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The purpose of this study was to provide a new concept and technical method for the large-scale identification of industrial land and analyze the distribution characteristics of industrial land in China. The following research methods are employed using the point of interest data and random forest model based on data accessibility, this study selected 2015 data on Wuhan and Luoyang as training samples to identify the industrial land of China. Then, the proportion of industrial land in all 334 prefecture-level cities on the Chinese mainland was calculated, and the spatial pattern was analyzed. The results show that: 1) by comparing multiple experiments and robustness analysis, the optimal parameter setting of the random forest model is obtained. According to the test of actual industrial land distribution in Wuhan city and Luoyang city, the identification of industrial land in different scale cities by random forest model is accurate and effective. 2) From the perspective of spatial patterns, industrial land shows a “large aggregation and small scattering” distribution. 3) From the perspective of spatial distribution, the proportion of industrial land in these cities shows spatial aggregation. High–high aggregation areas were mainly distributed in North and Northeast China, and low–low aggregation areas were mainly located in West China. 4) From the perspective of related factors, industrial land was close to rivers, highways, and railway stations and had a relatively low correlation with the distribution of airports. Industrial land was located within approximately 10–60 km distance from the municipal government office. In terms of the proportion of industrial land, the proportion of industrial land is higher in the cities where the industrial land was closer to railway stations. However, when the industrial land in cities was closer to four other types of related factors (waters and lakes, major highways, airports, and municipal government stations), the share of industrial land is lower. In conclusion, the method based on the point of interest data and random forest model can accurately and effectively identify large-scale industrial land.
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1 INTRODUCTION
Industry plays an important role in maintaining a steady growth of the national economy, and industrial land is the most basic natural resource to support industrial development. Industrial land refers to land that carries the production, operation, and service activities of economic entities in urbanized areas (Moomaw, 1978; Louw et al., 2012). With its unique social system, China’s economy has developed rapidly and consequently. China has become the world’s factory (Liu et al., 2014; Liu et al., 2018a, b). At the same time, China is also the only country that contains the whole industrial chain, which conveys a great advantage in international competition (Jcw et al., 2021). At present, there are two main forms of urban industrial land in China: industrial parks and scattered industrial land. In the context of the new normal economy, China has actively promoted the transformation and upgrading of the secondary industry, but the layout and planning of urban industrial land have not kept pace, resulting in problems such as waste of resources (Lai et al., 2020), destruction of the ecological environment (Yang et al., 2018), and a mismatch between industrial land and space (Zhang et al., 2020). Therefore, the scientific and effective identification and analysis of urban industrial land is of great significance to optimize the layout of urban industrial land, improve the scientificity of urban industrial land planning in the whole region, and promote China’s industrial transformation and upgrading.
In the past, the identification of urban industrial land mainly used traditional land data and remote sensing image maps (Myint et al., 2011; Dankoub et al., 2012; Zhang and Du, 2015). The artificial statistical survey, expert qualitative, remote sensing interpretation, and other methods were used for this identification (Murphy and Vance, 1954; Davies, 1959; Eklund et al., 1998); however, all these methods are problematic as they are time-consuming, laborious, and lack timeliness. Single remote sensing image data can only identify urban construction land in the process of large-scale recognition, and cannot further refine the spatial details of urban industrial land. Therefore, its application method must be further improved. The aforementioned identification methods are mostly based on a single city (or region), which cannot reflect the layout of urban industrial land on a larger scale, and different data (including years) and methods cannot enable case comparison. From the perspective of national conditions, although the quality and quantity of socio-economic data of developing countries (represented by China) have improved in recent years (Jean et al., 2016), there is still a lack of unified standard and complete data to conduct efficient research on the identification of industrial land within a country. Therefore, for large-scale industrial land recognition, a more effective method combined with remote sensing image data should be developed.
The development of geographic information technology, especially the application of big data (Toole et al., 2012; Long and Shen, 2015; He et al., 2018; Jo et al., 2020) and machine classification model (Wachtel et al., 2018; Li et al., 2019), provides new ideas for urban industrial land identification. Among big data commonly used in urban land research, point of interest (POI) data offers the advantages of wide coverage, large amount of data, and easy access (Ivan et al., 2016). POI data record the location information of physical point elements of various socio-economic departments, which is a more in-depth representation of the spatial distribution of socio-economic activity intensity and functional composite utilization (Mckenzie et al., 2015). Therefore, these data are widely used for the identification and analysis of urban land use types (Yuan et al., 2012; Zheng et al., 2014; Jiang et al., 2015). At present, research on urban land class recognition using POI data is mainly based on medium and small scales (Zhai et al., 2019), and a few large-scale studies have been conducted in China. Common classifiers include maximum likelihood estimation, support vector machines, decision tree, and random forest (RF) (Lu and Weng, 2006). The RF model has been proposed by Breiman (2001). Because of its high accuracy, good robustness, and practicality (Belgiu and Dragut, 2016), RF has attracted the attention of scholars in the field of land use (Li et al., 2019; Luciano et al., 2019), and has been applied to land use classification (Jamali, 2021; Sun et al., 2021). However, research on the identification of urban industrial land on a national scale has not been conducted, which limits the research on the spatial pattern analysis of urban industrial land in China from the macro level. In recent years, the spatial distribution characteristics of urban industrial land have attracted the attention of many scholars. The methods of spatial autocorrelation (Xie and Wang, 2015; Li et al., 2018), landscape pattern analysis (Lin et al., 2016), and co-location pattern mining (Marcon and Puech, 2009) have been employed. However, there are certain problems, such as small sample data, incompatibility, and spatial heterogeneity (the research conclusions of a single city cannot reflect the overall pattern).
In summary, to compensate for the shortcomings of the earlier research to a certain extent, this study uses large scale data (334 prefecture-level cities in China) and a 1 km × 1 km scale unit. Moreover, the National Land-Use/Cover Database of China with the spatial resolution of 30 m [NLUD-C, made from the Landsat TM image and China–Brazil Earth resource satellite image with a classification accuracy greater than 90% (Lai et al., 2016)] is used to explore the feasibility and scientificity of land class recognition based on POI data and the RF model. The spatial distribution characteristics of urban industrial land and the factors related to the layout planning of urban industrial land in China are clarified. The remainder of this study is structured as follows: Section 2 describes data source and data processing and introduces the method. Section 3 describes the results of industrial land identification, spatial pattern analysis, and correlation factor analysis in China. Section 4 presents the conclusion and discussion.
2 METHODS AND DATA
2.1 Methods and Ideas
The research methods mainly involve RF, landscape pattern analysis, exploratory space data analysis (ESDA), and correlation factor analysis (which is a co-location pattern mining method). The four algorithm models of RF, artificial neural networks, logistic regression, and support vector machine were selected for experiments. The reason why these four kinds of analysis models were selected in this study is that they are widely used in the research of various urban land uses. Combined with the previous relevant literature on the classification of urban land use types (Wachtel et al., 2018; Li et al., 2019); as shown by the precision comparison presented in Table 1, RF was finally selected for China’s industrial land recognition training to obtain an urban industrial land map of China. First, the pattern characteristics of China’s urban industrial land were macroscopically grasped through spatial pattern analysis. Then, ESDA was used to explore the regional agglomeration of China’s urban industrial land. Finally, the distance relationship between China’s urban industrial land and related factors was explored through correlation factor analysis.
TABLE 1 | Model accuracy comparison.
[image: Table 1]The research idea was based on POI data and RF, and by using the city construction map spot, Wuhan and Luoyang were selected as training samples. Employing the principle of data accessibility, the spatial distribution of industrial land under China’s 1 km grid unit was identified, and then, the industrial land ratio of 334 prefecture-level cities in Chinese mainland was calculated. Spatial pattern analyses (NP, SPLIT, and CONHESION), ESDA (Moran’s I, Local Moran’s I), and correlation factor analysis (nearest neighbor distance method) were used. The specific method flow chart is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Method flow chart.
2.1.1 Random Forest Model
RF is a natural nonlinear data algorithm proposed by Breiman (2001), which can be used for regression analysis and data classification (Pal, 2005). RF is based on the single decision tree algorithm and combines the bagging method and the random subspace method. By bootstrap sampling of training samples, a training set is formed, and unselected samples are used to predict and evaluate the error. The decision tree sequence is obtained by a combination of multiple training sets, and the final prediction result is selected by voting (Ham et al., 2005).
From data accessibility perspective, the spatial distribution data of industrial land in Wuhan and Luoyang in 2015 were obtained based on the project cooperation in Wuhan Natural Resources and Planning Bureau and Luoyang Natural Resources and Planning Bureau, respectively. Other cities cannot be obtained publicly because the data of the third land survey have not been made public. Therefore, Wuhan and Luoyang were used as RF training samples. According to the research of Chang and Ke (2020) and the principle of practicality, POI indicators were selected from the perspective of the distribution characteristics of facilities on industrial land. For example, because of the dominant characteristics of functions, there are relatively few entertainment and leisure facilities, education, and medical facilities. Therefore, the following five variables were selected: the number of POIs (POISUM), the mixing degree of POIs (MIX), the proportion of POIs in industrial enterprises (FRATIO), the number of POI types (POITYPENUM), and the average distance among POIs (MEANDIS); moreover, the number of workers is relatively concentrated on industrial land, and the population density may be different from other urban land types. Therefore, population density (POPD) was selected as an index (POI data itself represent the population). Finally, considering that the roads inside the industrial land mainly serve the transportation vehicles in the plant area, the road network structure is much simpler than that outside of the industrial land; therefore, a seventh variable, that is, the highway node density per unit area (JUNCTIOND) was designed. The calculation of the aforementioned seven indicators was completed within the 1 km grid, the reason why this study chose it is that the spatial basic unit scales of various types of urban construction land are different. For example, many industrial lands are concentrated and connected in the form of industrial parks, whose degree of functional mixing is low, and the form of basic spatial units is large and complete. Among them, MIX refers to the mixing degree of different functions in a newly developed plot, and its formula is as follows:
[image: image]
In Formula 1, [image: image] represents the proportion of the i-th POI type in the total POI records, and n is the total number of POI types.
After the selection of indicators, based on the selected training samples (including a certain amount of industrial land and non-industrial land), the ability of the RF model to identify industrial land is determined through the 10-folds crossover method. In this method, the data are randomly divided into 10 sets, nine of which are used to train the model and one data set is used for the prediction of the RF model. Finally, the distribution of industrial land in China was obtained. The aforementioned steps were completed using orange data mining software (https://orangedatamining.com/), which is often used for classification training and can obtain better classification training results (Naik and Samant, 2016; Ishak et al., 2020).
2.1.2 Spatial Analysis Method
This study used spatial pattern analysis to analyze the overall agglomeration of industrial land in China, and then used exploratory space data analysis to further analyze the spatial agglomeration degree of various internal regions. The two are the logical relationship from the whole to the inside.
2.1.2.1 Spatial Pattern Analysis
Analyzing the pattern of urban industrial land in China can more intuitively and effectively clarify its overall spatial characteristics. NP, SPLIT, and COHESION were selected in the patch type level index of FRAGSTATS for spatial pattern analysis. The three indexes could verify the overall macro and micro characteristics of China’s industrial land pattern and provided a reference for subsequent analysis and research. The description of each index is shown in Table 2 (Gao et al., 2012).
TABLE 2 | Descriptions of landscape ecological index.
[image: Table 2]2.1.2.2 Exploratory Space Data Analysis
Global spatial autocorrelation analysis in ESDA is a method of spatial analysis that places spatial variables in the whole research space. Moran’s I and local Moran’s I are selected for analysis (Anselin, 1995). The formula is as follows:
[image: image]
In Formula 2, the range of calculation result is [−1,1]. A result within [−1,0] indicates that it is spatially negatively correlated, a result of 0 indicates that there is no spatial correlation, and a result in the range of (0,1] indicates that it is spatially positively correlated.
[image: image]
In Formula 3, [image: image] represents the number of prefecture level administrative units, [image: image] and [image: image] refer to the attribute value of industrial land proportion of each prefecture-level administrative unit, [image: image] refers to the spatial weight matrix established between research units [image: image] and [image: image], and [image: image] refers to variance.
2.1.3 Statistical Method of Related Factors
ArcMap was used to calculate the average distance between urban industrial land and main waters and lakes, major highways (both national and provincial highways), airports, railway stations, and municipal government stations in 334 prefecture-level cities. Then, the relationship between these elements was statistically analyzed using SPSS software. According to this analysis, we not only analyze the distance analysis between industrial land and related factors in each city, but also classify cities with different proportions of industrial land, so as to intuitively see the status of urban-related factors with different proportions of industrial land, and finally achieve the purpose of comprehensive and scientific analysis to avoid miscellaneous analysis as far as possible.
2.2 Data Source and Processing
For the data source, the research area explored includes the whole Chinese mainland (Hong Kong, Macao, and Taiwan were excluded because of a lack of specific data). The data used include the urban construction maps and administrative boundaries of 334 prefecture-level cities in China for 2015, which is the base map of the 1 km grid established later. This means the identification of urban industrial land must be established within the scope that the base map is the construction land in the land use classification. The data involved in this study also include the data of industrial land in Wuhan and Luoyang, and the geographical data of China’s main waters and lakes, major highways (both national and provincial highways), airports, railway stations, and municipal government stations in 2017. The map spots for urban construction and the map spots of main waters and lakes originate from NLUD-C with a spatial resolution of 30 m of the Chinese Academy of Sciences. These data are interpreted by remote sensing images. Urban construction land is defined by impervious surface and urban vegetation (He et al., 2017). Because of the difficulty to obtain the latest data, the map used shows data of 2015. The original data of construction spots were diagrammatically translated from satellite remote sensing images, rather than using official urban boundaries. The utilized data scale is large, which can compensate for the problem of relatively old data to a certain extent. At the same time, it usually takes 2–3 years for China’s urban construction map spots (only extracted map spots) to develop into specific functions; based on data availability, this study selected the industrial land use data of Wuhan and Luoyang (both land use data in 2015). Among them, the land use data of Wuhan in 2015 were only used for training RF data, and the use of historical data in the training is a basic operation. The industrial land data of Wuhan and Luoyang in 2015 are land use survey data accessed from the Wuhan Natural Resources and Planning Bureau and Luoyang Natural Resources and Planning Bureau, respectively. These data were only used for the mapping of a single land type (industrial land), and these data do not involve other land types, and do not include specific coordinate information. These data can be used after being confirmed with the Luoyang natural resources and Planning Bureau. The administrative boundary data originate from China’s second land use survey. Also, 54 million POI data of 12 categories in China in 2017 were obtained through web crawler technology based on the Baidu map open interface. These data include shopping centers, transportation facilities, educational facilities, financial institutions, hotels, tourist attractions, community services, entertainment facilities, medical facilities, restaurants, and corporate facilities. These locations reflect the basic activities of local residents in the four aspects of life, work, commuting, entertainment, and leisure. More detailed POI data introduction and processing flow can be found in He et al. (2018). Because the morphological dimension of China’s land use map used is 2015, the POI data of 2017 were obtained, and the geographic data of major highways (both national and provincial highways), airports, and railway stations were obtained from the free map service open street map, which offers a large amount of data and strong timeliness.
In terms of data processing, this study used ArcGIS to extract the construction land of 334 prefecture-level cities in China from the land use map. A 1 km × 1 km grid was used as statistical unit to divide the construction land in China, China’s construction land was divided and seven types of POI indicators are calculated. Wuhan and Luoyang were used as training samples to identify China’s industrial land. After the identification of industrial land of 334 prefecture-level cities in China was completed with the RF model, the area and proportion of industrial land in each city were further counted, and the identified industrial land was extracted again using ArcGIS software. The whole research area was divided into industrial land and non-industrial land, and finally rasterized into the TIFF format.
3 RESULTS AND ANALYSIS
3.1 Verification and Analysis of Random Forest Identification Results
Based on the availability of data, industrial land and non-industrial land contained in the land use survey data of Wuhan Central Urban Area in 2015 and the land use data of Luoyang in 2015 were extracted, and the two types of land were set as y = 1 and y = 0, respectively. After this setting was completed, data were intersected with the kilometer grid to obtain the data set of two types of land for each grid. Through multiple groups of experiments and combined with robustness analysis, 30% of the grid was extracted from industrial land and non-industrial land for training. After optimizing the experimental adjustment parameters, the training results were obtained using orange data mining software (Table 3).
TABLE 3 | Results of the training model.
[image: Table 3]After training with Wuhan and Luoyang, the predicted industrial land was compared with the actual industrial land in the main urban areas of Wuhan and Luoyang in 2015 as shown in Table 4 and Figure 2. The results show that the predicted area of industrial land in the central urban area of Wuhan is 73 km2, which is close to its actual industrial land area of 71.04 km2, and the predicted area of industrial land in the central urban area of Luoyang is 57 km2, which is close to the actual value of 59.09 km2. The comparison results between the predicted industrial land and the actual industrial land in Wuhan and Luoyang proved that POI data and RF can be used to identify urban industrial land.
TABLE 4 | Predicted actual values of industrial land in Wuhan city and Luoyang city.
[image: Table 4][image: Figure 2]FIGURE 2 | Comparison of predicted and actual industrial land use in Wuhan city and Luoyang city.
To further test the accuracy of urban industrial land prediction, the “intersect” tool of the software ArcGIS10.2 was used to intersect the predicted results of urban industrial land in Wuhan and Luoyang with the actual urban industrial land, which obtained the overlapping area S (i.e., the area with accurate predicted spatial location). The percentage of S and the actual area were used as a measurement standard to judge the recognition accuracy. The specific results are shown in Table 5. The overall recognition accuracy of the two places exceeds 60%, and that of Luoyang is 71.34%. Several of the plots failed to achieve accurate prediction. On the one hand, the prediction unit is a regular grid, but the actual patch is irregular, and intersecting the two will lose part of the area. On the other hand, the data in Table 4 show that the identification method is more suitable for predicting urban patches over 0.5 km2, which can capture a large range of urban industrial land, and its accuracy basically exceeds 60%.
TABLE 5 | Proportion of verified regional prediction.
[image: Table 5]3.2 Spatial Characteristics Analysis of Urban Industrial Land in China
3.2.1 Spatial Pattern Characteristics of Industrial Land in China
The numbers of NP, SPLIT, and COHESION in the patch type level index in FRAGSTATS were selected for spatial pattern analysis, to explore the agglomeration degree of industrial land in the national macro scope. The results are presented in Table 6 showing that the number of industrial land patches in China is 6,685, which is large. The separation index is high and the aggregation index is also high. This shows that the national industrial land presents a distribution trend of “large agglomeration and small dispersion” from the perspective of spatial pattern, that is, it shows strong agglomeration in a large regional scope, while it is relatively scattered in a small regional scope, for example, within a prefecture level administrative division.
TABLE 6 | Industrial land landscape fragmentation index.
[image: Table 6]3.2.2 Spatial Distribution Characteristics of Urban Industrial Land in China
The industrial land area of each city was assessed, but because the construction land area of each city is different, the area proportion of industrial land in construction land of each city was further assessed as shown in Figure 3 to analyze spatial characteristics. According to the standard of urban land classification and planning and construction land (GB 50137-2011), the proportion of urban industrial land is in the range of 15%–30%.
[image: Figure 3]FIGURE 3 | Proportions of industrial land in China’s prefecture-level cities.
According to statistical data shown in Table 7, among China’s 334 prefecture level administrative units, only 92 cities have this range, and the proportion of cities not in this range is 72.46%, of which 37 have less than 15% and 205 have more than 30%. This indicates that China’s 334 prefecture-level administrative units overall invest more in the secondary industry. The analysis results are in line with the national conditions indicating that the proportion of the secondary industry in the three major industries is much higher than that of developed countries. At the same time, the results show that many cities have not adhered to the recommended value of industrial land proportion according to the standards, which implies that the development objectives of various cities in China are diverse and that the development stages are different. This requires further studies at a later timepoint. From the perspective of spatial distribution characteristics, as shown in Figure 3, cities with a large proportion of industrial land are mostly concentrated in the north, especially in Shandong, Henan, and Hebei, three eastern provinces, which are located in the North China Plain, as well as a small part of Xinjiang. Here, the proportion of industrial land is relatively high in certain cities. As the cities with a high proportion of industrial land are concentrated in specific areas, it is necessary to further explore the degree of spatial agglomeration.
TABLE 7 | Statistics on the number of cities with different proportions of industrial land.
[image: Table 7]Using GeoDa software and using data on the proportion of industrial land area of each prefecture level city, global and local spatial autocorrelation analyses were conducted on the predicted industrial land in China. As shown in Figure 4, the Moran’s I of the proportion of industrial land in 334 cities in China is 0.408, showing the characteristics of spatial positive correlation. This further shows that cities with a high proportion of industrial land in China have the characteristics of spatial agglomeration. To explore the spatial agglomeration characteristics and dispersion of industrial land in China more intuitively and carefully, further analysis was conducted via a LISA diagram in Figure 5. In general, there are clear differences in the agglomeration degree of industrial land in China. High–High agglomeration areas are mainly distributed in North China and Northeast China. Low–Low concentration areas are mainly concentrated in Tibet, Qinghai, Western Inner Mongolia, Western Sichuan, Yunnan, and Shaanxi.
[image: Figure 4]FIGURE 4 | Moran’s I of industrial land proportion in 334 prefecture-level cities in China.
[image: Figure 5]FIGURE 5 | LISA map of industrial land proportion in 334 prefecture-level cities in China.
3.3 Analysis on Related Factors of Urban Industrial Land in China
In the past, scholars studied the factors affecting the spatial pattern of industrial land in a single city, and often discussed the relationship between the spatial distribution of urban industrial land and the distance to the urban center (McGrath, 2000; Langer and Korzhenevych, 2018), administrative center (Wang et al., 2007), river surface (Wang et al., 2007), highways, and railways (Fan et al., 2017). This research has verified that these factors have a certain correlation with the spatial pattern distribution of urban industrial land in China. Further analysis of the correlation factors of urban industrial land in China at the macro level has important reference significance for the overall understanding of the spatial pattern of urban industrial land in China.
Therefore, China’s main waters and lakes, main traffic highways (both national and provincial highways), airports, railway stations, and municipal government stations were used as centers, and the buffer distance was generated using ArcMap. Then, SPSS was used to generate a scatter map to analyze the relationship between the proportion of industrial land in China and the distance of five related factors. As shown in Figure 6, the industrial land in most cities in China is located within 10 km from the main waters and lakes (Figure 6A), not more than 3 km from the nearest main traffic highway (Figure 6B), and not more than 25 km from the nearest railway station (Figure 6D). Compared with the aforementioned three related factors, the phenomenon of “urban agglomeration” is not prominent in the distance relationship between industrial land and airport (Figure 6C) and municipal government garrison (Figure 6E). The distance between most urban industrial land and the nearest airport is about 130 km, but it is relatively scattered in this distance range. The industrial land in many cities is about 10–60 km away from the center of the municipal government.
[image: Figure 6]FIGURE 6 | Industrial land proportion in 334 prefecture-level cities in China at different distances from related elements. (A) Distance relationship between the proportion of urban industrial land and waters. (B) Distance relationship between the proportion of urban industrial land and highways. (C) Distance relationship between the proportion of urban industrial land and airports. (D) Distance relationship between the proportion of urban industrial land and railway stations. (E) Distance relationship between the proportion of urban industrial land and municipal governments.
In Figure 6, the relationship between the proportion of urban industrial land and related factors cannot be effectively identified. Therefore, SPSS was used for tabular hierarchical statistics. The results in Table 8 show that the average proportion of urban industrial land within 2 km from main water bodies and lakes is 15.33%, which is significantly lower than that of other distance sections, and the average value within 1 km from the major highways is 28.11%, which is lower than that of other sections. The average value within 25 km from airports is 22.05%, which is also lower than the proportion of urban industrial land in other distance sections. The number of cities 20 km away from the railway station is not only small, but also the proportion of industrial land is low, which shows that the railway transportation is highly related to the location of industrial land. The industrial land of most cities is located within 100 km from the municipal government, and the proportion of urban industrial land less than 20 km in this distance is significantly lower than that of other distance segments.
TABLE 8 | Statistical analysis of distance relationship between industrial land in 334 prefecture-level cities and related factors.
[image: Table 8]In summary, the industrial land of each city is close to the main waters and lakes, major highways, and railway stations, while there is no evident phenomenon of “urban agglomeration” from the airport. It is about 10–60 km from the garrison of the municipal government. The proportion of industrial land is not high in cities where the industrial land is close to the main waters and lakes, major highways, airports, and municipal government stations. However, the proportion of industrial land in cities close to the railway station is high, and the correlation between the two is high. The aforementioned results illustrate the distance relationship between China’s urban industrial land and related factors from the macro level, but the mechanism or the driving factors behind the relationship must be further discussed due to the focus and the limited length of the study.
4 CONCLUSION
In this study, POI data and RF are used to identify and analyze China’s industrial land. The main conclusions are summarized as follows:
1) By analyzing and comparing several groups of experiments, the result of RF for urban industrial land identification is proved to be scientific and referential. Based on the experimental results, the recognition accuracy of industrial land in industrial parks is greater than that of scattered industrial land.
2) From the perspective of spatial pattern, China’s urban industrial land presents the distribution trend of “large agglomeration and small dispersion.”
3) From the perspective of spatial distribution characteristics, cities with a high proportion of industrial land are mostly concentrated in the north. The Moran’s I of the proportion of industrial land in 334 cities in China is 0.408, which represents the characteristics of spatial agglomeration. High–high concentration areas are mainly distributed in North China and Northeast China, while low–low concentration areas are mainly concentrated in western regions such as Tibet, Qinghai, Western Inner Mongolia, Western Sichuan, Yunnan, and Shaanxi.
4) The industrial land of each city is close to the waters and lakes, highways, and railway stations, while there is no obvious connection with airports. Also, it is about 10–60 km away from the municipal government. In terms of the proportion of industrial land, the proportion of industrial land is not high in cities where the industrial land is close to waters and lakes, transportation highways, airports, and municipal government stations. The proportion of industrial land is high in cities where the industrial land is close to railway stations.
This study provides a new method and idea for single land type identification in large-scale research range. However, the following points may become the research direction in the future:
1) The POI data are only single period data, which fails to further analyze the temporal and spatial evolution of China’s urban industrial land. Also, there is a certain subjectivity in the selection of POI indicators. In the future, more complete time series POI data should be collected and standardized POI index selection standards should be formulated. Finally, this study selected urban industrial land as the research object, but China, as a developing country, has a large number of rural industrial land. An approach to scientifically and effectively identify a wide range of rural industrial land based on big data is a potential research direction.
2) It is necessary to continue to verify the applicability of RF to other types of industrial land.
3) The model used here is more suitable for the prediction of areas larger than 0.5 km2. Follow-up research will further improve the model method to better identify urban industrial land.
4) This study explores the relationship between urban industrial land and related factors but does not provide an in-depth analysis of the driving factors behind it. For example, industrial land is far away from municipal governments, which may be driven by multiple factors such as the government, enterprises, and the public, which should be explored in future research.
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