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Advanced geographic technologies provide an opportunity to understand the urban forest landscape and guide the governance of the urban ecosystem. However, only few studies stressed the importance of data techniques in understanding urban sustainability, especially urban forest landscape. Therefore, this study makes an analysis of urban forest resources in a city of Yangtze River Delta with the help of multi-source data techniques and further data analysis of different forest landscape pattern indices in the study area with the help of SPSS (Statistical Product and Service Solutions). The following conclusions are drawn: 1) According to the visual analysis, the spatial distribution of forest patches in the study area has a great difference. 2) All the seven landscape pattern indices are positively correlated with the distribution density of POI (Point of Interest), which represents the urban economic vitality. The correlation coefficients are NP (R2 = 0.3063), PD (R2 = 0.0079), ED (R2 = 0.3955), AREA (R2 = 0.5408), CONTIG (R2 = 0.0323), PAFRAC (R2 = 0.3662) and AI (R2 = 0.2014), respectively. This indicates that the higher the economic vitality is, the more fragmented and complex the urban forest patches are. 3) According to the geographically weighted regression model, the goodness of fit between the spatial distribution density of POI and NP, PD, ED, and AI reaches 0.804, 0.771, 0.634, and 0.619, respectively, and the explanatory power of the model is more than twice that of the corresponding linear regression model. The data illustrates that the correlation between economic vitality and urban forest landscape pattern indices has significant spatial heterogeneity.
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INTRODUCTION
Urbanization promotes the development of regional economy, and the improvement of regional economic level promotes the development of cities, as well as promotes changes of production mode, settlement form, lifestyle, values, etc (Bertinelli & Black, 2004; Berry, 2008; Gao et al., 2021). With the continuous improvement of urban residents’ material conditions, the public’s requirements for life quality are constantly enhanced, and the requirements for the surrounding ecological environment will also be boosted (Seto et al., 2010; Dodman, 2016; Chou et al., 2020; Zhang et al., 2022). The urban forest, as an important part of the urban ecological system, has an irreplaceable role in maintaining the balance of the urban ecosystem, improving the urban environment, and maintaining ecological security (Endreny, 2018; Song et al., 2018). Compared with the urban land like buildings and roads, the urban forest has higher surface albedo, absorbs less solar radiation, and can significantly increase urban surface latent heat flux and enhance atmospheric convective intensity near the urban surface through evapotranspiration (Gunawardena et al., 2017; Manoli et al., 2019), which may lead to the phenomenon called cold island effect: low temperature is formed around the distribution area and its vicinity (Weng & Lu, 2008). However, with the continuous development of urbanization, land transformation outside the city is accelerated, and satellite towns with short urbanization processes are formed around the city center (Merrilees et al., 2013). Therefore, with the advancement of urbanization, the distribution of urban infrastructure design gets more complex, and the study of urban forest landscape patterns and their influencing factors will help to optimize the design of urban green infrastructure (Guan et al., 2018; Sorensen, 2018).
In recent years, many studies on urbanization and urban forest generally showed that the urbanization process would lead to the fragmentation of urban forests. For example, Magura et al. (2010) and Gong et al. (2011) found that with the increase of urbanization intensity, the patch area of urban forest decreased, and the patch density in the city center decreased significantly over time. The patch density in the suburban area showed a similar trend but at a relatively small rate. However, the patch area in the outer suburb changed slowly, which showed that the urban forest was separated and scattered from the suburbs to the city center. By analyzing the relationship between urban expansion intensity and urban landscape pattern in Yang et al. (2019) found that urbanization changes agricultural land and forest land into construction land, resulting in a prominent and fragmented landscape in these areas. Lv et al. (2019) studied the relationship between ISA (Impervious Surface Area) and urban forest landscape pattern and structural classification attributes through the influence of urbanization intensity (low, medium, and severe urbanization) in Harbin city. It stated that ISA significantly affected the relationship between the structural characteristics of urban forest and forest landscape pattern, resulting in smaller and even separated patches of the urban forest. Through comparative analysis of forest changes in six metropolitan areas in China (Zhou et al., 2017), found that urban expansion was the main cause of forest reduction and fragmentation, especially in Changsha-Zhuzhou-Xiangtan, Pearl River Delta, and Chengdu-Chongqing metropolitan areas. The fragmentation of urban forests would affect the aesthetics of urban landscape and forest ecosystem services, such as leisure services, biodiversity conservation, and carbon sequestration (Liu et al., 2022). Therefore, studying the spatial distribution pattern of urban forests under the background of urbanization had a guiding role in improving the ecological benefits of urban forests. However, due to the problem of remote sensing image resolution and the limitation of urban forest scale, most studies only analyzed the large forest patches in the city but denied the role of small patches in the urban forest ecosystem. Urban forests are highly fragmented, more than 60% of green patches are less than 0.1 hm2. Therefore, it is urgent to use fine-scale urban forest patches for a more accurate analysis of urban forest landscape patterns.
POI (points of interest) refers to specific points that people are interested in or consider useful. POI, belonging to the category of geographic information system, refers to the geographical objects that can be abstracted as points, especially some geographical entities closely related to people’s lives, such as schools, banks, restaurants, hospitals, supermarkets, and bus stations, etc. (Mummidi & Krumm, 2008; Ye et al., 2011). With the advent of big data, multi-source data techniques have been widely used in land use classification, population density analysis, tourism, and bike-sharing research, which is highly correlated with urban land use attributes, population mobility, and economic activities of urban residents (Gao, Janowicz & Couclelis 2017; Bai et al., 2021). However, in sustainability studies, multi-source data techniques are lacking. There are few studies regarding the relationship between POI density and urban forest landscape patterns currently (Wang et al., 2021; Yang et al., 2021). Most of the areas for urban residents’ daily activities are concentrated in the vicinity of the POI, where forest ecological services such as dust capture, landscaping, and health care are most relevant to the population in these regions. The study on the relationship between POI density and urban forest landscape patterns can provide a new perspective for the maximization benefit of the urban forest. The present study therefore takes Lianyungang City as the research area to conduct a pilot study. With the support of the ArcGIS geographic information technology platform, the POI data of Lianyungang City are visualized to establish a kilometer grid, as well as analyze the relationship between landscape pater index (the number of patches, the average patch area, shape index, aggregation index) and urbanization intensity in kilometer grid. This study also establishes the stepwise regression model and geographically weighted regression model to quantitatively analyze the impact of urbanization intensity on urban forest landscape pattern and spatial heterogeneity.
METHODS
Data description
In this paper, the POI data of the study area on 30 September 2021 is downloaded from AMAP using API (Application Programming Interface), and a total of 13,284 POI points of the 117 categories are obtained. Then, the kernel density analysis method in ArcGIS software is used to calculate the spatial distribution density maps of all POI points, and the km grid of the study area is established. Finally, the POI point density of each grid is calculated. The spatial relationship between the landscape pattern index of fine urban forest patches and the spatial density of POI is statistically analyzed. The implementation steps include extraction of fine urban forest patches, calculation of landscape pattern index in kilometer grid cells, calculation of POI spatial distribution density and spatial correlation analysis, etc.
Extraction of urban forest patches
The 1 m resolution remote sensing image of the study area is downloaded from Google Earth. The images are taken from May to October 2017 and from May to October 2021. Urban forest patches are classified and extracted by object-oriented and artificial visual interpretation. To study the elaborate features of urban forest patches, the minimum area of patches extracted is set as 0.001 hm2.
Calculation of landscape pattern index
Fragstats software is used to calculate the forest patch landscape pattern index of each grid. According to the results of previous studies, seven commonly used indexes are screened, namely, the Number of Patches, Patch Density, Edge Density, Mean Patch Area, Mean Contiguity Index, Perimeter Area Fractal Dimension, and Aggregate (see Table 1).
TABLE 1 | Selected calculation formulas of landscape pattern indices.
[image: Table 1]Statistical analysis
Taking the kilometer grid as the basic unit, Pearson correlation analysis and single variable stepwise regression analysis are conducted on the POI density and urban forest landscape pattern index with the use of SPSS (Yang et al., 2021). The relationship between POI spatial density and urban forest landscape spatial configuration is studied.
Geographically weighted regression (GWR)
To analyze the spatial heterogeneity of the relationship between the POI space density and the urban forest landscape pattern, POI density and the landscape pattern index is established based on the ArcGIS geographically weighted regression model. Based on linear regression analysis, spatial data analysis is added to the geographically weighted regression model (Wang et al., 2021). This model is used to study the heterogeneity of spatial relationships, and the mathematical model is:
[image: image]
Where, yi is the dependent variable of point i; εi is residual; k is the total sample size; i is the sample point count; xik is the value of the kth independent variable at the point i; (ui,vi) is the spatial coordinate of the ith sample point; ak (ui,vi) is the value of the continuous function ak (ui,vi) at i. Due to random samplings and different spaces in different geographical and natural environments, the observed data has certain errors. Geographically weighted regression is used to reduce the influence of the original analysis model on spatial nonstationarity. It can easily process data and make a global quantification of spatial nonstationarity of data analyzed by the geographic information system.
RESULTS
Spatial distribution of urban forests in Lianyungang City
Urban forests in the study area have obvious characteristics of aggregation distribution, for example, the area of forest patches in the central Haizhou District is larger, and the forest patches in other districts of the city are more fragmented (Figure 1A). The forest patches in Lianyungang city are mainly distributed from east to west along the Lianyungang Expressway, including Liandao Scenic area, Yuntaishan National Forest Park, Huaguoshan Scenic area, and Taohujian Scenic area. The number of forest patches greater than 0.001 hm2 is 41,922, with a total area of 1,195.73 hm2 (taking up 24.05% of the research area), among which, 16,385 patches are greater than 0.1 hm2 (taking up 0.66% of the total number of patches), with a total area of 162.95 hm2 (taking up 4.82% of the total patch area).
[image: Figure 1]FIGURE 1 | Spatial distribution of urban forests and POI. (A) Urban Forests, (B) POI.
POI spatial distribution density
The regional differences of POI spatial distribution density are small, and the overall distribution is relatively average. Within the total area, the density of middle regions is relatively larger, with the maximum density reaching 18,222 points/km2, and the western and eastern regions are of low density (Figure 1B).
Correlation between POI density and urban forest landscape pattern index
Among the seven landscape pattern indexes, the statistical results show that all the seven landscape pattern indexes are positively correlated with POI distribution density. The correlation between mean patch area (AREA) and POI density is the most significant (0.5408). The correlation between patch density (PD) and POI density is 0.0079. In addition, except for mean contiguity index (CONTIG) and aggregation index (AI), the other three landscape indices (NP: number of patches, ED: edge density, and PAFRAC: perimeter-area fractal dimension) show a significant positive correlation with POI distribution density, with correlation coefficients of 0.3063, 0.3955 and 0.3662, respectively (Figure 2).
[image: Figure 2]FIGURE 2 | (A-G) Correlation coefficients.
Functional relationship between POI density and urban forest landscape pattern index
In the stepwise regression analysis of POI distribution density and urban forest landscape pattern index, proximity index (CONTIG) and patch density (PD) are excluded. POI distribution density has an overall strong ability to explain landscape pattern index (the value of adjusted R2 is small), especially for the number of urban forest patches, mean patch area, edge density, and perimeter integral dimension ratio (all greater than 0.2), and the explanatory ability of other landscape pattern indexes is in the range of 0.1–0.2. According to the established linear model, the number of patches, mean patch area, edge density, and perimeter integral dimension ratio increases by 0.1016, 0.221, 0.141, and 0.132 respectively when POI increases by one point per square kilometer, but the forest patch density (PD), mean contiguity index (CONTIG) and aggregation index (AI) remain unchanged basically.
Spatial heterogeneity of the relationship between POI density and urban forest landscape pattern
The goodness of fit (adjusted R2) of the GWR regression model between POI distribution density and urban forest landscape pattern index is higher. The goodness of fit between the POI spatial distribution density and the number of the patch (NP) of forests, patch density (PD), edge density (ED), and aggregation index (AI) is 0.804, 0.771, 0.634, and 0.619, respectively. Meanwhile, the explanatory power of the model is more than two times that of the corresponding linear regression model. The results of the GWR regression model coefficient spatial distribution analysis (Figure 3) show that the correlation between POI spatial distribution density and urban forest landscape pattern index has significant spatial heterogeneity.
[image: Figure 3]FIGURE 3 | (A-G) Spatial distribution of POI density and GWR model coefficient of urban forest landscape pattern index.
CONCLUSION
In this study, visual analysis of urban forest patches is carried out with the help of the ArcGIS geographic information technology platform and further data analysis of different forest landscape pattern indices in the study area is carried out with the help of SPSS. The results show that:
1) The number of forest patches greater than 0.001 hm2 in the research area is 41,922, and the total area is 1,195.73hm2. Among them, the number of forest patches greater than 0.1 hm2 is 16,385, and the total area is 162.95 hm2. From the perspective of spatial distribution, forest patches in Lianyungang city are mainly distributed in the Haizhou area from east to west along the Lianyungang Expressway, while the patches in other areas are relatively scattered.
2) All the seven landscape pattern indices are positively correlated with the distribution density of POI. The correlation coefficients are NP (R2 = 0.3063), PD (R2 = 0.0079), ED (R2 = 0.3955), AREA (R2 = 0.5408), CONTIG (R2 = 0.0323), PAFRAC (R2 = 0.3662) and AI (R2 = 0.2014), respectively. This shows that the more POI is, the more fragmented and complex the urban forest patches are.
3) According to the geographically weighted regression model, the goodness of fit between the spatial distribution density of POI and NP, PD, ED, and AI reaches 0.804, 0.771, 0.634, and 0.619, respectively, and the explanatory power of the model is more than two times that of the corresponding linear regression model. This indicates that the correlation between POI spatial distribution density and urban forest landscape pattern index has significant spatial heterogeneity.
In summary, the results of the analysis indicate that the urbanization development process in the current study area has a great influence on the size of urban forest patches and the landscape pattern of the urban forests. Under the effect of the interference of human activities, more and more urban construction land has been used, and the forest patches have been gradually divided and seriously fragmented. The coherence and area patches of urban forests are insufficient, which will affect the effective development of ecological benefits of urban forests, bring great challenges to the urban ecological environment and species diversity, and significantly affect the coordinated development level of urban ecological construction and economy.
On account of the differentiation of forest ecosystem services and their value, the following countermeasures should be adopted in the management of forest ecosystem in Lianyungang City to improve the supply level of forest ecosystem services:
(1) Strengthen monitoring of changes in forest ecosystem structure and function. The level of forest ecosystem service supply and the ecosystem service value should be monitored as the core content of forest detection, and as a key basis for forest ecosystem management. Meanwhile, a forest ecosystem monitoring and evaluation system with pioneering demonstration significance should be formed as soon as possible to provide an effective supporting platform and demonstration system for the green development of the coastal economic belt.
(2) The forest ecosystem in Lianyungang city shows structural and functional differentiation, along with forest degradation and forest expansion. High-quality forests mainly distributed in the Liandao Scenic Spot, the Yuntaishan National Forest Park, the Huaguoshan Scenic Spot, the Taohuajian Scenic Spot, etc, are faced with greater pressure of forest tourism, while other low-quality forests are scattered throughout the city. In the follow-up management, differentiated management strategies should be formulated for the level of forest ecosystem service supply and forest quality, priority should be given to the protection of high-quality forest ecosystems, continuous improvement of sensitive forest ecosystems, and systematic conservation plans should be formed.
(3) Optimize forest landscape pattern. To solve the problem of forest landscape fragmentation in Lianyungang city, it is necessary to combine needs like biodiversity protection, thermal environment improvement, water and soil erosion control, recreation, etc, based on respecting the law of urban development. Then, combining key ecological construction projects like ring road forest belt, green wedge, wetland ecological restoration, and the green-way, it is important to take city development targets and land use planning schemes into overall consideration, as well as adjust and optimize the forest layout structure of Lianyungang city from multiple scales to construct a forest ecological network structure with coordinated structure and function, which will help meet the needs of biodiversity conservation, heat island effect, air pollution prevention and control, and recreation system construction.
(4) Utilize the regional advantage of Lianyungang. Lianyungang is a port city, therefore, it is more appropriate to implement multi-objective operations and comprehensively improve the level of ecological service supply. On the premise of maintaining the dominant function of the forest, it is necessary to develop the under-forest economy and promote the economic development vitality of the port city through improving the forest structure and increasing the forest management model. The spatial distribution and composing characters of the ecosystem is the integration of forest, sea, and city, which strengthens the research on the interaction between forest and marine ecosystem, along with the relationship between forest structure and function and city. Exploring the comprehensive management mode of port city forest provides a scientific basis for the overall improvement of ecosystem service function in Lianyungang city.
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