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Abstract

:

China has experienced rapid industrial growth over the last three decades, leading to diverse social and environmental issues. In the new industrialization era, it is urgent to quantify industrial land use (ILU) dynamics for sustainable industrial management, yet there have been limited attempts to systematically quantify these changes, especially in large-scale areas. Through points-of-interest (POIs), a free access geospatial big data, we developed a new framework for exploring ILU dynamics in the mega Hangzhou Bay region (MHBR). The ILU was identified by using natural language processing to mine the semantic information of industrial POIs from 2005, 2011, and 2016. Then, a two-step approach that integrated statistical analysis and hotspots detection was introduced to quantify the changes. The results revealed that traditional industries such as textile products and apparel manufacturing, unspecific equipment manufacturing, and electrical machinery and components manufacturing were dominant types across MHBR, with the enterprise number reaching 14,543, 9412, and 4374, respectively, in 2016. The growth rates of these traditional industries dropped during 2011–2016, while the growth rates of new industries such as Internet information industry and logistics industry increased remarkably, particularly in Hangzhou and Ningbo. Additionally, traditional industrial factories mainly expanded in the urban periphery and coastal zones, whereas new industries mainly grew in the urban center. Shrinkages in the hotspots of traditional industries between 2011 and 2016 were also observed. Our study provides a detailed spatial view of ILU, indicating that MHBR has undergone an industrial transition from traditional industry to new industry.






Keywords:


industrial land uses; mega Hangzhou Bay region; points-of-interest; natural language processing; hotspots detection












1. Introduction


China has undergone a spectacular industrial boom along with huge industrial land expansion under persistent structural reform since 1978. The industrialization has brought great economic benefits and has become the dominant power of China’s national economy [1,2]. However, due to inefficient supervision, industrial land is generally used inefficiently in China [3,4]. Industrial land occupies more than 20% of the built-up land, the ratio is far beyond that of many developed countries, indicting the gap between China and developed countries [5]. In some developed areas of China, such as Shanghai and Zhejiang, the percentages of the industrial land to the total built-up, are as high as 26.5% and 24.1% [6]. Furthermore, industrial emissions from some traditional heavy industries, for example, petrochemical industries and metallurgical industries, have threatened the urban soil [7] and atmosphere [8], as well as the watershed [9]. Moreover, excessive inputs of synthetic chemicals and heavy metals may be attributed to potential human health risks [10].



With the arrival of the new industrialization era, China has emphasized that it is vitally important to optimize industrial land uses (ILU) to promote regionally sustainable industrial development [11,12]. To achieve faster, better and more environment-friendly development of industry, in 2012, Chinese central government formally proposed “industrial transformation and upgrading layout (2011–2015)”. This was the first plan that was specifically targeted on industry since opening-up reform [13]. In 2015, “Chinese manufacturing for 2025” was further released to address the significance of structural and spatial adjustments of industrial manufacturing [14]. The process of industrial transformation and upgrading is not only the essential part to accelerate the transformation of economic development mode, but also the inevitable course for China to switch the role from a large industrial country to a powerful industrial country [15]. Hence, quantifying the spatiotemporal patterns of ILU in the past accurately and comprehensively is urgently needed for further industrial management and sustainable development.



Urban agglomerations, groups of cities around regional economic core cities, have become a new regional unit in global competition and international division [16]. However, scant attention is paid to the spatial dynamics of ILU at the urban agglomeration level. Several studies generally focus on the typical economic development zone or the single-city scale based on cadastral surveys [17,18]. Other studies mainly utilize industry economic datasets at the administration level to reflect the spatial differences in industrial activities among different cities [19,20], which leaves details within the city unknown.



Thus far, cadastral survey data are considered the most favorable data theoretically to explore the dynamics of ILU [21]. However, these data are neither easy to access nor permitted to be released publicly in China [22]. Very-high-resolution (VHR) images are advantageous for monitoring physical changes of industrial land because of the high levels of detailed features [23]. Recent years have witnessed significant progress in urban land use mapping using VHR images based on objected-oriented classification [24,25]. Diverse urban land use functions could be detected, such as commercial and industrial areas, residential areas because of the spectral, shape, texture features and neighborhood graphs extracted from VHR images [26]. Nevertheless, it is still a difficult task to detect multiple ILU based on pure VHR images. Because VHR images do not provide sufficient information on human activities, as industrial land use is a cultural concept that describes industrial activities and their uses of land [27]. Furthermore, due to the narrow spatial coverage and high cost, these images are difficult to extend to large regions [28]. Industry economic panel data can record main indicators of industrial enterprises above designated size, including number of enterprises at city level, gross industrial output value, rate of production sold, etc. This data represents the overall industrial situation at the city level, and is widely used in analyzing the economic performance of the cities [20]. However, this data does not have the precise location of industrial enterprises.



In recent years, online volunteered geographic information (VGI) has emerged as a new data source, making it possible to capture the land use dynamics of built-up areas at a finer level [29]. One promising type of VGI for our purpose is points-of-interest (POIs) data. Each POIs is the abstract expression of a geographical entity. Efforts have been made to use POIs to delineate urban function areas [30,31,32]. Yuan et al. (2012) introduced a Latent Dirichlet Allcoation model to fully mine the semantic information of POIs related to urban land uses, thus successfully mapped different regions of urban functions and improved the overall accuracy [33]. Through integrating a Google Word2Vec model with POIs, Yao et al. (2016) conducted an innovative framework to extract POIs vectors and identified urban land use distributions at the city block level [31]. The results show that POIs have great potential to characterize the intra-urban functions at fine spatial resolution and at a large scale [28]. The abovementioned studies generally focus on sensing the urban land uses (commercial area, residential area, and industrial area, etc.) based on POIs, yet few attempts have been taken to quantify ILU dynamics by integrating the industrial POIs, a typical category of POIs. Industrial POIs’ coordinates can show the precise geographic location of industrial enterprises, while the names of industrial POIs can reflect specific industrial activities. Therefore, making full use of both the location and semantic information of POIs can help us understand the spatial patterns of ILU.



This paper aims to improve public understanding of the spatiotemporal patterns of ILU. First, we introduce a natural language processing based method to mine the semantic information of industrial POIs and to identify the multiple ILU. Second, a two-step approach that integrates statistical analysis and hotspots detection is developed to quantify the spatiotemporal dynamics of ILU. The mega Hangzhou Bay region (MHBR), one of the most rapidly urbanizing and industrializing megalopolises in eastern China is chosen as our study area. We examine the ILU dynamics during 2005–2011 and 2011–2016, as the year 2011 is the time when the plan of industrial transformation and upgrading was published by the central government.



This study seeks to answer the following specific questions: (1) how is the size of different industrial land uses changing? And (2) where are different industrial land uses expanding or migrating? The analysis provides government officials with detailed information on industrial changes to aid in enacting integrated development plans. Recommendations and implications for regional industrial growth can also be obtained.




2. Study Area and Data Preparation


2.1. Study Area


The MHBR is located in Northern Zhejiang Province and Southeastern Shanghai (119°41′–122°28′ E, 29°42′–31°02′ N) (Figure 1). The total area of the MHBR is approximately 17,497 km2. It includes five megacities: Hangzhou, Ningbo, Shaoxing, Jiaxing, and Zhoushan. Hangzhou is the capital of Zhejiang Province; it is known as a famous cultural city with glorious scenery, and one of the important e-commerce centers of China; Ningbo is a mega port city of China with Ningbo Port located along the coastline. Ningbo Port has handled 88.9 million tons of cargo in 2015, ranking the first in the world [34]. Shaoxing is famous as the “textile hub” of China [35]; Jiaxing is a national historical and cultural city, as well as the home of silk; Zhoushan is an islands city and China’s largest seafood production, processing and sales base [36].



This area has been undergoing rapid urbanization and economic development. The gross domestic product has increased from 179.7 billion RMB in 1996 to 1959.6 billion RMB in 2016 [37]. Regional block economy is the dominant industrial form and a powerful engine in accelerating economic growth across the MHBR. Evident regional divergences in ILU have emerged [38]. For instance, the textile industry is a traditional pillar industry in Shaoxing and Jiaxing, the logistics industry and electrical machinery industry play important roles in Ningbo, the logistics industry is the dominant industry in Zhoushan, and the Internet information industry has been prosperous in Hangzhou in recent years.



MHBR have been facilitated with Hangzhou Bay Bridge, the third longest ocean-crossing bridge in the world with an overall length of 36 kilometers [39]. In 2003, the report “Urban agglomeration space developing strategy planning around Hangzhou Bay, Zhejiang Province” was released [40]. The planning first announced the goals of MHBR industrial belt development. “Powerful Zhejiang province construction depending on industry planning” was published in 2012 [41]. Both of these reports addressed the mechanism of the development of the industrial belt across the MHBR. Thus, the MHBR has been regarded as a pilot area by central government to implement economic industrial transition and upgrading measures. Therefore, the MHBR provides a typical study area for ILU monitoring.




2.2. Data Preparation


The detailed datasets used in this study are as follows: (1) The POIs datasets were obtained from application programming interfaces (APIs) provided by Gaode Map API (http://lbs.amap.com/). The POIs include diversified types, such as education, entertainment, residential, industrial, etc. We selected industrial POIs, including 16,678 records in 2005, 45,821 records in 2011, and 74,614 records in 2016. Each industrial POIs records six attributes’ values: city code, enterprise name, address, telephone number, x-coordinates and y-coordinates. The quality of industrial POIs was validated by checking 500 randomly sampled sites manually in each period, and the accuracy level was 96.0%, 97.8%, and 97.2%, respectively; (2) high-resolution historical Google Earth images in 2005, 2011 and 2016 from Google Earth Map were used for auxiliary validation.





3. Methodology


The framework proposed for this study consists of two stages, as shown in Figure 2: (1) identifying ILU using natural language processing and (2) quantifying spatiotemporal dynamics including statistical analysis and hotspots detection.



3.1. Identifying Industrial Land Uses Using Natural Language Processing


Based on the latest regulation of “National Economic Industry Classification Criterion (GB/T4754-2011)” and MHBR industrial characteristics, the ILU were aggregated into eighteen classes that fall into three primary groups: traditional industry, new industry, and other miscellaneous manufacturing. The description and corresponding industry are displayed in Table 1.



In this section, the initial task is to divide the text information of each industrial POIs into segments to identify keywords related to industrial use and then perform the industrial use classification. Natural language processing is capable of extracting and mining the useful textural information from numerous industrial POIs [42]. To make our framework operational and portable, first, an open-access tool called Jieba (https://github.com/fxsjy/jieba) was applied to segment each enterprise name into phrases. Second, useless information such as numbers, punctuation and personal names were eliminated, leaving the words related to industrial type. The remaining words were treated as a keyword dictionary, in which every word could provide evidence for industrial use classification. Then, the words were sized down by frequency and manually matched to the industrial use classes according to Chinese word connotations. Finally, corresponding ILU were assigned to each industrial POIs.



To validate the identification result, a total of 952 industrial POIs were randomly selected for construction of the error matrix. Then, their properties and business scope were checked on the National Enterprise Credit Information Publicity System (http://zj.gsxt.gov.cn) to confirm whether the selected industrial POIs were correctly identified. The information of industrial enterprises on this website is controlled and qualified by local administration for industry and commerce.




3.2. Analysis of Enterprise Number and Growth Rate of Industrial Land Uses


The enterprise number of each industrial use type in each year was calculated to quantify industry size and analyze temporal dynamics. The annual growth rate of industrial enterprises in different uses (GR, %) was further calculated with the following equation:


GR=Nt2−Nt1Δt×Nt1



(1)




where Nt1 and Nt2 are the enterprise number of a certain industrial use type in year t1 and t2, respectively, and Δt is the number of years between t1 and t2.




3.3. Hotspots Detection


Local spatial autocorrelation based on a kernel density estimator was applied to profile the hotspots of multiple industrial use types. By the integration of local spatial autocorrelation and kernel density analysis, it measures not only the density value of each industrial use but also the hotspots map in the study area [43]. First, each type of industrial POIs data was aggregated by using a kernel density estimator. The kernel density estimator f(x,y) was computed with the following equation:


f(x,y)=1nh2∑i=1nK(dih)



(2)




where f(x,y) is the density estimated at the location of observation (x,y), n is the total number of observations, K is the kernel function, h is the bandwidth parameter, and di is the distance from the observation (x,y) to the ith observation. The bandwidth parameter h usually determines the smoothness of the estimated density. A larger h achieves smoother density distribution while a smaller h reveals more detailed peaks and valleys. Liu et al. (2018) identified the boundaries of urbanized areas at the urban agglomeration level based on kernel density estimator using POIs data, and found the bandwidth which was suitable and exerted a remarkable effect on the results is between 1000 and 2000 m [44]. Concerning the study area, the bandwidth h was set in 1000 m.



Second, local spatial autocorrelation with the Getis-Ord Gi* statistic was used to identify the clusters of high- and low-density values [45,46,47]. The Getis-Ord Gi* statistic was expressed with the following equation:


Gi*=∑j=1nwijxj−X¯∑j=1nwijS[n∑j=1nwij2−(∑j=1nwij)2]n−1



(3)




where


S=∑j=1nxj2/n−(X¯)2



(4)







xj is the density value in the jth observation unit. For each observation unit, the density value is the mean value of the cells obtained from the kernel density estimator within the unit. X¯ is the mean of xj, wij is the spatial weight between unit i and unit j, and n is the total number of observation units. As for MHBR, the size of unit was set in 500 m × 500 m, because if the size of unit is too small, the information will be excessively descriptive, while if the output cell size of unit is too large, important information will be lost.



The Gi* statistic can be interpreted as a z-score. For an observation unit, a positive z-score indicates a hotspot of high values. In contrast, a negative z-score implies a cold spot of low values. A z-score close to zero indicates a random distribution or a mix of high and low clustering. A p-value means probability which is used to determine whether the unit is at a statistically significant level or not. Finally, the units with a z-score greater than 1.96 and p-value at the significance level of 0.05 were selected to generate the hotspots map for each industrial use type.





4. Results and Analysis


4.1. Industrial Land Uses Change Detection


The identification accuracies of ILU are presented in Table A1. In general, the proposed method is effective for identifying ILU (Figure 3), with an overall accuracy of 87.29%. The user’s accuracy (UA) for specific industrial use types ranged from approximately 76% to 94%, and nearly all of the accuracies were greater than 80%. The new energy industry (NEI) had the highest producer’s accuracy (PA) value of 100%, whereas other miscellaneous manufacturing (OMM) had a relatively low PA value of 57%. The OMM category can be easily confused with food manufacturing (FM), furniture and related product manufacturing (FRPM), metallurgical manufacturing (MM1) and the logistics industry (LI), probably because the names of several enterprises may not reflect their uses, which can be difficult to determine based on the corresponding keyword related to a certain industrial use.




4.2. Growth of Industrial Regions at the MHBR Level.


The total number and annual growth rate of industrial enterprises in different uses during the study period are depicted in Table 2. We found that in terms of the whole MHBR, traditional industries such as textile products and apparel manufacturing (TPAM), unspecialized equipment manufacturing (UEM), electrical machinery and component manufacturing (ECMM), and non-metallic product manufacturing (NMPM) were dominant industrial types during the period 2005–2016. The enterprise number of TPAM remained the highest, with values of 3616, 9825, and 14,543, accounting for 21.7%, 21.4%, and 19.5%, respectively, of the total in the years of 2005, 2011 and 2016. UEM had the second highest enterprise number, and the number increased from 2143 in 2005 to 9412 in 2016. ECMM, NMPM, and MM1 also exhibited relatively high values, reaching 4374, 3205, and 3115, respectively, in 2016. However, decreases in the annual growth rate of all the traditional industries were found during the period 2011–2016 compared with the earlier period 2005–2011. For instance, the growth rate of TPAM dropped from 28.6% in 2005–2011 to 9.6% in 2011–2016. Similarly, the growth rate of UEM exhibited a sharp decrease from 37.7% to 6.9%.



In terms of new industry, the total enterprise number of LI increased considerably from 262 (1.6%) in 2005 to 1922 (2.6%) in 2016, and the growth rate of LI in 2011–2016 was more than twice that in 2005–2011. The Internet information industry (III) also experienced a sharp growth and achieved a total number of 803 enterprises in 2016, with growth rates of 41.2% and 61.1% during the periods 2005–2011 and 2011–2016, respectively. These results indicate the huge incentives were provided to give priority to the development of these industries. In 2012, the State Council proposed “the Twelfth Five-Year National Strategic New Industry Development Plan” to encourage the development of new information technology industry [48]. Also, the Financial Ministry further proposed “the Management of Special Funds for Strategic New Industry” to support key technological breakthroughs and promote industrial innovation [49]. Meanwhile, the enterprise number of new material industry (NMI) increased from 33 in 2005 to 347 in 2016, and the enterprise number of NEI increased from 33 in 2005 to 340 in 2016. During the period 2005–2011, the growth rates of NMI and NEI were 97.5% and 75.3%, respectively, which were relatively high. During the latter period, the growth rates of NMI and NEI were 10.7% and 17.4%, respectively.




4.3. Growth of Industrial Regions at the City Level


The changes in both traditional industry and new industry varied at the city level (Figure 4 and Figure 5). Overall, during the entire period, traditional industries were the main types present in cities within the MHBR (Figure 4). TPAM exhibited the most dramatic growth, which mainly occurred in Hangzhou, Jiaxing and Shaoxing, with the enterprise number reaching 3872, 5178, and 2707, respectively, in 2016. UEM experienced the second largest increases in the above three cities, with the enterprise number reaching 2660, 1668, and 709, respectively, in 2016. In Ningbo, UEM achieved the highest enterprises number, with a value of 4167 in 2016. TPAM and ECMM were also dominant industrial types in Ningbo, with enterprise numbers reaching 2741 and 2378, respectively, in 2016. Meanwhile, MM1 and NMPM had considerable values in Ningbo, with enterprise numbers of 1434 and 1381, respectively, in 2016. In Zhoushan, UEM had a relatively large size, followed by FM, transportation equipment manufacturing (TEM) and NMPM.



However, decreases in the growth rates of most traditional industries in each city were observed (Table 3). For instance, in Hangzhou, the growth rate of paper manufacturing (PM1) during the period 2011–2016 reduced by approximately four-fold compared with the former period. The growth rate of petrochemical manufacturing (PM2) dropped from 21.5% to 10.9%. Additionally, decreases in UEM, TPAM, FRPM, and MM1 were observed. In Jiaxing, the growth of medical manufacturing (MM2), NMPM and FM exhibited slight decreases, whereas the growth of TPAM, UEM, MM1 and PM1 underwent a sharp drop between the two time periods. In Shaoxing, slight increases in the growth rates of TPAM, PM2, MM2, ECMM, and FM were observed; however, the growth rates of UEM, PM1, MM1 and FRPM dropped between the two time periods. In Ningbo, the growth rates of all the traditional industries, particularly UEM, TPAM, ECMM, and MM1, declined in the latter time period. As in Ningbo, the growth rates of all the traditional industries in Zhoushan exhibited clear declines between the two time periods.



In terms of four new industries, as shown in Table 3 and Figure 5, we found that III mainly grew in Hangzhou, with the enterprise number achieving 463 in 2016 and the growth rate increasing from 55.0% to 87.7% between the two time periods. The LI mainly grew in Ningbo and Hangzhou, achieving 733 enterprises and 656 enterprises, respectively, in 2016. The growth rates of LI of the two cities also exhibited increases, particularly in Hangzhou, with the value increasing five-fold. NEI was found to grow with a relatively high growth rate in Jiaxing during the period 2005–2011 and reached 180 enterprises in 2016. For NMI, Ningbo had the largest enterprise number (155), followed by Jiaxing and Hangzhou.




4.4. Concentration and Patterns of Industrial Activities


The hotspots map can be applied to analyze and monitor the development of industrial spaces as well as the change patterns. Through the use of local spatial autocorrelation based on a kernel density estimator, the hotspots detected were in accord with the clustering status of the industrial POIs (Figure 6e,f).



The changes in hotspot area at the city level were calculated (Table 4). In general, it can be observed that the hotspots area increased by 131.25 km2 and 56.75 km2, respectively, in Hangzhou and Jiaxing, whereas Shaoxing showed a continued decrease with an area of 224 km2 during the entire period. In Ningbo and Zhoushan, the hotspots areas increased in the first study period and decreased afterwards.



Combined with historical Google Earth images, we further found the coexistence of two industrial development modes: expansion and regeneration (Figure 7). The expansion here is characterized by the newly increased hotspot spreading out from the existing industrial hotspots [50]. In regeneration, a series of industrial enterprises are removed and may be converted into commercial or residential use [51]. A part (or all) of an industrial hotspot may vanish or shrink. That is, the hotspot area changes (increase or decrease) can reveal the two industrial development modes (expansion or regeneration) and further indicate the spatial reconfiguration of industrial enterprises.



The results of the industrial hotspots map in three times phases are depicted in Figure 8. The industrial hotspots in Ningbo experienced the greatest expansion, which mainly occurred at the outer ring of the city (e.g., Yinzhou, Beilun, Zhenhai, and Cixi) during the period 2005–2011 but shrank notably, particularly in Cixi and Yuyao, during the period 2011–2016. The hotspots in Hangzhou exhibited a relatively high expansion in the outer ring of the city (e.g., Yuhang and Xiaoshan) and exhibited an approximately equal area of shrinkage in the center city (e.g., Xiasha and Gongshu) between 2005 and 2011. Between 2011 and 2016, the hotspot expansion in Hangzhou showed a slight decrease, and the hotspots were mainly distributed in the center city (e.g., Shangcheng and Xihu). In Shaoxing, considerable hotspot shrinkage was observed, particularly during the period 2005–2011. Furthermore, we found that the expansion of hotspots in Jiaxing mainly occurred in the coastal areas and urban fringes, while the regeneration mainly occurred in the urban center, particularly during the period 2005–2011. In addition, the hotspot changes in Zhoushan were not notable and were mainly concentrated along the south of the mainland.



The spatiotemporal hotspot patterns of multiple industrial types were heterogeneous during the study period (Figure 9). The hotspots of several traditional industries exhibited evident shrinkages; for instance, the hotspots of TPAM, UEM, PM2, and NMPM experienced relatively large decreases in Shaoxing as well as in the urban center of Hangzhou between 2005 and 2011 (Figure 9a–c,e). Hotspot expansions of traditional industries were also observed and were highly distributed in the urban periphery and coastal area. For example, the hotspots of UEM, PM2, and TEM increased remarkably, especially in the outer ring of Ningbo (e.g., Zhenhai, Beilun, and Yinzhou) and the outer ring of Hangzhou (e.g., Xiaoshan) during the first period (Figure 9b–d).



In terms of new industry, both LI and III tended to form clusters at the core urban center of Hangzhou and Ningbo (Figure 9f,g). The hotspots of III expanded in small and dispersed clusters from 2005 to 2011 and exhibited subsequent increases in the urban center afterwards. Decreases in hotspots were also observed in Cixi and Yuyao as well as rural areas of Yinzhou and Yuhang from 2011 to 2016. With respect to LI, the hotspots increased considerably in the urban center from 2005 to 2011. Additionally, we found a slight growth of hotspots that was dispersedly distributed in the rural areas of Yuhang, Pinghu, and Haining from 2005 to 2011, but most of them decreased during the period 2011–2016. These results suggest that on the one hand, new industries such as LI and III have gained huge popularity across the MHBR, but on the other hand, small and scattered enterprises may be easily be shifted out because of a lack of core competitiveness.





5. Discussion


5.1. Comparision of Traditional Industry with New Industry


In the last decade, traditional industries such as textile products and apparel manufacturing, unspecific equipment manufacturing, electrical machinery and component manufacturing were dominant throughout the MHBR. Known as the “Zhejiang Model”, these industries mostly originate from private enterprises, which comply with the rules of market-based resource allocation and production factors free combination [52]. Because of a flexible operating mechanism and rapid response to market change, these industries not only contribute considerable economic vitality and great profits to the local industry but also foster the formation of industry clusters [53].



Nevertheless, the growth rate of these traditional industries has slowed, while the growth rate of the Internet information industry and logistics industry has increased explosively. This finding is consistent with the Chinese national planning document “Industrial transition and upgrading layout (2011–2015)” [13]. The plan emphasizes the optimization of the industrial structure and promotes the information technology industry. In the next few years, traditional industries are likely to enter a fatigued and weak phase because of drawbacks such as a low threshold for an industrial starting point, simple technical level, and lack of technical innovation [54]. However, the Internet information industry has made huge progress since the turn of the 21st century [55]. In the MHBR, this industry has further reinvigorated the regional economy, particular in Hangzhou. One of the most important Internet companies, Alibaba, is located in Hangzhou, which has led to a boom in surrounding areas [56]. Additionally, the presence of this large company can greatly stimulate the development of the logistics industry [57], which is in accordance with our findings.




5.2. Spatiotemporal Changes of Industrial Hotspots


The hotspots analysis shows that the expansions of traditional industries such as transportation equipment manufacturing and petrochemical manufacturing tended to be distributed in the urban periphery and coastal area during the study period, whereas the new industries such as the Internet information industry mainly expanded in the urban center. These findings are supported by the industrial policies named “Powerful Zhejiang Province construction depending on industry planning (2011–2015)” [41] and “The development of industrial clusters area planning in Zhejiang Province (2011–2020)” [58]. Both of these policies encourage the centralization of industry to economic and technological development zones (ETDZ) and high-tech industry development zones (HIDZ) in order to achieve efficient and aggregative industrial development. To date, in the MHBR, there are a total of eighteen ETDZs, fourteen of which are located along the coastline of Hangzhou Bay (Figure 10). Additionally, there are four HIDZs developed inland. Manufacturers of large transportation equipment (e.g., automobiles, airplanes, high-speed railways) were generally developed in rural areas with abundant land, such as Xiaoshan Coastal ETDZ and Ningbo ETDZ.



Hotspot shrinkages of traditional industries such as textile products and apparel manufacturing, non-metallic product manufacturing, and metallurgical manufacturing were also found (Figure 9); thus, a series of industrial enterprises were eliminated for regeneration. The explanation can be supported by official announcements, “the suggestion of accelerating the project of ‘vacating cage to change birds’ to promote industrial transformation and upgrading” [59]. The project of “vacating cage to change birds”, means that due to the limitation of land resources and environmental issues, the region moves out or eliminates the low-end industry, and introduces high-tech industry, thus completing industrial reconfiguration and upgrading. This demonstrates the ability to accelerate the elimination of marginal and small-scale industrial enterprises and encourage dispersed enterprises to be arranged into ETDZs.




5.3. Methodology Assessment


In this study, we utilized industrial POIs to monitor multiple industrial uses at the urban agglomeration scale based on the integration of NLP and GIS techniques. The spatiotemporal pattern of ILU is well reflected. Our approach has several advantages. First, the industrial POIs used in our study are free and accessible. These POIs will also be updated at regular intervals, which implies that industrial use changes can be continuously monitored by tracking the dataset updates in the future. Second, making full use of the text information of industrial POIs, the NLP method can be considered a faster and more effective way to identify industrial land use, especially for large metropolitan areas, than traditional industrial land use surveys. Finally, unlike other studies that lack a deep exploration of spatiotemporal patterns, our study provides a comprehensive and detailed perspective on where each industrial use is located, where it is migrating and how the hotspots are spreading at a detailed level.



However, several limitations should be noted. For instance, the names of several enterprises may not reflect their social function, which would make difficult to determine the corresponding keyword related to a certain industrial use, leading to misidentification. Also, as there is no official industrial corpus database that clearly defines the relationship between industrial use and keywords; Thus, establishing such a corpus database manually is still needed. Furthermore, although the hotspots detection is capable of detecting industrial expansion and regeneration, the changed area should be accurately quantified by combining industrial POIs with remote sensing data in future work. Additionally, as a good measure of economic impact, the number of employees of industrial enterprises is not considered in this study, future work can integrate this data with industrial POIs for thorough research.




5.4. Sustainable Industrial Development: Policy Implications


Based on our findings and requirements of the government, targeted suggestions are provided for future sustainable industrial development in the MHBR.



First, Zhejiang central government should enhance the industrial macroscopic plan across MHBR. Because of the administration division and lack of scientifically-based layout at the MHBR level, redundant industrial land construction and vicious competition may occur between cities [35]. The local government of each city, must coordinate its prefecture-level plan with the overall planning of MHBR. Based on their industrial development advantages, scientifically-based plans must be included and implemented strictly.



Second, we suggest that targeted industrial land strategies should be formulated both in urban center and suburban region. The central urban areas should enhance the renewal of inefficient industrial land and encourage the development of services and high-tech industries. The projects, such as ‘’space exchange”, “revitalize the stock” should be comprehensively carried out. The suburbs should focus on optimizing industrial land layout, accelerating isolated enterprises to industrial functional zones or ETDZs, as well as continue to promote the upgrading of industrial structure from labor-intensive manufacturing to knowledge-intensive and high-tech manufacturing.



Third, the MHBR should strengthen scientific and technological investments, enhance independent innovation, and focus on environmentally-friendly and sustainable development. Our findings showed traditional industries such as petrochemical manufacturing, transportation equipment manufacturing were located in the coastal area. Sun et al. (2016) reported high-level environmental risks occurred in some coastal ETDZs [60]. Therefore, local government should improve the standards relating to environmental access and pollutant discharge, and restrict the excessive growth of low technology, high energy consumption, and high pollution emissions in manufacturing industries. The comprehensive sustainable evaluation system should be carried out to determine whether the enterprises reach the standards, and the enterprises performance should be in supervision and examined regularly.





6. Conclusions


The emergence of geospatial big data has shown powerful potential to track industrial activities. Industrial POIs were applied in our study. We established a new and comprehensive framework to quantify the ILU dynamic changes from 2005 to 2016 across the MHBR by integrating the NLP method and GIS analysis. With the help of the NLP method, ILU was elucidated. The two-step approach that combined statistical analysis and hotspots detection enabled us to gain an in-depth understanding of how the size of different ILU has changed, and where different ILU have expanded or regenerated.



The results revealed that traditional industries such as textile products and apparel manufacturing, unspecific equipment manufacturing, and electrical machinery and component manufacturing were the dominant types across the MHBR, with the enterprise number reaching 14,543, 9412, and 4374, respectively, in 2016. Compared with the period of 2005–2011 with 2011–2016, the growth rates of most traditional industries slowed in the latter period, nevertheless, the growth rates of new industries, including Internet information industry and logistics industry increased sharply in 2011–2016. The Internet information industry experienced remarkable growth, particularly in Hangzhou, with the growth rate increasing from 55.0% to 87.7% between the two time periods. The logistics industry increased considerably, particularly in Ningbo, with the growth rate increasing from 33.6% to 47.6%. Meanwhile, factories associated with traditional industry, such as transportation equipment manufacturing and petrochemical manufacturing plants, tended to be located in the coastal or rural ETDZs, whereas the Internet information industry was mainly located in the urban center. In addition, hotspot area shrinkages of traditional industries such as textile products and apparel manufacturing were observed. These spatiotemporal dynamics of industry further illustrate that the MHBR has been in a stage of economic transition from traditional labor-intensive manufacturing to advanced and high-technology manufacturing.



Quantifying the spatiotemporal patterns of industrial land uses is a basic step toward understanding the dynamics of industry. Our findings provide a detailed spatial view of multiple industrial use types. These findings can provide a valuable reference and aid government managers in supervising the industrial enterprises development and the newly expanded or redeveloped industrial projects to achieve healthier and more sustainable industrial land utilization.



In future research works, several issues could be improved: (1) integrating remote sensing data and POIs to obtain parcel-based industrial land use data; (2) developing emerging hotspots analysis to obtain more detailed insights into industrial hotspots changes [61]; and (3) quantifying the industrial land expansion and regeneration in transitional China.
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Table A1. Confusion matrix of industrial land uses identification.






Table A1. Confusion matrix of industrial land uses identification.



























	
	TPAM
	UEM
	PM1
	PM2
	MM1
	MM2
	NMPM
	TEM
	CMM
	FM
	ECMM
	CEPM
	FRPM
	III
	LI
	NMI
	NEI
	OMM
	UA





	TPAM
	48
	0
	0
	1
	0
	0
	1
	1
	0
	1
	0
	0
	0
	0
	0
	0
	0
	0
	92.31%



	UEM
	0
	42
	0
	3
	1
	1
	0
	1
	1
	0
	1
	0
	0
	0
	0
	1
	0
	2
	79.25%



	PM1
	0
	0
	49
	0
	1
	0
	0
	0
	0
	1
	0
	0
	0
	0
	0
	1
	0
	2
	90.74%



	PM2
	1
	2
	0
	46
	0
	0
	1
	0
	0
	0
	1
	0
	0
	0
	0
	0
	0
	2
	86.79%



	MM1
	0
	1
	0
	0
	49
	0
	0
	0
	0
	0
	1
	0
	0
	0
	0
	0
	0
	3
	90.74%



	MM2
	0
	0
	0
	0
	1
	49
	0
	0
	1
	0
	0
	0
	0
	0
	0
	0
	0
	1
	94.23%



	NMPM
	1
	0
	1
	0
	0
	0
	43
	0
	8
	0
	0
	0
	0
	0
	0
	0
	0
	0
	81.13%



	TEM
	0
	2
	1
	1
	0
	0
	0
	43
	0
	0
	4
	1
	0
	0
	0
	0
	0
	0
	82.69%



	CMM
	0
	0
	1
	0
	0
	0
	0
	0
	50
	0
	0
	0
	0
	0
	0
	0
	0
	2
	94.34%



	FM
	0
	1
	0
	0
	0
	0
	0
	0
	0
	49
	0
	0
	0
	0
	0
	0
	0
	4
	90.74%



	ECMM
	0
	1
	0
	0
	2
	0
	0
	0
	0
	0
	47
	0
	0
	0
	0
	0
	0
	2
	90.38%



	CEPM
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	7
	44
	0
	1
	1
	0
	0
	2
	80.00%



	FRPM
	0
	0
	0
	1
	1
	0
	0
	0
	0
	0
	0
	0
	46
	0
	0
	0
	0
	4
	88.46%



	III
	0
	0
	0
	1
	0
	0
	1
	0
	0
	0
	0
	1
	0
	47
	1
	0
	0
	1
	90.38%



	LI
	0
	0
	0
	0
	1
	0
	1
	1
	2
	0
	0
	0
	0
	0
	44
	0
	0
	3
	84.62%



	NMI
	1
	1
	1
	0
	0
	0
	0
	0
	3
	1
	0
	0
	0
	0
	0
	47
	0
	0
	87.04%



	NEI
	1
	1
	0
	0
	0
	0
	0
	0
	1
	0
	0
	0
	0
	0
	0
	0
	48
	2
	90.57%



	OMM
	2
	3
	0
	2
	1
	0
	0
	1
	0
	0
	0
	0
	1
	2
	0
	0
	0
	40
	76.92%



	PA
	88.89%
	77.78%
	92.45%
	83.64%
	85.96%
	98.00%
	91.49%
	91.49%
	75.76%
	94.23%
	77.05%
	95.65%
	97.87%
	94.00%
	95.65%
	95.92%
	100.00%
	57.14%
	87.29%







Note: UA: user’s accuracy; PA: producer’s accuracy.
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