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Urban renewal has increasingly become a hot topic in international urban sustainable development management, and many countries have also carried out a lot of practice. However, there is still a lack of fast and effective methods for how quickly identifying the spatial characteristics of urban renewal to dynamically grasp the renewal effect. The purpose of this study is to identify the renewal characteristics of urban industrial land based on the POI (Points of Interest) data and RS data of the Internet map, and to provide an innovative method for better understanding the renewal effect of urban industrial land and its spatiotemporal evolution characteristics. The results show that: 1) Since the decentralization of non-capital functions in Beijing, industrial development has spread from a high degree of agglomeration to the whole area. The number of high-density areas has decreased from nine to five, and the number of medium-density areas has increased significantly.2) Land-use types in the six districts of Beijing have changed, warehousing and logistics land and industrial land have been reduced greatly, and the number and area of park green space have greatly increased.3) The level of matching between RS image interpretation and POI data is uneven. RS interpretation is accurate for large-scale feature recognition, and POI data are sensitive to small-scale industries. In conclusion, In the process of identifying the renewal feature of urban industrial land, POI and RS data can respectively obtain certain results. The integration of POI and RS can better identify the temporal and spatial changes of the industry.
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1 INTRODUCTION
Throughout the development process of domestic and foreign metropolises, most developed cities have experienced the “big city disease”. The centrality of large cities occupies a dominant position, and radiation drives the flow of people, logistics, capital, and information in the region to form an obvious polarization effect. This condition presents the problems of a large population, overconcentration of industries, traffic congestion, and environmental pollution (Ewing et al., 2002). To alleviate the pressure on the city center and promote the coordinated development of the city, domestic and foreign scholars have investigated related issues such as decentralization of capital functions (June 2007; Kuang et al., 2018; Tian et al., 2019), polycentric development (Champion, 2001; Lan et al., 2019; Sporna and Krzysztofik, 2020), urban renewal (Hyra, 2012; Swensen, 2012; Krabben and Jacobs, 2013), industrial upgrading (Azadegan and Wagner, 2011; Pan and Song, 2017; Tian et al., 2019), old city reconstruction (Tolle, 2010; Wu, 2016), and brownfield development (Thomas, 2002; Frantal et al., 2015; Green, 2018). The urban renewal strategies of the United States (Clark et al., 2009; Hyra, 2012), Spain (Muiz and Garcí, 2017), Germany (Lang, 2012; Ahlfeldt et al., 2017), France (Duvernoy et al., 2018), Brazil (Costa and Lee, 2019), Britain (Longo and Campbell, 2017), Japan (Martinez-Fernandez et al., 2012), and other countries also have important reference significance for other countries.
As a part of urban renewal theory, industrial land renewal has been discussed in many Western academic circles. In many countries, industrial land is mainly provided by the public sector, not only in countries with public ownership of lands such as China, but also in some countries with private ownership of land such as the Netherlands, France, and Germany. As governments want to ensure an adequate supply of industrial land for employment opportunities and taxation of industrial development, some countries are even considering open leasing of industrial land rather than selling it as a way to solve the problem of industrial land development (Erwin and Buitelaar, 2011; Needham et al., 2013). For example, Canary Wharf in London has been transformed from a decaying port industry site to a world-renowned central business district through a public-private partnership (Zhou and Zhou, 2013). As one of the largest manufacturing countries in the world, China also has a very high proportion of industrial land. With the trend of economic transformation and industrial upgrading, a large amount of industrial land in China needs to be updated. Taking typical urban fringe areas such as Panyu District in Guangzhou as an example (Wang et al., 2018), the practice of industrial land redevelopment created by the three renewal policies is shown. In addition, based on the relevant data of all industrial land urban redevelopment projects from 2010 to 2018, some scholars use a spatial perspective to investigate the transformation of industrial land in Shenzhen (Lai et al., 2020). Based on qualitative research, questionnaire surveys and in-depth interviews, taking Shenyang Tiexi Workers Village as a case study (Dong et al., 2020), the characteristics and driving forces of community renewal in old industrial shantytowns were analyzed.
China is in a period of rapid urbanization. Cities in China have exploded in size, population, and impact during the last three decades (Schneider et al., 2015). This rapid expansion has caused frequent problems such as traffic congestion, environmental pollution, and urban development imbalance (Huang et al., 2016). Some related studies have shown that there is a positive correlation between the urbanization efficiency and agglomeration level of megalopolis (Jin et al., 2018). As the capital of China, Beijing has greatly increased its urbanization level and low-end industries. The population is rapidly agglomerated, and the scale of the city continues to expand, which has led to the occurrence of a series of urban diseases. Under realistic conditions that the intensity of land development and utilization has approached the resource ceiling, the decentralization of Beijing’s non-capital functions is the inevitable way to improve the quality of the capital’s development at this stage. Beijing’s non-capital function decentralization work started in 2014, in which industrial decentralization is the physical content and key support (Li et al., 2019). Beijing has gathered an excessive number of non-capital functions, such as housing manufacturing, regional logistics bases, and wholesale markets (Rao et al., 2015), which are the deep-seated causes of “big city disease”. Gao, Liu, and Dunford discussed that Beijing’s industries have gradually decentralized moving from the center, and the process of industrial decentralization involved not only relations between the government and firms but also between different levels of government (Gao et al., 2014). Escalona-Orcao analyzes the process of industrial relocation in Spain and introduces the impact of urban system structure and urban development policies on industrial decentralization (Escalona-Orcao and Climent-Lopez, 2012). Li identifies the decentralization industry category and potential decentralization undertaking place from the three dimensions of policy, economy, and resources and environment. He pointed out that a decentralization strategy is a promising approach for promoting regional sustainable development (Li et al., 2019). Although differences exist between domestic and foreign systems, the urban remediation experience of foreign developed countries can be a reference for China’s non-capital function decentralization strategy. Beijing’s decentralization path can also guide other areas facing big-city diseases.
The continuous emergence and development of Internet data and artificial intelligence methods have provided effective data and methods for the evacuation of urban industries and extraction of construction land, which has greatly helped identify the industrial reforms in Beijing. Satellite remote sensing and GIS technology have been increasingly used in examining land use and land cover change, especially change-related urban growth (Wu et al., 2006; Sarvestani et al., 2011). Using remote sensing technology to extract the scale of urban construction land is a more objective technical method to accurately grasp the current situation of urban construction, understand the direction of urban development, evaluate the implementation of urban planning, and guide urban development and construction. Many scholars have studied the expansion and extraction of urban built-up areas by employing remote sensing. Most of them use methods such as supervised classification, unsupervised classification, and cluster analysis. The imagery data used are mainly concentrated in traditional remote sensing, high-resolution remote sensing, and luminous remote sensing imagery data. (Masek et al., 2010), (Ma and Xu, 2010), (Zhang et al., 2018), (Al-Bilbisi, 2019), Shen and others used traditional remote-sensing data to qualitatively and quantitatively analyze the changing characteristics of urban expansion (Shen et al., 2020). (Sawaya et al., 2003), (Gray et al., 2018), (Li et al., 2016), (Huang et al., 2018), (Zeng et al., 2015), and others used high-resolution remote-sensing images to extract multiple types of urban construction land. Most studies rely on satellite imagery to analyze urban expansion on a large scale. The current automatic interpretation technology of remote sensing still encounters many problems in extracting the refined status of the construction land in the city. Due to their labor-intensive and costly nature in some cases, remote-sensing images cannot be easily applied to study urban expansion for all the cities in a timely manner (Liu et al., 2010). In addition, remote sensing analysis emphasizes the physical perspective of urban development without considering other dimensions (Long et al., 2018). Therefore, we need to find a method to make up for the limitations of these images on the basic of remote sensing analysis. With the rise of Internet big data, relevant scholars have conducted a series of studies and applications of urban development through POI, promoting the development and application of GIS, computers, and other fields. POI data have been widely used in studying of urban spatial structure, the spatial distribution of commercial facilities, the improvement of land use classification, division of urban functional areas, and the optimization of public services. Jiang demonstrated a complete process, including the collection, unification, classification, and verification of online points of interest (POI), and develop methods to utilize such POI data to estimate disaggregated land use (Jiang et al., 2015). Sparks, Thakur, and Pasarka used POI data combined with hierarchical clustering of temporal characteristics to establish geosocial temporal patterns for the business hours of retailers and restaurants in more than 100 cities in 90 countries around the world (Sparks et al., 2020). Xia et al. (2020) used POI data, night-time light data, and small catering business data to analyze the spatial relationship between urban land-use intensity and urban vitality. Xue et al. (2020) used the location information of manufacturing units and automobile sales outlets extracted from POI to perform spatial statistical analysis and analyze the spatial relationship between the two industries as spatial complementary integration, weak spatial correlation, and coordination with scale dependence and spatial heterogeneity.
The two kinds of data have been applied in the extraction of urban construction land and analysis of industrial changes. Related studies also combine remote sensing interpretation with POI data. Hu et al. (2016) developed a protocol that uses open street maps, POIs, and remote sensing images to identify large-scale urban land use functions, which showed an overall high accuracy of the land use maps generated. Liu et al. (2017) focused on urban land use classification with features extracted from high-resolution remote sensing images and social media data; they integrated probabilistic topic models and support vector machines to identify dominant urban land use types at the level of the traffic analysis zone. Song et al. (2019) integrated POI with social attributes and ultra-high-resolution remote sensing images with natural attributes to monitor the finer-scale population density in urban functional zones. Shi et al. (2020) combined nighttime light data, digital elevation model (DEM), normalized differential vegetation index (NDVI), and POI data to develop a comprehensive poverty index (CPI), thereby accurately and effectively identifying poverty-stricken areas to determine the spatial distribution of poverty. The traditional remote sensing interpretation to obtain LUCC changes can only capture some information on land use, especially land cover changes, but for urban industrial land, especially the functional update information of industrial land characterized by “vacating the air for birds”, it cannot be used effective extraction. Other researches based on poi put more emphasis on the spatial characteristics of various industries, which cannot be accurately matched to the actual space, and it is difficult to reflect the spatial scope and area of urban renewal. This research innovatively matches the two together effectively, and provides a new solution for more accurately revealing the functional transformation of LUCC and industrial land brought about by urban renewal. Studies on the spatial relationship and comparative analysis of the two types of data are also limited. Given the achievements and the direction of Beijing’s non-capital function decentralization, this study combines remote sensing information extraction technology with GIS spatial analysis technology by using POI data and high-resolution remote sensing images to conduct the fine extraction of urban construction land and description of industrial reform, to analyze the temporal and spatial changes of industrial decentralization and evacuation. The research idea is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Technology roadmap.
2 MATERIALS AND METHODS
2.1 Study Areas
Six districts of Beijing are selected as the study area, namely, Dongcheng, Xicheng, Haidian, Chaoyang, Fengtai, and Shijingshan. The concept of “City Six Districts” was formed after the fifth administrative division of Beijing in 2010. These districts have a total area of 1,381 sq. km., accounting for 8% of the total area of Beijing. As of 2019, their population was 12.828 million, and they accounted for 60% of the population, 70% of industries, 70% of grade 3A hospitals, and 70% of colleges and universities. The six districts of Beijing are shown in Figure 2. The six districts are not only the main bearing areas of the core functional areas of the capital, but are also important in the construction of an international first-class harmonious livable capital and are key areas for decentralizing non-capital functions. Evaluating this area is necessary to improve the service guarantee capacity of the six districts and decentralize their non-capital functions. This study selects the six districts as the analysis object and analyzes the changes in land types and industries through two phases of remote sensing images and POI data in 2013 and 2019.
[image: Figure 2]FIGURE 2 | Study areas.
2.2 Data
2.2.1 POI Data Correction
POI mainly refers to geographical entities that are closely related to people’s lives, such as educational institutions, financial service facilities, supermarkets, and others. In this study, the POI data are obtained by programming based on the electronic navigation data of Beijing produced by AutoNavi in July 2013 and September 2019. Combining the “Classification of Land Use Status in the Third National Land Survey” and “Urban Land Classification and Planning and Construction Land Standards” comprehensively integrate the types of non-capital functional decentralization in Beijing. In this study, nine types of POI data are extracted from industry, wholesale market, warehousing and logistics, education, medical and health, government agencies, park green space, cultural facilities, and transportation facilities as the research object. The initial data in the six districts of Beijing in 2013 and 2019 were 426,044 and 588,523, respectively. The data were cleaned by spatial matching and deduplication. After selecting according to the nine categories we needed, we collected 74,180 and 76,594 data points. Details are shown in Table 1.
TABLE 1 | POI data collection in 2013 and 2019.
[image: Table 1]2.2.2 Basic Geoprocessing
Basic geographical data includes map data such as the boundaries of Beijing’s administrative divisions, and satellite images of the six districts. The data used is based on Google Earth imagery without satellite orbit information, and the imagery data were mainly obtained from the QuickBird satellite of DigitalGlobe and EarthSat in the United States. The spatial resolution of global geomorphic images can reach up to 0.5 m. The Google Earth imagery has a spatial resolution of 1.88 m, which includes the six districts of Beijing. Analysis and correction of multiple sampling points in the image were conducted to meet the requirements for the identification of various types of land. This study is based on “Urban Land Classification and Planning and Construction Land use Standard” combined with the “Beijing New Industry Prohibition and Restriction Catalog (2018 Edition)”. In response to research on Beijing’s non-capital function decentralization, the land division standards of the six districts of Beijing are determined according to the actual demand. These are divided into eight categories: residential, administration and public services, commercial and business facilities, industrial, road, street and transportation, green space and square, logistics and warehouse, and other land types. Using the ArcMap10.2 software platform, we compare the image features of the remote sensing imagery with Google Maps and AutoNavi Maps to determine the interpretation signs as shown in Table 2. Compared with the interpretation marks, the basic features of the satellite imageries were visually interpreted, and the vector map data of the six districts of Beijing in 2013 and 2019 were obtained.
TABLE 2 | Interpretation marks of different types of land under remote sensing imagery.
[image: Table 2]2.3 Methodology
This study mainly uses spatial analysis method to analyze the distribution of POI data and interpretation of remote sensing images. Kernel density estimation (KDE) is performed to measure the spatial distribution density of nine industries in the six districts, and grid density method is used to analyze the hot spots. Based on the interpretation of the land class, the area of land class change is identified by using the ArcMap platform, SQL language, and Python code. The POI data are spatially connected with the interpreted vector graph and the data are counted.
KDE is used to calculate the density of elements in their surrounding fields. The density is largest at the center position and attenuates with distance, and the density is zero at the limit distance. KDE is used to express the distribution data of various network points in a continuous graph, and study the overall spatial distribution characteristics of various network points in service facilities. The expression is as follows:
[image: image]
where [image: image] is the weight of the research object j, [image: image] is the distance between the spatial point i and research object, and r is the bandwidth of the selected area.
3 RESULTS
3.1 Kernel Density and Hotspot Analysis of POI
Judging from the 2013 and 2019 data, the nine types of facilities used in the study have obviously increased or decreased, but their total number is not much different. We import the collected POI data into the GIS, use the WGS1984UTM projection, and merge the various POI data. The selected nine types of data are almost all over the districts of Beijing, in Dongcheng, Xicheng, southeast of Haidian, southwest of Chaoyang, northeast of Fengtai, and the east of Shijingshan show obvious agglomeration patterns. To effectively identify the spatial distribution structure of the six urban districts, KDE shows the distribution of POI data intuitively. The natural breakpoint method is used to reclassify the results of KDE. We selected four search radii of 500, 1,000, 1,500, and 2,000 m for display. After comparison, we found that the search radius of 1000 m can better identify spatial morphological changes. The results are presented in Figure 3.
[image: Figure 3]FIGURE 3 | POI kernel density plots of 2013 and 2019.
As shown in Figure 3, the six districts of Beijing are in a state of agglomeration. Comparing the changes in kernel density in 2013 and 2019, we can observe that in 2013, the industries of the six districts were concentrated in Dongcheng and Xicheng, supplemented by the western part of Chaoyang and the southeast of Haidian, forming a central clustering state. In 2019, the agglomeration of industries in the six districts expanded to the surrounding area, and high-density agglomeration points showed a discrete state. Multiple small agglomeration points are formed throughout the six districts, and medium-density agglomeration points have increased significantly. Overall, after a series of decentralization and retreat policies, industries in the central urban area have been evacuated significantly. The kernel density across the six districts is more balanced and the industrial distribution is more extensive.
To show the distribution of POI data clearly and quantitatively, we evenly divided the entire area of the six districts into 500 m × 500 m fishing nets, and a total of 5,807 fishing nets were obtained. The overlap area is obtained by intersecting overlay analysis of POI data and fishing nets. The geometric interval method is used to reclassify by quantity, and a dBase (dbf) table is exported for statistical analysis. The results can be obtained as shown in Figure 4 and Figure 5.
[image: Figure 4]FIGURE 4 | POI content in fishing nets in 2013.
[image: Figure 5]FIGURE 5 | POI content in fishing nets in 2019.
The highest number of fishing nets contains 723 points, and the least contains no points. According to the statistical analysis of the frequency of point distribution in GIS, the average value in 2013 is 12.59, the standard deviation is 30.37, the average value in 2019 is 13.18, and the standard deviation is 27.10. These results show that the distribution of point data in 2019 was closer to the average value and less affected by the extreme value. We define different density areas according to the number of points contained in each fishing net, where 0–3 points are defined as low-density areas, 4–20 points are defined as medium-low density areas, and 21–119 points are defined as medium-density areas, 120–294 points are defined as medium-high density areas, and 295–723 points are defined as high-density areas. According to this standard, the number of fishing nets and number of POI points occupied in each density area in 2013 and 2019 were counted. The results shown in Table 3 were obtained.
TABLE 3 | Statistics of number of fishing nets and POI points in each density area.
[image: Table 3]According to Table 3, the number of fishing nets in high-density, medium-high-density, and low-density areas in 2013 was higher than that in 2019, while the number of fishing nets in medium-density and medium-low-density areas increased significantly in 2019. These results show that after decentralization, the extremely high-density or extremely low-density areas have decreased. The industry in the high-density area has been greatly improved through decentralization. Low-density areas have obtained development opportunities through industrial transfer. The number of medium-density districts most suitable for urban development has greatly increased. Urban development has spread from dot and cluster agglomerations to the periphery, and the phenomenon of industrial agglomeration has been improved.
Through location selection, we compared the corresponding geographical locations of fishing nets in high-density areas in 2013 and 2019. The nine high-density districts in 2013 correspond to Guanyuan Wholesale Market, Yuegezhuang Wholesale Market, Peking University, Renmin University of China, Peking University People’s Hospital, Xinglong Lighting Wholesale Market, Beijing Book Wholesale trading Market, Tsinghua University, and Beijing Foreign Studies University. The five high-density fishing nets in 2019 correspond to the geographical locations of Peking University, Renmin University of China, Beihang University, Haidian District People’s Hospital, and Peking Union Medical College Hospital. The four areas of Guanyuan Wholesale Market, Yuegezhuang Wholesale Market, Xinglong Lighting Wholesale Market, and Beijing Book Wholesale Trading Market no longer exhibit high-density agglomeration. This condition corresponds to the retreat of some tertiary industries such as regional logistics bases and regional professional markets in the decentralization strategy, which has significantly improved the phenomenon of industrial agglomeration in these regions.
3.2 Interpretation Vector Analysis
According to the interpretation marks and methods introduced, this study visually interprets the 2013 and 2019 images of six districts in Beijing. The results are shown in Figure 6.
[image: Figure 6]FIGURE 6 | Interpretation vector diagram of eight types of land in six districts of Beijing in 2013 and 2019.
According to the vectorization results of the two phases of remote sensing images, small-scale land-use changes can be observed in the six districts. The reason is that the six districts have undergone mature development, and large-scale changes in land types cannot occur within a few years. However, according to Beijing’s strategic model of decentralizing and promoting development, there will be accompanied by renewal models such as industrial evacuation, demolition and new construction, and renovation and improvement. This condition will bring about small-scale or group-type land changes. We can observe from the data of the two periods that 10,673 visually interpreted plaques existed in 2013 and 10,518 in 2019. From the two issues of data, 10,673 plaques were visually interpreted in 2013 and 10,518 in 2019.
To test the accuracy of patch division results, a random point selection method is used to select points in GIS. Thus, 106 and 105 plaques were randomly selected from 2013 to 2019, respectively, and each plaque was assigned a number. The detailed spatial distribution is shown in Figure 7 (which takes 2019 as an example). Due to the impact of the COVID-19 epidemic, on-site calibration is dangerous and difficult, and the real scene function on the Baidu map can achieve a good 3D display. Therefore, this study uses the Baidu map to conduct inverse point query and real-time comparison and combines the field data in the process of previous research to test the accuracy of the results. The results show that 89 parcels are of the same type in 2013, and the accuracy of the division result is 84.0%. In 2019, 94 parcels had the same type, and the accuracy of the division result was 89.5%. The accuracy test result was good. Figure 4 shows some cases of the inspection area. No. 66 is Beijing 47 Middle School, and the patch type is administration and public services. No. 100 is a building materials company in Fengtai district, and the patch type is industrial land. No. 89 is Guta Park, and the patch type is green space and square.
[image: Figure 7]FIGURE 7 | Accuracy detection of interpretation results and presentation of some cases.
To appropriately show the relationship between industrial and land type changes in the six districts, we gather statistics on the area and the quantity of all types of land patches. As most of the commercial service facilities are within the buildings, the land types can be easily confused with other types of land use, so we put commercial and business facilities aside for area and quantity statistics in this study. Finally, we selected seven types of land for residential, administration and public services, industrial, road, street and transportation, green space and square, logistics and warehouse, and other lands for statistical analysis. The results are presented in Table 4.
TABLE 4 | Statistics of patch quantity and area of seven types of land.
[image: Table 4]As shown from the statistical results, the patches of warehousing and logistics land have decreased by 16, and the area has been reduced by 28,400 sq. km. The quantity and area of patches on both industrial and public land have decreased. The area of green space and square and transportation facilities has been increased. The quantity and area of patches of residential land and other lands changed minimally. This result shows that since Beijing’s decentralization strategy, the general manufacturing industry, especially the high-consumption industries (such as industrial land in this study), regional logistics bases, regional professional markets and other tertiary industries (such as logistics storage land in this study), and some social and public service institutions such as education, medical and training institutions (such as public land in this study) have been improved. Their distribution has become scattered and their area has been reduced. The number and area of patches of park green space have increased significantly, and they are more widely distributed and larger in area. However, the change of residential and other land types is not obvious in a mature city such as Beijing.
3.3 Analysis of Combination of Visual Interpretation and POI
From the preceding analysis, we can observe that both the POI data and visual interpretation results can show the progress of decentralization work in the six districts of Beijing and the changes in the region. To better analyze the point-to-surface multi-dimensionality and ensure the authenticity and availability of the two types of data, this study overlays the POI data on the vector map to determine the relationship between various POI data and land types. Among them, the POI type is “wholesale market,” and “warehousing logistics” is equivalent to the “logistics and warehouse” land type. “Education,” “medical institutions,” “cultural facilities,” and “agency groups” are equivalent to “administration and public services” in land type. Thus, five types remain. In this paper, various POI data and interpretation vector diagrams are spatially connected, with point data as the target element, interpretation vector diagram as the connection element, and “intersect” as the matching option. The results are shown in Figure 8; Figure 9.
[image: Figure 8]FIGURE 8 | Combination of various types of POI and land type interpretation maps in 2013.
[image: Figure 9]FIGURE 9 | Combination of various types of POI and land type interpretation maps in 2019.
We open the attribute table after the spatial connection, and use SQL language to judge the POI and land types. According to the corresponding method, the similar parts of the POI type and land type are called “same” fields, and the different parts are called “different” fields. After selecting all kinds of POI data according to attributes, we count the number of “same” and “different” fields. The results are shown in Table 5.
TABLE 5 | Comparison between POI data and interpreted land types.
[image: Table 5]As shown in Table 5, the matching effect between POI type and land type of warehousing and logistics land is poor at approximately 30%. The two types of data on park green space are well-matched, with the same amount accounting for approximately 70%. The matching effect of the two types of data between public management and public service facilities land is poor at approximately 35%. The matching effect of the two types of data for transportation facilities is high at approximately 80%, and the matching degree of industrial land is in an intermediate state. The reason is that the POI data in warehousing and logistics include not only large wholesale warehouses but also many small express points and post offices, most of which are located in residential and public land types, which are not easy to extract in the land interpretation process. By the same token, a large number of points are found in public management and public service facilities, including not only large hospitals, schools, and libraries but also many training institutions, clinics, and organizations. These structures occupy a small area and are easy to confuse with the image. The park green space is clear in the remote sensing image, which facilitates the land type interpretation and has a high accuracy rate. However, when POI is used to identify park green space, a certain area of this space often has only one or a few POIs to indicate that the area and scale cannot be effectively displayed. The accuracy of transportation facilities’ land in visual interpretation is also relatively high, but when expressed by POI, it often only shows the bus stop, subway station, and other parts, ignoring the content of the road section.
Another important factor that can explain the poor matching effect is that, since the decentralization policy, the decentralized area has been transformed from the original traditional manufacturing enterprise into a high-end industrial park. The nature of the original land has not changed but brought about an industry upgrade, which leads to no change in the land type but a change in the industry. For example, the BBMG Intelligent Manufacturing Factory is located in the Haidian district, and its predecessor was BBMG Tiantan Furniture Factory. After decentralization, the existing industrial plants were revitalized and upgraded, but their land properties and factory property rights did not change. However, the location has been built into an innovative science and technology industrial park with intelligent manufacturing as the core industry, thereby achieving an organic combination of transforming and upgrading the traditional manufacturing industry and replacing the industrial space.
4 DISCUSSIONS AND CONCLUSIONS
4.1 Discussions
This study uses POI data to analyze the distribution and changes of industries in Beijing. The current resource status and spatial and temporal evolution characteristics can be seen by using remote sensing image interpretation, and the combination of visual interpretation and POI can show the matching effect and the difference between the two data, so that we can deepen our understanding and application of the two data. In addition, this study also shows that the current status of the evacuation of Beijing has obvious changes in terms of industries and land types. These changes show the effectiveness of the evacuation, but at a deeper level, we also realize that the promotion work after the evacuation is not yet in place, and how to strengthen the reuse and optimization of the vacated space is the focus of future research.
Most studies in the past took remote sensing images mostly to study large scale land use changes or qualitative descriptions. In this paper, we use easily accessible remote sensing images and visual interpretation methods to quantitatively describe land use types on a qualitative basis, which has a more intuitive display of the quantity and area changes of various types of land, and is more convenient for land use and management. In addition, the random point selection function is used in GIS to determine the coordinates of the changing area, and the actual geographic attributes of the parcel are corresponded to by the method of coordinate inverse selection, and the changing area can correspond to the actual point location after the location selection is made, and the geographic location can be accurately identified. In the process of checking the accuracy of remote sensing image interpretation, due to the impact of the COVID-19 epidemic, it is not easy for us to conduct field research, and the real-world function of Baidu Map can achieve a good three-dimensional display, which brings us great convenience. As the current level of modern technology continues to develop, more and more data and resources can be accessed and used. In the face of the high cost of data unavailability, inconvenient field research due to unforeseen circumstances, and other uncontrollable reasons, the adoption of these open resources can bring greater benefits to our research. In future scientific research and social development, good use of Internet technology will increasingly become a skill. The method applied in this study can not only identify the spatial and temporal changes of urban industrial land, but also provide a great help for the fine-grained extraction of urban construction land. In addition, it also provides ideas for the rational layout of various public service facilities in cities.
In addition, visual interpretation is mainly used for vectorization in this study, which is subject to a certain degree of subjectivity and may cause data distortion. This study takes the evacuation of Beijing as the background, and only considers the land types and industries related to this, but does not explore and study other industries, these shortcomings will be further improved in future studies.
4.2 Conclusions
Urban renewal has increasingly become a hot topic in international urban sustainable development management, and many countries have also carried out a lot of practice. China has implemented a large number of urban renewal projects, but there is still a lack of fast and effective methods for how quickly identifying the spatial characteristics of urban renewal to dynamically grasp the renewal effect. This study effectively combines remote sensing imagery, GIS technology, and Internet POI data to closely delineate the land and industrial uses in the six districts of Beijing. This condition realizes the refined extraction of various urban land types and clarifies the temporal and spatial changes of industrial development. Based on the remote sensing image data and POI data in 2013 and 2019, the research carried out refined extraction of construction land in the six urban districts of Beijing and research on industrial temporal and spatial changes, and compared and analyzed the results generated by the two data. The results show:
(1) Since Beijing carried out the decentralization of non-capital functions, industrial development has spread from a highly concentrated state to the whole area, with the number of high-density areas decreasing from nine to five and the number of medium-density areas increased significantly. 2013 industries in Beijing’s six urban districts were concentrated in the east and west urban areas, supplemented by the western part of Chaoyang District and the southeastern part of Haidian District, forming a central agglomeration state, while in 2019 the industrial agglomeration state in the six urban districts expanded in all directions, with high-density The number of fishing nets in high-density, medium-density and low-density areas in 2013 is larger than that in 2019, while the number of fishing nets in medium-density and medium-low density areas in 2019 has increased significantly, and the phenomenon of industrial clusterings such as regional logistics bases and regional professional markets has improved significantly, and the number of too-high or too-low density areas have been reduced. The industries in the high-density areas have been greatly improved by the decentralization, which liberates part of the land in the central city and increases the opportunities for high and precise development in the central city. The low-density areas have been given development opportunities through industrial relocation, improving the utilization of land, which is also beneficial to the production and living standards of people in low-density areas. The number of medium-density areas is greatly increased, which can guarantee the production and living standards as well as protect the ecological health, which is conducive to the stable development of the region. Urban development from point and cluster clusters to the periphery of the spread of the industrial clustering phenomenon has been improved, which is important to alleviate the “big city disease” and promote the healthy and stable development of the city. In general, after a series of decentralization policies, the industry in the central city has been significantly decentralized, and the industry in the six districts is more balanced and widely distributed, which is also conducive to industrial upgrading and urban development;
(2) The type of land use in the six urban districts has changed significantly, with storage and logistics land and industrial land being significantly reduced and the number and area of park green areas greatly increased. The visual interpretation of remote sensing images of two phases in 2013 and 2019 has completed the fine extraction of various types of land use in the six urban districts of Beijing. From the extraction results, it can be clearly seen that the number and area of patches of storage and logistics land and industrial land have decreased, public land and park green space have been increased, and the number and area of patches of transportation facility land and residential land have changed less. This indicates that since the decommissioning of Beijing, general manufacturing industries, especially high-consumption industries (e.g., industrial land in this study), some tertiary industries such as regional logistics bases and regional professional markets (e.g., logistics and warehousing land in this study), and some social and public service institutions such as education, medical and training institutions (e.g., public land in this study) have been improved, and their distribution points have been reduced and dispersed, and their areas have also The distribution points and area have been reduced. In contrast, the change of land for transportation facilities and residential land is not obvious in cities with mature development. The number and area of parkland patches have increased significantly, which corresponds to the “increasing white and green” advocated since the evacuation;
(3) The combination of remote sensing interpretation and POI data can better identify the spatial and temporal changes of industrial land. Remote sensing interpretation is accurate in identifying large features, while POI data is sensitive to the perception of small industries. The combination of the two can show that the two kinds of data have better matching effects on park green areas and transportation facility sites, and poorer matching effects on small courier points, training institutions, clinics, etc., indicating that the two data have different research focuses. Remote sensing image visual interpretation has the disadvantage of strong subjectivity, and there are cases of small buildings being wrongly mentioned, omitted or incompletely extracted, but it has better recognition for park green areas, transportation facilities, large regional industries and large storage and wholesale bases. POI data has strong timeliness and redundant classification, often only a relatively small number of points are distributed in the same type of land in a certain area, which has a barrier for identifying area and the POI data are time-sensitive and categorically redundant, and often only a small number of points are distributed in the same type of land in a certain area, which is a barrier to the identification of area and scale. Combining remote sensing image interpretation with POI data can cover large, medium and small multi-level urban land type changes, which can provide quantitative descriptions of area and scale as well as analyze industrial changes and land type changes. At the same time, the two data can supervise each other as mutual correspondence, which ensures the authenticity and credibility of the results, and also enables qualitative and quantitative multidimensional analysis, which brings greater convenience to the research on urban development and evacuation and vacating. From the study, it can also be seen that some aggregated points with a poor matching degree are industries that are not completely evacuated and need further strengthening of evacuation, and some zones with a poor matching degree need spatial reuse and optimization for quality improvement according to the actual point situation.
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