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The study of urban agglomeration boundaries is helpful to understand the internal spatial structure of urban agglomeration, evaluate the development level of urban agglomeration, and thus, assist in the formulation of regional planning and policies. However, previous studies often used only static spatial elements to delineate the boundaries of urban agglomerations, ignoring the spatial connections within urban agglomerations. In this study, night-time light and Tencent user location data were evaluated separately and fused to delineate urban agglomeration boundaries from both static and dynamic spatial perspectives. Additionally, it has been shown in the study results that the accuracy of urban agglomeration boundary delineated by night-time light data is 84.90%, with Kappa coefficient as 0.6348. The accuracy delineated by Tencent user location data is 82.40%, with Kappa coefficient as 0.5637, while the accuracy delineated by data fusion is 92.70%, with Kappa coefficient as 0.7817. Therefore, it can be concluded that the fusion of night-time light and Tencent user location data had the highest accuracy in delineating urban agglomeration boundaries, which verified that the fusion of dynamic spatial elements on a single static spatial element can supplement the spatial connection of urban agglomeration. Our findings enrich the understanding of urban agglomerations, and the accurate delineation of urban agglomerations boundaries can aid urban agglomeration planning and management.
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1 INTRODUCTION
Urban agglomeration refers to city clusters, which are composed of metropolises relying on a developed infrastructure network including both transportation and communication network in a certain geographical area. The organization is tighter and the economic interaction is closer in urban agglomeration. Additionally, the purpose of urban exploration is the realization of urban integration (Yu et al., 2019; Guo et al., 2021). Therefore, urban agglomeration has a key role in a country, with a deeper impact on surrounding cities than the administrative boundary (Xiaoming, 2021). As disorderly and unsystematic spatial structures would greatly restrict the development of urban agglomeration, it is necessary to explore a suited spatial development pattern (Liu et al., 2019).
Although the accurate delineation of urban agglomeration boundary is of great importance to the actuality recognition and development analysis, the current urban agglomeration boundaries are inevitably featured within the regional factors (Yang et al., 2019). In addition, with the increasing rapid development of China’s urbanization, its major urban agglomeration is approaching that of the first class of global agglomeration worldwide, especially the Pearl River Delta, Yangtze River Delta, and Beijing-Tianjin-Hebei urban agglomeration (Chen et al., 2011; Bie et al., 2018). On the one hand, the boundary delineation of China’s mega urban agglomeration will undoubtedly be helpful to enrich the theoretical and methodological research on boundary delineation, On the other hand, the internal spatial structure of megacities can be explored through the boundary delineation so as to further put forward optimization strategies.
As one of the basic remote sensing satellite data, night-time light data (NTL) is an important data source for analyzing some urban interior problems (Liu et al., 2015), including population, GDP, and carbon emission, because of its advantage in reflecting urban activities via capturing the NTL brightness in the urban city (Zhao et al., 2015; Zhang et al., 2017; You et al., 2021), Additionally, it has also been shown by relevant studies that urban night-time light is also directly related to urban surface temperature, which also plays an important role in reflecting the urban heat island effect (Liu et al., 2021; Ren et al., 2022). Currently, there are three types of NTL data: DMSP/OLS (Elvidge et al., 2001; Small et al., 2013), NPP/VIIRS (Elvidge et al., 2021a; 2021b), and Luojia-01 (Wang et al., 2021). NTL data are mainly used to identify urban centers and delineate urban boundaries; thresholds combined with NTL are used as the main tools, owing to their easier operation steps (Liu et al., 2016). However, there are also some problems in the use of threshold method, which is mainly reflected in the large difference of thresholds in different regions and the threshold values of NTL data in different periods are different, making it difficult to ensure the accuracy of using a single threshold value to delineate urban agglomeration boundaries. Therefore, mutation detection and spatial comparison methods, which could delineate urban boundaries more accurately, are more widely used. For example, the mutation of NTL data could be detected using graph classification, and a high-resolution satellite graph could be used for analysis (Ma et al., 2018). Although NTL could delineate the urban interior spatial structure more correctly, the area of lighting is larger than that of actuality. Additionally, the rough space resolution of NTL itself could affect the delineation accuracy of the urban boundary (Huang et al., 2021).
Recently, the application of urban big data provided a new observation perspective for the study of urban spatial characteristics. Urban big data has been more widely used to modify NTL data because of its high temporal-spatial resolution, particularly POI (Point of Interest) could effectively reduce the spillover effect of NTL data (Liu et al., 2017). More and more scholars have found that location-based social media data can improve the image quality of NTL data through social perception, which can effectively alleviate the phenomenon of oversaturation of NTL data (Zhao et al., 2019). Therefore, researchers began trying to correct NTL data with different location big data, including Twitter and Tencent. As one of the population measurement indices, Tencent user location (TL) data mainly reflects population floating in a certain region within a certain period with the advantages of a wider coverage range, a higher spatial resolution, and a shorter observation time compared with other indices (Zikirya et al., 2021). TL is an important data source for studies relevant to population migration. For example, TL could simulate the risk of COVID-19(Corona Virus Disease) transmission and the urban population diffusion effect of large-scale cities (He et al., 2021; Zhang and Yuan, 2021). Additionally, there have been studies that attempted to delineate urban agglomeration boundary using the exchange of interior spatial information in an urban agglomeration, and some of them obtained reliable study results. Compared with POI data that only relies on urban interior spatial morphology to delineate urban agglomeration boundary (Xue et al., 2018), TL data focuses on the dynamic interaction among people within urban agglomeration, which enables it to supplement dynamic analysis to static space of the NTL data.
Guangdong-Hong Kong-Macao Greater Bay Area (GBA) is China’s largest urban agglomeration with significant urban development and economic construction level; however, the interior spatial construction within GBA is chaotic and disordered (Li et al., 2018). For example, the GBA urban agglomeration is mainly delineated by static data, such as administrative division and statistic data, which ignores the information exchange generated by population flow within the agglomeration. Therefore, to delineate GBA urban agglomeration boundary more comprehensively and accurately, this study combined TL with NTL data by fusing both dynamic and static spatial data to improve the delineation accuracy. Additionally, we compared and evaluated the use of both datasets separately regarding the accuracy for GBA urban agglomeration boundary delineation. We aimed to propose a new method to delineate urban agglomeration boundaries to improve urban planning and management. As for the novelty of the study, it has been implied by the overall logical flow, wherein the fusion of NTL and TL data is the focus of the novelty.
2 MATERIALS AND METHODS
2.1 Study Area
GBA, comprised 11 cities, including two special administrative regions (Hong Kong and Macao) and nine cities within Guangdong province (Guangzhou, Shenzhen, Zhuhai, Foshan, Huizhou, Dongguan, Zhongshan, Jiangmen, and Zhaoqing). GBA urban agglomeration (Figure 1) (Tu et al., 2021)is currently China’s largest urban agglomeration with a total area of 56,000 km2 and a total permanent resident population of 83.0598 million people by the seventh National Census in 2020. Historically, the region has a unique governance pattern, with “one country, two systems” in GBA. The differences in policy, laws, and administration made GBA develop a system of its own in the world urban agglomerations (Jing et al., 2015). The unique governance system and economic environment make China’s urban agglomeration development different from that of exciting urban agglomerations around the world. Therefore, it is believed that the accurate delineation of the GBA urban agglomeration boundary is of great reference value to the spatial characteristic studies of Chinese urban agglomerations.
[image: Figure 1]FIGURE 1 | Study area.
2.2 Study Data
Luojia-01 NTL and TL data were used in this study. Luojia-01 NTL data, provided by the Luojia-01 experimental satellite, has a higher spatial resolution than DMSP/OLS and NPP/VIIRSNTL, with a spatial resolution up to 130 m and 260 km width, which allows a refinement of the urban interior space (Wang et al., 2020). Luojia-01 NTL data was downloaded from http://59.175.109.173:8888/app/login.html for the period between October 2018 and March 2019. The pre-processing results of NTL data in GBA can be obtained after mosaicking, radiating, and averaging the data, and the results are shown in Figure 2A.
[image: Figure 2]FIGURE 2 | (A) Pre-processing results of NTL data. (B) Population flow results in GBA.
As for TL data, it comprises a Tencent location big data of user’s real-time positioning acquired by accessing an application made by Tencent (Pan and Lai, 2019). As the data format of Tencent user location data is latitude and longitude as well as the number of users, the change of location data over a period of time can reflect the population change in urban areas. Tencent user location data is updated every 5 min. Therefore, this study obtains data at 12 o ’clock on the 1st, 11th, and 21st of each month from January 2020 to December 2020. The obtained point data interval is 0.001 degree, that is, the spatial resolution is about 110 m. As shown in Figure 2B, the thermal map of population change in the Greater Bay Area can be obtained after the monthly spatial mapping and average processing of obtained Tencent location data.
2.3 Multi-Resolution Segmentation
Image classification is one of the most important methods to delineate urban agglomeration boundaries using NTL data (Zhang and Zhang, 2019). Image segmentation is an important part of image classification and feature extraction. As one of the image segmentation algorithms, multi-resolution segmentation could segment images by combining with region merging technology to average and reduce the heterogeneity between segmented objects, while the homogeneity between pixels within objects is increased by merging the adjacent segmented objects whose pixels are too small (Zheng et al., 2013). The key parameters of multi-resolution segmentation are scale parameters and composition of homogeneity criteria. Scale parameters are mainly used to confirm the maximum diversity value allowed by the generated image; the higher the value is, the bigger the scale of the generated image is. Moreover, the composition of homogeneity criteria is mainly used to represent the minimum heterogeneity between homogeneities. The homogeneity is composed of two parts, namely, spectrum and shape, which together sum up to weights of 1.0. However, the shape also consists of two parts—smoothness and tightness—whose weight is also 1.0. Therefore, “spectrum” and “shape”, as well as “smoothness” and “tightness,” could be considered as a pair of inverse values.
The mean variance is used in multi-resolution segmentation to verify the accuracy of scale parameters. The mean value refers to the mean of all pixel gray values within certain objects, while mean variance is the variance of pixel gray mean values of all objects within the entire image. When the mean variance is the highest, the corresponding segmented scale is the best.
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Where n represents the pixel number of geographical objects after segmentation; Ci represents the digital numbers (DN) of the value of pixel ith of k segments; m represents the sum of the geographical objects after segmentation; S represents the mean variance of geographical objects’ DN value after segmentation.
2.4 Estimation of Scale Parameters
The estimation of segmentation using multi-resolution segmentation only uses the single band information, failing to make full use of multi bands characteristic of remote sensing, which results in a disconnection between the estimation of segmentation results and process. Therefore, the best scale in the mean variance curve is a value rather than a range, and it is necessary to use ESP to optimize segmentation results and first calculate the local variance of different objects within one band and then calculate the mean value of the local variance within multi bands (Dragut et al., 2010).
[image: image]
Where LV stands for the local variance and LVn stands for the local variance of an object within one band.
If the segmentation scale is much bigger than the objects in the sense, the heights would be similar among most of the segmented objects, then the estimation value of local variance would be lower. If the segmentation scale is similar to the target object, the differences between objects would be bigger and then the local variance would be larger. By calculating the local variance of different segmentation scales, the local variance would constantly increase with the increase of the segmentation scale until the scale matches with the real objects in the scene. Consequently, the local variance value is the biggest, the interior homogeneity of one object reaches its maximum value, the differences among objects is the biggest, and the largest scale of local variance is defined as the optimal segmentation scale.
2.5 Spectral Difference Segmentation
As a segmentation optimization method, SDS assists with decisions on whether to merge objects, by evaluating and analyzing whether the brightness differences between adjacent segmented objects meet the given threshold value based on multi-resolution segmentation and ESP(Dragut et al., 2014). After merging, the fragmentation of segmented images could be greatly improved, thus contributing to a higher generalization of image segmentation. The formula of SDS after normalizing weights of bands is as follows:
[image: image]
Where Sdiff represents the spectral difference value between adjacent objects; k represents the number of bands; WK represents the weight of kth band; w represents the sum of all bands weight; n and m represent the sum of pixels within adjacent objects; Bn and Bm represent the gray value of n pixel and m pixel within adjacent objects, respectively. Sdiff is the only parameter of the SDS algorithm; the bigger the value is, the easier the merge of adjacent objects is.
2.6 Spectral Difference Segmentation
Data fusion refers to fusing data oriented on the same target or in the same region, obtained using different methods. Fused data could greatly improve the effectiveness and availability by comprehensively representing the characteristics of different data to evaluate a target and region more accurately (Wang et al., 2017). While the fusion algorithm is based on image scale, WT could partially enlarge the local characteristics of image information with the use of a dynamic observation window of time-frequency variation to comprehensively consider the interrelationship between time and frequency within an image. The main feature of WT is that it can decompose an image into two independent parts—time and frequency—without losing the images’ original information. In addition, WT can focus on specific characteristics of image information (Peng et al., 2016).
[image: image]
where, f(t) represents the signal vector; t represents the wavelet function; a, t, and b represent scale, translation, and parameter, respectively. The procedure of fusing images by WT is as follows: first, the image is decomposed with WT; then, the details of different images are compared within the wavelet region; finally, the fusion image can be obtained after wavelet inverse conversion is accomplished.
2.7 Accuracy Verification
Kappa consistency test is used in this study to verify the accuracy of different data and data fusion in delineating urban agglomeration boundaries. Among which, Kappa coefficient is an indicator to measure classification accuracy, and the formula for consistency test is as follows:
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Where: [image: image] is the overall accuracy, [image: image] is the real sample number of each category, [image: image] is the predicted sample number of each category, and [image: image] is the total sample number. The study framework is shown in Figure 3.
[image: Figure 3]FIGURE 3 | Study framework.
3 RESULTS
3.1 The Delineation of GBA Urban Agglomeration
3.1.1 Urban Agglomeration Boundary Delineated Using NTL Data
Based on the pre-processing results of NTL data in GBA (Figure 2A), we noted that the high values of NTL were mainly concentrated in southern and central parts of GBA, including Guangzhou, Shenzhen, Hong Kong, Macao, Dongguan, and Zhuhai. The low values were mainly distributed in the western and eastern mountains of GBA. Therefore, we conclude that there is a significant special difference in development level in GBA urban agglomeration. In addition, this special difference is the foundation of delineating GBA urban agglomeration.
Multi-resolution segmentation was used in this study to segment NTL images. Additionally, mean variance and ESP were used to determine the scale parameter of multi-resolution segmentation because different segmentation scales could have an effect on the number of segmented regions. SDS was used to merge NTL images. Finally, GBA urban agglomeration was delineated using NTL data.
After analyzing GBA urban agglomeration delineated using different scale parameters (16, 0.5, 0.5; Figure 4), we found that the GBA urban agglomeration delineated using NTL data covered an area of 8,917.43 km2, accounting for 16.03% of the administration area. Delineated urban agglomeration was mainly concentrated in an area with higher urbanization levels in GBA, such as Guangzhou, Shenzhen, and Hong Kong. Additionally, the urban agglomeration boundaries delineated using multi-resolution segmentation of NTL showed that the batteries delineated in Guangzhou and Shenzhen were relatively more complete, while the batteries delineated in Huizhou, Zhongshan, and Shaoguan were less complete (Xia et al., 2019). Compared with Figure 2A, high NTL values were mainly concentrated in Guangzhou, Shenzhen, and Hong Kong, while in Huizhou, Zhongshan, and Shaoguan, there were only a few gathering clusters of high light values. Therefore, we concluded that there was a severe fragmentation of the urban agglomeration boundary when we delineated using the NTL data, except for some main cities including Guangzhou, Shenzhen, and Hong Kong.
[image: Figure 4]FIGURE 4 | GBA urban agglomeration boundary delineated using NTL data.
3.1.2 Urban Agglomeration Boundary Delineated Using TL Data
The population flow results in GBA (Figure 2B) showed high values of population flow, mainly concentrated in Guangzhou, Shenzhen, Dongguang, Zhuhai, and some areas of Hong Kong, while the low values of population flow were mainly distributed in the eastern and western sides of GBA. In addition, there were some medium and high values of population flow distributed between some cities, including Zhongshan and Guangzhou, Zhuhai and Jiangmen, and Huizhou and Shenzhen. Theoretically, the higher the population flow value is, the higher the urban development level is. Therefore, not only the development level of different cities within GBA urban agglomeration could be evaluated by analyzing population flow trend, but the connection strength among different cities could also be evaluated (Van Rossum and Triest, 2010).
Multi-resolution segmentation was used in this study to segment population flow data, and the segmentation ratio parameters were determined as 14, 0.4, and 0.6 using mean variance and ESP. Additionally, SDS was used to merge the resulting segmentation by population flow image and the urban agglomeration boundary of GBA delineated using TL data (Figure 5). Figure 5 shows that the urban agglomeration delineated using TL data covered an area of 8,542.81 km2, accounting for 15.26% of the administrative area, which is similar to that delineated using NTL data. Additionally, we found similarities between the urban agglomeration delineated using NTL data; TL data were also mainly concentrated in the area with a more resident population including Guangzhou, Shenzhen, Hong Kong, Dongguan, and some parts of Zhuhai. Although the area of the main cities delineated using TL data was smaller than those delineated using NTL data, including Guangzhou, Shenzhen, Hong Kong, Dongguan, and Zhuhai, the most area in these cities was delineated within the boundaries. Moreover, compared with Figure 2B, although the city regions with more population flow were mainly delineated within the agglomeration, some core areas of Guangzhou and Shenzhen failed to be delineated within the agglomeration due to a lower population flow in these core areas. Therefore, between the two datasets, we concluded that although the area delineated using TL data was smaller, the connection among cities was more intensive, which contributed to improving the edge details of urban agglomeration.
[image: Figure 5]FIGURE 5 | GBA urban agglomeration boundary delineated using TL data.
3.1.3 Urban Agglomeration Boundary Delineated Using the Combined NTL and TL Data
NTL data mainly refers to the light brightness within cities; thus, the higher the light brightness is, the more active the urban activity is. TL data mainly refers to the population change within a certain region in a certain period; thus, the faster the flow is, the more active the urban activity is. Therefore, there was an obvious spatial correlation between NTL and TL data; the fused data is shown in Figure 6.
[image: Figure 6]FIGURE 6 | Data fusion results of NTL and TL data.
After the fusion of NTL and TL data using WT, the high values were mainly concentrated in Guangzhou, Shenzhen, Zhuhai, Hong Kong, and most regions of Dongguan, while the low values were mainly concentrated in the western and eastern sides of GBA, as well as in northern mountains. Compared with only NTL and TL data, the high values delineated using fusion data were more concentrated and there was also a certain spatial correlation among cities. The scale parameters determined using mean variance and ESP were 15, 0.4, and 0.6, after the image segmentation of data fusion using multi-resolution segmentation. The urban agglomeration boundary of GBA delineated using data fusion after the merging of segmentation results obtained using SDS is shown in Figure 7. Figure 7 shows that the urban agglomeration area delineated using data fusion was 9,291.34 km2, accounting for 16.59% of the total administrative area, which is larger than that delineated by both NTL and TL data; the urban range was mostly concentrated in the urban area of Guangzhou, Shenzhen, Hong Kong, Dongguan, and Zhuhai. This urban agglomeration boundary delineation was more complete with more detailed edges compared with that delineated using only NTL and TL data.
[image: Figure 7]FIGURE 7 | Urban agglomeration boundary delineated using data fusion.
3.1.4 Urban Agglomeration Boundary Delineated Using the Combined NTL and TL Data
The interior spatial structure of GBA urban agglomeration delineated using data fusion was similar to that delineated using only NTL and TL data (Figure 8). The spatial distribution of high and low values delineated before and after data fusion was also similar, with the high values mainly concentrated in core cities including Guangzhou, Shenzhen, and Hong Kong. Moreover, the overall value showed a downward trend from the above core cities to the edge of these cities. The above results indicate that NTL and TL data and data fusion could delineate urban agglomeration boundaries by reflecting the spatial structures of urban agglomeration.
[image: Figure 8]FIGURE 8 | Comparison and analysis of delineation before and after the fusion of NTL and TL data.
However, there is only one attribute of NTL data, which is light brightness, for the evaluation of regions in the urban agglomeration boundary, which could result in an error in this delineation. For example, although there is a high light brightness value in airports and harbors, these places would still not be delineated within the urban agglomeration, as they are often far from the city center. Similarly, there are certain distances among cities within urban agglomeration that have relatively lower light values or even no light value within these connection places. NPL data failed to delineate these places within the urban agglomeration boundary, which led to the fragmentation of the urban agglomeration boundary. However, after the fusion with TL data based on light brightness value, the interactions among cities are considered, which contributes to the spatial modification of the distribution of high and low values of NTL data.
On the other hand, TL data considers only population floating, which means that only when the population floating in a region is higher than a certain threshold value, this region would be delineated within the urban agglomeration boundary. However, within cities, population floating mainly refers to the floating within certain regions, while within urban agglomeration, population floating mainly refers to the floating among regions (certain areas within urban agglomeration). Population floating data focus on the interaction among regions rather than the internal spatial delineation of core cities within urban agglomerations. Therefore, the fusion of NTL and TL data could effectively supplement the analysis of urban spatial structures by reflecting urban interior spatial interconnection, which is more in line with the development status quo of urban agglomeration.
3.2 Comparative Verification and Analysis of Urban Agglomeration Delineation Results
Figure 9 shows that the urban agglomeration areas delineated using NTL, TL data, and data fusion were 8,917.43 km2, 8,542.81 km2, 9,291.34 km2, accounting for 16.03, 15.62, and 16.59% of administrative area, respectively. From the perspective of the urban area delineated, although the area delineated using data fusion was the largest and the area delineated using TL data was the smallest, there were no significant differences among the delineation results. From the perspective of delineated urban agglomeration boundary, the boundary delineated using NTL data was relatively fragmented with a discrete boundary, while the boundary delineated using TL data was relatively continuous. However, the urban agglomeration boundary of certain regions in core cities delineated using TL data was smaller, with the exciting of partial boundary cavities, which means that it is necessary to strengthen the delineated urban agglomeration boundary effectiveness.
[image: Figure 9]FIGURE 9 | Comparison of urban agglomeration boundary delineated using different datasets.
There was an evident fragmentation and discontinuity in the boundary delineated using NTL data when compared to data fusion due to the light brightness differences. With this fragmentation and discontinuity, the manifestation of urban agglomeration boundary is too complex, especially in Qingyuan and Zhuhai. In contrast, after the fusion with TL data, the fragmented boundary was modified using the spatial dynamic connection within urban agglomeration based on combining the high and low values of the spatial distribution of light brightness, which made the delineated boundary more consecutive and integrated.
Comparing the boundary delineated using TL data and data fusion, the regional floating of the population within urban agglomeration resulted in delineated urban agglomeration being mainly concentrated between cities and between cities and clusters. However, within cities, especially within the core cities, large amounts of urban regions failed to be delineated within the boundary, including eastern parts of Guangzhou and northern parts of Zhuhai, which made the delineation area smaller. After the fusion with NTL data, the urban spatial development differences were greatly strengthened.
Overall, the urban agglomeration boundary was successfully delineated using NTL data, TL data, and data fusion. NTL data used more interior spatial construction under static space of urban agglomeration, which made the delineated boundary more fragmented and discrete. TL data focused on the dynamic interaction among cities within urban agglomeration; although the fragmented boundary was modified, there was a lower expression of static pace. Comparatively, after the fusion, the static space and dynamic interactions of urban agglomeration were combined and the development of different urban spaces was considered, which greatly strengthened the spatial connection and made the delineated boundary more veritable and reliable.
To verify the veracity of the urban agglomeration boundary delineated using different datasets, 1,000 random pixel points were selected within GBA urban agglomeration. After the verification by high-resolution satellite images, 837 random pixel points were determined to be located within the city, while 173-pixel points were located in non-urban cities. Then, the confusion matrix was used to determine the number of random pixel points that were successfully verified. This is shown in Table 1. Additionally, the urban agglomeration boundary accuracies delineated using NTL data, TL data, and data fusion were 84.90, 82.40, and 92.70%, respectively. From the perspective of delineation accuracy, there was no significant difference between the results delineated using NTL or TL data; however, the delineation accuracy was greatly improved after data fusion. The kappa coefficient of the boundary delineated using NTL data, TL data, and data fusion was 0.6348, 0.5637, and 0.7817, respectively, which indicates that the boundary delineated after data fusion presented higher accuracy.
TABLE 1 | Accuracy verification of urban agglomeration boundary delineation results.
[image: Table 1]In general, the urban agglomeration boundaries delineated using only NTL and TL data was insufficient due to the different emphasis of different data, while data fusion could not only improve the integrity of urban agglomeration spatial structure but also could strengthen spatial interaction within urban agglomeration, contributing to the improvement of delineation accuracy of urban agglomeration boundary.
4 DISCUSSION
In this study, WT was used to fuse NTL static and TL dynamic data. Then, the urban agglomeration boundary was delineated using NTL data, TL data, and data fusion combined with multi-resolution segmentation, ESP, and SDS, respectively. In addition, the delineation results were comparatively verified and analyzed to obtain a simple and reliable method for the delineation of urban agglomeration boundary.
As one of the data that are widely used in the identification of urban centers, NTL data can directly reflect the development difference of regions within cities by capturing the light brightness (Cai et al., 2017). Then, the city range can constantly be determined, which is also a key factor of urban agglomeration boundary delineation. However, previous studies showed that the delineation accuracy obtained using NTL data is restricted due to the attributes of NTL data itself (Jiang J. et al., 2016). In contrast, other studies found that there is a strong spatial relevance between urban big data and NTL data within the urban city, which they used to modify the error generated by NTL data in the urban agglomeration boundary delineation with urban big data, contributing to a better delineation result (Liu et al., 2020). However, there are static factors in the real-world urban agglomeration space, such as city light brightness, the distribution of urban infrastructure, and the dynamic floating of elements between cities and clusters (CastelIs-Quintana, 2017; Tang et al., 2021). NTL data and current urban big data focus on the static space reflected in urban space rather than the dynamic floating. Therefore, NTL data and TL data were fused in this study to consider both static and dynamic factors (Feng et al., 2020).
Previous studies on urban agglomeration boundary mainly delineated the boundary using the static data of administrative division and remote sensing data, as well as urban big data (Abed and Kaysi, 2003; Jiang P. et al., 2016). Although remarkable progress has been made, these static data can no longer meet the development of urban interior spatial structure because of the changing of the structure itself. Even though floating factors are of primary importance in the evaluation of urban agglomeration, only a few studies have considered them (Wang and Yang, 2008).
In this study, urban agglomeration boundary results delineated using NTL and TL data were compared and a new method of delineating urban agglomeration boundaries by fusing static and dynamic factors was explored. The fusion of NTL and TL data not only modified the error generated by NTL data but also compensated for the weaknesses generated by TL data, which in the case study of GBA urban agglomeration, is of important reference value to evaluate the current urban agglomeration boundary system.
There were certain limitations to this study. First, from the perspective of the data used, although the Tencent user location data used in this study reflects the location change information of the population in the urban agglomeration, the elderly and children do not use smart phones and relevant Tencent Application, so the collected Tencent location data does not contain the location information of these people. This directly leads to a lower population movement value obtained than the actual population movement value, which has a great impact on the results of delineating urban agglomeration boundaries only using Tencent user location data. From the perspective of delineation results, although both static and dynamic factors within urban agglomeration are comprehensively considered and the boundary is accurately delineated by this study, the delineation boundary is still static rather than dynamic. Therefore, it is necessary to not only combine static and dynamic factors in the delineation of urban agglomeration but also further analyze the evolution trend of urban agglomeration boundary within a certain space and time, to formulate better regional development strategies and achieve high-quality development of urban agglomeration.
5 CONCLUSION
Delineating the boundaries of urban agglomerations is an important prerequisite for accurately understanding urban agglomerations, which is important to understand the evolution of internal space. Therefore, this study fused static NTL data and dynamic TL data to delineate the boundaries of urban agglomerations of GBA. Due to the fragmentation of delineating the boundaries of urban agglomerations by NTL data, the fusion of population migration data, and the consideration of dynamic spatial elements of population flow based on static spatial elements within urban agglomerations, the spatial connections within urban agglomerations were strengthened. It was also verified that in the boundary delineation of urban agglomeration, the fusion of static elements and dynamic elements can achieve higher delineation accuracy than a single dataset. Compared with previous studies, the fusion of dynamic TL data compensates for the deficiency of single NTL data. The boundary of the urban agglomeration was more accurate, and an efficient method of boundary delineation of the urban agglomeration was explored, which can aid to formulate urban agglomeration planning and development of policies.
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