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Abstract

:

The accurate identification of urban agglomeration spatial area is helpful in understanding the internal spatial relationship under urban expansion and in evaluating the development level of urban agglomeration. Previous studies on the identification of spatial areas often ignore the functional distribution and development of urban agglomerations by only using nighttime light data (NTL). In this study, a new method is firstly proposed to identify the accurate spatial area of urban agglomerations by fusing night light data (NTL) and point of interest data (POI); then an object-oriented method is used by this study to identify the spatial area, finally the identification results obtained by different data are verified. The results show that the accuracy identified by NTL data is 82.90% with the Kappa coefficient of 0.6563, the accuracy identified by POI data is 81.90% with the Kappa coefficient of 0.6441, and the accuracy after data fusion is 90.70%, with the Kappa coefficient of 0.8123. The fusion of these two kinds of data has higher accuracy in identifying the spatial area of urban agglomeration, which can play a more important role in evaluating the development level of urban agglomeration; this study proposes a feasible method and path for urban agglomeration spatial area identification, which is not only helpful to optimize the spatial structure of urban agglomeration, but also to formulate the spatial development policy of urban agglomeration.
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1. Introduction


In the study of human settlements, an urban agglomeration is an extended city or town area comprising the built-up area of a central place and any suburbs linked by a continuous urban area [1,2]. Urban agglomeration occurs when the relationships among cities shift from mainly competition to both competition and cooperation [3,4]. Cities within an urban agglomeration are highly integrated, rendering the agglomeration one of the most important carriers for economic development. The formation of an urban agglomeration often signifies a highly developed economic and modernization level in a region, which can bring enormous benefits because of the scales of economics [5,6].



Recently years, as the world’s second-largest economy, the Chinese government has proposed many strategies to actively promoting and developing urban agglomeration [7], which clearly indicating that the urban agglomeration is likely to be the viable future spatial organization of urban and the driving force of urban development in China [8]. What is well-known is that urban agglomeration is a huge, complex and dynamic system, which is typically characterized by time-efficient (the development level of the same urban agglomeration could be significantly different in different periods) and regional (in one period, different urban agglomeration would undoubtedly be branded with the local mark). Therefore, one of the most important contents in studying urban agglomeration is to judge its development level [9]. The mainly way of judging the development level of urban agglomeration still lies on relying on the adaptation of statistic data and administrative regions [10], which can no longer meet the need of accurately and fundamentally judge the development level at present [11]. Additionally, the influence range in the actual development process of different urban agglomeration is of great differences, which made it possible for scholars to judge urban agglomeration development level by identifying its influence range, so as to achieve effective management and thus achieve sustainable development of urban agglomeration [12].



As one of the most important spatial data that reflecting urban geographical information, remote-sensing data is characterized by higher resolution, wider coverage, quicker pick-up speed, as well as rapider update, compared with traditional statistic survey data, which all rendering it as one of the most important data on judging urban spatial development level [13,14,15]. NTL (nighttime light data), one type of remote-sensing data, is the data that could most directly evaluate the urbanization level due to its only attribution of reflecting the spatial distribution trend of urban infrastructure as well as reflecting the level of human activity by capturing nighttime data during the urban night [16]. Although NTL data, including DMSP/OLS (Defence Meteorological Program Operational Line-Scan System), NPP/VIIRS (Suomi National Polar-orbiting Partnership/Visible Infrared Imaging Radiometer Suite), as well as has Luojia-01 all has been intensively studied and widely used in identifying urban area, delineating urban agglomeration boundary, extracting urban built-up area as well as in comparing the development level of different urban cities [17,18,19], it is still needed to figure out the emphasis of different type of NTL data. Firstly, DMSP/OLS NTL data offering data with 1000 m spatial resolution from 1992 to 2013. Due to the limitation of the time scale, DMSP/OLS NTL data are less used in the current urban space studies [20]. Secondly, NPP/VIIRS NTL data has a higher spatial resolution of 500 m compared with DMSP/OLS NTL data. Besides, NPP/VIIRS NTL data could timelessly offer NTL data since 2013, which contributes to the fact that the applied study of NTL data at present mainly focus on NPP/VIIRS NTL data [21]. Thirdly, Luojia-01NTL data, provided by Wuhan University of China from October 2018 with a spatial resolution of 130 m. Although the higher spatial resolution of Luojia-01NTL data made it superior in relevant urban space study, the fact that it stopped updating NTL data since the beginning of 2020 made it more widely used in the study from 2018 to 2020 [22].



In the study of using NTL data to identify the urban area and extract urban built-up area, it is of great importance to set different light threshold value since different threshold would make a significant difference on the study results [23,24]. In the previous studies, the relatively accurate method of selecting threshold value is dichotomy [25], that is, constantly dichotomia the nighttime light data until the obtained threshold most close to the true value; however, the fact that dichotomy only could be used by a researcher who is familiar with the study area makes it failed to qualify to be popularized [26]. Recent years, the development of new methods such as machine learning and object-oriented method enables image to be more effectively segmented. Although it has been proved in many studies that with the object-oriented image-segmentation method, more accurate results could be obtained. The urban area that NTL data could identify is still the area that covered by nighttime lights, which means that the single-source NTL data could no longer accurately reflect the influence range of urban space [27,28].



In recent years, with the emerging of urban big data study, big data based on location service has been playing an increasingly important role in urban-related studies, which contributes to the existence of a unique perspective for an investigation into the observation of human-centered spatial activity within urban space [29,30,31]. As one of the emerging geographical spatial big data, POI (point of interest) data offers an abstract representation of geographical entities in virtual space with the advantage of wider coverage and faster updating speed [32]. POI data are expressed as a point vector data set within the geographical information system, which can be used to express the internal spatial structure within urban space. At present, although POI data has been widely used in studies of the extraction of urban build-up areas, the identification of urban centers, the spatial distribution of population, as well as the delineation of urban boundaries [33,34], its only attribute (POI data only offers the name as well as latitude and longitude of object) has also resulted in the fact that the application of POI data pays more attention to some certain spatial functions such as “the used” space within urban area [34].



NTL data reflects the coverage area of urban light, while POI data mainly reflects the used urban space within urban area, so there is a significant correlation between NTL data and POI data in urban space [35]; it has also been reflected by previous studies that fusing these two kinds of data can significantly improve the accuracy of studies on urban-related studies in terms of identifying urban center, delineating urban-rural boundary and identifying urban-rural area [36,37,38,39,40]. Current studies mainly focus on large urban agglomerations such as the Yangtze River Delta and the Pearl River Delta [41,42], while less attention is paid to cities with a general level of urban development, additionally, most studies on the fusion of NTL data and POI data mostly take POI data as a supplement to NTL data; however, the difference between POI data and NTL data lies in that NTL data reflects regional differences in urban development [43,44], while POI data reflects the spatial distribution of urban space.



Single datum cannot fully reflect the formal situation of urban space in the process of application, which makes the application of data fusion become one of the important contents of urban-related studies. Data fusion refers to the combination and transformation of the information obtained from different channels of single-source or multi-source data. After data fusion, the fused information could provide more accurate and complete estimation and judgment than the single-source data, so as to reduce the prediction error and improve the reliability of data application [45,46].



In this study, to accurately estimate the development level of Central Plains Urban Agglomeration (CPUA), the data fusion method was firstly used to fuse NTL data and POI data; then in order to more accurately determine the influence range of CPUA so as to provide a more reliable abstraction methods and flow path of spatial influence range of urban agglomeration, the identification results obtained by the fused NTL&POI data is comparatively analyzed and verified with that obtained by single-source NTL data and that of single-source POI data. Compared with other relevant studies, the contribution of this study mainly lies in choosing CPUA as the, which has an average level of urban development but a relatively fast development speed. Choosing the study area in the CPUA with a general urban development level but a rapid development speed. On the one hand, it can verify whether the study method can achieve the expected effect in areas with less urban built-up areas, thus enriching the theoretical studies on urban area. On the other hand, the accurate identification results obtained in this study are helpful to judge its development level, so as to provide a scientific basis for promoting the balanced coordination and development of regional space within the urban agglomeration. Finally, this study uses two indicators to compare the accuracy of different data in identifying urban and rural spatial ranges. The first one is accuracy, which represents the percentage of the total number of points successfully verified in urban and non-urban areas for different data in the identification of urban and rural spaces. The second is the Kappa coefficient, which represents the classification accuracy of urban and rural spaces, ranging from −1 to 1, the closer the value is to 1, the higher the classification accuracy would be.




2. Materials and Methods


2.1. Study Area


Located in central and eastern China with Henan Province as the main body, CPUA is an urban agglomeration with the densest population, strong economic strength, rapid industrialization process, high level of urbanization, and prominent transportation location advantages in central and eastern China (Figure 1). With a total area of 287,000 square kilometers, including 30 prefecture-level cities, the results of the seventh census show that the population of CPUA reached 160 million, all making it one of the most important urban economic growth poles in central China [47]. Additionally, compared with the results of the sixth census, the population of CPUA has increased by more than 30%, and by the results of the seventh census, the population of CPUA has exceeded that of the major coastal urban agglomeration in China. Therefore, accurate identification of the spatial influence range of CPUA is helpful to judge its development level, so as to formulate reasonable urban agglomeration development policies and provide a reasonable reference for the healthy development of other urban agglomerations of the same type.




2.2. Study Data


The data used in this study mainly include NPP/VIIRS NTL data and POI data. The specific acquisition methods and processing processes of different data are as follows.



NPP/VIIRS NTL data, with a spatial resolution of 500 m and a width of 3000 km, is provided by the Suomi NPP and NOAA-20 satellites that were launched by NASA. Compared with DMSP/OLS NTL data, NPP/VIIRS data has a more significant advantage in spatial scale analysis, allowing for a more detailed representation of numerical characteristics. Additionally, the more complete global coverage and higher time quality data all make it possible for NPP/VIIRS data to provide more detailed examination in the study of urban interior spatial structure, which in turn greatly improves the accuracy of urban space identification [48,49]. At present, NPP/VIIRS data can be downloaded from https://eogdata.mines.edu/products/vnl/ (accessed on 30 April 2022) for free. NPP/VIIRS NTL data of CPUA from January to December 2021 can be obtained by visiting the website and the pre-processing results of NTL data in CPUA (Figure 2) can be obtained after radiative correcting and monthly average processing of the obtained data, the monthly average processing is carried out to avoid the possible differences caused by light anomalies in a single month.



As a data set of spatial location-specific point, POI (Point of Interests) data has four basic attributes: name, address, coordinates, category, which are integrated and expressed as point vector data set in the geographic information system (GIS). The aggregation distribution of POI data can be used to calculate the distribution of infrastructure in urban space and urban internal spatial structure, which makes POI data widely used in urban-related studies [50]. At present, map service providers, including Baidu Map, Amap and Google Map, have developed and provided Application Programming Interface (API) access services, which allow users to access various types of open data. By visiting Amap API (www.amap.com) (accessed on 1 January 2022), the number of POI data in CPUA by December 2021 obtained by this study is 129,822,14. After re-checking, cleaning and screening the obtained POI data, the total number of POI data in CPUA is 812,639,1. The quantity and spatial distribution of POI data in CPUA are shown in Figure 3.




2.3. Methods


2.3.1. Wavelet Transform (WT)


As an image transformation analysis method, WT inherits and develops the localization idea of short-time Fourier transform (STFT), and overcomes the shortcomings of the STFT (the size of STFT window could not change with frequency) by providing a “time-frequency” dynamic window that changes with frequency to fuse different images [51]. In other words, WT is a representation between the function time domain (spatial domain) and frequency. With its “microscope” focusing function, it is possible to achieve the unification of the time domain and frequency domain. Wavelet analysis has good localization properties in both the time domain and frequency domain. Wavelet analysis highlights some features of the image through the “time-frequency” window and a local “focusing” analysis of time (space) frequency, which can decompose a signal into an independent part of the signal to space and time without losing the information contained in the original signal, so that the image can achieve the best observation effect after fusion. The basic formula of the wavelet transform is described as follows:


  W T  (  α , τ  )  = f  ( t )  φ  ( t )  =  1   α    f  ( t )    ∫   − ∞   + ∞   φ  (    t − b  α   )  d t  



(1)




where, a signal vector   f  ( t )    can be transformed into a wavelet through the basic wavelet function (  φ  ( t )   ) under the changes in different scales  α , translation  τ  and parameters  b . In this study, the wavelet transform and decomposition of NTL data and POI data are realized by OpenCV (OpenCV is a cross-platform computer vision and machine learning software library based on Apache2.0 license).




2.3.2. Object-Oriented Image Segmentation


At present, object-oriented image segmentation is the most accurate method to extract image information. Image segmentation can not only group the pixel layers of image information to form segmentation object layer, but also can further subdivide the existing segmentation object to get a new segmentation object layer.



By merging adjacent elements or segmented objects, multi-resolution segmentation uses the region merging method to complete image segmentation on the premise of ensuring the minimum average heterogeneity among objects and maximum intersegment homogeneity within an object [52]. Therefore, it is a bottom-up method.


    C ¯  k  =  1 n    ∑   i = 1  n   C i   



(2)
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   S 2  =  1 m    ∑   k = 1  m    (   C ¯  k  −  C ¯  )  2   



(4)




where  n  is the number of pixels in the segmented image,     C ¯  i    is the DN (Digital Numbers) value of the  i  pixel in the  k  segment,  m  is the total number of pixels in the segmented image, and    S 2    is the weighted mean variance in the DN value of the segmented image.



As a segmentation optimization method, spectral difference segmentation (SDS) could decide to merge objects or not by judging and analyzing whether the brightness differences between adjacent segmented objects meet the given threshold value on the basis of multi-resolution segmentation and ESP [53]. After merging, the fragmentation of segmented images could be greatly improved, thus contributes to a higher generalization of image segmentation. The formula of SDS after normalizing weights of bands is as follows:


   S  d i f f   =     ∑  k   w k   w   (   1 n    ∑  n   b n  −  1 m    ∑  m   b m   )   



(5)




where,    S  d i f f     is the spectral differences difference value between adjacent objects,  k  is the number of bands,    w k    is the weight of  k th band,  w  is the sum of all bands weight,  n  and  m  stand for the sum of pixels within adjacent objects, respectively,    b n    and    b m    are the gray value of  n th pixel and  m th pixel within adjacent objects. Among which,    S  d i f f     is the only parameter of the SDS algorithm, the bigger the value is, the easier the merge of adjacent objects will be.



Finally, eCongnition is used in this study to make the operation of multi-resolution segmentation and spectral difference segmentation simpler and more convenient.




2.3.3. Accuracy Verification


In order to verify the accuracy of the result identified by the fused NTL&POI data on the scope of CPUA, this study confirmed the accuracy of the spatial space of urban agglomerations divided by different data through the confusion matrix, whose formula is as follows:


  k =    p o  −  p e    1 −  p e     



(6)






   p e  =    a 1  ×  b 1  +  a 2  ×  b 2  + … …  a i  ×  b i    n × n    



(7)




where,    p o    is the overall accuracy,  a  is the real sample number for each category,  b  is the predicted sample number for each category, and  n  is the total sample number.



The technical route for identifying the spatial scope of urban agglomerations in this study is shown in Figure 4.






3. Results


3.1. Spatial Area of CPUA Identified by POI Data


The quantity and spatial distribution of POI data in CPUA are shown in Figure 3. As can be seen from Figure 3, firstly, although there are plenty of agglomeration areas of POI, the spatial distribution of POI data in CPUA is relatively scattered. Secondly, high POI values are mainly concentrated in the central region with Zhengzhou as the center, covering Zhengzhou, Luoyang, Kaifeng and other places, and a high value zone of POI with Zhengzhou as the center and running through the north and South has also been formed within CPUA; Thirdly, the second highest POI value are mainly distributed in the north of the inter-regional coordinated development demonstration area dominated by Handan and Anyang. While the POI values of the southern high-efficiency ecological demonstration area, the Western transformation and innovation development demonstration area and the eastern industrial transfer demonstration area are relatively low. Therefore, it can be concluded from the spatial distribution of the high and low values of POI data that the spatial system of multi-center development of the urban agglomeration dominated by Zhengzhou, Luoyang and Kaifeng has initially formed within CPUA, while other cities have shown a trend of group dispersion and slow development, and the overall development level of CPUA could only be graded as middle.



In this study, the object-oriented image segmentation method is firstly used to identify the spatial area obtained by combining with the distribution image of POI data within CPUA on the basis of eCongnition, the identified CPUA spatial area obtained by using multi-resolution segmentation and SDS is shown in Figure 5. As can be seen from Figure 5, the urban agglomeration in CPUA identified by POI data covers an area of 7400 km2, accounting for 2.58% of the administrative area, indicating a low level of urban agglomeration development. Through further analysis of the spatial area of the urban built-up area identified by the POI data, it can be found that the core area of CPUA is mainly concentrated in Zhengzhou, Luoyang and Kaifeng, which are also areas with a higher level of urbanization within CPUA. As for the other cities with general development levels, such as Shangqiu, Zhoukou, Bozhou, Heze, Puyang, Sanmenxia, Yuncheng, there are only a small part of the urban center have been identified by POI data. Additionally, although the number of identified urban cluster plaques is 412, except for Zhengzhou, Luoyang, other identified urban cluster plaques are generally smaller. In general, the urban agglomeration identified by POI data has a small area and a large number of urban cluster plaques. In addition, Zhengzhou has the highest level of development in CPUA, while other cities have a general level of development and weak interconnection with each other, reflecting the overall low level of development of CPUA.




3.2. Spatial Area of CPUA Identified by NPP/VIIRS Data


The pre-processing results of NPP/VIIRS NTL data are shown in Figure 2; it can be seen from Figure 2 that, firstly, although the distribution of nighttime light in CPUA is relatively concentrated, the local fragmentation phenomenon is obvious, and the overall coordination ability of CPUA reflected by NTL data is weak. Secondly, the high NTL values are mainly concentrated in 2 regions including the central region with Zhengzhou as the center, covering Zhengzhou, Luoyang, Kaifeng and other places, as well as the northern cross-regional coordinated development demonstration zone dominated by Handan and Anyang. While the NTL values of the western transformation and innovation development demonstration zone dominated by Sanmenxia and Yuncheng, the southern high-efficiency ecological demonstration zone dominated by Nanyang and Xinyang, and the eastern industrial transfer demonstration zone dominated by Fuyang and Suzhou are relatively low. Therefore, from the spatial distribution of NTL high and low values and the brightness of NTL, as can be seen the overall development level of CPUA is general and there are significant spatial differences in the development levels of different cities within the urban agglomeration; this spatial difference is manifested as the core development area centered on Zhengzhou, and multiple cities developing freely, with lower awareness of regional integration and spatial coordination.



In this study, the object-oriented image segmentation method is also used to identify the spatial area obtained by combining with the distribution image of NTL data within CPUA on the basis of eCongnition, the identified CPUA spatial area obtained by using multi-resolution segmentation and SDS is shown in Figure 6. As can be seen from Figure 6, the urban agglomeration in CPUA identified by NTL data covers an area of 8300 km2, accounting for 2.89% of the administrative area. Although the area identified by NTL data is larger than that identified by POI data, it is not significant. Through further analysis of the spatial area of the urban built-up area identified by NTL data, it can be found that the core area of CPUA is mainly concentrated in Zhengzhou and Luoyang, which are also areas with a higher level of urbanization within CPUA reflected by NTL data. As for the other cities with general development levels, such as Hebi, Fuyang, Anyang, there are only a small area have been identified by POI data. By comparatively analyzing the spatial distribution with the spatial area of CPUA identified by NTL data, it can be found that the spatial area of identification is basically the area with high NTL values, which makes the regions with higher development level within CPUA form an obvious contrast with the cities with average development level. Additionally, the number of urban cluster patches identified by NTL data is 361, which is lower than that identified by POI data. Comparing the spatial influence range of the CPUA identified by NTL data compared with that identified by POI data, it can be found that although the identified area of the spatial influence range and the number of urban cluster plaques identified by the two kinds of data are roughly equal, and both reflect a same fact, that is, the overall development level of CPUA is general, the POI data identifies more urban clusters, which tend to be far from the urban core, while the spatial area identified by NTL data is more concentrated on the edge of the urban core. Therefore, it can be concluded that the identification results of these two data have obvious differences.




3.3. Spatial Area of CPUA Identified by Data Fusion


POI data is expressed as a point vector data set within GIS, which can be used to express the density distribution of infrastructure within a city through spatial analysis and the calculation of data volume and aggregation degree. In other words, the more the POI data, the more concentrated the POI data in a region, the more obvious the urban function of the region. While on the other hand, NTL data could reflect the differences in the activities of the urban space by capturing the difference in light brightness within the city. Therefore, there is a certain spatial correlation between the two kinds of data in the urban space, which is also shown and proved by similar studies [54]. Additionally, in this study, the spatial distribution of POI and NTL data in Figure 2 and Figure 3 also shows the spatial correlation between them. Therefore, it is possible to identify the area of spatial influence of urban agglomerations by fusing POI and NTL data since POI data mainly highlights urban functions, while NTL data reflects the spatial differences of urban development.



Wavelet transform is firstly used to fuse POI data and NTL data at pixel scale, and the obtained data fusion result NTL&POI (NP) is shown in Figure 7. As can be seen from Figure 7, firstly, the high value of NP is mainly distributed in the central and western regions with Zhengzhou and Luoyang as the development core, while the low value is mainly distributed in the east and west sides and southern parts of CPUA. Secondly, although the spatial distribution of NP high and low values is similar with that of POI data and NTL data on the whole, the high-value agglomeration of NP is more obvious and the urban spatial development level reflected by NP is also higher. Then multi-resolution segmentation and SDS are also used here to identify CPUA spatial area, the obtained result by using NP data is shown in Figure 8; it can be seen from Figure 6 that the urban agglomeration in CPUA identified by NP data covers an area of 11,400 km2, accounting for 3.97% of the administrative area. As can be seen the area identified by NP data is obviously larger than that identified by both POI data and NTL data. Through further analysis of the spatial area of the urban built-up area identified by NP data, it can be found that, firstly, although the spatial area of CPUA identified after data fusion are similar with that identified by NTL data and POI data, the coverage area is wider, mainly concentrated in the northern cross-regional coordinated development demonstration areas dominated by Zhengzhou, Luoyang, Kaifeng, Handan and Anyang. Secondly, although the number of cluster patches identified by NP data after data fusion is almost the same as that identified by POI data and NTL data—388 patches, compared with the other two data, the development level of urban agglomerations reflected by NP data is slightly improved, and the identified spatial area of NP data is more concentrated near urban centers. Additionally, after data fusion, there are obvious synergies in the development of different urban clusters. Therefore, in general, the spatial area of urban agglomeration identified after data fusion is better.




3.4. Comparatively Verification of Spatial Area in CPUA Identified by Different Data


3.4.1. Comparison before and after Data Fusion


By analyzing Figure 9 (comparison of different data before and after fusion), it can be found that spatial area of CPUA identified by POI data, NTL data and NP data has two similarities. Firstly, the spatial structure identified by the three types of data is similar, that is, within the urban agglomeration, the values of the three types of data show a slow downward trend from high to low from different urban centers to urban edges and finally to rural areas. Secondly, the high-value areas of POI, NTL and NP are mainly concentrated in the central and western regions dominated by Zhengzhou and Luoyang, as well as high value zone with Zhengzhou as the center and running through the north and South of CPUA. These all show that POI data, NTL data and NP data can all reflect the basic spatial structure of urban agglomerations. In addition to the similarities mentioned above, there are also differences among the three.



Firstly, since the POI data reflects the urban functions of different regions in the urban agglomeration, the spatial area identified by the POI data would largely depend on the urban construction of the region; however, in the whole urban agglomeration, although there undoubtedly will be a certain degree of construction among cities in addition to the main construction of urban centers, the spatial area identified by POI data around the city would still be weakened to a certain extent. While NP data can introduce NTL data features on the basis of preserving POI data features, which strengthens the urban spatial area identified near the main urban built-up areas in the urban agglomeration, and weakens the urban development cluster between cities.



As for the differences between NP data and NTL data, since the only attribute of NTL data is the attribute of nighttime light brightness, when identifying the spatial influence range of urban agglomeration, NTL data takes the brightness value of nighttime light as the only basis to judge the influence range of a certain region, which will also cause certain errors in the identification. Additionally, due to the fact that the development level of CPUA is not high and there is a certain distance among different cities in the urban agglomeration, the NTL data is relatively isolated in space. What’s more, at night, the light is too weak to be captured among cities leads to the fact that the spatial influence range of these areas is not identified by NTL data, which makes the spatial range of urban agglomeration identified by NTL data more fragmented; however, after fusing POI data, NP data further considers the functional development of the city on the basis of light brightness, and the spatial distribution of NP high and low value is more in line with the regional differentiation of CPUA.




3.4.2. Comparative Analysis of Identification Results of Spatial Area in CPUA


As shown in the spatial results of CPUA identified by different data (Figure 10), the areas of CPUA identified by POI, NTL, and NP data are 7400 km2, 8300 km2, and 11,400 km2 respectively, accounting for 2.58%, 2.89%, and 3.97% of the total administrative area. From the perspective of the area of the identified spatial range, there is an obvious improvement after data fusion. From the perspective of the number of spatial clusters identified by different data, the number of clusters identified by POI, NTL, and NP data are 412, 363, and 388, respectively, among which, the spatial range identified by POI data is the most fragmented.



By comparing the spatial area of urban agglomerations identified before and after data fusion, it can be found that POI data focuses more on identifying the functional distribution range of cities, which leads to the spatial area of urban agglomerations identified by POI data more concentrated on the functional clusters among cities. While on the other hand, NTL data pays more attention on identifying major developed areas and areas with high urbanization levels, which leads to the urban spatial area identified by NTL data more concentrated near the urban center. The NP data after data fusion has the advantages of both POI data and NTL data, which can not only highlight the highly developed urban clusters, but also can strengthen and polarize the position of urban center, making the identified spatial area more in line with the development reality of CPUA.



In general, although NTL data, POI data and the fused NTL&POI data can identify the spatial area of urban agglomerations, the spatial influence range identified by single NTL data and POI data does not take into account the functional connection among cities and the polarization effect of urban centers, which makes the spatial area identified by single data differ greatly from the actual situation. Fortunately, the fused NP data makes up for the insufficiency of NTL data and POI data, making the identification area more complete and the details more abundant.




3.4.3. Accuracy Verification


In this study, 2000 random pixel points (1000 test points and 1000 verification points) in are selected to verify the spatial area identified by different data, of which 1000 random pixel points are placed in urban areas and non-urban areas respectively. The confusion matrix obtained according to the results of random pixel point verification is shown in Table 1, where the overall accuracy and Kappa coefficient represent the accuracy of verification, which means the higher the overall accuracy and Kappa coefficient are, the higher the accuracy of identification is.



As shown in Table 1, the accuracy of urban agglomeration spatial areas identified by POI, NTL and NP data are 82.90%, 81.90% and 90.70% respectively, of which POI data has the lowest identification accuracy, and NP data has the highest. On the other hand, from the perspective of Kappa coefficients of POI, NTL and NP data identification results, the Kappa coefficients of POI, NTL and NP data are 0.6563, 0.6441 and 0.8123 respectively. Compared with POI data and NTL data, the Kappa coefficients of NP data had obvious advantages. In general, the fused NP data has higher accuracy in identifying the spatial area of urban agglomerations.






4. Discussion


In this study, firstly, the characteristics of POI data and NTL data in urban space were analyzed, and then the spatial area of CPUA is identified by using WT to fuse POI data and NTL data on the basis of analyzing the advantages and disadvantages of NTL data and POI data in identifying the spatial area of urban agglomerations. Finally, in combination with comparison and verification analysis, it is further confirmed that data fusion is more superior in identifying the spatial area of urban agglomeration.



Although POI data and NTL data are important basic data for urban-related studies, with the continuous in-depth study of these two data, it is found that POI data and NTL data have certain deficiencies in the application process of urban space, resulting in limited improvement of identification accuracy [54]. Therefore, researchers begin to fuse POI data and NTL data by combining with the strong spatial correlation between these two data in relevant studies [40,55]. Additionally, it has been shown by most studies that the fusion of POI data and NTL data has achieved good results by making up for each other’s deficiencies thus greatly improving the study accuracy [56,57]. In this study, to obtain a more accurate spatial area of CPUA, the advantages of POI data and NTL data are fused on the premise of highlighting the internal functional development and urbanization level of urban agglomerations. The identification accuracy of this study has reached 90.70%, which has basically exceeded the accuracy of relevant studies [58]. In 2022, the built-up area of CPUA is 8500 km2, while expecting for the area identified after data fusion to be greater than 8500 km2, the spatial area identified by both POI data and NTL data are smaller than the actual built-up area, so it can be concluded that the spatial area of the urban agglomeration after data fusion is more inclined to the “spatial influence range of urban agglomeration”.



The traditional identification of urban area simply distinguishes urban area from non-urban area (rural area), but now, as an important growth pole of regional economy, urban agglomeration is not only related to rapid urbanization, but also related to agricultural modernization, which is manifested in the fact that rural areas are also developing towards urbanization, the most prominent manifestation is the increase of rural construction land [59,60]. In this case, the simple identification of urban-rural area can no longer provide useful information for urban planners and decision-makers, so this study identifies the “used” space, which to some extent deviates from the geographical boundaries, so that urban planners and decision-makers can formulate countermeasures for urban development and management based on the status of used spaces in different areas of urban space, which are more targeted.



4.1. Study Distribution


The traditional studies on urban space and urban agglomeration space are mainly based on statistical indicators and census data under administrative divisions [61]. While with the wide application of geospatial data in recent years, the study on urban agglomeration space has made great progress [62]; however, both NTL data and POI have a certain one-sidedness, which has been ignored by most studies [57]. Therefore, based on the spatial characteristics of these two kinds of data, this study fuses POI data and NTL data to make the identification results more accurate in the identification of urban space, which provides a new method and idea for the study of urban space. Additionally, compared with other urban agglomeration studies that use NTL data and POI data to analyze urban areas, this study further verifies the applicability of the method system proposed in this study in different urban development levels through the case study of CPUA, highlighting the important value of this study. On the other hand, the space used in the city reflected by the POI data is no longer simply regarded as a supplement to the NTL data, which provides a new perspective for data fusion in the study of urban space.




4.2. Study Limitations


Although this study identifies a more accurate spatial area of CPUA after data fusion, it still has some limitations. Firstly, although the scientificity and applicability of the method proposed in this study are further proved, whether the method system proposed in this study is applicable to urban agglomerations with different development levels needs to be further verified. In addition, in this study, whether there is a significant difference between the used urban space represented by POI data and the urban space expressed by NTL data has not been analyzed in detail. Therefore, in the following study, it is necessary to carry out the analysis of different urban agglomerations in different periods, and the comparative analysis of different results to propose rapid development solutions suitable for different cities.





5. Conclusions


The accurate identification of urban agglomeration spatial range plays an important role in judging urban expansion and evaluating the development level of urban agglomeration. Based on the spatial characteristics of NTL data and POI data, this study proposes a feasible method to fuse these two data to identify the spatial area of CPUA. By carrying out the accuracy comparison and verification, it is found that the accuracy of NTL data in identifying the spatial area of urban agglomeration is 82.90%, with the kappa coefficient of 0.6563, the accuracy of POI data is 81.90%, with the kappa coefficient of 0.6441, while the accuracy after data fusion is 90.70%, with the kappa coefficient of 0.8123. Therefore, it can be concluded that the fusion of NTL data and POI data can focus on the analysis of the main impact of the urbanization level of urban agglomerations but also can supplement the analysis of various urban functions of urban agglomerations, which makes the spatial area of urban agglomerations identified after data fusion not only more accurate but also more likely to identify the “used” urban agglomeration area, which is of positive significance to the actual urban planning and management.
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Figure 1. Central Plains Urban Agglomeration. 
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Figure 2. Pre-processing Results of NTL data in CPUA. 
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Figure 3. The Quantity and Spatial Distribution of POI Data in CPUA. 
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Figure 4. Technical Route of the Study. 
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Figure 5. Spatial Area of CPUA Identified by POI Data. 
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Figure 6. Spatial Area of CPUA Identified by NTL Data. 
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Figure 7. Fusion Results of POI Data and NTL Data. 
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Figure 8. Spatial Area of CPUA Identified by Data Fusion. 
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Figure 9. Comparison of Different Data Before and After Fusion. 
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Figure 10. Comparison of Results Identified by Different Data. 
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Table 1. Results of Confusion Matrix.
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Data

	

	
Urban

	
Rural

	
Accuracy

	
Kappa






	
NTL

	
Urban

	
417

	
88

	
82.90%

	
0.6563




	
Rural

	
83

	
412




	
POI

	
Urban

	
401

	
82

	
81.90%

	
0.6441




	
Rural

	
99

	
418




	
NTL_POI

	
Urban

	
458

	
51

	
90.70%

	
0.8123




	
Rural

	
42

	
449
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