/10.3390/ijgi9010033. 741 

[46] Wang, S., Zhang, X., & Bai, X., 2015. An Outline of Karst Geomorphology Zoning in the Karst Areas of 742 

Southern China. Mountain Research (06), 641-648. http://dx.doi.org/10.16089/j.cnki.1008-2786.000079. 743 

[47] Xiang, X., Wang, Z., Fan, C., Deng G, 2021.Spatial Differentiation Characteristics of Plant Community 744 

Species Diversity in Karst Mountainous City. A Case Study of Anshun city. Journal of West China Forestry 745 

Science (02), 56-61. http://dx.doi.org/10.16473/j.cnki.xblykx1972.2021.02.008. 746 

[48] Kong, N., Wang,Z., 2021. Response of plant diversity of urban remnant mountains to surrounding urban 747 

spatial morphology: a case study in Guiyang of Guizhou province, china. Urban Ecosystems (4). 748 

http://dx.doi.org/10.1007/s11252-021-01154-y. 749 

[49] Yu, D., Shi, P., Liu, Y., & Xun, B., 2013. Detecting land use-water quality relationships from the viewpoint of 750 

ecological restoration in an urban area. Ecological Engineering 53, 205-216. 751 

http://dx.doi.org/10.1016/j.ecoleng.2012.12.045. 752 

[50] Brunbjerg, A. K., Hale, J. D., Bates, AA. J., Fowler, R. E., Rosenfeld, E. J., & Sadler, J. P., 2018. Can patterns 753 

of urban biodiversity be predicted using simple measures of green infrastructure?. Urban Forestry & Urban 754 

Greening, S1618866717301607. http://dx.doi.org/10.1016/j.ufug.2018.03.015. 755 

[51] Chen, X, Wang, Z., Bao, Y., 2021. Cool island effects of urban remnant natural mountains for cooling 756 

communities: a case study of Guiyang, china. Sustainable Cities and Society 71(1), 102983. 757 

http://dx.doi.org/102983.10.1016/j.scs.2021.102983. 758 

[52] Zhou, H., Wang, Z., Wang, Z., & Bao, Y., 2021. Response of Ecosystem Service Value of Karst Mountainous 759 

City to Terrain Gradient-A Case Study of Downtown of Guiyang City.Research of Soil and Water 760 

Conservation 28(06), 337-347. http://dx.doi.org/10.13869/j.cnki.rswc.2021.06.027. 761 

[53] He, F., Jin J., Zhang, H., & Yuan, L., 2021. The change of ecological service value and the promotion mode of 762 

ecological function in mountain development using invest model. Arabian Journal of Geosciences 14(6), 510. 763 

http://dx.doi.org/10.1007/S12517-021-06869-Y. 764 

https://schlr.cnki.net/Detail/doi/GARJ2021_1/SSJD89B5C56D86A16D338DF878BABB71ACF5


Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Highlights.docx

https://assets.researchsquare.com/files/rs-1613445/v1/cb9474a7e3ee1fed001f4f6a.docx

