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Metro stations are considered high-quality resources for promoting urban development, which have great influences on the surrounding land use changes. The simulation and prediction of land use change can provide a scientific basis for urban land planning. In this work, the cellular automata (CA)-Markov model was adopted by taking into account point of interest (POI) kernel density and station accessibility as driving factors to predict the land use change of station surrounding areas. Then, the land type compositions of different years, temporal and spatial evolution of landscape patterns, and strategies of different metro stations were explored. The results show that the Kappa coefficients of the Zoo Station and the Lu Xiao Station are 87% and 79%, respectively, indicating that the improved CA-Markov model can predict land use changes more accurately by considering POI kernel density and station accessibility. Finally, different optimized strategies based on systematic predictions of land use landscape patterns according to the spatial and temporal distribution of metro stations were proposed. The work provides important references for predicting the impact of new metro stations on land use in the future and guides the adjustment and optimization of land use policy planning.
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1 INTRODUCTION
The rapid urbanization process has improved people’s quality of life. However, it also brings about the contradiction between urban space, land development and transportation, accelerating the conversion between different land use types, resulting in the loss of farmland, woodland, ecosystem destruction, and other issues. In this case, land-use and land-cover change (LUCC) have become a research hotspot (Munsi et al., 2010; Wei et al., 2021). The transport network constitutes the spatial skeleton of urban development. The transformation and upgrading of urban transportation means and modes have a profound impact on the change of urban land use and the development of spatial structure (Yu, 2017).
As a high-quality resource to promote urban development, the efficient use of the land around metro stations becomes an important research topic (Suo and Zhang, 2015; Yang et al., 2022a; Yang et al., 2023a; Yang et al., 2023b), and the distribution characteristics of urban functional space can direct reflect land use (Wang et al., 2012). Land use change also leads to the change in regional landscape patterns. Landscape pattern is a core content in the field of landscape ecology, and its landscape patch types are usually expressed as land use types (Chu et al., 2018). By taking the research method of landscape ecology for reference, the landscape pattern index is used to analyze the urban landscape characteristics of the surrounding areas of the metro station to understand the impact characteristics of the metro station on its nearby areas (Cheng and Chen, 2019). Therefore, land use landscape patterns around metro stations have recently attracted much attention from academia alike.
Against this backdrop, this study takes two metro stations in Chengdu (China) as the study area and scrutinizes the relationship between the land use landscape patterns and the metro stations. This work aims to optimize the CA-Markov model by considering POI kernel density and station accessibility as driving factors, which are more applicable for small scales land use change predictions. Based on the GIS analysis platform, the CA-Markov model is used to empirically analyze the urban functional structure characteristics of Chengdu metro stations, which provides suggestions for the planning and layout of metro stations and the development of cities around them.
The contributions of this study can be summarized as follows. On the one hand, this study improved the accuracy of the CA-Markov model by including POI kernel and station accessibility as driving factors at first. Then, this study predicted the land use change around two selected metro stations in the west of China by the optimized CA-Markov model. Finally, this study proposed different optimized strategies of land use landscape pattern according to spatial and temporal distribution of metro stations. On the other hand, previous academic research on the relationship between metro and land use has focused more on the coordinated relationship between metro and land use at the urban scale, and there has been less in-depth discussion on the differences in land use around the station. This study analyzes the land use differences around specific stations, making up for the lack of such research.
The implications for future research are as follows. The research results of this paper focus on the accessibility direction. The main innovation is to couple the traffic network into the land use spatial and temporal evolution pattern of CA-Markov, and find out the influence of the traffic factor of the metro station on the prediction accuracy of the future scene of the CA-Markov model. The research results will realize the future multi-scenario planning of land use around the old urban metro station and the new urban metro station in the process of urban renewal, and provide reference for the decision-making of the city’s functional management department. At the same time, it is also a meaningful innovation and exploration of the coupling model method and predicting the impact factors of future scenarios under LUCC theory and landscape pattern theory.
2 LITERATURE REVIEW
The correlation between the metro station and land use/cover change has always been a hot research topic. With the rapid construction and development of metro stations, Cervero and Kockelman proposed a transit-oriented development (TOD) model with reasonable land development intensity, diversified functions, and a comfortable walking space scale (Robert and Kockelman, 1997). Binaco found that the price of land along Polish metro is dominated by traffic accessibility, and the development of metro promotes the value of surrounding land (Dueker and Bianco, 1998). Some scholars have focused on the station selection (Li and Lei, 2016), the type (Duan and Zhang, 2013), the impact of the station on the surrounding areas (Feng et al., 2011), and the coordinated development and planning of the surrounding areas (Xu et al., 2015).
According to the existing research, the continuous expansion of metro will have a profound impact on the land around the traffic stations, such as land development intensity, land use structure, land value, accessibility, etc (Fla, Zl, Hc, Zc, Mla; Higgins and Kanaroglou, 2016). Within the scope of the new metro, the increase of the surrounding land passenger flow and accessibility leads to the increase of the whole land development intensity. The proportion of business land, residential land, public services land and traffic land changed significantly. Land use change leads to the change of regional landscape patterns. The impacts of the land use on landscape patterns have also been extensively studied. Simulating the future changes in land use landscape patterns and studying the formation process and mechanism of the current land use landscape pattern has important scientific values and practical significance (Li et al., 2016). At present, many models are developed to simulate land use change. CLUE-S model, PLUS model, FLUS model, and CA-Markov model are commonly used, among which the CA-Markov model has out-standing advantages in time series and spatial prediction (Rahnama, 2021; Mathewos et al., 2022). It can simulate land use change in quantity and geographical space (MartzLawrence and Hyandye & Canute, 2017; Thaden et al., 2018), so it is widely used in the study of land use landscape pattern change. Previously, most of the research objects were selected on a large scale. For example, (Jana et al., 2022), (Sma et al., 2019), (Aksoy and Kaptan, 2021), Etemadi et al. (2018) used the CA-Markov model to simulate and predict the large-scale land use evolution of the Mahi River in India, mountainous cities in Oman, Ulus district in northern Turkey, mangroves along the coast of Iran. Meanwhile, (Fu et al., 2022) simulated and predicted the landscape pattern of county land use in Mianzhu City. However, academic research on the relationship between metro stations and land use has focused more on the coordination at the urban scale. Few studies focused on the simulation and prediction of small scale. Most of the previous studies considered that road factors will have an impact on land use change, but pay less attention to POI kernel density and station accessibility as driving factors of the CA-Markov model, which could improve the accuracy of the simulation.
3 MATERIALS AND METHODS
3.1 Overview of the research area
This work chooses two metro stations in need of economical, intensive, and high-quality development but have obvious time and space differences (Ryan and Throgmorton, 2003). The metro stations under study are located in the old and new districts of Chengdu. Zoo Station and Lu Xiao Station are the representative of the old district and the new district, respectively. The Zoo Station is located on Metro Line 3, an old urban area of Chengdu, and began operation on 31 July 2016. The construction of the metro station has brought an opportunity for land development around the Chengdu Zoo and Chengdu Research Base of Giant Panda Breeding. With the establishment of the station, the land value will be greatly improved. The transformation of this type of area mainly lies in optimizing and upgrading the stock space, promoting the organic renewal of the city, enhancing the value of the city space, and promoting the development of the connotation of the park city. The development of such old urban metro station is relatively early and mature, and the supporting public service facilities are relatively perfect. The Zoo Station is a model of the old city station. The analysis of the surrounding land use changes is conducive to the improvement and optimization of this type of station land.
The Lu Xiao Station is located on Metro Line 6, in Chengdu High-tech Center, and it was operated to traffic on 18 December 2020. As the first TOD demonstration project in Chengdu, the Lu Xiao Station takes metro stations as the center of a circle. In its planning and design, it has a mixed-function development of land, equipped with medical, education, shopping centers, parks, office buildings, etc. Such new urbanstations implement efficient and intensive TOD comprehensive development. According to the concept of “station-city integration, industry priority, functional compounding, and comprehensive operation”, with rail transit as the guide, the city’s central vitality zone featuring park communities forms a new economic and new kinetic energy cultivation center. It is the representative of the overall construction of TOD urban design area. Therefore, the Lu Xiao Station has a certain demonstration effect.
At present, the research mostly adopts the spatial range of 400–800 m around the subway station as the research object (Qiang, 2009). Based on this result, combined with relevant theories and the characteristics of the research object, this study takes the two stations as the core and the 800 m radius as the research scope. Investigating two metro stations with different time and space distributions but the same area range helps to verify the simulation accuracy of the model and reveal the reasons for the regional differences of metro stations impact on land use change in old and new urban areas through comparative analysis, as shown in Figure 1. The qualitative and quantitative analysis of this article is helpful in understanding the influence of metro stations on the land use structure around the stations and can provide a reference for the local government to formulate urban development policies related to metro stations.
[image: Figure 1]FIGURE 1 | Distribution location of two metro stations (https://www.openstreetmap.org/relation/3287346).
3.2 Data source and processing

1) The vector data of land use in the planning and construction year is obtained from the Sichuan Third Academy of Surveying and Mapping Engineering. The land use map of the operating year is based on the land use data of the planning year, combined with the Google satellite map of the operating year. Compared with the land use status data interpreted by remote sensing images, direct use of the vector data of land use status can reduce errors in supervised classification and manual visual interpretation, and the accuracy of land use simulation and prediction research will also be greatly improved. Moreover, in the current geographic information system based on vector data structure, to solve the problem of combining with remote sensing, vector data is often converted into raster data. The ArcGIS10.5 software is adopted to rasterize the vector data of land use, and the data is then manually interpreted.
Compared with Chengdu Urban Master Plan (2016–2035), this article analyzes the interactive relationship between metro stations and surrounding land use. According to the latest national standard of “Land use status classification” (GBT21010-2017), combined with the status of the study area, the land use types are divided into nine categories, as shown in Table 1.
2) Road information data comes from Chengdu’s comprehensive traffic planning map.
3) The geospatial data cloud of the Global Digital Elevation Model (GDEM) with a resolution of 30 m is downloaded from the website (http://www.gscloud.cn/). Then, the GIS software is employed to obtain the slope from DEM.
4) The POI data such as residence, commercial services, industrial and mining, public service, etc. are obtained from Baidu’s national map POI (https://lbsyun.baidu.com/solutions/fanxing).
5) The accessibility data are obtained from the lightweight route planning data of the Baidu web Service API (https://lbsyun.baidu.com/index.php?title=webapi/directionlite-v1).
TABLE 1 | Classification of land use types in the study area.
[image: Table 1]In addition, to meet the needs of research, Beijing_1954_3_degree_GK_zone_35 is used as the unified projection coordinate system of the above data, and the spatial res-olution is 5 m × 5 m.
3.3 Research method
3.3.1 CA-markov model
Cellular Automata (CA) is a dynamic system with discrete space and state (Chudech et al., 2016), and each cell is in a discrete state. Synchronize updates based on the same transformation rules that are local in time and space. The formula is as follows (Sang et al., 2011):
[image: image]
S, the set of cellular states; N, the cellular domain; [image: image], is different time; f, the cellular transformation rule of local space.
Markov model is a stochastic model in the time dimension (Behera et al., 2012). The transition matrix is the application of the Markov Model in Land Use Change. The transition matrix is a digital reflection of the possibility of the event changing from t state to t+1 state, and it is an important quantitative basis for the simulation and prediction results under the Markov plate. The formula is as follows:
[image: image]
[image: image] is the state of land use system of [image: image]; [image: image], the state transition matrix, and its formula is expressed as (Ongsomwang and PimjaiMontree, 2015):
[image: image]
We choose the CA-Markov model, which combines the advantages of the two models to simulate. The kappa coefficient was calculated to reflect the consistency between the simulation results and the real results. When .8 < Kappa ≤1, it shows that the reference map is almost completely consistent with the simulation map. When .6 < Kappa ≤.8, the simulation result is highly consistent with the actual drawing.
3.3.2 POI kernel density
POI is the abbreviation of “Point of Interest”, the core data of location-based service, and it is of great value for studying cities (Chen and Xu, 2019; Yang et al., 2021; Yang et al., 2022b). The POI data set carries the spatial information and attribute information data of geographical entities closely related to people’s lives, and can quickly and intuitively reflect their distribution in cities, which is superior to the traditional survey data (Shu et al., 2019). Moreover, the function agglomeration of cities around metro stations has a great relationship with the location of urban space (Wu, 2021). The distribution density of different POI types around the station will affect the transformation of the corresponding land use types. The kernel density estimation method transforms the data of interest points into continuous density surfaces so as to evaluate the distribution intensity of human activities in urban space (Yu et al., 2015). The higher the kernel density, the more concentrated the urban functions in the region and the higher the suitability of the corresponding land use types. Therefore, using ArcGIS’s kernel density analysis tool, mask extraction, reclassification and other operations, the kernel density values are divided into five grades of 1–5 according to the natural discontinuity classification method, which is the most commonly used method in ArcGIS. And then imported into IDRISI to obtain the corresponding land suitability factor layer for simulation prediction.
3.3.3 Station accessibility research
American scholar Hanson formally expounded the concept of accessibility for the first time, defining accessibility as the interaction opportunity of each node in the transport network (Guo et al., 2014). Accessibility is the key link between land use and traffic construction, and it is directional to urban development (Yang et al., 2020). The accessibility of a certain area can effectively reflect the value of the area.
Based on the ‘walking plan return parameter’ provided by the Baidu map Web service API, the ‘duration’ field is the required parameter. Through web crawler technology, the ‘duration’ field data is automatically captured and exported to an Excel table to form the basic data source of the GIS database. ArcGIS software is used for interpolation, and the inverse distance weight method is selected for interpolation. The interpolation results are fine-tuned and classified based on the geometric interval classification method. The grid image is extracted with the current regional land use image as the mask, and the projection coordinate system is unified to realize the visual expression of the accessibility of metro stations, which is used as an important factor affecting the change of construction land (Xiao, 2021).
3.3.4 Construction of suitability atlas of CA-Markov Model
Multi-criteria evaluation (MCE) model is often used to generate the atlas of suitability evaluation in CA-Markov model construction. According to the unique geographical conditions and the characteristics of land resource utilization in Chengdu, this article selects non-natural factors such as distance from road or metro stations, POI data, accessibility, and ecological factors such as elevation and slope as the driving factors affecting land use change. The driving factors are applied to the MCE model in IDRISI 17.0. Under the MCE module, different function forms are set for these two types of driving factors to determine the degree of influence of each factor on various types of land, which is used as a suitability atlas to participate in LUCC simulation prediction.
3.3.5 Landscape index selection
A landscape pattern index based on land use/land cover map is an important method of landscape spatial analysis (Yanhong, 2010). Fragstats is a commonly used landscape pattern analysis software with powerful calculation and analysis functions (Riitters et al., 1995; Jones et al., 2010). There are many landscape pattern indices. According to the characteristics of envi-ronmental impact assessment of metro stations, this article selects the landscape pattern index with strong predictability that changes with the land use classification system for analysis, including Number of Patches (NP), Patch Density (PD), which describe the relationship between landscape size and landscape fragmentation; Landscape Shape Index (LSI) and Fractal Dimension (Fd) measure the complexity of patch shape; Landscape dominance index, Largest Patch Index (LPI) and Percentage of Landscape (PLAND) can determine the dominant type of landscape. The above indexes respectively reflect the area, density, diversity, and aggregation of patches.
The research of this article combines the research methods described, and the technical route is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Technical Route. First, based on the land use data of the planning, construction and operation years of the two stations, the suitability atlas is constructed by combining the driving factors such as POI kernel density and station accessibility. The CA-Markov model was used to simulate the land use and cover situation in the operation year of the station, and the Kappa coefficient was calculated by comparing it with the current land use map. After the accuracy verification, the land use and cover change in the future year were simulated, and the landscape pattern index of the two stations was compared and analyzed. Finally, put forward the development strategy of different types of stations.
4 RESULTS
4.1 Zoo Station
4.1.1 Verification results of Zoo Station simulation
The analysis results of POI core density of Zoo residences, commerce, public services, and the analysis results of walking accessibility are shown in Figure 3. Other factors affecting land use change mainly include DEM terrain data, slope data, the distance of the transport network, etc. Taking 2013 and 2017 as the starting year and 4 years as the interval, the station accessibility analysis and POI kernel density analysis are coupled to make various land suitability atlas and calculate the Markov transition matrix. The CA-Markov model is used to simulate and predict the land use simulation map of the study area in 2021 as shown in Figure 4. Calculated by the Validate module in the IDRISI which can verify the accuracy, the kappa coefficient of the 2021 forecast map and the 2021 current map is 87%. The results show that the simulation accuracy is high, showing that the model is feasible. So, the simulation results of land use in 2025 will be closer to reality.
[image: Figure 3]FIGURE 3 | Analysis of POI kernel density (left) and accessibility (right) around Zoo Station.
[image: Figure 4]FIGURE 4 | Land use maps of 2013, 2017, 2021 and predicted land use maps of 2025 at Zoo Station.
After simulating and predicting the land use in 2025, the forecast map of 2025 is compared to the present map of 2021. Among them, the growth of business land, residential land, and the decrease of farmland are larger. More business land was added around the station and along the road, mostly forest land and unused land were converted into business land. Compared with the land use in 2021, the amount of industrial land increases, especially in the north of the station. Metro stations are more attractive to business and residential land, but it is more exclusive to industrial land (Guo and Li, 2015) and has little impact on public services land.
Under the guidance of policy, the construction of urban stationsleads to a change in population density, and then the land in the area will turn into living, functional land. Due to the sudden change in policy factors, such as new urban planning, there is a certain error between the simulation result and the reality. In subsequent simulation predictions, policy factors should be fully considered to increase simulation accuracy.
Figure 4 shows the evolution of land use in the Zoo Station and the simulation and prediction of land in 2021. On this basis, the kappa coefficient is calculated separately from the current situation in 2021 to ensure the accuracy of the simulation. After validation, land use in 2025 is simulated. The black dotted box is the location where land use changes greatly.
4.1.2 Analysis of landscape pattern of Zoo Station
Six indexes are selected from aspects of landscape fragmentation, shape, and dominance to analyze the landscape pattern of the Zoo Station. The landscape land type data from 2013 to 2025 are converted into TIF. file format and imported into the Fragstats software to calculate the above-selected landscape index, as shown in Figure 5. The evolution law of landscape types of land use from 2013 to 2021 and the prediction result in 2025 are studied, and the evolution characteristics of landscape patterns in the region are analyzed.
[image: Figure 5]FIGURE 5 | Landscape pattern indices of each landscape land type in the study area from 2013 to 2025 (A) Landscape fragmentation indices, (B) Landscape shape indices, (C) Landscape dominance indices.
NP and PD are important indicators to measure the fragmentation of landscape patterns, as shown in Figure 5A. The higher the PD value, the higher the fragmentation degree of the landscape type; the smaller the value, the higher the aggregation degree of the landscape type. The results show that the fragmentation of forest land decreases, and the aggregation increases with time, but the fragmentation of patches is at a high level. Meanwhile, business land, residential land, and farmland show an opposite development trend, which indicates that farmland and unused land are constantly used in urban construction during this period.
The LSI can directly measure the complexity of the landscape patch shape. The higher the LSI value, the greater the complexity of the landscape patch shape. LSI can show the development intensity of the surrounding areas. The LSI values of forest land and transportation land around the station increase first and then decrease, while those of other lands generally indicate an upward trend. This indicates that the future shape of land use is complex, the development intensity of the city increases during the construction process, and the fragmented forest land patches gradually spread and connect.
Fd is similar to the landscape shape index, and its variation trend can reveal the degree of border folds of each landscape patch. Its value range is 1–2. The closer the value of Fd is to 2, the more complex the patch shape is, and the less the interference of human activities is. Except for the water area and traffic land, the Fd values of all types of patches in the Zoo Station are all lower than 1.35, indicating that human disturbance is large and the development intensity is large. The overall Fd value of unused land, industrial land and farmland is low, indicating that these three types of land patches are most disturbed by human beings, as shown in Figure 5B.
The largest patch index (LPI) and the proportion of patches in the landscape area (PLAND) can confirm each other, thus reflecting the dominant types of landscape patches. From 2013 to 2025, the LPI and PLAND values of residential land patches always rank first, and forest land and traffic land are also at the forefront. These are dominant landscape types in the study area; The LPI and PLAND values of traffic land and residential land are constantly rising, which indicates that these patches in the old city area are becoming perfect and abundant, as shown in Figure 5C.
4.2 Lu Xiao Station
4.2.1 Simulation results of Lu Xiao Station
Based on POI kernel density and station accessibility, as shown in Figure 6, the land use of Lu Xiao Station was simulated by the same method as that of Zoo Station. The results of the Validate module of the IDRISI software show that the standard Kappa coefficient, random Kappa coefficient, and position Kappa coefficient of the 2021 prediction map and 2021 current map are 75%, 76%, and 79%, respectively. From the perspective of spatial position and comprehensive analysis, the simulation results are more accurate.
[image: Figure 6]FIGURE 6 | Analysis of POI kernel density (left) and accessibility (right) around Lu Xiao Station.
Figure 7 presents the simulation results from 2014 to 2023. With the completion and operation of the Lu Xiao Station, the spatial structure of the surrounding land use has changed obviously, and the most significant one is that the farmland has decreased greatly. In the place close to the Lu Xiao Station, more public service lands have been added in the northeast in 2017 than those in 2014, and the surrounding farmland and ecological land show a decreasing trend, while residential land has increased. In the south of the Lu Xiao station, a new piece of commercial service land is added, and the industrial land shows a decreasing trend. Compared with 2017, the business land near the station will increase in 2020, and the farmland will also decrease, while the forest land will decrease. The TOD planning space is usually within a walk distance of 5–15 min, with a radius of about 400–800 m. In the comparison of the current situation of 2020 with the prediction of 2023, it can be seen that the short-distance farmland of the station is greatly reduced, and the commercial and service land increases in circles around the station, while the residential land shows an obvious growth trend. This is consistent with the planning concept of the Lu Xiao TOD, and it also shows that the simulation results have a policy-guiding significance.
[image: Figure 7]FIGURE 7 | Land use maps of 2014, 2017, 2020 and predicted land use maps of 2023 at Lu Xiao Station.
Figure 7 shows the evolution of land use in the Lu Xiao Station and the simulation and prediction of land in 2020. On this basis, the kappa coefficient is calculated separately from the current situation in 2020 to ensure the accuracy of the simulation. After validation, land use in 2023 is simulated. The black dotted box is the location where land use changes greatly.
4.2.2 Landscape pattern analysis of Lu Xiao Station
The same method is used to study the evolution law of land use landscape types under each landscape index in the Lu Xiao Station from 2014 to 2020 and the predicted result in 2023 as shown in Figure 8.
[image: Figure 8]FIGURE 8 | Landscape pattern indices of each landscape land type in the study area from 2014 to 2023 (A) Landscape fragmentation indices, (B) Landscape shape indices, (C) Landscape dominance indices.
The analysis results of PD in different periods around the Lu Xiao Station show that with the increase of time, the fragmentation degree of farmland, industrial, and mining storage land generally decreases, while the aggregation degree is constantly increasing; the business land, public land, and residential land show an opposite variation trend, while the fragmentation degree of ecological land first increases and then decreases, indicating that ecological land and unused land are constantly used from in urban construction during this period, and ecological land is mainly used in the initial stage of construction, as shown in Figure 8A.
The variation trend of LSI in different periods around the station shows that the LSI of ecological land first increases and then decreases; the LSI of industrial and mining land, commercial and service land, and farmland shows a downward trend.; the LSI of unused land, residential land, and public land shows an upward trend. These results indicate that the land development intensity in this area is strong. Also, the probability of unused land transfer is high, and it mainly occurs within 300 m of the station.
According to the Fd of Lu Xiao Station, the Fd values of industrial and mining storage land, commercial and service land, and farmland show a downward trend, the patch shape tends to be regular, and the intensity of human interference gradually increases. Meanwhile, the Fd values of public and residential land in the Lu Xiao Station show an upward trend, the patch shape tends to be complex. Although the intensity of human interference is strong, it gradually decreases. Moreover, the Fd values of traffic land and ecological land first increase in 2017 and then decrease in 2023, indicating that the patch shape of ecological land is initially complex and then becomes simple and regular, as shown in Figure 8B.
According to the calculation results of the LPI and the PLAND, the LPI and PLAND values of ecological land patches always rank first from 2013 to 2025, and residential land and traffic land are the main patches, which indicates that this land-scape type is dominant in the study area, as shown in Figure 8C.
5 DISCUSSION AND STRATEGIES
5.1 Discussion on the driving factors of the CA-Markov Model in metro station scale
When setting the parameters of the CA-Markov model, the choice of station driving factors and the size of parameters directly affect the spatial distribution of land use. The existing research fails to investigate the selection of driving factors of small-scale metro stations and the influence of parameter range on land use prediction results. Therefore, when using the CA-Markov model to predict the metro stations in Chengdu on a small scale, land POI data and accessibility factors are added to more accurately reflect the current government’s land use intensive development policy for optimizing the stock of the Zoo Station and increasing the TOD development of the Lu Xiao Station. The investigation results can provide a scientific basis for urban planning, environmental pollution caused by traffic, energy saving, and green development.
5.2 Analysis of simulation results of the CA-Markov model and its quasi-optimization
In the process of applying the CA-Markov model simulation, because of the complexity of model transformation rules, the influences of natural, social, and economic factors on the change of land use landscape pattern should be comprehensively considered (Zhou et al., 2020). However, it is found that human factors such as passenger flow and economy cannot be well reflected in this model as driving factors. Meanwhile, the change in the landscape pattern of land use is greatly influenced by policy, and metro station also affects the land structure in terms of geographical location, surrounding facilities, and density. And it is difficult to introduce qualitative law or sudden political trends in the model. Therefore, in future research, we will constantly improve the cellular transformation rules of the CA-Markov model, comprehensively consider various models, and discuss the driving factors of the metro station more comprehensively. Also, we will conduct a more indepth and comprehensive study on the landscape pattern index and explore a landscape pattern index that reflects the changing characteristics of regional landscape patterns more pertinently. This article takes small-scale metro stations as the research object, and future research will be developed in the direction of important metro stations to comparatively analyze linear land use landscape patterns with different spatial and temporal distributions.
5.3 Optimization strategy of landscape structure
Under the guidance of planning, urban land use change is affected by the comprehensive effects of economic development, population growth, industrial structure adjustment, and other factors, which lead to the outer expansion of urban space and the renewal of urban land. Specifically, metro, as an urban subsystem, is increasingly characterized by openness and publicity under the concept of a compact city (Xiaoyuan and Bingjie, 2020). The relationship between metro stations and land use is complex, and traffic accessibility is a key factor in the relationship between them, which is important for determining the scale, intensity, and spatial distribution of urban land (Xu et al., 2017). Based on the result of the study, the following strategies are proposed.
1) Choose the mode of land use and development according to local conditions. Different sites are located in different cities, and their surrounding land use and development patterns are also different. The optimization of land use in metro station areas needs to be coordinated in various aspects, such as land use function, development intensity, radiation population, and supporting service facilities, to improve the station efficiency. In the future, the development mode of metro stations should be determined according to their advantages and local conditions, and the organic mixing of commerce, parks, offices, and other functions should be guided to promote the 800 m radiation space around the metro to form a suitable urban structure.
2) Optimize the landscape pattern around the station. The fragmentation degree of forest land around the Zoo Station is obvious, but the fragmentation degree of forest land decreases. The human disturbance has an obvious intensity, so it is necessary to increase stepping stone patches among the forest land in this area, thus increasing landscape connectivity and keeping its ecological benefits in a good state. In landscape pattern evolution, the landscape pattern state of the study area is generally good, but the influence of human disturbance on the landscape pattern needs to be effectively controlled. The land development intensity around the Lu Xiao Station is high, and the edge of forest land is regular, which is not conducive to protecting biodiversity. Therefore, for the boundary of green patches in the region, the straight single-layer boundary should be replaced by twists and turns, and the landscape pattern index around the metro station needs to be optimized by carefully designing each ecological land patch.
3) Improve the policy planning system. In the construction and development of metro, priority should be given to land use efficiency, protection of urban ecological land, control of construction land, full protection of land use during construction, and reasonable adjustment after completion. Meanwhile, the three-dimensional and comprehensive development of metro should be encouraged to reduce the occupation of farmland and forest land. Moreover, it is necessary to strengthen the connectivity and aggregation between patches, improve the stability of landscape structure, optimize the landscape spatial pattern, reduce carbon emissions and increase carbon absorption, and enhance the socio-economic and ecological benefits of the landscape.
6 CONCLUSION
In this article, the Zoo Station and Lu Xiao Station of Chengdu Metro are taken as study areas. Based on the validation of land use simulation prediction, it is found that the simulation accuracy of the CA-Markov model is higher by adding POI kernel density and station accessibility. Therefore, this model is selected to predict and simulate the future landscape pattern of land use. This study aims to research the temporal and spatial change in land use landscape patterns of the study area under the influence of urbanization and to provide a reference for the economic, intensive, and high-quality development of Chengdu. The following observations are obtained: (Munsi et al., 2010) The landscape land types at the two metro stations changed greatly, the area of residential and business land continues to increase, and the area of farmland and forest land continues to decline. In the future, thefarmland and forest land around the Zoo Station in the study area will decrease by 13% and 11%, respectively, the business land will increase by 21%, and the other land will change slightly. The farmland and forest land around the Lu Xiao Station decreased by 9% and14%, respectively, residential land increased by 18%, and other land changes are small. In future urban construction, we should reasonably protect farmland and forest land, and control the growth of construction land, thus promoting the sustainable development of the city (Wei et al., 2021). Among all types of land in the study area, residential land, business land, and forest land have a large degree of landscape fragmentation, showing the characteristics of numerous patches and high patch density. From the perspective of the landscape level, the fragmentation of the study area is increasing, so it is necessary to strengthen the connectivity among patches to improve the stability of the landscape pattern (Yu, 2017). Aiming at the small-scale regional research of metro stations, the influence of POI and accessibility on land use types in the CA-Markov model is discussed. Different spatial scales have different sensitivity to driving factors, so we should pay attention to discussing the parameters of driving factors when making predictions for other scales. Based on the concept of a compact city and the requirement of low-carbon development, the research on landscape patterns of land use should focus on the optimization of regional landscape patterns of land use and provide a reference for sustainable urban construction in the future (Li et al., 2020).
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